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Multi-scale simulations

« Computational homogenisation (FE2)
— Heterogeneous structures
* Micro-scale: cell, grains, inclusions...

* Macro-scale: seen as a continuum

— Direct numerical simulations

* Time consuming

— Idea: use multi-scale strategy

Macro-scale BVP
Stress i

Meso-scale BVP _L'\’
>
resolution -7—-/ !
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Multi-scale simulations

« Computational homogenisation (FE2) Macro-scale BVP

— Non-linear simulations

* lterations at macro-scale BVP Fy

e Sub-iterations at meso-scale BVP

) Unaffordable

— Introduction of data-driven approach |

/7

« Train a surrogate model (off-line) Off - line On - line
Meso-scale BVPs Macro-scale BVP

Meso-scale BVP
>
resolution

— Use of surrogate models

— Requires extensive data

_ _ _ resolutions
— Obtained from RVE simulations P
* Use the trained surrogate model M
during analyses (on-line) l PM
F
— Speed-up of several orders PM M (CM
| (CM — Surrogate
Trained
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%’L 8 December 2021 BRAIA Lecture Series on Technology Frontier 3



Artificial Neural Network

» Definition of the surrogate model

.- - ul W
— Atrtificial neuron \@\A
* Non-linear function on n, inputs u;

+ Requires evaluation of weights w;, Uk <::> -\ 2
* Requires definition of activation function f
— Activation functions f

Sigmoid y Rectified Linear Ynit Leaky Relu

— Feed-Forward Neuron Network

+ Simplest architecture
« Layers of neurons
— Input layer
- N — 1 hidden layers
— Output layers
* Mapping R™ - R"™:v = g(u)

A 2
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Artificial Neural Network

Training
— Evaluate
« The weights wi;, k = 1..n;_1,j = 1.
+ The bias w

* Minimise error prediction v vs. real v®)
Luse (W) = w) —o?|’
msk ( )_n v;(W) —v;

i

* Requires an optimizer: Stochastic Gradient Descent

2
dL;(W) dL;(W)
AW =-F| ow ~’ ow )’
batch size, ... —— Training
o L ——— Validation
— Training data 10755
+ Input u® & Output v® }
Testing S
— Use new data
* Input u®§& Output v®
+ Verify prediction v vs. real v® 10731
0 500 1000 1500 2000 2500
A Epochs

5/
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Complex micro-structures

* Input / output definition
— Input:
« Strain (history): Fy

— Output:
» Stress (history): Py

« Methodology
— Address problem of history dependency
* RVE without buckling
» Elasto-plastic composite RVE
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History dependency

A
+ Elasto-plastic material behaviour O : 7
— /
n /
— No bijective strain-stress relation -
1 7/
* Feed-forward NNW cannot be used 1/
* History should be accounted for 'i >
S Strain
« Recurrent neural network /

— Allows a history dependent relation
1%

* Input u;

Vii Ve Vi
\% \% \'% Vh
« Output v, = g(ug, he—q) h h, h a

* Internal variables h; = g(u;, hy_1 )
U U U U

— Weights matrices U, W,V u u, u, u,,;
» Trained using sequences

») (»)

— Inputs u;-,,, ..., u;
— outputv® ... v
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History dependency

« Gated Recurrent Unit (GRU) at a glance

1
| N
/GRU Output, Vv’ \
_ [ i 1 . Hidden State,
oY T L) h,
Hidden State, 1|+ >0 ——>1- » X
1 I''h
h,, $ — D> [+ > franh |
mxn Wh
w M T,
wnxn »+ #0 R2
" hﬁ(%ﬁl " Reset Gate
’ Update Gate
Input, u’ Outputs combination
K N t / Element-wise operations
| 4+ | Element-wise sum

1-| Element-wise 1-

Sigmoid tanh X| Element-wise product
/ f O | Element-wise sigmoid

tanh| Element-wise tanh
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History dependency

Output, v,
A
Feed forward NNW,

Recurrent neural network design

— 1 Gated Recurrent Unit (GRU)

