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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 in-
evitable 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 based on Ripple Network. The core
of the Ripple Network algorithm is to use the idea that the ripples 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 suit their preferences.

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

movie store
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Figure 1.1 Knowledge graph enhanced movie recommendation system
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*https://www.imdb.com/
3https://www.douban.com/
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MongoDB & —N8 % I HE I SR ARG 1) 70 A AA A B 1 380 J& T NoSQL,
5 MySQL &G 1k R BEHRE FEAH L, ERRMEEF R m It & SCRE, BRI SETER
. HUERE, 1588 T HET O AR R AL MEBRE RS RBEIEE,
FEABEE A B R

ARG T, MongoDB fAAifi i H 7 404 . B3 s . s BdE A .

(2) Neodj

Neodj & —MEA SR B AR E, BRI EIRE BAAEMN L EiiA
FEAFEAER T o 8 HA R H AT R B FE B T A e i B Neodj J2 — % %k
W, HEtERAEE 12 5. RREMBER S HERE TN, Bamil 7 H
A PERE . AT EE PR R A

TEARZ G, FRERE A S EWAEEE Neodj H, TR0 B A4 B R 4E
PE, X7 MA T Neodj 1E I HE M AL, 7T AT M R 47 PR RESCHRE
2.3.3 AR

ARG Flask HEZEAE A M uG 5 imMESE . Flask /& —1> Python %% 'S I & il
e B EARE. 5. Ty RER S . RGN Flask HEZL 7RI 7 HARRE, 7]
R VLA RAESE R AL, SR RGE SRR .

RGN HRIZIRE . (REST) KSR THE (APD R A0 5 i i 58
HH . RIEIREH M (Representational State Transfer, REST) f&—Fh3ET HTTP
USRS AR R SRR, & HH Roy Thomas Fielding {8 1-7E 2000 4 12
s gl B, B B AR A R AT AR BT K o AE 2% T AR sl . 3%
ISR FE W I T8 SCA A iy Wil (HTTP) H—HAW, % —F B AERM
eI S5 A IERE R & B A IR R el (FRIFR N REST 8¢ RESTful)
1) % 28 i 55 70 Vi 25 2 i R AT FH 48— BEURAR TR U ) AR A I 2 BRI 5K, X e %
TS —HPE CHERE 3. L, RORBEREHHAEHE 7 Internet EIFEAL RS
B AH ELASE P SR i g e . 5 HAM SRR B 2 iRk 55 (15140 SOAP k%5 AHLEL, BAI
B O S — AR R U7 0] 99 2% B

B TARGEH 7 REST XU K APL, & RSuiHe 5 A S A8 FH 22 17 R $E )
TAPE, (R E S s (A] A0 8 TR AR T AT BALE AN IR () R 558 A B — 3 e 1 SRk AN [R 1)
WK, T ARRERN Y R, SUFR, 1928 T REST KU IE AR, fHaT
Je S A ELAE VBRI I 1, i i s FH 2 e B vy U R M AT A SCIOT R TAE
2.3.4 HiEHEAR

KRG HT 8 Angular #2242, Angular GEH$5 “ Angular 2+” B¢ “ Angular v2 %
PLE") s&—ANE T TypeScript FFFIE M 26 8 HHESE, B 1IFF K B Google 1] Angular
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BAAIS RIS A S AN HA A J] 4857 Angular 5€ 4= MAH R ZBATF & ) Angular]S =
Hom MK . Angular % % E N MEAN HIRERH—#4) . MEAN AR 4#%48 MongoDB
B . Express.js M5 IR 55 28 HE42. Angular/Angular]S DL Node.js iR 55 2312170 .
AEF MEAN HiARH, KRGKHAE “E” (§8 Express.js MR 52 HELE) By
T Flask 2% IR 5525 HELE

