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

PHEE B OCE I O, BRI 55k 55k Je LA Rl Bh iR S 72, 9 Lz s S T % KELF R 9%
(¥ F + Amazon. eBay %§) MIZEAA (MovieLens. &) 2.

MEWAETEEIE R RGN L, HEZ DA 3 2K, IR T W AMHERE L BT
TR AR S AR A A B0 L v PR i i g e AR R P 7 sk B0 T A O - 50 ) A 2
4G T BRI O~81 i B 7 v AR A AE T AN 75 BESAUSE T 9 25 (1 S0 I RE 0 40 i idh A7 52
(PRFAE SR IS s, B X R A P8 7 VI8 A A B & 1), (R K IR AR 2 Fh ) /. 2240,
5 PRI it 2 (BN AT 2 9k Z 50408 BR0 0 I 1) BRI 35 FH 7 B0 3 00 ot A T AR IS A2 AE (R 72 )3 B 1) R
I, T S P [EL AR R A AR B BARZE & (1, P S5 e tERRAE . A P A
LS B4 ARG HERE RGURMRI L b n) 8, M 2 AR O~

R ENIRAHERE R G — RARHEIE B, IR RZ R T K EM 7 [ 2.10,12~15],
R B — A (5 B s, FA B Al Sk 5L Rk R, WIS THEE RS T
XTI R &S 558, LRI 96 R 10181 3 He LS B AT AEEE R - — W)
i P 28 £ RGEE SR 016170 T & T P 5 1 AR I BRI K SR B R, 48 T P 590038 A
P, R AT DARE i — DR AR RCR. Aok, J T AR B A 7 o i v R R BRI T
— LS (1 R 18~201 N ] 1 B, JE R A R AR DS I B AE B, FRATRT DAHEI A A
AR N B EAR - 96 B8 SR I FL R (R AE ) T B = 0 H F2 3 () FL s (A e RO ) . B
I, 22ARA S TV AR E CEE T — K551 IR S, #11 DBpedia KGY. AceKG? . Microsoft
Satori®) « FH EEAIREEED fl OwnThink KGY%5. JFH & &5 7 ARSI, A, DAY, . &
IREE. DRI, RFRATHEAS RS 3 5 28 TR B sl A i 49 R e it 1 78 2 (R8s JL 4.

I, AR SR I T AR S R HETE RGN TR BT AT RV SRR, Bk, JeA 18
IR BT T AR A e SC 3, ISR E AR J7 v ST NI 5 vk 0~12) RSk F A2 i g vk [16:21) g
TEVEANIN R, B JE, S R TR U (an, BriE 222, & 0k 2324 55) RAEIETESS (an, JP it
A2 M2 AR MR 119200y BN TN BUE AR R 3 50 AT DR a0 . S, AR FAT T 5614
RS O HER RGUX — U B RSS2 AROR R R T7 I B JR . N e g s A I HERE R G AR &L
P2 2 N ISR R 4%, JRIRNTPTA, KR SCE RS 1 R T AR EE A R KA LR, EA
PGS T AR B 1 A A FE AR, Rt dg 1 ASRAH B 7807 0] 1) e 22

A 2 TN AR &=, B SRNER RS SFRERE AR, 28 3 s KRG
MTTE B 355 P 77 T A SR A0 A R T R I ()4 R G AH S 78 AR 28 4 1 AN E 7 T
X TR B () HEEE RGN AR TAE AT R S, &5 5 5 TR & AT B 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 HOR BT A R G2, B e X HERE R 48 AR B S A I B R BEAT A 4. B
JE A AFIR B K — SRR, JF DS E R R AR TR Tk S5 R RIR B S5 a1 18 i
S 2 R G R BIAL.

2.1 HWERYS

HEFE RG0X — HARAE 1994 FEH Resnick 55 25 51N 5, &8 O T —ANHEX S (R 55 77 1A,
&2 F AR T TN S BT 00, RGN EEH KRR (user) HER FL AT HEROGERIT Y
fh (item) B, anps i (0L #riE B1L POI (point of interest) Bl @ 4, %0k PU. FHUNH 20 & H#EFE
R E X B W M FES U, MRS V, IR R aRHF U XV SRR,
R e RIVXIVI G 4n e s s HE#E I ih MovieLens H1, R; ; UAT LU @ XSS § BI3T 4. BEJG3RAE
XN f:UxV — R, WHEHERG AR B RS EESE M U, A 2R3 e
TR BRI v, B

VU, €U, Vi=argmaxf(U;,V;). (1)
VeV
PE SRR B U] AT (V] EORRGEEEREAE KR, I W SR BT 77, SRAE I
{2, IELRRATATLLBING R AV SCH 3, LR TFFNE 2 R 6K T BB,

HAT, BATE T BHEAE RGP IR0 3 28, o NEE T WA MRS IL . BT A
HeFEHIE AR S A HL DL

o ETHARMFREZE 27, BT ARMHEREFIEE T —MEAER: “HATRSERShYEE
M S AR LR ), s @R P S Il BN RS (T4 RUBRSE) FIBR R (8
B il WA YRS 5 A Y BORRBLEE, F AR ALRE K N B HERE I B2 I HoaT B
RIS TA) DR 32 o i DR 3R PR 37 st PR R S R A HE R O 5 AR bk, 38 mT UAE P2 TG vt AL 2 27
271 N D s s o e A A 3 P B, B AR SR SR RO T, BT A R
VA B AT AT AR v R B R R, AN R HIMG B ML T 5200 HE 5 45 5A ANRE I AT ke
PE. LGSR T TR R IORHIE TR & B ME R IE, 75 0 £ ™ B RU R 45 R = 2R, 4
AR 5P G A I SRR A it e BEARARL B B ¥e R B 1)

