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Abstract:

fields to the target domain for cross domain recommendation can alleviate the cold start problem caused by sparse data in

Users’ reviews on items can reflect users’ preference information. Migrating users’ preferences in other

the target domain. Aiming at the two problems that the traditional cross domain recommendation methods can not migrate
the complete user preferences and the prediction accuracy of the traditional aspect extraction methods is incorrect, this paper
proposes a cross domain score prediction model based on aspect and capsule network(ACN). ACN uses capsule network to
mine multiple aspects of review documents, and then selects the most important features for the target domain through atten-

tion mechanism, and migrate to the target domain for score prediction. Compared with the benchmark model, ACN has the

highest performance improvement of 2.3% and 20.8% when using single source domain and multi-source domain.

Key words:

1 5%

BCHE R g ) — B RS PR — , B
T 2 5 BHME A 22 G0 M7 205 SRR B A v A5 Rt , SC
R L1 HE7E 2R G0 b 09 i 4R B 20 PR ) 1 — b e
24 3R 08 7E T 4 T 55 2% UNLFA (Unconstrained
Non-negative Latent Factor Analysis). SCHR (21098 TN
T Je (0 AL AR B2 R BB, 32 s /R B9 R A R 7
BEAY . SCHRES B R T — i J5 T e 2 0 R o 114 O B
T1E H FHE % DLFM (Deep Latent Factor Model) , ifi i —
AN LR O oR O 22 A T TR R AR AR UG

Wk H 1 :2021-04-15; & 1 H 1 :2021-11-08 5 BT 4 - Mg A5 om
FEATH H b B AR 34 (No.G2021203010, No.F2021203038)

cross domain recommendation ;rating prediction ; capsule network ; aspect extraction ; attention

e IR TUA Ty 1 R I R o3 i AT 280 G i 1 A AR
o AT 3 T AR € T I P (ERE & S o 1% B
Tl BN S . I8 SCRE o Sl B 15 BT LA 2% il
AT HIDY- 53 56 [ I 7 A4 1) 50 A it [t (H R P e H
BRIV T B B TC TR AN AR b B ORGP Y
Tbs .

5 AT BE % 22 i ) AE B AR IR A B ) R .
T A HE B 53 i 1) G 3R 2 2] L 78 CMF (Collective Ma-
trix Factorization ) "4 B /3 i 157 FH 21 5 W e 7, 9F
HAEZ AR P 5 22 18] 2 52 2808k 52 905 Sl R AR
JL 5 5 WA A Y ik A WSS HE 42 EMCDR (Embedding and



o9 1

VR K T I S D0 45 5 S 4 T 0 A 250 2103

Mapping framework for Cross-Domain Recommendation)'®’
3 3 22 2 R AL AT A 4l 0] 1% <J e i S e B, 1 310K
H A (6] U FH P 267 5 6 TR 5 2% 0 1Y) TR 38 A 1 A
Cl DCDCSR(Deep framework for both Cross-Domain and
Cross-System Recommendations)"” S FF 4 [ 43+ firg A 754
Az T PRI B TS TE R -, SR 0 P R R b 2 0 2%
KW 5 A T AR I 7, 2E— 229 € T EMCDR. T
T TR 1) 5 B HE 7 5501k SKP (Sharing Knowledge
Pattern) ! | 38 iz 43+iff FH -390 EH D534 B A5 20 P 4341
XF3t H 43 2 0 PE S RS 1R B bR 0
TR IR A Sl PR R B A B 45 2R . R
RE RIT FE A 45 & 1 85 A58 HE 72 5575 ATCF (Aggrega-
tion and Transfer Collaborative Filtering algorithm )™, i
ok T R M 1 R A PR R R R A T 1 A
o VTR . BRI E T P IR H PR, 2
W7 PR SCRY AT DL S A B AE R A 4 15 B — e

2 W i R E i 22 1) 25 2 2] J5 75 MVDNN (Multi-
View Deep Neural Network )" ¥ ] /2 #1351 H B93F8 15 B
WS 3 — TR ], e KA T P AR I H 2
(4] P9 AFRLBE 5 35 T30 75 5 g PX] 1 0 A 1) PP I8 5 Bl A 7
8% % RB-JTF (Review-Based cross-domain recommenda-
tion through Joint Tensor Factorization)[m]% BT
B RN AR R B 5K B o A AL, A TR SO
I 7 1 PR ke B e 0 B I R R B TN A Y
W A 8 R-DFM (Review and content based Deep
Fusion Model) " fiff FH il & 13 14 i 28 50 2 M 1 B 40
s R IR IS B s 3 i 1 P 50 B R AR5
JH 22 2 B 20 HA e W A 3 2 (DAL sk, AT 42 8 2 R
Bl P R B 5 8 2 7 TR 4 O Ve O B D SR
IR CATN (Cross-domain recommendation frame-
work via Aspect Transfer Network )"'? ‘@*;FH Aspects‘ B R
FERE LR IO AN A i, F B T
ARARUH = B PR A by Bl B SRS 1 s HE 7 A HERA 32 . L)
X AR T ORI SRR R BN E B iR
T A A R (G P 6 R R AN BB VA b X
3t FH P A8 A B O 4, O HLRE ] 1 5 — T A, X
BBk AR AN

