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‘ What is AI?




What is AI?

Artificial Intelligence (AI) is

related problem

Artificial
Intelligence

using computer to solve the intelligence-

Al=Find function

Speech recognition

(OO ) _ 0o

Image recognition

-1

) — "Catll

Game prediction

f( - ) = "Move left and shot”
3
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Deep Learning

Examples
» Self-Driving
> Face o ol e
» Speech A

> Medical Image
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https://www.2cm.com.tw/2cm/zh-tw/market/467B41145F5A4E3C880499625CD3949C
https://zh.wikipedia.org/zh-tw/%E8%AF%AD%E9%9F%B3%E8%AF%86%E5%88%AB

Deep Learning

LI SERB/FEAISE _ B
& iEiE(0/1)> BEE G (FIE)

- HEMOLiZREEHSERELE
¢ ZEBWEREEM:
1956: A TEE3EYSE - 1986 - Hinton FREFIRF L 7 K@FHESFE ( Back Propagation) -
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- HIREHFSE LSRN
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https://suipichen.medium.com/%E4%BA%BA%E5%B7%A5%E6%99%BA%E6%85%A7%E5%A4%A7%E6%AD%B7%E5%8F%B2-ffe46a350543

Deep Learning

History !‘EE

2007 :
ILSVRCtE 3 (ImageNet )
Google, MS & §-= 3

2006:

Hinton # & TR ok @ 2 T 48

(RBM) #RMEHELESL
i 3% (Deep Belief Network)

gk $ AP mis - b
A ¥ LFRES HDeep

learning)

2007:

1993

CUDA (NVIDIA):
C< > CUDA<—>GPU

Error [best of § guesses)

@ =
@ =4
@ =il

2017:

DGX T 1F 2%

9 & Tesla V100

400 35 CPU

2017:ILSVRCE: 4511 - Has
T 1% PR E ok #(96.4%)

2012: Deep
learning+GPU
fiImageNet A #4 5

ImageNet 2012 competition:
1.2M training images. 1000 categories

03 Top 3 teams
0.25

0.2 HUQ*{
0.15 gain

0.1
0.05

[

Smer"."-mn A OXFORD_VGG

Explodtad hand-coded leatures like SlFI'

Reference’



https://suipichen.medium.com/%E4%BA%BA%E5%B7%A5%E6%99%BA%E6%85%A7%E5%A4%A7%E6%AD%B7%E5%8F%B2-ffe46a350543

Deep Learning

DL vs ML

Machine Learning

i

563
<)
€4
o~

R

Data Input Feature Extraction Classifier

Referencg


https://www.quora.com/What-is-the-difference-between-deep-learning-and-usual-machine-learning

eep Learning

® 0val @ Round @ Irregular

@ Paralell @ ot parallel

® Circumscribed

@ HNot drcumsaibed

@ Abrupt interface
@ Echogenic halo

Margin | Echo Posterior

@® Anechoic @ Hyperechoic
@ Complex @ Hypoechoic
@ Isoechoic

@ No posterior acoustic features
® tnhancement @ Shadowing
@® Combined pattern

®: ®2 03

009019290301 095056




Deep Learning

DL vs ML

& o oY

N7 N 7h ANZL AVy7

= WX/ WX/ WA

;E? 20\ @ /1N g AN Dog
Nl A\
PN\ o N\ o N

Data Input

Feature Extraction + Classifier Output

Referencg



https://www.quora.com/What-is-the-difference-between-deep-learning-and-usual-machine-learning

Deep Learning

(¥ MainWindow

Open
Detection Speech




Deep Learning

DL vs ML

Deep neural networks

Medium neural networks

Performance

Shallow neural networks

Traditional machine learning

Reference

Amount of data



https://medium.com/@tanmayshimpi/difference-between-ml-and-deep-learning-with-respect-to-splitting-of-the-dataset-into-375d433ee2c8

Deep Learning

GPU o

10,000

Iris detection CPU vs CUDA

i 2
il
S0

#& CPU O CUDA

13



Deep Learning

Biological neural networks

» To understand how deep learning has progressed, we may first look at its
inspiration, the neuron

B

output )
DR Fa

H RV AR STTRYESS Reference



https://zh.wikipedia.org/wiki/%E7%A5%9E%E7%B6%93%E5%85%83

Deep Learning

Reference
ffﬁ% Dendrite X].

e T HE

(Cell body / Soma) - . l %%Synapse

Neurons
» Have K inputs (dendrites)
» Have 1 output (axon)

> If the sum of the input signals surpasses a threshold, sends an action
potential to the axon

Synapses
» Transmit electrical signals between neurons =


http://bangqu.com/L63Zkw.html

Deep Learning

Neural Network

X1 Wi1




Deep Learning

Neural Network

VK

17



Deep Learning

Neural Network

1>2y=>0 y=0,1,2
red green blue
YR YR
—/ —¥1|0.6 1 0 0
—(/ — ¥, 0.2 <:> 0 1 0
—()—y; 0.2 0 0 1
- NS AN /

prediction label



Deep Learning

Fully connected neural network

Input Layer 1 Layer 2 Layer L Output
= = 7 - . —7
VA ALy — Y,
o @ - L

Input ~ Output

Layer Hidden Layers Layer

19



Deep Learning

Matrix computation
4 098 o
1 IJ: f ) . Ji—* Vi
Xu|
1 &f | e Jj_. Y,
0

o )+ Lol ) = o

Sy

—

%]

20



Deep Learning

Feed image pixel by pixel to DNN is not efficiency
Can we have better solution?

