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ABSTRACT: Most existing knowledge graph relationship prediction methods are unable to capture the complex
information of multi-relational knowledge graphs, thus overlooking key details contained in different entity pairs
and making it difficult to aggregate more complex relational features. Moreover, the insufficient capture of multi-hop
relational information limits the processing capability of the global structure of the graph and reduces the accuracy
of the knowledge graph completion task. This paper uses graph neural networks to construct new message functions
for different relations, which can be defined as the rotation from the source entity to the target entity in the complex
vector space for each relation, thereby improving the relation perception. To further enrich the relational diversity of
different entities, we capture the multi-hop structural information in complex graph structure relations by incorporating
two-hop relations for each entity and adding auxiliary edges to various relation combinations in the knowledge graph,
thereby aggregating more complex relations and improving the reasoning ability of complex relational information. To
verify the effectiveness of the proposed method, we conducted experiments on the WN18RR and FB15k-237 standard
datasets. The results show that the method proposed in this study outperforms most existing methods.
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1 Introduction
The knowledge graph (KG) is one of the core technologies for processing natural language tasks.

Knowledge graph represents the knowledge base (KB) in the form of a directed graph. The structured
knowledge of knowledge graph exists in the form of triples (head entity, relationship, tail entity). This
representation method not only retains the basic semantic information of knowledge, but also provides
efficient information retrieval and management mechanisms. Therefore, it is applied to various aspects, such
as recommendation system [1], question-answering system [2], semantic search [3], and others. However,
due to the continuous expansion and evolution of knowledge, the existing KG often fails to include
comprehensive information. The existing knowledge graph frequently faces the problem of incomplete
information, which limits its effectiveness in practical tasks.

In order to solve this problem and improve the representational ability of the knowledge graph,
the knowledge graph completion (KGC) task has emerged. The goal of KGC is to enrich and enhance
the knowledge graph by predicting potential triples. This task typically involves three key steps: model
learning, candidate processing, and fact recognition. The core of model learning is to efficiently predict the
correctness of candidate triples. The knowledge graph processed by KGC can mine and infer missing entity
relationships, which improves the graph’s expressive ability for downstream tasks of the knowledge graph,
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such as combining the knowledge graph with the recommendation systems. By using the knowledge graph
generated by the KGC method, a more comprehensive user preference model can be constructed, which
helps address the problem of data sparsity and improves the accuracy of recommendations. However, the
traditional KGC method faces many challenges when processing large-scale-multi-relationship graphs, such
as the difficulty in accurately modeling complex structures and relationship patterns in multi-relationship
graphs. Link prediction is a specific task within knowledge graph completion that focuses on predicting the
missing relationships between entities.

Knowledge graph embedding (KGE) is a key technology for KGC. By mapping entities and relations into
continuous vector space, it realizes the vectorized representation and calculation of triples. While simplifying
operations, it retains the inherent structure of the knowledge graph [4]. The specific implementation
processes of KGE are also diverse, such as the translation-based model TransE proposed by Bordes et al. [5],
the TransR proposed by Lin et al. [6], the TransH proposed by Wang et al. [7], the semantic matching-
based model DistMult proposed by Yang et al. [8], and the neural network-based model ConvE proposed by
Dettmers et al. [9]. In addition, Sun et al. [10] proposed a new knowledge graph embedding method RotatE.
This model infers various relational patterns by defining each relation as a rotation (such as symmetry,
antisymmetry, inversion, etc.) from the source entity to the target entity in a complex vector space, thereby
capturing more semantic information when modeling relational patterns. According to the summary of
previous studies [11], since the translation-based method has higher interpretability and the neural network-
based method has higher accuracy, these two methods have attracted the research interest of many scholars.
For example, Xie et al. [12] integrated ConvE with the inception network and proposed a relation-aware
network that combines local and global structural information. Various evaluation indicators show that
Inception network can further increase the interaction between head embedding and relation embedding. Li
et al. [13] obtained the interactive embedding of entities and relations by introducing the interaction matrix,
and then further used the inception network to learn query embedding, and finally constructed the semantic
relationship path using logical rules. However, with the increase in the scale and complexity of the graph, the
traditional KGE method does not distinguish the importance of different relations when dealing with multi-
relational complex knowledge graphs, and cannot perform targeted calculations on complex knowledge
graph relationship patterns. Therefore, the accuracy has not been significantly improved, which limits the
progress of KGC tasks.

