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Abstract: Link prediction in knowledge graph is the task of utilizing the existing relations to infer
new relations so as to build a more complete knowledge graph. The inferred new relations plus
original knowledge graph is the symmetry of completion knowledge graph. Previous research on
link predication only focuses on path or semantic-based features, which can hardly have a full insight
of features between entities and may result in a certain ratio of false inference results. To improve
the accuracy of link predication, we propose a novel approach named Entity Link Prediction for
Knowledge Graph (ELPKG), which can achieve a high accuracy on large-scale knowledge graphs
while keeping desirable efficiency. ELPKG first combines path and semantic-based features together to
represent the relationships between entities. Then it adopts a probabilistic soft logic-based reasoning
method that effectively solves the problem of non-deterministic knowledge reasoning. Finally,
the relation between entities is completed based on the entity link prediction algorithm. Extensive
experiments on real dataset show that ELPKG outperforms baseline methods on hits@1, hits@10,
and MRR.

Keywords: relation completion; knowledge graph completion; link prediction; probabilistic soft logic

1. Introduction

Knowledge graph (KG) refers to a network that contains specific topic related entities (i.e., nodes)
and the related information (i.e., relation or predicate) between entities. Then a fact in a knowledge
graph can be represented by the tuple relationship <entity1, predicate, entity2>. Note that the entity in
KG could be a specific object or an abstract concept, such as people, organization, dataset, and related
documentation. As a promising artificial intelligence technique, KG has been widely adopted in
many scenarios, e.g., question answering [1], recommendation system [2], co-reference resolution [3],
information retrieval [4], and cross-language plagiarism detection [5]. However, the big issue in KG
is that some link information is incomplete. For example, in the Google knowledge vault project [6],
71% of the personal information lacks “place of birth”, while 75% lacks “nationality” information in
Freebase [7].
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In order to complement the missing information between entities in KG, the knowledge graph
completion (KGC) solution utilizes the existing knowledge to infer latent ones. In other words, KGC
uses the existing facts to predict potential relations between entities in knowledge graphs. KGC utilize
the symmetry of complete knowledge graph and real knowledge graph to inference the relations
between entities. To some degree, KGC is similar to link prediction in complex networks. However,
it is much more complex than that because it not only predicts possible link relationships between
nodes, but also infers the diversified information contained in these link relations, i.e., tags and other
property information. This process of complementing links contained in KG is also known as the KGC
link prediction procedure, which uses relational links and semantic reasoning to enable knowledge
graph inference and complement missing knowledge. Thus, KGC can generate new facts based on the
existing ones through edge number increase and graph enlarging.

The existing methods to solve the link prediction problem can be divided into three types:
Tensor decomposition-based methods [8–12] entity vector embedding representation [13–17],
and path-based reasoning methods [18,19] showing their merits from the angle of multidimensional
array decomposition, semantic relationship reasoning, and path-based relationship reasoning.
Li et al. [11] found that in many practical applications, users only care about a part of the domain
data, and the domain-specific knowledge in the context of the knowledge graph is highly correlated,
so they propose a personalized tensor decomposition method (personalized tensor factorization).
This approach allows the user to customize specific domain knowledge to speed up the CP process.
Duan et al. [12] proposed an integrated matrix decomposition method to divide the traditional link
prediction problem into several small problems, so as to quickly complete the link prediction problem.
TransE [13] is a pioneer in the embedding-based method, which represents each link prediction as a
translation vector from the subject to the object. Although TransE achieves good accuracy, it has poor
interpretability and is more difficult to implement parallel computing. TransR [14] and TransH [15]
are extensions of TransE that can handle more complex relational data at the expense of efficiency.
Lao et al. [18] proposed a path ranking algorithm (PRA) reasoning method-based on random walk.
PRA involves learning specific relation path features and classifying them using the logistic regression
method. However, this method of relationship-based co-occurrence statistics faces serious data
sparseness problems. To address this problem, Neelakantan et al. [19] designed a knowledge-based
completion model that supports any path length reasoning using a distributed vector space model.
They use the semantic vector of the binary relation of the path to represent the distributed vector
of the constructed entity and reason in the vector space. This method can be extended to data that
does not appear in the training set, and can predict relations that are not present in the supervised
training set. Such methods have good interpretability, and can automatically discover rules from
data. The accuracy is often higher than the embedding-based method, but it is difficult to deal
with sparse data. It is ineffective when dealing with low-connectivity graphs. And the efficiency
of feature extraction is also low. Although these three kinds of methods have merits to address the
knowledge graph completion problem, their results involve a certain ratio of false positive/negative
inference or unpredicted information in different levels, since these methods only take one single factor
into consideration. Actually, one-dimensional features cannot represent the entities’ whole relations,
resulting in that link prediction accuracy cannot satisfy real demands.