FHPXTIH P 4F BAT LS B s P x5 5 2
AN JZ PRS00 H RB A 2 A2 ROy . Oy
TET A8 2 B P Ve % T Ja e 1 1 R B, o D T
I B Sl A 7 AR B8 B 4 1 E AT TR S . iS4 Y
OIS0 ol 28 ) 245 ) o 28 T B R B £ 1) i, 9
JRERER RN, IR BE AR SR PR RO, T e 22 1 7
] AR T 3K A B A 8 3 ik — R gt TT LA
PRAFPEIR SCRY b i F P AN B 5 T e R 2% 1 B A
% F AL AT DA 1) SR AR — LR IR 2 0 e (s )

T A= e 22 B JEE 2 TR ), 33k 0 P 4 e e 24 0 4%
P At Aok 228 I 28 2 [A) RIS e SEINAEURR . et e 28 k4
25 1) 50 25 g% R AL ) - 28 0 8% 1) B 1) A R BIL A AN TR]
A0E i D B R AL AT IR A ar RO 45 2R . DL b I sy
PEUER , I8 000 26 T LA B e 425 4 SCAAS 18 AR L AT

T UL 5 AR SCHR T — A2 T 5 A i
P 24 11 55 S P43 TROIASE 7R . ACN. S T BT AT 27 ) 5 4
TR, 7 SORE — X AR S K B 15 B IR H bl
SEFIATE AU GR A SCEB TS AT

(1) 5 T J 28 0 2 ml 428 4 40047 J3E i 43X —
P RS FH I 58 I 285 42 PP E SORS B EBOR - At H
(4975 1T, I Lm0 T A A T LR RO T
FH PRI H 27 v B A 5 T

(2) 7R SORE 4 25 B WA SRR PR RO L 2 R
o S by o R i 1% 0940 Al e B AL T ] — A o =
(), PRAEIE RS 21 F AR 77 T8 AR 7E (] — ] 23 1]

(3) A SCAE AN [) 256 g 905 Sl g A A 2R 30 A7 52
B UE T AR 5 A JR SRR T, ACN AT LA~z
IR R PRI 2 W AR

2 RELEH

ASCHE B ACN BRI ZE R AN R] 1 7R . ACN B8
SRy —A WU LA P 2%, 43 53] F R b 35 P 3138 SCRY
T H VS SCRY , i a8 i T RS 2K TR 3 2R B
B - 21 H Frdsl , DT T30 2 650 H 1S

ACN BERL A3 SR DU 2 - (1) W0 45 e 3 J2 < F PF 8 S0y
AR, it — G FBURAVER) 25 B OCCARREAE
Wi AL A R EE . (2) B2 Rtk n
i 2 i A P 285 3 a2k A 8 e A R A A P sl
H 7 1. (3) 77 18 52 o e 42 017 7 i
IR A A TR Y S 4 0 O AN ) %) T
(4) FERIE R 2 B P A S0 7 T e /R DU E , R4 T e &
BIPEA TN . PR T 45 530 H 2% 25 A AR ] SO
SCEZLU L R BTG

ACN BERS v E LR B 45 5 R H & L nsk 1
FiR.
2.1 VIBKRER

LR P u R B0, 6w A R 38000 P38 SCRY a2 SR
D, e R, g —T0 R 3R P P8 SOy b i 5 R 51
LIEVFE K . % D, A7 ik A G 15 23 ik A S B
E,=[e e e ], Hrhe, e RUCERHE g MARILEE Ty d
B A W 8 E, 20— IR —4E BB, IR0 IR 1L o e
0 IO 245 () B A B R

BEH n YR d, 8 FRK/N R w, IS FAZ R BRI
SCAFAE A8 BRI IR TL 3, WIS kB RS E, 146
TR E SR



2104 WOF % R 2022 4F
L] CN-—.
AT e | e 0 | =2
{ [
- 174 > —
1 (I . — —
HEAT Wt L i —
pyMateh z ﬁu,
T—r -
JEEEL B 2
b e e e
(I (- [ ]
5iH A 5 H %R H51E W TiH i
\ AN _/ \ J\. J
VIR EVE 12 P R R HHRER
BT ACNREHIZEH
F1 BEHSEL
iRz 7E X 345 E X
U PSS s 7 T2 18] 4 S VC I
v W HAES pP,.P, FH PRI H 06 Y
M JH P sl F 7 TR 0,.0, FH PRI L 6 5 2 e
R JH P A A A A,.4 FH PRI 1 145
L s K E E,.E, JH PRI B A
w ZIRPNIN wt 5 kAU A
Fu PSR T P w3 v B = 7 T VG P IS 4
P FH P w3455 v B TEF 5 WO W e A £k 5 4 I A
h I 0,.K, FHPT 95 27 L 8 05
D,.D, JH RIS F 63T S0 b 5 2 )
ws I q R IO 2
p,.=ReLU(E *W"+b") (1) JREFN R 2 e e 22 8] i A B3 2 I 2
k

