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Abstract

The Set Covering problem (SCP) is a well known combinatorial optimization problem, which is NP-hard. We conducted
a comparative study of nine different approximation algorithms for the SCP, including several greedy variants, fractional
relaxations, randomized algorithms and a neural network algorithm. The algorithms were tested on a set of random-generated
problems with up to 500 rows and 5000 columns, and on two sets of problems originating in combinatorial questions with
up to 28160 rows and 11264 columns.

On the random problems and on one set of combinatorial problems, the best algorithm among those we tested was a
randomized greedy algorithm, with the neural network algorithm very close in second place. On the other set of combinatorial
problems, the best algorithm was a deterministic greedy variant, and the randomized algorithms (both randomized greedy
and neural network) performed quite poorly. The other algorithms we tested were always inferior to the ones mentioned
above. © 1997 Elsevier Science B.V.
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1. Introduction where A is an m x n matrix, a;; € {0,1}. We use

k = max; Z;’zl a;; to denote the maximum number of

1.1. The problem ones appearing in any row. When all the rows have

exactly k = 2 ones, the SCP becomes the Vertex Cover

The problem dealt with in this paper is the Set Cov- problem. We also refer to SCP as a set of m inequalities
ering problem (SCP), defined as follows. each containing at most k variables.

In the weighted SCP the objective function is

& Ax >1, >_j1 ¢jx; for some weights (or costs) ¢; > 0. There-

SCP: min Z Xj S.t. 0.1\ fore the SCP problem is sometimes referred to as the

J=1 x € {0117, unicost SCP.

The SCP is known to be NP-hard, cf. [ 13]. This also
is a MAX-SNP-hard problem [23,12], i.e., does not

i Deceased. ) have a polynomial time approximation scheme unless
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The unicost version of the set covering problem can
be presented as the following combinatorial problem.
Consider a set of objects (points, or vertices) V and a
collection E of sets of these objects. Our goal is to find
a subset C C E of smallest cardinality such that every
element v € V is “covered” by (namely, belongs to)
at least one of the subsets in C. The reverse problem
is essentially the same: find a subset S C V such that
every element of E (which in itself is a subset of V),
is “hit” by §, namely contains at least one element of
S. The matrix A in both these cases is the incidence
matrix of the two sets V and E. A simple instance of
this problem is shown in Fig. 1.

The main goal of this paper is a comparative study
of the performance of several different SCP approxi-
mation algorithms.

1.2. Related work

The first published approximation algorithms for
the SCP with a worst-case analysis [21,22,8], use
the greedy heuristic. The approximation ratio of the
greedy algorithm (i.e., the worst ratio between the cost
of a greedy solution and the optimum) is Inm + 1.

The approximation algorithms of [14,19,24] have
worst-case analyses showing approximation ratios of &
(the maximal number of ones per row).

A randomized rounding algorithm for SCP appears
in [25]. The approximation ratio of this algorithm is
k (1~ (¢/m)!/*) for some small constant c.

A number of optimal algorithms for SCP, typically
based upon tree-search procedures, have appeared in
the literature (e.g., [2,3]). These algorithms have
been used to solve problems with up to 50 rows and
500 columns, albeit at considerable computational
cost.

The Lagrangian approximation heuristic for SCP
of [4] was tested on problems with up to 500 rows
and 5000 columns. The approximation algorithm of
[30] was tested on problems generated for airline crew
scheduling, involving up to 1600 rows and 105000
columns. Genetic algorithms and simulated annealing
algorithms for set covering appear in [27,6].

Several neural network based algorithms were sug-
gested or developed for problems related to SCP (like
scheduling and diagnostic problems, cf. [26,20,9]),
but to our knowledge no neural network based algo-
rithm for the SCP was actually presented and tested

so far. One of the algorithms tested in this work is
such a neural net based algorithm that was developed
recently. It will be described in detail separately [16].

