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1 Introduction

Accuracy-driven recommender systems risk confining users to "filter bubbles",
limiting content discovery and causing recommendation fatigue [8, 6]. Conse-
quently, beyond-accuracy metrics (BAMs) like novelty and diversity are criti-
cal for a holistic evaluation of user experience [13]. While Principal Component
Analysis (PCA) can model user-item correlations, its O(N3) computational com-
plexity is a bottleneck for large-scale systems [7]. coVariance Neural Networks
(VNNs) offer a scalable alternative by interpreting the covariance matrix as a
graph shift operator (GSO) for graph convolutions [11]. Their sparsified variants
(S-VNNs) further employ techniques like hard or soft thresholding to reduce
noise and computational complexity [2]. However, their impact on the novelty
and diversity of recommendations remains an unexplored research gap.

2 Methodology

Our method uses a VNN, based on the SelectionGNN architecture [4], to pre-
dict user ratings on the MovieLens-100K dataset (943 users and 1682 movies).
We model users as nodes in a graph, with their rating vectors serving as node
features. We benchmark six GSOs: dense, hard-threshold, and soft-threshold
variants of both the user-user covariance (C̃) and precision (P̃) matrices. These
are compared against a PCA, naive, and random baselines.

To directly optimize for beyond-accuracy objectives, we evaluate a BAM-
weighted compound loss function and compare it against a standard RMSE-
only training regime. The compound loss is defined as:

L = λRMSELRMSE + λNov(1− Nov) + λDiv(1− Div) (1)

where LRMSE is the standard reconstruction error. For evaluation, we measure
accuracy with RMSE and beyond-accuracy performance with two key metrics
on top-N recommendation lists. Novelty is quantified based on item popularity;
an item is considered novel if it has been rated by few users, thus rewarding
recommendations from the "long tail" of the catalog [5]. Intra-List Diversity
(ILD) is calculated as the average pairwise dissimilarity between all items in
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a list [13]; our dissimilarity metric is a hybrid of a collaborative signal (how
differently two items are rated across all users) and a content signal (dissimilarity
based on movie genres), combined with equal weight.

3 Results and Conclusion

Our key findings show that S-VNNs offer a favorable accuracy-novelty trade-off.
The best S-VNN configuration (using a hard-thresholded precision GSO) in-
creases novelty by 2.8 percentage points over PCA while incurring only
a marginal 0.03 RMSE penalty. This demonstrates that S-VNNs can tan-
gibly enhance content discovery at a negligible cost to predictive accuracy as
visualized in Figure 1. However, diversity improvements were inconsistent across
configurations.

Furthermore, the choice of GSO construction is critical: hard-thresholded
precision graphs yield the best accuracy (0.952 RMSE), while dense covariance
graphs produce the highest diversity (0.868 ILD). A crucial practical insight is
that directly optimizing for BAMs in the loss function proves ineffi-
cient. The BAM-weighted training regime inflated runtime by a factor of ×33
but yielded no statistically significant performance gain over RMSE-only models,
suggesting that S-VNNs’ inherent graph-based learning sufficiently captures
beyond-accuracy benefits without explicit multi-objective optimiza-
tion.

In conclusion, this work provides the first benchmark of S-VNNs for beyond-
accuracy recommendation on a small-scale dataset. We show that S-VNNs with
a sparsified precision GSO, trained on standard RMSE loss, offer modest im-
provements in novelty over PCA-based methods, though scalability to larger
systems remains to be demonstrated. All code and results are released for full
reproducibility. A complete description of the methodology, extended results,
and statistical analysis is also available in the full thesis [1].

Fig. 1. Accuracy (RMSE) vs. Novelty trade-off across model families. (S-)VNN vari-
ants (ellipses on the left) outperform PCA in novelty while maintaining comparable
accuracy. Ellipses denote 95% confidence regions.
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