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Recap

o A¥3 A, ZAAE B7F 2 softmax & o NY3ARY
o HolHA  X={x}Y ={y}
o 749 y=h(x)=wx+b
o EXAH ARG OIIEF o =2138=(mean square error)
o HPolHA  X={x}Y={y} loss(w, b) = —Z (=9’
o Tdl ¥y =hx)= o), 0(2) = —= sigmoid o o w*, b* = argmin,, ,(loss(w, b)))
Jyi=wx+b o = y=h(x)=0@), ) =w'x+b"
A=A 2= (hi
o =473 T(blnary crossentropy) o WAAE RZ=1- gg i;z
loss(w,b) = ——3iZ,(ylog(7) + (1 — y) log(1 - ¥:))
o T w ,b* = argmin,, , (loss(w, b))) e Softmax £HFEL
o AEF §=h)=oG)I=wx+b’ A R
e’i
e MRS accuracy = %Z(yi =9) o =l = h()= 091, 0(7)) = 57—z, softmax
Yi=wx+b

e =213k~ (categorical_crossentropy)

loss(w,b) = — %Zj yjlog(¥:)

o 3 w*,b* = argmin,, p(loss(w, b)))
o = y =h(x) =0(F), 5 =wx+Db’
o HIIASF accuracy = %Z()’i =)
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1. Learning rate

o Deep Learning 58 T2 73] AutAQl X

o HolE 4l
o X={xi},Y ={y}

e model
o h(X) A, ZAAY AZTEWMA
e logit
e logit= h(X)
® loss
e [oss =loss(logit,Y) mse, binary _crossentropy, categorical _crossentropy
o o

e w*b* =argmin, ,(loss(w,b))) gradient descent algorithm, error-back propagation
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1. Learning rate

e Gradient descent algorithm
loss(W)

« _ ArgMin o
o W*= W oW oss(W)

] Wt+1 == Wt - Q%ZOSS(Wt)

o loss(W|X,Y) = dist(H(X|W,b),Y)

|1 8y= LW, + 8)-L(Wo)

o W, =W, — alloss(W,)

o Aloss(W,) = |%ZOSS(W)|W_W
=Wo

loss(Wy+A)—loss(Wy) — lim A_y

= lim A AS0 A
o THIA Loss(lfll/)

e initialize W, Loss(W,)
o W, =W, —aAL(W,)

o W,=W, —aAL(W,)

o ...

o W*

W3 WZI W, W, ”
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1. Learning rate(cont.)

e 1.1 Gradient descent algorithm o

loss(W) |

d loss (W) initialize W,
' W, = Wy — a Aloss(W,)
W, = W; — a Aloss(W,)

.
o

Ww* W3 W, WiW,
Ag

model=sequential()
model.add(Dense(1,input_dim=3))

sgd = optimizers.SGD(Ir=a)
model.compile(loss="mse’,optimizer=sgd)
model.fit(X,Y,epochs=1000)
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1. Learning rate(cont.)

e 1.2 Large learning rate a=10 : overshooting(*Z4h)

e Learning loss(w)  large learning rate
o W, =W, — alALoss(W,) A
e WO=>W*?

e «a =10,large value

e initialize W,

W= :global minimum

W1 == WO - 1OAL(W0)
WZ = W1 - 1OAL(W1)

HEAF (divergence)

e How to converge to W*?

P

<9 (convergence) ?
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1. Learning rate(cont.)

e 1.3 Small learning rate «=0.001 => local minimum point

e Learning
o W, =W, —aALoss(W,) Loss(lW) small learning rate

e WO=>W*?
W= :global minimum

e a = 0.001,small value
e initialize W,
o W, =W, —0.001AL(W,)
o W, =W, —0.001AL(W,)
o ...

o W~ N
°* = w* VVZ*WZ wy W,

e local minimum point

e How to converge to W*?
<~ (convergence) ?

