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Abstract. The increasing availability of choices on online platforms has
resulted in a rise in user expectations for personalized content across
social media, entertainment, and e-commerce websites. Recommender
systems, using machine learning, analyze user preferences to provide in-
telligent recommendations, help users manage information overload. Col-
laborative filtering, particularly based on latent factor models like matrix
factorization, has proven successful in personalized recommendations but
encounters challenges such as data sparsity and issues with non-linear
feature representation. The use of deep neural networks for personal-
ized recommendations has garnered interest to the advancements in deep
learning methodologies. To improve recommendation performance and
user experience, research is focusing on applying deep learning concepts
to address existing challenges. This paper proposes an end-to-end deep
learning framework to address these challenges. The fundamental idea of
this method involves transforming the dense feature vector produced by
embedding methods into two end-to-end deep neural network designs.
Subsequently, it independently learns a low-dimensional feature repre-
sentation and non-linear abstraction of the sparse data. In addition, the
method incorporates a deep learning architecture into the output layer
of the networks to predict the required rating scores. In four real-world
datasets, this proposed technique surpassed state-of-the-art models in
terms of performance.

Keywords: deep learning, matrix factorization, collaborative filtering,
Recommender systems

1 Introduction

The diversity of choices available to consumers has increased dramatically as a
result of the increasing use of the Internet. On modern social media, entertain-
ment, and e-commerce platforms, consumers often find a wide range of well-liked
products, movies, music, and restaurants. This results in an increasing volume of



content available on a given platform; thus, users frequently experience informa-
tion overload, making it challenging to select anything suitable from an extensive
number of options. As a result, personalized advice is the core strategy to provide
clients with a better user experience [1, 2].

Recommender systems (RSs) have become widely recognized as an essential
tool to help consumers navigate a wide range of options while also keeping them
interested and happy with personalized content [1, 3]. RSs are classified into
three distinct groups, based on the input data they use: collaborative filtering
(CF), content-based (CB), and hybrid [4]. CF is an effective implementation
strategy that makes recommendations based on previous user-item interactions,
using an explicit or implicit interaction data matrix; however, it suffers from
different issues: data sparsity, with non-linear feature representation, and cold
start problems [5, 6]

Recent advances in deep learning (DL) have produced state-of-the-art results
in a variety of fields, including image recognition, natural language processing,
computer vision, RSs, and many more [7, 8]. The DL method can accomplish
automatic feature extraction, while traditional RSs techniques require human
feature extraction [9]. Because there are more users and items than ever before,
the RS issues have high-dimension data. Thus, DL can be used to automatically
extract high-dimensional rich feature representations from these data [10, 11].
Even though DL has had some successful results in other domains. Those is-
sues are still exist in RSs [7]. Therefore, it has become essential to find a more
robust method of applying DL techniques in the field of RSs to address the
aforementioned problems and improve their performance.

In this work, we explore the benefits of the DL framework and introduce a
DL method to enhance the performance of RSs. We introduce an end-to-end DL
method for these systems, referred to as EDRS. To enhance the effectiveness
of recommendations, EDRS uses embedding and DNN (Deep Neural Network)
structures to acquire the hidden latent features. The model combines deep learn-
ing techniques to extract complex abstractions and nonlinear feature represen-
tations from the data for predicting ratings. The core idea is to transform the
dense user and item vectors generated by the embedding methods into two fully
connected DNN architectures.

In general, in most existing RS designs that utilize DL, user and item input
vectors are combined and processed to pass through a shared DNN to extract
features. We believe that this approach lacks the resilience needed to effectively
capture the necessary information from the data. Due to the intricate nature
of user behaviors, we recommend analyzing these aspects separately to acquire
the relevant insights. We contend that the current strategy falls to robustly
learn the essential features from the data. Previous methods have not differenti-
ated the architectures for these distinct components. In contrast, the proposed
technique assigns the input vectors of the user and the item to its fully con-
nected deep neural networks. Additionally, the method integrate a multi-layer
perceptron (MLP) architecture into the proposed method to predict the desired
rating scores. This model architecture effectively captures the intricate features



of user and item within their respective frameworks, suggesting that utilizing
this proposed end-to-end architecture will significantly improve the performance
of recommendations.

