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Core Concepts for NN

« Optimization
» Stochastic Gradient Descent

* Momentum
 AdaGrad
« Adam

« Weight Initial Value
« Weight decay

 Batch Nomalization

* Overfitting
« Weight decay
* Drop out



Parameter Optimization

» Optimization — Z[H 2| Oj7/|H+F = A
W-W-—

- Statistical Gradient Descent 7-2L
class SGD: network = TwolLayerNet(...)
def  init  (self, 1lr=0.01): optimizer = SGD()
self. lr = 1Ir

tor i in range(10000):

def update(self, params, grads): T _ _
x_batch, t_batch = get_mini_batch(...) # OJL{E{Z|

tor key in params_ keys():
Y . ys() grads = network gradient(x_batch, t_batch)
params[key] -= self lr = grads|key]
params = network, params

optimizer update(params, grads)



Parameter Optimization- SGD
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Parameter Optimization- SGD
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« Momentum, AdaGrad, Adam
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Parameter Optimization- Momentum

« Momentum (T?__%%I:) Ve av T 5w
* optimizer.py
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Parameter Optimization - AdaGrad
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AdaGrad
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Parameter Optimization -AdaGrad

« optimizer.py
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Parameter Optimization -Adam

e Adam — momentum + AdaGrad
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Parameter Optimization

% 6-8 EAH3S 7| H|w : SGD, 2HE, AdaGrad, Adam
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Parameter Optimization
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Weight Init Value
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Activation value Distribution in Hidden

Layers

» 7hS X[ 2=7]4L0| It

2l hidden layer2| 2

a2t 2(0] OfEF A Hat

ol=X]

e 06-
weight_init_activation
histogram.py

» Gradient vanishing
problem
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Xavier &=7|4r

node num = 100 # & &9 L& £
w = np.random, randn(node num, node num) / np.sqrt(node_num)
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Batch Normalization
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Batch Normalization
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Batch Normalization
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Overfitting

* Overfitting
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Dropout
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Ensemble learning
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Hyperparameter Optimization
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Hyperparameter optimization
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Hyperparameter optimization
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