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Reasoning refers to the extraction of information from a graph in 

an embedded space through link prediction. Link prediction 

involves identifying the missing edge between a pair of entities. 

While graph features are utilized to locate these missing edges, 

similarity-based methods often fail to consider all of the graph 

features. Multi-view methods leverage multiple perspectives, each 

offering a different aspect of data analysis. In this paper, we 

present a novel approach called the Multi-View Probabilistic 

Latent Semantic Analysis (PLSA) based PLSA algorithm. This 

algorithm calculates three distinct views, enabling a 

comprehensive analysis of the underlying data. The first one refers 

to the viewing probability of a node in the head, tail, or relation 

separately. The second view highlights the significance of a 

suggested tail in information representation, while the third view 

evaluates the quality of information flow within a set comprising 

the head, relation, and tail. These three views are combined to 

derive the optimal score function by PLSA method. Test results 

indicate that the proposed method ensures that the correct solution 

lies within an acceptable range, with a hit rate exceeding 40% in 

the Freebase dataset. Experimental results further demonstrate the 

effectiveness of the proposed algorithms compared to state-of-the-

art methods. 

Keywords: knowledge graph embedding, multi view, page rank, 

information diffusion. 
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1. Introduction 

he knowledge graph (KG) serves as an abstract 

representation of stored data and encompasses 

knowledge about various aspects of the world, including 

regulations and relationships among entities [1]. The KG is 

structured as a directed graph, composed of triplets known 

as (Head-Relation-Tail) representations. While the KG may 

contain relation faults and not encompass all facts, artificial 

intelligence researchers have developed a strong interest in 

extracting and discovering new knowledge from the existing 

knowledge graph [2-5]. 

The knowledge extracting from an incomplete graph is 

link prediction (LP), enabling the retrieval of valuable 

information and insights from the graph [3]. The knowledge 

extraction is done in an embedded space. The feature vectors 

are converted into lower-dimensional representations known 

as embeddings. Several algorithms have been proposed for 

LP in the embedded knowledge graph [2-5]. 

The existing methods can be classified as the translation-

based, bi-linear, and neural network-based categories [6]. 

The translation-based methods define a similarity relation 

in which the mapped related entities have the minimum 

distance in the embedded space. In the second category, 

called bi-linear, a score function is defined to assign a score 

to each triplet.The score indicates the proportionality of each 

triplet in the embedded space. This means that if the triplet 

is correct, its score will be high. The third category, neural 

network-based, primarily encompasses deep learning 

methods [2]. 

 Most of the knowledge graph embedding methods utilize 

similarity or distance functions to compute the closeness 

between the Head, Relation, and Tail entities. However, 

relying solely on one type of closeness function may not be 

efficient enough to accurately determine the closeness of the 

embedded data in the mapped space. Furthermore, numerical 

methods would not be efficient in determining relations for 

textual data that can be semantically close but numerically 

distant [7]. 

To solve this problem, it is important to achieve the 

semantic relation between the entities. 

Probabilistic models are very efficient in calculating the 

semantic relation of data. Probabilistic latent semantic 

analysis (PLSA), as a probabilistic model, provides high 

accuracy for semantic relation extraction [1, 8]. In this paper, 

we provide a new method for LP by adopting PLSA. The 

proposed method combines the learning of the geometrical 

structure of a graph with node similarity to obtain multiple 

perspectives on the data. Finally, we integrate the obtained 

views using PLSA [9, 10].  

Our contributions are three folds: 

• The correct triplet has the highest score and 

represents an acceptable concept in the embedded 

space. 

• If a sufficient number of appropriate score 

functions are defined, a simple embedding will 

achieve a proper representation. 

• The geometrical structure of a graph, combined 

with similarity measures, improves data 

representation in the embedded space by 

considering proximity between related data and the 

concept of correctness. 

The structure of this paper is organized as follows; 

Section 2 presents an overview of the previous works on 

knowledge graph embedding methods; section 3 provides 

the proposed model. Experiment setup and experimental 

result are in section 4 and at the end section 5 is the 

conclusion of the paper 

2. Previous Work 

The LP models learn entities and their relations, which 

should be designed to preserve the local structure for the 

discovery of new facts. 

The RESCAL method utilizes two similarity matrices: 

one between the head and relation, and the other between the 

tail and relation [6]. 

The proportional RESCAL of each entity involves 

considering a vector to preserve its latent meanings [8]. 

The matrix considered by RESCAL indicates relations 

between pairs of entities. The simplified DistMult can be 

seen as a variant of the RESCAL method, limited to a 

diagonal matrix. For each relation r, it is necessary to use an 

embedding vector and a matrix [9].  

