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Knowledge Graph Completion Model Using Quaternion as Relational Rotation
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Abstract Knowledge graph is a structured representation of real-world triples. Typically, triples are represented in the form of
head entity, relationship entity and tail entity. Aiming at the data sparse problem widely existing in knowledge graph, this paper
proposes a knowledge graph completion method using quaternions as relational rotation. In this paper,we model entities and rela-
tions in the expressive hyper-complex representations for link prediction. This hyper-complex embedding is used to represent en-
tities.and relations are modelled as rotations in quaternion space. Specifically, we define each relation as a rotation from the head
entity to the tail entity in the hyper-complex space, which could be used to infer and model diverse relation patterns,including
symmetry/anti-symmetry,reversal and combination. In the experiment, the public datasets WN18RR and FB15K-237 are used for
the related link prediction experiment. Experimental results show that on the WN18RR dataset,its mean reciprocal rank (MRR)
is 4. 6% higher than RotatE,and its Hit@10 is 1. 7% higher than RotatE. On the FB15K-237 dataset,its MRR is 5. 6% higher
than RotatE,its Hit@3 is 1. 4% higher than RotatE. Experiments show that the knowledge graph completion method using qua-
ternions as relational rotation can effectively improve the prediction accuracy of triples.

Keywords Knowledge graph.Quaternion, Knowledge graph completion, Hyper-complex representation, Link prediction
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U hypernym Fl hyponym, Hf F3X 26 0] 33 5C & 2 W 35 $& T4
Bl QuatR AWM GE J1 . FATHE WN1S o i i A ml %6 = e 4l it
HEdL AR B — A B BT 4 WNISRR, 6] HL, i € 4w %% 4% 45
FB15k HF (0 FF A W] 336 =04, 155 FB15K-237,

WN18 j& WordNet f F4 .42 40943 NHA 18 F A
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FB15k /& Freebase () F 4, & 14951 AN HAT 1345 Ff
AR K RBERLL K 592213 ANFFL =04l L4, FB15k &
B O FR IR R FR /S R R S B

WNI18RR /& WNI18 iy #i 5 4E , U % 40943 N EF 11
PN IR) 2 R 9 5244, 93003 A58 = Jtdl. T WNISRR
T 330G 3R 1 B B, H 32 B Y 56 R BE SR 6 AR/ R X AR A
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Table 2 Data set statistics
Dataset # entity # relation % validation  # training ¥ test
WNI8RR 40943 11 3034 86835 3134
FB15k-237 14541 237 17535 272115 20466
WN18 40943 18 5000 141442 5000
FBI15k 14951 1345 50000 483142 59071
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AV Adam™ E Ry P14 2% I T 46 5 58 1 1 5
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B SR AN S — W iRk HOC R ARIRETE 0 M 2 2
W], BAOESEE T 7 FBISK-237 F 4% Hit@10 &1L
BWHENE=1000,6=1024,y=9. ML RN 1X10 7578
WNI8RR |4 Hit@10 sk & K £=500,6=512,y=6,
WIR A2 2] 3R 51077,
4.3 HEEEFN
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(Aliens,_ditrected_by,?), 1 AFE H , HE R T B ELIK, 7
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4.3.2 FRAFIRAR

MR SOk 147,75 36 MR, MRR Fll Hit@ N 15 Jy 4 3
T 52 35 B PPAG PR AR . MR AR IE 88 SR 19 7 ¥ HE 4, MRR
AR 2% 1E W S B9 BB B HE4S . Hit@ N (R IE Al SR HESS N
T BE A . X3 AR T, MR B MRR s sE Hit
@N i e B A P RO AT L 2 ST RE AR . SC 0 b il TR
o 45 P ] REAE AR SR BE AR 9 = oo AL AT R SRR 12T/ B
7 UL BE A 1R A0 = e 4L I R B B0 TE 4 I 4R o I B L I
LKAFB LS =04, Raw 1R 3R 7 4R B0 48 , Filter 8 26 M B
ZJE W B 4R L AR BE B T 5L 50 v R ATTOR A Filter A5 4E
4.3.3 SEBHH