* Reset gate: select past information

Hidden
State, h,

to be forgotten Hidden
State, h, 4

« Update gate: select past information

to be passed along

* Need to define number of hidden Feed fcirward NNWJ

variables h; Input, u,

— 2 feed-forward NNWs
* NNW, to treat inputs u, SM(t) T

* NNW to produce outputs v,

— Input and Output

e u, : homogenised GL strain Ey; (Ssymmetric) BVP

e v, : homogenised 2" PK stress Sy, (Symmetric)

] Em(®)
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History dependency

« Data generation
— Elasto-plastic composite RVE
— Training stage
» Should cover full range of possible loading histories

+ Use random walking strategy (thousands)

+ Completed with random cyclic loading (tens)

* Bounded by a sphere of 10% deformation

—0.050.00

~0.05
L 1790° 0.10 en
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History dependency

« Testing process (new data) 400

2001
— On random walk
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History dependency

. 4001

« Testing process (new data)
200 1

— On cyclic loading
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18000 h

Data
generation
Training
Simulation

ANN as a mesoscale surrogate model

Bounded at 10% deformation

Elasto-plastic composite RVE

— Comparison FE? vs. RNN-surrogate
— Training data

Multiscale simulation
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ANN as a mesoscale surrogate model

EMYY

0.093 l

 Multiscale simulation Myy

0.093 l
— Stress-strain distribution at point A

— Strain within the 10% training range 0.047

FE- RNN |

Reaction force F, [N]

OMyy

0.00 0.01 0.02 0.03 0.04 0.05
Displacement 4, [mm]

X7
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ANN as a mesoscale surrogate model

EMYY

0.098 I

 Multiscale simulation Myy

0.109 I
— Stress-strain distribution at point B

— Strain just at 10% training range

Reaction force F, [N]

0.00 0.01 0.02 0.03 0.04 0.05 ez R
Displacement 4, [mm]

%
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ANN as a mesoscale surrogate model

EMYY

0.170 I

EMYY

 Multiscale simulation

0.310 l
— Stress-strain distribution at point C

— Strain out of 10% training range

Reaction force F, [N]
N
C? o

I
N
o

y

0.00 0.01 0.02 0.03 0.04 0.05 FE2 ‘
Displacement 4, [mm]

Y
8 December 2021 BRAIA Lecture Series on Technology Frontier 16




Complex micro-structures

* Input / output definition
— Input:
« Strain (history): Fy,
+ Geometry/material parameters: ¢,

— Output:

» Stress (history): Py

« Methodology ~0.05, .

GWWLJQOS
— Address problem of geometry/material effect
* Octetcells

» Elastic material at first

v
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Geometrical parameters effect

Octet cell

— Generalised IMDEA script to generate random cells and random loading paths

* KK

Vi = 0.046; [=1.70 mm Ve = 0.095; [=1.72 mm| Ve = 0.18; [=1.50 mm

-

J2 [MPa] J2 [MPa] J2 [MPa]
0.013 122 0.0519 138 0.0456 195
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Geometrical parameters effect

— Test on new random cell/path
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Localisation step

Only homogenised output is predicted 4001

2001
— On random walk
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Quid of local fields?

— This is an advantage of multiscale methods y —FEM

3.8
— Useful to predict failure, fatigue etc. l

— Can we get it back at low cost? 19

0.0
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Localisation step

Also build a surrogate model of the internal variables

Training Data Training

Meso-scale BVP
resolution

RNN

S\ Um Norma/izationEM

Trainin
~ (Fv, Em) | — NI - J

I |
[ [
I |
[ [
I |
[ [
I ~ I
| i% - D
(| 1 !
| A I
I |
[ ' I
I |
[ 1
I |
[ 1
I |

Zy Norma/izationZM

— Problem: The size of Zy, is large

I
| Application | Input Ey,

Norma/izatiorl N.1

Trained
RNN «— Ey

IN) €=

M

‘Mﬁ Output Z

N.2

o Z\ of size d the number of Gauss points of the RVE X internal variables by Gauss point

