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Abstract
Recommendation systems (RS) have become prevalent across different domains includ-
ing music, e-commerce, e-learning, entertainment, and social media to address the issue of 
information overload. While traditional RS approaches have achieved significant success 
in delivering recommendations, they still face issues including sparse data, diversity, cold 
start, and long tail problem. The emergence of deep learning as a prominent and exten-
sively studied topic has shown significant potential in addressing these challenges in RS. 
Deep learning captures intricate patterns of interaction and precisely reflects user prefer-
ences, allowing for encoding complex abstractions in data representation and enhancing 
information processing capabilities. This paper provides an extensive survey of the existing 
literature on recommendation systems. We will begin by providing a foundational under-
standing of the core concepts and terminology of recommendation systems and signifi-
cance of deep learning. Secondly, we talk about the original studies being conducted on 
deep learning methods and solutions to address “Cold start and long tail” challenges in 
recommendation. Thirdly, we examine the potential future directions of research pertain-
ing to deep learning-based recommender systems (DLRS). Our review provides valuable 
insights for both researchers and practitioners in using deep learning to address challenges 
in recommendation and in developing effective and efficient recommendation systems.

Keywords  Recommendation System · Deep Learning · Cold Start · Long Tail · Deep 
learning-based recommendation systems

1  Introduction

Data explosions have become more frequent and severe in recent years, primarily 
driven by the rapid advancement of sensors, storage devices, computers, and networks 
[1]. However, the growing availability of data presents the problem where individuals 
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struggle to make decisions when choosing items of interest. The best known term for 
this type of problem is "information overload" [2]. A challenge often seen in big data 
analysis [3] is to find a way to leverage artificial intelligence methodologies for extract-
ing valuable information from vast amounts of data, thereby converting it into action-
able knowledge. The demand for recommendation systems has increased in recent years 
due to the surge in unmanageable amounts of information. By analyzing a user’s previ-
ous actions and preferences, recommender systems aim to construct a model that can 
automatically suggest relevant goods or products tailored specifically to the user. Sub-
sequently, the user gets a personalized list curated based on their individual preferences 
[4]. The recommendation systems possess the capability to provide suggestions not only 
based on the preferences of users and similarities with other users, but also to suggest 
unfamiliar items that may be of interest to them, even in cases where the user has not 
explicitly expressed any preferences. These issues can be alleviated by recommender 
systems, which do an efficient job of identifying the prospective requirements of users 
and select appropriate items from large quantity of candidate material. The difficulty 
of collecting user details has increased in tandem with the growing awareness among 
Internet users regarding the need to protect their personal information. It is unable to 
produce suggestions for newly introduced items that lack user ratings.

Meanwhile, deep learning technology has been rapidly evolving over the past several 
years, making it an exciting new area of study for data miners and ML experts [5]. Some of 
the earliest uses of deep learning yielded the most impressive outcomes in audio recogni-
tion, natural language processing, and image recognition [6]. For training a complicated 
multivariate function, deep learning utilizes a network structure. To do this, a nonlinear, 
multilayered, interconnected network structure is built. This allows deep learning to learn 
intrinsic features of the dataset by using a huge volume of unlabeled training data. It is a 
relatively new study area which is being analyzed and its purpose is to explore methods for 
automatically extracting feature representations at multiple levels from data. The underly-
ing principle is to generate more meaningful and complex representations of data by com-
bining basic attributes, thereby addressing the challenge of manually crafting features, a 
common obstacle in traditional machine learning [7]. The recommendation architecture 
has been through a significant transformation thanks to deep learning, which also brings 
with it new potential to boost the performance of recommendation system. Recent develop-
ments in DLRS have attracted a lot of interest thanks to their ability to overcome the chal-
lenges posed by traditional models and achieve a high level of suggestion quality. In data 
representation, the higher layers of a deep neural network are better equipped to capture 
non-linear correlations between products and users [8–20]. In addition to this, it analy-
ses the intricate associations that exist within the data itself, accessed from various widely 
available sources of data including visual, textual, and contextual knowledge.

The research objectives of the paper are as follows:

1.	 To provide a comprehensive overview of existing literature on deep learning approaches 
within recommendation systems, highlighting key advancements, methodologies, and 
application domains.

2.	 To conduct comparative analysis of different DLRS to evaluate their performances for 
improving the recommendation process.

3.	 To attain a thorough understanding of deep learning approaches employed in recent 
studies, emphasizing their significance in addressing challenges like the “Cold Start” 
and “Long Tail” problems.
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4.	 To provide valuable insights about prevailing trends and issues in the field of recommen-
dation systems aiming to identify potential paths for future research and advancement.

1.1 � Motivation

The efficacy of recommendation systems depends substantially on the quality and amount 
of accessible data, which can be affected by various factors including sparse data, long tail, 
heterogeneity, and the cold-start problem. DLRS have emerged as a promising solution 
to tackle challenges of traditional recommendation systems, and they have been actively 
used in variety of applications, such as Spotify, Netflix, Amazon, YouTube. Therefore, this 
review intent is to offer an extensive overview of recent studies focusing deep learning 
approaches to address challenges in recommender systems and indicate gaps and future 
research possibilities.

1.2 � Article organization

The organization of this article is as follows: Section 2 includes an overview of previous 
surveys on recommendation systems. Section 3 outlines survey approach used to identify 
relevant research papers, including the chosen search criteria, information sources, and the 
process for assessing the quality of the selected papers. Section 4 identifies the main chal-
lenges faced by traditional recommendation systems, and how deep learning can help over-
come these challenges. Section 5.1 examines DLRS for handling cold start and long tail 
problem. Section 6 analyzes different evaluation metrics for recommendation systems. Sec-
tion 7 and 8 discusses further research directions involving deep learning techniques and 
conclusion respectively.

