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MOP — Automatized Metamodeling & Machine Learning a7 ST

* Models
. % Polynomials
e Polynomials Uee T
* MLS: Moving Least Squares Order 2
= » Kriging (Isotropic / Anisotropic) = MWC.:;FL:::Z;:; 200
2 Use True
- * GARS: Genetic Aggregation of Response Surface Order 2
Q Coefficient factor 8.00
e  Kriging
o Uze True
e Support Vector Regression iz:;‘cf;ii:hm gGFE'SE
* (Genetic Aggregation Response Surface
Uze [] False
. % Support Vector Regression
Q * DFFN: Deep Feed Forward Network
A Use [] False
e * Deep Feed Forward Network
— e DIM-GP: Deep Infinite Mixture of Gaussian Process Use [ Faise
Q * Deep Infinite Mixture Gaussian Process (DIM-GP)
+=) Use L] False
5 * Signal MOP v Signal MOP
. U T
* DIM-GP signal (Beta) . Emr:; e
ASCMO [] False
DIM-GP Signal (Beta) True

I, ' \nsY'S

©2021 ANSYS, Inc. / Confidential



\nsys

Deep Infinite Mixture Gaussian Process (DIM-GP) W ST

WORKSHOP
e Stochos is an external library developed by Probaligence GmbH

e Since 2022 R1 delivered with oSL enterprise

e Stochos offers meta-models for scalar/signal/field inputs and outputs

« Samples (xs, ys)
* Prediction (zp, py,, )

5 ©2021 ANSYS, Inc. / Confidential
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Recommendation for Scalar Metamodel Usage WO ST

WORKSHOP

Number of . : .
Use case Polynomial MLS Isotropic ~ Anisotropic

. - - SVR GARS DFFN DIM-GP
training samples Kriging Kriging

N <500
Best quality model for
<
FMU export/digital twin 500 <N = 2000 X X X
N > 2000

Guideline is introduced in 2022 R2 in documentation and training

I, ' \nsY'S

©2021 ANSYS, Inc. / Confidential



Example: Ten Bar Truss — MOP Training Performance

18 1000: 21 min 500: 24 min MOP training time
e For MLS, Krigingand 16 2099 min per response [min]
GARS, the training 14 o00:21 min.
time increases 12
significantly with the 10
number of sample 8
e SVR, and DIM-GP can  °©
be applied efficiently — *
up to 2000 samples 2
0
e Polynomials and DFFN
can be used for even Qaﬂ @\5’ @%@% @%{"% @"*"%ﬁj &% égé q§u\’{§
larger data sets @@“ @":9@ o
& &
O

Number of samples
500 = 1000 = 2000

— \nsys
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DIM-GP for Signal Data Approximation (beta in 2022 R2)

Simulation_So5 - Simulation-SoS_chan_0 - F-CoP (%)

Post-processing:

- Visualization of the F-CoP in
% in the Signal Plot

- Limitation: no parameter
sensitivities or correlations
available yet

Show settings for: | Currently active plot Ay

Signal: force_disp_DIM-GP Signal Ay

Channel name: force_disp_DIM-GP Signal_Chan_0 ™.

Data name: F-COP (%) Ay
Mumber of shown data: |1 ;,J
Reference signal: ay
Adjust resolution: ]
Show statistical values: ]
Show as contour plot: ]

Set Reference From Selection

100
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Signal MOP - SoS
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F-CoP[Total]
F-CoP[Gf]
F-CoP[fct]
F-CoP[Emod]
F-CoP[alpha_wc]
— F-CoP[alpha_ft]

Simulation_DIM-GP Signal - Simullation_DIM—GP Signal_Chan_0 - F-COP (%)

F-COP (%)

DIM-GP




Example: Wedge Splitting Test — Sighal MOP vs. DIM-GP

SF = —
— / .
{ F-CoP[Total] } nL /_\
\ ~
0 ol .‘/" \ / . .
ol ik A \v..\
. / . —
Signal MOP ol | - \
h“u
ol 100 samples : 2\ ;‘ .
Signal data U ; [ F-COP (%) |
—[ | | | 7
[ ' [ | n
<+ ol | "‘.‘ ‘I.‘"
S " channel 0 of signal Simulation - l‘l "‘.‘ ;‘I DI M-G P
| channel 0 of signal Reference -... | | | \ / i
s N 100 samples
oy | \ \
! ! ! ! ©ohn — .
0 0.0005 0.001 0.0015 ,_,: 6 O.OIOOS 0.601 0.0615
X 3 X
SH | | Se— — —
S 22— —
[ F-CoP[Total] ’ u |
ol ol | ‘ F-COP (%) J
)] T - 0 ‘
. | |
o| Signal MOP | ) 8"
0 oM | I . DIM-GP
200 Samples 0 0.0005 0.001 0.0015 |
| | 2 200 samples
|
ol |
ar ~T
|
1 ! 1 1 oo ! I !
0 0.0005 0.001 0.0015 0 0.0005 0.001 0.0015
X
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Customer Example: Signal MOP vs. DIM-GP

