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Introduction

* Part of Real-Parameter Numerical Optimization
Competition
* Single Objective
* Computationally expensive
* Test functions
e 8 test functions
e 24 problems
e 3 dimensions: 10, 20, 30
* Participations
e Validate results: 6
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Test functions

Function | Properties |

Shifted Ackley multimodal
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Final Scores

» Ranking method:
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Total score =

24

=1

m_ Algorithm Total Score

24

score; (using mean value) + Z score, (using median value)
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Analysis and comparison
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Analysis and comparison

* Top 3 methods: MVMO, SOMODS, and WA [we may
change according to new results]

e MVMO and WA do not use surrogate model(s)
e SOMODS uses surrogate model

* Some interesting finds

e SOMODS obtains excellent results on Step function

e MVMO and SA-DE-DPS obtains the global optimum
and outperform other methods with higher dimensional
Griewank problems
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Unimodal problems
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(1)Shifted Sphere-30d

10 T T T I T T
s
102 i ‘ —
10° b .
c
S 107+ -
£
104k
—@— MVMO
10°L —®— somoDs )
—0— Without-Approx
—&— SA-DE-DPS
—&— HSBA
| —w—GCo
10' 1 1
0.1 0.2 0.3 0.4 05 0’6 0.7 (ﬁa 0’9 *
MaxFES

Unimodal problems



(2)Shifted Ellipsoid-10d
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Summary for unimodal problems

* Methods obtaining best results for ALL unimodal
continuous problems: MVMO, WA

* Methods obtaining good result for unimodal discrete
problem (step problem): SOMODS
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Typical multimodal problems
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(6)Shifted Griewank-10d

10
10°
C ‘
;

10" b

mean

10 &

10

(UK S —- -

—@— MVMO

- —@— SOMODS
- —4@— Without-Approx
| —&— SA-DE-DPS
| —%— HSBA

—%— GCO
|

Pl

& b3

0.2

0.3

©
©

Typical multimodal problems



(6)Shifted Griewank-20d
10 | |

mean
-
o
I

—@— MVMO

10°} —®— SOMODS
—0— Without-Approx
—— SA-DE-DPS
—— HSBA

—%— GCO
| | 1 | | ‘

-2

0.1 0.2 0.3 0.4 0.5 06 0.7 0.8
MaxFES

Typical multimodal problems

0.9




RN T

(6)Shifted Griewank-30d

mean
-
o

—@— MVMO
10°} —@— SOMODS
—4&— Without-Approx
—— SA-DE-DPS
—r— HSBA

—%— GCO
| | 1 | |

0.1 0.2 0.3 0.4 0.5 06 0.7 0.8 0.9
MaxFES

Typical multimodal problems



problems

* Methods obtaining best results for ALL typical
multimodal problems: SOMODS

* All methods with surrogate modeling obtaining good
results for 20d, 30d Griewank problems: SA-DE-DPS,
HSBA, SOMODS



‘ Very complex multimodal
problems (narrow long valley,
rugged landscapes)
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(7)Shifted Rotated Rosenbrock-20d
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multimodal problems

* No method can obtain good results for such problems.
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