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Abstract. Tuning parameters is a problem that is inherent to the developmentfanergfuse of solvers.
We propose a robust, inherently parallel genetic algorithm for the probleonfiguring solvers automat-
ically. In order to cope with the high costs of evaluating the fitness of indalgjwve introduce a gender
separation whereby we apply different selection pressure on bottegerExperimental results on a se-
lection of SAT solvers show significant performance and robustreas gver the current state-of-the-art
in automatic algorithm configuration.

1 Introduction

Practically all solvers have parameters effecting performance thatleaeefexed by the programmer
or set by the user. In recent years, systems have been devised aubichate the task of tuning
parameters for a given set of training instances that are assumed ésaeptypical instances for
the target algorithm.

There are several motivations for automatic parameter tuning, the firgt theitit is extremely
time consuming to tune parameters. Leaving the configuration of solvers tauter rather than
doing it by hand not only saves time, it could lead to better results.

Moreover, it is conceivable that the existence of an effective tunimyamment will cause
algorithm developers to parameterize more aspects of their algorithms ankkakasmore free-
dom for algorithmic solutions that are automatically tailored to the problems ofithgil/users.
In particular, many of the SAT solvers that are available today have p&emnehich cannot be
set through the command line. These parameters have been fixed to values ttevelopers have
found beneficial without knowledge about the particular instancesliarivwa user may want to use
the solver. Automatic parameter tuning allows solvers to adapt to the final Bmért in which
they need to perform. After being shipped, rather than relying on dgfatdtmeters, an algorithm
can be tuned automatically for the common tasks it is actually used for, and withguuiring the
user to learn about the algorithm parameters. For this very reason, Chleaw comes with an
automatic performance tuning tool.

Another argument for automatic solver configuration regards our ovemee: when we re-
implement algorithms to conduct experimental comparisons with competing apeadt is not
unreasonable to assume that scientists spend much more time tuning their osthral¢jfoan the
algorithms of their competitors. A fair comparison could be achieved if all algos were tuned
by an independent system. We could thereby come closer to understahditrgie potential of
algorithmic approaches rather than the ability of solver development teamsedtiein solvers
well.

1.1 Existing Approaches

Several approaches exist in the literature for the automatic tuning of algariphior to GGA[1].
The first methods were created for tuning specific algorithms for a certslin 4] devised a



modular algorithm for solving constraint satisfaction problems (CSPs) sed a combination of
exhaustive enumeration of all possible configurations and a parallelinilbiog technique to au-
tomatically configure the system for a given CSP with an associated setrofgranstances. [5]
classified local search (LS) approaches for SAT by means of cofieexgrammars and devised
a genetic programming approach to select a good LS algorithm for a gitesf SAT problems.
[16] embedded a sequential parameter optimization approach in a widemfoski®r the design
of evolutionary algorithms.

To tune the continuous parameters of general algorithms, [4] suggest@gpaoach that de-
termines good parameters for individual training instances. These paranaee found by trying
configurations where parameters are at their extreme values and thergfittiggession function to
the parameter/value tuples obtained in this way. The minimization of the resultiotidiyields a
set of parameters for the given instance. A parameter set for the esilegetion of instances was
then obtained by averaging the parameter tuples for the individual instance

Tuning problems with small sets of parameter configurations were congioef8)], a setting
which is closely related to that in algorithm portfolios [7, 8]. In this case, itdssible to race
the different algorithms against each other, whereby a statistical testdstasliminate inferior
algorithms before the remaining algorithms are run on the next training instance

In [15], Oltean used evolutionary algorithms by means of linear geneticragmoging. The
genome of an individual is an encoding of an actual C-program for ribielgm to be solved, and
crossover and mutation operators are problem dependent. The limegicggogram generates new
individuals which replace the current worst individual in the population.

The CALIBRA system, proposed by [2], starts with a factorial design efghrameters. Once
these initial parameter sets have been run and evaluated, an intensifyahgdacch routine is
started from a promising design, whereby the range of the parameters is lanitedding to the
results of the initial factorial design experiments.

The only system we know of that can configure arbitrary algorithms witk \&&ge or even
infinite numbers of possible configurations was proposed by [10]. Bystem, called ParamILS,
conducts an iterated local search, whereby a special technique isudiseil the number of training
instances that need to be run for each parameter set by focusing thantesh promising parameter
sets. In particular, a new set of parameters is not considered bettehthanrrent best until it has
been evaluated on at least as many training instances as the currerif begtry large set of
training instances is available, this approach allows quick movement throegkdnch space while
still avoiding an “over-tuning” effect which would be caused by congidgfew training instances
only.

