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Abstract Cross-domain recommendation can be used to solve the problem of degrading the performance of the
recommendation system caused by sparse data in a single domain, and it can also alleviate the cold start problem
of users in the recommendation system. However, most of the existing methods use the user's rating data to
model the item, ignoring the review text written by the user for the item and the rich user and item information it
contains. In recent years, deep learning has been successfully applied to various fields. Inspired by this, this
article proposes a Cross-Domain Recommendation Model based on the Dual Attention Mechanism and Transfer
Learning(AMTR) based on the review text. Firstly, modeling review text through convolutional neural network ,
extract user and item features. Secondly, this paper constructs the word attention mechanism and feature
highlighting mechanism that fused the context of words, and proposes a feature extraction network based on the
dual attention mechanism. The word attention mechanism captures word-level information from the review text
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to increase CNN's attention to the key information in the text, while making the recommendation interpretable;
The feature highlighting mechanism captures feature level information that is helpful for rating prediction from
user features and item features extracted by CNN. Finally, based on the feature extraction network, transfer
learning is introduced to jointly model between different domains to achieve knowledge transfer between
domains. In this process, feature extraction networks in different domains are used to simultaneously extract
domain-specific features and share features and combine with factorization machine to perform rating prediction
to achieve cross-domain recommendation. In this paper, the experimental comparison and analysis is carried out
on the Amazon dataset. The experimental results show that the performance of the AMTR model in terms of
mean absolute error, root mean square error and mean square error is better than the comparison model. Firstly,
evaluate the recommend performance of the AMTR model, compared with the existing cross-domain
recommendation model, the mean absolute error of the AMTR model on both different cross-domain datasets
increased by 6.1% and 9.15%, respectively , and the root mean square error is improved 3.66% and 7.01%.
Secondly, the knowledge transfer performance of the AMTR model is evaluated. Compared with the existing
single domain recommendation model, the mean square error of the AMTR model increased by 5.47% and
10.35% in different datasets. Then, the effectiveness of the attention mechanism proposed in this paper is verified
through related experiments, and by controlling the number of reviews, the advantages of the proposed model in
mitigating data sparseness and user cold start problems are verified.; Finally, the universality of the model is
verified on various data sets. In addition, this paper also considers the impact of the difference in scoring scales
on the model in this paper. This paper makes full use of review text in different domains, effectively mines user
and item information in different domains through neural networks, improves the performance of cross-domain
recommendation, and expands the new way of using review text information to a certain extent.
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ASCHEH I AMTR B8 o, 32 2 (1) I [R] Bl A
FUATR AR s RFAEBRE X 2 AT e 5 X 2%

HA RSN 255 WAM. CNN 1 FHM.
P WAM ki, WEAFIKE N, i6m R
PR d o FATHERIAER R 52 2 B2 8 O(nd) ,
B IERE N R E A O@*n* 1),
R R IR R H

W i CNN f m o ' E N
O(Zi(qi)z*d*n*Cout), Hrf Cout v H B &
#. @i FHM RIS 44225 0% Cout)

XF TR Z KA, RRAEE T I ) 5%
O (Cout)*n), n'FRRFESH, Hn'<n,
FM 1A 24 R O(k(n')?) » Hk A FM ) &
Ho DRIk AMTR AL RN E) 52 2% B2
O:(nd+2*n2/r+zi(qi)2*d*n*Cout+ziCou1;
+ > (Cout)*n+k(n")?)

b LRSI

5.1 BUiEEE

RIPRUESEEG 25 R T 5 PE, AR Amazon
Bl VBT IR VA . ZEURE X B S
R R R I R SN T v & S e <}
142,800,000 26 1Fit, PEoriEFEA 1 25 AL, i
] #5 N 1996 4E 5 H % 2014 £ 7 H..

