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Multi-level dynamic gated inference network for recognizing textual entailment

ZHANG Rui, YANG Xu-Chen, JU Sheng-Gen, LIU Ning-Ning , XIE Zheng-Wen , WANG Jing-Yan
(College of Computer Science, Sichuan University, Chengdu 610065, China)

Abstract: Most existing models of recognizing textual entailment (RTE) get the interaction features be-
tween a premise and a hypothesis by an attention matrix at word level. However, the attention of impor-
tant words should be different with the degree of understanding from diverse aspects, and only the local
features are captured. To solve the problem above, the model with Multi-level Dynamic Gated Inference
Network (MDGIN) is proposed, which combines the fine-grained word-level information and sentence-
level gating mechanism to dynamically capture the relationships of text pairs. Moreover, the model ex-
tracts the different semantic features by diverse attention ways. In this paper, experiments are carried
out on two textual datasets. Compared with the benchmark models and the existing mainstream models,
the accuracy is improved by 0. 4% ~1. 7%. The effectiveness of each part of the model is further verified
by ablation analysis.
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Tab. 1 The distribution of two datasets
N, E,C 4355 Neural, Entailment, Contradiction

AR SNLI SCITAIL
SRR 570 000 24 000
pllERS 549 367 23 596
IR 9 842 1304
M4 9 824 2126
bR NLE.C N.E

4.2 ZERAERSHIEE

ASCHE A FE T Tensorflow HE 425 4, >k H
ADAM Ak #5 VE Sk 3 AR (1) Ak R 8, 5 —
g REN 0. 955 A sha 2B N 0. 999.
23] 20 0. 0004, batch size N 32, dropout™ [t#%&
0. 2,12 TIENAEAE[0,0. 0001,0. 00001 |2 [a] &
Bl AR T 2R 300 4Eir)ik A XF i)
AR ER] R s 3 23 A BEALRT 18 A —1> 300 ZERY
[ £ T 1) ] 2 A S Y1 25 AR O T . AR S
= sgMatch-LSTM #4228,

4.3 ZIWEHER

ASCREAIFE SCITAIL £di4f s 745 %
£ 2 R, 3 2 nl AL AR SCBERIAE SCITAL i
FEHUS T 80. 70 BYHERGR , 43 H#B 1T Decomp-At-
tention™ I ESIM" B A 8. 4% F1 10. 1%. De-
comp-Attention Al ESIM 4 Y +4) % F #2171 25 51|
RS B AT SCAR VU . (H AR 3N B 2 1
SCITAIL ¥ 4E b 3R BRI — M, VLA — ik
WA TE R R B 7 O T AN BRAR S HE 3 52 2 1 S3C
AR FR. MA SRR 22 )2 IR sh A8 HE R 7 X AT
TRAFIROR. ABRL S i T 2018 AR kAT
0 43 At 1 28 5 A5 30220 (DEGMD 3. 4% LA B SR FH %
LR AdvEntuRE A1 1, 706, B0F T 48 3¢
B MDGIN 445 2.

AR R SNLT Bdia € F RS k45 R ansk 3
Ji7R. DISAN'Y 5% 42 56 F 1 5 ) 7 A0 SOA kA 7
it A28 B, LSTMN 5 AT e 12 9 4% 1 S8 A %k
LSTM i# 17 # i# . Word-by-Word Attention'®’ I
Match-LSTM " $4) Ji& 5fy 285 1) 2 1) Hf AR A , {H
K FH— YA G e AZ 1, TreeLSTME J& 3 T4 45
FARAMATHE SCAS 1) 7541 745 B DSA™Y & 2018
AR R AT B T Bh A TR S B I AR AR S



%24

ROWLE AT S ERHEIIEIRIE W 49 IR 25 AR 281

g R A SRR T iR s,

F 2 SCITAL ##EEWIFLER (HEME)
Tab. 2 Performance (accuracy) on SCITAIL dataset

iR BAIEHE/ % ML/ %
Majority class 63.3 60. 3
Decomp-Attention 75. 4 72.3
ESIM 70. 5 70. 6
Ngram 65.0 70. 6
DEGM 79.6 77.3
AdvEntuRE - 79.0
MDGIN 81.7 80. 7

F 3 SNLIFRERIELE R (ERE)

Tab. 3 Performance (accuracy) on SNLI dataset

i Lt/ % MIRAE/ %
word-by-word attention 85. 3 83.5
DISAN 91.1 85. 6
LSTMN 87.4 85.7
TreeLSTM 93.1 86.0
Match-LSTM 92.0 86. 1
Decomp-Attention 89.5 86. 3
DSA 87.3 86. 8
MDGIN 95.3 87.2
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Fig. 3 Ablation performance of MDGIN

T4 HEBIERMSH
Tab. 4 Results and Analysis of examples

H:A B Label MDGIN  Match-LSTM
AidE  The pupil is the opening through which light enters the eye.

FEp 1 % The pupil of the eye allows light to enter. E E E
Hi$2  This can be dangerous to both plants and animals.

2 %  Nematodes can be a parasite of both. N N N
AifE  The angiosperms,or flowering plants,are all members of the phylum

BEBIS g Angiosperms N N .
[R1%  Angiosperms are the most successful phylum of plants.
., .,  Honey bees direct other bees to food sources with the round dance and
A4

the waggle dance.
) 4 E E N

A bee will sometimes do a dance to tell other bees in the hive where to

find food.
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