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Abstract: With the development of information fusion, knowledge graph completion tasks have received a lot of attention.  some studies 
investigate the broader underlying problems of linguistics, while embedding learning has a narrow focus. This poses significant challenges 
due to the heterogeneity of coarse-graining patterns. Then, to settle the whole matter,   a framework for completion is designed, named 
Triple Encoder-Scoring Module (TEsm). The model employs an alternating two-branch structure that fuses local features into the interac‐
tion pattern of the triplet itself by perfectly combining distance and structure models. Moreover, it is mapped to a uniform shared space. 
Upon completion, an ensemble inference method is proposed to query multiple predictions from different graphs using a weight classifier. 
Experiments show that the experimental dataset used for the completion task is DBpedia, which contains five different linguistic subsets.. 
Our extensive experimental results demonstrate that TEsm can efficiently and smoothly solve the optimal completion task, validating the 
performance of the proposed model. 
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0　Introduction

Knowledge Graphs (KGs) such as DBpedia and 

Freebase encode statements about the world around us. 

They have attracted increasing attention from multiple 

fields, including question answering, knowledge infer‐

ence, recommendation systems, and so on. By their very 

nature, KGs are far from complete as the world evolves 

continuously. This motivates work on automated predic‐

tion of new knowledge based on known facts.  In infer‐

ence tasks, KG completion has become a major focus of 

statistical feature learning. 

  KG encodes structured information about entities 
and their relationships as directed labels in a multilin‐
gual language. Many researchers encode entities and re‐
lations into low-dimensional vector spaces[1]. Various ef‐
forts have attempted to address the data sparse represen‐
tation challenge. Several studies have shown that reduc‐
ing data variability improves the convergence of global 
models. However, they typically require modifying the 
embedding, which may result in the loss of important 
data about the intrinsic diversity of the local distribution.  
So, some methods stabilize the translation method by ad‐
justing the distance and global model bias across the pa‐
rameter space, such as TransE[2], TransD[3], and TransR[4]. 
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Other studies, such as RESCAL[5], Dist-Mult[6], and Com‐
plEx[7] improve the generalization ability of the model by 
semantic matching bilinear strategies.  In addition, some 
studies treat a relation as a rotation from head entity to 
tail entity.  RotatE[8] is proposed as the first model to 
handle symmetry/anti-symmetry. We admit that the opti‐
mality of parties in heterogeneous multilingualism is 
fundamentally at odds with the global optimality point.  
Then, completing the prediction is not a trivial technical 
challenge. 

In view of the above corollary, we propose a dual-
branch learning framework called Triple Encoder-
Scoring Module  (TEsm), which is a typical personalized 
joint learning frame.  Specifically, we apply a convolu‐
tional network that decouples the target graph into a 
base encoder that participates in collaborative training 
and a locally preserved personalization layer.  The base 
encoder layer learns the global feature knowledge, while 
the personalization layer retains the translation informa‐
tion to resist the embedding leakage of gradients.    Each 
partys local training is corrected from a global perspec‐
tive using global class center self-learning.  A global cen‐
ter is defined as the average vector of each shared repre‐
sentation.   Further, inspired by Chen[9], TEsm dramati‐
cally reduces the computational complexity by only us‐
ing iterative and alternating binary branches for training, 
instead of repeating sample pairs and large batches 
through joint learning.  TEsm significantly outperforms 
state-of-the-art learning algorithms on multilingualism.   
For instance, TEsm achieves 83.3% Hits@10 (accuracy 
of the top 10 candidate entities) on the Japanese dataset, 
while the best top-1 accuracy of existing studies is 
66.1%.  TEsm improves the accuracy by 26% compared  
with most algorithms.  So, the main innovation of this pa‐
per is the following:

1) We propose a new personalized learning frame‐
work to solve the distribution embedding, which miti‐
gates the local and global problem by introducing the 
global dual-branch model with joint knowledge and 
alignment learning to correct local training.

2) We design the local layered network architecture 
to learn the global knowledge through self-learning ef‐
fectively, and joint loss function after a classifier algo‐
rithm is used to "filter" candidate entities.

3) We implement TEsm and conduct extensive ex‐
periments on different datasets. The results show that 
TEsm outperforms state-of-the-art methods regarding in‐
ference accuracy and computational efficiency.

