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Interaction-Based Deep Material Network

« Introduction to non-linear multi-scale Macro-scale BVP
simulations - =
Fy
— FE multi-scale simulations
» Problems to be solved at two scales ' i\\r Meso-scale BVP
* Requires Newton-Raphson iterations at \XL. ’. \ resolution .
both scales =
w = Ui Wi
— Use of surrogate models |
« Train a meso-scale surrogate model /
(off-line) - _
— Requires extensive data MOff' l'nle aup On -line
. . . eso-scale
— Obtained from RVE simulations _
resolution
S\ Macro-scale BVP
» Use the trained surrogate model during e Fu
analyses (on-line) X
— Surrogate acts as a homogenised l Py
constitutive law Py, Fy
— Expected speed-up of several Cm
orders Cwm . | Surrogate
Trained
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Al-accelerated multi-scale analysis of composites

« Use of RNN

— Good accuracy/performance for RNN
*  When designed for computational mechanics
« Trained with adequate synthetic data base
— Limitations: No extrapolation capabilities
* Requires extensive synthetic data base
» Generalizing for arbitrary micro-structure/phase response

requires unreachable data bases _
Homogenized

« Validity range is limited Micro-mechanical /4 response
.. : interactions
« Can we limit the size of the data base?
— Introduce Physics in neural networks \

» Predicting energy potentials (Yvonnet,
Masi, Stefanou, ...)

* Introducing material laws (Maia, van der
Meer, ...

— Alternative solution: build a network of

physical blocks
* Deep Material Network (Liu, ...)*

*Z. Liu, C. Wu, M. Koishi, A deep material network for multiscale topology learning and accelerated nonlinear
modeling of heterogeneous materials, Comput. Methods Appl. Mech. Engrg. 345 (2019) 1138-1168

Phases constitutive models
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Interaction-Based Deep Material Network

 Micro-scale interactions
— Subdivision in sub-domains £;
Vi

vi=V|V|

— Stress-strain averaging
EM = Z v; €, and

M\

!
(Ng
S
S

— Introduction of fluctuations

EmXm) = VQ®° um(xm) =gt VR u'(Xm), XmE Ny

e = et @mms@ .
Vl“l F

L' = £M+ Z Su]®5N|

VFI =)
]

L’ HE.S,E Advances in Applied Mechanics 2026, 5-9th January 2026 - Meloneras



Interaction-Based Deep Material Network

* Interactions
— Introduction of fluctuations

1 i,/ S i
g = £M+V z sjuj® Nlj
er¢¢

— Assume constitutive model in each sub-domain

0, = Gp(si(u'j); Zl) , fori = 0, ey Np -1

— Hill-Mandel Condition

Np—l
GM!5£M = Z V; Gi:5£i
i=0
[ R |
y. Z : ]O'i:(N|l. ®S 6u,j) =0
T4 - Vi J
t=0 er¢®

— Weak form is the interface equation

Np—l Np—l
. ZJ_oi-M;’.ds: s Nj; =0, forj=0,..., N -1
i=o “T; i=0
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Interaction-Based Deep Material Network

 Interactions | Np-1 Np-1
— Weak form Gl Nids = sto;-N|: =0, forj
| 5 j |
i= i=0
=0, N| —1

— With 0o, = O'p(si(u’j); Zl) , fori = 0, ey Np -1

* One-level two-phase interaction
— Strain tensors

1ls 1s
EA = €M - I}A‘N?u X° Np and €eg = g _%VLIV?“’ &Q° Np

— In linear elasticity the weak form becomes

Cv =(vaFa + (1.0 {va)C + (Ca — C) VA ®* [5¢ 'wa No) - Foa Na)l

+ Topology parameters to be defined G? = {va, Na}
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Interaction-Based Deep Material Network

Simple network of material nodes with interactions to Replace volume element

B solid phase 1 @ solid phase 2

(] Basic Node (] Composite Node |

oot A

Sy g
Saavlats! SR
KO0

9 Rt i

b

STy,

A
KPR

R

R
e

£l

7y
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s, SV 4
R AN
1S YAV, VaroAVavAvANREY
Eravar bl SaSiTiATaioay

 Elasticity tensor
- From material tensor evaluation C(Nf) = FUN (l, Co, C|, gz(N{‘))

* Requires
c(N,) = FUN(1+1, €, €, G2(NZE,))

C(NZSY) = FUN (1 + 1, €, €, G2(NZ1))

_ Recursively Cyy = FUN (l =0, Gy, C, gZ(NS))

z(L‘l)—1)

G2(N3), G2(ND), G2(ND), ..., G2 (N2

« Micro-structure topological parameters
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Interaction-Based Deep Material Network

« Testing of Interaction-Based Deep Material Networks
— Six micro-structure realizations E E
Six IB-DMNs to be trained in linear elasticity ) )
1 1 1

+ For each micro-structure new set of topological parameters (4 v|=0.34; (b)v|=0.38; (c)v=0.45;

{52, g2, 62D, .., 62 (N2} m @ @
— Testing on complex elasto-plasticity 2 2 2
t L L

