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Abstract. Portfolio approach for parallel SAT solvers is known as the
standard parallelisation technique. In portfolio, diversification is one of
the important factors in order to enable workers (solvers) to conduct a
vast search. The diversification is implemented by setting different pa-
rameters for each worker in the state-of-the-art parallel portfolio SAT
solvers. However, it is difficult to combine the search parameters prop-
erly in order to avoid overlaps of search spaces between the workers For
this issue, we propose a novel diversification technique, called community
branching. In this method, we assign a different set (or sets) of variables
(called a community) to each worker and force them to select these vari-
ables as decision variables in early decision levels. In this manner, we
can avoid the overlaps of the search spaces between the workers more
vigorously than the existing method. We create a graph, where a vertex
corresponds to a variable and an edge stands for a relation between two
variables in a same clause, and we apply a modularity-based community
detection algorithm to it. The variables in a community have strong rela-
tionships, and a distributed search for different communities can benefit
the whole search. Experimental results show that we could speedup an
existing parallel SAT solver with our proposal.
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1 Introduction

The state-of-the-art SAT solvers are based on the Davis-Putnam-Logemann-
Loveland (DPLL) algorithm [5]. The so-called Conflict-Driven Clause Learning
(CDCL) SAT solvers consist of various techniques such as clause learning, non-
chronological backtracking, Variable State Independent Decaying Sum (VSIDS)
[14] decision heuristic, and restart upon DPLL algorithm.

On the other hand, state-of-the-art parallel SAT solvers are also based on
CDCL solvers. Solvers based on the divide-and-conquer approach prevailed first,
such as PSATO [17], MiraXT [12], and PMSat [7]. The divide-and-conquer
solvers often have a difficulty for selecting splitting variables of the search space,



and that causes a difficult load-balancing. In recent years, the portfolio approach
[9] [11] has become the mainstream of parallel SAT solvers. In the portfolio, work-
ers (solvers) conduct a competitive and cooperative search without the splitting
of the search space between other workers, and the answer (SAT or UNSAT)
of the fastest solver is adopted. The advantages of the portfolio are that no
load-balancing is needed and no synchronisation of the end of the search for
unsatisfiable instances (because all the workers conduct the search for the whole
search space). In order to fully utilise the advantages of the portfolio, diversifi-
cation [10] is needed. The diversification is a differentiation of workers’ search
to avoid overlaps between the workers, and is achieved by differentiating search
parameters of the workers, such as decision heuristics, learning schemes, and
frequency of restart.

However, it is difficult to combine the search parameters properly in order
to avoid overlaps of search spaces between the workers. In addition, there is no
guaranty that different parameter sets can prevent two or more solvers from
searching for the same spaces. This is because the existing diversification only
focuses on differentiating “search activity” of the SAT solver. For this issue,
we propose a new diversification technique, community branching. Community
branching forces each worker in the portfolio to branch on a specific set (or
sets) of the variables in early decision levels, and prompt the workers to conduct
searching in the different search spaces. This method focuses on differentiating
“search space” of the SAT solver as compared to the existing diversification. In
order to achieve effective branchings, we used a community detection algorithm
to make the sets of variables.

Community detection algorithms [4, 3, 16] gathered attention in analysing
real-world networks, such as Internet [6] and social networks [8]. These algo-
rithms are used in uncovering structures of graphs by gathering vertices into a
community, where a high density of edges within the community and low density
of the edges between the communities. The recent algorithms are designed to
handle over one million vertices within a reasonable computational time, and
they are based on modularity [4] optimisation. The modularity value stands for
a relative value compared with random partition of the vertices. The higher the
modularity value is, the more structured the graph is. As for SAT problem, [1]
points out that Variable Incidence Graph (VIG) made from a real-world SAT
instance can have a high modularity value. In VIG, the vertices correspond to
the Boolean variables and the edges correspond to relations between two vari-
ables in a same clause. The variables in the community have close relationships
(strongly constrained) to each other. Hence an intensive search for them in par-
allel can benefit the whole search. A similar attempt was evaluated for MAXSAT
problems in [13].

