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Abstract: The analysis of multimedia content plays a crucial role in various computer vision applications, and digital
multimedia constitute a major part of multimedia data. In recent years, multimedia content products have
gained increasing attention in recommendation systems since the visual appearance of products has a sig-
nificant impact on users’ decision. The main goal of personalized recommender systems is to offer users
recommendations that reflect with their personal preferences. In recent years, deep learning models have
demonstrated strong performance and great potential in utilizing multimedia features, especially for videos
and images. This paper presents a new approach that utilizes multimedia content to build a personalized user
model. We employ deep learning techniques to extract latent features from multimedia content of item videos,
which are then associated with user preferences to build the personalized model. This model is subsequently
incorporated into a Collaborative Filtering (CF) to provide recommendations and enhance their accuracy. We
experimentally evaluate our approach using the MovieLens dataset and compare our results with those of other
methods which deals with different text and images attributes describing items.

1 INTRODUCTION

The swift evolution of Internet services and applica-
tions has given rise to an unprecedented influx of in-
formation. Within this overload of data, users grap-
ple with the daunting task of sifting through multi-
ple applications to uncover pertinent content. In re-
sponse to this information overload, Recommender
Systems (RS) have gained significance as they guide
users by suggesting items tailored to their preferences
from a vast array of choices. Personalized recom-
mender systems emerge as a viable solution to the
challenges posed by information overload. The main
objective of recommendation systems is to provide
recommendations that reflect the user’s personal pref-
erences. Although existing recommendation systems
have demonstrated success in generating relevant rec-
ommendations, they face several challenges, such as
the cold start problem, scalability issues, data sparsity,
and the support for complex data types (e.g., images,
audio, and videos) that describe the items to be rec-
ommended.

With the recent revolution in multimedia tech-
nology, each type of multimedia content, including

text, graphics, video, and audio, holds significance
in the realm of Big Data. Notably, video and image
data have become more accessible and cost-effective
to create, store, and transfer on a large scale. The
big amount of generated data has prompted the re-
search community to explore diverse study areas to
support the vast proliferation of multimedia content.
These areas encompass image representation, video
classification, video features extraction, events and
object detection, as well as video and image recom-
mendation, among other video content analysis tech-
niques. The efficacy of any analysis technique re-
lies upon the extraction of visual features from mul-
timedia content data. Given the success and effec-
tiveness of deep learning techniques across various
research fields, they have recently demonstrated ex-
ceptional performance, highlighting their significant
potential in learning effective representations of com-
plex data types (e.g., extracting relevant features from
video content)(Zhang et al., 2019).

Collaborative Filtering (CF) and Content-Based
Filtering (CB) are the two main approaches com-
monly employed in personalized recommendation
systems (Aggarwal et al., 2016). CF (Burke, 2002)
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relies primarily on user rating data to predict prefer-
ences, while CB (Pazzani, 2007) also considers user
ratings but focuses on leveraging item features to
generate personalized recommendations. These ap-
proaches are often considered complementary. Hy-
brid recommendation systems (Burke, 2007) combine
two or more different techniques, though there is no
consensus within the research community on the best
methods for hybridization.

Previous studies (Be Hassen and Ben Ticha, 2020;
Ben Hassen et al., 2022; Hassen et al., 2024) have
proposed deep learning solutions that leverage im-
ages describing items to build personalized user mod-
els, which are then used to apply CF algorithms for
recommendations. In this paper, we present a novel
deep learning-based approach to extract features from
videos. These features are associated with user prefer-
ences to build the personalized model, integrated into
a CF algorithm for recommendations. Our results are
also compared across movie domains. Specifically,
Our system consists three components: (1) Extracting
multimedia features through deep learning to extract
and reduce the dimensionality of latent features repre-
senting video items; (2) Learning a personalized user
model by inferring user preferences for the latent fea-
tures of videos; (3) Using the personalized user model
to compute the k nearest neighbors for each user and
making recommendations based on a user-based Col-
laborative Filtering (CF) algorithm. To take into ac-
count scalability problems, the user model is com-
puted offline, with only online prediction of recom-
mendations. We evaluate the recommender system’s
performance empirically.
This paper is organized as follows. In Section 2, we
give an overview of related work on the use of deep
learning for feature extraction tasks. In Section 3,
we describe our proposed approach. The experimen-
tal results are presented in Section 4, where we also
compare them with those of other methods based on
collaborative filtering algorithms that treat different
types of item content. Finally, in Section 5, we con-
clude with a summary of our findings.

