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Guided Local Search (GLS) has been shown to be successful in solving a number of
practical real life problems, such as the travelling salesman problem, radio link frequency
assignment problem and the vehicle routing problem. GLS is a penaty-based meta
heuristic, which works by augmenting the objective function of a local search algorithm
with penalties, to help guide them out of local minima. Our aim is to show that adding
GLS to Local Search agorithms generally enhances the performance of such algorithms,
which do not include some similar meta-heuristic already. The SAT problem is a class of
NP-complete problems. It is known to be important in mathematical logic, constraint
satisfaction, VLS| engineering and computing theory. It has recently been the focus of
much research on local search agorithms, for example, GSAT and WakSAT. In this
paper, we show progress in applying GLS to local search algorithms along similar lines to
GSAT. Results so far show that GLS can reduce the amount of computational effort
required to find a solution, when added to such local search algorithms and can aso
improve the success rate in finding solutions for the local search agorithms.
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1. INTRODUCTION

Guided Local Search (Voudouris 1997) has been applied to a number of real life problems,
including BT's workforce scheduling problem (Tsang & Voudouris 1997), the travelling
salesman problem (Voudouris & Tsang 1998), the vehicle routing problem (Kilby et al
1997), function optimisation (Voudouris 1998) and the radio link frequency assignment
problem (Voudouris & Tsang 1998b).

GLS is a meta-heuristic, which sits on top of local search procedures for helping them
escape from local minima. GLS is a generalisation of the GENET neural network
(Devenport et al 1994, Davenport 1997), for solving constraint satisfaction and
optimisation problems. Recently, Lau and Tsang (Lau & Tsang 1998a, Lau & Tsang
1998b) have shown how GLS can be sat on top of a specialised Genetic agorithm, which
they call the Guided Genetic agorithm (GGA) for solving constraint satisfaction and
optimisation problems, which they apply to the Processor Configuration Problem (Lau &
Tsang 1998b) and the Generalised Assignment problem (Lau & Tsang 1998a).

The SAT problem is an important problem in mathematical logic, inference, machine
learning, VLSI engineering, and computing theory (Gu 1993), and has been the focus of a
lot of successful research into local search agorithms (see for example Gent & Walsh
1993, Selman & Kautz 1993a, Selman et al 1994, Shang & Wah 1998a). The SAT problem
is a special case of a constraint satisfaction problem (CSP) where the variables take
boolean values and the constraints are digunctions (logical Or) of literals (variables or
their negations).

In this paper, we show how GLS can be successfully added to local search algorithms,
along the same lines to GSAT (Selman et al 1992) without restarts to successfully solve
hard SAT problems. We give an evaluation of GLS's performance on hard benchmark
problems from the DIMACS archive, comparing the results against those of other local
search algorithms reported on these problems and the local search algorithms without GLS.

1.1 TheSAT Problem

The SAT problem is an important class of constraint satisfaction problem (Tsang 1993),
where the domain of a variable is always the set { fase, true }, and each constraint is a
logical digunction. The SAT problem is important in solving many practical problemsin
mathematical logic, constraint satisfaction, VLSI engineering and computing theory (Gu
1993).

The SAT problem is defined below:

e A set of m(boolean) variables, Z = {x1,X2,..,Xn}, €ach of which may take the values true
or false.

» Aseatof nclauses, C={ Cy, C,,.., Cy }, each of whichisadigunction of aset of literals
(avariable or it's negation), e.g. X3 =X, [IX3.

* The god of the SAT problem is to find an assignment of values to variables, if one
exists, where all the clauses are satisfied (evaluate to true) or prove the problem is
unsatisfiable, if no valid assignment exists (currently only complete agorithms can
prove unsatisfiability).



Both complete and incomplete algorithms have been used to solve the SAT problem. Of
the complete algorithms, one of the best known is the Davis-Putnam procedure (Davis &
Putnam 1960), which is based on resolution. Of the incomplete local search algorithms, the
best known is probably GSAT (first reported in (Selman et al 1992)), based on random
restarts and steepest gradient descent and the related WalkSAT (Selman et al 1994) based
on random walk with greedy variable selection heuristics.

Recently, (Shang & Wah 1998b, Wu & Wah, 1999) have applied DLM to the SAT
problem with excellent results. DLM could be seen to be quite similar to GLS, athough it
does not use selective penadisation (see Section 1.3), and is based on theoretica
mathematical foundations, whereas GLS is the result of many years of research based on
empirical results. The two methods are related by the use of some kind of augmented
objective function, with extra terms to guide the search out of local minima (Lagrangian
multipliers in DLM, and penalties in GLS). So far both DLM (see Shang 1997 and Wu
1998 for afull list) and GLS (see Introduction) have been applied to a number of real-life
problems.

