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Abstract

In this paper, we propose a method based on learning
mechanisms to address the fixed charge capacitated
multicommodity network design problem. Learning mechanisms
are applied on each solution to extract meaningful fragments to
build a pattern solution. Cycle-based neighborhoods are used
both to generate solutions and to move along a path leading to
the pattern solution by a tabu-like local search procedure. Within
this concept, the method integrates important mechanisms such
as intensification and diversification. Experimental results show
that the proposed algorithm is effective for large structured
instances with several commodities.

fixed cost must be paid the first time the link is used,
representing its construction (opening) for improvement
costs. The objective of CMND is to identify the optimal
design that is, to select the links to include in the final
version of the network in order to minimize the total
system cost, computed as the sum of the fixed and routing
costs, while satisfying the demand for transportation.

The fixed-charge capacitated multicommodity network
design problem is one of the most difficult NP-hard
combinatorial optimization problems. Existing exact
algorithms are not yet capable to handle problems of

Keywords:  Adaptive memories, Tabu search, fixed charge realistic sizes (Crainic, Frangioni, and Gendron[23],
capacitated multicommodity network design, Meta-heuristics, Gendron, Crainic, and Frangioni[11], Holmberg and
Cycle-based neighborhoods. Yuan[19], Sellmann, Kliewer et Koberstein [27]).

1. Introduction

The fixed-charge capacitated multicommodity network
design problem (CMND) has various applications in the
field of transportation, telecommunication and production
planning (Balakrishnan, Magnanti, and Mirchandani [9],
Magnanti and Wong [1], Minoux [2]). In these
applications, multiple commodities (goods, data, people,
etc.) must be routed between different points of origin and
destination over a network of limited capacities. Moreover,
other than the routing cost proportional to the number of
units of each commaodity transported over a network link, a

Therefore, there is substantial interest in developing
heuristic procedures for this problem (Crainic, Gendreau,
and Farvolden [15], Crainic, Gendron and Hernu [10]).
Currently, the best available heuristic procedures are the
cycle-based tabu search and the path relinking algorithms
developed by Ghamlouche, Crainic, and Gendreau
([25],[26]). In the first paper, the authors propose a new
class of neighborhood structures for the CMND and
evaluate these neighborhoods using a very simple tabu-
based local search procedure. The approach appears robust
in terms of solution quality and computing efficiency.
However, it does not go beyond a rather local exploration
of the search space.
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Adaptive memories appear as important building blocks
for designing a complete tabu search (Glover and Laguna
[8], Glover [6], Glover, Taillard and de Werra [3].
Adaptive memories may be explicit or attributive. Explicit
memory records complete solutions, typically consisting
of elite solutions visited during the search while
attributive memory records information about solution
attributes that change in moving from one solution to

between its origin and destination nodes. The arc-based
formulation of the CMND can then be written as

minz(y)= > fiyy+ D DX @

(i,))eA peP (i, j)eA
Subject to

P p
2 X 2

dP VieN,vpeP (2

another. Ghamlouche, Crainic and Gendreau [26] jeN* (i) jeN~ (i)

developed a path relinking method based on cycle-based in? < uyyy V0, )eA (3)
tabu search that offers the best current performance pep

among approximate solution methods for the CMND. The xP > 0V(i,j)eAVpeP (4)
method makes use of explicit memory to record elite ! -

solutions. Then the process explores paths between elite i € {0BVv( jeA ©)

solutions in order to generate improved new ones.

The motivation of this paper is to investigate effects of
adding learning mechanisms to the cycle based tabu search
introduced in [25]. We aim in particular, to develop more
general guidelines for the neighborhood exploration by
focusing on attributive memories. Our main contribution is
the adaptation to the fixed-charge capacitated

Where y;; , (i, j)e A, represent the design variables that
equal 1 if arc (i, j)is selected in the final design (and O
otherwise), x{ stand for the flow distribution decision

variables indicating the amount of flow of commodity
pePonarc (i, j), and

Setof outward /inward neighbors

multicommodity network design problem, of concepts N* @)/ N (i) )
widely used in Tabu search, such as intensification and of node i ) o
diversification mechanisms. Ujj : Capacity applied on arc(i, j)
wP if i=o(p)
The outline of the paper is as follows. Section 2 describes dP =l-wP it i=s(p)
the problem then Section 3 provides the necessary : .
0 otherwise

background and fundamentals. Section 4 details the
implementation of our learning mechanisms.

Section 5 is dedicated to experimental results. We
conclude in Section 6.

2. Problem Formulation and Notation

The goal of a CMND formulation is to find the optimal
configuration - the links to include in the final design - of a
network of limited capacity to satisfy the demand of
transportation of different commodities sharing the
network. The objective is to minimize the total system cost,
computed as the sum of the link fixed and routing costs.

