Examples and Emerging Topics of
/ ~ Discriminative Models W

Heliophysics Summer School, 16 August 2025

: P~ | S g \, gibe N RS 9 e
s “/' ; "v_"” 3 ; 1l » g &, .' -——_7_;_ > . ‘ C.
NASA Jack Eddy Fellow, CPAESS v g
(T - High Altitude Observatory, NSF NCAR
NSt I B NCAR il =~ |::1: | }

This material is based upon work supported by the National Center for Atmospheric Research, which is a major facility sponsor ed by the National Science Foundation under Cooperative Agreement No. 1852977.



Goals

A Understand how ML addresses key
Heliophysicghallenges

A Learn how to frame scientific question
as ML problems

A ldentify suitable ML tools and data
preprocessing steps

A Recognize strengths/limits of
discriminative approaches

A Understand physiebased loss function
and hybrid approaches

A Learn how Al methods enable data
driven modeling and simulation in
Heliophysics




Heliophysics Challenges Overview

A Observational challenges A Physical complexity
I High data volumes from multi -instrument I Multi-scale, nonlinear processes
missions i Coupling across systems (Sun|N
A Remote sensing data HeliosphereNGeospace)

(filtergrams, spectrographic data)

| A Operational needs
A In-situ measurements

A Wide range of spectral-band I Space-weather forecasting and

i Missing or incomplete data: only a fraction ) mitigation |
is observed I Realtime data processing




Supervised Training - Neural Networks

A Machine learning tries to find a mapping between the input data
and output labels.

A Neural Networks are general function approximators

i Consist of a large amount of parameters

i For a sufficiently large NN an arbitrary complex mapping between input-output pairs
can be found
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Supervised Training - Neural Networks
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. . MNIST

A Example: Classification LR,

I Input can have an arbitrary representation
I Output is represented by a probability

container shi
A Heliophysics can directly profit from recent e

advancements in computational science

Madagascar cat
convertible agaric dalmati squ | monkey
grille mushroom spider monkey

pickup jelly fungus elderberry titi
beach wagon gill fungus rdshire bullterrier indri
fire engine || dead-man’'s-fingers currant howler monkey

(from Krizhevsky et al. 2012)

xE "‘a"’*-
INSF NNCAR




ML Opportunity

A Advantages:
I Short inference time, even for complex tasks
I Can handle multi-dimensional data

i Can learn complex patterns
(identify shapes and structures)

I Inherently probabilistic
I Per default statistically evaluated/tested
I Typically stable and robust (within the trained domain)

A Shortcomings:

I Large amounts of data required

I Often neglects physical understanding
data vs physics A black box

I Hyper-specialization prevents extrapolation

A Training ML models is not hard,
but defining the task right and preparing the data is
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Heliophysics Challenges Overview

Supervised training

A Eeretasting (Space-weather impac
I How do space -weather events impact Earth?
uirement for real-time

Bata processing ML is just a tool to address
.. > these challenges

I Image enhancement

A Stellar and Planetary connection




Toolbox Review

A Tasks:
i Classification: "@oft) 1 cdw
I Regression: ") ' ety
i Segmentation: "M rr N C&O | iR
i Data transformation: "®w) e

A Data: °:.o.:3;.:é..so'so TR :: b i
i Time series (1D) o
i Images (2D)
I Video sequences (3D)
I Extracted features (1D)

A Models:
I Classical Approaches (e.g., thresholding, linear fit)
I ML: Support-Vector-Machine, Random Forest, etc.
i Deep Neural Networks (Multi-Layer-Perceptron)
i Convolutional Neural Network
I Transformers Segmentation

versus 02F

Regression Classification

Wiy

INSFT | “\NCAR




Case Study: Solar Wind

A Science application: 8
I Forecasting of extreme events o] - 1000

Solar Wind parameters
. 5 g
A Geomagnetic storms R 50 5
.. .. . £ 40 - 600 50%
I Understand the origin of the solar wind S g J»._LJ ) F:J" N o 3
I Understand physical processes that . ' - o
drive the solar wind L ol ﬁ“ e
A What to predict? sﬁ %\uwﬁﬂ Ww :
= | 4"
i Solar wind velocity 0 —e et 105
i 07 _ o-
i Dst 5
—40
A How to address this challenge? 4 —
eomagnetic indices
I Classification? 0 80
. = - 60
I Regression? = 200 40 &
i Segmentation? o N
I Data transformation? P oY e e e e e
I Modeling?

