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Review of Time Series Prediction Methods
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Abstract Time series is a set of random variables ordered in timestamp. It is often the observation of an underlying
process,in which values are collected from uniformly spaced time instants,according to a given sampling rate. Time se-
ries data essentially reflects the trend that one or some random variables change with time. The core of time series pre-
diction is mining the rule from data and making use of it to estimate future data. This paper emphatically introduced a
summary of time series prediction method,namely the traditional time series prediction method, machine learning based
time series prediction method and online time series prediction method based on parameter model,and further prospec-
ted the future research direction.

Keywords Time series. Time series prediction, Machine learning.Online learning

;03
;4
s s ;00
s ;6
t ° H o
XL X0 X, X X, eRee D) o 2
s .
o s s
s o s o
, . . 2.1
[3-4 s T s
T+1 o °
, 2 (@D
:2018-02-04 :2018-04-03 “ ” (2017YFB0802800) o
(1990—), , . , E-mail: haiminyang nj@ 126. com; (1973—), s

s N , E-mail; haiminyang nj@126. com( ) (1983—),



2019

22
d , s
s d o P
) q PACF (Partial Auto-
Correlation Function) ACF ( Auto-Correlation
Function) o
. X X Xes ey X X, X,
bus k .
. Teo $m Tk
(2 . du =corr(X, s X | Xo 15 X oo s Xopp1) sk =1,2,+
S (X, —X) (X, —X)
, . = — h=1,2,0
’ lgl(X/*X)Z
(3) . , ’ ’ ’
’ ’ AR (p) L, (z1,
' ' Ty araz,) p (215 s 2p) (pX
' D Xy u, o'V, (pXp
: , %o 7 72 Y1
) i M4l Yo 7 Yp—2
) ’ V2=l v n % Yo
’ Yo—1 V=2 Yp—3 °° %o
, 27 AR J o P
2.2 N(u,,6*V,):
(Moving Avera- Ixp 3y (s Ty e s 2150)
ge,MA) | (Auto Regressive, AR) . =Q2r) e PV, |V exp[*é(rp*
(Auto Regressive Moving Average, ARMA), x, W)V, (e, —uy) ]
t P g * & ; 2\B/ 1
, e ay B ) =) (e DOV, \l'zexp[*z?(n*
MA (@) u,)'V, (x,—u,)]
X,:iﬁ,strs, s Tpses oz
=1 . t—1 s L
AR(p) ARMA(p,.q) AR(p) . »
X,:i‘]a,Xﬁ,#—s, s ., t>p
l/’ g Ix % (e L s o0 0 560D
X, =2ZaX, i +2pe, ite,
i=1 i=1 = x5, x|t s s, 50D
ARMA . Biswrs By 0 ,
1 —(x, e T X T T,
AR . MA,AR ARMA = exp[ ]

t, E<X1):/Av

’

COV(X1 »X,—k):E(XI714)(X1+k7u):}/k NS Zo

3

”

Jenkins? “Box-Jenkins

” 3

. Box
“Box-Jenkins
, psdsq

H

v 2rot 26"

[l

fx,.x_l.»--.x, (1] s Li—1 9" s 1 ;6)
= x5, (@ X1z 50 X
t
1_[‘ f‘( b PR ¢ ,,(1", ‘11 19°° s Ti—p ;0)
i=pt1
s EM (Expecta-
tion Maximization Algorithm) . EM
. EM Demp-
ster 1977 r,



1 [10-11]

1 s 23
E , ,
M E

4
o o SVM,
s BN, MF GP
[6.89] . ANN
Y t (nX1) S .
(rxX1) & N 4.1
. Y (Support Vector Machine, SVM)
51+1 :F€1 +v1+l s ’ VC
v, =A'zx,+H¢, +, st
JFLA L H XX p)s(nXr) sz, e
(pX1) o
AR(p) Kim' " ;
» . Gestel 0%
X —u:[g:la,(X, c—w) e [16-20] [21.22]
X, =ut+[1,0,,0][X,—u X, 1 —us X, 1 —ul" ,
’ o 3 , 1
) o 5 2
’ . ; 3
w(n)~N(0,Q) , v(n) ~N(0,R), ,

