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o 7} 2| & (evaluation metric)
o T 5GE (confusion matrix, 2 x}Siad, A o Slid)
« TP (True Positive), FN (False Negative), FP (False Positive), TN (True Negative)

« AZE (accuracy), BIZHE (sensitive), £°| & (specificity), AU E (precision), 2{FHE (recall)

* RMSE (root mean squared error, g |5 2%}), MSE (mean squared error, G |5 2%})

 MAE (mean absolute error, G+ At @x}), MAPE (mean absolute percentage error, G-+
« ROC (receiver operating characteristic) curve, AUC (Area Under the Curve), R2 score

» KL-divergence, cross entropy
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2|o|o] (layer)

- M5} gh4 (activation function)
« ZiAI5H7HE (gradient descent)

« of|Z3 (epoch)

- HEE (iteration)

 H{Z| (batch)

« &5 (learning rate)

- ZE|O0to|Z (optimizer)
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« 7|AH|IGt4 (Machine Learning, ML)
 Machine Learning by computer languages to perform the algorithm created by human

. algorithm: 2|5 oiZst7| gt 4 Eo] 2AZel B

. > Qzbo| St UT2|Z L HEE AoiE F3H 7|AIH HAEATIE B

Algorithm

e |east square estimation,
Backpropagation,
Gradient, -

Computer
Language

e C++, Fortran, JAVA,
Matlab, R, Python, -
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o Cllo|e| X o|A| — 2D} Ttof o|E

AL =]
TOYOTA Corolla 2.0 D40 HATCHB TERRA 2/3-Doors 46,986 90 2,000 13,500
TOYOTA Corolla 1800 T SPORT VVT 12/3-Doors 18,700 192 1,800 21,500
TOYOTA Corolla 1.9 D HATCHB TERRA 2/3-Doors 71138 B9 1,900 12,950
TOYOTA Corolla 2.0 040 90 S0R SOL 4/5-Doors 78,375 90 2,000 17,950
TOYOTA Corolla 2.0 D40 90 SOR TERRA 4/5-Doors 78,375 37 2,000 15,800
TOYOTA Corolla 1.4 16V VVTI SOR TERRA COMFORT 4/5-Doors 75,048 37 1,400 15,800
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Function (f)
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Y=X+10

\ /

/\

Y=f(x)"

/\
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. el A

(0,2),(1,3),(24),(3,5)

¥

\7/

Y=X1+X2

X1 X2
0 2
1 3
2 4
3 5

7 S
¥

2,4,6,3
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2| E8H5 (Supervised learning)
H|Z| £8F& (Unsupervised learning)
FX|£8r5 (Semi-supervised learning)

45leks (Reinforcement learning)

15
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« Z|E8kE (Supervised learning)
- TAef FHE BF ¢EiFe RS ehaots WY

« of| 22| (Prediction, Regression), 2523 (Classification, Softmax problem)

« Xeb Y7t BE Fofal Aty

« H|Z|Z8H5 (Unsupervised learning)

H | od
« #38t (clustering), G2 HH 5
o XE FO{Z|X|Tt Y= Fo2|Z| Qb5 At

16
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S
T

Gt& (Semi-supervised learning)

ozl Blole] %

ol
=

(Reinforcement learning)

HlOo AL H
—Ell—éla UI‘HUI'f H e

= oHd

Hak AT (V)7 Rofil He

Y7} Zof2|2| 942 Hlo|Efet B ArESto RS B

-

=

Ol0| M E (agent)

H &4

o

=

&S (action)

2t (environment)
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« GH&O|o|E| (training data)Q} E|AEC|0|E| (test data)
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(Regression)
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o Ax[0|Z ol|zf| - Z23} 7 o &

sk o s2

TOYOTA Corolla 2.0 040 HATCHB TERRA 2/3-Doors 486,986 90 2,000 13,500
TOYOTA Corolla 1800 T SPORT VVT 12/3-Doors 19,700 192 1,800 21,500
TOYOTA Corolla 1.9 D HATCHB TERRA 2/3-Doors 71,138 B9 1,900 12,950

|

|

|
TOYOTA Corolla 2.0 040 90 SOR SOL 4/5-Doors 79,375 80 2,000 17,950
TOYOTA Corolla 2.0 04D 90 SOR TERRA 4/5-Doors 79,375 g7 2,000 15,800
TOYOTA Corolla 1.4 168V VVTI SOR TERRA COMFORT 4/5-Doors 75,048 g7 1,400 15,800
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o Ax[0|Z ol|zf| - Z23} 7 o &

G

TOYOTA Corolla 2.0 D40 HATCHB TERRA 2/3-Doors 46,986 80 2,000 13,500
TOYOTA Corolla 1800 T SPORT VVT 12/3-Doors 19,700 192 1,800 21,500
TOYOTA Corolla 1.9 D HATCHB TERRA 2/3-Doors 71138 B9 1,900 12,950
u
u
u
TOYOTA Corolla 2.0 D40 30 SOR SOL 4/5-Doors 79,375 80 2,000 17,950
TOYOTA Corolla 2.0 D40 80 SOR TERRA 4/5-Doors 79,375 g7 2,000 15,800
TOYOTA Corolla 1.4 16V VVTI SOR TERRA COMFORT 4/5-Doors 75,048 g7 1,400 15,800
TOYOTA Corolla 1.4 16V VVTI SOR TERRA COMFORT 4/5-DOoors 132151 ng 1600 7077
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-7 (Classification)

0(8”)
Xip

1(E8%)
Xy 1E%
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(0,2),(1,3),(24),(3,5)

¥

\7/

Y:X1+X2

X1 X2
0 2
1 3
2 4
3 5

7 S
¥

2,4,6,3
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7|A|glE BHEle| Shg T2 AM|A
« X2} Yo A 27|
(0,2),(1,3),(2,4),(3,5)
X1 Xe Y ¢
\Y~/
O 0 B
1 1 g5 Y =0.5X; + 3X,
=) = 13
/ \
1B.5 ¢
\4

6,9.5,13,16.5
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7|A|glE BHEle| Shg T2 AM|A
+ X2} vel 2| 37|
(0,2),(1,3),(2,4),(3,5)
X1 Xe Y ¢
\Y~/
O 0 B
] ] 95 Y =7X,+7X,
o 2 | 13
/ \
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6,9.5,13,16.5
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EE

Y =2 X{+? X, +7 X4

Y

L
X2 Agogsis B2

+ &

23| 9

X3 X X3

a2l 0 s
46,986 a0 2 000
19.700 192 1,800
71138 B9 1900
79,375 a0 2 000
79,375 g7 2 000
75,048 g7 1400
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Y =@Xl +@X2 + &
If2fo|e| (parameter, B, 17288

Clo|E{7t ol i Zrlio| miatnle] 27| | p mf2fo|E] 27
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Y =W1X1+W2X2+€
=fX)+ ¢

=Y = f(X) mp 23t

‘ Loss function

EXIES

Y—-f(X)=0, ¢6=0

34
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o If2j0|E{ A

=Y — f(x) == Loss function (£4I5H4

e=Y—(wiX{+wyX5)

£, =Y; — (WiXy, +wpXyp,),i =

)

1,2, ...

f(X) =wiX; +wyX,

35
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. mfajole] 2%

Ei = Yi — (leli + WzXzi),i = 1, 2,

n
z{yi — (W1Xq1i + w2X2))} =0
i=1

n
z{yi — (W1 Xq; + w2 X3}
i=1
Cost function
(H]834)

36
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. mfajole] 2%

n
2 (Y; — (W Xq; + WyXop))2 Cost function
CELZY



7|Aletg 2ol

F

% I:Ek"A

. mfajole] 2%

min
Wl ,WZ

n
2 {Y; — (W1Xq; + w2 X3}
i=1

)'ﬂ'iwl, Wz

f(X) = WiXq; + Wy Xy
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n
min 2 {YV; — (WiXq; + waXp)}

e L—

f(x) =wo +wiX1 +w2X; CFEAGs| | n A

f(x) = 1+ e—(W0+W1X1+W2X2) iZliEﬂlil-?—l El:él

fO) = ) kI{(¥1,%;) € Ry} OAIZRILES 22
m=1

H4|EQ

1 =

.
T
14 0TI\ L £ e-(Wo1+w11x1 +waqx2) 2\ 1 +e-(Woz+w1ax1 +waox2)
e

fx) =
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Wy + W1X1 + W2X2 + -+ Wpo = Wy + z WiXi

i=1

Y =
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Son's Height

Y = f(X) = Bo + B1X1 + B2X>

Father's Height vs Son's Height

60-

60 65 70

Father's Height

75

at2fo|e] (Parameter)
« IEI0|EE A} (RHTHR]

7122 e Hlo[Efg el garlo 2]
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o afztolg| 24 ofjA| - ctEAAHEE|H 2
n
min > {¥; - f(X))
i=1
fx) =wo+wiXq +wyXy CREAMTEEY 2

n

min E {Y; — (Wo + wiX1 + wyX5)}?
Wo,W1,W2 4 1
i=

Least square estimation algorithm

«

FX) =wo+ WXy + WXy

42
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. I[|-E|-I:I|E-| -I of|A| — E|.z,\.|%| 3|7 IE'_':;'

» Least squared estimation algorithm

min Z(Y — (wo + Wlxl))

Wo,W1

« cost function is convex =» globally optimal solution exists (1% 2|3}j7} HFEA| £2f)

aC(wo,w1) _
;Vvt - (Z(Y (wo +w, X, D) =0 Wo =¥ — W, X
aC (wo, wy) & ‘ o Zin X — X — 1)
Wo, W = — —
61/?/1 —=-2 (;(Yl — (wo + ﬁ1Xi)Xi)> (X —X)?
=0

fX)=Y=w, +w X

43
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1
1+ e—(W0+W1X1+'"+Wpo)

fX) =

1
T 1+ e—Wotw1X1+w2X3)

f&X)

1
" 14 e—(wotwi1X1)

fX)

35

25

15

05

-0.5

-15
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1 + e (—(WOXO+W1X1+“°+Wan))

1+4e9
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min > {¥; - fX))
i=1

1
— Z|AElg|1| odl
f(x) 1 + e—(W0+W1X1+W2X2) i |—_IE|T| el —
n 1 2
wg,'vlvlf,hz Z {Yi B (1 + e—(W0+W1X1+WzX2))}
i=1

Conjugate gradient algorithm g

1
1 4+ e~ WotWi1X1+W2X3)

F&X) =

46
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min > {¥; - f(X))
i=1

/]

fX) = - -
1+ e_<WO+W1(1+e‘(W01+W11X1+W21X2)>>+W2<1+e—(w02+w12x1+w22x2))
n
. 1
min Y, —
Wo...W22 = 1 1
= —( wo+w +w
14 ° 1<1+e—(W01+‘*’11X1+““21X2)> 2<1+e_(w02+W12X1+W22X2)>
e

Backpropagation algorithm N

«

FOO) = 1

L 1 R
—| Wot+w — — — +w
( ( 0 1(1+e—(w01+w11x1+w21x2)>> 2(

1+e

1
1+e—(W02+W12x1+W22x2)>>

FEHES|S o5l
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10

9
8
7
6
5
4
3
2
1
0

+ Data points
——Linear regression

-

Is a Person Fit?

