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Abstract. The Transversal Hypergraph Problem is the problem of com-
puting, given a hypergraph, the set of its minimal transversals, i.e. the
hypergraph whose hyperedges are all minimal hitting sets of the given
one. This problem turns out to be central in various fields of Computer
Science. We present and experimentally evaluate a heuristic algorithm
for the problem, which seems able to handle large instances and also
possesses some nice features especially desirable in problems with large
output such as the Transversal Hypergraph Problem.

1 Introduction

Hypergraph theory [2] is one of the most important areas of discrete mathematics
with significant applications in many fields of Computer Science. A hypergraph
H is a generalized graph defined on a finite set V of nodes, with every hyper-
edge E of H being a subset of V. A hypergraph is a convenient mathematical
structure for modeling numerous problems in both theoretical and applied Com-
puter Science and discrete mathematics. One of the most intriguing problems on
hypergraphs is the problem of computing the transversal hypergraph of H, de-
noted tr(H). The transversal hypergraph is the family of all minimal hitting sets
(transversals) of H, that is, all sets of nodes T such that (a) T intersects all hy-
peredges of H, and (b) no proper subset of T does. transversal hypergraph
is the problem of generating tr(H) given a hypergraph H, and is an important
common subproblem in many practical applications. Its importance arises from
the fact that problems referring to notions like minimality or maximality are
quite common in various areas of Computer Science.

For example, concepts of propositional circumscription [18,3] and minimal
diagnosis [5] restrict interest to the set of models of an expression that are mini-
mal. In circumscription, model checking for circumscriptive expressions reduces
to determining the minimality of a model, whereas in model-based system diag-
nosis, finding a minimal diagnosis is equivalent to finding the prime implicants of
an expression and, next, finding the minimal cover of them. Moreover, finding a
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maximal model is essential task in model-preference default inference [20], since,
given a set of default rules, our aim is to find a maximal (most preferred) model
of these rules. It can also be seen that the problem of computing the transver-
sal hypergraph is an alternative view of the problem of generating all maximal
models of a Boolean expression in CNF, having all its variables negated. Such
an expression can be seen as a hypergraph whose hyperedges are the clauses of
the expression and each node of a hyperedge corresponds to a negative variable
of the corresponding clause. The maximal models of the expression then cor-
respond to the transversals of the hypergraph. A symmetric situation holds for
the minimal models of an expression having all its variables positive. Complexity
questions related to minimal or maximal models have been discussed in [3,4,1];
more recent results can be found in [13].

An encyclopedic exposition of the applications of the transversal hyper-
graph problem can be found in [6,7]. We briefly state from there certain prob-
lems in the design of relational databases [15,16], in distributed databases [8],
and in model-based diagnosis [5]. Another interesting connection was pointed
out between the transversal hypergraph problem and the rapidly growing
field of knowledge discovery in databases, or data mining [9,17].

In this paper we present and experimentally evaluate a heuristic algorithm
for solving the transversal hypergraph problem. The algorithm was im-
plemented and tested on a number of randomly generated problem instances.
The experimental results show that the algorithm computes all transversals of a
given hypergraph correctly and efficiently. This fact makes our heuristic suitable
for solving problems in all areas mentioned above.

One has to be careful in defining efficiency of algorithms for problems like
the transversal hypergraph. It is not hard to see that the transversal hy-
pergraph tr(H) of a hypergraph H may have exponentially many hyperedges
with respect to the number of nodes and the number of hyperedges of H. It
will therefore require exponential amount of time to compute tr(H) in the worst
case. Therefore, the usual distinction between tractable and intractable prob-
lems based on the existence or not of a polynomial-time algorithm, clearly does
not apply here. Instead, more elaborate complexity measures have to be defined,
that will take into account the size of output, too. It is natural to consider as
tractable a problem with large output if it can be solved by an algorithm that is
polynomial in both the input and the output. Such algorithms are called output-
polynomial. A slightly stronger requirement is that the algorithm generates a
new output bit in time polynomial in the input and the output so far. These
latter algorithms are called incrementally output-polynomial. An even stronger
requirement is that the algorithm generates two consecutive output bits in time
bounded by a polynomial in the input size. These are called polynomial delay
algorithms. There has been a recent surge of interest in such algorithms. For
discussions of algorithms with output and performance criteria see [11,12,19].