4 F-CoP !
] 80% SN\ V2 i AR
D | 1I |H n\ '4\'
ﬂ’\/VWMl 60% ﬂ ".
g' | g
- 8 40% 8
Original data
Signal MOP DIM-GP
L W

Y

frequeﬁcy (Hz)

gv’_ . — m ml , .
‘9@ m' m“ e 340 samples, 13 input parameters
e Data set contains low and high-frequency samples

1e+06 5e+06 5e+07 1e+08 5e+08 1e+09
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Customer Example: Signal MOP vs. DIM-GP

Approximation of selected sample

v TS AL

Signal MOP

e Signal MOP can not distinguish
between low and high frequency
phenomena

e Main trends in data are
represented by DIM-GP

e For low-frequency phenomena
the DIM-GP approximation is /
distorted by artificial noise \\ /N



Customer Example: DIM-GP & Domain Filtering

physics

el pack similar designs together to improve
CoP quality

CoP 97%

Simulation data

Domain
filtering Prediction
=
x S - S @ B
\ s . a |
‘\ | & BN
. P copoo%
. o
- -
= o
PV

\nsys
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Customer Example: DIM-GP & Domain Filtering

Design 337 Design 337
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New MOP Framework — Scalar MOP in 22 R2 (beta) W ST

More control of MOP setup in Ul

Improved architecture
New framework for more

metamodels & better performance

Available

MOP Build (“MOP3 node”)
Polynomial, MLS, Kriging, RBF
Postprocessing

MOPSolver

Limitations in 22 R2:
- No wizard
- No Al/ML models yet

WORKSHOP

Absolute path

Parameters
Available models

Name
Kl:l:_|||1g Mol el

Maowving Least Squ.
Polynomial Model
Radial Basis Func...

Models

AEAE e

% Respense su

rface 3D plot

Polvnom‘i:al Model approximation of sinucosinus
(=]

cefficient of Prognosis = 80 %

===

Lacal CoP
0.98

0.95
0.90
0.85
0.80
Q.75
Q.70
0.65
Q.60
Q.55
0.50

* | Sensitivity/sensitivity.omdb | -

Competition  Additional

4

MOP* (Betal

Models in competition

Name

Kriging Model 1 ;
Kriging Model 2 \.
Polynomial Model X l

Model Configuration

Polynomial Model

Licensa : Pro
Mixed Term Interaction : Auto
Max, Order : 2
Order -

Value Transformation Aute

©2021 ANSYS, Inc. / Confidential
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One-Click-Optimization (OCO) (Beta) w ST

WORKSHOP
Objectives:
o "Settingsless" optimization algorithm that could automatically suit any optimization problem.
 The results should be as good as possible: optimal or close to the optimal algorithms.
e Improve our standing with competitors (SHERPA, pilOPT,...).

General philosophy:
e Algorithm competition where some "selected algorithms are running".
e Challenging algorithms are trying to take over the spots of the running algorithms.

One-Click Optimization (Beta) O >

Parameter Start designs Criteria Settings Other Result designs
Computational aspect
Maximum number of samples: | 50

I0Only one setting!
Maximum number of evaluations

4|k

] show advanced settings

Y 'ANnSYS



One-Click-Optimization (OCO)

Selects automatically &
dynamically the most suitable
optimization algorithms

Runs simultaneously multiple
optimization algorithms (global &
local search)

Supports continuous and integer
parameters (discrete by value or
ordered by index)

Support of constrained single-
objective optimization applications

Multi-objective optimization
support

Distance to optimum value

OCO - ASFE (run 9): convergence graph
RosenbrockSD@MAX_EVAL 1500

#inputs=5
4 J
10% 5 *
] +-F +
103 1 + ++ MISQP & NLPQL
in parallel
102
101 E
3 o -
100 - Initial -
¥ sampling .l:""_h_+
NLPQL =
1071 5 Q +.|. ...*
& +
102 CMA g
in parallel i
103 - B
+
0 200 400 600 800 1000
Number of evaluations
<+ DOE <4 nipgl #22 <4 misgp #34 <+ nipgl #44

BEST SF 4 cma #18

‘ll-’-

©2021 ANSYS, Inc. / Confidential
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Validation of Performance WO ST