ASCAE Amazon RS HIE SR . T
i “CD” fE RS EE, KSR “HE-EA7
M “HLEZ-CD” WSS G AT 2R .
S B AT R B AL, TR = R A
A 10 &L BRI, “EI7 R g HlE
i 120 PP H , “CD” Rl 30 418 35
H, BEfEM “HE-E1” f “H-CD” Ak
HAHIEBEZEMAT . “HE” MPA%EEHLT
“E1R” F1“CD” MBRS EEEEOR, [RIHTE S A 4
Aok R EREE, “EH7 A “CD” 4l
YER BARME . HUOH R SCARBAT 401 M BR s
. NIKEBHAT R IR RS A B, HE £ 401t
BIEWER 1R,

x1 BEREFRIHER

H - Hif-CD
i miE BB R CD
#H P 2,000 2,000
#IH 5,846 5,638 5873 6,975

@ http://jmcauley.ucsd.edu/data/amazon/

@ https://www.nltk.org/
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#IPL 215,862 121,135 214,038 140,422

AR 1.84%  1.07% 1.82%  1.006%

5.2 TENiERR

FRI4axt iR Z MAE(Mean Absolute Error). 3
J7 R 1% 7% RMSE(Root Mean Square Error) Fl134) /5%
# MSE(Mean Square Error) & PP BER =4
fabr, eSO P2 A S 4 2 [ )
ZERMT R A R AERYE MAE. RMSE A1 MSE
5E L3N

N A
I\/I'A\E:iZ“’ui =T | (20)
N&Z
13 N o
RMSE= > (r,, —1,;) (21)
N i=1 v '
1 Ao
MSE = WZ(ru,i - ru,i) (22)
i=1

Hor N R s, o R E R
SIS, ., FomiBit AMTR BR300 1, , 10
T . MAE. RMSE Ail MSE =/MEFr/ MU E HE
FEUERR R . MAE. RMSE F1 MSE BV 4518 —
#, A MSE A& MAE [J°F- 77, RMSE /& MSE JF 1R
SIEMME . N T 55 HBRRAE R — VA VR N kAT
SEEGXT b, AR SOR R LUK F TR FR bR R
PEASVE 23 TR (4R B

5.3 XfEEARE

TP AMTR BERL AR, 5 DL R B gE
ATXT LG

()CBTM, iz S 27 (120 SRR . 5
JURITRE REAE R 1 AT SRR BVE o A U R
[F) BNl 18 a2 [ (R P 2 A AR AL, 0 43k () 147
PRI,

(2)CLFMI, —Fft B 2 R BB A R TR
NN &R Kb a1 BN AR o s W = 2 K a
BAFA R, AR A LR B AT AR
T# .

(3)CDTFMY, o it T80 fy I T B 20 PO 15 47
WA . R P -00E -8 = ek &, il
ki 1) = R S MR REE, NI AT RS .

(AWITFRE, i T B PR a0 i R . 2
I N 22 43 2 =) 31 1) S5 3 1 008 A e =X 0w
ARSI ER AT B2 s H AR A EFE R e

(5)CCCFNet!: — i 22 WL P Fry o 28 I 4% 27 ST HE

B K IR PR AN I T N AR I R 4 A A T I Ak
e
(6)MFBH, b 45 i 35 Ty o) o S AR 7
e TP ERERIAT A, A3 B P AR AN E
FERE, AT TSR S TE 4y

(7)DeepCoNNI . — it 1] Fi e 28 X 2 32 AT 118
SCAEB AR EHESE ALY o 8 IEAT CNN &
22 VPR SCAS R B NI H IR AE T 3EAT VR4
T

(8)D-ATTI,  — R 3t Ty 7% Sy WLt 1k 77
A, #IEAE CNN gaht 2 2 5T 5 N = 0L g8
PR SCAS Hh B LR 45 B - RN I H R AT OF
Pamui/l8
5.4 LWKE

AR SCHERL R P AR A 7 19 77 AT )1 255
e A3 LK Lot TAL B 1 S 56 Ko 42 PRk H
AT UG, BRI I 2R 8RR
f, Hrh 80%IM & Tk, 20%H Tk, 77
3 2 BRI A Ty, H AR B AL 7
N 50%I1I I ZREE I 50% MR 4E o

