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Abstract. This paper investigates the optimal sampling and the speed-
up obtained through sampling for the sampled OneMax problem. Theo-
retical and experimental analyses are given for three different population-
sizing models: the decision-making model, the gambler’s ruin model, and
the fixed population-sizing model. The results suggest that, when the de-
sired solution quality is fixed to a high value, the decision-making model
prefers a large sampling size, the fixed population-sizing model prefers
a small sampling size, and the gambler’s ruin model has no preference
for large or small sizes. Among the three population-sizing models, sam-
pling yields speed-up only when the fixed population-sizing model is
valid. The results indicate that when the population is sized appropri-
ately, sampling does not yield speed-up for problems with subsolutions
of uniform salience.

1 Introduction

Over the last few decades, significant progress has been made in the theory,
design and application of genetic and evolutionary algorithms. A decomposition
design theory has been proposed and competent genetic algorithms (GAs) have
been developed (Goldberg, 1999). By competent GAs, we mean GAs that can
solve hard problems quickly, reliably, and accurately. Competent GAs render
problems that were intractable by first generation GAs tractable requiring only
a polynomial (usually subquadratic) number of function evaluations.

However, in real-world problems, even the time required for a subquadratic
number of function evaluations can be very high, especially if the function eval-
uation is a complex model, simulation, or computation. Therefore, GA practi-
tioners have used a variety of efficiency enhancement techniques to alleviate the
computational burden. One such technique is evaluation relazation (Sastry and
Goldberg, 2002), in which the accurate, but costly fitness evaluation is replaced
by a cheap, but less accurate evaluation. Partial evaluation through sampling
is an example of evaluation relaxation, and sampling has empirically shown to
yield significant speed-up (Grefenstette & Fitzpatrick, 1985)). Evaluation relax-
ation through sampling has also been analyzed by developing facetwise and di-
mensional models (Miller & Goldberg 1996a; Miller, 1997; Giguére & Goldberg,

E. Canti-Paz et al. (Eds.): GECCO 2003, LNCS 2724, pp. 1554-[1565] 2003.
© Springer-Verlag Berlin Heidelberg 2003


Verwendete Distiller 5.0.x Joboptions
Dieser Report wurde automatisch mit Hilfe der Adobe Acrobat Distiller Erweiterung "Distiller Secrets v1.0.5" der IMPRESSED GmbH erstellt.
Sie koennen diese Startup-Datei für die Distiller Versionen 4.0.5 und 5.0.x kostenlos unter http://www.impressed.de herunterladen.

ALLGEMEIN ----------------------------------------
Dateioptionen:
     Kompatibilität: PDF 1.3
     Für schnelle Web-Anzeige optimieren: Nein
     Piktogramme einbetten: Nein
     Seiten automatisch drehen: Nein
     Seiten von: 1
     Seiten bis: Alle Seiten
     Bund: Links
     Auflösung: [ 2400 2400 ] dpi
     Papierformat: [ 594.962 841.96 ] Punkt

KOMPRIMIERUNG ----------------------------------------
Farbbilder:
     Downsampling: Ja
     Berechnungsmethode: Bikubische Neuberechnung
     Downsample-Auflösung: 300 dpi
     Downsampling für Bilder über: 450 dpi
     Komprimieren: Ja
     Automatische Bestimmung der Komprimierungsart: Ja
     JPEG-Qualität: Maximal
     Bitanzahl pro Pixel: Wie Original Bit
Graustufenbilder:
     Downsampling: Ja
     Berechnungsmethode: Bikubische Neuberechnung
     Downsample-Auflösung: 300 dpi
     Downsampling für Bilder über: 450 dpi
     Komprimieren: Ja
     Automatische Bestimmung der Komprimierungsart: Ja
     JPEG-Qualität: Maximal
     Bitanzahl pro Pixel: Wie Original Bit
Schwarzweiß-Bilder:
     Downsampling: Ja
     Berechnungsmethode: Bikubische Neuberechnung
     Downsample-Auflösung: 2400 dpi
     Downsampling für Bilder über: 3600 dpi
     Komprimieren: Ja
     Komprimierungsart: CCITT
     CCITT-Gruppe: 4
     Graustufen glätten: Nein

