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1. Al and deep Learning

Intelligence?

« The ability to learn and solve problems;

« The ability to solve new problems, act rationally, and act like a human;

« There are various levels of intelligence among humans, many animals, and
some machines;

Natural intelligence?

It refers to the intelligence of various organisms created by natural evolution;

« Human intelligence is the most advanced, developed, and representative
natural intelligence on Earth;

Artificial intelligence?

It refers to artificial intelligence/machine intelligence, which is inspired by the
working mechanism of natural intelligence and implemented on machines;

« Artificial intelligence technology is the use of various artificial methods to
enable machines to have certain intelligence.




1. Al and deep Learning

Artificial Intelligence (Al): it involves the research

and development of theories, methods, technologies, and
application systems used to simulate, extend, and
expand human intelligence.

Machine Learning (ML): It specializes in the study of
using computers to simulate/implement human learning
behaviors in order to acquire new knowledge or skills
and reorganize existing knowledge structures to
continuously improve its own performance.

Deep Learning (DL): it is a branch of machine

learning, focusing on multi-layer (deep) neural networks
and feature learning.

Deep
Learning



1. Al and deep Learning
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2. Al modeling for solar astronomy

2.1 Al for solar flare forecast

- International pioneering model | . Magnetogram can be down-

for solar flare prediction |
olor 1 Folng °,'2' P P ™™ HMI Science |

i l F |_ & E\

64033 64@11* 15@33

0 We proposed a deep cnn for solar flare forecast, extracting |mage
features from magnetogram directly without prioknoledge of solar flare.

= A dataset'was established and published.

= This algorithm has become a baseline of Al in solar flare forecast.

= It was included in"“the HMI Science Nuggets, and awarded the Chinese
Highly-cited Paper in 2021.


Figure3Movie.mov
http://hmi.stanford.edu/hminuggets/
http://hmi.stanford.edu/hminuggets/

2. Al modeling for solar astronomy

2.1 Al for solar flare forecast
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A framework of integrating Knowledge
distillation, pruning, quantification;
Compress the deep learning models to
1.67% of its original size without obvious

D. Sun, X. Huang, Z. Zhao and L. Xu, RSEHENERERIKEP ApS 2022 (IF 9.2,
ApJS 2023 (IF: 9.2, TOP) , vol. 266, TOP) , vol. 268, no. 59
no. 1, id. 8

Figure 11. AUC (a) and ROC (b) charts of the combined forecasting model with multi-wavelength results on Resnet-18,

+ Validate the feasibility for flare forecast
. from UV/EUV observations using deep



2. Al modeling for solar astronomy

2.2 Al for CME arrival time

algorithm proposed in this paper,
which only covers the main area of
CME. This indicates that the

that the algorithm proposed in
this paper has a prediction error
of 9.63 hours for the arrival time

International pioneering model for
CME using both CEM image and CME
parameters, and attention module to
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crucial information while ignoring existing best algorithms.
Yufeng Zhong, Dong Zhao, Xin Huarigrélengpdudefsils. 2024 (1IF. 9.2) | vol. 271, no. 2, id. 31, 2024



2. Al modeling for solar astronomy

2.3 Al for magnetogram generation

onsecutive Magnetograms

105 Magnetic Feks(Gauss) of Consecutive Magnetograms Fielg{Gauss) of Consecutive Magnetograms Difference in LOS Magnetic Fiekd(Gauss)

A dynamic neural network model is proposed for
the first time to generate magnetograms from EUV
images, which alleviates the magnetic pole

EA GAN framework was proposed to generate SDO/HMI
‘magnetograms from Ha images. By investigating two
:data arrangements during model training, random

. fluctuation of static models in generating. ishuffle and chronological, we found that the time series :
W aSEIOSER) sCAVRMR2022 (IF. 9.2) ,vol 262,  INEERIPLALW EsP ARG XaeNgiis bess Par! iy ) |
no. 2, id. 45 vol. 266, no. 2, id. 19

9



2. Al modeling for solar astronomy

2.3 Al for magnetic field extrapolation
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PS/N SSIM CC RMSE
Bicubic 31.3669 0.8487 0.9109 27.4155
| HighRes-Net 32.8036 0.8633 0.9322 23.1134
| SPSR-GAN 31.1899 0.8041 0.8942 27.7780
| MBSR (Shannon entropy) 33.4007 0.8763 0.9347 21.5153
E MBSR (TUMF) 33.4418 0.8765 0.9350 21.4112

_______________________________________________________________

Fengping Dou, Long Xu*, Zhixiang Ren, Dong Zhao,
ApJS 2024 (AF.: 9.2) ,vol. 271, no. 1, id. 9, 2024

Three branches are for simple, medium and
complex patches respectively;
Simple branch has the least channels.

