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Figure 6 The impact of reference set size on the performance of various models on Wiki-One

4 £

A SCEE XS ANEA TR B S A A AT 55 R 1 T T
KFR 2T BY/NFEAFI R B 1 #b 2 B8 FRLC, R &
e P 4B S AR A B e R e 5L AT T ML S DB 4R
SR A MR OF BEAT IR HR v SR G A TR AR )
KRRRFEH FRLC X 2 % 4 o 52K X 4 8 %
RIS WA R T ) X 7O R A BT &
IR AT S A Y ML, f TH A R A s B TR
Transformer 2% > %% WP T A LSTM W 2% | ik — 5 2 &
INER KRB P, SR L5 R E W, FRLC 78 4 4%
PG B 1A Tk FRKGC BER (H i 3 2 3h
AR R A Y % e TN A B R A BE 1 B R
o — A B PR ) ROk Y AR P
BE AR T B3 5 5L AR R OC &R 1 KR
el FH 5C 28 0 S A B SCAS il 348 R 4 s R P ) 3R
fiERE

B2 3k
[1] CHEN X J, JIA S B, XIANG Y. A review: knowledge

reasoning over knowledge graph[ J]. Expert Systems with
Applications, 2020, 141, 112948.

BOLLACKER K, EVANS C, PARITOSH P, et al. Free-
base: a collaboratively created graph database for structu-
ring human knowledge [ C ] // Proceedings of the 2008
ACM SIGMOD International Conference on Management
of Data. New York: ACM, 2008 1247-1250.
SUCHANEK F M, KASNECI G, WEIKUM G. YAGO: a
core of semantic knowledge[ C]//Proceedings of the 16th
International Conference on World Wide Web. New

York: ACM, 2007 697-706.
[4] BERANT J, CHOU A, FROSTIG R, et al.

Semantic

[6]

[7]

[8]

[9]

[10]

parsing on freebase from question-answer pairs[ C]//2013
Conference on Empirical Methods in Natural Language
Processing. Stroudsburg: ACL, 2013, 1533-1544.
e, R, IKREI, LT ORYERE P SCE LAy
A B i USRI R RIS [ ] N R 2 2 4l (T2
f), 2020, 41(3); 8-13.

ZUO0 M, XU Z L, ZHANG Q C, et al. A question an-
swering model of food domain knowledge bases with two-
dimension Chinese semantic analysis [ J]. Journal of
Zhengzhou University ( Engineering Science ), 2020, 41
(3): 8-13.

ZHANG F Z, YUAN N J, LIAN D F, et al. Collabora-
tive knowledge base embedding for recommender systems
[ C]//Proceedings of the 22nd ACM SIGKDD Internation-
al Conference on Knowledge Discovery and Data Mining.
New York; ACM, 2016; 353-362.

CHAMI I, WOLF A, JUAN D C, et al. Low-dimensional
hyperbolic knowledge graph embeddings [ C ] // Proceed-
ings of the 58th Annual Meeting of the Association for
Computational Linguistics. Stroudsburg; ACL, 2020.
6901-6914.

BORDES A, USUNIER N, GARCIA-DURAN A, et al.
Translating embeddings for modeling multi-relational data
[ C]//Proceedings of the 26th International Conference on
Neural Information Processing Systems. New York: ACM,
2013, 2787-2795.

YANG B'S, YIH W T, HE X D, et al. Embedding enti-
ties and relations for learning and inference in knowledge
bases[ EB/OL]. (2015-08-29)[2023-07-08]. https:
//arxiv. org/abs/1412. 6575.

TROUILLON T, WELBL J, RIEDEL S, et al. Complex
embeddings for simple link prediction[ C ] //Proceedings
of the 33rd International Conference on International Con-
ference on Machine Learning. New York: ACM, 2016;
2071-2080.