1.2 Local Search for the SAT Problem

To cast the SAT problem as a local search problem, we simply want to minimise the
number of unsatisfied clauses, which we will give as our basic objective function, g, given
below.

9(x) =#{Ci » Ciisunsatisfied} (1)

The local search algorithm we use is based on ideas reported by Gent and Walsh in (Gent
& Walsh 1993), who conduct extensive experiments on lots of different variations of the
basic GSAT agorithm (Selman et al 1992). Gent and Walsh (1993) show how HSAT,
which uses a history mechanism to choose different possible moves, outperforms other
procedures on arandom SAT problems, and is hence a good starting point for building our
local search algorithm underneath GLS. We sort the variables into buckets of downward (if
the variable is flipped the objective function will decrease) and sideways moves (if the
variable is flipped the objective function remains the same). We then select the least
recently flipped variable (this could be seen as form of tabu search, Glover 1989, 1990),
which will result in a decrease in the objective function if one is available and flip it.
Otherwise we select a so-called sideways move and flip that variable. We alow the
maximum number of consecutive sideways moves to be a parameter, smax to the local
search algorithm.

Pseudo code for our local search algorithm is given in Figure 1. In this paper smax is
always set to 10, unless otherwise stated.

In our implementation, we incrementally update the changes in the objective function,
which would result when a variable is flipped, and aso the buckets storing the variables
which if flipped result in downwards and sideways moves for the current search state, as
thisis more efficient than re-calculating every time.



Function Local SATSearch(s, g, smax)

While (g(s) > 0)

{
Modify s, by flipping the least recently flipped variable, which will decrease
the objective function g(s), if one exists.
Otherwise, if no variable exists, which will decrease the objective function
g(s), modify s by, flipping the least recently flipped variable, which does
not increase or decrease the objective function.
If the last smax moves were sideways and no downward move is available,
return s.

}

Return s

Figure 1: Pseudo code for local search for the SAT problem

1.3 Problem Reduction

Some SAT problems have been very difficult for GLS to solve. We have found that using a
standard technique, often used in complete algorithms for the SAT problem called Unit
Propagation (Wu & Wah, 1999 used such a method for reducing SAT problems for their
local search agorithm), we can reduce the number of variables in the SAT problem. For
some hard SAT problems, the effect can be quite dramatic, whilst not taking much time to
perform this reduction. The reduction is performed by taking advantage of the fact that
some problems contain, so-called Unit clauses (clauses that contain only one variable). If a
clause contains only one variable, obviously that variable must be set to satisfy that clause,
if afeasible assignment to the problem is to be found. Once, this is done, then any clauses
on the variable which was just fixed which are unsatisfied with respect to variable whose
value has aready been fixed and have only one unfixed variable left, can also be
propagated in asimilar way. In addition to this, if a clause contains a fixed variable, which
satisfies that particular clause, then that clause will always be satisfied, and can thus be
removed from the problem. In this way we reduce the some SAT problems to an equivalent
problem, by removing variables and thus reducing the size of search space our local search
algorithm will have to traverse.

1.4 Guided Local Search

Guided local search, (See Voudouris 1997 for a more detailed description) sits on top of a
local search agorithm. Given a candidate solution s and a cost function g, a local search
algorithm is expected to return a candidate solution s according to its neighbourhood
function. s ishopefully better than s (i.e. hopefully g(s)< g(s) in aminimisation problem).

Solution features are used to distinguish between solutions with different characteristics, so
those undesirable characteristics can be penalised by GLS. The choice of solution features
therefore depends on the type of problem, and also to a certain extent on the local search
algorithm. Each feature, f; defined must have the following components:



* An Indicator function, indicating whether the feature is present in the current
solution s or not:

1, If feature present insolutions
|fi(S) = .
Ep, otherwise
* A cost function c(s), which gives the cost of having the feature present in the
solution s.
* A penalty py, initially set to 0, used to penalise occurrences of the feature, in
local minima.

In the SAT problem, we define features as violated clauses (to be elaborated below).

When the Local Search algorithm returns a local minimum, s, which does not satisfy the
termination criteria (e.g. al clauses satisfied), GLS penalises al the features present in that
solution which have maximum utility, Util(s,f) (as defined in below), by incrementing it's
penalty.

Cfi(S)

Util(s, f) =
1+ Pri

(2)

The idea is to penalise features with higher costs first, with the utility of doing so
decreasing, the more times they are penalised.