Age<307?

Yes?/\No?

Eat'salot Exercises in
of pizzas? the morning?

sto{? > AIA| clolefe] 3tut 2ot 24| Lo £ 2

NN N NN
NN O aa e

Yes?/\No? Yes?/\No?

Unfit! Fit Fit

€2 N N
Y %,
[ ] v, N Z
. . ,// AN .
A\)
N 4
o ® L4 .“/ s
e VU
o 4
@ v
e Jo) ®
S R
%)
, o ® ©
<z I

unfit!

Patterns of Local Wﬁ
Contrast »‘;' e
i

Input Layer

X

— ] T

N
y

Hidden Layer 1

O
Hidden Layer 2

s

Output Layer
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2. Multi Layer Perceptron (MLP)



Introduction

27 A|AE] OlEX|s
(artificial intelligence) .
3 . NOT CAR
012 Az} ofAl 244 N =" i B
E Hl A i i == =0 T = =)
MIE HE Ml (maChme Ieammg) (input) (feature extraction) (classification) (outpuit)
7% E3 , \ >
Ela{yl Q1Zto| Xz2| HEE7t X2
. Sy -
(deep learning) £laq =
C N N : _ne“m”‘ﬁ_,, CAR
RNN . e y [
RBM ; >< : Mode!: Mustang
\ J ' -
\ ) =) ol ENZE+ER 52
t
HFE7H X2

50



Perceptron

* A concept of perceptron

 Single perceptron (1975) by Frank Rosenblatt

* Linear combination of the input values and classify it by whether the value is greater than 0

Good
product
+1
+1 —
- 0
-1 . -1
Defective
[ product
—1
0.5

x; —x, — 0.5 > 0 = Good product
x; —x, — 0.5 < 0 = Defective product

51



Perceptron

* Single layer perceptron

1 1
1 0
ki
in&ut inxp2ut output
0 0
0 1 0 1
1 0 0
1 1 1
Boolean AND

input x1 | output v
0

0 Wy ®
ll/ wo=1

()

input | input output O
x1 x2
0/0]|o0 Wy
0 1 1 1
W1=] W2=1
1 0 1
1 11| 1 @
Boolean OR
input | input
x1 2 output O
0|0/ o0 /
0 1 1 1
1 0 1
1] ® ®
Boolean XOR

Value = | iff x| # x2

52



Perceptron

* Single layer perceptron

X X5

XOR

Boolean OR Boolean AND Boolean XOR

53



Multi layer perceptron

» 2-layer perceptron

« & 7H2]| perceptrona A%

54



: H|MY A%

RECALL

1+e (—(WoXo+w1 X1+ +wnXp))

1+ e

55



Multi layer perceptron

» 2-layer perceptron

« & 7H2]| perceptrona A%

h(Z;) = hy =

1

1 + e—(Wor+wi1x1+W21X2)

<

1

h= 1+ exp(—2X)

56



Multi layer perceptron

» 2-layer perceptron

« & 7H2]| perceptrona A%

1

1 + e—(Wor+wi1x1+W21x2)

h(Z,) =h; =

<

1

1 + e~ Woz+twi2Xx1+W22x2)

1

h= 1+ exp(—2X)

57



Multi layer perceptron

1
h=1 + exp(—2)

» 2-layer perceptron

« & 7H2]| perceptrona A%

1

1 + e—(Wor+wi1x1+W21x2)

h(Z,) =h; =

Z11

<

1

1 4+ e—(zo1tz11h1+221h2)

)’7=h(23) = hz =

1

1 + e~ Woz+twi2Xx1+W22x2)

h(X;) = h, =

58



Multi layer perceptron

1

A 1+ exp(—2)

1
2, =2%014+3%03+1%05=16 hy =T =15 = 0472

Y, =2%02+3%04+1%0.6=22 hz—ﬁ=0-659
=



Multi layer perceptron

« of||

1

h= 1+ exp(—2X)

X3 =01%0474+0.2%0.659+ 0.3 1 = 0.432

= 0.304

hs = 1 + 0432

60



MLP2| 12

F (Artificial Neural Network) =» Deep Neural Network (DNN)

Al740
L-OO

« MLP = 2l&

2 (input layer)

(o]
1

<
=
[N
K-
IO
4_|
.A
M_| Jlo .m._.._
o ~ ]
A< Ul : i
TR ___w_“_ dJo I
O._ mr N .A_I
T of bl o —
U H po m___
I
rey <} ofm
0 — 3r —_
~s <F o u o o yuﬂ
o © > aa A" o N
<F — = o[ —
<} =y c o + ﬂm
Tl o 9 Ko ol a _z L
o r 5 1 < 5 o
ol ol < o o o
° ° _Z_O ° ° _Z_O °
Ir ™
o/ fu
)
©
o
£
|
TXXXX)
-] ,
[ , ,
N C
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Hidden layer
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« 7H4 1) cost function: FEHU|ES|3 aEIZHE| L} yZfaf AlA| yZte| 2fo

Cost function ‘ argmin E L(Y,f(X; w))
w n
l

62
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£ 4y

* 7§ 1) Cost function — £X|5 tl[o|E{e]| of| & FA| (regression)

A|Zte| zto|& &AGt= Hit: MSE (mean squared error)

L

* L =% i=1(0; —t;)?
o AlFAk ¢ AL
o=zt HAU
11 10
19 20
30 30
43 40
47 50

1

=< Li=15(Vi — 9,)°

= 2[(10 — 11)? + (20 — 19)% + (30 — 30)? + (40 — 43)2 + (50 — 47)?] = 4

63



« L=-),;tlogp;

-« pi ClIEA, ¢ BAIE
Ol =S4k
Class 1 | Class 2 | Class 3 Class 1
0.3 0.2 0.5 1
0.1 0.8 0.1 0
0.6 0.2 0.2 1
0.1 0.5 0.4 0

SAILL

Class 2  Class 3

0

0

L=-%;tlogp;

= —[In(0.3) 4+ In(0.8) + In(0.6) + In(0.4)] = 2.85

64
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- HE 2) REYEYT Be

19

2 X1} (Feed forward) 2}A

1} (Error Backpropagation) 2t%
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3

Wiew = Wy1q £ error

L(Y,7V): 2|22t of| 2 Zke| fo

Q Z} (error)
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« 704 3) Zf2f0|E (parameter)2} Sto|mut2O|E] (hyperparameter)

* % 7|_|' —IEE% OI_7E=I-5|.% 7|'%i| (W11; W12, ---;221) -> ?EI-—_’LEI%E—% 7E=|;SI

- Sfo|mz|z}o|E| (Hyperparameters)

= A : Lo : oloja Z4x
o 2LIX J{£ SLIL C JH4, acivation function, optimizer, learning rate, etc. = A2Z7} Qo|g2 744
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- JHE 4) =4dst BH4 (activation function)

- =2 -d L. O [Ty
« Co|E{ 28 F gt EXHHEE YSoh=
Sigmoid
. 1
0'(.’13) "~ 14e—=
tanh
tanh(x) :

RelLU
max (0, x)

Leaky ReLU )
max(0.1z, x)

Maxout
max(w{ z + by, wa x + by)

ELU
T x>0
ae®—-1) <0

68
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ﬂ

. 7HH 4) A5} 5k (activation function) 10

* Sigmoid function

logistic function, squashing function
large input = small output

Output range: 0 ~ 1

¢(z) =

1g=s

input Zfol| st Tr2

o[\

7HE &)= BER 5

1+ e—z) = ¢(Z)(1 _ ¢(Z))
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« 7H'd 5) Gradient descent (optimizer)

« Gradient (GJAh): &4

2| 7|57

» Optimization (2[4&): 2| 2|4 Z2 2[HUS AUE 2

* “turning points™2| Ji&= T42| Xt4of ofsH ZAH

ocal minimum

global minimum

Local (and global)
maximum

70
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« 7H'd 5) Gradient descent (optimizer)

 Gradient descent method

A

LCY, £ (X)) _asow),

LY, f(X;w))

A

W3 Wy Wi Wy

71



HYH|ESYS 2 Yo

o Y

« 7H'd 5) Gradient descent (optimizer)

* Optimizer

Mete 4ol

DA C
i B — e T
o CIYTt optimizer

« gradient descent (GD), stochastic gradient descent (SGD)
* GD: M| &5 cllo|g] Allof| i3l (1 epoch)
* SCD: batcho]| mta} 75| Ho|o| E

» Adagrad

52| 14 o] £

* Root Mean Square Propagation (RMSProp)

« Adaptive Moment Estimation (Adam)
st 45

of| 2 (momentum)<

2 2vs

statol| fat %2

=10

HiOlE ZH|

I

SE|OO| X MEH -

h, £
—| 2@
i

Al gt Mey

—1

k>

Mo 2 |earning rateE 44
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- 7HF 6) Learning rate (Er5&)

Z o MM|5tD £2&51?7 = Small a

Z o "2 AJ]? => Large «
L'>0/ L'<o

. L4
/i \
v \
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- 7HF 6) Learning rate (Er5&)

20,

15t

10t

L(w) = w?

a: learning rate

Wy = 2 a = 0.01

w; = wy —al'(wy) = 1.6800
w, = w; —al (w;) = 1.4903
ws = w, —al'(w,) = 1.3579

W00 = Wi99 — C(L’(W]_gg) = 0.2461

a = 0.02 2f5d?
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HiX| 27|
«—>

RS AN e v - ]

+ 7H4 7) Batch, epoch, iteration A .-...-.
e G Asls U ﬂlllllll

M-
AHn AH = AH

 batch size: AJE2| 37|

IUIIJ
IUIN
IUIH

« 10007H2] Et&E|o|E{ol] tHaH batch size = 6421 732
o = 6471 2o{M 16712 batchZ LI%! (= 1000)

 Epoch: (AFHA 2o]) $25t At7do] Lok A|Z]/A|cH
« XH| ¢l[o|E{E T Z= 1} = 1 epoch

« epoch = 300 = #A| H|o|E{E 300tH HIE GH&

o |teration: AAF & *{z2|e]| HIE
« 5007H2] H|o|E{& batch size = 1022 L}4+91-2 of

« => batch?| 74 50, 1 epoch = 50 iteration (parameter UE|o| E 508 £134)

> S 00|
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YE X, 2HY, 9% 0
Dy = (11, %12, -+, X140, t11, trzy oos i) (011,012, -+, O1mm)

Dy = (21, %32, ) %20, ta1, t22) o tam) (021,022, -+, O2m)

Dy = (Xn1, Xn2) o) Xnas Ents Enzs s ENm) (On1) On2) ) ONm)



m
Z (tnk — Onk)2
n=1

1
2

E,(w)

N
Ew) = ) Ey(w)
n=1

Jlo

+ wol| chstr] oj& 7}

N N7

o
JAN/aN
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RRE
P

P

Xd
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E,(w) =

N =

m
Z (tnk — Onk)2
n=1

1
h: =
! 1+ exp (_(WjO + Z?:l W]lxl))
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Tletk = h1Wk1 + hZsz + -+ h]Wk] + -4 hkap + Wiko

. O = .
0 « hit 243 jHRf et
* 0y = sigmoid(nety) = !
Dre 1+exp(—nety)

1
« E,(w) = > 1 (tx — 0p)?

