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e Why more layers?

Why the layers?




P Large Number of parameters

784x16+4+16x16 4+ 16x10

weights
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In convolving an image:
1) The outputs shrink

4 2) The information on corners of the image is lost
This can be prevented by padding.
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- Example 1: MNIST Database - Handwritten digits

A simple CNN deep learning model for handwritten digits recognition using

Keras,
=t
=
| > Output
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’8 128 x0.2
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Fully connected layers
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tensorflow
sys

Xx_train.shape)
, y_train.shape)

matplotlib.pyplot plt

image index
print('y t

, y_train[image_index])
_train[image index], cmap='Grey
Sample image')

x_train.shape|
x_train.shape)
, X_test.shape)

1)

sets.mnist.load _data()
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'flo

x_test[

x_train

eras.models Sequential
as.layers e Conv2D, Dropout, Flatten, MaxPooling

= Seque

add( , input_shape=input_shape))

)
D))

)

model.compile(optimizer="adam',
categorical crossentropy',
etri accuracy'])
model.fit(x=x_train,y=y_train,

19



al = model.evaluate(x_test, y_ test)
"test_eval', test_eval)

img_rows = 28
img_c :
image_inde 1444
plt.imshow(x_test[image_index].reshape(

7 cmap="Greys"')
dex] img_rows, img_cols, 1))

pred = model.predict(x_tes
predit a sample')

('prediction = ', pred.argmax())

predit a sample')
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Example 2: Fashion-MNIST Database

CNN deep learning model using Keras,

|twmmaﬂ |

e ™ N ) ) i i 4

Output layer 10 «—— Dense layer 128F% o Max Pool 2xX 2 €«——Conv. 128 -3x 3

"'-u -ﬁn ¥
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keras.datasets fashion mnist
(train_X,train_Y), (test_

1t( ' Training data sh : ', train_X.shape, tr
1t('Testing data shape ', test X.shape, test

ain_Y.shape)
_Y.shape)

nClasses)

t.figure(figsize=[1

.subplot(121)

cmap="gray"')

mshow(test_X[n
itle("Cl
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o pe = '_. est X.shape)
train_X.reshape( 1)

, train X.shape)
, test X.shape)

v

_one_hot = to_categorical(train_Y)
st Y one hot = to categorical(test Y)

B inal label:', train_Y[n])
nt("'After conversion to one-hot:', train_Y_one_hot[n])

L = ', train_X.shape)
¥ one_hot.shape = ', train '

3 \

Y_one_hot.shape)

_selection train_test split
train_X,vali train_label,valid label = train_test_split(train_X, train_Y_one_hot, test_size=0.2, random_state=1
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chNormalization
LeakyRelLU

(LeakyReLU(alpha=0.1))
(MaxPooling2D((2, 2),padding="same"'))

.add(Conv2D(64, (3, 3), activation='linear',padding="same'))
kyR 1ph
(MaxPooling2D(pool_si 2, 2),padding="same"'))

7 activation='linear',padding="same'))
U(al ]

dd(MaxPooling2D( si ), 2),padding="'same"))
add(Flatten())

(L activation="linear'))

fashion_model.add(Dense(num_classes, activation='softmax'))

1),padding="same"'))
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fashion_model.compile(loss=keras.losses.categorical crossentropy, optimizer=keras.optimizers.Adam(),metrics=["'accuracy'])
fashion _model.summary()

fashion_train = fashion_model.fit(train_X, train_label, batch_size=batch_size,epochs=epochs,verbo
valldatlon_data (valid X, valid_la_eljj

ashion model.evaluate(test X, test Y one hot, verbose
', test_eval[@])
curacy:', test eval[1l])

accuracy = fashion_train.history['acc']
val accuracy = fashion_train.history[‘val acc']
ss = fashion_train.history['loss’
= fashion_train.history['val_lo
(len(accuracy))
t.plot( s, accuracy, 'bo', label='Training accuracy')
t plof(eporha, val_accuracy, 'b', label='Validation accuracy"')
t.title('Training and validation accuracy')
T 1Pgend(i

t ploT(Pporhx, loss, 'bo', label='Training 1
t‘plot(epochb, val loss, 'b', label="Validat
t.title('Training and validation loss
t.legend()

t.show()
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- Example 3: Fashion-MNIST Database
CNN deep learning model with dropout using Keras,

