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Abstract As an important research field of the graph database,the knowledge graph(KG) can formally describe things and their
relationships in the real world. However, its incompleteness and sparsity hinder its application in many fields. The knowledge
graph reasoning (KGR) technology aims to complete the knowledge graph by inferring new knowledge or identifying wrong
knowledge according to the existing knowledge in the knowledge graph. Although existing reasoning methods can obtain partially

effective knowledge paths,there are still some problems such as incomplete acquisition paths,ignoring local information,introdu-
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cing noise. Based on this, this paper finds and explicitly proposes the problem of poor path connectivity, proves that the reasoning
validity is positively correlated with the path connectivity ratio between entities,and further proposes a double-layer framework
DL™ which is used to enhance the performance of existing reasoning methods. The first layer is a knowledge augmenter, which
mainly uses the community discovery algorithm to extract the entity neighborhood information on the initial KG and build new
knowledge to expand the knowledge scale,and then designs a community pruning optimization method to remove the noise intro-
duced in the construction. Finally,the augmented KG is extracted and restored to the same structure as the initial KG representa-
tion and output to the second layer to ensure the “plug-and-play” feature of the model. The second layer is a knowledge reasoner,
which can enhance the existing KGR model by learning and reasoning on the KG after knowledge augmentation, so that the model
can obtain better reasoning results when the graph path connectivity ratio is high. Finally,a large number of experimental results

on four standard KG datasets show that the DL" can effectively alleviate the problem of poor path connectivity between entities ,

and improve the average prediction accuracy by 4. 798% compare with nine types of benchmark methods.
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FE A, O T PR A X R4 A 45 Newman!! ™) 5 H A5 B
JRE MR s o PR AR e B A X R A3 B G R A B R AR R A
XA o3 RO A, A HE A T R

=1 [Ai_,fk'kf ]a<c,,m D

2mi; 2m

:EEEP,m:%z/\i.,ﬁﬂ%l&EPE"M‘XEZED;/\,.J%%%%)?i A
ZIAIBALT sy = XA, R G i R AL ;o R TN
PR B4 X 50 Ce ) FIW TS @ 5 5 R &8R4 2
— R DX AR AR [0 1, 5 R [0, AR T T AL B
W

QZZ[Eini(Eml)h] (2)

2m 2m

Hi, S, ARMX c BRI ; S, AR 54X ¢ WEFIY A
VEFE I I R RLEE AL EE AL X YR Y 2 A KA X AR

TER G4t KT R T G2 5 LW 0 TUAR 300 104 [R) 3 7 3¢
e AR T — A X AL T . ST S ) AR G

score(i, j)=sigmoid(P « RELUG®j ) +b) (3)
Hrpifnj hsctkmi, P A S L O R &85, sig-
moid Al RELU Sy i s % 0 7 (B . 28 I X 400 4 o il
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P35 4 DX HEAT BY A5, BIAS LR B8 A A Ak DX A 3 0 AR ¢ B e
B9 K i1, 3XRERY R E T LUGR IE AR [R5 82 300 43 104 8 AE AH [5]
L5 3 WA T LA %5 B L R e T AR AR T B 9 A AR O K
G ) AW B )

o) RARIE DL AHE S8 B B 09 4 M AR SOB 28 3o
#E X & RN G AU A S 0938 R DL 5 ) R TR RS 3R 8 A )
B G5 R 3G 7 B R0 I PR3 b L Ok 2 = S AL Ak AR 1 AR R
B3 I3 I IO T A ) A6 TR 2 L 3R 1Y B T DA T $R A
AN 22 B S HE A 52w, B RT DUAE R TS Y RS
LA B 478 B R 2 A e 8 0 2 A R A R A A A 5
FH 5 AT 338 2 HCHfe PP E

A5 TE B A9 2 A SCT R DL HE 22 AT LA A AT 35 4L X &
PAE e, Hodh 28 i 4 X %) 4> FastUnfolding 52 808 S g s
BTk BA b TN A A A AL OF BN A 19
2 J2 YRR T LA S A5 B A 10 43 99 R R o ), Pl AR S s
B AR T = on A B A B 0T 9, Rtk DL AR R R 43
X,

