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1. Learning rate

 Gradient descent algorithm

. u _ ArgMin o
w* = w o ow
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1. Learning rate(cont.)

« 1.1 Gradient descent algorithm

Loss(W) |

Loss(Wy) initialize W,

W, = W, — 0.001AL(W,)
W, = W, — 0.001AL(W,)

model=sequential()
model.add(Dense(1,input_dim=3))
model.compile(loss="mse’,optimizer='sgd’)
model.fit(X,Y,epochs=1000)




1. Learning rate(cont.)

« 1.2 Large learning rate :overshooting(*2t4h)

 Learning | | , ¢
arge learning rate
* Wpy1 = W, — alLoss(Wy,) Loss(W) J J ,
e WO => Wx ? t /| Loss(Wp)

W= global minimum
e a = 10,large value
 initialize W,
« W, = W, — 10AL(W,)

e How to converge to W*?
3 (convergence) ?



1. Learning rate(cont.)

« 1.3 Small learning rate : local minimum point

e Learning
s Wpy1 = W,, — alALoss(W,)
e« WO => W= ?

W= global minimum

e a = 0.001, small value
* initialize W,
i Wl == WO - OOOIAL(W())

* How to converge to W*?
49 (convergence) ?

W,

W*
=

Loss(W)
A

small learning rate

,

W*

local rioeiceiiveriL [JUblLb

]/Vl* W, Wy W,

Local minimum point
W2 =& (convergence)



1. Learning rate

* 1.4 Optimizer <7 [link] [linlk]
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http://shuuki4.github.io/deep%20learning/2016/05/20/Gradient-Descent-Algorithm-Overview.html
https://gomguard.tistory.com/187

1. Learning rate

* How to choose the learning rate?

 Try several learning rates
e Observe the cost function
e Check it goes down 1n a reasonable rate

e Check it converges to global minimum point W*
« Optimizer ¢ A4
 Momentum
« SGD (Stochastic Gradient Descent)
« Adagrad (Adaptive Gradient)
* RMSProp
« Adam (Adaptive Moment Estimation)



2. Data preprocessing for thr gradient descent algorithm

* Training process of Gradient descent algorithm

loss = f(wq,w5)




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

« 2.1 Too big difference in value among elements of dataset

x3]

=D

X1

© o A~ N =

X2
9000

-5000
-2000

8000
9000

N ™ W™ rr» r <
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2. Data preprocessing for a gradient descent(cont.)

« 2.2 HOTE Al Y4 B O] e
original data zero-centered dala normalized data

W, 4
1
X




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

e 2.3 Mean, std normalization

1 _ X—X.mean
T Xstd

e 2.4 Min-max normalization

y _ X—Xmin

Xmax—X.min



3. Overfitting

. Overfitting

Model 1

Model 3
Over fitting

13



3. Overfitting (cont.)

« Solutions for overfitting

 More training data!
* Reduce the number of features

» Regularization (2 ¥}+3})
* Dropout
« Regularization(Qd ¥t3})

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

wl

»

>
W1

Overfitting
527
wEd a0l H5F ALt

A

Wy
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4. Overfitting

« Regularization(&¥}3})

* Let’s not have too big numbers in the weight

Loss(X,Y) = D(H(X|W,B),Y) ?arization strengD
1.0

Loss(X,Y) =D(HX|W,B),Y) + AX W?

A1
in 0 2:0.001
W* = AT%I]/V[lna—WLOSS(W|X, Y) Emes smaI@ 0.00

fromkeras.regularizersimportli_|[2
reg = 11_12(11=0.01, 12=0.01)
model .add(Dense(1, input_dim=x.shape[1],W_regularizer=reg))




4. Optimizers

 Ussage of optimizers

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)

 Parameters common to all Keras optimizers

 The parameters clipnorm and clipvalue can be used with all optimizers to control gradie

nt clipping:

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)

16



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/
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https://keras.io/optimizers/

4. Optimizers (cont.)

« ADAM: a method for stochastic optimization [Kingma et al. 2015]

MNIST Multilayer Neural Network + dropout

— AdaGrad
—  RMSProp
— SGDNesterov
AdaDelta

10"

training cost

10°

0 50 100 150 200
iterations over entire dataset



4. Optimizers (cont.)

» 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)
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5. Batch Normalization

« Batch Normalization&] %4

« 7] Deep Networkel| A= learning rate s W5 =4 3= 7% gradient?}

explode/vanish 3FA Y, Y local minima®l WA= FA7F AT} ©

scale W3=<1 9], Batch NormalizationS AF£3 4% propagation & W parameter 2 scale?

