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Abstract

:

Researchers have introduced side information such as social networks or knowledge graphs to alleviate the problems of data sparsity and cold starts in recommendation systems. However, most of the methods ignore the exploration of feature differentiation aspects in the knowledge propagation process. To solve the above problem, we propose a new attention recommendation method based on an enhanced knowledge propagation perception. Specifically, to capture user preferences in a fine-grained manner in a knowledge graph, an asymmetric semantic attention mechanism is adopted. It identifies the influence of propagation neighbors on user preferences through a more precise representation of the preference semantics for head and tail entities. Furthermore, in consideration of the memory and generalization of different propagation depth features and adaptively adjusting the propagation weights, a new propagation feature exploration framework is designed. The performance of the proposed model is validated by two real-world datasets. The baseline model averagely increases by 9.65% and 9.15% for the Area Under Curve (AUC) and Accuracy (ACC) indicators, which proves the effectiveness of the model.
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1. Introduction


With the rapid growth of data, it becomes very difficult to satisfy the personalized information needs of users. In order to let users find items of interest, recommender systems (RS) were proposed by researchers [1] and applied in electronic business [2], movies [3,4], books and other fields. In recent years, due to the increasing application and better performance on RS in commercial websites such as Amazon and YouTube, it has become a research hotspot.



The collaborative filtering (CF) algorithm is a successful method in the recommendations systems. It adopts the interaction records of users to explore the similarity of users or items, thereby realizing the modeling of user preferences. With the similar users have similar preferences, it recommends the most similar items. CF is mainly divided into two categories [5]: user-based recommendation and item-based recommendation. However, in the application scenario of the Internet, on the one hand, the number of users is much larger than that of items, and the number of resources consumed by users is relatively large. On the other hand, a single user has only a few records in the historical interaction matrix, so it has greater sparseness, which is not conducive to the result of the recommendation. Although item-based recommendations shows the superiority of the algorithm, they can still be affected by data sparseness. In order to solve the above problems and optimize the effect of the recommendation, RS introduces side information auxiliary recommendation, such as social networks [6], text video content information [7], item reviews [8], etc. Among them, knowledge graphs (KG) are also a kind of efficient side information.



A KG [9] is a large heterogeneous graph composed of triples (head entity, relationship, and tail entity), which can clearly show the relationship among entities in the data. In recent years, many large-scale KGs have appeared continuously, such as DBpedia [10], extracted from Wikipedia and YAGO [11], a knowledge dataset developed by Max Planck Institute in Germany. Because the semantic relationship of the KG alleviates the problems of cold starts and interpretability of the recommender systems [12], enhances the capture of user interest, and then shows strong potential, recommendations based on the KG have attracted the attention of researchers. The recommendation process based on the KG is illustrated in Figure 1. Finding recommended items through the relationships provided by the KG improves the diversity and interpretability of recommendations.



Through recent research, a large number of algorithms combining KG to solve the sparse interactive data have been continuously proposed. For example, DKN [13] is a recommended method based on news that integrates the relevant information of the KG into the news semantics, and then uses a convolutional neural network (CNN) to make the final recommendation. KGCN, proposed by Wang [14] et al., introduced graph neural networks to explore accurate user item embeddings in knowledge graph aggregation. RippleNet [15] uses the corresponding entities of historical items in the KG and then obtains a set of entities with different propagation times by relations. Finally, user preferences are obtained by aggregating the entity features of each hop. It provides a new idea for recommender systems in KG propagation. Later, AKUMP [16] pointed out a different tree-like approach to explore the relationships of entities at each level using a self-attentive mechanism. Recently, Wang et al. [17] combined multi-task learning with RippleNet to improve the recommendation effectiveness of knowledge graphs for outward propagation.



However, most of the existing outward propagation methods ignore the expression of preferences in the semantic features of entities in propagation. This may limit the accuracy of the propagation model for the prediction of items to users, which in turn affects the recommendation gain in the scenario. First, the semantic representation of the head entity to the user’s preferences is different under different relationships. Second, only the head entity and the relationship are used to identify the weight of the tail entity, which cannot clearly express the one-to-many relationship of triples. For example, the two triples (Interstellar, genre, and Adventure) and (Interstellar, genre, Fantasy) shown in Figure 1 have the same head entity and relationship. Therefore, it is inappropriate for the tail entity to express the same preference semantics. In terms of feature aggregation at different depths, the existing KG propagation methods only enable a simple summation operation directly on the results obtained from each propagation to obtain deep-level features as user preference representations. Although the summed higher-order propagated features contain lower-order features, the lower-order features are continuously diluted during the propagation process. The lower-order features are closer to the user’s original interaction entity and have a deeper impact on user preferences. Therefore, there are greater restrictions on the expression of preferences.



To solve the above problems, we design a new recommendation method, Enhance Knowledge Propagation Perception Net (EKPNet). Its purpose is to solve the problem of click-through rate predictions of implicit feedback. First, we initialize the user’s click history on the item, and use the dissemination to spread the clicked historical item through the KG to enhance the model’s expression of user interest. Then, we use an asymmetrical semantic attention mechanism. When it samples in the KG, the head and tail entities are mapped to the corresponding preference semantic space, thus better expressing the influence of different entities on user preferences. Then, to address the negative impact of propagation depth on the model, we use a new propagation feature exploration architecture that preserves features at different propagation depths and extends the model to a nonlinear neural network to account for feature interactions while taking into account the memory and generalization of features at different depths. Finally, we use a numerical simulation [18] to discuss the effectiveness of EKPNet. In summary, the contributions of this article are as follows:




	
We design an attention mechanism with asymmetric semantics in EKPNet for the KG propagation. It enhances the mining of user preferences by mapping the semantics of head and tail entities into different preference spaces.



	
A new communication exploration framework has been proposed. The deep learning network is used to explore the entity characteristics of different depth propagation aggregates in the KG. It balances both the memorization and generalization of features, and adaptively adjusts the weights to different depths.



	
We test our model through a large number of experiments on two real-world public datasets. Compared with several state-of-the-art baselines in multiple indicators, EKPNet has a substantial improvement.








