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ABSTRACT

Recommender systems play a crucial role in enhancing user experience by providing personalized product
suggestions, attempting to increase sales and company profitability. However, current methodologies
encounter two significant limitations: i) unidirectional models for review information extraction are unable
to capture complex contextual semantics effectively, and ii) inefficiency when applied to large-scale
datasets. The aim of this research is to develop a novel Hybrid Deep Learning and Probabilistic Matrix
Factorization (HD-PMF) model to address the data sparsity problem in recommender systems. This
research method is a combination of Bidirectional Long Short-Term Memory (BiLSTM) to capture
contextual semantics from user reviews, Stacked Denoising Autoencoder (SDAE) to extract robust latent
features from user data, and PMF optimized using Stochastic Gradient Descent (SGD) for accurate rating
prediction. The results of this research are based on experiments conducted on two benchmark datasets
with high sparsity levels: MovieLens 1M (95.35%) and Amazon Information Video (AIV) (99.98%). The
HD-PMF model achieves a Root Mean Square Error (RMSE) of 0.4864, significantly outperforming
baseline models such as PMF, Collaborative Deep Learning (CDL), LSTM-PMF, and Dual Deep Learning
(DDL)-PMF. These results demonstrate that HD-PMF is an effective and promising approach for

improving recommendation accuracy.
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I.  INTRODUCTION

In recent years, recommender systems have developed
rapidly and have been utilized in various applications such as
recommendations for fashion [1], music [2], online shopping,
travel [3, 4], dining [5], clothing [6], movies [7, 8], education
[9], and news [10]. Major companies such as Alibaba, eBay,
Amazon, Flipkart, and Netflix now rely on recommendation
engines to increase user engagement, boost sales, and improve
profitability by delivering highly relevant product suggestions
[11, 12]. These systems assist users in making informed
decisions when buying products, based on historical data [13].
Recommendation systems are commonly categorized into
collaborative filtering, content-based filtering, and knowledge-
based approaches. However, despite significant progress,
several issues persist, including the cold-start problem, data
sparsity, and model performance [14]. Among these, data

sparsity remains a critical obstacle, often resulting in degraded
recommendation quality and reduced user satisfaction. In
highly sparse environments, where only a small subset of items
receives user ratings, models struggle to generate accurate
predictions. This negatively impacts user engagement,
discovery of relevant content, and ultimately customer
retention and platform profitability.

To address the sparsity issue, some studies have
incorporated auxiliary information such as user demographics
(e.g., gender, age) and item metadata (e.g., brand, category) to
enrich feature representations and alleviate sparsity-related
limitations [15, 16]. However, the core challenge lies in the
limited availability of rating data, which reduces the efficacy of
conventional recommendation algorithms. Authors in [17] used
Probabilistic Matrix Factorization (PMF), which models user-
item interactions probabilistically; however, PMF alone
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struggles with learning complex feature relationships in sparse
data. To improve PMF's effectiveness, authors in [18] proposed
using autoencoders to capture complex features and overcome
PMF’s weaknesses. Later, authors in [19] developed the PHD-
PMF by integrating the Dirichlet process to capture more
complex variations in user preferences, although this model
was still not optimal in handling changes in user preferences.
To address such changes, authors in [20] developed the Long
Short-Term Memory (LSTM)-PMF approach to model user
interactions over time. However, this method still faced
challenges related to interpretability and computational
efficiency. More recently, authors in [21] introduced Dual
Deep Learning (DDL)-PMF as a traditional latent factor model
to represent product documents, which was effective in
addressing data sparsity in ratings. Moreover, authors in [22]
proposed Hybrid Content Fuzzy (HCF) recommender, a cloud
model-based approach that predicts unrated items by enhancing
item similarity, thereby increasing the number of co-rated items
among users and improving recommendation performance
under sparse conditions. While these models offer improved
handling of sparse ratings, two critical gaps remain
unaddressed: 1) existing models often process reviews
sequentially in a single direction, limiting their ability to
capture nuanced contextual semantics; and ii) optimization via
Maximum A Posteriori (MAP) estimation in PMF incurs high
computational complexity, rendering it inefficient for large-
scale applications [23].

