HRL 2% . 2 B R 50 % . _ N
REBE FREREE 20204 504 5 7H1: 937-956 ¢ ChEFEY Jebit

SCIENTIA SINICA Informationis 7" SCIENCE CHINA PRESS
ﬁfhkiﬂ*gﬂ:h lljé:gﬂﬁ 'l;lzj‘js @SrossMark

E T R ENE R R G R RIL

AN BT, EAREM, FORFIM RHE2 KRR EA2
R B4l AR

P EBEERAR R AR SR, AR 230022

HEAH, Jb5 100085

3. P ERMEBE TR TR E R R R (s AL B E RS, dbs 100190
4. HERHERE K, 65 100049

5. FFRH KL, & 999077

* H{E{E#. E-mail: zhuhengshu@gmail.com, xionghui@gmail.com

N =

Weks B 2019-12-05; #3252 H#: 2020-02-19; F£% Hifi H #3: 2020-07-14

K HARBIFIE S (IHES: 91746301, 71531001, 61836013, U1836206, 61773361) % BT H

WE ®RERASEENAFPEEINEMNELTEREL, B ZRATFNE Web R H, kA
BEHEEFREEMFBENERLR A, URAA Rl LETHERABANIAKE, 8 20 #4
90 FRFMUK, HAAFHNE T EENARTE, #TTAE ZHHR. L5k, RETELAH
FEHETFECNFECRTUARMMBARERATFEN—RI XEHEA, Pl ERE. 4B
o, WELSHEES B, AXHNETHREENEFRAAX —FABHATT 2ENER. BhH, &
EEENBRER GG RE R PN —REABRA. BE, FOANFIA 7 @EE R E LT E
MEWGEFANATHERS. WA, RETHEXN—RIEENRAY®. %G, #RETHETHRE
HEHEERARUNERNERL, FHELT ZABARRNFHRT M.

XA RERE EFERAA, BELE, RREANE, HHA

1 3|5

T#BL%EE%HE’J PR JE, HATEATIEAL T —AME B AR R A, BAT7E 2 523 IR H R 3R AL
FOAR A5 BRI AR €, TRDRE 0 T 2 ) A5 ¥ 1) R R e bRl A ROt I I BN B ATT i 75 L A4
BLIEER, HEHE RGN — R RO R RS BZ M A B TORE R A L E AN FUE )2 0T
Eﬁuﬁﬁm EIE AT AT Xl FOREEE S, AR R R B TRz T BRI S, R
di UL ¥l 2L POI (point of interest) B A1 4 4. HAl, H#H RGERFE NG R ARG D

SRR )1, SRS, EMRR, 55 BT ARERS R Ravt sk, hEEE:: F R, 2020, 500 937-956, doi: 10.1360/
SSI-2019-0274
Qin C, Zhu H S, Zhuang F Z, et al. A survey on knowledge graph-based recommender systems (in Chinese). Sci Sin
Inform, 2020, 50: 937-956, doi: 10.1360/SSI-2019-0274

© 2020 (PERZE) it www.scichina.com infocn.scichina.com



Z 55 He TR B T R ST AL LRid

1 (MEMFEE) — P ETURREEENHEETS (BREMREABEEHN)

Figure 1 (Color online) An illustration of explainable knowledge graph-based recommendation

PHIEE BRI A 0, FHORAIEHER 55055 K J8 LA B IR SRR, 9 B 2 MR 2% KL 7R 55
(Y&E « Amazon. eBay 55) fIZ K (MovieLens I) S5 Mk .

MEACHES FE R R RO, HEZEW LI 3 28, IR T N AENHERE R, T HhE
LR A HERE AR G HERE B0E L b PRI 8 D7 vk asas ) FH FH P I3 S BROAT 9 i A 0 e A
HAR T BRIty 681 S M7k (R A AE T AN T3 BESRALLEE T P 2 RO SR S X 20 i AT B %
PARFAESR IS B, RS X R W Rl D8 7 V508 W 2 A A L& Y, (HIAR IB AR 2 Fhin) . 40
5 F P R it 22 TR B AT DR 2R SR 3800 1A I8 ) R0 37 P P 50 35 00 it AT HE R I A7 AE 19 JE 20 i
ik, W AT Sk U R AR SR A A A B (S B AHEE & (B0, P S0 @ MERE . A
AT A5 S A ) $E VR G A R GO R DA R L, AT B T S8R O~

SR EIEAE IR A RS — ARG R, IEF K22 T RSB 7T e [2:10,12~15],
SRS — B A5 B g, AL S A <SR B R SRR, WS 7RG
XTI R EY AR, DLADEZ A6 1018 3t Henl LS H P AT N BRI P - )
v X 28 B T SR 116 171 T e T P 5 i TR TE I Bk 1) R B OG R, 478 T L P 59 22 L3
P, DRI ] DASE gk — s R ROR. JI 46, T AR S R HESE 7 V2 o i vl e BT R a4t 1
— e I S 18~200 N B 1 B, R R B R s A G B AR B AE B, AT DAHEIA A
AT AR R B AR AR - o R Y S CRCERAE N ) T R S W v 1) RS O AR Te ROREY . H
0, 22ARA S TR R E CEE T — K55 - KIS, #11 DBpedia KGY. AceKG? . Microsoft
Satori®) . B AR E1EY A OwnThink KGV5. H HAE & 7 AR MU, 2= JIsE AW, 2. &
IREE. BRI, RN FEAS R RLFH 37 5 2 T iR S A e R G it 1 78 /2 B8 2 Al

NI, ARSORE T RR B R RGN TV NPT AT REvER LR, Bk, A7
IERBIE 3 BT U AE SR AR G SCFE, MR i TN 732 O~121 R T B4R 1 U v [16:24) g
FEFEANIIANAR. B, BT X HEREY 8 AT (o, B (22210 A 25240 45 FIERAT S (1, ST AHE
A7 12 AT R 10200y AN D5 TN BE AR RS 3 50l AT 010 0. s, AR JRAT T 3 1
R AR R GEX — U B g s th— SRR R R T7 I i R 8. 9 Ay g sh A O HERE RGBT
i o) T e RS, PRI AN, IXORSCE 5 1 R JE T AR EE A @ RA LSRR, EA
DRSS T IR B N AT 78 TAE, A4 1 ARSRAH S 7T )7 0] i) e 22

AR 2 AT EAH R TOE 5, ARG R RS MR BRERE AN, 56 3 T R G0
T 3 S5 75 TR AR AR R T AR S R HERE R G AR G 78 AR, 55 4 5K AR 7 1H
X B TR B O HERE R G AR T TAE AT R B S5 50 5 190 @S0k 47 sl 4.

