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ABSTRACT
Recommender Systems (RS) are typically evaluated using accuracy
and ranking metrics, but these metrics do not show whether the dis-
tribution of predicted ratings resembles the distribution of observed
ratings. This aspect is especially important in confidence-aware
recommendation, where confidence calibration indicates whether
predictions assigned higher confidence are indeed more reliable.
This work investigates the relationship among distributional fi-
delity, predictive performance, and confidence calibration in RS
under temporal recommendation settings. We evaluate CPMF, LBD,
OrdRec, PRLIGHTGCN, and MC Dropout on the MovieLens 1M
dataset using an incremental time-series cross-validation protocol,
and analyze the effects of Wasserstein-based distribution regulariza-
tion. The results show that models produce characteristic prediction
distributions that remain relatively stable over time but do not con-
verge toward the empirical rating distribution, even as additional
interactions become available. Moreover, strong recommendation
accuracy does not necessarily imply statistical fidelity to the ob-
served data. Confidence calibration evolves over time and depends
strongly on model architecture, while modifications to the global
prediction distribution have limited effects on user-item confidence
calibration. Overall, distributional fidelity emerges as a complemen-
tary dimension for evaluating trustworthy and confidence-aware
recommender systems.
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1 INTRODUCTION
Recommender systems (RS) are central to how users navigate large-
scale digital environments, and their evaluation has long been dom-
inated by predictive accuracy and ranking metrics. While these met-
rics quantify how closely predictions match individual observed
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ratings, they do not capture whether the overall distribution of
model outputs reflects the statistical properties of observed user
behavior. This distributional dimension is rarely examined but be-
comes especially important in confidence-aware recommendation,
where models are expected to produce not only accurate predictions
but also reliable uncertainty estimates.

Recommendation models are typically evaluated using predic-
tive accuracy metrics, such as root mean squared error (RMSE)
and mean absolute error (MAE), and ranking metrics, such as nor-
malized discounted cumulative gain (NDCG) and mean average
precision (MAP). Although these metrics are important, they do
not fully characterize the behavior of a recommendation model.
In particular, they do not indicate whether the distribution of pre-
dicted ratings resembles the distribution of observed ratings [15],
for example, whether the model preserves the relative frequency
of low, medium, and high ratings. As a consequence, a model may
achieve competitive accuracy or ranking performance while pro-
ducing predictions whose global distribution differs substantially
from the empirical distribution of user behavior [2, 4, 15, 17, 19].

This limitation is particularly relevant in the context of confi-
dence estimation and uncertainty-aware recommendation. In this
setting, models do not only predict ratings or rankings, but also
provide some indication of how reliable each prediction is expected
to be. Therefore, confidence calibration becomes an important eval-
uation aspect: predictions assigned higher confidence should be
more reliable, or equivalently, should be associated with lower pre-
diction error. However, if a model produces distorted prediction
distributions, it is unclear whether its confidence estimates remain
reliable, especially when user interactions evolve over time.

Prior work has proposed probabilistic extensions of collaborative
filtering architectures to estimate prediction uncertainty through
explicit distribution modeling. Representative examples include
OrdRec (OrdRec) [10], confidence-aware probabilistic matrix fac-
torization (CPMF), confidence-aware bayesian probabilistic ma-
trix factorization (CBPMF) [16], learned beta distributions (LBD)
[8], probabilistic recommender graph attention networks (PRGAT),
and probabilistic recommender light graph convolutional networks
(PRLIGHTGCN) [12]. These approaches incorporate prior distribu-
tions or probabilistic assumptions into recommendation models to
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estimate confidence intervals or uncertainty scores associated with
predictions. Nevertheless, recent empirical studies have reported
several limitations in these approaches, including degraded predic-
tive accuracy, convergence instability, confidence miscalibration,
and strong dependency on dataset characteristics and architectural
design [5, 12].

