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Disclaimer

| was never formally trained on Al/ML. My understanding is highly conceptual but backed by a
decade of empirical success. I'll focus on some of the most interesting developments | have seen.
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Take home messagekground

AThe best way | have found to understand Al models is as combination of an
encoder, a latent (embedding) space, a decoder, and a loss.

AThe lines between discriminative and generative models are very blurry and get
blurrier as models become larger and more complex.

Aln Heliophysics Gen Al tends to mask as discriminative (or is treated by
researchers as discriminative), it's healthier if we do it backwards.
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Take home messagplications

Ve

AFoundation models can potentially learn things from data that were never
nossible before. This week we'll release Surya, the first full resolution FM in
neliophysics.

AGANs enable interesting applications that enable data transformation outside of
direct observed distributions.

AReverse diffusion has a lot of promise to generate realistic generation of physical
processes and will likely dominate the field of generation in heliophysics.
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The best way | have found to understand Al models is as combination of an encoder, a latent
(embedding) space, a decoder, and a loss.
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How Al approximates mathematical functions
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Back-propagation Loss/optimization
function

Differentiable Model
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How Al approximates mathematical fjjactions

objective
function

Where do the physics go?

Back-propagation Loss/optimization
function

Differentiable Model

Latent Projection
Space Head

Encoder

Physical Latent
space physical
transformation space
I
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Al in physics decision chart
by Andrés Mufioz-Jaramillo

- Define your physics (1), input data
(2), and output data (3).
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label data Do you have annotated data Y, \ 4
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establish general empirical Is your input data Addhtranstovmer crmn/etc.s
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Would you like to... and outputs channels, or Dopplergrams? Rrel G (o) y

Yes

v

Add "SuryaFM" to your
encoder (4) and "projection
head" to your decoder (6)

Use Continuous Ranked
Probability Score (CRPS) to
estimate uncertainty (8)

... use Al as a tool for physical
inference?

1

. . Name your physics Find a generalizable
Is there a differentiable . g : " "
A p— Y variables in your latent Wit souTiets connection between your Add "transformer/cnn/etc.
gu:/data and vour ph sicgs7 es space (5) and name your y input data and your physical to your encoder (4)
y y phy ’ physics model in decoder (6) variables
No
. ... fill gaps in your physical Add "Neural Field" in your Use Last Layer Laplace
almavuot ?:ra gjod =gl domain or perform encoder (4) and "PINNs" to Approximation (LLA) to
y inversions? your loss (7) estimate uncertainty (8)




@'” Add "Siamese" to your
encoder (4) and decoder (6) Use self-similarity neighbors

and "Contrastive" to your to find and label data

Al in physics decision chart

by Andrés Mufioz-Jaramillo 055 @)

Instructions:

A
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- Define your physics (1), input data
(2), and output data (3).

- Follow the flowchart to fill the rest of
your design sheet.

I
|
|
|
I
D h dd ] I
o you have annotated data \ 4
~labeldate to train your model? J Yes l
START HERE ... establish general empirical Is your input data
S relationship between inputs Magnetograms, EUV
Would you like to... and outputs channels, or Dopplergrams?

Add "transformer/cnn/etc."”
to your encoder (4) and
"projection head" to your
decoder (6)

No

Yes

v

—Y

Add "SuryaFM" to your
encoder (4) and "projection
head" to your decoder (6)

... use Al as a tool for physical
inference?

Use Continuous Ranked
Probability Score (CRPS) to
estimate uncertainty (8)

Name your physics
variables in your latent
space (5) and name your

physics model in decoder (6)

Is there a differentiable
physical model conecting Yes
your data and your physics?

Would you like to ...

Find a generalizable

1

BN

AI may not be a good solution
for you

... fill gaps in your physical
domain or perform
inversions?

connection between your Add "transformer/cnn/etc."
input data and your physical to your encoder (4)
variables
Add "Neural Field" in your Use Last Layer Laplace
encoder (4) and "PINNs" to Approximation (LLA) to
your loss (7) estimate uncertainty (8)
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Add "Siamese" to your
encoder (4) and decoder (6)
and "Contrastive" to your
loss (7)

Swhi

Al in physics decision chart
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The lines between discriminative and generative models are very blurry and get blurrier as
models become larger and more complex.
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Is an Al training loop deterministic or stochastic?

Back-propagation Loss/optimization
function

Differentiable Model

Latent Projection
Space Head

Encoder
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Where Is the randomness In the training loop?