In order to solve this problem, many scholars have begun to study the combination of the KGE method
and graph neural networks (GNN) to improve the model’s ability to capture complex relationships. For
example, KBGAT [14] combines a graph convolutional network (GCN) with an attention mechanism,
assigning different weights to neighboring nodes through the attention layer, and then proposes a new KGE
method with the encoder-decoder structure. CompGCN [15] solves the problem where GCN only processes
simple undirected graphs. As a new graph convolution framework, CompGCN expands the application scope
of GCN by jointly embedding entities and relationships. This method addresses the existing shortcomings
of GCN. Li et al. [16] explored more detailed and interpretable knowledge combinations by representing
KGs as irregular graphs and processing graph structure information with multiple independent channels,
avoiding the problem that the general KGE model can only process triples independently without considering
the relevance of knowledge. Moreover, the high relevance of KG is used to analyze the features of any
given entity and its surrounding entities and relationships [17]. The KGE method that uses neighborhood
features to evaluate candidate triples can more effectively identify the correct triples. These methods still
have limitations when dealing with multi-hop relations and multi-path attention allocation. They usually
only allocate attention between direct neighbors, fail to sufficiently model the multi-hop relationship paths,
and insufficiently utilize the interactive information between entities and relationships.
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Therefore, this paper proposes a new two-hop relationship graph attention network (TRGAT) based on
the attention mechanism. This neural network introduces a new message function to obtain the interactive
embedding of entities and relationships under complex topological structures, and expands the adjacent
forward relationships of the central node. It establishes a relationship model containing five relation
patterns such as two-hop forward relations and reverse relations, in order to comprehensively obtain node
information in complex graph structures for attention calculation. Through this improvement, TRGAT
can more comprehensively aggregate node information and allocate attention, significantly improving the
performance of knowledge graph completion tasks. Fig. 1 shows the tasks involved in knowledge graph
completion. The red node represents the central node, the yellow nodes represent the neighbor nodes of the
central node, the blue nodes represent the peripheral nodes that are not directly connected to the central
node, the blue edges represent the actual edges in the graph, and the red edges represent the edges that need
to be inferred. Fig. 2 is an example of graph completion using the method in this study. It is centered on
the central node and based on the original adjacent edges (solid lines in the figure), with added reverse,
spin, two-hop forward and two-hop reverse relations(the added edges are dotted lines) to calculate graph
attention, the blue edges represent the edges involved in the attention calculation, and their attention values
are marked on the edges, indicating their importance to the central node, the gray edges represent those that
do not participate in the attention calculation.

The main contributions of this study are summarized as follows:

1. Introducing a new message function into the graph neural network, which can jointly map entities and
relationships to complex vector spaces, thereby improving relationship awareness.

2. Introducing the two-hop path into attention calculations to enrich the semantic information of each
entity, so that message transmission is no longer limited to the direct neighboring nodes of each node,
but also includes nodes indirectly connected to it. This improves the ability to aggregate information in
multi-relational complex knowledge graphs.

3. Conducting experiments on the relationship prediction task using the standard datasets WN18RR and
FB15K-237. Comprehensive experimental results show that TRGAT outperforms most KGE methods,
verifying the effectiveness of the method proposed in this study.

Figure 1: Example of knowledge graph completion task
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Figure 2: Example of using TRGAT on knowledge graph completion task

2 Related Works

2.1 Knowledge Graph Completion
In recent years, many technologies for knowledge graph completion have been continuously updated,

which are roughly based on the following models: rule-based reasoning models, path-based reasoning
models, and representation learning-based models.

2.1.1 Rule-Based Reasoning Model
The idea of rule-based reasoning is to use predefined rules to reason about unknown knowledge.

These models are highly interpretable and are usually combined with reinforcement learning for hybrid
reasoning. Logical rule-based reasoning combines Markov models with logical rules for reasoning and
learns the weights of rules through training. For example, InterERP [14] combines rule reasoning and
representation learning models, uses the Inception network to learn query embedding, and then uses the
logical rule framework AMIE+ to build a relationship path matrix to handle the embedding of multi-
relational knowledge graphs. DeepPath [18] employs reinforcement learning to automatically generate rules
and conduct research. It combines deep learning to automatically discover rules to enhance the adaptability
and expressiveness of the model. Although rule-based reasoning models are highly interpretable, they face
some challenges in automatically discovering rules. Since rule-based methods are difficult to generalize link
patterns that have not been seen before, there are some problems with generalization ability.

2.1.2 Path-Based Reasoning Model
The idea of path-based reasoning models is to use the path information between entities to capture

complex relational patterns. A typical example is the PRA [19] algorithm, which transforms the relation-
ship reasoning path into a ranking problem and uses the paths between entities for link reasoning. The
MINERVA [20] algorithm is a hybrid reasoning algorithm that introduces reinforcement learning into the
ordinary path reasoning model, dynamically searching for paths in the graph, and predicts unknown entities
through this dynamically generated path. The greatest advantage of both rule-based reasoning models and
path-based reasoning models is their strong interpretability, but it is challenging to find sufficient paths for
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effective reasoning in sparse graphs, and their reasoning ability is highly dependent on the structure and
integrity of the graph.

2.1.3 Representation Learning-Based Models
Models based on representation learning can improve the generalization ability of the model and are not

limited by the sparsity of the knowledge graph. By mapping entities and relationships to a low-dimensional
vector space, large-scale knowledge graphs can be processed more effectively, and some problems inherent
in rule-based reasoning and path-based reasoning models, such as poor generalization ability, ineffective
completion effect on complex sparse graphs, and over-reliance on manual intervention, can be solved. Models
based on representation learning include translation-based models, tensor decomposition-based models,
convolutional neural network (CNN)-based models, and GNN-based models, etc.

The translation-based model is one of the earliest translation models. The idea is to project the entities
and relations of the knowledge graph triple into a vector space. The head entity vector can be translated
to the tail entity vector through the relationship vector to obtain the inferred triple. If the head entity plus
the relationship vector is closer to the tail entity vector, the triple is considered more likely to be correct.
The most typical algorithm is TransE [5], which is a foundational model in translation-based methods. This
algorithm attempts to project the head entity, relationship, and tail entity into a low-dimensional vector space,
and simplifies the knowledge graph completion task by minimizing the gap between the sum of the head
entity vector and the relationship vector and the tail entity vector. However, TransE cannot handle symmetric
and antisymmetric relationships. To solve this problem, the RotatE [10] model improves upon TransE by
introducing complex numbers into the vector representation of entities and relations using Euler formula.
The relation r is regarded as the rotation vector from the head entity h vector to the tail entity t vector on
the complex plane, and the expectation is t = h ∗ r, where h, r, t ∈ C and ∣r∣ = 1, C is the complex plane. This
operation can model three relation types: symmetric/antisymmetric, inversion, and synthesis. This paper
constructs the message function based on the idea of the RotatE model.

