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Abstract

With the development of the big data era, e-commerce has entered a new stage of development, and
recommender system has become a key technology to enhance user experience and promote sales.
This paper proposes an e-commerce recommendation algorithm (E-KGAT) that integrates knowledge
graph (KG) and graph attention (GAT). First, user behavior data and product attributes are combined
to construct a collaborative knowledge graph and embedded representation. Then, an embedding
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propagation layer based on the attention mechanism is designed to capture the interactions and
dependencies among nodes. In addition, the node representations of each layer are integrated
through the layer aggregation mechanism to predict the user’s matching score for commodities,
thus accomplishing the recommendation task. Finally, the binary cross-entropy loss function and
Adam optimizer are used to optimize the model performance and ensure that the model accurately
learns the embedded representations of users and commodities during training. The experimental
results show that by comparing with other algorithms and comparing with the results of ablation ex-
periments, it is proved that the present algorithm not only understands the user preferences more
deeply than typical recommendation algorithms, but also accurately captures the complex relation-
ship between commodities, thus realizing higher accuracy and interpretability.
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Figure 1. Overall framework of E-KGAT model
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Figure 2. Attention embedding propagation layer
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Table 2. Comparison chart of ablation experiment results
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