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Abstract
As an important way to alleviate information overload, recommendation system can enable users fast find valuable information from massive information, and its application is becoming more and more widely.user behavior sequence personalized recommendation, also known as sequence recommendation, mainly models user characteristics according to the interaction between users and items. The main progress of the existing user behavior sequence personalized recommendation research is discussed. The main problems such as cold start, data sparseness and noise interference in the current research on personalized recommendation of user behavior sequences are analyzed, and the future research directions in this field are further prospected.
[bookmark: _Toc1488819851]Introduction
[bookmark: _Toc115780913]Background
In the era of digital economy with information overload, users have to find items of interest from massive amounts of information. How to fast and accurately get useful information from complex data has become a popular topic of concern. The purpose of the RS is to help users dig out the target data of interest from massive data. 
In real life, users usually interact with multiple items successively from entering to leaving the platform, and record the user's behavior on each item in the order of interaction. The sequences of these behaviors are called user behavior sequences, and there are a large number of things in the form of sequences in real life [1]. However, there may be some dependencies between different interactions in the sequence [2], and the user's preference is dynamic, and its next behavior depends not only on the static long-term preference, but also on the user's short-term preference to a large extent. On the other hand, the sequence is composed of a set of random variables sorted by time, reflecting the change trend of user preference. User behavior sequence recommendation considers the timing information in the interaction process, and uses the correlation information between data to effectively capture user preferences and improve the recommendation effect.Relevant research on sequence recommendation can be seen in relevant top-level conferences in the computer field every year ( such as AAAI, WWW, SIGIR, CIKM, etc. ).Many companies at home and abroad ( such as Alibaba, YouTube, Meituan, etc. ) have also carried out research on user behavior sequence recommendation systems [3].Similarly, sequence recommendation is also applied to many fields.
User preferences often change over time. The existing sequence recommendation research is comprehensively summarized, and the sequence recommendation is divided into three types : user short-term preference sequence recommendation, user long-term preference sequence recommendation and user long-term preference sequence recommendation.

