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Adaptive Context Matching Network for Few-shot Knowledge Graph Completion

YANG Xuhua.ZHANG Lian and YE Lei

College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China

Abstract The knowledge graph needs to face complicated real world information in construction process,and cannot model all
knowledge.,so it needs to be completed. Many relations in real knowledge graph often have only few entity pairs for training.
Therefore, few-shot knowledge graph completion is a very significant problem. At present, embedding-based methods generally
aggregate entity context information through attention mechanism or other methods,and complete knowledge graph by learning
relation embeddings. These methods only consider the matching degree at relation level. Although they can predict unknown rela-
tions, the result is often not accurate. Therefore,an adaptive context matching network(ACMN) is proposed for few-shot know-
ledge graph completion. Firstly,a common-neighbor awareness-encoder is proposed to aggregate the references context, that is,
one-hop neighbor entities,and obtain common-neighbor awareness embeddings. Secondly,a task-related entity encoder is proposed
to mine the similarity information between task entity context and common context,distinguish the contribution of one-hop neigh-
bors to the current task,and enhance task entity representation. Then a context-relation encoder is proposed to obtain dynamic re-
lation representations. Finally,the matching degree of entity context and relations is comprehensively considered through weigh-
ted summation to complete the completion. ACMN comprehensively evaluates whether the query triples are tenable from two as-
pects of entity context similarity and relations matching, which can effectively improve the prediction accuracy in few-shot scena-
rios. Compared with other eight widely used algorithms on the two public data sets, ACMN achieves the best completion results
in the case of different few-shot sizes.
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Table 1  Statistics of datasets
Dateset # Ent. Z Rel. # Triples. Z Tasks.
NELL 68545 358 181109 67
Wiki 4838244 822 5859240 183
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Table 2 5-shot link prediction results on NELL and Wiki

NELL Wiki
MRR Hits@10  Hits@5 Hits@1 MRR Hits@10  Hits@5 Hits@1
TransE 0.174 0.313 0.231 0.101 0.133 0.187 0.157 0.100
DisMult 0. 200 0.311 0.251 0.137 0.071 0.151 0.099 0.024
ComplEx 0.184 0.297 0.229 0.118 0. 080 0.181 0.122 0.032
disMult 0.158 0.285 0.226 0.097 0.093 0.180 0.128 0.043
RotatE 0.176 0.329 0.247 0.101 0. 049 0. 090 0.064 0.026
GMatching(maxP) 0.176 0.294 0.233 0.113 0.263 0. 387 0. 337 0.197
GMatching(meanP) 0.141 0.272 0.201 0.080 0.254 0.374 0.314 0.193
GMatching(maxS) 0.147 0. 244 0.197 0.090 0. 245 0.372 0.295 0.185
FSRL 0.153 0.319 0.212 0.073 0.158 0. 287 0. 206 0.097
MetaR 0.209 0. 355 0. 280 0.141 0.323 0.418 0. 385 0.270
ACMN 0.284 0.411 0.344 0.213 0.349 0.463 0.382 0.295
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Fig. 2 Tllustration of K-shot KG completion results on NELL
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Table 3 Statistics of combination of submodules of different

ACMN variants

a b c d Variants
al N N/ N AS_al
a2 NG N NG AS_a2
N bl N NG AS_bl
N b2 NG NG AS_b2
N NG cl NG AS_cl
N NG 2 NG AS_c2
N/ NG N/ dl AS_d1

# 4 ACMN 7£ NELL [ Ay filt 52 56 45 3
Table 4 Results of ACMN ablation experiments on NELL

Variants MRR His@10  His@5 — Hits@1

AS_al 0.182 0.333 0.256 0.114

AS_a2 0.212 0.321 0.257 0.158

AS_bl 0.207 0.315 0.257 0.153

AS_b2 0.192 0.323 0.231 0.132

AS_cl 0.198 0.303 0.243 0. 144

AS 2 0.233 0.383 0.307 0.156

AS_d1 0.228 0.346 0.283 0.162

Ours 0.284 0. 411 0.344 0.213
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