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Satisfiability (SAT) is the canonical NP-Complete problem. Many other interesting and practical

problems can be encoded into SAT. This is why it is important from a theoretical and practical

point of view. Nowadays there are very good algorithms to solve SAT, the best from the point

of view of industrial instances can be shown equivalent to the proof system Resolution. We will

present the algorithm, and the equivalence to Resolution. Other proof systems are more powerful

than Resolution, and still might be amenable to finding refutation algorithms, like Cutting Planes.

We will talk about posible ways to automatize Cutting Planes. Also we will present the dual-rail

encoding of formulas, to be then refuted using MaxSAT algorithms, as another methodology for SAT

more powerful than Resolution.

1 Presentation of the Survey Talk

Boolean Satisfiability (SAT) is the problem of deciding if a formula in conjunctive normal form (CNF)

has a satisfying assignment. The problem of deciding the satisfiability of propositional CNF formulas

is of great theoretical and practical interest. SAT is a well known NP-Complete problem, and therefore,

unless P=NP, all algorithms for solving Satisfiability will have to be exponential. But even though SAT is

NP-complete, industrial instances with hundreds of thousands variables are routinely solved by state-of-

the-art SAT solvers. Therefore, given that many interesting problems are encoded into boolean formulas,

and Satisfiability has good solving algorithms, many problems are solved using SAT solvers. Among

these are noise prediction in integrated circuits, termination analysis in term-rewrite systems, model-

checking of finite-state systems, design debugging, artificial intelligence planning, haplotype inference

in bioinformatics, software model checking, software testing, etc.

Most of the satisfiability solvers use conflict-driven clause learning (CDCL) based on the work of

[12]. These CDCL solvers use the DPLL (Davis-Putnam-Logemann-Loveland) search procedure with

clause learning, extended with additional techniques such as fast backtracking, restarts, and variable

selection heuristics. Without clause learning, the DPLL procedure is equivalent to tree-like resolution.

With the addition of clause learning,1 CDCL becomes considerably more powerful. In fact, CDCL

together with unlimited restarts is capable of polynomially simulating general resolution proofs [16].

Even though many problems can be solved using state-of-the-art solvers, some simple statements

cannot be solved by them. One example is the pigeon-hole principle stating that n+1 pigeons cannot be

∗Supported in part by grant TIN2016-76573-C2-2-P.
1 In this paper, we use “CDCL” as a synonym for “DPLL with clause learning”. When we discuss whether CDCL without

restarts can polynomially simulate resolution, we mean whether the simulation is possible with the correct choices for decision

literals and learned clauses.
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mapped injectively into n holes. The oposite statement is unsatisfiable, but Resolution/CDCL requires

exponential size to refute it. The pigeon-hole principle can be embedded into many real-life problems,

and therefore, it is important to develop satisfiability solvers with underlying proof systems stronger than

Resolution. However, so far it is open whether a proof system stronger than CDCL/RES could yield

more efficient SAT solvers, as attempts at using extended resolution [10, 2] or cutting planes in SAT

solvers [14] have been so far unsuccessful. Furthermore, an important issue from a practical perspec-

tive is whether stronger proof systems are automatizable [5], and unfortunately, most results regarding

automatizability are negative [5].

Recent work [11] proposed a different direction on SAT solving. Propositional formulas can be re-

encoded, using a variant of the well-known dual-rail encoding [6, 15] and then refuted with a MaxSAT

solver, e.g. MaxSAT resolution [9, 4], or core-guided MaxSAT [13], or minimum hitting set based

MaxSAT solvers [7, 17]. The re-encoded formulas are polynomial size (in fact linear). Somewhat

surprisingly, the propositional encoding of the pigeonhole principle (PHP), if re-encoded with the mod-

ified dual-rail encoding, can be refuted in polynomial time, with MaxSAT resolution, with core-guided

MaxSAT [1] and with minimum hitting set based MaxSAT solvers. In contrast, the ordinary (non-dual-

rail encoded) PHP formulas have exponential lower bounds for RES and CDCL [8], and also for MaxSAT

resolution [4].

Even though using the dual-rail encoding followed by a MaxSAT solver produces a proof system

stronger that Resolution [3], the system does not seem to be as strong as the Cutting Planes proof system

[11, 3]. Therefore, a very important question is to find ways to implement algorithms for Satisfiability

with power close to the Cutting Planes proof system.

Cutting Planes is a proof system based on linear inequalities, not based on clauses. The inference

system has some basic axioms (to enforce 0/1 solutions), and rules like addition, multiplication, and

division with rounding. The problem is how to obtain an algorithm that takes advantage of the power of

the proof system, i.e. how to search for refutations (in case of unsatisfiable formulas). Some different,

and less powerful sets of inference rules have been defined, to have an easier time to find proofs. We

will present a number of them, even though in several cases, the power of the system does not go beyond

Resolution.

Another interesting question is whether systems to solve integer linear programming like cplex, or

scip, etc., can be thought of as algorithms to find cutting planes refutations. We will present ongoing

work on this open question.
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