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1 SOLVER DESCRIPTION

The MSUSorting solver builds on the work by Mar-
tins et al. [1] of leveraging incremental SAT solvers for
the MSU3 algorithm [2], and the Totalizer encoding. The
MSUSorting solver extends this work to the the mixed
encoding by Abio et al. [3] and the MSU4 algorithm [4],
using the glucose-syrup SAT solver [5].

2 INCREMENTAL MSU3 AND MSU4 ALGORITHMS

The MSU3 algorithm is an unsatisfiable core based algo-
rithm, akin to the Fu-Malik algorithm [6], [7], which uses
a cardinality encoding to bound the number of unsatisfied
clauses. The main difference for the incremental version of
the algorithm is enabling the cardinality encoding to be
updated. Martins et al. [1] uses the totalizer encoding [8]
for this purpose.

We extend this work with new updatable cardinality
encodings based on cardinality networks [9] and paramet-
ric cardinality networks [3]. We also use these updatable
cardinality encodings to make the MSU4 algorithm [4] in-
cremental. See [10] for details.

3 UPDATABLE CARDINALITY ENCODINGS

We use a generic framework for making updatable cardi-
nality encodings which we call delayed variables [10]. This
framework enables us to make updatable versions of the to-
talizer, cardinality network, and mixed encoding. A delayed
variable is one which is not yet introduced to the SAT solver,
so any clause it occurs in is not given to the SAT solver until
the variable is undelayed. This allows delayed variables to
be substituted without changing the formula given to the
SAT solver.

4 SELECTING STRATEGIES

The solver has two tweakable parameters: whether to
choose MSU3 or MSU4, and whether to choose the car-
dinality networks or the totalizer encoding in the mixed
encoding [3]. We found that many benchmarks can quickly
be solved with either MSU3 or MSU4 but not by both. Since
MSU3 and MSU4 share internal state, we simply switch
to MSU4 once a time limit (500s) has been reached. This
ensures that some time is spent solving the problem with
both algorithms, and progress made with MSU3 is reused
for MSU4.

The mixed encoding combines the totalizer and cardinal-
ity network encoding. Using the totalizer encoding encod-
ing means fewer variables, while the cardinality network
encoding has fewer clauses. We found that when using the
mixed encoding with the MSU3 & MSU4 algorithms, the
encoding should favor the totalizer encoding heavily. The
solver is given a limit on the of number of extra clauses
beyond the minimal amount, and uses totalizer as long
as the budget is not exceeded. If the limit is exceeded,
cardinality network is used where it saves the most clauses
per additional variable until the limit is satisfied. The limit
is quite generous: eight times the number of clauses in the
input formula.
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