. OMNII data - May 2024 event from Pierrard et al.
I Other? y




Case Study: Solar Wind

A Classical approach
I Empirical relation
A Regression

I Time series prediction

T Convolutional Neural
Network

I Attention can highlight
relevant regions

A Classification

I Wind categories

. T : S
i Probabilistic A i ol
uncertainty estimate

A Modeling
i ENLIL, EUHFORIA, etc.

SDO/AIA-193 A
4 -

p

CR2111-2114

What is the easiest approach to forecast solar wind speed?
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Case Study: Solar Wind

A Classical approach
I Empirical relation
A Regression

I Time series prediction

T Convolutional Neural
Network

I Attention can highlight
relevant regions

A Classification
I Wind categories

I Probabilistic A uncertainty
estimate

A Modeling
i ENLIL, EUHFORIA, etc.

xE "‘a"’*-
INSF NNCAR

o

g
o
o
S
<
-
)

357.72 km/s  Observed speed

668.00 km/s  Predicted speed =

708.24 km/s  Observed speed

-]
2
8
]
3
=

-]
2
&

Solar Wind Speed forecasting

Grad-CAM attention maps for
more interpretable forecasts

Prediction done for: 2012-06-02
Day: 2012-05-27 Day: 2012-05-28 ay: 2012-05-29 Day: 2012-05-30

Day: 2012-05-27 Day: 2012-05-28 Day: 2012-05-29 Day: 2012-05-30

Prediction done for: 2012-06-05
Day: 2012-05-30 Day: 2012-05-31 Day: 2012-06-01

Day: 2012-06-01 Day: 2012-06-02

From: Upendran et al. 2020
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(c) Coronal mass ejection, March 2012. (d) Coronal hole, December 2016.

From: Brown et al. 2022




Case Study: Solar Wind

00 red = coronal-hole plasma
green = streamer-belt plasma
purple = sector-reversal region plasmg H H - Al
. lue = eject 4 category classification: ejecta, coronal
A Classical approach = toward = hole origin plasma, streamer belt origin
i Empirical relation E K.’ \\)j sector plasma, and sector reversal origin plasma
5 400 '
A Regression > ‘ § |
St From: Camporeale et al. 2017
I Tlme Serles predICtlon top|§ow:GP>0.5categorI%atlon =
| CO nVO|ut|0n a.l Neural ' middle%row: GP>03 Fategou;zation ) |
Network A |
i . bon?[rl row: X+B categorizaﬁ-c_m e

I Attention can highlight
. Day of 2006
relevant regions

A Classification
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Pipel

A Modeling I e i

'I' E N L I L El I | | F O R IA etC 2012-04-01 2012-04-15 2012-05-01 2012-05-15 2012-06-01 2012-06-15 2012-07-01 2012-07-15
1 7 "

“I I | I I I l III Il From: Rudisser et al. 2022

2012-04-01 2012-04-15 2012-05-01 2012-05-15 2012-06-01 2012-06-15 2012-07-01 2012-07-15




Case Study: Solar Wind

2003-10-24 02:00:00

Probabilistic forecasting of
Dst<-100 nT 24hr ahead based
on observations from SOHO

A Classical approach
I Empirical relation
A Regression

I Time series prediction

T Convolutional Neural
Network

I Attention can highlight
relevant regions

A Classification
I Wind categories

I Probabilistic A uncertainty
estimate

A Modeling

I ENLIL, EUHFORIA, etc. From: Hu et al. 2022




Case Study: Solar Wind

/ Temporal Encoder \
—

A Classical approach

i Empirical relation
A Regression

I Time series prediction

I Convolutional Neural
Network

I Attention can highlight
relevant regions

A Classification

LSTM Cell 2 LSTMCell 2f—>» ...