o BT WHEISIEAMEFET IR, J T W) R JE RO S5 H Bl S S e D 46 7%, R P
i 3 SRR SR, $2 0 FH P R A By AR SR IBE A, I T AT . HAARHb, X SRT7R AT A
ey 3 28 HeTH P HESE . T4 Sl A HERE RN TR B e 281, ST F P i b IR i i U v ik
TRV < AT e B A AR B X S8 P s SR A S SR R AR ALRE, A
SCRHACUER) FH P 06T 400 it 6 S B, SR FBTINGS P P B S A O, JEREAT RS . X STV B0 A T
TE T Xl B 5 JEYERRHESZ 38, BhSE TR P BEAR RSN T, FESERBUR, JF Hifin
BFH P 7% 8 Bl 1) R BT () e (R i 8 7 R T A A I HE R SRR R A, AN [RIAE T A A
fits [ SR S Ut R BB SR W it 2 TR AR AL AT e T T BT B R D il B el SR AR B P
IR 2, AT 2T P i i Rl R 50, B mT DU I S A 5, e I SRk 58 ke, FLBR nd I 2 To kA
ANES L ST AR AL I R M s 25 . B TR P R I T Ve O T R T P
P B 1) 3 90 7 ¥ e T s ) B8 A« e DAAE Rt B ik (] Bt &85 SRy 1) R 3 i g s 0 1) P
BLas 5 2 ORI B — DTN F, AT AT PASE I BT 3 6 e — W0 i 5 47
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o REWERZE P IWEHEIF IR IRK 2 FMEF BRI &, I AR AR HrhiR&77EE
FE ] L HERE S RN &« Ve TR G, AFERIRARF LA &, B 2R ZUE . FRAEid AT
JERIR . o, O AR G HERE RGN P [ IR TR S A HERE T ik &, T A ok
AR B S5 A B0, Ak, RA AR R GRS AE T AT LB O R R O 17 e AR, AT
B RO FHAA B0A5 B 140, Konstas 45 B F I3 SR M3k Last. FM ORI 2 Z A9 4E AL
P25 B T — ARG RS Wang 55 B lld SINARERE R ARE R, AT HEN A
Z AT AEFIR IR, TR 1 — DMEBT R 5T RGBS HEE R 4L

2.2 HREE

SRS R — B AR, SR R Google A R4 H, HMLETRIHE R 51 1 R &, 1
A R AR B2 R R 0 AR R — AN R SR S SR 2 [ 06 RIS AL R 2%, TT DA
W AR R I St TR S S AR B G 2R, B G ELIBC I AP IR I 3 R 1 RO R e, SR
P F Pt NAS R 5| S A0 e 3 & AN, 9 e R (210120140 L B ) 2 193,340 ARy
B 1991 4.

FR B EH UL = e IR A etk R HOG R, IR MR N G = (E, R, S), Kt E = {E4, E»,
) FORFNRERE R A MR EA LS R = {R1, Ra, ...} FoRMIRENET AR RNES; S =
{51,82,..},S C Ex S x ERprfi =, =70 5; #l— KLk, KRMESA
FR. BN =764 (Donald Trump, president_of, America) &7~ “Donald Trump” #& “America” /48,
Hrp Donald Trump A& 3kS24K, America & B SE4A, president_of & E IR AR, HHR KR =
TCHAL AT AT B FRATT R A A TR SR 2 TR (1) 90 2R, W] DA IR SRR J@ 4, 49140 (Donald Trump,
born_in, New York) Al (Donald Trump, nationality, America) #5544 Donald Trump FIPIANE M, B H
A AN E 5, X R SR WA AR JE . hAh, ERE 5T AR B I A B S BB S L, &
AT 73 Sl i N SRR B K SR ) = e AR S O B S I TRk DY o 20, ATk — 5 A
IR ALPE B0 3R 1 BT~481 T 540 I iR %, b & 41 YAGO KG BTl DBpedia
KG %8 Freebase KG [ I OwnThink KG7%5Ei8 H %110 RE, tF W1 WordNet 401, UMLS KG¥,
Douban’s movie KG?Fl MusicBrainz'® SE4 g 45035 (1) AR B k. 3 45 e A3 T 119 J6n 3 P 1 A 4
A L IE A R B SR R A P SR RN DG R A, AR EE R R, iR R G HEE RS
& ERIR A ET R, RORIR S T Db SRR SR BN, FERH BAS [F Rk .

2.3 AftARRAMREEEHEERS T

BTN B B HERE 2R G0 AR DG UL LA R e R R IR, A Rl e A ) LA TR) K BT U AE
SIGKDD [10-17:2L.:44,45] " SIGIR [12:46] WWW [2:47~511 TJCDM 1?2 il CIKM P31 S8 T g il LR T
FREIBE T LA AEFM I AR GHIX LA R BOR A, ARAT 2 ZERR L N R S AR HERE R 4
FIZhHL.

