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Motivation

: Existing online SVM is based on C-SVM, which is not suitable for one-class SVM.

: For C-OCSVM, the false alarm rate decreases and the miss alarm rate increases as more samples are added.

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

The main problem

Let An = {xi, i = 1, ..., n} be training data, when new sample xn+1 is added,

The ν one-class SVM can be rewritten as:

min
w,ξ,ρ

(n + γ)ν

2
‖w‖2 − (n + γ)νρ +

n
∑

i=1

ξi + γξn+1

s.t. 〈w, φ(xi)〉 ≥ ρ− ξi, ξi ≥ 0, ρ ≥ 0, i = 1, ..., n + 1,

(1)

where γ increases from 0 to 1, which indicates the online learning from n to n + 1
samples, and the Lagrangian parameters αγ will be piecewise linear with γ.

Dual problem:

min
αγ

1

2(n + γ)ν

∑

i,j

αγ
iα

γ
jK(xi,xj)

s.t.

{

0 ≤ αγ
i ≤ 1, i = 1, ..., n, 0 ≤ αγ

n+1 ≤ γ,
∑n+1

i=1 α
γ
i = (n + γ)ν.

(2)

Lagrangian index groups:

M = {i : f γ(xi) = 0, αγ
i ∈ [0, 1], i = 1, ..., n}

⋃

{n+1 : f γ(xn+1) = 0, αγ
n+1 ∈ [0, γ]}.

E = {i : f γ(xi) < 0, αγ
i = 1, i = 1, ..., n}

⋃

{n + 1 : f γ(xn+1) < 0, αγ
n+1 = γ}.

C = {i : f γ(xi) > 0, αγ
i = 0}, for i = 1, ..., n + 1.

Group composition does not change as γ ∈ [γ−, γ+] given αγ−, ρ−.

Decision function:

f γ(x) =
1

(n + γ)ν

( n+1
∑

i=1

(αγ
i − αγ−

i )K(x,xi)− (αγ
0 − αγ−

0 ) + (n + γ−)νf γ−(x)

)

. (3)

where αγ
0 = (n + γ)νργ.

Determination of αγ: Let A =

[

KM −1

−1T 0

]

, cT = [0...0, 1],

When f γ(xn+1) > 0 (C) or f γ(xn+1) = 0 (M),

(

α
γ
M

αγ
0

)

=

(

α
γ−

M

αγ−

0

)

+ (γ − γ−)νA−1c. (4)

When f γ(xn+1) < 0 (E),

(

α
γ
M

αγ
0

)

=

(

α
γ−

M

αγ−

0

)

+ (γ − γ−)A−1 ((ν − 1)c−KM,n+1) . (5)

Group partition change

Let ∆γ = γ+− γ−, during the online learning, find the minimum ∆γ > 0, such that the
following events happen until γ+ = 1.

C → M: f γ(xk) > 0 to f γ(xk) = 0, then

∆γk =







−(n+γ−)fγ−(xk)
[Kk,M,−1]v , n + 1 /∈ E , k ∈ C,

− (n+γ−)fγ−(xk)
[Kk,M,−1]u+Kk,n+1

, n + 1 ∈ E , k ∈ C,
(6)

E → M: f γ(xk) < 0 to f γ(xk) = 0, then ∆γ is the same as
(6) except f γ−(xk) < 0.

γ

f γ(xk)

1

C → M
E → M0

M → C: αγ
k = 0, then

∆γk =







−
αγ−

k

νvk
, n + 1 /∈ E , k ∈ M,

−
αγ−

k

uk
, n + 1 ∈ E , k ∈ M.

(7)

M → E : αγ
k = 1 except αγ

n+1 = γ+, then

∆γk =



















1−αγ−

k

νvk
, n + 1 ∈ C or M, k ∈ M, k 6= n + 1,

αγ−

n+1
−γ−

1−νvn+1

, n + 1 ∈ M, k = n + 1,

1−αγ−

k

uk
, n + 1 ∈ E , k ∈ M.

