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N-—Input One—-0OuftputT Linear Function

A Linear model predicts a sample’s property using multiple features.

f(x1,20,...,2xN) =y = wixy + Wokg + - + WNTy + b
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Sample—wise Linear Model

A dataset with M samples:

D= {(Way, Wy . Wy Dy (@ @ @ @y (D (D) (M) (M)

Predictions:

Wg = Wayw;, + Dagwy + - + Vaywy +b



Feature (Input) Matrix

L Tl (M)



Model Paramefters

(M,1)



Linear Model in Matrix Form

y=X-w +b

(M, 1) (M,N) \ (M,1) (M, 1)

Matrix Multiplication



Mean Sguare Error Loss




Gradient ot
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Vectorized Gradient
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Gradient Descent

Given dataset: {((1))(,(1) y), ((2))(,(2) y) e ((M)X,(M) y)}

Initialize wand b
Repeat until converge {
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where « is learning rate



Activation Functions

o (2) = o(2)(1 — o(2)) Silg?orjwoid

RelLU

J:.:>0

l(). otherwise 5.

ReLU(z)

1, z>0
0, otherwise

ReLU'(z) = {
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Sigmoid Activated Model

y = o(z) = (X - w! +b)
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