Given a set of commodities P , the CMND can be defined
on a network G = (N, A) where N is the set of nodes and

Alis the set of directed arcs. A cost C{ is associated to

each unit flow of commodity p on arc(i, j), and a fixed
cost f;; has to be paid in order to use arc (i, j) at all.

The objective function (1) accounts for the total system
cost, the fixed cost of arcs included in a given design plus
the cost of routing the product demand, and aims to select
the minimum cost design. Constraints (2) represent the
network flow conservation relations, while constraints (3)
state that for each arc, the total flow of all commodities
cannot exceed its capacity if the arc is opened (y; =1) and

must be 0 if the arc is closed (y; = 0). Relations (5) and

(4) are the usual non-negativity and integrality constraints
for decision variables. Recall that, for a given design
vector y , the arc based formulation of the CMND becomes
a capacitated multicommodity minimum cost flow problem
(CMCF)

minz(x(y) =Y, D chxf (6)

peP (i, J)eA(Y)
Subjectto (2) and

Without loss of generality, we assume that each injp < Yy VG ) e A®Y)
commodity p has a single origin o(p) , a single peP
destination s(p) , and a flow requirement of wP units xj = 0V(i j)eA(y),vpeP
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where A(y) stands for the set of arcs corresponding to the
design Y . A solution to the CMND may then be viewed as
an assignment Y of 0 or 1 to each design variable, plus
the optimal flow of the corresponding multicommodity
minimum cost flow problem x"(y) . Similarly, the

objective function value associated to a solution (¥, x"(y))
is the sum of the fixed cost of the open arcs in ¥ and the

objective function value of the CMCF associated to x*(y)

23X ()= Y ¥y + 2 () )

(i, 1)eAy)

3. Background and Fundamentals

The necessary background of the cycle-based tabu search
is outlined here. For more details, see Ghamlouche,
Crainic and Gendreau [25]. The class of neighborhood
structures proposed by Ghamlouche, Crainic and Gendreau
[25] for the CMND explores the space of the arc design
variables by redirecting flow around cycles and closing
and opening design arcs accordingly. The neighborhood
defines moves that explicitly take into account the impact
on the total design cost of potential modifications to the
flow distribution of several commodities simultaneously.

The fundamental idea is that one may move from one
solution to another by 1) identifying two points in the
network together with two paths connecting these points,
thus closing a cycle; 2) deviating the total flow from one
path to another such that at least one currently open arc
becomes empty; 3) closing all previously open arcs in the
cycle that are empty following the flow deviation and,
symmetrically, opening all previously closed arcs that now
have flow. Such neighborhoods are huge, however, and their
explicit and exhaustive exploration is not practical in most
situations. Moreover, the complete evaluation of any design
modification involves the resolution of a capacitated
multicommodity network flow problem, which rapidly
becomes extremely computation intensive. Thus, in order to
select the best move out of a given solution, the method
implements an efficient procedure that 1) avoids the
complete evaluation of every examined move and 2)
generates a limited number of cycles that include the “good”
moves. Note that not all cycles are of equal interest. The
method seeks moves that modify the status of several arcs
and that lead to a significant modification of the flow
distribution. Therefore, moves that close at least one arc and

open new paths for a group of commodities appear attractive.

To close an arc, one must be able to deviate all its flow. The
residual capacity of any cycle that includes that arc must

then be at least equal to the total flow on the arc.
Consequently, the cycles of interest are those that display a
residual capacity equal to one of the values in the set of the
total (strictly positive) volumes on the open arcs.
Cycles are thus to be identified on residual networks and
the one leading to the network modification that yields the
largest improvement (smallest deterioration, eventually) in
the design objective function corresponds to the best move.
To reduce the computational burden, cycles are identified
and evaluated for a set of candidate links C. The “lowest”
cost cycle for each candidate link is identified by an
optimization heuristic based on a modification of the
shortest path label-correcting algorithm that avoids getting
trapped in negative directed cycles. The method thus
progressively builds a set of good candidate neighbors
(cycles) among which the best move is then selected.
To evaluate these concepts, Ghamlouche, Crainic, and
Gendreau [25] developed a simple tabu search-based local
search procedure that integrates two versions of the cycle-
based neighborhood: One that considers the flow of all
commodities when determining cycles, and a second one
that refines the search by implementing moves resulting
from the deviation of the flow of only one commodity at a
time.
Following an initialization phase, the tabu search
procedure explores the design variables solution space
using a simple local search framework: at each iteration,
the best non-tabu move is determined and implemented
regardless whether it improves the overall solution or not.
A short-term tabu memory is used to record characteristics
of visited solutions to avoid cycling. When a particularly
good solution is encountered, the search is intensified
using a particular implementation of cycle-based
neighborhoods that consider the flow distribution of one
commodity only. A solution is considered particularly
good when it improves the best overall solution or is close
to it by at least a pre-defined percentage. The method
terminates whenever a predefined stopping criterion
(number of iterations, CPU time, etc.) is met
Computational results on a large set of instances, with
various characteristics, show that the cycle-based tabu
search produces superior solutions.
Ghamlouche, Crainic and Gendreau [26] explore the
adaptation of path relinking to the (CMND). Path relinking
(Glover [7]; see also Glover and Laguna [8] and Glover,
Laguna, and Marti [16]), is a meta-heuristic that operates
on a set of elite solutions, called the reference set, and
generates paths between solutions in this set to create
improved new ones. Starting from an “initial” solution, the
primary goal of the search is to find a path to reach another,
“guiding”  solution, by performing moves that
progressively introduce into the current solution attributes
contained in the guiding solution. Thus, the method does
not progress by choosing a “best” move from the
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neighborhood set, but by selecting the “best” move from
the restricted set of moves that incorporate some or all of
the attributes of the guiding solution. This exploration
allows the search to perform moves that may be considered
unattractive according to the objective function value but
which appear essential in reaching solutions with given
characteristics.