S AE A Angular FE4R, KRG AA DI BEHAL L me B2 N 0T 24
[ i fE BT Angular Material Components B 7 442, AR SehTim Ul #4768 ML 1
(Material Design).
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3 ETHRMEMREENHERRE

3.1 EWHMLL

3.1.1 %4

9 I 8% ) AR B T B 3 TR, B B AR R R 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

WA MMAR R OREBIIPOD .. &%, MM o 585 o FHIRARRTHE R o
XS LSS o BOGER B TRIREZR vy, o

WFE 15k 28k sH
—~&- -

pE3oE O e SH

TR

B 3.1 W45 1) B AR S

Figure 3.1 The overall framework of the Ripple Network

3.1.2 HE¥E

SRS SR R N E G RS SRR R e, B 3.2 (BIHAE 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

B 3.2 AR B o “BTHIER” BRKERE

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

X1 (FHRTAER) A B Y SEREEE G, WA w 1k B4
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) H/ u B k BREEw A T DUEAE 2 RN B DL EE -1 g s )
FAR=Jod, & X ns3.2)Fi.

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

CHENGT XA EEE: (1) R 2 AN A AR B SR B, PR

FE, 512 1R T E Y A 7 S R P v il S AR . X — R 3.2 . (2)

(T TE S it 25 0 R P AL 3 TR BB & 3 R s . 11 3.2 A A 1 AR VR R
TR SR IR T AR

14



AEE R A AR L iR 3L

—/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 RIFPE

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

W 3.1, FEHEEEHET —MRAER v, veRY, Ho R ZEEE, d2HAE
AN EAER. 48 IR R R v UK 1 B4 S, FTRARIH R vy S)
W =R Sk R head; PLRZ = TR B R v R EH FLEE o FISEAR head; 2
(AR RS, 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 TR

AR I HESE R G0 B AE BN AT 20— R0 B ER, 1X 35 Bha T+ 5t
R 458 T P05 7 P DA B A HE A R A AT . X 45 T R IE o JE T AR 2L 18 Uy
ek DORTEN N8I R B P TR S 0 88, DRI E $R A 7 —Fh 3t - iR A
56 R IR AR B IR HE R 4 R4 e beln, ZERE 3290, YR “EREA
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 LR 7 SR IS B R . L, 7RI 327, WR—ANH P ER
“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 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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DKNULZ 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

CKEUCZ B fE KDD2016 fE &K 1], HBEEM R A R JE5 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

SHINEUSIZ TR & H i i 85 7 8RN 15 SR 28 DL A A8 W 2 ok kAT HEdE . HOWH
J - S A8 EAS B0 Gt 2 5 220 B R R

PER 21 DS - 42 1 7 v R0k it EE VR N B E B it 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

LibFMP61& — A2 48 I [ 7E CTR 375 12 i e A R

Wide&Deepl? g — M E5 G 2 MEBRAT IHEE ALY . SRALLT LibFM, AT P %
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

MAREE RNk 3.1 FR, Bk w4 Sk b se i, HR2 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 FEXBTRTHHE A AUC IR B
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 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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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, ...]),
directors: Array([String, ...]),
writers: Array([String, ...]),

actors: Array([String, ...]1),
}

Neodj Kt o FH T At e S A0 F (1 R i, HL b A 08 45 ) m] SR O

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 RGTjREULHA

RRGH P e AR SEHR 5EE AP, RGN ME 4.1,
43.1 REGSM

KRG HFFANMLFEAE N ST, 4.2, st SHUR A4 T A RE E R
P AT DL s M A2 SO g, PR s 5 4 DU [ €
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S IERE RSt

BRAP

IR

NIIlEER =2
IR B B

Mot E RS

ﬂlei %‘1‘/ = n_»

