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Analysis of the Effectiveness of Additional Images for Sentence Semantics
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Abstract Recently, the Visual-to-Language (V2L) problem has attracted more and more attention and become an
important research topic in natural language processing. By utilizing Convolutional Neural Networks (CNN),
Recurrent Neural Networks (RNN), and Attention Mechanism method, researchers have made full use of images
and achieved much progress in V2L problem, especially in the area of natural language semantic understanding.
In fact, images are often treated as the important auxiliary information for the enhancement of sentence semantic
understanding. However, some researchers have begun to question the necessity of images. They argue that
textual information has already provided a very strong prior to promise the good performance of most semantic
understanding models, which are even capable of generating correct answers without the consideration of images.
Thus, the very first problem of V2L research is that: is the image information really necessary and helpful for
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sentence semantic understanding and representation? To answer this question and investigate the effect of images,
in this paper, we focus on a typical sentence semantic understanding task without images: Natural Language
Inference (NLI), which requires an agent to determine the semantic relation between two sentences. Then, we
incorporate images as the auxiliary information into the sentence pair to verify their effect and answer the
question that has been raised before. Since it is originally a pure natural language task and images are not
considered during the data annotation process and sentence semantic modeling process, choosing the NLI task
for evaluation can help to assess the influence of image information on sentence semantic understanding and
representing more objectively. To be specific, we first design a general plug and play framework for image
utilization and integration, which consists of four general layers (i.e., Input Embedding layer, Contextual
Encoding Layer, Interaction Layer, and Label Prediction Layer) and two plug and play layers (i.e., Fine-Grained
Context-Enhanced Layer and Coarse-Grained Context-Enhanced Layer). Based on this plug and play framework,
we then reproduce five state-of-the-art NLI models (i.e., Hierarchical BiLSTM Max Pooling model, Enhanced
Sequential Inference model, Multiway Attention Network model, Stochastic Answer Networks model and
Generalized Pooling method) with the same deep learning framework (i.e., TensorFlow). Next, we evaluate their
performances with or without images on a large annotated NLI dataset (i.e., Stanford Natural Language Inference
dataset). In order to better verify the role of images, we also compare the performances of models with different
image processing methods (VGG19 and ResNet50) and different image utilization methods (Fine-grained
method and Coarse-grained method). At last, extensive experimental results reveal that images, as the external
knowledge, are really helpful for sentence semantic understanding. Furthermore, we have obtained some other
conclusions: 1) Fine-grained image utilization method is capable of providing much more useful information. On
the other hand, this kind of method has a greater influence on the sentence semantic understanding and
representation of models; 2) As a more advanced method, ResNet50 can extract the important information from
images more precisely than VGG19, which is able to provide much more comprehensive auxiliary information

for sentence semantic understanding and representing models.

Key words Visual-to-Language; Sentence Semantic Understanding and Representing; Image Information;
Plug and Play framework, Natural Language Inference.
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P: People shopping at outside market

H: People are enjoying the sunny day
at the market.

| Gold-label: Entailment

(A) (B)

Question: Is the grass taller
than the baby?
Answer: Yes

1: REB N EHIEE FHIE SRR

(), BB IS AR A B, (H 45 N
1% A5 DI SR A) 7 HOTE SCERMRRT,  3tnT DUR A
FA T H X PR AN ) - ) ()1 SCHERR G 3R A2 227

BRI, N T S e e EHRAE Bt A Bh T3]
T BB SRR, AL IAR B IRE
B RTSS: BAMEF R, RIIEEEE R
A R o B FRZAE S5 1 S5 DR RN SR AR 1Y) E SRS
FAEEE AN AR RS, BB
R IR S NEURAE BRI, DN AT 55 RE
i T 2 U ) J 7 BEBAS 2 5] N6 ) -1 SO A
IR . BRI S, ASCBvh—om F i BI45 ED
HEZE (general plug and play framework), fgis L%
FhAS [ (1) 7% 20 R0 R RS BB BIE S
PSR FETZAELE, ARSCE I T H AR st
HIJ73%, 4355 Hierarchical BILSTM Max Pooling
(Hbmp)[12], Enhanced Sequential Inference model
(ESIM)[13] , Multiway  Attention  Network
(Mwan)[14], Stochastic Answer Networks (SAN)[15]
L& Generalized Pooling method (GP)[16]. iX &7y
AR H AT ESRE T HEFEAT S5 v R s I AE
B )T RmBDHE ST iR DLACAESE

R T SCARARER T, RGN T AR
B H A s W A B R 7 . VGGL9[17] M
Resnet50[18]. [FIiNF, 24 7 B 4F e Uk 415 B 15
W), ASCEBEPIMAS R R R E R R T AT
JE 7 I RRR BB BIECE R R R
4 AR N RS BRI E RN, PR ZR 2R
BER @SR IICHL S s AR /E 7% R
BAGERY [1) d Ji — AN AR 2 I it 285 A D BHR
TERIFERER IR, FRR PR R G BaE FHHE AR b 1)
TE S BIGR = . B 5 ARSI — RV SR ERIE
B AE B8] 118 BRI s, FEEEAT IR AN
M, m&EE -SRI 1 KEGEEHEET
M5 RRNA)FIE S 2) 4UR0EE i EAG A6 5k

ATLRMEE 2 MG R, WSS RS ER R
GRS K 3) Resnet50[1814H%} T VGGI19[17]#
R FE 8 1l IS R 1) BUB RS B, v f) 718 SO
fE P AL TE AT A LG B

2 MHxTIIE

AR R TAER DL =0 L AR
B FEAAR ARG BABH AR T2
] (A SCHREREL SR RIMAHOC TAR; 2) BEUGSOAREA:
FEANHE S EUE(E S 5B B SRS 5 B 1A 5%
TAE: 3) ok ARG S HERE: BRI H EE
W) RN S HERR A DG A
2.1 BRIBSHEE

Bl A R FAS AR 4 , 491 1 SNLI[2], SCITAIL[19]
SEIAWT AT, PLRS TSR g H0R, 5
CNN[20], LSTM[21])F1vE & F3 4L i1 [22][23] 45 i i#
R, KREMMFSFRR ARG S A 15 N ITER
FE R A Tl v B ARE S . XLy vE
Y RPRFIRESE: A) 715 L ImASAE 4L 5 R VU RCAHESE

