fsa@é P STC

anermore Software

, Technology Corp.
\VI//

LS-OPT®: Status and Outlook

Nielen Stander, Anirban Basudhar, Imtiaz Gandikota
LSTC, Livermore, CA
Katharina Witowski
DYNAmore AG, Stuttgart
Ake Svedin, Christoffer Belestam
DYNAmore Nordic, Linkdping

LS-DYNA Users Forum, Bamberg, Germany
October 7, 2014

Copyright © 2014 Livermore Software Technology Corporation



Contents

® Overview
® Enhancements in 5.1
@ Outlook

Copyright © 2014 Livermore Software Technology Corporation



LS-OPT: Brief overview

® Optimization
+ Direct and Metamodel-based

® Reliability and Robustness (RBDO)
® Process Optimization

= fetamodal-based optmization 5
: Setup . Sampiing sampiing_MAI
@ u |p e solvers 20 ' on ool
A Jryve— P oiang. Morpher b FE_Morpher_Mo: P FE_Morpher, _Sﬂessé
| e ) et |
¢
— - s Domanreducton |\ S g Anaysis
(SRSM) dpen
4 ; ; e g
T
lllllll VMaiyﬂsd
¢
Warping_Analysis
Verification |, Termination criteria 1w o
D e

& Network-based s Q. @4
s Job scheduling B 2
» Monitor /ng By [ == | | e
¢ Control

® Parameter Identification (Materials, Systems)
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LS-OPT Methodology

® Metamodel-based Optimization/Reliability

¢ Discrete-Continuous problems (Sizing/Shape)
>« Benefits derived from metamodels

- Build a global model of the design for graphical exploration
- Stochastic methods inexpensively applied

+ Reliability and Robustness Analysis/Optimization

+ Global Sensitivity Analysis

¢ Qutlier Analysis

+ Tolerance Optimization

® Direct Optimization

¢ Global Optimization
¢ Integer (category, material), Discrete-Continuous, Multi-
Objective
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Vehicle Crash Example: MDO Model detalil

6 Crash Modes + Body Dynamics Mode:

- approximately 3 million element models

s oof Crus
SICE ‘\‘ Optimzed BIW ’ RashGreiy
- L

/“---—" <
Body Dynamics \ Pole Impact

Allen Sheldon, Ed Helwig (Honda R&D)
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Vehicle Crash Example: Design Formulation

Objective:
Minimize Mass

35 Continuous Thickness Variables:
33% of BIW mass Constraints:

Front NCAP:
Decelerations
Intrusions

Front Offset:
Intrusions
Cabin Integrity

SICE:

Intrusions

Side Pole
Intrusions

Roof Crush:
Force

Rear ODB
Intrusions
Fuel System Clearance

NVH:

Body Stiffness

Allen Sheldon, Ed Helwig (Honda R&D) Body Frequency
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Vehicle Crash Example: Setup and results

LS-OPT SRSM Settings:

* Optimization Strategy
SRSM (Domain Reduction)

Metamodel
Radial Basis Function Network
(global)

 Point Selection
Adaptive Space Filling
54 points per iteration

Optimization History

20

Final mass reduction I

from 12.1%!

| I Initially mass

reduced by 20.0%!!!

Mass

[teration Number

Allen Sheldon, Ed Helwig (Honda R&D)

Copyright © 2014 Livermore Software Technology Corporation

Gauge Changes

» Optimization was aggressive with a significant
initial mass reduction.

* Then optimization converges as constraints are
satisfied.

* Final step shows some increase in mass as
variables are switched to discrete values.

* Gauge changes are non-intuitive.
» Some parts have significant gauge up values.
* Rear portion of structure saw significant gauge down.



