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e e R AR TR I 1 PRI B T AR S R HER

gzt W e @ b R S EAT SK, HEW S 2 A G B i ECR RUAR, ATT I SE R R
RITERAF R, HBRIAAT R R ) 2

DA 1) 5 SRR LT oy R LT A HERE (content-based, CB) B\ HpFIiEJE (collabo-
rative filtering, CF) ¥ NARK PIALGHEFE T7ik, AL T IR B 24 2 HER 7778 (deep learning, DL) [l 4%
Siif) CB Al CF J7 kAR BEOWLZE B, Jm i & F P g 52 5 00k 55 n 2 TR] RO AR UMY SR At H AHE 7, (B R
ZRRF R IR B TREFIAS T 38 e B ER FR it DL J7vd i 51 N K &2 B0k 2 i i Ui 15 2h Hh (0 oK
FOHLEL, ITIIRAFAR TR G 0T iR PR Re AR T, (BAELET 2R ) “RRAR™ o) {1 (6] 350k = W] MR 1 A
FEWIRE, HE LA R E o> F P BB AR B DL T P O HERE 4 RO 58S, RS 1 SR
(HE L. HEER LS R IHER M R R KRR ML O TR, (H5 U ER, AR A R 252 i B P 5 4
AR, A RIFATEHT I RE AR AR TE RGUEWIJE, LR & H o RG 15
PR R HERR 45 SR e S22, DASH P il S

N T RAh B BTHERE TR A 2, ML TR AR EE (knowledge graph, KG) 51 AZIHERF RGiH.
SR PR LSt S b () SRR DG R Rk = e B, I DASHARAE T R, R R AE, MR — AN KR
[ S K SN 28 (71 R SR Ul 2 v — Mol e R RS R P — S5 s B B R — A 7
FfE B, it 5 ek oA/ A 7 20, R AR S b i) 50 R DR, ZRTNEBON R BB,
BAESERR A E AR AR 2 PR T o R4/ I B T A @ e, — B R A2k, JogAs /B i 2 B 42,
I HAE T4 ARG BT EAT Sk B S5 1R, SECTHRMEIRIBECE. BRI, M AR H 73T
SR P 1 v B (R HEZEAE S RippleNet 81, JOHESLIG ik liedg ssc g N P R0 s s, B Lol Jl i v 1
SRR R, AL R N B, SRABCE 7 I 77 2, KRR B R AN 5 HESE M55 4
G, BORPR P2 27 2 SRR S O TE SRR AL, A HESRIE REAS AL TR EITE b, 4T ]
J 3 s M e s R B AT, DAZIE ] P YRR AR I R, o R i B R BR AR D HERR 4 SR R R

SRR AT A T IE AR S 5, BUNIRIEE 3 R A2 T B SE R B 5 0 SR A7 15 35 FE L8Ry 5E I I
RN DRI, AR 220 X L A R TS R B OCE AR M A A R, R LS IR
TR AR AT 7 A THI BRI 5 20 AT, 424 S5 A A7 A P B SR AR AR 1) R MR (101 kg F O 2
RippleNet HESE, $&H 1 — P45 i) 238 T i 0 U PRI 1) ] e 5t ) HE AR 7 vk Geo-RippleNet. A<
SCHET R ER T IR IS T — AN KA ATl i R s, A2 S i B 4R EX Geo-RippleNet
DT TR ERERAIE. SEIREE RR B, A TR SR RIHEE 777, Geo-RippleNet 7£ AUC (area under the
curve) FIHERAZ ERJIRTHE 84% M1 72%. ffm, Wik S48, LART - P sk BMed 5t m i 0% B AL 1k 2%
%, W T Geo-RippleNet Xi#EFE 4% AR 2.

