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Block-Coordinate Frank-Wolfe
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Idea: Combine Coordinate Descent with
cheaper Frank-VVolfe steps

classic Frank-Wolfe algorithm

(for convex optim. with block-separable constraints)

Duality Gap .
g(a) = efficient certificate

Convergence:
2C f :

Giving a new simple online algorithm for
Error <

structural SVMs, with primal-dual convergence K + 2

after K steps.

for approximation quality g
| (pick one single block at random, and perform

a Frank-Wolfe step affecting only this block)

rate, outperforming existing solvers in practice

(also in duality gap,
and with inexact
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Constant bounded by the Lipschitz constant Lt of the gradient, C;! L/ diam(M)? Convergence:
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after K steps.
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Pick i €yar. [n]

Find S(i) 1= argmin <Szi)7v(i)f(! (k))>
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Structured Prediction
Goal: Given a joint “structured” feature map

Optimization of the Structural SVM Dual
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(iteration cost: n oracle calls)

The constant C?md can be much smaller than C'r . (For structural SVM, nc]{?md ~ C'y)
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Can interpret cutting plane (SVMs"“<t, bundle methods) as a step-size tuning, and faster in experiments
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batch Frank-Wolfe (FW) and cutting plane (tavg = tail averaging for the second half of the iterations)