B, BUAHER RGEOR, JUHGR R T O R B8 A HER T 12— B I — 5™ IR ) il L, 045
— W0t O S LB A )RR R 2l e, 2 3 B 7 5 RN R (281 R IR R 2 B 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
_--""---------_ -----..--""'In).
Star .
User A e&%&@
S < /
~
Like Q

User B

B 2 (MBMFEE) — M ETHREENRAEEMEEEEFETORARG (BREMREABERM)

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

PR SEAR 2 T8 2R 2 1045 2., IXRT DA DR — oA Rl B0 A5 J2 32 a5 F P A s (R i S T34 SR
HERRREE UL G2 fift ok b A DL & 1 P, B SR Sl BRI B R T (H H T
*5()”?)) FEATHIAZEAS S, BATMKIH AT DL L P 52 A ) 3 s MR AT QB I LR JZ R B 7 vl

DR . B, — LEHF T8I 10 R L o (0 SEAR RN O FR HEAT SRAE, HE TR R B o 4 Y

XQ ”)\@Hﬁf% LR PR b, AT B THERE RGERROCR [2:10:12.22.040 - 530k — LR 5 3%
Lﬁﬂ%%ﬂmﬂ@l%%ﬂ)ﬁﬁﬁ‘]ﬁﬂﬁ - %%E‘JTFL%&?E*@EE*’[‘EE% 5 R L, R BB P 20
ZIAANE B AR, SRTHERERCR 14 19:200 18] 2 JRoR 17 IXAE — AN S5 O£ S5 19X 2% L0 B4 7537 55 T )
A, FATATEAR I A B2 O H S RO 1 3 /T\E%&“ 712

o (I A, B, (BERIEND )ACCRFAEND , TR, B - R E)AER - B2, T35, (H
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*2 —MMEXNEBERR

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]

H S RROEE ) )= (P A, BXR, R TE i Ros:) )

o (I A, B, (AN )ANCCRFEEND , S, TOMEF - RS A GRS - L
8, B, CBHTRP) )A(CGEBE RS, #fin, (HHERRED =l A, B3, (HHEN
o) )

o (AP A, B, CRFLEND JACEREFAEN) , S, TR - R A OMEs - BHTR L
8, EE, GEHERA)ACCGEHE R, # =X, P B)AH B, BXK, (H H 5w 08 )= (H
FUA, B, (HHERIROE) )

PRI, FRATTAT LA T R AR OC R L4 CH AR OB ) 28 AL IXRE R R 15 B I 2%
A DA B2 K R AR R P R MBI - IR IR R, Ml R B R 5 1% 5 3l ) 1] L.

BEAR, AR 2 AT R MR RGO 3 BA~Sl TR M A H RS P B
HUAETE W B (RO IR, 28 R HERE 1) SR R SEAS T P B 2 BE AR R G A 4 2 O SRR O FEE A . F T R IS th
EFE O S R 2 A5 D P BOAE AR EE A S B BT, JF HLSE 5 T 1 P e e A P i 58590 Jnift
VAR AR W 7 5 B A AN R e T DA B BRATTRE A« Wi 2 T A T B AR R IR, AT T EAHE B3
TR AT AR AR R AR G, LS| T RTS8 ATz SR (14,19, 20,600

3 ETHRENENEEFERSE: HIEASNHA

AHE e AT A S M HERE AR 02K, IF B S AR — BRI OB S A, RS,
AR 2 TR B O HERE 2R G RO AN R S 3 AT e, IR IR 98 7 AR S 3 54 21 i it 48

3.1 ETHREEREFEED XL

BRI, A BOEE T RIR B 4 5V TT LA 40 AR 01 A B TR 7% (embedding-
based methods) 3T EEAE NI /7L (path-based methods). A T8 T 338 % CHk 09 &), 7E
25 [2,10~14,16,18~22,44,45,47~53,61~74) th FRAT 1YL A T AR fRIAR 9630 5.

3.1.1 ET®RAMEE

FEFHRN B AR B LEAEE R G0 T v 2 Bl i RN 1 5 9250 SEAR R O R AT RAE, 1
M3 78 54 W0 s A P RAE RS SUE B P AFEEET Trans R A1 ERE RN TR T 75 B M
&R T

o BT Trans RFIMEIEHRNTT3E. Trans R 1IN T7 152 LA LR ) — S50 i P o g s
Ay R RIATRAE N T8, X 287738 B IR S A 56 ZR i 31 7 22 1) 1) 12 2 (8] oh , SRASMIR 4 25 3=
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(d)
B 3 (MEMFE) 4 HEREGEIERANGEREE

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

~. EEAFRE TransE ), TransH "¢ TransR 77 1 TransD 78], 1 3 Ar~, 7] PLE H X S8 5 R R
B BRG], TransE 2IXKI7EMH 1, HIEEARNE R KSRk m s v SRRME » 25 R
IR ¢ R RAT (h 4 r ~t), KB L1 5% L2 ok «pan. Bikhh, Hag—A 5T i
KAETTIE R R R B, H

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

Hrfd=|lh+r—t]] L1 B L2 J5AL KB dpos M dieg 2 HIFRIEFEARMGFEA R =704, Jf BAs
H margin RN IETREAR B REE B 1 — AN 8. SR 1M TransE 1R MEAR - —XF 2 11 0. %ﬁﬂ, TransE 18
RPN IEREAS (CH FSCHIRORE) | 203, RS ) A (38000, 2801, RITE R), £fifs (F |
SERIRUEEY 5 (R BIFRAE A S T, XA —E £ & SERR A AT

L, TransH #52 AL BRIXFER — X 2 820 — B0 R, Holk Sk stk n MESAA ¢ B R5EH)
H W, € R B2 hy A ey, WFERRASEP T EARAE— DN ROR R r W2 hy +r L,
Horp

hy =h—w}hw., t;, =t—wrtw,. (3)

TransR WS EA AF D 1, 1A [ A0 2 00 5 AN R 05 i, Pl e e S — A 5 AR
M, A5 SLAABUR 215 R 20, B EFR by + 17 ~

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

TransD J#E—2B I TransR AW 5N AZ HTSEARRISC R IL R DE, RIBUSSHREREEIE M,), = rphy +1
A M,y =rpt) +1 5.