1　Related Work

1.1　Representation Learning

KG embedding is derived from the idea of word 
embedding. Each entity and relation is mapped to a low-
dimensional vector space to measure the accuracy of the 
triples.   For instance, the Trans model was proposed by 
Bordes et al[2], in which translation distance used a spe‐
cific relation vector r to measure the distance between 
two entity vectors h and t. Besides, RotatE[8] employs 
complex embedding space to a model relationship r as 
the rotation of the vector from header entity h to tail en‐
tity t. In addition, unstructured models, such as KD‐
CoE[10], AttrE[11], MultiKE[12], and HMAN[13], utilize 
supplementary information about Wikipedia entity de‐
scriptions to improve representation learning.  Later, 
many modifications of the above model result in several 
models that achieve satisfactory results with respect to 
data sparsity.  Since there is already a large body of work 
in this area, we provide only a highly general summary. 

1.2　Graph Neural Network

Graph Neural Network (GNN) learns node vectors 
by recursively aggregating the representations of neigh‐
boring nodes. GNN is applied to various processing 
tasks of natural languages, such as semantic role tags[14] 
and machine translation[15]. Extensive variational net‐
works have emerged on GNN, such as Graph Convolu‐
tional Network (GCN) [16], Relationship Graph Convolu‐
tional Network (R-GCN) [17], and Graph Attention Net‐
work (GAN)[18].  Because of this, the KG will be allowed 
to acquire more facts and hence to be better completed 
smoothly due to the directivity of the nodes and the 
structural aggregation from single points to local first-
order nodes. The word vectors are obtained by the above 
model due to its excellent ability in modeling graph 
structures. So, it increases the aggregation of features to 
handle accurate word vector representations.

1.3　Integrated Inference

Integrated inference can achieve the best learning 
performance and improve the generalization ability of 
the algorithm by training multiple learners and combin‐
ing outcomes according to a certain strategy. One of the 
most usual methods is Boosting[19], followed by Ada‐
Boost[20] and RankBoost[21].  AdaBoost starts from a pool 
of weak classifiers and iteratively selects the best one 
based on the sample weights in that iteration. The final 
classifier is a linear combination of the selected weak 
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classifiers, where each classifier is weighted by its per‐
formance. At each iteration, the sample weights are up‐
dated based on the selected classifier, so that subsequent 
classifiers focus more on hard samples. Multilingual 
KGs use fused source information, which then helps the 
target graph to predict missing facts.  In this paper, we ex‐
tend AdaBoost to combine ranking results from multiple 
KG embedding models that do an excellent job of select‐
ing candidate entities.

2　Method

KGs are known as the data source. KG ={ER}. It 

is composed of several triples {hrt}, where ht include 

the head and tail entities of triples, {ht}ÎE, and r repre‐

sents the relationship between head and tail entities, and 
{r} ÎR.

2.1　Preliminary Knowledge

This paper performs optimization based on the 
work of multilingual completion[9]. The framework is de‐
picted in Fig. 1 and consists of the following three main 
points: 

1) Using joint operators fuse local structural infor‐
mation to achieve the interaction between triples.

2) Dual-branch structure. Knowledge Model (KM) 
learns semantic vectors to encode entities and relation‐
ships, while Alignment Model (AM) uses the supervised 
method to obtain correspondence sets in different graphs.

3) Design the local layered network architecture to 
effectively learn the global knowledge through self-
learning and joint loss function.

2.2　Triple Encoder

 Graph convolutional encoding is a vertex represen‐
tation that integrates features of relations between adja‐
cent vertices towards the spatial domain.  The process re‐
quires semantic knowledge and structure data to provide 
a rich word vector representation for learning and align‐
ment learning (overlapping parts are represented by shar‐
ing).  The local aggregates are depicted in Fig. 2. Two 
methods are jointly learned: 

1) Neighbor aggregation. GCN encodes local fea‐
tures to better capture entity proximity information.

2) Relationship model. A relation is an arithmetic 
operation on a vector space. The goal is to fully exploit 
structural and entity information proximity factors for 
fine-grained entity embedding.

