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Abstract— As the structure of knowledge graphs may vary 

over time, static knowledge graph completion methods do not 

deal with time-varying knowledge graphs. However, examining 

the paths between entities and entities' context information can 

lead to more accurate completion methods. This paper attempts 

to complete dynamic (time-varying) knowledge graphs by 

combining time-aware relational paths and relational context. 

The proposed model can improve dynamic knowledge graph 

completion methods by leveraging neural networks. 

Experimental results conducted on two standard datasets, 

ICEWS14 and ICEWS05-15, indicate our model's superiority in 

terms of Mean Reciprocal Rank (MRR) and Hit@k over its well-

known counterparts, such as DE-TransE and DE-DistMult. 

Keywords—knowledge graph completion, dynamic knowledge 

graphs, time-aware relational context, time-aware relational paths 

I. INTRODUCTION  

Knowledge graphs are a particular type of graph storing 

information in a structured way. A knowledge graph consists 

of a set of triples, so-called fact, where each triple states a 

relationship between the head and the tail entities through a 

relation of type r [1]. 

A knowledge graph consists of thousands or millions of 

entities and relations. Regardless of how large a knowledge 

graph is and how many facts exist, they are far from perfect 

and complete. Thus, knowledge graph completion is a critical 

topic that predicts new connections between entities. 

Many researchers so far have employed knowledge graphs in 

various fields, including social chatbots [2], digital assistants 

such as XiaIoc [3], recommender systems such as the DKN 

news recommendation system [4], medical and health [5], 

education [6], stock price prediction [7], and machine 

translation model construction [8, 9]. 

Previous static methods for completing knowledge graphs 

did not consider the change of these graphs over time, which 

causes predictions to become less accurate as time passes. 

Therefore, modeling knowledge graphs in a static and 

unchanged form cannot address the change in relationships 

between entities over time. However, dynamic (i.e., 

temporal) knowledge graphs are time-varying graphs that 

predict new relationships between entities more accurately 

[10]. 

Although static knowledge graphs do not incorporate 

time, methods proposed to complete them have become 

appropriate ones during the years [11-13]. One of these 

methods is to consider the path information in the knowledge 

graph and the context information of the entities. By using the 

entities' context information, it is possible to understand the 

type of entities and their role. For example, entities can 

represent human characters, objects, places, and more. It is 

also possible for a person to have a social personality and play 

different roles at the same time as being a member of a family. 

Therefore, finding out the entity's type and role can be 

reached by examining the entities' context information with 

respect to their neighbor relations. Furthermore, examining 

the information of the paths in the knowledge graph can help 

predict new relationships between entities more accurately. 

Suppose a person works as a cameraman in a moviemaking 

process and another as a director. While there is no 

connection between the two mentioned characters in the 

knowledge graph, the path information between the first and 

the second character reveals a coworker relationship. 

Examining the information of entities' context and paths in 

the knowledge graph has led to better models than when only 

considering information of the triples in the knowledge 

graph. 

The absence of efficient and innovative methods, such as 

examining the context and path information in dynamic 

knowledge graphs and modeling time in static knowledge 

graphs, has led us to propose a new model to complete 

dynamic knowledge graphs following time-aware 

approaches. In this paper, we first study the effect of time in 

modeling the paths in knowledge graphs and entities' context 

information. Then, we use vectors representing this 

information to complete the dynamic knowledge graphs. Our 

proposed model results in remarkable performance in terms 

of Mean Reciprocal Rank (MRR) and Hit@k by taking 

advantage of state-of-the-art methods for completing static 

knowledge graphs and incorporating time into the model.  

To show the performance and evaluate our model, we use 

two standard datasets named ICEWS14 and ICEWS05-15. In 

doing so, one of the head or tail entities is masked for each 

fact, and two questions are arisen: 

1- Which entity is the head entity related to given the 

relation r?  

2- What entity establishes a relationship with the tail 

entity given the relation r? 

In answering these questions, the model determines 

several candidate entities. Two ranking metrics, MRR and 

Hit@k, examine the rank of the entity that is the correct 

answer to the question among the candidate entities. Our 

model achieves the MRR of 0.638 and 0.708 and the Hit@1 

of 52.47 and 62.25 on ICEWS14 and ICEWS05-15 datasets. 

