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Stochastic multi-scale simulations

Motivations
— Composites (and others) are inhomogeneous/aperiodic materials

— Inhomogeneities affect structural strength

: 16 28 %
20 pm L Mag*s 500X SgrilA=SET  Date 2 Mar 2017
 — m WO =125mm EMT = 20000V Time 101200
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Stochastic multi-scale simulations

Step 1. Generate a synthetic data base of SVE responses

Micro-meso upscaling

dataset

Synthetic

W-structure
model
06
Q0
b
LG

p-structure
generator
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Case of linear elastic material: Polycrystalline Si

« Micro-scale

3000 F Si(t11) -—— Si(311)

— Random grain orientation [ polysi. T-580°C_|

 Can be measured from 2000 1

XRD Si(220) Si(511)/

l Si(331) Si(333)

1000 | L si@422) | 7

Si(400) l
v Lol
0} ! . v a
30 60 90

Polycrystalline Si

26, ']

XRD-measurements

— Grain Material

* Anisotropic tensor C_:

* Same but for the
orientation in each grain w;

B
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Case of linear elastic material: Polycrystalline Si

 Generation of random Stochastic

Volume Elements (SVES) ST

— Extraction of SVEs w’/ =U; w; \[,\(“f;“/ X
 Large Voronoi tessellations T}(/T

* Window technic: SVEs are separated by , "'-ﬁ\ ><

vector T >__[ L

+ Each SVE w/ has several grains w; of

different orientations
— Extraction of homogenised properties Realjsation wk

Realis,a,tio’n'wj

Meso-scale

BVP

—_—>
resolution

(1)] =U; w;
« For each SVE w/, we have a
homogenised material tensor C,

) —
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Micro-meso upscaling

Stochastic multi-scale simulations

Step 2: Generate random field of meso-scale properties

Synthetic
dataset

Stochastic meso-scale homogenised
al
Meso scale

i
Lt
NPU 2023

generator

p-structure
E

PD
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Case of linear elastic material: Polycrystalline Si

* Meso-scale random field

— Of homogenised material tensor: C,,(Q)
» Extract probability distribution &
« Spatial correlation

E[(Ex(x) — E(Ey))(Ex(x + 7) — E(Ey))]
E [(Ex — E(E))’]

Rg (7) =

Young’s modulus distribution — lgyg = 0.1um 0 Young’s modulus correlation | t o
— lgyg =0.1pm
— lgyg = 0.2 '
190t lSVE —0 4Mm — ESVE =0.2pum
—— {gyg = YU.2 um 08 — lgyg =04 pm
180 — lsyg =0.6pm — lgyg = 0.6 um
— Mean MBC
- Bounds for Si 50'6
=
g0.4
=]
&)
0.2
0.0
130 ! ‘ ‘ ‘ : | |
0.1 02 03 04 05 06 07 08 0.0 0.2 0.4 0.6 0.8

SVE length [pm] Distance [pm]

A
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Stochastic multi-scale simulations

scale stochastic finite elements

Step 3: Solve macro

Micro-meso upscaling

Synthetic
dataset

W-structure
model
=0

O

u-structure
generator

Stochastic meso-scale homogenised material model

Meso scale

NPU 2023

Mache, UpSCcaling;

Meso-

e

Macro-
discretisations

eI ESeE—.
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Case of linear elastic material: Polycrystalline Si

 Meso-Macro upscaling: SFEM — E[E]
— Discretisation of random field of material ) I R E[E,] £ o,
tensor: Cy(Q) g‘ 0 —— Samples of the random field
* And generation of realisations z
E
g
“on
5
S
— Discretisation into finite-elements 0.0 0.2 04~ 06 0.8
_ _ x position [1m]
« Size smaller than correlation length RE discretisation
fL f_oooo Rg (7)dt
B R (0)
<
R (‘l') _ E[(Ex(x) - IE(Ex))(Ex(x + T) - IE(Ex))]
Ey - 2
\ E|(Ex - E(Ey)’|

» Allows spatial correlation to be accounted for

A

1D finite element discretisatiog

5/
%‘ 10 July 2023
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Case of linear elastic material: Polycrystalline Si

* Meso-Macro upscaling: Property of interest

— Eigen-mode of MEMS resonator
1** eigen frequency,

I Direct procedure
. . 40 | 3-scale procedure
First bending mode of a
Z
3.2 um-long beam % 30
°
ey
=20
=
(o)
£
g
A 10
0 0.9 100 _ L02 104

fIf

2" ejgen frequency |

I Direct procedure
[1 3-scale procedure

(@]
=)

e
o

Second bending mode of a

3.2 um-long beam

Probability density
[S] (Y]
= (=)

—
(=]

0.97 0.98 0.99 1.9% 1.01 1.02 1.03
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Stochastic multi-scale simulations

scale stochastic finite elements

Step 3: Solve macro

Micro-meso upscaling

Synthetic
dataset

W-structure
model
=0

O

u-structure
generator

NPU 2023

Mache, UpSCcaling;

Meso-

e

Macro-
discretisations

eI ESeE—.
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Difficulties in formulating the meso-scale surrogate

* Input / output definition
— Input:
« Strain (history): Fy
« Geometrical parameters: ¢,
« Material parameters: y,

— Output:
» Stress (history): Py,
« History dependent behaviour
- Fy — Py is not a bijection

Stress

— History should be tracked
« Typical material model .