     Text und Vektorgrafiken komprimieren: Ja

SCHRIFTEN ----------------------------------------
     Alle Schriften einbetten: Ja
     Untergruppen aller eingebetteten Schriften: Nein
     Wenn Einbetten fehlschlägt: Warnen und weiter
Einbetten:
     Immer einbetten: [ /Courier-BoldOblique /Helvetica-BoldOblique /Courier /Helvetica-Bold /Times-Bold /Courier-Bold /Helvetica /Times-BoldItalic /Times-Roman /ZapfDingbats /Times-Italic /Helvetica-Oblique /Courier-Oblique /Symbol ]
     Nie einbetten: [ ]

FARBE(N) ----------------------------------------
Farbmanagement:
     Farbumrechnungsmethode: Farbe nicht ändern
     Methode: Standard
Geräteabhängige Daten:
     Einstellungen für Überdrucken beibehalten: Ja
     Unterfarbreduktion und Schwarzaufbau beibehalten: Ja
     Transferfunktionen: Anwenden
     Rastereinstellungen beibehalten: Ja

ERWEITERT ----------------------------------------
Optionen:
     Prolog/Epilog verwenden: Ja
     PostScript-Datei darf Einstellungen überschreiben: Ja
     Level 2 copypage-Semantik beibehalten: Ja
     Portable Job Ticket in PDF-Datei speichern: Nein
     Illustrator-Überdruckmodus: Ja
     Farbverläufe zu weichen Nuancen konvertieren: Ja
     ASCII-Format: Nein
Document Structuring Conventions (DSC):
     DSC-Kommentare verarbeiten: Ja
     DSC-Warnungen protokollieren: Nein
     Für EPS-Dateien Seitengröße ändern und Grafiken zentrieren: Ja
     EPS-Info von DSC beibehalten: Ja
     OPI-Kommentare beibehalten: Nein
     Dokumentinfo von DSC beibehalten: Ja

ANDERE ----------------------------------------
     Distiller-Kern Version: 5000
     ZIP-Komprimierung verwenden: Ja
     Optimierungen deaktivieren: Nein
     Bildspeicher: 524288 Byte
     Farbbilder glätten: Nein
     Graustufenbilder glätten: Nein
     Bilder (< 257 Farben) in indizierten Farbraum konvertieren: Ja
     sRGB ICC-Profil: sRGB IEC61966-2.1

ENDE DES REPORTS ----------------------------------------

IMPRESSED GmbH
Bahrenfelder Chaussee 49
22761 Hamburg, Germany
Tel. +49 40 897189-0
Fax +49 40 897189-71
Email: info@impressed.de
Web: www.impressed.de

Adobe Acrobat Distiller 5.0.x Joboption Datei
<<
     /ColorSettingsFile ()
     /AntiAliasMonoImages false
     /CannotEmbedFontPolicy /Warning
     /ParseDSCComments true
     /DoThumbnails false
     /CompressPages true
     /CalRGBProfile (sRGB IEC61966-2.1)
     /MaxSubsetPct 100
     /EncodeColorImages true
     /GrayImageFilter /DCTEncode
     /Optimize false
     /ParseDSCCommentsForDocInfo true
     /EmitDSCWarnings false
     /CalGrayProfile ()
     /NeverEmbed [ ]
     /GrayImageDownsampleThreshold 1.5
     /UsePrologue true
     /GrayImageDict << /QFactor 0.9 /Blend 1 /HSamples [ 2 1 1 2 ] /VSamples [ 2 1 1 2 ] >>
     /AutoFilterColorImages true
     /sRGBProfile (sRGB IEC61966-2.1)
     /ColorImageDepth -1
     /PreserveOverprintSettings true
     /AutoRotatePages /None
     /UCRandBGInfo /Preserve
     /EmbedAllFonts true
     /CompatibilityLevel 1.3
     /StartPage 1
     /AntiAliasColorImages false
     /CreateJobTicket false
     /ConvertImagesToIndexed true
     /ColorImageDownsampleType /Bicubic
     /ColorImageDownsampleThreshold 1.5
     /MonoImageDownsampleType /Bicubic
     /DetectBlends true
     /GrayImageDownsampleType /Bicubic
     /PreserveEPSInfo true
     /GrayACSImageDict << /VSamples [ 1 1 1 1 ] /QFactor 0.15 /Blend 1 /HSamples [ 1 1 1 1 ] /ColorTransform 1 >>
     /ColorACSImageDict << /VSamples [ 1 1 1 1 ] /QFactor 0.15 /Blend 1 /HSamples [ 1 1 1 1 ] /ColorTransform 1 >>
     /PreserveCopyPage true
     /EncodeMonoImages true
     /ColorConversionStrategy /LeaveColorUnchanged
     /PreserveOPIComments false
     /AntiAliasGrayImages false
     /GrayImageDepth -1
     /ColorImageResolution 300
     /EndPage -1
     /AutoPositionEPSFiles true
     /MonoImageDepth -1
     /TransferFunctionInfo /Apply
     /EncodeGrayImages true
     /DownsampleGrayImages true
     /DownsampleMonoImages true
     /DownsampleColorImages true
     /MonoImageDownsampleThreshold 1.5
     /MonoImageDict << /K -1 >>
     /Binding /Left
     /CalCMYKProfile (U.S. Web Coated (SWOP) v2)
     /MonoImageResolution 2400
     /AutoFilterGrayImages true
     /AlwaysEmbed [ /Courier-BoldOblique /Helvetica-BoldOblique /Courier /Helvetica-Bold /Times-Bold /Courier-Bold /Helvetica /Times-BoldItalic /Times-Roman /ZapfDingbats /Times-Italic /Helvetica-Oblique /Courier-Oblique /Symbol ]
     /ImageMemory 524288
     /SubsetFonts false
     /DefaultRenderingIntent /Default
     /OPM 1
     /MonoImageFilter /CCITTFaxEncode
     /GrayImageResolution 300
     /ColorImageFilter /DCTEncode
     /PreserveHalftoneInfo true
     /ColorImageDict << /QFactor 0.9 /Blend 1 /HSamples [ 2 1 1 2 ] /VSamples [ 2 1 1 2 ] >>
     /ASCII85EncodePages false
     /LockDistillerParams false
>> setdistillerparams
<<
     /PageSize [ 595.276 841.890 ]
     /HWResolution [ 2400 2400 ]
>> setpagedevice


