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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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o SYa R LR HP S5 2 AR R,

(2) REAEERGW TR . BT HEES SRR AREE P RCRE R, Btk
AT DA AR P v () 50 R ER AR AT B R4 I HERE 45 SR 1 SR A

H T S0 T AR B ) B B T RN TR BT BRI VA DA
RE X T7:

(1) EET AT F TN IR 7248 FH iR B35 45 8 OR 58 35 SEAR I iR A 3R
o N T HENRERE RS BN S HEE FE R ORFHBIHER, 75 EAH AR B RS
FRIRF R (Knowledge Graph Embedding, KGE) R 115 S2AR R N CSZARIR N5 B A1
T AE AR B B AR GE ) &= 2 (A R I M B3R ). KGE 95 TransEP)| TransH!'Y,
TransRUNAHI DistMult!'155 . T HEFE EIER FHZ R AR REATAHIGTHE, A H A
ATV it A

(2) EET BRI TR . BT B AR I T R R SR e f (S B 2% o T
1 RGA HZ 5 BN F ARSI I &R, AT T8 RS -

() REXTTE. FETHRARITEARBEAR P H SR E R REAE R, T
FRAT I TTIRAN G R T SEARIA B 7E SR B, R EEA ROR H - /40 i 4 B 176 UAF
B MEATELE THERTMANMN T ES TR TER A, &5 4aT

s TRE 7%

23 RGFFRR

2.3.1 BHERELHAR

MR R A A K B “MovieLens 1M Dataset” "J(#54E, LAt
IMDb? S 3 3 T HY 1 AH 5% FL S0 IF AT AE BAE A ST B S 0t Gt

FEE R B FE Y, {FH Scrapy HEZLEAT T 24 M€Y, €L 1) #4f A4 A 52
SRR BRI E A B RS S A DUEITER.

%%, ETHIRHUT 3684 AEHFZAIEME . Hrb, M IMDb JEHX 1 3494 5% HUEL K
MEIEICHL T 190 s M2 (TSP PRI 1 & 1P U nl & OB 2 b )
2.3.2 BUBEMEER

KRG8 F MongoDB 5 Neo4j 77 £k
(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 JEEER

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

11
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2.3.4 BiEGEIAR

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) .

12
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3 ETHRMEMREENHERRE

3.1 HEMRML

ABEFET SCHR [23] SEBL, FRAESLIRAE BT U — e kodt: SOk [23]
FH P e i 96 AR 25 & WO, A SCHE VS P sy, P WOBE IEEE N, IXAE
—ERREE RS T AR B ) AN YA S B e R e T AR R
3.1.1 28y

W X 2% R AR ZE R an B3 B s, B BT R RR S RO T R P A B A
RIREW . EWR P2 LL— D w M—ANHE o FENEAN, Rt o 5l v 2
[P A TR . A o T E, HPISRAZHILR V, /& 5IR BT s 74,
1M 5 V5 FAR B TR o0 RIDTE R MRS SF (k=1,2,..., H). 2B k MERER
P&V, it kS RI AR =0 . R SEEACHIR X SR AR 5 HL R o RN
Fon GEAEMPO HEHHF o X o B (e, sE8gEe3HA
IR ZARANFT R ORGP . &2, FHAM o 58 o IRANFR IR E R o
XTHLEE v BRI TR vy o

MrE Ea b 28k SEHBE

= RF)~ RR — 5

RIS

Bl 3.1 U Y 4% 1) B f R4

Figure 3.1 The overall framework of the Ripple Network

3.1.2 EHRE

RS H S 38 NESE B SSR R R . tean, E3.2 (&R ANE S
0 1) 52 Bl R s AN (R BRI i v 4, R R A AR P T B 51 X BN SR ) G IR AR
B AR “FIHIEMA” 5 “BPUAKE « BoKEH 7 MIE, BN BB RA “21a
K« FEKE BT RS “PIHIEME” WS M “HERR” i “Pafe « BKE

13
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$E3 Bk
B P I 2004 I

director.film

film.year

ERE DL
film.language

film.language

B 3.2 AR B o “BTHIER” BRKERE

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

W7 ME. F, WR—AHPS5RE BTH AL ZEE, WABRA TR« [H]
BIARR” B, N T R A FR B S B IR R AT A, 18 P u
(1) e BOAH DG SR I T

X1 HREARR) e TN T 5HIRERE G, WA w ik B sk
e SUR(B1).

