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- 2lE ¥ 4~(Random variable)
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.S EStA0L SHE O T kA
(probability function and probability density function)

S}E 2Ol 7|7t a} BA
(Expected Value and Variance)

O|A=HE 2 X (Discrete Probability Distribution)
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™ EX]7|2F Maximum Likelihood Estimation(MLE) - (1/2)

O

HYEX7] 2

o S BMA Head®t Tail O] L= A0 A (Bernoulli experiment, i.i.d)

- Head 7t LI &
- Tail 0| LIZ =HE: P(T) =1-6

siid U2 S ﬂ—T'—
- HHTHT O] L2 &%,
- P(HHTHT) = 06(1 —6)8(1—0) = 83(1 — 6)?
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Binomial distribution
- ALKl Z40| OFLl discrete
S)o &E 22
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A Ol AFA(true, false BEE= ™, SIH

AYE HX|H Head =& Tail O LERE O|AX QI ALZAO|L 7, BHE BX
2t= A0| A= + UL,

O Maximum Likelihood Estimation

P(D/6) = 0% (1 — )9t

-0 7t FO{ X 42 M Data?Z} é SES Holot A
D(data)= Head 2} Tail2 F+M = 22|7} #=3t Data O|Ct

- 22|e| 7k (Hypothe5|s)
.Y BX[7] Z0t= @ 2HE binomial & EEE MECH:= JH4.
: 01%171| ot 22|0| 7tH0| Zoll H 4 ALKIHEO] & ' O o =)

> @ 2+ binomial distribution 2Lt H £ 227} QICHH,
A4S MEH =ICKE B2 HjojHe o] 2Eag A
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™ EX]7|2F Maximum Likelihood Estimation(MLE) - (2/2)

O Maximum Likelihood Estimation (#|%)

ugt

AL | =
B2o= T?AEGEﬂE—Ii

T A=, ot 71X] Y 0| MLE(
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6 = argmaxgaP(D/0)

.P(D/6)E #|CH3} Sl= argument @ = FOILY T JZS 9 2t 1 3t
"0 7t FO|ME U, DataE 5L SES & = A1, O|AE 2(LH2I5t=
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TensorFlow ver. 1.x

e TensorFlow™ is an open source software library for
numerical computation using data flow graphs.

e Python!

TensorFlow

What is a Data Flow Graph?

® Nodes in the graph represent -
mathematical operations o
e Edges represent the
multidimensional data arrays
(tensors) communicated
between them.

» J2ZE LE(node), LB LEE HZGHE AX|(edge)Z T EICE ?3

» Data Flow Graph= = =7} StLtC| operationO|Cf.

= Edge= OIO|E{(H|O|E 012{[0])0|H, ElX(tensor) Ef1 = S}, O|S0| LE=Z
= 0|t SEH(ALNHO| EICH

. olafet QRO X AIE Y7} Yot ADE 22

» L CE [M2tM tensor/t SOMCHACHE
tensorflow 2t &

2| Gt o Stof

Hello TensorFlow!
import tensorflow as tf

¥ Create a constant op

by . : = i ) v . ] s +h ) — . .
¥ THN1S8S OPp 18 adagedg as a noge to the gerault grapin

hello = tf.constant(“Hello, TensorFlow!")

\ Graph ol stLte] =71 QU 4,
* session a L. E0j ‘Hello, TensorFlow’

¥ sSsearct a

sess = tf.Session() o| EXIEo| &0 Q= Ao|LC}.
# run the op and get result Computational Graph= Als13}7]
print (sess.run(hello)) ol put ’ pha =S
LIS M= Session( )= UHE 1,

b'Hello, TensorFlow!' e

sess.run( )22 A = =0

flolA THE0| 2 hello 2t= L E

E At

TensorflowO|A] tf.constant() 2t= L. EE St 7] THE 1, session()
= MHE O30, O = EE A& A7l Ao|C}t.

| Sy —




TensorFlow ver. 1.x

"4
%A“—V\ULQ
- dgfZ= 0|2 2 51 $”AI9|'— TFA Of| M
=0 ANE M, pl holder 2= Edst L EE
=il placeholde
Placeholder == 7 ==
®r3 W
a = tf.placeholder(tf.float32)
b = tf.placeholder(tf.float32)
adder node = a + b # + provides a shortcut for tf.add(a, b) + a, b 2= F712| placeholder —EE Bt=1
« add =EE TS,
print(sess.run(adder_node, feed dict={a: 3, b: 4.5})) = =Me
nt(sess.run(adder node, feed dict={a: [1,3], b: [2, 4 ) ) =
- .- i (2, 411 + Session()= =1, sess.run( )22
7.5 addE HHA|F|=C | O|lf feed_dictE O|835t0| Aitet t=
[ 3. 7.) 2AELCE
« St 7Ho| gt #Tt OfL|2t array 4f2 EO0lE =& QULCH
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HA
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=
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= =
E T'__EI'

ol

[CHAl Z2[5tH Ch51F 2T

(1) Build graph(tensors) using Tensorflow operations
- dafj=E o|g uff placeholder = EE o|E & QUL

(2) Feed data and run graph(operation)
sess.run(op, feed_dict = {x: x_data))
- placeholder = EE THEH J2f=ZE AT Of,
feed_dict2 S HHECL

(3) Update variables in the graph
(and return values)




Linear Regression : Hypothesis, Cost Function, Gradient Descent Algorithm - (1/4)

o Ot ZHERGH H[Of B Off Al
- x : feature, y: label

Regression
(Data)
X y
1
2 2 S
3709| st= HIOJHE
3 3 dej=2 A
3 x
2 3
1 »
L]
0
0 1 2 3
X

- (Liner) Hypothesis(7t4)

o 3|7 B & (Regression Model)2| &t&

ol =
= -
x(hours) y(scores)
10 90
9 80 r
3 50
2 30 B

Cil Ol E: Training Set

§0|E{ 2 7Hx 2
st Azt

THe=

(Supervised Learning)

:> Regression
Model

Train

7OI-| I—IE EI 740||:_|.

A zk; 01|_|)




Linear Regression : Hypothesis, Cost Function, Gradient Descent Algorithm - (2/4)

Z2 74 (Hypothesis) : A H|O|E 2t

S

= Cost Function(5:= loss Function) : 2|7t M& 7+A

7td Data A2[7t 7t7t2 A

it =X Datal| At0] Y= & LIEHH

Which hypothesis is better?

3 x
2 x
P
1
0
0 1 2 3

® How fit the line to our (training) data




Linear Regression : Hypothesis, Cost Function, Gradient Descent Algorithm - (3/4)

> Cost Function2 W2} bo| &4

Cost function

1 & . .
= — H (DY) — ()2
cost = 7 3 (HE) — )
H(x)=Wx+b

cost(W, b) = S f:(H(x(l)) — y()2

I R

Cost &7t 2|27} E|=
2 22|17 7IX| 1

7tdol 2t 2A HIolE %

2 What cost(W) looks like ?

= Simplified hypothesis
(282 &4 stol #I5iM b = 0 71Hd)

H(x) = Wx
1% _ _
cost(W) = — (H(x(‘)) — y()2
"

How it works ?