To achieve the above, the encoder stacks the layers 
of the GCN network inside the KG. E(l) of l layer is cal‐
culated as:

E(l)=Æ (D
1
2
~
A D

1
2 E(l - 1) M (l - 1)) (1)

where D represents the diagonal matrix, which is the in‐

put feature of the node. 
~
A =A + I is the sum of the adja‐

cency matrix A and identity matrix I. M (l - 1) is l - 1 layer 
weight matrix. The result of the convolution operation 
performed by the activation function Æ is passed to the 
network layer. The initial features E(0) of an entity can be 
properties of the entity itself or randomly generated. 
E(l - 1) is the output result of the previous layer and the last 
layer E =E(l) reperesents an entity embedding. 

2.3　Knowledge Model (KM)

LGm

K  represents the score function (2) of language m 

in the knowledge graph G:

LGm

K =∑h'Ert'EÎG'
hErtEÎG

[ ]max(0 - f ( )hErtE + f ( )h'Ert'E + y) (2)

where [×]=max(0 ×), f is a specific triplet score function, 

Fig. 1　Network design (TEsm)
1-5 indicate entities in the graph, and the lines between Source 1 and 2 

indicate aligned seeds

Fig. 2　Local encoder

47



Wuhan University Journal of Natural Sciences 2023, Vol.28 No.1 

which is used in the following functions in ① and ② 

below. γ is a hyperparameter, (hErtE) is a positive 

sample, G is a set of actual triples in the KG. A negative 

sample (h'Ert'E) generated by randomly replacing the 

true triplet with either a head entity or a tail entity,   and 

G' is the set of constituent negative samples. Notably, 

implementing this procedure requires finding positive 

and negative samples in a uniform vector space, and we 

mainly consider two representative triplet scoring func‐

tions.

① TransE-GCN  TransE translates relations into 

translations between head and tail entities in Euclidean 

space. The formula is as follows:

fTransE (hErtE) =- (hE + r - tE) 2
(3)

where (hErtE) is the embedding vector graph convolu‐

tion l in the last layer.

② RotatE-GCN RotatE treats relations as rotations 

in a complex space, and tail entities are derived from 

head entities that rotate through relations in the vector 

space. The formula is as follows:

fRotate (hErtE) =- (hE  r - tE) 2
(4)

where  represents the Hadama product in complex vec‐

tor space.

2.4　Alignment Model (AM)

 Alignment information between each pair of em‐

beddings is connected by additional property labels of 

the graph structure, and entity alignment is achieved us‐

ing self-supervised learning. Given a set of different lan‐

guage graphs Gi and Gj,  the entity correspondence be‐

tween any two graphs requires matching based on a 

small number of eiÎGiejÎGj|Gi | ≤ |Gj | seed entities. 

Alignment function (5) is defined using cosine similar‐

ity:

LGi«Gj

A =∑( )eiej ÎΓGi«Gj

 (cos (eiej ) )
2

(5)

where Gi«Gj represented the two graphs as seed 

data(eiej ) ÎΓGi«Gj
. In particular, Nearest Neighbor 

(NN)[22] adaptive learning of the relationship is used dur‐

ing alignment to reduce the candidate after each itera‐

tion.

2.5　Joint Model

 The above model is a two-branch structure that opti‐

mizes the loss per function for entities and relations, and 

multiple KGs are trained uniformly and jointly. The for‐

mula is as follows:

Γ = ∑
m = 1

M

LGm

K + λ∑
i = 1

M ∑
j = i + 1

M

LGi«Gj

A (6)

where LGm

K  is the loss of the knowledge model as defined 

in Eq. (2), LGi«Gj

A  is alignment loss in Eq. (5), and λ is the 

weight of the two models that forms the positive value 

hyperparameter. There is no direct optimization function 

Γ. Instead, each iterates through different batches and op‐

timizes each function loss separately.  The value of M is 

5, representing the other five datasets in the paper.  In ad‐

dition, L2 regularization is used to prevent overfitting 

problems.

 It is shown that only very high initial cosine similar‐

ity can achieve an equivalent computation that maintains 

stable alignment within a few iterations. In this way, the 

above learning patterns can be efficiently constructed us‐

ing an iterative process with equal batches of joint train‐

ing.