B S R HE 42 38 i AR Rl s K R A
BN o, F XA 15 RN )R T
PN F 2 [ E SR R . HilEA KERETZHE
ks ok, Bilan TBCNN[24], CAFE[25],
FI DRCN[26]. X677y A% O il ik MAS[R] F FE
Gt )73 SO BRATA) FAE U E R 5 RO . Rl
Hiy, VER I REBEARHE S PR R SR v ik R S
EREIN, R B IR K& R T A) 715
PR, Bt Liu et al.[27]3% H BB & 1k
PR N AE ) S B8 Sy AR S BLA AT R, % R
Sk, AT AT A i) T TR R R
Chen et al.[16]1% 7 = /IWLEY RN Z LB, HH4
B AR A) T8 RN & T RoRf) 74
FANFETTHEE S BRibz 4, JZRgi, Flin
JERALH] BILSTM Flf Kt fb #efE[12], tah R
AN [E B A) T8 LR B RN

B PhNE B4R 22 b G v R T 2 (8] IR B SR
57 LA K AR 25 3] (1)) ¥ [B] 1 S AE L o 451 40 - Rockt&schel
et al.[28]42 H 17 2 i = JI AL FH T 3R EGR 5 )
T2 AR S 315 .. Chen et al.[13] ] f H.
R TEBIRGON RO R . BRitkz A, ik
ATT3 A FH 3 250 4 J8 R =RV E 759 BA— AN SE4H fr
JE H 7 SR A T 2 A 3E e R . Tan et al.[14]
KHZAAFEBER IR T, MR VTR P



WM B AR B A0 718 CER 5 R B0A BUERIES b 4

AT Z TR BE UK FR o AT FRAN R R R S
TR BN AR SRR BRItz 4b,
— LB LN SR AR AR 1) S0 56 R 51N B4 2
1, Chen et al. 291K P94~ 1) 2 18] (1 [A) SCn], e X
W, B RAAS s BRI, RE5I B
BIE, R A DL HERE G R A
B, SEELT U SCHEEROC RIIMERA U . SR, KE
X I E R T AT AR S, @A
(1975 UM A F BE AL A BT 0] 38 3, ARARATT IR i%
BHEEA)TXAUSMGEE FmEBEE Xa)
FAE SRR A BRGSO . AR BX T T
WA AR R P 2]

2.2 EBXAEE

ICLEEE, K MRS BSOS BB At kit AT
EUE SR B 4 O — AR R TR 7807 1,
K& BHGSCAAE 5 1 1] AN W R Bl ok, 49 dn
K& A4 % (Image Captioning[30][31][32]) 41
B2 (Visual Question Answering[33]) #1L55% 1%
( Visual Dialog[34] > , % % # # ( Visual
Reasoning[5][6]) %

H A7 g5 1 (1) PG SCAR B G 8 g VRl 22 5
5354 — 4> CNN Hl—4> RNN 14 EHE R A7 (14w
2%, HTARERS )T RRERR. Ry T
A B S X A A FRME R, R
il — Mt 2 1 2% P&k . 5140 Mao et al.[35]7E&F—
BRI AT — AN AT EUR ) CNN RFIESE R AG TR
— AR IR 3 AT, AT BE G ) AR R LR P ik )
T: Maetal[36]fH 7 A CNN [F)i AL 2 E R
FREFE)FHR-E. 2RO, A TR X SO R ik f 5 i
kK, ATHEBMANRBENER. Bif—25, ATHE
IS B B 52, Zhang et al. [10]K —AE AL
71 25 I LA 0 oy A DX A AP R BRI [l R At T3k
B [ 25 ) 7 1) A B2 15 e 1 78 R 4R B X
RLALSE A ZY o BT IXFERY IR0, UGN A) T B4
FAE X RIL R S A SRR JRTT, AHXS T3
AR, PGB T T E AR, 5
BEEI, FEFELEORAT TN, 51N EURAE B ki
SCAR BRI A S, FlE 1 e
(A, TEAFZEEBE BRSO T KRN RGeS 2 1
%R, KRB T7E VQA VIO[L1 kit f
RZ . BN — Lt N BN RA) 7R R S
15 Bt se e he fdtom A e, JHORIEAR AR
PSR IR, FE2 0] DR E B (E B W)
fEOL N A RGERIZ 2R [10]. Kk, BRBEERS

BT A5 U ERR S RN 2, 2L
XA 1 SRR MR R B = 1 b R AT ORIR N
FIBIF 72 SR B8 I PSR 15 B I R BE R 5 R s A1) i
pEiAP
2.3 M BRIESHE

Z B SCAR BB PRIE R SRR K, TFFEA O
PV 2 R RS A5 S 1 5 0 A 1B R B
TR TAE. B, ARG ESE RSN
B HARE S HEEAE S, R EBE B 6]+
X EE XCHEBESC R I HIT . #ltn: Kun et al.[37]F]
F EUGRHAE AR B8 X 5 —FhoR, 305 H 51
M E MR AR, F T 1Y sRHA 5 ) IS X
Forme BRILZ AL, AR 2 E IR TE
A TH] () AR A) T8 UL )T 2 (B ) LR R .
Xie et al.[38]4 H — N7 1 H ARG & B 42
(V-NLD, fEZEdmET, Fia) 400 5 r EE
R E o AT R X AN E i S SR AR
MEGHEM SRR, BAHITARZERGE SR
A R BRI R AR TAE[39]. HIXEETEERZE
Je JE I A I 51N BUE A B AT A [R] 11 ) 45 45 74
SR AR BT, BB AR R R DA
SR A F DL SO R R B AR FE TS AR AN B 1
R, ASCE T T Rl A AR SR, @R
HE B2 T 0T B 22 AN i S 2k 1 B 2AE & HEEE DT VA AE
A58 EHGAE BRI 7 S5 TR I, SEa%
BG5S sRAE F O HERAIGAE 5 b . Xt A
SR BTN

3 [BlRRE X 5if R HEIEAE SRS

3.1 [ERENX

YER— P E B KAE, HRES TS
fig NN R4 ) 7 I R oR $° ={\Nf,w§,...,\N,"’;}$ﬂ1Fi
VAT F0R s” ={W), Wh, ... W3, AbR2ilgi—
ANy ede, RERSHERR IR AP 0) 1 IR 15 SO &
y =&(s,8°) Hrk, Wi W R TR A
R BEA) TS ] ME Y one-hot 1A &R oR, I, 1
|, 2 R A) AR ) 7 R T, ATl s
X KR FE HEH W (Entailment, ED, 7 J&
(Contradiction, C), 137 (Neutral, N

