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Deep Learning

Convolutional Neural Network

Recurrent Neural Network

Transformer
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B Reinforcement Learning(Z$l&HE)

« Reinforcement : Z2}(E&1b), 24 (#58), 2o (FHE)

« the process of encouraging or establishing a belief or pattern of behavior,
especially by encouragement or reward

. QIEXS Btgo Y Y3

I__CI)_ —
T 2HE(HO|H)2t =2 XEotH 2= HetZd 22 M 1

Ok

A2 SH
H = o

Mok

A
T

What is Positive Reinforcement Dog Training?

« Teaching dogs desirable behaviors using SCIENCE-based & REWARD-based methods.
 Helping dogs learn and succeed step by step.
» Motivating dogs with fun exercises and gomes. No force! No pain!

+ Encouraging dogs to think more for themselves.
» Valuing dogs' voluntary behaviors.

e Understanding dogs' feelings from their body language. .
+ Understanding how dogs leam, their needs and wanls, AL

¢ Using methods that work humanely with ANY dog. Big dogs, small dogs,

Ry

puppies, senior dogs, disabled dogs, fearful dogs, reactive dogs... can all learn and have fun!

e <+ ¥

1. develop 2. develop 3. develop
dog's self-control a trust relationship dog's self-confidence

Sungshin Women's University * Data Science Center



. Reinforcement Learning in Games

Galaxian:

Sungshin Women's University * Data Science Center

Figure 3: Comparison of the DQN agent with the best reinforcement learning methods'’ in the

literature.

Video Pinball |
Boxing ]
Breakout |

Star Gunner |
Robotank |
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Crazy Climber |
Gopher |
Demon Attack |
Name This Game |
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James Bond |
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Pong T

Space Invaders |
Beam Rider |
Tutankham |
Kung-Fu Master T
Freeway |

Time Pilot |
Enduro |
Fishing Derby T
Up and Down |
Ice Hockey |
Q'bert |
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Asterix |

Battle Zone |
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Amidar |

Alien |

Venture |
Seaquest |
Double Dunk ]
Bowling |
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Gravitar

Private Eye ||-

Human-level control through deep reinforcement learning(2015, Nature)

Deep Reinforcement Learning (Deep Q-Networks : DQN)
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https://www.nature.com/articles/nature14236

. AlphaGo

« Mastering the game of Go with deep neural networks and tree search(Nature, 2016)

Figure 3: Monte Carlo tree searchin AlphaGo. ® #0: Google DeepMind R Ahiaco

Challenge Match
8- 15 March 2008

a Selection b Expansion c Evaluation d Backup 'g‘
43_‘_ -._;.I. L 4o ! ? /
L e . I ¥
11T = B 0 ihdE ] =]
mi-.l\ Q + ulP) &4 Lok &4 \ o . I
¢ I Ll L T 121 &Y ) T
e 1ol fee 4 }” ndl HT \ &

r o
o

+
‘ee I
Q + ulP xn;],q . SO _* ../ 166
e o (1) 332 o(BE) B 3 ) 18
P £ | H
7N i
(558) w8 |55
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https://www.nature.com/articles/nature16961

Convolution Fully connected
A

_,.fﬂc

LO (Input) L1 L2
512x512

14 F5 F6
(Output)

sborder fight
-attack
-center ko
-nobi

-hane

-split shape

Go miample creation
il Vo 8N ek

Neural network architecture

The input to the policy network is a 19 x 19 x 48 image stack consisting of 48 feature planes. The
first hidden layer zero pads the input into a 23 x 23 image, then convolves k filters of kernel size 5
x 5 with stride 1 with the input image and applies a rectifier nonlinearity. Each of the subsequent
hidden layers 2 to 12 zero pads the respective previous hidden layer into a 21 x 21 image, then
convolves k filters of kernel size 3 x 3 with stride 1, again followed by a rectifier nonlinearity. The
final layer convolves 1 filter of kernel size 1 x 1 with stride 1, with a different bias for each position,

and applies a softmax function. The match version of AlphaGo used k= 192 filters; Fig. 2b and