To improve the link prediction accuracy of KGC, in this article, we propose a novel approach
named Entity Link Prediction for Knowledge Graph (ELPKG), which can offer a high accuracy link
predication rate while keeping efficiency. ELPKG firstly combines the path-based entity relation
representation method and the vector space-based embedding representation method together, so as to
solve the relation representation issue between entities. After that, ELPKG utilizes the probabilistic soft
logic method to conduct knowledge reasoning and solve the knowledge conflict or the inconsistency
issue. Finally, ELPKG completes the relation between KG entities based on a novel link prediction
algorithm. Compared with the existing work, the main contributions of our scheme are:
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(1) We propose a novel model ELPKG that employs both semantic relation and path relation to
complete knowledge graphs. Based on entity vectors and path features, ELPKG invents a novel
link prediction algorithm to complete knowledge graphs. This algorithm first trains the triple
relationship the fact represented with entity vector data, and then it finds the path between nodes
through the breadth-first search method. To the best of our knowledge, this is the first attempt to
predict link relationship for completing knowledge graphs.

(2) To achieve high accuracy during KGC, ELPKG adopts a reasoning mechanism based on
probabilistic soft logic, which effectively solves the problem of non-deterministic knowledge
reasoning and improves the effect and efficiency of reasoning on large-scale KG.

(3) We conduct a large number of experiments on the real dataset YAGO [20] and NELL [21]. It shows
that our approach achieves a significant improvement in prediction accuracy, which are 35%, 24%,
and 17% higher than the baseline method on hits@1, hits@10 and MRR on the YAGO dataset,
and 34%, 21%, 16% on the NELL dataset, respectively.

The rest of this article is organized as follows: we first formulate the KGC link prediction problem
and share our insights in Section 2. Then in Section 3, we elaborate our approach in detail, and Section 4
evaluates our scheme and compares it with some classic schemes with different datasets. Finally, we
conclude the whole article and discuss our further research plan in the last section.

2. Problem Statement

To better describe the KGC problem, we first try to formulate it to present our insight. As Figure 1
illustrated, taking the simple movie knowledge graph as an example, KG can denote a directed graph
G (V, E, T), where V is the set of entity nodes, E is the collection of directed edges between nodes, and T
is the set of tuples between entities. In this graph, one node denotes an entity and a directed edge links
two entities. Each relation links to a fact that describes the relationship between two entities. Thus,
two nodes and their links could form a piece of knowledge. The tuple <subject, relation, object> in
the knowledge graph is abbreviated as <s, r, o>, where subject s and object o are entities, and relation
r is the relationship between entities. In a knowledge graph, if it contains the tuple <s, r, o>, it may
also contain <s’, r, o>, <s, r’, o>, <s, r, o’>. As shown in Figure 1, <Leonard Nimoy, starred, Star
Trek> denotes Leonard Nimoy starred in the role of Star Trek, <Alec Guinness, starred, Star Wars>
denotes Alec Guinness starred in the role of Star Wars, and <Star Trek, Science Fiction, Star Wars>
denotes that Star Trek and Star Wars both belong to the Science Fiction genre of film. So, there will
be an edge between Leonard Nimoy and Alec Guinness <Leonard Nimoy, acted in the same genre of
movie, Alec Guinness>, i.e., they are all starred in the same genre of movies.