25 b B X S P v f A o A M 25 Y TR L AR SR T
— e R B A X R R S HE T AE 28 DL, HE — 2
R 0 3o A R R 1 AR A DX 25 0 A AL X R A
T st ST S AR ] I DG TG LA SR AL 0 2 0 U LS I 4% L 4R 5 A A
XY A R AL 34 25 R TT A R L 2 Ak 5 AR 7 ) B, 5 )
XA AR T 20 4 1 SN US89 R S DL 5 ) R R
T 2 7 G5 AR AH 7] 09 T8 2 b 058 — 2 AR HE S AL, DA T 1
SR FR R LT IR e R . SRIR A5 R R L A ST iR
DL " HEJR v 55 — R R 1 ) 28 400 nT DL Ag g 5] s AH [ 4 X1
BTN TR L e 5 A FE T vk M BE L R O A IR v B AR 0
Lt 22 LA K T5000RS B
4.3 HNRHEIEM

HRAEFEALAL T DL U2 AR A 3% HE S AE L 1 58 — )2,
SO A R B — 2 UG A O R 1 i T DR IR
E TP % A 7 58 M LU R Y I L T AR IR = T A A5 4 3
AT 4 S HEFT, LAY o8 A 2 0 A 60 TR RT3 3 5 9k 1 T P

B 1545 T DLTAESLSE — 2 ARG ) & b At Xl
TR A B AR SO 3G S B9 AR B R IR R 5 4 b A
P 3 2 0 A [R) £ 285 44 A HC B A < ROV B 4 4 B DL
REZR SR — 2 TR T 25 A0 4 1 7T DL BB R 58 2 R 3
ML A B LG AT 7 AE 5 )23 v R 4 50 00 I N AR Y
LT B A — B AT i B L (A R ) AR R R 1L
AN ) BB R S 40 A AR s i AR Ak BLRR S B  H TAE B ILA
R R HE FRE AL, BE— 2P (RIUE T DL HE SR Y R T Pk M
PE . R, 5 2% 2 A TH 3 o B B AT i S S R 1Y
SRECROB RS 5 I I KA R A RN .

Zi b ARSCEE M By DL HE 42 fy )2 25 4 21 0 R g T
ARFAIRAE AL, Horb BRI A THEZE A — 2,
T 4 DXk B A DX B A A Ak A A DAl IO SR A 5 R A AL A A
BUGEf T 0 RS v BB A 3 3 2 I LA R A R v B AR
T LY % T 5] R (Y R, 2 R R )R 1 TR R T 5
TR P13 A [) 9 3% s 5 A8 DA GRSIE L - RV RO ™ A P 9 b 30 56
T DL S iR TR B 5 SR AL, FHESR A AE )% HE
A 5 — 2 I N R T O oA TR BRI R

SR T A e 05 BL T ORIE T DL HE S Y 23 T A0 55 v
i HG BB 05 7 B AR 3 0 LU R, RVTE AT A A R LI 1 AR 58
HEPEFIRR G 9 1 00T IR = ou A5 2 DUAR & 25 28 HL T
PUMAE . R 8 240 45 R R WL AR SCHR i A 1D e B 28 XL
J2 AR LT BEAE 42 DL AT LU 250 28 M SR 3 v B AR i
3P 22 14 TR) R 3t — 2B R e A 2 A R TR R 4 2 v 0 T
TR BE

5.1 HIEE5HEFLRE

R T FE S BE DL HESR (A R0 SER SR 4 AR
R P 4 AT 55 b o B0HE 42 - WN18, WN18RR. FBI5SK LA
K FBI5K-237"%0, B fk 5% 2 Fr %), H &, WNISRR FI
FB15K-237 AR AERCHE 4 , & A1 43 5 J& 7E WNI8 FI FBISK =
A BR A A LRI L 2o T A 3 = on 4L A5 2 A KR 4 L 8 i
T3 T o 0 4 T DR AN (W) B30 8 B T T A b I A A

