Lecture 21 - catalyst
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NIPS 2016 tutorial "Large-Scale Optimization: Beyond Stochastic Gradient Descent and Convexity"
Suvri Sra slides

Faster nonconvex optimization via VR

(Reddi. Hefnv. Sra. Poczos. Smola. 2016: Reddi et al.. 2016)
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http://www.di.ens.fr/~fbach/ssra_tutorial_vr_nips_2016.pdf

Faster nonconvex optimization via VR

(Reddi, Hefny, Sra, Poczos, Smola, 2016; Reddi et al., 2016)

Algorithm Nonconvex (Lipschitz smooth)

= o)
GD o(2)
SVRG D=y
SAGA O(n+ %)
MSVRG 0 (min (;‘s @))

" 2 <
Remarks E[HVQ(Hf)” ] =€

New results for convex case too; additional nonconvex results
For related results, see also (Allen-Zhu, Hazan, 2016)

Linear rates for nonconvex problems

: 1y
min  g(6) = ; £i(0)
The Polyak-tojasiewicz (PL) class of functions
* l g
9(0) —g(07) < ZIIV.(J(@)IV

(Polyak, 1963); (tojasiewicz, 1 963)

Linear rates for nonconvex problems

9(0)=9(0") < 5-199O)* | E[g(0)) —g") < ¢ @

Algorithm Nonconvex Nonconvex-PL

s 0() o)

GD o(2) O(%l{}g %)
SVRG U[:H-l—#} O(('n—{— %}log%)
SAGA On+122) O ((-n + “:;"‘)log {)
MSVRG O (min (), £2) i

Variant of nc-SVRG attains this fast convergence!

(Reddi, Hefny, Sra, Poczos, Smola, 201 6; Reddi et al, 2016) 22
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