2 RELATED WORK

In recent years, deep learning has gained considerable
attention for its role in multimedia feature extraction.
Feature extraction plays a crucial role in computer
vision tasks, and increasingly advanced technologies
are contributing to the extraction of features that de-
scribe the content of items. This paper provides a
brief literature review of deep learning techniques for
feature extraction.

In the early stages of research on multimedia fea-
ture extraction techniques, several classical methods
for dimensionality reduction in feature spaces were
introduced, including Independent Component Anal-
ysis (ICA) (Sompairac et al., 2019), Principal Compo-
nent Analysis (PCA) (Hasan and Abdulazeez, 2021),
and Linear Discriminant Analysis (LDA) (Wen et al.,
2018). However, these approaches, which rely on lin-
ear transformations, often fail to address the nonlin-
ear challenges inherent in multimedia data. The ad-
vent of stream learning brought a solution to this is-
sue by enabling the modeling of the intrinsic structure
of nonlinearly distributed data and facilitating non-
linear dimensionality reduction. Additionally, some
algorithms bypass dimensionality reduction by us-
ing kernel functions to map input data into higher-
dimensional feature spaces (Jia et al., 2022), thereby
simplifying the representation of complex nonlinear
structures and reducing computational complexity.

The majority of approaches in the existing lit-
erature focus on visual aspects, driven by the hu-
man tendency to primarily perceive information vi-
sually (Ajmal et al., 2012; Otani et al., 2017). Vi-
sual features can be video-based features or frame-
based features, such as average shot length and aver-
age number of faces, and frame-based, which are ex-
tracted from the sequence of frames within a video or
keyframes of shots (Ibrahim et al., 2019). Examples
of frame-based features include global features like
color histograms and local features like SIFT, SURF,
and HOG. Lyengar and Lippman (Iyengar and Lipp-
man, 1997) propose two visual-based methods for
video classification, where Hidden Markov Models
(HMMs) are trained on motion information derived
from optical flow and frame differences. Certain liter-
ature explores the integration of features from multi-
ple modalities for enhanced classification. Xu and Li
(Xu and Li, 2003) combine audio and visual features
to classify videos into various genres. Audio features
encompass the 14 Mel-frequency cepstral coefficients
(MFCC), while visual features include the mean and
standard deviation of MPEG motion vectors, along
with MPEG 7 descriptors related to scalable color,
color layout, and homogeneous texture. The emer-
gence of deep learning techniques has facilitated the
learning of more robust feature representations. Pre-
trained models (Puls et al., 2023) like AlexNet, VG-
GNet, GoogLeNet, and ResNet, trained on exten-
sive datasets like ImageNet1, are now commonly em-
ployed for video classification (Dewan et al., 2023;
Ur Rehman et al., 2023). ImageNet is a dataset of
over 15 million labeled high-resolution images be-
longing to roughly 22,000 categories. Moreover, it is

1http://www. image-net.org/
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organized according to the WordNet hierarchy. Deep
learning architectures allow direct input of all im-
age pixels without the need for separate feature ex-
traction steps (Mao et al., 2024). The primary ap-
proach involves selecting frames from a video, feed-
ing them into a model, extracting features from a spe-
cific fully connected layer, and representing the entire
video based on these features (Sharma et al., 2021;
Ur Rehman et al., 2023; Duvvuri et al., 2023). The
video can be classified by averaging the features of all
frames or classifying each frame independently, fol-
lowed by making a final decision based on the aggre-
gated frame classifications, often utilizing traditional
classifiers like SVM (Rehman and Belhaouari, 2023;
Gayathri and Mahesh, 2020; Truong and Venkatesh,
2007; Ong and Kameyama, 2009). Zha et al.(Zha
et al., 2015) conducted an in-depth study on event de-
tection and action recognition using a CNN trained
for image classification. They uniformly sample each
video into 50 to 120 frames, extract CNN-based fea-
tures from different layers (output layer, hidden layer
number 6 and hidden layer number 7), and combine
them using Fisher vector encoding. The fused fea-
tures are then fed into an SVM for classification. Ex-
panding on this pipeline, Li et al. (Li et al., 2017)
introduced a temporal modeling approach that ag-
gregates pre-extracted frame-level features into com-
prehensive video-level representations. Their method
utilizes two separate sequence models: one dedicated
to processing visual features and the other for audio
features. The outputs of these models are then con-
catenated and passed through two fully connected lay-
ers, with a sigmoid activation function applied at the
output layer to perform classification. As a widely
used deep learning model, convolutional neural net-
works (CNNs) are capable of learning abstract mul-
timedia features by leveraging shared local weights
(Schmidhuber, 2015).