The structure of this article is as follows: Section 2 introduces research on relevant technologies. Section 3 describes the basic concepts used in the paper and the problems that need to be dealt with. Section 4 shows the model architecture and each module method proposed as well as the loss function, optimization process and time complexity. Section 5 presents the experimental configuration, followed by numerical simulations to make comparisons and a discussion of the results. Finally, conclusions and further work are presented in Section 6.




2. Related Work


2.1. Knowledge Graph-Based Recommender


The KG is a new area of research for recommender systems, and has been developed rapidly in the recommended industry and academia. At this stage, recommendation methods based on knowledge graphs are divided into three categories: path-based methods, embedding-based methods and unified methods.



The first type is path-based methods. This method was first developed in [19]. Generally, the similarity of the meta path and the path of the user project are compared as the recommendation indicator to enrich the representation of the user or item. For example, Yu et al. [20] designed multiple meta-paths for the first time in the HETE-MF algorithm, then used meta-paths to calculate the similarity among items to obtain a similarity matrix, and finally achieved efficient recommendation through matrix decomposition. Zhao et al. [21] introduced the concept of meta-graph in order to break through the limitation of a single path and then used Factorization Machine (FM) and matrix factorization to further mine the path information. However, these methods must rely on experts with professional knowledge to manually design meta-paths, so many feature combinations will be missed, and there are countless entity relationships in the context of massive data, which makes it difficult to implement manual design.



The second type is method based on embedding. Usually, this kind of method uses Knowledge Graph Embedding (KGE) [22] to map the entities and relationships into low-dimensional embedding vectors, and then integrate the embeddings into the recommendation framework. For example, Zhang et al. [23] combined three types of data at the same time. It encodes the knowledge graph through the distance model TransR [24], extracts text content and visual content through an auto-encoder, and finally merges the embeddings into the CKE framework. However, it requires a large number of different types of auxiliary information, which is unrealistic for real-world recommendations. Similarly, in [13], a DKN architecture was proposed, which utilized CNN to learn title content, and learned historical clicks through an attention mechanism. Recently, some researchers have applied Graph Neural Networks (GNN) to recommender systems. For example, the BEM framework [25] uses GNN to learn behavior graphs, and uses distance model transE [26] to learn knowledge association graphs, and finally inputs the embedding vectors obtained separately into the Bayesian framework. All in all, although embedding-based methods are widely used in recommendation and show flexibility for multiple data types, this method is more biased towards link prediction problems than recommendation problems.



The third type is unified method. Unified methods combine the advantages of the first two methods. It not only uses the entity semantics of user items but also explores the semantic connectivity of the knowledge graph. Its overall is to use the item embedding of historical interaction and the multi-hop neighbor embedding of item association to make recommendations. For example, RippleNet was proposed by Wang et al. [15]. It provides an efficient end-to-end framework by spreading the historical items of user interaction in the knowledge graph to enhance the expression of user embedding. The two combinations have been proven to be more effective. Later, Tang [16] et al. pointed out a different tree method, AKUPM, which uses the self-attention mechanism to explore the relationship between entities at each level to improve the quality of recommendations. Recently, Wang et al. [17] combined multi-task learning with RippleNet to improve the effectiveness of recommendations. However, the existing methods do not focus on the influence of users’ preferences for the semantic features of entities in knowledge propagation, so we design a new architecture for exploring entity preference features in the knowledge propagation.




2.2. Attention Mechanism


The attention mechanism simulates the natural reaction of human beings to observe things and to focus on the part of the weight learning to improve the task effect [27]. Nowadays, it has achieved good results in the fields of computer vision [28], waveform analysis [29] and natural language processing [30]. Similarly, it gradually appeared in the field of recommender systems. For example, in [31], the attention mechanism was combined with FM to distinguish the importance of different feature interactions. Zhou et al. [32] proposed DIN in the context of e-commerce, using the attention mechanism to explore the importance of different historical interaction behaviors of users. Wang et al. [13] presented the DKN, which introduced an attention network to calculate the weight of the historical item corresponding to the target item, and then explore the expression of user interest. In [33], a self-attentive integration network framework was presented to capture the interaction among features. Its computational focus was changed from between different sequences to between sequences of itself, and adaptively integrate side information through the integration layer. AKUPM introduces a self-attentive mechanism in the KG propagation, and pays more attention to the relationship between the tail entities in each layer of the propagation. Then, Tu [34] et al. proposed a graph attention method in the field of knowledge graph aggregation. It is the first time that the knowledge distilling and refining method was combined with a graph attention network, and it has obtained better results in knowledge graph aggregation research.



In our work, an attention mechanism with asymmetric semantics is designed for knowledge graph outward propagation, which considers the simultaneous use of head and tail entity preference semantics in the attention mechanism and therefore efficient filtering of irrelevant entities.





3. Preliminaries


Before introducing the EKPNet model, it is necessary to clarify the basic concepts and objectives of the task.



3.1. Implicit Feedback


Implicit feedback refers to historical data that do not contain users’ tendencies, such as browsing, watching, clicking and other behaviors, which indirectly reflect the users’ point of view [35]. Compared with the data form of explicit feedback (such as ratings, etc.), the sparsity of implicit feedback is smaller than that of explicit feedback, and it contains richer information to mine user preferences. In the classic recommendation scenario, the user set is expressed as   U =    u 1  ,  u 2  , … ,  u   U        and the item set is expressed as   O =    o 1  ,  o 2  , … ,  o   O       . User item pairs are represented by the interaction matrix   Y = {  y  u o   | u ∈ U , o ∈ O }  , where


   y  u o   =       1 , user   u   interacts   with   item   o ;       0 , otherwise .        



(1)




indicates whether there is an interactive relationship between the user and the item. It is also a record of implicit feedback. In particular, an element with a value of 1 in Y only means that there is an interaction between the user and the item, but it does not mean that the user likes the item. Similarly, the element of 0 in the matrix can only mean that there is no interaction, and it cannot simply say that the user hates it. In this article, we regard the samples with interaction (i.e.,    y  u o   = 1  ) as positive instances, and the samples without interaction (i.e.,    y  u o   = 0  ) as negative samples.




