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Introduction to artificial intelligence, machine

learning, and deep learning
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® Machine learning 27

® Regression analysis

® C(lassification: Methods and strategies

® Neural networks and deep learning

reference: "Pattern Classification, second
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Curriculum Vitae

Speaker Name: Sungwon Jung, Ph.D.

» Personal Info

Name Sungwon Jung
Title Associate Professor
Affiliation Gachon University College of Medicine

» Contact Information

Address 38-13 Dokjeom-ro 3beon-gil, Namdong-gu, Incheon 21565
Email sjung@gachon.ac.kr

Phone Number 032-458-2740

Research interest : Pathway analysis, Systems biology, Machine learning

Educational Experience

1998 B.S. in Computer Science, KAIST, Republic of Korea
2000 M.S. in Computer Science, KAIST, Republic of Korea
2007 Ph.D. in Computer Science, KAIST, Republic of Korea

Professional Experience

2007-2008 Post Doctoral Research Associate, IBM-KAIST Bio-Computing Research Center, KAIST
2008-2013 Post Doctoral Fellow, Translational Genomics Research Institute, USA

2013-2015 Principal Scientist, Samsung Genome Institute, Samsung Medical Center

2015- Associate Professor, Department of Genome Medicine and Science, Gachon University

College of Medicine

Selected Publications (5 maximum)

1.

Jong min Lee, Hye Kyung Hong, Sheng-Bin Peng, Tae Won Kim, Woo Yong Lee, Seong Hyun Yun, Hee Cheol
Kim, Jiangang Liu, Philip J. Ebert, Amit Aggarwal, Sungwon Jung and Yong Beom Cho, "ldentifying
metastasis-initiating miRNA-target regulations of colorectal cancer from expressional changes in primary
tumors", Scientific Reports, 10:14919, 2020

Hyojung Kim, Sora Kim and Sungwon Jung, "Instruction of microbiome taxonomic profiling based on 16S
rRNA sequencing", Journal of Microbiology, 58(3):193-205, 2020

Sungwon Jung, "KEDDY: a knowledge-based statistical gene set test method to detect differential functional
protein-protein interactions", Bioinformatics, 35(4):619-629, 2019

Dongchan Kim, Sungwon Jung and HyunWook Park, "DRF-GRAPPA: A Parallel MRI Method with a Direct
Reconstruction Filter", Journal of the Korean Physical Society, 73(1):130-137, 2018

Sungwon Jung, "Implications of publicly available genomic data resources in searching for therapeutic

targets of obesity and type 2 diabetes”, Experimental & Molecular Medicine, 50:43, 2018
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Regression

Classification evaluation

Decision tree & Ensemble methods

Deep learning
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Machine Learning 2| 7} 7|20] £|l= A
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Pattern recognition
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Pattern classification
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Regression - 2|7, FHHS 2= A

Height Weight Height Weight 110
152 46 172 69 o
154 47 172 68 o0
156 49 176 71
159 52 176 75 0
163 56 177 75 70
165 57 182 83 50
167 59 186 90 -
168 64 189 97
168 62 190 100 v 130 140 150 160 170 180 190

Data source: http://goo.gligDscUQ




Classification - £&, |0|E{ & TiE&dof 2} L= A

+ 7|2 H|0[HE HIY 22 H|O[E & ME2 L}E 22 2 LHR0] HY|

Sex | Height | Weight | Sex | Height | Weight 110

Of R} 152 46 Rt 172 69 100

of X} 154 47 of X} 172 68 o

of X} 156 49 of R} 176 71

Of R} 159 52 Of X} 176 75 ”

OiX} | 163 56 x| 177 75 70

x| 165 57 x| 182 83 60

At 167 59 A 186 90 0

At 168 64 =Xt 189 97 "

Of X} 168 62 =Xt 190 100 130 140 150 160 170 180 190 200
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Clustering - ot&l, HIO[HE &

+ Gj|OJE]| AtO|2] FALE /72| 0] 7]2H5}0] H|<t HIOIE{7|2] RS}

Sex Height | Weight | Sex Height | Weight 110

Of X} 152 46 =R 172 69 100

Of X} 154 47 Of X} 172 68 o

Of Xt 156 49 Of Xt 176 71

80
Of X} 159 52 Of X} 176 75

Of X} 163 56 Xt 177 75 70
At 165 57 =2 182 83 60
At 167 59 A 186 90 0
At 168 64 =Xt 189 97 "
ARt 168 62 At 190 100 130 140




