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Abstract Traditional cross-rating collaborative filtering paradigm ignores the influence of rating density in the target
domain on the accuracy of user and item latent vectors, resulting in less accurate rating prediction in regions with
sparse ratings. To overcome the influence of regional rating density on rating prediction, based on the thought of
transfer learning, a cross-region and cross-rating collaborative filtering recommendation algorithm (CRCRCEF) is
proposed. Compared with the traditional cross-rating collaborative filtering paradigm, CRCRCF algorithm can
effectively exploit not only the important knowledge from the auxiliary domain, but also the important knowledge
from the rating-dense regions in the target domain, which can further improve the rating prediction accuracy of the
whole target domain, especially the rating-sparse regions. Firstly, for users and items, active users and inactive users,
popular items and unpopular items are divided respectively. Graph convolution matrix complementation algorithm is
used to extract the latent vectors of active users and popular items in the target domain and all users and items in the
auxiliary domain. Secondly, for users and items in rating-dense regions, deep regression models based on self-taught
learning are constructed to learn the mapping relationships between latent vectors in the target domain and in the
auxiliary domain, respectively. Then the mapping relationships are generalized to the whole target domain, and the

relatively accurate latent vectors of inactive users and unpopular items in the auxiliary domain are used to derive their
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latent vectors in the target domain, which achieves the cross-region mapping relationships transfer and cross-rating
latent vector information transfer successively. Finally, the restricted graph convolutional matrix completion model is
proposed with the obtained latent vectors of inactive users and non-popular items in the target domain as constraints,
and the corresponding recommendation results are given. The simulation experiments on MovieLens and Netflix
datasets show that the CRCRCEF algorithm has obvious advantages over other state-of-the-art algorithms.

Key words collaborative filtering; cross-region and cross-rating recommendation; graph convolution matrix

complementation; self-taught learning; deep regression network; restricted graph convolutional matrix completion
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Fig. 3 The cross-region cross-rating recommendation scenario
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Fig. 4 Training the SDAE model with the latent vectors of inactive users in the auxiliary domain
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W H A 2 FRs RIS, ik, 22 3k [6] Hh 8 b
By 1, A S5 v (8 0 B e B R i BE 3 ROy vk ok
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VEAF N0 SHE SR 5 BOT 43 800 e 2 O A m 4
FH P RTHT n AT H 9 PF 53 5008 41— A4~ 25 4R 1 IE 43
FEFER; 2) 4 RIS 8553 3 1y, HT A4, A, As,
EATE AT BN N(Ay) : N(A3)=1:1:18;
¥ A AE IFAE R B R B 50 55 B RO (B X
MLIOM i}, HARBPE 73 5 IC RO, ¥ A 5 A G
I, IR H A NF 4 5 S BN OCRE ), KT
T A BV BN 1K), LUIAE S Sl Bh sk 3743
FEFFER®.

2 UL W Y S, X T H bR B0 43 56 [ RYO, GC-
MC F Restricted-GC-MC ¥ & r€{0.5, 1, 1.5, 2, 2.5, 3,
3.5,4,4.5, SPEDAT. AN, W51 A, Ay, AsEE, X PR

A SR T BERL Al BT 20, LA S fie 28 1 s 3800
ek P20 SR o B 2S AT S =5 5

Xof M A Ak B ORI 7 3 2K, Al LU
R ILZ ik AT BCHE Ak BT, bR RN Bl S8R
SR BE TN 2 19, H ARV 23 B0 B, 4 B
SRR A, B R R 2 T B I A AR I R S I
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Table 1 Statistics of the Datasets
F1 HIEESITER

B B4 PR TR RS IR IR/ %
AR 5000 5000 [0.5, 5] [F&H 0.5 253 673 1.01
MLI10M
B 5000 5000 {0, 1} 2536729  10.15
HA#5 3000 3000 [1,5] [N 1 55024 0.61
Netflix
B 3000 3000 {0, 1} 574 880 6.39

M _F 3R ML10M Al Netflix %48 5 o B b5 8500 43
J R A AT TP 43 50 1 BL 90%, 80%, 70%, 60% K IT-43
B 1E 0 2R 8 His 5, 18 0 TRag, TRso, TRy, TReo. K
P T Y 10%, 20%, 30%, 40% 1F R Mk E0 98 45, 30 K
TE\y, TEyy, TEs, TE,. M AT LI & 4 20 [&] /9 I
RIS, LLEE Sy 75 43 Hb PP Al 4% RO (] 4 1 5
2 PEBE. E I B, AR IIE GC-MC 5332 Il A
B AT, WO 2R R VF 43 1Y 3k R v Al e A D B S AT
GIEER
34 TR AEA
3.4.1 P A H R 5y

