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Abstract. In this paper, several possible improvements of the combination
scheme of systematic DPLL-like and local search techniques for SAT proposed
by Mazure et al. are explored. Three important parameters that need to be tuned
are investigated. A new weighting heuristic is described. Then, it is investigated
how local search strategies that cover more diversified parts of the search space
can prove useful in this combination scheme. Finally, it is studied when local
search is best called within this hybrid DPLL-like algorithm.

1. Introduction

Various SAT solvers have been proposed these last years, leading to a dramatic
breakthrough in the practical handling of large and hard instances. Most of them are
based on one of the following two search paradigms: systematic (DPLL-like) and loc-
al search (GSAT-like). Each of these search techniques outperforms the other one
with respect to some classes of instances. The combination of these search techniques
can thus be a promising way to increase the general performance of these solvers. In-
deed, hybridising these search methods is currently a hot topic of research within the
SAT community. In [8], local search (LS) is considered as a branching heuristic for a
DPLL-like algorithm. More precisely, at each node of the DPLL decision tree, a LS is
performed on the currently remaining SAT sub-problem. During this LS step, a
weight is computed for each variable. If LS fails to prove consistency within a pre-set
amount of time, then DPLL selects the variable with the highest weight as the branch-
ing one. This basic hybrid approach proved to be efficient with respect to various sets
of large and hard SAT instances [8]. However, it could still be improved in various
ways. In this paper, three possible improvements are investigated. First, a new
weighting heuristic is proposed. Then, it is experimented how LS strategies that cover
more diversified parts of the search space can prove useful in this combination
scheme. Finally, it is studied when local search is best called within this hybrid
DPLL-like algorithm.



2. Weighting heuristics for falsified clauses

Although LS is by itself unable to prove inconsistency, it can provide us with some
useful information that can help inconsistency to be detected. Let us elaborate on this.
Any inconsistent SAT instance contains one or several inconsistent cores [2,4,9,11].
This means that only one (or several) subset(s) of variables (and/or clauses) is (are)
causing the unsatisfiability of the instance. LS can often help us to identify these sub-
sets, at least to some extent [8]. Before introducing heuristics to that end, let us recall
some useful definitions about inconsistent cores.

Definition 1
A SAT instance ¥ is globally inconsistent iff ¥ is inconsistent and for every set of
clauses 1 such that T O X , I is consistent.

When an inconsistent SAT instance is not globally inconsistent, it is called locally
inconsistent. It is possible to define several forms of degree of locality. Indeed, a
concept of degree of locality can be defined based on some form of ratio between the
size (in terms of the number of involved clauses) of the smallest inconsistent sub-in-
stances and the size of the initial instance. Unsatisfiable sub-instances are called in-
consistent cores.

Definition 2

Let 2 be an inconsistent SAT instance.

I is an inconsistent core of £ iff [ O Z and N is inconsistent.

I is an overall inconsistent core of £ iff 1 0 X and I is globally inconsistent.
An overall inconsistent core 1 of Z is minimally inconsistent iff for all overall in-
consistent cores Q of Z ,IMI< 1Q1.

Property 1
Let ¥ be an inconsistent SAT instance. For all interpretations I of ¥ , at least one
clause of each inconsistent core of 2 is falsified.

Based on Property1, for each clause, the number of times that it is falsified during
a failed LS can be counted as an attempt to locate or approximate inconsistent cores
[8]. Indeed, intuitively, the most often falsified clauses should have a higher chance of
belonging to an overall inconsistent core. As described in the introduction, this heur-
istic was used in [8]; a call to LS at each branching node of the DPLL search tree de-
livers the candidate branching variable. We believe that this approach can be refined
in several ways.

First, let us note that LS often encounters a sharp decrease with respect to the num-
ber of falsified clauses during the first flips. Indeed, the number of falsified clauses
after the random selection of an initial truth assignment can be high. In general, the
number of falsified clauses decreases quickly during the first flips. It seems natural to
think that information collected during this sharp descent is not relevant to locate in-



consistent cores. This can be compared to an initial noise phenomenon. Let us invest-
igate two different strategies to address such an issue.

3. A local minima-based strategy

A first candidate strategy would rely on a threshold that would define a maximal
number of falsified clauses. The counting heuristic would be inhibited each time the
number of falsified clauses is greater than this threshold. Obviously enough such a
strategy can only be useful when inconsistent cores are “small”. Hopefully, many
non-random SAT instances do exhibit quite small inconsistent cores [8]. However,
the main remaining open problem with the strategy is how the threshold should be de-
termined. Moreover, the optimal value of the threshold should depend on the nature
of the instance. Let us note that if the instance contains » mutually independent over-
all inconsistent cores, leading its Max-sat value to be c-n where c is the number of
clauses of the instance, then the threshold must be at least equal to n. Otherwise, no
clause is weighted. Unfortunately, we do not have any reliable oracle informing us
about the number of overall inconsistent cores.

A local minimum is a non-solution state where no flip of variable can lead the
number of falsified clauses to be decreased. Another strategy [5] would consist in
counting falsified clauses in local minima, only. To some extent, the numbers of falsi-
fied clauses in local minima can appear as dynamic thresholds. Our preliminary ex-
perimental validation of this new heuristic is very promising. It outperforms the
threshold-based strategy. Although it yields weights that are similar to the ones ob-
tained thanks to the initial heuristic of [8], it is less time-consuming.