To summarize, the key contributions of the proposed work are as follows:

— We developed a DL architecture to factorize a user-item interaction ma-
trix. This approach involves learning the non-linear and the abstract hidden
features of users and items within user and item deep learning structures.

— We developed an end-to-end DL framework for recommender systems that
effectively addresses the sparsity issues.

— We incorporated an MLP network into the output layer of the proposed
architectures to predict rating scores. This integration demonstrates that the
techniques significantly enhance recommendation quality, achieving state-of-
the-art performance levels.

2 Related Work

This section reveals pertinent research studies about the current study of rec-
ommender systems.

2.1 Collaborative Filtering

The CF-based recommendation method works under the fundamental premise
that users would select products that are similar to themselves if they had sim-
ilar interests. Thus, identifying users who share the target user’s interests and
preferences is crucial for CF-based RSs [12, 13]. For instance, probabilistic ma-
trix factorization (PMF) is one of the CF approaches the model user-item rating
matrix as a product of two low-dimensional latent factor matrices using Prob-
abilistic framework to predict missing rating. This method overcomes sparsity
problems [14].

One of the efficient latent factor techniques in the CF method is the matrix
factorization (MF) model. The method decomposes a high-dimensional data ma-
trix into the product of two new low-rank matrices. This technique maps the la-
tent feature components towards a common latent space. Next, user preferences
for items in this space are predicted using the dot product within the latent
feature vectors of the user and item [15, 16, 17].

Ze?j = min Z(Tij — f'ij)z. (1)
2

Pi,gq;

In most MF models, the latent factors p; and g; are typically calculated using
stochastic gradient descent methods to optimize the loss given in (Eqn. 1) [17,
18, 19]. In this regard, SVD [17, 18], is one of the best MF techniques avail-
able to improve scalability and reliability problems. For example, biased SVD
included biasing characteristics in the model to enhance rating prediction [18].
The SVD++ method produced good prediction performance by breaking down



the rating interaction matrix into low-rank matrices [19]. In addition, Regular-
ized Matrix Factorization (RMF) overcomes overfitting and improves generaliza-
tion in RS tasks by assigning regularization terms to the users and item latent
factors [20].

All of these studies demonstrate the value of the MF technique as a founda-
tional tool for RSs and highlight its numerous benefits for mixing different types
of data. However, these approaches lack robustness, since they need too many
iterations to find appropriate latent characteristic representations. To avoid this,
Rendle, Steffen [21] recommended utilizing a large dimension. However, this also
affects the quality of the recommendation in the event of a sparse data matrix.
Therefore, the proposed approach is well suited to solve the problem.

2.2 Deep Learning Methods

Recent developments in DL-based recommendations have received great interest
due to their significant ability to surpass the limitations of conventional methods
and generate exceptionally high-quality recommendations [7, 22]. These capabil-
ities enable DL-based RSs to improve user satisfaction

To generate an end-to-end model, the DeepFM [23] combines the factoriza-
tion machine (FM) and MLP. This system’s DNN captures the data’s abstract
representation. The FM employs two operations, addition and inner product to
capture pairwise and linear interactions between features. Mongia et al. pro-
posed a deep latent factor model(DLFCF) that uses multiple nonlinear layers to
capture the complex user-item interactions. The method showed better perfor-
mance over traditional MF methods [24]. Xue, Hong-Jian, et al also developed
a deep matrix factorization (DMF) model that extends traditional MF models
to learn nonlinear interaction of users and items latent factors using DNNs,and
showed astonishing performances [15].

Alashkar, Taleb, et al. proposed a cosmetics recommendation model using
MLP [25]. The method employs expert rules and labels instances using two
identical MLPs. Using MLP and MF approaches, the NN architecture can be
used within the inner product framework. For example, in NNMF [26], a feed-
forward neural network takes on the role of the classic inner product. In Neural
Collaborative Filtering (NCF) framework, He, Xiangnan, et al. integrate the
output of an MLP coupled with the latent elements of MF using a nonlinear
transformation, before making the final recommendation, [11].

