SRR : 10022

Rahit¥

Beijing Forestry University

AAF B 32 ST (3% 7T)

ETMREER B HEE RS

(R34 )

Movie Recommender System Based on Knowledge Graph

(FELWA)

PRS-
(EHE A

¥ B e
R PHELBLR R
1 9 HUT E2S <

2021 46 A 1 H



RahEry

Beijing Forestry University

rFREME
FTEY



AEE R A AR L iR 3L

HE

MAAERCRHKZ AW IEm, AP EFERN R R AR LA, FaedEs o
FRATLRERK, AREWNBLIERE F AP OHME PR EA BRI, FFRA
R AR ooy P AL R W53 &R F H k. A 69K ko R B EAE M BN AE 6
EHEH EFOERA T RN T E A TREW G &, XA T EHFE - LBTE,
B AR A R ki B P a4 X AT 8, M 09 R A BUK,

ALFERT AT I m Biey “EHRLE” EHEL L, “EHRL” FEBSR
FRAFEAEFFRE T AEGEFEKE LT 50 E5%, KB PRI T 4.
3t F AR P, EH RS LRI A iR B g P — AT, RE B4R
B P e X RT3 R P RdF, #tm K% A P EAME 4 s LS5 B R
DB AR, LF A CEET LR IREE TR P RF SR HH R
Itk E A4 09 CKE. DKN. PER S8 A4 Z Ak, R 2Hegkak. A RzHE
k, ALRHAFFEALT M TRRBEGEYIEGTRR, ZAAOKEFTERAF f=
LAR P, EERRIE., hEAMREZ SR P, AR P RIE., EREWEE
o MARTURMKEHRIA R PIRGFET, ZTRAPFEFHZ O TRIFHEE,

REEE: AHENE, RS, WML, L, R



AEE R A AR L iR 3L

Abstract

As the number of online movies continues to increase and the time cost for users to
choose movies continues to rise, accurate recommendation algorithms have become an nec-
essary requirement. In order to address the scarcity and cold start problem of collaborative
filtering, researchers usually make use of side information, such as product attributes or social
networks as side information to assist the recommendation. The existing recommendation
algorithms that use knowledge graph as side information include embedding-based methods
and path-based methods, but both methods have some shortcomings. They do not make full
and effective use of the relevant information in the knowledge graph, and the accuracy of
recommendation is relatively low.

This paper implements a recommendation algorithm, “Ripple Network”, based on
knowledge graph. The core of the Ripple Network algorithm is to use the idea that the rip-
ples produced by raindrops in real life continue to spread on the water surface to stimulate
the spread of user preferences. For each user, Ripple Network uses its past preference as a
seed set in the knowledge graph, and then continuously expands the user’s preferences along
the relationship path in the knowledge graph, and then discovers his hierarchical potential
interests concerning a certain candidate item. Multiple “ripples” overlap to form the user
preference distribution in the knowledge graph. Compared with previous model results of
CKE, DKN, PER, etc., the experimental results of this algorithm show better performance.
Using this algorithm, this paper designs and implements a recommendation system based on
the movie knowledge graph. The system includes administrator users and general users. The
administrator can add, edit and delete movies and users, and general users can browse, collect
and purchase films. The system can provide users with an efficient movie recommendation

function, which is convenient for users to choose movies that match their preferences.

Keywords: Knowledge graph, recommender system, Ripple Network, user preferences,

movie store
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Figure 1.1 Knowledge graph enhanced movie recommendation system
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(1) MongoDB

'https://grouplens.org/datasets/movielens/1m/
*https://www.imdb.com/
3https://www.douban.com/
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MongoDB & — ¥ % i A 5k R B A7l (1) oA SNt s Bl 5, J& - NoSQL,
5 MySQL AL Gk RAVEIE FEAH L, BRI m R R SRR, B sl SE 1tk i)
Perie SRRy, 1985 T HEET OGS F R AL M BRS¢ R EEE R, B
Tl Sk B R

FEARZR G, MongoDB f7it il 8l . & 7 Bl . A e B 45
(2) Neodj

Neodj & —MEA mIERE EIEIEE, e8RS B EM L EimA
FEAEAER T . EA AN A B PR T B R R . BOR Neodj & — M B3
W, (HECaERAEE L2 S XARMBER SR ER TR, BT H
mPERE . EATEETE AT A