In community branching, a graph is made from the given CNF and learnt
clauses, and a community detection algorithm is performed to the graph. Then
the detected communities are assigned to each worker. Each worker conducts
intensive searches for the given communities, which means that each worker se-
lects the variables in the communities as decision variables in the early phase of



the search. We implemented community branching to PeneLoPe [2] with Graph
Folding Algorithm [3] as community detection algorithm and conducted experi-
ments.

In Section 2, we detail community branching. We show the experimental
results in Section 3 and conclude the paper in Section 4.

2 Community branching

In this section, we detail the procedure of community branching.

First, we create a graph in the VIG format from the given CNF. In the VIG,
the vertices correspond to the Boolean variables and the edges correspond to
the relations between the variables in the same clause. A clause “c” generates
(|c|×|c−1|/2) edges between every pair of the variables. The weight of each edge
is (1/(|c| × |c − 1|/2)), therefore, the sum of the weights of the edges added by
each clause is always 1. There are various modularity-based community detection
algorithms such as fast greedy algorithm [4], label propagation algorithm [15],
and Graph Folding Algorithm (GFA) [3]. Note that a vertex is not included in
two or more communities in these algorithms. As stated in [1], the SAT instances
from the real-world applications can show high modularity values. In this paper,
we used the GFA because it exhibited a good performance for execution time in
our preliminary experiments. After the community detection, the communities
are assigned to the workers. Each worker conducts intensive searches for the
variables in the given community. In particular, the VSIDS scores of the variables
are increased periodically. In this manner, each worker searches in the different
search spaces and the diversification of search space can be achieved.

Figure 1 shows the pseudo code of community branching. The function “as-
sign communities” conducts the community detection for the VIG made from
the given CNF and the learnt clauses. The reason why the learnt clauses are
included is that this function can be called multiple times during the search. We
should reconstruct the communities along with the transformation of the graph
caused by the learnt clauses, which is also mentioned in [1]. The function “con-
vert CNF to VIG” converts the CNF including the learnt clauses into the VIG
and “community detection” returns detected communities. The variable “coms”
is a set of the communities (a two-dimensional array). Then the communities
in “coms” are sorted by each size in descending order. We should conduct the
search for larger communities preferentially because they can be core parts of
the given instance, and these cores should be distributed to each worker. Finally,
each community is assigned to each worker (the variable “worker num” stands
for the number of the workers). This procedure is conducted only by a master
thread (thread ID 0), and the learnt clauses only in the master thread are used.
Note that the number of the communities depends on the community detection
algorithm. If the number of the communities is greater than the number of the
workers, two or more communities are assigned to one worker. In the reverse
case, some workers have no communities (for example in the case of 8 workers



and 6 detected communities, 2 workers have no communities and they conduct
the search without community branching).

assign_communities() {

coms = community_detection(convert_CNF_to_VIG(given_CNF + learnt_clauses));

sort_by_size_in_descending_order(coms);

for(i = 0; i < coms.size(); i++) {

worker_id = i % worker_num;

assign(coms[i], worker_id);

}

}

run_count = 0;

community_branching() {

if (run_count++ % INTERVAL > 0)

return;

[choose one of the assigned communities in rotation]

for each var in the chosen community

bump_VSIDS_score(var, BUMP_RATIO);

}

Fig. 1. Pseudo code of community branching

After the assignment, each worker calls the function “community branching”
in Figure 1 for every restart. This function chooses a community from the as-
signed communities and increases the VSIDS scores of the variables in the chosen
community. The variable “run count” counts the number of executions of this
function, and the main part of this function is executed for every “INTERVAL”
restarts. We need this constant number because we should change the speed of
the switching of the branching communities appropriately. In the main part of
this function, the community is chosen from the assigned communities in rotation
and the VSIDS scores of the variables in the chosen community are increased
by proportional to “BUMP RATIO”. In general, “BUMP RATIO” is set to 1 at
clause learning (the VSIDS scores are bumped at clause learning). In order to
force the variables in the community to be selected as decision variables right
after the restart, “BUMP RATIO” should be a large value, such as 100. In the
following section, we set “INTERVAL” and “BUMP RATIO” as certain values
by considering preliminary experiments. In addition, we set an interval for recon-
struction of the communities, an interval for the function “assign communities”.
We call it “Community Reconstruction Interval (CRI)” in this paper. In partic-
ular, the communities are reconstructed for every “CRI” restarts.