After reviewing the existing literature, it is evi-
dent that deep learning has been applied in various
studies to address challenges faced by recommen-
dation systems, such as data sparsity, cold start is-
sues, and scalability(Bhatia, 2024; Tokala et al., 2024;
Mouhiha et al., 2024). Recent research has also high-
lighted its effectiveness in processing and extract-
ing features from multimedia data sources that de-
scribe items(Deng et al., 2019; Bhatt and Kankan-
halli, 2011).

3 PROPOSED APPROACH

Our aim is to extract latent features from multimedia
data that represent the content of items and use these

features to infer user preferences based on their item
preferences.

The approach involves leveraging the power of
deep learning to extract latent features that describe
videos. These features are then used to build a per-
sonalized user model for recommendation purposes.
To achieve this, we apply a user-based collaborative
filtering algorithm. In our approach, each item is rep-
resented by a single video. Once the latent features of
each item are extracted, they are incorporated into the
personalized user model, which is subsequently uti-
lized in the collaborative filtering algorithm for mak-
ing recommendations.
The overall structure of our approach is depicted in
Figure 1 and is composed of three key components:
Component 1. Multimedia Features from Videos:
This component focuses on extracting latent features
and reducing their dimensionality using the CNN3D
technique. The output is a matrix representing item
profiles, where each profile encapsulates the essential
features of the corresponding item.
Component 2. Personalized User Modeling: This
component learns personalized user models by eval-
uating the utility of each extracted feature for indi-
vidual users. It combines the item profiles with user
preferences derived from the rating matrix to establish
tailored user representations.
Component 3. Recommendations: The final com-
ponent identifies and recommends the most relevant
items to the active user. It calculates vote predictions
for unrated items by leveraging the K-Nearest Neigh-
bors approach in a user-based collaborative filtering
algorithm. The personalized user model is utilized to
measure similarities between users, enhancing the ac-
curacy of recommendations through the rating matrix.

3.1 Multimeda Features from Videos

The purpose of this component, as illustrated in the
figure, is to extract latent features from videos that
describe the items and subsequently reduce the di-
mensionality of these features using an Autoencoder.

INPUT: Videos Describing Items.
A video is a chronological sequence of moving im-
ages, referred to as frames, possibly accompanied by
an audio stream. Each frame represents an individual
image captured at a specific moment in time (Orchard,
1991). The rapid succession of these frames creates
the illusion of motion when the video is played. In ad-
dition to visual information, a video may incorporate
audio data, allowing for a multimodal experience that
integrates both sound and image (Amer and Dubois,
2005).
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Figure 1: Proposed architecture.

Before introducing videos as inputs to our model,
a crucial preprocessing phase is necessary to ensure
optimal results. This step aims to enhance the quality
of video data and make it compatible with the deep
learning process. Preprocessing steps include video
normalization to ensure a consistent scale of intensi-
ties, temporal cropping to extract relevant segments,
and noise reduction to eliminate unwanted distur-
bances. Furthermore, special attention is given to the
spatial resolution of video images, aiming to optimize
the representation of important features. This system-
atic process guarantees that input videos are prepared
adequately, providing the CNN3D with high-quality
data for the extraction of significant features. Each
video is decomposed into a sequence of frames, where
the number of frames is determined by an adjustable
hyperparameter. In other words, the video repre-
sentation is dependent on the sampling frequency,
where each second can be translated into one or more
frames, depending on the specified value for this hy-
perparameter. This decision regarding the sampling
frequency has direct implications on the approach’s
outcomes. In the end, this representation can signif-
icantly influence the model’s accuracy, determining
whether the final predictions will be of high quality
or less precise. Thus, the thoughtful choice of the
sampling frequency hyperparameter is crucial, as it
impacts how videos are interpreted and processed by
the CNN3D, playing an essential role in achieving ac-
curate results.