3.2. Knowledge Graph


The other part of the data is the knowledge graph G. It is composed of the head entity–relationship–tail entity triples (h, r, t), which represent the relationship with each entity, and is an efficient data source for the recommender systems. We still use the previous work experience, assuming that each item   o ∈ O   in the interaction matrix Y has a corresponding entity in the G.




3.3. Problem Formulation


In this article, our task is to explore the interaction matrix Y and the knowledge graph G to predict the probability that users will adopt the target that has not been interacted. More specifically, we have to learn a function


    y ^   u o   = F   u , o | θ , G    



(2)




where     y ^   u o     is the predicted probability of interaction between user u and target item o obtained by the function, θ is the parameter of prediction model F, and G is the knowledge graph used for prediction. According to the predicted probability, we can also provide users with a list of recommended top-N results.





4. The Proposed Method


The architecture of the EKPNet model is shown in Figure 2. It is composed of three main sections. The first part is the entity propagation layer. It obtains the set of entity representations with different propagation times by the set of user history and the knowledge graph. The second part is the asymmetric attention mechanism layer, which is used for high-quality learning of user preferences in triples. The third part is the propagation feature exploration prediction layer. Its function is to explore the propagation of each layer returned from the previous layer according to different levels and finally obtain the prediction results.



4.1. Knowledge Graph Propagation


The relationship information among entities is expressed in the knowledge graph. The connected entities have strong relevance, so they have great potential in the exploration of user interests. However, for users, not all entities are useful for expressing user preferences. If entities that are not related to users are introduced into the user preference expression, a large number of data noises will be introduced, which will affect the recommendation result. Therefore, in order to filter the noise of irrelevant entities, we use the knowledge graph propagation method from the user interaction entity as a starting point and use relational connection propagation to explore user-related entities. Assume that all entity sets of knowledge graph G are E, and the relation set is R.



First, for a certain user u, we retrieve the entity corresponding to the user’s historical interaction item in the KG, and obtain the entity set of the user u at the 0th hop (not yet started to propagation):


   S u 0  =    s  u , 0  0  ,  s  u , 1  0  , … ,  s  u , i  0  , … ,  s  u ,  n 0   0     



(3)




where    s  u , i  0    is the i-th entity of the user u in the 0-th hop set, and    s  u , i  0  ∈ E =    e 1  ,  e 2  , …    . The number in the superscript indicates the current transmission frequency.    n 0    is the number of entities in the 0-th hop.



Then, as shown in Figure 3, we use the relationship of the triples as a link to obtain the multi-hop recursive entity representation set of user u:


   S u p  = {  t u p  |    h u p  ,  r u p  ,  t u p    ∈ G ,  h u p  ∈  S u  p − 1   }  



(4)




where    p = 1 , … , P   is the number of propagations. There are    h u p  ,  t u p  ∈ E ,  r u p  ∈ R =    r 1  ,  r 2  , …    , and if there are repetitive entities in the propagation, they will only remain in the set that appears for the first time. Through the constant iteration of formula (4), P + 1 sets of P hops of the user are finally obtained:


  ε =    S u 0  ,  S u 1  , … ,  S u P     



(5)







The above-mentioned knowledge map dissemination process is shown in Figure 3, which clearly shows the process of user history using relationship propagation in the knowledge graph. In the picture, users used three viewing history records to conduct physical propagation twice. Search the three entities corresponding to the historical records in the KG, and use the relationship in the graph to find the associated entities. The entities in the ripples of different color depths represent the set of different propagation times. It is meaningful to use the adjacent entities of the KG to enrich the user representation, because each entity in the graph has a strong relationship with the user, and the adjacent entities can be regarded as the richness of user preferences and item features. Therefore, the propagation process is also a process of exploring the high-level features of the entity.




4.2. Asymmetric Semantic Attention Mechanism


In the     h ,   r ,   t     of the KG, the same head entities have different effects on users’ preferences under different relationships. For example, for the entity Forrest Gump movie, the user prefers the genre to the actor; thus, the movie Forrest Gump should have more weight when spreading on the genre relationship. On the one hand, the use of head entities and relationships to identify user preferences cannot identify one-to-many relationships. For example, the actor relationship in the movie Forrest Gump corresponds to multiple entities. Therefore, it is not appropriate to use the same preference semantic expression for these tail entities. Based on this, we design an asymmetric attention mechanism to map the head and tail entities to the corresponding preference semantic space. Its semantic space is jointly determined by entities and relationships.



In addition, propagation is based on the KG triples. If only the self-attention mechanism of the tail entity is used without the head and tail entity information, the information will be lost. Therefore, in the attention mechanism of this unit, we consider the semantics between the front and back entities. For knowledge graph triples       h i p  ,  r i p  ,  t i p     , the structure of our asymmetric attention mechanism is as follows:


   f  i , o  p  = φ   ψ    v   h i p      ,  v   r i p    ,  v p o    ψ    v   t i p       



(6)




where    f  i , o  p    is the feature vector of the i-th entity in the p-th propagation of a certain user u corresponding to the target item o, which is the output part of the asymmetric attention mechanism.   φ   . , . , .     is the similarity calculation function, which is used to measure the attention weight of the propagating entity.   ψ  .    is a semantic transformation function of asymmetric preference, which enables entities to express preference semantic features in the attention mechanism.    v   h i p    ,  v   r i p    ,  v   t i p    ∈  ℝ d    are the embedding of the head entity    h i p   , the relation    r i p    and the tail entity    t i p    of the i-th triplet in the user’s p-th propagation.    v p o  ∈  ℝ d    is the embedding of the target item o at the p-th hop. However, the    v p o    of each hop is constantly updated. At the end of this section, we give the update method of    v p o   . Below we will introduce several functions in the above formula one by one. We first introduce the semantic transformation function   ψ  .    of asymmetric entities. In the triple      h i p  ,  r i p  ,  t i p     , the corresponding head-to-tail entity semantic transformation formula is as follows:


