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* Linear kernel
Kx,y)=x-y

¢ Polynomial kernel
Kx, y=({x- }+1)*

« Radial Basis Functioq kernel
exp(— Alx— %)
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polynomial RBF

linear | (degree) (7)
@ | ® [©oD] 0D ]a0
binary | 86.07 |85.16 | 84.02 | 86.76 | 8345 | 83.33
TF | 83.79 |82.19] 81.85 | 7363 | 83.33 | 8333
sparck | 85.16 | 82.19 | 83.33 | 83.33 | 83.33 | 83.33
TFsparck| 8471 |83.11 | 82.99 | 83.33 | 8333 | 83.33
IT | 8139 |81.96] 8151 | 83.33 | 83.33 | 83.33
WA | 839 [8202] 82.74 | 82.08 | 8335 | 83.33
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