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Techniques for Recommendation System:A Survey
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Abstract The recommendation system obtains users’ historical behavior data to predict their preferences,such as web browsing
data, purchase records, social network information, users’ geographical location and so on. With the development of computer
technology » the recommendation technology is mainly based on user-item data matrix decomposition technology in the early stage.
Afterwards,it is gradually integrated with data mining, machine learning, artificial intelligence and other technologies, so as to
deeply mine the potential preferences of user behavior and build a more accurate user preference model. The recommendation
process also moves from static prediction to real-time recommendation, enriching the recommendation results through real-time
interaction with users. This paper mainly reviews the key technologies adopted by the recommendation system in different peri-
ods,including content-based filtering technology, collaborative filtering technology, recommendation technology based on deep
learning , recommendation technology based on reinforcement learning, recommendation technology based on heterogeneous infor-
mation network. Finally, this paper analyzes the advantages and disadvantages of key technologies.and then looks forward to the
future development of the recommendation system.

Keywords Recommendation algorithms. Matrix factorization, Neural network, Reinforcement learning, Heterogeneous informa-

tion network

THUT RS RO EHE SO

1 5§ \
! BE& BRI HLas =~ VAN DB e VB IZ R BOR B R

Wit 255 3 P A MK X R s R R 0 TR R L IR A 4
Je—ANME B BCE A A S e e R AR, WX R
TABAE T XHE B AR SR SO R T B AR T
#k (Information overload) M8, #fEFE & 45 2 A AU {5 BB
M R Y O S B R 2 — AR Al P T SR R P ot e RS
WHER . 20 S RAEN KR EERENT R & A

FfE B :2020-02-25 &1 H I :2020-05-08

W7 R, A4 22 T SR FH 014 5 AR A DA A% 92 19 R R 4 i W %
W 3 A S5 A B, ) B T AN T R R A 3 7 BOR T
BE, B RIHESE R G BT LA 2 BT P 48 5 U (Con-
tent Filtering) [ #E4E & 4t 5 % T W3 [7) i € (Collaborative Fil-
tering) IWERE RAE S, ETHAELIBWME RS EE @
TS AIE 5 P 45 iF 8% D 50 350 AH OC e B R 17 328 B0 HE P 4 7 0

A SCE AT AR R COSID) L il E 7 4RI 5 B .

HEWH . FEHRBFESHA RS A (U1811261) ;1L THH F TR 55 #1753 H (LFW201705)

This work was supported by the National Natural Science Foundation of China (U1811261) and Liaoning Education Department Service Local

Projects(LFW201705).
EAGVEE  ZERE (xgli@Inu. edu. cn)



48

Computer Science THEMLEL2:  Vol. 47,No. 7, July 2020

B A A I A A AR AR AT 00 3 SR S T 4 4 AT A
B R BRI SCA SR UR T & A ARIE T B R R
K 2R A U A S AR L PR S B A TR T R AR
Ak B AT B AR DGR AR . 8 T BIp ] i Y A 1 AR T U R T A
AL % MR B AT (] 28 0 10 30 R B e R A T R SR R Y
Ko HE T U IR DB A TR A 2R Gt 3 TR TR I 4 A AR R
MBI AR AR AR M 5 A P - E A S o AR R e i
ifp VT2 6 [ R AR BOR TNIT 23 o A% 8 B0 4 77 15 R TR 1 2 S B
HETE R G AT T RAF Y ROR AR L A7 A 20 5 2 A DR 1 (i)
RO Q8 i3 Bl Vi) SRR ) T AR B A 2
2% IRALSE o) (R BR 4% SE HOR B R TR L BE T HLAS A S BOR
FOHETE RGUAR B T MO M2 B G E . AE R RB R B
UL AEAR AR A 48 LT 3 55 BT AR R B0 B sk B0 A T KR
G5 R G AN PR LM 57, FR T T LA BJAS R AT SR Y
KRBT AL 27 2 BORRAT T KRB w T8 . AT
KRG HLER 27 > BORTT DU 2 & 2 i P i a7 2. A
22 2 GERY S K BOHR 4177 28 G0 W] LA 280 3 it e 1% G 4 75 4%
AR AR B ¥ IR S R R0 s gt A% ) A S B T AR A
FA 20 R R 0

A SCAEA G AL Gt 7 BOR B R AL b, 0 R T Y
FHLAR A T HORBUHERE B R BB . A SCEE 2 Wi IR T 5
AR HARGHE 3 IR T IR ) 0 FR R E R 4
AR T T AT 5 AL B AR B RBERL 28 5 i T
FH OB B 23 M7 LU EE s o - [0 B T 8 Ak 7 1 R B9 K L O
Joe B 2R R R R OR R D5 1

2 fREEFEREA

HERE RO AE S P E N ] TR BT 260 . R Ge 38
BT S AR P 0 W 3K g s s H ATl P e E R
W HER R F R N ETAAES BN HER RS T
AT R AR SR R 3 2.

2.1 EFTHETREMEERA

T A B AR B R 32 B2 R 1 I R AR AH (L
TTHERE o 7 vk 8 8 $ WO 1Y) SRR A Ok R 1 i, R T P
D3 52T B0 CAN 8 W/ AN B 3R B TR AE B >k 2 X i T P
PRI B R AT o e i 38 3 LA P 00 D 2 R F 55 08 7 1 1 s Ry
E Sk S F P HERE AR SC T, BT, W T S AR B R A
AL MM R A KL BB AR, DL I R AR R R
f TFIDF, n-gram 4,

Fe T A R HEFR B R 0 7 S B 3z, HewT DL A 3 s A
JEHHR BN Yahya SEDVER I T Web 1248 160 W 0T HEFE R 56
Manjula 538 33 3155 SCA A 2 14 AT BLRE O #E 72 191 P11 Sun
DR T T P AR A MR AR IR 55 HE BT CROA 4%,
HEFE AL T L AR SCAR B BN Yanir 2550 R SCAR Y S
P XA T D0 15 % 9 5 2 R 0, Amie B0 R TS T RS W
P HE A BT 4

HTNENHEEHEAR NS ZS T A R0

'éTff%Fﬁﬁm% B2 77 W6 7E B BURFAE LA B B2
e A REAE B 09 A LM O A AE — e Pk B, xS

A GRS 1 AE 45 40 AL BUHE 4, R AR 3 R K SR 1R 29 % 1% 07
TR L FE 2080 2R 5 1 4 500 %) AR DL e o 198 R A R A it 5 i)
THEAEROR . BT NA M U8R S Z 0T H i 2R MR AT
B W, S BRI S RE R HEE N,
2.2 ETHhEATRERMEERAR

3 ] 2ot 30 A P ) P35 ( User-Trem) — 434 48 B 3 5 4%
AL P o 2R R M T DA v 5 R 2 B 3 e A
W 0 Dk B ESvN 3 g -l N ) [ O e = 2
43 A e 408 308 10 I ) 9 R R A R 1 ) s 3 R K
2.2.1 %f%&%wﬂ TRBEA

T 408 38 A4 P ) 2ot 20 = LA 3 AT D40 S L4 B

)LA*%?ﬁﬁmmﬂkﬁ%ﬁ%$ummﬂkﬁ%
F T IR B 15 3 0

ST H A0 B ] 08 O vk R B ) g R, B 40 David
SEUT I AR B T R P Y [ S U O oA LR g it
U s Paul 257 F 1994 48 ) FTZ 4 AR A €87 16 14 98 R 48 Group-
Lens, 5T 35004 Hr 7] b 58 75 v 38 FH T 348 K B 4000 S Al i &=
45, 5] i Badrul 550 3 T B T 000 U A T B8 7 5. Greg
A0 2003 4K R G RH Amazon B R S8, 3T 50K B
[ i 308 B AR HB %G 792 B #F Netflix, Hulu PR YouTube L.

