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Abstract. In this paper, we show how an Extended Guided Local Search can be applied to the
Quadratic Assignment Problem and show the extensions can improve its performance. GLS is a
general, penalty-based meta-heuristic, which sits on top of local search algorithms, to help guide them
out of local minima. GLS has been shown to be successful in solving a number of practical real life
problems, such as the travelling salesman problem, BT’ s workforce scheduling problem, the radio link
frequency assignment problem, the SAT problem, the weighted MAX-SAT problems, and the vehicle

routing problem. We present empiricd results of applying severd extended versions of Guided Loca

Search to the Quadratic Assignment Problem, and show that these extensions can improve the range of

parameter setting within which Guided Locd Search performs well. Finaly, we compare the results of

running our Extended Guided Loca Search with some state of the art algorithms for the QAP.

1 Introduction

Guided Local Search [35] has been applied to a number of real life problems, including the SAT problem
and the weighted MAX-SAT problems [20], the vehicle routing problem [11], the radio link frequency
assignment problem [40], function optimization [41] and the travelling salesman problem [42].

GLS is a meta-heuristic that sits on top of local search procedures and helps them escape from local
minima. GLS can be seen as a generalization of the GENET neural network [32,5,6] for solving constraint
satisfaction problems and optimization problems. Recently, it has been shown that GLS can be put on top
of a specialized Genetic Algorithm, resulting in the Guided Genetic Algorithm [18]. GGA has been applied
to a number of problems, including the processor configuration problem [13,14,16], the generalized
assignment problem [15] and the radio link frequency assignment problem [17,19]. In this paper, we show
how GLS and some extensions of GLS can successfully applied to the Quadratic Assignment Problem.

1.1 The Quadratic Assignment Problem
The Quadratic Assignment Problem [3] is one of the hardest groups of problems in combinatorial

optimization, with many real world applications and has been the focus of a lot of successful research into
heuristic search methods. The problem can be formally stated as in (1).
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* nis the size of the problem (i.e. number of facilities or locations),
+ Tis a permutation, when is the 'element in permutation, 1t
» aand b are the n * n distance and flow matrices.



The problem is to find a permutatian(which represents which facilities are placed at which locations),
which minimizes the sum of the distance times the flow between different facilities. The elgroént a
matrix a, represents the distance between location i and location j. The elemeeapresents the flow
between facilityri and1j. When ais multiplied by By, the cost of placing facilityi at location i and
facility 1§ and location j, is obtained. Thus, by summing all the terms together, the total cost of the whole
permutation of location-facility assignments is obtained.

Both exact and inexact algorithms have been proposed for solving the Quadratic Assignment Problem (for
a survey, see [21]). The exact algorithms have the disadvantage that they can only solve relatively small
QAPs (n « 20), whereas the inexact methods can deal with much larger problems. The heuristic methods,

which have been used to solve the QAP, include Robust Tabu Search [27,28], Reactive Tabu Search [2],
Simulated Annealing [43,30], a Genetic Hybrid Algorithm [10], ant algorithms [26, 29] and various others

[1]. In this paper, we show how Guided Local Search can be applied to the Quadratic Assignment problem,

and present empirical results showing two extensions of Guided Loca Search which can increase the range

of parameters under which good results are obtained.

2 Guided L ocal Search

Guided local search (GLS), (see[35] for amore detailed description) sits on top of alocal search algorithm.
When the given loca search agorithm settlesin local optimum, GLS changes the objective function using
a scheme that will be explained below. Then the local search will search usng the modified objective
function, which is designed to bring it out of loca optimum. The key is in the way that the objective
function is modified.

Solution features are defined to distinguish between solutions with different characteristics, so that bad
characteristics can be penalized by GL S, and hopefully removed by the local search algorithm. The choice
of solution features therefore depends on the type of problem, and also to a certain extent on the loca
search algorithm. Each feature, f, defined must have the following components:

* An Indicator function, |, indicating whether the feature is present in the current solution or not:

solutions haspropertyi
, otherwise

li(s) =§ )

* A cost function ¢(s), which gives the cost of having the feature present in a solution.
* A penalty p, initially set to O, used to penalize occurrences of the feature, in local minima.