Machine Learning 7| - Regression

Gradient Descent-based Learning
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f(x)=y=ax+b
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Linear Regression
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Loss Function
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Gradient Descent

x & Oi2H0|Ef (w) 2 Z+= CHEat Z2 cost function (y) S &&5tH..

fx)
f) =x*
1.05 Gradient descent
0.80 2 d
f(x) == Y — 9z

0.60 d$

0.40

o2 Tnew = Told — 4 X (2wold)

0'-2 .00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 x
xg =-1 I
A=

http://www.onmyphd.com/?p=gradient.descent
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Gradient Descent £ 0|23t 2|47} 27|

1
flz) =27 Z—y:zp 1—01%2%1=0.8
r 08—0.1%2%0.8 =0.64

0.64 —0.1%x2%x0.64 =0.512
Tnew = Lold — X X (zxold)

Initial weighte

Jw)

Global minimum

<V

W

https://www.kdnuggets.com/2018/06/intuitive-introduction-gradient-descent.html
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Learning Process

* Epoch
* One processing round of the entire training set

* One Epoch is when an ENTIRE dataset is passed through the model only ONCE
* Batch

* Total number of training examples present in a single batch
* lterations

Iterations is the number of batches needed to complete one epoch

batch size

GIOIE] 44
’ 1Epoch ’

+ Learning rate (alpha) € OtH Zto.2 Ag A0}?

o O2H0|E}S YH|0|ESH= A”MS HOtLt B0 BH=g 24000172

Ls

Lnew — Lold — & X (zwold)
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Gradient Descent £ 0| &g Ijj Aslof g 21
+ Learning rate, Epoch 0| L{& 22 A

o |24 cost 0] £EA3H7| M0l learning ZE2AM|AT ELEZLEL, =17 |7FA] 23 AjZto] 2T

100 1 @

-100 -75 -50 -25 00 25 50 75 100

Gradient Descent & 0|82t Iff 35[0 & 21
+ Learning rate, epoch O| | 2 Z 2

+ A2 £3H5tA| 2 57Ut 235]2] Eit6k=s 2742 = U

ojo

1w Hw)

L3

w W
Large Learning Rate Small Learning Rate

https://saugatbhattarai.com.np/what-is-gradient-descent-in-machine-learning/
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Gradient Descent & 0| 8¢t Linear Regression

S oEt0|E S 278t

Cost function 0| 2|43} € of 74| gradient £ 0| 2510{ &t&
C| 0] cost function O] 20| %L}, 32! learning epochs & EMGS I 22

Gradient Descent & 0| 8¢t Linear Regression

m

1 ) .
07 _ — Z(wlx(l) + wy — y“))

5_1110 - m i=1
HMO|2S 025t mtZto|E{E gradient m
o7 _ 1 Sz ® + wg — @)z
owy m P

.|

Tnew = Lold — A X (2xold)

OZAYE A AH

o

loop until convergence{

0
do Gj = 9j — a@TOjJ(HO’Ql)

}

= 2 [l 71| or Loop SHA|Of| ==& if 77E|
o2t &2 YO0 E
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1 9| 1124 Akgk: Overfitting ||

+ Overfitting: =t Ci|OJE{ 0f] atCkSHA| 2| 2{=t -) =2 HIO|E{o]| CHSE off

o
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A A
.
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b B

L ) °

0 . % ®
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> > >
Underfitting Just right Overfitting
Occam’s razor 4 ,

HCP S DWE MY0| TR 39, SR BUS A5t e TSR

11 9| ;mejAfgk: Overfitting 8/

+ Training error & Test error

Testset

Error

Trainset
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1 | ;ejAret: Overfitting 2|4
o 7tSSHH Hhet REAS ARESICt. (Tt2to|E{e| =5 E2ICh)

« Regularization 7|#2] A (2Ho| 23 Z0j I}2 HUEIE cost function 0 %7})

= L1 regularization
1 m ” 9 A n
70) = 5 3 (hoa®) =) + 53210
1= =

= L2 regularization

Training Data & Test Data

o YHEMOl machine learning 2}

Model Performance
Generation Metrics
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Training Data & Test Data