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

XE.DHH, EY =V, = {v|yw = 1} ZH PRI B miFSE (JrsmiF g2 H P 1E
WA 5 PP g T >4 B9 LU P IO 5D, 7T VB AR
P w LRI B R4

FHIGSEAREE T LA AR 2 P 1 g 52 2 S A2 R R B 1S () B AR 8. 4 AR
ARG E S, LR E XA w i k Bk 4L -

EX 2 (FEWER) H7 u ik B4R DUE M2 AR R s DL EFL i A
FHR=Jtd, & XwsNG.2)Hw.

SF={(h,r,t)|(h,r,t) e GHh e B} k=1,2,...,H (3.2)
CHEWRR” IXAMAANEREED: (1) X2 AN A AR ST R AL, X

14
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FEL 5 TR0 7 OB R TR AR IS v il S A% i . X — b AR K32 R, (20 A/
(PR 70 D4 TR B 5 o PRt vp A 3 R R e (P38 R it . I3 270 e [ AR B
TIEEDSEIS IR B AR

— AN R H I )RR AE KA K RIS AR R AR I N AT REE K. T AR
YA A, R

(1) {EF S B NN B oK S SRR DT Sk, s R BN R A 18 NBERE
A A %

(2) EHEMERR R BAREEE R, JC 0T LR HIAE 1 BEAH SC I 4328 b DU /b i s A
(0 IR ey SR [R] R A G B

(3) FRBREL H 385 15 SL bR BN A AN 22 K, R 8 7 g S A G B 330z 1) 55
P2 R 22 RS RAE AR T AN 2 BE =% I HEFR 45 3

(4) TEFEW 2, FRATTAT RAKE—AN ] 12 DR /IN R 215 B T AN 2 X0 5 B 1) 0 B R
NI B g — 2 g/ N AR B WP IR R BSRAER S — AN W TR, U244
— R RAT 28 B T A MR SR F P ) 40 S5 R AE R
3.1.3 fRETE

& 45 (1) Hip (R i i B2l ik 2% S FH P 540 it TR) PRI TR B R R S RGHERE 1T A 3 I
W2 Rk, X i R I R A EOTE BR) : XPAREAN T, B X 2 A R i A
HRA A R B A (R 74, AR S I R R (1 B A5 S W M A i P (9 A D
£, A BN FEE LRI 73 B 0% TG4 b PRV A MR o FRAT TR FH 300 S A8 3 A 1) FH Y
TP AR R AE /K T B BORBHMR G B R, Kb 2 A “WER T EER R T
SRR R 1) FH P e e AT

WE3.1, FEEEEE —MRAER v, v e RY, HiF R EBSEHE, d2RAR
AN AR, 4 L IR ANROR o DL 1 BB 4E S, rTDARIFH LR oy S)
H ) = o H ST AL head; VA ROZ = IR R vy SRR RS o FISEAR head; 2
AR, wnX(3.3)Fs.

exp(v? R;h;)
> hrpyesy €xp(vT Rh)
@), R e R 5 b e RY73AIEK R vy MR AL by BHRAER R . K
pi NIAVEZEA] R, RIS o 55K hy ZIRIRARBUEE . [RINEE R T Kk R A5 B IR
RAFFEAETT E RS v 55K hy Z T AARRE , BRI O AN TR L 5 SEAA S 22 1] () AH AL EE
HEAFR RN TR AR e, “PIHiEfe” 5 “R2PRR” £ FE 71
AR S ARALE , AHEAT TR B BRI E 5 7 P e A B R

p; = softmax (v’ R;h;) =

(3.3)

