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QubitE : Qubit Embedding for Knowledge Graph Completion

LIN Xueyuan, E Haihong ,SONG Wenyu, LUO Haoran and SONG Meina

School of Computer Science,Beijing University of Posts and Telecommunications,Beijing 100876, China

Abstract The knowledge graph completion task completes the knowledge graph by predicting missing facts in the knowledge
graph. The quantum-based knowledge graph embedding(KGE) model uses variational quantum circuits to score triples by mea-
suring the probability distribution of qubit states,and triples with high scores are the missing facts. But the current quantum-
based KGE either loses the quantum advantage in the optimization process and the matrix unitary property is destroyed,or re-
quires a large number of parameters for storing quantum states,resulting in overfitting and low performance. Furthermore, these
methods ignore the theoretical analysis that is essential for understanding model performance. In order to solve the performance
problem and bridge the theoretical gap,we propose QubitE:entities are embedded as qubits(unit complex vectors) , relations are
embedded as quantum gates(unit unitary matrices) » the scoring process is complex matrix multiplication,and kernel methods are
used for optimization. The parameterization method of the model can maintain the quantum advantage in optimization.the space-
time complexity is linear.and it can even further realize semantic-based quantum logic calculation. In addition, the model can be
proved to be fully expressive, relational schema reasoning ability and inclusiveness, etc. theoretically, which is helpful to under-
stand the model performance. Experiments show that QubitE can achieve results comparable to state-of-the-art classical models
on some benchmark knowledge graphs.

Keywords Knowledge graph,Knowledge graph completion, Knowledge graph embedding.Representation learning . Qubit
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Table 3 Dataset statistics

B & % & ¥ if % pURE v 3
FB15k 483142 50000 59071
WN18 141442 5000 5000
FB15k-237 272115 17535 20466
WNI8RR 86835 3034 3134
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Table 4 Hyper-parameter values of QubitE on all datasets

AR E Ir drop d, d, bs
FBI15k 0.00005 0.1 600 600 512
FB15k-237 0.00050 0.2 200 200 512
WNI8 0.00010 0.1 400 400 512
WNI18RR 0.00005 0.2 400 400 512
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TRILFRHER S = s R RHA R R,

# 5 FBI5k-237 A1 WN1SRR | fif 4% 42 i 0l 45 51
Table 5 Link prediction results on FB15k-237 and WNI18RR
FB15k-237 WNI18RR
A — - — - — —
MRR Hits@10 Hits@3 Hits@1 MRR Hits@10 Hits@3 Hits@1
TransE 0.294 0.465 — — 0.226 0.501 - —
RotatE 0.338 0.533 0.375 0.241 0.476 0.571 0.492 0.428
QuatE 0.348 0.550 0.382 0.248 0.488 0.582 0. 508 0.438
NagE 0. 340 0.530 0.378 0.244 0.477 0.574 0.493 0.432
5%E 0. 350 0. 530 0. 380 0. 260 0. 470 0. 580 0. 500 0.410
HopfE 0.343 0.534 0.379 0.247 0.472 0.586 0.500 0.413
MuRP 0. 340 0.520 0.370 0.240 0.480 0.570 0.500 0. 440
ATTH 0.311 0.488 0.339 0.223 0.456 0.526 0. 471 0.419
DistMult 0.241 0.419 0.263 0.155 0.430 0.490 0. 440 0.390
ComplEx 0.247 0.428 0.275 0.158 0. 440 0.510 0. 460 0.410
HypER 0.341 0.520 0.376 0.252 0. 465 0.522 0. 477 0.436
TuckER 0.358 0.544 0. 394 0.266 0.470 0.526 0. 482 0.443
QCE — 0. 350 0.225 — — 0.323 0.195 -
F-QCE — 0. 337 0.198 — — 0.378 0,274 —
QubitE(ours) 0.366 0.554 0.400 0.273 0. 467 0.525 0.478 0.437
QubitEz (ours) 0.366 0.555 0. 401 0.273 0.471 0.531 0.482 0.441
%6 fF FBI5k Al WNI18 | 5% 42 i 0 45 5
Table 6 Link prediction results on FB15k and WN18
W FB15k WNI18
MRR Hits@10 Hits@3  Hits@1 MRR Hits@10  Hits@3 Hits@1
TransE 0.463 0.749 0.578 0.297 0.495 0.943 0.888 0.113
RotatE 0.797 0.884 0.830 0. 746 0.949 0.959 0.952 0.944
QuatE 0.782 0. 900 0. 835 0.711 0. 950 0.959 0.954 0.945
NagE — — — — 0. 950 0.960 0. 953 0.944
5+E 0.730 0. 860 0.780 0. 660 0. 950 0. 960 0. 950 0. 950
HoplE - — — — 0.949 0. 960 0. 954 0.938
DistMult 0.798 0. 893 — — 0.797 0.893 _ -
ComplEx 0.692 0. 840 0.759 0.599 0.941 0.947 0.936 0.936
SimplE 0.727 0.838 0.773 0. 660 0.942 0. 947 0.944 0.939
HypER 0. 790 0. 885 0. 829 0.734 0.951 0.958 0. 955 0. 947
TuckER 0.795 0.892 0. 833 0.741 0.953 0.958 0.955 m
QubitECours)  0.807  0.894  0.838  0.758  0.950  0.957  0.952  0.945
QubitEz (ours) 0.818 0.897 0. 846 0.753 0. 950 0.959 0.954 0. 946
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7 WNI18 L., QubitE Fl QubitE, B # f 5 SOTA # %
(QuatE, NagE, HopfE 48) £ it 5 #8 #5 I AH 22 7E 0. 003 LAWY,
1E Hits@1 1 Hits@3 W BUR 7T RpL g5 8. FILAE 0. 005
B IR 22 AL VFYE R P L 7T LAIA O WINTS B9 4 A fig 1B 3% X 433X
TS .