2 � Related studies

Previous studies have explored various aspects of recommendation systems and incorpora-
tion of deep learning methods. By leveraging deep learning models ability in extracting 
hidden features and associations, alternative solutions have been provided by the research-
ers to handle recommendation issues including diversity, data sparsity, long tail, and 
cold-start problem. Social networks have proven to be a valuable resource for determin-
ing user preferences and gathering information. Camacho et al. [21] surveyed collaborative 
filtering-based RS that use social networking information about users to address cold-start 
issue. Similarly, Qin [22] provides review on various techniques and approaches used in 
recommending long-tail items. This study categorizes the existing recommendation meth-
ods into different groups including clustering approaches, graph-based methods, etc.

Deep learning methods have shown remarkable achievement in addressing complex 
problems such as decision making [23] and visual understanding [24], leading to their 
utilization in building recommendation systems for more accurate and improved rec-
ommendations. While some studies [23] have provided a review of DLRS, their scope 
has been limited to a few specific architectures, thus lacking comprehensiveness. Other 
studies [25, 26] have conducted reviews and classification methods, but their analy-
sis was based on a small number of publications, limiting the depth of insights into 
emerging approaches. Recently [27] conducted a survey on of deep learning models that 
scrutinized and categorized over 100 papers. However, these studies basically focused 
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on structural categorization of techniques and ignored practical implementation con-
cerns while evaluating the publications. In order to explore different methods in DLRS, 
a recent survey [28] conducted a thorough review that identified existing challenges 
and proposed remedies. The authors analyzed various challenges posed by existing 
approaches and provided solutions to address each of these challenges. The growing 
popularity of deep architectures necessitates a thorough study and analysis of previous 
research findings for adaption of these models in different domains of recommendation 
systems.

The following gaps have been identified in the literature review:

•	 The existing studies lacks an exhaustive survey specifically addressing how deep learn-
ing techniques can mitigate the Cold Start and Long Tail problem.

•	 While many studies have explored specific aspects of recommendation systems, there is 
a need for a comprehensive review that integrates these diverse approaches.

•	 This entails identifying and exploring these emerging techniques, which is crucial for 
the continued advancement of the recommendation system.

3 � Survey technique

This section examines research paper information sources, paper selection criteria, 
assessing quality, and results obtained after evaluation. In Table  1, we have listed a 
set of research questions that will guide the preparation of our survey on various deep 
learning models and assist us to explore current issues in recommendation systems. The 
sequential phases of the article search and identification method based on the inclu-
sion–exclusion criteria is depicted in Fig. 1.

Table 1   List of Review Questions

Research Questions Motivation

RQ1: What types of deep learning approaches are 
employed for developing recommendation systems 
and how do they differ from traditional methods?

RQ2: What are the major challenges faced by tradi-
tional recommendation systems and how do deep 
learning approaches address these challenges?

RQ3: In what domains are deep learning-based recom-
mender systems commonly applied, and which data-
sets are commonly used to assess their performance?

RQ4: What metrics have been used to assess the 
efficacy of DLRS?

The primary objective is to conduct a comprehen-
sive review of deep learning models to address 
challenges in traditional RS. Its advancement 
emphasizes importance of identifying and 
analyzing relevant studies and articles published 
over time, showing their significance in tackling 
the challenges faced by recommender systems

RQ5: Does deep learning improve recommendation in 
“Cold start” scenarios?

RQ6: Does deep learning improve long tail item 
recommendations?

To identify how deep learning approaches offer 
potential solutions to cold start situations and 
long tail problem

RQ7: What are the current concerns and potential 
avenues for further research in the advancement of 
DLRS?

To explore innovative solutions and enhance the 
capabilities of DLRS
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3.1 � Source of information

This extensive research is conducted across multiple databases for selecting conference 
and journal research papers. In our search, we used the following databases:

•	 ACM Digital Library (https://​www.​acm.​org/​digit​al-​libra​ry)
•	 Springer (https://​link.​sprin​ger.​com)
•	 ScienceDirect (http://​www.​scien​cedir​ect.​com)
•	 IEEE Xplore (http://​ieeex​plore.​ieee.​org)
•	 Google Scholar (https://​schol​ar.​google.​co.​in)
•	 Scopus (https://​www.​scopus.​com)

Distribution of reviewed publications from different sources can be seen in Fig. 2.

Fig. 1   Paper selection process

https://www.acm.org/digital-library
https://link.springer.com
http://www.sciencedirect.com
http://ieeexplore.ieee.org
https://scholar.google.co.in
https://www.scopus.com
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3.2 � Search criteria

Firstly, search terms are defined in the aforementioned databases. We included "deep 
learning," "recommendation systems," and "challenges" in our search query. To ensure 
that we captured all relevant studies, we also included related keywords such as "cold 
start," "long tail". We refined our search query to ensure precise results and then it is 
applied it to research paper titles and abstracts. Our study focused on the period 
between January 2014 to December 2022 to come up with in-depth analysis of the latest 
advancements in the field. we have prepared a set of pertinent questions that served as 
criteria for selecting the most relevant and important research papers for review. By 
categorizing these papers, we aim to provide answers to these questions and shed light on 
the advancements made in this domain.

3.3 � Quality assessment

We conducted a thorough search of various databases and sources, including Science 
Direct, IEEE Xplore, Springer and ACM, using basic keywords, resulting in 1,060 
articles. Using our pre-defined inclusion and exclusion criteria outlined in Table  2, 
articles were eliminated based on their titles and abstract that did not satisfy our criteria. 
For this systematic review, we selected 55 research papers that met our inclusion criteria, 
after screening the remaining papers and conducting a complete review of each article.

Fig. 2   Percentage of surveyed papers on deep learning based recommendation systems
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4 � Overview of recommender systems

This section highlights fundamental concepts and terms related to recommendation sys-
tems and deep learning technology. We study the key features of deep learning method-
ologies, emphasizing their significance and usefulness in the context of recommenda-
tion systems.

