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RN . SR, 7E Freebase o1, A 71% KNG HAMAZ R, 75% MAGR/DEFEE S 010 —J7
T, A FRERE & 2N SR M S AR, 55— 5T, AR HE AR R AT, & E bR
SR EEHTRIY 70 AR . A P e A A AR R G R A 1 SRR DG R, T i P R
MI=T0d (SR KA Setk), LB Jn iR U (0 BT S AR, 2 1 i e ) R LS B A 24155, B
FEEERR. W% RGME W2 PERE 01012 fldn, %10 % R 40, 5138 g R E i, w]
DO FH P S A BT R DL T R AR IR 55 i sl R R R, mT RO P S 4t S om0 Lk SR
R IRSS. SINFIR IR R 4 10 25 2 G, ALRENS A T AN BT 78 B8 ARt — 20 4 Jee ] 25 i) et 1
SRALANRUAE, Ty ELAE USRS 7 o A KR Ve AT B (3t S IR 38 (0 2 5.

H A AR B A 477 vk E B FE I TR 7 BT IREMA MG Tk BT R RBREH
JIE, CARFET RN BIE B, BT R 0 AR B R 4 U i 1 B A 4E TrasnE 19,
TransH M| TransD 15, TransG (6, TranSparse 171, DL J TransA (18] ZEAS 7R LT VR B o 22 o 4%
(AR P kb 4 AR RS - B0 RE ConvE (19, ConvKB 20) 255 FRAH L 28 45 7 TransGate 21, SENN
(shared embedding based neural network) 22 ZEJFIFF L M2 Y LA S R-GCN (relational graph con-
volutional network) 23/ SACN (structure-aware convolutional network) 24 %5 #2848 551 JEF- 5%
FR AR RN B T vk 1) 3 A A R R 424 777 PRA (path ranking algorithm) 25, PTransE [26]
SRR R TARENE BN B ER B RN A A 3 B4 NTN (neural tensor network) 27/, DKRL
(description-embodied knowledge representation learning) (28] ConMask [?°!, KG-BERT (bidirectional en-
coder representations from transformers) 2%/, DL MTL-KGC (multi-task learning for knowledge graph

completion) B &5

FR S A2 AR 55 T ) 32 SR S P A L —, SR oC R R A 1) . iR IR 1
ZICH AR 2 SR AN G R H AR s, BV B X SRR A OC RN e R R 2. Jioh, FAAE SR
HIOK 22 HH AR AR A, B 51X S SRR 5 8 1) = Jn AT AT B, SRR S SR AN O 2R 1 £ it il
WELZ . WA R AR S AR IR G 2R B ARFAE, A SR BUIRAI SEAR ARG FR A = o2 AR, 251K
BIRE AN AAT 25 T Bkl 2 — B2 ) S DA ARSS M A0 SCAR S5 4 B S B A il SRR 2 0 SURFAE. TR
AR AR R4 77 2 32 R R PR 1) S AR 2 AR OC RIA I B A5 R 15 B, LRSS AL I = o 4
TSN FIR P (Y SR AN OC R IEAT AL, 554, A B FT TAERI R A BE BN AR I 58 SR A OC &
(RIRFAE, AN SRS | SR 1, DA S SR IR SCARSE: 27~31 AR, X 28 75 325 3 AR SEAR A4 B L %
FR A4 PR ESTAR AR SCA ] R N BEAT 1R AR SR, HE LAFZ 98 A1 X 73 AN [F] = o 20 v [R]— SR A5G &
(1 SCRFE.

D, BT A TR HE R BRAR, AR SO T AT R N RIS 1 2 AR R 2% 1 R R i b 42 T
. RN B AR E SUHAF AT 1], RS AR S5 A6 AL B SRR IR SCA 1 SURAE M A2 . i 2
)RS 8] R 2 8], LA K R R TR 2 1] T SO T AR AR 9% SR A BRI TR e . A SR Y
IR B2 O VR A AR 25—, R PRI AL BERT HIAG AR 40 X 45 A5 1 S AR il ik S
AR Z R AR, 55 =, A B SR 2%, MR 15 SUIAE AapT AR b RN 28 =, Rie %
KEEEAJIRAN R BEHRON  SEARIR AN AE TR & S iR, 28 D0, ARIEVR & SRR AR R, 18
Conv-TransE # A PEAE = J04 ST FIME SR, 3510 SR B 1) = o4 4.

