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ABSTRACT. Intending to the issue that the existing Knowledge Graph Reasoning (KGR)
algorithms make insufficient use of node structure information, which results in low rea-
soning efficiency, this article suggests an optimized KGR algorithm based on Graph Neu-
ral Network (GNN). Firstly, focusing on the issue of fuzzy key neighborhood information
in the process of knowledge graph construction, through two graph attention mechanism
levels, meighborhood information is differentiated into triple representation, which en-
sures the integrity of self-information and neighborhood information to the mazimum
extent. Secondly, relied on the constructed knowledge graph model, a pre-trained lan-
guage model is adopted to extract reliable semantic information from the text data and
construct a relational association graph, and then Graph Attentional Network (GAN)
is adopted to mine the interaction characteristics of the entity nodes in the center of
the association graph with the surrounding nodes of different intensities, and finally the
pointing information of the nodes is aggregated, so that the network can learn the implied
semantic associations between the entities and predict the scores of the triples. Through
the knowledge reasoning experiment on the open FB15k dataset, the comparison of rela-
tional reasoning accuracy and entity reasoning accuracy with the comparison method has
achieved good performance, and successfully verified the efficiency of the optimization
algorithm.

Keywords: Graph neural networks; Knowledge graph; Relational reasoning; Graph
attention networks; Pre-trained languages

1. Introduction. Processing and understanding human knowledge is the ultimate re-
search goal of artificial intelligence. As internet technology develops, human knowledge
has spread all over every corner of the internet world at an explosive growth rate. How
to efficiently store, manage, search, and utilize this massive knowledge is an urgent issue
to be addressed [1]. In this context, the knowledge graph containing the relationship
between things opens the real era of “Internet of Everything”, which makes it possible for
computers to efficiently use, process, and even understand human knowledge [2]. How-

ever, knowledge graph is still faced with many challenges [3, 4, 5]. First, the construction
2020
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cost of knowledge graph is high, and most of them are constructed manually or extracted
in a semi-automated way. Secondly, there are still many obscured relationships among
entities in knowledge graph that are not expressed explicitly, leading to sparse data and a
high degree of missing data. Thus, it is urgent to study an automatic reasoning technique
to construct knowledge graph efficiently.

Relational reasoning of knowledge graph is a very important research direction. Knowl-
edge graph expresses the knowledge of the world through entities and relationships, and
knowledge relationship reasoning is to complete knowledge and discover new knowledge
based on the existing information in knowledge graph. Knowledge relation reasoning is
a broad and systematic research direction. We believe that through continuous improve-
ment of technology, we can better explore the potential connections in knowledge maps
and provide support for the application of artificial intelligence.

1.1. Related work. The research on relational reasoning algorithms for knowledge graphs
is mainly categorized into traditional reasoning techniques and neural network-based rea-
soning techniques. Traditional reasoning techniques adopt rule-based and statistic-based
approaches. Zhao et al. [6] offered an association rule mining model that supports in-
complete knowledge bases, but the reasoning complexity is high, which is unsuitable for
large-scale knowledge graph reasoning. Richardson and Domingos [7] suggested a Markov
logic network for joint probabilistic reasoning of factual triples in knowledge graphs. Lu et
al. [8] introduced the Probabilistic Relational Models (PRMs) of Bayesian networks into
the reasoning process to enhance the quality of knowledge graph reasoning. Choudhary
et al. [9] suggested a first-order probabilistic linguistic model to enhance the expression of
logical rules. Wu et al. [10] adopted a proper pruning strategy to learn rule embeddings
from existing triples and new triples inferred from rules to improve the quality of sparse
entity embeddings. Heyvaert et al. [11] adopted the idea of acyclic abstract rule templates
to optimize the knowledge graph reasoning (KGR) rule generation and evaluation, but
the efficiency is not high.

Rule-based models face the issues of low coverage of rules and inefficiency of the rea-
soning process. Therefore, more and more researchers combine logic rules and neural
network techniques, so that the models have both efficient reasoning capabilities. Tiwari
et al. [12] used reinforcement learning to solve the task of multi-hop relational reason-
ing in knowledge graphs. Sang et al. [13] adopted Recurrent Neural Network (RNN)
to combine the semantic information of paths of arbitrary length. Wang and Hao [14]
adopted an attention-based LSTM network to capture important words on path sequences
to improve the performance of relationship classification. Jagvaral et al. [15] adopted an
LSTM network to encode the word order information on entity description utterances
and then combined it with the attention mechanism embedding model to further learn
the semantic information of the triple. Zhang et al. [16] used a convolutional filter to
extract 2D reconstructed features of entity and relation embeddings, which enhanced the
interaction between entities and relations. However, the above studies only model the
internal structure of triples without considering the interactions between triples, which
results in insufficient modeling of the knowledge graph.

