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Abstract 

This paper proposes a sequential recommendation model based on attention 
mechanism (AMSRM) which integrates side information. Because the traditional 
sequential recommendation algorithm needs to calculate in order, the dependencies of 
a long distance will not be captured. In order to solve the above problems, This model 
combines attention mechanism with sequence recommendation. Adding side 
information, enriching the input features, and distinguishing the importance of different 
features through the attention mechanism, thereby improving the prediction 
precision.Based on a real social network data set, the comparative experimental analysis 
shows that the model proposed in this paper is higher than the existing model in terms 
of precision and recall, which verifies the superiority and usability of the algorithm. 
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1. Introduction 

The purpose of sequence recommendation is to model users' interests from their historical 
behaviors, and then achieve time-related personalized recommendation predictions [1]. 
Compared with traditional sequence recommendation models, deep learning methods such as 
LSTM and GRU have achieved significant improvements in sequence recommendation models. 
In recent years, attention mechanism has become one of the best methods in processing 
sequential data[2]. Using side information, such as the category or label of the product, can 
achieve a more comprehensive demand description and better recommendation effect. The 
user's behavioral intention will be affected by various influences in a certain period of time. 
Sequence recommendation has received extensive attention because it can obtain the 
dependencies between items and model the user's short-term preferences. Deep neural 
networks have greatly facilitated the development of sequential recommendation systems [3] 
by achieving state-of-the-art recommendation performance on various sequential 
recommendation tasks.  

Sequential recommendation is to recommend the next item according to the chronological 
order of user's historical interaction. The basic idea of sequence recommendation is to learn 
internal sequential, consecutive interactive items. With the continuous development of 
sequence modeling techniques in deep neural networks, recurrent neural networks (RNNs) and 
attention mechanisms have been widely used [4]. Fan [5] et al. proposed a stochastic self-
attention-based sequential recommendation model (STOSA), which uses stochastic 
embeddings to measure the variability of basic and inherent interests in user behavior, and 
constrains the positive The distance between the sample item and the negative sample item. 
Kang [6] et al. proposed a self-attention-based sequence recommendation model (SASRec), 
which can capture long-term semantics like RNN, and adds attention mechanism, which can be 
based on less behavior is predicted. In each time slice, SASRec tries to determine which 
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elements are relevant to the user's action history, and makes predictions. Sun [7] et al. proposed 
a user behavior sequence recommendation model (BERT4Rec) with a bidirectional self-
attention mechanism, which uses a bidirectional self-attention mechanism to simulate user 
behavior sequences. In order to efficiently train a bidirectional model, random masking is 
performed on the sequence elements, and a deep neural network is combined with context 
learning to predict the randomly masked elements in the sequence. The advantage of this model 
is that it allows each entry in the user's historical behavior to fuse the information from the left 
and right sides to learn and recommend together. Tang [8] et al. proposed a convolutional 
sequence embedding recommendation model (Caser), which learns sequence patterns and 
images as images by embedding recent user session sequences into latent temporal and spatial 
images and convolutional filtering local characteristics. This approach provides a unified and 
flexible network structure to capture both general and sequential preferences. 

According to the problems existing in the above models, an attention sequence 
recommendation model fused with side information is proposed. Firstly, the embedded 
representation of the side information of the user interaction behavior is spliced with the 
embedded representation of the user interaction behavior sequence, and then sent to the 
stacked self-attention layer to selectively learn the complex dependencies between 
interactions, and finally through the internal Integrate the obtained effective information with 
the item's embedded representation to predict the relevance of the item, and sort and 
recommend according to the relevance. 

2. Proposed Recommendation Model 

2.1. User Behavior Sequence 

The records obtained as a result of sorting according to the time of the user behaviors are called 
the user behavior sequence, such as the browsing time and behavior sequence of the video 
content by the user on each video website. User behavior sequence information usually 
contains a large amount of complex user behavior law information and user interest and 
preference change information, which can effectively capture user behavior preference changes 
through random changes in user time series. The focus of this chapter is the way to model 
sequence information to predict what items a user might end up clicking on in the next time 
period. When modeling user behavior sequences, the recommender system will learn the user 
intentions expressed by different behavior types or the user preferences implied by different 
behavior objects, so that more realistic user preferences can be obtained. The main purpose of 
this is to predict the next item the user is likely to interact with, as shown in Figure 1. Among 
them, ci represents the behavior object, which refers to the item that the user interacts with, 
which can generally be represented by the ID of one or a group of items. Oi represents the type 
of behavior, which refers to how the user interacts with the item, such as clicking, liking, 
bookmarking, sharing, etc. User behavior bn can be understood as a two-tuple composed of 
behavior objects and behavior types. 