9 T Bk BUR AR B B A B AR 5 SRR ) 1 1B
X, ASCH EGE B I NEH ARE S T
e Bk, AUESE) HARE SRS, &



WM B AR B A0 718 CER 5 R B0A BUERIES b 5

SCREIBRAR 1 AR ) — N, PR T

: | Label Prediction Layer |

—_— e — —_— e —

Interaction Layer
(may generate sentence semantic vector)

Contextual Encoding

|
i

A ——

: * * *
| | |
,_‘______.______‘__‘__J__
|_ (A) Fine-Grained Context-Enhanced Layer |
t t t t t t t
| Input Embedding Layer |
JE I AU A D R N

|
b b N |
[v¢] [vé] [w]

I |
! a a a all
: :

___________________

r---

2 $tXTEARIE S HEIERYIE A BB A HESE

WA T2 [ X AR, A S Ak 52 S
y=£&(s%5%1).
3.2 Gt ERIE S HIR A FOHELE

YEDN HARTE 5 B — AN Al E A+ L
1155, BRE S HERLSZ B ORI 2 1) %7 [40] .
FN Gif ORI AR T oRaX A ) . 1X 487
BRI AW RHESE: f) 718 URAGHEZE . K 5] T
T XS A — AN FERR, R B & A
[ (1) 7 VR AT V8 SCHERE G R I ) W [12][16] s 1] DT
MESE : B Sy )7 H IR AR P 1A 0) 55 LA S AR FE 1)
T A2 H[13][14]. W 2 SELRAERT R, ASCE Jeks
XML G — B — D EEAHELE N, ZEUbIEAS A
RSSO 1 38 H 0 RO R HEZE (general plug
and play framework) .

HARES MM EAER T EAEUE: D
HiNZwhLZE (Input Embedding Layer); 2) I
HM4mfi)Z (Contextual Encoding Layer); 3) 32 HJZ
(Interaction Layer); 4) TiiJlll/Z (Label Prediction
Layer). £ T REGHELAIN BT —Z M BMAIEH.

HIANZILE (Input Embedding Layer): iX—)Z
FR) % N\ 9 R4 1) 1 R v ) 5~ TR AR 1A] ) one-hot
meooE R ok sf=ww,wl A
s ={vav§vvf;} ZJZE AT DS 2 R [F 7
EGEEANE . 9 T R R RSSO R, B
FN R BRAE KN TE L I Sl 1)ia] ) &,
11 Word2Vec[41], Glove[42]%. A T ikl fiE X F&
N EAAESAHRNE, RN AL L0

][] B [43]5# ELMo[44]1IM A\ B Z . A — 2
TEVERHE [45] [46] 23 Bl FH R 38 i B A3 (115 3R
e B, ZJE B R RN I E R R R
a]i=12..13fb, | j=12,..1}.

EIE R4 ISR (Contextual Encoding Layer):
AE¥K E—FEHmE {ali=12,..,1} A
{b, 1 =12, | A, B SR A T
155 BT FE B A A 7 HR AR AN 1] B4 T
TN . M2 (Highway Network) [47],
LSTM[21], CNN[48],5%# Transformer[23]4: & &
B R SRAE R R i SRR A s . R, —ut
BAMO IR SR BNZE F . %2 1%
AT R AN E LR E R OR
{a | 1, 2, 1f{b;|j=12..1}.

R HJZ (Interaction Layer): iZE N4
Frif A R R R {a |1 =1,2,.., L}
{oi|j=12,..., I} N TSP I
T NALH, ARZIEE LT R LI [42] A 1
Z AR LAE Hoe X FIRULEC 75, A2 EETE MK
PSR ] 6 55 DA B SCRRABLURE RN 32 B 3T 5
XT38 RS T, AR 3R T )15 U
Fon. HEME, AZSWRIEEEAES AR
AR B, BN A R D 1[26], % kiE
HAI43M BIE R II[23]5 . TEVLENE, A 78
SR AE SR 210 1% 2 A A Al L R B R

WMZE (Label Prediction Layer): 1%z ZF|
S B R &5 AT 8) 7 Z B VTR A 4328 . Fk
ME, REFAE K AIVCHES 7745 [ P A )
T Z A R . RIGMH 2 2B

(MLP) F1 softmax(-) & F0dE 1T i 2 102K

PL_E R AR GE 1 E AR TE 5 4 B 5 v () SR ANAE
B, N T HERERFHAARRMMEEGE, A3
F& Y — Flod FH 1 R4 BY A HEZSE (general plug and
play framework), 411 2 A7, ZHELL EEHE N T
PIZRIERIHZ . (A 4IRS 3515 B 0 )2

(Fine-Grained Context-Enhanced Layer); (B) i
E WO B E B % 9 2 ( Coarse-Grained
Context-Enhanced Layer). 5H'&ZHMtL, X2
RE RiE i H & P RIS SE B (FlnEEBE R
s E RN EREE B R A) B . IR H
X2 RENS RO (1) N EEASERL A i N\ B0 B
WA SO AAMESERR 2 N RIAE R FHAESE . 8 ok
fRH, ASCCLEUEAE BB, BN HIXHE.

MR FERERREBWMEE (Fine-Grained



GRS

B0 718 5 R 1A BRI IE S b 6

Context-Enhanced Layer): 4 7 5 78 73 B F] F 1545
G, RIS DA AR 1) 7 2UR) F A Be (5 S 15
XA TG IR SRR, A ST TR )15 5
GEESRE, R EUGE B B R g (18 S
1THESR. P 2 FHIRLRAE (A FR, ZZERIC
AEN RN E s {a |1=12,..., 1.} A
{1 1=12,.... 1.} FEURE N LKL L ) B RFAE
®C=[c,C,,..., 0 ] (Flln VGG19 LAy fHI%k
BOANEEREARBEE, BT CRmANE
GBI NS NFERER R, AR SCE I AR G 7
B (B EERE ANLED, MG SIS Bt ihE
SRR IS RN i B EE R, FIFXEE BN
% ﬁf“ﬁﬁﬂ%wm B SCHRAA, AT ERE A (1)
BEME B N AT AR . N T RAEX — 2 1 R i
ﬁ%%ﬁ%%ﬁﬁ,ﬁfmﬁﬁﬂ%AﬁﬂE%ﬁ
22 A8h, ARAR TR TR LR
MR EREESEEH®E (Coarse-Grained
Context-Enhanced Layer): [ T 4k & 1) G 1553

