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Abstract. Recommender systems (RS) have become necessary tools for person-
alizing content and services across digital platforms, yet their confidence es-
timation remains a critical concern. Confidence estimation in RS aims to an-
swer how confident the model is in its predictions. Despite the advances, inte-
grating confidence into RS models often degrades performance, with outcomes
strongly dependent on both dataset characteristics and architectural suitabil-
ity. To investigate these issues, we conducted a comprehensive empirical study
over established distribution-based confidence-aware models, OrdRec, CPMF,
CBPMF, LBD, PRGAT, and PRLIGHTGCN. We further performed systematic
capacity ablations on deeper models. The methodology combined expected cal-
ibration error, confidence-error correlation, rating distribution comparisons,
and capacity-vs-performance ablation. Our results show that integrating confi-
dence estimation does not consistently improve and can degrade point-estimate
performance in recommendation models. Increasing model capacity fails to
yield gains and can negatively impact performance, even in the training set, in-
dicating optimization and data constraints. Moreover, calibration quality is not
reliably aligned with predictive accuracy. These models may exhibit meaning-
ful confidence–error correlation while remaining poorly calibrated in absolute
terms.

1. Introduction
Recommender systems (RS) are important tools for helping users navigate large volumes
of information by providing personalized content across domains. By leveraging machine
learning techniques, these systems capture complex user–item interaction patterns, often
through collaborative filtering approaches [da Silva et al. 2025]. Among these, model-
based methods have demonstrated strong performance in prediction and ranking tasks.

Despite these advances, the reliability of recommender systems remains a criti-
cal concern. Traditional RS primarily focuses on optimizing point-prediction accuracy or
ranking quality, often neglecting the uncertainty inherent in user preferences and sparse
data [Wu 2024, Chen et al. 2025]. As a result, models may produce predictions without
indicating their trustworthiness, leading to unreliable recommendations. Confidence es-
timation has emerged as a complementary objective, aiming to quantify the certainty of
model predictions and provide users or downstream systems with an indication of relia-
bility [Coscrato and Bridge 2023, Pires et al. 2026].

In recent years, research has highlighted several challenges in recommender
systems that can directly affect model reliability. The limited availability of diverse
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and explicitly labeled datasets constrains model learning [dos Santos et al. 2025]. This
can lead to biased representations and unreliable output estimates. Fairness and ex-
posure bias further distort interaction data, concentrating information on popular items
[de Lourdes M. Silva et al. 2025]. Then, it reduces reliability by increasing uncertainty
in long-tail predictions. Additionally, non-IID data distributions introduce distributional
shifts that degrade performance [Negrão et al. 2025]. Together, these factors compromise
both predictive reliability and highlight the need for a well-defined confidence estimation
method.

In the literature, several approaches have been proposed to incorporate confidence
estimation into collaborative filtering models. A common strategy is to impose proba-
bilistic assumptions on model outputs, such as Gaussian, Gamma, or Beta distributions, to
capture uncertainty. Notable examples include OrdRec (OrdRec) [Koren and Sill 2011],
confidence-aware probabilistic matrix factorization (CPMF), confidence-aware bayesian
probabilistic matrix factorization (CBPMF) [Wang et al. 2018], learned beta distribu-
tions (LBD) [Knyazev and Oosterhuis 2023], probabilistic recommender graph atten-
tion networks (PRGAT), and probabilistic recommender light graph convolutional net-
works (PRLIGHTGCN) [Pires et al. 2026], which extend an embedding-based model
with distribution-based confidence modeling. Other works adopt heuristic strategies to
estimate confidence and use the resulting estimates for calibration. These approaches
generally interpret confidence as the model’s belief in the correctness of its predictions,
offering an additional layer of information beyond predicted ratings.