« Z are the internal/state variables , Strain

1

i ,
P(t) = P(F(t),Z(t <t)) K¢

« In case of failure size objectivity is loss

- Fy — Py relation depends on the SVE size
» Need for another size objective value

10 July 2023 NPU 2023



Micro-meso upscaling

Stochastic multi-scale simulations
scale surrogate model for complex material systems

Challenge: meso-

&M

Synthetic
dataset

Meso scale

NPU 2023

surrogate model

||||||||||||| 5 -

u-structure
generator

Macro-
discretisations
RF

SFEM

eI ESeE—.

Macho, Uupscaling,

10 July 2023

Structural
response
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Meso-scale surrogate model for complex material systems

* Micro-mechanical models @ c, |Fauivalent
— General for a micro-structure kind inclusion
» Geometrical parameters: ¢, ‘ ‘ B /
* Material parameters: y, ' ‘

— Based on thermodynamic consistency
» Possesses extrapolation capabilities
— Delicate identification
* Neural networks
— Theoretically generic

» Geometrical parameters: ¢,
* Material parameters: y,

SMYY [MPa]

— No extrapolation capabilities

* Requires extensive data 5243,? [-]

* Deep material networks CUANY. a5 i

— Based on thermodynamic consistency

« Possesses extrapolation capabilities ‘ 4 &  Porosity
' g evolution

¢ DNS

Nieveis = 3

Fixed micro-structure?

“== Nieves =4
""" Nieveis =5

0.00 0.05 0.10 0.15
Exx+Ey+ iy .
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Meso-scale surrogate model for complex material systems

« Micro-mechanical models @ (= 0uivalent
inclusion
— General for a micro-structure kind ‘ ‘
« Strain (history): Fy -/
+ Geometrical parameters: ¢, ' ‘

* Material parameters: y,

— Based on thermodynamic consistency
— Possesses extrapolation capabilities

« Some works identifying (stochastic) parameters from SVE simulations

— Based on a macro-scale model (including phase-field)

* Yi, Chen, To, McVeigh, Liu (2008). Statistical volume element method for predicting micro-structure-
constitutive property relations. CMAME

* Hun, Guilleminot, Yvonnet, Bornert (2019). Stochastic multiscale modeling of crack propagation in random
heterogeneous media. IINME

— Based on Reduced-Order-Model

* Fish, Wu (2011). A nonintrusive stochastic multiscale solver. IINME

— Based on micro-mechanical Mean-Field Homogenisation (MFH)

* Wu, Nguyen, Adam, Noels (2019), An inverse micro-mechanical analysis toward the stochastic
homogenization of nonlinear random composites. CMAME

» Calleja, Wu, Nguyen, Noels (Revised) A micromechanical Mean-Field Homogenization surrogate for the
stochastic multiscale analysis of composite materials failure. IINME

A
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Non-linear stochastic Mean-Field Homogenisation

* Non-linear Mean-Field-Homogenisation (MFH)
— Principle
+ Consider an embedded inclusion

N . .
o inclusions

* Apply constitutive laws on the average phase fields

— Linear composites

(O'M = 0 = V30, + V0]
< EMm — €= Vo€p + V1€;
& = ]BS(I, «:0, (CI):SO €
\
o N
— Non-linear composites inclusions
- B )
O‘M =0 = voo‘o -|- UIGI CompOS|te
< AsM = As = voAso + matnx
— BE(1 Ag,
L 8
Define a linear comparison H' 9 RN ;:

composite material Ag; Agy Ag,

A
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Non-linear stochastic Mean-Field Homogenisation

 MFH
— Based on an embedded inclusion

— How to account for stochastic effects?

e Stochastic MFH

— Infer MFH equivalent properties distribution

Stochastic MFH with
equivalent properties

Synthetic
dataset

Inference of MFH
equivalent properties

X ; %
1 # % X

W-structure
model

L}

____________

W-structure
simulations

v

A
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Non-linear stochastic Mean-Field Homogenisation

 MFH
— Based on an embedded inclusion

— How to account for stochastic effects?

e Stochastic MFH

— Infer MFH equivalent properties distribution

Stochastic MFH with
equivalent properties

T x

Synthetic
dataset

Inference of MFH
equivalent properties

W-structure
model

L}

____________

W-structure
simulations

A
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Generation of SVE responses

« Material model
— Pressure dependent elastic-plastic finite strain model

& 2.5
A /A P9 - a=1 (Drucker-Prager)
b =0 ~ —a=2 (Paraboloid)
T~ /— > 2t a=3.5
7 / N S
> k-2
(31 3\ 1.5 **
Initial > TN
yield 1. ® Exp. Lesser 1997 ™
surface / » Exp. Hinde 2005
0.5 * Exp. Sauer 1977 N\ |
-6 -4 -2 0 2
tr (¢)/o,
(@p=%—b
[ “ mr*—1tr¢ m*+m
1= O m+1 o, m+1
Ot
m=—
L Oc
ff\\

v
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Generation of SVE responses