AT ) 3 EERE RO TR B AR

(1) ASCHR 7 — e T A P R N AR IS ) 2 AR IR % 11 2R TR STk e A R RE 2R . A SR A 35 s
PR IR TRAL BEAS R . 220 B A R N AR OB L AT RN A s e, DA R R R T A e 2 A 2
[F AU X 4 MR SR R A 1. REiHh, 1ZHE AN R B 28 B BT — B 3 1
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AbFR 7V, T HRE S A Hh I DN B 2 B IEAT SR SR IR 5 ) BASEH, 91 T 22 R ) RN A R | AT
PR N A AR B

(2) ASCE I ) NFE T8 SURAE 0T AT BN SIEEIR 2 T SCR SEAR R ASE. AR T3 B s
SIS A ERRTE, 18 XAKAF 7 B2 X B AR5 5 SRR E OE i, Has RaFEa) v 9ih 5 50
R3] 75 BE IR A, DUSGOE & AR X2 T E KA OC R, T SRR SO, I AU 5
FRIA 28 25 v SUUMRAE 70 AT (R AT R HR N R SIEEAZR A 78 3 S ARl (1) 08 2 0 SURFALE, A6 Bl T Ak AN
G AL SR B SRR 4 BhAS S HR A28 R 2 U0 SCRFIE ) 1) 25, T et e i T 1 SE AR R 7R 22 2
J7iE, $Em T RR R A 1 e

(3) ASCH G T SEARFE R ORI Z R RN, B E T SCI 2 R0 1R SO SEAR AR, A v dk
TG BERT M EA) TR, 38 % K BERT e — 20 B2 bRc i ANE VA FRN. SR
T, X FPTEAAE F BN BERT TS BRI Z 50K, Rk, A3CE %06 BERT H 12 E 5
RARPRICHRN AT HEEE, 2R 5 101k B A0 28 X 458 25 B SEAR IR SCAR I 2 0 AR N, #E M2 EL BERT
W12 B RE IS SCRFAIE.

(4) AR SCAEFAS A TFEHEEE UMLS A1 FB15k-237 _FHEAT AR BSR4 5200, SRat 45 B 28 I A SR
A AR R4 7T Conv-TransE, MTL-KGC Al KG-BERT %84 /7%, BRI T AT
PR TTVEIA . AR SR ) 28 T STAR R « AT BT NN 22 060 B2 A RN [ SR R R 22 21 1%, g
% N T SR U O R ECRE B AHETE S5 3.

2 ERIMEXIEINR

HR BTSN AT S A HE S SR TN . R SR TI D¢ R TI  BEHE TN, LA K& = e 42 19,1120
H A AR B 407 vk R B TR L. AT IREMENS N k. BT RA|BER T,
DA K HE TR N 4 Bh 5 B ik 112,320,

FET B ) AR G AN 2 07 VA M AZ O AR RN T =] CGREHE h, RFR v, BESAE 1), DLKSE
R RBSEARFE R BN, WELRKR: [=J04H (h,r,t) BMOLH, 2 h+r ~ t; TN, h 47
5t PR R AT aEsE K 18], Bordes Z5 13 $2 HIFE T BB A AR R R 22 IR TrasnE, K K010 B3 A
SEARINIC R AR AE [F) — MIRGE [r) B2 [A) b K 58 S B 7E SEARIRZE RN L REAT BOBH IR 4RAE. )5
K, Wang %5 04 $2 HH TransH B8, M BIE TR —X 2. 20—, DLEAZ X Z IR, Firkm
BN —AESL MRS A b, O RSN L FIEIEERAE. 546, 78 TransE RUFEAE L, 6504
FJ3ET7 TransD 9], TransG [16], TranSparse '7], TransA ['8], HolE [33], DistMult 34, DA &2 ANALOGY [3]
SRR,

TR PR A 222 I 45 1 R R PRI R 4 T 2R T AR Y o B R A AR Ao 20 X 2% (19,20, 36) | A TR Aot 2 ]
2% [21.22,37) D) I IR 22 ) 24 46 123 24.38] . Dettmers 55 19 $2HH ConvE #RAL, ZAEAFIH 2D HRMHE
PR 288 K T R TR P i R B R R B RFE B L B2, DUERNEUZ. 746, Yuan &5 Y 2
THT TransGate 5 ANIR B BE RN T792:. 12 AR B TR0 2 45 (1 11 4540 B9 it T 3L
X AL, 5] NAS R [ R B A ] 45 4.

VTR, BEA AR 4 1401 B3 3 g X 29 TAL) 5 P ol 28 X 8 A 200 (1) A J, T Lo 48 ) 24 A 2
(10 0 P b 42 52 1) 1 BROR R 22 1K1 967 . Nathani 25 381 415 i I w vb (1) 5C R T000N0 1) A, SR FH 251 1
TR JIHUHIR AR R, B0 7 BIVE R L DA SAA i) 22 B 408 J i 1) SEAR I OC R RRHALE.

