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AiMgin.java

AiMain {

Scanner sc =

String str

 {
str
str
str
str

) {

main(String[] args) {
Scanner(System.

sc.next()

str.replace(

str.replace(

str.replace(
.printin(str)

System.

AiMain main()

AiMain AiMain
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You can't make an omelet without cracking a few eggs:
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: Itis hard to eat.
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It tastes terrible.

HE: I'mgoing to get off work.

| want to get off work from work.
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title: Anger Bolls Over at Charotiesyille Councll Mesting

taxt: Anger boiled over at the first Charlottesville City Council meating since a
white nationalist rally in the city descended Info viclent chaos, with some
residents screaming and cursing at councilors Monday night and calling for
their resignations.

Scores of people packad the council's chambers, and The Dally Progress
reported Mayor Mike Signer was interrupted by shouting several times in the
first few of the 9. As s lated. the ing was
halted, Live video showed protesters standing on a dais with a sign that sald,
"Blood on your hands.*

Goaogle

By
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| tile: Anger Boils Over at Ch il Councll Mesting

| text: Anger boiled over at the first Charottesville City Council g since n white
anmwwmmmmmw-mmmmu
,lmumwmhyummmnmdnymmmmimm
| Scores of people packed the council's chambers. and The Daily Progress reparted
mummmimwmmmmmmmwmm
| of the d, the o was halted. Live video showed
‘pmwmwngmadmmnndgnmaau'slmdmmm

| After talking with bers of the crowd, C ilor Wes Bellamy said the council
| would drop its agenda and focus on the crowd's the papar rap

| Speakers, some yeling and hurling profanities, then took turns addressing the

council, some sxpressing frustration that leaders had granted a parmit for the Aug, 12
| rally that had tumed violent. Others criticized the polica respanse to the event, which
| draw hundreds of white and othar e
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AlphaGo

At last — a computer program that
can beat a champion Go player page ¢

ALLSYS TEMS GO

SEES BTEEARCH [T WS
SONGRBIRDS SAFEGUARD WHEN GENES
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ARTICLE

Mastering the game of Go with deep
neural networks and tree search
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AlphaGo vs. AlphaGo Zero

A 1 P H A G o o
(F) {vamy (=) (=8) o éﬁ:ﬂ% 1 E%g
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58.5 AlphaGo G
‘ ZERO

ALPHAGO ZERO BEAT ALPHAGO MASTER BY RESIGNATION. 6

Google DeepMind




AlphaZero

Reinforcement Learning (584452 )

A DIGITAL

¢ PRODIGY

AlphaZero teaches
itsalfchess, shogi, and Go
pp. X067 1118 & 1140
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The international journal ofsc:ence/ 14 November2019
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Hardware: GPU, HPC...

10X GROWTH IN GPU COMPUTING

3 Million
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Software: TensorFlow, Caffe...

{, patainquest
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Machine Learning

A Probabilistic Perspective

Kevin P. Murphy
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Introduction

 Artificial Intelligence
ARTIFICIAL
INTELLIGENCE

MACHINE
LEARNING

* Machine learning DEEP

| LEARNING
. o i A A

. |
o D ee p o I earnin g 1950 1960s 19705 1980's  1990s 20005 2010




Artificial Intelligence

Artificial intelligence (Al, also machine intelligence, Ml) is intelligence displayed by machines, in contrast with the natural
intelligence (NI) displayed by humans and other animals.

deep Iearning

~~,_Mmachine learning

predictive analytics -
translation
L . natural language
classification & clustering } processing (NLP)
information extraction \
speech to text I .
P “~._ speech [ Artificial Intelligence
text to speech (Al)
expert systems -
planning, scheduling & /
optimization
robotics
image recognition o
- - ~~_ Vision
machine vision e

Hatley, L. (2016). Presentation, New Designs for Learning: Games and Gamification
https://en.wikipedia.org/wiki/Applications_of_artificial_intelligence



Machine Learning

Machine learning is the science of getting computers to act without being explicitly programmed.

1omonmon
ononolomo
1onoenonon

.
Training Data

Train the
Machine Learning Evaluate
Algorithm
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1omImonmon O
onortotomo | p—p )
10M0m0M0N OO O
——— w

Input Data Machine Learning Prediction
Algorithm

g ryrj *
(8] """ X
9 “““ ¢

General workflow of Machine Learning

Pat Alvarado et al,2016,Building the Machine Learning Infrastructure



Machine Learning

Owep Neural Network
wowees  [ETH T
cxinrr E (Backpropagation) .

§ Black
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Subjective Popularity

Machine Learning

3 - EHR

FH - AN R Vapnik, Cortes
J.R. Quinlan
Breiman
Freund, Schapire
W
Linnainmaa 1970
Werbos
& Decision Tree, ID3
ecision lIree,
'5&\ '9& ¢ ol
& o
& N
o2 & LeCun
< Perceptron Ay Rumelhart, Hinton, Williams
' . Hetch, Nielsen
Hochreiter et. al.
Neural Netw( O J. Schmidhuber
e IDSIA
Created by erogol
” | [ | N ' [ [ [ ' '
1960 1965 1970 1975 1980 1985 1990 1995 2000 2005

Hinton
Bengio
LeCun
Andrew Ng.

2610 20;1 5



Machine Learning in biology
v '

Supervised Unsupervised

X—>y ¥

puLot  e@/x  HuO

¢ Linear regression e PCA

¢ Logistic regression e Factor analysis
¢ Random Forest ¢ Clustering

e SVM ¢ Qutlier detection
L ] L ]

Machine learning algorithm: supervised and unsupervised

Raw data Clean data Features Model Results
D e 6me
5 C 6 TA llle . ctiellones
Q\ Pre- L Feature
" | processing = 4 L= | extraction 2 SR ,_9‘.—90;0(:0@9 Training Evaluation
4 ﬁ = .
\% T TAGT IA] I C TT —
\\ S T A G ey \.I'.‘A 23 ?,CQ‘,(_;C_HI
- = Vo (& TTT JA
N GAGRARA o LAY

An exemplification of Machine learning in biology : classification model

Angermueller C, et al, 2016, Deep learning for computational biology



Deep learning

Deep learning is a part of machine learning.

Deep:

Complex Model : Multi-layer characters, Many parameters (Curse of dimensionality)
Training data & Testing data : a big volume of data

Adjustment: A single model construction could cost one week

JUF PG TR FE 2 2 SRR ] A IR oy — > Ta] L 7 -
S PAck TR SN AW/ O R AU S I R

0...




Deep learning

Now, neural network and convolution neural network models that work best

convolution | pooling | convolution | pooling | fully connected

output layer

input layer
hidden layer

Neural Network Convolution Neural Network



IMAGENE T Large Scale Visual Recognition Challenge

Year 2010
NEC-UIUC

Dense descriptor grid:
HOG, LBP

A

Coding: local coordinate,
super-vector

A

Pooling, SPM

h 4

Linear SVM

[Lin CVPR2011]

Year 2012
SuperVision

[Krizhevsky NIPS 2012]

Year 2014

GoogLeNet

@Pooling
-Convolutlon
6Other

gﬁ?’é’i
.
-
%

—

[Szegedy arxiv 2014]

VGG

conv-64
conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256
maxpool

conv-512
conv-512

maxpool

conv-512
conv-512
maxpool

fc-4096
TC-4006

fc-1000
softmax

[Simonyan arxiv 2014]

Year 2015
MSRA

[He ICCV 2015]
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Layer 3 activation (coefficients)

O BC B

Layer 2 activation (coefficients)

Layer1
\7
Filter
1 ; visualization
/ /Input image
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Faces
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yanern
fefiane

QrACRI8S |

I T [
NUmA=a
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ASNINIY
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AEF SR N A

o S A BARA R L 5

Features learned from training on different object classes.

Cars Elephants Chairs

u ﬁ' ra‘;
l. n'l Lh | j“
| T e
\n E l.nb.l h I‘Hr ‘\\"‘“v:l

HANE i WSNIHIRwAN
l...\l' l:'. ANPRPLIZN
TN AR

ASNIIF
NZRPR =
VIVALN

wliSlias

ASNIONY
NZRPR 2
VILIZALY
[~ Ll Vb

ASNIY
NZRPR =
zli\\_

| Ilfirst layer

Faces

Elsecond layer

0.2 0.4 0.8
Area under me PF{ curve (AUC]

Motorbikes

0.6
lfirst layer

[Msecond layer
0.4 Jthird layer

0.2

D 0.4

0.8
F\rea under the PR curve (AUC]

0.4 0.8
Area underthe PR curve (AUC}

Features Faces Motorbikes Cars
First layer | 0.39+0.17 | 0.44+0.21 | 0.43+0.19
Second layer | 0.86+0.13 | 0.691+0.22 | 0.72+0.23
Third layer | 0.95+0.03 | 0.81+0.13 | 0.87+0.15
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50|
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< Caltech 256 >

_____#oftrainingimages | 30 | 60

Griffin et al. [2] 34.10 -

vanGemert et al., PAMI 2010 27.17 -
ScSPM [Yang et al., CVPR 2009] 34.02 40.14
LLC [Wang et al., CVPR 2010] 41.19 47.68

Sparse CRBM [Sohn et al., ICCV 2011] 42.05 47.94
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Max pooling —>
Second CDBN
Detection nodes——> layer

Max pooling —>
One CDBN
Detection nodes—> layer
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[Lee, Largman, Pham, Ng, NIPS 2009]
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o RKEF I ESIIRA L6 R
* Speaker identification

TIMIT Speaker identification

Prior art (Reynolds, 1995) 99.7%

Convolutional DBN 100.0%

* Phone classification

TIMIT Phone classification m

Clarkson et al. (1999) 77.6%
Petrov et al. (2007) 78.6%
Sha & Saul (2006) 78.9%
Yu et al. (2009) 79.2%
Convolutional DBN 80.3%

Transformation-invariant RBM (Sohn et al., ICML 2012) 81.5%
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Spatial pooling layer

VUl
58
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Temporal pooling layer
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Video Activity recognition (Hollywood 2 benchmark)

Method Accuracy
Hessian + ESURF [Williems et al 2008] 38%
Harris3D + HOG/HOF [Laptev et al 2003, 2004] 45%
Cuboids + HOG/HOF [Dollar et al 2005, Laptev 2004] 46%
Hessian + HOG/HOF [Laptev 2004, Williems et al 2008] 46%
Dense + HOG / HOF [Laptev 2004] 47%
Cuboids + HOG3D [Klaser 2008, Dollar et al 2005] 46%
Unsupervised feature learning (our method) 52%

Unsupervised feature learning significantly improves
on the previous state-of-the-art.