SEF P 0 B ) A 8 Oy vk AT DL & S R VT A 4 1R
EAFTEY S ) A2 S m R, 25T 00 B[R] 5 v o 1k 2k
ARAAFAEVS It 2 5] J80 , T LA #E 45 B EL S R L R A A
BUTHIO S § Rl DT DAL & T LN | RV N 3y R 3 I o
D5 A KRB IR B R A M A RCRBAL, HE A /N Y 3
S, PG T ARG U R vk SRk R I T R TR R 4
b, B T RO RN B
2.2.2 EATHEAGHRLERZR

B A58 A0 1 P ) 3 0 5 R X R -0 0 96 R T A G
TR ASETRY 5 e DA AH A TR 2 500k AR A5 0 A o AR T . LT Y
5 B R B TR 4 ik 0 T D 0t 308 RN B DL 7 A
BT AR A AL (Y P R Ao vk . B R R R T 40 A 1 b D 5
85k SR PR I e B R K -3 s T R S A Bk s
VF1) o 368 o 5 AU 24 5 OF S 4 Wb A 412 P P RN 0T ) AR e AR E e 3K
I R R I A Ay i B R 2 E A SVDTY, NMFMY,
WME2 4

ME %56 [ 43 f% 5 (Probabilistic Matrix Factorization) H
T HF 5 W5 L FRIERE T, 2 4 30 5L T4 A 1% By 7] 5 9 ) R
RO Tk, TG AR B A i HE B R T R R, B AR
FOVETE A 4 1] U, A0 A o ) V5 N B O BLIR AN
HAUIV, T EHR o i —DIES M. AP0 R W
SRR

ﬂMUymﬂ~ﬁi@«mwm%% @D)

Ja B U MV AR ST TR 4 4R 4 DL 3 20 5K AT A5

m@*BUVWF%ﬁh

p(U.V.R.6" 6% s0)
p(R,O'Z 90'6 70'[%')

pWU.VIR,c* 6% ,0p,) =

~p(RIU,V,6*) pUlsei) p(VI]si)



KBRS AT R G AR R

49

=pRIU, V.6 X pUlc’) X p(V]e) (2)
WA RULV BIBCS 43 A 6 ik, 9 7 BR 3T 43 A9
YO K W R B B N A logistic BRAY g (x) . HG AEE
I RRECH -
E(U,V)=%ZI,j <R,/—g(U;I‘v,>>Z+%ZU?U?+
%ZV?V? (3)

SRIG  (E FA B F MR figU, A0V, i B — A0 K

1% G5 0 L B2 43 A% D 5 A R B 80 2ot 22 s A g e 8 2R
AN S TIARE B0 B 43 e 22 e T X SR [l 8, (2 AL SR B A i
BARAA T Btk (04 0 - 1) AT LA b B9k e ok e i A
161 G dge /> 3 3 BRI B8 T B 1 L i S R U R R T K
SRR D SR 2 WA 5 IR BN B vk P A AR A
AT LU A & 5040 D1 i 357 ME 8 S B4 4 % 5 5 3) PMIF Bk B
P T P I ST A I LAY A 2450 H ik R IR iR 7E B SE 2R
W AAETER . Bt 767 3 58 B 2 S US4 B A5 B 2 —
Fffif o ok o BN, Ma S0 VRN T L 58 4 S8 A5 8 A
SR B AF S0 i P 0+ 52 6 5 Bk Ak B 4R
R I ) A Wou 5B VRN T W0 A B A O P R o ug
Ty 8 A R B 1 SCEE i A — MR 4R 191 s TR
X T BRI T T eSS R A ER Y . BLAN AT R W
0 e i T R RS T LA S i B O ok 3w
AN A R 43 3 T 158D 1 By [+ e 0 B 12 2 N PMIF B30 9% it
(0B 5

T DU Hr A 3205 AR U R 09 B 9] 5 DR R OK T A
Dirichlet 4Bt Al PMF Sk MG . &2 — R XFR &+
B AT AR B B . Chen ZEDV R T TRCE BEAL, DL fift ke
A5 R 50 50009 SR A0 B I A . Wang SEUS R T — A AR
RN 2S5 B AT 5043 1Y 3R oR 2% 2, LA e A B A 27 i i
B 0 R, X 4 A8 80 4R 2 7E CTR (Collaborative Topic Regres-
sion) MR (Y FEfilt 2 BBy, CTR AR T A 19 1 fig 4
JZ T HAE S A U,

Wang &MT48 1T HME 3 850 BHE B RS (CTR) SR 4 47 18 3C
AR 30T, PR =2 A8 1] 05 AR A i 50 0 E B3R R T3
AR B PR SO0 A L 3 A R D G R 9 A A B DA 9
F Y 800 A . 278 T LA N % B0AR 5 4 B0 P SR 72 Y
S 2 0 S B P A G R S, R R B TR I B AR A
B e R

1 3 A TR 3 A TR S 5 I R H P 4 T A 4 AR 3 W)
—RAY v i T B ) i B R B E R, 0T 45 A Matrix
Factorization 3 & (MF) F1#A1E Dirichlet 3Bt . CTR 23 T kb
T MF 1Y 0 [R) 2o 08 8 4 00 T000 0 A8, I B H BE 6% S P
SEARAE, B TEAF R T AR RS . AN R E WA A
CTR W] LA T T %6 B A0 50 H 9 545

Chen 22 2 11 T CTR-SMF # R, Holt 5 Tk & N &
FEFF 5 A CTR BERI AT 45 & LI R 72 I 8, & 50— 4>
MWK G TR E V R Q.Q A A MK E G it sg
EEHERE, VIV, e —X T qu R P i 5k BIRER . dy

FRPIHE KR BIRIE . U RIS, 53 338 F P 5 8 B RRAE ] 18
A4 R W RRAE ), SR S (0 4138 4% 56 2 19 454 43 A
YT

p(QIU,S,oé):’ﬁ] ,ﬁlmq,f | g(UTS,) " o5

5 DUt B R AT 9 L 45 S LDA Rl SMF 75 i .

p (U.V.SIQ.R.c} 0% -0 01 »05)C p(RIU.V.62) p(Q]

U.V.oi) X pWUlat) p(V]ai) p(Slat) (5)

