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Abstract 

Personalized recommendation systems appear more and more frequently in people's 
lives, however, the traditional partial recommendation system model input vectors are 
sparse, and a large number of user and item features do not interact, which makes the 
final recommendation result biased and eventually affects the system performance. 
Therefore, in this paper, we propose a multi-objective hybrid recommendation 
algorithm model based on knowledge graph, MOHR-KG. Firstly, we use convolutional 
network to extract item features and combine them with the item's own features to 
transform them into low-dimensional vectors, and then obtain the auxiliary item 
information in the knowledge graph, and then introduce the attention mechanism, and 
then cross-train to mine the feature information to output results. The experimental 
results show that; compared with the current traditional recommendation methods, 
MOHR-KG has good performance in evaluation indexes such as accuracy and improves 
the system performance. 
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1. Introduction 

With the development of information technology and the Internet, the problem people face is 
not the lack of information, but how to filter information, thus, the recommendation system was 
born. Recommendation systems aim to provide users with personalized recommendation 
services [1] and help them get the information they want faster and more accurately. 

After continuous development, traditional recommendation algorithms are no longer able to 
complete the recommendation task well. Currently, researchers have achieved good results by 
combining deep learning and traditional recommendation algorithms to complete the 
recommendation task, but still face many problems such as cold start  [2], so we propose that 
the recommendation can be enhanced with the help of knowledge graphs as an auxiliary 
information source. 

Therefore, in this paper, we propose a multi-objective hybrid recommendation model based on 
knowledge graph to fully exploit the user and item information so that the model enables the 
interaction of features between users and items, and finally, we improve the performance of 
the whole recommendation system through training and optimization of the model to make 
effective recommendations. 



Scientific Journal of Intelligent Systems Research                                                                                        Volume 4 Issue 1, 2022 

ISSN: 2664-9640                

207 

2. Related Work 

Receiving inspiration from the successful application to graph embedding in various tasks, 
researchers have recently tried to use graphs to improve the performance of recommendation 
algorithms. personalized entity recommendation (PER) [3] treats KG as a heterogeneous 
information network and extracts potential features based on meta-paths to represent different 
types of relational paths of connectivity between users and items, but PER relies heavily on 
manually designed meta-paths, which limits its use in generic schemes. Collaborative 
knowledge base embedding (CKE) [4] combines collaborative filtering algorithm (CF) [5] with 
structural knowledge and textual knowledge in a unified framework, which is more suitable for 
in-graph applications than recommendation applications, and the loose connection between CF 
and KGE modules is less effective for recommendation models. 

Because, to address the limitations of previous work, we propose a multi-objective hybrid 
recommendation model based on knowledge graphs, MOHR-KG, which is a general end-to-end 
deep recommendation framework [6], aiming to use knowledge graph embeddings to assist in 
recommendation tasks, by cross-training the recommendation module and graph embedding 
module to complete the recommendation task, in which we introduce a cross-compression unit 
that achieve a high-level interaction between the two modules with enough higher-order 
features interacting with each other between entities. We also add an attention mechanism to 
the cross-compression unit to further improve the system performance. 

3. MOHR-KG models 

3.1. Framework of MOHR-KG  

The framework of MOHR-KG is shown in Figure 1; it is mainly composed of four parts: 
recommendation module, knowledge graph embedding module, cross-compression unit and 
attention mechanism. 

 
Figure 1: Framework of MOHR-KG 

3.2. Recommended Modul 

The input in the recommendation module is composed of two original feature vectors u and v 
[7], whose potential compression features we extract using the MLP of the L-layer [8]. 

 ( ( ( ))) ( )L

Lu M M M u M u    (1) 

Where M(x) is a fully connected neural network layer with weights W, deviations b and 
nonlinear activation function σ(y), and for item v, we extract its features using L cross-
compression units. 
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Where S(v) is the set v of item-related entities. 

After obtaining the potential features of user u and item v, we combine the two by means of a 
prediction function to obtain the prediction results. 

