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Abstract

1 Introduction

Although some algorithms have a good performance in a spguifblem, there is
hardly an algorithm which behaves better than others in @ wét of instances of
such problem. This fact corresponds with the No Free Lunaoidém [20]. In this
way, it is very complicated to determine what the best metbod given instance is,
specially if there are big differences in performance frame algorithm to another.
This is known as the “Algorithm Selection problem” [19], defd by Rice in 1976.
This problem has been treated in various areas. One of thiladkine Learning
[11, 5, 10]. This kind of techniques have been utilised toweeste the execution time
required by an algorithm to solve a determined type of irctanso that through this
information, we can choose the best expected method wheacgefnew instance.
Another technique used to deal with this problem can be fdaiméhe “Algorithm
Portfolio” paradigm. Such paradigm consists of a set of @tlgms which are exe-
cuted until the fastest one solves the problem. An examplleietype of strategies
can be found in [15]. Within this paradigm, we can found thepmrative one which
consist on a set of heuristic searches which exchange iat@mamong them. This
collaboration leads to a dramatically improve in the robass and the quality of
the solutions obtained respect to the independent ver$itre strategy [2, 6]. This
concept of cooperation is successfully used, explicit glicitly, in other types of
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metaheuristics as multi-agent systems (ACO's [8], PSQB[Inemetic algorithms
[13] and hyperheuristics [3].

In this paper we are going to treat with both areas, cooperatrategies and Ma-
chine Learning. Concretely, we will discuss to what exterdt i what contexts the
use of Knowledge Discovery techniques can improve the padace of the cooper-
ative strategies. For this purpose, a centralised codpersttategy based on simple
elements of Soft Computing, previously presented in [7,1Z84], will be utilised as
a base case. From this base case, we will analyse the impeotgmoduced by the
use of a new rule and a novel off-line parameter adjustmettade both of them
obtained using Data Mining. For such analysis two differeade studies will be
considered. Both cases differ in terms of implementatiahtast bed used (Unca-
pacitated Single Allocation p-Hub Median Problem (USApHMRd the Knapsack
problem). We have chosen these two problems for the follgwéasons: the US-
ApHMP is a NP-hard problem where only small datasets of sbimstances can
be found, and for that reason we have little information ideorto perform a KD.
On the other hand, Knapsack Problem is one of the “easiesti&g problems, in
which simple resolution algorithms obtain good results] ehere we can find big
datasets of solved instances. These test beds are two extiemtions in which we
want to check the improvements obtained by the KD.

This work is structured as follows. Firstly, we will des@ithe two centralised
cooperative strategy used as base case. In Section 2, thevoesomponents ob-
tained by Knowledge Discovery will be shown. Section 4 isaled to explain the
obtaining process of such components. After that, we wiltesthe experimentation
done and the results obtained. To finish, in Sec#®@rthe conclusions of this work,
will be discussed.

2 A centralised cooper ative search strategy

In this cooperative strategy, whose general scheme ismexsen Figure 1, there is
a set of solvers, where each solver implements the samderatif resolution strat-
egy for the problem at hand. The coordinator processes tbemation received
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from the solvers and, making use of a fuzzy rule base, pradsiglesequent adjust-
ments of their behaviour by sending “orders”. To achieve thichange of data, a
blackboard architecture [9] is used.

A important part of this strategy is the information flow. $hs divided in the
following three steps: 1) performance information is senthte coordinator from
the solvers, 2) this information is processed and storechbycbordinator and 3)
coordinator sends orders to the solvers.

In the data flow from solvers to the coordinator, each repontains the next
items:

Solver identification

A time stampt

The current solution of the solver at that tirsie

The best solution reached until that time by this sobkggg;

The coordinator keeps the last two reports sent by eachrselvén the next step

(information processing), the improvement rate is catledasA; = %,
wheretimé —timé 1 represents the elapsed time between two consecutive seport
andf is the objective function. The valuég and f(s') are then stored in two fixed
length ordered “memories”, one for improvements and andtreosts.