More broadly, several studies have raised concerns regarding the
reliability, fairness, calibration, diversity, and statistical behavior of
RS [2, 4, 15, 17, 19]. Recent work has shown that recommendation
quality cannot be fully characterized by predictive accuracy alone,
as issues such as popularity bias, fairness, and calibration may sig-
nificantly affect the alignment between recommendations and user
interests [15]. However, while these studies highlight the impor-
tance of going beyond accuracy, little attention has been given to the
temporal behavior of prediction distributions in confidence-aware
recommendation. In particular, it remains underexplored whether
recommendation models preserve the empirical distribution of ob-
served ratings over time, whether distributional distortions affect
predictive and ranking performance, and how such distortions re-
late to confidence calibration.

To address these gaps, this work presents an experimental study
investigating the relationship among distributional fidelity, predic-
tive performance, and confidence calibration in RS under tempo-
ral recommendation settings. We evaluate CPMF, LBD, OrdRec,
PRLIGHTGCN, and MC Dropout under an incremental time-series
cross-validation protocol, analyzing how predicted rating distri-
butions evolve over time relative to the empirical distribution of
observed ratings, and whether distributional distortions are associ-
ated with changes in predictive performance, ranking quality, and
confidence calibration. To further investigate this relationship, we
employ a Wasserstein-based distribution regularization strategy
to examine how controlled modifications to the global prediction
distribution affect model behavior.

The experiments are conducted using the MovieLens 1M dataset
under an incremental time-series cross-validation protocol that sim-
ulates temporal recommendation scenarios while preventing future
interactions from being observed during training. The evaluation
combines predictive performance metrics, including RMSE, NDCG,
and MAP, with distributional and calibration analyses based on
Kullback–Leibler divergence, prediction-distribution inspection,
confidence-error correlation, and Expected Calibration Error.

The main contributions of this work are as follows:

• We analyze the temporal evolution of prediction distribu-
tions in confidence-aware recommendation models.

• We investigate the relationship among distributional fidelity,
predictive performance, ranking quality, and confidence cal-
ibration.

• We evaluate whether Wasserstein-based distribution regu-
larization can modify prediction distributions and how these
modifications affect accuracy, ranking performance, and cal-
ibration.

• We provide empirical evidence that strong predictive per-
formance does not necessarily imply distributional fidelity,
and that changes in the global prediction distribution have
limited effects on user-item confidence calibration.

The remainder of this paper is organized as follows. Section 2
presents confidence in the context of RS and the experimented
confidence-aware RS methods. Section 3 reviews prior work on
confidence-aware and distribution-aware recommender systems.
Section 4 describes the experimental setup and evaluation protocol.
Section 5 presents the experimental results. Section 6 discusses
the findings and answers the research questions. Finally, Section 7
concludes the paper and outlines future research directions.

2 BACKGROUND
Confidence- and uncertainty-aware recommendation models can
be analyzed at different levels of granularity, including global, user,
item, and user-item levels. At each level, a model induces a distri-
bution over rating values: the global level considers all predicted
ratings, while finer-grained levels condition this distribution on
specific users, items, or user-item pairs. Figure 1 illustrates these
levels and their corresponding distributional views.

Because these levels capture different aspects of model behavior,
it is important to distinguish distributional fidelity from confidence
calibration. Distributional fidelity refers to whether the distribution
of predicted ratings resembles the distribution of observed ratings
at a given level. Confidence calibration, in turn, refers to whether
the confidence assigned to a prediction reflects its actual reliability,
so that higher-confidence predictions should generally be associ-
ated with lower prediction error. Therefore, global distributional
alignment does not necessarily imply calibrated confidence at the
user-item level, and modifying the global prediction distribution
may not improve calibration at finer levels of granularity.