FEFE HH A @}, WA, learning rates A &2 7 A HA o]l= wE g5 Vs
Al 3T}

« Batch Normalization® 7% AFA| A2l regularization @327} It} o] = 7)o AF&3E
weight regularization term &= A2 4 U A 31, Yo}7} Dropouts A 2] &
(Dropout®] & 32} Batch Normalization® & 37} 27] wWj&.) . Dropout®] 7 =
T EG ST A 2HZAITE @] Qe ol E AlAT o EA g ST T

- RS

| = parameter=2]

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

* ‘10 Deep Learning Trends’ at NIPS 2015 [link]

O LNt

© % N o

‘Brad Neuberg' , NIPS (Neural Information Processing Systems) ,Rusia, 12,2015.
Neural network architectures are getting more complex and sophisticated

All the cool kids are using LSTMs

Attention models are showing up

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

Computer vision and NLP aren't separate silos anymore — deep learning for computer vision and NLP
are cross—hybridizing each other

Symbolic differentiation i1s becoming even more important

Surprising results are happening with neural network model compression
The intersection of deep and reinforcement learning continues

If you aren't using batch normalization you should

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

10. Neural network research and productionisation go hand in hand

 Batch Normalization : Accelerating Deep Network Training by Reducing Internal Covariance Shift)
« ICML 2015 [link]


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 ©] dojubx] &&= sl ofolf o] F2] shifolt}, X357}

A= o] A E Activation &2 M3 (RelLU %), Careful

Initialization, small learning rate &% A3} X4k, o] =59
P

X+ o)l gk 7HH A Q1 WHH H Ut training b+ 34 X}xﬂ = %

A A
O Z Mg 3lel g5 £ E FEAD F Sl SEAQ S 3
Nof gy,
¢ O] 52 o] 3 Bl 37 doj}+= o] 87} ‘Internal Covariance
Shift’ 21 F3sFaL 9t} Internal Covariance Shiftgh+ A2

Network®] Z} =o]u Activation "}t input®] distribution®] &2}
A= @2 2re ‘:} o] A= 7] 9@l A IFEskAl ZF 59 input
9] distribution=s H+ 0, 8=} 1<) input©. & normalize A 7]+
HH S A ZbE) B 2= O‘El, o] = whitening®|2}+= WH O 2 AT 4
21t} Whitening< 7]#-4 0 2 50| 2+ input? features<
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https://en.wikipedia.org/wiki/Whitening_transformation

5. Batch Normalization (cont.)

Batch Normalization Example[link]
« MLP Batch Normalization

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

model.add(Dense(32, activation="relu’'))
model.add(BatchNormalization())
model.add(Dense(1))

« RNN Batch Normalization

# 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))

« CNN Batch Normalization

# example of batch normalization for an cnn
from keras.layers import Dense

from keras.layers import Conv2D

from keras.layers import MaxPooling2D
from keras.layers import BatchNormalization

model.add(Conv2D(32, (3,3), activation="relu'))
model.add(Conv2D(32, (3,3), activation="relu'))
model.add(BatchNormalization())
model.add(MaxPooling2D())
model.add(Dense(1))

23


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

Summary

* Learning rate
« Learning rate
 Too large : Over shooting
« Too small : Local minimum
« Data preprocessing
« Zero centered data
 Normalized data
« Regularization
» dropout
* Overfitting