Over those memories, the next fuzzy rule is constructeds fithé is used by the
coordinator to determine if a solver is working fine or notvéts designed based on
expert knowledge following the principléf a solver is working well, keep;ibut
if a solver seems to be trapped, do something to alter its\ageba From now on,
this rule are going to be called EK rule and its definition is tiext one:

IF the quality of the current solution reported bglvef is low AND the im-
provement rate asolver is low THEN sendCieg; to solver

The labellow is defined as a fuzzy set with the following membership fuorcti

0, ifx>p
uxa,B) =1 B ifa<x<p
1, ifx<a

wherex is the relative position (resembling the notion of perdentnk) of a value
(an improvement rate or a cost) in the samples stored in meofomprovements
or memory of costs, respectively, and the other parameterixad toa = 80 and
B =100 for the memory of costs, amd= 0 andf3 = 20 for the memory of improve-
ments.Cpegt denotes the best solution ever recorded by the coordinatahort,
what the rule says is that if the values reported by a solveraatong the worst
in the memories, then such a solver should be changed in s@yeBy means of
the Cpest SENding, as the strategy progresses, the solvers willftrereoncentrate
around the most promising regions of the search space, wihlidhe sampled using
different schemes (the ones defined by the solver threadstiees). This increases
the chances of finding better and better solutions.
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Depending on the nature of the solvers (based on trajestariein popula-
tions),the sending dByes; is achieve in a different way. For trajectory based meth-
ods, this solution is altered by a mutation operator bef@ednt to the solvers.
This modified solution is consider as a start point of the @eaBuch alteration
tries to avoid relocating all solvers in the same point ofgharch space. However,
for population based methods, a proportion of the worstiddals of the receiver
is substituted by a set of solutions obtained altef@ggs using the same mutation
operator.

In the following section we are going to describe the two cormgnts that will
be incorporated in this strategy to try to improve its parfance: a new rule, named
KD rule, and a new off-line adjustment parameter method.

3 New components obtained by Knowledge Discovery

The first described element is the KD rule. We should say thatrtile is not com-
pletely designed using Knowledge Discovery techniquesitlisia template that is
completed by means of a Data Mining process that will be dasdrin 4. In this
methodology, we apply a supervised knowledge extractioegss and as a result
we obtain the information to fill the template. Once this e has been applied
the rules are implemented and we obtain a complete opegtatem, without the
need of applying the knowledge extraction process again.

This template is composed of the following rules which apgicated once for
each metaheuristic:

e IF [solver IStheWorsf AND [(wmy xd; OR... ORwnM,*dy) IS enough THEN
change the current solution sblves.

e |F[(wmyxdi OR... ORwWMyxdy) ISHigh AND (timelSTHighORT VeryHigh]
THEN changeParameterValues solvet.

where:

— nis the number of solvers.

— solveg is the solver being evaluated by the rule.

— theWorstevaluates if the solver being studied now is having the wmesfor-
mance according to any previously defined measure.

— di = (perf — perfun)/maximungper f, per fun ), whereperf is a measure
of performance previously defined.

— wm € [0,1] wherey ' ; wm = 1 andwm represents the weight of metaheuris-
tic i (importance of metaheuristidor solving the current instance).

— Enough High, THighandTVeryHighare fuzzy sets with trapezoidal mem-
bership function with support contained [f,1] defined by a cuadruplet
(a,b,c,d). The mathematical representation is shown iatému(1):
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0 x<aorx>d
_ ) (x-a)/(b—a) xe(ab]
H(x,a,b,c.d) = (d—x)/(d—c) x€]cd) @
1 x € [b, ]

— ChangeParameterValueés a function that changes the values of the param-
eters of a solver. To do this, a model is used which gives apra the
combinations of parameter values for the instance beingedoln this way
the first set of parameter values used by the system is theffitss order and
when a change of parameter values is needed the next sedgin isrused and
so on.

The first of these rules changes the position in the searadesya thread which
is showing a bad performance for a position close to the iposif another meta-
heuristic with a better behavior. The second rules showsthewalues of the pa-
rameters of the different metaheuristics have to be modified values of thevm’s
is the part completed by Knowledge Discovery techniques.