BT R RS AR G A 4 7 vE SR AR AR R, R T R 2 = 0 4 ) R 46 SRy hof b SEEAAR & AN
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TR AU BT B b 0% R R A (5 2R RTHE 3 ) 8 125: 26,421 42207 VR (1 s5A2 BB AR e RSS2 4 00 R 2
AR P FERASE 1) L (25:26.42] i 41, Lao 45 (251 4@ Y — PR AR L0 R BE N LI ROINALZL & 22 2] D7 . Ji4b, 1E
TransE BRI |, Lin 55 26 $2H PTransE B8, 5] NBRARZ) R GEUR 73 7 V2K B 2200 R R4
FIEEME, I SR RN RIARDN . ARG AP L NS 3 T il LA A RN % R R A A

X AR BRSNS, R BE BNT) B R SRR R R g M AE BT
SCEBMANRFR R FRE. H TR P45 B aSE A B Y . SURRER AR L) 4 Us~45] fgif ) skt
AAHR I S5 R A SOA R I T8 AL S R S P B SR A4 PR L SRR | SRR S, SEAR B RR R fERIL
SEPRI R, SEARIEAL Y SR BT I8 RS 2 IR IE SRS, XN, SR “The Last King of Scotland” ]
SREALCA “ilm”. FETAHBIE S BRI AR S ATk AR AL NTN 26, DKRL 281, SSp
(semantic space projection) [*6), ConMask 2/, KG-BERT [, Pl & MTL-KGC BY 5. 41, Yao 5 [30]
W] — M 2508 5 3 KG-BERT, JBAERK bR CFRIR I BT ZRE R BERT o, TSI
SR SRS, = o 2H H ) Sk SR AN R SR RSN AT DL SEAR A FR . BUIR SR A F. Kim 45 B
& KG-BERT HEAYAEAE T PN 0] 8, RIAE DL 7 2327 >3 AR S b o0 R B R, DUAHERAAE 2
T AR ABA R i 8 S A2 U0 TE A 1) SR, Dt 2 —Fh 2 AR5 ST MTL-KGC, i 7 =I5y
e BERETTINA ¢ 2 FRIIAE 55 () SR B 45 SR W] T MTL-KGC HA &4k,

3 FREEHESEE

FR B M4 ) B A A R BN B AR B 1) = e 4, AN e B B BB AR S . ARYE Shi
2 290 B TAE, Bodh AR EE RN AT S5 e .

EX1 (FHREREAN TS B —MIAEEAREY G = (B,R,T), HF E RRTMEES R
KRKFRES, T Ronx=JmHES. FIREIEN RS ST RE AR ERE G, SR = ndHE S
T = {(h,r,t)|h € E,r € Rit € E,(h,r,t) ¢ T}, A h IR =JeHHPHILIE, r RINKR, t BoRE
SR,

B o1 ga i T ARSCER W 2 T A B AN R IR B B AR 22 N 2% (parsing graph embedding and
weighted graph convolutional network, PGE-WGCN) [ 5114 B 1 4 = i T BAKHE AL, PGE-WGCN A&
RUALFE SRR TRAC FRARE B | 22 07 B A R N AR OISR L T PR RN A A, DA R R R i e 4 A
Pt PGE-WGCN M N N =Tl 5 . SAARSE . G RENSARRIR AR, il B R = A4, Hrp,
FEAS AR SRR R ARG R SO, ST IR T Ak BRASTH A0, 45 1) 2 SR 1] B entityDict ¢ R 1] 4
relationDict 1= G4 1A tripleDict, DL AR SLARFEIR A AT H T e, Sl g, OC R S =T
S 1] B 53 0 B AR P B SR L S8 BRI = a2 A . BRI U R AR SR IR SCARIEAT ], R A
FEIRCEZES

Z RS A RN AR BB HCR F T SR8 8 BERT RIS AR PR 2% A8 Bl SR IR SCAR ) 2 RS )
RN, AT BN A BSRSEER AR SR IR SOAS PR T SCHCAE AT 11, M) AL P o A I 2 A i S
WRAEAAENT RN, FR RSN b 155G, BilG 2R EEAIRN 18 SURAEMAT EIRON, DA SRk
A, TR E SRR, )G, I SRR WX 2R A SRR AR S R IRAGATEBR, A RA A TR
wa, B AN S SRR NG B 53, 18IS Sigmoid BREUTH A% I STARYE 3k SR B SEAR TR,
IR ARG R = H S
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Figure 1 (Color online) Knowledge graph completion model based on parsing graph embedding and a weighted graph
convolutional network
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vclsl vcls] v:lsS vcls7 vcls‘) Vclsl 1
Multi-granularity
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Figure 2 (Color online) Sentence embedding generation model based on the classifier tags of 12 layers of BERT