) hidden layer 1  hidden layer 2 hidden layer 3
input laver

5 output layer




Deep Learning
CNN Concept

convolution + max pooling vec
nonlinearity

l

0O 000O0CO0O0O0ODO0CO

coooo00d8b8468

-

|

convolution + pooling layers fully connected layers

sunset

Nx binary classification

22



Deep Learning
The Whole of CNN
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RS RS

(-1x3)+(0x0)+(1x1)+
(-2x2)+(0x6)+(2x2)+
(-1x2)+(0x4)+(1x1) =-3

Destination pixel

/
/
0
/
/
2
==
0
=l /
- o
6
/
/
Convolution filter

(Sobel Gx)

/5/4vo<5/4/0/ \e\
\= /v_\.«y}zf/,,,/ =
o\e\=\ o\ e\ <\e\ <)
oo\ o) o ol el ol o)

Source pixel

Extract some features on specific local area

Deep Learning

Convolution



Deep Learning

Convolution

Convolution parameters

> Kernel size (Filter)

> Stride
« Amount of filter shift

» Padding

« Padding zero on image boundary

« Remain the same size after convolution

4 olo [o [ofoo
olo o [o]o o

=]
[ ]

32x32x3
36

O Do o|o|o|a|la|lo|SD| S
olo|lolaolaolao|lo|laola|la|la|le

[T e e e e Y e Y e
Lo T e O e e O O e O e Y e e

4
L J

36

7 %7 Input Volume 5 x 5 Output Volume

Size = 3*3 stride = 1

7 %7 Input Volume 3 % 3 Output Volume

r

25

Size = 3*3 stride = 2



Deep Learning

C uti 1 0|1
onvolution ol1lo
: 1 01
Kernel and stride
Kernel = 3*3 , Padding = No, Stride = 1 Kernel = 3*3 , Padding = No, Stride = 2
1/1/1/0]|0 1/1(/1(0]0
0/1/1/1|0| |4 o|1|1|1]0
4| 4
0/0,/1|1]1 0{0|1|1]1 .
0|0(1|1]0 ojoj1|1|0
011{1|0]0 o/0(1(1|0
Image after Image after
Image = 5*5 convolution Image = 5*%5 convolution
= 3%3 = 2%2

Image = W*W, Kernel(Filter = F*F), Stride = S

new_height = new_width = (W —F +1) /S (if 1.5 = 2) Referenc2e6



https://medium.com/@icecreamlabs/3x3-convolution-filters-a-popular-choice-75ab1c8b4da8

Deep Learning

Convolution

Kernel and padding

Kernel = 3*3 , Padding = No, Stride = 1

1::1 1><EI 1><l 0 0
Oxﬂ 1><l 1><El 1 0 4
Oxl Oxﬂ 1><l 1 1
0|0(1{1]|0
011(1{0]|0
Image after
Image = 5*5 io;:glution

Kernel = 3*3 , Padding = Yes, Stride = 1

0|00 (0 (O
OO0~ |O
el el Ll Ll Rl K =]
= =]
o|lo|r|O|O|O

O|lo|lo|0Oo|—=|—|O
OCI0OI0O0O|I0C|O0(O

Image = (5+2)*(5+2)

2121211
1/4(3|4]1
1(2(4|3|3
012|342
0(1(2(2]1

Image after
convolution
= 5*5

27



Deep Learning

Pixel in Image

Each image contain many pixels
» Each pixels compose red, green, blue(RGB)

Each channel have brightness levels between 0~255

Pixel (1, 0)
red:6 green:250 blue:7
(1L.e. shade of green)

Pixel (4, 2)
red:241 green:252 blue:23

Pixel (2, 3):
red:247 green:250 blue:237

28



Deep Learning

Pixel in

Image

3d-tensor

28 pixels (height)

2d-tensor

1d-tensor

W Mo oo o o o
\c.oﬂaoﬁ...—ﬂl"l | Py =

L ol ettt el
s :.1.1'1,.1.1.1,1
... ya'n'sn's'n'‘n's
chi'e'n'a'n'n\n's
,::“l”l“l“l"l“l“l
.‘::.I.-.l.-.-.-.-
.::.l.l...l.l.n.-
:.:I.-.- m'n'n'n
ya'm'n'n'n'‘n's
N AN NN N

‘n'n'n'n'n'n's
‘u'm'm'n'n'n'n
‘n'a'n'n'n'n's
‘m'n'm'n'n'n'n
‘m'm'm'n'n'n'n
‘n'a‘n'n'm'n'n
‘m'n'm'n'n\n'n
TNNNNNNT

28 poels (width)

3 channels
[RGB}

Color Image
(RGH)

6d-tensor

S5d-tensor

4d-tensor

29



Deep Learning

Pixel in Image

-y

A image is a 3D-tensor

= [image width, image height, image channel(feature map)]

30



Deep Learning

Pixel in Image

== [batch size, image width, image height, image channel(feature map)]

dd-tensor

A Batch of images is a 4D-tensor
31
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1

1

[
Filter 1
|
Filter 2

1
a

| H|J]Oo|lOo|J]Oo|]O| O
—i
O| A | O | | |
— d
0|001000
— d
g lo|lo|-|o|lo]|-
1 g
nulOlOOlO
— d
nllooloo
— (@ (@ — 00_
i Bl A el

Color image

Deep Learning

Pixel in Image

32



Deep Learning

Pixel in Image

Height H

faature
maps

F convolution filters
[KxKx3]K=3o0r5

-
S om-m- -
et R,
- .-
——

eeesasescsescssmssmsmsssssweesssasnn T ool f T TNl s W e W

A Width W
s g Number of filters F
.'-‘;:L ’- E a :
B i =) ':; ' Input Layer (RGB pixels) Convolution Layer Output
[HxW x 3] [HXWXF]

assuming stride=1 and zero padding
33



Deep Learning

Pixel in Image

Convolution vs Fully connected (# of parameters)

1/o0(o0f|0|0|1 1[(-1]-1](-1]1|-1/Q¢- : .
ol1lololzlol| [2]a[a][afafa]) it 22 fllter(neuron) count
cjoj1j1j0jo o N I N N ] 2 3(a ‘;j'-z 1
1(oloflo]1]0 € € € /
0j1]ojof1]o0 2 I O 4 (3x3+1)x3 =30
0j0j1]0[1]0 ERIERERTEN .
image filter bias
W X h

1|lo|ojo|o0]|1

ol1|oflo|1]o0 (36+1)X3=111
FuIIy- olo|1|1|0]|0 : . I t+ b
connected |1lololof1]o previous pixel coun 1asS

ol1|o]o|1]o0

olo|1]of1]0




Deep Learning

Connection and Weight

/1)
v" \

v’/. \l‘,‘

Hidden layer ? , ,
/ \ / ‘\l vl" \“
/y/ \',\‘ ‘ / l\.
A \‘. / \\
l" \\ v'/ ‘l.
| \ / \

Local connectivity mputyr 00000 OO

Local connectivity

Hidden layer

Wi i Ws fwo\ Wy | W,
W2 \wy W3/ W,
Input layer . . . .

