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¢ Mike Preuss is Research
Associate at the Computer
Science Department, University
of Dortmund, where he also
received his Diploma degree in
1998. His research interests
focus on the field of EAs for
real-valued problems. He is
currently working on the
adaptability and applicability of CI
techniques for various
engineering domains and
computer games

o Prof. Bartz-Beielstein and Mike Preuss invented the sequential
parameter optimization, which was applied as a tuner for numerous
optimization algorithms such as evolution strategies, differential evolution,
or particle swarm optimization

e Dr. Thomas Bartz-Beielstein is a
professor for Applied Mathematics
at Cologne University of Applied
Sciences. He has published more
than several dozen research
papers, presented tutorials about
tuning, and has edited several
books in the field of Computational
Intelligence. His research interests
include optimization, simulation,
and statistical analysis of complex
real-world problems
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Objectives of the Tutorial

Methodological Issues
(@ Suggested Readings
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(O-1) Tuning. Making your algorithms faster (and more reliable)

(O-2) Understanding and Learning. Helping you to understand your
algorithms (so that forthcoming versions will run even much
faster)

(O-3) Pros and Cons. Consider benefits and disadvantages of
state-of-the-art tuning approaches

(O-4) Networking. Meet and get into contact with others who are
interested in tuning. Discuss open issues and interesting
research projects in experimental research
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Why Do We Need Experimentation?

e Practitioners need so solve problems, even if theory is not developed far
enough

e How shall we ‘sell’ our algorithms?

e Counterargument of practitioners: Tried that once, didn’t work (expertise
needed to apply convincingly)

¢ We need to establish guidelines how to adapt the algorithms to practical
problems

¢ In Metaheuristics (us), this adaptation is always guided by experiment

As currently performed, experimentation often gets us
a) Some funny figures
b) Lots of better and better algorithms which soon disappear again
This procedure appears to be
a) Arbitrary (parameter, problem, performance criterion choice?)
b) Useless, as nothing is explained and generalizability is unclear

Bartz-Beielstein, Preuss (Cologne, Dortmund)

Lessons From Other Sciences

In economics, experimentation was established quite ¢
recently (compared to its age)

Tuning and Experimental Analysis in EC

e Modeling human behavior as the rationality
assumption (of former theories) had failed

e No accepted new model available:
Experimentation came in as substitute

In (evolutionary) biology, experimentation and theory
building both have problems

e Active experimentation only possible in special
cases, otherwise only observation

e Mainly concepts (rough working principles)
instead of theories: there are always exceptions

= Stochastical distributions, population thinking

Ernst Mayr
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Are We Alone (With This Problem)?

In natural sciences, experimentation is not in question

e Many inventions (batteries, x-rays, ...) made by
experimentation, sometimes unintentional

e Experimentation leads to theory, theory has to be
useful (can we do predictions?)

In computer science, the situation seems different

e 2 widespread stereotypes influence our view of
computer experiments:

a) Programs do (exactly) what algorithms specify

b) Computers (programs) are deterministic, so why
statistics?

Is this an experiment?

Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 6/78

Experimentation at Unexpected Places

Since about the 1960s: Experimental Archaeology

e Gather (e.g. performance) data that is not
available otherwise

o Task: Concept validation, fill conceptual holes

Viking bread baking
(Lejre, Danmark)

Experimentation in management of technology and
product innovation

e Product cycles are sped up by ‘fail-fast’, ‘fail-often’
experimentation

o What-if questions may be asked by using
improved computational ressources

¢ Innovation processes have to be tailored towards

experimentation Stefan H. Thomke

Tuning and Experimental Analysis in EC July 2010 8/78



experimentation in compuer science experimentation in computer science
Algorithm Engineering Or Algorithm Reengineering?

How Theoreticians Handle it...(Recently)

design analyze
o Algorithm Engineering is
theory + real data + concrete

implementations + experiments

e Principal reason for experiments:
Test validity of theoretical claims

o Are there important factors in practice that

juswpiadxa
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@ =
= °
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implement

implement implement

did not go into theory? algorithm | oo .
A h al K f engineering o (Ir;ew:‘uts 7 8 . o ) ) )
¢ Approach also makes sense ior : ‘.8  Forthe analysis of metaheuristics, algorithm reengineering may be more
metaheuristics, but we start with no or r= ;b‘e 2 appropriate
little theory (g o rpoieses 5 osparmens Jer-
: . . deauton Y NG S e We start from an existing algorithm and redesign (simplify) it
e Measuring (counting evaluations) P ol © . L . .
usually no problem for us guanneos ¥ » We stop if we can match existing theoretical (analysis) methods
Jbraries i e We check performance against original method via experiment
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experimentation in computer science history
So What About Statistics? Goals in Evolutionary Computation

Best of run distribution

ES 100-peaks problem 10 - inati e S ,
Are the methods all there? Some are, but: peaks problem (RG-1) Investigation. Specifying optimization problems, analyzing

. . — algorithms. What could be a reasonable research question?

« Our data is usually not normal i What is going to be explained? Does it help in practice?
e We can most often have lots of data . @ Enables theoretical advances?
e This holds for algorithmics, also! § © (RG-2) Comparison. Comparing the performance of heuristics
« These are not the conditions statisticians = ~ Any reasonable approach here has to regard fairness

are used to a —i— (RG-3) Conjecture. Good: demonstrate performance. Better: explain
« In some situations, there is just no S —————— and understand performance .

suitable test procedure 42 40 -8 -6 -a Needed: Looking at the behavior of the algorithms, not only

results

(RG-4) Quality. Robustness (includes insensitivity to exogenous
factors, minimization of the variability) [Mon01]
Invariance properties (e.g. CMA-ES): Find out, for what

Catherine McGeogh: (problem, parameter, measure) spaces our results hold

Our problems are unfortunately not sexy enough for the Statisticians...

log(best fitness)

= There is a need for more statistics and more statistical methods.
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A Totally Subjective History of Experimentation in
Evolutionary Computation

