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a  b  s  t  r  a  c  t

Many  real  world  problems,  such  as  circuit  designing  and  planning,  can  be  encoded  into  the maximum
satisfiability  problem  (MAX-SAT).  To  solve  MAX-SAT,  many  effective  local  search  heuristic  algorithms
have  been  reported  in  the  literature.  This  paper  aims  to  study  how  useful  information  could  be  gathered
during  the search  history  and  used  to enhance  local  search  heuristic  algorithms.  For this  purpose,  we
present  an  adaptive  memory-based  local  search  heuristic  (denoted  by AMLS)  for  solving  MAX-SAT.  The
eywords:
ocal search
abu Search
AT and MAX-SAT
ybrid algorithm
etaheuristics

AMLS algorithm  uses  several  memory  structures  to define  new  rules  for  selecting  the  next  variable  to  flip
at  each  step  and  additional  adaptive  mechanisms  and  diversification  strategies.  The  effectiveness  and
efficiency  of  our  AMLS  algorithm  is evaluated  on  a  large  range  of  random  and  structured  MAX-SAT  and
SAT  instances,  many  of which  are  derived  from  real world  applications.  The  computational  results  show
that  AMLS  competes  favorably,  in  terms  of several  criteria,  with  four state-of-the-art  SAT  and  MAX-SAT
solvers  AdaptNovelty+, AdaptG2WSATp, IRoTS  and  RoTS.
. Introduction

As one of the most studied NP-complete problems, the proposi-
ional satisfiability problem or SAT has deserved numerous studies
n the last few decades. Besides its theoretical importance, SAT has

any practical applications such as circuit designing, planning or
raph coloring, since such problems can be conveniently formu-
ated with SAT in a natural way [7].

A SAT instance F is typically defined by a set of n Boolean vari-
bles and a conjunctive normal form (CNF) of a set of m disjunctive
lauses of literals, where each literal is a variable or its negation. The
AT problem consists in deciding whether there exists an assign-
ent of truth values to variables such that all clauses in F can be

atisfied.
MAX-SAT is the optimization variant of SAT in which the objec-

ive is to find an assignment of truth values to the variables in F
hat minimizes the number of unsatisfied clauses or equivalently to
nd an assignment that maximizes the number of satisfied clauses.

n weighted MAX-SAT, each clause ci is associated with a weight
i and the objective is to minimize the total weight of the unsat-

sfied clauses. Obliviously, SAT can be considered as a special case
Please cite this article in press as: Z. Lü, J.-K. Hao, Adaptive memory
doi:10.1016/j.asoc.2012.01.013

f MAX-SAT and the latter is a special case of weighted MAX-SAT
here each clause weight equals to one.

∗ Corresponding author.
E-mail addresses: zhipeng.lui@gmail.com (Z. Lü), hao@info.univ-angers.fr

J.-K. Hao).

568-4946/$ – see front matter. Crown Copyright © 2012 Published by Elsevier B.V. All ri
oi:10.1016/j.asoc.2012.01.013
Crown  Copyright  ©  2012  Published  by  Elsevier  B.V.  All  rights  reserved.

Given a CNF formula F and an initial assignment, local search
procedures repeatedly modify locally this assignment, typically by
flipping each time one variable, in order to find an assignment
having as large as possible weights of satisfied clauses of F. Since
the introduction of GSAT [23] and WalkSAT [22], there have been a
large number of local search heuristics proposed to tackle the SAT
and MAX-SAT problems. These heuristics mainly differ from each
other on the variable selection heuristics used at each local search
iteration.

Besides historically important GSAT and WalkSAT, other repre-
sentative state-of-the-art local search algorithms in the literature
include various enhanced GSAT and WalkSAT solvers (e.g.,
GSAT/Tabu [18], WalkSAT/Tabu [19], Novelty and R Novelty [19],
G2WSAT [14]), adaptive solvers based on dynamic noise tun-
ing (e.g., AdaptNovelty+ [9],  AdaptG2WSATP [16] and TNM [15]),
variable weighting algorithms (e.g., VW [21]), clause weighting
algorithms (e.g., Pure Additive Weighting Scheme (PAWS) [27],
Scaling and Probabilistic Smoothing (SAPS) [10] and Discrete
Lagrangian Method (DLM) [31]), genetic algorithm [12], hybrid
algorithms (e.g., GASAT [13] and Hybrid [30]) and other SAT or CSP
solvers [4,6,11,17,24,29]. Interested readers are referred to [7] for
more details.

However, no single local search heuristic can be effective
on all types of instances, since each type of instances presents
certain characteristics. One way  to design an effective heuristic
-based local search for MAX-SAT, Appl. Soft Comput. J. (2012),

algorithm is to take advantage of various memory information
gathered during the search process to guide the algorithm into
promising search regions and diversify the search when necessary.
Furthermore, it is also essential to adapt the search to switch

ghts reserved.
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moothly between intensification and diversification according to
he search history. Therefore, this paper aims to study how useful
nformation collected during the search history could be used to
nhance the performance of local search heuristic algorithms.

Following this spirit, we propose a memory-based local search
euristic (denoted by AMLS) for MAX-SAT and SAT. In order to
chieve a suitable tradeoff between intensification and diversifi-
ation, our variable selection heuristic is based on various memory
tructures. In addition, the diversification parameters used in the
lgorithm are dynamically adjusted according to the search history.

In addition to taking advantage of some well known strategies
n the literature, our AMLS introduces some original features:

In the variable selection heuristic, our AMLS algorithm glob-
ally takes into account information related to tabu mechanism,
variable flipping recency, and consecutive falsification and satis-
faction of clauses, which is missing in the literature.
To refine our variable selection rule, we introduce a penalty
function which is guided by clause falsification and satisfaction
information.
Our AMLS algorithm employs a dynamic tabu tenure strategy.
Additionally it uses an aspiration criterion to choose a tabu vari-
able under specific conditions.
We adopt the Hoos’s adaptive mechanism [9] to dynamically
adjust both diversification parameters p and wp,  while this mech-
anism is previously used to adjust p only.
We employ an adaptive random perturbation operator to diver-
sify the search when the search reaches a local optimum solution.

Our experimental results show that, on a broad range of MAX-
AT and SAT instances, many of which are derived from real word
pplication, AMLS compares favorably with the state-of-the-art
ocal search algorithms, such as AdaptNovelty+,  adaptive gradient-
ased WalkSAT algorithm with promising decreasing variable
euristics (AdaptG2WSATp), Robust Tabu Search (RoTS) and Iter-
ted Robust Tabu Search (IRoTS). Furthermore, without any manual
arameter tuning, AMLS solves effectively these instances in a rea-
onable time.

The remaining part of the paper is organized as follows. In
ection 2, we briefly review some previous related works in the lit-
rature. Then, Section 3 presents our adaptive memory based local
earch algorithm. Section 4 is dedicated to computational results.
iscussion and remarks are presented in Section 5 and conclusions
re given in Section 6.

