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Knowledge graph representation learning based on neighborhood granularity
and three-way decision

QIAN Wenbin, PENG Jiahao, CAI Xingxing "
(College of Software, Jiangxi Agricultural University, Nanchang 330045, Jiangxi, China)

Abstract: A knowledge representation learning method based on neighborhood granularity and three-way decision theory (NGTwD)
is proposed. The method is implemented using a two-stage enhancement algorithm framework. In the first stage, knowledge
representation learning is utilized to fit the nodes and relations in the knowledge graph, and map the embedded semantic information
into a low-dimensional vector space. To better capture and exploit the latent similarities in the semantic information, the
neighborhood granularity of the low-dimensional vector representations is divided in the second stage. This process is further
complemented by applying three-way decision theory to precisely segment the similar semantic information. The extracted latent
information is then used to retrain the model, thereby improving the accuracy and robustness of the knowledge representation
learning method. Five classic knowledge representation learning models are selected, and experiments are conducted on four large
publicly available knowledge graph datasets. The effectiveness of the proposed method is validated through the experimental results.

Key words: knowledge graph; knowledge graph representation learning; neighborhood granularity; three-way decision
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2510 AN P 2 A R R T SUAR R, 4 RO P sk S R RS A R R R R 1 BT RE
AR C R AT RE A T8 S B E G tean QI35 Fe Qe N7 B CRIETE L FJR T DV E e . AR50 00 F1iR
FIRA 2 DT EEARIX T TR AR PR B N BE DX 70 I e A Sl (H B B 22 57

SRR BN E PRI R BT URSR I 5 v AR R TSRS | SR A I RETE
52 FEZ 2 [ S 1, 1T = SRR B A AZ% DA T ESIA T 58 =M ——HEIR R, X P45 ik
SR RO AN E PRI AT LA P A5 B 2 O 15 S BCIE , AC S R0 5 B B 95

ASCHI KL A RBIORLE 5 = SO A TR R 2 v S T —Fh 2 B B FiR R 2
SVE AR TSR R B S 78 704241 O 2 18] BOARRITE SO R o AR SCERRPRETH 7R R BT A N 755, %
SRR 1 P S8 3ORE FEE A4 3 HEA T T ek | 308 A 280 5% AR 2 1] A AL SR A TR P 3 o AR AR 2
SO R T — 0 S RS v 0 TS S S R IR R e A SR T A M E R R

1 XTI

IR 27 > SR R B Y — A S 2 S8 PR, 3RO 2 ) R AR R WM AE T AL /e A% 3R R i A Sk,
BRI e AR BIS EA  IFIE AR AT 55 RN v A 453 DGR E . IR R IR 2% 2 A% 0 B A 244 0
PR ) SR 56 R W 28— MR 2 S i 1) B s ) e 7 Sd ad s R e Ak, AL AT LU S50t AT AR 5L
B AR 7R SRR B 2 BT SCBE R | JF 2 T X B A8 200 FIR B3 A T L > FZ R

AR AR e 78 2 L T HE B AR R 45 20 5 #6452 ( structured embedding, SE ) F#U8 % F 2R AR 80y
G iR % v 1 235 48 OC 28, A T A2 e ot B s K B ) S A R OG AR [B) By AH OGP BT BRI
( translation embedding, TransE ) 581 3 it ] B4 A JLA] 28 B 400G 21 | 120 R0 A1 38 3k SR riag 2 = 56 R 1)
R TR AN i, {H TransE fREITEAN IR X —  —XF £ 2 X 2RI AETE R PR M

Sy 5i i TransE A5 5 78 Ab B AT 2% OC & 5 T B AN 2, 27 5 AT 4 o 77 LA A AU T O T Y B
( translating on hyperplanes, TransH ) 5" R4S 25 AN 1T, B S AR S 210122 1 L ] s A
ST LRI A i i A RO S E T O R RRRE 1Y R A B BF ( translation-based model with relation-
specific projection, TransR ) 5] A & R KFE FUMLETHERE | AR e R MR T Il S7 FOARAE 23 ], 78 12223 [ iF
T80 RBOC R Z M Z e . IR R 2 > A S BRI DY STz (] DA = S RS V|, e 2 i A
7 (rotational embedding model, RotatE) RS M T HE RS B E R L R T HE B 56 R A XH R | S XA
PELA A, S A 3 v OC R AR AL T — S 2, AR AR E ik A (phase-aware RotatE,
pRotatE) ' SHIYE RotatE BRI 15 | A K BRI AR 7 ik iR AT L o G R A BUEAFAE