   ψ    v   h i p      =  T     h i p  ,  r i p       v   h i p       ψ    v   t i p      =  T     r i p  ,  t i p       v   t i p      



(7)




where    T     h i p  ,  r i p      ∈  ℝ  d × d     and    T     r i p  ,  t i p      ∈  ℝ  d × d     are the semantic matrix corresponding to the head and tail entities. The head and tail entities are mapped to different semantic spaces through their respective semantic matrices to realize the expression of their respective preference semantics. Although the use of different semantic matrices can enhance the expression of semantic features, on the one hand, the number of entities in the KG is a lot, and for each different combination of head entity and relationship or tail entity and relationship, there are different semantic matrices; these will result in a sharp increase in the number of parameters. On the other hand, if a certain head entity relationship combination or tail entity relationship combination does not include in the training set, the matrix will not be trained, resulting in a sharp drop in recommendation performance.



Therefore, for the above-mentioned problem of our model, we used a similar method to the translation model TransD [36] to optimize the transfer function. However, unlike TransD, our focus is on optimizing perception in the attention mechanism rather than translating entities. Specifically, first construct a semantic vector   γ ∈  ℝ d    for each entity and relationship, and then take out the three semantic vectors    γ h  ,  γ r  ,  γ t    corresponding to the head and tail entities and the relationship in the triples. Finally, the semantic vectors are, respectively, outer product with the relational semantic vector to obtain the semantic matrix of the head and tail entities. Then, the above formula, Formula (7), becomes the following formula:


   ψ    v   h i p      =    γ   h i p    ⊗  γ   r i p      T     v   h i p       ψ    v   t i p      =    γ   t i p    ⊗  γ   r i p      T     v   t i p      



(8)




where    γ   h i p      and    γ   t i p      are the corresponding semantic vectors of the    h i p    and    t i p   .    γ   r i p      represents the semantic vector of the corresponding relationship between the head and tail entities, and   γ ∈  ℝ d   .  ⊗  denotes the vector outer product operation.



Before calculating the similarity calculation function   φ   . , . , .    , we first introduce a triplet with a target item association weight function   ϕ   . , . , .    . It maps the degree of matching between the triple and the target item by the form of the dot product similarity of h + r with the target item. Therefore, the association weight is expressed as:


  ϕ   ψ    v   h i p      ,  v   r i p      =   ψ    v   h i p      +  v   r i p       v p o     



(9)







Finally, we use the softmax function to integrate the results of Formula (9) to obtain the weight of the importance of each triplet in a single propagation:


  φ   ψ    v   h i p      ,  v   r i p    ,  v p o    =   e x p   ϕ   ψ    v   h i p      ,  v   r i p           ∑  i = 1  n  e x p   ϕ   ψ    v   h i p      ,  v   r i p             



(10)







By using the above equation, we obtain the triad attention weights, and the weighted attention mechanism allows us to understand which triad should be given more attention. The tail entities are the subjects after propagation; thus, a single weighted tail entity feature vector    f  i , o  p    is obtained by multiplying the tail entities with their corresponding attention weights by using Equation (6). Finally, the weighted results of all entities of a whole hop are summed to obtain a representation of the feature embedding of the p-th hop:


   ρ  u , o  p  =   ∑   i = 1    n p     f  i , o  p     



(11)




where    n p    is the number of p-th hop tail entity. After going through the asymmetric semantic attention mechanism, we obtain the characteristics of a whole hop. For after each propagation, the next hop is associated with the previous hop entity. Therefore, the representation of the items that is used for an association comparison needs to be updated. So, a single-layer neural network is used to update the representation vector. The specific form is as follows:


   v p o  =    v  p − 1  o  +  ρ  u , o  p     W e  +  b e     



(12)




where    W e  ∈  ℝ  d × d     and    b e  ∈  ℝ d    are the weight matrix and bias vector during transformation. Finally, we summarize the feature of all the hops, and obtain the set of all the features of the p hops of the item o in the G by the user u:


   τ  u , o   =    ρ  u , o  1  ,  ρ  u , o  2  , … ,  ρ  u , o  P       



(13)








4.3. Propagation Feature Exploration Architecture


Through the asymmetric attention mechanism, we obtain the representation vector of the feature of multi-hops propagation. The representation vector of each layer can be understood as the preference feature of different times of propagation. Based on past experiences, previous propagation models use a simple addition vector aggregation method. This method first obtains the user’s representation vector by summing the feature vectors propagated by the user p times and then outputs the prediction result by a dot product operation with the representation vector of item o. Finally, the prediction result is output by the sigmoid function. The calculation process of this method is as follows:


   v u  =  ξ  u , o  p  =  ρ  u , o  1  +  ρ  u , o  2  + … +  ρ  u , o  p     



(14)






    y ^   u v   = σ    v u    T   v o       



(15)




where    v u    is the embedding of u, and    v o    is the original feature embedding of o.   σ  x  =  1  1 + exp  x       is the sigmoid function. The direct addition method exploits user interaction history items and item propagation characteristics to represent user features. The advantage of this method is that it has a good expression and feature constraint effect for users’ interest feature, and it converges quickly. However, its shortcomings are also obvious. Each addition operation will dilute the low-level features of the propagation, and the low-level features need higher weights because they are closer to the user’s original features. In addition, it ignores the interactive exploration between features. Therefore, we propose a new propagation feature exploration architecture to make full use of its advantages and solve its shortcomings.