The link prediction in KG is to inference the potential edges (i.e., the potential relations between
entities) in the existing knowledge graph, so as to complete the knowledge graph. Given a knowledge
graph KG contains a collection of triples T = {<s, r, o>}, each triple is composed of two entities s, o∈E
(entity set) and relation r∈R (relation set). Given a relation r, through entity pair <s, o> such that <s, r,
o> < T, we can predict <s’, r, o’>∈T’, where T’ is the triple of the knowledge graph after completion.

L =
∑

(s,r,o)∈T

∑
(s′,r,o′)∈T′

[d(s + r, o) − d(s′ + r, o′)] (1)

where d(s+r,o) denotes the distance between (s+r) and o and the optimization of MinL is our research
goal. To calculate the similarity of tuples <s, r, o> and <s’, r, o’>, the Euclidean distance is employed to
measure the distance of two tuples in the vector space, i.e., the shorter the two tuples, the more similar
they are. Thus, we can predict whether there is a relation r between s’ and o’.
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Figure 1. A simple movie knowledge graph adapted from [22]. The entity nodes represent movie or
artist objects, the directed edges represent relations between nodes, and the edge labels explain types
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3. Solution Description

To achieve entity link prediction for knowledge graphs, ELPKG firstly combines the vector
space-based embedding representation methods and path-based entity relation representation methods
to solve the relation representation issue between the entities in a knowledge graph. After that, it uses
the probabilistic soft logic method to conduct knowledge reasoning in the knowledge graph to solve
the knowledge conflict or the inconsistency problem. Finally, it completes the relation between entities
based on the link prediction algorithm between entities in the knowledge graph.

3.1. Entity Relation Representation Based on Vector Embedding

The semantic relation between entities in knowledge graphs can be represented by a word
embedding vector space model. Therefore, vector space representations of entities and relations can
be learned in the knowledge base, and these representations can be used to predict missing facts.
Many methods based on vector space representation treat knowledge base as a tensor and reconstruct
it by explicit tensor decomposition. The neural network-based method obtains the vector space
representation from the network and uses this to train model. ELKPK considers the tensor K of the
knowledge graph modeling as the product of the entity matrix, the relation matrix, and the entity
matrix transpose:

Kr ≈ VRrVT (2)

where Kr is the E×E knowledge graph tensor corresponding to relation r, V is the E × d matrix, each
entity vector’s length is d, and Rr is a d × d matrix containing a latent relation r. The parameters in V
and Rr are optimized according to Equation (3), and the optimization results are used to reconstruct
the initial tensor:

min
V,R

1
2
(
∑

r
||Kr −VRrVT

||
2
F) + λV ||V||2F + λR

∑
r
||Rr||

2
F (3)

It can be seen that the semantic association relation between entities can be inferred by using the
embedding vector method, and the reasoning method of path relation in Section 3.2 can be used to
infer entity relations more accurately.
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3.2. Path-Based Entity Relation Representation

Lao and Cohen proposed the path ranking algorithm (PRA) [18] for knowledge-based reasoning.
PRA uses the structure features of the knowledge graph to perform random walks to find the sequence
(or path) of the relation and predict new entity relations. PRA uses these paths as features of a
logistic regression model to reason about missing relations in the knowledge graph. This method
uses the structure between entity relations as a feature to predict new relations, which has a stronger
representation than other inference methods. Another advantage of this method is that the random
walk method can be easily extended to large graphs, which facilitates real-time inference requirements,
and the number of steps of random walks can be adjusted according to the range of inference
time. The feature vector of PRA is large and sparse. It lacks a mechanism to explore the similarity
between knowledge graph predicates to effectively reduce the size of feature vectors. The vector space
representation model has rich semantic representation ability, so ELPKG uses path feature and vector
space representation to represent the relation between entities.