GLS uses an augmented cost function (see below), to allow it to guide the Local Search
algorithm out of the local minimum, by penalising features present in that local minimum.
The idea is to make the local minimum more costly than the surrounding search space,
where these features are not present, thus guiding the local search agorithm out of the
local minimum.

h(s) = g(s) + Ay pr Oi(s) 3

The parameter A may be used to alter the intensification of the search for solutions. A
higher value for A will result in a more diverse search, where plateaus and basins in the
search are searched more coarsely; a low value will result in a more intensive search for
the solution, where the plateaus and basins in the search landscape are searched with more
care. In this paper A isaways set to 1, unless otherwise stated.

1.5 GLSSAT: Guided Local Search for the SAT Problem

To use Guided Local Search for a particular application, a set of features must be defined,
and the local search algorithm must be called within the GLS procedure. In the SAT
problem unsatisfied clauses seem to make a good feature to penalise, as they are solution
features, which we wish to eliminate from the final solution, and moves made by the local
search agorithm (flipping a variable), will usually result in a different set of violated
clauses.

1, if clauseisunsatisfied by solutions
lo(9) = %) otherwise )
Ca(s) =1 ®)



Using clauses as features is similar to using constraints as features as in the RLFAP
problem, (Voudouris & Tsang, 1998b). We define the indicator and cost functions
associated with clause features in equations (4) & (5). The feature is present if the clauseis
unsatisfied, and not present if it is satisfied. The cost of any unsatisfied clause is 1 for the
standard SAT problem (since we have no preference for any particular unsatisfied clauses
to be eliminated from the solutions, as we want to eliminate all of them). A related
problem, the weighted MAX-SAT problem has weights associated with each clause, and
the objective is to maximise the sum of the weights of satisfied clauses. A set of weighted
MAX-SAT benchmark problems have been successfully solved using GL S, with the clause
features cost equal to the weight associated with each clause, see (Mills & Tsang, 1999),
with better results than any other algorithm reported in the literature on these benchmark
problems.

As GLS usually uses a simple augmented evaluation function, as defined in equation (3),
we need to augment the objective function for the local search algorithm in Figure 1, to
take into account the penalty terms. This means passing the local search algorithm the
augmented objective function h, instead of original objective function g, so that it searches
for flips, which minimise h instead of minimising g.

1.6 GLSExtensions. Bounded penalties

Whilst just adding GLS alone to the local search algorithm described earlier is usualy
enough to solve most problemsin the DIMACS benchmark archive, typically in seconds, a
few problems, remain very difficult for GLS to solve. We have found that on these
problems (in particular the parl6* problems, the penalties of GLS often grow out of
control, resulting in GLS completely controlling the search, and progress becoming very
slow). To resolve this problem, we multiply the penaties of al features by a constant
pdecay when the maximum penalty of a feature becomes greater than a constant pmax.
This alows us to limit the size of the penalties and stop them becoming too large. The
value of pdecay should be close to 1.0 (we used 0.8 throughout this paper), so that the
values of old penalties are not completely lost. The value of pmax should be large enough
to allow GLS to escape from basins and plateaus present in the problem search landscape,
but small enough to ensure that the size of the penalties is still kept under control. This
scheme is similar to that employed by Frank (1997) who multiplies the weights in his
algorithm by a decay constant after every local search move is performed and later by
Shang & Wah (1998) who multiply their lagrangian multipliers by a fraction, every N
iterations of their algorithm. Voudouris & Tsang (1998b) use a queue scheme to limit the
exact number of penalties imposed in the Radio Link Frequency Problem in conjunction
with GLS. Our scheme differs from these, however, in that it uses the maximum penalty
imposed so far to decide when to decrease the penalties.

Pseudo code for the overall algorithm including GLS is given in Figure 3. Line 1 reduces
the origina SAT problem, by propagating all unit clauses, using unit propagation (as
described in section 1.3). Line 2 sets all the penaties to 0, and line 3 picks a random
assignment for the local search agorithm. Lines 6 and 7 call the local search agorithm,
whilst lines 8 and 9 penalise the solution returned by the local search algorithm. Lines
10,11 and 12 keep the penalties within sensible bounds, as described above. The algorithm
terminates (lines 14-16) when either all clauses are satisfied or some other termination
criteria (such as maximum number of iterations executed or maximum CPU time used) are
met.