Without weight sharing With weight sharing

35

Weight sharing




Deep Learning

Convolution Processing

1/o0|ofos0
oO|1|0fO0|1
ojoj1f1|o0
1/0|0(0]1
0|1({0|0]|1
0|0|1]|0|1

6 x 6 image

3 [
4 [
7 [0
1
10
13
14

15 Only connect to 9 inputs,
16 not fully connected

36



Deep Learning

Convolution Processing

;@
S/II/II s -1

10
13
14

15
16 Shared weights

37



Deep Learning
The Whole of CNN




Deep Learning

CNN - Max Pooling

1(-1/(-1 -1(1 (-1
-1 1 |-1| Filter 1 -1 1 |-1]| Filter2
-1(-1(1 -1(1 (-1
3 -1 -3 1 -1 -1 -1 -1
1 0 -3 -1 -1 -2 1
-3 0 1 -1 -1 -2 1
3 -2 -2 1 -1 0 -4 3

39



Deep Learning
CNN - Max Pooling

E2a208 30 | O

8 | 12 | 2 | 0
34 | 70 | 37 | 4
1121100 ( 25 | 12

2 X 2 Max-Pool
- 5

subsampling

40



Deep Learning
The Whole of CNN

Smaller than the original image

The number of channels is the
number of filters

’

Can repeat
many times

41



Deep Learning

After Convolution + Max-pooling

feature map ffi{ —J&fYiH Aimage

e

Convolution

=

Max Pooling

Convolution

— =

Max Pooling

42
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A new image

)
)
©
=
=
]
E
<C

Deep Learning

The Whole of CNN



Deep Learning
Flattened

Flattened

44



Deep Learning
-

@)

Carnegie Mellon University

Machine Learning

45
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Deep Learning

Traditional vs DL

Hand-crafted
Feature Extractor

Trainable
Feature Extractor

“Simple” Trainable

Classifier

Trainable
Classifier

46



Deep Lea I‘I‘I i ng Reference
What CNN Learn?

Low-Level || Mid-Level LI High-Level || Trainable
Feature Feature Feature Classifier

47


https://poloclub.github.io/cnn-explainer/

Deep Learning
Yann LeCun - BP on CNN

Referenceés



http://www.youtube.com/watch?v=FwFduRA_L6Q
https://www.youtube.com/watch?v=FwFduRA_L6Q

Deep Learning
ImageNet ILSVRC

1000 classes 1.2M images
ZHBE
~2017

RRHAALLER

49


http://www.image-net.org/challenges/LSVRC/

Deep Learning

ImageNet ILSVRC
30 282
25.8 152 layers| |152 layers| [152 layers
25
A----eee- --eeeeeee *
20
16.4
15
11.7 |19 layers| |22 layers
10 |
7.3 &Y
; 5.1
[ shaow > = B
5 -4 ] B =
2010 2011 2012 2013 2014 2014 2015 2016 2017 Human
Lin et al Sanchez & | Krizhevsky et al | Zeiler & Simonyan & |Szegedy et al He et al Shao et al Hu et al Russakovsky et al
Perronnin (AlexNet) Fergus [Zisserman (VGG (GoogleNet) (ResNet) (SENet)

50


http://www.image-net.org/challenges/LSVRC/
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‘ Forward and Backward




Forward and Backward

Forward

» Input -> Network -> Output
Linear operation and non-linear translation

Backward

» Compute loss -> Optimize weight /‘\ \

Differential equation Output result

H Loss

Ground Truth

52
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Loss Function

Object Function

» Most ML algorithms aim to maximize or minimize a function

« K-means is to minimize the sum of squared errors between the data points and the
centroid within each group

« PCA is to maximize the variance of the projected data by finding the projection vectors

Loss Function
» The residual between the actual value and the predicted value

loss (residual) = y -7
« Regression: MSE (Mean Square Error) » Classification: CE (Cross-Entropy)

L=—3" - P)> L=-Y21yi (log9)

54
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Gradient Descent

Gradient descent

Considering L(w) only has a parameter w w* = argmvénL(W)
Initializing w,

oL
0 Compute o lw=w,
4 Update
K
\
N Q\ Wo-ng_ﬁ/lwwo ,77 : Learning rate
\’ ~ W, =w, - oL
~ f‘i~ — , 2= na_l/le:Wl
W, ———) oy a— W,
oL L
'na_m/|w=wo '773—W|w=w1



Gradient Descent

If loss function has two parameters, L(w, b) W, b = argminl(w, b)

Random initialization for wg , 5,

oL oL
Calculate T |W=W0,b=b0, e

ob |W=W0,b=b0

_ oL oL
W1 =Wo 15, lw=wib=b, b, =by 1, lw=w,b=b,

B oL oL
W =W irw |W=W1,b=b1 b, =b, KD |W:W1,b:b1

57



Gradient Descent

1

y'= b+ wx MSE (Mean Square Error) L ==

1

L==3"(—y) =30y - (b+wx))2
for w ﬂﬂ:—zm 2% (y— (b +wx)) * (—x)

for b -iﬂ— Zm 2*(y—(b+wx))*(—1)

?;1(3’ — y')z

58



Gradient Descent

10.0

—10.0
—-10.0 —-71.5 =5.0 —-2.5 0.0 ] 5.0 7.5 10.0

oL
ﬂab |W=W1,b=b1 ;76b |w=w0,b=b0 50



Gradient Descent Hief”*ﬁau%ff"ffﬁg"

It e e s

God bless you

ERERD T
A = @

O RB® - RE/\HE (HEEA)

10.0

8.00 T 75
6.44 1

4.89 ° 5.0
3.33 °

L 1781 2.5
0.22 1

21:33 Tl a 0.0
-2.89 °
-4.44 °

6.00

=5.0

-1.5

-10.0
=100 -7.5 -5.0 -2.5 0.0 2.5 5.0 7.5 10.0

60
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‘ Why Gradient is
Small?




Why Gradient is small?

Why does optimization fail?

Loss Critical Point
Not decent

M/\M/WW _
\Gradlent ~0

Not small enough

!

Local Minimum




Why Gradient is small?

How to check?

Taylor Series Approximation

L(w) around w = W can be approximated as
L(W) ~ L(W) + (w— w)Tg + %(W— W) TH (w— W)
g is the gradient vector His the Hessian matrix

62
(Ow)?

g =viw) H=—"—Lw"

L(w)

63



Why Gradient is small?

How to check?

