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Abstract

Due to the challenge of data sparsity and cold start, cross-domain recommendation technology has
become a research hotspot, greatly improving the accuracy of recommendation. However, the cur-
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rent main cross-domain recommendation model is based on the situation that the users or items in
the source domain and the target domain completely overlap, which leads to the limitation in ap-
plication. In this paper, we have proposed a new cross-domain recommendation model under the
scenario of partial overlap of users: A Collaborative Filtering Cross-Domain Recommendation based
on Matrix Blocking Technique (CFCDRMB). The new model adopts the matrix triple-decomposition
form, uses the matrix blocking technique to represent the shared user potential factor and the do-
main-specific user potential factor, and utilizes the joint matrix decomposition learning feature
matrix to capture the data characteristics of each domain and transfer the shared knowledge. In
this paper, four methods are compared on three data sets, and the experimental results show that
the new model has significant advantages in partial user overlap scenarios.
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PEBEAS B B BRI A, FH P AT DRAS RERE R, (B LI M) s & et B B (5 SR
JERGIN, XGRS B[ 1], H P E S EREEE RO A AR S T X, HER R
2] 3] BT A .

e R Gril i Bl g AT WO, BERT DA B P Pk A RUE B, AT LUK B R LA BE AT e X B K
SRR AT o 8 RO T IO AR T N R RO . R TR . PRI DS R A SR (4]
HEH RGO 2N AR 2O, Flingdh. S5, B, WEHERES]. HEAESLKHFES, BT5H
PR B HAR D, PRI 7 B Mg A v 5 Bl i, X HER 2R G0 B I ) )

N T ERECRFR6IRA REN7], —F A I R B S22 (8] (9], BSBRERE B 7E R A HLAL
BBERE R, ) H ARSI AT HER . B, T AN KRB EREE AT S, B MR S
Tk, (HERZM AR & B L IR, XS5 AT R R BT & S A - I S5
FEREESE AR, B A BIIAR A P B S AR E R, AR RIE R R, PR e .

PSR AE ) 3 B A O R R 10] JERE A AR 11] ST R824 ST [12] A4 W28 [ 13] LA S 7 I HLI[14]
& W TETHMES R TE, BRI EENCEMTIRZ MR, — MR8 o] 55 Mo
HGE G, B AR E e e o 21 B PR AT A ) H FRd, AR R R fU2 A A AT H ARIE
fEE, BIIETR)E, HEACRA . )G, ARl S B iR P e 2 & u#H W H 572
EBH, EH MR IEA E, RH AEFERE S 43 f#(Collective Matrix Factorization, CMF) [ 772 [15], HJ
[l e N PN SRR 15 5 BR K, SRR S AT BRI 23 A PN a5 2., (B SRR SR A P PR 1
B m 0 H PR3- RE R 58 A AR A o

BEXTULERIAN S, ASCHR M 1 — Mk T80 H P B B IER Uik, EE ok

1) R EERSFT, RIS A T T AR R BB T I W R 8 S I (A
Collaborative Filtering Cross-Domain Recommendation Based on Matrix Blocking Technique, CFCDRMB). & 7!
SRR B = 0 A T 3ok 27 20 WS A2 LR R L AR L
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2) AEARY M FH R O 73 DR T R A S =2 PV A TR 5 AR A T P B e D 15 TR IR S R 0 2 2
RFAEFE B SR A R 5 B SR R B A O SE L TR S
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3.2. CFCDRMB #&#Y
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F#(A Collaborative Filtering Cross-Domain Recommendation Based on Matrix Blocking Technique, CFCDRMB).
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Figure 1. CFCDRMB model
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Hofo J K. N T BHEAESEN19], B, 0=max(0,0), Hr
0 (s, 52,091 u W0 VD) o RAFH IR AL ELIE LA A BT WL 1.

¥R 1. B/MEBRR R

N BARBOPHRE X, EBCEHRE X, PSR T . UEEBER A d ERIL
RE A B e v BB step

etk v, vV, u?, sV s® . yO L p® =0

While not converge and ¢ < step :

1) 38 AR(7)~(13) 13 208

2) EEARH~oEFEF EHU® . vV, y?, sO. s@ .y p@

3) t+=1
. U(O)
4) it5 X" = sy
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5) End
6) Fir: X0

4. LI
4.1. BIEESHEETE

ARSCAEH T BRI i PP F s 52 (Amazon review data) T B AT SL50, Amazon FiE4E
[20]K¥5T Amazon WA¥) X, 10 3% 1 FH P 6 B Al I VPAR , R R G 48 LB 4 o S50 e B T Movies
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Table 1. Amazon dataset information description

%% 1. Amazon HUREE Bk

Movie Book Music
PR {1,2,3,4,5} {1,2,3,4,5} {1,2,3,4,5}
P4 123,959 545,264 478,235
T H $oE 50,052 136,028 266,414
Vo R 1,697,438 4,008,913 836,006
i Gt 99.97% 99.99% 99.99%

BEAh, ASCGER AT T Min-Max bRifEfl, HATa61F 70 WU 20, 1IIXIRIA, BRI an F
B Xi’j—min(Xi,j)
"o max(Xi’j)—min(X.’.)

