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Bayesian Rule-based Knowledge Completion with Hierarchical Attention

SHAN Xiaohuan,ZHAO Xue and CHEN Tingwei

College of Information, Liaoning University,Shenyang 110036, China

Abstract As artificial intelligence in the big data era,knowledge graphs are widely used in many fields. Knowledge graphs gene-
rally suffer from incompleteness and sparsity. As a sub-task of knowledge acquisition, knowledge completion aims to predict mis-
sing links from known triples in the knowledge base. However, existing knowledge completion methods generally ignore the auxi-
liary role of entity type jointly with neighborhood information.which can improve the knowledge completion accuracy. There are
other problems such as feature information closely encodes into the objective function,and integration operations depend on the
training process highly. To this end,a Bayesian rule-based knowledge completion method with hierarchical attention is proposed.
Firstly,it regards entity type and neighborhood information as hierarchical structures,groups by relationship. It calculates each
type information’s attention weights independently. Then the entity types and neighborhood information encoding are regarded as
the prior probability. The instance information encoding as likelihood probability. The two are combined according to the Bayesian
rule. Experimental results show that the mean reciprocal rank(MRR ) metric in the FB15k dataset improves 14. 4% over ConvE
and 10. 7% over TKRL. The MRR metric in the FB15k-237 dataset improves 2. 1% over TACT. In the FB15k, FB15k-237 and
YAGO26K-906 datasets, its Hits@ 1 reaches 77. 5% ,73. 8% and 95. 1% respectively, which demonstrates the introduction of
type information and neighborhood information with hierarchical structure can embed richer and more accurate descriptive infor-
mation for entities,and thus improve the accuracy of knowledge completion.

Keywords Bayesian rule, Entity type, Hierarchical attention, Knowledge graph completion
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76 FBISK %44 % . BRHA 348 T & & 1 MRR. Hits@1,
Hits@3 Fl Hits@10, 48 35 ¥k T 5 Ze i 70 (19 Ji DA J2 4% 3¢
J7 W SE AR Y 2 AUE BRI SR IUE B IR = on Al ik AT AT, Jf
BT ZEEB PG &K E LW T AFRE, A58 E T
HERAN A Ry R R, A R-GCN #f . BRHA #9 MRR #5 T
10.5%,Hits@10 #£ & T 5. 5% » X ¥t ] BRHA . R-GCN
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Table 2 Experimental results on FB15k dataset

Model MRR Hits@1 Hits@3 Hits@10
TransE 0.463 0.297 0.578 0. 749
DistMult 0.798 - - 0.893
ComplEx 0.692 0.599 0.759 0. 840
RotatE 0.797 0.746 0. 830 0.884
ConvE 0.657 0.558 0.723 0.831
TKRL 0.694 0.711 — 0.734
TransT 0.761 0.720 — 0.854
R-GCN 0.696 0.601 0. 760 0.842
BRHA 0.801 0.775 0.841 0.897

#* 3 FBI5k-237 B4 dE i g: g0 45

Table 3 Experimental resultson FB15k-237 dataset

Model MRR Hits@1 Hits@3 Hits@10
TransE 0.294 - - 0.465
DistMult 0.241 0.155 0.263 0.419
ComplEx 0. 247 0.158 0.275 0.428
RotatE 0.338 0.241 0.375 0.533
ConvE 0.325 0.237 0. 356 0.501
HAKE 0. 346 0. 250 0. 381 0.542
TACT 0.830 0.741 - -

GRL 0. 326 0.248 — 0.502

CFAG 0.393 0.295 0. 440 0.575

GIE 0.362 0.271 0.401 0.552

R-GCN 0.164 0.10 0.181 0. 300

A2N 0.317 0.232 0. 348 0. 486
Nathani 0.518 0. 460 0. 540 0.626
BRHA 0.851 0.738 0.512 0. 640

F 4 YAGO26K-906 K4 gE I iy 52 4 45 R
Table 4 Experimental results on YAGO26K-906 dataset