R R IR 2F 2 1 o5 — A>3 2 0% 56 T o ST A9 A R HG b ) i 2 A S T T A
(discriminative multimodal knowledge graph embedding, DistMult ) 15 5" ") F1 42 %% A ( complex embeddings
for knowledge graphs, ComplEx ) HHI ") S iy i) LR FASE R | 308 1k A ARLBE S 3 b 850 20 1 2 (A RN G R 22
[ VERCAR BE X SRR A% O AE TR R FdE 7R Sk SR 5 6 R Z RN IR 2 TR SUAH G, i T RoRTH X
2, ST Sl SORRHE R G i i At B b R T SEAR 2 R E R v SCA AT R 22 4 2 8
HWERi AZR G B ST, A (simple embedding, SimplE ) #5111 GE fi% 4 1 E A s 12 26035
FIE 9 2 R i AU R I S BOTAR TR BN . HEFE 53 f# (relational learning approach based on a
tensor factorization, RESCAL ) £ %17 F1 5K &+ 4 f# ( tensor factorization based on Tucker decomposition,
TuckER ) #5803 i S5 45 43 gt SR BRI 4 1) i 36 B /R 1 SR IR) 2 46 B (AR DG &R $R T T Uk Bl 45 ¢
FRTI (A BE RN

A SeloL B A A — P E R RO Ak R R AR S B T LA RO v A LA R A T A A A
ARG SCHR[ 21 PREAREURLEE 515 B I HLHIARSS G, B 1 1 SRS B2 0 P 2 40 B2 SRS AY | 5d ik [ 3 1
RE LR KRR A BBORLRE | B9 R KRR 7 T Y RE 7 5 SCAR [ 22 ] MR 45 QB IB0kE 2 5 A B0 7 1 56 R AT, 4
TP AT O R AR AR B HE PR RS T R ARG

WHVFZ ¢ F 6 = 3 Je o BIE Bl TR R R 24 o) J7 ik, Peng %517 3l it K #5031 4B %5 35 (K nearest
neighbors, KNN) 3RS Z B AIAHRUEE , Rl = 32 e 58 = Jo gl it A1 X043, A 3 b B BB 56 R R 1 = o4 i)
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AHEYE, Duan 557 =S PUSR 5 2R PSRRI U2 9 04 A J3 S B 1 22 R 1 T I I RS AE A
D HFAMAEE S AR N AR

21 EEREX

S RT3 2 B B A SCRIARUAE | BEAR L BT Ry =TT 2 | 25 T = e S B 2k — TR

B, & Ch

G={(h,r,t)} CEXRXE, (1)
Kb kIR, r KR HRSUR, S TR (b, r 1) sE FRIAEIES h1 € E, RFRLRES,
reR, KRS DA E 2 5, FLAT DU AL

IR 2 31 5 R A P 9 B S5 06 R R — MRS [ R | A S0 IR [ 3R 4R B W E =
le,,e,, e} \E Fmil n NSLORAE M4 A SR A d BRA5IE Bl e,= ! o2, e | s K5
R RREG N R=r, ey, r, | DR r WRAEES d 11T,

IR 72 2 19 B AR 4R — AN AT DAL S — 0418 X0 B R 68 A () ~¢, Forfh
¢ FR TR SR IR R R, R IR S R R Z AR N TERE S (h,r) ST T LS 1Y
BRS80S IS G 28 A, 2 22 U383 S I Pl e
22 ETFMEAERNEMUXREZIR

AT E i 28 25 LBV 2 0 RT3 e AR R 2R S5 DR 2R/ | A 2 s R i o B
VERHOAR (DL SCBR G R B AR 0 I T ) AT Sl B ML 5 2R IR 33 o ) ARl B i R — A
SERGAEREE LT SO G R4

N(x,)={yeUlfy(x,y) <D}, (2)

Ho x, WARRAEZS U= x, ,x,, x| SRAEEE) PIEZE S,y EHEEMIEERCR D AT,
5 MGG, £, R4 (x, ) 76 n 4ERREZS ) VR RORE B R H bR 8, 5 XU
(X V2 =vi(» ") 7, P=1.2,

folay=1 " 1 (3)
lim( X (Vi) =V D)7, P =,

K, £, (x,y) FRA Minkowski B B3 HEARIE, V, () TRt 4 x TERRAT k- RORRAFE, S8 P Feom i g i