Abebe et al. proposed a deep learning-based matrix factorization method
by extending traditional MF using DNNs. The model captures complex and
high-order user and item interactions, and improved the accuracy of the rec-
ommendation much better than MF models [27, 28]. Zheng et al. proposed a
convolution neural network (CNN) to learn the latent representation of users
and items. By capturing local patterns, the method improves the accuracy of
the rating prediction [29]. Adaptive deep RS (ADRAS) further adapts to both
rating and ranking prediction tasks, showing improved performance due to its
adaptive strategy [30].



As illustrated, the fundamental issues with the RS tasks are: a significant
amount of data is shared between users and items; sparsity; and handling non-
linear interaction problems. These results make feature learning a challenging
task. Therefore, to address the drawbacks, this paper proposes an end-to-end
deep learning method to discover the latent factors. It also integrates embedding
approaches to address sparsity issues in the user-item interaction data matrix. In
conclusion, enhancing the performance of recommender system models through
DL methods is the goal of this paper.

3 Methodology

3.1 Problem Definition

Let P = {p1,p2,P3,---,pm} and Q = {q1,42,93,- .-, qn} represents the sets of
m users and n items in the matrix, respectively. Let Y € R™*" be the rating
matrix, where s;; € Y denote the rating given by user i to item j. The user-item
interaction rating matrix I is then constructed, using (Eqn. 2).

- Sij if Sij ey. (2)
" unknown otherwise

3.2 General Architecture EDSRS

The ultimate goal of the proposed method is to investigate whether DL-based
prediction is superior to that of simple dot products. To this end, an end-to-end
DL architecture is proposed and depicted in Fig. 1.
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Fig. 1: The architecture of EDRS.
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The method has two separate DNN architectures for user and item latent
feature representation leaning. The approach integrates a dual DL and embed-
ding techniques to extract abstract and non-linear characteristic representations



from the interaction information for the rating prediction task. That is, the la-
tent factors from the two deep neural network architectures are merged and
transferred into an MLP layer to jointly extract and predict the rating scores.
That is, to solve the problems associated with latent factor models, such as
sparsity, as well as the capacity to elicit deep abstract non-linear characteristics
from data, the proposed method employs an end-to-end DL framework in the
proposed strategy that incorporates embedding techniques to tackle those diffi-
culties. The basic premise of the approach is mapping the dense latent vectors
produced by embedding methods into two fully integrated user- and item-DNN
structures. The rating value is then estimated using the DL method called MLP
in the output layer of the network between the results of the two latent factors
generated by the two structures. The details of the proposed architecture are
discussed as follows:

Input layer: The proposed model’s input layer takes explicit feature vectors
that are derived from user interactions with items.

Embedding Layer: The EDRS model’s embedding layer creates a dense, low-
dimensional representation from high-dimensional input feature and sparse data.
The basic feature vectors for user p and item g can be obtained in this embedding
space in the manner described below:

Let for k embedding dimension, P € R™** be user embedding matrix and
Q € R™* be the item embedding matrix that captures the latent features of
users and items, respectively. The proposed method factorizes the rating matrix
R into two low-rank matrices that satisfy R ~ PQT : using the loss function L
in Eqn. (3) from known interaction ratings.

L= IJIDHH Z (rij _piqu)Q. (3)

(Zvj) €ERknown

DNN Layers: This approach involves separately assigning the dense latent
factor of user and the dense latent latent factor of item to two DL frameworks, al-
lowing the model to capture nonlinear patterns and intrinsic abstractions within
the dataset. In the user architecture of the proposed method, Eqn. (4) is used.
In the equation wyi, Wy, ..., Wy, and by1, bys, ..., b, represent user weights
and biases, where as o in this context denotes an activation function, which in
our case was RelLu.

hul = U(wglhuo + bu1)7

hu? = O'(wiz;ghul + bu2)a

hur = U(w;{LhuLfl + buL)a

From each layer, we have an output hyi, by, - - ., hyr. Similarly, we obtained
Suls Su2, - - - » Sur for the output layers of the items.



3.3 Problem Formulation for Prediction Layer

The proposed method utilizes a mapping ¢ : R¥ x R*¥ — R that combine two
k-dimensional vectors p € R* and ¢ € R” into a single score. For instance, if p
denote the latent factor of a user v and ¢ denotes the latent factor of an item v,
then ¢(p, q) represents the affinity of the user u to an item v.

