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[bookmark: _Toc145419617]Abstract
A recommendation system is a powerful tool that can help users better browse and utilize various contents in the era of information explosion. Its core task is to analyze and model users' historical behaviors, use these behavioral data to learn users' interests, and generate personalized recommendation suggestions. This not only helps to reduce the potential negative impact of information overload, but also significantly improves the overall user experience. A key challenge is that user behavior typically occurs in a certain order, with contextual dependencies between the preceding and following interactions. That's why sequence recommendation has become a hot research direction in the field of recommendation systems. The goal of sequence recommendation is to better understand users' interests and predict their future interaction behavior by modeling temporal dependencies in interactive sequences. However, although sequence recommendation has been widely studied and applied, there are still some issues that need to be addressed. Firstly, existing methods often find it difficult to simultaneously consider the dynamic changes in users' short-term interests and the global stability of long-term interests. This means that we need to better capture the evolution of users' interests over different time periods to provide more accurate recommendations. Secondly, existing methods often fail to fully model the complex dependency and transfer relationships between items in short-term sequences when learning user interests. This means that we need a more intelligent method to understand the reasons why users choose different projects at different time points, in order to better predict their next behavior. In addition, existing methods have not fully considered the differences in user preferences for different project features. Some project features may be more important to users, but existing methods do not distinguish the importance of these features well, resulting in a certain amount of information loss. To address the above issues, this article proposes a sequence recommendation algorithm based on self-attention mechanism. In short-term interest modeling, the introduction of self-attention mechanism allows us to calculate the importance of other projects to the current project in parallel, thereby better measuring the correlation between different projects. This helps us better understand the short-term changes in users' interests. Meanwhile, in terms of long-term interest modeling, we adopted a user based gated network to extract project features that users focus on in the long term. This helps to better capture the global interests of users, thereby improving the accuracy of long-term interest modeling. Ultimately, we combine short-term and long-term interests to more accurately predict users' future interaction behavior. The experimental results show that compared with other methods, the method proposed in this paper exhibits higher recommendation accuracy on the dataset, providing strong support for further research and application in the field of recommendation systems. This study provides new ideas and methods for the future development of recommendation systems, with the potential to improve user experience and better meet user needs.
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[bookmark: _Toc145419619]CHAPTER 1: INTRODUCTION
In the era of the Internet and information explosion, individuals are granted effortless access to an abundance of online resources and a wealth of information, thanks to the rapid growth and ubiquity of the World Wide Web. In this digital age, people wield the power of mobile devices to connect to the Internet at any time and from any location. While relishing the convenience bestowed by this wealth of information, users are not immune to its drawbacks. During their regular online browsing, users engage in a diverse array of browsing behaviors. For example, a particular user's browsing history on an e-commerce platform is organized in chronological order by occurrence time. The user's recent activities on this platform encompass various distinct interaction behaviors, such as "browsing," "searching," and "purchasing." Their targeted items encompass products like "mobile phones," "headphones," and "phone screen protectors." Evidently, this individual is a user in the process of considering and purchasing mobile communication devices and related commodities. The sheer volume of available options can overwhelm users, making it a daunting task to pinpoint the information that truly aligns with their specific needs. Consequently, the demand for a precise and efficient recommendation system has arisen. Such a system plays a pivotal role in aiding users in their quest to discover and select information and content that resonates with their genuine interests and requirements. The ultimate objective is to elevate and enrich the user experience. Exceptional recommendation systems are essential for major players in the realm of the Internet, as they enable these companies to delve into users' preferences and interests, facilitating personalized recommendations that heighten user satisfaction. This, in turn, bolsters user retention, expands user bases, and augments company revenues. Presently, prominent commercial entities in the Internet sector have seamlessly integrated recommendation systems into their core operations. E-commerce giants like Amazon, Taobao, and Jingdong leverage these systems to curate and suggest products to users, thereby boosting transaction volumes. Likewise, in the domain of video content, leading video platforms and applications harness recommendation systems to propose videos to users, thereby increasing viewership figures.
Conventional recommendation algorithms predominantly rely on techniques such as matrix factorization and collaborative filtering. These methods typically revolve around capturing user interests through either explicit or implicit interactions with items, with recommendations stemming from users' ratings of those items. These traditional recommendation algorithms primarily aim to discern users' overarching preferences while neglecting the impact of interaction sequences on user interests. In practice, an exploration of user interaction history reveals that user actions often exhibit a sequential pattern, with dependencies existing between preceding and subsequent interactions. For instance, consider a user who purchases a mobile phone and a protective case; their subsequent action may entail buying a screen protector. This exemplifies the order-dependent nature of user consumption behavior, where previous actions significantly influence what comes next. Over time, users' interests and preferences for items can also evolve, influenced by a myriad of factors. For instance, someone who once favored science fiction movies may transition to enjoying comedy and action films after a period. Consequently, the modeling and analysis of the dynamic fluctuations in user interests assume a pivotal role in furnishing precise and pertinent recommendation suggestions.
Over the past few years, there has been a notable surge in interest among researchers and extensive adoption in both academic and industrial realms for the field of sequence recommendation. This paradigm places the user's interaction history in the spotlight, leveraging it as the primary input. The objective is to glean insights into the dynamic evolution of user interests by meticulously examining the inherent order dependencies within the interaction sequences. Armed with this understanding, sequence recommendation endeavors to forecast the items with which users are likely to engage next and subsequently compiles personalized recommendation lists for each user.
A significant proportion of prior sequence recommendation algorithms have been rooted in traditional machine learning approaches, with the Markov chain model standing out as the most prevalent among them. In the context of a recommendation system founded on the Markov chain model, sequential data is treated as a stochastic process characterized by discrete time intervals and discrete states. This model delves into the user's sequential behavior by acquiring insights from the transition diagram between items. The Markov chain-based approach can be categorized into two main variants: the first-order Markov chain model, which posits that a user's subsequent interaction relies solely on their current interaction, and the high-order Markov chain model, which accounts for the intricate dependencies between a user's future interactions and their prior interactions. Nonetheless, there are inherent limitations to employing the Markov chain model for sequence recommendation. Notably, this approach is constrained in its ability to capture dependencies between items within lengthy sequences, rendering it less suitable for modeling complex sequences where the influence of distant interactions is significant.
In recent years, the integration of deep learning techniques into various domains of artificial intelligence has ushered in fresh avenues and cutting-edge technologies for advancing recommendation systems. Deep learning, in particular, has demonstrated exceptional prowess when it comes to handling sequential data, offering models that are not only powerful but also more interpretable. As a result, an increasing number of deep learning methods and models are finding application in the realm of sequence recommendation. One key innovation lies in the adoption of recurrent neural networks (RNNs). These networks allow the propagation of hidden states from one time step to the next, with each current hidden state encapsulating valuable historical information from all preceding time steps. This stands in stark contrast to the limitations inherent in Markov chains, which struggle to capture the intricate relationships between items in lengthy interaction sequences. By leveraging the information transmission process within network units, RNNs adeptly model item relationships within interactive sequences, enabling them to discern and adapt to changing user interests over time. Furthermore, the incorporation of attention mechanisms within these deep learning models has proven instrumental. These mechanisms empower the model to selectively weigh and retain interaction data that is truly pertinent to the ultimate prediction, effectively minimizing the influence of extraneous and redundant information. Consequently, the introduction of attention weights imbues the model with heightened interpretability, facilitating a clearer understanding of its decision-making process.
In essence, this article embarks on an exploration of sequence recommendation algorithms anchored in the realm of deep learning. It sets out to leverage the formidable capabilities of deep learning methodologies and techniques to unearth intricate temporal dependencies among items within interactive sequences. By delving into the multifaceted dynamics of user behavior, the goal is to craft a holistic model that encapsulates the evolving panorama of user interests. In doing so, the article aims to distill user interest representations that are both discerning and precise.
Ultimately, the culmination of this endeavor is the creation of personalized recommendation lists tailored for each user. These lists draw upon the acquired user interests and preferences to deliver recommendations that are not only accurate but also trustworthy, thereby augmenting user satisfaction and enriching their overall experience.

