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Context : A need for better mechanical

compatibility
The effect of stress shielding —
on the peri-implant bone [2] Hard to find replacement materials! [3]

Young modulus of implant >> Young modulus of Cortical bone

[1 ]*https://www.coastlineortho.com/joint-replacement-
surgery-coastline-orthopaedic-associates.html’

[2] M. Fischer, PhD Thesis, Universite de Lorraine, 2017
[3] C. Chatzigeorgiou, PhD Thesis, ENSAM, 2017
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Context : A need for better mechanical
compatibility

(d)

Y. He, et al. 2018

(f)

I. Buj-Corral et al. 2020

Use of architectured material can improve biocompatibility Pint.fr



The difficulty to simulate : A multiscale approach

Direct Finite Element
simulation:
Computationally very
expensive!

Repetitive number of cells:

N 4

Periodic arrangement

¥

Periodic homogenization




Ingredients

3MAH Team

O

https://github.com/3MAH

Constitutive models

Homogenization

IA-physics models

Advanced simulation




Non-linear homogenization : local law
Clausius-Duhem inequality: y=o:é+ 67— E — % VO >0, ma) Y= Yoct+ Yeon = 0,
Voc = O : € + 01 — E, Yeon = —% - V6.

Legendre-Fenchel transformation  + Germain (1983) : Convexity of E

e oG ey
G(o,0,():=E—0n—o:¢ €="55 17739 =  Moc= aC-C

M mechanisms are considered , with a set of N, {Vm}
7

variables for each mechanism:

9G
av;"

Generalized thermodynamic forces Ay =

A criterion is associated with each mechanism : Example @™ ({Ay™}) <0
{o™} <{0}, {8} ={0}, {2"s™"} =0



Non-linear homogenization : local law

Increment in time of a quantity
x(n—i—l) _ x(n) + ACE(n+1)

Increment of a quantity for an iteration m
AgtDm+1) — A (nt1)(m) 4 g, (nt1)(m)

Increment of a quantity for an iteration k inside the iteration m

AgrHDmADE+1) AL (D (mAD)(R) | 5 (1) (mF1) (k)

Local constitutive law

: [ B0 = £:(de e —den
gntD(m+l)  _ o(n) | Ag(ntD)(m+1) o = -(5— & —oe )
g(n+1)(m+1)  _ H(n)_i_AH(n—H)(m—l—l)‘ AU 677

’ or = —00— + 0Y1oc
cHDmtD) () At At
' A¢ o¢
(n+1)(m+1)(k) _ (n+1)(m+1)(k) _ 0 = 0A + A
K(5»33 =0, 460 = 0/ 9 Noc C Az At CAt




Non-linear homogenization : local law

Increment in time of a quantity Increment of a quantity for an iteration m
D) () 4§ A (D) AgtDm+1) — A (nt1)(m) 4 g, (nt1)(m)

Increment of a quantity for an iteration k inside the iteration m

AgrHDmADE+1) AL (D (mAD)(R) | 5 (1) (mF1) (k)

Local constitutive law

0 Jo
6(n+1)(m—|—1) _ é:(n) _|_A€(n—|—1)(m+1) Dg — a—o- De — %
’ €
prrim gy ageren i) K T0Q o o 0Q o
CADmED) (), de  Oe Y BT

€. 0=n o €. 0>n
§e(FD(m+1)(k) _ 0, 5o+ (k) _ 0o = D":0e + D00 Or = R°:0e + R"00

0q = —k-0V0



The problem of homogenization

Given an heterogeneous material

Periodic media \

?

, Equivalent homogeneous material
Random media

Find an equivalent homogeneous material that has the same macroscopic behavior.



The problem of homogenization

n 1 1 1
U, = 57 Uzygzy dV = 20ij5ij Up = §5ij§ij

Periodic media

Hill lemma:

0ij€ij — = —/ Oy — Ogny) dS

t]

The Hill-Mandel theorem:

Random media

KUBC, SUBS, PBC



The problem of homogenization

=u' (T, x_,1), VeV periodic

) o,z t) n(x_) = —0c(F, xy,t) n(ecy) antiperiodic

/J(Ewt) e(x,x,t) dV —o(x,t) : (x,t)
%/ ('u,a:a:t —e(x, 1) - )-(J(E,w,t)-n(w)—E(E,t)-n(ac)) ds
-7 J,, (=