Example: Calibration of material 125

s2/s4/s6/s8/s10/test2/test4/testb/test8/test 10

1.5E+03

1E+03

500

-500+

-TE+03—

" X
X X
X X
X X X
NN
0000
///
/
——
- 0.025 0.05 0.075 0.1
e2led/eble8/e1 0/

Start

—s2
—s4
—s6
—s8
—s1
X tes
X te:
Xtes
Xte:
X tex

9 parameters

5 tension/compression
cases
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s2/s4/s6/s8/s10/test2/testd/testb/test8/test10

Multiobjective

0.05

Optimum

Optimization History

for "Multiobjective”

. 0.075
e2/e4/e6le8le 10/l

—s2_vs_e2
—s4_vs_e4
—s6_vs_e6
—s8 vs_e8
—s10_vs_e10
X test2

X test4

X test6

X test8

X test10

OH AN Mismatcih history |
0.3 \

NN \

0.1 \ \
T

Number of Iterations



New Features
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Multi-level Optimization

Variables

|
_____ e |
( omain reductioh | (42 —
Finish D (SRS;) t | l ur.l 2m12 N 4 : "
T L |
Verificgtinn ( Terminzlitiar? crite'il_ 'QPI §ta_g_ tl/ _e : Optlmlzed
T Variables/Responses

@

( Optimization ¢ .
p— Build Metamodels
| 1 objective |
| 1 straint ] 2 linearsu faces

| S R N

Small car crash optimization problem: LINEAR
homeihiglen/LS OPT/S 0/DEBUG/opt QA/S TRINGYVARS/S TRING_VAR_CONS Tiouter lsopt

OUTER ——

= Subdivision of problem into levels
= MNesting the optimization problem

= lariables and responses are | compostes l ]
transferred between levels

= Inner level optimization is done for
each outer level sample

> i - - -

Sampling 1
2 wvars, 4 designs

Small car crash optimization problem: LINEAR
homefielen/LSOPT/S.0/DEBU Glopt QA/S TRINGVARSISTRING_WVAR_CONSTAA 4/LsoOpt.inp
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Multi-level Optimization: Why?

® Organization. Easier to organize the problem as a
collection of subsystems

® Efficiency. Solution algorithm takes advantage of the
subproblem type

+ Can match optimization methods with variable types, e.g.
materials (categorical), sizing/shape (continuous).

® Robustness and accuracy. Smaller sub-problems are
typically solved in a relatively low-dimensional space

® Ciritical framework for rational decomposition
methods: Analytical Target Cascading

+ Iterative method which resolves inconsistencies between
individual processes with shared variables

Copyright © 2014 Livermore Software Technology Corporation
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Multi-level Optimization: Applications

® Applications:

+ System Optimization (component sublevels)
¢ Design of Product families

¢ Tolerance optimization

- (Basudhar, A. and Stander, N. Tolerance Optimization using LS-OPT,
Proceedings of the LS-DYNA Forum, Bamberg, October, 2014)

¢ Robust design using Random Fields

- (Craig, K.-J. and Stander, N. Optimization of shell buckling
incorporating Karhunen-Loeve-based geometrical
imperfections, Structural and Multidisciplinary Optimization,
2008, 37:185:194)

+ Integrated Design and Materials Engineering (e.g. ICME
project)

- Engineer materials at various levels

- Integrate materials with Forming design

Copyright © 2014 Livermore Software Technology Corporation
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Multi-level Optimization: Example -- Truck

2500 PICKUP TRUCK MODEL - (NCAC V6)
Tme- 0

i

i
&
1]

..
iy,

o

£
%

6 Thickness design variables
6.Material categorical variables
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Multi-level Optimization: Example

Outer level: Continuous Inner level: Discrete/Categorical

H_ E' ‘tf/:\ }'-B-:-I:I.| uent th Domain Red H' E' _'_' /‘: ’. Bil'e-'f'. 4?