[bookmark: _Toc145419620]CHAPTER 2: LITERATURE REVIEW
In the information age, a large amount of information is flooding the network. The purpose of the recommendation algorithm is to help users select the target data that users are interested in from the massive data. A large number of websites have begun to apply the corresponding recommendation algorithm to help recommend their products or services, and achieved good results. The traditional recommendation algorithm is more inclined to model the user-item behavior in a static way, and obtains the user 's long-term general preference. In real life, the user 's preference will be short-term and non-persistent. The sequence recommendation algorithm regards the interaction between users and items as a dynamic and continuous sequence. It has a certain order, which can effectively capture the short-term preferences of users and significantly improve the recommendation effect.
Content-based, collaborative filtering, and hybrid recommendation algorithms are the three basic types of classical recommendation algorithms. The content-based recommendation algorithm generally relies on the relevant knowledge of natural language processing. By calculating the vector feature representation of the item, the user 's preference is obtained, and similar items are recommended. The recommendation effect of the algorithm mainly depends on the modeling effect of the item feature vector. The collaborative filtering algorithm has become the most widely used algorithm in the recommendation algorithm because of its simple engineering implementation and good recommendation effect. However, it also has some problems that affect the recommendation effect, such as the ' cold start ' problem with too little data, the inability to express instantaneous preferences, etc. The hybrid recommendation algorithm is an algorithm that integrates a variety of recommendation technologies in order to improve the recommendation effect. Most of the current recommendation algorithms mainly integrate deep neural networks and collaborative filtering, which can mainly improve the recommendation effect, and can also solve the drawbacks of collaborative filtering algorithms to a certain extent (data sparse, lack of personalization, etc.).
Because of its modeling of behavior sequence, the recommendation algorithm of sequence is more biased towards the user 's current instantaneous and short-term preference without too much long-term preference, so as to obtain better recommendation effect. For example, users used to like foreign mobile phone brands, but with the current rise of domestic mobile phone brands, users began to pay more attention to domestic mobile phone brands, a large number of browsing attention to domestic brand mobile phones. The traditional recommendation algorithm is difficult to obtain the rapid change of user interest, and the sequence recommendation can capture the user 's dynamic preference through the interaction between the user and the item.
[bookmark: _Toc145419621]2.1 Sequence Recommendation based on Traditional Recommendation Algorithm
As a branch of the recommendation algorithm, in the early stage, the researchers applied the mature and classical traditional recommendation algorithm directly to the sequence recommendation. Collaborative filtering is the most widely used algorithm in recommendation algorithms, and latent factor representation model and embedded representation are typical representatives. The latent factor represents that it first obtains the potential representation of users and items through decomposition learning, and then uses the obtained representation information for prediction. The embedded representation inputs the potential representation obtained by learning, and uses the cosine or Pearson similarity to calculate the similarity between the user and the item as a prediction. Since the Markov chain itself is defined as assuming that the probability of state transition at a certain moment only depends on the state of its previous moment, it is also naturally applied to sequence recommendation. 
Next, two kinds of traditional recommendation models and methods are introduced accordingly.

[bookmark: _Toc145419622]2.1.1 Sequence Recommendation based on Collaborative Filtering
Recommendation systems have a long history. As early as 2003, Amazon published literature [1], which brought recommendation systems into the public's view. The publication of this literature made Collaborative Filtering Recommendation (CF) a research hotspot. The increasing amount of data, massive data features, and ever-changing user preferences have left R&D personnel at a loss. As well as the accompanying problem of data sparsity and insufficient user interest mining, researchers have had to turn their attention to the current hot field of deep learning and seek solutions. As deep learning technology advanced, publications based on recommendation systems based on deep learning technology started to appear in many conference journals, which aided in the growth of the recommendation system field. The recommendation model based on deep learning not only significantly improves prediction accuracy compared to traditional algorithms, but also can mine user interests in multiple directions. A recommendation system is based on users' past historical behavior data, which includes the transfer patterns of user interests, as well as their short-term and long-term interest preferences. Therefore, mining user interest preferences from user sequence behavior data is crucial for predicting users' future behavior.
Hidasi et al. [2] proposed a general decomposition framework, which uses the preference model as input to calculate the latent feature matrix of the input dimension. One dimension is the user, and the other dimension is the item. Other actions can affect the user 's preference. The framework allows different linear frameworks to experiment in any context-aware recommendation task, which provides a new idea for the sequence recommendation algorithm. He et al. [3] proposed a scalable tensor decomposition method, which uses a model to simulate the three relationships of user, item and interaction. The item is embedded into the ' transfer space ' as a point, and each user is a transfer vector in the space. The user 's conversion from one item to another is captured by the user-specific conversion operation. The user 's candidate recommendation is completely obtained by the user 's past interactive items and user transfer vectors. Finally, the potential representation between the user and the candidate item is obtained, and the item prediction represented by the Euclidean distance is directly used. Although this kind of model is relatively simple, the recommendation effect is good.
Collaborative filtering also has some shortcomings in the recommendation algorithm. Problems such as excessive sparse data and new users will affect the recommendation effect. Meanwhile, due to the relationship between time and space in the real user interaction sequence, this relationship cannot be well expressed through collaborative filtering, which in turn affects the recommendation effect.
[bookmark: _Toc145419623]2.1.2 Sequence Recommendation based on Markov Chain
Markov Chains are mathematical models that describe the stochastic process of event probability sequences transitioning from one state to another in state space. The model mainly includes a series of states and a matrix describing the transition probability between states. The probability of transitioning from the current state to the next state is independent of any previous historical state and only depends on the current state. This property determines that it is not necessary to construct a high-order tensor containing a sequence of historical states when inferring the next state. Early sequence recommendations typically used Markov chains to capture user sequence behavior patterns from implicit feedback data and predict future interaction projects based on a given user interaction sequence. The sequence recommendation method based on Markov chain first needs to capture the transfer probability between items from user interaction sequence data; Then match the user interaction sequence with the transition probability sequence to recommend to the user. Due to the Markov attribute, the next item that users will interact with is only affected by the most recent interaction item. Therefore, the model does not need to fit a longer historical interaction sequence, which avoids the problem of overfitting caused by the need to fit a longer historical interaction sequence. This simplifies the recommendation model based on Markov chains and improves the scalability and generalization of the model.
The sequence recommendation model based on Markov chains has been extensively used in the field of recommendation systems, particularly first-order Markov chains, which presuppose that the user's subsequent action solely depends on the prior action. Reference [4] suggests a first-order Markov chain (FPMC) based recommendation model that uses matrix decomposition and first-order Markov chains to capture users' long-term interests and preferences and forecasts users' future behavior based on their recent historical interaction terms. To retain customers' short-term interest preferences while taking into account their long-term interest preferences, Reference [5] mixes high-order Markov chains with matrix decomposition techniques. In order to create models that are ideal for users' long-term and short-term interest preferences, we describe the interaction between users and projects as well as the links between projects using matrix decomposition and Markov chain.
The Markov chain-based sequence recommendation model explicitly simulates the sequence of interactions between users and products to produce the sequence model. It is used to anticipate the following interaction elements by utilizing the Markov chain's features. The Markov chain has been effectively applied to the sequence recommendation model of short sequences by Rendle et al. [6]. It can capture the conversion of items in short sequences, and can perform well even when the data is sparse. Feng et al. [7]first mapped each point of interest (POI) into a potential space through distance embedding, then used the Markov chain model to predict the change of POI, and the distance between POIs was used as the basis for measuring the sequence relationship between the two. Finally, the recommendation was made according to the ranking. According to the theoretical basis based on Markov chain, the model considers that the access to the two POIs in a short time will be affected by the previous POI access.
Markov chain also has obvious shortcomings in sequence recommendation. First of all, it can only play a significant role in short sequences. When the sequence length is too long, the recommendation effect decreases significantly. Secondly, it is more to obtain the relationship between a single item and a single item, while ignoring the interaction between multiple items, and the interaction between multiple items is an important feature of the real sequence.
[bookmark: _Toc145419624]2.2 Sequence Recommendation based on Deep Neural Network
Deep neural networks have gradually transitioned from theory to practice in recent years thanks to advancements in hardware technology, and they have been used to improve recommendation algorithms. RNN, CNN), and GNN are the three most commonly used deep neural network models.
Next, three types of neural network models and methods are introduced accordingly.