Max-pooling

H

@QQ

Embdd gLy ‘
“l
|

Max-pooling

7777777777777777777777777777777

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

(A): Hbmpt&aitiEse

fE BRIk, EEIEEE S n] U — A i
6] B C R, A TARRLEE (R R R Tk, %07
IEAT AR Z R R R T ik O T R R
BERBAMERT, ACHER G BMm HER
NG SO ) U ) R R AT B . R SR
TR 5 85ME B3R, TR HREEM
MR R R B 2 RIRLHE (B) oniZ/z A
WALE . B RECARHER R 5 EIG R IER RN
[ A [ R AL AT AR
XAKR, FRHTZERECEBEEPA AT 1
WUREAER, ACEHEEEGRERE R MRER
Zis et RO VASIE IS S P IS X G ES IR S TN
Z R IEANLEAT RG22k

AEIRTSCRN IR, ASC A br A Sa ik ER (5 22
A TR SRR A T B, RSO S R
AR R o R AR R G AR B B . i d
MIER MBS R, B AR BCE A BB (5 B RAIE

Softmax

Average & Max

,,T,

Embeddlng Layer ‘

*l,,,,t,,,J ,,,,,, ,1,,,,1,,,J,,

] b e ]} ][] )
(B): ESIMSEUELE

& 3 Homp t&E2F1 ESIM &R AhESR

PGS SRR B . 5 R ) 1 LIRS . 5 22
568 R P A2 12388 H B4 B A AE 22 Tﬁ e R IR
e MR G S5 SRR, R RS R RAE M

i S MR RIS R

4 1ZBISENHEAER AN

AN A A8 A S P R4 R RE 4R R ST IR Y
Tl B ARTE S HEEAR A A AR OGS BOAR A 1Y



WM B AR B A0 718 CER 5 R B0A BUERIES b 7

4.1 Hompt&HY

Hbmp F[12]52 —Ff i Y ) 6] -1 S i J7
o BRIGERIIE 3 (A Fia. iZEERHZE R
W) R BEAT 5)F38 Ut . BRI, Hbmp #
A JZ VR B LSTM AR Kb A 454 B A
WHFARCR . ISR I, ASCRARTIR A 7 I AL By
Bl JERAALE I R AT PR A T A
Xil =[hi|_l,5i],
h' =BiLSTM(h',x), 1)
u' = maxpooling([h;, h,,...,h. 1),

g, x! Ah' 512 R L EME LSTM 55§ A
BNFIBER . U R | R RO AL R 1
fith, [FIRTHREE | R 1B RoR . FEAR R T
HIZMA) 15 RN G, Homp ALK BTG (1) 45
RPtEs—&, sEMNH—AZ2 2R T RE
BRI T o

4.2 ESIMFERY

3 (B) J#/” T ESIM A [8] I AR LE ) o
17 B ARG T B R B ) T g R
{faili=12,..,L}fi{b;| j=12,.. | }1ENEE
FINUEI RN, FEAE A B R AT 2] A A ) 7
Z A1 SR B B O AR

—T —

eij =4, bj,

- )

a=> &%) vicna 11 o
=y expe,)

= Ia .

b, :Zw,w L2, L],
i=1 Zkzlexp(ekj)

fEH 2 )5, ESIM ARG 5 &k A UTHRC 5 260 )
T 6 SRS e R AT sR A, R 2T
WEEERI LSTM (Tree-LSTM) #4225 3= K,
ZAFE AT DL A v an FRoR
v =TreeLSTM ([5.i;ai ; (5.. —éi); (5. 0 a ), )
V° =TreeLSTM ([bj; bj; (bj —b;); (b; [ b;)]).
s fH T 3 i Ak AN B R Ak A B X BB
B, BRI R4 Rt R A s ER R R R
IRIFIER NV, B — N2 BBV T G 102K,

4.3 Mwanfsizy

Mwan 18 [14] ) EE AR ZE R 4 (A TR
XA AR VL vk o 2R FH 22 Fh AN [E]) i
SIS A) 18 SO AT LA . BRI S, Mwan
PR DU R AS R v R i E R (PHREE T

(concat attention), XX Zky3: & /7 (bilinear attention),
AeyEE /) (dot attention), AHVKVEZ /7 (minus
atention)) VLU A)F5F dim] Z (Al iE X%, N T
TERGE, A AR NIH— 2 B YR 7
Tk
e =V, tanh(W,a; +U_b;),
efj’ =aW,bj,
el =v;tanh(W, (ai[] b;)),
el = vy tanh(W,, (@i —b;)),

S el €0, e il el s A HR AT i 4 | A AR
BT | A2 R IR A (A
C,b, d, M 48 IR PR R R 0V R0 i, 1
BRI 2 JF, Mwan J7 3 AR

(4)

7 1R X e 2 2] BN UL ECAE S, %IRRT PAH
AR 5 R
=k Iy exp(eX _
a = IXL”)kbj,Vizl,Z,...,la,

i=1 Z:=lexp(ein) (5)
=k la exp(ek _
by =3 &) 2 visia,

T .t exp(er)

Hrrk e[c,b,d,m]. BT XLEPLE(E BAIA R
TR Z053), Mwan RS B 22 245 A GRU H85
K B URRASFRE AT E IR ILECE S, AR )E i
A& A 5 BRE R . &Ja M2 2850
HUARTI 34525 HH I AOBE

4.4 SANFRH!

4 (B) B/RT SAN RIRI[15] AR,
AILAR ) ARE 5 HEEE 7 VR A b, SAN R BE 2 1)
FIEERFLFE. 1%, SAN AR ESIM iR —
B, R EAF 2 [26) 85 0) 7 2 B 1 X2 H,
SR » SAN FEARUAE F XL ] LSTM 106 W5 >4 728 ik
— A TAELIZRES :
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Weight Sum

/,/’, Concat Bilinear Dot _ Minus
' AN AU (N |
\\r7:,,,:,1\(5;:‘::1:,,} r,:,i:fsj-‘i:,,,:,,,,‘
(AN D n
,,,,,,,,,,,,,,, L o=
N A A G l

l Embedding Layer

) S N

fffffffffffffffff r
|
|
|

|
b b |
}

,,,,,,,,,,,,,,

(A): Mwant=BHELE

’ Average ‘

(B): SAN#=EUELE

& 4 Mwan 1REIF0 SAN R B RUHEZE]

a = concat(ai,zi),Vi €[12,..,1]

