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Abstract In this work we present a beam-search approach applied to the Set Cover-
ing Problem. The goal of this problem is to choose a subset of columns of minimal
cost covering every row. Beam Search constructs a search tree by using a breadth-
first search strategy, however only a fixed number of nodes are kept and the rest are
discarded. Even though original beam search has a deterministic nature, our pro-
posal has some elements that makes it stochastic. This approach has been tested
with a well-known set of 45 SCP benchmark instances from OR-Library showing

promising results.
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1 Introduction

The Set Covering Problem (SCP) is a combinatorial problem that can be described as
the problem of finding a subset of columns from a m-row, n-column zero-one matrix
a; such that they can cover all the rows at minimal cost. The SCP can be formulated
as follows:

n

MinimizeZ =Y cx;  j€{1,2,3,...n} (1)
j=1
Subject to:
Zaijxi > 1 ie{1,2,3,..,m} 2)
=
x; € (0,1}, 3)

where ¢; represents the vector cost. The SCP is a NP-hard problem [9] that has
been used to model many problems as scheduling, manufacturing, services planning,
information retrieval, etc. [1, 7]. Several algorithms have been developed for solving
SCP instances. Exact algorithms [6], even though they can reach the global optima,
they require substantial time for solving large instances. Greedy algorithms [8] are
a good approach for large instances, but rarely generates good solutions because
of its myopic and deterministic nature. Another approach are Probabilistic greedy
algorithms [10, 13], which often generates better quality solutions than the deter-
ministic counterparts. Metaheuristics are commonly the best way to solve large SCP
instances, some of them are: Genetic algorithms [3, 18], Neural Network algorithms
[16], Simulated Annealing [11], Ant Colony Optimization [14], and many more.

In this work, we propose an algorithm for solving the SCP that is based in the
well known beam-search algorithm. It has been used in many optimization problems
[4, 5, 12, 19]. Beam-search is a fast and approximate branch and bound method,
which operates in a limited search space to find good solutions for optimization prob-
lems. It constructs a search tree by using a breadth-first search, but selecting only the
most promising nodes by using some rule. Our implementation selects these nodes
using a simple greedy algorithm that can be seen as a Depth-first search. The greedy
will find a solution and returns its fitness, which will be used to select and discard
nodes from the search tree.

This paper is organized as follows: Sect. 2 describes our Beam-Search implemen-
tation for the SCP, Sect. 3 shows the result that we obtained by using a well known
set of SCP benchmarks instances, finally conclusions and future work can be found
in Sect. 4.
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2 Beam Search

Beam Search [15] is a deterministic heuristic algorithm that constructs a search-
tree. It begins with an empty solution at the root node and gradually construct solu-
tion candidates, level by level. At each level of the tree, two procedures are applied:
PromisingChildren and SelectBest. While the first one expand each node by the n,
most promising children using some criteria, the second one choose the n, most
promising nodes from the current level. Given this, at the level O the tree will have
one node; at the level I n, nodes; from the level 2 the algorithm will select n, nodes
from a pool of at most n, * n, nodes. Beam Search lacks of completeness, because
the optimal solution could be pruned during the search process. The Algorithm 1
corresponds to the classic beam-search described before.

Algorithm 1 Original Beam-Search(n

s s P); out: Solution

S « {emptySolution}
Solution < NULL
while S # ¢ do
S« {}
for all s € S do
§" « §" UPromisingChildren(s, n,, P)
end for
if is — solution(S’) then
Return(Solution)
end if
S « SelectBest(Y,n,)
end while

2.1 Ouwur Implementation

For adapting this algorithm to the SCP, we consider the following: PromisingChil-
dren determinates the n, most promising children from the current node. This is
achieved by calculating, for each non-instantiated variable, a value using one of
the following functions: ¢;/k;, ¢;/k%, c;/(k;log(1 + k), ¢}'* /k;, ¢;/k"* and ¢;/
log(k; + 1) [8, 13]. The variable k; represents the number of currently uncovered
rows that could be covered by the column j. The function is selected in a random
way and it is used for all the nodes of the current level. Then, the n,, variables with
the lowest values are instanciated. After that, we run a greedy algorithm for each
of the new candidates nodes by using the procedure Greedy-SelectBest. This greedy
attempts to construct a branch (one node per level), using the same function selected
in PromisingChildren, until a solution is reached. At the end of this process, each
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node will have an associate solution. The procedure will select the n; nodes with the
best objective function value. The best solution founded in the search it is used to
discard nodes with a worst objetive function value.

Unlike the classic algorithm, the search does not stop when a solution is founded
or all nodes are discarded, instead, we set a fixed number of nodes to be generated
(See Algorithm 2).