Back-propagation Loss/optimization
function

Differentiable Model

Latent Projection
Space Head

Encoder
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In Heliophysics Gen Al tends to mask as discriminative (or is treated by researchers as
discriminative), it's healthier if we do it backwards.
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Foundation models can potentially learn things from data that were never possible before. This
week we'll release Surya, the first full resolution FM in heliophysics.
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Andrés Munoz-Jaramillo (SwRI) Sujit Roy Johannes Schmude

Downstream applications: Development: Development:

A Shah Bahauddin (EUV; LASP) A Ata A. Asanjan (model training) A Marcus Freitag (model training)

A Daniel da Silva (3D Sun; GSFC) A Vishal Gaur (model training) A Johannes Jakubik (model training)
A Dinesh Hegde (Solar Wind; UoA) A Rohit Lal (model training) A Julian Kuehnert (model optimization)
A Jinsu Hong (Flares; GSU) A Amy Lin (data processing) A Theodore van Kessel (model training)
A Spiridon Kasapis (ARs; PU) A Kshitiz Mandal (model training)

A Ryan McGranaghan (Geo; JPL)

A Chetraj Pandey (Flares; GSU)

A Vishal Upendran (SW: SETI)

A Kang Yang (Segmentation; GSU)

Institutional Management : Berkay Aydin (GSU), Juan Bernabe-Moreno (IBM), Nikolai Pogorielov (UoA), Rahul

Ramachandran (IMPACT), Talwinder Singh (GSU), Campbell Watson (IBM). -



WhyHelioFM

Alt is impossible for the community to create complete duplicates of heliophysics
data.

AAI, coupled with big data, is expensive and out of reach of most of the
heliophysics community.

AHelioFM is an experiment to assess the viability and usefulness of paying for the
training of big complex Al models that can be reused extensively by any of SMD’s
communities.

AHelioFM is an opportunity to build common Al infrastructure that enables SMD
communities to take advantage of Al (regardless of Al expertise).
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R — swri.org

21



Selsupervision solves data annotation limitations

Loss/optimization
function

Differentiable Model

Latent Projection
Space Head

Encoder

(Or a pretext task)

This enables training models on vast amounts of data
(with lots of computational resources)
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Pretrained models can be used for many downst

Loss/optimization
function

Differentiable Model

Latent Projection
Space Head

Encoder

(Or a pretext task)

This enables training models on vast amounts of data
(with lots of computational resources)
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Pretrained models can be used for many downst

Loss/optimization
function

Differentiable Model

Latent Projection
Space Head

Encoder

(New task)

Only the projection head needs to be trained
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Selsupervision setup

A MSE
Loss/optimization
function
Differentiable Model
Fncoder Latent Projection Pretext
Space Head Task
A 4k x 4k A T
T d t
A 12 minutes cadence ME atvancemen
A Full mission A Visual Transformer
A 8 AIA Channels
A HMIVector
A HMI Doppler
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The power of attention

France is my home. | speak fluent . ..

Inputs



The power of attention

1533000 239994235688 4/8 ...

Input
Embedding

France is my home. | speak fluent ... |

Inputs



The power of attention

Positional
Encoding
Input
Embedding

France is my home. | speak fluent . .. ]

Inputs



The power of attention

France is my home. I speak fluent ...

France is my home. | speak fluent ...

France is my home. | speak fluent ...

France is my home. | speak fluent . ..

Relationship
Grammar

Linquistics

|

Multi-Head
Attention

—t

\.

J

Positional
Encoding

D
i

Input
Embedding

T

Inputs



Visual Transformer
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Preliminary results

Input 0: 2014-01-07 15:24




Preliminary results

Input 1: 2014-01-07 16:24




Preliminary results

Output 0: 2014-01-07 17:24 Ground truth 0: 2014-01-07 17:24




Preliminary results

Output 1: 2014-01-07 18:24 Ground truth 1: 2014-01-07 18:24




GANs enable interesting pplications that enable data transformation outside of direct
observed distributions.
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GANS

Loss/optimization
function

Generator Discriminator

Projection Synthetic Latent Projection Real or

Head data Space Head Synthetic

Loss/optimization
function
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Instrument to Instrument Translation Jaimetal 202)

4 Cycle Consistency s
A

S5
P
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Instrument to Instrument Translation Jaimetal 202)
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Deep Generative model that uses physical quantities t
retrieve solar magnetic active re =~ Chatterjee etal. (2025)

Generator

Latent Projection Synthetic
Space Head data

-_ N W ON B

GAN latent spaces are completely obscure and impossible to interpret
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Latent vector vs Physical parameters

Interpreting the Latent Space of GANs for Semantic Face Editing

Yujun Shen', Jinjin Gu?, Xiaoou Tang', Bolei Zhou'
'The Chinese University of Hong Kong  *The Chinese University of Hong Kong, Shenzhen

{syl16, xtang, bzhou}fie.cuhk.edu.hk, jinjingu@link.cuhk.edu.cn

Original Eyeélasses Gender Pose
Figure I: Manipulating various facial attributes through varying the latent codes of a well-trained GAN model. The first column shows the
original synthesis from PGGAN [11]. while each of the other columns shows the results of manipulating a specific attribute.

