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Abstract: To address the limitations of existing graph neural network-based knowledge graph
representation learning methods in distinguishing diverse entity semantics and handling relations
homogeneously during embedding learning, a novel knowledge graph representation learning
method based on semantic discrimination and subgraph integration is proposed. Hierarchical
modeling is employed to learn entity representations by progressively mining structural information from

the graph. In the semantic discrimination module, multiple relation-aware subgraphs are constructed and
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their semantic information is integrated to capture comprehensive entity attributes. In the
subgraph integration module, the importance of different subgraphs is evaluated, and selective

Additionally,

knowledge graph triples are modeled via an encoder for link prediction tasks, and a cross-entropy loss

neighborhood aggregation is performed to preserve discriminative semantic features.

function is introduced during model training to effectively integrate semantic and structural
information. Experimental results on three standard datasets demonstrate that the proposed
method yields comprehensive performance improvements over current state-of-the-art models.
Specifically, on the FB15K-237 dataset, improvements of 2. 42%, 3.90% ., and 1. 44 % were achieved in
mean reciprocal rank (Mgg), Hits@3, and Hits(@10 (denoting the proportion of queries with the correct
answer in the topk predictions (=3, 10)) respectively. On the YAGO3-10 dataset, the Mgy,
Hits@3, and Hits@ 10 were improved by 2.17%, 4.81%, and 2.01%, respectively. On the
WN18RR dataset, increases of 0. 61%, 0.59%, and 0. 86% were observed in the corresponding
metrics. The superiority of the proposed method is thus validated.
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Fig. 1 Framework of the knowledge graph representation learning method with semantic discrimination and subgraph integration
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Fig. 2 Analysis of the impact of attention head number on

model performance
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Table 5 Robustness test

Mg

B 5 7
FB15K-237 YAGO3-10 ~ WNI18RR
J5 i 0. 381 0.564 0. 496
10 Y0 Bifi #1118 7 0. 342 0.501 0.436
20 %6 Bifi AL e 0.312 0. 457 0.401
30 %6 Bl AL e 0.277 0.417 0. 357
20 %0 15 SRR 0. 301 0.451 0. 391
20 %65 XA — 0.327 0. 490 0.426

zkxb. xjtu. edu. cn

4zt 1B

AR SCHE T — Bl X 43 T R 3 e 0K 5
B SR R 1 2 % 2% SRR SDST, %08 B0 1 5 i
DX AR AR 4l A TR) OG22 A b 3 7 RO R A Hoh
SRS PSRN Eritteo % Ne Sy - )R N (1L B
— A28 - BN s SR Y 25 S A TR SDST R A
TR A B A H 3 I R4 T PR R S A R
PERCTE | fil A 4B 38 2 AIF A il fe & SRR AR . 7E 3 A
T Y TR L 500 A L R AT ) A A T S 56 45 R R
W1, SDST HA7 b & p Mtk .

K TAET B R FR T SR SOA 34 45 24
A B LV R 24 A R o 4l 55 4 £k = 0 28 MK 0
SRR TR — A B A 22 BLRE B 5 5 A A
PR 55 Il 75 B3 405 F R AiE 5 SCAS i SURRAE L 3 58
X SR AR B T S B AR 5 X 40 BE T o A S
R FR2E 2 IR TR 7E 57 2 i b 5 T I o
AR

SE -

[1] Liang Ke, Meng Lingyuan, Liu Meng, et al. A survey
of knowledge graph reasoning on graph types: static,
dynamic, and multi-modal [J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2024, 46 (12):
9456-9478.

(2] R, /i, kT, & RAWEE RS Y H ALK

A 0 AT B A I 07 ik [T ). PO A0 R AR,
2025, 59(11) . 187-197.
Zhu Ke, Qin Tao, Zhu Kuiyu, et al. Evolution-aware
temporal knowledge graph reasoning method based on
message aggregation [ J]. Journal of Xi’an Jiaotong
University, 2025, 59(11): 187-197.

[3] Shang Bin, Zhao Yinliang. Liu Jun, et al. LAFA.
multimodal knowledge graph completion with link aware
fusion and aggregation [ C]//Proceedings of the Thirty-
Eighth AAAI Conference on Artificial Intelligence and
Thirty-Sixth Conference on Innovative Applications of
Artificial Intelligence and Fourteenth Symposium on
Educational Advances in Artificial Intelligence. Palo
Alto, CA, USA: AAAI Press, 2024: 8957-8965.

[4] Trouillon T, Welbl J, Riedel S, et al. Complex embed-
dings for simple link prediction [ C]//Proceedings of the
33rd International Conference on International Confer-
ence on Machine Learning. Chia Laguna Resort, Sar-

dinia, Italy: PMLR, 2016:2071-2080.