However, existing methods exhibit several important limitations
[Coscrato and Bridge 2023, Pires et al. 2026]. For instance, prior work reports that
incorporating confidence estimation often degrades recommendation performance,
as observed with OrdRec, CPMF, CBPMF, and LBD. These, including PRGAT and
PRLIGHTGCN, are highly dependent on dataset characteristics and model design. Some
methods, such as CBPMF and LBD, suffer from practical issues, including convergence
instability. More importantly, the literature lacks a systematic evaluation of confidence
models, particularly by addressing why they degrade accuracy, why they produce
uncalibrated confidence, and why they depend on the dataset or architectural design.
Consequently, it remains unclear whether current confidence modeling techniques truly
provide meaningful and trustworthy uncertainty estimates.

To address these gaps, we propose a comprehensive experimental study of
confidence-aware recommender systems across both traditional and graph-based archi-
tectures. We further conduct systematic capacity ablations on deep architectures, includ-
ing multi-head attention mechanisms and deep graph attention networks, to investigate
how model expressiveness affects both performance and confidence quality. The eval-
uation framework combines standard recommendation metrics with detailed diagnostic
analyses, including convergence behavior, calibration assessment via expected calibra-
tion error, distributional alignment between predicted and observed ratings, and capac-
ity–performance trade-offs. Through this study, we aim to provide a deeper understand-
ing of the interplay among accuracy, model capacity, and confidence estimation, and to
assess whether current approaches reliably quantify uncertainty in recommender systems.

The remainder of this article is as follows. We compare prior works in the lit-
erature in Section 3. The experimental evaluation comprises the methodology, research
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questions, datasets, metrics, and results in Section 4. We discuss and answer the research
questions in the Section 5. Section 6 concludes the work and presents future directions.

2. Background
This section presents some confidence methods for recommendation from the
literature: OrdRec [Koren and Sill 2011], CPMF, [Wang et al. 2018], and LBD
[Knyazev and Oosterhuis 2023], PRLIGHTGCN [Pires et al. 2026]. Interestingly, these
methods minimize the negative log loss function using a gradient descent-based algo-
rithm,

L = − 1

|R|
∑

(u,i)∈R
logP (rui | Θ) , (1)

where R is the set of observed user-item interactions and Θ is the models’ parameters.

2.1. OrdRec
Koren and Sill (2011) propose OrdRec, a collaborative filtering (CF) method that models
user ratings as ordinal rather than numerical outcomes. For each user–item interaction,
a latent preference score predicted by a matrix factorization (MF) model is assumed to
follow a Normal distribution and is mapped to discrete rating levels through user-specific,
monotonically increasing thresholds parameterized by learned scalars. The probability
that a rating does not exceed a given level is modeled using a logistic function:

P (rui ≤ r | Θ) =
1

1 + eyui−tur
, (2)

where yui is the predicted latent score and Θ denotes all model parameters. Model train-
ing minimizes the negative log-likelihood of observed ratings using stochastic gradient
descent.

OrdRec also introduces a post-training calibration step to improve ranking quality.
After fitting the ordinal model, a vector of ranking weights is learned for each rating level.
For item pairs where the observed user preference is known, the difference between their
predicted rating probability distributions is computed, and the weights are optimized to
maximize a pairwise ranking objective:

F (T | w) =
∑

(i,j)∈T
f(wT∆Pu(i, j)), (3)

where T denotes the set of correctly ordered item pairs and (f) is the sigmoid function.

During inference, the model outputs a full probability distribution over rating lev-
els. The predicted rating is given by the expected value of this distribution, while a confi-
dence estimate is derived from its standard deviation. For ranking tasks, items are scored
using the calibrated ranking function sui = wTpui and sorted accordingly.

2.2. Confidence-Aware Matrix Factorization for Recommender Systems
This study presents two implementations of a confidence-aware MF model: CPMF and
CBPMF. We describe the CPMF variant. Assuming the rating rui follows a normal distri-
bution, the mean and variance are given by

µui = eu · ei and ν =
1

γUi
· γVj

· αp

, respectively. (4)
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In which γUi, γVj
, and αp are learned scalars, for each user and each item, respectively.