HERRGH, WAFAENESL S 182011 4, FTAAERIILE 1241995 %6 W
RIS EN AL G R R BE I E T, SRR E R ERE ST BRI RETT 4,
RIAAEHRFET A . Neodj xf BB HE A FR A 7 O0AK, DRI 10 S5 B A WT DAAE A5 F) I
(] N SE R A R G0 R B B A7 1 7 Neodj Hh i AN ¢ R I HHE v
2.3.3 JEhHAR

ARG Flask HEZEAE Y MG 5 s tELE . Flask /& —> Python %% 5 [ & M
SR, © BARE. . WY RER . RS Flask fEZE 70 FIH 1 H AR 7T
P RECL AT RAETERHT AL BARRGE SRR .

RGEHRIERE e (REST) KA HIR R H (APD EJYHT i i A8
0. RIZIREFH (Representational State Transfer, REST) & —Fh%&F HTTP
RS ERE A EAR REEFIFER, ZPUE i Roy Thomas Fielding 18 7E 2000 4F f) 8
ARSI B, H R LA R R BT . FEM S B s « 3%
TR I T CARE R L (HTTP) (—4HL4W, % iUE—F BRI
YE 25 ARG RE . 7 G BRI iA R AR (PR 0Y REST B¢ RESTful)
R IR 28 JIR 55 70 V2% ) i A R A FH 98— B VAR VR AT U7 ) AR A IR 2% BRI oK, X LB %
U5 —HE CHHRAE — B B, R EIRGESHHIR 4 1 Internet Lt BN RS2
F)AH ELASE R B ) LA . 5 ARSI 2% Ik 55 (15111 SOAP JikR%5) AHEL, BT
TR B CoE X — AR RV 0] X 28 B

R TARGEH T REST KA APL, A RSt AE 5 A RO FH 22 A7k F2 7w
S, (A IS A I g 1) F8) 38 TR T IR A AT LLEAS[R] ) iR 55 4 b B — 3% B 5 SR v AN [R] HY
HR, fem T ARG R, SIER, 55T REST XASIE LT, {HH7
i i A L T B T B 1, s 1 R FH A e B v RSO S M AT A SR BT R A
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2.3.4 BiEGELAR

A ZGHT b Angular #2242 . Angular GE¥ 45 “ Angular 2+” B( “ Angular v2
PLE”) &—ANFET TypeScript FHFIR I 25 8 FHHESL, & 1IFF & B Google ] Angular
PAA5T T [F] B A AN N R HoAth A B 4E37 . Angular 5845 MAH [R] 3 BA & ) Angular)S E
HomE MK . Angular % % E N MEAN BRI —#4) . MEAN AR +%48 MongoDB
B2 . Express.js P48 AR 55 25 HESE . Angular/Angular]S DL & Node.js AR %5 #5128 170 .
AEF MEAN HiARH, KRGKHAR “E” (38 Express.js MRS 25 HELL) By
T Flask M4 RS54 HESE

L AE A Angular FE4R, KRG AA DI BHAL . me B2 0T 284
[ i fE Bl T Angular Material Components ‘5 7 4F %, ARG Riom Ul £76 Mk TH

(Material Design) .
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3 ETHRMEMREENHERRE

3.1 EWHMLL

3.1.1 %4

O P 4% ) A PR SRR A 3. L T s, BB B SR R R e 2R T R P RS B AR
(PIREWE . WEHR 2 LL— AN w M—ANHE o FENRIN, FFREHP o« 5 o 2
(P2 A A2 FL R . ST o TS, H PSR HAdsk V, & HR B iR 4E,
e 1 AR RS 1) 20 RIULTE L AN BRI SE (k= 1,2,..., H). 3 k MEHFHEZ
P4V, it k BMSEIMAR =0 . AR5 EACHR A X S AR LR o RN
For GEOMEY HEEHAS o XFEE o MRmRN (GER5), K453 5
M ZARANFT R OREMED . &2, FIHBF o 58 o IR RITTEEH o
X HLEE v SR P TAE R v,y 0