1) https://wiki.dbpedia.org/.

2) https://www.acemap.info/app/AceKG /.

3) https://searchengineland.com,/library /bing /bing-satori.

4) https://kgopen.baidu.com/index.
5) https://github.com/ownthink/KnowledgeGraphData.
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2 MRE=

FEIR AT T HIR BT A R GE 2, B e X HERE R S8 IR RS A I SR BEAT A 4. B
JE A AR ) — LIRS, JF DR E AR R AR TR Tk S8 H A R B . f5eJm i 18 i
T B HER: R S8 BBl

2.1 HWERS

R G X — ARSE 1994 4FB Resnick 55 25 5N 5, BB RN 1 — MRS BSL B ST ),
a2 PR TR DAL IO . HEE RGW EZH R (user) M H AT BEBOSER )Y
fn (item) B, anps i (0L #riE B1L POT (point of interest) Bl @ 4, &0k PO FHUNH 20 & #EFE
R E LB IS GRS U, WS V, IFH Ry B U XY V; SR,
R € RIVIXIVI GG e B s AR W MovieLens 11, R; ; #i Al AR i XFHISE § (04T 4. Bl JS3RATE
X—NBHEE f U x V — R, WHER RGP0 TR H RS EAEE — D U, AR S0
PR K Vi, BRI

VU, €U, V,=argmaxf(U;,V;). (1)
VeV
PRSI (U] A (V] SRR, I R SRR BT 77, SRR b
{2, RRATATLLBINNG R AVESCRE, LA TFICHED RS K T HOR DA,

H AT, JATE TR RGP MR RIS N 3 28, B T AR RIMEESIEL . TV E i s
HER SR AR G vk ),

o ETARMMERE BT BT NERMERFILE T —MEAKRE: AP 5hE s
XL P AR A ity Pl T S P S S I R OR RAS (FT 0 AR FIER Rt (1
B s AR KIS 5 T A ) AR BARE , 2 IRARALLRE RO/ INHEFP BIHERE R 71U 3R I LT A
F G (A A2 | M PR R AN 3 55 R R A R AR A HE R O 5 SR e b, e vT DU A 26 T Gk A L% o
ITIEMN P S s s T A S ST R P s, B AR AU IS, 2T R HERE
R B R AE TR LR POE v JR s R, A2 RO RRG R Bismi; HERE 45 R AR I T R
Y. FR S TE T 75 B R (R AR AL E A B PR FARFAE, 75 W) 23 7™ d s e HEFE 45 s B = 2, HE
AR 5 B A B MR R AR B i e FE AR AL B0 P 74 )5 3 1 .

o ETiHEIIEAVEFRIE. J T R UE AR 202 H Al N fe o 40 U7 ik, FEA A
APyt P S S A, F2 8 P A AR B BOAR OGHRYE, Ak T AT . B, X RTTVERT L
Weor oy 3 38 FeTH P IR « BT (e AN TR R4 (281, ST F P i B R i g v ik
FAERBE < AT REE XS AR - S R e Gl P S s sl s S P TR AR AURE, R
SFORHACLER) FH P 6 400 it 6 S s, SR FRTINGS 2 F P B S e 0, DR EAT HERE . X SR T5 V0 2 A0 i A T 2
TF 7R B 5B MERREFZ I, Sa e TR SRR R E LY, SFRRCREUR, Jf B
BV JR Bl L TG T R E TR S A T N B RO SR RO R AL, AR T AR )
vin D13 S S5 R AR SR T i TRDRR AU A R A Tk BT 5, R AW S i 46 SR AR A EE T P 2
IR Z, BT 2T b R g S, SR Dol B ATt 5L, T8 I SRR 58 i, Lk st I & oA
AN BT AR AR I R BT B0 s . i T K B R DB DT R N TR T
P iy ) 3988 5 9 O T W ) i A i e DA K B ol [l RIS 485 R il AL HLa 5 J s a1
BLas 2 ORI B — DTN f, AT AT PASE IR BOINAT 2 - 5 e — W i 5 47
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o SRAMWFEL PO AR RE S MIERBORES, AT EARGRAMGR . iR G750
FETR] IR S5 RN L DD R G, A FREERIRIRAEAL G, B2 2 BRI Frmidg Ao
JERIR . e, B AR G HERE RGN U [ JEAERE U 5 A HERE T ik &, T A o
BRGS0, e Ah, RA TR RGO I AE T AT LB O R R HO R 1 € AR, AT
B RO A B A5 B 140, Konstas 45 B F 3 R Wk Last. FM OREA I F2 Z A AJ4EAL
P25 B T — AR ST RS Wang 55 B lld 5INARERER ARG R, I HEN A
Z AP AEFIR IR, TR 1 — MR R 5T RGBS HEE R 4L

2.2 HREE

SRS — B AR, SR 5l Google A4 H, HMLETRIHE R 51 1 R &, 1
SEAT P AR R RS B2 R A T — AN R R SR S SR 2 TR DR R I A5 AL 2%, TT
FBRACHA . FRARDLIC UL G0 T R A TE S 2. B2 TR R B A 1) KR R, L
P 0 52 M52 3 50 R 25 A R, 7 5 (210, 12140 9 i 2 5340 SO
B 1991 4.

SR B DL = e R AR S KOG R, IR R IR N G = (B, R, S), Heth E = {E4, E»,
) FORFNRERE R A MR EARE S R = {R1, Ra, ...} FoRMIRENEFH AR RNES; S =
{81,82,...},8 C Ex S x E R = mAES, B— A =Judl S; #H— L3k, XA
M. BN =764 (Donald Trump, president_of, America) &7~ “Donald Trump” #& “America” 148,
Hrp Donald Trump A2 kS24K, America & B SE4A, president_of & E I R AR, R KK =
T A AT DS BB TER A AR SR TR () 96 2R, ] DAAE A IR SR S8 14, 40 (Donald Trump,
born_in, New York) Al (Donald Trump, nationality, America) #5544 Donald Trump PPN, BI H
A AN E FE, X R SR W AR SR . hAh, 7R E 5T AR S I A B S BB S L, &
I A 5 S AN A RN B 4 A (1) = o4 AR B L i TR R KT Y e 26, ATk — 5 g A
WA PE B0 3R 1 BT~481 I T 540 I A iR %, Hh & 41 YAGO KG B7l) DBpedia
KG %8 Freebase KG [ I OwnThink KG7%%i8 H %1IR K E, tF W1 WordNet 401, UMLS KG¥,
Douban’s movie KG?F1 MusicBrainz' 554 g 4903 (1) AR B 3. 3 45 e A3 T 110 J6n 3 P i 1 A 4
A EIE A R B SR R A SR AN DG R A, AR EEE AR R AU, iR G HEE RS
& R ET R, RORMR S T Dk FAE AR SR BN, FE R BAS [F ik .