2 MXIME

2.1 =REERZE

CB J7 V52 50 A i N 4 SR HERE S 21 1207 ik — M A NS, RRAE AR FIAH ALLRE T
Be. AR TR SR E RO E, 0@ PR B 1R 55, ARURE VLIS, AEAFAE =5 18] b it B - I
SRR 55 R R A ARALA:, DA AR LA R R A g 45 SR (Y, Bl | 9 52 A 1) 7 2R L P I 52
Hh2E ] — AN AR, WIANE DT (naive Bayes) BZRMEFI A 44T (linear discriminant analysis, LDA),
TR I S 2B P UG R AR (click through rate, CTR) Bl 38 P 28 BOHEFE ] B s /L, {H S P
VE 53 32 BT AE TAZ AT A R ANYA 5 30 fn] i 249 3R
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CF J7VEAN TR EARHE TR, W2t 2 H 2 Fl st R IA N — /N S B RE, DU 7 3R 5t mURHIE
(item-based CF), B [ ., LAs s R~ H FRHE (user-based CF), JHit AL 115, VLECAH G = 5, 56
BHERE. BAR CF J5ik) 2 B T &M g s b (A2 IR T HAdE Mgtk . <A =g~ 12 Frmr g et
S5 I LR

DL J5 T ERARXS AT . %R T7 VA Bl K B SO AR LM AR okl & L S A v i B 2 AL
il FE SRR b, A AN &R O — AN R, RN O BT A R SURE, il AR A
FAE, K P AN SR R B SRR AE ) B Ao TIOR3 1514 DL AR TR G i, B— e FE ) Bt
TERE, EtAT ok <REART AR, Jovkia P G B R R HE R A

2.2 EFHREERHEETIE

FEFIR TS FOME 3R AT, STV 2 R0 7T, R iRiie AR E 3B 5 2, FHT385% CB 8L CF
J7ik 15161 R AR — AN ORI U K T ARG, B T R R I B AN e R A A
A TR AR E SCRARME S &, W] LR B M i i, SRTHHEREVERE. (EACIR Ao H e i Rl L
k. HHTAAE BRI A A B, A SCHE R HERE R 8. DR oLk F 5 Y 1 e 1R &1 A8
o O LI T R P ) 5 S AT SO A SRR A A 15 R R 2% B AR, S S S [ B AR 37 R T
BRAR /W, BT B A R TR, PASRTIHRERE I Al S5 TT i A B (18191,

ER I T ou Az BTk, T3ROS T U L SORYE HERE R MG B 250, AR B s, JF HAX
R riR BN R, B35 T SRR e SUE . BRI, FHREEHRA TR (knowledge graph
embedding, KGE) 2% # 5] NHEFES 57 1. KGE R &I o (K R SR R R AR R 9 — DM 1]
B R, ORI AR IR B0TE SUE R, St 5o s B8, IR Eee PY. T
KGE %L 3EHES RippleNet, £EPERESETH 0[RS, 3o #E W7 % 3 B A2 0wl il RefE R dR fit 17
HIRE.

3 A&

3.1 HXENX

U= {ur,ug,...} MV ={v1,vg,...} DAFRF RIS RPOR S A8 E, REH 25
ViR IS 7, AT BLE AN - Sl B Y

. WA P,
Yuv = N (1)
0, &kx.

KR ¢ HRE SkSHk - KRR - B M=Jc MK, B (h,r,t), KPP he& reRMteE, €
AR I HARE AR B PSR R RS FAHERER S I A€ T,

EX1 (RS Sl - SR HAERE Y MAHREE g, B o KRBV ik
S v KB g, FARIE AR AL B — MER S &

Guv = .F(’U,ﬂ); 9)7 (2)

Horb, F() KM TTIE, © RETNET NS HES.
ARSLIFF5 48 5 AR ¥ RippleNet FE4E—, JLH AN G4 L .
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:Ju

2 (FHREUA) A - RAZHAME Y MATRERE ¢, P o 1 k B RS w
EF = {t|(h,r,t) e Gand h e E1Y k=1,2,... H, (3)

Horb, £ = Vi = {vlyuo=1} R w ViR H 7 257 R AR, AR XA 46 A
EN3 KB T u i)k KB4E (ripple set) & XN, BL EF=1 sk Stk i) = e 4L &

S = {(h,r,t)|(h,r,t) €G and he &'}, k=1,2,... H. (4)

3.2 RippleNet EZE

RippleNet LA—ANF P $D~/\{&iﬁi oo NN, B HOZ S w VRS o B T
7 it v, AREE T HIEE RO, LA N AR B b G 3 R ah s, AR RS B MK 4R
Sk (k=1,2,...,H). RippleNet E‘JF‘%MS*E%&%%%IM 8] HHIKE 2.