- XM ES o FA Aot E AAL

CostZ| X|&7} -
e XH

S Z e K EOM BALEE A At
. Stm, AR e ggtoz
‘s‘ =EM Lzt
D XEXMoZ AAET} zeroZt E|= X|HO|
A|X™o| =lct.
o .".
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Linear Regression : Hypothesis, Cost Function, Gradient Descent Algorithm - (4/4)

=+ Gradient Descent Algorithm
- Formal Definition

TTE

cost(W) = % Z(WIHJ — y(D)2
=1

W =W — aili D (Wl —y@)2

L]

- -
_
-

-
~ —
-~ -
~—a_ -

Of =42 7[AXL =2 HET Al7|HH, cost
functions |22} St WS THolfLi 2,

J740] HtZ Linear Regression2| 3# A QI
stEltdE sl 28-S PHEril & o= QUL

o Convex Function

T

1 , .
cost(W, b) = - Z(H(:’?{t}) —yD)?

i=1

100+
75

cost(W, b) 5o | /
. L

0N\ e 10
10— 10
2020 &

o

- cost function O| convex function O] E|= Z0| &8
- AZHEO| OC|E E&E 2 et X[ X -
- Gradient Descent algorithm = 0| &

AIEEO ThEk M2 CHE
EME2Z L 2CHE,
<2 €12[F0] #RE AO|Ch
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i

#  placehoder= 0| &2 Linear Regression

bisis - Gradient Descent2| %

bisis

import tensorflow as tf

I tf Grach input

w = tf . ¥ariable(tf. . random_normal ([1]1), name = 'weight')

¥ = tf.placeholderi{tf . flcat32, shape = [MNonel) # 1%xIH. element === Al EE
¥ = tf.placeholderi{tf . float32, shape = [Mone] )

It Our hwpothesis @ Linear Model, =W
hvpothesis = ® = w
It cost/ lost function

cost = tf.reduce_mean(tf . sauarelhypothesis—Y))

i

I Minimize | Gradient Descent Magic

ftoptimizer = tf train . GradientDescentOptimizer? learning_rate = 0.01)

fitrain =_optimizermirinizelcost)

- —-=-
- -
- -

learn ing_rate = 0.0
aradient = tf . reduce_mean{ (wxx — Y= K] )
descent W Iearﬂlng rate*aradient. -~

It Launch the graph in a session
zess = tf.Sessioni )

1.3 . L
=W —a— (@) _ 4,0y, (®)
W=W -« E (Wz y\")zx

i=1

It Initialize global wariakles in the aragh
sess, run(tf . alobal_wvariables_initializer{))

for step in range(201):

cost_wval, update_wval = sess . runf [cost,

¥o [1.2.3.4,511)

it step % 20 ==
printister, cost_wal, update_wal)

it

update] . feed dict = {x:[1.2.3.4.58].

12



Logistic (Regression) Classification : Logistic Hypothesis — (1/3)

© Regression2 AE 0 &5t= Z0|X|2F Binary Classification2
5 74 & st 719 H6HEl category E Hol= AL

o BE U 2ol ThSA 0 ~ 1 Atole] ZO| Lok B4t Had, Logistic Hypothesis
(Binary Classifications ?ISiAl )
1 : Sigmoid Function B 1
g(z) = m Logistic Function H(X) = 14+ e-WTX L e WTX
Sigmoid function 2| == z X}2[0f
Linear Regression Hypothesis WxE &2 Z{0|LCt.
. O|Z 0| Logistic Classification2| 7t (Hypothesis)2|
N < g(z) & St=7t =Lt
0.5
-“Togistic function, N =
*sigmoid function. __.-
sigmoid:
Curved in two directions, , =
like the letter "S", 7 =
—orthe GreekG(sigma) e e PR RN G
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Logistic (Regression) Classification : Logistic Cost Function and Gradient Decent Algorithm - (2/3)

= cost function for logistic

cost(W) = 7% Z c(H(x),y)
- —log(H (x)) :y=1
ct@ ={ o “Hey 4o
C(H(x),y) = —ylog(H(x)) — (1 — y)log(1 — H(x))
—logz —log(l = Z)
y4
0 1

<z Minimize cost — Gradient decent algorithm

cost(W) =

—% Zylog(H(m)) + (1 —y)log(1 — H(x))

0
W:.=W — Ao cost(W)

- gradient descent & X-&35}7| IS cost function?| O|== SHA|
El=4l, =40 ESIEE 7| M= 42
- AFHIL O AALS StEE, O Y253 Ar8ete AS
O|8lstH =l
- HAEZ 0 A Of2fet 22 libraryE 0|&3H0] #+3gt.
b+ 4 COs1 T f '|r'f 10n
cost =

tf reduce_mean(-tf.reduce_sum(Yxtf.log(hypothesis)

+ (1-Y)*tf.log(1-hypothesis)))

# Minimize

a = tf.Variable(0.1) # Learning rate, alpha
optimizer = tf.train.GradientDescentOptimizer(a)
train = optimizer.minimize(cost)

14




Logistic (Regression) Classification 22 “J&|

- (3/3)

Logistic (Regression) classification

- Hypothesis
HLC)QZWX \
Z= X)), 9.(2)
« Wx 2= linear hypothesis2 Z2SIRAX| T, =3 240| Yoo M=
20| E| 22, |ogistic(binary) classification0l| At&3t7|0fl= £ gt
. H(X) =7Z E.l‘ _:'é—-___'l_, Z)E.l‘ OI'A |' I' g(Z)Ol H(X)=WXg| E‘ %E_|
== YFolA Ol'f AOl2] ”OE E%‘
2y~
e
T T~ Logistic classification 2|
. \H—l\x} 8CHM§) - Hypothesis &f+2 B3

H ()= WX, G2y 1
| .S"“Z-
Affine Activation
function

Logistic (Regression) classification

Q(Z\J = - !

1+ @tl

| 1
= W)= rl AN
R ) — gKT‘J\-LKJ/

« Logistic classification Of|A| &t&
= 20|= Y2t AAE 25}
’:‘JOH—HE A,

- 1% 82 2% O|X|2F A
hyperplane 0|2} &

ro
o
40

o0
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Multinomial Classification(Softmax) : HIO|EH & 2| 7|2 2FT (1/2)

ZEHQ 3w et

o
=
Multinomial Classification matrix2 ZHEHSHA| & o

SigmoidZt M&&|7| Fe| 0|0,

SigmoidE &H&3dH 2tZt 0~1 AtO| 20| &
= = /”-’*_“\ \A/’ RN
- HOlHE o2 72 EFE. & Y 2o
I/ \JJAI \A.LL %\\ \ Wpy -‘-VALJLL*\‘]Akxﬁ 1 A \
1 1
X2 I 1 Ay = 4| = lo
1 (hour Flsnt %
ABous) (attendance) ‘\\ Wa, Wy, We //' ; VNI T - ,/'
a Wa W > A T Vo Xt Waxy > e . \/'
10 5 / _____ - \\__’/
\
9 5
3 2
I
\ @ Ul
: : SOFTHRX 257
’ \\
11 ’ 2 0. 1Y