4.1 ARG REHBIE

Figure 4.1 Use case diagram for the system

4.3.2 REFHF
KRB K P REEAT DU T R 4E
(1) B BEHLE F S
REFH B IR 50 SBE, Wk 4.3,
(2) R ERHY
*ﬁ‘%ﬁﬁ)ﬂﬂuw&%wﬂ’] PR EE R, WK 44,
(3) BEHET
FR ‘%ﬁﬁFTMéEEﬁE/ﬁrﬁ, WK 4.5, s T B R AR F
SE” ok 2 G S
(4) MZREBF
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= "H¥YBEEAEE © admin
[
e mBF

<. ANRERE

> =4

B 4.2 RGN SHILE (FER)

Figure 4.2 Side navigation panel of the system (for administrators)

B 4]
‘.’i'".:\i @: 1 [
MRS, PARKER
'“"""—".-,::'.rﬂ.-..“m... :
Hot Lead and Colc Mrs. Parker and the Saboteur (1942) Desert Winds (199:
Comedy, Western Drama Thriller Drama
* k& $3.99 * & % 3 $19.99 * & % & $3.99 $15.99 $4.99

Vanya on 42nd Stre Batman Forever (1° i&ME Following (19

Clara's Heart (192¢ Twin Town (1997)
Drama Action, Adventure, Com = L BT Drama Comedy, Crime
* & & & $4.99 * * %k $19.99 $12.99 * & % $12.99 * & % $4.99

B 43 REFZAPER

Figure 4.3 Index page for anonymous user
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= WmEESs s Q ==

MORTAL KOMBAT

Get Shorty (1985 Mortal Kombat (1€

Action, Comedy, Drama Action, Adventure

* Kk K $3.99 KKk §1599 KKk k §10.99 Kk % $699  wk $9.99

Figure 4.4 Category page for anonymous user

ARE SRR AT DAE N A B R R R, W 4.6 AR RGESCRAN 1
2w, SHERN, FEEHERAFNARRA, RESELRE NI B i ULk
W2k, M B ALES, A, A thREE I [n 22 i A e B i s 45 R T

433 IEMEER
QDI )
KRRZGEIEH P I BOEM P RE, AR P B R B EAGETR. 2850
TENHH 20O, R R 5 6 52 % P SR A5 R Aar il o
(2) Bx
KRAGHRAG FIRE, FERERRYE AR [0 5 S 1R B R A H e o
434 BZEAF
WEH P B RS- A R, 1A, ER& LN IhRE:
(1) Ahncy
O s Re A FLRE VRIS DUIRTAS N AL 200 SR
(2) sk
CL8 S AR AE LSS VRIS LT I SE HLRY .
(3) o
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2% o ==

[Mb%5MEELS Hacksaw Ridge (2016)

RIS, f5iC, s, B

"WCASHL -
e
1 &% SRR 0%

CE S T REAE
Kl 4. 77w
(4) BFCIEM B
CE A P Rt
(5) BF DO R
WRse 1z Palilzwliil

Bl 4.5 REFF AR E

Figure 4.5 Movie details page for anonymous user

SCVERS I R . SR ThREAL T Ha s

N A2 2 28 A 0 S ) FEL R 1) DT
E/j EEE‘/

I T A B A O INO JE R FL RS ) DL
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= SR boy O ==
Boys of St. Vincent, The (1993
e == Y (1993)
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Figure 4.8 Movie administration page

gk s

= = VRN

H5XRF. Abbrs
TRBCR A RE S .

RIS AT W N 48 B0 d o S R R 55 % A\ MongoDB % 4




AEE R A AR L iR 3L

gofim o i

B 4.9 AR ERE R

Figure 4.9 Knowledge graph administration page

JE R 55 s 3RO P45 85 TR . B I\ O S P A i DL B A\ Neodj Hidls
AR 55 e R BURR BTG EAE 5 2 o SRR PAT I 28 5k BeJm B R A7 IR 55 2 1 11 5
1RV HERE SR A2 MongoDB Hidfa e, &4 FH P 7 Inl INRe .45 RAfE 728
Jre