First, we pre-train the weights through Formulas (14) and (15) to obtain the embedding vector and attention semantic vector of each entity and relationship in this model. On the one hand, because in the propagation process, the feature with the smaller number of propagation times is closer to users’ original feature, and the more important it is to express the users’ feature. Therefore, the proportion of features with a smaller number of propagation times should be increased. On the other hand, the aggregated user vectors of different propagation times all express the characteristics of users with different propagation depths. Therefore, we use the idea of Wide&Deep [37] to keep the feature vectors of low and high order at the same time to ensure the memory and generalization of features. The model summarizes P user feature vectors of different depths    ξ  u , o  p    through formula (14), and each order feature includes the feature of the previous propagation order to enhance the weight of the original feature. These features plus the feature vector of the target item o make the P + 1 feature vectors perform linking operations. Additionally, in order to explore the deep interaction among features, n-layer neural network is used to process the connected vector, and finally obtain the prediction result. The details are as follows:


   z 0  =  ξ  u , o  1       ξ  u , o  2     …     ξ  u , o  P       v p o     



(16)






   z l  = a    z  l − 1    W l  +  b l    , l = 1 , 2 , … , L    



(17)






    y ^   u o   = σ    z  L − 1    W L  +  b L       



(18)




where    W l    and    b l    are the weights and biases in the neural network and   | |   is a vector connection.  l  indicates which layer is in the neural network, and L is the total number of network layers.    z 0    is the input of the neural network and    z l    is the output of the lth neural network layer.   a  ·    represents the activation function of the neural network. In the experiment, we choose different nonlinear activation functions for the hidden layer and compare them. Finally, we obtain the final probability result through sigmoid.




4.4. Learning Algorithm


In this article, we use the given knowledge graph G and the user–item interaction matrix Y to calculate the maximum posterior probability of the model parameter Θ. Θ contains all the parameters in the model, such as the representation vectors of head and tail entities and relationships    v h  ,  v t  ,  v r   , the corresponding semantic vectors    γ h  ,  γ t  ,  γ r    in the attention mechanism, the parameters    W e    and    b e    for item transformation in the propagation process, and the parameters    W l    and    b l    of the neural network in the deep exploration framework. The form of the posterior probability of maximizing Θ is as follows:


  a r g m a x   p   Θ | G , Y        



(19)







The maximization formula is equivalent to maximizing the following formula, and is obtained by reasoning through Bayes’ theorem:


      p   Θ | G , Y   =   p   Θ , G , Y     p   G , Y     ∝ p   Θ , G , Y         = p  Θ  p   G | Θ   p   Y | Θ , G         = p  Θ  p   G | Θ   p   Y | Θ          



(20)




where   p  Θ    is the prior probability of the model parameter  Θ ,   p   G | Θ     is the posterior probability of the knowledge graph G under the premise of the given parameter  Θ ,   p   Y | Θ     is the premise of the given parameter  Θ . Observe the posterior probability of interaction Y. In the above-mentioned maximization problems, according to the rules of Maximum Likelihood Estimation (MLE), the logarithm of the original expression is taken and transformed into a multinomial sum. Then, take the opposite number of the function, transform the objective optimization problem into a minimization optimization problem, and obtain the objective function E, as shown below:


  E = − l o g   p   Θ | G , Y     = − l o g p   G | Θ   − l o g p   Y | Θ   − l o g p  Θ   



(21)







The function in the first term of Formula (22) shows the accuracy of the model’s coding accuracy of the entity relationships. We use TransE’s knowledge graph coding method, assuming that it conforms to the Gaussian distribution and defines the following likelihood function:


      l o g p   G | Θ   = l o g    ∏     h , r , t   ∈ G    N    I  h , r , t   − σ    v h  +  v r  −  v t    ,  λ 1          = −    λ 1   2     ∑     h , r , t   ∈ G           I  h , r , t   − σ    v h  +  v r  −  v t         2 2         



(22)




where    I  h , r , t     indicates whether this triplet exists in graph G. If it exists, it is 1; otherwise, it is 0. For the second term in Formula (22), for each interaction    y  u o   ∈ Y  , The likelihood function can be constructed using the Bernoulli distribution


      log p   Y | Θ   = l o g    ∏   u , v ∈ Y      y ^   u o       y  u o     ·     1 −   y ^   u o       1 −  y  u o           =    ∑    y  u o   ∈ Y     y  u o   l o g   y ^   u o   +   1 −  y  u o     log   1 −   y ^   u o     .        



(23)







The last term p(Θ) in (22) is a priori probability that can be ignored in extreme value problems. Finally, by substituting Formulas (23) and (24) into (22), and adding the l2 regularization of the parameters, we obtain the final loss function:


      L = −    ∑   u , v ∈ Y     y  u v   l o g   y ^   u v   +   1 −  y  u v     log   1 −   y ^   u v           +    λ 1   2     ∑     h , r , t   ∈ G    | |  I  h , r , t   − σ      e h  +  e r  −  e t    | |  2 2  +    λ 2   2      | | w | |  2 2  +   | | b | |  2 2          +    λ 3   2      | | h | |  2 2  +   | | r | |  2 2  +   | | t | |  2 2  +  | |  γ h  | |    2 2  +  | |  γ r  | |    2 2  +  | |  γ t  | |    2 2         



(24)







For the above loss function, we use the advanced Adam [38] optimization method to solve the local optimal problem. We give parameter pre-training and parameter optimization processes of model training in Algorithm 1 and Algorithm 2, respectively.



Time complexity: Algorithm 1 is a pre-trained model of propagation with time complexity   O     ∑   i = 0  p  n ∗  k 2    ,   where  n  is the size of the fixed sampling triplet in propagation and  k  is the dimension of the transformation matrix. Algorithm 2 adds the propagation feature exploration layer based on Algorithm 1 so the time complexity is   O     ∑   i = 0  p  n ∗  k 2  +   ∑   i = 0  l   k  l − 1    k l     , where    k l    and    k  l − 1     represent the current and previous transformation sizes.