¢ Palaeolithic: Mean values

e Yesterday: Mean values and
simple statistics

e Today: Correct statistics,
statistically meaningful
conclusions

e Tomorrow: Scientific meaningful
conclusions

Some Myth

e GAs are better than other algorithms (on average)
e Comparisons based on the mean

¢ One-algorithm, one-problem paper

o Everything is normal

e 10 (100) is a nice number

e One-max, Sphere, Ackley

e Performing good experiments is a lot easier than developing good
theories

Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 13/78 Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 14/78
Today: Based on Correct Statistics High-Quality Statistics
Example (Good practice?)
¢ We need tools to
¢ Authors used * Determine adequate number of  Fundamental to all comparisons - even to high-level procedures
e Pre-defined number of function evaluations to avoid floor or « The basic procedure reads:
evaluations set to 200,000 ceiling effects P s
e 50 runs for each algorithm « Determine the correct number of Select test problem (instance) P
o Population sizes 20 and 200 repeats Run algorithm A, say ntimes
e Crossover rate 0.1 in o Determine suitable parameter Obtain n fitness values: x4 ;
algorithm A, but 1.0in B settings for comparison Run algorithm B, say n times
o A outperforms B significantly o Determine suitable parameter Obtain n fitness values: xg
in fz to fio settings to get working algorithms ’
o Draw meaningful conclusions
e Problems of today:
Adequate statistical methods, but wrong scientific conclusions
Tuning and Experimental Analysis in EC July 2010 15/78 Tuning and Experimental Analysis in EC July 2010 16/78
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experimental study objective

How Do We Set Up An Experiment?

Set up experiments to show improved algorithm performance
But why are we interested showing improved algorithm performance?
Because the algorithm

e does not find any feasible solution (effectiveness)
or
¢ has to be competitive to the best known algorithm (efficiency)

How do we measure the importance or significance of our results?

We need meta-measures:

o First, we measure the performance
¢ Next, we measure the importance of differences in performance

Many statistics available, none of them is used by now
Each measure will produce its own ranking
Planning of experiments

= Fix research question, fix experimental setup (in this order)

Bartz-Beielstein, Preuss (Cologne, Dortmund)

Tomorrow: Correct Statistics and Correct Conclusions

Consider scientific meaning

Severe testing as a basic
concept (First Symposium on
Philosophy, History, and
Methodology of Error, June
2006)

To discover the scientific
meaning of a result, it is
necessary to pose the right
question in the beginning

Tuning and Experimental Analysis in EC

o Clarify the model:

¢ Diagnostic: understanding
the algorithm

o Prognostic: predicting the
algorithm’s performance

o Data-driven: treat results
from an experiment as a
signal which indicates
(statistical) properties

o Theory-driven: verify certain
assumptions, e.g., step-size
adaptation rules

experimental study objective

Research Question

¢ Not trivial = many papers are not focused

e The (real) question is not: Is my algorithm faster
than others on a set of benchmark functions?

e What is the added value? Difficult in

Metaheuristics.

e Wide variance of treated problems
o Usually (nearly) black-box: Little is known

Horse racing:

set up,

run, comment...

Horse racing: set up, run, comment...NO!
Explaining observations leads to new questions:

o Multi-step process appropriate
e Conjectures obtained from results shall itself be

tested experimentally

¢ Range of validity shall be explored (problems,

parameters, etc.)

July 2010 17/78
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e In the beginning: before we
perform experiments

 Significance of an effect:
Effect occurs even for small
sample sizes, i.e., n =10

o Other categorizations possible

e Categories can be used as
guidelines to avoid chaotic
arrangements of assumptions
and propositions

Tuning and Experimental Analysis in EC
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Components of an Experiment in Metaheuristics

algorithm (program) » test problem
A 1

.....
.....

: \j
parameter set -~ performance measure

induces l
............ .

control flow
—_—

problem design

data flow | test problem |

algorithm design | performance measure |

| algorithm (program) | | termination criterion |

| parameter set | | initialization |

Tuning and Experimental Analysis in EC July 2010
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experimental study factors

First step: Archeology—Detect Factors

Classification

o “Playing trumpet to tulips” or “experimenter’s

socks”
« In contrast to field studies: Computer « Algorithm design o Problemdesign
scientists have all the information at hand « Population size ° gtea;f?h SPQC(t% dimension
. . . . . artin oin
o Generating more data is relatively fast e Selection strength . Objectig\J/epfunction
* First class.ification: e Vary problem design = effectivity (robustness)
Figure: Schliemann in Troja g:%%:g:;m e Vary algorithm design —> efficiency (tuning)

= We have (beside others) a parameter problem,
many EAs highly depend on choosing them ‘right’

Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC
e Tuning
e Problems

e Many factors

o Real-world problem: complex objective
function (simulation) and only small number of
function evaluations

o Theoretical investigations: simple objective
function and many function evaluations

e Screening to detect most influential factors

Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC

July 2010 21/78 Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 22/78

Factor Effects

¢ Important question: Does a factor influence the algorithm’s performance?
e How to measure effects?
o First model: B

Y = f(X),

where
o X = (X1, Xz, ..., X;) denote r factors from the algorithm design and
e Y denotes some output (i.e., best function value from 1000 generations)

e Problem design remains unchanged

e Uncertainty analysis: compute average output, standard deviation,
outliers = related to Y

o Sensitivity analysis: which of the factors are more important in influencing
the variance in the model output Y? =- related to the relationship
between X;, X; and Y

July 2010 23/78 Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 24/78



Measures for Factor Effects

experimental study measuring effects

Factors: Overview

D )

a

Java version
e How many factors are important? .
" . e Overview

o Practltlloners obser\{ed_. input « Variance S

factor importance distributed as « Derivation

]tchetwealth ('j” natlonsl— ﬁ{ﬁw o DoE: Regression coefficients () operating system

actors produce nearly all the « DACE: Coefficients (9) POSSIBLE, UNWANTED

variance

color of experimenter's socks
weather
\ room temperature UNEXPECTED ‘
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SPO Definition

spo framework

SPO Overview

Starting point: Scientific question (SPO-1)
o Deals with assumptions about algorithms, e.g., influence of parameter