Inspired by the Word2Vec model, the TransE model was 

proposed in 2013 [10]. This model regards the relation r as 

the translation between the vector representations of two 

entities h and t. In other words, the triplet (h, r, t) is the 

embedding of an entity t near the translation of an entity h 

through the relation r, and the score function is defined as 

the distance between h and t. 

The TransH model was proposed in 2014 [11]. In this 

model, an entity involved in different relations is allowed to 

have different representations. In fact, TransH selects a page 

T 
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for embedding connections by mapping every relation r as a 

vector r onto the embedding page. 

The TransR model, proposed in 2015, maps entities and 

relations onto two separate spaces denoted as Rk and Rd 

respectively [12]. This method employs a mapping matrix 

that maps the entity space onto the relational space r. The 

matrix first maps entities onto the relational space. 

In the name embedding process, a translation method like 

TransE is utilized for word embedding and relation 

embedding. All embeddings are mapped onto a single space 

to aggregate the views, or the views can be weighted. 

Alternatively, the allocation matrices of each row for each 

view can also be used. However, these methods have certain 

disadvantages, including the mapping onto the same space, 

the challenge of identifying important views, or the 

increased computational complexity due to the model. In this 

study, the implemented feature extraction is solely based on 

the features of entities. Nevertheless, the empirical results 

indicate that [13]. TimE decomposes every relationship into 

entities and a diagonal mapping matrix [14], whereas CoNE 

was designed through the geometrical structure of a graph 

based on adjacency to calculate the features of entities with 

respect to their local adjacencies [15]. Cascade learning is a 

supervised learning method for neural networks. It employs 

the sequence in the objective function optimization, a 

process which is observed and controlled in every step. Most 

of the methods based on neural networks transform the 

initial data space into a new data space. Conceptual features 

and the graph of features are extracted from knowledge 

embedding and graph embedding, respectively [16]. These 

two sets are then employed to obtain a relationship between 

two features in cascade learning through three steps, each of 

which is calculated through a specific likelihood function. 

These methods were able to solve one to many and many 

to many states gradually and these approaches reduced the 

number of parameters but the accuracy decreased. Extracted 

from the public knowledge bases, textual information can be 

employed to confirm the relation between two entities in the 

embedding process [15].  

Random walk algorithms are employed to calculate the 

probability of paths between nodes in the graph, helping 

capture the influence and relationships between different 

entities in the network [7, 17, 18]. The random path selection 

approach may overlook certain potential nodes, leading to 

the neglect of their influence. The problem at hand is to 

identify which tails are most influenced by each pair of head-

relation. 

Most of the knowledge graph embedding (KGE) methods 

face four important constraints. First, the previous methods 

were semantically weak. In fact, the vector representation is 

only a point in the high-dimensional geometrical space [19]. 

Second, the entities have many features, but not all of these 

features are utilized in previous methods. Third, it is 

assumed that the roots of words are available as training data 

in large numbers for similarity functions; however, the 

number of training data is always limited. The embedding 

methods with clustering are not suitable due to the challenge 

of drawing numerical comparisons. Moreover, these 

methods often utilize Latent Dirichlet Allocation as a 

supervised technique to determine the dependence of an 

entity on a cluster. However, clustering improvement does 

not directly relate to views during the clustering process. 

Another problem is the retention of both the global structure 

and the local structure when dealing with high-dimensional 

data, which often leads to the curse of dimensional. 

Extracted from the public knowledge bases, textual 

information can be employed to confirm the relation 

between two entities in the embedding process [20]. 

Additionally, embedding methods with clustering are not 

suitable due to their reliance on non-numerical comparisons. 

Furthermore, the use of LDA in these methods to determine 

the dependence of an entity on a cluster introduces a 

supervised aspect. Another challenge is the retention of both 

the global and local structure, especially in high-dimensional 

data, which leads to the curse of dimensionality. 

The multiple features of the graph are taken into account 

through a multi-view policy. The proposed method will be 

described in the upcoming section. 

Knowledge graph embedding models aim to learn entities 

and relations in order to improve a global loss function. It is 

crucial to consider this in a way that preserves the local 

structure, enabling the discovery of new facts. 

 

 

3. Model Description 

The proposed architecture is based on multiple views, 

including the position of a node, its adjacency with other 

nodes, the affected node, the information representation, and 

the independent presence of two entities and a relation.The 

features can be divided into multiple subsets called views 

completing each other [8].  

The empirical results indicate that the latent features of a 

graph should also be taken into consideration, as they 
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complement each other [8]. Each view in the proposed 

method can have either a global or local feature graph. The 

global graph structure is used to capture semantic 

communication. However, unlike previous methods, the 

proposed method does not rely solely on node similarity. 

