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A Fast Algorithm for Gapped Kernel's

YIN Chuarrhuan , TIAN Sheng-feng MU Shao-min
(Schod o Computer and Information Technology , Beijing Jiactong University , Beijing 100044, China)

Abdract: So far the gapped kernels are used in many fields,such as text classification and protein classification. In this pa
per,a new kind of gapped kernel is presented,which is caled length-weighted kernel ,including p-length-weighted and al-length-
weighted kernels. Length-weighted kernels can be used to detect intrusion process. Furthermore ,a dynamic programming a gorithm
based on suffix kernd is proposed to compute the length-weighted kernels. Moreover ,a hit-parale technique is used to reduce the
complexity of p-length-rweighted kernel. The empirica results suggest that this bit-paralle technique a gorithm outperf orms the other
gpproaches in some cases where the necessary condition of using bit-parallel technique can be satisfied ,and that the new kernels can
achieve better perf ormance than others gapped kernels.
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Function Kern=P_LENGTH. WEIGHTED . ARRAY(s,t A , p)
1. n=lengh(s); m=lengh(t);v(0:p) =0; DPS(1:n,1:m) =v;
DPV(0,0:m) =v;DPV(1:n,0) =v; K=v;v(p) =1;

2. fori=1:n

3 forj=1:m
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0]; K= K+ DPS(i,j);

end
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Function Kern=P.LENGTH. WEIGHTED . BIT(s,t A ,p,w)
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17. v(1:q) =0;

18. DPS(1:n,1:m) =v;DPV(0,0:m) =v;DPV(1:n,0) =v;

19. kvalue=0; pmod= (p+1) nod I;

20. fori=1:n
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