If relation path P = R1R2 . . .Rl is not empty, let P′ = R1R2 . . .Rl−1, and hs,P(e) is a path constrained
random walk distribution, which represents the path feature of node e:

hs,P(e) =
∑

e′∈range(P′)

hs,P′(e′) · P(e|e′; Rl) (4)

P(e|e′; Rl) =
Rl(e′,e)
|Rl(e′,·)|

represents the probability of node e’ random walks to another node along
with edge type Rl. R(e’, e) represents whether there is an edge between e’ and e, and the edge’s type is R.

Given path P1P2 . . . Pn, each hs,Pi(e) is node e’s path feature, the sequence of nodes is ranked
through linear model:

θ1hs,P1(e) + θ2hs,P2(e) + . . . θnhs,Pn(e) (5)

where θi (i ∈ [1,n]) is the weight of the path, the order of candidate node e related to the query node s
can be given by the following scoring function:

score(e; s) =
∑
P∈Pl

hs,P(e)θP (6)

Pl represents a set of relation paths whose path length is less than or equal to l.
Given relation R and the set of node pairs {(si, ti)}, a training set D = {(Xi, ri)}can be constructed,

i.e., Xi represents all the path vectors of node pairs (si, ti), hsi,P j(ti) is the jth component of Xi, and ri
represents whether R(si, ti) is true or not. The parameter θ is estimated by maximizing the following
objective function:

O(θ) =
∑

i

oi(θ) − λ1|θ|1−λ2|θ|2 (7)

Among them, λ1 and λ2 are parameters of controlling L1-regularization and L2-regularization for
feature selection respectively, and oi(θ) is an objective function for each instance. Therefore, we use the
random walk method to find the paths between entities and then speculates the potential entity relations
in the knowledge graph. This method can infer entity relations through path relations in the knowledge
graph. However, there is non-deterministic knowledge in the real world, so non-deterministic
knowledge often appears in the corresponding knowledge graphs (i.e., the probability of facts is
between 0 and 1). In this article, the reasoning method of probabilistic soft logic is used to solve the
problem of non-deterministic reasoning issue in the knowledge graph.
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3.3. Probabilistic Soft Logic-Based Reasoning Method

In the process of reasoning relationship between entities, probabilistic soft logic is used to solve
the problem of knowledge inconsistency and knowledge conflict, which makes link prediction more
accurately and realizes knowledge graph completion. Since the knowledge graph is a collection of
knowledge constituting an indeterminate data source, a method based on a probabilistic graphical
model can be used to represent the knowledge graph. Although the knowledge graph can be reasoned
using the Markov logic network, since the logical value of the Markov logic network is only 0 and 1,
when there is a probability multiplication relation, the existence of zero probability will obtain a
multiplication result of 0. In reality, some facts are non-deterministic, and the probability of existence
is [0,1]. Therefore, to accurately describe the uncertain knowledge in the real world, we employ
probabilistic soft logic [23] (PSL) to reason them in the knowledge graph, which can be represented by
the Lukasiewicz t-norm:

I(v1 ∧ v2) = max
{
0, I(v1) + I(v2) − 1

}
(8)

I(v1 ∨ v2) = min
{
I(v1) + I(v2), 1

}
(9)

I(¬l1) = 1− I(v1) (10)

where I(v) represents the probability that the fact v is true. The distance between each entity relation
representation and the true value of knowledge is expressed as:

dr(I) = max
{
0, I(body) − I(head)

}
(11)

Among them, body is the reasoning result, head is the corresponding fact, and the probability
distribution represented by the Markov random field [24] containing hinge loss is used:

P(I) =
1
Z

exp[−
∑
r∈R

wr(dr(I))
pr ] (12)

Among them, P(I) is the probability distribution of knowledge rule I, Z is the normalization
constant, r is the reference fact, wr is the fact’s weight, pr is the distance metric constant, and dr(I) is the
distance between the fact and the inference prediction result. There is a certain distance between each
rule and the true value of the fact. PSL is a probabilistic logical framework with efficient reasoning,
which can be interpreted as the joint probability distribution of various variables on the knowledge
graph. Finding the knowledge graph with the most consistent knowledge on this probabilistic graph
model helps to infer the accurate knowledge graph to the greatest extent possible.