2 e AE SRR R,

TR 1 S AR SR T DL ST A v AR A
AR B I BRI R AR 2T CTR SR, RN i 458 A
o A 58 I 45 45 J2 K B 3 b ASE 40U P Wk A 25 T, BRIV B AR AR
Uk B2 & 09 F PR S . B R L A TR R AR T T 1 s )
BEE T CTRBR,

PR AR B R EZ . F— W TH RSP AR
BLg ST 2 2 WA L, DL AT R AR AR £ T BE E K o i
R A B R R A R . BB T P R g A AR B AN R
FRF 2 U9 i, T LA 72 N 28 LS AR BL 9 B 350 4 . P TRD A
EHAMFERZH S, B — T RSEERZE T
o R e TR I, R LT R P SRR R Sl i, PMEF
T CTR B0 02 36 F 50 B 19 5503, B0 00000 6 B v 25 1 7 A6
EEE 0 R TE . B R P A R D T B
PRI O DG 9 % P P sl T R AT 4 . 58 L b Rl A e R dn iR
R A 4 B 2 A% B2 R 4, 5 A7 A B00CHE A6 Bk [R) L {H PMF 3
NN Gl =R S L=~ Sl 11 P WA R ) N [ PO -
FE R SCRAR T F P D s A 4 H5 8 B o A L X — R0 D
PMF $ R g 2 09 B 2 08 e 72 450 R0 30 47 e 1) ) 0, R AR oK
ff o B A — e AR AR . ST B R g 4 R A
TE AN T35 F0E T 4t 1L A Ao A a0
2.3 RBREHE

B 77 (Hybrid Recommendation) 18 i3 40 & A [A] 4 7%
RGRVRANS A MR B AR G 55 57, DA 35 2 B g A AR AROR .
L3 SR T PR B R R TN 3 TR o U R R A ) — A
BRI BN, Aysun ZEE B T — Bl 3 DO 3
PTG TR S I AR R AT R AHERE s Vipul PRI T
WebBot B8 K B VE i 08 A 3k F A 0 o i 5 R MR G
HeTE AR .

352 R TR A R R T R TR A ) | 4%
FFLEM S, WEMEFEREAREMH . D#E T E N F
STl G 22 PR RL, DLSC LR s M ME R M s 2O IR SRR %
Je BN )R 5 3) R A B A £ U2« a0 9 72 o mT BE 2 R B B
DA PR B G &R SOE BWES AR B ) s n] U
SR INER . (AR IR G AR 7 A T 0 O K A K AR
T4 R AR TR S A, T EAE B K A A IS RN T .

3 ETREZFIMEERAR
Wl 5 VR E 2 2T (9 2 o 28 1 5 L 28 B T 45 4 75 )

U, 130, Chen 55 58 2o i 28 190 4 4l 92 P 3 25 O 4 19 o
RS LI HERE T 5 Niu 2042 1 T NPR B8] T 42 &

E‘l



50

Computer Science THEMLEL2:  Vol. 47,No. 7, July 2020

28 2 R HERE A BT 1 5 . R T IR BE A4 ) I HERE R gl
2 20 BOHE 1 TS TE R AR R Al B P R 2 U A A 5 AR G0 By
PER UE AR T Ab BRSSP BdE . W THEE R g
B4 R B 2 S ASE RN A 3 U 4 420 IO 44 4 AU 42 I 4 | A i 20 L
[0 24 4
3.1 BETRAMEMENERERAR

BT U9 A 25 W 4% (Recursive Neural Network) A9 #f 77
AR TT LI 1 J AR ] P 9 13 58 0 50 AT A ok T A P i R — A
AR, 3 I P e I 4 T AR K S5 9 1 14 ) 4 (Long Short
Term Memory networks, LSTM) Hl ['] # #& 3 5. JC ( Gated
Recurrent Unit, GRU) 8 & #7312 i JH T 7 b o o 4n
Balazs 557 | i GRU 4@ 4 B T £ 15 i #E 77 BB 5 Yo 250
PR T AT RNN #3508 B s 8, 2% S P i sh &R
735 1[5 97 2K 68 - 22 TR) 8 42 Jm) e M 4

Zhou FFPTAR Y RIB AE 42 . M3 aof 4 2 SO0 AT Ay IR
SR P E SR T A P ISR . AR R
00 T B B SOURAT A 8 D0 N P 3 B DL R4S
BRI TR S BB A i AT A . X HESR i 5 2 N e A2 1
AR w 1 0 D HORAT AT I, 2 AT Su= {2,
2z, b P EA 2 B— N ICH R AR PR 2
R — AR E B 25 1] ke, o LA R 5090 4 i R BSCHIE 3 A 1 ()
7E RNN 2487 51 09 HORAT 5 76 10 28 00 B 0 A B T B
JCo B Y 00 T A B T D2 AR A P A i

RIB HEALA PIAGIHT 2 4b , B S8 R AL T P 2% WL 3l 1
TR A5 S, LR A B R B T A A RORAT . (BT
RBALORAT A A 3 A DA P2 — RS nd, Btk A
F R B AR AR R L m 4E 5 2) R o i OWRAT o 2
AHOCHY , J0 1 3 HOWRAT 2 B P BA5 B AT @8E 3) i 42 oW AT
Shy 8 e s E T AL BT R 45 BRI TRD 5 B N RD Y K RO A Rk
58 42 S P IR ST

Duc-T % i Jil LSTM &b 3T {5 B 342 1 Beacon 5
R, ALK P s SRR R o L B — A — A
T EF AR SRR E TR AR DG H 4, AT SE o Ui
TR BRI T —BEF i amE, T2l 3 A
AR < AH DG BB F G A 4% L 5 I 1) G B i ARIAH DG S
. BT T P R A REAE AL T S S RO E
T IS (] 31 35 C FRORAH AR BE . SR T . 5 G 1) 45 4 3¢
WE N AR DG T B B T g B AN A e — R e . R
W F 2R 17 5 Bk — A5 153k B F 5 A s e, LUAE 3K 9 )
B ST . 50 2 T 245 1) i 1 -5 M S A e — A ol 0000 28
TIET —ANETF

LT 36 VE P 2 0 5% 1) A T BR BT T B 0 L 3 05
ol 2 090 225 A1 HL A A T LW I AR S HEAT A, M 7E L TR 55
Fgrp, H P Y6 T s AR P S AR Y B 0 T 25 5 e
SEAT b, B R R S8R A RNIN R BOR P i ) B8 7 s A
57 . RIB BT HI Beacon £ B #R A FH T 91 19 )% 31 ¢ & i
s (B WAL 1) #E 7 B R W) . RIB A5 A4 3 2 )3 3] o
B LA 5 19 56 220k B0 ¥ 50 wh 19 R — 43U H . T Beacon
LR P 2R B — R 9006 77 4E R i A H AR 2 B0 )

