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Abstract

Deep learning has achieved remarkable success in the field of recommendation systems, however,
some existing models still have some limitations, such as the inability to capture non-linear inte-
raction information between users and items. To solve this problem, we improved NeuMF model
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and proposed CNMF model. First, we replace the multi-layer perceptron (MLP) layer in the NeuMF
model with a convolutional neural network (CNN). CNN can effectively extract the spatio-temporal
characteristics between users and items, so as to better capture the relationship between them.
Secondly, we introduce the attention mechanism to further enhance the performance of the mod-
el. Attention mechanisms can automatically learn important relationships between users and
items to better model the recommendation process. We can more accurately predict user prefe-
rences by calculating the weight of attention between users and items to pool their interaction
characteristics. Finally, we conducted a large number of experiments on classical recommenda-
tion datasets. Experimental results show that our improved algorithm is significantly superior to
the traditional NeuMF model in terms of accuracy and efficiency. Especially in the case of a large
number of users and items, our algorithm shows better stability and scalability.
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Figure 1. NCF frame
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2.2.1. General Matrix Factorization(GMF)
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Figure 2. GMF model
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2.2.2. Convolutional Neural Network (CNN)
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Figure 3. CNN model
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2.2.3. CNN Matrix Factorization (CNMF)
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Figure 4. CNMF model
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3.1. SCIGHUESE
RSO RS B 1 R

Table 1. Details of the datasets
%=1 HEEFAER

BAGIIES A P A T A PR AR VRO
MovieLens-1M 1.0 6040 3900 1,000,209 4.468%
MovieLens-10M 2.0 69,878 10,681 10,000,054 1.321%
MovieLens-20M 2.0 138,493 27,278 20,000,263 0.946%

MovieLens ##58& — ™ I 2 HER R NIEUR S, &3 E Minnesota K% GroupLens /NATF &
[’] Movie Lens ufi S i it g . ZBIREA S T2 AR, Hd i vHE HI1/2 MovieLens 100K,
MovieLens 1IM. MovieLens 10M F1 MovieLens 20M.

MovieLens 100K ki AEL % 100,000 41T (M 1 21 5)F1 943 {7 F2 6 1682 34 HL 52 (V43 HdiE « Bhah,
EIREEA RO (AL RS P A NG B FER. H5).

MovieLens 1M i AL % 1,000,209 /NF4>F1 6040 44 H 7 %F 3900 8 B2 HIPE 43 Bds - 55 100K i A AH
o, IM RRARTEHE T HEFEE GRS, a0 s R R EOR 2 1 R e B .

MovieLens 10M fiz A2 427 10,000,054 /N¥-43F1 69,878 42 Fil F Xt 10,681 #f H 52 HIVE4r Bdis - 5 2 7l
MIRAAR L, Bt T SR BRI 2 (- e .

MovieLens 20M iz A2 5 K ) MovieLens 442, €7 20,000,263 >3 A1 138,493 44 FH 7% 27,278
VP8GR T EdE, e S AR R DG n s .

A EE K H MovieLens IM. MovieLens 10M F1 MovieLens 20M =M 3E 5 SR B HEAT YRAL 2% 21,
YT EEESE, BUL 80%MEHEE NI ZREEEdE, 20%1F Al ik 4 .
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ZHPFAME . WRHEZ KT K, WMEEHEZ #5808 0. MRR 5 ETH IHEF . AR A:

MRR = -y 1

Q i=1 riank
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NERFEAE CNMF B (1 HE 1 E, 4 CNMF #5714 5 NeuMF (Neural Collaborative Filtering) #5711 BPR
(Bayesian Personalized Ranking) #5574 i3t 17 % Lh S256

NeuMF BHY[5], ZAR [FFEEET NCF AESE, 454 7R AP g (I35 . ek T HFES>
i 7 A P P RO i LS 8 [ S ), R P b 8 I AR RSt FE P R 1 ) AT AR R R B RIS L,
DTSN F 50 R 0420 i £ 53

BPR #5484 [8]if i fie KA FE T-HEA4 HANEAL B AR BRBCRIEATHERE, AN RAE AL S8 1) [l H 55328 H AR
PR, BPR ARAL 32 BB 0B S AR B 10 R, 540 FH P 5 0 BT o0 B R B R A Ol . e 5INHEF U7
%, PSP R A AT AR, IR B R B U7 ORI S 4

7 2~4 5% CNMF #5551 5 556 LU AR 7E MovieLens 34545 1) Recall @K 1 MRR@K ff145

R 2~4 BATAT A HAEAR R R/MOEHESE |, CNMF Rl NeuMF [ZURE R T BPR. CNMF 5
BUEH T CNN 5iF 2 U], AR R . i o 45 i v] LLE BRSO BRI, BT IR
STHHEF AR AN R, ROR L

Table 2. The results for Recall@K and MRR@K on the MovielLens-1m dataset
3% 2. MovieLens-1m #3#E£ L #Y Recall @K #1 MRR@K 48R

Y Recall@5 Recall@10 Recall@20 MRR@5 MRR@10 MRR@20

BPR 0.145 0.185 0.241 0.070 0.087 0.095
NeuMF 0.178 0.246 0.323 0.090 0.112 0.121
CNMF 0.191 0.258 0.345 0.099 0.120 0.126

Table 3. The results for Recall@K and MRR@K on the MovieLens-10m dataset
%% 3. MovieLens-10m ##E£ L # Recall @K 1 MRR@K 458

AR Recall@5 Recall@10 Recall@20 MRR@5 MRR@10 MRR@20

BPR 0.139 0.184 0.232 0.063 0.083 0.092
NeuMF 0.188 0.251 0.324 0.091 0.116 0.124
CNMF 0.202 0.275 0.353 0.097 0.125 0.130
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Table 4. The results for Recall@K and MRR@K on the MovieLens-20m dataset
%% 4. MovieLens-20m ##E£ L # Recall @K 1 MRR@K 4558

TR Recall@5 Recall@10 Recall@20 MRR@5 MRR@10 MRR@20

BPR 0.133 0.177 0.221 0.057 0.072 0.081
NeuMF 0.205 0.267 0.338 0.098 0.123 0.133
CNMF 0.218 0.279 0.351 0.103 0.132 0.141

CNMF HI NeuMF J&JE TR B2 27 S TR, R 227 TR RERS H s SR a6 8080 2 T w2
R GAE, JF @M T RA BRSNS, e SCEL PR TSN 2, IR R RE SR
FRIRLT.
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Figure 5. Comparison of CNMF and NeuMF’s rise in recall
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Figure 6. Comparison of CNMF and NeuMF’s rise in MRR
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