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Abstract In the era of information explosion,the recommendation system plays an enormous role in reducing informa-
tion overload. At present,the recommendation system generally uses the traditional collaborative filtering algorithm to
learn the hidden vector in the user-item behavior matrix, but it has the problem of data sparseness and cold start,and
does not consider the customer preferences and the popularity dynamics of items. This greatly limits the accuracy of the
recommendation system. Some scholars have used the deep learning model to learn the features of the auxiliary informa-
tion to enrich the features of the collaborative filtering algorithm,and achieved certain results, which does not fully solve
all the problems. This paper took film recommendation as the research object,and proposed a recommendation algorithm
that combines dynamic collaborative filtering and deep learning. Firstly,the dynamic collaborative filtering algorithm in-
corporates temporal features. Secondly,it uses deep learning model to learn user and movie feature information to form
the hidden vector of user features and movie features in high-dimensional latent space. Finally,it is integrated into the
dynamic collaborative filtering algorithm. Extensive experiments on Moviel.ens datasets show that the proposed method
improves the accuracy of film score prediction.

Keywords Movie recommendation, Hidden vector.Deep learning, Dynamic collaborative filtering
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Input:user-to-movie rating matrix r, user features P, movie features

P AL pe o 2+ g 2+

Q. number of users N,number of movies M, latent factor num-
ber of user features F,,latent factor number of movie features
F,,latent factor number of user-to-movie rating matrix F;

Output: Mean_ RMSE

Begin:

1. Dividing r into five training sets and test sets by five-fold cross vali-

dation.

)

. hidden vector of user features P
P_D<Data preprocessing for P
P_E<Entering P_D into the embedding layer MLP parameter ini-
tialization includes activation function, number of hidden la-
yers and number of hidden layer neurons.,etc.

Py<Entering P_E into MLP

w

. hidden vector of movie features Q:
Q_D~<Data preprocessing for Q
Q_E<Entering the movie ID and movie categories in Q_E into the
embedding layer CNN parameter initialization includes acti-
vation function, number of hidden layers, number of hidden
layer neurons,convolution kernel and pooling layer,etc.
Q_C<Entering the movie titles in Q_E into CNN MLP parameter
initialization includes activation function, number of hidden
layers and number of hidden layer neurons,etc.
Qy < Entering Q_C and Q_E into MLP
4. CMLP-TimeSVD+ + parameter initialization includes Fy, X, 3, ep-
och and activation function,etc.
5. RMSE_Sum=<-0
6. for test set in five test sets do
7. /r\u,eUsing formula (12)to calculate Q\“
8. loss<Using formula (13)to minimize loss
9. RMSE<Using formula (14)to calculate RMSE
10. RMSE_Sum<-RMSE_Sum-+ RMSE
11. end for
12. Mean_ RMSE<-RMSE_Sum/5
End
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Movielens 100 K 943 1682 100000 93.7 Age,Gender, Occupation Title, Genres
Movielens 1 M 6040 3706 1000000 95.8 Age,Gender, Occupation Title,Genres
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Fig. 5 Influence of F on CMLP-TimeSVD+ + algorithm

oI 5 AT LUE B BN T8 F Oy 10 B, CMLP -Time



58 Y

XBAEME o 45 < Bl 5l 25 b 1)k 0 R % B2 2 ) W) 4 Ak 33

SVD+ + %35 RMSE % %|#: /)N . MovieLens 1 M fy RMSE
4 0. 788, MovieLens 100K §J RMSE Jy 0. 889, Sk KK ¥
BF Ry 5,15 Al 20 B, A5 R S BRI 740 10 B9 25 3 22 51
AR AR LA IR R BUR G B CMLP -TimeSVD+ +
BB FECF A 10,

(2) WAl B 43 Bin(o)

&6 45t 1738 1 iRy PN EOE 42 7EAS [ i [R] B &) 43 Bin
() F sCMLP -TimeSVD+ + % % & RMSE $8§ #5458 {45 I

L — MovieLens 1M
105 = MovieLens 100 K

100
&
§ 095
. ——————— |
085
080
10 15 20 30
Bin(z)

& 6 WA B4y Bin(o) X CMLP-TimeSVD+ 45 % A 5 iy
Fig. 6 Influence of Bin(¢) on CMLP-TimeSVD- + algorithm

B & 6 A LLE L A B £ 4 Bin(o) 2 30 Bf , CMLP -
TimeSVD+ + 8 % i) RMSE 35 2| 5z /v, 40 5] 0. 788 #
0.889, M, CMLP ~TimeSVD+ + 81 Bin(1) 5 30,

I E Iy

K7THBTRIPHEABEERERNFEITE T,
CMLP -TimeSVD-+ + % 3£ i) RMSE #5428 145 0 .

