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Abstract

Existing graph neural network-based session-based recommendation models often overemphasize
graph structural spatial relationships while neglecting sequential characteristics of sessions. Fur-
thermore, their session encoders rely on single item embeddings, making it difficult to capture us-
ers’ long-term and short-term interests and multi-stage interest shifts. To address these issues, this
paper proposes a graph attention network-based session recommendation model enhanced with
temporal information. First, a temporal information enhancement module fuses initial item se-
quential embeddings and positional embeddings, using multi-head self-attention to strengthen
global temporal dependencies, and incorporating Dropout regularization and residual connections
to optimize feature aggregation. Second, a directed session graph with self-connections is con-
structed, and a multi-layer graph attention network is used to adaptively learn neighbor node
weights, enabling accurate multi-hop information propagation and noise suppression. Finally, a
multi-level intent session encoder is designed to divide interests into multiple stages chronologi-
cally from near to far, learning the contribution weights of each stage through multi-head attention
and aggregating them, avoiding the limitations of single encoding. Experimental results show that
the proposed model significantly outperforms mainstream baseline models including Transformer-
based methods and the latest GNN variants on four key metrics (P@10, P@20, MRR@10, and
MRR@20) on two major e-commerce datasets, Tmall and Diginetica. Ablation experiments further
validate the critical effectiveness of the temporal information enhancement module, multi-layer
graph attention mechanism, and multi-level intent encoder, and directly prove the significant ad-
vantage of the multi-level intent encoder over the standard “last hidden layer of sequence + global
attention” mechanism, demonstrating that the model can deeply integrate temporal dynamics and
graph structural relational information, significantly improving the accuracy and rationality of ses-
sion-based recommendations.
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Figure 1. An example for session
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Figure 2. The framework of the GAT-SRET model
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Figure 3. Construction of session graph
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Figure 4. Embedding information propagation process
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Table 2. Comparison of experimental results

522, LSRG ER

Tmall Diginetica
e
P@10 MRR@10  P@20 MRR@20 P@10 MRR@10 P@20 MRR@20

Item-KNN 6.65 3.11 9.15 3.31 5.82 2.76 8.03 2.95
FPMC 13.10 7.12 16.06 7.32 11.85 6.43 14.52 6.61
GRU4Rec 9.47 5.78 10.93 5.89 8.63 5.12 9.87 5.23
NARM 20.89 11.25 24.98 11.56 18.97 10.12 22.65 10.38
STAMP 22.63 13.12 26.47 13.36 20.15 11.68 23.82 11.91
SR-GNN 23.41 13.45 27.57 13.72 21.03 11.97 24.76 12.19
FGNN 20.67 10.07 25.24 10.39 18.92 9.05 22.53 9.28
S2-DHCN 26.22 14.60 31.42 15.05 24.07 13.21 28.54 13.56
TAGNN 28.54 15.28 32.75 15.87 26.31 14.39 30.18 14.48
GCE-GNN 28.15 14.96 31.98 16.02 25.87 14.05 30.96 14.12
COTREC 29.87 15.93 34.26 16.53 27.96 15.02 31.85 15.16
SASRec 23.58 12.89 27.86 13.15 22.16 11.89 25.97 12.15
BERT4Rec 25.73 14.02 30.15 15.73 24.89 13.56 29.03 13.89
GAT-SRET 31.18 16.80 35.82 17.21 29.45 15.79 33.96 15.83
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Table 3. Performance evaluation of different GAT-SRET variant models
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P@20 MRR@20 P@20 MRR@20
GAT-SRET-I 29.51 14,38 26.89 12.76
GAT-SRET-II 34.58 16.97 32.47 15.51
GAT-SRET-III 32.70 16.84 30.65 15.03
GAT-SRET 35.82 17.21 33.96 15.83
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Figure 6. Comparison chart of propagation layers
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Figure 7. Effect of different learning rates on model results
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