2.6　Integrated Reasoning

 Knowledge transfer and fact completion are based 

on the results of the above model. The target query is 

transformed into the source KG, and the result is then 

transformed back to the target graph by aligning the in‐

formation. It is weighted and summed using an en‐

semble of classifier algorithms.

As shown in Fig. 3, given an incomplete triplet, the 

completion goal is to accurately find the tail entity, 

which forms a new triplet in the target graph. A 

weighted evaluation scheme is used to systematically 

rank and validate candidate value entities.

Fig. 3　Integrated reasoning
A triple group (h, r, ?) query the corresponding two source map entities 

and deduce the ranking of their triples; Finally, the final target candidate 

entity is determined by the transfer
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First, the source and target aligned entity pairs are 

predicted, and then the source is queried to the target 

based on the alignment results. The information from 

sources 1 and 2 is used to complete the target graph, and 

the result obtains the candidate results by the target 

graph. The final candidate entities are predicted by 

weighting[21]. The formula is as follows:

s(e)=∑
i = 1

m

wi (e)Ni (e) (7)

where e represents an entity in the target graph and wi (e) 

represents a specific entity model weight. The AdaBoost 

classifier is used in the computation to learn each spe‐

cific weight. If an entity e is in top-k (where k is selected 

as 1,3,10), Ni (e) is 1 or 0.

3　Experiment and Result Analysis

3.1　Experimental Setting

 This section evaluates and validates the importance 

of each module for TEsm. A detailed study demonstrates 

the effectiveness and generalization of the model.

3.1.1　Experimental dataset

All experiments in this paper are based on the DBP-

5L dataset. Moreover, the multilingual alignment task is 

relatively late-stage, with only a few suitable datasets 

providing seed alignment between entity and relation 

pairs. In this way, the matching dataset is dominated by 

the five languages derived from DBpedia, namely Eng‐

lish (En), Greek (El), Spanish (Es), Japanese (Ja), and 

French (Fr), as listed in Table 1. In the DBP5L dataset, 

about 40% of entities in one language are aligned with 

entities in another language. The relations of the five 

graphs are represented in a uniform pattern, consistent 

with the definition of the problem.

All language graphs are aligned to collect triples 

gradually. The entity alignment covers approximately 

40% of the distance between any two graphs. Based on 

the same set of seed entities, the El KG has significantly 

less vocabulary than the other four.  The dataset is di‐
vided into training, validation, and testing at a ratio of 
60: 30: 10.  Relational labels represent only 8% of actual 
triplets, meanwhile, almost 80% of genuine triplets ex‐
press relations across all languages.  The study also ran‐
domly selects half of the seed entities to be aligned for 
training and evaluation.
3.1.2　Evaluation method

All other entities in the graph are wrong "candi‐
dates" to replace their head or tail entities. After the pre‐
vious work, the "Filter" setting is used, and the candi‐
date space for the post triple has been excluded. The 
goal of the model is to select the correct triple with the 
"filter" method. Each test set is considered as a query 
and the top-k predictions are retrieved. In this paper, the 
Hits@k metric refers to the average proportion of triples 
ranked less than n in link prediction. In general, take n to 
be equal to 1, 3, or 10. When n is 10, the ranking of can‐
didate entities is more accurate.
3.1.3　Experimental environment

 The equipment selected for the training part of this 
experiment is as follows: a server running Ubuntu18.04 
and using a graphics card NVIDIA RTX 8000. The algo‐
rithm is implemented using Python3.6 and the Tensor‐
Flow 1.10 framework. In the training process, Adam[22] is 
used as an optimizer, and the hyperparameter fine-tunes 
Hits@k through a grid search. The learning rate lr∈{0.1,
0.01,0.001,0.000 1}, the dimension d∈{32, 64, 128, 200, 
300}, batch size b∈{64, 256, 512, 1 024}. This param‐
eter is determined by the accuracy of the validation set, 
and the L2 regularization coefficient is fixed at 0.000 1. 
The boundary is 0.5. TEsm (TransE) is best set to {lr = 
0.001, d = 300, b = 256}. TEsm (RotatE) is best set to 
{lr = 0.01, d = 200, b =512}.