Instead, it takes into account the quality of communication 

for each node. This allows for the learning of structural 

communication, where the communications are not purely 

numerical. 

We are searching for score functions (f) that can be 

learned through the PLSA process, as depicted in Figure 1. 

As illustrated in Figure 1, the input to the score function, 

denoted as x, is computed using the state pattern matrix. The 

score function f(x) is then calculated using Multi-view 

PLSA. 

 

Figure 1 

The mapping function 

 

 

Figure 2 

An example of normalized PWM matrix computation 

 

3.1. State Pattern Matrix 

As depicted in Figure 5, X represents the input, while Y 

represents a probability function. In Figure 1, the state 

pattern matrix is utilized as the input X. Additionally, the 

normalized PWM matrix is generated, as illustrated in 

Error! Reference source not found.. 

The PWM (Prior Position Probability Matrix) is a matrix 

that represents the probability of a state for each triplet, as 

mentioned before [21]. It is commonly used in the detection 

of duplicated patterns in genes [22, 23]. To calculate the 

PWM matrix, the occurrence probability of each entity in a 

pattern needs to be determined. In the pattern matrix, the first 

column represents all the present entities and relations, while 

each subsequent column indicates a specific pattern. The 

rows of this matrix correspond to the number of entity 

representations in each pattern. The values of the 

unnormalized PWM (Position Weight Matrix) matrix are 

computed using the equation 1. 

𝑃𝑊𝑀𝑖,𝑗 =
𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛[𝑖, 𝑗]

∑ 𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛[𝑖, : ]
            (1) 

Which, i, and j refer to the rows and columns of the 

normalized PWM table, respectively. In the proposed 

architecture shown in Figure 5, the normalized PWM table 

is referred to as the pattern position and is used as X in Figure 

1. The pattern position represents the probability of an entity 

being a head, a tail, a relation, or all three (head-relation-tail) 

together. 

3.2. PLSA theory 

The probabilistic latent semantic analysis (PLSA) is a 

generative learning model commonly used for classification 

tasks [2, 24] and is used for analyzing co-occurrence data. 

The proposed method utilizes PLSA to analyze the co-

occurrence of (head-relation-tail) from a multi-view aspect. 

The effectiveness of the proposed method is attributed to the 

generative and multi-view learning capabilities of PLSA. 

Assume that there are N input samples 𝐷 =

 {𝑑0, 𝑑1, … , 𝑑𝑁}, in which each di includes a triplet 𝑑𝑖 =

 (𝑤ℎ𝑖 , 𝑤𝑟𝑖 , 𝑤𝑡𝑖) existing in 𝑊 =

 { 𝑤ℎ0, … , 𝑤𝑟0, … , 𝑤𝑡0, … , 𝑤𝑡𝑁} where, It calculated by 

PWM matrix. The state equals one of the three members in 

𝑍 =  {ℎ𝑒𝑎𝑑, 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑡𝑎𝑖𝑙}. 

The state model is calculated in the following way: 

 

𝑃(𝐷|𝑊) =  ∏ 𝑃(𝑑, 𝑤) =  ∏ 𝑃(𝑑)𝑃(𝑤|𝑑)

𝑑,𝑤𝑑,𝑤

 

𝑤ℎ𝑒𝑟𝑒, 𝑝(𝑤|𝑑) =  ∑ 𝑃(𝑤|𝑧)𝑃(𝑧|𝑑)             

𝑆𝑜, 𝑃(𝐷, 𝑤) =  ∑ 𝑃(𝑧)𝑃(𝑑|𝑧)𝑃(𝑤|𝑧)        (2) 
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Figure 3 

PLSA schema 

 

PLSA decomposes into three probabilities as views. 

Equation 2 calculates the occurrence probability of each 

state independently, denoted as P(z). The probability of each 

triplet occurring together is represented by 𝑃(𝑑 | 𝑧). 

Additionally, 𝑃(𝑑 | 𝑧) indicates the occurrence probability. 

Each PWM entry corresponds to a specific state. 

Therefore, PLSA can integrate multiple views if each view 

is represented as a probability. In equation 2, the conditional 

probability can be transformed into a joint probability. The 

specific method for this transformation is described in 

section 3.3 of the paper. 

3.3. Proposed Multi-view PLSA 

Assuming the information provided in Figure 3, the 

probability of each PWM entry is stored in 𝑃(𝑊 | 𝑍), where 

Z represents the (head, relation or a tail) and W represents a 

PWM entry [22]. 

