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ABSTRACT Knowledge graphs (KGs) possess a vital role in enhancing the semantic comprehension
of extensive datasets across many fields. It facilitate activities like recommendation systems, semantic
searching, and intelligent data mining. However, lacking information can sometimes limit the usefulness
of knowledge graphs (KGs), as the lack of relationships between entities could severely limit their practical
application. Most existing approaches for KG completion primarily concentrate on embedding-based
methods or just use relational paths, neglecting the valuable structural information offered by node density.
This research presents an approach that effectively combines relational paths and the density features of tail
nodes to enhance the accuracy of predicting relationships that are missing in knowledge graphs. Our method
combines the sequential relational context represented by paths with the structural prominence indicated
by node density, allowing for a dual view on possible entity connections. We validate the effectiveness
of our technique by conducting comprehensive tests on many benchmark datasets, revealing substantial
enhancements compared to conventional approaches. The Dual-Rep model, which incorporates relational
paths and node density features, has continuously shown improved performance across several metrics, such
as Mean Reciprocal Rank (MRR), Hit at 1 (Hit@1), and Hit at 3 (Hit@3). The DualRep model achieved a
mean reciprocal rank (MRR) of 90.80. Additionally, it achieved a hit rate of 87.39 at rank 1 (Hit@1) and a
hit rate of 91.18.

INDEX TERMS Knowledge Graph Completion, Relational Paths, Node Density Analysis,Graph Structural
Features, Entity Relationship Prediction,Graph Neural Networks, Machine Learning in Knowledge Graphs,
Entity Embeddings,, Relational and Structural Dynamics

I. INTRODUCTION

Knowledge Graphs (KGs) are crucial in artificial intelligence
and data analysis. It provides a structured representation of
real-world entities and their interrelationships. Networks rep-
resent complex structures associated with data points, allow-
ing intelligent machines to comprehend and discover novel
information about the environment around us. Knowledge
graphs (KGs) have a wide range of applications, including
improving semantic search by delivering search results that
are aware of the context [1], and enabling recommendation
systems to provide tailored content based on user preferences
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and content linkages [2]. Furthermore, in the domain of
natural language comprehension, knowledge graphs (KGs)
have a vital function in enhancing language models with
factual information, hence enhancing the comprehension of
context and the production of more logical and contextu-
ally appropriate replies [3]. Although knowledge graphs are
useful, a major challenge in using them is knowledge graph
completion (KGC), which involves deducing and including
missing relations (edges) between entities (nodes). KGs are
inherently limited; therefore, they ignore all potential in-
formation about objects and their associations. The lack of
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completeness is a difficulty for applications that depend on
KGs for precise information retrieval and decision-making
[4], [5]. Accurately forecasting these absent relationships is
vital for maintaining the significance and usefulness of KGs
in real-world applications. However, accomplishing this job
is challenging because of the extensive and varied range of
knowledge domains, the possibility of ambiguity in entity
connections, and the sheer magnitude of data that has to be
processed.

Research in Knowledge Graph (KG) completion has pro-
gressed from initial statistical techniques to more contempo-
rary embedding-based methodologies. In these approaches,
entities and interactions are expressed as continuous vectors
to capture their semantic significance [6]. Embedding-based
methods have been more popular recently [6], where they
express entities and connections as vectors in continuous
spaces. Models like TransE have demonstrated notable ad-
vancements in scalability and performance [7], DistMult
[8], and Graph Convolutional Networks (GCNs) [9]. Ow-
ing to their effectiveness in managing huge datasets, these
techniques, which can capture the semantic links between
entities, have been extensively used for KGC tasks.

Even though embedding-based techniques have succeeded,
they are not without pitfalls. However, these approaches fail
to capture the complex, multi-relational structures in KGs.
Models like TransE are limited in capturing complicated
patterns like symmetric or many-to-many relationships be-
cause they presume that relationships can be modeled as
translations in a vector space [7]. Similarly, further developed
approaches like QuatE and RotatE concentrate mostly on
pairwise interactions while attempting to depict more com-
plex connections [10], [11]. The structural characteristics of
the graph, such as node centrality and the relevance of higher-
order structures, which are essential for comprehending the
overall connection and significance of entities within the KG,
are not properly utilized by these methods. The structural
information represented in the graph is an important factor
that is often ignored in these methods. In particular, a node’s
degree and its number of relationships are crucial factors
in establishing its significance and impact on the graph.
High-degree nodes frequently serve as key elements that link
various network parts and participate in multiple interactions.
The existing embedding-based methods usually fail to take
node degree into meaningful consideration. For instance,
graph convolutional networks (GCNs) combine data from
adjacent nodes but do not particularly use node degree as a
feature to improve relational predictions [9].

Because of these drawbacks, structural attributes such as
node degree have recently been included in KGC research
to enhance model performance. To evaluate the significance
of adjacent nodes during aggregation, for example, Graph
Attention Networks (GATs) employ attention processes and
implicitly take node degrees into account [12]. This provides
an incomplete solution. However, because these techniques
depend on indirect aggregation, the processes influence high-
degree nodes on connection predictions; they are still unable
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to fully recognize node degree as a direct characteristic in
relationship prediction.

