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Abstract  Text entailment recognition aims at automatically determining whether there is an
entailment relationship between the given premise and hypothesis (usually two sentences). It is a basic
and challenging task in natural language processing. Current dominant models, which are based on
deep learning, usually encode the semantic representations of two sentences separately, instead of
considering them as a whole. Besides, most of them do not leverage both the sentence-level global and
ngram-level local information when capturing the semantic relationship. The recently proposed S-
LLSTM can learn semantic representations of a sentence and its ngrams simultaneously, achieving
promising performance on tasks such as text classification. Considering the above, a model based on
an extended S-LLSTM is proposed for textual entailment recognition. On the one hand, S-LSTM is
extended to learn semantic representations of the premise and hypothesis simultaneously, which
regards them as a whole. On the other hand, to obtain better semantic representation, both the
sentence-level and ngram-level information are used to capture the semantic relationships.
Experimental results, on the English SNLI dataset and Chinese CNLI dataset, show that the

performance of the proposed model is better than baselines.

Key words textual entailment recognition; entailment relationship; semantic relationship; extended
S-LLSTM; deep learning
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AN ZE K & (textual entailment) VE by — i 3
AR SN LRI T AR & SUAR .
SCA 28 55 U] (textual entailment recognition, TER)
B H AR IE A P SR ) — T Al P AR R
RE A4 R A2 JEVF 2 1 i A AR 1 AL RO B K
Je& A AN A ) 25 2 G2 vh FH R A 008 38 24 8 L SORY i
Hh FH DA B Bl oK T SCAS | AL s 89 v P ke DFAl B R R
Ge b Ret . SCOA 2B U R A — Ao B AT
%5, Rl g wif i 5 o GRE O 2 D)) . B 3| B
EMZERR AR S KRBT E R ML 1P
7N S TE# B 7 3¢ CNLI® (Chinese natural language
inference) Fl1 3% X SNLI' (stanford natural language
inference) ¥4 4 . & LT AT S Z [E 1Y 3 Fp
KR AE P oy &
Table 1 Examples in CNLI
R 1 CNLIEBEEFHFGF

Premise Hypothesis Label

L % T M e £ o e

ST EVT A, Entailment

. m A 0] 25 3

AMBIIITL s . Neutral

5.

TE 60 105 b 5 40 WREREE LR
1y B 25— AN, firadiction

SCAS 2 5 PO [ B 2 — 2 R B Bk R Y
5 AMER T DET 2 A~a)Fh BHA 7 E X
FR (1R 1) EJ T X AT HE T, AN 1 P JE R ] v R
Ha” 5 7 AT S B0 WA 2R 2 )
T SO RE AT R (4 0 W7, gk 1 rh Y 28 R o
Sz s L DR, SCOAS 285 U BE S ) R 4
Ja e B R Z A PO W R S

T SOAS 25 5 R 0 v R AR L TR
5 R BT AR ARLEE /) O vR T OB R SR AR AR B
i N T SCRFAE A BILAR 2 ) ikt o3 s R (1 Ty
B T ASREAR 4 Hb XS A - 04 1 SCHEAT AR, U Y
PEBE I A BEAEL T AR A L B T I B2 2 ) 1 7 I AR T X
ARy T AR T AR 8 RO A1) i R ] < e
i21Z M 2% (bidirectional long short-term memory
network, Bi-LSTM) %% 2] 4] 11 SR B L 1E 4]
BB ML B A O R IR 2 A RE S

D https://github.com/blcunlp/CNLI

1155 1B T 20 o o (R S5 SR 0 gl SCAS 2 1 )
M5 3k TR 27 2 J7 16 W PR BB O 48 4 1168 B . 1
(7 305 A 24 T 3R 9 A AR 2 TR O Tk

U BT IR B 2% 20 19 SCAR 285 R ik il R 3
H 2 28, 3% T4 F gm i iy 3k R 3 T A s
L N SR 1 = I o DA R i o (2
(1IN Bi-LSTM £ B 28 W £ CNN 55) 43 5l 24 >J
4R RIS B 38 S 1) Rn AR R HE S e 2 1R Y
SRR A R S 4y i 2 20 i AR RN AR R i
A (ngram) 76 L SCH B S ) R ow L IF i
I B oy S A B 22 I 4 3 S 9G24k i 4 T i 4 A
B8 22 [ 1 4 oy 3 SO 2R 2 i 3 TR B 2 S 1y
PR IUAS T 8 n R R e AR AR B 2 AN
AL,

1) 435902 = i 4 AR 52 (ol H: b ) 1) R0 D
(T8 SRR A T AT S E— Ak H
T  NRAESEAT AL 5 OC R AW, 2ok nl ) 132 2 )
T E BN A AE B 284, Lk 3 58 43 #1 i ) +
B S E Y.

