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B (VA ARZ M) BEZBZ 0T, FYEEA,
HAENIFB RO =—a—5 )3y N ERESHEIE L
K > 7L (Adversarial Example) % F\ 72 AiEEmDS
SEAES K DIFEHICIEH SN T WS [15,4]. Hil HE
BERFHDONETIE, ELSOETETWA RV XD
BIZH U CEEZMNZ, MiE-7-0EEIEEZ N
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512, BOSHEE (Adversarial Training) & FFE 5 {E
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EMADFEEZRET S (M), BEFHEIIE, D
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THETTHZEIINETH D, ZNIFEEI MDD -/
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AfEcl, fliEaple LT=s 5 AnHEMEE X
KIZEwmEITS. 22Tk, AhExE, HhEIE
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THREENHIZB T DY > 7V RIS 2585 (3]
W 5H, One-hot BARZ MVOAFUZEHL, #ONHY > 7 Lo
HRRIIIEEEERZIT> TWA 7D, HEEREW. X/, 40
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X 2: Woat 3 2 LSTM (2@t L 7= 4.

Method Test error rate
Baseline 7.05 (%)
Adversarial [11] 6.02 (%)
(Ours) Adversarial-Real (Uniq) 6.34 (%)
(Ours) Adversarial-Real (Sum) 5.89 (%)
Virtual Adversarial [11] 5.69 (%)
(Ours) Virtual Adversarial-Real (Uniq) 6.15 (%)
(Owurs) Virtual Adversarial-Real (Sum) 5.66 (%)
Full+Unlabeled+BoW [10] 11.11 (%)
Paragraph Vectors [9] 7.42 (%)
SA-LSTM [2] 7.24 (%)
One-hot bi-LSTM [8] 5.94 (%)

F 1: EERAEE IMDB (281 B8 & 2 7).

BKEEWAMNY FIVE dyosy £ 5.

¢
€ — dnost - ra(1d)vREAL (8)
dmost : dmost

UED &SI ()~(il) 2F X5 Z 2T, RRATEER
BEE#ZHET LI NN TES. fEkiE G 3) LBk,
BEREBICREEOES 2 INA, Bt EE iAW,

4 =B
4.1 EERFEZTE

XESFIZBVWTREFEOE MM % MEEL 7=.
TRy b UT, HED2 7T AN K (Posi-
tive/Negative) D5 — X £ v  IMDB[10] % fi\7=.
WRT — % 21,246 X, BFT— X 3,754 L, T AT —
& 25,000 X, 7)) LT—2X& 50,000 XTH5. %
FAWFSE [11] 12 HE, BTLEE e U C/hsepfbid e d, 5E
BRI T — X TR LT — X oL,
FEEHIT 86,935 L7 o7,

[FRRIZ TS [11] 1266\, DR LT 1 EDH
FE LSTM[5] Z W7z (2) . LSTM IZZHAHIZ TN
MR UTF— R TCEHBETNEIM UL, BT —2%
FA\"C Early Stopping 217\, F¥T —X TixbEW»
EffRE2EZETIVET A NT— XTI L 7=,

Bhiidp 0 gE Y H D FEED 2 DOREEAL
7=. #iidH » FE Tl Adversarial Training(Adv)[11]
&, HRETE (Adversarial-Real) ZEiR L, P& EIDH 0
¥# Tl Virtual Adversarial Training(VAT)[12, 11] &,
P FIL (Virtual Adversarial-Real) % L U 7z,
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3: Positive — Negative 4: Negative — Positive

4.2 EEBRER

FIZREFIER L PHFEFEDOIMDB I8 5 —
R (%) #R7. 2 DDREFE (Unig, Sum) T Base-
line Z 2 2 PALMEREZGRD Z LN TEL I ENTE
72, ThET—XRE2EZEEBULRVWEBETFEILE Ad-
versarial TIXEWINALEREZR 1§D Z & AT E, Virtual
Adversarial-Real CTIXFRIREEDOMEEEZEL Z LN TE
7=. Adversarial & U Virtual Adversarial D i ;T Sum
MEWIALMERE 2D Z e Db o7z, X O MR Ry
~ T — 2 i T AT DD FIE (8] £ D &
BWHEERZEBD Z N TE . HEEFED Adversarial
KO Virtual Adversarial[11] OEERGE R IL, FEE LR
BHREEBEIUERMTHEEEZTo-MERTH B, AEDE
BokE L, P ORERELORWA 2T 2EON
TW5. (Adv:6.21%, Vat:5.91%)
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X R DT HI

