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Four levels for ML problems
(Linear regression)

1. Data & application Matrix X and vector y
2. Model Linearly parameterized function
3. Optimization problem Minimize sum of squared diffs

4. Optimization algorithm Normal equations

y ~ XWw
Goal: find the best w



Polynomial features
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Validation



How to choose hyperparameters?

* Unrealistic assumption: what if we
have access to the underlying model?

» Slightly more realistic assumption:
Infinite noisy data

e Real world: validation sets
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Making more with less: k-fold cross validation

K-fold cross validation

e for all hyperparameters:
for 1=1:K:
train model on all folds except |
evaluate performance on fold |

 Choose the hyperparameter with the best
average val performance

e kis itself a hyperparameter, but usually
setto 10 or 4



Challenges with polynomial features

» How to choose hyperparameters?

o Sensitivity / numerical instability

 Computational challenges for high
degree (not covered today)



Regularization



Ridge regression

w=(X"X+ M) 'X"y

Hacky motivation

e “Correct” for small eigenvalues in XAT X
by adding a multiple of the identity



Optimization motivation

OLS Ridge

Optimization  wmin || X1 —y||3 min || X — y|[3 ] w]
problem

Solution W= (X" X)Xy W= (X"X+X)"'X"y



Optimization motivation

min | Xw — y|[3 HA)|w]]3
v

Training error Keep weights small

W= (X"X+X) X"y



Next time

Review of probability

Probabilistic interpretation of
regression