Text & Language

“ REUTERS D

Laser scans

"\r"«v,w""“"‘ Time series
data
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Audio Reconstruction Video Reconstruction
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Audio Input Video Input
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* Visualization of learned filters

Audio(spectrogram) and Video features learned over 100ms windows

* Results: AVLetters Lip reading dataset
|

Prior art (Zhao et al., 2009) 58.9%
Multimodal deep autoencoder (Ngiam et al., 2011) 65.8%
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Image

L

L
LA

Text

* Multimodal Inputs (images + text), 38 classes.

Learning Algorithm Mean Average Precision
Image-text SVM 0.475
Image-text LDA 0.492
Multimodal DBN 0.566
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Linear Classifier

. Supervised
©  Testing
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Shared Shared
Representation Representation
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Task A

output

shared
subsets of
factors

input

Task B

Task C
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Background Knowledge

ﬁllions of unlabeled images Learn to Transfer
= ; - . Knowledge

——

Learn novel concept
from one example

Test:
What is this?

Elephant ' Tractor




/.

AREF SR
R FRAFEIOLHED B

Reconst-
Real ructions Shape COlOI"

Apple
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Dolphin Sunflower Orange

Low-level features:
replace GIST, SIFT
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“aquatic
animal”

¢

REF SR A

g3 ) 0yt A5 3] B A

“clobal” Learned super-
class hierarchy

g baby man DBasic level

\ ll class
woman

Learned higher-level
class-sensitive features

Learned low-level
generic features
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machine machine machine

2" layer
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input
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MODEL
PARALLELISM

+

DATA
PARALLELISM

input #3
input #2
input #1
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IMAGENET v.2011 (16M images, 20K categories)

METHOD ACCURACY %
s \\oston & Bengio 2011 9.3
: Linear Classifier on deep features 13.1
Deep Net (from random) 13.6
Deep Net (from unsup.) 15.8
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= 3] 49 State—of—the—-art

Images

CIFAR Object classification
Prior art (Ciresan et al., 2011)

80.5%
82.0%

Stanford Feature learning

Video

Hollywood2 Classification m

Prior art (Laptev et al., 2004)

Stanford Feature learning

Prior art (Wang et al., 2010)
Stanford Feature learning

Text/NLP

Paraphrase detection m

Prior art (Das & Smith, 2009) 76.1%

Stanford Feature learning T6.4%

Multimodal (audio/video)

AVLetters Lip reading m

Prior art (Zhao et al., 2009) 58.9%

Stanford Feature learning 65.8%

NORB Object classification
Prior art (Scherer et al., 2010)

94 4%
95.0%

Stanford Feature learning

| YouTube | Accuracy |

Prior art (Liu et al., 2009) 71.2%
Stanford Feature learning
Prior art (Wang et al., 2010)

Stanford Feature learming

| Sentiment (MR/MPQA data) | Accuracy |

Prior art (Makagawa et al_, 2010) T7.3%

Stanford Feature learning T7.7%

Other unsupervised feature learning records:
Pedestrian detection (Yann LeCun)

Speech recognition (Geoff Hinton)

PASCAL VOC object classification (Kai Yu)




- RIFHY

] Ml

G AR A 7 1% -

SERE, SR EERRRIERE T >
o R RGEE R AR T AR £ A

E

LSS

.2

BI1EH ;

TFERFAE SRR 23 5
A B — AR A TS, AR

L -




b

g Ml——NAT A2 B 852 S RAIE

e 5205, [P-B Multiple Kernel Learning

— Gehler and Nowozin, On Feature

Combination for Multiclass Object
Classification, ICCV’ 09

. % 39 /I\Z: IEJ E]’(J tl%:‘?ﬁ | Caltec:h—256 (5:39 kerne!s)

L

] TR E o Py SET e
— PHOG, SIFT, VI1S+,
Region Cov. Etc. 40!
48]
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v —&— product
o MKL
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° S I_Eé[‘ G : ; into, Cox and DiCarlo
Fite: ATLh B 10 20 30 40 50

#training examples
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v 19814E )1 VR R 22358193 David Hubel
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iviolor command

—

Categorical judgments, 140-190 ms

decision making s - o Simple visual forms
o edges, corners
/
\\1i°°16°'“° PMC \ %‘ /
- /“f ‘ >

100-130 MS ' prcs . w@

LAt

40-60 ms
— 30-50 ry/ -
LGN i '60-80 ms V2
.
,g‘ S V4 < 50-70 ms
I'l;
Retina / Intermediate visual
20-40 ms :/ AIT ,lorms. feature
" groups, efc.
+780-100 ms . .g ;
High level object
descriptions,

faces, objects
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otter

black: yes
white: no
brown: yes
stripes: no
water: yes

eats fish: yes

polar bear

black: no
white: yes
brown: no
stripes: no
water: yes

eats fish: yes

zebra

black: yes
white: yes
brown: no
stripes: yes
water: no

eats fish: no
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Features learned from training on different object classes.
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Simple Functions Complicated Function

/ \ One Example of

( © sin(x) Complicated Function
\

log(x)
cos(x) |:> log (cos (exp(sin’(x)))) @

exp(r) -] Sinlx) L, x LodCXplix) L] cos{x) Ll

log(x)
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Deep learning

Yoshua Bengio:

Science is NOT a battle, it is a collaboration. We all build on each other's ideas.
Science is an act of love, not war. Love for the beauty in the world that surrounds
us and love to share and build something together. That makes science a highly
satisfying activity, emotionally speaking!

BHEAA RS T2 S, AR 2R EMOREA G — KB ERI R, TEH
T2 EAS 2 BARRESE . R K MG mse, St B ANBYR LS LA
AT Mlas 2 AR T — 4, URIEETEAEA A, THE R4 & 1EIE
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Neural network

Deep Neural Network (DNN)

Deep Feed Forward (DFF)

hidden layer 1 biddon layer 2 hidden layer 3

input layer

@ Input cell
. Hidden Cell

@ outputceu

Adapted from: http://www.asimovinstitute.org/neural-network-zoo/

A mostly complete chart of

Neural Networks ...

©12016 Fjedor van Veen - asimovinstitute.org

@ Backfed Input Cell
@ Input Cell

@ Noisy Input Cell Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)

Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit {(GRU)
o O a o o o

@ tiddenceu

. Probablistic Hidden Cell
@ soiking Hidden Cell
@ outputcen

@ Matchinput Output Cell
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RIERIDN
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‘ Recurrent Cell

. Memory Cell

Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
@ oiferent Memory cell 3 A
) Kernel %
A
ﬁ Convolution or Pool
Markov Chain (MC) Deep Belief Network (DBN)

Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM)

7“4 \"A“l \'A‘d o,
s Rl K Rk

Generative Adversarial Network (GAN)  Liquid State Machine (LSM)  Extreme Learning Machine (ELM) Echo State Network (ESN)

e

Kohonen Network (KN} Support Vector Machine (SVM)  Neural Turing Machine (NTM)
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Deep Residual Network (DRN)




Neural network

information enters
nerve cell at the
synaptic site on
the dendrite

Hillock

axon

axon terminal

information
carned 1o
other cells

N,

| rmpanled action potentals

| = lcave the soma-dendrite
complex to travel to

the axon terminals

symapse 2

output
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Neural network
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Neural network

B R % He

e=1+1/11+1/21+1/3! +
1/41+1/5!+1/6!+1/7!
+..=1+1+1/2+1/6+
1/24 + 1/120+ ... = 2.71828

e=(1+1/x) x~ 2.71828

Reference: https://www.zhihu.com/question/20296247/answer/29370489



Neural network

B RX He vs. i TI%F

ARV R MR LAV AN 20— Fh il 25 4228 (Golden spiral) HIITAL, 85 4 MR 2 & —Ff PN R 2
G 7 E EU B B BROER 2% .
dam A e ts, SO “EFeiBs” CERIIEL) , T EAES.
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Neural network

B X $le & BE&ESH

(p=1.6180339887498948482...



Neural network

B R% e




Neural network

B R% e

S ex« 152 (exponent)
= (power) _’y T - 2 (baze number)
BTSN
HE(EZ) (natural logarithm)

38 logarithm) — \* == loge (j/ ) — 1h(y )

erxAler-xIP L X FR I In(x)2e xR, BT 245X FR.



