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» objective function evaluated empirically or through simulations
» optimization (minimization) is finding such x* € R” that
f(x*) = min f(x)

VxeR?

» expensive scenario — limited number of evaluations
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EVOLUTIONARY ALGORITHMS AND SURROGATE

MODELING
Evolutionary Algorithms Surrogate Modeling
» escape from local optima » approximating regression

» require many function model
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GAUSSIAN PROCESSES

A collection of random variables, any finite subset of which have a
joint Gaussian distribution.

» specified by a mean function and a covariance function

» prediction in a point given as a univariate Gaussian
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CMA-ES

Inmput m e R", 0 e R, A €N
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RESEARCH TASK

Question

What relationships are between the suitability of GPs with different
covariances and the properties of training data sampled from the
optimized function?
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RESEARCH TASK

Metalearning of
Optimization Algorithms

Metalearning of
Classification

7

Ce® 4o P = {x1 iy
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Regression Models
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SURROGATE MODEL SELECTION SYSTEM

D
Train model on 7 -
Surrogate model space

Data space
P Assess
Feature extraction performance
on P

Selection mapping
Feature space minimizing € Performance space
S: = M
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EXPERIMENTAL SETTINGS
DATASET

. o
» Snapshots from independent o o e o

o
runs of the DTS-CMA-ES ~ ® : o ©
» 24 noiseless benchmark ° P={xdic
functions o ° TcA
5 dimensions
5 instances
8 covariance functions

25 generations
» 120 000 data

vV vy vy
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EXPERIMENTAL SETTINGS

DATASET - SAMPLE SETS
S:{(Xi,yl‘)GRDXR|i:l,...,N}

A= {(x, fx)}Y,

Archive A
Training set 7~ °

Training + Population set 7 p °
[ ]

14/28



EXPERIMENTAL SETTINGS

MODEL SPACE ~ COVARIANCE FUNCTIONS
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EXPERIMENTAL SETTINGS

MODEL SPACE ~ COVARIANCE FUNCTIONS
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EXPERIMENTAL SETTINGS

FEATURE SPACE ~ EXPLORATORY LANDSCAPE FEATURES
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EXPERIMENTAL SETTINGS

PERFORMANCE SPACE ~ RANKING DIFFERENCE ERROR

Zi:p(i)gu 1p(i) — p(i)|

RDE,(3.y) =

A — population size

JERN u=13]
p(i) — ranks of the i-th element in vector
p(i) — ranks of the i-th element in vector ¥

MaXz ¢ Permutations of (1,...,)) Zi:ﬂ(i)ﬁ,u | 1=

m(i)]
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KOLMOGOROV-SMIRNOV TEST
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SELECTION MAPPING ~ DECISION TREE
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SELECTION MAPPING ~ DECISION TREE
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FEATURE VS. ERROR
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DECISION TREE VALIDATION

» COCO framework
» 24 noiseless benchmarks
» 5 dimensions R
» 15 instances /‘y

» Algorithms

» T-DTS - DTS-CMA-ES |
adaptively changing % »
kernel according to 5N - |

features using decision o s
tree R

» 5 DTS-CMA-ES versions '
using fixed kernels

Tog - fog)
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EXPERIMENTAL RESULTS
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EXPERIMENTAL RESULTS
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SUMMARY OF RESULTS

» Statistical testing
» Significant differences in covariance performance ordering
» Significant differences in feature distribution
» CMA-ES based features are useful
» Decision tree with DTS
» Surrogate model selection methodology can be utilized for GP
kernel selection
» Selection of GP kernel using classification tree in DTS-CMA-ES
provided a performance equivalent to versions with successful
fixed kernels
» Future research:
» Feature reliability
» Number of observations, dimension — density
» Data distribution

» Covariance selection methods
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