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Structural SVM optimization (2)

= popular approaches: rate: after T passes
. . through data:
» stochastic subgradient descent 1
= pros: online! O (n—T>

= CONs: sensitive to step-size; don’t know when to stop

= cutting plane method (SVMstruct) 1
= pros: automatic step-size; duality gap O (f)
= cons: batch! -> slow for large n

= our approach: block-coordinate Frank-Wolfe on dual
-> combines best of both worlds:

= online! O (i)
= automatic step-size via analytic line search nl’
= duality gap

= rates also hold for approximate oracles



Frank-Wolfe algorithm (rran, wote 1056

(aka conditional gradient)

= alg. for constrained opt.: min f(a)

where:
f convex & cts. differentiable

M convex & compact

= FW algorithm — repeat:




Frank-Wolfe algorithm (rran, wote 1056

(aka conditional gradient)

= alg. for constrained opt.: min f(a)

where:
f convex & cts. differentiable

M convex & compact

= FW algorithm — repeat:

1) Find good feasible direction by
minimizing linearization of f ;

S € arg min (s', V f(«
41 98,€M< fla))



Frank-Wolfe algorithm (rran, wote 1056

(aka conditional gradient)

= alg. for constrained opt.: min f(a)

where:
f convex & cts. differentiable

M convex & compact

= FW algorithm — repeat:

1) Find good feasible direction by
minimizing linearization of f ;

S € arg min (s', V f(«
41 98,€M< fla))
2) Take convex step in direction:

At41 — (L —v) o+ v St+1
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(aka conditional gradient)

= alg. for constrained opt.: min f(a)

where:
f convex & cts. differentiable

M convex & compact

= FW algorithm — repeat:
1) Find good feasible direction by

minimizing linearization of f ; = Properties: O(1/T) rate
Si41 € arg 52'/& (s", Vf(a)) = sparse iterates
S

= get duality gap g(«) for free

= rate holds even if linear
arr1 = (1 —v)or+ 7841 subproblem solved
approximately

2) Take convex step in direction:
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Experiments

primal suboptimality for problem (1)
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Conclusion

= hew block-coordinate variant of Frank-Wolfe
algorithm

= Same convergence rate but with cheaper iteration cost

= applied to structural SVM, vyields:
= online algorithm
= optimal step-size computed in close form
= duality gap
= rates hold with approximate oracles
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