In the proposed method, the h,;, and s, are the output features of a dual
deep neural network architecture. This is used to predict the rating scores. Then,
the dot product between the two factors can be defined using ¢go::

d)dot = <huL7 5uL> = huLS;l;L (5)

According to [31], MLPs are recognized as universal approximators that can
estimate any continuous function in a compact set, provided that they possess
an adequate number of hidden states. The following shows how a one layer MLP
works:

A one layer MLP function f: R® — R! is defined as:

fW,b(x) = O'(W.TC + b) (6)

where W € R**! and b € R! are parameters and o is an activation function.
MLP is a device that stacks many layers of function f as a composition for
approximations. For example, a four layer MLP would have this structure,

fW4,b4(fVV37b3)(fW2,b2 (fthl (‘r)) (7)

Consequently, the proposed method merged the two latent factors as (hyr, Sur)
and applied an MLP function to predict the rating scores as follows:

drre = fw, o (oo (fwvy oy ((har, Surls - 0) (8)

Nowadays, it has become popular to replace the dot product with DNN archi-
tectures. Most frequently, several scholars used MLP for their proposed archi-
tecture [11, 26, 32]. The reasoning behind this is that since MLPs are universal
function approximators, they rigorously outperform fixed similarity functions
like the inner product. This indicates that the proposed approach supports the
hypothesis of the researchers.

Once the latent features h, and s,z for users and items are acquired from
the two DNN architectures, either of the following two equations is used to
predict the target rating score, 7;;.

Tij = dmrp = fw, b, (o5 (fwvy oy ([Purs Surls - - -) (9)

Tij = Pdot = hur © sur, (10)

where ® represents the inner product.
A crucial element in optimizing a recommendation model is having a well-
designed objective function. We employ the mean squared error loss function to



optimize model parameters, as it has shown excellent performance with explicit
point-wise data types [15].

L = min i — Fig)? + AW? + ab®. 11

o Z(sz i) + ta (11)
i,j

where A and « are regularization parameters for the weights and biases, respec-

tively.

4 Experiments

4.1 Experimental Datasets

This research uses openly accessible MovieLens* datasets provided by the Grou-
pLens research team. These datasets consist of movie ratings of different sizes
and are widely used to evaluate CF algorithms [11]. For comparing models, we
selected a dataset with varients of 100K and 1M. In addition, the paper used an
Amazon dataset. The Amazon dataset® is the largest RS dataset that has been
widely used in various related works [30] (see Table 1).

Table 1: MovieLens and Amazon datasets.

Datasets No. of users|No. of tems|No. of ratings|Sparsity
ML-100K 944 1683 100,000 93.7%
ML-1M 6040 3706 1,000,208 95.5%
Amagzon Instant Videos 5100 1596 37,132 99.5%
Amazon Musical Instruments 1498 1022 11,206 99.3%

4.2 Evaluation protocol

To ensure the correctness of the recommendation result, the models’ estimating
performance is examined using MAE and RMSE [11].

4.3 Baseline Methods
The proposed model is evaluated with the following baselines [24]

— SVD++ is a variation on biased SVD. It enhances the biased SVD model
by including implicit information. Implicit feedback, such as surfing and
purchasing history, might suggest user preferences when explicit feedback is
unavailable. It produced a better recommendation results than regular SVD
or biased SVD [33].

* https://files.grouplens.org/datasets/movielens,/
® http://jmcauley.ucsd.edu/data/amazon



— PMF is a MF method that incorporates probabilities. It uses MF and prob-
abilistic models to generate predictions based on given data, It provides a
more robust and accurate model for a variety of applications [14].

— NCF:The NCF paradigm improves the recommendation process by using
neural networks. It captures intricate user preferences and item information,
allowing it to provide personalized recommendations [11].

— DLFCF is a latent factor-based CF model. To find their latent representation
vectors, the model applies deep factorization to both users and items [24].

— DMF is a Deep MF model that leverages MLP to transform the user and
item representation [15].

— RMF: The model minimizes the distances within the matrices by using the
Manhattan distance. The issue of data sparsity is effectively resolved [20].