« More training data
* Reduce the number of features
 Regularization

» Optimizers
» Batch Normalization

24



» Examples
1. Learning rate
2. Dataset normalization
3. MNIST 10 digit image classification
4. MNIST 10 digit image classification(2)
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Example 1. Learning rate

* Learning rate
#O| O] E{ AU ‘-

X =np.array([[1, 2, 1], [1, 3, 2], [1, 3, 4], [1, 5, 5], [1, 7, 5], [1, 2, 5], [1, 6, 6], [1, 7, 7]])
Y _ohe =np.array([[0, 0, 1], [0, O, 1], [0, O, 1], [0, 1, 0], [O, 1, O], [0, 1, O], [1, O, O], [1, O, O]])
X_ev =np.array([[2, 1, 1], [3, 1, 2], [3, 3, 4]])
Y _ev _ohe =np.array([[O, O, 1], [0, O, 1], [0, O, 1]])

#EE = g,

model=Sequential()
model.add(Dense(units=3,input_dim=>X.shape[1],activation='softmax’))

pR st A

sgd=optimizers.SGD(Ir=0.1)

model.compile(loss='categorical crossentropy’,optimizer=sgd,metrics=['accuracy'])
#R Asts

hist=model.fit(X,Y ohe,epochs=200,verbose=1,validation_data=(X ev, Y ev ohe))
#2 AEHT}

loss and metrics = model.evaluate(X_ev, Y ev ohe, verbose=0)

print(‘## Evaluation Accuracy :', loss_and metrlcs[l])

oss: 0.B118 — acc: O.7500 — wval_
06110 — aco: 0.75900 — wal_

06102 — acc: 0.7500 — wal_

D= 4991s %) ozz: 0,B094 — acc: O.7R00 - wal_




Example 1. Learning rate

* Learning rateol] - Sh5 &4

Loss(w) large learning rate

Loss(W)
A

small learning rate

W*

Wl* b WZ W1 WO
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Example 2. Dataset normalization

XY =np.array([[828.659973, 833.450012, 908100, 828.349976, 831.659973],
[823.02002, 828.070007, 1828100, 821.655029, 828.070007],
[819.929993, 824.400024, 1438100, 818.97998, 824.159973],
[816, 820.958984, 1008100, 815.48999, 819.23999],
[819.359985, 823, 1188100, 818.469971, 818.97998],

[819, 823, 1198100, 816, 820.450012],
[811.700012, 815.25, 1098100, 809.780029, 813.669983],
[809.51001, 816.659973, 1398100, 804.539978, 809.559998]])
X =XY[:, 0:-1]
Y = XY, [-1]]

F® C:wProgram Files (x261%Microsoft Visual Studic®Shared#Python36_64#python.exe — O >
#o Hl 17X M|
model=Sequential()
model.add(Dense(units=1,input_dim=X.shape[1],
activation='linear”))

0= 4990=,

pEES YA
sgd=optimizers.SGD(Ir=0.01)
model.compile(loss="mse’,optimizer=sgd)

#E SIS

hist=model.fit(’X,Y,epochs=10,verbose=1




Example 2. Dataset normalization

XY = np.array/(
[[828.659973, 833.450012, 908100, 828.349976, 831.659973],
[823.02002, 828.070007, 1828100, 821.655029, 828.070007],
[819.929993, 824.400024, 1438100, 818.97998, 824.159973],
[816, 820.958984, 1008100, 815.48999, 819.23999],
[819.359985, 823, 1188100, 818.469971, 818.97998],
[819, 823, 1198100, 816, 820.450012],
[811.700012, 815.25, 1098100, 809.780029, 813.669983],

[809.51001, 816.659973, 1398100, 804.539978, 809.559998]])

XY = MinMaxScaler(XY)

print(XY)

[[0.99999948 ©.99999945 0. 0.99999958 0.99999955 ]
[0.70548455 0.70439514 1. ©0.71881752 0.83755754]
[0.54412521 0.50274796 0.57608696 0.60646775 0.6606328 ]
[0.33890335 0.31368006 0.10869565 0.45989115 0.43800899 ]
[0.51435973 0.42582366 0.30434783 0.58504781 0.42624382]
[0.49556153 0.42582366 0.31521739 0.48131114 0.49276115]
[0.11436058 0. 0.20652174 0.22007767 ©.1859723 ]
[0. ©.07747095 ©.5326087 0. 0. 11