T, x,t) + uo(T t))/ \( o(x,xz,t) n(x)—o(x,t) n(w)) dS =0

7

Vv
u’/ per10d1c omn anti—periodic

ﬁ Non-linear : Linearized, incremental formulation



Non linear mean-field homogenization

Local thermoelastic increment
Ae, = AS:Ag + A'A6 AV, = A-AVH

Tangent quantities
N

N
D° = > DA D= f [D3+Di:Aﬂ R = ifmr-Af
- T;O TJ'VZO
Random media R = Z frRE:A°  RY — Z £, [ R + RE: Ae}

r=0 r=0
Effective thermoelastic law

3

_ 5 — D=0
or = R°:0g + R"00
& Voo ve,,0 phase
RVE problem constitutive
Oy,

qr,Tr DE Da law
Ky R R"

9

ﬁ?

]

d = D°:98 + D90 dg = —k-0V0

o
*D'E

S ?U|




. .. . ] See Chatzigeorgiou
Non-linear periodic homogenization et. al (2018)

Kinematics  0e = 0g + grad,,,0u IV = VO + graddh
Equilibrium div <D€:5é + D30 + D’f:gradésa) = 0
div (Féﬁﬂ + li-gradﬁg) = 0

ou = 0&:x° +00x?, 80 =0Ve-4® ENEH.L(1983)

oe:div ([D8 + D gradxe]T> + 80 div (DG + D‘g:gradxe) =0 div ([Fa + ;@Tgrad'c,be} T) =0

!

. . . T — . 01T : 0 e 0\
dlv([D + D® % gradx®] )zO 5V0'dlv([n+n-grad¢} >:O le(D + D .gradx>—0



Non-linear periodic homogenization

n Local thermoelastic increment
Ae, = AS:NAE+ AA6 AV, = AF-AVEO
Tangent quantities
Df = (D°: A°) D’ = (D' +D%A") k= (kA"

Periodic media R° = (R°: A°) R0 _ < R 4 Re: A9>

A® =T+ T gradx®
% Effective thermoelastic law

5,V9,0| ‘

T
— _ — — K o__ 0
o i o7 = R°:0g + RY00 A —I“L[gradﬂ
7 7/ ase
Conztitutive
Oy,

a4+ D:, D9 law
Ky R R"

9

— ) B . 0
sl dg = D°:0e + D90  0q=—R-0VO A" = grady,x

o
*D'E

S ?U|



FE2 (Among other multiscale models)

ul — ] €11 €12 €13 Ty — ]
Suquet periodic homogenization solution uy =y 0= 22 Ey | X (W T
ub — u sym. €33 rh —
Az/ o ufi=z, o Fl=z,V
Az, equations ’ Urf:fﬂ - F{ii?zv AE _ T
—> " v & Fg =5V €1y = (K 00 0 0 0
7 o uff=2n & Fj=onV Aé(gg) = (0 K 0 0 0 O)T
[ L Agay =0 0 K 0 0 07
‘ H oA R Agany=(0 0 0 K 0 0)
2 A?(lg) :(O 0 0 0 K O)T
Figure 1.5: Connection of the "constraint drivers" with the unit cell AE3) = © 000 0 KT
Az Eilll Ei122 EilSS Eilm Ein:s Eius Agy
AT E;nz 33233 Egzm E;213 32223 Ay D= AEij(kl) ikl = 11.22.33.12.13.23
A533 . E§333 E§312 E§313 E§323 x A§33 [ g K ’ o ST
ATy a ﬁimz Eizlg Eiz% 2Ag
AT 3 Ei:m Ei:sz:s 2Ag3
AT Sym D3z 2 Ay

Tikarrouchine, Ph.D. dissertation (2019)



FE2 (Among other multiscale models)

Suquet periodic homogenization solution

A

Az equations

€«

SV = Azy Azy Azg
Axy

T2

L] U(i‘f = gll
o us) =7y
(] Ufg = 333
o U?g =281y

L] U(i(é = 2513

U A A

o ugf = 2?23

d_ —
FflfaHV
F§i =50V
22 = 022
Fed =533V
33 — ¢33
cd _ =
F{‘Q—O'lzv
P =53V
13 — Y13

Fgf =53V

Figure 1.5: Connection of the "constraint drivers" with the unit cell

— =< =€
Aoy Dy Diggo
— _E
AT Dogos

AT33
ATy
AT3
ATa3 Sym

€

- €
D1133 D1112

& =&

D 2233 D 2212

& =&
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=&
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(a) Entire unit cell (b) Yarns (a) Entire unit cell

(b) Yarns

Figure 1.11: Deflection of the unit cell for the unitary strain state €1). Figure 1.14: Deflection of the unit cell for the unitary strain state g).