Setup ] Sampling Sampling1 J Setup ] Sampling Sampling?
9 parameters 6 vars, 11 d-opt designs .
/ 15 parameters | & vars, 10 designs

o Termination cri
Finish
10 generations
Optimization
[ 1 objective )

Composites
7 definitions

inner loop for material variables
Imtiaz Gandikota
thome/nielen/CONFERENCES/DY NAMOREZ01 4/PICSANPUT FILESAnner Isopt

( B " Domain reduftion P e
(SRSM) <

\erification Termination criteria
1 design 10 iterations

' Cptimization

[ 1 objective b
drc

tagel
15 pars, 3 hists, 15 resps

Build Metamodels
17 linear surfaces

outer loop for thickness variables
Imtiaz Gandikota
‘home/nielen/C ONFERENCES/DY NAMORE2014/PICSANPUT FILESfouter Isopt

Parameter Sefup | Stage Matrix | Sampling Matrix | Resources = Features

[l Show advanced options

V - I t Parameter Setup | Stage Matrix =~ Sampling Matrix  Resources | Features
a rI a b e Se u p [] Show advanced options ‘Eml\nputF’arametevRefevences‘

Type Marme Starting Minirmum Maximurmn Delete Tvpe amS S M DO |BEES
= lStrmg ‘ v |[mat_er |[mater_c  |vaues: mat_BR_o matE.. .. |d x
| ( 3137 2.5036 | 3.7644 | @ . =
/ M t I [smng ‘ ~ |[mat R |[mat_r_c |values: | mat_IR_o. mat_| | ]
| [ 2.7” 2.16” 3.24] ] a e rl a lSlrmg ‘ ~ |[mat_orR |[mat_OR_c Jvalues: | mat_OR_o. mat_0 \:\A *
| Detnion It‘\ l P N ISlrmg ‘ ~ | [mat_pot [mat_bot_c vatues: mat_bat_o, mat_ ‘;‘A M
: Ca teg O r I es [string [~ |[mat_oump. | [mat_bump_oJvatues: |mat_bump_b. mat .. | <
| [ 2 997” 23976” 35964] i lSlrmg ‘ + |[mat_cab |(mat_cab_c  Jvalues: mat_cab_o. mat_ \:\A *
| Definition IB l &) ITransfer Variable ‘ ~ Hn ][ 3 137] A x
| [Transrer varianle | v |[t10 Il 27) A
: [ 3'4” 2'72” 4'UEI g [Transfer varieble | v (2 Il 3137 A=
| Definition ltS l & lTransfer\.’anab\e \ MIE li 2907 A x
e ) m w wwe | BEhi e - a-
1 ,C nes [Transfervanab\e ‘v |5 Il 34 A
| ( 199 1502 23| - S S tra nsfer [Fanstervariaole |~ [ I 34) A
—— -~ [Transrervaname ‘ v [ts4 Il 1262 A
Add ——) [Transrer variable | v |[73 Il 199 A~
Add.
Dok
Dok
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Multi-level Optimization
Categorical variables: Material levels

Inner Rail Material Variables

900

800 }
700 }
&

Baseline

=>
= 600 }
A ——Mat_B (UNS31600)
(]
frar]
o soo f ——Mat_C (UNS30403)
(]
2
= ——Mat_D (UNS31803)
(&)
o 400 |
o
[
L

300 }

200

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45
Effective Plastic Strain

0.5
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Multi-level Optimization: Design Criteria

Variables

¢ Quter level: 6 thickness variables of main crash
members

¢ Inner level: 4 material types (levels) for 6 main
crash members

® Minimize
¢ Mass

® Criteria
¢ Intrusion < 721
¢ Stage 1 pulse < /.50
¢ Stage 2 pulse < 20.2g
¢ Stage 3 pulse < 24.5¢

Copyright © 2014 Livermore Software Technology Corporation



Multi-level Optimization: SRSM/GA vs. GA only

Mass (Kg) Cost
Analysis Type No. of DVs Baseline Optimum Reduction (LS-DYNA
(%) runs)
Multilevel Optimization 6 (thickness) +
with thickness and 6 part materials
discrete material (4 discrete levels) 138.1 122.2 9340
variables =12 P »
/
/
Direct optimization with 6 (thickness) + Il
both thickness and 6 part materials I
material varia (4 discrete levels) 138.1 1305 5.5 3000
(population s =12 ' v )
»
/ \
/ \

Direct GA with thickness 6 (thickness) + N

and discé\e{e material 6 part materials 138.1 1919 Sa 5000
variables e (4 discrete levels) ' '
(population sm =12

~S~S—————
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Multilevel Optimization: Observations

® Multilevel more robust (possibly).
+ GA population size can significantly influence global optimality

® Multilevel allows metamodel creation for continuous

variables
+ E.g. can apply robustness, tolerance optimization etc.