Definition values or new operators
SPO is a framework for tuning and understanding of algorithms by active e This (complex) question is broken down into (simple) statistical
experimentation. SPO employs methods from error statistics to obtain reliable hypotheses (SPO-2) for testing, see [BB08] for an example

results. It comprises the following elements:
SPOT-1 Scientific questions
SPOT-2 Statistical hypotheses
SPOT-3 Experiments
SPOT-4 Scientific meaning

Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC

Next, experiments can be performed for each hypothesis:
o Select a model (e.g., regression trees) to describe a functional relationship
e Select an experimental design
o Generate data, i.e., perform experiments
* Refine the model until the hypothesis can be accepted/rejected

SPOT: Software programs for performing experiments (SPO-3)

O o Finally, to assess the scientific meaning of the results from an
experiment, conclusions are drawn from the hypotheses
o This is step (SPO-4) in the sequential parameter optimization framework
July2010  27/78 Tuning and Experimental Analysis in EC July2010  28/78
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SPO-1 complex question broken down into simple Scientific and Statistical Hypotheses
statistical hypotheses SPO-2

NU

e Scientific claim: “ES with
small populations perform

e T i, better than ES with larger
ooy o e 1150 e ones on the sphere.” N !
[ o Statistical hypotheses: T
. N — N
S ' o ES with, say u = 2, performs g 0
Given a spherical fitness Scientific Claim: . 8
Iandscap:, lhe‘(1+1‘)TES Given a non-spherical fitness better than ES with mu > 2 g,
performs optimal, if landscape, the 1/5th rule  does . 2 — - —
ety s Soaten oo o T if compared on problem
: design ,,
¥ i = e a
Scientific Claim: Sclentiﬁt Claim: ‘ ES WIth’ Say K '2! performs " 5> 325 &5\\\>
(Given the n dimensional Given the n dimensional better than ES with mu > 2 EX O 1oz
objective function y=x"2, the objective function y=axA2+bx+c, . 2 15
e oo o " T e e e mocied. if compazred on problem L R ST S S N
according to the 1/5th rule according to the 1/5th rule deSIgn p ; 1: — o 2 /\
: * ES with, say u = 2, performs L —
objective function y=x"2, the _further claims. M M b . " NU NU
(1+1)-ES performs optimal, if etter than ES with mu > 2
e step-size is modifie . X N 4 = L
a‘:corzhr':g to (heW/S(dhrm?e L/J if Compared on prob|em £ — Y > ég‘
| | design ;" — -
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ColaTEER: Tl - evereter optimizaton b
SPO Workflow SPOT
1 Pre-experimental planning
2 Scientific thesis
3 Statistical hypothesis
4 Exp;enmental design: Pr<|)ble.r:;1, constralntts, start-/termination criteria, « Sequential parameter optimization toolbox (SPOT): one possible
periormance measure, algorithm parameters implementation of the SPO framework
e Developed over recent years by Thomas Bartz-Beielstein, Christian
5 Experiments Lasarczyk, and Mike Preuss [BBLP05]
6 Statistical models and predictions (Im, dace, tgp, tree,...). e Main goals of SPOT
Evaluation and visualization « Determination of improved parameter settings for optimization algorithms
7 Solution good enough? o Provide statistical tools for analyzing and understanding their performance

Yes: Goto step 8
No: Improve the design (optimization). Goto step 5

8 Acceptance/rejection of the statistical hypothesis
9 Objective interpretation of the results from the previous step

Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 31/78 Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 32/78



sequential parameter optimization toolbox m sequential parameter optimization toolbox
SPQOT: Definition SPOT Applications

Definition (Sequential Parameter Optimization Toolbox)

] e SPOT was successfully applied in the fields of
SPOT implements features related to step (SPO-3) from the SPO framework

e bioinformatics [Vol06, FMKHO09]
SPOT-1 Use the available budget (e.g., simulator runs, number of e environmental engineering [KZBB09, FBBD ' 10]
function evaluations) sequentially: e fuzzy logic [Yi08]
« Use information from the exploration of the search space to ¢ multimodal optimization [PRT07]
guide the search by building one or several meta models * statistical analysis of algorithms [Las07, TM09]
e Choose new design points based on predictions from the * Mmulticriteria optimization [BBNWWOS]
e genetic programming [LBO5]
met,a model(s) . . o particle swarm optimization [BBPV04, KGG07]
» Refine the meta model(s) stepwise to improve knowledge « automated and manual parameter
about the search space tuning [Fob06, SE09, HBBH' 09, HHLBM10]
SPOT-2 If necessary, try to cope with noise by improving confidence. * graph drawing [Tos06, Pot07]
Guarantee comparable confidence for search points e aerospace and shipbuilding industry [NQBB06, RPQ09]
. . . . e mechanical engineering [MMLBBO07]
SPOT-3 Collect information to /earn from this tuning process, e.g., apply « chemical engineering [HBK*08]

explorative data analysis . . _— .
P y o Bartz-Beielstein [BB10] collects publications related to the sequential

SPOT-4 Provide mechanisms both for interactive and automated tuning parameter optimization
O
Tuning and Experimental Analysis in EC July 2010 33/78 Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 34/78
sequential parameter optimization toolbox m sequential parameter optimization toolbox
SPOT Tasks °
v
toraoiony —————> [
. . . -
e SPOT provides tools to perform the following tasks (see also Fig. 2): S,
e |Initialize. Generate an initial design: parameter region and constant
algorithm parameters s
e Run. Start optimization algorithm with configurations of the generated
design. The algorithm provides the results to SPOT

e Sequential step. Generate a new design, based on information from the
algorithms result. A prediction model is used in this step. Several generic
prediction models are available in SPOT already. User-specified prediction
models can easily be integrated

e Report. Generate an analysis, based on information from the results. SPOT
contains some scripts to perform a basic regression analysis and plots such
as histograms, scatter plots, plots of the residuals, etc.