Oy,

A S 018811 wy B ARSI 1ol Awy; = —a 2o
]

d0E,  OE, Onety O0E, 0o, Onety O0E, do
aij B anetk aWk] B 60k anetk aWk] B 60k anetk

j
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5243 Afol
aEn _ aEn 60k
aij - 00k anetk J
0E
= Z(tk —0)* = __(tk —0)* = —(tx — 0r)
00y G, 1 _ —(—exp(—nety)) exp(—nety)

onety, - dnet, 1 + exp(—net,) (1 + exp(—nety))? (1 + exp(—nety))?

1 exp(—nety,)
B exp(—net;) 1 + exp(— netk)

0 (1 — o)

JE,

aij

Aij = —a = a(tk — OR)Ok(l — Ok)hj
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net; = X Wj1 + XaWjp + -+ x;Wj; + -+ + XgWjq + Wjo

0, 9
o1 Pk
o)\ |
En(w) =~
A7 S o 85to] wy A | s Awy; = —a 2

JE,  OE, Onet; OE,

Jji

y * hj= sigmoid(netj) =

0, = sigmoid(net;) =

m
n=1

= = X
ale‘ anetj aW]l anetj

1
1+exp(—net;)

5 Tletk = h1Wk1 + thkz + -+ h]Wk] + -+ hkap + Wiko

1
1+exp(—nety)

(tx — 0k)?

i
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0E, OE,
aWji B anetj

Xi

En Z(t )2 = 15: (¢ )?
anet anetZ ke ™ Ok 2 Lo Onet; k— Ok

1 ah- onet, 0oy 0(t; — 0;)?
2 anet dh; Onety doy,

Oh; onet,, 00y 0(ty — 0)?

anet = h. ( h]) . Wk] anetk Ok( Ok) aOR Z(tk Ok)

0E

m
L axihj(l — h]) 2 ij Ok(]- - Ok)(tk - Ok)
k=1

Aw;p, =
jh
aVVji




JE,

Aij = — aWk] = a(tk - OR)Ok(l - OR)hj
OE S
Ath = —a aWZ = axlh](l — h]) z Wk j Ok(l — Ok)(tk — Ok)
k=1
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* Step 2: Y Zhat A F At 2L F Atole] witZ o850 2L Eof 32 A4t

. => MG ASE T activation

. Step 3: 25|l £ 2t 26132t £ Aole] witE olgsto] 3k Co| 2 At
. => MG ASH T activation

« Step 4: At FH L Eo| Jfat AA| F=4Hof 2t 2fo|F Y + UELE 2HZ-&
.+ Step 5: At B2l Co| 7t AlM| EapLol 20 3folE EY 4 YES YE-2

« Step 6: 9|27} 25| 01 & M 7IX| Step2 ~ Step 6HF

- = 28 JMm 2k na|E (Error Backpropagation Algorithm, EBPA)

Ed% *|-o|o| W7I- 0-I|:-||o| E

|:||% Alo|2] W7|- o-l|:-||o|E



* Step 2: Y Zhat A F At 2L F Atole] witZ o850 2L Eof 32 A4t

. => MG ASE T activation

. Step 3: 25|l £ 2t 26132t £ Aole] witE olgsto] 3k Co| 2 At
. => MG ASH T activation

« Step 4: At FH L Eo| Jfat AA| F=4Hof 2t 2fo|F Y + UELE 2HZ-&
.+ Step 5: At B2l Co| 7t AlM| EapLol 20 3folE EY 4 YES YE-2

« Step 6: 9|27} 25| 01 & M 7IX| Step2 ~ Step 6HF

- = 28 JMm 2k na|E (Error Backpropagation Algorithm, EBPA)

d
h; = sigmoid (Wjo + 2 Wjixi>

i=1

0, = sigmoid | wyg + Z Wi jhj

j=1

Eﬂ% *|-o|o| W7I- O-I|:-||o| E

OE,
ij = ij — aaij
|:||% Alo|2] W7|- o-I|:-||o|E
JE,
Ji Ji
aWji
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Deep Neural Network

o JaLf, AFEEe] Zol7t ol e-& ghgol A o|Fof 22| gi= ZAI7F A (FHIM §i5t7))
Input layer hidden layer hidden layer hidden layer hidden layer hidden layer hidden layer hidden layer hidden layer

« 7|87| A4 (Gradient vanishing)

[ ]
rx
o

of ZHofA

42 ojzat

kJ
oX!

I:IOI- =
ol YZo 2 F7tel

)

A o L
5 7127171 Hd 2ol =
Deep Neural Network =1 A HEFA
p Ulil Ol-ol = g
b e hidden layer hidden layer hidden layer hidden layer hidden layer hidden layer hidden layer hidden layer
R
Vanishing Gradient
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Deep Neural Network

* Deep?| &&

« 20061 Geoffrey Hinton (A fast learning algorithm for deep belief nets)

« 2 weight?] 27| 2 A

« APHERE (pre-training)2| 7H3

« Activation function = RelLU &&
« Batch normalization

* Dropout

» Early stopping

* Residual connection (rxti73

* Gradient clipping

* etc.

St floh = 3 Thele| k52 aistod o Li2 27|2E = & ULt
ol

Sigmoid ’ Leaky ReLU )

o(z) = L max(0.1z, x)

tanh Maxout

tanh(z) . “ max(wi z + by, w x + by)

RelLU ELU

max (0, x) {f‘ 220

. . a(e*-1) z<0 - e 10
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Deep Neural Network

Batch normalization
e Covariate shift (ZHZF A|TE) THAS
=[HAM o layere] o7t 47t R > CHZ layer?| U™ H|o[E] 27} R = 22}

SkEA o] R
* —Il-lzlol -
GFA QO HIgHgl= ©0O0|0o A9
- D S5 Wolists 22002 2
- (1 - (2 - -
x |z 0 |z| |z I
11 12 13 1!
85 243
w
W2 2
255 x| Bl ANIZAT SAES 5,
'S“l:l% y.ﬂ §|'A‘|2} ShA 0}‘0-” °|x|o}[}»
BNZS
wl
wl
veis



Deep Neural Network

iol

P

&

HIAE 0|O|E]

LFE

o3

* Dropout

« Overfitting = Training El|o|E{2]

* Dropout 7|

 Training A| Y& H|-€2| node(neuron)@t &8 = weight update X

node Af&

u|d

=

Test Alof|l=

0
N 2
o

OGO
AR AR
WO N\’dﬁ y
PPN
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Deep Neural Network

 Early stopping 2FE

 Overfitting = Training H[o|E{2| 2t =Tt TH5o| 2l F SIL|

HIAE O|O|E

© B3 2|HollM S-S FROME 1Y

=1 oHd
ol==

« O epochojct 743 H|o|E{of| Cigt 22} (validation loss)

uru

Z3stol 2 AIY 2%

« 7% to|E{2] 2}7t &7t > Overfitting WA = &H4 23

v



wEUESS B 15 AHE

« 1) Boston house price prediction — regression problem

« 2) MNIST handwritten digit recognition — classification problem

94



3. Convolutional Neural Network (CNN)



Getting started

* Primary objectives of CNN

« To process the data with efficient time/resource cost by calculating partial region in the given data,

not the entire data 1
« The mainly used data = image, video, etc. (regional featur .
« To consider the spatial features (partial region) in image
3
 vs typical neural network model
1 2 & 4
* Loss the regional information
- 4 | 5 | 6 5
E 7 7 | 8 | 9 6
- © |
— Q . o 7
= : .
\\\\ ~ S 8
9




CNNeJ| 7|& 2

» Basic format of CNN

image patch hidden layer 1 hidden layer 2 final layer
1 layer 4 feature maps 8 feature maps 4 class units

Jm
o]
P
i

36x36 28x28 14x14 10x10 5x5

r W
/ [ f ‘CEgRNE GBS FC: QFAHE - Flatten: 2X12 XS 1XI9 X2 g
convolution max convolution max convolution oh e 37 ke G THA ce HE p: G|

(kernel: 9x9x1) pooling (kernel: 5x5x4) pooling  (kernel: 5x5x8)

64x64 32x32 32x32 16x16 Fully-connected
64x64 input
Conv. layer Pooling layer  Conv. layer  Pooling layer layer
z
] . 6= n 2 — A — 5 ¥  H H g ====a- g
CNN_O—I U—HIAEI O|'O|E|O'I_ l|Z—1—o_| EIE1(kerne|) E U—rugi Eﬂl —I Kernels of conv2d 4 32

|

0 40 50 60 70 80 90 100110 12.0 130 140 150 160 17.0 180 19.0 20 0 21 0 22.0 23 0240750250270280790])0

M 8 1 8 e P T e R

31 41 61 71 81 911011111211311411511611711811912012112123 1241251261271281291301

o o 8 P R OO U W

32 42 52 62 72 82 92 102112122132142]52162172182192202212222232242252262272292292302

[ 2 el 0 58 ) P B e O A L B

32 8-14 CIFAR-10 Hlo|Ejiic= Skgst 2 AU XX HE]

« Deep neural network2| weight = CNN2| kernel
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CNNe| 7| & 1 2r

» Basic format of CNN

= 71
Sdas
2l =
olpyx TaF
H—oO

remm———

5 wy@s  =us oM oM Eus
+AR gzZs dgzEs
Dog (0.01)
Cat (0.01)
Boat (0.94)
CAR (0.94)

-
-
-
-
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CNNeJ| 7|& 2

* Input layer
« Image = 3-dimensional data (height, width, channel)

« Channel = color space (gray = 1, RGB = 3)

« Height = 4, Width = 4, RGB = 3 =» tensor shape = (4, 4, 3)

Z2(RGB): 3

e

q

n

=0|(height): 4 <

L

MHI(VE‘\
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CNNeJ| 7|& 2

« Layer operation 1 — convolutional layers

« U= EAMH (feature map)o| mxnxk 37|2| tensor

=]
= hxhxk 37|2| LUE{(HE) tensor LR
- 238 SHUZ m'xn'xk’

« = padding®} strideZ AHAlGH 4 9|8

k
olgy EX|oH O/]'/};
HS Sod e 1
k h
k
A
i oE 2
=//
k
IR wier o
i Iy k
//
(a) I LES

12 8-6 HERME

224 x 224 x 3 image 222 x 222 X 64
Yy feature map
| 224 —
s 222
T 3 x 3 x 3 filter
D— S
o Convolve (slide) /

over all spatial locations

64

222

Applying
RelLU per
element

k k'
n n’
m C i m'
(b) 2+t 22 53
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CNNeJ| 7|& 2

« Layer operation 1 — convolutional layers

« example of convolution operation for grayscaled-input (mxnxk oA k = 1)

o 2E/7E

&9

o
(@
o

110

1

3
4

oO| O
o
o

k)
o
1

@
ol Ne)

o NeoN Ne
ol NoNl NollNelNe)

i
il
12}
m
S~
B
nk

(@)
(@)
(@)
(@)

U

i

s
—k

o | O

o | O
(@)

o | O

ol N ol Nol NeolNe]