The  𝑃(𝑊 | 𝑍) will be performed according to equation 

3: 

𝑃(𝑊|𝑍) = 𝑃(𝑊𝑜𝑟𝑑𝑠 | 𝐻𝑒𝑎𝑑, 𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑇𝑎𝑖𝑙) = ⋯ 

… 𝑃(𝑊𝑜𝑟𝑑𝑠) ∏ 𝑃(ℎ𝑒𝑎𝑑, 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑡𝑎𝑖𝑙)     (3) 

Since each W can belong to the tail, relation, or head type, 

the conditional probability in equation 3 is converted into 

equation 4. Then: 

𝑃(𝑤𝑜𝑟𝑑𝑠) ∏ 𝑃(ℎ𝑒𝑎𝑑, 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑡𝑎𝑖𝑙) ⇒ln 

ln(𝑃(𝑤𝑜𝑟𝑑𝑠 |ℎ𝑒𝑎𝑑, 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑡𝑎𝑖𝑙)) =  

ln 𝑃(𝑤𝑜𝑟𝑑𝑠) +  ln(∑ 𝑃(ℎ𝑒𝑎𝑑, 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑡𝑎𝑖𝑙))            (4) 

There is a latent set of y in PLSA for two sets of d and f: 

𝑃(𝑓, 𝑑) =  ∑ 𝑃(𝑓, 𝑑, 𝑦) =  ∑ 𝑃(𝑓 | 𝑦)𝑃(𝑦 | 𝑑)𝑃(𝑑)   (5)

𝑦𝑦

 

According to equation 5, if the relation is decomposed, 

then: 

ln(𝑃(𝑤𝑜𝑟𝑑𝑠 | ℎ𝑒𝑎𝑑, 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑡𝑎𝑖𝑙)) = ⋯ 

… ln(𝑝(𝑤𝑜𝑟𝑑𝑠)) +  ln(∑ 𝑃(ℎ𝑒𝑎𝑑, 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑡𝑎𝑖𝑙))     (6)

𝑖

 

Thus, equation 3 will lead to the following output: 

ln(𝑃(𝑤𝑜𝑟𝑑𝑠 | ℎ𝑒𝑎𝑑, 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑡𝑎𝑖𝑙)) = 

ln(𝑝(𝑤𝑜𝑟𝑑𝑠)) +  ln(∑ 𝑃(ℎ𝑒𝑎𝑑, 𝑡𝑎𝑖𝑙))

𝑖

 

𝑃(𝑊 | 𝑍) = 𝑃(𝑤𝑜𝑟𝑑𝑠 | ℎ𝑒𝑎𝑑, 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑡𝑎𝑖𝑙)

= 𝑃(𝑤𝑜𝑟𝑑) ∗ 𝑃(ℎ𝑒𝑎𝑑, 𝑡𝑎𝑖𝑙)                (7) 

So, the conditional probability is transformed into the 

joint probability of head and tail. Here, 𝑃(𝑤𝑜𝑟𝑑) represents 

the probability of each word occurring as tail, relation, or 

head. Additionally, 𝑃(ℎ𝑒𝑎𝑑, 𝑡𝑎𝑖𝑙) denotes the probability of 

the (head-tail) combination, which can be obtained using 

equation 8. Therefore, the multi-view PLSA can be 

expressed as follows: 

𝑝(𝑊 | 𝑍) = 𝑃(𝑤𝑜𝑟𝑑𝑠 | ℎ𝑒𝑎𝑑, 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛, 𝑡𝑎𝑖𝑙) = ⋯ 

… 𝛼 ∗ 𝑃(ℎ𝑒𝑎𝑑, 𝑡𝑎𝑖𝑙) =  𝛼 ∗  ∏ 𝑃𝑖(ℎ𝑒𝑎𝑑, 𝑡𝑎𝑖𝑙)          (8)

𝑖∈𝑣𝑖𝑒𝑤𝑠

 

According to equation 6, the conditional probability in 

Figure 3 is transformed into the calculation of joint 

probability as shown in equation 8. In this context, 

𝑝(𝑊|𝑍) represents a probability function for each triplet, 

while 𝑃(ℎ𝑒𝑎𝑑, 𝑡𝑎𝑖𝑙) denotes the probability of each head 

and tail occurring together and P(head or relation or tail) 

denotes the probability of each head-relation or relation 

together. 

The final matrix is calculated as depicted in Figure 4. 

 

 

 

Figure 4 

The final matrix 
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3.4. The Proposed views 

The attributed network embedding framework is utilized 

as views, incorporating attributes that capture the 

geometrical learning of the graph and are commonly used in 

social network analysis. In accordance with Equation 8 and 

Figure 1, the input of the score function is the normalized 

PWM matrix, and the output is the probability 

𝑃(ℎ𝑒𝑎𝑑, 𝑡𝑎𝑖𝑙) in each view. 

