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Link Prediction in Knowledge Graphs Based on Hyperbolic
Graph Attention Networks
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Abstract: Most existing knowledge representation learning models treat knowledge triples independently, it fail
to cover and leverage the feature information in any given entity’s neighborhood. Besides, embedding
knowledge graphs with tree-like hierarchical structure in Euclidean space would incur a large distortion in
embeddings. To tackle such issues, a link prediction method based on Hyperbolic Graph ATtention networks
for Link Prediction in knowledge graphs (HyGAT-LP) is proposed. Firstly, knowledge graphs are embedded in
hyperbolic space with constant negative curvature, which is more suited for knowledge graphs’ tree-like
hierarchical structure. Then the proposed method aggregates feature information in the given entity’s
neighborhood with both entity-level and relation-level attention mechanisms, and further, embeds the given
entity in low dimensional hyperbolic space. Finally, every triple’s score is computed by a scoring function, and
links in knowledge graphs are predicted based on the scores indicating the probabilities that predicted triples
are correct. Experimental results show that, compared with baseline models, the proposed method can
significantly improve the performance of link prediction in knowledge graphs.
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.@@g@M)+07ngfﬂﬂ) B A 2 AR S WordNet (0 T8, 408 7 Hidl 2
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RN A
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vtT
R || SHARIRR | RREW SEAR T X it 4% R 40 J USRS o
il || AR | R FBH WEGRmE  mH RaE 7R
2 HyGAT-LPHAIHELE
# 1 FBI5k-237THIBEFMWNISRREBESITEER
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e/ V| |R| — — — e
W55 ETrain ISAIEHE Evalid AR EE Eest M= E
FB15k-237 14541 237 272115 17535 20466 310116 1308.5
WN18RR 40943 11 86835 3034 3134 93003 8454.8
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5.2 TN IERFSERE

S A g 81 207 3 HE)F (Mean Reciprocal
Rank, MRR)MHits@1, Hits@3, Hits@10(HE/E BT
1, 3, 10% M SR B LBl 7E 9 vF A 76 45
MRR 2 K HE 42 B8 B A 45 P55 (0,1) 2 18], fE K
KBRS R4 . Hits@l, Hits@3, Hits@l10%
INTEFTA Mk 4 IR RHETERTL, 3, 1081
e, AE AR R Ry . K 30E4E EMRR i
U RS R AR AR EE B 1T RSB A 4 R

NGB, L = 2000 2 B8 2 Kl
SR ]SRRI R R R N &, ZSkiERE )
MU X B 3k B o8, B RZ A 1 A 26 M B0 B
R HLeakyReLU R £, #541R HH Glorot 77 i 47
B S IE,  Adam ik 88 5 /MUY 56 %
)R IN0.01. SRR RN R = 4N
200, HLALFE KN N128, FRAEHCNS0, BALZEAR
RECH500,
5.3 SLIQLERMDHT
5.3.1 A S RMEEENTEE

NVTART BT S0 R U Pl B TR 55 T
Ve, SIS IR B RS IR B AR A TransE”, RotatE®,
MuREP), & Y VLA A DistMult!”, ComplEx!",
TuckERM, FETFH R4 M 4% FIH R ConvEN,
ConvKB!M, FEF K [ 2% I A R GHA TR
2T 00 2 B R e B B B AR A MuR PO, ATTHERY
FELURP R R A N HE L 5 A Tt HyGAT-LP
BRI FEAT X Ll S v B2 P S B0 B0 3 2 R IR Sk rh
(1) S 56 45 AT