In this study, we propose an approach that integrates rela-
tional pathways and node degree information, consequently
addressing the shortcomings of existing KGC approaches.
Our method combines the structural knowledge offered by
tail node degrees with the semantic information relational
paths to improve the ability to predict existing models.
Relational paths that capture direct and indirect links are
sequences of connections between entities. These pathways
provide important information about the underlying connec-
tion patterns within KGs. Node degree, however, provides
a measure of centrality, a significant element in the graph.
These two key elements of the graph work together to
improve our model’s ability to distinguish between entities
with similar relational paths but different levels of centrality,
which results in more precise predictions.

o Increase the accuracy of relationship predictions in
knowledge graphs by combining relational path data
with structural node properties.

« Enhance decision-making in relation to prediction tasks
by taking into account the complex relationship between
relational dynamics and the structural significance of
nodes.

« Enhance the model’s capacity to differentiate between
potential relationships in cases when entities have sim-
ilar pathways but vary in their centrality within the
network, by using the node’s degree as a distinguishing
characteristic.

The rest of the sections of the paper are arranged as fol-
lows: A comprehensive review of the literature is provided
in Section II which also highlights the gaps that motivate
our study by summarising important works that are relevant
to our problem. A thorough description of our proposed
methodology including the techniques, algorithms, and ex-
perimental setup employed is given in Section III. A detailed
explanation of the datasets used in the experiments and the
evaluation criteria are also covered in this part. The findings
of our studies are covered in detail in Section IV, which
also includes an ablation study and a case study on model
explainability using DualRep. Additionally, we compare our
approach with other current methodologies to establish the
usefulness of our methodology. In Section V, the study is
finally concluded with a summary of the key findings and
offering recommendations for future research directions.

Il. RELTED WORK

GC presents a substantial challenge in Knowledge Graph
Analysis (KGA) by explicitly predicting absent information
within the knowledge graph. The missing information scould
be related to the head (7, r,t), the tail (h,r,?), or the rela-
tionship (h, ?,t).The current literature presents many KGC
methodologies.

knowledge graphs are becoming indispensable artifacts of
present-day data science and artificial intelligence. They play
a vital role in diverse fields like semantic web services,
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recommendation systems, Al reasoning, etc. Essentially, a
knowledge graph is a well-structured representation of real-
world things, their properties, and their intricate connections.
In other words, knowledge graphs go beyond mere data
storage; rather, they represent a network of interconnected
information that enhances the ability of machines to com-
prehend and reason [13], [14]. By augmenting the contex-
tual understanding of Al apps, knowledge graphs provide
a semantic foundation that AI algorithms can leverage to
discover trends and links easily. This feature significantly
boosts the decision-making process since algorithms can
draw more informed conclusions as they understand the
semantic connections and context of the content. On the other
hand, knowledge graphs are critical in recommendation sys-
tems since they enhance the accuracy and context-harvesting
of the suggestions. This greatly improves the user experi-
ence since the information and recommendations are more
tailored to individual preferences. In addition, knowledge
graphs offer a substantial future in Al-driven applications
since they help expand capabilities in areas such as natural
language interpretation, semantic search, and intricate data
analysis. Knowledge graphs offer a consolidated perspective
of items and associative connections that help in semantic
searches, providing a large sum of information that one may
want. Integration of knowledge graphs with Al makes various
applications more useful and opens the door to new ways of
handling and getting information from large datasets [15]-
[17].

Knowledge graphs (KGs) often encounter the issue of in-
sufficient information, resulting in gaps in the data that may
significantly hinder the effectiveness and precision of data-
driven operations. The incompleteness emerges due to the
fact that knowledge graphs (KGs) often gather information
from multiple sources, which may not include all potential
information or connections. As a result, the representation of
real-world entities and their interactions in KGs is sometimes
sparse. For example, when a knowledge graph is built using
text data, it may not capture relationships that are not clearly
stated in the text. This might result in important gaps in
the overall structure of the network. The presence of these
gaps could affect the functionality of different applications
of KGs, such as question-answering and recommendation
systems. The success of the results in these applications
is highly dependent on the extent to which the underlying
knowledge graph is comprehensive. The research emphasizes
the need to solve these gaps by creating strong techniques for
knowledge graph completion. These techniques attempt to
deduce and complete missing relationships or characteristics
using the current structure and content of the graph [18]. Itis
essential to complete a knowledge graph in order to improve
its usefulness, dependability, and suitability for different Al-
powered applications. Knowledge graph completion (KGC)
is the process of accurately predicting and adding missing
triples (consisting of entities and their connections) to the
graph. This enhances the graph’s informative richness and
makes it a more complete representation of knowledge. The
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importance of this work comes from the direct influence that
a more comprehensive knowledge graph has on enhancing
the efficiency and precision of subsequent tasks such as se-
mantic search, customized recommendations, and intelligent
decision-making systems. KGC facilitates the creation of a
more associated and semantically robust dataset by filling
in the missing relationships. This could significantly boost
the reasoning skills of Al models that rely on these graphs
for extracting information and making inferences. Moreover,
the incorporation of sophisticated methods such as graph
neural networks into knowledge graph completion (KGC)
procedures has potential in capturing intricate patterns inside
graphs, hence enhancing the precision and effectiveness of
completion tasks [19].