1.2 Our Approach

CALIBRA and ParamILS have shown that automatic configuration of algustts possible, and
can, in fact, lead to massive improvements over hand-tuned parameteBastsl. on these suc-
cesses, we aim to provide a configuration system which is very robdgprawides high-quality
parameter sets in an affordable amount of time, potentially by exploiting panalleltsch is be-
coming more and more widely available given the current trends in hardeeraology.

To this end, we propose a genetic algorithm for the problem of configeohgrs. There are
two main reasons for this choice of approach. First of all, genetic algoritinenknown to be very
robust with respect to optimization problems that have undesirable objéatistecapes [6]. Note
that, in ordinary optimization, we usually have the freedom to adjust the olgéntsuch a way that
itis better suited for sequential local search which often yields good sosfiaster than population-
based approaches. In contrast, in our setting, where the target algdsitliven and the effect of



changing parameters is a priori unknown, we must be able to cope withwehatejective land-

scape we encounter. The other reason is that genetic algorithms aenityparallel. When trying
to assess which individuals are competitive (the most time-intensive step &r solnfiguration),

genetic algorithms allow us to race them against each other. Therefotenthspent for the eval-
uation is determined by the good parameter sets, and this saves a lot of timetiogpia order to

really exploit this last aspect, we introduce the concept of gender in thetigealgorithm. Before
we apply this idea to solver configuration, we will explain the potential berdfgender separation
in genetic algorithms in the following section.

2 A Gender-Based Genetic Algorithm

The idea to exploit genders in genetic algorithms has been considered ibefarious publications,
inspired by nature’s example.

2.1 Related Work

In[11], Lis and Eiben use multiple genders for multi-objective optimizationhigmder is associ-
ated with one of the multiple objectives, and the fitness of each individuahlsated according to
the gender-specific fitness function. Cross-over is limited to mating indildaxialifferent gender.
This latter restriction used for single-objective problems is introduced inyhich uses a gendered
genetic algorithm to solve graph partitioning problems.

[13] discusses that, in nature, mate choice is more likely to guide evolution #tarahselec-
tion. [19] introduces two genders where individuals of the first aréuetd according to standard
fithess, while individuals of the second gender are associated with adsedterion, a so-called
cooperative fitness. This second criterion depends on the potential rpatimger. Mating couples
are formed by selecting the fittest individuals from the first gender and gn#ttem with good
cooperative partners from the second.

Finally, Vrajitoru experiments with a population that consists of differentdgenypes (self-
fertilizing, sexual, and hermaphrodite) [20] .

2.2 Gender-Specific Selection Pressure

Previously, gender separation has been realized only as a restrictiba wfy in which mating
pairs are formed. We propose to take the gender separation beyorttigusrmation of parent
couples. Instead, we propose to apgilfferent selection pressure on the two gender populations. In
particular, we apply intra-specific competitionly in one part of the population. Individuals in this
group must compete for the right of mating, and only the fittest in each gesrevain the right to
mate with some of the individuals of the opposite gender. The individuals intthes group are not
subjected to intra-specific selection.

With our application of tuning solver parameters in mind, we choose this settihgdoeasons.
First, the runtime of our algorithm will largely depend on the time that it takes to@iethe fitness
of individuals. Note that this requires running the given solver on somehreark instances. By
selecting only a small portion of the fittest individuals in one subgroup of dpailation, we can
save a substantial number of fitness evaluations compared to the traditeonad applying a fithess
ranking on all individuals.

Second, because of the expected very large cost to evaluate the ditrresmdividual, in our
application we will not be able to sustain a very large number of individualsarptipulation.
Consequently, we cannot afford to lose partially good genes just bedlaely first occurred in a less



Fig. 1. Variable Tree.

fitindividual. By randomly assigning new offspring to one of the two gsyupe increase the chance
that good genes survive as they may occur in individuals which belong toath-competitive part
of the population. That is, the individuals in this group serve as a “varieie’s of potentially
beneficial gene-collections which are only indirectly subjected to the seateptaress. Note that
recombining information from non-competitive solutions has been founeftaéad in other contexts
as well — for example when solving vehicle routing problems [18].

The individuals in the non-competitive part of the population can of costibde expected to
improve in average fitness over time. However, this happens without thittoewaluate directly
the fitness of these individuals: Less fit parents are likely to have ledsléiten and half of those
can be expected to belong to the competitive part of the population. Thédeechif they are
indeed not fit enough, will not be able to propagate their genes into thelgdd-generation.
Consequently, the chances that the genetic line of unfit parents wilvsuaxe greatly diminished.
Note that this dynamic system agrees more closely with our modern undéngtaricevolution
where the “survival of the fittest” is viewed more as the struggle for sahaf genetic lines rather
than that of individual beings.

