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Linear regression model
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» Algorithm: Least square estimation, gradient descent, etc.




Logistic regression model
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» Algorithm: Conjugate gradient method, etc.




Logistic regression model

2 1
= oy h =
a= Z Wit 1+ exp(—a)

Logistic (sigmoid) function




Perceptron

* Single layer perceptron
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Perceptron
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Perceptron
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Multi-layer perceptron
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Multi-layer perceptron

& 72| perceptrong A%
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Multi-layer perceptron

« & 7H2] perceptrong ZY
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h= 1+ exp(—a)
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Multi-layer perceptron
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Multi-layer perceptron
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Multi-layer perceptron
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Multi-layer perceptron

* Linear regression model

f(X) = Wy + W1X1 + .-+ Wpo

» Logistic regression model
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« Multi-layer perceptron (Neural network) model
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Hyperparameter
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Activation function
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* Logistic function, sigmoid function, squashing function (Large input = small output)
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Goal of neural network
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Cost (loss function)

* Cost function example — Numerical prediction problem

« Regression: mean squared error (MSE)
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Cost (loss function)

« Cost function example — classification (softmax) problem

» Classification: cross entropy
« L=-2%;tlogp
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Gradient descent method

* Gradient:

f(x) A

local minimum

G}

global minimum

40| 7187

2t (local minimum)

Local (and global)

|£-ZF (global minimum)

Local (and global)

L(Y, f(X;w))

COL(Y, f(X;w))
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Gradient descent method
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Gradient descent method

Wiyl = WT_Q'L(WT)

« 0 < a < 1:Learning rate (Bt4E)
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NN training mechanism
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NN training mechanism
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NN training mechanism
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NN training mechanism
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NN training mechanism
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NN training mechanism
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NN training mechanism
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NN training mechanism
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NN training mechanism
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NN training mechanism
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Summary

Input layer, hidden layer, output layer

Input nodes, hidden nodes, output nodes

Cost function

Activation function

Feed forward and error backpropagation

Gradient descent method
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Deep learning model

* Multi-layer perceptronojld 2L|&o| ojQ oto =

« Deep MLP, Deep Neural Network (DNN), etc,
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Performance issues on naive DNN model
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Solutions

{ )

Fa
e 'y,
{ )
i
y
\\
\
Yy
)

A
(X
X
(1
w0
@’
Y/
O

* Fine-tuning techniques
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Batch normalization (BN)
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« Weight initialization (a) Standard Neural Net
* Residual network (ResNets) BASEh Y st huchiespaosti
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End of slide
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