 Library of many single- and multi objective problems WORKSHOP

e Very good results with practical examples with e.g. lighthouse customers (confidential data)

e Very good results compared to literature

Normalized best solution vs. Number of Evaluations Normalized best solution vs. Number of Evaluations
Goldstein-Price function Rosenbrock 5D function
6 1,6
1,4
5
1,2
4
1
3 0,8
0,6
2
0,4
1
. 0,2
0 0
100 200 500 750 1000 1500
B Heeds SHERPA optiSLang OCO B Heeds SHERPA optiSLang OCO

e.g. SHERPA (Siemens-Heeds)
http://www.redcedartech.com/pdfs/SHERPA_Benchmark_0110.pdf

20 ©2021 ANSYS, Inc. / Confidential
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Example: One-Click-Optimization (OCO) W ST

Cantilevered beam example with mixed variables CantileverBeamWithMixedVariables

#inputs=4 #constraints=2 #runs=10
objective function to be minimized is:

JiH R, by by) =V =250, %b; + (H— 2%h) *by]*L L
. R | 2.0 - [ |
The constraint functions are defined as: j + H I —l etz -
g Hhy,byby) = PEL*HA2*I) = Gyy = o= 5000 ;ﬁl L - 1113 | | -% [ ] O(.:O - ASFE
= + , = misgp
Ez(fﬂf*;,ﬁpbzl =P*1-3-’J1‘"B*E*ﬂ = i'é-na'I:ﬂIa bl E 1.5 4 I I l Cma_ba|anced
= 1.
where: Figure 12, Cross-sectional shape variables in the g cma-global
cantilevered I-beam with a tip load. v Bl pso-balanced
I=1/12%b,*(H-27h,)’ + 2*[1/127B,%h;’ + b, *h,*(H-hy) o
Yy © pso-global
% 1.0 4= == = - -=-= —- Il sdi-balanced
3.0<H<7.0 o sdi-global
h1in {0.1, 0.25, 0.35, 0.5, 0.65, 0.75, 0.9, 1.0} = - ea-bf'znfed
£ ea-globa
2.0 S bl S 12.0 g 05 n - arsm
0.1<b2<2.0
The global minimum has a value f = 92.77 at the 0.0 -
location H = 7.0, hy = 0.1, by = 9.48482, b, =0.1. >0 100 150

Maximum allowable evaluations

Y 'ANnSYS
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GLAD - Global and Local Approximation of Derivatives WO ST

WORKSHOP

HFSS optimizer finalization 2022 R1 Tuned Return Loss ANSYS

10.00
e Introduced at WOST 2021 ]
0.00
* Considers the HFSS derivatives of signal responses for -
more efficient optimization g ]
o -20.00
* Setup of integration is supported by an AEDT wizard 5]
* Delivered as beta feature in 2022 R1 o0& 1200 T S
ax ] Length2tmd 0. Qcm
S AN RARES RAREN RARLE LRREE RAREN RN RALEE LA
e Responses 200 210 220 230 240 250 260 270 280 230
e a Freq [GHz]
| gap2* 1.5 | StFeed_T1Feed_T1_dB [1:1]
S ws* 25 “ | StFeed_T1Feed_T1_der_im_gap2 [1:1] Modules Q
. | StFeed_T1Feed_T1 der_im_ws  [1:1] GL.E'.D|
3 | StFeed_T1Feed_T1_der_re_gap2 [1:1] v Systems
. | StFeed_T1Feed_T1_der_re_ws [1:1] X
® | StFeed_T1Feed_T1_im [1:1] v B Add-ins
o StFeed:ﬂFeed:ﬁ:rE [1:1] "f: Global and Local Approximation of Derivatives (GLAD for HFSS) (Beta)

N, ' \nsY'S
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GLAD - Global and Local Approximation of Derivatives

Driven

Solution Setup

General ] Options ] Advanced | Expression Cache Dernivatives l Defaults ]

Produce Derivatives for these variables

Name

=
I
ld

Define variables for derivative study

coaxinnerstep
fillet_radius
H1

H2

H3

H4

H5

L1

L2

L3

L4

L5

Yeoax

tools\act\v221\aedt

I S Y HE RS HEVHER HEN UERHER IRV HEY

ALT Extensions

odp .
3, | GLAD Optimizer

Project/Design/Solution

Project transition_GLAD v @
Design HF3SDesigni v @
Solution Setup | Setup1:Sweep v @

