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Abstract

With the increasing scale of data and complexity of information, traditional recommender systems
struggle to meet modern users’ personalized demands. As a methodology specifically designed for
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graph-structured data, Graph Neural Networks (GNNs) enable recommender systems to analyze in-
tricate user behaviors and predict preferences more accurately. Meanwhile, multi-similarity ap-
proaches measure user/item similarities from diverse perspectives, contributing to enhanced recom-
mendation precision. To leverage the complementary strengths of both paradigms, this paper intro-
duces a dynamic fusion weight « to effectively integrate GNNs and multi-similarity methods, thereby
improving recommendation performance. Experiments conducted on the MovieLens-100k dataset
evaluated performance under varying model combinations and «a values using four metrics: RMSE,
MAE, AUC, and Precision. Results demonstrate that fusing GNNs with multi-similarity models signifi-
cantly enhances recommendation performance, with the GraphSAGE integrated with Cosine + Jaccard
similarities achieving optimal results. Furthermore, the dynamic fusion weight a provides effective
regulation, yielding particularly pronounced improvements in the GraphSAGE model.
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Figure 1. Recommendation performance of different similarity measures under identical GNN strategies
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Figure 2. Recommendation performance of different GNNs under distinct similarity strategies
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Figure 3. Performance metrics of fusion models across varying a values
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Table 1. Optimal parameter configuration

F 1. RINSHEE

BRHE EI=1 B a mARE
GraphSAGE + Cosine + Jaccard MSE 0.46 0.837089
GraphSAGE + Cosine MAE 0.66 0.71732
GraphSAGE + Cosine + Jaccard AUC 0.52 0.78709
GraphSAGE + Cosine + Jaccard Precision 0.31 0.85021
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El 5. TE o ETFEEE MAE &
4.4. ZEMREHER
Nk B IRUE IR LS AR R PR e R I, A SO U R 25 S MERe HER 15 0 :
He44 135 = (MSEHE44 + MAEHE# + AUCHE4 + PrecisiontfE 44) /4
Table 2. Ranking scores of four evaluation metrics for each model
2. SEBOMEEIERHERES
i) MSE MAE AUC Precision HaB/s
GraphSAGE + Consine + Jaccard 1 1 2 1 1.25
GraphSAGE + Consine 2 2 1 4 2.25
GraphSAGE + Jaccard 3 3 3 2.75
GAT + Consine + Jaccard 6 8 8 12 8.5
GAT + Consine 5 4 4 13 6.5
GAT + Jaccard 11 11 13 10 11.25
GCN + Consine + Jaccard 9 10 11 9.25
GCN + Consine 4 6 5 5 5
GCN + Jaccard 12 12 12 3 9.75
GIN + Consine + Jaccard 8 7 7 8 7.5
GIN + Consine 9 5 6 15 8.75
GIN + Jaccard 14 14 14 9 12.75
LightGCN + Consine + Jaccard 13 13 11 6 10.75
LightGCN + Consine 10 10 9 7 9
LightGCN + Jaccard 15 15 15 14 14.75
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Z AL Al A B AT R — AR G o RE SREE B RAFIIE T, R 2 1E GraphSAGE #i%Y
TR ZREYERETEAE R, ASEIEEUN A LI R S (1 USR5 ¢ B, LightGCN R i %=

4.5. FEIBEAEET GraphSAGE BU1EaERI

£ %} GraphSAGE #52, AR T 6 FiAH % 445 (mean. max. sum. min. std. powermean),
53 PEAL OGS IR 14 i () 52 el (L35 3)

Table 3. Ranking scores of four evaluation metrics for each model

3. BRBMMHEIRIREERE S

RER MAE AUC Precision
mean 0.8260 0.7715 0.9021
max 0.8326 0.7324 0.8466
sum 1.2117 0.6002 0.6364
min 0.8257 0.7694 0.9046
std 0.8246 0.7730 0.9347
powermean 0.8261 0.7701 0.8990

M 3 AT LUE B, mean G @ KIAEE, MAE M AUC {HY R4F, Precision {H%, Wi HBEEL
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