2.1 Selective Penalty M odifications

When the Local Search agorithm returns alocal minimum, s, which is not alegal solution, GL S penalizes
(increments the penalty of the feature) all the features present in that solution which have maximum utility,
util(s,f), asdefined in (3).
. N ci(s
Utll(s, fl)— |I(S)Gm (3)
Theideaisto penalize features, which have high costs first, although the utility of doing so decreases as the
feature is penaized more and more times.



2.2 Augmented Cost Function

GLS uses an augmented cost function (3), to allow it to guide the Local Search algorithm out of the local
minimum, by penalizing features present in that local minimum. The idea is to make the local minimum
more costly than the surrounding search space, where these features are not present.

h(S)=9(S)+7\DZ|i(S)®i (4)

The parametek may be used to alter the intensification of the search for solutions. A higher valhie for

will result in a more diverse search, where plateaus and basins in the search are searched less carefully; a
low value will result in a more intensive search for the solution, where the basins and plateaus in the search
landscape are searched with more care.

2.3 Local Search for the QAP

The Quadratic assignment problem can be formulated as a local search algorithm, using the objective
function in the previous section, and searching the space of possible permutations. The local search
neighborhood is simply the set of possible permutations resulting from the current permutation with any
two of the elements swapped around.

2.4 Efficient Local Search and Neighbourhood Updating for the QAP

The new value of the objective function after a swap can be efficiently incrementally updated in
approximately O(f) time using (5) and (6) (for asymmetric QAPs, see [28]) or (7) and (8) (for symmetric
QAPs, the symmetry in the matrices can be taken advantage of to speed up neighborhood updating by a
factor of about 4, see [2]).
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(wherertt = the permuatiomwith elements r and s swapped)



In addition to this, fofTaillard’s Grey density problems the neighborhood may be regtricted to swapping
elements from the first m values in the permutation with the last n-m values in the permutation and may be
calculated and updated more efficiently using (9) and (10) (as explained in [28]).

2.5 Featuresfor the QAP

The QAP was found to be a difficult problem to solve for GLS. This is because there is only one obvious
choice for the feature set: facility-location assignments'. These can be penalized and all the penalties can be

kept inan N by N matrix. The cost of a particular facility-location assignment is the sum of the congtituent
parts of the objective function that it isinvolved in (see below):

cim=5Ya b, )
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2.6 A basic GL Sfor the QAP

?LSQ“\P( Acoerr)
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K = 1=0 J=0 1=0 J=0
= "
T = randonmy generated pernutation with no repetitions
Do
{

//the second argunent is a function
T = Local Search(T h+/‘coeﬁXKX§p(i))

For each (i, m), such that C(i,m)/(1 + p(i,m)) is maxim sed

p(i, 1) =p(i,m) +1

While (Not ternmination criteria)

Return m
Local Sear chQAP( 1, Q)
{

sideways = 0

While ((there is a downwards nove w.r.t. g(m) or

(there is a sideways nove w.r.t. g(m and sideways < 2)
and ternmnation criteria is not net

{

m=mnwth the elements 1 and 1 swapped such that Ag(mwth m and

11 We did try to use pairs of facility-location assignments, with the flow between the facilities as the cost, but this meant
there were a too many {(Nfeatures to store and incremental updating of the neighbourhood also became too
expensive (more than 4 times slower) for larger problems, even with very “lazy” schemes for neighbourhood
updating.



m swapped) is mininised (ties are broken randon y)

It (Ag(m) == 0)
si deways = sideways + 1
El se

sideways = 0

Updat e t he nei ghbour hood
}

return

3 Guided L ocal Search extensions

Whilst applying Guided Local Search to the QAP, we tried various schemes in an attempt to further
improve Guided Local Search and try to understand why those schemes might work.