Decoder N

Probabilistic
forecasting of Kp
index using
gl SDO/AIA data

Kpmax,2an (t +7d)

Rescaled

spatial features

10 x 1024

Linear

ELU +
dropout

/

i Wind categories
i Probabilistic A uncertainty 5 =t ;
estimate 8
A Modeling ‘ ——
I  ENLIL, EUHFORIA, etc. From: Bernoux et al. 2022
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Case Study: Coronal Holes

A Science application:
I Statistical studies
I Solar cycle study of solar magnetism
I Forecasting A fast solar wind streams

I Comparison to magnetic models
A open magnetic flux problem

A How to address this challenge?
I Classification?
I Regression?
I Segmentation?
I Data transformation?
I Modeling?
I Other?
A What data/labels do we need?
I EUV observations?
I Magnetograms?




Case Study: Coronal Holes

b) = nal Hole Contrs with AIA 19 Image C) a c l-ll Mat .
A Image segmentation e s e
i Thresholding | . B 1.
I Clustering iw § _
i CNN : =
i Multi-channel relations Eoo §w

A Classification

I Threshold segmentation + ML £ i i S
.o . 400* 200° o 200* 400* 400 200" 0* 200° 400"
classification Hokcorlacivs Lonohude Scmr farcsct Hetsorieciv Langmude e X idna From: Jarolim et al. 2021
i Image Patches From: Reiss et al. 2021 '2010-05-13-

A Modeling
I PFSS extrapolation

s

Y (arcsecs)

SDOJ/AIA 193 30-Jul-2012 | 900"
R T P S From: Reiss et al. 2015




Case Study: Coronal Holes

A Image segmentation

I Thresholding

I Clustering

I CNN

I Multi-channel relations
A Classification

I Threshold segmentation + ML
classification

I Image Patches

A Modeling
I PFSS extrapolation

From: Jarolim et al. 2021




Case Study: Coronal Holes

A Image segmentation

I Thresholding

I Clustering

i CNN

I Multi-channel relations
A Classification

I Threshold segmentation + ML
classification

I Image Patches

A Modeling
I PFSS extrapolation

From: Jarolim et al. 2021




Case Study: Coronal Holes

A Image segmentation

I Thresholding

I Clustering

i CNN

I Multi-channel relations
A Classification

I Threshold segmentation + ML
classification

I Image Patches

A Modeling
I PFSS extrapolation

PHOTOSPHERIC FIELD
SINE LATITUDE
PHOTOSPHERIC FIELD
SINE LATITUDE

HE 1 10830 A
SINE LATITUDE
HE 1 10830 A
SINE LATITUDE

OPEN FIELD REGIONS
SINE LATITUDE
OPEN FIELD REGIONS
SINE LATITUDE

0 90 180 270 360

From: Wang et al. 2006




Case Study: Coronal Holes

SOT Ha 2011-02-15 01:54:34 SOT Ha 2011-02-10 13:48:53 SOT Ha 2016-01-06 18:50:13 SOT Ha 2010-09-26 08:49:39
260 -

A Image segmentation
i Thresholding |
i Clustering —
I Multi-channel relations
A Classification - .
I Threshold segmentation + ML
classification

AIA 1600A 2013-01-01 12:00:16 AIA 1600A 2013-01-01 12:01:28 AIA 1600A 2013-01-01 12:28:40
350 S 350 8 xR 350 NN

I Image Patches

A Modeling
i PFSS extrapolation
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Case Study: Virtual Instruments