Horr s« RFT 4B, WS kNS BBGERE b
S kGRS OB B PG RE R T PR
B L-w+1 D4 o 89w Gk P=
(PP Prw o1 ) e pe RMCEREE kAW LI .
2.2 EREE

V800 0 1 0 o A 380 IS A T 28 A SR IR e,
SE RS Z e FEAT R AE SR, F00I 2 V2 i 40 A i 2
(] A7 B F T 0 A ) 10 Bl S o o 2 4 0 S5
AN 6] () D 6225 T, S 380 J2 A AR T AN TR 25 (8], 5200
APV MPLGE B R S AR H AR SAS A G
B 22N IR, A S 0 Ay ™ AR SCHE ko
AER 2 52 20 0 o 2 M 0 = IR e P By 4 Jmy e 52 g B 4
W WK P P B0 ) 02 5 A0 WS35 1A [ 14 1)
S ], 15 3 2 R B R ¢

q,= WuS'Pi (2)

Horpp SRR i M2, W) iR e FE 0%
IR e A vy J2 e A AR BB %

133l g )5 0 i T ah AR i . B eIz

=]
7=
s

(O it s, i AT ¢, T DAZE B0 AS B ol A b,
A
(3)

c,.j:softmax(b,.j)

S;= zcij'qi (4)
T

Forb b R BRI IR I 1o )2 J 28 22 ) 14— B

B, IR {E N 0.
0 T2 2 PR Ao 1)

(EELU NP

=

s, 2 AL AE squash pREL,

S;
T sl s P

squash PREIES — I p9 4 FH 2K S,ifﬁ’ﬂﬁ , HEE S,-HE
453000, 1], 580U — DR T 0/NT 1RYME, 5B
B RER R BSR4 [|s P R T HFISFEEERS 5
ZHUMRT 0.5, RN IZIR AR AVRHEAAAE LA,
11754 s, /N B H R 565 0 2/ T 0.5, 4%
JEE AR A AFAEAFAE LA/ L X RETT UK s, 14 8
W4 G/, R B

2
;]

(5)

oj:squash(sj)



o9 1

VR K T I S D0 45 5 S 4 T 0 A 250 2105

e Ji  AESh A B B ARG b 3B i LR AR
HEA TR -
b,.j:bij+squash(sj) -q, (6)
A Bt R SIUR T I 45 it M A R
o, eR ke {12, M}, ENTABT AP u M BHEH
M0, AT I w i) MAS 7 1 R AR AE
0,=[0,0,0,] (7)
2.3 FEHEERNERE
FH P AEAS TR) A 450358 25 DG R TR) 9 5 T, A 28 1
FH P A S8 B0 G 1 5 T AT BB X SR 1) 2 2] BEAT
i B, R e BN P S0 S 1 T T S R A
PAFH P u A 8] A8 P A0SR B T A e 4
Xof A A O T ) T R I AE, IR ISR AT A
L. 3 3 e =2 2 R 0 A 80 R e A R A 3
lFi]— 25 i), 45 8] 74 2 AL A R0 @, AT K,
0,=ReLU(0O W?) (8)
K,=ReLU (0 W¥) (9)
Hrpwe, wh e R™ R AR LM B 5 B, ReLU & IE 4L
PGS PREL.
SR, 3 3k A V) IR T A A 1 R AR
WA {0 4 1 T 5 Vb X T AT 4, T R
B G A 1) 00N T2 ) 7 A v A DG 43, 52

45

WA""=softmax(Q“K“T) (10)
Vh
e, A v R A X B R 0 T IAL, 1
B P u X R T AR A,
Au — WAttn Ou ( 1 1 )

[ 2, B30 H v 7E H AR L SCRY i AR ()1
=2, AT LARAS I H v X6 A TR AL,
2.4 HNAERE

PRE SO e BT A i = )2 i AS 2] T P u A
Hv B A, MA, TERRTRE D A, 4,
FR AN 5 T Z R T U ECR TR P u XTI H v
EERURIINAEA

HAETHE A, A, Z 185 D7 T Z 8] Y i DT
Bie, A .