Recently, the emerging Graph Neural Network (GNN) has been widely used in the field
of knowledge graph because of its powerful ability to encode graph structure. Wan et al.
[17] adopted the Graph Convolutional Network (GCN) model to process entity neighbor
subgraphs, so as to achieve the aggregation of information from the surrounding neigh-
bor entities to the central entity. Zhang et al. [18] adaptively learned the neighborhood
structure of the central node by adopting the method of local aggregation. Wu and Zhou
[19] used the Graph Attention Network (GAN) to capture the influence of important
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neighbor context on node update, but the information in key areas was fuzzy. Li et al.
[20] adopted two levels of attention, the relational level and the entity level, respectively
for reasoning, but they could not accurately represent semantics. The main advantage of
GNN in relational reasoning of knowledge graph is that it can better learn the structural
information in knowledge graph. The traditional reasoning methods of knowledge graph
relations are based on some fixed rules, and it is difficult to capture the complex unstruc-
tured relations in knowledge graph. The GNN takes endpoints and edges as inputs and
learns the complex interaction of each part of the knowledge graph through the neural
network model, so as to understand the internal structure of the knowledge graph more
deeply.

1.2. Contribution. To deal with the issue that current KGR algorithms invest too many
resources in some neighbor regions with weak semantic relevance, which brings interference
and noise into the model and leads to low efficiency, this article suggests a KGR algorithm
on the ground of GNN optimization.

e To address the issue that the knowledge graph construction model cannot accurately
represent the semantics, the graph self-attention mechanism is adopted to enhance
the knowledge graph construction model, and the neighborhood information is differ-
entially incorporated into the ternary representation to maximize the completeness
of the information. On this basis, a pre-trained language model is adopted to extract
reliable semantic information from textual data and construct a relational association
graph.

e GAN is adopted to mine the interaction features of different intensities between
the entity nodes in the center of the association graph and the surrounding nodes.
Finally, the convolutional layer operator is adopted to map the ternary vectors into
the obscured-level feature space, and the ternary is processed by the fully connected
layer and the activation function to forecast the scores. The experimental outcome
indicates that the suggested algorithm improves the Mean Reciprocal Rank (MRR),
Mean Rank (MR), and Hits indexes compared with the comparison methods, which
illustrates the effectiveness of the GNN-optimized KGR model.

2. Theoretical Analysis.

2.1. Graphical Attention Network. GAN introduces the attention mechanism into
the graph convolution model and aggregates the neighborhood nodes differently according
to the weight of the solution [21]. GNN is a general graph data processing model, and
GAN introduces attention mechanism based on graph neural network to improve the
flexibility and accuracy of node representation learning. The correlation degree between
nodes is indicated in Equation (1).

_>
riy =BV, Vg)=b"[Vg Vg (1)

where g7 € RF denotes the feature vector of node ¢ with dimension of size F. V € RF*F

is a learnable linear transformation parameter, 8 denotes the attention mechanism, ||
denotes the splice of two vectors, and @7 € R2EF is a learnable parameter.

The significance of node j to node ¢ can be addressed by the above equation. Finally,
the addressed correlation is normalized adopting the softmax function as indicated below:

Bi; = softmax;(r;;) = exXp(rig) (2)

a ZleMi exp(rir)
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By adopting the calculated attention coefficient, the information of the neighborhood
nodes can be differentiated and aggregated to complete the convolution operation:

hi =0 (Z ﬂijvyj>> (3)

JjeEM;

2.2. Knowledge graph reasoning. The knowledge graph consists of a series of triples
[22], which are represented as G = {(h,s,t)} C & x a x &, where £ and « are the
entity (node) set and the relationship (edge) set, respectively. The overall framework
is indicated in Figure 1, which consists of four parts: knowledge graph initialization,
K-nearest neighbor calculation, three-domain partitioning, and entity and relationship
representation learning.
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Figure 1. The entire framework of KGR.