To address these issues, this study proposes a Hybrid Deep
Learning (HD)-PMF model aimed at mitigating data sparsity in
recommender systems. The HD-PMF framework combines
Bidirectional LSTM (BiLSTM) networks to capture
comprehensive contextual semantics from product reviews, a
Stacked Denoising Autoencoder (SDAE) to learn robust latent
features, and PMF for accurate rating prediction, optimized
using Stochastic Gradient Descent (SGD), which allows for
efficient, scalable training through iterative parameter updates.
These contributions aim to advance the performance of
recommender systems under sparse data conditions, improving
both prediction accuracy and computational feasibility.

II. RESEARCH METHODOLOGY

A. Bidirectional Long Short-Term Memory (Bi-LSTM)

A Bi-LSTM network is a neural architecture commonly
used in Natural Language Processing (NLP) to capture
sentence representations by considering contextual information
from both directions, left-to-right and right-to-left [24, 25].
This architecture consists of two independent LSTM layers: the
forward LSTM processes the input sequence from beginning to
end, while the backward LSTM processes it in reverse.
Accordingly, for each word, two vectors are generated based

on reading direction, namely h, and h,. These are then
concatenated to form the final hidden representation:

ht = Eteaﬁt (1)

The resulting vector h, captures contextual dependencies
from both directions, providing a richer semantic representation
of each word. The output from the first Bi-LSTM layer can be
passed to a second Bi-LSTM layer for deeper contextual
encoding. Figure 1 illustrates the Bi-LSTM architecture. The
sequence {h, = h; = h,....— h,} represents the sequence of
hidden states produced by the forward LSTM, while {h, —
....h, > h; > hy} represents the sequence of hidden states
produced by the backward LSTM.

B. Stacked Denoising Autoencoder (SDAE)

SDAE, first introduced in [26], is employed in this study,
utilizing its stacked autoencoder architecture, which can extract
important features from user information and convert them into
more informative latent factors. It achieves this by corrupting
the input data X with random noise, producing X, and training
the model to reconstruct the original input, thereby learning
robust hidden patterns. X is then passed through the encoder
layer:

hi= g (Ci X+ by) 2)

The decoding process reconstructs the original input and
predicts the target using the following expressions:

R= f (CLhy +bﬁi)')?= f (QLhy +bg) 3)

where function f() represents the second nonlinear activation
function used in the decoding stage, and the outputs R and X
correspond to the predicted target and the reconstructed input,
respectively. The SDAE architecture comprises two symmetric
parts: an encoder and a decoder, each consisting of L/2 layers.
The encoder transforms the corrupted input into a latent
representation, while the decoder reconstructs the original input
from this latent space. The overall architecture is illustrated in
Figure 2.

C. Hybrid Deep Learning and Probabilistic Matrix
Factorization (HD-PMF)

Figure 3 presents the architecture of the proposed HD-PMF
approach. This method leverages multiple data sources,
including user ratings, demographic attributes, and product
reviews, to enhance latent feature learning and personalization.
The overall process of the proposed HD-PMF approach is
given in Algorithm 1.

The PMF method is widely used in recommendation systems to
predict user ratings for items based on existing rating patterns.
It represents users and items as vectors in a low-dimensional
latent space, allowing the model to identify hidden patterns in
user-item interactions, even when the data is very sparse. The
PMF algorithm decomposes the rating matrix R into two latent
factor matrices: a user matrix U and an item matrix V. These
latent factors are learned by minimizing the difference between
observed and predicted ratings, while SGD is used to optimize
the parameters. Notably, the user and item vectors are updated
during training based on the error between actual and predicted
ratings.
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Algorithm 1:
HD-PMF
Input:

User latent factor matrix{U;)

Ttem latent factor matrix {V;}
Observed rating matrix {R,;)
Output:

Predicted rating ﬁui for each user-—
item pair

Method

Randomly initialize user latent
factors {U;} and item latent factors
{V;} a normal distribution scaled by
the number of latent factors k,
using (4):

Proposed approach using

©0 0OQJ00 OO

tion Length of bin

The architecture of SDAE.