— DCF is a MF technique for CF that is based on DL. To learn latent fea-
tures of user and item in their respective structures, it created a dual DNN
architecture [27].

— CoNN Deep: [29] This method used CNNs to learn latent factor representa-
tions of the user and the items for the rating prediction task.

— ADRS model [30] is an adaptive DL-based model that uses DL techniques
to address rating and ranking prediction tasks in RSs.

— DELCR is a DL and embedding-based method for CF. It uses a dot product
in the output layer of the network to predict the rating score [28].

4.4 Parameter Settings

Training data makes up 70% of the data, while test and validation data make up
the remaining portion. A representative prediction result is obtained by select-
ing the average value from five distinct training runs, as indicated in Table 2.
Tensorflow® is used in simulating the model.

For model optimization, Adam [34] is used with a batch size of 512, a learning
rate of 0.0001, and a regularization coefficient A of 1e~%. For dual DNN, the
technique uses two hidden layers. The number of factors in hidden layers is
80, 40 for the user and for the items, while the number of embedding dimensions
is set to 10. In the final layer of the MLP, two hidden layers are used with 80 and
40 neurons, respectively, along with a ReLu activation function in the output
layers.

4.5 Experimental Results

The performance result and the percentage improvement result of the proposed
method, are summarized in Table 2 and Table 3, respectively. The bold result is
achieved using the proposed method. From the result, it can be inferred that the
method gives a significantly improved overall performance result for all baseline
methods.

5 https://www.tensorflow.org



Table 2: Model performance result for ML-100K and ML-1M dataset.

Methods ML-100K ML-1M

MAE RMSE MAE RMSE
SVD++ 0.736 0.936 0.703 0.888
PMF 0.728 0.920 0.695 0.873
NCF 0.755 0.961 0.695 0.873
RMF 0.732 0.938 0.689 0.876
DMF 0.735 0.940 0.691 0.878
DLFCF 0.717 0.901 0.678 0.854
EDRS 0.626 0.831 0.605 0.801

Table 3: The Percentage improvement result in EDRS for both datasets.

ML-100K ML-1M
Methods MAE RMSE MAE RMSE
SVD++ 14.95% 11.22% 13.94% 9.80%
PMF 14.01% 9.67% 12.95% 8.25%
NCF 17.09% 13.53% 12.95% 8.25%
RMF 14.48% 11.41% 12.19% 8.56%
DMF 14.83% 11.60% 12.45% 8.77%
DLFCF 12.69% 7.77% 10.77% 6.21%

5 Discussion

5.1 Performance Comparison

The figures referenced, namely Fig. 2a, and 3a, demonstrate that the suggested
model achieves convergence across all datasets. In summary, here are the key
points of the experiments:

As shown in Table 3, the proposed method, EDRS, surpasses all other ap-
proaches in all datasets. Specifically, compared to the highly regarded DMF
model, the EDRS method achieves a relative enhancement of 14.30% in the
mean absolute error and 11.60% in RMSE for the variation of 100K dataset.
Moreover, it demonstrates an improvement of 12.45% in MAE and 8.77% in
RMSE for the 1M dataset. Furthermore, compared to other DL-based models,
the advances achieved by the proposed model are substantial. Similarly, the pro-
posed method outperforms the NCF model, which utilizes an MLP in the output
layer by a significant margin. This improved performance is due: (i) the utiliza-
tion of embedded ratings, which effectively addresses the issue of sparse dataset;
(ii) separate mapping of the dense embedded latent features to the proposed
architecture aids in effectively uncovering the complex and abstract feature rep-
resentation of users and items; and (iii) incorporation of an MLP layer in the
output layer leads to a strong recommendation performance. The difference be-
tween EDRS and MF-based methods is once again quite significant. Compared
to the 100K dataset, the EDRS method showed a 14.01% improvement in MAE
and an 11.41% improvement in RMSE over the RMF method. Similarly, for
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Fig.2: The MAE and RMSE results of EDRS for MovieLens 100K dataset.
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Fig.3: The MAE and RMSE results of EDRS for MovieLens 1M dataset.

the ML-1M dataset, there was a an improvement of 12.19% in MAE and 8.56%
in RMSE. The proposed technique outperforms the other MF methods, such
as SVD++, by a considerable margin when compared to robust matrix factor-
ization (RMF) methods. This demonstrates that utilizing an end-to-end deep
learning architecture enables the method to effectively capture the underlying
feature representation in a sparse dataset, which was a significant limitation of
the traditional MF-based models.