The off-line adjustment parameter method uses a classiiiciee also obtained
by this type of techniques to determine the most suitablarpaters of each heuris-
tic that compose the strategy, depending on the instancactkastics.

4 Data Mining process used for the new components

In this section, we will describe briefly the methodologydiggreviously proposed
on [4]. Such methodology uses some fuzzy decision treesdardo obtain the
wm Vi that define the rules and the parameters values of each soNegse trees
receive a description of the instance that has to be solvédatput thevm and the
order among the combination of parameter values for each-tratristic. That way
we have a tree that assigns the weights to each meta-hearigtias many trees as
meta-heuristics to obtain the order among the combinafipa@meter values to be
used, and those that replace them. The idea of how the treeshg configuration
of the set of fuzzy rules can be seen on fig. 2.

Weights tree

Fuzzy Rules
Parameters trees

Fig. 2 Obtaining of weights
and parameters values for
meta-heuristics.
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Casestudy 1 | Casestudy 2
Communication mode asynchronous | synchronoug
Stop condition and communication frequency|evaluation number  Time
Implemented solvers VND, Tabu, SA |Tabu, SA, GA
Test problem USApHMP knapsack
Amount of instances 34 2000
Amount of instancesfor training 34 500
Amount of instances/size and type 1 25
Amount of instances for test 34 20

Table1l Main differences between the two implementations and the tablems

To obtain these tree models we use a knowledge extractiozepsowhich is
divided in two main phases: Data Preparation and Data MinimBata Preparation
phase we seek to obtain a database which holds useful infiomta which we can
apply the necessary data mining techniques to obtain a mtbgelinformation is
obtained through the resolution of a set of training insésnaf the problem using
each metaheuristic with different combinations of paramealues. Certain data of
interest are extracted from these executions. After th&adta Mining phase we
obtain the trees previously described.

5 Case studies details

This section is devoted to describe the two case studiesingieel experimentation.
When we say case study, we refer to a pair implementationlgmmoln this way,
we dispose of two distinct pairs that differs in both implenagion and problem.
The next two subsections will show the details of each cas#ysio remark the
principal existing differences between the two case stydieese are displayed in
Table 1 as a summary.

5.1 Case study 1 description

When implementing multi-threaded cooperative strategies,can resort to parallel
schemes if time is important, or one can simulate the pdisatién a one-processor
computer. This is the strategy taken here and the proceslasd¢remely simple. We
construct an array of solvers and we run them using a roubid-szhema. This im-
plementation uses an asynchronous communication modésthmhulated in this
way: solvers are executed during a certain number of evahsbf the objective
function. This amount of evaluations is a random number énititerval[100, 150
and after this period of time, information exchanges aréopered. After the exe-
cution of all solvers, the coordinator is launched to do @gesponding functions.
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These steps are repeated until the stop condition, givemrimstof objective function
evaluations, is fulfilled.

Regarding the fuzzy rule base, firstly, we should mention tha size of the
memory of costs and improvements was set to be double theenwhbolvers. The
modification applied to the best solution sent to the threamsists on a change
of assignment of non-hub nodes and a change of localisafiontbnodes. Three
different heuristic searches were chosen as solvers: Tednels, Simulated Anneal-
ing (SA) and Variable Neighborhood Descent search(VNDg déscription of this
methods is omitted due to space constraints.

The test bed used in this case is a hub location problem. Tjeetoke of this
type of problems is composed of two stepsi@b location: to determine which
nodes should be the hubs and the number of them, in order tribdie the flow
across them, and 2Jon-hub to hub allocation: to assign the rest of the nodes
to the hubs. Generally, these tasks are performed by miimgh&n objective func-
tion that describes the exchange flow and its cost. We willi$oan a special case,
the Uncapacitated Single Allocation p-Hub Median Probl&8ApHMP), which
is consider as a NP-hard problem. Its quadratic integer dation was given by
O’Kelly in [16].

