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Programme

* Whatis Deep Learning (DL) for Surrogate modeling?

* Which methods are used? What am | focusing on?
* Examples of large scale applications.

* ASSAS project.

* The future of the field and challenges.
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What is a surrogate model?

A subset of DL for Science is concerned with surrogate modeling

Fluid dynamics
Nuclear physics
Climate science

* Context: physical simulations —

” Solvers are expensive! ™ Build a simpler (faster to solve)
. (intime) / but still accurate model

TU Delft Surrogate model
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What is Deep Learning?

_____________________________
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In DL one overuses the term ‘mapping’

[ U A U U ———

 The main objective of Deep Learning is the approximation of functions (which we do not know)

fp is usually overparametrized
(by vector of weights 0)

y= fo(x) =Wix Hb}

Weights to be found!
(During training)
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y = fo(x) =‘9N O er °gz°g1(9lc)

Deep
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Why Deep Learning?

—

* Extremelyflexible

* Universal approximation theorem (?) — ¢ Scalability (to data)

* Better generalization

~—

* Approximation of fy is done in a data-driven manner (data from the simulations)

6 found during training by looking at ground truth

------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

-------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

\ Standard numerical solvers will never be beaten

in accuracy (?)
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What are the data used?

e

* Purely Supervised learning

C Data from simulations

There are 3 possibilities * Purely Unsupervised learning

C No data, uses equations from
PDEs/ODEs

e A mixture of the two

C Data + equations + known

1,-;U Delft properties of the system




Problem statement

 Time dependent, parametric and non linear PDEs

is a nonlinear (integro-) differential operator
is the boundary condition

is the solution

is the initial condition

is the variable on the boundary

is the vector of parameters

(N (s(x,t|w), %, t, 1) = g(x, 1, )

.: NICDOCQ @Z>

Learn the mapping

NB: is this a function?

|

Neural Operators

(s”(x, o), (X, t, ), ) — s(x, ¢ pe)
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Reduced Order Modeling (ROM)
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* Inmost cases, Reduced Basis methods —_— S(Xv t‘ﬂ) ~ E QA (ta [.L) Vi (X)
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 Gaussian Processes, Radial Basis functions, PCA

* Intrusive methodology vs non-intrusive methodology
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,‘ PDEs’ solution, image, medical record — Correlations, symmetries, noise...
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Reduced/Latent space

* In Proper Orthogonal Decomposition (POD) the vectors V. (x) are found using
Singular Value Decomposition (SVD) on the snapshot matrix

M = [S(X,tllll-l)| o |s(X, t ()] e [s(x t ) - - s(X E, ’”’N#)]

< * SVD gives the optimal basis (for a linear projection)
* Equivalent to finding a new vector basis with eigenvectors pointing
in direction of maximum variance

* The above mappingis linear! DL gives an handy way to compute nonlinear dimensionality reduction

C During the training an optimal latent space is found

* Arethere any desiderata for this very abstractvector? — P : Disentangled :
Interpretable rreeeeeessenessessessesnsssnnensesend =

f Q
TU Delft Very open and not well-defined area of research
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Encoder

AutoEncoder

Latent space
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Decoder

Output
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Supervised

* Reduced Order Modeling enhanced by DL
o POD for V,(x) followed by DL to predict ay,

* Sparse ldentification of Nonlinear Dynamics
o AutoEncoder + latent dynamics modeled
by pre-determined library of functions

* Neural Operators
o How to approximate an Operator

]
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Some of the available methods

Unsupervised

* Physics Informed NNs (PINNSs) (although not limited
to unsupervised) l

The known PDEs are used in the loss function
to drive the learning process
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Approximating the Solution vs approximating
the Operator

Approximating the Solution through Physics-Informed NNs (not the only way)

Define a set of collocation points {x;, t;}

®-0-0
O .
/' % ot t=t; ox T=Tj || 9
Ot |t=t, o -
- Plus initial conditions and boundary
conditions
‘ / ~ ‘ Through automatic ~ Leesee—n
differentiation o , S
(; s Here, the NN is approximating

TU Delft .. directly the solution s(x,t) !
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Approximating the Solution vs approximating
the Operator

Approximating the Operator through Physics-Informed DeepONet
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Neural Operators

« We want to model the mapping v:D — R% » 2D 3 R

 Forsimplicity,d, =d, =1

. JxJ J
« What if we apply a simple NN? » z=x~o(Buv+0b) with BeR>*, beR

--------------
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With J being the size of
¢ Then it is clear that the size of the NN dependson /] : the spatial discretization

.