BRBSCR FHAS ) 1 05 3 B SRt |2 P= 1 A, 388575 B B 38k bR BCR T 42 WA 8 Sy B 3 3 %5 24 P =2
it B 88 P A R K ER LS 5 X4 P = oo I, SR U HG 25 i 138 10 ML S 5

AT AR ERE T eI U HS TR P i o 5 06 R B 8 TR 2 ) v Uk U e AR 4 )

2 )% 07 (0 3 i BT O RE (8, TR T R b R A B R 5

NE=%E,E,6}, NR=§R,R,6}, (4)
A& AR B, 413 0 (2 Kl 43403k s 113 P 10 B S, LB S T A 2R 5 A 15 U8 A S i
Bk AT AR S SR

6=)1/,u (120‘(;,«) ) (5)

A v, FoRE j SRR B o (+) 3R v, BIPRIEZE , w( +) SRR R RREL, y S S0 i 55 &R SRR /N Y

TEFTIM B I SEAA AT 55 v | SRIOREIE S A o A (4 B 1) 52 2 BE e iy, O R M /b T S, O 71 A BR
R BT LARAS 8 B R A 50 ASSCRY D7 i T RARROG &R 1424

ARSCR I T — Rl 8 2 BrBAHEZ L  fomed (B, R) —E , R ARFEE IR RIR R 7 2] 07 1, IR
PR TTE M AR R SRR S TSGR AR P AR TR 5 15 B RS ) — IR o s 8] o, 5 206055 A
TS B IR

XFF Y, € R 2RI (2) T AR OB RE | KR PG B A D BB BE i 45 b, 2 L

N(r)= {rg, €RIfp(r, rg,) <D}, (6)
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Hor f, () IRAEZN(3) PRI S AR PR B T3

forra)= (X (Vi) =V D*) (7)
St FR 7, (BRI D FROMMCR , BN MR . RIS A b BB
1 noo(r)
b= (X 70 (8)

R &P 42 P A5 B A OG R A, IR R o A AR R DR IO A I S AL S RS, X
SEARLR A ARG R AT 1 SOMMRLBE T, AR I TR SORMRURE A THE T | JARAE TR X2 HRIARRAE 4 B TR
MR R, o SORILBE T3 7R

(1) BAF BT B A BEATLAS 0 22 [ P A DG, AR ARLG 2R (B0 SCRELLEE I BLA B K
p(u,v)

SMl(ri5rsim): uze;ivg;imp(u’v)log2p(u)p(v>’ (9)
A u v FIR KR BRI R BHRALIC, p FoR BRI sREL
(2) ARBXARLLRE BE i 2 o it 22 (B ARBLBE A D 125, B
Scosine(rtﬁrsim):&’ (10)
lrl-lrg,|

R ror TR IRA ror BRI e, A RR K RIRA r, oy, FIVEEL,
(3) BEI/RH#MAHI R BOS M 2 AR 5 2 [ ZRPEAH SRR BE B e TR A, AL G 2R 19 i A S T0 19 Bz 7R b A

2 (rik_ii)<rsimk_isim)
SPearson<ri9rsim): — o (11)
Z(rik_ii)z Z(rsimk_fsim>2
TERAEM KRR r, AR 1y, ,S(r,, 1) s 1, o1y, Z RN ARRLEE
23 ET=XRARERNMIIHREG
= ICHH TR R Y O R R TR X 3, B3 (positive region, POS) AYEIE ; 141 3k P 42 41 HH A9 2B 5 56 &2
A SRS R LT ARG R | 190 A3 5L (boundary region, BND) , /E AT TERRIE 1 LT LA H 4556
X TR 55 ¢ R T AR AR P HE G R, M — A 5 25 /5 B AR TE X B &, IH 40 0 15
(negative region, NEG) , iX 3 X535l L .

