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[ Abstract] Sequential recommendation is a pivotal technique within the realm of recommendation systems and is
employed to predict subsequent interaction“items by modeling the users’ historical sequences of engagements.
Nonetheless, contemporary sequential wrecommendation methods predominantly emphasize user interaction
sequences and contextual data inétheit, recommendations. This approach inadvertently disregards the salient
temporal interval information between interaction items, the intricate interdependencies among these items, and
potential perturbations in contextual®information. Consequently, the efficacy of the resulting recommendations is
constrained. To address_these ‘inherent limitations, this study proposes an innovative sequential recommendation
model called TKWGAN, which is founded on a Generative Adversarial Network(GAN). This model consists of a
generator and a discriminator. The generator seamlessly integrates the users’ historical interaction sequences with
temporal interval data pertaining to items within the sequence. This synthesis of information enables the accurate
modeling of user preferences and the subsequent generation of predictions. The discriminator introduces salient
insights offered by the knowledge graph to enrich the semantic context of the items. This augmentation of the
contextual information facilitates a judicious assessment of the predictions formulated by the generator. To address
the potential noise inherent in both user interaction sequences and knowledge graph data, a multikernel
Convolutional Neural Network(CNN) augmented with wavelet transformation is introduced for the discriminator.
This discerning approach enables a comprehensive exploration of users’ latent interests, consequently elevating the
precision of the recommendations. An empirical evaluation conducted on widely recognized datasets, specifically
MovieLens-1M, Amazon Books, and Yelp2018, underscores the superiority of the TKWGAN model. In contrast
to eight state-of-the-art sequential recommendation algorithms, the TKWGAN model demonstrates a marked
enhancement in the Hit Rate(HR@N) and Normalized Discounted Cumulative Gain(NDCG@ N ) indicators.
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knowledge graph; wavelet convolution network
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Fig.1 Sequential recommendation. model based on generative adversarial network integrating time and knowledge information
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Table 2 Performance comparison, of different models
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Velp2015 NDCG@10 0.3157 (0797 0.5698 0.5224  0.5744 0.5776 0.5904 0.5912 0.5944 0.6013
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Fig.4 Ablation experiment results of
TKWGAN model(NDCG@10)
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