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Abstract. Recommender systems produce uncertain predictions due to sparse
and noisy user interactions, yet existing confidence estimation methods are
mostly limited to matrix factorization models and remain underexplored for
graph neural networks and learning-to-rank. This work presents a unified
study of confidence estimation in recommender systems by benchmarking prior
distribution-based approaches, analyzing their calibration and impact on pre-
dictive performance, and proposing probabilistic graph-based models and an
uncertainty-aware pairwise ranking formulation based on the Gaussian cumula-
tive distribution function. Experiments on multiple public datasets show that the
proposed methods preserve or improve recommendation quality while producing
confidence estimates that strongly correlate with prediction errors, providing re-
liable uncertainty quantification and a general framework for confidence-aware
recommendation.

1. Work Description

Recommender Systems (RS) are systems designed to help users discover relevant
content by providing personalized recommendations.  Particularly in the collab-
orative filtering (CF) approach, models are designed to capture latent user—item
interaction patterns. Prominent methods in the literature include MF-based
[Saia et al. 2016, D’ Amico et al. 2022, Mesas and Bellogin 2020, Koren and Sill 2011,
Knyazev and Oosterhuis 2023] and GNN-based approaches [Wang et al. 2018b,
Wang et al. 2019, Tao et al. 2020, Feng et al. 2019]. However, the stochastic nature
of user preferences and the sparsity of interaction data introduce uncertainty into these
predictions [Papadopoulos et al. 2001, Koren and Sill 2011, Wang et al. 2018a].  This
uncertainty may lead to unreliable recommendations, especially in high-risk domains
or for decision-critical applications. The presence of unreliable recommendations can
be exacerbated when the model fails to provide any indication of prediction reliability.
To address this, confidence estimation has been proposed as a way to quantify the
reliability of model predictions, providing an inverse measure of prediction uncertainty
[Mesas and Bellogin 2020, Koren and Sill 2011, Knyazev and Oosterhuis 2023].

In statistics, confidence intervals are used to infer that a value will fall within
a specified range with a given confidence level [Watt et al. 2007]. In RS, some works
presented a new viewpoint: confidence as an estimation of the model’s certainty level for
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each prediction [Koren and Sill 2011, Wang et al. 2018a, Knyazev and Oosterhuis 2023].
In particular, when a model predicts whether a user will like or dislike a specific item, we
want to estimate the confidence in this prediction.

The literature often addresses confidence by imposing a distribution on the
model’s outcomes, such as a Gaussian, Gamma, or Beta distribution. Previous work
has explored these confidence modeling strategies primarily in MF-based models, while
GNN-based models remain underexplored in this context. Additionally, despite grow-
ing attention to confidence estimation in RS, existing methods have not been holistically
benchmarked, limiting our understanding of their strengths, weaknesses, and applica-
bility. In particular, the literature lacks a clear understanding of how previous confi-
dence modeling techniques can be adapted to GNN-based architectures. For instance,
OrdRec by Koren and Sill [Koren and Sill 2011], and CPMF and CBPMF by Wang et al.
[Wang et al. 2018a], model uncertainty using predefined distributions such as Beta and
Gaussian. LBD, proposed by Knyazev and Oosterhuis [Knyazev and Oosterhuis 2023],
follows a similar approach. Other works—such as those by Mesas and Bellonin
[Mesas and Bellogin 2020], Gohari et al. [Gohari et al. 2018], and Himabindu et al.
[Himabindu et al. 2018]—employ heuristic methods to estimate confidence and use it for
output calibration.

However, none of these approaches provides confidence estimation tailored for
GNN-based models, which remain underrepresented in this area. Moreover, methods such
as those proposed in [Koren and Sill 2011, Wang et al. 2018a] often degrade accuracy,
while the approach in [Knyazev and Oosterhuis 2023] suffers from convergence issues.
Finally, no prior work has systematically analyzed the quality of confidence estimates,
for instance, by evaluating their relationship with prediction error across different model
types. In particular, does not demonstrate whether these estimates are reliable.