TPOS=%(h3ri9t>|(h9ri9t)eG%a (12)
TBND:%(hyrsim7t)|rsimeN(ri>_ri’rsimeR}7 (13>
Typo=1 (M, T ) 170, ER-N(1) | & (14)

ASCEEH T — I AR SR 5 = 3 P O BRI R R 2% ) 7 1 (a knowledge representation
learning method based on neighborhood granularity and three-way decision theory, NGTwD) , ¥4t = peif
H RS S T T T E A NGTwD J5 AR 3 — 0 20 56 28 i WL 45 SR 55 V7 19 S8 42 52K ¢ R
fIE 6 = JeH 725 ARG (13) B AE G, BB — AR RUBE R, ¥ B, %) bb i 38 454 A
IS R S RAEE SUHAUE ESr, fEX—id s NGTwD J5 ik # AT AR, DO g4k S48 i 4l
I AR A RIOC R IR AR T IR BIE % R E TR I3 )z, W ) e S ek, A akE v E 1Y
AEHf M L Ui =LY [A] ( nondeterministic polynomial time, NP) X @1, A SCAUG i1 B b 47 1F L 48 %l 43, AS
RN B A A, Hae B — SRS A T R4 ), UGB RS S Tl g e SOy

Thos = { (hyrgn ) 1 (hyrg, 1) € Ty, Sy rgn) =af, (15)
T =1 (hyrgm ) 1 (1 1) € Tyyp, S(ri,7g,) <af (16)

K, o il R BIE, X R RER TEPFE RN o35 , S 2 28 1 IE38h 2 YRR 43 A e 3k i 48, B
Tgos =Thos+T pos o (17)

24 kL
ARSCEINGrid B2 5 R 2 BB R T, $012% sRBCL A O W 220 SR FBS T 932 . NGTwD Jy 324 FH 2 3a
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JE 5 =3RRI RIVE B S RO R E SR i M BHE BT S 25, SN ZRad fi b 85
DIHEEAAARIOC R ARG, MR 3 2% pRER A ST S0 19 100 i 10 82 1) e R AR B i DI R 4 o 45 . ARSIt 2R
Ly =L t@ Ly, (18)
A, Ly B8 B YOS IR EE A TR 04585 PRER, L A2 X7 F2 400 11 A0 AR RL DG 3R 2047 F U1 R 460 2 bR
o HEYIGRAAESE, A SCR B EE T BRI X0 R s B TR
Ly JIACEE A 1, B 0R T SE R AL bR AL . A A Ty vk A BRI 3 b AR AR OG22 (EAT R0
FR S T A 1 C B RAIE Y = T A R e A R RS . X S A B 1Y =04 o NGTwD 4t 1
B i ORI i FE RS E MR AT SEPE . Ly 8 R
I— Z 2 LY Somea(Ba751) = fompeaCR 10 t) 1o, (19)

(hr)eG (K,r0) ¢G
K, (n',r, ) & GO TURFER AR AT AAEAR = T0A, frpea(+) NI I IR 7 2 S B R (1) 743
PRAL, [ x], =Max (0,x) RFERERIERE, (0, x) THRKME, v, 2l iS5, w4k mgoh
MR SE, Ly N
L, = X > > LYot A (Sfrmpea (s T s 1) ~Fomea (B 5 s 8 ) 14 (20)

(h,r,t) € GrgmeRpos (', rgim,t') G

o, ZHON PR AR SR BUE y, R R T A TS AL

NGTwD HEZLINPE 1 Bz, 56 1 BB R iR B 3 fh A D BEAL 5K B 500 2 J5 , K400 46 10 1Y) 5K B B0
AR AIRFR ) Tk bl Gk AR BN IR A & A2 T AR S0RL I 5 = SO SR B 1 R 7R 2
AR IR (3) —(6) & NGTwD J7 ik i35 2 [ BE, dr IR AT B — > 5 R TS4SR3 28 37 B
MRS . HEAMRISCRES HRIHRIIE R 5 IR R 0] 59T SORRLEE , i F = o SR Pe Jl i & (5 B
e YIRS, BV AR C R AL . R IR (3) AR IR ZAR IS R LA A RO R 5 = ondl b iy
SARARGE G TR OC R =0 RN foea (B, 7, 1) o SRJF AR R R IR 24 1 J5 B BN AR S 1 O, i
W3 Kt e ) TOUIN 285 SR D e 2 O L, It R B A s B C AR

N p

( BrBe—: KRR A BhBr . EAARIRE BT EYI 4

r— - - - - == hl N s

g | TR SRS e = — \

SRR \ | Stur) WP _ RO

l | i | | | @t

| | (00 -000]| 2225 =] P,

| | N P REAA DL o9 .

