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A lightweight text entailment model
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Abstract; Most of the existing mainstream textual entailment models adopt recurrent neutral network to
encode text, and various complex attention mechanisms or manually extracted text features are used to
improve the accuracy of textual entailment recognition. The training and inference speed of the models is
usually slow due to the complex network structure and the sequential nature of RNNs. In this paper,
Lightweight Text Entailment Model is proposed. In the proposed model, the self-attentional encoder is
adopted to encode text vectors; the dot product attention mechanism is adopted to interact two texts; the
convolutional neural network is adopted to deduce interactive features, and the module number of the
structure can be adjusted according to the reasoning difficulty of data. Experiments on multiple datasets
show that the parameter size of single module in the model is only 665 K, and the inference speed of the
model is at least twice as high as that of other mainstream models, under the condition of high accuracy.

Keywords: Attention mechanism; CNN; Lightweight; Textual entailment

| a = ment, RTE) & [ 48 3% & SR BT 1 — T A5 {F
= G5 SIVE R BB . SCASH BT 55 AT B0
SCAREE R B (Recognizing Textual Entail- A5 SORZ & (R 45 52 SO 45 — 030 53 1B

KB HA: 2021-06-28

HETH: AT — AT FEE AL (2018GZDZX0039) 5 P14 & A HFET H (2019YFG0521, JG2020125)
EEE A TAEA975—) . B, Wit PUIHAERA . BRI 4% (5 B 22 4. E-mail: 449685750@qq. com
BIEE . (L/PH. E-mail: wu_scdx@126. com

052001-1



% 58 &

w)Il KR R F ) % 54

TR (Premise) FR % (Hypothesis) , #5575 22
HERE X P BOCAR Z A FR AR SE R FBALHG
B LT ).

T 8 0 245 1) SCAS 215 B AR IR A T R
SHERG . IUAT 2 I SCAR 28 5 B AR 5 ol FH X
] LSTM [ 45 2 fith SCAS o 3% I 28 0 AL X 79
BOUAR ST PG AR 28 I 28 3 Al T HEHRAS R
IR DT ST DRIy SCAR DG 2R 3 S A — A B[R] R R
FHZ RGP P 28 I 24 G B AN HE R SOAS L I HLIE ARl
TR SOAR B B RISy Tl — 2L R TRRG B L A
REAR T AT B BT A% AR T T 2 1 S8 AR
AU FF AL P A AU G HE BRI (] S & A1
PR (AR Y X PR GO AN A B A BT
[ A A5 B AR AN 4 b 2B .

AU TR S U0 SO 25 B A8, >R T
FT4EH  7E DR UERE RN B 1% 00 T S 50 T A A 4
1 S A AT . A SR VR B O
55 A ( Lightweight Textual Entailment Model,
LwTEM) , A8 % Y el itk 1Y B 1 58 7 G bt 4 49 1)
i AL T i R R SCAS [ A P SOAS K B g O
K AR B TALTIR A LU P BESCA TR S AR5
FHA FER 22 0 4 53 1) B B B SUAS Jmy R A2 T ARFAIE:
B T] e F 2 A — 2D s A BRCR Bk =
JEE AF R

2 MEXIE

FE TR 2 48 Ty T SR B AT 55 W
e, EEA RIS, — JS A b T A SR G b
AR ST G T B SCAR , PR A 28 X 4% 43 2 0t
PN SCAS 1] 0 2. i 2% 2 ZE A 35 16 20 ph 22 W)
20T BB ) BRI — AN
SCAR Gt 25 T3S T A SCARAE S5 H R T 07 i
WA B SCAS [ 22 B 8 S 40 Ml LA 42 2 1)
ARKR. 73— RISk A B R A HE Sk RS
ARRZ AESCA Gt J5 >R I B I E SCE L
W BESUAS s B SO 32 B AR E R A S5 HEA T B
Chen &8 A\ 5% H 18] 2% 531 4 0 20 W o) 5% 28 . 3C
A, A TR LSTM [0 2% 2 it 1 5845 SCAS A

TERXFPHEZRILAY I, 24 4 Fpoy Xuk H Tk
— BT OARZE S ERE. (1) 2R AT TR
A S A SR A5 i A, Chien 4512 SR FI ) 32 i T
BN EAFAE . Tay 250 R0 Gong 2550 fdfi F 1l 4 4
fE L Kim 25 1 Gong %518 - sh 42 BUF- 45 DL B 7 1
(2) KRB ZR 0 SCA N 55 33 72, Wang 2607 R

ZAAAVCHCARAE  Tan 5500 SR FH 2 F0 38 B4 5507
K5 (3) FAGHES A4 i b P AT AR ke b B S AR AZ
S50, Tay S5 fd H] A 40 fifk /2 3 o SUAR 32 B3R
7~ Gong %5 SR F % 45 1% BEAR VR A R B TR I
2% NAE B85 R il OCAAE B Xiong S5 i
I T ML A ) T A ELAR B, S5 6 SRR S Ak B
HEFRH LA 4 SR s (4) 3l 3T 22 Uk A HE B Bl
L2 G AR R IUCAR TR 218 SUfF 8. Liu &2l
FHAE PR 28 1 28 22 YR ARHE R SCAS 28 HURHE. Kim
S M B A 2 A HO SRR S R H shémit i Ak
PR AR AR ZS 0], Tay %7 R Z A2 00 132
JIRAHERRSE R I B A R 2 R 90T )
4.

