Lecture 21 - scribbles - more optimization

Friday, March 31, 2017
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NIPS 2016 tutorial "Large-Scale Optimization: Beyond Stochastic Gradient Descent and Convexity"
Suvri Sra slides

Faster nonconvex optimization via VR

(Reddl Hefny, Sra, Poczos, Smola, 2016; Reddi et al., 20I6)

Algorithm  Nonconvex (Lipschitz smooth)
s o)
GD 0(2)
SVRG O(n+ 22)
SAGA O(n+22)
MSVRG 0 (min (;15- e ))

E[[Vg(6:)]*] < €

iemarks

New results for convex case too; additional nonconvex results

For related results, see also (Allen-Zhu, Hazan, 2016)
20
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http://www.di.ens.fr/~fbach/ssra_tutorial_vr_nips_2016.pdf

Linear rates for nonconvex problems

g(m—gw*)g%nw(w \ Elg(6,) —g*] < ¢ ©

Algorithm Nonconvex Nonconvex-PL
SGD o() o
GD O(%) O(%log%)
i O(n+ %) 0 ((n + ) log %)
SAGA O(n+ %) O((n—i_%)log%)
MSVRG O(mm(ﬁj;%ﬁ) 5

Variant of nc-SVRG attains this fast convergence!

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

-
Suvrit Sra (mlmit.edu) Beyond stochastic gradients and convexity: Part 2 Il | [ —

Empirical results
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Pointers
SAG for CRF paper:
o Non-Uniform Stochastic Average Gradient Method for Training Conditional Random Fields
M. Schmidt, R. Babanezhad, M.O. Ahmed, A. Defazio, A. Clifton, A. Sarkar
AISTATS 2015 | code
Proximal gradient method
o see slides of this great optimization class by L. Vandenberghe
Catalyst -- meta-algorithm for acceleration:
o A Universal Catalyst for First-Order Optimization
Hongzhou Lin, Julien Mairal, Zaid Harchaoui
NIPS 2015
non-convex optimization:
o see slides from Suvrit Sra at the NIPS 2016 tutorial on "Large-Scale Optimization: Beyond Stochastic Gradient Descent and
Convexity" (e.g. table of rates on p. 20 and 22)

Other good optimization pointers:
o great coverage of convex optimization by Mark Schmidt at the Machine Learning Summer School in 2015) - slides | video
o two great classes on optimization:
= EE236C- Optimization Methods for Large-Scale Systems (Spring 2016) - Prof. L. Vandenberghe, UCLA - link
= Convex optimization class by Rayn Tibshirani at CMU - Fall 2015 - link
O slides on the Frank-Wolfe lecture

O nice summary table
o tutorial by Francis Bach on SAG et al. at NIPS 2016 -- slides
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http://arxiv.org/pdf/1504.04406v1.pdf
http://www.cs.ubc.ca/~schmidtm/Software/SAG4CRF.html
http://www.seas.ucla.edu/~vandenbe/236C/lectures/proxgrad.pdf
http://www.seas.ucla.edu/~vandenbe/ee236c.html
https://papers.nips.cc/paper/5928-a-universal-catalyst-for-first-order-optimization
http://www.di.ens.fr/~fbach/ssra_tutorial_vr_nips_2016.pdf
http://www.cs.ubc.ca/~schmidtm/Documents/2015_MLSS_ConvexOptimization.pdf
https://www.youtube.com/watch?v=6UrMJLrPEvc
http://www.seas.ucla.edu/~vandenbe/ee236c.html
http://www.stat.cmu.edu/~ryantibs/convexopt-F15/lectures/24-cond-grad.pdf
http://www.stat.cmu.edu/~ryantibs/convexopt-F15/lectures/algs-table.pdf
http://www.stat.cmu.edu/~ryantibs/convexopt-F15/
http://www.di.ens.fr/~fbach/fbach_tutorial_vr_nips_2016.pdf