Material model

Pressure dependent elastic-plastic finite strain model

fz 25
A /A w9 - a=1 (Drucker-Prager)
¢ =0 R —a=2 (Paraboloid)
~— / > 21 a 3.5
/ bo . a= 5
} =~
Ty 3\1.5’ * * s
Initial > KN
yield 1+ ® Exp. Lesser 1997 ™
surface / Exp. Hinde 2005
0.5 * Exp. Sauer 1977 R |
-6 -4 -2 0 2
. tr o,
— (Nonlocal) damaging process (@)/o
« Triaxiality-dependent failure surface
5y = oo tr(?) s 1 o1
¢ = &P —aexp —bgfeq —C 4
1 . . U)
¢r—¥r <0 ¥p 2 Oandyy(dy —¥) =0 g
« Damage evolution =
Vr—1f Ar = v¢ \
] Zd ) .
A Dy = Hy (s ) "(1-D) | -True Strain
@ {
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Generation of SVE responses

Responses set
— Stress-strain responses
120 e

) — T R e — O' V4
D R < o
100 Rl NN o
1 - e AN -501 N
80 it ! 2
‘00 s, o
0’ _ 27
60 L -100 7
' (4
05 - ’0' /"f," ,I,

401 A4 iS5 —150- __,',’v:'f ’

1 ) e Ll /
201 » e
I0 o ;] -2007 ____.-"
' 0.00 0.01 0.02 0.03 0.04 0.05 _006  —004 —002 0.00
, ,f €11 £11

— Address loss of size objectivity?

[MPa]
1 [MPa]

011
5
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Generation of SVE responses

Responses set

— Stress-strain responses

; 120 e 0 y
TN T
D 100+ /’,/ ’:"‘k"‘ ~ N 00‘
1 3. ’ /,,’/’ Y ~o —501 'f,
o 1,00 . o 2,/
2 60 ‘0’ S 1001 )
— ‘% — 2" 7
05 o~ : 401 ,’0 :: ’f"’,, ,I
S w 6 1501, __==ET .
1 207 'b 'l.t'_ﬁ_-_,o ,,
0 o ." - -2001 ____.-"
0.00 0.01 002 0.03 0.04 0.05 _006 —0o02 —o0o02 0.00
&11 11
— Address loss of size objectivity:
» Fracture energy beyond strain softening onset
125
25x25um?
100+ 0.0061 45um? |Total failure
£ 75 =0.00a] g 2 20D Denc% |
= , EY c A, Localization
= 501 Q - ——— - — - — - = N onset
'S 0.0021 \
251 25x25um? ploc
— 45x45um?
01 . 8 | 0.0001 - ‘ |
0.00 0.02 0.04 0.06 50 100
€11 [-] 011 [MPa]
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Non-linear stochastic Mean-Field Homogenisation

 MFH
— Based on an embedded inclusion

— How to account for stochastic effects?

e Stochastic MFH

— Infer MFH equivalent properties distribution

E W-structure E u-structure | Synthetic | | Stochastic MFH with. | | Inference of MFH :
' model : ! simulations : . dataset | | equivalent propenties | | equivalent properties :
1 1 1 1 1 [} L} 1
1 1 ! | 1 | 1 1 1 - 1
1 [ 1 I 1 "4 1 1
| N 10 4oy o L |
: : : | : 1 1 1 1
1 1 : 4 : I : : : : :
1 1 1 I 1 1 1 1 1
1 ! 1 I I 1 1 1 1
1 1 1 | | | 1 1 1 1
: : : 1 : I 1 1 1 1
' § 1° L Ml L i
1 i 1 I I 1 1 1 1
1 ) S 1 I I 1 1 1 1
1 1 ! | I | 1 1 1 1
1 [ 1 1 I 1 1 1 1
: 1 : | 1 I 1 1 1 1
! ¢ 1 '__ ___________ 1 el 1 N 1

@ 10 July 2023 NPU 2023 30




Non-linear stochastic Mean-Field Homogenisation

« Determination of MFH equivalent properties

— Linear part
4 O
/\\ Equivalent inclusion: [é, ﬁl,%]
. Matrix elastic properties: [Cy]
- - g
Linear part

— Non-linear part
.

4 O Matrix plastic flow: [6.(eP!), 7, &, ¥, |

0N\ T —1tre W+
= &, m+1 & i+l

Pre-softening damage: [D(&P!)]