Input 28%x28x1——> Conv. 32 - 3X 3 - : Dropout 025 —> Conv.64-3x3

4 TLAARMC A |

I A A ) < iy <

Dropout 0.4  «— Max Pool 2x 2 FEs > Dropout 0.25 <«——Max Pool 2x 2
Flatten ——> Dense layer 128 —> Dropout 0.3 —> Output layer 10
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equential, Input,Model
ense, Dropout, Flatten
: Conv2D, MaxPooling2D
s.layers.normalization BatchNormalization
as.layers.advanced_activations

batch_s
epochs

num_classes =

fashion_model = Sequential()
fashion_model.add(Conv2 < 3, 3),activation="linear',padding="same',input_shape
fashion_model.add(Leaky
fashion_model.add(MaxPooli : same'))
fashion_model.add(Dropout
fashion_model. add(Conv2D(
fashion_model.add(L ‘

shion_model. | _size 2),padding="same"))

ion_model. add(Dropout( ))

shion_model. add(Conv2D( 3 ), activation='linear®,padding="same"))
fashion_model.add(LeakyRelLU( { 1))
fashion_model.add(MaxPooling2D(pool_size 2),padding="same"))
fashion_model.add(Dropout( ))
fashion_model.add(Flatten())
fashion_model.add(Dense(1: activation='linear'))
fashion_model.add(LeakyReLU(
fashion_model.add(Dropout
fashion_model.add(Dense(num_

27



Fashion MNIST Data

Training and validation accuracy
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https://www.datacamp.com/community/tutorials/convolutional-neural-networks-python
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|

RNN:

Unlike the regular neural networks in which the samples are assumed to be
time independent, being inputted to the network as a whole, the recurrent
neural networks, take their inputs from temporally distributed samples.
They can be thought as multiple copies of the same network, each passing a
message to a successor. These networks have loops in them, allowing time-
dependent information to persist.

Cell
h, h,, h;, h;, / h;
t t 1 t t
—> N — — N — N — N -------- > N
RNN time
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ecurr

= Example 1: Classification of events happening at every frame in a movie. RNN can use
its reasoning about the previous events in the film to inform later ones.

Example 2: Earthquakes and their relevance to the previous earthquakes.

Extension: The application of recurrent neural networks is not limited the time
dependent samples. The application can be extended to the other spaces (other than
time) as can be seen from the following example.

Example 3: MNIST- digit recognition using RNN

In this example each 28 x28-pixel image of handwritten digits, instead of being
flattened to a 784-dimensional array as input for a regular neural network, is assumed
as 28 one-dimensional images. Each row of pixels of the image is assumed to be a
single 1D-image , and the next row another image, following the previous 1D-image.
Each row of the image is then sent to one cell of the recurrent neural network in
sequence.

The following code trains a model using RNN algorithm. Note that each row has some
information to the next row which is not preserved in the regular neural networks.

30



Sequent]

Dense, Ac
.recurrent

np_utils
backend

ivation, Dropout
SimpleRNN, LSTM, GRU

distutils.version LooseVersion LV

keras version

IPython.di SVG
ke

numpy np
matplotlib.pyplot plt

seaborn sns

nt('Using Keras version:', _ ver
(LV(__version__ ) »>= LV("2.¢€

mnist

5 (Xitest Syite

as.utils.vis_utils model_to_dot

__, 'backend:', K.backend())

) = mnist.load_data()

31



X_test /

Y_train = np_utils.to_categorical(y_train, nb_cla
Y_test = np_utils. categorical(y_test, nb_classes)

nt()

"MNIST data loaded: train:',len(X_train), 'test:’,len(X_test))

X_trai X_train.shape)
'y_trai y_train.shape)
('Y_train:', Y_train.shape)

model = Sequential()

model.add(SimpleRNN(nb_units,
input_shape=(img_rows, img_cols)))

model.add(Dense(units=nb_classes))

model.add(Activation('softmax'))

model.compile(los categorical_crossentropy’,
opt r="adam’,
metrics=['accuracy'])

print(model.summary())