To implement path relinking, Ghamlouche, Crainic and
Gendreau [26] used the cycle-based neighborhoods both to
move along a path between elite solutions and to generate

the elite candidate set by a tabu-like local search procedure.

The authors proposed and compared several strategies to
build the reference set and to select initial and guiding
solutions from this set. The best strategies for the fixed
charge capacitated multicommodity network design
problem is to build the reference set with improving local
minima, that is local minimum solutions that offer a better
evaluation of the objective function than those already in
the reference set, and to build paths between the most
distant solutions in this set, that is with solutions having the
maximum Hamming distance.

Extensive computational experiments indicate that the path
relinking  procedure  offers excellent results. It
systematically outperforms the cycle-based tabu search
method in both solution quality and computational effort
and offers the best current metaheuristic for this difficult
class of problems.

4. Learning Mechanisms

During the cycle-based tabu search, each solution found
depends only on the previous one. To take into
consideration the history of the search, we decided to
modify the cycle-based tabu search by adding learning
mechanisms performed at each iteration and use this
knowledge to build further solutions. To this end, we use
adaptive memories that give us an overview on each arc of
the network. For each arc, two adaptive memories
ArcToOpen and ArcToClose are used for intensification
purposes and one adaptive memory, ArcResidency, is used
for diversification. Intensification adaptive memories
record how many times it was useful to have the arc
opened and how many times it was not. In particular,
ArcToOpen (i, j) indicates the number of times arc (i, j) is

useful to be opened while ArcToClose (i, j) indicates the
number of times arc (i, j) is useful to be closed. The third
memory, ArcResidency (i, j), stores the number of times
arc (i, j) has been used in a solution. ArcResidency is later

used to diversify the search by penalizing highly used arcs
and favor not much used arcs (see section 4.6).
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For each solution, to decide whether it is good or not to
open each arc, we investigate two strategies: both study the
contribution of the arc to the solution cost. However in the
first one, identified as arc strategy, we evaluate each arc
independently while in the second, identified as node
strategy, we evaluate each arc within a subset of arcs
having the same origin node.

4.1 Arc Strategy

Two measures are used to evaluate the status of arcs of
each solution of the modified cycle-based tabu search: the
flow and the fixed cost. Ideally, we would like to use arcs
with low fixed cost; in addition, we would like those arcs
to have a very high flow. Such arcs are the most attractive
and thus one would like to open these arcs in the next
solutions. Arcs with high fixed cost and low flow are poor
candidates to be included in the next solutions and one
would like to close all these arcs when building further
solutions. Arcs with high fixed cost and high flow cannot
be rejected (closed) unless we take a closer look to the
fixed cost over capacity ratio. In fact, those arcs can be
distributed in two subsets: those having high fixed cost
over total flow ratio and those having low fixed cost over
total flow ratio.

Arcs in the first set (high fixed cost, high flow and high
fixed cost over total flow ratio) lead to a costly objective
value and should be closed in the next solutions. On the
other hand, arcs in the second set (high fixed cost, high
flow and low fixed cost over total flow ratio) are less
expensive than those in the first set but we still do not like
to open them in the next solutions because of the high
fixed cost. The same argument applies on arcs having low
fixed cost and low flow. Section 4.3 gives an evaluation
mechanism to determine, for each arc, whether the flow
and the fixed cost are high or low. Adaptive memories are
updated for each arc of the solution by incrementing
ArcToOpen or ArcToClose depending on how we would
like to have the status of the arc in the next solutions.
Table 1 summarizes the arc strategy.

