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Multi- Scale Sequence Spectrum Kernel Optimization
Through SDP for Sgnature Verification
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Abdract: Using multi-scale to measure the similarities between signature sequences is much helpful to obtain high-qualified
similarity measures. This paper puts forward a new sequence similarity kernel ,caled multi-scale sequence spectrum kernel ,to mear
sure signature sequence similarity based on shared occurrences of diff erent-scale continuous subsequences. The multi-scale sequence
spectrum kernel is optimized through semidefinite program ,and used with support vector machine to verify signature directory se-
quences. The experiments on the benchmark database show the signature verification accuracy has been enhanced,as this gpoproach
could automatically optimize the similarity measures with multi-scales ,depending on the signature characteristics.
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1 50

No ¢ 27 My Py M T-F FoT Qm
1 10 0.1 0.5 3.00E13 1.85E13 0 0 0
2 10 2 509E14 8.48E14 0.5 0 0 0
3 10 0.1 0.52.54E13 1.65E13 0 0 0 0
4 10 0.2 0.417 0. 082999 1.23E12 0 0 0
5 10 0.1 0.5 2.08E13 1.45E13 0 0 0
6 10 59 4.22E15 3.85E13 0.5 0 0 0
7 10 0.1 0.5 1.72E12 9.31E13 0 0 0
8 10 0.3 0.5 3.71E12 2.36E12 0 1 1
9 10 0.1 0.5 1.64E13 1.05E13 0 0 0
10 10 0.1 0.5 4.13E13 2.26E13 0 0 0
11 10 0.3 0.39275 6.91E12 0.10725 0 0 0
12 10 0.1 0.5 1. 18E13 7.97E14 0 0 0
13 10 0.1 0.5 1. 15E12 7.44E13 0 0 0
14 10 0.1 0.5 1.37E13 1.07E13 0 0 0
15 10 0.1 0.5 2.69E13 2.24E13 0 0 0
16 10 0.1 0.5 4.47E13 2.23E13 0 0 0
17 10 0.1 0.5 9.90E13 6.66E13 0 0 0
18 10 0.1 0.5 2.94E13 1.92E13 0 0 0
19 10 0.1 0.5 9.69E13 5.36E13 0 0 0
20 10 0.6 1.30E12 0.5 5.60E11 0 0 0
21 10 0.1 0.5 1.72E12 1. 11E12 0 1 1
22 10 0.4 0.39939 0. 10061 6.21E12 0 0 0
23 10 0.1 0.5 1.33E12 9.03E13 0 1 1
24 10 0.6 0.029903 0. 4701 5.36E10 0 0 0
25 10 0.1 0.5 4.33E13 2.20E13 0 2 2
26 10 0.1 0.5 6.87E13 2.31E13 0 0 0
27 10 0.1 0.5 8.93E13 4.18E13 0 0 0
28 10 0.6 5.58E13 1 14E12 0.5 1 1 2
29 10 01 0.5 1.03E12 5.82E13 0 0 0
30 10 01 0.5 3.60E13 2.29E13 0 1 1
31 10 0.1 0.5 2.23E13 1.44E13 0 0 0
32 10 0.2 0.5 3.87E13 3.03E13 0 1 1
33 10 01 0.5 1.52E12 9.66E13 0 0 0
34 10 0.1 0.5 4.51E13 2.87E13 0 0 0
3% 10 01 0.5 2.60E13 1.29E13 0 0 0
3% 10 01 0.5 1.97E13 1.15E13 0 0 0
37 10 0.3 892E12 0. 36265 0.13735 0 0 0
38 10 0.3 0.34825 8.54E12 0. 15175 0 0 0
39 10 0.1 0.5 4.70E13 3.30E13 0 0 0
40 10 0.1 0.5 1.07E12 9.35E13 0 0 0
41 10 0.5 0.037118 0. 46288 1.61E11 0 0 0
42 10 0.1 0.5 2.15E12 9.18E13 0 2 2
43 10 0.1 0.5 1.43E13 9.74E14 0 2 2
4 10 0.1 0.5 1.51E12 9.11E13 0 1 1
45 10 0.1 0.5 3.91E13 1.86E13 0 0 0
46 10 0.1 0.5 9.60E13 6.01E13 0 1 1
47 10 0.3 0.5 4.28E12 2.17E12 0 3 3
48 10 6.5 0.1511 0. 17042 0. 17849 0 0 0
49 10 4.1 0.29862 0.20138 1. 20E12 0 0 0
50 10 0.1 0.5 2.59E13 1 23E13 0 1 1
Error Rate 19/ (15 *50) =2.5333 % Im 1 | 18 | 19
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