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

PHEE BRI A 0, FORIEHER 55055 K J8 DL A B R SRR, I B 2 MR 2% KL TR 55
(Y&E « Amazon. eBay 55) fIZ K (MovieLens 5J) S5 Mk .

MEACHES FE R R RO, HEZEW LI 3 28, IR T N ANHERE R BT HhE
LR A HERE AR G HERE B0E L b PRI 8 D7 vk ass ) FH FH P I3 S BROAT 9l A 0 e A
HAR T BRIty 681 S M7k i R AAE T AN T3 BESR AL L T P 2 RO B2 S X 20 i AT B %
PARFAESR IS B, RS X R Rl 1 98 7 V508 W 2 A A & Y, (HHAR IB A AESE 2 Fhin) . 24
5 F P R it 2 TR B AT DR 2R SR 3500 1A IR ) R A0 37 P P 50 3 00 it AT HE I A7 LE 109 JE B0 i .
N, W AT Sk U R AR SR A A A B (S B AR & (B0, [P S0 @ MERE . A
AT A5 S5 ) $E VR G A RGO R DA R L, AT B T S8R O~

SR EIEAE IR A RS — ARG R, IEF K22 T RSB T e (210,121,
SRS — B 5 B g, AL S <SR B A R R, WS 7R RG T
XTI REYE AR, DADEZ A6 R 1018 3 Henl LS H P AT MR MR P - )
v X 28 B T SR 16 171 T e T P 5 i L TR TE I Bk 1) R B OG R, b8 T P 59 22 L3
5, DRI ] DASE gk — P R T RO S 40, T AR S R HERE 7 V2 o i vl e BT R a4t 1
— e i L 18~200 il an B 1 B, R AR B R A G B AR B AE B, FRATAT DAHEIA A
AR R B AR AR - o R Y S CRCERAE N ) T R W v 1) LR O AR T ROREY . H
0, 2ARA S TR TR E CEE T — K55 IR S, #1401 DBpedia KGY. AceKG?) . Microsoft
Satori®) . B BEEIIRE1ED A OwnThink KGV&. H HAE & 7 AR MUK, 2= T AW, 2. &
IREE. PR, RN TFEAS R R 37 55 i T iR B A e R G it 1 78 /2 B Ehd 2 Al

NI, ARSORE T AR B FHERE RGN TV M PITT AT REvER LR, Bk, A7
IERBIE 3 BT U AF SR AR G SC 3, MR i 2T RN 732 O~121 R TR AR 1 U v [16:24) g
FEFEANIANLR. B, BT X HERE Y 5 T8 AT (o, B (22210 A 25240 4R FERAT S (1, ST AHE
A7 U2 AT R 10200y BN 5 TN IE AR RS F 3 5l AT 010 0. S5, RS FRATTX 3 11
R AR RGO — U B A 4s tH— SRR R R T7 I i R B2 9 an iy g sh A O AERE RGBT
i o) T e RS, PRI AN, IR SCE 5 1 R0 R T AR EE @ RA LR, EA
DRSS T I AER ) B N AT 78 TAE, A A 1 ARSRAH S 5T )7 0] i) e 22

AR 2 TR AR TOE 5, OGRS RS MR BRE R AN, 56 3 T R G0
T S S5 77 TR AR AR L T AR S R HERE R G AR ST 78 AR, 55 4 5 AR 7 1H
X TR B R HERE RGN AR T TAE AT R B 558 5 1020k A7 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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FEIR AT T HIR BT A R G2, B e X HERE R S8 AL RS A I SR BEAT A 4. B
JE A RFIR B ) — SRS, JF D ST AR R AR TR Tk S8 H A RIR B . f5eJm i 18 i
R B HER: R S8 BBl

2.1 HWERS

HE#E RG0X — HARAE 1994 EH Resnick 55 25 5N 5, &8 BN T —ANHIR B 1R 58 07 1A,
&2 PRI TN BT 00, RGN EEH KR E A (user) HER FLATHEROS R
i (item) B, anps i (0L #riE B1L POI (point of interest) Bl @ (4, 0% PU FHUNH 20 & #EFE
R E X B W hEMPES U, MRS V, I R, R U XV SRR,
R e RIVXIVI G 4n e s HE# ik MovieLens H1, R; ; BRI U R ¢ XPHLSY 5 BIFT 4. Bl S RATE
XN f:UxV = R, WHEHERG AR RS EESE DM U, 7 2R3 e
T BRI Vi, B

VU, €U, Vi=argmaxf(U;,V;). (1)
VeV
FERSERHERE S (U] M|V BEZAEEARR R, WnvE = M8 SR 7 BT, BERAELR R i b
¢, (B RZFATTAT LRI ) R AR MGG, DR 2R BT T HERE R G0y K 1 AOR Btk

