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Abstract—Collaborative filtering is a foundational technique in modern recommender systems,
especially when dealing with implicit feedback signals such as clicks, purchases, or listening behavior.
Despite the abundance of collaborative filtering models, including classical, probabilistic, and neural
approaches, there is a lack of standardized, large-scale evaluations across diverse datasets. This study
presents a comprehensive empirical benchmark of 13 collaborative filtering algorithms encompassing
matrix factorization, pairwise ranking, variational and non-variational autoencoders, graph-based
neural models, and probabilistic methods. Using four representative implicit feedback datasets from
different domains, we evaluate models under a unified experimental protocol using ranking-based metrics
(MAP@10, NDCG@10, Precision@10, Recall@10, MRR), while also reporting training efficiency. Our
results reveal that neural architectures such as NeuMF, VAECF, and LightGCN offer strong performance
in dense and moderately sparse scenarios, but may face scalability constraints on larger datasets.
Simpler models like EASER and BPR often achieve a favorable balance between performance and
efficiency. This benchmark offers actionable insights into the trade-offs of modern collaborative filtering
methods and guides future research in implicit recommender systems.
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I. INTRODUCTION matrix factorization methods, neural network-based
models, graph convolutional architectures, as well as
Recommender systems have become a L

. . both wvariational and shallow autoencoder-based

cornerstone of digital platforms, driving user . . .
.. approaches, a comprehensive and fair benchmarking
engagement by personalizing content —across of these methods under a unified evaluation

domains such as e-commerce, streaming services,
and social media. A foundational technique
underlying many of these systems is collaborative
filtering (CF), which infers user preferences based
on patterns of interaction across a population. Since
the early work [1], which introduced the GroupLens
system, a user-based CF approach relying on
similarities between users for rating-based
recommendation, and the subsequent development
of scalable item-based methods [2], CF has evolved
into a diverse landscape of models and algorithms.
Traditional CF methods often relied on explicit
feedback — numerical ratings that directly reflect user
preferences. However, in modern applications, such
feedback is rare. Instead, systems increasingly depend
on implicit feedback, such as clicks, purchases, or
watch durations — signals that are abundant but
indirect, noisy, and lack clear negative examples. This
shift introduces unique modeling challenges, which
were first formally addressed [3] through confidence-
aware matrix factorization tailored to implicit data.
Despite the proliferation of algorithms designed
to operate on implicit feedback, including classical

framework remains scarce. Existing studies often
compare only a limited subset of models, focus on a
narrow set of datasets, or employ inconsistent
evaluation protocols, making it difficult to draw
robust and generalizable conclusions about
algorithmic  performance. ~Moreover, training
efficiency, an important factor in the practical
deployment of recommender systems, is frequently
overlooked, with few benchmarks providing a
systematic comparison of training time across
methods.

To address this gap, a comprehensive empirical
benchmark of 13 CF algorithms on stratified subsets
derived from 4 widely-used benchmark datasets for
implicit feedback is presented. The benchmark
covers a broad spectrum of models, including
classical matrix factorization methods (MF, PMF),
pairwise optimization techniques (BPR, IBPR,
WBPR), probabilistic models (HPF), neural CF
(NeuCF), autoencoder-based approaches (VAECEF,

EASER, BiVAECF, SANSA), and graph-based
neural recommenders (NGCF, LightGCN). We
include both recent advances and historically
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influential baselines to assess performance across
diverse model classes and evaluate them under a
consistent framework.

Our contributions are as follows:

e we provide a standardized evaluation of 13 CF
algorithms on implicit feedback tasks, ensuring
consistent preprocessing, training, and evaluation
across models;

e we highlight the relative strengths and
weaknesses of each method in terms of accuracy,
scalability, and robustness across datasets with
varying sparsity and scale.

Through this work, we aim to inform practitioners
and researchers about the current state of CF under
implicit feedback, shedding light on which
algorithms offer the best trade-offs in practice and
helping guide future developments in recommender
system design.

II. RELATED WORK

Despite the proliferation of CF algorithms,
comprehensive and standardized benchmarking has
been identified as an area needing more attention.
Existing studies often compare a limited subset of
models or use inconsistent evaluation protocols.

However, several efforts have been made to
compare and benchmark CF techniques

o Domain-Specific Benchmarks: several studies
provide benchmarks within specific domains. For
example, one study provided a detailed evaluation of
pure and hybrid CF methods in drug repurposing by
comparing 11 models across eight datasets, with a
focus on reproducible methodology [4]. Another
study compared several collaborative filtering
methods (such as ALS, LightFM, Prod2Vec,
RP3Beta, and SLIM) for job recommendations on
classifieds, using both offline metrics and online
A/B testing [5].

o Comparative Analyses: researchers have
conducted comparative analyses of different CF
algorithms. One study compared memory-based and
model-based collaborative filtering techniques,
discussing how they handle challenges such as
quality and scalability, and shared comparison
results for several methods [6]. Another study
analyzed collaborative filtering algorithms like
SVD, SVDpp, and SlopeOne for e-commerce, using
the Surprise library to evaluate their accuracy in
rating prediction and their efficiency [7].

o Benchmarking Frameworks and Platforms:
efforts towards open benchmarking are emerging.
One example is the BARS framework, which was
proposed to support rigorous evaluation of

recommender systems [8]. Platforms like Papers
With Code also list datasets (e.g., MovieLens, Yelp,
Amazon-Book) and the best-performing models,
offering a form of continuous benchmarking for
various recommendation tasks, including CF. Tools
like RecBole are also mentioned as providing
preprocessed datasets and evaluation frameworks.

o Focus on Evaluation Rigor: one study shows
that newer and more complex models do not always
perform better than simpler, well-tuned ones, and it
emphasizes the importance of better scientific
practices in benchmarking [9].