« Non-associated pressure-dependent plasticity
« Extrapolation in terms of loading path
« Extrapolation in terms of constitutive model

(d)vj=0.47; (e)v;=0.52;  (f)vj=0.58

— DNS, DMN: ---- Level 4 ---- Level 5 ---- Level 6
SVE1 SVE2 SVE3
200 200 200
100
© 04 : :
S 100 1.05 1.10
x SVE4

1.00 1.05 1.10 1.00 1.05 1.10 1.00 1.05 1.10
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Parameter Reformulation of Interaction-Based Deep Material Network

« Reformulation of parameters G2 = {vp, Na} at node N¥

— Normal Np(NK) from angles 6,(N¥) and 6,(Nf)
Level: 0

0, = 21wy, (N), 6, = mwa, (N) PR ) 2

[ wo, (NE), we, (NE) € 10, 1) T A

— Volume fraction va (Nf)
1) “Yellow” Node at level [ = 0:

U|(N8) = v| and Uo(Ng) =1 — v known

vaA(ND) = wyo(Ng)vg(Ng) + wy (NG vy (NY)
/S

‘UB(Ng) =1.0 — UA(Ng) VA q
/V
0 @ solid phase 1 8 Solid phase 2
{1% h (] Basic Node (] Composite Node |
2) Recursively for “Yellow” Node atlevel 0 < [ < L -
LINEANN
k k
— / WVO(Nl )’ WVI(Nl ) € [O’ 1) N12+1 124-1+

3) Basic “Green” Node at level L — 1:

vp = 1.0 — v|(N’L‘_1) and vg = v|(N’L‘_1)
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Parameter Reformulation of Interaction-Based Deep Material Network

« SVEs batch training
— New parameters T = {wg, (N}), wg, (Nf)} and 7 = {w,,q(N}), wy(N})}
— Train a generic DMN

« Random micro-topologies and volume fractions,
 Random phase properties

RN

~{Cy(cs. )
— New loss function in which vf is known for each SVE

Loss(Cuy, C )_liuc’CM«Cs, D= (G5, CF L vfi T, T
e ICm(C, CHI

n
s=1

 ldentify the generic DMN parameter I_Bn 13\,

where T, = sigmoid(Pp, ) and Ty = sigmoid(Py )
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Stochastic Interaction-Based Deep Material Network

« Perturbate generic DMN
- Jn, 7y define a generic deterministic DMN with volume fraction v; as input

— We can perturbate the parameters 7,7, to have a stochastic DMN
) ) —— Beta(2.5), b=0.5
~ 3+ —— Beta(5), b=0.75
Pn = (1+ 0P, § = 2b(x — 0.5) > =L
_ _ z,]
y~Beta(a) 8
L

Py =(1+80OPk

—-0.75 —0.50 —0.25 0.00 0.25 0.50 0.75
3

- Tn = sigmoid(Pn) and Ty = sigmoid(Py)
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Stochastic Interaction-Based Deep Material Network

« Perturbate generic DMN
Ph=(1+80P, P, =0+0OPR §=(—0.5) x~Beta(2.5)

Level=5 [ DNS WS DMN

level=5 — DNS -~ DMN
vi: 0.3~0.35 vi: 0.35~0.4 vi: 0.4~0.45 vi: 0.3~0.35 v): 0.35~0.4 vi: 0.4~0.45
= 0.04

0.04+

200+ 2004 0.04 1

0.024

1001 100 0.02 0.02
>
o 1 . . oY . . 04 . . | |
% 1.00 1.05 1.10 1.00 1.05 1.10 1.00 1.05 1.10 F 0.00 160 180 200 0.00 175 200 225 0.00 200 250
S v;: 0.45~0.5 v;: 0.5~0.55 v;: 0.55~0.6 % v: 0.45~0.5 v;: 0.5~0.55 v;: 0.55~0.6
300 1 I a 0.02

3004
0.0151

200+ 2001 0.02 4
0.0101
0.011 0.014

100 1 1001

0.005

| !
200 250 300

o

0.00-

0 0 0.00 0.000

1.00 1.05 1.10 1.00 1.05 1.10 1.00 1.05 1.10 175 200 275 250

200 250 300
Pxx MPa

£=15(y—05) y~Beta(5) f=(x=05)  y~Beta(10)

Level =5 Wl DNS mam DMN Level=5 | DNS W DMN

v;: 0.3~0.35 vi: 0.35~0.4 v;: 0.4~0.45 v;: 0.3~0.35 v: 0.35~0.4 v;: 0.4~0.45
0.04 1 0.06
0.04
0.04 0.06 1
' 0.041 0.041
1 0.04 -
0.02 0.02 | 0.02
. J 0.021
0.021 0.02
> >
e =
= 0.00 0.00- 0.00- = 0.00- 0.00- 0.00-
a 160 180 200 175 200 225 200 250 ﬁ 160 180 200 175 200 225 175 200 225
.g v;: 0.45~0.5 v;: 0.5~0.55 v;: 0.55~0.6 '8 v;: 0.45~0.5 v 0.5~0.55 v 0.55~0.6
e 0.02 & 0.041 0.04
o 0.02 1 ' 0.034 '
0.024 0.02 1
0.011 0.014 0.02 1 0.02+
0.014 - 0.01- -
1 i ] 0.00 - 0.00- 0.00 -
0.00 200 250 300 0.00 250 0.00 200 250 300 350 175 200 225 250 220 MP 250 200 225 250 275
xx MPa