R T T — 70— 5, B schr bR B 5 55, 1 2
AE RS F RS . BN, SR T — 1 T4 5 RIB B R 2 4
HEXANEF BT — 0 1 Beacon A5 5 25 K 4 24 i 5 7
HR ) 2 R T R — W g B R T 0 S — T A R AT
Do FE T AP S IO 205 1) i B R 5 B TR AL R T
O3 BT EE AR LU AT F 22 00 A5 1) T 8 U 1 0 I 4 A i 7
AR AT LA 38 s B A I 1] AL, e L AT e DK A5 o R
2 F% 300 U1 2 0 0% %) A R Sk 4 A i 300 T 1 AR
U o SR 3o VA M 22 TN 0% A I 2 bk 2 o O B I T B R i 2
[*) R, T L ] A0 o 7 19X 45 J A 1% 346 Jom 72 45 ke it B 8, s 3
T ] A D A 2 ) 2% 2 A K 2 T 5 ASUIE BT AN AR E L AT
LA FE AN [R] 0 84T R B3O 22 fige o [

3.2 ETHRHBENENEERR

2 FH 22 M 2% (Convolutional Neural Network) & — 28 A1
FHEBOTA L RRRES WA 2 M %, ETERmMa
DO £6% 119 4k 7 72 5 SR A BCHE rb R ROV AE TR RRRAE , n 4@
BG40 45 R 45 49 AL B0 RO RRAE . 1, Wang 48007 2 H
T —F AN CNN ER I3 2 R 555 Zheng 550 F) JH
AFEATI CNN AT i6 o 48 B A5 8. LR BOH P R R
H) TS TERRATE

TE A B 20 I 45 B HL AR Ay TG SRR 45 BRI 45 (A-CNIND
M VGGNetl6 B K i B F 4 Fp A B, Ma 265V 42 1
CoA-CAMN A1, Q38 YA R0 12888 L 3l 73 VGG-Netl6 2
B E RN A 5SS AR e 8 4
H 3 AL 1A BRI VGG-Net16 e 2 B
R R 9 R BL G 44 8 HE SCORNG 7 7 sl ) R 5 55 2 4%
i FF 9 SC 20 A 9% oF 2 R #fE 3¢, #F LSTM b 48 A 36 [/ 1 & 4L
il s S 32 HUSCA {5 LAY B 80 40 A SR e A5 L 58 3 A
ST TR0 T 5 2 R B P 0 I s 2 A B A
28 S T AL O 2 v T 04 R T S R R

fE4E 3T CNN A9l B R0 R ] B M 45 & T SCAR 4
AIE [m] i R PELGORRAE  (ELR T B 04SSR A 3 SO N 25 R AL
5 UG B SCAR (¥ — /INER 43 Y 25 400G, TR fe T 2R & %R ETR
AL P R IER B T . CoA-CAMN 454 7 —Fh it &
ML A Ab 30 3 SC 00 SC AR BRI 15 8L, B A 7R T L) 56 7 #E
SC IR R SCAR A L 4, X LT T A3k R 2 A
SCI 5E H A SO, AT UK R N R Bl B AR Ok 3R 43 R AR
WAER .

Tang 5P HEH T Caser 945 FBUTF 3 A AL 1% 07 148
BET — A5 — 19 W 45 4580, 25 A B A & W 45 CNN k2=
T 4 iE -4 FH P A TN T B8 LFM 3 2 > FH P 45 2 4R 4
Caser #ERI Y 3 AR50 4L« ik A A5 4R )2 36 BUZ M58 & 18 1%
o WA HR 2 A B IR P A Y A HE SR I, IR
e A B4 25 I 45 PO Rl BRI AE 23 1) R A S ARAE . B RUR
T A5 20 A M SR S A AE B o 3 4 R B A U2
Fy L IR BT R R B — A e N ARG E 5
FRAL B T 5T (9 A7 A S ASE Ay e I Vs 7 4 8 5 = 3T I A
KZ B R, Caser BLREE AT LLHEAT 57 & 51 IR 5%
SCRT AR - 22 e R -3 22 TR A A O L R —



KBRS AT R G AR R

TR Top-N HEFE R P %,

Li AR THE T — b 3 40 22 )7 31 04 il #E B AL — RNS
R, LR P PE e AT WO . RNS BB fd B A-CNN 2k
PRI PP 0 v E B R I O A A A LA B A Y )
TR b o B SR I8 43 50 8 B P SCRY A B SCRY L K A
A A BT 8 5 AR U5 R 43 2 OG T T R AL R 3R A P F
FIAE A 2L T % (0 R 1) 22 38 38 45 B AR 3F 17 Re AF 2
B B 5 o T PR 7 30 A5 12 4 B %) s ) L 15 8 22 05 B
B4 K 300 i 4o 0 30 s ) O G AR 45 L DASRAS IR A R IR R
TR T — T

T IR B 2 > 5 AR fe 1 58 I 7 R — 2 I B
W AR AT LA AE S 1) A I T 25 3R Iy sk 3 H T AS [R) /9 AL
&L LR EIEE A H . RNS B8R QB 2 Ab 78 + 3 17 0T
HEAE I W) B 2R 2 8 T P 0 A5 R . R 2 —
Al S5 R o 22 ] T G FR R Bl A b I ARUR P X I 6 AR AT
JEEAHM T PR E R . %8 B R TR HE 77 4 b A
F I SCAR P18 2 3R BB LR RET

F T BB 4 W4 0 BOR R T AL S R 5 A
AfE BRI M, CNN AT EE NEEE NE R F
B PR A B R 0 HE TR 2R G TT LAZ ) P R 7 SR A
BB E R 5 5 DL T 2 R . BR T IRIAES
PR S B R TR, BT SR A M W R &%
R B BT R 2, IUF A A D R AR EE AR
LT BT S G R — A A IR R Y R
M, Caser AU H RNS BB H 5 8 T 3X — i, Caser LAY
2 B ST AL A B [ R A S ) L B — R A A S —
AR AR G R DE 28 2 TP A 30 . RNS AL 40, [7]
FERIF T F P47 R T AT R A2 5 B8 A5 2 > e A 5
T2 K0 P I sk ) S g 5 0 5 390 R P 1% 1A O 4 il 5 1647
WeAE . RS T 5 R 22 190 4 0 77 2R 5 th 77 e — e ol 45
D e 75 B S 0F AW R, B W% 280K
Zuf R R AR E BN SR SRS MR AR NS
WOl B TSR FHH B T R B i A AR I R 25 BT R 3
Fe/ME 18] B85 2) RNN 78 4152 7 48 b 42 IO B8 A2 1E 2 h 4
P A BB SUAS REAS B AR g 1 firt
3.3 ET4ERAMIMENBEERA

A 12T P M 2% (Generative Adversarial Networks) J& —
T VR JBE 2 SR 2 X 4% A 58 T A A5 e - B 2 R i ) 4% 2
S AEF DL R T 0 00 5B R 45 ST R RY 3 T AR Rk B
2 0 T A 2R 0 T o A R ) AR R A S P B I s B
it HEF S HT £ AN P RS Y 30T 5 B T AR R AR R B vk A
Deepwalk s Node2vec s Metapa-th2vec 25 ; 3 ) 51 =X (14 455 78
%4 DNGR,SDNE, Ppne % .

