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1. Adversarial Example & (&{A A

+.007 x
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esign(V,J (8, 2,y))
“gibbon”

99.3 % confidence

x sign(VaJ (0,2, y))

“panda” “nematode”
57.7% confidence 8.2% confidence

1-1: XY X OEGIZHUNSEE) 2 8B 5 2 & TR
FEETICT F AP EEDEEE L4

___Classifier Input Classifier Output

Classifier Output

1-2: NFFORBIIRNy FEEL I THKFEE T
TN b= AR —=Z A EIE 4], ik Clever-
Hans [10] DU AR MY [11]1 &P

ATl Adversarial Example & % @ variant O 7€ 212
DWW HEIZEHIET 5,

1.1 Adversarial Example O E %

[6] I2BWT., BUNG A XD & S 78 H) % iz #k
H5IET, BHEFEHETAVPENEER I T ZEE
fixniz, ZoOEEBHOH Y SNZF — X % Adversarial
Example & IEL, [6] DFEH S DIRITFKR L 72 [9] 12#
507z 1-1 X, Adversarial Example O #iHH D X2
BIHEINS Z &% \02,

WUNZEENZR ST, 5 [Ny F] 2EL 2L TH
SEIEDBHED [7] TREI N (K 1-2), Zhix
Adversarial Patch & IEi$ 5,

HIERIAIZ 1%, Adversarial Example (%5 O B2 X
B EBMFEEET VIIHEIND 7 I ANED S L5
BIFORE T SOH/MEREE LT [6] TERMEET N T

W54,

DL E, WEBEPEELZIZ I AIIHEINE LD
IZE S N7z D % Targeted Adversarial Example & IFOF,
TEDY TALRIND T T AIREIND Z L DAEHIMN
& LUTHES N2 $ D % Untargeted Adversarial Example
EIES[12],

1.2 Adversarial Example O &

Adversarial Example 1. B E € 7V O iR IZ
BUAIHRETH D [13], 7277 LEBIZ Adversarial Ex-
ample ZET 2 I2H 72> TE, HROBWEL > A5
L ETIVORBEL Vo LR DOEENBEL LD S
% [14],

Adversarial Example (&, & 2 XN ROEWFEEET
WIZH U, HBANT—& (EFEPTFALN) ICEE%Z
INA, BRI EEHDTHS, LU, [15]TEHS
—=DDT—REF TR, EROT — 2T U THER
EEPER S 7z, T % Universal Adversarial Pertur-
bation &\ 55, Z OEE)HH > 72T — X % Universal
Adversarial Example & FE.3[16], [15] T, Universal
Adversarial Perturbation (., &2 EHDO T —XIZxtL
“Universal” 727213 CTld7e <. RR5EHDT —F T2
F ¥ OB FEEETVICBVWTHEENTH D I LHRE
NTWd, ZOEKET “Doubly-universal” TH 5 & I
TW3,

Adversarial Example 1%, 1-1 D k5 IZE®E %z
5 TEWD AR O EIIZH BN EE R — 25 H B
N HTcEL2LDbH 5, MIIFEHERELTS
Z T, AMIZE > TIREIARFE L 0T < 7225603,
DHAANOBEE Y RIE £ S (K 1-3),

1.3 Y 7IL7—I)L KIZH TS Adversarial Ex-
ample

Adversarial Example 13V 7)V'7 — )b K Okk % 7255
TEBREL B> TWV5D, Hl2IX McAfee #1235, EFEAZERIZ
T—7 %% 2 LT Tesla 0 HEEIH 2T 2 & 12
UL (18], AT 4 7 THLRELWY BT 507 [8],
F7-. HRSFENWHTH Adversarial Example 1% fi78E &
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(a) Lung CT (b) Mammogram (c) Brain MRI

(d) MNIST (e) CIFAR-10
1-3: BRA R A7 L INBEFLRT, BE#zAKE<
T5LHMFEETIVONERENEKSL 5, HERIX[17]
&0

License Plate ¥
MJZ52X  Florida

Vehicle Color IF
Black

Vehicle Orientation 1

|a»

License Plate It
8D6234 Nevada

Vehicle Orientation IF

|

License Plate 1
97Y7946 California

Vehicle Type IF
Suv-Crossover

Vehicle Orientation IF

1-4: Adversarial Fashion (2 X 0. AB T < ET
HBENRASIZHEBEINT VWS, BHEIE 2] DAT A
R&D

BoTHY, MRADBANLT 1 IV R —D AN LRED
INANRZZEII L, CVEY 233847 I 7z [19].