(2) M5y, X0 S A 55 A% 2 HERE 513 i L R e 15 8 B A
W ARHERE AN R P R D, AR F - A2 ERE N LR [ 7R 3 B 520 A HERS 91 38 (0 A i
TENAN TR I R B R R

EB RS, (1D B &, HEE SR, ek ) R
RLFHPER . (20 SIS D7 I HE R LA, (BRRIS SR, AT DUSE S i B
RIS RN PIE A ELANTE AR 1 A R GE 0 A B

45 Rgnett

KRG O W P 58 B 5 R AT I A8 B AR TR JSON 9 245 4 it
(JSON Web Token, JWT) SZILFEA 5iAUE (Authorization and Authentication), PAIL{R
IERGFM 2N, KRG SR 4. 1157w

TERI XS BS S Flask Ji o W9 00 R 55 a5 2 A2 i — MK TSON 11484 J AT — A I
I} JSON X2 4, AR A2 G A A - id DLAGE SIS TA], I HLiZ 4 RS FHAEXT PR N &5

29



AEETA R A AR L 18 5L

REVRRER- AP,
MongoDB

Bt 172

HEAEFIER
T 71) 3 00 LR A Bt

BNEE i <— H T TP >k
w (IB17 5t
HEFERD

B 77
W 2

HT TP i

SR i Neodj 4 #i KR i

i

E 4.10 HEHEERE

Figure 4.10 Movie recommendation procedure

Sgnes, b &4 B Flask J b b 0UIRSS s UK 25 4415 2, Xk T JSON 4%
L AW R

T S ) IR 95 4 2 R AL )4 i 2 5 4 WA £ 000 W8 25 1Y) localStorage Y, FRAE
BRI R AP iz, i i 55 ds R R A R (FRihse N e
i P O 5528 UK HLiZ 5 A R R B I L T A 2 AR BT A GTE R . HIL[E
I, 2R T N AR, 5 S I 55 @3k 2 kan il & R 1 id 2 75 5 R
I id AR AN 2 DA E AR — 00, ) i DY DR 55 1% [ R AR 1% o

Horr, 25 Ja v Y UGS 3 WA RO 3, 2 205 B 2% 4 i i ) O IR 55 4%
Iy 3 [ T R 55 2 4 2 K 4 R RO 45 I it IR 552 ARRIGET Crenew) IS4 F

deAh, ARG T WA EIER B AT WA AL ER, B D A G
A PR S ED o [FII, P SO R i e DX DR 55 e Ao P DR 3 0 S5 s A A B S Y
AT LI, T A TR A A B S 1R % 5 5 06 A A B2 5 (10 25 A kAT EL R ) 4
XARRE T ARG At . XAERII A M3 S0 VF HTTPS (HTTPS-only) 4% 3% 4%

30



AEETA R A AR L 18 5L

HTTPS

FI P 4 MV i

KHEIWT 51 BHIWT:

(1) H P& et

ﬁHTTP%ﬁ‘? CH IR IWT

W4 L i A

& 58

IT Y

HT TP

(2) BFFHPPHTTPIER

KHEHIWT

I 5

BRI IWT

(3) HifmIW T B

B 4.1 REREREMER

Figure 4.11 Overall security design for the system

FIE BT AT ATE 0 ORAEAR R GE 2 4tk

T ETR IS, BEIRA ARG R 8 SR S M 5 A A A S A BEAT A A AL EE
B AR RGAE A I L HTTPS-only HIEERE, FERXMIGILT, A i 8 & Al Ab
TINECIRAS, G 1 e ATl AT e, DR B SOA% A o s i Ao P e A A B 22 4
(K1, FESEERAE A RE ARl AT o M0 AR 2R SR s X 0 Al 5545 X6 i 0 00 e 95 5 A )
Y S R AT e A AR BRI e S s P P A NSO 6 SR AN
B SCRA BN, ) 2 H5cdfe e v P P s A i 2 P 50t 2 T U 5 8 P i s ) 3 ) o s

