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Natural Language Inference Based on Adversarial Regularization

LIU Guang-Can'? CAO Yu' XU Jia-Ming? XU Bo*?

Abstract At present, natural language inference (NLI) models rely heavily on word information. Although the discrimi-
nant information related to the words plays an important role in inference, the inference models should pay more attention
to the internal meaning of continuous text and the expression of language, and carry out inference through an overall grasp
of sentence meaning rather than make shallow inference based on the opposition or similarity between individual words. In
addition, the traditional supervised learning method makes the model rely too much on the language priori of the training
set, and lacks the understanding of the language logic. In order to explicitly emphasize the importance of the learning
sequence encoding and reduce the impact of language bias, this paper proposes a natural language inference method based
on adversarial regularization. This method firstly introduces an inference model based on word encoding, which takes
the word encoding in the standard inference model as input, and it can infer successfully only by using language bias.
Then, through the adversarial training between the two models, the standard inference model can avoid relying too much
on language bias. Experiments were carried out on two open standard datasets, SNLI and Breaking-NLI. On the SNLI
dataset, the method achieves the best performance in existing inference models based on sentence embedding, and achieves

87.60 % accuracy in test set. And the inference model has achieved state-of-the-art result on the Breaking-NLI dataset.
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Table 1

Three examples from the SNLI dataset

Premise (Fi##)

Hypothesis (f&#i%) Label (F5%)

A soccer game with multiple males playing.

—WHZ 4 BTSN LR LE.

A person on a horse jumps over a broken down airplane.
W SO e DS AT

A black race car starts up in front of a crowd of people.

(B30 — B OIERAE— AT RS-

Some men are playing a sport. Entailment
A8 NAEMLZ ). %

A person is training his horse for a competition. Neutral
KT BN, —A NIELEI Gt . LANYA

Contradiction

X s

A man is driving down a lonely road.

— B IIFE AT AT B e

HAGER; 5—ENE 0B F, T2
MR H B AR ST A Z AR, AR SCRYE
BT T AR ¥, BURIZ A B e Bk
A, ATDARE RS BE 24T 55 |

X E AR TE F R AT TSR 2 A e
TERMERR AR FEUS T BOR M iR, (H2 il
I oE ) 2 HA 22 SO R AR /1 56 3 i B2 AL 35 1) )
MR, T2 K& FI I A] A3 3] 22 18] 37 B AH
USRIk R VAT HERAE Y, A R R R
VO AT PASEATHERE. A AR T 133X 2 PR 2 AR 0 N
BN A B3 5, AR 7 e i 2
[ X R AT H HHERE, LR PERTEE Y “expen-
sive” falFIfEI Y “cheap” ia], fi] S HS 4> H)
TR R AR, TS Ps A R AN A2 A — 1
HAE, IR Z AR K RV IZE L. HEFRBAL FE K
AR 1), U BRSBTS e
T AN R BT PR B BT 2R Ik 1 i) SR R AT 2 4
HERE.

— RS I 5 O R A BRART A 52 e 11 Ty 52
BT ARSI G B s FEAT HERR AR AL Ch T
Fr A, AR SCEEH WIM (Word inference model)
R AR 1) i 1 F TR HEAT HERE AL AL ), 58 b
WIM A PAVE R — PR ) FE i AL, AR S
T FR 6B I U Ak ¥ ok AT 35 I A 52, LA
7SR LA U P A BB TR XA AR 1] 2 A
PR BT HERL P T IEAT R, DA
SR AEXTHHLER, — T IZE WIM, 5% 848
Jn] e HEFE IE A, Horp WIM A58 () 3] 4 15 e o 2
AR EHE AR AR (s 5y — 5 TN SR v P ASE 2R,
VAT TR g RS A RS RS, B R H S
MERRER 0 R, R B WIM B R PERE. 78
X E B B AR ALE T, Pitk B 205 F R
it

AT B AT DA S B 3 I £, T ELT AN
FEAfPE L ResE. 7E SNLI Fil Breaking-NLI $¢#54E I
() SE IR 45 SRR TIZ AR A R ASCRE

YRAE SNLI $idfs S BT 1 A B i BRASE 2 o Ji A
THAFRIEER, 1 HAE Breaking-NLI %ifjadie I
CEEVRIES

