Convolutional Neural Network
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" Mang no-ron tich chap CNN la gi?
" Thanh phan co ban

> Convolution layer

> Fully connected layer

> Activation

> Pooling
" Hoat dong nhu thé nao?

> Loss function, gradient
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Deep Neural Network
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Activation functions
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RelLU
max (0, z)
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RelLU is a good default
choice for most problems

Leaky RelLU :
max(0.1z, x)

Maxout

max(wiz + by, wd z + by)
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Pooling layer

- makes the representations smaller and more manageable
- operates over each activation map independently:
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°* Batch Norm

Input: Values of x over a mini-batch: B = {1 ,,,};
Parameters to be learned: ~, 3
Output: {y; = BN, 5(z;)}
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iy S50 // normalize
\VOog + €
Yi < YZ; + B = BN, g(z;) // scale and shift

* Dropout

Original

Dropout
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Muc tiéu: Tinh cac parameters trong Convnet

filters, BatchNorm...
Cach lam: optimization, loss function, gradient

Loss function

- “Quantify our unhappiness with the scores across the training data *“

- Loss = metric (Output, GroundTruth)
- Feed-forward & Back Prop

~ Compute current output --> Improve weights
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Linear Regression with Gradient &‘
Descent A

ho(x) = Zﬁj:rj
j=0
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Batch gradient descent
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Stochastic gradient descent
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Optimizer ‘@

dL dL
c(n)= pc(n-1)+n——-;(n) c(n)= pc(n-1)+n—/(w(n)+ pc(n-1))
ow ow
w(n+1)=w(n)-c(n) w(n+1)=w(n)-c(n)
(a) Momentum (b) Nesterov Momentum
[ar(m) T
aLgn) ﬂ.[n]=aﬁ{n—1}+[1—a'jl : J
w(n+1)=w(n)-n o o
\ dLli “ —7 wl
\/E[—a? Pt w(n+1) = w(n)-n—2
A(n)
(c) Adagrad (d) RMSProp
Aln)= PA(-1)+ (1 ) )
ﬂ(n]=aﬁ[n—l]+[l—a][ﬂjrl]
A(n)
+1)= — V) ——
w(n+1)=w(n) ?W
(e) Adam
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