3.2　Accuracy Results

3.2.1　Main results
The results for datasets are reported in Table 2. Ef‐

fects on the baseline models TransE, RotatE, DistMult, 
TransD and HolE are taken from Ref. [8]. RotatE-
booting and TransE-booting are obtained from Ref. [9].  
GCN combines the methods of TEsm model and en‐
semble inference to improve Hits@10 by 1.1% to 13.0%. 
As shown in Table 2, the Ja dataset is used as the target 
grape and the other four are used as source grapes for 
completion. Compared with the baseline data, RotatE-
GCN is improved by 48%, Hits@3 by 15%, and Hits@1 
by 0.4%. The En dataset is used as the target graph and 
the other four are used as source grapes for completion. 

Table 1　Statistics of DBP-5L dataset

Item

Entity

Relation

Triple

Multilingual academic KG (DBP-5L)

En

13 996

831

80 167

Ja

11 805

128

28 774

El

5 231

111

13 839

Fr

13 176

178

49 015

Es

12 382

144

54 066
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Table 2　Completion result of different language        %
Language

Ja

En

Es

Fr

El

Method

TransD

DisMult

HolE

RotatE

TransE

RotatE-booting

TransE-booting

TransE-GCN(TEsm)

RotatE-GCN(TEsm)

TransD

DisMult

HolE

RotatE

TransE

RotatE-booting

TransE-booting

TransE-GCN(TEsm)

RotatE-GCN(TEsm)

TransD

DisMult

HolE

RotatE

TransE

RotatE-booting

TransE-booting

TransE-GCN(TEsm)

RotatE-GCN(TEsm)

TransD

DisMult

HolE

RotatE

TransE

RotatE-booting

TransE-booting

TransE-GCN(TEsm)

RotatE-GCN(TEsm)

TransD

DisMult

HolE

RotatE

TransE

RotatE-booting

TransE-booting

TransE-GCN(TEsm)

RotatE-GCN(TEsm)

Hits@10 Hits@3  Hits@1

33.1

30.7

29.9

35.7

48.5

56.4

66.1

58.1

83.3

29.6

29.4

25.5

29.7

29.3

30.3

32.0

38.3

34.7

14.1

22.9

30.2

53.9

45.0

60.6

46.3

52.9

60.6

26.4

25.3

28.1

55.5

48.8

60.8

53.3

56.8

66.4

22.4

11.7

18.3

36.2

40.6

51.2

66.7

67.1

52.5

20.8

18.6

32.4

19.0

34.4

39.8

39.5

44.5

45.3

17.6

19.9

21.7

26.7

16.4

25.9

21.8

24.1

22.1

22.4

14.8

27.7

31.1

29.3

40.4

32.1

32.9

40.7

13.2

14.1

25.5

29.4

33.1

32.1

35.7

36.8

26.6

12.1

13.1

11.2

18.8

21.1

44.3

41.9

42.1

42.7

1.2

10.4

27.1

21.1

21.1

26.7

26.7

25.3

27.8

3.3

9.1

12.5

12.4

7.1

12.3

11.7

11.1

13.4

2.7

8.1

18.3

21.2

13.2

21.7

17.2

15.7

23.3

5.1

6.9

19.0

23.2

17.5

25.9

19.0

19.5

25.3

3.2

8.3

4.8

14.7

12.6

27.5

23.4

23.8

23.8

Compared with the baseline data, the experimental re‐

sults are improved by 26% for TransE-GCN, 30% for 
Hits@1, and 14% for RotatE-GCN with Hits@1. The Es 
dataset is used as the target graph and the other four are 
used as source grapes for completion.  RotatE-GCN im‐
proves the baseline by 26% on Hits@10, 10% on Hits@3 
and 35% on Hits@1. The Fr dataset is used as the target 
graph and the other four are used as source grapes for 
completion. RotatE-GCN improves Hits@10 by 24% 
and Hits@3 by 14% over baseline TransE.  The El data‐
set is used as the target graph and the other four are used 
as source grapes for completion.  Compared to baseline 
data, TransE-GCN improves Hits@10 by 31% over base‐
line TransE. In the face of sparse data, the performance 
of the simple model is not greatly degraded compared 
with the accuracy of the full data. Does this mean that 
the performance of the simple model is sufficient for 
some simple entities, and that the complex model actu‐
ally overfits the data? As can be observed, TEsm per‐
forms best on datasets with varying levels of heterogene‐
ity. The model presented in this paper outperforms the 
base model. Concerning sparse semantic interference, it 
is also observed that TEsm improves in sparse graphs 
compared with dense ones. In particular, the multilin‐
gual (Greek) KG with a small number of entities Hits@1 
increased by 13% over the baseline. This finding con‐
firms that low knowledge coverage and sparse structure 
favor additional knowledge.