Bj :COﬂC&t(Bj,EJ)an el12,...1] )
_ 6
M? =BILSTM([4,ai], M),

M® = BiLSTM([B,bi], M?,),

Horp, MM 2R AT AT 058§ A TAF
LR R B FI0% | AN TAEE LR
PFK, SAN B Bt —NE RBUAET ANMCIZs
FHATRRA TN, B, A M s
VA R B IR A
_exp(@,M])
! Zkexp(a)le?) ’

ly
Sy = ZaJM b

j=L
o, BRAENZ B 05%. B Rk, SAN

RERA—# GRU (A MeR AR B IZ 2 TARICIZAR
&, R LA T

™

B, = softmax(s_WM?),Vte[1,2,...,(T -1)],

Ia

X => BM?, ®)
i=1

s, =GRU(s_y, %),

HrhW T EINERNSE, T ZIFEPH £
R PRERSZ G, SAN BRI —1
Ry RS R PR R RAR AR, IRIA A
PRI EE S A ROBEAR, IS BB 24 12 5%

R = softmax(U[s;; %; (s, = X); (s, x)]),

(©)
P=avg([R, R, ... h 1)

4.5 GPfEY

GP HA7U[16]t 1 — it B ) A 71 S5 77
%, IEUAHS 3.2 NIRRT s ST ik
WH SR LRE R M TFE RN E. H
XK —ANEE AR, GP AN « Ziyd &y
RRFEEF A THIRA 77 [16]. B, ERA
HEWERNZ LI, IFHAERZ AT A
BN RFEA) TR SCIAN [R5 TH AR e B o
K, X RANASCAEH 2 FA R — ATk R Tk
AT, R, GP MRALE — M HHRERIE A A
T XA RR, I 2 R FIHLREAT 8 SCHE
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HRAK K.

BRItz Ah, GP BALIE BT =R AR I Z0R,
M b 2 Sk P E RN, (RERASRAG L
FEVE, BE6S S At iR &) 7 ORI AR RS i . B %,
GP HAEER MRS B M LT AR, fRIE
AREFIESOHEEETEARRK S, Bk,
GP A At I S KA R A S HUE RS

Frobenius norm:

h

L=p)) > max(i-[W'-W'[£,0), (10
i=1 j=i+l
CHL g1, AR BURREIF S, W W R E %
PERE AU SR ORI . 1, 0 R VR 50
A
JUK, GP B LRV R R R AT 24
L PITBEE BRI ZRERE, 505 [40] 118
SIS [|AAT |2 AR 28 708 5 e 3 8
% REPEREE, GP BRSP4 7 SRR 7
FLRORERE R 2 RERE, b, AT AT B2 3%
PER T S BN R

h

L=p) > max(2—|| A=A |},0). (11)
i=1 j=i+l
B, GPARAL B X 4] -1 SR B o T
P, ONZ Sk i B R R REME R i 2 M) 7
R RR, BT GP AR R A T 1 &
For I TR R L

h

L=u) > max(A-|V' =V |},0). (12

i=1 j=i+l

4.6 ETiEMARIBMERMIERAERR T R

AT 2 B 23 FH R 9 B 2 o 4R 1
1 15515 548 5 2 -5 R 2 1 15 52 4 U2 189 5 )2 14D A
KRR . A5 3.2 NIRRT, ASCIRH
{1438 FH BP9 B A AE 28 S G AN AN 2 (A
YKL IS B E s (B) MR RIESE R
W2, JFEEARH, BBAE EREESINE
Bif5 BT AR 5 RO A7) T8 SUHAT Y 9
4.6.1. WHRENBFRERILGEE

W 3.2 ANTRIRN, NS 2 4 A2
A A E &R e [1=12,., 1) A
{0, 1§ =12, l,}. 97 BEOS R ERAOATRL S
fiE#e C =[C,,Cy, ..., & 1 H3EA) T o (5551 1 1

XARTR, ARSCHREH — B S A A TR B
5 R RS 1) X R R BT EE R I [26] 68
o AR P2 1) 2 SR P A RR AL 2 I AC 1L, 4
VEREA8 128 th X 41) 1 SO B 145 B 3 5ot 1 S
PSRN T RN, AL TRt
FRRERE N A AR A
e, =V; tanh(aW,c)),
IC ..
8-> ) ¢ viepa..l]
iy expe,) (13)
S =o(ua),
a =[5a:;(1-5)a],

Hopv, W, u, RIS RS REH. 4 &
HHRA TR | AN RS, O REHIT,
TUhERi MAMARTHE DR EE. NT R
RS MR — BChE, 72X HLAH PR B B = o
AN B AR R AT . 7RO,
VE R B A 5 M i B 1 A S
TAE N FORHATRE, AR A A T
B 3 5 B B R R PR A . R
{5045 S5 B % 5 M B O 2 ) o £
S E Ol

4.6.2. MBREHBEESEER

SRR B RS B RRE A L, KRR R
BifG Bsa E R EAWAAR. Bk, ZEEH—
AN C FoRBRB KRS S Hik, ZZEEE
PG R AIE ¢ R IE F B3 B AR B AR 2 T J2 ) 22
E RGN AN T B . BT kil 2 2 RAnmL
TR EEAN AR FIT o A2 1 8 B Ja S N R RR 25
B2 2 BEINL AV, AR AT LUE LN :

P(y|s?,s°, 1) = MLP([v;c]), (14)
Hoh 2 2R LA 2 2 R 4 0E B
tanh(-) 1222, DL — )2 softmax ()K=, T
TIN5 F PG AR 7Y B 0 A2 B P — ) PR R A 1) 2
TR, ZITIEA IR 2 TR () B SRR R
WA BT 0] T8 PR AR IG5 .