A
X2
>
X1
XzA
11
I
0 : >
0 1 X1
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Example 2. Dataset normalization

XY = np.array([[828.659973, 833.450012, 908100, 828.349976, 831.659973],
[823.02002, 828.070007, 1828100, 821.655029, 828.070007],
[819.929993, 824.400024, 1438100, 818.97998, 824.159973],
[816, 820.958984, 1008100, 815.48999, 819.23999],
[819.359985, 823, 1188100, 818.469971, 818.97998],
[819, 823, 1198100, 816, 820.450012],
[811.700012, 815.25, 1098100, 809.780029, 813.669983],
[809.51001, 816.659973, 1398100, 804.539978, 809.559998]])
def MinMaxScaler(data):
numerator = data - np.min(data, 0)
denominator = np.max(data, 0) - np.min(data, 0)
return numerator / (denominator + le-5)

XY = MinMaxScaler(XY)
print(XY)

X =XY[:, 0:-1]

Y =XY[, [1]]

model=Sequential()
model.add(Dense(units=1,input_dim=>X.shape[1],activation="linear"))
sgd=optimizers.SGD(Ir=0.01)
model.compile(loss="mse",optimizer=sgd)
model.fit(X,Y,epochs=10,verbose=1)

TOaTT]

D= 374dusistep

D= 374dusistep

D= 374dusistep




Example 3. MNIST 10 digit image classifier

« MNIST data

e for 10 digit image recognizer with softmax hypothesis and
cross—entropy cost function

« The MNIST database (Modified National Institute of
Standards and Technology database) is a large database of
handwritten digits that 1s commonly used for training
various lmage processing systems

 https://en.wikipedia.org/wiki/MNIST_database

e mnist H°] 5 &4
« OFE 97kA B7|A o|n] ], o]m|A] Z17] : 28x28 A, 0~256
. 8148 600000] 1] 4
« F7FE 100000] 7] A
o O] U]X] Shape
« X_train.shape : (60000, 28, 28)  Y_train.shape: (60000,)
« X_validation.shape: (10000, 28, 28) Y_validation.shpe : (10000,)

NNEZAENNANES
SRNEANAEES
NSENEESNOEES
HOSGEANENES
NRNARANONEN
NS AREAANES
ONSRREENNE
ANSESNANEN
RESEENERNNNY
BOSRNANEANEE
sleoplsialalebe] -0
HEANNNENNEE
slelelolejwivi~Is
DNSINRASEES
HRANDNANSRNE
SONSGRANONEE
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https://en.wikipedia.org/wiki/National_Institute_of_Standards_and_Technology
https://en.wikipedia.org/wiki/Database
https://en.wikipedia.org/wiki/Training_set
https://en.wikipedia.org/wiki/Image_processing
https://en.wikipedia.org/wiki/MNIST_database

Example 3. MNIST 10 digit image classifier (cont.)

e Mnist t|o] g A
e 28x28x1 1image
« X_train[0] &] o] 7] X]

« X_train[0] [0] [0] =
X_train[O] [5] [12]= 3 X_train[0] [5][13]=18
X_train[0] [6] [7]=0 X_train[0] [6] [8]= 30
e Y_train[O] : 5




Example 3. MNIST 10 digit image classifier (cont.)