2 SEBURSE

Table 2 Experimental datasets

BERE i XA % % Bt & W&
WNI18 40943 18 141442 5000 5000
WNISRR 40943 11 86835 3034 3134
FBI5K 14951 345 483142 50000 59071
FBISK-237 14541 237 272115 17535 20466

oA TS 5 A LR 0 R B AT AR X R B, L
28 R 1% v ) = 0 A BN R AT P4l B b B R AR AN AT 5
B B S0 SR B 4 v i) = e S AT AR
SRIG ARG SC R R 81 R %1 R R G R X =TT B Sk
BT A HEAT G 5 b B AR R B A 3 T TR R AL O R AL
18 0. DL WNI18 Bdin 45 o0 ], HAA T Ab BRA5 SR A3k 3 BT g,

# 3 WNI8 Hdim 4 vh £ 19 b 27 41]

Table 3 Example of data preprocessing in WN18 dataset

AEWZ A
CRH RGBT R R R
(03964744,04371774, _hyponym)
(00260881,00260622, _hypenym)
(02199712.,02188065,_meber_holonym)

A= L4
(k5. RHE5 . RE)
{(27536,33729,1)

( 25546,10838,1)
(1213,38780,1»

K HREL A0

5 Bl Al B i i 1A

Fig.5 Flow chart of data preprocessing
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5.2 RBENERESSHILE

RS 3 F Windows #:/E R 48, i Python 4 72 i
& JPyCharm % 2 1T. 2. LA & Pytorch 28 ¥ it F7 52586, K0
NVIDIA #3090 Ti, N7FH Kingston 32 GB, B A& IR 50 &
m=E 4 s,

KA RIS ECE BN

Table 4  Overview of experimental environment and configuration

B E 4 B %
BUERE Windows
HAEEE Python
T A PyCharm

% PyTorch

2+ NVIDIA 3090 Ti * 2

W7 Kingston 32GB * 2
BRI & WesternDigital 2TB
LA AE 4 WesternDigital 14TB

PO Intel 13900K

N T EAG A 46 3 BT $RE DL HEZE (M AE L 153 45 T L CHD
345 BI R 00 e S 06 A8 i AL rh OR R 5 A () B v D s A IR Y
SR B DL RAT TN 0 b g R, BRI 8G S 508 E
5 A, R SE IR S A SR BE Ry 500 4E , fl 2
HIEROR N 6, R Z G 512, NEMEE RN 512, &
TR N 32, Ak A BSH N 1X10 548, 534h, Rk T mk
I 5 3 8 3k e 1005 IR 4, SE IR 0 L2 1F D Ak 24 o BT A
ZH K IR AE S R B0 R (0,0, 0005,0. 001},

K5 ERSHNE

Table 5 Experimental parameter settings
ER EX S M
LE¥ 3:4 500 4

W% E 6
IF ¥-F ¥4 512
R 4% 512
EREA K 32
#E KA 1024
dropout {0.1,0.2,+-+,0.6}
EE N dropout {0.1,0.2,++,0.6}
] R 3% 10 ¢
EaRE - %M
€ 1x10°8

&5 A {0,0.0005,0.001}

5.3 EESTMARE

S 644 AS [R) ol 28 T SR T 3 A 0k b LA R R 2
o R S HE B B AR SR B O 7E AT BE H TOIAT S5 e L
DL #E 28 4% £ J5 $E47 X Lb DA 38 43 30 E A A 1 A5 st . Ho,
B UM 55 19 04 2 T 5t 2 1 Sk SRR B AR ¢ B — A
SO hr OIEE -,

S T A T Hb A R DL A 3EAE 42 6 M B L S0 00 J
THE AT ) 45 288 200 LT T 0 T S B ok R A 4 e s R O T kL
5 56 T 000 (4 1% 48 5 i H B v SFED T i ERA WY
Fe e B ConvE™) (3 i 28 I 45 o 3 1k 2 ) 1 48 B3
HEF YL DeepPath™") DL J 36 TR & B M 26 W 45 5 5y 1 R R
I 25 B HE PR 1 R-GCN™Y  KG-BERTP fl e {4 1 AWR-
GCN™ B 5l o8 7 — 25 3E W] DL HE 42 09 4 2tk , A S
BN T S ] T HfE T4 s ) 5 T B SimKGCRY

IBL™Y DL B PUDAP RSy 90 S v, ELARRE R AT .

