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MAE(Mean Absolute Error)9}

2. Ay aid
2.1 Knowledge Distillation ¥ 2 & 249 A A
AegAgte] mEw, FH3 71W F Knowledge

Distillation ¥ o] A& % A& (Acc drop)9t A2k

RMSE(Root Mean Squared Error)E AF&-3kc},

MAE= %Z | (pred; — target;) |

RMSE= \/LNZ(predi - mrgez‘[)z
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3. 8
3.1 Model
Size Loss
Model (MB) MAE RMSE
M-SFANet (Teacher) 366.6 57.55 94.48
MCNN (Student) 0.532 110.2 173.2
MCNN with KD 0.543 90.86 172.99

<3¥ 1> Knowledge Distillation®] 4] Teacher &9 ¥

Student =@ 9] A5 Hlul

1

e

AE7} 5755, RMSE7}
S HYoy el A7)
ﬁ [e]

Teacher

94.48% 7 =& oF
7} 366.6MBZ wj-$- =t} Student =2l ¢ H|
a A sk MAE(110.2)¢F MSE(173.2) #< 7HAIH,
Teacher 24 tiH] oS AFo] vt} Student &2
o] Knowledge Distillations #-&3 ZA3 MAE=
90.86, MSE+ 172.99%, 97k MCNN tj®] ©f v
A #e= Hdew, =7|l= ©A 0.011MBRE F71
3] Teacher Model WiH] A&z EAS

Hog
FABHE AS FAT 5 AUk

ek
cha

o=

=

01

2%

3.2 Training
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71¥= Knowledge Distillation 2] & gkl
T(temperature) #S& Wro] AZEML FggE 4
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3.3 Experiments (MCNN with KD)

a(Alpha)
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