. Related works

In spite of the differences between our algorithm and existing
AT and MAX-SAT solvers, AMLS inherits some elite features of pre-
ious algorithms. We  now review some of these related works and
he way of adopting these features into our AMLS algorithm.

For the incomplete SAT solvers developed during the last two
ecades, the most significant advancement was perhaps to intro-
uce “random walk” component into the local search procedures,

eading to the well-known GSAT with random walk [23] and Walk-
AT [22]. At each step, GSAT greedily chooses a best variable to flip
mong all the variables that occur in at least one unsatisfied clause,
hile WalkSAT first randomly selects one unsatisfied clause and then

lways picks a variable from the selected clause to flip. Our AMLS
lgorithm attempts to incorporate both the intensification of GSAT
o select the best variable to flip and the diversification of WalkSAT
Please cite this article in press as: Z. Lü, J.-K. Hao, Adaptive memory
doi:10.1016/j.asoc.2012.01.013

o always pick a variable from one random unsatisfied clause to flip.
One direct improvement on GSAT and WalkSAT is to extend them

nto a simple Tabu Search strategy. GSAT/Tabu is obtained from
SAT by associating a tabu status with the variables [18]. Similar
 PRESS
puting xxx (2012) xxx–xxx

to GSAT/Tabu,  there is also an extension to WalkSAT which employs
a tabu mechanism, called WalkSAT/Tabu [19]. For both algorithms,
each flipped variable is enforced with a tabu tenure to avoid repeat-
ing previous recent moves. Our AMLS algorithm then adopts the
tabu table to diversify the search when we choose the best variable
to flip as GSAT.

McAllester et al. [19] improved the WalkSAT algorithm by
introducing the following two improvements for selecting the vari-
able to flip: favoring the best variable that is not recently flipped and
selecting the second best variable according to certain probability
p. The probability p is called the noise parameter.  These strategies
lead to the famous Novelty and R Novelty heuristics. Our AMLS algo-
rithm then borrows the idea of strategically selecting the second
best variable to flip to further enhance its diversification capability.

For WalkSAT-based algorithms, the choice of the noise param-
eter p has a major impact on the performance of the respective
algorithm. However, finding the optimal noise setting is extremely
difficult. Hoos proposed an adaptive mechanism to adjust the noise
parameter p according to the search history [9].  The main idea is
to increase the noise value when the search procedure detects a
stagnation behavior. Then, the noise is gradually decreased until
the next stagnation situation is detected. This adaptive mechanism
leads to various adaptive algorithms, such as AdaptNovelty+ [9]
and AdaptG2WSATP [16]. Li and Wei  [15] proposed another noise
adaptive mechanism relying on the history of the most recent con-
secutive falsification of a clause. The main principle is that if a clause
is most recently falsified by a same variable for a number of con-
secutive times, then the noise level should be increased [15]. We
adapt this adaptive mechanism into our AMLS algorithm to enhance
its robustness and utilize the information of the recent consecu-
tive falsification of a clause to strategically select the second best
variable to flip.

Hoos introduced random walk into the Novelty and R Novelty
heuristics to prevent the extreme stagnation behavior, leading to
the Novelty+ and R Novelty+ heuristics [8].  These variants perform
a random walk with a small probability wp,  and select the vari-
able to be flipped according to the standard Novelty and R Novelty
mechanisms with probability 1 − wp.  We  adopt this famous “ran-
dom walk” strategy as one of the main mechanisms to diversify the
search in our AMLS algorithm.

Battiti and Potasi proposed a Reactive Tabu Search (H-RTS)
algorithm for unweighted MAX-SAT, in which the tabu tenure
is dynamically adjusted during the search [1].  Also noteworthy
is an Iterated Local Search by Yagiura and Ibaraki [32] that is
different from many other approaches in that 2-flip and 3-flip
neighborhoods are used. The perturbation phase consists of a fixed
number of random walk steps. In [25], a new stochastic local search
algorithm, called Iterated Robust Tabu Search (IRoTS), was  pre-
sented for MAX-SAT that combines two well-known metaheuristic
approaches: Iterated Local Search and Tabu Search. IRoTS used a dif-
ferent perturbation mechanism, in which a number of RoTS steps
are performed with tabu tenure values that are substantially higher
than the ones used in the local search phase. For strong diversifica-
tion purpose, our AMLS algorithm employs a perturbation strategy
to diversify the search in a drastic way.

3. Adaptive memory-based local search

3.1. Evaluation function and neighborhood moves

Given a CNF formula F and an assignment A, the evaluation func-
tion f(A), is the total weight of unsatisfied clauses in F under A. This
-based local search for MAX-SAT, Appl. Soft Comput. J. (2012),

function is to be minimized with zero as its optimal value, if possi-
ble. Our AMLS algorithm is based on the widely used one-flip move
neighborhood defined on the set of variables contained in at least
one unsatisfied clause (critical variables).

dx.doi.org/10.1016/j.asoc.2012.01.013
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Algorithm 1. AMLS procedure for MAX-SAT.

1: Input:  CNF formula F,  Maxpert and Maxsteps
2:  Output: the best truth assignment A∗ and f (A∗)
3:  A ← randomly generated truth assignment
4: A∗ ← A
5: for try := 1 to Maxpert do
6: Parameter initialization: p := 0, wp := 0
7:  for step := 1 to Maxsteps do
8: mv(y) ← neighborhood move selected from M(A) (see

Algorithm 2)
9: A  := A ⊕ mv(y)
10: if f (A) < f (A∗) then
11: A∗ ← A
12: end if
13: Set the tabu tenure of variable ay

14: Update the diversification parameters p and wp
15: end for
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Algorithm 2. Variable selection heuristic for AMLS.

1: Input: A and N(A)
2: Output: the selected variable y to be flipped
3: // Intensification phase: lines 8–13, 22
4:  // Diversification phase: lines 14–21
5: Let Nts(A) denote the set of neighborhood moves that are tabu
6:  Let xtb be the best variable in Nts(A) (tabu moves) in terms of the

score value
7: Let xnb and xnsb , respectively, be the best and the second best

variables in N(A)\Nts(A) (non-tabu variable moves) in terms of the
score value

8: if score(xtb) < score(xnb) and f (A) + score(xtb) < f (A∗) then
9:  y := xtb; return y
10: end if
11: ifscore(xnb) < 0 then
12: y := xnb; return y
13: end if
14: ifrand[0, 1] < wp then
15: y := random walk move selected from N(A)\Nts(A); return y
16: end if
17: ifxnb is the least recently flipped variable in N(A)\Nts(A) and

rand[0,  1] < p then
18: ifpenalty(xnsb) < penalty(xnb) then
19: y := xnsb; return y
20: end if
16: A ← Perturbation Operator(A∗) (see Section 3.5)
17:  end for

More formally, the most obvious way to represent a solution for
 MAX-SAT instance with n variables is to use a n-binary vector

 = [a1, a2, . . .,  an]. A|i denotes the truth value of the ith variable
i. A[i ← ˛] denotes an assignment A where the ith variable has
een set to the value ˛. Given a clause c, we use sat(A, c) to denote
he fact that the assignment A satisfies the clause c. Each clause c
s associated with a weight wc . For unweighted problems, wc = 1
or all the clauses. We  use i ≺ c to represent that variable ai or its
egation ¬ai appears in clause c. Therefore, the evaluation function