TESCIGIATT, SRIGHCE N Ubuntul6.04. CPU
i7-8700HQ . 16G M 7%. NVIDIA GTX 1050Ti 4G,
SEG A 4 Y Python2.7.13. Pytorch0.4.0. NItk
Scipy-Gensim=3.2.0 -Numpy=1.15. 43 {1 F Glove
VPR SCARMEAN,  EYER LN 100, ERX
HEBEN 150, KHAZ M AFANERZETEH
e, WOKRNDHN 3. 4. 5. NT TS
L%, ¥4 0.5 1) dropout™® R ] T e 555 0 2% ) 423 1%
JZ. RRBIN SR ENA,=4,=2,=4,=0.04,
25=0.00064, ASSCHLAIR FM R K145 3 B
N5, BN FM I FUREAE S FE RN T H REAE 4 1
BN 50, KM EERFEM T AdamP (Adaptive
Moment Estimation) JIZrBE R AT AL, BER—
BT RENLEREE Ak Es, B &N AT, HAES)
FKE N 0.001, HASHEEM Pytorch®HI [ . Xt
LA () SR8 R I R A, CBT REAL I P i H
SR 2B R 2 B 50; CLFM RS f i 2 A0
H RS R % BN 50, JEE A JL 748 1A ) 4
FEVCE N 405 CDTF A7 {98 75 IR - v 2 O 4 i 4t
BN 25, 4,=0.05, A,6=0.001, A.=0.001; WITF
BRI E IR 7 R FE R E N 25, A, =1,

® https://pytorch.org/
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A, =1, A.=1; CCCFNet B! IS+l il
BUE; MF EIERNEER T R4 E R 20,
IENAL S % E A 0.001; DeepCoNN A 7l fit) 5 A1
ZEH 5B N 150, BUE KX E Y 0.0064; D-ATT
BRI 510 S B S HOUE -

AT AMTR FHE B SHOHAT TS, SLiRER
BN 6] () A BRI OB R e A AS [ (4 52
eI, WEEFZEH v 50, 100, 150, 200,
250, £ “HLF-CD” HURAES RN SLgn 245 R &l 5
F7R o

12
115 —
11l ]

L§1.c|3 i -

1 ]
095 | —
09 ' -

100 150 200 250
=g

B 5 &A@ E L B X MSE (A 152

MBI EUE Y, SRS E O 150 B, 5
REHESE - MSE B /ME, kS GHZEE
Rk asm, BAR MSE RFEEAR K, BRI MERE
BEE AL EH BN AL 22, BRI AR SO B A
R BRI E A 150, 1 DeepCoNN A7 54 3¢
—FERARE I T77%, R CNN 3T 30
fIE 1) 42 BT a3 AT P R I H ) g B . 7R
DeepCoNN A 45 AR A% i 5 X8 VE B 520 1Y)
s, MSE [FIfE 256 TR BT . Bt aT by
F RS B B 1 RE A UK B
5.5 LWWHERSHh

AL B B IR Bl A R SR E Bt
1TSS HETE ) AMTR R TR 5 2
(10 25 Al HE 4B Y DA R ASUTE B A 3 AT HE 7 A
A PGB ST N N A, PR A ORI (1A AL
P (DIRIERA SCARME B RIIEFEEREIR T (2)
IO UEIT R 5 ST AE A R B 46 B R A RE M Re
Tty Q)UHEE R AN R HERE B IR T (4D
I8 U1 A% SO AR g o 504 A i A0 FH 7 4 SR B 1] R
BE77; (B)UEA ST AL & 1 o bk, S X 1 2
FA P VRS RO 22 53 I gEAT 1 AH R SE R 38 IE
5.5. 1 HEFFUERNRE LLEE