H AT, BATEFBHEAE RGP RN 3 28, o NEET WAL BT R g
HERZ VLR A HERR % DL

o ETRARMFREZE 27, BT ARMHEREFIEE T — MEA B “HATRSERShYEE
M S AR LR ), Fos i @R P S Tl BN RS (T4 RURSE) AIBR R (8
B il WA YRS S FTA Y BORRBLEE, H HEAHALRE B KN B HERE O B2 I HoaT B
I TA) DR 32 o L DR 3R A 37 St PR R S R A HE R O 45 AR bk, 38 mT DUAE P2 TG vt AL 2 2
277 1R N D s s v e AR A 3 P B, B AR SR SR RO TE. ST A B R
VR B AT AT AR OOET v R B R R, AN R RSB IE T 520 HE4E 45 3R SR I 7T AR
PR LR SR T TR B R IRHIE TR & B VE R IE, 75 0 & P SR R 45 R = 2R, 4
g Rax 5P A I SR MRS =S ) it e BEARARL BT ¥ R B 1)

o BT WHEIIEAMEFET IR, J T W) R DB RO S5 H Bl S S e D 46 73, HA P
H i 3 SR S AR, F2 0 P P R A B AR SR IBR A, T AT . HAARHE, X SRTT AT A
Beoyh 3 K JETH P BOHERE - BT IR HERE AN L TR AL R4 1280, e F P (W R o i U R R
TRV < AT e B S AARLU 7 B X S P s SR A S ST R AR ALRE, A ]
FUARACAAR F P o2 it ) B A, SR TS S8 P P R S BB I 0, JFHEAT HE . X 8T R I S0 AAE T
TE T B 5 JE I R Z I, S TAE R SR AR R B LT, SR AR B, JF Ho iy
B P Y% Ja Bl 1) R BT () e (R i 8 U7 5 R T A A I HE R S BOAL R A, AN [RIE T AT A
vits 113 SEABE St 0 B8 S A W it 2 TR ARVABA . AR U T BT B DR S sl SR AR A E P 22
IR 2, AT 2T P i W Rl R 5, S mT U I S A5, e I SRk se ik, FLBk s 2 To kA
ANES L ST AR AL IR R R s 2 . B TR PRI T Ve O T R T P
{1 B [ 3k 90 7 ¥ e T W ) B8 A W AR Rt B bl (] YDt &85 SRy 1) R L3 i g s 0 1) P
BLES 7 S TN R B — DT, DT AT DA SIS PN 35 FE 50 25— 0 it ) - 47
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o SRAMWFEL PO AR RE ZMIER BRI S, W EARGRAMR . RS I 50
FETR] IR S5 RN R L D) R G, AFEERIRIRAEAL G, B22M 2 BRI Frmidg Ao
JERIR . o, B AR G HERE R GUIUREA P [ JEAERE A S A HERE T ik &, T A ok
AR GRS A B0, oAk, RA AR RGO I AE T AT LB O R R O 1 SE AR, AT
HA ROt B B A5 B 140, Konstas 45 B FI 3 R Mk Last. FM ORI F2 Z A9 4EAL
P25 B T — AR ST RS Wang 55 Bl SINARERE R ARG R, = IHEN A
Z AP AEFIR IR, TR T — MEBT R 5T R AR S HEE R 4L

2.2 HREE

SRS — B AR, SR 5l Google A4 H, HMLE T HIHE R 1 1 R i &, 1
SRAT P AR R RS B2 R (A T — AN R R SR S SR R OG R I A AL 2%, AT
W AR S I St TR S S AR LG 2R, B ELIEC I R IR I 3 R 1 RO R e, R
P 0 52 A A 22 5 8 JE S0 AU, 19 2 5 (2010.1200) | g 2 9534) FISCAR Gy
#1991 4.

FR B EH UL = e IR i etk R HOC R, IR RN G = (E, R, S), Kt E = {E4, E»,
) FORFNRERE R A MR EARE S R = (R, Ra, ...} FoRMIRENEH AR RNES; S =
{S1,82,...},8 C Ex Sx E FnRA =mHES, BN =J0d 5; #H—AKSE, KRR
M. BN =764 (Donald Trump, president_of, America) &7~ “Donald Trump” #& “America” H/4t,
Hrp Donald Trump A2k 524K, America & B SE4A, president_of & E I R AR, HHR K =
T A AT DS BB TER A R SR 2 TA) ) 96 R, ] DA IR SR J8 1%, 40 (Donald Trump,
born_in, New York) Al (Donald Trump, nationality, America) iS4 Donald Trump PPN, B H
A AN E FE, IX I R SR WA AR JE . HhAh, 7R E 5T AR S I A RSB S S EL, &
I A 5 S AN A RN B 4 A (1) = o 4 AR B L I TR R KT Y e 2H, ATk — 0 g A
WAL B0 3R 1 BT~481 R T 40 I iR %, b & 41 YAGO KG B7l) DBpedia
KG %8 Freebase KG [ I OwnThink KG7%%i8 H %110 E, tH W1 WordNet 401, UMLS KG¥,
Douban’s movie KG?F1 MusicBrainz') 54 g 45038 (1) AR B 3. 3 845 @ A3 T 119 J6n 3 P A A 4
A EIE A R B SR R A SR AN DG R A, AR ERE R R, iR R G HEE RS
& RIS HAETSR, KRS T DA AR R EE g BN, IF R BIA R ™ .

2.3 AftARRAMREIEEHEE RS T

BT RN B B HERE 2R G0 AR SR FUAL T LA R e R, A Sl A ) LA [8) K BT 7T 3 A
SIGKDD [10-17:2L.:44,45] " GIGIR [12:46], WWW [2:47~511 JCDM P2 il CIKM P31 S8 TR g il Rk T
MR IIBT T AR, EBA VT IRIRAA GHIX A R EOR Z AT, AR e ZERE AR LN RR B AR 47 R 4
IZhHL.