| | SRS e e | N e e al
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R (000 -000] |0 0% 02 P22,
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Semed ER)—ER PAN AL R PAl FR A TIN5 R ))

L T AR 15 = SR 0 AR R 2% 2T 7 b HE A
Fig.1 The framework of knowledge graph representation learning based on neighborhood granularity and three-way decisions
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(2) Kot ry sk ot AR 2 T T, foeea (B 7, 0) TIPSR iR A IR E° R
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® XFFVr,, R, ,HS reR ZEIHE XHPE S(r,, 1) ;

© M S(r,, ) 5 o R Tonp FEATER 1RG50 0 — B IR Toos, SR TR T, 5

@ H 2 D IESPHEIE B— A B I Toog 5

(4) B9 (3) A KR BIIEIR Toos TARRIE R A fumea (1,7, 1) PHEUIZ, EER I AR ES;
(5) XTSI T HEY BB B R Y O 4

(6) HithasG THAR R NIE UHLIPER E FT R,

3 ILhikFEREE

BT BAEAR SO EARNE, R 4 A EEEE , 40 )& FB15K ( Freebase 15K ) \FB15K-237 ( Freebase
15K-237) \WN18( WordNet 18) 5 WN18RR ( WordNet 18 Reversed Removed ) B #54E , B MR ENHFES
FEFBHEWMER PR,

F1 LREIREREE

Table 1 Information of experimental datasets

etk — L% Sy JREL PUEE S AN LIRS
FB15K 592213 1345 14 951 483 142 50 000 59071
FB15K-237 310 116 237 14 541 271115 17535 20 466
WNI18 151 442 18 40 943 141 442 5000 5000
WNI8RR 93 003 11 40 943 86 835 3034 3134

TESEE BT A SCIEHE T A [A] A 6T HR SIS0 AR | A5 B “ NGTwD-" B AR B 2 SR AR SCO7 B Y ) R
BB “ NGTwD-" 5 AU 2 SR ISR 5 ik S A A SCHe 0 1 AN [R] (%) T A1 8 i Xof 52 784 1 35 AR 1 fi i 47 1
fili ) 53 ) S F- Y HE 44 ( mean rank , MR ) *F- #4718 £ HE 44 ( mean reciprocal rank, MRR) DA JZ Rif N />y 3R
(Hits@ N,N=1,3,10) , H:t MR 35 v Bir A 108 19 = S0 7 P 25 S8 b HE 4 OF BN 2 )5 171
(B, IZ IV 5 b /)N | 450 () 38 AR M BE RO ; MRR 2 1E 8t = o 41 9 HE 44 U7 I 48180 25 193918, %
TGUFE bR A, BB A (9 B Ak REBRAR s Hits@ N 2 FE SN 25 R b HEZ /N T N IE 8 = S0 (1934 5 1L, 0
FEBRBER , B B S AR BRI . AR SO Bk I R BLIEAT T HE T, I ADRAR R R B MR fe A, T R4k
TSR RE AR

W2 3 i, M AZEE K 100 B, NGTwD-pRotatE #i%11% ] FB15K 544 1Y MRR N 57.41% , Hits
@10 & 75.96% ., NGTwD-pRotatE 1 1 % F| WN18 #(#i 4E ) MRR “fy 94.88% , Hits @ 10 & 95.77%,
NGTwD-ComplEx #& % 1% ] FB15K-237 %454 i MRR i 28.09% , Hits@ 10 iy 44.45% , NGTwD-ComplEx
FEARI ] WNISRR i % 1) MRR 4 47.77% , Hits@ 10 y 56.43% , 1 W % JH A SC 07 925 (AR 4 ) MRR Al
Hits@ 10 B fiLfE

F2 AL R 100,36 ] FBISK 5 FB15K-237 $dla | JEfi Iy TR RIAS SO BB i - 4
Table 2 Evaluation metrics of models using different methods with dimension 100 on the FB15K and FB15K-237 datasets