[bookmark: _Toc145419625]2.2.1 Sequence Recommendation based on Recurrent Neural Network
Recurrent Neural Network (RNN) has witnessed remarkable success in diverse domains such as image processing, audio analysis, and natural language processing during their early development. RNNs possess a distinctive network structure that enables selective information flow through gate mechanisms, leading to the creation of numerous derivative models. B.Hidasi et al. [8] introduced an innovative application of RNNs in recommendation algorithms. They treated the interactions of a user session with a series of items as a sequential data sequence and employed RNNs to predict the next item a user might click on. This integration of RNNs into sequence-based recommendation systems addressed the challenge of providing effective recommendations in the absence of comprehensive user historical data.
As a variant of RNNs, Wu et al. [9] leveraged Long Short-Term Memory (LSTM) networks to build a model that could adapt to the dynamic preferences of users and content (movies), resulting in more accurate video recommendations. The LSTM model was used to continuously update user representations based on their movie ratings, while also updating movie representations. The recommendation model then predicted a user's movie ratings using these representations.
A Hierarchical Recurrent Neural Network (HRNN) model was introduced by Quadrana et al. [10] to overcome the difficulty of single-layer RNN models in collecting long-term user preferences. This model employed different strategies for various user groups. Users with historical records had their general preferences derived from their history and passed on to the next sequence. For users lacking historical records, their sequence behavior was modeled more simply. Compared to single-layer RNN models, HRNN's advantage lay in its ability to combine users' general preferences with short-term preferences reflected by sequence information, thus enhancing recommendation efficiency. Wu et al. [11] introduced the idea that the impact of a user's past and current behavior on their preferences evolves over time. They used the Contextualized Temporal Attention Mechanism to learn the influence weight of user 's past behavior, which not only contains the information of the behavior itself, but also includes time and space information. Finally, the Bidirectional Recurrent Neural Network (BiRNN) is output together.

[bookmark: _Toc145419626]2.2.2 Sequence recommendation based on Convolutional Neural Network
The first to make significant advances in computer vision, natural language processing, and other domains was the convolutional neural network (CNN). This has motivated researchers to start looking into how CNN might be used in the realm of sequence recommendation systems.
Several item interaction sequences that are near together in time and place are referred to as a "image" matrix in the Caser model, which Tang et al. [12] proposed. The item interaction sequence is represented by the rows of the matrix, and various convolution filters are then utilized to learn the sequence pattern as the local feature of the image. The user's general preferences can be represented by the model in addition to the user's preference for sequence. However, when the Caser model faces long sequences, due to the structural limitations of CNN, some important and repetitive information will be lost. The problem will be more noticeable the longer the sequence. The NextItNet model, which is based on the Caser model, was suggested by Yuan et al. [13] as a solution to CNN's poor performance in lengthy sequences. Adopting an expanded CNN is the model's main component. Different from the standard CNN, the width of the acceptance domain is linearly increased, while the width of the expanded CNN acceptance domain is exponentially increased, and the information used is broader, so that the same kernel and the same level are used. It processes rich information from lengthy sequences more effectively than the conventional CNN model.
[bookmark: _Toc145419627]2.2.3 Sequence Recommendation based on Graph Neural Network
Traditional deep learning methods are widely used to extract the features of Euclidean spatial data. The vast majority of data existence scenarios in the actual world, however, are not simply described by Euclidean distance. As a more complex data structure, Graph is more in line with the real world in describing the interaction between items or between items and users. It is precisely because of the complexity of the graph that the graph neural network has corresponding difficulties in the application of sequence recommendation.
Wu et al. [14], who utilized graph neural network (GNN) to sequence recommendation for the first time, proposed the SR-GNN model. The model sees each session sequence as a directed graph. For repeated edges and nodes, the edge weights are homogenized, and then the GNN is used to obtain the potential vector of nodes. Through gate control, the best node vector representation is obtained. Finally, through the splicing of local and global vectors, a sequence vector representation combining long-term and short-term preferences is obtained, and the recommendation effect is significantly improved. By combining self-attention with graph neural networks, Xu et al. [15] proposed the GC-SAN model and employed the multi-layer self-attention network to determine the global dependence between distant distances. The model seeks to establish a complex context representation relationship in the adjacent items, thus obtaining a better recommendation effect than the SR-GNN model.
The graph neural network is still in its infancy in the field of sequence recommendation, but it has achieved good results and has strong development potential.
 
[bookmark: _Toc145419628]2.3 Attention Mechanism Sequence Recommendation
The attention mechanism was used for machine translation jobs and was derived from the work of Bahdanau et al. [18]. By highlighting the fact that different input components have varying effects on the output, it can capture long-term linguistic interdependence and offer smoother translation while also paying attention to how different input sentence components affect the final word. The sequence suggestion system's popular attention mechanism has had excellent results as well. This justification leads to the suggestion that Vanilla Attention serve as the decoder for recurrent neural networks, which have been extensively employed in sequence recommendation [19]. On the other hand, the self-attention mechanism in the machine translation model Transformer [20] is also applied to sequence recommendation, and the Transformer model consists of two parts. They are Multi-head Self-attention and Fully Connected Feed-forward Network respectively. Self-attention differs from the general attention mechanism in that it lacks the recurrent neural network structure, yet it performs better in terms of recommendations.
[bookmark: _Toc145419629]2.3.1 General Attention Mechanism Sequence Recommendation 
Attention Mechanisms is one of the hotspots of deep learning, which draws inspiration from the attention mechanism of the human visual system. When the brain processes human visual signals, it generally does not process the entire captured image, but quickly scans to obtain the target that needs to be focused on. This target is often selected based on human tendencies. Human attention can be divided into conscious top-down attention (also known as selective attention) and unconscious bottom-up attention (also known as saliency attention). The former refers to conscious focus on a certain object, while the latter refers to unconscious attention generated through external information stimuli. This is an efficient way to quickly filter useful information from a large amount of information using limited computing resources. Due to the presence of visual attention mechanisms, the brain is able to improve the accuracy and efficiency of visual signal processing. So, researchers applied this mechanism to the field of deep learning, where attention mechanism can assign weights to the inputs in the model, enabling the model to better extract key information from the input data while reducing resource costs during model training. Attention mechanism is a specific idea that does not rely on a particular model structure. Getting a new representation based on the linear relationship between input data and reweighted is the core function of the attention mechanism. Attention mechanism is widely used in the fields of natural language processing and computer vision. A common approach is to add attention mechanism to models as a weight calculation method for input weighting. The size of attention weight represents the importance of the corresponding data in the input.
Soft attention mechanisms and hard attention mechanisms are the two main categories of attention systems. The method of information selection is the most obvious distinction between soft attention mechanisms and hard attention mechanisms. When making information selection, the soft attention mechanism adopts the method of calculating the weighted average of N input information, rather than only selecting 1 out of N input information. The selected information is the expected value of all input information under the attention distribution. The information selection methods of the hard attention mechanism can be divided into two types: one is to select the information with the highest frequency of occurrence in the input information; Another method is to randomly sample information based on attention distribution. However, due to the lack of a deducible relationship between the attention distribution and loss function of the model, the hard attention mechanism cannot be trained through backpropagation in model training. In most cases, the soft attention mechanism is used to replace the hard attention mechanism.
The core concept behind Li et al. [18]'s Neural Attentive Recommendation Machine (NARM) is the construction of an encoder-decoder system. The author believes that the main purpose of the user is not emphasized in the previous sequence recommendation, so RNN is combined with ordinary attention to capture the main purpose of the user in the sequence. The framework of the NARM model is shown in Figure-1, where the input  is the user click session.  (1≤i≤t) is the index of the item clicked by the user in m items, and the output  is the ranking list of the next item item that the user may click， ( 1≤ j≤m ) corresponds to the score of item j. The encoder converts the input click sequence x into a high-dimensional hidden representation , which is input into the session feature generator with the attention signal  at time t. The attention signal at time t plays a pivotal role in deciding whether to highlight or disregard an item. It subsequently shapes the present session representation and feeds it into the decoder at the same time point. The decoder utilizes a matrix and an activation function to generate the final output ranking.
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Figure-1：The general framework of NARM
Wang et al. [23] proposed the Attention based Transaction Embedding Model (ATEM), which integrates the attention mechanism into a shallow network to construct a context representation without strict sequence relationship. Due to the effectiveness of the attention mechanism, the model can focus more on related items and less on unrelated items. NARM [21], STAMP [22] and ATEM [23] combine common attention mechanisms with RNN or multi-layer neural networks. The purpose is to capture the main purpose of the user in a given session.
In addition, considering the problem of repeated consumption, Ren et al. [24] proposed a network model based on repeated consumption (RepeatNet), which integrates repeated exploration mechanism and attention mechanism into RNN. Yu et al. [25] proposed a multi-attention ranking model, which unified the interaction of individual and joint levels into the preference reasoning model from multiple perspectives, while Ying et al. [26] proposed a two-layer attention network. By combining the user's long-term and short-term preferences, the second layer produces the final user representation. The first layer learns the user's long-term choice based on the historically purchased item representation. A Session-based Recommendation with Context Aware Attention Network (SR-CAAN) was proposed by Wu et al. [27]. Sequence prediction and methods that are aware of the session's external context are used in SR-CAAN to improve the modeling of user preferences, combine external knowledge with Knowledge Graph, and use the attention mechanism to determine the session's external context. Each session is represented as a composite of its surrounding environment.

