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Is deep learning?

What techies think it is

What it really is
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What is deep learning?

What techies think it is What advocates think it is

P
TR
% 4

What skeptics think itis ~ What the public thinks itis | A tool that helps us find
new things in our data



What is deep learning?”®

A class of machine learning algorithms that:

« Use a cascade of multiple layers of
nonlinear processing units for feature
extraction and transformation.

 Learn multiple levels of representations
that correspond to different levels of
abstraction (i.e. the levels form a hierarchy
of concepts).

* Taken from Wikipedia
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What is deep learning?”®
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Neural networks are not black boxes.

* Taken from Wikipedia



Why deep learning?



Deep learning has
Important limitations too




Deep learning has important
limitations too
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Twitter taught Microsoft's Al chatbot to be a racist
asshole in less than a day

NOW TRENDING




Deep learning has
limitations too

Deep learning algorithms are completely
naive and single-minded in the way they

learn.

Training data selection is absolutely critical
for their success.
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PROOF OF CONCEPT APPLICATION OF DEEP
LEARNING TO SPACE WEATHER FORECAST



PLANETARY DEFENSE

AN APPLIED RESEARCH ACCELERATOR DESIGNED TO ENHANCE NASA'S
CAPABILITIES BY COMBINING THE EXPERTISE OF NASA, ACADEMIA, AND
THE PRIVATE RESEARCH COMMUNITY.
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Interdisciplinary research is fun!

THIS 1S YOUR MACHINE LEARNING SYSTET]? THE SUN'S ATMOSPHERE IS A

YOP! YoU POUR THE DATA INTO THIS BIG SUPERHOT PLASMA GOVERNED BY

PILE OF LINEAR ALGEBRA, THEN COLLECT MAGNETOHYDRODYNAMIC FORCES...
THE ANSWERS ON THE OTHER SIDE.

AH, YES,
WHAT IF THE ANSLERS ARE WRONG? J

OF COURSE.
JUST STiR THE PILE UNTIL
THEY START LOOKING RIGHT,

WHENEVER T HEAR THE WORD

"MAGNETOHYDRODYNAMIC" MY BRAIN
JUST REPLACES IT UITH “MAGIC

Heliophysicist’'s view of ML Data scientist's view of HP




Which aspect of space weather to
tackle?

ENERGETIC PARTICLES MASS EJECTIONS

Speed of Light Relativistic speeds Non-relativistic speeds
20 minute warning 20 hour warning



Deep learning and image data

What the computer sees

82% cat
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image classification 2% hat

1% mug
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¢s231n.github.io/classification



Deep learning and image data

What the computer sees

82% cat
15% dog

image classification :
g 2% hat

1% mug

SDO/AIA 171 2012—-11-13 16:30:12 UT

¢s231n.github.io/classification



Deep learning and image data

SDO/AIA 171 2012—-11-13 16:30:12 UT

¢s231n.github.io/classification



Convolutional Neural Networks

Neural networks with layers made of tunable convolution filters

SDO/AIA 171 2012-11-13 16:30:12 UT



Convolutional Neural Networks

Neural networks with layers made of tunable convolution filters

SDO/AIA 171 2012-11-13 16:30:12 UT



Convolutional Neural Networks

Neural networks with layers made of tunable convolution filters

SDO/AIA 171 2012-11-13 16:30:12 UT



Convolutional Neural Networks

Neural networks with layers made of tunable convolution filters

SDO/AIA 171 2012-11-13 16:30:12 UT



Convolutional Neural Networks

Neural networks with layers made of tunable convolution filters
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Convolutional Neural Networks

Neural networks with layers made of tunable convolution filters
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Convolutional Neural Networks

Neural networks with layers made of tunable convolution filters

SDO/AIA 171 2012-11-13 16:30:12 UT



Convolutional Neural Networks

Neural networks with layers made of tunable convolution filters
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Several convolutional layers allow the neural network to
recognize features of increased complexity



Convolutional Neural Networks

Neural networks with layers made of tunable convolution filters

IMAGENET

Accuracy Rate

® Traditional CV * Deep Learning

2010 201 2012 2013 2014

CNNs have revolutionized the way we do image classification.



