


Takeaways:


Template of Variance Reduction analysis:
1.
"Warm start": a good starting point matters (engineering trick)
2.
Trade-offs (amount of computation VS performance) and how to benefit from them 
3.

switching
A.
mixing (if time allows)
B.
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Warm start
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Note that I misspoke in the lecture - SARAH still computes full gradient, the same as SVRG. It just 
doesn't use it again and again in the inner loop update, but use it as an occasional correction 
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The following pictures are from http://www.stat.cmu.edu/~ryantibs/convexopt/lectures/modern-
sgd.pdf. 





This note is prepared bas http://www.stat.cmu.edu/~ryantibs/convexopt/lectures/modern-sgd.pdf and 
http://www.princeton.edu/~yc5/ele522_optimization/lectures/variance_reduction.pdf
















































































