2.3 Variable Trees

Apart from the fact that the introduction of gender will help reduce thelmer of fithess evalu-
ations, in nature the invention of gender went hand-in-hand with the invenfioecombination.
Only sexual organisms have separate chromosomes which can be combangittary ways. This
recombination process is realized by individuals having multiple sets of the gietitome — in hu-
mans for example there is one set of chromosomes from each parent.design we did not go
quite as far as to introduce multiple copies of the genome. However, the ideeettan genes
ought to be inherited as a set while others may be permuted and recomiiigatiar aligns nicely
with our expectation that certain groups of parameters will be linked morelgltgan others.

Therefore, we allow the user to define the design of the genome by passiegific structure of
the problem variables. With our application in mind, the variables will of cobese parameters of
the solver to be tuned. In particular, to couple and de-couple varialdesnfeters), the user passes
a variable structure which is inspired by And/Or-trees (see, e.g., [IBP.idea is that And-nodes
separate variables that can be optimized independently.

To specify the parameters of a solver and their relation, we distinguishtilpes of variables:
continuous and integer variables, both associated with an upper andreblowed and categorical
variables that come with an explicitly given list of feasible valuesafiabletreeis a tree where:

— Each node is labelled with a variable or the additional label “&”, and eachl@no variable is
associated with at least one node.



Fig. 2. Crossover Operator.

— Nodes associated with continuous or integer variables have at most itltheacldl And-nodes
have at least two child-nodes.

— The children of categorical nodes partition the set of values that theinpeaariable can take.
Branches leading to the children are labelled by the respective valddf® categorical vari-
able.

In Figure 1, we illustrate a variable tree for the minimization of the function
1 (%;”*“” + (24 — 2)2) +2(1-a1) ( 2 7]+ (22w — 1)2) wherebyz; is categorical and takes
values 0 or 1z, z3 are continuous and take values{n 1], andz4, z5 are integer variables taking
values in{1, 2, 3}. This function is used merely to show an interesting semantic tree for illustration
purposes. We see that the structure reflects that,oniseset to 0, the pair of variablas, x3 can be
optimized independently af4. Also, oncer; is setto 1 and:3 has been assigned a value, variables

9 andzs can be optimized independently.

2.4 A Gender-based Genetic Algorithm

We now have all concepts in place to describe our Gender-based Gélgetithm (GGA) for
the automatic configuration of solvers. GGA uses paraméer®, M, A, S) which are used in the
following way:

— Initialization: First, we randomly initialize the population and assign a gender C (for compet-
itive) or N (for non-competitive) and an “age” of 1 td years uniformly at random to each
individual. In our experiments, we sdtto 3.

— Mating Rules: Among the individuals with gender C, we select the 26% (in our experiments
we setX to 10%). These have gained the right to mate in this se@801A% of individuals of
gender N are assigned uniformly at random to one of the mating individiglsnaler C. The
individuals of gender C then mate with all individuals of gender N which len assigned to
them.

— Crossover:Each mating of a couple results in one new individual with age 0 and randodeg
The genome of the offspring is determined by traversing the variable tregotep (compare



Crossove(ParameterTre€so, T, Ts)

1:
. if (type[curNode]=And) OR (value[nodeCl=value[nodeMign

17:
18:
19:
20:
21:
22:
23:
24.
25:
26:
27
28:
29:
30:
31:
32:
33:
34
35:
36:
37:
38:
39:
40:
41.
42.
43:
44.
45:
46:
47.

curNode— rootOf(I3), nodeC«— rootOf(T), nodeN« rootOf(Ty)

label[curNode}— O, value[curNode} value[nodeC]
else
if rand() mod 2 = @hen
label[curNode}— C, value[curNode}— value[nodeC]
else
label[curNode}— N, value[curNode}— value[nodeN]
end if

s end if
: S—{curNode}
: while (S# () do

curNode— pick(S), S« S\ {curNode}
for all childNodes of curNodedo
S— SU{childNode}
nodeG— correspondingNod&{-, childNode)
nodeN— correspondingNod&(y, childNode)
if label[curNode]=Cthen
if type[childNode]=ORhen
if value[nodeC]=value[nodeNhen
label[childNode}— O, value[childNode}— value[nodeC]
else
if rand() mod 2 = Ghen

label[childNode}— C, value[childNode}— value[nodeC]

else

label[childNode}— N, value[childNode}— value[nodeN]

end if
end if
else
label[childNode}— O, value[childNode}— value[nodeC]
end if
continue
end if
if label[curNode]=Chen
parLablk— C, parVal«— value[nodeC]
oParLabk— N, oParVal— value[nodeN]
else
parLablk— N, parVal— value[nodeN]
oParLabk— C, oParVak— value[nodeC]
end if
if rand() mod 100< § then
label[childNode}— oParLabl, value[childNode}- oParVal
else
label[childNode}— parLabl, value[childNode}- parVal
end if
end for
end while