FEEP R
« =& ¥ o]u|X] shape
« X_train.shape : (60000, 28, 28) Y_train.shape : (60000,)
« X_val.shape : (10000, 28, 28) Y_val.shpe : (10000,)
« Reshape™! -3}
* 60000x28x28 => 60000x784

« 600007¢2] 28x280]m|A| & 124 2] 7844 = Hetety Az Mest & 0~1.02=2 73} st

 one_hot_encoding
o BEo|n A= 10708 2252 shvo]l =2 YO kS one_hot_encoding(10)
 Y_train[0O]=5 => Y_train_ohe[0]=1[0,0,0,0,0,1,0,0,0,0]

from keras.datasets import mnist ~ # mnist O| 0| X| Z{ 7| X|

(X_train,Y _train), (X_validation, Y_validation) = mnist.load_data() #E2 C O|0O|X| dataset
X_train = X_train.reshape(X_train.shape[0], 784).astype(‘float64’) / 255 #0~12 &2}
X_val = X_validation.reshape(X_validation.shape[0], 784).astype(‘float64") / 255 #0~1= &2}

Y _train_ohe = np_utils.to_categorical(Y_train, 10) #one_hot_encoding(,10)
Y validation_ohe = np_utils.to_categorical(Y_validation, 10) #one_hot_encoding(Y_va)
#X_train.shape : (60000, 28, 28) Y_train.shape : (60000,)

#X_validation.shape :(10000, 28, 28) Y_validation.shpe : (10000,
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Example 3. MNIST 10 digit image classifier (cont.)

L

#r T RE ol 0| S HME MUY

MODEL_SAVE_FOLDER_PATH = "'/model/’

if not os.path.exists(MODEL_SAVE_FOLDER_PATH):
os.mkdir(MODEL_SAVE_FOLDER_PATH)

from keras.models import load_model, Sequential

from keras. layers import Dense

from keras.cal Ibacks import Model|Checkpoint, Ear|yStopping
from Kkeras import optimizers

import numpy as np

import os

from keras.datasets import mnist

from keras.utils import np_utils

model_path = MODEL_SAVE_FOLDER_PATH + 'mnist-" + ‘{epoch:02d}-{val_loss:.4f}.hdf5'

model = Sequential()

#E A

model.add( Dense( #fully connected feed forward neural network
units=10, #number of output nodes
input_dim=784, #number of input nodes

activation='softmax’))  #activation function

SEA
#olag YUY 28

optimizer=‘adam’, #adam opimizer
metrics=['accuracy’]) #metrics

model.compile(loss='categorical crossentropy’, #loss function to classify 10 classes

Images

Input layer Output units




Example 3. MNIST 10 digit image classifier (cont.)

=
#olE WY A
model.compile(loss='categorical crossentropy’, #loss function to classify 10 classes
optimizer=‘adam’, #adam opimizer
metrics=['accuracy’]) #metrics
42 Bt
$OIEA| Z2AQI UHEE [ SZE|E AIAEA MY
#87} lossZt 7| = O E Sl B =S X572t 7HAE 2

cb_checkpoint = ModelCheckpoint(

filepath=model _path, #ZES M T4 boch

monitor=‘val_loss’, #ZL|EHZ 74X - H7}& loss
verbose=1, #=H oC
save_best_only=True) #ZL|E 7N =H 4H

#HSSEE Sl OUE Yol

_early_stopping = EarlyStopping(
monitor=‘val_loss’, #ZL|EH 2 74X - H7}& loss
patience=10) #loss7} 10 O|&f ZOIX| I T =
#2 E st
history=model.fit(

X_train, Y_train_ohe, #ot&5& OO Ml
validation_data=(X_validation, Y validation_ohe), #Z7}2 G|O|E{Al
epochs=32, #ot& ol 2| HH2 3|4

batch_size=200, #OiStS Al S5 OO[H Al

verbose=0, #tEdrd = XE:' Et(E':)

callbacks=[cb_checkpoint, cb_early _ stopplng]) #Z L|E{ 2 O|HIE JiH| 2|~ E

print(pd.DataFrame(history.history))

not imp

did not
did not
did not
did not
did not

imero

I MEr ove
M ove
im O

MmEr ove

from

from 0
from 0.2
from 0,2

— 0 O = T AT P GO —

dmnist—01-0, 43

[/mnist—25

52 . hdfh




Example 3. MNIST 10 digit image classifier (cont.)