3.1 Agpiration criteria

Aspiration criteria (as used in the tabu search framework, [8,9]), is when a move is allowed, even when it
would normally be tabu, usually due to it improving the current best solution. Intuitively, this is a good
idea, since it would be stupid to avoid making a move just because it was tabu, if it gave us a new best
solution. In GLS, we have penalties rather than a tabu list, so aspiration criteria means ignoring the
penalties, if there is a move which can produce a new best solution. More formally, we can modify the local
search algorithm to look like this with aspiration criteria:

Local Sear chQAPAspiration(tm, g, h)
{

sideways = 0
Wil e((there is a dowwards nove w.r.t. g(m) or

(there is a sideways nove w.r.t. g(m and sideways < 2)
and termnation criteria is not net

/I'NOTE: the first termwith the original objective function

/lis the aspiration criteria, the second is the standard

/1AS, mnimzing the augnmented objective function

If there exists a nove, such that

h(m + Ah(mtwith m and 1 swapped) < best cost so far
m=mnwth the elements 1 and 1 swapped such that Ah(mtwth T

I and 1 swapped) is ninimsed (ties are broken randomnly)
El se

m=mnwth the elements 1 and 1 swapped such that Ag(mtwth T
and 1 swapped) is mninmsed, ties are broken randony

If (Ag(m) == 0)

si deways = sideways + 1
El se

sideways = 0

Updat e t he nei ghbour hood

return
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Fig. 1. GLS variants over a range of lambda coefficients values on small to medium sized
QAPLIb [4] problems, average of 10 runs, 1000 * N repairs (N = problem size)

We have found that aspiration criteria improves the performance of GLS in terms of the best cost solution
found, particularly when large values of lambda are used (we have found using paired sample t-tests that
these results were statically significant), and also in terms of how many iterations were required to find a
solution of a given cost.

We theorised thaaspiration criteria works because it allows us to focus on minimising the original

objective function at critical points during the search and also allows us to find more new best found

solutions, that might otherwise be ignored. This is particularly important when the lambda coefficient is
large, as any penalty will have a larger effect on the local search algorithm, and is a plausible explanation
for the improved performance of GLS when the lambda coefficient is large.

We ran controlled experiments, to try and substantiate this theory of why aspiration criteria works. The first
was to allow a GLS without aspiration to follow the standard GLS scheme p% of the time and 100-p% of
the time choose a move according the original objective function. We found that simply allowing GLS to
ignore penalties p% of the time, does not result in an increase in performance, and so is not the sole reason
for the success of aspiration criteria. The second experiment was to run GLS, allowing a random move to
be chosen from the neighbourhood p% of the time, with the normal GLS scheme being followed the rest of
the time. This was to check whether or not GLS was simply able to move into areas of the search space
which would otherwise have been difficult to reach, due to penalties restricting GLS moves, when
aspiration criteria was added. These experiments gave rise to an increase in the performance of GLS when
small values of lambda were used, although the increase in performance when the lambda coefficient was
large, that occurred with aspiration criteria did not occur. In fact, from looking at the average entropy (this

is a measure of the spread, 0 only one facility-location assignment was visited for a particular element in
the permutation, 1 would mean all labels were facility-location assignments were present in the same
guantities, see, e.g. [3] for the definition of entropy) of facility-location assignments, we observed that
random moves had a completely different effect from aspiration criteria in that they allowed GLS to
diversify its search, when lambda was too small, whereas aspiration criteria left the entropy almost identical
to before.