3 o P I R R A ok 0] 430 BR P AR I R
FHP, AR R /IS, D080 43 14 37 SR P ki i /b, B gk
S 56 R AR T W B N R R AR KR H D, R R T
O F M HE AR B R, WG BR R P 9 17 50 4%
/N, AN T ) o A o AR, AR R B S G R
AR MERRVE. DRI, TP T BRI (R K B
BUARF) TR 2 5] L [ RE, 350 H BT B B {E A Kl
I /AT R 2 2]

kT SR A AL, FRATT R R I B R
{5 Ay €{5%, 10%, 15%, 20%, 25%, 30%}, Wi H i
1] BIE M, € (5%, 10%, 15%, 20%, 25%, 30%}. X}
T ML10M 084, YIZR4E 25 000 x 5 000 19 17434 [,
AN 5] 15 {8 X6 7 1 39 BR P B0 AT 3 H 00 iR
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250, 500, 750, 1000, 1250, 1500. %} T* Netflix %k 4 4,
Y2 AR 523 000 x 3 0001 - 43 45 BF, A [R] B {5 % 1z 1)
TG BRH P B BT 30 H 80 i 2 150, 300, 450, 600,
750, 900.
3.4.2  FEEUH PRI E YRR

2.3 45 Bk, AR SO R E 53 GC-MC 5432 43 )
BRI BRH PR35 H A E AR R BB i B
i) i GC-MC 5 80 v ] 5 B2 i 1 ) B 1) ot 24 B ke,
2R 2 B e R d dropout FE 9] p () d5 £ B

(B0 3 A2 SIS IE S B A2 . X T ML10M %8s 48, 4848
S 56 UE N, H bp 38 6] )1 2k 4R TRo, TRy, TRy,
TR Fl1 i B 3% R® I Fe 1 19 dropout L il K ¥k 41 0.6,
0.6, 0.5, 0.7, 0.5, N[E S H k5 dxt B 1) MAE $4{E 1%
WE 6w, B 6 HpRiE SR ET 2 4EBUE 5 B ES
BN d i) e U BUE, 56 3 4B A e M i 3 BB
Xof 17 P 5E U AE 28 UG IE 3 7 ) MAE BIME. AR,
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Fig. 6 Average values of MAE corresponding to different combinations of £ and d for GC-MC algorithm
Kl 6 GC-MC HIEAF kM AN MAE ¥I{H

Table2 Optimal Parameters Values of GC-MC for Netflix

Dataset
F 2 7E Netflix ##55%E B GC-MC RS HEUE
. FI ik
S5 i
TRy TRy TRy, TRy
P 0.6 0.7 0.5 0.6 0.6
d 45 45 45 45 80
k 100 500 500 300 700

3.4.3 Y S R R

XFF ML10M 8 46, At i 56 ZR BRI, 7
H#er I HESES, B oM ECH A2 i AR 16 BR T
ANAERA T30 H A e 1 S 20 3 530 P g re) R H
e 1o B A MR A o R AR RS AR 3.4.2 719, Bl By s L

W PR 1) i A A R 2 %) i s 4 ) R 90, i &t
Xof P R ) S OG R SR 4 A ] i 4E B X Oy
90, B ky=90. >R FI AR =X [ M 11 G % i 2 B A g o)
AR 4t 2 2 R 3R, B i 2 10 )2 B B 2.
FE2 2 )E T R S ECH Rk €435, 40, 45, 50,
55}, ks €110, 15, 20, 25, 30}, i 13 38 SEUFE A E &, ,
ks 1 B DEAEL. D3 BRH P B 1) 5 Bl S5F 5C 2% A Sy 191
SR 5%, 10%, 15%, 20%, 25%, 30% %5 A [6) 7 BK B2
H AR R 5 2 288 515 2 8 ks, ks AN TR 2H 5 X
(28 X UF i R ) MAE S 7 i, Hrp 25
T 6 2.