LIRS R 2R, HA I AR R,
W RIL R RS . B X HE B TR (T
T n L4y N33s: BRA AR, & s =5 [\ C
A 2B SL0 ah BB R, B R s b,
TransEF B ) [\ & 7E DLAH &5 20 E 4k
HI RS B R £ FB15k-237 L AE A Sl = o 4 14
JARFAE ;s ABAEXTRR R RAE S BRI WN1SRRAA
EREE L, RRRIAE AN B A oe RISTIRS, SR
MAAXRRHESENTHIE, SEMRRESE
ik SFREFE BB, DistMultFComplExT
A58 FH PRT X 1 3 v B 4 A H U S A A ABL P R AE
M SEHIEEWNISRR R, EIERM B3
PEEFB15k-237 F, X DUBREL 2 88 (1) 45 B AL SE
A% ~, MRRHM HitsQ10#54 ¥ & F1&. ConvE
TER R E R LT B fabs BRI €, 308
X SRR S 2 W) B 1 P S 24E B AL B T ONN$2
R i 20 5 9% R4FE. ConvKB45A T CNNAI
TransERFR R, (HEITVEH M e s ik A UER
7S [ B 2 ) T AR I ), R EWN1SRR A
MRRE: L FRIFERIHEPERE TIE . RotatEAEASL
T HESRRR/ RONFR I DA H A, THhRe
FHE T CLE JUR B K3 T o Tuck ERARAY &
XU BB R —, MR+ EF5 . MRGHATIE
B 7 3T B 2 P 2% BB A L T UL B LT ATl
PAEEI P W ST PERE R AR, DRI T ISR
28RN 2 JIH LA B B R AL Ll A% G R SR B A AE
S0 AR, X R PR T ok S R ) A 1
N VALK

BAKT S, E0EREAHEZMNFB15k-23741
PEAE b, FE T 00 2 TR PR R 2R R 356 - IR 2 ) (g A

= 2 FB15k-237THIBEFIWNISRREIE & 4010 E 45 R FM L5 R

- .- FB15k-237 WNI18RR

7 A MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10

TransE 0.294 0.186 0.321 0.465 0.226 0.427 0.441 0.532

DistMult 0.241 0.155 0.263 0.419 0.444 0.412 0.470 0.504

ConvE 0.325 0.237 0.356 0.501 0.456 0.419 0.470 0.531

R ConvKB 0.289 0.198 0.324 0.471 0.265 0.058 0.445 0.558

MuRE 0.336 0.245 0.370 0.521 0.475 0.436 0.487 0.554

TuckER 0.358 0.266 0.394 0.544 0.471 0.443 0.482 0.526

RGHAT 0.522 0.462 0.546 0.631 0.483 0.425 0.499 0.588

C ComplEx 0.247 0.158 0.275 0.428 0.449 0.409 0.469 0.530

RotatE 0.338 0.241 0.375 0.533 0.476 0.428 0.492 0.571

MuRP 0.335 0.243 0.367 0.518 0.481 0.440 0.495 0.566

B ATTH 0.384 0.252 0.384 0.540 0.486 0.443 0.498 0.573

HyGAT-LP 0.529 0.467 0.566 0.650 0.521 0.441 0.511 0.619
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Hits@104> H°F ¥ T+16.2%, 14.9%, 5%F14.7%,
Tt B 00y 2 ) b D 2 2 ) 3 A A PR i 2 7Y
IREIRIZ 20 % 0% 2 B -

AR HyGAT-LP 7, 44 7 XUl 5
TR N WA o P 3 e =y 5 3T vk TR E
I IERIERE T AR JE = eI, AR K 2 H)
VA R bR FEEUS T BRIP4 R . HyGAT-LPAL
Y 55 B pd T 00l A A A Y MuR P ATA T THAH
tk, 7EFB15k-237%i#% I, MRR, Hits@1, Hits@3,
Hits@10 4F0$5 452 5 F 25Tt 747.1%, 88.7%,
50.7%K1122.9%; EWNISRR%#E L, 4Fdarrs) 5]
FHRTE T 7.8%, 0%, 2.9%H8.7%. HXE, £
FB15k-237448 4 38 FHIE FE LhfE WN1SRREHE £
ARFHIREE R, BRI TR [FAE RO A ) SRR
FZHRFOR AR = o5 B R Ruth 2% S AN R 12 4
B G RBA, i —DFE Wt 2 i A 2 a) &=
B HRRAEAS ., AT $4 v Bl ek YO 1 12 e
5.3.2 PRIKBXAZMMEREEENHT

