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Abstract: The popularity of 5G networks has brought about an explosive growth in 

the amount of data. With the intensive influx of information today, as Internet users, 

there is a higher demand for accurate data push. Everyone wants to get the most 

useful and interesting content in the shortest possible time. Therefore, 

recommendation algo-rithms and their systems have emerged, researching algorithms 

at the academic level and applying them in engi-neering to improve the usage of 

software products. Currently, the most commonly used recommendation algo-rithm is 

the collaborative filtering recommendation algorithm, which is easy to implement and 

easy to code, but there are many problems in the recommendation effect, such as 

sparse data, cold start, and not dynamic recom-mendation problems. In order to solve 

these problems, many scholars have used fusion algorithms, improved similarity 

calculation formulas, and improved construction of similarity matrices to improve their 

efficiency in the past, but none of them can mine users and items at a deep level, so 

deep learning-based collaborative filtering improvements have emerged, and this has 

become the current direction of scholars' research. In this paper, we first describe the 

basic collaborative filtering algorithm and its related contents, and then focus on the 

work doneby scholars on the improvement of collaborative filtering algorithm based 

on deep learning and its evalua-tion, and finally summarize the existing research of 

scholars and make a prospect for the future improvement of this algorithm with the 

current practical needs. 

 

Keywords: Recommendation algorithms; collaborative filtering; similarity matrix; 

deep learning. 
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1. Introduction 

The early Internet system was equivalent to an information retrieval system due to 

the small amount of data and the relatively few people who could access the computer 

thing, so the earliest recommendation system was equivalent to an information 

retrieval system, such as Google, Yahoo, Bing and other retrieval tools, they used the 

information people input in their database to match the information and present the 

high relevance to the user, which is the earliest This is the earliest recommendation, 

which can give users to choose the content closely related to their search and improve 

the user experience. However, such recommendations are one-sided and passive, and 

users must input before they can get the corresponding feedback. With the 

popularization of computers and the increase of data volume, such information 

retrieval can no longer meet the Internet users' desire for information. There is an 

urgent need for algorithms or software that can understand the needs of users to help 

them quickly find the content they want in a vast sea of data. 

5G in 2022 plays an extremely important role in the commercial and residential market, 

bringing users faster Internet access, which from the side is to provide users with 

more data, the era of data explosion has arrived. When users browse all kinds of 

information, how to efficiently and quickly see what they need has become one of the 

most urgent problems for software manufacturers, because let users have a good 

sense of software experience to leave more users, so that the company can continue 

to maintain operations. In 1997, Resnick and Varian [1] proposed the concept of 

recommendation system, which should use computer algorithms to simulate a 

shopping store guide and use their expertise to give customers the best 

recommendation to solve the problem that people cannot make suitable choices in 

front of many items. In recent years, recommendation algorithms have become 

inseparable from us, and the information flow software we use in our life will be more 

or less supported by recommendation algorithms, such as Bilibili video software, QQ 

music software, Jindo shopping APP and so on. 

Recommendation algorithm is an important component of the composition of the 

recommendation system, another component is the processing part of big data, but 

at present, due to the increasing maturity of big data technology, storage data with 

the help of many Ali cloud servers, Tencent cloud servers, big data for 

recommendation is no longer a difficult problem, Li and Fang [2] based on big data a 

series of frameworks for the design of the recommendation algorithm, in terms of data 

processing speed and The stability of recommendation has been greatly improved. 

Therefore, improving recommendation algorithms is one of the most important parts 

of recommendation system design today. The most commonly used recommendation 

algorithm is collaborative filtering, because it can obtain the similarity between people 
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and items in a simple calculation process, so as to sort and recommend those with 

high similarity to specific users, and have different recommendation results for 

different people and different items. matrix of data sparsity problem [3]. Cold start 

will make new people have no recommendable as well as new items cannot be 

recommended, and data sparsity will make edge items never get recommended so 

that that item is a dead state in the system, which causes a waste of storage resources. 