3 Experimental results

In order to confirm the effectiveness of our proposal, we conducted experiments
by using a state-of-the-art parallel portfolio SAT solver PeneLoPe [2]. We utilised
the default settings of PeneLoPe, but we turned on the deterministic mode for
reproducibility. We used 300 instances from the application category of the SAT
Competition 2011. The experiments were conducted on a Linux machine with
two Intel Xeon six-core CPUs, running at 3.33 GHz and 144 GB of RAM. Time-
out was set to 5000 seconds (wall-clock time) for each instance. The number of
running threads was set to eight.

From our preliminary experiments, we found that good performances could
be achieved when “INTERVAL” = 1 and “BUMP RATIO” = 100 for Pene-
LoPe. On the basis of this result, we compared three types of parameter set-
tings: no community branching (no cb), community branching with CRI = 500,
INTERVAL = 1, and BUMP RATIO = 100 (cri500 int1 bump100), commu-
nity branching with CRI = 3000, INTERVAL = 1, and BUMP RATIO = 100
(cri3000 int1 bump100).

Figure 2 and Figure 3 show the cactus plots of the results. Figure 2 shows
105 satisfiable instances and Figure 3 shows 126 unsatisfiable instances. Instances
that were not solved by the three solvers were not included. Table 1 details the
results. From these results, we can see that community branching improved the
performance of PeneLoPe, especially for the unsatisfiable instances. Eventually,
community branching with CRI = 3000, INTERVAL = 1, and BUMP RATIO
= 100 could solve eleven more instances than the base solver within a shorter
runtime. However, we could not find suitable CRIs in this experiment. Although
longer CRI (cri3000) exhibited a better performance, we should reconstruct the
communities appropriately, as stated in [1].

Figure 4 and Figure 5 show the scatter plots of the relation between the
number of the detected communities (made only from the given CNF) and
speedup (seconds) achieved by community branching (the runtime difference
no cb - cri3000 int1 bump1, instances that were not solved within the time limit
are calculated as 5000) for each instance. Figure 4 shows 105 satisfiable instances
and Figure 4 shows 126 unsatisfiable instances. There were only three satisfiable
instances and four unsatisfiable instances where the number of the detected com-
munities was less than the number of the workers (eight). From these results, we
can find that instances in which the number of the detected communities was
less than around 100 could make impacts on the performances, even though a
few instances were exceptional in the satisfiable instances. For instances where
the number of the detected communities is large compared to the number of
the workers (e.g. 100 communities and 8 workers), each worker is forced to con-
duct the search for various communities. It may cause an excessively diversified
search, and the performance can be deteriorated. As future work, we are going
to merge the detected communities, for example adjacent communities, into one
community, with consideration for the number of the workers. We are also plan-
ning to change the parameters of community branching dynamically according
to the number of the detected communities and their size.



Fig. 2. The experimental results of 105 satisfiable instances.

Fig. 3. The experimental results of 126 unsatisfiable instances.



Table 1. The details of the results: 231 (SAT: 105, UNSAT: 126) instances could be
solved at least one solver. The instances that could not be solved within 5000 seconds
are calculated as 5000.

SAT (105) UNSAT (126) total total time for 231 instances

no cb 103 116 219 385220

cri500 int1 bump1 103 122 225 313450

cri3000 int1 bump1 104 126 230 310090

4 Conclusion

In this paper, we proposed community branching for making more diversification
in the parallel portfolio SAT solvers. Compared with the existing diversification
technique that focuses on differentiating the search activity, community branch-
ing can achieve diversification of the search spaces. Experimental results indicate
that out proposal can improve the performance of the base solver. In addition, we
expect that community branching is effective for higher degree of parallelisation,
more than eight workers. As future work, we have to tune the parameters of com-
munity branching. We are also planning to change them dynamically according
to the given instance.
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Fig. 4. The relation between the number of communities and speedup (seconds) by
cri3000 int1 bump1 for 105 satisfiable instances.

Fig. 5. The relation between the number of communities and speedup (seconds) by
cri3000 int1 bump1 for 126 unsatisfiable instances.