ASCH) EE TN T 1)l RS R A,
ZIRRAT o, 9 5 IR HEEALA A
FRBES), DNIRREZIENEE. 2) KEARIES
FEER ) BB, (AR A T IR R
FR DR XA TR A, M A2 5 A B SIS B A S 4L
ALK = 2. 3) iadfE SNLI il
Breaking-NLI %44k b % 52 560 3% WA SCH 07 3k
AR, BATHE PR IS 1A R 3T

1 HExI1E
BB S I

H #i A F i ATLE B RIE T AR Z Ik
BRI T Z N, X R e E A AR5
S R B B A AR BB A AT R i, SRS REE AT
CIR = VNt y o Q) E R U E 2N S o S R N
MR 1 frR. ECA N TAES, REHR TAE
i i B A0 2 W 4% (Convolution neural network,
CNN) FIKZERHEIZM %% (Long short-time mem-
ory, LSTM) 1t dtibe, 4 Liu 202 3 i &
TR KAERHTIZM % (Bidirectional LSTM, BiL-
STM) Hy4) T4 45, Mou 13 J7 TRy
CNN 4] F-gatt 25, AR Z 6 B A 4= ) p
28 W 28 HEAT A T A BB 98 TAE, 41 Munkhdalai
4:114] gt NSE (Neural semantic encoder) (1242
HheR 22 M 2%, T BB SRS, fb L
TR E AR IR R Y T4 Pk AR I B R 1L
. Shen %01 i i DISAN B, AR 354 ]
CNN FIEEF M 2% 2% (Recurrent neural network,
RNN), [fii /@58 et i 58 B3 i 2 4R TR
X % 1 HLH. Shen 219 7 ReSAN (Re-
inforced self-attention network) ##4, Z AL
SR E S R B AR R A AE . Im

1.1
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AJTE B2 s HHA R, B WA 2R
B, R B R 3800 X 7 ) 1 ) 301 I 1K 5 AL L
KIEENZBNE IS, BRI E5R.
IR, XA H S I7 VAN REFEAR 2 B4~ h) 1A
WAL S5 LB, AR A TR A —FRE R
PR T 7 HTE B A, AR SO R TR TR A
PR ARG, VAN T3 2 NLP L5
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Fig.1 The structure of natural language inference (NLI)
12 3

Goodfellow 45181 #8 th 2k g %41 M 4% (Gener-
ative adversarial network, GAN) {Eh—Fh2z>) £

P B T 3 AR s — A E g G
HM—F5gs D, G A D AE— /MR I REgE
BeFENGE, Jitk H b2 s 2 gh fH 5

mén max V(D,G) = Esp,... log D(z)] +
E..,. [log(1 — D(G(2)))] (1)

Horp, A piAs G ARSI 2011 p. HORFE B2
NAB & 2 SR B BARE, PABSEHDIEE D. 5
— 7, FlGER D o2 — e T on kA, Bk
B EFERE 5 A2 ok A Y28k 2 ok B A2 i
A R A A OB ) 2% e L R AR A
PEBE R BE BT YIS, H 228> — A E A,
AL 0 R 1 T Paata-

A ORI 28 LA R AR S A= 4 T I RE T,
T2 3z KYE, H HAR BRGNS0 Az B A5 e 5
R Z AR, TS T RS A8 B mRCE. nt
it XL 2% 1 B ekt LSGANDO Fi WGANEROL
S 47 19 4 7E P45 AR 1 i B ) BicycleGANEY Al
Dual GAN2 FE A il BRI SeqGANES! Al
RankGANPY 4 g3t §F98 A AR T HAd i
YIZRrsems2o-261 LG il IR R R A A Y
BT

2 KXk

2 @A SCER R R TR AR B ARTE S
PEBLBCAE P, 18 B2 pbn it NLL A%
ARSCHR RSG5 2 )2 R FR B (Enhanced
multi-level representations inference model, EM-
RIM), 27825 A B0 ) 4 A i) NLT X368 1 i
fe 2Ry WIM AL Ho EMRIM AR T 5040 45 37
G MgiEs . 0 Xeds Aoy, AL
WL ZRMmLEEHFER FRIEFHEE. I EASHEE
H P X470 2 0 A D R AT o 5 i P SR, AT

-
= RIS [ L sEm | =
2 ‘ ! 1 -
i & WEHEA T
<t PURBRAE
; RSB | P | o —
=  BEhs NLI % F, ‘ L]
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B2 BTG R 5 U A 25 H P

Fig.2 The structure of natural language inference model based on adversarial regularization
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Fig.3 Word encoder and sentence encoder

network structure

1) it A 5 Z w7 ey e B AL, 5wl
25 B3] 1] B GloVel®™) 45— A B g e 45 5] 1) i =5
[i].