At present, deep learning is widely used in both academia and industry, and many 

methods have emerged in recent years to improve collaborative filtering by using deep 

learning to extract implicit features to fill the similarity matrix and to reduce the 

dimensionality of the similarity matrix to obtain a more effective collaborative filtering 

recommendation algorithm. 

The application of deep learning to algorithms has become a major trend and a 

research direction worthy of summarizing relevant experiences. Therefore, this paper 

summarizes the existing deep learning-based improved collaborative filtering 

recommendation algorithms and provides an outlook on the future research directions.   

 

2. Traditional Collaborative Filtering 

2.1   Theory of collaborative filtering algorithms 

Collaborative filtering has become one of the classic algorithms in recommendation 

algorithms due to its simple and easy-to-understand derivation. The idea of 

collaborative filtering is that if people like the same item, there is a high probability 

that the same item will be liked, and if the same item is liked, there is a high probability 

that something similar to the item will also be liked by such people. The criteria for 

judging liking and disliking are derived from a similarity matrix constructed by the user 

and the item, as shown in (1). Each row in the matrix represents the rating of the item 

by the user, and each column represents the rating of the item by the user, and the 

rating range is within the specified interval and the rating score can be null. Finally, a 

similarity formula is chosen to calculate the similarity, e.g., user a is specified, and the 

similarity is calculated between user a and other users, and the user with high 

similarity is matched to user a. Based on the returned information, user a selects the 

item of his choice among those similar to him, which is the user-based collaborative 

filtering algorithm [4]. It is also possible for a user to select an item A first, calculate 

the similarity between item A and other items, get items with high similarity, and use 

Top-N algorithm to select N items with high similarity and recommend them to the 

user who has selected item A. This is the item-based collaborative filtering algorithm 

[5]. 
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2.2 Collaborative filtering algorithm similarity calculation method 

The important basis of collaborative filtering recommendation is to make 

recommendations based on similarity, and Top-N recommendations are made from 

the highest to the lowest similarity. Its most commonly used similarity calculation 

formulas are cosine similarity [6] as shown in Equation (2) and Pearson similarity [7] 

as shown in Equation (3). 

 

Equation (2) in the u, v represent different users, Ru,i, Rv,i represent the user u on the 

i-item rating, user v on the i-item rating. Iij in Equation (3) is representative of i users 

and j users have rated the items, Ri,x for user i to item x, and similarly Rj,x for j users 

for item x. AVGI and AVGJ represent the average of all scores rated by i users and j 

users, respectively. In addition to the two commonly used ones mentioned above, 

there are also scholars who improve on similarity, such as using the Jaccard coefficient 

[8], as well as introducing the Barclay's coefficient and item relevance weights to build 

a user similarity model, and using information entropy to measure the similarity of 

users on the rating distribution to improve the traditional collaborative filtering 

algorithm [9], making both MAE and Top-N results more accurate than traditional 

collaborative filtering algorithms. 

2.3 Collaborative filtering algorithm evaluation metrics 

The recommendation algorithm can be judged from many aspects, such as Discounted 

Cumulative Gain (DCG) [10], which is the main measure of the recommendation 

ranking, because the recommendation definitely needs to give the highest priority to 

the items that the user likes the most in order to be a good recommendation system, 

item-a, item-b, item-c, item-d], but these four recommendation results will produce a 

variety of sorting, such as [item-d, item-b, item-a, item-c], the items are the same, 

but the sorting is different, the effect is also different, the formula is shown in Equation 

(4). reli is the relevance of position i, p is the cumulative of the specified position to 
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be requested The gain is the Cumulative Gain (CG) of the specified position. Secondly, 

the extension of the index also has a Normalized Discounted Cumulative Gain (NDCG) 

[11] its value in is greater than zero and less than one, which can be more effective 

in comparing the recommended results of different lengths. 