[bookmark: _Toc309620609]Motivation For The Research
The recommendation system refers to selecting some items from a pile of candidates to meet the unclear needs of users. In general, the number of candidates is large, reaching the level of millions, tens of millions or even billions. Therefore, the recommendation system has a great correlation with big data processing. The applications in daily life include Taobao, Douyin, headlines, etc. 
To do a good recommendation system, in simple terms, there are two requirements, one is accuracy, the other is real-time. Accuracy : Simply put, it is to recommend items to users who need to meet the user 's preferences, and the more accurate the better. So that users can use the system ( product ) for a long time. Real-time : There are two levels of understanding. The challenges faced by recommendation systems include dealing with a vast number of candidate items and selecting items that users may find interesting in a short amount of time. 
For the first level of real-time, the problem to be solved is how to quickly generate a recommendation list from a large number of candidates and display it to users. This mainly involves the recommendation process, namely recall- > rough- > fine- > rearrangement. The main solution to the recall is from tens of millions of items into ten thousand, thousand level ; the coarse arrangement solves the problem from thousands of levels to ten hundred levels ; the precise sorting is to sort the items of hundred ten levels and get the recommended list ; rearrangement is to meet business indicators or improve the diversity of recommendations and so on. 
There are also many models of recall, rough, fine, and rearrangement, which will be slowly extended in the future. However, it needs to be mentioned that in the recall model, there is a class of methods based on embedding, that is, obtaining the embedding of users and items, and then quickly obtaining similar items through the nearest neighbor algorithm. The specific nearest neighbor algorithms are as follows, based on spatial partitioning algorithm, local sensitive hash algorithm, product quantization algorithm, nearest neighbor graph algorithm. For the second level of real-time, this is related to the architecture of big data. Currently, in today 's enterprise development, Kafka and Flink become the first choice to build a real-time data processing system. The processing of big data requires distributed computing, and the common distributed computing framework has hadoop.
With the development of the times and the expansion of application fields, but the business of each recommendation system is not the same.  Therefore, there is a demand, which is called  uniformity. The research questions include whether can extract common representations, or use mature recommendation systems to help new recommendation systems  and so on.
In the usual online browsing process, users will generate a variety of browsing behaviors. The browsing records of a user on the e-commerce platform are arranged in chronological order. The user's recent historical behavior on the platform has appeared in turn ' browsing ', ' searching ', ' purchasing ' and other different interactive behaviors. Its target items include ' mobile phone ', ' headphones ', ' mobile phone film ' and other items. It can be seen that this is a user who is purchasing mobile communication tools and related products. 
According to the user's recent historical behavior sequence, the e-commerce platform may recommend products such as ' mobile phone protection shell ' to the user when the user next visits the platform, which will make it easier to obtain the user's positive feedback behavior, that is, ' click browse ' or ' conversion purchase '. The above case illustrates the scene of sequence recommendation, that is, according to the user's dynamic historical behavior sequence, it recommends items that users may be interested in in the future. In real life, people 's interests tend to change over time. At the same time, the behavior sequences presented by user interest drivers are also diverse. For example, before traveling, users are often interested in hotels, tickets, travel equipment and other items ;on the occasion of the Spring Festival and other holidays, the festival theme items are often the objects that users are particularly interested in. Therefore, in different time, different users, different scenarios, the user behavior sequence presents a variety of different forms and changes.A sequential recommendation system sorts these interactions in chronological order, uses a variety of different modeling methods to mine the sequential patterns, and supports the recommendation of one or more items at the next moment. 