Note that, in RS, interactions between a user and an item are
typically observed only once. Consequently, the true user-item
interaction distribution cannot be directly estimated, as repeated
observations of the same interaction are generally not available. To
address this limitation, studies at this level of confidence estimation
commonly impose assumptions about the underlying uncertainty,
often by modeling it with a predefined probability distribution. This
section presents the confidence-aware recommendation methods
evaluated in this work: OrdRec [10], CPMF [16], LBD [8], PRLIGHT-
GCN [12], and MC Dropout [6]. All these methods minimize the
negative log loss function using a gradient descent-based algorithm,

L = − 1
|R |

∑︁
(𝑢,𝑖 ) ∈R

log 𝑃 (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 numeri-
cal 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)
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Figure 1: Different levels of confidence modeling and calibration. The global level considers all model predictions and estimates
the probability of observing a rating (𝑟 ), regardless of the user or item, i.e., (𝑃 (𝑟 )). The user level estimates the probability of
observing a rating (𝑟 ) given a user (u), i.e., 𝑃 (𝑟 | 𝑢). Similarly, the item level estimates the probability of observing a rating (r)
given an item (i), i.e., 𝑃 (𝑟 | 𝑖). Finally, the user-item level estimates the probability of observing a rating (𝑟 ) given both a user (u)
and an item (i), i.e., 𝑃 (𝑟 | 𝑢, 𝑖).

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

OrdRec also introduces a post-training calibration step to im-
prove 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 be-
tween 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 (w𝑇Δ𝑃𝑢 (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 distribu-
tion over rating levels. The predicted rating is given by the expected
value of this distribution, while a confidence estimate is derived
from its standard deviation. For ranking tasks, items are scored
using the calibrated ranking function 𝑠𝑢𝑖 = w𝑇 p𝑢𝑖 and sorted ac-
cordingly.

2.2 CPMF
Confidence-aware MF extends standard matrix factorization by
modeling not only the expected rating, but also the uncertainty
associated with each prediction. This study considers the CPMF
variant. Assuming that the rating 𝑟𝑢𝑖 follows a Normal distribution,
the mean and variance are given by

𝜇𝑢𝑖 = e𝑢 · e𝑖 and 𝜈 =
1

𝛾𝑈𝑖
· 𝛾𝑉𝑗

· 𝛼𝑝
, (4)

where𝛾𝑈𝑖
,𝛾𝑉𝑗

, and𝛼𝑝 are learned scalar parameters associated with
users, items, and the confidence level. Instead of only predicting
a point estimate, 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 distri-
bution corresponding to the two-tailed confidence level 𝑝 .

2.3 Learned Beta Distributions
LBD represents each user-item interaction as a Beta distribution
whose parameters are produced by a matrix factorization-like ar-
chitecture. 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 complement by the confidence term. They are further ad-
justed 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 re-
sulting Beta distribution, rescaled to the original rating range.

To train the model, the normalized rating interval [0, 1] is dis-
cretized into 𝑆 adaptive bins whose boundaries depend on both the
user and the item. Bin widths are determined 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 between
the Beta cumulative distribution function evaluated at consecutive
bin boundaries.

2.4 PRLIGHTGCN
PRLIGHTGCN integrates probabilistic confidence estimation into
graph-based recommendation. It builds on light graph convolu-
tional networks (LIGHTGCN) to estimate the mean rating while
incorporating uncertainty modeling techniques inspired by CPMF.
The goal is to obtain a more stable confidence-aware graph recom-
mender.

Similarly to CPMF, PRLIGHTGCN assumes that ratings follow
a Normal distribution for each user-item pair (𝑢, 𝑖). The standard
deviation of this distribution is defined as

𝜎𝑢𝑖 =
1√︁

𝛾𝑢 · 𝛾𝑖 · 𝜈 ′
, (7)

where 𝛾𝑢 , 𝛾𝑖 , and 𝜈 ′ are learned parameters associated with users,
items, and a global uncertainty component, respectively. The mean
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𝜇𝑢𝑖 is estimated by a LIGHTGCNmodel; a graph attention networks
(GAT)-based variant, PRGAT, also exists but is not evaluated in
this work. The confidence estimate is obtained from the probability
mass around the predicted value:

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

where 𝛿𝑟 is a small tunable scalar that defines the interval around
the predicted rating.

