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o, = softmax(tanh(W; Vi) &) tanh(W; V*))
9)
Hor wy, FUWG 23531 S AR v 3 % 2500 R0 5 A0
Tty A ) IR R s @ FORAERFEARk I
HPREGER T softmax 1 tanh PREL. 32 JIAE

N,
ik a W2 FREM: Y, o = 1 FEZART,
i=1

BN TERE AR BEEA T Al LU R SRR
SN A R R B o, U L 1) R Y
HARE R, X WRE R v STHBE o il
S YA AR A S DT

W ER N M & a 5T u i) 8 2R
FEME UF AT ISR AN B R ASSABUH A2 3R v
SRR P 7 A 14 RIS i 2 42, DA TG A SR 1)
PeF AR K Ry U BRI s

U = [il5i2’“.7iMJ’ (10)
Horp A i) i IR AT 25

A‘(l
i =2 g (11)
i=1
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2, RN TH D I S W S S A R A R AR A
AR M & A R (6) SRS
3.4 desire Rk

desire PRSI 2 25 45 B 75 ot ML T 1 g S
AR 2O PO R IS SO AT 3 — 2B (R
ST DSR2 10 SO r . Ao
fal e i i SRR AR VE DLARAR B R A A T 1Y
KR 7R VP ROR.

BB I B AL DA SR 2 1 SO
fifpd fE , B BB IPCEE S

S = [s5,,5,,8,] (12)
Hoh gl s, Fon B A5 © A W 2URAAE (B
z, ) HAW AR E R AHUE B MDA TR
I

§; = [,Bi,l 7:31',2,""Bi,sw] <13>
B.; Fn AL z, Sz, RIAHPUE  THEATE .

B ; = softmax(tanh( W, z;) & tanh(W, z;))

(14)

Hoh W W, ShoE ) HE R I RCE i B
FIR) A B L

W BB IRERERE S S5 o 1 5 XRRE
FEFE VE AT MR ARSR IS | RIAT ARG S A e i e
KEFIE VP HRIR

VP = SW VWV (15)
W, R0 B2 ) (R . VP AT ROR
VP = [dl,dz,"',dM] (16)

3.5 memory &R

TEMREEBRER IS, T 9% 8 2 R DO R A TR )2
T SCHEAR SR HT A CIe2. S5 Ie R R p g
MRS Tt v UM WS i R <l o S i
memory FEHR A% Lo 2RI 2% 35 TR o 1 28 B
A EE U fvP 15 2 E S BB A Z VT BL S
W BB R FE L U FivY R,

WA B AR T b R i B LA SE . B,
G RE R AR C

C=1[c,c,,",cy] (17)
Hop i) it e, R TH BB HOES  NMRE(ED 2, )
SR B CARAE B VP ) BOARLEE B8 M AP
[F) 3 A

¢, = ['Yi,l"}’i,z"""}’i,sw] (18)
Yy, RN B RYER © ANRRIES R A DRk
AER AR TH5EATE

Y, =tanh(W, i;) & tanh(W; d;) (19)
W, FIW, Sy B[] 3 25 0 R B e i 2 o) 1) e 4
FEI.

PO R R AR R € 51 9% 35 PO b
PIRFIERERE (BD O Fnv? ) SEATHERE AR R fS | B AT
PARICAC T AL 2B BL S R AE UM FvY H
(LSRN

U" = softmax(C") ® U’ (20)

V¥ = softmax(C) ® V* (21)
3.6 action &1

AT AT DU A B B P SCAR 145 B T
J , ATAR RN 9% 3 R R i B LR BE R AE UM R
VM . action I B FE ) bR PGS B A T 4
T

XA B, e T A i K itAL (max -
pooling ) #AE W45 B 4 4 n) i, DAk — 2054k
T 2o RV ot 0 SR AE A5 2198 2 5 FORY & 1 i
PERSCAAE BN L5 0 1) i 3R Ak, ] w, Flw, R
. R AR SRR FE T T SR R
i 4 1D {5 Bl T one-hot 5| A, FH u, Flv,, 37
7N B, A3 DR T 2 R o A ) AT R
R w, Flu,, DHEAS RN 28 0 A 0] B3R AE u v,
Hlv, PEHEAT B R i 19 e 2 ) 52 RAE v, M PE
T ek &

h(u,vIW)=u-v+b+b,+b, (22)
Hr b b, b, M EI, W A DeepReview iy 227
TR S5 S8 N IR 22 kA 0 H
PReR%, AR 2% 20 (1), AR T Adam
ST A2 2] ik