Instead of modeling the likelihood of an exact rating value, the model defines a prediction
interval within which the rating is expected to lie with a given confidence level p:

[
µui − Z(p/2) · √ν, µui + Z(p/2) · √ν

]
, (5)

where Z(p/2) denotes the quantile of the standard normal distribution corresponding to
the two-tailed confidence level p.

2.3. Learned Beta Distributions

The proposed model represents each user–item interaction as a Beta distribution whose
parameters are produced by a matrix factorization-like architecture. The mean parameter,
µui, is obtained from the cosine similarity between user and item embeddings, while the
confidence term is defined as

νui = ∥eu + ei∥2. (6)

The Beta shape parameters are constructed by scaling the mean and its com-
plement by the confidence, and are further adjusted using learned global, user-specific,
and item-specific bias terms, with a small constant added to ensure numerical stability.
The predicted rating corresponds to the expected value of the resulting Beta distribution,
rescaled to the original rating range.

To train the model, the normalized rating interval ([0,1]) is discretized into (S)
adaptive bins whose boundaries depend on both the user and the item. Bin widths are de-
termined by learned user and item embeddings through an exponential weighting scheme
that is normalized to form a valid partition of the interval. The probability mass assigned
to each bin is computed as the difference of the Beta cumulative distribution function
evaluated at consecutive bin boundaries.

2.4. PRGAT and PRLIGHTGCN

These are a variants that applies the probabilistic recommender confidence integration
into the graph convolutional neural network architecture. The authors combines the tech-
niques, mainly from CPMF, with some improvements for obtaining a more stable version.

They optimize the probability of observing a rating, given a pair (u, i), as the same
in CPMF, by assuming the ratings follow a normal distribution. The standard deviation
of this distribution is

σui =
1√

γu · γi · ν ′ , (7)

where γu, γi, and ν ′ are learned parameters for users, items, and global, respectively. The
mean µ is estimated by a graph attention networks (GAT)-based or light graph convo-
lutional networks (LIGHTGCN) model. The confidence estimation as the probability of
observing the predicted is µui,

P (rui = µui|Θ) = P (rui <= µui + δr)− P (rui <= µui − δr) , (8)

where we define δr as a small tunable scalar. The final goal is to maximize the probability
of observing the current observed rating and reduce the mean squared error (MSE) error
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as well, changing the loss function to

LPRGAT =
1

|R|
∑

(u,i)∈R
(− log(P (rui = µui|Θ)) + λ · MSE(rui, µui)) , (9)

where λ is a tunable parameter. This parameter controls the trade-off between the standard
recommendation objective and the confidence-aware regularization.

3. Related Works

Coscrato and Bridge (2023) conducted an extensive empirical study comparing several
classes of uncertainty estimators for recommender systems, among them, OrdRec and
CPMF. Their results revealed important concerns regarding the reliability and consis-
tency of uncertainty estimates for rating prediction. Many models showed inconsistent
correlations across different uncertainty–error evaluation metrics. For instance, a method
could exhibit a strong Pearson correlation with prediction error while performing poorly
under alternative measures such as Spearman correlation or UPI. In addition, the authors
introduced two new approaches: ENSEMBLE and EB-Linear. However, the experimen-
tal results indicated that they did not outperform simpler, information-based estimators in
most evaluation metrics [Coscrato and Bridge 2023].

Pires, Silva, and Durão (2025) explored ORDREC, CBPMF, CPMF, and LBD,
identifying convergence issues, architecture suitability, and dataset dependency, confi-
dence miscalibration, and degraded accuracy resulting from confidence integration in the
datasets they evaluated. They then proposed a confidence-integration approach to address
these issues, introducing two variants: PRGAT and PRLIGHTGCN. However, their solu-
tion still exhibits confidence miscalibration and is dataset-dependent [Pires et al. 2026].