SR Branch

SR Grad
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LR Grad

Reconstructed Grad

Gradient Branch
Splitting of the Data Set for Training, Validation, and Testing

Training Set Validation Set Test Set
Time interval 2010-5-2010- 2010-11-15-2010- 2010-12
11-15 11-30
Number of 6282 170 290

samples

Number of patches 141,349 3825 6830 10




2. Al modeling for solar astronomy

Magneto-hydro-static state Force-free field

[non-force-free field
. . _ X B — - J X B =0 (No Lorentz force)
2.4 Al for magnetic field extrapolation g e VB = o
V-B=0
V-B=20

Physics-informed neural
network (PINN) for
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finite difference, finite volume,

= Deep neural network became one of the numerical algorithms of partial dlfferentlal equation, exhibiting good
ability;

= Differential equations are widely applied in various engineering fields and natural science fields to describe
scientific phenomena and engineering systems, such as in magnetohydrodynamic systems;
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omputing power and

2. Al modeling for solar astronomy Ixcellent hardware and

software platform support

2.4 Al for magnetic field extrapolation

provided by the

.:i
Data Time Span:  2010-2022 Large-scale nonlinear force-free | “Pengcheng Cloud Brain I1”,
h
h
h

Data Computing magnetogram extrapolatlon

2021.12.10-2022.03.19 ' we have successfully

Time: ! .

Data Volume 5280T & | @G ::%3 | c.ompleted the r.'nagnetlc

'él'{(gtfaélj amountof 23000 =2 :||||||II. =" ezaaw §f|eld extrapolation for all
— " 1]« )

zh/index.html e | 2 T the present. We have

Publish Nature Scientific Data paper:
ttps./{www.nature.com/sdat

improved the CPU
i parallelization and GPU

e e e e o e o o o o

of

' https://nlifff.dataset.deepsolar.space/
E N . .
| 1 acceleration of magnetic

''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''' ! field extrapolation,

1 ~ § active regions from 2010 to
higgestAimea sppx)*, et.al., Nature Scientific data (1F:8.5) , vol. 10, id. 178, 2023.

_____________________________________

1000 times. The datat;zase


https://nlfff.dataset.deepsolar.space/zh/index.html
https://nlfff.dataset.deepsolar.space/zh/index.html
https://www.nature.com/sdata/

2. Al modeling for solar astronomy

2.4 Al for magnetic field extrapolation

Data Time Span: 2010-2022

Data Computing

. 2021.12.10-2022.03.19
Time:

Data Volume >280T

Total amount of
Website of datasetZ3000

https://nlfff.dataset.deepsolar.space/

zh/index.html
Publish Nature Scientific Data paper:
dat

t -//WWW.nature.co
of

Large-scale nonlinear force-free
magnetogram extrapolation

{ gid 1 Quality
| M bl LTl
— H Map
— : >
Crop i€ w e w
73000+ | = _‘
| — g —
Average pooling
__mmmnoc o
[ ] == -
——f :
SHARPs CEA Data - I I
grid 3 data grid 2 data jata
oo ST « 15w l ;
Bt awm> e v
Br T— \ 4
Solar
[ tatng st ) (Commet e s i )
Time ,
HORE e S / LFFF
IOAA ARs number (orecas:
ray M label o Database

Challenges:

1. GPU memory

. optimization and

. computation scheduling

for high-precision
' scientific computing;

2. Ultra-large file reading

scheduling control for

3. Complex process
magnetic field

and writing on the cloud;

___________________________________

environments.


https://nlfff.dataset.deepsolar.space/zh/index.html
https://nlfff.dataset.deepsolar.space/zh/index.html
https://www.nature.com/sdata/

2. Al modeling for solar astronomy

2.4 Al for magnetic field extrapolation
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Eight large-scale

' databases for training Al
models have been
constructed and are
currently available

ace/). The corresponding
algorithms and data
resources have also been
open-sourced via
(https://openi.pcl.ac.cn).

(http://www.deepsolar.sp !

________________________________________


https://nlfff.dataset.deepsolar.space/zh/index.html
https://nlfff.dataset.deepsolar.space/zh/index.html
https://www.nature.com/sdata/
http://www.deepsolar.space/
http://www.deepsolar.space/
https://openi.pcl.ac.cn/

3. Al large model for solar astronomy

Large-scale Model?

__________________________________________

eLarge models refer to : -
| Transformer in 2017 ' INLP, sentiment analysis,
| revolutionized NLP. =

- ® The release of GPT-2 and :

Al models with a
significant number of
' parameters, often in the
billions or trillions.
“eThey can process vast |
‘amounts of data,
_enabling complex tasks |
'like language
understanding, image
recognition, and more.