The precise complexity of the transversal hypergraph problem is still
unknown. The brute force algorithm given by Berge [2] needs time exponential
in both the input and the output. However, several special cases can be solved
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in polynomial time [6]. Recently, an output-subexponential algorithm was given
by Fredman and Khachiyan in [7]. There, it was shown that the duality of two
monotone Boolean expressions in DNF can be checked in time O(nlog n), where
n is the combined size of the input and the output. It is not hard to see that this
problem is another disguised form of the transversal hypergraph problem
(see [7,10] for further details on these issues).

Our algorithm presents in practice a remarkable uniformity in its output rate;
averaging over relatively small parts of the output (e.g. 100 transversals out of a
total output of tenths of thousands), we get delays deviating by at most 3 mean
values. (We mention however, that at present we can prove no bound for the delay
between consecutive outputs.) This happens partially because our algorithm
operates in a generate-and-forget fashion i.e., no previous transversal is required
for the generation of the next ones. In contrast, both the brute force algorithm
and the Fredman–Khachiyan algorithm require all previous transversals to be
stored. Moreover, the former will output the first transversal after exponentially
long delay. Our approach also greatly reduces the memory requirements, since
previously generated transversals need not be stored. In a different situation, the
memory requirements could be devastating as the total number of transversals
can be enormous. In addition, absolute time delays are very small, allowing the
successful handling of large problems.

The rest of this paper is organized as follows: In Section 2 we describe our
heuristic algorithm for generating all transversals of a hypergraph. In the next
section we compare our algorithm with some other approaches while in Section 4
we give some implementation details. Experimental results on the performance of
the algorithm are summarized in Section 5. Finally, in Section 6 some conclusions
are given.

2 Description of the Algorithm

The proposed algorithm is based on the following simple algorithm of Berge
(see [2,6]): Consider a hypergraph H = {E1, . . . , Em}. Assume that we have
already computed the transversal hypergraph tr(G) of G = {E1, . . . , Ek}, for
some k < m. It is easy to see that tr(G ∪ {Ek+1}) = {min{t ∪ {v}} : t ∈
tr(G) and v ∈ Ek+1}, where by min{t∪{v}} we denote the set of minimal subsets
of t ∪ {v} that are hitting sets of G ∪ {Ek+1}. Based on this observation we
may find all transversals of G by starting from the transversals of E1 (note that
the transversals of a hypergraph with a single hyperedge are all its nodes) and
adding one-by-one the rest of the hyperedges, computing at each step the set of
transversals of the new hypergraph. The algorithm terminates after the addition
of Em.

There are several drawbacks in the above scheme regarding its efficiency
which are explained in detail in the next section. We only mention here the most
severe one, in view of the complexity measures for this problem: The computa-
tion of the first final transversal (a transversal of the input hypergraph H) is
accomplished after all transversals of the graph {E1, . . . , Em−1} have been com-
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puted. This means that it may take an exponentially long time before the first
transversal is output. No less important are the memory requirements that also
emerge from the above: all intermediate transversals have to be stored and kept
until used for the computation of the new transversal set.

We now explain our algorithm. Consider a hypergraph H = {E1, . . . , Em}
defined on a set V of n nodes. We call a set of nodes X ⊆ V a generalized
node if all nodes in X belong in exactly the same hyperedges of H. Assume that
the hypergraph H has a generalized node X with cardinality |X | ≥ 2. Consider
the hypergraph H′ which follows from H by replacing all nodes in X in all
hyperedges that they appear by a new node vX . Let now tr(H′) be the set of
transversals of H′. The importance of the concept of generalized node follows
from the observation that tr(H) = (t \ vX ) × X , for all t ∈ tr(H′) such that
vX ∈ t. In other words, the transversals of H follow by taking one by one the
transversals of H′ that include the node vX and replacing vX by each node in X
in turn.