Local minimum point
W2 =& (convergence)

Deep Learning



]1. Learning rate

-‘_l

o 35 (learning rate) 417 W2
o & L

el 7 o] 2 A 8k7] 9 sh5Eoll thsle] A =Rt

e Cost(loss) 39| 3k #zsir},
o =& Oo =R Aolx|=X] & A}

e global minimum point W* & 9 sl+=X] 44 sttt
o # 2 3}7]|(Optimizer) 2 &+
e Momentum
e SGD(Stochastic Gradient Descent)
e Adagrad(Adaptive Gradient)
e RMSProp
e Adam (Adaptive Moment Estimation)
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2. Data preprocessing for a gradient descent algorithm

* 2.1 Problems during deep learning

« Gradient descent algorithm)2| &t& =X}

loss = f(wq,w,)

Deep Learning

data set 2 A&

5 7he) 2719 Aol 2 A% 2

o o ~ N

9000
-5000
-2000
8000
9000

N W W r» r <



2.1 Problems during deep learning

- GlO|EjAl @4 BEo| ZRS 8

« HIOIFIAMIOl 2l A E 11

original data zero-centered data normalized dala

>

"
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2. Data preprocessing for a gradient descent(cont.)

® 2.3 Mean, std normalization

X—X.mean
X.std

o X' =

e 2.4 Min-max normalization

X—-Xmin

o X' =

Xmax—X.min
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3.0verfitting

3.1 Overfitting 2] 7| &

&8
RS\ - skes 7 of A
Stz 7] o= oIy 2 3 7hdo] B of tffs}oq 5}%0]
A=A & JHE T3 o TR o]E o tialj A= St
gr5ol O o] EE = A4S ol | g
¥} ol A gk (overfitting) ol o 3t 3 A "<k

More training data Or Reduce the number of features
Regularization(2 %¥+3}) K1,K2
Dropout

Deep Learning
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3.0verfitting

Model 1 Model 2 Model 3

Good Over fitting

>
W1 >
Wi

Overfitting 7217 W 57 glo] U5 2t Avk e e Aok wrtk A4S ghg 2 e
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3.0verfitting

3.1 More training data
training dataZS o] 2 0= Ao|t} tolE 7} &

15

© ™ training set, validation set, test set ©. = L0 A
AT 5 Y, Blol el 2] 2717k AR W 2522 Soldlo] el 2] vl g2 o) H 02 Zobx 1 )
g /MAAEHI 5 75 Sl

3.2 Reduce the number of features

feature®] 55 FolwW B9 9 MA L} Zoj 5o 259 Soldo]E <] 852 ofH g1tk 18 B

2 S AT 5 QAT OhE B3 EAE 25 S S 9k

M EZ v go| thE feature7} 4101 A weightell thall 7 ¢h& ol 25|18 $4 &= 247 Y= %
NOEE feature T E =0l WM S AT % AR A7]9) o] dio] glomw tp& H
*H (dropout, regularization) ©. = 3| 4 5} = 7%l o] n}g-&l st}
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3.0verfitting

3.3 Regularization(¥ %3}
7} ] (weight) 2] 2] 7F U5 AKX A] @A 817] 9l8ko] & gkaof Alo] &2 F71s o
regularizationOH/H 714 wo] A} 12reg(2 F regularization)©] 2} F-2 = W 2 Hoj ) of
o = B2 #hS B%F 0.001Z F1l, T3 AZheohd 0.01% 758k

logit(X) = f(w) .
loss(X, V) = D(logit(X), ) ggulanzatlon strengD 20

loss(X,Y) = D(logit(X),Y) + 1Y w} A
W* = ArgMin o

W aw oss(W|X,Y) Mmes sma@ 24:0.001
w

fromkeras.regularizersimport!|i1_12
reg = 11_12(11=0.01, 12=0.01)
model .add(Dense(1, input_dim=x.shape[1],W_regularizer=reg))
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3.0verfitting

3.4 Dropout
o dropout= NNOJ &5 A5 weight k= Aloste] Al ASH= W ol th = A A weight= Al4kel 3
o] A] 7] Zlo] oy} layerol] EHE weight ol A A1t Zo Al 7] &= Zlolt},

Waaaait a second...
How could this possibly be a good idea?