A A

() Entire unit cell (b) Yarns

Figure 1.12: Deflection of the unit cell for the unitary strain state &(g).

(a) Entire unit cell (b) Yarns

Figure 1.16: Deflection of the unit cell for the unitary strain state (3.
Figure 1.13: Deflection of the unit cell for the unitary strain state &s).

Praud, Ph.D. dissertation (2018)
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Replace FE2 with Al models:

Motivation : Can we significantly speed up?

Adapted for constitutive models with internal variables
(memory/microstructural evolution)

FE convergence ? Implementation in FE solutions ?
Estimated speedup factor ~ 10000 (Settgast et
al.2019). To be checked for NP loadings / real cases




History = Recurrent Neural Network

|
Long-short term memory
Ct_9 Ct—1 Ct
> Lstm > LSTM LSTM
oI € R?: input vector to the LSTM unit
o ft € Rh: forget gate's activation vector
oy € R": input/update gate's activation vector
°0; € Rh: output gate's activation vector
18 eh; € R": hidden state vector also known as output vector of the LSTM unit

eCt € R": cell input activation vector

e € R: cell state vector

Memory f—— — — . — . — . — . — . —.—.— . — .4 Memory cell
cell mpu Long term memory | output
ocC ¢ 2
" £ . e
g (<Y o(+) c,

Hidden state

input from 7-1 |

Current data |

g
gate vate

Iy

Ij_ tanh

Hidden
state
output at 7

b

A

fr = 0g(Wize + Uphi—1 + by)
’I:t = O'g(VViLL’t + Uiht—l + bz)

or = og(Woxt + Uphy—1 + by)
é; = tanh(W.zy + U hy—1 + b.)
¢t = froci1 +10¢C

hi = o o tanh(c;)

W e ]Rth, Ue R and b € R": weight matrices and bias vector parameters which need to be learned during

training



History = Recurrent Neural Network

ApmHDFD ) A (DA (R) | 5, (041 (1) (k)

Model’s inputs : Incremental Strain tensor components

Dense D D
e e Model’s outputs : Incremental Stress tensor components +
! T T internal variables (if any)
LSTM, LSTM, LSTM,
T T T Mechanical properties of titanium alloy Ti-6Al-4V
LSTM; LSTM,; LSTMy
Material parameter Value
Young's modulus E 113800 MPa
19 Poisson's ratio v 0.34
. Yield Stress oy 1000 MPa
Chosen RNN architecture Hardening parameter H 1600 MPa
Plastic hardening exponent n 0.5

Example 1 : Power-law hardening



Training

Mean Squared Error (MSE) with

Classical Mean Squared Error (MSE) thermodynamic constraint

N 2

N
— 1 (») (true) @ _ i (p) _ | (true)\2 _
£o==2 (- £l == O ="+ ARelu(~70)

—= 270
oot ya 0.04 v < 0 7
\ —= e S / : .
E,; / \ :EB . ‘E‘ 0.01 a —_— “onfi
T o0 2 N T 002 ~ ° v LSTM Config 1
S ] L e )
S e 7 N \, 2 3 N A 50 LSTM Config 2
= e / \ N = = W v : -
£ o 2 0w g -oot < ra N LSTM Config 3
= = = 3\ / | —~ . .
A =) N A 002 NS v, — = +- LSTM Config 4
o . N, o ] N N e T o s
£ 002 \ i ] N - N —— LSTM Config 5
g < S —0.03 A3 i = 40 - : i
. . < 3 -
@ Ne & N N g LSTM Config 6
~0.04 T —0.04 N \ =
0.04 \ o
~0.05 Z
5 00 150 200 250 800 5 00 150 200 250 800 E 100 150 200 250 300 c
Time step Time step Time step 5 30
£
=
=
p 750 p 175000 ! } p- 3
R Inclastic strain €} ! B [nclastic strain € ! B [clastic strain <5, 3 20 4- . .
120000 - . Flastic strain ¢, | . Flastic strain ¢, B Flastic strain <5, g
150000 150000 | o i
0 H
w000 = :
125000 125000 «© H
g 10 T
S IS » | " }
g g o000 n
H H E ! ! 1
g £ El |
£ oo g g w‘ ‘
= R & 75000 i " . —
1 0 2 — -
0000 I 0 100 200 300 400 500
| Epochs
25000 25000
o f f
002 010 002 002 oo o1