RippleNet $&FMEL T SIRA RSN —A d 4Em T v e RY. SHAS o WV SE v, —B
KA BRI =0 (ha, iy ) SIRES A v BTHE—AMHMEREER p;, 7R

exp(vT R;h;)

; = soft R;h;
Pi = SO max(v ) Z(hrt)esl exp(’v R;h; )

(®)

Hrr, R; € R 2 WK &R FR=J0H KR d x d 4EFEREROR, by € RY 52 =oAL Sk Sk d 4t
RN, MR p; PTRABRAR i 5 o S IS Vo, BIERSEAR by, fE=J0HKR R r; B
VB SRR, SR, WEAEDGEAE — B RippleNet b HISkSEAR by A SR ¢, BEATAL %, JHAE R SR AL
PR, Bltt, DUHRYERER p, NBUE, KT RS ¢ AT R, 193] RippleNet b FITE £ i
TR o}
ol = Z piti, (6)
(hi,riti)ESY

Horpt; e R ZRSAK ¢, 1 d R ERIR.

XT?~Bﬁ7K&%%%@%% o2, AFM ol B (5) o v, HARCREFAZL. X T b 7K
G, 03, ... off, EE U LA RREITT. F 7w BRI RIRS 2 O9IZ M P AE BB KB _EDGER
2m:

u=ol+0+-- +o0 (7)

w2, AP AR RN o FRIEF A E B ROR o B NP LSS, 153005 HAER B .0
v = sigmoid(u'v). (8)

3.3 IRITEBTSHEITHE

TR S BT B A I 2 B T R E A SR R, A SO M B A0 A G i U AT st
AT 25T, F2 90 L b 2505 A b B SR 2 0N A 2 P AR AN SC ) 28 20 AT ) 5 422K B R P8 X
—— TigE ) LA 72638 4 O T 20952 A4 E B AN 114724 4 HFIC SR
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1 (MEhRFE) BITEEN R RITEEERIFN 2 (MEMFE) RALARBRSENESHXR
Figure 1 (Color online) The influence of travel distance Figure 2 (Color online) The relationship between the co-
on the visiting intention of attractions occurrence probability and relative distance of attractions

3.3.1 HIEREYN

T 5, FRAT AT B AT B B S s U ) SRR e, DU P R AR R H 0 BE B e i@AT I R, 4
M 1 BN BIERR AT BT B AT LB, B A AT EE B 0BG N, R U e S R MR
. UEAk, £E 1000~2000 km [P0 S YE ], B 7 EIRS & T A o 8t ih 26, SfEE st bt I
G, BINATTR Rk 3 BBl LT #0015 o B RO R,

BEAk, REWT TR AR AT IR EE A6, B %28 A AT 20 P 58 & 14T A, B DA
PN “Levy-flight” #5220 221 ARSCoHT 7 S i [ — P P L [R]  1n) RARE %6 5 5 i 2 TR AR KT BE B 1R SR R,
R IR A R IR R R A, R? 153 0.939, W 2 Fios.

BRI A R R, RIWEE BRI PRI S (1) B P T U 0] R B A R (2)
A1 173 S0 S B (0 5 . BB TR 2 R AR A M3 SR SR AL

3.3.2 =THERE

IR [R]85 7 [F A 2 R IFEAT A P AR AR OK 2. 15 %%, FRATTAT 2014 4F 1 H ~ 2019 4F 4 H 1% AT
Befite At T ook, i STL vk B3 e b AT FIPE 70 . il 3 B, Tk lie s sh Ak B
I ZEATPERP R M. FEFTAE Bk AT, BT RIR, SR mvr i &b 2 5K, A «—
TEA A, S U IR ) IA B A

Bk, FA KV W) & 5 AT 15% I H I BONIESE, KT 5% A RAIREE, BT 5tm 4%
HIRHREE A 22 5 0 4 FoR. i Eaifi st s gil, BATRIA R 58 B 56 &R H VR IEZE 534,
X B FEAN RN (A1, AN ) 55 s R 51 ) 58 A — KL

3.4 Geo-RippleNet #HFGE

A TR TR AT 9 BRI 2 R bR N 380 o TR S MR A SR A SR v, SR T — R X ik e 3 S5 F 39 ) 4
1 J71% —— Geo-RippleNet.