N T BRI (R HERA B, SEIRVTAS T AR

Pt 1) AMTR B 530 1 85 s HE 7 158 CBT.
CLFM. CDTF. WITF LA} CCCFNet 7£ “Hi5-K]
7 M “HE-CD” WMEHRE NER, JHRk4
FHATIRR . X AMTR #8770 1 347
ZEMR. BT EiAx A KL KA MAE Al
RMSE {E RS PHhTR R, N5 H I %2
KA ERTEPR . A FBEREA FHAEE N MAE
A1 RMSE 5% 2 Fw

#+ 2 ARIEIBET MAE 70 RMSE HIELEE

] LRS- HLEE-CD
MAE RMSE MAE RMSE
CBT 0.8546 1.0286 0.8777 1.0631
CLFM 0.9035 1.0787 0.9101 1.1115
CDTF 1.1543 1.2535 1.1522 1.2238
WITF 1.0800 1.2790 1.0341 1.2003
CCCFNet 0.9462 1.1991 0.8713 1.0958
AMTR 0.7936 0.9920 0.7798 0.9930

M 2 nLLEH, AERET MAE b, &
J& RMSE #845, ASCIEH AMTR R AIEA [R5
ARSI Hp e T AR AL, JF HLEUE 7 R
SR, 1E “HE-ER BiEE L, AMTR B
MAE &y 0.7936, AHXt%f Euas Al rp R Bl UF /) CBT
B S 6.1%; RMSE A4 0.9920, 2 3.66%. 7
HME “HIRS-CD 7 #¥EgE b, H MAE 4 0.7798,
FERE X LAY o MAE £% 47 1) CCCFNet BLZY i 1 1
9.15%; RMSE A 0.9930, AHXJx} bR d RMSE
) CBT BEAUHR i 7.01% . 1245 S22 WA FHvFie
SCAH AMTR BERSRE T PE 4 S Y B 38 A
RHE = VP20 T () HERF S
5.5.2 FIUERMA RN

N T EAIE AMTR BB RNE RS (1A Rk, 0
BAY ] DUB I IE A % S 3 s B AR R HERE R B, A
K AMTR 5 AU K HEFE B MF | DeepCoNN
PLA D-ATT #4717 Hee. % AMTR BRI 7
3 1 FATYNGRFRM, Her = AN AU A I 7 1]
7 F “CD” F&E LTI, ot b
KZ KH MSEAE AT FaFR, PRI A 5258 R F MSE
VYERVHN FaR, 25 Rkl 6 FE 7 s
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07
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K7 “HE-CD” H¥EEF T MSE Lthi
M 6 FE 7 g5 BT LB, fERMEEESE
b ASCER B AMTR BB AE T-X0 LU AR 724 H
R BE4E ., AMTR [ MSE 4 0.9841,
FHEET MF. DeepCoNN il D-ATT #8535l $2F 1
47.72%. 14.1%. 5.47%. £ “Hi-CD” 44 I,
AMTR #AIF) MSE & 0.9861, #LtT MF.
DeepCoNN I D-ATT HiA 735482 1 42.49%.
14.18%. 10.35%. &533R0H, FHELT H A R4
B Rk, R Sl B A s T LA B H bR
HEFE RS . R T AMTR R 2 B B0 i RN 7%
RS, AT LA S H AR HEE RS
S IbRIE, B PP SCA )AL DeepCoNN Al
D-ATT DA AMTR i) MSE #H% T F FHBE 1) ME
TR HR-B BB 2 AT T 33.62%- 42.25%.
47.72%, 1 “H5-CD” H¥a 4L 0 33T T 28.31%.
32.14%. 42.49%, HULAT IR PR SCARM EE T F)
FHVEy 0] DLSE 47 b 48 = 4177 O PR RE o
T HE—BEAE AMTR KR Gefs A S 4T
FIRITERS o A SCWHE T — 4L A bl S a6 347 06
W, ASCHERNSE R 7 2 AT g S, PRATE,
HEFER T (B EE BE N L 7 B0%IE NI, )42
50%1E AMREE . SZI6 2k B 8 A 9 s,
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111
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111
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13
12
g
09
0.2
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06

