Deep Neural Network
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Weight Update

x| Aoot= weight £ &= = A (optimization

|
—
O
n
wn
_I‘
c
>
~ N
.
O
>

— weight Z7|2}8 9|2 4H3I1, weight S EH2X O 2 update
(improvement)
:

— Weight B2IZ2 Joss function 2| 7|27] 3 7|0 H|2 (gradient
descent)

1) Stochastic Gradient Descent (SGD)
2) AdaGrad (Adaptive Gradient)
3) Adam



Stochastic Gradient Descent

° Algorithm rlass SeD0:

def  imit (self I1r=8081):
oL

self 1r = 1r
W — W - 7] P —— n. |eam|”9 rate def update(self_params. grads):
aW Tor key in params keys(}:
params[key] -= self lr « grads|key]
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Momentum

« Algorithm T
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AdaGrad

« Adaptive Gradient (2011)
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Adam

« Adaptive Momentum Estimation (2015)
— Momentum + AdaGrad (RMSProp) &%
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Weight Update

Optimization &8 H|
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Gradient Trouble
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 Gradient Vanishing (
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Gradient Trouble

&9l (x.Glorot, Y.Bengio, 2010)
1) Activation function: sigmoid function
2) Weight initialization: =0, 24f=1 @1 &%

— 7|27 (gradient ) 7} 0 Of
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Gradient Trouble

. oz
1) Activation Function: ReLU 8! 11 HZE
2) Weight Initialization: Xavier, He &

3) Batch normalization



Activation Function

RelLU

— Rectified Linear Unit
— F(X) = max (0, x)

10

XA
O
« Saturation O| QILC} _To

* Very computationally efficient
« Converges much faster than sigmoid/tanh
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Weight Initialziation

=S50 =84 (Bdetaf) & (histogram)

3

impoTi NUmpyY as ngo

import matplotlib.pyplot as plt * lnPUt |ayer: 1000 nOdeS
e 5 hidden layers: 100 nodes / layer
S hoiing . Activation function = sigmoid

return 1 f {1 + np_exp{-x})

= np.random_randnf 1888 188) s 1882742 cjojc : =x 7I-. rL:l o] ™ H 1T
e e g ° ngght x701¢h 7 0 2 HEx
hidden layer size = 5 # 240 57) l- — 1 or O 01

activations = {] olfof §dm FoHEHeEhE Y
for L in rangefhidder layer size):
ifi 1=8:
x = activationsii-i]

¥ = np_random_randn{node num node num) 1
¥ = np.random,randn{node num_  node num) « 1 =) "

a8 = np dot{x W)
z = sigmoid{a)

|__¥_= np.random.randn(node_num, node_num} ¥ 8.81

activations[i] =

# HAE T8 ==

for i, a in activations._ items():
plt_subplot(1_ len{activations)_ i+1}
plt_title(str{i+1) + =-layer-)
plt_hist(a.flatten{)_ 38_range={®_1}}

plt_showi )
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eight Initialziation

L (histogram)
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Xavier

Weight Initialziation

(Glorot) Z=7|=t (2010)

— Activation == Sigmoid, tanh function
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Weight Initialziation

« He 7|2} (2015)

— Activation function : ReLU & BIZ
@)

Leaky ReLU

max ( 0 lz, x)

ELU

& x>0 Exponential linear unit
a(e®*—1) <0 4
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He

Weight Initialziation
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Weight Initialziation

MNIST G|O|E{Al M &

— RelLU function + He initialization
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Batch Normalization

« Batch Normalization (S. Loffe & C.Szegedy, 2015)
— Gradient vanishing/Exploding 2X| =X
— Activation &t &1t ® L= 2 O|O|E "Ertat 28 =7t

— Mini-batch Q|2 A3k B = 0, 24 =1
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¥, =+ p y: scaling, B: shift



accuracy
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Batch Normalization

Training Accuracy
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Overfitting

Overfitting (2t&gh
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Weight Decay

Weight Decay (7FsX| &)

— Weight 2t0] #HX|

= 2ig o

Ml => overfitting X 21}

— Loss function O weight norm =7}
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Dropout

* Dropout
— Training Al
« Dropout H|Z (dropout_ratio) 0 3l &dt= neuron 2 &0 A ALK
— Test A
« Z neuron 2| Z30] training Al At o ot HIE2 FI0] =

class Dropout:

de¥®  init (self dropout ratio=8_5}):
self dropout ratio = dropowt ratio
self _mask = None

def forward{self x train_ flg=True):
if train_flg:
self.mask = np.random.rand{*x.shape) » self_dropou
return ¥ ¥ self_mask
elze;
return ¥ « (1.8 — self _dropowt ratis)

def backward({self,k dout):
return dout + self mask
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Dropout

Dropout 2| &1t
— Ensemble learning &1t
- EXo=m ShEAZl o2 Vo R =3 =8

| =
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Hyperparameter Optimization

* Hyperparameter
— Layer &, neuron Z=, batch size, ...
— Learning rate, momentum coefficient, ...
— Weight decay, dropout ratio, ...

 Training data vs. validation data vs. test data
— Training data: weight St&&
— Validation data: hyperparameter 25&
— Teat data: §sHIIE



Hyperparameter Optimization

« Example
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weight decay = 19 #¢ np.random unifom(-8 -4)
Ir = 18 #¢ np.random uniform(-6 -2

gest-1 {val
Best-2 {val
Best-3 (val
Best—4 {val
Best-5 {val
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Ir
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IB.6E892, weight decay.3.86e-87
1008956 weight decay.!6.@4e-G7
1B 88571, weight decay:1 27e-86
668626 weight decay:1.43e-83
tB.8E52, welght decay E. 97e-86
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