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Study on Multimodal Online Reviews Helpfulness Prediction Based on Attention Mechanism
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1 School of Information Management, Nanjing University, Nanjing 210023, China

2 School of Management, Hefei University of Technology,Hefei 230009, China

Abstract In the e-commerce era,online reviews are regarded as important product evaluations, which profoundly influence con-
sumers’ decision-making process. However, the exponentially increasing number of reviews and unstructured review data pose
challenges to feature selection and accuracy improvement of review helpfulness prediction. In addition, current research mainly fo-
cuses on shallow features and feature extraction of review texts,the image information contained in review photos is often ig-
nored. Besides,multi-modal information such as review text,photos,and shallow features needs to be refined and fused by app-
lying multi-modal fusion methods. Based on these, this paper regards review photos and review text as a latent feature affecting
the helpfulness of online reviews,and designs a shallow feature set according to the KAM knowledge adoption theory. For the da-
ta of three modalities,a deep prediction model,1i. e. , threeemodal review helpfulness prediction based on co-attention mechanism
(TMCAM) is proposed.which can achieve the interaction and fusion of cross-modal information. The superior performance of the
TMCAM model is tested through experiments, and it is proved that the complementation of image and text information can
achieve better results than single modal information. Besides, shallow features can help predict the reviews helpfulness. Moreover,
compared with simple modal features splicing, using collaborative attention mechanism for cross-modal information interaction
helps to improve the perception of reviews helpfulness.

Keywords Review helpfulness,Co-attention mechanism, Multimodal fusion,Natural language processing,Deep learning

RO 22 4 0 B A B, 2 3 T B TR 1R R R I

S a7 R A 0 R XU o AT 4R T SR 3, T Bl A

Bl SR AL T 7 55 1 A JEe L AELRATIR B BRI M 4% D3R . MR 2016 4F BrightLocal Y 2 W78 . A1 90 %0 1 11
PRSI W — KBRS S FENELE B S E D 10 KA LI IR LB SO % R & 0.

1 3l

i

F & H M .2022-06-22 3R {& H #.2022-11-04

BATH  H K A RFE 4 (72071062,71471054,72071061)

This work was supported by the National Natural Science Foundation of China(72071062,71471054,72071061).
WAEME#E . W (wgedison@hfut. edu. cn)



38

Com puter Science I HEMLEL2:  Vol. 50, No. 8, Aug. 2023

SR o LS 1 I SR 4 25 U R &2 2%, PP IR P R & i B X R 15 B
WA EERRA N RE . FN LSRR ITie ke . S
P2 FE R PRI T 4 il 45 7E 4 I8 B R R B R AT L X
553 2% B A SR AL B A S 1) R D) A R 0 SR AR I I
B — ARl A R R VPR A R RO BLAR L T B
B 3 0 3 FLOE A A A PRI .

H i KRB IT & 6 T B 4 5F 27 ol 5 G L3S 2 ) S04l 38
i N TR ES 78 2 V0 A 26 1 1R 2 RRAE 4 45 2SR T A
T SR R ML) A R R T A PRI A R . R
M - 20 2 RRAE A DL S8 3 R AEAE LR IEE . M EL DL B 7 ik,
8T PR VR 32 2 T 4% O k4T SCAS R AE 2 T © 28 BiIE I 2 2K
B, I HLRERS BUC A5 So b5 8 AT 55 VAR AE TR . Saumya 25
T B Word2Vee 5 Glove iff 47 SCAS i) ik A I
PP JZ 0028 B 22 ) 23 B AE R e B I PE 154> . Fan %5
i Bi-LSTM 4b B 7 T8 15 B . Xu %5 AT BERT
I 25 ASE YA Sy REAE 42 B RS

— RAVBFFTIE I T R B 2 ) 7 bR A PR I RRAE FOR B
A A 2 i AEATE SR AT AE LA R AL - 1) VR SR R AE S P 9 R 2
FRAE 58 4 B, 378 43 6 2 R AE 7T LA A Sy — ol R 2k ) 00 £ ol A
BEREFREIRAT B 2 PPt IR A 18 8 78 42 9 18 1 3 28 40 W34
43, T 9% F BN PR A YRR AR T OR AT Z AR5 AE LU
MBS I B AR T 3) 75 LIF e T AETE S 1 5K
P EAMTIEAS SR 0 S5 5 7R 2R PF e A e e A s Y X s £
RS B 22 1 1Y) 22 B AR PR n o] g A8 02 5 S VE S A M 0 T
= AR S A SR AE B