2) TR B AR (CNN) M 5|
BRI A L. SEEIERT, % 7 ¥EXT AL PRAE S|
(Out of vocabulary, OOV) £ & i#k B2,

3) POS #il NER #52%: i j A PEAR i (Part-
of-speech, POS) Flr 44 5L A& H 5l (Named-entity
recognition, NER) > $RA5 5 i 1) ) P 45 5L A1 55 14

& B, A5 — A B iu] v DAGE i A 28 3R 15 % . 19
POS ik AZFRFI NER fix AR, X FP 5 ¥ i
A A A0 5 T 215 B

4) K5HAUTH (Exact match, EM): 3241 #% 7%
BRI &, ) 3 A R AE ok % X AN ] 2
e SRR RER VLD, 4 3FRRIERIER . /NGB
LA

5) CoVe: @I HLEFHEIPFR 15203 iy _EF SC )
RN, A SO AON T B4R AL 3, DA /A
e Zied

A SR HI T 42 2 59 22 Ap il 5 B R IR R A
EAEARAL AT DA R 2 £ B2 R4S 30l AH R 9 R 15 B
117 H oA Ja S20) 7 gm i Pt R Ar i Bl ERAE, DATE #E
B HBER AR A 7 R SO, AT A B AR

2.2 RAITmALES

N T HARA T RE UGB, A & e

i 25 1] BILSTM Ml Kitfk (Max pooling) 1

TS A NREN T BFI (wi, w, ws,

-y wr), BARKAERCIZM R T2 (b, he, ha,
-, he), AN AP R0 AT

— Pp——

hy = LST M, (w1, ws, -+ ,wr) (2)

— —

he = LST M, (w1, ws, -+ ,wr) (3)
— —

ht — |:h/t, ht] (4)

BN T WA TR IR RS, X8 i
i OB A0 i R B A AL PR, #5315 Ry [ 4E
BER/IN )

x = MazPooling(hy,ha, hs, -+ ,hy)  (5)

FEHE H ARG B AL I R ) - G A o
IR 2 )2 S5, B AR AT A pR Ak, [ B 3R
SRME S 5. AN, SRR N R ELAIESE, A
[7] 2 BE ISR IR 7] R f i vE RIS A5 B BY. A
W R EZZREN, KRG ZBENE G R,
FEHERA A, i I AT BILSTM il Max Pooling
HZ AR F S 4, T amiban s =2, §—
JZ BILSTM #52 R I b6 g A B ) F 504 R A Tt
H, B 7% —2 BiLSTM Z 4hHAth BILSTM 2,
et FH A — 2 9 2 1) B 2RSSR AT IR AL L B IR A
X g— 2 BILSTM [yf th 47 oKt Ak, A) 74 fid
) i 2 Bt R B — A B Rt AL 2 i Y ER R DR
Kl 3 Eon T HARRI M 25 2544 .

2.3 TRTHER

)G e 14 i e TR MBS [ 7 4B R 114
RN u Ml o, RIGFFENEEA TR 28 T8
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H AR S TS5 b, THUZ > Jeas — IO 2 )2 /& Pre(Alp, @) = Fa(gu, 9u) (14)

FIHL (Multilayer perceptron, MLP) F1 Softmax pf
BOR A AEAS BN A SCAZ Py 2R X P
AT R RBELE R, HAERZ)ZBIPL
A, RIGTEZ 2B i th A% 18 45 Softmax PR,
ARFRU T Frs:

z = [u;v;u O v;|u—v] (6)

Output = Softmax(M LP(zx)) (7)