FB15K %i¥i4E FB15K-237 455
i W14 RT3 RT104 WA R3S R0
TransE 114.8  38.19% 23.51%  47.58% 63.31% 300.0 24.76% 16.80% 27.30%  40.48%
DistMult 81.61 39.07%  27.16%  44.78% 61.87% 250.9 24.55% 17.08%  26.56%  39.38%
ComplEx 56.59  46.02% 33.41% 53.01% 69.24% 213.4 26.77%  18.74%  29.15% 42.69%
RotatE 89.84 53.87%  41.76% 61.99% 74.28% 400.9 25.74% 17.66% 28.65% 41.65%
pRotatE 69.53 57.19%  47.08%  63.18% 75.68% 264.9 24.57% 16.33%  26.99% 41.03%

NGTwD-TransE 7821  42.10%  27.08%  52.02%  67.39% 2322  26.23% 17.49% 29.30% 43.42%
NGTwD-DistMult 65.93  40.82%  28.85%  46.68%  63.58%  209.4  2550% 17.85%  27.68% 40.62%
NGTwD-ComplEx 42.17  48.82%  36.22%  56.02%  71.82%  163.4  28.09% 19.80% 30.58% 44.45%
NGTwD-RotatE ~ 73.10  54.11%  41.99%  62.20%  74.56%  351.9  26.07% 17.76%  29.15% 42.38%
NGTwD-pRotatE  54.99 57.41% 47.25% 63.45% 75.96%  202.6  24.70% 16.37% 27.11% 41.35%
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3 RAYEREN 100, PEH] WNI8 15 WNISRR Hudlidls , e 5 IR AN A SO AR AT P8 b
Table 3 Evaluation metrics of models using different methods with dimension 100 on the WN18&WNI18RR datasets

WN18 HiifE4E WNISRR $iE 4

A Bi1A Ri3A T 104 W14 ®i3A ET104
MROMRR e gk ek MR MR Gk G g

TransE 4140 48.23%  829%  88.59% = 94.52% 6498  19.89%  0.989%  36.82% 47.00%
DistMult 399.6  62.78%  48.17%  74.71%  86.22% 5240  43.10% 39.42%  44.86% 49.94%
ComplEx 3237  78.30%  70.44%  84.60%  91.01% 4709  47.00% 42.76%  49.30% 54.83%
RotatE 4225 94.40%  93.78%  94.81% = 95.42% 6416  44.63% 41.88%  45.69% 50.05%
pRotatE 2474  94.78%  94.25%  95.10%  95.62% 3909  46.18%  42.79%  47.29%  52.99%

NGTwD-TransE  320.8  48.59%  8.350%  89.33% 94.67% 5875 2042%  0.989%  37.94% 47.94%
NGTwD-DistMult 385.8 62.82%  48.17%  74.75% 86.24% 4 861 43.18%  39.45%  45.01% 50.08%
NGTwD-ComplEx 144.2  78.42%  70.56%  84.70% 91.11% 3111 47.77%  43.04%  50.50% 56.43%
NGTwD-RotatE 3059 94.48%  93.84%  94.91% 95.59% 5221 44.84%  41.99%  45.87% 50.34%
NGTwD-pRotatE  125.3 94.88%  94.35%  95.16% 95.77% 2010 46.69%  42.93%  48.04% 54.07%

WM 4.5 Fios, M A4ERE N 500 B NGTwD-pRotatE %1% F FB15K 5042 4£ 19 MRR Jy 71.62% , Hits
@1 4 63.41% ,Hits@ 3 & 77.15% ., NGTwD-TransE #5751 H] FB15K-237 {454 ) MR & 149.2, MRR ly
31.04% ,Hits@ 1 } 21.12% ,Hits@ 3 -}y 34.96% , Hits@ 10 4 50.52% , NGTwD-pRotatE %% ] WN18 % ¥z
£ MR i 117.4 ,MRR "5 94.70% , Hits@ 1 &y 94.04% , NGTwD-RotatE & WNI8RR %i#f% 4 1) MRR Jy
47.75% ,Hits@ 1 }y 42.82% , Hits@ 3 4 49.57% , Hits@ 10 }y 57.58% , i}t MR FA SC )5 i BB U AE MR |
MRR Hits@ 1 Hits@ 3 £/l Hits@ 10 UG AL {H

K4 HRAZEEE 500, H] FBISK 15 FBI5K-237 itk , Fifi 7y bR AIA SO i B I AN 1
Table 4 Evaluation metrics of models using different methods with dimension 500 on the FB15K and FB15K-237 datasets