® Disadvantage: Multilevel more expensive.

+ Optimization could be streamlined, e.g. by adapting starting
points for sublevel optimization. Hybridization of optimizer.

® Multilevel useful in other applications such as
tolerance optimization: 7olerance Optimization Using
LS-OPT (Basudhar). Proceedings of this forum

¢ Also, Collaborative Design Optimization, Design of Product
Families

Copyright © 2014 Livermore Software Technology Corporation 20



Variable deactivation (iterative methods)

® Optimization: large number of function evaluations,
especially in multi-level setup

® Variables can be manually de-activated

+ Save computational effort (variable screening)
¢+ Variable is frozene

Optimization History
for tboumpertroofttrailb/railf

-
-~
-
-
-~
- o 5
-
-
-
T

//
+ Seamless restart o R | e
/ S~o - /‘ -~
~~_ £ ~
/, S~ \% - 3
’ . . g T~ as
Parameter Setup = Sfége Matrix | Sampling Matrix | Resources = Features § D
7 £ - So
5 = ~N

] Reset 3 s
é — Number of Iterations
(%]

Optimizati o

or HIC/Freque

Multiple entity plot
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Parallel Neural Networks: Motivation

® High metamodel accuracy required. Even with
screening, appropriate metamodeling tools needed

® Feedforward Neural Networks

+ High accuracy global approximation. Good bias-variance
compromise. Variance information available (illustrated below)

¢ EXxpensive. Vehicle crash often 100+ responses. Solved independently

due to nonlinearity. Reduction (as when linear) not possible.
- Ensembles (sorting through hidden nodes to get the right order)

* Committees (Monte Carlo method to improve prediction)
+ Ensembles and Committees are suitable for parallelization

nnnnnnnnnnnnn

22
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Parallel Neural Networks: Interface

Execution options for FFNN calculation

Sampling & Metamodel Settings ‘ Active Variables | Features | Constraints ‘ Execution

Resources
Fesource Units per job
FFEBUILDER [1

Create new resource

(]

Use Queuing
SLURM 2

Use LSTCYM proxy

[ [>]

Command | ${LSPROJHOME}fbuilder_script

Dialog

@ Functionality
similar to solver
job monitoring.

@ Jobs can be
distributed

Log

[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]
[STDOUT]

[STDOUT] Training primal net (3 layers, MNeurons: 2 -» 2 -» |~
b I B

Lo |

Response name :

"Acc_max"

Tools

Show status for |Metamodel Sampling? | ~ ]

Job ID/FID Component lter  ResplD Nodes Status
30195 SamplingT 1 3 1 NomalTerminaon
30198 Sampling’ ] 3 z NomalTemminaon
30225 Sampling ] 3 5 Nomal Termination
30228 Sampling ] 3 4 MNommalTermination
30231 Sampling 1 3 5 Running..

30035 Sampling’ ] 4 1 NomalTerminaion
30239 Sampling ] 4 2 NommalTermination
30260 Sampling ] 4 3 _
30283 Sampling 1 4 “ Running...

30087 Sampling’ ] 4 s Running

30291 Sampling ] 5 1_
20294 Samplingl 1 = F Running...

30297 Sampling 1 s 3 Running..

30303 Sampling’ ] s 4 Running

30307 Samplingl 1 3 5 Running...

0 Sampling1 1 6/ 1 Waiting. .

0 Sampling1 1 z 2 Waiting. .

4] Samnlinal 1 3 Waitinn

Number of data points

Threshold for RMS Error =
1 Hidden Layer

9 Members

2¢2 discarded nets

Averaging type: Mean using 5 remaining nets

Found input data file: S_AnalysisResults

Response # 3

Training primal
Training primal
Training primal
Training primal
Training primal
Training primal
Training primal

net
net
net
net
net
net
net
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layers,
layers,
layers,
layers,
layers,
layers,
layers,

Neurons:
Neurons:
Neurons:
Neurons:
Neurons:
Neurons:
Neurons:

