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Goal: min](g) Good news: Convex function!
0 Bad news: No analytical solution
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(Optimization!)
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Derivation of gradient of J(6):
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Gradient Descent
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Goal: min/(0) Good news: Convex function!
0 Bad news: No analytical solution
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Gradient Descent
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Gradient Descent for Linear Regression
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Gradient Descent for Logistic Regression
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Gradient Descent for Linear Regression
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Gradient C xne sgTstic Regression
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There Are More Forms of Regression at
Your Fingertips

* Poisson regression X :=E(Y |z) =¢*
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* Exponential regression 1, =exp(x,$)
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e Other distributions and likelihoods/densities

* You just need to be able to write out the density/likelihood, take the log-
likelihood, and take derivatives of that log-likelihood with respect to your
regression parameters ©
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