Neural network

Under-fitting Appropriate-fitting Over-fitting
(too simple to (forcefitting - too
explain the good to be true)

variance)

k 4

x'l x'l
gl + 82y & Bazs) glf & Byzy 4 Baxa + Baz 4 By + Bozyza) gl + 8yzy & Boxg 4 fhx? +
911% + Bz T + 'ﬂuﬂzn +
brzyx} + Bxlzd + gzl



Neural network

2 A

- HIERERE = 46

it + oy + Baog)

e [

DR AF e 7% TR RS B35 U 4027 ) 28 (Learning Rate), JIOK 2 ST R INRALA T8, (HI2 Wik
R KK SR M eii sl [FARKLERAN IR EL NS H, SNah
KA, AN AT PLSZ I SRR AR AL I B o ]



Neural network

2 48 9] 9 (Logistic Regression, & {1 BR%N)

1o _sigmoid
| 0.8
— logsiz
tansiz 0.6
04
lossiz (1) 1 0.2}
r= logsi1g (x) = :
) gsig (x 1+e™
006——=2 =2 0 2 4 6
X _ X 7
y = tansig (x) = ——— VIR AL T (~oo, +o0) , BEIASEARLFHI H!
e te J& TR, KOy TE (0,11, 347

w2 AN A U B, RENE ARG O 2RI 4 RAR
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Neural network
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Neural network
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Neural network

PP X 2%

‘\...- \ u +1 ::

N 3’/’\\\\ Hith{E
NN P AR E

o) N ,/—//// itEigs

) i

wiAE 3= fitH =

® [ZUEl = H K A2 F Sigmoid VEHGE BRI 2L, 1 )= F /& Purelin.  1X & K APurelin ] PALR
Fr AR B Va B B E4a i, T AREAEAE LS, 1 Sigmoid I EUE Ya Bl K BE7E0~1
2 [H]

® LN Z R BB I I 28 B n AR B EgEUZ . U BRI 7 &8 2 2,
A AEAEAEAE LR, PR RE, AR A &% (Forward

Propagation),



Neural network
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Neural network
R A& HIE (BPFEIE)

A A 22 X 4% (FeedForward Neural Network), 4 1YBPf#2E X 4% (Back Propagation Neural
Network). :

,,f + ..‘|
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IREJRE)
R EIfEE
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it
H’m W

= S St
un S = A PurelinfEUE R EL, Purelinl) S 4021, Wil E>RE)E: Rz = (G {E-
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./

U5 H Sigmoid(logsig) TEBUE BRI L, AP4: Sigmoid T4 = Sigmoid*(1-Sigmoid)

W E->REE: 57 = -(Sigmoidfi BB -FEAH) * Sigmoid*(1-Sigmoid) = -(%i HAE - AH)
e HAE (1% H 1)

SR Z SR =: R = (A E A1 m AR ZE INACK AT * 28515 5 1Y Sigmoid* (1- 24 /i 75
A1) Sigmoid)



Neural network

softmax 28
E-"-'u
softmar(ry) =
™ + 71 + ™
Probability:
* Softmax layer as the output layer m1>y,>0
mY,yi=1
Softmax Layer

3 0.88 - .
Z »=e" Ze :
=
1 0.12 2 o
22 y2 P ezz Ze J
=
- r zo 3
23 — y3 = eZJ Z ezi

J=1

softmaxX fi 22 Ju 3 B A5 5 AT I T, F i N SRR AR
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3. z&ﬁSigmoidmﬁ
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logsig(0.02)= 1 a0z =0,505

4. fﬂ*ﬂﬁ@f%n‘ﬁtﬂﬁ&i%ﬂﬂﬁ

: 02 ($)-0143
—{:2 —— ey 5/.
52 —={0. 503, y
E TN R HitH E

0.544x0.2+0.505x(-0.5)=-0.143
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Neural network

Bl

m Step 15:

With the updated weights [ V] and [ W], erroris calculated again

and next training set is taken and the error will then get adjusted.

m Step 16:

Iterations are carried out till we get the error less than the tolerance.

m Step 17:

Once the weights are adjusted

inferencing new objects .

the

network

is

ready

for



Neural network

Deep Neural Network (DNN)

Deep Feed Forward (DFF)

hidden layer 1 biddon layer 2 hidden layer 3

input layer

@ Input cell
. Hidden Cell

@ outputceu

Adapted from: http://www.asimovinstitute.org/neural-network-zoo/

A mostly complete chart of

Neural Networks ...

©12016 Fjedor van Veen - asimovinstitute.org

@ Backfed Input Cell
@ Input Cell

@ Noisy Input Cell Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)

Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit {(GRU)
o O a o o o

@ tiddenceu

. Probablistic Hidden Cell
@ soiking Hidden Cell
@ outputcen

@ Matchinput Output Cell
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‘ Recurrent Cell

. Memory Cell

Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
@ oiferent Memory cell 3 A
) Kernel %
A
ﬁ Convolution or Pool
Markov Chain (MC) Deep Belief Network (DBN)

Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM)

7“4 \"A“l \'A‘d o,
s Rl K Rk

Generative Adversarial Network (GAN)  Liquid State Machine (LSM)  Extreme Learning Machine (ELM) Echo State Network (ESN)

e

Kohonen Network (KN} Support Vector Machine (SVM)  Neural Turing Machine (NTM)
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VAW A A AW

Deep Residual Network (DRN)




Image Maps
Input

1998

LeCun et al. I (

Convolutions

pentium-||

ay

- I I | m nnected

Subsampling

# of pixels used in training

10" NIST

A S 3 sl |
: A F = ; il RN '-; 3;.‘ ¢ T\r ﬂ]b R I o ’ / \'1
2012 Vi e i b WAW I
) \ e e 182 192 128 2038 \/ 2038 \defe
. Ay F 55 \ a7 Cray i, \ \ \ / r ,X ) '\\
Krizhevsky etal. | V| & £\ XA\ R NNERVAY VIR
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224 i 5 . \ ENBR 3}, | B & ‘ i :
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\ 14} \\ . A | 55
\a . 192 192 128 Max L] )
28\ligtrig Max ™35 Max pooling 2046 2048
Uof 4 pooling pooling

# of transistors GPUs

Convolutional Neural Networks

# of pixels used in training

10 IMAGE

(CNN) were NOT invented overnight!



Neural network

Intelligent Machines

A radical new neural
network design could
overcome big
challengesin Al

Researchers borrowed equations from calculus to redesign the
core machinery of deep learning so it can model continuous
processes like changes in health.

by KarenHao Decemberi2,2018

Emlech

Technology

22 - 23 January 2019 | Singapore
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Data-Driven Approach

1. Collect a dataset of images and labels
2. Use Machine Learning to train a classifier
3. Evaluate the classifier on new images

Example training set

def train(images, labels):
# Machine learning!
return model

def predict(model, test_images):
# Use model to predict labels
return test_labels

et |
e



What does this look like?
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Parametric Approach: Linear Classifier

3072x1
mage f(x,W) =Wk
- 10x1 10x3072 .
_ f(X,W) . 10 numbers giving

class scores

Array of 32x32x3 numbers 1\
(3072 numbers total) W

parameters
or weights



Parametric Approach: Linear Classifier

f(x, W)=Wx+Db

10 numbers giving
—_— —_—
. f(x’%N) class scores

Array of 32x32x3 numbers
(3072 numbers total) W .
parameters

or weights

Stretch pixels into column

+ airplane classiﬁe/ Q

56 [ -
02 | -0.5| 01 2.0 1.1 -96.8 | Cat score H
231 J:
15 | 1.3 | 21 | 0.0 4| 32 | = | 437.9 | Dogscore . deer classifier
24
o 0 0.25| 0.2 | -0.3 -1.2 61.95 Ship score
Input image 2

bird

cat
.

plane




Neural Network introduction

_____--—-Dendrites
/ "‘, ~ ~ Stimulus
= QA
Nucleus_“ 48y . Presynaptic
o :L-’d 17, X\ cell
~—”  Youa AXxon \
i hillock |
4 Cell i\ 0
/ body 3 |
/ |[~—Axon

Synapse
[ / [ / /Synaptlc terminals
‘00 oo N X
Qoa < "}h \,\ > — S
%0 ,J\ %
9.5 Jo ° © :“
¢ ® :\ 0g0" - |
o 9092 ‘ o I I\
J / | ’,‘ " N
L \ J > - .. Postsynaptic cell
Neurotransmitter \ -

Neural network model is inspired by human
neuron
Each neuron is a judgement unit Hubel & Wiesel,1959



Neural Network workflow
Neural network is so simple......

Feature | Model A Pick the best
Selection T | Construction T model
The key point Number of layers

Deep learning should be Parameters Adjustment

a problem-oriented tool.