A probabilistic analysis of SCP defined by randomly
generated matrices appears in [29].

1.3. New results

We conducted a computational study of several ap-
proximation algorithms for SCP. These are the simple
greedy algorithm [21], the algorithms of [ 14,19,24],
a randomized rounding algorithm [25], an alternat-
ing greedy algorithm, a randomized greedy algorithm,
and a neural network algorithm.

The algorithms were tested on a set of random-
generated problems with up to 500 rows and 5000
columns, and on two sets of problems originating in
combinatorial questions with up to 28160 rows and
11264 columns.

On the random problems and on one set of combi-
natorial problems, the best algorithm among those we
tested was the randomized greedy algorithm, which
performed extremely well on all of the problems,
and found the lowest cost on almost all of them. The
neural network, alternating greedy and simple greedy
algorithms were very close in second, third and fourth
places. On the other set of combinatorial problems,
the best algorithm was the alternating greedy algo-
rithm, with the simple greedy algorithm second, while
the randomized greedy and neural network algorithms
performed quite poorly. The other algorithms we
tested were inferior to the ones mentioned above on
all the problems.

A preliminary version of this paper can be found in
[17].

2. The algorithms

Nine algorithms were tested, six of which are deter-
ministic and three (R-Gr, RR, and NN) are random-
ized. Some of the algorithms use the solution vector
of the relaxed fractional set covering, denoted by x*,
and its cost C*. The fractional covering is obtained by
replacing the integrality requirement on the variables
and instead allowing them to take real values in the
range [0, 1], thereby transforming the problem to a
linear program. Therefore a linear programming (LP)
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(A)

(B)

Fig. 1. A set covering instance (A): the points are denoted by numbers, the sets of points are denoted by letters. The goal is to “cover”
all the points by choosing the minimum number of sets. The incidence graph of this instance is shown in (B). In the neural network used
by algorithm NN (see text), the lines represent symmetric connections of weight 1.

step was performed prior to running the algorithms.

Brief descriptions of the algorithms follow.

NoLP This is a generalization of Gavril’s algorithm
[14]. Each inequality is inspected in turn, and if it
is not satisfied yet then all its variables are picked.

Thresh This is Hochbaum’s algorithm [19]. Each
variable for which the fractional solution value xj >
1/k is picked.

SortLP This algorithm is from [24]. The variables
are checked in a decreasing order of their fractional
x7 values, and each variable that appears in an un-
satisfied inequality is picked.

Gr This is the simple greedy algorithm of [21,8]. In
each iteration the variable that appears in the largest
number of unsatisfied inequalities is picked. Ties
are broken lexicographically (i.e., the variable with
the smallest index is picked first).

R-Gr This is the randomized greedy algorithm. It is
identical to the simple greedy algorithm Gr, except
that ties are broken at random. The basic algorithm
is iterated N times (we used N = 100) and the
minimal solution is returned.

T-Gr This algorithm only considers variables with
x¥ > 1/k. Among these, the algorithm picks vari-
ables according to the greedy rule, with ties broken
according to x* (the variable with the largest x}
value is picked first).

RR This is a randomized rounding algorithm, similar
to that of [25]. Each fractional value x}‘ is multi-
plied by a scaling factor § > 1. Then for each vari-
able a biased coin with probability 8x} is tossed,
and if the coin is “1” then the variable is picked (if
ox} > | then the variable is picked with probability
1). If the resultant solution is not feasible then it is
discarded. This procedure is iterated N times (we
used N = 100), and the lowest cost solution is re-
turned. We used a factor of § = 2.5 x Cg,/C* where
Cg: 1s the cost found by the Gr algorithm. The value
of & was always in the range 3.12-6.31 on the test
problems. Using this factor, feasible solutions were
always found by the algorithm, and their cost was
relatively low.