It is obvious that the number of transversals of H produced from a single
transversal of H′ is |X |. The transversals of H′ that do not include vX remain
as they are, since they hit H. Going one step further, if a hypergraph H has two
generalized nodes, X1 and X2, we can compute the transversals of the hypergraph
H′ that follows from H by removing the nodes of X1 and X2 and replacing them
with two new nodes, vX1 and vX2 , respectively. We compute now the transversals
of H by taking the transversals of H′ and substituting the generalized nodes vX1

and vX2 (where they appear) by all possible combinations of (simple) nodes in X1

and X2, respectively. Clearly, this procedure can be generalized to any number
of generalized nodes.

We exploit the concept of the generalized vertex in such a way that, during
all intermediate steps, we keep only the generalized transversals which, in turn,
are split after the addition of the new hyperedge. This dramatically reduces the
number of intermediate transversals, especially at the early stages (where the
generalized nodes are few but large) and greatly improves the time performance
and the memory requirements.

Example 1. Assume that the first two hyperedges have 100 nodes each: E1 =
{v1, . . . , v100} and E2 = {v51, . . . , v150}. The partial hypergraph {E1, E2} has
2550 transversals (2500 with two nodes and 50 with one) which must be kept
for the subsequent stage if we use the straightforward scheme. Using the gen-
eralized node approach, we have only 2 transversals to store, namely the set
{{v51, . . . , v100}} and the set {{v1, . . . , v50}, {v101, . . . , v150}}.
The second improvement to the simple scheme of Berge was especially designed
having in mind the rate of output of the algorithm. Recall that the simple scheme
must make a lot of computation before outputting the first transversal, after
which all the rest follow almost with zero delay one from the other. This occurs
because the simple scheme is based on a sort of breadth-first computation of
the transversals (all transversals are computed after a new hyperedge is added).
Instead, our implementation computes the transversals in a depth-first manner:
At a certain level, we compute a transversal of the partial hypergraph and then
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Fig. 1. Transversal tree of the hypergraph H =
{{1, 2, 3}, {3, 4, 5}, {1, 5}, {2, 5}}. The tree is visited in preorder.

add to it the next hyperedge. From this transversal several others follow, as we
described above. However, instead of computing them all, we pick one, add the
next hyperedge and continue until all hyperedges have been added; in this case
we output the final transversal. We then backtrack to the previous level, pick
the next transversal, etc. The whole scheme resembles a preorder visit of a tree
of transversals with root the single (generalized) transversal of the first hyper-
edge, and internal nodes at some level, the generalized transversal of the partial
hypergraph at that level. The descendants of a transversal are the transversals
of the next hypergraph which include this transversal. Finally, the leaves of the
tree at level m are the transversals of the original hypergraph.

Example 2. Consider the hypergraph with 5 nodes and 4 hyperedges H = {{1, 2,
3}, {3, 4, 5}, {1, 5}, {2, 5}}. The tree of transversals which corresponds to the ad-
dition of the hyperedges according to the giver order (top to bottom) is shown
in Fig. 1. Generalized nodes are denoted by circles with thin lines. For instance,
a partial transversal of the hypergraph consisting of the first two hyperedges is
{{1, 2}, {4, 5}}.
The efficiency of the above is further improved by a selective way of produc-
ing new transversals at an intermediate level. This idea results in ruling out
regeneration of transversals at the cost that some intermediate nodes may have
no descendants. The advantage of this approach is that search in some sub-
trees stops at higher levels instead of exhaustively generating everything that
would subsequently need to be compared to previous transversals and, possibly,
discarded. The method and its correctness is described and proved in [14].