(A) can be writhen as:

 (A) =
∑

c∈F
{wc |¬sat(A, c)} (1)

In a local search procedure, applying a move mv to a candidate
olution A leads to a new solution denoted by A ⊕ mv.  Let M(A)
e the set of all possible moves which can be applied to A, then
he neighborhood of A is defined by: N(A) = {A ⊕ mv|mv ∈ M(A)}. For

AX-SAT, we  use the critical one-flip neighborhood defined by flip-
ing one critical variable at a time. A move that flips the truth
ssignment of the ith variable ai from A|i to 1-A|i is denoted by
v(i). Thus,

(A) = {mv(i)|∃c ∈ F, i ≺ c ∧ ¬sat(A, c), i = 1, . . . , n} (2)

.2. Main scheme and basic preliminaries

The general architecture of the proposed AMLS procedure is
escribed in Algorithm 1. From an initial truth assignment A of vari-
bles, AMLS optimizes the evaluation function f(A) by minimizing
he total weight of unsatisfied clauses.

At each search step, a key decision is the selection of the next
ariable to be flipped (see line 8 of Algorithm 1). This memory-
ased variable selection heuristic is explained later in Algorithm 2.
MLS uses two diversification parameters (p and wp). The adaptive
unings of both parameters (line 14) and the perturbation operator
line 16) are described in later sections.

As a basis for the following explanation, we  first explain how
eighboring solutions are evaluated. Indeed, for large problem

nstances, it is necessary to be able to rapidly determine the effect
f a move on f(A). In our implementation, since at each iteration we
xamine all the critical neighborhood moves, an incremental eval-
ation technique widely used in the family of GSAT algorithms [7]

s employed to cache and update the variable scores. This forms the
asis for choosing the variable to be flipped at each search step.
Please cite this article in press as: Z. Lü, J.-K. Hao, Adaptive memory
doi:10.1016/j.asoc.2012.01.013

Specifically, let y be the index of a variable to be flipped. The
reak of y, break(y), denotes the total weight of clauses in F that
re currently satisfied but will be unsatisfied if variable y is flipped.
he make of y, make(y), denotes the total weight of clauses in F that
21: end if
22: y := xnb; return y

are currently unsatisfied but will be satisfied if variable y is flipped.
The score of y with respect to A, score(y), is the difference between
break(y) and make(y). Formally,

break(y) =
∑

c∈F
{wc |sat(A, c) ∧ ¬sat(A ⊕ mv(y), c)} (3)

make(y) =
∑

c∈F
{wc |¬sat(A, c) ∧ sat(A ⊕ mv(y), c)} (4)

score(y) = break(y) − make(y) (5)

In our implementation, we employ a fast incremental evalua-
tion technique to calculate the move value of transitioning to each
neighboring solution. Specifically, at each search step only the break
and make values affected by the current move (i.e., the variables that
appear in the same clauses with the currently flipped variable) are
updated.

3.3. Memory-based variable selection heuristic

In order to enhance the search capability of our algorithm, we
introduce a variable selection heuristic which relies on a set of
memory components, including a tabu table to avoid selecting
the recently flipped variables, a flip recency structure to record
the iteration at which a variable is recently flipped and two  other
memory structures to respectively record the frequency of a vari-
able that recently consecutively falsifies and satisfies a clause. All
these memory structures are jointly used by our variable selection
heuristic, as described in Algorithm 2.

Tabu Search (TS) typically incorporates a tabu list as a “recency-
based” memory structure to assure that solutions visited within a
certain span of iterations, called the tabu tenure, will not be revis-
ited [5]. Our AMLS algorithm uses such a tabu list as one of its
three diversification strategies. In our implementation, each time
a variable y is flipped, a value is assigned to an associated record
TabuTenure(y) (identifying the “tabu tenure” of y) to prevent y from
being flipped again for the next TabuTenure(y) iterations. For our
experiments, we set the tabu tenure in two  ways according to
-based local search for MAX-SAT, Appl. Soft Comput. J. (2012),

whether the instance is satisfiable or not. Specifically, if the instance
is unsatisfiable, we set:

TabuTenure(y) = tl + rand(15) (6)

dx.doi.org/10.1016/j.asoc.2012.01.013
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If the instance is satisfiable, we set:

abuTenure(y) = 	tp · |N(A)|
 + rand(15) (7)

here tl is a given constant and rand(15) takes a random value from
 to 15. |N(A)| is the cardinality of the current neighborhood N(A)
nd tp is a tabu tenure parameter. We  empirically set tp to 0.25
n all the experiments in this paper and we observe that tp ∈ [0.15,
.35] gives satisfying results on a large number of instances.

One observes that for satisfiable instances at the beginning of the
earch, the cardinality of the current neighborhood |N(A)| is large
nough and the second part of the tabu tenure function becomes
ominated by the first part. On the other hand, as the algorithm
rogresses, the size of the current neighborhood becomes smaller
nd smaller. In this situation, since the search is around the local
ptimum regions, we mainly use a random tabu tenure (the sec-
nd part) to enlarge the diversification of the search. This is quite
ifferent from the situation for the unsatisfiable instances.

For convenience, we use Nts(A) to represent the subset of the
urrent neighborhood that are declared tabu. AMLS then restricts
onsideration to variables in N(A) \ Nts(A) (i.e., moves that are not
urrently tabu). However, an aspiration criterion is applied that per-
its a move to be selected in spite of being tabu if it leads to a

olution better than both the current best non-tabu move (xnb) and
he best solution found so far, as shown in lines 8–10 of Algorithm
. Note that in the case that two or more tabu moves have the same
core value, we break ties in two ways: one is to favor the least
ecently flipped variable; the other is to select a variable randomly.
his also applies to the situation of identifying the best and the sec-
nd best (xnsb) non-tabu moves as following. These two  tie-breaking
ptions lead to two versions of our AMLS algorithm, denoted by
MLS1 and AMLS2 respectively.

Under the condition that the aspiration criterion is not satisfied,
f the best non-tabu move (variable) in the current neighborhood
an improve the current solution (i.e., score(xnb) < 0), our algorithm
eterministically selects the best non-tabu move as the variable
o be flipped, as described in lines 11–13 of Algorithm 2. These
wo strategies constitute the intensification phase of our AMLS
lgorithm. These intensification strategies also guarantee that new
etter solutions would not be missed if such solutions exist in the
urrent neighborhood.

Additionally, our AMLS algorithm uses two more strategies to
iversify the search when improving move (i.e., the move that can

mprove the current solution) does not exist. In this case, our AMLS
lgorithm randomly selects a variable in the current neighborhood
o flip with a small probability wp,  as shown in lines 14–16 of
lgorithm 2. wp is a diversification parameter just as in Novelty+
lgorithm, which lies in [0, 0.05] and is adaptively adjusted dur-
ng the search. One notices that this strategy is somewhat different
rom the “random walk” strategy used in the WalkSAT family algo-
ithms, since we consider all the non-tabu critical variables while
he WalkSAT family algorithms always consider the variables in a
andomly selected clause.