25 Uk % % 2. CERT/CC»8 XAl f% Nk %
FAWTHIE & 7= BsbR 223 £ 5 )VIZ DWW T, Adversarial
Example % [7)L 2V XA DMEFM)] L LTAEL
7z [20],

BEWEEE T VADKETH S Adversarial Example
ZRAWT, TR CRAELZE6SHFHET 5. Adver-
sarial Fashion [22] &, Bl A T 2R L. B %N
LNDESTHA I RkTHD (KM 1-4), £7z (23]
TlX. HE# A 5 Adversarial Example Z/Ef& L. Z®
[ % JCIZ DeepFake % Efd 5 Z L BHREEIZR D F
ERREI N, [24] THUSNZFHD LS ITHER
D72\ DeepFake I3 EHEZFEDAEADBRTHH., T

5 U X BB EA DR L LT Adversarial
Example 23¢#HbH1 5 5,

«L 7272 U, Adversarial Example & \» 5 S X ffibhTldvwizwn
HDOD, [25] IZE W THIAED Adversarial Example 2 £H4 3
SZWEMPBEINT WD, T 51T 2005 4121k Spam Filter D
Evasion 25 U 5N TE D [26]. AGRSCEARTH» S M EEH €5
VOB BRG] S THBIIMEINTE X,

2 {5l 21X TensorFlow ®F 2 — kY 7 )L [27] ¥ PyTorch D F 2 —
MU T [28) THEEIHEINT WS,

3 [6] Tl I norm AEEI T W=, flD 1, norm %, SSIM
REWFEHINEZEHH S [29],

#7272, ZoR/MEEEEERL Z L IXREETH D720, FE
BXOBETIHEL U 72/ MEFEZ R 2L 2 BE L TV 5,

+5 Adversarial Example 2 fE T 2BRIC T — X It 5 EH#H %
Adversarial Perturbation & L3,

62 BTHRIBT DL ICVNICABICHE TERVWE S ITKkER
E#HEMEDLL, WO EFEHET S [30],

7 WEGIME AT 2 72 DI L < b TW AT, L < IXIE
HALFEHEER S O R [31] 22D Z &,

B =2 F =XV RFEDY T b 2T LEMEFRDOE L IES
Nz, WHRYD CSIRT (F A N—kFa VT4 VYTV MC
e BF—L) TH5[32],
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2. Adversarial Example D&%

2.1 EHHICH TS Adversarial Example
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5 2-1: #7828 1) 5 Adversarial Example, ¥ — XA §w3C [33-36] 2 2FIZERK. %183 25 & 51T Whitebox Attack
T# > TH Transferability 12 & D Blackbox THENRKINTE I & 0H D, % dH o T Blackbox THH L LTWD
312 1% Required (Z “Whitebox, Blackbox (transferability)” & fi# U7z, 7272 UREE D E 7 )L~ D Whitebox Attack
IZDWTHIT Transferability D F = v 27 %9 5 D T3/ <, Transferability % F|fH L 2 DFLHIIZE R 7 Blackbox
Attack Z 2R L TW5 $H Dl “Blackbox (transferability)” & fi#k U 7z

Pakid RAD Required Fi X
‘Whitebox [9,37]
Image Classification
Blackbox (hard label) [38]
Whitebox [39]
Face Recognition
Whitebox, Blackbox (transferability) [40]
Computer Vision
Whitebox, Blackbox (transferability) [41]
Object Detection
Blackbox (position, hard label) [42]
‘Whitebox [43]
Video Classification
Blackbox (score) [44]
‘Whitebox [45]
Text Classification
Blackbox (score) [46]
Natural Language Proceeding
Machine Translation Whitebox, Blackbox (translated sentence) | [47]
Sentiment Analysis Whitebox, Blackbox (score) [48]
Whitebox [49]
Speech-to-text
Blackbox (generated text) [50]
Audio
Whitebox [51]
Speaker Recognition
Blackbox (score, hard label) [52]
Whitebox, Blackbox (transferability) [53]
Game
Blackbox (actions) [54]
Reinforcement Learning
Autonomous Vehicles Blackbox (position, velocity, actions) [55]
Energy Management System Whitebox, Blackbox (transferability) [56]
Whitebox [57]
Node Classification
Blackbox (score) [58]
Graph Whitebox, Blackbox (transferability) [59]
Link Prediction
Blackbox (predicted graph) [60]
Community Detection Blackbox (transferability) [61]