Hr, © FRBENX N ICEM R, 22 BFILE S
MG IELEBIT (Rectified linear unit, ReLU)
PG R B R 2. i oM A L2 1 D35
[ 22 A2 SR 51 5% R K, 6P B A2 R A T i 1) i )|
.
2.4 FHREMTE

1) PRoAEffE Al e didieE D = {pi, ¢ a:}s
HA & aiHAa) p; € P RKA] ¢ € Q. HEHFRZ
a; € A =5y, BIRES TS W2 M ET ik
WA TR BT EE R, TR E, &
SR RSSO G, E RS ES N H,
JEWITRIZN F, p Fl q HEHEE D hIREFEAR Y
AT, B AFRAT B HERE B O] DA AR, 1 Sk
A F-E R GRS A o SIS E RN 9. F gy

gu = G(p) (8)
9. = G(q) 9)

IR S5 R 2 ) Y i 25 1 AL PRS- B ) - FROR
u Ml v

H{(g. (10)
H(go (11)

B W 4 R AR 25 TR 70 SR 2R TN 22 4
KA

u
v

)
)

P(Alp, q) = F(u,v)

PR IR e B T R A 28 DA
A A A YR P9 K2 S R BB AT I 4, sl i A S B
MRS R AR

Lnpi(G H, F) = E’P,Q,A[_ log(P(a;|pi, q:))]
(13)

2) WIM: Xf NLI A 9T (4 15 5 i 50 559 L
L8 J3E 2 S AR (ST A ) 4 i A0 T AN 25 S ) i
AR AR KA — A BRI Fo, QL frid,
FAMERBE Fo 72l Gy, HAUM bR EHE B R AT
i B A, PATE Fo W] AEAT T

(12)

XA SR 5 TR 7 2SR 5, R
se o TR S L AR AT KA
JZ. W B, R n] DA S SR R AT I 2

La(G, Fg) = Ep o al—log(Pr(ailpi, ¢:))]  (15)

3) XFHUIE WAL 5 i e 2 i, AR3C
A A FEEARE 2R AR AR ) i 1 ) RS ZR Ry
MPCRTE, FIARPUIE MR T IR0 B 2815 = HE
HAAY. o SO g 5 ) HE B 2R T B A
U, 5 B D NGRS T 5 I, (EDR X
FIE 5 O BB 1A SRS, S b o i A2 4
PRER R, A T IO T L, RS PSR B R
ARG, 308 2188 ) 24 ) 70 73 A o A0 AR 1] i e A6
BRI [l )T amas oy, PARIREZ LR
SCAR BTG SUAF R, AT I8 2 AE 52 T o HE AR 2
HERRR B A [ b g X i 5 A OB H Y. AT
PARFIX AR 4505 37 5K R fi i

anl}r}: H}%X(ENL](G, H,F)—\Cq(G, Fg))

ETRTE AR B 2R TE S HERA R p I 2R ad
FEQNR, T CIN SR AR 2 A O HE RS, ety
A VI G5 E 2 di /M HEF 17 B 52 SR 453 2% e £, HL
g G () A SRS R, XA
BRAEXTI. T 2 AP RORE IR . A, X E
Irgedn Fo BT ARMEMERIIAL S 3R] 96 i 2R
SR BEGFHBAEAT HEH. SRS I 5 SR b o HE AR A,
IR AR AR Bk BT IER s — BB hn 4
HRASE IR A B ok 7 9 52 U R BB B8G 5 — ek A
T LA ] 24 B 1Y R 2R 97 IS P 52 AR B O
PRE, HH 38 Fo S EUR TR, 733 R
e B BRI E . e X PSR AT
BUNGR R, W AW SE, DAIATAR 24
FIBPIRA.