Comparing the results with the counterparts demonstrates 

that our model can improve the dynamic knowledge graph 



completion performance. It is of note that the previous 

models evaluated on the two mentioned datasets only cared 

about the information of the triples in the knowledge graph 

and influencing time in their modeling. However, the 

improvement achieved by our model is arisen not only from 

using the information of triples and incorporating time in the 

model but also from the knowledge graph path and the 

entities' context information.  

The rest of the paper is organized as follows. Related 

work is reviewed in Section II, and the proposed method is 

explained in Section III. The experimental studies conducted 

to evaluate the method are reported in Section IV. Finally, in 

Section V, a conclusion is drawn. 

II. RELATED WORK 

This section reviews different static and dynamic 

knowledge graph completion methods and their advantages 

and disadvantages. Various methods so far have been 

introduced to complete knowledge graphs. Embedding-based 

is one of the essential methods that consist of two categories 

of translational distance and semantic matching models. 

TransE [14], TransH [15], TransR [16], TransD [17], and 

TransM [18] are some examples for translational distance, 

while RESCAL [19] and DistMult [20] fall into the semantic 

matching category. The main focus of these models was on 

triples' information, but none considered the knowledge 

graph path and the entities' context information. On the other 

hand, some models used more information available on 

knowledge graphs [11-13].  

KPRN [13] is a model that developed a solution for 

reasoning on paths in a knowledge graph to infer user 

preference. KPRN tried to incorporate knowledge graphs into 

recommender systems. Although the paths in the knowledge 

graph were remarked in [13], the entities' context information 

was not addressed. 

CoKE [11] is a model in which edges and paths were 

formalized as sequences of entities and relations. Given an 

input sequence, CoKE used a stack of Transformers [21], 

encoded the input, and obtained contextualized 

representation for its components. It was suitable for static 

knowledge graphs and did not consider the entities' context. 

PathCon [12] used paths and entities' context information 

in a knowledge graph to infer new relationships between 

entities. Using rich information in the entities' context and 

paths between entities is the main advantage of PathCon. 

However, it was used for completing static knowledge 

graphs. We engaged this model in ours for dynamic 

knowledge graph completion in this paper. 

It is of note that instead of triples, there are four factors in 

dynamic knowledge graphs, including head and tail entities, 

relation, and time of relation between them. Time causes 

some differences in static and dynamic knowledge graphs as 

follows: 

 An edge may have specific endpoint nodes which 

can be changed over time. 

 A node's adjacent edges may differ at two time 

periods. 

 Head and tail pairs have different context 

information over time; hence, the entities' context 

information should be specified regarding time. 

 The paths between the head and tail entities may 

differ at different periods. 

 Not all paths between entities are equally significant. 

Therefore, measuring each path’s importance is necessary 

according to the time related to the path between head and tail 

entities. 

It is enough in dynamic knowledge graph completion 

methods to model the time factor like other entities and 

relations. After modeling the time, one can follow the idea of 

static knowledge graph completion methods to complete 

dynamic ones. Two methods are usually used for modeling 

time [22]. In the first method, it is regarded as an independent 

factor, and like entities and relations, it has a corresponding 

vector. In the second one, the effect of this factor is 

considered in modeling the vectors related to entities and 

relations. Thus, there is no separate vector for time, and the 

vectors related to entities and relations reflex static and 

dynamic characteristics. The diachronic embedding [10] 

method took each entity's static and dynamic features into 

account and controlled the contribution of these features to 

the vector of entities using a parameter. By dynamic 

modeling of entities and employing previous methods, DE-

TransE and DE-DistMult were introduced [10]. The main 

difference between the mentioned methods and TransE and 

DistMult was in the way of modeling the entities.  

III. PROPOSED METHOD 

The lack of novel methods considering the context 

information and paths in dynamic knowledge graph 

completion models, as well as the lack of considering the 

changes of knowledge graphs over time in static knowledge 

graph completion models, motivates us to propose a new 

method to complete dynamic knowledge graphs by 

incorporating time and using static methods. Fig. 1 indicates 

different components of our model described in this section. 

 

 
Fig. 1. Components of the proposed model. 