S=ATWMh 4 (12)

JHrp et S8 T DG JC B SRR R, T g T R A
75 AT H BRI b BT 1 Z A ISR AT A S,
S e 1AL TT TR (p, q) Z ARV BCREE

e B S R — XS ST RE SR AN I U244
2 R E PRI E e R B Ay, A 2
DEINNE

. 1 ¥y
rzt,v_mzzs(p’q)+bu+bv (13>

Herpp PR E I, b, I H i B0
2.5 &Rk
AR SCHS ACN BEAI I it B 461K pRESCE SR -

Loss = ”R{”(u’;R(fW—ru’v)z+br (14)

Forp b JEVFA R E I, N T e ) B IAE R NN

AR R A S AT B A R SR H AR, 7R I Rk

TR R AT AN S AR . A SCR ] Adam ™ i AL 2%

ST BRBOEATAEAL . Adam A AL 2% 7] LAZE I 250 2 rp

H BRSNS HU 25 ) ORI HL S 19 SGD A

Tl A MRS R

R

3.1 HESEMITbIRE

TE A SCHY 92 86, ] AmazonS-cores ™ H1
Book . Movie (Movies and TV ) £ Music (CDs and Vinyl)
AN AR OE DA K Toy (Toys and Games) . Tool (Tools
and Improvement) Fl Beauty =™ A AH G [ B 4E
AEERE PSP gS H S5 H P H
PEr JH PO E BRSPS O MRS A A
SCEE R P 95 T H Sisr PR RITE S5 4 B 257
BB EST IR 2 PR .

F2 BIEEST

A TE

Hudladk Fp | WE | e FIE | Biis
Book 126666 | 63202 | 3494976 | 27.6 55.3
Movies and TV 27822 | 12287 | 779376 | 28.0 63.4
CDs and Vinyl 11053 | 7710 | 296188 | 26.8 38.4
Toys and Games 19412 | 11924 | 167597 8.6 14.1
Tools and Improvement | 16638 | 10217 | 134476 8.1 13.2
Beauty 22363 | 12101 | 198475 8.9 16.4

F T 5 dol A AR TR R0 % A BSCHE s i T 5 | /L A v
J3 B[R], A 5 e IR IR H AR F S b B
$650% 09 P AR R HERE R G0V R sh T FE R AL
TR 3k P AN 75 AT E H AR (928 B 5
(ML 30% , B iR AL 5 20%) , JFRER T 19 50%
B S P R TR o 2, S rh il 2 g AR
B L 5:3:2.

A SR T K ACN BEAY 15 B AU HE AT 1) X L
W ES P Ly e {100%, 50%, 20%, 10%, 5%} 1Y Lt 5]
P IR R W AR SOR AR TR B B 750 ] ) 7 3 U L
191 R B30 B TP EAT IR, 0 25 R AT A8 1) % b, TEI]
ACN R BRFR % 5 | 28 It sl ) U A8 25k

FE ST B L MSE (B4 15 28 ) 1 s 0 S 3 2



2106 H, ¥

EE 2022 4

SR TEH BRI, MSE FRAIG , AR PE RERL &7 . MSE A9 A =X
AN

MSE = (15)

1 . 2
TR 2 (G

(w,v)e R

H T AR A R, LR VR LR 5 A4 SE A
A5 ACN AT XL

(1) CMF™ X 5 38k A0 H A 38k 2 08 A7 DX 7431, 78
PR 22 () e 22 2 B0k S B S B

(2) EMCDR" . fifi FH £ )22 S M HL 27 > A [l ] )
A 2 P i B ok K, I ELK IR R B 48 H ARk AR
Joji

(3) R-DFM"™" . fiff F HE 5 5 5 M 1 30 2 1 28 ok 42
i PRI AN H BRI A ERAE | SR 5 R 22 J2 B g HoAe
PR 2 [ £ 326 .

(4) CATN"™' 38 33 7 1 [T AL B O = A 5 iy
J5 T, I L3 T FE P S B SO Ay e i 1 S A AR

(5) ANR™' 4240 FH P R0 350 B 7 1 0% B 97 20 el 4
AR ARSI A HArih 2 55905
3.2 #EBIXTLE

AT Book \Movie Fll Music = MBS R 405,
43 4R R = 6 VR 88k A H B 38 (43 )2 Book—>Movie
Movie—>Music Fil Book—>Music) , % i = 4> % Ik #E £ 1T
55 ARATAEX AN UEAAAT 55 PO AR SO ACN LU
NIRRT T X BRI, St 2 SR AR 3 R

FEF 4 B 40 5 TR AR 7 2k (10 CMF) , CMF 38 3
e SR AT el v A8 0 B A T B Al ok 2 20
FUORIE R, H 20 T HoAl A S BT R
25 H AR AR 52 4, i DATE SE AR A0 v o B
He 22109 . ACN BEALLE AT A% 2t 2 AR R AR I, (HX
AN R I DR R A ot TR T 3 e A I 285 )
2 RS S A P AN E 3 A A R AT A L
HLAE ACN AR R (A SR 1) H A AR R T 38 SRR G S0
W4 I A5 31 SR 40 4 b G 5 M, i RN T iR B H AR
AT P4 WO 3 5 B O A AR T D R R