The representation of a video Vi consists of a se-
quence of frames, providing a comprehensive tempo-
ral perspective, and a keyframe KF in the form of a
vector. This duality in representation allows captur-
ing both the dynamic and static aspects of the video,
offering a balanced view of the important visual fea-

tures encapsulated in the KF vector.
So, each video Vi is segmented into a set of frames,

and a keyframe (denoted KF) representing a single
frame. A video is represented as defined by (1):

Vi = KFi, j, j = 1. . .NFi (1)
with NF representing the number of frames in the
video Vi.
OUTPUT: Profile of Items.
After feature extraction, we obtain the latent fea-
tures of videos, which will represent items profile.
The profile of the items is then modeled by the ma-
trix MIP(N,F), N is the number of items and F is
the number of latent features extracted, Where fi j =
MIP(i, f j) represents the value of feature f j in item
i, thus each item i is modeled by the vector

−→
Pi of di-

mension F defined by:

−→
Pi = ( fi j)( j=1,...,F) =

 fi1
...
fik


Features Extraction. Feature extraction is an im-
portant and commonly used technique in video pro-
cessing. This technique is employed to detect fea-
tures. Our goal is to represent video by features ex-
tracted in the keyframes of its shots, taking advantage
of the success that deep learning techniques have had
in computer vision and especially for features extrac-
tion. Thus, we proposed a new method aiming to map
the video into a multidimensional vector of values.
Our method’s basic idea is to represent a video us-
ing features that are extracted from each created shot’s
keyframe. To do this, we use on the CNN3D to extract
latent features from the video items. This component
extract features using CNN3D which is a deep learn-
ing technique that uses the convolutional layers with
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the correction layer ReLu (Linear rectification), some
of which are followed by Max-Pooling layers.

CNN3D aiming to simultaneously enhance spatial
and temporal information. (Liu et al., 2017) Where
the spatiotemporal flow can learn more details about
local movements through the mutual enhancement of
individual flow. The CNN3D has been proposed for
human action recognition. CNN-3D exploit varia-
tions in texture in sequences of images by extend-
ing their convolutional kernel to the third dimension.
The 3D convolutional layer takes a volume as in-
put and produces another volume. Spatial and tem-
poral information is extracted layer by layer. Tran
et al (Tran et al., 2015) suggested a simple yet ef-
fective approach for learning spatiotemporal features
using a three-dimensional convolutional neural net-
work, demonstrating that CNN3Ds can achieve faster
and more accurate performance. In particular, the fea-
tures used in (Tran et al., 2015) have four properties
for an effective video descriptor: generic, compact
and efficient. CNN3Ds were initially proposed for op-
timizing convolutional neural networks (2D) and for
solving tasks based on videos. Pre-trained CNN-3D
(Karpathy et al., 2016) is a deep learning approach
designed to optimize performance in machine learn-
ing by leveraging knowledge and tasks previously
completed by other models (Wei et al., 2014). This
method serves as a robust tool for training on large tar-
get networks while minimizing the risk of overfitting.
Pre-trained CNN-3D models enable us to utilize ex-
isting architectures for new tasks efficiently. The pri-
mary advantages of using pre-trained models include:
(1) facilitating transfer learning by reusing models to
extract features from new datasets, (2) reducing the
computational power required to train large models
on extensive datasets, and (3) saving time by bypass-
ing the need to learn the networks. In our approach,
we employed pre-trained 3D CNN models, specif-
ically VGG-11, VGG-16, and VGG-19 (Simonyan
and Zisserman, 2014), to extract features from each
frame of the videos in our complex dataset. Typi-
cally, the initial layers of these models capture generic
features, while the deeper layers focus on more spe-
cific characteristics. The pre-trained 3D CNN mod-
els we used were originally trained on the ImageNet
dataset. For features extraction, we utilized the con-
volutional layers of the models, excluding the fully
connected layers typically used for classification. The
VGG architecture in the pre-trained models consists
of a composite of five blocks of convolutional layers,
with some blocks followed by Max-Pooling layers to
further refine features extraction.
The keyframe of each frame is passed through a stack
of convolutional layers, where the filters were used