 

Figure 5 

Proposed architecture 

 

3.4.1. The First and second view: the ability and the 

effectiveness of head relation pairs in tail 

representation Each triplet of head-relation-tail 

plays a role in determining the final score 

probability and data representation.  

This process is similar to detecting influential nodes in 

information diffusion on social networks, with the goal of 

determining the nodes that have the greatest impact on the 

spread of information or influence within the network [25, 

26]. Indeed, the nodes that have a significant impact on 

social networks are those that can attract more viewers when 

they share a post. The probability of a path is determined 

based on the importance of a head-tail relation in 

representing information. In simpler terms, if there are fewer 

steps between a head-relation pair and a tail, the head-

relation pair is considered more effective in representing the 

tail. Consequently, the priority of representing the tail by the 

head-relation pair increases. On the contrary, the probability 

of tail representation decreases as the number of steps 

increases. The selection of an effective triplet in representing 

information is not solely based on the similarity to other 

adjacent nodes [27, 28]. 

3.4.2. The probability of a path 

The probability of a path is typically determined using 

random walk algorithms, which are commonly used for 

graph geometry learning [29, 30]. However, in this paper, a 

different method was employed due to certain limitations of 

the random walk approach. When searching for a path from 

one node to another, the directness of the graph should be 

taken into consideration. Simply having a path between two 

nodes does not guarantee the directness of the graph unless 

the resulting path matrix is asymmetric and only one target 

node is considered. 

 

Figure 6 

Formal Page Rank calculation example, W means weight and can 

be related to question 

 

The problem definition 

If the input graph is denoted as G= (V, E), where V 

represents the vertices and E represents the edges, the edges 

can indicate the degree of importance when the graph is 

based on the effectiveness of each parent node in 

representing child nodes. In other words, each head-relation 

pair will have a specific degree of importance in representing 

a tail. Since the representation of a tail depends on a head-

relation pair, the directness of the graph will be taken into 

consideration. 

The Page Rank algorithm 

PageRank is an iterative algorithm commonly used to 

analyze and rank web pages [27, 28]. This algorithm can also 

be utilized to recommend tail nodes based on the 

effectiveness rate of each head-relation-tail in representing a 

concept. In this context, each edge between two nodes 

represents the rank and importance of a tail node. 

Unlike the random walk algorithm, where selections are 

completely random, the proposed algorithm selects paths 

based on the degree of each node and similarity of a random 

node. The increased degree of a node indicates its 

effectiveness in describing information. The input of this 

algorithm is a graph, and its output is the importance of each 

node. Hence, increasing this value helps prevent the loss of 

additional information during the embedding process. The 

proposed rank of each tail is obtained from equation 9. 

𝑃𝑅(𝑡𝑎𝑖𝑙) = ((1 − 𝑑) + 𝑑 ∑
𝑃𝑅(ℎ𝑒𝑎𝑑).𝑠𝑖𝑚(ℎ𝑒𝑎𝑑−𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛)

∑ 𝑠𝑖𝑚(ℎ𝑒𝑎𝑑−𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛)𝑣
𝑣∈𝐵(𝑡𝑎𝑖𝑙) ) ∗

P(head − tail)                                                                                    (9)  
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In equation 9, 𝑃(ℎ𝑒𝑎𝑑 − 𝑡𝑎𝑖𝑙) and 𝑃(𝑡𝑎𝑖𝑙) represent the 

probability of a head-tail connection and the PageRank of a 

tail, respectively. Specifically, 𝑃(ℎ𝑒𝑎𝑑 − 𝑡𝑎𝑖𝑙) denotes the 

probability of a head-tail connection with each relation, 

while 𝐵(𝑡𝑎𝑖𝑙) represents the set of nodes that have edges to 

the specific tail. Additionally, 𝑤(ℎ𝑒𝑎𝑑 − 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛) 

represents the edge weight, which is equal to the similarity 

between the head and relation. The edge weight, calculated 

using cosine similarity, is determined with a default damping 

factor of 0.85. According to equation 9, the importance of a 

head-relation pair is calculated in the representation of a tail. 

An example of this calculation is illustrated in Figure 6. 

In our proposed method, we utilize a weighted 

transmission matrix as the initial value of 𝑃𝑅(ℎ𝑒𝑎𝑑) [7, 31]. 