FFRI Security, Inc.
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A= 5 <
557 RAY Required X
Whitebox [62]
Electrocardiogram Classification
Time Series Blackbox (hard label) [63]
Regression Whitebox, Blackbox (transferability) [64]
‘Whitebox [65]
Malware Detection
Blackbox (hard label) [66]
Cyber Security
‘Whitebox [67]
Network Intrusion Detection
Blackbox (hard label) [68]
Whitebox [69]
Tabular Data Classification
Blackbox (score, hard label) [70]

FFRI Security, Inc.
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cockroach

bubble

sandal wine bottle

2-1: [71] DFIEIZ & 0 ERK X 7z Adversarial Exam-
ple

Computer Vision (BAF. CV) ORFIZHBIF 5 Adver-
sarial Example &, B XM &0 5 7285 S 5 RATH
U BN A 2D &5 R EBEPMA 505 Z LT, B
WEHETVICEA AR I THOTH D, ZOEF)
&, 1-1 @ & 5 BEBEEIZIT 25 DOLIMNIHTELE
T 5, [71] Tk, BHEEATIERLS, O 7L
DAZLEEESELETT, RAOHMSIEL I LITHIL
TWa (B2-1), D& 728%13 Sparse Adversarial
Example ¥ FEIEN 3 [72], £D—H T, FROE T I
EAHIELIRIFIREL BHLAZE 7 VIERIE L
TV, ZhzdEL, AMIZERL D50 & 5 7% Sparse
Adversarial Example % {ER 4 2 W58 & F1E S 5 [73].

ZoftizEe, iR UKL T8y F %&#E < Adversar-
ial Patch X, WD 42 8% il 2 5 Adversarial
Frame [74] (X 2-2) 72 ¥ @ variant 2 FEET 5,

Natural Language Processing (EA'F, NLP) D437z
B % Adversarial Example DK Tix, CV IZEIF 5
TNEIERZ S -NEEINEL B, THEEREEET
WAZHT 2 AND, EEDEGEERRTH 2 9DIZH U,
TXFANDOBEITHEIC 5720 TH S [34], BIAIK
“FFRI” &\ 5 HEED X FEETNTN 05 AT 57,
EWVI ZERATMETH S, £, ThEN1ESIC
THF L “GGSI” &0, AMIZE > TRE SERA R
BoTULED, T, ORI EEEET
VA% L CH, ARI7 Adversarial Example & (3
VL, ZOZZITHEL, AR TRERIZR
570 & S5, “FFR1” &5 &\ o 2 3UERHEED A

Collie — Canoe

2-2: [74] DFEIZ & © A% X 1172 Adversarial Frame.
3 —RBHX=ACHEPEINTVD

Task: Sentiment Analysis. Classifier: CNN. Original label: 99.8% Negative. Adversarial label: 81.0% Positive.

Text: | love these awdul awf ul 80's summer camp movies. The best part about "Party Camp" is the fact that it lterally
literaly has Ao No plot. The cliches clichs here are limitless: the nerds vs. the jocks, the secret camera in the girls locker
room, the hikers happening upon a nudist colony, the contest at the conclusion, the secretly horny camp administrators,
and the embarassingly embarrassingly feeish foOlish sexual innuendo littered throughout. This movie will make you
laugh, but never intentionally. | repeat, never.

B 2-3: [34] THERK & 117z Adversarial Example D4,
HEEDO—f2 KXFIZ L2, ZEHEAND Z LT, A
HZIETC D & RBRIZHEsD 5 — H THRMEEE T T LI
BMAHIELZLIZRIILT WS

PHIR - BEBRARFEHINTVWS (K23 220),

Audio D/ EFIZE W TH, Adversarial Example (1%
1E9 %, Audio FKRIIDFDT —XTH O, U=
W& LA HHE S LT Adversarial Example % 4% T
X5, [49] Tk, AfHlick T Z A2 XEL, B
FHEETIVD transcribe T2 XEHEAE RS ERRLEDITL
720, BEOT L — XK EE TV transcribe U
TUEIEAMDAL Z LITHII L7210, 7208
M7z ¥ OIFRINDIE T — X IZDOWTH Audio & [FFRIZ
Adversarial Example 24K T & % [62],