Tensor decomposition-based models are based on the idea of decomposing a high-order tensor into
the product of lower-order tensors. The representative model is DistMult [8]. The interaction between
entities and relationships is modeled by matrix multiplication, and the vector representation of entities and
relationships is calculated by dot product to compute the score of triples. The score measures the correctness
of the predicted triples.

The CNN-based model applies convolutional neural networks to KGC. The representative model is
ConvE [9]. Its idea is to represent the embedding of entities and relationships as a two-dimensional matrix,
and then process it through a convolutional neural network to learn local patterns and interactions between
entities and relationships. ConvE has several improved variants, such as InteractE [21], which introduces
an interaction function to simulate the interaction between entities and relationships. This model modifies
the interaction mechanisim between entities and relationships, replacing standard embedding interactions
with cross-embedding, allowing it to capture more complex information. This paper uses InteractE as
the decoder for ConvE. RIECN [22] introduces a new approach to generating relation-based dynamic
convolution filters (RDCF), enriching the feature maps of each entity and improving the accuracy of KGC
tasks, especially in complex relations scenario. Although CNN-based models can capture local relationship
features through convolution operations, they still face the problems of low training efficiency and overfitting
on large-scale graphs.

The GNN-based model applies graph neural networks to KGC, updates node states through a message
passing mechanism, captures flowing information between nodes, including both local information and
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global information, thus modeling complex dependencies between nodes. RGCN [23] is the first model
to apply GNNs to knowledge graph embedding. It uses graph neural networks to learn neighborhood
information between entities. The model CompGCN [15] simultaneously learns entities and relations
embeddings, and uses entity-relation combinations to process multi-relational informations. This paper
draws inspiration from CompGCN to construct the TRGAT model. RGHAT [24] uses the graph attention
mechanism to perceive the valuable information in the neighbors of each entity, and then employs a two-
layer attention mechanism to focus on both relations and entities, thereby highlighting the importance of
different adjacent entities under the same relationship. In large-scale knowledge graphs, the topological
structure of the graph is often highly complex, and the transmission of information may be affected by
the sparsity of nodes and edges. These models do not adequately capture some high-order dependency
relationships across distant nodes, especially in multi-hop reasoning tasks of knowledge graphs. It is difficult
to effectively transmit information between distant nodes and relationships. Therefore, how to better utilize
the transmission of complex multi-hop information to improve knowledge graph completion capability
remains an urgent problem to solve.

2.2 Graph Neural Networks (GNNs)
Graphs are composed of nodes and relationships, and the interactions between nodes and relationships

contain a significant amount of information. To capture this information structure, scholars have employed
deep learning methods to analyze graph structures, and graph neural networks came into being.

2.2.1 Graph Convolutional Network (GCN)
GCN is one of the most basic and widely used models in GNNs. The GCN model proposed by Kipf et al.

in 2017 [25] aggregates the feature information of nodes from neighboring nodes to target nodes through a
method of convolution over the graph structure, so that the high-level representation of nodes can be learned.
GCN has achieved excellent performance in tasks such as graph node classification and link prediction.

2.2.2 Graph Attention Network (GAT)
GAT introduces an attention mechanism to assign different weights to each neighboring node, making

the information aggregation process more flexible and adjustable. The GAT model proposed by Velickovic
et al. [26] in 2018 introduced a self-attention mechanism, which further improved the model’s expressive
power by weighting the different importance levels of neighboring nodes.

2.2.3 Graph Neural Networks and Knowledge Graphs
The application of GNNs in KGs has made significant progress, especially in tasks such as KGC, entity

linking prediction, and relation inference. In recent years, GNNs have been widely used in KGC tasks,
and can better handle high-order relationships and complex structures in graphs through message passing
mechanisms and dependencies between nodes. For example, DisenKGAT [27] uses micro disentanglement
and macro disentanglement to represent knowledge graphs, respectively, and achieves macro disentan-
glement and micro disentanglement through novel relation-aware aggregation and mutual information as
regularization, and it uses disentanglement to achieve adaptive representation for given scenarios. Zhang
et al. [28] proposed a graph attention network, DRR-GAT, with dynamic relation representation and global
information, using Transformer to achieve dynamic representation of relations and capture the unique
semantic connotation of the same relation between different triples. Dai et al. [29] designed a multi-relation
graph attention network (MRGAT) to calculate the attention of the central node to its neighbors from the
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perspectives of neighbors and relations. GNNs have demonstrated great potential in tasks such as knowledge
graph completion and multi-hop reasoning through their powerful graph structure learning ability, and has
promoted the research and development in the field of knowledge graphs.