EMCDR fii H] T 22 J2 S AILA AR I8 80 AN B br dal =22 1] 7y
FRL P, SOR L CMF 48 1 A RE B 70 il 20 (HIE 2
VA ) B AR B A5 2, S HAB A B A F R BB 4K
22;R-DFM 3" Ji& T HES A0 A shamtt &, 0F FORTFS
SCAFNI H R N A5V AE AR R 5 L 757 > By
R A H g e R R T2 E EE L E
20 G it i A BE M L 2 WU SO vp %) 40k 2 R
TIE | BCAE — SRl 4 1 L 2 AN A S A FH I 434 B ) 7
AR AE A BE B v ) R A AR 2 R 4 1Y s ANR
(Aspect-based Neural Recommender ) fif FH 14 5 7 HL I X
VR SR #EAT I T R 2 2, 78 B AR B PFg SCrs o
AT L2 4 B0 4 7 A T S E TR AR S, 78 B SR 25 45
B h B B0 I RAOR (B HAZ I8 B R AE IR 58 %
H Y P A BARE A sh i, gt Jo ik N H AR b 42
HE AR OGP B i 6 5 CATIN S H A B A 25 Sl 2 A
R el 7T RA R 2 AL A O R H
J5 T, IF HONY I8 sl - ARSI 1 i B SRS 42 4 H
) O 8- S0 6 %, Mk REAE AN SCHE MY R AR A e R
B CATN Jy T 4 A Jy ik 7 il dok S o) A48 Xof A5 84 39 4 7
ST, A B A HA B AR B S EUZ I A 4 5
PR, JF H CATN 38 5 1B 3 Z2 P8 SCR 0T
H AR B TE B9 5200 3 ACN 7E = HEFEAT 55 h Y PR RE 1
fen T HAARE Y, HAE = A HEAT 55 R oA T PE B dRe
A SEHERTALARAS T 2.3% .0.8% F12.2% (42 TT .

{SGE Y\ 0] 5 FEER TR A RE SRR BT ACN
GBI R | B2V JR B ) A B8 7, DL AR 5 A
RUTE R AT 55 B A9 RBOR BEAT R ) X L . 4 2
F

i3 P 2 0] LU AR B W i ) R LT R
AR A EMCDR , R-DFM Al CATN ) MSE K il b7, 1fii
7 S FE A ACN E Book—>Movie Fl1 Book—>Music I+ [
MSE ¥ 1 B 58 /T DL = AN FEERL AL I H kiR 5 2
HERETRY CMF LA K ANR AR — 2. 7 A RERCR 19 i 1A
I CMF (U FH P20 B A B R g A T ANR DU B

-a— CMF-e- EMCDR-4- R-DFM
-v- ANR—e- CATN-+ ACN

.

-~ CMF-e— EMCDR-+- R-DFM
-v—- ANR-e- CATN-<+ ACN

T,

1181 0.98 1

1.16 0961

1.16

1141 0.94
1.141
w1.121 0.921
@ o @ 1.124
=1.101 = 0.901 =
1.101
1.08 0.88 1
1.08
1.06 0.86

1.041 0.841

1.18 4

1.06

—s— CMF-e- EMCDR-4- R-DFM
—~v— ANR—+- CATN—< ACN

I

=

PPt

100% 50% 20% 10% 5%
E s Vak(6 s
(b) Book—> Music

2 HEFEVERERE TP B L fE

100% 50% 20% 10% 5%
HEH S

(a) Movie—> Music

100% 50% 20% 10% 5%
=k (68
(¢) Book—> Movie



%09 M G A 5T T R 28 ) 246 11 54l 7 4 000 A A5 2107
#*3I BHEBILERITLE
Gig=4
J | CMF | EMCDR |R-DFM| ANR | CATN | ACN
b
100% | 1.167 | 1.129 | 1.132 | 1.123 | 1.049 | 1.047
Book | 50% | 1.169 | 1.138 | 1.135 | 1.127 | 1.072 | 1.057
! 20% | 1.179 | 1.142 | 1.141 | 1.130 | 1.079 | 1.059