EVE MEGS-A EVE MEGS-B
A SClence ap pl |Cat| on: q,".? o Fe)I(VIII Fe XX F?;(eiﬁxw Fe XVFe XVI MIU\
BLE o) | !
i Consistent spectral irradiance across ~— §2t ... | m |
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- SAEES ] PSR

multiple solar cycles

T MEGS-A onboard SDO was active from
2010to 2014

T MEGS-A instrument malfunction in 2014 b M0,
AlA 193
A How to address this challenge? =
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From: Szenicer et al. 2019




Case Study: Virtual Instruments

A Linear Regression?
A Convolutional Neural Network?
A Both!

i achieving a median error of 1.6%
across MEGS-A lines

I Canreplace the MEGS-A
Instrument

I But! Not trained for flaring time

A See also:
Tremblay et al. (2024) andIndaco et al. (2024)

AIA EUV channel inputs

94A

Residual CNN

MEGS-A
irradiance

Irradiance
maps
14

From: Szenicer et al. 2019




Case Study: Virtual Instruments

A SDO-Autocalibration
(Dos Santos et al. 2021)

A EUV observations of SDO/AIA
are subject to degradation

A Calibration relies on sounding
rockets which are launched
iInfrequently

A Trained with random
degradations: degrade image
and predict the
A degradation correction
learned from spatial features
and multi-channel relation

May 13%, 2010

August 31, 2019

onvolution B 4
U ReLU 128
128

Model Architecture Example of Degradation

From: Dos Santos et al. 2021

Degradation
o o =

Modeled Degradation

2015-01-01 2015-01-01 2020-01-01
Time (UTC) Time (UTC)




A Science application:
'

Case Study: Solar Flares

The hHoly Grail
forecasting

Complex physics under sparse
observational constraints

Starts the chain of space -weather
effects

Can trigger immediate and severe
geoeffects

A How to address this challenge?

Classification?
Regression?
Segmentation?

Data transformation?
Modeling?

Other?

From: Nishizuka et al. 2018




Case Study: Solar Flares

A Classification

Classical ML approach
Deep Neural Networks
CNN A magnetograms

Interpretable flare
prediction

number of features from lowest to highest univariate score
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SHARP parameters for flare prediction using a Support
Vector Machine
From: Bobra et al. 2015




A Classification

Classical ML approach
Deep Neural Networks

CNN A
magnetograms

Interpretable flare
prediction

Case Study: Solar Flares

Input Convolutional Rectified Pooling Convolutional Rectified Pooling Fully connected Output
layer 1 Linear Unit 1 layer 1 layer 2 Linear Unit 2 layer 2

T - -

Provides 6, 12, 24, or 48 hr forecast for single LOS magnetogram (HMI+MDI)
From: Huang et al. 2018




A CIaSS|f|cat|on

Classical ML approach
Deep Neural Networks
CNN A magnetograms

Interpretable flare
prediction

Case Study: Solar Flares
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Detection of preflare signatures in spectral lines from IRIS
Mgll triplet emission, flows, as well as broad and highly asymmetric spectra

show importance
(Panos et al. 2023)
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Solar Flares

Case Study:

A Comparlson of models difficult

Different objectives
No unified test sets
Catalogs are not correct

Naturally Ghighy
regions

A High data volume

Frequently reduced to features,
magnetograms, or single images

A Can this even be solved?

Flux emergence happens over hours N
while forecasts are in the range of days

Flaring history is typically the best
feature for forecasting
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Case Study: Coronal Magnetic Field

A Science application: X1.5 flare - 2011-03-09 23:23:00

A How to address this
challenge?

Solar magnetic field only
observed in the photosphere

Energy build-up and release is
expected in the upper solar
atmosphere

Classification?
Regression?
Segmentation?

Data transformation?
Modeling?

Other?

SDO (AIA 131 A, HMI LOS magnetogram) i
12h @12 min cadence

A What data do we need?




Physics -Informed machine learning

Learn new physics

\ Small data Some data / Big data

Learn new data

Data

Physics

Lots of physics Some physics No physics

(from Karniadakis et al. 2022)




Questions and Discussion?