31



AEE R A AR L iR 3L

Gio M ERTE, ARG HIF T S SCER R O, BRI RO HE 2 b s A Ak
HE S 5 7 SR A B SO AR AT b, B MO R T T S A i
f, BSOS R AR PRI, AR SCE S R RO AT DL R AN R]
REMT. BRI, DL RS fRIE 7 A RS 2t

32



AEE R A AR L iR 3L

5 BrigwAEE

5.1 THERS

b BLEC B e, F P nl kBRI RS A E AN TG N, 1 LA P R RO
R HE, SMHEREEIENE A . XS BIEAAAEHEREHE A PRGSO AR R % DL K
ARSI . AR SCERXTEIIAR, DAHSEHERE A SO &, A8 R R B AR AR B E B
R P B9 DX 48 B S B T I R G, FLARMB G, EERINF R TR R

(1) {FH%ET Scrapy HEZEHINIE N IMDb A& 3R _EICH T 3684 4% Hi s ¥ .
Hrp, M IMDb JEHL | 3494 25 sz Eids, MG IRMIICEL T 190 s 28 (HT 5
IR TR TP U 9] B SUCHU B R ) . X s S R R S R A R
TEHNAE B B B RAER . SR AEREE R

(2) FRHESCHR [25] SEIL 7 2T AR S B I 4 R BE, @i “Movie-
Lens 1M Dataset” #5545 L& M IMDb Al I TEHC ) B Bs, seBl 73 FH -
OV R BT PP 43 91 DA R B RS i B S B R S0 o R S e AT T
R, THE T H AUC FIAERS LN OB I RE TR A5, % T 55 DKNUL, CKENS!,
PER[®, SHINE!'8], LibFMPOIPL &2 Wide&Deep? VR iE IHEAT T %t EL . FHCARL A BN, W
Vit I 24 S TR P e A A

(3) FET WM 2 FESe I 7 T AR EIE K B HEE RS RGN AREFH
PRI R EF Y . SERMIERN IR, A @A PRI HEE . %0 RE
BHY. BEHEMEE. BRI BRI OE R DKL E 6 NE R
et i, MkR. Bk, EREE LA RTIEE. RN EH JSON 2% 4. HTTPS
A KW 7 A B 0 4 T B R P R G 1) 22 4 1P

5.2 T/ERRYE

AT AT PR R R, TR AW ot AR . R RS
il A PP 3 S 4 SR R A L DA R T SR A o BRI A AT 3 7 I s A
AR, TR AR B (E B IE 7 A A R I A I E R K. AR
NI T-HR B A SR T A, ISR T R G, (E2
TRV RIRE T FTER, % R G AR 7, T EABIAE LR A7
(1) FEF AR S R

SRR PR T A A SRt P P U ) 2% B0 () it {ELAS SC I Y ) R R LR 145 R

33



AEE R A AR L iR 3L

A 5ERE, TIAE—E R LM 1 kX 2% SR I P RE
(2) WP FA it — D s

W2 B A TGS ] TR EHERE M CVA TS ErE, XA e IE 5t
SR T PRE . ARKRAHEHOEIZFE, AR AL LI HERE I RE K .

X T A B3R A B R, ARRIE T IR S R AR . HERR R IR
FMIAT RFIR, X RGHHAT G, I B e 3 .

34



AEE R A AR L iR 3L

[8]

[9]
[10]
[11]
[12]
[13]
[14]
[15]
[16]
[17]

[18]

[19]

[20]

[21]

2300k

SU X, KHOSHGOFTAAR T M. A survey of collaborative filtering techniques[J]. Advances in
artificial intelligence, 2009, 2009.

SUNY, YUAN N J, XIE X, et al. Collaborative intent prediction with real-time contextual data[J].
ACM Transactions on Information Systems (TOIS), 2017, 35(4): 1-33.

Z0U X. A survey on application of knowledge graph[C]//Journal of Physics: Conference Series:
vol. 1487: 1. 2020: 012016.