Conversely, in this work, we explore why these prior-distribution-based methods
often harm accuracy, why there is consistent dataset dependency across these models,
and why confidence calibration in the rating prediction task remains poor. These issues
remain unexplored by these aforementioned works.

4. Experimental Evaluation

Our proposal is to experiment with the prior distribution-based approaches, exploring
the aspects of the prior works that have not been explored. For instance, we design
an experimental evaluation to identify the causes of the issues. The following section
presents the experimental evaluation, including the research questions, method config-
urations, datasets, and metrics. The source code of this work is publicly available at:
https://github.com/joel021/distribution-conf-rating-recsys.

4.1. Methodology

This experimental evaluation is designed to answer the following research questions:

1. Do current confidence modeling techniques provide meaningful and reliable un-
certainty estimates that correlate with prediction error?

2. Why does the integration of distribution-based confidence estimation methods de-
grade recommendation accuracy in collaborative filtering models?
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3. Why do existing confidence estimation approaches fail to produce well-calibrated
confidence scores in rating prediction tasks?

4. To what extent are confidence-aware recommender models dependent on dataset
characteristics and architectural design?

5. How does model capacity affect the trade-off between recommendation perfor-
mance and confidence quality?

We evaluate a set of distribution-based and confidence-aware recommendation models,
including OrdRec, CPMF, CBPMF, LBD, PRGAT, and PRLIGHTGCN. For all models,
the embedding dimensions were set according to the configurations reported in their orig-
inal papers: 512 for OrdRec, 20 for both CPMF and CBPMF, 522 for LBD, and 64 for
both PRGAT and PRLIGHTGCN.

All models are trained using the Adam optimizer with a learning rate of
0.001, except for CBPMF, which is optimized via Gibbs sampling as described in
[Wang et al. 2018]. Early stopping is used as a regularization strategy, with a patience
of 5 epochs for no improvement in the evaluation error. This threshold is chosen based
on empirical observations that performance typically stagnates after 2 epochs, with an
additional 3 epochs to ensure stability. Model evaluation is conducted using Monte Carlo
cross-validation with five runs: the first run uses a sorted data split, while the remaining
four runs use randomized splits. The expected calibration error (ECE) error is computed
using a threshold τ = 0.5, corresponding to the midpoint between consecutive rating
values in the adopted rating scale 1, 2, 3, 4, 5.

After analyzing the relationship between confidence estimates and absolute error
in these models, we conduct additional experiments with deeper architectures that do not
explicitly incorporate confidence. These include deep MF, a deeper DGAT variant, and a
multi-head attention model, enabling a comparative analysis of whether increased model
capacity alone can address the observed limitations

4.2. Datasets

The experiments are conducted on three publicly available datasets widely used in recom-
mender systems research: Amazon Movies and TVs [He and McAuley 2016], Jester Joke
[Goldberg et al. 2001], and MovieLens 1M [Harper and Konstan 2015]. These datasets
are selected based on prior work to capture diverse recommendation scenarios across dif-
ferent domains, feedback types, and sparsity levels. All datasets are tabular and include
user identification (ID), item ID, explicit feedback ratings, and timestamps.

The Amazon Movies and TV dataset captures large-scale user interactions in the
movie and television domain, including both purchase and rating information. In its orig-
inal form, it contains over 2 million users, 200 thousand items, and more than 4.6 million
interactions, with discrete ratings typically ranging from 1 to 5, resulting in an extremely
sparse user–item matrix. After preprocessing steps, including outlier removal and cold-
start filtering, the dataset is reduced to 1,316 users and 7,164 items, with approximately
1.79 million interactions and a sparsity level of 0.9998.

The Jester Joke dataset represents a humor recommendation scenario with
continuous-valued explicit feedback. It contains approximately 4.1 million interactions,
where 7,699 users rate 158 jokes using real-valued scores in the range [−10.00,+10.00].
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After preprocessing, the dataset includes 2,498 users and 99 items, with about 1.8 million
interactions and a significantly lower sparsity level of 0.2720.