Forces the network to have a redundant representation.

has an ear X
- has a tail
is furry e . cat
» - score
has claws .

(a) Standard Neural Net

( }——— mischievous —X%—
. look

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture ¢

Lecture 6 -53 25 Jan 2016

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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3.0verfitting

3.4 Dropout
dropout= NN2J & A& weight k= A3t A A= W =
&= Z10] of 2} layerol] 25 weight T ol A A5k o] Al 7] = A o] T,
In Tensorflow

_11 =tf.layers.dense( .
Units=256. Waaaait a second...

inputs=x, How could this possibly be a good idea?
activation=tf.nn.relu)

L1=tf.nn.dropout(_I1, dropout_rate)

[ zE
o)

Z A weightS Al Aol o A] 7]

Forces the network to have a redundant representation.

in Keras h
- as an ear X
model = Sequential() h tai
" as a ial
model.add( :
Dense( I8 fumy . * .
L ) . X - score
units=256, input_dim=784, has claws -

activation="relu’, O - mischievous —X—
activity _regularizer=reg)) - look

model.add(Dropout(0.2))

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 53 25 Jan 2016
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4. Optimizers

e Optimizers [link] [linlk]

e Momentum "2
o 102 Gradient Descent= %3] o) 551 990] A9
B & 5 ZolT) A Gradient 8 o] Fak 1 e
Fyh=ENE, Aol o] F R WA= V]t 1w o Momentum
FoZ AY AEE ‘7}‘7]‘51 o= 01%6}% HO]—/—\] O] Q’ Grfé}/ent 24 4ES £
e Adagrad(Adaptive Gradient)— B Adam
o WSS updated W) 22} e] WEmitt step sizeE tHEA A SGD 2 mera 598 81
el A o]-g sk Aot} o] darg]F o] 7] A<l ool ZE T RMSProp
Oﬂ‘i— ‘X]T;’—W]‘X] E%O] tﬁi}é}%} %% L“/F“%% step sizes resEEn Adagrad ﬂgg’irﬁ%—%g-m
A staL, A w5 7kA] Wol W E W52 step sizes 2} S0 Nai sasn
7ﬂ '5‘].;(].’ Fq-lk__‘— 7)4\ O] q— AdaDelta
e RMSPrope

o HEHY O 7} Al dlEo] A W © 2 A, Adagrad
ol FH & A Astr] 91s Wiolth Adagrad €] 2] oA gra
diente] Al ¥ ks gl v7bAaA -5 Gt F-2& ol oty
2} A8 o O 2 vty A o A gk WH o] T
e Adam (Adaptive Moment Estimation)<-
e RMSProp®} Momentum %21 & &% 2 22 dargfFolth
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http://shuuki4.github.io/deep%20learning/2016/05/20/Gradient-Descent-Algorithm-Overview.html
https://gomguard.tistory.com/187

4. Optimizers

o F A 3}7](optimizer) 2] AHE- ¢

from keras import optimizers

model = Sequential()

model.add(Dense(64, kernel_initializer='uniform’, input_shape=(10,)))
model.add(Activation('softmax’))

sgd = optimizers.SGD(Ir=0.01, decay=1e-6, momentum=0.9, nesterov=True)
model.compile(loss='mean_squared_error', optimizer=sgd)

o X = Keras & E] vlo] Ao 352 2l u /)] W< A o] i
o BE HA3|oM FF O 2 AFEE = clipnorm X clipvalue T 7] W= I A E SFE]3 S A

o & % LTk

from keras import optimizers

# All parameter gradients will be clipped to a maximum norm of 1.
sgd = optimizers.SGD(Ir=0.01, clipnorm=1.)

from keras import optimizers
# All parameter gradients will be clipped to a maximum value of 0.5 and a minimum value of -0.5.
sgd = optimizers.SGD(Ir=0.01, clipvalue=0.5)

Deep Learning
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4. Optimizers (cont.)

