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%

+.007 x

. T+
x sign(VJ(6,2,y)) esign(V.J(0, 2, 1))
“panda” “nematode” “gibbon”

57.7% confidence 8.2% confidence 99.3 % confidence

(29 4) FGSM Aei= A= Al zkAtel[2]

AP A MZ A 27 H el = FGSM(Fast Gradient Sign
Method), PGD(Projected Gradient Descent), C&W(Carlini
and Wagner), Adversarial patch 5 TF3F 7] o] gl oLy

o

Agstleh olel @ AUAAE AL Aol o
An dneFAA ARIE AARENS 2

3) HUix3H Wol7|=
A5 Aol gk Wol7]= == Input Data Filtering,
Adversarial Training, Defensive Distillation 5 TF%F3l 7]

shgsel sl # v

CET LT
o] 7bg TEAolw Aol FUH ol Pow B
G gl 2 98] 7 o)a walegA L] 3 o
BAFES S ANAUITS W

T, o] A&
=
=

stel

3.4 3 78 Ax
1) AEHEH
70 %= -+ Tensorflow, Keras, Pytorch Z-& w2y
golHefg] & ARSI @ Folyor O F AL
AASHIH S AAYW FAeAE AH Jdste] AL
&3kt

0 oA 9 744 10 7] AAMEZE E5F 70,000 7Y

H 5 o] 9l MNIST handwriting Ho]E] 1S A}-8-5}

°]% 60,000 /& ol Fskal 10,000 7

H2~E Hgo=zyt ALgslgit)

gl o 2= Jupyter Notebook & AME3FS L,
G2 =EE Q= 10)04 Sk

2) HUHYE AU
FGSM 71 & stolxl dlojz 7@ A3t 0-9 747

10 7)e] elm e sl L3 d

AR ASARE BEHA wsi HoA

IR ANE + At

Making adversarial samples (Result)

* Experiment - Targeted Attack (step=500, A=0.5)
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