4 ZWERSHMH

4.1 HIREHRRTALETE

A T BAIE DeepReview FA R0 MR IE IS HE
MR SCSCIR A AR FFT IR BT Amazon
Review Data® H15 M3 ff 1 S FFBC0E S 0T

@ NTFEERAEE )7 T 8858  https . //nijianmo. github. io/amazon/index. html.
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JESCZES W 38, /0 )52 Office Products (OP) ,Pet
Supplies (PS),Video Games (VG) ,Kindle Store
(KS) #1 Amazon Fashion (FS). fEEHEFT IHFLE |
Bl A FH AR R R R LA T A
G T A TT BG4 vh el 1) = AR B8 T e 92 56
W5, Bl 2016 4F —2018 4R (5.

FEHR N BR G T HE Bk 1 PR, 7E4K
PR T AT TR U 5 A B 4R 7 o5
T 5075 ~ 300 J7 G ITIR AR, DASEH R
FUAL A B BIE. T Amazon Review Data J&
LI TR HE 72 i S E B 4, DR ot 4 R
ST IR BT YRR AT, (AT AT
i (WAFE S PRTEO0 ) |, 1 284 1P 23R Ao
TE1 5% ~ 2 JRZ I MTERT LA T, B DS
SR EE 72 OP .PS F1 VG ¥ 4
i i B P PP IR B R 10 2%, [R) I Ry 1 36HIE
ARWFFAEA R G 5t P B RCR A 5%t 1R R
T KS K FS PIAPEE B AR i i 9 B 4k | 76
XIS B 4R b, R P B Is R BN T 10
a5, JUHIZ FS Bdla 46 rh A R AU 3. 84 53T
W ANl A5 G B VRIS AR DGR 5 3T

TEHCHE T Ak 338 1 B S-core BUHEHE (RITH
PH B/ VEG 5 VML) AWTSEE T HLE
TN B3 A IR | AT T SRR DU 70 A S B
s sl

FESZIS Y A5 T — SR 4R Y4 R
PRI B A X S SR AT HE T PAL B, DAL
SR I S E AR Bl R IR (s B AR B
RAIR, X A ] T G A e gzt > %)
FEAR ALY Sy B E A it i v B AT O ,
IRV P, A8 58 B BE AL AL 3 5 ]
RESy ok 5 BLSEAH B 15 1 P sk 5, il v 2%
HAE2016 FFEAT R BRI i FH T 2017 4R AR KT
W , AHFFEAE S50 PR T 3R LAY kA
PRI, %o TR A BRI 4R | AR BIF 42 R R 05T 328 B
HI 80 % WUFEAANE WINZREE (25 1Y 10 % FEAAE R
B UEAE TR I 1) 5 1Y 10 % AEAAE il 4k . [A]
I, Ry 7 Sk AR AONE (B AD i S R O
PEIE, B B 00— S PR IS S a K e K
FE) B b B B rh i TS N, T T
DL ,ﬁ%ﬁﬁ@ﬁ-ﬁgﬁgﬁﬂ% 3.2 77 attention
R,

R1 ZRHREEHEESIHEEHR (8. HE)

Table 1 Statistical information description of the experimental data set (unit; quantity)

HHR4E (2016 4 —2018 4) o i g P IE P T T
Office Products (OP) 1 645 837 191 538 2 445 502 1.49 12.77
Pet Supplies (PS) 1 614 747 128 239 2983238 1.85 23.26
Video Games (VG) 513 472 43 613 734 840 1.43 16.85
Kindle Store (KS) 870 460 248 606 1 747 303 2.01 7.03
Amazon Fashion (FS) 424 732 126 904 487 701 1.15 3.84

4.2 TEMMIERRFOXTEL A EIERE

2) PMF . #E %8 5 B5 43 f#% (probabilistic matrix

ARG e FHPE S5 5000 [ 2 e fe Sy i TR Y5 07
%7 (mean square error, MSE) £ &R A 18
PR AT A RRAIE DeepReview UHEFZRIR , A
WFFELEI T =287 LT X L, d5e I FIR B8 b o 55
T IR R R RE T iR (TR B2 o) R
T3 OB 1 TR I HERE 7 ik, BRI T .