Alt-Gr This is an alternating greedy algorithm. The
algorithm works in iterations, and in each iteration
two steps are performed. First, as in algorithm Gr,
the variable that appears in the largest number of
unsatisfied inequalities is added to the solution. Let
A denote the increase in the number of satisfied in-
equalities due to this addition. Then, variables are
repeatedly discarded from the solution, as long as
the total decrease in the number of satisfied inequal-
ities is at most A ~ 1. In each repetition the variable
that causes the minimal decrease is discarded. In
particular, any variable that becomes redundant af-
ter the addition in the first step is discarded. Ties in
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both steps are broken lexicographically. Note that

a variable may be discarded from the solution and

then picked again in a later iteration. However the

discarding rule ensures that the number of satisfied
inequalities strictly increases with each iteration so
the algorithm always terminates.

NN This is a neural network algorithm. The network
has two types of units (neurons), one representing
the inequalities (rows) and the other representing
the variables (columns). They are connected as a
bipartite graph which represents the incidence re-
lations between rows and columns in the A matrix
(see Fig. 1).

In its basic mode of operation, using steepest de-
scent deterministic dynamics, the network is set in
an arbitrary initial state and converges to a final
state which represents a valid minimal cover. On
top of the basic network dynamics, the algorithm
applies a gradual change of the threshold parameter
of the variable (column) units’ activation function,
thus implementing a deterministic 7-annealing pro-
cedure. At the top-most level, the algorithm has an
adaptive restart procedure to search for initial states.
We used N = 100 such restarts. The network and
the algorithm are described in detail in [16].

The first seven algorithms (all except Alt-Gr and
NN) can terminate with a solution which is not min-
imal. Therefore a redundancy elimination procedure
was performed on their solutions. For the RR algo-
rithm, this procedure was performed on each feasible
solution. The procedure discards variables one by one
until a minimal solution is attained. In each iteration
the procedure calculates the redundancy r; of each in-
equality (the number of extra variables covering it).
The minimal redundancy mr; of a variable j is the
minimal r; of any inequality i that j appears in. The
variable to be discarded is the one with the maximal
mr; value.

3. Methods
3.1. Random generated problems

The algorithms were tested on 60 randomly gen-
erated problems, (see Table 1 for details), which are

available electronically [5]. Problem sets 4-6 are from
[2], problem sets A-E are from [3], and problem sets

Table |
Details of the random problems

Problem Rows Columns Density ! Max number of
set (m) (n) (%)

Number of
ones per row?2 (k) problems

4 200 1000 2 36 10
5 2000 2 60 ”
6 ” 1000 5 71 5
A 300 3000 2 81 ”
B ” ” 5 192 ”
C 400 4000 2 105 ”
D ” ” 5 244 ”
E 50 500 20 124 ”
NRE 500 5000 10 561 ”
NRF ” ” 20 1086 ”

'The density is the percentage of ones in the A matrix.
2The maximum is taken over all the problems in each set and
over the rows in each problem.

NRE-NRF are from [4]. All the problems were ran-
domly produced according to the specified densities,
using the scheme of [2], namely every column covers
at least one row and every row is covered by at least
two columns.

All these problems were originally generated to test
weighted SCP algorithms. In order to use them for
our unicost SCP algorithms, we discarded the column
costs. This modification implies that the costs obtained
by our algorithms are incomparable with the optimal
costs reported in the above-mentioned papers. One ex-
ception is problem set E, which was originally pro-
duced as a unicost problem set.

3.2. Combinatorial problems

The algorithms were also tested on 10 problems that
arise out of two combinatorial questions. See Table 2
for details.

The first set of problems, the CYC set, is derived
from an old question of ErdGs, cf. [11]: “what is the
minimal number of edges of a hypercube that can be
chosen so that every cycle of 4 edges contains at least
one chosen edge ?”. This question translates to an SCP,
with hypercube edges corresponding to the variables
and an inequality per 4-cycle. If the dimension of the
hypercube is d, then the SCP has n = d2¢~! variables
and m = 2472 (g) inequalities with & = 4 variables
each. The optimal fractional solution of this SCP has
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acost of C* = n/4, and a possible (non-unique) frac-
tional solution vector is x* = (1/4,1/4,...,1/4).