T, AR RGEOR, JOHR T W RS g R HERE Tk — B A — ™ IR i v &, A3
— W B AE LB M [ R ¥ 5 By i R, £ 3 S A 4 SRS (28, R S 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

lee & Star -
—_—
User A &
2
()
& <9

Like

User B

2 (MEMREE) — N ETHREENFOESMEEEREETONARS (BREMREAEERR)

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

PR SEAR 2 T8 2R 2 045 2., IXRT AR OR — oA Rl B A5 2 32 F P A s R oA SR T34 SR
HERRREE UL G2 fift ok BT A DL a8 1 P, B JEUA Sl BRI BA R T (H H T
*&Wi» FEATHIAZ AR S, BATMKIH AT BLIE L P 2 4 ) s MR AT R IBC, I ELIRJZ I R B 7 vl

DR . B AR, — LEHFFE I8 10 R I b (0 SEAR RN O FR HEAT SRAE, HE TR R B o 4 Y

Xﬁ “)\@HE?&% LR R b, AT B THERE RGTRRCR [2:10:12.22.040 - 530k —BERJ 5 3%
Lﬁ“%%ﬂmﬁ@%%ﬂ)ﬁﬁﬁ‘]ﬁﬂ)ﬂ - %%E‘JTFL%&?E*@EE*’[‘EEE BRI, F P24 B P 20
IS B AR, SRTHETERICR 14 19.200 18] 2 JRoR 1 IRAF — AN S5 D1 S5 19X 2% P80 P B4 7 37 55 T )
A, FATATEAR I A B 52 O H e RO 14 3 /T\E%Fﬁ PARIps

o (I A, B, (BEFAEND )ACCRBAEND , TR, BER - R E)AER - B S, T35, (H
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*2 —MMEXNENERR

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]

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

o (I A, B, (AN )ANCCRFEEND , S, TOMEF - RS A GRS - L
8, E, CBHTRP) )A(CGEHIEREL) , g, (HHEREED )=l A, B3, (HHTH
o) )

o (AP A, B, CGRFLEND IACCREFAEN) , FBE, TR - R A OMEs - BHTR L
8, T, GEHEARA)ACCGEHIE R, # =3, P B)AJHF B, BXK, (H H 508D )= (M
FUA, B, (HH TR )

PRI, FRATTAT LA T AR OC R L4 CH AR O HRse ) 28T AL SRR R 15 B I 4%
A DA B3R Z 8 K R AR R AR MBI~ MR BRI R R, MR BURARR 5 1% 5 s 17 L.

BEAR, AR A 2 AT R AT RGO 3 BA~sl TR M A H RS P B
HUAEFE W B (RO AR, 28 R HERE 1) SR R EAS T P B 2 BE AR AR G0 A 4 2 O SRR O 4EE A . F T A B4 th
JEFE 1) SR A 2 A5 D P RO AR BE A S BE BT, JF HLSE 5 T8 1 P S R A7 (P i 58590 il
TEIE N ARH 75 5 BRI A1 B R0 R 2 AT A BAEATTRE FH P W0 Z IRI A S 5 BR A SCIBC, AT mT AR B3
TR TR AR R G, LS| T RTS8 )iz SR (14,19, 20,600,

3 ETHRENENEERSE: BASNA

AT S AR AR AR AR 0 3K, IF R o A3 — B RIR R ST B,
AT EE A FIIR BT AR R SR AN R B 7 ST I8, JFIA98 7 AR L 37 54 2 Hdfa 46

3.1 ETHREEREFEED XL

R, DA BOEE T SR EIE A7 72T LA 23 w2 10 048 FET-HRN K77 (embedding-
based methods) 3T EEAENI 7L (path-based methods). A T8 T 338 % SCHk 09 &), 7E
25 [2,10~14,16,18~22,44,45,47~53,61~74] th FR AT AA T AR fRAR 2630 5.

3.1.1 ETHAMGE

FEF RN N FRAR BT AR HERE 2R 48 (0 5V 32 2R 1 RN (K700 SEAR RN 5 R BEAT RAL, 3t
T4 78 A 0t A P RAE A SUE S A G EE T Trans 2890 O B R A D5 VR AIEE T3 45 2 I
2 RN I

o ET Trans RFIBIETERRA T, Trans RIMHRA T 202 EBUU AL ) — SRR B g s
M RFREATRALMIT %, IXRTTVE H IR SR AN 0 28 WS 3838 488 1) i 245 ) o, SRAFAIRE AN 5
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3 (MEMFE) 4 #EBESEEHRANGEREE
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 H X B 5 v AR R
w BRG], TransE 2XKITERH 1, HIEARNE R KSR & v SR RmE r 25 R
PRI ¢ BT RAT (b4 r ~t), KB L1 5% L2 okl «pan. Bikhh, Hag—A 5T i
KFETT R R e K, B

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

K d=|lh+r—t]| A L1 8 L2 5% ZH dpos M dneg 70 MFARIEREATITREA R =0, Hf HAE
I margin 7R 1EFREAR S KRR B B — AN H 8. AR TransE 1R MEMR R — X 2 1500, B1U0, TransE 18
RO IEREAS (8 HI S BRI | 250, Rt F) A (CH R8BI F), < flifg (H 3
SERROEE Y 5 (A0 BIFRAE A B T AT, (HX EAS— 8 56 SEBR AN