25 TR AR SO IR EE2E ST R R AR T — Al T
PR L = B S IR A P W0 AL R (TMCAMD ,
AR LR VTAE 1 SCAR IR R 2 R A AR S di AR B 00 A 2
TR M Bt Iz AL 45 & T B R SCAR T 25 4 AL D
KAM JECR g4 B8 $2 BORE AR 4 A&, OF- 008 6 BT 440 28 A4 B TR0 3
BT 2 B a G . A SCE S F AR g%
IR b, Rz 36 T TMCAM A58 () 4 i PE g . 38 2 7 fil 52
B R T ES AR BR E SXE AE AE 46 e 77 A8 T A STk
B UE T IR 2 R AR A X T IR 2 R AR Y M 5 T 0 B RS R AR
A R T T 52

2 MXTIIE

2.1 EZKTFRFRAETRN

FELATFIRH 0 B A& L 47 Mudambi %5 1A
h— %A TR 75 23T 38 BE 8 42 1 9 2 M0 0 3K B T 3R
Pan SR Li S50 72 4330 i M SO T8 28 A
SRR VTR BE A5 AR M0 FE 7 A W S ol 08 sl 87 LA R T )
JE o 9% R IE IS A T ) SR RN IR M T 2l 3 X T e e YRR
IR N AR BV . TR 2 B T ol
TP 7 B« B 57 41 38 X T8 iR AN (H . B, 7R 5
FRUFZE P, TR AT 1A P b PO B0 5 I o 43 22 A B sl
T Bl P 43 S o A R R L e Al T

TEL TS A R PE R W50 07 1 22T LA A i & 5522 07
LRGSR S Ik R % T k. IR & e S LA
2 AR TSR TE LTI 00 R 2 R AR 5T IR A Y

FKF S PINTFIS TG TP B B R RS IR A G
FRAED 1 (H T AR IO 38 SCAS 19 R AE A7 76 15 2 TR Xk R g
AR Je-Aub PRI SCAS I S A 45 44 Ak il

B TR JEE 22 2T 1 265 PRIE SUR AR AE 242 0 A 1 5 K
M TR, Du S04 A LE VR )2 R S RS AR IR 2 2 2
RUREAS M AT AL SCAS v 24 5 T8 2 50 B9 05 UARAE . ORI i BT
T TF 4 IR BE 24 S BRI P8 SO SR O IR RRAE . (H7E
LIPB A RA SR B e AT A E R DUIEELIT
WH A B T HOR LR PR, HAR B AN E I 30 PR b i 3
fift. Ma S0V RRIRB] T IR AT RE A7 LE 10 A0 1 R B[R]
HBIBTIE A MR E B & A B R BN 45 R . 2,
I 52 2 AR DI 18 SCAS IR R i 57 % A 20 VIS A T 7 A 5
W, BeA B RS ARE B S EAE . TR IR A R R R Y
FEHATAE Z B W B A L 2R I SRS R a B AR TT ik .
XL T 2SR BRI IE RS AT ST BB N 1 TR .

LTS0S 5 0 G 2 6 5 0 P

Fig. 1 Research idea based on multimodal information and

feature fusion

2.2 EESHME

A TR B A7 AR IR 3B AR R0 YR85 T e Bk Oy — Bl 2L i 7
of R TP o LA AR RS B0 R O RS s . 2R
B 18 0 2 2 B R AT B S AL B B AR S R L
MR THESRETLETAELNFER. ELHESMEES
A R SO IR S TRR AR S AR IR S 27 o B 3R OR O S A
I Ak, 0K ol A 20 A LA IR £ 5 A BB T R