[bookmark: _Toc145419630]2.3.2 Self-attention Mechanism Sequence Recommendation
Encoder-decoder structure is used by the majority of sequence processing models. The encoder converts the input sequence   to the continuous representation z =   while the decoder creates an output sequence  and produces a result at each instant. This model is carried on in the Transformers. The Transformer model's initial layer is the self-attention mechanism. More researchers are using the self-attention mechanism to recommend sequences after being inspired by the self-attention mechanism in the movie Transformer. In essence, the self-attention mechanism creates a vector for each input vector that is weighted and added to the neighboring vector, where the weight is based on the relationship between the items. In sequence recommendation, the self-attention mechanism has also drawn an increasing amount of attention. The self-attention network has the advantage of being simple to parallelize and easy to capture long-term dependencies by calculating the attention weight between each pair of elements in a sequence.
The Self-Attention based Sequential Model (SASRec), as defined in [28], aims to adaptively assign weights to prior items at each time step. The self-attention mechanism was employed by Zhang et al. [29] to infer the relationships between objects from previous user interactions. The self-attention method allows the weight of each item in the user interaction sequence to more closely represent the user's interest. Finally, a framework for metric learning is used to train the model. Both long-term and short-term characteristics are considered.
Li et al. [30] introduced Time Interval Aware Self-attention based Sequential Recommendation (TiSASRec), which considers both the time interval between each item in the sequence as well as the item's absolute position. This recommendation method is based on the SASRec model. TiSASRec combines the benefits of relative time interval coding and absolute position coding. In order to forecast future items, a self-attention system with time interval perception is built to learn the absolute positions of various objects and the importance of time intervals.
Reference [31] also proposed improvements based on the SASRec model. The author utilized the BERT (Bidirectional Encoder Representation from Transformers) paradigm in natural language processing since the user activity sequence and the text sequence are similar. If the BERT model is used directly on the recommendation, it will cause data leakage. In order to solve this problem, a Cloze Task is introduced to perform a random mask (Mask) on the input sequence. According to the context information, the mask items are predicted.
The BERT4Rec (BERT for Recommendation) model structure is shown in Figure-2, which contains L Transformer layers. For the item , the input of the first layer of the Transformer is , which is represented by the sum of the item embedding and the position embedding. Then each layer of the Transformer iteratively uses the information output by the previous layer. After the information processing of the L layer, the final representation of all items is obtained. In the t-th step, the  of the item is masked, and it can be predicted according to . The order of behavior in the sequence is not suitable for user behavior in real life. Compared with the RNN-based recommendation, the self-attention mechanism in the BERT-based recommendation can capture information at any location. Compared with the CNN-based recommendation model, it can capture global information.
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Figure-2：BERT4Rec structure diagram
In [32], through the multi-head attention mechanism, a Sequential Deep Matching (SDM) model is presented to capture short-term preferences in the user's recent behavior sequence. We divide the set of attributes corresponding to all items in the user 's long-term behavior sequence into different classes, such as ID set, item store set, item variety set. For different sets, they are modeled through a layer of attention mechanism. To capture the user's long-term preferences, each user, for instance, has distinct tastes for various categories of books.
Wu et al. [33] believe that although the models based on RNN, CNN and Transformer are effective in processing time information of many sequence recommendations, they lack personalization. In order to solve this problem, a personalized sequence recommendation model based on Transformer is proposed. Considering the importance of user embedding in sequence modeling, and the regularization technique used is SSE (Stochastic Shared Embedding). The main idea of SSE is to randomly replace the current embedding with another embedding with a certain probability in the SGD process, so as to achieve the effect of regularized embedding layer and improve the accuracy of recommendation results.[34] is a user heterogeneous behavior modeling framework based on self-attention mechanism proposed by Alibaba and Peking University, which is named ATRank (Attention-Based Rank). It considers user heterogeneous behavior and timing, uses self-attention mechanism to alleviate the limitations of RNN and CNN, and improves the recommendation effect. Zhang et al. [35] proposed a Feature-level Deeper Self Attention Network (FDSA). The self-attention blocks are applied to the item-level sequence and the feature-level sequence respectively, and the item conversion mode and the feature conversion mode are modeled separately. The outputs of the two blocks are spliced together for prediction and recommendation. In addition, the Contextual Self-Attention Network (CSAN) designed by Huang et al. [36] also considers user heterogeneous behaviors and uses self-attention mechanisms to capture multiple user behaviors.
[bookmark: _Hlk87277613][bookmark: _Toc145419631]CHAPTER 3: Methodology
[bookmark: _Toc145419632]3.1 Preliminary
With the rapid development and expansion of the Internet, society has become more and more digital and intelligent, and users can obtain a lot of information from the Internet. Massive information not only brings convenience to users, but also has negative effects. Users are faced with more and more choices, which makes it difficult for users to find the target information they need. In order to solve this problem, Internet platforms usually use information retrieval systems and recommendation systems. The information retrieval system can help users quickly find the information they want, and the recommendation system can help each user find the item he/she is interested in according to the user 's previous interaction record with the item.
The method based on collaborative filtering mainly depends on the calculation of similarity. The method based on deep learning represents the user 's interest through low-dimensional embedding vectors. In fact, by analyzing the interaction records of some users, it can be found that the user behavior is sequential, and the user 's behavior at the next moment may depend on the previous historical behavior. For example, if the user has booked a ticket, hotel and car rental, then his next action may be to go to a tourist attraction by self-driving. However, the traditional recommendation methods do not consider this important order constraint information, and can only model the user 's general preferences. The sequence recommendation method sorts the user 's historical behavior from far to near according to time, and predicts the candidate items that the user will interact with according to the historical sequence. Because sequence recommendation can better reflect the actual application scenarios, more and more researchers have begun to shift their research direction and focus to sequence recommendation.
Although the existing deep learning-based sequence recommendation has achieved good recommendation results, there are still some challenges and deficiencies that need to be overcome. In order to provide users with accurate personalized recommendations, this chapter believes that the user 's interest is usually composed of short-term interest and long-term interest, and the long-term interest reflects the overall preference formed by the user for a long time, which is relatively stable. The short-term interest closely related to the recent behavior reflects what the user is doing and what is going to be done, which is easily affected by many factors and plays an important real-time role in the user 's next interaction. These two aspects need to be considered at the same time when interest modeling. Many existing works [37] do not fully consider that short-term interest will have a great impact on predicting user intention when modeling. There are also some methods [38] that ignore the learning of users' long-term interest, which has a certain negative impact on the final recommendation performance. Therefore, how to learn the user's short-term interest and long-term interest from the sequence data at the same time is the key to improve the recommendation performance.
This paper believes that the sequence recommendation model based on deep learning still has the following three problems to be solved: 
· The data set used in the sequence recommendation task is usually the log data of the user accessing the system, and the amount of data is large and the user 's actual interest intention is not explicitly given in the data. This requires the construction of a suitable model to mine the user interest information contained in the data and make personalized recommendations based on the mined user interest information. The traditional RNN-based sequence recommendation model only treats the interaction items in the user behavior sequence as words in the text data, which loses more feature information in the data.
· In the actual scenario, the user 's interest preference is not static, and the user 's interest preference will change dynamically with time, and the next interaction term is more relevant to the recent historical interaction term. Similar items in the user 's historical interaction items tend to appear in the future interaction behavior [39]. Adding the co-occurrence pattern information between items to the input of the model can effectively improve the accuracy of the model recommendation.
· Some recent studies have applied the attention-based model in the field of natural language processing to sequence recommendation tasks and achieved better recommendation performance. However, the user interaction sequence data is different from the text data used by natural language processing tasks. The interaction items in the user interaction sequence are not strictly ordered, that is, the correlation between the interaction items and their occurrence locations is not strong. Due to the characteristics of the self-attention mechanism, it can retain the earlier interaction item information in the interaction sequence. However, the earlier interaction information is redundant for the sequence recommendation task, which leads to the redundancy of the attention unit in the attention layer. [40].
This chapter suggests the SAHN algorithm, which uses the self-attention mechanism to partition the user's interaction sequence into short-term sequence and long-term series. By basing the user's attention hierarchy on the user's short-term interest, the user's short-term interest representation can be obtained. The gated network can assist the model in choosing the aspects of the project that the user is most interested in and obtaining the user's representation of long-term interest when the gated network and attention mechanism are combined to model the user's long-term interest. The ultimate representation of user interest is created by combining these two interests, and users are then given recommendation recommendations.
[bookmark: _Toc145419633]3.2 Framework
[bookmark: _Toc145419634]3.2.1 Problem Definition
Let   represent the user set,  represent the project set, where left  and   represent the set size. This chapter focuses recommendation tasks on scenarios with implicit feedback, only focusing on whether user  has interacted with project , without paying attention to  's rating of . Each user has interacted with multiple projects in project set I, and the interaction sequence of user u is represented as ,, where .  is the project that user  has interacted with, and the subscript  is a relative index that represents the order in which interactions occur in the sequence. The goal of sequence recommendation is to predict the user's subsequent interaction behavior based on their historical interaction sequence. The sequence recommendation task defined in this chapter is as follows: Given the interaction sequence  of user , recommend the projects he/she will interact with in the next step from the candidate project set.
[bookmark: _Toc145419635]3.2.2 SAHN Model
The overall structure of the model is depicted in Figure-3 and will be covered in detail in this part, which will also introduce each network layer of the SAHN model. The top connection layer is used to merge these two interests after learning short-term and long-term ones in the model's right and left halves, respectively.
The two user interests that will be modeled in this section are short-term interest and long-term interest. In one sense, the user's long-term interest is rather constant and evolves gradually, reflecting the user's long-term interaction patterns. The user's short-term interest, on the other hand, is simple to alter, reflecting the general scenario of the user's choice shift in the recent period. Therefore, the secret to enhancing the performance of recommendations is to determine the user's short-term interest from the sequence data.
[image: ]
Figure-3: SAHN Model

