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Stochastic Structural Optimization
[Langlois et al. 2016]
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[Langlois et al.]

~ 06 hrs per iteration
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Ours . . .
~ 2.4 minutes per iteration
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Structure Optimization

[Bendsoe et al. 1989]
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[Wang et al. 2013]
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Structure Optimization

Fixed Boundary
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Structure Optimization

Compliance Minimization

Side View

Weight Minimization

(a) Compliance minimization (C = 27592.9)

(b) Mass minimization (m = 2577.8)

[Lee et al. 2012]

[Liu et al. 2018]

[Uluetal. 2018] o
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Failure Analysis

Worse Case
Structure Analysis

Stochastic Case
Structure Analysis

Worst-Case

[Zhou et al. 2013]

[Langlois et al. 2010]
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Structure Optimization

Worse Case Structure Optimization

[Ulu et al. 2017]
Stochastic Structure Optimization
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* Stochastic Structural Optimization



Stochastic Structural Optimization
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Rigid body simulation

Force sample: f;
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Initial Design
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Stochastic Structural Optimization
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Rigid body simulation

Force sample: f;

Initial Design

Force matrix: I = [fl .. fns]
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Stochastic Structural Optimization
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. Force sample: f;
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Rigid body simulation
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Stochastic Structural Optimization
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Rigid body simulation

Force sample: f;

Initial Design

Force matrix: F' = [fl . fns] K € RBnXSn
PCA: fz ~ Faz F c RSRXT
FEM solver: Gi — CBK_lFai az - RT
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Stochastic Structural Optimization

Maximum Von ; 1 : e=1...m
Mises Stress: > 5 mSX(S(G )) {
I = 1 : Ng
1
Probability of
RO p(s<1)= [ p(s)ds
survival: 0
m
Optimization min Z We
Criteria: e=1

s.t. P(s<1)>0.
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e Our methods

* Faster gradients computations



Previous Method

* Gradient based optimization: Method of Moving
Asymptotes (MMA) is used.

dP(s < 1) 1 oK 1 oF
K'Y K'Y
o = U’ am+( ) : g [T X T
Force Basis oF — FW W, € R”*T
Derivative: g, - ¢ F - R3nXT

Wi | Wol W3 | ... | W
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Previous Method

* Naive evaluation is quadratic
Matrix production: Fwe_’ O(3n2T2) o O(n2r2)
Z _ K—lY c R3n><7“
Matrix contraction: 7, - FW€—>O(3n2T) ~ O(nZT)
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Our Linear Method

Static per element: Z7 F

Varying per element: We
Z:FW.=(F'Z): W,

Precompute:

Contraction :

(_T
(F*

Z) € R™*"—03nr*) ~ O(nr?)
Z): W, —O(nr)



Our Linear Method

[Langlois et al. 2016] Ours

~ 6.0 hrs per  ~ 2.4 minutes per
iteration iteration 150X

28 x 44 x 28

&

32 x 64 x 40

~ 11.8 hrs per ~ 5.4 minutes per
iteration iteration 131 X
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e Our methods

* Robust gradients
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Instabilities

[Langlois et al. 2016]

Ours
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Inertia Gradients

dP(s < 1)

1 oK 1 oF

o = (K 'YU'): 8&)+(K Y): 0
_"SE—T T T i r
x_l;a_mUBCc o' €R

o0

o M evaluated with finite difference by computing a

probability distribution function of Oéi
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Unstable Gradients

A 1D probability distribution function C; (Oz) is computed
for each entry 9, 1 < 7 < 7, using N g samples.

PDF Fit Using FEM Grid
FEM PDF k=40

=) — FEM PDF k=150
" — FEM PDF k=1000
Bl Histogram

NG ]
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uCsB [Langlois et al. 2016] ”



Unstable Gradients

I[teration: 1

Iteration: 2

[teration: 3

Iteration: 70

Iteration: 71

27



UCSB
-

Stabilized Gradients

* We compute PDF with Gaussian Mixture Models

PDF Fit Using GMMs

—— GMM PDF k=5
GMM PDF k=10
B Histogram

1.0

1.5
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Stabilized Gradients

Optimized results

Iteration: 1 Iteration: 2 [teration: 3 Iteration: 70 Iteration: 71

[Langlois et al. 2010]
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e Our methods

* A constrained restart strategy



Local Minima
The objective function: MmN f(w Z We

The constraint function: g(w) =6 — P (S <1)<0
g(w) is extremely non-linear —— Local minima

Object Weight and Probability over Iterations
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Reinforcement Structures

Q‘* .
' ' .
Intermediate results Reinforcement Structures

—— (Constrained

Input for the the next optimization
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The Restart Strategy

MMA

Optimizer

Initial Input

Intermediate results

l

—

New input Reinforcement

Nopt Iterations

Nopt — 3

structures
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The Restart Strategy

i 4

' Optimizer '

Intermediate results

l
—Cad

New input Reinforcement

nop ;= 3 structures
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Parameter Choice

oo o

Nopt— 1 nopt=2 nopt=3 nopt=4
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Raven

Resolution: 32 x 64 x 40
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Optimization iteration: 0

Time per iteration

Previous: 11.87 hrs

Ours: 5.46 minutes

130X
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Resolution: 40 x 64 x 60
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Optimization iteration: 0

Time per iteration

Previous: 41.72 hrs

Ours: 7.68 minutes

326 X
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Armadillo

Resolution: H6 X 64 x 52
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Optimization iteration:0

Time per iteration

Previous: 61.42 hrs

Ours: 6.6 minutes

558X
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Adaptative to Real World Loading

Initial Objects
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Adaptative to Real World Loading

Force contact locations
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Adaptative to Real World Loadi

ng

Optimized results
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Adaptative to Real World Loac

NS

Optimized results
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Physical Validation
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Physical Validation




Physical Validation
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e Contributions and future work
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Contributions

* Fast and Robust Stochastic Structural
Optimization
* Asymptotically faster O(nQ) »O(n)
* Robust, stable probability gradients
* A constrained restart strategy
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Limitations

e Force contact locations are fixed
* Expensive gradient computation

* Requires multiple optimization passes
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Future Work

* Sparse optimization
* Identify the reinforcement structures on the fly

* Incorporate shape change at contact locations

Side View

[Liu et al. 2018]
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