1)SVD: & 5 {H 4 f# (singular value
decomposition model) , {6 FHH [ 43 i 7 1 AR TH
oA Z BB R

factorization ) , & T~ {5y Hir 4341 Xt i 2% 2 F1 R s 1Y)
TRTE R R e T A

3)NCF; # 28 t3 [6] i € (neural collaborative
filtering ) , 3& TR > ORI

4)DeepCoNN: & FE Hp [ it 28 M 2% (deep
cooperative neural network) , F| FH1H 2% & 5 g
(RS P e TR B A ik

5)D-Attn: X F & J] 77 (dual attention
model ) , J 425 Fl R B AL G#E DeepCoNN,

® AW SCVTE B AT 20854  hups . //www. kaggle. com/datasets/ deepreview/ deepreview.
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DZ R A A [R5 259 530 60 718 B AR 5 SRy
AR

6)ANR: Ft F aspect [ £ HEFE (aspect
based neural recommender) , 5| A aspect HE:&, )
AR B O 18 SCARHRE , LY € DeepCoNN
AR 2R (Y R i 2AiE

7)DAML; AL H ¥ B 28 H.%% > (dual attention
mutual learning) , % &M 9% & 5 R i 2 18] i) 22
B IR L B B 2 50 2 A R S R
RAAIE 22 [E] AR AP

Fidkd) ~ ET) RETIHE R
B AR TR Y DeepReview 5ZHMWA T H
MR 225 1) JriE BT EIAR R, A 54
T S AR R O P AR BN T R 2)
AT E IR PRI AR T 28 R AR Y
PSR T ERE AAIF 5T [R5 25 5 17 9% 3 A
PR B AE B AT .

4.3 BHILE

FIAA 19X eI Xl T R S0
Frng, BARGE & i SOk 2% 5 52 50 8 10w A
T A EHE , AR REA X H 7 s B 7E A
S R S A% H R 2,

TEDRIE A 2] 207 v NCF i T 3 )2 B
et BN g A MR A AR 100 4k ID FF AR,
DeepCoNN FI DAML i T 50 4~ 1 K/NA 3 By
BRI, D-Atn BERLEEH] 200 A=) 5 58 3 4
H1100 >4 J5) 98 5 # 047 I 256, ANR (] 5 4
aspects FEATUNER. IR, b T AFER2 UL, 76 BT A 1Y)
ST AR O ik b IR T IRE SRR T
A BT A A 3] ) R R R R — B
(1 300).

%2 5 T DeepReview B EARSEINE. 75
attention FEHR A AN 1A 0] a1 A K B S0 HE Tk
TREE—B, R d =300;GloVe HIRHERIUT L =
50 000 HA] ;T HHE BN 200, XfE%E T 5%
SCHRAGIEE T SR AR 4.7, 2 T S EUHUK
PRS2 B XA BOE IR DeepReview 1Y F AL
{8 B T ORAESE IR LR 2P AR X
FEASRT AREI T 200 S S E A S Al
PO TR DR — 35 TR HT DU PRI A a0 B
T 9 T X W SE PSR BN 8. 30, B AAS B SY

WEIEE SN ERZ 9 A LR i fE
BUN, =9, W Z B2, N, B2 —DEHERYE
SRR 4.7, 1 T T TR A B AR S g
interest 51 5 DeepCoNN Al DAML £ £F— 2, 1%
H T 50 4N 1 R/NR 3 BB, BI M =50. desire
Fl memory R AT S ELTG B H . action BIHLHY
SRORE S I — R R T 3 R BN AR
S 100455 18 2 45 F1 R 1D R Ak 7E S 507
Y Adam B35 b, 27 ) R B E O 0.05, Ui 25
10 “~epoch.
%2 DeepReview EESHIZE

Table 2 Parameter settings of DeepReview

LR8N SHCE

d =300, L =50 000, T =200, N, =9

attention

M =50

interest

desire —_—

memory —

action |l uyl =1 vyl = 100,223 % =0.05, epoch =10

[l Bs A58 BT A ST 10 WE U3
(H PRI TRCRAT L, AR — IR SE e v, i 1A 5
(B RS EON) R a ik 35 2R FH BE AL 7 =X
7R DA KRR B R AR S 06 25 S BE AL B 4h,
N TARUENS FE S 86 245 R ST g v, A st
FIA ARG I0 DAE UE 25 S ) 22 5 1 25 (F 45 95 %
F199% BEAFE, Bl p <0.05 Fl p <0.01).