Our last diversification mechanism is to strategically select the
econd best non-tabu move according to the search history. This
election is only active when the best non-tabu variable is the
ecently flipped variable in the current non-tabu neighborhood
line 17 in Algorithm 2), evaluated by the memory structure called
ecency which represents when a variable is most recently flipped.
n our implementation, each time a variable y is flipped, the current
teration index (the step number in Algorithm 1) is assigned to an
ssociated record recency(y).

Then, we compare the best and the second best non-tabu vari-
Please cite this article in press as: Z. Lü, J.-K. Hao, Adaptive memory
doi:10.1016/j.asoc.2012.01.013

bles (denoted by xnb and xnsb respectively) according to a penalty
alue. The basic idea is that if a clause is most recently falsified
or satisfied) by the same variable for a number of consecutive
imes, this variable receives a high penalty if its flipping falsifies (or
 PRESS
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satisfies) again the clause. We  denote this kind of penalty cost by
penalty(·). Then, if penalty(xnsb) is smaller (better) than penalty(xnb),
the second best non-tabu variable xnsb is selected with a probability
p, as shown in lines 17–21 of Algorithm 2. Just like wp mentioned
above, the parameter p lies in [0, 1] and is also dynamically adjusted
during the search.

Now, we give the details for calculating the penalty(·) value. For
this purpose, we give some basic definitions. During the search,
for a clause c we respectively record the variable vf [c] that most
recently falsifies the clause and the variable vs[c] that most recently
satisfies c. A variable falsifies a clause means that flipping the vari-
able makes the clause from satisfied to unsatisfied, while a variable
satisfies a clause implies that the clause turns from unsatisfied to
satisfied after the variable is flipped. Meanwhile, the value nf[c]
(respectively ns[c]) records the consecutive times that variable vf [c]
falsifies (respectively vs[c] satisfies) clause c.

At the beginning of the search, for each clause c we  initialize
vf [c] to be null. Once a clause c is falsified by flipping a variable y,
we check whether vf [c] and y are the same variable. If yes, variable
y falsifies clause c again, and thus we increase nf[c] by 1. Otherwise,
variable y is a new variable that falsifies clause c and we set vf [c] = y
and nf[c] = 1. The values of vs[c] and ns[c] are likewise updated based
on the consecutive satisfaction history of clause c.

At each step for a variable y to be flipped, we  define the following
two sets:

RS[y] = {c ∈ F|y satisfies clause c and y = vs[c]}
RF[y] = {c ∈ F|y falsifies clause c and y = vf [c]}

RS[y] and RF[y] respectively denote the set of clauses which have
been recently consecutively satisfied and falsified by variable y.

Thus, the penalty of variable y is defined as:

penalty(y) =
∑

c∈RS[y]2
ns[c]

2|RS[y]| +
∑

c∈RF[y]2
nf [c]

2|RF[y]| (8)

This penalty function measures the degree to which the flipping
of variable y can repeat the most recent satisfaction and falsification
of a clause on average. Note that if the set RS[y] or RF[y] is empty,
the corresponding part in Eq. (8) is set to zero, implying that the
flipping of variable y will not repeat the most recent satisfaction or
falsification of any clause.

This penalty function is different from the information used in
the Novelty family algorithms, where only the recency information
is used to guide the selection of the second best variable. Further-
more, this strategy is also different from the look-ahead strategy
used in AdaptG2WSATP [16], which selects the second best vari-
able according to the promising scores made by a two-flip move. In
TNM [15], the consecutive falsification information of clauses is also
used. However, TNM only considers the falsification information
on the currently selected clause and the satisfaction information of
clauses are not taken into account.

3.4. Dynamic parameters adjustment

Previous research has demonstrated that it is highly desirable
to have a mechanism that automatically adjusts the noise param-
eter such that a near optimal performance can be achieved. One
of the most effective techniques is the adaptive noise mechanism
proposed in [9] for the WalkSAT family algorithms, leading to vari-
ous algorithms, such as AdaptNovelty+ [9] and AdaptG2WSATP [16].
We extend this adaptive mechanism to adjust the two diversifica-
-based local search for MAX-SAT, Appl. Soft Comput. J. (2012),

tion parameters in our algorithm.
According to this mechanism, the noise parameters are first set

at a level low enough such that the objective function value can
be quickly improved. Once the search process detects a stagnation

dx.doi.org/10.1016/j.asoc.2012.01.013
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Table 1
Settings of important parameters.

Parameters Section Description Value

Maxpert 3.2 Number of perturbation phases 100
tl 3.3 Tabu  tenure constant 15
tp 3.3  Tabu tenure parameter 0.25

• UnWeightedMaxSat. This set of instances consists of 27 struc-
tured unweighted MAX-SAT instances presented at the SAT2002
or SAT2003 competitions which are available at the web  site.4
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ituation, the noise level is increased to reinforce the diversification
ntil the search process overcomes the stagnation. Meanwhile, the
oise is gradually decreased when the search begins to improve the
bjective value.

In our AMLS algorithm, there are two diversification parame-
ers wp and p that can be adjusted. One observes that the larger
he values of wp and p are, the higher possibility that the search
an be diversified. Specifically, we record at each adaptive step the
urrent iteration number and the objective value of the current
olution. Then, if one observes that this objective value has not
een improved over the last m/6  steps, where m is the number of
lauses of the given problem instance, the search is supposed to be
tagnating. At this point, the two parameters are increased accord-
ng to: wp  : = wp + (0.05 − wp)/5 and p : = p + (1 − p)/5. Similarly, both
arameter values are kept until another stagnation situation is
etected or the objective value is improved, in the latter case,
oth parameters are decreased:  wp : = wp −wp/10 and p : = p − p/10.
hese constant values are borrowed from [9] and have shown to be
uite effective for all the tested instances in this paper.

.5. Perturbation operator

When the best solution cannot be further improved using the
ocal search algorithm presented above, we employ a simple per-
urbation operator to locally perturb the local optimum solution
nd then another round of the local search procedure restarts from
he perturbed solution. In order to guide efficiently the search to
ump out of the local optima and lead the search procedure to a
ew promising region, we reconstruct the local optimum solution
btained during the current round of local search as follows.

Our perturbation operator consists of a sequential series of per-
urbation steps. At each perturbation step, we first order the score
alues of all the neighborhood moves in N(A) and then randomly
hoose one among the � best moves in terms of score values.
fter flipping the chosen variable, all the affected move values are
pdated accordingly and the chosen variable is declared tabu. Note
hat here the tabu tenure is much longer than the case in the local
earch procedure. We  set it to be a random value from Maxsteps/4
o Maxsteps/3. This strategy is aimed to prevent the search from
epeating the perturbation moves at the beginning of the next
ound of local search.