For user , this chapter partitions the interaction sequence  of length  into two sub-sequences: firstly, extracting the most recent  interactions to compose a short-term sequence , and secondly, the remaining  interactions form a long-term sequence . The short-term sequence   is utilized for learning the user's short-term interests, while the long-term sequence  is employed for learning the user's long-term interests. In the subsequent prediction process, the impact weights of these two interests differ, thus necessitating the incorporation of a connection layer to complete the fusion operation.

[bookmark: _Toc145419636]3.2.3 Embedded Layer
The dataset of the recommendation system has a high dimension, and the data set used in the sequence recommendation model modeling task is the user behavior sequence data. In order to reduce the difficulty of model training and improve the generalization ability of the model, this section inputs the input data into the embedded layer for coding, and the embedded vector obtained by the embedded layer coding is used for subsequent model training.
In the embedding layer, each user and project can be represented by a d-dimensional embedding vector. Let  represent the embedding matrix of the entire project set. Using the embedding matrix 𝑬, we can find the embedding representation of each item in the short-term sequence  and long-term sequence  of user . Then, we stack the embedding vectors in the corresponding order to obtain the corresponding embedding matrix  and , where  and  represent the embedding matrices for the short-term and long-term sequences of user , respectively. The representation of user  is shown in formula 3-1, where  is the embedded vector representation of item , and  is the dimension of the vector.


                       （3-1）
[bookmark: _Toc145419637]3.2.4 Short-term Interest Modeling
The concept of a user's short-term interest plays a pivotal role in understanding the dynamics of user behavior in today's data-driven digital landscape. This short-term interest is a window into the ever-evolving preferences and choices of users, reflecting their recent interactions and experiences. When we delve deeper into this notion, we realize that the next item a user interacts with is intimately tied to their recent actions. There exists a strong order dependence within this process. Think about it this way: after someone purchases a mobile phone, they are more inclined to explore related accessories rather than shopping for clothing. This phenomenon not only underscores the intrinsic relationship between mobile phones and their accompanying accessories but also highlights the presence of a crucial order-dependent aspect in user behavior. In essence, this order dependence suggests that users tend to follow a logical sequence of actions or choices in their online journey. Recognizing and understanding this sequence can greatly enhance the accuracy of recommendation systems and provide users with more relevant and satisfying experiences. Therefore, when we endeavor to model a user's short-term interests, we must do more than just analyze and mine the dependencies between items in their recent interactions. We must also take into account the intricate order relationships between these items. By doing so, we empower recommendation algorithms to anticipate and cater to users' needs, ultimately elevating the quality of their online experiences and fostering stronger engagement. In the ever-evolving world of e-commerce and digital services, harnessing the power of short-term interest and order dependence is key to delivering personalized and effective recommendations that keep users coming back for more.
The self-attention mechanism proposed by Vaswani et al. [41] has been successfully applied to the sequence recommendation task [42]. The performance of the model is significantly better than the state-of-the-art sequence recommendation method based on MC/CNN/RNN. Therefore, this section will use the self-attention mechanism to learn complex item-item associations in short-term sequences. Since the calculation process of the self-attention mechanism does not include timing information, the current project cannot know the location information of all previous projects, and thus cannot retain the sequential pattern. Therefore, this chapter combines a learnable positional encoding matrix 𝑷∈𝑹l*d to enhance the representation of items in the sequence:

                                             (3-2)
In this chapter, the embedding matrix  serves as the input to the self-attention mechanism. To enhance the model's flexibility,  is transformed into three different matrices through linear projection: , , , where Q represents the query matrix, K represents the key matrix, V represents the value matrix, and ,,  are projection matrices. The self-attention mechanism computes the correlations between items in the sequence through self-matching, eliminating the need for external query information. The similarity between any two queries and keys is calculated using an attention scoring function. The calculation formula for the Scaled Dot-Product attention is as follows:
                          (3-3)
Through the attention matrix, the model can dynamically assign weights to previous items at each time step, identifying which items in the short-term sequence are relevant and useful for the upcoming predictions. Then, the self-attention mechanism calculates the weighted sum of all vectors in the value matrix based on the weight matrix, resulting in the final output S∈𝑹l*d.  is a scaling factor to prevent overly large dot product values.
As the self-attention mechanism is a linear model, nonlinearity is introduced into the model by adding a fully connected feedforward network, followed by activation functions:
                  （3-4）
Where ,  and  ,  are trainable parameters. The final output is the interest representation of user  at each time step, .
In contrast to previous approaches, this chapter does not directly use the entire  or the last hidden state  as the representation of a user's short-term interest. Instead, it dynamically assigns different weights to each hidden state through an attention layer. Because the interest representations in  that are more relevant to the target item will have a greater impact on whether the user interacts with that item, the short-term interest  for user  is computed as follows:

                                (3-5)
                                     (3-6)
where  is the embedding vector of the target item , and  is the weight matrix.

