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Motivation |

2 : Existing online SVM is based on C'-SVM, which is not suitable for one-class SVM.
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2 : For C-OCSVM, the false alarm rate decreases and the miss alarm rate increases as more samples are added.

2 : The objective of this paper is to develop an online one-class SVM learning algorithm with stable performance.

The main problem |

Let .An — {X@,i — 1, cen

2 The v one-class SVM can be rewritten as:

n} be training data, when new sample x,,,; is added,

oC={i: fl(x;) >0, o/ =0}, fori=1,...n+ 1.

Group composition does not change as v € [y, "] given o , p~.

C(n+A)w " 2 Decision function:
glér;) Jw||* — (n+’Y)VP+Z§i+’Y§n+1 1) ! n+1
- =1 V() — Y _ Y _ N
. X) = o —ao |K(x,x;) — (o —ay )+ (n+ % x)|. (3
sit. (w,p(x;) > p—&,62>0,p>0,i=1,...,n+1, /) (n+7)u(;( : R x) = (ag =g )+ (7 )vf7 )) 3)
where 7 increases from 0 to 1, which indicates the online learning from n to n + 1 where o = (n +7)vp".

samples, and the Lagrangian parameters a” will be piecewise linear with .

2 Dual problem:

. . —1
2 Determination of o”: Let A = {KM } : ¢! =

o
2 When fV(anLl) >0 (C) Of fV(XnJrl) =0 (M)a

min oo K (x, ;)
o TL—|—”7 Z ! ~ ~
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Z;Hf o = (n+)v.

2 Lagrangian index groups:
o M={i:f(x;)=0,a) €0,1],i=1,...
e E={i: fl(x;) <0,/ =1,i=1,...

2 When f7(xn11) <0 (€),
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Group partition change |

Let Ay =~" —~7, during the online learning, find the minimum A~ > 0, such that the
. . + Y
following events happen until v = 1. L op1¢EkeM, 0!

A’yk = d
- g — g o) .

2 C = M: f(xx) > 0to f7(xx) =0, then /(@) —% n+le&keM. M= E

(n+y7)f7 () n+1¢ & keC QM — & a) =1except o), =7, then
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2 & — M: fr(xi) <0to f(x) =0, then A~ is the same as Tk v MTEE Mk =n+1, 8) y
(6) except f7 (xx) < 0. l_ui’“ , n+le& ke M. ! 1

Experiments |
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" Figure 1. Results on banana dataset:r'%l) false alarm rate (FA), (2) miss alarm rate (MA), (3) area under curve (AUC?}, (4) true alarm rate (TA, FA=0.1). "

1.0— ; ; ; 1.0— ; ; ; ; ; ; ; Table 1. AUC and TA (FA=0.1) on other datasets.
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Conclusion |

2 Both v-OCSVM and C-OCSVM (C'(p)) have stable performance as more data are added.
2 Online »-OCSVM is a good mean to target a give false alarm rate, while C-OCSVM (C(p)) needs two steps, the online learning and the parameter adaptation.

[1] Bernhard Scholkopf, John C Platt, John Shawe-Taylor, Alex J Smola, and Robert C Williamson, “Estimating the support of a high-dimensional distribution,” Neural computation, vol. 13, no. 7, pp. 1443-1471, 2001.
2] Pavel Laskov, Christian Gehl, Stefan Kriiger, and Klaus-Robert Miiller, “Incremental support vector learning: Analysis, implementation and applications,” The Journal of Machine Learning Research, vol. 7, pp. 19091936, 2006.

3] Xin Tong, Yang Feng, and Anqi Zhao, “A survey on neyman-pearson classification and suggestions for future research,” Wiley Interdisciplinary Reviews: Computational Statistics, vol. 8, no. 2, pp. 64-81, 2016.