Sungshin Women's University * Data Science Center



https://3.bp.blogspot.com/-eyTHwP3Y87M/VwTd-liXtlI/AAAAAAAAAGA/0LPvJXMBH7cGu6xB4wijbs3iOdvCLFeQg/s1600/CONVOLUTION-GO-BOB.jpg
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. Hyundai motors Project — Detecting Obstacles in Road

=2 E % X35} (Road deterioration)

T2 0| (Port hole) EE2F3W 0= (Litter including fallen tree and others)
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http://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=2ahUKEwjCppX0rPjbAhXMErwKHWasBp4QjRx6BAgBEAU&url=http://www.richmond-news.com/news/richmond-crews-get-caught-in-rush-hour-traffic-late-snowfall-led-to-unplowed-roads-1.496239&psig=AOvVaw0VKQKtJ8tsuW2mwqK4P65R&ust=1530343734545672
http://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=2ahUKEwju36W0uPjbAhXBerwKHdZkBi4QjRx6BAgBEAU&url=http://www.hwankyung.kr/sub_read.html?uid%3D9812&psig=AOvVaw1BPoHfcKNRYIuvpKb8rdO4&ust=1530346794729072

. Hyundai motors Project — Detecting Obstacles in Road
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B Tool : Python, COLAB, Fast Al

C, C++, JAVA ECt H{ 27| €0 FHO| ZHEh

« 1/3 RO ACEOCE ZAUSH 7|5 =
* Free

https://www.python.org

e python’ o, I ) .

About Downloads Documentation Community Success Stories News Events

Intuitive Interpretation

Calculations are simple with Python, and expression
syntax is straightforward: the operators +, -, * and
work as expected; parentheses ( ) can be used for
grouping. More about simple math functions in

Python 3.

5.666666666666667

Python is a programming language that lets you work quickly

and integrate systems more effectively. > Learn More

Sungshin Women's University * Data Science Center




B Tool : Python, COLAB, Fast Al

o I}O|M IH7|X|
Anaconda :
Tensorflow :
PyTorch

FastAl :

« ZZ20Y ¢ C|H
Jupyter Notebook

« COLAB:

£ mnsoft_Al_intro.ipynb
—ALIntro.py RBuez xnz: o @
DY 43 27 MY HEY &7 E8Y BE A0l KA
+2E +EAs e - £aEANs A

<> [1] from fastal.vision import =
Import matplot|ib. pyplot as plt

[2] from PIL import Image

O |

[]

Sungshin Women's University * Data Science Center


https://www.anaconda.com/
https://www.tensorflow.org/?hl=ko
https://pytorch.org/
https://www.fast.ai/
http://colab.research.google.com/

B Linear Algebra
« W (matrix)

« HlX(tensor)

L
0lo
T

(EMK|)

(1) (2) 7o (p)

(1) /-’f?ll Tyz v | TG ot :ﬂlp\
7 [) Trop  Ta2 Loy Lap
X 2
nxp . }'H [:.i) Tyt mp e | x| 0 Tip
Moo :
i <
/ =
X (ZHH) X; (HeE)
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10 MEotA, 72| e] ZHEreh AFA Lo = of

def list_mean(p):
total = 0.0
for t in p:
total +=t
mean = total / len(p)
return mean

np.matmul(a, b)




B Regression

LX RS
0e°®
o®
.

eee
ee®
o®

ol =M Brs 7 W0 25 HEA 2GS E=XE
ZOrE7| ?lof 2 2A & HESH A2 B0 240t= S
SR Ly

.................................. Y = f()A(lﬂX29 Ty Xp) T & D

ooooooooooooooooooooooooo
--------------
--------

Ht-8 ¥ <=(Response Variable), 5% H4=(Dependent Variable), S HEHS
(Target variable), OF2 3/ & (output)

A H#H==(Explanatory Variable), 0| & ==(Predictor), =& H=(Indepe :
ndent Variable), & & (Covariate), 2| & a=(Regressor), 8 2l(Factor),
OH 7H & == (Carrier) , 213/ = (input) '

Z AHapproximation)2| £ YX| S LIEILY = 28 2K (random error)”
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B 2|7 (Regression)

Table 8.1. Galton’s 1885 cross-tabulation of 928 adult children born of 205 midparents, by their height
and their midparent’s height.