2) WA R B ) ) ) 0 4 R A5 8RN
G ) Je A B B 3 T ) g A Y O ik 32 R R
F T A F 0 i 45 1B L i 3% T 8 08 A8 55 7 3k 0 3=
BR T 1 RUE E B A R

&3 A SSLSTM (sentence-state LSTM)
S — T RE A 00 b A ABE AR P A ) A 2 0 5 A A
S-LSTM i i 248 8y 77 X AE m) R i 2 6] S 415
KL DURV B 27 29 A7) - 2 51 1) 4 Jmy 1 3R 7 R o 4%
BB JR R U IR S 7E 24 SCAR 43 T 81 bk 14T
% FHUS T T BILSTM BYRCH. A Sc4 i — 5t
T RM SSLSTM Y SCAR 28 & R I A A, HL Ak i, 38
RT3 A B 1R — R P78 S LSTM LLIF
IF 2 ST AT R Ak UL, 78 2% T AR (R
) B H A v ) o S I i R B 2 AR CRIT D 1Y)
W AF B o — 5 T 7E BB AR R 2 R A
KRB B AT 2 R AR B . 75 R AN A
YO R S

T 5 30 SNLT £l 4 # 9 3¢ CNLT s
£ LML REN, AR KW LS T AT
i il L T 18 22 B 3 oE 7 TR A EE L TR B R
BT —EmNHEE.



TR S T R S LSTM M 30 A 28 & i1

1483

1 tHxIME

B T IR BE 2 2 B Kk B RN K BB S0 4 SNILT
(1) 2 A 3 T UR B 2 > 1 SCAS 2 2 U1 O vk ol 2
AT B 5% 300 2 — , Ok i 448 4 TR R 01 0
P BRI TAE R KB R 2 26 3 F A T 4a it
1R 5 3 TR 5 1 2 1 A8 THL B 9

D BT AF gt iy ik i\ el i Bi-LSTM 4%
P25 ) 2% 43 3 2 2 1 4 RN 9 18 S 1) o SRR L R
JE A PR L N R 22 55 ] SR VR B e 1] =2 )
38 X 5 25211 ) i Bowman % AP 3T LSTM
MNZE B AT 2 ) AR B ) 1 R R s Liu % AN
i B-LSTM M 48 M\ A2 2 47 RN AT 42 2 AT 1)
TNsE 5 S 2 2 R 7R s Chen 25 AN N fd FH £ 2
Bi-LSTM 4% 2% 2] Hij $2 B 15 19 )2 Wk Ak 14 1 L3
7R T T AR ERAE (pooling) 48 U 2 A 4R AE. 0 T
F AT B 45 M 15 6 s Mou 25 Al F — b 56 T4
AEAR 25 40 110 2 BRI 2%, I A T 488 - 1) 103 42
Al s 8 ok M S NN BX A i CNN AT Bi-LSTM
%, UL 74y & CNN FlF Jm &6 15 B 8 8 Bi-
LSTM F| F 4 i 5 B # A 1Y {1 21 i Jf Shen 4%
AES Ml G 3 S (self-attention) HLEIL & DL ET#
B Bi-LSTM #1 CNN, DL % 5 H: fig 0% 3 $ AT & 15
48] 22 (6] A AR A O A, O 38 i Mask B BE im0
Tia) {5 B 3 28 T 2 R A A ] 2 > i 4R AR 5 3 L
[ et R0 5 T30 T8 T3 B ) R A T SOOC R