with a very small receptive field: 3 × 3. In one of
the configurations, it also utilizes 2× 2 convolution
filters, which can be seen as a linear transformation
of the input channels. The convolution stride is fixed
to 1 pixel, the spatial padding of convolutional layer
input is such that the spatial resolution is preserved
after convolution, i.e. the padding is 1-pixel for 3×3
convolutional layers. Spatial pooling is carried out
by five max-pooling layers, which follow some of the
convolutional layers. Max-pooling is performed over
a 3×3 pixel window, with stride 2. In the VGG11: 8
convolutional layers.In the VGG16: 13 convolutional
layers. In the VGG19 model: 16 convolutional lay-
ers. The width of convolutional layers (the number of
channels) is rather small, starting from 64 in the first
layer and then increasing by a factor of 2 after each
max-pooling layer, until it reaches 512.
The next step involves calculating the average of fea-
tures for each video, utilizing the matrix that aggre-
gates the extracted features from the video frames.
This averaging operation aims to condense the ex-
tracted features into a more concise representation,
thereby facilitating the understanding of the video’s
overall features. The formula above defines this pro-
cess, where each column of the matrix represents a
specific features, and the average calculation is ap-
plied along each column to obtain an average repre-
sentation. Below, you’ll find the average equation for
the entire frame set of the video. In this case, each
video Vi of each item i is represented by the set of
Deep Features Frame DFF of all its keyframes. We
have calculated the DFVi, j (Deep Features Video) as
the average of the DFFs of all its keyframes KFi, j .

DFVi, j =
1

NFi
·

NFi

∑
l=1

DFFi(l, j) (2)

Where fi j = MIP(i, f j) = DFVi, j .

3.2 Personalized User Modeling

In this section, we will present the second component
allowing personalized user modeling. The idea is to
build a new user profile.

INPUT:
• Items profile modeled by MIP result of first com-

ponent.
• Usage data is represented by rating matrix Mv

having L rows and N columns. The lines repre-
sent the users and the columns represent the items.
Ratings are defined on a scale of values. The rat-
ing matrix has missing value rate exceeding 95%,
where missing values are indicated by a ”?”, vu,i
the rating of user u for item i.
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OUTPUT:
At the end of personalized user modeling, we obtain
a personalized user model which is represented by
a matrix which we will call “Matrix User Profile ”
(MUPL,F ) without missing values, having L rows rep-
resenting the users and F columns representing the
features. This profile defines user preferences for the
extracted features describing the items based on their
assessments for these same items. MUP(u, f ): repre-
sents the utility of feature f for user u .
Personalized User Modeling. The idea is to infer the
utility of each feature of items (the result of compo-
nent 1) for each user. To do this we were inspired by
(Ben Ticha et al., 2013) which gives different formu-
las for calculating matrix of user profiles. We used the
formula which gave better results (as given in formula
3).

MUP(u, j) = ∑
i∈Iurelevant

vu, j ×MIP(i, j) (3)

We denote by Iurelevant the set of relevant items of user
u. To compute Iurelevant , we used the formula given in
(Ben Ticha, 2015).

3.3 Recommendation

The idea is to take advantage of the efficiency and
simplicity of user-based collaborative filtering algo-
rithm to make recommendations using the Personal-
ized User Model to determine the nearest neighbors
of the current user. The personalized user model is
used to compute similarities between users. Similar-
ities are used to select the K nearest neighbors of the
current user in a user-based collaborative filtering al-
gorithm .

The User Profile u (PUu) is represented by index
line u in User Profile matrix (MUP) modeling the per-
sonalized model of users. Computing the similarity
between two users then amounts to calculating the
correlation between their two profiles. In our case, the
user profile u (PUu) models the importance of the hid-
den features for the user u. The Cosine is utilized for
calculating the correlation between two users u and v.
It is defined by the formula ( 4).

sim(u,v) = cos(P⃗Uu, P⃗Uv) =
P⃗Uu · P⃗Uv

||P⃗Uu|| ||P⃗Uv||
(4)

To compute predictions of rate value of an item i not
observed by the current user ua, we applied the for-
mula 5 keeping only the K nearest neighbors. The
similarity between u and ua being determined in our
case from their user profiles applying the formula 4.

pred(ua, i) = ¯vua +
∑k nearest neighbors sim(ua,u)(uui−v̄u)

∑k nearest neighbors |sim(ua,u)|
(5)

The rating prediction in our approach is calculated
by applying user-based collaborative filtering algo-
rithm. In the standard algorithm, the similarity be-
tween users is calculated from rating matrix (Kluver
et al., 2018). In our case, we use MUP matrix model-
ing the personalized users profile to calculate the sim-
ilarity between users.