The MovieLens 1M dataset is a standard benchmark for collaborative filtering in
the movie domain, containing over 1 million ratings from 6,040 users on 3,416 movies,
with ratings ranging from 1 to 5. Due to the large number of possible user–item pairs, the
data exhibit high sparsity. After preprocessing, the dataset retains 999,611 interactions
with a sparsity of 0.9515. These data are split into training, evaluation, and test sets using
ratios of 75%, 12.5%, and 12.5%, respectively

4.3. Metrics

To quantify the alignment between model certainty and accuracy, this analysis uses the
Pearson correlation as the primary metric to assess the association between confidence
levels and observed errors.

The ECE [Naeini et al. 2015] is used in this study to quantify the discrepancy
between predicted confidence and empirical accuracy. Given a set of predictions with as-
sociated confidence scores, the interval ([0,1]) is partitioned into (M) equally spaced bins,
and ECE is computed as a weighted average of the absolute difference between accuracy
and confidence within each bin. The implementation adopted in this work follows the
standard formulation but uses right-closed intervals ((bm−1, bm]) for bin assignment, en-
suring that each prediction is assigned to a unique bin while excluding the left boundary
to avoid overlap. Additionally, empty bins are ignored, and each bin is weighted by its
sample size. To compute the accuracy per batch, it is necessary to identify correct pre-
dictions. The correct value is obtained by applying a threshold to the absolute difference
between the predicted and observed ratings for each prediction.

acc =

{
1, if |r̂ − r| < τ

0, otherwise
(10)

We also utilize root mean squared error (RMSE) to evaluate the model’s rating
prediction (regression) error. normalized discounted cumulative gain (NDCG) and mean
average precision (MAP) are used to evaluate the ranking quality of the models.

4.4. Results

The figures 1a, 1b, 1c, 1d, 1e, 1g, and 1f illustrate a significant divergence between
the model-generated rating densities and the empirical distributions (Figure 1a) of the
datasets. Therefore, it’s possible to observe relatively low RMSE scores for these models,
even though their predictive distributions match the observed sample distribution. For
instance, in the Amazon Movies TVs dataset, the true distribution is dominated by 5-star
ratings. However, models like PRGAT and MF produce Gaussian-like curves that peak
between 4.0 and 4.5. LBD represents the extreme of variance capture failure, collapsing
almost entirely into a Dirac-delta-like peak around the mean. This indicates that, despite
the model’s complexity, it treats most user-item pairs as averages.
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(a) Rating’s distributions for the three
used datasets.

(b) CBPMF ratings’ distributions for each
experimented dataset.

(c) CPMF ratings’ distributions for each
experimented dataset.

(d) ORDREC ratings’ distributions for each
experimented dataset.

(e) LBD ratings’ distributions for each ex-
perimented dataset.

(f) PRLIGHTGCN ratings’ distributions for
each experimented dataset.

(g) PRGAT ratings’ distributions for each
experimented dataset.

(h) MF ratings’ distributions for each ex-
perimented dataset.

Figure 1. Ratings’ distributions across different models and datasets.

Conversely, CPMF and CBPMF exhibit “U-shaped” distributions. While these
models capture the presence of 1- and 5-star ratings, they do so by pushing the bulk of
the density to the boundaries. This creates a binary-like predictive behavior that does
not appear in the observed distributions of the datasets. In summary, the models are not
just “predicting ratings”; they are generating a new, artificial rating space that lacks the
statistical characteristics of the original data (approximating the assumed distribution).
This explains why recommendation performance degrades when confidence is integrated.
The models are optimizing for a distributional shape that the data itself does not support.