Wang ZF4R I T IRGAN B8, fl TE B KR, %
RIS T GAN rh Az U245 A0 ) 590 2% A0 BT BT % AR B AR AL
G B A 0 ) 1) A B AR R 4 — B — A HE SR b, 3R A SR Ak 2
3ok A . IRGAN A58 R 7 5 3 A 3G 1) SRS #4 Bl 3K
0% I6 3% AR B AS T SRS AR A A B0 S I 25 )
o 1 fo /MBI B BE 0, DT 58 B — tk X Bt . %A A Gl i &2 1K

X e ke AN W I 2 B 0

IRGAN AT LLF WA 5 - 1 7 340 31 S A0 o 5] A S
ARG BREAE B INAT O R AR AR, 8T B R R 2) 78 A ik
R RY e AR A A kS Y (1 4 3 3 B Sl 4 ) A SRR AR 1 £ 6
PERRRE . B R A RO R AP . IRGAN #8077 7
Bk B g, A R AR A A A G R R SCRY 2 8] AE 7R TR 1Y
Az AT R R S 7E T AR A H A A G 1945 B a5 SO
B ORI L SCRY RN SO 22 T f PN IR R A 5 R, ) R R AR
T[] At o4 4G 2R R SCRY A R R AIE T 2 7] =2 1] 8 S, TR e
SUTE T8 Z RO AR 7 vk

Wu S5 GAN # 8 T — A3 14 e 7 5 B— PD-
GAN, LUK I 45 R 00 2 RE 1 0 bl A I 4% (AR BL#R ) AN
FIMM 4 CEMBOMETEFAN. MREERKEPHZ
FL AT H A AT E 250 0 A A AN F P D s A
5 4 A BOAR [/ 26 30 F (93 B . PD-GAN (¥ B (% 2 A4 A%
T e A BE 2B A0 SOMT B AR OG I 4 000, R 1) A= B 25 8 26 T8
Ik A R 43 i DA T AT I B R DG L R U5 R AR DG M 43 S T
Jek 3 DPP BEEIAH 45 4. PD-GAN (% % 5] 2% ik [ X 4 4E
B A BT A BT, 8 5 X H R ST A AR BE RS A R — L
[FEHA LRI H . PD-GAN B4 Bl 48 Rkl T DPP #8552
SRR I By — B B O, IR 25 6 A P I A M Al DR 4 2 B
Wk 22 B Ak UM 56 W 7

5 IRGAN BB 14, PD-GAN BB 45 R T A £
FEME . PD-GAN A58 [ i 25 58 1 W5 A O 1o A A %A~ R 350 B
A - s LA A A6 — 4100 B (05 47, 70 AR R 3 1 45 SR AR DG 4
B TR B SO E T 77 B9 Z RE M. PD-GAN 455 80 7 55 1B k9 3%
MR 5 R P V7 A1) 26 5 T R ¥ T HEAE M . LT 4 R
ST I 465 1) 1 R S — PR X4 R A Xk B
W 2% ELAT 35 47 B 8] 80 L W] DL 7™ A O A 0 R AR L A B AR
RIS TS RO 2R . IR RS RN 2
FEAL T LUEY™ R P 05 F08S B 7E 46 IR 45 SR AL R R R P 19
TEE M 235 5 T R4 AR R L R R A RS R 4
Rad T A AR BT A U B 2550 B w0 2B
e RGP BEE X GAN BT B BT 5T . 20 Bk £ 1Y
AH AR TR H B

4 HfpiEFHEA

4.1 BEFRBUFINEERR

5k 2 2] (Reinforcement Learning) f& 5 i /& (agent) 7E
54N 28 H G B R W s ) I R e R R B R, T
SR A S B HERE FR G0 T BEAT B A5 O HERE BV SE i S 22 R
REHERESR MG . 130 Wang S50 $2 7 38 F [0] 9+ 22 W9 4%
FO W 3 Ak 2 3T BB SRL-RNIN, 3K iF AT 4 1 46 25 ) #ff 72 5
Zhao PR W T — B 3k T £ BE AR 10 2E 3 TR BE BE 7
WL BEE A AR AN R 3 S =2 R 09 0T A O M, DA i AT 2R A
HETE

Zhao %R T DEERS #2593 F) F 38 fk 2% > & th 2%
S E LR . IZABTRLIA g P 0 IR A AN AN A
BT BT A Y TR IR, 28 R AL f (kD T, ERAEsT R A



52

Computer Science THEMLEL2:  Vol. 47,No. 7, July 2020

F 2 B SE A B T S ORES s RN Z AT A (Y
Y yg) . HARYEH P sk AT R« A
B PG T 50 I8 GRU b B AN 5 51 b i 4 L
Je it i DQN BT Q (A

1% G2 10 4 2 R T i 4 o AR A S o AR L O R
TR RO AT, TR ALK A 0L R AL A T PR agent 2
VB8] P4 BT 32 ., O 58 o e AR P ) T 40 SR AR i ok 45
IR A HEE WG . BRI 2 8h AR R IR A T 9 4T 3l v 4 3R
E /TR, ok PR B HETE 1Y SRS . TR i SR IE
i F Bk AT S R R BRI DA Bl AR AL TR 4 bt B A P O
b o AER  BEAY P B I E Y R R A 2 R O S RE A e
FR LS G DR T I A5 BRI ] A HC A B3R R 5 8 1%
HEZE

Zou PRI T FeedRec # AL, 3 1o 38 5 T IR 7T K 3 7
Ok BRI P P A B A, R AT RS R RO TR RE . IR AL i A T
2R AL B0 Q MIZR AT S 2K, Q M 4%t B A A A 2% (W T P AT
.S 2% FORBEALER S5, T Bl Q IO 45 I 0 Bk S s o e Bl ey A
FE MR, AR BN SR Q WA PR IO P K
WA 3 2 A7 0 AE B I 0 T i AR IR AT I AR RS
e LSTM A3 A Q B2 HEAT 2 2 5 d5 Ja K B8 2 b iy 4
e AF] S P g, b H 2 3] HAE % P 0 SN AT A B
B, S ML 1T Q5 rh il B A AN R g o B Y R

FeedRec #5 R A P 7 4 Any Wi 52 < 99 F P 47 o e AiF 1 [
L% G R TR R G0 T R Y R B 3 R B 14T o O
A RN agent, MHZBRLE i LSTM &4 — A P 474
B0 i R Y HEY 5 B AR SR O AT DUBERLE
BRI AT g R AT A TR L A 2 IR Y T AT M 25 )
T .