KARLGREN J. An algebra for recommendations: Using reader data as a basis for measuring doc-
ument proximity[Z]. 1990.

KARLGREN J. Newsgroup clustering based on user behavior-a recommendation algebra|M].
Swedish Institute of Computer Science, 1994.

JAFARKARIMI H, SIM A T H, SAADATDOOST R. A naive recommendation model for large
databases[J]. International Journal of Information and Education Technology, 2012, 2(3): 216.

SINGHAL A. Introducing the knowledge graph: things, not strings[J]. Official google blog, 2012,
5:16.

R, mifE, SRR ARSI TCRE R[], TR AR, 2017, 3(1): 004-025.

AR, BEIkIE, PRINZE, 25, SR ESEOAR 2RI, 2016.

ZEET, B, & AR EREUT LRI, WL PE RS 254k (HAARFEERR), 2017(2017 4F 03): 454-
459.

BORDES A, USUNIER N, GARCIA-DURAN A, et al. Translating embeddings for modeling
multi-relational data[C]//Neural Information Processing Systems (NIPS). 2013: 1-9.

WANG Z, ZHANG J, FENG J, et al. Knowledge graph embedding by translating on hyperplanes[C]
//Proceedings of the AAAI Conference on Artificial Intelligence: vol. 28: 1. 2014.

LINY, LIU Z, SUN M, et al. Learning entity and relation embeddings for knowledge graph com-
pletion[C]//Proceedings of the AAAI Conference on Artificial Intelligence: vol. 29: 1. 2015.

YANG B, YIH W T, HE X, et al. Embedding entities and relations for learning and inference in
knowledge bases[J]. ArXiv preprint arXiv:1412.6575, 2014.

AR, X0 R S R R SRR S SG R [J]. IR IR 5 50 ., 2015, 38(12): 13-18.
ZHANG F, YUAN N J, LIAN D, et al. Collaborative knowledge base embedding for recommender
systems[C]//Proceedings of the 22nd ACM SIGKDD international conference on knowledge dis-
covery and data mining. 2016: 353-362.

WANG H, ZHANG F, XIE X, et al. DKN: Deep knowledge-aware network for news recommen-
dation[C]//Proceedings of the 2018 world wide web conference. 2018: 1835-1844.

WANG H, ZHANG F, HOU M, et al. Shine: Signed heterogeneous information network embedding
for sentiment link prediction[C]//Proceedings of the Eleventh ACM International Conference on
Web Search and Data Mining. 2018: 592-600.

KOREN Y. Factorization meets the neighborhood: a multifaceted collaborative filtering model[C]
//Proceedings of the 14th ACM SIGKDD international conference on Knowledge discovery and
data mining. 2008: 426-434.

ZHAO H, YAO Q, L1J, et al. Meta-graph based recommendation fusion over heterogeneous infor-
mation networks[C]//Proceedings of the 23rd ACM SIGKDD International Conference on Knowl-
edge Discovery and Data Mining. 2017: 635-644.

SUN Z, YANG J, ZHANG J, et al. Recurrent knowledge graph embedding for effective recommen-
dation[C]//Proceedings of the 12th ACM Conference on Recommender Systems. 2018:297-305.

35



AEE R A AR L iR 3L

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]
[30]
[31]

[32]

[33]

[34]

YU X, REN X, SUN Y, et al. Personalized entity recommendation: A heterogeneous information
network approach[C]//Proceedings of the 7th ACM international conference on Web search and
data mining. 2014: 283-292.

TANG X, WANG T, YANG H, et al. AKUPM: Attention-enhanced knowledge-aware user prefer-
ence model for recommendation[C]//Proceedings of the 25th ACM SIGKDD International Con-
ference on Knowledge Discovery & Data Mining. 2019: 1891-1899.

