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Abstract

With the rapid development of e-commerce, small and medium-sized e-commerce enterprises have
become important participants in the digital economy, and recommendation systems serve as the
core engine of e-commerce platforms, directly affecting user shopping experience. However, these
enterprises generally face two major challenges: sparse user interaction data and difficulty in accu-
rately distinguishing similar products. Traditional collaborative filtering algorithms significantly
degrade in performance under data-sparse conditions. To address these problems, this paper pro-
poses an Adaptive View Optimization Contrastive Learning recommendation method for sparse
data (abbreviated as AVOCL). The method dynamically adjusts the graph view enhancement strat-
egy based on the sparsity level of user interaction data, automatically generating high-quality train-
ing samples under sparse interaction conditions. Meanwhile, it screens hard negative samples
through feature distance and dynamically optimizes differentiation weights, focusing model train-
ing on the most valuable hard negative samples. Experimental results on multiple public datasets
show that under sparse interaction conditions (average less than 5 interactions per user), the pro-
posed method improves recommendation click-through rate and conversion rate by more than 10%
compared to existing contrastive learning methods, effectively alleviating the performance degra-
dation caused by data sparsity.
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Figure 1. Overall framework of AVOCL method
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Figure 2. Hardware deployment architecture for simulation experiment
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Table 2. Performance comparison of various methods under sparse data conditions (Hit@10)
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Table 3. Performance comparison under different sparsity conditions (Hit@10)
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Table 4. Results of ablation experiments (Amazon Electronics)
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