3.1 ZRIEAMNERRR: BETIEEERNSLARTES]

X TSAA e, e BISEARRIR SUA d, Z2RLFE RN AE B T A2 S AR IR SUA d 1 22 R0 2 ) ik
N BN SR B SEAR IR SCARZE B B R SGE S B B H B R H ARG A ST TE A
SRS, IERAR RS AR 3R SCAR 1R 22 0L B AR N SRS SR R ABE, DRI AR Dy 5 T SEE AR s () SR 3R
TN 2] AR B SCAR AR N AR TV, ) BT R B R R N BEAT SR S ORI AR
FIEETT AL RN . SR, X L7 M DA O 3R 71 B R S0 B

BT, FIHBIIZGEA BERT A A iRART, 85 T %2 BieR s — B0 K48 510 [CLS]
RN, PRI, BERT HHANE Transformer JZZmbd G XAS BRLEANE, ASFE N AR S 3 E XE R
KW AE]. Rltk, BERT £E T Ui S AT 55 P Rl 22 BOK, 75 EEARTE AN [R] () AF 55 SR 1B AN 8] )2 () ik
N W78 ) AR — P T B R N 4 (1 BERT 200505 R IR AN AE T, 5%
WEE RN AE T, 2 AR R R ) U7k DKRL 1) & 281 I FH AR R0 48 I 28 5 SE AR ik
. A DKRL J7 BN A s g DKRL J7 0 2 T SR Bl N, G AU 22 0 2% 2
SEARRRIR A RN A SCHI 2R R IR N A T2 R T BERT A2 AR, SR 5 R B AR 48 0 2%
AL SRR () B 2R EEVE )RR N, 22 RLEE AR N A ) B RS 1 k, ad i R g A
# BERT $RECEAHIARIATE 12 E 02851 [CLS] . B 2 451 T R B2 R BERT %
B HIX 12 E o RBEPR ISR AN BI85 8. 2R, XF 12 B4 K48 h5id [CLS] ik, 1% HT
PHES—NBTIRHE (184 Eas), HHHAENEEEHMEA M4 CNN (convolutional neural network)
HIEIA. BT REE o e PRic e & — PoRLEE 1E SUE B, BRI 12 20 88 b ) aT 442 12 Ff
LIRSS B B, I8 B Kt AR R S AR R 11 22 R B ) RN

(1) FETHNGEEA BERT FISEARRREE. X9k e FISHARIIR A d = (w1, we, ..., w,),
RE BERT HHTA 12 ZH3 BRI A FF ST, ERAIRN Eas = [vast; Vels2; - - - 5 Vals12] €
R2x768 4] 2 Fon. HA, o NEERRIKE, w (0 = 1,2,...,n) NEEFRFIETE, vy
(j =1,2,...,12) N BERT KI5 j 24r2R8Fri0 [CLS] A, 55 «» FKnPHEEE(E. BERT HEH
12 BRI RSN 768 HIEREJISKECN 12, SRR R K KERE Jy 512, RISLARR IR 5 10
HHUR KN 512. X TRIERT 512 HSGARRIA BT BT AL BE, /N T 512 11 ) SEAARHl i SR Y
HNFHEAE. 5341, Sahoo 5 491 W] T —Fh7E LR IR B 2% SIHEZLF] HBP (Herge backpropagation) 772 H
T VN GREHE 7 5 27 2 TR P 0 28 IR 28 1Y) L RLTR . Yang 55 501 $& W 7 — i 5 1 3 I 2 8 A 2
(incremental adaptive deep model), A& MIREHE 5 > B H 1&E MR FE B AY, JF el sy
FEAE. AR S SRR 1) 22 R0 B2 ) RN AE T R IR SR R B AR I 2 0 AR A i, BA K 5T
S
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(2) BT A RPN Z 0 45 A4 SR IR 4 22 R0 BE A IRON . AR SR A AR 28 I 2488 5t ) FiR N JBEAT AR AE
FEL P12 BRI M & BRI IR 12 EERTRERENEIE R, WA 12 FAFE R E
(I SIS B B2, X Eay BEATBRL A BAFIEE vpersonn = (1,02, .., ven) € R, o ch J A%
AN FK, @i BatchNorm VAN vpersonn BEATHEIA—1E, W00 (1) Bow, Hod o B0 3 AT 201
S8, e NP HIZN R, mean(vbertonn) A Vbertcnn FIE, /Var(vberscnn) N Ubertonn 77 2. 98
J&i, FIFHBE R ReLU 5t vpersonn BEAT AELRMERHRAFRAE R, @1t (2) Bs.

v — mean(v
UbertCan = bertCnn ( bcrtCnn) +6, (1)
Var(vbertCnn) +e€
UbertCnn — maX(O, UbertCnn)- (2)

i, RPRFE EIREAT B & R AL, A B IR 1 2R LA TR vdese € REMPSIZe Lt EmbSize
NHRNYESE.