2 000 0 2 010 002
Strain component values Strain component values

Strain component values

Danoun et. al (2022)



Tl'alnlng Model — Chaboche with 2 NL kinematical hardenings

¥ (e,€P,ay,a;) = % [e—€P] 1 L: [e—&P] Yir(p) = H(p)
Classical Mean Squared Error (MSE)

| < 2
Li== (yﬁ") — e )

+ %Clal ap+ %Czaz S a,

X, = %Cﬁp - D Xyp

Mean Squared Error (MSE) with
thermodynamic constraint )

N
£’ = % 3P = 3R 4 ARelu(-71,,)
W o=c¢:[e—€"|+X, 14, +X,:d,
Non-linear homogenization .. Difficulty to Wir = 5_Hp-
relate 07 to the stress increment m- 9p
. L SRPCSNC) PN ) SRPP:)
67100 =T°:0e + F969 Yoc = Jeb dal - #] aaz ) op p
oH
=0 :.:P—-X;:d;—X,:dy— —p.
Work to do here Hloc ‘ e T



Validation with thermodynamics consistent
training

0.04 = Test o1y 0 300 1 === Test 71y
—— LSTM prediction oy / \ — = LSTM prediction 015
1000 - ' s —250
7] | |
2 o ! e \ LI
g — —_ \ —
4 T T 500 )
g &, 1l [ 2,
= 2 2 =S
< < <
£ 0.00 ~ —750 -
4 = g )
Z S S S
@ —1000 P @
—1000
£-om 2 & /! @
& —1250 -
—2000
a \ ~100
_15
~0.04 LRl e—
3000 —— LSTM prediction o3, —
; i —200
0 100 200 300 —0.04 —0.02 000 002 004 —0.02 0.00 0.02 0.00 0.01 0.02
ime stej rain ¢ rain €9 rain ¢
Time step St " St » St i
0.04 5 + R*=09 = T+ R=09 = 3001
2, 2 & i
= ——— v=X = ————Y=X = |
1000 1+ — =250 + ~ I
0 = a Y1) ANSRNS NN AN SN S -
g 002 S S S i
i) 2 2 500 2 : !
o 2 0 S " SN R— £ 2 i :
= = + = |
5] @ 2, n 100 E
£ 000 — o -5 o
g ) S ) /
‘B ) ) Q i
a & —1000 = 1000 R |
.5 —0.02 § § g oA
] L
£ 3 T 1250 B i Vs
n £ —2000 £ 3 |
S S S 100
bS] ] ]
4 ; B e -
—0.04 i g E 5 / 5
N ~3000 —a200
0 100 200 300 —3000 —2000 —1000 0 1000 —1500 —1000 —500 0 —200 100 0 100 200 300
Time step True value of Stress o1; (Mpa) True value of Stress gy (Mpa) True value of Stress 015 (Mpa)

Danoun et. al (2022)



u, = —0,75 mm u, = —0,75 mm

Structure validation i l

l—»m
]
8
h =2mm
<

Similar convergence rates! e

Stress_Mises (FE) Stress_Mises (ThC-RNN)
2.0e-01 200 400 600 800 1000 1200 1400 1.6e+03 8.0e-01 200 400 600 800 1000 1200 1400 1.7e+03
| | | |

Stress XY (FE) Stress XY (ThC-RNN)
-3.4e+02 -200 -100 0 100 200 3.4e+02
|

-3.2e+02 -200 -100 0 100 200 3.2e+02
! D l— | —

23

Constitutive model (original) ThC RNN



Multiscale simulations

; \\?l//’\\ 4’\
Macrostructure i v'l’ ;:}'4:'0‘\ (+AL Offline Training
& Unit cells Ag "o«v 5«05 P Data Base

)

- “ 7%«‘ ’
LN 7

7 TN
/ o \
- ! )
7 = N \
/ i \ \ /
[ ) NS -7
\ /
\ .
\V_ Mechanical response

— T

— = LSTM prediction 7,
i {

24 Local to

global response

—0.02 0.00 0.02
Macroscopic Strain &y,



Strain Driven Loading

Material parameter Value

Young’s modulus £ 113800 MPa
Poisson’s ratio v 0.34
Data base Yield Stress oy 1000 MPa
Hardening parameter H 1600 Mpa
— Plastic hardening exponent n 0.5