DSFE: —Ff 3% F B0 1) 28 B )5 38 4 B8R0 3% . SFE Xy
SR B F B AT R AR 220 T, 5 O TR P R BRURRAE . R GA
AE S ARG, AP R P AT M Z R R E R 2 W
FEAE DA o M RS B

2) ConvE : — A~ 1t £ 5 45 0000 AR AY Bl A SR A OG
F2Z A B AH B AR P Eh 45 FRORN 4 % B2 R R AT AR AR, L S AR A
RO AR R A MBBUTE X .

3)DeepPath: B Y# 3 Ak 2% 2] 51 A 1R [ 3% % 42 B,
LAl — A 58 4 B A M 2 N 4 S B LR RN T
XA UE AL TR A2 SRR BE SRR 2 R T S AT Al PR AR B

HR-GON B U LA 22 4% T 56 2 A IR A 2
A7 R R U SR e e . Ol i 5 A S B R
iR P 2 SR L nT DA A B B A KRB R IRE
R,

5)KG-BERT : ¥4 IR K3 b ity = S0 Ay SCAS 7 91 9 2
HH BT T 28 % = e AL HEAT EARE . L = Jn gl i SR R OC &
R AE i A SR 5 R 8 5 BB TH 5 = S0 20 1937 43 eR B0
i,

6) AWR-GCN: —Fp i B 1 INALSE R A BB 45, Ha
B ot B - S LG 2% SR A, 1 T it B 2% g 5 A 408 3 v g 512
PR3 BEAS [R) A LA 3R A5 B0 0 =F 8 19 6 R A5 B EATHERE

7)SimKGC.: il 1 5 At P £t 2K £ (In-batch Negatives) .
HEHT 171 R BE (Pre-batch Negatives) 1 Mt 1 B¢ 4 19 3 3% 71 %
FE (Self-negatives) X 3 Fp ISR 8 71 SR AL DU HE 73 X L 24 ST 0%
SCIAERE

8) IBL : 3 F 43 A7 X 2 7 A58 Y ey (1% {136 455 84 o gt 7 S 491
TEHE— B 1R SR 0 OC R RS SR A0 2 L OF 15 PR TR A 45
Bt 2 SR B R LS B0 1 1 HE AT 55 .

9)PUDA : il i 1F b5 Z5-TC bR 25 2% 2J (Positive-unlabeledL.-
earning) F1 X T 5 5 1 5 O A5 e 571 B A By [ 4 i) B G AR AR
0 B 4 ) R0 DA TRt g R L T RS

S 605 R 0 R HRAT 55 1 BRI A T2 B HE 4 MRR
DA R Hits@K R VE A 52 46 19 P B8 L X+ & — 0048 A5, 40 S0t
F R AR R M, MRR R A0F .

MRR S i 1
[T =0 rank;
_ L1 1 1
T (mnk] Jrranlzz + Jrrun/e\r ) @

Hi, T R=JCHES, | TIFRR =T HEEGNE rank &5 i
A = oo 4H B BE B U HEA .
Hits@K fgFrffiid anF .

T)
%T‘;l]l(rank,gK) (5)

o TSR BB, Y rank, <K BTN 15 Y rank, >K W1
B2 0, HEINHL, SRy T A TH Hb 55 4% 25 Bk ofi AT X LG S5, A
S KRR E SR AR BOUR R E N 1,3 M
10,
5.4 XWHERSHW
50401 iR BRRBARS M

HUPRSET 2507 T DL BUZHER M — 2, H 7 WN138

Hist@K =
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BAEE LR is T sl g R angk 6 g, scus 2 B 65 A4~
X, 28 3k B A A BT AE X PN E S A 22 Ja] A 2T H Sk 5
AEA0 4 S0 T I T 1 25 4, DA figh I A 3 A M 2 104 [ BT, DTG F
— P B SRAT LA AR EL O R B PR RE .