3.2 MRTERANERRR: BETHRTENSERRFES

A FE T4 B S RN R B b4 vk e e DU A 85 1) A 1) SRR IR ST A 2 4 0 2 TR
VB SCRRAE 273U SR 7 3 3R SRR AR SCA HR IR 2 R (I SCHRRAIE SRS S B, AR SR — et 56 1 L
BT A5 R I 28 TS SUAAF 53 BT B8 SRR AR b LR N AR BT V. 18 SUHKAF T (1 72 8 0T S i i s A
AT SUIRAE 3 A AT B AT I, S8 1 AR5 R A SO B 46 0 A0 R AR A e 38 UK A3 B T )
MK R, BFEE I SE W 55’0, woo5Ron, LR IO s 2 (B 5 R B3 S Ak,
IR E AR N 45 WGCN P4 s a2, B8 2008 R AR S i 247, AT -
Ri—FK R WGCN RRRAFIZERR RPN Z—A 0] B % I KIS EBE, ARE ¢ R IR
FUR T ASFEALE. 38 VKA AT RN IR 2 T B0 46 & o, X SEARRIR SCAREAT 18 SURAFE o0 AT S8
J&, BT SKAE M 4 B, SR P DA P 5 AR 0 24 A i SURKAF b BTN, T2 90 SIS AR i iR S AR
(IR J2 U SUFFAE.

(1) W SURAE 3 #r. AE B ORE 5 A3, 7)1 20 i R BRI E RANE ZH. A7 aEE
RUBHERRARERATE A TR, A 0038 U5 B EZ@ s A Ebad TR 80E KA 0 T
HRAG. AEMRAE M LLA) TN 5, DAA)F B IR A o, 20 ir B ihils 5 A RS 2 8] |
T 18], AR ARIE ARG 8] () AV R S50 OC &R, lan, EiHG R SR K R & TR R MBI
R

B SUMAF 5 AT 7 — MR JZ R B8 ST, 2 i 8 1 rhil 5 B r B 4] 15 MR T RV S THT R A
KRR B XARAE 25 RAAFER) 7 il 5 BALRIE UM 6, DURAE SURAE R R P31 il i UM B8
g 2EH . A, LTRSS EURARRAFELERR, MEXR. FHLR,
PSSR G 215 el i, AVEARAT 20 A 5 16 SURAFE 0 I I DO AR TN R (a) BT 00 0)VE 2 TH
SRR R, Jo#H R A) 1B UZ KR, (b) X T F—F & LA FRE T XA TEE S,
S A FAEAE B AN F AR EER . AT, S HAS [EA) I [F] — 18 5 AL 5 SCRAMIE BGE A =2 A
[FJR. BRI, 8 SURAF 7 RBH 1 AV S5 A 205, 20 Hril il 5980 L ik 5t ek 518
TCH T Z AR G 22, DA S ] 58 J0 2 [R5 &R

(2) 15 SURAF AT IR N AR . AT PR N A Jl A b FH T A2 il SRR 3R SCAS R 1 SUIKAE A b Pl ik
N T SURRAF AR TR N AE 1 SR A N AP B 38 SUIRAE AT« 1 SURRAE AT TR N AE

ASCFIH HanLP B4 T B SEARRRIR SCAH (6] F AT SRAE /01T 45 8 ek e I SfRAl
R d = (wy,ws,...,w,), WIS KA 8T T RSB ET Y] stem = (w), wh, ..., w!,), i XAKAFLF
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51 semantic = [[he,, tseys 5€1]s- - - ; [Psenes tsene s Senell, FeH, n AR HIE, ne Nifs UKAFILHIA
K. ik, KR 3t wordDicty 5 SUARFFAREE T I depDict, LALE SUARAASBHRERE A. a0, xf
T “S4K /m /071450 (The Last King of Scotland)”, HSZAHHA A “The Last King of Scotland is a 2006
British drama film ...”, i} HanLP T H3R1G 1R F/F 41 “(the, Last, King, of, Scotland, be, a, 2006,
british, drama, film, ...)”, & XAKAFLFF “[[1, 2, orphan], [1, 3, BV], [2, 3, compound], [4, 3, ARG1],
[6, 3, ARG1], [1, 4, orphan],...]”.