Z0{2I H|0|E{E training data 2} test data 2 L}=0] RS Sh&5ta 5
Machine learning =340{| !0{ 712} I8t

re
=
L=
n
fo
o
=
It

Training data 2} test data £ LI+= H|

Training data 2| A|l&3t

» Trainingdata: 22| &850 AL

5= S E715H 2 1st| 215t

= Validation data: 22 g5 IHH0IM 2=l o

e

2
S

. Model
Training Set Generation

Performance
Metrics

-
Data Set

Test Set

Training Data & Test Data

Original set

Training set

Test set
Training set

Validation set Test set

Training, tuning, and
evaluation

i) O
1y

Predictive ModelJ‘

Final performance estimate
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Training Data & Test Data

+ K-fold cross validation
&t% H|0|E{Z training data 2t validation (or test) data 2 K # LH=0{ AF2
tH A

=~

o
okl

T2

1]
or
N

|E2 ALE

S HolEle Y

=

£ 13O training/test data 2 L+z0 (2} LA4SH= bias £ 3T
L
o

H
=
Qo] njatnjE| §

Training Set Validation Set

Validation Set

Validation Set

Validation Set

Training Data & Test Data

+ Leave one out cross validation (LOOCV)
Cross validation Of|A validation/test data | 37|7} 191 A< - &t tHoj| 5t 72| Cf|0|E{2t validation/test
data 2 AI2

<« total samples——— >

iteration 1/N: H |

iteration 2/N: ||| |

iteration 3/N: | ” |

iteration N/N: | ||
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Logistic Regression for Classification

o HO|E{E 1AM M2 CI2 5 278 OfZA 78 & 4 U7

Epochs 3400

1.2

I e DeC|S|on Boundary|

1 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0

GIF: University of Toronto

Logistic Regression for Classification

ME L2 23S FEshs 45 a0 Bt

12 , Epochs 3400

[ — Decision Boundaryl

1 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0

GIF: University of Toronto
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Logistic Regression for Classification

Epochs: 3400

| — Decisiion Boundar‘y|

Y =wy+w; X

1 1 | |
0.0 0.2 0.4 0.6 0.8 1.0

GIF: University of Toronto

Logistic Regression for Classification

f(X) =Y=W0+W1X

i >
Status = {(1) if fl) 20

otherwise
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>
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>
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Logistic Regression for Classification

, B 4245 = HS

7| &2 (0) 22| 2{0|Z O{EA ZOLS0{0F S5t=7F?

o Linear regression @ 2 $IC} =
f(x) =0 8 7|70 2 HEFI} 3,

Target function 2 &2 ¥

f(X) =Y=W0+W1X

Epochs: 3400

] >
Status = L if f(z) ._ 0
0 otherwise

0.8

Logistic Regression for Classification

+ Sigmoid (Logistic) function 2 AlE5t0{ &2 B354}

5 g pztoz Wl

0|27} %

SHEN 2 S QCHL Sfof

10

https://goo.gl/38SsHw
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Logistic Regression for Classification

o FHEERE 2ol M T (2) UIA logistic function & 0| &%t &= (h) 2 HEt

—

Yo
he(r) = g(2)

where:

10
.
/
1 . /
e — 04 /
/
14 e—2 -
i N

75 so 75 o

Z = WoTo +Wixy + - + WpTy

=0"x

0 < hg(r)<1

Logistic Regression for Classification

2HEZ (h) of 2/t classification

-100 -75 -50 -25 00 25 50 75 100
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Logistic Regression for Classification

o TiRHOJE BH&5})

1

h,g(ZU) — 1+ e_ng

T
0" x = woxo + w11 + - - + Wnxn

y=20orl

TR A

)

Cost function 2| 49|

Cost function 2| gradient A4t

Logistic Regression for Classification

o SHOO|E| ZOIE0||A{2] cost & L3} 20| He

Cost, .‘

3 \
2 \
1
0
[ 02 [ 06 Y]

= h
—log(ho(z)) ify=1
—log(1 — hg(x)) ify=0

Cost(hg(x),y) = {

Cost’

N /
2 /
1
0
00 02 04 06 08 10
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Logistic Regression for Classification

—log(hg(z)) ify=1

Cost(hg(z),y) = {710}7‘(1 ~ he(a) iy =0

+ Cost function
= y=10r00|2Z, cost(h,(x).y) = —ylog(h,(x)) — (1 — y)log(1 — h,(x))