UH  Aesajo|== /7 £
1100|001 1101 1
A
oOj1(0]0]11]0 01110
Ojo(11110]|0 1101
1100 0|1/|0
110[0]1]0 7t5gt
O|110]1]|0
U ZE/7d =9
1] 0 ool 1101 1113
ral
0|1 110 Ol1]0
ojo0|11110]|0 11011
1170100 0
110010 7=t
O|1(0|1|0
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CNNeJ| 7|& 2

» Layer operation 1 — convolutional layers
« example of convolution operation for grayscaled-input (mxnxk oA k = 1)
« Shape of the origin image (6, 6, 1) =» Shape of output (4, 4, 1)

« =>» A new feature map + feature size reduction

U El/Ag &2
110 0| O] 1 1101 31113
Oj110[0]1|0 O0/1]0 11230
Oj0|1[1]0]0 1101 11 2| 2] 2
1107010110 3/ 0] 3]|1
O|11010]1(0

O,01110|1]0 .
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CNNeJ| 7|& 2

« Layer operation 1 — convolutional layers

» convolution operation for 1D, 2D, and 3D

ZE (K, k)

i
2

™

AlIZt AlZt
ZEi(k, k) =W, H)
i g’//
A 4
Kk
H K H
, 2o

LE7} ZI0|= ISt £33 Fel: 2D (W, H)
w W
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CNNe| 7| & 1 2r

« Layer operation 1 — convolutional layers

» convolution operation for 1D, 2D, and 3D

l2d
ZE(k, k, d) | EEWH, L)

ZELSHOI= | L £ EEl:3D W. H, L) |
W W
ZIE(k, k, L) LYW, H, L)
e
3D 2D
K /L -
LeNet-5, VGG, etc, H = ——
— £3 el 2D (W, H)
ZE7FSE0l= e | w

W 104



CNNe| 7| & =2

« Layer operation 1 — convolutional layers

* Input data  Hyperparameter
« W;xH;xD; (Width x Height x Channel (depth)) K: Number of kernels (filters)
F: Size of kernels
S: Stride
P: Padding

* Qutput data
W, = (W, —F+2P)/S+1
H,= (H,—F+2P)/S+1
D, =K
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Activation
function

> Activation |

function

Fully-connected
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CNNeJ| 7|& 2

» Layer operation 2 — Pooling operations

» pooling types

* max pooling

« average pooling

* L2-norm pooling, etc.

Single depth slice

< R 2 | 4
max pool with 2x2 filters |
HulsoM 7 | 8 and stride 2 6 | 8
3 | 2 i 3|4
1 | 2 ESEIE
y Example: Max pooling
&2
e 312
zlch 2
3 |-1[12 |- 3|4
3l1]0]1
3|0 1

0]
EN
i
o
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CNNe| 7| & =2

 Layer operation 3 — Fully-connected (output) layers

T
Ji
Ol

— ]

w
bS]
e
=z
m
S
o
=
In

* Flattening

* Multi-dimensional feature maps = flattened into a 1-D vector

* To convert the spatial information into a format that can be processed by a traditional
feedforward neural network
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= =
CNNe| 2§ H#im
 General DNN
SIEES SIS 245
/(57 21
18 224o| 1R/ HOlg —
« CNN '
@ Tk ALt
k Ul k' ! 0= o ey
§ C
0) »
c p| fc| | B Flatten FC [ FC | @ 24 &4
et gt A
H H B- |
©R -l
7% 8-13 ZI22M MAUS skSol7| fist J3nt 2enzlE

Ye
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CNN 2% 73 44

 MNIST handwritten digit recognition — classification problem

110



4. Recurrent Neural Network (RNN)



Getting started

* Time series problems

» Tasks and challenges that involve analyzing, forecasting, and making predictions based on data that is

collected over time and is ordered chronologically
» Data points are typically recorded at regular intervals; daily, monthly, yearly, etc,

* Goal is to uncover patterns, trends, and relationships within the data to make informed decisions

or predictions about future values
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Before deep learning era

« AR (AutoRegressive) model

* A time series model where the current value of a variable is predicted based on its own past values

p
Ve = f(Yeo1, Yooz, o Yeop) + € = Do + 2 Qi + &
i=1

« Y;: Value at time t (represented as Z in textbook)
* @&;: Parameter representing the influence of the past on the present

o &: Error term at time t
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Before deep learning era

« MA (Moving Average) model
* Focused on the relationship between the observed value and the residual errors from the past

» Assume that the future value of the variable is a linear combination of the past error terms

Zt:90+

l

q
0ier—; + &

1

* Z;Value at time t
* 0;: Parameter representing the influence of the past on the present

* &: Error term at time ¢t
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Before deep learning era

« ARMA (AutoRegressive Moving Average) model
« Combine the features of both the AR and MA models

p q
Zt = (I)O + Z <I)l-Zt_i + Z Hiet—i + &t
=1 =1

AR, MA, ARMA = The given time series data should be “stationary”

« Stationary: Constant mean, variance over time (Check by using Autocorrelation function (ACF))

ﬁ !l\‘ / \ |
| m “ \“\/l\ i } i \ . ‘ , et Loy Wi
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Before deep learning era

« ARIMA (AutoRegressive Integrated Moving Average) model

« An extension of the ARMA model that includes an additional differencing (X}-&) step to make the

time series stationary (A444d)

» Differencing step: to remove any trends or seasonality present in the data

« ARIMA model = ARIMA(p, d, q)
« p: order of the AR part of the model
» d: order of differencing

« q: order of the MA part of the model
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Before deep learning era

» Time series data analysis in machine learning

Linear regression/Logistic regression models
Support vector machine/regression

Random forest

Boosting

Hidden Markov model (HMM), etc.
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Before deep learning era

e Time series + Deep learning (neural network) =» Concept of “Recurrent”

Having a repeating cyclical structure

RNN (recurrent neural network) (1986)

LSTM (1997)

GRU (2014)

Seq2Seq (2014)

Seq2Seq with attention (2015)

CNN for time series analysis (2016)

Transformer (2017)

GPT-1, BERT, GPT-3, GPT-3.5 (2022), ChatGPT (2023)

etc.
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Concept of RNN (2 173%)

« Designed to process sequential data (time series, natural language sentence, etc.)

* By maintaining a hidden state that retains information from previous time steps in sequence

* General structure of RNN
* A hidden state h;, which represents the memory of the network at that particular time step

* Allowing the RNN to retain information from previous step

|/ 5 :t ::/y ] > :/ Y \] |/ Vs : ll./ Yy -
\“1:"/ \T \T/ \.I./ \I«/ fy<1>} Ky<2>} Ky<t>1 ﬁl<t+1>\
____;\ A /.__ ;__\ /_. __\ - ~.\ P | ) T ; ) T 7\ a<t—1> : T : a<t> \f T \/ a<t+1>
( h ) - (hy V— hy V— h, —— o h ) a~%> —'E - - — —
_/j / I.\___ '_/’ - ) )
¥ f f f P
J J I $<1> x<2> $<t> x<t+1>‘
E 2 = P -
4 - W W .
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Concept of RNN

« Review (DNN training)

time Sensor 1 | Sensor 2 | Sensor 3 | Sensor 4 | Sensor 5 Status
12:00 0 98.9 3.9 0.19 0.21 Normal
Y101
7 o\ W
84
//’\\\\
3 NN h1
»4».«4»;?&\4
RPN
th
X1
T=1

Yy = g(Whyhl) f() =tanh g(-) = softmax

hy = f(Wynx1)
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Concept of RNN

« Review (DNN training)

time Sensor 1 | Sensor 2 | Sensor 3 | Sensor 4 | Sensor 5 Status
12:00 0 98.9 3.9 0.19 0.21 Normal
13:00 0 98.9 3.9 0.21 0.23 Normal

Y2

y2 = g(Whyh;)

hy = f(Wnx3)
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Concept of RNN

« Review (DNN training)

y3[0]1 y3 = g(Whyh3)
time Sensor 1 | Sensor 2 | Sensor 3 | Sensor 4 | Sensor 5 Status
12:00 0 98.9 3.9 0.19 0.21 Normal
13:00 0 98.9 3.9 0.21 0.23 | Normal h3 hs = f(W,x3)
14:00 0.3 74.5 6.7 0.23 0.24 Abnormal
X3
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Concept of RNN

« Review (DNN training)

time Sensor 1 | Sensor 2 | Sensor 3 | Sensor 4 | Sensor 5 Status
12:00 0 98.9 3.9 0.19 0.21 Normal
13:00 0 98.9 3.9 0.21 0.23 Normal
14:00 0.3 74.5 6.7 0.23 0.24 Abnormal
= O
Al A 3TA| %=

o MY BHE

ulogaiis] of LhE oll&-g Skt

Yt = g(Whyht)

he = f(Wynxe)

+o|H A HE
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Concept of RNN

« Review (DNN training)

time Sensor 1 | Sensor 2 | Sensor 3 | Sensor 4 | Sensor 5 Status
12:00 0 98.9 3.9 0.19 0.21 Normal
13:00 0 98.9 3.9 0.21 0.23 Normal
14:00 0.3 74.5 6.7 0.23 0.24 Abnormal

oHE2l h.oll ol Al ¢ — 1 HEE HIFR|?

holl h,_ & 43

Yt = g(Whyht)

he=f(Wynx,) +t—-17%E

Yt 0|1
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Concept of RNN

Yt = g(Whyht)

he = f(Wypx, + Wyphy_ 1)

Ye |0]1
Why
h, 4 h, [ T T T 1
Wxn Wi Win
Xt-1 he_1 _
Xt
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Concept of RNN

Yt = g(Whyht)
he = f(Wynxe + Wiphe_ )

he1 = fWynxe—q + Wyphe_3)

Yt

126



RNN training process

« Parameters (Gh& CHAS) o W,,: t A H|o|E] HiS

i o« W,,:t A|A o] A H Hio]
« weight: Wy, Wyp, Wy, hh 14 ol % (S

- - . ¢ Wyt t AHe] yE oS
Wy, Weight from node at time t to node at time t + 1

« Each Wy, Wy, W, is the same values at all time points (Parameter sharing)

?t 01|09
Why
Whh ~ Whh .
ht—Z - ht—l ” ht
th th th
xt—Z xt—l xt
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RNN training process

« ZHo|w: WE o A B2 O loss7} 2|47 E|E&E

=1 AA

he = f(Wpxe + Wipphy_q)

?t - g(Whyht)

loss

0.110.9
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RNN training process

- Yol w: WE ol A MBS mf loss7t 2|47} E|EE

* 1) Loss A[4F517|: Forward propagation

° %’S‘ th, Whh’ Whyoal IIH |OSS% OE'||:||-?

« 2) Gradient A|4517|: Backward propagation

* Wyn, Whn, Wi, d TH, Lossoll Fofit gFg o|x|=7}?