Function GLSSAT(s, g, A, sSmax, pmax, pdecay)

{

1. perform unit propagation on all unit clauses, as described in section XXX
2. for each fj, p;s =0

3. s = random assignment

4. do

5. {

6. h = g augmented as in equation (3)

7. s=Loca SATSearch(s, h, smax)

8. For each feature, f; with maximum utility, Util(s,f;),
9. Pi=pni +1

10. If (maximum penalty > pmax)

11. For each py

12. Pri = pri * pdecay

13.  }

14.  while (h(s) > 0 or termination condition)

15.

16. return s

}

Figure 2: Psuedo code for GLSSAT

2. EXPERIMENTAL RESULTS

To test whether adding GL S and other heuristics for improving local search performance
really gave an overall benefit to the algorithm, when applied to solving SAT problems, we
ran several variants of our local search algorithm on a selection of various types of
problems from the DIMACS benchmark archive (these problems are publicly available
from ftp://dimacs.rutgers.edu/pub/challenge/satisfiability/benchmarks/cnf), averaged over
10 runs. For al experiments, smax was set to 2, A was set to 1.0 and pdecay to 0.8 (All
experiments were carried out on a Pentium |1 300Mhz PC with 256MBs of RAM running
Windows NT 4.0, and implemented in C++, compiled by MS Visua C++ 6.0).

2.1 Local search without GL S

When local search was run without GLS, with or without the history heuristic it had great
difficulty (in fact in most cases it did not within 1000000 repairs from random starting
points) in solving the majority of easier problems in the DIMACS benchmark archive. For
this reason, there is little point in reporting these results here, since they only show that
some form of meta-heuristic for escaping local minima and plateaus is necessary for
solving these problems successfully in areasonable time.

2.2 GLSpluslocal search with & without the history heuristic

In this section we evauate the effect of adding the running local search, with GLS,
choosing between moves randomly and choosing the least recent variable to flip, when
offered a choice. This was to check that the history mechanism also improved the
performance of aloca search algorithm with GLS, as well asimproving variants of GSAT.
For these experiments pmax was set to infinity, since the problems we used for these tests,
are easily soluble without penalty decay. We alowed both variants of our algorithm, a
maximum of 100000 moves on the each problem to find a solution. For each problem we



ran both variants 10 times, from random starting points. The average success rate, average
CPU time and average number of moves to find a solution, for each class of problem are
shownin Table 1.

GL SSAT without history GL SSAT with history

mechanism mechanism
Problem |Average |Average |Average |Average |Average |Average
group success rate|CPU number of |success |CPU number of

(%) Seconds |moves rate (%) |[Seconds |moves
ssa* 100.00% 0.10 7180.03] 100.00% 0.10] 6012.08
as* 100.00% 0.13 669.97| 100.00% 0.12 532.73
1* 100.00% 0.15 937.91| 100.00% 0.22] 1113.20
tm* 100.00% 0.20 652.25| 100.00% 0.22 662.70
am* 92.71% 0.22| 16641.67] 97.29% 0.17| 12216.04
jnh* 100.00% 0.12 2868.33] 100.00% 0.09] 1839.06
par8* 85.00% 0.29] 24634.38) 90.00% 0.25| 20711.94
Average 96.82% 0.17 7654.93 98.18% 0.17] 6155.39

Tablel: GLSSAT with and without the history mechanism

Obvioudly, as can be seen from the results, the history mechanism increases the success
rate of GLSSAT, as well as reducing the average number of repairs required to find a
solution. However, this is not the main reason why GLSSAT is so successful in solving
these problems, since GLS with the local search agorithm choosing between possible
moves at random performs very well as well.

GL SSAT with history mechanism WalkSAT
Problem Average |Average| Average | Average |Average| Average
successrate| CPU | number of |successratel CPU | number of
(%) Seconds| moves (%) Seconds| moves
ssa7552-038 100.00% 0.21 14269 70.00% 0.33 48215
ssa7552-158 100.00% 0.05 2440,  100.00% 0.10 31473
ssa7552-159 100.00% 0.06 3144/ 100.00% 0.13 36598
ssa7552-160 100.00% 0.08 4196/ 100.00% 0.13 39552

Table2: GLSSAT verses WalkSAT

To give an idea of GLSSAT's performance against other local search algorithms for the
SAT problem, we compare GLSSAT against WakSAT version 35, run on the same PC
platform as GLSSAT, compiled with the same compiler, and run with maxflips (the
number of maximum number of moves per run) set to 100000 and maxtries (the maximum
number of runs) set to 10. This shows that GLSSAT performs better than WalkSAT in al
cases, on these circuit diagnoses based SAT problems. These problems were first reported
as solved by WakSAT in Selman et al (1994), although we decided to rerun the
experiments to give comparable average CPU times, and also so we could find out the
average number of moves taken to find a solution for an implementation independent
comparison.