The optimal solution for this problem is known for
all d < 6. For larger d it is an open question. For
the currently best explicit solutions see [7,18] and the
references therein. We used problems generated from
hypercubes of dimension d =6,7,8,9,10, 11.

The second set of problems, the CLR set, is derived
from another question of Erdés [ 10]: “what is my(r),
the minimal number of r-tuples that can be chosen
so that every coloring of d elements with 2 colors
contains at least one monochromatic r-tuple 7 (Note:
in combinatorics texts this function is usually denoted
m(n), where n replaces our r as the size of the tuples,
and minimizing over all possible universe sizes d).
The question is interesting only when r < [d/2],
otherwise there is no solution (except for the case
r = [d/2] with d odd; but then only a trivial solution
exists, namely all r-tuples must be chosen).

This question translates to an SCP with r-tuples cor-
responding to variables and an inequality per coloring,
with the A matrix defined by having a;; = 1 iff r-tuple
Jj is monochromatic under coloring i. The SCP has n =
(4) variables and m = 2¢~! — 1 inequalities, discarding
the all-white/all-black colorings and ignoring sym-
metry. The maximal number of variables per inequal-
ity is k = (djl), and the minimal number is kmin =
(1 21y 4+ (121). The optimal fractional solution of
this SCP has a cost of C* = n/kmin, and a possible
solution vector is x* = (1/kmin, 1/kmins - - -» 1 /kmin).

This is an open combinatorial question for r > 4.
For the currently best lower bounds for m,(4), and
best explicit solution constructions, see [15] and the
references therein. We used problems generated with
r=4andd =10,11,12,13.

We have contributed the CYC and CLR problem
sets to the OR-library, thus they are now available
electronically [5].

3.3. The tests

The algorithms were programmed in C, using the
IBM AIX XL C compiler, with optimization turned on.
The tests were conducted on an IBM RS6000 model
370 workstation with 128MB memory. The linear pro-
gramming solver used was R.J. Vanderbei’s interior-
point solver LOQO [28].

Table 2
Details of the combinatorial problems

Problem Rows  Columns Density Number of ones
(m) (n) (%) per row, Min-Max

CYC.6 240 192 2.1 4-4

CYC7 672 448 0.9 4-4

CYC38 1792 1024 0.4 4-4

CYC9 4608 2304 02 4-4

CYC.10 11520 5120 0.08 4-4

CYC.1t 28160 11264 0.04 4-4

CLR.10-4 511 210 12.3 10-126
CLR.11-4 1023 330 12.4 20-210
CLR.12-4 2047 495 12.5 30-330
CLR.13-4 4095 715 12.5 50-495

Table 3 contains the costs our algorithms obtained
on the random problems, along with the fractional so-
lution costs. Table 4 contains the results obtained on
the combinatorial problems. The minimal costs that
were found for each problem are displayed in boxes
on the appropriate columns.

Table 5 contains a summary of the quality of the al-
gorithms’ solutions for each class of problems. Since
the optimal solution is unknown for all the problems
we used (except set E and CYC.6), Table 5 contains
statistics of the deviation from the best known solution.
For the random problems the comparison is against
the lowest cost found by any of the algorithms, and on
the combinatorial problems the comparison is against
the best explicit solutions known. Table 7 contains the
CPU times used by the algorithms and by the LOQO
solver. Note that implementation details can be signif-
icant in the time consumption of the algorithms. We
have attempted to make the comparison as fair as pos-
sible by using the same internal data structures and
same compilation flags on all algorithms.