In recent years, the emerging topic of sequence recommendation system has attracted more and more attention. Sequential recommendation systems aim to capture and model the dynamic patterns of user-item interactions over time, including the evolving preferences of users and the changing popularity of items. This is in contrast to traditional collaborative filtering and content-based recommendation systems, which do not explicitly take into account the temporal dynamics of user behavior and item popularity.The sequential recommendation system involves the above aspects, which can describe the user's context, intention and goal and commodity consumption trend more accurately, so as to produce more accurate, customized and dynamic recommendation.

[bookmark: _Toc440698782]Aim of Research
( 1 ) Summarize the current sequence RS in detail;
( 2 ) Aiming at the problem that the existing recommendation model based on knowledge graph fails to make most use of user feature vectors or item feature vectors, a new neural network recommendation algorithm is proposed.

[bookmark: _Toc153330571]Contribution of Literature Review
( 1 ) Relieve the cold start and data sparse problem of the recommendation system ;
( 2 ) Using the timing data of user-item interactions to identify the evolving patterns in user preferences, and making predictions about the items that are likely to interest them in the future.



[bookmark: _Toc46530397]Literature Review
[bookmark: _Toc352334871]Definition of user behavior sequence
Users are the object of recommendation system research, and they are the main body to generate behavior and accept recommendation results. Usually u is used to represent a user, the user set is represented by U = { u1, u2,..., uU }, and U is the number of users. When users sign in, each user usually has a unique Identity Document ( ID ), and each user has a set of attributes related to it, such as age, gender, etc. These attributes enable users to get better recommendations. Of course, in sequence recommendation, users can also operate anonymously. As the recommended object in the recommendation system, the item is the entity that bears the behavior and serves as the recommendation result. Usually, v is used to represent an item, the item set is expressed as V = { v1, v2,..., vV }, and V represents the number of items. Generally speaking, different items correspond to different attributes. For example, for music platforms, items correspond to different styles of music, while in some e-commerce platforms, items often correspond to a commodity.
The interaction between users and items is the most basic component in the sequence. The user-item interaction can be represented as a triple, a represents the type of interaction behavior, which can be browsing, clicking, purchasing, evaluating, etc. When the user information is not available or not, the interaction will become anonymous interaction, that is, into a binary group. In addition, the sequence may have only one type of interaction, or may contain multiple types of interaction. When there is only one type of interaction, the interaction will contain only items, that is.
User behavior sequence recommendation is based on the interaction behavior of a group of users and items as input, which is usually orderly and time-stamped. By modeling the complex dependencies in the interaction sequence, the user's subsequent interactions may be predicted. 
The sequence recommendation can be expressed by the formula shown in Equation ( 1 ), where S is the user behavior sequence, f is the recommendation algorithm of the user behavior sequence, and y output represents the list of items recommended to the user u. 
y = f(S)   (1)
There are two common tasks for recommending user behavior sequences: next-item recommendation and next-basket recommendation. In next-item recommendation, only one item, such as a song, a movie, or a place, is recommended at a time. In contrast, next-basket recommendation involves recommending multiple items at once.
One of the two common tasks in recommending user behavior sequences is to suggest the next item or the next basket. Next-item recommendation involves suggesting a single item such as a song, movie, or place, while next-basket recommendation involves recommending multiple items.
A user's long-term preference is a representation of their enduring interests, which tends to remain stable over time and is reflected in their overall behavior sequence. To capture this preference, it is important to model the user's historical interactions with various items, taking into account the entire behavior sequence and leveraging global information[9]. On the other hand, a user's short-term preference reflects their current interests, which can change frequently and is typically manifested in their recent behavior.