In order to identify at each solution (X,Y) arcs with the

highest or lowest fixed cost over total flow ratio, let H be
the set of all arcs having high fixed cost and high flow and
L be the set of all arcs having low fixed cost and positive
low flow. An arc (i, j) belonging to H is considered to

have a high fixed cost over its total flow ratio if this ratio
exceeds the threshold t, (i.e. f;; ¥ /zpep %P >t ) where:

4= Z (f; Vi /Zpep7if)/|H|

(i,j)eH
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In the same way, an arc (i, j) belonging to L is considered
to have a low fixed cost over its total flow ratio if this ratio
. . _ P _
is less than t, (i.e. f; ¥ /zpep Xjj <t,) where:

b= > (35! LX)

(i,j)eH

Table 1: Arc Strategy

ARCS HIGH FLOW LOW FLOW
Increment
ArcToClose Increment
HIG(? OFSI'TS ED fo_r arcs h_aving the ArcToClose
highest fixed cost for all used arcs
over total flow ratio
Increment
Increment ArcToOpen
LOWFIXED ArcToOpen for arcs having the
COST .
for all used arcs lowest fixed cost
over total flow ratio

4.2 Node Strategy

In another attempt to use flow and fixed cost to build
adaptive memories, information on arcs are grouped and
transferred to their originated nodes as follow:

F, = Thetotal fixed cost on outgoing arcs
from node i having positive flow
(Z(i,j)eA/ jeit fij¥ij)

X; = Thetotal flow on outgoing arcs

from node i
x.P
(Zpep Z(i,j)eA/ jeit Xi )

Where (X, Yy) denote the current solution and j is the node

successor of i . Section 4.3 gives an evaluation mechanism
to determine, for each node, whether the flow and the fixed
cost are high or low.

Transferring information from arcs to nodes is based on
the fact that flow is traveling on arcs; flow is then grouped
on nodes and then redistributed on arcs. Consequently, at
each node, the cost of this redistribution is the total cost on
outgoing arcs. In node strategy, adaptive memories are
updated according to the influence of this redistribution on
the objective value as follows:

_If node 1 has a high fixed cost and a low flow,
the distribution of the flow is very costly and we
want to avoid this redistribution in the next
solutions. In fact, we want to push the flow back to
use different distribution channels. This can be
realized by closing all used arcs originating from

25

node i and thus ArcToClose will be incremented
for those arcs.

_If node 1 has a low fixed cost and a high flow,
the distribution cost of the flow is very low, thus we
want to favor this distribution in next solutions. This
can be realized by keeping all used arcs originating
from node | opened. Consequently, ArcToOpen
will be incremented for those arcs.

_If node 1 has a high fixed cost and a high flow,
the distribution cost is more or less acceptable. In
this case, we might need to tighten the flow by
closing some arcs. In fact we are interested in
preventing part of the flow (i.e. causing high
redistribution cost) to be redistributed on outgoing
arcs in the next solutions. To identify the part of the
flow to be pushed back, let H; be the set of used

arcs originating from nodei . An arc (i, j) belonging
to H; should be closed (ArcToClose incremented)
if its fixed cost over total flow ratio exceeds the
threshold t;; , computed as the average fixed cost

over total flow of all used arcs originating at nodei .
Explicitly, ArcToClose (i, j) is incremented if:

= v X.P
fi; Vi ot Z(i,j)eHi(f“ Yi /zpep i)

S |

_Ifnode i has a low fixed cost and a low flow, the
distribution cost is also more or less acceptable. In
fact, only the part of the flow leading to the lowest
redistribution cost is attractive and we would like to
keep this part redistributed on outgoing arcs in the
next solutions. To identify the part of the flow to be
pushed forward, let Li be the set of used arcs

originated at nodei. An arc (i, j) belonging to L,

should be kept opened (ArcToOpen incremented) if
its fixed cost over total flow ratio is lower than a
threshold t,; , computed as the average fixed cost

over total flow of all used arcs originated at nodei .
Explicitly, ArcToOpen (i, j) is incremented if:

fi Vi - DI IO IR )
Z )—(Ip ol ||_I|
peP )
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4.3 Arc Strategy

Two thresholds are used to explicitly identify low/high
fixed cost and low/high flow on arcs (or nodes) at each
solution of the modified cycle-based tabu search. These
thresholds depend on the current best solution found and
thus are tighter when progresses the search. Those
thresholds are calculated as follows:

Let xand f denote respectively the percentage of used

capacity and the average used fixed cost of the current best

solution (X, ¥) :
‘o ZpEP Z(i,j)eAiin
Z(i,j)eAuij Vi
Z(i,j)eA iy ¥i
Z(i,j)eA Vi

In arc strategy, an arc (i, j) of the current solution (X, )

has a high fixed cost if its used fixed cost exceeds
f ( f;y; > f ) otherwise the arc has a low fixed cost

f:

(fij¥; < f). In the same way, arc (i, j) has a high flow if
its total flow over total capacity ratio exceeds x
(Zpep % u; > x) otherwise the arc has a low flow.

