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[Szegedy et al., 2014, Goodfellow et al .,2015]
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, +
€L sign(Vg.J (6,2, y)) fsign(VtJ(B.a:. Y))

“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 09.3 % confidence

[Goodfellow et al., 2015]1Hh" 55|

® [Szegedy et al., 2014] : “Intriguing properties of neural networks.”, ICLR 2014. 3
® [Goodfellow et al.,2015]:“Explaining and Harnessing Adversarial Examples”, ICLR 2015.
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o E{G(CIBENJ A RX)ZMADEDHBHEIEZX D ENFSNTLD
[Szegedy et al., 2014, Goodfellow et al .,2015]
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(Adversarial Perturbation) (Adversarial Example)

AT EHR

+ .007 x =
L sign(Vz.J(0, z, y)) esign(VgJ (0. x,y))
“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 09.3 % confidence

[Goodfellow et al., 2015]1Hh" 55|
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Bxe9Y > ' )L (Adversarial Example) for NLP

- D939 I\‘J—//0‘C‘Enﬁﬁyz'(?-b%,%ﬁ@“)\jjﬁvﬂ’ﬁﬁm“%
[Jia and Liang, 2017]

— SN FDRAIYVIZEZ TCNMTZER T AN ZERET D
[Belinkov and Bisk, 2018]

- ETREBCESHARED AN ZER/ L, DFB2ZR T LI ZIRERIT D
[Samanta and Mehta, 2017]

® EFIILDFEEN =D & THREIREN LS.




Ao Y EE (Adversarial Training)
o HHIY > D )LZ2FE (CHNX TRIETEsE= L (7B [Goodfellow et al .,2015]

j(O,w,y) =aJ(0,z,y) + (1 —a)J(0,x + esign (Vi J(0,x,y))
—_— e
SLpJEES AR Y > T IV EIEL < DX T SEIEIEX
e FHEMd D FAB (CHUIHFEZHL5k (Virtual Adversarial Training; VAT)

[Miyato et al., 2016]

Adversarial Training for Text

o HENIJ MNIVICEFHZNMZ, BWNERZITD [Miyato et al., 2017]
— THFRXAPMPREICEV\TCEERED, EBE(CRE I D8R (&R L TLYRL

BI=EFiE : [Miyato et al., 2017] (CDWLWTCEFULKIMRSB 9



BEfEFiE : [Miyato et al., 2017]

® Takeru Miyato, Andrew M Dai, and lan Goodfellow, ICLR 2017
“Adversarial training methods for semi-supervised text classification.”

® HHELSTM + Pre-Training (Language Model) + Adversarial Training

A EIREIND ML :,r(t) BHEAIRNL: w® 10




BEfEFiE : [Miyato et al., 2017]
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BEfEFiE : [Miyato et al., 2017]

® Takeru Miyato, Andrew M Dai, and lan Goodfellow, ICLR 2017
“Adversarial training methods for semi-supervised text classification.”

® HHELSTM + Pre-Training (Language Model) + Adversarial Training

A EIREIND ML :,r(t) BHEAIRNL: w® 19
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® FHOIEYFEDIRER (FLIEEEN LN B RN D)
— ERFE : [Miyato et al., 2017]
- S—4~twv : IMDB (B9 3EIRXD)
(Train : 21,246 Dev: 3,754 Test: 25,000 Unlabeled: 50,000)

gsdaoiEEIAT L () || MEARI RV : w®
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Method (semi-supervised : 1 )

Test error rate

Baseline 7.05 (%)
Random Perturbation (Labeled) 6.74 (%)
AdvT-Text [Miyato et al., 2017] 6.12 (%)
iAdvT-Text (Ours) 6.08 (%)
Random Perturbation (Labeled + Unlabeled)t 6.44 (%)
VAT-Text [Miyato et al., 20171+ 5.69 (%)
iVAT-Text (Ours)t 5.66 (%)
Full+Unlabeled+BoW [Maas et al., 2011] 11.11 (%)
Paragraph Vectors [Le and Mikolov, 2014} 7.42 (%)
SA-LSTM [Dai and Le, 2015]t 7.24 (%)
One-hot bi-LSTM [Johnson and Zhang, 2016]t 5.94 (%)

» BFFELREF or PURWVEREZIGS LN TEL.
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FillZzZ S DATIXXDIERK

o IBEID ) VLW ASTVOEHEZEZTIWZ T,
DO FHEERNEZE D DI MMEND D,
FANT—HX FiRllFEER: Positive

This movie turned out to be better than | had expected it to be Some
parts were pretty funny It was nice to have a movie with a new plot <eos>

ENEIY > )L FiRllFEER: Negative

This movie turned out to be worse than | had expected it to be Some
parts were pretty funny It was nice to have a movie with a new plot <eos>

“better” — “worse”" &t ESRX D EEFHKEENNE U
(XDOEFRBEZEELUTULD) 23




FillZzZ S DATIXXDIERK

FANT—HX FiBllFEER: Negative

There is really but one thing to say about this sorry movie It should never
have been made The first one one of my 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>

OS> FRFEER: Positive

There is really but one thing to say about that sorry movie It should never
have been made The first one one of my 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>

“this” — “that”" L IES#X 2 L FRERMNRE U TS
(MDRKIEEIEL TLVRW)
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