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Big Data

#consumer data
2 0 1 7 This Is What Happens In An
Internet Minute
Google  opn000 16miion  YoulllD

13 Text
3.5Million e Messages 4.1 Million
Videos

NETFLIX  aueres

70,017
Hours
Watched

.@ $751,522

Spent Online

1.8 Million
Snaps
Created

15,000
L0, 590000

Messenger .
° 120 156 Million 7
New Accounts Emails Sent
Created
50 40,000

Unked ) o s s A

2 02 1 This Is What Happens In An
Internet Minute

. SECONDS
d

D

Created By:
Y @LorilLewis
y @OfficiallyChadd

Created By:
W @Lorilewis

amazon echo I @ Spotify W @OfficiallyChadd

MACHINE LEARNING FOR BIG SCIENTIFIC DATA ANALYSIS




Big Data In Science

#Astronomy/Astrophysics

Sky Survey Projec

The Palomar Digital Sky Survey 3 PB Images
Sloan Digital Sky Survey (SDSS) 50TB 200 GB per day Images, redshifts

Large Synoptic Survey Telescope (LS ~200 PB 10 TB per day Images, catalogs
Square Kilometer Array (SKA) ~4.6 EB 150 TBper day Images, redshifts

MACHINE LEARNING FOR BIG SCIENTIFIC DATA ANALYSIS 4



Big Data In Science

#Earth Observation

Global Satellite Launches by Mass

Annual number of objects launched into space

This includes satellites, probes, landers, crewed spacecrafts, and space station flight elements launched into
Earth orbit or beyond
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Note: Where they differ. launch attributions are based on the commissioning couniry, not the country conducting the operations
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Big Data In Science

#Particle Physics A

Euture
“Circular

z £
Collider *

CPU seconds by type
data on disk e
== e § 1600 ~| e prompt data
5000 5:: slpgoz 31400_ wes  NON-prompt data
RAW 3 m= LHC MC
GENSIM S 1200 | mmm  HLLHC MC
e = _| === analysis
3 AOD < 1000
MINIAOD 5
gsooo s . g
ﬁ =
© 2000 §
Fd
o
3
<
s

MACHINE LEARNING FOR BIG SCIENTIFIC DATA ANALYSIS




Advances in Machine Learning (ML)

https://www.bbc. CO. uk/sounds/play/mOOOdsc4
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https://www.bbc.co.uk/sounds/play/m000dsc4

Age:

Expression:

Lighting
Left->Right:

Right->Left
Down->Up:
Up->Down:
No light.

Front light:

Source: [Abdal et al. 2020]
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Advances in M¢ post 2023

@) DALLE 2

n Make a song about a programmer and someone who isn't a programmer.

Here is a sample song about a programmer and someone who isn't a programmer:

Verse 1:

Programmer, programmer, sitting at the screen
Typing code all day, living in a dream

Creating apps and websites, making them just right

A master of technology, always up to date

Chorus:
Programmer, programmer, so smart and so bright

Always coding away, day and night

Verse 2:

Non-programmer, non-programmer, not a clue

About the world of code, what it can I
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ML In scientific discovery

Ground Truth
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: Valizadegan, Hamed, et al. "ExoMiner: A highly : 13-

y accurate and explainable deep learning classifier that g §:

W _gm gl A validates 301 new exoplanets.” The Astrophysical = ¥ £t
Journal, 2022) Espeholt, Lasse, et al. "Deep learning for twelve hour

Jumper, John, et al. "Highly accurate protein

structure prediction with AlphaFold.” Nature. 2021. precipitation forecasts." Nature communications, (2022).
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Types of ML

Supervisedearning presentexampleinputs and their desiredoutputs (labels
[H learna generalrule that mapsinputsto outputs.

v

v
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Types of ML

Unsupervisedearning no labelsare givenl'hfind structurein input.
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Types of ML

Reinforcementlearning systeminteractswith environmentand must perform a
certain goal without explicitly telling it whether it hascome closeto its goalor

Nnot.
Internal state Q3\r E eward
L environment

learning rate «.
inverse temperature p
discount rate y

observation
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Types of ML

Generativemodeling Trainingdatal'hlearndistribution Mlhnew samples

Generative
Model
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Machine Learning