Non-Linear part N

10 July 2023 NPU 2023 31



Non-linear stochastic Mean-Field Homogenisation

« Determination of MFH equivalent properties

— Softening part

A O
O
\\ Post-softening damage: [D(&P'), ]
€M
—-
Failure part

DA Total failure

Loading path
Dend &

» |dentified to recover the right energy release rate

» For a given macro-scale nonlocal length [, Localization

l R I, G, = onset
PloC | e e —
Nonlocal MFH
: material law —
T L>», R >

<«

A
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Non-linear stochastic Mean-Field Homogenisation

* Verification on some SVES
— Identification results

| | 1001 0.161
* SVE matrix hardening
o 80
laws a
= 60
«  SVE matrix post s 40 Fitted A(5)
softening damage law 20+ x  Identified R(p) X
oo Matrix R(p) ; ; _ '
0.0000.0050.0100.0150.0200.025 0 1000 2000 3000
pl=] QApam [-]

A\V
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Non-linear stochastic Mean-Field Homogenisation

Verification on some SVEs
— Identification results

| | 1001 0.16-
« SVE matrix hardening —
| < 80 c
aws o £
= 60 = 0.12
= Z
« SVE matrix post = 10 —— Fitted A(p) &
softening damage law 20+ % Identified R(p) 0.08.
o £ Matrix R(B) '
0.0000.0050.0100.0150.0200.025 0 1000 2000 3000
p[—] Apam [']
— Stress-strain responses
p— 1201 0l
D1 | 100-
4 —501
I 7 s 801
\ (a8
= 60 -100
0.5 »
& 407 ~150
20-
0 0. —200+ Nz
, ﬂ 0.00 0.01 0.02 0.03 0.04 0.05 ~0.06 -0.04 -002  0.00
3 &1l 11
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Non-linear stochastic Mean-Field Homogenisation

» Generator of MFH parameters

— Using data-driven sampling method

» Soize, Ghanem (2016) Data-driven probability concentration and sampling on manifold. JCP

al)P vp ﬁomt
5 1 1 } ’.r
() | . I§:

50 100 150 . — ———
mo L e B
’a— 4[ | : ‘ .l

1 2 3 . E—

& * Generated () 1. ! x

op A Inverse identification {3 | |
03 04 ' ' :

- () ]

v, !
0.01 0.02 0.03

ﬁonset (-)

10 July 2023 NPU 2023 35



Non-linear stochastic Mean-Field Homogenisation

» Verification on ply tensile tests

— Discretizations

Random field FEM

v

&

2}

% 10 July 2023 NPU 2023 36




Non-linear stochastic Mean-Field Homogenisation

« Verification on ply tensile tests

— Stochastic Full-field simulations vs. Stochastic MF-ROM multi-scale simulations

MFH

I z e *
i 200, %0 o®
o®
001 R

100 - Sample B
S 80-
% 60+
- Sample
= 40
'c / —— MFH 25 um 100.01 —— MFH 25 um
200/ MFH 45 um ‘ MFH 45 um
0. / === FF 97 .51 —-—= FF
000 0.01 0.02 0.03 0.030 0.032_0.034 0.036
€11 €11
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Non-linear stochastic Mean-Field Homogenisation

« Comparison with experimental test

— Transverse compression test [J. Chevalier and P.P. Camanho and F. Lani and T. Pardoen, CS 2019]

10 July 2023 NPU 2023 38



Non-linear stochastic Mean-Field Homogenisation

« Comparison with experimental test
— Transverse compression test [J. Chevalier and P.P. Camanho and F. Lani and T. Pardoen, CS 2019]

MEH @ @ @ @ 07 —— MFH Free Edges
D —251 —— MFH Blocked Edges

—-501 T Experiments

| g
E -75
0.1 — —1001
™~
S -125/
Io.01 ~150

—-175-

QQQOQQQ —0.06 —‘o'.04 —0.02 0.00

s338

o
10 July 2023 NPU 2023 39



Meso-scale surrogate model for complex material systems

 Micro-mechanical models

— General for a micro-structure kind
« Strain (history): Fy
» Geometrical parameters: ¢,
* Material parameters: y,

— Based on thermodynamic consistency

— Possesses extrapolation capabilities

 Limitations

— Composite should be represented by an equivalent inclusion
» Possibility to extend to other geometries

— Needs to set up an identification process
« Automatise with Bayesian inference

A

Equivalent
inclusion

-/

W 10 July 2023
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%

Meso-scale surrogate model for complex material systems

Neural networks
— Theoretically generic

Field of growing interest (non-exhaustive list)

» Geometrical parameters: ¢,
* Material parameters: y,

No extrapolation capabilities
* Requires extensive data

SMYY [MPa]

_ _ _ -0.05 0.00 0.05 0.10
History-dependent material behaviours Emxx [-]
* Mozaffar, Bostanabad, Chen, Ehmann, Cao, Bessa (2019). Deep learning predicts path-dependent plasticity.

PNAS
* Ghavamian, Simone (2019). Accelerating multiscale finite element simulations of history-dependent materials
using a recurrent neural network. CMAME

« Bonatti, Mohr (2021) On the importance of self-consistency in recurrent neural network models representing
elasto-plastic solids, JIMPS
Surrogates for multi-scale simulations

* Wu, Nguyen, Kilingar, Noels (2020). A recurrent neural network accelerated multi-scale model for elasto-plastic
heterogeneous materials subjected to random cyclic and non-proportional loading paths. CMAME.