A Superwsed Training in  Heliophysics

Handles Data Volume Y Learns directly from massive observational datasets
Event Detection Y Automates solar wind, coronal hole, etc. identification
Forecasting Y Predicts solar wind properties and geomagnetic indices
Feature Extraction Y Finds complex patterns beyond human/manual analysis
Data processing A Acts as virtual instrument to support observations
Operational Use Y Enables near\real-time decision support for space weather




Example: Damped Harmonic Oscillator

A Sma” training data set Training step: 500
A Known physics --> PDE R

=== Neural network prediction

A Generic function vs specific solver g don
AL
N
e
100 A —— Exact solution 6\)Q
@ Taining data

075 1

050 1

025 1 Training step: 18000

0007 —— Exact solution
-0.25 1 === Neural network prediction

Training data

=050 1 Physics loss training locations
—0.75 1

Credits: Ben Moseley




Physics -informed neural networks

Supervised Training

Loss + Optimization

Prediction

Automatic Differentiation

T hp0 0

PINNS

T hRO

Boundary
Condition

Physical
Model

P
dax?

du
—Q—,u%—i—ku:()




Automatic differentiation

Multi-layer perceptron (MLP) 00y 6 w

Inputs  Hidden Hidden Hidden
Layer 1 Layer 2 Layer 3
Weights®w Weightsw Weights ®

Bias® Bias® BiasO

Credit: Ben Moseley (ETH Zurich).




Automatic differentiation

Multi-layer perceptron (MLP) 00y 6 w

Inputs  Hidden Hidden Hidden
Layer 1 Layer 2 Layer 3
Weights®w Weightsw Weights ®

Bias§ Biasd Bias0
0 o,(@) 6
5 6OF "0 0 B e b CrowR 1D

To  rora’l e

Derivative with respect to inputs

Credit: Ben Moseley (ETH Zurich).




NNs vs. PINNSs

PINNSs differ from other neural networks:

(Supervised) NNs PINNS
A Training/validation/test sets. A NO training/validation/test sets.
A Trained once and used to perform a A Boundary condition problem: The
general task. solution is (supposed to be) unique.

PINNs must be retrained for every single

A Optimization: Overfitting = bad! problem!

A Physics: None or implicit. A Optimization: Overfitting.

A Physics: Explicit NSupervised loss for

BCs & ICs, and unsupervised
regularization for PDEs.




Models in Heliophysics: PDEs

A Example of approximation/model: Magnetohydrodynamics (MHD) equations.

0
—Q—I-V-(Qu):0,

ot
Du 1 | 1
— =—-Vp-22xu+g+—NVxB)xB+-V- -1,
Dt 0 0 0 0
De |
D—t—l—(’y—l)ev-MZE[V-((X+Xr)VT)+¢V+¢B] ’
OB
— =V Xx(uxB—-nVxB).
ot
V-B=0,
p:f(Q?Ta"')a

from: Charbonneau (2012
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Models in Heliophysics: Numerical simulations

A Example: MURaM simulation of the Quiet Sun atmosphere (Rempel et al.).

Intensitygram "O(surface) Line-of-sight magnetogram® (surface) Line-of-sight magnetogramé (900 km)

-

- P N iia < 3 ' 4 R S

-

{NclB 1> 15 2.5, i
i »,._:'.'_‘_ é,{,ﬂ’:_ ‘”' 9 “,_"-.

Credit: M. Rempel




Models in Heliophysics: Finite differences/element/volume

A Approximating spatial & temporal derivatives using discrete data on a mesh:

W ’@cbl o o o o

Example - Divergence-free condition (on a stencil):

6 ((Q pzan@chaq) 6 ((Q p)zahecheq)

3> 18 (wohg o) o0 6 (3%)
¢ 6 o 6 (3¢h™Q p3a>®) 6 (3¢h™@ p zachq® , |
30 30 0(3w)
NMpe e 'e e e 5 (3afBafiQ p3d) 6 (3afBahiQ p 30) 5 ad
¢3a ‘

Qmne ® ® ® *—
MMmnQp Q¢ Qo w Bw

Example of mesh




PDE solvers vs. PINNSs

PINNSs act like PDE solvers, but with some differences:

PDE solvers

A Solution: Discrete; computed on a
mesh.