We  repeat the above-mentioned perturbation moves for a given
umber � of times, which is also called the perturbation strength.
inally, a new round of local search procedure is launched from the
erturbed solution with the flipped variables having longer tabu
enure than the usual local search. This idea is similar to that used
n IRoTS algorithm [25]. It should be noticed that once a variable is
ipped, it is strictly restricted to be flipped again during the current
erturbation phase.

. Experimental results

.1. Reference algorithms and experimental protocol

In order to evaluate the relative effectiveness and efficiency of
ur proposed algorithm, we compared our AMLS algorithm with 4
ffective MAX-SAT and SAT solvers in the literature:

AdaptNovelty+:  stochastic local search algorithm with an adaptive
noise mechanism in [9].
Please cite this article in press as: Z. Lü, J.-K. Hao, Adaptive memory
doi:10.1016/j.asoc.2012.01.013

AdaptG2WSATp: adaptive gradient-based greedy WalkSAT algo-
rithm with promising decreasing variable heuristic in [16].
IRoTS: Iterated Robust Tabu Search algorithm in [25].
RoTS: Robust Tabu Search algorithm in [26].
�  3.5 Number of candidate perturbation moves 15
�  3.5 Perturbation strength r[20, 30]

We  should notice that these 4 reference algorithms are among
the most successful approaches for solving a wide range of MAX-
SAT and SAT benchmark instances in the literature. For these
reference algorithms, we  carry out the experiments using UBCSAT
(version 1.1) – an implementation and experimentation environ-
ment for stochastic local search algorithms for SAT and MAX-SAT
solvers – which is downloadable at the webpage1 [28]. As claimed
by Tompkins and Hoos [28], the implementations of these reference
algorithms in UBCSAT is more efficient than (or just as efficient
as) the original implementations. Therefore, a comparison of our
algorithm with the UBCSAT implementations is meaningful.

Our algorithm is coded in C and compiled using GNU GCC  on a
Cluster running Linux with Pentium 2.88 GHz  CPU and 2 GB RAM.
Table 1 gives the descriptions and settings of the parameters used
in our AMLS algorithm for the experiments.

Given the stochastic nature of the proposed algorithm as well as
the reference algorithms, each problem instance is independently
solved 20 and 100 times respectively for the unsatisfiable and sat-
isfiable instances. Notice that to solve each problem instance, our
algorithm and the four reference algorithms are given the same
amount of computing effort on the same computer.

As indicated in Section 3.3,  we  break ties in two ways when we
select the best (tabu and non-tabu) and the second best variables:
by favoring the least recently flipped variable and selecting a vari-
able randomly. Thus, we  denote our AMLS algorithm using these
two ways of breaking ties by AMLS1 and AMLS2,  respectively.

In this paper, we  use the total number of iterations as the
stop condition of all these 6 algorithms, i.e., the value of Max-
pert × Maxsteps in Algorithm 1.

4.2. Test instances

To evaluate our AMLS algorithm for the MAX-SAT problem, we
have tested AMLS on 79 well-known benchmark instances. Some
of them are derived from other specific problems while others are
randomly generated. In some circumstances, it is necessary for each
clause to have a weight such that the objective is to maximize the
total weights of the satisfied clauses. These 79 benchmark instances
belong to four families:

• UnWeighted2/3MaxSat.  This set contains 13 randomly generated
unweighted MAX-2-SAT and MAX-3-SAT instances first described
in [2].2 The stop condition for this set of instances is 106 iterations.
• WeightedMaxSat. These 10 instances are weighted variants of ran-

domly generated instances used in [32].3 All of them have 1000
variables and 11,050 clauses. The stop condition for this set of
instances is 108 iterations.
-based local search for MAX-SAT, Appl. Soft Comput. J. (2012),

1 http://www.satlib.org/ubcsat/index.html.
2 http://infohost.nmt.edu/∼borchers/maxsat.html.
3 http://www.hirata.nuee.nagoya-u.ac.jp/∼yagiura/msat.html.
4 http://www.info.univ-angers.fr/pub/lardeux/SAT/benchmarks-EN.html.

dx.doi.org/10.1016/j.asoc.2012.01.013
http://www.satlib.org/ubcsat/index.html
http://infohost.nmt.edu/~borchers/maxsat.html
http://www.hirata.nuee.nagoya-u.ac.jp/~yagiura/msat.html
http://www.info.univ-angers.fr/pub/lardeux/SAT/benchmarks-EN.html


ARTICLE IN PRESSG Model
ASOC-1441; No. of Pages 9

6  Z. Lü, J.-K. Hao / Applied Soft Computing xxx (2012) xxx–xxx

Table 2
Computational results on the UnWeighted2/3MaxSat instances (stop condition: 106).

Instance f* AMLS1 AMLS2 AdaptNovelty+

#suc favr #step #suc favr #step #suc favr #step

p2200/100 5 20 5.0 222 20 5.0 417 20 5.0 478
p2300/100 15 20 15.0 220 20 15.0 152 20 15.0 817
p2400/100 29 20 29.0 3083 20 29.0 2006 10 29.5 354,426
p2500/100 44 20 44.0 359 20 44.0 292 5 44.8 358,968
p2600/100 65 20 65.0 369 20 65.0 299 1 66.9 387,088
p3500/100 4 20 4.0 43,051 20 4.0 14,771 20 4.0 2646
p3550/100 5 20 5.0 6272 20 5.0 7784 20 5.0 3795
p3600/100 8 20 8.0 4368 20 8.0 4829 20 8.0 8299
p2300/150 4 20 4.0 208 20 4.0 210 20 4.0 237
p2450/150 22 20 22.0 354 20 22.0 398 20 22.0 35,985
p2600/150 38 20 38.0 5188 20 38.0 15,283 0 39.2 –
p3675/150 2 20 2.0 24,153 20 2.0 20,558 20 2.0 7909
p3750/150 5 20 5.0 41,177 20 5.0 11,906 20 5.0 8137

Instance f* AdaptG2WSATp IRoTS RoTS

#suc favr #step #suc favr #step #suc favr #step

p2200/100 5 20 5.0 150 20 5.0 672 20 5.0 920
p2300/100 15 20 15.0 175 20 15.0 127 20 15.0 200
p2400/100 29 16 29.2 43,585 20 29.0 505 20 29.0 513
p2500/100 44 20 44.0 8885 20 44.0 125 20 44.0 141
p2600/100 65 20 65.0 21,354 20 65.0 158 20 65.0 151
p3500/100 4 20 4.0 1952 20 4.0 1939 20 4.0 2314
p3550/100 5 20 5.0 1561 20 5.0 2230 20 5.0 3775
p3600/100 8 20 8.0 3861 20 8.0 1817 20 8.0 2053
p2300/150 4 20 4.0 216 20 4.0 226 20 4.0 263
p2450/150 22 20 22.0 3917 20 22.0 374 20 22.0 580
p2600/150 38 2 38.9 42,976 20 38.0 1807 20 38.0 3564
p3675/150 2 20 2.0 6705 20 2.0 5674 20 2.0 22,831
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p3750/150 5 20 5.0 5237

These instances are also tested in [3,13].  The stop condition for
this set of instances is 107 iterations.
Satisfiable.  This set of instances consists of 29 hard satisfiable both
randomly generated and structured instances used in the DIMACS
Challenge which have been widely used by many SAT solvers
and are available in SATLIB.5 The stop condition for this set of
instances is set according to the size and difficulty of the tested
instances.

