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Approximate Approach to Train SVM on Very Large Data Sets
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Abstract Standard Support Vector Machine (SVM) training has O( £*) time and O(/?) space complexities, where / is
the training set size. It is thus computationally infeasible on very large data sets. A novel SVM training method, Approx-
imate Vector Machine (AVM) , based on approximate solution was presented to scale up kernel methods on very large
data sets. This approach only obtains an approximately optimal hyper plane by incremental learning, and uses probabilis-
tic speedup and hot start tricks to accelerate training speed during each iterative stage. Theoretical analysis indicates
that AVM has the time and space complexities that are independent of training set size. Experiments on very large data

sets show that the proposed method not only preserves the generalization performance of the original SVM classifiers,

(LA ENBEERARER M 310027)°

but outperforms existing scale-up methods in terms of training time and number of support vectors.
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Dlnitialize V; /#IAHBOEV

2)h;= getHyperPlane(V,2);

3)Fort:=1 1o (U/V]

4

5 Fori;=11wT

6 {

19 S:= getSampleSet(U/V,59);

8) (x,y):= getCoreVector(S,h);

9) d:= getDistance(h,(x,y));

10) If (d=(1—¢)) then

11) Continue;
12) Else

13) Break;
14 EndIf

15}
16> If >>T) then

17) Break;

18) Else

19) {

20) Vi=VU{{zx,3};

21) h.= getHyperPlane_HotStart(V,2);
22

23) EndIf

24}

25) Return 2
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