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What is Machine Learning/ Al?

Artificial Intelligence:

Mimicking the intelligence or
behavioural pattern of humans
or any other living entity.

Machine Learning:

A technique by which a computer
can "learn" from data, without
using a complex set of different
rules. This approach is mainly

based on training a model from
datasets.

Deep Learning:

A technique to perform
machine learning
inspired by our brain's
own network of
neurons.
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VLAAMS
SUPERCOMPUTER
CENTRUM

(8

Vlaanderen

is supercomputing

| KU LEUVEN



Learning from Data

Understanding optimal coordinates in data
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Big Data Requires Automated Analysis

In the last century, you could publish your observation data as
a part of your manuscript and analyze them using pen and

paper.
e Recent projects might generate Petabytes of data that needs

to shipped across the globe.

°

CHIRP (Continuous High-resolution Image Reconstruction using Patch priors) is
a Bayesian algorithm used to perform a deconvolution on images created in radio astronomy. The

acronym was coined by |lead author Katherine L. Bouman in 2016
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https://en.wikipedia.org/wiki/Bayesian_inference
https://en.wikipedia.org/wiki/Algorithm
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ML Applications in science: Detection of events

Solar Data Volume Growth
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" Machine learning in magnetogram prediction
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7 Smart checkpointing: compressing saved sims
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Subgrid closure
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° Using surrogates for extreme value analysis

Training Set

Validation Set Training Set

ﬂ‘ Ensemble simulation of physics-based GCM with N walkers
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10 Physics-informed neural networks: A deep learning framework for solving
forward and inverse problems involving nonlinear partial differential equations
M Raissi, P Perdikaris, GE Karniadakis - Journal of Computational physics, 2019 - Elsevier

.. We introduce physics- informed neural networks — neural networks that are trained to solve

superwsed learning tasks-white-respecting any given laws of physics described by general ..
¢ Save 99 Cite’ Cited by 22022 )Related articles All 9 versions

Forward Problem: Inverse Problem:

Exact pressure

Predicted pressure

ur+MN[ul=0, xeQ, tel0,T]

MSE = MSE, + MSE

Ny
1 § : i i 12
MSEu= N_ |U(tu,xu)—u | , x x
u .
i=1 Correct PDE Uy + (utiy +vty) = —px + 0.01(uzy + Uyy)
Ny Uy + (uvy + vvy) = —py + 0.01(vgs + Vyy)
. 0.999(uu, = —p, + 0.01047 (1,
MSE ¢ = |f (tl xl )|2 Identified PDE (clean data) ue + (utg +vuy) Pz + (Uzz + Uyy)
f = Nf frrfll - v + 0.999(uvy + vuy) = —py + 0.01047 (v, + vyy)
: 0.998(uuy = —pz + 0.01057(wyq
=1 Identified PDE (1% noise) a (utg +vuy) Pzt (e + tuyy)
vt + 0.998(uvy + vvy) = —py + 0.01057 (Vg + Vyy)

M. Raissi, P. Perdikaris, G.E. Karniadakis, Journal of Computational Physics 378 (2019) 686—707.
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The model hierarchy in collisionless plasmas

« Kinetic Modelling, Particle in Cell (PIC)
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Integration of Maxwell’s
¢ Equations on the Grid

11 S. Markidis, G. Lapenta, Rizwan-uddin, Mathematics and Computers in Simulation 80 (2010) 1509-1519.
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models (operational (17) and operational soon (5))

Magnetosphere models:
« GUMICS- 4/’

EUHFORIA“ | ,
- ICARUS -

SEP dels :
S spﬂ;xes « BPiM (Plasma sp

« NARMAX-SNGI (Kp + Dst)
» Dst, Kp, magnetopause stand-off

Solar cordﬁ; ‘models: ,
e  Multi-VP ~ « PARADISE (/ PARASOL?)

«  Wind-Predict :
: distance
+ EUHFORIA-corona (WSA) S

+ COCONUT \ S Y + DICTAT & IMPTAM
+ COCONUT-TDmM/RBSL S ~+ CTIP.extended

www.nasa.gov


http://www.nasa.gov/
http://www.nasa.gov/
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Problem: How are particles energized in magnetospheres? §
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G. Lapenta, D. Schriver, R.J. Walker, J. Berchem, N.F. Echterling, M. El Alaoui, P. Travnicek, Journal of
Geophysical Research: Space Physics 127 (2022) e2021JA030241.
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From kinetic to fluid: moment closure problem

Conservation of mass: Dol EOS = = I,

0ps B

Conservation of momentum:

oV >
pa| 5+ (Ve VIV, ) ==V P+ ng(E+V.x B) 2%

T = / (v —V)(v—V)fsdv; o
4 | 8 n_ [cm™] 112
Q; =m; /(’U — V) ('U — V) ('U — V)fsd'v- Empirical evidence for pressure
equation of state in-situ

B.A. Wetherton, J. Egedal, A. L&, W. Daughton, Geophysical Research Letters 46 R T

(2019) 6223-6229.
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Magnetosheath simulation of 2D decavina turbulence

2048x2048 I

FCNN (Fully Convolutional Network)
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. .. . . Fields to Particles Particles to Grid . .
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Hybrid PIC (Menura) with electron closure

C++ » - CUDA C++

e + i modelled as particles i: particles; e: neural fluid
60 P = PNN(neaveaB)
P—-G'V.-P
B—>G'B
10 E _> g]‘ E 10 4
Fully Kinetic PIC Hybrid PIC with neural closure
Computation time: 3 days on 128 nodes Computation time: 30 minutes on 1 node
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Generalization to 5000 particles/cell
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Online stability: Online training
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H. Frezat, J. Le Sommer, R. Fablet, G. Balarac, R. Lguensat, Journal of Advances in
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__Interpretabilitv: Svmbolic and Sparse regression

(al) Randomly sample PIC simulation data (lab-frame data) (bl) Lorentz boost lab-frame data in random directions
t - t -
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P x 5 P x
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Main limitations: when to be careful

« Poor quality of data
 Out-of-distribution (OOD)
* Rare events

* Interpretability vs Explainability

Output =04 Output =04
1
Age =65 —» Age =65
Sex=F 0. _
B Explanation Sex=F
BP =180 — +.1) BP =180
BMI =40 — BMI =40

Base rate =0.1 Base rate =0.1
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