 

 

Figure 7 

An example for Information Diffusion calculations 

 

3.4.3. Effective Pair in the Tail Representation 

Information diffusion refers to the process of spreading 

information across a network through its backbone or 

underlying structure [32]. It involves the transmission and 

dissemination of information from one node to another, 

leading to its propagation throughout the network. In 

information diffusion, certain nodes that exhibit slight 

similarities can play a significant role due to the higher 

density of edges among them. These nodes form the 

backbone of the graph, and their strong interconnections 

make them influential representatives of information. These 

nodes are commonly referred to as opinion leaders [24]. 

They have the ability to shape and influence the spread of 

information within a network. Using similarity-based 

embedding alone may result in the loss of some information, 

as effective nodes can be merged into other nodes. However, 

by incorporating additional parameters such as node degrees 

in the calculations, the loss of information can be mitigated, 

resulting in a more efficient representation. In this context, 

the tail node can be considered an opinion leader. One 

method of information diffusion is the cascade model of 

diffusion [32], which describes the spread of information 

through a network in a sequential manner, similar to a 

cascading effect. 

In this model, a graph is constructed to represent social 

networks based on the presence of relations between 

individuals [33].  

The nodes in the diffusion graph are categorized into 

active and inactive types, and the weights assigned to the 

nodes indicate the degree of success in activating the target 

node. These weights reflect the influence or impact that each 

node has on the activation process. 

Figure 7 illustrates a case of information diffusion [7]. 

After the graph is constructed, steps are taken from one node 

to the next based on a probability value, and the success of 

each attempt is determined using different criteria. In this 

paper, the success of an attempt is measured by the head-

relation similarity of a proposed tail, which is calculated 

using the equation 1. 

𝑃𝑖𝑗 = (
𝑑𝑖

𝑛
+

𝐶𝑁𝑖𝑗

𝑛
) ∗ ∑

1

𝐻(𝐻𝑒𝑎𝑑, 𝑛𝑜𝑑𝑒𝑠)
         (10) 

In equation 10, di represents the degree of node i, and CNij 

denotes the number of common neighbors between nodes i 

and j. Additionally, 𝐻(𝐻𝑒𝑎𝑑, 𝑛𝑜𝑑𝑒𝑠) indicates the inverted 

summation of distances between two head nodes and the 

other nodes. 

3.4.4. Third view: each of head and tail can change its 

role 

The probability of being displayed for each entity in the 

triplet is calculated. This view implies that every unseen 

entity in the random position of a head or a tail can be 

considered independently. 

3.4.5. Unseen entities 

The position or state of a node is determined to calculate 

the occurrence probability of every head-relation-tail 

pattern. This probability reflects the effectiveness of a 

pattern in representing the data. 

If the position probability of each entity is dependent on 

each position, then: 
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𝑃(ℎ𝑒𝑎𝑑, 𝑡𝑎𝑖𝑙) = 𝑃(ℎ𝑒𝑎𝑑) ∗ 𝑃(𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛) ∗ 𝑃(𝑡𝑎𝑖𝑙)     (11) 

The probability score function aims to determine the 

occurrence probability of possible entities in response to a 

head-relation or relation-tail pair. This probability can be 

considered equal to the occurrence probability of a tail in the 

head state and vice versa with each relation. 

4. Experiment 

In this section, the quality of the proposed algorithm is 

analyzed in the context of the link prediction problem using 

three public datasets. The performance and effectiveness of 

the algorithm are evaluated and compared against the 

existing methods using these datasets. 

4.1. Experiment setup 

Environment: All of our experiments have been 

performed on a server environment using 16 CPUs Intel 

Core(TM) i7-3820 at 3.60GH, 64GB RAM.  

Indeed, link prediction refers to the task of predicting the 

missing tail node in a triplet (head, relation, tail), where one 

of the nodes is unknown or missing. The goal is to accurately 

propose the correct tail node that should be associated with 

the given head and relation, in order to represent the intended 

concept or relationship accurately. 

Train Setup: According to Error! Reference source not 

found., the normalized PWM is calculated using the training 

data to determine the prior value for each data point. 

Subsequently, each training data point is transformed into its 

corresponding prior value, which is then used to create the 

embedding matrix or map it onto the numerical space. In the 

next step, the three designed views, each estimating a value 

for equation (insert equation number here), are utilized 

through the support vector regression kernel learning 

algorithm based on PLSA. This allows for the estimation and 

learning of the probability 𝑃(ℎ𝑒𝑎𝑑, 𝑡𝑎𝑖𝑙). 

Test Setup: In papers on artificial intelligence, the 

evaluation parameters are typically calculated as the mean of 

various tests. However, in this paper, a different testing 

process was designed. For each triplet in the test data, a set 

of M correct data and M-1 random data points were created. 