Taylor Series Approximation

L(w) around w = W can be approximated as

Critical Point
L) ~ L(W) + vy +| X(w— W) TH (w— )]
g= vVLw) =0 \ _

local min local max saddle point

Ol S R T RN

Source of image

64


:http:/www.offconvex.org/2016/03/22/saddlepoints/

Why Gradient is small?

How to check?

Hessian
Critical Point . Wl L(w) ~ L(W) + = (W= W) TH(w— W) = (W) + - VHv

— VHYy>0 B (W) > LW)

= H >0 is defined as all eigenvalues are positive ~ EEp

All v

— JHy <0 B (W) < LW)

= H < 0 is defined as all eigenvalues are negative

Alv VHv<0 or VHv>0
Some eigenvalues are negative, and some are positive #

65




Why Gradient is small?

How to check?

2L = 2(1- mem)(-w,) = 0

6W1

e = 2(1 - wym)(-w;) = 0 }g

aZL azL .
@w)? 2(- mo)(-w,) = 0 ow dw,
2L 2L H
wawe 2+4ww, = -2 = 2(- w)(-w,) =0 3

(Owy)?



Why Gradient is small?

How to check?
H = _ 2] /11 =2 /12 =2 N 3 7

o ..'.;:'-:'ifi'::::.5=.-:=5§5:='1=13'=:='='=="
_____________ 05
AX = IX E

5

Ax-ax=0 (A-A)x=0 det(A-i) =0 ., SN T
—A =2 = e -
det(|_, _-P=0

- T
2.0 -1.5 —1.0 0.5 00 05 10 15 20

2-4=0 Saddle point A
(1+2)(1-2) =0

67



Why Gradient is small?

How to deal with the saddle point?

L(w) ~ LW) + = (w=W)TH(w=w) = W)+~ VHVv atcritical point

H has positive and negative eigenvalues at saddle point

Determine update direction by ~
A, U is the eigenvalue and the corresponding eigenvector of H

<0 1 <0]
UHu=u Au = 2l|ul|? {

>0 4>0
L(W) ~ L(W) +§(w— WYTH(w-w) mp w=u+ w
U

68



Why Gradient is small?

How to deal with the saddle point?

Y = Ax) = wymx

Liwy, wy) = (V- wow X)? = (1 - womy)?

W2 0.0

Update w along the direction of v

20
15
— .'_-:'{':::'::21.5:.-:5555:

0.5

—0.5
-1.0 -

-1.5

20 +
-20 -15 -10 05 0.0 0.5 10 15 2.0

69



Why Gradient is small?

Saddle Point vs Local Minima

Training LOSS 410

Train a network once, until it

converges to critical point.

# of Positive Eigen values

Minimum ratio =
# of Eigen values

0.08 -
0.06 -
0.04

0.02 A

0.00 +

More "like" local minima
—

never reach a real "local

minima"
& > os® &9
%a'&

Source

0.0

0.1 dg ] 03 _oh 05
Minimum Ratio

70


https://docs.google.com/presentation/d/1siUFXARYRpNiMeSRwgFbt7mZVjkMPhR5od09w0Z8xaU/edit#slide=id.g31470fd33a_0_33
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Adaptive Learning Rate

Training stuck is because the parameters are near to a critical point?

Too low Just right Too high

1(8) | 1CH 1(6)

u, t, r\
'776_”/|W:W

‘_
0

) o 6
A small learning rate The optimal learning Too large of a learning rate
requires many updates rate swiftly reaches the causes drastic updates
before reaching the minimum point which lead to divergent
minimum point behaviors

Reference

72


https://www.jeremyjordan.me/nn-learning-rate/

Adaptive Learning Rate

No, learning rate cannot be one-size-fits-all and you should adjust your
learning rate

| |
| |
| |
learning rate is too | |
20 - low, loss function : :
doesn't improve | |
| |
| |
| |
15 - ' '
| |
| |
7 : : learning rate is too high,
= | | begins to diverge
10 A | I
| |
| |
| |
| |
| |
05 !
| |
| |
optimal learning rate range
0.0 4

10 103 102
Learning rate



Adaptive Learning Rate

Difference parameters needs different learning rate

oL
E+1 _el 77_|e 0,

Smaller | T —) =
Learning Rate l
t+1 = 0t - 719;

&

i _pi
t+1_6t

k5 50918 000




Adaptive Learning Rate

Root Mean Square (Adagrad)

6, — 0} —— gt
)
0. « 0} — - gi
0,
|
%
. .7
011 < 0t ——
O¢

0y

%[(96)2 +(gt)’]

@) + (@) + ()]

=)

1=0

ot =0} -1

oi = (g5 =1ab

75



Adaptive Learning Rate

RMSProp
6, — 0} —— gt
Op
0, — 0 - g
01
n
f’g 6—‘95 —-Z;{
2
.1
t+1 < 0 — 7

o = Jato?+(1 - @) (g}

= Jao?+a - @) )2

= Jalol?+1 - @) )2

_Gl
t+1 Gt

gz =\/(96)2 = |g5|

76



Adaptive Learning Rate

RMSProp | _ _ t+1 = 0; -Egi
ot = Jalol1)2+(1 ~ a)(gly t

The recent gradient has larger influence, and
the past gradients have less influence.

small o}
larger step

increase o
smaller step

decrease o}
‘ larger step

— 77




Adaptive Learning Rate

Momentum Movement not just based on gradient, but previous movement.

Starting at 6,

Movement my = 0
Compute gradient g,
Movement m; = Amy — g,
Move to 91 = 90 + m4
Compute gradient g4
Movement m, = Am; —ng,
Move to 8, = 6, + m,

., Ot = 0¢ - 7155 l0-0,
‘0 '
gs

i — Nl i
t+1 = 0 + v¢

g Gradient
el Movement

=== = =5 Movement of the last step i =0

i i i
v = AV — NGt
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Adaptive Learning Rate