15
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TESERAIMUE TR 2 J5, & SL rh = o200 R s AR v 5545 20 i AH ALLE 12847 n
BORFN, B3 E o, wX3B.4)Fir.

o= Y, pit (3.4)

(hi,risti)ESL
XGHH, t; € RY, ¢ AL =gt TR R [ o, AT MR s 5
Vi, RFHFE o B LIRWEA N . 580 A3 8 RS, e Y I P &2 B P ok 3R
7 FH P RN T AN A8 B ) 2 ORI MﬁﬁmT%ﬁﬁE W AGB3)E
XG4, HAPRwir AL B AR (BIR 8 R AR B kAT 7 — k3™
AL, SR 9 4 T R R A3 R
ALK 3.3 1 v B 0N o), FATTR] DL AT (i 437 B LAAS 2 (14 2 ki
Nooh o DAMSEHE, SREBATAILURZ M Wi S84 50 H Bk, 2007 3RS
Sy i=1,...,Ho WHRLAFEIH T IZ IR o), 02, 0ff o FHF w ST HIEZ v IR
Fon el A%ﬁ%?ﬂ%fﬁﬁ%ﬁﬁm (3.5 FR.

w=o0, 40>+ +ol (3.5)

SERJE BRI P AR R B e ERE TR AR RINE R, ERXT of HET
SRATGIRFEAT L EEIT, (RO BiTAS 2 (¥ 7 Wi S A BEAE (i 1% 336 A S AR R AR 17, A
BEA A Y 85 Jm — Bk A Wi N AN REAR B M s I P RN o 2%, AR RN 5 B iR

N, R AR B EOGEBRIEAR, ns(3.6) R,

Yuo = C(uT0) (3.6)

Hrr, ((z) =

) #& sigmoid PR,

1+ea:p(

3.2 FARE

FEREW I 28 AR, AT H bp il g 30(3.6) 3K Hi H - X R BOS IR R . H
K, N TR HTE S HORBAT® ZSESR M A dh . AP BLECR R AR R, W
W33 TR, F P R R s ) LS I AR AR, DU T, B K
KA BIRAN RS A2 77 R 1R A

N TR R R AN R, X B o5 SR Al v (1757

FATH Hbr e 2R3 2R ERE G DU P 5 EIERE T 0T &
RWERZHT, Wm@G.7HFR.

max p(I'|G, T) (3.7)
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KXENH, ST BE T EMASEER ., KRMALIIRAL R, ALK R(3.7)5
TR (3.8).

p(I',G,T)
p(G,T)

s W A5, A£G, T p(T) ARRESHW Blix . B p(()
%ﬁﬁﬁo,ﬁﬁﬁHEWFﬁﬁ@%EK%ﬁ,mﬁﬁm%mo

p(NlG,T) = o p(l) . p(GIT) - p(T|1, &) (3.8)

p(T) = N(0, A1) (3.9)

KB.8)H, p(GT) A4 € T HIFIRERE R RUR R B, Aaiedt T
Z A B AR BRI 5, ST B O VA B TR LR T i FEAREE
EA, Ad = K8 R 5 ok ST AR B R RN I B AR R L K (3.10)

pGT)y=J[ plhr)D)=  J[  NUuw—E"REAYH  (3.10)

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

RGAOF, Ly € GWIFE L,y 5T 1, BN 0. KRG PIIHE =TIRS E
T 55R SRR E, FTREEASR A R, n(G.11).

p(YT,G) = [ ¢ o) . (1= ((ulv)) 7o (3.11)

(u,0)eY

K38 AN E, A an=(3.12) Tz 145 2k pR 2L :