1 SRANTE L 45 i SCDK A3 T T 5 9K B0 0 SR IR 3 R 2 o T ik

205

[6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

RAGAR, #at, MR, BEKO: KifHHH 551
3% B X 3 e [J]. iS4, 2025, 48(7):
1572-1588.

Wu Xindong, Huang Manzong, Bu Chenyang. BEKO:
bidirectional enhancement with a knowledge ocean for
LLMs and KGs [J]. Chinese Journal of Computers,
2025, 48(7) . 1572-1588.

Shang Bin, Zhao Yinliang, Wang Di, et al. Relation-
aware multi-positive contrastive knowledge graph com-
pletion with embedding dimension scaling [ C]//Pro-
ceedings of the 46th international ACM SIGIR confer-
ence on research and development in information re-
trieval. New York, USA. Association for Computing
Machinery, 2023 878-888.

KA, FAMG, ARG, SF. 0 R G b 4 B R B n
A LI, R4, 2025, 36(12): 5599-5628.

Zheng Xiulin, Zhou Peng, Li Peipei, et al. Knowledge
graph completion: techniques and applications [ ] ].
Journal of Software, 2025, 36(12): 5599-5628.
Mahdisoltani F, Biega J, Suchanek F M. YAGO3: a
knowledge base from multilingual wikipedias [ EB/OL].
(2015-01-04) [2025-12-05]. https://www. semantic-
scholar. org/paper/ YAGO3:-A-Knowledge-Base-from-
Multilingual-Mahdisoltani-Biega/6c5b5adc3830ac45bf1
d764603b1b71e5{729616.

Bollacker K, Evans C, Paritosh P, et al. Freebase: a
collaboratively created graph database for structuring
human knowledge [C]//Proceedings of the 2008 ACM
SIGMOD International Conference on Management of
Data. New York, USA: ACM, 2008. 1247-1250.
Dettmers T, Minervini P, Stenetorp P, et al. Convo-
lutional 2D knowledge graph embeddings [ C]//Pro-
ceedings of the Thirty-Second AAAI Conference on
Artificial Intelligence and Thirtieth Innovative Applica-
tions of Artificial Intelligence Conference and Eighth
AAAI Symposium on Educational Advances in Artifi-
cial Intelligence. Palo Alto, CA, USA: AAAI Press.,
2018 1811-1818.

Sun Zhiqing. Deng Zhihong, Nie Jianyun, et al. Ro-
tatE: knowledge graph embedding by relational rota-
tion in complex space [C]//ICLR 2019 Conference.
New York, USA: ICLR, 2019: 1-18.

Shang Bin, Zhao Yinliang, Liu Jun. Learnable convo-
lutional attention network for knowledge graph com-
pletion [J]. Knowledge-Based Systems, 2024, 285:
111360.

Bordes A, Usunier N, Garcia-duran A, et al. Transla-

ting embeddings for modeling multi-relational data [C]//

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

zkxb. xjtu. edu. cn

Proceedings of the 27th International Conference on Neu-
ral Information Processing Systems. Red Hook. NY,
USA: Curran Associates Inc., 2013:2787-2795.

Shi Fobo, Li Duantengchuan, Wang Xiaoguang, et al.
TGformer: a graph transformer framework for knowl-
IEEE Transactions on

2025, 37 (1):

edge graph embedding [J].
Knowledge and Data Engineering,
526-541.

Vashishth S, Sanyal S, Nitin V, et al. Composition-
based multi-relational graph convolutional networks [C]//
ICLR2020 Conference. New York, USA: ICLR, 2020
1-16.

Zhang Zhanqiu, Wang Jie, Ye Jieping, et al. Rethin-
king graph convolutional networks in knowledge graph
completion [ C]//Proceedings of the ACM Web
Conference 2022. New York, USA:. ACM, 2022:
798-807.

Li Ren. Cao Yanan. Zhu Qiannan, et al. How does
knowledge graph embedding extrapolate to unseen da-
ta: a semantic evidence view [ C]//Proceedings of the
Thirty-Sixth AAAI Conference on Artificial Intelli-
gence and Thirty-Fourth Conference on Innovative Ap-
plications of Artificial Intelligence and the Twelveth
Symposium on Educational Advances in Artificial In-
telligence. Palo Alto, CA, USA: AAAI Press, 2022
5781-5791.

Dai Guoquan, Wang Xizhao., Zou Xiaoying, et al.
MRGAT : multi-relational graph attention network for
knowledge graph completion [J]. Neural Networks,
2022, 154.:234-245.

