Day 17 - Convex Optimization and Convergence of Gradient Descent
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Many but not all ML optimization problems are convex.

Convex Problems: least squares regression, logistic regression,
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Should we think of GD as converging “quickly”?

If the function is quadratic, then GD (with the right step size) can converge very quickly.

If the function is not quadratic, then GD may converge slowly
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