Our model receives a set of facts constituting the dynamic 

knowledge graph as input. Inspired by [12], two components 

of relational context and relational paths are engaged. The 

main difference between ours and [12] is incorporating time 

in the relational context and relational paths modeling. A 

component is then needed to cope with combining 



information obtained from the entities' relational context and 

paths. Once the context and path information are combined, 

the model is ready for training. Further after training, the 

model can be applied to completing dynamic knowledge 

graphs. In the rest, first, the problem is defined. Next, each 

component in our proposed model is fully described. 

A. Problem definition  

Predicting a new relationship between two entities at a 

specific time is the problem we encounter in completing 

dynamic knowledge graphs. In other words, the purpose of 

the model is to predict a relationship given head and tail 

entities and time. 

Reminding the approaches for considering time, 

mentioned in Section II, time in the former is viewed as an 

independent factor, whereas it is incorporated in modeling 

entities and relations in the latter. Since assuming the 

independence of time makes implementation complicated 

and requires a separate vector, the latter approach is pursued 

in this paper. Therefore, the goal is to predict the probability 

depicted in (1).  

(1) 
𝑝( 𝑟𝑡𝑖𝑚𝑒 ∣∣ ℎ𝑡𝑖𝑚𝑒 , 𝑡𝑡𝑖𝑚𝑒 ) 

∝ 𝑝(ℎ𝑡𝑖𝑚𝑒 , 𝑡𝑡𝑖𝑚𝑒 ∣ 𝑟𝑡𝑖𝑚𝑒) ⋅ 𝑝(𝑟𝑡𝑖𝑚𝑒) 

Considering the probability value 𝑝(𝑟𝑡𝑖𝑚𝑒) is a constant 

value, for calculating the probability 𝑝(𝑟𝑡𝑖𝑚𝑒 ∣ ℎ𝑡𝑖𝑚𝑒 , 𝑡𝑡𝑖𝑚𝑒), 

it is enough to compute the probability 𝑝(ℎ𝑡𝑖𝑚𝑒 , 𝑡𝑡𝑖𝑚𝑒 ∣
𝑟𝑡𝑖𝑚𝑒). According to the Bayes theorem, this probability can 

be obtained by (2). 

(2) 

𝑝( ℎ𝑡𝑖𝑚𝑒 , 𝑡𝑡𝑖𝑚𝑒 ∣∣ 𝑟𝑡𝑖𝑚𝑒 ) = 
1

2
((𝑝(ℎ𝑡𝑖𝑚𝑒 ∣ 𝑟𝑡𝑖𝑚𝑒) ⋅ 𝑝(𝑡𝑡𝑖𝑚𝑒 ∣ ℎ𝑡𝑖𝑚𝑒 , 𝑟𝑡𝑖𝑚𝑒) 

+ 𝑝(𝑡𝑡𝑖𝑚𝑒 ∣ 𝑟𝑡𝑖𝑚𝑒) ⋅ 𝑝(ℎ𝑡𝑖𝑚𝑒 ∣ 𝑡𝑡𝑖𝑚𝑒 , 𝑟𝑡𝑖𝑚𝑒)) 

If the neighboring relations of the entities represented by 

𝐶(. ), called a local relational subgraph, are considered as 

the context information of each entity, 𝑝(ℎ𝑡𝑖𝑚𝑒 ∣ 𝑟𝑡𝑖𝑚𝑒) and 

𝑝(𝑡𝑡𝑖𝑚𝑒 ∣ 𝑟𝑡𝑖𝑚𝑒) will be respectively turned into 𝑝(𝐶(ℎ𝑡𝑖𝑚𝑒) ∣
𝑟𝑡𝑖𝑚𝑒) and 𝑝(𝐶(𝑡𝑡𝑖𝑚𝑒) ∣ 𝑟𝑡𝑖𝑚𝑒).  Moreover, 𝑝(ℎ𝑡𝑖𝑚𝑒 ∣
𝑡𝑡𝑖𝑚𝑒 , 𝑟𝑡𝑖𝑚𝑒) and 𝑝(𝑡𝑡𝑖𝑚𝑒 ∣ ℎ𝑡𝑖𝑚𝑒 , 𝑟𝑡𝑖𝑚𝑒) show the probability 

of reaching from one entity to another, given relation 𝑟𝑡𝑖𝑚𝑒 . 