	Algorithm 1 Learning in the pre-training for EKPNet



	Input: implicit feedback matrix Y, knowledge graph G

Set: batch size b, learning rate α, dimensionality k

	
Initialize    v e  ,  v r    according to TransE Algorithm and randomly initialize



	
   γ e  ,  γ r  ,  W e  ,  b e   ,     β 1  = 0.9 ,  β 2  = 0.999 , η = 0.002  



	
Retrieve the set    S u p    for each user u from the knowledge graph G



	
for number of training sample do



	
Sample a mini batch of true and false triples from G;



	
Sample mini batch of positive and negative interactions from Y;



	
Prediction value     y ^   u o     via Equations (6)–(15)



	
Calculate the loss and gradients     ∂ L   ∂ Θ     of all parameters  Θ  via Equations (19)–(24);



	
Initialize    v 0  ,  s t  , t ← 0  



	
while    θ t    not converged do



	
   v t  ←  β 1   v  t − 1   +   1 −  β 1      ∂ L   ∂ Θ    



	
   s t  ←  β 2   s  t − 1   +   1 −  β 2      ∂ L   ∂ Θ   °   ∂ L   ∂ Θ    



	
   Θ  t + 1   ←  Θ t  − η    v t       s t        (update parameters)



	
end while



	
end for



	
Return    v e  ,  v r  ,  γ e  ,  γ r  ,  W e  ,  b e   








	Output: Parameters of the model    v e  ,  v r  ,  γ e  ,  γ r  ,  W e  ,  b e   











	Algorithm 2 EKPNet Learning Algorithm



	Input: implicit feedback matrix Y, knowledge graph G, The parameters of Algorithm 1.

Set: batch size b, learning rate α, dimensionality k



	
	
Initialize    e E  ,  e R  ,  γ E  ,  γ R  ,  W e  ,  b e    according to TransE Algorithm and randomly



initialize    W i  ,  b i   



	
   β 1  = 0.9 ,  β 2  = 0.999 , η = 0.0001  



	
Retrieve the set    S u p    for each user u from the knowledge graph G



	
Repeat



	
for number of training sample do



	
Sample a mini batch of true and false triples from G;



	
Sample mini batch of positive and negative interactions from Y;



	
Prediction value     y ^   u o     via Equations (6)–(13) and Equations (16)–(18)



	
Calculate the loss and gradients     ∂ L   ∂ Θ     of all parameters  Θ  via Equations (19)–(24);



	
The parameters are updated in the same way as in Algorithm 1



	
end for



	
Return    v e  ,  v r  ,  γ e  ,  γ r  ,  W e  ,  b e   








	Output: results predictions










5. Experimental Results and Discussion


5.1. Experiment Preparation


5.1.1. Dataset


We choose two real world datasets in completely different backgrounds to prove the effectiveness of the model in different scenarios. The datasets are as follows:



MovieLens-1M [39] is a movie rating dataset widely used in the field of movie recommendations. It is the result of the GroupLens research project by the University of Minnesota. It includes 1,000,209 score records of 6040 users with a value of 1–5 for 3900 movies. It also contains basic movies and user attributes, such as age, gender, occupation, and movie category.



Book-Crossing [40] is a book scoring dataset widely used in the field of book recommendation. The data are collected in the Book-Crossing community. It contains 1,149,780 scoring records of 271,379 books by 278,858 users with a value of 1–10. It contains basic demographic data and basic information about the book.



Since the goal of our experiment is to predict the probability of interaction between the target user and the item through implicit feedback, the scoring data must be converted into implicit data. Specifically, we set a threshold in the dataset to define whether the user interacts. For each record, we set the score to be not lower than the threshold as positive feedback data (label 1) and randomly sample the data of non-interactive user items as negative feedback data (label 0), and the sampling size is the same as the number of positive samples. In addition, we will delete users who do not include positive implicit feedback in the experiment, because the positive implicit feedback of users is needed to verify the results in model testing.



The knowledge graph used in this article was published in [15]. The methods of constructing a knowledge graph for movie datasets and book datasets are the same. First, a subset is constructed by matching the movie name and book name entries in the dataset with the items in the Microsoft Satori knowledge base. Then, delete the unmatched item or multiple matched items, and finally, given the matched knowledge graph, the entity set is expanded to four hops. Through the above process, MovieLens finally obtained 1,241,995 triples corresponding to 182,011 entities and 12 kinds of relationships, and Book-Crossing finally obtained 77,903 entities and 198,771 triples corresponding to 25 kinds of relationships. In order to express this more clearly, the statistics of the two datasets are shown in Table 1, where inter-avg indicates the average interaction of each item, link-avg indicates the average number of links per item, and sparsity indicates the sparsity of the dataset.




5.1.2. Baseline


Six advanced recommendation models are included in the experiment to verify the effectiveness of EKPNet. After reproducing the following model, we set the baseline parameters to the best parameters in the original paper.



CKE [23] is a classic embedding-based recommendation model that integrates knowledge graph, vision, and text into the Bayesian recommendation framework. However, since the dataset does not contain image and text information, we simplify the model and use TransR encoding, with the embedding used as the model input.



DKN [13] is a news recommendation framework based on embedding. It uses word and entity embedding as the model input to construct the feature vector of each news, and then explores the user’s interest through the attention mechanism formed by CNN. In this experiment, we use movie titles and book titles as the model text input.



Wide&Deep [37] is one of the most classic general recommendation frameworks in the recommender system. The input features are processed through the linear part of wide and the nonlinear part of deep to consider the depth and shallowness of feature exploration at the same time. The ID of the item and the embedding obtained after the knowledge graph TransR are used as the input of the model.



RippleNet [15] is a most advanced unified high-efficiency model that combines the advantages of path-based and embedding-based methods. It uses user click history to propagate potential preferences to obtain user representations, and finally combines with item representations to predict the interaction probability.



KGCN [14] is another state-of-the-art kind of unified approach. It enables non-spectral graph convolutional network methods to be applied to knowledge graph to efficiently learn knowledge graph information as well as to mine potential features of users.



Ripp-MKR [17] is an improved method based on RippleNet, which integrates multi-task learning into the communication framework, and learns the knowledge graph and historical interaction matrix at the same time.




5.1.3. Experimental Settings


In the EKPNet model experiment, for two datasets, the ratio of our training, validation and test set is set to 6:2:2. We conducted three experiments for each result and took the means. To demonstrate the validity of the model, the evaluation indicators were selected through two tasks: CTR click prediction evaluation and TOP-K recommendation. For the CTR task, we chose AUC and ACC indicators. For TOP-K recommendation evaluation, we chose Precision@K, Recall@K and F1@K evaluation indicators, where K is the number of recommended items. In order to show the recommendation effect in different K, K was set to 1, 2, 5, 10, 20, 50, 100.