Algorithm 1: Crossover Algorithm.




with Algorithm 1 and Figure 2). A node can be labelled O (“open”), C, oifthe root is an
And-node, or if both parents agree on the value of the root-variabléalved it O. Otherwise,
we randomly assign it label C or N (Lines 5 and 23). The algorithm contihyésoking at the
children of the root (and so on for each new node). If the label of #rer node is C (or N)
then with probabilityP% we also label the child with C (N), otherwise with N (C) (Line 41). In
our experiments we sét to 90%.

Finally, the variable assignment associated with the offspring is given byathes from the C
(N) parent for all nodes labelled C (N). For variable-nodes labelle@® parents agree on its
value, and we assign this value to the variable. Note that this procedertidfy combines
a uniform crossover for child-variables of open And-nodes in thealbe tree (thus exploiting
the independence of different parts of the genome) and a randomizedIeiphipt crossover
for variables that are more tightly connected.

— Mutation: As a final step to determine the offspring’s genome, with probahili86 we mutate
the value of each variable (in our experiments, welMdeto 10%). If we mutate a categorical
variable, we choose a new value in its domain uniformly at random. For conténand inte-
ger variables, we choose a new value according to a Gaussian distrildtere the current
value marks the expected value and the variance is sg¥asf the variable’s domain. In our
experiments, we set to 5%.

— Death: After the new offspring is created, all individuals’ ages are increayetl Those with
age greater thad are removed from the population. In combination with the mating rules that
only 200/ A% of individuals of gender N mate in every season, this stabilizes the totalgiam
size.

Before use this algorithm for the configuration of solvers, we first tamt Eome generic opti-
mization functions of three different typef: = >, (z2;x2i41 — pi)?,
fo = Y (@3ixsip1sive — ¢i)% and fs = 3 ((wzixsip1 — vi)? + (z3iw3i12 — w;)?), whereby
all variables take integer values {0, ..., 15} and constants;, v;, w; € [0,15%], ¢; € [0,15%] are
chosen uniformly at random.

For each of these functions we compare three different variable treegatermine the genome
structure: The completely independent structure (IND) with one Anceraddhe root and all vari-
ables as its children, the completely dependent structure (DEP) whe@rialbkes form one long
chain, and the semantic structure (SEM) that results from the static andlgsistoof the functions
(with independent tuple€ra;, x2;11) in f1, (%3, T3i+1, T3i+2) IN fo and f3, whereby in the latter
x3;+1 andzs; o are independent oneg, has a value). Table 1 compares Gender-based GA (GGA)
with the GA library GALib from [21]. The genome for the latter is determineddgyresenting each
variable as a four-bit string which tests showed to yield the best resubtrols-over and mutation
probabilities were set to 1 and 0, respectively, which our own parameter tonfirmed to be the
best parameter settings for this optimization system. For our algorithm, we ttteoparameter the
set (10,90, 10, 3,10). That is, only the top 10% of competitive individuals are allowed to mate in
each season; with probabili§0% a child-variable inherits the value from the same parent as its
parent-variable in the variable tree; the mutation-rate is 10%; individualdtdic3amating seasons;
and nodes in the child variable trees will randomly change their assignnoemtlfieir parent’s with
probability 10%.

The results clearly show the benefits of introducing gender to reduceuthber of function
evaluations. Only half of the population is evaluated in each season. Moree see that applying
different selection pressure on both genders results in significantly v@grsolution quality. For
example, when optimizings with a population size of 500 over 100 generations, the gender-based
approach using the semantic genome structure (SEM) on averagedaivii@svalues around 1,250



