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Conflict-driven pseudo-Boolean (PB) solvers optimize O—1 integer linear programs by
generalizing the conflict-driven clause learning (CDCL) paradigm [3, 12, 14] from
SAT solving. Some PB solvers essentially encode the input back to CNF and run
CDCL [8, 13, 15], but another approach, which is our focus in this work, is to extend
the solvers from CNF to reason natively with linear constraints [5, 10, 11, 16]. Such
solvers have the potential to run exponentially faster than CDCL solvers, since the
cutting planes method [6] they use is exponentially stronger than the resolution method
underlying CDCL [4]. In practice, however, PB solvers can sometimes get hopelessly
stuck even in parts of the search space where the linear programming (LP) relaxation
of the residual problem is infeasible [9].

Inspired by mixed integer programming (MIP), we address this problem by
interleaving incremental LP solving with the conflict-driven pseudo-Boolean search.
Our integration is fully dynamic, with the PB and LP solvers communicating contin-
uously during execution. In order to balance resources and avoid that the LP solver
starves the PB solver, LP calls are made with a strict time budget and are terminated as
soon as this budget is exceeded. If the LP solver detects infeasibility, we use Farkas’
lemma to combine existing constraints into a new linear constraint that can serve as the
starting point of pseudo-Boolean conflict analysis. When the LP solver instead finds a
rational solution, we generate Gomory cuts that prune away this solution and tighten
the search space both on the PB and the LP side. The PB solver can also use infor-
mation from the rational solution to direct the search, e.g., by determining how to
assign variables, and we also explore passing constraints learned during conflict
analysis from the PB solver to the LP solver. To the best of our knowledge, this is the
first time techniques from MIP solving such as LP relaxations and cut generation have
been combined with full-blown pseudo-Boolean conflict analysis, which learns new
linear inequalities by operating directly on the linear constraints (rather than applying
resolution on clauses derived from such constraints, as has been done previously in
MIP and constraint programming solvers in, e.g., [1, 7]).
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We report on extensive experiments with a combined solver integrating the LP

solver SoPlex [17] (part of the MIP solver SCIP [2]) with the pseudo-Boolean solver
RoundingSat [10]. Although we believe that there is ample room for further
improvements, this hybrid approach already exhibits significantly improved perfor-
mance on a wide range of benchmarks, approaching a “best of two worlds” scenario
between SAT-style conflict-driven search and MIP-style branch-and-cut.
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