CSED490Y: Optimization for Machine Learning
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Gradient descent et
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(®) How many iterations does GD require?
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» An iterative algorith.m to find a rr?i (mum. | ‘V"F(X;‘i) -aﬁfﬁ’\ ” ) ce}cg‘/
» Update the current iterate by taking astep into the negative direction of gradient.

® Stop when it isn’t making any progress Y practice. - 8

@ Another way to motivate GD: function approxim
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(3 Need to analyze convergence behaviour.
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Gradient descent
L-2o

® Assumption: Lipschitz continuity of objective gradient ( r]'émogt:hne;SI
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"An important consequence of Lipschitz continuous objective gradient:
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Smoothness
I g S

An important consequence of Lipschitz continuous objective gradient:

F(y) < () + V00T (y ) + Dly P

[llustration:
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Gradient descent progress bound

Under the quadratic upper bound, we are interested in how much progress gradient
descent can make at each step.
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Gradient descent progress bound

Under the quadratic upper bound, we are interested in how much progress gradient
descent can make at each step.

Consider gradient descent with(7)=1/L.

1
Xt+1 = Xt — sz(Xt) .
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Gradient descent progress bound

Xeq= e = — £ ofike)

Under the quadratic upper bound, we /are interested in how much progress gradient
descent can make at each step.

Y2 Xo)
X = e

Consider gradient descent with n = 1) L.
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Plugging this into the bound gives
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Convergence of gradient descent ( — o ‘/I\ / <)

o( /,,”) '@“ A7 Fen) £ f o) - Lot *
{ . -2 fun)
Convergence rate| for smooth function An— - —

» Prove from the-progress bound.
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Convergence of gradient descent

Convergence rate for smooth convex function
—

» Prove from the convexity and plugging into the progress bound.
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Gradient descent

Summary
» GD algorithm and motivations

» GD Convergence rates
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Any questions?
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Credits

A lot of material in this course is borrowed or derived from the following:
» Numerical Optimization, Jorge Nocedal and Stephen J. Wright.
Convex Optimization, Stephen Boyd and Lieven Vandenberghe.

Convex Optimization, Ryan Tibshirani.

>
>
» Optimization for Machine Learning, Martin Jaggi and Nicolas Flammarion.
» Optimization Algorithms, Constantine Caramanis.

>

Advanced Machine Learning, Mark Schmidt.
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