-

KﬁD—l—)@_-) ? Softmax /— 0\ - \\\ —So\i \%
e Activation N SIS
oz E T — function SCORES > ?MBQ\_/t
- e @——b\f Softmax A
= hypothesis 4420~ 1 AL0|EQ| Zto|of, @5 A 1 0] E.
o _deals Y mjata, Ztzto| 28 £ 4 Ut
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Multinomial Classification(Softmax) : HIO|EH & 2| 7|2 27T (2/2)

Cost function
C R0ss - ENTROPY
Softmax= — y |+

ol =gt &

Label,

2 2

0.} o
o 22

= Cross EntropyE Cost function@Z A& SHC}

=Y LilogB) = ) Ly —log()
i i

—logx
0.5.
0 1 72 a2 softmax A1} 4t
- : o

0|22 0~1 AtO] £}

Cost function

TRARINING SET

Gradient descent

a .

learning rate

17



ot

# Multinomial Classification ! softmax ., Sung Kim == 22| A=

hie:

import tensorflow as tf

w»_data = [[1.2.,1,1], [2.1.3.2]1, [3.1.3.4], [4.1.,5.,59], [1.7.5.58].
(1,2.5.61.01.6,6,60,01.,7.7.,711]

y_data = [[0,0,1],[0,0,1],[0,0,11,00,1,00,00,1,00, [0, 1,00, 01, 0,00, [1,0,0]1]

# = 1tf.placeholder("f lcat", [Mone, 4])

¥ = tf.placeholder("f loat", [Mone,3])
nb_classes = 3

W
b

tf . Wariab le(tf . random_normal{ [4,nb_classes]) . name = 'weight')
tf . Wariable(tf. random_normal( [nb_classes]).name = 'bias')

# tf . nn . softmax computes softmax actiwvations
# softmax = expllogits)/reduce_sumiexp(logits),
hyvpothesis = tf.nn.softmax{tf matmul (X, Wi+

I Cross entropy cost/Loss
cost = tf.reduce_mean (—tf . reduce_sum(¥*tf . log(hypothesis), axis = 1))
optimizer = tf . train.GradientDescentOptimizer{learning_rate = 0.1). m|n|m|ze(cost]

# Launch arach
with tf.Session( J as sess:
sess . runitf . global_variables_initializer())

for step in range(2001):

sess. runfoptimizer, feed_dict = {¥!x_data, ¥ w_datal)
it step % 200== :
print(step, sess.runfcost, feed_dict = {¥!x_data, ¥: w_data}))

I Test & one—hot encoding

a = zess.runfhypothesis, feed_dict= {3 [01,11,7.9]11}1)

printia, sess.runitf. arg_max(a,1)))

all = sess. runthypothesis,feed dict = {&:[[1.11.7.9].
[1.3.4,3].
[1,1.0,1115)

printiall, sess.run{tf.arg_maxiall, 1))

s

g One-hot encoding E3.

\od

tf.matmul (X,W)+b
hypothesis = tf.nn.softmax(tf.matmul(X,W)+b)

/
c[:  §

*h/L) j)(;i):-zi‘bg )

22
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Overfitting, Regularization & Training, validation and test sets — (1/4)

Overfitting

modely

Solutions for overfitting

® More training data!

® Reduce the number of features

® Regularization
Nt

Let's not have too big numbers in the weight
(Weight 7} {5 2 &{& 4X| E=5 &)

Regularization

® | et’s not have too big numbers in the weight M\\

LOSS /»%OI“J\

/ ol

OE:;:‘ e 4o ,41_,.) TR W

T [\/‘

e SET A : regulation strength

Training, validation and test sets

Original Set

Training Testing

Training Validation Testing

19



Overfitting, bias and variance - (2/4)

= 8t& O|0|E{(training dataset)0fl = & SIX| T,
A

EIAE O|0|E{(testing dataset) Lt A& AL (0]Z)0] & UX| Y= HL
v A
o Y ¥
o o ’
’ sp ¥ o )
L gh l. " - a - .
a® » ' '-' : e A ALY
4 x> x)
Undemtting Just ﬂght! °verﬂtung
N
ol
sHA S oix|of AX| 22Xt X}
%‘Mz'_/
—— sty 4t

> Bias vs. Variance 2| 2|0]
- Bias, Variance = 7|4 st& 29| loss EE= error &

- approximation(Z&)1t £gf ALO|0| M Z 4= = error > bias
- D90 HE851A E &= HO|HZ29| CtAE0| 25t error & variance

Low Variance

High Variance

Low Bias

High Bias

20



Bias and variance tradeoff — Cross Validation — (3/4)

=+ train set 1} test set2| 24| 7} bias and variance tradeoff 2} &2t

. N H=
- train datalf] 2 & Y= stE > 52 B9 BEXME S test datall =2 variance o MAHES
- B2 Cheot DS EX T 5> HE "i.ﬁ - bias S}
. . - dataset®| 3 7|7t &2 7, i 452 2= HOIH7L 2|2 oHEH2
=> bias and variance tradeoff test dataset 2 MO|E 2 &t
o T M| dataset2 train data, test data 52| subset2 £ Li& M, subset Z+0i| Zt7|
CH2 HE(fluctuation)S Z& A B c D £
- train dataOl] L& SFEM test dataOll CHEH = 42| variance 7t 37t
Cross Validation lteration 1 Test Train Train Train Train
train set
fluctuation W Cross Validation Iteration 2 Train Test Train Train Train
Cross Validation Iteration 3 Train Train Test Train Train
fluctuation test set
{v090096 ¢ o
fluctuation Cross Validation Iteration 4 Train Train Train Test Train
T T
% Cross Validation Iteration 5 Train Train Train Train Test
o tralnlng 2 M= bias Lt variancel| O|= ot £& H 1 st55t= 0| OfL 2,
O] E2 &3t error 7t ZHOIX| 22 Sh&5et
o overfitting off 2 2
- feature?| 7=E E0|= Wt 3} (Regularization)

21



Regularization - (4/4)

Regularization

® Let’s not have too big numbers in the weight é«m

RRINING SET

O A= HIMEZES O0|85t0] FoiotH,
ChZak 20| ZHESHA foigh = ULt

e NV

12reg = 0.001 % tf.reduce_sum(tf.square(W))

O| A AlLtEl 12reg 24 cost 4t Cioh Lt Z[2gf
= HOF Li7HA Ef= AO|Lt.

A

22



NN(Neural Network) Basic

Activation Functions TN N (Simple) XOR problem: linearly separable?
o e ey, -
iy wo = C \.,/K -
synapse ~ and XOor
axon from a neuron .
wO 4 ] 0 Schematic of a biological neuron. 1 ‘ - ; + 1 + s
cell body f( — b)
Zw'm +b Z O|- . Ol|- s
7 P output axon 0 1 0 1
tivati
?ucnlcvtio':n Yep Nope

Weight 2t bias7} 2XHY HIH2 |1
F el RS A2 | Network ©2

Neura
XOR Tx1|7r oHé"%‘% Hola A=,

rot

(Simple) AND/OR problem: linearly separable?