« 3) Parameter update

* Wen, Whp, Wiy & AEA H 2 2|2 HH|o|E?
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RNN training process

1) Forward propagation

* ht = tanh(thxt + Whhht—l) =>» Hidden state

* V= softmax(Whyht)

© L=yt 3,9 2ol

Loss (L;)

0.110.9
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RNN training process

1) Forward propagation

© Lo =yet 3,2l 2ol

— V2|01 [os

—’?t_l 01|09

Why Why
he—» Wi >heq W
Win Wxn
Xt—2 Xt-1
T=t—2 T=t—1

Y (01
L,
=V o109
Why
hy
th
Xt
T=t




RNN training process

« 2) Backward propagation =» Backward Propagation Through Time (BPTT) in RNN

dLoss O0Loss OdLoss
aWhy' Wpn" oW,p,

* Win, Whp, Wyy, =>

> Ye| 0|1
Loss (L;)
=V, o109
Why
Whn Whn
hi_» >hs_q ~ h
I/Vxh VVxh VVxh
Xt—2 Xt—1 Xt
T=¢t—2 T=t—1 T=t




RNN training process

 2) Backward propagation

dLoss  OdL; 0y,

Wy, by

= —X X
d Why ayt d Why ht

Wy,

Loss (L;)

A




RNN training process

 2) Backward propagation

dLoss <6Loss 0y aht)_l_(aLoss 0y, 0h; aht_l)_l_(aLoss 0y 0hy Odhsq_4 aht_2>+

X X X X X X X X X
0Whn 0y  Ohy Wy 0y O0hy Odhyy OWpyp 0y O0hy Ohyy Ohyy OWpy
A ¢ ollMe] FTF A t REE MR FE MYt -1 2RE a7 G
> Y| 0|1
Loss (L;)
=V, o109
Why
Whn Whn -
h_, < >hy_q < > h,
th th th
y V} A 4
X¢—2 Xt—1 Xt
T=t—2 T=t—1 T=t



RNN training process

 2) Backward propagation

dLoss (aLoss a0y, aht>+(aLoss Yy, 0dh; aht_l)_l_(aLoss 0y 0hy Ohsq_4 aht_2>+

X X X X X X X X X
OWyn 0y:  O0hy Wy 0y:  0hy Ohsqy OWyp a0y, 0hy 0hiy Ohiy; Wy
A t of|Me] FEF A ¢t 2RE Mol JTF AMH t -1 2RE |7l JTF
> Ye| 0|1
Loss (L;)
=V, o109
Why
Whn Whh -
ht—Z < > ht—l < > ht
th th th
Xt—2 Xt—1 Xt
T=¢t—2 T=t—1 T=t



RNN training process

 2) Backward propagation

dLoss O0Loss OdLoss

s W.., Wpp, Wiy =>
xht Whnie Why Why' OWhp' OWxp

> Y¢e| 0|1

Loss (L,)

dLoss  OdL; 0V, OWhnyhy
= —X X

t

dLoss z<aL dy, 0dh; ahk)

W, Li\39, ok, dhy oW,

k=0

dLoss i (6L 09 Oh Oy )
W, £a\d9, Oh,  Ohy W,

Loss function

* Regression problem = MSE = %Z’i\’zl(yi — 9i)*

» Classification problem = Cross Entropy = ZICVI=1yo,c log(po,c)

13
@36



RNN training process

 3) Parameter update

« Parameter = BPTTE 53l gradient (7|o%) AH|AF

e Learning rate (n): 7|0{E

£ Ao} Hi

> Ye|O0|1
Loss (L,)
V¢ | o1 oo
Why
h,—
M,.xh
Xt
T=t

iGt 740 7|.

A -

VVhygl*jlo::I—EE
Wppll 710 =

W2l 710 =

dLoss
9 Wnew

0Loss
9 Wnew
OW hh

dLoss > new __

WOld
WOld

WOld

0Loss

0Loss
6Whh

0Loss

13
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Limitations of RNN

« Long-term dependency problem (&7|2|&A] 23|

* Sequence?| Zo|7} Zojt4-&, a7 HFE 5ol of2dgo| LY

« => By gradient vanishing =» Parameter7}| Ytl[o|E7} QF ?9;(;;2 > Wi = wok — nx ‘Zﬁ;z

« Example) T = 100

dLoss _ (6Loss 65/100 6h100) (6Loss 65}100 ahloo ahgg) (aLOSS 637100 6h100 ahgg X ahgg)
OWhh 09100 Ohio0 OWhpp 09100 Ohioo Ohgg  OWpp 09100 Ohioo Ohgg Ohgg OWpp

oL ay dh dh oh 05 0h, O0h, O0Oh oh
+( ,\OSSX )’100>< 100, 999 N6 I Ohs O 1)
09100 Ohigo Ohgy 0Ohog dhs dh, 0h; 0h, 0h, O0Wy,

b o8 I o~ — | tanh

hy = tanh(Wypx, + Wyphe_1)

dh;
Ohi—q

2 1 { d
Ov .| ; | — tanh
/ dx

= tanh’(Wypx, + Wpphe_q) Why,




LSTM and GRUS| 5-&}

« Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU) QTD C? “1?
N AN
« RNNZ2| long-term dependency problemS& 55t o & A c!mﬁ’ [ A E
| ’ 7
© | ©

e Structure

« Three gates: Forget gate (f;), Input gate (i;), Output gate (o;)

RNN LSTM GRU
04 htA hy T
N ( \ . Ct—l \ £t ht—l ( ® @ \ >
t-1 r > t %
tanh t iy (o - Z%T_, g;ilt
} or_)ta h (o) 10' tanh
T he l__J }
1
~ J J
Xt X, .’I)tl

13
939



LSTM

 Hidden state h,: TF7|%Ql 2 & & A|-& (Short term)

« Cell state ¢, : 47|Ho 2 JHE §X| (Long term)

ht—l ct—l
LSTM
[ Forget Gate 1
a ~| > [t X
Input Gate |
o > i » X P+
.| tanh — ¢;
4 N
Output Gate
o > Ot
. 2 .
X tanh
- J
h; Ct

fr=o0 (thfxt + Whphe—1 + bhf)
ic = 0(WynXe + Whnhe—q1 + bp,)

Ot = O'(thoxt + Whhoht—l + bho)

5t = tanh (thgxt + Whhght—l + bhg)
¢t = ft®ci_1Di RC;

h: = o; @ tanh(c;)

14
040



LSTM training process

1) Gate A4k Forget gate (f,), Input gate (i;), Output gate (o,)
* fe=o (thfxt + Whpheq + bhf)
* iy = 0(Wyn, X + Wyp,hye_q + by,)

* 0 = O'(thoxt + Whhoht—l + bho)

2) Cell state (c,) Gol°|E
¢ 6t = tanh (thgxt + Whhght—l + bhg)

* ¢t = [i®c_1 DI ®C,

3) Hidden state (h,) YH[°|E

* h; = o; ®tanh(c;)

14
h41



LSTM training process

1) Gate AH4F fe=o (thfxt + Whpheor + bhf)

. - 2 o Gt G Z :
Gate: i HEE FofLr A& C9) 2 AUA|ol| chgh 753 ir = o(Wynxe + Wipheoy + bp,)
- Gate = o(W pxe + Whphe_1 + by)
O = O'(thoxt + Whhoht—l + bho)
. 0~1 Atole] ZHe ZHE HE

+ Gatenftt M2 Ch2 mt0|E] (W, Win)E AHGSH| ThEoll M2 b2 2t

Gate
* Winpe Whneo Wange Whnge Wange Whngs Wynge Whn,
I
h, 4 [ T [ T |
Win Wnn Win
Xt-1 h_1 :
T=t—-1 X

142



LSTM training process

1) Gate #A|4F — Forget gate

» 7] cell stateol|X| A&SH2| ¢ Ello|Efo]| tiFt 7153

» Forget Gate f; = (thfxt + Whhfht—l + bhf)

Forget Gate f;

143



LSTM training process

1) Gate AHAl — Input gate
« Cell stateoi|X] AT H|o|E{E AASH7| {ITF 715%|

° Input Gate it = O'(thl.xt + Whhiht—l + bhi)

Input Gate i,

144



LSTM training process

1) Gate A[AF — Output gate

« Hidden state|| cell stateE Lot i

+ Output Gate o, = o(Wyp, x + Whp he_y + by, )

Z|of chet 7+E-2|

Output Gate o,

14
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LSTM training process

1) Gate A4t Forget gate (f;), Input gate (i;), Output gate (o;)
* fe=o (thfxt + Whpheq + bhf)
* it = O'(thixt + Whhiht—l + bhi)

* 0 = O'(thoxt + Whhoht—l + bho)

2) Cell state (c,) YCllo|E
* 6t = tanh (thgxt + Whhght—l + bhg)

* ¢t = [i®c_1 DI ®C,

3) Hidden state (h,) YH[°|E

* h; = o; ®tanh(c;)

14
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LSTM training process

« 2) Cell state HG|o|E

« 2A| cell state (&,) A4

«  UA| cell state: T2l U=Zt2} 27 hidden

3 5t = tanh (thgxt + Whhght—l + bhg)

state A Hoj| CHSF QoF

tanh (

A47



LSTM training process

« 2) Cell state HG|o|E

& A[Ho|| gt cell state (c,)

* ¢ = [1Qc;_1Di RC;

 Q: element-wise product

« Forget gate: 2HQGt

fe

£ 0
|

Hlo|E = forget gate, input gateZ&

ih A HEE 97| 21T gate
(1 N T N O O O B
0201 |05|07]09|-03|-1.1]20]06 |07
0201 |05|07]09|-03|-1.1]20]06 |07

ct 7]

ad
rir
o
Jo

14
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LSTM training process

« 2) Cell state HG|o|E

o & A|Ho|| gt cell state (c,)& YH|o|E =» forget gate, input gateZ&

* ¢ = [1Qc;_1Di RC;

 Q: element-wise product

» Forget gate: 223t 27 FH S %U7| {Igt gate
ft | 0] 0] 0| 0] 0| O] 0] O0]|O0]oO
-0.2| 01| 05|07 |09 |-03|-1.1] 20| 06 | 0.7
fi®c4 | 0O | O | O | O] 0] 0] 0| O0]|O0]0O

Ot e B¢

14
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LSTM training process

« 2) Cell state HG|o|E

& A[Ho|| gt cell state (c,)

* ¢ = [1Qc;_1Di RC;

 Q: element-wise product

* Forget gate: &

fe

£ 0O
=

Jcl|lo]E <> forget gate, input gateZ&

23 A HEE U] 213t gate

0 [02 /09|01 ]| 1 |[02]01]09]04]|0.1
0.2 0105|0709 |-03|-1.1]20 |06 |07
0 |0.02|0.45|007| 09 |-0.06|-0.11| 1.8 | 0.24 | 0.07

15
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LSTM training process

« 2) Cell state HG|o|E

& A[Ho|| gt cell state (c,)

* ¢ = [1Qc;_1Di RC;

 Q: element-wise product

* |Input gate: T2 HHE 7|5

L &C;

£ 0O
=

Jcl|lo]E <> forget gate, input gateZ&

[7] £t gate
01| 0 |08[02|08|07]| 1 [09]02]04
-01103| 6 [02]09|01]|04]|21]|06] 0.9
-0.01| 0 |0.48|0.04|0.72|0.07| 0.4 |1.89|0.12|0.36