2.3 AftARRAMREEEHEERS T

BT RN B B HERE 2R G0 AR S FUAL T LA R e JR G, A dife A ) LA () K BT T A
SIGKDD [10-17:2L.44,45] " GIGIR [12:46] WWW [2:47~511 JCDM P2 il CIKM P31 28T gl il LRk T
MR IIBT T AR, EBAVTFIRIRAA GHIX A R EOR Z AT, AR A 0o ZERE AR FL N RR I AR 47 2R 5
FIZhHL.

O, AR RGEOR, JoHRE T W R e I HERE Tk — B A — L™ IR 1 v &, B4
— W B AE LB M [ R Y 5 By i R, 2 3 S A 4 SRS (28, R SR PRI 2 KR Sk

6) http://www.last.fm.

7) https://www.ownthink.com/.

8) https://www.nlm.nih.gov/research/umls/index.html.

9) http://openkg.cn/dataset/douban-movie-kg.
10) https://musicbrainz.org/.
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Table 1 A summary of common knowledge graphs

Name Organization Data source Domain  Is open-source
YAGO KG [37] Max Planck Institute WordNet, Wikipedia General Yes
DBpedia KG [38] DBpedia Association Wikipedia, Expert knowledge  General Yes
Freebase KG [39] Google Wikipedia General Yes
NELL KG 41 Carnegie Mellon University Web data General Yes
Wikidata [42] Wikimedia Deutschland Wikipedia, Freebase General Yes
Google’s Knowledge Graph Google Freebase, Web data General Yes
Microsoft Satori Microsoft Web data General No
Baidu’s Knowledge Graph Baidu Web data General No
OwnThink KG OwnThink Web data General Yes
CN-DBpedia [43] Fudan University Chinese encyclopedia website General Yes
WordNet [40] Princeton University Expert knowledge Linguistics Yes
UMLS KG National Library of Medicine Medical literature Medical Yes
Douban’s movie KG Zhejiang University Douban data Movie Yes
MusicBrainz MetaBrainz Foundation Web data Music Yes
Star .
User A e&%&@
S ¢ /
~
Like Q

User B

2 (MEMREE) — M ETHREENFOESMEEEEFETONARS (BREMREAEERR)

Figure 2 (Color online) An illustration of leveraging knowledge graph based heterogeneous information network (HIN)
in recommender system

PR SEAR 2 T8 2% R A5 2., IXRT AR — oA Rl B A5 J2 32 F P A s it SR T34 SR
HERRRESE UL G2 fift ok b T A D a8 1 P, B JEUA Sl BRI RA R T (H H T
*&Wi» FEATHIAZTAS S, BATMKIH AT BLIE L P 5 A ) s R AT QI I LR JZ I R B 7 vl

DR . B AR, — LEHF 7T I8 10 R I o (0 SEAR RN O FR HEAT SRAE, HE TR 0 B 2 0

Xﬁ “)\@HE?&% LRI R b, AT B THERE RGTRRCR 2101222041 530k —BERJ 5 3%
Lﬁ“%%mﬂ@%%ﬂﬁﬁﬁ‘]ﬁﬂ)ﬂ - %%E‘JTFL%&?E*@EE*’[‘EE? B R MR &, F P24 B P 20
ISR B AR, SRTHERERICR 14 19:200 8] 2 JRoR 1 IXAE — AN S5 D1 S5 19X 2% L 80 P B4 737 55 T )
A, FATATEAR I A B2 O H S RO 11 3 /T\E%ﬁ“ PARlpe

o (I A, B, (BEFAEND )ACCRFAEND , TR, B - R E)AER - IS, T35, (H
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*2 —MEXNEBERR

Table 2 A lookup table for relevant publications

Category Year Ref.
Before 2018 10,62, 63]
Embedding-based methods 2018 [2,11~13,22,52,64~67]
2019 [44,47~51,61, 68~73)
Before 2018 16,21, 53]
Path-based methods 2018 [18]
2019 [14,19,20,45,74]

BT RO ) )= (P A, BXR, R Te i Ros:) )

o (I A, B, (AN )ACCORFEEND , S, TOMEF - RS A GRS - L
8, E, CBHTRP) )A(CGEHIE RS, s, (HHEREED )=l A, B3, (HHTH
o) )

o (A A, B, GRFLEND ACCREFAEN) , FBE, TR - R A OMEs - BHTR L
8, T, GEHERA)ACCGEHE R, #E3%, 7 B)AJH B, XK, (H H 08 )= (1
FUA, B, (HH TR )

PRI, FRATTAT LA T AR OC R L4 CH AR SO HRBE ) 28T AL SRR R 15 B I 4%
A DA B2 K R AR R MBI~ IR IR R, Ml R B AR R 5 1% 5 3 17 L.

BEAR, AR A 2 AT R AR RGO 3 BA~sl TR M A H RS P B
HAEFE W B (RO AR, 28 R HERE 1) SR R EAS T P B 2 BE AR R G A 4 2 O SRR 4R . F T A IS th
FEFE 1) S A 2 45 P RO AR BE A S B BT, JF HLE 5 1M 1 P S A A P i 58590 il
TEAE N ARH 7% 5 BRI A1 5 R0 VR 2 AT AT BAEATTRE FH P W0t Z RIS 5 BR A SCIBG, AT mT AR B3
TR AT AR AT AR G, LS| T RTS8 ATz SR (14,19, 20,600,

3 ETHRENENEERSE: BEASNA

ATE S BT AR AR SRR 3K, IF R o A3 — IR R SO B,
AT EE A FIR BTG AR R GRS F B 7 S AT I8, JFIR98 T AR L 37 54 2 2R 45

3.1 ETHREEREFEED XL

HEAARAE, DA BOEE T SR G A2 20T LA 23 w2 1O 048 FET-HRN K772 (embedding-
based methods) 3T EEAENI 7L (path-based methods). A T8 T 338 % CHk 09 &), 7&
25 [2,10~14,16,18~22,44,45,47~53,61~74] th FRATTI0 A T AR fRIAR 2630 5.