Our approach provides solutions to the scalability
problem. The first two components, namely feature
extraction and personalized user modeling, are exe-
cuted in offline mode. To reduce the time complexity
of computing the rating prediction, the determination
of K nearest neighbors of each user is also computed
in offline mode, keeping only the k nearest to them.
The calculation of predictions for the current user is
executed in real-time during his interaction with e-
service.

4 PERFORMANCE STUDY

To evaluate our approach, we opted for offline evalu-
ation mode. The offline evaluation allows the perfor-
mance of several recommendation algorithms to be
compared objectively. We have adopted an empirical
approach. The performances were analysed through
different experiments on datasets.

We evaluated the performance by measuring the
accuracy of the recommendations, which measures
the capacity of a recommendation system to predict
recommendations that are relevant to its users. We
measured the accuracy of the prediction by calculat-
ing the Root Mean Square Error (RMSE) (Desrosiers
and Karypis, 2011), which is the most widely used
metric in CF research literature.

RMSE =

√
∑(u,i)∈T (pred(u, i)− vui)2

|T |
(6)

Where T is the set of couples (u, i) of Rtest for which
the recommendation system predicted the value of the
vote. It computes the average of the square root dif-
ference between the predictions and true ratings in the
test data set, the lower the RMSE is, the better the ac-
curacy of predictions.

4.1 Experimental Datasets

In the main part, we focus on the domains of movie
recommendation and partly as well video recommen-
dation. We evaluate our proposed approach on two
public datasets: dataset for item content and dataset
to train the recommendation models.

For the item content data, we used the MovieLens
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20M YouTube Trailers Datase2 to extract movie trail-
ers. We obtained YouTube video IDs for the movie
trailers by conducting queries on www.google.com.
Out of the 27,278 unique movie IDs used in
MovieLens-20M, our method successfully retrieved
YouTube IDs for 25,623 trailers, achieving a success
rate of 0.94. This dataset is publicly available on the
MovieLens website.

We used the HetRec 2011 dataset of the Movie-
Lens recommender system3, which contain user rat-
ings. The HetRec-2011 dataset provides the usage
data set and contains 1,000,209 explicit ratings of ap-
proximately 3,900 movies made by 6,040 users with
approximately 95% of missing values.

4.2 Performance Evaluation of Features
Extraction Based on the Number of
Layers

To evaluate our approach, firstly, we started by fea-
tures extraction, and we took all the features ex-
tracted of Convolutional Neural Networks 3D. We
used CNN3D with one frame per second with three
featurs extraction models: CNN3D with VGG11,
VGG16 and VGG19 models in the first component
3.1 (Multimeda Features from Videos) available in-
cluded in the library keras4 with Python programming
language5with version 3.7 and run on TensorFlow 6.
The three models (VGG-11, VGG-16, and VGG-19)
generate the same number of features F for all these
models, which is 25,088 features. Each item i has
the importance of feature f which is a value between
[0.100]. The precisions of the three models CNN3D
with (VGG11, VGG16 and VGG19) are shown in
Figure 2. The RMSE is plotted against the number
K of neighbors. In all cases, the RMSE converges be-
tween 50 and 60 neighbors.

The accuracy of predictions ratings of the VGG19
model is higher than those observed by CNN3D with
VGG11 and VGG16, for all the neighbors. The best
performance is obtained by CNN3D with VGG19
whose RMSE value is equal to 0.9407. On the other
hand, the best performance for VGG11 is an RMSE
value of 0.9525, and for VGG16 it is 0.9456, for 60
neighbors.

It is observed that, for the CNN3D with VGG19
model, the performance is better compared to the

2https://grouplens.org/datasets/movielens/
20m-youtube/

3https://grouplens.org/datasets/hetrec-2011/
4https://keras.io/
5https://www.python.org/
6https://www.tensorflow.org/

Figure 2: Evaluation with VGG models.

cases with CNN3D using VGG11 and VGG16. This
suggests that increasing the number of layers has a
positive impact on performance in our experiments.
While we have not tested architectures with more lay-
ers than VGG19, our results indicate a correlation be-
tween the depth of the network and the achieved ac-
curacy, which may guide future tuning of this hyper-
parameter.