The final objective combines the negative log-likelihood term
with an mean squared error (MSE)-based term:

L𝑃𝑅𝐺𝐴𝑇 = L𝑁𝐿𝐿 + L𝑀𝑆𝐸 , (9)

where

L𝑁𝐿𝐿 =
1
|R |

∑︁
(𝑢,𝑖 ) ∈R

− log (𝑃 (𝑟𝑢𝑖 = 𝜇𝑢𝑖 | Θ)) , (10)

and
L𝑀𝑆𝐸 =

1
|R |

∑︁
(𝑢,𝑖 ) ∈R

𝛿𝑚𝑠𝑒 ·MSE (𝑟𝑢𝑖 , 𝜇𝑢𝑖 ) . (11)

The parameter 𝛿𝑚𝑠𝑒 controls the trade-off between the standard
recommendation objective and the confidence-aware objective.

2.5 MC Dropout
MC Dropout applies dropout at inference time to approximate
Bayesian uncertainty estimation without modifying the model ar-
chitecture [6]. By performing multiple stochastic forward passes
with dropout active, the model produces a distribution of predic-
tions for each user-item pair. The mean of this distribution serves
as the predicted rating, while the variance provides a confidence
estimate: lower variance indicates higher confidence in the predic-
tion.

3 RELATEDWORK
Prior studies have investigated uncertainty and confidence estima-
tion in recommender systems, showing that estimating reliable con-
fidence scores remains a challenging task. Coscrato and Bridge [5]
conducted an extensive empirical study comparing several classes of
uncertainty estimators for recommender systems, including OrdRec
and CPMF. Their results revealed important concerns regarding
the reliability and consistency of uncertainty estimates for rating
prediction. In particular, several methods exhibited inconsistent
behavior across uncertainty–error evaluation metrics, performing
well according to one correlation measure while performing poorly
according to others, such as Spearman correlation or UPI. The
authors also introduced two uncertainty estimation approaches,
ENSEMBLE and EB-Linear; however, these methods did not out-
perform simpler information-based estimators in most evaluation
metrics.

More recently, Pires et al. [12] explored confidence-aware recom-
mendation models such as OrdRec, CBPMF, CPMF, and LBD. Their
study identified convergence issues, dataset dependency, confidence
miscalibration, and degraded predictive accuracy resulting from the
integration of confidence estimation into recommendation models.
To address these limitations, they proposed a confidence-integration
approach based on graph neural recommendation models, introduc-
ing PRGAT and PRLIGHTGCN. Although these models improved
the stability of confidence-aware recommendation, the results still

indicated remaining issues related to confidence miscalibration and
dataset dependency.

Other works have addressed calibration from different applica-
tion perspectives. Wu [17] investigated trustworthy graph learning
in recommender systems, focusing on reliability, explainability,
and fairness. The author proposed LogiRec, a framework based
on first-order logical reasoning and probabilistic embeddings to
capture asymmetrical and higher-order product relationships. In
the context of reliability, this work addressed rarity and miscali-
bration in minority classes by introducing the expected individual
calibration error. In a different domain, Chen et al. [4] explored
confidence calibration and quantification in medication recommen-
dation, proposing distribution-based approaches for a multi-label
clinical setting. However, this methodology is tailored to clinical
safety and does not address distribution-based confidence integra-
tion in regression-oriented recommender systems.

Although these studies provide important evidence that con-
fidence estimation and calibration are difficult to achieve in rec-
ommender systems, they are mostly based on static evaluation
settings or focus on specific domains and tasks. In contrast, this
work investigates how confidence calibration evolves over time as
new user interactions become available. We also analyze how the
distributions of predicted and observed ratings evolve under a tem-
poral evaluation protocol, whether distributional mismatches are
associated with predictive and ranking performance, and whether
Wasserstein-based distribution regularization can modify predic-
tion distributions and affect confidence calibration. These analyses
address an underexplored aspect of confidence-aware recommen-
dation: the relationship between temporal distributional fidelity,
recommendation quality, and user-item confidence calibration.

