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Gradient descent vs subgradient method

Di↵erences between gradient descent and subgradient method:

I Gradient descent improves at every iteration, unlike sub-gradient method.

I Gradient descent can take a big step size: self-tuning property.

I Gradient descent takes bigger steps when far away.
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Convergence of subgradient method

Let f be convex and G -Lipschitz continuous:

Subgradient method:

Convergence:
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Convergence of subgradient method

Convergence (cont’d):
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Convergence of subgradient method

Discussion on ⌘:
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Subgradient method

Summary:
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Strong convexity

f is ↵-strongly convex, if g(x) = f (x)� ↵
2 kxk

2 is convex.

What does strong convexity imply?

f twice di↵erentiable: lower bound on Hessian
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Strong convexity

A bound on suboptimality of any point: if f is ↵-strongly convex,

↵

2
kx � x⇤k2  f (x)� f (x⇤)  1

2↵
krf (x)k22
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Strong convexity

Coercivity: for f ↵-strongly convex,

hrf (x)�rf (y), x � yi � ↵kx � yk22

(proof – from monotonicity)
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Smoothness

Recall �-smoothness:
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Smoothness

A bound on suboptimality of any point: if f is �-smooth,

1

2�
krf (x)k22  f (x)� f (x⇤)  �

2
kx � x⇤k22
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Smoothness

Co-coercivity: for f �-smooth convex,

hrf (x)�rf (y), x � yi � 1

�
krf (x)�rf (y)k22
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Smoothness

Extension of co-coercivity: for f ↵-strongly convex and �-smooth,

hrf (x)�rf (y), x � yi � ↵�

↵+ �
kx � yk22 +

1

↵+ �
krf (x)�rf (y)k22

First, g(x) = f (x)� ↵
2 kxk

2
2 is (� � ↵)-smooth.
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Smoothness

Extension of co-coercivity (cont’d):
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Convergence of GD for smooth and strongly convex functions
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Summary
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Thank you

Any questions?
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Credits

A lot of material in this course is borrowed or derived from the following:

I Numerical Optimization, Jorge Nocedal and Stephen J. Wright.

I Convex Optimization, Stephen Boyd and Lieven Vandenberghe.

I Convex Optimization, Ryan Tibshirani.

I Optimization for Machine Learning, Martin Jaggi and Nicolas Flammarion.

I Optimization Algorithms, Constantine Caramanis.

I Advanced Machine Learning, Mark Schmidt.
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