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= Known objective functions

= Fast simulation execution

Our Approach Evaluation Conclusion

Related Work

Motivation



Bremen

@ Motivation

= Feasibility studies
= Blackbox simulation leads to unknown objective functions

= Computational expensive (stochastic) simulation

Motivation Related Work Our Approach Evaluation

Conclusion

.

<N

EX3)

smEmmEuann
A N N



Bremen

-r‘
4
LT ey

Simulation-based Optimization
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= Multidisciplinary design attempts to satisfy multiple, possibly
conflicting, objectives at once
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Y Our Approach

= Precise approximation of unknown objective functions and feasible

design space

= Approximation allows (multiobjective-)optimization

= Deterministic and stochastic blackbox simulations for SOP and MOP
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= Knowledge discovery in (deterministic) simulation (based optimization)
= Single objective optimization

= Landscape characterization problem exploration via support vector machines
[Burl‘06]

= Determination of adaptation strategies for linear relationships [Lattner11]
= Linear regression of input parameters and classification [Painter‘06]
= Visual analytics [Feldkamp’15]

= Multi objective optimization

= Analysis of existing Pareto solutions
[Bandaru‘10,Sugimura‘07,Liebscher‘09,Dudas‘15]
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Remaining Challenges § .

= Automatic approximation and optimization
= Consider computationally expensive simulations

= Consider stochastic simulations

= Within the context of knowledge discovery process

= What are suitable data mining methods in order to achieve above?
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W Overview of Approach
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U Relationship Approximation

R
L

5‘*-“ ke

f:C,T -0=f(ct)— o

/-"‘"-_ \\_________—.
Unknown objective ‘/
function \ Spline at ¢,
- -

L~

Objective space O

Parameter space C /\/

Simulation time T

Motivation Related Work Our Approach Evaluation

Fi(x),z0 <z < x1

S(x) = { Fi(z),z;1 <z < x;
Spline at t,, Fo(z), #n-1 < © < n

Fi(z) =a; + bz + ct-f + dt-;{:g

"

Conclusion

()
EX3)

smEmmEuann
A N N



Bremen

Y Relationship Approximation
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W Gradient based Sampling
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W Feasible Design Space Approximation

= Re-formulation of MOP based on B-spline surface approximations
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Y Multi-Agent System based Optimization
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W Evaluation

= Windows, C and C++/14
= Nine competitors

= Three sampling strategies

= Three clustering approaches

= Synthetic functions
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Sampling: Uniform Random Gradient
Clustering: Det. Dbscan K-Means Det. Dbscan K-Means Det. Dbscan K-Means
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Probability mass functions
Binominal, t =9.0,p = 0.5
P(z’|t,p}:(i]-p’-{l—p)*" 15.8 15.0 10.71 108 13.86 1396 16.68 16.71 1055 1050 1342 1356 1565 1572 867 871 11.34 1141
CGeometric, k= 0.3
plilk) =k- (1 - k) 15.66 1571 10.61 10.67 13.34 1358 1654 16.68 1033 104 13.23  13.32 1552 1576 8.62 869 11.56 11.63
Pascal, k =3.0,p =05
p(i|k,p)=(“"":_1)-33“‘-(1—33)‘ 15.6 15.72 1058 1061  12.26 1337 1627 16.32 1032 104 13.67 13.7 15.65 1586 8353 86 11.23 11.38
Uniform, a = 0.1,b = 9.0
p(-::|a,b):ﬁ 1533 1556 10.20 1041 13.44 1349 16.02 16.1 10.07 10.12 13.72 13.79 15.3 1553 8.32 845 11.67 1175
Poisson, p = 0.1
p(a‘|,u):“:+:e—“ 1550 1581 1054 1061 12,19 1255 1642 1651 103 10.38 1321 13.32 1556 1562 856 8.61 11.85 11.93
Probability density functions
Cauchy, a = 5.0,b= 1.0
p(zla,b) = —— L 151 15.3 10.44 1048 1242 1256 16.24 1628 10.25 10.3 13.33 1342 15.15 1525 B47 852 11.24 114
mebe[14(E52)2]
Chi-squared, n = 3.0
p(-.r|n):ﬂ—l§-:c%—l‘e—’f! 15.7 15.0 10.61 10.63 12,11 1246 16.28 16.43 104 10.48 13.56 13.61 15.7 15,78 B8.62 87 10.87 10.96
r(%)2
Fisher-F, m = 2.0,n = 2.0
min mz
p{-.?:|rrrr.,n)=—rri'2 i “Tm_n 1535 1551 10.84 1088 12.71 1283 16.35 16.48 10.73 10.79 13.56 13.6 15.13 1531 875 8.81 11.74 11.83
r) e To(14 MBIy T T
. n
Normal, p = 5.0,0 = 2.0
a2
(z—p)?
p(jlf“g}:,lar'e_ 2a? 1556 15.62 10.55 10.63 11.98 1268 164 16.53 10.39 1044 13.67 13.72 1552 1550 848 854 11.52 116
Exponential, A = 3.5
plz|A) = Ae™?= 15.65 157 10.62 1067 13.46 1366 1636 1648 1034 1041 1373 13.78 156 1572 B63 878 11.64 11.67
Motivation Related Work Our Approach Evaluation Conclusion
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= Optimization problem

filz,y) = 42° + 4y° + N

fa(z,y) = (x =5)° + (y—5)*+ N
S.T.

gi(z,y) = (x—5)" +y* <25
g2(2,y) = (x —8)° + (y +3)° > 7.7

(Binh/Korn’99)
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W Conclusion

= Approximation of objective functions and the feasible design
space

= Minimizes amount of required samples

= Arbitrary deterministic and stochastic blackbox simulations

= Computation of Pareto solution via multi-agent system approach

= Converges fast and solutions are close to Pareto front
= Approximation can replace costly simulation runs

= Requires knowledge discovery process [Lange‘16]
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