6 WNIL8 $di4E bkt X A5 B 4 Fodl

Table 6 Partial data of community information obtained on

WN18 dataset

HE KRR HE HE &R

B% WKW WhE W AR
1 946 597 05250659.,15286249,00866702++
2 533 269 10480253,04581829,11722466--
3 187 114 01947887.10218043,06453849++
4 246 152 11672400,02186360,12861892--
5 103 85 01904845,02578510,09073938++

A UE W TR ) A o H 5 TR P v ARl M
ROPE S WL 6 T S8 R N R BOHE A L R N R G A e
B BEAR . TEI IR M B R AR A M R A B K S R
AILLR B, 38 )5 0 0 R R R i i A % TR M L SRR AR R S
WA EAIERIEMAH B, 540, th T WNISRR #5444
BT WN18 i 4 3 Wit , It WN18RR %4l 48 | 9 3%
W R B B T WNIS BIR4E K 1 3R, [ 3

FBI5K-237 4 4 A 78 1 38 K bR 2 T FBISK Kdis
B BRI LR . AR W] T BT 4R DL REZE p IR T 2%
A2 o e S A S0 43 B A () Ak DX AR AT S AR DG 1 R H
BRI LG 7 200 iy TR P T 45 A T L R T S IR A i
T LU 3 AT A 200 5 i R0 AR T 3 v A 1 e 2 1) 1] A

30

25

20

-
K15
-3
10
5 — AR KR
E3.3C 2623 12 F S O]
WNI8 WNI8RR FBISK FBI5K-237
b GES

Pel 6 R T TR K A T 1 I R L
Fig. 6 Comparison diagram of path connectivity growth rate before

and after knowledge graph augmentation

5.4.2 fitiE B ERERE S

R BEALAL T DL BUZ H BEAE LAY 55 )2, ST 0 AR
— 2RI T A% B0 Hw AR O R BEAL B9 S A TR XS 4 S B
B AT HEHE T A B AR S5 R 3R 7 BT A, H At O AR R AR
BEE TS 1L HEAT SE DL AR SRV T TR R A BT & DL AE
AT I

F T OABRAE T R DL HESE 5 T 1k 019 M RE L
Table 7 Performance comparison between embedded DL framework and baseline methods on each dataset
WNI18 WNI8RR FBI5SK FB15K-237
"k *E — i1s@ i its@
MRR Hits@K MRR _ Hzt.f@K _ MRR Hits@K MRR ] Hzt.j@K _

@1 @3 @10 @1 @3 @10 @1 @3 @10 @1 @3 @10
SFE O 0.870 0.530 0.790 0.910 0.690 0.480 0.730 0.850 0.810 0.660 0.720 0.880 0.570 0.490 0.600 0.730
) DL 0.910 0.660 0.850 0.940 0.780 0.650 0.840 0.910 0.900 0.730 0.860 0.920 0.700 0.630 0.740 0.810
. (0] 0.943 0.935 0.946 0.956 0.430 0.400 0.440 0.520 0.657 0.558 0.723 0.831 0.325 0.237 0.356 0.501
ConvE DL 0.937 0.944 0.958 0.969 0.489 0.472 0.497 0.556 0.664 0.595 0.731 0.829 0.331 0.231 0.394 0.555
Deep O 0.648 0.703 0.832 0.864 0.224 0.131 0.157 0.207 0.625 0.534 0.749 0.856 0.619 0.52 0.74 0.835
Path DL* 0.674 0.715 0.844 0.87 0.231 0.158 0.201 0.294 0.633 0.548 0.764 0.862 0.627 0.534 0.763 0.886
R-GCN O 0.819 0.697 0.929 0.964 0.123 0.08 0.137 0.207 0.696 0.601 0.760 0.842 0.248 0.153 0.258 0.414
DL*T 0.825 0.702 0.933 0.977 0.218 0.126 0.144 0.210 0.697 0.594 0.762 0.871 0.253 0.161 0.263 0.495
. O 0.958 0.944 0.951 0.952 0.438 0.412 0.465 0.524 0.811 0.761 0.84 0.902 0.268 0.197 0.289 0.42
KGBERT DL 0.961 0.947 0.955 0.960 0.441 0.425 0.472 0.539 0.823 0.771 0.852 0.914 0.269 0.208 0.299 0.427
AWR- O 0.961 0.951 0.963 0.961 0.446 0.395 0.484 0.561 0.803 0.752 0.821 0.897 0.452 0.334 0.461 0.572
GCN DL+t 0.962 0.960 0.963 0.967 0.449 0.401 0.490 0.568 0.818 0.760 0.834 0.906 0.456 0.337 0.465 0.570
Sim O 0.963 0.945 0.969 0.972 0.665 0.573 0.719 0.808 0.678 0.493 0.694 0.805 0.333 0.238 0.359 0.507
KGC DL*T 0.965 0.948 0.970 0.972 0.666 0.575 0.721 0.813 0.679 0.497 0.696 0.810 0.335 0.242 0.365 0.511
O 0.956 0.948 0.959 0.962 0.432 0.405 0.459 0.493 0.630 0.502 0.659 0.743 0.319 0.238 0.359 0.498
1Bl DL 0.959 0.950 0.962 0.963 0.433 0.409 0.462 0.500 0.634 0.504 0.662 0.745 0.322 0.241 0.357 0.505
PUDA O 0.957 0.944 0.961 0.965 0.478 0.435 0.496 0.583 0.752 0.585 0.793 0.886 0.368 0.266 0.403 0.577
DLt 0.959 0.945 0.963 0.968 0.480 0.434 0.497 0.586 0.754 0.589 0.802 0.890 0.369 0.272 0.409 0.581