Tan Zhaoxuan, Chen Zilong, Feng Shangbin, et al.
KRACL: contrastive learning with graph context mod-
eling for sparse knowledge graph completion [C]//
Proceedings of the ACM Web Conference 2023. New
York, USA: ACM, 2023.:2548-2559.

Gregucci C, Nayyeri M, Hernandez D, et al. link pre-
diction with attention applied on multiple knowledge
graph embedding models [ CJ]//Proceedings of the
ACM Web Conference 2023. New York, USA: ACM,
2023:2600-2610.

Lee J. Wang Yequan, LI Jing, et al. Multimodal rea-
soning with multimodal knowledge graph [ C]//Pro-
ceedings of the 62nd Annual Meeting of the Associa-
tion for Computational Linguistics. Stroudsburg, PA,
USA: ACL, 2024: 10767-10782.

Jian Yue, Luo Xiangyu, Li Zhifei, et al. APKGC: noise-
enhanced multi-modal knowledge graph completion with

attention penalty [ C]//Proceedings of the Thirty-




206 [~ . '] ¥Oo¥ O %60 %
Ninth AAAI Conference on Artificial Intelligence and graph completion [ J]. IEEE Transactions on Neural
Thirty-Seventh Conference on Innovative Applications Networks and Learning Systems, 2025, 36 (3): 5273-
of Artificial Intelligence and Fifteenth Symposium on 5287.

Educational Advances in Artificial Intelligence. Palo [28] Yang B, Yih S W, He X, et al. Embedding entities

Alto, CA, USA: AAAI Press, 2025: 15005-15013. and relations for learning and inference in knowledge
[23] Lu Yuhuan, Yu Weijian, Jing Xin, et al. HyperFM: bases [ EB/OL]. (2014-12-20) [ 2025-12-05]. ht-

fact-centric multimodal fusion for link prediction over tps://arxiv. org/abs/1412. 6575.

hyper-relational knowledge graphs [ C]//Proceedings [29] Szegedy C, Vanhoucke V, Ioffe S, et al. Rethinking

of the 63rd Annual Meeting of the Association for the inception architecture for computer vision [C]//

Computational Linguistics. Stroudsburg, PA., USA.: 2016 IEEE Conference on Computer Vision and Pat-

ACL, 2025:2818-2830. tern Recognition (CVPR). Piscataway, NJ, USA.
[24] Shang Bin, Zhao Yinliang, Liu Jun, et al. Mixed ge- IEEE, 2016:2818-2826.

ometry message and trainable convolutional attention [30] Kingma D P. Adam: A method for stochastic optimi-

[25]

[26]

[27]

network for knowledge graph completion [ CJ//Pro-
ceedings of the Thirty-Eighth AAAI Conference on
Artificial Intelligence and Thirty-Sixth Conference on
Innovative Applications of Artificial Intelligence and
Fourteenth Symposium on Educational Advances in
Artificial Intelligence. Palo Alto, CA., USA. AAAI
Press, 2024: 8966-8974.

Li Guangyao, Sun Zequn. Hu Wei, et al. Position-
aware relational transformer for knowledge graph em-
bedding [J]. TEEE Transactions on Neural Networks
and Learning Systems, 2024, 35(8): 11580-11594.
Liu Yuhan, Cao Zelin, Gao Xing, et al. Bridging the
space gap: unifying geometry knowledge graph embed-
ding with optimal transport [ C]//Proceedings of the
ACM Web Conference 2024, New York, USA: ACM,
2024 .2128-2137.

Yin Hong. Zhong Jiang, Li Rongzhen, et al. High-order

neighbors aware representation learning for knowledge

[31]

[32]

[33]

zkxb. xjtu. edu. cn

zation [ EB/OL]. (2014-12-22) [2025-12-05]. https://
arxiv. org/abs/1412. 6980.

Srivastava N, Hinton G, Krizhevsky A, et al. Drop-
out: a simple way to prevent neural networks from
overfitting [J]. The Journal of Machine Learning Re-
search, 2014, 15(1): 1929-1958.

loffe S, Szegedy C. Batch normalization: accelerating
deep network training by reducing internal covariate
shift [ CJ//Proceedings of the 32nd International
Conference on International Conference on Machine
Learning. Chia Laguna Resort, Sardinia, Italy: PMLR,
2015: 448-456.

Ge Xiou, Wang Yuncheng, Wang Bin, et al. Com-
pounding geometric operations for knowledge graph
completion [ CJ//Proceedings of the 61st Annual
Meeting of the Association for Computational Linguis-

tics. Stroudsburg, PA, USA: ACL, 2023: 6947-6965.
(G Tol )