: N SVM
x(n|ln—1D=Ax(n—1|n—1)+Bu(n) JMellit 2 SVM
Pnln—1)=APn—1|n—1DA"+Q Tay Cao SYM

: ., 2001 SVM
Kn)=Pn|n—1DH"(W[R() + } (247, ,
HGP|ln—DH" () ]! 2003 SVM
r(n|n)=Axznn—1D+KG) [ z(w)—Hmax(n|n—1)] SVM
P|lm)=[1—K@ HG)JPn|n—1)] . Cao 2003 (Mix-
ya(n) suln) »2(n) yA ture of Experts, ME) 2728 SVM
,B ,ax(n|ln—1) n B 2 , 1
n sx(n|n) n (Self-Organizing Feature Map, SOM) s
n n s ;2 SVM
, SVM o
Pnln—1D =E{{z() —an|n—D][xa(n) —x(n|n— 4.2
DI 5052 ( Bayesian Network, BN)
s Pn|n) JK(n) R .
s H(n) . s
’ ) tss [}
° X/ s
s € s

Das  Ghosh BN



24 2019
’ X\7X27X3"'7X17X16R7tezv
. 2011 ,Das  Ghosh®’ BN . GP, GP
, GP Lowsrl | GP
., 2017 . . [58]
semBnet!**, (Gaussian Process Convolution Mo~
del,GPCM) ,
4.3 s GP
(Matrix Factorization, MF) . GPCM
, [36-40] [41-42] , ,
b . MF . GPCM
o . ( Automatic Bayesian Cova-
S R riance Discovery, ABCD) s
GP
MF s
o ) . ,Hwang "
. Zhang 2009 s
(Sparsity Regularized Matrix Factorization, SRMF)!"! 4.5
, MF .
Zhang 1 2010 , . s
, (Convolutional Neural Network, CNN)
. MF R (Recurrent Neural Networks, RNN),
Yu Y% 2016 NIPS [60] (Restricted Boltzmann
(Temporal Regularized Matrix Factorization, TRMF) Machines, RBM) (Deep Belief Network, DBN)
, ; [61] DBN
s (Stacked Denoising Auto-encoders)
TRMF ; [62] ;
, [63] o
[44-45.47] S s
[64-66]
4.4 . Borovykh [°7] WaveNet!®
(Gauss Process,GP) 20 90 s R
2006 , Rasmussen Williams Gaussian 4.6
Processes for Machine Learning™*] s
) [oo-7t] [69-71]
Lao-ss] | ARIMA (Multilayer Perceptron, MLP)
) ) ,CNN RNN
, ) [72-

74] .



25

1 s
[72] SOCNN ( Significance-Offset Con-
volutional Neural Network)
) AR RNN
o f(o)=c(x)Ro(x)
. f N ,o [0,1]
X Hadamard ,
{x1s2s 00y} (2, ERD
Xoxt
T XTin X3 27
Ty Ty T Zor
Xoxr = |21 Ty Ta a7
W Xep X Lot
SOCNN CNN , offset
significance, offset Xoxr
;  significance Xcr
s AR s
offset significance Ha-
damard SOCNN
VAR,CNN LSTM , ,SOCNN
(Mean Squared Error,
MSE) ,
[73] R2N2 (Residual RNN)

s VAR

. R2N2
, RNN

f  RNN .
R2N2 RNN, VAR s R2N2
[74] LSTNet (Long-
and Short-term Time-series Network)
. LSTNet CNN
s RNN s
CNN  RNN . LSTNet 4 s
CNN  RNN o
RNN,

,Anava L™

ARMA-ONS, AR

s [l

ARMA-ONS ONS ARCp+m)

AR(p+m)(m€&EZ) ARMAC(p,q), ARMA
(prq@ s AR(p+m) Qs
ARMA-ONS

sAptm >

° ’

MA-ONS 1 .
1 ARMA-ONS(p.q)

1. : ARMA p.q; 73 (m=+p) X (m~+p) A,

Do

m=q * log; . ((TLM,,,) ")
3. Y€«
4. for t=1 to (T—1) do
_ mtp
5. X (yH= 29X i =7X,,
i=1
6. X, LGyH.