3 Comparison to Other Approaches

We already mentioned that the algorithm of Berge outputs its first transversal
near the end of the total computation. Thus, it may take exponentially long time
for the first transversal to output. In contrast our algorithm, as the experiments
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show, delivers its output in quite a uniform way from the beginning to the end of
the computation. From the implementation point of view the algorithm of Berge
requires all intermediate transversals to be stored and kept until used for the
computation of the new transversal set. Therefore the memory requirements are
proportional to the size of the transversal tree. Since the number of transversals
can be exponential, we conclude that the memory requirements can become
devastating. Our algorithm instead, operates in a generate-and-forget fashion
by visiting the transversal tree in preorder and so its memory requirements are
proportional to the depth of the transversal tree rather than to its size. There are
also other points of improvement in our algorithm compared to the algorithm of
Berge; one has to do with the concept of generalized variables. In addition to the
compact form of storing intermediate transversals, our algorithm also excludes
the possibility of generating a transversal more than once which is a possibility
in Berge’s algorithm. The additional copies of a transversal must be identified
and removed, otherwise they will result in a blow-up of the total number of
partial transversals at the next steps. Additionally, there is an unnecessarily
large number of intermediate transversals (especially in problem instances with
many nodes) that have to participate in the computation of the transversal set
of the new hypergraph. This is something that further adds to the blow-up of
the transversals of the new hypergraph. In contrast, by using the concept of
generalized variables, our algorithm greatly reduces the number of intermediate
transversals, as illustrated in Example 1. Regarding the total running time of
Begre’s algorithm, as an example we mention that we ran Berge’s algorithm for
hypergraphs with 30 nodes and 30 hyperedges. The running time was more than
60 seconds while, as illustrated in Table 1, our algorithm requires only 1 second
for hypergraphs with this size.

The algorithm of Fredman and Khachiyan has the best provable bound on its
time performance. The algorithm actually solves the decision problem, namely
the problem of deciding, given hypergraphs H and G, whether tr(H) = G and,
if not, it returns a minimal hitting set of one of the two hypergraphs that is not
a hyperedge of the other. The algorithm runs in time O(nlog n) where n is the
combined size of H and G. By using repeatedly this algorithm as a subroutine, the
generation problem can be solved in incremental time O(nlog n) [10]. We are not
aware of any implementation of the Fredman-Khachiyan algorithm. However, as
in the previous case, both the input and the output so far have to be stored and
consequently the same problem regarding the memory requirements exists here
as well. Regarding its time performance, this algorithm operates in each decision
step on both the input and the output so far and thus, the delay increases after
each output step. In contrast, our algorithm seems to remain relatively stable
in this regard. In any case, a careful implementation of the Fredman-Khachiyan
algorithm would be of great interest.

Finally, for the sake of completeness, we mention the possibility of computing
the transversal hypergraph by generating all possible hitting sets of the hyper-
graph (which are of the order of 2n) and subsequently checking each if it is a
minimal hitting set. Naturally, this simple algorithm overcomes the problem of
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storing all transversals, but its time performance is unacceptable (it can be used
for hypergraphs having no more than 15 nodes). Yet, we have implemented it,
since it is a reliable test for verifying the correctness of our algorithm.

4 Implementation Issues

The main body of the program consists basically of two procedures. (We only
mention here the more important formal parameters.)
procedure add next hyperedge(t,h) {

Update the generalized nodes;
while generate next transversal(t,t′) {

if h is last, then output t
else {

Let h′ be the next hyperedge;
add next transversal(t′,h′);

};
};

};
and the boolean function generate next transversal(t,t′).

The first adds to the partial transversal t the next hyperedge h and repeatedly
calls the second one which returns the next partial transversal t′ of the new
hypergraph. generate next transversal is called until no more transversals
follow from t after the addition of h, in which case generate next transversal
becomes false. After a new transversal t′ is returned, add next hyperedge is
called recursively for t′ and the next hyperedge. The recursive implementation
was chosen as a fast solution to the task of developing a fairly complex code. Since
add next hyperedge is called once for each hyperedge, the depth of recursive
calls equals the number of hyperedges. Hence, for some problem instances this
can be quite large, resulting in poor memory usage and even in a code not as fast
as it could be. We plan however to remove recursion from future versions of the
program thus solving the above problems. This is why we have chosen to count
primarily as a measure of performance the number of recursive calls between
consecutive generations and not absolute time. Note however that, as shown in
the next section, even the absolute time performance is quite satisfactory even
for large problems. We stress that this can be improved further.

