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Collaborative filtering recommendation approach fused with
graph convolutional attention mechanism
ZHU lJinxia, MENG Xiangfu, XING Changzheng, ZHANG Xiaoyan

(School of Electronics and Information Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: The graph convolutional neural network (GCN) has attracted extensive attention due to its powerful model-
ing capabilities. In item recommendation, existing graph convolution collaborative filtering techniques ignore the im-
portance of neighbor nodes in the propagation aggregation process, making the embedding vector representation of user
and item unreasonable. Therefore, this paper proposes a collaborative filtering recommendation model fused with graph
convolutional attention to address this problem. First, user-item interaction information was mapped to a low-dimension-
al, dense vector space using graph embedding techniques. Further, the high-order interaction information between the
user and the item was learned using stacking multiple layers of GCN. The model also fused attention mechanisms to ad-
aptively assign weights to neighbor nodes, thereby capturing the influence of highly representative neighbors. Simultan-
eously, the model could rely only on feature expressions between nodes when aggregating feature information from
neighboring nodes, increasing the independence of the graph structure and improving the generalization capability of the
model. Finally, a hierarchical aggregation function that aggregated multiple embedding vectors, which was learned from
the graph convolution layer by weighting, was designed, and the inner product function was used to obtain the associ-
ation score between the user and the item. Results of the extensive experiments conducted on three real datasets have
demonstrated the effectiveness of the proposed approach.
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Fig.2 Framework of collaborative filtering recommendation model fused with graph convolutional attention
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Table 1 Statistics of the datasets

3.1

LIG/EES AP BH S EER Wi
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3.5.1 BARrbir

W AR SRR TR 5556 LA TR 43 S 7E 3 S AN [R] 1) 5K
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Table 2 Overall performance comparison

o Gowalla Yelp2018 Amazon-Book
Ryecali@x Nnpecax Rpecali@x Nnpecak Rpecai@x Nnpecak
MF 0.1291 0.1878 0.0317 0.0617 0.0250 0.0518
NeuMF 0.1326 0.1985 0.0331 0.0840 0.0253 0.0535
GC-MC 0.1395 0.1960 0.0365 0.0812 0.0288 0.0551
Hop-Rec 0.1399 0.2128 0.0388 0.0857 0.0309 0.0606
LightGCN 0.1830 0.1554 0.0649 0.0530 0.0411 0.0315
NGCF 0.1547 0.2237 0.0438 0.0926 0.0344 0.0630
GACF 0.2285 0.2597 0.1038 0.1455 0.0634 0.0936
GACFEINGCFIYHETH5%/% 47.51 16.09 136.99 57.13 84.30 48.57

3.5.2 AR
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Table 3 Effect of number of layers on the model recommendation

2K ik Gowalla Yelp2018 Amazon-Book
Rrecan@x Nnpecax Rpecai@x Nnpecak Ryecali@x Nnpecak

NGCF 0.1511 02218 0.0417 0.0889 0.0315 0.0618
12 GACF 0.2197 0.2557 0.0975 0.1383 0.0579 0.0916
T/ % +45.4 +15.28 +133.81 +55.57 +83.81 +48.22
NGCF 0.1535 0.2238 0.0429 0.0926 0.0319 0.0622
22 GACF 0.2246 0.2587 0.1005 0.1448 0.0588 0.0924
FETHH/% +46.32 +15.59 +134.27 +56.37 +84.33 +48.55
NGCF 0.1547 0.2237 0.0438 0.0926 0.0344 0.0630
32 GACF 0.2285 0.2597 0.1038 0.1455 0.063 4 0.0936
FETHH/% +47.51 +16.09 +136.99 +57.13 +84.3 +48.57
NGCF 0.1560 0.2240 0.0427 0.0907 0.0342 0.0636
4)Z GACF 0.2294 0.2600 0.1010 0.1424 0.0630 0.0945
PEFHH/% +47.05 +16.07 +136.53 +57.00 +84.21 +48.58
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B A e A0OR ¥ g e TS R, SR AR S
5 15 B R 77 B T top-k F FR B B AEAL . TP 2
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Fig.5 top-k recommendation performance on two different data sets
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Fig. 6 Learning rate test results
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Fig. 7 Effect of message dropout ratios
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