MrE Y 208k SEHEE

—~&- -

pE3oE O e SH

TR

B 3.1 W45 1) B A S

Figure 3.1 The overall framework of the Ripple Network

3.1.2 L

AR S A FE N FEE R SRR e, E3.2 (EHAFE S
P [ B R AN R BRAR RI SE U 4, R P WS AR SR 145 5 1 X 3 P Sk I DR IR AR B
B W “RIH IEA” 5 CBREE « PR T AIE, B RIMBRN “BH
Ry« PRI R “BIHIERE” T, M “RERKR” M “PaKE « K
e fHIE. Bk, WR—ANHPSEE P IEE” L EE, AR AT Re R “ (Rl
FIARR” B, N T A P AERREE T BRI R4, 1B HE P u
(1) & BEAH SR
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$E3 Bk
B P I 2004 I

director.film

film.year

ERRE R

film.language

film.language

Bl 3.2 AR B B “BTHIEM” BRKIERE

Figure 3.2 Sets of ripples of “Forest Gump” in Knowledge Graph of movies

SEX 1 CRERSERER) 48BN Y SARERE G, WHF u ik BhAE sk
e CN(B1).

EF = {t|(h,r,t) e GHh € E¥'} k=1,2,...,H (3.1)

KGDH, EL =V, = {v|yu, = 1} RHS W hld5E, vTLEERLH S o fEA
TR 4R

FHOGSEARGE AT LA AR 2 P B P Se i S AE iR S v 1) B AR T e . 45 /8 AR
SAREEIE S, LR SCH P w I k B4R

SEX 2 (EEWE) HI/ u B k BREEw A T DUEAE 2 RN B DL EE -1 gk s )
FHR=JcdH, E X G.2)Fw.

S¥ = {(h,r,t)|(h,r,t) e GHh € EF'} k=1,2,...,H (3.2)

“CHE” XAMEANERZL: (1D XFHEZ AW A A B SR L, P
FL S 0 8 0 SR A R R o R S A3 . X — IR A 3.2 R, (2) H
(1) 8: 70 R i 2 e 10 PRI A 3 RO R B K PRI Rtk . 1327 A (IR AR VR B s
TRELE R I IR T FE o
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—/IN AT R H I 1a) R AR B AL A BGh0 B R R AR B RN AT e K. N T AR
RIXAN A, F R

(1) 7EFLSAS FH B AR S RS Se it i sk, R BN A1 NEER
T A A HBE R

(2) FE L FAES I BARIE LT, 5C 2R AT LA PR il 2E 175 553 AH 5¢ 1R 43 2 b DAY/ 5 05 4
1) i v AR TA) R A DG B

(3) e RREL H 38 HAE SR A K, R B P B S i e 5 A8 1) S 44
2 R B 2 R R AR T AN & B 23 B AR 45

(4) FEWEWR P2 b, JRATTRT AR — AN [E] 78 R/ R AR T AN 2 Xof 5 B 1) e o B SR A
N B 3 — 20 g N R AR B BT IR R R AR R 2 — N W TR, U RIS
— IR SRAE 25 BE SE 4 M4 58 FH 7 10 0 S5 R IR T E DG
3.1.3 RIFPEL

A5 28 1A P R i B2 R i 2 >0 P 5 4 it B) PRI R B 30K S8 AR S 1T A2 B I
W28 LT, X IR R I R T BSR4 %
BRAR A AR S () Fh AR, SRS W TR P ) B AT AN W M A F P IR AR D R
£, AR B4 S R 53 B 9% T5e ) it T AE SR o AT TR FH B i AR 3 v 110 FH Y
T A R AE /K T B BORBHMR I 3 B A, Horh 24 “WER 7 mS IR T
SR BT B P e e AT

WE3.1, SEEEEHE —MIARR v, veRY, H RZSEHE, dERAE
AN EAER. 48 RS IR R R v UK 1 Bk 4L S, ATRARIH R vy S)
W =R Sk R head; DL RZ = TR B R r RiHEH FLEE o FISEAR head; 2
(AR RE, tn(3.3)Fm.

exp(v” Rih:)
Z(h,w,t)esg exp(v! Rh)

KGB3)F, Ry e R 5 hy € R 73R AR i MKT hy BIIRAR IR, HHRSE
pi MR R, HHIHSYE o 55K hy ZRIRIARBUEE o [RINEH R T 2k 245 B IR
TR B o 55K hy Z IR BARILRE, TR AS R 5 - SEAA G 2 1) R AR AL
EAFRX RN AT ReA I AE. tetn, “PIHiEfg” 5 “BEEIARR” £ I7H
AR HIAEBURE, EEATFE A BRI 1 2K 07 AT e i A B AR