First, TransE [23] is adopted to vector-initialize entities and relationships in the knowl-
edge graph. Then, in terms of the idea of K-Nearest Neighbor (KNN) [24] algorithm,
the relative nearest neighbor and the corresponding entity set are calculated. The triplet
composed of relation and different entity sets is divided into positive domain, boundary
domain, and negative domain. Boundary domain is used to represent uncertain knowl-
edge. Finally, the representation learning of the knowledge graph is carried out according
to the divided regions, and the embedding learning of the obtained K-nearest neighbor
constraint relationship is adopted.

Moreover, the reasoning issue of knowledge graphs can generally be simplified to the
following issues:

1. Given the head and tail entities, predict the relationship: T'y = {g,?,t}, h,t € E.

2. Given an entity and relationship, predict the unknown pseudo-entity: I's = {7, s, ¢}
or {g,s,7}, h,t € E,g € R.

3. Given a triple, determine whether it is true or false: I's = {g,s,t} true or false,
g,t € E, seR.

3. Construction of knowledge graph based on GAN. In view of the ambiguity
of the key neighborhood information of the existing knowledge graph model, this article
suggests a knowledge graph construction model enhanced by graph self-attention mech-
anism. The original triplet representation is achieved through TransE training, and the
contribution values of different triples are calculated through two levels of graph atten-
tion mechanism. The neighborhood information is differentiated into triples to ensure the
integrity of its own information and neighborhood information to the maximum extent.

The knowledge graph consists of an SPO (Subject, Predicate, Object) fact triplet,
represented as a set H = (E, R) of a directed graph, where E is the set of Subject and
Object, and R is the relation. The triplet (e;,r;, €;) represents the existence of an edge F'
between nodes e; and e; in one of the instance graphs H;. The KGR model adopts the
scoring function F(+) to evaluate the efficiency of obtaining triples.
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Each graph in the KGR model adopts two embedding matrices as inputs. The entity
embedding matrix is represented as G € RMeX9 the matrix i acts as the embedding of
entity e;, M, is the number of entities, and S is the embedding dimension. Similarly,
the matrix U € RMr*¢ is represented as a relational embedding. The corresponding
embedding matrices are G’ € RM<*5 and U’ € RM"*4 after each graph is processed by the
self-attention level.

To gain entity e; new embedding E), it can learn information about other triples in
its neighborhood and some of itself, and the attention coefficient 3;; between entities
to (e;,e;) indicates the degree of importance to the central entity. To transform input
entity features into higher-level features, the model learns these embeddings by performing
linear transformations on local concatenations of entity and relational feature vectors for
a particular triplet t;; = (e;, 73, e;), as shown below:

b = Vi [g! || ui] (4)
where bj; is the representatlon of the composite entity vector about the central head
entity, and vectors g, and U are the embedding vectors of e; and r;, respectively. V; €
RE*F is a learning weight matrix. || indicates the concatenation operation. In order to
obtain more fine-grained feature associations within entities, absolute weights need to be
calculated for center-head entity embedding c;; and composite entity embedding c;.

b - b;
ciji = LeakyRelu ( \/El]l) (5)

The absolute weights are normalized by softmax to obtain the relative weights of the
triples, as indicated below:

¢ _ exp(ciji) (6)
T e, Lorer,, €XP(Cimr)

where M; is the number of first-order neighbors of entity e;, R;,, represents the relation
set of e;, and exp(+) is the exponential function based on the natural constant e. ¢;j; is the
calculated absolute attention coefficient, and 7 is the finally obtained relative attention
coefficient.

To make the parameters converge more stably during the training process, the model
extends the single-headed attention level to multi-headed attention level, so that the
Encoder can learn different semantic information in context when learning entity embed-
ding, generate embedding representation for n independent self-attention layers, and then
concatenate them to output a vector.

— Mul Att (Z B Z]gw) (7)

JEM;

where d}; represents the vector generated by the n-th attention head, and 7’ represents
the representatlon generated after processing by multiple attention layers.

4. Optimization of Knowledge Graph Relational Reasoning Algorithm Based
on Graph Neural Networks. In view of the insufficient use of node structure informa-
tion in the process of knowledge reasoning, graph neural network is introduced to enhance
the information of nodes in the graph. The whole model is indicated in Figure 2. Firstly,
the pre-trained language model is adopted to extract reliable semantic information from
the text data, and the relational association graph is constructed. Then, GAN is adopted
to capture the interaction features of the central entity node and the surrounding nodes
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with different intensities. Finally, the pointing information of the nodes is aggregated, so
that the network can learn the implicit semantic association between the entities.

ho I
iterative |
updating |
1

 CO00— o 0080

\ GNN optimized relational reasoning

" iteration

T @
relationship correlation

diagram construction emedded
EpTeSEntatio

Figure 2. The entire structure of the proposed model.