3 TRGAT Model Introduction
In this section, the model proposed in this paper will be described in detail. The TRGAT model proposed

in this study based on the CompGCN model and the RotatE model, is a model based on representation
learning. It addresses the problem of CompGCN being unable to distinguish the importance of different
relationships well, and the inability of RotatE to capture transitive relationships. This paper refers to the idea
of CompGCN’s joint embedding representation of entity relationships and uses graph attention to calculate
relationship-level attention. The importance of relationships can be distinguished through the value of graph
attention, and the dissemination and aggregation of information can be guided more accurately. This study
also draws on the RotatE model, which uses the idea of rotating relationships in the complex plane to
construct the message function of the graph neural network. By expanding the scope of relationship path
acquisition, the relationship path reasoning is performed on the two-hop path, and the transitive relationship
pattern can be calculated, solves the problem that RotatE cannot capture transitive relationships, thereby
improving the accuracy of the knowledge graph relation prediction task.

First of all, the symbols and definitions used in this study are introduced. For the multi-relationship
knowledge graph, it is represented by G = (V , R, E , X , Z), where V is the vertex set, R is the relationship
set, E is the edge set, X ∈ R∣V∣×d0 represents the d0th dimension input node, Rd is the embedding space,
Z ∈ R∣R∣×d0 represents the initial relationship feature, each triple (u, v , r) means that there is relationship
r ∈ R from node u ∈ V to node v ∈ V . Get the embeddings for entity u and relationship r, represented as
eu and er .

The example of the relational model can be seen in Fig. 3, which is the knowledge graph after abstracting
entities and relationships into symbols in Fig. 2. u is the central node, v1, v2, v3 and v4 are neighbors of u, v5
and v6 are two-hop neighbors of u, all belonging to node set V . The solid lines are the original edges in the
graph, and the dotted lines are the relationship paths added in the relationship model of this study. Among
them, r1, r2, r3 and r4 are one-hop forward edges, r1_inv, r2_inv, r3_inv and r4_inv are one-hop reverse edges, r0
is a spin edge, r3r5, r4r4 are two-hop forward edges, and r5r3_inv and r4r4_inv are two-hop reverse edges.

Figure 3: Example of the relational model
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The overall architecture of the model is shown in Fig. 4, which performs completion tasks based on the
knowledge graph relationship model example in Fig. 3.

Figure 4: TRGAT model architecture

The model consists of four main components: relationship model, message passing function, multi-
head graph attention network and decoder. First of all, this paper introduces a novel relationship model,
which incorporates two-hop forward and two-hop reverse relationships into the relationship model. This
expands the scope of message acquisition and enables calculations for different relationship patterns.
Secondly, a new message function is proposed, capable of capturing the joint representation of entities and
relationships: Cr

(u ,r ,v), to distinguish different path types, and calculate the relationship information of each
path m(u ,r ,v). Subsequently, a multi-head graph attention network is employed to calculate the attention
weights of different entity-relationship pairs, and update entity embedding eu and relationship embedding
er . Finally, the updated entity embedding e′u and relationship embedding e′r are passed to the decoder for
decoding operations.

3.1 Relationship Model
This section introduces the relationship model adopted in this study. There are numerous complex

relationships in the links of the knowledge graph. The five most common relationship patterns are sym-
metric/antisymmetric, inversion, composition, transitive/non-transitive and reflexive, as shown in Table 1.
These relationship types are complex, the same relationship path may belong to multiple relationship types,
and multiple relationship paths can be combined into another relationship type. Relationship paths are also
directional. Therefore, it is necessary to build a model that covers most relationship patterns to better capture
graph information and complete the knowledge graph.
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Table 1: Knowledge graph relationship patterns

Relationship patterns Meaning Example
Symmetric If entities A and B have a relationship,

entities B and A also have the same
relationship.

A is B’s friend, then B is also A’s friend.
The “friend” relationship satisfies

symmetry.
Antisymmetric A has a certain relationship with B, but

B does not have the same relationship
with A.

A is the father of B, but B is not the
father of A. The “father” relationship is

an antisymmetric relationship.
Inversion Opposite in direction to the original

relationship.
A is B’s teacher, then B is A’s student.

The inverse relationship of “teacher” is
“student”.

Composition Compose a new relationship by
combining at least two relationships.

A is the son of B, B is the son of C, then
A is the grandson of C, then the

relationship formed by the combination
of “son” and “son” is “grandson”.

Transitive If A has a relationship with B, and B has
the same relationship with C, and A has
the same relationship with C, then the

relationship is transitive.

A is a classmate of B, and B is a
classmate of C, then A is also a
classmate of C. The relationship

“classmate” is transitive.
Non-transitive If A and B have a relationship, B and C

have the same relationship, and A and C
do not have the same relationship, then

this relationship is non-transitive.

\

Reflexive An entity can establish relationship with
itself.

A is equal to A. “Equal to” is a reflexive
relationship.

The relationship model we established takes the central node as the core and includes five rela-
tionship paths: spin relationship, forward relationship, reverse relationship, two-hop forward relationship,
and two-hop reverse relationship. It effectively covers these five relationship patterns: spin includes the
reflexive relationship pattern; forward and reverse relationship includes symmetric/antisymmetric and
inversion relationship patterns; and two-hop forward and two-hop inverse relationship include synthesis and
transitive/non-transitive relationships.