A. KNOWLEDGE GRAPH COMPLETION TECHNIQUES

Knowledge Graph Completion (KGC) is a critical area of
research aimed at inferring missing information in knowl-
edge graphs. These graphs are structured representations of
knowledge, consisting of entities (nodes) and relationships
(edges). KGC techniques can be broadly categorized into
embedding-based approaches and path-based methods, each
with unique methodologies and applications.

1) Embedding-Based Approaches

Embedding-based approaches are designed to represent en-
tities and relationships in a continuous vector space, facili-
tating efficient computation and inference. The primary goal
of these methods is to learn low-dimensional representations
(embeddings) for entities and relationships that capture their
semantic meanings and interactions.

TransE (Translation-based Embedding) TransE posits that
relationships can be modeled as translations in the vector
space. For a given relationship r between a head entity ~ and
a tail entity ¢, the model asserts that the vector representation
of the head entity plus the vector representation of the
relationship should approximate the vector representation
of the tail entity. This relationship can be mathematically
expressed as:

e, tr~e; (D

where e, r, and e; are the embeddings of the head entity,
relationship, and tail entity, respectively. The model is trained
to minimize the distance between the left-hand side and the
right-hand side of the equation, typically using a margin-
based loss function. Other embedding-based methods, such
as TransH, TransR, and RotatE, build upon this foundation
by introducing additional complexities to better capture the
nuances of relationships in knowledge graphs [20].

RotatE is a knowledge graph embedding model that lever-
ages complex-valued embeddings to represent entities and
relationships. The key idea in RotatE is to model relation-
ships as rotations in the complex plane. In RotatE, each entity
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and relationship is represented by a complex vector:

« Entity Embeddings: e; (head entity) and e; (tail en-
tity).

« Relation Embedding: r (relationship).
The core assumption of RotatE is that the relation r ro-
tates the head entity e; to align with the tail entity e,
in the complex space. Mathematically, this is expressed as
ep or ~ e; where o denotes the Hadamard product, which is
the element-wise multiplication of complex vectors. RotatE
captures various relational patterns, including symmetric and
antisymmetric relations, by leveraging this rotation-based
approach. Despite its strengths, RotatE can face challenges
with highly complex relational patterns and may involve
more computational complexity due to complex-valued cal-
culations [21].
ComplEx is a knowledge graph embedding model that uti-
lizes complex-valued embeddings to enhance the represen-
tation of entities and relationships in knowledge graphs.
In ComplEX, both entities and relationships are represented
using complex vectors. Specifically, each head entity and tail
entity is associated with a complex vector, and relationships
are also represented as complex vectors. The core idea behind
ComplEx is to apply a scoring function that incorporates
these complex-valued embeddings to assess the plausibility
of a given relationship between entities. The scoring func-
tion for a head entity h, relationship r, and tail entity t is
calculated as the real part of a bilinear form involving these
complex embeddings. Mathematically, the scoring function
is expressed as:

f(h,r,t) =Re ({ep,r,e;)) 2)

Here, (ep,r, e;) denotes the bilinear scoring function in the
complex space, and Re(-) represents the real part of the
complex number resulting from this function. The scoring
function is computed as:

d
(en,r.e) = (eni-Ti-er) 3)

i=1
where e, ; and e, ; are the i-th components of the head and
tail entity embeddings, respectively, and r; are the compo-
nents of the relation embedding. The term 7; denotes the
complex conjugate of r;. ComplEx is particularly effective
at capturing various types of relational patterns, including
symmetric, antisymmetric, and asymmetric relations, due to
its use of complex embeddings and the bilinear scoring func-
tion. This approach allows ComplEx to model more nuanced
interactions between entities and relationships compared to
models that use only real-valued embeddings. Despite these
advantages, ComplEx may face challenges related to the
computational complexity of handling complex-valued em-

beddings and the accuracy required in the calculations [22].

DistMult is a knowledge graph embedding model designed
to represent entities and relationships in knowledge graphs
using real-valued embeddings. The primary aim of DistMult
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is to capture the interactions between entities and relation-
ships through a simplified scoring function. In DistMult, each
entity and relationship is represented by a real-valued vector.
Specifically, the model assigns a vector to each head entity,
tail entity, and relationship. The core idea behind DistMult
is to model the relationship between a head entity and a
tail entity as a bilinear function, where the relationship is
represented by a diagonal matrix [23]. The scoring function
in DistMult is defined as follows:

f(h,r,t) = egRet )

where e;, and e; are the real-valued vectors for the head and
tail entities, respectively, and R is a diagonal matrix repre-
senting the relationship. In practice, this scoring function is
simplified to:

f(h,r,t) = ej diag(r)e, )

where diag(r) denotes a diagonal matrix with the compo-
nents of the relationship vector r on the diagonal.DistMult
is effective at capturing symmetric relationships due to its
bilinear form with a diagonal matrix. However, it is less
suited for modeling asymmetric relationships because the
diagonal matrix imposes symmetry constraints on the rela-
tionship representation. Despite its simplicity and compu-
tational efficiency, DistMult may struggle to capture more
complex relational patterns that require richer representations
of relationships [24].