J(0) = %iCost (hg(a:(i)),y(i))
i=1

= 3 Ty logha(®) + (1~ ) log(1 — hy(a¥))
=1
1

find 6, where Hbm J(9) h@ (IL’) = m

+ 0] cost function /& Z|A3SI5t= Ti2I0|E] 0 & 27| 2510 T 0| 251H,

8 1 & N G . _ :
370 =—3 (Ro(a®) - y©) 2 0| gradient £ 0|235}0] learning!
3 i=1

2-2. Machine Learning 7|2 - Classification
Evaluation
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Classifier Evaluation

o 712704 - Confusion matrix (& )

= A3 class 2t 0| = class 2HEQ]

U2| I4=E matrix JEI 2 HHA

Prediction
Positive | Negative
iti True False
Actual Positive Positive | Negative
Class Negative | _False True
Positive | Negative

*

*

*

*

*

Metrics for Classification Performance

Accuracy (H&tx)

Error Rate (2Z18)

Precision (X&)

Specificity (£0| k)

Sensitivity (IZT)
(Recall)

Actual

TP+TN Class

Accuracy=
TP+TN+FP+FN
FP+FN
Errorrate= ————  =(1-Accuracy)
TP+TN+FP+FN
. TP

Precision=

Specificity=

e TP
Sensitivity=

1p+EN (IPR: True Positive Rate)

TP+FP (PPV: Positive Predict Value)

T
TN+EP (TNR: True Negative Rate)

Prediction
Positive | Negative
. True False
Positive e -
Positive | Negative
Negative False True
Positive | Negative

(A & AE

HH AU S A= & o

X
joi
-
=2
o
o

0
A
[

HAH YOI AS S Y2 AA S E HIE
= Ot 30| 2 oIS3=

= AT

Al)
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Accuracy 22| C}E Metric 24 0| /&7

+ Class 227} bias £|0] L= HIOIE{7} 7| W2

o Class e HEtzo| WPt o7t Y=HR S

o OfAl:
« {3t SIALA DAL HA H|E 3%
. BHHE Q2| QIAtO| BHHE 2%
il

O|H| Y =412t & 2% T E4S T1Of

E35F Metric

+ F1 score (F-measure)

= Precision 2} Recall 2| ¢t A|# (harmonic mean)

Prediction
precision * recall 1 0
F]_ - 2 1 True False

precision + recall Actual

Class 0 False True
Positive | Negative

Positive | Negative
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Receiver Operating Characteristics (ROC) Curve

+ Classifier 2] threshold

+ Logistic regression, Naive Bayes S} 0| classification 7|2

£ Y5104, sensitivity ~ specificity &

100% e
—— Positive
-~ Data | Class | Prediction
ao (Threshold)
1 P 09
2 I 08
50% 4 / .
N /
Py 2 / 3| N 07
- — /'
22 ol / a | @ 06
- /
24 / 5 P 055
o o /
) / 6 | N 054
E 20% 4 |
= [ 7| N 053
8 | N 051
0% T N T N
0% 20% 40% 60% 80% 100% 9 P 05
False Positive Rate L o4

(1-Specificity)

Mgt

27 7153 BH0| HE Iks
Sensitivity(TPR) = P__TP
ensitivity _TP+FN_ P

FPR = 1 — Specificity(TNR)
TN TN

=l =1 %
Prediction
1 0
1 True False
Actual Positive Negative
Class 0 False True
Positive Negative

Summarizing ROC Curve

+ Area under curve (AUC)
= ROC curve 3}2to| 10|

Q122 AFCHO|| 204

—"1 O -

= Curve 7t

ROC
1

09
0.8
0.7
0.6
0.5
0.4
03
0.2
0.1

0

0O 01 02 03 04 05 06 07 08 09 1

USTE, st Hol7t dE2rE 52

M=2 o|glal
ds2 20
1
08
2 061
B
g — NetChop C-term 3.0
8 04l — TAP + ProteaSMM-i
= — ProtcaSMM-i
02}
oLl [ T R R
0 0.2 0.4 0.6 0.8 1
False positive rate
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Machine Learning 7|2 - Decision Tree &
Ensemble Method

e DataE & 1E

Day

Weather

Sunny
Cloudy
Sunny
Cloudy
Rainy
Rainy
Rainy
Sunny
Cloudy

Rainy

St

Decision Tree Classifier

Temperature | Humidity Wind
Hot High Weak
Hot High Weak
Mild Normal Strong
Mild High Strong
Mild High Strong
Cool Normal Strong
Mild High Weak
Hot High Strong
Hot Normal Weak
Mild High Strong

No

Yes

No

Yes

No

No

gt o= QU= o{2] decision THAIE B tree & 74

Sunny :

Humidity
N
High Normal

Yes

Weather
Cloudy

Rainy

Yes

Strong

‘Wind

Weak

Yes
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Decision Tree Bl

+ OIO|E{E 0] 235}0] tree 2] splitting point & M

=0 = A01?