u' GGA
Prob-Pop-Genn IND DEP SEM GA
f1-1000-25 || 1.8(13.7)[29.8(13.7)1.4413.8)[ 7.19(26.0
f1-500-50 0.59(13.4) 28.9(12.8) 0.4(13.3) | 4.56(25.5
f1-2000-25 ||1.54(27.1) 29.3(27.7) 1.2927.6)| 6.67(52.0
f1-1000-50 ||0.46(26.0) 28.7(26.1) 0.31(26.0)| 4.41(51.0
f1-500-100 ||0.16(25.1)28.3(25.0)0.1325.5)| 2.69(50.5
f2-1000-25 {|1442(13.7)6075(13.8)122913.4)4962(26.0
f2-500-50 392(13.3)/5273(13.0) 340(13.0)|3127(25.5
f2-2000-25 ||110427.4)5121(25.3)1119(27.6)4405(52.0
f2-1000-50 || 307(25.6)5886(27.5) 304(25.8) |3184(51.0
f2-500-100 || 141(25.3)4830(25.4) 124(26.0)|2002(50.5
f5-1000-25 |[16.213.6)|18.5(13.9]16.4(13.7)43.2(26.0
f3-500-50 5.7513.2)|8.01(13.5) 6.33(13.7) 31.9(25.5
f3-2000-25 [|14.7(27.5)15.9(27.5) 13.127.2)| 41.3(52.0
f5-1000-50 || 4.86(25.9)|6.40(26.5)5.27(25.8) 31.8(51.0
f3-500-100 ||1.33(26.5) 1.7(27.1)|1.2525.8)|22.5(50.5

Table 1. Numerical Results for generic function minimization. We give the avesajyation value and, in parenthesis,
the number of function evaluations (both in thousands) for 50 runs.
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Fig. 3. Average (dashed) and best (solid) fithess for the competitive (béanzkjpon-competitive (gray) populations when
optimizing f» (averages over 25 runs).

at the cost of 25,800 fitness evaluations. The standard genetic algogtfommps 50,500 evaluations
and still only achieves average solution values of 22,500.

The effectiveness of our variable tree is also confirmed. The semamtiesalted in better per-
formance in nearly all of our tests, and was only slightly outperformed lyiliNthe few instances
where the latter performed better.

In Figure 3 we show how the average and the best fithess in both pares pdploilation evolve
over the course of several generations. Even though it may not lesre éxpected, the average
and best fitness in the non-competitive part of the population are noeviloas in the competitive
part. This is of course caused by the fact that gender is assignedhngndnd the fitness of new
individuals (no matter to which gender they belong) is determined by the fitfdssth parents.
Consequently, we found that the overall best solution was equally afterdfin both genders.

3 Automatic Solver Configuration

By representing the genome as a variable tree which is defined by thef tiserconfiguration sys-
tem, the outlined genetic algorithm can be applied directly for the task of tuningrgmrameters.
Note that our approach allows a separation of setting the structure of thegiers (which would
typically be done by the developer of the solver) and selecting the trainitgnces (which are



GA GGA Improvement
‘ Avg. |Std. Dev|Avg.|Std. Dey, [%]
Time |[23.5K 4.48K || 926| 1.12K 96
Quality| 1.75 1.57 H0.0? 0.01 96

Table 2. Experimental results of a standard GA vs. GGA for configuring SAPS avititoff of 10 seconds. We report the
average total CPU time over 10 runs of the tuners as well as the avelatjersquality. All times are given in seconds.

best selected by the user of the solver). While using the same parametariestes ParamlILS,
the variable tree representation does not require discretization of consimmarameters and offers
a richer way of specifying parameter correlations.

To apply our genetic approach for solver configuration we only neegedoify the function
which selects the toX % of the competitive part of the population. We could of course run all
individuals (i.e., parameter sets) on all training instances and then seldmshenes. However,
this costs a lot of time, especially when the task is to minimize the expected averdgee of
the target algorithm, which is the most common evaluation criterion for solveithid case, we
run the different parameter sets in parallel, and as soon as th&Pes$tave finished, we interrupt
all remaining runs. This way, the time spent is largely determined by the qualibeofery good
parameter sets.

For larger population sizes, creating too many parallel threads or pexés not appealing.
In these instances, we partition the competitive population into smaller groypsalty between
5 and 10 members per available CPU) and select the ¥&stof this subgroup by running them
in parallel. This is repeated until all groups have found their winnersutregperiments, we used
groups of 8.

The size of the training set is also an important consideration. Many traingignices are
desirable so as to avoid an over-tuning effect where we find paranst$anvkich work particularly
well for the training instance but do not generalize. On the other haatljaing each parameter set
on all available instances costs a lot of time. [10] proposed a focusedagbpwhich results in more
evaluations of better parameter sets. In our setting, we could employ thg feszimework from [2]
for selecting the top competitive individuals. However, we take the pragiaatipoint that we will
normally not have access to as many training instances as we would like (ishigtessary to
obtain the theoretical guarantees that the probability of over-tuning mgpewé¢o zero). Therefore,
in each mating season we select a random subset of all available trainiagces and race the
competitive individuals on those. In subsequent generations we alsagethe relative size of the
subset linearly, so that the comparison of different parameter setsesenore and more accurate
the better the parameter sets become.