Algorithm 2 Beam—Search+Greedy(np, ng, P); out: Best — Solution

S « {emptySolution}
Best — Solution <~ NULL
while FixedNumberOfNodesReached do
S~ {}
for all s € S do
S « 8’ UPromisingChildren(s, n,, P, BestSolution)
end for
S « Greedy — SelectBest(Y, ng, BestSolution)
end while

2.2 Preprocessing

Preprocessing is a popular method to speedup the algorithm. A number of pre-
processing methods have been proposed for the SCP [2]. In our implementation,
we used the most effective ones:

+ Column domination: Any column j whose rows /; can be covered by other columns
for a cost less than ¢; can be deleted from the problem, however this is an NP
complete problem [9]. Instead, we used the rule described in [17].

e Column inclusion: If a row is covered by only one column after the above domi-
nation, this column must be included in the optimal solution.

3 Experiments

Our approach has been implemented in C++, on an 2.4GHz CPU Intel Core i7-
4700MQ with 8gb RAM computer using Ubuntu 14.04 LTS x86_64. In order to
test it, we used 45 SCP instances from OR—Library1 which are described in Table 1.
Optimal solutions are known for all of these instances.

Thttp://people.brunel.ac.uk/~mastjjb/jeb/orlib/scpinfo.html.
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Table 1 Detail of the test instances

Instance set No. of instances | Rows Columns Cost range
4 10 200 1000 [1,100]
5 10 200 2000 [1,100]
6 5 200 1000 [1,100]
A 5 300 3000 [1,100]
B 5 300 3000 [1,100]
C 5 400 4000 [1,100]
D 5 400 4000 [1,100]

Table 2 Experiments using n, = 20 and n; = 10

Instance| Optima | Min- | Max- | Avg | RPD | Instance | Optima | Min- | Max- | Avg | RPD
value | value value | value

scp4l 429 430 |434 |432.0/0.23 | scpAl 253 256 |259 [257.3|1.19
scp42 512 517 |527 |524.8/0.98 | scpA2 252 257 263 |262.1/1.98
scp43 516 520 [530 |525.9/0.78 | scpA3 232 238 240 [238.6|2.59
scp44 | 494 501 |510 |504.9|1.42 | scpA4 234 236 |241 |238.7/0.85
scp45 512 515 |525 |521.6/0.59 | scpA5 236 236 |239 |237.6|0.00
scp46 560 570 |576 |572.4|1.79 | scpBl 69 69 78 75.1/0.00
scp47 | 430 432 |435 |433.6/0.47 | scpB2 76 76 81 78.0/0.00
scp48 492 493 498 [495.2/0.20 | scpB3 80 80 82 80.5|0.00
scp49 641 658 | 667 |662.7|2.65 | scpB4 79 79 82 81.0/0.00
scp410 | 514 514 |519 |517.3/0.00 | scpB5 72 72 73 72.1/0.00
scp51 253 256 262 |259.9|1.19 | scpCl 227 234|237 |235.8|3.08
scp52 302 308 |313 |309.8/1.99 | scpC2 219 222|230 |227.0|1.37
scp53 226 230 |234 |233.4|1.77 | scpC3 243 244 251 |248.5/0.41
scp54 242 243 |244 243.6/0.41 | scpC4 219 223|235 |234.0/1.83
scp55 211 215 |219 |217.8|/1.90 | scpC5 215 215 |217 |215.5/0.00
scp56 213 213 |219 |216.9/0.00 | scpD1 60 60 61 60.2|0.00
scp57 293 298 303 |301.1|1.71 | scpD2 66 68 70 68.6|3.03
scp58 288 291 298 |294.7|1.04 | scpD3 72 74 75 74.3|2.78
scp59 279 282 |287 |285.0|1.08 | scpD4 62 62 63 62.3|0.00
scp510 | 265 265 |271 |268.4/0.00 | scpD5 61 61 64 62.90.00
scpbl 138 140 | 143 |141.9|1.45
scp62 146 148 | 150 |149.1|1.37
scp63 145 149 | 151 |149.7|2.76
scp64 131 132 | 133 |1325(0.76
scp65 161 165 |170 |167.1|2.48
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Fig.1 Convergence plots for the a scp41, b scp42 and ¢ scp43 instances

Our algorithm was configured before perform the search. Each of these instances
were executed 20 times, with several values of n,, and n,. The best results (related to
the avg. value) were obtained by using n,, = 20 and n, = 10. We set as stop criteria a
maximum of 1000 nodes in the search tree. After reaching this value, the algorithm
did not show a big improvement in the solutions. Table 2 shows the results by using
this configuration.
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The column Optima represents the lowest objective function value for a particular
instance. Min-value and Max-value represent the lowest and the maximum objective
function value, respectively, obtained for our proposal in 20 executions. The mean
value of these 20 executions are shown in the column Avg. The column RPD repre-
sents the Relative Percent Difference. This measure can be defined as follows:

Min-value — Opti
(Min-value plma)x1

RPD = 00. 4)

Optima

Convergence plots can be seen in Fig. 1.

4 Conclusion and Future Work

In this work we have presented a beam-search approach with a greedy algorithm to
solve the SCP. Our approach applies a greedy algorithm in each node to find solutions
by using a set of simple functions that choose promising variables. Experiments show
very promising results, considering that the technique in not yet fully exploited. In
a future work we plan to do a more guided search by using a nogood-like learning
strategy,’ that should reduce the size of the search tree. Also, we plan to adapt this
technique for the bi-objective SCP formulation.
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