4 EXPERIMENTAL EVALUATION
This section describes the experimental protocol used to investi-
gate the relationship among predictive performance, distributional
fidelity, and confidence calibration under temporal recommenda-
tion settings. Our evaluation is guided by the following research
questions:

• RQ1: How do the prediction distributions of the evaluated
recommendation models evolve over time?

• RQ2: Do recommendation models reproduce the empirical
distribution of observed ratings?

• RQ3: Can models achieve competitive accuracy while pro-
ducing distorted prediction distributions?

• RQ4: How does confidence calibration evolve over time
across different recommendation models?

• RQ5: How does Wasserstein-based distribution regulariza-
tion affect predictive performance, ranking quality, distribu-
tional fidelity, and confidence calibration?

The code of this work is publicly available online1.

4.1 Dataset
The experiments are conducted on the MovieLens 1M [7] dataset,
which contains 1,000,209 explicit ratings provided by 6,040 users

1https://github.com/joel021/rating-pred-dynamic-conf-analysis
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on 3,706 movies, on a scale from 1 to 5. Ratings were collected be-
tween April 2000 and February 2003. The availability of timestamp
information makes this dataset suitable for temporal evaluation,
allowing us to simulate the incremental arrival of user interactions
over time.

4.2 Temporal Evaluation Protocol
We employ an incremental time-series cross-validation protocol.
The interaction data are sorted globally by timestamp and parti-
tioned into 𝐾 + 1 = 7 sequential temporal folds 𝐹0, 𝐹1, . . . , 𝐹6. For
each evaluation step 𝑘 ∈ {1, . . . , 6}, the training set is defined as

D (𝑘 )
𝑡𝑟𝑎𝑖𝑛

=

𝑘−1⋃
𝑖=0

𝐹𝑖 , (12)

while the test set is given by D (𝑘 )
𝑡𝑒𝑠𝑡 = 𝐹𝑘+1.

In this work, we perform 𝐾 = 7 evaluation rounds of approxi-
mately equal size. Therefore, it begins with fold 0 for training and
fold 1 for testing. Consequently, the end uses folds 0-5 for training
and fold 6 for tests. Then the results will show charts with folds
ranging from 0 to 5.

4.3 Methods
We evaluate the following recommendation models: CPMF, LBD,
OrdRec, PRLIGHTGCN, MC Dropout, and MF. The MF model fac-
torizes the user-item interaction matrix into two low-dimensional
embedding matrices, estimating ratings as the dot product between
user and item latent vectors [9]. It is included as a non-probabilistic
baseline and is used in the controlled regularization analysis. For
all models, the embedding dimensions were set according to the
configurations reported in their original papers: 512 for OrdRec,
20 for both CPMF and CBPMF, 522 for LBD, and 64 for both MC
Dropout and PRLIGHTGCN models.

The confidence-aware models are used to analyze the relation-
ship between uncertainty estimation, confidence calibration, and
prediction distributions. Each model is evaluated under its original
objective function. In addition, we evaluateWasserstein-regularized
variants by adding a distribution-matching term to the original loss:

L = L𝑚𝑜𝑑𝑒𝑙 + 𝜆𝑤 ·𝑊 (SoftHist(𝑟 ), SoftHist(𝑟 )) , (13)

where L𝑚𝑜𝑑𝑒𝑙 is the original model loss, 𝑟 denotes the predicted
ratings, 𝑟 denotes the observed ratings, SoftHist(·) denotes a dif-
ferentiable histogram approximation, 𝑊 (·, ·) is the Wasserstein
distance between the predicted and observed rating distributions,
and 𝜆𝑤 controls the strength of the distributional regularization.