CAO Y, WANG X, HE X, et al. Unifying knowledge graph learning and recommendation: Towards
a better understanding of user preferences[C]//The world wide web conference. 2019: 151-161.

WANG H, ZHANG F, WANG J, et al. Ripplenet: Propagating user preferences on the knowledge
graph for recommender systems[C]//Proceedings of the 27th ACM International Conference on
Information and Knowledge Management. 2018: 417-426.

RENDLE S. Factorization machines with libfm[J]. ACM Transactions on Intelligent Systems and
Technology (TIST), 2012, 3(3): 1-22.

CHENG H T, KOC L, HARMSEN J, et al. Wide & deep learning for recommender systems[C]//
Proceedings of the 1st workshop on deep learning for recommender systems. 2016: 7-10.

PO, L3, Bspll, 85, IR EE 22 S IHERE R G FLERR )], THENLAEAR, 2018, 41(7):
1619-1647.

W, SRRV, WROE, S IR B O HERE RALFIR]. BRE R SR, 2019, 14(2): 207-216.
Fng BT AR B I HERE BORBE ST LS D). H T RHCR S, 2018.

LINY, LIU Z, LUAN H, et al. Modeling relation paths for representation learning of knowledge
bases[J]. ArXiv preprint arXiv:1506.00379, 2015.

GUU K, MILLER J, LIANG P. Traversing knowledge graphs in vector space[J]. ArXiv preprint
arXiv:1506.01094, 2015.

TOUTANOVA K, LIN X V, YIH W T, et al. Compositional learning of embeddings for relation
paths in knowledge base and text[C]//Proceedings of the 54th Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Papers). 2016: 1434-1444.

FIELDING R T. Architectural styles and the design of network-based software architectures|[M].
University of California, Irvine Irvine, 2000.

36



AEE R A AR L iR 3L

Bt

WS TAFCABGL R, AN S R R R = LM 2 TN TR 2. 25
AR SCTE BIIA], 2R AT 22 O BRI AL 18 SR R S e TR, i 22 Y R 1 SR 58
G, ERAAHL TR A AETMAER RN . BRI S T BB R IRMHE 2 AR, i
HREA IS HLTT S B4 b3 25 T e AT I FEos S0, A3 ER AR ST LA 52 1 -

Hk, BEGIARIYIE G20 BRI PrAEM. ki, hIRMBRIeZImNERIT N
B SR A A BAT LA e KR SR Al TR S UR AN RS K24 2 505, SIRE 2 TAE 1
THRRE RIS R AT . B, BRERGR A DY R T A 28 i S04 e )V 5 0
ER AR H T FAZE R

B, BOLERORMIFS:, AR KAERGE TSR i R ST
3 i HE ¥ -

fJr, IS ERUFRNIACEE, AbAT— B ORI AE B 5% 3] B 5 51 52 WA m 7e il
B EHES: T

U P AR SCHE 'S AR O BAR B A BRI

37



	绪论
	研究背景与意义
	国内外研究现状
	推荐系统研究现状
	知识图谱的研究现状
	基于知识图谱的推荐系统研究现状

	本文的主要研究内容
	论文结构

	相关理论和技术
	知识图谱
	知识图谱的概念及发展进程
	知识图谱的构建方法
	知识图谱的应用

	推荐系统
	传统的推荐系统
	基于知识图谱的推荐系统

	系统开发技术
	数据采集技术
	数据存储技术
	后端技术
	前端技术


	基于涟漪网络知识图谱的推荐算法
	涟漪网络
	架构
	涟漪集
	偏好扩散

	学习算法
	分析
	可解释性
	涟漪重叠

	测试
	数据集
	基线
	测试步骤
	结果


	基于知识图谱的电影推荐系统
	系统整体设计
	数据库设计
	系统功能说明
	系统导航
	未登录用户
	注册与登录
	普通用户
	管理员用户

	电影推荐流程
	系统安全性

	研究结论和展望
	工作总结
	工作展望

	参考文献
	致谢