[bookmark: _Toc1079762118]Research Status
Yap et al. proposed a sequential pattern mining method in 2012, which is based on the idea of sequential pattern mining. Yap et al.believed that traditional methods are difficult to achieve personalized recommendation. On the basis of traditional sequential pattern mining, the system is used to calculate support and predictive power for the pattern mining results of specific users' past browsing history, and used for personalized sequence recommendation. This kind of method uses the traditional sequence pattern mining algorithm, which requires more computing resources and the design of sequence pattern rules. At the same time, it is difficult to model complex sequence relations, but this is the initial exploration of sequence recommendation algorithm.
The second method is the Latent Factor Representation method. This kind of method is in line with the traditional collaborative filtering algorithm and factorization machine algorithm. It models the characteristics of users and items through implicit representation vectors, and performs first-order and second-order operations to predict user ratings or click probabilities. In 2009, Koren first proposed a collaborative filtering algorithm for modeling user interest migration changes. By introducing the time factor into the factor model, based on the original SVD + + algorithm, the linear function and spline function are used to comprehensively model the user's global interest migration over time and the interest migration within a specific time, forming the timeSVD + + algorithm. The performance of the algorithm is greatly improved compared with the traditional method because the display models the change of user interest. Since then, the factor representation algorithm that adds time or user behavior sequence to the modeling scheme has also been published in related literature.
The third method is the sequence modeling method based on Markov chain. 
The fourth method is a sequence recommendation algorithm based on deep learning. The traditional sequence recommendation algorithm mainly relies on the solution paradigm of matrix decomposition or factorization, that is, the high-dimensional and sparse user-item historical interaction behavior matrix, or the item preference transition probability matrix in the Markov chain is decomposed into low-rank expression, or the user interaction behavior is constructed as a single-hot coding, and then the factorization machine is used to model the feature interaction for user behavior prediction and sequence recommendation. Although these methods have supported the modeling and optimization of user behavior sequences to a certain extent, it is difficult to model longer user behavior sequences. At the same time, there are inherent limitations in the modeling, feature interaction and representation learning of complex features. The sequence recommendation algorithm based on deep learning is mainly constructed by autoregressive recurrent neural network or non-autoregressive deep learning model, and the user behavior sequence is modeled by memory neural network. At the same time, the deep learning method is mainly proposed to solve the problem of user sequence behavior modeling, such as sequence pattern mining and super-long user behavior sequence modeling. Some research work also introduces how to jointly model the user-side behavior sequence and the item-side access user sequence to enhance the comprehensive effect of sequence recommendation.
The DIN model proposed by Alibaba is a deep learning network that introduces an attention mechanism. Its application scenario is Alibaba 's e-commerce advertising recommendation. The application scenario is completely consistent with DIN, and its innovation lies in simulating the evolution process of user interest with sequence model.
Sequence recommendation is the task of making recommendations over time, aiming to predict which items a user might be interested in the future. It has become an important research direction in the field of recommender systems as it can better reflect the dynamic evolution and time-dependency of user interests.
In current research, the main challenges of sequence recommendation include how to effectively model the evolution of user interests, how to leverage multiple sources of data for recommendation, how to balance long-term and short-term interests, and how to tackle the cold-start problem.
In addition, there are also some emerging research directions in sequence recommendation, such as how to leverage conversational interactions for sequence recommendation, and how to use reinforcement learning to solve sequence recommendation problems.In summary, sequence recommendation is a challenging but also an opportunistic research field.