SRS Tl Jr ¥R TT LAYy 55 R B T OG B 7 ¥ 0 2k 1 A6 81
BJ5 o HTH AT B B R B 2 o RS i e AR R 5
H A5 3 UE BAR S T HE T4 B A Oy vk AT SE 4 ) MR RE A
Fe i P L o rh R B D LT (Co-Attention) S 2458 25 1 K Al
AR T R G R AR T S ARG T HLE B AR
PR AR A5 Rl 0 A ) 1] 4 (Query) FE [ 4 (Key) 1155
TE B 53 A3 oK S B i A B (Value) B INAL, 1 B3 7] 3 38
JIHUH A A S 1 05 BP9 #EAT R BAROk 3, A&
R K e o N B = W R R o e A N U
R WSS R RORER 3l A B SCA R AR A R
fiE B AL SR AR B 4 A SR B TE R 040 S8R B
PR . ZMEZS Rl G AN TE T 0 HL ) A St R T A AR R ]
2V SC UL TR AFL MR B B T HieCoAtt™, SANM,
DANP SAAPY A ZRUS A& SIS T AL A
FAPETRN  GE 4% S A TR AR 5 T30 15 LAY 20 Ll 5 S L JEL B

3 ETHRAFENNHN=Z#EEIELE AERN
3.1 BEERIEL

ARSI ST LB AT T . RO VRIS A T AT
S N ZELETR, P iG=1,2,-, N) XTI
— B IR U Review; G — K EIE BB A Image, A1 2 FR1E



T 22 L A B TR I ML A 2R S AR TR A T T 5

39

RS, WM AL AN H o HA S = {5150,
si b sy AT FIFIRIISE j MRBRHE . L WEREAS. TR
SCAFINIE R 28 i B AE AR UG SR = (i s Wi s oosawir b awy N 4
FIFCIEE j A FAFARAE R IR, T I8 SUAR A K B
L={v1 svio s oz vy NEB § SVFIE B R B S 5 AR X 3
BIRRAE R L Z o K I A .

Meta featuresxNV

Image
R R R \4\ -
O[O0 |0 W '
I highly recommend the __ 9|0} |0 X4 Beshape :
afternoon high tea LEIUE Ol|0]| |0 :
Review olle) O

& 2

S5 DL B A SO T — b AR T O R R AL
A TS A A M T 45 B ( Three-Modal Review Helpful-
ness Prediction Based on Co-Attention Mechanism, TM-
CAM) & (R RY b iy AR 5 AE s B L B3 R) 33 2 1 Y
2 RHL N By AR H A B, AN ED 2 BTN . R R I L R4 TR
A 2 A A v 20 AR EY o 1 i 22 550 0

Co-Attention X 2 (k=2)

SO s
____________ TA e
Theoretical i Theoretical |_,
Attention \ Attention \
H
............. > (.
Vi
/
___________________ I re)
.....-.-..-.: """ el il peeeecceceees
Visual | Visual 2
' @ > — P e — Helpfulness
i Attention Attention S .
- G TTTTTTReemt "
P O Rt @eemmnmst )
\\
------------ RVH \-----_-_-___7 RLlY
Textual :
; : Textl{al s
Attention ¢ 1 Attention
H
(.
v

BT R R AL B = RS PERSA H HEB A A TMCAM

Fig. 2 TMCAM model

3.2 HHERTER
3.2.1 A B IEAT

(D PR SCAFRAE R R

TMCAM fii H BERT T )il Z5 A 8 45 B 38 SCAR RRAiF
BERT g8 &b A [R50 09 P38 SCAS , Wk 32 38 4K BB B8 S0 A
M MR E . AR E AR RRKE R T=512,

R, = BERT},, (Review;)

Xf T 43 B 318 S0 A Review, , fifi i BERT 347
BREBUGERN R = {wi wy.owp ) € RT R,
NRERE W, 5B XS, AR R = (W W s
wir ) € R,

R; = LeakyRelu(W,R;)

(ViR BHR R IR R 7R

ResNet [ £ i F T PG R0 8 i 51 A 5k 22 4540 i e 7
o8 JBE 5 G RURG JE ARE AR 1 1) B, TMCAM AL AR A ResNet ik
A7 EMZ BAE (G 2 B, B B ResNet W% 5 — A 3 146 2
(Average Pooling) Rif 1Y 4%

I, =ResNetp,. (Image;) 3

X F RIS B R Image; > i il ResNet i 47 IR B 71k
PBGERRA L="_{vq v, vy ) € R LR =2
sk o Z=14 X014, WYERE Z EATHEFERAEJS L L R RE 2

AR W, ER L= (v, Vo v, ) E R,

(2)