The current work aims to contribute to this area by
providing a comprehensive and fair benchmark of a
wide range of CF algorithms specifically for implicit
feedback datasets, using a unified evaluation protocol
across multiple standard datasets. This aligns with the
identified need for robust and generalizable
conclusions regarding algorithmic performance and
efficiency in the domain of implicit feedback.

III. METHODOLOGY

To ensure a rigorous and reproducible
comparison of CF methods on implicit feedback
data, we adopt a unified evaluation framework
spanning multiple datasets, model families, and
metrics. This section details the experimental design
of our benchmark, including dataset selection and
preprocessing, the set of algorithms evaluated,
evaluation  metrics  tailored to  implicit
recommendation tasks, and the training and
evaluation protocol used to ensure fairness and
consistency across models.

A. Datasets

We evaluate CF methods on four widely-used
benchmark datasets that represent a diverse range of
domains and interaction characteristics. For two
large-scale datasets, 10% stratified subsets are used
to ensure manageable training time and consistent

comparison  across models  with  varying
computational ~demands. In  this  context,
stratification means preserving the relative

interaction density of each user — that is,
maintaining the ratio of the number of items a user
interacted with in the subset compared to the full
dataset. This ensures that the sampled data reflects
the original user behavior distribution and prevents
bias introduced by uniform or random subsampling.
All datasets are treated as implicit feedback, where
observed interactions indicate user preference,
although the form of the signal varies across
datasets. An overview of the dataset statistics is
provided in Table I.
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TABLE 1. EXPERIMENTAL DATA STATISTICS
Dataset Users # Items # Interactions # Density
MovieLens 100k 943 1,682 100,000 6.30%
MovieLens 20M 138,493 26,744 20,000,263 0.54%
Steam (10%) 121,521 14,807 388,535 0.02%
Last.fm 360k (10%) 35,887 93,612 1,742,433 0.05%

In the MovieLens 100k and MovieLens 20M
datasets [28], originally collected as explicit rating
datasets, the ratings are treated as implicit signals,
rather than being binarised, interpreting each rating
as a proxy for the number of times a user has
interacted with an item. This approach preserves the
relative strength of wuser preferences while
maintaining consistency with the implicit feedback
setting. MovieLens 100k contains 100,000 ratings
from 943 users on 1,682 movies, and serves as a
relatively dense benchmark (sparsity 6.30%).
MovieLens 20M includes over 20 million ratings
from more than 138,000 users and 26,000 items,
offering a large-scale scenario for model evaluation.

Steam is a game interaction dataset consisting of
user play hours [29]. A stratified 10% subsample of
the full dataset is used, yielding 388,535 interactions
between 121,521 users and 14,807 games. As users
typically play only a small subset of available titles,
this dataset is highly sparse (0.02%), making it well-
suited for testing model robustness in cold-start and
sparse settings.

Last.fm 360k contains music listening histories
from Last.fm users [30]. A 10% stratified subset is
used, comprising over 1.7 million listening events
from 35,887 users and 93,612 artists. With a sparsity
of 0.05%, this dataset presents another high-sparsity
challenge and reflects long-tail consumption
patterns common in music recommendation.

B.  Algorithms

We evaluate 13 CF algorithms, grouped into five
major families based on their modeling approach:
matrix  factorization-based, pairwise ranking,
autoencoder-based, graph-based neural models, and
probabilistic models. This classification helps
capture the spectrum of algorithmic strategies used
in modern recommender systems and to understand
their comparative strengths in implicit feedback
settings.

Matrix Factorization-Based Models. Matrix
factorization (MF) approaches are among the most
established techniques for CF. These models learn
low-dimensional latent vectors for users and items
and estimate preferences through their inner product.

o Probabilistic Matrix Factorization (PMF):
xtends MF into a probabilistic framework by placing
Gaussian priors over latent factors and treating user-

item interactions as normally distributed variables.
PMF is trained using maximum a posteriori
estimation and provides a Bayesian interpretation of
uncertainty in recommendations [10].

o  Matrix Factorization (MF): a classical baseline
in CF, MF maps users and items to latent factors and
predicts interactions via dot product. It assumes that
observed interactions reveal underlying user-item
affinities. This work adopts an implicit-feedback
version based on the general principles [11].

e Neural Matrix Factorization (NeuMF):
combines the linear modeling capability of MF with
the expressiveness of deep neural networks. NeuMF
consists of two branches: a Generalized MF (GMF)
and a Multi-Layer Perceptron (MLP), whose outputs
are fused to model both linear and non-linear user-
item interactions. It is optimized using a log loss
suitable for implicit data and trained via negative
sampling [12].