ScEy g5 AR W], ] DL AE 48 R LA 4y I 7E WIS,
WNI18RR,FB15K Ll & FB15K-237 44 [ 4R 45 bb 4% 2 ik of
SETE 1. 667%,10. 438% . 2. 244 % Fl 4. 841 % fY T I A%
BE L IF HLAE BT A 8Os 4 1o 51 4K 4% T Lk SFE, ConvE, Deep-
Path, R-GCN, KG-BERT, AWR-GCN, SimKGC, IBL I PU-
DA X 9 K vfEF % W 15, 124%., 5. 243%, 7. 591%,
10.997% .1.671% ,0. 886 % ,0. 540% 0. 565 % LA & 0. 562%
YRS B GE BT T DL HEZLSE — R ARG 7 2% v] LUA 2%
fiff T UL PTG R A A 2 0 ) A, LK R L <RIV B
75 B A T 50 U2 R BEAL T DA A TR HCHE 4 R A A ] 3

Y5 v T B T 2 T AT: 45 1 Hf BORS B 1 — 2B E WA T A 42
HESR A A 0PE . R, DA 45 285 v AR A5 A 4R THRE B2 T 43 Lb
F L& B0, DL AE 48 5 3k T B 42 B0 2 ALY SFE 81 . Deep-
Path 53 DL & R-GCN 5515 M0 45 & 7T L 3K A5 500 5 3 19 o4 ik
BRI BT bR R R ep B AR 22 I8 1Y O 8 P
WA T %2 VR TR M U B e A 5 A B, TE B8 i DL TR
87 2 X A S v B O 8 N YR AT S T S
T L A 0 PR ) 3 M AT T AR T 1 T
T i ) 1 5 AT T B0 N U R O vk M RE 1Y B L R AR
A5 0 A T AR
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T M, X T WNIS $fg £ iy g —Fh R, & 8 7 i
Ti A DLYHES 53619 MRR /3 B3 e B, sk |9
KILMER TR T T 1 154%, HERF LR T 2
BHEF T 1. 075%, 3. 200%, 0. 943%, 0. 958%, 1. 302%,
0.64%,2. 509%, — 0. 001%., 1. 062%, 0. 880% , 0. 925% »
0.421%,2. 106%. 1. 369%. 1. 263%, 0. 251%. 0. 742%,
1.132% . MXTHEAS SR mT 0, fE 4 K Z 80 ¢ &b, il 3l i A
DL HEZR ] LLHUAS b 5 o 53005 0 00 00 To0000 235 3R, Tk W 7 L3
o R BE T RE A8 1 o A R R B O vk p e VR R
B i 5 A 34 3 P 25 1) R0 A () B 4 o B R ORGSR S Ak