User Item1 1( , )c o 2 2( , )c o 1 1( , )n nc o  ( , )n nc o

1b 2b 1nb  nb
 

Figure 1. Sequence of user interactions 

2.2. AMSRM Model  

Side information can provide additional useful information for recommendation and can 
generally be classified into two types, item-related or behavior-related. Item-related side 
information is intrinsic, describing the item itself, in addition to the item ID, For example, tag, 
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item type, etc. Behavior-related side information is generally related to user interactions, such 
as purchases, browsing time, user feedback scores, etc. The sequence of each interaction can 
also be used as behavior-related side information. 

Given a set of users 1 2{ , ,..., }iU u u u  representing the set of users and 1 2{ , ,..., }jV v v v  

representing the set of items, at time t, the interaction sequence between user u and items can 

be represented as  1 2, ,...,u tS S S S . The goal is to predict the item the user will click next, 

which can be expressed as:  

1( | )t tp v v S                                                                   (1) 

Therefore, after splicing the user's behavior sequence and side information, the prediction of 
the next click item can be expressed as: 

1( , | )t tp v v f S                                                                (2) 

During the experiment, the sequence length is set as a fixed value n. If the sequence length is 
insufficient, 0 is added from the left side of the insufficient sequence until it is filled. If the length 
of the sequence is too long, the latest n behaviors are truncated. The user behavior sequence 
and related side information are embedded respectively, and the embedding of the sequence 
and the embedding of the side information are spliced and combined, and the specific 
expression is as follows: 

E S M                                                                    (3) 

Among them, E represents the embedded representation after splicing, S represents the 
embedded representation of user behavior sequence, and M represents the embedded 
representation of side information related to user behavior. 

Given an interaction sequence of length n as input, in this layer, the embedding E is mapped 
into a subspace using a self-attention mechanism, where K, Q, V, all come from the same object. 
Therefore, the specific calculation process can be expressed as follows: 

( )
( , , ) max( )

Q K T
Q K V V

i

EW EW
a Attention EW EW EW soft EW

d
                         (4) 

where , ,K V QW W W  are the three linear projection matrices. The attention mechanism is still a 

linear model in nature. In order to make the model have nonlinear ability and interaction ability 
between different dimensions, a two-layer feedforward neural network is added: 

1 1 2 2Re ( )i iF lu S W b W b  
                                                     (5) 

where 1W  and 2W  are matrices, and 1b  and 2b  are bias vectors. All the embeddings in the 

previous steps are aggregated in iF . Therefore, attention block stacking is performed through 

this attention block to learn more complex dependencies between items, as follows: 
1( )b bS SA F                                                                        (6) 

( )b b

i iF FFN S
                                                                      (7) 

Finally，use the output of the inner product operation to predict the likelihood of the next item 
i: 

b T
it t iR F N

                                                                         (8) 

 

 



Scientific Journal of Intelligent Systems Research                                                                                        Volume 4 Issue 6, 2022 

ISSN: 2664-9640                

526 

2.3. Recommendation Algorithm 

 

Based on the attention sequence recommendation model fused with side information proposed 
in this chapter, the specific process of recommendation is as follows: 

1. Collect the user's behavior sequence, and collect the user's interactive behavior sequence 
through data tracking. On the Android side of the real platform, the user's behavior is recorded 
by means of data embedding. 

2. Concatenate and fill the obtained data to obtain the final input representation and perform 
the embedding operation to obtain the embedding matrix. 

3. Learn and integrate the attention weights between items in the attention layer, and learn 
more complex attention weights between items by stacking the attention layers. 

4. Calculate the user embedding and the final item embedding, get the probability of the user 
clicking on the item, and recommend the item ranked Top-K to the user. 

The corresponding recommendation algorithm is described as follows: 

Algorithm：A deep attention mechanism sequence recommendation model 

Input：User Behavior Sequence Su, User side information set:U, Item side information set:V 

Output：multimedia content to be recommended MediaID 

Begin 

Initialize parameter randomly 

Convert Su , U, V to embeddings S，M，N 

Concat embedding S ，with M as E                                                                                                                                                                                                                                                                                                                                                                                                                                   

Compute the ia  via equation(4) 

Compute the Fi  via equation(5) 

Update Fi  via equation(6),(7) 

until convergence  

Compute itR  via equation(8) 

End  

3. Experiments 

3.1. Dataset 

This chapter conducts experiments on the Reality Tech Community Platform (CyVOD) to 
experimentally validate the proposed model [9]. The platform obtains user behavior through 
data embedding, collects user behavior data on the server side, and quantifies user behavior. 
This chapter selects 100,000 user behavior data as the data set, which includes the user's 
gender, profession, equipment used, comment information, geographic location, etc. The 
recommended items mainly include the description of the video, the type of the video, etc. 