The EDRS method, also evaluated based on the latent factor models DLFCF
and DCF, shows relatively minimal improvement compared to the other meth-
ods. This is not surprising given that the model used a latent factor strategy.
However, the improvement seen in the proposed model is attributed to its ef-
fective architecture to extract latent features in a robust manner. This shows
that the proposed method, EDRS addresses the issue of data sparsity. Overall,
EDRS performs well in terms of improving recommendation performance in all
datasets. The improvement in performance underscores the effectiveness of the
architecture in the method.



Table 4 shows the performance of the EDRS method with respect to the Ama-
zon dataset. As shown, the EDRS model outperforms all baseline approaches,
including the Deep-CoNN method. The improvements achieved by EDRS over
baselines are significant. This performance improvement shows the effectiveness
of the EDRS model compared to existing DL-based recommendation methods.

Table 4: The performance result of EDRS for the Musical Instrument and Instant
Video Amazon dataset.

Methods Musical Instruments Instant Videos
MAE RMSE MAE RMSE
PMF 0.982 1.004 0.907 1.101
Deep-CON 0.786 0.806 0.691 0.878
ADRS 0.525 0.766 0.505 0.757
EDRS 0.515 0.751 0.501 0.696

By evaluating the proposed models on these diverse datasets, spanning the
e-commerce, review, and movie domains, we were able to gain a more comprehen-
sive understanding of the models’ performance characteristics and their ability
to generalize across different contexts. The results of the expanded evaluation
showed that the models maintained strong performance in the various datasets,
demonstrating their robustness and adaptability to different data characteris-
tics and use cases. This provides greater confidence in the effectiveness of the
approaches and their potential for practical deployment in real-world scenarios.
Overall, the expanded evaluation has strengthened the findings of the chapter
and provided valuable insights into the generalizability and practical applicabil-
ity of the proposed recommender system models.

5.2 Impact of Dual Deep Learning Layer

The proposed EDRS model is a novel deep learning architecture that uses an
end-to-end dual deep learning architecture, which is a significant technical con-
tribution to the field of recommender systems. To expand on this innovation,
we provide a comprehensive overview of model architecture and the rationale
behind the dual-layer design. When comparing EDRS with one of the repre-
sentative deep learning-based baseline NCF model both utilize a Multi-Layer
Perceptron (MLP) in the output layer, but as observed in Fig. 4 EDRS lever-
ages a Dual Deep Learning Layer, which enables it to significantly outperform
the NCF baseline.

An important distinction between EDRS and DELCR  is the output layer de-
sign. DELCR uses an inner product operation, which likely enables more direct
modeling of feature inter-actions, compared to the generic MLP used in EDRS
and NCF. The consistently superior performance of both the EDRS and DELCR
models, achieved through the innovative dual Deep Learning Layer architecture,
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Table 5: The Performance result of EDRS based on MLP over dot product for
ML-100K and ML-1M datasets.

ML-100K ML-1M
ModelsMAE (%) RMSE (%) MAE (%) RMSE (%)
DCF 0.698 (+10.32) | 0.887 (+6.31) 0.662 (+8.61) 0.842 (+4.87)
DELCR| 0.674 (+7.12) 0.856 (+2.92) 0.643 (+5.91) 0.818 (+2.08)

highlights the value of exploring complex deep learning designs to unlock bet-
ter performing models, which is a significant contribution to the field of deep
learning-based recommender systems.

From this we can infer that the innovation of the dual deep learning layer
architecture is a significant contribution of the proposed model to the field of
deep learning-based recommender systems. This architectural design, which adds
an extra deep learning layer compared to baseline models, is a core technical
advancement that enables the model to learn more sophisticated representations
and achieve substantial performance improvements over existing approaches.
The emphasis on the dual deep learning layer as the primary innovation and
technical contribution of the proposed model highlights how advancements in
deep learning architecture design can drive meaningful progress in developing
more effective recommender systems.