03

Ko “HiZ-CD” HlEHEF ) MSE HLAL

I K 8 FIE 9 W LAE Y, AL AMTR #5244
FEAS[E AR 48 NS T iR R RE . fE “HR-
B4 HdlEgE L, AMTR #7f¢) MSE A 1.0003,
FHEET MF. DeepCoNN Al D-ATT #7843 | F+ 1
46.41%- 14.2%. 4.55%. 7F “H5-CD” ¥tk I,
AMTR # M) MSE N 0.9884, #fHLIL T MF,
DeepCoNN A1 D-ATT #&H5ml#2 T T 47.06%.
16.82%- 10.81%. &f5H3K A TR AT PL7e 73 i H
PRIBEAE R = B AR R B ), BT
AU RS 1 RE
5.5.3 WAM Fll FHM )4 %

AN R A 285 33 7 oL,
THRELZMEESS, AR I RE 2
HEEST. N T HEFE WAM A1 FHM SR 2 14 RE FR 5
M, ASCTE “HE-F” 1 “HE-CD” B4R
P P E T XIS, A BITEA I WAM
A FHM 1) AMTR-W&F #%, FmA FHM [
AMTR-W £, Hhn\ WAM ff] AMTR-F #5751 L)
J AMTR f: 8 b7 X b, 45503 3 s

&3 ARERLIEEAHEI TE MSE EEE

e  AMTR-W&F  AMTR-W AMTR-F AMTR
H-E 1.1423 1.0546 1.0945 0.9841
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Hi52-CD 1.1089 1.0730 1.0925 0.9861

M 3 AT LA HIN R R JI AL (AR R 1
AR T AIONGE B I B 7 - 457
BHRET, A WAM Al FHM B4 C i AMTR
] MSE 4 0.9841, #H#: T AMTR-W&F.AMTR-W,
AMTR-F 235132717 15.82%. 7.05%. 11.04%. #£
“HLE-CD”HURSE T, ASCHAL MSE 2 0.9861,
T AMTR-W&F. AMTR-W. AMTR-F 43 )4
7 12.28%. 8.69%. 10.64%. HitkA] LT WAM
A FHM AT LA sk I S S, (RAE
LFIRRIERRENRR /T, $Rm TR PERE

T S B B WAM R DAE ] e A
BRIRNA A (B, TR DA AN AT AR AL 1) 21
K BHAS SCHE H ) WAM PO 2, BEALA “ 457
AR BN AR Hh A — 2 A O AN T E 1
PESIEAE RN R, IS AT AT BR 1 10
AN, IR 2R MR, AR
E RT3 B AR AR I R R 2k, iz K T-F
PHERGRIL EoR, PA AR, 2@l N E 10
IRaN ORE = WAk i N = RA
“ B SR G

This is a good book for children of all ages, describing the
stories behind some of the most popular ballets. It is written
in easy-to-understand language and has beautiful
illustrations.

CHLEZ” QU T A TR

I really enjoyed this movie! It is fun, and action packed.
The characters are fresh, and the cinematography feels good.
It was totally made for Blue - ray.

K10 JEE AT Mg R

CEIFR” AT TR S AR P AR 2
A5, VUSRS M A iEt. “This is a good
book” FHIH S “ 7 ARG “ book for
children of all ages” Ri& T ¥ “ 157 A& HHHE,
FRT)LE "R 15 5E; “describing the stories behind
some of the most popular ballets” F 45 “Hiik”
By “#sE” 2R T “EEENT
easy-to-understand language and has__ beautiful

illustrations” 343 11 “ 5 T BRI I8 & 7 HEAT 4

“written in

57 DLEBEA “FERFGEY o WA LIS H
“H BRHIEA “)LE” AR TR SRR
“UnE” “ G THEMRES” N RRMEET
[FJ It ] AR o0 i) “ ik " “wE” “ib
F7OM “HlhE” SEITHRER ST . H B RE
—> “good” IR T RIXAFHEZ, HEMN 5
THURTE S 7 M ORGSR 07 AT LU
XA T AR