Xof T B SR AR RN, FRATT S T B SRR FR N RO A A RO R R T B AR AR 3.3.1 /)
1, H T PR P S AT s A A S R SRR, BT A TSGR SRR I, AT PR P s st AR
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Figure 3 (Color online) The periodic decomposition of travel behavior
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B4 (MERFEE) RREUREENH

Figure 4 (Color online) The off-peak season distribution of tourists to attractions

B Slack @ Peak

(= - =

Ratio of tourists (%)

—_
(=]

G 55 AR R X B R R AR U, KX (5) B T

exp(vT R;h; - decaa,)

; = soft TR;h; - decqzq) = ’
pi = softmax(v €Caza) D hrpyest exp(vTRih - decga,)

9)

decgoq = aq - distl;;a + c1, (10)

o, decyse #2 5 AURIFIRTEE S dist®,, MIFRELEIEIRI, a1, b1, 1 NEEIRITMIS L
FH P AT 7 B 52 3 Ja A H 3 M (B3 AT BE S s . R, 2R T MRS B R, IR
AIT[E]) = fE T 3@ AT R 2 i B vk

Yo = sigmoid(uT v - infpace), (11)
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Seeds Hop-1 Hop-2 Hop-H

Tourism S — ——— — e b
KG o °

Ripple set S! Ripple set 52 Ripple set S
User’s Propagate [t (h, P>t
history I

J

Propagate

=

(h, r)>t

7 R e -

1 EEEEEEE - (-
= D] B L om0 o Q1 EP@
Spot \ [EEEEEEER] - - - - oo IR N <\ (- O 1 _ )
embedding \ T - - | 1~ D) - e iy Predicted
T Rh  dist,, Softmax ¢  Weighted Rh Softmax ¢ probability
average
5 (MBI E) Geo-RippleNet #HEEIHES
Figure 5 (Color online) The framework of Geo-RippleNet
infpace = ag - In(distyoq) + b, (12)

Horh, infopace NIBATERES distyoq FIXTEERIRIA, as, by AXS BRI SHL

WRAE 3.3.2 INFIPFTIRRIIRIFAT N EIZETE, SAEARAGEA ARG ). HREREA 5 A
PIAEA IR, ok LU 5E 20 2L A (s R, B, AT T, AT ulimad fa ip 2
WEATHEE A e A i eI R, =k 2 BRI, PRI, JAT TR AT =2 TR %1 ) 557
R A A3 AAC IR 5] 77, FER HAR N B AE 2L

o = sigmoid(uT v - infrepp), (13)
infiemp = as - (level,,j)3 + b3 - (levelvj)2 + c3 - level,; + ds, (14)
level,; = o (15)

)
max;e{1,2,..., 12}(numui)

Horbr infremp f25R R RIZETT IR S IE T, level,; RARGES AL v £E § RIS KN, diie & U5 1]
EMEE L ERE), a5, bs, c3, dg 2 =IRZ IR SEL
gi b, BAMGE T AR B FERESE I BRI A —— Geo-RippleNet, BRAELR AN 5 B,

4 G

4.1  FREEAE

SO I 2T TR BT IR R T — S K il AR B EOR B 3 MR R Il 45tk
PAEFAEAE SRS, S5 EHE TR ORI RIR . A3 CN-DBpedia 1F 45 F AL BRI
CN-DBpedia 4% 5 13T RHER}, IR T8 RE i 2 RGN RELR T SR 55 2. DUk SEA R
Tt AR P2 T B = e AR BT iR R B A A AR 2y R aS R B S
3 19X 3k 0 S5 T TP A I 2% A, SO IR 1R 10 5 SR B T4, I i g AT A IE U
RIEASEIH 7 I SEA R E, 01157 S0 TP (855, e KX 2 g 1t A = e AL R ik e
FIR BT . ARSE R A Bl R B 08 B B B T R BT SR AR X T ARG AL K SO L
fi&, TATRHM TF-IDF 5395 M h SR 7 R & A SR s 05 R
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Summary

Chord chart || Force layout

@ sz @y @ Exy @ R2 00 Sl @ oxe @ s BCHaxk

Arcadia

State Key Laboratory of Resources and Environmental Information System

Bl e (MERZE) RFFMIREEDN (a) EZRTEEM (b) RF

Figure 6 (Color online) (a) The framework diagram and (b) the demo of tourism knowledge graph

2R UL b 3 FhEE YR AR ST A e T R B A 1 6 FToR Y. iR AR B o T 4 700
ZANIRTT T 20952 N5 AL HELE 369599 N =J04H, 123261 SERFT 323042 4Nk &.