L.
and 4 5 —I’l \5_(;‘8, —} e PN l
1] - + \N L \X P \\\ \
1 W KOO simi(XWEB )
o/ - - \ :
\ ,X /7 - g0 i )
0 1 \\E:bb,t:) /// \\ W— \‘- —3 é T \'\O(\ S V“ ‘{\&b(\\/\}*b)
Yep (:Erv% _____ _- \ -1 s 1_ ,

T
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Back4 Propagation - Basic(1/2)

Backpropagation
(1974, 1982 by Paul Werbos, 1986 by Hinton)
Training
forward ~ uy
NN dog
R\ ” v labels
\,. 'I|‘j"
3 i KA =7 4 "hyman face”
< ‘”Iy 4
Large N / backward oo

)

oro 7

= Chain rule of back propagation : S70| L E7 M2 A2

- MM LEg=x*y, OX|B == :f=3+ b 2t 3 I,

- 33MoR Tkl AL |x y7hf ol OiXlE g 2L, S ojct

Back propagation (chain rule)

I+

@ forward propagation
- 22X st= HIOIHOM 2tS 7P 25 (w=-2,x=5b =3)
- 0|3, Jamof 3tS Q2jetn A AT

@ backward propagation

-2t L CO|M HO|EE St1, chain ruleS 0| 83}0] HO|E5t

Ol F = G73 o oot

- IJlxl'l.* FE9| **XWf ':*’EIOI-T'-, T U0l a b 2tEH, f=a+b 2 4

AlE W3FO 2 backpropagation A 4H2 & ©ff LI7HH
% 2 ¥ £ QAULL. (chain rule A4 gy

- R R 20| AMO| * 2B, g = x *y 0|22 2,58 &= ket 4 Qirt,

-xEHo2 et e =olM £ & 287 Ash, 2L & o|g3tol

of _of 99 _ Of Il EIC
ax_agxax _6g*y |-'_ I-
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Back Propagation-vanishing gradient and RelLU (2/2)

dg

U layer L FAO| g = x*y O[2tH, afyfﬁ

Of sigmoid &2t A4t LES R 7] AMAM ATt 42

Z1t 001 O|at: stopd, 2L = 9L« gp10| ElCt,
"ox dg

-0l lLEOM PO gL =
X
B 2t s mEo OJF Ztah Z3) & A

|I|'J

& U= sigmoid functiong &4t8 0 ~ 1 AFO[S] 4f, 0.01 &
E' 40|1, 230, chain ruleg HEE|0] 0 ~ 1 ALO[2] 7*OI
= ol AL, E-™ oof 7pkel & ZO|Ck

©)

I_
ITTIRN

A

=y 7} &

12|21 backpropagation chain ruled| 2J5}0] %% g1 95

7k F
HA O 1
FH, 2te| HRl= 0 ~ 1 AO[2] 20| =Lt BHSF Sigmoid &= &1t

Sigmoid!

S=2)

Sigmoid

- DE 3 ZHof CHet == 40| 0 ~1 AFO|Q] 40|, chain ruleg M &
=0| Fll™ 7k E-™ 00 7477t X“:fE 0| X LY.

- O| A2 12t ZOIX|X| §UA Bt=T Z|X| A2, e ZHEHSHA BHE 0
Xl Z40] ReLU O|C}
fz2) A
Sigmoid
RelLU
- ReLlU= z 7} OEEf e &= ZF2 0 (off - non active)0| 1, z7} 0 EC}
2 2t0|H O 240 I=||E|5H M A& 2 S ==85HE activation function O|CF,
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NN dropout and model ensemble

= drop out <> Ensemble
- HERR L7 S 4ot ofgs UHSIH, HAE & = 25 AL8E. - S 2 NN(Neural Network)2 012 7 748 =1 Z2 training data2
ZEZEol NNO| Ef|0]'d AlZ| 2 LEM LESO| XA & H ds74M0o| &
Data Set
b ! v
Train Set Train Set Train Set
v v v
Learning Learning Learning
Model Model Model
| |
(a) Standard Neural Net (b) After applyving dropout. —
combiner
- B3 ABHmodel combination)2 otA | ot&0| 462 =€ &+ -
U=, Drop out 2 0] 7S &%t A Y Ensemble
prediction
- Drop out2 02 7o RS DtE= CH4l 23 Aot FAIGH 21HE
LH7| 93l =210] RIBHE|= SO BHESH U L3S XX
Pl ol = 80 ESS= SEEESA S5 wEs S - W £7| 20| random 017| TH20| SLSHA FAHE NN 0|2} SHE{2tE
YR|E FR0| £ BE ASULHOR CIYS UG SHEAI7|E UL S0l sH0l LaRA =,
OFKFZFR| OfA B &l ZSlo| H a2 QIC N
7R M 22 Sgel e e © 0|2 QIshA] o7 CHE HT7} Lt 0| BHAIA 5B Cf Be

train dataZ training $ 207t LIQ A =,




CNN : Convolutional Neural Network (1/7)

clIr| [c||rR]| [P clir| [clIrR] |P]| [cl||R]| |c|IR| |P FULL
INPUT _|O||E| |O||E| Ol |ollE| |ollE||o| |ollE|[JollE| ol ,
DATA NOILTAINDIL ol INTILINTL o INIILINTIL] o[ 7| cONN-
vIilul [v]|ul| |L viiul [v]lul L] [v|lu] [v]||lul |L ECTED
,ii >>00ne.number! f;%*b‘\ =@(Wx+b) //%O G6HS TiiihibET
5x5x3 filter : .
(’; |
/ L - ™A ojo|x|of cf HH filter7t S 20| A,
= ] Bx5x3 filter e KO M AAtZ 5HX one number
321803 e | / Zut ghg Jtnert.
8
: - 22|17t % 749| ‘one number’ #4E 1+ A
I= (=]
- 32323 OIDIXION TS A Su5c fiters= HSLIK o X 2| 7} §9°“1' 2AE ol ctwa Horok
Wx+b o ZlAuA o2 3t o] AlAt A3t 2t 7H7ICt weight 2| §5= B3t 1 S22 0fF
' A 2 AU HAE & = ULt
- AA AT ZF2 w 2| "ERO [EFEW ot 7Ho| ==Xt= AHLHEICE

ZHH™Sl= filter 240| =ICH

- Jd2|2 3O AL Ao 252 RelU activation & 40f ‘2o ™

ReLU Z 1} (0] 71| E|= AO[CE
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CNN, Convolutional Neural Network (2/7)

TAEWANKIM E21 X

- CNN2 o|O|X|e| EX

Input Convolution,

Pml] Eonvduticm'.