36v3 [cs.CV] 31 Mar 2020
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Calculatlon of PhyS|caI parameters

L4
- 5 r
- : .‘ o N o
:
v .
» '

..-...-
A Total unsigned flux. A Polarity orientation.
A Polarity separation. A Magnetic field gradient.
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Decision Boundaries on Latent Space

Generated Image

Physical
Parameters

Latent Space

Decision
Boundary
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Decision Boundaries on Latent Space

o Unsigned Flux
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Distilling property change

-PSEP+

. . r v
-’ v’
" M :

-PSEP (w/0 polarity flip)+

-PSEP (w/0 polarity flip and R change)+
- - o
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Reverse diffusion has a lot of promise to generate realistic generation of physical processes and
will likely dominate the field of generation in heliophysics.
® SOLAR SYSTEM SCIENCE & EXPLORATION
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To Too

Since we know how to destroy information, we cC:

Image degradation happens by the addition of noise while dimming the image

1 K3 EA K2

Back-propagation Loss/optimization

function
Noisy image
Information Differentiable Model
about the image
Number of stegs Latent Projection
of noise addition Space Head

A Noise pattern applied
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©SOUTHWEST RESEARCH INSTITUTE swri'org




T>o T

Generative Simulations of The Solar Corona Evolution
Diffusion : Proof of Concept Francisco et al. (2024)

Back-propagation Loss/optimization
function

Noisy image
Information Differentiable Model
about the image
Number of steps
of noise addition

Latent Projection
Space Head

A Noise pattern applied
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T 3o

Generative Simulations of The Solar Corona Evolution
Diffusion : Proof of Concept Francisco et al. (2024)

Back-propagation Loss/optimization
function

Noisy flare video
Information Differentiable Model
about the image
Number of steps
of noise addition

Latent Projection
Space Head

A Noise pattern applied
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To Too

Generative Simulations of The Solar Corona Evolution
Diffusion : Proof of Concept Francisco et al. (2024)

Back-propagation Loss/optimization

function
Noisy flare video
12 hrs of prior Differentiable Model
activity -
Number of steps Latent Projection
of noise addition Space Head

A Noise pattern applied
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To Too

Generative Simulations of The Solar Corona Evolution
Diffusion : Proof of Concept Francisco et al. (2024)

Back-propagation Loss/optimization

function
Noisy flare video
12 hrs of prior Differentiable Model
activity -
Number of steps Latent Projection
of noise addition Space Head

A Noise pattern applied
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Generative Simulations of The Solar Corona Evolution

Diffusion : Proof of Concept Francisco et al. (2024)
Label : 2, AR : 8195, Time : 2022-05-04 18:00:00
12 previous hours True next 12h Predicted next 12h
120 120 120
100 100 100
80 80 80
60 60 60
40 40 40
20 20 20
0 e e e AT 0 e e A Y 0 e N S
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STEREO-B
(2006-2014)

" SDO
/ (2010

L]
.....
-
L

STEREO-A
(2006-present)

Jarolirat a(20244pJB6 11 31



Solar 3D emission and absorption

Continuity

Back-propagation Loss/optimization
function

Differentiable Model

Latent Projection EUV
Space Head images

Encoder

Solar Radiative
emission & Transfer
absorption
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Metho&uNeRF

Based on Neural Radiance Fields (NeRFs; Mildenhall
etal. 2020)

Sun Neural Radiance Fields:
. Inputs: sampling along ray (x, y, z)




Metho&uNeRF

Based on Neural Radiance Fields (NeRFs; Mildenhall
etal. 2020)

Sun Neural Radiance Fields:
. Inputs: sampling along ray (x, y, z)
. Forward pass

@ Forward pass
for each point .

x8



Metho&uNeRF

Based on Neural Radiance Fields (NeRFs; Mildenhall
etal. 2020)

Sun Neural Radiance Fields:

+ Qutputs: @ e (X X”@?‘: >
-Emission coefficient BN N>
-Absorption coefficient >

Compute emission
and absorption  ;

Emission

Absorption




Metho&uNeRF

Based on Neural Radiance Fields (NeRFs; Mildenhall
etal. 2020)

Sun Neural Radiance Fields:
. Inputs: sampling along ray (x, y, z)
. Forward pass

. OUt UtS Forward pa V”‘Q\V
3 p | N @for each goi\;st‘ . .3. ‘ X8
-Emission coefficient S A

-Absorption coefficient

+  Integrate pixel intensity along ray

Emission

Compute emission
and absorption

Pixel value
(prediction)

Absorption

Compute pixel intensity
using radiative transfer




Method: SuNeRF

Based on Neural Radiance Fields (NeRFs; Mildenhall

etal. 2020)

Sun Neural Radiance Fields:

;. Optimization: match observations

Pixel value
(ground truth)

Pixel value
(prediction)

o
.
.
o*
.

>

Optimize to match #
observed pixel value

:

Absorption

Compute pixel intensity
using radiative transfer

Forward pass

-

Emission

\ =</
@for each point . .ﬁ' ' X8

Compute emission
and absorption  ;







A new perspective on coronal holes

STEREO-A
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