Ul-,k~N(O,1/k),Vj,k~N(O,1/k) (4)
Calculate the predicted rating by
performing a dot product between the
user and item latent vectors using

(5) :

fui = Uy VT (5)
Calculate the prediction error:
eu,i = ru,i 'rAu,i (6)
Update the user and item vectors
using SGD:

U, « Uy+a(e, Vi — AU,)

Vi < Vi+a(eu,iUu_AVi) (7)

Generate the final predicted rating:
R, =U,.V' (8)
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D. Dataset

In this study, two widely used datasets were employed to
evaluate the effectiveness of the proposed hybrid model for
recommender systems: the MovieLens (ML-1M) dataset [27]
and the Amazon Information Video (AIV) dataset [28].
Detailed characteristics of the datasets are shown below in
Table I.

TABLE 1. DATASET CHARACTERISTICS
Number Number of Rating & Sparse
Dataset . .
of users items review level (%)
AIV 81,339 18,203 238,352 99.98%
MovieLens 6,040 3,544 993,482 95.35%
The ML-1M dataset serves as a benchmark for

collaborative filtering and contains explicit user ratings on
movies. It includes various user attributes such as gender, age,
occupation, and zip code. The dataset also provides item-

Proposed method using HD-PMF.

related information, including movie titles and genres. The
rating matrix consists of explicit ratings on a scale from 1 to 5
stars, reflecting user preferences for specific movies. However,
the dataset exhibits a sparsity level of 95.35%, indicating that a
substantial portion of possible user-item interactions remain
unrecorded. To complement the structured ratings from ML-
1M, the AIV dataset was utilized, which provides detailed
textual reviews of movies. This dataset contains user
demographic  characteristics along with item-specific
information in the form of user reviews and product ratings.
Unlike ML-1M, the AIV dataset exhibits an extremely high
sparsity level of 99.98%.

E. Experimental Settings

In this study, the ML-IM dataset was partitioned into
training data (60%), cross-validation (20%), and test (20%)
subsets. Additionally, to evaluate the model's performance
under different scenarios, several alternative ratios were tested:
70:30%, 80:20%, and 90:10%, where the first percentage
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corresponds to the training data portion, while the remaining
portion is used for cross-validation and testing. The
train_test_split function from the scikit-learn library was
employed for data partitioning, using a random_state of 42 to
ensure reproducibility and consistency across experiments.

The model is initialized with key hyperparameters: the
number of latent factors was set to 50; the learning rate was
fixed at 0.001 to control the step size during updates via the
SGD optimizer; and the regularization parameter was set to
0.02 to mitigate overfitting by penalizing large latent factor
values. User and item latent factor matrices were initialized
with values sampled from a scaled normal distribution to
promote numerical stability during training. The training
process consists of 20 epochs, where in each iteration, latent
factors are updated based on observed interactions in the
training dataset.

F. Evaluation Metrics

Performance metrics are critical for evaluating the
effectiveness of recommender systems in delivering relevant
suggestions to users [29]. One widely adopted metric is the
Root Mean Square Error (RMSE), which is particularly useful
for addressing the challenges of data sparsity [30]. RMSE
quantifies the deviation between predicted and actual ratings; a
lower RMSE indicates higher predictive accuracy [15]. The
RMSE is computed using (9):

N -
RMSE = \E YijZi;(Rui — Ru) ©)

where N denotes the total number of predicted user—item pairs
in the test set, R,,; is the actual rating provided by user u for

item i, and Ry, ; ic corresponding predicted rating.

III. RESULTS AND DISCUSSION

The progression of validation loss of the proposed model
across the 20 epochs is illustrated in Figure 4. In the initial 5
epochs, this loss value is relatively stable around 0.7030,
indicating minimal improvement in the initial training phase.
Between epochs 6 and 10, a slight decrease is observed,
indicating that the model starts to generalize better. A
significant decrease occurs from epoch 11 onwards, reaching
0.4775 at epoch 20, indicating improved learning and better
representation of the underlying data patterns. This consistent
decrease in validation loss indicates a well-converged training
process, with the potential for further improvement in
prediction accuracy.