4.1 � Recommendation system

A recommendation system is a filtering mechanism which analyzes the consumer’s prefer-
ences and suggests possibly captivating content to them. A recommendation system’s pri-
mary purpose is to offer customers with personalized suggestions based on prior interac-
tions, preferences, and behavior. To anticipate which things the user is most likely to engage 
with, the system analyses data including user behavior, attributes of products/items, and 
information about context. Traditional recommendations systems are broadly categorized 
into three types: Content-based [29], Collaborative-based [30], and Hybrid RS [31] Fig. 3.

Table 2   Criteria for Paper selection

Criteria

Inclusion 1. Specifically investigate deep learning techniques for tackling various issues in traditional RS
2. Published in the field of Recommendation System
3. Papers published in reputable conferences and journals
4. Written in English language and are peer-reviewed

Exclusion 1. Papers that do not emphasize on DLRS
2. Papers that are not peer-reviewed

Fig. 3   Recommendation system approaches
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4.1.1 � Content‑based

A content-based recommendation system works on the idea that if a customer has showed 
interest in particular products in the past, they are probably to be fascinated by similar 
products. The contents of objects are analyzed to identify the points of similarity between 
the items. The user profile is obtained after analyzing a substantial amount of products that 
the user has expressed an interest in. The system would then be able to scan through the 
database and select appropriate products in accordance with the consumer’s profile [32].

The challenge presented by these algorithms is to identify user’s preferences on the basis 
of the information included in products. Data mining and machine learning are two topics 
that have seen a lot of development in recent years as potential solutions to this challenge 
[33]. For instance, a recommender system will first collect all of the books that a particu-
lar reader has already read and then perform an in-depth content analysis on those books 
in order to determine which articles to suggest to that reader. By employing text mining 
techniques, it is possible to retrieve key terms from the provided text. A multi-dimensional 
vector may be used to represent a book once all of the important words and their associated 
weights have been included into the equation. Specialized clustering techniques [34] could 
be utilized to identify the centroids of these vectors, which depict the reader’s interests, and 
subsequently implement these procedures.

4.1.2 � Collaborative‑based

Collaborative filtering (CF) is a popular recommendation method that is commonly utilized 
in the recommendation process. Unlike content-based techniques, CF is entirely dependent 
on the item ratings provided by individual users. The underlying concept behind CF is that 
individuals who have rated certain products in a similar manner are likely to have similar 
choices[35]. This process involves recommending products based on the interests of other 
users who exhibit similar tastes or identifying similar item/products to those that the tar-
get user has already rated. This approach utilizes statistical methods to calculate similar-
ity between item vectors and user vectors. CF methods can be categorized into two main 
types: Memory-Based and Model-Based CF Techniques [36].

4.1.3 � Hybrid‑based

Monolithic, parallel, and pipeline are the three categories that fall under the umbrella of 
hybrid recommendation systems [37]. In a monolithic hybrid recommendation approach 
[38], different recommendation techniques are combined into a single unified model. The 
remaining two hybrid types requires utilization of at least two different recommendation 
approaches, which are then combined. The input information is used to drive the operation 
of the parallel hybrid recommendation system, which results in each component individu-
ally producing a list of recommendations, which are then merged using the output data to 
provide the whole set of recommendations. One such design is the pipeline hybrid recom-
mendation, in which output of one serves as the input for another.

Hybrid recommender systems can be employed for one of two purposes: either to boost 
the performance of current RS in the context of a certain data modality [39], or to exploit 
the potential of various data sources. There are recommender systems that do better when 
they are built from the ground, and there are others that do better when they are given 



2301Multimedia Tools and Applications (2025) 84:2293–2325	

access to a large quantity of data [40]. Hybrid recommender systems make an effort to cap-
italize on the complimentary characteristics that these systems provide in order to produce 
a system that is more resilient overall [41].

4.2 � Challenges faced by traditional recommendation approaches

1.	 Cold start problem: The RS faces difficulty because of addition of new user or prod-
ucts/item in the system without any available data regarding their preferences. Tradi-
tional RS approaches rely on previous data interactions to generate recommendations, 
which makes it difficult to produce useful suggestions when such data is unavailable. 
Deep learning approaches, on the other hand, provides solution by generating sugges-
tions in such cases by using auxiliary data such as item metadata, user demographics, 
and social networks.

2.	 Sparsity problem: The sparsity problem is usually seen when the available data is 
insufficient for generating accurate recommendations. Traditional recommendation 
approaches utilize user-item matrix method, which contains user preferences for each 
item. However, this matrix is often sparse, with many missing entries. Deep learning 
approaches can solve this problem by using matrix factorization techniques that can fill 
in missing values and generate recommendations.

3.	 Novelty and diversity: Traditional recommendation approaches struggle to provide 
unique recommendations to its users, often suggesting items that users have already 
witnessed before. Deep learning approaches can address this issue by employing tech-
niques such as item embedding, which recommends items having similar embeddings 
to the user, ensuring that diverse and novel items are recommended.

4.	 Long Tail: The long tail refers to a catalog which contains huge number of items with 
low popularity (often referred as niche items) or with limited number of user interac-
tions. Traditional recommendation systems often struggle to recommend long-tail items 
because they tend to recommend popular items to its customers. DLRS can address the 
long-tail problem using advanced neural network architectures that can capture complex 
relationships between users, items, and features for suggesting diverse recommendations 
for both popular and long-tail items.

4.3 � Machine learning vs. Deep learning for recommendation system

Machine learning algorithms in the domain of recommendation systems have been employed 
to monitor user preferences and provide personalized recommendations. Recent research 
work in recommendation systems has explored the application of SVM, Decision tress, Naive 
Bayes, Random forest and regression models for tasks such as personalized ranking, prefer-
ence prediction, item classification, sentiment analysis, and user behavior modeling [42–44].