This work investigates prior-distribution-based methods for confidence estima-
tion to understand why confidence integration can degrade model performance and lead
to poor calibration. Additionally, we propose a mitigation strategy for the identified is-
sues and address the lack of confidence-aware graph neural network models by introduc-
ing probabilistic recommender GAT (PRGAT) and probabilistic recommender LightGCN
(PRLIGHTGCN). We make the following key contributions:

* Benchmarking of four distribution-based confidence-aware models - OrdRec,
CPMF, CBPMF, and LBD — on three public datasets (Amazon Movies and TVs,
JesterJoke, and MovieLens) using standard metrics for rating prediction (RMSE)
and ranking (NDCG, MAP).

* Proposing a model architecture with confidence integration.

* Analyzing the relationship between model confidence and prediction error across
datasets

* Providing insights into confidence calibration and the limitations of existing
confidence-aware approaches.

The comprehensive experimental study conducted in this work reveals that prior
distribution-based confidence models exhibit pronounced sensitivity to dataset character-
istics, leading to inconsistent performance in both prediction accuracy and ranking qual-
ity. Beyond performance reporting, our analysis identifies structural factors underlying
these behaviors, including optimization instability and distributional constraints that hin-
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der reliable calibration. In contrast, the proposed probabilistic graph-based framework
demonstrates consistent robustness across all evaluated datasets, outperforming existing
distribution-based approaches. Notably, the results also indicate that naively integrating
distribution-based confidence formulations into embedding models can adversely affect
predictive accuracy.

However, this aforementioned proposed solution and prior works focus on rating
prediction. Attempts to extend confidence estimation to pair-wise or list-wise learn-to-
rank are scarce. Post-processing solutions [Zhang et al. 2016] and heuristic-based ap-
proaches [Mesas and Bellogin 2020] introduce either high computational costs or model-
specific assumptions. Wang et al. [Wang and Kadioglu 2023] advance the field with deep
learning—based uncertainty modeling that distinguishes epistemic and aleatoric uncer-
tainty. They also propose a solution based on distribution, but its inference overhead
and restriction to neural architectures limit broader applicability.

To the best of our knowledge, learning confidence estimates for the relevance
scores produced by pairwise or listwise learn-to-rank models are very scarce. To address
this gap, we introduce uncertainty-aware learning-to-rank, a method that integrates confi-
dence estimation directly into the pairwise ranking framework. Specifically, we reformu-
late the BPR loss by replacing its traditional logistic sigmoid with the cumulative CDF of
the Normal distribution. This formulation allows the model to jointly learn the mean and
variance of the predicted relevance scores, with the variance representing the model’s un-
certainty for each prediction. As a result, the method provides a calibrated quantification
of how certain it is that an observed item should be ranked higher than a non-observed
one. Importantly, this design maintains the computational efficiency, simplicity, and gen-
eral applicability of embedding-based ranking models, making it compatible with various
architectures such as MF and GAT.

This work performs an experimental evaluation with datasets from distinct con-
texts, such as Amazon Beauty, Jester Joke, Movie Lens 1M, and Rotten Tomatoes, and
different metrics for assessing ranking quality, such as NDCG, MAP, Recall, and MRR.
Additionally, we analyze the model’s confidence output, including its distribution and its
relationship with the model’s error. Experimental results demonstrated that the proposed
method is equivalent to, and in some cases, even outperforms the baselines. We used stan-
dard MF and a deep GAT model without confidence integration as baselines for assessing
prediction performance. Therefore, this work also brings the following contributions:

A unified uncertainty-aware listwise formulation using a Gaussian CDF.

* Confidence-aware variants that preserve or improve ranking performance across
four datasets and two model families.

* Empirical evidence that uncertainty reflects predictive reliability with strong neg-
ative Pearson correlations between confidence and BPR error.

* Demonstrate uncertainty magnitudes and correlations reflect the model’s reliabil-
ity and dataset properties such as sparsity, interaction independence, and domain
complexity.

* A cross-domain evaluation demonstrating general applicability for listwise learn-
to-rank.
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