JNit, TransH #7572 H AL FRIXFER) —XF 2 B0 — B G &R, ok Sk sefk n MRS ¢ 1) B 52 2
W, B 5E R T EAR RN AR hy A ey, WIFEIXANE P EAFAE — D EOREE r W hy +raty,
Hor

hy =h—w}hw., t;, =t—wrtw,. (3)

TransR WS EA AR T 1, 100 A [ A9 2 00 5 AN R 05 i, Pl e st — A o R
M, A5 SLAABUR 215 R 20, B EFR by + 7 ~

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

TransD J#E—2B I TransR AWK N AZ HTSEARRISE R IL R DE, RIBUSSHFEFEEIE M), = rphy +1
F My = rpt] + I THE.

FEIEE Trans 25 B EEHR A TT 55 5 B 94E . RARMRAEZ 5, AUnT LAY 78 A HEXE &
Girb Wyl P IRAE. 140, Zhang 55 1O {5 H TransR A7 VELE RV G o2 S W0 AH 5G SR (1 45
FIACHIR, 15 2090 dh SR A TE SRR AE, ITTXS IR R Geh AT 2+ I R s sh B b v 1
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B e; AT TR, BLAMER RIS SI NP S SO . BUR IR GRAE, 3 — B4 7R 5is S m B i 15
B ef. HJAHIE pair-wise I

p(j > jil0) = o(ui ¢j — uj €}), (5)
HFRRNTH P U KRUAHEY v S50 vy B w, RosH P U BT A SRR R R 0
BRI R B — R Y SLEGTE MovieLens A IntentBooks PN 4 A ROtk 73
B TransE 5] NHER BSR4 B, 7T DA ROt SE AR SR, 7230 [12] 1, /B TransE
A R P U ) SR AN L R RAE, I B — DAl A X 1EAZ M 48 (key-value memory network), &
T 7 52 A2 A vh OG I () SRS B B AR0RL 2 S ASRRAE, T A Rt F+ 7 HEFE RO, Tang
S A ME A TransR 73300 F P I 5228 BLAGE T QBRI SR RAE, IR BVER bS] 79 22 3]
ATRTIRASCAN, 1 T BE A R4 3R 15 - FRRRAE.

UeAh, — SR FEER P — Pt A8 B S S — A B — AN B 2 ], fE— ek
HEFRAE B [ SR (collaborative knowledge graph) 171 & 2 JE /R — AR B F IR, HAE A B SLART
R EIIN PRI R BT TR A AR, ) N D S USCURTAT 23 S AT A R
W2, Zhang 45 66 FEIXAEI—ANME BN B BT TransE (1 ARG B (1975 s50RI G R AT SRAE,
R THE R e AR ALy FERR DK ryyy ERIEEES, B d(e; + rowy. uy), STTAY)
AT HERE, A4S BIHERE 5158, He 55 109 JE— P %ix /N S o5 B I 2 B EAT 9 78, 380 T A P i —
SCJRPEAE 97 L, Ban ko) ERe AR A AT F P 5 @ M (B HJIL S &R, 2R S5 FIH TransD
JTERAT BRI 5 2] TR 1 R R0 et P 4 D77 THI B 44 )3 30 ) .

TESEBRHERE RGirh, IR 2 it JFAERNRERE R AR, B IX — ia) @, SCHR [65] AR it 4
MR R, WHERE RGBS ER R 1) SR TR T OCHK, EEE T TransR X SGAREEAT R AL
J&, IR R R R RE S HERE R G T YA G I 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 1 6 3 8] SOAR S0 14751
PRHIHL, 256 SR N RAEAN R AT (115 200 Hx N RAEXT 2607 [ 30T RAE, W4T 1 37 R HEFE R 5
) S SRR

o T RBEEMERIERRNT A, F1RBEIERIHAY fiid B AR5, SO AR RR1E—
Fh S5 S B N 2 B, DR AT DAASE R — 6 S Joia £ S 19 285 F R R N R 7 92006) B8] () S AR RN O B AT 3R AL
Metapath2Vec (801 J& H p (1l —Fi, JLid I o A2 T M BEALIEE J7 2003t 57 S 2 T 3T s 40 1 s
LA, HFET skip-gram FEAIXT T S HEATRAE. Yang 25 5271 FH Metapath2Vec X 511 BT L Ay
ROHATRAE, MY R RGP R AE. ZRALE, Palumbo 55 (631 J&F node2vec [BY [ AR, &
T — e 57 5 (S B4 B entity2vec J7Z00 AR S o (R SR AT RAE, TN H B4R R G,