4.4 XLEEWERST

FERARIERERCR I S ARG I SE LA T
AN [ R Je Xt b AT

B 1 FE G5 TP 4 M RE T A L
AT A B A 2 R TR 2

BIRE 2 PR E B PRSI 2 1
TP gEASE AR 2 L AR T 9% 3 55 A RS 19T
WHAK?

ARG PNR , A58 e B T =280 Fe b il 77
77155 DeepReview #E47TX LB, 3 5l & 4 B 11
FEFEAMRZE (SVD FI PMF) R 2% 3 25 (NCF) il
FET BRI TR 5 2] 38 (DeepCoNN  D-Attn , ANR
I DAML) . AHFFE X 135 At A sk SR
AT T XFE, 26 3 B T i ik ikt ER s R, LA
“PIJriRzE £ 2" IEAURR.
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F3 MXEHERIE(HHFRE+FE)
Table 3 Comparison of test set results ( mean square error + variance)
op PS VG KS FS

Tk
SVD 2.978 0+£0.120 5** 2.484 4 £0.023 6" 2.516 6+0.068 5| 2.288 0+0.0289"" | 1.981 5+0.004 9 **
PMF 2.3612+0.029 6" 2.126 7+0.018 6™ [1.8965+0.044 3"*|2.0305+0.009 1** | 1.990 7 £0.004 4 **
NCF 2.150 8 £0.007 3 ** 1.740 6 £0.011 8" |1.1869 £0.0132"*| 1.901 2 £0.010 7** | 1.839 0 £0.005 4 *~
DeepCoNN 2.1235+0.007 2™ 1.7120+0.004 3" |1.171 8 £0.001 9**| 1.833 5+0.004 3" | 1.791 5 £0.001 9~
D - Attn 2.1057 +0.011 9** 1.7051£0.009 8 ** [1.167 0+0.0027"*| 1.826 7 +0.009 5** | 1.783 0 £0.013 4 **
ANR 2.160 8 £0.093 3 ** 1.7054 +£0.009 6 ** |1.243 8 £0.091 5°"| 1.884 8 £0.015 8" | 1.784 7 £0.044 7"~
DAML 2.088 0 +0.005 2 ** 1.6526£0.001 2** [1.0712+0.001 7**| 1.780 4 £0.001 5** | 1.721 8 £0.034 5"
DeepReview 2.0651+0.007 6 1.588 4 +0.015 6 0.9851+0.0219 1.757 9 +0.008 2 1.656 0 +0.022 0

L RN RGNS Ly 0 S A 5 IR A AR B 5 J5 R 05 5 SHA B R PR i U 1k AR SR AR IR e I kR 22
2. Fe T T FIRZITE S DeepReview MISEHNT L ELA Goit 1, 43 B 95 % F1 99 % 1A B A5 .

BEXTES —/N IRl SR 45 SR B S 2 L)
FE Ry 4t RE 1 SVD T PMF 78 T 5 A5l
e IR i 2 b 45 T IR B 2 > 2R 5 k. i AE
WA g, A NCF &4l IS ME B,
FEHSE TR R BRI EXT e, /T LUk
I DeepCoNN D-Atin . DAML 7E it A (9 803 4 b
PSR T NCF B 47 35CR  NCF {UAE OP HI VG
PR AR L ANR RICR B 4F. S Tt — 2
AN H T IR R 25 A SO W45 TR A R — A e
LSS R IATHET , BARHE T RN R 5 e R 3
TR ZE AT HER , FEE AL o A X AR AR B A
AT B R, Rl B AR (p >
0. 05 ) Hy&E Tk I HIHE . BARHERRZE R gk 4 fr
N PR A R BN ST R B T
BI AR GE i TIP3 0 HEAE T TR IR T T 47 AL

