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How do we represenh ?

A We represent hypotheses about

the data using the parameters
h

A If the data is correctly predicted
according to hypothesi€), then
w Qv — —w

A The learning algorithm finds the
best hypothesiX for the
training set

A We can then estimate the values
of y for the test set using tha®

A 1f"Q (o) is a linear function of a
real number X, this procedure is
called linear regression.
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Idea: Choos#o, 01 so that
hg(x)is close toy for our
training exampleéx, y)



Quadratic cost functiog on the board



Hypothesis:  ho(z) = 0o + 017
Parameters: 6y,6;
Cost Function: J(6y,61) = 5 Z (ho(2()) — y)

Goal: mlglrgnze J (69, 04)
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Contour Plots

A For a function F(x, y) of two variables, assigned
different colours to different values of F

A Pick some values to plot

A The result will beeontoursc curves in the graph
along which the values of F(x, y) are constant
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(for fixedfy, 6, , this is a function of x)
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Have some function/ (6o, 1)

Want min J(Qo, 91)
0,01

Outline:
A Start with somefg, 0,
A Keep changindgo, 1  to redué@, 0;)

until we hopefully end up at a minimum



Gradient Descent on
the board
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Gradient Descent Example
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(for fixedfy, 6, , this is a function of x)
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Llnear Regressmn vS. kK-Nearest Nelghbours

Neighbor Clas:

Orange:y=1

// Blue:y =0




Linear Regression vs. k-Nearest Neighbours

ALinear Regression: the boundary can only be linear

ANearest Neighbours: the boundary can more
complex

AWhich is better?
ADepends on what thactual boundaryooks like

ADepends on whether we have enough data to figure out
the correctcomplex boundary