3.1.1 ETHAMGE

FEF RN N SRR BT AR HERE 2R 48 (10 5V 2 2Rl I RN (K 750 SEAR RN 5 R BEAT RAL, 3t
T4 78 A 0 AT P R AL SO S A G EET Trans 2890 Y B HR A D5 VR AEE T3 545 2 I
2R RN

o BT Trans RFIBIETERRA T, Trans RIFHRA T 202 EB AL ) — SRR B g s
M RFRATRALMITT %, IXKTTVE H IR SR AN 0 28 WS 3838 485 1) i 25 ) oy, RAFAIRE AN 5
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“\hm o . 2‘]“’:&‘1‘,
“h) . < orh
oo N0
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| > - »
. > N »
Entity space Relation space
(@)

3 (MEMFE) 4 #ERESEEHRNGEREE
Figure 3 (Color online) The motivations of four traditional knowledge graph embedding approaches. (a) TransE;
(b) TransR; (¢) TransH; (d) TransD

7~ FEAFE TransE ), TransH [0 TransR 77! Al TransD 78], 41/ 3 A, 7] DLE HX B 5 VR R
w BRG], TransE /2XKITEMHE 1, HIEARNE R KSR m & v SRRmE » 25 RS
PRI ¢ BREEE AT (h 4 r ~t), KB L1 5% L2 okl «fan. Bikhh, Hag—A 5T i
SRFETT R R e K, B

L(h,r,t) = max(0, dpos — dneg + margin), (2)

Hrfhd=|lh+r—t]| 8 L1 8 L2 JEH. ZH dpos M dneg 70 FARIEFEARFIGREA R =0, Hf HAE
I margin R 1EFREAR S KRR B B — AN E 2. AR TransE 1R MEMR R — X Z 0100, #1U0, TransE J8
RO IEREAS (8 HI S BRI ) | 2850, a1 ) A (CH A8, 38, RIS ), it (H 3
SERIROEE Y 5 (A0 BIFRAE [ B T AT, (HX EAS— 8 56 SEBR RN

N, TransH #7572 H AL FRIXFER) —XF 2 B0 — B G &R, ok Sk sefk n MRS ¢ 1) B2 2
m W, B 5E R T EAR RN AR hy A ey, WIFEIRXANE P EAFAE — D ROREE r R by +raty,
o

hy =h—w}hw,, t;, =t—wrtw,. (3)

TransR WIS BAAF T 1, 100 A [ A9 2 00 5 AN R 05 i, PRl e e st — A o R
M, A5 SLAABUR 215 R 20, UL EFR by + 17 ~

hy = hM,, t,.=tM,. (4)

TransD J#E—2BI 0N TransR AW K 5 N AZ HTSEARRISC R IL R DE, RIBUSHFEREEIE M.y, = rphy +1
I My = rpt] + 1 THE.

FEIEIE Trans R 5B ERER A TT 55 A3 B9 4E . RARMRAEZ 5, AUnT LRISKRY 78 A HEXE &
Girb il P IRAE. 140, Zhang 55 1O {5 H TransR A7 VELE RV G o2 S W0 A 5 S (1 45
FIACHIR, 15 209 dh SR TE SR AN RAE, ITTXS ISR R Ge b AT 2+ I R s sh B b v, 1
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B e; AT TR, BLAMER RIS SIANPD S SO . BUR IR GRAE, 3 — B4 7R 5iE S B i A4S
B ef. HJAMIE pair-wise I

i €5, ()

HFRRNTH P U KRUAHEE o Vv S50 vy B w, RosH P U BT A SRR R & 0
R IR R B — R Y SEEGTE MovieLens A IntentBooks PN 4 A ROtk 73
B TransE 5] NHHR BRG4GB, 7T DA RO SE AR SR 7230k [12] 1, /B TransE
A R P U ) SR AN T R RAE, B — DA A XS 1B AZ M 48 (key-value memory network), &
T H P P s A H A R ORI ) SR AR B T B ERL L B A KRR, AT R R T T HEFE SR, Tang
S A ME A TransR 7330 F I 5228 BLAGE T QBRI SR RAE, JFRI A BVER IbLE] 79 223
ATRTIRASCAN, 1 T B8 A R4 3R 15 - FRRRAE.

UeAh, — SR FEE R P — P I A B S S — A B — AN B 2 ], fE— 2k
HEFRAVE P F Z1IR & (collaborative knowledge graph) (171 2 R —/ME B R A R B SR
R E I PRI R R EATTZ TR A LA, ) NE s D S USCRURTAT 23 S AT A R
W2, Zhang 45 66 FEIXAEI—AME BN B FEET TransE (1 ARG B (1715 s50RI G R AT SRAE,
SR TR T A e AR AR wy TERR ISR ryyy EHIEEES, B d(e; + ryuy, uy), MPTHAY)
AT HERE, A4S BIHER 5158, He 55 109 JE— P %ix /> S o A5 L W 2 B EAT 97 78, 390 17 A P i —
SCJRPEAE T A, Ban ko] AERe AR A AT P 5 @ M B HIIL S &R, 2R J5HI A TransD
JTEAT BRI 5 2] TR 1 P R0 ot P 4 D77 THI K44 )3 30 1) R

TESEBRHERE RGirh, IR 2 it JFAERNREIG hAEAE. BEXIX — ia) @, SCHR [65] A i 4
MR R, WHERE RGBS ER R ) SR (BT OGHK, EEE T TransR X SGAREEAT R AE
J&, IR R X R RE S HERE R G YA G SR AT B S, IS B R AE. Wang 55 21,
B oF 37 [ 7 R P S R AR, BRI TransD X SARBEAT AL 2 J5, P38 6 3 81 SCAR S0 14751
PRI, 256 SR N RAEAN R AT (117 200 N RAEXT 2607 [ 3R T RAE, W4T 1 H7 R HEFE R 5
H i SRR

o T RBEERMERIEIRRNT A, F1RBIERIHY fifil B AR 2R, SO AR RR1E—
Fh S S S 0 2 B, DRl AT DAASE R — 2 S Joia £ S 19 285 PR R R N R 7 92 006) B8] () SRR T O B AT 3R AL
Metapath2Vec (801 J& Hrp (1) —Ff, JLid I o A2 T BT E J7 2003 7 S 2 ] 3T s 40 1 s
A, HFET skip-gram FEAIST AT BT RAE. Yang 25 5271 FIH Metapath2Vec X 411H BT Ay
ROBHATRAE, HEMY AR RGP RAE. SRALE, Palumbo 55 (63 J&F node2vec [BY [ AR, &
TH A 7 545 B 2% B entity2vec J7206 FITR BT b (1) SEARBEAT RAE, N H 2IHERE R G0,