FESE U EE TH S 2 5, 4 Sy = Jn i R 7 s 4 1 545 B I AR ABL RS JEAT
BORA, A3IA&E oL, WmXGB.HFR.

pi = softmaz (v’ Rih;) = (3.3)
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o= Y it (3.4)

(hi,risti)ESL

X@HT, t; € RY, ¢ FL=JuHP RN M. FE o) 7] AL W4
Vo, RTHE v B9 1 IR . 55 R I8 SRR AR, e a2 Bt ra kR
NH PN TA R M SECORE R P, Wb 7 283E . #midG.3)5
X(3.4), AP WIS B s (RIRTF4) RINAEFRERE Rt 7 — kP
B, IR BRI ) 265 R R A H

AT PLR (3.3) 1) v B A o, FRATTAT AR REEAT I -4 B LAAS 21 F P 1Y 2 2K
Noo2o DAILZEHE, AT LLRAZ A 7 R miF 68 8 H Bk, 152 H 7 3RS
Sii=1,...,He WNHATLMSREIH P B Z RN o}, 02, 0o FF w RTHE v FIHRA
Fon Rl 456 Pra A R e NI AR 2 E),  anlG.5) R .

u=o0.+02+--+of (3.5)

R &G —Bk R P R B FAE TR Z iR RIRE R, (EHEX of 3T
SRAUSREA D ELR), RNz B A3 206 B P e S AT e 7 fm AR b il FE R s 7,
SEASASE Y 55 i — Bk PR o B2 A B AR G b s FH RN . B, R RN B RS R
A VR P EOGE IR, 3.6) TR,

Yuo = C(u"0) (3.6)

HA, ((z) = #& sigmoid PR,

(o)

3.2 FARE

FEREW N 28 AR, AT H bp 2l i 30(3.6) 3K Hi H - X 2 BOS IR R . H
K, N TR HTE S HORBAT R ZSE R M A dh. AP BLECR R R R, W
F3.1.3 TR, F P R R s ] LS I AR AR, DU T, B K
KRR MIRNFIR AN T ER R

N TR R R AN R, X B K5 SR Al vk (1757

FATH Hbr 2 fE 2R3 2 RRERE G DU P 5 EIERE T 00T &
RWERZHT, WG,

max p(I'|G, T) (3.7)

KENDH, ST BE T AEWMBISLR, RRMERIIRAL R, 1TLLERQG.7)5E
T e K (3.8).
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p(I',G,T)
p(G,T)

R - a3, A£G, 5T p(I) MERBEHS LIS R . B p(T)
%ﬁﬁﬁopﬁﬁﬁﬁﬁWﬁﬁﬁ@%Eﬁﬁﬁ,WKQ%%mO

p(l'G,T) = o p(I) . p(GID) . p(T|T, G) (3.8)

p(I') = N(0,\[*1) (3.9)

RB.8)H, p(GII) 2@ I FIFIR B 1 i RAUSA RS, B, BFAEfEt 7
LA E AR BRI 5, AR T B 0 5 VA TR TR k. AEAREE
b, =K B R T 1SR E ST AR B RN R AR BR B, 1 (3.10).

pGD) = I e = JI  NUwee—h"REAY  (3.10)

(h,rt)EEXRXE (h,rt)EEXRXE

KEAOH, % Dy € G MERE I, BT 1, F 0. K(3.8) RIS = B4 &
T SAIR R DR E S, BRI B, Ik(G.11).

p(YT,G) = [] ¢ o) — C(uTw))t v (3.11)

(u,v)€T

3.8 £, A Wi=(3.12) s B4 2% iR 44

min L = —log(p(T|L', G) . p(G|L) . p(I'))
= Z _(yuvlog C(UTU) + (1 - yuvlog(l - C(UTU))))

(u,)eY

A\ by
+ 5 2= ETRES + Z(IVIE+ 1 EI3+ YIRS (3.12)

reER reER

XGA)H, VM E R EE S EEIRALR, I, RAERREE P RR r
bR SR T A, £XG.12)F, TR HAERE T 5 2 AN E 2
I X, 56 B LSRR B oy 1A & 1, AR AR IR BT RE 2
RIS R 22, Ja — TiE B LI LA A R I U0

HAORME EACRB RIS H T 2 AR, DR mT DA I BEA LR 5 53508 )9
HACAL IR R BORSR AR L S B, T JE SRS T R R R B BE L, AR RAE
BRI —MEEEE S g, KR S MO REREISH T,
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3.3 4¥r
3.3.1 WIfERERE