The result in Figure 1h also shows that non-distribution-based models, like MF,
have a mismatch in distribution shapes. This highlights that, although these models’ loss
functions reduce RMSE, they should still include regularization signals to control the
rating distribution. Another interesting result is that increasing capacity (e.g., moving
from MF to DGAT) does not yield a distribution that better matches the ground truth.
This result motivates the capacity ablation study.

From the Table 1, PRLIGHTGCN consistently achieves the strongest negative
correlation between confidence and error. Yet, Table 2 shows some of the highest ECE
errors. This indicates that while the model is excellent at ranking its confidence, the
absolute probability values it produces are poorly scaled. Then, although it presents the
best observed calibration, it is still bad.
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Table 1. Confidence correlation with error, ranging from -1 to 1, where -1 is the
desired correlation. 0 means no correlation, and values closer to 1 indicate
a positive, undesired correlation. This correlation measures the level of
confidence in calibration. Bold values mean the true best values.

Model Amazon Movies TVs Jester Joke Movie Lens 1M

PRGAT -0.1810 ± 0.0424 -0.3586 ± 0.0342 -0.2615 ± 0.0057
PRLIGHTGCN -0.2632 ± 0.0191 -0.3646 ± 0.0163 -0.2571 ± 0.0113

ORDREC -0.0003 ± 0.0061 0.0531 ± 0.0701 0.0189 ± 0.0055
CPMF 0.1675 ± 0.0854 -0.3296 ± 0.0985 -0.3349 ± 0.0561

CBPMF -0.0179 ± 0.0067 -0.0426 ± 0.0248 -0.0128 ± 0.0035
LBD 0.0059 ± 0.0053 -0.1459 ± 0.0263 0.0145 ± 0.0098

Table 2. ECE error of the distribution-based models across the datasets. 0 means
the confidence is fully calibrated, and 1 means it is not calibrated at all.

Model Movie Lens 1M Jester Joke Amazon Movies TVs

PRGAT 0.088± 0.123 0.695± 0.019 0.114± 0.040
PRLIGHTGCN 0.358± 0.003 0.690± 0.009 0.367± 0.013
ORDREC 0.000± 0.000 0.000± 0.000 0.000± 0.000
CPMF 0.328± 0.008 0.683± 0.006 0.278± 0.027
CBPMF 0.130± 0.005 0.340± 0.044 0.145± 0.003
LBD 0.211± 0.022 0.258± 0.102 0.096± 0.005

Table 3. Metrics of the base models (MF and GAT) used in prior distribution-based
models in the Amazon Movies TVs dataset.

Models RMSE MNDCG@10 MAP@10 MNDCG@3 MAP@3

MF 0.967±0.011 0.299±0.015 0.265±0.014 0.345±0.018 0.337±0.018
DMF 1.493±0.015 0.176±0.001 0.085±0.0 0.167±0.001 0.264±0.001
DGAT 0.95±0.008 0.144±0.021 0.149±0.016 0.112±0.03 0.117±0.03

DGAT2 0.947±0.007 0.176±0.018 0.171±0.014 0.169±0.023 0.173±0.022
DGAT3 0.948±0.007 0.175±0.019 0.169±0.015 0.17±0.025 0.172±0.023

Table 4. Metrics of the base models (MF and GAT) used in prior distribution-based
models in the Jester Joke dataset.

Models RMSE MNDCG@10 MAP@10 MNDCG@3 MAP@3

MF 4.561±0.049 0.639±0.153 0.318±0.065 0.605±0.17 0.407±0.111
DMF 6.051±0.084 0.574±0.054 0.266±0.021 0.488±0.044 0.315±0.007
DGAT 4.859±0.024 0.678±0.121 0.29±0.054 0.676±0.11 0.397±0.085

DGAT2 4.766±0.163 0.714±0.043 0.421±0.02 0.682±0.06 0.526±0.037
DGAT3 4.802±0.148 0.704±0.056 0.412±0.024 0.664±0.101 0.504±0.067
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Table 5. Metrics of the base models (MF and GAT) used in prior distribution-based
models in the Movie Lens 1M dataset.