L Glove ]+ i wordDict #EATHIAAAL, KHBENLAI4GHTT 2% depDict BEATHIAAAL, A2 L
SRR d R ANFERE Vieora € R0 0BT 22 2 [R5 SUIRAFIUAL FL T RS Waep, € Rraerxdim - 3f: H i
H xavier normal ffi fHR A MRMIEZS 2040, FHod, n AR FEIT N, naep B XARAFFR BRI,
dim M HRNZERE. K AL ] A RR e 22 ) 28 A 1 U1 22 e A5 P Pl b %) P 0 s R, BRI )N o R s
SRR d BJTEHRATEPE Vigora~ 15 SURAFSBHEHEFE A 8 SARFFIURLEFERE Waep, AL B
PR IR 2%, RIS T b B AR PR ] RN FE B Viggen.-

IR G R W 25 124 23 9 TR ARAARRAE . BT M0 S AP IR, 1R 120, EORAREE X
WAL HE B Waep, IRIUE SURAF SRR A AL, AR B B IRERIE A,. 85, X
SRR d RN FERE Vigora BEATHEZREHAERL V) o, FIRNERIBESERE Ay X V) o INBGK
FIAE SR AR IR AE AR RN FE B Viggen, WI3K (3) BTz, o, W SRadhAT 4 B S 460 A AL E 4 .

ngcn = Aa(VwordW) = Aocvv:/ord' (3)

55 2 DREH A AL E A BatchNorm 7555 3R & AL AR R AFEFE Viggen HEATHEIE—
1, PR JFIE tanh pRECEEAT AR LR R, A I B SUIRAE AT B A IR A JERE Viggen, B3N (4) BT
IR T AR IR, Vigen 2t 1 18] 81 wordDict HH AN 18] 1 2 T 15 SCHAEERT BT 1Al RN

Viwgen = tanh(BatchNorm(Viygen))- (4)

IRJE, KT b, A h SRS T BT A )18, FETRRATERE Viggen M BT PRIX LE 18] T 0T M 1435 11
N, BETIR Sk SR B SEAA R IR AT IR AFEBE vaep € R 403K (5) Fram. e n OSSR RiIR &K
JE, dim NN

Udep = [UW.E-’;Cnl 9 ngan e 7ngCUn]' (5)

e, XFSAAREIR I PR vaep SEHEAT & SOGMAL, FREATEIENAL, A2 SRR 178 SCIRAF
FERT BN vaep. SRMEMACTIIEMLE, 1205 A RS R B 235 AR AL 5 SRR TvEAT B, 207 ik
RERSAE— e P2 b G5 A K.

3.3 FREEANE

XTSIk e HSARFEIA d, B2, MR SRR d BRI EE A RN vaese~ W XAKAE AT B ik
A Vaep SRIA, B vdese, Vaep BABSEVRIRN ventity FHEJFIIALIEZ, AR GBI Fea, R4
TRA SRR AN IS RN, I Conv-TransE #HY 241 $¥Ak = 5040 i or MER, 35 3R B BR 25 (K = 76
HES.

(1) A RRR A SEAR RN, X SR H entityDict J¢ &R 1A # relationDict BHATFIALYILE L, A2 B SR
HRATEFE Vontiey € RMentity Xdim 0 58 ZHRAFRE Vieattion € RMrentvionxdim 3 H ffi ] Xavier Normal ) ffi
FHRANRMIERS 200 . Fe nengiey SN, npeattion ARRNEL B, X TR854K b, @8R 5] 1

2044



HEBYEERE B2 B 1M

J7 3, MR ATERE Vontiey THEREL b BIRIIESEAAIRN ventity. KT TRFR r, BRI, MKHR
AR Vietation R FIRAHRA veetation. FLUK, K h MIIESEARIRN ventivy, h SEARFEIR I Z AL
FEFIRN vaese, MHAE SARTEMEHT EIRN vaep $FEEIRIEIE 1R Z A GR G SEAR RN v, W15 (6) BT
7, e W A b 53 PR R IR A i A

Up = We [Udescv Udep» ventity] + be~ (6)

(2) FE K =04, AR Conv-TransE #7241 FE K =0, FF 92 RN Vreattion TR
BRI vy, BHE SR BZ 4L A vy, W (7) FR. Hodr channels B4
3, ccorr(x) FRBEBURIE, w BRBBULIERE, b, FRHE.