[bookmark: _Toc145419638]3.2.5 Long-term Interest Modeling
When modeling a user's long-term interests, the sequential information in the long-term sequence  is no longer considered. Long-term interests primarily reflect the user's long-standing interaction habits and preferences. For example, by analyzing user  's long-term viewing history, it can be observed that user  has a long-term preference for watching comedy movies. By analyzing user  's long-term shopping history, it can be found that user  has a long-term inclination towards purchasing electronic products. When modeling long-term interests, it is necessary to use a gate network to filter out project features that users are less interested in or are not strongly related to the final predictions. The gate network is defined as follows:
                    (3-7)
Where  are weight matrices,  is the bias vector, and represents the embedding vector of user .  is the sigmoid function, and  denotes element-wise matrix multiplication.  represents the matrix after feature extraction, where . Through the gate network, it retains the project features that user  needs to focus on. The user's long-term interest is expressed as . The calculation formula for  is as follows:

                                 （3-8）
                               （3-9）
Among them,   represents the weight coefficient,   is the weight vector.
[bookmark: _Toc145419639]3.2.6 Prediction Layer
In the prediction layer, the user's short-term interest  and long-term interest  are combined to obtain the final representation of the user's interest .
                             (3-10)
where  denotes vector concatenation, and  is the weight matrix.
The calculation of the prediction score for user  regarding candidate item  is as follows:

                            (3-11)

where  is the embedding vector for candidate item .

[bookmark: _Toc145419640]3.2.7 Model training
This chapter uses cross-entropy as the loss function for model training because the training data is collected from implicit user input. The following is a definition of the objective function:

         (3-12)
where  represents the target item in the candidate item set,  represents a randomly sampled item, and  is the sigmoid function. Here,  represents all the model parameters to be learned, and 𝜆 is the regularization coefficient. This chapter uses the Adam [45] algorithm to optimize the proposed model, which automatically adjusts the learning rate during training and can achieve faster convergence.
[bookmark: _Toc145419641]CHAPTER 4: Experimental Design
[bookmark: _Toc145419642]4.1 Dataset
Yelp is a local enterprise recommendation data set, which records the user 's access records and evaluations of local enterprises. This section excludes individuals and objects with fewer than 10 interaction records in order to lessen the impact of noise data. Figure-4 displays the comprehensive statistics of the preprocessed data. Seventy percent of each user's interaction sequence is chosen as the training set, followed by ten percent as the verification set for adjusting the hyperparameters, and twenty percent as the test set to gauge the model's effectiveness. All models run the training five times and report the average results in order to increase the accuracy of the results.
	dataset
	the number of users
	the number of items
	the number of feedback
	sparsity

	Yelp
	30887
	18995
	936843
	99.80



Figure-4: Statistics of Yelp
[bookmark: _Toc145419643]4.2 Baselines
The effectiveness of the model put out in this chapter is tested by contrasting SAHN with the following recommendation techniques.
BPRMF[43]：Bayesian personalized ranking based on matrix factorization, using pairwise loss ranking to optimize the model, is a non-sequential recommendation method that learns user interest from implicit feedback. Based on the idea of matrix decomposition, BPRMF decomposes the user-item interaction matrix into two low-dimensional matrices, which represent the potential feature vectors of users and items respectively. These feature vectors can capture the relationship and similarity between users and items. Different from the traditional matrix factorization, the goal of BPRMF is to optimize personalized rankings rather than just score prediction. It uses ranking indicators (such as the ranking order of items) to measure the performance of the model. Specifically, BPRMF attempts to learn such latent feature vectors so that users rank their existing items more favorably than other items. It uses the Bayesian method to model the user 's personalized preferences. It assumes that the user 's preferences are sampled from a probability distribution, which makes the model better adapt to the individual needs of different users. BPRMF usually uses optimization algorithms such as SGD to minimize the ranking loss function to learn the potential feature vectors of users and items. In the training process, it will randomly select the user-item pair and try to improve the ranking score. The user-item interaction matrix in the recommendation system is usually very sparse, because each user only interacts with a small number of items. BPRMF fills these missing values through matrix decomposition technology, so as to provide users with personalized recommendations. In short, BPRMF is an algorithm for personalized recommendation. It combines matrix decomposition and ranking optimization to achieve recommendation by learning the potential feature vectors of users and items. Because of its ability to optimize personalized rankings, it has shown good performance in many recommendation system applications, especially when dealing with optimization methods such as stochastic gradient descent. This makes BPRMF become one of the important algorithms in the field of recommendation system.
GRU4Rec[44]：The GRU is applied to session-based recommendation, and the interaction sequence of each user is regarded as multiple sessions. The recurrent neural network is used to capture the order dependence and generate the recommendation results. The recommendation system needs to consider the user 's historical behavior sequence, not just a single user-item interaction. GRU4Rec effectively handles this problem through the RNN structure, allowing the model to capture the order and time interval of user behavior. A variation of RNN known as a "Gated Recurrent Unit" (GRU) features a gating mechanism that can regulate the flow and forgetting of information. This gating technique makes it easier to capture both short-term and long-term user interests and solves the gradient disappearing problem of RNN. GRU4Rec is usually designed as a candidate item recommendation model, which can generate an ordered list of items for users and rank them according to the degree of interest they may have. This list can be used for real-time recommendation or offline recommendation tasks in online recommendation systems. The model usually uses the embedding layer to convert users and items into continuous vector representations so that RNN can handle them. These embedding vectors contain the potential feature information of users and items. GRU4Rec usually uses negative sampling or sequence generation tasks for training. During the training process, the model tries to maximize the probability of correct item sequence and minimize the probability of generating error sequence.
GRU4Rec+[46]：A portion of the sampling approach used in GRU4Rec's training process has been enhanced, which has helped the model's performance index. GRU4Rec+ introduce more advanced sequence modeling techniques, such as long short-term memory networks (LSTM) or attention mechanisms, to better capture important information and patterns in user behavior sequences. GRU4Rec + may adopt the method of model fusion to combine different types of models to improve the accuracy of recommendation. For example, it can combine collaborative filtering model, content recommendation model and deep learning model to obtain more comprehensive recommendation results.
Caser[47]：A recently proposed CNN-based method captures the transition relationship in the high-order Markov chain by applying horizontal and vertical convolution filters to the embedding matrix of the nearest L items, optimizes the model by minimizing cross-entropy and achieves good sequence recommendation performance. Caser introduces convolution operations to process user behavior sequences. These convolutional layers perform convolution operations on the user 's historical behavior sequence to capture patterns in subsequences of different lengths. This allows the model to effectively capture the local and global features of user interest. Like the traditional convolutional neural network, Caser uses the embedding layer to convert users and items into continuous vector representations for model processing. These embedding vectors contain the potential feature information of users and items. The Caser model uses sequence slicing to process the user 's historical behavior sequence. Specifically, it divides the user behavior sequence into multiple subsequences of different lengths, and then applies convolution operations to each subsequence. This allows the model to consider user behavior patterns of different lengths at the same time. Caser can use multi-scale convolution, that is, different sizes of convolution kernels are used to capture different degrees of patterns. This helps to improve the model 's ability to model sequence data. The goal of Caser is to generate an ordered list of items for the user, ranking them according to the degree of interest they may have. This list can be used for real-time recommendation or offline recommendation tasks in online recommendation systems.
SASRec[42]：The sequence recommendation model based on self-attention mechanism applies the encoder structure in Transformer to sequence data modeling for the first time, and uses multi-head attention to learn the complex association between items, aiming to predict the items that users will interact with next. Like other deep learning models, SASRec uses the embedding layer to transform users and items into continuous vector representations for model processing. These embedding vectors contain the potential feature information of users and items. SASRec models the items in the user 's historical behavior sequence through the self-attention mechanism. This means that it can fully consider the relationship between items with different time steps and the user 's interest in these items. During training, SASRec uses a masking mechanism to prevent models from using future information when predicting target items. This ensures that the model can only predict based on past behavior, which is more in line with the actual application scenarios. SASRec 's goal is to generate an ordered list of items for users, ranking them according to the degree of interest they may have. This list can be used for real-time recommendation or offline recommendation tasks in online recommendation systems.
SAHN：The model put forth in this chapter, which determines the user's short- and long-term interests, combines the benefits of an attention mechanism and a gated network, and can greatly enhance the effectiveness of sequence recommendations.
[bookmark: _Toc145419644]4.3 Evaluation Metric
In this paper, we focus on the in-depth study and evaluation of the performance and effectiveness of recommendation systems. This research is one of the important topics in the field of recommendation systems, aiming to improve user satisfaction, enhance the practicality of the system, and increase the commercial value of the recommendation system. In this chapter, when evaluating the performance and effectiveness of the model, two commonly used evaluation indicators are selected: Precision ( Precision@K ) and Recall ( Recall@K ). Accuracy is an important performance indicator, which measures the accuracy of the recommendation system when generating K recommended items for users. Specifically, the accuracy rate calculates how many users have interacted with these K projects, reflecting the ability of the system to hit the user 's interest. The value range of this indicator is between 0 and 1. The higher the value, the more in line with the user 's interest in the recommendation generated by the system, thus providing a higher personalized experience.
For the definition of accuracy, if the recommendation system recommends K items for the user, and the user has interacted with X items, then Precision@ K = X/K. For the definition of the recall rate, if the user interacts with Y items, where K items are recommended by the recommendation system for the user, then Recall@K = K/Y.The recall rate measures the comprehensiveness of the recommendation system to capture user interest, that is, how many items can be successfully captured by the recommendation system when the user actually interacts with Y items. Like the accuracy rate, the value range of the recall rate is also between 0 and 1. The high recall rate indicates that the system can capture the user 's interest more comprehensively and minimize the chance of missing out. These two indicators play a key role in our research, and they provide insight into the performance of recommendation systems. We will discuss in detail how to use these metrics to evaluate the performance of different recommendation algorithms, how to conduct experiments and data analysis, and how to optimize the recommendation system to provide higher quality personalized recommendations. Ultimately, through this research, we aim to provide valuable insights to the academic and practical community in the field of recommendation systems and promote further development and innovation in this field.
[bookmark: _Toc145419645]4.4 Resources Required
This chapter uses PyTorch to implement the proposed model and baseline method, and the hyperparameters of all baseline methods are set according to the recommendations of the original paper. For the session-based recommendation methods GRU4Rec and GRU4Rec +, the project sequence is divided into multiple sessions using a sliding window. For Caser, the number of horizontal convolution filters is set to 16, and the number of vertical convolution filters is set to 4. The number of multi-attention heads and self-attention modules for SASRec are both set to 2. The experiment's parameters include a batch size of 128, a sequence length of 20, an embedding dimension of 64, a learning rate of 0.001, and discard rates of 0.1. On a GPU device (Nvidia GeForce GTX 2080 Ti), the model testing and training are carried out.