Movie 10% | 1.179 1.140 1.146 | 1.135 | 1.093 | 1.069
5% | 1.131 1.148 1.152 | 1.137 | 1.097 | 1.071
100% | 1.139 1.116 1.128 | 1.122 | 1.042 | 1.039
Movie | 50% | 1.140 1.138 1.143 | 1.137 | 1.075 | 1.070
1 20% | 1.158 1.144 1.146 | 1.142 | 1.102 | 1.100
Music 10% | 1.167 1.172 1.150 | 1.155 | 1.126 | 1.118
5% | 1.173 1.175 1.166 | 1.160 | 1.144 | 1.135
100% | 0.939 0.924 | 0911 | 0.895 | 0.862 | 0.855
Book 50% | 0.942 | 0.927 0.917 | 0.903 | 0.868 | 0.859
) 20% | 0.962 | 0.934 | 0.928 | 0.912 | 0.875 | 0.865
Music 10% | 0.967 0.936 | 0.936 | 0.919 | 0.896 | 0.876
5% | 0.970 | 0.937 0.943 | 0.940 | 0.899 | 0.880

SRR AL, HASOR 5 8 T P ARG i TE G . e T
ACN Zf# 0% Jia sl ) LA A R0

25 R ACN AT LLSE fEAf M 32 4 FH P At 5 (9 5
10, I HLAT DRRE AR b 2 2] B F0R A 31 B AR,
FE ST S5 4 = Ve Ja 2l H P e B s Sl 3 4 4
%
3.3 AHEXFEEHIHER RN

A5 K4 Toy . Tool A Beauty 3X 3 A~ AN AH 56 i) B ¥ 46
ZH A = % VR 38k 1 H AR Bk (Toy—>Tool , Toy—>Beauty I
Tool->Beauty) , %f i T = A BT 55 . WA SO
ACN . CATN LA ANRUGRAE = A5 BRAEAAAT 55 P it AT
X HEGS , GE I ACN (8 FH AN AR OC B9 P8 A0 H AR sl i 47
IERAE B AR . L as R an &l 3 Fios .

ACN i 15 H F5 SAS A O 1 B4 4R 4R S 5 i
TE = AMEREAT 55 E AT AR T R Bl 7 A5 ANR,
It HPERE R B 538 T 15 WA AR CATN. SR 45 R —
J7 1 E B ACN 7E fff AN AH DG IR R PF 18 SCR B, 47588 W]
DAAZ 4 A A5 BT 45 H AR B, 38 T HEFE 0 o
BRE . 55— D7 il it 5 ANR 8 VEfE X H , 3iF B ACN /]
DU R0 i T P e B AR 8 Sl 1) L
3.4 ZiFEFH ACN

AR ACN 7EF— PR 224 PR AT U 2RI 1Y)
PEREZE S AT LU B . A58 =N HH SC A Bl 4 (Book
Music Fl1 Movie) F1 =~ #H 3¢ 19 24 4 (Toy . Tool 1
Beauty) #1720 & , JE 8P A~ B85 3804k 77 4T 55 : Book+
Movie—>Music F1 Toy+Tool->Beauty, FAE X I HE AT
%5 EXF ACNBEBIHEAT YN S5 , B T2 B0 25 R 5 ACN fifi 5

Toy—> Tool Toy—> Beauty

RIS sk
3 S FARBAS AR DGR SN A 2 Ay L A

Tool—> Beauty

— PRSI A M RE R AT X LE, S ER A5 SR AN K 4 AT 5
N

HAzk Music

1.039
1.04
0.855 0.825
0.8
a 0.6
20.
0.4
0.2
0.0 . : .
Book Movie Book+Movie
809

P4 FHOCZ IR SRR S R S 56 2 R X L

H bk Beauty

0.96
1.0 0.95 0.912
0.8
2064
=
0.4
0.2
0.0 i f f
Toy Tool Toy+Tool
P

P15 AR G 22 PR R 5 S 6 45 2R % L

M 47T LLF Y, ACN fifi F 2 AN VR SatE 4 7 15 i 7
FA) 2550 SR 32 2 - iR BN TR SRR . Y H bR IR
Music B, ACN {ifi il Book 5 Movie 14 22 5 35§ [ BA R
BRI PEREHE S T 3.5% F120.6% ; °4 H ARl Beauty I,
ACN i F Toy Fl Tool 4 22 58k At FH 2005 388 A 14 fiE 412
1 5.0% F14.0%. XU TCIe IR H bRk i 2 5148
TN I, A8 FH 22 A VR S A T LA A i i T A A



2108 H, ¥

EE 2022 4

FPERE . 5 3.2 1 RSB X EL 8 Z2 R ACN He A
FH YR 3K Y CATN P RE$2E &5 T 4.3% #120.8%. A< 15 5
Y UERA T ACN AL ] LATE RS 2 H SRk i iR 21 H
Fra, 3 B P D 4 i e A 2, S RS AR B A
G, 7 T DU 8 A N 2 T 22 2 B R A 48
1o E BRI AR ) VA

3.5 HRhICIE

T SR ACN 528U 7 FH i 5 X 45 32 4T e SR 22
AT LA BGE i [ R WL 5 SRR A B
FACN PP F B A7 T Rl 5, P> 78 S
mr.