Zelaya et  al. [45] have adopted machine learning techniques including random forest 
and classification trees to tackle cold start issue in recommendation system by extracting 
user’s implicit information from social stream. Matrix factorization method, like singular 
value decomposition (SVD) are used to solve data sparsity issues. The rating matrix which 
is decomposed into lower-dimensional latent factors, represent underlying patterns in the 
data. Matrix factorization allows estimation of missing ratings and can handle large sparse 
matrices more efficiently [46].
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Machine learning requires manual feature engineering which is quite time consuming and 
is unable to handle high dimensional data. In recent years, deep learning has had a substantial 
influence on the field of recommendation systems, sweeping through the machine intelligence 
industry. Several substantial factors have led to the growing popularity of this domain. To 
begin, deep learning models excel in handling complicated patterns and correlations in large-
scale and high-dimensional data, which is important aspect in recommendation systems. These 
models can identify user preferences and item attributes by automatically extracting impor-
tant features and capturing nonlinear relationships, resulting in more accurate and personal-
ized suggestions. Additionally, deep learning also has the potential to learn hierarchical data 
representations. This capability is critical in the context of recommendation systems because 
it allows the model to find latent characteristics and identify important associations between 
users and items. Deep learning models acquire a richer knowledge of user-item interactions by 
capturing multiple levels of abstraction, resulting in increased recommendation quality.

Overall, the rise of deep learning in this domain is due to its capability to handle com-
plex patterns, learn hierarchical representations, process diverse data types, scale effi-
ciently, leverage transfer learning, and excel in sequential and session-based recommenda-
tions. These advancements have propelled recommendation systems towards more accurate 
and personalized recommendations, ultimately enhancing user experiences and driving 
user engagement. The summarized comparison is shown in Table 3.

4.4 � Deep learning architecture

The investigation of artificial neural networks led to the advancement of deep learning. 
[47]. Deep learning structures consist of things like multilayer perceptrons that have 
numerous hidden layers. Hinton et al. [48] introduced the idea of deep learning to the sci-
entific world in 2006. For the optimization challenge associated with deep structure, they 
presented an unsupervised greedy method. Following that, they proposed a deep structure 
for a multi-layer autoencoder [49]. In addition, Lecun et al. [50] suggested using a convolu-
tional neural network. This strategy, the first of its kind, enhances training performance by 
lowering the number of parameters through the use of spatial relative relations, and it does 
so without sacrificing accuracy. Deep learning combines simple features into more gen-
eralized characteristics that may be used to locate representations of data in a distributed 
fashion [51].

Deep learning is a novel area emerging within the realm of machine learning [52]. This 
is achieved by modelling its operations after those used by the human brain to interpret vis-
ual, audio, and textual information [53]. Both supervised and unsupervised learning may 
be used to the deep learning methodology [54], much like the machine learning strategy.

Table 3   Traditional Recommendation system approaches vs. Deep learning

Category Traditional RS Deep learning-based RS

Data Requirements Requires sufficient user-item interac-
tions

Can handle sparse and implicit data

Scalability Limited scalability to large datasets Can handle large-scale datasets
Complexity Simple and interpretable High Complexity
Recommendation 

accuracy
Limited ability to capture non-linear 

patterns
Ability to capture complex non-linear patterns
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Supervised learning demands training model using labelled data, in order to learn a 
mapping function that can precisely estimate the correct output label for unobserved input 
data. It is often used for tasks such as classification, regression, and sequence labeling, 
where the desired output is known and explicitly provided during training. Unsupervised 
learning, on the other hand, seeks to identify patterns, structures, and relationships in unla-
beled data without explicit instruction or target labels. This method is especially beneficial 
in situations when labelled data is insufficient or unavailable, since it can reveal hidden pat-
terns and give insights on data distribution. Unsupervised learning techniques, including 
autoencoders, generative adversarial networks (GANs), and self-organizing maps (SOMs), 
have found applications in anomaly detection, dimensionality reduction, data visualization, 
and generative modeling.

This section explores commonly employed deep learning models. Firstly, we will 
explore the autoencoders (AE). Next, we will examine the convolutional neural network 
(CNN), then recurrent neural network(RNN) and after that Restricted Boltzmann machine 
(RBM). Finally, we will conclude by discussing the deep belief network (DBN). Figure 4 
represents classification of deep learning models.

4.4.1 � Autoencoder

An autoencoder (AE) is designed to learn efficient representations of input data by recon-
structing it through an encoder-decoder process. In most cases, the bottleneck layer or 
latent space (the one in the middle of the hierarchy) is used to represent the incoming data 
with a conspicuous characteristic. Based on the work of Rumelhart et al. [55], the autoen-
coder may be seen as a variation on the standard multi-layer perceptron.

The input data is encoded into a lower-dimensional representation and then decode it 
back to the original input dimensions. Figure 5 depicts the construction in its entirety.

In the autoencoder, there are three distinct networks operating together. The output layer 
contains an equivalent number of neurons as in the input layer of the autoencoder. How-
ever, the intermediate layer has fewer neurons compared to the combined total of the other 
two layers. During the training process, each training sample generates a distinct signal at 
the output layer. This signal is propagated and transmitted throughout the network. When 
training a network, accuracy is measured by how well the output signal matches the input 

Fig. 4   Classification of Deep Learning Models
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signal. The reconstruction mistake exemplifies this connection between the two objects. 
Cascaded training and training on a layer-by-layer basis allow autoencoder to produce 
deep structures. Fine tuning may be achieved by letting the whole network reconstitute the 
input signal after training the deep model by optimizing each layer in turn. This step is 
taken following the learning of the deep model. Denoising autoencoder, marginalization 
denoising autoencoder [56], stacked denoising autoencoder (SDAE) [57], and variational 
autoencoder(VAE) are only a few examples of the various types of autoencoders.