Precision is a recommendation metric that aims to measure how many of the items 

recommended to the user are hitting the user's favorite items, as a percentage of the 

recommended list, and is calculated as shown in Equation (5), where R(u) is the set 

of items recommended by the algorithm, T(u) is the user's real favorite content, and 

Recall [12] is just the percentage of the recommended items. The difference with the 

accuracy rate is the difference in the range it covers, this range is narrowed down to 

the content that the user himself is interested in, and what is recommended is 

calculated as a percentage of the set, and its calculation is shown in equation (6). T(u) 

and R(u) have the same meaning as in the accuracy rate. 

The most commonly used or Root Mean Squared Error (RMSE) it is the square root of 

the average size of the error representing the predicted and actual value components, 

calculated as shown in Equation (7), where ,ur  is the real rating of the user u on  , 

'

,ur  is the predicted rating of the user u on  , and N is the total number of users. 

and Mean Absolute Error (MAE) [13] is the average of the absolute errors, which is 

more commonly used and is calculated as shown in Equation (8), where iŷ  is the 

prediction, iy  is the true value, and N is the total number of users. 
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2.4   Problems with collaborative filtering algorithms 

The above analysis shows that the main problem of collaborative filtering is the sparse 

data in the similarity matrix, which greatly affects the effectiveness of the 

recommendations and causes the waste of storage resources, allowing the content 

that does not need to exist to remain in the database. In addition, it can not solve the 

cold start problem, new users need to have a certain choice before the system will 

start the recommendation function, because new users in the similarity matrix are zero 

score, at first for the content is completely unrecorded, so the recommendation system 

according to the similarity formula to get a constant result of 0, it is invalid 

recommendations. For the method of using the improvement of similarity calculation 

method to improve the recommendation effect is not able to solve the two main 

problems of traditional collaborative filtering, so in order to get better collaborative 

filtering algorithm, it should be studied based on these two problems. Nowadays, deep 

learning models have great advantages for feature extraction, and it becomes a 

popular research problem to use some models of deep learning to improve traditional 

collaborative filtering algorithms and solve these two key problems. 

 

3. Current status of domestic and international research 

In such a situation, with the development of computer technology, the application of 

deep learning has become more and more common, so the use of deep learning to 

improve collaborative filtering algorithms to solve the cold start and similarity matrix 

data sparsity problem has become the direction of many scholars' efforts to study. 

A comprehensive analysis of existing deep learning-based recommendation system 

models can be broadly divided into two categories: hybrid deep model-based 

recommendation systems and single deep model-based recommendation systems. 

Recommendation systems based on hybrid deep models are those that mix several 

deep learning models together to improve the overall performance. Recommendation 

systems based on individual depth models can be divided into the following 

subcategories. Autoencoder (AE) [14], Convolutional Neural Network (CNN) [15], 

Recurrent Neural Network (RNN) [16], Restricted Boltzmann Machine (RBM) [17], 

Attentional Models (AM) [18], Deep Reinforcement Learning (DRL) [19], and 

Adversarial Networks (AN) [20], etc. 

In this section, domestic and international work on improving collaborative filtering 

recommendation algorithms using deep learning is presented, and the work is 

summarized in Table 1, mainly from CNN, RNN and other neural networks for 

collaborative filtering algorithm improvement. 
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Table 1. Summary of work in this paper 

Improvement methods Related Literature 

Improved collaborative filtering algorithm based on 

CNN 
[21], [22], [23], [24] 

Improved collaborative filtering algorithm based on 

RNN 
[26], [27] 

Other neural networks to improve collaborative filtering 

algorithms 
[29], [30], [32] 

 

3.1 Status of research on improved collaborative filtering algorithm based on CNN 

CNNs are often used in image research, but some scholars have found that applying 

CNNs to the natural language domain can also have good results. The CNN structure 

is shown in Figure 1. 