7. V.=V (), A<A_ +V, V]

A,
8. o<y, —qA '+ VD

9. end for

Shwartzt™ 2011

t+1 o
MA-ONS , t

~ m+p
Ly =1(X, ,Xt(}")):l,(X,,(; YiX—i))

55(1(}’1) X, v%tvyztv“‘s)’rfﬂrp t AR
sm+p P AR  ARMA
o s L , ARMA-ONS

Y, =arg myin I X —7'X I3

s.t. t=m+tp

(X2 Xy,
X .

(Asvs v, 1T X
X/f(er/x):lT ° t s Y.

regret"’"

’ Ve



26 2019
o 3 , ,
regret T s zle regret/ T= s
0, o )
0 s regret s
. ARMA-ONS s o
R+ (p , ’
T T o
Rv,-(}’):[;lll(7,)*myin1§11,(}’) 7
ARMA-ONS ONS'78 AR , 3
. ONS Newton Raphson , .
, s regret  OC(logT),
T . , ARMA-ONS .
1 7 8 ,
A '
]:[(y):ar%er?in(y*f)"'A,(yff) ’
1 . ’ o
[75]. 7. *
k={yER", |7 |<1l,m,peENiE[1,m+p]}
[1] YUAN ] D,WANG Z H. Review of Time Series Representation
" b and Classification Techniques [ J]. Computer Science,2015,
D= max || =7 |l 2max | 7|, =2 V/Gatp) 42(3):1-7. (in Chinese)
G IV 4 Cro |l Ay =cl,i,> ; . (7.
1 - .2015,42(3) ; 1-7.
D = g minldGDA) Ly p " [2] GAOJ.SULTAN H,HU J,et al. Denoising Nonlinear Time Se-
A L L, exp-concavity Lipschitz ries by Adaptive Filtering and Wavelet Shrinkage: A Compari-
.M.,.. ARMA B son [J]. IEEE Signal Processing Letters,2010,17(3):237-240.
[3] ROJO-ALVAREZ ] L,MARTINEZ-RAMON M,PRADO-
6 CUMPLIDO M. et al. Support Vector Method for Robust AR-
MA System Identification [ J]. IEEE Transactions on Signal
’ Processing,2004,52(1) :155-164.
[4] GRANGER C W J,NEWBOLD P. Forecasting Economic Time
’ ° Series [M]. New York:; Academic Press,1986.
’ [5] BOX G,JENKINS G. Time Series Analysis,Forecasting and
° Control [ M]. Holden-Day,1990.
M [6] HAMILTON J. Time Series Analysis [ M]. Princeton; Princeton
. Anava University Press,1994.
s [7] DEMPSTER A P,LAIRD N M,RUBIN D B. Maximum Likeli-
. hood from Incomplete Data via the EM Algorithm [J]. Journal
R of the Royal Statistical Society, Series B ( Methodological ) ,
AR i 1977.,39(1) , 1-38.
ARMA-ONS [8] DURBIN J.KOOPMAN S J. Time Series Analysis by State
, AR , Space Methods [ M]. Oxford: Oxford University Press,2012.
[9] KALMAN R E. A New Approach to Linear Filtering and Pre-
S ’ diction Problems [ J]. Journal of Fluids Engineering,1960,
82(1) :35-45.
° ' [10] ALQUIER P.LI X,WINTENBERGER O. Prediction of Time
° Series by Statistical Learning: General Losses and Fast Rates
’ [J]. Dependence Modelling.2014,1:65-93.
’ ’ [11] KUZNETSOV V,MOHRI M. Generalization Bounds for Time

Series Prediction with Non-Stationary Processes [ M] // Algo-
rithmic Learning Theory. Springer International Publishing,

2014:260-274.



27

(12]

[13]

[14]

[15]

[16]

[17]

[18]

(191

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

CRISTIANINI N, TAYLOR J S. Introduction to Support Vector
Machines [ M. s s ,
,2004.

ZHANG X G. Introduction to Statistical Learning Theory and
Support Vector Machines [ J]. Acta Automatica Sinica,2000,
26(1):32-41. (in Chinese)

[yl .
2000,26(1) :32-41.
VAPNIK V N. The Nature of Statistical Learning Theory [ M].

PR : ,2000.
VAPNIK V N. Statistical Learning Theory [ M]. ,
s . : ,2004.