32



SVG(model_to_dot(model, show_shapes=True).create(prog="dot"',

history = model.fit(X_train,
Y_train,
epochs=e
batch_size
verbose=2)

plt.figure(fi
plt.plot(hist
plt.title('lo'

g
or

plt.figure(figsize=(5
b, t(histo
plt.title('a

(predictions, truecla
np.argmax(predictions,
nded!=y_ test
t('Showing max
'The predic

33



ii =9
plt.figure(figs
1 ran

trueclass None y_test[i] != truec
predictedclass None predictions[i] != predictedcl

lot(1, maxtoshow,

34



s_labels _pred)
, class labels pred.shape)

a acc +
filel.write(" \n " )
filel.close();

nt('acc = ', acc/y_test.size)

The first 10 test digits the RNN classified to a wrong class.

(R

show failures(predictions)

Failures in which the true class

T

show failures(predictions, trueclass=6)

sys.exit()
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Optimizers are a crucial part of the neural networks

Batch Gradient Descent (BGD) i \‘IMNIST N?u't”ayer Neugral e
A= oo i _ (7)) xt W | SeoNesseror
w] o n aW] o n Zl(y ¢(Z ))x J — AdaDelta
—  Adam

Mini-Batch Gradient Descent (BGD) ?, "‘h % A

0 afa k<n (i _ i i 8 f o L)
Awj = — a—wj—’TZi=1 (' —#(=H) x; N — it o PYRI
Stochastic Gradient Descent (SGD) | | |

2% aJ % i i 0 50 100 . 750 200
AW]' AT n M — n (y ¢(Z )) xj iterations over entire dataset

i: sample, j: feature
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- AdaGrad
AdaGrad (adaptive gradient algorithm) is a modified stochastic gradient descent with
per-parameter learning rate (adaptively tuned per parameter).

YA n WA A0 o ]
W \/?” 9j Gjj = ‘€'=lgzrj, g4 = Vj; (w)

RMSProp optimization algorithm
RMSProp (Root Mean Square Propagation) optimization algorithm (Kingma & Ba,
2015) is an update to the RMSProp optimizer.

Jw) = %Zi(yi — ¢(zYH) )2 sample objective function

w=w + Aw,

t+1 t aj* 2 St

o s w

S dw_B S dw+ (1'B)<E> it Sdw = 1—Bt+1
9"

witl = wt — 7 iw

t: time step, i: sample, j: feature 37



~ Adam optimization algorithm
Adam (Adaptive moment estimation) optimization algorithm (Kingma & Ba, 2015) is
an update to the RMSProp optimizer.

1) Computationally efficient
2) Little memory requirements
3) Well suited for large data

t+1 t dj* el
VT aw= B Vigwt (1-B1) o~ Vaw = {_ges1
1
2
.t t+1
t+1  _ t 0j —~ _ S

ST aw= P2 S awt (1'32)(5) , Sdw = 7 ge+1
2

-

Wt+1 —wt — n /c\lw
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Momentum (Modified SGD)

Stochastic gradient descent with momentum remembers the update Aw at each
iteration, and determines the next update as a linear combination of the gradient and
the previous update.

iyl ol

wt =wt~1 — (aAw — 1 VJ(w)i)
SGD Momentum

Implicit Stochastic Gradient Descent (ISGD)

SGD is generally sensitive to learning rate 1. Fast convergence requires large learning
rates but this may induce numerical instability. The problem can be largely solved by
considering implicit updates whereby the stochastic gradient is evaluated at the next
iterate rather than the current one.

whew — yold L Aymnew
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\\ - SGD

| == MomentumE

! — NAG :
g/ - Adagrad |
y ~ Adadelta

k.;-‘ -~ Rmsprop

https://stackoverflow.com/questions/36162180/gradient-descent-vs-adagrad-vs-momentum-in-tensorflow
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- SGD
-  Momentum
aj - NAG
=0 — Adagrad
ow Adadelta
4 Rmsprop
2
0

1.0

https://stackoverflow.com/questions/36162180/gradient-descent-vs-adagrad-vs-momentum-in-tensorflow
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