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O dnput F'={(x™, ™)., (x5, ¥} new samples at time 7 +1,
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[ Output: ™' : updated decision function, S : margin support
vector setat £+1, S, : bounded support vector set at ¢ +1

(] Definitions: «,™ : coefficient of the i th sample at #+1,
1. Begin
2. Compute F*' ={F' US!

ASHAE
3. Using F™ as input, solve for the problem of (11) in [] to obtain
o/ forall i

t+1

Compute (" by solving the problem of (12) in []
Compute S ={S' Ux™ ™ f(x™)=1& " >0}
Compute S;" ={S; Ux™: y" M (xM) <1 & o =C}
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t+1 1+1

O Input: (x™,»™) : new sample at time 7+1, f*: decision
function at ¢
] Output: ™" : updated decision function at ¢ +1

I Definitions: ¢ : coefficient of the i th sample at 7, S!, : margin
support vector set at ¢
Begin
Compute z=y/" f*(x"),
If z>1 then f' « f* and go to step 10
Else
1+1

Initialize o" <0 for x|

Compute Q, forall x{ €S,

NS e b

t+1

Increment ¢ to its largest value while maintaining the KKT

optimality conditions on all previously seen samples
Check if one of the following conditions occurs:

[T fr, S S and S)Y < S
L If y*'f'(x™)=1 then S’ « x'

II. Elseif /" =C then S| « x"

o x>

III. Elseifany x €S; become part of S; , due to the change in

their corresponding «; , then update S’ and S, accordingly
10. End
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1. Batch
2. Principle of Transduction

3. Minimum Enclosing Ball
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71 Step 1. Calculate initial u =[w,,5,]" and v=[w,,b,]"
u=TWSVM(A) , v= TWSVM(B)
{1 Step 2. Calculate distance threshold 7, and T,

u

|sz+b|

|w] A+ b1|
W w,
T, =min(d,) + 6 * (max(d,) —min(d,))
=min(d, )+ 6 * (max(d,) —min(d,))
{1 Step 3. Add the new training sample set 4, and B, , and
establish the dynamic training sample set D, and D,
D, =(4<T)U(4,,>T)
D,=(B<T)U(B,,>T)
A4=D,B=D,
L Step 4. Incremental Learning
u=TWSVM(D,),y =TWSVM(D,)

[ Step 5. If there will be a new training sample set in the future, we
repeat Step 2, Step 3 and Step 4.
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UTrain FLSTSVM; with D; and Save the set of:
USupport vectors (i.e., SV;)
UErroneous samples (Ei) obtained w.r.t the FLSTSVM,; classifier (i.e., E;)

USamples such as (xy, i) that Inf((xy, yi) [FLSTSVM;, D;) > Threshold
where Inf((xy, y)|FLSTSVM;, D)) is given by Formula 18 (i.e., In;)

QSeti<ij+1.
EIDlé Di U SVl U Ei U Ini

OUse the updated FLSTSVM; classifier to assess the prediction
accuracv of the Test cases.
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1. Inc-FLSTSVM

[1 Incremental FLSTSVM
[ Input: Model M (), Sample x(¢+1), D,

[0 Output: Model M(t+1), y(t+1)
0 SE+1) « M(x(t+1))
D, M) = alnf,,, (x, |DL) +alnf,,(x; |DL)

(O]

[l Compute Inf(x,,,

+ydist, + using:

iSt-

. 1 .

e Inf,,.(x, |DL)=1_W z cosdlse(xm,x/.)
L

X’EDZVHI)
e Infy,.(x; |DL) =1-max cosdise(x,,,,X,)

* compute dist,,,, and dist,

(t+1
O p(x(t+1)) < Inf (x,,,|D,, M)
O If wu(x(t+1)) < Threshold
* y(t+1) <« St+]
[] Else
* D, < All support vectors in D, U (x(z +1), (¢ +1))

e y(t+1D) < S(i+1)
* Apply FLSTSVM on D, ,,,, and obtain M (¢ +1)
U End
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