1 HE B TS24 b L AT A Window 7 #2E R 48 .64 fif
PR ES ,GPU ¥ 1755 MHz 24GD6 GeForce RTX 2080 Ti,
YIB N AE N 256 GB, AR HE S U 82 46 op, FR AT A A R S 80N
18 R B L I AAEA 3000 K, LLE#E MRR Al Hit@10 ffh
WS E, B WNIS Ml FBISK 75 A [F] 45 51T 4 4 42 15 )
gz 3 A, F 4 5 T P E WNISRR il FBISK-
237 MR HE TN A5 R . MeAh FESR 3 P [ x + JRYSEIR S Rk
A cik29], [ = TR SC0 45 5ok B Scilk[30], e 4 [+ ]
RS20 45 SRk A SCEk[31], Hofth 92 50 55 1ok B Sek[27],

# 3 R[EBR T 25 2 WNLS il FBISK |- A0 6 12 T 45 S
Table 3 Link prediction results on datasets WN18 and FBI15K under different models

Vodel FRISK 7 \ WNI18 7 7
MR MRR H@1 H@3 H@10 MR MRR H@1 H@3 H@10
TransE [ % * ] — 0.463 0.297 0.578 0.749 — 0.495 0.113 0. 888 0.943
DistMult [ * ] 42 0.798 - - 0.893 655 0.797 - - 0.946
HolEL29] — 0.524 0.402 0.613 0.739 - 0.938 0.930 0. 945 0.949
ComplEx — 0.692 0.599 0.759 0. 840 — 0.941 0.936 0.945 0.947
ConvE[27] 51 0.657 0.558 0.723 0.831 374 0.943 0.935 0.946 0.956
RotatE 40 0.797 0.746 0. 830 0. 884 309 0. 949 0. 944 0.952 0.959
QuatR 36 0.820 0.750 0.878 0.905 265 0.960 0.956 0.967 0.952

F 4 AREBE T 7EHEE WNISRR Ml FB15k-237 | A4 5% 122 7500 45 78
Table 4 Link prediction results on datasets WN18RR and FB15k-237 under different models
FB15K-237 WNI8RR

Model MR MRR H@1 H@3  H@1L0 MR MRR H@1 H@3  H@1L0
TransE [ * ] 357 0.294 0.465 3384 0.226 0.501
DistMult 254 0.241 0.155 0.263 0.419 5110 0.430 0.390 0. 440 0.490
ComplEx 339 0.247 0.158 0.275 0.428 5261 0. 440 0.410 0. 460 0.510
ConvE[27] 244 0.325 0.237 0. 356 0.501 4187 0.430 0.400 0. 440 0.520
RotatE 177 0.338 0.241 0.375 0.533 3340 0.476 0.428 0.492 0.571
QuatR 164 0. 357 0.237 0. 389 0.546 3024 0. 498 0.421 0.504 0.588

T 3 FIFR 4 FTLLR M, AR SR QuatR 7 4 > HE ST
PEELRM TR PRI MTRERE, BES T, DE
FB15k il WN18 I, QuatR f FH Al FL#ERL R, {H Hit@10 B
4h. fE FB15k b, QuatR # RotatE £ MRR E & 2. 9%
(0.820—0.797=0.023 #3252, 9%) W . £ Hi@3
4. 8% My HE s 7E WN18 | . QuatR %% RotatE 7E MRR £
1.2% M RE . Hit@3 EA 1.5%MER . 5 RotatE ML,

QuatR JE S T P4 7T $UE 5 Lh & 807 T HE 5% A KW R IR
B, AAh, SRS R, QuatR AT LUAG S0 O BRI L R
FFRE AR B 6 R, 2) 7E FBISK-237 il WNISRR I,
QuatR 1 T RotatE ## {2 Hit@1 &4k, 7€ FB15K-237 |-,
QuatR % RotatE 7E MRR 4 5.6 % By & . £ Hit@3 LA
1. 4% 42 w5 s 78 WNISRR |, QuatR % RotatE 7E MRR |-
H A 6% R, 7E Hit@10 B 1. 7% 4R, 4k,
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TransE B Z G 118 T ComplEx, H R H £ T TransE 7] DA
AR HEHL 4 A B, I ComplEx TG ik HE L B X, 7
FB15k-237 I, FE X RZHGH;7E WNISRR |, FEX
FOE X IRAE RS R, B, AR S ¥ QuatR AT LLA
A AR BR M RORE BRI AL A e R A