FA T LR E A SRR R R Y e
FIE S i BB A UL/ R B AR A 1R AL
KA, AR EAE B R AR S 5] TR S L. 53— T A,
4N PUARKI, FOR BB ZTEF W&, W HESE
o R A RS ZR A LA 1) 25 1) ) B2 Y R TR AN
WAL ER A DR 2 o R Xt ) i ) F) S0, DA 2 T 3
s B BE 5% ) G BT R, ATt — 25 @i
)T RALE MR Fr ARGBCE A 1 AU R A
Wi 2 TR A EE A

(16)

3 SEIG
3.1 #IESE
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AR TTIE-

SNLI (Stanford natural language inference)®!
BARRRAA 57 N LAMER TR, S
HoAth [ B e R A . b BT Hdle R I
T Flickr30k TR H 7 4E, 1B R Rl n 2
e N LA, BHRSER B IRE S 52 “entail-
ment”, “neutral”, “contradiction”, “-”. JFHt “7
FORTERES Z M LB . I Bowman 20
fe 07 UM ERAR SR " ByA) 5%, AR A
5 SN aTlRe SRR

Breaking-NLIM S fe 2 —A H AR 16 5 HEHEAY
A, B 8193 A EHRMIEE A 7-XF, Hraide
FIESE H A — 1] s O e 1, A Aoy 2
FAFIAY. RS AR RN B AR TE = HE A, i
PRSI 55 B (W T AN AR A e SE B A BRI
K.

32 FHWiRE

AR SCAE S5 8 5E UI ZR AT 300 4k Y
GloVe 840B 1] [in] &t 3k 9] 4 Ak 1] i A 1) 8, il i A
H S AR [-0.1,0.1] BEPLWT A1k, FEBCAL
SRR ME)TA] A ) B AN T BEET, AR >3 5 NLIL £
FEARER. FAVEH Spacy X #1145

WLHA POS #1 NER #5745, POS #1 NER Hi A
AL 52 26 A1 20. Frf BiILSTM [k Z K/
B4y 250, 7RG, FEZ 6 dropout !
FEIH—1k (Layer normalization)2 4b3#j5 . i
il AdamB3l SR BE B R, HREE KA
0.0001, FLEFER A 1 x 107%. FEHR KA 32,
AT EE Z 8RR, TEXHilghad B, B A A8
BN R 11, LEFrfA kb #f 2 6E 500
7Ry BILSTM (250 4w LSTM + 250 4 5[]
LSTM).

3.3 SKBLER

%2 R T A TR T IR RS R A
SNLI Y ZRAEFMAL LS R, FAEH AT LRy
TR SR b

1) BiLSTM_MP: %% 8 i) i) 4 i 1 i < 5C
fe 2 A5 Bl & gn % 07 30, (HR Mgt as i il 1
fal L HE S =2 BILSTM M4, HiERE—2
BiLSTM ) th #EAT S R M A AL 3, 55 220 T2
Ir KA BB L

2) BILSTM_MP + AR: %) ¥ &1 BILSTM_
MP By e 4.

22 R[FEIJTEAE SNLI _EsEiiss it (%)
Table 2 Experimental results for different methods on SNLI (%)

PUN RN ol DGR A DR HERG
Mou £013] (2015) 300D Tree-based CNN encoders 83.3 82.1
Liu %012 (2016) 600D (300 + 300) BiLSTM encoders 86.4 83.3
Liu %012 (2016) 600D BiLSTM encoders with intra-attention 84.5 84.2
Conneau %034 (2017) 4096D BiLSTM with max-pooling 85.6 84.5
Shen %061 (2017) Directional self-attention network encoders 91.1 85.6
Yi 07 (2018) 300D CAFE (no cross-sentence attention) 87.3 85.9
Im %061 (2017) Distance-based Self-Attention Network 89.6 86.3
Kim %03 (2018) DRCN (-Attn, -Flag) 91.4 86.5
Talman £:136] (2018) 600D HBMP 89.9 86.6
Chen %1371 (2018) 600D BiLSTM with generalized pooling 94.9 86.6
Kiela 41381 (2018) 512D Dynamic Meta-Embeddings 91.6 86.7
Yoon %1171 (2018) 600D Dynamic Self-Attention Model 87.3 86.8
Yoon %1171 (2018) Multiple-Dynamic Self-Attention Model 89.0 87.4
Ak BiLSTM_MP 89.46 86.51
AT EMRIM 92.71 87.36
AR BiLSTM_MP + AR 89.02 86.73
RV EMRIM + AR 93.26 87.60
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3) EMRIM: %7 ¥k 2455 2 358 A iR £
SRR FR PR