FEIEIT Trans 241 0BG RN TTVE S SR BISLR . KRR G, BT LR RY R A HEHE &
gL P IERAE. B0, Zhang 45 1O {1 TransR 177 ¥ETE TR B 2 ) )l AH DG SAA ) 25
R SR, 15 2 B S5 R A TR SCERNRAE, INTTAHHER 2R 48 J5A B2 T i mlk uE b &0 v 1
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o & e BT 7. BCAMER RN SIAPDE A . G IR GRAE, HE— 24 78908 SR i 448
B ef. HJAMIE pair-wise ITE:

p(j > jil0) = o(uf ¢j — uj€)), (5)
HERNTHP U RS Ve SEER V. B w, oM U BT RIS IERRR R &, 0
R IS R B — R Y SEEGTE MovieLens Al IntentBooks PN 4 A ZOhiE ] 7=
I TransE 5] AN FIHEE A 3445 B, AT DUA JOh S FHHEFR R, 723k [12] 1, {EEfEH TransE
A R P U ) SR RN L R RAE, I FE DA B X 1EAZ M 48 (key-value memory network), &
T 7 52 A2 A vh G IR ) SRS B S AR S S ASRRAE, AT A ROt - T HEFERCR. Tang
85 A AE AT TransR 15 2 F P J7 5258 AR H ORBR I SEARSRAE, J-RI A B = 0S92 8
ATRTIIASCAN, 1 T B8 A R4 3R 15 - FRRRAIE.

UbAh, — SR FEER P — Pt i A B S RS — A B — AN B 1 B 2 [, fE— ek
HEFRAE B [ SR (collaborative knowledge graph) 171 & 2 JE /R — AR BRI R, HAE A B SLRT
R EIIN PRI R AT TR A LA, ) N D S USCURTAT 23 S5 AT A R B
B2, Zhang 45 661 FEIXAEI—AME BN B T TransE (1 ARG B (19715 s50R1 G R AT SRAE,
GBI THE R P AT A e AT A uy FERR TS royy ERIEEE, BRI d(ei + rouy, uy), XA
AT HERE, A4S BIHERE 5158, He 55 109 JE— P %X AN 57 o A5 L M 2 L EAT 9 78, 390 T A P i —
SCJRPEAE T A, Ban ko] SRR AR A AT F P 5 @ Ve 2 (B 9IL S &R, 2R HI A TransD
JTERAT BRI 5 2] TR 1 P R0 ot P 1 D77 THI )44 )3 30 ) .

TESEBRESE RGirh, IR 2 i FFAERNREIG hAEAE. BEXIX —in) @, SCHR [65] AR i
SR, XHETE RGPS R B R R Sk 2 TR AT ORHR, ZERE T TransR X SEARREAT R AR
J&, IS R X AT RE S HERE R G ) AR DR ) SR AT RS, AR B R AE. Wang &5 12
G0 S VR TR R R P, B e R TransD S SEARBEATRAE 2 I, P8 I X 3 [ SCA e 34T 52
PRI, 256 SR N RAEAN R AT (117 200 Hx N RAEXT 2607 [ 30T RAE, W4T 1 37 R HEFE R 5
) S SRR

o T RBEERMERIEIRRNT A, FREIERIHY fiid B AR50, SO AR RR1E—
Fh S D AE S N 2 B, DRl AT DAASE R — 6 S Joia £ S P9 8% JL R R N B 7 920000 B8] () SRR T O B AT 3R AL
Metapath2Vec (801 J& H b (1) —Ff, JLid I o A2 T MBEALIEE J7 UM it 7 S I ] 3T R i 408 1 o
A, T skip-gram FEAIXT AT BT RAE. Yang 25 5271 FH Metapath2Vec X 4011H B3 Ay
RUEATRAE, MW 7R RGN FIERAE. RBLR, Palumbo 45 193] JEF node2vec B (15041, &
TFH—FhE 0 5 PSS 2% B entity2vec J7 32000 ENR BITE o i SEARBEAT RAE, FFNH 21HEE RGH.

BT Trans ZR 5 EITE RN 792 DA R i TURR 7 A5 I 090 28 PR PR iR N 7 VR AE I FH B4 R e it
FEAERE — S (1 e, BOABATY B 3 R DR BT P (R A G R, DR A AT = 2 i Ak B A e il B F b
EATS B N TRNAT S, T HA LTS Wang 55 1361 ) S5 (5 I X 4% B S B 72 4 A AR
1) N-hop SA&T &L, Wit 7 —Fh RippleNet 77 2H] X H8 S 44T R HR N FRAE SE 8 (R 3RAE, A
T FH P RO S R AE (1 s AR 2 T A7 25 1. hAb, Bl S BG4 I R (82861 — iz g 224k
R & AL T R R R (R, A AR AL H AR 5 HERE R — 8, AT T HEF AR, Wang 55 48]
TR A &, it T —FF knowledge graph convolutional networks (KGCN), 432 W 4% 1@ i
XoF S ot P PR AN SIEAACRATE A 21 H R 2 Q00 5 1 R, R X AR R b — 2 BPRAS EHZ Se R FT AE = 1
RAE, 1@t 2 E KGON FEAE T M) S R AE e, IGFIH f(ew, en), f : RY x R — R Tl A
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JUu S5 v BISEEATON. SCHR (48] X B R AR IARAL H AR N SEPRIOHERAAT 5%, PR HHERS
ROR P B AE A% Go AR BRI 280 30k [17) o, (RSB AR — D0l s B 5 iR
A R B R AR b, B Se R TransR (772060 BB AR5 SR A R AEEAT TR0 2%, I TV ERE
JIBU T 1 P 2% 831 1) 7 30 i ) e R P _E AT IE 1) S ) RO S A 4, ANTATSARAS B P 5 9 A )
RAE ey M ey, BITEETE ele, MhTHIIMAIHER SR, BLAN, KA DA BT BB RN AR HER 2
G THEAFAEPIA [, He—FEAEIRAX TSI 2% r 1 s AR A I 75 22 ] 5 <00 P 80 o X 40 J 4
BERLIZE I, M PR 5 B 2 RO R T e o B s R AR A, 3 BUR R R A LAWK ). Tai
5 BT R xE ER AN R, R T GraphSW IZRITE, 271 T 5 3 T IR 25 B RY FR) 7 OR.
BRI, AT U B ] 2 AR S5 IR0 07 s R R N ARG F AR5 HEFAAE 55 A RS il AL, 9] 4 S
Wk [47,50] LA R SHERAAE 55 O K s 8L, RG22 ST PMESS