Pairwise Ranking Models. Pairwise ranking
models optimize for the relative ordering of items
rather than predicting absolute scores, which aligns
well with the nature of implicit feedback.

e Bayesian Personalized Ranking (BPR):
originally presented in [13], BPR is a seminal
framework that learns to rank items by training on
triplets (user, positive item, negative item). It
optimizes a pairwise logistic loss, assuming users
prefer observed items over unobserved ones.

o Weighted Bayesian Personalized Ranking
(WBPR): a method called WBPR was proposed to
address biases caused by non-uniform negative
sampling, which often occur in practice, for
example, due to popularity bias in candidate
generation [14]. WBPR extends the BPR objective
by weighting training triplets based on item
popularity, improving ranking performance in real-
world datasets.

o [ndexable BPR (IBPR): a variant of BPR
designed for scalability and top-k retrieval
efficiency. It replaces the dot-product kernel with an
angular similarity function, learning normalized
embeddings compatible with indexing structures
such as LSH. This makes IBPR well-suited for real-
time recommendation tasks [15].

Autoencoder-based  Models.  Autoencoders
model CF as a reconstruction task, where the system
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learns to reconstruct a user’s interaction history
from a compressed latent representation [16]. These
methods have become prominent in learning non-
linear embeddings from sparse data.

o Variational Autoencoder for Collaborative
Filtering (VAECF): based on the Mult-VAE
framework [17], VAECF wuses a variational
autoencoder with a multinomial likelihood to model
implicit interactions. It introduces KL divergence
annealing to improve ranking metrics and performs
well in sparse and cold-start settings [18].

o Bilateral VAE for Collaborative Filtering
(BiVAECF): enhances traditional VAEs by learning
symmetric latent representations for both users and
items. This bilateral design captures the generative
nature of dyadic interactions more effectively [19].

o Embarrassingly Shallow Autoencoder
(EASE®): a linear autoencoder without hidden
layers, solving a closed-form least squares
reconstruction over the item-item co-occurrence
matrix. EASER is remarkably efficient and
competitive, especially in sparse settings [20].

o Scalable Approximate Non-Symmetric
Autoencoder (SANSA): a recent linear autoencoder
model introducing an asymmetric encoder-decoder
design and scalable approximations for efficient
training on large datasets [21].

Graph-Based Neural Models. Graph-based
recommenders treat the user-item interaction matrix
as a bipartite graph and use graph convolutional
networks (GCNs) to propagate information across
the interaction structure.

o Neural Graph Collaborative  Filtering
(NGCF): a deep GCN model that propagates
embeddings through the user-item graph using non-
linear  transformations and  neighbor-aware
aggregation. It captures high-order collaborative
signals through recursive message passing [22].

e LightGCN: a simplified yet highly effective

variant of NGCF that removes non-linear
transformations, retaining only neighborhood
aggregation. LightGCN  combines  multi-hop
embeddings to form the final user/item

representations and achieves strong performance
with lower complexity [23].

Probabilistic Models. Probabilistic models
provide a generative view of interaction data,
leveraging count-based distributions and

hierarchical priors.

Hierarchical Poisson Factorization (HPF): A
Bayesian latent variable model designed for implicit
data. HPF models user activity and item popularity
using hierarchical Gamma priors and assumes
observed interactions follow a Poisson distribution. It

is particularly effective in highly sparse environments
and avoids explicit negative sampling [24].

Exclusion of Sequential Models. While
sequential recommender systems such as SASRec
[25], and BERT4Rec [26] have achieved impressive
results by modeling temporal dynamics, they are
excluded from this benchmark since they cannot be
compared to non-sequential CF methods that operate
on static user-item interaction matrices. This
decision reflects realistic scenarios where interaction
timestamps are unavailable or unreliable. Moreover,
sequential models typically require specialized
temporal evaluation protocols and additional
hyperparameter tuning, making them incompatible
with our unified and model-agnostic benchmarking
framework.

C. Evaluation Metrics

To assess the performance of CF models in the
implicit feedback setting, we adopt several widely-
used ranking-based metrics that reflect the quality of
top-N recommendations. Since implicit feedback
lacks explicit negatives, regression-based metrics
(e.g., RMSE, MAE) are not applicable. Instead, the
evaluation emphasizes how well the model ranks
relevant items above irrelevant ones.

Normalized  Discounted  Cumulative  Gain
(NDCG@K). DCG@K evaluates the usefulness of a
ranked list of items by assigning higher weights to
items appearing near the top. It is defined as:

K 21‘6/, _1
DCG@K =)’

= log,(i+1)° @

where rel; is the binary relevance of the item at

position i (1 if relevant, 0 otherwise).

To normalize this score and make it comparable
across users with different numbers of relevant
items, NDCG@K is computed as:

DCG@K
IDCG@K’

where IDCG@K is the ideal DCG@K, i.e., the
DCG@K obtained when all relevant items are
ranked at the top.