__________________________________________

, : modalities; closer to human-

| like interaction; human-like:
emotions and sentiments.
- | ® Image Large Models: CLIP predlctlon

Developments Applications

_____________________________________________________________________________________

e The introduction of the | | ¢ Language translation,

’ ’Image recognition, objecft
' GPT-3 showed the . 'detection, and computer

i capabilities of LLMs. iV|5|0n ,
' @ GPT-4o is astonishing in | | @ Medical diagnosis, drug
i i multimodality, seamlessly | | discovery, healthcare,

integrating multiple " 'autonomous vehicles and
. robotics, financial
- 1analysis and stock



3. Al large model for solar astronomy

An Al Iarge model for solar astronomy
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3. Al large model for solar astronomy

Building a dataset of active region(magnetogram and multi-band UV/EUV images)

-

-~

™

\

SHARP
2010-2024
12minute
Active Region

J

'

ATA (EUV, UV)
2010-2024
12minute
Full Disk

N

1.Get AR Info

HMI
2010-2024
12minute
Full Disk

——2 .CEA Proj

Raw Data

Active Region
TIME: T_REC

POS: LAT,LON
SPAN: W, H

—3.Time Align

CEA Map
TIME: T REC

Active Region
HMI AIA
Pair

4.Cut AIA,HMI by AC Info

Final Data

~

Build Datasetj

17



3. Al large model for solar astronomy

Chronological Data Distribution Chart
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3. Al large model for solar astronomy

The Baseline of Al Large Model: Mask-AutoEncoder (MAE)

encoder
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3. Al large model for solar astronomy
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3. Al large model for solar astronomy

Configuration of Pre-Trained Model

Configurations

Input Size 224x224x10

Optimizer adamw

Epochs 300

Warmup Epochs 400

Volume

Model Parameters(M) FLOPS(G)
Tiny 1.27 0.25
Small 18.85 3.67
Base 72.36 14.18
Large 250.11 49.01

21



3. Al large model for solar astronomy

Different masks among channels: ensure cross-band reference between channels

22



3. Al large model for solar astronomy

The performance of MAE: quality of generated images

Model Mask ratio PSNR
Tiny 0.9 32.21
0.75 34.26
0.5 34.62
Small 0.9 33.55
0.75 36.90
0.5 36.82
Base 0.9 33.78
0.75 36.45
0.5 36.76
Large 0.9 33.48
0.75 35.67
0.5 37.22

23



3. Al large model for solar astronomy

The comparison between the same mask and random mask

Small model:
mask ratio=0.9

The same masks for all
channels

Random masks
between channels

24



3. Al large model for solar astronomy

Comparison among different models with random mask

7 S

- “_ mask_type=random
-~ mask ratio=0.75
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Efw W%TQ

base model
mask_type=random
mask_ratio=0.9

A




3. Al large model for solar astronomy

24-h flare Data distribution of our established AR_MagEuv flare
forecast (M&X) forecast dataset
B<=C @M, X
20000
18000 )
<C M\ X 16000 M ] _
. 14000 _
Train 7693 [3181 12000
Test  [44265 [2768 10000 [
8000 a
6000
4000
2000
0 . " [~ _|¥ N _[n] i — H 5] H . "] ,U =

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024



3. Al large model for solar astronomy

Performance of flare forecast

Actual True Actual False
Predict Pos 1895 5098
Predict Neg 873 39167
Auc 0. 8943
Acc 0. 8730
Precision 0.2710
Recall 0. 6846

28



Magnetogram generation

-

-

Mask ratio=0.9




Magnetogram generation
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netogram generation
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One
channel

Two
channels

Three
channels

Four
channels

Five
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3. Al large model for solar astronomy

Magnetogram's Polarity

It is interesting that the prompt of magnetogram’s polarity (very small patch of magnetogram) help the

model to correct the polarity of generated magnetogram.
In practice, the prompt can be any information, including hand-drawn image, text (current model can not

accept text). -




model_size: small
mask_type: random

3. Al large model for solar astronomy
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= Al has been widely used in various intelligence processing of
solar astronomy, achieving big success;

= Al has been withessed its advantages in various single task of
solar astronomy (image processing, generation and prediction);

= |tis the beginning that the Al large model is developed for
solar astronomy.

* The Al large model is an unified model integrated multiple
tasks in an Al model to process a multi-task integrated
multiple intelligence tasks; in addition, it is trained over a very
huge database, usually with a unsupervised manner.

* The better Al large model should be multiple modality,
especially benefits from Language Large Model (LLM).

34



Thank you for your
attention
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