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Recommendation Fusion Model Based on LSTM and Deep Matrix
Factorization
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Abstract: Aiming at the problem that most recommendation algorithms in real recommendation scenarios ignore the timeliness factors of dy-
namic changes in user preferences, resulting in limited model performance, a recommendation fusion model based on LSTM and deep matrix
factorization (Long Short—-Term Memory Fusion Deep Matrix Factorization, LFDMF) is proposed. The model uses generalized matrix factoriza-
tion to learn nonlinear low—order features between users and items, uses multi-layer perceptron to learn nonlinear high—order features between
users and items, and obtains users " long—term dynamic preferences. LSTM s strong fitting ability to time series is used to obtain users " short—
term dynamic preferences. In order to verify the effectiveness and feasibility of the LFDMF model, comparative experiments are carried out on
the public datasets MovieLens—1M and Pinterest. The simulation results show that the HR @ 10 and NDCG @ 10 indexes of the LFDMF model
are improved by 0.103 4 and 0.1322,0.118 1 and 0.101 8, respectively, compared with the traditional MF algorithm. Compared with the DMF
model, it is improved by 0.022 8 and 0.032 3, 0.016 9 and 0.013 5, respectively, the recommendation performance is significantly improved.
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Fig.2 LFDMF model
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Fig. 3 Performance of each model on the MovieLens—1M dataset
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Fig. 4 Performance of each model on the Pinterest dataset
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Table1 HR@10 and NDCG @10 for each module on the MovieLens—

1M dataset
%1 MovieLens-1M ##F& T &£ EH HR@10 F1NDCG @10
] HR@10 NDCG@10
MF 0.5879 0.2827
LSTM 0.641 6 0.365 8
DMF 0.668 5 03826
LFDMF 0.6913 0.414 9

Table 2 HR@10F1NDCG @10 for each module on the Pinterest data-

set
2 Pinterest HIEE T ZHEHRHR@10FINDCG@10
i) HR@10 NDCG@10
MF 0.742 1 0.416 5
LSTM 0.826 1 0.493 4
DMF 0.843 3 0.504 8
LFDMF 0.860 2 05183

F # HR@10 F1 NDCG@10 43 51l 4& T+ T 0.103 4. 0.080 6,
0.053 7 F10.132 2.0.099 . 0.083 1; 1fij £ Pinterest £ i 4 I
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Fig. 5 HR@10 and NDCG @10 of models with different negative sam-
pling numbers on the MovieLens—1M dataset
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Fig. 6 HR@10 and NDCG @10 of models with different negative sam-
pling numbers on the Pinterest dataset
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Fig.7 HR@10 and NDCG @10 of models with different latent vector
dimension on the MovieLens—1M dataset
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Fig. 8 HR@10 and NDCG @10 of models with different latent vector
dimensions on the Pinterest dataset
8 Pinterest HIFEE T AREERELEHEENHR@10FINDCG@
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Table3 HR@10 of models with different MLP layers on the MovieL-

ens—1M Dataset
&3 MovieLens—-IM#IRE TR EMLP R #EE ) HR@10

WTE M R4 MLPO MLPI MLP2 MLP3 MLP4 MLP5

10 04513 04673 04846 05311 05698 0.6190
20 04509 04495 05074 05784 0.6223 0.6317
30 04519 04707 05326 0.6096 0.6291 0.648 1
40 04510 04738 05762 0.6419 0.6535 0.6439
50 04482 04716 05664 0.6311 0.6455 0.6452
60 04511 04873 05977 0.6404 0.6511 0.6497
70 04488 04902 0.6134 0.6359 0.6412 0.6447

Table 4 NDCG @10 of models with different MLP layers on the Mov-
ielens—1M dataset
%4 MovieLens-IMBIEE T AE MLP ZHER I NDCC@10

WTEIR HYEE MLPO MLPL MLP2  MLP3 MLP4  MLP5

10 02511 02581 02685 02980 0.3196 0.3491
20 02516 02522 02817 03239 03545 03629
30 02518 02611 02986 03477 03612 03791
40 02505 02651 03232 03509 03807 03714
50 02507 0.2624 03206 03605 03697 03771
60 02511 02791 03477 03680 03766 03793
70 02498 02710 03458 03677 03739 0.3783
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Table 5 HR@10 of models with different MLP layers on the Pinterest dataset
%5 Pinterest H#EE T A E MLP EHEE K HR@10

WEAE ] 1 4 JiE MLPO MLP1 MLP2 MLP3 MLP4 MLP5 MLP6 MLP7
10 0.274 4 0.3657 0.746 9 0.762 6 0.807 7 0.8316 0.8415 0.8427
20 0.274 3 0.403 9 0.773 7 0.805 1 0.8275 0.8353 0.841 8 0.845 4
30 0.273 5 0.728 7 0.795 4 0.8192 0.8310 0.836 2 0.845 4 0.843 9
40 0.2723 0.730 8 0.803 3 0.826 5 0.8377 0.844 4 0.844 6 0.846 1
50 0.269 8 0.764 4 0.8133 0.8277 0.836 9 0.8455 0.846 5 0.846 2
60 0.2720 0.767 6 0.8107 0.8318 0.8432 0.8413 0.848 2 0.8475
70 0.273 6 0.764 0 0.8172 0.832 8 0.838 4 0.8450 0.846 3 0.847 5
Table 6 NDCG @10 of models with different MLP layers on the Pinterest dataset
%6 Pinterest HIEE T A MLP EHZEHI NDCG@10
TR 2 MLPO MLP1 MLP2 MLP3 MLP4 MLP5 MLP6 MLP7
10 0.140 4 0.190 4 04185 0.4279 0.475 1 0.497 3 0.505 1 0.508 1
20 0.1402 0.208 7 0.4367 0.4717 0.494 2 0.5010 0.506 3 0.5109
30 0.140 1 0.401 1 0.463 1 0.487 6 0.498 0 0.503 4 0.510 8 0.509 8
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70 0.1393 0.4340 0.4875 0.500 7 0.504 4 0.5100 0.5123 0.5127
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