* Masi, Stefanou (2022) Multiscale modeling of inelastic materials with Thermodynamics-based Atrtificial Neural
Networks (TANN), CMAME
Combined with PCA
* Wu, Noels (2022) Recurrent Neural Networks (RNNs) with dimensionality reduction and break down in
computational mechanics; application to multi-scale localization step, CMAME
First step to stochastic-multi-scale

* Lu, Yvonnet, Papadopoulos, Kalogeris, Papadopoulos (2021). A stochastic FE2 data-driven method for
nonlinear multiscale modeling. Materials

10 July 2023 NPU 2023 41



Artificial Neural Network

« Definition of the surrogate model

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

« Requires evaluation of weights wy Uk <: :) ' Z g
* 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 7
%/’ 10 July 2023 NPU 2023




Artificial Neural Network

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

* Minimise error prediction v vs. real v®)

Lgse (W) =Y oWy =@
i

* Requires an optimiser: Stochastic Gradient Descent

OL;(W) (aLi<W))2

AW = —F( ow COW
batch size, ... —— Training
— Training data 1072 T Volidation
+ Input u® & Output v® )
« Testing k

— Use new data
* Input u®& Output v®
« Verify prediction v vs. real v® 1073

0 500 1000 1500 2000 2500
Epochs

) —
5/
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History dependency

A
« Elasto-plastic material behaviour & L—
(*,") /
— No bijective strain-stress relation ! //'
Iy
* Feed-forward NNW cannot be used :/'
1 R
» History should be accounted for 71 g
)/ ! Strain
 Recurrent neural network //

— Allows a history dependent relation
1%

* Input u;

Vg Ve Vi
Vv \' Vv \"
* Outputv, = g(u, hy—q ) h h, h h,,,

* Internal variables h; = g(u;, hy_1 )
U U U U
1

— Weights matrices U, W,V u u,.
* Trained using sequences

») (»)

— Inputs u;-,,, ..., u;
— Output v,@n, v?’)
/f\\v
&5" 10 July 2023 NPU 2023 44




History dependency

Recurrent neural network design

1 Gated Recurrent Unit (GRU)

» Reset gate: select past information

to be forgotten

« Update gate: select past information

to be passed along
 Need to define number of hidden

variables h;

2 feed-forward NNWs

* NNW, to treat inputs u,

* NNWy,, to produce outputs v,

Input and Output

e u,; : homogenised GL strain Ey; (Symmetric)

Output, v,

A

Feed forward NNW,

Hidden
State, h, ,

Hidden
State, h,

Feed forward NNW,

A
Input, u,

BVP

10 July 2023

NPU 2023
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History dependency

« Data generation s
RO /‘ T KRR
— Elasto-plastic composite RVE o AN Qe
orathseaval DA
— Training stage SRR R Vv
+ Should cover full range of possible loading histories 7S‘i 2% 2
e oL A
* Use random walking strategy (thousands) KIRRELE OIS
%7 ¥k L\ ' X1

+ Completed with random cyclic loading (tens) s

* Bounded by a sphere of 10% deformation

NPU 2023 47



History dependency

Testing process (new data) 400

2001
— On random walk

O_

SMYY [MPa]
o
3

~400
~6001
~8001
Emxx [-]
400 60
200+ 401
‘© —  20-
L of ©
=, s  of
7% X -20
A A
—400 —40-
—600+ —60
_80.
‘ ~0.050 ~0.025 0.000 0.025 0.050 0.075 ~0.050 —0.025 0.000 0.025 0.050 0.075
A\V Enox -] Emxx [-]
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History dependency

_ 400-
« Testing process (new data)

_ _ 200-

— On cyclic loading .

(G
o 01

<
> —200

S

W
—400-
—600-

0.00 Zo005 A i : i :
G 10 010 e —0.05 0.00 0.05 0.10
100
400- 0
75
200-
50
(© ]
o 01 o |
S s 25
X =200 < 07
S =
0 W _5s5 ]
—400

_50.
—600- s

—0.05 0.00 0.05 0.10
Emxx [-]

b
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9000 x
-cpu

2 h
3 day-cpu

0.5 h-cpu

cpu

18000 h

generation
Training
Simulation

Data

ANN as a mesoscale surrogate model

Bounded at 10% deformation

Elasto-plastic composite RVE
— Comparison FE? vs. RNN-surrogate

— Training data

Multiscale simulation

Te]
=
o 3
4 | e |
e
o £
m _UV..
ro. —
o C
a
~N =
o O
©©
(o}
=0
S0
(@]
_ _ _ _ S
o (@] o o (@] o ™
(o] <t o o~ W_
| ~
)
(al
Z
™
(9\]
o
(9\]
>
>
E
A o
VAWAVSSISSSE: )
AVAVAT S =

PAVAVAY o N..¥Y




Reaction force F, [N]

ANN as a mesoscale surrogate model

EMYY

0.093 I

 Multiscale simulation Myy

0.093 l
— Stress-strain distribution at point A

— Strain within the 10% training range 0.047

FE- RNN |

OMyy

170 l

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

X7
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Localisation step

Only homogenised output is predicted 400
— On random walk 2001
0_

Smyy [MPa]
"
(@]
(@]

—4001
—600 1
—800{ | | | | |
—0.050 —0.025 0.000 0.025 0.050 0.075
Emxx [-]
Quid of local fields?

