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Knowledge Reasoning Model Combining HousE with Attention Mechanism

ZHU Yuliang, LIU Juntao,RAO Ziyun,ZHANG Yi and CAO Wanhua
Wuhan Digital Engineering Institute, Wuhan 430205, China

Abstract Knowledge reasoning technology is a method proposed to solve the problem of missing knowledge graphs and has been
continuously developed in recent years. In order to solve the problems of low accuracy, poor interpretability ,and weak applicabili-
ty in knowledge reasoning,a knowledge reasoning model called Att-HousE, which combines HousE with Attention Mechanism,is
proposed. It consists of a rule generator with attention mechanism and a rule predictor with HousE. The rule generator generates
the rules required for reasoning and passes them into the predictor, which updates and then obtains scores for different rules. Af-
ter that,the generator and predictor are continuously trained and optimized by the EM algorithm. Specifically.the model is based
on RNNLogic and has been improved. The attention mechanism can select more noteworthy relationships as rules,improving the
accuracy of the model. HousE has more flexibility in handling complex relationships and is suitable for establishing multilateral
relationships. According to experimental results on public datasets,it indicates that Att-HousE’s MRR is 6. 3% higher than that
of RNNLogic when doing reasoning tasks on FB15K-237. For the sparse dataset WN18RR,the Hits@10 of Att-HousE is 2. 7%
higher than that of RNNLogic. It is demonstrated that the introduction of HousE and attention mechanism can more comprehen-
sively grasp and form multilateral relationships,which can improve the accuracy of knowledge reasoning.

Keywords Knowledge graph completion, Knowledge reasoning, Attention mechanism, Knowledge representation, EM algorithm
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Table 1 Datasets used in experiment
A& xR SR 3 %% il & R &
FB15K-237 237 14541 272115 17535 20466
WNI18RR 11 40943 86835 3034 3134

Hodr Sz 56 4l A9 #R4E R 48 Ubuntu20. 04, GPU i [ B 4%
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F2 TLRMANSHK

Table 2 Parameters used in experiment
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Table 3 Fact prediction results of different methods on FB15k-237
o . FB15k-237

- " MR MRR Hits@1 Hits@3 Hits@10
B4 0.08840.004 8.5+0.3 9.8+0.3  12.3+0.5

EF AN
o . EXEECE S — 0.135+0.002  12.54+0.5 17.6+0.5 33.4+0.4

Il VRS
CTP 0.079+0.009 7.240.2 8.540.2  10.3+0.3
TransE 35642 0.295+0.004  10.34+0.6 58.4%0.4 46.6+0.6

R
73?1::1;; Complex 33745 0.289+0.006  15.6+0.4 27.3+0.1 41.5+0.3
RotatE 177+3 0.338+0.003  24.14+0.2 40.5+0.4 55.3%0.2
RNNLogic 53845 0.28840.002  20.840.6 31.540.2 44.5+0.4
BAE % DeepPath 168+6 0.327+0.006  23.84+0.5 35.6+0.8 50.8+0.6
PTransE 17248 0.33140.012  23.941.1 36.4%1.5 51.2+1.8
A XS *% Att-HousE 18144 0.351£0.003  25.94+0.4 36.1+0.5 54.5+0.6
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Att-HousE W ft. T* RNNLogic, DeepPath #l PTransE %5 Fill
A5 MRR #5845 [ % & o RNNLogich & H 6. 3%,
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HES T AR PR AR R I . T 4% S5 B2 14 B0 347 T B IR 4 %
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ik DRCR A EH B,
4.4 HELEXIE

AT EAUE Att-HousE #E# v i) HousE 4 A SR T H
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B HHLE 15 3 NoAtt-HousE; # % # it Att-HousE o 1Y #t
A K TransE, 33 Att-TransE, X} 3 W A4 BY 3k 47 52 56 B,
fd HI A Att-HousE #7 [7] 19 238 4R DL X #4616 2 80H# A7 I %

WNI18RR 4 45 %5 [H] JC 4% V8 #& 3 K, T o 8 51— 1 1] HIUE, TR AR MK 4 ),
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Table 4 Fact prediction results of different methods on WN18RR
- . WNISRVR 7 7

MR MRR Hits@1 Hits@3 Hits@10
£F A 7 HAL - 0.188+0.003 16.9+0.2 19.540.3 21.240.5
S5 EXCECE S — 0.195+0.005 17.8+0.4 21.540.1 23.8+0.3
CTP — 0.1650.007 13.240.5 16.84+0.2 18.340.7
. TransE 3385412 0.22540.006 21.5+0.4 32.240.3 49.540.2
i ﬁ% Complex 5266418 0.42440.003 10.240.2 45.440.2 50.80.4
RotatE 33406 0.476+0.003 42.840.1 49.2+0.1 50.1+0.3
RNN-Logic 7527419 0.455+0.012 41.440.7 47.540.3 53.140.1
A H % DeepPath 4246415 0.35140.008 38.4+0.4 45.2+0.9 49.5+0.5
PTransE 4581+8 0.3930.007 42.540.3 46.140.7 51.240.2
R XK % Att-HousE 1656+13 0.418+0.006 41.34+0.2 49.41£0.3 55.84+0.2

% 4 Fryl, NoAtt-HousE Fl Att-TransE B 3:7E & 5 b1
B S5 50 45 B A R M At-HousE 583, 3 % 5 K J&2 NoAtt-
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HIPR A B e B 1T K. At TransE 53 45 48 #5 76 P14 B 4R
AR T Att-HousE 5835 9 Jg5t X 2 ik A (9 3% 8%, TransE Xf T
X B B X B G A 2 6 R ME L AT A, R BEFE 4 R H K &R
AR E AR R e 2 PR . I R Bk )
AEZEIHLEE HousE # A #E #AE 55 14 58 BCEL A B 5 1Y
BRI,
4.5 TFIEREMESH

3 TUEW] ATT-HousE 7E 5% 36 o4 1R 384T 55 7] i ¢
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Table 5 Comparison of ablation experiment results
#HE & H ik MR MRR Hits@1 Hits@3 Hits@10
NoAtt-HousE 47745 0.29540.006 22.44+0.5 35.64+0.7 49.7+0.8
FB15k-237 Att-TransE 275+2 0.29840.003 12.2+0.4 60.5+0.2 47.44+0.4
Att-HousE 1814 0.351%0.003 25.9%0.4 36.14+0.5 54.5%0.6
NoAtt-HousE 5425+15 0.40540.008 40.840.2 48.2+0.1 50.940.2
WNI8RR Att-TransE 3568+8 0.25840.003 23.44+0.1 35.84+0.3 51.640.6
Att-HousE 1656+13 0.418%0. 006 41.3£0.2 49.41£0.3 55.8%0.2
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