Reinforcement Learning (BLF, RL) {2315 % Adver-
sarial Example 1, 2 D07 7o —FIZKilashd, 1D
BN D Agent @D Observation (ZEHENZE % il X 5

FFRI Security, Inc.
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HEDTH5, [53] Tk, F—LHEEIZEEZMNA, 7 —
LETVLA1T D Agent NOREEZIT-oTWS, £ 1
DI, WSRO Agent & XD Agent ZIfET 5 &
Wo 72 FEIZ L D, [MEEIZ Agent @ Observation 124
BaEMZZEDTH S, [55] Tk, O HB)EZH
XU, BRICHROBEVE DD L5807 Ty v aki
ZEB &S, BHOKEM Agent % Deep Q-Learning [75]
Tl LT W5,

Graph ¥ — & % # 5 Neural Network & L T, Graph
Neural Network (BA K, GNN) 23/Z/£ 9 % «!1, Neural Net-
work % Graph 57— Z 23 2 A1 1997 F£0D [76]
M5 H Y, [77] TGNN HBHRIBE 72, GNN IZ, Node [H
IZ Link DMFEET 55 & 5 » (Edge BFIET 50 E 5 )
% ¥ 19 % Link Prediction ¥, Graph %*% Community
IZJE9 % Subgraph % fi{ti 9% Community Detection 73
CISHEINTWS, 25 U7z Graph 7 — R % % 5 ik
FEETMICH Uit HHE2 I ¥ 5720, A9 % Graph
2R U Edge %8B - HIBRL 72D, Node Z3EMT 5 &
W 72 Pk % W T Adversarial Example 23EK & 11T
W5 [35],

{RIZ Cyber Security D473 87123513 % Adversarial Ex-
ample (ZDWTHEHT B, ANXLT A NVR—=PT LY <
T HHIZE AN D Adversarial Example % fEf 3 % Z & 1%,
MEERDNA NAZHAB I THSB, LA’ L, Cyber
Security @ 43% Ti% Adversarial Example 232183 115
B2 S MUEIER DN A N ZFIEFI T b T E 72, HlZ
X, 2005 D [26] TIEANRLATHRWA—VIZEENS
HEEEFA - BT I L ICKBANLT 4 VX —DN
ANRADERLE S5NT WD, FHKIZIL Y = 7REERD
NANRZEEPSITONT & 7212, BEEEPILHI
N7V T = TRABANOLE L LT, [65] TlEvIL
TITDNALF) DO ERET S LT 60 [ 52
iz NANAIEDZ LI L, YV Y 27 2l
TRIIHzoTIE, REBOIVY T HHEETLZ &
DRBETHD L VSHIRVEFLET S, ThEEHT 57
O, B2 [65] Tl 1 v R— MEBDBEM®, 77 A
VOERBIZT v 7T — R8T 57253, B8
ERIFI RV BFEIRAIN TV S,

%12, Tabular Data IZ 51} % Adversarial Example
IZDWTikR %, Tabular Data (2 3\ TR 7 s,
Tabular DERIZIFEMAEPH T IV ANLT —X L \Woiz

BEOT —XBNFAET DL THD, ZOoRHLEL
T. [69] TITBERUE Z 8 & U THRW. EHF D720
AT TV AT —XIFHIBRL TW5, [70] TiE, £k
U 7z Adversarial Example (ZD\WT, BHIED 7 1 — )L
ROMEIEID D, T—IED T 4 —)b FOMEIE L E W E
EDRK/PMEBRIZED 0P 1T ITIRY BITB L VL2 T R
ZiToTW5,