« Bel 7}

#E D2 StEE B M5 (2RO HUE a)2 HIMOE BTt

model=load_model('model/mnist-25-0.2610.hdf5") #MEE =D REIS EE
score=odel.evaluate(X_validation, Y_validation_ohe) #LIIE M2 Yot
print(’score :’,score) #[0.2637501769691706, 0.9265999794006348] 2 A 2t 1Al &

10000/10000 [ ] - 10s 989us/ste
p

HIl2 Oo|EfMloz RH S Hylsto]d Malz =2 & sic)
#Z712 HO|EHAI 2 RH 2 HI50{ A T(acc)E & J score : [0.2637501769691706, 0.9265999794006348]

print(\nAccuracy: {:.4f} . format(score[1]))  #Accuracy: 0.9266

Accuracy: 0.9266

#Z71g HlolE{Moll M 2lele| o|n|X| & F&5t0{ HIlsict,
r=np.random.randint(0,X_validation.shape[0]-1) #Z 72 C0|E{ ZoflM 2l2|2| o|o|X| & poreds : [[5.4910076e-10 1.3713418e-11 2.1246641e-03 4.2107690e-02 1.9038754e-06
X1=X_validation[r:r+1] 4 moto|alx| 2= 9.0653886e-04 6.7351021e-11 3.7085364e-04 9.5318204e-01 1.3063980e-03]]

Y1=Y_validation[r:r+1] #rHd G7to[o[X[2[ M label : [8] y hat: 8

#model £ O|0|X| & 0f F(2lAl)3tL! argmaxsto] QlAl A E Al dhetCt, o1
preds=model.predict(X1) # =& E o|o[X| X12| of F(2l4Al) 107 2] HH &
print(‘preds : *,preds) #o| St &£

#[[5.4910076e-10 1.3713418¢-11 2.1246641e-03 4.2107690e-02 1.9038754e-06 ol
9.0653886¢-04 6.7351021e-11 3.7085364e-04 9.5318204e-01 1.3063980e-03]]

Y1_hat= np.argmax(preds) #1070 = =[Cf grel QI A of SZ 1 A& 15 ]
#0|0|X| 1 5 (ground truth) Y1 2t 1Al A1} Y1-hatE &2 5t0{ 1| otC,
print(\nlabel : {3 vy hat:{} ".format(Y1,Y1_hat)) #label:[8] y hat:8 207

#GItel O|0|X| X12 D8 2 £8510{ elAl Aot | W etct,
import matplotlib.pyplot as plt
plt.imshow(X1.reshape(28,28),cmap='Greys' interpolation="nearest’)
plt.show()




Example 4. Tips of NN for the Mnist digit classifier

* 1 hidden layer NN for the Mnist diqit classifier

#O|O|E A Ao
(X _train,Y _train), (X _val, Y_val) = mnist.load_data()

Y train_ohe = np_utils.to_categorical(Y_train, 10)
Y val ohe =np_utils.to_categorical(Y_val, 10)

#one_hot_encoding(Y)
#one_hot_encoding(Y_val)

#EEO| & 47

model = Sequential()

model.add(Dense(units=10, input_dim=784,
kernel_initializer="random_uniform’, activation='softmax’))

4L CO| ShAHIE MK

model.compile(
loss="categorical_crossentropy’,
optimizer='adam’,
metrics=['accuracy’])

#A2ANER N2 M AU
#adam optimizer
# loss@t accA| At

#HEo| o5

model fit(X_train, Y _train_ohe, St &00[E A
validation_data=(X_val, Y _val ohe)#Z7}& C|O|Ef Al
epochs=20, batch_size=512, verbose=1) #5/ &1t & E =N k=ly

#8718 Ho|EH Moz REAS FIoL0 § 2 = (acc)E = H L}
print(\nAccuracy: {:.4f}".format(model.evaluate(X_val, Y val ohe)[1]))

X _train = X_train.reshape(X_train.shape[0], 784).astype('float64') / 255#flatten and normalize
X _val = X_val.reshape(X_val.shape[0], 784).astype('float64") / 255  #flatten and normalize

from keras.models import Sequential
from keras.layers import Dense
import numpy as np

import os

from keras.datasets import mnist
from keras.utils import np_utils

Epoch 19/20

60000/60000 [==============================] - 1s 18us
/step - loss: 0.4730 - acc: 0.8838 - val_loss: 0.4485 - val_acc: 0.8940
Epoch 20/20