© Of 22| 27 0 L] 25 0|F HO|E(| BHES I 430 &

—_

o WO|AMEE=7IE: OfH ZE0| Hel 22dS

= Information theory-based algorithms (ID3, C4.5 &)

=

Q1712

Entropy

+ Entropy
- RAMEYE
- JHEEI S S UA=FERAS

+ Entropy 7t 3Lt =
+ YEO L0| HL.
+ B9 7t HLE

- o EEASICL
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Information and Information Entropy

+ Information

1
1) = log, <m)

+ Information entropy H(x)

H(X) = E[1(X)]

= E[~log(P(X))]
= > PGlog(P(x)

Information Gain

Info(D ZPL log, (pi)
A Ho|E| Do| BT

Infos(D Z' J|>|<Inf0 D)
M AR EEA| HEE
Gain(A) = Info(D) — Infoa(D)

Ao He 4

din
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HIoJE] MAje] Y2

Day | Weather @ Temperature Humidity Wind Play?
1 Sunny Hot High Weak No m
2 Cloudy Hot High Weak Yes —_ i i
| h(D) = = pilog, by
3 Sunny Mild Normal Strong Yes :
4 Cloudy Mild High Strong Yes =1
5 Rainy Mild High Strong No
5 5 5 5
6 Rainy Cool Normal Strong No — logz + logz
7 Rainy Mild High Weak Yes 10 10 10 10
8 Sunny Hot High Strong No
9 Cloudy Hot Normal Weak Yes = 1
10 Rainy Mild High Strong No
“Yes” class Ofl Ci3t 282 “No” class 0ff CH2t £
[ [ d H [ [ d o i
Information Gain 7|t Decision Tree 2| =%
o CIOJE] 220| AR 7H53H ZH 4 S £, 2.2 0]H [jH] £32 0|5 HEYS HIIHO| S0 S 4 Y=
47t tree 2| &0 2= 20| {2
= Z|&9| decision tree 7152 NP-complete problem
= Greedy approach §2| heuristic 2 Y402 ALE
Day & Weather = Temperature | Humidity = Wind | Play? 117:” E"OlE‘IO'"A1 Wind E 6|*: 4—?—Ql information gain
1 Sunny Hot High Weak No
2 Cloudy Hot High Weak Yes . .
3 Sunny Mild Normal Strong Yes Galn(Wlnd) = InfO(D) - InfOWind(D)
4 Cloudy Mild High Strong Yes
5 Rainy Mild High Strong No Info(D) =1
6 Rainy Cool Normal Strong No
7 Rainy Mild High Weak Yes
8 Sunny Hot High Strong No InfoWind (D)
9 Cloudy Hot Normal Weak Yes
10 Rainy Mild High Strong No = 10 lnfo (DWlnd Weak) 10 InfO (DWmd Strong)
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o SHREO| AN ALESIA| ¢

¢ 0|9: 9

0

+ AH[ghE of5 HIOlE

= A|SH=

+ 02 classifier £2| Z

= EH averaging, ...

SHEl omputlng resource

Ensemble Method

2, o2 R Se| 2SS

5141240 2 optimal classifier & 27| 81§11, 5 22| 42

Xsts

t0] class 0f|

2 local minima classifer & ZH|

Final prediction

«— | ° o

Meta-Classifier

|

P¢

} }

‘ Training set |
L )
Y
—_— [ = ;
S5 Classificati y =
- — o & . OE
l prediction l l
Predictions PS

pr—

0{2] Classifier Instance &

Bagging

IAS o
H= T

+ Bootstrapping: &5 C|O|E| 22 E 2|9| subset LIOIE|E N /i £&

+ Bagging: Bootstrap 0f|A| L} subset C|O|E{2 N 72| RE S &

training sample

eo000
[ 1 21010
[ I JoT 1) classifier 1

eocee
eeoe0
eoco0
TS
ececee

—

classifier 2

ooo0®
00000
L L Jof I ] classifier n
(I XX 1]

bootstrap samples

|3t Bootstrapping &

test data
[ ]

s

@
e
ensemble

classifier

X
[)
]

|

predictions
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Random Forest

+ Random forest: Decision tree + Bagging approach

o 042§ 72| tree (forest)