Pc-ol;

Hidden

Qutput

..... o CNNQ| =2 £0f

- Convolution(E4 &)
- ZE(filter)

- 2E 20| E(Stride)

- I| X Y(Feature Map)
- 23 (Pooling) 2{0]0f

- X'd (Channel)
- 74 (Kernel)
- I = (padding)
- HE[H[0]d HW(Activation Map)

= FC(Fully Connected) Layer tO 2 M &l
O._|-cT>'-*._|7c§“:”°| HOlEH= 1At (H €)= eHg &

- A2 3XHRI(R,G,B) E1|0| E H{Eo|B =,
FC AlZ40} o2 sh&A|7{0F &t AL 1Xo =2
H Mol ofjofat,

- M3 MM 272t HE 94 50| S £
=0, CNNE feature extraction J-Pg%
Edlol 37t HEE QX
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CNN, Convolutional Neural Network : 22 (3/7)

TAEWANKIM E21 X

@ Convolution (&d&)

13/3,0]0 1[1]1]0]0

0114110 |4 ol1]1/1]o| [4]3]a

0,/0/3/1]2 olof1e1] [2]4]3

ojlo[1]1]o0 ololil1lo

oj1]1]o]0 o[1]1]o]0

Convolved volv

M3 feature mage  oure

@ EH(Filter) & 2E20| = (Stride)

Input Filter  Convolution Feature Map

10000 100 OO0 1000000 WL

T 0001 g O 10r1414114

0100 111 " ddido 014141401

11101 111.0/1 =4

@ *H € (Channel)

- A2 O|0[X|= 3749 xf 22
.=0| 39 H4, = 31 =42l Z H|0|E shape 2 (39, 31, 3)

- Convolutlon Layer01| FeEl= Y HOlE0= n7he| EHIIHE
. 1702 ZE+& 170 Feature map2| A 20| &

RED Channel Green Channel Blue Channel
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CNN, Convolutional Neural Network : 2 80{(4/7)

TAEWANKIM E21 X

SREIETREN o
‘ \ Step-4 I _ .
Jr L i | - ’—{ ® I T (Padding)
— Y Fenurs wap Feature Map
ool W EEE | MY D
= ; } f+= = HE (stride = 1)
h L ‘ . Jr L V
» | ]| |
| 1 |
Input data
with 3 channel
@ Pooling Layer
channel \
1]0 1JoJo]o
101 1]0j1]0 EHE' leé
0|1 ololo]o = OO K Of
11 1jo0joj1 T2 M8
1] B ;J_‘E_ o= . Fea)turfe map OI‘
Filter O ol1]/o0] S e, activation function
KN | o] 17] | &F E X} S =ntsto
l = O —
Convolution [ 15 activation mapO]|
Result of i + > 13 = EI_
Channel ; el I
Feature Map 715
7.8

- olo[o[o [o |o]o[o|ofo
ololo|o [o|o|]o|o]|o]o
oo ofo
oo ofo
oo ofo
olo 32x32x3 olo
36
oo ofo
oo ofo
oo ofo
oo ofo
olofof[o|o]o [o]o |o]o
v ololof[o|o]o [o]o |o]o
36
Max Pooling

Activation Map

12 | 20 .

8 12

. :
. :

-
B

Average Pooling
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CNN, Convolutional Neural Network : 2 80{(5/7)

TAEWANKIM E21 X

@ Convolution (&d&)

13/3,0]0 1[1]1]0]0

0114110 |4 ol1]1/1]o| [4]3]a

0,/0/3/1]2 olof1e1] [2]4]3

ojlo[1]1]o0 ololil1lo

oj1]1]o]0 o[1]1]o]0

Convolved volv

M3 feature mage  oure

@ EH(Filter) & 2E20| = (Stride)

Input Filter  Convolution Feature Map

10000 100 OO0 1000000 WL

T 0001 g O 10r1414114

0100 111 " ddido 014141401

11101 111.0/1 =4

@ *H € (Channel)

- A2 O|0[X|= 3749 xf 22
.=0| 39 H4, = 31 =42l Z H|0|E shape 2 (39, 31, 3)

- Convolutlon Layer01| FeEl= Y HOlE0= n7he| EHIIHE
. 1702 ZE+& 170 Feature map2| A 20| &

RED Channel Green Channel Blue Channel
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CNN, Convolutional Neural Network : 22 (6/7)

TAEWANKIM E21 X

SREIETREN o
‘ \ Step-4 I _ .
Jr L i | - ’—{ ® I T (Padding)
— Y Fenurs wap Feature Map
ool W EEE | MY D
= ; } f+= = HE (stride = 1)
h L ‘ . Jr L V
» | ]| |
| 1 |
Input data
with 3 channel
@ Pooling Layer
channel \
1]0 1JoJo]o
101 1]0j1]0 EHE' leé
0|1 ololo]o = OO K Of
11 1jo0joj1 T2 M8
1] B ;J_‘E_ o= . Fea)turfe map OI‘
Filter O ol1]/o0] S e, activation function
KN | o] 17] | &F E X} S =ntsto
l = O —
Convolution [ 15 activation mapO]|
Result of i + > 13 = EI_
Channel ; el I
Feature Map 715
7.8

- olo[o[o [o |o]o[o|ofo
ololo|o [o|o|]o|o]|o]o
oo ofo
oo ofo
oo ofo
olo 32x32x3 olo
36
oo ofo
oo ofo
oo ofo
oo ofo
olofof[o|o]o [o]o |o]o
v ololof[o|o]o [o]o |o]o
36
Max Pooling

Activation Map

12 | 20 .

8 12

. :
. :

-
B

Average Pooling
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CNN : Convolutional Neural Network (7/7)

Fully Connected Layer (FC layer)

- Contains neurons that connect to the entire input volume, as in ordinary Neural

Networks

Pooled activation map

OFX|2H0f|, 28 pooling2 otA &l=4,

20| M convolutionOf CHSHA CHERAL, iall Efglin%%sampling ot BHE2E Pooling Z1t 2t2 3 x 3 x 10 O|QICtT & mj,

ConvolutionO| | Lt2 O{f WE{E RelU  HOIA 23 =S O|AS x dataZ 21, ATK}7F Yt Ot2

StA0 QS s104 =IO O|2{¢t layers& & A2 HTAZE €OHA 210|2 X3} fully neural network Of 201 Af
¥g + et ’ o s

OFX|SF layer?t softmax classifier?t &|0f, o &
label =2 &5 &= UA =Lt
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CNN, Convolutional Neural Network: Layer ¥ &% H|0|E{ 4t

X~

° TAEWAN.KIM 2271 %%

@ Convolutional Layer 3 H|0|H 37| 47

- 28 HIoJe &0| : H
- 98 HolH F:w
- 2E =0| : FH

- 2H . FW

- Stride 27|: S

- OjC AFO|=: P

H+2P—-FH
Ht2P-FH

Output Height = OH = S

W+2P—-FW
W2P-FW 4

Output Width = OW = S

- % Ao Zut= ApAH== 0[0{0F
- Convolution layer Off 0]0{A| pooling layer?} 2LC}™

Feature map2| &t O] 37|+ pooling size2| =7} &£|0{OF StC}.