2-=2-»1
2-=2->1
2 -2 -21
2->2->1
2-=2-»1
2-=2->1
2->2-»1

2 1

[ P P

b

Progress
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Parallel Neural Networks: Results

9 design parameters

Statistics

Parameters 9
1997
15
Processors 8

Simulations

Responses

Copyright © 2014 Livermore Software Technology Corporation

Metamodeling Accurac
For Response Function "N1_disp”
Neural: RMS Error =4.71 (0.668 %), R-squared =0.935

Metamodeling Accuracy
For Response Function "time_to_zero_vel*
Neurak RMS Error = 0.00737(8. 66 %), R-squared =0.553

Type

g g
¥ . |Feasible 3
2 740 o Bheh. ®
& 7. &
4 H
g 8
& 680 | &
3 e Z
g : &> g
3 675 0 725 750 ] 008
5 Computed Response Value 5 Computed Response Value
Metamodeling Accuracy Metamodeling Accuracy
For Response Function ‘Integral_D_200" Fer Response Functien time_to_200D°
Neural RMS Erfor = 493 +04(0 638 %), R-squared = 0,994 Meural: RMS Etror = 1.83¢-07(0.00142%), R-squared = 1
3 mFessble 3 (o122
R Wirfeasile =
S 5
G o § oo
o o
g oEws t g
T -9E+08 8E+06 7E8 H 0129 0ol
& Computed Response Value £ Computed Response Value
Metamadeling Aceuracy Metamadeling Aceuracy
For Response Function "NZ_disp® For Response Function “ime_to_4000"
Neural RMS Error =45 (0639 %), R-squared =0.944 Neural RMS Error = 1.18e-0510.0433%). R-squared = 0.98
3 3
2 750+ mFeasible 3 o T
> [ > 002
3 75 miressvie g
H 7004 g ooz
S 5751 I I ERELE e i
5 675 760 755 7 I 00z 7 00574
] Computed Response Value 5 Computed Response Value
& &
Metamodeling Accuracy Metamodeling Accuracy
For Response Function "Stage1Pulse” For Response Function "Stage2Pulse”
Neural: RMS Error = 0.0502(0.638 %). R-squared = 0,994 Neural: RMS Error = 0.218 (1.04 %), R-squared =0.976
2 T mFeasible 2 |
2 £ N
# PR [
5 H
7 a 20
< # 5 18 !
H 1 ] n "
s 7 s 2 2
£ Computed Response Value & Computed Response Value

Predicted vs. Computed

Calculation times

Order MC

Time (min.)

|Feasible
minfeasible

@Feasible
Winteasible

mFeasble
|infeasible

|Feasble
|infeasible

Min 3

9

2.8

Default 5*

9*

10.6

Ma

X 10

19

99.6
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Excel stage type (substitution)

Setup | Palameters| Histories ‘Responses| File Operations‘

History definitions

xaccel 432

L. -Copyright. ©.2014_Livermore. Software. Technology.Corporation. — — — — — — — — — — — —

NODOUT: x_displace nent of node 432

NODOUT1
NODOUT

NODOUT2
NODOUT: Last registered X [Fomponent of
Coordinate of node with 1DN67

Setup ‘ParameterslHistorieslResponses File Operations

Inputs from LS-OPT to

~ Excel fields
!
!
!

General

Package Name|ExceI

Excel File dataxisx

"] Do not copy Excel file to job folder

Input definitions

eel

Sheet PO Type Value Fill direction //  Delete
Sheet1 A3 ) v | Parameter V1 v | Vertical
Sheet1 Parameter Vertical

Sheet2

NODOUT2

Vi

€

1ca

ertical

Sheet2

IVH xaccel_432 \ ~ || History v

xaccel_432

A ‘Vertical v ‘

Add...