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

(u,w)eY

A A
+§§]M—Eﬁwﬁ+émW@HW%+XNM@(MD

reER reER

KGEI12)F, V HE ZFrf HEY %%%mmkﬁﬁ I RAEFRERE R KRR v
fbrE e I mE. EXGA2)H, B—DURAS TR T 55 W2 1k IIE 2
[F) A8 S H, B8 T B ) AR T %ﬂil%&kﬁﬁi%ﬁﬁﬁ@Eﬁwz.
[ 38T R 22, e — W N7 13 $00 A N e T 0 33

HEORE LURMB RIS T —RATTRER, PRa] LU R BEATLERE T R4 )5
HL AR K BB SR AR T 4, TG FH S 3T AR B IR RE, AR E RAE
192 — /MBI e it a8, NS EH SO RAREISHT.
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3.3 4¥r

3.3.1 TR

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 WK

3.4.1 BIEE

AMAfEA “MovieLens 1M Dataset” ##E%. ZHIREHEREE. APER
PR P s VA =B A orb, ST RS HE 3883 2% P Al 6040 2%
PAJZ 1000209 2% H P55k FRLEC PN B8 . DRZ e SR 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 R

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 FEXNBTWF K AUC RIAER B

Table 3.1 AUC and ACC in interest prediction

Hik AUC  #EFffE

WL 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 RGEAEWIT

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 FABERIT

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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PN O EE M PRSI EEEL, PRSI ID. A A B 5
(Rt AT VR B CRFEHER ID. VP BT DK R L IR 5 48 5
NHHER IR O SK R S JE

{
_id: Integer,
password: String,
rating: Array([
{
movieId: Integer,
rating: Integer,

timestamp: Integer

D,

recommendation: Array([Interger, ...]),
bought: Array([Interger, ...]),
wishlist: Array([Interger, ...])
}
PUR NE B AR B I BR 458, AP S A BT o, A8 B S AR b R SRS A i 3L R
ID. P Ay b2 5 1R A

{
_id: String,
password: String

}
PN R & I BR 51, AR EE M B, R RER & i I SORS A Al AR A0

{
_id: String
}
LN NH SR G AR A, ARG TH ISR At S 1D 2R . AR &,
PR B A PR sE. TS B RIS H. S RIARER K. FREN
B )52 VT2 RIDFI DA S04 S B0t T PR S TR Vs, HRRSZAAEN, &
TR (BMRAEW, &R V5 i SRR TR, F P A5 2100 3 (I O
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_id: Integer,

title: String,

cover: String,

genres: Array([String, ...]1),
price: Float,

ratingSum: Integer,

ratingCount: Integer,
trailer_image_url: String,
storyline: Array([String, ...]1),
directors: Array([String, ...]1),
writers: Array([String, ...1),
actors: Array([String, ...1),

}

Neodj £t 7 FH A HERE B I iR S, &0 182011 A4 /i 1241995 414,
HEIR AT RN

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)

4.3 RGIREVH

KRGHP MO ARG EEHR SEEAHP, HAE A4,
4.3.1 RG-S/

KRG HFEDMAEE R MR, 4.2, NS HEa N rE e r)
P AT DL s MEAA2 SO g, PR e 5 4 B [ 7€
4.3.2 REFHF

ARG R EAT DL R4
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S IERE RSt

BRAP

IR

ﬂlei EE‘]‘/ =] E‘

4.1 ARG REHBIE

Figure 4.1 Use case diagram for the system

(1) FEAC LA F A
REFH B IREHLE R 50 AR, Wik4.3,

(2) HnREFRHY
REFH A DRI R IORER B, K44,
(3) &EF MR

REFH AT UEF BN, WE4.5. sl B i llm” <
DN E ke TP
(4) R

AR AT DUE A B A O R AR R R, 4.6, A RGP
R, SRR, BEEMNERARRABRA, RGN 7 gL it
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= El Q%EEEIEI‘%E @ admin
M =%
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