A Derivatives: Finite differences.

A Equations: Solved numerically
(simulation).

A Time: Marching forward in time of
solution (using finite differences).

PINNS

A Solution: Functional approximation;
continuous (no mesh).

A Derivatives: Smooth & continuous;
Perform well for high-dimensional PDEs.

A Equations: Residuals are minimized
(optimization problem).

A Time: Treated the same as spatial
coordinates; all times are solved
simultaneously (no marching).

A Do well with noisy data and incomplete
models

X -‘",f::*_
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Bur g eRassyetal.q201®)t 1 o n

A PDE for 6 oo :

6 66 ()6 man [ phplfon [ripls
A Initial condition (1C):

o(clo M OET @
A Boundary condition (BC):

6(w pw) o(w pw) T

A Sampling of points for training:
A Total of 100 points for IC + BC.
A Total of 10000 points for PDE.

u(t,
1.0
X Da.t.a (100 points) 0.75
0.5 0.50
0.25
8 0.0 0.00
—0.25
—0.5 —0.50
—0.75
—1.0
0.0 0.2 0.4 0.6 0.8
t
t=0.25 t=0.50 t=0.75

1 A 1+ 1 A
= =
£ 07 S0 < 0
= =

xIr
— Fxact == = Prediction

Top: Predicted solution along with the initial & boundary training data.
Bottom: Comparison of the predicted & exact solutions for 3
timesteps. Credit: Raissi et al. (2019).




2 2D MHD equnlbrlum
3. Earth's Radiation Belts Electrons
4. Spectropolarimetric inversions
5. Magnetic flux transport

6. Tomographic reconstructions
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Nonlinear Force~ree
extrapolations with PINNS

Jarolim et al. 2023
Nature Astronomy, Volume 7, p. 111179

Jarolim et al. 2024
ApJL963L21




Solar magnetic field

A

A

Magnetic field measured at X1.5 flare - 2011-03-09 23:23:00
photospheric heights

Understand the build -up and
Initiation of solar eruptions
requires estimation of the

3D coronal magnetic field
Nonlinear force -free (NLFF)
modeling is applied to
extrapolate photospheric
vector magnetograms
(Wiegelmann et al. 2017)

i ngo m(divergence-free) SDO (AIA 131 A, HMI LOS magnetogram) i
: U O T (force-free) 12h @12 min cadence
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Method NPhysics Informed Neural Network

A Solve boundary-value problem determined by PDEs
A Integrate observational data and physical NLFF model (Raissietal. 2019)

s

€@ sample points @) Forward pass @) Derivatives @) Optimize
™\ BB | V-B=0
Bx (VXB)XB=0
By
B,

B(xryr O) = BO(xry)
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Verification with analytical NLFF field

A Solution of the Low and Lou (1990) model
i Semi-analytical magnetic field An a|ytica|

I Test case for coronal magnetic fields
A Configuration from
Schrijver et al. (2006)
I Comparison of 6 methods
A Almost identical solutions to test field
for full boundary setting
i Deviation of magnetic field vectors p b

Testcase || Coee Cos E, E e oyx10°
Cl 1.00 1.00 1.00 099 1.00 1.99




Comparison to EUV observation

Field Lines 2011-02-15 00:00
2

% 2\
; 3 = >

A NOAA 11158

A Magnetic field line traces of the
central components of the active
region
I Central flux rope (pink)

I Secondary flux ropes (black)
I Eruptive structure (green)

AIA171




Simulation of time series

ATemporal evolution of energy
build -up and release

AJumps in free
magnetic energy
and helicity
relate to solar flares

AEnergy release
spatially aligns
with integrated
EUV emission
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