— This is an advantage of multiscale methods gPL-FEM

— Useful to predict failure, fatigue etc.

— Can we get it back at low cost?

NPU 2023 54
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Localisation step

» Also build a surrogate model of the internal variables

[ — . . | | . .
| Training Data Training I 1 Application | Input Ey :
I ) I I
I /r\ggé;)u?ifgiyle BvP I I Normalizatiorl N.1 :
I I I .
. RNN Trained |

I ~ R
'| DR . UEM Norma//za't/onEM | Training : : RNN «— Ey '
[ ‘ . ‘ ~N ( M) M) N.1 I I .
I X / ¢ A I

\ A ' | _/ |
N < '\ I I :
I : DA
I | : S AY :
[ I I I
I I I —
I Zy  |Normalizationg I I Mﬁ Output Z :
I — N2 =M I I N.2 :
I I I
I : : I

— Problem: The size of Zy, is large

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

|:> overwhelming cost

A\V
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Localisation step

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

Training Data
Meso-scale BVP

resolution
S\ Um
|.\ ~ |(Fum, Em)
X 7 "

Nl
\o ~ \

INormalization E
—

N.1

Training

I
I | Application | Input Ey
I
I

RNN

EM | Training

Norma/izatior1 N.1

Trained
RNN «— Ey

t
Eu

Norma/ization1 N.3

Remove mean

PCA

— gM—rfM

N.2

« Construct matrix Zpm = [ZMl ZMZ ---ZMn]

| Py =

M Output Z,, ‘

Inverse |
Inverse| N.2
Inverse =

$m lnverse 5
PCA =

3

Sy ) e

(=== =——--------

Principal Component Analysis (PCA) applied on Zy to reduce the output of RNN

; from n observations (1% from all data)
xXn

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

* Build reduced basis

« Reconstruction Zy = V&y

« But not enough

V = [21 Vy Uy ]dxp

and reduced data §&,, = VTZ) of size p<d

10 July 2023
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RNN with dimensionality reduction and break down

* Dimensionality reduction & break down

I — . .

| Training Data Training : | Application | Input Ey, :

I - I

! Meso-scale BVP . _ o | I _ o Normaliz

| resolution % % z |, =z | =z | |= ation N1l !

| —— U.. |Normalization o =z ['E I 12 Mg [ = ' I

' R " w7 Ev— I l «— Ey i

0| e B En) | S S S R |

| L \ ytboy? Y D, 1yl v 50 l
. |

I - ! =\ g 7 : i X ¥ ,Concatenation :

[ SM I

: Normalization1 N.3 : : Su Output 7, ‘:

I Zy | Remove mean 5 PCA : I N,3ﬁnverse —

I —— ZM — {y I - __ Inversg¢N.3

N.2 | 3y Inversg 7
| I | LM |
I I PCA - I

— 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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Localisation step

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

()]

Maximum y [-]
~ N W A~ W

o

-0.05 0.00 0.05 0.10

Purple loading — Pl _FEM
step 500 38 l

1.9

0.0 I
A
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Localisation step

Evaluation of equivalent plastic strain &P!: Cyclic loading (testing data)
gPL_RNN

2.11'

&Pl _FEM

1.98 I
0.99 1.05
0o £ 00 o.ol
gPLFEM EPL_RNN
1.88 I 2.02 I
1.01

0.0 I

61
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Geometrical parameters effect

« Study of PA lattices

— Input:

« Strain (history): Fy,

« Geometrical parameters: ¢,

« Material parameters: y,

— Output:

» Stress (history): Py,

« Material model

V; = 0.027

V; = 0.104

— Viscoelastic-viscoplastic finite strain model

d—MAP =0 ~

2.5 - g=1 (Drucker-Prager)

\
/ I —a=2 (Paraboloid) (@p=%—-Db
| 2 a=3.5 u
/ - q=5 %% m%—1tr¢ m*+m
15 ** 9= o m+1 o, m+1
Initial N | m= 3
yield 1. ® Exp. Lesser 1997 Oc
surface Exp. Hinde 2005
0.5 * Exp. Sauer 1977 B |
A -6 -4 -2 0 2
*? tr (@) /o,
X NPU 2023 65
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Geometrical parameters effect

Input / output Generation
— Input:
* Random strain (history): Fy,

* Random geometrical
parameters: ¢,

— Output:

« Stress (history): Py £h!
0 016 0.32 0
|

0.33

0.66
-

0 0.08
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Geometrical parameters effect

 Lattice cell

— Test on new cells of random volume fraction for new cyclic paths
(per unit volume of polymer)

T SMy T SMyy

- Smyy — Sm,,
= Smy,
0 Sy
T — Ssz

015 -010  -0.05 0 012 -008 -004 0
EMxx [_] EMxx [_]

) —
5/
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Meso-scale surrogate model for complex material systems

* Neural networks can account for
— Strain (history): Fy
— Geometrical parameters: ¢,
— Material parameters: y,

* However, this requires

— Extensive training data

* Interpolation of neural network trained for different
inclusions volume fraction f is considered to reduced
the number of training data