Height of Total Total
the mid- Height of the adult child no. of no-. of
parent - adult mid-
ininches <61.7 622 632 642 652 662 672 68.2 69.2 702 71.2 722 73.2 >73.7 children parents Medians
>173.0 —_ _ - —_ = = —_ - — —_— — 1 3 — 4 5 —
72.5 -_— e —_ 1 2 ! 2 7 2 4 19 6 72.2
71.5 —_ _ - — 1 3 4 3 5 10 4 9 2 2 43 Il 69.9
70.5 1 —_ 1 — 13 1 3 12 18 14 7 4 3 3 68 22 69.5
69.5 —_ —_ 1 16 4 17 27 20 33 25 20 11 4 5 183 41 68.9
68.5 1 —_ 7 11 16 25 . 31 34 48 21 18 4 3 — 219 49 68.2
67.5 - 3 5 14 15 36 38 28 38 19 11 4 — — 211 33 67.6
66.5 —_ 3 3 5 2 17 17 14 I3 4 - — —_ —_ 78 20 67.2
65.5 I —_ 9 5 7 11 11 7 7 5 2 1 — —_ 66 12 66.7
64.5 1 1 4 4 1 5 b — 2 - - — —_ —_ 23 5 65.8
<64.0 1 —_— 2 4 1 2 2 1 I — — — —_ — 14 1 —
Totals 5 7 32 59 48 117 188 120 167 99 64 41 17 14 928 205 —_—
Medians — — —_— — — —

— 663 678 679 67.7 679 683 685 69.0 69.0 70.0

Source: Galton (1886a). ‘

Note: All female heights were multiplied by 1.08 before tabulation. Galton added an explanatory footnote to the table: “In calculating the Medians, the entries
have been taken as referring to the middle of the squares in which they stand. The reason why the headings run 62.2, 63.2, &c., instead of 62.5, 63.5, &., is that
the obsarvations are unequally distributed between 62 and 63, 63 and 64, &c., there being a strong bias in favour of integral inches. After careful consideration, 1
concluded that the hcadings, as adopted, best satisfied the conditions, This inequality was not apparent in the case of the Mid-parents.” Galion republished these
data in 1889, where they are referred to as the R.F.F. Data (Record of Family Faculties); he then noted that the first row must be in error (four children cannot
have five sets of parents), but he claimed that *‘the bottom line, which looks suspicious, is correct” (p. 208).

Francis Galton(1889) : OIHH XI2| 3|2 OIS2| I 2HE HP

Sungshin Women'’s University * Data Science Center




B 2|7 (Regression)

74
-~ o g
0
/
O 70
% 0
5 ! /
Il 68 5/
1/
0
- 0 /
66 4 o
O/ /
64
60 62 64 66 68 70 72 74

OFEH Al 2] 21 (21 )

Karl Pearson(1903) : OIS2| I| = 33.73 + 0.516 x OIH X2l 3|
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. 2|7 (Regression)

g (Estimation)
vHISH = Of O|ZH=0| ME X0 U =2 71 & M (best fit) B2 HS}
= AMEHEA

>

X2 HMEFH (Least Square Estimation)

Min S(pS,, ) = n gi2: n (yi_IBO_IBI'xi)z
izl 121 t - ‘ ﬂo_ﬂlxi

Z(x — X))V =)

31812121 n )
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Deep Learning
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B Deep Learning
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. Feed Forward Network

=
2E3 Output Layer
Input Layer

-------- 24040
Hidden Unit
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ut 2t 11 2| & (backpropagation)2| =H|H

Sungshin Women'’s Univers

ity - Data Science

= X[ (weight)2| =73 B

(Output)Ofl 7t77t-2 S(layer)2 2 2H 7t5X| =F0| 4Hn}

Center

o
=




T =4 (total loss)E X2zt o= HERE 7HSX| parameterg & 0IOf g

=

x

Network parameters 6 =
{(Wy, Wy, ++, by, by, -}

HOLOf St= 7tS X[ £40] & E&=

2’4214 : 8 layer, 1000neurons/layer

103 x 103 x 103 x 103 x 103 x 103 x 103 x 103

1000

neurons Nneurons
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Mr. Randy Pierce, blind mountain climber
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. Gradient Descent

1. =76k w T E

4. 2EHA12F 3EHAE wixel B=t7t AQ| gl M 7HX| Bh=.