|:> overwhelming cost

A

5/
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Localisation step

« Optimise the method: reduce the size of the internal variables

: Training Data Training : I Application | Input Ey :
| Meso-scale BVP | — |
| recolution : : Normallzat/or1 N.1
! zati RNN I Trained !
< — N lizat S
. - \ Um ormanza 'IOI’) Ev _,| Training I RNN «— Ey :
RSN t 1= N |
I ° ~ I ~ — I
I ‘ EM I : EM Output ZM ‘|
| . . I , |
! Normallzat/on1 N.3 : :N 3llnvers e ol N2 |
I Z R PCA I ) 4 N ' I
| M emove meangM EM I : fM Inverse ZM I
: N.2 I : PCA — '
I I : I
- e o Em Em mm Em o Em Em Em Em o O Em Em Em Em Em Em Em Em Em = e e mm e mm mm e mm mm e Em Em Em = 4

— Principal Component Analysis (PCA) applied on Z), to reduce the output of RNN

« Construct matrix Zp = [ZMl Zy, '"ZM”]d from n observations (1% from all data)
- - — Xn

Extract n ordered eigenvalues A; and eigen vector v; of Z{,Zy

Build reduced basis V = [21 Uy o Vp ]dxp and reduced data §&,, = VTZ, of size p<d

Reconstruction  Zy = V&y

5/ * But not enough
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Localisation step

* Dimensionality reduction & break down

Hidden State, h{, g=1,...,Q

Output, y,

[vivE,.. vE]

\ 4

~———o

2 2

— h;_, — h;
npu RNN k+1 . k+2 2k
., 2 [ve™ve™ e, v

v

Q )
h; th
RNN,,

(Q-1)k+1
[ve )

(Q-Dk+2 Qk
Vg s Vg ]

Vv

— To further reduce the output dimension of RNN
* The surrogate modelling is carried out by a few small RNNs, instead of one big RNN
* The high dimension output is divided into Q groups, and each RNN is used to reproduce only

a part of output

— PCA reduces Zy; to 180 outputs and we use Q=6

A
5
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MSE

Localisation step

Effect of dimensionality reduction and number of hidden variables

10—3.

PCA alone

i Surlgate |l

> >
> >
S e
> >
=

LA, %= Reference

s h=100
A h=200
s k=400
50 100 150
p

MSE

10—3-

1074

PCA & Breakdown

s Surrogate | fin PCA,
Pe100 Pc20\\0\\ |:l Pe400
N : :
0 50 ‘:\b‘:‘ 100 150
\L
W 7

No dimensionality reduction
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Localisation step

Evaluation of equivalent plastic strain y: Random loading (testing data)

()]

Maximum y [-]
w A~ Ww,

N

-0.05 0.00 0.05 0.10

Purple loading — y —FEM
step 500 38 l

1.9 1.89

0.0 I 0.00 l

A
ool
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Localisation step

« Evaluation of equivalent plastic strain y: Cyclic loading (testing data)

¥ —RNN
2.11'

1.05

¥ —RNN
2.02 l

1.01

FEMYy
0 0.942 1.88

A
K/
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Perspective

* Promising methodology

For 3D problems, complex behaviours etc. requires more random loading paths

Order reduction might become mandatory to generate the synthetic database

— New interesting approach: Deep Material Network

Original paper by Z. Liu, C. Wu, M. Koishi, Comp. Meth. in Appl. Mech. and Engng. 2019

Formalism rewritten by V.D Nguyen & L. Noels, Comp. Meth. in Appl. Mech. Engng. 2022

Strain averaging: g+ Z atJal @ n/ = & for node |

j

7 Hill-Mandel condition: (Z Wiaiai'f> -/ =0 forinteraction
‘ :‘ iEVj

\,;' Boundary conditions: z Wiav =0  for interaction

ey’

Constitutive behaviours: a?(t) :ap(ei(t),z(r < t)) for material p

: Offline stage: system parameters a®/, Wt ,n/, evaluated by data-driven approaches

Online stage: system unknowns a’ evaluated by Newton-Raphson iterations

A
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