[Lu, Yvonnet, Papadopoulos, Kalogeris, Papadopoulos (2021). A

stochastic FE2 data-driven method for nonlinear multiscale

modeling. Materials]

J(E, f)

Interpolation
unit

— ldentified geometrical features

+ Quid for distribution effect? w i

» Possibility is to extract information from image

Random
Variables
(o]
(o)
(o)

analysis Q
¢ e.0. USing CNN % Oy
[Rao, C., & Liu, Y. (2020). Three-dimensional convolutional neural B0
network (3D-CNN) for heterogeneous material homogenization. 90
DRX
A CMS]
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Meso-scale surrogate model for complex material systems

Deep material networks

— Based on thermodynamic consistency

— Possesses extrapolation capabilities in Porosity
evolution

« Strain (history): Fy e DNS
Nievers = 3
* Material parameters: y, -—- N,,_,:s=4
10{ e T Nieveis =5
0.00 0.05 0.10 0.15

Emerging methodology 005 .

— Seminal work
Liu, Wu, Koishi, (2019). A deep material network for multiscale topology learning and accelerated

nonlinear modeling of heterogeneous materials. CMAME

Reformulation and use as surrogate for arbitrary material law
Gajek, Schneider, Bohlke, (2021). An FE-DMN method for the multiscale analysis of short fiber

reinforced plastic components. CMAME
Nguyen, Noels, L. (2022). Interaction-based material network: A general framework for (porous)

microstructured materials. CMAME

Interpolate some geometrical features of micro-structure ¢,

Huang, Liu, Wu, Chen, Wei (2022). Microstructure-guided deep material network for rapid nonlinear

material modeling and uncertainty quantification. CMAME

) —
5/
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Deep Material Networks with laminate building blocks

» Architecture of mechanistic building blocks [ Homogenised behaviour
— Example for a 2-phase material | Pu@® =P Eu()Z(z<1))
PRI ~ o Fy(t) =X7-o W' F'(t)
“‘ 5 ., |8
70y Y N
/ . \ Weight of node i
/] (parameter)
\3
\o,

*
L/

&

\..Q----““ ’V7

-~
‘-———’

Constitutive behaviours:  PP(t) =PP(F'(t),Z(t < t))
if node i € phase p for material p=0 or p=1

( Material node i =0..9, of weight W*
;>

Z. Liu, C. Wu, M. Koishi, A deep material network for

multiscale topology learning and accelerated nonlinear
- \ .
mod s@eterogeneous materials
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/“"-1-7.5."~

Alternative to laminate (e.g. for porous material)
/-

Mechanism j = 0..M — 1 of interaction V’

Homogenised deformation gradient
Construction of a strain fluctuation field

Fu+ 2@’ @ N/ =F, j=0.M~1

o / \“ Direction of mechanism j
Contribution of node i (parameter)
Degrees of freedom of mechanism j

defining the strain fluctuation

Deep Material Networks from the interactions viewpoint

~

-

“‘-llll.... \

7
0“

in mechanism j
(parameter?)

82
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Pt seRtt .,
. 5 .

Alternative to laminate (e.g. for porous material)
/-

Mechanism j = 0..M — 1 of interaction V’

Homogenised deformation gradient
Construction of a strain fluctuation field

Fu+ 2@’ @ N/ =F, j=0.M~1

o / \“ Direction of mechanism j
Contribution of node i (parameter)
Degrees of freedom of mechanism j
Weight of node i

Deep Material Networks from the interactions viewpoint

~

-

“‘-llll.... \

7
0“

in mechanism j
t)
(parameter?) defining the strain fluctuation
(parameter)
— Constraints from strain averaging \
« Fu=XWF Z(z Wiai'j) al @ N/ =0 —> Zwiai'f =0
J \ievJ iev]
— Weak form from Hill-Mandel
> Z(E WiPiaiJ> ‘N/|- 8al =0
Jj \ievJ
83

o Py:6Fy=Y,W! P! 5F!

A <
% 10 July 2023
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Deep Material Networks from the interactions viewpoint

« Offline stage on a p-phase RVE - T T~
— Topological parameters y LTy S

- Nodal weight: W' i =0..9

— \
/“‘-llll.... \

**

- Direction of interaction V/: N/,j =0..7

-

- Interaction weight: a*/

= X =[W° .., W°N° ..,N7,a%, .. a®]

“

— Using elastic data
« Random properties on RVE '=p Cmu(¥m)

ym = [Eo, VOIEll Vl ...Ep, Vp]
n A~
. . ~ 1 C —C
- Cost functions to minimise  L(Cy;, Cy (%)) = _Z 1€ i) = Cu XY
nls T [Cu(rmy)l

* By « stochastic gradient descent (SGD) » algorifhm

NPU 2023 85
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Deep Material Networks from the interactions viewpoint

’__—~

« Offline stage on a p-phase RVE _ - ~ <
— Topological parameters /“(‘“"1}'5"“. S
- Nodal weight: W' i =0..9 I/'
- Direction of interaction V/: N/,j =0..7 (
« Interaction weight: a®/ \
= x =[W°% .., W?N° .. ,N",a®, .. a’"] \

— Using elastic data
« Random properties on RVE '=p Cmu(¥m)