   ˆ ,uv RS L Ly f u v  (3) 

3.3. Knowledge graph embedding module 

In order to effectively embed the auxiliary information of the knowledge graph into the 
recommender system, we need to transform the semantic information into low-latitude vectors 
and embed multi-relational data in the recommender model [4]. We first use multiple cross-
compression units and nonlinear layers for the head h and relation r [9,10], and then connect 
their potential features together to act on the K-layer MLP for predicting the tail t. 
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Where S(h) is the set of entity association terms, t' is the prediction vector of t, and finally the 
function f score is calculated [11]. 

 score( , , ) )'( ,KGh r t f t t  (7) 

3.4. Cross-compression unit 

The intersection operation consists of each possible feature interaction of the item v and the 
entity e associated with it. 
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Where vl and el denote the items and entities of the Lth layer, respectively, the relationship 
between item v and its entity e is explicitly modeled in the cross-feature matrix. Then, the item 
and entity feature vectors of the next layer are output by projecting into their potential 
representation space through the cross-feature matrix as follows. 

1

VV T EV V T VV T EV V

l l l l l l l l l l l l lv C w C w b v e w e v w b        

 1
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l l l l l l l l l l l l le C w C w b v e w e v w b        (9) 

where wi and bi are the weights and biases of the network, respectively. 

3.5. Attentional Mechanisms 

The attention mechanism to some extent simulates the characteristics of human vision, which 
tends to focus on the target when observing things. Using the attention mechanism can help the 
neural network focus on feature information that is more relevant to the target task. The data 
s to be processed are constituted into a series of key-value pairs ＜Key, Value＞, Key is the 
attribute and Value denotes the corresponding value. Given a certain attribute Q in the target, 
the weight coefficient corresponding to Value is obtained by calculating the correlation 
between Q and Key, and then the Value is weighted to obtain the final Attention value, which is 
calculated as follows. 
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Where sim(-) denotes the correlation function, ai denotes the weight coefficient corresponding 
for each Value 

3.6. Loss function 

The complete loss function of the model is. 
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where LRS denotes the loss of the recommendation module, LKG denotes the loss of the 
knowledge graph embedding module, and LREG denotes the canonical term. 

4. Experiment and Evaluation 

4.1. Dataset 

The MovieLens dataset is a set of movie rating data provided by MovieLens users from the late 
1990s to the beginning of the 21st century. The data mainly includes movie titles, genres and 
eras, users' ages, genders, occupations, and zip codes, and users' ratings of movies. 

This experiment uses one of the MovieLens-1M datasets, which mainly includes 6040 users, 
3882 movies, and 1 million records of users' ratings of movies. 

4.2. Evaluation metrics 

In this paper, two metrics, ACC (accuracy) and AUC (area under curve) of ROC curve, are used 
to evaluate the MOHR-KG model, aiming to test the performance of the model on the public 
dataset. 

The ACC metric is used to describe the proportion of classifications that are correctly predicted 
for the overall, i.e. 

 correct 

total 

ACC
n

n
  (12) 

Where ncorrect indicates the number of records correctly predicted and ntotal indicates the 
number of all test data. 

The AUC metric is a quantification of the ROC curve. In some cases, the ROC curve is not always 
smooth due to the threshold value taking, and it is difficult to determine the performance of the 
model. Therefore, AUC is chosen to evaluate the model, and the value of AUC is the area formed 
by the ROC curve and the FPR axis. 

4.3. Experimental results and analysis 

In order to verify the effectiveness of the MOHR-KG model, this paper compares and analyzes 
this model with some current representative and mainstream recommendation algorithms 
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(PER [3], LibFM [12], CKE [4]), etc., and the final results are averaged three times as shown in 
Table 1. 

Table 1: Performance comparison of different algorithms in common dataset 

Model ACC AUC 

PER 0.656 0.710 

CKE 0.732 0.798 

KGCN 0.787 0.811 

LibFM 0.822 0.845 

Wide＆Deep 0.811 0.869 

MOHR-KG 0.844 0.902 

 

5. Conclusion 

In this paper, we propose a multi-objective feature learning [14] hybrid recommendation 
model based on knowledge graphs, which mainly addresses the problems of vector 
initialization and feature extraction in recommendation systems [13]. The experimental results 
show that this paper's method has significant performance improvement on general-purpose 
datasets. However, due to the complexity of the recommender system, so it is in the practical 
application there are still many problems that need to be discussed in depth to solve, for 
example, we can build more accurate user portraits so as to enrich the information [15,16], 
which will be more helpful to our model as a way to improve the system performance. 
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