4.1. Knowledge graph relationship association graph construction. Relied on the
knowledge graph constructed in the previous section, this article analogizes relationships
to labels in multicategorization, and computes the relationship association graph H by
mining the co-occurrence patterns of the relationships in the knowledge graph, as well as
the semantic similarity between the relationships, as indicated in Figure 3.

Figure 3. Relational correlation graph.

The amount of co-occurrences between relations is first counted and the co-occurrence
matrix is calculated relied on the statistical information.

dt
) 0, if m_d <T
Hdt = ;:;dt (8>
1, if — Z T
m

where m? represents the number of triples with relation d, m® represents the number of
triples with relation d and ¢ at the same time, m® /m¢ represents the correlation in the co-
occurrence mode, and 7 represents the threshold to prevent overfitting of the association
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matrix. When the co-occurrence frequency of the relation is small, it means that the
correlation degree between d and ¢ is small.

However, the amount of long-tail relationships in the knowledge graph is very small,
so the co-occurrence matrix cannot reflect the correlation between the relationships well.
Therefore, this paper uses the embedded representation trained by Word2Vec [25] to cal-
culate the Euclidean distance between relations, so as to construct the semantic similarity
matrix.

0, otherwise
Hgt = . (9)
1, ifde My(t) ort € My(d)

where M,,(d) represents d’s nearest neighbor, and then the final relational association
matrix Hy is constructed according to the co-occurrence matrix H jt and the semantic
similarity matrix H2,.

HZ, otherwise

Hy=q HY + H} (10)
dtTdf, if HY #0

4.2. Modeling relational reasoning for knowledge graphs based on graph neural
networks. To enhance the issues in the KGR process, relied on the knowledge graph
relational association graph constructed above, this article models the knowledge graph
relational reasoning task by GAN to reduce the noise of the model.

Suppose that the current input is the features of several nodes, g = {g_f, g_2>, e ,g_>M},
where M represents the number of nodes and N represents the number of characteristics

of each node. GAN level needs to learn new node features, ¢’ = {g?, 7 A S T
terms of the obscured characteristics of nodes in the graph and the topological relations
between nodes, where the characteristic transformation from ¢ to ¢’ will be calculated by
the weight matrix V € RV*V,

Specifically, for a pair of nodes (a,b) in the figure, GAN calculates the attention coef-
ficient between (a, b) as indicated below:

fa=B(V3a, V), b€ Z (11)
where [ represents the attention function, Z, represents the neighbor of node a, and
fap represents the importance of node a to the features of node b.
In general, the model calculates the attention coefficient between the current node and
each neighbor, using the softmax function to normalize the selection of all a-nodes, as
indicated below:

exp(LeakyReLu(f))
— gof = 12
Hap = softmax (fu) > ez, LeakyReLu( for) (12)

where LeakyReLu(-) is a nonlinear activation function.

After obtaining the normalized attention coefficients, to stabilize the learning process
of the attention mechanism, multiple attention heads are involved in the computation,
and the multiple attention levels are independent of each other, allowing the model to
adaptively choose features in various subspaces. The mapping output of GAN can be
computed as follows:

L
1 ,
— § : § : l Vl

=1 beZ,
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where 0 is the activation function, L is the number of attention heads, and each attention
coefficient matrix is computed independently.

Then the information of nodes, relations, and neighbor nodes are simultaneously incor-
porated into the GAN, and each node in the graph can be defined by its own features,
edge features, and related nodes. Va, which implies potential features on its neighbor Z,.
Also, the relations between the current node connecting to other nodes can be used as an
important basis for the relational reasoning of the knowledge graph. The attention value
is modified as follows:

LeakyReLu(e,
Hapt = softmaxy(eqp) = exp(LeakyReLu(€an)) (14)

ZbeZa, ZseRab exp(€aps)
where Z, indicates the neighbor of node a, R, represents the set of relations connecting
two entities, e = V [94 || 92 || 971, and ., gi are vector representations of nodes. V is a
linear transformation matrix, which can be achieved by network training.
The novel entity representation covers the whole context of the local relational subgraph
by constantly exchanging information with neighbor and relational nodes.

| L
TR ID T 15)
I=1 b€Zq T€Rap

where L represents the number of attention heads. In the final hidden layer of the model,
embeddings from multiple heads are averaged to obtain the final embeddings vector of the
entity, and the semantic and spatial structure information of each node can be modeled
into its representation.