Precision@K.  Precision@K computes the
proportion of recommended items in the top-K list
that are relevant:

NDCG@K = )

1 K
Precision@ K =—) rel.. 3
@ % > rel, 3)

i=1

This metric evaluates how many of the top-K
recommendations are correct, but does not account
for their order within the list.
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Recall@K. Recall@K measures the fraction of
relevant items that are successfully recommended
within the top-K list:

K
Z_ rel.
i=1 ‘

u

Recall @ K = ) “4)

where |Ru| is the number of relevant items for user u.

Recall@K emphasizes coverage — how well the
model recovers a user’s known preferences.

Mean Average Precision (MAP@K). MAP@K
averages precision values computed at the ranks
where relevant items occur. For a single user:

1
AP@K = R_Z’K:‘ Precision @i -rel,. 5)

u

The final MAP@K score is the mean of AP@K
across all users:

1
U

MAP@K rewards models that not only retrieve
relevant items but also rank them highly.

Mean Reciprocal Rank (MRR). MRR measures
the inverse of the rank at which the first relevant
item appears for each user:
1

1
MRR=—» ——
|U L; rank,’

where rank, is the position of the first relevant item

MAP@K =— > AP@K,. (6)

uel

(7

for user u. MRR is especially useful when only the
first hit matters (e.g., in search or spotlight
recommendation).

Choice of Metrics for Implicit Feedback. In
implicit feedback scenarios, users provide only
positive signals (e.g., clicks, plays, purchases), and
the absence of interaction does not imply dislike.
Consequently, evaluation must focus on ranking
rather than prediction accuracy. Metrics like
NDCG@K, MAP@K, and MRR capture both
relevance and ranking order, which are critical in
practice. Precision@K and Recall@K provide
interpretable measures of recommendation quality
from the perspectives of correctness and coverage,
respectively.

By evaluating all metrics at K =10, we
emphasize the system’s ability to deliver relevant
results in the top-10 recommendations, a realistic
cutoff for many real-world applications.

D.  Experimental Protocol

To ensure fair and reproducible comparison
across models, we adopt a unified training and

evaluation procedure based on holdout testing and
cross-validated hyperparameter tuning. Our protocol
is designed to balance evaluation rigor with
computational efficiency, given the wide range of
models and datasets under consideration.

Train/Test Split. For each dataset, interaction
data is divided into a training set (80%) and a test
set (20%) at the user level. That is, for every user,
20% of their interactions are randomly withheld for
testing, while the remaining 80% are used for
training. This strategy reflects a standard evaluation
setting for implicit feedback recommenders and
simulates the common scenario of recommending
additional items to users based on their known
historical preferences.

All test sets remain fixed across all models,
ensuring consistent and comparable evaluation.

Cross-Validation and Hyperparameter Tuning.
Each model is trained and validated using a 5-fold
cross-validation (CV = 5) strategy applied within the
training set. Specifically, the training data is further
divided into 5 folds; hyperparameters are tuned by
training on 4 folds and validating on the remaining
one, with the validation fold rotated in each run.
This approach improves the robustness of model
selection, especially for smaller or sparser datasets.

To manage the computational cost across the full
benchmark suite, the hyperparameter search space is
limited to a maximum of 10 configurations per
model. These configurations are selected based on
prior literature, implementation defaults, and
empirical feasibility, and are evaluated using the
same cross-validation setup.

Reporting. For each model and dataset, the best-
performing hyperparameter setting is identified
based on average cross-validation results within the
training set. Then, using this selected configuration,
the model is retrained on the full training set and
evaluated on the fixed 20% test set. We report the
final performance scores (e.g, MAP@IO0,
NDCG@10, Precision@10, Recall@10, MRR)
obtained on this test set. Additionally, training time
for each model under its selected configuration is
recorded and reported, providing insights into
computational efficiency alongside accuracy. This
ensures a consistent and fair comparison across
models while reflecting realistic recommendation
performance on unseen data.

Hardware. All experiments were conducted on a
machine equipped with an Apple M2 Pro chip and
16 GB of unified memory (RAM). Depending on
the capabilities and implementation of each model,
training was performed using either the CPU or the
integrated GPU via Apple’s Metal backend.
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Classical models and those without GPU
acceleration support were run on the CPU, while
deep learning models leveraging PyTorch or
TensorFlow used the GPU when possible. Training
time was recorded under these conditions to reflect
realistic usage scenarios on moderately powered
hardware, comparable to entry-level cloud compute
environments (e.g., M-series Apple chips or budget
AWS instances).

Software. All experiments were implemented in
Python, utilizing the Cornac library for training and
evaluating recommendation models. Cornac offers a
consistent API and efficient implementations of a
wide range of classical and deep learning-based
recommenders, making it suitable for comparative
benchmarking. We relied on Cornac's built-in
support for model training, evaluation metrics, and
cross-validation routines to ensure standardized and
reproducible experiments across models and
datasets [27].

IV. EXPERIMENTS

In this section, the performance of 13 CF
algorithms across four benchmark datasets of
varying size, sparsity, and domain is analyzed.
Tables II — V report results on MovieLens 100k,

TABLE IIL

MovieLens 20M, Steam (10%), and Last.fm 360k
(10%), respectively. Evaluation metrics include
MAP@10, NDCG@10, Precision@10, Recall@10,
MRR, and training time (in seconds).