R fRRE HERE R G0 B (E MR AT A P 20— RO, X FE B A P
XoF R 45 R (03 7 DA BOGHEEE R BT . XHHEFESE IR RIS H JE T AR %S 1B X
SIATEE . RN 25 PR P B T AR R R, PR R A T — AR T R
TR 58 RS AR R IR HERESS I k7. T, 7EE3.29, M P X “ SRS
7 ENGER, WHZH AT REXT TR R AR B . RUORTERIIR RS, Il - I
ST 5 OCEARL NG MHE, RREEA, M Al Do 5 “SilRAE” B
M, KRRWAER, HAEDR, SHHRAE" 5 “ERLNW” GHEMBERL. X
TERARE T FH PG« AR sl ” A S SR AR RIS BN SR K] o 90 X 24 B0
HAERIRE R GRS AR B EE P8 AERYS, AR B &R&
iR AR 4 TR A B e M
3.3.2 HHES

TEHEW L, — AT BE M) ) 8L R A I 2 AR 2, AT FE SR i 15 328 (13
P HR AN AT 3 G 3 BOF P I L S TE AR A (S B R RE . SR, TP s A S AN R Y
R EEmEES (WM PERRIE - MEEEE AL —XBE), XIERARE
FE 138G 7 BLSLI (M U5 B R R . b, fERE3.2, R —ANEH P E R
“RalHIEAL 7, MABE A REE R “TR R A", EIZAREE T, W “BIH IEME” 3“5
BRAE” AWKES: “BTHIEA-USSERRAE” 5 “BIHIEA-ZW « DO0H-5i 5
A7, RIEREREBHRI.

3.4 W&

3.4.1 BIEE

AMAfEA “MovieLens 1M Dataset” ##E%. ZHIREHEREE. APER
PR P s By =B A b, ST RS HE 3883 2% 1P Al 6040 2%
PAJZ 1000209 2% F P55 FRLEC PR 20 B8 o DRZ A S 2 By, B viEmf vl 5, [
HAEHERE RAE T RE M a2 A .

AR AE 8 40R EESK H Microsoft Satori, & fKHE “MovieLens 1M Dataset”
() HLEZ 44 FR AN Microsoft Satori FH & BUFH 5 1715 i (1) 5 ¢ R EE 1S 2011
3.4.2 FELR

A, 2 AR RIS RS DU BIE R A LL L
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DKNUSHZ R A BAE WWW2018 21 ERRR . B — > F AT # A5
FE HMEZE, N S T4 B ST AR R RN R R . DKIN i H B 5 7 it Y
B AR SR, AERNIR TS A 3R 3 L SEAR IR AT B R SR

CKEUMIZ B E KDD2016 fE &K K1), HBMEEM R A KRG JER 2 U,V mE
LA b, Y E BN S H AR IAE BAHSE S, XEE B FE LG KM TransR Hi%
THE AR B RN RN, ER B Y A SEAR IR N RS AR B W) i B S5 R4k ) B
B.o K H SDAE BERAG B S Hi I8 M SR I SCAYE R AR R« SR SCAE 15 314
i AH O AR A D RN R I o

SHINEU I TR FE H 2 i 85 7 RN 15 SR 28 DL S A58 W 2 ok kAT HEdE . HOWH
J - S A8 EAS B0 Gt 2 5 220 B R R

PER POV DS 842 1 7 v R0k it EE VR MBS B i b s i vk . B
Se th K e AR AT LIONHESE RGUR LRI SERY U7 1), HR R EATHE 7SR AN 51K, i3t
TN AR

LibFMP4J& — A2 48 [ 7E CTR 35 b 12 it e A 8

Wide&Deepl® Vg — M &5 G 2 MEBRAT IHEE ALY . SRALT LibFM, AT %
it AR IR AR E A RN o
3.4.3 RSB

FEER A2, WA B H = 2. IRYERI0ER, BORMBREULT BiER mEne
WG BRI . AT EIRL - e PSS SIRASE, %R 6:2:2
I ELBIEAT A0 IE . SEIGHEAT 5 WK, TR DL AUC SR )5 BT 14148 .