3.4. Entity Linking Prediction Algorithm

To predict the potential entity relations, we propose a link predication method named ELPKG,
which first obtains the vector space representation between entities by training the triple in the
knowledge graph and then finds the path of the node to be queried by the breadth-first search method
according to the entity nodes involved in the query. Finally, the relation probability of the predicted
entities is inferred by the vector representation and the path representation between the entities using
the probabilistic soft logic. The prediction results greater than a certain threshold are put into the set of
prediction results. The ELPKG details are shown in Algorithm 1.
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Algorithm 1. Entity Linking Prediction in Knowledge Graph (ELPKG)

Input: knowledge graph G = (V,E,T), set of query tuples Q, set of training tuples T = {(s,r,o)}, set of entities E
and set of relation R.

Output: The prediction set P corresponding to the query tuple set Q.

1: P←∅ // Initialize the link prediction set P to empty
2: 4← train({(s,r,o)}); // Train tuple to get the embedding vector of the tuple
3: while (Q)
4: L← searchBFS(qi,G);// Use the BFS method to get the path in the knowledge graph
5: while (l∈L) do
6: t←PSL(l, 4,T) //Obtaining entity pairs at both ends of path l through probabilistic soft logic
7: P←P∪{ o}// Add entity pairs to the link prediction set
8: L←L-l
9: end while
10: Q← Q.remove(qi)
11: end while
12: return P

4. Evaluation

4.1. Dataset

We extract the character entities, facts, predicates, and tuples from the YAGO (https://www.mpi-inf.
mpg.de/departments/databases-and-information-systems/research/yago-naga/yago/downloads) and
NELL (http://rtw.ml.cmu.edu/rtw/resources) datasets as experimental data. Based on these data, we
establish the corresponding human relation knowledge graph. The statistics of the datasets used in
this experiment are shown in Table 1.

Table 1. Dataset statistics.

Dataset Number of Entities Number of Relation Type Number of Tuples

YAGO 192628 51 192900
NELL 2156462 50 2465372

YAGO-50 192628 50 100774
YAGO-rest 192628 41 92126

4.2. Evaluation Criteria

ELPKG adopts the same evaluation criteria as the baseline method. The ranking of the entity
candidate results generated by the inference method is used to evaluate the algorithm. The first N hit
rate hits@N and the average reciprocal rank (MRR) are used to evaluate the proposed method.

The first N hit rate hits@N is defined as:

hits@N =
1
|T|

∑
(s,r,o)∈T

ind(rank(s, r, o) ≤ N) (13)

where T is the test set, |T| is the number of triples in the test set, and ind(·) is the indicator function
defined as:

ind(x) =
{

1, x = True
0, x = False

(14)

https://www.mpi-inf.mpg.de/departments/databases-and-information-systems/research/yago-naga/yago/down loads
https://www.mpi-inf.mpg.de/departments/databases-and-information-systems/research/yago-naga/yago/down loads
http://rtw.ml.cmu.edu/rtw/resources
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hits@N indicates the probability that the correct reasoning result appears in the first N results,
which is similar to the recall rate of the knowledge reasoning algorithm. In the experiment, N takes 1
and 10, i.e., the first hit rate hits@1 and the top 10 hit rate hits@10, respectively. MRR is the average
sum of the reciprocals of all the facts in the test set. The higher the fact is ranked in the inference result,
the larger the MRR value indicates the reasoning results. Therefore, MRR can more comprehensively
evaluate the comprehensive effect of the inference algorithm, which is defined as:

MRR =
1
|T|

∑
(s,r,o)∈T

1
rank(s, r, o)

(15)

Filtered mean rank (FMR) is the average position of the test sample in the predicted results. We utilize
an iterative setup in which samples existed in the training set are removed from the prediction list.

