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Reminders

* Sign up for piazza
e Sign up for gradescope
* HWO due Thursday

* | ecture slides will be posted
tomorrow morning
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Ordinary least squares

Yy~ Xw



Ordinary least squares

Yy~ Xw
Y1 f{ w1
Un fg; Wy

Goal: find the best w



Four levels for ML problems

1. Data & application
2. Model
3. Optimization problem

4. Optimization algorithm



Data & application layer
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3. Optimization problem

Yy~ Xw
min || Xw — y||3

Goal: find the best w



Four levels for ML problems

1. Data & application
2. Model
3. Optimization problem

4. Optimization algorithm



4. Optimization algorithms

min || X — y||3

b= (XTX) " XTy



4. Optimization algorithms

min || X — y||3

X' Xw=X"y



Why are normal equations the solution?
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Why are normal equations the solution?

XW — Y

Y

w=(X"X) X'y



Why are normal equations the solution?

N || X o — y

Y




Outline for today

* Reminders
* Cool ML application of the day

* Quick review of OLS

e Intro to features



Can we model this linearly?




Can we model this linearly?
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Can we model this linearly?
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Another example
Model

N\

Y; — W14

Features

17}



Linear (affine) model
Model
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Quadratic model
Model
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Features
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Polynomial features
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Polynomial features

Original data
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Polynomial features

* Universal function approximations

* Number of params grows
superlinearly in polynomial degree

e | ater we will talk about how to avoid
a lot of this computation



Polynomial features



