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Abstract—The SAT solver PCASSO is a parallel SAT solver
based on partitioning the search space iteratively.

I. I NTRODUCTION
P CASSO uses two main methods: creating partitions and
solving partitions. Partitions are created through partition
functions, where a partition function is a function φ such
that, given a formula F and a natural number n ∈ N+ ,
φ(F, n) := (F1 , . . . , Fn ), where F ≡ F1 ∨ . . . ∨ Fn and each
pair of partitions is disjoint: i 6= j ∈ [1, n], Fi ∧ Fj |= ⊥.
Without loss of generality we assume that partitions
F1 , . . . , Fn are always of the form F ∧ K1 , . . . , F ∧ Kn ,
where K1 , . . . , Kn are sets of clauses, called partitioning
constraints. By iteratively applying the partition function to a
formula F , a partition tree is produced. Nodes in the partition
tree are tagged with their positions: the root node F is tagged
with the empty position ; the i-th successor (from left to right)
of a node F p at position p is the node F pi (see Figure 1).
Please notice that, as positions are strings, the standard prefix
relation among strings (<) is defined for positions as well.
II. M AIN T ECHNIQUES
The partition function used in P CASSO is tabu scattering, which is an extension of scattering [1]. The idea of
scattering is to define each partitioning constraint as conjunctions of cubes [2], where a cube is a formula Q :=
{C1 , . . . , Cn } such that |Ci | = 1, for each 1 ≤ i ≤ n.
Observe that the negation of a cube Q := {{l1 }, . . . , {ln }}
is the clause {l1 , . . . , ln }. More precisely, given a formula
F0 and an integer n, the n partitions F1 , . . . , Fn are created by using n − 1 cubes Q1 , . . . , Qn−1 and applying
them according to the following schema: F1 := F0 ∧ Q1 ;
m
V
Fm+1 := F0 ∧ ( Qi ) ∧ Qm+1 (1 ≤ m < n − 1); and finally
Fn := F0 ∧

i=1
n−1
V

Qi . Tabu scattering adds the restriction

i=1

to scattering that a variable used in one cube must not be
used in the cubes for creating the remaining partitions. Using
tabu scattering, we diversify the search more. P CASSO uses
lookahead techniques [3] for choosing the literals (in cubes).
In particular it chooses variables with the maximum mixdiff
score [3]. The score mixdiff of a variable is the product of
the diff score of each polarity of the variable. We calculate
the diff score of the polarity of a variable by applying
lookahead, and use the following weighted sum: 0.3 times
the number of propagated literals plus 0.7 times the number
of newly created binary clauses. After choosing the variable

with the maximum mixdiff score, we choose the polarity of
the variable that has the lowest diff score for creating cubes.
We also use the following reasoning techniques: failed literals,
necessary assignments, pure literals, and add learned clauses to
the partition constraints. Techniques like constraint resolvent,
double lookahead, and adaptive pre-selection heuristics are
also used as proposed in the literature [3].
To describe the node-state of a node F p at a certain point
of execution we use a triple (F p , s, r) where s ∈ {>, ⊥, ?}
(> indicates that an incarnation found a model for the node,
whereas ⊥ indicates that an incarnation proved unsatisfiability
of F p ; finally, ? indicates that the node has not been solved
yet) and r ∈ {I, } (indicating whether an incarnation is
running on F p or not, respectively). Given the notion of nodestate, P CASSO exploits the overlapped solving strategy if two
incarnations are allowed to run at the same time on nodes
F p , F q such that p ≤ q. In order to solve an unsatisfiable node
F p , either F p has to be directly solved by some incarnation
or each child node F pi has to be solved. There is no limit on
the solving time for each node.
Per variable, VSIDS activity and progress saving are shared
from parent to child nodes. When P CASSO starts solving, the
root node and the nodes at the partition tree level one start
at almost the same time. The nodes at partition tree level
greater than one are usually created after some time, so we
initialize their search process with the VSIDS and progress
saving information of their parent, because the child node
searches in the sub-search space of its parent and whatever is
learned by the parent search can help the solving child node
as well.
Learned clauses are shared between incarnations to intensify
the search. A learned clause is considered unsafe if it belongs
to partitioning constraints, or it is obtained by a resolution
derivation involving one or more unsafe clauses. A clause that
is not unsafe is called safe clause, and only safe clauses are
shared. A learned clause is shared in a sub-partition tree if
it is safe in that sub-partition tree. This information can be
calculated by tagging each clause with the position of the subtree where the clause is valid (position-based tagging [4]).
We propose a dynamic learned clause sharing scheme, that
is based on LBD scores [5]. A learned clause is eligible for
sharing by an incarnation if the LBD score of this clause is
lower than a fraction δ of the global LBD average of the
incarnation. In P CASSO, we use δ = 0.5.
P CASSO uses different restart policy and different clause
cleaning policies for the nodes, depending whether the node
is root, leaf or middle (not root and not leaf).
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Fig. 1. Visualization of a partition tree with clause sharing and overlapped solving: The dashed lines represent the possible communication when flag based
sharing is used, whereas the dotted and dashed lines together visualize the possible sharing with position based tagging.