In context of a recommendation system, autoencoder may be used in one of two ways: 
either to learn lower-dimensional feature representation in the latent space or to fill in the 
missing entries or gaps of the interaction matrix in the reconstruction layer. The recom-
mendation job is applicable to nearly all autoencoder variations[58–62], including the 
VAE, the denoising autoencoder, and the marginalized autoencoder.

4.4.2 � Convolutional neural network

A CNN is a feedforward neural network especially intended for processing visual data 
having convolution layers and pooling operations [63]. It is able to take into account both 
global and local characteristics, considerably improving both the efficiency and accuracy 
of the process. It works very well when processing data with a structure similar to a grid. 
Its architecture  is generally composed of one or more convolutional layers, which some-
times involve a subsampling phase, followed by one or more fully connected layers, which 
are comparable to those seen in a standard multilayer neural network. The multi-layer per-
ceptron is the fundamental unit of every CNN. In recent years, CNNs have garnered a lot 
of interest, especially in the field of image interpretation.

In comparison with traditional multi-layer perceptrons, CNNs are more robust because 
they employ a pooling technique that reduces spatial dimension while keeping important 

Fig. 5   Autoencoder
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data. Furthermore, the number of parameters in the model may be reduced because of 
CNN’s shared-weights architecture, making the model simpler and increasing its generali-
sation ability. CNN’s principal use case is the processing of two-dimensional image data. 
The building blocks of a CNN is shown in Fig. 6.

CCNs are extremely useful for the processing of unstructured multimedia data thanks to 
the convolution and pooling functions they provide. They are used for feature extraction in 
the vast majority of recommendation models [64–69].

4.4.3 � Recurrent neural network

For modelling time-dependent data, the Recurrent Neural Network (RNN) excels. In con-
trast to feedforward neural networks, which do all calculations in one single pass, recurrent 
neural networks use loops and memory to look back on and refine earlier results. Three 
areas where RNNs have found substantial usage include machine translation [70], speech 
recognition [71], and label construction [72].

While RNNs have the theoretical capacity to represent an arbitrary number of succes-
sive data points, but practically it is considered that the present state is only influenced by 
the state of the immediately preceding time period. Therefore, the complexity of the model 
is reduced. RNN perform well in modeling sequences of arbitrary length. In a recurrent 
neural architecture, there are input, output, and hidden units as seen in Fig. 7. RNNs have 
the ability to remember the information that they have received in the past, which allows 
them to perform the calculation that determines the current output of the hidden layer.

There are many different RNN models available to accommodate the needs of differ-
ent programmes, including long short-term memory (LSTM) [73], neural turing machines 
(NTM)[74], gated recurrent unit (GRU) [75]and so on. LSTM is well suited for the pro-
cessing and prediction of significant events in time series that have relatively large intervals 
and delays. By combining short-term memory with long-term memory through nuanced 
gate control, LSTM offers a partial solution to the issue of gradient disappearance. The 
addition of a "processor" to the method is what distinguishes LSTM from RNN. This "pro-
cessor" evaluates the information to determine whether or not it is valuable.

Fig. 6   Convolutional neural network
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RNNs excel at processing data in a certain, sequential order [76–81]. Therefore, it 
becomes a natural choice for managing additional content that includes sequential signals 
(such as audio, texts, and so on), as well as the sequential patterns of user behaviour. In 
their paper, Chen et al. [82] argued that location-based social networks might benefit from 
incorporating suggestions of sites of interest.

4.4.4 � Restricted Boltzmann machine

Restricted Boltzmann Machine (RBM) [83] is an extended form of the Boltzmann machine 
and belongs to family of neural networks. It is made up of two layers: a hidden one and a 
visible one. The RBM is considered as an early artificial neural network capable of learn-
ing intrinsic representations from input data, allowing it to solve complex learning prob-
lems. A distinctive feature of RBMs is the restricted connection between the visible and 
hidden layers, implying that there is no direct communication in both ways. This constraint 
improves learning efficiency tremendously. They are useful for developing deep architec-
tures because they can be simply stacked together to form deep networks. Figure 8 is an 
illustration of the constrained Boltzmann machine’s internal construction.

The following equation may be used to describe the combined probability distribution 
of the visible layer and the hidden layer:

(1)P(v, h) = 1Ze − (aTv + bTh + hTwv)

Fig. 7   Recurrent neural network

Fig. 8   Restricted Boltzmann machine
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The maximum likelihood estimation serves as the basis for this model’s optimization 
aim, which is as follows:

The RBM model is particularly quick in comparison to other models such as the sparse 
Autoencoder, and it just needs a straightforward forward encoding procedure to function. 
However, if we try to solve the problem by employing the conventional sampling approach, 
the number of iterations would be excessive, and the efficiency will be poor. In attempt to 
find a solution to this issue, Smolensky [84] and Hinton [85] came up with the idea of a 
quick method that they named contrastive divergence (CD).

The formation of a deep structure is possible by the cascading of numerous models of 
single-layer limited Boltzmann machines. This means that the layer that was buried in the 
layer below it is utilised as the layer that is visible in the one above it. A method of opti-
mization that works on a layer-by-layer basis is used for the optimization of the network. 
Various extended models have improved  the structure and probability distribution of the 
RBM to incorporate more complicated probability distributions. This is done in order to 
improve the model’s predictive power.RBM-based recommender systems were suggested 
by Salakhutdinov et al. [86], Truyen et al. [87], and Georgiev and Nakov [88].

4.4.5 � Deep belief network

Deep Belief Network, or DBN, is an example of a generative model in which individual 
nodes are built using Restricted Boltzmann Machines (RBMs). A DBN is trained sequen-
tially, layer by layer. In this process, the data vector is employed to determine the correspond-
ing hidden layer at each stage, and the resulting output from that hidden layer serves as the 
data vector for the subsequent, higher layer. The diagram of its assembly is depicted in Fig. 9.

