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Abstract: To alleviate the problem of sparse target domain data and cold start in cross domain recommendation,
Cross-domain recommendation model of deep feature extraction and attention mechanism (CRDFEAM) model is
proposed by combining the techniques including the enhanced embedding, embedding transfer, attention mechanism
adjustment, and cross-domain recommendation. Firstly, the type of similarity is merged into matrix decomposition
process to mine the implicit preference of project type. In contrast to the explicit preference of user rating, the
implicit preference can obtain the user characteristics more completely. Secondly, to reduce the difference in data
distribution between different domain features during data migration, the distribution alignment method is used to

minimize the difference between the domains, which is more interpretable than the direct migration. Finally, for the
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feature adjustment, the multilayer perceptron (MLP) mapping is invoked and the attention machine is used to adjust
user features. In this way, the target domain users who have not appeared in the source domain can notice the feature
information of source domain users, and the target domain users who have appeared in the source domain can also
notice the feature information of target domain items. The purpose of above mentioned operations is to alleviate the
sparse problem of data in the target domain. In summary, compared with the benchmark cross-domain latent feature
mapping (CDLMF) model, the root mean square error (RMSE) value of CRDFEAM+ increases by 9. 88% on average,
and the mean absolute error (MAE) value increases by 11. 14% on average. The research verifies the good cross-
domain recommendation effect of the CRDFEAM+ model, which can more fully extract user features and effectively
alleviate the problem of insufficient target domain information.

Key words: artificial intelligence; transfer learning; cross-domain recommendation; attention mechanism; feature

embedding; potential factors; matrix factorization
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Fig. 1 lustration of proposed CRDFEAM model.

1) 385 A DR AR R 4 v 2 ] v -0
H Rz, JHE I SRR B RIG 5 H] P ARAE
PRI TR R AT H AR R 53077 > BRI e A
F U v A BB T (U, V). S
U1 U 43 50 R I5 80 B RB P e 5 vl
Vo3 A H AR I H R R T

2) AfZ B IR RS 2 > D7 vE X TP A H 22
] ) s sk O SR AT B b, B
AP IRRAE 7 U FE PR ERRAE K7 U], ff R AR
X 55 (correlation alignment, CORAL) 25k 45 /)N
RBURFE AN T BRI 7 U = £ (U, 0)).
Forr, fo AR PR

3) i AM i — LR T RRE . B P
HR AT AR TR A AR R WORTE EH) 5 B C 5t

I, IR BT REN F U = U - W,

4) B IHERE . A5 B R BT B A T
CORAL SR F AM >k R A5 H Frisl A I i 7E A -,
Sk EARI b ) —AS8 P -3 H A TR
2.1 ERESREFNIGSREER N

CRDFEAM #8115 5643 BIIHE R AR 2z 2] F -
I H B AE N T {oe, Vel A E bR i N T
(U, vy, SRJG M AR AL R SR 3 5 R A1F 1) 42 B
ROR, BIFERRAE SR B R il MF RN CDLFM' /45
R RGP 3 i RS R AR (LB &5 A e e it A7
FRAFFREHL.

1) MF % . MF # 8 % 37 73 56 BF R =
(R;) e R™ " 53 fift W MRAEHEE U = (U,) e R
V=()e R i, kB ERTFHLE; m WH



34

BXGRE, 2. BlETREERFAE SR IORITE B BIL ] A e S A Y 269

WA B R, HARE R, RAERT
B TR R
/148558 embedding ;

KA (3) FIC(4) RN R A RIS P AR AR
W SN E AR PRI SERE S'5

=0 (6) 3R H P TER TR U v U RV
Hembedding iT#% :

1 (8) RAFAL L PR ELS,5
/lembedding 4% ;