FT Trans R AR ATV LA IR JURR 5 5345 50000 2% & BRI N D7 VA LE B BIHERE R GE
FEAERE — S (1 e, BT 5 3 R TR BT A AR G 2, DR A AT = 2 i Ak B A e il i F b
EATS B N TRNAT S, T HA RS Wang 55 1561 W5 545 I X 4% B o S B 7 4 AR
1) N-hop SEAAY &, it 17— RippleNet 772 I L8 AR TS m (1 R AN RAE B8 H - O RAE, A
TR FH P RO R AE (1 s AR 22 T A7 25 1. hAb, Bl BSR4 1) R (82861 — iz g Sk
R e AL T R R R (R R, A AR AL H AR SHERE R G — B, AT T HEF AR, Wang 55 48]
ZEGRIME G K, BT 7 —F knowledge graph convolutional networks (KGCN), 42 W 2% i ik
XoF S i P PR AN SIEAARCRATE A 21 F R 2 Q0 1 A, R X AR T R b — B PR W SR BT e =
RAE, 1@t 2 E KGON FEARET M) S R e, IEFIH f(ew, en), f : RY x RT — R Tl A
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FUu 5L v RISEEAT N, SCHR (48] X R IR N B IARAL H AR N SEPRIOHETAAT 5%, R HHER:
ROR P B A A% Go AR ETEHR A 5 280 230k [17]) o, fRE A — Db B SRR 1A
AL H R E) R b, B R TransR 75 V200 BB S SR RAE BEAT TN 25, JFHE TR
JIBU R 1 P 2% 831 fR) 77 306 i ) e R P _E AT IE 1) S e RO A S A, ANTATSARAS B P 5 9 )
RAL ey M ey, BIGEETE ele, MTHTIMAIHER SR, BLAN, KA DA BT BB RN 28 AEHER 2
GURITHEAFAEPIA [, e R AR IRAX TS0 2% m 1 s AR AL I 75 22 ] 5 <00 P 80 B X 40 J 4
BEHLIZE I, M PR 5 B 2 BRI e o B AR AR A I, 3 BUR R R A LAWK ). Tai
55 BT g xd EIRMAN R, SR T GraphSW IZRI5E, 3271 T J5A 2 T B PUM 25 B RY R HE 2 OR.
BRI, AR U B 2 AR S5 IR0 07 s R IR AN TR DA F AR5 HEFAAE 55 A RIS il AL, 9] 4 SC
Wk [47,50] LA BIRA SHERAAE 55 O K s B, RG22 ST PMESS

3.1.2 ETERENFGZX

BT BRAR 0 N R0 R B AEHERE RGN ITVE E 2R A2 B TS R P L Wi 2 A 2 FERER &,
BN FRATAESE 2.3 AN SINKIBT, W 1 9 B A AR S A e i AR, wT AR 2
3 ZMA P A BAYS (Y E T RO B, R TR B 1015 B G . hT
WERE ] DUAIHERE R R P — Y0 A8 BAE R R — > 7 {5 B M 4% (heterogeneous information
networks), Kt A] LEHERE R 40 5] AR GL 0T 7 A5 B N 28 AT #2488 B 6% 2 (Meta-path) HIJ7VE.
HARH, 55 o E B g i e

EX1 (FEMZ) —DRBEELEMEE X NMERE G = (V,E), W& m R e 4
¢V — A MBERERBMIN KA o« B — B, KX TERWT R Vi € V AF1E— Mg i1 fige A
o(V;) € A, HHE N B, € E R T —MEEMRAREBIE o(E)) € R.

X BN AR AR |A] > 1 BUE B AECE | B| > 1, IATARIZAME B 4% 9 7 i 5 5
W, X HN T X O 3Rn T BRI MR R B AL B 2R JRATHT AR Ay FoRBIY A, € A FII3K
A € A TAREBRR Ry € R, ORI A R A 3RoR. JUHEAE I 8 XAEAN R BT s 2 B i) —
RINKRFPHIH R — g 4e. HIBbE Lanr.

EX2 GLHR) —ATCHRE P = A T Ay B2 B A BN% G SURER R A,
A, P —MEGRR RiRy - Ry

BlanfEr 1 9, fF/ETTERAE Py = user Bike, movie M) actor Starredin, movie, P, = user Jike,

. DirectedIn~?! StarredIn . RemakedInto DirectedIn ™!
movie actor movie —— _—

StarredIn . like™?! like .
actor ———— movie —— user — movie.

TESCHR [16] H, B R T AR EE MG R A TE U user — item — * — item [FIJCERAE, S8
JE T SCHR [88] TR PathSim TG4t w; B8 e; AN FH - i 2 B RFAEARL:

2X Ry, e X |pe,\,,ej { Pemse; € P"

s(uj,e;|P) =
. J| : ezellpeve:peveep/|+|p€j’\”€j:pej'\”ejepl|’

HA pese,, Peve M pejse, BHNERR € Hoej, e G e M e; § ey ZIARIEAE, P AP 73552 kit
FIREEKAR RiRy - Ry M Ry - -+ Ry AEF @ THE A H - 5905 2 183X — R AEAE A5 2 FH - 16
TP RRAEFE B, 5 J5 R FH R R 0 g B9 7 320068 3 — SR R B R AT 0 g A5 38 B Ao 7 BR AT B RRALE [ B2, AT S
TR [89] BT RIEEVHE AN [F] Ju A% T B F P 50 it 1) BR AR [ B ACRR FR AL 38 R 45 38 4
AFEE R, AESCHR [45] v, VR FH A AR 22 I 2850 B b AN 8] o B A R AR A B A 7 20900 R AR R 4T

. like .
movie Ml P; = user —— movie

(6)
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TRNRAE, B RIS B T e AR 0 F PRI REAE, 456 NeuMF ) (EEM @ HERE R 4. 75300k [21]
i EE R Meta-Graph 77 0% X Meta-path X 57 5 {5 5 W45 AT RAEFEEL. Meta-Graph AH LG
Meta-path H] LAfHi22 57 545 B X 2 0 B S 2 AR AEAS 2., B ansE B 1w, FRATTAT DAA I 2 BT 250 %
7% Py A1 Py AR S SRR, 158 Meta-Graph. 2R, B34 72 X T FH P B0 045 A0 55 FE 1Y)
WEIT, FEBr T — R T T LI 777 Factorization Machine with Group lasso (FMG) K fi
IXANHES 7] 7L