Quantity to be used in optimization criteria by optiSLang

SYZ Parameter: | § Parameter v @
Quantity S(1,1) v @
[ Create data report for optiSLang (applies immediately) (7]

optiSLang export
optiSLang Version | 21.2.0 (C:\Program Files\WNSYS Incwz 7
[ *analyze Al before executing wizard

Save project when executing wizard

QOO O

Start optiSLang after the wizard is finished

Exit Wizard

ACT Wizard helps setup reports and

create optiSLang project

©2021 ANSYS, Inc. / Confidentia
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optiSLang Ansys
020 Curve Info - vous |
— s511_dB S11_dB
0.15 S11_re hal
S11_im ¥
e S11_der_re_L1 ¥
1 S11_der_im_L1 1
1] — S11_der_re L2 1
0.05 — S11_der_im_L2 ¥i
] — 511_der_re_L3 V1
0.00 — S11_der_im_L3 Y1
] -+ S11_der_re_L4 1
ol S11_der_im_L4 ¥
1 — S11_der_re_ L& 1
1 S11_der_im_L5 Y1
-0.10 7 — S11_der_re_H1 1
4 - [V
015 1 . — T+ 2625
8.00 9.00 10.00 11.00 12.00 13.00
Freq [GHz]

GLAD

R/ -

fransition_GLAD

\Nnsys
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Poisson Distribution for Stochastic Parameters WO ST

 Simulated values can only be natural numbers 0,1,2,3,... WORKSHOP
 Only one distribution parameter, which is equivalent to mean and variance

 PDF does not exist, PMF is implemented instead
e CDF and inverse CDF are step-wise, similar as for Bernoulli and Discrete distributions

Poisson distribution Distribution parameter

0.20 ' ¢ A=40 - e Expected number of events A > 0
;ﬁ'u.w . ! . Mean value & standard deviation
= o ¥V —
20.10 * X =A
”§ ® Ox — \/X
2005 -
. ' I Probability mass function

0.00 T o o | A e=A e : '

0T 2.0 40 60 8.0 100 120 _ fw if x €{0,1,2,3,...}

Value z ® D X(:j_:) — T -
0 otherwise

red0,1,2,3,..}, A>0

Y 'ANnSYS



Visualization of Discrete Distributions

Point-wise Probability Mass Function instead of PDF
Ordinate shows probability values, since no

“density” exists

Implemented for Bernoulli, Discrete and Poisson
Automatic fit allows fitting of discrete distributions

only for discrete data

PDF

Type Distribution parameter
BERNOULLI 0.8
DISCRETE -1:0.15; 1; 0.6; 1.8; 0.25
DISCRETE 1;0.3; 2; 0.5; 4; 0.05; 7: 0.05; & 0.1
POISSON 0.1
POISSOM 1
POISSOM 2
POISSOM 4
POISSOMN 0

TRUNCATEDNORMAL 0; 1.60673; -10: 10

3.2 0.25 0.3

Probabilit

0.15

0.05

INPUT : Parameter_3

& Fitted PDF - DISCRETE
ol Histogram

015  0.175

Probabilit
0.05 0075 01 0125

wn .
3
=]
ol

4 5 6 7
INPUT : Parameter_3

INPUT : Parameter_4

®  Fitted PDF - POISSON
& | el Histogram



5

INPUT garameter
4

Reliability Importance Plot

AN

Contribution of variation of stochastic inputs
with respect to failure probability

Adaptive Sampling in 2021 R1
ISPUD in 2021 R2
FORM + Monte Carlo in 2022 R1

Input parameter importance
Probability of Failure: 0.00249981

Global parameter importance

x4
0 %

Input parameter |mH:|c|nr:|m:e for Design point 4
Probability of Failure: 3.16533e-05

X3

2 % wH s

Region 3: x3 only
Z)ézﬂlo % f

x1 R 5,
71 % | e

20 4 80 0 20 40 50 80 100
0 mpaortance values
Importance values [%] 1%]

©2021 ANSYS, Inc. / Confidential
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nput parameter importance for Design point 3
Probability of Failure: o.oougsém

28

Region 1: x1 only

*2
0%

x3
0%

80

i i a r
Importance

100

® 4
(%
=
B
2 5
X
}_.L
o

Inp. ynaramet |m}:|c|nr:|m:e for Design poin!
“robability of Failure: 0.00125808

x4
0 %

Region 2: x1 & x2
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Machine Learning & Al WO ST

WORKSHOP

Questions ?

e Qverview & Guideline
e DIM-GP models in scalar MOP
e DIM-GP for signal approximation

Single & Multi-Objective Optimization
e One Click Optimization

e Derivative-based optimizer for HFSS

Robustness & Reliability Analysis
e Discrete distributions

e Reliability Importance Measures

— \nsys
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