SAE SE DY JT B H R A AR R AL OC R Y AR . AT TE
WNISRR Bl AR X R BT RR¥T, R5F M T
WNI18RR F 446 Z M MRR,IESE T /0 650 7E B A A HE TR 3
Pl G R BT DL KRB 1 . J34b similar_to RIUERR
PR 100 %6 - 3 B UGIE B T DU ST E0RE A B A AR R I 5k T

%5 RS WNISRR &AM MRR HE44
Table 5 Filtered mean reciprocal rank for the models tested

on each relation of WNI18RR

Relation Name RotatE QuatR

hypernym 0.148 0.175
also_see 0.585 0.630
verb_group 0.943 0.951
similar_to 1.000 1. 000
has_part 0.184 0.178
member_of_domain_usage 0.318 0.424
member_of_domain_region 0. 200 0.178
instance_hypernym 0.318 0.385

4.4 HERLHH

%6 B T ARSI RotatE 22 8] (9 S50 LB 45 R
7 WNI1SRR Fl FB15K-237 R4 I, 5 B BT RotatE #H
Lo A OB R S 4R B0 T RE T 66. 820 51% ., H 3 6 A
I, AR SCELT AT LA K> B B RotatE " S 8 4,
FEARFEOR R RE 10 R A e 2 TT4 67 XIS HL

F# 6 £ WNISRR I FBI5K-237 $H 4 I i 2 BOf i T 5

Table 6 Number of parameters comparison on WNI8RR and
FB15K-237 datasets

Model RotatE Our
Space Ck H*
FB15K-237 29.37TM 9.75M (v 66.8%)

WNISRR 41.95M 20.73M (v 51%)

FATVE SRR B PF 43 B B TR EAT S0 30, b 3R 7 T,
TEPIA JE 1 % 45 WN1SRR #1 FB15K-237 |-, MRR #1 Hit
@10 Ay 45 R 3R WA SCHE R P47 Hadamard 3 B2 2 58 19 4 fig
B, FATTHE Sk AR WU ST Bk A Z [H] $44T Hadamard Fe 1,
IR RNk LR B R IR e s . Wik, f f (hoo) =
lher—tl?.

£ 7 REATH T X MRR 1 Hit@ 10 (45 #r
Table 7 Analysis of MRR and Hit@10 under different scoring

functions

FB15K-237 WNI8RR

Analysis . -
MRR H@10 MRR H@10
| ht+r—t] % 0.294 16.3 0.245 54.5
Chyrst) 0. 241 41.7 0. 420 49.1
| her—e||3 0. 357 54.6 0.498 58.8

BERIE A SCH W R EIE AN 24— T A e OC R

TEFERERL, TR T .
CI A SCAE T 8 0 B A 1% S8 1 52 B0k A A 4fk 3 3 i
KEB XIAR/ RMFR R M &, M BEA—FEE

BORERETEGEE YR, B, WIS DITE =g
[F1) v 2 35 @ e o b A B0 T VP R B SR R el R

(2)FE 4 A HEMERCHE A b FRATTHEAT T A G 0 S 42 70000 52
By, SCERSE S W], 5 3 ol B RUAR [ L AR SO ERTE MR,
MRR, Hit@10 #§ 45 LA T 8 F # 5. 1X 3 0 1Y o0 505 5% 4
0] DAA A4S R SRR P 5000 R e 7] AL B 0 T TR 4 o
#,

S 2 v R HE TN 1 AR R TE S S RIS L AT DA LA
T AT IR R < 1) 25 0 ] VU T OB R R oK a9 5 A
IR SCAR 5 2) S8 U TT S b 2 I 45 R AR &5 A ORI R Bh A
SRR R 42 T vk

2 % X M
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