CRISTIANINI N, TAYLOR J S. An Introduction to Support
Vector Machines [ M]. Cambridge ; Cambridge University Press.,
2000.

KIM K. Financial Time Series Forecasting Using Support Vec-
tor Machines []]. Neurocomputing,2003,55(1) :307-319.
GESTEL T V,SUYKENS ] A K.BAESTAENS D E,et al. Fi-
nancial Time Series Prediction Using Least Squares Support
Vector Machines within The Evidence Framework []J]. IEEE
Transactions on Neural Networks.2001,12(4),809-821.
MACKAY D J C. Bayesian Interpolation [J]. Neural Computa-
tion,1992,4(3) :415-447.

MACKAY D J C. Probable Networks and Plausible Predictions—
A Review of Practical Bayesian Methods for Supervised Neural
Networks [J]. Network Computation in Neural Systems,1995,
6(3):469-505.

SUYKENS J A K, VANDEWALLE ]. Least Squares Support
Vector Machine Classifiers [ J]. Neural Processing Letters,
1999,9(3) :293-300.

SUYKENS J A K. Least Squares Support Vector Machines for
Classification and Nonlinear Modeling [ ] ]. Neural Network
World,2000,10(1) :29-48.

MELLIT A,PAVAN A M, BENGHANEM M. Least Squares
Support Vector Machine For Short-Term Prediction of Meteo-
rological Time Series [ J]. Theoretical Applied Climatology.,
2013,111(1):297-307.

TAY F E H,CAO L. Application of Support Vector Machines in
Financial Time Series Forecasting [ J]. Omega, 2001, 29 (4):
309-317.

JACOBS R A,JORDAN M A,NOWLAN S J, et al. Adaptive
Mixtures of Local Experts [ J]. Neural Computation,1991,
3(1):79-87.

JORDAN M I,JACOBS R A. Hierarchical Mixtures of Experts
and the EM Algorithm [ J]. Neural Computation, 1994, 6 (2) ;
181-214.

WEIGEND A S, MANAGEAS M. Analysis and Prediction of
Multi-Stationary Time Series [ C]// Proceedings of the Third In-
ternational Conference on Neural Networks in the Capital Mar-
kets. 1995.

WEIGEND A S.MANAGEAS M,SRIVASTAVA A N. Nonli-
near Gated Experts for Time Series: Discovering Regimes and
Avoiding Over-fitting [ J]. International Journal of Neural Sys-
tems,1995,6(4) :373-399.

KOHONEN T. Self-Organization and Associative Memory [ M ] .

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

Springer,1989.

PEARL J. Fusion, Propagation and Structuring In Belief Net-
works [ J]. Artificial Intelligence,1986,2(3) ;241-288.
COOPER G F, HERSKOVITS E. A Bayesian Method for the
Induction of Probabilistic Networks from Data []J]. Machine
Learning,2008,9(4) :309-347.

ZHANG M, ZHOU Z. Multi-Label Neural Networks with Ap-
plication to Function Genomics and Text Categorization [ J].
IEEE Transactions on Knowledge and Data Engineering, 2006,
18(10):1338-1351.

MEZ J,MATEO J L,PUERTA ]. Learning Bayesian Networks
by Hill Climbing: Efficient Methods Based on Progressive Re-
striction of the Neighborhood [J]. Data Mining Knowledge Dis-
covery,2011,22(1-2) :106-148.

DAS M, GHOSH S K. A Probabilistic Approach for Weather
Forecast Using Spatio-temporal Inter-relationship among Cli-
mate Variables [ C]//International Conference on Industrial and
Information Systems. IEEE,2015.

DAS M,GHOSH S K. SemBnet: A Semantic Bayesian Network
for Multivariate Prediction of Meteorological Time Series Data
[J]. Pattern Recognition Letters,2017,93:192-201.

KOREN Y,BELL R,VOLINSKY C. Matrix Factorization
Techniques for Recommender Systems [ J]. Computer,2009,
42(8) :30-37.

KOREN K. Factorization Meets The Neighborhood: A Multifa-
ceted Collaborative Filtering Model [C]// ACM SIGKDD Inter-
national Conference on Knowledge Discovery and Data Mining.
ACM,2008:426-434.