4.2 SLIGHIESE

AT LA 5 3 2014~2019 4 B U5 IR0 AR N 5t s HEFAT 25 I Se B0 2R 2. O T il
JA BN, FANEGR Py sl # A2 5 MRAMA A EEALE 100 MR AL ZBIEELEA
10000 A, A A fEAR B 700 Z AN T 10000 A5 SR 3759921 4517 id . A0S A 5 1n) e 5
M, EZ BN 1, WS 0. 7ESLIG IR b, K B i 4% 1R 6:2:2 R0 NSRS . B0 IESE R
MHAE.

1) https://gaojialianglreis.github.io/KG_Demo/.
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4.3 XtEbAEE

TR HERE S, A SCEFE LT kAT Y Re LU

o T WARMMESE (CB): PAFL s AE SR = J0HAE N RAGFAE, JEFEAN 2R DU 7 70 2588 T
JR i 126 55 s U Tl R

o TR YEMHER: (CF): B T4 ¥Rl S8 52 (item-based CF).

o Wide&Deep: & TR 3] oL HEFE 71k, B2k S5 AR R IE I IE A 25 & . Wide&Deep
5 RRFIEfIAN S CB — 3

e Rank-GeoFM: POI #EF#3% 5t R 5 FR L 7V, K25 BT NI 2SRtk il & T 9K = 7 R HE 2.

e RippleNet: A5 1Lk HE 1 JERTHE LS.
4.4 THNIERR

ASCR P FIPEAN R R, X HL & 1L PR RE R B

(1) fE TR (CTR), ISR B AR AN P — S 28 BT i, LA
AUC FIHERIZ (accuracy) SKVEAL % 1L ITERE.

(2) FERARHEAESE B (Top-K), B VI 26 5 AU BUES S S8 o O REAS P E AT 0, SR U
RS BT K MBI B A AR5 5, UL Precision@K, RecallaK I F1QK i (i e 7545 52,

5 Z5R

5.1 FENfEE

FITEELE S H RN (CTR) AR (Top-K) FHIOTERERILANE 1 M 7 Frs. seihss R
ST SRR

o CB Ml CF J7iER a2, WA ERZRAE 0.5 BT, AH 2T 3A 0 XA AR 0 1t fe ik 2 i
AR, 35 H CB §) AUC #65ET 0.5, B CB IS BT T 52 RN 6. i CB 5242k
B R ERR, DA B b i = e R AR B AE, e LSRN R B A8 S S, A
FURIER A, CF RV E R Z P — 58 AR AR BRI, SEIR 30 56 b & 5 P2 2175
TR HA Ny 21, LRI B A U5 5 AT AAERZ S S RHIE. 2L R 2 TR RA 5 R
S JE B AR E G 1) 7732, et a5 R L Ih A 7 Ak AP 000 W, T FRAT TR B2 CTR U
B, BP0 R 15 2 E R SR AR 15 B E I 5t . I B 22 e 1) (R FH P RO R ) St L 22
RIS G L2 B0 I 5 s AR FRAFE AT iR 22 20 Ay, R IR 56 d v R I B M St i 30 D R
F A, REER A e B 1 5 mU B B T s . BEBAAE 421 CB A1 CF 7 i ) T4 A1 44
SR, TR T TR R A 2.

o Wide&Deep KT CB 77k, A RERMERIRA, UBHURE % I HESL FIRHIER R Be IR T-1%
SIVRHIE TAZ. AHECT CF J5¥4, Wide&Deep 77125256 25 FRAMUER] 1 H E4 385 A AR B A ) =
TCAH, FREEE AT ARy — el SER RS B, SR - SRS BRI AR L.