2) BET IR A B0 O B 5S4 2 2 R R
15 Hh )R 7 R SO IR ) R s R A
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A B Z 18] B I S ZR 4k T 4 W7 i 4 AN R =2 (R
fh 4 JR i SCOE AR N Parikh %5 ARG 4 5 6
AR [) F 4 figt o 1) 22 160 F %oF 5% i) AL, ) R ]
T T HILT L TR B0 SC ) e s AR 4R AN
WZ A K 5 Chen % A H B3 T Bi-LSTM %
TR 7E b SO IR SCRIR L SR TR AL
#] (bi-attention mechanism, BiAttn) 15 R #5818 X (5
B i e R A B A ) 5 — > Bi-LSTM 1t
AR ERFR  Tan 55 APV G T 4 B[R] 9 3L
RS =W N LEOR s = Ny 7 ot I a1 | K Y S B 7 S
AR5k 2 Ty vk i O A e I X b R A R] 22 ) B
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ETY RN SLSTM 1 SCA #5351 52 21 L
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HAEFIE"RZAZANE T R Z B AL 5 2 i
M2 S E L EE VKA 2 M MLP (multilayer
perceptron) J=.
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Fig. 1 Extended S-LSTM based textual entailment
recognition model
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Mook AR PR IR LROR L g, SRR 2R
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IOETTHER
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AT N Y 2R A AT DL AR R AN ) T LR
78R 244 T K i, Bi-LSTM M LA 3537 22 (7]
M B O {5 B TR, 2 0 T et s — A1)
Xt o 1) ] 5 2 R S B 1 AN A TR GO 15 B
23 XEHE

38 H )2 SR F XU TA) T A L] (BiAten) 4 3k
AR R 15 22 6] 1 Jmy 3 0 COG R B b, 1 e 13
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Q=FH)FH,)",
H[,Zsoftmax(QT)Ha ,
ITI,,:softmaI(Q)H,), (2)

Hi F 2Z2HimmMamMe; Qe RV &M
KM, Q FILK g, AT b, SEBT b, 1
KB s s0 ftmax (QT) F so frmax (Q) 53 W TR

Xt Q A AT HATIH— ks H, € RV AT
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TE R it o6 &R By 1Ak A2 o, BE A R 0E ROR
ho, 5h, ZEEEE, XA RERR b, (h,) 55
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v, =[max(V,)savg (V) ],
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Hrp,v, v, ER smax Ml avg 53 5 F R i K1k
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J B4 X E ;0 € R RIS 42 Rl L R RN,
2.5 MLPE
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Fig. 2 Extended S-LSTM
K2 ¥REHNSLSTM

E=Ch, "' 'R,

il=c (W +Ua,+Vigi "+Vigi '+b,),

l'=c (W, +Ua,+Vig '+Vigi '+b,),

ri=c(W. & +Ua, +V,g. '+V,g, ' +b,),
Ji=oWE+Ua, +Vig '+Vig, '+b,),

si=o (W& +Ua; +Vigl ' +Vigim +b) . (4

ol=c W, +U,a, +Vigl ' +Vig, ' +b,),
u;=tanh(W, 6 +U,a, +Vig, '+Vig, '+b,),
it ft st =softmax (1t 10 .rl L fLa8t)

¢, =1Oc, ! FfiOc O+
st Oci it Oul,
., =o0;Otanh(cl ),
Horpog BE D RANR TR L i i fisstsol
AR TGS BT (gate) HAKH Lkl 1
st H T BB R 2 e —1 B0 Bsil &
AT TR BCY A B AR ulso! N
T R T 2 WAL E R el R X R T
ki IEIZ e, KRR RO L EE ¢! el !
e ey R S B E I W, U, VL,V b,
(x€{iso,l.r,f,s,u}),o T sigmoid PHREL IR
Ja s LRGN S B hl R A THREET 2 ¢ BT
PRI URIR gl CAN B 2 222130 43 vh i 2R 85 3k P
¢! MBS SLSTM iy 4H R, X B A F %5
TR AT 2 SRR 24 1 By 20 (3D 2R, v] 155
T3 BB AEMS Z) ¢ 93 SRR hy, Fil g
PIEM SLSTM 5 ihry S LSTM By £ 2 A

] Z A T 6 Fir R i AT AR, 25 P8 T R T
For gy .o L Ll f st ul AL
AL Ml 78 X B 5 AT AR I, 2 T R R Y i
SRR 5 TN AR Ao i 4R AR 5 4 0 R AT A

B RAHE .Y R S-LSTM 1 5 #2 f R % B 7 —
ARl B AT 2 ] AE B A, 2 ) A TR
FoR.