SimplE is a knowledge graph embedding model designed
to capture asymmetric relationships more effectively. Unlike
traditional methods, SimplE uses separate representations for
the head and tail entities, as well as for the head and tail
components of relationships. Each entity e is represented by
two vectors: ey, for the head entity and e, for the tail entity.
Similarly, each relationship 7 is represented by two vectors:
r;, and ry. The scoring function for SimplE is defined as:

flh,r,t) = (e -ry) - (ef-1y)

where e;, and e; are the head and tail entity vectors, re-
spectively, and r; and r; are the head and tail components
of the relationship vector, respectively. This approach en-
ables SimplE to better model asymmetric relationships by
differentiating how the relationship affects the head and tail
entities, leading to improved performance in tasks requiring
such asymmetry [25].

QuatE extends the concept of complex-valued embeddings
to quaternions, providing a richer representation of entities
and relationships. Each entity and relationship is represented
by a quaternion ¢, which can be expressed as:

qg=w+xi+yj+ zk

where w, x,y, and z are real-valued components, and ¢, j,
and k are the fundamental quaternion units. QuatE models
relationships as rotations in the quaternion space. The scoring
function for QuatE is:

f(h,r,t) =Re(h *r * tfl)
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where * denotes quaternion multiplication, and Re extracts
the real part of the resulting quaternion. This formulation
allows QuatE to capture complex relational patterns by lever-
aging the additional dimensions of quaternions, making it
effective for modeling intricate interactions between entities
in knowledge graphs [26].

However, these methods are unable to adequately represent
the Complex, multi-relational structures found in Knowledge
Graphs (KGs). Because TransE and similar models assume
that relationships may be represented as simple translations
in vector space, they are not well suited to express complex
patterns, such as symmetric or many-to-many relationships.
Similarly, more sophisticated models, such as QuatE and Ro-
tatE, are limited in their capacity to completely reflect more
complicated relationships because they mainly concentrate
on pairwise interactions [21]. Additionally, the significance
of higher-order structures and node centrality, two structural
aspects of the graph that are critical to comprehending the
overall interactions and significance of entities within the
KG, are not sufficiently taken advantage of by these methods.

2) Path-Based Methods

Path-based methods leverage the structural properties of
knowledge graphs to infer missing information. These tech-
niques focus on the paths connecting entities within the
graph, utilizing the relationships along these paths to derive
new knowledge. The fundamental idea is that certain paths
can indicate potential relationships or missing entities [27].
One notable path-based method is PathRanking, which ranks
paths based on their relevance to a given query. The model
evaluates paths between entities and assigns scores based on
various features, such as the types of relationships involved
and the lengths of the paths [28]. The scoring function can be
expressed as:

Score(h, t,p) = Zai - fi(h,t,p) (6)
i=1

where «; are weights assigned to different features f;(h, t, p)
derived from the path p connecting the head entity & and tail
entity t. This approach allows the model to capture complex
relationships that may not be directly observable from the
graph’s structure alone.

Another significant method is DeepPath, which employs
deep learning techniques to learn representations of paths. In
this approach, the model takes a feature vector representing
the path as input and processes it through a neural network.
The output can be expressed as:

z=oc(W-x+b) (7)

where z is the input feature vector, W is the weight matrix,
b is the bias term, and o is an activation function. This
method allows for the automatic learning of complex patterns
in the data, enhancing the model’s ability to infer missing
relationships based on the paths present in the knowledge
graph [29], [30].
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3) Integration of Relational Paths and Structural Features

Recent advancements in knowledge graph (KG) completion
have focused on integrating relational paths with other fea-
tures to enhance the accuracy and comprehensiveness of
predictions [31], [32]. One notable approach is the use of
Relational Graph Convolutional Networks (R-GCNs) and
Multi-Relational GCNs [33].

Relational Graph Convolutional Networks (R-GCNs) R-
GCNs extend traditional Graph Convolutional Networks
(GCNs) to handle multiple types of relations in knowledge
graphs. The core idea is to apply different convolutional
filters for each relation type, allowing the model to capture
complex relational patterns. By leveraging relational paths,
R-GCNs can aggregate information from various types of
relationships, providing a richer representation of entity inter-
actions. This approach effectively addresses the challenge of
multi-relational data by learning context-specific features for
each relation type, improving the accuracy of KG completion
tasks [34].

Multi-Relational GCNs further build on the concept of
relational graph convolutions by incorporating additional re-
lational features and aggregating information from various
paths. These models utilize multiple layers of graph convo-
lutions to capture hierarchical and compositional relations
between entities. The integration of relational paths and
structural features allows Multi-Relational GCNs to learn
more nuanced representations of entities and their interac-
tions, leading to better performance in predicting missing
links and completing knowledge graphs [35].

While embedding-based methods like TransE, TransH, and
RotatE have proven effective in learning low-dimensional
representations of entities and relationships, like by treating
relationships as geometric transformations in a vector space
they frequently oversimplify the complex structure of knowl-
edge graphs. Because of this, these models have trouble
accurately capturing complex patterns like symmetric con-
nections or many-to-many linkages [7], [10]. Comparably,
path-based techniques like Path Ranking, although good at
exploiting the graph’s structural features, frequently overlook
node-specific characteristics like centrality and node degree,
which can offer important contextual data about an entity’s
importance [27], [28].