Next, Time-aware relational context and Time-aware 

relational paths are explained. Notations used here are listed 

in Table I. 

TABLE I.  NOTATION USED IN THIS PAPER 

Description Symbol 

head and tail entities at a specific time ℎ𝑡𝑖𝑚𝑒 , 𝑡𝑡𝑖𝑚𝑒 

relation at a specific time 𝑟𝑡𝑖𝑚𝑒 

hidden state of edge e at a specific time at i-th iteration  𝑠𝑒(𝑡𝑖𝑚𝑒)
𝑖  

the message of node v at a specific time at i-th iteration 𝑚𝑣(𝑡𝑖𝑚𝑒)
𝑖  

endpoint nodes of edge e at a specific time 𝒩𝑡𝑖𝑚𝑒(𝑒) 

incoming and outgoing edges to node v at a specific time 𝒩𝑡𝑖𝑚𝑒(𝑣) 

a representation for the context of entity h and the 

context of entity t at a specific time 
𝑆(ℎ,𝑡),𝑡𝑖𝑚𝑒 

a representation for all paths from h to t at a specific time 𝑆ℎ→𝑡,𝑡𝑖𝑚𝑒 

attention weight of path P at a specific time 𝛼𝑃(𝑡𝑖𝑚𝑒) 

a set that includes all paths from h to t at a specific time 𝒫ℎ→𝑡,𝑡𝑖𝑚𝑒 

B. Time-aware relational context 

In order to obtain time-aware entities' context 

information, the relational message passing method is 

utilized. In this regard, a hidden state vector should be 

considered for each relation around the entity at a specific 

time. This vector is primarily a one-hot vector representing 

the type of relation.  

According to (3), the messages of each entity at a specific 

time are obtained from integrating the messages of related 

relations. Equation (4) shows how the hidden state of 

relations is updated. For each entity, relations available 

within K order distance from the entity are considered as its 

neighbor relations. Afterward, the entities' context 

information is obtained by repeating (3) and (4) for K times; 

hence, information is available through the vectors 𝑚ℎ(𝑡𝑖𝑚𝑒)
𝐾−1  

and 𝑚𝑡(𝑡𝑖𝑚𝑒)
𝐾−1 . 

(3) 𝑚𝑣(𝑡𝑖𝑚𝑒)
𝑖 = ∑  

𝑒(𝑡𝑖𝑚𝑒)∈𝒩𝑡𝑖𝑚𝑒(𝑣)

𝑠𝑒(𝑡𝑖𝑚𝑒)
𝑖  

(4) 
𝑠𝑒(𝑡𝑖𝑚𝑒)

𝑖+1 = 𝜎([𝑚𝑣(𝑡𝑖𝑚𝑒)
𝑖 , 𝑚𝑢(𝑡𝑖𝑚𝑒)

𝑖 , 𝑠𝑒(𝑡𝑖𝑚𝑒)
𝑖 ] ⋅ 𝑊𝑖 + 𝑏𝑖), 

𝑣(𝑡𝑖𝑚𝑒), 𝑢(𝑡𝑖𝑚𝑒) ∈ 𝒩𝑡𝑖𝑚𝑒(𝑣) 

C. Time-aware relational paths 

This section discusses the method of modeling paths and 

the time effect. It is worth noticing that there are some 

differences in path modeling between our proposed model 

and [12]. To clarify, suppose the knowledge graph is such that 

person (i.e., entity) A is an accountant in company C. Person 

B is also the CEO of company C. A cooperative relationship 

between A and B can be concluded if the examined 

knowledge graph is static and does not change over time. In 

contrast, the cooperative relationship cannot be deduced from 

a dynamic knowledge graph changing over time. Indeed, the 

existence of a cooperation relationship between A and B can 

only be concluded when the relationships "being an 

accountant" and "being a CEO" both exist at the same time. 