The specific settings of pre-training parameters and training parameters are shown in Table 2, where d represents the feature embedding dimension, P represents the maximum number of propagations, N represents the number of propagation-selected entities,    λ 1  ,    λ 2  ,    λ 3    represent the regularization coefficients, and L represents the number of neural network layers.



The experimental hardware environment includes 64-core Intel(R) Xeon(R) CPU, A100-PCIE-40GB, memory 48G, and system Ubuntu. The software uses Python programming language, PyTorch framework and NumPy scientific computing library.





5.2. Experimental Results


Table 3 and Figure 4, Figure 5 and Figure 6 show the performance of the model in CTR prediction and TOP-K recommendation tasks, respectively. Through them, we can find that:




	
Compared with these state-of-the-art baselines, EKPNet has a better effect on datasets in two different fields. More specifically, the asymmetric semantic attention mechanism and the multi-level propagation feature exploration architecture play an active role in mining user preferences and providing recommended items. Compared with the effect of baseline on the MovieLens-1M and Book-Crossing datasets, EKPNet has average increased AUC values by 10.8% and 8.5%, and ACC by 11.2% and 7.1%.



	
For the top-K task our model has a greater advantage on the MovieLens-1M dataset. Its relatively low sparsity in KG may lead to better training of the semantic vectors we introduced. Another reason why the EKPNet model improves less in the Book-Crossing dataset compared to Ripp-MKR is that Ripp-MKR introduces neural collaborative filtering, while the Book-Crossing dataset has more interaction information to assist joint learning. In addition, our model targets the CTR task and the cross-entropy loss used in the loss function, rather than the selection ranking loss, so there are some limitations for the ranking task.



	
By observing the results between the two data, it is found that the results of the Book-Crossing dataset in all models are lower than the MovieLens-1M dataset. The main reason is shown in Table 3 in Section 5.1. On the one hand, in the user project interaction matrix, the Book-Crossing dataset has an average number of 117 fewer interactions per user than the MovieLens-1M dataset, with a difference of 5.05% in sparsity. On the other hand, in the knowledge graph dataset of the two data, the Book-Crossing dataset has an average of four fewer links per entity than the MovieLens-1M dataset. The sparse data make each model have insufficient information to explore the characteristics of user items and its performance is not satisfactory.



	
Compared with other baselines, DKN’s method is overwhelmed by most models, because compared with news titles, the names of movies and books are shorter, the information contained is very limited, and it is difficult to reflect the characteristics of movies or books.



	
The poor performance of the CKE model for us may be due to the lack of image and text information in the data, which limits the expression of the model. Then, unlike RippleNet and EKPNet, the model only directly uses related entities to represent features, and does not use related entities to enrich feature representations.



	
Compared with the above two baselines, Deep&Wide achieved relatively good results, indicating that deep learning obtains better results in exploring the intersection of entity features. However, compared with the other three unification-based methods the results are poor, and it can be seen that exploring the knowledge graph is crucial for the prediction results.



	
RippleNet, KGCN and Ripp-MKR exhibit the best performances among all the baselines. Therefore, it is proved that exploring structural information in the knowledge graph can effectively improve the model effect.



	
EKPNet has a clear advantage over RippleNet and Ripp-MKR in both tasks. It demonstrates that in outward propagation, considering the impact of distinguishing the semantics of different classes of head and tail entities in the attention mechanism and exploring the aggregation features at different levels of propagation have a positive impact on the final results. The EKPNet also exhibits a better performance compared to KGCN, proving that our model also has some advantages compared to graph convolutional networks.



	
For the inward aggregated attention mechanism model KCAN, we obtained an AUC of 0.907 in the MovieLens-1M dataset and 0.928 in the EKPNet model. Our model improved by 2.31% compared to KCAN. However, KCAN treats users as entity vectors in the knowledge graph, and every time a new user interaction occurs, the graph needs to be reconstructed and the entire model retrained. Additionally, our work uses the user’s interaction history items in the knowledge graph outward propagation to indicate that the user can solve the problem of new users appearing. Therefore, EKPNet exhibits a better performance.









5.3. The Influence of Activation Function and MLP Structure


In the deep exploration framework, choosing the structure of the deep model and the activation function of each layer can directly affect the effect of the model. To verify the relationship between the model and MLP, we designed a comparative experiment. The two datasets in the above experiment were used to observe the performance of different layers and different activation functions (such as relu function, sigmoid function, and tanh function).



The results are shown in Figure 7. For the activation function, since previous studies have shown that the two datasets are quite different in either the knowledge graph or the interaction matrix, the model performance is quite different. For the MovieLens-1M dataset, relu and tanh show similar performances, but for the Book-Crossing dataset, the effect of the tanh function is significantly better than relu, which may be due to the normalization ability of tanh in line with the characteristic distribution of the data. The same is that the performance of the sigmoid function is always the worst.



For the MLP structure related to the capacity of the model, we used the same width as the input, and chose six different depths of mlp to explore the effect of depth. In the two datasets, the relu and sigmoid functions are more sensitive to depth, while tanh is relatively stable. The experimental results show that it has the best performance when the structure is made up of four layers. A shallower model cannot perfectly fit the data features, and the problem of gradient disappearance leads to a deeper model structure that will make the effect worse. Therefore, a deeper MLP cannot ensure a higher effect.



Finally, we conclude that the overall effect of the model is the best when the four-layer mlp and tanh activation functions are selected.