2.3 Preliminary resultswith bounded penalties

In this section we give preliminary results of using bounded penalties, to help GLSSAT
solve some of the easier par8* problems faster and more reliably, and solve some of the
parl6-*-c problems at all. We ran GLSSAT 10 times on each problem and allowed a



maximum of 100,000,000 moves on the par16-*-c problems and 100,000 moves on the par
8-* problems. The parameters used for bounded penalties were pmax = 10 and pdecay =
0.8. The other parameters remained the same as for previous problems. These results are
shownin Table 3.

GL S with bounded penalties GL S without bounded penalties
CPU timein Number of moves CPU time |Number of
seconds in seconds [moves

22 2 | Bg| 2 3¢ 3¢z 28 z 2%
Problem | 28| & | @z | 2 ag 28| %23 8 |ag

Sh| § |g8| & s |S% |8 g% & |22
par8-1-c | 100%| 0.04) 0.06 2049 3473| 100%| 0.01| 0.02| 1033| 1287
par8-2-c | 100%| 0.01] 0.02 827 998| 100%| 0.03| 0.05 1620| 3305
par8-3-c | 100%| 0.06 0.10 3537 5441| 90%)| 0.28| 0.48| 15897| 26672
par8-4-c | 100%| 0.04) 0.05 2293 2919| 100%| 0.05| 0.08| 3316/ 4839
par8-5-c | 100% 0.16] 0.23 7774 11326 90%| 0.34| 0.60| 19162| 34157
par8-1 100%| 0.08) 0.15 5239 9234| 100%| 0.20| 0.44| 13212| 29944
par8-2 100%| 0.23] 0.30 13573 17719| 100%| 0.41| 0.59| 27793| 39266
par8-3 100%| 0.26| 0.35 15560 21168 80%| 0.28| 0.49| 17808| 31899
par8-4 100%| 0.26] 0.31 15791 18864 90%| 0.16| 0.32| 10483| 20517
par8-5 100%| 048 0.64 27656 37025 50%| 0.15| 0.24| 9825| 16476
parl6-1-c| 100%)| 183.88| 249.67| 10069383| 13770707] NA| NA| NA NA NA
parl6-2-c| 100%| 366.82] 583.16| 20408673 32353608) NA| NA| NA| NA| NA
parl6-3-c| 90%| 580.16| 778.64| 32216329 43228577] NA| NA| NA| NA| NA
parl6-4-c| 100%| 861.41/1293.49 25008850 38266987 NA| NA| NA| NA| NA
parl6-5-c| 100%| 543.07| 688.00 14206929 17993133] NA| NA| NA| NA| NA

Table 3: GLSwith and without bounded penalties on parity problems

Generdly, the results in table 3, show that on difficult problems, bounded penalties help to
improve the reliability in solving problems, and also improve the time to find a solution on
these problems. However, in a few cases, GLS with bounded penalties performs dlightly
worse (for example par8-1-c) with respect to the average number of moves required to find
asolution.

Warners and van Maaren (1998) have recently shown these problems to be easily soluble
using atwo phase algorithm, where they use linear programming to extract conjunctions of
equivalencies from the original SAT problem, and then use a modified Davis-Puttham
algorithm to solve the resulting problem, so possibly modifying local search algorithmsin
this way in the future would be a better approach to solving these particular problems.
These problem instances are still worth studying though, as there must be other cases
where it is difficult (e.g. for much larger problems) to extract the conjunctions of
equivalencies due to the size of the resulting LP problem. As far as local search agorithms
are concerned, our results on these parity learning instances of SAT problems are not as
good as those of Wu and Wah (1999), although our algorithm has far fewer parameters
which require tuning than theirs and we could probably improve it's performance, if we
tuned these parameters to these particular problems.



3. CONCLUSION

In this paper we have presented results showing the progress of applying GLS to the SAT
problem. We have shown that using a history based mechanism similar to that described in
Gent & Walsh (1993) we can aso increase the performance of GLS, although only
dightly, just as they do with their GSAT variants. In addition to this, we report work in
progress that shows a new scheme for keeping the penalties under control on difficult
problems can be used successfully with GLS, so that hard SAT problems, which could not
be solved using GL'S, without such a mechanism, can now be solved. Future work requires
finding good heuristics for automatically setting parameters, which GLS and GLSSAT
requires, and the possible extension of GLSSAT to include some mechanism for dealing
with conjunctions of equivalencies within local search algorithms. Finally, we speculate
that many other local search algorithms and problems will benefit from GLS in the future,
where a suitable local search algorithm and set of features can be defined.
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