4 == I

4.1 HESRE

FATAE B B9 3L SC SNLT $i#s 42 Fl b SC CNLI
Kol 5 90 B 32 5 1 A9 A Ak SNILT 5t i K i 48
BLF 570 152 A A] 1 BEAA) 5% AT LT 6 R
LIS TURY R NG VA | i B Ll NS 7
TE# ke = SR e KA 45 b2 T AT A F
Y e A, AR SC IR [2 ] v Ay 52 96 0 8L, 3 B 4 i A
R 130k €IS U S R T SN gl S RGeS
A2 B AT BL IR 2 PR 2 42 v ST CNLI
W] 3 N gk Ul R A AR L ke 3 .

Table 2 Training, Validation and Test Sets on SNLI
R 2 SNLI LWl R & RIEEMMKE

Label Training Validation Test
Entailment 183416 3329 3368
Neutral 182 764 3235 3219
Contradiction 183187 3278 3237
Total 549 367 9842 9824

Table 3 Training, Validation and Test Sets on CNLI
&3 CONLI bWl Z&E BIEEMNILE

Label Training Validation Test
Entailment 29738 3485 3475
Neutral 31325 3098 3182
Contradiction 28937 3417 3343

Total 90000 10000 10000
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ffi Fi StanfordCoreNLP T. H.£3% X} 3% 3¢ SNLI
B4 94T tokenization AF, % i 3 CNLI % 42
HEAT 3 in). 5256 v, S0 2R 4T 1 300 2 A 9 SC
Glove a5 , DL K BN ZRbg 1) 300 4 i) v 3L [n]
O AE YR b AR rp AN — 25 A 5 ] ) L B
SCIRFR K/ 36 396, FSCAA R R/ 43 586. B8l
T S B BEPLI IR A 3 E R 0,07 22 R 0.01 I IE
A3 AE I 25 52 491 1 B S AR T 5 R AL 80 Y 43
A2t B 2 [6] 1) 28 XA (cross-entropy loss) fE M ACHr
PRIER. A T G2 i I 5 rb Rl R R A o 0L TR A A A
R i 2 T dropout $ AR, 5256 486G 3+
TensorFlow1.13 SZ#E.

BT R bRy S O AR R AL P 2
(hyper parameters) [ HU{E. SC 5 & 8L, & 4 h i
G & 2 1 B BRI T 96 30 SNLT $ds 46, il
T3 CNLT $ s 42 SE R R 3 b X o [l Bt 1 B
P27 1 B RS E E.

Table 4 Values of Hyper Parameters

*4 BBSHE
Hyper Parameters Values
Embedding Size d 300
Batch Size 128
Learning Rate 0.001
Window w 1
Maximum Time Step ¢ 9
Dropout Rate 0.2
Maximum Length 50
Optimizer Adam
Dimensions of Hidden Layers in F [200,200]
Dimensions of Hidden Layers in G [200,200]
Dimensions of Hidden Layers in MLLP [200,200]
Nonlinear Function RelLU
42 &5 R
T SR T AR 5 AR SO 2 5 UM 55 B

RO S FRATTXF b S5 v R

1) DeBiAttn_2016""%", B 2 #8 17] [m] & 1E hy 58 B
2B S A G A 2 A R R L R
JIHLH (BiAtn) 51 A SCAS 25 & H00) v, LS T 3847
RR.

@D https://stanfordnlp.github.io/ CoreNLP/
@ http://nlp.stanford.edu/data/glove.840B.300d.zip
@ https://pan.baidu.com/s/1kwxiPououbecxy]dYmnkvw

2) ESIM_2017%% 3 F Bi-LSTM X fij $2 Fl &
WA i, 22 HJZ2 35T BiAten #AL R 315 L&
RCBEBEMHS —4 BILSTM % 4 /g Lk
F UG T Y B R A R U RSOR.

3) MwAN_2018"" R H 5 ESIM_2017 254l
R, R [F Z A FEF 254 T BiAtn (9 4 FASFHE
J7 15 AR R LR,

4) KIM_2018"" SR H1 5 ESIM_2017 Z5 L i) 45
IR T WordNet H ) [R] LI X | sz iR X,
A ) G A AR TR

5) DAN_2018"" Bk A 9 3¢ S0 A 2 2 I 3 AR
FE R TN 2 AT 55, oT LA VRS R T &AM
SRAE I B k.