BT Trans RGBS #7972 DA R B3R TR 7 A5 JE 090 28 PR PR RN 7 VR AE I FH B4 R e it
FEAERE — € [ e, BT 5 3 R VR T A AR G S, DR A AT = 22 i Ak B A el i F b
EATS B B TRNAT S, T HA LTS Wang 55 1361 PS5 545 I X 4% B o S B 72 4 A A
1) N-hop SEAAY &, it 17— RippleNet )77V I L8 AR TS m (1 R AN ZRAE B8 H - O RAE, A
T FH P RO it R AE (1 s AR 22 TR AR 25 1. hAb, Bl G BB AR % 1) R (82861 — iz g Sk
R & AL R R R R (R R, A AR AL H AR SHERE R G — 8, AT T HER AR, Wang 55 48]
ZEGRIMEJE K, BT 7 —F knowledge graph convolutional networks (KGCN), H 42 /2% i it
XTS5 i P PR AN SIEAARSRATE A 21 FLR 20 Q0 1 R, R X AR R T R b — B BPIRAS EHZ Se R BT AE = 1
RAE, 1@t 2 E KGON FEARET M) S I RAE e, IEFIH f(ew, en), f : RY x RT — R Tl A
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FUu S v RISEEAT N, SCHR (48] X R R AR IARAL H AR N SEPRIOHETAAT 5%, R HHERS
ROR P B AE A% Go AR ETEHR A 5 2E 0. 230k [17]) o, fEE AR — Db S B8R SRR 1A
AL ) R E) R b, B SR A TransRe 75 V200 BB S SSORIIA I RAE BEAT TN 25, JFHE TR
JIBU R 1 R0 2% 831 fR) 77 30 i ) e R P _E AT IE 17 S e RO S A, NS ARAS B P 5 9 )
RAL ey M ey, BB ele, MhTHIIMAIHER SR, BLAN, KB DA BT BB RN 28 AEHES 2
GURITHEAFAEPIA TR, e R AR IRAX TS 2% m 1 s AR AL I 75 22 ] 5 <00 P 8 o X 40 J 4
BEHLZE I, M PR 5 B 2 BRI e o bR R AR A I G, 3 B R A LAWK ()8, Tai
55 BT g xd EIRMAN R, SR T GraphSW INZRT5E, 3271 T J5A H T IS DU 25 B BY ) HE 7 OR.
BRI, AR U B 2 AR S5 IR0 07 SR R IR N TR DA F AR5 HEFAAE 55 A [RLAG il AL, 9] 4 SC
Wk [47,50] LA IR SHERAAE 55 O K s 8, RG22 ST PMESS

3.1.2 ETERENFZX

BT BRAR 0 N E R B AEHERE RGN ITVE E 22 B TS R P L Wi 2 I 2 FERER &,
BN FRATAESE 2.3 AN SINKIBT, K 1 9 E B A AR B A e i AR, AT AR 2
3 ZMA P A BAYS (Y H T RO B, TR TR B 1015 B GRS, mT
WERE ] UAIHERE RS H P — Y0 A8 B R — > 7 {5 B M %% (heterogeneous information
networks), K A] LEHERE R 407 5] AR GLR0T 5 A5 B N 28 AT 4288 B 0% 2 (Meta-path) FIJ7VE.
HARM, 5 th o A 2 R 25 R U0 E

EX1 (FEMZ) —PNRBEEEMEE X NMERE G = (V,E), W& m R e 4
¢V — A MBI KA o : B — B, KX TERWT R Vi € V AL — Mg i1 fige A
o(V;) € A, FEHEANHERE E; € E R T —MREER K REME o(E)) € R.

X BN AR AR |A] > 1 BE B AECE | B| > 1, IATARIZAME BN L% 9 7 i 5 5
W2, X HN T X O 3Rn T R BRI MR R B R AL B 2R JRATHT AR Ay FoRBIY A, € A FIIK
A € A TAEBRR Ry € R, ORI A R M A 3RoR. JUHEAR IR 8 XAEAN R BT s B i) —
RINK RPN R — kg 4e. HIBA e Lanr.

EX2 GLHR) —ATCERE P = A T Ay B2 B A BN% G SURER R A,
A, I MEARR 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, MEFH GVFERE T AR EE MG R A LU user — item — * — item [FIJCERAE, S8
JE T 3CHR [88] TR PathSim J5iEg th ' w; B8 e; AN T FH - i 2F B RFAEARL:

2X Ry, e X |pe,\,,ej { Pemse; € P"

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

HA pese,, Peve M pejse, BINER € Hoej, e G e M e; § ey ZIARIELE, P AP 73552 kit
FIREEKER RiRy - Ry M Ry -+ Ry AEF @ THE A H - 5905 2 183X — R B A5 2 FH - 1
TP RRAEFE B, 5 J5 R FH R B 0 g 9 7 32008 3 — SR AR B R AT 0 g 45 38 B v 7 BR AT B RRALE [ B2, AT SIS
TR [89] BT RIEEVHE AN [F] Ju A% T B F P 50 i 1) BR AR AR [ B ASCRR FR AL 38 R 45 38 44
AFEE R, AESCHR [45] H, VR FH A R0 22 I 28 50 B b AN [8] 0 B A R AR A5 B I A 7 2090 R AR 04T

. like .
movie fl P; = user —» movie

(6)
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IRNRAE, B RIS 5 T e AR 0 F PRI REAE, 456 NeuMF B (EIEMEHERE R4, 7530k [21]
i EE R Meta-Graph 77 3 0% X Meta-path X 57 5 {5 5 W45 AT RAEFEEL. Meta-Graph AH
Meta-path A] LAHi22 57 545 B X 26 0 B 5 2 ARG 2., B ansE B 1w, FRATTAT LA I 2 BT 25 0 %
7% Py A1 Py AR S SRR, 158 Meta-Graph. 2R, B34 72 X T P B0 045 A0 RE B 1Y)
TR, FEBr T — R T T 0 LI 777 Factorization Machine with Group lasso (FMG) K fi
IXANHESE 7] 7.