*
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------
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Operator layer, generalization of the usual layer for mappings
between finite dimensional spaces to mappings between infinite dimensional spaces

(O0)(e) = 2() = ( [ kla.w) vy +gla) + Woa))

-I(-;U Delft k(z,y) : DxD — Ré=xdv g D — R%  K,gand W parametrized by NNs!
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Autoregressive or global?

How is the full spatio-temporal domain of the solution predicted?

Global approach Autoregressive approach
(s°(x, ), b, T) — s(x,t =T|p) (s(x,t|w), p, At) = s(x,t + At|p)
* Timeisused as an input parameter.  Atisusedto marchintime asin numerical solvers.

* High number of Neural Networks (NN) weights needed.| ¢ Previous state contains more information than IC.

* Difficult to generalize outside the largest T used in * Thefull temporal solution is obtained autoregressively
training. starting with the initial condition sV.

* There is accumulation of errors.

]
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Examples of large scale applications

PoOSEIDON: Efficient Foundation Models for PDEs
AURORA: A FOUNDATION MODEL OF THE ATMOSPHERE

Maximilian Herde", Bogdan Raoni¢l>", Tobias Rohner!, Roger Kippeli',

Roberto Molinaro!, Emmanuel de Bézenac!, and Siddhartha Mishra!?
Cristian Bodnar™ !, Wessel P. Bruinsma" ', Ana Lucic” !, Megan Stanley™ ',

Johannes Brandstetter™ *, Patrick Garvan', Maik Riechert', Jonathan Weyn?, Haiyu Dong? 1 . . . . .
Anna Vaughan', Jayesh K. Gupta® ', Kit Tambiratnam’, Alex Archibald", Elizabeth Heider', Seminar for Applied Mathematics, ETH Zurich, Switzerland
Max Welling", Richard E. Turner'-, and Paris Perdikaris' 2ETH AI Center, Zurich, Switzerland

Correspondence to herdem@ethz.ch

« Foundation model * Foundation model

« 1.3 billion NN’s weights * Training on small set of PDEs and

see how it generalize to others
 Cangeneralize to unseen physical
processes

* From 21 to 629 million NN’s weights

* 1to5 ordersof magnitude gain in speed

]
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ASSAS project

CODE developed by IRSN, severe accidents
simulator, various types of Generation |l reactor

SYSINT

Thermalhydraulics
in containment,
with gas combustion

Safety system ‘
management

- o f el 11 modules which manage different
Instantaneaous ‘ : { containment

virtual combustion
in containment

physics (some of them are coupled)

ISODOP

P Isotope treatment
SOPHAEROS | ° &activity
Aerosols behaviour
and fission products ),

(iodine, ruthenium..) = - . ) ELSA

chemistry Fission product release ‘

e —— S e [T A | |~ The objective is to create a ‘simulator’
ottt i - 7 O bt

in vessel lower head USing Surrogate mOdelS.

MEDICIS

Corium/Concrete
Interaction

s RUPUICUV

Corium entrainment
in containment

--------------------------------------------------------------------------------------------------------------------------

: The difficulty here is dealing with the operator actions
: that may cause discontinuities in the solution. :

0
-------------------------------------------------------------------------------------------------------------------------
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AutoEncoding and Neural ODEs

@
2.0 [ 2.0 :
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Time generalization

@ At/a Inference
@ At Training

7T('7 " At) 7T(.7 g AZ)

/T:f .:\
-y¥;
/ (-, -, At/

@ 7, At/a)

/
/

/
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Some examples

Initial Condition Prediction, t =0.05 5 Prediction, t=0.5 s Prediction, t=0.95 s

2D Shallow-Water Equations i
( Oys + Opsu + Osv = 0 -

-L
75 050 —025 000 025 050 075 100 1

Opsu+ 0, | uls + —g,s* | + Oyuvs = —g,50,b * " b "

