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133l<(Federated Learning, FL)=>- tlo]e] ZefowAlS BASIHA #AF 7oA mdls shsedd 5 Sl AAlS AlgshAE, A4
of|All(adversarial example)ol] FeFslcl= A7} Qi) 2 dolld+= A8 3 Knowledge Dlstlllatlon(KD)E 83 AFSH(post-hoc) HFe]
Z2S A|qkska,, FGSM(Fast Gradient Sign Method)i]— PGD(Projected Gradient Descent) 5-Zel dlgt &x}& Agddoz F-A3ldch
MNIST, FashionMNIST, CIFAR-10, CIFAR-100, SVHN th4l 7}#] dlo]ejAle- tiato g HHJ Apole, e Felo]ddE FA(localALL),
trel Zejo]dE ZA(localONE), e Felo]AEr} 37 dlo]elut AL31= 7-9(local ONE_attackedOnly) 5 U] 7}4] Aluje]Selx] 7}
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o] wjio] QAR BE Zwe)A] BHo| An. o7, g wuld A Knowledge Distillation(KD)& 2AF 229] soft label g 34 Zdo] o
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x40 Ay ¥4 7|Me2E (1) FGSM(Fast Gradient Sign I 22

Method)¥} (2) PGD (PrOJected Gradient Descent)”} 21tk FGSM-2 ©+d Bt M= oAl 714wl xuka dlo] e Al(MNIST, FashionMNIST,
1o

zElo g &£ g0 JtdE Bo S ugl 98-S weksks WAlo CIFAR-10, CIFAR-100, SVHN)S thAto. 2 FGSM3F PGD 342 43
2 ARE @840 =Awk FAHo] A|gtAolt} [5]. ¥HA PGDE WHEA dlSl

o % FGSME #-gatiA algho] E*WHE oA PEE £ Age ol 7B AU QoA o] FolFth A, AH-Ale]=
(projection)3h= WA o2 FGSMKEE EX et #2402 e 9 (Server-side) 342 5% A7 19 Bl EHEH 24 A7 GAE
tt [6]. Adshs BAoR BE SeolAEd 4TS A 7P WA A
V=1 +esign(v,J(0,2.y)) - (1) g 2tk B4, localALL 842 BE Zepo|dEZL A4 oA E A}
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Dataset ALtz 2 EPS Baseline FGSM PGD
Server-side 0.1 0.9949 0.7230 0.0012
VNIST Local All 0.1 0.9949 0.7892 0.1712
Local One 0.1 0.9949 0.9511 0.8210
Local One Only 0.1 0.9949 0.7735 0.1230
Fashion MNIST Server-side 0.06 0.9304 0.0922 0.0000
CIFAR-10 Server-side 0.0157 0.9072 0.1222 0.0000
CIFAR-100 Server-side 0.0157 0.6500 0.0805 0.0018
SVHN Server-side 0.0157 0.9526 0.5012 0.499
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CJAEZE 0. 34 volelRt Agdtel Shehs A9z, 34 Aert 3 Future Directions, Proceedings of the IEEE, 2021.
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