%36 % A5 2 it "
2013 4E 2 H

CHINESE JOURNAL OF COMPUTERS

= Eire Vol. 36 No. 2

Feb. 2013

BULHTENFES]

KK K

7K . ]

GEERZANMR FRBARASAGEHZEMAELRE FEAESEAREELRE G dLa 100084

OE LRSI PR AR B Y 20 A BE I (Y 78 1 T 2 A L X R B 2 ST ) B 2 D T AR B B o
X 3CP iR T AR 2 ST D5 T DRSS B T A o B OG U Y — S ] A RO T AR A LA L — R

V4 A IRE I7] AL 38 1 K5 Bl 7 2 4 4

KEEWR  WLanF S EA B B E S P B S
10.3724/SP. J. 1016. 2013. 00310

hEESES TPIS DOl &

Learning on Time-Evolving Data

ZHANG Chang-Shui

ZHANG Jian-Wen

(State Key Laboratory of Intelligent Technology and Systems . Tsinghua National Laboratory for Information Science and Technology ,

Department of Automation , Tsinghua University, Beijing 100084)

Abstract

In some real applications, the data distributions often evolve over time. Machine

learning on this kind of data is named learning on time-evolving data. This paper surveys the re-

cent advance of the research on this topic, and introduces some problems worth attention in the

future, such as the mechanism of Time-Evolving Data, generality, classification.
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