(8)
γ

1

αγ
M

1 M → E

M → C
0

Experiments
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Figure 1. Results on banana dataset: (1) false alarm rate (FA), (2) miss alarm rate (MA), (3) area under curve (AUC), (4) true alarm rate (TA, FA=0.1).

20 40 60 80 100 120 140 160 180
n

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

FA

ν−OCSVM
C−OCSVM(C(p))

C−OCSVM(Cmax)

C−OCSVM(Cmin)

C−OCSVM(C= 1
nν )

20 40 60 80 100 120 140 160 180
n

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

M
A

ν−OCSVM
C−OCSVM(C(p))

C−OCSVM(Cmax)

C−OCSVM(Cmin)

C−OCSVM(C= 1
nν )

20 40 60 80 100 120 140 160 180
n

0.87

0.88

0.89

0.90

0.91

0.92

0.93

0.94

0.95

0.96

A
U
C

ν−OCSVM
C−OCSVM(C(p))

C−OCSVM(Cmax)

C−OCSVM(Cmin)

C−OCSVM(C= 1
nν )

20 40 60 80 100 120 140 160 180
n

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

T
A ν−OCSVM

C−OCSVM(C(p))

C−OCSVM(Cmax)

C−OCSVM(Cmin)

C−OCSVM(C= 1
nν )

Figure 2. Results on ionosphere dataset.

Table 1. AUC and TA (FA=0.1) on other datasets.

N. samples(%)
AUC TA (FA=0.1)

10% 20% 30% 50% 100% 10% 20% 30% 50% 100%

Square

ν 0.8036 0.8125 0.8131 0.8145 0.8169 0.6228 0.6458 0.6537 0.6649 0.6699

C(p) 0.8023 0.8124 0.8133 0.8151 0.8168 0.6197 0.6465 0.6530 0.6643 0.6678
Cmax 0.8036 0.8125 0.8131 0.8143 0.8179 0.6228 0.6458 0.6537 0.6672 0.6698
Cmin 0.7868 0.8067 0.8122 0.8151 0.8169 0.5869 0.6356 0.6530 0.6642 0.6699

C = 1
nν 0.7656 0.7638 0.7767 0.7842 0.7930 0.5448 0.5275 0.5626 0.5750 0.6074

Spiral

ν 0.8106 0.8247 0.8345 0.8355 0.8448 0.6265 0.6515 0.6797 0.6817 0.6998
C(p) 0.8102 0.8260 0.8379 0.8388 0.8461 0.6180 0.6585 0.6866 0.6841 0.7020

Cmax 0.8106 0.8247 0.8345 0.8356 0.8429 0.6265 0.6515 0.6797 0.6818 0.6960
Cmin 0.8005 0.8281 0.8403 0.8386 0.8448 0.5756 0.6636 0.6894 0.6826 0.6998
C = 1

nν 0.7661 0.7835 0.8052 0.8174 0.8241 0.5084 0.5641 0.6063 0.6382 0.6625

Digits

ν 0.9379 0.9395 0.9465 0.9435 0.9434 0.8625 0.8560 0.8649 0.8627 0.8658
C(p) 0.9463 0.9412 0.9489 0.9457 0.9448 0.8741 0.8598 0.8747 0.8734 0.8665
Cmax 0.9353 0.9258 0.9307 0.9226 0.9156 0.8515 0.8411 0.8415 0.8152 0.7838
Cmin 0.9416 0.9450 0.9508 0.9524 0.9434 0.8049 0.8386 0.8716 0.8861 0.8658
C = 1

nν 0.9403 0.9436 0.9511 0.9536 0.9532 0.8310 0.8449 0.8625 0.8667 0.8807

Conclusion

Both ν-OCSVM and C-OCSVM (C(p)) have stable performance as more data are added.

Online ν-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.
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