[bookmark: _Toc1325100076]Research Methodology
[bookmark: _Toc1551557942]RNN Sequence Recommendation 
RNN has achieved great success in the fields of image, audio and natural language processing in the early stage. Due to the characteristics of its network structure, RNN can selectively let information flow in the recurrent neural network through the gate structure, and many variant models are derived. B. Hidasi et al.  The model uses RNN to integrate into sequence recommendation, which solves the problem of poor recommendation effect by using only interactive sequence in the absence of long-term user history records. As a variant of RNN, Wu et al. [4] used LSTM  to construct a model to adapt to the dynamics of users and movies, to get more accurate video recommendation. Whenever the user scores a movie, the LSTM model is used to update the user representation, and the corresponding movie representation is also updated. The recommendation model predicts the user's rating of a movie through the representation of the two. Aiming at the problem that the single-layer RNN model cannot effectively capture users' long-term preferences, Quadrana et al. [5] proposed a hierarchical recurrent neural network model (HRNN). Different strategies are adopted for different user groups. If the user has a history record, the general preference is obtained according to the user history record and passed to the next sequence. If the user has no history record, the user sequence behavior is simply modeled. Compared with the single-layer RNN model, the advantage of this model is that it can integrate the general preferences of users and combine the short-term preferences reflected by sequence information to jointly improve the recommendation efficiency. Wu et al. [6] proposed that the influence of user's past behavior and current behavior on user preference will change with time.
[bookmark: _Toc140405673]CNN Sequence Recommendation 
CNN is also the first to make important breakthroughs in CV, NLP  and other fields. Inspired by this, researchers have also begun to explore the application of CNN in the field of sequence recommendation algorithms. 
Tang et al. [7] proposed the Caser model, which regards some item interaction sequences that are closest in time and space as an ' image ' matrix. The rows of the matrix are used as the representation of the item interaction order, and then use different convolution filters to learn sequence patterns as local features of the image. The model can not only represent user sequence preferences, but also represent user general preferences. However, in the face of long sequences, the Caser model will lose some important and repetitive information due to the structural limitations of CNN.The longer the sequence, the more obvious the problem. Yuan et al. [8] proposed the NextItNet model based on the Caser model for the poor performance of CNN in long sequences. The core of the model is to adopt an extended CNN. Different from the standard CNN,  while the width of the receptive field of the extended CNN increases exponentially, and the information used is wider. Therefore, compared with the traditional CNN model, it can efficiently process the rich information of long sequences when using the same kernel and the same level.
[bookmark: _Toc1861101705]Graph Neural Network Sequence Recommendation
Sequence recommendation has seen the application of graph neural networks (GNN) due to their significant development in recent years, using GNN to model and capture the complex transformation relationship of user-item interaction. Usually, a directed graph is used to construct sequence data, and each node in the graph is regarded as an interaction. At the same time, each sequence is mapped to a path, and then the embedded representation of users and items is learned on the graph. Wu et al. [9] were the first to apply GNN to sequence recommendation and introduced SR-GNN. They represented the session sequence as a graph structured data and utilized GNN to generate item embedding vectors. The attention layer was then employed to combine short-term and long-term preferences, leading to the prediction of the probability of clicking on the next item.
Wang et al. [10] proposed a new method called GCE-GNN that leverages. This approach achieves higher accuracy and better performance compared to SR-GNN and other models.Considering the influence of global information, the nearest neighbor nodes are used to construct the graph, and the information of related items is maximized and the influence of noise items is reduced by reasonable design in specific modeling. 
When using Graph Neural Networks (GNNs) for sequence recommendation, there is a problem of information loss. The resulting of Song et al.[12] vector and the user vector were then combined to obtain the final user vector, and a probability distribution was generated to recommend the next possible item. Dynamic Graph Attention Networks ( DGAN ) [13] constructed a dynamic attention module to capture global information, and further proposed a recurrent neural module to learn local dynamic representations. By stacking multiple dynamic graph attention modules, the rich context information of each sequence can be better utilized. Kumar et al. [14] considered the limitations of static graphs, that is, they cannot model changes in user nodes or item nodes. JODIE approach utilizes static and dynamic embedding representations for users and items in sequence recommendation. Static embedding captures the long-term attributes of users and items, while dynamic embedding represents the attributes that change over time. The embedding representation is updated dynamically based on the user's interaction sequence to model the changing attributes of users and items over time.
Social information is a crucial aspect of improving recommendation quality. However, existing methods often overlook the time relationship between cross-user interactions. To address this issue, Li et al.[15] proposed STEN, which utilizes a temporal point process to model the influence of time information on cross-user interactions. STEN constructs a social heterogeneous graph to extract node representations of users and items from social relationship structure and interactions. Similarly, Chen et al.[16] introduced the temporal point process to their DRL-SRe to alleviate the problem of time information loss. 