Stochastic gradient descent optimizer.

keras.optimizers.SGD(Ir=0.01, momentum=0.0, decay=0.0, nesterov=False)

RMSProp optimizer

keras.optimizers.RMSprop(lr=0.001, rho=0.9, epsilon=None, decay=0.0)

Adagrad optimizer

keras.optimizers.Adagrad(lr=0.01, epsilon=None, decay=0.0)

Adadelta optimizer.
keras.optimizers.Adadelta(lr=1.0, rho=0.95, epsilon=None, decay=0.0)

Adam optimizer

keras.optimizers.Adam(lr=0.001, beta_1=0.9, beta_2=0.999, epsilon=None, decay=0.0, amsgrad=False)

https://keras.io/optimizers/

Deep Learning
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https://keras.io/optimizers/

4. Optimizers (cont.)

e Use Optimizer

from keras import optimizers

model.add(Dense(units=256, input_dim=784,

kernel_initializer="glorot_uniform’, activation="relu’))

model.add(Dropout(0.2))

model.add(Dense(units=256, kernel_initializer="glorot_uniform’, activation="relu’))
model.add(Dropout(0.2))

model.add(Dense(units=256, kernel_initializer="glorot_uniform’, activation="relu’))
model.add(Dropout(0.2))

model.add(Dense(units=256, kernel_initializer='glorot_uniform’, activation="relu’))
model.add(Dropout(0.2))

model.add(Dense(units=256, kernel_initializer='glorot_uniform’, activation="relu’))
model.add(Dropout(0.2))

model.add(Dense(units=10, kernel_initializer="glorot_uniform’, activation='softmax"))

adam = optimizers.Adam(lr=0.01, decay=1e-6, momentum=0.9, nesterov=True)
model.compile(loss=‘softmax’, optimizer=adam)

Deep Learning
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5. Batch Normalization

e Batch Normalization&] %4

‘7] Deep Networkel| A = learning rate = Y57 =71 <= 7% gradient”} explode/vanish s} 1, 1t
8 Jocal minima®l] W-=] = A 7} 21 At} o] = parameter= 2] scale w21 ], Batch Normalization=-
8- 7 -9 propagation & W] parameter?] scale®l] & &S WX 9kA F ). webA, learning rateE =
Al e AA H AL o= whE 85 7hs Al gk

Batch Normalization2] 73 -%- #}-#| & <1 regularization &3} 7} 1t} o] &= 7| £ of AF2314 weight
regularization term 52 A 2] 8+ <= A 3}1, 1}o}7} Dropout2 #| 2 & 4= LA

¥} 2} Batch Normalization2] & 37} 7+7] wj<=.) . Dropout®] 74 -¢ & ¥ += =X vt 8t
AR o] Qle=d], o] & AAF O A Stz S Y H T

o AT

https://shuuki4.wordpress.com/2016/01/13/batch-normalization-%EC%84%A4%EB%AA%85-%EB%B0%8F-%EA%B5%AC%ED%98%84/

https://github.com/hunkim/DeeplLearningZeroToAll/blob/master/lab-10-6-mnist_nn_batchnorm.ipynb

https://arxiv.org/abs/1502.03167

Deep Learning 5


https://shuuki4.wordpress.com/2016/01/13/batch-normalization-%EC%84%A4%EB%AA%85-%EB%B0%8F-%EA%B5%AC%ED%98%84/
https://github.com/hunkim/DeepLearningZeroToAll/blob/master/lab-10-6-mnist_nn_batchnorm.ipynb
https://arxiv.org/abs/1502.03167

5. Batch Normalization (cont.)

e ‘10 Deep Learning Trends’ at NIPS 2015 [link]
e ‘Brad Neuberg’, NIPS (Neural Information Processing Systems) ,Rusia, 12,2015.

