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AR T AT R N A5 B Ak 2 B DU SRR AE 2 7R . Hou
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(1) AbRfE By
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(2) FHERL G 52 #H
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negative) U &; FP NIEH (false positive) #E; FN A
T fifs (false negative) % .

SHc . (HBUNRYIBR B B TR

H 3 IR ¥F 532 5 (million floating point operations,
MFLOPs) : Rl S R BRI DR bR
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