6) MTDNN-BERT 20197 D)k HLA 75131 25
) BERT .. 16582 g SE Rl 7E 24T 55 HE R T B &
IR 2 A1 SCIRMRAT: 55 U 1 2 i I 4 i PR .

B T b 3 3 o AR 2 A, S v R AT X L
T — SR b LAY, 43 50 T 50 UE AR SCCEE 22 Ak 1
ROR .

1) Bi-LSTM+ BiAttn 5 S-LSTM+ BiAttn®.
TEIX 2 A FE A 18R o 4 14 2 DL Bi-LSTM/S-
LSTM 2% > [ #2 MR 1% (118 LR oR.

2) Ours-1. A SCHE 1 B8 g — B 7 46, B4 =X
(D g, g, X5, H T3k 4ni% 205 B ac#ie iy
fEH.

3) Ours-2. A SCHE ALY 1Y 55— F &7 4k BRI 4E
KOHE g, MM L8, HTHIEFELE
EEERRE X FRR g, Fg, MIEA.

4) Ours-3.4S SCHE Y Ay A=A,

M S RS R AT IR B D 5 &A R
SR ¥R A B B DeBiAttn _ 2016, ESIM _ 2017,
MwAN_2018 #H Lt , AT i A AL A (Ours-3) B4
AR TR B B AE AR R 2) 5 T AR Y R
KIM_2018 Fl DMAN_2018 AH [t , Fo 74 H 1% 45 5
B8 7 ] e pgMEfE.3) MTDNN+ BERT _2019 (4%
TOYET AR PERE  HEVE RE 1Y B i E BRI T T
R A TE R T 25 ) BER T, 155 550 4 £ 1. A5
ol 71 B2 SR U AN BE L 45 5 A ST 4 A 48 AR AT X
Fo.a) 2 5 19 F 2K, S LSTM A+ BiAttn (154 55
W& 4 F Bi- LSTM-+BiAttn FIZCE 3 4E S LSTM

@ S-LSTM+ BiAttn #8175 52 52 AU T R 00 19 SRR BRI A F 2 103 SURE L.
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FHF SCA 2 5 RT3 801 5 Ours-1 Fll Ours-2
MR AR A T SLSTM A+ BiAten B RLR , Ui U 76 4w
1 )22 25 eI B AR 38 22 1) {5 5L A9 58 4 R 7E 22 B2
FIEA TR A R AR B X 2 Ab Wik R A ALY
Ours-3 FIBCRIFTF Ours-1 A1 Ours-2 BIRCR, 36 B
BRI 2 Ak oot B8 E — 25 4 T U0 B9 1 . 43
ERIR AR SCHR R AR AT RO A T [ 2R A
H BT A A0 8 50 S5 4 8 U PR

Table S Results on SNLI

&5 SNLI LR

Model Accuracy/ %
DeBiAttn_2016018) 86.3
ESIM_2017L20] 88.0
MwAN_2018[21 88.3
KIM_201826] 88.6
DMAN_2018(27! 88.8
MTDNN-+BERT_201928] 91.6
Bi-LSTM—+ BiAttn 87.0
S-LSTM+ BiAttn 87.3
Ours-1 87.7
Ours-2 88.0
Ours-3 88.3

R 6 frw, IATHE 1B MBI AL 7E op 3¢ CNLI %k
P A S 45 S 5930 CNLT L5 50 B3 251
) B, ORI IR T AR A R
Table 6 Results on CNLI
%6 CNLI EHISSIRHER

Model Accuracy/ %
DeBiAttn_2016018) 70.7
ESIM_2017(20] 72.2
Bi-LSTM -+ BiAttn 71.5
S-LSTM+ BiAttn 72.0
Ours-1 72.3
Ours-2 72.6
Ours-3 73.2

4.3 BSOW

PR SLSTM u4f 2 NEHEME S . i KT
Z ¢ G R o HoAR b f K 2 ¢ R g )
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Fig. 3 Performance on the SNLI validation set
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Table 7 Examples with Wrong Predictions in the CNLI Test Set
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