SR 5 FE e Y 5 SE A b A0 4 — 2 4k [l T B e,
)T A0t % T BR O P A U R B (2, P
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Fig. 7 Average values of MAE corresponding to different combinations of kyand k3 for SDAE parameters on user-side
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#L5 ML10M £ 4f 515 SR BL, A 1715 29 i, it Ak
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Table3 The Optimal Parameters of SDAE on User-Side
and Item-Side with Different Thresholds for

Netflix Dataset
% 3 Netflix HIFERRBET HAMFER BN EXEEE
REBRRSH
My Ho

Yz

5% 10% 15% 20% 25% 30% 5% 10% 15% 20% 25% 30%

kb 30 35 40 45 35 45 30 35 30 45 35 50

ks 15 20 10 25 20 25 20 20 25 20 25 15

0.05 B}, 4 Fhiil 25 % | Restricted-GC-MC A [ 1F 1] £k
Z %1€ {0.001,0.01,0.1, 1, 10, 100, 1 000} X} )i; (1Y) MAE
¥1H.
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Fig. 9 Average values of MAE corresponding to different A for Restricted-GC-MC when y; and p; equal to 5%
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Table 4 Values of MAE Corresponding to Different Activity Thresholds and Popularity Thresholds for ML10M Dataset
& 4 ML10M ¥iE&E R EERE BEMRTESENEE MAE &
MAE MAE
H H MAE {8 H H MAE ¥1{&
TE,, TE,, TE;, TE, TE,, TE,, TE;, TE,
5% 5% 0.6953 0.701'1 0.702 8 0.7017 0.7002 20% 5% 0.6939 0.701 2 0.704 5 0.705 6 0.701 3
5% 10% 0.696 9 0.718 8 0.7299 0.744 3 0.7225 20% 10% 0.697 1 0.7202 0.729 8 0.726 8 0.718 5
5% 15% 0.696 5 0.700 1 0.703 6 0.7359 0.709 0 20% 15% 0.696 6 0.700 6 0.703 8 0.708 6 0.702 4
5% 20% 0.698 1 0.699 8 0.7029 0.7333 0.708 5 20% 20% 0.6993 0.6926 0.7013 0.700 3 0.698 4
5% 25% 0.700 1 0.699 5 0.702 8 0.745 6 0.7120 20% 25% 0.697 1 0.699 2 0.700 1 0.706 8 0.700 8
5% 30% 0.696 2 0.699 2 0.701 3 0.706 1 0.700 7 20% 30% 0.6912 0.696 8 0.698 3 0.705 5 0.6980
10% 5% 0.6952 0.700 6 0.703 8 0.704 1 0.7009 25% 5% 0.6871 0.706 6 0.702 6 0.705 5 0.700 5
10% 10% 0.6953 0.7189 0.730 1 0.7512 0.7239 25% 10% 0.689 8 0.7202 0.7311 0.7289 0.7175
10% 15% 0.698 6 0.7022 0.703 8 0.708 6 0.703 3 25% 15% 0.699 5 0.702 1 0.703 9 0.728 6 0.708 5
10% 20% 0.701 1 0.699 5 0.703 2 0.699 8 0.7009 25% 20% 0.702 8 0.703 5 0.715 1 0.7269 0.712'1
10% 25% 0.669 8 0.6735 0.6751 0.682 6 0.6753 25% 25% 0.700 8 0.7019 0.7177 0.728 2 0.7122
10% 30% 0.680 1 0.688 7 0.686 6 0.6978 0.688 3 25% 30% 0.698 7 0.702 6 0.708 9 0.7198 0.707 5