To model a path between entities h and t at a specific time, 

consider 𝑣𝑖(𝑡𝑖𝑚𝑒)  as an intermediate node,  𝑒𝑖(𝑡𝑖𝑚𝑒)  as the 

edge connecting node  𝑣𝑖(𝑡𝑖𝑚𝑒)  to   𝑣𝑖+1(𝑡𝑖𝑚𝑒) , and 

ℎ(𝑣0(𝑡𝑖𝑚𝑒)) ⟶
𝑒0(𝑡𝑖𝑚𝑒)

𝑣1(𝑡𝑖𝑚𝑒) ⟶
𝑒1(𝑡𝑖𝑚𝑒)

𝑣2(𝑡𝑖𝑚𝑒) ⋯ 𝑣𝐿−1(𝑡𝑖𝑚𝑒) ⟶
𝑒𝐿−1(𝑡𝑖𝑚𝑒)

 

𝑡(𝑣𝐿(𝑡𝑖𝑚𝑒))  as the connection between nodes. So, the paths 

between the entities are presented as 𝑃 =
(𝑟𝑒0(𝑡𝑖𝑚𝑒),  𝑟𝑒1(𝑡𝑖𝑚𝑒),  𝑟𝑒2(𝑡𝑖𝑚𝑒), … ,  𝑟𝑒𝐿−1(𝑡𝑖𝑚𝑒)) . If all paths 

between entities h and t are in 𝒫ℎ→𝑡,𝑡𝑖𝑚𝑒 , a vector 𝑆𝑃(𝑡𝑖𝑚𝑒) is 

then regarded for each path  𝑃𝑡𝑖𝑚𝑒  in 𝒫ℎ→𝑡,𝑡𝑖𝑚𝑒 . Note the 

𝑆𝑃(𝑡𝑖𝑚𝑒) vector is obtained by integrating the relation vectors 

of the path  𝑃𝑡𝑖𝑚𝑒 . 

Once entities' context and paths information is available, 

the corresponding components should be combined to create 

a model for completing dynamic knowledge graphs, 

described in the following section. 

D. Time-aware relational context and relational paths 

combiner 

Using two vectors, 𝑚ℎ(𝑡𝑖𝑚𝑒)
𝐾−1  and 𝑚𝑡(𝑡𝑖𝑚𝑒)

𝐾−1 , mentioned in 

Section B, the vector 𝑠(ℎ,𝑡),𝑡𝑖𝑚𝑒
ه

 represents the time-aware 

context information of head and tail entities, as formulated by 

(5).  

(5) 
𝑠(ℎ,𝑡),𝑡𝑖𝑚𝑒

ه
= 𝜎([𝑚ℎ(𝑡𝑖𝑚𝑒)

𝐾−1 , 𝑚𝑡(𝑡𝑖𝑚𝑒)
𝐾−1 ] ⋅ 𝑊𝐾−1

+ 𝑏𝐾−1) 

where 𝜎(. )  is a nonlinear activation function, W is a 

learnable weighting matrix, and b is a bias.  



Our model declares the effect of different paths between 

two entities. According to (6), the entities' context 

information is used as prior knowledge to measure the 

importance of each path. Therefore, the entities' context 

information plays two crucial roles. The first is the direct 

impact on the proposed model, and the second is to use this 

information as prior knowledge to determine the importance 

of each path. 

(6) 𝛼𝑃(𝑡𝑖𝑚𝑒) =
exp(𝑠𝑃(𝑡𝑖𝑚𝑒)

⊤ 𝑠(ℎ,𝑡),𝑡𝑖𝑚𝑒)

∑  𝑃𝑡𝑖𝑚𝑒 ∈ 𝑃ℎ→𝑡,𝑡𝑖𝑚𝑒
exp(𝑠𝑃(𝑡𝑖𝑚𝑒)

⊤ 𝑠(ℎ,𝑡),𝑡𝑖𝑚𝑒)
 

After calculating the weight for each path, information of 

all paths between entities h and t at a specific time is 

integrated using (7), which provides a vector representation 

for the paths information between two entities. 

 

(7) 
𝑠ℎ→𝑡,𝑡𝑖𝑚𝑒 = ∑  

𝑃
𝑡𝑖𝑚𝑒
𝑞

∈ 𝑃ℎ→𝑡,𝑡𝑖𝑚𝑒

𝛼𝑃(𝑡𝑖𝑚𝑒)𝑠𝑃(𝑡𝑖𝑚𝑒)
𝑖  

Given the entities' context and paths information, already 

determined based on time, the probability 𝑝(ℎ𝑡𝑖𝑚𝑒 , 𝑡𝑡𝑖𝑚𝑒 ∣
𝑟𝑡𝑖𝑚𝑒) is computed by (8). 

