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Neural Collaborative Filtering Based on Enhanced-attention Mechanism

KANG Yan,BU Rong-jing, .1 Hao, YANG Bing,ZHANG Ya-chuan and CHEN Tie

School of Software, Yunnan University, Kunming 650091, China

Abstract The recommendation system is the core to solve the problem of information overload. The existing research on recom-
mendation framework faces many problems,such as sparse explicit feedback data and difficulty to preprocess data,especially the
recommendation performances for new users and new projects need to be further improved. With the advancement of deep lear-
ning, recommendation based on deep learning has become a current research hotspot. A large number of experiments have proved
the effectiveness of deep learning applied to recommendation system. This paper presents EANCF (Neural Collaborative Filtering
based on Enhanced-attention Mechanism) on the basis of NCF. It studies the recommendation framework from the perspective of
implicit feedback data,and considers the data feature extraction by means of max-pooling,local inference modeling and combining
many different ways of data fusion. Meanwhile,attention mechanism is introduced to reasonably allocate weight value for the net-
work,reduce the loss of information and improve the performance of recommendation. Finally,based on two large real data sets,
Movielens-1m and Pinterest-20,comparative experiments are carried out between EANCF and NCF,as well as some classical al-
gorithms,and the training process of EANCF framework is given in detail. The experimental results show that the proposed
EANCF framework does have good recommendation performance. Compared with the NCF, both HR@ 10 and NDCG@ 10 are
significantly improved, with the highest increase of 3.53% for HR@10 and 2.47% for NDCG@10.

Keywords Deep learning.Collaborative filtering, Implicit feedback, Attention mechanism
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Fig. 1 Structure view of EANCF framework
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Begin:
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2.D<0Q

3. for all historical observation t<=1 to (n—1) in R do

4, f,=FTyY

5 h=H"v!

6 put a pretreated training instance {f,,h;} into D

7. end for

8./ * train the model * /

9. initialize all learnable parameters in EANCF

10. repeat

11.  the first Attention fusion:
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ve
PP =W, P, ©W,-P,,,© W,-P,. for EAMLP
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13.  the second Attention fusion:
P =W, Py, ©OW, P, . OW,Relu(P,)
14. randomly select a batch of instances D, from D
15.  find 0 by minimizing
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16. end repeat until stopping criteria is met.

End
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Table 1 Experimental evaluation data sets
Dataset Interaction Ttem User Sparsity/ %
Movielens-1m 1000209 3706 6040 95.53

Pinterest-20 1500809 9916 55187 99.73
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Table 2 Experimental environments

Name Version
OS Windows Server 2012 R2
Memory 256 GB
CPU I{lter(R) Xeon(R)CPU
E5-2680 v2 @ 2. 80 GHz
GPU Tesla K40 m
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Fig. 2 Comparison of Top-10 performance on Movielens-1m
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