110 = MovieLens 1 M
105 = MovieLens 100 K

100
095
090

085

080 ~\\//

0.0001 0.000 5 0.001 0 00050
Ir

RMSE

B 7 23K I X CMLP-TimeSVD+ -+ 5 525 19 5 i

Fig. 7 Influence of /r on CMLP-TimeSVD+ + algorithm

W7 AT LE L PN B SR TE 2 2 % ir O 00001 B,
CMLP -TimeSVD+ + & ¥ ) RMSE 3k 3 8/, 43 324 0. 788
10,889, B, CMLP -TimeSVD+ + 2 B 192 2 &K Ir Ry
0.001,

O RN g 32 AT 1A FE A8 FH A9 A A 403t Batch_Size

8 45t T3& 1 AP B4R 4 4R W] Batch_Size T
CMLP -TimeSVD+ + 5 % i) RMSE 8 #5845 5L, th T
MovieLens 1M 4 4 1 P 73 84 4 1000000 4%, Movielens-
100 K %46 4 B9 ¥ 2> Bl 4 100 000 4%, A 1k Movielens 1 M
B Batch_Size {ii b MovieLens-100 K &, H7E finHe i 48 i BF
i) [ ) o BB 68 PR JIEHE BE

i & 8 Al LI % T MovieLens 1 M, 24 Batch_Size i
128 i, CMLP -TimeSVD+ + & % i) RMSE 35 ] /v, Ky
0.787,% Batch_Size } 256 B ,RMSE } 0. 788, Wi & # 25 K
K. {HJE . Barch_Size J3 128 W #9 Il 25 i 6] & Batch_Size
256 O B9 WO A, ML &% G B R u) A M &k R, CMLP-
TimeSVD+ + 535 1) Batch_Size L 256,

110 — MovieLens 1M
= MovieLens 100 K
105
100
Ry
g 095
& 090
085
080 //
3264128 256 512 1024
Batch_Size

# 8 Batch_Size X} CMLP-TimeSVD- + %5 1: (1 5 1)

Fig. 8 Influence of Batch_Size on CMLP-TimeSVD+ + algorithm

% T MovieLens 100 K, Batch _Size 24 32 W}, CMLP-
TimeSVD+ + 8 1k i) RMSE ik 8 /N, 24 0. 889, H F Mo-
vieLens 100K A9 ¥F 43 %5 95 A0 %t %5 /N, U 5 33 B o Lk Movie
Lens 1 M #¢, i, CMLP -TimeSVD+ + % (% Batch_Size
32,

4.5.2 ABRHFBEEAGEHRERE S

HRAHE 4. 5.1 T TR 8 2 500 L0 45 5 5 40 7 . % F Mo-
vieLens IM BB . S HIWA AT : F=10.Bin(t) =
30,1r=0.001, Batch_Size=256; %} T MovielLens 100 K %
LRI R MA AT F=10, Bin () =30, [r=0. 001,
Batch_Size =32, XX P9 F B0 48 4 43 50 fE 47 56 56, LA AR I
CMLP -TimeSVD+ + 53 A A [F] it G806 48 1 S 25 21
m 2 s,

2 RFEURAE I S 25 2R

Table 2 Experimental results for different datasets
Dataset RMSE
Movielens 1 M 0.788
Moviel.ens 100 K 0. 889
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Fig. 9 Experimental results for algorithm comparison
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Table 3 Experimental results for algorithm comparison
Algorithm RMSE
Movielens 1 M Moviellens 100K
ConvMF! 2] 0.853 0.913
R-ConvMF!!®] 0.847 0.906
mSDA-CF[17] 0.842 0.904
Adaboost-PMFEL?] 0. 801 0.912
CMLP-TimeSVD+ + 0.788 0. 889
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