5 SCI§
AT e A A S M e DL £ 3 A

GiHER. W5, AT A TR ) 2 40
LB AR RSB0 25 SR VR 7 B
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x1 PRI ENER G

*2 BEBSHRE

) MR T
i iz

Wy [ | nik ER
2 & FRAT AT
Train 182,167 181,938 181,535 | 13.05 7.26
Dev 3,329 3,278 3,235 1419 7.35
test 3,368 3,237 3,219 13.91 7.48
Hard 1,058 1,135 1,068 13.81 7.71
Lexical 782 5,164 43 11.42 11.60

51 BIEEND

9 T B B EEAE A [F] SR F SR A T AR
PRI, ASCESE SNLI i S [0/ MR A SR 4R,
IR SRR AN — ko0 B ) MR AE B Iz
PEERT UUR WA : 1) ZWE: SNLI HdE4E
ARG AR IR A ERGE R, FRERENT
PRER HA 2 BBAE BB . DRI 22
IR NN RS BT 5 AR U R 2 s 2)
BUERR: AU IT E A28 1 50E EIE (S B2
BT A5 AR S oK, PRIk 2y R 4R
A GG B EBIEETAMERER, HFHR
SN E G A B TR AR T 2 [ SR K R
B4R ), SNLI Bl i aiie a7k A
T RGHIB B Flick30K[50], FEANRTIEA)F#E
& —IREG R AT, SNLI B S P hbsiE H
FEANA)TFXIAE Flick30K it £ Hovt B BUE 42 7,
PRl SNLI #ds R 4F 0 iE & IXME S5 .

AR F , FEEAR T B B, A SCHRHE SNLI
A S RS ST R M S A A S G AN
Flick30K #4545 [50] - i HUxs B R A5 B, B
Aine e, TR T A RS B A AR
TH S MR, HEUUIR IR LAH SNLI Hils
Sl — R BRI R B R EURE S, Bk
ARSCREIX o B MR . RISy 1 S8 R B e AR 2R A
RS BAE BRER, A SCIRI 4% 58 B Pk )
Hard test[46]#11 Lexical test[S1]/E Jii 4 ik 45
TN BBAE B2 5 W I B S K R A G i3 B
W% 1 fios. Hid Hard Al Lexical 43 %)%~ Hard
test[46] 41l Lexical test[51]I ik 4

5.2 tEEISIH

ASCHETT A EIEFHTA B AIUE S, R
N T BRI VE AR I8 FTHER S SO A B,
ASAE R R 2 BON GRS, DR AE 20

L ZHUA
VGG19 £ R4 4 i 512

VGG HELAL R AiE 4 P 4, 096

Resnet50 2k B R fiE 45 & 2,048

Resnet50 HH ¥ B R fiE 4 2,048
TIN5 1] 1] 2 4 300
RGN A ) B 100
GRU/LSTM B /2 Bt % 300
ESWAL Sy 200

AV TsIIN YT T g 200 #1100

WIH2: =] % 10

SV E 2 5 FIGHEE R I SA AR, HRSEL
WEWR 2 Fin.

X B AE B RN, A B Tensorflow
AJEum) Keras T EASIILE VGG19 BiAL[17]H]
ResNet50 1R [18] 4L BT IR, I iR JE —
A6 B I H A SRARVEIECE AN R E N
Hh &5 S D9 BB B AHDRE B R AIE 2 7R 5 R R BE R ALE
Foore MTIAMERKEIL, A SCK IR 1
YN 300, FAFHONIE M E 4L 100,
dropout 524 0.6, ][] & A H A2 TI)IZR 840B
GloVe il [f] f[42]. XUH LSTM Bi# GRU [JF&)Z ¥
JCECR 300, HyEEAIEGE AR RS R
TR 200, ARZETIINE 2 2 BAIHLI B2
JCHCA 200 1 100. Z[4)8 K&, AT A FIALE
W B o -6 d K n A
JB/ (nin+nout) = (A1 i) 2 51 43 A 38k 47 11 46 1k
[52], nin A nout 43R s rR AL E S U 7 2
P AFIHAERE . T A M BRI 0. A3
i ] Adam AL SSPLALIER, HIuG2: 5] %107,
5.3 SLINLERELA

APNEVEG M SRR AG R, FEUINE, &
L FAE A RN Bl _E A HE B R AR R AL PR A
i

JRIREE R v.s. IR K 3 on VR R G
RESEBEBHERTREIAMLER. WRBATLUE
H, ASCRIEE R BRI TR R IRE R, A
SRS PR A E SRR IS 1D A S
—E A RIERDAIHEZE, JF HON 7 S 0 v A
RIOR, — ST I S HOR S R R 2 2
s 20 ARSI BRI R HI A B
PR F SCAS R BB A5 B TR R IR L, BRI AT
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*3 EATEEGRENERENNR CEHER)

K& JR UG % =E VGG19 AhFst F Resnet50 ZbH 45
& H A Lexic ) ) )
ik Full Hard | Full Hard  Lexical Full Hard Lexical Full Hard  Lexical
p a
Hbmp | 86.6% - 85.2% 66.9% 68.2% | 85.4% 67.3% 66.9% | 85.6% 67.2% 69.6%
iﬁ GP 86.6% - 83.9% 67.6% 69.1% | 84.3% 66.6% 67.4% | 845% 67.1% 69.7%
A
fgﬁ Mwan | 88.1% - 86.6% 68.2% 65.3% | 87.4% 69.3% 68.8% | 87.5% 68.8% 70.0%
?j SAN 88.5% - 845% 643% 56.9% | 86.2% 644% 58.7% | 86.4% 653% 64.8%
%
ESIM | 88.0% - 87.1% 713% 69.4% | 879% 721% 70.6% | 88.1% 72.6% 69.9%
Hbmp | 86.6% - 85.2% 66.9% 68.2% | 87.1% 69.5% 657% | 86.8% 685% 67.4%
i@ GP 86.6% - 83.9% 67.6% 69.1% | 852% 704% 69.8% | 85.0% 68.7% 70.6%
A
f;f Mwan | 88.1% - 86.6% 68.2% 653% | 87.9% 69.8% 66.2% | 88.3% 69.7% 70.7%
Vi
y SAN 88.5% - 845% 643% 56.9% | 858% 657% 56.8% | 859% 64.1% 58.5%
%
ESIM | 88.0% - 87.1% 713% 69.4% | 882% 725% 687% | 885% 71.8% 70.2%
Hbmp | 86.6% - 85.2% 66.9% 68.2% | 87.1% 694% 659% | 86.9% 685% 67.5%
i@ % GP 86.6% - 83.9% 67.6% 69.1% | 853% 70.2% 69.7% | 85.1% 68.8% 70.6%
VA
I3 iﬂ Mwan | 88.1% - 86.6% 68.2% 653% | 88.0% 69.6% 66.4% | 88.4% 69.7% 70.8%
VA
= E SAN 88.5% - 845% 643% 56.9% | 856% 66.1% 56.8% | 857% 64.3% 58.2%
ESIM | 88.0% - 87.1% 713% 69.4% | 883% 727% 68.7% | 885% 71.8% 70.3%

