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Lecture 14

Overview of unconstrained 
optimization algorithms
(Handout from last time)

Line search methods
Descent directions
What goes wrong (and how it differs 
from simplex)
How to fix it: Wolfe conditions, i.e. 
goldilocks conditions.

Proof that we can do this (if time) 

Terms: 
Descent direction
Wolfe conditions
Sufficient decrease (Armijo 
condition)
Curvature condition 
Strong Wolfe conditions 

Midterm: March 13th (in class)
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