FE L HE T TURR AR 0 72 B AR AT LA AR A P HE R 0CR DL S AT ek, R R AFAESR — B [ in) . 154,
IXETT VAR SR HE R SR 75 5 NEE A dh B, #43& K& Meta-path B{ Meta-Graph, [FIHH I
AR — A B 77 20, IF B S HE I Salon RIS R AR BRI, RS E TS, A, B0 — kR E 1)
e Sy e, a0 I HEF 1) R, LR R0 1) 45 PRk b 2 AN SR O, AT AR ME B4 B e B AR AR G 1Y
Jiik. NI, — ST VEAR A TR AR IR 7 2, T LR S B AE B N () R 5 L TR AR
(18 SCER AR AT Y208, A2 SCHR (18] 1, YEE X EESFAER P w 500 i AL BE SRR AR A R P 22
WX 28 AT S ABE, AATTAS 216 25 1 SRR AR BIRAE, FF HAS AL T2 7R3 2 o B 0 B8RS X%
TR HVRFAE, FFA% P A 1 X 28 TR 37 45 5. e Ak, ZRASTHR [89), 1E& thxh il AR K & & 1
B, HAKEEART — 2 BMERIE AR O v DAR M @ HERE R 48, JF Hod Kk USSR A 1N
TEHZHEAREESAE —ERIMERE. SCHk [14,20] W08 T IRRLPIPE IR 2 0 45 3047 28, AN TR
(R AT 20 Sl B T AR SR HERRAT 25 A0 P FIHEAT 25 vt 1 RPN [B] 5933 = 0L, T B AN R SC%
PERHERF 25 TR, INITER T 1 HEF A 1 A Rk

3.2 ETHREEREFNA DXL

R A BRI R G RO HER: RG] DHZ IR 7 =0 LK, BEE G R 5. FPoetE
1RGSR RS, RN EEMEE T A

3.2.1 {EGHEERS

TG R G ELE E T — WD S TR AR AT RE R 5 P W R SR A, o P 4
1 F AT RO R A T . E L R P OISk, 246K 28 s 0 1wl LACKE 420 it B0 ot (R0 R K S 1k L4
RIS B FIAR B b, WTAIRT 3.0 /N R ATHERE . BERME SE I HERAAE 55, H T4 R 2 Bt 7o
VELEHLRS « B BT R R h POLL FARAIZGYIR 7 RIHEHAE S L. TN TR A I LHER:
1£%¢ﬁﬁﬁ Egﬁ?&%%u%ﬁ\{i%ﬁg*ﬁﬁﬂerﬁ; % 3 [2,10,12~14,16,18~21,44~48,50~53,61~64,66~68,71,72,74,90,91]
T VISR AR IF Hgm 7 AEAR SO 0 R P R R B B HERE AR SE AT SR8 90 IE Y STHR.

o BE. R RAREFTS 2 —, BRI FEELE MovieLens 1 DoubanMovie 7>
e AT, MovieLens ZE A & M MovieLens M3 2 IR R, GFEHEE. AP AT
s Abr A, FURIE AT 0 s 3R, 008 3 M EdESE, Bl MovieLens-100K, MovieLens-1M Al
MovieLens-20M. DoubanMovie #(4i 2@ M i HL2S) FUCERIN, FIREELEE F - VP20 FIbR 240, a4
SR SRR LRI, RN L4 e AR B IR 3, PRI 50 2 ) DL E B A RS 1)
i -5 AR B AT B, I8 TE MovieLens (4 4 78 # {8 F A JF 1) DBpedia 1A KRS B8 802 A
FI A B EE (5140 Microsoft Satori) %f FLEZ#EATILEC, 7£ DoubanMovie #(# Ff# | CN-DBpedia &

11) https://grouplens.org/datasets/movielens/.
12) http://movielens.org.
13) https://movie.douban.com/.
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* 3 —MEXBEENEIAR

Table 3 A lookup table for relevant datasets

Category Data Ref. Category Data Ref.
MovieLens-100K [16,45,90] Amazon Electronics [21]
Product
Movi MovieLens-1M [10,12,13,18,19,44,46,47,50,63,74,91] Amagzon e-commerce [66,67]
ovie
MovieLens-20M [12,20,20,48,61,72,91] Yelp challenge [14,16,18,21,45,46,53,90]
DoubanMovie [52,53,71] POI Dianping-Food [72]
BDbook2014 [19,47] CEM [51]
Book-Crossing [13,44,50,61,72,74,91] Last.FM [12,14,19,45, 46,48, 50, 72]
Book Music
Amazon-Book [12,14,91] NetEase Cloud Music [64]
Intent Book [10] TCM [68]
Medicine

News Bing-News [2,13,50,61] MIMIC-IIT [62]

2 NEWS oo 4 BRMties oo
T1 ump spares turkey named ‘Butter’ with a Thanksgiving pardon.! ! ' Donald Trump: is the 45th and current president of the United State@
US Military Base in Turkey HasUncertain Future. * turkey: is a large bird in the genus Meleagris '

:Extremists attack US Military Base in Somalia. ' Turkcy is a transcontinental country located mainly on ......

Bl 4 (PERRFZE) — D ANFTESCA Pt TSeR R R R 51

Figure 4 (Color online) An illustration of entity linking for news data

i 481 FEATUURS. 7E s b, RN RS FOCT RS AR OCAN FRRHAE (1 dn: 30 . V8 L AR S Y
&) AT LME o B S B R0t 5 B IRAT IR T HE R G BOR.

o EB. EPHEFAL MW WHHER AT S5, HArH H B £ 4 4>, A45 BDbook2014, Book-
Crossing [921'Y) " Amazon-Book'® Al Intent Book 1%, H:A#1 BDbook2014, Book-Crossing 1 Amazon-Book
i’]ﬁﬁﬁFﬁlﬂb&ﬁE’J@l%E’]ﬂ SrEUE, AT LU AR B DBpedia BY Freebase B9 #8345 5 1947 .
Intent Books 42 MUK Bing 8K 518 H & ipad ok i, K H 7 s B 2= 45 44 1947 9V Judte
ARG B AHE, IS5 F1R B Microsoft Satori HH G 147 SCHK.

o L. HrIEHERE T KRR HER S 5, O HE SR T A G i B A R Bl A
R 6 e R, 5 LT [ o PR SCAS 2 18 S FE MR 11, R SR A IR, ani&l 4 s, Ak, 788 H1iR
P TiE 381) 37 [ () 4 37 s rh e ﬁf’ﬁAXﬂL?ﬁﬂliﬁi’fﬁﬁ (95, 941 " DA T 448397 P SCAS Hf () SEAAS SR B Sk, A
BT A IR SR G, AT HEAT J5 SR Bk, X AT 45 R E N A /2 Bing-News 12 B4, v LU
FH—L38 FH 28 AR B i Wikidata (421 FI1 Microsoft Satori 34T SZAR S HE.