A.  Performance on MovieLens 100k

As shown in Table II, across all metrics, NGCF
achieves the best performance on the MovieLens
100k dataset, followed closely by LightGCN,
NeuMF, and EASER. These models benefit from
either non-linear modeling capacity (NeuMF), high-
order collaborative signal propagation (NGCF,
LightGCN), or efficient reconstruction of item-item
relationships (EASER). Notably, EASER, despite
being a linear model with closed-form training,
achieves top-3 performance in multiple metrics
(e.g., MRR and Recall@l0) while requiring
negligible training time.

Among the VAE-based models, VAECF shows

strong  performance, outperforming  deeper
variational designs like BiVAECF. The non-
variational SANSA  model also performs

competitively, though with slightly lower ranking
accuracy. HPF ranks well in MRR and Recall@10,
confirming its effectiveness in modeling implicit
feedback with simpler priors.

PERFORMANCE COMPARISON ON THE MOVIELENS 100K DATASET.

FOR EACH METRIC, BOLD INDICATES THE BEST-PERFORMING METHOD,
AND UNDERLINED INDICATES THE SECOND-BEST

MovieLens 100k

Method MAP@I0 NDCG@I10 Precision@]10 Recall@10 MRR Training Time (s)
PMF 0.0602 0.0924 0.0868 0.0388 0.2124 0.7072
MF 0.0471 0.0639 0.0653 0.0254 0.1439 0.1086
NeuMF 0.2591 0.3824 0.3231 0.2051 0.6180 67.8821
BPR 0.1329 0.2180 0.1912 0.1156 0.4233 0.5559
WBPR 0.1225 0.2189 0.1903 0.0932 0.4343 0.5196
IBPR 0.1456 0.1970 0.1807 0.1022 0.3642 173.0539
VAECF 0.2279 0.3439 0.2914 0.1839 0.5785 4.1308
BiVAECF 0.1987 0.2922 0.2576 0.1617 0.4925 8.7937
EASER 0.2441 0.3743 0.3035 0.2135 0.6404 0.1229
SANSA 0.1437 0.2798 0.2144 0.1401 0.5782 7.1746
NGCF 0.2806 0.4070 0.3416 0.2228 0.6481 24445783
LightGCN 0.2630 0.3886 0.3244 0.2062 0.6433 489.3929
HPF 0.2342 0.3527 0.2975 0.1858 0.5892 4.4192

Classical matrix factorization methods like MF
and PMF perform relatively poorly across all metrics,
indicating their limitations when modeling even
moderately complex preference structures, even
though the dataset has relatively high density.
Meanwhile, BPR and WBPR offer competitive
performance improvements over MF, though they are
outperformed by their neural and graph-based
SUCCESSOrs.

In terms of efficiency, MF, PMF, and EASER are
the fastest to train, with sub-second runtimes,

making them appealing for real-time or low-resource
applications. On the other end of the spectrum,
NGCF and LightGCN require significantly longer
training times, particularly NGCF, which incurs the
highest computational cost.

B.  Performance on MovieLens 20M

As detailed in Table III, on the large-scale
MovieLens 20M dataset, EASER achieves the best
overall performance across all metrics, outperforming
both neural and probabilistic models. Its linear design
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with closed-form optimization results in high
accuracy. It tops MAP@I10, NDCG@IO0,
Precision@]l0, Recall@10, and MRR, while keeping
training time relatively low (under 20 minutes),
making it a practical choice for large datasets.
NeuMF and VAECF follow closely behind.
NeuMF, with its deep neural architecture, shows
strong ranking quality, especially in NDCG@ 10 and
MRR, but at a substantial computational cost,
requiring over 6 hours to train. VAECF also
performs well, especially in Recall@10 and MRR,
benefiting from variational inference to capture
uncertainty in user preferences. However, deeper
generative models like BiVAECF underperform

TABLE III.

significantly, indicating potential overfitting or
optimization challenges at this scale.

In contrast, classical matrix factorization
methods (MF, PMF) lag far behind across all
metrics, reflecting their limited expressiveness in
modeling user-item interactions in large-scale,
sparse data.

It is important to highlight the absence of results
for NGCF, LightGCN, and IBPR on this dataset.
Their training was infeasible due to prohibitively
long runtimes, pointing to scalability issues when
these models are applied to large-scale datasets with
dense user-item interactions.

PERFORMANCE COMPARISON ON THE MOVIELENS 20M DATASET.