Adam (RMSProp + Momentum + Bias-correction) | M
Ml omy =0 mi=p(mi_1)*+(1-B)g)*>  1-B

i i
t+1 < 0y —1 . . . . i
t

pive Vo=0 vi=pBw_)*+(1-B)@H)* 5=

Require: «: Stepsize
Require: 3, 3> € [0,1): Exponential decay rates for the moment estimates
Require: f(f): Stochastic objective function with parameters #
Require: ;: Initial parameter vector
mg 4+ 0 (Initialize 1** moment vector)
vo < 0 (Initialize 2" moment vector)
t «— 0 (Initialize timestep)
while ¢; not converged do
t«—1+1
gt < Vo fi(#;—1) (Get gradients w.r.t. stochastic objective at timestep ¢)
my < 31 - my_y + (1 — B1) - g; (Update biased first moment estimate)
Vg P2 vi—1 + (1 — B2) - gf (Update biased second raw moment estimate)
iy < my /(1 — 1) (Compute bias-corrected first moment estimate)
vy + v /(1 — 3%) (Compute bias-corrected second raw moment estimate)

Oy +— 01 — - T’ﬁ,tf(\ﬁ + €) (Update parameters)
end while Reference ,,

return ¢; (Resulting parameters)

3)



https://arxiv.org/pdf/1412.6980.pdf

Adaptive Learning Rate

10t

MMNIST Multilayer Neural Metwork + dropout

— AdaGrad
RMSProp
SGDNesterov
AdaDelta
Adam

traiming Cosk

0 E:IIII- I;II:I 155I:I 200 Reference %0

iterations over entire dataset



https://machinelearningmastery.com/adam-optimization-algorithm-for-deep-learning/

y os

‘ Cross Validation




Cross Validation

Cross validation (All figures come from here)
» Holdout

> K-fold
« K-fold
» Nested K-fold
* Repeated K-fold
« Stratified K-fold

» Leave one out
» Random subsampling
» Bootstrap
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https://github.com/andy6804tw/2021-13th-ironman
https://github.com/andy6804tw/2021-13th-ironman

Cross Validation

Holdout

Training data Testing data

Training data Validation data | Testing data
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Cross Validation

K-fold

Iteration

1st
an
3rd

10 th

Training data

@ Ao Al R N H10% 14 (k=10)

D, D, 1D, D, D, |Ds D, 1Ds Dy Do)

Training Set

D, |0, |D, Dy D |Ds Dy D D, |
D, [D; | [Dy |D [Ds |y Dy |Duo
D, [D; D, [D, D [D; 1D, [D; D

Valication Set

v

2

w
[y

v
o
&

w

| . - - 1
v
2
g

N

v

loss,g
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Cross Validation

Nested K-fold

(2)

Outer Loop Inner Loop

Test Training Test Training

Run after inner loop is done

{EFBouter Loopfd alll 4R 3 ) Bl AR AR B
» RERESE - LIEERAOouter Loopfy < KEREBEH

LB BT 5 LossET AR 1R B -

ERE—RER
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Cross Validation

Repeated K-fold

Iteration

1 st

B Training Set

B Testing Set
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Cross Validation

Stratified K-fold

B Training Set
B Testing Set

cass [ 1 HHENEEEN
1 4 8
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Cross Validation

Leave one out

Iteration %i%ﬁ'ﬂ

1 st
2nd
3rd

Nth

HENEER

B Training Set
B Testing Set
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Cross Validation

Random subsampling

Iteration %T%ﬁ'ﬂ

1 st
znd
3rd

HNEER

B Training Set
B Testing Set
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Deep Learning

Iris Classification

Iris dataset

from sklearn.datasets 1import load iris
iriz = load iri=()

iriz. keyz i)

dict kev=([ data’, "target’, 'target names’, 'DESCRE’, 'feature names’, "filename’])

» DESCR: The dataset description

» data: The content

> target: Label

> feature_names: The feature names
» target_names: The target names
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Deep Learning

Iris Classification

II’iS dataset iriz. fteature names

["zepal lensth (em)’,
"zepal width (em)’,
"petal length (cm)’,
"petal width (cm)’]

1riz. target names

arrayl [ zetoza’, 'wersicolor’, wirginiecs' ], dtype= <7107 )

Versicolor

92



Deep Learning

Iris Classification

Iris dataset

print(iris. DESCE)

58

1. sepal length (AEEK)
2. sepal width ({EZ &)
3. petal length (G R)
A

petal width (15 =)

HiRE
EEICtELA

(Setosa, Versicolour, Virginica)

Iri= plant=s dataszet

¥¥[ata Set Characteristics:**

:Mumber of Instances: 190 (50 in each of three claszszes)
Mumber of Lttributes: 4 numeric, predictive attributes and the class
ihttribute Information:
— zepal length in em
— zepal width in cm
— petal length in em
— petal width in cm
— class:
— Iris—Setoza
— Iris—Versicolour
— Iri=—Virginica

(Summary Statistics:

Min Max Mean S Clazs Correlation
zepal length: 4.3 7.9  H.84 0,83 0. T326
zepal width: 2.0 4.4 3,058 0,43 —0,41%94
petal length: 1.0 6.9 3.7 1.76 0.54%0  (high!)
petal width: 0.1 2.5 1.2 0.7a 0.95585  (high!)

Mizzing Lttribute Values: Hone

:Class Distribution: 33, 3% for each of 3 classes.
:Creator: E.A. Fisher

:Donor : Michael Marzhall (MARSHALL%PLU® 0. arc. nasa. gov)
:Date: July, 1988
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Deep Learning

Iris Classification

Iris dataset

print (iris. data. shape)

1r1=. data

(150, 4}_

EIIIEL}.FE[: :

T

"l
"l

H= H= T
—] L
O O
—t =L =L
o R e

[~

R R
-2 -2 [0
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Deep Learning

Iris Classification

Iris dataset

printfiris. target. shape)

printfirizs. tarzet)

(150, )

MO0 0000000000000000000000000000000010

gooooOoooOoOo0O00111111111111111111111111

111111111111111111111111112222222222%2%2
2222222233232 222 iiiiiiaaa i

2 2]

(0p)]
Q wa
E 29
M 3 O £
n_mm@
QO OO O
= N > >
v .. - .
OO — N
| -
m...
A
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Deep Learning

Iris Classification

Iris dataset

import pandas as pd

df = pd.DataFrame(iris.data,

columns=[" sepal lengzth’,

’sepal width’,

df [" species’] = iris. target
df. head()
feature names

sepal length sepal width petal length petal width [species
0 5.1 3.5 1.4 0.2 0
1 49 3.0 1.4 0.2 0
2 47 3.2 1.3 0.2 0
3 46 3.1 1.5 0.2 0
4 5.0 3.6 1.4 0.2 0

data

"petal_length’,

target

’petal width’])
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Deep Learning

