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Top-N Recommendation Method for Graph Attention Based on Multi-level and Multi-view

LIU Zhi-xin, ZHANG Ze-hua and ZHANG Jie

School of Information and Computer, Taiyuan University of Technology, Taiyuan 030024 ,China
Abstract Recommendation system is a research hotspot in the field of data mining. Due to the emergence of massive data, the reco-
mmendation methods of multi-source information fusion receive great attention. However, the existing recommendation methods
based on heterogeneous information fusion often ignore the interaction information between users and items,as well as the inter-
action between meta-paths in feature representation. Therefore, considering the influence of different perspectives of attribute
node embedding and structural meta-paths,a network recommendation method with multi-level graph attention is proposed. This
method granulates the multi-source information network structure into multiple independent coarse-grained networks by con-
structing different meta-paths. Then, based on graph attention mechanism and local node attribute embedding, this method can
learn the potential features of users and items separately. Finally.it gives a fine-grained network recommendation after fusion.
The horizontal and vertical evaluations are conducted on real large-scale data sets,and the experimental results show that this
method can effectively improve the recommendation performance.
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Table 1 Statistics of Movielens-100k and Yelpdatasets
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Table 2 Selected meta-paths in each dataset
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Table 3 Experimental results on two datasets

Datasets Meterics BPR NeuMF FMG MCRec MMGRecyp MMGRecnd MMGRec 4141
Prec@10 0.3010 0.3293 0.3256 0.3451 0.3427 0.3636 0.3678
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100k Recall@10 0.1946 0.2090 0.2165 0.2256 0.2231 0.2337 0.2377
NDCG@10  0.6459 0.6587 0.6682 0.6900 0.6530 0.6983 0.7075
Prec@10 0.1474 0.1504 0.1538 0.1686 0.1681 0.1842 0.1891
Yelp Recall@10 0.5504 0.5857 0.5951 0.6326 0.6015 0.6504 0.6647
NDCG@10  0.5549 0.5713 0.5861 0.6303 0.5967 0.6455 0.6593
024
037 o TAGRe 2 ~#-HAGRec . 070 |[* HAGRec Ee
036 {|~® HAGRec_path T -®-HAGRec_path P i 7 1|-®-HAGRec_path g
-»-HAGRec.nd | .-z 023 {|->-HAGRee_nd | -8~ 068 {[-»>-HAGRec_nd | _.-=*
035 i o™t ° = o
= o0 S % 022 S (% - = e ®
® o N % o6t JPeE
g 03 $ o021 8 062
°~ & 2
032 0.60
020
031 058
019 056
20 40 60 80 20 40 60 80 60 80
Training Ratio/% Training Ratio/% Training Ratio/%
(a)Movielens-100k
019 {=®-HAGRec 065 |[® HAGRec s 065 {® HAGRec =8
018 {-® HAGRec_path[ -7 : L 2 8 -@®-HAGRec_path e -
-»-HAGRec_nd | =7~ -»-HAGRec_nd_|” g -»-HAGRec.nd | .-~
017 ra e — ° 060 e 060 = T )
016 A S P -
S o . 5 05 & 0%
9 om 3 o’ . i
§ L S 050 g Q050 { o
L o013, & e S
012 { ' 045 - 045 {1 .~
on L& o L
20 40 60 80 20 40 60 80 20 40 60 80
Training Ratio/% Training Ratio/% Training Ratio/%
(b)Yelp
B4 WA S BN R 2 U 2 HLE B T RE LA

Fig. 4 Performance comparison of different levels of attention mechanism on two datasets
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