As an illustration of the experimental tests that were conducted, Table 1 shows the
number of clauses belonging to a minimally inconsistent core among the ten highest
weighted clauses. The threshold strategy is investigated using different thresholds
(c/2, c/5, ¢/10, ¢/100 and 1). It is compared with this local minima-based strategy and
with the initial one where weights are computed in a systematic way. Such a test has
been conducted on many instances. Only one instance (aim-200-2_0-no-1.cnf) is pre-
sented, because results for other instances are similar and it is known that this specific
instance exhibits only one minimally inconsistent core.

Table 1. Threshold comparison

Threshold Global c/2 c/5 c/10 ¢/100 1 Local minima
Clauses from core 9 9 9 8 9 5 9
Weighting calls 2000 2000 2000 1980 1200 80 1250

4. Towards a more diversified exploration of the search space

The second possible improvement of the hybrid method of [8] concerns the initial
interpretation that is selected by each LS run. The goal is to perform a more diversi-



fied exploration of the search space. Indeed, the more diversified exploration of the
search space is, the better the weighting strategy could be. In [8], the initial interpreta-
tion of all called LS is chosen randomly. On the contrary, we define the initial inter-
pretation for the current LS, based on the last failure (i.e. the last backtrack in DPLL
or last interpretation of the previous LS). As a case study, we investigate a technique
requiring us to reverse the value of all variables (not already assigned by DPLL).
Such a “global flip” is also called a mirror. In this way, LS focuses on the last en-
countered problems while considering the opposite configuration.

5. Strategies for calling LS

LS, as it is grafted in DPPL in [8], is time consuming since it is called at each node
of the DPLL search tree. Such a systematic call to LS could be relaxed as far as the
current variable weights remain relevant for successive nodes in the DPLL search
trees. In this respect, three strategies for calling LS are investigated.

1. LS is run systematically, i.e. for all nodes in the DPLL search tree [8]

2. LS is run as a pre-processing step, i.e. it is called once, only (like in [3] and [7])

3. LS is run until a pre-set depth has been reached. Then, a traditional DPLL

branching rule heuristic is used.

5.1 Methodology

We have implemented and compared these three strategies. As a preliminary ex-
perimental validation procedure, a simple LS algorithm, namely WSAT [10], and the
basic branching MOMS heuristic [6] were considered. Basic versions of DPLL were
implemented, not including the above local-minima and mirror techniques. Two fam-
ilies of instances have been tested:

1. AIM instances resulting from DIMACS [1], as they exhibit interesting proper-
ties: satisfiable AIM instances admit only one model whereas the unsatisfiable
ones exhibit one minimally inconsistent core.

2. random instances: obtained from the traditional generation model [2]. Each
group of instances contains 300 problems (6 groups of 50 problems with 50,
100, 150, 200, 250 and 300 variables, respectively). These random instances are
divided into four subsets. The first one (Rand@3.25) contains easy instances
that are satisfiable and that are located before the phase transition threshold.
Then, Rand@4.25s and Rand@4.25u contain hard satisfiable and unsatisfiable,
respectively. These instances were generated at the 4.25 threshold. Finally,
Rand@5.25 contains some easy unsatisfiable instances located after the
threshold. They are thus intended to represent instances with a lot of models
(Rand@3.25), instances where models are grouped inside clusters with a small
number of clusters (Rand@4.25s), instances almost globally inconsistent with
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large inconsistent cores (Rand@4.25u) and instances with a lot of small incon-
sistent cores (Rand@5.25).
These tests have been conducted on a Pentium 3 2.4Ghz under Linux Fedora core 2; a
time out was set to 1000 seconds.

Table 2. AIM and random instances results

Instances DP_LS_ALL DP_LS_PRE DP_LS_DEPTH WSAT

Aim_yes 710.07 611.55 502.29 530.18

Aim_no 1750.21 1529.30 557.69 -
Rand@3.25 0.2 0.10 0.34 0.15
Rand@4.25s 329.04 302.32 231.43 262.32
Rand@4.25u 425.43 367.61 331.17 -
Rand@5.25 325.4 291.08 61.33 -

5.2 Results and comments

Table 2 summarises the results, reporting the average times in seconds to solve the
instances. DP_LS_ALL, DP_LS_PRE and DP_LS_DEPTH represent the DPLL-
based solvers:

» with systematic calls to LS [8];

» with a single call to LS as a pre-processing step;

» calling LS until a pre-set depth (set to 5, as a case study) has been reached, be-

fore a standard DPLL branching rule heuristic is applied.
As we hoped it, a limited number of calls to LS appeared to be more efficient to solve
unsatisfiable instances. Indeed,

¢ the single LS run approach suffers from the fact that LS explores limited parts

of the search space, only. The branching rule of DPLL is thus based on findings
about a specific subset of the search space, only. In this respect, it seems that
DP_LS_PRE is probably limited by the lack of reactivity of such a LS-based
branching heuristics.

e DP_LS_ALL is handicapped by the time consumed by the numerous calls to

LS.

6. Conclusions and perspectives

In this paper, several improvements of the combination scheme proposed in [8]
have been proposed. Three specific points have been addressed. First, a new con-
straint weighting heuristic has been described. Then, a new LS strategy to diversify
the part of the explored search sub-space has been proposed. Finally, several
strategies for calling LS have been experimentally studied. Our preliminary experi-
mental results appear to validate our expectations and they encourage us to continue
in this way. We are currently working on a very extensive validation of the approach
and are currently working on an implementation of such hybrid techniques in compet-
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itive current solvers. We are also investigating to which extent the DP_LS_DEPTH
heuristic limits the search to a small number of clusters of models.
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