It is worth elaborating on the comparison between 
our model and the bootstrap model that inspired our 
work. The experimental results showed that our models 
(TransE-GCN, RotatE-GCN) both consistently yielded 
better results with improvements of 10.8% and 6.7% in 
terms of multilingual five datasets, respectively.  We be‐
lieve that the improvement is attributable to two reasons.   
First, due to the idea of heterogeneous features of KGs 
proposed,  semantic embedding successfully captures 
both local structural information by considering entities 
and relations in the neighborhood, as well as the seman‐
tic information residing within the transformation opera‐
tor. Moreover, by doing so, the dual-branch model of re‐
lations in a KG is modeled only once.  Simultaneous re‐
placement of previously entity-specific matrices by 
shared ones could potentially facilitate encoding of more 
complex latent information. As a result, fewer param‐
eters need to be learned in our model, which helps allevi‐
ate the overfitting problem. To explore the contribution 
of each module, the following ablation experiments are 
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performed. KM represents the knowledge learning 
model in Section 2.3 and AM represents the alignment 
model in Section 2.4. Extensive ablation experiments 
have been performed with this model. The specific abla‐
tion methods are as follows:

1) For the entire TEsm framework, remove the 
components from Eq. (1) to estimate the importance of 
structure information.

2) Picking out the GCN encoder for different model 

acquire triplet embedding. Depending on the combina‐
tion, only suboptimal results can be obtained. 

3) Accuracy is measured by differential TransE or 
RotatE combined with Eq. (2).

The results are presented in Table 3.  The accuracy 
of the proposed model differs from that of the base trans‐
lation model. The performance of either the knowledge 
model or the alignment model is improved compared 
with the baseline.

Above, both models better learn the internal infor‐
mation of the triplet during the fusion of local knowl‐
edge.  The accuracy of the full multilingual Hit@10 is 
improved by 30%. Thus, GCN(TEsm) generalization and 
robustness of the model are verified.k

4　Conclusion

In this paper, we propose a unified framework for 
simultaneous knowledge acquisition and alignment.  To 
handle the characteristic features of KGs when using tra‐
ditional translation models, we develop a novel ap‐
proach to transform a neighborhood into a homogeneous 
neighborhood via GCN. The embedding space captures 
both structured and unstructured vectors based on local 

features. In addition, the AdaBoost classifier selects an 

auxiliary input of the source graph to aid the goal 

completion.  Experimental results demonstrate the superi‐

ority of the TEsm model, showing the effectiveness of 

handling completion.

In the future, besides graph structure, there are 

other multimodal improvement learning methods includ‐

ing text, speech, pictures, and videos. Realizing cross-

modal knowledge will be quite challenging.

References

[1] Dettmers T, Minervini P, Stenetorp P, et al. Convolutional 

2D knowledge graph embeddings [J]. Proceedings of the 

Table 3　GCN for RotatE and TransE model generalization performance                                               %

Model

RotatE

TransE

Group

1

2

3

1

2

3

KM

√

√

√
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√

√

√
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√

√

√

√

√
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10

3

1
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10

3

1
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3

1

10
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31.6

20.0
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French

59.4

28.8

22.3

59.3

28.9

22.6

66.4

26.6

16.3

49.1

34.6

17.1

49.1

33.0

17.9

56.8

36.8

19.5

Spanish

55.2

39.6

19.7

51.7

38.4

21.3

63.0

38.3

23.6

46.7

32.0

12.8

47.1

30.8

13.2

52.9

32.9

15.7

Greek

51.3

40.6

25.0

50.6

38.4

25.2

52.5

42.6

27.8

44.4

21.7

13.1

50.1

21.3

13.0

62.1

46.1

23.8

√ denotes that the TEsm acts on KM and AM respectively, the parameter k of Hits@k is set to 1, 3, 10
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