o FELTETE AR, B Y st xof 7o ot ) R s T 2 AR T 7 i R 25 2R, TR AN D 038 X A
SRR HER S b AT AR AT 32 B A SR A2 MRS I Amazon  FUCEERY, f14E Amazon Elec-
tronics' O F A LL K Amazon e-commerce 05 HHEEE. FAFH R il B — LEAR SCJR MR RRAIE, Q3K ) A i
JRAE, DL BIR S Ja 1t A [T v (018 U5 SR il B (5 B3R THER 45 .

e POL POI &8 “MHR 1" (point of interest), 142t B FATAT IR S U S S A,
FE b S EFIE T4, HUR T — RREIR O HERE I 5, BUAAE POI R Shil s <% I H 7 1 POI 24

14) http://www2.informatik.uni-freiburg.de/~cziegler/BX/.
15) http://jmcauley.ucsd.edu/data/amazon/.
16) http://jmcauley.ucsd.edu/data/amazon/.
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HI T Ak R0 B . 32 R I HIR 564 Yelp challenge! ™, JLA0 8 I Fond 200 ) POL A PR SR,
BFESCARN B, I8 AE X LE POL W V(S BAE, Ahds. shEl i & . Re b s o015
BEEMEAE POI MAREIE. thAMEA#T 7L /£ Dianping-Food ™2 Al CEM U 2844 4k b #k4T
9.

o BR. HIRMET, FENAKBIEER Last. FM'S), HA G Last. FM 4% KRS Lt
B IR FE WIS T ShBE, IR DUEE AR B Freebase 8% Microsoft Satori XT3 5k AT VL.

o ZHYY). BEE B RELRST AR, ISR W T T AGTR R 25 A AR — B, 3 o0t 7 Pl rPovic
2 Y SEAR S BIAE S A, 7T DU ROBAR THERR 5 R S AR, AT E AR 45 Medical
Information Mart for Intensive Care ITT (MIMIC-TIT) (6] F1 Traditional Chinese Medicine (TCM) [68]
S

3.2.2 FILEERS

DA TG 5%, P SUACHERE R G0 A ROAE T A 3 P B A, AT 2 1 P
SRS ELAS S TR 2 R R R OT) H BT M A T AR T R B (Markov) (AR (97, 98]
FEIAMZE LS recurrent neural network (RNN) 5 Y [99~101] 1 e 7 17 IR 4o 25 W) 2% (1) 75 1 (R L
FERHE B R HE LT A B IS RBOR, BRI VA BN 20 AR P S HERE R G 77 1.

SRR A —Phid (R R B R, IR T Ah 4 B B P B R AT 55 v 112:20.64
Ferp ok [64] Hh, AR — i BB EDWL I B 77 51 N RTR B S 115 UE B 23T RNN 55104k
HEFR SR, AR AT 3.1 NI TR A RN TT 125N SR R 15 U BB R AE T, SR A 1E
JXE RNN BN, B J 1 0 4 i 34T HHE A T SR [12] £1% RNN W28 0k ic 125 K
(8] P B R o L, B0 — T T2 W 4 11020 [y 454, 72 RNIN 2% AR AN 8] 345 (045 LI, e A S0
GFacAZ . SEHTEH TransE 153 1 SLAATE SCRAEE &, AT RGBT 10 JR B REE SUE S )
FIRCR, IWTARAE 7 HEFESE R, STk [20] A 3.1.2 /NI A A EE T B8 42 10 07 7 5N FIR BB 15
B DO TALRGERIHERAT 55, AEEENIN R) 59 ROR) R BR AR I =5 18 1 F 7 D s A2 B i I 1), a4 1745 5
T 2 £ 1) R, e i P VR R A P P A8 T e 47 AT

3.2.3 TWERFEERS

TR R G H R AEHERE Y i 45 T BRI I 25 R HERE RO SRR, AT SR THHERE R G vl 5
P (58590 R PR — AR H R A B R, SN RATEE S 7 o Z IR IR R, P AR
LT R B (R R R R G & 2 W FE A SR 14, 19.20,600 - it 75 5 T IR AR I T R AT R
ARG LRI T BARHERZ 10T, I 5(a) Fras, 38 AR B b SR SCIR 10 Bodle 1 20 i 4T 5K,
FFIE R 5 SEAN R R T SREAT AR PR A 20 M. 14, SCHR [14,20] Bevt AR B3 = Lok o S
LA A ARG 2 TN 0 HEF S5 SR AU, S A ) 2 ek, AT BAGS HH HLHE A 45 R LR HERE IR
L BlInfEE 5(a) 1, XPHI? A SRPE, RGHERE A I RS CF R SO RRRORE ) 15 BT AT e W 2oL Ja
TR (PIH IEAL) |, 88 R IWE RN hER - I5E S AR ORFAEN) . L4, Ma
46 (601 £t —Feh 5L T-RU U U 09 5 48 0 wh 22 I 28 HERE JR 48, L T A % R e R L A g
S 2 0% A, HERTAS 5 B 0 dh [8] B ORHK, JF HURT AR H 5 T R A T R dfiy R 4. I 5(b) 48
TR RGO , TEIERE 5 B JRRUR B USR] T IS EAT D9, FATTRT PAS: S B SR

17) https://www.yelp.com/dataset/challenge.
18) https://grouplens.org/datasets/hetrec-2011/, http://ocelma.net/MusicRecommendationDataset/.
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Figure 5 (Color online) An illustration of two explainable knowledge graph-based recommender system

ORI, ]y i B F-LAG 3 7 A2 S 4 R AR IO DL, I AT RE RN 0l S AR S B ;. L2 i A
RN LML, P AT RE R I 0 SEAR S (0 . i 22 U DA AR = ) B AR L, AT At mT LA &5
B SR AT R T

4 REHAR

T DA RTHE, BATAT LA B AR B AEHER: R GU I R0 S, 7T CAAE B DR AE 7 2
GEP AL AR RS 7 IR Bl LR, TSR THEAE B AERR 1L . HERZ 5 R 2 RV, JF HARS 2 N 21
AFERHER RS, MMEG R R RGBT IIEHERAAE S5, OF BT USSR HERE RGTH W] ke, A
TR — B BATA N RO AR SR I T ] il