P CASSO can have a scenario that there is only one unsolved
node at some partition level. We call this scenario the only
child scenario. Consider that if the only child scenario happens
at some level of the partition tree, then there are two cases:
i) the parent node is looking into the search space which
has been solved by one of its children already, ii) the parent
node is looking into the same search space where its unsolved
children are looking. In either case, we have the risk of doing
redundant work. We propose an approach to get out of this
scenario by reintroducing the solving limit in a node that has
only one unsolved child (AVOID). To be on safe side, we do
not apply this limit for the root node. The introduced limit
grows with the level of the node (level ∗ 4096 conflicts). Since
in the only child scenario all learned clauses can be shared
among the two participating nodes, we can also E XPLOIT this
situation, by enabling this sharing. In the extreme case, this
configuration is very similar to portfolio solvers, since then all
clauses can be shared without restrictions. When clauses are
tagged by position-based tagging [4], additional information
can be obtained by performing a conflict analysis on solved
unsatisfiable nodes. Consider a node (F p , ⊥, ), and let {}q
be the empty clause derived by the incarnation that solved
F p . Then, from the main theorem in [4], we conclude that
{}q is the semantic consequence of the node of position q
in the partition tree. Observe that q is a prefix p: q ≤ p.
Consequently, not only the node at position p can be marked
as unsatisfiable, but also the node F q as well as all its child
nodes. As a result, more incarnations can be terminated and
start solving different partitions. We call this kind of technique
conflict driven node killing. A similar approach is reported
in [6].
III. M AIN PARAMETERS
The major parameters of the solver influence the number
of threads that should be used, the number of partitions that
should be created for each node, and how sharing should be
performed. For the competition, we use 8 threads, and produce
8 partitions. Furthermore, we share learned clauses according
to their LBD value. Finally, the treatment of the only-child
scenario can be influenced.
For each of these big parts of the solver, many small
parameters are provided, that control the special behavior of
the system. There are only minor magic constants that control
the run time of the look-ahead procedures during partitioning,
which are chosen according to the literature [3].

IV. S PECIAL A LGORITHMS , DATA S TRUCTURES , AND
OTHER F EATURES
Each node in the partition tree is associated a pool of shared
clauses, where a pool is implemented as a vector of clauses.
This permits to decouple the life of a shared clause from
the life of the incarnation where the shared clause has been
learned. Instead of tagging each clause with a position, clauses
are tagged with integers representing a level in the partition
tree (root node has level zero). Each incarnation working over
a node F p can only access the pools placed at nodes of
positions q ≤ p. Concurrent access to pools is regulated by
standard POSIX Read-Write locks.
C OPROCESSOR is used as preprocessor [7].
V. I MPLEMENTATION DETAILS
P CASSO is built on top of G LUCOSE 2.2.
VI. SAT C OMPETITION 2013 S PECIFICS
P CASSO has been submitted to both the application and the
crafted parallel track.
VII. AVAILABILITY
The source code of PCASSO is available at tools.
computational-logic.org under the GPL license.
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