X SEABE AR 2 HOHT R G B0 1l 28 X 4 34T 4
B 0 HE R 7 2 3 TR 2 Rl 28 W 4% 1Y SR AT
S5 LV EAS T 183l RNN 2% f4 2544 e A 1 800
A PRy 2 AR HE T SOREURE BI04 7 I
()38 5 12 s P b 3 AR SOAR 28 5 A A b A
YFFAE FNZE 1 Ay M S AT R 25 F ok B i S, &
BOOR 2, Y 2R B A ] Ok K

Vaswani 29 38 1 Transformer 4514, #f 5
T AT YRS ZERE R A B A AR
FEARLERE AR A SUARATE 55 E S T B4 r 45
3 T 0 T B B AR SOAS R B AROS  RL 0F
TRE AR Z G e T FARA RS TS 2
J2 TP B R 1 1R 2 08 U5 S Zhang S04
ARG B B T LR YT RTE AT 4.
B R 28 P 28 B T Jmy TR AR A8, o eI il T
SCAAT S5 H. Xu B8 B SO E M S R fE K
B BB AR 28 90 25 v g T SO AT 55 AR
1% B S H LR AT AR X N 28 A A8 1T 3 B I S K
i B TR R pl 22 R 45

3 & H

BEgR LwTEM WGk A2 wisj2E, 28
B2 RRIE SR IUZ R 0 )2 AR G ] 1 R
Horb gt J2 A HL 2 FIARAE PR IUZ L [R) 4 — 5
e, el 1 g o 2 o o BB A [R] Bk s 4R
MBS IMZABIHL TR B[R] A BECR.

3.1 B®ANE

1T 4 i J2 1 A i ) 48 T A e SCAS 1Y)
7B A5 B BRI AR SCHE B A 20 TR U1 5 0m) 1) i A7
B I PR AR B g5 R ] Vaswani
GOV L R AR AT B

052001-2



% 5 I 4. F. —HB2IHAIABLERY % 58 %

PE (1s.2 =sin(pos/ 10002/ hmodel ) (D
PE (pos.21+1, =c0s(pos/1000% 4o ) (2)
A, pos R SCAF A e 2 {9 1 5 5 L R it
B L 4E; sin A1 cos 43I F R A BUAE E AN
A P SO R B 20 BT LR A sin
T cos BRECBOE HEFE B 3 7] 2 4] 6 AFL A £

max pooling max pooling

aggregation

Convolution

ilggf(',gill i(m

Premise—Hypothesis
Attention
A
Transformer Transformer
Encoder Encoder
_______]“_________» ______ e
[posilion emhedding] [pnsilinn emhedrling]
[ word embedding ] [ word embedding ]

A1 LwTEM #4424
Fig. 1 Model architecture of LwTEM

3.2 HEE

A G )2 Transformer 2t & 454 AL,
B ST R o« 22 S0 T RN J2 i 1 e 22 1)
28 A TR P i AR 25 R A — A .

H T 7 AT JOA R B A8 B R B SCA  fH [R] e
.2 W SCA T M B X F—Ag i, e 1) ff i
() SCASTR) AR 1202 rm T A R 2 SCAR 1Y s B
“The man in a black shirt is standing next to
black box”, f] T H 5 — 4~ “black” 1 55 — 4~
“black” X} T man” X A FpC i) R 16 B ERE B 2 A
— R, MR A AR R O A A
“black” [ 55 X F£f. A SCREALXS [ 71 5 0 45 335
SRR T2 2 AN (R 1) X6 roca 1) 7= A 1)
ANESCR. BRI A JZ B A7 B i B A ] 22 il 12 1)
R, AR S G R 38N S5 R A BOR AT itk e
FE sy X 2 s,

Matmul
A A
softmax
|
Mask
|
. Matmul
Q K v

B2 BAgEzEHAFTX
Fig. 2 Structure of self attention

TR ) R .
) o QKT +W

Attention(Q,K,V) —softmax(ia ) (3)
KX, Q. K.V Ay ki A SCA 3 52k AN [ 2 B0 2k
PEWURAR 3 s, 2k BRI FRZE. AR SCBARY
TEEARN A EZ AT AT MSHEW. W H
ERE=waK 1A N CI S IR E2 2y g R 2
AN [ B B 3R] Y R I RIOR.

