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Abstract : Three Tabu Search algorithms are presented for
the 0-1 multi-dimensional multi-objective knapsack prob-

lem. Experiments are carried out to study the role of dif-

ferent diversification techniques for TS and to compare TS
with well-known evolutionary algorithms.
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1 Introduction

Given a set of items (or objects), each one being associ-
ated with a vector of profits and weights, the 0-1 multi-
dimensional multi-objective knapsack problem (MOKP)
consists in selecting a subset of items in order to maximize
a multi-objective function while satisfying a set of knapisa
constraints. More formally, the MOKP can be stated as fol-
lows:

max zj(x):chmi ji=1..0
i=1
MOKPO1¢ st Zwimz <y l=1,...m
i=1
x; € {0,1} i=1,..,n

wheren is the number of itemsy; is a decision variable

o the number of objectives/ is the j** component of the
multi-objective functionz, andm the number of knapsack
constraints of the problem. MOKP is one of the most studied
problems in the area of multi-objective combinatorial epti
mization.

Just like the NP-hard 0-1 single multi-dimensional knap-
sack problem MKP, the MOKP may be used to formulate
many practical problems such as capital budgeting and re-
source allocation. For resolution purpose, several hiairis
algorithms have been developed. We may mention neigh-
borhood algorithms such as simulated annealing [14, 16] and
Tabu Search (TS) [5], population based evolutionary algo-
rithms such as “vector evaluated genetic algoritheEGA)

[12], “non-dominated sorting genetic algorithmRN$GA)
[15], “strength Pareto evolutionary algorithmBREA) [18]
and “memetic Pareto archived evolution strategy algorithm

(M PAES) [2]. Very recently, hybrid algorithms combining
genetic search and local search as “multiple objective ge-
netic local search”’NIOGLS) [9] were also proposed.

Previous studies tend to show some advantages of pop-
ulation based evolutionary algorithms (EA) over neighbor-
hood algorithms in the context of multi-objective combi-
natorial optimization. Indeed, given that solving a multi-
objective problem requires findingsat of tradeoff solutions
(the Pareto or near Pareto front), the concept of population
used by EAs is naturally quite appearing. In such a situation
it is clear that diversification plays an important role for a
efficiency search.

In this paper, we show that neighborhood algorithms with-
out using a population is also able to effectively find trade-
off solutions. We demonstrate experimentally that the key
to achieve such an effectiveness is to incorporate a céyreful
guided diversification technique. To illustrate the poung,
present three Tabu Search algorithms for the MOKP. The
first algorithm (called'S) is a basic TS algorithm where di-
versification is ensured only by the tabu list. The second al-
gorithm (TS+RW) integrates a random-walk mechanism to
diversify the search. The last algorithmS+HW) uses an
original measure to monitor the diversity evolution of some
previously visited solutions. According to the measured de
gree of diversity, the algorithm decides whether it congimu
its search in the current direction (intensification) or gte
another search area (diversification).

To assess the effectiveness of these diversification tech-
nigues, we carry out experiments using some well-known
MOKP benchmark instances. Also we compare our best TS
algorithm with two state of the art hybrid evolutionary algo
rithms, we show that even if the TS algorithm operates with
a single solution during its search, it may compete favgrabl
in some cases with these population based evolutionary al-
gorithms.

The paper is organized as follows: in the next section, we
introduce the general principles of our TS algorithms. Ex-
perimental study as well as comparisong 8f TS+RwWand
TS+HWare the subjects of the section 3. Then we compare
the best Tabu algorithm with two state-of-the-art algarith
Last section gives some conclusions and perspectives.