Output Depth = 3l{E convolutional Layer0f] M&&|=
ZEo| =

@

Pooling Layer &3 H|O|E 37| +H7

Pooling Layer0i| Al 28 QI pooling sizee= EAH S &

Pooing sizeE Stride 22 3 7|2 BE0{A, & QA7 oHHA
pooling T/ =& otCt,

23 Oo|HQ| b O 7|+ Pooling AFO|=2| Hi=0]0fOf &t

Input RowSize

Output Row Size = —
Pooling Size

Input Column Size

Output Column Size = ——
Pooling Size
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CNN, Convolutional Neural Network: AlexNet X

https://Isjsj92.tistory.com/407 & &

- AlexNet 2] 7+ =

- 871 21010{ : 571 convolution layer2t 37H2| Full-connected layer2 T+
- 2712 GPUZ HEAUS sd5HY| 2l E2HQ 2= 2

@ R 2ofof

\ \ @ FHH ol

@ 4w Hojof

55 R —
\ \ ® MIHm o]of s
27 3 \ R \
\ \ |\ \ \

13 ‘\ 13 \ \ 13

\ SN\ NS\ —1 |NB__3\} 3 |13 »

[ . \ 21 3 By EE 0N :

W[\ 3\ W T TN
\ \ 48 \ = 5 7 som \J
\ : ?27 TR 192 G TAET

\J \ 35 \ "7 \ \ \ /\ :

v

\ \ \ \ /
2 I 13 \13 \ |\ 13 \ " \ //
. / \ /1000
227 N 3 + 2 IF s b
[\ Iss ol M =2l 13 CAN | A1 13 N » |Dense
Ul \\ 27 / 1 A EE \ Dense| |Densd
| ’\ 5 ot 21
NN = .,
{ 2 |} 192 192 128 —
24\ Stri& d 128 Max 3 2048
227\ Poolin
‘Uof4 '\ Max Max ing
3 ag Pooling Pooling

Local Response
Normalization

Local Response
Normalization

23 O|O|E= 227 x 227 x 3 | Zg{ O|0|X| GH|O|H

@ R 240]0] : convolution layer
- 96702 11 x 11 EH ™ &, stride = 4
. Output £0|9t = - @27-11)/ 4 1 _ 55 output shape
. Output Depth : 96
@ FE™ 20]0] : pooling X Local Response Normalization
-3x 3 2H M&, stride2, Max pooling
. Output &0[QF Z: 573/, 4 1 =27
. Output depth: 96

. Local Response Normalization M -& (256)}
(252 M85 Ya)

output shape

® ME®™ 240]0] : pooling X Local Response Normalization
-3x3 2H H&, stride2, Max pooling
. Output =0|2F Z: @73/ 41 =13
. Output depth: 256 }
. Local Response Normalization X-&(384)
(52 HEOHK| @a)

L 10

output shape

@ Y 2{0[0] : pooling Layer
-3 x 3 ZE XM, stridel, pad 1, Max pooling
. Output =0|2F Z: 13+273)/ 4 1 — 13

. Output depth: 384

o output shape
(pooling 2 depth Off SFX| %) } P P

: (55 x55x96)

: (27 x 27 x 256)

:(13x13 x384)

: (13 x13 x384)
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CNN, Convolutional Neural Network: AlexNet X

https://Isjsj92.tistory.com/407 & &

- AlexNet 2] £ =

- 87 210]0] : 57l convolution layer2t 37§ 2| Full-connected layer2 +4

- 2702 GPUE HEAAS Al5HY| Qo HEHQ fLx=2
@ R o|of
=
® FHm Holof @ HHm 2olof
55 (:) C)
® MIHm o]of ® CHAm glojo] _©
27
4 13 13 13
v fss | LA 1
B e 1717 ([\|13 Y RN »
T 2 Nz 3\ | S E T-, n
/ { ) 3[h n
a3 W 128
; P 27 128 R & e 2048 \/ 2008
1 A A 13 13 13
3‘; 1 3\1/ T 3. 1000
11\ | ‘ b i 3] F m : é,{_:: ‘ 34 4a Dense
d - 27 3 3[[.X |23 Dense| |Densd
’ ” 5\ 3]
‘ 3 192 192 128 — —
_223 JStrid ) 128 :‘a’(; 2048 2048
Uof4 Max Max o
3 a8 Pooling Pooling
Local Response Local Response
Normalization Normalization

- 2567H2] 3 x 3 EH, stride = 1, pad1
. Output &=0|Qt & (3+273)/ 11 - 13
. Output Depth : 256
- Max pooling (3 x 3 ZH, stride 2)
. Output &=0|Qt Z: 1373/ 115
. Output Depth : 256

®, @ layer : Full Connected Layer
Softmax

® CHAR] 2{0]0] : convolution & Max Pooling

- output shape : (13 x 13 x 256 )

output shape : (6 x 6 x 256 )

CONV

Overlapping CONV Overlapping CONV
11x11 Max POOL 5x5 Max POOL 3x3
stride = 4 9% 2 3x3 pad=2 (Gl  3x3 pad=1
96 kernels ! stride = 2 ' 256 kernels 256 stride = 2 4 384 kernels
A— —_— L 256 —
55 27 27,
55 27 27
13
CONV CONV Overlapping
3x3 3x3 Max POOL 6
pad=1 pad =1 / 3x3
384 kernels 384 256 kernels 256/, stride = 2 O
— e ' e » | > >
o " 0
1 O D =
4096 4096 Softmax
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RNN Basic

RNN : Recurrent Neural Network

o RNN2 AAZE BHES5IHA Ol CHAIOIAM Y2 HEV) XA 5| =& St

—

O A _é,;" 7H§ :H:Al

=

- AE input x, & 2OtM y, = L EHCE

- AS 2| M g2 082 E20) M2l Network 7t
=2

O EAel §

o Unfolding : sequence 7 &

v
A4

-
Ll

usually want to
predict a vector at

(he-y) & Eelte A5 E0EL0

some time steps

0| M 9| state 7f B1X| stateOf Pk

o

O)X|2 2 series data 0| H3ts}Ct

e ¢99 ¢
CAj—AAA A
& ® & & . &
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RNN Basic

RNN : Recurrent Neural Network

- RNNO|&= State 2t= 7HE0| /A2,

- StateE HX A MSl1, 1 stateE 0| 2510 yE A4t
- State AH|&t Al, one-time step 0] Q| StateZ| YH

E M8

We can process a sequence of vectors x by

applying a recurrence formula at every time step:

he|= | fw(hy—1, )
newstate | old state input vector at
| some time step

some function
with parameters W

!

I'

- 712X 9l (Vanila)RNN ¢4t gHH2 wx SE[ 0|0
h._, ot x, o] & 43 Ztoll Z+Zo| weightS THE
- J2|1 tanh(sigmoid2} H] 0

-y, 2 A&k A LhE b, Off EEEHE weightS &8H(WX2| FEY

|
e NN

(Vanilla) Recurrent Neural Network

The state consists of a single “hidden” vector h:

y hy = fW(ht—b ﬂft)

f
X Yr = Why h’t

Notice: the same function and the same set
of parameters are used at every time step.