15
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LSTM training process

 2) Cell state H-|o|E.
o & A|Ho|| gt cell state (c,)& YH|o|E =» forget gate, input gateZ&
* ¢ = [i®c_1Di R,

 Q: element-wise product

7t5l{A cell state 124

u

0.9

-0.06

-0.11

1.8

0.24

0.07

-0.01

0.48

0.04

0.72

0.07

0.4

1.89

0.12

0.36

-0.01

0.02

0.93

0.1

1.62

0.01

0.29

3.69

0.36

0.43

15
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LSTM training process

1) Gate A4t Forget gate (f;), Input gate (i;), Output gate (o;)
* fe=o (thfxt + Whpheq + bhf)
* it = O'(thixt + Whhiht—l + bhi)

* 0 = O'(thoxt + Whhoht—l + bho)

2) Cell state (c,) Gol°|E
¢ 6t = tanh (thgxt + Whhght—l + bhg)

* ¢t = [i®c_1 DI ®C,

3) Hidden state (h,) YCl|o|E

* h; = o; ®tanh(c;)

15
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LSTM training process

« 3) Hidden state YEtl|o| E

R T

h, YC[o|E

e Qutput gate = ol HHE outpute 2 HUWZ| HA5I7| &[T gate

= Hidden state©l| cell stateE JofL} B

 h, =o0,Q® tanh(c,)

0;

=

g 7410 chigh 75|

0510401090203 (08]07]|01]0.9
-0.010.02 {093 |0.11 | 1,62 | 0.01|0.29 | 3.69 | 0.36 | 0.43
-0.010.02 | 0.73|0.11 |1 092 | 0.01 | 0.28 | 1.00 | 0.35 | 0.41

0 0.08 | 0.073 | 0.099 | 0.184 | 0.003 | 0.224 | 0.7 | 0.035 | 0.369

15
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LSTM summary

 Hidden state h,: TF7|%Ql 2 & & A|-& (Short term)

« Cell state ¢, : 47|Ho 2 JHE §X| (Long term)

h_4 Ci—1
LSTM fr=0 (thfxt + Whphe—1 + bhf)
Forget Gate 1
Xt | o > [t X it = O'(thl.xt + Whhiht—l + bhi)
( Input Gate ) l
o > i " X+ Ot = O'(thoxt + Whhoht—l + bho)
) tanh — ¢,
( Output Gate ) Ct = tanh (thgxt + Whhght—l + bhg)
o . 0,
= : ct = [t ®ct-1 DI Q¢
X tanh |«

h: = o; @ tanh(c;)

15
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LSTM: Peephole connection

« General LSTM = gatet= x,2f £I7|AHH (hidden state) h,_,3F2 1124

* Peephole connection

. Gateol| 27| A H (cell state) ¢, £ 2H85}of o

he_q

Peephole LSTM

Forget Gate

Input G

o

)| tanh

X |4

ft = U( xhpXe T Whhfht 1+ WepCeq + bhf)
ie = 0(WynXe + Whnhe—q + Wep,Cemq + bhi)

Ot = O-(thoxt + Whhoht—l + WChOCt + bho)

15
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GRU

o LSTMQ| 32 & 7t5t5tA| 7HA1 <> parameter 7H4-E &Y
« Forget gate, input gate =» update gate (z;), Output gate =» reset gate (r;)

* Cell state, hidden state =» hidden state

h—1
GRU
Update Gate
* o fb——z—{1-
( |
> X
Reset Gate
o > rt
|
v
> X
» tanh i—»ht-» X
|—p +
hy

15
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GRU

» Update gate z, = o(Wyp X, + Wi he—q + by )

* Reset gate 1, = a(thrxt + Wy, heoq + bhr)

- Cell state, hidden state = hidden state h, = ((1 — z,)®h,_, )®(z,:®h,)

he_q

GRU
Update Gate
o fb——z—{1-
L |
> X
Reset Gate
(v > rt
|
v
» X
» tanh |->Tlt->
L+
h;

Forget gate %% Input gate A%

Al hidden state A, = tanh (W, x; + Win, (:®he_1) + by, )

15
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RNN Summary

ht—l Ci—1
LSTM
Forget Gate ’
P B
o — fo —p{x]
Input Gate
(7 — u ]
tanh ——— &, —
( Output Gate
g /> 0;
@ tanh J
h; Ct

he_4
RNN
X, y tanh ——— h;
ht—l Ci-1
Peephole LSTM
Forget Gate
I [ o ] — =]
( Inpw/l N ‘
| O i X +]
ann—z, —/jr
f Out; ate -
@ tanh J
h, Ct

h_1
GRU
Update Gate
0' Zt 1 -
LX
Reset Gate
Lo [
|
> X
tanh = h;
+
h;

15
959



5. Transformer



Background

» DNN 7|2t 2Hlo] A[A|E H|o[&] 2| ZofofA = o] F4Tt/datF EY

« Time series (A|AH|Y) H|o|Ef: 42| H|o|E], A[9i0] 52| Ao A H &

RNN (Recurrent Neural Network)

LSTM (Long-Short Term Memory)

GRU (Gated Recurrent Unit)

je suis
étudianf

714 HH 7| (Machine Translator)

1

| am a student
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Seq2Seq L2

« Seq2Seq (Sequence To Sequence)2| 54f

* By Google 2014

« Paper: https://arxiv.org/abs/1409.3215

ol 3 r]

(Encoder)

\ 4

I

| am a stud

* Limitations of RNN =» Not work for variable length

Context
Vector

ent

« Encoder/decoder for the variable length input/output by using two LSTM networks

 Input: Word sequence of fixed length with LSTM/GRU-based structure

* Qutput: Sequence of length appropriate for the input sequence

je suis
étudia

RNN cell

RNN cell

RNN cell

RNN cell

RNN cell

RNN cell

162
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Seq2Seq L2

« Encoder
. U BYo| RE ClojEg £3jHo 2 Uajyke

k-2
 Ofx|2tof| B E Clo| ZHH E QtxBHA| TILte| HIE|{E2 OtE (encoding)

d

« =>» Context vector

 Decoder

« Context vectorg Hlofr A&l ClolE SF 7l A 2320 2 23
=3

+ > Decoder7} 2] 22 A4d(decoding)He HHAl0 2 A2 ChE Q/Ea] AlRAo| g
je suis étudiant <eos>
*
Encoder
Context .
RNN » RNN » RNN » RNN Vector
e A R T
| am a student <s0s> je suis étudiant
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Seq2Seq L2

Encoder

AUE F42 context vectoro]| encoding (2

Encoder?| LSTM-&

Context vector

IEE'I'Q
= =

L

LS

Cto] &AMCHE 22| >

iGH

=

1A=l 37

| M

e Encodere| ofz|a} AEloj|M &8%] hidden state2t Z
¢ U B HEE GBI HE D BY 2004
Encoder
Context |
RNN »* RNN »> RNN »> RNN Vector

T

am

T

a

T

student

O] context vector AliAd
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Seq2Seq L2

Decoder

Context vectorg AIE5t0 =8

<sos> ES S Q=0 2 BIOFA] <eos> EZO|

<sos>: Start of sequence

<eos> End of sequence

=
(L

Xt
o

= L2

L=

je suis étudiant <eos>

*

Context
Vector

v

<sos> je suis étudiant
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Seq2Seq L2

Decoder

C|3

& 2

Z{EHY| LSTM cell9] 9
« <sos> E + context vector & 1 CI2oj| 7} A5t 8HR0| &2 clof of| &

El.o celle |OIE=|
+ ol celloll] ol &% Trof S 1 Lol S ZEo| 71y £L Tof of 2

¢l 2= AMAHHe = BhE

je suis étudiant <eos>

' ! t

Context
Vector

<sos> je suis étudiant
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Seq2Seq L2

CrolE 3o 2 |
« $E UHIY AR (Text &> v

L=
=

Context
Vector

étudiant

*

T Yoz AgH

<eos>

f

+ 9oz Sofrtk BE clojge
Encoder

RNN RNN »> RNN »> RNN

Embedding Embedding Embedding Embedding

I am a student
0.16 0.78 0.75 0.88

-0.25 0.29 -0.81 -0.17
0.478 -0.96 0.96 0.29
-0.78 0.52 0.12 0.48

v

<sos>

suis

Embedding Embedding Embedding Embedding » Embedding layer

étudiant
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Gty |-?

=]

i1\

-

» oA 28 Tz LI &Eo| 7MY =2 TolE

-

« Softmax@t4-£ activation functione 2 23]
« Softmax = 82 &EZ HIE

suis étudiant <eos>

e e

Decoder

Embedding Embedding Embedding Embedding

<so0s> je suis étudiant

-6 2 3 s
B, el
softmax 0(2); = oo
j=1€"
Output Softmax "
layer activation function Probabilities
13 0.02]
21 e 0.90
22 == — —|0.05
O Zj:l e’s 0.01
1.1 0.02
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g

Seq2Seq R HlQ]

« Seq2Seq 2!

2HA|1 7

e T

A

Encoder?t £&5I= HIE| Alo|27} 11

* Vanishing Gradient Problem

7| cellof| %

=

ofa|d

71
=

Al (2% Zolt

Encoder/Decodero]| LSTM, GRU



Attention2| §Ar

» Seq2Seq RH2| THA|IE ZE5I7| {3l AUt

* https://arxiv.org/abs/1409.0473 (2014)

. QU AIYAT} ZofR|H 23 AlYAL] HUE I ozl BH|E oHZ

* Seq2Seq 2 H!

.« U A|EA D Context vectorzte D5 37|90 HE{Z Q2 > 23 A|HA

« Machine translationoj|A& d2d F%lo| ZIod HHod £2] {5}

« Attention] o}o|C|o]
» DecoderollX| &3 THo{F of| &5t O A (time step)DICt encoder?| x| U Z4& H1Y

» Sl Aol of| Solof & Thofef ol Rle UH Thol £ES HCf HF (attention)dliN LT

170


https://arxiv.org/abs/1409.0473

Attention mechanism

» Dot-product attention étudiant

« (dA|A]) Decoder?| AM|Eiml| LSTM cellol|x] &3%l Clo{& of| &

« > 2 o] of| 52 25l encoder?] BE Y TolEo HJEHE CHA[ gHH 31

Dot-product

Encoder Decoder

A\ 4
\ 4
\ 4

RNN RNN RNN RNN

Embedding Embedding Embedding Embedding

Embedding Embedding Embedding

I am a student <sos> Ssuis
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Attention mechanism

1) Attention score calculation
e Encoder2| A|A (time step)= 2t7H 1,2, ... N

° h1N hn:

Encoderg| Zt cello]| CHZt hidden state

score(s;, h;) = sTh;

« s/ : Decoder2| T2 A|H (time step) tol|AM2| SHT cell2] hidden state

Attention score

Encoder

hy h, h; hy

Dot-product

Embedding Embedding Embedding Embedding Embedding Embedding Embedding

I am a student <sos> je suis

Decoder
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Attention mechanism

1) Attention score calculation

Seq2Seq model

« EA A tol|M 23 Tho] of|2-E 2[5l decode?] cello| TQ &2 St Qe

Encoder

> o] A|A t — 1°] hidden state?} o|A A|A ¢ — 10]| LI &2 cho]

(Ad|A]) ‘étudiant’ of| 22 2|aHA] ‘suis’2} o] cellof|A{e] &ad7f TiQ

je suis étudiant {eos)
*

RNN

Context
RNN Vector

RNN RNN

v
\ 4
\ 4

T T T | |

I
am a student {505 je <suis ) étudiant
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Attention mechanism

1) Attention score calculation
» Attention

« O] A|M t — 12| hidden state + 0| A|A ¢ — 10]| L} &8 Clo] + Attention value T2

hy h;, h3 hy
st
Dot-product
@tion score ®
Encoder I Decoder
RNN | RNN > RNN » RNN
I am a student {sos) je @
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Attention mechanism

1) Attention score calculation

« Attention score?] 2jO|

* Decoder?} ¢ A|HollA BT o o Trofof| 3Fsl{of of=2| YT 2| &

« T2l decoder2| A tof|M Tt E of| 25}7| &[5l Encodere| 2 &

% Al hidden state@} HotLf FAIZH|

Attention score

Encoder

2 mc
=2 L

-

Ko |-h 1‘| A

hidden state ZtZFo| decoder?]