4.4 Metrics
Predictive performance is evaluated using RMSE. Ranking perfor-
mance is evaluated using NDCG and MAP [1, 18]. Distributional
fidelity is evaluated by constructing histogram-based distributions
with shared bins for predicted and observed ratings, and by mea-
suring their discrepancy using Kullback-Leibler divergence. Confi-
dence calibration is evaluated using expected calibration error (ECE)
[11] and confidence-error Pearson correlation [13]. Lower ECE indi-
cates better calibration, while a stronger negative confidence-error
correlation indicates that higher-confidence predictions tend to be
associated with lower prediction errors. All metrics are tracked

across temporal folds to analyze temporal stability, distributional
drift, and changes in calibration behavior.

4.5 Simulation 1: Temporal Analysis with and
without Distribution Regularization

The first simulation analyzes the temporal behavior of the eval-
uated models under their original objective functions and under
Wasserstein-regularized variants. For this experiment, the regular-
ization coefficient is fixed at 𝜆𝑤 = 1 for all Wasserstein-regularized
models.

This simulation aims to investigate whether the prediction distri-
butions produced by confidence-aware recommendation models ap-
proximate the empirical distribution of observed ratings over time.
It also analyzes whether enforcing global distributional alignment
affects predictive performance, ranking quality, and confidence
calibration.

4.6 Simulation 2: Controlled Regularization
Intensity in Matrix Factorization

To better understand the effect of distributional regularization un-
der controlled perturbations, we conduct a second simulation using
the MF model. The MF model is selected for this analysis because,
unlike the probabilistic models, it does not impose prior distribu-
tional constraints on its predictions, making it more susceptible to
distribution-matching regularization and thus a more informative
setting for studying the effect of varying 𝜆𝑤 .

In this simulation, we vary the regularization coefficient as fol-
lows:

𝜆𝑤 ∈ {0, 0.0001, 0.001, 0.01, 0.5, 1.0}. (14)

This allows us to examine how different levels of distribution match-
ing affect predictive performance, ranking quality, distributional
fidelity, and confidence calibration under the same temporal evalu-
ation protocol.

5 RESULTS
Figure 2 shows that confidence calibration varies substantially over
time, as indicated by the differences across folds 0 to 4. The figure
also sheds light on the sensitivity of confidence calibration to dis-
tribution distortions. Specifically, the application of Wasserstein
regularization appears to have little or no impact on calibration
performance. Because this regularization acts on the global distri-
bution, the results suggest that either (i) the models have already
reached a near-optimal approximation of the global distribution,
making further improvements negligible, or (ii) the global distribu-
tion has limited influence on confidence calibration at the user-item
level. These findings indicate that improving global distribution
alignment alone may not be sufficient to enhance calibration at finer
levels of granularity. Note that OrdRec and PRLIGHTGCN exhibit
the best calibration performance among the evaluated models. Or-
dRec reduced the ECE and increased the magnitude of the negative
correlation, reaching approximately -0.2 in the final fold. Similarly,
PRLIGHTGCN achieved a lower RMSE while maintaining a stable
ECE and strengthening the negative correlation to approximately
-0.3. The application of Wasserstein regularization kept the same
trend.
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Figure 2: ECE error and confidence-error correlation across folds for confidence-aware models with and without Wasserstein
regularization, evaluated on the Movie Lens 1M dataset. Higher negative correlation is desired, where lower ECE is better.
These two measures evaluate the user-item level of confidence calibration.

Figure 3 presents the RMSE performance over a narrower range,
allowing for a more detailed analysis than that provided by Fig-
ure 2. Similar to the confidence calibration results, we observe
performance variations across folds. However, distribution distor-
tion appears to have little effect on predictive performance, as the
models exhibit similar behavior regardless of whether Wasserstein
regularization is applied. In the case of the MF model, we observe a
considerable drop in RMSE error when the Wasserstein regulariza-
tion is applied. Compared to the other models, MF does not impose
prior distributional constraints on its predictions. The remaining
models may already partially constrain the prediction distribution
through their probabilistic assumptions, making additional distri-
bution alignment less impactful.