H#E DL HE 22 J5 (1% 52 30 150 AL 7E 4 Fh 56 R T 3R AT 19 #E 30U 2
I SFE, ConvE, DeepPath, R-GCN, KG-BERT, AWR-GCN,
SimKGC, IBL 1 PUDA X 9 28 3 i o 5l - ¥ | A T
5.035%,—0.669%,4.089%,0. 693%,0. 331%,0. 105%,
0.218%,0.344% LA} 0.242% ,iFBH T DL HESE 5 2 F g 1%
A Y SFE 553: 71 DeepPath 55 i M1 45 4 B AT DL 3K 45 58 fin g
FAR TR U — R T DL HE 4R i 5] A KR T B
AT LA ) 2 T R B v 0 A LR T B R AN R
P 0 L P 0 L, 7 45 12 2 i v 5 1k T LA A RO E AR e
2 2] B R R L 5 T HESE,

#* 8 WNIS HEHL G KR T KA DL HELR 5 SEMER MRR 70 HOok L 45 21

Table 8 Comparison results of MRR scores between DL ' and baselines embedded in each relation on WN18 dataset

# X R4 M SFE ConvE DeepPath R-GCN KG-BERT AWR-GCN SimKGC IBL PUDA
O DL O DL O DL O DL O DL O DL O DL O DL O DL
1 _member_of_domain_topic  0.88 0.90 0.969 0.975 0.658 0.686 0.835 0.839 0.980 0.984 0.976 0.979 0.981 0.986 0.976 0.982 0.977 0.979
2 _member_meronym 0.71 0.87 0.973 0.964 0.634 0.669 0.814 0.816 0.983 0.985 0.989 0.989 0.982 0.988 0.978 0.980 0.981 0.985
3 _derivationally_related_form 0.90 0.92 0.941 0.938 0.651 0.675 0.829 0.833 0.958 0.961 0.967 0.970 0.950 0.957 0.947 0.952 0.956 0.961
4 _member_of_domain_region 0.91 0.95 0.959 0.961 0.649 0.668 0.817 0.815 0.979 0.982 0.983 0.983 0.980 0.983 0.980 0.981 0.973 0.979
5 _similar_to 0.87 0.94 0.915 0.911 0.643 0.664 0.824 0.824 0.947 0.950 0.954 0.956 0.958 0.960 0.951 0.952 0.950 0.950
6 _hypernym 0.89 0.90 0.937 0.935 0.652 0.673 0.821 0.825 0.962 0.968 0.966 0.967 0.972 0.972 0.966 0.966 0.958 0.962
7 _member_holonym 0.77 0.90 0.952 0.953 0.645 0.671 0.804 0.805 0.976 0.979 0.973 0.973 0.974 0.978 0.973 0.978 0.975 0.977
8 _instance_hypernym 0.93 0.94 0.963 0.915 0.648 0.663 0.819 0.826 0.956 0.958 0.965 0.962 0.967 0.971 0.957 0.958 0.957 0.960
9 _member_of_domain_usage 0.88 0.89 0.924 0.931 0.637 0.678 0.829 0.833 0.948 0.950 0.960 0.960 0.964 0.961 0.952 0.955 0.944 0.949
10 _synset_domain_topic_of 0.90 0.92 0.930 0.915 0.643 0.675 0.811 0.817 0.949 0.952 0.950 0.952 0.951 0.954 0.936 0.943 0.951 0.951
11 _hyponym 0.89 0.92 0.948 0.937 0.649 0.672 0.816 0.820 0.967 0.969 0.972 0.972 0.975 0.979 0.954 0.967 0.966 0.967
12 _instance_hyponym 0.91 0.93 0.937 0.902 0.651 0.678 0.821 0.828 0.935 0.937 0.938 0.941 0.939 0.939 0.928 0.931 0.940 0.935
13 _synset_domain_usage_of 0.79 0.89 0.915 0.920 0.643 0.671 0.817 0.824 0.926 0.928 0.925 0.926 0.932 0.933 0.927 0.928 0.926 0.926
14 _has_part 0.85 0.90 0.951 0.944 0.652 0.674 0.809 0.827 0.953 0.958 0.954 0.956 0.957 0.959 0.955 0.957 0.952 0.956
15 _verb_group 0.88 0.90 0.938 0.953 0.644 0.679 0.815 0.825 0.966 0.969 0.966 0.966 0.970 0.968 0.966 0.969 0.961 0.965
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