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Design and implementation of movie recommendation system based on deep learning
LIANG Zhaomin, LIANG Tingting
(College of Artificial Intelligence, Nanning University, Nanning 530200, China)

[ Abstract] In the era of big data, various kinds of massive data could inevitably emerge. Recommendation system is one of the
effective means to help people choose data. Nowadays, the traditional recommendation algorithm represented by collaborative
filtering algorithm can not meet the needs of people’s personalized selection. This paper uses deep neural network to build a
recommendation model based on deep learning for extracting the features of users and movies, and designs a multi—layer neural
network to conduct deep interaction between the features of users and movies, in order to mine the deep interaction relationship
between users and movies, and obtaining the preferences of users. The construction and deployment of the in—depth learning movie
recommendation system are realized through relevant Spark, Flink, TensorFlow and other technologies. A personalized movie
recommendation system is developed.
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Fig. 1 Overall framework of deep neural network movie recommendation model
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Fig. 2 Overall architecture of movie recommendation system
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Fig. 3  Functional module diagram of movie recommendation

system

(1) P EE SR TEMHS R, A5 P 8 SR A
TEMFDIEE , S BRS04 B 3 AT BAE, Jo A=
B TEMY, W) 25 B 2 T S, 6 TR 5
BUS AR OCHMHE B, Ak 5 2477 Wik 5
ANBEEME

CARPNEISE: S Al 8 R OR R W N EY SR Xk
PERBR A LEA DIRE , 2R TS AR S A 4
TR B e A N5 R, R Gl LR
O R AE S A4 P 2

(3) R R A R, (0 BRI R IV,
P SR HE L R ARG RE 1R B R

(4) HUEZ AR A A AR DL F B2 A A1
PCHEHEAE P DIRE . o AR S A T
AR G REERE SRR
SEHEATHERE . PR R GRS T /Y
DNVE 13 S AT o, ot P RS LS R e, AT A

FE R
23 REHIEREEIT
2.3.1 ER K%t

R EZLARBEH PR, AP UEE
FOCHLAR R A i — Y RGN S 5iX
PR ARI AL B, P B RE, REE SR
T FH P Dy s A S8 , o P A ) BE B K HLRE |
SCHON RO TR R

(D) APk, & RGEXH P AR BT 4l
P SRR R RS P g P A RR
A AR P AR B, BT 4
IR ER EANE 4 Frs

P4

AR
il

PP
FF
JHP LY

E4 FFERHE
Fig. 4 User ER diagram
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Fig. 5 Movie ER diagram
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Tab. 1 User information table
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Tab. 2 Movie information table

FEBA FEA FE UL
movield Int(32) %S
movieTitle String HLSY 24 B
movieDirector String FHL %S i
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Tab. 3 User rating table
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Tab. 4 Movie label table
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