4.2. FEMigER
AR R 45 75 MR 5 2 (RMSE) A5 4456 15 25 (MAE) SR A S HE 22 10 4 20, 58 AR

L
N-,

MAE =

Z|x,-,j X
i

Hrh N AL & NBIME,  x, 9SERRME, RMSE A1 MAE $U{EB0Uh,  HE7E AU BT .
4.3. XfEEFE

AR S Y YA BRI TR R A 5 R R R AT 0 B SRS, LSS R B SRV ) Ak

1) MERFERE ) fift PMF 57 (Probabilistic Matrix Factorization) & FH - 535k fHERE 7715

2) & FAH 4R AR (Singular Value Decomposition, SVD)J& £ #i i FE [ o0 i 77k, v T Rt

3) T HISF [21]894E# 8 (Hidden Implicit Similarities for Cross-Domain Recommendation)/& —Ff
BOBT s A T

4) F£T CBT HHEFFHLAL(Codebook Transfer)/2—F T HI P . Tl H A E S MBS T, ERE
AT, Y H R AR — e S, BIVEA B, DR AT DA A Y b i 1A A7 R B 23 i [ 22] % )
Ff codebook FFFILAL EI H bpigkrtr, i 5 HARIEET LEXS, SRS H AR R RE, AT SRS A 77

4.4. XWERSHH

A E 3 N LT T A B SERe, Wk 2 foR. 3 AR R ndk 3~5 ok, H
UK AR 5258 ) RMSE F1 MAE fe/ MR 2.

M 3~5 ML RAT LUK I, AT B 32 7 VAR AR R S Sl 32 /7 1A T =, CFCDRMB 1A 5 4
FIHEFEPERE . 3 4LSzihrh, S4B sl #E /73 PMFE. SVD #HEL, A SCHr# Hi i) CFCDRMB ] LA T
K 45%. 13%- 11%M1HERE, HUbmr A, SURIsEdR Fet iy, R AR 2 T DA 032 7t B Ax
BRI RE J; SRS 5 HISF. CBT #ftk, CFCDRMB ] LURTF K4 70%. 73%- 72%HIVERE,
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HIR HISF. CBT PIF 7 VE#R R B A7 7735, (Hin T e A/ — € B SRS, Jr LUK EATE T
oy R BB N AR R, R S RIS T . R, MR4E HISF [ETRIRZY) /N CBT X
—EERKAE, MET AN ECE AR, B B AR RN, B AR A, BRI EUA]
T B H bR AT R A B SN 2

Table 2. Experimental group
2. LIEF

Ttk H Ardk
SEE6 1 Book Movie
SEI 2 Music Book
SEIG 3 Movie Music
Table 3. RMSE of recommendation on Movie
%% 3. %F Movie #1THEZEAY RMSE
A A
SEES T VE SVD PMF HISF CBT CFCDRMB
RMSE 0.36977 0.22002 0.50166 0.70489 0.20251
MAE 0.16342 0.15228 0.19754 0.67189 0.14621
Table 4. RMSE of recommendation on Book
Fz 4. %t Book H{THEZEAY RMSE
I A
SEG TV SVD PMF HISF CBT CFCDRMB
RMSE 0.76564 0.22003 0.36997 0.70505 0.19145
MAE 0.42068 0.15152 0.24786 0.67199 0.15112
Table 5. RMSE of recommendation on Music
%% 5. %F Music #1THEERY RMSE
FIHER e DR i
SEES T E SVD PMF HISF CBT CFCDRMB
RMSE 0.63872 0.22004 0.47131 0.70181 0.19613
MAE 0.33291 0.18258 0.19474 0.67228 0.15872

deAh, BT EAEEE AR T T E SR TREAR L, BT DL IE WAk R E A 6 TR AR K R R
FAFREEAN S - LRI H RRIEAN B d FOBUE B 2 52 B HEEERE, W] » R0 d BUEIE K, fErTRES S5
AL, B DA E & 0E M BUE A 3 R R IR

B, BT A RSEES, ASORE AR = AN EESH: ENLRE A~ FPRHEAN S - DK
T H N d 34T TS5, HIORN T BESEHE R SUR MR, seibst Bl 2, K 3 LK
Kl 4 Fros.
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M R BT 4, B0 0.4, rHLUS0, dHL20 1, CFCDRMB /) RMSE f/h, RN, thi
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Figure 5. Convergence of RMSE when recommending Movie, Book and Music
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R ORI [N, MSEIRZIRTTLLE Y, AZBRIEA M 7 0 P &3 55 T B I
s 3 I A AR R AR LAY, ACSORTSR AR AR B AT Sy (A PR B, DU I HER AR AR i |
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