Functions Selection



Neuron Network

Impulses carried toward cell body

cellbody —

This image by Felipe Perucho
is licensed under CC-BY 3.0

1.0

0.8

0.6

0.4

0.2

0.0

-10

=5

10

Impulses carried away

class Neuron:

def neuron_tick(inputs):
" assume inputs and weights are 1-D numpy arrays and bias is a number """
cell body sum = np.sum(inputs * self.weights) + self.bias
firing rate = 1.0 / (1.0 + math.exp(-cell body sum)) # sigmoid acti
return firing rate

dendrite

presynaptic
terminal

from cell body wo

>@® synapse
axon from a neuron
woxTo

cell body

f (Z w;z; + b)

w11
> w;x; +b >
Xi: it output axon
activation
sigmoid activation function WoTo function
1
l+e™™*


https://thenounproject.com/term/neuron/214105/
https://creativecommons.org/licenses/by/3.0/us/

Activation Functions

Sigmoid l Leaky ReLU

tanh / Maxout

tanh(a:') ] . max(w{ z + by, wd x + by)

RelU ELU |
max (0, x) {w z20

ae®—-1) z<0 o




Neural networks: Architectures

e
0;0

A
> @
&%

1)
(X
R
%

Y
@

output layer

tput layer
input layer input layer

hidden layer hidden layer 1 hidden layer 2

“3-layer Neural Net”, or
“2-layer Neural Net”, or “2-hidden-layer Neural Net”

“1-hidden-layer Neural Net” “Fully-connected” layers




Convolutional Neural Networks

Image Maps

IF =N

Fully Connected

Input

Convolutions
Subsampllng



Artificial Neural Network

B
Inputs Weighted Activation Qutput
sum function
7\ 1x0.6+
\\l/ ~_ 0x0.4+ max (0, 0.8)
0.6 1x0.2=0.8

q ) T~ RelU
f(ngl—m—p 2 _08 5 |£ —

o
2/

0.2 —
O
c A
W T! ﬂ ,
W'= W+ AW
5
PREDICTED TRUE g
label label
FORWARD PROPAGATION f(x)=0.7 4?~ y=0.8 ; :
Loca Glubal
BACKWARD PROPAGATION L(w)=(0.7-0.8)% LOsS ptimum  optimum

Adapted from “Deep learning for computational biology. Molecular Systems Biology, 2016.”



Convolution Neural Network

Convolution neural network is similar to neural network, it is a good approach to process figure

’
1]

'\ ‘\
. N
- E. »

Discrete convolution

| 1 Elzu;
s
R ol
3|5
//
e 32
2 . 0 + /_/
1x0+ 3 5
2x1=3

AUOD

jood
4
AUOD

I"”
'

1ood

4

O"'

AUOD
¥
|ood

0.96 Cell periphery

0
S — 0.01 Cytoplasm
=
—p 8 g —_p s
<
o
g 0.01 Vacuole
""

’

arE pEEA

Convolution and pooling process : edge features extraction

7
7
7

Convolution

Max pooling

Pooling

max({1,2,1,2})=2



Convolution Neural Network

111/1/0|0
0,1/1[/1|0 4
0,011 (1
0O(0|1|1(0
0(1|1|0(0
Convolved
Image

Feature



Convolution Neural Network

Convolved  Pooled
feature feature



Convolution Neural Network

Input
(4*4)

— -
-
oy ==
= T
- o
- = =
T Trm
TEa T
-

(4313
21303
61052,

-~ T e
S T
- = _
=
- -
e
e
e ==

Output



Generative adversarial network, GAN

:E zif D(x) D(x) i:i;
(a) (b)
K A)m
(c) (d)

Project and reshape




Reinforcement learning

state rewsard

'lA ent II

action
A

LN

1.Before Conditioning

‘ Réme ;

Food w
Salivation
Unconditioned Unconditioned
Stimulus Response

ow Dog Training WO"‘*L-—-J

2. Before Conditioning

£,

Bell

Response

Neutral Stimulus

L

5., | Environment ]4—

No Salivation

No Conditioned
Response

3. During Conditioning

\ & ‘ Response N
Bell Food Salivation
Unconditioned
Response

4. After Conditioning

B

Response 4
Bell Salivation
Conditioned Conditioned
Stimulus Response

02006 HowStuf fWorks

Internal state

(;r—e ward

learning rate o
inverse temperature 3
discount rate y

enwronment

observation




Transfer learning

Deep Learning Transfer Learning

(hrs/days) (mins)
CLASSIFIER CLASSIFIER
TRAINING TRAINING
FEATURE \ TRANSFERRED
NO NEW TRANING

Train on
your small
local dataset

Train on
Large Public
Datasets
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H R >

1)%

FABEIR

Al

64F, MERZILEZRKFZBR. Plate>] I
-Geoffrey HintonfE (Fl%) AR HE
FEUWA:

IR S 2

f2 2 N TP 28 B LR RURFIE 2 T BE 7T 5

2) IR

FE$h 25 FX) 28 7

FAEXT £
AT B 2R s

= 2k

A

iR EARZIE, MnA

g A EE “&EE

WiE4” (layer-wise pre—training) RE XMW
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A )
A )

I

X —&;ﬁéj

%\

o GfAb: AEIT S ] MR R AR LML R 48 45
fe, SEILE RRECENT, BRI S
AT AR

Simple Functions Complicated Function

/ \ One Example of

( © sin(x) Complicated Function
\

log(x)
cos(x) |:> log (cos (exp(sin’(x)))) @

exp(r) -] Sinlx) L, x LodCXplix) L] cos{x) Ll

log(x)
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IRFE22 2] vs., RN 2%

HE R —HYRHSESER, RGEMNANZE. B

B (ZE) . i EARRKZENE, REHLE
WEZ A ERE, F—EUAEET S ZRMHEET
E¥e, B—ELUEFERZ " Nogistic [BIJAFEEY,

AFE A

P23 R 2% IBPELVE B4, IR IRV SR
Ullé E—'?%/l\ﬂé% SENLIE NIRRT 2%

H, R RTE 207 5 AR AR B S pR s 2 8] ) 22 25

MR 2% E S5 E@JW@Z

RIE 2] RHIBZEINZRHL JIZ AL 1) iR AL AR
TRk BPM%‘J XT?*Adeep network (7/=DA
), PR R RS AR N, BT
iHHgradient diffusion (FEEF H
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AL #ZERrZE (ANN)

o AT#ER4% (Artificial Neural Networks) 2—FME(GEYIHEMLEIT/
YHIE, TR HRFHTERCENE AEFEE, XHMNEKER RIS
EE, BOARASAETR (EiT) ZEHEEERNE, NmixEkk
IBEREH.
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AL #ZERrZE (ANN)

TR g 45

Xy
A2
h,,(x) T

& hw,h(x)

+1 Layer L,
+1
hwa(z) = fF(WTa) = F(X, Wiz: + b)
Layer L, Layer L,

FV 2 + W s + WSz + b)
SO o W o )
F(W. ’?{1 1 21 W’ 3‘2 | Wr{ T3 5{13)

hm( ) = af” —f(WE i” FWRas? + WiPal + )
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ATz (ANN)

o ATHZMBAIEEM S
1 RUERERE: HEITHEMNEANCIZ! EIGEEF, S EEMIERL
2 FARNRREY:

10p Others

Sigmoid

Relu
135



ATz (ANN)

o ATHZMBHIEER S

AREUREE, TICEXNEMEMBAIRE, REEHFHENE, Bk
LR, eBUTIAEm:
1 AMATBEEE GF AOSK AR B PR AN AIIRIE ! S HF PR EURERIANR!
A, ERifE !
2 AT, ARSI EEIRE,
3 ERNWIIRE, Fm)IZER!
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Brgkas (CNN)

® SR MZE (Convolutional Neural Networks / CNNs / ConvNets) 5
EEAESMEIERERL, SlISBEEETE=IMNEFREF E(biases) I
ZITAK. BPTESTTERIE—EmA, FH—LRFRTE, BHES D
KDL, SZEHEMNEEN—ETERIGEIXEKIHERE.

o SEBEMEMBARZLL: GRHZMBEINABAZER, ATLALEAHESRS
TR AR, (ERBNAVBIRRIAEINENER, HiEd T KE
24,

1')‘(\?&‘

& E
\"é ‘§! *‘\ o height
Lo
Y

<o & "/ * *ooooog*@
/‘\“'A ‘ output layer OQOOOCOW yidth

input layer

(

%

hidden layer 1 hidden layer 2
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SRk %s (CNN)

o STHIR(F. MER (FERVEIEEDHUE) fiEiKkERE (—EREEINE:

EAEMALZTHINERIE, ATLANEILEH— I MEERTIE R lter) A
R (B IoEEREKH) BUR(FHEFMBRY [BiR] #(F, BEERmE
PIZEHY R RIR.

Source pixel

Center element of the kemnel is placed over the
source pixel. The source pixel is then replaced
with a weighted sum of itself and nearby pixels.

Convolution kernel
(emboss)

New pixel value (destination pixel)

(4x0)
(0x0)
(0x0)
(0x0)
(0x1)
(0x1)
(0x0)
(0x1)
+ (-4x2)

-8
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D22 (CNN)
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BrIEEMZS (CNN)

Input Volume (+pad 1) (7x7x3)  Filter WO (3x3x3)
X[3:,:,0] wO[:,:,0]

eIefogo L

N NN — O

0
0
0
0
0
0

0
0
0
1
2
1
0

Filter W1 (3x3x3)

wl[:,:,0]
1T 1 -l
-1 1 0
-1 0 1
wl[:,:,1]
0 0 -l
i o il

1 1 0
wl[:,:,2]
1 0 -1
1 -1 0O
0 -1 0
Bias b1 (1x1x1)
bl[:,:,0]
0

Output Volume (3x3x2)
o[:,:,0]

-1 4

7 3 2
S B Bl

o[:,:,1]
=20 RO 1

-4 8 7
O s

toggle movement
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Brgkas (CNN)

e TiE (Convolutional layer) , BFRfREMEETEESRERGTEIRE
TUER, BT ERBETHNSEERET REEBREALAERRN. SR8
HYERIRIRBEARIARERE, F—EEiEA R BRI —LRRAFE
sz, SFMAFER, BEZERNMEEEMNERSHERIEIREES Y
FHIE,

® ZLMELRE (Rectified Linear Units layer, ReLU layer) , X—EHERYE
FHERZS (Activation function) {SEFEZMEEEAR (Rectified Linear Units,
ReLU) f(x)=max(0,x).

