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4.5.3 AT A4 7o) AR

A 2 micro F10] AXZ|H, speed”} 2o}z 11 Hitjo] 7
= bR R0 eb s A4gre) B
trade-off 2H= AL & 4= 9ith. A, micro F10] H]
St o, speedof|A] & Z}o|7} U= AL 2R o=
PAN120]| A 929 Rz} AGHMN+threshold ] 7547} o]

>l> rr o

B0t} o] 9 Bof B2 o WL WalE Hoku A
HEATE Q2 AL SHaTHE A O 4 9la, A4 Aoy
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3. Hojaekel Bl 2 A A A" of it FrF Axt
BERT*: B Aol A AAsE 24, Latency F131} speed= I

=7k BARA Gt YT 5 UAE

o] Al nd Latency F1 | micro F1 | speed
RT-ERD 0.905 0.966 0.939
AGHMN-+th 0.877 0.966 0.908

PAN12
BERT* - 0.943 -
HEARD 0.793 0.970 0.818
RT-ERD 0.893 0.942 0.948
AGHMN-+th 0.849 0.965 0.880
PANC
BERT3] 0.840 0.910 0.923
HEARD 0.795 0.942 0.844
RT-ERD 0.669 0.800 0.836
AGHMN-+th 0.485 0.797 0.609

PHEME
BERT* - 0.820 -
HEARD 0.367 0.757 0.485
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