The evaluation parameters, including equation 8, were then 

measured for each member of the set. The correct answer is 

expected to have the maximum probability among the 

options. This approach allows for a more comprehensive 

evaluation of the proposed method. 

The final value of the evaluation parameter is calculated 

as the mean value. During the testing phase, the data is first 

transformed into prior values using the pattern matrix. Then, 

the tails are randomly proposed. The learned views are 

utilized to validate the proposed tails, and the tail with the 

highest probability is selected as the final solution. The value 

of M, which represents the number of correct data points in 

the set, is set to 10, 20, and 50. 

Evaluation Parameter: The evaluation parameters MR 

and @hitK are commonly used to assess the performance of 

a model in link prediction tasks. 

MR (Mean Rank) measures the average rank of the 

correct solution among the proposed data. It provides an 

indication of how well the model is able to rank the correct 

answer compared to other options. A lower MR value 

indicates better performance. 

@hitK measures the number of times the correct solution 

is included within the top K proposed options. It assesses the 

model's ability to identify the correct answer within a given 

range. A higher @hitK value indicates better performance. 

These parameters are typically calculated based on a test 

dataset with a total of |T| test instances. 

ℎ𝑖𝑡@𝑘 =  
1

𝑇
∑ 𝐼[𝑟𝑎𝑛𝑘𝑡 < 𝐾]

𝑡<𝑇

 

𝑀𝑅 =  
1

𝑇
∑ 𝑟𝑎𝑛𝑘               (12) 

The test was conducted on three databases: FB15k237, 

FB15k, and WN18RR. Table 1 provides information on the 

number of entities and relations in each database. The 

hyperparameter values were initialized using the validation 

set, and the designated kernel for the support vector 

regression algorithm is the Radial Basis Function (RBF) 

kernel. 

Table 1 

The LP datasets included in our comparative analysis 

Data set Entities Relations Train Valid Test 

WN18RR 40943 11 86000 3034 3134 

FB15k-237 14541 237 272115 17535 20466 

FB15k 14951 1345 400000 50000 30000 

 

The test is conducted using both raw and filtered 

methods. In the raw test, the rank of a correct solution is 

calculated without excluding any correct probability 

solutions. In the filtered method, the ranks are calculated 

while considering the filters of the other correct solutions. 

This paper specifically employs the filtered method because 
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the viewing probability of correct solutions is minimal in the 

created test set. 

Table 2 and Table 3 illustrate the differences between the 

truth tail score function and the best calculated value for M 

values of 10, 20, and 50. The x-axis represents the 

designated test sample number, while the y-axis represents 

the difference in values between the two calculated values 

based on equation 12. 

Based on the conducted test, it was observed that the 

calculated probability of the correct solution often had the 

highest value. The resulting values of @Hit and MRR were 

calculated as the mean of the tests. Table 2 and Table 3 

present the resulting values of @Hit and MR for different 

values of M and k in the FB15k-237 and FB15k datasets. 

Table 2 

The LP datasets included in our comparative analysis 

Test Samples in 

each test 

@Hit1 MR 

20466 10 49.88 5.35903 

20 48.64 10.3218 

50 48.03 21.4871 

Table 3 

The LP datasets included in our comparative analysis 

Test Samples in 

each test 

@Hit1 MR 

30000 10 21.22 4.277 

30 10.94 12.659 

40 11.65 16.7 

 

Figure 8 and Figure 9 illustrate the changes in the values 

of @Hit and MR. The x-axis represents the increase in the 

number of samples or the value of M, while the y-axis 

represents the values of @Hit and MR. It is evident that as 

the number of test data increases, both parameters will 

eventually reach a constant value. The final values of @Hit 

and MR can be determined by identifying the value at which 

the changes become constant in Figure 8 and Figure 9. 

As the number of samples increases, the values of @Hit 

and MR reach a constant level. This indicates that the 

proposed method ensures that the correct solution is included 

among the initial guesses. Additionally, @Hit1 represents 

the probability that the initial guess is correct, while MR 

represents the range of guesses within which the correct 

solution exists. 

In the WN18RR dataset, there is limited structural 

information available about the knowledge graph. To 

compensate for this, a word2vec model with a size of 2 is 

employed for each relation. These two word2vec vectors are 

utilized during the training step to enhance the representation 

and understanding of the relations in the dataset. 

 

Figure 8 

@Hit and MR values reach a constant value after increasing the 

number of test samples. The top view is on the FB15k-237 data 

base. 

 

 

Figure 9 

@Hit and MR values reach a constant value after increasing the 

number of test samples. The top view is on the FB15k data base. 