Following the same analogy with node strategy, a node |
of the current solution (X, y) has a high fixed cost if the
average fixed cost on outgoing arcs from node
i exceeds f . Explicitly:

K
Z(i,j)eA/ jeit Yi

In the same way, node | has a high flow if the percentage
of used capacity on outgoing arcs from node | exceeds X .
Explicitly:

> f

Xi

Z(i,j)eA/jei* Ui ¥ij

4.4 Pattern solution

> X

To move from a current solution to a neighboring one in
our approach, we select a set of candidate arcs from the
network and we perform cycle-based tabu search to get the
best move. Remember that at least one of the candidate
arcs will have its status changed after the move. In the
original form of the cycle-based tabu search, the candidate
arcs were selected randomly from the set of closed arcs. In
our approach, we will use the learning mechanisms to
decide which arcs should be included in the candidate set.

Each closed arc is a candidate arc if ArcToOpen exceeds
ArcToClose by a predefined value. This means that during
the search, it was more useful to have the arc opened than
to have it closed. However, since the arc is closed in the
current solution, we want to direct the search to open the
arc without forcing it to be opened. Similarly, each opened
arc is a candidate arc if ArcToClose exceeds ArcToOpen
by a predefined value.

Pattern solution is the result of our learning during the
search. In pattern solution, an arc is opened if its
associated ArcToOpen exceeds ArcToClose by a
predefined value OpenTheArc and an arc is closed if its
associated ArcToClose exceeds ArcToOpen by a
predefined value CloseTheArc. Originally, all arcs in
pattern solution have an undecided status. In this way, arcs
with different status between current and pattern solution
constitute the set of candidate arcs when performing a
cycle-based tabu search.

4.5 Intensification

Building the set of candidate arcs as in section 4.4
constitute intensification in the already explored
neighborhood since we seek, via the pattern solution, to
open arcs found good during the search and to close arcs
found to be costly. The intensification consists on using the
cycle-based tabu search to find the best move starting from
the current solution and building and maintaining the
pattern solution as in section 4.4. The intensification phase
ends after a given number of iterations, MaxInt, without
improvement of the objective function value.

Note that, even if adaptive memories are updated after
each iteration of the search, the pattern solution is only
updated when no improvement to the current solution is
noticed. This is to avoid disturbing the search when
improvement is taking place.

4.6 Diversification

Intensification by itself is insufficient to yield the best
outcome to our difficult problem. Diversification must be
invoked to allow the most effective search over the
solution space. To do this, we exploit additional memory
means (i.e. residency based memories) to penalize
frequently occurred arcs in visited solutions and
consequently reach a new search trajectory over the
solution space. As in the intensification phase, we use the
pattern solution to build the set of candidate arcs and the
cycle-based tabu search to move from one solution to
another. However, the pattern solution is modified to
introduce the residency based memory as follow: An arc
(i, j) is set to be opened in pattern solution if its current

status is not decided and its ArcResidency is less than a
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predefined threshold ResidMeasure. An arc (i, ) is set to

be closed in pattern solution if its current status is not
decided and its ArcResidency exceeds a ResidMeasure. All
other arcs of the pattern solution will receive a not decided
status. The diversification is launched after the
intensification phase and performed for MaxDiv iterations
without improvement of the best solution.

4.7 Path relinking

In our approach, path relinking is implemented to explore
trajectories connecting best solutions found during the
intensification and the diversification phases.

In particular, when moving toward pattern solution in the
intensification phase, we keep track of the best I solutions
to build a first reference set, then, when the method
switches to a diversification phase a second reference set is
built with another I best solutions. The method then starts
to explore trajectories connecting those solutions: at each
iteration, two solutions, one from each reference set, that
satisfy the maximum Hamming distance are chosen, the
worst one is set to be the starting solution and is removed
from its reference set. If during the path relinking
exploration, we reach a solution that improves the best
overall solution, this solution is added to the reference set
of the starting solution. If one of the reference sets is
empty, path relinking keeps exploring trajectories between
solutions in the remaining reference set. Path relinking
ends when both reference sets are empty.

4.8 Warming up

The method needs time to learn therefore a warming up
phase is performed. It consists on identifying arcs to open
or to close and applying cycle-based tabu search on these
arcs to get the best move. At each iteration of the warming
up phase, adaptive memories are updated and used to build
pattern solution. However, at this stage, pattern solution is
not yet mature to guide the search in the solution space and
will be used only at the end of the warming up phase.

Two warming up phases are performed: the first one
consists in closing arcs with high fixed cost over total flow
ratio while the second consists in opening arcs with low
fixed cost over capacity ratio. The percentage of arcs to be
closed or opened is set to 50% of the total number of
opened or closed arcs. This value was selected as the best
during the experimental results reported in Ghamlouche,

Crainic and Gendreau [25]. The warming up stops after a
given number of iterations, MaxWarmingUp, without
improvement in the objective function value.

4.9 The search strategy

After some initialization, the method performs a warming
up phase to create pattern solution. When no improvement
is observed, the search proceeds to an intensification phase
until a number of iterations without improving the best
overall solution is reached.

The method switches then to a diversification phase as
indicated in Section 4.6. Path relinking is applied to
explore paths connecting best solutions found during the
intensification and the diversification phases. The overall
process is repeated by starting with the best overall
solution. Figure 1 summarized the structure of the search
while figure 2 details the learning phase.