—nadL/ow n : learning rate
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. Gradient Descent

0.2

-0.1

Sungshin Women's University * Data Science Center

Compute dL /0w,
—u dL /owy
Compute dL /0w,

—uoL/ow,

Compute dL/d by

—udL/db,

0.15

0.05

0.2

VL

- dL
dwy
dL

— aWZ

oL
ab,

gradient




. Gradient Descent

Compute dL /0wy
0.2
—u dL /ow,

Compute dL/dw,
-0.1

—uadL/ow,

Compute dL/d b,

— 1 dL/b,

Sungshin Women'’s University * Data Science Center
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0.2
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. Gradient Descent

Color: Value of
Total Loss L
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Gradient Descent -Difficulty - 2Z %|AZ}
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ol == e

Al = AFS O Hf H
d 45 oS ok By
- ANMZHETE &43B~(loss function)2| M EH

o O|L[HY X[(Mini-batch)

. MEZ 2HdE4=(activation function)-Relu
« &&E (learning rate) =M

i

4

o

S (Momentum)
- 75X ZE|(Weight decay)

« EZO0XZ(Dropout)
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= : Rectified Linear Unit (ReLU)

o0(Z) = max(0,2)

Q
N
N
SN’
»Q

. sigmoid
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Convolutional Neural Network
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Bl Image EGi|O|E{2| CNN

100

=7t0f| Chigt
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B A CNN2J 1

N

Max Pooling

Convolution

Max Pooling
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Bl CNN —Convolution

FilterE O| 89l =f&5dl0F & Y| ER|IA parameterg 27

1{o{o|0|0]1 Tl
o|1|lo|o|1]o0 1| 1 | 1] Filter1
olo|l1]|1]|0]0 11| 1| Matrix
1{o|{o|o|1]o0
ol1|lolof1]o0 il B el
-1 1 -1 Filter 2
olo|l1]|o]|1]o0 ,
11111 Matrix

6 X 6 image
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Bl Stride. 2%

1|-1|-1
-1 1)|-1 Filter 1
-11-1( 1

stride=1

O|0O|r,rJO|(O|F
O|lr|O)JO0O | |O
1O |0, |[O|O
O|l0O|O0O—r|[O|O
R, |O|FL|O
O|l0o|0o|O|O |k

6 X 6 image
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Bl Colorful image

—— — — T —1
1] 1 |-1]-1 4 -1 1 | -1
1|-1| 1 |-1|Filter21[H-1| 1 |-1|Filter2
] -1]-1| 1 4 -1]11 -1

Colorful image

[ ~ [ o |

r|lo|o|r|Oo |0}
o|lo|o|lr|Oo|OH
Rrlr|Rr|lO|rR|OH
o|lo|lo|lo|o|r H
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B Max Pooling

-1 (1 ]-1 Filter 1 -1 1 | -1]| Filter2
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J CNN

Convolutiond} Maxpoolings &l H 22 A Z& O|0[X| O|o[H -8

O|Oo|r|O|O|F
O|lr|O|O | |O

R|O|O|FL,r|O|O

Rl |O|—|O

O|0o|O0O|r|O|0O
Ojl0o|lO0|O0O|O|F

Max @ s
Pooling h

2 X2 image

6 X 6 image
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Convolution

Max Pooling
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Bl Flatten. ZX|7|

©®
oo

Flatten

Fully Connected
Feedforward network
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http://cs231n.github.io/convolutional-networks/