200
Pm(MPa

« We still need to find a proper way to infer the perturbation
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“Image to IB-DMN” framework

Stochastic Interaction-Based Deep Material Networks
— How to link the parameters T = sigmoid(Pp) and 7y, = sigmoid(Py ) to a given micro-

structure realization without _requiring a new training_ for a new micro-structure
— When separation of scale not satisfied Iy >> Igyg~Im

RN

+ For the same volume fraction v| the response depends on the micro-structure realisation
J Can we interpolate the IB-DMN in terms of the micro-structure?

— Composite response also depends on the inclusions shape

3R W

__ Can we handle different inclusions shapes at the same time?

LIEGE Advances in Applied Mechanics 2026, 5-9th January 2026 - Meloneras 13
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“Image to IB-DMN” framework

« Prediction of topological parameters 7, = sigmoid(Pp) and 7y = sigmoid(Py )

— Volume fraction v, already extracted

— Pp & Py represent the micro-structure organisation |_ » to be predicted from images
« Trained Convolutional encoder-decoder: encoder predicts a features vector from image

» Trained Feed-forward neural network: predicts topological parameters from features vector

I I
I Y Y |
I o\ ‘e o T I
: oL@ rL|: o — ﬂeep material network\ :
I ces tee P I
: ° ‘(‘ O)i !
| Image to IB-DMN ~ Co, €, vi — \ ! Y, i

B oom e e o mmm e e e e e e mmm mmm e e Mmm Mmm M Mmm Mmm mmm e M Rmm M e M M M M m MmO
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“Image to IB-DMN” framework

« Prediction of topological parameters 7, = sigmoid(Pp) and 7y = sigmoid(Py )

— Convolutional encoder-decoder

* Inputs: Reference images ]
I

from SEM analyses I

» Output: reconstructed :
image :
|

I

|

I

» Trained with 10,000
reference images

Reference testing images Predicted images by decoder

Once trained, the encoder gives a features vector of a micro-structure image

‘E > H\EE'IE Advances in Applied Mechanics 2026, 5-9th January 2026 - Meloneras 15



“Image to IB-DMN” framework

Prediction of topological parameters 7, = sigmoid(Pp) and 7y = sigmoid(Py )

— Feed forward neural network K

Input: features I
vector of encoder ::
Output: topological ::
parameters T & Ty, ::
representing the ::

micro-structure \
Trained so that the

IB-DMN predicts the
elasticity tensor of DNS

DMN: o Level 4 o Level 5 o Level 6
Coooo Coo11 Cooo1
61 8 4 P
® | 0.1 i
21 0.0y,
52 —01{
e , : . , —
o 2 4 6 2 4 -0.1 0.0 01
5 Cun 0.2 Cuo1 Coio1
=6 g8 '
5
44 1.01
2 —02].
2 a 6 02 0.0 0.2
DNS reference
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“Image to IB-DMN” framework

Stochastic IB-DMN prediction

— Cyclic loading case

" )

. /4

New micro-structure realisation
Non-linear phase material model

2001
o
s 9
cg —— DNS
2004 / /S Level 4
----- Level 5
----- Level 6
—4001, i : :
0.95 1.00 1.05 1.10
Fxx
a2
Image to IB-DMN :
4 4 I
4 o
ouie Al D, . N
o) Deep material network I
.. DAL, |
A E Y - |
e o= |
|
@ I
I
I

P, = PP(F; Z),vi —

LIEGE
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“Image to IB-DMN” framework

* Multiple-composite family “image to IB-DMN” framework

— Train the encoder-decoder & the feed-forward neural network considering all
realisations at the same time

AAAAAA

|

I I
1 ® |
| ® ® T I
| eee 2N I
I o4\ @ rL|: 0 g Gaep material network\ I
I see I
| oo "L 8T /O(‘)\ |
I e ~ I
! °—e 2 — = Cu,
l ® ‘g ) l
| I
Image to IB-DMN  Co, C,vi —

| mag - )
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“Image to IB-DMN” framework

* Multiple-composite family “image to IB-DMN” framework

2
L

150- e
100- y
F ri
&  50- /
= é
S /
_ED— /
. |/ —— DNS
{E'{._-;x"’ --— Level 5 100 f_"f e Level 5
—3001 . . . —150L— . . .
0.95 1.00 1.05 1.10 —0.05 0.00 0.05 0.10
FXX F)ffr’
200+ /"”‘J: = 150 #J_H,ff"’ﬁ
100+ / / 100 Ve 7
&
S /7 g 50
=
= = i
2100 / &
}.4' —501
—2007 / —— DNS Loo —— DNS
. 100
_300. gﬁ;f* ————— Level 5 L™ Level 5
0,95 1,00 1.05 1.10 —0.05 0.00 0.05 0.10
IF.KX F){'r’
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