3.1.2 ETHRENGZE

BT BRSO N EN R BISAEHERE RGN ITVE T 22 B TSR P L Wi 2 A 2 FERER &,
BIANIRATESS 2.3 NI ANWEIT, AW 1 % 23 ) A R S g el i &l mT BLAS )
3 ZMA P A BEYS (Y E T RO B, R TR B A 0S5 B G . T
REIE AT AR RGP - Y00 S8 AR B — A 7 B B 2% (heterogeneous information
networks), I A] ALEHERE R 40 5] AR GO0 5 (5 BN 28 AT 1288 B 0% 2 (Meta-path) HIJ7VE.
HARH, 55 o E B g e e S

EX1 (FEMEZ)  —ADREEREMEE X —MAHE G = (V,E), f8& 1 rUEBY WU R 2
¢V — A MBERERTMINRE o : E — B, KX TEERT RV, € V AFE—MFER T R KA
o(V;) € A, HHE N B, ¢ E R T — MBI R AREIE o(E)) € R.

X BN AR AR |A] > 1 BE B AEUE | B| > 1, IATARIZAME B 4% 9 7 i 5 5
W2, X BN T IX 53 R R R RO R I 2R Y AT AiR Ay KA A, € A BIR
A € A TAFEBRR Ry € R, ORI A R A 3RIR. JUHEAR I 8 XAEAN R BT s B i) —
RYNKFRFHNHBUN) — 4. Hopbe anT.

EX2 GLHR) —ATCERE P = A 2 Ay T2 B A BR% G SURER R A,
A HI—FEEGRAR RiRy - Ry

BIAEE 1, fFETCERAE P = 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] 5, 1B IR T AR EE A S HERE KRB HTE A user — item — * — item MITGERAR, 28
JE T 3CHR [88] HR Y PathSim ikt w; B8 e; AN T FH 7 i 2F AR RFAEARL:

. like .
movie Al P; = user —= movie

2 X Rui,e X |pe'v>ej :pe'\»e]- € P/‘

s(u;, e;|P) =
( v J| ) CZEI |pefv>e Zpe»\»e e P/l + |p€j’\/>€j :pejMej E P/|’

(6)

FH e,y Pee B peoe, BINET ¢ 5 gy e 5 e Rl e; 55 ¢; ZINMEAR, PRI P AR TCEE
FFHAFRR RiRy- Ry R Ry Ry, (BRI SUTTA R P 1590 2 03— R A28 30 PR P 1
S I, 55 ) 3 R 7 V55— G B DR AT A5 3905 o T B R R G P, AT K
ISk [80] 7RI T AR B TE R T T P 5 2 R 10 A s 52 A 4 4
FRLE I SR [45) Hh, 1 R 8 R8I0 24 R R R ) 70 B A SRR 18 B0 10 B P B30 0 B AT
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RNRAE, B RIS B T IR AR 0 F P R AT REAE, 456 NeuMF B (EEM EHERE R 4. 7530k [21]
i EE R Meta-Graph F77 30 X Meta-path X 57 5 {5 5 4G AT RAEHEEL. Meta-Graph AHEE
Meta-path A] LAHi22 57 A5 B X 2 0 B 2 2 ARG 2., B ansE B 1w, JRATTAT LAA 2 BT 25 o %
& Py F1 Py FAHEIAIAT A SRR, 52— Meta-Graph. SRR, A3 € X T H P W U REHERE 1)
WE T, FEEr T — R T T 0 ML 775 Factorization Machine with Group lasso (FMG) =K fi#
XA HESE 7] 7.