XF T LS AR 2 2] Oy F2 BRI HE AL, el B
A5 9 IV [ 1) 30 25 A8 A ke 4 AR e A 5 TP 1 i 4 2 e 1Y
PR A P P AN B Bl DEERS #5278 fl FeedRec 57,
53 AN 5] £ B oK fif e iz () 8, DEERS #2745 2o Fi] 7 (19 1E
TR A A A P B SN i % 1T FeedRec #6570 ) 21 2 S
PR AC S P ST O P R . I £
F A BE KT, FeedRec #E B AR FEROR TE4F . H T3 fL % )
EHE R R SR NIEERGEMILARZ IS . g mif
RGN AR 1 0 R LA AN 0 DR AR R A Y SR 1R ke it AT 4R
1 SRR HEFE ST X0 2 T A 45 5 A 5L, W0 A6 T 58 £k 2% ) 1) ¥
T 2R G0 He W6 18 3¢ HL b 2 v AN W7 TR SR WL T LA AT 2 R AR
BB R G W S B d AR B O Ak BRI T AR R A 5 A i
P EhASHERE . JF H P RAT SRR S AR 4 b i o T A%
29 A 2 R v BT A i 0 [ A, R R T R AR A ) i R
RGTEH LW LR IIFA H &, IF B I - 8 RUER ] LA
FAER B ] sl o FEHETE R 8 B T ik A AR
Z ) s E R
4.2 ETRHMMENEFRA

S K {E B M 2% (Heterogeneous Information Network) AJ
VUSE 3o il A 7] 26 20 8 8000 o TP AN () 28 2 A A e 58 1 21
[] —HE 2R v, PAT 0t 2 A e 4 5 28 00 00008 A i 1) % — b I A

AR Bl 2T FHE B W AL ) e s B g
PEELAT P4 46 32 56 TR . B hn Shi 707 428 H — Fp 2 6 2 4
JH P 22 1) 98 7 45 40 )RR A 8 A HE ZE AL B HERec; Yu MY 48
T R HIN ZRHRE P B 2w G AT 9 A 0 i R S
Wang %22 T 3T HIN 09 3 R #E R 48 (HIN-MRS) ;
W SRR KU £ %8 /9 47 s #2877 VC-Recom B4, LL#E
BB Al 3R B 5 38 ry B3 H 55

Hu S50 3 F 1 F SCHY I I8 48 O 22 57 — A = 3l 3 A5 AU
MCRec, %R (user smeta- path »item) = JG 2 8 ¥ o0 #1282
B 35 JF B 52 AR AL P, 5 5 MLP £ )2 BRI PIL Sk X
HEAT4T 43 e )5 SE B8 Top-N HEFE . X PR 7 & BB N5 T ot
PEAR A B SC A RO A A R A ORI AE S DR i e
fig. 4 0P R E Z 0\ 038 B, RATA LU - 3 E A
TR IR . B XA T R B T oA B Som R
FEHE TR R, LhTE A [ B 38 .35 5% AT S 1 2 SR R 1 R
T 1 AT g B L X AR 2 T HIN MBI —E R Bl T
PERESR T . ARAY 0BT H 2 AL TE T W M R AR R T O AR Y
LTRSC LB AT B g A A A R e [ ML et Y
A& H AR AT AT [ % D AR A S [ 0 A 4

Wang % 48 ) T F HIN #9 21 — it A B R HueRec
FTHERE . B R S P it B A B — A5 — B e
ZS () Hp L SRR R T — A i ) 3 1) I A B SR R AR R A 4
5, LU o 2 R M5 B 5 T TR AL R AU A T 7 4 T B8 A2 1Y
TR AF . ARV ] P s H 7E R [ JC 42 N AE e — seJL 6]
FRAE P OH R B T JC % A2 22 TR) B AR L O 2R K 25 R — A JT %
1 b B S B T R R R TR R, R 2 03 F HIN B HE 72 5
RIS R X TC AR TR B P RIS B HEAT B A AR 3 AT RE R 3
{5 SRR HERF R . 1 HueRec #E7F| HOT 12 2
Vi) 719 AF B G 2R K 2% A A4S T B AR b i O W g 1 R G A i)
AT B S A AR R I ROR .

MCRec #fiff Fi] 7T B 48 %0 FH P RO EAT AR A58, (A 3%
RREAY SR TE A T AR TR M P A B SR T B, I ik
2 IER U EKARZ B 06 R L X AT RE S BUE BRI R, T
HueRec #8125 [8 8] 54> F P 8050075 A [7] I8 B AR T A7 78 it 4t
S [FRHAE 08 F ok 8 T A O AR 00 508 ok & 20 B — PR
TiH 1328, Bt HueRec #8804 4fi 32 BOR 6 T MCRec 2
B, ETFWERNSNERE R SERNHEEREMILR
A2 BEAHIMA T HEZ M F 8 =GR IRz
FIME S (A5 2 T S 15 B N 28 B 97 3R G AE A7 RO | T fi
Btk 2 BRI AR, HE,ET HINW T EBRA
R Z W i - DB TR J7 6 h % 2] SR BT MR 1Y U3k
7 3 2 AR /2 B AE TH b oG B AR R K P -IORT 22 (8] B R
A
4.3 ETHMERMEEFERR

Yang SFU 4R H — 4~ 36 F Python 9 JF B AR B fE HE 42
OpenRec, LABCEETE R G0 (10 7T 47 Je vk F3d by o ) R, %A
R 3 AR G 2E N B AR A LA K — BT R A R
By B ST 2 A AR A M A /B T A RE AR AR AL T
R ER G 4 v B ity 2R BRI ML . A AL A R 4 A L —



KBRS AT R G AR R

53

MG IR E N - HE AR,

OpenRec 1R 8 B LU % 58 ) 4k 77 5k B AT B3 9 36
PEFY R AE . OpenRec #E AL f & I P A 9L 7E 3 A 37 5% 19 R
i PR AT LT3 3 2% A it 2 R A g st il i 2e B L &
WEECRIBE R AR . A Y AT R A (A B A T LA B AR B
B R b T R B s, PR R B T LU T TR 5
5 4% 58 (AT BB AN [R] L AR R S A — AL b o, 25 R HfE TR
TR T DR B — R, O i Bk AR A T — R Bl B B

Yi SV T A 48 B 3L IR T 0 45 R MPCN,
T2 A58 T DA o T 4 v 4R R L 1 S H R S
FAR BH AL F I ARG 23 5 RS TP AN H G A 5
Hh e B A B B R 81 O TR 447 D — A SR AT L fi
SR Z A8 5 6 B AR B AT R AR 48 T T B OF e Sk
U2 U R 9 A8 B, A 3 o R BSOS o i R DT
P 7 ZEARAE R

SCHRL47 ] Z0a 48 OIS v Y SC AR BOR SR BUH - 1Y
i 4 » T b SE BB D AN 0 O LB 3 % B 2 S0 B %R L 4% il )
MPRE A BB BE R Z gl af i o (R, SARARRFE .
IZ AR AT 8 b PR O B A5 B A BORAT BT 4R 1. a0, i
BT R3S B BT A S A, OF HA 2RI IR AL A A .
FA T — R 8 A T8 51 B 24 50 5 52 R AL D T
HLLSCH TP I E Z E IR RIS, R R
PP A A PR I A LAR I 45 J< 4ok R0 T J2: LA B iR
PORHAT A E X RRARTH T I PFiE PR A FIE B,

Zhang FEUTHE T AL F 0 A T 09 TR B 2% ST HE 4L DDL,
AT SR — Fh L T RS TR G AR AE L, by PR A 2 R R
BRI AL, AT 8RS R4k EE T DBN i H bR f1 & T CF
B B AR R 3R AT A B0 W A T, IR TSR P AT B e A T
Ve A9 5L T B85 SR A D A A e o DA T 08 AT AR