e Automatic mode. In the automatic mode, the steps run and sequential are
performed after an initialization for a predetermined number of times. L

spot. seq

Figure: Spot process
Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 35/78 Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 36/78



sequential parameter optimization toolbox m sequential parameter optimization toolbox
SPO Region of Interest (ROI) SPO Configuration File

e Configuration files (CONF) specify SPO specific parameters, such as the
regression model
o Region of interest (ROI) files specify the region, over which the algorithm
parameters are tuned

new=0
defaulttheta=1
name low high isint pretty loval=1lE-3
NPARENTS 1 10 TRUE ’'NPARENTS’ upval=100
NU 1 5 FALSE ’NU’ spotrmodel='regpoly2’
TAUl 1 3 FALSE ’'TAUl’ spotcmodel=’corrgauss’

isotropic=0

Figure: demo4.roi repeats=3

Figure: demo4.m

Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 37/78 Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 38/78

o Design files (DES) specify algorithm designs
e Generated by SPO
o Read by optimization algorithms

Algorithm run with settings from design file

Algorithm writes result file (RES)

RES files provide basis for many statistical evaluations/visualizations
RES files read by SPO to generate stochastic process models

TAUl NPARENTS NU TAUO REPEATS CONFIG SEED STEP
0.210507 4.19275 1.65448 1.81056 3 1 0 1

0.416435 7.61259 2.91134 1.60112 3 2.0 1 Y NPARENTS FNAME ITER NU TAUO TAUl KAPPA NSIGMA RHO DIM CONFIG SEED
0.130897 9.01273 3.62871 2.69631 3 3 0 1 3809.15 1 Sphere 500 1.19954 0 1.29436 Inf 1 2 2 1 1
1.65084 2.99562 3.52128 1.67204 3 4 0 1 0.00121541 1 Sphere 500 1.19954 0 1.29436 Inf 1 2 2 1 2
0.621441 5.18102 2.69873 1.01597 3 5 0 1 842.939 1 Sphere 500 1.19954 0 1.29436 Inf 1 2 2 1 3
1.42469 4.83822 1.72017 2.17814 3 6 0 1 2.0174e-005 4 Sphere 500 4.98664 0 1.75367 Inf 1 2 2 2 1
0.000234033 4 Sphere 500 4.98664 0 1.75367 Inf 1 2 2 2 2
1.87235 6.78741 1.17863 1.90036 3 7 0 1 1.20205e-007 4 Sphere 500 4.98664 0 1.75367 Inf 1 2 2 2 3
0.372586 3.08746 3.12703 1.76648 3 8 0 1 -
2.8292 5.85851 2.29289 2.28194 3 9 0 1 ]
Figure: demo4.res
Figure: demo4.des
Tuning and Experimental Analysis in EC July 2010 39/78 Tuning and Experimental Analysis in EC July 2010 40/78
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SPO Toolbox Implementations Case study: Simple Evolution Strategy

o SPOT Availability

o Matlab e Theoretical problem: 1/5th rule
o R: package e Old problem, several reference solutions
¢ R: several design generators and predictor as plugins e How to chose an adequate method?

e Use and combine(!) prediction models

Tuning and Experimental Analysis in EC July 2010 41/78 Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 42/78
Case study: Simple Evolution Strategy Factors, Designs and Predictors

Table: (1 + 1)-ES parameters. The first three parameters belong to the algorithm

design, whereas the remaining parameters are from the problem design. * Factors
e Numerical
Name Symbol Factor name e Categorical (ordered and unordered)
Initial stepsize a(0) SIGMANULL « Designs
St.ep3|ze multiplier  a VARA o Classical fractional factorial designs
History g=n VARG o Space-filling designs, e.g., Latin hypercube designs
Starting point Xp e Predictors

Problem dimension n

. 5 .
Objective function  £(X) = 3" x2 * pnear regression

o Regression trees

Quality measure Expected performance, e.g., E(y) « Tree based Gaussian process
Initial seed s
Budget tmax
Tuning and Experimental Analysis in EC July 2010 43/78 Tuning and Experimental Analysis in EC July 2010 44 /78
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Predictors

btgplim z mean

btgplim z Improv stats (g=1)

e Predictors for very expensive
optimization runs (real-world
problems)

e Tree based Gaussian
processes
o DACE

o Predictors for simple
optimization runs (theoretical
investigations)

o Classical regression models
* Regression trees

e Combinations are possible =
Meta predictors

VARA

14

SIGMANULL

Bartz-Beielstein, Preuss (Cologne, Dortmund)

Tuning and Experimental Analysis in EC

e Interaction plots
e Main effect plots o Trellis plots
e Regression trees ¢ Design plots
e Scatter plots o ..

e Box plots

Plotted agains(TAU1

functionvalue

8o =

NPARENTS

Tuning and Experimental Analysis in EC

Bartz-Beielstein, Preuss (Cologne, Dortmund)
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Sensitivity Analysis

Main Effects

1st order Sensitivity Indices

24 * —*“D'
| s

Total Effect Sensitivity Indices.

o « Sensititvity Analysis based
H on

LIRS
i) Bt

i
O

ol L -+

Variance (ANOVA)
Regression models
DACE’s 0
Regression trees
etc.

e Combinations are possible
= Meta analysis

-+

0

T
SIGMANULL

T T
04 00 02 04

T T T T
VARG SIGMANULL VARG

scaled input input variables input variables
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SPOT Live Demo
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SPO is not alone... SPO Open Questions

e Models?

o (Linear) Regression models * SPOT Community:

e Provide SPOT interfaces for

Tuning methods are an active research area:

e Comparison of algorithms without parameter tuning is comparing ¢ Stochastic process models ! tant onfimizati
unsuitable algorithms igns? mporian: optimization
. 9 . . ¢ Designs? N algorithms
« Tuning reveals parameter relevance and interactions * Space filling o Simple and open
* Factorial specification
Recent methods: o Statistical tools e Currently available for

several algorithms, more

o F-Race (Birattari, Stltzle): Iterative bad parameter elimination o Significance than a dozen applications

e« REVAC (Nannen, Eiben, Smit): Meta-EDA e Standards

» Probably more to come. .. e SPO is a methodology — more than just an optimization algorithm

(Synthese)
a
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Empirical Analysis: Algorithms for Scheduling Empirical Analysis: Algorithms for Scheduling
Problems Problems