FE LR HE T TURR AR M 72 B AR AT DL AR A I HE R 20CR DL S AT ek, (R R AFAES — B [ in) . 154,
IXETT VAR SR HE R SR 0 75 e MR B, #3& K& Meta-path B Meta-Graph, [FIHH I
AR — A B 77 20, IF B S I Salon IS R AR BRI, RS E TS, A, R — kR E 1)
e Sy e, N sH I HE A 1) R, LR %0 I 45 PRtk b 2 AN SR G, AT AR ME B2 B e B AR AR G 1Y
Jiik. NI, — ST EASR A T B AR IR 7 2, T LR S (S B N () R 5 L TR AR
(18 SCER AR AT Y208, 2SR (18] h, YEE X EESFAER P w 500 i AL BE SRR AR A R P 42
WA 28 AT SRARE, AATTAS 216 2% 1 SRR AR HIRAE, FF HAF AL T2 7R3 2 o B 0 B8RS X%
TR BVRFAE, FFA% R A 1 X 28 TR 37 45 5. e Ak, ZRASTHR [89), 1E& il AR K & & 1 1
B, KR T — 2 BMERIE AR O v DR M @ BHERE R 41, JF Hod Kk USSR 51N
T ZHEAREESAE —ERIE S, SCHk [14,20] F W8 17 IALPIPE IR 2 0 45 3E 47 A5, AN TR
(R AT o0 Sl B T AR SR HERRAT 25 A0 P FIHEAT 25 vt 1 RPN [B] B33 = 0L, T B AN R SC%
PERTHERF 25 TR, INITER T 1 HEFE A 1 A Rk

3.2 ETHREEREFNA DXL

F T A R il B 7 R G m] DU IR 73570 LK, IR Gy R4t Frol i
1RGSR RS, TN EENMEE T A

3.2.1 {EGHEERS

FGHERE R G EL E MR S TR AR AT RE RS P - W B R A, e P 4
A F R RO [ T . 8 L R P XISk, 246K 22 s 0 1 W LK 420 it B0 ot (R0 R O S 1k L4
RIS BRI b, WTAIRT 3.0 /NS 5 R ATHERE . BERME SE I HERAAE 55, H T4 R 2 B it 7o
VELEHLRS « B BT B R POLS F ARG 7 RIHEIAAE S5 L. N IR A I LHER:
,fi%qjﬁﬂq E(Jﬁ?&%%ﬂ%ﬁﬁ\,{i%ﬁ(}*ﬁﬁﬂ@ﬁ; % 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 g 7 AEAR SO 0 R P R R B B HERE AR GEHEAT SR8 98 1E A STHR.

o BE. R RMARIEFT S 2 —, BT RMWE R FEELE MovieLens 1 DoubanMovie >
HHf % EEAT. MovieLens H#54EM) & I\ MovieLens Wil 2 WA 3 1), AAEHEE . P HP T
B AR s, HARMR AT 20 Bk =, #5083 N4, Rl MovieLens-100K, MovieLens-1M #il
MovieLens-20M. DoubanMovie #(#i /& M L) FUCERIN, FIREELEE F - V720 FIbR 40, a4
SRS HETE LRI, RO LS4 5 e AR B LR 3, PRI 50 ) LB B A RS 14
i -5 AR B AT B, B TE MovieLens (4 4/ 58 # (A JF 1) DBpedia 1A KR B8] 802 A
FIAA B EE (5140 Microsoft Satori) %f FLEZ#EATILEC, 7E DoubanMovie #(# Ff## | CN-DBpedia ]

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

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 ......

B 4 (PERFE) — D AETESCA Pt TSeR iR R R 51

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

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

o EB. FPHEFAL S MW WHHER AT S5, HArH H S E4A 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 MK Bing 8 R 518 H & ipad ok 1, e H P s B 2= 45 44 1947 9 Jvdte
RGN B AHE, IS5 F1R B Microsoft Satori H A8 147 SCHK.

o FIEL. HrIEHERE T SRR HER S 5, U HE SR T A G i B A R Bl A
M 6 I R, 5 LT [ v PR SCAS 2 18 S FE MR 11, R SR A IR, ani&l 4 s, Ak, 788 H1iR
P TiE 381) 37 1 () 4 S s rh e ﬁf’ﬁAXﬂL?‘ﬁﬁliﬁi'ﬁﬁﬁ (95, 941 " DA T 448397 Pl SCAS Hf () SEAAR SRR >R, AT
BRI b () SR G IR, AT HEAT J5 R IHERR B0, X AT 55 3 B A K2 Bing-News 2 2848, mr DAfs
FH — 2638 B 2R AR S G Wikidata 2] T Microsoft Satori #EAT SAR IR

o FELTETE AR, B Y St Xof 7o ot ) R s T 2 AR T P i R 25 R, DR AN D S0 38 X A
SRR HER S b AT AT AT 32 B AT B A2 AR RS I Amazon  FUCEERY, f13E Amazon Elec-
tronics' O F A LL K Amazon e-commerce 051 HHEEE. FAFH R b B — LEAR SC R MR RRAIE, Q1S ) A iy
JHRAE, DL BIR S Ja 1t A [T v (018 SO SR il B (5 B AR THE 45 .