ACN-cnn - ACN A5 U (1% 5 BRI 3 2 5 ol — Ik
B RV AL ERAE B CNN, FH T E BA 5 2% N 28 7T LU A
BBFE IR SCRS ) 2 AN D7 T .

ACN-noattn: 2535 ACN 19 B 1= ML, = 1
P24 A TRV ER 40 1 A AR, TP A
FIML RE A T P 7 32 1 %o I e 401 4k e T 2 O A

Bt ACN-cnn F1 ACN-noattn £ Movie—>Music £ 8 ££
L, EE LA 100%, 50% ,20% , 10% , 5% () AR T
SCHG 5 ACN B AIPEAT AT, SCH 45 AN 3% 4 s .

F4 BEBTHERILL

HEZHST | ACN-noattn | ACN-cnn ACN

100% 1.054 1.114 1.039

Movie 50% 1.082 1.131 1.070
! 20% 1.130 1.196 1.100
Music 10% 1.131 1.185 1.118
5% 1.136 1.189 1.135

T o e 4 I 45 A B T LA 1 ACN AT 1y
PR v T H CNN RT3 2 7 L] A ACN-enn 57
Ut B e 5 1) 4% 8 08 T 47 M A2 AR T8 SR I 2 T
T H ACN A (1) P et B0 T HH e 28 99 4% 7Y ACN-
noattn BT 50U B A ) AL BB A8 B 4 1 0 X
H b4 ek e B B AR AE . R, T e 246 I 2 Y ACN-
noattn 1% 75 B I} Z2 47 fd FH [ 1 & J1HLHI ) ACN-cnn
RS RIS R e 2 X 2 A5 U R T B 9 B &2 13 B
ACN BT Hp i 2 0 4% b [ 1 7 D ML S o B2 . A )
KA B ZE R A1 LT, ACN-noattn ) MSE #
B {2 Al F ACN-cnn 1) MSE, 3 156 B Ji 9 9 4% fig 0% o 45
A I X 5048 A i 15 | e P ¥ Ji gl IR R, AT R AT A5 280 A
TGV I 2 [ - S A T 4T

4 #Hig

ARSCHR M T — A 7 T I 40 19 245 14 15 S
TMASE RS ACN , fd P 15 20 190 2 422 4 DSk A ARl 1
PP I H 5T . T S B B AT 55, A
BEE T A SR I SR I R R AR 2 e A 2 2 e

ZTE] ) e B O AR AR £ TV ) b T RS O R TR
SN A A2 A Y 5 T 20k A T R R AR £ 5
Bk b, GE W] T AR SCHY ACN AR AT LUSE o b £ 3O T
IER PR SO A ARAE , I B T 20 P00 A ERfG %
AN, 8 AT ACN fff A A G R g JHE A B AR 4 o)
FESCE, UE T ACN (155 F AR A S B I, 475 mT
) B MR B ARSGE K 2 IR T 45 1 %)
MRS SRR T 5 B PR L, 22 R B AT L T4
TIFITERE .

TEARAR A TAE h 25 i o HAl b5 SCf5 B 5 3848
TSR F 45 SR A m] R

S 3k

[1] LUO X, ZHOU M C, LI S, et al. Algorithms of uncon-
strained non-negative latent factor analysis for recommend-
er systems[J]. IEEE Transactions on Big Data, 2021, 7(1):
227-240.

[2] LUO X, WANG D X, ZHOU M C, et al. Latent factor-
based recommenders relying on extended stochastic gradi-
ent descent algorithms[J]. IEEE Transactions on Systems,
Man, and Cybernetics: Systems, 2021, 51(2): 916-926.

[3] WU D, LUO X, SHANG M S, et al. A deep latent factor
model for high-dimensional and sparse matrices in recom-
mender systems[J]. IEEE Transactions on Systems, Man,
and Cybernetics: Systems, 2021,51(7): 4285-4296.

(4] 2ok, N L, BLUS B, 45 . SLF LS A0 aRUs iy iy 5 4

HEFF VLT, B F224R, 2018, 46(8): 1947-1953.
LIL F, LIU Z, WEI G M, et al. Cross-domain recommen-
dation algorithm based on sharing knowledge pattern[J].
Acta Electronica Sinica, 2018, 46(8): 1947-1953. (in Chi-
nese)

[5] SINGH A P, GORDON G J. Relational learning via collec-
tive matrix factorization[C]//Proceedings of the 14th ACM
SIGKDD International Conference on Knowledge Discov-
ery and Data Mining. New York: ACM, 2008: 650-658.

[6] MAN T, SHEN H W, JIN X L, et al. Cross-domain recom-
mendation: an embedding and mapping approach[C]//Pro-
ceedings of the 26th International Joint Conference on Arti-
ficial Intelligence. Palo Alto: AAAI Press, 2017: 2464-
2470.