¢ Hypothesis: Algorithms influence running time
e But: Analysis reveals

# Processors und # Jobs explain 74 % of the variance of the running

e Problem: '
}) time

o Jobs build binary tree . . .
o Parallel computer with ring topology Algorithms explain nearly nothing

e 2 algorithms: o Why?
Keep One, Send One (KOSO) to Load balancing has no effect, as long as no processor starves.
my right neighbor But: Experimental setup produces many situations in which
Balanced strategy KOSO*: Send processors do not starve
to neighbor with lower load only e Furthermore: Comparison based on the optimal running time (not the
e Is KOSO* better than KOSO? average) makes differences between KOSO und KOSO*.

e Summary: Problem definitions and performance measures (specified as
algorithm and problem design) have significant impact on the result of
experimental studies
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Floor and Ceiling Effects

o Floor effect: Compared algorithms attain set task very rarely
= Problem is too hard

o Ceiling effect: Algorithms nearly always reach given task
= Problem is too easy

If problem is too hard or too easy, nothing is shown
e Pre-experimentation is necessary to obtain reasonable tasks

o |f task is reasonable (e.g. practical requirements), then algorithms are o Either the combination helps, or only
unsuitable (floor) or all good enough (ceiling), statistical testing does not one of them

provide more information

e Arguing on minimal differences is statistically unsupported and
scientifically meaningless

Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC

Underestimated Randomness

-220

Idea: Find Pareto front of two tuning criteria
e Parameter changes not interpretable
Validation failed =300
e Reason: Deviations much too high!

mean(-HV)

-332 min(-HV) ~ -324

Confounded Effects

Two or more effects or helper algorithms are merged into a new technique,
which is improved

e Where does the improvement come
from?

e It is necessary to test both single
effects/algorithms, too

57

o Knowing that is useful for other ST
complex machinery

researchers!
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There Is a Problem With the Experiment

After all data is in, we realize that something was wrong (code, parameters,
environment?), what to do?

e Current approach: Either do not mention it, or redo everything
If redoing is easy, nothing is lost

-320

® SPO mean(HV) ® SPO median(HV)
® SPO max(HV) ® SPO max(HV)
© Pareto fronts 1,2 o Pareto fronts 1,2

-310

-322

-324

min(-HV)
-32(0 )

min(-HV)

-328
min(-HV)

-326

R .. S —

If it is not, we must either:
o Let people know about it, explaining why it probably does not change results
o Or do validation on a smaller subset: How large is the difference (e.g.
statistically significant)?

¢ Do not worry, this situation is rather normal
glammd 30 LT ¥ S FRm f ¥ e Thomke: There is nearly always a problem with an experiment
4 -300 -200 -100 0 -300 -200 -100 0 . . . .
mean(FV) MedRR{EY o Early experimentation reduces the danger of something going completely
wrong

More difficulties: See also papers in GECCO’09 workshop
Learning from Failures in Evolutionary Computation (LFFEC)
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“Traditional” Measuring in EC

Simple Measures

MBF: mean best fitness

AES: average evaluations to solution
SR: success rates, SR(t) = run-length distributions (RLD)
best-of-n: best fitness of nruns

But, even with all measures given: Which algorithm is better?

Best objective function
value in population

Algorithm A
Algorithm B

Average number of
steps to a solution

Time T

Bartz-Beielstein, Preuss (Cologne, Dortmund)

Algorithm A
Algorithm B

(figures provided by Gusz Eiben)

Tuning and Experimental Analysis in EC

Choose the Appropriate Measure

Problem size

July 2010

« Design problem: Only best-of-n fithess values are of interest

» Recurring problem or problem class: Mean values hint to quality on a

number of instances

o Cheap (scientific) evaluation functions: exploring limit behavior is
tempting, but is not always related to real-world situations

In real-world optimization, 10* evaluations is a lot,
sometimes only 10° or less is possible:

o We are relieved from choosing termination criteria

o Substitute models may help (Algorithm based validation)

We encourage more research on short runs (horizontal)
Or tasks reachable with short runs (vertical)

Selecting a performance measure is a very important step

Bartz-Beielstein, Preuss (Cologne, Dortmund)

Tuning and Experimental Analysis in EC

July 2010

SR performance measuring

Aggregated Measures
Especially Useful for Restart Strategies

Success Performances:

o SP1 [HKO04] for equal expected lengths of successful and unsuccessful
runs E(T°) = E(T%):
S
sp1 = 202 (1)
Ps
e SP2 [AH05] (= ERT (fiarget) from BBOB workshop GECCO’09) for
different expected lengths, unsuccessful runs are stopped at FEq.«:

spa— ; Ps FE e + E(TS) )

S

#FES(fpest > frarget)
#succ

ERT (farget) = 3)

Probably still more aggregated measures needed (parameter tuning depends
on the applied measure)
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Convergence of Measuring Perspectives

Vertical View|

Function value

i
'
i
1 2 3 4 5 6 7 ] 9 10
- Function evaluations

(Thomas Bartz-Beielstein) (Anne Auger/Nikolaus Hansen)

e Vertical: Probably nearer to real-world situation

e Horizontal: Easier to interpret (BBOB’09), but task(s) must be fixed

e However, we have still distributions! Mean or median may be insufficient!
e Carlos Fonseca: Attainment surfaces?
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tools visualization

Diagrams Instead of Tables

Would You Have Seen This From a Table?