FOR EACH METRIC, BOLD INDICATES THE BEST-PERFORMING METHOD,
AND UNDERLINED INDICATES THE SECOND-BEST. A DASH (—) DENOTES THAT THE MODEL

COULD NOT BE TRAINED DUE TO EXCESSIVE TRAINING TIME

MovieLens 20M
Method MAP@10 NDCG@I10 Precision@l0 Recallwl) MRR  Training Time (s)
PMF 0.0208 0.0491 0.0426 0.0220 0.1356  146.4725
MF 0.0162 0.0463 0.0404 0.0171 0.1258  3.3591
NeuMF 0.2175 0.3392 0.2935 0.1682 0.5448  21790.6354
BPR 0.0935 0.1797 0.1558 0.0707 0.3559  352.7249
WBPR 0.1311 0.2300 0.1948 0.1128 0.4341  320.7549
IBPR - - - - - -
VAECF 0.1874 0.2897 0.2423 0.1578 0.5016 4617.9240
BiVAECF  0.0859 0.1585 0.1475 0.0809 0.2937 14130.8773
EASER 0.2554 0.4132 0.3446 0.2126 0.6556 1165.1947
SANSA 0.1418 0.2520 0.2182 0.1199 0.4483 3116.5670
NGCF - - - - - -
LightGCN - - - - - -
HPF 0.1428 0.2421 0.2091 0.1080 0.4325 3810.1220

From an efficiency perspective, MF remains the
fastest model to train (~3 seconds), while NeuMF,
BiVAECF, and HPF incur high computational costs.
This disparity reinforces the trade-off between
modeling complexity and practical deployment in
large-scale systems.

C.  Performance on Steam (10%)

According to the results presented in Table IV, on
the Steam dataset, which is characterized by extreme
sparsity, the performance gap between traditional and
modern recommender models becomes more
pronounced. Among the evaluated methods, EASER
emerges as the most effective, demonstrating strong
ranking quality across all evaluated metrics, including
MAP@10, NDCG@10, Precision@l0, Recall@l0,
and MRR. Despite its simple linear formulation and
closed-form solution, EASER effectively captures
item-item relationships, making it particularly well-
suited to handling sparse user feedback.

The pairwise ranking model BPR ranks as the
second-best performer on this dataset, demonstrating

robust effectiveness in sparse interaction settings. In
contrast, its weighted variant WBPR consistently
underperforms across evaluation metrics, suggesting
that the sample reweighting mechanism fails to offer
meaningful benefits under extreme data sparsity.

NeuMF and VAECF also deliver solid results
across the full metric spectrum, showing their
capacity to generalize from limited interactions
through deeper architectures or latent variable
modeling. However, the deeper variant BiVAECF
struggles to match the performance of its simpler
counterpart, suggesting that added complexity may
not always translate to gains under severe data
sparsity.

Bayesian models like HPF maintain reasonable
performance, particularly in Recall@l0 and MRR,
benefiting from probabilistic assumptions that
accommodate sparse implicit feedback. Similarly,
SANSA shows respectable results across most
metrics despite its non-variational design, aligning
closely with other middle-tier models.
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Contrastively, traditional matrix factorization
approaches like MF and PMF perform poorly across
all key metrics, failing to extract meaningful
patterns from such limited user histories.

It is also notable that certain computationally
intensive methods like NGCF, LightGCN, and IBPR
could not be trained within reasonable time
constraints, reflecting a scalability issue when
applied to datasets with large item spaces and
minimal signal. In contrast, simpler models like
EASER and BPR offer a favorable trade-off between
accuracy and efficiency, making them attractive for

TABLE IV.

real-world deployment scenarios where both speed
and performance.

D. Performance on Last.fm 360k (10%)

Performance metrics summarized in Table V
highlight that on the large-scale and highly sparse
Last.fm dataset, which contains a very large number
of items, SANSA achieves the best overall
performance across ranking metrics, confirming its
effectiveness in capturing user-item affinities even in
low-density scenarios. Its non-variational design and
relatively efficient training procedure make it a strong
candidate for large-scale recommendation tasks.

PERFORMANCE COMPARISON ON A 10% STRATIFIED SUBSAMPLE OF THE STREAM DATASET.

FOR EACH METRIC, BOLD INDICATES THE BEST-PERFORMING METHOD,
AND UNDERLINED INDICATES THE SECOND-BEST. A DASH (—) DENOTES THAT THE MODEL

COULD NOT BE TRAINED DUE TO EXCESSIVE TRAINING TIME

Steam (10%)
Method MAP@10 NDCG@I10 Precision@l0 Recallwl) MRR  Training Time (s)
PMF 0.0019 0.0019 0.0005 0.0039 0.0024 5.5292
MF 0.0000 0.0001 0.0000 0.0003 0.0005 4.6947
NeuMF 0.0270 0.0282 0.0089 0.0498 0.0392 303.9657
BPR 0.0309 0.0316 0.0094 0.0575 0.0425 8.2983
WBPR 0.0051 0.0030 0.0009 0.0048 0.0080 1.9612
IBPR - - - - - -
VAECF 0.0298 0.0316 0.0100 0.0614 0.0410 297.3855
BiVAECF 0.0167 0.0151 0.0044 0.0279 0.0223  379.0551
EASER 0.0408 0.0461 0.0126 0.0771 0.0577 48.3324
SANSA 0.0191 0.0226 0.0066 0.0376 0.0300 6.6424
NGCF - - - - - -
LightGCN - - - - - -
HPF 0.0198 0.0214 0.0065 0.0389 0.0286 51.9678
TABLE IV. PERFORMANCE COMPARISON ON A 10% STRATIFIED SUBSAMPLE OF THE STREAM DATASET.