External cylinders radius R, 0.1
Internal cylinders radius R; 0.05

0.03 L M " -
y o WS N [P [0 % N BN B 10000 simulations:
5 TN N T 2 L |
0.02 g om ','/ (/ \\ v / A g 00 900/ t - H
rNIFS IV @ V.NI - o training
0,00 --miEEEIE=ION E ‘-?‘"“\ NN ) % 0.00
-SHERNEINE YA QR VA1 10% validati
0.02 | e \'\/)‘" vV \ ‘/,/‘/ K] | (0] Va I a Ion
-0.02 @ N \ 2 8 ~0.021-
E-omp NI £ i
. * 0.03 T 4 / ’ |
—004f . B I \ i 00411
0 20 10 60 50 100 0 20 10 60 80 100 0 20 10 60 S0 100
Time step Time step Time step Impo rta nt featu res
. .
- Non-proportional loadings
. .
_ N— - - Random path in strain
‘on Mises Stress 0.0e+00 400 600 800 1000 1200 15403 0.0e+00 400 600 800 1000 1200 1400 1.8e+03
0.0e+00 400 600 800 l|l\ii|l 1200 1.5e+03 | —_—— I  —

: ' L = - Database =

Updated stress
Tangent modulus
Mechanical power

Danoun et. al (2024)




Macroscopic stress response

0.02

0.01

—0.02 =0.01 0.00
ain £33

Macroscopic Str:
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== LSTM prediction az

— Test a3
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=20
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E22
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0.00
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e I s P
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0.02

0.01

Macroscopic Strain Za3

0.00

0.01

0.010

5

0.00

5 —0.010 —0.005 0.000
Macroscopic Strain ;3

0.01

=0.020

0.00 0.01
Macroscopic Stra

=0.01

-0.02

1n 5_12

Danoun et. al (2024)



Tangent modulus

§“ 000 m \ 1 Esmv al = =\ éso(m Al - Y
f N Sl [\ ML L\
£ 6000 : 6000
E = Test component C; ,E \ H component, Cy ‘E \ = Test component Cy3 \‘
E —=- LSTM Prediction Cy Z 4000 i M Prediction Cs, 3 4000 === LSTM Prediction Cs -
£ 4000 T - =
§’ N \ ' ?E:"z”( ) \\ U I \ §‘2(1(1( \\ \! \\ J!
< 2000 <
& ~— ] £ \J £ ——
0 20 10 60 80 100 20 40' 60 80 100 0 20 40 60 80 100
Time step Time step Time step
T T e T - = .
£ ool 1) N EFEA EEL N M
£.3000 l \ 23000 PN 23000 ' \
P P P
2 2 2
£ —— Test component Cyy £ \\ —— Test component Cs; £, \ —— Test component Cyg
£ 2000 - . g o -~ £ 2000 S,
] \ LSTM Prediction Cy; ] M Prediction Cs; E \ === LSTM Prediction Cgs
O l TR Ly
< < < ~
& 31 & + ~— ~|
20 40 ) 80 100 20 4 20 40 60 80 100
Time step Time step Time step
=400 =z = T T T
E 0 .\ rg.-'\ ) & 1000 -/ —— Test component Cyy
= a0 | \ =3000 S — = —=- LSTM Prediction Ci,
g —_— T nt Cly £ —_— T nt C) £ N
£ 0 I(qalt“]\n;npnlmlnim e £ 200 — Test compon Cy £ )
4 \ < rediction Ca 4 \ LSTM Prediction Cy3 z i
= = | i = /
ERU | £ 1000 i ; g
5 5 I [ H
2 N , g k , 2 1000}
& g i i &
0 20 40 60 80 100 40 0 100 20 40 60 80 100
Time step Time step Time step
T 7 T 7 T T
Z1500 ™\~ — Test component Ci; £ o N & j r
= LSTM Prediction Cy; = r \ 23000 i
¢ 2 100 H
g 1000 H J \ - —— Test component C;
ES '/ N— E z = LSTM Prediction C;
< 500 = T -y £ 1000 — by
E § —100} — Test component Cig E \\ i ! \‘
2 H === LSTM Prediction Cy; £ : ! ]
s 0 & o & 0
) 20 10 60 80 100 0 20 40 60 80 100 0 20 40 60 0 100
Time step Time step Time step
= 1000 15 T T — .
é- /\ § 1500 —— Test component Css é- i ™\
2500 = —=- LSTM Prediction Cy; & ool AN S S S
¢ \ £ 1000 ¢ A
H ; — H H | y
Z | \ /J E ES 01 A~
5001+ 2 500 N 2 I
§n i \ / —— Test component Chy gin \\f é=$ —— Test component Cy;
£ — 10001 === LSTM Prediction Cj; é ) £ —10001- === LSTM Prediction C U
£ 1 £ i
0 20 10 60 80 100 0 20 40 60 80 100 0 20 10 60 80 100