As pointed out in Section 3.2, the optimal fractional
costs of the combinatorial problems are known. More-
over, LOQO consistently found optimal solution vec-
tors with uniform x} values on all problems of the
CYC and CLR sets, e.g., x* = (1/4,...,1/4). There-
fore in order to save time, LOQO was not used on the
largest problems (CYC.10 and CYC.11). Instead, the
uniform optimal fractional solution was used as input
to the algorithms.
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Table 3

Computational results of the random problems
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Problem LP NoLP Thresh SortLLP RR T-Gr Gr Alt-Gr NN R-Gr
4.1 32.80 65 52 45 44 43 41 42 43 41
42 31.71 63 49 44 42 41 41 39 39 38
43 3245 64 53 45 45 42 43 43 40 41
44 33.27 64 54 47 46 46 44 44 43 41
45 32.79 70 51 45 44 43 44 44 41 40
4.6 3224 66 52 45 44 43 43 44 41 40
4.7 33.52 68 50 47 45 43 43 43 43 41
4.8 31.77 70 49 45 43 42 42 42 40 40
49 32.89 71 51 48 44 43 42 42 42 40
4.10 33.31 67 52 47 45 44 43 43 42 4]
5.1 28.73 69 47 42 42 40 37 37 37 35
5.2 28.58 66 47 40 40 39 38 38 37 35
5.3 28.62 62 45 42 41 38 37 37 37 36
54 28.61 65 47 43 42 38 39 37 37 36
5.5 28.25 64 46 41 41 39 37 37 37 36
56 28.86 62 48 44 43 40 40 38 37 36
5.7 28.09 65 45 41 41 37 38 38 35 36
5.8 28.93 69 45 41 41 39 39 39 37 37
5.9 28.98 72 47 41 41 38 38 38 38 36
5.10 28.79 67 43 42 40 39 39 38 37 36
6.1 14.78 35 30 27 26 24 23 23 22 21
62 14.29 35 30 24 26 22 22 22 21 21
6.3 14.87 38 30 27 27 23 23 23 21 22
6.4 14.68 37 29 27 25 24 22 22 22 22
6.5 14.92 40 30 28 25 24 23 23 23 22




T. Grossman, A. Wool/European Journal of Operational Research 101 (1997) 81-92 87

Table 3
Computational results of the random problem—continued

Problem LP NoLP Thresh SortLP RR T-Gr Gr Alt-Gr NN R-Gr
Al 29.55 76 56 48 50 43 42 42 41 40
A2 29.82 81 55 48 48 44 42 44 42 41
A3 29.76 83 57 52 48 44 43 42 41 40
A4 29.09 73 54 50 47 43 4] 41 40 40
A5 29.57 79 55 51 47 44 43 43 41 40
B.1 14.09 43 34 29 30 25 24 24 24 23
B.2 13.99 41 32 31 30 25 23 23 23 22
B.3 14.06 44 33 30 29 24 23 23 23 22
B4 14.01 45 32 32 30 26 24 24 24 23
B.S 13.98 43 32 31 30 25 25 25 23 23
C.1 3110 86 64 58 57 49 47 47 46 45
Cc2 31.42 90 64 56 S5 48 47 46 45 45
C3 31.05 83 61 55 56 47 47 48 47 45
C4 31.04 80 66 54 57 51 46 46 46 46
() 31.28 85 66 60 56 49 47 47 46 45
D.1 14.58 47 36 32 34 29 27 27 26 26
D2 14.74 48 39 35 34 28 26 25 26 26
D.3 14.65 41 39 34 33 29 27 27 26 25
D4 14.63 49 36 36 33 28 26 27 26 26
D.5 14.62 49 38 34 34 29 27 27 26 26
E.l 3.48 1 7 6 6 6 5 5 5 5
E2 3.38 8 8 6 5 5 5 5 5 5
E3 3.30 12 8 7 5 5 5 5 5 5
E4 345 10 8 7 5 5 6 5 5 5
ES5 339 10 9 6 5 6 5 5 5 5
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Table 3