FlareNet

Wiax Pooling

Dense
10 Neurcns

Dens
1 Neurons
11 parameters




Input and output data

Input data: SDO/AIA

Hotter and Higher

_ .

Photosphere  Chromosphere

Output data: Goes
X-Ray flux

X-ray Flux (watts m?)

Corona

Sola_r Flares

.-

40 60 80 100

May — June 2014

Hot Corona




Sunspot number S

Training, Validation and Test

300 International sunspot number S : last 13 years and forecasts
: Daily
Monthly
: : : ; ; Monthly smoothed

CM Predictions
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SILS0O graphics (http://sidc.befsilso) Royal Observatory of Belgium 2017 October 2



Results: Expectations vs. Reality

Expectations Reality

® Training o Validation : y =X ® Training ©  Validation : y=X
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We are achieving some generalization, but finding challenging to make
a clean connection between images and flares due to class imbalance



Results: Expectations vs. Reality

Flare Amplitude Distribution - SDO era

C-class: 7191 flares
M-class: 635 flares
[ IX-class: 44 flares

107° 107 10

X-Ray Flux

1078

10°
-3

We are achieving some generalization, but finding challenging to make
a clean connection between images and flares due to class imbalance



Results: Expectations vs. Reality

Flare Amplitude Distribution - SDO era

10*

M-class: 635 flares

X-class: 44 flares
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1m || “ll
I
|l
m%ﬁ 107° 10 107

X-Ray Flux

Data shouldn’t be only big,
it should also be long!



Grad-CAM: Why did you say that?
Visual Explanations from Deep Networks via Gradient-based Localization

Ramprasaath R. Selvaraju Abhishek Das Ramakrishna Vedantam Michael Cogswell
Devi Parikh Dhruv Batra
Virginia Tech

{ram21, abhshkdz, wvrama9l, cogswell, parikh, dbatra}@vt.edu
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(b) Guided Backprop for *Cat’ (¢) Grad-CAM for ‘Cat’ (d) Guided Grad-CAM for ‘Cat’ (e) Occlusion Map for ‘Cat’

.

[cs.CV] 7 Oct 2016
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o (f) Original Image (g) Guided Backprop for *Dog’ (h) Grad-CAM for *Dog’ (i) Guided Grad-CAM for *Dog” (j) Occlusion Map for ‘Dog’

(@ Figure 1. (a) Original image with a cat and a dog. (b-e) Support for the cat category according to various visualizations. (b) Guided Backpropagation [38]:

- provides high-resolution visualization of contributing features, (c) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives

:_':: Guided Grad-CAM, which gives high-resolution visualizations that are class-discriminative. Interestingly, the localizations achieved by our Grad-CAM

—_— technique (c) are very similar to results from occlusion sensitivity (e), while being much cheaper to compute. Note that in (e), blue corresponds to evidence

\O for the class while in (c) blue indicates regions with low score for the class. Figure best viewed in color.




Mining Neural Networks: Saliency

What does a convolutional neural
By, network pay attention to?

Simonyan, K., Vedaldi, A., & Zisserman, A. (2013). Deep Inside Convolutional
Networks: Visualising Image Classification Models and Saliency Maps.



Mining Neural Networks: Saliency

Simonyan, K., Vedaldi, A., & Zisserman, A. (2013). Deep Inside Convolutional
Networks: Visualising Image Classification Models and Saliency Maps.



Mining Neural Networks: Saliency

Hotter and Higher
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Mining Neural Networks: Saliency




Mining Neural Networks: Saliency
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FlareNet is paying attention to the relative location of structures in
different channels



Mining Neural Networks: Filter
Activation
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Several convolutional layers allow the neural network to
recognize features of increased complexity



Mining Neural Networks: Filter
Activation

Block
1
Filter 7

Block
2
Filter 8
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3
Filter 7
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Mining Neural Networks: Filter
Activation

o[l o@® -
Block
Color
F|Iter 7
DA Block
{ P 1 Texture
R TR AR F|Iter 8
FlareNet learned the B'OCk
Structure
|mportance of active reglons F|Iter7




Is deep learning?

What techies think it is What advocates think it is What it really is
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What is deep learning?

A revolutionary technique that will transform the
way we Iinteract with data (big or small)
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