4) EMRIM + AR: 7 EMRIM Hhi A4t iF
UK i

%2 BN TASCEEE R S5 SNLIL B 7 HAT B
UL, ARSI b, AR S ) EMRIM 553k 2|
T 87.36 % myUERGR, BT HET A Y A I 45
3 87.4 %, 3K 15 HH AE i HA R v (5 ] 2 R BUAE B
5 1) 1) G 2 R 22 2 ) ) G i A, B S ] DASR
TP = 5 B 01 R, T TR AR, 2
A3 A AR EHE R R BILSTM_MP fil EMRIM 34
AR 8 1) 24 A UEAT HE BR A X AR 2 )5, RSB
TR A AR v, P A AR AR A g HE B R g —
$427F, BILSTM_MP + AR H BiLSTM_MP &+
27 0.22 % (ER%, EMRIM + AR [t EMRIM &
25 0.24 % PIHERRR. XRI T AR X HIE
WA T ¥R A 35 2% T 3 T DA D s o 4 AR 2R
XPVE T B AR, b AR 3] ) e S 1 K R AT
B H AR T2 SR SR, X SRR AR
PR . 75 BV R NPT I ) YA T A 4
FRUEHEBEBIAL ) S50, 1 B 238 AL )
(I ARE.

#* 3 BAIF AR Breaking-NLI Ui 48 F1Y)
SLIG SRR s A E R FE SNLL $edle 4 4,
SR G TE Breaking-NLI ¥ 4 B, S256 & BLAE
SNLI 4 F3RIART Y ESIM 18, 783X/l
£ EMERSRITIRE. AR EMRIM + AR
BEAUEAZ M A U T H B2 T 19 S5 HE R R,
T U5 A A SO HE AR EL A R A ) R R TR A
HIH S B RPN A Ty v, AR T e FL i 1]
LRI, e yEA) RN, AR IEAR TR oK, M5
[epLitiLil

33 RFJ7:Ae Breaking-NLI_F (i 455
Table 3  Experimental results for different methods on

Breaking-NLI

R MR (%)
Decomposable Attention!3°] 51.9
Residual-Stacked-Encoder!(*°] 62.2
ESIMI8] 65.6
KIM[1 83.5
EMRIM 88.37
EMRIM + AR 89.96

R FTEX GO ZRE R, B b ol 4 HAE 2
75 SNLI 46 By R BB T, H AR R 2 i AT
R Y PR e T3 — e R 2 5 AN I,

T ELAT R T M pt b 3. 3k R BB b S i AT
FHRGF, X ZAHA T e —E.

A A A X SNLI A S B A R 1) 3
M. KRS ANER AR AL TS, W LAMS R AT 2
Hr. AR ROBUE T, BT 0] 4w L B R 1 51 15 8,
o Ek, RIbrEE BB i 5 Sk
BE, AR 7 U Tl gn i g PR R, (H2
S EAEHERE AR R 5 B AT F b A e
ST, AN 5E 42 T34k, AU AR S
R = 25 2] ANEI A B 1] 1] 5 s, 4R T 32 M B 2
1 = 0 45 6 ) - g i BE D R ERLBE ). FEAUE R/
ST, s o BT ) 1R REAH B8 2 B 5 W B4R T
SR TE 58 S AR A T AR A A R IR AT HE B A T Y,
PRk 280 1 XA R B R AR AN R, 38
RS2 8 TR X I A A B 5, AT AT
IR HREE. SUA AR IR b 5 H A5 B A ) Sy
MraX P T, AR TR o PR A A S T A 1
iR

# 4 MEE A XF NLL fER 2 320

Table 4 Impact of weight A on NLI accuracy
A MR (%)
0.5 86.90
0.25 87.14
0.10 87.60
0.05 87.35
0.01 87.39
4 LEFRIE

ASCHR R T 2 E R TR, @il 2
FEAE B GHZ 2P0 T-9ah, BBty m) 1/
FonaeS), WREZE UGS, TEPREERRIA |
AU IE WIAE T3, 388 12 A o4 4 BRAS 2R T AR 17
YRS AT F B AT R U 2, DASSZD i T
EOHERRBIAL R o, A AR B T R ST
BRAE. AF SNLI #1 Breaking-NLI $# 4 [k
g Rk T A SO R A R FEASERIIEE T
fEr, FRATA BB Y B B 255 h 2
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