XREAMERL, ARSI AT BN S EA
BribZ Ah, AR A F R 2 S HESE, ]
RE AR — 22, 5] 40 SRR 1) ESIM A1 2
i FH Theano SZELHT, WA SCZfER Tensorflow 5Z
I o I G i PR AR 221 AR e 4 RO AN R . 72
FETFRBIEATH, ROCHE IR RAE
R, ez R EEHARERE S BES R
g5 AT X AT

AMEFARBER vs. ERHEBER: &3 ER
THEMHAANFEE SRS R . K 3 BRE
SR LUEH, HHEREEZE, IrEEMEER
WA AR ST, — SRR R 2 B
THF M CHEP LR, #lan Hbmp (87.1%) Fl
ESIM (88.2%). Sih[FINY, 4 Ebibi e o 2k
ik (K4 (Hard test F11 Lexical test) _E ¥R i,
AT DU IR 22 A 8 () R IS5 A0 T A H BE (5
SRS B X S AU EURAE B A B
TR SCATE AR SRR, PRI HAE T
AT 55 L RIRI

MRLBETTVE v.s. MRLEETTIE: 7E58 3.2 /M1,
ASCHE A BURAE 71 AR BSRRIER R
5k BB IER R . FEART Y, A0 LRI
g v DA K BB RE R R RO 4 R 2 2 o A 7 R R

ISR, FHoeSRIG 4 Nk 3 Fo. W, gk
(1) BEMBRFAIE BE 8 B 4 T 1) 7 BUE AN AR, [
I 55 7Y R % ) FH VR R AL ) M IX R R AE 2 s ik
FE AT A5 B AR B A) B X 5 RO,
MR LR . TUeAaEL, HRLEE 9 BRI
FONMRLE H 0208 TR BB K, Fitke
TS BEAZ Z0RE BE (1) 5 AiE 04 D B 2 2 (4L T i 1)
S RRIR . B OHURLIE RIGHARL I 5 15k () 5206 45 5
WESE TaX— i, MRS R UUE H, BEAI7ERE
AR E A2 RL B 1Y) R RFAE R 25 1 T 1R I
A R AR BERRAE S5 A N BRI ZE A K, 15
TR BE I BB AE N AR Y B s e TR — 2k,
R, MR 3 H Al LUE HA) 715 L% 7772 (Hbmp,
GP) MIRCRSEF )1 FEE R TA ILAC /5 (Mwan,
SAN, ESIM), % —Suia JCHL 7y 754 F 4iki
(1) EUSRFE 2 JE AR R R I 2 H I — e R L 1 R F& .
AN FHEBRME S — 2D e 2 5 R, )71l LT
B 779258 22 [ Oy ) 118 SR A B RO R AR R, R
B LLNEGE B ERAEWE R T A TiE
NXBESRR IR, TR AT S5 S 200 IR 2 1) 718
XHmERR, FUAIMOE B A ERAE
FARATS BB A VCEC 77 ik 5 22 (1 i
A RTT AN D N E T Pl =1 RV W= D) | AN 1T X ]
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R EUGR RS B, — 7 X L85 2 A Bh T3
S HE A ) A RN R 1 S, AHL ) — 7 TR 1)
EURFHIEE BT RE S AAHKRIE R, HH RS
TR AR R T TC 630 22 [R) (R S, e 20 AR AL AE
HARATE S B3 F2 B W B0 AT BB AR T ) 718 T
Be 7 VE B D o

VGG19 #H v.s. Resnet50 % . {1 ARl
EUE 5 KA, VGG19 FAY[17]F1 Resnet50[18]1E
EUE o RAE S EOaiSG4S ANiEH 1 s, I HIE
WS 2 Bl BUE SCARAE 55 R b ANTT D B — 8 53, £
VAL B ARTE S A0 . R A SR X
TR 28 Sk A A RS A R0 363 SI2 565 w1 PR A 38
A, 3R 3R IR, {1 Resnets0 /£
EUR AR, K 2240 1 A0 5 HE R LAY 5 S
FEBCR BT o SRR, AT DA B e A R FE 1)
EUGHFIE R NI, 6 Resnet50 BHAT EIGALHE, i
AR I BT VGG19 kb2 UK I
PRI (AT, A 7 P S AL A R i R R P A
FRIEROR 4R, 7T LUK B Resnet50 A& ik i 4
FRAEZEFE R 2,048 4, 2 VGGL9 2B B [l 2 (A 4
(4,006) f—2F. [Ft, wILLESSH Resnets0 A=
B MG AT BRI R I i 2 s T VGG19, [FI ]
BE BRI R ERGEER RN EE NE
BL—15, Resnet50 AHXT T VGG19 M S ALK
Ba)z, DR R s AR o 2 B v 1) MR IE RO
5.4 [RIAFRE T

A SCIR N T EAGAE B 51 N 5 4i {8 25 (1)
S, MRS B 2t BUE FH S R R 2 PPN A5 A
BT, IEW[2] AR E), SNLI i fErEbr
R, PREANRIEEAEEREER, Fig AE
5.5 FEIEGIZELRITLL

A3 E A E i SR IR E BB E B A B T
HE SRR 0 1) TR XA B AR 53R . (Hag, REZH
MEGHEZ R, 2, IR, BOSERIEA . X
SORHE R AR R MR IR LA MN S5 R . 2 H
AT — 3k BR 2 A B T ) 3 i OB R S R
We? O 7 [l XAl /L, AR SCREAT B4 1 S 56 B
E, X EEAEA R ICE T BURIR I

HARM S, ASCAENERr B, EHAMEE 5.3 /)
THFENRE, BRI BL, AR FEAR M
BE. BARME, SIS R AR,
A SCA P B B v — SKBEHIL IR 0 5% 10 TR 5 i
g, ARICOERRIEE, SRS R IR

BIEREZE, R RS KA. TP
il IX AR AR A R 52 , AR 3253 3 A SNILI EEEE 1 Full
test WIREE A Hard test PR RAE 500 Z64E 4, SR
JEIBIE 10 AAHSCIIRTE SN R AE RIS B %
PE R BRI IR LA

