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Algorithm 1 Conventional softmax  Algorithm 2 Proposed softmax
Iy = —00 ny = —00
sum =0 suim =0
for1 <i<Sdo // Dynamic max-value response
my — mar{mi_y.x;) for 1 <: < Sdo
end for m; +— max(mi_y.x;)
for 1< j<Sdo Sum = sum X 21— | 9T

SUm  sum + 2%i—ms end for

end for for 1 < jé S do
for 1 <k <Sdo fﬁ_,(—j': IIIII
o) & RS end for
"'A suim |
end for // Reduced 3 loops to 2
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Latency 574> GLUE task ©lo|HE 7}43sle FHUj
A dolE 128 2 AA3AT [4].

Conventional softmax T&3¥ proposed softmax
T AYAE, J2HA 2 S v A= 1 1 7
#Zt}. C 9 P+ conventional ¥} proposed & =3+t

¥ 1. C.softmax (6.32GHz)¢} P.softmax (5.78GHz)<]

d%5 vl
Power (mW) Area (um?) Latency (ns)
C.softmax 102.61 9357.75 62.88
P.softmax 40.08 4345.28 46.54

21 A3} proposed softmax 7} conventional softmax
Bt} power + 2.56x, area + 2.15x, latency & 1.35x
o] A A4S HSTE Proposed softmax + 9#H
Al 2 Zol(128 cycles)WHE 7Ithg]A] gole HE=
latency B3+ 5ol FEAT ArE WA o] power,
area, latency oAl BT ATo] FFHJL, E o
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delay product(EDP)oll X% Z+2} 3.45x, 4.67x 9 34<
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Hoen,  7]&¢ power overhead, large area,

computation cost, memory overhead +#|& si4& 4
gith. gk PDP % EDP oAl 742} 3.45%, 4.67x 9] 4%
ol &S Selskgln.
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