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Abstract: Previous approaches generally use context information to improve the word representation but ignore the im-
portance of context similarity in aligning tokens. Furthermore, most of them uniformly weight various local decisions
during aggregation for the global judgment. However, local decisions related to various tokens can influence the final de-
cision differently. In order to process these problems, an enhanced alignment mechanism was proposed, which jointly
considers both token content and context similarity in computing the alignment weight for each token pair. Besides, a se-
lection gate mechanism to weight local decisions differently was also proposed. Experimental results show that our per-
formance is comparable to state-of-the-art approaches but better mimics human behavior, making it more interpretable.
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P: An older man sits with his orange juice at a
small table in a coffee shop.

H: An elderly man sits in a small shop.
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B n ) _ n ,
OH,avg _Zgj ®hj /n’OH,max _n}nggi ®h/

J=1

OH = [OH,avg ’ OH,max ]
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4.1 LIGHEE

H T XA BT VAL, EH R T
3 A EARTE E HE I A AT IR, Al
SNLI®L, MultiNLI®? F1 New-test-set'*!, T [ %X
3 ANEAR AR AT T B4

© SNLI: 2 H# A 28— KU IR 98 3 1 AR
B E AR, HAE 57 AR BO
AN B 2Z T B DG R bR M2 5 P el
Az fEIRGRITERT, BTN TARTEFE AL R L
TAEIE 3, AR BRI “—7 KR
Bowman 25 AP 2015 4E [ ib 3 )5 X, fEASZ R
UER B 4E7 1) [ A

o MultiNLI: 1E A% F AR 5 HERAT 551 —
AN KBRS , MultiNLT 3 85 605 43.3 T3
KXo AT AL PEAS B ARE S HEEE R G EOME
e EItERe, REEREAE T 2ANRA R
B, ARG AT TESE (written non-fiction
genres) 152 (spoken genres) FF 1E 15 2 (less
formal written genres) LA G “9117 Wy [l ki
o Ak, AR SRR EE K B AR RN
5, ZEE T A AR SR A T A P B
(matched) SIS EHE (mismatched) 2 Ff. X
P REA% T I U Y HE S e

* New-test-set: & 2 MHREE I IE N &4
PREEFE— AN RFESCR P, ARG ZERARA TR 3
SCA He SR1, Gururangan 25 N*°E 2018 4F
RINIEI T e 7= A — G ) i . — e I R0 5
MG i) 45 5HBINRAE S B G, 18
IXFPREL T, AR AN a7 5 SOA 73 AR 2 P fh
B SCA H BEAT 73 83T AAE SNLIL Eik %] 67%
(RIAERG, [RIIN7E MultiNLI F ik 3] 53% M.
B, Glockner 25 APHE 2018 4EATF T —ANHH
MXEE New-test-set, 1] LATELFHPFAY H AR5 55 #fE 3
R (R B o 125 AR HH IR HT B SO PRk B SNILL

IR RL . EXBXEEHTHESCA P, B P A
— AN TS, AT R SOR B, 1XEESC
KAY IR ZE . P E MR 3 KR R, %
Bnde — LB 8 193 AN SUAKS .

42 THIEE

FERS R SEBRE R b, SR P OE B M A
% (Adam) TG . EVNZRIfd REdr, i
dropout* i) 2 J 28 SR K s BGEAT I ks K
MEZh 0.2 [1) dropout SElE, A KE 22 2 R B oA
0.000 3, 7F SNLI LA & MultiNLI 4535 Py B4l A
QA RN A o 32 25, 20, A,
B 3 AN B b, PSSR B ZE N4
9400, 373 F1 450, 7EREAT VSN 0] = Y] 4R
TRy, R Spacy 1L AR il Y F4 3 1 A 25 R iy
4 SARRREE, K A MBTER AR — A one-hot
W fE . AEEEUREE BRSO, K B R SCE DR
P LWE R 2. L EFTH SN T AN 1
FFRERRBIN
43 LRGSR