FELR LT JURR AR (0 72 B AR ] LA AR A P HERR 80O DL S nT ek, R R AFAE SR — E [ in) . 154,
X T URAEE) RHERE T 75 22 5 R i . #43& KB ) Meta-path B0 Meta-Graph, I
AR — A B 77 20, IF B S I alon RIS R AR BRI, RS IE. A, R — kR E 1)
e Sy e, BN e HE 1) R, LR 450 1) 45 PRtk b 2 AN SR G, AT AR ME B4 B e B AR AH G 1Y
Jiik. NI, — ST VEANR AR TR AR I T 2, T LR S S B N 1 R 5 L TR AR
(IE SCER AR AT Y208, A2 SCHR (18] 1, /EE X EESFAER P w 500 i T AEAE BE SRR AR A R P42
A28 HEAT S ABE, AT A 2165 2% 1 SRR AR B RAE, FF HAF 2L T2 7 A9 2 o B 0 B8RS X%
TR BVRFAE, FFA% P A 13 X 28 TR 3 45 5. e Ak, ZRASTHR [89), 1R il AR K & & T i
B, HAKEART — 2 BMERIE AR O 2 n] DR I @ HERE R 48, JF Hod Kk U AR A 1N
TEHZHEAREESAE —ENIE A, SCHk [14,20] F W8 T RARLIPE IR0 2 0 45 3047 25, AN[A]
(R AT 20 Sl B T AR R HERAAT 25 A0 P FIHERAT 25 vt 1 RPN [B] 8933 = 0L, T B AN R SO
PERTHERF 25 AU, NITER T 1 HEFE A 1 A AR .

3.2 ETHREEREFNA DXL

A A BRI R G RO HER: RG] DHZ IR 7 30 LK, s G R 5. FPoetE
ARG G AR R GE, T EENHER 57T 4.

3.2.1 {EGHEERS

FL G RS TRAELT E P — Wi 28 FLA s LA A AT R0 & P S 0t ) JE R 28080 1, 6t FH P 4
5 FURT BRI R P . 8 S 0 R P A IR, 466 0K 22 B0 V00 T LR A2 it 7 ot )R S i M L4
et 2 AR IS B AT 3.1 AN EEEATHER . BB S AR SS, H AT R 2 Bt 78 oK
TEAEHLES . B BTiE S R R A, POLL B AR AZGMIX 7 RRHEFFALSS L. R IHFRA PR A 23X LR HERE
R4t ) F B R A0 5 R W e, 72 3 (20101214, 16,1821, 4448, 5053, 6164, 66~68, 71,72, 74,90,91]
TEE TR BB R A I Hoah th 7 AEAH SR ek 0] FH R I (4 2R R AT S50 30 0 1) SCRR.

o BE. R RMARIEFTS 2 —, HETAHRMHE R FEELE MovieLens 1 DoubanMovie >
HHE e EEAT. MovieLens H(#E4EM & I\ MovieLens Pl 2 WAL 3 1), AIEHE . P AP
AR 28 FARIEIT 0 Hm M ACE, 4y 3 M EELE, Bl MovieLens-100K, MovieLens-1M A1l
MovieLens-20M. DoubanMovie #4753 EE.%?”’)J:W%B"], [FIFEELFE P PB4 AR 2 s . 7EAF
SR S HETE LRI, RO L 44 5 S AR AR B IR 3, PRI 50 2 ) DL B B RS 14
i 5 HIR B EEAT U, 38 H E MovieLens %4 B0 5035 i A JF (1) DBpedia 1R & B8 52 24
AIAAE B (140 Microsoft Satori) XJ HLEZ#EATULAC, £ DoubanMovie #i#fs F{¥ FH CN-DBpedia [

11) https://grouplens.org/datasets/movielens/.
12) http://movielens.org.
13) https://movie.douban.com/.
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x 3 —MEXBBRENTIER
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-ITT 62]
L NEWS e B T

Trump spares turkey named ‘Butter’ with a Thanksgiving pardon.! ! Donald Trump: is the 45th and current president of the United State@
1 US Military Base in Turkey HasUncertain Future. * turkey: is a large bird in the genus Meleagris '
iExtremists attack US Military Base in Somalia. Turkey is a transcontinental country located mainly on ......

4 (MLERRFZE) — D AHREISC A T SEA R R R )

Figure 4 (Color online) An illustration of entity linking for news data
i 43 HEATUCAL. 7E R B, AR S FOC T RS AR DGR FRRRAE (40 i i R AN s R Y
&) AT LME i B S B R0t 5 B IRAT IR T HEE R G BOR.

o EP. EIHHEFALS L WAL S, HlHHREBdEEA 4 4, B3 BDbook2014, Book-
Crossing [921'Y) | Amazon-Book!'® fl Intent Book 1%, H:A#1 BDbook2014, Book-Crossing 1 Amazon-Book
i’aﬁﬁﬁ)ﬂﬁlﬂ&ﬁﬁ’]@%ﬁ’]ﬂﬁiﬂﬁ, A] LBE R /\.ha DBpedia B Freebase 39 3% F %} N (47 .
Intent Books ## 2 MK Bing 8K 518 H & il ok i, e iy sl 2= 45 44 1047 9 Judte

FERGEH L BEE, 5 FIR B Microsoft Satori HH IR EAT SCHX.

o FhiE). BT E T Rk IR IS R, DR SR o R L B R B S8 B
M 6 I R, 5 LSBT [ A PR SCAS 2 v S FE MR 11, R SR AN IR, Gl 4 s, ik, 788 H1iR
Ei%?ﬂ%ﬁlﬁ]ﬁﬁ?ﬁfiﬁ%*ﬁ E?EAXTEM?:@F%% (95, 941 " DA T 448397 P SCAS H () SEAAC SR >R, A

R SR DI, AN HEAT f5 SR HERE B8, X RAT 45 F BRI 2 Bing-News 2 B#i 48, nr DA
FH S 2K 200 & 41 Wikidata 42) FIT Microsoft Satori 74T S2AR JEEE.

o FETETEIAL. FHLT Xt X i i 1) 32 B o s FE OB T 7 i R HE R 45 R, ERLEAS DT 98 38 % ax A
SEBR I HERE S s AT O AT RO SRR = LR G Amazon FEER, A4 Amazon Elec-
tronics'®) HHE A LA K Amazon e-commerce 95 HEEE. R RS 1K) — LU A OC & PEARRAE, WS 0
JHRAE, DL BOR L Ja 1t A [T v 018 UG5 S il B (5 B AR THE R 45 .