The original edge set ε adds reverse edges and multi-hop edges, expanding to ε′. The relationship set R
adds reverse relationships and multi-hop relationships, and is expanded to R′. Suppose u is the central node,
v is the node connected to it, w is the two-hop neighbor of v, and r′ is the relationship of the second-hop
path, then the expanded edge set ε′ is:

E′ = E ∪ {(v , u, r−1) ∣u, v ∈V r ∈ R}
∪{(u, u, ⊺) ∣u ∈V}
∪{(u, r, r′, w) ∣u, w ∈V r, r′ ∈ R}
∪{(w , r′, r, u) ∣u, w ∈V r, r′ ∈ R}

(1)
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And R′ = R ∪ Rinv ∪ ⊺ ∪ Rtwo−ho p ∪ Rtwo−ho p−inv , where Rinv = {r−1∣r ∈ R} is the inverse relationship,⊺
is the spin relationship, Rtwo−ho p = {(r, r′) ∣r, r′ ∈ R} is the two-hop forward relationship, and Rtwo−ho p−inv =
{(r′, r) ∣r, r′ ∈ R} is the two-hop inverse relationship.

3.2 Message Passing Function
In GNNs, the message passing function is a core mechanism. It enables graph networks to learn and

propagate neighbor information across the graph. Through this mechanism, nodes in the graph can aggregate
information from their neighbor nodes to update their own states (i.e., representations). This iterative process
enables the network to capture dependencies and patterns in the graph structure. In the GNN learning
process, a crucial component is the neighbor aggregation strategy. That is, the message passing function
obtains neighbor entity relationship information to form a message vector that updates the node’s own
information. This enables each node to learn the local and global patterns of the graph by integrating
information from its local neighborhood.

The RotatE model achieves the purpose of link prediction by rotating the relationship vector from
head entity vector to tail entity vector in the complex plane space. While the TransE model can only model
two relationship modes (inversion and synthesis), and the DistMult model can only model symmetry/Anti-
symmetric relationship mode calculation, RotatE can handle these three relationship modes (symmetry,
inversion, synthesis) after demonstration. Thus, we construct a new message function by referring to
the RotatE’s scoring function, which is called “Self-Training parameter RotatE” (STRotatE), as the non-
parametric synthesis operator that calculates the attention value of each different relationship type.
This message function can effectively map entity relationships to three types of relationships: symmet-
ric/antisymmetric, inversion, and transitive.

The RotatE model maps entities and relationships to a complex vector space, treating each relationship
as a rotation from the source entity to the target entity. Its rotation model is based on Euler’s identity.

Let there be a triplet (h, r, t), where h, r, t are the embedding vectors of the head, relationship and
tail respectively, and expect t = h ○ r, where ∣ri ∣ = 1. For each element of the embedding in each dimension
of the complex plane have ti = hi ri , where ○ represents the Hadamard product, and i represents the i-th
element of the embedding. ri = e iθr , corresponding to the i-th element of the relational embedding being
rotated counterclockwise by θr , i degrees from the origin around the complex plane. The distance function of
RotatE is:

dr (h, t) = ∥h ○ r − t∥ (2)

Inspired by the idea of RotatE, we define the joint representation of head entities and relationships as:

Cr
(u ,r ,v) =Wr ∗ eu ∗ er (3)

where eu is the entity embedding, er is the relationship embedding, and Wr is the weight matrix to be trained,
initialized as a diagonal matrix.

We perform multi-head attention calculations on all relationships connected to the central node, learn
an independent weight matrix Wr for each relationship, and calculate the joint representation of entities and
relationships Cr

(u ,r ,v) for all relationships with the central node as the core in the graph. Since in the complex
plane space, er = e iθ = cosθ + isinθ, by combining the above joint representation with weight training, the
message function STRotatE of TRGAT can be obtained as:

Cr
(u ,r ,v) =Wr eu (cosθ + isinθ) (4)
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i represents the i-th element of the embedding, θ is the angle of rotation of the relational embedding
from the origin about the complex plane.

Then, a path-specific weight matrix Wd ir(r) is established for the five different forms of relationship
paths in the relationship model.

Wd ir(r) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

WO1 , r ∈ R
WI1 , r ∈ Rinv
WS , r = ⊺(sel f − loop)
WO2 , r ∈ Rtwo−ho p
WI2 , r ∈ Rtwo−ho p−inv

(5)

These weights correspond to five relationship path situations: WO1 represents the path weight of the
forward relationship R directly connected to the central node, WI1 represents the path weight of the reverse
relationship Rinv , Ws represents the weight of the spin relationship, WO2 and WI2 represent the weights of the
two-hop forward relationship Rtwo−ho p and the two-hop reverse relationship Rtwo−ho p−inv . By multiplying
the path weight by the entity-relationship joint representation Cr

(u ,r ,v), the relationship information m(u ,r ,v)
of each path can be obtained, and used for multi-head attention calculation:

m(u ,r ,v) =Wd ir(r)Cr
(u ,r ,v) (6)

In this way, attention calculations can be performed for different relationship paths. From the
previously mentioned relationship model, these five situations can cover five relationship patterns (symmet-
ric/antisymmetric, inversion, composition, transitive/non-transitive and reflexive). By dynamically updating
weights, the model reflects the importance of different relationship paths for relationship prediction.

3.3 Multi-Head Graph Attention Network
This model uses multi-head graph attention to calculate the importance of different relationship paths

to the central node. First, it is necessary to aggregate the path relationship information m(u ,r ,v) in Eq. (6)
and use LeakyReLU as the activation function for graph attention calculation. Then, the relative attention
parameter of the relationship path is:

fu ,r = LeakyRelu (Watt m(u ,r ,v)) (7)

where Watt is the weight value of each relationship. LeakyRelu is the activation function. After obtaining
the relative attention value, calculate the absolute attention parameter αu ,r .