Iris Classification

Iris dataset

import matplotlib. pyplot as=
df 0 = df[df[ species’] =
df 1 = df[df[ species’] =
plt. scatter (df 0. petal lensth,
plt. scatter (df 1.petal length,

plt

0] Hsetoza

1] #wversicolour
df 0. =zepal length)
df 1.=zepal lensgth)

<matplotlib.collections.PathCollection at @x7t435bbaddla>

] .
7.0 .
I
6.5 . ‘:
pSC N
6.0 - :' -“‘ *
. \ 5 ¢
5.5 % o wes -
so] @ ::l ¢ “ g ‘
K
s oo
45 o
.
) ) 1 ) )
1 2 3 4 5
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Deep Learning

Iris Classification

Build perception

= W;X; + W,X, + b

o(2) {+1 fz=>0

# Python

import numpy as  np

clazs

Fegit-

Perceptron() :

learning rate: float (0.0-1.0)

n_iter: int

E -

def

def

def

_init  tzelf, learning rate=le—2, n_iters=10):
self. learning rate = learning rate

self.n 1ters = n_iters

zeltf, activation fune = =elf. uint step func
self.weightz = HNone

zelf.biaz = HNone

self. exrors = []

_uint_=ztep funciself, xJ:

return np.wherelx >= 0.0, 1, -1)

predict(self, X):
linear output = np.dot(¥, =elf.weights) + =elf.bias
v prediction = =elf.activation func(linear output)

return ¥ _prediction
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Deep Learning

Iris Classification

Build perception
def fitlself, X, ¥):

n_samples, n features = . shape

Hinit weights
zelf.weights =
zelf.biaz = 0

np. random. rand(n features)

w=Ww+ Aw

Aw =n(y-y) * x
for _ in range(szelf.n_iters):

Aw, = n(y - output) * x, crzors = 0

for x 1, tarset in ziplX, +):
AWl — n(y - OUtpLIt) * X1 update = zelf.learning rate * (target - =elf.predictiz 1))
AWZ = n(y = OUtpUt) * X5 zelf.weishts += update * x 1
zelf.bias += update
exrorz += intlupdate != 0.0)

zelf. errors. append (errors)
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Deep Learning

Iris Classification

Training

# prepare data

df data = df[(df.speciezs = 0)|(df. speciezs = 11]. zample(frac=1]
¥ = df datal[[ petal lensth’, ’=epal length’]].walues
v = np.where(df data. species. values = 0, -1, 1]

#train model

ppn = Perceptronilearning rate=le—4, n_ iters=200) N

pprL f1t 08,  w) A

fdraw error log 5

plt.plotiranze(l, len(ppn.errors)+l), ppn.errors, marker= o ) EEU'

plt. x1label (" Epochz") e

plt. ¥label (" Humber of wupdatesz’) |

plt. show(] 0 25 50 75 100 125 150 175 200

Epochs
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Deep Learning

Iris Classification

Analysis

from mlxtend.plotting import plot_decision regions

# Plotting decision regions

plot decizion regions (X, v, clf=ppn)

# Adding axes annotations

plt. xlabel (" sepal length [cm]’)
plt.vlabel (" petal length [cm]’)
plt. title( Iris’]

plt. showi)
Iris
E_
m -l
A 1
-n'r' 'ﬁ',ﬁ
ﬁdﬂﬁa"-‘
E . ﬁ:&. A A
= b- Y i
=
[=1}
1‘_3 ‘a iﬁa%
- A
[12]
g 5-
(=1
4_
i i i
0 4 5

sepal length [cm]
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Deep Learning

Iris Classification

Practice - using different training data and parameters
> Different assortment
> Different features
> Different learning rate
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Deep Learning

Iris Classification

Build neural network manually

Input Layer € R* Hidden Layer € R? Output Layer € R?
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Deep Learning

Iris Classification

Build neural network manually
clazs  TwolLFP:

def  init (=zelf, input =ize, hidden =ize, output =ize):
# 1nit weichts
zelf.param=z = {}
zelf. params [ W1 ]
zelf. params[" b1’ ]
zelf. params [" W2 ]
zelf. params[" b2 ]

np. random. randn (input size, hidden =size)

np. zeros (hidden =size)

np. random. randn thidden =zize, output =ize)

np.zerns(nutput_ﬂizej

— %& —
S ——

Cy/// “i“fzzﬁg
4x?2 2X3
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Deep Learning

Iris Classification

def

predictioni=zelf, x):
def siemoid(x):
retuzn 1/ (1 + np.expli-x))

def =oftmax(x):

if xondin = 2
x = x.T
¥ = ¥ - np.maxiy, axis=))
v = np.explx) / np.osuninp.explx), axis=0)

return w. T
¥ = x — np.maxlx)

return np.explx) / np.suninp. explx))

wl, W2 = zelf.param=['W1'], =elf.params['WZ']
b1, b2 zelf.params['bl'], =elf.param=["kZ"]

al = np.dotfx, W1l) + bl

z1l = =ziemoid(al)
al = mnp.dotizl, W2} + &2
v = =zoftmaxlaZ)

return ¥
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Deep Learning

Iris Classification

def loz=i=elf, =, t):

def crozsz entropy errorl(y, t):

1t w.ndim — 1:

t = t.reszhape(l, t.s=zize)

v = v.reshapel(l, +w.szize)
1t  t.=zi1ze — +.s=s1ze:

t = t.argmaxlaxiz=1)
batch =zize = +. zhape[0]

return  —np. sumbnp. log (v [np. arange (batch =ize), t] + 1e=7)) / batch =ize

return croszs entropy error l=zelf. predictionixz), t)
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Deep Learning

Iris Classification

def rmumerical gradient(f, x):

h = 1le-d
srad = np.zeroz like(x)
it = np.nditer(x, flags=['multi index’], op flags=["readwrite’])
while not 1t.finished:
1dx = i1t.multi_inde:x
tmp_wal = x[idx]
x[1idx] = {floatitmp wal) + h
fxhl = fix)
def compute sradient(self, x, t):
x[idx] = floatitmp _wal) - h lozz= W = lambda W: =elf.los=(xz, t)
fxh? = fix) gsrads = {}
gradz["W1'] = rnumerical gradient(loss W, self.params[’W1'])
gr?d[idx] = (fxhl - £xh2) /(%) grad=["b1l"] = mumerical gradient(los=z W, =zelf.param=s["b1"]}
%[1431 - E?p_val srads["W2'] = rnumerical sradient(loss W, self.params[ W2"])
L1 1ternext srads['b2"] = numerical gradient(loss W, =zelf.param=['bZ’])

return grads
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Deep Learning

Iris Classification

def accuracviself, x, 1t):

v = =zelf.predictionix)
¥ = np.argmaxly, axiz=l1)
T

= np.argmaxlt, axiz=l)

accuracy = np.sumby—t) [ float(x. shape[0])

return Aaccuracy
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Deep Learning

