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Introduction
It is accepted that random k-CNF and industrial SAT instances have a distinct nature. While random formulas can be easily generated on demand, the set of industrial
instances, which encode real-world problems, is limited. The problem of generating realistic pseudo-industrial random instances is stated in [9, 6, 4] as one of the most important
challenges for the next few years. The main motivation of this challenge is improving
the process of development and test of SAT solvers, and their possible specialization.
Industrial SAT formulas exhibit a clear community structure (i.e. high modularity
Q) [1]. This means that, representing formulas as graphs, we can find a partition of
the formula into communities with many edges between nodes of the same community
(i.e., many clauses relating variables of the same community), and few edges connecting
distinct communities. This property is very characteristic in real-world problems in
contrast to randomly generated instances, where modularity is very low. In the context
of SAT, it has been shown that the community structure is correlated with the runtime
of CDCL SAT solvers [8]. Moreover, it has also been used to improve the performance
of some solvers [7, 10].

Community Attachment
In [5], it is presented a method to generate realistic pseudo-industrial random SAT
instances: the Community Attachment model. This generator is based on the community structure, and it generates formulas for any given value of modularity. Therefore,
for a high value of modularity, the resulting formula is more adequate to model industrial problems than classical random k-CNF. However, it also generates SAT instances
similar to the random k-CNF when the value of the modularity is low.
The Community Attachment model is parametric in a probability P and a partition
C of the set of variables. In this model all variables of a clause belong to the same
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community with probability P , and with probability 1 − P they all belong to distinct
communities. In particular, the probability P is taken as:
1
(1)
c
Using Eq. 1, the generated formulas will have an expected modularity close to Q.
Recall that industrial SAT instances are characterized by a high modularity Q > 0.7
in most cases, while the modularity of random SAT formulas is very small Q ≈ 0.3.
Moreover, the number of communities c is usually in the interval (10, 100) [1].
We address the reader to [5] for further references about the Community Attachment
generation method.
P =Q+

Set of Submitted Instances
Using the Community Attachment model described in the previous section1 , we create
a family of 200 pseudo-industrial random SAT instances, with a modularity Q = 0.8, a
number of communities c = 40, a number of variables n = 2200, and a number of clauses
m = 9086. This clause/variable ratio m/n = 4.13 is the phase transition point of this
family (found experimentally).
When the value of modularity Q used to generate the instances is very high, there
exist some instances having a very small refutation. This happens because most of the
clauses relate variables of the same community, and hence it is more likely to find a
small unsatisfiable set of clauses which only contains variables of one or few communities. Therefore, it is recommendable to filter this family in order to remove those easy
instances. To do so, we use solvers Lingeling [3] and Glucose [2], and we remove those
SAT instances solved by any of them in less than 20 minutes.
The remaining set of SAT instances contains a total 44 instances: 26 are known to
be satisfiable, 4 are unsatisfiable, and the remaining 14 instances are indeterminate by
Lingering and Glucose in a timeout of 3 hours.
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