2 Tabu algorithms

Brief review of Tabu Search

Evaluation of the neighborhood. The evaluation of the

neighborhood is based on the so-called weighted Tcheby-
cheff approach [10, 4, 3] Formally, given x
(x1,22,...,x,) € S andz’ = (2,25, ...,2]) € N(z), the

Tabu Search is an advanced neighborhood search methodeyaluation of:’ is defined by the following function:

with a set of critical and complementary components [6].
For a given instance of an optimization problem character-
ized by a search spaceand a cost functiorf, a function

N : S — 25 s first introduced to determine a neighbor-
hood. A typical TS algorithm begins then with an initial
configurationz in S and then proceeds iteratively to visit a
series of locally best configurations following the neighbo
hood function. At each iteration,mestneighborz’ € N (x)

is sought to replace the current configuration everi does

not improve the current configuration in terms of the cost
function. To avoid the problem of possible cycling and to
allow the search to go beyond local optima, TS introduces
the notion ofTabu List one of the most important compo-
nents of the method.

A tabu list is a special shot term memory that maintains
a selective history, composed of previously encountered
solutions or more generally pertinent attributes of sudi-so
tions. A simple TS strategy based on this short term memory
H consists in preventing solutions &f from being recon-
sidered for nexk iterations §, called tabu tenure, is problem
dependent).

When attributes of solutions instead of solutions are
recorded in tabu list, some non-visited, yet interesting so
lutions may be prevented from being consider&shiration
criteria may be used to overcome this problem. One widely
used aspiration criterion consists of removing a tabu iflass
cation from a move when the move leads to a solution better
than the best obtained so far.

An efficient TS algorithm must establish a good compro-
mise between exploration and exploitation during its dearc
This is ensured by mechanisms called “diversification and
intensification”. We show below diversification is particu-
larly important for multi-objective optimization.

The common features of our Tabu algorithms

eval(z, ') = mjm (2 (2') — 22 (x))

where
« @) =

z'

x !, the value of thgi*" objective of

e );, a component of the vectok € [0,1]°, where
(3°5=1Aj) = 1. The vector\ corresponds to a direc-
tion in the objectives space, and allows a diversification
of the search.

Choice of the best neighbor. Let « the current configu-
ration of the algorithm, the neighboring configuratianto
replacez is determined thanks to the following equation:
eval(z,m) = max, ey () eval(r,2'). If several config-
urations verify the equation, the algorithm will randomly
choose one of them.

Management of the Tabu list. Each time a move is car-
ried out to go fromz to 2/, the index of the flipped variable

is recorded in the tabu list. Therefore, the reverse move is
forbidden for next: iterations of the algorithm. To imple-
ment the tabu list, we use anarray7'. Each time an index

is added to the tabu list, the corresponding elemenrit &f

set to the current iteration number plus tabu teriurat any
moment, it is easy to verify if a given move is tabu or not
by simply comparing the current iteration number with that
recorded in the tabu arr&y.

The Aspiration criterion. The above tabu mechanism is
sufficient to prevent the algorithm from being trapped in
short-term cycling. At the same time, such a mechanism
may forbid configurations that are not yet visited. To over-
come this problem, a standard and simple aspiration crite-
rion is introduced. A tabu move is chosen if the move leads
to a configuration whose evaluation is better than that of the

Now, we introduce the common features used by the three P€St configuration found so far by the algorithm.

Tabu algorithms.

Search space. A configuration is any binary vectar =
(1,2, ...,x,) Vverifying all the knapsack constraintse.
Vi € {1,..,m}, > wtx; < b. The search spacé
is then composed of all such vectorse. S = {z €
{0,137 30 whe; < b, 1=1,...,m}.

Neighborhood. The neighborhoodV of our problem is
defined as follows. Givenr,2’ € S, z and 2’ are
neighboring ¢’ € N(z)) if they differ by the value
of a single variable. More formallyN(z) = {2’ €
S|hammingdistance(z,z’) = 1}. Therefore, one can get
a neighboring configuration’ by adding or dropping one
item (z; : 0 — 1orl — 0) from z such thatz’ remains
feasible. The move from to =’ is then characterized by an
integeri, the index of the flipped variabte;. This index is
called the attribute of the move.

Characteristics of the three Tabu algorithms

Now we may introduce our three Tabu algorithms: the ba-
sic tabu algorithm TS), the random walk tabu algorithm
(TS+RW) and the tabu algorithm based on hamming distance
(TS+HW).