® ;t{tE (Pooling layer) , EBHESTHEZESBIMERARSE, KI5
IR LA XS, ENEERAEECFIIE, BEFEHI. HEERVNIRHLE.

o £1EER ( Fully-Connected layer) , IEfrE BEMF LSS RAERFHE,
AR EREE—RAESD.

141



Brgkas (CNN)

RELU RELU

=
o]
L
14
=
-
L
2

RELU RELU

CONV

|

lCONV

CONV

.$§ﬂ!!?§ﬂ$§ﬂ

.+@lJE§E%QG
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Brgkas (CNN)

o TEIRAIESR, FHEHECEGFRAGRIIRE, Lal—11000x1000RIE(ER,
A LIZRRA—1100000009EE, £ E—THREEAISEMEF, MNRES
EEESHANE—#, BItbE210000008t, BRAMINEZRRE EISEEUE
791000000x1000000=10"12, iXHEAZ T, BEARE)%. FRLAEK
SIREABGRRE MR AR, DO SEINRIRE., HERRFFBUE{UARY,
BBEAZGERE, —BEERRNERIUEZR, MENRFT.
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BrIEEMZS (CNN)

® SIHEMZERMIMHE ] LR RSHEE, B =sHZERR.

o A TNHAEF, RNEBIMMELITRMI0x10MERERE, IPATUEETE
1000000x 10012281, WP RRFAHF D LZ—. MTHB10x 10MEEEIIMAY
10x101M228, HELHBIATEHUR(E.

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

Example: 1000x1000 image
IM hidden units
M) 10712 parameters!l

Example: 1000x1000 image
IM hidden units
Filter size: 10x10
100M parameters

- Spatial correlation is local

. |
Better to put resources elsewhere o
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Brgkas (CNN)

o XHFHARSHIIAIE, BPAMBIE R, BAINERR. ELEAF
EREET, B MEREITERIN 100724, —3£1000000M 5T, NSRIX
1000000 ™MER2TTHY 100N SERRBFHY, BPASEEEHNE 1007,

o BAEMUBHER? FKATTLUX1001M8E (BHESTHRE) EHER
BYHERA, mANSMNETXR. XEFRESHNRENZ: B&—Eo
RSETHFIESEME D 22— Y. XBERER(IIEX—EoFIRIEHER
RS —8f7 L, AL TIXMNEGR LAFRERE, RliIEsRErERERAY

FIHRHAILE.
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Brgkas (CNN)

o FHFMARB100MSEET, RARF11M00*100095134%, AR, FHE
AT, FATILURNZS N %, L3206z, sILIFES 325

FHIE. EEZSMERRET, WTEFR:

LOCALLY CONNECTED NEURAL NET CONVOLUTIONAL NET

STATIONARITY? Statistics is ;
similar ot different locations 43 £ Learn multiple filters

Example: 1000x1000 image
IM hidden units

Filter size: 10x10 E.g.: 1000x1000 image

8 100M parameters 100 Filters
o, Filter size: 10x10
0 10K parameters
Renza
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I lzg (CNN)
o ik, RMETRE, LTI, RFERAEAASEL.

max-pooling mean-polling

Input X / Kernel W Output Y Input X / Kernel W Qutput Y

02 02

0.3 0.3

0.6 0.6

0.5 0.5
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Brgkas (CNN)

o £iEiRE: EERERHE, BHEHEXED S (Wsoftmaxsy2Ls) |
ERZSHRBIZER,

148



softmax4y2528

softmar(ry) =

Probability:
* Softmax layer as the output layer H1>y;,>0
mY,yi=1
Softmax Layer
0.88 .
e 4 — _— 1] — e Ze J
0.12 3 )
 — },-2 — ()-3 Ze—,
=]
=() /3
- - -1.'3 = ()-‘ ze"

=

softmax X i 22 o i Far A5 = 74T I L, iﬁutﬂi'\j T RIIBERAE



B I M 3R EY

® LeNet
C3:f maps 16@10x10
INPUT C1: feature maps S4:f. maps 16@5x5
39%32 B@28x28

52 maps Ch: layer -
B@14x14 120 Fo, tayer  QETPUT

‘ Full conrjlection ‘ Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

150



B I M 3R EY

® AlexNet

s L st y
192 192 128 2048 20as \dense
13
3
3 »
’ 13 dense | [dense
1000
192 192 128 Max j - ]
pooling pooling
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B I M 3R EY

® VGG16

224 x 224 x3 224 x 224 x 064

x512

I x1x4096 1x1x 1000
e ' 1

@ convolution+ReLU

¢ .': max pnulillx

.

»
! fully connected+RellU

! softmax
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B I M 3R EY

® GoogleNet (InceptionV4)

Filter
concatenation

P A

1x1 convolutions

3x3 convolutions

5x5 convolutions

1x1 convolutions

)

1x1 convolutions

1x%1 convolutions

Previous layer

[

3x3 max pooling

m—
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;.2

B I 81T
® LIig

=85
AT
Top-58=
Data Augmentation
Inception{NIN)
= el
EiEEEF
Dropout

Local Response Normalization

Batch Mormalization

AlexNet
2012
8
16.4%

11,5,3
3

4096,4096,1000 4096,4096,1000

=

<+

VGG
2014
19
7.3%

4

CNNEZLY,

=)

Rr.doc

GooglLeNet ResNet

2014
22
6.7%
+
+
21
7,1,3,5
1
1000
+

<+

2015
152
3.57%
+
151
7.1,3,5

1000
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® BEr4wiSsE (AutoEncoder)

® FELRYRAY (Sparse Coding)
® [REIHI/RZLENL (RBM)
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IRt

E 53R

REFIARAPEFFEEK, SHHRREZIEREELASS, HPE
fETensorFlow, Caffe, Keras. CNTK, Torch7. MXNet, Leaf, Theano.
DeeplLearning4, Lasagne. NeonZFEZ, TEIEZ I FEIEZEEGItHub L
REUESET (20175:40)

LER n o # MRS Stars Forks | Contributors
TensorFlow Google Python/C+—/Go/ ... 41628 19339 568
Caffe BVLC C++/Python 14956 0282 221
Keras fchollet Python 10727 3575 322
CNTK Microsoft C++ 9063 2144 100
MXNet DMLC Python/C++/R/.. 73093 2745 241
Torch7 Facebook Lua 6111 1734 113
Theano U. Montreal Python 5352 1868 271
Deeplearning4] DeepLearning4] Java/Scala 5053 1927 101
Leaf AutumnAl Rust 4562 216 14
Lasagne Lasagne Python 2740 761 55
Neon NervanaSystems Python 2633 573 52
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IRIESRIETIA

® Google. Microsoft, FacebookZEELESETXIHREFZIERE N, L
ob, BRIV FHARIAZNEGEESH AHICaffe, SAFFIRAFLisa
LabFIPAFF &HITheano, LAREfAN ASEABRGTHAESE. TREER
REFIERESMEERNTS.

HEgit # oO | B F ™ EE Ly B

TensorFlow 80 80 20 o0 100 88
Caffe 60 60 o0 80 70 72
e
Hahgit woO |83 F ™ & BT BiETS
CNTK 50 50 70 100 60 66
Theano 80 70 40 50 50 58
Torch 90 70 60 70 20 76
MXNet 70 100 80 80 20 84
DeepLearning4] 60 70 80 80 70 72
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TensorFlow

® TensorFlowsR#l2HBHFR A RFIGoogle BrainBRA X1 =8FIFNREMHES
REHITIHRRITA AR, BEIFRZE LA L FSFuEiER.

® TensorFlowRiERIZRIARILABBEBE—1EZ 1 CPU, GPURIETLAKIRSS =5
th, EREEAE—IAPINEERIRET.

¢ Tensor

159



Torch

® Torch2— 1MEAEVRFITLHHRIFITRER, HEEE2E61T9L
A, BREIEEHSmTFacebook R ¥ KETorchRSREF IR &,
TorchBIM—MR 2 BRA T wEIE S Lua(ZiE = S W AT ATz
¥5%)e

® PyTorch2&EFTorchifiTtE, ZHfPythoniES, LI Y HE8=3JHEZR Torch
f£ Python {EESERIHAT.
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Bert

® {FF3TransformerfYE5Ha1E B ERARIHARIWord2VecTsm ¥ — N THIG M,
HEBE—XMXT (Attention is All you Need) XE=iS3;

® 11 /MNLPESRIBEEXNIERA BLARIRBINAREZ I T,

® FTIAHNFFHR T ZFMESRIRSTIRE, BEEIFESHIEMNE;

o THFIN—IRHA], MBXRZENLPIUHAIRME, ITE.