Computational results of the random problem—continued

T Grossman, A. Wool/European Journal of Operational Research 101 (1997) 81-92

Problem LP NoLP Thresh SortLP RR T-Gr Gr Alt-Gr NN R-Gr
NRE.1 8.18 30 28 23 23 19 18 18 17 17
NRE.2 8.18 30 26 25 23 18 18 18 17 17
NRE3 8.19 30 24 23 22 19 18 18 17 17
NRE.4 8.19 30 25 23 22 20 18 18 17 17
NRE.5 8.19 29 25 24 23 19 18 18 17 17
NRFE.1 436 16 18 16 13 11 11 11 12 10
NRE2 4.36 16 18 15 14 11 11 11 12 11
NRE3 4.36 17 17 15 14 11 I} 11 12 11
NRF4 436 16 16 14 13 11 11 11 12 11
NRFS 436 16 18 15 13 1 11 11 12 11
Table 4

Computational results of the combinatorial problems

Problem LP Best ! NoLP Thresh SortLP RR T-Gr Gr Alt-Gr NN R-Gr
CYC.6 48.0 60 76 76 85 69 60 60 60 62 64
CcYC.7 112.0 144 192 182 217 171 144 144 144 161 160
CYCS8 256.0 344 428 428 503 406 352 352 352 387 385
CYCJ9 576.0 780 1024 984 1174 961 816 816 816 901 907
CYC.10 1280.0 1792 2220 2220 2633 2193 1916 1916 1916 2060 2081
CYC.il 2816.0 4103 5120 4952 5893 4934 4280 4280 4268 4661 4710
CLR.10-4 21.00 25 35 35 42 32 32 32 32 29 28
CLR.11-4 16.50 23 35 37 40 34 29 30 30 28 27
CLR.12-4 16.50 26 37 35 46 33 3] 31 28 29 27
CLR.13-4 14.30 26 35 35 46 38 32 32 32 29 31

IThe currently best explicit solutions, from [18] (CYC problem) and |15] (CLR problem).
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4. Discussion
4.1. The random problems

On the 60 random problems, the best solution was
found 56 times by the R-Gr algorithm, 24 times by the
NN algorithm, 12 times by the Alt-Gr and Gr algo-
rithms, and 7 times by algorithm T-Gr. On average the
R-Gr algorithm deviated by 0.24% from the best value,
NN deviated by 2.85%, Alt-Gr deviated by 4.53%, Gr
deviated by 5.06%, and T-Gr deviated by 8.34% (see
Table 5). Algorithm RR performed worse, and found
the best value only on 4 problems of set E. SortLP,
Thresh and NoLP performed much worse, and found
strictly larger solutions than the previous algorithms
on all the problems.

It is clear from Table 3 that algorithm R-Gr per-
formed extremely well on all the random problem sets.
Algorithm NN did nearly as well on most problems,
except set NRF. The Gr and Alt-Gr algorithms gave
reasonable results in general but were slightly inferior
to the previous algorithms. The other algorithms did
significantly worse.

Note that on all the problems in set E, the R-Gr, NN
and Alt-Gr algorithms found the best cost. The found
cost, 5, is known to be optimal for all the problems in
this set [3].

As these problems were generated randomly, one
could assume that the results obtained would fit the
predictions of [29]. Denote the optimal cost of a ran-
dom SCP with m rows by C,,. Assuming that the ma-
trix entries are chosen to be a;; = 1 independently
with probability o, and that the number of columns
n>Inm/(In1/(1 - p)), then Theorem 3.1 of [29]
says that

lim Con :
i = —
m—oc Inm  Inl/(1— p)

a.c.