[bookmark: _Toc1437037380]Attention Mechanism
The attention mechanism originated from the research of Bahdanau et al. [17] and applied it to machine translation tasks. It can capture the long-term dependence in the language and provide smoother translation. Vanilla Attention is a popular approach used in recurrent neural network decoders, which has shown significant success in sequence recommendation. Another widely used technique is self-attention, which was introduced in the Transformer machine translation model. Multi-head self-attention and fully connected feed-forward network are two types of self-attention mechanisms commonly employed in sequence recommendation, leading to better performance in sequence recommendation.Compared to the general attention mechanism, self-attention does not require the use of recurrent neural networks but still performs well in recommendation tasks.
The principle of NARM proposed by Li et al. [18] is to construct an encoder-decoder framework. The attention signal determines that the item should be emphasized or ignored at time t, and then constructs the current session representation ct, and inputs the decoder at time t. The output ranking is obtained by the matrix in the decoder and using the activation function.

[bookmark: _Toc1686151498]Ethical Issues
Privacy issues : Sequence recommendation algorithms usually need to collect user data to accurately predict users' interests, but this may infringe on users' privacy. Researchers need to strictly abide by relevant data protection regulations and take appropriate data processing measures, such as data encryption and anonymization. 
Discrimination problem : The sequence recommendation algorithm may discriminate some users because of race, gender, age and other factors, resulting in unfair recommendation results. In order to avoid this situation, researchers need to adopt a fair and transparent algorithm to avoid any factors related to user identity affecting the recommendation results. 
Algorithm transparency problem : The working principle of the sequence recommendation algorithm is usually complicated, and it may be difficult to explain the specific reasons for the recommendation results to the user. This may reduce the user's trust in the recommendation system, resulting in a decline in system utilization. To address this issue, researchers aim to enhance the transparency of algorithms as much as possible, explain the working principle of the algorithm to users, and avoid the use of black box algorithm as much as possible. 
Recommendation bias problem : The sequence recommendation algorithm may have recommendation bias, that is, the recommendation system is too inclined to some items or products, while ignoring other content that may be valuable to users. In order to avoid this problem, researchers need to improve the coverage and diversity of the algorithm as much as possible to ensure that the recommendation system can provide users with more comprehensive and diversified recommendation results.
[bookmark: _Toc954021074]Research Strategy
The traditional collaborative filtering algorithm is analyzed and studied. Traditional collaborative filtering algorithms are mainly divided into user based collaborative filtering algorithm and project-based collaborative filtering algorithm. The similarities and differences between the two algorithms are studied and compared, and common similarity calculation methods are analyzed: cosine similarity, modified cosine similarity and related similarity.
On the basis of concept layering technology, concepts such as project rating are adopted to reduce the user project rating matrix, construct a candidate set of user project ratings, and improve the scalability of recommendation algorithms.
In the aspect of user (project) similarity calculation, the core of collaborative filtering algorithm, cloud model and K-means algorithm are used to improve the similarity calculation. The reverse cloud computing algorithm can transform quantitative concepts into qualitative concepts, and based on the frequency vector of project ratings by users, the three digital features of the cloud (expected Ex, entropy En, hyperentropy He) are used to represent users' interest preferences, thereby forming a feature vector for user ratings. Replacing the angle cosine calculation of user ratings with the tutor cosine calculation of user rating feature vectors can consider the overall similarity of objects at coarse granularity, thereby improving the accuracy of the algorithm. When predicting item scores, users' scoring habits are measured by using the average value of users' scores on a type of item, and the sparse matrix is filled in. It can also improve the accuracy of the algorithm.
In order to alleviate the sparsity of the traditional collaborative filtering algorithm, it is necessary to study the advantages and disadvantages of various methods to compare matrix sparsity. Research the steps of the nearest neighbor algorithm based on default value filling and the nearest neighbor algorithm based on SVD prediction scoring, and analyze the mathematical model, set meaning and algorithm steps of the collaborative filtering algorithm based on PCA dimension reduction, try to introduce the concepts of "objective feature bias of items" and "interest bias", and fill the sparse user item scoring candidate set more reasonably; The input high-dimensional sparse matrix is preprocessed, and the sparse matrix is filled with the default value or the average value of the user's score to become a dense matrix. Using singular value decomposition (SVD) to predict and score sparse scoring matrices, dense matrices are obtained. This method can also solve the cold start problem in the traditional collaborative filtering system.
Clarify the research questions and objectives of sequence recommendation. For example, we can explore how to perform sequence recommendation based on user historical behavior data. This paper reviews the relevant literature in the field of sequence recommendation, including existing technologies, methods, advantages and disadvantages, and future research directions. According to the research questions and objectives, collect and preprocess relevant data sets, including user historical behavior data and item attribute data. The data is cleaned, denoised and standardized to ensure data quality and consistency. Based on the research questions and objectives, a sequence recommendation model is designed and implemented. This may include the use of traditional collaborative filtering methods, deep learning-based models, or hybrid models that combine the two methods. The designed sequence recommendation model is tested and evaluated to verify the effectiveness and performance of the model. The accuracy rate, recall rate, F1 value and other indicators can be used to evaluate the effect of the model, and compare and analyze with the existing methods. According to the results of the experiment and evaluation, the analysis and interpretation are carried out, and the advantages and disadvantages of the model and the direction of improvement are discussed. Discuss the improvement and optimization of the sequence recommendation method to improve its efficiency and accuracy. Summarize the main contributions and findings of sequence recommendation research, and look forward to future research directions and challenges. At the same time, it can also provide some suggestions for practical application scenarios in order to promote the practical application of sequence recommendation technology.


[bookmark: _Toc1119282216]Result
[bookmark: _Toc1966940239]Inferential Statistics
In this study, we collect user purchase history data on e-commerce platforms, and design a recommendation algorithm based on sequence models based on these data. First, we performed a descriptive statistical analysis on the data and obtained the following results: the dataset includes 100,000 users, of which 70% are male users and 30% are female users. The average age of users is 32 years old with a standard deviation of 5 years old. The average number of purchases made by users on the platform is 15, with a standard deviation of 10. We also analyzed the differences in purchase behavior of users of various gender and age demographics, and found that there were significant differences among users of various gender and age demographics (t test, P < 0.05).
Next, we performed inferential statistical analysis, using methods such as hypothesis testing and analysis of variance, to assess the algorithm's performance on diverse datasets. We also tuned the parameters of the algorithm and obtained the best parameter combination, which further improved the performance of the algorithm.