EBEDOT A b F—X X This movie turned out to be better than I had expected it to be Some parts were pretty funny It was nice to have a movie Positive

with a new plot <eos>

O v 7 This movie turned out to be - than I had expected it to be Some parts were pretty funny It was nice to have a movie Negative
with a new plot <eos>
ES- 105N F—X 3L | There is really but one thing to say about this sorry movie It should never have been made The first one one of my Negative
favourites An American Werewolf in London is a great movie with a good plot good actors and good FX But this one It
stinks to heaven with a cry of helplessness <eos>
Fﬂ(;@ﬂ"}ﬁ' % There is really but one thing to say about that sorry movie It should never have been made The first one one of my Positive

favourites An American Werewolf in London is a great movie with a good plot good actors and good FX But this one It

stinks to heaven with a cry of helplessness <eos>

#£2: PHEADEROTHZTSE 2 ASISC @Y > 70 OAEEl. EEOHIX better—worse N DE E
iz, this—that NOE ST L > TPHRERAKIEEL TV 5.

5 EFILODH

51 E3oaflt

3, 4IIZEBIRY MLEag L. 2ot
IZid, BEFED Uniq 2HVWTWS, ZHOHE
X, ZHMTARNTF—XOEBROXTH Y, GHIDH
FEIXIRETFIE (Uniq) DK ap &R EUHBFETH
5.t (FEHITR) OIRRIRERRIZEVEFES N
THEEIRI MLVOREITHY, TNTNDHENE
SHZ BB, DEBPMEIEZ GV E D PDES
WERLTWS LEIRTE 5. 72720, BRI ek
TIEHLU-ETH 5. 3 1%, IEf#AY Positive 7 7
AZADXTHYH, XEIKT better—worse IZE XX 5
ENHHBDEEZ R T WI L E2EZTWS., [ERRIZH
4 1% Negative 7 7 ADXTH Y, HEREZVWEHS
LD 1Al bad—good DiE S A S TH D Z &M’
Dr5.

52 BNEIRAAXDIERK

BRETIE, figiToRLELSIC, YORERRO
FOHIEIZES MR D DHEBEVPEBHLOT VL
WIS DEREHETAIENTES. ZhEinHL, A
MIDAEIR L X 3 WEB O HFEANE S 77— X
EUERTAZ L EHRETH B.

RERIETIE, BEYAR L BER T MV AN HERE R
WEHRINTWE 2, HEERT MUVZEEIZINZ 7~
T RN, EDOLDREGEIZHIG L TWD DH % fiF
Mz ehnTERN. —HT, BEEL, EFETS
HEERT MUV FIZE#HZEET 5 Z T, BEA
MEHEOBESWMZ ZMNIGMNITEZENTESL LI
o7,

FOMEAFALT, FAMNXOHEELY, HHE»
BEEOHBEBABEIZ 27 2T, TXOFHKER% R
EZDHOSIR AN EERTH I 225, £2
IZEBIZER LU ZBo Y Y Vol Rd. 22T
AWz T AN T —21%, FEBF A HER (Baseline) H°
FEULLpECcEXOdhhsY 7Y v U,

Sl DEHN D S, DFEEMSEEZ D ATIZIEKEL
DT T2EHBZ VDN 5.

1. XOEERPLEDY, FRPKIEZET S (R 2 LE).
2. XDFERIZED S, FRAKIET 5 (F2 TH).

Z D &S ITHEBDEEZ B HOTHY Y T & AR
5L T, DEHOMEENS Z LN TES.
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FAFDOERTIIHIERT MLEASTE LTS
M, XERZ MLEHWSETFTIVIZHEIET 5 Z LT,
XFELV RV DOERER AT (XA K) 2EETEHZ L
HAEEIZR D, ZORALL LTT I —3[IEX A2 T
FEZRTWVWT—XDERP, I DT VXA KD
WADIGHIZHWA Z 2N TE 5.

6 BbHYIC

AT, BARSEUHIZB 30 Z2RTE
FhE Mz a8z, HEEET— X GICRET 5 Fik
PREUZ. BEFERZHVWD Z T, ARG
HRBEZEETAI N TERZ L2 RLE. X5
12, BN R ERT A2 T, SEBOWEE A
IR ARE . 22 5. AR, IO #AE U
T, ¥R 5 ANER A7 CIREEDENNE % KR
SEL7ZA, Ty a—XTa—XETI([14] ~NDIED,
RO A N EZREZ B 7O ATY bOY—O A&
FKAbT B LS LEBEEE2EZ ST, FEOHIET
5 &I MANLDERPITZ L5 UEENE H 5. 54,
Pea e R ALY, ETNVAOMAZZEZTHNE.,
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