FOR EACH METRIC, BOLD INDICATES THE BEST-PERFORMING METHOD,
AND UNDERLINED INDICATES THE SECOND-BEST. A DASH (—) DENOTES THAT THE MODEL

COULD NOT BE TRAINED DUE TO EXCESSIVE TRAINING TIME

Steam (10%)
Method MAP@10 NDCG@I10 Precision@l0 Recallwl) MRR  Training Time (s)
PMF 0.0019 0.0019 0.0005 0.0039 0.0024 5.5292
MF 0.0000 0.0001 0.0000 0.0003 0.0005 4.6947
NeuMF 0.0270 0.0282 0.0089 0.0498 0.0392 303.9657
BPR 0.0309 0.0316 0.0094 0.0575 0.0425 8.2983
WBPR 0.0051 0.0030 0.0009 0.0048 0.0080 1.9612
IBPR - - - - - -
VAECF 0.0298 0.0316 0.0100 0.0614 0.0410 297.3855
BiVAECF  0.0167 0.0151 0.0044 0.0279 0.0223  379.0551
EASER 0.0408 0.0461 0.0126 0.0771 0.0577 48.3324
SANSA 0.0191 0.0226 0.0066 0.0376 0.0300 6.6424
NGCF - - - - - -
LightGCN - - - - - -
HPF 0.0198 0.0214 0.0065 0.0389 0.0286 51.9678

Among variational approaches, both VAECF and VAECF slightly outperforming its deeper variant.

BiVAECF demonstrate strong performance, with

This suggests that in high-sparsity settings, model
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depth does not necessarily translate into improved
ranking accuracy, and simpler variational structures
may generalize better.

Neural and graph-based methods, including
NeuMF and LightGCN, also perform competitively,
benefiting from their capacity to model complex
preference structures. However, their training time is
substantially longer, particularly in the case of
LightGCN, which reflects a notable trade-off
between predictive power and scalability.

HPF remains a reliable probabilistic model,
maintaining a balance between accuracy and
computational efficiency. On the other hand, BPR
delivers moderate performance as a pairwise ranking
method, while its weighted extension, WBPR, falls
behind, reaffirming earlier observations about the
limited benefit of its sample weighting strategy
under sparse data conditions.

Notably, EASER could not be applied to this
dataset due to memory constraints. Its reliance on an
explicit item-item similarity matrix makes it
unsuitable for environments with extremely large
item spaces. Similarly, NGCF and IBPR encountered
computational limitations, further emphasizing the
need for scalable methods when dealing with real-
world, large-scale recommender systems.

Meanwhile, traditional matrix factorization
models like MF and PMF fail to yield meaningful
results, reflecting their inability to cope with severe
data sparsity and complex interaction dynamics.

V. CONCLUSIONS AND FUTURE WORK

The study provides a standardized evaluation
highlighting the relative strengths and weaknesses of
various CF methods in terms of accuracy,
scalability, and robustness across datasets with
differing characteristics.

Key Findings:

o No Single Best Algorithm: the performance of
algorithms varied significantly across datasets.

o For instance, NGCF performed best on
MovieLens 100k, while EASER excelled on the
larger MovieLens 20M and the sparse Steam dataset.
SANSA showed top performance on the large and
sparse Last.fm dataset. This underscores that model
selection should be context-dependent, considering
dataset size, sparsity, and specific evaluation metrics.

o [Effectiveness of Simpler Models: surprisingly,
simpler models like EASER, a linear autoencoder,
demonstrated strong and sometimes superior
performance, particularly on large-scale (MovieLens
20M) and extremely sparse (Steam) datasets. EASER
often provided a good balance of accuracy and
efficiency.

o Scalability Challenges: several advanced
models, including graph-based neural networks like
NGCF and LightGCN, as well as IBPR, faced
scalability issues, with training becoming infeasible
on larger datasets like MovieLens 20M and Steam
due to excessive runtimes. EASER also faced
memory constraints on datasets with extremely large
item spaces, such as Last.fm.

o Limitations of Traditional Methods: classical
matrix factorization methods (MF, PMF) generally
performed poorly across most datasets and metrics,
indicating their limitations in modeling complex
preference structures from implicit feedback,
especially in sparse environments.

o JVariational Autoencoders: VAECF showed
strong and consistent performance, particularly on
MovieLens 100k and MovieLens 20M, and was
competitive on Last.fm. However, deeper variational
models like BiVAECF did not always offer
performance gains and sometimes underperformed
their shallower counterparts, especially on larger or
sparser datasets.

e Pairwise Ranking Models: BPR showed
robust performance, especially in sparse settings like
the Steam dataset where it was the second-best
performer. However, its weighted variant, WBPR,
did not consistently offer improvements and
sometimes underperformed, particularly in highly
sparse scenarios.

o Impact of Dataset Characteristics: the sparsity
and scale of the datasets significantly influenced
model performance. Models that excelled on denser
datasets did not always maintain their superiority on
sparser or larger-scale data, and vice-versa. For
example, NGCF and LightGCN performed well on
MovieLens 100k but struggled with larger datasets.