Iris Classification

twomlp = TwoMLFiinput szize=4, hidden =ize=Z, output size=3)
i Target

4 , R 0:[1,0,0
sepal_length sepal_width petal_length petal_width 1 _0, 1 0

0 5.1 3.5 1.4 0.2 2:10,0,1

1 4.9 3.0 1.4 0.2

2 4.7 3.2 1.3 0.2

3 4.6 3.1 1.5 0.2

4 5.0 36 1.4 0.2 Input Layer € 2 Hidden Layer & 2 Output Layer € 2°
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Deep Learning

Iris Classification

def one hot encoding(x):
trom sklearn.preproceszsing import OneHotEncoder
enc = OneHotEncoder ()
enc. T1t(x)

Target
return enc. transformixz). toarrayi) 0-> [
1-> [
iriz = load iri=z() 2-> [
X = 1riz.data
v = 1iris. target.reshape(—1, 1)

v = one hot encoding ()

o = O

~

~

IHI IOI Iol

===

-~
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Deep Learning

Iris Classification

from sklearn.model selection 1import train test =splat

¥ train, x wal, ¥ train, v wal = train test splitlx, =¥, tezt =zize=], 3)
¥ _train. shape, % wal.zshape, ¥ train.zhape, v wal.:zhape

L1103, 4), (45, 4), (105, 3), (45, 3))

SEE REES

70% 30%
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Deep Learning

Iris Classification

train lozs = []

train acc =[]

val acc =[]

1terations = 10000

learning rate = le—4d

train =size = x _train. shape[0]
batch =si1ze = ©§

iter per epoch = mazitrain =sizefbatch =size, 1)
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Deep Learning

Iris Classification

for

i in rangel{iterations):
# Batch zample

batch_mask = np.random. choice(train size., batch_szize)
¥ _batch = =x train[batch mask]
v _bhatch = ¥ train[batch mazlk]

# Compute gradient
srad = twomlp. compute gradienti(x batch, v _batch)

# TUpdate weights
for Lkey in (W1, “BbI°, "W2', B2
twomlp. params [key] —-= learnines rate * grad[kev]

# Eecord training loss

loss = twomlp. loss(x _batch, v batch)
# print(“loss: %f° %(loss))

train loss. append(laoszs)

# Eecord learning and walidation accuracy 1in each i1teration
if 1 % 1iter per epoch == I[:

train_acc. append (twomlp. accuracy (x train, v _train))

val acc. append (twomlp., acocuracy (® wal, v _wal))

print (f* iter: {i}: train_acc: {train acc[-11}, wal acc: fwal acc[-11}sn’)
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Deep Learning

Iris Classification

| plt.plot (train loss) plt.plot (train_acc)

plt.plot (wal_ acc)
[<matplotlib.lines.Line2D at @x7fefd4ee3lica:]

[<matplotlib.lines.Line2D at @x7fef4e894558>]
187 el ot T W1 T
1 Y II, L L
0.9 1
08 4
0.8 1
06 - 07 -
04 - 0.6 1
0.5 4
0.2 -
0.4 4
L L 1 L] L T I:I_j =
0 2000 2000 GO0 8000 10000 J T r v -
L 20 40 B0 &0
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Deep Learning

Iris Classification

Practice - using different training parameters
> Different learning rate
> Different batch_size
> Different hidden_size
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Backpropagation

Chain Rule
z =1t
t=x+vy
9 _ %ot
0x ot ox
% =21
9 — 1

L= 2% =211 =2(x+y)

=2(x+y)
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Backpropagation

Add
9z _
ox
class AddLayer:
Oz def init_ (self):
% pass

def forward(self, x, y):
return x + vy
def backword(self, dout):
dx = dout * 1
£ g dy = dout * 1
oL return dx, dy
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Backpropagation

Multiply

Il
S

class MultiplyLavyer:
def init_ (self):
pass
def forward(self, x, y):
self.x = X
self.y = vy
return x=xky

def backward(self, dout):

dx = dout * self.y
dy = dout * self.x
return dx, dy
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Backpropagation

saR B2

i

apple = 100
apple_num = 3
tax = 1.1

multiply_apple_layer = MultiplyLayer()

multiply_tax_layer = MultiplyLayer()

# forward

apple_price = multiply_apple_layer.forward(apple, apple_num)
price = multiply_tax_layer.forward(apple_price, tax)
print(price)

#backward

dprice =1

dapple_price, dtax = multiply_tax_layer.backward(dprice)

dapple, dapple_num = multiply_apple_layer.backward(dapple_price)
print(dapple, dapple_num, dtax)

330.0
3.3000000000000003 110.00000000000001 300 119



Backpropagation

Rewrite

clasz SigmoidLaver:
def  init  (zelf):
pass

def forward(self, =x):
zelf.out = 1/(1+np.expi-x))
return  =elf. out

def backward(self, dout):
de = dout * (1.0 -

return dx

zelf.out) #* =elf.out

clazs Affinelasyer:
def  init (=elf, w, h):
gelf.W = w
self.bh = b

def forward(zelf, x):

zelf.x = x
out = np.dotix, =elf.W) + =elf.b
return out

def backward(self, dout):
dx = np.dot(dout, =elf.W.T)
self.d¥ = np.dotilself.x. T, dout)
zelf.db = np.sunidout, axiz=0)

return dx

class

def

def

def

def

Sof tmaxLayer :

__init_ (=gelf):

pazs

crozs_entropy errorbzelf, v, t):

if v.ndim =— 1:
t t.reshape(l, t.szize)
v = w.reshapell, . =zize)
1if  t.=1ze = ¥.s=1lze:
t = t.argmaxlaxiz=1)

batch_size = . zhapel[(]

return —np. suninp. log (¥ [np. arange (hatch_size),

forward(=elf, =z, 1t):

zelf.t = +t
Hzof tmax

BXD_X np. expix)

zelf.v = exp x / np.sunlexp x)

zelf.lozz = self.cross _entropy error(=zelf.w,
return =elf. lozs

backward({zelf, dout=1):

batch _zize = szelf.t.zhape[0]

dx = (=zelf.v - =elf.t)/batch =ize

return dx

t] + 1e-T))

zelf. t)