[bookmark: _Toc145419646]CHAPTER 5: Results & Discussions
Figure-5 shows the Precision@10 and Recall@10 results of different methods on the Yelp dataset.
	Evaluation Metric
	Precision@10
	Recall@10

	BPRMF
	0.0249
	0.0314

	GRU4Rec
	0.0293
	0.0350

	GRU4Rec+
	0.0317
	0.0381

	Caser
	0.0343
	0.0404

	SASRec
	0.0362
	0.0441

	SAHN
	0.0388
	0.0478



Figure-5: The performance comparison of model results
The model SAHN suggested in this chapter obtains the best recommendation impact on the dataset Yelp and all evaluation indicators, which confirms the model's usefulness and may be used for sequence recommendation, according to the analysis of experimental data. Among all the baseline methods, the recommendation effect of BPRMF is the worst. This is because BPRMF does not consider the order relationship in the interaction sequence when modeling user interest. It is a non-sequence recommendation method that can only learn the user 's overall preference, and the final interest representation does not contain sequence information. In sequence recommendation, RNN-based methods are superior to BPRMF, because these methods take into account the order dependence between adjacent interactions when learning user interests, and can capture the trend and direction of interaction behavior. GRU4Rec and GRU4Rec + learn the user 's interest by modeling the item sequence in the session window. When the sequence length is too long, the hidden state of the model will lose some information, resulting in a decline in recommendation performance. At the same time, GRU4Rec and GRU4Rec+ do not consider the difference in the importance of different projects for the final prediction and do not explicitly model the user 's long-term interest. Caser uses horizontal and vertical convolution operations to learn the short-term interests of point-level and joint-level users, and the recommendation effect is better than the RNN-based method. Because Caser uses a sliding window strategy, the length of each window is relatively small, which can capture changes in user interest in a timely and accurate manner in the short term. However, Caser 's performance is much different from SAHN, because Caser does not consider the complex relationship between interactions when modeling user interaction information, and does not consider that different users have different preferences for the same project. SAHN performs better than SASRec because SASRec only considers the relationship between items in the sequence and does not highlight the important influence of short-term interest on the final prediction. In the long-term interest modeling, the user 's preference for different project characteristics is ignored, and the most representative project is not selected for the user, and the user 's long-term preference cannot be accurately understood. The model SAHN divides the learning process of user interest into short-term interest modeling and long-term interest modeling, which can describe the representation of user interest from different aspects. In the modeling process, the user 's personalized factors are taken into account, and the interest expression for specific users can be obtained.
Ablation experiment. Through the use of ablation experiments, this chapter demonstrates how each model element contributes to enhancing the performance of the recommendation. In Figure 6, the experimental findings are displayed. According to the variation SAHN-S, the model only takes into account the short-term interest modeling portion and ignores the long-term interest learning. According to the SAHN-L variation, the model only takes into account the long-term interest modeling portion and ignores the short-term interest learning. Analysis of the experimental results reveals that SAHN-S with long-term interest removed and SAHN-L with short-term interest removed both have significantly worse recommendation performance, proving that the recommendation effect can only be improved by combining short- and long-term interests simultaneously. On the Yelp dataset, SAHN-S also outperforms SAHN-L, demonstrating that short-term interest has a bigger influence on the outcome than long-term interest.
The influence of hyperparameters. There are two hyperparameters in the model SAHN: embedding dimension d and short-term sequence length l. Figure-7 shows the influence of two hyperparameters on the performance of the model. By analyzing the trend of the curve in the figure, it can be found that the performance of the model will increase with the increase of dimension d. This is because high-dimensional embedding vectors can contain more potential features of items, while low-dimensional embedding vectors can only contain a limited number of potential features of items, and their ability to learn vector representation is worse than that of high-dimensional embedding vectors. As the length l increases, the short-term sequence can contain more user interaction data, and the model can more accurately capture the trend of user interest in the short term, which helps to improve the accuracy of the recommendation. When the sequence length l increases to a certain value, the change of model performance begins to stabilize.
	