It is possible to think of the structure of DBN as being composed of a number of con-
strained Boltzmann machine stacks. When travelling from one RBM to the next in the net-
work, the hidden layer of the RBM preceding it is the visible layer of network. This feature 
simplifies DBN training process as each RBM can learn from the output of the previous 
one, unlike traditional neural networks. Developing a deep neural network often involves 

(2)argmax
∑

v�VlogP(v, h)

Fig. 9   Deep belief network
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increasing the number of hidden layers and the nodes within those layers. Deep neural net-
works are commonly used to refer to fully linked neural networks. These neural network 
models are often employed to extract meaningful feature representations in tasks such as 
music recommendation [89], picture and speech recognition, and other comparable tasks. 
The entire connection neural network model’s depth and breadth of structure are limited by 
the large number of parameters. The number of publications related to DLRS is shown in 
Fig. 10 and Table 4 outlines publications exploring various deep learning models.

5 � Deep learning‑based recommendation systems

This section examines the emergence of deep learning in addressing the challenges encoun-
tered by traditional recommendation system approaches i.e. Cold start and Long tail. The 
summary of the publications is provided in Tables 5 and 6.

5.1 � Deep learning based cold start recommendation

Cold start recommendations refer to the challenge of generating personalized suggestions 
for new items or users having no information about them. Deep learning models have been 
explored to cope up with this issue by leveraging various sources of information to make 
informed recommendations. For instance, it could use contextual information including 
user’s current location to recommend nearby restaurants or events. Wei et al. [125] utilized 
two different recommendation models to handle cold start problem in case of newly added 
items. The models adopt the combination of collaborative filtering and neural network 
which is termed as SADE, that extracts content attributes of the items. The CF model, 
timeSVD +  + , is modified to predict ratings for cold start items using content features.

Fig. 10   Publications in DLRS over the years
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In [126], the authors presented a method to tackle cold start scenario in recommendation 
systems by utilizing two parallel CNN architectures. These architectures were designed to bet-
ter model the latent features of items and users from the textual content of reviews provided by 
the users. Word embeddings were utilized by the model to map the content into a lower dimen-
sional space while retaining contextual information. The features extracted were then passed 
through convolutional layers. The two parallel networks’ outputs were combined and provided 
to a prediction layer, which used factorization machines to estimate user ratings for items.

A hybrid RS based on deep learning is proposed by Kiran et al. [127] to tackle the cold 
start situation by incorporating side information related to users and items in a deep neural 
network. To improve the model’s accuracy, a lowering learning rate and increasing weight 
decay technique were used, with their values cyclically modified over epochs. A frame-
work named as Attribute Graph Neural Networks (AGNN) proposed by Qin et  al. [128] 
learns embeddings for the strict scenario of user/item cold start issue. Hazrati et al. [129] 
addresses new item cold start problem by incorporating visual features with restricted 
Boltzmann machines. This approach improved the accuracy of recommendations and pro-
vide better user experience.

In [130], Ahmed et al. proposes a deep learning-based strategy to tackle the cold-start 
problem. The method uses hypergraphs to represent user-item interactions, an adversarial 
autoencoder for learning shared representation, and domain adaptation to address cold-start 
situations faced by RS. The AAE is trained on the source domain to learn a shared repre-
sentation, and then the weights of the generator network are fine-tuned using a domain 
adaptation loss that encourages the generator to produce similar representations for source 
and target domains.

5.2 � Deep learning based long tail item recommendation

With the explosive growth of e-commerce platforms and the abundance of options avail-
able to consumers, the "long tail" phenomenon has become increasingly prevalent. The 
long tail refers to the large number of niche products that have relatively low sales volume 
individually but collectively account for a significant portion of total sales. As a result, 
accurately recommending these long-tail products to customers is becoming a critical chal-
lenge for e-commerce platforms. Long-tail item recommendation focuses on identification 
and recommendation of niche products to its customers, thus helping to increase customer 
satisfaction.

Deep learning methods exhibit enhanced representation capabilities, particularly in han-
dling textual and visual data. Hong et al. have presented a model named miniGCN (Mini-
batch Graph Convolutional Network) model, which combines the strengths of both GCN 
(Graph Convolutional Networks) as well as CNN (Convolutional Neural Networks) for 
image classification. This method has been shown to have stronger representation abilities 
compared to the individual GCN or CNN models [131]. Moreover, Hong et al. have also 
introduced a multimodal deep learning (MDL) framework for image classification and uti-
lized multiple sources of information (i.e., multimodal data) to enhance variety of informa-
tion available for image classification tasks [132].

Deep learning has become an important technique for user profiling in recommenda-
tion systems, outperforming traditional methods and improving the accuracy of the results. 
Recently, Deep learning is utilized for long-tail item suggestions, which focuses on items 
that are rarely recommended but could be appealing to certain users. For instance, Bai et al. 
[133] presented an online long-tail item recommendation system named DLTSR based on 
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stacked denoising autoencoders (SDAE) technology[134]. This concept is used for web 
service suggestions and it comprises of two key aspects: (1) leveraging knowledge from 
popular services in SDAE and (2) employing a specialized approach to gather developers’ 
preferences based on long-tail item ratings. Similarly, Kumar et al. [135] suggested a few-
shot learning approach for recommending long-tail products/items.

A few-shot learning method employed by Sreepada and Patra [136] addresses the chal-
lenge associated with long-tail product recommendation. They utilized OCCF (One Class 
Collaborative Filtering Technology) [137] for constructing matrix of user preferences. 
Prior to calculating user preferences, the original rating matrix was transformed into a 
binary rating, where scoring values were set to 1. Within each cluster, the items selected by 
users were categorized into liked, long-tail, and disliked item lists. A Siamese network was 
used to measure the similarity between user profile and product description to recommend 
appropriate items to customers.