FB15K ###4E FB15K-237 ¥

Y R IR S R S 1 L I B4 w3 ETi04
MROMRR G g gk MR MR Ge gha g

TransE 34.82  64.15% 51.05% 74.19%  84.55% 188.2  28.89%  19.56%  32.26% 47.32%
DistMult 53.31 45.10% 32.66% 51.88%  68.21% 2422 2529% 17.83% 27.31% 40.15%
ComplEx 41.09 50.12% 37.31%  57.54%  73.46% 205.1  27.12%  19.08%  29.51% 43.04%
RotatE 34.85 68.40% 57.07% 77.06%  85.76% 196.6  29.23%  20.15% 32.37% 47.23%
pRotatE 3876 71.32%  63.11%  76.81%  85.69% 2135 27.39%  18.75%  30.11% 44.52%

NGTwD-TransE ~ 25.95 66.36%  53.53%  76.35% 85.98% 149.2 31.04% 21.12%  34.96% 50.52%
NGTwD-DistMult 45.36  46.56%  34.13%  53.40% 69.58% 206.1 26.21% 18.49%  28.44% 41.50%
NGTwD-ComplEx 31.31  52.69%  39.94%  60.30% 75.62% 154.4 28.45%  20.12%  30.95% 45.10%
NGTwD-RotatE ~ 32.63 68.47%  57.14% 77.11% 85.84% 189.0 29.45%  20.17%  32.83% 47.69%
NGTwD-pRotatE  30.75  71.62% 63.41% 77.15% 85.96% 171.2 27.61% 18.84%  30.42% 44.95%

5 ALERE N 500,25 H] WN18 15 WNISRR Kdadk , Sy IR AIA SO i BB i PR 8 A

Table 5 Evaluation metrics of models using different methods with dimension 100 on the WN18 and N18RR datasets

WN18 % a4 WNI18RR #i#i4k

A A4 w34 104 R4 ET3A R 104

MR MRR O o bk grpr MR MRR O Gk bk

TransE 182.0 60.80% 29.41% 92.62% 95.54% 3347 20.34% 1.60% 35.42% 49.81%
DistMult 212.0 48.09% 31.73% 57.77% 82.89% 6 002 43.69% 39.90% 45.29% 51.10%
ComplEx 269.4  66.62% 52.07% 78.95% 89.58% 4183 45.00% 38.93% 48.39% 55.82%
RotatE 178.4  94.70% 93.80% 95.21% 96.15% 3240 46.99% 42.25% 48.60% 56.33%
pRotatE 162.4 94.62% 93.96% 95.01% 95.74% 2 805 46.23% 41.96% 47.69% 54.58%

NGTwD-TransE 148.7  61.11%  29.59%  93.08% 95.72% 3271 20.74% 1.66% 36.28% 50.22%
NGTwD-DistMult  204.2  48.12%  31.76%  57.79% 82.94% 5610 43.86%  40.01%  45.45% 51.44%
NGTwD-ComplEx 151.4  67.09%  52.49%  79.53% 89.85% 2 898 45.51%  39.07%  49.14% 56.88%
NGTwD-RotatE 161.6  94.77%  93.85%  95.34% 96.26% 2957 47.75%  42.82%  49.57% 57.58%
NGTwD-pRotatE ~ 117.4 94.70% 94.04%  95.06% 95.85% 1973 46.71%  42.10%  48.25% 56.00%
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WM 6.7 Fizw, Mitk A4EE N 1000 B, NGTwD-TransE #5 %! 3% ] FB15K %4 4£ 19 Hits@ 10 N
87.35% , kb >R JH 3 i J5 ¥k B9 TransE #5 A i) Hits@ 10 7 H 1.21% ., NGTwD-pRotatE £ %! 3%t F
FB15K-2374( 445 %) Hits@ 10 & 53.69% , L% F & 1 75 15 1) pRotatE B &L 1) Hits@ 10 =i 1.57%
NGTwD-RotatE #i % % H] WN18RR %4 4 i Hits@ 10 } 57.99% , bt 5% FH 5L i 77 ¥ 19 RotatE #5125
1.56% .