5. Experimentation and Computational
Results

Experiments have been performed to evaluate the behavior
and the performance of the learning algorithm proposed in
this paper. To ensure meaningful comparisons, we employ
the same two sets of problem instances as used in
Ghamlouche, Crainic, and Gendreau ([25],[26]). The
heuristic in this paper was implemented in C++. The exact
evaluation of the capacitated multicommodity network
flow problems is done using the same environment as in
Ghamlouche, Crainic and Gendreau [26]. Computing times
are reported in seconds.

5.1 Parameter settings

We first performed a calibration phase. An initial set of
results (not shown here in order not to overcharge the
paper) allowed us to fix the value of MaxWarmingUp,
MaxInt and MaxDiv to 10, 40 and 40 respectively. Ten
problems have been selected for calibration purposes. The
ten problems cover networks sizes from 100 to 700 design
arcs and from 10 to 400 commodities. They also display
relatively high fixed cost compared to routing cost and are
tightly capacitated. We tested the following combinations
of parameters:
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Initialization
Generate an initial feasible solution to initiate BestSolution and
CurrentSolution.

Let (X,y), (X,¥) and (x!,y') denote the BestSolution,

CurrentSolution and PatternSolution respectively. Set
WarmingUpStatus = closed

Main search loop

Repeat the following until a stopping condition is met

o Initialize memories

o Repeat until MaxWarmingUp is reached

_if (WarmingUpStatus = opened)
_ Sort closed arcs of the current solution according
to fij /uij

_ Let I'={(i, j)/yjj =closed and fj; /uj; is low}

_else if (WarmingUpStatus = closed)
_Sort used arcs of the current solution according to

fi /Z %P
I peP l

f..
_ Let I'={(i, j)/ yij = opened and ——2——is high}
%.P
peP 1
_ Perform one iteration of cycle-based neighborhood by
considering arcs in ' to get a new current solution (X,Y)

_ Perform a Learning phase
_If CurrentSolution < BestSolution update BestSolution
o Intensification Loop
Repeat until MaxInt is reached
_ Perform one tabu search iteration by introducing arcs
present in Pattern solution to get a new solution (X, Y)

_ Perform a Learning phase
_ Save best solutions in the first reference set
o Perform a Diversification phase by changing Pattern solution
Repeat until MaxDiv is reached
_ Perform one tabu search iteration by introducing arcs
present in Pattern solution to get a new solution (X, y)

_ Perform a Learning phase
_ Save best solutions in the second reference set

e Perform a Path Relinking phase between best solutions
found during both Intensification and diversification
phases
_ Set CurrentSolution to BestSolution
_ WarmingUpStatus = opened

e OpenTheArc: This parameter indicates the
threshold to exceed in order to open the arc in
Pattern solution.

e CloseTheArc: This parameter indicates the
threshold to exceed in order to close the arc in
Pattern solution.

Three values 1, 2 and 3 were considered initially for these
parameters. However, the value of 1 for OpenTheArc and

CloseTheArc and consequently all combinations (1, 1), (1,
2), (1, 3) as well as (2, 1) and (3, 1), were rapidly dropped
since the quality of the solutions started to decrease.

_ foreacharc (i, j) of CurrentSolution (X,Yy) with ¥jj =1
increment ArcResid (i, j)
_ Calculate x and f asin section 4

_ Ifarcstrategy
Low fixed cost, high flow

_ I fj¥i < f and Z Piijpluij > x then increment
pe

ArcToOpen (i, j)
High fixed cost, low flow

_ I fjj¥;; > f and Z Piijp/uij < x then increment
pe

ArcToClose (i, j)
High fixed cost, high flow
_ Calculate the threshold t;
_Increment ArcToClose for each arc having

fij Vij /Z iijp >t Low fixed cost, low flow
peP

_ Calculate the threshold t,
_Increment ArcToOpen for each arc having

i <P
fij Vij /ZpeP Xj <tz

_if node strategy
_ foreach node i of CurrentSolution (X,Y)
Calculate fixedcost(i ) and flow(i ) as in section 4.2
Low fixed cost, high flow
If fixedcost(i) < f and flow(i) > x then for each arc

(i, j) of CurrentSolution (X,y) with yj; =1and jeit.
Increment ArcToOpen (i, j)

High fixed cost, low flow
If fixedcost(i)> f and flow(i) < x then for each arc

(i, j) of CurrentSolution (X,y) with yj; =1and jeit.
Increment ArcToClose (i, j)