So the reason that aspiration criteria produced better results was not just because it allowed GLS to
occasionally ignore the penalty term in the augmented objective function. During the runs of GLS with and
without aspiration criteria we also recorded the average cost of each of the best-found solutions over each
run of GLS. We found that when aspiration criteria was used that this value was substantially lower than
when aspiration criteria was not used. We aso found that GL S with aspiration found more “best found so



far” solutions, than GL S without aspiration. This suggests that GL S with aspiration works as we theorised,
because it allows GLS to find new best-found solutions that it might otherwise simply ignore due to
penaltiesimposed on those solution. We recorded several statistics about the quality of solutions during the
search (including the average cost local minima visited, the average cost of solutions visited) and only the
statistics on the quality of new best-found solutions varied between GL S with and without aspiration. This
also suggested that it was precisely when and what aspiration doesthat is critical in it’s success.

3.2 Random moves

As aready mentioned, whilst trying to understand more precisdly why aspiration criteria gave a
performance improvement to GL S, we tried an additional scheme, whereby with probability p, we allowed
GL S to make a move at random. In addition to this, alocal search was tried, with random moves as the sole
means of escaping from local minima and plateaus, and was found to be much inferior to the combination
of GLS with random moves or indeed GL S without random moves. This shows that GL S is enhanced by
random moves. We found that GL S without random moves, a low values of lambda produced a much less
diverse search, than GL S with random moves, resulting in a better performance with respect to the best cost
of solution of GLS with random moves. This suggests that the role of random movesisto help GLS move
out of local minima, when either random moves or GLSon it's own might not be able to do so.

4 Comparison with state of theart QAP algorithms

In this section, we compare GL S against two of the best QAP inexact agorithms, Reactive Tabu Search [2]
and Robust Tabu Search [28]. We alowed each algorithm a maximum of 1000 x N repairs (where N is the
number of variables in the problem) and 10 runs each, taking the average deviation from the best known
solution in every case and taking the average result of those 10 runs. We set GLS to use a lambda
coefficient of 0.6, Pr(random move) = 0.2, and alowed GL S to make aspiration moves. The parameters for
reactive tabu search and robust tabu search were the standard parameters suggested in [2] and [28],
although we used our own implementation (which we have found performs smilarly to the original results
in the papers). The results are shown in table 1 below:

Problem group GLS ReTabu RoTabu Real problem?
Chr* 1.495 1909 1516 No
Lip* 0.386 0.231 0.077 No
Nug* 0.004 0.009 0.002 No
Rou* 0.038 0.015 0.016 No
Scr* 0.011 0.000 0.000 No
Sko* 0.160 0.209 0.130 No
Tai*a 0.827 0.430 0.680 No
Tai*b 0.587 1.318 0.420 No
Tho* 0.146 0.221 0.141 No
Bur* 0.000 0.084 0.002 Yes
Els19 0.000 1.684 0.193 Yes
Esc* 0.015 0.710 0.000 Yes
Ste* 0.465 0.739 0.075 Yes
Tai*c 0.063 0.022 0.039 Yes
Artificial problems 0.502 0.591 0.406
Real problems 0.080 0.535 0.020
All problems 0.387 0.576 0.300

Table 1. GLS verses reactive tabu search and robust tabu search: Mean percent excess from best known solution, over
10 runs, 1000 x N repairs per problem



These results show GLS gives a comparable performance to both reactive tabu search and robust tabu
search overall, and in some cases (the chr* problems) outperforms one or other or both of them. In addition

to this, it should be noted Guided Local Search is a general meta-heuristic. Given our understanding of the

extensions, we believe they should also generalize to other problems.

5 Conclusion

In this paper, we have presented an Extended Guided Local Search algorithm and its application to the
Quadratic Assignment Problem. We have shown how two simple extensions of Guided Local Search, can
dramatically increase the range of parameters under which GLS performs well. We have also studied and
provided evidence on why they work. Finally, we have shown that Guided Local Search with these two
extensions gives comparable results to reactive tabu search and robust tabu search (two of the most famous
heuristic methods for solving the Quadratic Assignment Problem), in some cases outperforming them,
given the same number of iterations for each algorithm.
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