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Graph Neural Network Social Recommendation Algorithm Based on
Attention Mechanism
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Abstract: To address the issue of existing social recommendation systems being unable to process the potential information between users and
items, as well as the problem of over—smoothing, we propose a social recommendation algorithm based on attention mechanism and graph neu-
ral networks (SGNN—AM). This algorithm introduces attention mechanisms and multilayer perceptrons into graph neural networks, avoiding
the potential over—smoothing problem that may arise after multiple graph convolution operations. First, the embedding information of users and
items is initialized; second, the attention mechanism is used to assign corresponding weights to the user—item interaction graph and the user
social graph; finally, multilayer perceptrons are employed to aggregate and learn the representations of users and items, outputting the final
prediction results after linear operations on all computed collaborative signals. Experiments conducted on two real datasets, LastFM and Ciao,
show that compared to the optimal performance of the baseline model, SGNN-AM improves Precision@20 by 2.84% and 2.79%, Recall@20
by 2.36% and 1.14%, and NDCG@20 by 1.13% and 2.28%, demonstrating the rationality and effectiveness of the algorithm.
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Fig. 1 Representation and fusion of users and items
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Fig. 2 Overall architecture of the SGNN-AM model
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Table 2 Performance comparison of different benchmark algorithms
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Bk Precision@ Recall@ NDCG@ Precision@ Recall@ NDCG@

20 20 20 20 20 20
BPR-MF 0.1011 02070 0.1958 0.0138 0.0407 0.0302
DiffNet 0.1213 02486 0.2387 0.0179 0.0533 0.0412
NGCF 0.1289 02696 0.2575 0.0183 0.0538 0.0416
LightGCN 0.1363 02752 0.2788 0.0209  0.0587 0.0464
DISGCN 0.1372 02801 0.2842 0.0215 0.0605 0.0482
SGNN-AM  0.1411 02867 0.2879 0.0221 0.0623 0.0493
Improve% 28425 23563 13019 27906 1.1363 22821

Table 3 Comparison of cold start experiment results
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DISGCN 00336 02565 0.1623  0.0095 0.0627 0.0385
SGNN-AM ~ 0.0349  0.2874  0.200 1 0.0098 0.0636 0.039 4

Improve% 3.869 12.0467 232902 3.1578 14354 23376
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Fig. 3 Ablation experiment results
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Table 4 Performance comparison of models with different layers

R4 TREBHHERMERE LR

LastFM Ciao
2% Precision@  Recall@ NDCG@ Precision@  Recall@ NDCG@
20 20 20 20 20 20
1 0.178 0.189 0.223 0.023 4 0.0267 0.0283
2 0.185 0.193 0.242 0.036 9 0.0409 0.0423
3 0.223 0.231 0.263 0.038 6 0.0419 0.0448
4 0.208 0.212 0.257 0.023 4 0.0267 0.0283
5 0.196 0.21 0.253 0.036 9 0.0409 0.0423

AR, 3 3 TE T4 20 o 72 300 SR 38 7 T S0
4 HiE

Sy il e BRAG T R 28 ) 4% B R LA HE R R B AEAE I
AN AR SR Y — 3 R T ML 1) P 2 D 2% Ak 58 3
T8 SGNN-AM ., SGNN-AM 7£ JH F1 #wi B i A (S B A%
R A ) AR ALE A2 2L, B T 2R E
R 23 308 5] (%) 32 S Ui T A, D 425 9 P R [ 22 [ ) v
FEORZR P THEREM A 5 . 2P BB 4R - 5
fib 5 SRS AT L, 5256 45 SR IE B SGNN-AM ¥4 T H:



p

9

i RAE, B FE T IE R AL 4 TR 22 ) 24 S i B - 81

02

0.1

0.1 0.01 0.001  0.0001 0.00001 0.000001

=== Precision(@20 Recall@20 ====NDCG(@?20

(a) LastFM
0.2
0.1
0
0.1 0.01 0.001 0.0001 0.00001 0.000001

=== Precision(@20 Recall@20 ====NDCG(@20

(bh)

Ciao

Fig. 4 Regularization coefficient experiment results
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