ISSN 1004-9037,CODEN SCYCE4 http://sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 32,No. 1,Jan. 2017, pp. 17—25 E-mail: sjcj@nuaa. edu. cn
DOI:10. 16337/;. 1004-9037. 2017. 01. 002 Tel/Fax:+86-025-84892742
© 2017 by Journal of Data Acquisition and Processing

=& S REALOL AL 77 E B R U S Y 3R 4R i
om 3 R kR B A

. FE AR EREE T Smt— R SI0.230031; 2. M@ E M T RSB RS 240 B 50.210007)

O OE: MARAAFTERRBRABNEFIPNEANEIAFT . ARG EAEFNARZEERT AR
MM SRR LR ERIEF T MM LN, B, ENABRX DL MR T &R 2B X o AL AL
FARLRSHARTERBFFANBREFTX TR TR RE L EZAFRIEZALBAHALEH
52 REMA ANKRBARAIFRBHRE, L REIK R R T 244 open P12 L., 59, ISM}L
AL KN A R B RE AR R R T HRAR PO EEARES TAMARER. AR
RERB ., AL —H I E T EOFRILRRGLEGPA#T R L P aREMRKSEE HE
H BB AEGARAC R A, Sk a3 T — AR AT R R A,
KW MBS T AR A AR SO A R A EAE 5 3E 0 B A

FE S ES: TP39] XktRERE A

Individual Convergence of Stochastic Optimization Methods in Machine Learning
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Abstract: The stochastic optimization algorithm is one of the state-of-the-art methods for solving large-
scale machine learning problems, where the focus is on whether or not the optimal convergence rate is de-
rived and the learning structure is ensured. So far, various kinds of stochastic optimization algorithms
have been presented for solving the regularized loss problems. However, most of them only discuss the
convergence in terms of the averaged output, and even the simplest sparsity cannot be preserved. In con-
trast to the averaged output, the individual solution can keep the sparsity very well, and its optimal con-
vergence rate is extensively explored as an open problem. On the other hand, the commonly-used as-
sumption about unbiased gradient in stochastic optimization often does not hold in practice. In such cases,
an astonishing fact is that the bias in the convergence bound of accelerated algorithms will accumulate
with the iteration, and this makes the accelerated algorithms inapplicable. In this paper, an overview of
the state-of-the-art and existing problems about the stochastic first-order gradient methods is given,
which includes the individual convergence rate, biased gradient and nonconvex problems. Based on it,
some interesting problems for future research are indicated.
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