Somewhat surprisingly, the costs found by our algo-
rithms are significantly less than predicted (see Ta-
ble 6). For densities ¢ = 0.02,0.05,0.1,0.2 the found
costs are roughly 6.8, 4.8, 3.5, 2.6 times smaller than
the prediction, respectively. Note that the costs of the
unknown optimal solutions are no larger than the best
costs our algorithms found, so for the optimal costs
the distance from the prediction can only be larger
than shown. However, for ¢ = 0.02 and 0.05 the found
costs are almost proportional to Inm, which agrees

with the predicted logarithmic dependence on m (see
the Cyyg/ Inm data in Table 6).

The most likely cause for the discrepancy between
the predictions and the empirical data is the fact that
the matrix entries were not chosen with full indepen-
dence. For instance, all-zero columns are not allowed;
but when 200 < m < 400 and the density is 2%, the
expected number of ones per column is between 4 and
8, so discarding all-zero columns causes significant
dependency. The effect of this dependency decreases
when g increases, which fits the shown behavior (for
larger values of g the discrepancy is smaller). Another
possible cause for this discrepancy may be that m is
not sufficiently large for the asymptotic behavior to be
visible.

4.2. The combinatorial problems

On the CYC set of problems, the Alt-Gr, Gr and
T-Gr algorithms found the best solutions, with equal
costs, on the 5 smaller problems, but only Alt-Grfound
the best solution for the largest problem, CYC.11 (see
Table 4). Their average deviations from the best ex-
plicit solution are 2.98%, 3.03% and 3.03% respec-
tively (see Table 5). Note that on problem CYC.6 our
best solution (60) is known to be optimal [ 18], and on
CYC.7 our best solution (144) matches the currently
best explicit solution [7]. Algorithms NN and R-Gr
did slightly worse, and never found the best solution.
Algorithms RR, SortLP, Thresh and NoLP performed
much worse on all CYC problems.

On the CLR set of problems, the R-Gr algorithm
found the best solution four times (average deviation
13.12%) and the NN algorithm found the best so-
lution once (average deviation 15.20%). Algorithms
Alt-Gr, Gr, T-Gr were slightly worse, and as before,
RR, SortLP, Thresh and NoLP performed much worse.

Recall that the optimal fractional solutions used for
the problems in both the CYC and CLR sets were uni-
form (e.g., x; = 1/4 for all j on the CYC problems).
This holds both for manually created solutions, and for
solutions found by the interior-point solver, LOQO.
Such a uniform fractional solution causes SortLP and
Thresh to find huge solutions (in fact, the Thresh algo-
rithm picks all n variables). These solutions are much
improved by the redundancy-elimination step, but not
by enough to compete with the better algorithms.
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Table §

Average and maximum deviation percentages of the algorithms’ solution costs from the best found values (problem sets 4-NRF) or from
the best explicit solution (CYC and CLR), [100 X (solution_val — best) /best]|

Set NoLP Thresh SortLP RR T-Gr Gr Alt-Gr NN R-Gr

4-NRF Avg 80.06% 41.24% 25.80% 19.91% 8.34% 5.06% 4.53% 2.85% 0.24%
Max 140.00% 80.00% 60.00% 36.36% 20.00% 20.00% 10.00% 20.00% 4.76%

CYC Avg 27.40% 24.70% 46.61% 19.60% 3.03% 3.03% 2.98% 11.95% 12.82%
Max 33.33% 26.67% 50.69% 2321% 6.92% 6.92% 6.92% 15.51% 16.28%

CLR Avg 42.27% 42.53% 73.94% 3723% 24.10% 25.19% 22.30% 15.20% 13.12%
Max 52.17% 60.87% 76.92% 47.83% 28.00% 30.43% 30.43% 21.74% 19.23%

Table 6

Comparison between the predictions of [29] and the empirical data

Set o m Cpred ! Cavg 2 Cuvg/Inm

4 0.02 200 261.86 40.2 7.58

5 0.02 200 261.86 358 6.75

A 0.02 300 282.15 40.2 7.04

C 0.02 400 296.51 452 7.54

6 0.05 200 103.16 214 4.03

B 0.05 300 111.15 22.6 3.96

D 0.05 400 116.81 256 4.27

NRE 0.10 500 58.98 17.0 2.73

NRF 0.20 500 27.85 10.8 1.73

!'The predicted value, Cpreg = Inm/(In1/(1 ~ p)).