e POL POI &8 “MHR " (point of interest), 142t B FATA] IR S U = LR A,
FE b S EAIR T A, R T — R REIR O HERE I 5, BUAAE POI 4 Shil i 2% I H 7 H 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 R A7 B . 32 R R 564 Yelp challenge! ™, JLA0 8 P 200 1) POL A PR SR,
BFESCARMN B, I8 AL X LE POL W VRS BAE, wAhds. shEl i & . Re /by s o015
BEEMEAE POI MAREIE. tAMBEA#T 7L /£ Dianping-Food ™ Al CEM b1 £8¥4i 4k b 3k4T
Wt

o BR. HIRMET, FENAKBIEER Last. FM'™S), KA G E Last. FM £ KRS Lt
B IR FE WIS T ShBE, JE R DEE AR B Freebase 8% Microsoft Satori XT3 5k F AT VL.

o ZHHY). BEE B RELSST AR, ISR W T T AGTR R 25 AR EIX — L, 3 o0t 7 P rPovic
2 Y AR S BIAE S IR, 7T DU ROBAR THERR 5 R S R, H AT E AR 45 Medical
Information Mart for Intensive Care ITT (MIMIC-TIT) (6] F1 Traditional Chinese Medicine (TCM) [68] %
Pask.

3.2.2 FILEEFERS

DA TG 5%, P IACHERE R GEH0 A ROAE T A P B, AT 2k 1 P
SRS ELAS LTI 2 R R R OT) H RT M EA ELAE A T R B (Markov) (R (97, 98]
FEIAMZE LS recurrent neural network (RNN) 5 Y [99~101] 10 e 37 17 PR 4o 25 W) 2% (1) 75 1 (R L
FERHE B R E LT A B IS ROR, BRI VA BN 20 AR P S HERE R G T7 1.

SRR A —Phid Y (0 R BME S, IR T AR 4 B B Fp AR AT 55 v 112:20.64,
Forp oz [64] Hh, A8 — i BB EDUL I B 72 51 N RTR B S 11 UE B 23T RNN 551040
HEFR S, AR AT 3.1 NI TR A RN T7 125 NSRRI TR U B2 R AL, R EE
JXE RNN BN, B J 1 0 4 R Y BEAT 4R T SR [12] £1% RNN W28k ic 125 (K
(8] P B FRY e L, BT E— T T2 W 4 11020 [y 454, 75 RNIN 2% AR (8] 45 (045 LI, e A S0
GFacAZ . SEHTEH TransE 153 (0 SLAATE SCRAEE S, AT RGBT 10 RR B RS E SUE S )
FIRCR, WAL 7 HEFE LS R, STk [20] A 3.1.2 /NS A AR EE T 842 10 07 725 NSRRI 0 A5
B DO TALRGERIHERAT 55, FEEEANIN )59 ROR R BR AR I =5 18 1 F 7 D s A2 B i I ), a8 1745 5
T R P 1) R, i i P VA R 2 A P P A8 T s e A7 AT

3.2.3 TWERFEERS

PRI R G H R AEHERE Y i 45 T BRI IR 25 R HERE B SRR, AT SR THHERE R G (0 7T 5
P (58590 R PR — PR R R A B R, RN RATEE S 7 o Z IR IR R, P ARk
LT 50 R B (R R R R G & 2 W FE o Ok 14 19.20,600 - it 75 2 0T IR AR B T R R R
ARG LRI T BARHERZ 1T, W 5(a) Fros, 38 AR B b SR SCIR 10 Bt 1 20 i 4T 5 HK,
FF i AN R 4 7 AT AT R R 0 M. 0, SR (14, 20] Bt AN R S LR R 5
AN A ARG 2 T 0 HE A 45 SR AU, S A ) 2 ek, AT DAGS HH HLHE A 45 R LR HERE IR
B BlInAE R 5(a) B, XPHIT A SRPE, REGHERE I B RS CF R S RRORE ) 15 BT AT e W 2oL Ja
TR (BIH IEAL) |, s8R IWE L FEIN HER - I5E S EH AR ORFAEN) . L4, Ma
A5 160) 5t — TR DU VA1 98 5 R DU 48 5 1 o 28 DX 2% HE 9 2R e, LR T A DG 1 R PR % e
SR 2 % A, HERTAS R K90 i (8] B ORHK, JF HURT ARt 5 T R 1 T R4y R 4. I 5(b) 48
TR RG], T8I R 5 B SRR R USR] P BIAZ EAT D9, TR PASE 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, 1] 4y i B F-ALAG 32 7o A2 S 4 R AR IO DL, I AT RE R 0 S AR S B ;. L2 i A
RN LML, FH ™ AT RE R I A SEAR S (0 . i 22 0 AR AR = ) B AR, AT At mT LA &6
B SR AT RE T

4 REHAR

BT DA ARG, BATAT A B AR B AEHER: R GU I R0 S, 7T CAFE B R AE7E 2
GEP AL AR RS 7% IR B LR, TSR T (U AERR I . HERZ 45 R 2 RN, JF BARS 2 N 21
AFEFHER RS, MMEGIR R HER RGN FIIEHERAAE S5, OF BT DU SRHER: R w] ke, A
TR — B BATA N RO AR KK SR I ] il