Optimal Sampling and Speed-Up for Genetic Algorithms 1555

1998). This study extends the theoretical analyses and investigates the utility of
sampling as an evaluation-relaxation technique.

The objective of this paper is to extend the work of Giguere and Goldberg
(1998) and incorporate the effect of sampling on both convergence time and
population sizing of GAs. Specifically, we concentrate on problems with sub-
structures of uniform salience. This paper is composed of four primary parts:
(1) background knowledge including previous work and an introduction to the
sampled OneMax problem, (2) the derivation of the optimal sampling sizes for
the decision-making model, the gambler’s ruin model, and the fixed population-
sizing model, (3) empirical results, and (4) extensions and conclusions of this
work.

2 Past Work

Grefenstette and Fitzpatrick (1985) achieved a great success in applying sam-
pling techniques to the image registration problem. Their success motivated
Miller and Goldberg (1996b)), which gave a theoretical analysis of a related prob-
lem. They derived and empirically verified the theoretical optimal sampling
size when the fitness function is clouded by an additive Gaussian noise. The
sampling methods in the above two papers have a subtle but significant differ-
ence. In |Grefenstette and Fitzpatrick (1985)), the variance becomes zero if full
sampling is used. However, in the additive Gaussian noisy OneMax problem
in Miller and Goldberg (1996b)), the variance of fitness function varies at the
sampling size. The variance can be very small when the sampling size is large,
but it will never be zero. More recently, |Giguere and Goldberg (1998)) investi-
gated a sampled OneMax problem (SOM) where the fitness value is calculated
by sampling. Their results showed that sampling is not really useful when the
gambler’s ruin population-sizing model (Harik, Cant’u-Paz, Goldberg & Miller,
1997; Miller, 1997) is adopted. Even though |[Giguére and Goldberg (1998)) have
investigated all population-sizing models discussed in this paper, they did not
consider convergence time. In addition, detailed analytical models are needed
for a better understanding of the sampling schemes as a technique of evaluation
relaxation.

3 Sampled OneMax Problem (SOM)

Before starting the derivation of our models of computational requirement, let
us first define the sampled OneMax problem (SOM). The SOM is basically the
OneMax or the counting ones problem, except the fitness value is computed by
sampling without replacement.

