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[Abstract] The issue of sparsity in user-item interaction data is commonly encountered in the generation of
collaborative filtering recommendations. To address this i§sue, social recommendations introduce users’ social
relationships. However, several social recommendation systems based on Graph Neural Network (GNN) cannot
aggregate high-order neighbor information according te.dser preferences during the message-passing process, which
leads to embedding oversmoothing ands noise. €To solve these problems, this study proposes a social
recommendation model based on preference-aware denoising Graph Convolution Network (GCN), known as PD-
GCN. This model employs unsupervised learning to allocate users with similar preferences to social and user-item
interaction subgraphs. Higher-order graph convolution operations are performed within these subgraphs to mitigate
the oversmoothing problems obsérved in existing models. Considering global and local perspectives, the model
identifies and removes noisywnodes by weighing the feature similarity among nodes with the same preferences and
diversity of neighborhoed,. node preference distributions, thereby enhancing the robustness of the model against
noise in user-item interaction and social relationships. Experimental results on three public datasets (LastFM,
Ciao, and Yelp) show that the proposed model performs better than other mainstream models in terms of Recall
and Normalized Discounted Cumulative Gain (NDCG) , verifying the effectiveness of the PD-GCN model.
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Table 1 Dataset statistical.information
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Table 2 Experimental results of different models on three datasets

BntE FahR SBPR DiffNet  DiffNet++ LightGCN IMP-GCN  Social LGNa=DISGCN /' PD-GCN  Improve/%

Recall @10 0.1442  0.1779  0.1875  0.1951  0.2021  0.2026 . 0.2033  0.2089  2.75
LastPM  Recall@20  0.2070  0.2488  0.2651  0.2769  0.2788 | 02094 40.2801  0.2887 3.0l

NDCG@10 0.174 9 0.2219 0.223 3 0.2340 0.254 3 0.256.6 0.254 4 0.266 2 3.74

NDCG@ 20 0.197 8 0.247 4 0. 266 5 0.278 8 0,.288'6 0,288 3 0.284 2 0.296 7 2.81

Recall@10  0.0259  0.0341  0.0357  0.0410 _ 0,0433  0.0430  0.0441  0.0455 3.17

Ciao Recall@20  0.0412  0.0527  0.0565 0,059 1. 040609  0.0618  0.0633  0.0653 3.16

NDCG@10  0.0266  0.0359  0.0371 0m043 7, 0.0452  0.0441  0.0431  0.0472 4.42

NDCG@20  0.0307  0.0403  0.044 2. 0.0478  0.0503  0.0486  0.0491  0.0527 4,77

Recal@10  0.0446  0.0511  0.0624" 0,0615 0.0633  0.0632 0.0611  0.0656 3.63

Yelp Recall@20  0.0533  0.0849  0)0878  0.0647  0.0672  0.0891  0.0904  0.093 4 3.31

NDCG@10  0.0431  0.0397 O On0483  0.0416  0.0499  0.0511  0.0502  0.0525 2.74

NDCG@20  0.046 7 ,0.0513 .0.0614  0.0526  0.0570  0.0622  0.0626  0.0648 3.51

3.5 BSEEmAH %4 Ciao H{#EE F PD-GON ZERE FEH FHEAL
A5 %) PD-GCN [#) 3N S 1T858 Table 4 Performance of PD-GCN with different number of

FLAEF IR N, RS BRR ) E F0 42 Jay 5 ) L A1) o subgraphs on Ciao dataset

ﬂ]{?*&%ﬁ K . FEE/ D Recall@l0  Recall@20 NDCG@10 NDCG@20

3.5.1 FEREHFEH 2 0.043 9 0.062 4 0.045 0 0.050 8

BTG F B R AR R M G 1Y 52 i), SIS 3 0. 044 1 0.063 3 0. 045 9 0.051 2

TR E =L E {2, 3, 4, 5},7F LastFM, Ciao, 4 0.045 5 0.065 3 0.047 2 0.0527

Yelp B 4E L r945 R 50 N 3.3 4 Mk 5 P, 5 0.043 2 0.064 1 0.046 5 0.049 1

R 3 LastFM ##E£  PD-GCN R B F B T ry kR

# = TS Mk BB
Table 3 Performance of PD-GCN with different number of 5 Yelp HiESK L PD-GON AR FEH T AR

Table 5 Performance of PD-GCN with different number of
subgraphs on LastFM dataset

subgraphs on Yelp dataset

FES/A Recal@l0  Recall@20 NDCG@10  NDCG@20
e o FEE/A Recal@10  Recall@20 NDCG@10 NDCG@20

2 0.202 1 0.281 4 0.258 6 0.289 1

2 0.063 3 0. 089 0 0.051 4 0.061 5
3 0.209 2 0.289 1 0.266 6 0.297 0 3 0. 065 6 0.093 4 0.052 5 0.064 8
4 0.208 9 0.288 7 0. 266 2 0.296 7 4 0.064 1 0.091 1 0. 050 4 0.062 2

5 0.207 7 0.287 4 0.264 5 0.2911 5 0.061 2 0.087 8 0.045 5 0.059 3
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