15% 5% 0.698 6 0.703 3 0.703 8 0.704 6 0.702 6 30% 5% 0.6925 0.699 5 0.7249 0.7272 0.7110
15% 10% 0.6956 0.7189 0.7302 0.766 9 0.7279 30% 10% 0.699 1 0.7193 0.729 7 0.7289 0.7193
15% 15% 0.698 5 0.7012 0.699 2 0.706 3 0.7013 30% 15% 0.700 1 0.698 6 0.703 1 0.708 2 0.7025
15% 20% 0.697 8 0.697 0.6993 0.705 1 0.699 8 30% 20% 0.701'1 0.6956 0.7115 0.7253 0.708 4
15% 25% 0.7003 0.699 0.7022 0.7101 0.7029 30% 25% 0.702 6 0.700 1 0.705 8 0.708 8 0.704 3
15% 30% 0.7017 0.700 8 0.7029 0.708 9 0.703 6 30% 30% 0.708 8 0.700 1 0.705 6 0.708 6 0.705 8
e BARUEFRTE ML10M $54E Rl B4 A 45 3.
Table 5 Values of MAE Corresponding to Different Activity Thresholds and Popularity Thresholds for Netflix Dataset
&5 Netflix HiRE EARERESEMRERENEEY MAE &
MAE MAE
H M MAE {8 M H MAE ¥){&
TE,, TE,, TE;, TE, TE,, TE,, TE;, TE,
5% 5% 0.8343 0.8396 0.8621 0.8811 0.8543 20% 5% 0.808 5 0.8101 0.828 6 0.8305 0.8194
5% 10% 0.8328 0.8369 0.8699 0.8655 0.8513 20% 10% 0.802 6 0.803 5 0.8202 0.8245 0.8127
5% 15% 0.828 8 0.8403 0.869 8 0.868 3 0.8518 20% 15% 0.8345 0.8315 0.8398 0.844 6 0.8376
5% 20% 0.828 1 0.8388 0.8679 0.8856 0.8551 20% 20% 0.8356 0.8337 0.840 6 0.8419 0.8380
5% 25% 0.8372 0.8368 0.8403 0.8919 0.8516 20% 25% 0.8329 0.8353 0.840 5 0.8478 0.8391
5% 30% 0.8351 0.8326 0.878 8 0.896 8 0.860 8 20% 30% 0.8219 0.8347 0.8302 0.8418 0.8322
10% 5% 0.8301 0.8322 0.8359 0.8826 0.8452 25% 5% 0.8303 0.8329 0.8377 0.8326 0.8334
10% 10% 0.828 1 0.8306 0.8399 0.887 0.846 4 25% 10% 0.8326 0.8356 0.838 6 0.8578 0.8412
10% 15% 0.8306 0.8329 0.8782 0.8699 0.8529 25% 15% 0.8313 0.8369 0.8403 0.8609 0.8424
10% 20% 0.8349 0.8311 0.8409 0.8618 0.8422 25% 20% 0.8301 0.8298 0.8377 0.8499 0.8369
10% 25% 0.8326 0.8345 0.8591 0.868 7 0.848 7 25% 25% 0.8336 0.8368 0.8402 0.8587 0.8423
10% 30% 0.8335 0.8338 0.8369 0.8651 0.8423 25% 30% 0.8324 0.8359 0.8371 0.8524 0.8395
15% 5% 0.8276 0.8352 0.8349 0.840 1 0.8345 30% 5% 0.8349 0.8336 0.8382 0.8809 0.8469
15% 10% 0.8303 0.8346 0.8386 0.8343 0.8345 30% 10% 0.8321 0.8359 0.8411 0.886 3 0.8489
15% 15% 0.8306 0.8329 0.8399 0.846 8 0.8376 30% 15% 0.8312 0.8355 0.840 1 0.8869 0.848 4
15% 20% 0.8293 0.8297 0.8421 0.8295 0.8327 30% 20% 0.8311 0.8326 0.8403 0.8717 0.8439
15% 25% 0.8335 0.8329 0.8386 0.8398 0.8362 30% 25% 0.8346 0.8298 0.8387 0.8933 0.849 1
15% 30% 0.8278 0.8353 0.8388 0.860 1 0.840 5 30% 30% 0.8367 0.8477 0.8609 0.8971 0.860 6