Our proposed method addresses these limitations by integrat-
ing relational paths and node degree information. Although
path-based techniques concentrate on extracting information
from entity relationships, we improve on this strategy by
adding a tail node degree, which expresses the importance of
entities in the graph. With the help of this dual approach, our
model can predict relationships by differentiating between
entities that have similar relational paths but distinct struc-
tural information. Our method offers a more comprehensive
understanding of entity interactions in knowledge graphs by
combining structural aspects like tail node degree with the
advantages of embedding and path-based methods.
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lll. METHODOLOGY

This study introduces the DualRep approach, which pre-
dicts the relationship (h,?7,t) in a KG. Before presenting
the model, a concise explanation of the problem setting is
presented.

Formulation of the Problem: A knowledge graph (KG) is an
arrangement of textual components known as triples, denoted
as G = (h,r,t), where E and R signify the sets of entities
and relationships in the graph G, respectively. In this context,
h € E — denotes the head entity, ¢ € E — signifies
the tail entity, and » € R — indicates their relationship.
Predicting the entity (h or t) is more complex in Knowl-
edge Graph Completion (KGC) than predicting relationships
(links). Entity prediction entails the problem of predicting
a missing head A or tail ¢ (denoted by ?) in an incomplete
triple, (7 , r, t) where the head h entity is to be predicted,
and (h, r, 7) where the tail ¢ entity needs to be predicted.
This study addressed the problem of relationship prediction
(h,r,?) in the knowledge graph G.

Traditional path-based techniques for knowledge graph com-
pletion have mostly concentrated on the sequential rela-
tionships among entities to determine missing relationships.
While effective in capturing the relational context, these
methods often overlook the structural significance of the
entities themselves, particularly the tail nodes in a given
relational path. To address this gap, we propose an enhanced
methodology that integrates both relational paths and the
structural feature of tail node degree. This approach aims
to enrich the prediction of relationships by incorporating the
connectivity patterns within the graph and the centrality of
the tail nodes. By combining these two aspects, our method-
ology provides a more efficient and accurate framework
for predicting missing relationships in knowledge graphs.
The proposed approach, which integrates path and structural
features, outperforms the state-of-the-art model.

Define Tail Node Degree: To enhance the prediction of re-
lationships in a knowledge graph (KG), the degree of each
tail node is first calculated. The degree of a node, denoted as
deg(t), represents the total number of edges connected to the
node ¢. This metric provides insight into the node’s structural
importance or centrality within the graph. Nodes with higher
degrees are considered more central, while those with lower
degrees are deemed more peripheral.

Path Embedding: Path embedding for relational paths con-
necting head nodes to tail nodes are generated next. Each
path P from a head node h to a tail node ¢ is represented by
an embedding s(P). This embedding captures the sequential
relational context of the path, reflecting the nature of the
connections between entities in the graph.

Feature Extraction: The tail node degree is converted into
a feature that can be integrated with the path embedding.
A feature vector fgee(t), derived from the degree deg(t), is
defined. This feature vector fg.,(t) may be normalized or
embedded to match the dimensionality of the path embedding
s(P).

Concatenation Path and Degree Features: The path embed-
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ding and the tail node degree feature are combined to create
aunified representation. A combination function, specifically
concatenation, is used to merge s(P) and fyee(t). The result-
ing composite vector s p; enhances the path’s representation,
integrating both relational and structural information. Below
are consistent step-by-step equations, and clear notation is
given to ensure all elements of the methodology are well-
defined.

deg: F — N, deg(t) = associated edge tot.  (8)

Between head and tail, each path P reaching h to t is
represented by the embedding:

s(P) € RY, ©

where s(P) captures the sequential relational context along
the path. In the DualRep component, the degree feature of a
tail node is converted into a vector representation:

faeg : E = R™,  faeg(t) = vector format of deg(t). (10)

The path embedding and degree feature vector are merged
using a concatenation operation as follows:

spt = Concat(s(P), faeg(t)).

an
An attention mechanism is applied to determine the sig-
nificance of each path, considering both the relational path
and the tail node degree. The attention weights ap; are
computed for different paths from h to ¢. Each path P based
on its importance has its attention weights a.p; computed as
follows:

Concat : RIxR™ — RI+™

exp(sp, - s(h,t))

apt = )
Z(P',t/)eP,Ht exp(s}w -s(h,t))

where s(h,t) represents the combined relational context be-
tween h and ¢, and ap; quantifies the importance of each
path based on both the relational path and the tail node
degree. The final term of relationship representation, s} _,,,
aggregates the weighted path representations:

* fr—
Shot = E

(P:t)eph%t

12)

apt - Spt- 13)

Here, the term Concat refers to a mathematical operation de-
noted by the symbol @. The Combine operation encompasses
functions such as concatenation, weighted sum, or any other
function specifically intended to merge the path and degree
characteristics into a single, unified representation. For this
purpose, concatenation is used. The final representation s} _,,
is computed as follows:

* p—
Sh—t = E

(P7t)€Ph~>t

apt - Spyt (14)

This final representation incorporates both path-based and
degree-based information, providing a comprehensive view
of the relationship between h and ¢. Relation Prediction: The
final representation sy _., is then utilized to predict missing
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relationships in the knowledge graph. This enhanced repre-
sentation improves the accuracy of predictions by integrating
detailed relational path information with the structural sig-
nificance of the tail node. The DualRep method is detailed in
Algorithm 1 and the methodology diagram 1.