Figure 5 shows that the Dropout and MF models are the most af-
fected by the distributional regularization. This suggests either that
the remaining models already impose distributional constraints that
influence the global rating distribution or that their architectures
are inherently more resistant to distribution matching. Notably,
none of the models fully reproduces the observed distributions, as
shown in Figure 4, although the Dropout and MF models exhibit
distributions that more closely resemble the observed ones after
the application of the regularization.

Figure 6 shows that the introduction of the distribution con-
straint leads to a sharp reduction in RMSE, which quickly saturates
as the constraint strength increases. However, this improvement
in RMSE does not translate into better NDCG performance, a phe-
nomenon also reported in previous RS studies [14]. Contrary to
expectations, applying Wasserstein regularization yields higher
Kullback–Leibler (KL) divergence values, which also appear largely
insensitive to the distortion intensity. This outcome is consistent
with the fact thatWasserstein distance and KL divergence character-
ize different aspects of distribution similarity. Wasserstein distance
measures the optimal transport cost required to transform one dis-
tribution into another, while KL divergence measures discrepancies
in probability mass allocation [3]. As a consequence, optimizing
a model with respect to Wasserstein distance does not necessar-
ily improve, and may even worsen, the distributional alignment
measured by KL divergence.

6 DISCUSSION
This section discusses the experimental findings by addressing each
research question defined in Section 4.

RQ1: How do the prediction distributions of the evaluated
recommendation models evolve over time? The results, partic-
ularly those presented in Figure 5, show that each model imposes a
characteristic distributional shape on its predictions and maintains
this shape as additional interactions are incorporated over time.
Rather than adapting to evolving data, the models tend to produce
stable output distributions specific to their architecture. This sug-
gests that the inductive biases embedded in each model — such as
the ordinal thresholds in OrdRec or the Beta parameterization in
LBD — strongly determine the shape of the prediction distribution,
independently of the volume of training data.

RQ2: Do recommendation models reproduce the empirical
distribution of observed ratings? No. As shown in Figure 4, the
observed rating distribution remains relatively stable throughout
the evaluation period. Although one would expect predicted dis-
tributions to progressively approximate the observed distribution
as additional data become available, this convergence is not ob-
served in practice. None of the evaluated models fully reproduces
the empirical rating distribution, and the gap between predicted
and observed distributions persists across all temporal folds. This
indicates that distributional fidelity is not an emergent property of
training on more data, but rather a characteristic that depends on
model design.

RQ3: Can models achieve competitive accuracy while pro-
ducing distorted prediction distributions? Yes. Although the
models achieve competitive RMSE performance, as shown in Fig-
ure 3, their predicted rating distributions differ substantially from
each other and from the observed distribution, as illustrated in Fig-
ure 5. Furthermore, the distributional regularization experiments
show that improving the alignment between predicted and observed
distributions does not necessarily degrade — and may even improve
— predictive accuracy. The MF model, for instance, exhibited a con-
sistent and substantial reduction in RMSE after regularization, while
remaining the model most affected in terms of distribution match-
ing. These results confirm that strong predictive performance does
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Figure 3: Error performance of the models over time evaluated in the Movie Lens 1M.

Figure 4: Observed rating distributions.

not imply distributional fidelity: models with equivalent accuracy
can differ substantially in their statistical alignment with observed
user behavior.

RQ4: How does confidence calibration evolve over time
across different recommendation models? User-item confi-
dence calibration varies considerably over time and is strongly
dependent on model architecture, as shown in Figure 2. Among the
evaluated models, only OrdRec and PRLIGHTGCN exhibit a clear
and consistent temporal trend in calibration: OrdRec progressively
reduced its ECE and strengthened the negative confidence-error
correlation, reaching approximately −0.2 in the final fold, while
PRLIGHTGCN maintained a stable ECE and strengthened the cor-
relation to approximately −0.3. The remaining models exhibit sub-
stantial fluctuations across folds without a clear trend. Importantly,
these temporal changes in user-item calibration are largely inde-
pendent of the evolution of the global rating distribution, which
remains stable throughout the evaluation for all models. This dis-
sociation suggests that calibration improvements in OrdRec and
PRLIGHTGCN arise from architecture-specific mechanisms rather
than from changes in global distributional behavior.

