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Armijo condition

Conjugacy

Conjugate

Conjugate direction method
Continuously differentiable
Discrepancy

Downhill direction

Estimate

First-order necessary conditions
Fletcher-Reevs method
Generalized gradient

Global minimizer

Gradient

Gram-Schmidt orthogonalization
Hessian

Isolator local minimizer
Learning rate

Level

Line search

Necessary condition

Newton Direction

Nonlinear least square problem

Observed data
Orthogonal
Q-conjugate
Polak-Ribiere method
Positive definite
Preconditioning
Projection

Residuals

Smooth function
Solution

Stationary point
Steepest descent
Steepest descent direction
Step length

Strict local minimizer
Strong local minimizer
Subgradient
Sufficient condition
Sufficient decrease
Taylor’s theorem
Trust region

Trust region radius

Weak local minimizer
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