344 GB

MARGE SRR AP AR, SR LR N4 FE P Re R, IR & Wide&Deep
S, UEHIARATTRT BLE 20 R F 0 R B o (0 2UE BoRGHBIHERE FE . TR IR ZE 1)
7& PER 5%, XA RESE RN T T0E X JoBg AR AL B S HERE 7 TH AUR =

R 3.1 FEXBTRF A AUC FIWER
Table 3.1 AUC and ACC in interest prediction
CRPS AUC  #ERfFE
WEWMLE 0.899  0.835
DKN 0.655 0.589
CKE 0.796 0.739
SHINE 0.778 0.732
LibFM 0.892 0.812

Wide&Deep 0.903 0.822
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4 BTRREERBEHERERS

4.1 RGRAEWIT

WEE2.3 TR, AR RGEHMEAEKEH “MovieLens 1M Dataset”. IMDb 157
e . o IMDb A1 S H I ) B8R 2 4 A T HUIR AR 2 ). 5% ) P38 FH Python 1A
XX L H PR AT AL FE N T, 325\ MongoDB %4 ZE Fl1 Neo4j £ % .

A Z G¢ 8 ] MongoDB Hl Neodj f7fifi ¥4z . F41, MongoDB {9k R AU HT %
NoSQL ##fs e,  LAURIE ARG /AL 1) 77 NAE i il P Bt . & B D 8l . L3
W5, RIS IE R PR RESCRE 5 AT 0 A AF A I e o 78 BL s PR RE B PR IR 5
5 E Neodj t, A4k Bl T4 S04 FH ) rRL s R R i

A Z 4 )5 i {8 A Python 4% 5 1) Flask HEZE, Flask HEAL 2R 2 MMAELE, Dl
YRR, ARG 5 v X 00N R 55 SR SR (S RF. 7E Flask 1, T REST
WA AL APT DABERTSmAEH], REST XU AL AP )5 o APT HOAE R 5 i S API
FR)Ad FH T B A

AR R G H 8 Angular /E 9875 X TUHESE . Angular /&% T TypeScript [/ U1 HE
IR, DAREHAl K] B A BT E FR . Angular NA RGHEAE T AL B T
ARG ARG, 2 T4E40 . A, R RGEH T Angular M EFH A4 PE (Angular
Material Components), 152 T-Ilt, AR RGUEFEMELZTE (Material Design) H 5, f#
PSEALTE RS e SE 0, B s 5 iEsod . edk 50#5%.

4.2 BRI

WIRHTATIR, A R 401 MongoDB U4 122 F T A7fifs 5 38 FH P 58 L 45 80 0 408l . e
RS, M Neodj 15y i1t B 1 B8 28, F T A7 iR B . DL 32— 1368 MongoDB
I e 5 Neodj Hdh FE A7k 4514 o

ANETF MySQL 255 Z MK P2, MongoDB $dfE e AE 9 AR 45 M AL 77 % Y NoSQL
Bz, BAR. PISTMHS, MAGEEEG S KRS, e E P EmES
(—EFEEE EX N TR AR ENR), EES AR (—eRE LM TFRR
BUHARERIAT ), T 0% R BLERE 22 i 51 6T BT MongoDB 4 2 A SR I 1k

K R GiAE MongoDB ##5 FEth 57 4 NMES, alH TP EEA. K
SR . I B ARG R, TGRSR R G, B AT 215
EPLISON JEASS s 18 88 454, LUF B ISON JE AR R R 4544 «
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DT A8 P 4 2 SR A, P St RSO RS R P ID. T 75 A8 i
YR HAPE M H CRLEHLR DL VP4 D) LU R SR 25 55 A Y
HEREDIZE . LT L B

{
_id: Integer,
password: String,
rating: Array([
{
movield: Integer,
rating: Integer,
timestamp: Integer
3,
1),
recommendation: Array([Interger, ...]),
bought: Array([Interger, ...]),
wishlist: Array([Interger, ...])
+

PN ONE B G AR B AR 4G, AP B S tefa B, B R P N SO A
HLA 1D PR AbER S ) 8 -
{
_id: String,
password: String

}

CAN AR REE & B S, AP A M Rl B, MR & P K SO A7 il AR A4
FR:

_id: String
+

DAL ER- 7 SE gtk iy AP ER- 7 S LB @ = KER e R  DINE R~ 7 S HTTTINIK 4 S 57N
kg PR RINAL PP SR B A E R RIS, S8, RIARER L. &
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FEULII V> RN LA L PP o B B BT P SRS R ivEr, EGEZEAAER,
SEMATHRE . (RN B, RO P U7 I I TSR BB, P A5 20w 2 A I 1)t
OF