4.1 EEEIREE

H AT FRATTHE FC A R0 B AR B S, 2 — I Ta) A B B, SR sz be b, R et 2 [a) ()
K B HA IR, 14, (Bill Clinton, president of, USA) XA =JCAHAVAE 1993~2001 £E 2 8] BT
I JUAE, — 623 L TFaR R IR 27 iR U (0 Bl N vk (103, 104) - HL kil {3 4 STk [103) H4 IR A
(1) (h,r,t) =TGN (h,rt, [1s,7e]), FH 76 T 7, 43 BIRIRIXH ¢ R A 2B (A1 8K, B 5 d i xf
i TRV BRI B Bk, AT LUK VT € [, 7o) XENIFA (B, 7, t) SEHTE SCNIEREARSES D, AN AT DL T[]
YEE . SR G R RS TREASES DL SCHR [103] 5L TransH HUBAR, 2 L+ ~ ¢/, Hrf

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

T€[T) zeD} yeD;
SRIGEATER RS E, b d, = ||R) + ) — 2] AR L1 8% L2 Ju4L
HETT— LE A 5T (105 1061 K 2 S 1R I 1 1) BT RN 7 V2508 FH B iRk 4 L RS 36) L B 38 1R
1 107) A, B T ARAF M RCR. B H ATIEAR A0 S S5 A s A FR RS R J7s. Fsk b, ZE N
T I R A PP X NS I AR R B B HERE R G, TATAT LAz IS FiR G I 777, 5 ST SR B 3)
AR, AT SEA ROt A A R 3045 8., BETTSETH A X it AR AL RCR. 53— 7,
FERT P A HESE SR G000 1) b, ARG 3 (0 W 8] SR B e, P SIAARLEAS (] s ) 2 AG A [R] 7D 1 s g %
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779, PR TT CREIXAS B ) R B B 3k — 028 FEON SIS 1, AITTEE 5 Zh A RIR BN B AR, T peEs
BES

4.2 TEHEEFERSG

FE— LB R B R S PR ZOR BOm HE R S, s SR HERE . RS HERR &, L TR
R, DAY AT P S R P 10 B A7 A R SEEIN . (ELIAT (R P M 7 VA R R AR A SR I L T
PYAFAEN RN (8] A v f . AE RN 3R, G R R 22 T A 55 KR B SR IERAS 21 0 5 i A 2
W28 JEl 3K, S A BE N 2575 S AR I ] Jl A AR AR KR, T X Pl 0 T8 A el el SR 2R g (s Ol i, 3
AT EARXEEAT R IGR. TS T BR AR D73 rh, B0t B Hodl FOB A oA . G Ui th
LR B (8] AR, TRk H R 7R TG 0 — S I RV SR B3 I HER R AR, MR LR S Bk
(RI3G BE2 310 1 M paX A i FURT ASRBEAT OS2, B R 2) BAT LU RF R, B0 45: (1) T BT %K
P22 SRR, TR, (2) DU AP 1 Bdl AN 2 B R AR B (3) 22 23T A B AR AT DAR
B A R AR, JRATT AT ARG J LA R e th A 1 8 P B N D 7 12082090 b 3RAT 1A 75 47 3¢
BEATY R, DASE N SE I P R B AR HE R 19 A, FEAoxe SR Fel i 5 P P 58 L 00 VI 2R DI ] AR

BEAN, AT SR RS 1, RVBATE NG RE R AR B e P i 8 D2 3R, JF
HAEBAT A K II R Ae e, (HIX 5 LR OUEAEAST. MIAE LR strh, B0 i 7RI 55 4, 31T LA
SN RS — AR B AT o 2 S 1) S AR 45 & AR S S S AL BA TR 5%,
RRIIBT TS Z —.

4.3 ETIEIBFI

FATELZE T 20 R G T LA Dy — R 28 A B ks 5 BB AT T e 3 20 1 1), (HIX {3
T Eafee 8 T — B (880 FHERE R G0 L — L8407 1 B B0 i B AR5 400 17 T A
o 2 HHRAR RIS RS, H AR — 2o T AR IOHER S, (BRI S R AR R 5 A e 7
SER— ER AR R . ATA R 20T 50 2 A R 2% S0 I SR [ it [0 1000 3 R A
FIIRHERE R G 2] BB R 24, B L X S i, IR E B AR R G A IR R SO R
Zx, MIMIRTHEAL A SERRACR, IF B o HARHER: R G880 A 2 i el L. st b, JiR ERE R 24
DU AEAN R BOHERE Z2 48 A AR SO AR, DR R T SE A8 2 SRR RE 28 Goxt R B3 rh 2 3] 2R R
AR 2IRIE Bh 10 B AR R Ge, AT L — 2D U RGU v 5 sh iR, SRTHERESE R, IF HoAT A
FETH LIRS 2 > BUHERE R 58 P I 0 AT AR

5 45%RiE

ROV R A D — il Bh s T DL RO SR THERE RGTIBOR, FF FLR oA STt Sk i ) 22
T e AR SR o AT £ R S FH R VR P R 7 2R SR I AH S8 SCHEAT 1 IR, 5 fi] B0 e A% 3¢ ) 77 5 0%
AFRERERARZ G, X3 T RR B AR R G R0 A S N 5T T R GRS 4.
fRJE 2 T ARIGXAETETT FIAFAE R SR a S, A5 BT DU E % U N Fr 82 5 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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