Training Data

algorithm¢ h

lnput == { }-} Prediction@ Truth

G QoM

4
Machine learning
2
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Biological Neural Networks

MOdellng the mammallan braln Brain neurons (bilions)

U 86 Billion neurons

U 10%-10% synapses

Sources: : Buzana Herculano-Houzel: Marino, L. Brain Behav Evol 1998:51:230-238

impulses carried

toward cell bOdy Cerebral cortex neurons [billions)
branches

of axon

dendrites

/ axon

nucleus terminals

impulses carried
away from cell body

Sources: : Buzana Herculano-Houzel: Marino, L. Brain Behav Evol 1998:51:230-238
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Artificial Neural Networks (ANN)

Neuron |—| HIDDEN LAYERS |—|
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Deep Neural Networks akeeep Learning

1980S-ERA NEURAL NETWORK DEEP LEARNING NEURAL NETWORK
Hidden Multiple hidden layers
layer process hierarchical features
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DNN

1. Get batch of data

INiNg

Tra

2. Forward through the network> compute loss

3. Backpropagate error

4. Update weights based on gradient
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Training DNN

Input: z; Target:yi  DNN: f(:0) True distribution

Forward pass ¥; = f(z:;0)

Compute loss

Regression: Root Mean Squared Error (RMSE)

) 1 Predicted distributio
L@,y) = 52 ) (i — f(z:;0))°

2N
__-IIII___

)

Classification: Categorical Cross Entropy (CCE)

L(y,y) = —%Zzyz‘j log yi;
i g
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Gradient Descent

U Minimize function* w.r.t. parameterg
[ - 0 = 0~ nx VL, :6) —

0L(x) 0L(x) 0L (x)

Ory ~ Oxe =~ Oz,

AGradient

VL(z) = ( ) £

AStochasticGradient D?Vscend
0" =0 — nZVE(y,,;,:cZ-; 6)

1=1
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Backpropagation

y=9(x)
X — u » — z=1(y)=1(9(x))
Chain rule:
Single variable E L iﬁ@
dr  dydzr’ I

Multiple variables 0z Z 0z Oy
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Training Characteristics

Underfitting |

regime

Error

OveHitting

.~ regime
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Image classification (mudtiass)
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Object detection

(a) Horizontal object detection. (b) Rotated object detection.

r e Rmxmx12 (BB Ci}, .- {BB,,Cy,}
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Image segmentation

Cavirs
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Imagedenoising

= Rmexb — c Rmexb
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Fusion

fusion

pansharpen result

{331 c Rmmeb,:{:Q c Ranxl} —y c Ranxb
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Forecasting

Satellite Image
~ Time Series (SITS)

Predicted
Image Xn+1

T € RmeXt N Y c Rme
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MLPs for image analysis

Input Layer Hidden Layers Qutput Layer
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Limitations of MLPsS

Input Layer Hidden Layers Qutput Layer

r'd M
Cat
Dog

Flatten Gubput




Convolutional Layers

fully-connected

P (same weights)

gs
L

convolutional )
convolutional

Tutorial: Introduction to convolutional neural networks (CNNSs)
https://github.com/langnico/DL _tutorial RS/tree/master
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Convolutional Layers

28x28xK activation map
32x32x1 Image

“ R
\_Y_}

channels ki—1ko—1

K filters (I K); = Z Z I(i—m,j—n)K(m,n)

m=0 n=0
ki—1ko—1

= z Z I(i+m,j+n)K(—m,—n)

m=0 n=0

S

height




Convolutional Neural Networks

[T

Convolution + RelLU + Max Pooling T T Fully Connected Layer T

Feature Extraction in multiple hidden layers Classification in the output layer

MACHINE LEARNING FOR BIG SCIENTIFIC DATA ANALYSIS 35




What about temporal data?