/ batch =ize
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Backpropagation

Rewrite

def
#
self.params {}
self.params[’ W1’ ]
self.params[ bl’ ]
self.params[ W2’ ]
self.params[’ b2’ ]

__init_ (self, input_size, hidden_size, output_size):

init weights

np. random. randn (input_size, hidden_size)
np. zeros (hidden_size)

np. random. randn (hidden_size, output_size)

np. zeros (output_size)

# layvers

self. layers collections.OrderedDict ()
self. layers[’ AffineLayexl’] AffineLayerx (self.params[’ W1’ ],
= SigmoidLayexr ()

AffineLayer (self.params[’ W2’ ],
Sof tmaxLayex ()

self. layers[’ Sogmoidl’]
self. layers[’ AffineLayexr2’ ]

self. lastlayer

self.params[ b1’ ])

self.params[ b2’ ])
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Backpropagation

Rewrite

def prediction(=elf, x):
def =igmoid(x):
retworn 1/ (1 + np.expl—x))

def =oftmax(x):

if xondin = 2
*x = x.T
¥ = x — np.maxhx, axis=0)
v = np.exphx) / np.zuninp.expix), axis=0)

return w. T
¥ = x — np.maxhx)

return np.exphx) /  np.sum(np. expix))

wl, W2 = zelf.param=["W1'], =elf.param=["W2"]
bl, b2 = zelf.param=['bl’'], =elf.param=["hZ"]
al = np.dotiz, W) + bl

zl = =igmoidial)

a? = np.dotizl, W2} + b2

v = zoftmaxial)

return ¥

def predictioniself, =x):
for layer in =elf. layers.value=s():

¥ = layer.forwardix)

return x
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Backpropagation

Rewrite

def los=i=zelf, =x, t):

def crossz entropy errorly, t):

1t vw.ndim = 1:

t = +t.reshapell, t.=zize]

v = +w.reshapell, w.zize)
1t t.s1ze — w.=3ize!

t = +t.argmaxlaxis=l)
batch zize = w.shape[(]

return —np. sunbnp. log (v [op. aranse (batch_=i1ze), t] + 1e=7)) / batch =zize

return crozs_entropy_error bzelf.prediction(x), t)

def loz=(=zelf, =, tJ:

v = zelf.predictionix)
return  =self. lastlaver. forward(s, t) 123



Backpropagation

Rewrite

def

def

mumerical gradient(f, =x):
h = 1le-2

srad = np.zeros like(x)

it = np.nditerix, flags=["multi index’],
while not 1t.finizhed:

idx = 1t.multi index

tmp_wal = x[idx]

x[idx] = floatitmp wal) + h

fxhl = f(x)

x[idz] = floatitmp_wal) - h

fxh2 = fix)
srad[idx] = ifzhl - fxh2) [/ (Z2*h)
x[idx] = tmp_wal

it.iternext()

compute_sradient(self, =x, 1t):

logz W = lambda W: =zelf.los=(x, t)
grads = {}

srads['¥W1'] = numerical sradient(losz=z W,
srads['bl’] = numerical sradient(loz=z W,
sradz["¥2'] = mnumerical sradientilozs W,
srad=["b2"] = numerical sradientilo=zs W,

return grads

op_flags=["readwrite’])

zelf.param=["W1"])
zelf.param=["b1"])
zelf. param=["W2" 1)
zelf. param=["12" 1)

def

sradient [zelf,
#forward

zelf. lossix, t)
#hackward

dout = 1

X, 1) :

dout = =zelf.lasztlaver.backward(dout)

layers = list(zelf.layers.values())

layers. reversze ()

tor layer 1in

layvers:

dout = layer.backward(dout)

Hgradient
osrads = {}
srads["W1'] =
srads['B1"] =
srads["W2'] =
srads['B2"] =

return grads

zelf. layers[ iffinelayerl’]. dW
zelf. layers[’ Affinelayerl’]. db
zelf. layers [ Affinelayer?’ ]. dW
zelf. layers[’ Affinelayer?’ ]. db
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Backpropagation

Rewrite

for 1 1in range(iterations): for 1 in range(iterations):

# Batch sample # Batch sample

batch_mask = np.random.choice(train_size, batch_size) batch_mask = np.random.choice(train_size, batch_size)

x_batch = x_train[batch_mask] x_batch = x_train[batch_mask]

y_batch = y_train[batch_mask] v_batch = y_train[batch_mask]

# Compute gradient # Compute gradient

grad = twomlp.compute_gradient (x_batch, y_batch) grad = newtwomlp.gradient(x_batch, y_batch)

# Update weights # Update weights

for key in (W1, ’bl’, W2, ’'b2'): for key in (CW1', b1, ’w2’, ’b2’):
twomlp. params [key] -= learning rate * grad[key] newtwomlp. params [key] —= learning rate * grad[key]

# Record training loss # Recoxrd training loss

loss = twomlp. loss(x_batch, y_batch) loss = newtwomlp. loss(x_batch, y_batch)

# print(“loss: %f" %(loss)) # print(“loss: %f° %(loss))

train_loss. append(loss) train_loss. append(loss)

# Record learning and wvalidation accuracy in each iteration # Record learning and wvalidation accuracy in each iteration

if 1 % 1iter_per_epoch == [ if 1 % itexr_per_epoch = 0:
train_acc. append (twomlp. accuracy(x_train, y_train)) train_acc. append (newtwomlp. accuracy (x_train, v_train))
val_acc. append (twomlp. accuracy (x_wval, v_val)) val_acc. append (newtwomlp. accuracy (x_wval, y_val))
print (f’ iter: {i}: train_acc: {train_acc[-1]}, wal_acc: {val_acc[-1]1}\n") print(f’iter:{i}: train_acc:{train_acc[-1]}, wal_acc:{val_acc[-1]}\n’)
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Backpropagation

Rewrite

Numerical gradient / backpropagation = 10

Numerical gradient
» Advantage: A formulas
» Disadvantage: slower and less accurate
Backpropagation
» Advantage: faster and higher accurate
» Disadvantage: Each operation needs to compute its own differential
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