RIS SURETEIR T, WL O R
BARRWLT, AAEHER, SEFE, AWEHE,
BECHARIRLF, RWE . AR 6 s
1E “ IS4 T IRSE 7, “BIPE”. “fat” F1 “431R”,
KSR PPN B0, WAREL T H R AR B (R RRAE
CHB”, CBIET. e CRMET R IR,
WAM 1R EF )27 T enjoy. movie. fun. action
packed. characters are fresh. cinematography feels
good. Blue-ray (EXk. HE. A, SMEEE.
NWEs . B HORIREF . WD), H “action” Fl
“Blue - ray” R A HEIFHANE, BHIEAN] SRR
HEE .

M EFTEAE H, WAM ARG T SCARH )
HEEE, X HEERE BT T EAE,
Uk, P 2] LU I WAM JNEEST SCAS Py 25 5 64
FROr B ORVE, AT S AT O RHIE SR I ), [
I WAM $2 3 2245 B R 20ERT,  f454E
5 5 HA R
5.5.4 SR A M it 1]

NEHIE AMTR #E8Y A] DL g H Al 2
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BEAT IR SR BN AR AN F P 0 A o7
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N 10%. 30%. 50%-. 70%LL % 100%.
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Mk, 25K anE 11 AE 12 fik.
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Background
Traditional recommendation system has problems such as

data sparsity and cold-start of users. Cross-domain
recommendation is one of the methods to solve these problems
in recent years, which uses knowledge from other domains to
rich the target domain data to improve recommendation
performance, and providing more reasonable and personalized
services. Nowadays, cross-domain recommendation primarily
uses rating information for knowledge transfer. In the case of
highly sparse data, the use of rating information to achieve
cross-domain recommendations makes it difficult for the
recommendation system to model users and projects, and it is
difficult to learn effective knowledge to transfer, which has
greater limitations.The review text is different from ratings. It
can fully reflect the user's preferences and the characteristics of
the item, and can explain the reason why the user gives the item
a rating. The rating can only represent the user's overall attitude
to the item. Review texts providing a wealth of information for
the modeling of users and projects, which was ignored by
efforts.  Recent

previous cross-domain recommendation

research  has further shown using reviewers for
recommendation could achieve better results.

Therefore, this paper proposes a cross-domain
recommendation model based on double attention mechanism
and transfer learning for the review text. Firstly, rationally
model the review text using natural language processing
techniques, extract more information that is beneficial to the

rating prediction, and use the parallel CNN to model the user

Wang Li-Ming, born in 1963, Ph. D., professor. His main
research interests include modern software engineering
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and the project separately, the extracted features are used for
rating prediction. Secondly, in the process of CNN feature
extraction, by constructing dual attention mechanism, the
important information in the review text is better captured from
the word level and feature level. Finally, in order to solve the
problem of data sparsity and cold-start of users, consider the
domain-specific and shared features, introduce transfer learning
based on the feature extraction network, and learn shared and
domain-specific features by building source, target, and shared
domains to achieve knowledge transfer , while combine with
traditional recommendation techniques for cross-domain
recommendations, and introduce domain discriminators to
enhance the model's knowledge transfer capabilities. At the
same time, this paper conducted experiments on the Amazon
dataset. The experimental results show that the performance of
the AMTR model on the public dataset is generally superior,
and it can achieve better rating prediction results than the
comparative model and effectively solves the problem of data
sparsity and cold-start of users.

This work is supported by Nation Natural Science
Foundation of China(No.U1636111). This paper uses the deep
learning method to achieve cross-domain recommendation
based on the review text, which is an effective study to improve

the quality of the recommendation system.
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