Fu(®) = +(Sies @), 1)

where Z is a chromosome (a binary string in SOM), z; is the value of the i-th
gene in the chromosome (0 or 1), n is the sampling size (0 < n <), S is a
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subset of {1,2,--- I} with a restriction that |S| = n, and [ is the chromosome
length. The term % is just for normalization so that the expectation of the
fully sampled fitness F(z) = X!_,x; is the same as the expectation of F,, for
all n. The variance of the noise introduced by sampling can be expressed as
follows (Giguere & Goldberg, 1998)):

s2 = Pr)(—pt) I —n @)

" n -1’

where p(t) is the performance model defined in [Thierens and Goldberg (1994]).
Initially, p(0) = 0.5. The number of function evaluations is defined as how many
bits the GA has sampled before convergence. We choose the SOM because (1)
it is linear and easy to analyze, and (2) the SOM is considered as a GA-easy
problem, the speed-up obtained for this problem should give an idea about how
sampling acts on other problems.

4 Optimal Sampling for the Sampled OneMax Problem
(SOM)

This section gives theoretical and empirical analyses of the optimal sampling
sizes for three different population-sizing models: the decision-making model,
the gambler’s ruin model, and the fixed population-sizing model for the SOM.

This section starts by deriving the number of function evaluations required
for the SOM as a function of the sampling size. Then with the number of function
evaluation model derived, the optimal sampling size is derived for each of the
three population sizing models. Finally, experimental results are shown to verify
the optimal sampling sizes derived.

In this section, we fix the solution quality (the average fitness of the popu-
lation) to (I — 1), where [ is the chromosome length, and try to minimize the
number of function evaluations through sampling. The desired solution quality
is set so high that the convergence time model is valid. Nearly full convergence
is one of the presumptions of the derivations of the convergence time models in
Sastry and Goldberg (2002)).

4.1 Model for Number of Function Evaluations for the SOM

Now let us derive the model for number of function evaluations for the SOM.
Sastry and Goldberg (2002)) indicated the time to convergence for those prob-
lems with uniformly-scaled building blocks (BBs) corresponds to the squared
root of the variance of the fitness function:

In(l)
teonv = T 0-12‘ + 07217 (3)

where I is selection intensity (Miihlenbein & Schlierkamp-Voosen, 1993). For
binary tournament selection, I = 1/y/7 ~ 0.5642 (Back, 1994). By Eq. @) and
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approximating o} by the initial variance Ip(0)(1 — p(0)), teony can be rewritten

as
l2
teons = C14/ — -1, (4)

where C; = lnl(l) . \/ﬁp(O)(l —p(0)).

The number of function evaluations is given by ny. = nGN, where n is the
sampling size, G is the number of generations, and NN is the population size. By
substituting G with t.n, obtained in Eq. @), the number of function evaluations
can be expressed as

2
nge = C1-nN l——l. (5)

n

Now that we have the model for the number of function evaluations for the
SOM, we are ready to derive the optimal sampling size for different population-
sizing models.

4.2 Optimal Sampling for the Decision-Making Model
The decision-making model (Goldberg, Deb, & Clark, 1992) is given by
N =TI'(c} +0}), (6)

where N is the population size, I is the population coefficient defined in Miller
& Goldberg (1996b), 0’? is the initial population fitness variance, and o2 is the
variance of the fitness noise.

By Eq. @) and substituting N into Eq. (Bl), ns. for the decision-making

model can be written as
12 %
e =0Csy - — =1 , 7
nge=Con (1) )

3
2

where Cp = 20 P (ﬁp(())(l - p(O)))

Equation (@) has a minimum at n = [, which means no sampling at all
(Fig. ). This is not surprising because the population sizing model is known as
an overestimation than needed for the desired solution quality. When sampling is
adopted, the noise introduced makes the population size even larger than needed
according to the decision-making model. As a result, the larger population size
results in a larger number of function evaluations.

4.3 Optimal Sampling for the Gambler’s Ruin Model
The gambler’s ruin model (Harik, Cant’u-Paz, Goldberg & Miller, 1997; Miller,

1997) is given by
N =7t +02), ®)
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Fig. 1. The relationship between ny. and n for the decision-making model

where N, 0]207 and o2 are defined the same as those in Eq. (6)), and I" is another
coefficient defined as

dmin

kmae 1s an estimate of the maximal length of BBs. v is the failure rate, defined
as the probability that a particular partition in the chromosome that fails to
converge to the correct BBs. In other words, (1 — 1) is the expected proportion
of the correct BBs in an individual. d,,;, is an estimate of the minimal signal
difference between the best and the second best BB. In other words, d, ;. is the
smallest BB signal that GAs can detect. In OneMax domain, both k., and
dymin are 1, which yields a simpler form for I'':