o This benchmark aims to inform practitioners
about the current state of CF for implicit feedback,
helping to guide algorithm selection based on
practical trade-offs between accuracy and efficiency.

o Future Work. The results and limits of this
study suggest several possible directions for future
research:

e FExpanding  Model  Coverage: future
benchmarks could include a wider array of recent
and emerging CF techniques, including more
advanced graph neural networks, transformer-based
models, and hybrid approaches that combine CF
with content-based or knowledge graph information.

o [ncorporating Temporal Dynamics: this study
explicitly — excluded sequential recommender
systems. A significant area for future work is to
benchmark and compare these models against non-
sequential CF methods, perhaps by developing
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evaluation frameworks that can fairly assess both
types of models or by focusing on datasets where
temporal information is crucial.

e Broader Range of Datasets and Implicit
Signals: evaluating models on an even more diverse
set of datasets, representing different domains and
types of implicit feedback (e.g., varying levels of
noise, different interaction types beyond
purchase/click/play counts), would provide a more
holistic understanding of model generalizability.

o Hyperparameter Optimization Strategies:
while a cross-validation approach was used, the
hyperparameter search space was limited. Future
studies could explore more extensive and adaptive
hyperparameter optimization techniques to ensure
each model achieves its peak potential.

o [nvestigating Algorithmic Components: a
deeper dive into why certain architectural choices
(e.g., linearity in EASER, simplification in
LightGCN over NGCF, depth in VAEs) lead to
better or worse performance in specific contexts
could yield valuable insights for designing new,
more effective recommender algorithms.
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I. O. Ilnmnorpaes, A. E. llupanies. KomniekcHuii 6eHumMapk MeTOAiB KoJadopaTuBHOI inbTpanii Ha Hadopax
JAHHX 3 HeSIBHUM 3BOPOTHHM 3B'fI3KOM

KonabopatusHa ¢inbTparnis € GpyHIaMEHTAIBHOIO TEXHIKOI B CYUYaCHHX PEKOMCHIAIIMHUX CHCTEMaX, OCOOJIMBO MPHU
pobOTi 3 AaHUMM 3 HEIBHHM 3BOPOTHOTO 3B'SI3KOM, TakUMH SIK KIIKM, IOKYIKA a00 TOBeNiHKa Wix dYac
npociyxoByBaHHs. He3Bakarouu Ha BenWKy KijbKicTh Mojeneid K®, Bxitovatoun Kiacu4Hi, IMOBIpHICHI Ta HEHpOHHI
migxonu, Opakye CTaHAapTU30BaHOI, MaclTaOHOI OIHKM e(pEeKTUBHOCTI Ha pi3HMX HaOopax JaHuxX. Y IbOMY
JIOCITI/PKEHH] TIPE/ICTaBICHO KOMIUIEKCHHH eMImipruyHuii OeHumapk 13 anropurmiB konabopatuBHOi (inmbTpamii, 1o
OXOIUTIOE MaTpUYHY (aKTOPH3allilo, IOMapHEe PaH)KyBaHHsI, BapialiliHi Ta HeBapialiliHi aBTOKO/IepH, HEHPOHHI MoJeIi
Ha OCHOBI rpaiB Ta HMOBIpHICHI METOAU. BHKOPHCTOBYIOUM YOTHMpU pENpe3eHTATHBHI HaOOpU AaHUX 3 HESIBHUM
3BOPOTHHM 3B’SI3KOM 3 Di3HHX JIOMEHIB, MU OIIIHIOEMO MOJETl 32 €IMHUM EKCIIEPUMEHTAJIbHUM IPOTOKOJIOM 3
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BUKOPHCTaHHIM METPHK Ha OCHOBI pawxyBanHs (MAP@10, NDCG@10, Precision@l0, Recall@l0, MRR), a Takox
aHaJi3yeMo e()eKTHBHICTh HaBYaHHs. Pe3ynbTaTv MOKa3yroTh, 10 HeHpoHHI apxitektypH, Taki sk NeuMF, VAECF i
LightGCN, neMOHCTpYIOTh BHCOKY IMPOAYKTHUBHICTH Yy HIUIBHHX 1 TOMIPHO PO3DI[DKEHHX CIEHApisiX, aje MOXYTh
CTHKATHCS 3 OOMEKEHHSIMH MacIITabOBaHOCTI Ha BeMMKHUX Habopax manux. [Ipocrimi mozeni, taki sik EASER ta BPR,
4acTo 3a0e3NeuyioTh BAAJIHMi OajlaHC MK IPOAYKTHBHICTIO Ta OOYMCIIIOBaJbHMMH BHTpaTtamu. lleli OeHumapk
MIPOITOHYE TPAKTUYHI 1HCAHTH IOJ0 KOMITpOMiciB y cydacHuXx Mertonax CF i ciyrye opieHTHpOM IS MOAAbIINX
JOCTIKEHD Y cepl HESIBHUX CUCTEM PEKOMEHIAITIH.

Karwu4osi ciioBa: xonabopatuBHa (inbTpaliis; HESIBHUI 3BOPOTHHIN 3B'SA30K; peKOMEHAAIIIHI cucTeMHU; OEHUYMApKIHT;
paHKyBaHHSI.
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