The basic algorithmTS.  The basic tabu algorithmS re-
sults directly from the outline presented in section 2 (see
algorithm 1). The diversification is ensured only by the tabu
list.

The random walk tabu algorithm TS+RW The principle
of random walk (RW) is well-known in the literature and

Two other popular approaches are based on aggregation [1]
and ranking [7].



In: a feasible configuratiorn:;,;;, the number of itera-
tions L
Out: a new feasible configuration
T <= Tinit
for i =0to L do
choose the best authorized mowe
update the tabu list witin
perform the chosen move in x
update the set of non-dominate configurations with
end for

Algorithm 1: The basic Tabu search algoritAr8.

used in some famous algorithms suchAT [13]. Ran-
dom walk consists in making from time to time a random
movement that is no more guided by the evaluation function.
RW constitutes a kind of diversification. Integrating Rwaint
the basic TS algorithm gives us a diversifyin§+RWalgo-
rithm.

At each iteration of th&'S+RW algorithm, a realw €
[0,1] is randomly chosen. Let € [0, 1] be a given thresh-
old value, ifrw > ¢, then the algorithm does a classical
movement (see section 2), else the algorithm does a random
and feasible movement. So, th&+RWalgorithm may be
described as follows:

In: a feasible configuratiorr;,;;, the number of itera-
tions L, the random thresholgl
Out: a new feasible configuration
T < Tinit
for i =0to L do
generate a random value € [0, 1]
if random valuew < ¢ then
choose a random authorized mowe
else
choose the best authorized mowe
end if
update the tabu list witin
perform the chosen move in x
update the set of non-dominate configurations with
end for

Algorithm 2: The random-walk Tabu algorithit5+RW

So settingg to 0 leads to the basi€S algorithm while
settingg to 1 gives us a random search algorithm.

The Hamming distance based tabu algorithmTS+HW
Our third and last Tabu algorithm is based on an original
and more rational diversification technique (with regard to
TS+RW). The basic idea consists in supervising the evolu-
tion of the diversity of some recently visited configuragon

If the diversity drops below some threshold, a diversifimati
phase is executed.

The diversity of the configurations is calculated using
Hamming Distance To apply the basic idea, one needs a
way of calculating efficiently and incrementally the ham-
ming distance for the given configurations. The dedicated
formula and an incremental technique are described at ap-

pendix A.

So at each iteration of tHES+HWalgorithm, the diversity
of the! last visited configurationd {s fixed empirically) is
calculated. If the value of the diversity is lower than a give
threshold valuel, then the algorithm changes its behavior
and starts a diversification phase. Different ways are pos-
sible for the diversification phase. In this paper, we just
increase the Tabu tenure of some highly repeated moves.
Then, the search restarts from a deteriorated configuration
(for example, the configuration whose variables are s@tto
TheTS+HWalgorithm is then described as follows :

In: a feasible configuration;,;;, the number of itera-
tions L, the diversity threshold
Out: a new feasible configuration
T <= Tinit
fori=0to L do
if diversity level< d then
increase tabu tenure for the most frequent moves
done during the last intensification phase
x « configuration-zero
end if
choose the best authorized mowe
update the tabu list witin
perform the chosen move in x
update the set of non-dominate configurations with
end for

Algorithm 3: The Hamming distance based Tabu algorithm
TS+HW

3 Experimental study of the role of diversity

In this section, we carried out experimental studies of the
three tabu algorithms to highlight the importance of diirers
fication in the context of multi-criteria optimization.

Test data

The experiments are based on three of the nine instances that
were used in [20]. These instances have 2 objectives, with
respectively 250, 500 and 750 items. Moreover, for each
instance, the number of constraints is equa2.toThe in-
stances were generated randomly with uncorrelated profits
and weights, and the capacities of the knapsack constraints
were set to be half of the total weight regarding the corre-
sponding constraint. As a result, half of the items are ex-
pected to be in the optimal solutions.

Performance measures

In order to evaluate the results (the trade-off front) picetl

by the different algorithms, we use two measures which are
scaling-independent with regard to each objective cdteri
The size of the dominated spaéd &ndthe coverage of two
sets () [19].