ZHESL QBT s A T A T OB AR B AR R
VI 24 75 Ay L BH 23 [ iy ARG T A T SR B R ok
B TT 53 A4 i 47, T ¢ e b 6t e 9 77 R B8 80O AR TR A 1)
B AR WA A5 1D A 7E T B 4 1] 9 A 4% 05l 1Y 4
B T A R AR R A G 1% 4 B0 e 4 HE Y 0 B R 8N TR
(142 2% B 5 2) U 25 AL ARk — kil AR i R —, WA T
2SR,

W2 FH A Ok 8 L L R G % K R
5, LR T 2 U0 1Y HEAE 5 AR A 87 1V 2 A B AR 4 B A 2
HEAETIR 40 SCHk 47 145 SCHk (48 THs 48 £ 44 A Fnng 75 1 R
HETHERS D, A BEHR AN RXHEEREAFE M
JEE B 2 ROR R 2 B R R AR FE R G vk X s R
BIMA e R R R,

ARG 2 G e B2 Sy H T 45 T TR R 0 AR A
FAP B G 1) R P R LG R  BEE HEAE RS K
JR AN ] 2 A ) 1 1 R G o A 2 A U, Horh L i
FHABARLRE B2 AR MR 265 I 43 A B R 1 28 I 246 L5 Ak 2 2] R R
F 45 3% 5 R R BIHETE RGO R B IR M. X
HEAE R GE AR [l I I 3 5 b AR AT X H LA L ik 1 FTAl.

1 WEEHEARMNILE
Table 1 Comparison of recommended techniques
ok Rk hE# TR R HR
R Pk ok PEIT REREA PR EALR LN B

BEEFOR  FE #a Mmigizﬁﬁ ERAERANEE B L EARK
bR R B AE B R R AL &,
wams  wakk  wE wemsEm 7 FRRIGHENAREN RELREE

4R
Do A A BT A A 3 B B
. s s P TUH AR E T KR

HERH X F
RHRE  TEE  TREAE  EERE BRRADHT E H R — R REAREE

HRIE WEHERESTEW B 7 &I RO R Y
L B A BRI AN R e D REZ — . EH L HE 7S
RGARG T ZRRE I B F S A ME LR Y, &
2K BT HYDE I U T — 7 B9 R AT SR A A — S 5 B AR
R, LI 3 sl a2 il E W AT SE 07 1 .

(DARBE IR 5 30 M4, RS SER 5 50 W
2% B 25 AT LATE S ) 45008 27 o3 TP B0 7 S B0 . 207 &R
Gl 2 23 B K A [ i A9 B S 40 S A R B A T
SEGER RGN ISR E S RS R ER S
FEPE, AER X TR B0 RO AL B, 1% 5 SR TR P M 4K 2
%77 16 (LA HE R

(DFET A WL . LR DS
T o JE TR AL 2 ) B0 I AR T AT LLAE SR IUT A S
U500 L BV AR A AR AR S AR O o X T e &R
&5, BV IR 2 D P % B A A R R 2 T H R SE R

A I HE A

B FETHAEMERANHEE RS, BAOETHE
P 4 4 $ 75 22 GEAT BRI B4 g T 5 R b B — TR AN T BB I
FT P A S5 o AR 8 S [a] A9 Ak 2 57 4 7 o 4 ) 4 o
BLUNE S AERE G U S BT S . R, 5
T2 R R R BRIz T

2 % X M

[1] YAHYA A M.MD N S,NORWATI M, et al. Improved web
page recommender system based on web usage mining [ C] /
The 3rd International Conference on Computing and Informatics
(ICOCD. 2011:8-9.

MANJULA W, VIVIEN P,NAOMAL D,et al. Selecting a text

similarity measure for a content-based recommender system

[J]. The Electronic Library,2019,37(3):506-527.



54 Computer Science THEMLEL2:  Vol. 47,No. 7, July 2020
[3] SUN X,XU X L,et al. CROA: A Content-Based Recommenda- al Conference on Knowledge Discovery and Data Mining. 2015

(4]

[5]

(6]

(7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

tion Optimization Algorithm for Personalized Knowledge Servi-
ces[ C] // 21st International Conference on High Performance
Computing and Communications. 2019:804-810.

YANIR S,INGRID Z,FABIAN B,et al. Collaborative Inference
of Sentiments from Texts [ C]// The 18th International Confe-
rence. 2010:195-206.

AMIT K J,LIU H M, Ingo F,et al. Information Foraging for
Enhancing Implicit Feedback in Content-based Image Recom-
mendation[ C]// the 11th Forum for Information Retrieval Eva-
luation. 2019 :65-69.

DAVID G,DAVID A N,BRIAN M O,et al. Using coll-
aborative filtering to weave an information tapestry [C]// Com-
munications of the ACM. 1992:61-70.

PAUL R ,NEOPHYTOS L,MITESH S, et al. GroupLens: an
open architecture for collaborative filtering of netnews [C] //
ACM 1994 Conference onComputer Supported Cooperative
Work. 1994 :175-186.

BADRUL M,GEORGE K,JOSEPH A,et al. Item-based collab-
orative filtering recommendation algorithms [C]// The 10th In-
ternational Conferenceon World Wide Web. 2011:285-295.
GREG L, BRENT S, JEREMY Y, et al. Amazon. com Recom-
mendations; Item-to-Item Collaborative Filtering [J]. IEEE In-
ternet Computing,2003,7(1):76-80.

YEHUDA K A. Factorization meets then eighborhood:a multi-
faceted collaborative filtering model [ C]// The 14th International
Conference on Knowledge Discovery and Data Mining. 2008:
426-434.

DANLEL D L,SEBASTIAN S. Learning the parts of objects by
non-negative matrix factorization [C]// Nature. 1999:788-791.
PANR,ZHOU Y H,CAO B.et al. One-class collaborative filte-
ring [C]// The 2008 8th IEEE International Conference on Data
Mining. 2008 :1-25.

RUSLAN S, ANDRIY M, et al. Probabilistic Matrix Factoriza-
tion [ C]// Advances in Neural Information Processing Systems
20.2007.1-8.

MA H,IRWIN K, MICHAEL R L, et al. Learning to Recom-
mend with Social Trust Ensemble[ C]// International Conference
on Research and Development in Information Retrieval. 2009
203-210.

WU X Y,CHEN Q M,LIU H,et al. Collaborative Filtering
Recommendation Algorithm Based on Representation Learning
of Knowledge Graph [J]. Computer Engineering, 2018,44(2):
226-232,263.

DAVID M B,ANDREW Y,et al. Latent Dirichlet Allocation
[C]//Journal of Machine Learning Research. 2003:993-1022.
CHEN C C,ZHENG X L,WANG Y,et al. Capturing Semantic
Correlation for Item Recommendation in Tagging Systems
[C]/ The 13th AAAI Conference on Artificial Intelligence.
2016:108-114.

WANG H, WANG N Y. Collaborative Deep Learning for Rec-
ommender Systems [ C]// The 21th ACM SIGKDD Internation-

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

1235-1244.