Models RMSE MNDCG@10 MAP@10 MNDCG@3 MAP@3

MF 0.882±0.009 0.457±0.041 0.435±0.036 0.495±0.056 0.505±0.055
DMF 1.241±0.023 0.196±0.001 0.07±0.002 0.183±0.002 0.225±0.005
DGAT 0.881±0.011 0.422±0.029 0.409±0.03 0.386±0.033 0.419±0.036

DGAT2 0.885±0.007 0.426±0.048 0.403±0.044 0.427±0.061 0.441±0.064
DGAT3 0.884±0.005 0.435±0.043 0.41±0.039 0.442±0.056 0.455±0.059

ORDREC shows perfect calibration in terms of ECE, but exhibits near-zero cor-
relation with the error. This suggests that it produces a nearly constant confidence es-
timate that aligns with the global error rate, yet fails to distinguish between high- and
low-certainty user–item pairs. Figure 1d shows that this model’s predicted ratings are
highly concentrated, which helps explain the low ECE since the model’s overall accuracy
is also low.

The Jester Joke dataset consistently yields poor confidence calibration across all
models, resulting in low confidence-error correlation or high ECE error. We further bring
the performances of the baselines for the prior distribution-based models as an additional
evaluation of whether there is or not an architectural dependence of the dataset, in Tables
3, 4, and 5. In these tables, DGAT uses the implementation in [Pires et al. 2026] with one
head attention, DGAT2 uses two, and DGAT3 uses three. DMF adapts the implementation
in [Xue et al. 2017], which is deeper than pure standard MF.

5. Discussion
These results are enough to answer the research questions. Q1: Do current confidence
modeling techniques provide meaningful and reliable uncertainty estimates that cor-
relate with prediction error? No. Although these solutions are promising and represent
meaningful advances, they still require further improvement. This conclusion, supported
by the analysis of ECE and the Pearson correlation between confidence and absolute er-
ror, aligns with the findings of Pires, Silva, and Durão (2025) and the observations of
Coscrado et al. (2023). While the evaluated methods may achieve strong performance
on specific datasets, their inconsistent results across the experimental datasets indicate
limited generalization capability and suggest that they are not yet ready for production
deployment.

Q2: Why does the integration of distribution-based confidence estima-
tion methods degrade recommendation accuracy in collaborative filtering models?
Distribution-based methods impose a predefined distribution over the predicted ratings,
typically assuming forms such as Gaussian or Beta distributions. However, this assump-
tion may be inappropriate when the true observed distribution does not conform to these
families, as is the case in the experimental datasets. Pires, Silva, and Durão (2025) found
that a primary focus on negative log likelihood loss (NLL), rather than balancing it with
a pointwise error metric, constitutes an improper loss formulation and contributes to the
observed performance issues. However, this limitation is only part of the problem. In
addition to the loss formulation, our analysis reveals another issue: a mismatch between
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the model’s assumed distribution and the true distribution of observed ratings, which also
degrades performance.

Prior work, along with our empirical findings, suggests a strong interaction be-
tween dataset characteristics and model architecture, indicating that certain architectures
are better suited to specific datasets. This observation points to architecture–dataset align-
ment rather than a universally optimal model.

Under this perspective, one might expect that increasing the capacity of a well-
aligned architecture would improve its ability to fit the data, particularly in the training
set, potentially leading to overfitting. Furthermore, previous studies have reported that im-
provements in recommendation performance are often accompanied by better confidence
calibration, motivating the following research question, Q3: How does model capacity
affect the trade-off between recommendation performance and confidence quality?
As shown in Tables 3, 4, and 5, increasing model capacity does not necessarily improve
performance, including in the training set. This suggests that, in this context, capacity ex-
pansion introduces optimization or generalization challenges that outweigh its represen-
tational benefits. Consequently, model capacity does not monotonically improve either
recommendation performance or confidence quality, even when the underlying architec-
ture is well-aligned with the dataset.