S o Cx-X =L oy =]
o AHSHHME 2 458 2057 HEH ensemble 23
X dataset
N, features N, features N, features N, features
TREE #1 TREE #2 TREE #3 TREE #4
CLASS C CLASS D CLASS B CLASS C
I I I |

Machine Learning 7|2 - Deep Learning
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THE Building Unit of Deep Learning (and Artificial Neural
Networks): “Neuron”

Neuron

impulses carried

toward cell body

branches
of axon

I e
axon \_J_ axon
~ terminals

_2

Y
Ny

\ impulses carried
away from cell body

“Artificial Neuron”
o wo
synapse
woTo

axon from a neuron

cell body

f (Zw,x, +b)
Zwizl +b :
i

output axon
activation
function

" Artificial Neuron” - Perceptron

Activation
function

Fundamental unit of a Neural Network

O
@

I T Q—/
‘ _T 1 if ): wx, >0
. output = i=0
. n -1 otherwise
) weights ;:‘ ifi

Inputs
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How Perceptron Works

10
- B If output > 0, then @
ol S, If output < 0, then @
."o;:?.:l-- : . L T
e .o: ) %q,?!---:o.”
S " e
o radntleay 2 . 0
o ., :' -.":l::'&e.-"t |£ ,'-'::a:u" R b
R .'.o?tq.’ o § z‘-"f:. . L
2l . . e w
.’,‘, % ;::". ¥ ;"l'.':"-,' . w2 Q
ol ) - . .'-. . -. .
2 1 z 3 4 5

Wy XXx;+wy,Xx,+bXx1=0

A linear classifier

Going Nonlinear

Classic
Perceptron !

8
Sigmoid
3 Unit

Ry 0.4
Nonlinear activation function J
):2 - = =
- O
net =2 w; x; 1
St 0 = O(net) =
-net
l+e
l'"
Various choices
....... - . s
0.5 /
y 1
0 io
/| |~ Tanh |
-05 ]| |—sigmoid 4l
= 5 — Softsign a3
-5 25 0 25 5
x
Sigmoid tanh Hard tanh Soft sign

rectifier

-42-




Combination of Neurons for More Complex Space
Separation

Linear classification

XZ
[ ]
)
[ ]
° [ ]
&
.. Y
[e) o o
o~o
o Op
Tx, We need more than linear classification here.

3 hidden neurons 6 hidden neurons 20 hidden neurons

Figures from Stanford CS231n github

Neural Network

+ Combination of multiple logistic regression
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Neural Network

+ Output can be summarized into another logistic regression.

- hw,b(x)

Layer L,

Multilayer Neural Network

+ Why not going further for even more complex problems?

l

hyp(X)

|

 J LayerlL,

LayerL,
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Multilayer Neural Network

XS
K
',‘
O

N
X/
o

VAN

)
{

)

SO

\ output layer
output layer

input layer input layer

hidden layer hidden layer 1  hidden layer 2

Feedforward Neural Network

+ Connections between units do not form a cycle.

L

= Information always moves one direction.

Input Layer

Hidden Layer

Output Layer
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Recurrent Neural Network

0
O ot—l‘ 01‘ Ot+1
A
T Vv \% VT
O ud 4% _ -1 = 5 ‘_Osm -
:) — —> wox W T W
X

Unfold
U U
x!

-1 t t+1

o N

c

Cycle

X
By unfolding, it can utilize sequential information.

- Sentence

- Voice

- Video

- Other continuous signals (where a current input depends on
previous status of input)

Figure from wildml.com

Deep Learning?

+ From Wikipedia:

“Deep learning is a branch of machine learning based on a set of
algorithms that attempt to model high-level abstractions in data by
using multiple processing layers, with complex structures or otherwise,
composed of multiple non-linear transformations.”

Diagonal

Line
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Conventional Pattern Recognition

+ |. Feature extraction
+ |I. Classifier training

True answer:

giLt

Training

- o
Feature extraction -

Deep Architecture

+ Features (including abstracted features) are learned during the model training process.