The performance of the program is very much affected by the data types
used for storing generalized nodes. This is because the use of generalized nodes
resulted in a code that does intensive set manipulation operations. These sets
represent sets of nodes (actually integers from 1 to the number of nodes of the
hypergraph). Several different methods were tried in different versions of the
code. The fastest implementation represents a set as a bit vector that spans as
many computer words as required depending on its size (our machine has 32-bit
word). This choice may slightly limit the portability of the code but it is by far
the fastest. Set operations (union, intersection, complementation, etc.) are then
accomplished as low level bit operations (or, and, etc.).
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5 Experimental Results

In this section we present the experimental evaluation of the performance of
the algorithm on a set of test cases. Experiments were carried out on a Sun
Enterprise 450, using GNU C++ 2.8.1 with compiler setting -O3.

Since real data were not available, the program was evaluated using a num-
ber of randomly generated hypergraphs. A random hypergraph generator was
implemented and used for this task. Given the number of nodes, n, and the
desired number of hyperedges, m, the random hypergraph generator uniformly
and independently generates m sets of nodes, each of them corresponding to a
hyperedge of the instance. The cardinality of each set lies between 1 and n − 1,
and is randomly chosen, too. The outcoming hypergraph is simple, that is, there
is no hyperedge that appears twice or is fully included in another one. Reports
are averages over 50 different runs for each instance size, using a different initial
seed for the random hypergraph generator in every run.

The first few experiments aimed at verifying the correctness of the code. This
was done by implementing the simple algorithm that computes all transversals of
a particular hypergraph using exhaustive search and then checking for minimal-
ity. Since this simple algorithm needs exponentially many steps to compute all
minimal transversals, it could only be used for small instances (hypergraphs with
at most 15–16 nodes). The resulting transversal hypergraph was then compared
to the output of the program.

Testing the correctness of the code for larger instances was accomplished by
applying the duality theorem of transversal hypergraph: tr(tr(H)) = H (see [2,6]
for more theoretical issues on hypergraphs). We run our algorithm to the out-
put for a particular instance and verified that the new output was the original
input. Notice that the above theorem also offers the possibility for generating
non-random problem instances with specific properties of the output that would
otherwise be impossible to generate by any conventional random instance gen-
erator; we were therefore able to test our algorithm for problems with very large
number of hyperedges but very few transversals.

The results of the experiments are summarized in the tables that follow.
Problem sizes are identified by the number of nodes, n, and the number of hy-
peredges, m, of the hypergraph. In Table 1, the first three columns (after column
m) give the size of the output (the minimum, the maximum, and the average),
in thousands of transversals, over the 50 experiments that were conducted for
each pair n and m. It is important to notice that these numbers also characterize
the problem size. Larger problem instances with respect to n and m resulted in
a number of transversals too large to be generated within some moderate time.
We next report the performance of the algorithm in terms of its rate of output.
Specifically, the next three columns give the delay time (in number of calls of
procedure add next hyperedge) between consecutive outputs. The first one re-
ports the maximum delay that was observed in the whole process of generating
the transversals. This number characterizes the worst-case performance of the
algorithm. The unexpectedly good behavior of this parameter is what we believe
it deserves further theoretical investigation. The next column presents the av-
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erage delay while the last one reports the total running time for generating all
transversals. As before, every entry in these columns is the average (over the 50
runs) of the corresponding parameters. The last column of Table 1 reports the
total CPU time (in seconds) required, on the average, for each run.