Execution

Resources

Histories/
Responses

Resource Units per job

Global limit

EXCEL i

[

Create new resource

[] use Queuing

[]Use LSTCVM proxy

[C] Environment Variables
["]Run Jobs in Directory of Stage

Delete

of previous
stages

X data - Mi

Formulas

=1
i

Home Insert

fx ¥ AutoSum - i@ Logical -
& Recently Used = A Text - i} —
Insert MName
Function [ Financial ~ [ Date & Time ~ ﬁ' Manager
——

Function Library

Page Layout

- |l
L
s

BN =

X data - Microsoft Excel

Home Insert Formulas Data Review

% AutoSum ~
X

i Recently Used ~ (A Text - b -

Insert Name
Function @ Finandial ~ B Date & Time ~ il - Manager ER Create from Sel
Function Library |

Page Layout

@ Logical - i@ - E‘: 23 Define Name ~

—
£2 Use in Formula

Defined Names

H5 - £

A | B | ¢ b E F
1 Stagel_lsopt_output => Stage2_excel_input
2
)
4 Inodoutl nodout2 xaccel_432
5
6 § -736.719 -26.1055 0 0
7 0.009998 -155.516
8 0.019992 -305.94
9 0.029999 -452.651
10 0.039994 -595.531
11 0.049999 -736.719
12




Excel stage type (extraction)

‘data.)(lsx |

Worksheet

Value cell 1

Excel fields as LS-OPT
histories/responses

I‘ intrusion_dist v ‘ |

r
. I
X data - Microso I
Home Insert Page Layout Formulas Data I |::2:::I_432_m0d
fx X AutoSum + i@ Logical - @~ —éq-: A3 Defi | _
o i Recently Used ~ fA Text ~ fib - e £2 Use | |:I:ta e |
Function [B? Financial = Er Date & Time ~ @ - | panager B2 Crea | '
o e _mblNCtioN Library ‘ Defined | Worksheet
:_intrusion_distj v ( £ =nodoutl-nodout2 I | Sheet2 |_ = = _|V|
A —I B | C | D | E | X/time range Y/value range
13 b |)(acce|_432_mod v| I
14 Stage2 lsopt_output | [¥] Auto increment I_ e ——
15 I
16 I | ok
17| intrusion xaccel 432 _mod
18 I
19|[ 710.614] 1 0 I
20 [ 2 -53.4974 |
zi j jg:f:i : Name Subcase Multipiler Offset
23 5 -204.863 I ‘intrusion_dist ‘ ‘ v‘ nfa n/a
24 6 -253.431 I [ Not metamodel-linked
= I ¥ File
I
I
I
I
4
I
I
I
L
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Third Party solvers: Example

Courtesy: Aboozar Mapar, MSU

+*PARAMETER
NSchmidAl = 0.6
NSchmidAz = ©.01
NSchmidA3 = 0.2

ismiss

Parameter definition
(solver input file)

@Import

Parameter Setup | Stage Matrix | Sampling Matrix ‘ Resources ‘ Features |
[[J Show advanced options
Type Starting Minimu m Maximu m Delet
[Cont uuuuuu V“ I[ ol o/ 1@
| continuous vl i 0.01) o[ 18
| continuous -l I 02| o[ 18
@ - )
Add..

Variable setup

Copyright © 2014 Livermore Software Technology Corporation

Multiobjective

Optimization History
for "Multiobjective"

. —Predicted
0.02 m Computed
0.0
0.018

0016

0014

0.012

0.01

0.008

N NS N
Vv

10 15 20

Number of Iterations

Minimization of residual
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Third Party solvers: Example

Courtesy: Aboozar Mapar, MSU

+*PARAMETER
NSchmidAl = 0.6
NSchmidAz = ©.01
NSchmidA3 = 0.2

ismiss

Parameter definition
(solver input file)

@Import

Parameter Setup | Stage Matrix | Sampling Matrix ‘ Resources ‘ Features |
[[J Show advanced options
Type Starting Minimu m Maximu m Delet
[Cont uuuuuu V“ I[ ol o/ 1@
| continuous vl i 0.01) o[ 18
| continuous -l I 02| o[ 18
@ - )
Add..