For the purpose of making the network benefit from comparative learning, this pa-
per generates negative samples by randomly replacing the head and tail entities with
scrambled corpus, as indicated below:

T = {(g’,s,t) |l € ENG #gN(d,s,t) ¢ T*}U{(g,s,t/) [t e EAY #£tEA(g,8,t) ¢ T*}
(16)
where T is the positive triplet sample set, and T~ is the negative triplet sample set.
In this article, the reasoning forecasting task is regarded as a classification task and
trained in a supervised way. The loss function of this stage is as follows:

L(g,s,t) = Z max{d,, — d, + A, 0} (17)
tp€D4,, ta€D;,

e
where d, = ||hq + hr — hy||L1/22 and A are hyperparameters.

4.3. Global feature aggregation of knowledge graph. For the goal of integrating
characteristics of different levels, this article carried out two-dimensional convolution on
the output outcome of GAN networks, fully extracted the global interaction features
between nodes, and mapped the features of different aspects between head and tail entity
vectors and relational semantic vectors to the same dimension by using convolution kernel
of size. To deduce new knowledge from the known information, the convolution result is
processed by the fully connected layer and the nonlinear activation function, and finally
the triplet knowledge forecasting outcome is achieved. The scoring function definition of
the model is indicated below:
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Q
®(g,s,t) = (Z LeakyReLu ([l?a, E), EZ] * wm>> W +d (18)
m=1

where w stands for convolution kernel and convolution operation, m stands for the
number of convolution kernels, W stands for weight, and d stands for deviation term.
The loss function is indicated below:

A
L= Z log (1 + exXp (l(g,s,t) : q)(ga Svt))) + §||W||g (19)
(g,s,t)e(TTUT™)
where [, is the label of the positive and negative samples, and W is the weight
matrix.

5. Performance testing and analysis.

5.1. Effect analysis of entity reasoning. For the purpose of estimating the perfor-
mance of the optimized algorithm suggested in this article, simulation experiments were
conducted on the publicly available FB15k dataset [26]. FB15k data set is derived from
Freebase, the largest general knowledge graph at present, and its data volume is indicated
in Table 1. For an Adam model with entity and relationship representation dimensions
of {100, 100, 200}, hidden layer size of dimension of 200, output vector dimension of 100,
200, dropout set to 0.2, learning rate size of 0.001, and attenuation coefficient of 0.95, set
small-batch training. The size of each batch is set to 50, and softmax and relu are adopted
as activation functions. The experiment was based on Windows operating system, Intel
(R) Core (TM) i5-13500H CPU @ 12 Hz, 16 GB memory, and Python V3.7.3 simulation
environment.

Table 1. Amount of data in FB15k dataset.

Dataset | entity | relation | training set | validation set | test set
FB15k 16259 257 371589 19575 23947

Four evaluation indexes were adopted to measure the model performance. The triplet
with correct reaction ranks among the first, top three, and top ten in the hit ratio of
hits@1, hits@3, and hits@10, the average rank of MR (Mean Rank), and the average
reciprocal rank of MRR (Mean Rank Reciprocal) were used as comprehensive indexes
27].

Table 2 indicates the comparison outcome of the four models on the FB15k dataset.
In order to illustrate the optimization effect of the GNN-KGR model designed in this
paper, AR-KGR [18], HR-KGR [20], and TD-KGR [28] reasoning methods were selected
for comparison. The black bold font in the table indicates the optimal score on the
corresponding indicator.

Through analysis, it is concluded that the hits@1 index of the proposed GNN-KGR
reasoning method is about 0.029 lower than that of TD-KGR model, and about 0.057
and 0.025 higher than that of AR-KGR and HR-KGR models, respectively. However,
GNN-KGR also has the best performance on hits@3, hits@10, and MR indicators, with
an increase of 23.4%, 17.7%, and 10.1% on hits@3, and 15.6%, 9.8%, and 4.6% on hits@10,
respectively. MR decreased by 34.8%, 24.6%, and 16.4%.