5.4. Module Ablation Experiment


In order to explore the necessity of the proposed two parts for the model effect, we compare the original model with three different model variants. EKP_no represents the simplest propagation model, EKP_att represents only the asymmetric semantic attention mechanism, and EKP_frame is a model that only uses the propagation feature to explore the architecture. EKPNet represents a complete model that uses two modules at the same time. The final result is shown in Table 4. Using the attention mechanism and the propagation feature exploration framework alone in the MovieLens-1M dataset boosted the effect by 0.45% and 0.51%, respectively. Using both modules together boosted it by 1.22%. Using the two parts alone in the Book-Crossing dataset improves it by 1.41% and 3.50%, respectively, and using both modules at the same time improved it by 5.73%. EKP_att and EKP_frame both saw a large improvement compared to the original propagation model, indicating the effectiveness of the two improved parts in the propagation model. Additionally, the two parts have more similar enhancement effects for MovieLens-1M model. However, EKP_frame has better results in the Book-Crossing dataset, probably because the Book-Crossing data are sparse and the vector of the attention mechanism is not fully trained. The effect also shows that the combination of the two parts yields better results.




5.5. Cost of the Model


To discuss the cost of the model in training, we compare the propagation models RippleNet and Ripp-MKR, which are most relevant to the model in terms of time consumed. As shown in Table 5, our model is higher in time cost than the RippleNet with a simple structure because it introduces an attention mechanism as well as a propagation exploration framework. As for Ripp-MKR, it has more consumption because of the need for simultaneous multi-task learning during propagation. Since the graph neural network aggregation-based approach is very time consuming for graph training, it takes a long time to use KGCN.





6. Conclusions


In this article, we use the propagation of a knowledge graph to assist in the recommendation and design of a brand new EKPNet architecture. Compared with the existing propagation model, there are two main advantages. First, a new and effective asymmetric semantic attention mechanism is proposed to sample the knowledge graph. It improves the attention effect by distinguishing the preference semantics of the head and tail entities in the attention mechanism. Then, a communication feature exploration architecture is used to retain the communication features from shallow to deep. Features with different propagation depths enhance the memory and generalization capabilities during propagation, and finally use deep neural networks to explore feature intersections. Two structures are used to enhance the exploration of entity features in propagation. We conducted extensive experiments on two datasets in the real world and demonstrated the superiority of the EKPNet model through comparison with the baseline.



For future work, we will verify the effect of our model in more application scenarios. We mainly use offline recommendations in our experiments and the knowledge graph is stationary. To enhance the value of industrial applications, it is a promising research direction to study the propagation of recommender systems in dynamic knowledge graphs in the future. It can further obtain efficient online recommendation methods. In addition, our approach provides a new way of thinking for research in other heterogeneous networks such as social networks.
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Figure 1. Knowledge graph-based recommendation process. 
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Figure 2. The overall framework of EKPNet. 
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Figure 3. Entity propagation process in the context of movie recommendation. 
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Figure 4. Precision@K of different baselines in the two datasets in the topK task. 
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Figure 5. Recall@K of different baselines in the two datasets in the topK task. 
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Figure 6. F1@K of different baselines in the two datasets in the topK task. 
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Figure 7. Model performance under different activation functions and different quantity levels. 
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Table 1. Statistics of two datasets: MovieLens-1M and Book-Crossing.
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MovieLens-1M

	
Book-Crossing






	
User–Item

Interaction

	
#users

	
6036

	
17,860




	
#items

	
2445

	
14,967




	
#interaction

	
753,772

	
139,746




	
#inter-avg

	
125

	
8




	
# sparsity

	
94.89%

	
99.94%




	
Knowledge

Graph

	
#entities

	
182,011

	
77,903




	
#relations

	
12

	
25




	
#KG triples

	
1,241,995

	
198,771




	
#link-avg

	
7

	
3
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Table 2. The detailed parameters of the EKPNet experiment.
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	d
	P
	N
	     λ 1     
	     λ 2     
	     λ 3     
	lr
	L





	Movielens-pre
	16
	2
	32
	0.01
	5 × 10−3
	-
	1 × 10−2
	-



	Movielens
	16
	2
	32
	0.001
	1 × 10−7
	1 × 10−7
	5 × 10−3
	3



	BookCrossing-pre
	4
	3
	32
	0.01
	1 × 10−7
	-
	1 × 10−2
	-



	BookCrossing
	4
	3
	32
	0.001
	1 × 10−4
	1 × 10−4
	5 × 10−3
	4
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Table 3. The performance of different baselines in the two datasets in the CRT prediction task.
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Model

	
MovieLens-1M

	
Book-Crossing




	
AUC

	
imp

	
ACC

	
imp

	
AUC

	
imp

	
ACC

	
imp






	
CKE

	
0.765

	
21.31%

	
0.719

	
19.05%

	
0.654

	
13.30%

	
0.625

	
8.32%




	
DKN

	
0.683

	
35.87%

	
0.612

	
39.87%

	
0.631

	
17.43%

	
0.604

	
12.09%




	
Wide&Deep

	
0.896

	
3.57%

	
0.823

	
4.01%

	
0.693

	
6.93%

	
0.621

	
9.02%




	
RippleNet

	
0.917

	
1.20%

	
0.844

	
1.42%

	
0.698

	
6.16%

	
0.640

	
5.78%




	
KGCN

	
0.907

	
2.1%

	
0.838

	
1.8%

	
0.687

	
5.4%

	
0.631

	
4.6%




	
Ripp-MKR

	
0.920

	
0.8%

	
0.845

	
1.1%

	
0.720

	
2.1%

	
0.650

	
2.7%




	
EKPNet

	
0.928

	
-

	
0.856

	
-

	
0.741

	
-

	
0.677

	
-
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Table 4. The performance of different variants in the CRT prediction scenario.






Table 4. The performance of different variants in the CRT prediction scenario.





	ACC
	EKP_no
	EKP_att
	EKP_frame
	EKPNet





	MovieLens-1M
	0.9172
	0.9213
	0.9219
	0.9284



	Book-Crossing
	0.7006
	0.7105
	0.7251
	0.7408
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Table 5. The cost of the model.
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	Time
	RippleNet
	EKPNet
	Ripp-MKR
	KGCN





	MovieLens-1M
	352.8 s
	386.3 s + 252.1 s
	924.1 s
	1016.2 s



	Book-Crossing
	136.3 s
	152.2 s + 122.4 s
	524.2 s
	734.1 s
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