4 Numerical Results

4.1 Gender Separation for Solver Configuration

We first compare our configurator with a “standard” genetic algorithmoafestrate the advantages
of the gender separation for configuration. We use a standard gefggrittan along with our
variable tree and crossover operations.

We compute 40 generations with a population of 30 individuals for both gealgfizithms.
The standard GA does not perform a gender separation and usésrardifnating scheme: Each
individual in the population is evaluated in each generation. The oldestahitte population is
replaced by new offspring. This is formed by mating two individuals from gbpulation. The
probability of an individual being chosen for mating is proportional to its §itne



In Table 2 we report the configuration time as well as the runtime of the tanfetrsvhen
using the final set of parameters for both configurators. The trainisgeae on a set of 113 SAT
instances, the quality of the configuration was evaluated on a set of f@eéedif SAT instances
(see [10]). The tests were run on a AMD Athlon 64 3000+ CPU with 2 GB RAM

We see that GGA works 20 times faster and returns configurations wiachwh better. Com-
pared to running SAPS with the parameters found by the GA, SAPS reaquitgsabout 4% of
the runtime using the parameter set returned by GGA. The great reductonfiguration time is
mainly due to the fact that it is sufficient for GGA to find the top 10% of the cditipeindividuals.
This can be done by racing parameter sets against each other, rathevahaating them all. Since
bad parameter settings can take a lot of time (the effect is softened by tHieofudtd seconds, but
still significant), GA wastes a lot of time evaluating bad solver configurations.

This alone does not explain the greatly improved quality, though. As se®erea our pre-
liminary experiments optimizing a generic function, the gender separation iggptbe solution
quality by providing a store of genes which diversify the search angepteus from getting stuck
in local optima even though we aggressively select only the top 10% of thpetitive individuals
for mating.

4.2 GGA vs. ParamlILS

We evaluate our system on two of the same target algorithms that [10] uséwbvotisat their
ParamlILS approach outperforms the CALIBRA system from [2]. Tteeeahe previously consid-
ered SAPS solver and SAT4J, a systematic solver for SAT. The benklseizior SAPS consists of
113 SAT instances for training and 100 different instances for testinge SAPS is a randomized
solver, the instances are paired with 10 different seeds each. Wehes&¥WGCP benchmark set
from [10] for configuring SAT4J. It consists of 1000 SAT instanoastfaining and 1000 different
instances for testing. In addition, we compared our solver with ParamILliBeotarget algorithm
SPEAR, another systematic SAT solver. SPEAR was tuned by ParamIL$ Agf@n, we used the
SWGCP benchmark for training and testing. The parameter tree structtivesef solvers is given
in the Appendix in figures 4,5, 6 and 7.

Algorithms SAPS and SPEAR were run on a 32bit Linux Intel Core2 Quad QB600 with
2.4GHz and 3GB RAM, SAT4J was run on a 64bit Linux Intel Xeon with 2.&&Hd 8GB RAM.
The objective in all experiments is to minimize the mean runtime of the solver. WeGanf@& 100
generations with a population size of 200 for SAPS and 50 for SPEARS&B4J, we ran GGA for
70 generations with a population of size 60. This resulted in total CPU timesfbigaration that
never exceed the 10h cutoff which was used for ParamILS when configBAPS and SPEAR,
and a 20h cutoff for SAT4J.

In Table 3 we show the results of 20 configuration runs of Parat#rl our Gender-based
genetic algorithm (GGA) when configuring solvers SAPS and SAT4J. ¥induish two different
versions of SAT4J: SAT4J with a full parameter set some of which allow ¢hesto return un-
satisfying SAT solutions, and SAT4J* with a limited parameter set all of whictefthe solver to
return only feasible solutions.

The table gives the final average computation time for the instances in thegrasmrell as the
test set. Comparing the training and test performances, we see that GGAcesrately assesses
the expected performance. For SAPS and SAT4J*, ParamILS alsssassits performance quite
accurately. However, for SAT4J, ParamILS returns parameters vgadiorm quite badly on the
training set and perform a lot better on the test set. For example, in caatfagurun 1 ParamILS

! Thanks to Frank Hutter for providing support of ParamILS and thuarsolvers!