e POL. POI /248 “Xllli £1” (point of interest), 13/ M B AT AT FE b 2 2 SCHIAE = SR A, il
TR PEELRT A T4, 8 T — AR IR AERE IS 5, RAE POL HERE I s hil i 25 8 H -l POT 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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AT AL A AT B N AR 4 Yelp challenge!, HA & I 233 i POT O PRI H0dis,
EFESCAFI 32, 3 FAVE X LE POT KR MEAS B, bk, BRI E | e b Al 0 (5
BEEHIERE PO MATIREE. tLAMBAHTFLEAE Dianping-Food ™ Al CEM Y 455 4k 1 3E4T
9.

o TR R, FENHBIEERL Last FM®) HALE I /E Last. FM fE2835 (R R 48 Ex)
HRFEBRCE Ty 2B, AT LA AR Freebase BX Microsoft Satori X # 5 K 3E4T ULHC.

o T BEE R RELSIT IR, I SERA W T T AR IR B 240 R I — N, Jd I ox By i P
25 8 M SRR B ORI, WL BRI R SRR 1T OO S Modical
Information Mart for Intensive Care ITT (MIMIC-TIT) (6] F1 Traditional Chinese Medicine (TCM) [68]
k.

3.2.2 FILEERS

D AL G HER I 5, PR AIAGHER: R G0 H OAE T4 P DB 2 =, AT H P B
SERIAE FAE B TR B A GER 5 0T H AT BB AR T B RELR (Markov) [ (97 98]
FIEIRFHEZE 2% recurrent neural network (RNN) FRASERY [09~101 - 1 e S FAF 34 4 28 WX 2% 7 7 7 IR
FERE B R IE DL N A B A& ROR, BRI J LA ol 3200 s e A A HERE RS T 1.

R EREAE D —Phid B HERE RGO BNE 5., I 8RB IF R 4 B 27 A HEREAT: 55 v [12,20.64),
Forr Sk [64) H, AR A8 —Fh U BB R D732 5 N AR B I3 E B 22T RNN 17514
RS, AEE AR 3.1 AN A A RIR A TR N R B 118 SUE BB R AR, R E1E
JNRLIE RNN (RN, $5005 55T I 28 et g-AT HE P STk [12) &% RNN W28 J6iad iz id Kt
R 77 BB 1), B2 TE— P T2 2 1021 (54, 7E RNN W Z% IR AR AN BT R) T 2 45 2, et 5
T HAEAZ . SEHEA] TransE 15 2 SLRE RS B, A B e 7% xR EEE E B rIF
FHRCR, ITARAL T HEFE S5 5. STk [20] 48 3.1.2 /N HR A H RO EE T B8 42 10 0 251 N iR Bt i 45
B DO TAE G HERRAT 55, AR TR) Y ROR S B AR I 2% R& 17 1 g S A B 040 () I 1), 3 4 113 6
TR R I R, g fE A R B 0 X 2 AR S R e A AT T

3.2.3 TWERFEERS

TSRS R G H R AEHERE Y i 45 T B RD I 25 R HERE RO SRR, AT SR THHERE R G 7T S
1 (58590 iR P — PR R R AN B R, RN IRATEE S 7 Mo Z (BB R, P ARk
BT R0 BTSRRI FU s Qi (1419,20.600 B iAo 2 vk i) R B TR IR AT AR HERE
ARG LRI T BARHERZ 1T, N 5(a) o, 38 AR B b SR SCIR 10 Bodle R 0 il AT SR,
FFiEA 5 AN R AR 7 ACBEAT AT AR R 0 M. 0, STHR (14, 20] Bt AN R S HLR R T 58
LA A ARG 2 TN 0 HE R S5 SR AU, e A ) 22 ek, AT RAGS HH LA 45 R LR HERE IR
. BlInfE R 5(a) B, XPHIT A SREE, REGHERES b RS CF R S HRORE ) 15 BT AT e WL oL Ja
TR (BIH IEAL) |, 808 R IWAE LRI hER - 5 E S AR ORFAEN) . L4, Ma
46 (601 5t —Fe B T-RU U VA 99 5 48 T 0 b 22 I 25 402 R 48, L Ttk % R e 1 Lt A g
S 2 0% A, HERTAS 7] K i 18] B DR HK, JF HRT AR 5 T R A0 T R4 R 4. I 5(b) 48
TR RG], T8I R 5 B SRR R AR P BIAZ EAT D9, ATTRT 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, ] 4y i () F-LAG 3 7 2 S 4 SR AR IO DL, I AT RE R IR 0l S AR S A ;. AL o2 i A
RN LR, P AT RE R 0 SCAR S (0 . i 22 U AR AR = ) S AR, JRATTAE mT LA &6
D SR AT R T

4 REHAR

T DA ARG, BATAT A B AR B AEHER: R GU I R0 S, 7T CAAE B R HHE7E 2
G AL AR R S % JR Bl DR, TSR TR (U AE R IR . HERZ 45 R 2 e, JF BARSE 2 N 21
AR 7, N\ﬁfé}EE‘Jﬁﬁ%%ﬁf%éﬁﬂ}?ﬂ%fﬁfﬁ% FF HoAT DA s AfERE R G R REE. A
TR — EBATA N 2 O AR KK R T T

