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The Big Picture: Why Better Recommendations? Accuracy vs. Beyond-Accuracy Efficiency Matters
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= Applies graph convolutions to learn patterns. ]
= S-VNN (Sparse VNN): Trade-off Frontier — -

= Sparsifies matrices, keeping only the important, meaningful correlations.

= Reduces noice, improve efficiency, and potentially boosts novelty and diversity by focusing graph learning. FISE ve Novelly Trade-off: ATl Models S ve Novelly Trade-oft: SNN Yariants I
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O2 Graph Matters. Hard-thresholded precision graphs achieve the lowest SVNN RMSE (0.952);
dense covariance graphs maximise Diversity (0.868).
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