4.3 Performance Evaluation Based on
the N-Numbers of Frames
Extractions per Second

To improve the performance of our approach and
further improve upon the previous best result with
VGG19, we evaluated the performance of CNN3D
in three distinct scenarios based on the N-number
of Frames per second. The first scenario involves
extracting one frame per second, the second in-
volves extracting two frames per second, and the
third involves extracting three frames per second with
VGG19 model.

As illustrated in Figure 3, we observe that extract-
ing with 3 frames per second produces more accurate
results than the other extraction frequencies. The ac-
curacy of predictions of the CNN3D model with an
extraction of three frames per second are higher than
those observed with an extraction of one frame per
second and two frames per second. The best perfor-
mance is achieved with an extraction of three frames
per second, presenting an RMSE value of 0.9275 for
70 neighbors.
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Table 1: Comparison of Approaches: CF for Personalized Recommendations.

Approach Item Content RMSE
VGG19 Image 0.9263

VGG19 with TOP-K Reduction ) Image 0.9165
VGG19 with AE Reduction Image 0.9116

CONV AE Image 0.9228
CONV AE with Reduction Image 0.9098
CNN3D-VGG19 1Frame/s Video 0.9407
CNN3D-VGG19 2Frame/s Video 0.9301
CNN3D-VGG19 3Frame/s Video 0.9275

Genre Text 0.9044
Origin Text 0.9118

Figure 3: Performance evaluation based N-number frames
per second.

4.4 Comparative Results of Our
Approach Against Other
Approaches Based on CF

In Figure 4, we compare the performance of our
best method using VGG19 with 3 frames per sec-
ond against our previous work titled ”Transfer Learn-
ing to Extract Features for Personalized User Model-
ing” (Be Hassen and Ben Ticha, 2020), ”Deep Learn-
ing for Visual-Features Extraction Based Personal-
ized User Modeling” (Ben Hassen et al., 2022) which
treated the images and to a “User Semantic Collab-
orative Filtering” approach (Ben Ticha, 2015) which
treated with different text attributes describing movies
(Genre, Origin).

We represented the performances of our approach
with the Genre of movie attribute (e.g., comedy,
drama) represented by the “Genre” plot, the origin of
movie attribute (The country of origin of movie) rep-

Figure 4: Comparative results of our approach against other
approaches based CF.

resented by the “Origin” plot, the movie poster with
VGG19 represented by the “VGG19-Image” plot and
the movie poster with reduction of the dimension rep-
resented by the “VGG19-Image-reduction-AE” plot.

The details of the comparative results are pre-
sented in the table 1. The reported RMSE corresponds
to the best performance achieved with respect to the
number K of neighbors. In all cases, the best per-
formance is observed when the RMSE converges for
several neighbors between 50 and 70.

In conclusion, we can say that the best perfor-
mance which deals with the textual data describing
the item (Genre). The results of our approach are ac-
ceptable compared to the results of (Ben Ticha, 2015;
Be Hassen and Ben Ticha, 2020; Ben Hassen et al.,
2022), which explains this by the fact that the trailer
of a movie has an importance in the preferences of the
users and it may not be discriminating enough as the
genre.
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5 CONCLUSIONS

In this paper, we have proposed to apply Convolu-
tional Neural NetworK 3D to extract latent features
of videos describing items. We have used the result-
ing model for personalized user modeling by inferring
user preferences for latent features of videos from the
history of their preferences for items and thus build-
ing the user model. The personalized model obtained
was then used in a collaborative filtering algorithms
to make recommendations.
We evaluated the performance of our approach by ap-
plying deep Convolutional Neural NetworK 3D for
extract the latent features. To improve the perfor-
mance, we modified and increased the N-number of
frame per second. Finally, we compared the accuracy
of our proposed approach to other approaches based
on hybrid filtering which deals with different text and
images attributes describing items.

Despite the promising results, the current work
has several limitations. It relies solely on the visual
modality and does not incorporate audio, textual re-
views, or user demographics. Additionally, the evalu-
ation is limited to RMSE, which does not capture the
ranking quality or diversity of the recommendations.

In future work, we plan to:

• Integrate multimodal content (e.g., audio, text,) to
enrich item representations;

• Explore lightweight deep learning architectures to
improve scalability in real-time environments;

• Apply the approach to other domains such as e-
commerce, education, or streaming services;

• Incorporate user feedback mechanisms for online
adaptation and continual learning.

We believe this work offers a solid foundation for
incorporating video content into personalized recom-
mendation systems and provides multiple directions
for future enhancement.
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