SALAKHUTDINOV R,MNIH A. Probabilistic Matrix Factori-
zation [ C] // International Conference on Neural Information
Processing Systems. Curran Associates Inc. ,2007:1257-1264.
XU M.ZHU ]J,ZHANG B. Bayesian Nonparametric Maximum
Margin Matrix Factorization for Collaborative Prediction [C] /
Advances in Neural Information Processing Systems. 2012.
SREBRO N. Maximum margin matrix factorization[ ] ]. Ad-
vances in Nips,2005,37(2) :1329-1336.

BALAKRISHNAN S,CHOPRA S. Collaborative Ranking[ C]//
ACM International Conference on Web Search and Data Mi-
ning. ACM,2012.:143-152.

WEIMER M.KARATZOGLOU A.LE Q.et al. CoFiRank
Maximum Margin Matrix Factorization for Collaborative Ran-
king [C] // Neural Information Processing Systems. 2007 : 1593~
1600.

KROHN-GRIMBERGHE A,DRUMOND L, FREUDENTHA-
LER C. Multi-Relational Matrix Factorization Using Bayesian
Personalized Ranking for Social Network Data [ C] // Procee-
dings of the Fifth International Conference on Web Search and
Web Data Mining(WSDM 2012). Seattle, WA, USA,2012.
ZHANG Y,ROUGHAN M, WILLINGER W,et al. Spatio-tem~
poral Compressive Sensing and Internet Traffic Matrices [C] /
ACM Sigcomm Conference on Data Communication. 2009.
RALLAPALLI S,QIU L,ZHANG Y,et al. Exploiting Tempo-
ral Stability and Low-Rank Structure for Localization in Mobile
Networks [ C] // International Conference on Mobile Computing
and Networking(Mobicom’10). 2010.



28

2019

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[57]

[58]

[59]

[60]

[61]

YU H F.RAO N,DHILLON I S. Temporal Regularized Matrix
Factorization for High-Dimensional Time Series Prediction [C] //
NIPS. 2016.

XIONG L,CHEN X,HUANG T K,et al. Temporal Collabora-
tive Filtering with Bayesian Probabilistic Tensor Factorization
[C] // Siam International Conference on Data Mining ( SDM
2010). Columbus,Ohio, USA,DBLP,2010.:211-222.
RASMUSSEN C E, WILLIAMS C K 1. Gaussian Processes for
Machine Learning [M]. The MIT Press,2006.

ALEXE B,DESELAERS T,FERRARI V. What is An Object
[C] // Computer Vision and Pattern Recognition. IEEE, 2010
73-80.

EVERINGHAM M,GOOL L V,WILLIAMS C K I,et al. The
Pascal, Visual Object Classes (VOC) Challenge[]J]. Internatio-
nal Journal of Computer Vision,2010,88(2):303-338.
FELZENSZWALB P F,GIRSHICK R B,MCALLESTER D, et al .
Object Detection with Discriminatively Trained Part-Based Mod-
els [J]. IEEE Transactions on Pattern Analysis & Machine In-
telligence,2010,32(9) :1627-1645.

KAPOOR A,GRAUMAN K,URTASUNR,et al. Gaussian
Processes for Object Categorization[ ] ]. International Journal of
Computer Vision,2010,88(2):169-188.

CHUM O, ZISSERMAN A. An Exemplar Model for Learning
Object Classes [ C] //IEEE Conference on Computer Vision and
Pattern Recognition,2007(CVPR’07). IEEE, 2007 ;1-8.
DIOSAN L,ROGOZAN A,PECUCHET ] P. Evolving Kernel
Functions for SVMs by Genetic Programming [ C] // Interna-
tional Conference on Machine Learning and Applications. IEEE,
2007:19-24.

WU B.ZHANG W,CHEN L,et al. A GP-based Kernel Con-
struction and Optimization Method for RVM [ C] // The Interna-
tional Conference on Computer and Automation Engineering.
IEEE.2010.:419-423.

KLENSKE E D,ZEILINGER M N,SCHOLKOPF B,et al.
Nonparametric Dynamics Estimation for Time Periodic Systems
[C] // Communication, Control, and Computing. IEEE, 2014 ;
486-493.