Algorithm 1 Enhanced Relation Prediction in Knowledge
Graphs

1: Input: Knowledge Graph K G with nodes (entities) and
edges (relationships), head node h
2: Output: Predicted relationships for node h with poten-
tial tail nodes ¢

: Initialize K G with nodes and edges

: for each potential tail node ¢ in KG do
Calculate deg(t) — the degree of tail node ¢
Calculate the immediate neighborhood size for ¢

end for

: for each relational path P from A to t do

Embed(P) — Compute the embedding of path P

10: Feature(deg(t)) — Normalize or embed the degree of

R AN

11 spt = Combine(Embed(P), Feature(deg(t)))

12: > Combine path and degree information, typically
by concatenation

13: end for

14: Apply Attention Mechanism:

15: for each path representation sp; do

16: Compute attention weights ap; based on the rele-

vance of path and node degree
o _ exp(\strs(h,t)) ‘

Pt > (exp(sps 4r-s(h,t)) forall (P’,t’) in paths from h to t)

18: end for

19: Aggregate Representations:

20: 8§, = > (apy - spy) forall (P,t) in paths from h
to ¢

21: > This is the final representation of the relationship
between h and potential ¢

22: Predict Relationships:

23: for each ¢ do

24: Use s} _,, to predict the probability or type of rela-
tionship () between h and ¢

25: end for

A. EXPERIMENTAL SETUP

In this section, the experimental procedure is explained step
by step.

Datasets: The DualRep model is evaluated on various widely
used KG datasets. Displaying parameters such as the number
of entities, relationships, and data divided into training, val-
idation, and test triplets, the table summarizes the different
knowledge graph datasets used in machine learning for tasks
such as relation prediction or entity resolution. FB15K and
its version, FB15K-237, are both datasets generated from
Freebase. These datasets include thousands of entities and
connections but vary in complexity and the amount of data
they contain. The WordNet-based lexical datasets WN18 and
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WNI18RR provide lexical datasets with fewer links and a
more straightforward structure. Varied scales and densities
are shown by NELL995, which is part of the NELL system.
These scales and densities are represented by the diverse
metrics of volume and complexity that they include. These
metrics are vital for benchmarking and building AI models.
The datasets are freely available online '. The statistical detail
of all the datasets is given in Table 1.

Hyperparameter: The studies used a batch size of 16 and a
learning rate of Se-5, using the Adam optimizer with cross-
entropy as the loss function. The studies were conducted on
an NVIDIA GeForce RTX 3090 GPU, which included 24 GB
of RAM. The epoch number was set at 20 for DualRep and
the other models.

Evalaution: The evaluation of KGEM performance primar-
ily relies on three rank-based metrics: Hits@k, Mean Rank
(MR), and Mean Reciprocal Rank (MRR) [36]. The use of
these metrics arises from the need to create negative triples
to train and evaluate a KGEM. Therefore, positive triples
are compared against negative ones to assess the model’s
ability to forecast credible facts accurately. To be more
precise, when provided with a ground-truth triple (, r,t), we
construct all potential triples (,7,¢), (?,r,t) and (h,r,?)
by considering all the entities seen in the knowledge graph
(KG). Subsequently, the KGEM evaluates these triples and
compares their scores with those assigned to the ground-truth
triple. The mathematical equation for the evaluation is given
in Equations 15 to 17.

1) Hit@k

The Hits@K metric, as defined by Equation 5, measures the
percentage of ground-truth triples that are included in the top
K highest-scoring triples.

Hits@K = — Y "1[rank(q) < K] (1)  (I5)

1
Bl 7%
2) The Mean Rank (MR)

The Mean Rank (MR) Equation 6 is calculated as the arith-
metic mean of the ranks of the ground-truth triples.

MR = % Zrank(q) (2) (16)

qeB

3) Mean Reciprocal Rank (MRR)

The Mean Reciprocal Rank (MRR) Equation 7, is calculated
as the average of the ranks’ reciprocals and ground-truth
triples.

1 1
MRR = — > " ——— (3) (17
|B| et rank(q)

Thttps://github.com/LTANGKE23/Awesome-Knowledge-Graph-
Reasoning
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FIGURE 1: DualRep relation prediction methodology diagram

TABLE 1: Datasets Statistics

Train Validation Test

Data / Properties Entities Relationships Triplets Triplets Triplets [V] [M]
FB15K 14951 1345 483142 5000 59071 32441.7 64.55
FB15K-237 14540 237 272114 17535 20466 12336.3 37.42
WN18 40943 18 141441 5000 5000 2344 6.87
WNI18RR 40943 11 86835 3034 3134 64.26 4.21
NELL995 63917 198 137465 5000 5000 750.61 4.28
TABLE 2: Performance metrics of different models on various datasets.
Dataset Metric TransE ComplEx DistMult RotatE SimplE QuatE DualRep
MRR 88.69 85.81 65.96 79.68 91.09 90.87 92.32
FB15k Hit@1 86.56 80.82 40.88 75.62 82.36 87.99 90.51
Hit@3 88.06 81.93 4547 76.99 85.78 89.36 93.64
MRR 85.39 80.21 83.33 76.37 80.68 90.24 90.36
FB15k-237 Hit@1 84.52 79.72 78.72 72.07 78.32 86.22 87.51
Hit@3 86.16 81.32 79.41 74.88 80.39 80.52 89.64
MRR 90.45 89.56 74.02 86.78 90.78 88.41 88.86
WN18 Hit@1 83.75 85.25 57.54 81.42 84.16 83.63 85.46
Hit@3 86.71 87.63 61.56 84.74 87.24 85.65 87.73
MRR 76.84 84.86 83.97 77.67 69.87 80.75 91.96
WN18RR Hit@1 71.61 82.03 68.32 74.67 67.63 82.88 90.65
Hit@3 73.41 83.98 71.64 77.99 70.77 84.37 92.85
MRR 90.56 88.34 88.36 85.68 78.87 79.87 91.12
NELL995 Hit@1 87.67 85.68 81.79 81.75 75.87 76.63 88.35
Hit@3 89.74 87.74 83.45 85.63 78.35 78.69 92.65