4.3. Comparison Methods

The mainstream knowledge graph completion methods Rescal [8], TransE [13], HolE [16], and PRA [18]
are employed as baseline methods. Rescal is a model based on latent relation features. It expresses the
entity relations in the triple through the pairwise interaction of latent features. The shared entity
representation in Rescal also captures the similarity of entities in the relation domain, i.e., the entities
associated with similar relations are similar. TransE represents the semantic relations through latent
feature representation. It models them as a translation between two entities and uses the distance
between the entities embedding vectors to measure their similarities. HolE is also a knowledge graph
link prediction method based on vector space representation. It uses the whole embedding method to
learn the combined vector space representation features on the whole knowledge graph. This method
is based on the holographic embedding model of entities. HolE uses the loop association method to
create the combination of vector space representation. PRA uses a finite-step random walk method to
perform link prediction in the knowledge graph, taking path probability as a feature to predict the
potential relations between entities.

4.4. Experimental Results

The proposed algorithm is implemented with python, and the proposed solution is conducted on
a sever with Intel Xeon E5-2620 V3 CPU, NVIDIA Tesla K80 GPU,128G memory, and Centos 6.4. In the
experiment, the scalability of the method is tested by the learning efficiency of new relations. A total
of 50 relations are randomly selected from the YAGO data and the data is divided into the YAGO-50
and YAGO-rest datasets, where the former contains tuples of these 50 relation types, and the later
contains 41 relation types, ensuring that both datasets contain all entities. YAGO-50 is divided into a
training set containing 386,636 tuples and a test set of 62,138 tuples. YAGO-rest contains a training set
of 50,000 tuples (1000 tuples per relation) and 42,126 tuples. Groups of test sets use these data to do
the following experiments: First, they use the YAGO-rest training set and test set to train and select
the model, learning only 50 related parameters on the two sets. Second, they conduct a test of link
prediction. Third, they repeat experiments using 10, 100, 1000, and 10,000 tuples for each relation.

Figure 2 shows the comparison of ELPKG with the baseline method on FMR. ELPKG can learn
new relations with fewer samples. When the number of new relation tuples is increased from 10 to 100,
ELPKG learned fastest. FMR drops rapidly from 6378 to 996 and keeps the best level. Figure 3 shows
the comparison between ELPKG and the baseline method on hits@10. ELPKG has the fastest learning
speed. When there are only 100 new relations, hits@10 reaches 21%, and the result will increase with
the labeled samples. Therefore, ELPKG has good versatility and does not need to modify any trained
word embedding vectors
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Figure 4 shows the comparison of ELPKG with the baseline methods on YAGO. It can be seen
that ELPKG achieves the best results. ELPKG is 23%, 14%, and 11% higher than PRA, 46%, 39%, 24%
higher than Rescal on hits@1, hits@10, and MRR, respectively. Its average value of hits@1, hits@10,
and MRR is 35%, 24%, and 17% higher than the others, respectively.
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Figure 5 shows the comparison of ELPKG with the baseline methods on the NELL dataset. ELPKG
has achieved the best results in hits@1, hits@10, and MRR. ELPKG is 22%, 11%, and 11% higher than
PRA on hits@1, hits@10, and MRR, and it is 45%, 36%, 23% higher than Rescal on hits@1, hits@10,
and MRR, respectively. ELPKG is 34%, 21%, and 16% higher than the average of the baseline methods
on hits@1, hits@10, and MRR, respectively.
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Figure 6 shows the comparison of ELPKG with the baseline methods on the YAGO-50 dataset.
It can be seen that ELPKG has achieved the best results in hits@1, hits@10, and MRR. ELPKG is 21%,
9%, and 10% higher than PRA on hits@1, hits@10, and MRR, and 45%, 34%, 21% higher than Rescal on
hits@1, hits@10, and MRR, respectively. ELPKG is 33%, 18%, and 15% higher than the average of the
baseline methods on hits@1, hits@10, and MRR, respectively.