αu ,r = so f tmax ( fu ,r) (8)

The above attention calculation is performed for one head. We need to calculate the attention value of
each head through multi-head attention, and then average them to update the entity embedding eu and the
relationship embedding er .

e′u = f
⎛
⎝

1
H

H
∑
h=1

∑
(u ,r)∈N(u)

αh
u ,r m(u ,r ,v)

⎞
⎠

(9)

e′r =Wre er (10)
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Among them, u is the central node entity, r represents all the relationships connected to it, H is the num-
ber of multi-head attention heads, h represents all heads traversed from 1 to H, f is the nonlinear activation
function, N(u) represents all the forward, backward, spin, two-hop forward, and two-hop backward relational
paths connected to u. Wre is the weight matrix that updates the relationship embedding. Finally, the updated
entity embedding e′u and relationship embedding e′r are input into the decoder for relation prediction.

3.4 Decoder
InteractE is a knowledge graph embedding model based on CNN, which consists of feature replacement,

checkerboard reorganization and circular convolution. Feature replacement refers to randomly arranging
entity and relationship features to enable the model to learn the interaction between entities and rela-
tionships. Checkerboard reorganization involves cross-arranging head entity embeddings and relationship
embeddings in a checkerboard format. Circular convolution refers to enhancing the global interaction
capability of features by connecting input boundaries. As a decoder, InteractE transforms the feature-
permuted and grid-reorganized embedding matrix. The model diagram of InteractE is shown in Fig. 5, which
includes the following parts:

1. Input Embeddings: Entity embedding e′u and relationship embedding e′r are fully arranged t times to
generate t channels. Let the result of random arrangement be Pt = [(e1

u , e1
r) ; . . . ; (et

u , et
r)], and t = 3 in

the Fig. 5.
2. Feature Permutation: Use the grid reorganization method to cross-arrange head entity embeddings

and relationship embeddings. Thus, the updated entity embeddings and relation embeddings from the
encoder are input into the decoder and are represented as (eu , er).

3. Checkered Feature Reshaping: Assume ϕ (e i
u , e i

r) represents the chessboard operation function. Then
the reorganization result is:

ϕ (Pt) = [ϕ (e1
u , e1

r) ; . . . ; ϕ (et
u , et

r)] (11)

4. Depthwise Circular Convolution: This operation makes the content of the boundary interact during
convolution. Let k be the convolution kernel size, put the left content of ⌊ k

2 ⌋ on the right side, and the
right content of ⌊ k

2 ⌋ on the left side, similarly, put the lower side on the upper side, and put the upper
side on the lower side.

5. Fully Connected: The mapping dimension is eu . First, flatten the circular convolution tensor into a
first-order tensor, and then project it into the embedding space Rd as êo .

Figure 5: InteractE decoder
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The scoring function of the InteractE decoder is:

ψ (u, r, v) = g (vec ( f (ϕ (Pk) ⊛ ω))W) eo (12)

where f is the ReLU activation function, g is the sigmoid function, vec (⋅) represents the flattening operation,
ϕ (Pk) is the result of the checkerboard entity-relationship embedding, ⊛ represents the convolution
operation, ω is the learnable parameter, eo represents the output entity embedding, and W is the learned
weight matrix. The loss function adopts the label-smoothed cross-entropy loss function.

4 Experiment
This section presents the experimental settings used in this study and the experiment results on the

knowledge graph completion task.

4.1 Datasets
This study utilizes two of the most commonly used knowledge graph datasets: WN18RR and FB15K-

237. Table 2 shows the sizes of these two datasets. FB15K-237 is a subset of the FB15K dataset, with all inverse
relationships removed to address the issue of reversible relationships. WN18RR is a subset of the WN18
dataset, which contains structured data from English dictionaries and also removes inverse relationships.

4.2 Experimental Parameter Settings
The experimental parameters are as follows: this study adopts a two-step training method. First, the

encoder is trained, and the graph attention network is used to calculate the importance of different edges
to the central node. Then the InteractE decoder is trained to perform preliminary relationship decoding.
This study uses two-hop relationship paths to aggregate more information from the sparse matrix. The
Adam algorithm is employed for end-to-end training. In order to improve the model convergence speed
and avoid overfitting, this study uses dropout and Batch Normalization while performing joint calculations
of entity-relationship embeddings at each layer of the model. For the two datasets, we selected the optimal
hyperparameters through extensive experiments. The hyperparameter settings are shown in Table 3. Due
to the large amount of data in the two-hop dataset of FB15K-237, which was constrained by the available
experimental resources, we selected the ten most frequent two-hop relationship pairs and conducted
experiments on one percent of these pairs.

Table 2: Datasets

Dataset Entity Relationship Train set Validation set Test set Total
WN18RR 40,943 11 86,835 3034 3134 93,003

FB15K-237 14,541 237 272,115 17,535 20,466 310,116

Table 3: Hyperparameter settings for two datasets

Dataset Batch size Dropout Learning rate Step size Gamma epoch
WN18RR 256 0.1 0.0005 250 0.4 1500

FB15K-237 1024 0.1 0.001 250 0.4 1500



5670 Comput Mater Contin. 2025;83(3)

4.3 Evaluation Indicators
This study employs the relationship prediction task to assess the model’s performance. Specifically, it

uses the known head entities and relationships to predict the missing tail entity (h, r, ?), and uses the known
tail entities and relationships to predict the missing head entity (?, r, t). After replacing the unknown entities
with the predicted entities, we generate candidate triples that are not present in the original dataset. Then
score these candidate triples and perform score ranking. It is necessary to filter out the triples that exist in the
training set, validation set, and test set from the candidate triples. Finally, the ranking of the original triples
is computed within the set of candidate triplets. Evaluation indicators include mean reciprocal rank (MRR),
mean rank (MR), and the percentage of correct entities ranked in the top 1, top 3, and top 10 (Hit@1, Hit@3,
Hit@10). The baseline models used for comparison have been introduced in a previous study, so they will
not be repeated here.