PLOTY
2.0030
2.0026 - .
x
g x
§2.0022 1 *
= x x
E x xx
x xx
E2.0018 rxax xx
F x x x . .
T mx o xax
2.0014 x x Txx
1x x
20010 7 v T ' T ' T T
0 10 20 30 40 50
Index
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3

Sequence plot

Tuning and Experimental Analysis in EC

visualization

(Single) Effect Plots

Useful, but not Perfect

2t

1

k: T
5 5
31t / B o0s
: £
E 4! E
& oLl g
-1 -0.5
] 10 20 30 2 4
NPARENTS NU
1.5 q
- 11 -
5 5
bt & 05
& &
B osf 2
B H ~ B
b 7 0
& o &
-0.5 -05
0 2 4 6 2
TAUO TAU1

e Large variances originate from averaging

Visual Comparison With a Task Set

Run-length distributions

P(solve)
o
[

0.1 1 10 100
run-time [CPU sec]

(courtesy of Thomas Stuetzle)
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tools visualization

One-Parameter Effect Investigation
Effect Split Plots: Effect Strengths

Tuning and Experimental Analysis in EC July 2010 62/78

e Sample set partitioned into 3 subsets (here of equal size)
e Enables detecting more important parameters visually
¢ Nonlinear progression 1-2—3 hints to interactions or multimodality

pmErr ms msErr chunk_size
3| = e B 3 T B TR 3 ~Tel - |3
gz T 2 | e T 2 Tl @ T | 2| e | @ T
B | e emmm 1| e e 1 il || e o
4 000204060810 0 1 2 3 4 5 01 2 3 4 5 0 1002003040050
g- dim_pop nr_gen pc pm
53| @@i=———> 3 3 O Er— | 3| eI
%2 T 2| e e 2 R |2
T T 1| e T 1 e[ | 1| e
| |

I I I I I I I I I I
50 100 150 200 50 100150200250300 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

e The 75 and especially 71 plots show different behavior on extreme values
(see error bars), probably distinct (averaged) effects/interactions
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[ O visualization LSSl reporting experiments

Two-Parameter Effect Investigation Current “State of the Art”
Interaction Split Plots: Detect Leveled Effects

\ — Around 40 years of empirical tradition in EC, but:

L
fitness

L L
fitness.

| ] ¢ No standard scheme for reporting experiments
| 1B « Instead: one (“Experiments”) or two (“Experimental Setup” and “Results”)
| . sections in papers, providing a bunch of largely unordered information

i o Affects readability and impairs reproducibility

0.8 - i o -80 U -80 . .
e i 5‘“’ I Other sciences have more structured ways to report experiments, although
% oa- C’ 1. § 101 & . usually not presented in full in papers. Why?

o Natural sciences: Long tradition, setup often relatively fast, experiment

fitness fitness

~ itself takes time
08— \/—\/ r 150 V\—\ - . e . . .
L e Computer science: Short tradition, setup (implementation) takes time,
- 8 1 M experiment itself relatively fast
02- - 504 L
o o = We suggest a 7-part reporting scheme
O
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Suggested Report Structure The Art of Comparison

Orientation

The NFL' told us things we already suspected:

e We cannot hope for the one-beats-all algorithm (solving the general
nonlinear programming problem)

ER-1: Focus/Title the matter dealt with
ER-2: Pre-experimental planning first—possibly explorative—program
runs, leading to task and setup

ER-3: Task main question and scientific and derived statistical hypotheses to * Efficiency of an algorithm heavily depends on the problem(s) to solve and
test the exogenous conditions (termination etc.)

ER-4: Setup problem and algorithm designs, sufficient to replicate an .
experiment In consequence, this means:

ER-5: Results/Visualization raw or produced (filtered) data and basic * The posed question is of extreme importance for the relevance of
visualizations obtained results

ER-6: Observations exceptions from the expected, or unusual patterns e The focus of comparisons has to change from:

noticed, plus additional visualizations, no subjective assessment
ER-7: Discussion test results and necessarily subjective interpretations for
data and especially observations

Which algorithm is better?
to questions like

What exactly is the algorithm good for?
How can we generalize the behavior of an algorithm?
= Rules of thumb, finally theory

This scheme is well suited to report SPO experiments (but not only)

"no free lunch theorem
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The Art of Comparison A Simple, Visual Approach: Sample Spectra

Efficiency vs. Adaptability

L L
spectrum:SPO, hillclimber EA

Most existing experimental studies focus on the efficiency of optimization - - 30
algorithms, but: ] C ?g
o Adaptability to a problem is not measured, although A s = -0

. . spectrum: SPO, swn-topology EA
e It is known as one of the important advantages of EAs 30 4 L
20 =
BN - L
Interesting, previously neglected aspects: IS 18 i L
« Interplay between adaptability and efficiency? é | S 226 TS G e 2 2
e How much effort does adaptation to a problem take for different g - 20
algorithms? 7 B (1)0
e What is the problem spectrum an algorithm performs well on? spectrum:SPO, generic EA
o Systematic investigation may reveal inner logic of algorithm parts 38 ] i
(operators, parameters, etc.) 10 - L
0 - I | I T
0.00 0.05 0.10
reached performance (minimization)
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What is the Meaning of Parameters? Tuning and Comparison
Are Parameters “Bad”? What do Tuning Methods (e.g. SPO) Deliver?
o A best configuration from {perf(alg(argf*°))|1 <t < T} for T tested
configurations
Cons:

¢ A spectrum of configurations, each containing a set of single run results

e Multitude of parameters dismays potential users . ,
e A progression of current best tuning results

e It is often not trivial to understand parameter-problem or
parameter-parameter interactions

LHS spectrum:spam filter problem problem:spam filter
= Parameters complicate evaluating algorithm performances g
But: 21 g n-
R g
o Parameters are simple handles to modify (adapt) algorithms < g .
< ENg
o Many of the most successful EAs have lots of parameters 5 w0 5 s
o New theoretical approaches: Parametrized algorithms / parametrized - j; N-
complexity, (“two-dimensional” complexity theory) &
o+ 3
5‘0 6‘0 7‘0 5;0 4(‘)0 660 860 1 0‘00
reached accuracy number of algorithm runs
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How do Tuning Results Help? How to Set Up Research Questions?

...or Hint to New Questions What do We Aim For?