    

Fig. 1. CNN structure diagram 

Suppose in a paragraph, there are a total of N words and each word can be divided 

into k-dimensional word vectors, then based on this N*k matrix will be able to extract 

the information in it.Visa and Patel [21] used CNN for feature extraction and let the 

user and item perform matrix dot product operation to get the potential relationship 

between user and item, to compensate the problem of sparse data in the similarity 

matrix, and finally used collaborative filtering algorithm to get the recommended 

content, which improves the user recommendation satisfaction and is also used in the 

field of electronic transactions with good results. Wu et al [22] found that most of the 

content in the CNN improved collaborative filtering algorithm is used to process the 

auxiliary information of the recommendation system, and they proposed a CNN-DCF 

model to improve the application of collaborative filtering algorithm in 

recommendation, most of the previous work used matrix decomposition and inner 

product for feature extraction, but ignored the correlation between many potential 

factors, and deep neural forget performs well in building more complex nonlinear 

models, can effectively carry out implicit feedback problems, learns higher-order 

correlations between item potential features and user potential features, and the 

accuracy of recommendations is greatly improved. Chen et al [23] proposed a 

recommendation algorithm combining CNN and collaborative filtering, they used CNN 
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depth features to extract similarity sparse matrices and later sectioned with interaction 

matrices to construct a new network, the union of these two contents can make the 

recommendation receive the influence of both aspects and improve the 

recommendation performance. By virtue of the CNN's ability to extract things from 

relationships, Modi and Patel [24] used CNN to construct a model of popular products, 

analyze the seasonal attributes of popular products and their style characteristics, and 

incorporate the extracted content into collaborative filtering for e-commerce 

recommendations based on the wide application of collaborative filtering in the 

recommendation field, with good results. 

3.2 Current status of research on improved collaborative filtering algorithms based 

on RNN 

CNN solves the problem of feature extraction, and being able to extract features 

effectively is one of the important keys to recommendation. In addition, there is a 

more important and worthwhile research for recommendation, which is dynamic 

recommendation. Because the user's favorite content will change with time and new 

events around, this will lead to the user's interests at the key point of change is not 

extracted, and may even cause the recommendation system to misjudge, resulting in 

recommendation failure. 

Thus, many scholars around this problem found that RNN models in deep learning can 

be very effective in modeling short-term user preferences, and RNNs are able to 

process data temporally [25], which fits well with dynamic recommendations, and 

RNNs have become a deep learning model for serialized recommendations. For 

example, Kwon et al [26] went to improve collaborative filtering algorithm based on 

RNN, using information from users in consumption records, obtained users' interests 

over a period of time based on consumption time, and went to predict future 

preferences, giving more useful information to collaborative filtering, combined with 

collaborative filtering using embedding weight rebinding method to improve 

recommendation performance, able to recommend more in line with users in the 

present The combination of collaborative filtering with the embedded weight rebinding 

method improves the recommendation performance and can recommend content that 

better matches the user's expectations in the present. The long shot-term term 

memory (LSTM), which is a variant of RNN, as shown in Figure 2, is mainly used to 

solve the time-dependent method, and can better solve the dynamic recommendation 

problem. Kwapong et al [27] found that most of the current collaborative filtering 

algorithms do not analyze the context and do not consider the user's time preference. 

They correlated the sequence of user's online activities with the user's consumption 

and proposed a new model LSTM-RNN model using RNN combined with LSTM for 

sequential analysis and fused collaborative filtering algorithms for recommendation 
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result generation to improve the accuracy of recommendations. 

                                          

 

Fig. 2. LSTM structure diagram 

 

3.3 Status of research on other neural networks to improve collaborative filtering 

algorithms 

In addition to the two commonly used deep learning models mentioned above, there 

are many more models that can be used in the field of deep learning. Reinforcement 

learning [28] is a method that allows machines to learn automatically. It is mainly 

composed of Agent, Environment, State, Action and Reward. The training process, 

even if it is the process of getting the intelligence to work, works by transforming the 

environment to another new transient state and then rewarding or punishing based 

on that behavior depending on the current situation, thus guiding the machine step 

by step to the right place. Li et al [29] used the user's history and tags for vector 

construction, and used the reward and punishment mechanism of reinforcement 

learning to update the user's feature vector so that the machine can finally learn the 

user's interest vector and use the collaborative filtering algorithm for recommendation, 

which solves the data sparsity problem and the dynamic recommendation problem 

compared to the traditional collaborative filtering and improves the accuracy of the 

