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Disclaimer

I was never formally trained on AI/ML.  My understanding is highly conceptual but backed by a 

ŘŜŎŀŘŜ ƻŦ ŜƳǇƛǊƛŎŀƭ ǎǳŎŎŜǎǎΦ  LΩƭƭ ŦƻŎǳǎ ƻƴ ǎƻƳŜ ƻŦ ǘƘŜ Ƴƻǎǘ ƛƴǘŜǊŜǎǘƛƴƎ ŘŜǾŜƭƻǇƳŜƴǘǎ L ƘŀǾŜ ǎŜŜƴΦ
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Take home message - Background

Á The best way I have found to understand AI models is as combination of an 

encoder, a latent (embedding) space, a decoder, and a loss.

Á The lines between discriminative and generative models are very blurry and get 

blurrier as models become larger and more complex.

Á In Heliophysics Gen AI tends to mask as discriminative (or is treated by 

ǊŜǎŜŀǊŎƘŜǊǎ ŀǎ ŘƛǎŎǊƛƳƛƴŀǘƛǾŜύΣ ƛǘΩǎ ƘŜŀƭǘƘƛŜǊ ƛŦ ǿŜ Řƻ ƛǘ ōŀŎƪǿŀǊŘǎΦ
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Take home message - Applications

Á Foundation models can potentially learn things from data that were never 

ǇƻǎǎƛōƭŜ ōŜŦƻǊŜΦ  ¢Ƙƛǎ ǿŜŜƪ ǿŜΩƭƭ ǊŜƭŜŀǎŜ {ǳǊȅŀΣ ǘƘŜ ŦƛǊǎǘ Ŧǳƭƭ ǊŜǎƻƭǳǘƛƻƴ Ca ƛƴ 

heliophysics.

Á GANs enable interesting applications that enable data transformation outside of 

direct observed distributions.

Á Reverse 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 I have found to understand AI models is as combination of an encoder, a latent 

(embedding) space, a decoder, and a loss.
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How AI approximates mathematical functions
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The lines between discriminative and generative models are very blurry and get blurrier as 

models become larger and more complex.

15



Is an AI training loop deterministic or stochastic?
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Where is the randomness in the training loop?
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In Heliophysics Gen AI tends to mask as discriminative (or is treated by researchers as 

ŘƛǎŎǊƛƳƛƴŀǘƛǾŜύΣ ƛǘΩǎ ƘŜŀƭǘƘƛŜǊ ƛŦ ǿŜ Řƻ ƛǘ ōŀŎƪǿŀǊŘǎΦ
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Foundation models can potentially learn things from data that were never possible before.  This 

ǿŜŜƪ ǿŜΩƭƭ ǊŜƭŜŀǎŜ {ǳǊȅŀΣ ǘƘŜ ŦƛǊǎǘ Ŧǳƭƭ ǊŜǎƻƭǳǘƛƻƴ Ca ƛƴ ƘŜƭƛƻǇƘȅǎƛŎǎΦ
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Why HelioFM?

Å It is impossible for the community to create complete duplicates of heliophysics 

data.

Å AI, coupled with big data, is expensive and out of reach of most of the 

heliophysics community.

Å HelioFM  is an experiment to assess the viability and usefulness of paying for the 

ǘǊŀƛƴƛƴƎ ƻŦ ōƛƎ ŎƻƳǇƭŜȄ !L ƳƻŘŜƭǎ ǘƘŀǘ Ŏŀƴ ōŜ ǊŜǳǎŜŘ ŜȄǘŜƴǎƛǾŜƭȅ ōȅ ŀƴȅ ƻŦ {a5Ωǎ 

communities.

Å HelioFM  is an opportunity to build common AI infrastructure that enables SMD 

communities to take advantage of AI (regardless of AI expertise).
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Self-supervision solves data annotation limitations
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Pretrained models can be used for many downstream tasks
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Input

data

Pretrained models can be used for many downstream tasks
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Pretext  

Task

Self-supervision setup
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CǊŀƴŎŜ ƛǎ Ƴȅ ƘƻƳŜΦ L ǎǇŜŀƪ ŦƭǳŜƴǘ Χ

The power of attention
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France  ƛǎ Ƴȅ ƘƻƳŜΦ L ǎǇŜŀƪ ŦƭǳŜƴǘ Χ
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Relationship

France  ƛǎ Ƴȅ ƘƻƳŜΦ L ǎǇŜŀƪ ŦƭǳŜƴǘ Χ Grammar

France  ƛǎ Ƴȅ ƘƻƳŜΦ L ǎǇŜŀƪ ŦƭǳŜƴǘ Χ Linguistics

The power of attention



Visual Transformer



Preliminary results
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GANs enable interesting applications that enable data transformation outside of direct 

observed distributions.
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GANs
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Instrument to Instrument Translation Jarolim et al. (2025)



Instrument to Instrument Translation Jarolim et al. (2025)



Deep Generative model that uses physical quantities to generate and 

retrieve solar magnetic active regions
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Latent vector vs Physical parameters
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Calculation of Physical parameters
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Å Total unsigned flux.

Å Polarity separation.

Å Polarity orientation.

Å Magnetic field gradient.



Decision Boundaries on Latent Space
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Decision Boundaries on Latent Space
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Unsigned Flux



Distilling property change
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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.
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Since we know how to destroy information, we can add it back
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Image degradation happens by the addition of noise while dimming the image
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Generative Simulations of The Solar Corona Evolution With Denoising 

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

Diffusion : Proof of Concept
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Generative Simulations of The Solar Corona Evolution With Denoising 

Diffusion : Proof of Concept
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Generative Simulations of The Solar Corona Evolution With Denoising 

Diffusion : Proof of Concept
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Generative Simulations of The Solar Corona Evolution With Denoising 

Diffusion : Proof of Concept
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Francisco et al. (2024)



Solar 3D emission and absorption

Jarolimet al.(2024)ApJL,961,L31
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Method: SuNeRF
Based on Neural Radiance Fields ( NeRFs ; Mildenhall 

et al. 2020)

Sun Neural Radiance Fields:

1. Inputs: sampling along ray (x, y, z)
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Method: SuNeRF
Based on Neural Radiance Fields (NeRFs; Mildenhall 

et al. 2020)

Sun Neural Radiance Fields:

1. Inputs: sampling along ray (x, y, z)

2. Forward pass

3. Outputs:

- Emission coefficient

- Absorption coefficient

4. Integrate pixel intensity along ray

5. Optimization: match observations
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A new perspective on coronal holes
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