.3. Computational results

We first present in Table 2 the computational results of
he two versions of AMLS (AMLS1 and AMLS2)  on the 13
nWeighted2/3MaxSat instances, compared with the 4 reference
lgorithms. In Table 2 the first two columns identify the problem
nstance and the best known objective values f*. From column 3,
ach three columns give the results of one of the tested algorithms
ccording to three criteria: (1) the success rate, #suc, to the best
nown objective values over 20 runs, (2) the average objective
alue, favr, over 20 independent runs and (3) the average search
tep, #step, for reaching the best known result f*. Notice that these
riteria have been widely used for efficiency evaluation of heuris-
ic algorithms. If the algorithms lead to different results, the best
esults are indicated in bold.

Table 2 shows that the two versions of our AMLS algorithm
an easily reach the best known objective values with a 100%
uccess rate within the given stop condition for all the considered
Please cite this article in press as: Z. Lü, J.-K. Hao, Adaptive memory
doi:10.1016/j.asoc.2012.01.013

nstances, equalling that of IRoTS and RoTS. One observes that the
lgorithms AdaptNovelty+ and AdaptG2WSATp cannot always find
he best known objective values for 4 and 2 instances, respectively.

5 http://www.satlib.org/benchm.html.
 5.0 4737 20 5.0 9262

In particular, for the instance p2600/150 AdaptNovelty+ cannot
find the best known objective value 38 under this stop condi-
tion and AdaptG2WSATp can only reach this objective value for
twice over 20 runs. In terms of the average search step for reach-
ing the best known results, our AMLS1 algorithm has the best
value for 2 instances while only IRoTS outperforms AMLS1,  hav-
ing the best value for 9 instances. In sum, both versions of our
AMLS algorithm are effective in finding the best known objective
values compared with the 4 reference algorithms for this set of
instances.

In Table 3, we show our computational results on the 10 Weight-
edMaxSat instances. Note that this set of instances is in weighted
MAX-SAT version. For each algorithm, we show results according
to the following three criteria: (1) the best objective value, fbest,
over 20 independent runs, (2) the average objective value, favr, over
20 independent runs and (3) the CPU time, tavr (in seconds), for
reaching the best objective value fbest. In this experiment, since the
weighted version of AdaptG2WSATp is not available in UBCSAT, we
use its previous version G2WSAT.

Table 3 shows that both versions of our AMLS algorithm are com-
petitive with the reference algorithms for these weighted MAX-SAT
instances. Specifically, AMLS1 and AMLS2 obtain the best objective
values fbest for 4 and 3 instances, respectively. AdaptNovelty+ per-
forms slightly better than our AMLS algorithm and it can reach the
best objective values for 5 instances. However, the three other algo-
rithms G2WSAT, IRoTS and RoTS performs worse than AMLS in terms
of both the best and average objective values. These results demon-
strate that our AMLS algorithm is quite competitive for solving this
set of weighted MAX-SAT problems.
-based local search for MAX-SAT, Appl. Soft Comput. J. (2012),

We  present in Table 4 the computational results of our AMLS
algorithms on the set of UnWeightedMaxSat instances. The symbols
are the same as in Table 3. Table 4 indicates that our AMLS algorithm
performs quite well on this set of instances. Specifically, for the 14

dx.doi.org/10.1016/j.asoc.2012.01.013
http://www.satlib.org/benchm.html
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Table  3
Computational results on the 10 random WeightedMaxSat instances (stop condition: 108).

Instance AMLS1 AMLS2 AdaptNovelty+

fbest favr tavr fbest favr tavr fbest favr tavr

Randwb01 9309 9922.9 352.6 9046 10023.9 333.7 8617 9293.1 138.3
Randwb02 7992 8665.9 385.1 7996 8665.8 340.9 7982 8697.0 139.9
Randwb03 9011 9660.8 149.2 8838 9578.9 379.8 9030 9327.1 147.8
Randwb04 7098 7628.7  122.9 7098 7607.4 311.1 7374 7840.8 189.4
Randwb05 9089 10173.2 238.3 9484 10177.6 346.6 9070 10309.1 239.5
Randwb06 9558 10296.9 151.6 9645 10524.2 518.9 9176 9744.5 342.5
Randwb07 9387 10514.2 438.5 9523 10522.6 111.7 9472 9923.5 264.7
Randwb08 8228 8969.9 441.2 8228 9019.3 353.3 8242 8980.5 289.5
Randwb09 10,274 10818.9 269.4 10,032 10971.4 525.7 10,303 11031.0 225.6
Randwb10 10,028 10560.0 54.0 10,001 10543.2 485.0 9903 10264.0 243.4

Instance G2WSATa IRoTS RoTS

fbest favr tavr fbest favr tavr fbest favr tavr

Randwb01 16,069 17085.7 207.3 10,626 11440.2 612.4 11,486 12263.5 509.9
Randwb02 13,929 14907.5 208.4 9505 10186.6 613.4 10,251 10,989 514.8
Randwb03 13,587 15037.7 314.7 10,037 11098.9 583.7 10,849 11485.5 583.5
Randwb04 12,440 13510.6 287.5 7965 9072.4 653.4 9156 10089.9 582.3
Randwb05 15,627 17204.5 254.3 11,260 11959.1 598.6 11,642 12478.1 478.9
Randwb06 17,053 17814.4 235.6 11,464 12146.3 568.3 11,399 12458.2 542.9
Randwb07 15,601 17167.8 287.5 10,434 11594.3 645.7 11,530 12286.5 387.6
Randwb08 14,552 16277.3 305.6 10,089 11171.8 587.3 10,005 11399.9 437.5
Randwb09 16,662 18175.9 312.8 11,800 12457.4 689.3 11,863 12811.7 398.7
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Randwb10 16,618 17662.9 235.6 11,290 

a Due to the unavailability of the weighted version of AdaptG2WSATp in UBCSAT, 

ifp instances, both versions of AMLS can obtain the best objective
alues fbest for 10 and 12 instances, respectively, while AdaptNov-
lty+ and AdaptG2WSATp can obtain the best objective values fbest
nly for one instance and the remaining two algorithms IRoTS
nd RoTS cannot obtain the best objective values for any instance.
owever, one notices that AdaptNovelty+ can obtain better
Please cite this article in press as: Z. Lü, J.-K. Hao, Adaptive memory
doi:10.1016/j.asoc.2012.01.013

verage objective values favr although it is inferior to our AMLS algo-
ithm in terms of finding the best objective values. When it comes
o the 3 mat  and 10 glassy instances, both versions of AMLS can find
he best objective values under this stop condition, while IRoTS has

able 4
omputational results on the UnWeightedMaxSat instances (stop condition: 107).