[image: ]
Figure-6: Ablation study on Yelp[image: ]
Figure-7: The effect of hyperparameters

The innovative sequence recommendation algorithm SAHN is proposed in this chapter. It is based on the self-attention mechanism and learns the user's representation of their interests by modeling their short- and long-term interests, respectively. The entire interaction sequence is split up into short-term and long-term sequences by the model. There is a complex order dependence between the interaction behavior in the short-term sequence and the user 's next behavior, which can affect the user 's next interaction in real time. By modeling short-term sequences, we can learn the changes of users ' interests in the near future and mine users ' short-term interests. By extracting the features of the items in the long-term sequence, we can find the item information or features that users pay more attention to, and learn the preference habits formed by users in a long time. These two factors need to be considered when modeling interest. It has been demonstrated through numerous trials on the Yelp dataset that the model SAHN has a significant advantage over cutting-edge techniques in terms of Precision and Recall.
[bookmark: _Toc145419647]CHAPTER 6: Conclusions and Recommendations
On the Internet, users can easily access a large amount of online information. Massive information makes it difficult for users to choose what they really need. It is also difficult for Internet platforms to recommend appropriate projects to users by modeling user interaction records. Recommendation system came into being. The traditional recommendation method assumes that the user 's interest is static, ignoring the dynamic characteristics of user behavior. In order to solve this problem, researchers have proposed sequence recommendation. The goal is to generate recommendation suggestions for users based on their interaction history. More and more research has begun to focus on sequence recommendation tasks. Although the existing sequence recommendation work has made some progress and achieved good recommendation results, there are still some difficulties and challenges: First, mining and modeling the order dependence between interactions, learning the user 's dynamic interest; the second is how to process and use the time information in the interactive sequence; the third is how to improve the data sparsity problem. The recommendation method based on implicit feedback often faces the dilemma of sparse sequence data.
This paper introduces the SAHN sequence recommendation algorithm, which aims to enhance the accuracy of recommendation systems by modeling both short-term and long-term user interests. This approach not only addresses the previously mentioned issues and challenges but also enriches the existing landscape of recommendation algorithms. It provides a novel avenue for tackling the problem of information overload in personalized recommendations. By effectively capturing the evolution of user interests, the SAHN algorithm excels in predicting changes in user preferences, resulting in more precise and tailored recommendations. Furthermore, SAHN employs advanced data mining and machine learning techniques to optimize model performance and enhance the quality of recommendation outcomes. In summary, the SAHN sequence recommendation algorithm represents more than just a methodology; it signifies a proactive innovation in the field of recommendation systems. It holds the promise of playing a significant role in future research on personalized recommendations. The self-attention mechanism is employed in short-term interest modeling to capture correlation between items, give each item in the sequence a different weight, and combine the position vector to mine the order dependency inside the sequence. The vector representation of short-term interest may then be generated, which indicates the change in user interest in the near future, by calculating the degree of correlation between each hidden state and the target item based on the attention network. The feature extraction of the items in the sequence is done in the long-term interest modeling, which is based on the gated network, to locate the items and feature information that the user is interested in, which reflects the user's interaction preference developed over a long period of time. Both short-term and long-term interest are used to anticipate the user's next interaction behavior.
The following will be the subject of this paper's future research:
· The knowledge graph technology has advanced quickly in recent years. To add more attribute information to the project and improve the embedded vector's capacity for representation, the recommendation system incorporates the enormous network structure of the knowledge graph. In addition to addressing the issues of cold start and data sparsity, the knowledge graph can improve recommendation accuracy and offer a workable justification for the suggested items.
· In real life, everyone is in a social circle, and friends have similar interests. When recommending, the social information of the target user can be taken into account, and the interest representation of the current user can be learned by modeling the interaction sequence of friends.

[bookmark: _Toc145419648]CHAPTER 7: REFLECTION 
The amount of data on the Internet is growing steadily as information technology advances. For Internet companies, the main issue has always been information overload brought on by the vast volume of data. The recommendation engine has developed into a powerful tool for addressing the issue of information overload. Different from the search engine, the recommendation system can provide users with personalized data display in the case of fuzzy user needs. At present, the recommendation system has been applied to its information services by major Internet companies. However, the user 's interest preference is not static, and the user interaction data contains complex dependencies. These problems lead to inaccurate modeling of user preferences and unsatisfactory model results. In recent years, the development of deep learning and its strong data fitting ability have made it the main application technology of recommendation system.
I accumulated significant knowledge and practical experience through this experiment. This knowledge broadens my perspective on the topic by exploring not only the fundamental concepts of machine learning and deep learning but also the area of sequence recommendation. I would especially like to thank Mr. Gordon for his great lectures and advice, which sparked my unquenchable love for using machine learning to solve real-world problems. The area of recommendation systems, which is becoming more and more significant in the digital era, is the focus of my research. The recommendation system provides personalized information and suggestions to users by analyzing their historical behavior and interests, promoting the user experience and content consumption of online platforms. Therefore, I have decided to focus on a topic closely related to recommendation systems. Before conducting this study, I thoroughly read relevant literature both domestically and internationally to ensure a thorough understanding of the direction of sequence recommendation in recommendation systems. This involves studying how sequence data can be used to predict user interests and behaviors, as well as the latest research progress and application scenarios. I recently studied some typical literature in this area, and as a result, I now have a more thorough understanding of the history, state, and importance of the research. After in-depth understanding, I analyzed the challenges faced in the current field of sequence recommendation and the shortcomings of existing research methods. This process inspired me to propose a preliminary research plan for this topic, aiming to explore how to improve the accuracy and personalization of sequence recommendations. I have decided to adopt a deep learning method, specifically a self-attention mechanism to process sequential data to improve the performance of recommendation systems. Through my research, I have gained a deeper understanding of the methods and challenges in the field of sequence recommendation. My work provides strong support for the application of deep learning methods in sequence recommendation, which also reflects the continuous evolution and innovation in this field. Although some progress has been made, the field of sequence recommendation is still full of opportunities and challenges. I look forward to further exploring and solving complex problems in future research, and making more contributions to promoting the development of personalized recommendation systems. The future of this field is full of potential, and I hope to play my role in promoting the continuous evolution of recommendation technology to better serve users and society.
Throughout the course of completing this subject, I underwent a transformative journey of self-improvement. One of the most significant takeaways was learning the invaluable skill of problem identification and resolution. This experience has instilled in me the habit of actively seeking out and gathering information to tackle challenges head-on. The ability to bridge the gap between theoretical knowledge and real-world problems has been a truly fascinating aspect of my academic journey. As I delved deeper into the subject matter, particularly during the thesis writing phase, I found my English writing skills improving substantially. The process also honed my technical skills, including the proficiency to efficiently type out complex formulas and create illustrative diagrams. This newfound capability significantly enhanced the quality of my work. Nonetheless, the journey was not without its challenges. In my literature research, I realized that my approach lacked the necessary systematic rigor. I often found myself struggling to keep up with the latest developments in the field. This experience underscored the importance of enhancing my literature review skills and comprehensive research techniques. Moving forward, I am committed to dedicating more time to in-depth reading and synthesizing various types of research.
In the experimental phase, I encountered several ideas that remained unrealized. This was partly due to my limited mastery of certain implementation technologies and the less-than-satisfactory results achieved by some replicated models. Consequently, I recognize the need to further enhance my coding skills to ensure successful implementation and meaningful outcomes in future projects. Additionally, reflecting on my interactions with my supervisor, I acknowledge that I should have engaged in more frequent and substantive discussions with them to seek guidance and feedback. Effective communication with mentors is critical for personal and professional growth, and I aim to cultivate a more proactive and open relationship with my advisors. Moreover, my English language proficiency has improved over the course of this journey, but I aspire to communicate with people from diverse backgrounds more naturally and fluently. This includes not only enhancing my verbal communication skills but also developing a deeper cultural understanding to facilitate smoother interactions in a global context. Looking back, the learning process this year has been an exhilarating and unforgettable experience. I feel immensely honored to have had the privilege of learning from exceptional educators. While I may not have had the opportunity to study offline in Swansea, online courses have remarkably boosted my English language proficiency and knowledge base. The multifaceted tasks across various courses have collectively sharpened my skills, with this particular project standing out as a pivotal point of growth. In the future, I am determined to seamlessly integrate the knowledge I have gained into practical problem-solving scenarios. I aim to cultivate a creative mindset that constantly generates ideas inspired by real-life challenges. I want to express my sincere gratitude to my devoted professors and class members for all of their support, advice, and help throughout my academic career.
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