BT H AR A R ¢ R AR 0] AFESEAR B3
HE R EER, DR A SO 78 Hh 452856 R T R TR
Pl (1) Pl e PR R JZ IR 45 53 (Krackhardt hier-
archy score, Khs)®!, #1820 R IPERERE
o EhRE LS R — M, T ER
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T A M AN [ Y 5C 2 (1) P RE B 5 52 00 i 4 )
AR = Je 2 B AL s g oL, Seae b T
MuRE#A . MuRPHA A HyGAT-LPAR A 1) 4524
KAMMRRIE R SFEL&E RUE AR . MIE3A]
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* 3 EWNIBRREBEETELXANGIHERER
KAEK fiiic  BZJudl¥ Khs &
hypernym HY 37221 1.00 -2.46
has part HP 5142 1.00 -1.43
member _meronym MM 7928 1.00 -2.90
synset domain topic_of  SDTO 3335 0.99 -0.69
instance hypernym IH 3150 1.00 -0.82
member_of domain_region MODR 983 1.00 -0.78
member_of domain_usage MODU 675 1.00 -0.74
also_see AS 1396 0.36 —2.09
derivationally _related form DRF 31867 0.04 -3.84
similar_to ST 86 0 -1.00
verb_group VG 1220 0 -0.50
Lo mm MuRE
08 == MuRP
mm HyGAT-LP
é 0.6
04
ozlh
LMl bW WA
A

K 3 WNISRRERAE I %2k AMRRIEbxT L

WABCRA AP H4T, BRI T MuRERBRY,
Ui B a0 SRR R AE B A AR EE 4R ok B e AR
FH TSRS (1) 465 ) R %P5 %o FO3000 &5 SR 1 s i 2 B
A S S .
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EWNISRREME L, MK =JCH 5070 N
A& B9 K KM (european _union, member _mer-
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tionally _related form, geologist)ff, 7L AN1Sk5E
PRI G ) 26 T P R e AA,  SBe H AR 7 MuRE
A, MuRPHA I Hy GA T-LPRLR X J S 44 ) HE
FRAE L E 4R, Fr BRI kA 0 it
BRI PR . INEARTLLE 1, BEAE IIZREAR
DB, 3B AT B A R SR Tl i HE 42 #8
BB Rk R, A A T A 2 Ok
R = e H B IIAR T B B AL, A S ik AR
BT, XU 2 (R B AL 2 Sk B HE 4 S A
Pl W2 AR R0t Jre SR 1 4 S i, HosUith
7% [) A2 2R (1) g £ 44 A T B A TR ) I AR HE 44
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2R HRSARTE E BRI SEAE, WRH R
ZH funited _statesF1HEJZ 2K 5% R H [ give, film
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(b) FEEG 5 = T4 S5 T

P 4 S = Jog R SR TR 4 0 B

* 4 FUNHERATIORLKER

(european union, member meronym, ?)

(geology, derivationally related form, ?)

HEFP MuRE MuRP HyGAT-LP MuRE MuRP HyGAT-LP
1 england noway bulgaria geologist geologist geologist
2 poland bulgaria denmark give scientist paleontologist
3 scotland denmark europe psychologist anatomist doctor
4 switzerland switzerland noway explorer meteorologist scientist
5 denmark poland iceland religionist film biologist
6 noway iceland belarus theologian biologist geophysicist
7 bulgaria scotland switzerland ophthalmologist geomorphologic geomorphologic
8 united _states croatia hungary philosopher paleontologist philosopher
9 europe belarus ireland diagnostician chronologize physicist
10 turkey united states czechoslovakia specialist geophysicist musician

6 4RIB MIWNISRREME S LA NI & Rk AR

BUAT 5T W2 TR 27 2 > 1A SR PR 3 e e 99
MEE, HIRAFAERR R A 8w B R R = S 2 JR)
WA BRI AT H e e PRI A IR 1 T Hy-
GAT-LPHIE, BAESIRIR B b SLARRIOG & 1
MR RN IR 7R, R T R TR P B it I ) v 7
B, T EQUH G AR TR SEEL T TR
PR, o 22 58 RFR BB IR A BIAF & H a5 L
TR (0L 2 T, IR 5 PRI T 0 R 4 0 S S 5 4
WAE B AOFZIRAE F7, [R5 2% (1 X 2% 45 ) AT
TARE R R R 2 DHE%E LSRR S /R
W, SLkRTERERaE, 5ERIEMEREMLLE —
SERERE BRI, Rl R AEREIR 2 Rk B8 T 9

BFER B AR FEY R B IE RS A
ARG FR S U o AN R PR R i B
L R AR X S5 A [ b 2 22 ] FR 3 T T I 2 A
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