Q5: Why do existing confidence estimation approaches fail to produce well-
calibrated confidence scores in rating prediction tasks? A key factor underlying this
limitation is the mismatch between the empirical distribution of ratings and the distribu-
tion implicitly assumed by commonly used loss functions. When the training objective
enforces a distributional shape that does not align with the observed data, the model is
effectively optimized to fit an incorrect target. This misalignment weakens its ability to
capture the true data-generating patterns, leading not only to degraded predictive perfor-
mance but also to poorly calibrated confidence estimates. However, this issue is not solely
attributable to a distribution mismatch. Calibration errors may also arise from model mis-
specification, optimization dynamics, and the discrete and often sparse nature of rating
data. Therefore, while loss-induced distribution mismatch is a central contributing factor,
calibration failure in rating prediction should be understood as a consequence of multiple
interacting components.

Q4: To what extent are confidence-aware recommender models dependent on
dataset characteristics and architectural design? The results indicate that confidence-
aware recommender models are strongly dependent on dataset characteristics, particularly
sparsity and interaction distribution, while the impact of architectural design appears lim-
ited under these conditions. Contrary to prior expectations, we do not observe clear archi-
tectural superiority in terms of predictive performance. Instead, multiple models converge
to similar performance levels, suggesting that dataset constraints dominate model behav-
ior.

This effect is further supported by the capacity-ablation results and the training
dynamics. Several models exhibit early convergence, with performance improvements
concentrated in the initial epochs and little to no gain thereafter. Such behavior indicates
that models quickly exhaust the available signal in the data, pointing to a limited ability
to learn beyond surface-level patterns. Consequently, differences between models may
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reflect marginal variations around a performance ceiling imposed by the data, rather than
meaningful advances in representation learning.

The long-tail nature of user–item interactions provides additional explanation.
With relatively few observations per user or item, models are unable to reliably estimate
individualized preference distributions and often default to population-level tendencies.
This limitation not only constrains recommendation accuracy but also hinders the learn-
ing of well-calibrated confidence estimates, leaving substantial room for improvement in
uncertainty modeling.

These findings suggest that, in sparse regimes, improvements in model architec-
ture or capacity alone are insufficient to significantly enhance performance or calibration.
Instead, approaches that increase effective data density may be necessary to unlock further
gains. In this context, dynamic frameworks may become more effective once sufficient
interaction data is accumulated.

6. Conclusion
This work shows that current confidence-aware recommender models are not yet capable
of producing fully reliable uncertainty estimates in rating prediction tasks. While some
models exhibit meaningful correlation between confidence and prediction error, this re-
lationship remains insufficient for robust calibration. A fundamental disconnect between
optimization objectives and the quality of uncertainty is among the causes of the issue.
The results further indicate that these limitations are not primarily due to architectural de-
sign or model capacity, but rather stem from objective misalignment and intrinsic dataset
constraints, such as sparsity and long-tail interaction patterns, which restrict the models’
ability to learn faithful predictive distributions.

Despite these limitations, the observed partial alignment between confidence and
error suggests that current approaches are not entirely ineffective, but instead capture an
incomplete notion of uncertainty. This opens a promising direction for future research
based on dynamic learning paradigms. In particular, reinforcement learning and other
continuously updated systems provide a natural framework to investigate how confidence
quality evolves as more interaction data becomes available. Such settings would allow
tracking the progression of calibration from weak or near-zero correlation toward stronger
alignment with prediction error, both during online data accumulation and throughout the
training process. Additionally, prior distribution-based approaches may become more
suitable in these regimes, where increased data density enables more reliable estimation
of user-specific distributions. Overall, advancing confidence-aware recommendations will
likely require shifting from static evaluation to dynamic, data-evolving frameworks that
explicitly model the temporal evolution of uncertainty.
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