The instances chosen for the experimentation were obtdinedthe resource
ORLIB [1]. Concretely, we used the AP (Australian Post) dsgtderived from a
study of the postal delivery system. The instances utilisza be divided in two
groups, those with 50 or less nodes, and those with more thaRds the first set,
instances with 2, 3, 4 and 5 hubs were considered , while fosétond one, the
different numbers of hubs were 2, 3, 4, 5,10,15 and 20. Thanopt for those
instances with a number of nodes less than 50 was providduelrgsource ORLIB,
and for the other instances we considered the best solutiovdffor one of the state-
of-art algorithms for this problem, presented in [14]. Ier to asses the quality
of the solutions returned by the strategy, we consider aor @serror = 100 x
obtained "a'“ergp“m”m From the point of view of the Knowledge Discovery process,
we should highlight that in this case we only have a total off&ances and there
is just one instance per type and size.

5.2 Case study 2 description

In this case study the implementation strategy is the saatarthlihe previous one.
But in this case the communication mode is synchronous sigpgach strategy
after 100 ms, after the execution of all solvers, the coatdinis launched to do its
corresponding functions. These steps are repeated uaskdp condition, given in
terms of time, is fulfilled.

Three different heuristic searches were chosen as sol@asetic Algorithm
(GA), Tabu Search (TS) and Simulated Annealing (SA). Thecidetson of this
methods is omitted due to space constraints.
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The test bed used in this case is the well known knapsackegmolrhis problem
can be formally defined as follows: Given a set of items, eaith @ cost and a
benefit, determine a subset such that the total cost is lassatigiven limit and the
total benefit is as large as possible.

To carry out the tests we solved a database of instances caatpd20 instances
where changed both size (number of objects) and the way tlegg generated.
Regarding size we can find four different sizes: 500, 100001&nd 2000 objects.
As for the way the instances are generated there exist fiestyp

e Spanner: These instances are constructed in such a wayltttaiaitems are
multiple of a small set of items called key. That key was gatest using three
distributions:

— Uncorrelated,
— Weakly correlated,
— Strongly correlated.

e Profit ceiling: In these instances all the benefits are meltipa given parameter
d.

e Circle: These instances are generated in such a way thatiiedits are a function
of the weights, having its graph an elliptic representation

In order to asses the quality of the solutions returned bystheegy, we con-
sider an error asrror = 100x ta'”eg“)’fi‘:;‘frﬁp“m“m. From the point of view of the
Knowledge Discovery process, we should highlight that is tase we had an in-
stance generator and for that reason we were able to perfarrdining of the

system using 500 instances, with 25 instances per type aed si

6 Experimentsand results

The experimentation done in this paper has as target to sméhe benefits con-
tributed by the Data Mining process seen in Section 4. Theram aspects that
will be studied are the followings:

e Profits obtained by the use of the KD rule instead of the EK .rule
e Improvement achieved by the off-line adjustment paramatthod.

Both aspects will be test on the two case studies we saw isdatibn, so the ex-
perimentation are going to be structured in four differesult analysis, that will be
discussed in the rest of the section. Before starting withghrt, we will state some
details about the experimentation and the terminology ursélis section. Firstly,
the number of runs per instance is 30 for p-hub instances @ridrlknapsack in-
stances, and secondly, when we refer to statistically fogmit differences or im-
provements, these have been calculated using the Mann's\@yhion-parametric
test witha < 0,05.
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6.1 Profits obtained by the use of the KD rule versus the EK rule

In fig. 6.1 two graphics are shown in which we want to compagsprformance of
the KD rule with respect to the EK rule. In both graphics we sae how in general
the use of the KD rule obtains a better performance, howeveome cases the
differences are not significant. We have to notice that alghoKnapsack problem
is easy to solve, the KD has obtained an improvement in theienok.

6.2 Improvement achieved by the off-line adjustment pardere
method

In fig. 6.2 we compare the use of the off-line adjustment ofpweter versus the
fixed adjustment. In this case we can observe how the use affthi@e adjust-
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ment obtains also an improvement of the results, despitathef being Knapsack
problem an easy one, however in some cases the differereastsignificant.
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