(a) FTIFIE BT BEHER T ik 5 R X 1

S SR REE T T PR 055 — 1)
R 1, W 245K 2 50 5 F L 51 AR SO
1 SRS AT O THR AR 10, L4565 5
U DT R

x4 WiKELEREEF L
Table 4 Ranking of testing results

S op PS| VG | KS | FS .
SVD 8 8 8 8 7 7.8
PMF 7 7 7 7 8 7.2
NCF 5 6 5 6 6 5.6
DeepCoNN 4 5 4 4 5 4.4

D-Attn 3 3 3 3 3 3
ANR 6 3 6 5 3 4.6

DAML 2 2 2 2 2 2

DeepReview 1 1 1 1 1 1

(b) 5RMELFHIT7 1% (DAML) X [E

2 DeepReview F1E FIFiE R BEHEHETLE

Fig.2 Comparison between DeepReview and review-aware recommendation methods
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X5 AN, A FEXT L T DeepReview
5 H A D o 5 T DE 08 0 R B R O i, A R
3 K4 MK 2(a) iR, LRI LA
FAEAEEE T | DeepReview SIS T f i O
BORHEFH 1, HRA 9% BFEEN SR %E
M), 4F 75 i DAML Al D-Atn 4331 56 2 43 Al
55 3 (L. KRBT B A D 1 A (S RRECTE
Ok AEE iiFie a5 3 N85 17
WY

B 2(b) it —2 /R T DeepReview Fliz i1
XF Tk DAML AH L, FEHEREBSCR B 42 T LE 4.
SRR A T R B R T R IR I RN L
777 DAML, DeepReview BEWZ 43535 %] 1. 10% |
3.88% .8.04% .1.26% Fil 3. 82 % (MR H2 T, H
1 DeepReview 7£ PS VG Fl FS =848 4 i)
RO T e o W3 78 OP A KS W88 45 P iy
BORBRTHAR X AR, (2 K30 45 2 WoR | T AT 1
I RA G E R8T SORIETHY 22
SRRk A TR UR AR IR 22 572
5 OP 1 KS PIANBdadle rf 1 2 2 G T 3K
D7 i ST AR RE PR R . AR SRR U,
T B IR BRI T 2 Y R SR AORE X
BORL; W7 10 RE IR T N AR BURE T e T LU
I RPN T RS N I PSR it Y
WSS T B DA BTl o A il B 1 AR X 2
BAREY. [N I, 72 52 5 45 R i X L ol LA B
DeepReview 7E OP Fl KS P04 4 52 i 08
THRX B, TAEZE W FL i (PS) (L FiFXR (VG)

F i & (FS) =AMz 5h I e o
0 P A e 58] 1 T 1 R BRI A 1Y) Al Bl R SR A
B, It DeepReview 73X =/ B0 4 H O R #
TR A, DR it PP IR S 4 i it e £
OIAT, SEERAE SRR BV AR TR R A B A
FS FuiaE (R i F 1A 3. 84 41T18) , DeepRe-
view HLREAE ARG b HIMB N5 (10378, LA 3%
PETHBIRY B RCR.
4.5 HRELSEIN

AT LI B G = AN )T & 3 -

BF 3 TEE T IFR MR Sorh I
X P SCA BAF BN L, S A5 806 T 1H 2 E R
AR HP ) T 5 RS T R — 7 AR Y R — W T A
— B TICIZ-PSAT N (1 AIDMA B BeaXid e

XF 2 0] T Je TR N B BIE 5, AN A RE 8 4G 26
DeepReview J5 1% 1 25 AR HLXT e ¢ 7 5801 i
PR RYVE R ] st Ay AR T 9% 0PI SO Y
R T AR T — R B ry 2292, S A
WG 1 Al SE 5 AR & DeepReview 11451~
REHXT AR SR B2 . BT attention F1 action
PR ER Ry R 1 i ARt 4, PRLRASORT -
terest , desire Fll memory — A B E 47 T8 fill 52 55
HKSIUL, 7F DeepReview HYREAIHELL R | 3 51 il
B T Bk =Ry Horp—AS ) st T =A
THEL 7 ) ADMA  AIMA F1 AIDA , {365 T %%
PRRCR BT % L 7 DAML B#EAT L4, Hov,
B TEFX L, fEARSZEE H DeepReview #5444
AIDMA. 3 5 F1IEl 3 W {H RRSC SR 45 R AR LE.