The experiments summarized in Table 2 aimed in better studying the rate of
the output. To this end, the standard deviation σ of the delays was calculated.
Each row in Table 2 corresponds to a single problem (as opposed to results
from 50 runs that were reported in Table 1) since averaging standard deviations
is absurd. We have chosen however, from the 50 different experiments with the
same n and m, to report the one with the worst behavior with respect to σ. Even
in this case, the values of σ remain relatively small (3 times the average delay at
most). The size of the output (transversals) as well as the total time (number of
calls of procedure add next hyperedge for generating all transversals) and the
CPU time required are also reported.

In problems reported in Tables 1 and 2 all randomly generated hypergraphs
have a small number of hyperedges and a very large number of transversals.
Problems of this kind have relatively small delays, since the output is very large.
The duality property of the transversal hypergraph mentioned above provides a
way of testing the algorithm in non-random instances with very large number of
hyperedges and a small (known a priori) number of transversals. As a result, the
delays are now large, comparable to the total running time. The technique for
doing this was by running the algorithm with input the output of a particular
randomly generated instance. This also serves as a test of the correctness of the
algorithm as already explained. The results are summarized in Table 3. Notice
that the problem size is now defined by the number of nodes, n, and the number
of transversals, while the number of edges, m, is now the size of the output.

6 Conclusion

In this paper we describe an implementation of a new algorithm for solving the
transversal hypergraph problem. This problem has certain peculiarities
regarding its efficiency, in that both the total running time and the rate of the
output (delay between consecutive outputs) are of equal importance. Our ex-
periments show a surprisingly even rate of the output, something which calls for
further theoretical justification. Moreover, both the delays between consecutive
outputs and the total running time suggest that quite large instances (with re-
spect to both their input and output sizes) can be solved efficiently. Future work
will include the removal of recursion, since this will further speed up the code
and more in-depth study of the performance measures of the program.
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Table 1. Delay time and CPU time for various problem instances. Reports are
averages over 50 runs. Each problem instance is defined by the number of nodes
n and the number of hyperedges m. Transversals corresponds to the number
of generated transversals while Delay Time to the number of calls of procedure
add next hyperedge.

Transversals (×103) Delay Time (×103) CPU Time
m min max average max average total (in seconds)

n = 15 10 0.03 0.1 0.1 0.01 0.004 0.3 0
30 0.08 0.3 0.2 0.1 0.02 3 0
50 0.1 0.4 0.3 0.2 0.03 9 0.1

100 0.2 0.6 0.5 0.5 0.1 30 0.2
200 0.3 1 0.6 1 0.1 90 1
400 0.4 1.2 0.9 2 0.3 250 2
600 0.7 1.5 1.1 4 0.5 500 4
800 1 1.6 1.4 5 0.6 800 7

1000 1.4 2 1.7 6 0.7 1200 10
n = 20 10 0.1 0.4 0.2 0.02 0.004 0.6 0

30 0.3 1 0.7 0.1 0.02 10 0.1
50 0.4 2 1.2 0.3 0.03 30 0.2

100 0.5 3 2 0.7 0.1 100 1
200 2 6 3 2 0.1 500 5
400 1 9 6 4 0.3 1800 20
600 2 11 8 7 0.5 3800 50
800 2 13 9 9 0.6 5800 70

1000 2 14 9 12 0.9 8200 110
n = 30 10 0.2 2 0.6 0.01 0.003 2 0

30 2 12 5 0.2 0.01 70 1
50 2 20 10 0.4 0.02 200 2
70 5 40 20 1 0.03 700 10

100 5 80 30 1 0.05 1800 20
200 10 200 80 3 0.1 9100 150
400 30 350 200 9 0.2 46000 900
600 15 500 300 12 0.4 11000 7700

n = 40 10 0.1 3 1.3 0.01 0.003 4 0
30 5 60 25 0.4 0.01 300 4
50 11 300 90 1 0.02 1600 20
70 13 400 200 2 0.03 4400 80