2The average of the costs of the best solutions found on the problems of the set.

We have also tested the algorithms on the two small-
est CYC problems (CYC.6 and CYC.7) using a non-
uniform fractional solution generated by a revised-
simplex solver. This improved the solutions found by
the low quality algorithms SortLP and Thresh, how-
ever the solutions found by the better T-Gr became
worse, so we did not pursue this direction further.

5. Conclusions

The overall best algorithm we tested is the random-
ized greedy algorithm R-Gr, and the neural network
algorithm NN is a close second. However their good
performance comes at a price of relatively high exe-
cution time (see Table 7). This is mostly due to the
fact that both algorithms run their basic computation,
which is roughly equivalent in time complexity to the
greedy algorithm Gr, for many initial states (we used
N = 100 such repetitions). When the execution time is
crucial, the Alt-Gr algorithm is a viable option, giving
comparable results at a fraction of the time, or alterna-

tively one can decrease the value of N, say to N = 1.

Note also that on the CYC set both R-Gr and NN
performed quite poorly, and the NN algorithm was
slightly inferior to the greedy algorithms on all prob-
lems of the NRF set. We conclude that the best choice
of algorithm depends on the particular class of input
problems it is intended to solve, and that none of the
algorithms we tested is universally best.

Another conclusion we can draw from our tests is
that the effort invested in solving the fractional linear
program does not seem to pay off. The execution time
of the LP solver is more than double that of our slowest
algorithms on the larger problems (Table 7). More-
over, the algorithms using the fractional solution are
inferior to others; the Thresh and SortLP algorithms
found very costly solutions on all the input problems,
RR performed well only on set E despite its high CPU
cost, and only T-Gr performed moderately well (but
not as well as R-Gr, NN, or Alt-Gr).

Finally, we remark that the worst-case approxima-
tion ratios did not predict the algorithms’ behavior
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Table 7

91

CPU time in seconds for some of the algorithms. The values for problems 4-NRF represent the average CPU time used on the problems
in each set. The CPU time consumed by the RR algorithm, which uses the fractional solution, is actually the sum of the values in the LP

and RR columns

Problem LP RR Gr Alt-Gr NN R-Gr
4 25 1.0 0.0 0.0 6.6 1.6
5 42 2.4 0.0 0.0 12.0 3.0
6 4.0 1.6 0.0 0.0 44 2.0
A 13.4 42 1.0 1.0 21.0 6.0
B 21.0 7.0 4.0 4.0 17.2 8.2
C 31.0 6.4 2.6 2.6 30.8 10.0
D 45.8 11.6 7.0 7.0 26.8 142
E 0.0 0.6 0.0 0.0 1.0 0.0
NRE 135.6 370 23.0 230 48.8 38.0
NRF 274.8 87.8 48.0 46.4 90.2 71.2
CYC.6 0.0 0.0 0.0 0.0 1.0 0.0
cYcy 5.0 1.0 0.0 0.0 7.0 2.0
CYC.8 55.0 6.0 0.0 0.0 39.0 12.0
CYC9 693.0 13.0 20 20 192.0 58.0
CYC.10 - 137.0 7.0 7.0 941.0 288.0
CYC.11 - 852.0 26.0 28.0 4907.0 1455.0
CLR.10-4 3.0 3.0 1.0 1.0 3.0 2.0
CLR.11-4 13.0 7.0 4.0 4.0 9.0 7.0
CLR.12-4 49.0 20.0 15.0 13.0 250 21.0
CLR.13-4 183.0 520 42.0 38.0 68.0 58.0
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