= Various levels of abstracted features by multi-layer representation

True answer:

gfiLt

Ty

'

—

Lower layer Higher layer
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Deep Architecture

+ Learning multiple levels of features through layerwise models

True answer:

2flLt

Layer
3

Deep Architecture

+ Learning multiple levels of features through layerwise models

True answer:

gflLt

Layer
—-— 3

1 Image from [Lee 09]
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Deep Architecture

+ Learning multiple levels of features through layerwise models

True answer:

2flLt

Layer
3

/! \
I \
"5.‘!':

G .

Image from [Lee 09]

Show It Be Deep?

Can be more efficient for “simple”, well-structured problems.

Training
classifier
Feature extraction -
Layer
—_ 3 —_
Lower High Higher
level feature level feature level feature

With more representational power, it can be appropriate for more complex problems
accompanying complex, hierarchical concepts.
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Difference

Learning process

Training
classifier

—_—
Feature extraction -

Layer .

Lower High Higher
level feature level feature level feature

Learning process

A Deep Architecture

With multilayer structure of nonlinear
modules, it can approximate highly

complex nonlinear function.
Output layer

- Gives predicted output

ol s

112 Hidden layers
- As going up, more abstracted
representations of data are learned

X < Input layer
- Raw information from input data
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*

*

*

Convolutional Neural Network

Handwritten digit recognition (LeCun 98)

A neural network architecture that utilizes the characteristics of images - locality.

Convolution: Retrieving features from local regions

Pooling: Dimension reduction & combination of local features

Pooling Convolution Pooling Fully

Feature extraction

Fully Output Predictions
Connected Connected

L I P - dog (001)
, r cat (0.04)
T = "—_ boat (0.94)
H bird (0.02)
| ’
(] (m] L ALY ) S S -

I
Classification

Feature representation

3rd layer
“Objects”
2nd layer

“Object parts”

1st layer
“Edges”

Pixels

Convolution Layer

+ Locality of image
= Each pixel is related to only relatively
small neighborhood region.

= Local connection

+ Stationary characteristics of image

= Certain characteristics are consistent

across regions.

= Shared weights
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Convolution

1/1,/1,/0|0
0,1/1(1|0 4
0x1 oxﬂ 1x1 1 1
0(0j1|1|0
0|1|1(0]|0
Image Convolved
Feature

http://deeplearning.stanford.edu/wiki/index.php/Feature_extraction_using_convolution

Convolutional Neural Network

Input image
“

Overlapping image tiles

4 =.§émlﬂﬁﬁ§ﬂ
g b bdsE ol 1]
TS e VI N
“MJIH“H{'_!T
ﬂfﬁm-ﬁﬂ-ﬁ;fuu.ﬁ;
o
EESEEENEEE

Images from https://medium.com/@ageitgey/
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Convolutional Neural Network

k== £ O P Y N
LT P
TSR | ] ks
=
&

Small Neural Net
(Shared Weights)

Output Array

5 O e -
I s
B2 I

Overlapping image tiles

Input Tile
Qacy

Small
= —— > Neural ——
h Network Convolution

Images from https://medium.com/@ageitgey/

CNN - Activation Layer

Input->Convff> ReLU -} Con ReLU Yool ffReLU -Jconv gfRelLU - ool ->Fully Connected

Activation Layer

- Conv Layer HF2 CHZ 0| AF& St nonlinear layer

—
(Conv layer2| output2 activation mapO|2t11 £ 2= 0|F!)
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CNN - Activation Layer

Activation layer 0f| nonlinear function & A

Hot 0I5t &2 7ks

linear

= — =1 =
et 2 M H|0|8 SZHte| 2ot o
Y linear b non-linear
A A i
i s PeB
y | |- Ggg B0 g D
ey L LY ¥ Sy
++++++ /g @ og .. ~fegpo
R L Bt e e
/ a g — <+ o
a ~t+t1t anmg g8 -+ 50 )\ Ha
m T o T4 4| By
S0pn pop gu "-‘nn bt 2e
® o nopg o5 O g t+m om
Opn g a - e Bopfo
=] ggunugu n':Fn
» X » X

universal function approximator.

http://www.statistics4u.com/fundstat eng/cc _linvsnonlin.html

o

CNN - Pooling Layer

Pooling layer

* Too many pixels and features
* Reduce dimension by subsampling
» Prevent overfitting

Max Pooling

~ [l
A
-~ &

Activation Map

- - %ﬁ::&l

8 I

I E

Original image

Convolution 5x5

subsampling
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Convolutional Neural Network

L0000

Fully-connected
Convolution Neural Network /—\
Likelihood j
M

Input Image

2

o

Max Pooling

\

R0

GO0

o
[«
¢
[
[«
[«
[«

Feature extraction Classification

Images from https://medium.com/@ageitgey/

Today’s Popularity of Deep Learning

+ Recall that neural networks and their base theories have been around since 60’s.