SECFNOEE
o B M o
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. VGG net

ConvNet Configuration
A A-LRN B C D E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
mput (224 = 224 RGB mmage)
conv3i-64 convi-od conv3-64 convi-o4 convi-04 convi-64
LEN conv3-64 conv3-64 conv3-64 conv3-64 224x224x3 224 x224x64
maxpool
conv3-128 | comv3-128 | conv3-128 | conw3-128 | conv3-128 | conv3-128
-:ﬂn*.'i—l;.’]ixp :slmi— 128 | conv3-128 | conv3i-128 T N—
conv3-236 | conv3-236 | comv3-256 | conv3-236 | comv3-256 | convi-236 56lx 56 x 256
conv3-256 | conv3-236 | conv3-256 | conv3-256 | comv3-236 | conv3-256 0B x 28 % 512 TS
convl-256 | conv3-256 | conv3-236 7 : 14- L wnle 1x1x4096 1x1x1000
conv3-256
maxpool
conv3-212 | comv3-312 | conw3-212 | conw3-212 | conv3-512 | conv3-212
conv3-312 | comv3-312 | conw3-212 | conw3-212 | conv3-512 | conv3-312 @ convolution+RelLU
convl-512 | conv3-512 | conv3-212 ) max pooling
conv3-512 fully nected+RelLU
maxpnnl softmax
conv3-312 | comv3-312 | conw3-212 | conw3-212 | conv3-512 | conv3-312
conv3-312 | comv3-312 | conw3-212 | conw3-212 | conv3-512 | conv3-312
convl-512 | conv3-512 | conv3-212
conv3-512
maxpool
FC-4096
FC-4096
FC-1000
soft-max

Sungshin Women's University * Data Science Center
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34-layer plain

imiage

L J

Z
I

Y

34-layer residual

image

T eonv, 64, /2

v
posesd, 2
¥

3x3 oo, 54

¥

3x3 oo, 54

¥

3x3 oo, 54

¥

3x3 oo, 54

¥

3x3 oo, 54

¥

3x3 oonw, 54

¥

3x3 conv, 128, /2

¥

3x3 e, 128

¥

3x3 oonw, 128

3x3 oonw, 128

¥
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¥
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B The ImageNet challenge

= Major computer vision
benchmark

= Ran from 2010 to 2017
1.4M images, 1000 classes

N2

= Image classification

Reference: Deep Mind Deep Learning Lecture

Sungshin Women's University * Data Science Center




B The ImageNet challenge

2010 2011 2012 2013 2014 2015 2016 2017

Reference: Deep Mind Deep Learning Lecture

Sungshin Women's University * Data Science Center



B Mask R-CNN

Reference: Stanford CS 231n

Sungshin Women's University * Data Science Center



Recurrent Neural Networks
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Bl Sequence data
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. Recurrent Neural Network

. XS AASKEES 2t AFOIA WA X8

ht . fW(‘ht—la xt)

new state / old state input vector at
some time step

some function
with parameters W X

(2h AIEDICH S U B4 fw B 8)
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he = fw (h’t—la mt)
|

ht — taﬂh(Whhht_l + Wmhmt)

X U= Why hy
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B Example: Character-level Language Model

Vocabulary: [h,e,l,0]

Example training sequence: “hello”

1 0 0 0

- 0 1 0 0
input layer 0 0 1 1
0 0 0 0

input chars: “h” “e" “I" i 4

Sungshin Women's University * Data Science Center
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hy = tanh(Whnhi—1 + Wanzt)

0.3 1.0 0.1 |w hh|-0.3
hidden layer | -0.1 — 0.3 05— 09
0.9 0.1 -0.3 0.7
I
1 0 0 0
: 0 1 0 0
input layer 0 0 1 1
0 0 0 0

input chars: “p” “g" o °F




target chars:

output layer

hidden layer

input layer

input chars:
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[T .