Qin et al. [138] presented a recommendation framework utilizing Convolutional Neural 
Networks (CNN) to handle the long-tail issue prevalent in nearest neighbor recommenda-
tion methods. Their proposed approach mitigates the issue of frequent item recommenda-
tions, thereby enhancing the coverage and diversification of the outcomes generated. Addi-
tionally, Liu and Zheng [139] introduced TailNet, a neural network and attention-based 
framework for long-tail item suggestion using session data. The performance of their 
method is evaluated using three metrics: coverage, tail coverage, and tail. Coverage meas-
ures the total number of items suggested, tail coverage quantifies the number of long-tail 
items in the result list, and tail indicates the average number of long-tail items within each 
recommendation list. The experimental results demonstrate that TailNet outperforms tradi-
tional recommendation methods and has better coverage.

A novel adversarial training approach is presented by Krishnan et al. [140] to improve 
long-tail suggestions for users with the help of  Neural Collaborative Filtering (NCF) 
model. The adversarial network learns the implicit correlation with the items in the feed-
back data, resulting in improved long-tail performance Table 7.

The distribution of studies addressing long tail, cold start and other issues is shown in 
Fig. 11. The details of commonly used datasets is provided in Table 7.

We summarize points that will be helpful for new researchers on how deep learning 
models can effectively encode and utilize additional contextual factors such as temporal, 
location, and social information to address challenges like cold start and long tail problems 
in several ways:

•	 Feature Embeddings: By embedding temporal, location, and social signals into a 
common feature space, deep learning models can learn representations that capture 
both the inherent structure of these signals and their interactions with other features. 
For example, representing temporal signals as time embeddings or using geographical 
coordinates as spatial embeddings allows the model to learn patterns specific to differ-
ent contexts.

•	 Attention Mechanisms: Attention mechanisms in deep learning models enable them 
to focus on relevant contextual signals at different stages of processing. For instance, in 
natural language processing tasks, self-attention mechanisms can dynamically weight 
the importance of words or phrases based on contextual relevance, thereby incorporat-
ing temporal dependencies or social context.

•	 Hybrid Architectures: Combining deep learning with traditional machine learning 
models or rule-based systems can leverage the strengths of each approach. For instance, 
using deep learning for feature extraction from contextual signals and combining it 
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with a rule-based system that handles specific edge cases can provide robustness in 
scenarios where data is sparse or novel.

•	 Transfer Learning: Pre-training models on large-scale datasets that include diverse 
contextual signals can improve generalization to new contexts encountered during 
cold start scenarios. Fine-tuning these models on smaller, task-specific datasets further 
adapts them to utilize specific contextual signals effectively.

•	 Meta-Learning: Meta-learning techniques empower models to swiftly adapt to new 
tasks or environments with minimal data. By training on a variety of tasks that involve 
different contextual signals, meta-learning enhances the model’s ability to generalize to 
new contexts encountered in long tail scenarios.

•	 Reinforcement Learning: In scenarios where exploration of novel contextual sig-
nals is necessary, reinforcement learning techniques can guide the model’s decisions 
by rewarding exploration of new contexts while leveraging existing knowledge from 
observed signals.

While addressing cold start and long tail challenges in DLRS, users often face privacy 
issues. The following techniques could be employed for preserving user privacy and data 
ownership along with deep learning models:

•	 Federated Learning: This technique allows numerous decentralized devices to jointly 
train a model while keeping the data localized on each device. Each client trains a local 
model and sends the model updates to a central server, which aggregates these updates 
to improve the global model.

Benefits:

1.	 Enables the model to learn from a varied group of users without compromising the 
privacy of new users.

Fig. 11   Percentage of DLRS papers for long tail, cold start & other issues
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2.	 Utilizes the collective knowledge from various users to recommend niche items without 
centralizing sensitive data.

3.	 Differential privacy: This technique ensures individual data points cannot be distin-
guished within a dataset, even if an adversary has access to the model outputs. It intro-
duces noise to the data or the learning process to provide strong privacy guarantees.

Benefits:

1.	 Protects the data of new users by adding noise, ensuring that their contributions do not 
lead to privacy breaches.

2.	 Ensures that rare and unique user preferences do not compromise privacy by applying 
noise to the relevant data.

We can adopt the following strategies for implementation of DLRS in real-world 
applications:

•	 Deep Transfer Learning (DTL): Utilize pre-trained models and fine-tune them on 
specific industrial datasets. This reduces the need for extensive labeled data and com-
putational resources, which are often a barrier in industrial settings​.

•	 Optimize data utilization: Implement dynamic selection of hyper-parameters and net-
work structures based on the changing data patterns to improve model performance and 
applicability.

•	 Utilize Hybrid and Ensemble Models: Combine generative and discriminative mod-
els to benefit from both approaches. Effective hybridization can enhance performance 
and handle uncertainty better, which is crucial for high-risk industrial applications.

•	 Use Established DL Libraries: Frameworks like TensorFlow and PyTorch provide 
robust tools and pre-trained models that can be adapted for specific industrial applica-
tions, reducing development time and resources.

•	 Address Hardware Dependencies: Secure access to high-performance computing 
resources, like GPU-enabled servers, to handle the large computational demands of 
deep learning model.

6 � Evaluation metrics

Evaluation metrics are crucial in determining the efficacy and quality of recommenda-
tion systems. This section analyses commonly used metrics in recommendation systems, 
focusing on precision, recall, F1 score, mean squared error (MSE), mean absolute error 
(MAE), root mean squared error (RMSE), and normalized discounted cumulative gain 
(NDCG). The distribution of evaluation metrics used is shown in Fig. 12.

a. Precision: The number of relevant item recommendations obtained is divided by the 
total number of irrelevant and relevant item recommendations obtained corresponding to 
different categories.

