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Abstract

This study aims to optimize the issue of noise interference introduced by social networks when col-
laborative filtering recommendation algorithms encounter data sparsity. Although existing graph
neural network-based social recommendation methods can utilize social auxiliary information, they
often overlook invalid connections in social relationships (such as superficial social ties with incon-
sistent interests), and the current random data augmentation methods tend to disrupt the intrinsic
semantic structure of the graph. To this end, this paper proposes a contrastive learning recommen-
dation framework that integrates an adaptive graph generation and denoising mechanism. This
framework deploys adaptive enhancement strategies on both the user side and the item side: on the
one hand, it uses a variational graph autoencoder (VGAE) to reconstruct the user social view to sup-
plement latent semantics and combines a denoising module guided by interaction signals to elimi-
nate invalid social edges; on the other hand, it performs adaptive denoising on the interaction graph
itself on the item side to enhance the robustness of item representations. Through cross-view con-
trastive learning, the model achieves effective alignment between auxiliary information and the
main interaction task. Experimental results on the public datasets Yelp and CiaoDVD show that the
model proposed in this study significantly outperforms mainstream baseline models such as LightGCN
and MF in terms of Recall@20 and NDCG@20 metrics. Further analysis indicates that this model
demonstrates stronger robustness and generalization ability in handling scenarios with high noise
ratios and sparsity.
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Figure 1. Overall structure diagram of the model
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Table 1. A performance comparison of different models on the Yelp and CiaoDVD datasets

52 1. FNEHERE Yelp 0 CiaoDVD #iEEE LI gEXTEE

HA Yelp (Recall@20)  Yelp (NDCG@20) (Ff;ggl%’%) (Ncéaé’gégo)
LightGCN 0.2966 0.4126 0.1342 0.1058

Mf 0.3109 0.4472 0.0683 0.0909

Ours 0.3981 0.5424 0.2866 0.3635
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7t CiaoDVD ##54: I, 5 LightGCN #HLL, AR Recall@20 FIfE NDCG@20 HigFA 3. X
Folt BECAE P RE I K 5 B o) TR () 25 Ak . ClaoDVD A 3 K FEAS S Wi 2 (i do O A2 (B AT 30, 1
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Figure 2. The performance degradation curves of the model under different noise ratios in the CiaoDVD dataset
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Figure 3. The performance degradation curves of the model under different noise ratios in the Yelp dataset
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(3) wio SSL (Z=Fgxt bt 2)): fEUARAT, FATERR T AdaGCL X b2k s, BIAUA Fad T i
KA B 18] 1) ELAS SR 9T i R o A T30 E XS U 2 ST RS R IR 5 % 7 T (A

Table 2. Ablation study of key components on the Yelp dataset
Fz 2. Yelp RS £ X BRAAHRYERLATR

TR A Yelp (Recall@20) Yelp (NDCG@20) Drop (Recall)
Full Model (Ours) 0.3981 0.5424
w/o Denoise 0.3814 0.5333 14.19%
w/o Alignment 0.1732 0.2634 156.49%
w/o SSL 0.3701 0.5108 17.03%

LA T FIRTE RS S SE IR S5, FRATAT LA LR 4 ik

(1) BV SFHLEI s VR . SEBG R R, 8RR DSL e (¥xd 55 4L (w/o Alignment)
I, HERIMERE S KRS FF%, Recall@20 A 0.3981 k% 0.1732, RIS Fiik 56.49%. 1X—45 51 H )
HOEBA T 22 EAR S A RS B4R SR R AT B . WL Z X AR SEN MR KA SF4AS
KRMFBIR, MG B TCIEA S BHESE, KMl 6E5I NE R fT30, S EURIES
)R AR RS . XK, A5 NALAS WA A 2 LA T BE, AR5 5 528 ARG X
23 ] L5 55 A A A HERE R Th ) <

(2) ATECE I BB G R X EE wio SSL 5 e AR AL, W5 E] Recall@20 % 147 7.03%. XK
AdaGCL I\ MBS AR S ER AL ZR bt 3] 7 S M E MR . s il [ — F P e AN [ o
WL (52 EL AR 5 2 e 5 A ) T BN 67 InfFoNCE 2k B 80 RO 25 iR T B b gk el JL, 460
TR P A FARAE I RE ST, B T A .
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BRIAE RS I R S T — s LRI e S 3 o G SR L 4 FH DR 4 PRI 30 47 26 A5 (wilo Denoise), X L4 g 75
SALRE TG YRR o AR 1) [ 38 B 2 MR AR LI o 2 ) i A, Ih AR T
B, P T B R, NI E TR R RR

gE LRTR, AR R B B ST LR AR T 450 M B AR08 IE R AR 25 T HEREAT S5 S Eh ST/
38 2 1 U] 43 ) AN I ek RN PRI A 40 FE R A S, i3 — D4R T TR IR
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TEF P s AL E B R 2 g rp, AR SCRL S T DSL ML, R P B SEE BAT AE NI B S, 15
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