Model MRR Hits@1 Hits@3 Hits@10
TransE 0.491 0.116 0.874 0.915
RotatE 0.921 0.941 0.956 0. 949
JOIE 0.888 0.708 0.938 0.893
BRHA 0.924 0.951 0.954 0.953

TE FB15k-237 ¥ % I, BRHA 3518 T f i i) MRR,
Hits@3 #l Hits@10, 5 HAKE 4 It . BRHA #J MRR #2 J)
T50.5% M, His@3 27+ 7T 13. 1%, SR&XLRIBELR
TACT,GRL,CFAG 1 GIE # kb, BRHA ka4 THEH
WA L, (5 B 122 OO0 (9 45 SRk i . SCIR S5 R,
BRHA 7 K Z 846 br L HBIUS T BT 45 R .

£ YAGO26K-906 %1 4/ 4£ I, BRHA 3K 3 T i 4F ¥
MRR, Hits @ 1 fil Hits @ 10, 5 TransE 4 [k, BRHA [
MRR 27+ T 43. 3%, Hits@10 £+ T 3. 8% . 5 XA & H1iH
[ 3% ABLE JOTE A L, BRHA J7 ¥ 84 1 521K 19 48 8 15
SN S @ b BT N
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PERE FRAETE FBISK £da s b SRR AA R T Z)ZE
EOTR LR B TN b OE G T A LR AL SR A

S AT B v AR ASAE T A 2 S A 1) 1] H SRR L T 34 A AL
HIE X M.

5 OAIEEEE FEET 22 R I ALE RALE A Sk
Table 5 Validity of weights based on multi-layer attention mechanism on different datasets
Type and FBI15k FB15k-237 YAGO26K-906
Neighborhood weights ~ MRR Hits@]1 Hits@3  Hits@10  MRR Hits@]1 Hits@3 Hits@10  MRR Hits@]1 Hits@3  Hits@10
Uniform 0.415 0.476 0.574 0.769 0.524 0.547 0.625 0.784 0.378 0.496 0. 450 0.756
Hierarchy-based 0.741 0.810 0.715 0.896 0. 658 0.760 0.724 0.819 0.722 0.793 0.698 0.823
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5 B CT+ N Sk PEAl 2 30 45 8 (9 A &tk . YAGO26K-906 H
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Table 6 Validity of type information and neighborhood information on different datasets

Int FB15k FB15k-237 YAGO26K-906

nio. -

MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3  Hits@10 MRR Hits@1 Hits@3 Hits@10

T 0.612 0.599 0.614 0.662 0.625 0.410 0.526 0.651 0.424 0. 389 0.517 0.716

N 0.679 0.710 0.620 0.745 0.717 0.724 0.610 0.718 0.469 0.427 0.673 0.814
T+N 0.831 0.788 0.753 0. 886 0. 826 0.790 0.748 0. 852 0.813 0.741 0.796 0.897

o404 DUeE AT AE 2R o f AU

T 9T BRHA i I DU RS AE S8 (0 20rk , AR S0 %
DL AR 0« (1) S 4571 DI i 307 4 22 (NO) % 4 2 B0 15 20 A1l
BLBRASE AU 1) {7 I8 56 UE B B2 W0 (4 45 001 5 (2) 8 i DL i 34 0 )
CYES) 46 TE £ 52 10U 0 43 300k .
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Table 7 Validity of Bayesian framework on different datasets

B . FB15k FB15k-237 YAGO26K-906
WL TVMRR . His@1 | His@3  His@10  MRR  His@1  His@3  His@lo MRR  His@1  His@3  Hits@10
NO 0.265 0. 390 0.441 0.607 0.279 0. 387 0. 394 0.641 0.246 0.373 0.510 0.607
YES 0. 481 0.492 0.562 0. 696 0.393 0.510 0.598 0.701 0.399 0.512 0.622 0.714
HERIE AR SCH T —FP T DU AR 0 () B 2 K E [3] KAPANIPATHI P,THOST V.PATEL S S.et al Infusing
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