It is tempting to create a new algorithm, but
What we get: piing 9

¢ A near optimal configuration, permitting top performance comparison
¢ An estimation of how good any (manually) found configuration is
e A (rough) idea how hard it is to get even better

No excuse: A first impression may be attained by simply doing an LHS

e There are many existing algorithms not really understood well
o We shall try to aim at improving our knowledge about the ‘working set’
e When comparing, always ask if any difference is meaningful in practice

Usually, we do not know the ‘perfect question’ from the start
Yet unsolved problems:

« How much amount to put into tuning (fixed budget, until stagnation)? e An inherent problem with experimentation is that we do (should) not know
the outcome in advance

e But it may lead to new, better questions
o Try small steps, expect the unexpected

e Where shall we be on the spectrum when we compare?
e Can we compare spectra (= adaptability)?
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What If Available Comparison Data Is Unsufficient? Discussion
Many empirical papers provide not enough data to test against e SPO is not the final solution—it is one possible (but not necessarily the
best) solution
» Testing against mean values is statistically not meaningful o Goal: continue a discussion in EC, transfer results from statistics and the
» But giving lots of data is not always possible (page limit) philosophy of science to computer science
e Many online sources (e.g. ACM JEA) allow for storing data o Standards for good experimental research

¢ Review process

We shall think of ways to make data available online « Research grants

. . . e Meetings
o Establish our own repositories? On journal pages? - g .
° o ¢ Building a community
e Or put data on our web pages? Formats? .
e Teaching
It is very important to strengthen the aspect of replication! ° ..
Tuning and Experimental Analysis in EC July 2010 75/78 Bartz-Beielstein, Preuss (Cologne, Dortmund) Tuning and Experimental Analysis in EC July 2010 76 /78

2643



Reference

e Please check

Thomas Bartz-Beielstein

Experimental Research in
Evolutionary Computation

The New Experimentalism

for updates, software, etc.

“w
©
=
=
>
L

o
<
<
=
<
=

@ Springer

Bartz-Beielstein, Preuss (Cologne, Dortmund)
Appendix references

Anne Auger and Nikolaus Hansen.
Performance Evaluation of an Advanced Local Search Evolutionary
Algorithm.
In B. McKay et al., editors, Proc. 2005 Congress on Evolutionary
Computation (CEC’05), Piscataway NJ, 2005. IEEE Press.

Thomas Bartz-Beielstein.
Experimental Research in Evolutionary Computation—The New
Experimentalism.

Tuning and Experimental Analysis in EC July 2010

http://www.gm.fh-koeln.de/campus/personen/
lehrende/thomas.bartz-beielstein/00489/

suggested readings

New Book on Experimental Research

‘Thomas Bartz Beielstein
tarco Chiarand

e To appear 2010:
Experimental
Methods for the
Analysis of
Optimization
Algorithms

e See also
Kleijnen [Kle08],
Saltelli et al.

ndini
Luis Paquete - Mike Preuss (eds)

Experimental Methods
for the Analysis of
Optimization Algorithms

http://www.springer.com/computer/ai/book/978-3-642-02537-2

77178 Bartz-Beielstein, Preuss (Cologne, Dortmund)

Tuning and Experimental Analysis in EC July 2010 78/78

Appendix references

Natural Computing Series. Springer, Berlin, Heidelberg, New York, 2006.

Thomas Bartz-Beielstein.
How experimental algorithmics can benefit from Mayo’s extensions to
Neyman-Pearson theory of testing.
Synthese, 163(3):385-396, 2008.
DOI 10.1007/s11229-007-9297-z.

Thomas Bartz-Beielstein.
Sequential parameter optimization—an annotated bibliography.
Technical Report 04/2010, Institute of Computer Science, Faculty of
Computer Science and Engineering Science, Cologne University of
Applied Sciences, Germany, 2010.

Bartz-Beielstein, Preuss (Cologne, Dortmund)

Tuning and Experimental Analysis in EC July 2010

78/78 Bartz-Beielstein, Preuss (Cologne, Dortmund)

2644

Thomas Bartz-Beielstein, Marco Chiarandini, Luis Paquete, and Mike
Preuss, editors.

Empirical Methods for the Analysis of Optimization Algorithms.
Springer, Berlin, Heidelberg, New York, 2010.

Thomas Bartz-Beielstein, Christian Lasarczyk, and Mike Preuf3.
Sequential parameter optimization.

In B. McKay et al., editors, Proceedings 2005 Congress on Evolutionary
Computation (CEC’05), Edinburgh, Scotland, volume 1, pages 773-780,
Piscataway NJ, 2005. IEEE Press.

Thomas Bartz-Beielstein, Boris Naujoks, Tobias Wagner, and Simon
Wessing.

In Hermann Locarek-Junge and Claus Weihs, editors, Proceedings 11th
IFCS Internat. Conference 2009. Classification as a tool for research,
Dresden, 2009.

Thomas Bartz-Beielstein, Konstantinos E. Parsopoulos, and Michael N.
Vrahatis.

Design and analysis of optimization algorithms using computational
statistics.

78/78

Tuning and Experimental Analysis in EC July 2010



Appendix references

B

Bartz-Beielstein, Preuss (Cologne, Dortmund)

Applied Numerical Analysis and Computational Mathematics (ANACM),
1(2):413-433, 2004.

Oliver Flasch, Thomas Bartz-Beielstein, Artur Davtyan, Patrick Koch,
Wolfgang Konen, Tosin Daniel Oyetoyan, and Michael Tamutan.
Comparing ci methods for prediction models in environmental
engineering.

Technical Report 02/2010, Institute of Computer Science, Faculty of
Computer Science and Engineering Science, Cologne University of
Applied Sciences, Germany, 2010.

Thomas Fober, Marco Mernberger, Gerhard Klebe, and Eyke Hullermeier.

Evolutionary construction of multiple graph alignments for the structural
analysis of biomolecules.
Bioinformatics, 25(16):2110-2117, 2009.

Thomas Fober.

Experimentelle Analyse Evolution&rer Algorithmen auf dem CEC 2005
Testfunktionensatz.

Master’s thesis, Universitat Dortmund, Germany, 2006.

Tuning and Experimental Analysis in EC July 2010

Appendix references

[

Bartz-Beielstein, Preuss (Cologne, Dortmund)

Evaluating the cma evolution strategy on multimodal test functions.

In X. Yao, H.-P. Schwefel, et al., editors, Parallel Problem Solving from
Nature — PPSN VI, Proc. Eighth Int’l Conf., Birmingham, pages
282-291, Berlin, 2004. Springer.