_id: Integer,
title: String,
cover: String,
genres: Array([String, ...]),
price: Float,
ratingSum: Integer,
ratingCount: Integer,
trailer_image url: String,
storyline: Array([String, ...]1),
directors: Array([String, ...]),
writers: Array([String, ...]),
actors: Array([String, ...]),

}

Neodj #¥is B T A G A S F 20 IR S, &7 182011 /N45 A 1241995
i, HBHEEE AR N

node: actor | country | director | film | genre | language
| person_or_entity_appearing in film | rating | star
| writer
relationship: actor.film | director.film | film.country
| film.director | film.genre | film.language | film.rating
| film.star | film.writer | genre.film
| person_or_entity_appearing in film.film | writer.film

edge = (node) - [relationship] -> (node)

43 RETIRERH
ARG 5 AT A SAT R, S B NE4.
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S IERE RSt

BRAP

IR

NIIEER=2

ﬂlei EE‘]‘/ = n_»

4.1 RGTHREAIBIE

Figure 4.1 Use case diagram for the system

43.1 RG-S/
KRG FAMAA=E N RHT, 4.2, S-S T AR E 1)
PN T DR S A= WO I g, PR s ok e R BB [
432 REFXHF
RE K P REEAT LU T R4k
(1) BUFEHLI F AR
REFH P B LTS 50 HHsE, WE4.3,
(2) R EFHY
REFH P UMRYE B2 ) ok B H i, K44,
(3) BEHETERE
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= El Q%EEEIEI‘%E @ admin
M =%

2 BF

Sp  HNRENS

> =4

Bl 4.2 RAMSHL (BER)
Figure 4.2 Side navigation panel of the system (for administrators)
= [ EBEEE ik ® =z
: i i

‘ . Louk B
Shadrach (1998) Down by Law (198 Sister Act (1992) TRiE(E: ERELT Ladyhawke (19
Drama Comedy, Drama Comedy, Crime BIE, =hiE, #4], =% Adventure, Fantasy, Ro
* kK §409 KKk KK 8399 KK K- $3.99 §1500 XKk K $9.99

FREM THE CREATOR OF LA CONFIRE
BROV UUIEV]
GRUMPY OLD MEN
BRNCHE T Girl on the Bridge, T Grumpy Old Men Brown's Requiem Shaft's Big Scaore!
BliE Drama, Romance Comedy Drama Action, Crime
$3.99 * kA ok $12.99 * &k $4.99 * k% $9.99 * k% $9.99

B 43 RERHFER

Figure 4.3 Index page for anonymous user
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= DRTEE s ® ==

MORTAL KOMBAT

Mortal Kombat (1€

Action, Adventure

* K Kk K $3.99 KKK §1509 KKK H §19.09 KKK $6.93 K * $9.99

Figure 4.4 Category page for anonymous user

REFH P TSR BN, WE4.5. sdi 0O LR “amEO R m” F <y
K7 B BT RS
(4) R

AR AT AE N A B R AR R AR, WiE4.6. AR RGECFE
=, SHER, FEEMH P ERAFNARRAN, RGN N7 Sk UL i
ok, TR EEALES, WA, A HaEIE I Rl b A e B R A5 R

433 FEMEER
(1) M

KRG P RCE M ThRE, IFReREH P AR S EARETR. 2B 50
AP AR B 556 2R B BRIl .

(2) B3
RAGIRUERIIEE, FERER AR B8 S 5= 2R B HAE H e 3
4.3.4 YEH P

WEH P B REFHP A e, ob, IEEL LT DiRE:
(1) ano JEH
EV8 S H P BEAE RS VRS DU S I H s 20 JE A
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I 8% H iR

i

[M&ZNERIE Hacksaw Ridge (2016)

BIE, t5iT, ik, &6

K EmEOER

— O IR T

TRIBEEAREXE,

@ ==

(2) MWL

CE A Re e LR T
(3) VP>

LS A Re A LR T
Kl4.7F7R
(4) &F IR Y

CE S RE

Bl 4.5 RERF /R EHERE

Figure 4.5 Movie details page for anonymous user
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Figure 4.9 Knowledge graph administration page
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