4.4 Performance Comparison
To evaluate the effectiveness of the TRGAT model, we compared its performance with other existing

knowledge graph models. On both datasets, TRGAT outperforms most models in terms of Hit@3 and MRR.
The performance comparison of the TRGAT model is presented in Table 4, with the best results highlighted
in bold.

Table 4: TRGAT model performance

FB15k-237 WN18RR

MR MRR Hit@10 Hit@3 Hit@1 MR MRR Hit@10 Hit@3 Hit@1
TransE [5] 357 0.294 0.465 – – 3384 0.226 0.501 – –

DistMult [8] 254 0.241 0.419 0.263 0.155 5110 0.43 0.49 0.44 0.39
ConvE [9] 245 0.2312 0.497 0.341 0.225 4464 0.456 0.531 0.47 0.412
RotatE [10] 177 0.338 0.533 0.375 0.241 3340 0.476 0.571 0.492 0.428

InteractE [21] 172 0.354 0.535 – 0.263 5202 0.463 0.528 – 0.43
CompGCN [15] 197 0.355 0.535 0.390 0.264 3533 0.479 0.546 0.494 0.443
InterERP [14] – 0.351 0.548 0.389 0.278 – 0.480 0.557 0.491 0.435
MRGAT [29] – 0.358 0.542 0.386 0.266 – 0.481 0.568 0.501 0.443
RIECN [22] – 0.349 0.535 0.384 0.261 – 0.485 0.548 0.489 0.448

Ours 208.62 0.364 0.545 0.397 0.273 2510 0.491 0.570 0.510 0.451

The structure of TRGAT is an encoder-decoder structure, where the decoder is InteractE. Therefore,
we compare the model with InteractE. As shown in Table 4, TRGAT consistently outperforms InteractE
across MRR, Hit@1, Hit@3, and Hit@10. Notably on WN18RR, TRGAT achieved a 5% increase in Hit@1 and
an improvement of 2510 in MR value, demonstrating that the GAT-based approach effectively captures the
complex information inherent in the knowledge graph. Additionally, we design different weight matrices for
various relationship types to capture the significance of information features of different relationships. By
jointly representing entities and relationships, TRGAT leverages message passing functions to capture and
propagate relevant information.

In addition, attention mechanisms are performed for edge types of varying lengths and directions
in the multi-hop knowledge graph, to achieve the purpose of predicting link entities more accurately. In
addition, CompGCN is a precursor to combining GCN with message functions. Comparing TRGAT with
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CompGCN, it is observed that TRGAT outperforms CompGCN in terms of Hit@1, Hit@3, Hit@10, and MRR
on both datasets. Specifically, on WN18RR it achieved a 3% increase in Hit@3, a 4% increase in Hit@10,
and a 2% increase in MRR value, which proves that the message function adopted in this study adds a
joint representation of entity and relationship embeddings, and captures complex topological structures,
calculates the importance of different relationship paths, leading to improved performance.

4.5 Ablation Experiment
In order to clarify the impact of the two-hop path and message function on the performance of the

TRGAT model, we conduct an ablation study. Specifically, we evaluate the model by removing the two-hop
path (denoted as “w/o TR”), removing the message function (denoted as “w/o RO”), and simultaneously
removing both two-hop paths and message functions (denoted as “w/o TR&RO”). The experiments were
performed on the WN18RR dataset. Table 5 shows the results of the ablation experiment, demonstrating the
effectiveness of the two methods adopted in this study.

Table 5: Ablation experiment

WN18RR

MR MRR Hit@10 Hit@3 Hit@1
w/o TR 4659 0.463 0.538 0.477 0.424
w/o RO 2506 0.487 0.565 0.505 0.447

w/o TR&RO 2352 0.447 0.538 0.477 0.393
Ours 2510 0.491 0.570 0.510 0.451

4.6 Message Functions, Decoders, and Aggregation Methods
In order to study the effectiveness of the message function, decoder, and aggregation methods employed

in this study. We selected multiple aggregation methods, message functions, and decoders for experiments,
all used the WN18RR dataset.