[7] ZHU Feng, WANG Yan, CHEN Chaochao, et al. A deep
framework for cross-domain and cross-system recommen-
dations[C]//Proceedings of the 27th International Joint
Conference on Artificial Intelligence. Stockholm, Sweden:
AAAI Press, 2018: 3711-3717.

(8] XNEL, M %, s658%, 5. AL T HIR G FITF 1 #5 9



9 CRUE: 7 TRV 286 X 245 F) B e 23 SO A6 2 2109

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

SRAEFEFLIL ). HL P24, 2020, 48(10): 1928-1932.
LIU Z, TIAN 1Y, YUAN B X, et al. Cross-domain recom-
mendation algorithm based on knowledge aggregation and
transfer[J]. Acta Electronica Sinica, 2020, 48(10): 1928-
1932. (in Chinese)
ELKAHKY A M, SONG Y, HE X D. A multi-view deep
learning approach for cross domain user modeling in rec-
ommendation systems[C]/WWW’ 15: Proceedings of the
24th International Conference on World Wide Web. New
York: ACM, 2015: 278-288.
SONG T H, PENG Z H, WANG S Z, et al. Review-based
cross-domain recommendation through joint tensor factor-
ization[C]//International Conference on Database Sys-
tems for Advanced Applications. Cham: Springer, 2017:
525-540.
FU W J, PENG Z H, WANG S Z, et al. Deeply fusing re-
views and contents for cold start users in cross-domain
recommendation systems[C]//The Thirty-Third AAAI
Conference on Artificial Intelligence. Palo Alto: AAAIL
2019: 94-101.
ZHAO C, LI C L, XIAO R, et al. CATN: cross-domain
recommendation for cold-start users via aspect transfer
network[C]//SIGIR’ 20: Proceedings of the 43rd Interna-
tional ACM SIGIR Conference on Research and Develop-
ment in Information Retrieval. New York: ACM, 2020:
229-238.
CHENG Z Y, DING Y, ZHU L, et al. Aspect-aware la-
tent factor model: Rating prediction with ratings and re-
views[C]/WWW’ 18: Proceedings of the 2018 World
Wide Web Conference. New York: ACM, 2018: 639-648.
BAHDANAU D, CHO K, BENGIO Y. Neural machine
translation by jointly learning to align and translate[EB/
OL]. (2014-09-01). https://arxiv.org/abs/1409.0473.
VASWANI A, SHAZEER N, PARMAR N, et al. Atten-
tion is all you need[C]//Proceedings of the 31st Interna-
tional Conference on Neural Information Processing Sys-
tems. Red Hook, NY: Curran Associates Inc, 2017: 6000-
6010.
Sabour S, Frosst N, Hinton G E. Dynamic routing be-
tween capsules[C]//Proceedings of the 31st International
Conference on Neural Information Processing Systems.
Red Hook, NY: Curran Associates Inc, 2017: 3859-3869.
FRIG AL, FEFEAL, XU, 45 . BT [A] B Je 22 o0 245 1)
5% 15 S R O3 IE B ST 0], L oA I, 2020, 48(8):
1580-1586.
ZHENG Q H, WANG Z Q, LIU B T, et al. Research on

family activity recognition method based on additive mar-
gin capsule network[J]. Acta Electronica Sinica, 2020, 48
(8): 1580-1586. (in Chinese)

(18] AETHIR, E g, XU, 45 . Blve 24815 RN IR
TR AT HLT24R, 2019, 47(9): 1848-1854.
REN K X, WANG Y L, LIU T C, et al. A probabilistic
matrix factorization model based on multidimensional se-
mantic representation learning[J]. Acta Electronica Sini-
ca, 2019, 47(9): 1848-1854. (in Chinese)

[19] KINGMA D P, BA J. ADAM: A method for stochastic
optimization[EB/OL]. (2014-12-22). https://arxiv. org/abs/
1412. 6980.

[20] MCAULEY J, TARGETT C, SHI Q F, et al. Image-based
recommendations on styles and substitutes[C]//Proceed-
ings of the 38th International ACM SIGIR Conference on
Research and Development in Information Retrieval.
New York: ACM, 2015: 43-52.

[21] CHIN J Y, ZHAO K Q, JOTY S R, et al. ANR: aspect-
based neural recommender[C]. Proceedings of the 27th
ACM International Conference on Information and Knowl-
edge Management. New York: ACM, 2018. 147-156

EEEN

IR F, 197646 H AT RAE L
(R WSF 1T 3 E 2 6 g 0 e S T O
Ji 1) g HETE R GE . AR A AR R ARAIE 20

E-mail: liangshunpan@ysu.edu.cn

X T, 1996 4F 11 H W AE T db 4 B AR T, el R4+
A, RS ) NI R G

MEh Y, 1997 42 A A T b e T, B e L R 2
WA, WFFE 7 1) R HERE R G

FAEk B, 19584F 12 H AT T8 PR, ML RS20 .
I ] AR R 5