4.1 EEEREE

H AT AW 7T R R EEAAR # S, R IE— I E) v B R, R sebr b, FniR B 2 18]
KA BAREPER. #lan, (Bill Clinton, president of, USA) X/ = JuHALAE 1993~2001 42 [A] Al 57
U VAR, — 28238 DL TH IR R IT R B R R T (F B i N 7 vk (103.104 - Bupbicth ) Ln Sk [103) 4 )5
B (h,r,t) —JCHEAA (bt 16, 7)), HA 70 A 70 3 RIRIRIX A I R A I )RR, Fif )5 s X
i[RI ) B Bk, AT LUK VT € [y, 7] SERLE (B, 7y t) SEHTE SCHIEREARSES DI, FHR AT LIE T[]
YEE . SRS K R PG MFEARES Dy SCHR [103] UL TransH (B4R, 5 1L+ ~ ¢/, Horf

/ T / T / T
K. =h; —w hrwy, v, =7 —w,r;wy, t. =t —w, t;w,, (7)

- J[EB iiBURY R
L—Z Z Zmade —d-(y) + margin), (8)

T€[T] zeDF yeD;
SRIGEATER S5, b d, = ||R) + ) — ] HARNE L1 8% L2 JuEL
HETT— LE A 5T (105 1061 K 2 S 1R I 1 1) PR R N 77 V2508 FH B iRk 4 L RS 3], B 38 R
S 107) SR 4, B T AR AT M RCR. (5 H ATIE AR A 0T AU S5 A S A FR RS 1 k. Fsk b, ZE N
%‘ﬁlﬁ]?ﬁ?ﬂﬂlj XN I R R B WA R e b, FATH] Ll FH s SRR RS I TE, 2 21 SRR 3)
A, AT SEA ROt A A R A 45 8., BEMTSETH A X it AR AERCR. 53— 5,
FERT P A HESE SR G000 1) b, ARG 3 (0 W 8] R B e P SIAARLE AN (] s ] 2 A A [R] 7D 17 s g %
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779, PR TT LOREIXAS B ) R B B 3k — 028 FEON B 1, AITTEE & sh A RnR N B AR, T peiEy
e

4.2 TEHEEFERG

FE— L8 R B ) S PR ZOR BOR HE R S rh, s AR HERE . RS HERR A, L SR
B, DR FATT AR 1 1R P 1 80 2 A 5 1 SIS P AL EIAT PR 7 77 2 1 i o A B ST R I 0L
IYAFAE RN () A v (0 . AR RN 3, QR EUR A2 T A 55 R R B SR IERAS 21 B0 5 i A 2
P28 Bl K, S A A RN 0 75 2 PR ) A R AR, T 1 4 5 2 s sl SR B 0 ) 1 i,
AT BT EHTIGR. RS T BRAR R D732 h, B0t B Hodl HOB A A e A2 L G A th
ORI (8] AR, TRk H R 7R TG R0 — S i R BER B E I HERE R, MIAELR Y S Bk
(I3 B2 31O 1 M I A i FEUAT ASR AT SR, B R 2) BAT UM R R, B 45: (1) T BT %K
P22 SRR, SERTRERY, (2) DR AR PR 1 Bdl AN 2 B T AR B (3) 22 23T A EE AR I AT DALR
B A KB O SR AT AT DR A A LA AR B L PO 1 8 PR N T i (1081090 b A1 S A #7537 5
BEATY R, DASE N SE I P SR B A HERE 17 A, FEAoxe SR Il 5 P P 58 L 00 VI R PRI ] AR

BEAN, AT R F S 1, RO BATE ISR E R G AEAR B P i 8l 2 3Ry, JF
HAEBAT AN KR A e, (HIX 5 SERR R OUEAEAST. MIAESERR Strh, B0 i 7RI 55, 3T LA
SEIPRAT — R BN SR . W o 3 T S 10 S BB 45 5 R R BTG S S AL BA TR 50, th g
RRHIBT TS Z —.

4.3 ETEIBFI

FATELE 720 Fn R BRG] LA Dy — R 28 A B a5 BB AT TR e a0 1 1), (HIE (S
T EARBEMR T — BN 80 T R G0 B — e 4 10 F P B 0t i I 00 1T TR U AT
o 2 HHEAR RS RS, B AT — 2o T AR IOHER S, (EOXFE I SRR AR R 5 A e
SR ER AR R R ATA R 20T 50 2 U A R 2 SO I SR [ it [0 1000 3 R A
FIAIREHERE R G 2] BB R S 4, B L2 X B B, IR G B AR R A IR R SO R
Zx, MIMIRTHEAL A SERRACR, IF B o HARHER R GE N80 A 2 R R L FsE b, iR B R 24
OUTAEANR B3R AR G0 1A A BL RO R, DRLSERI P IE A% 25 ST HE R 28 Gt AR B 2 2] 1
AR 2INIE Bh 0 HARHER R GeH, AT L — 2D s R 5 sh iR, SR THERESE R, IF B A
FETH LIRS 25 > BUHERE 2R 58 P I 0 AT AR

5 45%RiE

FIVR R D — Rl Bh s T DA RO R THERE RSGTHIROR, FF FLR o A% St Sk i ) 22
N AR SR o AT £ SR W P R VR P U AR 7 2R R AH S8 SCHEAT 1 IR, 8 fi] B0 [ A% ¢ ) 77 B0k
AFR RS RIRZ G, X3 TRR B R R G R0 TR 5 N AT T R GRS A4,
IRJE 2 T ARIGXAETETT FIAFAE R SR Ra S, A5 BT DU E % U Fr 8 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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