LLOYD J R,DUVENAUD D.GROSSE R,et al. Automatic
Construction and Natural-Language Description of Nonparame-
tric Regression Models [C]// Twenty-Eighth AAAI Conference
on Artificial Intelligence. AAAI Press,2014:1242-1250.
TOBAR F,BUI T D, TURNER R E. Learning Stationary Time
Series Using Gaussian Processes with Nonparametric Kernels
[C] // Advances in Neural Information Processing Systems 28
(NIPS 2015). 2015.

HWANG Y, TONG A,CHOI J. Automatic Construction of
Nonparametric Relational Regression Models for Multiple Time
Series [ C] // International Conference on International Confe-
rence on Machine Learning. JMLR. org,2016:3030-3039.
KUREMOTO T,KIMURA S.KOBAYASHI K.et al. Time Se-
ries Forecasting Using a Deep Belief Network with Restricted
Boltzman Machines [ J]. Neurocomputing. 2014, 137 (15); 47-
56.

TURNER J T. Time Series Analysis Using Deep Feed Forward

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

78]

Neural Networks [ D]. Baltimore: University of Maryland,2014.
ROMEU P,ZAMORA-MARTINEZ F,BOTELLA-ROCAMO-
RA P, et al. Time-Series Forecasting of Indoor Temperature
Using Pre-trained Deep Neural Networks[ C] // International
Conference on Artificial Neural Networks. Berlin: Springer,
2013:451-458.

LV Y,.DUAN Y,KANG W,et al. Traffic Flow Prediction with
Big Data: A Deep Learning Approach [J]. IEEE Transactions on
Intelligent Transportation Systems,2015,16(2) :865-873.
LANGKVIST M,KARLSSON L,LOUTFI A. A Review of Un-
supervised Feature Learning and Deep Learning for Time-Series
Modeling [J]. Pattern Recognition Letters,2014,42(1) ;11-24.
GAMBOA ] C B. Deep Learning for Time-Series Analysis [J].
Arxiv:1701.01887,2017.

HEATON J B,POLSON N G, WITTE ] H. Deep Learning in
Finance [J]. Arxiv:1602. 06561,2016.

BOROVYKH A,BOHTE S.O0OSTERLEE C W. Conditional
Time Series Forecasting with Convolutional Neural Networks
[J]. Arxiv:1703. 04691,2017

OORD A,DIELEMAN S,ZEN H,et al. Wavenet: A Generative
Model for Raw Audio [J]. Arxiv:1609. 03499,2016.

JAIN A,KUMAR A M. Hybrid Neural Network Models for
Hydrologic Time Series Forecasting [ ]J]. Applied Soft Compu-
ting,2007,7(2) :585-592.

ZHANG G,PATUWO B E,HU M. Forecasting with Artificial
Neural Networks: The State of The Art [J]. International Jour-
nal of Forecasting,1998,14(1):35-62.

ZHANG G. Time Series Forecasting Using a Hybrid ARIMA
and Neural Network Model [J]. Neurocomputing,2003,50(1) ;
159-175.

BINKOWSKI M, MARTI G,DONNAT P. Autoregressive Con~-
volutional Neural Networks for Asynchronous Time Series [J].
Arxiv:1703.04122,2017.

GOEL H,MELNYK I.BANERJEE A. R2N2: Residual Recur-
rent Neural Networks for Multivariate Time Series Forecasting
[J]. Arxiv:1709. 03159,2017.

LAI G.,CHANG W,YANG Y.et al. Modeling Long - And Short-
Term Temporal Patterns with Deep Neural Networks [J]. Ar-
xiv:1703.07015,2017.

ANAVA O,HAZAN E,MANNOR S, et al. Online Learning for
Time Series Prediction[ J]. Journal of Machine Learning Re-
search,2013,30.:172-184.

SHWARTZ S S. Online Learning and Online Convex Optimiza-
tion [ J]. Foundations and Trends in Machine Learning,2011,
4(2):107-194.

ZINKEVICH M. Online Convex Programming and Generalized
Infinitesimal Gradient Ascent [ C] // Proceedings of the Twen-
tieth International Conference on Machine Learning (ICML).
2003:928-936.

HAZAN E, AGARWAL A,KALE S. Logarithmic regret algo-
rithms for online convex optimization[ J]. Machine Learning,

2007,69(2-3) :169-192.