I, = LeakyRelu(W,I,) 4)
3.2.2 REHFIERR
AR A2 5 TR 2R 0 T B e 2601

A AN EIE ., KAM MR F 2003 4 Sussman

R IFZ B T AT IR IA N (R B H WE
ST A SRR o A R AR B G R R USSR U B4 T A R ke
FE R, TMCAM BEAVK I KAM B8 BE47 ¥ J2 FRAE 1Y 2
B, TP AR B8 BEANT I8 65 B0k TP A 4k 5, 3 11 S FRAE
K LAELATE A MIE . 3k 1 frg),

F1 AT KAM Mg R ZHIEE S
Table 1 Shallow feature set extracted based on KAM theory
HEAE % 5 HAE A AE
Si1 i 0 L%
FikEE iz i KA IE b H
* R Sig & AR &
Si Wb KA B
Sis I &
Sie Tk Kk E
o Si7 Flesch-Kincaid Reading Ease score(FKRE)
ki ﬁ 1:;, & Sig Automated Readability Index(ARI)
nE Sig Simple Measure of Gobbledygook(SMOG)
Si10 Gunning Fog Index(GFI)
Si11 Dale-Chall Score(DCS)
WIS E Bk IR AL AL & 4 ADRHE TR E M 22 80 T %

RATTF R B AR MITe & KGR . PinfE B &
HEJEALE T NRRAE  PFIR PR TR IR KR DL R 5 AN B AR
¥, Bl FKPE, ARI, SMOG,GFI,DCS, 11 ™4k 3% 7 # i, 1
S BEJEHE S S AT )E R JE BRI HL WA WL 2
FRAE AT (5 B2 2 8, = (S s sisrssa ) ERY,

S = LeakyRelu(W? (LeakyRelu(W!S,)))
3.3 HhEEEAIMEESR

MK 2 FFw . TMCAM i %3 3 £ 4> 45
A PR RN 2 R AE 09 A 2 ML, O HLE
mory F B MYAE B E A 3 R,

(©))

Il B 552 B X S
i

. H me

L
i



40 Computer Science FHEHLFI2:  Vol. 50,No. 8, Aug. 2023
© Textwal |0 Visual ! Theoretical '
|___Attention |___Aftention | Attention
R RO g 1 ss s
W, U7
>O—> > (O—> »>O—>
— o 5 T — = 5 T — = 7 T
3 E a %\ -
PR \Q—P 3 %* m O A& %*I m' \®_> a g:’_bl
& % &
N g/ weight vector . g/ weight vector -3 g weight vector
K3 TMCAM Iy =F I & J1 42 1
Fig. 3 Triple attention architecture diagram of TMCAM
3.3.1 X AREFEAMNA R 12 R R WA 3R 2 AR AE B0 s, IR AR R — 3 2
SCASE R I HLH A B 04 2 58 i 5 PR SCA Y A 4 FRAEM AR & L, TR, 33k B SR RO AR B8 1 0 2 R AE 1 A1
KRRV SCOAR G B, TEVR R B M4 E RS kIR, f A, permute( ) S 4E AT e ek B
Ro= (W o W oo wip } 205 SCAS VE B 7 HL 26 AR A i B 994 RR@ES AR
R . 1 TMCAM #EHIh S TS B S A B 5 B &R 1, S0 HF
€9, = Tanh W, > © Tanh WL, ms— ) oy MR GEEA ASCHE T — M C
all; = softmax(WL-.CL) D) m 1 SR -
W m,(/c) =m,(k 1 +[Rl(k) 711(k) ’Sl(}:)] (16)
k) — T (k) k)
R = Tanh(@" Saliw,) © 5 1 B O 15 R R 6 0 454 L A 0 22
Horprom® 0 R AC B S e — 1 YR AU GRS R BAR R X 3 AN REAS AR GE E AT DR CAZ 1 S My — R

A IRAE 3. 3. 4 PR A s O AR I A B ot & A R
CLy JEER o YR SCARYE 22 T3 WL 2B B A 3T 38 SCAR & AR L 5
ol A, Hoh W W W, QW 1 g T 2 3T iy M)
SR WE AR LA Z AT LG A LR A M ABR R, Q9 5
W5 H AR R B RS B0 4E R A .
3.3.2 BEEE N ALK