Z D & 51T, Adversarial Example I [6] TEZ I 7z
CV Dz iz, Hx 2B TP EA TV S,

22 HEEDELNDIFBRODFZEICE S Ad-
versarial Example D958

WEREMFONSHEHMDHEIZEL D, Adversarial Ex-
ample DA% F k% Whitebox Attack & Blackbox Attack
IZKAS B Z A TE B [78], Whitebox Attack %, X
ROBEWFE € T IVIINT 2R AR K CEEN T
Y AERBELT D, ETNDT —FT 7 F ¥ il
AETNDEFENT A=K HFHEHL 72T — R D5
MRe, BTERBEVHI->TE D, FLHBHROE
TIVZT 7R ANTELHRETH S, Hl XX Whitebox
Attack ®—2 T % Fast Gradient Sign Method [9] (24
T. FGSM) 2BV THEHHEZEHET 2121, dlIfFEAE
TNDNTRA=RP Tk W BREBO G D5
HARBETH Y, Whitebox DRETRIINIEZINS D
B%2325Z L IZHEETH 5, EBRICKREDKWFAEET
V% BT 25461218, Whitebox TH 5 Z & ITIEBISE
HCcdhdH, k32 X512 Model Extraction=!3 & #
At S Z & T Blackbox Attack BV EBTE 720, 3
FTHBT 2 & 512 Adversarial Training (25 Z & T
E 7 )V D Adversarial Example ~ Dk % mH 5 Z & H°
T& %7 ¥, Whitebox Attack HIRIZEHTH 5,

Blackbox Attack i%, BEH DRF S N 5 IHHRAHIRE 1
7B THL, 72770, ZOERITHEIT L - THRAR B,
BZIE[I9] TR TET VDT —FF 7 F ¥ 15 UAERIZ
L, ET VDA DAEM>TWS] HELINT
WBH, [80] IZBWTIXIRET 2% %% [Transformer
Architectures (Z %3 % Blackbox Attack] T®» % & X5k
LTWwad&512, 49 LHBEEHRDE T IMITH LA
EELMRELURVERTIEZY, 20X 512, Whitebox
Attack 1ZE TIERVE OO KEFRDE T IV LAl
S DD RE T 256 . Graybox (Greybox) Attack

FFRI Security, Inc.
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EREEND Z D3 B x4,

IITHEMEEET VO T LT, (12, L
IBEED) 7V T B EETVOAIT %
WEE LT 5 E D% Score-based Attack & IFUF, FHlX 1
57 )V DA%EBELEL T BHE D% Decision-based Attack
LIER [36], BMFEEHETIVOHIIT B AT % Soft-
label &Y, H 13 5 5 X)L % Hard-label & IFE3Z
W H B 7-8 [81]. Decision-based Attack |& Hard-label
Attack ¥ IEIEN S Z &+ $H 5 [82], Blackbox Attack ®
FHEF BFD 2 22 KilEnsg, HEROETIVAY
TYL, T—XEHRLICAE ZARZ E58ELTWL
Query-based Attack &, HEHRLDETLVORBEET NV
IZ%F U Whitebox Attack %17 9 Transfer-based Attack T
» % [83], Query-based Attack Ik, [84] % [74] 233424
35, [85] Tl. ImageNet [86] ETHlfiz €T N
XL 900 FEEDHD 7 TV IZ XD, 100% DKEE
T Adversarial Attack % {2 X €7z,

Transfer-based Attack 1%, Model Extraction 7% & Txf
OKWFHET IV EIGIZRBETVEERT 20 L,
FITHRVBEDIZHMN S, Adversarial Example 1Z 1%,
HBHEMFEET VI LA S OM, Mo EE
ETNMIHUTEENTH S Z & dH 5, Transferabil-
ity & WS MWEDPFEET D, HilZIE [87] Tl Support
Vector Machine (BLF, SVM) ®EA, Deep Neural
Network 72 ¥ 725 7))LV 3 V) A L% F 72\ 72 Adversar-
ial Example @ Transferability 2§ &7z, T Z T,
@ U7 N3V X LELTO Transferability 235+ &\
£ DD, Logistic Regression ® € 7 iZxf LIERK X 1
7= Adversarial Example ® 90% X LAY SVM 125t LAZR)
THdDEVoZ EHRI NIz, — /i, Transferability
ERORMIZISAT 5720, HBHROEETEE
TN I REETIVEERT 5 Fike LTI, [88]
MdH 5, [88] Tlk. Amazon. Google., Microsoft f O}
Clarifai ® 27 77 NEGSEY — 2 LREE TV
Z e L. PGD Attack [89] % ZJ¥ L 7= Whitebox Attack
ERBETVICHEHMHTAI LT, Y —LCRAIHNLEA
#7172 Adversarial Example % {Ejf U7z, ZD &SIk
B, RIZHBEHROBMFEET L2
< $.72 % € 5 )L IZ Whitebox Attack 217> CH, FiHRD
Transferability 12 & O HROEMFEETVIZHLTDH
WD 5 Z L ldd b, D72, Whitebox Attack