A=00
- IS I

T

0.1
-0.5
-0.3

W_hh

e i 3
1.0 0.5
2.2 0.3
-3.0 -1.0
4.1 1.2
0.3 1.0
-0.1 0.3
0.9 0.1
1 0
0 1
0 0
0 0
Hhﬂ II.EI‘I‘

=200
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Sample

Softmax

output layer

hidden layer

input layer

input chars:

o~ 8838 |~ o

= = = P

llh*

S

-

¥y
S
(4]

“I” uln
1 t
.25 A1
.20 A7
.05 .68
.50 .03
1 1
0.5 0.1
03 0.5
-1.0 19
1.2 -11
1.0 0.1
= 03 » -0.5
0.1 -0.3
0 0
1 0
0 1
0 0

7




Bl LSTM(1997)

e Gradient 2

X (vanishing)2| =Xl
 Gradient =3 (exploding)2| A

Bz RNNOJ M= AJAG/AEA HIO|ES| £0|7F 20{E =5 &
ol Sl=7 S7HotEM 50| 2 ¢AE(S 8 fIXle 7HSK)

« AAE HOJHO| A= O Ef| "7[H"0f CHeh =t

|
OHr
>t
~N
4>

o
=
« B A[ZITH ALO|S| IHE Z 20| 02 =

« Long Short Term Memory
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Ve

Forget Gate

(0 LSTM Cell

Ciq

Xt Input Gate Output Gate

« 7|9 (memory cell)2| F7} (C)

Y2} 0| E(forget gate) : WA BEE H% 71AY A7 (RHAIE/7]9)
20| E(input gate) : M2 BES H% 7|z AQA7f? 7o S 2l

=

[ — |
= = A 0| E(output gate)
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B GRU(2014)

Forget Gate h’f
he_ s (@ = ~N
= 2.,( o
t Z¢ . gt. — Input Gate
9]

It

« Gated Recurrent Unit
« LSTMI} FAfSHH AHLHO| & ZHEHS

e Cell state 9IS
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Transformer
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.7|7-'|| A 2 12|F : Seq2seq

LSTMO|L} GRUE 7|Bt2 2310 encoder part2} decoder partZ T+ 8= 2 H

Time step:

.

I love you
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. Seq2seq+Attention architecture2| ot4|

« O=0] Eaot AL AZH(@AHoz 7LstER)
- 50| ER% AL (BPTT)

« RNNO|A =Xt Ol

- HEHQ ALo] 7t

Transformer (Vaswani et al., 2017)
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. Transformer

2| S 25 E0H &

5t7| ?|8H positional encoded vectorgE 8.

ojn

Self-attention 7|

Architecture: Encoder + Decoder

=
(]
(V)

sity * Data Science
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Qutput

Probabilities
t
| Softmax )
t
[ Llinear ]
3 H u
4 N
[ Add & Norm J— Decoder =&
Feed
Forward
H -
Encoder == E—
s 1 ~\ | Add & Norm ==
~| Add & Norm | Mult-Hoad
Feed Attention
Forward I ) N x
— 1 (——
N | Add & Norm Je=,
~>| Add & Norm | asked
Multi-Head Multi-Head
Attention Attention
t t
— J \. —
Positional A O—® Positional
Encoding ¥ Encoding
Input Output
Embedding Embedding
Inputs Qutputs

(shifted right)
Figure 1: The Transformer - model architecture.
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B Post-Transformer

Transformer?2| Encoder Bt 0|2

« BERT, RoBERTa, etc.

e Transformer2| Decoder Bt 0| &

« GPT-1, GPT-2, etc.

« Encoder + Decoder

« XLNet, BART, etc.
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. Attention!!!

« "Attention is all you need”, Vaswani et al,, 2017

« Transformer= Self-attention 4|7 L|& 7|82 XtHO| X{2| &0F &
of 2

Attention Is All You Need

Ashish Vaswani® Noam Shazeer® Niki Parmar® Jakoh Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@®google.com nikip@google.com usz@google.com

Llion Jones® Aidan N. Gomez* | Lukasz Kaiser®
Gonole Resganch I Tniversite of Toronto Gﬁnglc Brain

mechanism. We propose a new simple network architecture, the Transformer, ™™
based solely on attention mechanisms, dispensing with recurrence and convolutions -
entirely. Experiments on two machine translation tasks show these models to

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
ing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.0 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature.
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Self-attention O|2F?
CHOIOFCE O THO
> self-attention!