EEEE

Dot-product

T

\DE

Decoder

RNN

—>

RNN

student <sos) je suis
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Attention mechanism

2) Attention distribution using Softmax function
« el 5.2} encoder?] @& hidden stateol| CH$t attention score2| g et = [s] A4,
« el softmax@4 285to attention X (af) ALK ol = softmax(e?)

o BI LY Z}7to| Zh2 it Y™ thofof| chigt attention weight (o) 2t &

Encoder

T
S¢ hy, ...

Embedding Embedding Embedding Embedding Embedding Embedding Embedding

| am a student <sos> suis

’ S{hN]

Decoder
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Attention mechanism

 3) Attention value calculation = Context vector

« Z} attention weight (af)2t hidden state (h,

« Attention value a, = YN, a! h;

Encoder

RNN

\ 4

RNN

\ 4

RNN

v

RNN

Embedding

Embedding

am

Embedding

Embedding

student

-~ hy)E 7HEETto] ALt

Embedding Embedding Embedding

<sos>

je

suis

Decoder
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Attention mechanism

 4) Concatenate a, and s, =» one vector v,

* v = |ag; sg]

« C}2 Clo{ o] A| 32 2 = Encoder HH & o

Encoder

of &

Ay

Attention value a,

Qi

Softmax

\ 4

RNN RNN

— RNN

Hidden state s;

Decoder

Embedding

Embedding

Embedding

a

Embedding

student

Embedding Embedding

<s0s> je

Embedding

suis
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Attention mechanism

« 5) Predict the next work after obtaining s,
 §, =tanh(W_[a,; s;] + b.)

* ¥, = softmax(3, + b,)

étudiant

tanh
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Attention function using Q, K, V

* Query, Key, Value
« Q = Query

« t A|A2Q] decoder cellof|X{2] hidden state

« K= Keys

« B A|HQ] encoder cell ZF2to|| CiSt hidden states

 V = Values

« B A|HQ| encoder cell ZF2to|| LSt hidden states

 Attention
e Value

Source

Key #4 ED:' value #4
Key #3 El:l:l value #3
Query #9 key #2 [ value #2

[T1] o
o

it 3 <

, =
Key #1 value #1

10qou
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Attention function using Q, K, V

« Attention (Q, K, V) = Attention value
o BALLE (Similarity) AAF = Score function

e 20{2l queryol| CigiA 2= keys 7He| attention score AH|AF

« 18 (Normalization) =» Softmax function

* Query2} 7t keyE 72| attention scoreE attention distribution2 2 HiZt

o 7t&%F (Weighted sum) A[AF = Attention distribution

« 7t value=S2| attention value AHAF

« Attention(Q,K,V) = softmax(QKT)V
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Various types of Attention algorithms

0]

ol

scaled dot

general

concat

location — base

AFN

os

A
B =

score(s;, hi) = 5! h;

score(sy, hi) =

score(s;, hi) = 5T Wah; [/ B, W= 8t JHs3 715X #E

score(sy, hi) = W tanh(Wp[s;; hi)), score(ss, hi) = WT tanh(Wys; + W h;)

0o
Ot
rir

'
1E

a; = softmax(W,s:) // ap A& A Of ,2F A

Defined by

Luong et al.
(2015)

Vaswani et al.

(2017)

Luong et al.
(2015)

Bahdanau et
al. (2015)

Luong et al.
(2015)
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Transformere| SAf

 Attention Is All You Need: https://arxiv.org/abs/1706.03762 (2017)

« Seq2Seq (Encoder-Decoder)& Tr2MHAME AttentionRte 2 &=l ol
e 7|& Seq2Seq 2 &, RNN A|¥ =&
« Al7hof| o] &Ml U sequenceo] It} hidden stateF A8/doto] UH= 2|5t 2
 RNN=Z AF25IR| k1 Encoder-Decoder £ 2280 AdA| = RNNECLC} &43F M=

° OFAZIA| L Cfefgh ZofollM ArEEl= HEA 2

« Seq2Seq / Attentione| 1A SHA|E 7HA

. __,|_7<‘5|$_| i7|9_| Hi||E-|O” _I;I_% - OI-__=_I:_ > A H _JIL\_A| HFAH

* Vanishing Gradient Problem

-+ UHe| 3ty 22| > AL 275
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https://arxiv.org/abs/1706.03762

Transformer B & LR

« Seq2Seq 1Y F2*7 Encoder-Decoder 1+ 2X& Al&

(Seq2Seq 2 %!) Encoder/Decoder ZtZto| SiLfe| RNN 2B & F2F

(Transformer) Encoder/Decoder?} ZtZt N7 2 &A= L2

« Encoder/Decoder ZtZ}t 67l21 of|A|

je suis étudiant

1

je suis étudiant
4

Transformer

Encoders

Transformer

Encoder #1

Encoder #2

Encoder #3

Encoder #4

Encoder #5

T

| am a student

Encoder #6

T

| am a student
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Transformer B & LR

« Seq2Seq 1Y F2*7 Encoder-Decoder 1+ 2X& Al&
+ <sos> EAZ Yo 2 Hio} <eos> EZ LI 7| At 43H
« RNNL ARE|Z| 9fokz|Ot encoder-decoder?| 12 & 83|
* Transformerg| ¥
« Embedding vectorol|A& RA = ZHS Yo 2 Q.
» 5| 7} Thofe| embedding vectorg Y22 2| P& (RNNS| 2/ 54)

je suis étudiant <eos>

Encoders

Embedding Embedding Embedding Embedding

student <sos> je suis étudiant

Embedding Embedding Embedding Embedding
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Transformer B & LR

» Positional encoding

. 7} thojo] 9Jx| YHE YFE W

suis étudiant <eos>

\ 4

Encoders
1 ‘ t t

Positional Encoding Positional Encoding

Embedding Embedding Embedding Embedding Embedding Embedding Embedding Embedding

I student <sos> suis étudiant

Positional encoding . . . .

+ + + +

Embedding vector

| am a student
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Transformer B & LR

.+ Positional encoding: $1%| & & 713 2+& IHE7| SioH & JHe| 4B AME
)

g mxlrad =1800¢

¢ PE(pOS, Zl) - Sin(pos/lOOOOZi/dmOdel) e /i sin(z) cos(z) ,”

PE(pos,2i + 1) = cos(pos/100002%/dmodet ) o7 l,>\7r,

~
B \ZL&’,

dmodel (Hyperparameter) -19® 30¢a5202 90° 12({23§9539 180°

« Transformer2| encoder/decoderoi|X A5lj2l ¢J2{u} &32] 37| (= Embedding vector] x}d)
« BE 39| 2 XL oo| (=FolME 512)
pos : YH 2EAollA 2] embedding vectore] 2|

i : Embedding vector LH2| X}42] index

dmodel
| e Embedding vector + Position encoding
am > A HE HE
+
a > 22 Tthol2te 4 el x| o2t U= vectordfo| HatH
student
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Transformer B & LR

.+ Positional encoding: $1%| & & 713 2+& IHE7| SioH & JHe| 4B AME

* PE(pos, 2i) = sin(pos/100002%/dmodet )

PE(pos,2i + 1) = cos(pos/100002%/dmodet )

doaer (Hyperparameter)
« Transformer2| encoder/decoderci|r 5lRl Uzt £232| 37| (= Embedding vectore| x}¢)
« BE 32| 2 el 2lo| (=FolM= 512)

pos : YH 2EAollA 2] embedding vectore] 2|

i : Embedding vector LH2| X}42] index
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Transformer B & LR

« Transformerol|X| AF8E]= attention &

v Y :; §§ ; Ei N ) Encoder Self-Attention

« Encoderol|M AR E|= attention

m Masked Decoder Self-Attention

« Decoderol|M AR E|= attention

// ’A\ Encoder-Decoder Attention

‘ « Decoderol|AM AR E|= attention
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Transformer B & LR m

Add & Norm
T

Position-wise
Add & Norm FFNN

i Encoder-Decoder Attention

Position-wise Add & Norm
FFNN /
! Multi-head

\ 4

A

Self-Attention

> Add & Norm
1
Multi-head Add & Norm P Masked Decoder Self-Attention
Encoder Self-Attention = Self-Attention /
Masked Multi-head P¥%

Self-Attention
Positional Encoding 'y

Embedding

Positional Encoding

Embedding
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Transformer B & LR

« 7Hd 1) Multi-head: Transformer?} attention= HE*0 2 £ 3i5I= HitH

Add & Norm N x
t
N x | Position-wise
— Add & Norm FFNN
. i . T Encoder-Decoder Attention
Position-wise Add & Norm —
FFNN /
1 Multi-head
Self-Attention
> Add & Norm
1
Multi-head Add & Norm « | Masked Decoder Self-Attention
Encoder Self-Attention =] Self-Attention /
Masked Multi-head g
Self-Attention
Positional Encoding r

Positional Encoding
:
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Transformer B & LR

- 7H44 2) Self-Attention: Attentiong AAZO||A| 434Gt 2|o

e Seq2Seq R HIoj|M ArESI= Attention (function)
. Decoder?} AfAJst= £ AHe| hidden stateet U2i BAS 7he| TS AANH7| SloH ALR
étudiant

* Query: £ A|A(t)2] decoder cell2]| hidden state

« Key, Value: & A|H2| encoder cell2] hidden state

Keys, Valdes

Encoder Decoder

RNN —{ RNN

Embedding Embedding Embedding Embedding Embedding Embedding Embedding

student {sos) je suis
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Transformer B & LR

- 7H44 2) Self-Attention: Attentiong AAZO||H| 4

« Self-Attention2| 2|o|2} o|A

Self-Attention& )=
(A|A]) “it'o] 2|o|5t=

= ‘it’ o| ‘animal’z} ©d

O IE#.%}%; LH

A2? = ‘animal’?, ‘street’?, -

The

didn't
Cross
the
street
because
it

was

too

tired

The
animal
didn’t
Cross
the
street
because

it |

was
too
tired
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Self-attention mechanism

1) QK Ve 7]

o« 7t I:I-o-| H-IIE-|%§

-1 L= =

* CI)JE 37 |(dmodel)