- y¢ 7F B 7H2f vector2 LtE ARVt Ot= A2 W, 2 HE{O
SHC h, vector HEIE= W, HEHO| ZEiQlCt
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RNN Basic RNN : Recurrent Neural Network

o ZHEHSE Language Model @ 9 RH2| character?t A= M 1 CHE Charactert £ A QIX| o =

- AL
S L o= © 0|2} &2 character=2| Z1E 7| E RITHCL

Character-level @ @ @
language model  ___-]-------- T """" T ----------- I - N s
example T A y y A “~~, «— characterE Y2 M 7| RNNO| &5t o2 A2 FACIT}?
Vocabulary: @TD Wi W Wiy M 02| THREOIEA7} QUE], S State Y O,
[h.e,l,0] (%) 2E Moj|lM Al 7He| TfetojEs 2z SYE

T I L =
Example training ~  TTc-e----oo oL ----- «—
sequence: Character 2 Y2 Z &,
“hello”
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RNN Basic

RNN : Recurrent Neural Network

O LS MIEHE H3 ; one-hot encoding

1 0 0 0
input layer g (1) (1) (1)
0 0 0 0
input chars: “h” “e" 7 e 7
@ Hidden Layer &I EHRY & A At
hi = tanh(Whphi—1 + Wepat)
0.3
hidden layer | -0.1
x | 0.9
fj—ijh"\
1 0 0 0
input layer 8 (1) (1) (1)
0 0 0 0
input chars: “h” “e" = b 5

® Hidden Layer SFHR] A A A

- -~

———

0.3 1.0
hidden layer -0.1 w_hn 0.3
0.9 0.1
T T W__xh
1 o o o
input layer g (1) ? (1)
O O O o
input chars: “h” “e” vy Fe_ni
; Ml
@ Hidden Layer 2O| THAX A 4ok
hidden layer .%.31 :):g W_bih .%_1?,
o.s O.1 -0.3
T T T wW__xh
1 o o o
input layer g 2) ? ?
o o o o
input chars: o 5 e “e™ kY "
0.3 1.0 0.1 -0.3
hidden layer | -0.1 0.3 05 =2 o9
0.9 0.1 -0.3 0.7
[ [ [ [w_xn
1 o o o
input layer 8 :) ? ?
o (o) o o
input chars: “h" “e” = i 31t
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RNN Basic

RNN : Recurrent Neural Network

® hidden layer ¢t52 1 0| 2Q| €t=0]
dets DXL A & = U=

)

0.3 1.0 0.1 |w nhh ﬂs
hidden layer } -0.1 0.3 > -0.5 = 0.9
0.9 0.1 0.3 (t\oL
R S R 2
1 0 0 0
, 0 1 0 0
|
input layer 0 0 I 1
0 0 0 0

L

input chars: “h"

(0]
3

.
]

-
]

Zt
HA
SEiPgE SOt W s

=2 A0
Y = Whyh’t _____________ Softmax & H&
T «— |snsasgs
target chars/:/ ‘e | 1 “o \\ 91% 3\4%’0
( 1.0 0.5 0.1 0.2 )
.| 2.2 0.3 0.5 -1.5 |~
output layer™ J <30 50 19 o
S - - s | A b--"7 2.2
- 4
frw_hy’\ | W_hy T W_hy T W_hy
0.3 1.0 0.1 -0.3
hidden layer | -0.1 0.3 » -0.5 > 0.9
0.9 0.1 -0.3 0.7
1 0 0 0
i 0 1 0 0
input layer 0 0 1 1
0 0 0 0
input chars: “h” “e” ] 2 o s
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RNN Basic

RNN : Recurrent Neural Network

Recurrent Networks offer a lot of flexibility:

one to one

==

e.g. Image Captioning
image -> sequence of words

Vanilla Neural Networks

one to many many to one many to many
e ) DR P ) I L_ﬁ 1
1 0 0 I |

= N o .

!

e.g. Machine Translation

e.g. Sentiment Classification
sequence of words -> sentiment

many to many

=1

seq of words -> seq of words

—_—

|—|

|

e.g. Video classification on frame level

Multi-Layer RNIN

A

depth
time :
RNNE 0f2f 742 layerE & == ULF
O|8A =¥ O =&et 50| 7hsdtth= Ao|C,
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RNN in Tensorflow(1.10 ver.) RNN : Recurrent Neural Network

@ Cell 2 BFEL}
- 7|2 RNN, LSTM, GRU S2| 40| 2
- hidden_size Z%H

o caFLeemmT T TTTIT T e Ml
@Cell & TS AOIM Urks S2Mho1el 3718 yepe, RN
- output 2f state 2| &fS LHO{ECE ~qlojo] Ztoz HE £ U}
______________ R ()
T
o © A A
T cell = tf.contrib.rnn.BasicRNNCell(num_units=hidden_size)
I
L outputs@tates = tf.nn.dynamic_rnn(cell, x_data, dtype=tf.float32) @

Cetl

-

[LSTM A

v

) . T —— A ml;nmo A

cell = tf.contrib.rnn.BasicLSTMCell(num_units=hidden_size) >

outputs, _states = tf.nn.dynamic_rnn(cell, x_data, dtype=tf.float32) @ ® @

o -~

1o
otn

rlo

a
[
4n

ra

{

-

~ -
-~ ——

A
b
® W e
]
A
6
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RNN in Tensorflow(1.10 ver.) : batch size, sequence Iength

nput dimension, hidden size

RNN : Recurrent Neural Network

UL

Hidden_size=2
sequence_length=5

shape=(1,5,2):

®
?

[[[X,X],

Unfolding to n sequences

[x:xTs [xx], [xx], [%,x]]]
T

i |

v

v
v

b 4

shape=(1,5,4): [[[1 0,0, 9], [eJlle)a]J [0,0,1,0], [0,0,1,0], [0,0,0,1]]]
h

I [E
6 & &b 4

e 1 1 o

- Input shape : (1, 5, 4)
dimension)

- Output shape : (1, 5, 2)
hidden size)

. Input dimension & /=
. Hidden size = A& Ot=

(batch size, sequence_length, input

(batch size, sequence_length,

H|OJE HEHOf 2k Z7EE.
M ZxS olof gt

. sequence length = unfold S M, & 79| series data ==
sequence datas °"°E"OE & AQlutof e A3

L
—.

Hidden_size=2
sequence_length=5
batch_size=3

Batching input

shape=(3,5,2): [[[x,x], [x,x], [x,x], [x,x], [x,x]],
[[x,x], [x,x], [x,x], [x,x], [x,x]],

[[X)X]J [XJX]J [X)X]) [x)x]) [X)X]]]
O O O O O

PSS S

shape=(3,5,4): [[[1,0,0,0], [0,1,0,0], [0,0,1,0], [0,0,1,0], [©,0,0,1]],
[[©,1,0,0], [9,9,9,1], [e,0,1,0], [@,0,1,0], [0,0,1,0]]
[[alellle]’ [e)e)lle], [9)1)610]’ [ellje)e])

[0,0,1,0]]] # 1lleel

# hello
# eolll

-ZAg2 ot 2 4 doW H2EX0|H, o2 &2 SHHRO Qe
BEHoE UIE= A2 o Ho| o2 22 F= Ao|Ct
O| A2 batch size 2} &
(&7 Q89| batch size = 3 &)
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RNN in Tensorflow(1.10 ver.) : hihello RNN : Recurrent Neural Network

e text: ‘hihello’