100 13 1300 400 3 0.04 1600 360
n = 50 10 0.3 8 3 0.02 0.003 7 0.1

30 5 400 100 0.5 0.01 900 10
50 40 2000 470 1 0.02 7200 140
70 20 4100 1200 4 0.02 28000 2300

n = 60 10 1 15 5 0.02 0.002 12 0.3
30 20 1500 300 1 0.01 2600 50
50 30 3700 1300 5 0.02 21000 450
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Table 2. Statistical measures (Average Delay and standard deviation σ) for indi-
vidual problem instances. Entries at the 1st and 2nd column (Transversals and
Total Time, respectively) correspond to the number of generated transversals
and the number of calls of procedure add next hyperedge, respectively.

Transversals Total Time Average Delay CPU Time
m (×103) (×103) (×103) σ(×103) (in seconds)

n = 15 10 0.1 0.4 0.01 0.002 0
30 0.1 2 0.02 0.022 0
50 0.3 10 0.04 0.040 0.1

100 0.2 30 0.1 0.1 0.2
200 0.4 70 0.2 0.2 1
400 0.5 200 0.4 0.5 2
600 0.7 450 0.6 0.8 4
800 1 820 0.7 0.8 7

1000 2 1200 0.8 1 10
n = 20 10 0.2 0.8 0.01 0.01 0

30 0.3 6 0.02 0.03 0.1
50 1 40 0.04 0.06 0.4

100 2 100 0.1 0.1 2
200 3 650 0.3 0.4 10
400 6 250 0.4 0.6 40
600 6 5000 0.7 0.9 70
800 6 6000 1 1.4 100

1000 5 8000 1.6 2 130
n = 30 10 0.6 3 0.004 0.01 0

30 4 80 0.02 0.03 1
50 10 500 0.04 0.08 10
70 20 100 0.07 0.1 20

100 30 3000 0.1 0.2 70
200 80 2000 0.2 0.4 400
400 70 33000 0.5 1 1000
600 300 180000 0.7 1.2 6000

n = 40 10 2 6 0.003 0.003 0
30 40 600 0.01 0.03 10
50 70 2000 0.03 0.06 40
70 300 11000 0.04 0.13 300

100 700 40000 0.06 0.14 1100
n = 50 10 2 10 0.005 0.01 0.1

30 80 1000 0.01 0.03 10
50 600 13000 0.02 0.05 300
70 4000 120000 0.03 0.1 6000

n = 60 10 2 8 0.005 0.01 0.1
30 400 4200 0.01 0.04 100
50 3400 63000 0.02 0.06 1600
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Table 3. Total time, CPU time, and statistical measures for individual non-
random (dual) problem instances. The size of the output, m, is known a priori.
Each row corresponds to individual runs. Total Time is the number of calls of
procedure add next hyperedge for the generation of all transversals.

Total Time Average Delay CPU Time
Transversals m (×103) (×103) σ(×103) (in seconds)

n = 15 80 10 0.7 0.07 0.03 0
200 30 10 0.4 0.3 0.1
200 50 10 0.2 0.1 0.1
500 100 90 1 0.8 1
800 200 200 1 0.6 2

1000 400 450 1 0.8 4
1100 600 500 0.8 0.6 4
1200 800 700 1 0.6 5
1700 1000 1500 1.5 1.1 10

n = 20 250 10 4 0.4 0.2 0.1
500 30 40 1.5 1 1

1100 50 20 3 2 4
1400 100 400 4 4 10
3000 200 1900 10 8 50
8000 400 25000 60 50 500
8000 600 29000 5 40 500
9000 800 20000 20 20 500

12000 1000 44000 40 40 1000
n = 30 600 10 20 2 2 1

4200 30 2700 90 130 300
20000 50 103000 2100 2700 12000

n = 40 1300 10 50 5 5 20
4300 20 3000 150 190 500

14000 30 51000 1700 1900 12000
n = 50 2600 10 100 10 10 70

32000 20 27000 1400 1600 45000
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