Instance Method Number of| Numberof| TS TS+RW | TS+HW
Number of | Number of | Tabu List size | Number of iterations| | Objectives ltems
objectives items (all algorithms) (all algorithms) 250 27 24.86 37.06
250 19 100 000 2 500 113.32| 10558 | 151.88
2 =00 21 200 000 750 336.26| 304.96 | 456.67
750 23 400 000

. . . . Table 2: Average running times given to each algorithm
Table 1. Parameters settings for different algorithms and i 9 9 9 9

Stances. (seconds).

Number of | Number of TS TS+tRW | TS+HW
Definition 1 The size of the dominated spac®.(Let A = Objectives| Items
(1,2, ...,2;) € X be a set of decision vectors. The func- 250 8.97e+7| 9.02e+7| 9.84e+7
tion S gives the volume enclosed by the union of the poly- 2 500 3.72e+8| 3.74e+8| 4.06e+8
topespy, po, ..., p1, Where eachp; is formed by the intersec- 750 7.96e+8| 8.04e+8| 8.88e+8

tions of the following hyper-planes arising outaf along
with the axes: for each axis in the objective space, there
exists a hyper-plane perpendicular to the axis and passing
through the point( f1(z;), fo(x;), ..., fu(z;)). In the two-
dimensional case, eagh represents a rectangle defined by
the points(0, 0) and (f1(z:), fa(xs)).

This measure cannot be used to compare two sets rela-
tively to each other. In order to determine the dominance
ratio between two sets, we apply a second measure.

Table 3: Average of the size of the dominated sp8ce

Comparisons

In this subsection, we present experimental results of the
three Tabu search algorithms. Results shown below for each
instance represent average ones from ten independent runs.

Table 3 shows the results for tiiemeasure (size of the
dominated space). From the table, one observes first that
both TS+HW and TS+RW give significantly better results
(largerS values) thaT'S for all the instances. By comparing
TS+HWandTS+RW one observes thdiS+HWoutperforms
TS+RWfor all the instances with a better gap than between
TS andTS+RW One may also notice the remarkable results
of the TS+HWon the two largest instances.

Following [20], figure 1 summarizes the results on ¢he
measure (set coverage). On this figure, each small black bar
represents the results of tllfemeasure between two meth-
ods, for each problem instance. Two values are represented:
the gap between the max and min values encountered dur-
ing the ten runs, and the average of theeasure on all the
runs.

The TS algorithms are programmed in CAML and compiled |t is observed that once again the resultsT8fare infe-
using OCAML. In order to get fair comparisons, the most rior to those ofTS+RW and TS+HW for all the instances.
important data structures are shared by the three studied al By comparingT S+RWand TS+HW we observe that the re-

Definition 2 The coverage of two set§)( LetA, B C X
be two sets of decision vectors. The funciibmaps the
ordered pair(A, B) to the intervall0, 1]:

beB|dacA:a>D
cla) = 2150 }

The valueC(A, B) = 1 means that all decision vectors in
B are weakly dominated hyt. The oppositef (A, B) = 0,
represents the situation when none of the point®Bimre
weakly dominated byl.

Experimental settings

gorithms. sults are in favor offS+HW for all the instances. Indeed,
In our experimentation, the following empirical settings  the values obtained b§/(TS+RW, TS+HW) are smaller than
are used: the values obtained by(TS+HW TS+RW). We notice that
o for TS+RW the threshold value for random wajkis set on the hardest insta_nces (500 and 750 items) the factor rate
t00.15 ; between the results is greater thian
) _ Figure 2 shows the set of non dominated points discov-
. {;)VSZJ[S:(')OWY;he threshold value for diversity level valde  gred by each algorithm. We can notice that the performance

hierarchy observed above is respected here. THsisurve

Table 1 summarizes the settings of the other main param- is the more restricted on the three instances. The curve of
eters used by'S, TS+RWand TS+HW Table 2 shows, for TS+RWmethod is at the second place, it is a little bit more
each of the three compared algorithms and for each problem extended thaT'S one. The curve obtained ByS+HW s
instance, the computing time obtained from the above pa- clearly much better than that GS and TS+RW Some ar-
rameter settings Each problem instance is solved ten times  €as, Where the curves are superimposed, are more difficult
with each algorithm. to study. In these areas, the algorithms get some compara-

ble results. Finally, it is noticed that the more the ins&anc

2Timing is based on binary codes generated by the compiler becomes large and hard, the more the behavidSsHWis