Table III presents a comparative analysis of RMSE values
across various models under different training data ratios
(60%—90%). The baseline PMF model consistently exhibits the
highest RMSE, ranging from 0.9589 (60%) to 0.9045 (90%),
demonstrating limited ability to handle data sparsity.
Collaborative Deep Learning (CDL) and PHD-MF offer
moderate improvements, reducing RMSE to 0.8776 (90%).
Deep learning-based models such as LSTM-PMF and DDL-
PMF achieve further enhancements with RMSE values of
0.8607 and 0.8583 (90%), respectively. In contrast, the
proposed HD-PMF model achieves the best performance, with
RMSE decreasing from 0.6791 (60%) to 0.4864 (90%). This

substantial improvement highlights the model's superior
capability in learning from sparse data and delivering accurate
predictions. The consistent decline in RMSE with increasing
training data demonstrates the model’s strong generalization
ability.

Validation Loss Over Epochs

0.70 - @ Validation Loss
0.68
a
o
-
S 0.66 -
2
©
=
$ 0.64
0.62
2?5 5?0 7.‘5 10‘.0 12I.5 15'.0 17'.5 2(;.0
Epoch
Fig. 4. Validation loss.
TABLE II. COMPARISON RESULTS OF HD-PMF OVER PMF,
CDL, PHD-PMF, LSTM-PMF, DDL-PMF
Ratio Ratio Ratio Ratio
Method 60:40% 70:30% 80:20% 90:10%
PMF [17] 0.9589 0.9336 0.9157 0.9045
CDL [18] 0.8996 0.8948 0.8915 0.8776
PHD-PMF [15] 0.8893 0.8814 0.8751 0.8691
LSTM-PMF [17] 0.8871 0.8763 0.8687 0.8607
DDL-PMF [21] 0.8809 0.8727 0.8687 0.8583
Proposed
HD-PMF 0.6791 0.6095 0.5731 0.4864

The results presented in Figure 5 compare the RMSE values
across various recommender models and train-test ratios.
Traditional PMF demonstrated the highest RMSE values across
all training ratios, consistent with previous studies highlighting
its limitations in effectively handling sparse data. CDL and
PHD-MF offer slight improvements over PMF, but their
RMSE values remain high, reflecting limited capability in
modeling complex user-item interactions. Deep learning-based
methods such as LSTM-PMF and DDL-PMF perform better,
yet still yield RMSE values above 0.85, highlighting the need
for improved predictive accuracy. The proposed HD-PMF
outperforms all baseline methods across all training ratios,
achieving an RMSE as low as 04864 (90:10%). This
significant reduction highlights the advantage of hybrid deep
learning techniques in mitigating data sparsity and enhancing
prediction accuracy. Despite these promising results, the HD-
PMF model has several limitations. These include high
computational complexity on large-scale datasets, reliance on
extensive hyperparameter tuning, and slower convergence
rates, particularly with small learning rates.
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IV. CONCLUSION

This study introduced the Hybrid Deep Learning and
Probabilistic Matrix Factorization (HD-PMF) model to address
data sparsity in recommender systems. The MovieLens (ML-
1M) and the Amazon Information Video (AIV) datasets were
employed, which in total comprise 21,747 items and 1,321,834
reviews. The proposed model was compared in performance
against the standalone PMF, Collaborative Deep Learning
(CDL), PHD-PMF, Long Short-Term Memory (LSTM)-PMF,
and Dual Deep Learning (DDL)-PMF, across different train-
test ratios (60:40%, 70:30%, 80:20%, and 90:10%).
Experimental results show that HD-PMF outperforms baseline
methods, achieving the lowest Root Mean Square Error
(RMSE) of 0.4864 (90:10% train-test ratio), compared to PMF
(0.90452) and CDL (0.8776).

Future research will explore the incorporation of
Variational Autoencoders (VAEs) to further improve
scalability and convergence. VAE’s probabilistic latent
variable modeling may reduce sensitivity to hyperparameter
tuning and offer better robustness in handling extreme sparsity
in large-scale datasets. Additionally, future work will aim to
optimize the model architecture and extend its application to
diverse domains, including education, e-commerce, and
healthcare, to evaluate its scalability and generalizability across
heterogeneous data distributions and real-world scenarios.
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