e Geo-RankFM HIZR M EFEIL T Wide&Deep 7775, Geo-RankFM J7 k)@ T3 T CF 75
5, A R AR S5 Al AR BAE R, A8 B IRIEAT 9 I 25 e VAT AT LR B4 T Wide&Deep 1
HEAFROCR, Ut BRI AT D9 I 225 R0 PR 20 K] 5 A7 28 o0 EL L
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*1 BEHEFEN AUC FERERI

Table 1 AUC and accuracy performance of each recommended method

Model AUC Accuracy
CB 0.504 0.499
CF 0.782 0.501
Wide&Deep 0.855 0.773
Geo-RankFM 0.837 0.754
RippleNet 0.912 0.821
Geo-RippleNet 0.928 0.852
020 @
0.18
4 0.16
® 0.14
£ 0.12
3 0.10
3 0.08
Zooe T Te—
0.04
0.02
0 R e e =
1 2 5 10 20 50 100
K
-+ CB —CF Rank-GeoFM
—RippleNet —Geo-RippleNet Wide&Deep
030 ® 018 ()
0.25 0.16
é 0.14
3 0.15 ® 0.10
2 0.10 m 008
: 0.06
0.05 0.04
0 0.02
0
—=CB —~CF Rank-GeoFM -=-CB —~CF Rank-GeoFM
——RippleNet —Geo-RippleNet Wide&Deep ——RippleNet —Geo-RippleNet Wide&Deep

B 7 (MEMFE) RUEFRIER
Figure 7 (Color online) The result of the optimal recommendation set. (a) Precision@K; (b) Recall@K; (c¢) F1QK

e RippleNet [RILT LA A BIRT L7, IEBZE & KGE HAR GRS 55 KRR B3R BN R B3 A
HEAF S TE UE .

e Geo-RippleNet HI1EHEM T RippleNet F1LA X EE 77, 78 AUC FIERR L33 S28 T 1%~84%
A 1%~72% WITEREER T, FRIALEXT FH P DG HIR IS b B A& 3 i R AT E AN, 25 R Uit v 20 F)
BRI AR A R .

5.2 BPHN A BRI

FATEIL G R (CTR), X E T HER A RN AN 73 T o S R Pl 1 XA S HE SR A 1
$eTt, ik 2 P, MU RN MIVEBESETH K TR A SR T, IR A T o B R A A PR AR
fRIsZma. P RN 3[R A P PR RE SR T K, 1 53 s 377 P 25 RN A DR 32 IR A ).
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Table 2 Specific influence of the space-time effect

Model AUC Accuracy
RippleNet 0.912 0.821
Space-RippleNet 0.921 0.839
Temp-RippleNet 0.918 0.831
Geo-RippleNet 0.928 0.852

Bl 8 (MEMFE) REIRR

Figure 8 (Color online) The case study
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Abstract The attraction recommendation systems not only filter out overwhelming irrelevant information for
visitors but also identify potential customers for service providers. However, the current attraction recommenda-
tion methods such as content-based methods, collaborative filtering, or deep learning-based methods are either
inaccurate due to data sparsity, or lack of interpretability, which results in the users’ suspicion on the recommen-
dation results. To address the limitations of the current methods, we introduce a novel framework for preference
propagation on knowledge graphs (KGs), which utilizes lots of parameters to capture the abundant semantics of
existing KGs more comprehensively, and meanwhile explains the results through reasoning the link paths from
user’s history to candidates on KGs. With a multi-view spatiotemporal analysis on real-world travel data, we
investigate the geographical characteristics of human tour activities and build a tourism-oriented KG based on
open web resources. Then, we propose a KG-aware attraction recommendation method named Geo-RippleNet
and implement it with extensive experiments on large-scale datasets. It is argued that the framework for prefer-
ence propagation on KGs not only absorb rich semantic information to achieve substantial performance gains in
the attraction recommendation scenario but also enhance the interpretability of recommendation results with the
support of abundant relational knowledge. Moreover, incorporating the spatiotemporal characteristics of human
tour activities into the framework for preference propagation further makes the recommendation performance
more aligned with the potential interests of visitors.

Keywords tourism knowledge graph, attraction recommendation system, interpretability, recommendation sys-
tem, tourism management
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