BERT (Ours)

Input

BERT

M

Structure
Prediction
Model

____J

OQutput

Prediction
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Caffe

o CaffeRINMAF(AZRFAIPHDEZEH R, £FRConvolutional
Architecture for Fast Feature Embedding, 22— N\aimMmEEITFRAE
ZFIMEZE, BrRIBARFMESEF (Berkeley Vision and Learning
Center, BVLC) #H174R. (BiIEFEHERFMSRA, NEC, Google
Brain, fttthETensorFlowfEE<z—, Bai{EERFFacebook FAIRSCIE
=, )

o Caffe2fi+ (Facebook) i, NEFIMERIT, IEEESMHES (B1F%
ofliReE) BIETT.

Caffe 2
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Theano

® 20084 F5AFF/RIE T =%, TheanoR&EH 7 AEREFS Pythonik 4
8, BEZNEEBlocksiIKeras, TheanoHIiZHE—MNIFREANHIRFE
7y, CAEIMIIREURAIE, FHEZRA—MERNUmMpy. SRUANtZERY
ERUCEE, WNBLASFHIAHEES (C++) ECPURKGPU LR AIRERIBIETT,
ERNREFIPUHEARMENEREAFIENTRENE TR, BiXE

FERNEtIZ— (REIRT20075F) , ANRREFIHRMFARITUAR

i: N

theano
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Deeplearning4j

® Deeplearning4j2 “for Java" HFREZEIER, EE2E1THRARIIIRE
FSIFEE, Deeplearning4jH gl EISkymindF20145F6 B &%, £/
Deeplearning4jfIAZIRFRE. EH=. BEIZEFMIBMZFRERIL,
Deeplearning4j2— MHEMAEFINEE N BRNSRAEREZIFIRE,
A 5HadoopfSparks&erk, BMERIA, H{EHAEEAPPHIREENRES
SJIIEE,

D L4J Deep Learning for Java
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MXNet

® HHEHCXXNet. Minerva. Purine EIMBIFAAEZEZFE, TEHC++ {E.
MXNet s8R SRFERINER, EEREASeF LiziTmENEGIREIF

155

mxnet
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CNTK

® CNTK (Computational Network Toolkit) Z2REXKIAREE (MSR) FHERY
REFIELR, BEEHstart the deep learning crazefSTEIHABIE, B
RIEERER—ERN. BYXeiREZIRSR, mESRAIRAYER
JLETIZ.

B Microsoft

CNTK
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Feature Selection

Collection—Partition—Normalization

Data label
B Un-normalized Zero-centered Scaled Whitened
5.0 % 5.0 F 5.0 5.0
A 1:.0:0::0 : .
G O: 1 00 25 25- 25 25
T 0001 i
(o M» 00 1:0 0.0 0.0 0.0 0.0 e
A 1.0 00 ) ;
G 0 1. 00 _25- : . -254 -25- ;.-". e 254 -
c 0010 ’ it
-5.0 -50- ’ -5.0 -5.0
50 -25 00 25 50 -50 -25 00 25 50 -50 -25 00 25 50 -50 -25 00 25 50
C
TRAINING Train
60% model
' Repeat (A) Data One-hot Coding
NP Cvalate  Selcted (B) Different data normalization methods
model model
TEST Test final

~ao% ' performance (C) Training data, validation data(adjust model structure), Test data



Data normalization

v

A B Un-normalized Zero-centered Scaled Whitened
5.0 - 5.0+ 5 5.0+ 5.0+
A 1 000 X
G 0100 25 2.5 25 i _ ' 25
T 0001
One-hot N
c 0010 n.0- 0.0 0.0 0.0 e
A 1000 AN
G 0100 -2.5- o i " —2.5 _25- . B —25"
c 0010 ' ,
-5.0 =-5.0 ) =504 -5.0
—Sl_ﬂ —2|.5 OI_D 2|.5 5.‘0 —5‘.0 —2|.5 D!O 2!5 5!0 —5‘.0 —2‘.5 D_ICI 2_|5 5.‘0 —5‘.0 —2|_5 CII_IJ 2|_5 5‘.0
c D E F
r'y F Y
TRAINING Train
60% model . +
Learning ? Training |
Repeat rates 5 set Overfitting |
8 Low % , i
VALIDATION Evaluate” Selected 3 £ : v
10% model model E K
) Validation ! Point of : :
TEST Test final set ! early stoopin O e A
\30 % ‘ performance Good H 'y stopping TR
Epoch Epoch "

Adapted from “Deep learning for computational biology. Molecular Systems Biology, 2016.”



Artificial Neural Network

B
Inputs Weighted Activation Qutput
sum function
7\ 1x0.6+
\\l/ ~_ 0x0.4+ max (0, 0.8)
0.6 1x0.2=0.8

q ) T~ RelU
f(ngl—m—p 2 _08 5 |£ —

o
2/

0.2 —
O
c A
W T! ﬂ ,
W'= W+ AW
5
PREDICTED TRUE g
label label
FORWARD PROPAGATION f(x)=0.7 4?~ y=0.8 ; :
Loca Glubal
BACKWARD PROPAGATION L(w)=(0.7-0.8)% LOsS ptimum  optimum

Adapted from “Deep learning for computational biology. Molecular Systems Biology, 2016.”



Model Construction

impulses carried
toward cell body
branches
of axon

dendrites

nucleus

impulses carried
away from cell body

axon
terminals

I wo

*@ synapse
axon from a neuron
woTo

cell body

f (Z w;T; + b)
Z’w,‘m,’ +b :

output axon

activation
function

w17

A4

WoT9

A Cartoon drawing of a biological neuron(left) and its mathematical model(right)

—

Activation
function

f (Z w;z; + b)
N

Translation

Input xi and corresponded weight

Wi



Model Construction

Inputs

©\0.6
™~

0.4 > Zﬂp

—
@ - 0.2

An example for a “transmission of neural signa

Weighted
sum

1x0.6+
0x0.4+
1x0.2=0.8

Activation
function

max(0, 0.8)

RelU

Vi

_—

Output

II)



Model Construction

Input Hidden Output
layer layer layer

Model construction:
Input label:1,0,1
Predicted label: 0.7

Ture data label:0.8

Neuron network construction
process



Pick the best model

loss function: L(w)=(predicted label-true label)?

W nAw

W'=wW + nAw

L(w)

Global
optimum

Many parameters are adjusted to find the global minimums
then update the neuron weight

Predicted label:0.8 - True label:0.8



Machine learning and representation learning

Raw data

<
g\ Pre-

& | processing

&
W

v

Supervised

X——» Yy
PO e/

* |inear regression
* | ogistic regression
* Random Forest

* SVM

Clean data Features
ACGTC GG
S0 a T ] dibee_ obeelice
lf - : - 9 Feature — B "'[;"
GTCCG extraction CTaAR SR SV
TTAGT il Lo Tl
CGeGTACG
CALCTIT A
. &AG 2 oA, ,ﬂ
C
Unsupervised Raw data
. %X o
13T, AT | @ ® - Feature
4 "Jﬂ' :'5 % ® extraction
* PCA 2| % = @ ”® E
* Factor analysis Py S
* Clustering »®

* Qutlier detection

v

Training

Model

Discriminative features
'y

Intron

.
L3

Adapted from “Deep learning for computational biology. Molecular Systems Biology, 2016.”

Results
Evaluation
D
Label o/%
Layer 2 | TSS Intron Exon

Layer 1

el

Raw data

PO,




Neural Network for DNA sequences

A L B Input 1st convolution 2nd convolution Fully Output
Within-individual sequence layer layer connected  layer
variation layers
< > N
Locus 1 Locus2 Locus 3 H""u‘ - o)
“~ (o]
Individual 1 /\/\ 4 Al oo 9
NN L T| ( o
...ATGCTATACGCC']I.GCCG... -y [e]
T Between- cC g - |
. | individual e} , —_— — |
Individual 2 /\/‘/\M/—-.\\ variation c| Convolution L‘\*I:l Pooling + g
_ATecTATAdGCCTECCE c Convolution o
ANOVA L — g -
dividual 3 eQTL il | . 1<
naividua f\/\/\‘/\/\/“\./ cc B ’
LCATGCITATACGCCTGCCG C
: | A 4 e CN WY
ChiP-seq
peak
C D
Wild type . c c
T Wild type Motif S 2C .
a response T
T
a >@- aTcccecccgeTe CCC
c Sequence TCACCGCGCCT ﬁ
G \ alignment CTTCCGCCGTA
p CGETEEEEGETTT Active
c

=
=
—
@O

WT .' —
; @ ‘ ceTaaaclCOT |V ACCCCTTCCCTGGA
Deleterious =A 2
Mutant ! ;? ﬁ a
response >T

Normal 6_9 .

|00Q%:ﬂl-]b"l-]‘

Adapted from “Deep learning for computational biology. Molecular Systems Biology, 2016.”
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PROCESSING

DNA sequences
RNA

MicroRNA

Gene expressions

Gene alleles
Molecule compounds

Protein structures

APPLICATION

Disease
stratification

Cancer
diagnostic

Gene
variations

Drug
design

RNA
Splicing

Protein structure
and interaction




DNA- and RNA-binding protein prediction

d  Currentbatch Motif scans Features O‘:"b =
of inputs p— 2 Q@,@
CTAAGCACCGTCT
m I X %m Neural network
1
Motif . .
detectors Q&- E_ Thresholds Weights
| [ B
Current model . 5
parameters " : y
Parameter 9
updates
b 1. Calibrate 2. Train candidates 3. Test final model
Test
o @ —{ |-096 ¥ AUC
Evaluate | o, @ Test 0.93
random < 7 . : - calibration datd m :
calibrations - (3 attempts) | 9@ M b w
fldld ﬁﬁéfégé“ﬁ Use all training data T?ﬂgg ~ Use parameters
i 3-fold cross validation o SD i i : i
: validation | N T — S | of best candidate
([ Train Validatep. AvC @ 7 — ——— '
( Train |Validate| Train }— 0.70 Test data never seen
- [Validate| Train ]/ Trc?alzrt]glg . during calibration or training

Adapted from “Predicting the sequence specificities of DNA- and RNA-binding proteins by deep learning. Nature Biotechnology, 2015.”