ZVRVEFEIE (Confusion Matrix) ik, ASCALE
RAPEFRRAERIGER. B8 (7)) FRIE
URFEL (CEFbRERRRZ) FfE (Hd E.CNN,0
Sy FEAZEH (Entailment), JFJ& (Contradiction),
Hia7 (Neutral) F14it (Overall)). filtn: 55—%1
Fon 153 AN 2EE 671 TR N, A 6
BB E RN E, B 7 ANZEIR G
HEFHRE AP L. RSO kappa & EUUE HH bR
HERIPRE 5 R IER % 2 (B —8tE . Wik kappa &
#1E 0.61~0.80 1], FHAPFh /A & HA = —
R, MERPATLASH, 78 Full test MR L1
kappa % %04 0.759, Hard test Jlli£E F ) kappa %
N 0.699, fEFTHRIEFEA LY kappa REN
0.729. ixX B4k B 78 431 B BB brvE AR 25 F0 46 A
Lz R mE S, FEGE BRI AS
15 A SR AR RS VP AN A ) e R AL

&4 FRIMKENERGIHER

Full test Hard test

4 F b & |@ F b o4
I S I B S s

153 4 32 189 | 147 2 45 194
6 160 26 192 | 7 156 23 186
7 5 107 19| 26 11 97 120

O] 166 169 165 500 | 166 169 165 500

Z O m

RFEPTA NS EIRCR, 4Rk 5 fs. #T
SRAR SCKE N = AT TN SE 45 AT 4T
FHEBER vs. BREBRER: B, &AL
oxof AR S e B i 45 R AN AR R 45 2R
XTEGEE 3 MR 5, AT UK I LA B TE A 4 ]
BRI A AN FEREER T, AR AE
F G R a2 . IX e B R U8 I UG A s (it
BEXRELR, ARERKS, & BREELE. [
I, AR SO A i MR I A 2R 7 T BB R )
IMIREE (Hard test A1 Lexical test) RN R
W2 T XA R AR L2 5 43 R ] - #
B, DRI R5 AR R 1) BR AR I R A 118 L.
AR R ERIE B sl N, iR
fif B FE SCBAF NN A, R Y R I 2o
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®5 FEREREGNEIEREYR CERR)

VGG19 417 BG4 3= Resnet50 4% B 5 &5
EGAER T | R
Full Hard Lexical Full Hard Lexical
Hbmp | 83.5% (-1.9) 67.3% (-3.6)  63.3% (-3.6) | 82.9% (-2.7) 62.6% (-4.6) 65.1% (-4.5)
il GP | 823%(-20) 63.1% (-3.5) 62.5% (-3.9) | 81.9% (-2.6) 62.8% (-4.3)  64.7% (-5.0)
S
J¥ Mwan | 84.6% (-2.8) 64.6% (-4.7) 64.3% (-4.5) | 84.3% (-3.2) 63.7% (-5.1)  66.1% (-3.9)
;Z SAN | 825% (-3.7) 60.4% (-4.0) 55.7% (-3.0) | 82.3% (-4.1)  60.8% (-4.5)  62.7% (-2.1)
ESIM | 83.6% (-4.3) 65.3% (-6.8) 62.9% (-7.7) | 84.1% (-4.0) 62.2% (-10.4)  65.5% (-4.4)
Hbmp | 82.6% (-4.5) 57.8% (-11.7) 61.4% (-4.3) | 82.3% (-4.5) 58.2% (-10.3)  62.9% (-4.5)
iﬁj GP 82.3% (-2.9) 63.7% (-6.7) 61.9% (-7.9) | 82.5% (-2.5) 63.6% (-5.1) 61.5% (-9.1)
A
}E Mwan | 84.9% (-3.0) 63.8% (-6.0) 62.7% (-3.5) | 83.9% (-4.4) 61.7% (-8.0) 63.8% (-6.9)
i
D SAN | 82.1% (-3.7) 60.1% (-5.6) 53.5% (-3.5) | 82.1% (-3.8) 60.2% (-3.9)  59.7% (+1.2)
ESIM | 83.0% (-5.2) 62.4% (-10.1) 59.9% (-8.8) | 83.5% (-5.0) 61.7% (-10.1) 63.8% (-6.4)

RKIITFBE. Bribz #h, MFRH L AT P& B i DG i
A R EE B RIS FHRE 2, 1
W 2.1 45F 3.1 TR, R UCEC T T 2
S T ARLFE (R3] % 55 DL ARIE R H., 4
UGS B, AR SR S48 AR IE {5 B 5
T PR SCRRAR AT IG5, AT 5 A P

L BBRHER R v.s. ORI BIBISIER
7~ FIER 5.3 ANTTHI TR, TR/ T, A
AR BEIE AN [FRL R A 5 PR A A P v R AR
SN . TS NFR B AT LR B, 4R 1) B RRAE
A5 7 iR R () SR IR BE K. pl T 4R ) 1
BRFIE & A TR 00 8 SO s, A BRI
15 B 25 SRR AR B R G B X, B I
FIF O TR o R s P A R BRI, AH0RE RS
I EMEFIE R R 752 S BB R R A R F
Bieo LUk, AT AR BAHALEE 1) AR ARFAE %o 1] UC e A
AL T BB AR R B T . XA
ZRFXTEGAE BRI, EEAE B X B
IR K. 3, AR —EAN IR
MIELG: 3B AR AR I B RRE B, BT
FEI [ PR RE P A T8 PR R B 1) BB AR ALE, 3K
FE ARSI R B EF JE 1o £E X S8 3 5E A
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Background

This paper focuses on leveraging image information to
enhance the sentence semantic understanding and representing.
Recently, Visual-to-Language (V2L) has become a hot topic
and attracted more and more attention. It takes the images into
consideration for the understanding and representing of
sentence semantic and has broad applications, such as Image
Captioning, Visual Question Answering, Visual Dialog, as well
as Visual Reasoning. Current methods usually employee a
CNN and an RNN as “encoders” for image and sentence
semantic representations, respectively. In order to integrate
these two types of information, attention mechanism is often
utilized for the final decision. With the development of
representation methods, such as transformer, Bert and GPT-2,
researchers also try to leverage the transformer to model the
images and sentences simultaneously. These Cognitive
scientists have also advocated that other modalities (e.g.,
images) are quite helpful for semantic understanding
enhancement.

In our work, we try to figure our whether image
information can help to understand and represent sentence

semantic. First, we focus on Natural Language Inference (NLI),
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a typical sentence semantic understanding task, and introduce
images as extra information to verify the effect. Then, we
propose a general plug and play framework for flexible image
utilization. Based on this framework, we re-implement five
state-of-the-art NLI models and compare their performances
with different image settings on a large annotated NLI dataset
(SNLI). Finally, we present a series of findings with
quantitative measurements and in-depth analyses.
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