High fixed cost, high flow
If fixedcost(i )> f and flow( i )> x then calculate the

threshold tg; Increment ArcToClose for each arc

outgoing having  fj; ¥j; /Z %P >t Low fixed
peP )
cost, low flow
If fixedcost(ii )< f and flow(i )< x then calculate the
threshold tg; Increment ArcToOpen for each arc outgoing

havin f--'--lz %P <ty
9 Tij Yij pep i oi
_if (Warming up) or (CurrentSolution > PreviousSolution)

for each arc (i, j) e PatternSolution do
if ArcToOpen (i, j) - ArcToClose (i, j) > OpenTheArc

then y}j = Opened
- if ArcToClose (i, j) - ArcToopen (i, j) > CloseTheArc
then y}j = Closed

e ResidMeasure: This parameter depends on the
number of iterations and indicates how often the
arc should be opened to be considered highly
used. Three values 40%, 60% and 80% of the
number of current iteration have been tested.
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Node strategy was used for these tests. Each parameter
combination was ranked for each problem instance
according to the gap relative to the best known solution
(that of the branch-and-bound procedure of CPLEX 7.5,
when available, or that obtained by Ghamlouche, Crainic
and Gendreau [26], otherwise). A score of 10.. 1 is
assigned to each of the first ten places, respectively. The
performance of each parameter setting is then aggregated:
gaps are averaged while scores are summed up. Table 2
displays these aggregated results for each parameter
combination.

The first column holds the parameter setting; the second
column presents the global average gaps while the last
column displays the total score.

The results in Table 2 display one set of parameters that
offers the most robust combination, OpenTheArc = 2,
CloseTheArc = 3 and ResidMeasure = 60%. It offers the
lowest average gap and the highest scores. This setting will
be maintained in the remaining of this computational study.

Table 2: Parameter SettingPerformances
Parameter

cost to routing cost ratios and capacity to demand ratios.
Detailed description of problem instances is given in
Crainic, Frangioni, and Gendron [23]; see also Gendron
and Crainic ([4], [5])- The problem generators as well as
the problem instances can be obtained from the authors.

Problems in the first set of network, denoted C, are defined
respectively by the number of nodes, the number of arcs,
the number of commodities as well as two letters
summarizing the fixed cost and capacity information: a
relatively high or low fixed cost relative to the routing cost
is signaled by the letter F or V, respectively, while letters
T and L indicate respectively if the problem is tightly or
somewhat loosely capacitated compared to the total
demand.

Computational results for the first set of networks are
reported in Tables 3, 4 and 5. In these tables, the OPT
column corresponds to the solution of the branch-and-
bound algorithm solved using CPLEX 7.5 [12] on the same
workstations. A limit of 10 hours was imposed. An X
indicates that the procedure has failed to produce a feasible
solution within this time limit, while a t indicates that the
procedure stopped due to a time limit condition. The

settings Gap  Score columns labeled TC and PR hold respectively the best
2,2,40% 2.35% 59 solution, over 3 runs, of the cycle-based tabu search and
2,2,60% 2.67% 40 the path relinking approach while AV.TC and AV.PR
2,2,80% 2.80% 41 columns display respectively the average solution found by
2,3,40% 2.36% 33 these two meta-heuristics. The column LS-NODE and LS-
2,3,60% 1.62% 72 ARC gives the solutions obtained by our approach when
2,3,80% 1.85% 67 using node strategy and arc strategy respectively. When
3,2,40% 2.16% 69 our learning algorithm produces optimal solutions or
3,2,60% 2.44% 35 solutions better than the best solutions found by path
3,2,80% 2.03% 51 relinking, bold characters are employed. The figures in
3,3,40% 2.42% 63 parentheses represent total computation time in CPU
3,3,60% 2.37% 24 seconds. For Comparison purposes, gap is computed for
3,3,80% 2.80% 34 solutions of our learning algorithm with respect to the

5.2 Performance Analysis

To evaluate the behavior and the performance of the
learning algorithm proposed in this paper, we compare its
output to the results of the cycle-based tabu search and to
those of the path relinking algorithm ([25],[26]). To further
characterize the quality of the solutions, we also include
the optimal solutions obtained using the branch-and-bound
algorithm of cplex 7.5 [12]. The same two data sets of
networks used by Ghamlouche, Crainic, and Gendreau [25]
were also used to test our learning algorithm. Problems in
both sets are general transshipment networks with no
parallel arcs. Each commodity corresponds to a single
origin-destination pair. On each arc, routing costs are the
same for all commodities. Problem instances have been
generated to offer for each network size a variety of fixed

average solution found by path relinking and displayed in
percentage under the CPU time in columns LS-NODE and
LS-ARC respectively.

Table 3 shows the results of our learning algorithm on
smaller test cases (number of commodities up to 100)
while Tables 4 and 5 show the results from runs of larger
structured test cases (i.e. with 200 and 400 commodities).
From the numerical results, a number of observations can
be made. First, the use of adaptive memories is effective

for realizing good quality solution for our difficult problem.