 

Error! Reference source not found. presents the values 

of @Hit and MR for different numbers of tests. Figure 10 

illustrates the changes in these two parameters as the number 

of test data increases. It can be observed that both @Hit and 

MR reach nearly constant values as the number of test data 

increases. 
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Figure 10 

@Hit and MR values reach a constant value after increasing the 

number of test samples. The top view is on the WN18RR base. 

Table 4 

Result of each metric in WN18RR 

Test Samples in 

each test 

@Hit1 MR 

3134 10 18.54 0 

50 94.7 1.735 

100 92.69 2.075 

200 19.449 2.2125 

 

Error! Reference source not found. provides a 

comparison between the proposed algorithm and other 

methods. The focus of the proposed method is on enhancing 

performance in datasets such as FB15k and FB15k-237, 

where there are more relations than entities. It is observed 

that most of the existing methods did not perform well on 

these datasets. The proposed method stands out as a more 

efficient learner due to its integration of the geometric 

structure of the graph with the similarity of nodes. 

Additionally, the complex structure of the knowledge graph 

is taken into account by incorporating word2vec vectors 

during the training step, which helps capture more 

information and improve the learning process. 

According to Error! Reference source not found., the 

proposed method demonstrated superior performance 

compared to other techniques. As shown in Figure 8 and 

Figure 10, the MR value reached a constant level. This 

indicates that the correct guess is within a specific range, 

which has the minimum value based on the evaluation 

results presented in Error! Reference source not found.. 

Although the value of Hit1 may not be optimal for 

WN18RR, the value of MR is still suitable. This suggests 

that while the first guess may not always be correct, it is 

likely to be among the top 100 solutions. As shown in Figure 

9 and Figure 10, the MR value reaches a constant level, 

indicating that the correct guess is within a specific range 

that has the minimum value according to the results 

presented in Error! Reference source not found.. 

Table 5 provides a comparison between the proposed 

algorithm and state-of-the-art algorithms, including deep 

learning approaches. As shown, the proposed algorithm 

achieves optimal results compared to the other methods. The 

Hit parameter indicates the probability that the correct 

answer is among the top ten answers, while the computed 

Hit parameter specifically refers to the top five answers. The 

proposed algorithm demonstrates superior performance in 

terms of both accuracy and efficiency. 

As evident from Table 5 and Table 1, the proposed 

algorithm has successfully performed structure learning 

even in cases where there is an imbalance between relations 

and entities. It is crucial to utilize appropriate structural 

features based on the dataset's characteristics to achieve 

optimal results. By incorporating relevant structural 

information, the proposed algorithm can effectively capture 

the underlying patterns and relationships within the data, 

leading to improved performance. 

Table 5 

Result of each metric in WN18RR 

 

 

 

 

5. Conclusion 

This paper presents a method for knowledge graph 

embedding in link prediction tasks, which integrates the 

geometric structure of the graph with the similarity of nodes. 

Additionally, the proposed method can be seen as a Markov 

model, as it measures the probability of a relation based on 

a few prior nodes. 

The proposed method is designed to consider factors such 

as similarity, the importance of each node, and the overall 

algorithm 
FB15k-237 WN18RR FB15k 

@Hit1 MR @Hit1 MR @Hit1 MR 

DistMult 22.44 199 39.68 5913 73.61 173 

ComplEx 25.72 202 42.55 4907 81.56 34 

ANALOGY 12.59 476 35.82 9266 65.59 126 

SimplE 10.03 651 38.27 8764 66.13 138 

HolE 21.37 186 40.28 8401 75.82 211 

TransE 21.72 209 2.79 3936 49.36 45 

STransE 22.48 357 10.13 5172 39.77 69 

CrossE 21.21 227 38.07 5212 60.08 136 

TorusE 19.62 211 42.68 4873 68.85 143 

RotatE 23.83 178 42.60 3318 73.93 42 

ConvE 21.90 281 38.99 4944 59.46 51 

ConvKB 13.98 309 5.63 3429 11.44 324 

ConvR 25.56 251 43.73 5646 70.57 70 

 

Proposed 

Algorithm 

65.61 323.816 81.56783 3.1455 38.27 200.1319 
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graph structure in each view. By incorporating these 

elements, the method aims to capture the underlying patterns 

and relationships within the knowledge graph, leading to 

improved link prediction performance. 

The Freebase database has a significant difference in the 

number of relations and entities, as indicated in Table 5. The 

proposed method achieved notable improvements in the 

Freebase database. This suggests that emphasizing the 

geometric structure of the graph can enhance the 

performance of link prediction. 
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