DFEDOFLTH > TH, T D Transferability iZ & > T,
Blackbox DFE THEEREZITI T LDHB15, TD LD
56 & E B 72 Blackbox Attack (Query-based Attack
O Model Extraction %47 5 Transferability Attack) %
15562570, £ 2.1 TIHET#H % “Blackbox
(transferability)” & Fl# L 7z,

F7-. [84] IZHB T, Nobox Attack &\ ZEMIRE
X N7z, Nobox Attack Tld, BEEF IFBEENR & 258
WEEEE T IZDOWTDAGEA L <. & 51T Adversarial
Example % {ER 3 % 72D ICKHBERRDETFIVIZT — X
7T )THILETERY, [84] Tl Nobox Attack
D BRI R FHFEIZREI NG o 725, £I2[90] 126
WTEBRE L7216,

O Y72 VEEKRIZEER TS B H, ATALELIC X v EkREE LT
b b, HlZIE TensorFlow D F 2 — kU 7L [27] TlE.
“float32” BLIZ ¥ v A b I hiztg, EHELTbNS,

10 R DFEHZHD Web B 1 b [91] TEBEOHIZEES Z R TE 3B,

«I1 Graph Neural Network @ 5% % 2 2122\ T O IE [92]
12k 5,

«12 {5 21X 2004 D [93].

ST ROBMEEE TN EAEORKAE - 2R O>ETLVEHE
I ZMET, HIAIE[94] TIE APL BRHEHDOT 7R RAI2&D
Amazon D& 57527 57 R -V ADOEWFEEET L 2 EWNT
BT IR U Tz,

14 il 21X [95] % [96] IZZFNF N DML Tk Blackbox TH B & L
TWBN, ¥ —_A X [36] Tl Graybox TH 2 L fLiE D
SNTWVW5B,

<15 Bl 213 [64] 72 &,

«16 Z Z %, Whitebox Attack ® Transferability % i\ 72354,
Nobox Attack B3NS 2 Z & idkd 5,

FFRI Security, Inc.
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3. Adversarial Example O BhEl

3.1 Adversarial Example OBFfEHIF L& 2D
INAINZA

Adversarial Example D& FIZ 03 2720, FHETF
BB HENEA T, BT ERE I B S0
%, Adversarial Example % 519 5 FHE &, #i7H
ETINEDLH D% Adversarial Example (2% L T Robust
295 (iEx2EDd) FETH 5,

Adversarial Example Z#&13 5 FiE e UTid, #ik
B E T IVIZH 7212 Adversarial Example FHD 5% 2 <
A%BINY % [97] ®. Adversarial Example T & % »°
BEDHT B0 EFRT 5 [98] R EPRES
N7z, BEMFEE TV % Robust 129 5 Fike LTIk,
Distillation=!7 % f{\\C Robust 2k HE € 7V % /E K
3% Defensive Distillation [99] 7 ¥ AR X 177,

LU, 295 UEEFRIIZE TR 572,

Defensive Distillation [99] 7% C&W Attack [100] 12 &
DS NTD %YV IZ, Bk4 7 Adversarial Example
DFFHEFIEL L S Nz, [12] TIEEGHR L 7= [97] % [98]
% & ¥ Adversarial Example ORAIF LAY 10 N1 %
Z X4, [101] TIX ICLR 2018 iZ THRE I N BT
HEDSH 6 DDGERITNA NAI NIz,

2T [97] DNA NRAFFIZ DWW IZH % M
WCHHT 5, MO e ROHEERD 2 HAH%EETTS 7
HREHZ D, [97) OFIETIE, TT@EE@ED Z0D 214
DEEEAT D DR EERT 5, WIT, T OHFEERITH L
Adversarial Example Z #EEKT 5, £ LT, SIS
DR », ROMEA, Adversarial Example 22D 3 f# 43
et e R T %5, 212 & o T Adversarial
Example 2 AL &5, W EDTH o7z, THITHK
L. [12] Tlk. RO K SN XA %fF57-, T, &
LROERE OGRS E e T D, £ 2
T, WBNE 2% EHO 3N EHEZ., MOLO R
2EDHRR E AT, HOEG] ». TROESE 2I1F
Adversarial Example] 2z ¥|E T 23R TH S, TD
2 EDFHBRITN UL OB & HE XD Adversarial
Example Z{Efkd 2 Z D TE, ZHIZ & D MAIE N A
NAFTBIZEWNTES, [98] Tl Adversarial Example

NE DS PEHET 082 FER L TRATT 2 FEI R
EINDH, THEHFERIZNA N TE 5418,
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