Precision =
True Positive

True Positive + False Positive
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Fig. 12   Evaluation metrics used in papers

b. Recall: The number of relevant items that were correctly recommended divided by 
the total number of relevant items corresponding to different categories.

c. F1 Score: It is a measure which computes harmonic mean of accuracy and recall.

d. MSE: It is a metric used to determine the accuracy of the predicted rating.

e. MAE: It measures how much the estimated value differs from the actual value. Lower 
value of MAE indicates more accurate results.

f. RMSE: It is calculated as the square root of the average squared difference between 
predicted and actual ratings.

Recall =
True Positive

True Positive + False Negative

F1Score =
2 ∗ (Precision ∗ Recall)

Precision + Recall

MSE =
1

n
∗
∑n

i=0
|yi − yi|

2
where yi = actual value, yi = predicted value

MAE =
1

n
∗
∑n

i=0
|yi − yi|where yi = actual value, yi = predicted value

RMSE =

√
1

n

∑n

i=0
|yi − yi|

2
where yi = actual value, yi = predicted value



2318	 Multimedia Tools and Applications (2025) 84:2293–2325

g. NDCG: It is a ranking metric that takes into account both the relevance and position 
of suggested items. It evaluates the suggestion list’s quality Fig. 12.

7 � Future research directions

With the evolution of Recommendation system, there are plenty of promising future 
research paths that might further improve the efficacy of deep learning-based techniques. 
This section discusses prospective areas for further study in this topic.

a.	 Explainable DLRS: Although deep learning models are extremely popular in recom-
mendation systems, but it suffers from lack of transparency. There are two ways to 
include explainability in DLRS. The first strategy is to present consumers with clear 
forecasts, allowing them to grasp the elements that influence the system’s suggestions. 
This can be achieved by giving suitable explanations that why the system considers 
what is being suggested as reasonable. The second method focuses on making the model 
more understandable to practitioners. The weights and activation functions of the model 
are analyzed to gain better understanding of the generated recommendations. Attention 
mechanism, for example, might be used to acquire a better understanding of how specific 
items are suggested. By adopting these strategies, future study might look into ways to 
make DLRS more transparent and interpretable [141, 142].

b.	 Personalized recommendation systems: Delivering personalization content is con-
sidered to be one of the important features exhibited by recommendation system which 
suggests most suitable articles according to specific individual interests. Graph neural 
networks, for example, could be used to represent user-item interactions as a graph and 
learn representations that capture their relationships and interactions. Transfer learning 
could be applied to handle the “cold-start” problem and improve suggestion quality 
for new users or items. Attention mechanisms, commonly used in natural language 
processing tasks, could be leveraged to concentrate on key aspects of user behavior and 
preferences, thereby improving the recommendation process. However, there remains 
significant potential for advancement, and future research could focus on developing 
more effective personalized recommendation models that can provide more relevant and 
accurate recommendations [143, 144].

c.	 Multi-modal recommendation systems: The majority of current deep learning-based 
recommendation systems rely on a single modality, such as text or images. Many 
real-world recommendation scenarios, on the other hand, combine multiple modali-
ties, such as employing text for enhancing image-based suggestions. To overcome the 
data imbalance problem, adversarial learning can also be used to produce synthetic 
data for underrepresented modalities. Overall, these research paths present interesting 
prospects for advancing the field of multimodal recommendation systems that employ 
deep learning techniques [145, 146].

d.	 Fairness and bias in DLRS: Bias and fairness issues are often seen in recommenda-
tion systems which uses popularity-based recommendation algorithms to suggest new 
items. Methods for detecting and reducing bias in recommendation systems have been 
investigated by researchers. Another approach might be to create diverse and inclusive 

NDCG =
DCGP

IDCGP

where DCGp =
∑p

i=1

2reli − 1

log2(i + 1)
and IDCGp =

∑RELp

i=1

2reli − 1

log2(i + 1)
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assessment criteria to analyze the fairness of the system and its efficacy, such as metrics 
that measure user happiness, engagement, and access to a wider range of suggestions. 
Finally, including user feedback and making diversity and fairness explicit goals in sys-
tem design might assist in ensuring that suggestions are not just fair, but also interesting 
and relevant to users. Researchers may assist in promoting fairer and more effective rec-
ommendation systems that benefit all users by using a holistic approach that incorporates 
the complex interplay between data, algorithms, and user demands [147, 148].

8 � Conclusion

The exponential rise in data which is generated by electronic and automated equipment has 
resulted in the development of techniques for storing, processing, retrieving, and analyzing 
these data for the benefit of users. DLRS could be seen as a promising solution to these 
difficulties. These systems are ideal tools to facilitate the process of searching for infor-
mation more quickly. Through this survey, we emphasized the importance of deep learn-
ing approaches in improving recommendation system performance. These algorithms ana-
lyse massive volumes of data to identify latent representations, allowing for more accurate 
and personalized suggestions. In comparison to previous approaches, DLRS has advan-
tages such as the capacity to integrate heterogeneous data from numerous sources, predict 
sequence patterns, and capture diverse user preferences. The review has shed light on sev-
eral problems that standard recommender systems face, as well as how deep learning tech-
niques handle them. Furthermore, the study outlines prospective future research avenues in 
the area. These include integrating multimodal data, addressing concerns of fairness and 
diversity, and investigating innovative designs. These directions pave the path for future 
improvements and provide chances for innovative ideas. This overview was written with 
the expectation that researchers may find it helpful in understanding how DLRS came into 
being. It serves as a comprehensive resource for understanding the current challenges, and 
explore further research scope. By leveraging these techniques, we can continue to enhance 
recommendation systems, offering users more accurate and personalized suggestions.
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