channels

Uhr = Z Ccorr(([vhvvrealtion])7w) + be. (7)
k=0
5%, K BatchNorm J7 X ASERHEAFIA (6, FIF ReLU B SO ASE L A7 AL PERE 3, 3
ﬁ%ﬁj%)%x‘j‘ Uhr lﬁ’ﬁtéﬁgﬁﬁ ;H\:?jl ﬁﬁ BtahcNorm Xj‘ Vhr iﬁﬁﬂﬂ*ﬁc, %% ReLLU @ﬁxﬁ%@
BT IR R, SRR, OB 0= TCH 2, DRSS o (SRBSEIR o) IR r, MRS
¢ (SRS B). T EZTCAOL I f(h,r,0), IR (8) T, JEH Vg FSEHR NGB,

£ (k7 ) = sigmoid(dot_product (v, Vibyiey))- (8)

SR, N ZRER S =84 (b, ') KIRSEE ¢ (SEKSEMR) B804 one-hot A1, FHIRAER (9) it
BAE AR U, v, 1), Eorlt target FoRWGRREARD = T4 (h, r, ') A5 IER =04, #59 EH =70
4, MEN 1, N 0.

l(h,r,t) = —(target - log f(h,r,t) + (1 — target) - log(1 — f(h,r,1))). (9)

ARSI OB AT = e R T, BRI, = MR N R REAR, RIAT DL A R A
IR, AR SCOT IR TE TR AT — AN BB (0 FRE A I R IR I R ) = L 0R B 7 75 T B /MR Ok R £
AR SRR RS AN A FE U 2Rt FR UG 1 B, 1 5, SRR SCAR AT B v, AL Skl
B, 5 Z A AN = o AR B SR IR BERT . A8 B2 R 4% CNN A il SEAR R SCAS i 22
FEAJRN. IR, BRSNS WGON SHE SRR AT B AL BOE SURAE M BN 2R )5, X
ZRIERIRN « B URAF AT RN« SEAR N AT RS, 2B R A SER iR, #E—20 ) RIFGBHME
IR 28 TR A SEAR IR AN G R IR AT BN, A AN, 5, B AN S 92 N FERE 25 3fe, i
i Sigmoid BT EAGRIL SARE N R SAE (SkIAk) MMES, HARIEME S i Bk = udHAE A 1HEH
W G, IS T E . 8k, S8UH Xavier M1 2801841k, % E %t AdaGrad 4k
AHATHRAL.

4 SIGZER

AR )R AR SO A iR P b 4 VR TE AN AP B SE UMLS 1 FB15k-237 LRIsRsa s Rk
RSN, ARG T ST TR LRSS . T RksEIS, DL S HUURR M S b 525

UMLS J&—Fh 2515 UM 2% 501 UMLS R4 F 135 NSk, 46 FiOC R, IIZRME . S uEEE AT
WA/ A ELHE 5126, 652 A1 661 A = 04, Wik 1 fin. UMLS H S i 2 NS, B4 SRl &
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Table 1 Statistics of datasets

Dataset Entities Relations Train Validation Test
UMLS 135 46 5216 652 661
FB15k-237 14541 237 272115 17535 20466

Algorithm 1 Knowledge graph completion method based on parsing graph embedding and a weighted graph convolutional

network

Input: Entity set E, relation set R, triple set T', entity description set D.
Output: Missed triples T".

1: for e; in E do: entityDict < e;; end for //Build entity dictionary

2: for r; in R do: relationDict < r;; end for //Construct relation dictionary

3: for triple; in T do: tripleDict < triple;; end for //Build triple dictionary

4: for d; in D do:

5: desc; + Preprocessing(d;); //Data cleaning

6: D’ « desc;; //Build input of multi-granularity sentence embedding

7 if useSemantic: //Semantic dependency analysis

8: wordDict, wordList, depDict, A +— HanLP(desc;);

9: end if

10: end for

11: Ventity M entityDict; //Obtain entity embedding

12: Vielation M relationDict; //Build relation embedding

13: Vword M wordDict; //Construct entity descriptive word embedding

14: Wyep JLmbedding depDict; //Obtain learned weight

15: for ¢ =1,2,...,Q in Epoch do

16: for ¢ in batch do:

17: Rbatchs Thatchs thatch — entityDict, relationDict, tripleDict;

18: Vdesc M hpaten; D’;  //Construct multi-granularity sentence embedding of head entity
19: Vwgen M Viwords A, Waep; //Obtain entity descriptive word embeeding based on parsing graph
20: Vdep = Vivgen, Pbatch; //Generate parsing graph embedding of head entity

21: Ventity = Ventity» Pbatch; //Obtain entity embedding

22: vh paich [Vdescs Vdep» Ventity ) //Build hybrid entity embedding

23: Vr < Vielation, Thatch} //Obtain relation embedding

24: Vhye LN [vp, vrl; //Build combined embedding

25: Vpr ich Vhrs //Use the full-connected layer for dimension transformation
26: f(h,rt) M dot_product(vp-, Verfltity); //Calculate the probability of the new triple
27: loss = BCEloss(t, f(h,7,1)); //Compute loss