IV. RESULTS AND DISCUSSIONS

In this section, we have explained the outcomes of various
approaches applied to multiple knowledge graph datasets. We
have collected five distinct massive datasets, each of which is
very important for the study and comparison of knowledge

8

graphs.

The performance measures for the FB15k dataset show
that DualRep consistently outperforms other models, achiev-
ing the greatest scores in terms of MRR (92.32), Hit@1
(90.51), and Hit@3 (93.64), for more detail see Table 2
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QuatE and SimplE exhibit impressive performance, partic-
ularly in terms of Mean Reciprocal Rank (MRR), achieving
scores of 90.87 and 91.09 respectively. The models consis-
tently demonstrate a pattern in which DistMult consistently
performs worse than the others, especially in terms of Hit@ 1
(40.88) and Hit@3 (45.47). This indicates that DistMult is
less effective in collecting the most accurate responds that
are rated highest compared to the other models. TransE,
ComplEx, and RotatE provide satisfactory to commend-
able performance, although none outperform DualRep in all
measures. Within the FB15k-237 dataset, the DualRep and
QuatE models demonstrate superior performance, achieving
roughly comparable Mean Reciprocal Rank (MRR) scores
of 90.36 and 90.24, respectively; for more detail, see Ta-
ble 3. This indicates their usefulness within the context of
this knowledge graph. TransE has a commendable level of
performance, notably in the Hit@1 metric (84.52), which
suggests its ability to properly forecast the best outcome.
DistMult and RotatE demonstrate much worse performance,
particularly in terms of MRR and Hit@1 measures, indi-
cating potential difficulties in accurately predicting entities
in this dataset. SimplE demonstrates average performance
across all parameters without excelling in any one area.
SimplE achieves outstanding performance on the WNI18
dataset, with the greatest Mean Reciprocal Rank (MRR) of
90.78 and competitive Hit rates, for more detail see Table
4. This underscores its remarkable capabilities in the graph
context. TransE has excellent performance, with ComplEx
closely trailing behind. ComplEx achieves the highest Hit@ 1
score of 85.25, indicating its superior accuracy in making
top-ranked predictions. DistMult exhibits significant perfor-
mance deficiencies across all measures, especially in Hit@1
(57.54), suggesting a potential constraint in accurately pri-
oritizing the right responses in this dataset. DualRep, while
not leading in any certain category, regularly performs well
in all areas. DualRep outperforms all other models in the
WNI18RR dataset, achieving the top scores in all measures.
It significantly surpasses the competition in terms of Mean
Reciprocal Rank (MRR) with a score of 91.96 and Hit rates,
showecasing its strong performance in complicated relational
reasoning; for more detail, see Table 5. QuatE demonstrates
exceptional performance, notably in the accuracy of its top
results, as seen by its Hit@1 score of 82.88 and Hit@3 score
of 84.37. ComplEx and DistMult have comparable Mean
Reciprocal Rank (MRR) outcomes, but, their Hit rates do not
align with their MRR performance, indicating a discrepancy
in ranking consistency. TransE and RotatE exhibit satisfac-
tory performance, whereas SimplE lags behind, particularly
in terms of Mean Reciprocal Rank (MRR) and Hit@]1.
DualRep outperforms other models in NELL995, achieving
high scores in MRR (91.12), Hit@1 (88.35), and Hit@3
(92.65); for more detail, see Table 6. These results show its
overall effectiveness in entity resolution across many mea-
sures. TransE demonstrates outstanding performance with a
Mean Reciprocal Rank (MRR) of 90.56, along with high
Hit@1 and Hit@3 scores, indicating its excellent retrieval
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Esotimated Loss with Fluctuations over 20 Epochs for FB15k Dataset
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FIGURE 2: Loss over FB15k

Estimated Loss with Fluctuations over 20 Epochs for FB15k-237 Dataset
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FIGURE 3: Loss over FB15k-237

capabilities. ComplEx and DistMult provide favorable Mean
Reciprocal Rank (MRR) and Hit rates, indicating their suit-
ability for this dataset. SimplE and QuatE, on the other hand,
demonstrate worse performance in several measures, particu-
larly in the accuracy of their highest-ranked predictions. This
indicates the need for possible improvements in these models
for this particular scenario. DualRep regularly demonstrates
superior performance on many datasets, highlighting its re-
silience and capacity to handle a wide range of knowledge
graphs. The success of models such as SimplE, TransE, and
ComplEx varies based on each dataset’s particular qualities
and problems. DistMult often exhibits subpar performance,
particularly in datasets with intricate relationship patterns,
emphasizing the need for improvements or alterations in its
methodology for such contexts. The loss of DualRep and
other state-of-the-art over five datasets reported in Figures
2-6, shows the process of model validation over 20 epochs.
DualRep consistently outperforms others, with the lowest
final loss values, presenting its superior ability from the
relational path and node degree features.
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Eslt(i)mated Loss with Fluctuations over 20 Epochs for NELL995 Dataset
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A. MODEL EXPLAINABILITY USING DUALREP: CASE
STUDY