Oliver Kramer, Bartek Gloger, and Andreas Goebels.

An experimental analysis of evolution strategies and particle swarm
optimisers using design of experiments.

In Proceedings of the 9th annual conference on Genetic and evolutionary
computation, GECCO '07, pages 674—681, New York, NY, USA, 2007.
ACM.

J. P. C. Kleijnen.
Design and analysis of simulation experiments.
Springer, New York NY, 2008.

W. Konen, T. Zimmer, and T. Bartz-Beielstein.

Optimierte Modellierung von Fillstdnden in Regenlberlaufbecken mittels
Cl-basierter Parameterselektion Optimized Modelling of Fill Levels in
Stormwater Tanks Using Cl-based Parameter Selection Schemes.
at-Automatisierungstechnik, 57(3):155-166, 2009.

Christian W. G. Lasarczyk.

Tuning and Experimental Analysis in EC July 2010

Appendix references

[

[

[

78178 Bartz-Beielstein, Preuss (Cologne, Dortmund)

Frank Hutter, Thomas Bartz-Beielstein, Holger Hoos, Kevin
Leyton-Brown, and Kevin P. Murphy.

Sequential model-based parameter optimisation: an experimental
investigation of automated and interactive approaches empirical methods
for the analysis of optimization algorithms.

In Thomas Bartz-Beielstein, Marco Chiarandini, Luis Paquete, and Mike
Preuss, editors, Empirical Methods for the Analysis of Optimization
Algorithms, pages 361-414. Springer, Berlin, Heidelberg, New York,
20009.

Frank Henrich, Claude Bouvy, Christoph Kausch, Klaus Lucas, Mike,
Preu3, Glnter Rudolph, and Peter Roosen.

Economic optimization of non-sharp separation sequences by means of
evolutionary algorithms.

Computers and Chemical Engineering, 32(7):1411-1432, 2008.

F. Hutter, H. H. Hoos, K. Leyton-Brown, and K. P. Murphy.
Time-bounded sequential parameter optimization.

In Proc. of LION-10, 2010.

To appear.

Nikolaus Hansen and Stefan Kern.

Tuning and Experimental Analysis in EC July 2010 78/78

Appendix references

[

B

B

78178 Bartz-Beielstein, Preuss (Cologne, Dortmund)

Genetische Programmierung einer algorithmischen Chemie.
PhD thesis, Technische Universitat Dortmund, 2007.

Christian W. G. Lasarczyk and Wolfgang Banzhaf.

Total synthesis of algorithmic chemistries.

In GECCO '05: Proceedings of the 2005 conference on Genetic and
evolutionary computation, pages 1635—1640, New York, NY, USA, 2005.
ACM.

Jorn Mehnen, Thomas Michelitsch, Christian Lasarczyk, and Thomas
Bartz-Beielstein.

Multi-objective evolutionary design of mold temperature control using
DACE for parameter optimization.

International Journal of Applied Electromagnetics and Mechanics,
25(1-4):661-667, 2007.

D. C. Montgomery.
Design and Analysis of Experiments.
Wiley, New York NY, 5th edition, 2001.

Boris Naujoks, Domenico Quagliarella, and Thomas Bartz-Beielstein.
Sequential parameter optimisation of evolutionary algorithms for airfoil
design.

Tuning and Experimental Analysis in EC July 2010 78/78



Appendix references

[

Bartz-Beielstein, Preuss (Cologne, Dortmund)

In G. et al. Winter, editor, Proc. Design and Optimization: Methods and
Applications, (ERCOFTAC’06), pages 231-235. University of Las Palmas
de Gran Canaria, 2006.

Niels Hendrik Pothmann.

Kreuzungsminimierung fur k-seitige Buchzeichnungen von Graphen mit
Ameisenalgorithmen.

Master’s thesis, Universitat Dortmund, Germany, 2007.

Mike Preuss, Ginter Rudolph, and Feelly Tumakaka.

Solving multimodal problems via multiobjective techniques with
Application to phase equilibrium detection.

In Proceedings of the International Congress on Evolutionary
Computation (CEC2007). Piscataway (NJ): IEEE Press. Im Druck, 2007.

Gunter Rudolph, Mike Preuss, and Jan Quadflieg.

Two-layered surrogate modeling for tuning optimization metaheuristics.
Algorithm Engineering Report TR09-2-005, Faculty of Computer Science,
Algorithm Engineering (Ls11), Technische Universitat Dortmund,
Germany, September 2009.

Selmar K. Smit and A. E. Eiben.
Comparing Parameter Tuning Methods for Evolutionary Algorithms.

Tuning and Experimental Analysis in EC July 2010

suggested readings

Bartz-Beielstein, Preuss (Cologne, Dortmund)

Fuzzy Operator Trees for Modeling Utility Functions.
PhD thesis, Philipps-Universitat Marburg, 2008.

Tuning and Experimental Analysis in EC July 2010

Appendix references

78178

2646

In IEEE Congress on Evolutionary Computation (CEC), pages 399—406,
May 2009.

Heike Trautmann and J6érn Mehnen.
Statistical methods for improving multi-objective evolutionary optimisation.

International Journal of Computational Intelligence Research (IJCIR),
5(2):72-78, 2009.

Marko Tosic.
Evolutionére Kreuzungsminimierung.
Diploma thesis, University of Dortmund, Germany, January 2006.

L.G. Volkert.

Investigating ea based training of hmm using a sequential parameter
optimization approach.

In Gary G. Yen, Simon M. Lucas, Gary Fogel, Graham Kendall, Ralf
Salomon, Byoung-Tak Zhang, Carlos A. Coello Coello, and Thomas Philip
Runarsson, editors, Proceedings of the 2006 IEEE Congress on
Evolutionary Computation, pages 2742-2749, Vancouver, BC, Canada,
16-21 July 2006. IEEE Press.

ﬁ Yu Yi.
78178 Bartz-Beielstein, Preuss (Cologne, Dortmund)

Tuning and Experimental Analysis in EC July 2010 78/78




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 2.33333
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