(8) 

 

𝑝(ℎ𝑡𝑖𝑚𝑒 , 𝑡𝑡𝑖𝑚𝑒 ∣ 𝑟𝑡𝑖𝑚𝑒)

= 𝑆𝑜𝑓𝑡𝑀𝑎𝑥(𝑠(ℎ,𝑡),𝑡𝑖𝑚𝑒

ه
+  𝑠ℎ→𝑡,𝑡𝑖𝑚𝑒) 

 

By creating the model, the difference between the 

predicted and the actual relation at a specific time should be 

minimized during the training, as (9) computes. 

(9) 

 
𝑚𝑖𝑛ℒ = ∑  

(ℎ,𝑟,𝑡,𝑡𝑖𝑚𝑒) ∈ 𝒟𝑡𝑟𝑎𝑖𝑛

𝐽(𝑝(𝑟𝑡𝑖𝑚𝑒 ∣ ℎ𝑡𝑖𝑚𝑒 , 𝑡𝑡𝑖𝑚𝑒), 𝑟𝑡𝑖𝑚𝑒) 

where 𝐽(. ) is the cross-entropy loss function and 𝒟𝑡𝑟𝑎𝑖𝑛 

is the training dataset. After training, the model is capable of 

being used as a new time-aware method for completing 

dynamic knowledge graphs. 

IV. EXPERIMENTAL STUDY 

The key research questions to be addressed in this paper 

are as follows: 

RQ1: In determining the entity of the other side of a 

relation, how well does the proposed model perform, given 

one entity and a relation? 

RQ2: Given the model and several activation functions, 

which one performs the best? 

This section continues by explaining datasets, 

configuration, and metrics, and answering the research 

questions. 

TABLE II.  STATISTICAL REPORT ON ICEWS14 AND ICEWS05-15 
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Dataset 

365 230 7128 90730 8963 8941 72826 ICEWS14 

4017 251 10488 479329 46092 46275 386962 ICEWS05-15 

                                                           
1 https://github.com/BorealisAI/DE-SimplE 

A.  Data 

In this paper, two publicly available datasets, ICEWS14 

and ICEWS05-15 produced by [23], are used as standard 

datasets for evaluating methods of completing dynamic 

knowledge graphs. ICEWS14 is a collection of facts in 2014, 

and ICEWS05-15 is a collection of facts between 2005 and 

20151. Table II summarizes some statistics of the datasets. 

B. Configuration and parameters  

The experiments are run on an 11th Gen Intel Core i7-

11800H at 2.30GHz CPU and 16 GB RAM, and one node 

with two GPUs. All algorithms are implemented in Python 

and by using the PyTorch framework. Table III reports the 

parameter values used for the simulations corresponding to 

each dataset. 

TABLE III.  THE VALUES OF SETTING PARAMETERS 

Value Parameter 

5e-3 learning rate 

32a, 16b batch size 

64 embedding size 

4 maximum length of path 

3 
maximum length for collecting message from neighboring 

edges 
a. ICEWS14 dataset, b. ICEWS05-15 dataset 

C. Evaluation metrics 

This paper follows a scenario to evaluate the proposed 

model so that two queries are created for each fact. The first 

query, 𝑓 =  (? , 𝑟, 𝑡) , means which entities are related to 

entity t through the relation r. The proposed model 

determines several candidate entities and ranks them in 

response to this query. The second query, 𝑓 =  (ℎ, 𝑟, ? ), also 

means which entities are related to h by relation r. Let 𝑘𝑓,ℎ 

denote the rank of the head entity in the first query and 𝑘𝑓,𝑡 

be the rank of the tail entity in the second query. Accordingly, 

Mean Reciprocal Rank (MRR) and Hit@k are defined 

respectively by (10) and (11). 