T SRBUE F R TE Netflix HcidE b RAn B{EA A S5
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145 & 4 B 85 809 597 70 E 72 B AL, CRCRCF &
784 4248 B bR B0 B P A T3 B AE 5 /Y 1T 4
A X PE 15 2 2) A A AT LU SR T H AR
BRI H PR AR 25 4 X 0 B 4 0 4 . A5 6
A& 70 LLFE H, CRCRCF 7E 2 1~ 504 48 1) MAE

Table 6 MAE and RMSE Values of Different Algorithms on ML10M Dataset
3% 6 MLI10M #iEE&E F REEER MAE #1 RMSE &

RMSE $& %5 I It CSVD, TMF, DLSCF-S, EKT % & 2
T E L AE B E K 0=0.05 F, R IHH R p (EH,
CRCRCF WY PERETE 2 %4 5 b 1 0 38 06 T At XF
7k

Bk — A, N 8 RN 9 W LLFE H, £ X H Ar i

RMSE
Bk p i
TE,, TE,, TE;, TE,, TE,, TE,, TE;, TE,,
GC-MC 0.7807 0.7819 0.7913 0.796 5 0.997 1 0.999 4 1.009 8 1.0146 0.004 8
CSVD 0.710 1 0.7180 0.728 5 0.729 4 09110 09189 0.9318 0.9359 0.003 9
TMF 0.7207 0.7240 0.7337 0.738 7 0.9272 0.9290 0.941 4 0.9475 0.003 1
DLSCF-S 0.706 9 0.7105 0.7181 0.7186 0.9063 0.908 4 09178 09195 0.0049
EKT 0.7147 0.717 4 0.723 8 0.726 0 09147 0.9182 0.9219 0.9313 0.004 0
CRCRCF,, 0.726 6 0.7293 0.7382 0.7402 0.9301 09328 0.9459 09517 0.0027
CRCRCF et 0.7133 0.7192 0.730 1 0.7299 09151 0.9223 0.9339 0.9377 0.003 7
CRCRCF (A30) 0.669 8 0.6735 0.6751 0.682 6 0.860 7 0.8756 0.8792 0.886 3
i BAK(HFRTE ML10M $fide i TERERS R AU, RIZ T Fom IR P RE RS An K.
Table 7 MAE and RMSE Values of Different Algorithms on Netflix Dataset
R 7 Netflix HiE5E L TR E XK MAE #1 RMSE &
RMSE
GRS pfE
TE) TE,, TE;, TE,, TE,, TE,, TE;, TE,,
GC-MC 0.9037 09108 09113 0.9347 1.1218 1.1362 1.1383 1.1669 0.006 9
CSVD 0.846 2 0.8522 0.8574 0.8656 1.065 1 1.0728 1.0756 1.0885 0.003 8
TMF 0.8740 0.8776 0.8825 0.900 5 1.098 2 1.1106 1.1177 1.1402 0.0016
DLSCF-S 0.8413 0.845 1 0.849 1 0.8617 1.0533 1.062 6 1.0657 1.0802 0.004 5
EKT 0.8438 0.8511 0.8526 0.863 4 1.0587 1.069 9 1.069 7 1.0857 0.004 1
CRCRCEF,, 0.8782 0.8815 0.8876 0.902 8 1.103 6 1.1219 1.126 5 1.1431 0.001 4
CRCRCF jieet 0.8498 0.8571 0.8599 0.868 2 1.069 4 1.080 6 1.0812 1.0921 0.003 4
CRCRCF (A30) 0.802 6 0.803 5 0.8202 0.8245 1.006 2 1.0078 1.0239 1.0276
T BAKATFRRTE Netflix £ilide iR fUiotERERpR R, FRILEC TR TERE RS PR AR,
Table 8 MAE and RMSE Values of Different Algorithms on Non-Rating-Dense Region of ML10M Dataset
&8 MLI0OM BUREITSEBRERE ERFEEEZR MAE 71 RMSE (&
RMSE
Ak pfE
TE) TE,, TE;, TE,, TE, TE,, TE;, TEy
GC-MC 0.8198 0.8209 0.8292 0.8415 1.039 1 1.0442 1.0497 1.0659 0.002 1
CSVD 0.743 4 0.7453 0.7572 0.7670 0.9528 0.9543 0.968 2 0.984 5 0.0023
TMF 0.7500 0.7612 0.7771 0.778 1 0.9547 0.9774 0.998 1 1.0255 0.0015
DLSCF-S 0.7355 0.740 1 0.7499 0.7545 0.9379 0.9460 0.958 5 0.9742 0.003 0
EKT 0.7399 0.7417 0.7551 0.7623 0.9493 0.95 0.965 2 0.9803 0.002 6
CRCRCF,, 0.758 8 0.769 5 0.7809 0.7851 0.962 8 0.9856 1.004 9 1.0345 0.0012
CRCRCF et 0.746 6 0.743 7 0.760 1 0.769 9 0.9572 0.9513 0.972 1 0.988 7 0.002 2
CRCRCF (A3) 0.6795 0.684 6 0.6852 0.6931 0.878 9 0.8801 0.9025 09133

TE: SRAB(EFIRTE ML10M BTk 34 B B VERES R bR B, T RIZB TR L P RE RS AR
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Table 9 MAE and RMSE Values of Different Algorithms on Non-Rating-Dense Region of Netflix Dataset
&9 Netflix BBRET N EFEXE LA EEEMN MAE 1 RMSE &
MAE RMSE
Ak pfH
TE,, TE,, TE,, TE,, TE,, TE,, TE;, TE,,

GC-MC 09351 0.9457 0.976 8 1.0311 1.194 8 1.1976 1.3394 1.3561 0.003 3
CSVD 0.8956 0.8977 0.909 0 0.9153 1.1137 1.1181 1.1293 1.136 4 0.002 7
TMF 0.8977 0.9100 0.9245 09321 1.1290 1.1470 1.1477 1.1508 0.0019
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