« =2 Q, K VHEE

student -~

we

Qstudent

Kstudent

Vstudent

==ollM 2t 7tE-2| L] 37

X
-At

tention 4-3i5t= Zio| ofLl

Example
Amoder = 512, num_heads = 8

« > QK VHEL 37| (dy,dy, d,) 27 643+

I% dmodel X (dmodel/num_heads)
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Self-attention mechanism

« 2) Scaled dot-product Attention score(s,, h;) = sTh;

« 7|&2]| Attention mechanismi} =< T
« Cloj o] CH3t QHIE{Q} @ E KHIE{o|| CHEHA] attention scoreE AH|At Attention score
Kl
Qr 128 [ q-k
1 . r ) = ——
e XL =128 5 ==16 score(q, k) =~ =
\\\:\ \/ dk : i T
‘\\ N T | I
\ ~ 1 1
VN N X Kam | E Self-Attention score
v N 32 | !
\ \ N ! 1
VN N =32 > — = 4
\ N dy ! :
\ \>< T ! | .
Y \ K, + Self-Attention score
NN 2 32 . |
\ \ — - —— = ! - _
\ x T | golie AXUE Sl /4, B UG
\ ! : -
\ Dstudent ! E 2> F HlE9| LMIrE AAH LS 4f
\ 128 ! :
\ =128 » —=16.
\/ dk : !
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Self-attention mechanism

 2) Scaled dot-product Attention

Gl =
e Y5

F Attention Valu

G
—

Softmax =» Attention distribution #A|4F = Weighted sum = TFoq |of| CH

Attention Distribution
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()]
S
S
c
0
)
c
Q
b ]
<L
I
| B
Lo~ g S = _
" VS !
X+ X o+ X o+ X
L — — <
> = — — < |
N ) o o o |

TRy
. S
= S Iy 3
=, . &8
X! X 7/ X _.° -~
| 4 ’ -
/ e PR
| V3 s -
7’ -
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Self-attention mechanism

1 — T
- Batch with matrix operations (No vector operations) Attention(Q,K,V) = softmax(QK")V

« AA|2= Q, KV HIE] dito] ofl i dhto 2 oAy

| - =2 L a

. QK"
Self — Attention(Q,K,V) = softmax |74

Jax

we Q
|
o Attention Val
; = . / Q KT \ ttention Value
/>/</ student vV Matrix «
| e wk K X
% |
am | || | | --<=-- am softmax X =
a \ - a
student > student
\\X WV V
. N
) — am
a
student
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Multi-head Attention

« Transformer?} attentionS H3x{o 2 A SH5I= HiH

Add & Norm N x
t
N x | Position-wise
— Add & Norm FFNN
. i . T Encoder-Decoder Attention
Position-wise Add & Norm —
FFNN /
1 Multi-head
Self-Attention
> Add & Norm
1
Multi-head Add & Norm « | Masked Decoder Self-Attention
Encoder Self-Attention =] Self-Attention /
Masked Multi-head g
Self-Attention
Positional Encoding r

Positional Encoding
:
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Multi-head Attention

« Gt Ho| Attention HC} of2] He| AttentionS BjE 2 AR SI= 7{o| o Fa}A°
o dmoder® 2HHS ZH£= o] vectorE num_heads= LI+ 2FH€ 2 2 Attention 434
o 512 Q] ZF Clo] vectorE 82 L0 6421 2] Q, K, VHIE|{2 Attention 4-3Y

dmodel = 64

num_heads 64 64
we  wk o owy o
Attention #0
dmodel = 512 // Q
A /7
// VVZ WZK WZV az
| L7
am | | | | | ______ Attention #1 num_heads2| =3
a \
\
student AR
\\ anum_heads
AN Attention
# num_heads
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Multi-head Attention

- Bt ol Attention EC} of2] 12| Attention2 HHZ AMRSHE 70| o Tt
* dpoger/num_heads 22 Z= Q, K, Vol CH3HAl num_headsE| Attention 48}

« 7t Attention mechanismo| B& 2 434 = Zk7ko| Attention value matrix& “Attention Head”

d
model - 64
num_heads 64 64

Q K 1%
VVl Wl Wl aq
Attention #0
dmoder = 512 /" 2
A /7
// VVZ WZK WZV az
| L7
am | | | | | ______ Attention #1 num_heads2| =3
a \
\
student AR
\\ anum_heads
AN Attention
# num_heads
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Multi-head Attention

« 0= Attention HeadE concatenation = Concatenated matrix

« AZEl Attention head matrix (Concatenated matrix)2| 27| = (seqion, Amoder)

am

student

« O
* S€(ien - 'I'—'%I- 7EI

o

VVlQ

v

v

anum_heads

v

=)

Concat

as ay anum_heads

doder = d,Xnum_heads
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Multi-head Attention

« Multi-head Attention matrix : Concatenated matrix2}t 7}&x| woe| &

« 37 (Seqwnr dmodel)x(dmodelr dmodel) = (Seqwnr dmodel)
« Encoder?| 22 &2} 53] 37|9} =Y
« = Multi-head Attention CIH|E & 03 E Encoder?| ¢J2io 2 S0t sliigdo| 37| § x|

« J2{of CI2 Encoder?]| ¢lado 2 28 7I= (Note, Transformer = Encoders/Decoders)

aq ar as ay anum_heads

seq, . {
en dmodel dmodel

- 7
g

dodel = d,Xnum_heads

Concatenated matrix " "

dmodel dmodel

wo Multi-head Attention Matrix
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Encoder in Transformer

 Note. Transformert o421 72| Encoder?} Decoder® 74

* N (num_layers)7H2| encoder & %S

« = HoME= & 6742 encoder &

N x
> Add & Norm
1
» Transformer Encoder?| @4} sublayers P°S'E':£&W'Se
* Multi-head Self-Attention Layer f
e Position-wise FFNN (Feed Forward Neural Network) > Add & Norm

Multi-head

Self-Attention

Positional Encoding
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Encoder in Transformer

e Position-wise FFNN

« QHFMOIl deep neural network2| feed forward 4173%fat 72+

o Zt7to| Gh& L EUF M2 2HGHA| 917 (Fully-connected)

N x
« FFNN(x) = a(xW; + b))W, + b, > Add &?Norm
* « : activation function Position-wise
FFNN
« Encoder2} decoderol|A] 522 Zt1 Q.= sublayer »/  Add & Norm

Multi-head

Self-Attention

Positional Encoding
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Encoder in Transformer

e Position-wise FFNN

« ZF vector£©°| multi-head attention sublayer = FFNN sublayer £2fct= 1A

N x

Add & Norm
1

A 4 ' .. .
T Position-wise

_ FFNN

A

\ 4

Encoder #2

Encoder
#1

Add & Norm

\4

FFNN FFNN FFNN FFNN Encoder #12] &%
(=Encoder #22] ¢J&)

A A A A

Multi-head Self-Attention

A A A A

Multi-head

Self-Attention

Positional Encoding
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Encoder in Transformer

© 2714 71YE

* Residual Connection

» Sublayer?| 2&oi| Y& = Hatiz£ 71

N x
. H®) =x+ F(x) —> Add &TNorm
. olaja} 2aio =olst 349l I CiMl Tk Position-wise
FFNN
o ool gk&o|| a7t Q-2 (https://arxiv.org/pdf/1512.03385, pdf) 5

— Add & Norm

« Layer Normalization

Multi-head

e Matrixe| scaleg SUF= 7|8 (Yo, EAF AR Self-Attention

Positional Encoding
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https://arxiv.org/pdf/1512.03385.pdf

Decoder in Transformer

* N (num_layers)7i2| encoder P4t 3 T Decoderz U™ HE Encoder-Decoder Attention

Multi-head Attention 4-3l, but Self-Attention-2 o}yl

 Note. Self-Attention 2 Q == K ==Vl 4% !

Add & Norm N x
t
| Position-wise
Add & Norm FFNN
 Encoder-Decoder Attention 1 !
Position-wise Add & Norm —
FFNN
 Q : Decoder matrix f Multi-head
Self-Attention
. > Add & Norm
K, V:Encoder matrix
g" Multi-head Add & Norm —
o Self-Attention
()] (1] yy
v — 3 o0 = Masked Multi-head
g_ Self-Attention
Q ) ¢=p <sSOS> | Positional Encoding | 1
— 3 QD
< > .
S°'°}e je [ Positional Encoding |
X == i
étudiant étudiant
KT

Attention Score
Matrix
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Decoder in Transformer

- Decoder?| 2|3 (Encodere}t 5) ‘ \

. : e 1 7zl & B2to| olad
Embedding layer/Positional encoding {2l & &#lo| QJ=d TN N x
t
Position-wise

FFNN

« Teacher forcing (in training)

Add & Norm —

|h 7k olzd
- =

* (Seq2Seq model) &5 ZHollM HEH F4 ol SRl = 22 U

Multi-head

« (Transformer) %S S&I2 2o 2 Self-Attention

+ D o Aol A+ ol 0] M| 2H|

1
Add & Norm —

‘ ’ . ., . s e s 5 Masked Multi-head
« ‘| am a student’ = ‘je suis étudiant’ [ ‘suis’ of|& A|2| decodere| = Self-Attention

* (Seq2Seq model) <sos>, ‘je’
Positional Encoding

« (Transformer) <sos>, ‘je’, ‘étudiant’
Embedding

208



Decoder in Transformer

« Self-Attention & Look-ahead maske| =< E

A

+ 2| AIH Bt ool Qe TholE2 2BEHR| ROHEE Add & Norm Nx
« Maske| 7iF =< :
Position-wise
FFNN

(@]
- U 022 2H “

Add & Norm “—

o o
A c A c
S )
o S ag & o S Multi-head
A £ Ve & 3 VS & A Self-Attention
wn o
Q Q. _ g9 <sos> <sos>
vV® e I
<sos> jie je
je _ ) Add & Norm —
sUis X = suis - suis
étudiant T étudiant étudiant Masked Multi-head
K Self-Attention
Attention Score
Matrix

Positional Encoding
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Decoder in Transformer

* Note. Transformer= °42{ 72| Encoder2} Decoderz 4 E
* N (num_layers)7i2| decoder 33 tofA| H4HES HEE =N N x
¢ =2OojA= & 67l2] decoder & ..t :
Position-wise
FFNN
+ Dense?t softmax+= Seq2Seq 21} SUGHH 52t Add&Nom |
e §;, = tanh(FFNN(x) + b,) Multi-head

Self-Attention

* Y= Softmax(§t + by)

1
Add & Norm —

Masked Multi-head

Self-Attention

Positional Encoding
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Transformer summary

A

Add & Norm N x

t
N X | Position-wise
— Add & Norm FFNN

1 Encoder-Decoder Attention

Position-wise Add & Norm —
FFNN /

Multi-head
Self-Attention

Add & Norm

A\ 4

|
Multi-head Add & Norm | Masked Decoder Self-Attention

Encoder Self-Attention = Self-Attention /

Masked Multi-head P
Self-Attention

Positional Encoding 1

Positional Encoding
Embedding 11
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AL Engine,e,r‘s

The Interview

The Job

import transformers
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End of slide



