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Technical challenge and related work
 challenge: biased gradient estimator
~ denote F(x) := f(g(x)) where g(x) = E¢lge(x)]
= &'t (g(x))
— subsampled estimators
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Ely] = g(x) and E[z] = g'(x), but E [[2]Tf'(y)] # F'(x)

« related work
~ more general composite stochastic optimization
(Wang, Fang & Liu 2017; Wang, Liu & Fang )
~ two-level composite finite-sum: extending SVRG and SAGA
(Lian, Wang & Liu 2017; Huo, G, Liv & Huang 2013 Lin, Fan
'8 & Jordan 2018; Zhang & Xiao 2010

Convergence analysis
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* assumptions
~ fis (y-Lipschitz and ' is Ly-Lipschitz
— r convex but can be non-smooth

~ g and g/ are mean-square Lipschitz
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~ g and g{ have bounded variance
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* sample complexity for E[||G(x)|?] < ¢, where
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Composite stochastic optimization
* composition with exepctation
f(Eclee(x)]) +

~ £:RP = R smooth and possibly nonconvex
~ g RY —+ RP smooth vector mapping for every &
~ r:RY - RU {00} convex but possibly nonsmooth
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* composition with finite sum
minimize £ lig,(x) S
e nis

« applications beyond ERM
~ policy evaluation in reinforcement learning
~ risk-averse optimization, financial mathematics

Main results

step size: 7~

List of convergence results
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x stucture T 7 S, B sample complexity
idea: use SARAH/SPIDER estimator for both g(x) and g'(x -
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© is jroptimally strongly convex
 same as best complexities for problems without composition s . 1 e -
expectation  2X° g3 O(ute Hoge ™t
« lower bound O(min{e=¥2 n*/2¢1}) (Fang. L, Lin & Zhang 2015 f” o ( ) |g )‘
« composition (biased estimator) does ot incur higher complexity pitesn A V1 V0 O((n+ ) es)

Examples
« policy evaluation with linear function approximation
minimize, o | E[A]x — E[b]]|*
A, b random, generated by MDP under fixed policy

® risk-averse optimization
iz hi(x) —A=
mainire 332060 313 (110

NES g
average reward variance of rewards (risk)

~ often treated as two-level composite finite-sum optimization
~ simple transformation using Var(a) = E[a?] — (E[a])?
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actually a one-level composite finite-sum problem
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Composite Incremental Variance Reduction (CIVR)

input: X3, 1> 0, T > 1, {70, B.5) for t = 1,
fort=0....T~1
« sample set B, with size B, and construct the estimates
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* compute VF(x) prox) (x4 ~ 1<)
e fori=0 .71

~ sample a set S} with size S, and construct the estimates
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- compute T (x) =

output: 5 randomly chosen from {x/

Experiments on risk-averse optimization

© reduction of gradient norm
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