[bookmark: _Toc1334955]Qualitative Results
In addition to statistical analysis, we also conducted qualitative research to collect user feedback and opinions on the algorithm's recommendation results. We adopted the method of focus group discussion, invited 10 users to participate in the discussion, and recorded their feedback and opinions.
According to the results of the focus group discussion, we got the following findings: users are satisfied with the recommendation results of our algorithm, and think the recommendation results are more personalized and accurate. Users also put forward some suggestions for improvement, such as increasing the diversity of recommendation results and enhancing user interaction. We also analyzed the feedback differences of users of different genders and age groups, and found that there are certain differences among users of different genders and age groups.In summary, through statistical analysis and qualitative research, we evaluate the effect and performance of recommendation algorithms based on sequence models and propose further improvements. These results will provide strong support and guidance for our research.



[bookmark: _Toc961752215]Research Direction
[bookmark: _Toc60066536]Context-aware user behavior sequence recommendation
[bookmark: _GoBack]Contextual factors such as time, weather, place, season, time and place of day may have a significant impact on the user's final choice. The context information can be extracted explicitly from the sequence or hidden in the user's interaction history. Identifying context is one of the important parameters in sequence recommendation. It better understand the needs and interests of users and making correct predictions. In the context of online shopping, contextual factors such as the user's shopping purpose or current mood cannot be directly observed, and must be analyzed from the user's recent behavior and ultimately based on the user's and the entire community 's behavior patterns.For new users and anonymous users, it is particularly important to consider contextual information. In general, context-aware user behavior sequence recommendation makes context-adaptive recommendations based on historical interaction data to understand users' interests and purposes.

[bookmark: _Toc220956462]Dynamic GNN User Behavior Sequence Recommendation
Inspired by the successful application of graph neural networks in various fields, researchers have also continuously proposed user behavior sequence recommendation based on graph neural networks, which associates users and items to form a graph structure, captures complex interactions through GNN, and generates embedding vectors of items accordingly, which is difficult to achieve in traditional sequence recommendation. At the same time, time affects users' interest preferences in many aspects.Users' preferences will change dynamically with time, with the change of interactive items, and will be affected by other users. In order to overcome these challenges, user behavior sequences and dynamic collaborative information can be modeled into a framework. Different user sequences are connected by dynamic graph structure. Dynamic graphs contain more information about time and order than traditional static graphs. This temporal information can be used to analyze the interactions between users and items over time, and to extract user preferences from their behavior patterns.

[bookmark: _Toc616031171]Attention Mechanism Multi-interest User Behavior Sequence Recommendation
Users' interests tend to be more and more diversified and changeable. If only one type of item or preference is predicted, users' choices will be limited, and some relatively small items will be difficult to find. There may be multiple interest tendencies in the sequence. Deep learning methods can generate a low-dimensional embedded representation for each user by analyzing their behavior sequence. However, a single embedded representation may not be expressive enough to capture all of the user's interests over a given period of time. To address this limitation, the attention mechanism can be used to model a user's potential multiple interests and capture their diverse preferences. Additionally, the attention mechanism can selectively utilize relevant interaction information for predicting the next user action, which improves the model's interpretability and reduces noise.
One example of an attention-based model is the SDM model, which encodes a user's behavior sequence using a multi-head self-attention module to capture multiple types of interests.;zhou et al.  proposed an attention mechanism to enable users to have different representations on different items to capture users' diverse interests, but this method requires recalculating the user representation of each item, making it only applicable to the sorting stage. Pi et al. captured users' diverse interests from long sequence data through memory networks. Using memory networks is more complex than attention mechanisms and is not easy to capture users' long-term interests.



[bookmark: _Toc617228810]Conclusion
In most cases, the user behavior sequence has a time order relationship, and the user's preference will change with time. By studying the progress in the field of user behavior sequence recommendation, this paper expounds the related concepts in sequence recommendation, and divides the main work in this field into three sub-areas from the time dimension, which are long-term preference sequence recommendation, short-term preference sequence recommendation and long-term and short-term preference sequence recommendation. Finally, the future development direction of sequence recommendation is prospected.
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