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FINDING THETA’S
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FINDING THETA’S
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minimize — take the derivative wrt. all 8’s and set equal to zero:

iSSE =35 Z(y(‘) oTx)* = ZZ(y(‘) 0Tx®)x " = 0
summarize in matrix form:
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FINDING THETA’S
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SSE AND FRIENDS

The smaller the SSE, the better the model ...
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... so what should we use as our performance metric?



SSE AND FRIENDS
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SSE AND FRIENDS

SST = Z(y(i) — 37)2 total deviation from mean
i

SSE = E(y(i) - y(i))z unexplained part
i

~A(1 — 2
SSR = Z(y(‘) - ) explained part
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CODE EXAMPLE

Jupyter Notebook Regression - Hitters
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POLYNOMIAL REGRESSION
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UNDERFITTING AND OVERFITTING
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REGULARIZATION
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THE OPTIMAL REGULARIZATION
PARAMETER




RIDGE VS LASSO REGRESSION
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CODE EXAMPLE

Jupyter Notebook Regression - Hitters




THIS 15 YOUR MACHINE LEARNING SYSTET?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF UNEAR ALGEBRA, THEN COLLECT
THE ANSLJERS ON THE OTHER SIDE.

WHAT IF THE ANSLIERS ARE LRONG? )

JUST STIR THE PILE DNTIL
THEY START (DOKING RIGHT.
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