R (10) 3 (13) IRAFAE AR R W
115 SR«

P 28 (14) A8 BIES TN 4 R I HEATHERE

B2 CRDFEAM &4k
Fig.2 CRDFEAM algorithm description.
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Table 1 Statistic of the datasets
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Table 2  Comparison of RMSE values of cross-domain recommendation models
i D—M M—D M—N N—M N—D D—N FHIE -
LFM 1.9440 1.9539 1.776 4 1.8414 2.060 3 2.008 3 1.9307 —
CMF 1.477 1 1.3362 1.446 3 1.5240 1.3397 1.4151 1.423 1 —
EMCDR-LM 1.0352 1.2050 1.0511 1.0070 1.2187 1.1678 1.114 1 —
EMCDR-MLP 1.0557 1.2778 1.0303 1.046 8 1.2813 1.0313 1. 1205 —
CDLMF 1. 1051 1.2112 0.959 1 1.0158 1.2135 1.0517 1.0927 —
CRDFEAM 1.0324 1.0516 0.948 8 1.0317 1.047 6 0.9520 1.0107 7.51
CRDFEAM+ 0.9870 1.0328 0.934 1 0.988 8 1.0339 0.9318 0.9847 9.88
VIR IEEAR A T Bl
R3 EHHEAEE MAE EXS LY
Table 3  Comparison of MAE values of cross-domain recommendation models
FRR D—M M—D M—N N—M N—D D—N FHIME Ayer 1%
LFM 1.5714 1.5774 1.408 5 1.4726 1.6759 1.6255 1.5552 —
CMF 1.2586 1.1326 1.1882 1. 2787 1.1361 1.2031 1.1996 —
EMCDR-LM 0.8197 0.9700 0.8370 0. 7929 0.9817 0.9518 0.8922 —
EMCDR-MLP 0.8393 1.0615 0.8209 0. 8321 1.060 0 0.8230 0.906 1 —
CDLMF 0.8856 0.987 1 0.7501 0. 8044 0.9887 0.8399 0.876 0 —
CRDFEAM 0.8145 0.8338 0.7395 0. 8135 0.8325 0.7378 0.7953 9.21
CRDFEAM+ 0.786 4 0.8215 0.7315 0.7856 0.8209 0.724 6 0.778 4 11. 14
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Table 4 The influence of type information on RMSE value and
MAE value of cross-domain recommendation

o RMSE MAE

MFACR+ CRDFEAM+ MFACR+ CRDFEAM+

D—M  0.9914 0.9870 0.7917 0.786 4
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D—N  0.9527 0.9318 0.7394 0.724 6
P 0.9880  0.9847  0.7788  0.7784

Al% 9.58 9.88 11.09 11. 14
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Two-domain distribution distance visualization results (a) before and (b) after transfer by t-SNE. (Solid dots are for source

domain features, hollow dots are for target domain features. )

2) XFEE. CORAL., MLP 1AM 204 3E47 A
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H EE. CORAL 1 AM 404 ; 44 3 Kl H EE,
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F£%1.0107, MAE{E M 0.803 3[%%0.7953. It 0.987 0, M35 1 16%, MAE{E M 0. 953 93] 0. 778 4
BWHE2MHAEG4FS, RMSE{HM 1. 199 2 & & 2T 17%, $oiF T = S E vt

5  AFEAMAE T B RMSE F MAE{f V

Table 5 RMSE and MAE values of under different componeut combinations

4 RMSE MAE

4 D—»M M—D M—N N->M N—D D—N ¥#EH D-M M—D M—=N N—>M N—=D D—N i

1 0.9870 0.9870 0.9870 0.9870 0.9870 0.9870 0.9870 0.7864 0.8215 0.7315 0.7856 0.8209 0.724 6 0.778 4
2 1.0324 1.0516 0.9488 1.0317 1.0476 0.9520 1.0107 0.8145 0.8338 0.7395 0.8135 0.8325 0.7378 0.7953
3 1.0242 1.0743 0.9599 1.0174 1.0747 0.9664 1.0195 0.8092 0.8564 0.7459 0.8079 0.8528 0.7473 0.803 3
4 1.0932 1.3729 1.1337 1.1028 1.3659 1.1265 1.1992 0.8691 1.1095 0.8830 0.8771 1.1027 0.8819 0.9539
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