4.1 EEEIREE

H AT FRATTHE FC A0 R0 B A R B S, 2 6 — B R) A B B, SR sz be b, R et 2 fa) ()
K B AR, 140, (Bill Clinton, president of, USA) XA =JCAHAVAE 1993~2001 £E 2 8] BT
I JUAE, — 23 L TFaR R R 27 iR U (0 Bl N vk (103, 104) - HLpk iy {3 4n STk [103) H4 IR
1) (hyrt) =JCHEWN (bt [1s,7e]), FH 7o B 7, 23 AIFRIRIX L 5C R A R (A1 8K, Bl 5 d it %)
i AR B Bk, AT LUK VT € [, 7o) XTI (B, r,t) SEHTE SCNIEREARSES D, FHN AT DL T[]
YERE . SR 5 R R P S MREASES Do SCHR [103] 5L TransH (0BAR, FE b+ ~ ¢/, Hrf

B =h, —wrhyw,, =1, —wlirw,, to=t; —witiw,, (7)
=P EpUK R A
L= Z Z Z max(0,d-(z) — d-(y) + margin), (8)

T€[T) zeD} yeD;
RIGEATBE R R S5, b d, = ||RL + ) — ] AN L1 8¢ L2 Ju4L
HET— LE A 5T (105 1061 b Zhy 2 S 1R I 1 1) BT HR N 7 V2508 FH B iRk 4 L RS 3], B 38 1R
i 107) ZEA, MU T AR AT M RCR. B H ATIE AR A0 U S5 A S A FR RS R 7. Fsk b, ZE I
T I R A PP NS I R PR R B O HERE R G, TATAT LAz I sh A FR G I 7772, 2 ST SR B 3)
AR, AT SE A ROt A A R 3L 45 8., BETTSETH A X i AR AL RO 53— 7,
FERT A HESE ZR G000 1) b, A3 (0 W [m) R B e P SEAARLEAS (] s ) 2 AT A [R] 7D I s g %
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779, PR TT CREIXAS B[R] R B B 3k — 028 FEON SIS 1, AITTZ5 &5 sh A RR BN B AR, fe iy
BES

4.2 TEHEEFERS

FE— LT R HOE R S PR ZOR BOm HE R S, s SR HERE . RS HERR 4, L TR
R, DAY AT P S R P 10 L A7 A ) SN . ELEAT (R P M 7 VR A R R AR A SR I L T
IYAFAE RN 18] A v 0 . AE RN 3, G R R A2 T A 55 KR B SR IERAS 21 B0 5 i A 2
W28 [l K, S A BE N 2575 S AR ] Jl A AR AR KR, T X Pl 0 T8 A= el B SR 2R g (s e i, 3
AT BT R IGR. MRS T BRAR R D732 rh, B0t B Sl FOB A oA . G Uit
LUK B 18] AR, TR H R 7R TG 0 — St I R SR B E I HER R, MAEZR Y > ik
(I3 B2 310 1 A paX A i FEURT ASR AT SR, SR 2) BAT UM RF R, B0 45: (1) T BT 2K
P22 SRR, TR, (2) DU AP 1 Bdl AN A B T AR B (3) 22 23T A B AR AT DAR
B I R AR, JRATT AT ARG J LA R e th A 1 8 P B N D 7 12082090 b 3RAT YA 75 47 3¢
BEATY R, DASE N SR P R B A HE R 19 A, FEAoxe SR Fl 1 5 P P 58 L 00 VI R PRI ] AR

BEAN, HRTIHERE SR RS 1, RIVBATE NG RE RGN AEAE B e P i 8 D2 3R, JF
HAEBAT I KR R Ae g, (HIX 5 LR OUEAE AT, MIAESERRg b, B0 i 7RI 55 4, JATAT LA
SN RS — B AT . 0o 5 S 1) S A e &5 & RR S S S AL BA TR 5%, g
RRIIBT TS Z —.

4.3 ETEIBFI

FATE L T 20 R G T LA Dy — A 28 A B ek 5 BB AT TR e 3 20 1 1), (HIK {3
T Cafae 8 T — B (880 FHERE R G0 L — L8407 10 B B0 it B AR5 400 17 T A
o 2 MR AR RIS RS, H AR — 2o T AR IOHER S, (BRI S R R 5 A e
SER— ER AR R R ATA R 20T T 2 A R 2% S0 i I SR [ it (10 1000 3 R A
FIIRHERE R Gt 2] BB A R 24, B 3L X B, G B AR R A IR R SO R
Zx, MIMIRTHEAL A SERRACR, IF o HARHER: R GE N80 A 2 i el L. s b, R R R 24
DU AEAN A BOHERE Z2 48 T A AR KRR, DR R OE 8 2 SRR RE 28 Goxt R B3 b 2 3] 2R R
R 2INIE B0 H AR R Ge, AT L 2D g s RGU v 5 shinl i, SRTHERESE R, IF HorT A
FETH L IERS 25 > BUHERE R 48 b I 0 AT AR A

5 45%RIE

ROV D — il Bh s T DA RO SR THERE RS ROR, HF FLR DR A% St Sk i i 1) 22 o
(e . AR SR o AT £ R W P R VR P ARHE A 2R R AH S8 SCHEAT 1 IR, 5 fi] B0 e A% 3¢ ) 7 B 0%
AFRERERARZ G, X3 T RR B AR R G R0 TR 5 N 50T T R GRS A4,
BRJE 2 T ARIXAETETT FIAFAE R SRS, A BT DU E % U N Fr 82 A R A0
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Abstract Recommender system (RS) targets at providing accurate item recommendations to users with respect
to their preferences; it has been widely employed in various online applications for addressing the problem of
information explosion and improving user experience. In the past decades, while tremendous efforts have been
made in enhancing the performance of RSs, some long-standing challenges, such as data sparsity, cold start, and
result diversity, are unaddressed. Along this line, an emerging research trend is to exploit the rich semantic
information contained in the knowledge graph (KG); it has been proven to be an effective way to enhance the
capability of RSs. To this end, we provide a focused survey on KG-based RS via a holistic perspective of both
technologies and applications. Specifically, firstly, we briefly review the core concepts and classical algorithms
of the RSs and KGs. Secondly, we comprehensively introduce the representative and state-of-the-art works in
this field based on different strategies of exploiting KGs for RSs. Meanwhile, we also summarize some typical
application scenarios of KG-based RSs, for facilitating the hands-on practices of corresponding algorithms. Finally,
we present our opinions on the prospects of KG-based RS and suggest some future research directions in this area.

Keywords knowledge graph, recommender system, collaborative filtering, heterogeneous information network,
graph embedding
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