There are three aggregation methods used in this study: ADD is a weighted average aggregation of
nodes, MEAN is an average aggregation of nodes, and MAX is a maximum aggregation of nodes. These
three aggregation methods are applied to process the edge indices. Comparative experiments were performed
using the ADD, MEAN, and MAX aggregation methods. The iterative experiment results are shown in Fig. 6.
As the number of iterations increases, the MRR values of the ADD and MEAN aggregation methods achieve
better results faster than the MAX method, while the LOSS value increases with iteration. Although the
LOSS decline rates for all three aggregation methods are similar, the ADD aggregation method demonstrates
more stable LOSS reduction. The final test set results are shown in Fig. 7. The ADD aggregation method
outperforms the other two aggregation methods in terms of MRR, Hit@1, and Hit@10. We infer that this
may be due to the inclusion of a two-hop path in the relationship model. To calculate relational attention,
the first-hop path and the second-hop path need to be ADD merged, and MEAN or MAX cannot reflect the
relationship between paths of length 2. Therefore, the ADD aggregation method is chosen in this study.
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Figure 6: Aggregation methods iteration effects

Figure 7: Aggregation methods test results

In addition to the message function STRotatE used in this study, we also refer to the three message
functions proposed by CompGCN:

1. Circular-correlation (Corr): ϕ (eu , er) = eu ⋆ er
2. Subtraction (Sub): ϕ (eu , er) = eu − er
3. Multiplication (Mult): ϕ (eu , er) = eu ∗ er

Among them, eu is the head entity embedding, er is the relationship embedding, the ϕ function is the
synthesis operator without parameters, and ⋆ is the loop operation. The iterative experimental results are
shown in Fig. 8. As the number of iterations increases, the MRR value of STRotatE increases more slowly
than that of Corr, but the LOSS value decreases more rapidly. Based on the final test set results (shown
in Fig. 9), STRotatE outperforms the other three message functions in MRR, Hit@1, and Hit@10. Overall,
STRotatE performs better than other message functions. The possible reason is that it integrates the mapping
information of entities and relationships for attention training, which better aligns with the relationship
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model of multi-relationship, complex-path knowledge graphs, allowing for more appropriate model training
in symmetry, inversion, and spin modes.

Figure 8: Message function iteration effects
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Figure 9: Message function test results

Regarding the decoder, this study uses three decoders to conduct comparative experiments, namely
ConvE, DistMult and InteractE. The results of the iterative experiments are shown in Fig. 10. InteractE
achieved a significant improvement in the MRR, while the LOSS value decreased to the minimum at the
fastest speed. The test set results are presented in Fig. 11. As a decoder, InteractE demonstrates a considerable
advantage over the other two decoders in terms of MRR, Hit@1, Hit@3, and Hit@10. Compared to ConvE, the
MRR value increased by 3%, and Hit@10 improved by 2.55%. Therefore, using InteractE as the decoder yields
superior results. We attribute this improvement to the unique characteristics of InteractE: which include
feature replacement, random arrangement of entities and relationships, chessboard cross reorganization,
and the interaction of entities and relationships can be learned, which collectively contribute to better
decoding performance.
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Figure 10: Decoder iteration effects

Figure 11: Decoder test results

4.7 Hyperparameter Analysis
This section analyzes the impact of TRGAT’s hyperparameters on the results, including learning rate

and embedding dimension. The experiments were conducted using the WN18RR dataset.
For the learning rate, we used four values for comparative experiments, namely: 0.0001, 0.0005, 0.001,

and 0.002. The iteration results are shown in Fig. 12. The performance effect of the learning rate of 0.0001
was the worst. The iterations of MRR values and LOSS values with learning rates of 0.0005, 0.001, and 0.002
were nearly identical. The test results, shown in Fig. 13, indicate that the learning rate of 0.0005 yields the
best performance.
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Figure 12: Learning rate iteration effects

Figure 13: Learning rate test results

This study tests five values for the embedding dimension: 150, 200, 250, 300, and 350. As shown in
the iteration results (Fig. 14), an embedding dimension of 350 produces the best performance. However,
the test set results (Fig. 15) indicate that an embedding dimension of 200 yields the best performance.
Therefore, considering the calculation cost and time, an embedding dimension of 200 is preferred, as the
cost of using an embedding dimension of 350 is too high. The likely reason for this is that as the embedding
dimension increases, the model may become over-parameterized, leading to overfitting on the training data
and reducing the generalization ability of the model.
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Figure 14: Embedded dimension iteration effects

Figure 15: Embedding dimension test results

5 Conclusion
This study introduces a new method that uses graph neural networks to improve the accuracy of

KGC in knowledge graphs. The method draws on the principles of the RotatE model and constructs a new
message function, which performs entity-relationship mapping by representing relationships as rotations in
a complex vector space. It also performs relationship attention calculations, thus capturing the importance
of different relationship paths. In addition, this method uses two-hop neighbor entity pairs and their
relationships to capture richer structural information, and divides the relationships between entities into
five categories: forward, reverse, spin, two-hop forward, and two-hop reverse. This results in the creation
of a new relationship model that enriches the diversity of relationships and aggregates more neighborhood
information. Experimental results on the WN18RR and FB15k-237 datasets demonstrate that our approach
outperforms existing link prediction techniques. This research enhances the ability of graph neural networks
to capture complex relationship information in knowledge graphs and distinguish the importance of different
relationships, thereby achieving the goal of improving the accuracy of KGC tasks.
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However, there are some limitations to this work. Due to computational constraints, this study focuses
on the one-hop and two-hop cases of multi-hop relationship information transmission. Future work could
explore the influence of longer-distance neighbor paths on the central entity. Additionally, this study is
based on publicly available knowledge graph datasets and does not address domain-specific knowledge
graph datasets. It could be applied to knowledge graphs in a broader range of fields (e.g., medical, financial
or social network fields), which would help validate the generalization ability of TRGAT and optimize its
adaptability. Finally, the attention model used in this study is relatively conventional. Future research could
explore combining it with pre-trained models to achieve better performance. The approach described in this
study could also be applied to downstream tasks of knowledge graphs, such as recommendation systems, to
further enhance the practical application ability of TRGAT.
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