recommendation. Hyeseong and Kyung-Whan [30] constructed a path-based 

recommendation algorithm by introducing the Q-Learning model based on the 

knowledge graph, and used the Q-Learning model to train the paths in the knowledge 

graph to improve the efficiency of retrieving the knowledge graph and to solve the 

problem of difficulty in finding connections in the knowledge graph composed of users 

and items, and to improve the accuracy of recommendations. In addition to 

reinforcement learning, there are researchers based on other research, introduced to 

the application of intelligent information recommendation, generative adversarial 

networks (GAN) [31] is mainly used in image restoration, video restoration, and 

natural language has an important role. Chae et al [32], inspired by the application of 
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GAN model, proposed the CAAE model to improve the problem that the collaborative 

filtering algorithm based on matrix decomposition cannot extract deep interaction 

factors for nonlinear matrix data, and better results were obtained on several datasets. 

The problem with reinforcement learning is that the model is difficult to converge 

during training, and requires long training time and a large amount of user data fed 

into the system to be able to proceed, which is not very practicable. Therefore, the 

research in reinforcement learning is still in the exploration stage, and how to improve 

the convergence speed and feasibility of reinforcement learning is the first thing that 

must be done for deep reinforcement learning. 

 

4. Future Research Directions and Conclusion  

Nowadays, people's lives are becoming more and more diverse, and recommendation 

systems play a very important role in different fields to find the right data for each 

person from a very large amount of data. Therefore, many scholars have proposed a 

lot of improvements, which have been described in detail in the previous subsection. 

But for recommendation such as user-item interaction, i.e., user-user association, 

user-item association, and item-item association, CNN, RNN, etc. have difficulty in 

handling these non-Euclidean data [33], while on the contrary recommendation is 

more similar to what graph algorithms involve. In order to be able to extract deeper 

features, future recommendation algorithms should mostly use graph structures for 

processing data. However, large-scale GCN training is still a very big challenge, so 

improving the efficiency of GCN is also a future research worth doing. Conversation-

based recommendation algorithms are also an area that can be studied in the future, 

incorporating natural language processing and sentiment analysis into the 

recommendation system, so that the system can determine a person's preferences 

more intelligently, and capture the user's implicit preferences in a small amount of 

significant information interaction for recommendation. Finally, for the 

recommendation algorithm, interpretability is also one of its good or bad judgment, 

i.e., it enables users to understand why the content is recommended, so that users 

can feel at ease about the recommended content. 

In addition, at the application system level, the recommendation algorithm can be 

used for rental recommendation in the future, so that users can input some 

information about themselves when they rent a room, and the recommendation 

system can intelligently feedback the information of the room, so that users can get a 

better experience. 

This paper summarizes the advantages and disadvantages of traditional collaborative 

filtering algorithms and introduces the basic contents of collaborative filtering 

algorithms. It can be seen that the two most important parts of improving collaborative 
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filtering algorithms are solving data sparsity and solving the cold start problem. Most 

scholars currently use deep learning methods to improve collaborative filtering 

algorithms and have achieved some good results. They mainly take advantage of the 

ability of deep learning to extract implicit information, fill the final similarity matrix or 

perform matrix decomposition in collaborative filtering, update the similarity matrix, 

and then use the ease of collaborative filtering to quickly get the recommended results. 

Nowadays graph structure becomes a popular research, and it is found that 

recommendation is actually a graph structure, which is able to use knowledge graph, 

graph convolutional neural network and other techniques for processing non-Euclidean 

data for deep feature extraction and better performance of recommendation. Secondly, 

dynamic recommendation is also an important issue. There is no way to perform 

dynamic recommendation by traditional collaborative filtering, and deep learning 

models that can handle temporal data such as LSTM and GRU are used to extract 

relevant information at the temporal level, and then achieve dynamic recommendation. 

The integration of graph structure information extraction and dynamic 

recommendation will be an important research direction to improve collaborative 

filtering recommendation algorithm in the future. 
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