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1. Linear Basis Function Models
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1.3. Examples of Basis Function
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2. Maximum Likelihood

2.1. Sum-of-Squares Error Function
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3. Gradient Descent

3.1.  Optimization Problem
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import numpy as np
def GradientDescent (x, y, theta, alpha, m, it):
XxT = x.transpose()
for 1 in range (0, it):
J = np.dot(x, theta)
loss = J-y
cost = np.sum(loss**2)/ (2*m)
grad np.dot (xT, loss)/m
theta = theta - alpha*grad
return theta
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4. Regularization

4.1. Control Over-Fitting
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FIGURE 3.11. Estimation picture for the lasso (left) and ridge regression
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5.  Problems Applying Machine Learning

5.1. Cross Validation
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5.2.  Over-Fitting

d = 1 (under-fit) d=2 d = 6 (over-fit)
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5.3. High Bias
dk 3 ARG AEE, EM TrainingiR Testing Error#l{m = (Under-Fit)



5.4. High Variance
BEANZBHHRER L., EREAYF, &M Testing Error 1B
Training Error & (Over-Fit)
http://www.astroml.org/sklearn_tutorial/practical.html

Reference: Pattern Recognition and Machine Learning by Christopher M. Bishop
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import random

import matplotlib.pyplot as plt 100
gmatplotlib inline

a0l
def DataGen (num, bias, wvar): ol
X = np.zeros (shape = (num, 2))
y = np.zeros (shape = num) i
for 1 in range (0, num): m' _ . _
x[1]1[0] = 1 0 20 40 0
x[1][1] = 1
y[i] = i + bias + random.uniform(0, 1)*var

return x, Vv

x, y = DataGen (100, 25, 10)
m, n = np.shape (x)
it = 30000

alpha = 0.0005
theta np.ones (n)
theta GradientDescent (x, y, theta, alpha, m, it)

print theta
plt.plot ([i[1l] for i in x], vy, 'r.")
plt.plot (x, theta[l]*x+thetal[0], 'b-'")

Further Reading
https://qithub.com/nborwankar/LearnDataScience
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