We have utilized the three datasets to show the explain-
ability of the proposed model, DualRep. DualRep concate-
nates KG’s path and tail node degree to predict the missing
relations. A case study assessed two relations from each
KG dataset, incorporating the critical path and tail nodes’
degree insights contributing to the model’s prediction. The
dualRep model was assessed across three knowledge graph
datasets: WN18, WN18RR, and FB15k. It uses path and tail
node degree information to predict the missing relationships
in KG. In WN18 KG, hypernym, meronym, and antonym
relationship are predicted sing path and node degree. Over
WN18RR, synonym, hypernym, and hyponym relationships
have been predicted using dual path and tail node density.
In the FB15k dataset, the relation "actor in the movie" and
"organization founded" has been predicted, given in Table 3.
Overall, it demonstrates the ability of the DualRep model
to predict the relationship using both path and density in-
formation of the tail node, which provides a transparent and
interpretable framework for knowledge graph completion.

B. ABLATION STUDY

The DualRep model has been evaluated in an ablation study
to determine the significance of its two main components:
path and tail node degree features. The ablation study re-
vealed the purpose and significance of each element in
the DualRep model, contrasting outcomes across numerous
datasets. Two variants of the DualRep model were created,
eliminating the path and discarding the tail node degree.
The evaluation revealed a significant decrease in performance
when either component was omitted, highlighting the ad-
vantageous correlation between path and tail node degree
attributes. The absence of a path resulted in reduced model
performance across all datasets. Conversely, eliminating the
tail node degree also impacts the effectiveness of DualRep.
Conversely, these studies indicate that both elements of Du-
alRep are crucial for optimal performance. The experimental
findings are shown in Table 4.

V. CONCLUSION

Our DualRep model has been shown to be very effective in
completing Knowledge Graph (KG) tasks, as evidenced by
its excellent performance across several benchmark datasets.
DualRep, which combines relational pathways with node
density characteristics, has consistently shown superior per-
formance in measures such as MRR, Hit@1, and Hit@3.
DualRep demonstrated a mean reciprocal rank (MRR) of
90.80, with a hit rate at rank 1 (Hit@1) of 87.39 and a hit
rate at rank 3 (Hit@3) of 91.18. These results highlight the
strong capacity of DualRep to reliably anticipate connections
and efficiently rank them. The results confirm our prediction
that combining sequential relational context with structural
prominence improves the accuracy and comprehension of
entity connections in knowledge graphs. Our approach im-
proves the semantic understanding of KGs by overcoming the
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TABLE 3: Explainability of DualRep Model on Four Datasets

Dataset Predicted Relation Important Paths Tail Node Degree Insight
WNI18 hypernym (is-a, similar to), (related to, type of) High-degree hypernyms connect to many related terms
meronym (has part, consists of), (component of, comprises) High-degree parts are essential components across many entities
antonym (related to, contrast with), (opposes, in contrast with) High-degree terms have broad usage and many opposites
WNI18RR synonym (related to, synonymous with), (equivalent to, alike in meaning) High-degree synonyms suggest frequently used terms
hypernym (is-a, belongs to), (type of, generalization of) Hypernyms with high degrees are widely connected in taxonomies
hyponym (more specific than, sub-class of), (narrower term, belongs to category) | Hyponyms with high degrees are likely specialized terms with many connections
FB15k actor in movie (acted in, directed by), (starred in, produced by) Actors with high degrees are often central in the film industry
person born in place (born in, lives in), (hometown of, citizenship) Cities with many residents born there suggest central locations
organization founded (founded by, headquartered in), (started in, leadership of) Organizations with high degrees are influential hubs in the graph

TABLE 4: DualRep: Impact of Removing Path Embeddings

and Tail Node Degree Features

Dataset Metric | DualRep | Without Path | Without Degree
FB15k MRR 92.27 91.10 90.00
Hit@1 90.48 88.39 88.01
Hit@3 93.56 92.30 91.00
FB15k-237 MRR 90.41 89.16 88.50
Hit@1 87.419 85.90 86.00
Hit@3 89.64 88.40 88.00
WN18 MRR 88.86 87.50 86.78
Hit@1 85.46 84.30 84.01
Hit@3 87.69 86.78 86.47
WN18RR MRR 91.89 90.60 89.81
Hit@1 90.77 89.31 88.48
Hit@3 92.87 91.51 90.76
NELL995 MRR 91.12 90.20 89.50
Hit@1 88.35 87.50 87.00
Hit@3 92.65 91.50 90.80

limitations of conventional embedding-based methods. This
enhancement allows for more precise and reliable predictions
in applications such as recommendation systems, semantic
search, and intelligent data mining. The constant perfor-
mance of DualRep across several datasets demonstrates its
capacity to adapt and effectively use multiple views in KG
completion. This establishes a new standard in the area
and provides significant enhancements compared to previous
models.
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