RQ5: How does Wasserstein-based distribution regular-
ization affect predictive performance, ranking quality, dis-
tributional fidelity, and confidence calibration? The effects
of Wasserstein-based regularization are inconsistent across eval-
uation dimensions, as shown in Figure 6. In terms of predictive
performance, regularization leads to a sharp reduction in RMSE for
the MF model, which quickly saturates as 𝜆𝑤 increases. However,
this improvement does not transfer to ranking quality: NDCG and
MAP remain largely unaffected or slightly degraded, consistent
with prior findings in the RS literature [14]. Regarding distribu-
tional fidelity, the regularization shifts the predicted distributions
of the MF and MC Dropout models toward the observed distribu-
tion, but does not eliminate the mismatch. Counterintuitively, KL

divergence increases under Wasserstein regularization, which is
explained by the fact that Wasserstein distance and KL divergence
capture different aspects of distributional similarity: the former
measures optimal transport cost, while the latter measures dis-
crepancies in probability mass allocation [3]. Finally, confidence
calibration at the user-item level is largely insensitive to the appli-
cation of Wasserstein regularization, reinforcing the finding that
global distributional alignment does not imply calibration at finer
levels of granularity.

7 CONCLUSION
This work presented an experimental study investigating the re-
lationship among distributional fidelity, predictive performance,
and confidence calibration in recommender systems under a tem-
poral recommendation setting, a dimension that conventional accu-
racy and ranking metrics do not capture. The results showed that
confidence-aware recommendation models produce characteristic
prediction distributions that remain stable over time and do not con-
verge toward the empirical rating distribution, even as additional
interactions become available (RQ1, RQ2). Furthermore, models
can achieve competitive predictive performance while producing
substantially distorted output distributions, confirming that strong
RMSE does not imply distributional fidelity (RQ3). These findings
suggest that conventional evaluation metrics capture only part of
model behavior and that distributional fidelity should be considered
a complementary dimension for assessing recommendation quality.

Regarding confidence calibration, the results revealed that cali-
bration evolves over time and is strongly dependent on model archi-
tecture, with only OrdRec and PRLIGHTGCN exhibiting consistent
improvement across temporal folds (RQ4). Wasserstein-based regu-
larization modified the global prediction distribution of MF and MC
Dropout, reduced RMSE, but had limited effects on ranking quality
and did not improve user-item confidence calibration (RQ5). This
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Figure 5: Distribution of the predicted ratings with and without Wasserstein regularization (𝜆𝑤 = 1) across the models in the
last evaluated fold, evaluated in the Movie Lens 1M dataset.

Figure 6: Average metric values across folds for different Wasserstein regularization levels (𝜆𝑤 ) in the loss function of the MF
model, evaluated on the Movie Lens 1M dataset. The first value of Wasserstein regularization level is 0.0001, and the last is 1.0,
for each metric, RMSE, NDCG@10, MAP@10, and KL Divergence.

indicates that global distributional alignment alone is not sufficient
to improve calibration at finer levels of granularity.

This study has limitations that should be considered. The evalu-
ation is conducted on a single dataset (MovieLens 1M) with a fixed
number of temporal folds, and the findings may not generalize to
other domains or interaction sparsity regimes. Future work should
evaluate additional datasets and extend the analysis to user-level

and item-level distributional alignment. Investigating regulariza-
tion strategies that directly target calibration at the user-item level,
rather than the global distribution, is a promising direction for
developing more trustworthy confidence-aware recommender sys-
tems.
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