OCAML and a PC running Linux (Bi-Pentium Ill 1 Ghz). good compared witl'S andTS+RW
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Figure 2: Non dominated points of the objective space.
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Figure 1: Results of the comparison o8, TS+RW and
TS+HWwith C measure. Each chart contains three box plots
representing the distribution Gfvalues for a certain ordered
pair of algorithms; the three box plots from left to rightats

to 250, 500 and 750 items. The scalé &t the bottom and

at the top of each chart. Furthermore, each rectangle refers
to algorithm A associated with the corresponding row and
algorithm B associated with the corresponding column and
gives the fraction o3 weakly dominated by : C(A, B).

e

i

TS+HW

Discussions

The results show that thES+HW algorithm performs bet-
ter thanTS+RWandTS. When we increase the number of
iterations forTS+RWand TS, the quality of the results im-
proves but the area covered by both algorithms is always
smaller than that covered By5+HW The TS+HWalgorithm
explores better the objectives space.

Therefore, diversification based on tabu list alone or com-
bined with random walk is not sufficient for an efficient
search. On the contrary, the diversification based on ham-
ming distance and used Bys+HWis a much more effective
mechanism. This mechanism allows the algorithm to diver-
sify the search when it is needed and helps to adjust the tabu
tenure in a dynamic and adaptive way.

4 Comparisons with other well-known algo-
rithms

In this section, we compare the best Tabu algorithima,
TS+HW with SPEA [20] and MOGLS [9], two well-known
evolutionary algorithms for the MOKP. To our knowledge,
MOGLS is the algorithm that gets the best results on the
tested instances (see [8]).

Number of | Number of | SPEA | MOEAS | TS+HW
Objectives Items
250 7.48 23.41 18.50
2 500 25.66| 48.64 43.95
750 56.16 | 82.33 71.87

Table 5: Average running times given to each algorithm

(seconds).
Number of| Number of| SPEA | MOGLS | TS+HW
Objectives Items
250 9.40e+7| 9.86e+7| 9.84e+7
2 500 3.82e+8| 4.07e+8| 4.05e+8
750 8.06e+8| 8.92e+8| 8.77e+8

Table 6: Average of the size of the dominated spsice

Experimental settings

Like TS+HW the SPEA and MOGLS algorithms are pro-
grammed in CAML and compiled using OCAML. Once
again, the most important data structures are shared by the
three algorithms. This provides us a solid basis for a fair
comparison between these algorithms.

In our experimentation, the following settings are used:

o for TS+HW the threshold value for diversity threshald
is set t00.15;

for SPEA, we set the mutation rate €02, and the cluster-
ing level to15000, according to [20] and [8];

the population sizes foBPEA and MOGLS were set ac-
cording to the number of items and the number of objec-
tives of the instance, but the same size is used for the three
algorithms for a given instance (see table 4).

Table 4 summarizes the settings of the main parameters
used byTS, SPEA and MOE.S. Table 5 shows, for each
of the three compared algorithms and for each problem in-
stance, the computing time obtained from the above param-
eter settings. Each problem instance is solved ten timés wit
each algorithm.