ParamILS GGA ParamILS| GGA ParamILS| GGA
Runl| Train| Test|| Train| Test Run||Train| Test | Train| Test Run||Train| Test | Train| Test
1 |(|51.5852.12|37.2535.44 1 3.65|0.99|1.07(1.07 1 2.20|2.86/| 3.19|2.92
2 |(|/53.9151.45|46.1541.69 2 1.06(1.07| 1.05|1.06 2 5.06|5.41}| 3.99/3.66
3 ||55.31] 50 ||55.8549.52 3 1.07(1.07| 1.06|1.06 3 4.70|5.78| 3.01{2.92
4 ||55.11 51.8(|36.07 33.4 4 0.99|1.05| 1.06{1.07 4 2.4412.58| 2.90(2.99
5 ]/53.7250.91|46.15 40.1 5 5.11|2.22|1.07({1.14 5 2.56|2.57)| 3.06|3.14
6 |(|54.96 52.4||35.6833.56 6 1.04(1.04| 3.20|3.90 6 2.48|2.76| 2.92|2.93
7 ||54.67152.79|34.69 32.2 7 5.29|2.31j| 1.05|1.05 7 2.52|2.77)| 3.00/2.95
8 ||55.11149.91||37.5432.76 8 6.27(2.38| 1.06/1.06 8 2.55|2.66/| 2.90(2.92
9 (/56.2451.09(38.2435.42 9 1.05(0.53| 1.04|1.05 9 2.80(2.96 3.01/3.00
10 ||56.2651.31| 34.7|33.53 10 |/ 1.06|1.07]| 1.05|1.05 10 |[|2.57|2.92| 2.96|2.93
11 |{|55.0252.26|35.9934.52 11 (| 1.17|1.06] 1.14|1.06 11 || 2.45|3.92|2.87|2.93
12 (|54.2951.61| 36.1(33.99 12 [ 1.04|/1.05|1.05|1.13 12 {|4.90(5.05|2.87|2.79
13 ||54.3151.42|36.3533.59 13 |[|1.05|1.06 1.07|1.07 13 || 2.49|3.93|3.01|2.81
14 {|56.5852.31|37.4234.58 14 || 1.05|1.05| 1.05|1.06 14 (| 2.41]2.92]2.96|2.81
15 (|57.3854.15|38.7936.66 15 [ 1.04|1.05| 1.05|1.06 15 || 5.25|5.93|3.01|2.70
16 57 |54.09|52.9852.25 16 || 6.34|6.83|1.08|1.08 16 (| 4.21/4.36]|3.29|3.12
17 {|56.31 52.6||35.7832.68 17 (| 5.17(5.35|1.07|1.07 17 | 4.89|5.39(4.91|4.88
18 58 |53.73(38.5935.06 18 (| 4.70|4.32| 1.05|1.06 18 || 2.54|2.63| 3.34|3.24
19 (|54.5251.83|35.83 33.9 19 (| 5.57|5.20( 1.06|1.06 19 || 2.48|2.55|2.92|2.92
20 (|61.4755.85|36.5734.56 20 |/ 5.03|4.97/|1.05|1.06 20 || 2.45|2.42| 3.04|3.06
@ ||/ 55.6]/52.2|| 39.3|36.5 @ |2.94]2.28(1.17|1.21 @ 3.2 |3.62|3.16/3.08
o 2.011.44| 6.0 | 55 o 2.2 11.92|0.48|0.63 o 1.12(1.240.48|0.47

Table 3. Experimental Results for Configuring SAPS (left), SAT4J (middle), 8Ad4J* (right).

ParamILS GGA Welch'’s t-test |Improvement
Problem Train Test Train Test t(1-tail)|t(2-tail) [%]
SAPS [ms]| 55.8(2.3)|52.4(1.78)| 38.8(5.5)| 36.0(5.0)|| < 0.01|<0.01| 31.30
SPEAR [s]|1.58 (0.088)1.49 (0.087)/1.58 (0.086)1.50 (0.077)) 0.33 | 0.65 -0.67
SAT4)  [s]| 2.85(2.12) 2.38 (1.97)|| 1.25 (0.67) 1.29 (0.76)|| 0.01 | 0.01 45.80
SATAY [s]|| 3.32(1.11) 3.74 (1.28))| 3.28 (0.89)| 3.20 (0.81)|| 0.04 | 0.08 14.4

Table 4. Experimental results of ParamILS and GGA for various solvers. We giean solver times on the training
and test sets and, in brackets, the standard deviation over 20 cotifigutans. We used Welch’s t-test with the null
hypothesis “the test time results of ParamILS are not different than $hére results of GGA.”

finds a parameter set which actually works very well on the test set, ahhthegperformance on
the training set is quite miserable. In configuration run 7, ParamILS alse &irseét of parameters
which actually works better on the test set than on the training set. Hoviegdest performance is
almost 100% worse than the average performance achieved by GGA.