The results of Table 4 show that our proposed algorithm
improves the best solutions found by path relinking for 6
out 8 problems. Results are also encouraging for large real-
world problems, such those with 400 commodities (see
tables 4 and 5). For this class of difficult instances,
CPLEX is unable to find the optimal solution, (not even a

1JCSI

www.lJCSl.org



IJCSI International Journal of Computer Science Issues, Vol. 8, Issue 6, No 2, November 2011
ISSN (Online): 1694-0814

www.lJCSl.org 30
Table 3: Computational Results, C problems
PROBLEM OPT TC PR AV.IC AV.PR LS-NODE LS-ARC
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- AN A AR A R
aoropr | | S Seer | e | O g | 8 | o
vyt | | S | | R | | | o | oo
AR AR Ak A AR AR
omniove | s | e | e e | A o | 25 | oome
woouoory | 2 | s [ a | o | Bom T 0 oge | 200 | oam
omniory | St | s | e | med | s | | s |0 |
woangoyr | | s | st iz || | g | S | g
oy | 5| L g T eS| Ser | S | e | 200 | s
ooy | VHE |t | s | i A e o | ML | oo
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Table 4: Computational Results, C problems
PROBLEM OPT TC PR AV.TC AV.PR LS-NODE LS-ARC
20230200VL | *@° | omrran | @uras) | eeonre) | eosss | (emssy | 0% | aasy | LOI%
2020200FL | O™ | Glisre) | eevads) | isasn) | re0ss) | eosson | 0% | asoon | 040%
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Table 5: Computational Results, C problems
PROBLEM OPT TC PR AV.TC AV.PR LS-NODE LS-ARC
ooy | T | ST e | e s | s | oo | o, | 2eon
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feasible solution for 7 out 8 problems) with available
computational time. Our learning algorithm improves the
best known solutions for 6 out 8 problems and the
improvement relative to the average solution of path
relinking ranges from 1.60% to 3.14%.

The second observation concerns the computing effort.
Even if we account for the fact that we stop our learning
algorithm on the same criterion as the path relinking
procedure, 400 iterations, it appears that the learning
algorithm requires longer computing times, especially
when the number of commodities is high. This could be
explained by the fact that good solutions are found earlier
in the search (of the order of 40% of the total iteration
limit), which yields more difficult multicommodity
capacitated network flow problems to be solved by
CPLEX at each iteration and consequently more time.

6. Conclusion

The objective of our study has been to exploit and advance
the knowledge associated with the implementation of
learning mechanism with the use of adaptive memories
structure for the fixed charge capacitated multicommodity
network design problems. In particular, we have
undertaken to examine the critical issue of what form of
intensification and diversification proves more effective
for this class of difficult problem. Our resulting algorithm
is effective, and its benefits are particularly significant for
large structured instances.

Table 6: Gap Distribution According to Problem
Dimensions

The interesting performance and behavior of the proposed INLIAL P '35 A\O/O}PR LS'(')\OLODE LSO'f‘RC
learning algorithm is confirmed by the results obtained on 10 ’ 0 ° ’
the second set of problems instances, denoted R. There are 10,25 25 0.23%  0.60% 0.43% 0.39%
116 problems divided in 18 groups. Each group contains %  061%  0.72% 0.49% 0.44%
the same number of nodes, arcs, and commodities but with
different combined level of fixed cost and capacity ratios. 10 008%  012%  025%  0.04%
Three levels of fixed cost and capacity ratios are 10,50 25 0.36%  0.55% 0.46% 0.48%
considered: FO1 = 0.01, FO5 = 0.05 and F10 = 0.10 50 1.14%  1.93% 1.05% 1.15%
indicating continuously higher levels of fixed costs
compared to routing costs, and C1 =1, C2 =2, and C8 = 8 10 004%  0.46% 0.89% 1.02%
that signal that the total capacity available becomes 10,75 25 041%  0.92% 0.72% 0.87%
increasingly tighter relatively to the total demand. The 50 152%  2.30% 2.37% 2.40%
fixed cost ratio is computed
as|P|Z_ - /pr ~ ¢, and the capacity ratio 40 137%  1.70% 3.02% 2.29%

(i, 1)eA peP &=(i, j)=A 20100 100 2.05% = 2.82% 2.22% 2.45%
is computed as |A|pr/ ~ujj . Only aggregated 200 455%  4.86% 2.81% 3.26%

peP (i,j)eA
statistics are used in the following to support the discussion. 40  359%  4.84% 6.29% 5.320
Table 6 displ_ays th_e optimality gap d!stribution, according 20,200 100 493%  5.90% 779% 750%
to _pro.blem dlmensmn, for both learning strat_egy and path 200 541%  6.42% 5.00% 5.07%
relinking algorithms. As we can see, our learning algorithm
achieves better results than the average solution of path 40 208%  3.91% 6.89% 7.28%
relinking when the number of commodltlgs increases 20,300 100 468%  579% 7 96% 750%
Versus th_e numbgr of arcs. The resul.ts also.lndlcate that 200 6.84%  8.97% 4.28% 5 12%
our learning algorithm is certainly not interesting for small-
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