Variable setup

Copyright © 2014 Livermore Software Technology Corporation

Multiobjective

Optimization History
for "Multiobjective"

. —Predicted
0.02 m Computed
0.0
0.018

0016

0014

0.012

0.01

0.008

N NS N
Vv

10 15 20

Number of Iterations

Minimization of residual
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Graphical Features
(Viewer)

Copyright © 2014 Livermore Software Technology Corporation
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Design Point Categories

® Picking, displaying and saving designs of interest

[ Design_A (13 points) Name Color Shape

Design_a l l I [ cube i l
A Group_B (12 points)

Description
© Group_C (13 points) * [Preferred Design l

4k Group_D (14 points) x

lAdd selected points to category
® Group_E (84 points) X

Add new

ialog

Scatter Plot
Variable *t1" vs. Variable "t10" vs. Response "N1_disp'
(Results of Iteration 1)

WDesign_A
A Group_B

@ Group_C
+Group_D
X Group_E
OOther

Categories + Other
Copyright © 2014 Livermore Software Technology Corporation

o

Nidisp  N2_dsp

Scatter Plot
Variable "t1" vs. Variable "t10" vs. Response "N1_disp'
(Results of Iteration 1)

“Other” points hidden

mDesign_A
A Group_B
@ Group_C
+Group_D
XGroup_E
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Histogram visualization

® Manual axis control of the region of interest
+ Range, step size

® Graphical visualization of properties (mean, std dev,
feasibility range)

® Additional histogram types

+ Frequency Frequency
+ Probability / Relative Frequency =

Sample size

o Probabl.llty Density Function _(PDI.:) Probability
/ Relative Frequency per Unit Width = ————
Bin width

(standard representation)

Copyright © 2014 Livermore Software Technology Corporation
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Histogram visualization — attributes

L,, L’f E |E‘® Q @ % @E & E E}, E‘; E| Statistics H Iteration \E\ Statistics ” Iteration \E\ Statistics ” Iteration |

satistes & Variable: T1 Variable: SIGY Statistics ®
Setup Options | Axes 1000000 samples: Mean = 1 Standard Deviation = 0.05 1000000 samples: Mean =1 Standard Deviation = 0.05 Setup = Options | Axes
Flot type AE+04- =Mean =Mean “-axis scaling
Histogram —Standard Deviation 3.5E+04 —Standard Deviation @ Frequency
h 4 e
Summary 3.5E+04- ) Probability
Frobability of constraint violation SE+04 ) PDF
3E+04:
Cersleten 2 5E+404 MNumber of Bars
. @ o 2 4
) Covariance % 2.5E+04- E‘l IMean value
E £
¥ Variable 5 SE104 b 2E+04- Standard deviation
5 5 Constraints
pus pus 7
SIGY Ry T 1.5E+04 Feasibility
¥ Response ; g Walue
¥ SOLVER_1 = = A
TOP_DISP e Sty Upper Bound
P Constraint SE403 SE+03 Lower Bound |-
Use Metamodels and Distributions
Metamodel Points |1 ® 0.8 1.2 g
[ Add Residuals
Response: TOP_DISP
Use Opt. Iter. Start D = -
) U 7 (T SERR L 1000000 samples: Mean =-228 Standard Deviation = 7.29
Statistics = P[x<-245] = 0,00368
Setup | Options  Axes
—Standard Deviation
‘-axls scaling 1BE04 —Constraint LB
Frequency
A
Frobability L
@ P 1.4E+04
Number of Bars
4
Mean value o g
=4
Standard deviation
E TE+04-
[] Constraints v
'S
@ BE+03
o
E
S
Z  BE+03
4E+03

2E+03
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Type

Mean

Std Dev

Constr.
bound
value
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Global Sensitivity Analysis (subregion)

® Sensitivities within specific design proximity
® Can set up multip/e sub-regions interactively

Number of Points for Integration
10000 (default) |

(] Overwrite global computations

Subregion definitions

Name Active Overwrite Delete
[subregiont ] ® El Edit | x
[subregiunz ] W 1l Edit x
Add...