«+ Difficulty of using deep neural networks
= Lack of dataset large enough to train such complex models
= Lack of computing power to train complex models with large dataset

= Lack of efficient learning algorithms

+ Since 2000’s

= Large datasets become available
« Internet + mobile) Facebook, Google, Instagram, Twitter, -
« 10T) Huge data collection sources
= Etc
= Huge computing resources become available
= HPC, multicore architecture, GPUs, -+

= DBN and many new efficient algorithms
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Training Deep Neural Networks - Backpropagation
Algorithm

+ Example) 3 layers, 2 inputs, 1 output

Training a neural network model:

Given a training data {(D;, z)}, finding the weight values in the network that
minimize the difference between the desired output and the output from the
network.

Backpropagation Concept lllustration

+ Training starts through the input layer:

Vi = [ 00y + Wiy ¥a)

+ The same happens for y2 and y3.




Backpropagation Concept lllustration (cont’d)

+ Propagation of signals go forward through the hidden layer:

Vo= Si0Or vy +wy vy + 9wy, v3)

+ The same happens for y5.

Backpropagation Concept lllustration (cont’d)

+ Propagation of signals through the output layer:
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Backpropagation Concept lllustration (cont’d)

+ Error from the output layer neuron:

Backpropagation Concept lllustration (cont’d)

+ Propagate error back to all neurons.

Backpropagation:

Propagating error derivatives backwards, updating weights.
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Backpropagation Concept lllustration (cont’d)

+ If propagated errors come from multiple neurons, they are added up:

O = W40, +W505

+ The same happens for neuron-2 and neuron-3.

Backpropagation Concept lllustration (cont’d)

+ Weight updating starts:

dfe) |

Wy = Weepyy + 770,
(e = Wean L gs

df,(e)
W o = Wy + 6 ——=x
(x2)1 o1 TT70; de 2

+ The same happens for all neurons.

Z} layer 2| parameter 0f| L3t gradient & chain rule derivative & 0|85t0 Eat40 2 A4t

ts
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Backpropagation lllustration (cont’d)

+ Weight updating all the way to the output neuron:

df.(e
W= Wy +17)0 s ()
de

Vs

.df,(e
1 ¢ Wsg=Wss +10 6(©)

Vs

CNN: Backpropagation

Backpropagation
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A Key Point in Deep Learning

+ Deep neural network is a very complex model (with many parameters to be optimized).

+ Can easily lead to overfitting.

O data
— target
= SN
O data
— 2nd order fit
— 10th order fit

Restricting Model Capacity

+ Restricting the model complexity
= Limiting the number of layers
= Limiting the number of neurons in each layer

= Sharing weights

+ Other learning techniques to avoid overfitting

Training Set Accuracy

Accuracy

Overfitting

Test Set Accuracy Early Stopping

Epoch

/ >

Early stopping
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Shrinking Model on the Fly

+ Dropout

(a) Standard Neural Net

Srivastava, Nitish, et al. "Dropout: A simple way to prevent neural networks from
overfitting." The Journal of Machine Learning Research 15.1 (2014): 1929-1958.

Shrinking Model on the Fly

+ DropConnect

No-Drop Network DropOut Network DropConnect Network

Li Wan, Matthew Zeiler, Sixin Zhang, Yann LeCun, Rob Fergus
"Regularization of neural networks using DropConnect.” /CLML, 2013.
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Summary on Deep Learning

Deep learning works better than simple systems because of its hierarchical abstraction of
data information.

= Can be appropriate for problems implying various concepts that can be hierarchically abstracted.

Essentials of deep learning
= Large-scale training data
= Enough computing resources

= Efficient training algorithms

*

*

*

Considerations in Deep Learning for
Biology/Biomedicine

Correct understanding of a target problem
= What is a data instance?

How many classes?

Selecting a proper learning model

Do not think the deep learning is always the best solution! (Because it is not)

Checking data availability / feasibility of data collection
Positive and negative control

= Class imbalance

Designing proper learning architecture and strategies
Selecting appropriate models

= Appropriate architecture design
Effective learning strategies

(These are usually THE KNOW-HOW / SPECIALTY of deep learning specialists.)
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Thank you!
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