1 R T —SLE SNLI Bedli 4 L& A
KB, B (1) ~BR (10) FZoNITA)F
IR LRI 7 ik e AE3X 28 )77k, Chen 25 A1
76 2017 “E4H BESIM (B! (6)) A BILSTM
GERN SCAR AR AT g, A2 il IR0,
SR R I 1] (1 R JEAT LA, AT T g 2 (1)
gESL, AR RO [ ARTE R (1 — MR
HilfE. FET ESIM, ASCHEH 8 INEoM0E = 2445
SRR s, [) IR FH 488 5 28 3 %o 55 ML R
SSOEERT TR, R FH B T I i Y sl 1 )
S BT I8

M1 AT EAE H, ARSCR 77 (proposed
approach ) 7t SNLI %4 48 L i ik 2] 1
88.8%, LT3 | A AR . JE b5 5Lk
BiA) BSIM bhag, n] DL IUBIHY () 1 8 0 AR T
ESIM. 734k, B (10) KT ESIM #H T FIH
RS B R s, NI R G RE .
FHEC TAER (10D Frd drik, ASCHEH 7 2474
A3 T AP R .

2 JEOR T 4E MultiNLI 3l 4 bk BERL LT 14X
TR, N 2 AT LR, AR 7V
matched 48 8 FAL T BT A7 IAH OCBE Y, [m] I 75
mismatched ZU#54E FAL TR (1) ~HBIRL (8),
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*1 RIS SNLI LAYIERE
Ay IR 2 DR SEHER %
(1) mLSTM word-by-word attention model™! 92.0% 86.1%
(2) decomposable attention model!""? 90.5% 86.8%
(3) RHD with Individual Comparison!"”’ 90.3% 87.4%
(4) BiMpM!'9 90.9% 87.5%
(5) re-read LSTM®! 90.7% 87.5%
(6) ESIM! 92.6% 88.0%
(7) DINP 91.2% 88.0%
(8) DR-BiLSTM?" 94.1% 88.6%
(9) KIM#! 94.1% 88.6%
(10) ESIM + ELMo!"* — 88.7%
(11) Human Performance®” — 87.7%
(12) proposed approach 95.4% 88.8%

RN I 775 AR SCHE H 1 77 V4E MultiNLI £ 5 4E
S T AR

%2 R KR E MultiNLI A9

! MR HER R
kit
Matched Mismatched

(1) BiLSTM™ 67.0% 67.6%
(2) Inner Att?! 72.1% 72.1%
(3) ESIMPY 72.3% 72.1%
(4) Gated-Att BILSTMP? 73.2% 73.6%
(5) Shortcut-Stacked encoder'**! 74.6% 73.6%
(6) RHD with Individual Comparison!"”’ 75.1% 74.7%
(7) BiLSTM + ELMo + Attn!"® 76.4% 76.1%
(8) KIMPY 77.2% 76.4%
(9) CAFEM™ 78.7% 77.9%
(10) DIINE 78.8% 77.8%
(11) Human Performance®®! 88.5% 89.2%
(12) proposed approach 79.0% 77.5%

3 IR TS R R I AR TR R
JiVAE New-test-set HHHEE IR . Hh X ode
PR T V2300 AT T ek, DR 2 Bl e A O A T A
HARE SRS RIMERE. 53R 1M, WA H
FEZHEEAE b, BB (1), B (2) FIREARY (5)
Pk REARAT R I R . SR, ASCHREH I VA
B FRIAS TR AR . R A
(W73 ESIM (¥, {HAHLLT ESIM, ASCH
I A R B R AR B T,

AR B LA R SR B R, gbsh, 3
(f) BERT BB HB A T AR 4T (K20 o X117, BERT
A58 20 5 SR T KA PR 250 47 8l X ] 1 i A A 2R
SRR SR AL Tz, R ARSI
A T BN R A, B AR %8S BT
SREAT T 5 IO TRE A 3

&3 fEBIFE New-test-set ZIFE LAy t4E

New-test-set

B ZRER AR

(1) decomposable attention model!'"! SNLI 51.9%
MultiNLI + SNLI 65.8%
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