AR-KGR and HR-KGR models define relation as the rotation of head entity to tail
entity in complex vector space, which is suitable for modeling and inferring the relation
between entities such as symmetry, anti-symmetry and superposition. The TD-KGR
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Table 2. Experimental outcome of entity forecasting on FB15k dataset.

Method hits@1 | hits@3 | hits@10 | MR

AR-KGR 0.386 0.431 0.647 164
HR-KGR 0.418 0.452 0.681 142
TD-KGR 0.472 0.483 0.715 128

GNN-KGR | 0.443 | 0.532 0.748 | 107

model does Tucker decomposition to the binary tensor representing the triplet facts, and
uses the shared information to enhance the reasoning effect, but does not further extract
the features of the nodes. The GNN-KGR model is also learning the vector relationship
between entities and relations in the graph attention module modeling stage, which is
more effective for enhancing the interaction between different principal components of
entities. On the whole, the GNN-KGR model is effective in extracting node information
representation to a certain extent, and has certain reasoning and computing capabilities
for matching and associating target entities.
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Figure 4. MRR comparison of different models.

The comparative experimental results of the comprehensive index MRR of the four
models are indicated in Figure 4. When the amount of entities is 50, the MRR of GNN-
KGR method is 49.5%, which is higher than that of AR-KGR, HR-KGR, and TD-KGR
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methods, which are 15.8%, 10.6%, and 5.6%, respectively. The reason why this method
is superior to the comparison is that the GNN-KGR method combines the entity type
information and neighborhood information to model the triplet, and assigns different
weights to various types of information based on the multi-layer infusing force mechanism,
which effectively enhances the effect of knowledge reasoning.

5.2. Effect analysis of relational reasoning. Unlike entity prediction, relational rea-
soning aims to infer the category of relationships between nodes by analyzing the semantic
connections between them. Table 3 shows the results of reasoning experiments conducted
by GNN-KGR method on different relation types, and it is found that GNN-KGR method
performs better on one-to-many and many-to-one relations. This indicates that the sug-
gested GNN-KGR method is suitable for multi-relational knowledge graph and has good
applicability.

Table 3. The result of relational reasoning on various types of relation by GNN-

KGR method.

Index 1:1 | 1:M | M:1 | M:M
hits@1 / % |21.06 | 32.57 | 39.28 | 34.65
hits@3 / % |35.97 | 45.18 | 47.39 | 39.14
hits@10 / % | 85.29 | 95.63 | 98.27 | 87.28

1.2
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0.8

0.6
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0.2

0

hits@1 hits@3 hits@10
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Figure 5. Comparison of relational reasoning performance of different models.

Figure 5 indicates the outcome of the relational reasoning experiments of four models
on the FB15k dataset. The GNN-KGR method still performs best, with hits@1, hits@3,
hits@10, and MRR reaching 0.795, 0.862, 0.932, and 0.984, respectively. In particular,
compared with AR-KGR, HR-KGR, and TD-KGR methods, MRR indexes were increased
by 19.85%, 9.7%, and 2.71%, respectively. This shows that the GNN-KGR method can
effectively learn semantic information and structural information in the graph, and the rich
text information and efficient aggregation features enable the model to capture the implicit
relational features of the knowledge graph, which provides more available information for
relational reasoning prediction.
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6. Conclusion. To address the issue of low reasoning efficiency of current KGR algo-
rithms, this article suggests a knowledge graph relationship reasoning algorithm on the
ground of GNN optimization. Firstly, focusing on the issue of fuzzy key neighborhood
information in the process of knowledge graph construction, the graph self-attention mech-
anism is adopted to enhance the knowledge graph construction model, calculate the con-
tribution values of different triples, and integrate the neighborhood information into the
triples differently to ensure the integrity of information to the maximum extent.

On this basis, the pre-trained language model is used to extract reliable semantic infor-
mation from the text data, and the relationship association graph is constructed. Then
GAN is adopted to capture the interaction characteristics of different strengths between
the central entity node of the association graph and the surrounding nodes. Finally,
the convolutional neural network is adopted to aggregate the pointing information of the
nodes, so that the network can learn the implicit semantic association between the entities.
The triples are predicted relied on the information in the association graph structure.

Experimental results show that compared with the comparison method, the proposed
algorithm has better performance on MRR, MR, hits@1, hits@3, and hits@10, which
indicates the efficiency of GNN-optimized knowledge graph reasoning model.
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