Instance AMLS1 AMLS2 AdaptNovelty+ 

fbest favr tbest fbest favr tbest fbest favr tbe

difp 19 0 6 14.8 21.4 6 12.4 11.9 9 9.4 8
difp  19 1 6 14.8 18.7 4 12.3 21.9 8 9.8 10
difp  19 3 5 14.6 13.3 5 12.6 17.0 8 9.4 5
difp  19 99 7 16.0 25.9 6 13.1 9.1 8 9.7 7
difp  20 0 7 16.5 22.5 7 12.9 9.6 9 10.1 9
difp  20 1 6 16.0 18.9 6 13.7 19.2 8 10.2 7
difp  20 2 5 14.1 20.7 5 12.4 6.6 8 10.2 6
difp  20 3 7 16.0 19.4 5 13.1 21.9 9 11.0 5
difp  20 99 8 17.3 32.8 7 14.4 3.9 7 10.3 10
difp 21 0 7 15.6 25.8 8 14.6 24.9 10 12.5 12
difp  21 1 6 17.4 15.4 7 14.9 17.9 9 11.8 14
difp  21 2 8 15.5 26.5 8 14.6 11.2 11 12.2 10
difp  21 3 8 11.8 18.9 8 10.5 12.4 10 12.1 8
difp  21 99 7 11.9 25.6 7 10.3 16.4 9 11.8 12
mat25.shuf 3 3.7  3.1 3 4.0 11.5 3 3.0 4
mat26.shuf 2 3.5 12.4 2 4.0 14.1 2 2.0 5
mat27.shuf 1 3.5 10.9 1 4.1 11.3 1 1.0 5
glassy-a 6 6.1 1.9 6 6.6 0.1 6 6.0 2
glassy-b 6 6.1 8.4 6 6.6 0.1 6 6.0 8
glassy-c 5 5.2 16.6 5 5.8 1.2 5 5.0 2
glassy-d 7 7.4 14.2 7 8.3 12.0 7 7.1 8
glassy-e 6 6.1 2.8 6 6.6 6.8 6 6.0 1
glassy-f 8 8.3 14.1 8 9.2 2.5 8 8.1 13
glassy-g 7 7.2 3.9 7 8.0 3.9 7 7.0 3
glassy-h 9  9.0 9.5 9 9.9 2.1 9 9.0 4
glassy-i 7 7.1 15.6 7 7.9 0.7 7 7.0 1
glassy-j 6  6.2 8.4 6 6.8 0.7 6 6.0 2
12392.2 624.8 12,227 12979.8 412.8

ploy its simplified version G2WSAT in this experiment.

difficulty in finding the best objective values for 3 mat instances. In
sum, this experiment further confirms the efficiency of our AMLS
algorithm for solving the general unweighted MAX-SAT problems.

Finally, we  present in Table 5 the computational statistics
of our AMLS algorithm on the set of 29 DIMACS Satisfiable
instances. In this experiment, we  only compare our AMLS algorithm
-based local search for MAX-SAT, Appl. Soft Comput. J. (2012),

with AdaptG2WSATp due to the space limit and the reason that
AdaptG2WSATp performs much better than other three reference
algorithms for almost all these satisfiable instances. In this compar-
ison, we use a tabu tenure as shown in Eq. (7) in our AMLS algorithm.

AdaptG2WSATp IRoTS RoTS

st fbest favr tbest fbest favr tbest fbest favr tbest

.7 10 13.2 11.4 21 27.8 66.5 23 28.4 52.5

.5 11 12.9 15.4 19 26.2 47.8 23 29.6 54.8

.8 11 13.2 9.6 23 29.4 67.3 24 28.2 63.8

.5 11 12.7 16.3 26 32.7 52.7 27 29.4 42.4

.8 11 12.6 18.8 18 28.2 41.0 27 30.1 39.7

.8 9 13.0 10.5 26 31.3 73.2 25 28.9 52.9

.8 10 12.9 17.8 26 30.1 62.1 26 29.6 60.3

.3 9 12.1 16.9 23 28.3 47.2 19 25.9 58.2

.8 11 12.8 15.2 26 32.5 52.8 28 30.9 44.4

.7 14 15.6 14.9 31 37.9 48.2 30 36.4 39.6

.7 12 15.6 8.9 34 38.6 42.7 31 36.7 35.4

.8 8 15.9 10.2 33 38.8 78.3 28 35.5 49.5

.9 14 16.3 16.4 34 39.7 69.3 32 36.7 58.1

.4 13 15.4 13.8 33 38.9 60.3 28 35.4 50.6

.9 3 3.0 6.4 4 4.2 34.6 3 3.0 17.8

.4 2 2.0 3.4 4 5.3 43.6 2 2.0 13.6

.8 1 1.0 3.8 5 6.4 38.5 1 1.0 5.8

.8 6 6.0 3.0 6 6.0 7.8 6 6.0 3.8

.6 6 6.0 5.8 6 6.0 6.5 6 6.0 4.3

.0 5 5.0 6.2 5 5.0 3.8 5 5.0 1.2

.9 7 7.0 14.5 7 7.7 2.9 7 7.0 4.9

.0 6 6.0 3.9 6 6.0 4.7 6 6.0 6.8

.7 8 8.0 9.8 8 8.7 20.5 8 8.3 8.9

.2 7 7.0 12.7 7 7.0 10.5 7 7.0 5.9

.0 9 9.0 6.8 9 9.0 5.9 9 9.2 10.6

.8 7 7.0 7.1 7 7.0 2.9 7 7.1 9.6

.8 6 6.0 11.2 6 6.2 8.8 6 6.0 4.2

dx.doi.org/10.1016/j.asoc.2012.01.013
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Table 5
Computational results on the DIMACS Satisfiable benchmark instances.