' = —y7n(y) (10)

By a similar algebraic process as in the previous subsection, the number of
function evaluations is expressed as

nge = Cs - (I —n), (11)

where C3 = 1n§l)1—1/ (ﬁp(O)(l - p(O)))
The minimum of Eq. () occurs at n = [, which means, again, no sampling
at all (Fig.[2). The gambler’s ruin model still prefers a larger sampling size, but
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Fig. 2. The relationship between ny. and n for the gambler’s ruin model

only with a slight preference. This can be shown by comparing the case of n =1
and n = [.

nge(n=1 1—1 1+1

npe(n=10) 12-1 1

(12)

For a 100-bit SOM problem, the difference of ny. is only 1%, which is so small
that can be neglected compared with the approximations in the derivations. As
a result, for the gambler’s ruin model, sampling does not make much difference.
The conclusion agrees with |Giguere and Goldberg (1998)).

4.4 Fixed Population-Sizing Model

The fixed population-sizing model is not an accurate model of GAs since it
does not account for the effects of problem size and noise. However, it is widely
adopted in real-world applications, such as in Grefenstette and Fitzpatrick (1985).
Therefore, it is worthwhile to investigate this model as well. In this section, the
assumption is that the fixed population size is larger than needed so that the
GA can converge to an (I — 1) solution quality. This assumption is needed for
applying the convergence time model. Since the population size is larger than
needed, sampling should obtain speed-up. In addition, we still fix the desired
solution quality to be (I — 1) because we stop the GA when a (I — 1) solution
quality is reached.
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The number of function evaluations for a fixed population size is given by

12 %
nfe_c4~n(n1) , (13)

-

2

where Cy = "N (4:p(0)(1 - p(0)))
Equation (I3)) has a minimum at n = 1. If the overhead («) is taken into

account, and the cost of sampling one bit is 3, the total run duration is expressed
as

T:C4-(oz+nﬁ)(lj—1>é (14)

For large I, % > 1, Eq. (@) can be approximated as
T = Cy - llan Y2 4 gnl/?) (15)

By differentiating Eq. (I3) by n, and then setting it to be zero, the minimum is
found at

(e

Nop = B (16)

It is interesting to compare Eq. ([6) with what Miller and Goldberg (1996b)
got (\/% Zz) The term o, in |Miller and Goldberg's result vanishes because
f

now o, is controlled by the sampling size n. If the constant term is ignored, the
result here is the square of [Miller and Goldberg[s optimal sampling size.

4.5 Experimental Results

Experimental results are obtained for the SOM problem with chromosome length
! = 100. Binary tournament selection and uniform crossover are adopted. For
all experiments, the crossover probability (p.) is one and the mutation prob-
ability (p,,) is zero, which means, crossover always takes place and there is
no mutation. All experimental results are averaged over 50 independent runs.
Sastry and Goldberg (2002)) used the variance of fitness of the initial population
to estimate UJ%. This is, of course, an overestimation. In fact, the variance of
fitness becomes smaller and smaller during the runs of a GA. For the OneMax
problem, it almost becomes zero when the average fitness converges to [ — 1 bits
(p(t) = 1). Therefore, for a tighter estimation, p(¢t) = 0.75 (half convergence) is
used in the calculation of 02 and o2.

Figures [ B and Bl show the relationship of ny. versus n for the decision-
making model, the gambler’s ruin model, and the fixed population-sizing model,
respectively. In Fig. [, the population size is obtained from N = 8(012« + 02)

(Goldberg, Deb, & Clark, 1992)). Figure Bl uses N = 9.4, /0]2c + 02 (Miller &
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Fig. 3. The relationship between n¢. and n for fixed population N = 500. % =0

Goldberg, 1996b). In Fig. B the experimental results show slight minima in-
between N = 10 and N = 30. It agrees with the observation in Giguere and
Goldberg, 1998, which has not been explained by mathematical models so far.
The fixed population size is set to be N = 500 and the results are shown in
Fig. Bl The fixed population size is set so large to prevent failure of convergence.
Finally, the total run duration for o/ = 20 is shown in Fig. @]

The experimental results agree remarkably well with the models derived
in the previous section. The model of number of function evaluations for the
decision-making model especially matches experimental results. The model for
fixed population size overestimates somewhat the number of function evalua-
tions required. Nevertheless, as Fig. Hl indicates, our model accurately predicts
the optimal sampling size.