6 RALEEEN 1000, FBISK 5 FB15K-237 Bdli e , R HIAEME 7 PR IA SO R ) PP 46 A
Table 6 Evaluation metrics of models using different methods with dimension 1 000 on the FB15K and FB15K-237 datasets

FB15K £ifiite FB15K-237 ¥ ¥4k

4 JF1 e e e o o o

N T T L TN T
TransE 3250  66.84%  54.68%  76.05% 86.14% 180.8 29.24%  19.79%  32.69% 48.08%
DistMult 51.53  4524%  32.76%  51.95% 68.60% 239.9 25.06%  17.48%  27.21% 39.98%
ComplEx 40.68 50.86%  38.02%  58.57% 74.09% 203.9 27.04% 19.00%  29.36% 42.94%
RotatE 32.61 69.48%  58.11%  78.25% 86.82% 187.5 29.48%  20.33%  32.60% 47.75%
pRotatE 35.01  71.39%  62.53%  77.60% 86.39% 174.2 32.42%  22.710%  36.17% 52.12%

NGTwD-TransE 2453  68.94%  57.13%  78.01% 87.35% 143.4 31.42%  21.35%  35.50% 51.27%
NGTwD-DistMult  43.83  46.74%  34.27%  53.53% 69.96% 204.9 2591%  18.12%  28.19% 41.27%
NGTwD-ComplEx 31.41  53.35%  40.60%  61.14% 76.30% 149.6 2827%  1991%  30.61% 44.80%
NGTwD-RotatE 3090 69.58%  58.22%  78.35% 86.90% 181.0 29.62%  20.36%  32.83% 48.06%
NGTwD-pRotatE ~ 28.09  71.94%  63.19%  78.11% 86.70% 129.6 33.49% 23.37%  37.59% 53.69%

T OHALEEEH 1000, WNI18 5 WNISRR B4 | FEE 7 iR AL A SO BB i) PP 4 A
Table 7 Evaluation metrics of models using different methods with dimension 1 000 on the WN18 and WN18RR datasets

WNI8 %di s WN18RR % 4E

=hial e LV S RV RV VN

PR e e BREOBRE BRD w we D ERLURE
TransE 168.6  67.02%  41.38%  93.05%  95.61% 3035  2047%  1.99%  35.16% 49.92%
DistMult 237.9  46.75%  30.58%  55.87%  81.56% 3772 39.23% 31.76%  43.36% 52.87%
ComplEx 2242 66.13% 51.63%  78.42%  89.10% 4122 4491% 38.75%  48.34% 56.05%
RotatE 147.6  94.49%  93.39%  95.22%  96.19% 2920  46.20% 41.10%  48.15% 56.43%
pRotatE 161.6  94.73%  94.11%  95.04%  95.88% 2787  45.99% 41.50%  47.37% 55.12%

NGTwD-TransE 137.5  67.39%  41.56%  93.63% 95.78% 2981 21.07% 2.41% 35.93% 50.48%
NGTwD-DistMult  223.2  46.83%  30.67%  56.00% 81.59% 3550 39.29%  31.76% 43.51% 52.95%
NGTwD-ComplEx 141.6  66.86%  52.24%  79.49% 89.57% 3055 45.46%  38.99% 49.15% 57.04%
NGTwD-RotatE 132.8  94.58%  93.45%  95.34%  96.34% 2692 46.89% 41.31% 49.17% 57.99%
NGTwD-pRotatE 96.6 94.83% 94.19% 95.17% 96.06% 1912 46.36% 41.59% 47.88% 56.33%

AR SC T R TR il 2 0 A 2 38 A, BT BB A, 100 I A R R 2 o B BE B TOAT: 55 vy, AR
SCUE T A 5 1k (RS o B B R AR T R R AR DG 2R T8 SO AR S5 2 T AR SR AL 1 B
IREERETRINGE 1, IR T A SOy A Rtk

XF NGTwD J7i:565 2 By B iy &P 5k (6 S 40 y 20, SEB ik AZEFE R 1000, R H 4 458l 5 \NGTwD-
TransE A SCERZESRANE] 2 Fi7R , RIREHRER v B MR —2, FB15K FB15K-237 Ha4E M)
KREREY IR 1345 71237, y€[0.3,0.4], IHEFEIT /R THRE ., WNIS WNI8RR a4 1) X RE4 5 h
18 FI 11, ye[0.2,03], &R TRE, BIRENXREE/ D,y ME8 TREBES N, Yy &
JINE, B3R B B2 ARt 230N, B OB R TG YA IR AR T 2 A OE R  T AR B ARG B 2 i /s, B y 1Y
HEK B R A RURE B R TR E , T IR AR SO 9 B — RE A4 Bk
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