ES N =Ra:-WiRap- e SURUE/i S N ]
iz, X (4O B,

W W B by b, 5350 S P2 9 i A3 4 22 19
2R AR TG 5 p o 28id 223k BN R TR R A
P SOA o]t AR SCAS 1] B R0 S ) L it
P2 2R B S A L W ) e s
[ 38 5 A LRSS PR Relu i — 20 WA RLHY
FHAIE.
3.3 XEE

PRI A 22 5 2R i B e 8 ) B R T
o2 BESCAR BT R L BE S5 2R

Inter(p; hj) =p; T < h; &))
h; = Zisoftmax(lnter(hj s D)) b (6)
B = 2, softmax(Inter(p; .h; ), )

K, pi RoR Gt 5 ARTHE SCASS ¢ AN ials by FoR
R SCARES A1) s FRAC 45 38 T softmax pR
B —Ak. sZH 0 & ps R AR SCAS B AR FTHI $2
SCARE ¢ AR BT R A AR SR AT B A 45 R
FIRE  ABIHR TR AR B SCA ) B, By R4
SCABEAN RN by AR FRERAE AR B 58 HALE , 547
SRR SCAS AR SR AR A5 2. Ay =nT 15 )

052001-3



% 58 &

w)Il KR R F ) % 54

H T3 —ASCA FPH A G A 58 RS AL ) 6
o 52 AR AR 1] i A i ) 1) e LR 75 5K

HATRES .

pi=Lpispi] (8)
i =Lpispiopi] (9
pi=Lpispi—pi] 1o
pi=Lplpispl] (1)

o [ R A5 5 - FoR ou R A, i 2R R
SCAR [f) g A1 A8 L i) £ 22 [A) A AR RE S AR mT
TR BN ] B 2 [B) 9 22 5. (BRI SCAR B FRRE RS 7 2
Hfa] I
3.4 HEHREE

FFIE SR O SR FH 2 o 20 190 4% 4 BB 5 1) 4
TIE. T2t 2 00 R 2% 0T 7843 Gtz 1
SCAAF D T A5 AR 28 ) 2% B S 1 JRp P AR AE L 45
CNN 45 [ Ja 5 B A A R ) i i 4 R s
AT RIS 5 218 SCF 2 & R k. &80T
==X (12) PR,

pi=f(w e piiin T (12)
Horb, o J& AR B £ 2 Relu S0 pR R Rk
W s o B s h g S TRV i e RS AN
FN IR TG BB 4 SO SR e 5 2. 15
BT I RTHE SCAR [ i . AR i 1Ay v ) |
3.5 WHE

i 2 2R e ATt A3V SCA R AE 2 Ay [
SR 18] F . e S K T R SCAR 1) 3 2
SR T TP 2 B ot o 22 I 4% i 42 ) T B s S R 0 2.

y=softmax( £ (ReluC £, ([ psh,p—

hap*h D)) (13)
fi=aW, +b,, ke {1,2} (14)
2, poh gAY S 2t H £ T R A 3% SC AR 1)
W R by SR ] J2 BT G 28 19 26 2850 Relu Sy
SIS PRI s R A TR 5 TN 2K ). AR FH AE X
e

4 SLIGHR

4.1 HIE&E

A 3¢ LwTEM # # % ] SNLI, SCITAIL,
MultiNLT =/ 4 5 47 50 k. v SNLI k4
VSR MITHAR 7E 2015 4 & A 1) KA AR 2
HdE 4 . SCITAIL Hds 5 SR P Al 2: A Lk ]
BT 55 3 R 2 28 SOA 2 5 B s 4R . MultiNLI

Bl B g SNLI 4 1% SCAS 28 & 0dle 4 (e 1h
T 7 i R AN HEE B AT — e . R 1 R
IR T AR RS S

x1 INMZBHEEST

Tab. 1 Distribution of three experiment datasets

G KN bR
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Tab. 5 Compare of model inference speed

A 24 WAL/ % ML/ %
DecompAtt 580K 90. 5 86. 8
BiMPM 1. 6M 90.9 87.5
DIIN 4. 4AM 91.2 88.0
ESIM 4. 3M 92.6 88.0
CAFE 3.5M 89. 2 88. 3
SAN 3.5M 93.3 88.5
LwTEM 665K 93.4 88. 4
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Tab. 3 Result of SCITAIL dataset

8l iR/ %
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LwTEM 87.8

# 3 9 SCITAIL Fyi L Segmai R dik 2 Ml
3455 AL LwTEM f I S5 > T Bk R
ZHREI IF HAE SCITAIL il £ 1w R ik
PP IBOR.

x4 MuluNLI#iE&ELER
Tab. 4 Result of multiNLI dataset

HHRY Matched/ % Mismatched /%
ESIM 76. 8 75.8
MwAN 78.5 77.7
DIIN 78. 8 77.8
CAFE 78.7 77.9
DRCN 79.1 78.4
LwTEM 78.7 78.1
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LwTEM (3 block) 0. 035
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block SNLI/ % MultiNLI/ %

1 block 88. 4 77.5/77. 4
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3 blocks 88. 6 78.8/78. 4
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