7| attention

. Self-attention mechanism

oo AHLH(LHA).

1=
o

ojru

= (matrix multiplication

ol 2
SH =

5l
M_lu_

L

Ce

sity * Data Science
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. Self-attention mechanism

« ex: "The animal didn't cross the street because it was too wide.”

- it O|2t= HOI7t 2 THO1 2} 74 77kR| OF ot=71?

« animal? street? 22 £+ 0| 25 7t5d0| /=77

The
animal
didn't
Cross
the

because

Sungshin Women's University * Data Science Center

= Lol o=
The The
animal
didn't didn't
Cross Cross
the the
street street

because because
it
Was was
too too
wide tired
. Self-attention mechanism

(source: http://jalammar.github. |o/|IIustrated transformer/)

The
animal
didn't
Cross
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Decause
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too
tired



. Self-attention mechanism

1. Query, Key, Value BIE{ 244

« = FHO{O] input embeddinga M Hzt
« Query, Key, Value HlE 4 (64XIg)

- Y HzE fITh 24 (W, Wk, Wy)

Self Attention

study HEN e S l=.

/’. IIE

at ] / /
//
school N

B school

parameter matrices to be learned

(source: https://www.youtube.com/watch?v=mxGCEWOxfe8)
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. Self-attention mechanism

. I QKT
2. Scaled Dot-Product Attention Attention(Q, K, V') = softmax( N~ )V

« Query2t Key% LH&SH score A4 — HE U= EHO{2| score”t B

1t = Value=2f LHAESHY ZF THO{OLC} attention=
M. (Attention layer output)

T -
Query * Key Score Softmax alue Softmax * Value X Softmax * Value
(Attention layer output)
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0.70
0.03
0.25

study study*| WM »

study * study BN

= ]
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o o
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0.01
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8§ 888
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(source: https://www.youtube.com/watch?v=mxGCEWOxfe8)
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. Self-attention mechanism

3. Multi-Head Attention

« O 72| attention HL2 A0 =, (A&l EF 3719
attentionO| =& U ZF, HNEE 87E AFE)

o Zb attentionl 22 H L2 A4S S concatenate.

- Aol iy Bzls Sl @ 28 embeddingdt €2 AALE .

q ||
study D
at .

school il

(source: https://www.youtube.com/watch?v=mxGCEWOxfe8)

Sungshin Women'’s University * Data Science Center



. Encoder - Decoder

Encoder * Encoder | . Encoder { Encoder *
Layer#1 / B |\ Layer#2 Layer#3 \_Layer#6 :

at [N
school [N

Keys, Values

——
_a-""-'-._'_ B

™
=slarts

H’f i
= — Maskad it “"
s “1 ' - Multi haad - Foad
hakyo

Vi - At ! Forwnard ' L
Attention : :
oD . T /

gongbubey

the queries come from the previous
decoder layer, and the keys and values
come from the output of the encoder.
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. GPT (Generative Pre-Training)

GPT-1 (Radford et al., 2018)
Transformer2| Decoder 7|2t §10{ 2 &
12702| decoder AE. N

=

GPT-2 (Radford et al, 2019) ] ’

N Cnars O ¢ 0t
GPT-1 2LIH 2 29 =
RO i mibacdding

L | £ I
E-l E'(')I:% gll-ﬁ E'”Ol E-I (WebTeXt) @ EXTRA nputs Outputs

N (shifted right)
LARGE v

LARGE 45

Attention

2\

OT.0 N\
36 DECODER )
N[O N “ee 6 DECODER
e | == 3
SMALL .. -
4 '_ DECODER | 41 DECODER
12( DECODER ) 3 DECODER 3 DECODER
eee | l2¢ = DecooeR = J| |2( = DECODER ) 2 DECODER
1( DECODER ) ) 1 DECODER ) 1 DECODER )|
N, I ¥,
Model Dimensionality: 768 Maodel Dimensionality: 1024 Model Dimensionality: 1280 Model Dimensionality: 1600
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