5.3 Dot Product vs MLP

The primary goal of this section is to determine whether MLP-learned similarity
is a better option than a a simple dot product. As can be seen in Table 5, an



MLP based model substantially outperforms the dot product based baselines
on all datasets. For instance, the relative improvement achieved by EDRS using
MAE over DCF and DELCR for the ML-100K dataset is 10.32% and 7.12%,
respectively. This result demonstrated that EDRS achieved the best performance
in improving recommendation performance. The experimental results validate
the claim in [11] that a dot product model’s embeddings through an MLP can
improve the model. The findings of the variants of NeuMF [11] further support
the proposition that a learned similarity via an MLP is better than a dot product.
In conclusion, the findings confirm that a learned resemblance with an MLP is
better than a dot product.

5.4 Ablation Study

To explore the impact of different elements of the EDRS model, this section pre-
sented an ablation study by testing the model in various configurations. Figure 5
shows the ablation results.

EDRS-Default represents the baseline configuration of the method presented
in this paper. This variation is specifically designed to assess the impact of
incorporating DL in the network output layer, achieved by replacing the inner
product with a multilayer perceptron.

DELCR : This variation is specifically designed to assess the impact of incor-
porating dual DL in the network and the use of the inner product in the output
layer of the architecture.

DELCR-WOE (without Embedding): This variant was created to evaluate
the influence of the embedding techniques. In this configuration, the embedding
network is excluded, and the sparse user-item interaction matrix is filled directly
with zero values. EDRS-WOE (without Embedding): This version is specifically

EDRS VARIATIONS  moeicr-woe EDRS VARIATIONS  mDELcR-WOE
07 = EDRS-WOE - = EDRS-WOE
mDELCR  DELCR
S = EDRS-Default o8z ' EDRS-Default
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Fig.5: The Ablation result of the proposed mdel using MovieLens dataset.

tailored to assess the impact of embedding techniques in EDRS. In this setup,
the embedding network is omitted, and the sparse user-item interaction matrix
is directly populated with zero values.

As depicted in Fig. 5, the different configurations of the EDRS method
demonstrate varying performance levels in diverse datasets. The EDRS-default,



which represents the standard configuration of the proposed approach, generally
outperforms other setups such as DELCR-WOE, EDRS-WOE and DELCR. This
emphasizes the substantial influence of end-to-end deep learning strategies on
performance improvement.

The EDRS-default shows superior performance, emphasizing the crucial role
of embedding techniques and deep learning methods in boosting network perfor-
mance. In contrast, the EDRS-WOE setup, which omits the embedding network
and directly incorporates zero values into the sparse user-item interaction ma-
trix, still achieves good results. This demonstrates the effectiveness of the multi-
layer perceptron in improving model performance and underscores the beneficial
influence of embedding strategies on the accuracy of recommendation systems.

Furthermore, the DELCR version demonstrates relatively strong performance
because it utilizes both dual deep learning and embedding techniques within the
network. This highlights the importance of these approaches for enhancing the
performance of recommendation systems.

Moreover, the DELCR-WOE version shows low performance due to its sparse
user-item interaction matrix resulting from the direct insertion of zero values into
the sparse user-item interaction matrix. This indicates that neglecting embed-
ding approaches reduces model accuracy, emphasizing the importance of these
strategies for improved recommendation system performance.

6 Conclusion and Future Works

In this study, we investigated an end-to-end deep learning approach for recom-
mender systems. The method involves initially embedding the input vectors of
users and items to create dense low-dimensional representations that are then
individually fed into two DNN architectures to unveil abstract and nonlinear
data representations. Subsequently, the outputs from these structures are com-
bined and processed using an MLP layer to predict ratings. This framework ef-
fectively addresses issues seen in traditional matrix factorization models, yield-
ing notable performance enhancements and outperforming existing DL-based
RS methods. Through extensive experiments on real-world datasets, the pro-
posed model demonstrated superior performance in rating prediction compared
to state-of-the-art techniques. These results suggest that DL methodologies are
crucial for enhancing recommendation system performance. Our future direction
includes integrating additional deep learning frameworks into recommendation
systems to proactively boost recommendation quality. In addition, we plan to
incorporate large language models into the recommender system domains.
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