3.2. Comparison Algorithms and Evaluation Metrics  

In order to prove the effectiveness of the proposed algorithm, this chapter selects four classical 
ranking models for comparative experiments. The recommended algorithm is described as 
follows: 

SASRec [6]: A self-attention-based sequential recommendation model that predicts the next 
item by identifying the relevant records of the item and the user's operation history. 
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Caser [8]: Convolutional Sequence Embedding Recommendation Model. The algorithm embeds 
recent item sequences into an image and uses convolutional filtering to learn sequence patterns 
as local features of the image. 

BPR [10]: Bayesian Personalized Ranking Model, a personalized ranking recommendation 
method based on implicit feedback data. 

AttRec [11]: A next-item recommendation model with self-attention metric learning. The self-
attention mechanism is utilized to capture the item-to-item relationship of the user's historical 
behavioral interaction, and the representation of the user's short-term interest is learned, while 
metric learning is used to model the user's long-term preference. 

AMSRM: Side information is integrated into the sequence recommendation algorithm based on 
attention mechanism for recommendation. 

In this paper, Precision, Recall and NDCG are used as evaluation metrics. The precision rate 
represents the proportion of the target user's recommendation list containing the user's 
interesting items, and the recall rate represents the proportion of the user's interesting items 
in the recommendation list to all the user's interesting items. NDCG essentially defines the 
quality of each recommended result, and then normalizes all the results. The higher the 
recommended quality, the greater the NDCG value. The formulas for precision, recall and NDCG 
are shown in (9), (10) and (11). 

                          
( ) ( )

( )

u

u
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3.3. Experimental results and analysis  

The experiments in this chapter are based on the CyVOD platform to test the precision, recall 
and NDCG of the BPR, Caser, AttRec, SASRec and AMSRM algorithms respectively. For the BPR, 
Caser, AttRec, and SASRec algorithms, the parameter settings in their related papers are used 
to achieve the best recommendation effect. For better comparison, this paper uses 
recommendation lists of four lengths for comparison, and the results are presented in Figure 2, 
Figure 3 and Figure 4, respectively. 

 
Figure 2. Precision comparison of different methods 
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Figure 3. Recall comparison of different methods 

 
Figure 4. NDCG comparison of different methods 

From Figure 2, Figure 3 and Figure 4, it can be seen that with the increase of K value, the values 
of recall and NDCG increase as a whole, and the precision gradually decreases. With the increase 
of K value, the recall and NDCG increase slowly. The BPR model uses probability distribution 
and matrix decomposition to predict and sort the items that users may click, but does not 
consider the impact of sequence information on the recommendation results. SASRec combines 
attention mechanism and sequence information for recommendation, but does not consider 
auxiliary information, so it does not get the best experimental results. AMSRM adds a variety of 
auxiliary information, enriches the feature information, and obtains the best recommendation 
results. In the case of the same dataset and the same length recommendation list, the AMSRM 
model is significantly higher than the other 4 recommendation models in the 4 lengths of the 
recommendation list. The normalized depreciation cumulative income generally increases with 
the length of the recommendation list, and the AMSRM model proposed in this paper is higher 
than the other four models in terms of normalized depreciation cumulative income. Compared 
with BPR, Caser, AttRec, SASRec four baseline models. The accuracy of this model is improved 
by 6.3% on average, the recall rate is improved by 9.4% on average, and the NDCG is improved 
by 7% on average, all of which are better than the other four models. 

In order to verify the effect of sequence length on the model, the recommendation list length K 
is set as 10, and experiments are carried out on sequences with lengths of 20, 30, 50, and 100 
respectively. The experimental results are shown in Figure 5.  
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Figure 5. Effect of sequence length on model 

From the results in Figure 5, it can be seen that if the length of the behavior sequence is too long 
or too short, it will affect the performance of the recommendation. When the length of the user 
interaction sequence is 30, the model achieves the best performance. 

4. Conclusion 

Sequence recommendation is a method to dynamically predict the next item using the user's 
previous behavior. This chapter proposes an attention mechanism sequence recommendation 
algorithm that fuses side information, which directly fuses side information into item 
representation, combines multiple information sources, and enriches input features. Using the 
self-attention layer to learn the complex dependencies between interactive features eliminates 
the problem that the traditional sequence recommendation algorithm reduces or even 
disappears the dependencies due to too long sequences. Compared with four popular ranking 
algorithms, the experimental results show that our model is better than the current mainstream 
ranking recommendation models. 
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