[1,0, 0,00, #ho . unique chars (vocabulary, voc):
[0, 1, 0,0,0], #i1 | h, i, e, 1, 0
L ’ [6, 0, 1, 08,0], #e2 [one-hot encoding] e VvocC index:
Teach RNN ‘hihello® oo 0o e s 13 ot
[0, @, 0, @, 1], #o04 ‘9, 111, ez, 15, O
[, 1, 0,0, 0] [1,0,0 0,0 [0,1,00 0 [01,000] [01,00,0] [000e,1] - Text©| unique ©F ZARO| =7t
@ @ @ @ @ @ one-hot encoding?| size 7} EIC},
- A0l index 442 &Y (dictionary)
T T T T T T Sk, index 2f= one-hot encoding
S =
—» > — — — —
> RNN Parameters & Z8%.
- hidden_size = 5 (Z3 T one-hot encodeZ H$ E|0{0f &
[1, o, 0, 0, 8] [0, 1, ©, O, e] (1, 0,0, 0, 0] [0, 1,0,0,0 [0, 1,000 [0 1,0,0,8] - input_dim = 5
\ - batch_size = 1
- Sequence_length = 6
- Yot &3 h of CishM E=HO| 282} |, e 7t E|OfOF &
- 2HH Ol forward net 22 = K| YO,
O|™Ql ZX7} FoAO|U=X| Lotof Fatot =23 442 & =+ ULCL
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RNN in Tensorflow(1.10 ver.) : hihello RNN : Recurrent Neural Network

I x_one_hot = [[[1, 0, 0, 0, 0], # hv v
Data creation UL #ha
ibchar = [N, 1, "¢, 1, '0'] # he, 11, ex2, L<3, o= Feed to RNN L Lk AL it
x_data = [[0, 1, 0, 2, 3, 3]] # hihell [6,0,0,1,0], #L3
x_one_hot = [[[1, @, 9, 0, @], #ho [0 8, 0,2, 0]]) #13
' : di
[0, 1, 0, 0, 0], # ; 1 = Z,‘a‘iﬁii?ﬂi&*ﬁfﬂ;ﬁfﬂ' % = & placeholdant mPU‘{“A y_data = [[1, 0, 2, 3, 3, 4]]  # ihello
{;’ 2’ ?’ g’ 2}’ z ; ? . tf.float32, [None, sequence_length, hizkiem=size] # X one-hot
* (o] -
[0’ 0’ 0’ 1’ 0]’ i3 x_one_hot] shape = (1.6.5) & Y = tf.placeholder(tf.int32, [None, sequence length]) # Y Label
y Uy Uy 4 ) batch_size
[0, 0,0 1,0]]] #L3 length . —y .
B i sequence::ﬁ: dim cell = tf.contrib.rnn.BasicLSTMCell(num_units=hidden_size,
y data = [[1, 0, 2, 3, 3, 4]] # ihel Lo state_is_tuple=True)
X = tf.placeholder(tf.float32, initial state = cell.zero state(batch_size, tf.float32)
[None, sequence length, input_dim]) # X one-hot outputs, _states = tf.nn.dynamic_rnn(
Y = tf.placeholder(tf.int32, [None, sequence length]) # Y label cell, X, initial state=initial state, dtype=tf.float32)
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RNN in Tensorflow(1.10 ver.) : hihello RNN : Recurrent Neural Network

Cost: sequence_loss Training

prediction = tf.argmax(outputs, axis=2)

, with tf.Session() as sess:
outputs, _states = tf.nn.dynanic_ran( sess.run(tf.global variables initializer())

cell, X, initial_state=initial_state, dtype=tf.float32) for 1 in range(2000):
weights = tf.ones([batch size, sequence length]) 1, _ = sess.run([loss, train], feed dict={X: x one_hot, Y: y data})

result = sess.run(prediction, feed dict={X: x_one_hot})
, result, "true Y: ", y data)

sequence_loss = tf.contrib.seq2seq.sequence_loss( print(i, "loss:", 1, “prediction:
logits=outputs, targets=Y, weights=weights) _ o
# print char using dic

loss = tf.reduce_mean(sequence_loss) result_str = [idx2char[c] for ¢ in np.squeeze(result)]
train = tf.train.AdamOptimizer(learning_rate=0.1).minimize(loss) orint("\tPrediction str: ", ''.join(result_str))
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RNN in Tensorflow(1.10 ver.) : hihello RNN : Recurrent Neural Network

Cost: sequence_loss Training

prediction = tf.argmax(outputs, axis=2)

with tf.Session() as sess:

outputs, _states = tf.nn.dynanic_ran( sess.run(tf.global_variables_initializer())

cell, X, initial_state=initial_state, dtype=tf.float32) for 1 in range(2000):
weights = tf.ones([batch size, sequence length]) 1, _ =_sess.run([loss, train], feed_dict={X: x_one_hot, Y: y_data})

result = sess.run(prediction, feed dict={X: x_one_hot})
, result, "true Y: ", y data)

sequence_loss = tf.contrib.seq2seq.sequence_loss( print(i, "loss:", 1, “prediction:
logits=outputs, targets=Y, weights=weights) _ o
# print char using dic

loss = tf.reduce_mean(sequence_loss) result_str = [idx2char[c] for ¢ in np.squeeze(result)]
train = tf.train.AdamOptimizer(learning_rate=0.1).minimize(loss) orint("\tPrediction str: ", ''.join(result_str))
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RNN in Tensorflow(1.10 ver.) : hihello

RNN : Recurrent Neural Network

for

@ loss:
1 loss:
2 loss:
3 loss:

prediction = tf.argmax(outputs, axis=2)

with tf.Session() as sess:
sess.run(tf.global_variables_initializer())

i in range(2000):

Results

1, _ = sess.run([loss, train], feed dict={X: x_one_hot, Y: y_data})
result = sess.run(prediction, feed dict={X: x_one_hot})

print(i, "loss:", 1, "prediction:

# print char using dic

, result, "true Y: ", y_data)

result_str = [idx2char[c] for ¢ in np.squeeze(result)]

print("\tPrediction str:

1999 loss: 0.752973 prediction:

1.55474 prediction:
1.55081 prediction:
1.54704 prediction:
1.54342 prediction:

[[333344]] true Y:
[[333344]] true Y:
[[333344]] true Y:
[[333344]] true Y:

, ''.join(result_str))

({1,
({1,
([1,
[[1,

[[102334]] true Y:

@, 2, 3, 3, 4]] Prediction str: 1llloo
@, 2, 3, 3, 4]] Prediction str: 1llloo
0, 2, 3, 3, 4]] Prediction str: 1llloo
@, 2, 3, 3, 4]] Prediction str: 1llloo

1998 loss: 0.75305 prediction: [[10 2 3 3 4]] true Y: [[1, @, 2, 3, 3, 4]] Prediction str: ihello

ihello

([1, 0, 2, 3, 3, 4]] Prediction str:

SFX| 2t Sh&0| TIME|HA, loss 2f2 EHO{X|
Prediction2 22| i

T Il (] - > Aln b 4t L BEg: Wy oin

X 0= loss 20| 45| ALt

22|17 8= RNNO| 1 C}Z EX}E G551 EIRLEL
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