B3 SHFSCIELE R ( ADMA/AIMA/AIDA 5 DAML #1 AIDMA B3t EE )
Fig. 3 Results of ablation experiments( Comparison of ADMA/AIMA/AIDA with DAML and A/DMA)
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K5 HMIBERMLL(BFRELFE)

Table 5 Results comparison of ablation experiments ( mean square error + variance )

‘ op PS VG KS FS
ik

DAML ~ [2.08800.0052°" |1.652 6 £0.001 2** | 1.071 2+0.001 7°* | 1.780 4 +0.001 5 | 1.721 8 +0.034 5**
ADMA | 2.068 8 +0.01227 | 1.6122£0.006 6** | 1.009 1 £0.004 5" | 1.767 40.002 6" | 1.7158 £0.047 2**
AIMA  2.0750+0.008 9" | 1.59500.017 3" |0.989 5+0.0079** | 1.7650+0.009 3 ** | 1.701 6 £0.005 6 **
AIDA 2.0737+0.0245" | 1.59100.019 1° | 0.9887£0.0303" | 1.760 2 0.008 7" | 1.682 4 £0.007 8 **
AIDMA 2.0651+0.0076 | 1.5884:0.0156 | 0.98510.0219 | 1.75790.0082 | 1.6560x0.0220

L L R R FRORIE RS AIDMA BYZE AT L EAT Gei W, 43 B 95 % 199 % KB AE .

2. AIDMA Bl DeepReview J7 .
4.5.1 ADMA 5 #7 :interest BE3k 49 74 @k

ADMA B IH 9% 3 AN 28k 77 2B 2% R i B L 4%
HEA R RE B B, RIS AR A X 98 B
S Qi S AT [) A5 B ORS00
BT 2 S HLHI AR AL interest #5HR CHNEES
W& mWwEa = [1/N,,1/N,,---,1/N,] .

T EHR A SIS SRR AT Aty
interest BIAIE T HZEMEM, —H LRSS
3 TR X R T 208 0 0 B A AR R )
B BEPFIR AT 2 TR RO 2 i L O iR TF
P 2 PR it P BN (i 4 | S TR M 6 Y PR R
78, SFEIE, 765 DAML (8508 b & 8t
RIS A interest FEH ) LAY Y DU B B AR fiE
PRAEABIESE BT £ H FORE 2R RE A MRS LL DAML SE4f
IRICR.

4.5.2  AIMA % #7 : desire &3 #9 74 @k

AIMA ZBR T A 2 AL 4 R o B Ui
SCRAAE AR, RS XD 3047 IR )2 o SCRRA , T
LA TR R 2 1 2 2R

SEHEEIRIRH  desire BB R AR R B 1 H B AY
YER, — B R BRAOCR 25 3% T B X RS ICRT h
B IR & T SURIE 2 A F) T e RGBCR I 42
Th I e — B W SE R S5 | 23l i % PP e
HIR 2T ORI, LAAR BBORE R SR AR 1 i, T
Wt R T DU i AT it 1y A T L AR
/ESTIN
4.5.3  AIDA 4 #7 :memory HE3k 64 7F

AIDA B 9% 35 A 28 5042 S5 5 Fid 12 e

B FE, AN desive BBt H 4% E A B 200k, BIVAE
DeepReview H1 2B P[] 14 2 HILH].
TESEH 2 B, memory 5 HR X fie 4 4757 RUR
[RIRE A% T IR AR, 7 R BR B AR 2 TR X
RN 2 EAER PRSI T3 B Tl B v, 2o py
mi RS HACAZHEA T VT BE I BT | M52 0 e 25 £

W SE PR T A
4.5.4 A HH

HE— DA IS 4.4 5 R BHET 05 i AR
KB HEERSCR BT HE Y 4 R N 6 Fis. b
THRSEE 25 oM 2B, B — M5 B T B B3
XFRSE LR R S T B R R AN
MIRRIREE T (AR A EUE 5 ) |, &1 B B 2]
A AN

x6 HMIWERHFITLL
Table 6 Ranking of ablation results

itk Ty

n OP | PS| VG | KS | FS ;

