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· Gradient Descent

· Linear Regression with GD
·Logistic Regression
· HW2A ( released later) due 613·today· ROC wire I AUC geometrically feature d

·Perception w/GD or geometry.
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· key property : overshooting does not penalize OBJ.
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Logistic Regression uses log-likelihood Objective(not spen)
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GD update for datap. xi : wher= wa + x (yi- h(xi))X
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Regularization Logistic Repression ↳Wa
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Multipleclasses (multipomial) YES42,3---k}K classes.
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Newton : Hessian for LL=OBJ of Logistic Regression
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