FB15k-237 Al WN18RR 3= 40 5 %1 R / 5% R A4 & 19
HEFRRLRC , 7EBRJL B S KGEs ik W, TransE 19 1 68 fc 22,
Bl Sy B T 12 HE W7 B X R B R AR S T RotatE (19 4 3 g
T, M RotatE,QuatE ¥ HopfE, H: MRR Al Hits@ 10 [
HEE A0 WU TTE A B 55 0 R HE S AR R S . 7ETK
S Al KGEs J7 3% 77, ComplEx il DistMult 2 31 A, A K
TAITREMER A SR, TuckER MERMMEFE L, HH
THAREFREN, HELMEAR QubitE M, TuckER 7
ERZHSH, BEMS. AARAENEREARRT
QubitE % (0 £ R e . FB15k f1 WN18 3 B 41, & % Fx /

SR FRORT B ARG HfE BT R, FE WKL B A KGE 5 i
TransE 763X W55 4 R A, K TransE J6 % 4b B
YRR . RotatE 4 3¢ R 5 4 Sy &2 45 1] v ) e % , T DU 6 40
25 QuatE MIRBTE4F . B0 QuatE T R, 50
PLPUTCHSE F M IE — Fh 2 b A PR RE MO SCHEAE R . B D) M ikt
B F R FHLH, QubitE B 4R 2 I3 — 1k 249 3 DL AR 45 2 7
R HoAME fE He TransE #1 RotatE 45 £,

S —Fh 5L F 887 B 7 5, QubitE B9V BB B B 08 T 6
R R 2 T &= 7 B A QCE Al F-QCE. 5 QCE #il F-
QCE # Lt , QubitE 7£ FB15k il WN18 L i) it 4 #8545 L - 1
& T 50%, W QCE Tkl 2 b R 45 it TR f F-
QCE I Th7 Ifi 25 2 50 Mk K Aok B2 006 (9 ) B, PRI UG AT LA IA Ky
QubitE TR IR T H A A AR ) 2 2R BE . &%
A K 12 7 WL 70 I T AT 55 1 1) 1E B N
5.3 FEHREMRER

J T VAL QubitE (5% 42 T BE L AR SO A [ 1 BE AL
¥ 1,10,100,1000,10000 43 HiZFTHEEL 5 R, RYTAAT
LR AR ZERR . % 7 51 T QubitE 78 4 A EE A W
SORM R, SR E , J7 2R/ U] QubitE Ay M2 R
SEM .

# 7 QubitE A B L85 R E A T 2
Table 7 Mean values and variances of QubitE’s results on all datasets
BE MRR Hits@10 Hits@3 Hits@1
FB15k-237 0.366+3 %10 7 0.554+2%10 6 0.400+2 % 106 0.273+3 %107
WN18RR 0.4674+9 %107 0.52542 %102 0.4784+3 %102 0.4374+1%10?
FB15k 0.807+2% 106 0.894+1%10° 0.838+3 % 102 0.758+2% 102
WN18 0.950+3 % 106 0.957+3 %10 6 0.952+5% 106 0.945+8 % 107
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Fig. 1 Convergence MRR and training time of QubitE on

WNI18RR
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AT R TR, B, 4 Sk ALNOT & 7 L %
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PHEXF SRR FiR AR KR T LN, 9, QubitE S H; i
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DEENIR I W

, 01
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%8 WETITNOT A4 ML SR Ay 75 E 52k

Table 8 Negative entities of source entities generated by quantum gate NOT

R SE K IR R R A E S TEEKREA 2%
Hermann Hesse /music/artist Dannii Minogue /tv/tv_actor 0.8221
Norman Stiles /award/award_winner The Verdict /award/award_winning_work 0.9402
Edward G. Robinson /award/award_winner Snow White and the Huntsman /award/award_winning_work 0.8526
Martin Scorsese /tv/tv_producer Liza Minnelli /film/actor 0.8513
Ellie Kemper /tv/tv_actor Amy Winehouse /music/artist 0.6913
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