Time step

Time step

Time step

Second LSTM network
to predict the tangent

modulus

Danoun et. al (2024)



. ‘»"&
Multiscale structures

[ |
z" X
Von Mises Stress gy FE? Von Mises Stress 7y )y FE-LSTM
4.5e+01 60 80 100 1.3e+02 4.0e+01 60 80 100 1.3e+02
' ] — ‘
Macroscopic stress components
MAPE (%)
Stress oy Stress oxx
Stress oxz FE2 Stress oxz FE-LSTM 002 % 001 %
-2.4e+01 -10 0 10 24e+01 -2.3e+01 -10 0 10 2.3e+01
' U — ——

Stress gz Stress oxyz

28 2.04 % 0.44 %

- -
\ \ Average normalized error




& D =0.2mm

|
tux = 0.04mm
Von Mises Stress Gy s FE? Von Mises Stress 5y FE-LSTM

3.8e+00 40 60 80 100 13e+02 3.8¢+00 40 60 80 100 13e+02
|

Macroscopic stress components

MAPE (%)

Stress oy Stress dxx

Stress xy FE? Stress o xy FE-LSTM 0.03 % 0.03 %

-4.4e+01 -20 0 20 4.5e+01
-4.3e+01 20 o 20 44e+01 |
I

Stress gzyz  Stress oxz

™
RcS T 1.58 % 1.97 %

Average normalized error
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& D =0.2mm

|
tux = 0.04mm
Von Mises Stress Gy s FE? Von Mises Stress 5y FE-LSTM

3.8e+00 40 60 80 100 1.3e+02 3.8e+00 40 60 80 100 1.3e+02
D — —

Offline computations Database generation LSTM training

Computational time 70 hours 5.5 hours
FE? FE-LSTM Computational time Memory usage
simulation simulation saving factor saving factor
30 Online simulation time 5 days 102 seconds 4235 -

Memory usage 1.07 TB 120 MB - 8917
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Multiscale structures .

Face B

L=

Von Mises Stress oy ); FE-LSTM

o

50mm

1.2e+02
[ 100
— 80

— 60

— 40

l y
1.0e+00

Face A

Not possible with FEZ

Estimated RAM : 22.84 TB
Estimated comp time (1 CPU) 105 days

FE — RNN :
RAM: 2.5 GB
Comp time : 35 min
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Conclusions

FE + IA Easy to implement : NOT intrusive

Extension to time-dependent reponse : TO
DO

Extension to finite transformation : TO DO

%) Gt uLfM- = 'LfM|...
[Bsabsgby

Estimated speedup factor ~ 1000 — 40000x

Challenges : Varying microstructure B Computer Vision



Localization problems

Inverse problems, we want to predict local fields

Microstructure
Mean Response

|

Graph Neural
Network (GNN)

>

Microstructure Mesh Reconstructed Local Response

Can IA help of should we rely on full-field
simulations?

Obtain local fields from a FE
simulation using an effective model



Ph.D. Guevara Garban (in progress)

Use of graph Neural Network
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Use of meshGraphNet in mechanics
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Under the hood

Encode —Message Passing - Decode model:
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Adding physics?:
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Results
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Local stress reconstruction comparison between P-GNN, P-DivGNN models and
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FEM the color bar scale is set using the FE solution ranges
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Open-source, reliable, efficient scientific tools

3‘(0009 fedon

Discrete Element Method Finite Element library fgr multiscale
analysis, Model reduction

lCﬂ Simcoon

icrostrugture generation Material constitutive laws
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Simcoon
" fedon
https://github.com/3MAH m'croszn