Symmetry 2019, 11, x FOR PEER REVIEW 10 of 14 

 

 

Figure 5. Experimental result comparison of ELPKG and the baseline methods on the NELL dataset. 

Figure 6 shows the comparison of ELPKG with the baseline methods on the YAGO-50 dataset. 

It can be seen that ELPKG has achieved the best results in hits@1, hits@10, and MRR. ELPKG is 21%, 

9%, and 10% higher than PRA on hits@1, hits@10, and MRR, and 45%, 34%, 21% higher than Rescal 

on hits@1, hits@10, and MRR, respectively. ELPKG is 33%, 18%, and 15% higher than the average of 

the baseline methods on hits@1, hits@10, and MRR, respectively. 

 

Figure 6. Experimental result comparison of ELPKG and the baseline methods on the YAGO-50 

dataset. 

Figure 7 shows the comparison of ELPKG with the baseline methods on the YAGO-rest dataset. 

ELPKG has achieved the best results in hits@1, hits@10, and MRR. ELPKG is 16%, 8%, and 8% higher 

than PRA on hits@hits@1, hits@hits@10, and MRR, and 46%, 34%, 21% higher than Rescal on hits@1, 

hits@10, and MRR, respectively. ELPKG is 30%, 18%, and 14% higher than the average of the baseline 

methods on hits@1, hits@10, and MRR, respectively. 

Figure 6. Experimental result comparison of ELPKG and the baseline methods on the YAGO-50 dataset.

Figure 7 shows the comparison of ELPKG with the baseline methods on the YAGO-rest dataset.
ELPKG has achieved the best results in hits@1, hits@10, and MRR. ELPKG is 16%, 8%, and 8% higher
than PRA on hits@hits@1, hits@hits@10, and MRR, and 46%, 34%, 21% higher than Rescal on hits@1,
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hits@10, and MRR, respectively. ELPKG is 30%, 18%, and 14% higher than the average of the baseline
methods on hits@1, hits@10, and MRR, respectively.
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The experimental results on the YAGO, NELL, YAGO-50, and YAGO-rest datasets show that
ELPKG has significant advantages over the baseline methods in every aspect, which indicates the
effectiveness of the proposed method.

Figure 8 shows the comparison of efficiency between Rescal, TransE, HOlE, PRA, and ELPKG on
the YAGO and NELL datasets. We can get the conclusion that ELPKG has the highest efficiency. On
the YAGO dataset, ELKG’s running time is only 10.4% of HOlE, and ELPKG’s running time is only
53.2% of PRA. On the NELL dataset, ELPKG’s running time is only 12.3% of HOlE, and ELPKG’s
running time is only 65.6% of PRA.
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5. Conclusions and Future Work

In this article, we propose a knowledge link prediction method named ELPKG to address the
problem of missing relations in the knowledge graph. ELPKG is based on the combination of entity
semantics and path structure of the knowledge graph to complement the relation between entities.
ELPKG utilizes semantic-based word vector features to embody semantic relations between entities
while path features represent graph structure relations between entities. Therefore, it can mine potential
relations between entities more accurately. In the process of knowledge graph completion, ELPKG
employs probabilistic soft logic to solve the inference issue between non-deterministic knowledge
in link prediction, improving the accuracy and efficiency of link prediction. Furthermore, ELPKG
does not require external knowledge in the process of entity link prediction. The entity relations can
be predicted merely by the existing knowledge in the knowledge graph. Experimental results have
shown that ELPKG outperforms baseline methods on YAGO and NELL datasets. In future work,
we will extend this method to also solve the problem of knowledge-based question-and-answer and
recommendation systems.
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