5% 4 BPESEET R AR T /A FR ] 1 b A s Y 61

[11] VELICKOVIC P, CUCURULL G, CASANOVA A, et al. 2021; 213-222.
Graph attention networks [ EB/OL]. (2018 -02-04) [17] VASWANI A, SHAZEER N, PARMAR N, et al. Atten-
[2023-07-08]. https:/arxiv. org/abs/1710. 10903. tion is all you need[ C]//Proceedings of the 31st Interna-
[12] XIONG W H, YU M, CHANG S Y, et al. One-shot rela- tional Conference on Neural Information Processing Sys-
tional learning for knowledge graphs[ EB/OL]. (2018- tems. New York: ACM, 2017 6000-6010.
08 - 27) [ 2023 - 07 - 08 ]. https: // arxiv. org/ [18] SUN G, ZHANG C, WOODLAND P C. Transformer lan-
abs/1808. 09040. guage models with LSTM-based cross-utterance informa-
[13] ZHANG C X, YAO H X, HUANG C, et al. Few-shot tion representation[ C]//2021 IEEE International Confer-
knowledge graph completion[ EB/OL]. (2019-11-26) ence on Acoustics, Speech and Signal Processing. Piscat-
[2023-07-08]. https:/arxiv. org/abs/1911. 11298. away: IEEE, 2021. 7363-7367.
[14] SHENG J W, GUO S, CHEN Z Y, et al. Adaptive atten- [19] HLAS, MR, 425 Mk, 55, T XRFIMEW
tional network for few-shot knowledge graph completion INEEATNR S AN SBR[ T ] TR AL TR, 2023, 49
[ C]//Proceedings of the 2020 Conference on Empirical (9) :52-59.
Methods in Natural Language Processing. Stroudsburg: RAN Z J, SUNLF, ZOU Y S, et al. Few-shot knowledge
ACL, 2020: 1681-1691. graph completion model based on relation learning network
[15] CHEN M Y, ZHANG W, ZHANG W, et al. Meta rela- [J]. Computer Engineering, 2023, 49(9) :52-59.
tional learning for few-shot link prediction in knowledge [20] KINGMA D P, BA J. Adam: a method for stochastic op-
graphs[ C]//Proceedings of the 2019 Conference on Em- timization| EB/OL]. (2017-01-30) [ 2023-07-08 ].
pirical Methods in Natural Language Processing and the https ; //arxiv. org/abs/1412. 6980.
9th International Joint Conference on Natural Language [21] KAZEMI S M, POOLE D. SimplE embedding for link pre-
Processing. Stroudsburg: ACL, 2019, 4217-4226. diction in knowledge graphs[ EB/OL]. (2018-10-26)
[16] NIU G L, LI Y, TANG C G, et al. Relational learning [2023-07-08]. https:/arxiv. org/abs/1802. 04868.
with gated and attentive neighbor aggregator for few-shot [22] SUN Z Q, DENG Z H, NIE J Y, et al. RotatE: knowl-
knowledge graph completion[ C]//Proceedings of the 44th edge graph embedding by relational rotation in complex
International ACM SIGIR Conference on Research and space[ EB/OL]. (2019-02-26)[2023-07-08]. https:
Development in Information Retrieval. New York: ACM, //arxiv. org/abs/1902. 10197.

Relation Learning Completion Model for Few-shot Knowledge Graphs
LI Weijun, GU Jianlai, ZHANG Xinyong, GAO Yuxiao, LIU Jintong

(School of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China)

Abstract; In few-show knowledge graphs, the representation of relationships between entity pairs was diverse and
complex. However, existing few-show knowledge graph completion methods commonly suffered from insufficient re-
lational learning capabilities and the neglect of contextual semantics associated with entities. To address these chal-
lenges, a novel approach called the few-shot relation learning completion model ( FRLC) was proposed. Firstly,
during the process of aggregating high-order neighborhood entity information, a gating mechanism was introduced to
mitigate the adverse effects of noise on neighbors while enriching the representation of central entities. Secondly, in
the phase of relation representation learning, the correlations among entity pairs in a reference set were leveraged to
obtain more accurate relationship representations. Lastly, within the Transformer-based learning framework, an
LSTM structure was incorporated to further capture contextual semantic information of entities and relationships,
which was used for predicting new factual knowledge. To validate the effectiveness of FRLC, comparative experi-
ments were conducted on the publicly available NELL-One and Wiki-One datasets, in which FRLC was compared
with six few—shot knowledge graph completion models and five traditional models for 5-shot link prediction. The ex-
perimental results showed improvements in FRLC across four metrics; MRR, Hits@ 10, Hits@ 5, and Hits@ 1,
demonstrating the model’s effectiveness.

Keywords: knowledge graph completion; few-shot relation; neighborhood aggregation; link prediction