Jrik HEI
DAML 5 |5 | s 5 |5 5
ADMA 2 | 4| 4 4 | 4 3.6
AIMA 3 13| 2 33 2.8
AIDA 3 (2| 2 2 |2 2.2
AIDMA 1 1 1 1 1 1

AR, T 1Y DeepReview JH Rl 5, ¥R
BEIAT L DAML 5 5 A HE 75 A5CR . T7 e =1 il
R R R B, AIDA FERE IR 143 i 3 ik T
ADMA F1 AIMA | iIX KRB T interest Fl desire Fibt 4>
. memory BTN 2. A9 6 245 9L 1 A T i
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BT 1) 7 interest Fl desire AEAYE BN WFF T &A5 L) AIDA AR {H AR /42 K AD-

e, T 9% R A0 2 B AR AE B RE 9 Bl i
B, BEAT e AT T E 23 O R A PR B A 1Y
B 52) memory FREERABL L 1% 2 T B 2 M I ) S AR
B — P E B BB BRI Z g5,
TH %5 ] REAE B U AR S BV R A SE TS B

MA Fll AIMA 81, PR ZE K3, AIDMA (o 5k
JEARTFST 4R Y DeepReview ) BUS T 54 (OSCH
X P T A — AR B X e IR Y 3k B 2 T
FEEPVER, XA EDIE T 1 9% 3 76 A BIF 5 JIr 52 56
s s BN TS R R B T AIDMA 4 2% 3 o

XS e AL T EIE T A AT T g R R AR SRR AR
FR7T  interest IR PR RITIL I B E BIRF R

Table 7 Stimulation of consumer preference by reviews in the interest module
T 9 H3 S S Y T i B TR SOA TERARGE
o ARHOEH MDA, B D4R LB (AR
PRV I G R ok - X ORFEE T R B
eP R BT DA AR 10 DR R 8 T 3 3 A
5t 80 AEAR AU 1 52 J -
- X TR - 2L R T IR AT AR T
ANRIIET . AH) 6 S2ITHYMAR EZ T B,
ANied, 3 THUE T2 F R T Y, 38 S P I AR
BB BT SRRER A --- DR R A R UE, E SR
ARG AR, XoF T 22 1A B A ) i XA
WEF B, W HAMREHIA. ..
RN P RN G A WN P N 6]
O T SESEMERR - SRR A2 (IR T —
PF, XNF —Z N F3K T —AF) 85 R R AR Y

—PF FARRET i LR ) RITE SOA

R 0.675

X AWET A LRI, A 2R AT
PR AT Z A0 R M nT gk, m]
VAZFAEATA AR L - X S0 B R T 3
E, FOAFRA RN AR PR B
5, WATHAET H 4 HFELE--
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Fig. 4 Visualization of desire module (u20829, i11515)
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Fig. 5 Visualization of singular value difference in desire module
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Fig. 6 Visualization of memory module ( consumer u71476 example)
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Fig. 7 Visualization of memory module (item i11515 example)
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Fig. 8 Visualization of KL divergence in memory module
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Table 8 Comparison under different values of N,
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Deep review-based recommendation from the perspective of consumer deci-
sion journey
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1. School of Economics and Management, Dalian University of Technology, Dalian 116024, China;
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Abstract: The essence of recommender systems is to model the implicit preferences in consumer behavior. The
human behavior is inseparable from psychology, and there are rich internal motives behind the superficial behav-
ior. However, the current studies mainly focus on the behavioral data modeling, rarely involving the internal
psychological activities and the information processing process of decision-making. Therefore, this paper studied
a new idea of recommender systems by introducing AIDMA decision model from the perspective of consumer de-
cision journey. A new deep review-based recommender system is proposed, which applies the AIDMA decision
journey into the deep learning framework. Experiments showed that the recommendation performance of the pro-
posal is significantly better than the state-of-the-art methods. This paper follows the big data-driven research
paradigm of “model driven + data-driven” , realizing in-depth methodological innovation with theoretical support.
Key words: recommender system; deep learning; textual review; consumer decision journey