60000/60000 [==============================] - 15 19us
/step - loss: 0.4613 - acc: 0.8857 - val_loss: 0.4376 - val_acc: 0.8947
10000/10000 [==============================] - 0s 32us
/step

Accuracy: 0.8947
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Example 4. Application Tips for the Mnist digit classifier (cont.)

e 2 hidden NN

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

kernel_initializer="random_uniform’, activation='linear"))
model.add(Dense(units=256, kernel_initializer="random_uniform’, activation="linear"))
model.add(Dense(units=10, kernel_initializer="random_uniform’, activation='softmax"))

Accuracy: 0.9267

e 2 hidden NN with relu

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

kernel_initializer="random_uniform’, activation="relu"))
model.add(Dense(units=256, kernel_initializer="random_uniform’, activation="relu"))
model.add(Dense(units=10, kernel_initializer="random_uniform’, activation="softmax"))

» 2 hidden NN with relu activation and Xavier initialization

Accuracy: 0.9806

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

kernel_initializer="glorot_uniform’, activation="relu"))
model.add(Dense(units=256, kernel _initializer="glorot_uniform’, activation="relu’))
model.add(Dense(units=10, kernel_initializer="glorot_uniform’, activation="softmax"))

Accuracy: 0.9817
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Example 4. Application Tips for the Mnist digit classifier (cont.)

* 5 hidden (Deep) NN with relu activation and Xavier initialization

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

kernel_initializer="glorot_uniform’, activation="relu"))
model.add(Dense(units=256, kernel_initializer="glorot_uniform’, activation="relu’))
model.add(Dense(units=256, kernel _initializer="glorot_uniform’, activation="relu’))
model.add(Dense(units=256, kernel_initializer="glorot_uniform’, activation="relu’))
model.add(Dense(units=256, kernel_initializer="glorot_uniform’, activation="relu’))
model.add(Dense(units=10, kernel_initializer="glorot_uniform’, activation="softmax’))

Accuracy: 0.9798

* 5 hidden (Deep) NN with relu activation, Xavier initialization and dropout

model = Sequential()

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"))

#model.add(Dropout(0.1))

Accuracy: 0.9803

#model.add(Dropout(0.2))

Accuracy: 0.9840

#model.add(Dropout(0.3))

Accuracy: 0.9819
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Example 4. Application Tips the Mnist digit classifier (cont.)

5 hidden (Deep) NN with relu activation , Xavier initialization and activity regularizer

from keras.regularizers import 11

reg = 11(0.000001)

model = Sequential()

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

kernel_initializer="glorot_uniform', activation="relu' ,activity_regularizer=reg))

model.add(Dropout(0.2))

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

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

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

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

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

Epoch 16/20

60000/60000 [================== ] - 2s 40us/step - loss: 0.0585 - acc: 0.9881 - val_loss: 0.0920 - val_acc: 0.9815
Epoch 17/20

60000/60000 [ ] - 2s 40us/step - loss: 0.0558 - acc: 0.9887 - val_loss: 0.0934 - val_acc: 0.9801
Epoch 18/20

60000/60000 [================== ] - 3s 42us/step - loss: 0.0542 - acc: 0.9889 - val_loss: 0.0992 - val_acc: 0.9791
Epoch 19/20

60000/60000 [================== ] - 2s 38us/step - loss: 0.0520 - acc: 0.9896 - val_loss: 0.0908 - val_acc: 0.9801
Epoch 20/20

60000/60000 [================== ] - 3s 42us/step - loss: 0.0510 - acc: 0.9900 - val_loss: 0.0962 - val_acc: 0.9804
10000/10000 [================== ] - 1s 76us/step

Accuracy: 0.9815 %'%'_9_ =13 —JFE Jg-llél-cﬂ. gl—p_l )\JE—hlol %9_
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