DeepBind.: 45

o CNNHLVLE BN 2] THERMIYZE, 1X N FR
sl A BENS P 5 B VT A 75 Binding [T 4FAE !

. -TILU_CNN@?%ETEEEW“H|I|Z~j]\ zit W n] BE AR i
, jf“ﬁ[ﬁm*ﬁ':f 1K AR R AE e A1) i B A i gk
11 71 7 5

o CNNZFLVLIL) Mffﬂﬁﬂj«fMUMLPm 2> D) ie
e, b T MLP s 2] 1) 2 4



Drug-target interaction prediction

* .:...& Interaction, association Interaction, association !--.
@\ AN and similarity matrices and similarity matrices Y
W O<CA T =l
- [ 11 = i .
Drug—drug Drug—disease A T T T Protein—protein
— i - gy e —
3‘9\. _':: [T !q‘".\ a
&0 A 1] m AA A
Drug side-effect  Drug similarities o Protein—disease Protein similarities
Compact feature Compact _fea1ure
l=arning leaming

Matrix representation

Matrix representation

of drug features Projection matrix of protein features pﬁ: ?'HEZ'I"TJ'
% X s z X Y’ = P N,
X N
il d
+— v - ~ '
Low-dimensional vector f My 1 : N "
. ) t
representation of drug features L ISupewis&d Y] Prediction scores of
- ; . learming drug—protein interachions
d & - n
......... Low-dimensional vector lr
.= B ] representation of protein features
N number of drugs | =8 N | Ny
N, : number of proteins =. EEEEEE
{4 dimensicn of drug features ....=.....
f, : dimension of protein features ) N, ) Analysis and validation

Known drug—protein interactions

Adapted from “A network integration approach for drug-target interaction prediction and computational drug repositioning from heterogeneous
information. Nature Comunications, 2017”



What is Cas?

" Cas (CRISPR-associated system) genes

bacteria immune system: cleavage the foreign

ger -
Prokaryotic cell
Stage 1: Foreign DNA acquisition ,@‘) ﬁ
~

\
cas genes Q@Q (,Q CRISPR locus
/DDDD_’.‘.‘D‘.h @ @ Stage 3:

RNA-guided

l CRISPR locus transcription viral element

g3 a8~ ~dgdy

Stage 2: CRISPR RNA processing

CRISPR-Cas system workflow: foreign DNA acquisition—>CRISPR RNA processing—>RNA-guided
targeting of viral element



The existing method for Cas genes
prediction

" The existing method for Cas genes prediction

Existing tools
HMMCAS

CRISPRone
BLAST

A web tool for Cas protein identification and domain annotation
A website tool to predict CRISPR arrays of repeat-spacer units, and cas genes
A website tool to find regions of local similarity between sequences

CD-search A tool allows the conserved domain annotation for large sets of protein queries

Custom HMMs

HMMs deposited in the TIGRFAMs and Pfam protein family databases for known

protein families

" Limitations

®  Scan for known Cas proteins.

® |dentify or predict based on the “best hits” of homology searches
against existing databases.

|

Work well for detecting known and highly conserved types of Cas genes
but may fail to detect novel Cas genes.



The whole neural network to predict Cas genes

Mainly based on Python Tensorflow package

GTGACGTTCGTA

CCGCTCAACCC T.\

GATCCCGTTAAA oy ,Qyﬁg\

: VNN
L e

Convolution Fully Connected

Feedforward network
Max Pooling




Data preparation

10 core family,75 family,7500 Cas genes in total

Core family Structural features

Casl N-terminal B stranded domain and catalytic C-terminal a-helical domain
Cas2 RuvC-like nuclease domains

Cas3 Helicase and HD domain

Cas4 RecB-like nuclease homolog with three-cysteine C-terminal cluster
Cas5 RRM (ferredoxin) fold, RAMP superfamily

Cas6 Double RRM (ferredoxin) fold, RAMP superfamily

Cas7 RRM (ferredoxin) fold with subdomains, RAMP superfamily

Cas8 Subunit of Cascade complex, involved in PAM recognition

Cas9 RuvC-like (RNAse H fold) and HNH nuclease domains

Cas10 Two domains homologous to Palm domain polymerases and cyclases



Data preparation

one-hot encoding, the 4 nucleotides as binary vectors A=11, 0, 0, 0], T=[0, 1, 0, 0], G=[0, 0, 1, 0] and C=][0, 0, 0,
1].

e Raw data format:

>CP0O01154.1 cds ACOT4068.1_107Z
GIGGRAGCTGCTGGT CGCCCCGGRACCTCARMACCATCCTGCATTCCGEGLGGGLCAGCCTTCATGGLCTGERATACTGCCG
>CP0O10338.1_cds AMCEZB43.1 3024
ATGCGTRCCGRAGCCATGAACCCGCRACT CATCGRAGGCCAT A AT CGGCTGCCTCTTGCACGRCATTGGCARACCGGTCCR
»CPO0Z567.1 cds AFI&3574.1 1345
ATGRGCRAGATTCCOGEAGT AR A CCACCAGRRATTGARLTCGTTGET GLGEETGCAGGATAGGCTGACGTTCCTGTATGE
>CPO18217.1 cds APGT4550.1 777
ATGTCATGGAGATATGTATTTGT CACTAATCCGT GTAGGAT A RCGTATACCARCAATAGTATAGTTGTTCRARACTTTCGR
>CP0O1Z2396.1 cds RAOCBSZ5T7.1 895
GIGACGTTCGTACCGCTCARCCCGAT CCCGTTAR A AGAT CGRAACCTCGRTGATCTTCCTCCAGTACGGTCRARATTGACGT

Sequence label, save in an
individual file



Convolution Neural Networks model

Genel GTGACGT|

TCGTACCGCT

Gene2 CAACCCGATCQCGTTAA

Gene3 AAGATCG

CCTCGATG

1%t convolution 2" convolution  Fully connected
layers

{ s - — > —~
| AD pooling | pooling 1: AR

|)>|—4 oo -H-o n|<g

* Design a neural network that will classify cas proteins.

* @Given a cas gene sequence, we want our neural net to let us know which
cas gene that it belong to.

* Thesequenceis be made up of A, T, C,G, and fasta format:

* the neural net will have xxx inputs, each one representing a particular
sequence and a hidden layer consisting of a number of neurons (more
on this later) all feeding their output into just one neuron in the output

layer.



A convolutional layer

A CNN is a neural network with some convolutional layers
(and some other layers). A convolutional layer has a number

of filters that does convolutional operation.

These are the network

11000 parameters to be learned
O(1]10(0O0
ololol1 il || | <L | A 11 |-1]-1
11 |-1]-1 il || o || -
1]10(0]O0
TR TR I 1-1f-1]1
1-1]-1(1 il || b || <2l ||l
o|jo0f|1]0 Filter 1 Filter 2
80 x4

Each filter detects a small pattern (4 x 4).



A convolutional layer

stride=1

Dot

product
—

4

NN [N LI =

[ I I R I B B |
[SEN (NS N QSN

-1

1
=
-1

1 LI . |
(SN L N [

Filter 1

M 10

ReLU(x) = max(0, x)




A convolutional layer

stride=1 Dot

product
E— 4 2 1 1

Repeat this for each filter



A convolutional layer

stride=1 Dot
product

Ten 4 x 4 kernel
Forming 10 x 80 x 4 matrix



A convolutional layer

Pufi = MaXjk|<p/2 (ﬂnj‘,£+k)

4 2 1 1

3 5 1 1 Max-Pooling 4 1

2 allo 1 D&
AT CAS 80 x 4 matrix

Forming 40 x 2 matrix



CNN model construction in Tensorflow

iInput

hd

cated_normal_initializ

11-1]1-1]-1
) af-1f-af-1]a
Convolution |=====b | ———1—17 There are 320
IEIEIENE! 4Ax4 filters.
Al-1f-1f-2

Input_shape = (80,4, 1)

80 x 4 pixels 1: black/white, 3: RGB

pooll = tf.nn.max_pool(convl,

Max Pooling | ==




Max Pooling

Fully Connected
Feedforward
network

softmax

4 1

4 2 reshaEe
2 4
3 2

40x2 matrix

NWEANNERAEL A
R N O DN O W

A W EFEL W N O

ftmax_linear')

40x1

A W DN PFL O

10 score




Convolution v.s. Fully Connected

convolution

sequence

Y1

Y,

Y19

Fully-connected



Pick the best model

loss

Randomly initialize network parameters
Pick the 15t batch

L'=11+12+---

Update parameters once

Pick the 2" batch

L"=11+12+---

Update parameters once

Until all mini-batches have been picked




training

N_CLASSES = 2

seg W = 20 # resize the seqg, if the input seg is too large, training will be wvery slow.
seq H = 30