Anomaly Detection

Car Hom (0.05)

10

HH&»+:>5:>”.‘ ] | [.[ @_ﬁg

Audio wave Spectrogram CNN Architecture Feature Maps  Linear Classifier

Dog Barking (0.81)

Drill (0.03)
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DL for time series data
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Recurrent neuron

. X —

B X: Input at time t

B h.,: State at time t-1 —> h,

ht—I ..--"""'r..' )
next time

step

he = f(Whhi—1 + Wyay)
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Recurrent Neural Networks

Feed-forward NN Recurrent NN
h=¢g(Vx+c) h, = ¢(Vx; + Uh;_; +¢)
y=Wh+b y: = Wh; +b




An unrolled RNNs

Backpropagation through time r

MACHINE LEARNING FOR BIG SCIENTIFIC DATA ANALYSIS



Long Short Term Memory (LSTM)

e BNN cell: Hidden state h;
e for storing information
e making prediction

e LSTM: Hidden state is broken into two states
e (1) Cell state: called internal memory where all information will be stored
e (2) Hidden state: used for computing the output
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The bottleneck problem in RNNs

Encoding of the
source sentence.

Target sentence (output)

A
4 A}

he hit me  with a pie <END>
0
0
(0]
(@]

=
Z . "
o e e o] (o] o) 0 0 0
o [ o 5 J| © ol _.JOo|l .o 0 0
o e e - 10 o 10| “|O 0] @]
S o | |o o] (o] |o] |e|] |o] |o
C T f T T
LiJ
il a m’  entarté <START> he hit  me  with a pie
Y J

Y
Source sentence (input)

Problems with this architecture?
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LIinear interaction distance

* O(sequence length) steps for distant word pairs to interact means:
* Hard to learn long-distance dependencies (because gradient problems!)

* Linear order of words is “baked in”; we already know linear order isn’t the
right way to think about sentences...

—000 °0® — I+
— 000 200 —

The chef who ... [ was

Info of chef has gone through
O(sequence length) many layers!
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Attention

The
agreement
on
European
Economic
Area

was
signed

in

the
August
1992
<end>

L'}
accord

zone
économique
européenne
a

été

signé

en

ao(t

1992

<end>
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CNN, RNN and Salttention
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Transformers

Output
Proba‘bilities
Linear
\
f Add & Norm
Feed
Forward
' | ~\ l Add & Norm |<_:
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Attention Attention
At L
G — J \_ P 5,
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)
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Input Embeddings
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Selfattention for feature maps

WK Transpose
K Attention
Map

Soft
@ oftmax Self-attended

We Feature Maps
<

1x1 Conv

WY
V

1x1 Conv

Image
Feature
Maps
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Decoder

The input goes through an embedding layer and positional encoding layer to get
positional embeddings.

The positional embeddings get fed into the first mhkﬂad attention layer which
O2YLJzi Sa GKS |daSyadAazy aoOz2NBa FT2N 0KS

Transformers

Decoder

1]

<start>
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| KFGOaAy3IX

Write a story.

Transformer

Aardvark

Once

—| Transformer |—*|Softmax}|— Somewhere

There

Zygote
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Vision Transformer

MLP Transformer Encoder
Class [ yead - :
Amanita Mus.
Boletus Cal.

Transformer Encoder

e FTIIIT

[class] embedding
Linear Projection of Flattened Patches

b
SR EER

.
] ;
™

~ Multi-Head ’
_ Attention

Embedded
Patches
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Structured deep mo

Social networks Biological
Citation networks
[ ]
. . 9
Communication networks Neural
Multi-agent systems . u Network
]
L ] o o ®
. g . ]
b o - o °®
® ®
o o’ .
hd °
° LR g
® o
Spock Science Fiction Obi-Wan Keno
played characterin genre  genre characterln  played
67 slan’edln\—>d Mmﬂd[n ‘6
Leonard Nimoy Star Trek  Star Wars Alec Guinnes
Protein interaction Image credit: Maximilian Nickel et al

networks

Knowledge Graphs
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Node Classification Link Prediction Graph Classification

Node level

Graph-level «—— Community Detection Anomaly Detection

._._, Community

rediction,
graph (subgraph)
generation level

Edge-level




Message passing

Consider this Calculate update
undirected graph: for node in red:

O O O P
OO oo 0/8\0

MACHINE LEARNING FOR BIG SCIENTIFIC DATA ANALYSIS 55




Hidden layer Hidden layer
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Graph Neural Networks (GNN)

Mobile network entities with
connectivi

Graph representation

Candidate model: Graph CNN

Input
(2.g. mobile traffic
consumption)

-

Qutput
le.g. Future mobile|

traffic demand)
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