(10) 𝑀𝑅𝑅 =  
1

2 ∗∣ 𝒟𝑡𝑒𝑠𝑡 ∣
∑  

𝑓=(ℎ,r,𝑡,time) ∈ 𝒟𝑡𝑒𝑠𝑡

(
1

𝑘𝑓,ℎ

+
1

𝑘𝑓,𝑡

) 

where for all facts in the test dataset, 𝒟𝑡𝑒𝑠𝑡 , two queries 

are created, and the rank of the correct answer is examined 

among the candidate entities; thus, MRR measures the 

model's ability to determine the correct entity. 

𝐻𝑖𝑡@𝑘 =  
1

2∗∣𝒟𝑡𝑒𝑠𝑡|
∑  𝑓=(ℎ,r,𝑡,time) ∈ 𝒟𝑡𝑒𝑠𝑡

(1𝑘𝑓,ℎ≤𝑘 + 1𝑘𝑓,𝑡≤𝑘) (11) 

where 1𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 equals one if the condition is satisfied; 

otherwise, it equals zero. Hence, Hit@k checks the presence 

of the correct entity in the first k ranks. 

D. Comparison of the proposed method with counterparts 

In response to RQ1, we study the performance of our 

model in terms of MRR and Hit@k for 𝑘 ∈ < 1, 3, 10 > in 

comparison to its counterparts. Here, we consider the effect 

of context, path, and both in the proposed model. Results 

reported in Table IV indicate the superiority of our model 

over the baselines in determining the correct entity. 



TABLE IV.  THE PERFORMANCE COMPARISON OF DIFFERENT 

MODELS. BEST RESULTS ARE IN BOLD. 

Hit@10 Hit@3 Hit@1 MRR Model 

63.7 - 9.4 0.280 
TransE [14] 

66.3 - 9.0 0.294 

67.2 - 32.3 0.439 
DistMult [20] 

69.1 -a 33.7 0.456 

68.6 46.7 12.4 0.326 
DE-TransE [10] 

68.5 45.3 10.8 0.314 

70.8 56.9 39.2 0.501 
DE-DistMult [10] 

71.8 54.6 36.6 0.484 

85.40 62.73 40.77 0.552 PathConTKG 

(path) 83.64 67.16 55.42 0.641 

84.59 61.31 40.21 0.546 PathConTKG 

(context) 87.45 67.02 43.60 0.584 

86.47 70.37 52.47 0.638 PathConTKG 

(path-context) 88.86 75.94 62.25 0.708 
. ICEWS14 dataset,. ICEWS05-15 dataset 
a. The values for baselines are directly taken from [10]. Hit@3 values for 

TransE and DistMult were also not reported in [10]. 

E. Comparison of different activation functions 

Inspired by [10], this section addresses RQ2 by 

investigating different activation functions in the proposed 

model. Table V shows the experimental results on the 

ICEWS14 dataset considering both context and path. 

Accordingly, we apply the sigmoid function as it performs 

best in our experiments. 

TABLE V.  RESULTS ON THE ICEWS14 DATASET BASED ON 

DIFFERENT ACTIVATION FUNCTIONS. BEST RESULTS ARE IN BOLD. 

Model  Activation 

Function 

MRR Hit@1 Hit@3 Hit@10 

DE-DistMult 

[10] 

 

Tanh 0.486 37.5 54.7 70.1 

Sigmoid 0.484 37.0 54.6 70.6 

Leaky 
ReLU 

0.478 36.3 54.2 70.1 

PathConTKG 

Tanh 0.617 50.75 67.82 83.94 

Sigmoid 0.638 52.47 70.37 86.47 

Leaky 
ReLU 

0.544 46.98 60.46 66.12 

V. CONCLUSION 

Due to the lack of methods that examine the context 

information and paths in dynamic knowledge graph 

completion models, and also modeling time in static 

approaches, this paper has introduced a model for dynamic 

knowledge graph completion leveraging entities' context and 

path information. The time factor has also been modeled 

while combining the relational paths and context. 

Experimental results on standard datasets, ICEWS14 and 

ICEWS05-15, have shown the superiority of our proposed 

model over the well-known baselines in terms of MRR and 

Hit@k. Note that the entities of the paths have not played a 

role in modeling the path. The neighboring entities also have 

not been taken into account in modeling the entities' context 

information. In future work, we will consider the effect of 

modeling entities in paths and neighboring entities for 

modeling context information. 
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