All active [ Al overwii te

HIC
Mean value

Sub-region

Mean value
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Mame

[Subreg\om
Active
Overwrite

Bounds - Global bounds used for variable if not specified below

“Variable Lower bounds Upper bounds Delete
[ thumper b ”2 ][4 ]:

[ thood = “2 J(a %

Add

Global Sensitivities Plot

mDisp2
mDisp1
mAcc_max
EMass

EHIC
thood (71.2% - 71.2%)

tbumper (28.8% - 100.0%)

20 do 60
% Influence on Responses/Composites

Global Sensitivities Plot

mDisp2
mDisp1
mAcc_max
EMass

thood [2;4] (71.6% - 71.6%) mric

tbumper [2:4] (28.4% - 100.0%)

20 4 &0
% Influence on Responses/Composites




Response-variables (development version)

® Transfer variables between design stages
® Responses are substituted in successor stage input

al with Domain Reduction

_— —
setup W Sampling sampling
4 parameters 2 vars. 4 d-opt designs.
1 -
e - 1 OF
. Domain reduction 1 YMOD_COPT
Finish -
(SRSM) | 2 resps
1 Iy
1
I

Verification Termination criteria OF
1 design 3 iterations 1 YIELD_OPT
[ T 2 resps
! ~
‘. optimization e|m —= = = = ————— - L I

[ 1 objective ) >
e S SMULATION

0 canstaints

4 pars. 2 resps.
P

- - —

Composites Build Metamodels

1 definition 2 linear surfaces

F——=—=—=—=====-=

MULTILEVEL WITH RESPOMSE-VARIABLES
Edmond Laguerre
ihome/hielen/L S OP TITRUNK/DEV/opt QA/PROCESS _SIMULA TIO N/RESPONSEVARIABLES/MUL TILEVEL/DY NA_SIMRESUL Timutti lsopt

S
e N e SR SR A
d Optimization loop E \
1
xd* :
TT SOLVER SOLVER |,
1
— * 1
xa’ xb Th =X —C TT c’ xc |
= f(h(rp, t),15) N .
—N Xc 1
I 1
Te=Xx." 1
1
Optimization Optimization :
Loop 1 Loop 2 1
1
Ref: ICME 3GAHSS 1
Task 4: Assembly — 1
Crystal Plasticity Simplified Process Homogenized model !
Flow !
1
1
_____________________________________________ ]
Parameter Setup | Stage Matrix = Sampling Matrix = Resources = Features
[J Show advanced options
Type Name Starting Minimum Maximum Delete
e | v orr e o
s~ (o e
mon v ) ——
- — ——

Add....
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Outlook
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Outlook

® Multi-level Optimization

+ Funded by US Department of Energy

o Analytical Target Cascading as a logical development path to
provide a collaborative capability

® Viewer (post-processing, data mining)
+ Result table manipulation: integration of categories into tables,
etc.
¢ Speed improvements to Viewer displays
+ Virtual design displays: generate cluster of surrogate results

& Reliability

+ Probability Density Function approximation from empirical data
- Kernel density approximation

¢ Sequential reliability analysis
- Convergence of probability of failure value
- Adaptive sampling

+ Tolerance-based optimization — See paper by Anirban Basudhar
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Outlook

® New applications for approximations

+ Domain reduction approaches for multi-objective optimization
(MOO)
- Extend work done for User’s Conference 2012
- Classification-based Decision Boundaries

+ Support Vector Machines

+ Application in domain definition for binary and discontinuous
responses

¢ Multi-response metamodels
- Spatial distribution of response locations

- Biomechanical applications, e.g. using MRI spatial data for heart
muscle calibration

® Metamodels: performance and usability
+ Multiple metamodel type displays: comparison of metamodels
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Outlook

® Job scheduler

¢ LS-OPT job scheduler handles/monitors ~330 jobs in parallel
(Linux limitation).
+ With MPP (e.g. 64 nodes/job) ~ 21,000 but capacity is now
typically ~20,000 nodes
® More solver types

¢ Matlab
o [S-TasSC
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Other papers at this conference

® Tolerance Optimization Using LS-OPT (Basudhar)

—) & LS-OPT Current development: A perspective on

multilevel optimization, MOO and classification

methods (Stander, Basudhar) (Developers Forum,
Sweden)
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