BATCH SIZE = 16

CAPACITY = 2000

MAX STEP = 10000 # with current parameters, it is suggested to use MARX STEB>10k

learning rate = 0.0001 # with current parameters, it is suggested to use learning rate<0.0001
n = 1&01

Output:

Step @, train loss = 0.69, train accuracy = 62.50%
Step 50, train loss = 0.69, train accuracy = 56.25%

Step 100, train loss = 0.69, train accuracy = 43.75%
Step 150, train loss = 0.69, train accuracy = 56.25%
Step 200, train loss = 0.68, train accuracy = 93.75%
Step 250, train loss = 0.68, train accuracy = 43.75%

Step 300, train loss = 0.57, train accuracy = 68.75%

DO OO ®

Step 350, train loss = 0.45, train accuracy = 68.75%
Step 400, train loss = 0.36, train accuracy = 75.00%
Step 450, train loss = 0.41, train accuracy = 87.50%



Training Modulel

= Data: 5000 Cas9 sequences with domain sites and 5000 without domain sites

Accuracy
Loss

Step Step

Accuracy: 0.80225



New variant discovery

splicing in the cell splicing predictions

90% ﬁ
mutant
S
change in splicing

-
disease




New variant discovery




CASP

(Critical Assessment of Techniques for Protein
Structure Prediction)

An animation of the gradient descent method
predicting a structure for CASP13 target T1008
s




CASP

(Critical Assessment of Techniques for Protein
Structure Prediction)

COMMONS @) rreinaanctum aruntonfrestetons

oftware
o L L e

g Rosetta LTASSER

bdeling s
o

_ :
he hub for Rosetta modeling s

Global and local
Structure reassembly structure matches

Structure assembly

90 and Lowme g

o potential

Foldit Symmetric Designs

PDB library

Inherent rague

REMO H-bond
optimization

Structural analogy

EC classification
GO terms
Binding site

Function prediction

Final model

Template Cluster centroid
Figure 1 | A schematic representation of the I-TASSER protocol for protein structure and function
predictions. The protein chains are colored from blue at the N-terminus to red at the C-terminus = %%




CASP

(Critical Assessment of Techniques for Protein
Structure Prediction)

DeepFold: overall winner of CASP18

Learned Structural Motifs

(0000 e

Protein Structure Distance Feature =~ Convolutional Features Convolutional Features Fingerprint
z X H, Hy f(z)



A

Distance Cutoff,

10

5

T0959-D1

CASP

(Critical Assessment of Techniques for Protein
Structure Prediction)

Distance Cutoff, A

Percent of Residues (CA)

T0966-D1

Tpo. TRy
Percent of Residues (CA) ) el
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Feature extraction? Or D&C

Case 1

AR FE BRI ) 2 M 5 SR M DA B R 2 “Hop— AN R AR AR 7 O . — N R RIS T 8B E
T HIAR S, AU Al REXHME B A A e . A Lepmnl gt 2 NN R BRI R, XRMEH
Al REAF W BTN, BURGTER S 2RI T4 % X Matthew Hurlesiit.  Hurles H #if 1E 5] 41—
MNRTWA R EREASPIE , 125 H 281 7 14001 K E AR B2 HAE JLRIAME 1. fthid, <R —4~ 5
— AR RREMREN, WETEITE P o BdE LT IR RRAES, DRt RAM#HZ. 7



Majority vote? Or rely on expert?

Case 1l

—440% Loy WINEEZ W D EE R S
NESAYIINS SN TOUIE ST e S 47
3% R i % < 300 A 400 ) ot /1A g
250, A T SRR E
7 R I IE R S50 L 2 DR A8 i P
PIAROC )2 R R AZ SIS [ Je RIEZL I
BRA: R PER AL |, H i ie T
ST S 52

Case 2

20074, 3 [E & K115 F12 WA 7] Quest Diagnostics
“f-/\ i] ——Athena Diagnostics %5 £ ) .Christian Millare
HEAT T SCNIAE R 2546 . 20084E5 H1H, W%
[F)ChristianZe s KAEFEAE M. b 0T B LEEE
Amy Williams 38 1 5 1) & XN ) & R IS0k, 75
#E A Christian )9 [, il R4S JLF AR A AN R R
RS, 845, Williams¥Quest 2 K2 &) Al
AthenaiZ Wi A FI$HEH T UFIA
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TRIEZE ST ) sk o2

@ Your brain @ Exercise can

generates make YOUIX

enough A brain work

electricity ,
to oweraty AR P better.

light bulb. (MF7-S5S55 M ©Each

@It would take A = 3 | " mante’
A\ T\ Y about 750
CIose Lo R | [ millilitres — or
e TTa two and a
cou e | |/ it 'zzy
neurons, \ | s
or nerve cells, |\R I drinks cans
in your bl'aln. T of blood travels

through the brain.




The Brain vs. Deep Learning vs. Singularity



RIESA W R AR o

We are actually HMM (or Deep learning) animal...
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More problems that you can think of?
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Statistical modeling

Distribution, Modeling, Prediction



Statistical modeling

The main

models

simple state, )
known prob. Bayessian model

multiple state,
known prob.

Markov Chain

hidden state,
known prob.

HMM, Viterbi

More complex model
Less data required

hidden state,
unknown prob.

EM,
Optimization

multiple hidden state,
unknown prob.

Deep learning




Statistical modeling
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PRIE 227

« EMESAREE R
o AEGEMGTTHE LN
o MG A K2

—  Hidden Markov Model (HMM) Az F: 37 F
Markov Chain

@“‘

SN &
=W A,
A

- LT

-

HMMEL i
HMMAIEEEEH) (Topic 1) — I I
HMMAIFEFIEEXT (Topic 1) /:—‘ t’@ xx é%’

- MR BINER A (Topic 1)
—  Motif finding B2 AL HY (Topic IV)
EM algorithm
Markov Chain Monte Carlo (MCMC)
—  HEPRRIEHHE T (Topic V) s
LI HT-Mixture model
Classification-Lasso Based variable selection
—  FEDEI S HEWT (Topic VI)
Bayesian [ 4%
Gaussian Graphical Model

* NS
PRI (Topic VIl 5 ng‘ .

Network clustering

W E S A gE 1T

— Dimension reduction & N H (Topic VIII)
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Noah Williams

Good luck in biostatistics! a @Bellmanequation

Found on the roadside:
@SpringerStats yellow book,
beside empty vodka bottles &
cigarette packs




Maybe you will not face these many statistical
problems...
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But you have the
knowledge
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The New Achatagy of eSS

CAROLSOECR AL

TWO MINDSETS

CAROL S. DWECK, Ph.D.

Fixed Mindset

Intelligence is static

Leads to a desive
to look smart
and therefore a
tendency to...

N

5 Growth Mindset

g - ¥
'% Intelligence can be developed

Leads to a desire
to learn and
therefore a
tendency to

challenges

wpenistin the
face of setbacks

@
..see effort as see offort as

s O N ©

<

As aresult, they may plateau early
and achieve less than their full potential

Al this confirms a deterministic view of the world.

the path to mastery

oriticism

~find lessons and
fnspiration in the
success of others

As a result, they réach ever-higher levels of achievement

All this gives them a greater sense of free will,



Statistical modeling

More to learn:

 Fast Fourier Transformation:
https://zhuanlan.zhihu.com/p/19763358

e Causality analysis:
https://zhuanlan.zhihu.com/p/33860572



Statistical modeling

More to learn:

EYIEITSEYEENXEISELZE?  (https://www.zhihu.com/question/30284194)

EMFRIEMEESF: B2itt, MFFILEXT, blast, MM, AfE, HEREIDEE,
HENEEEEDTS., MENE, BHAFRIEYFRE, SEAMRE, WH@EEER,
{APRFIX EeAR A R AR R,
HETRNEDERS: Bt B2, HHNEEXRRIT, AR TRSEREX
1, HMMVIERL, FRFIELIITRRIblosum62f B RIS ASKAY, AMANNRITERE, AArHE= A
FiEFE. MERNR, NMTRTSENEL SEWFRIAGER.

HERNRGEYF: H 7 [EFFEpenalty function, RFFZF T LASSOET; [FRZETSVM
PHIZEREL; EBGibbs samping, MCMC; AERIEFFIFAIGranger EIRHEMZE,
EFTHFEKES, EEEFFAFTFE. EREFHKSEIEEXXXEEXXX

Yoshua Bengio:

- {FIERIEAPRETH, ANBEARIEE.

What do you think?



Biostatistics in the market...

[REIY] IESERKFEF, RALIKMAFAT, HEHSNFEEMHAR

ERSFERFRAXRZENRKERHE &

2w B BB

EBHRHE [2018] 1282 a A (FEIE

MESERAXFEEE, IRALIKMKSAZ, HEEDNPEREILHAR

—ERSTERFERARF ST ANHE

2018=F11819H

AERFFEE L, T RMNERGTEF. HE
BMEAUREEAR, EMIZUAGTHFREM. KEIREFE

KERAL

giitz, 52
x

— £0 L6

8= B,

NETEEGIHE, SANFHEEGHIHE.

MG, Gt RE—

EERE

HHFH, MeEE—TEREZEUSTE IEL.



Good luck in final exam!



Superman/Wonder woman

Computer
Scientist

Good luck in your life!
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Machine Learning

A Probabilistic Perspective

Kevin P. Murphy
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