< 2 Initial Condition Ground truth, t=0.05 s Ground truth, t=0.95 5

g

1
dysv + 0, v?s + B 9,:8° | + Oyuvs = —g,50,b
\ > o

-100
E - 0o 0. X X 00 -100 -075 -0.50 -035 000 025 050 075 100 -100 -D75 -050 -0.25 000 025 050 O
X X X X

Y
Z100 -0 -
U - N ET F N O P I N N N Initial Condition Lo Prediction, t=0.05s N Prediction, t=0.5 s
015 075 a5

5

Prediction, t=0.95 s

RMSE 86x1072 45x107% 1.7x1072
nRMSE (83x1072 44x1073 1.7x1072 } -
max error 44%x10°7 45x1072 1.3x10°3
cRMSE 1.3x1072 20x107%* 1.7x10°2 - -

bRMSE 42x107% 1.4x10™3 1.5x10! CoTTm e s e e s e
:['RMSE low 2.0 X 10_2 2_6 X 10_4 5.9 X 10_3 B Initial Condition Ground truth, t=0.055s Ground truth, t=0.5s Ground truth, t=0.95s
fRMSEmid 7.0x1073 3.1x107% 1.9x 1073
fRMSE high 8.6 x107% 25x107* 6.0 x 1074

Our nRMSE: 2.8 x 1073

10@ -0.75 050 -025 000 025 050 075 100 1Dﬂ -075 -050 -025 000 025 050 075 100 11)0 -075 050 -025 000 025 050 075 100 IDO ~075 -050 -025 000 025 050 075 100
X x X X
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Some examples

2D Molenkamp Test

[ Oys(x,y, tlp) +udys(z,y, tlp) +v0,s(x,y, t|w) + s s(z,y, t{u) =0

1

s(z,y,0lp) = iy 0.01#2 M@V () 0|p) = \/(fﬂ —a+5)? + (y = )’

\

5 parameters

]
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ome exalmnplLles

Initial Condition Prediction, t=0.05 s

Prediction, t=0.5s

Prediction, t=0.95 s

-025 -025

o
0.
o
o
050
0,

100
75
s0
25
00
75
100 -1.00

1.0 = 1
100 -075 -050 -0.25 000 025 050 075 100 100 075 -050 -025 000 0 5 075 100

X X X
Initial Condition Ground truth, t=0.05s Ground truth, t=0.5s

100 100 100
075 7 075

E 050 s 050
025 s 025

> 000 > > 000

s 025 025 025
-050 050 050 -050
s 075 s 075

1 . - 10 100 1.0

1.00
100 100 -075 050 -0.25 000 025 050 075 100 100 -075 -050 -025 000 025 050 075 100 -100 -0.75 -050 -025 000 025 075 100

X
Prediction, t=0.95 s

00 -075 -050 -0.25 000 025 050 075 100

X
Ground truth, t=0.95 s

X X X
Initial Condition Prediction, t=0.05 s Prediction, t=0.5s

-075 -075 -075 -075

100 -075 -0.50 -025 000 025 050 075 100 100 1.00 5 -0.50 -025 000 025 050 5 100 100 -0.75 0.5 25 0 0.50 5 100

X X X X
Initial Condition Ground truth, t=0.05s Ground truth, t=0.5s 1weGround truth, t=0.95s

100
075
050
025
000
025
050

-1 o -1
100 -0.75 025 000 025 050 075 100 1 75 ~0.5( s 025 050 5 10 5 ~0.5 5 5 100 -0.75 025 000 025 050 0I5 100

100

50
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Conclusions and future challenges

* DeepLearningin practice is useful in surrogate modeling because of speed, standard numerical
solvers will always be needed for accuracy ad data

 Can we gain more insights about the learned reduced representations, and what properties should they
respect?

* There are alot of methods available and it is often difficult to choose one orto understand why one works
better than another: can we find a unified framework for DL methods for PDEs?

 Data scarcity. Sometimes because of memory or time resources we cannot use a lot of data, especially
for large cale problems: how can we determine which data-points are most needed for an optimal training?

]
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Deep Learning (DL) for Science

In the last decade a lot of bridges between DL and Science
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My Background

 Bachelorin Physics at Universita di Milano-Bicoccain 2020.

* Joint Master of Science in Physics of Complex Systems at Politecnico di Torino
& Université Paris-Saclay in 2022.

* Started my PhD in 2023 in Deep Learning for Surrogate Modeling.
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