Ym = [Eo, Vo, Eq, V1 - E ]

|Cr(Vimg) — Cu XY m)l

« Cost functions to minimise L(CM, CM( )) = Zl ”@ ( )”
M Yms

— Using non-linear response
* Random loading on RVE (strain sequence Fy )
« Compare stress history Py(Fy,) and quantity of interest Z(Fy,) (e.g. porosity)

Fu,) — Pu(x|Fu )| |, 1 i 12 (Fw,) = Z (e[ Fun) |

» Cost function L(PM, PM(X) Z”PM( >
[Pt (Fya, )| 1Z (P, )|

* By « stochastic gradient descent (SGD) » algorithm

57
7 86
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(MPa)

UXX

Deep Material Networks from the interactions viewpoint

Online stage on a porous material . ==
= D\

2

. V‘V’
— Properties S
. . ’ NZ AT
» Elasto-plastic matrix '\‘N“ ORISR
. 4“.‘5““ %
« Small strain \:N \‘Vv:r."%.g‘-}av
/] Sk A3

%

— Non-linear training
— Uniaxial tension

Stress-strain 1.81 porosi ty
100 -
50_ 1.6'
01 Nieveis = 3 —
3 1.4
=== Nieveis=4 = 1.4
=501 k& L Nievels =5 DNS
—100. 1.2 Nieveis = 3
_________ === Nigyeis =4
—1501 YL 10l e T Nieveis = 5
0.0 0.1 0.2 03 04 05 0.00 0.05 0.10 0.15
EXX E-xx+€yy+ézz
ff\\
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Stress (MPa)

Deep Material Networks from the interactions viewpoint

Online stage on a porous material

— Properties

» Elasto-plastic matrix
« Small strain

— Extrapolation capabilities

* Non-linear training with material parameters y,; V’y}gg'gsg,}'
i,

* On-line simulation with material parameters y,,,

Random loading

0.30 0.35 0.40

7 ST

0.90

-0.88

300 20
i Stress 1.05{ — DNS Porosity
200- ] F"j '-0 - N[eve]s — 5, NT
\F, )
\j 1.00
100- k a\ .
: .
| ﬁ_,.,-/eh\-f Vi f ) 3 0.95
0 R LYY S S
—-100- [ ¥ 0.90 1
—200- = DNS, Oy DNS, 0Oxy 0.85 1
DNS, ayy - N]evejs - 5, NT
—-300+— - T - T - T ' T - '
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8
A Time (s) Time (s)
5/
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Deep Material Networks from the interactions viewpoint

. . ) &, &,
 Multiscale simulation Yy yy
0.4 0.4
— Stress-strain distribution at point A
— For 2> material nodes 0.2 0.2
— Non-linear training
0 0
FE - DMN
60- t _ -
Oyy Oyy
L 20-
Q
O
s 70 70
c
S
g —-201 FE-MN, Njeyeis = 3
S:J -== FE-MN, Njeyeis = 4 0 0
—40- I FE-MN, Njoyeis = 5
v
0.000 0.025 0.050 0.075 0.100 0.125 0.150 FE - DMN
Prescribed displacement 4, (mm)
A
5/
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Meso-scale surrogate model for complex material systems

« Deep material networks can account for
— Strain (history): Fy
— Material parameters: y,

« Because of thermodynamic consistency Miciostructu 1
. Cre . (phase orientations and
— Possesses extrapolation capabilities volume fractions)
.. BT \
li} Reduced training dataset 7  Newmirosiucue
. . . \\ Microstructure-guided
* However, interactions are defined for g § || deep material network
. (phase orientations
- Geometl’lca| parametel’s (pm and volume fractions) N
— For an identified geometrical features wg}
.\\&.- Uie:

 Interpolation of DMNs for different
inclusions volume fraction f and fibre
orientation distribution tensor ? Vw2
[Huang, T., Liu, A., Wu, C.T., Chen, Wei (2022). (ohass oriontations @ g%ﬁ‘ T
Microstructure-guided deep material network for rapid and volume fractions)  » S5/ (phase orientations
nonlinear material modeling and uncertainty o SORRSRES aawos:

quantification, CMAME]

W K

— Quid for distribution effect?

» Possibility is to extract information from
image analysis ?
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Conclusions

* Micro-mechanical models @ ‘@O Equivalent
— General for a micro-structure kind Inclusion
» Geometrical parameters: ¢, ‘ B /

* Material parameters: y, ' ‘
— Based on thermodynamic consistency
» Possesses extrapolation capabilities

— Delicate identification
 Neural networks

. . g o
— Theoretically generic S
» Geometrical parameters: ¢, £ —2001
. )
* Material parameters: y, 400
— No extrapolation capabilities ~600
. . . 0.00
* Requires extensive data Emx [-]

* Deep material networks NP i

— Based on thermodynamic consistency

« Possesses extrapolation capabilities ‘ 4 &  Porosity
' g evolution

¢ DNS

Nieveis = 3

— Fixed micro-structure?

“== Nieves =4
""" Nieveis =5

0.00 0.05 0.10 0.15
Exx+Ey+ iy
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