WANG C,DAVID M B. Collaborative topic modeling for recom-
mending scientific articles [C]// IEEE Transactions on Pattern
Analysis Andmachine Intelligence. 2011:448-456.

SANJAY P,LIU Y. Collaborative Topic Regression with Social
Matrix Factorization for Recommendation Systems [C] // The
29thInternational Conference on Machine Learning. 2012:1-8.
AYSUN B, BIRGUL K. HybRecSys: Content-based contextual
hybrid venue recommender system[]]. Journal of Information
Science,2019,45(2) :212-226.

VIPUL V,KULKARNI G R. Hybrid Recommender Systems:
Survey and Experiments[C] / The 2012 Digital Information
and Communication Technology and it”s Applications (DICT-
AP).2012:469-473.

CHEN X,XU H T,ZHANG Y F,et al. Sequential recommenda-
tion with user memory networks [C]// The 11th ACM Interna-
tional Conference on Web Search and Data Mining. 2018: 108-
116.

NIU W,JAMES C,LU H K,et al. Neural Personalized Ranking
for Image Recommendation [ C]// the 11th ACM International
Conference on Web Search and Data Mining. 2018:423-431.
BALAZS H, ALEXANDROS K, LINAS B, et al. Session-based
recommendations with recurrent neural networks [CJ// Interna-
tional Conferenceon Learning Representations. 2016:10-15.

YU F,LIU Q.WU S,et al. A dynamic recurrent model for next
basket recommendation [C]// The 39th International ACM SI-
GIR conference on Research and Development in Information
Retrieval. 2016:729-732.

ZHOU M Z,DING Z Y, TANG ] L,et al. Micro Behaviors: A
New Perspectivein Ecommerce Recommender Systems [C] //
The 11th ACM International Conference on Web Search and Da-
ta Mining. 2018:727-735.

DUCT L ,HADY W L ,FANG Y. Correlation-Sensitive Next-
Basket Recommendation [ C] // The 28th International Joint
Conference on Artificial Intelligence. 2019:2808-2814.

WANG S, SUN L,FAN W, et al. An automated CNN recom-
mendation system for image classification tasks [C] // 2017
IEEE International Conference on Multimedia and Expo. 2017
283-288.

ZHENG L, VAHID N,PHILIP S Y,et al. Joint deep modeling
of users and items using reviews for recommendation [C]// The
11thACMInternational Conference on Web Search and Data
Mining. 2017 :425-434.

MA R F,ZHANG Q,WANG J W,et al. Mention Recommenda-
tion for Multimodal Microblog with Cross-attention Memory
Network [C]// The 41st International ACM SIGIR Conference
on Research & Development in Information Retrieval. 2018
195-204.

TANG J X ,WANG K. Personalized Top-N Sequential Recom-

mendation via ConvolutionalSequence Embedding [ C] // 11th



KBRS AT R G AR R

55

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

ACM International Conference on Web Search and Data Min-
ing. 2018:565-573.

LI C L,NIU X C,LUO X Y, et al. A Review-Driven Neural
Model for Sequential Recommendation [C]// The 28th Interna-
tional Joint Conference on Artificial Intelligence Main Track.
2019:2866-2872.

WANG J, YU L T,ZHANG W N, et al. IRGAH: A Minimax
Game for Unifying Generative Information Retrieval Models
[C]// The 40th International ACM SIGIR Conference on Re-
search and Development in Information. 2017 :515-524.

WU Q,LIU Y,MIAO C Y,et al. PD-GAN: Adversarial Learn-
ing for Personalized Diversity-Promoting Recommendation
[C]// The 28th International Joint Conference on Artificial In-
telligence Main track. 2019:3870-3876.

WANG L.ZHANG W,HE X F.,et al. Supervised Reinforcement
Learning with Recurrent Neural Network for Dynamic Treat-
ment Recommendation [C]// 24th ACM SIGKDD International
Conference on Knowledge Discovery &. Data Mining. 2019
2447-2456.

ZHAO X Y,XIA L,YIN D W.et al. Model-Based Reinforce-
ment Learning for Whole-Chain Recommendations [ C] // The
13th ACM International Conference on Web Search and Data
Mining. 2019 :4-8.

ZHAO X Y,ZHANG L,DING Z Y,et al. Recommendations
with Negative Feedback via Pairwise Deep Reinforcement
Learning [ C]// The 24th ACM SIGKDD International Confer-
ence on Knowledge Discovery & Data Mining. 2018:1040-1048.
ZOU L X,XIA L,DING Z Y.et al. Reinforcement Learning to
Optimize Long-term User Engagement in Recommender Sys-
tems [C]// The 25th ACM SIGKDD International Conference
on Knowledge Discovery & Data Mining. 2019:2810-2818.

SHI C,LIU J,ZHUANG F Z, et al. Integrating heterogeneous
information via flexible regularization framework for recommen-
dation [ M]. Knowledgeand Information Systems, 2016: 835-
859.

YU X,REN X,SUN Y Z,et al. Personalized entity recommen-
dation: A heterogeneous information network approach [C] /
The 7th ACM International Conference on Web Search and Data
Mining. 2014 :283-292.

[42]

[43]

[44]

[45]

[46]

[47]

[48]

WANG R R,MA X,JIANG C,et al. Heterogeneous information
network-based music recommendation system in mobile net-
works[ J]. Computer Communications,2020,150(1) ;:429-437.
WU S,LI H F,LIU L,et al. A Venture Capital Recommenda-
tion Algorithm based on Heterogeneous Information Network
[J]. International Journal of Computers Communications &
Control,2020,15(1) :1-8.

HU B B,SHI C. Leveraging Meta-pathbased Context for Top-N
Recommendation with ANeural Co-Attention Model [C]// The
24th ACMSIGKDD International Conference on Knowledge Dis-
covery & Data Mining. 2018:1531-1540.

WANG Z K,LIU HZ.,DU Y P.,et al. Unified Embedding Model
over Heterogeneous Information Network for Personalized Rec-
ommendation [C]// The 28th International Joint Conference on
Artificial Intelligence. 2019:3813-3819.

YANG L Q,EUGENE B,JOSHUA G,et al. OpenRec: A Modu-
lar Framework for Extensible and Adaptable Recommendation
Algorithms [C] // The 11th ACM Conference on Web Search
and Data Mining. 2018:664-672.

YI T,ANH T L. Multi-Pointer Co-Attention Networks for Rec-
ommendation [C]// The 24th ACM SIGKDD International Con-
ference on Knowledge Discovery & Data Mining. 2018: 2309-
2318.

ZHANG Y,YIN H Z,HUANG Z,et al. Discrete Deep Learning
for Fast Content-Aware Recommendation [C]// The 11th ACM

International Conferenceon Web Search and Data Mining. 2018

717-726.

LIU Jun-liang. born in 1996, postgra-
duate. His main research interests in-
clude recommended algorithm and rein-

forcement learning.

LI Xiao-guang,born in 1973, Ph.D, pro-
fessor,is a member of China Computer
Federation. His main research interes-
tings include machine learning and data

mining.