Instance Iter AdaptG2WSATp AMLS1 AMLS2

#suc #steps time #suc #steps time #suc #steps time

ais8 105 96 31,889 0.0 100 15,458 0.0 99 20,167 0.0
ais10  106 91 323,812 0.7 100 224,846 0.4 98 318,071 0.7
ais12  107 71 3,810,914 9.6 65 3,671,783 9.3 47 4,174,483 11.2
bw large.a 106 100 9635 0.0 100 11,579 0.0 100 6846 0.0
bw  large.b 106 100 81,615 0.1 96 254,110 0.4 100 138,123 0.2
bw large.c 107 100 1,303,511 2.9 34 3,922,871 8.7 94 2,746,692 5.8
bw  large.d 107 100 1,948,941 5.9 18 4,102,525 12.1 59 4,049,814 11.6
f1000 106 96 419,463 0.3 83 397,006 0.5 62 431,452 0.5
f2000  107 84 3,950,685 7.7 99 2,920,372 3.7 19 5,975,934 7.7
f3200 108 57 43,978,432 38.6 100 13,416,486 20.2 6 32,411,411 47.7
flat200-1 106 100 50,662 0.0 100 35,797 0.0 100 43,960 0.0
flat200-2 106 93 343,990 0.2 95 321,643 0.3 95 248,619 0.2
flat200-3 106 99 114,717 0.0 100 124,379 0.1 100 101,609 0.1
flat200-4 106 89 361,486 0.2 100 192,106 0.1 95 217,268 0.2
flat200-5 107 69 3,883,019 5.8 100 1,791,504 1.6 90 3,626,992 3.3
logistics.a 106 100 51,440 0.0 100 89,405 0.1 100 162,293 0.2
logistics.b 106 100 50,710 0.0 100 133,716 0.1 94 292,362 0.4
logistics.c 107 100 107,137 0.1 100 705,501 1.0 100 1,319,925 1.9
logistics.d 107 100 121,331 0.1 4 7,843,512 21.6 100 2,916,208 5.0
par16-1-c 108 100 12,899,883 8.3 44 46,162,634 64.3 6 41,464,972 47.5
par16-2-c 108 59 65,850,012 51.3 37 46,484,788 58.9 5 72,062,553 114.8
par16-3-c 108 88 43,677,124 28.2 35 47,293,115 57.6 4 29,702,870 46.5
par16-4-c 108 95 33,141,448 21.7 53 39,980,734 47.6 5 68,242,170 104.3
par16-5-c 108 93 38,197,528 24.8 62 27,056,467 58.7 4 54,002,044 88.1
par16-1 109 56 747,646,999 281.6 82 321,157,528 470.1 4 523,418,603 791.6
par16-2 109 42 507,322,537 574.1 76 449,727,827 524.6 0 – –
par16-3 109 47 466,264,326 298.1 62 286,739,791 446.6 5 332,755,276 520.4
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par16-4 109 36 465,727,526 318.5 8
par16-5 109 41 481,204,281 315.2 9

n addition, we disable the perturbation operator in our AMLS algo-
ithm (i.e., Maxpert = 1) and run our local search algorithm until
he stop condition (i.e., the total number of iterations) is satisfied.
ccording to the size and difficulty of these considered instances,
olumn 2 gives the total number of iterations for each instance.

Columns 3–11 respectively give the computational results for
he three algorithms: AdaptG2WSATp, AMLS1 and AMLS2.  For each
lgorithm, the following three criteria are presented: the success
ate over 100 independent runs (suc), the average number of flips
or the success runs (#steps) and the average CPU time (in seconds)
or each success run (time). The best results for an instance and each
riterion is indicated in bold.

When comparing our results with those obtained by
daptG2WSATp, one observes that for the 29 tested instances,
MLS1 and AMLS2 reaches the solutions with a higher (respectively

ower) success rate than AdaptG2WSATp for 13 and 6 (respectively
1 and 17) instances, with equaling results for the remaining 5 and

 instances. Globally, AMLS1 and AdaptG2WSATp perform better
han AMLS2 for this set of instances, demonstrating the advantage
f breaking ties by favor of the least recently flipped variables and
he first two algorithms are comparable with each other. Roughly
peaking, AMLS1 performs better than AdaptG2WSATp with respect
o almost all the three criteria for the three sets ais,  f and flat
f instances. However, AdaptG2WSATp obtains better success
ate than both AMLS1 and AMLS2 for the bw large and logistics
nstances. The 10 parity instances named par16* are challenging
or many SAT solvers. Interestingly, AMLS1 obtains solutions with

 higher (respectively lower) success rate than AdaptG2WSATp

or 5 (respectively 5) instances (i.e., AMLS1 performs better on
he par16 instances while AdaptG2WSATp works better on the
ar16-c instances). On the other hand, one notices that AMLS2
Please cite this article in press as: Z. Lü, J.-K. Hao, Adaptive memory
doi:10.1016/j.asoc.2012.01.013

erforms quite bad for this set of instances. Therefore, it is another
nteresting topic to investigate the different performance of the
wo versions of AMLS.
356,592,452 416.6 6 393,824,484 589.6
343,774,441 412.2 4 312,170,271 1169

To summarize, our AMLS algorithm (especially AMLS1) is quite
competitive for solving this set of challenging satisfiable instances.

5. Discussion and remark

Our AMLS algorithm shares some similar components as the pre-
vious local search algorithms. First of all, AMLS incorporates both
the intensification of GSAT to select the best variable to flip [23] and
the diversification of WalkSAT to always pick a variable from one
random unsatisfied clause to flip [22]. Secondly, AMLS adopts the
adaptive mechanism introduced in [9] to enhance its robustness
and utilizes the information of the recent consecutive falsification
of a clause of [15] to strategically select the second best variable to
flip. In addition, the famous “random walk” strategy is also used as
one of the main tools to diversify the search in our AMLS algorithm.

However, our AMLS algorithm also possesses several distin-
guished features. First of all, it integrates all the above components
into a single solver in a systematic way  such that it can achieve
a better tradeoff between intensification and diversification.
Secondly, we  introduce a penalty function guided by clause falsifi-
cation and satisfaction information to refine our variable selection
rule. Thirdly, our AMLS algorithm employs a dynamic tabu tenure
strategy. Fourthly, AMLS extends the Hoos’s adaptive mechanism
[9] to automatically adjust the two  diversification parameters p and
wp. Last but not the least, an adaptive random perturbation oper-
ator is proposed to diversify the search when the search reaches a
local optimum.

Although our AMLS algorithm has demonstrated good perfor-
mance on a large set of public benchmark instances, it has several
limitations. First of all, like other local search heuristic algorithms in
-based local search for MAX-SAT, Appl. Soft Comput. J. (2012),

the literature, AMLS has difficulty in solving some highly structured
instances. Secondly, the adaptive parameter adjusting mechanism
used in our algorithm uses several predefined parameters, whose
tuning may  require first-hand experience.

dx.doi.org/10.1016/j.asoc.2012.01.013
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There are several directions to improve and extend this work.
irst, it would be instructive to get a deep understanding of the
ehavior of the algorithm. Second, it would be valuable to explore
ther search strategies like variable and clause weighting (e.g.,
20,21,27]). Furthermore, it would be worthwhile to investigate the
ook-ahead strategy [16] and other neighborhoods based on higher-
rder flips [32]. Finally, it would be valuable to know whether
ntegrating AMLS within the memetic framework would lead to
mproved performance.

. Conclusion

In this paper, we have aimed to study various memory struc-
ures and their cooperation to reinforce the search efficiency of
ocal search algorithms for solving the MAX-SAT and SAT problems.
or this purpose, we have introduced the adaptive memory-based
ocal search algorithm AMLS. Various memory-based strategies are
mployed to guide the search in order to achieve a suitable tradeoff
etween intensification and diversification. In addition, an adaptive
echanism is used to adjust the two diversification parameters in

he AMLS algorithm according to the search history. Experimental
omparisons with four leading MAX-SAT solvers (AdaptNovelty+,
daptG2WSATp, IRoTS and RoTS) demonstrate the competitiveness
f our algorithm in terms of the considered criteria.

The study reported in this work demonstrates the importance
f memory as a source of pertinent information for the design of
ffective intensification and diversification strategies. It also con-
rms the usefulness of the adaptive mechanism proposed in [9] for
ynamical parameter tunings.
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