1. Neural network architectures are getting more complex and sophisticated

2. All the cool kids are using LSTMs

3. Attention models are showing up

4. Neural Turing Machines remain interesting but aren't being leveraged yet for real work

5. Computer vision and NLP aren't separate silos anymore — deep learning for computer vision and NLP are cross-hybridizing e
ach other

6.  Symbolic differentiation is becoming even more important

7. Surprising results are happening with neural network model compression

8. The intersection of deep and reinforcement learning continues

9. If you aren't using batch normalization you should

e Batch normalization is now considered a standard part of the neural network toolkit
and was referenced throughout work at the conference.

10. Neural network research and productionisation go hand in hand

e Batch Normalization : Accelerating Deep Network Training by Reducing Internal Covariance Shift)
e ICML 2015 [link]
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http://codinginparadise.org/ebooks/html/blog/ten_deep_learning_trends_at_nips_2015.html
https://arxiv.org/abs/1502.03167

5. Batch Normalization (cont.)

e Batch Normalization

Batch Normalization->= 7] &4 2. = Gradient Vanishing / Gradient
Exploding ©] Yo UA] FEF 5f+= ofojt] o] 52 sfifo]th X5 7HA]
+ o] A& Activation 3F<=2] ¥ 3} (ReLU %), Careful Initialization,
small learning rate = 2. % 3l A &} X 1k, o] =3 A= o] & 3t 7HH A
Q1 ®HH B th= training 3k 3 ZHAlE A xﬂ 2 0 2 1A 3} sfo] B

ETE 7MEA A Qe FEA QI W 2y Alo] Y
o] 5 o] gt EA 37} Ao+ o] T|‘7]' ‘Internal Covariance Shift’
o} a1 7‘740}31 21T}, Internal Covariance Shiftg}+ & A2 Network 2] Z}

Zo] 4} Activation 7} T} input 2] distribution®] 2% = A4S 9 v] gt}

S o

e w7 s A 7hE Al ZF =2 input?] distribution2 3 ¥ 0,
FEH A} 190 input . = normalize A 7] = W2 A& & 4 A, ©]
+ whitening©] 2k WY OE 3|43k 4= 1t} Whitening-=> 7] 22 0. 2
=9 2+ input?] feature= < uncorrelated 57| W= 511, 242+ 9]
varianceZ 1% Mo F+= ;‘“ﬁ ol t}.

lil

Deep Learning
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https://en.wikipedia.org/wiki/Whitening_transformation

5. Batch Normalization (cont.)

e Batch Normalization

Batch Normalization-=>
Exploding ©] & ojy}>
+ ©| .- A & Activatic
small learning rate s ©
Q1 % B th= training

o) @2 7] )
¥ETHAF 121 input©..
+ whitening®] 2= 4
=9 2.+ input®] featl

variance S 1= THEO] retwork with sorch Normalization. =7

Deep Learning
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https://en.wikipedia.org/wiki/Whitening_transformation

5. Batch Normalization (cont.)

Batch Normalization Example[link] « CNN Batch Normalization

e MLP Batch Normalization

# example of batch normalization for an cnn

from keras.layers import Dense from keras.layers import Dense

from keras.layers import BatchNormalization from keras.layers import Conv2D

from keras.layers import MaxPooling2D
model.add(Dense(32, activation="relu')) from keras.layers import BatchNormalization
model.add(BatchNormalization())

model.add(Dense(1)) model.add(Conv2D(32, (3,3), activation='relu'))

(
model.add(Conv2D(32, (3,3), activation="relu'))
model.add(BatchNormalization())
(
(

. . model.add(MaxPooling2D())
e RNN Batch Normalization model.add(Dense(1))

# example of batch normalization for a Istm

from keras.layers import Dense
from keras.layers import LSTM
from keras.layers import BatchNormalization

model.add(LSTM(32))
model.add(BatchNormalization())
model.add(Dense(1))

Deep Learning
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https://machinelearningmastery.com/how-to-accelerate-learning-of-deep-neural-networks-with-batch-normalization/

Summary
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ojm A Q14 gl &R
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