R T 2 ST AL 450 5 SOAR T 2 T PR KA,

WS B RHAE 5012 17 1m0 AT 38 B LSS AR AR SR
TEPMA R 3 ST UL 8955 R IR L= (v vy ) it
G T FI AL A AR A ) & 1Y,

C"), =Tanh(W 0,;,) © Tanh(W,m* ") 9
al') = softmax(W{.C)) (10)

Z
19 =Tanh(P® S a®v,) an

=1

3.3.3 R EAFAEEE AU
HRIZAFAE 1 7B AL B A SEEE v 2 R AE 5 TR 2 o AR
HIRE . 5 EROR SC A I BE R AE AR TR L S, SRy — 4 1] b, R Ui

BHEZY REE N4k, A —A o0 Z A [ A9 1 5ok
B AR R B — N R B RRE
SS. = expandias(gi ) (12)

SS: = {55115 852 *"sssy, ) € R, 88, Wt H5id {2 ) &
m* D PEAT A H A AR AL S,

C¥ =Tanh(W®* ss;,) © Tanh(WE m ) (13)
a) = softmax(WHRCH)) (14)
S = permute( Ea(“ s8;) (15)

TEHE R S0 I EVF/BXCZIK*HV‘M%XIE] e P8 X BEA s
HEAT BRI, R R J2: SS, Sl ad ALY ROk /Y, 4R B

PSSR A RAE A FE R S HLE P I E Query IR, 18 S
FEXEANBEEGFENER . FTEEZRMNE, TMCAM ¥ [F

%ﬁﬂfﬁ‘*b AT DOR Wb M g 128 & L 6 £
ERWE, M k=10, m" MRILHE TR,
m” =[R” .1 .8 ] an
Hrr,
RO =% as)
N ek
PR as)
! Zj*l Y
s<°’:§ (20)

FES — R ER P A eI 1 i mi” )5 mi” #E A
AU R LRSS, VR 7 i G A OR T T
it m”  m" e — Wk AR RIS 1 B 1S 1 Y
AT AME S T ResNet [958 22 45 44 UL K0 1R 2 09 % 11 45
m{* " A A m® I E T, DUZE R N2 S5 R o T A S B
B R . W m® D AR —Fh 2 R TE m 1R
R A R, ST ) 4% 5 A 1 R P R
3.4 EHER

AR £ B AL MLP AE R 43288 . MLP &2 —FhdE
LM ML AR E T 3 )28 MLP AR 53254, IR A
T [ B AR e M O R

H; =W3iyp (Tanh(Wiyp (LeakyReluWy ,m®)))) (21

2500 B A5 2 70 U125 B0 b e/l 40 2% v £, B 7
7% MSE(Mean Squared Error) , il (H; , y; ) bushsie 26 R — 4 Il 2k

B,y e B R
MSE<err()r>:72<Hi—y,>2 (22)
i=1



SRR 2 A L TR T WL B 2 S A 2T A T B AT 5

41

3.5 RERRE

2% LTk . TMCAM BERY g i R anda i 1 .
ik 1 TMCAM &k
A TR A Review: , TFIB B Image; , WRIZFHIESE Si
i BU AT AT L H

1. For epoch in range(epochs) :

2. For data in datasets:

3. Ri =BER Tpy. (Review;) . R =W, R;

4. I = ResNetp, (Image;) » I, =W,

5. NS,:WlS,,SS,:expand_as(g.)
w_1 & o1 H- o g

6. R = T%IWU S 7 ,%‘1‘/” .S S;

7 m((‘):[RFO) .l‘(“) S-(O)]

8. For k in range(1,k_steps) :

9. R = Attention_Text(wy.m*~ ")

10. I[¥ = Attention_Image(V;,m* ")

11. S\(k) = Attention_Shallow(ss; ,mi(k Dy

12 m® =m® D L [R© 1P L%

13. H;=MLP(m™)

14.  End For

15.  MSE(error) :%i (Hi—y»?
i=1

16.  Gradient Descent

17. End For
4 EBRESH

4.1 HEESMmALE

AR Yelp. com 19481k 28 B8 ke 1 25 Fn ik e 42 11
BRI AL LRI 11532 28 . o A 2318 S8l L & 178
A S BRH A LBRER S EN SR, L 2315 &5
o DL H B CHCH] R RRR IR IR PR I R
BT R b e E LA IR A B S LA Eie R, PRie
B R 5) i AL ol P8 SO R AR . B R AR R “Elite”
07 B AR B 0-1 AR . RIS E M 28 IR H L i
RS R APPSR 3 MR I T M E MK BRI, i
A7 B Ak LU 5 508 40 A 1 & BEME . R R ITA 1Y 2 AR 1IE
HATIH—1E