5 Apparent Speed-Up

From Sect. [, the following key observations can be made:

1. Sampling does not yield speedup when the population is sized appropriately
by either using the decision-making model or the gambler’s ruin model. Fur-
thermore, when the population is sized according to the decision-making
model, the optimal solution is to sample all the bits, that is, n = [. On the
other hand, when the population is sized according to the gambler’s ruin
model, there is no preference for a specific sampling size. That is, the same
number of function evaluations is required when any valid sampling size is
used.
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Fig. 4. The relationship between 7" and n for fixed population N = 500. % =20

2. When the population size is fixed arbitrarily, and usually to a large num-
ber (fixed population-sizing model), then speed-up can be obtained through
sampling. The optimal sampling size in this case is given by Eq. (I6).

Therefore, this section focuses on the fixed population-sizing model and investi-

gates the speed-up obtained through sampling. Since the speed-up is gained only

when the population is not sized appropriately, it is called apparent speed-up.
Equation (I5) can be rewritten as a function of n as following:

T(n) = Cy - llan™ Y2 4 pnt/?). (17)
The speed-up gained is
T(n=1)
P=_——— 1
s T(n=nep)’ (18)

where n,, is given by Eq. ([[G). With some algebraic simplifications, the speed-up
can be expressed as a function of %:

w3 )] o

Note that Eq. (I9) is only valid when 1 < % < I, because 1 < n,p < 1. For
% < 1, the speed-up is SP(1), and for % > [, the speed-up is SP(l) = 1, which
means no real speed-up is gained.

Figure Bl shows the relationship between the speed-up gained and % for a
100-bit SOM. The experiments were done using the same parameter settings
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Fig. 5. The speed-up gained through sampling for a 100-bit SOM using a fixed popu-
lation size 500

in the previous section. Again, all experimental results are averaged over 50
independent runs. The experimental results agree with the model derived. When
the overhead («) is relatively small, a higher speed-up is gained. When the
overhead is relatively large, as one can expect, the speed-up becomes smaller.
As an extreme case, when the overhead is so large that % > [, sampling will not
speed up the GA at all.

6 Future Work

This paper has analyzed sampling as an evaluation-relaxation technique on prob-
lems with substructures of uniform-salience. There are a number of avenues for
future work which are both interesting as well as practically significant. Some of
them are listed below.

— Further investigation needs to be done to bound the effectiveness of sampling
schemes by considering an array of adversarial problems that contain one or
more facets of problem difficulty such as deception, noise, and scaling.

— In this paper, the assumption that the GA converges to a high solution qual-
ity is needed for applying the convergence time model. Additional modeling
and analyses are required to understand the time-critical condition where
the number of function evaluations is limited.

— The long term goal of this work is to better understand the limit of sampling
schemes applied to GAs: where and when sampling gives speed-up (or not).

We believe that the analysis and methodology presented this paper should carry
over or can be extended in a straightforward manner on most of the above issues.
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7 Conclusions

This paper has studied the optimal sampling and the speed-up obtained through
sampling for the sampled OneMax problem (SOM). Based on Sastry and Gold-
berg, 2002, facetwise models for solution quality as a function of sampling size
were derived for three population-sizing models, namely, the decision-making
model (Goldberg, Deb, & Clark, 1992), the gambler’s ruin model (Harik, Cantii-
Paz, Goldberg & Miller, 1997; Miller, 1997),and the fixed population-sizing
model. Then the speed-up for the fixed population-sizing model is analyzed and
empirically verified. The optimal sampling size and speed-up obtained by sam-
pling are analyzed under the scenario: we fix the solution quality to a very high
value and our goal is to obtain it with minimum number of function evaluations.
Each of the models was verified with empirical results.

When the desired solution quality is fixed, the results suggest that the deci-
sion-making model prefers a larger sampling size, and that the fixed population
sizing model prefers a smaller sampling size. Sampling does not make much
difference for the gambler’s ruin model.

The results show that sampling does not give speedup for problems with
subsolutions of uniform salience, if the population is sized appropriately to han-
dle both the stochastic decision making and the noise introduced by sampling.
On the other hand, if the population size is fixed without accounting for either
decision-making or sampling, then the results presented in this paper show that
sampling does indeed yield speed-up and an optimal sampling size exists.
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