In terms of solution quality, GGA achieves significant improvements, outpeifig ParamILS
on all three configuration tasks. For SAPS, GGA's worst parameteeselts in an average per-
formance of 52.25 ms per test instance, which is still better than the avesag®IPS parameter
set which requires 52.4 ms. Comparing average test performancékatdeeal), GGA's parameters
improve those of ParamILS when configuring SAPS by more than 30%. &ADtJ GGA returns
parameters which are on average 45% better than those provided loyiPayand for SAT4J* by
over 14%. Considering that configuration is essentially a complex optimizatdtgm, this is a big
margin. We are not aware of any other application where a populatiadzgegproach outperforms
a state-of-the-art sequential local search algorithm that significamttycdmparison, [10] reported
a 19% improvement over CALIBRA when configuring SAPS so as to minimize mediatime.

Looking at the standard deviation over the different configuration, mressee that the genetic
approach performs much more robustly than iterated local search wtzoskasd deviation is at



times as large as its mean. We attribute the solid performance of GGA to the mdgisfrgenetic
algorithms which are known to cope well even when objective landscapewisy and rugged as
can be expected in algorithm configuration. Note that ParamILS wageelgorfind parameter sets
which already improve on the manually set SAPS defaults by three to foersofimagnitude. The
great additional improvement by GGA is fairly surprising and shows justimard it actually is to
find near-optimal parameters.

Finally, in Table 4 we also report the results when configuring the SPEA&am. We find that
both ParamILS and GGA perform equally well for this configuration pnoblé/e have no actual
lower bounds on the performance that can be achieved by SPEAR ebtnjecture that there is
simply not much room for improving this algorithm any further.

5 Conclusion

We considered the problem of automatically configuring solvers. We pagpa genetic algorithm
for this task and showed that it robustly provides high quality parametewbk@th can significantly
improve over those found by the pioneering system from [10]. To speaid exploit the dependen-
cies of parameters, we introduced a special structure which results int@matic de-coupling of
independent parameters in the cross-over operator.

To improve performance, our approach introduced a gender sepavehich we believe to
be of interest for genetic algorithms in general, especially when populaties are small and
the optimization costs are largely determined by the number of fithess evaluatiblas makes
a genetic approach appealing for our application is its robustness angnnlparallelism. Our
preliminary parallelization already resulted in substantial speed-ups. &\&uarently working on
an efficient parallelization of our code which will provide the practicaidfs configuring solvers
that require more computation time. As future work, we are considering tdyidogrove good
parameter sets which have been found, thus transforming our geneti¢hadginto a memetic
algorithm.
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Fig. 4. Flat (independent) parameter tree for SAPS.

Fig. 5. Parameter tree for SAT4J.

6 Appendix

In the absence of specific information from the solver developers, wstrtwted our parameter
trees based on descriptions of the parameters in each solver’s doctiomerftaese parameter trees
are given in Figures 4, 5, 6 and 7. Each of these parameter trees basaad node (shown by
&) which does not take on any value. In the case of SAT4J, for exampieg uts documentation
we determined that the parameter “periodl’) (s only necessary when “orderCj takes certain
values and therefore has a dependence on “or@x"I{ is possible that people with more intimate
knowledge of the internal workings of the solvers could improve our bleitrees to be more
descriptive. The results of tuning these target algorithms are giventiosdc We refer to [10] for
more information on the values the parameters can take. Note that in contRssttolLS, we do
not discretize continuous parameters since they are supported by GGA.

Figure 5 displays the structure of the parameter tree for the solver SAh&Jnames of the
parameters are listed below:

A. DSF G. conflictBound
B. learning H. initConflictBound
C. order I. activityPercent
D. SIMP J. maxLength

E. varDecay K. limit

F. claDecay L. period
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Fig. 6. Parameter tree for SPEAR (first half).

Fig. 7. Parameter tree for SPEAR (second half).

Figures 6 and 7 present the parameter tree for the solver SPEAR. iirtes wd the parameters
are listed below, and for more information on the function and domains of fazaeneters we refer

to [9].
1. sp-var-dec-heur

[ el
wN PO

©CONOO~WN

sp-learned-clause-sort-heur
sp-orig-sort-heur
sp-clause-del-heur
sp-phase-dec-heur
sp-resolution
sp-variable-decay
sp-clause-decay
sp-restart-inc
sp-learned-size-factor

. sp-learned-clauses-inc
. Sp-clause-activity-inc
. Sp-var-activity-inc

14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24,
25.
26.

sp-rand-var-dec-freq
sp-rand-var-dec-scaling
sp-first-restart
sp-update-dec-queue
sp-use-pure-literal-rule
sp-clause-inversion
sp-rand-phase-dec-freq
sp-rand-phase-scaling
sp-res-order-heur
sp-max-res-lit-inc
sp-res-cutoff-cls
sp-res-cutoff-lits
Sp-max-res-runs