AR SO A 2% PE TS A B R A R B O R A AT AR
ROYNGRATIL . 00 S5 6 s 0 B S 480 3l o 1 b BR Sk X 3L
HEATAR AL, XA EBRJE AT A 3R 0 BB I A T E. X
53008 . 26 Jr Ab 3R 7 2R, B ZE SR AR B R A PR A= T
4.2 ZWBHIEE

AR S R B MSE R S #k R i A Adam £ 46 3% 41
HR/NCE R 128, W1 IRy 3 X 10 IR T2 ) %
TEWE T AT

U ieration = 0. 5cas feraiioms X 17, (23
Hod, decay iterations % & J 500, 1r, B HHIIH %2 F 3 X
107", BRI RIFRE K0 S50 St % I 73 43 ik
AU AR B N SR T BL VN SR IF . 7 b 30T
WSO A R 2R A AL E S8, BN R TM-
CAM BB HL k J 2. ResNet 5B & $& ResNet-18, 7E# Y 1)

W £ 2 1, Dropout £ A& #t i F . % & Dropout # % 4 0. 5.
& B Y A 26 I 45 AN T ) BR AL B I RE L 45 TMCAM #
RUAREAE F Relu 55 1 006 o £k, DR I 28 A FE 08 Kai-
ming FATFHI LR L.

4.3 EHEE

4.3.1 skt

T k% TMCAM BRI R A R0M: AR LI i it 7 2 T
T ITHL B4 22 B2 TR 2 L () 2R AR A

(D SAA™Y , —Fh ] 5] F: 0BG A 2 S HLH] 0 o
AEEEM BSR4 RS E L ARG HEERSE
fGfm BB L. () LSTM 42 B SCA S AE , 18 )
ResNet $& U QAR .

(2) HieCoAtt™" . —Fp 3 6] V& B2 Sy HLI, IR 42 T —Fb 3
AR R SCAS A B R X Sk 2 A I &R . il LSTM 42 Bt
SCAHRAE i ] ResNet 38 UG AR

(3)DANET, —Fp by [l v 2 S ML, H A 8 T X SO A
PG 0 T 2 1 38 5 a3 i O =R T A T B i e e e
8] Bi-LSTM 2 BUSC A KR AE L ] ResNet $2 BUEG4F1E .

(4)BR: 43 548 ] BERT F1 ResNet #E47 3CA 1 1 44 1) 45
AEHR I, B 3204 7R A 0 185 SR B 2, R A MILP 4325488 .

(5)BT . —Ff faj 5 (1 L LA A, f F W01l 25 BERT il 47 3C
AR RAE (4R TR, B 5 3 MLP 40 28 25 i 45
4.3.2 Hak kLt

(D)W RSB — « 2R AE B B A

AP RS B R E 2 S E B BAME A R T
25 5 U SRS R A A RS N 2T A T 0 5
FI B E AN 2 fid.

2 ZRISE B AN AR

Table 2 Ablation experiments on multimodal information
complementarity
A SR 43 J7 R

ITS Wb AL AR B HRAE TMCAM

1T Wit XA PR E KR A AE $ # + MLP
Text-only b A& BERT+ MLP
Image-only s A ResNet+MLP
Meta-only % B 4L MLP

ITS o [ I i A 3 iR 2 Bl o 1m) i FH A S48 Hh i
TMCAM B ATIN R 1T 2R [7 i 5 A PP 18 SCA FF s
W B, REAT R AR PF 52, 9F 4y A MLP. Text-only, Image-
only Fll Meta-only &5 H i F B 25 19 03

(2) 4 il S 36— SRS Rl A Ty =X

2% G il S 8 A R R T A S R AR A B LT
X EERLA  iJT R FF LI L sk 3 A,

Fe 3 BE AR B AR AR A T KB L O R
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