Comparisons of TS+HW SPEA and MOGLS

Table 6 shows the averaged results for heneasure (size
of the dominated space). From the table, one observes first
that bothT S+HWandMOGL S give significantly better results
(largerS values) tharSPEA for all the instances. By com-
paring TS+HWandMOGLS, one observes th&AOGLS out-
performs slightlyT S+HWfor all the instances with a smaller
gap than betwee8PEA andTS+HW

As seen at previous section 3, figure 3 summarizes the re-
sults on theC measure (set coverage). It is observed that
the results ofMOGLS are superior to those &PEA and
TS+HW for all the instances. By comparin§PEA and
TS+HW we observe thalT S+HW is as good a$SPEA for
the first instance. For the two last instances, the resudts ar
clearly in favor of TS+HW. Indeed, the values obtained by



Instance Method
Number of | Number of | Initial population size| Number of generatior] Number of iterations| Tabu list size
objectives items SPEA | MOGES SPEA| MXGES TS+HW TS+HW
250 150 150 50 50 50000 19
2 500 200 200 50 50 55000 21
750 250 250 50 50 60000 23
Table 4: Parameters settings for different algorithms asthnces.

= ferent and non dominated points because they explore in

quite different ways the search space and the objectiveespac

TS+HW This observation gives a justification for the genetic local

=
=

e i

MOGLS

SPEA

=

L il s—

Lo s —

Figure 3: Results of the comparisonTb+HW MOGLS and
SPEA with C measure. Each chart contains three box plots
representing the distribution Gfvalues for a certain ordered
pair of algorithms; the three box plots from left to rightartel

to 250, 500 and 750 items. The scalé &t the bottom and

at the top of each chart. Furthermore, each rectangle refers
to algorithm A associated with the corresponding row and
algorithm B associated with the corresponding column and
gives the fraction o3 weakly dominated by : C(A, B).

C(SPEA, TS+HW) are smaller than the values obtained by
C(TS+HW, SPEA). We notice that on the hardest instances
(500 items, and 750 items) the resultsi&+HWwidely ex-
ceed those oBPEA.

Figure 4 represents the set of non dominated points dis-
covered by each algorithm. It should be noticed that on the
250 and 350 items instancdgDELS gets the best curves
and confirms the results observed with the other measures.
However, for the largest instance (750 itenis3;+HWdom-
inates some points found OGS in some sections of its
non dominated set. This is remarkable given th&tHW
operates with a single configuration whMOGLS (as well
asSPEA) uses a population of 250 configurations.

TS+HWseems to perform better with regard to the other
algorithms on larger instances. In fact, for such an inganc
TS+HW s able to discover solutions which are not domi-
nated by the other methods. It also finds solutions which
dominate some solutions found BYOGLS and SPEA. In
other words,TS+HWandMOGLS (or SPEA) discovers dif-

search approach which combines genetic and local search
into a single algorithm [9].

5 Conclusion

In this paper, we have presented an empirical study of Tabu
Search for the 0-1 multidimensional multi-objective knap-
sack problem (MOKP). We have studied three TS algorithms
TS, TS*RWand TS+HW which are based on different di-
versification techniques. Experimental results show theat t
TS+HW algorithm, which integrates a Hamming distance
based diversification mechanism, proved to be quite effi-
cient.

Experiments were also carried out to assess the perfor-
mance ofT S+HWwith respect to two leading hybrid evolu-
tionary algorithmsSPEA and MOGLS. Results showed that
even if the TS algorithm operates with a single solution dur-
ing its search, it outperformBPEA and competes favorably
in some cases wWithMOGLS. This is remarkable given the
simplicity of TS+HWcompared with these population based
algorithms. Indeed, botBPEA andMOGLS are based on the
more sophisticated evolutionary models and integrate loca
search within them.

TheTS+HWalgorithm may be improved in several ways.
First, based on the diversity monitoring technique, more
elaborated techniqgues may be used for the diversification
phase. Second, constraint handling techniques developed
for the classical 0-1 multidimensional multi-objectivedfn
sack problem [17] could be very useful in the context of the
MOKP.

This study highlights the importance of an effective man-
agement of diversity during a search process for multi-
objective optimization and this remains true for both evolu
tionary search and local search. This study also suggests th
possibility of integrating TS within the evolutionary fram
work, leading to even more powerful hybrid algorithms for
multi-objective optimization.
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Figure 5: Transformation of the R.W Morrison and K.A De Joagniula in an incremental form.