28: Minimize loss;

29: Update parameters;

30: end for

31: end for

FXF N SRR, Bi4n, UMLS HE 4 A9k “disease or syndrome (FIRELZEAHE)”  “biologically
active substance (E¥ITEHEYIR)” 5. AR “disease or syndrome” [JSEAAFHIAN “Restless legs syndrome
(RLS) is generally a long term disorder that causes a strong urge to move one’s legs ...”. K&RZ _JCIH
1a], BN, UMLS $HEEATE R R “causes”, “affects”. kSR, SR, AR AR K =04, #lan, =
JGZH (nucleic acid nucleoside or nucleotide, causes, disease or syndrome), Rl (FZB#%H 8% IR, T2,
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Table 2 Comparsion of experimental results with related studies on the UMLS dataset

Model Hits@10 (%) Hits@3 (%) MR MRR
TransE [13] 98.9 - 1.84 -
TransH [14] 99.5 - 1.80 -
TransR, (9] 99.4 - 1.81 -
TransD [15] 99.3 - 1.71 -

DistMult [34] 84.6 - 5.52 -
ComplEx [60] 96.7 - 2.59 -
Conv-TransE [24] 99.29 95.62 1.4851 0.9089
SACN [24 99.37 95.70 1.5125 0.8798
KG-BERT [30] 99.0 - 1.47 -
Our method 99.92 98.43 1.2429 0.9142
PR LR AE).

¥ tE FB15k-237 /& ARG FB15k R Fr = ol 5t @i pk P71, K4 FB15k kil T4k
#a2E Freebase 11581 FB15k-237 LA =Je B ANAF A, HLAEAS SSARIS A X R SEARFR. i, = 7o
A (/m/071450, /film/film/genre, /m/082gq) H', SEAK /m /071450 (the last king of scotland)f] SEAARFH A
A “The Last King of Scotland is a 2006 British drama film ...”. Z{#i4E FB15k-237 fLIHLAK 14541 ),
RAFRA 237 . YNZREE . BAERAMMKEE T 045 272, 115, 17535 A1 20466 D =T, W 1 fis.

AR AR FTR E SR 555 PG Fe b5 Hits@10, Hits@3, MRR, (mean reciprocal rank) Ffl
MR (mean rank) RIFAGEIRFN TR MERE. Horb, HitsQk RN B = o AL R &
MR, ZTh R0 v 28 B R AN 7 VR M Rl . TR 5HES (MRR) Rl & I/ =T
HHA BIEF A, 2T E B R TR R &, IS (MR) Rl b Es =4
B E, 2P AR B U7 VR BB

4.1 HEXRIIEXTEEKI

2 AN 3 45T ARSCHR R T AT BT R N RIS, PR A5 R DX 28 1) SR PR 4 7 v -5 A AH DA
FLAERIXT Ee szt g5 B HARAR ¢ TAEEHE TransE ! TransH 14, TransR %9 TransD [15], DistMult 34,
ComplEx (% Conv-TransE 24, KG-BERT %], SACN 24 DSKG 37, MTL-KGC B F1 ParamE-MLP [61]
Tk FR B RN A 500 1 3 H S EEFE Conv-TransE H B U 28 N 245 1 & A AZ A2 (number of
channels). Conv-TransE HH &R X 28 G FAZ K/ (kernel size) 27 )k N H 6 R A28 R 2% 11
LAMZAH (number of BERT channels) 2 $ EA) IR AR E I 28 [ A% K/ (BERT kernel
size)s MIALEERRNZ IBEHL LIS (WGCN dropout rate) 2% # (learning rate). SEARRIE R M
RAYEE (embedding size), VLA FEE ZBENLAIEZ (hidden dropout rate). X T-#(#litk UMLS M
FB15k-237, IXES 5043 HIEUE N (50, 3, 100, 2, 0.5, 0.01, 50, 0.5) A1 (300, 5, 100, 2, 0.2, 0.001, 100,
0.5).

MRIER 2 BSEIe 45 R v LA Y, A ST 3 T AT R NI B AR 1 245 1 R S b4 07 VA
B UMLS | Hits@10, Hits@3, MR 1 MRR VAL {E 735108 99.92%, 98.43%, 1.2429 F1 0.9142. #H
EbF KG-BERT 5 B, A7 1) Hits@10, MR 43332 1 0.92% A1 0.2271. %} T FB15k-237 ¢
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Table 3 Comparsion of experimental results with related stuides on FB15k-237

Model Hits@10 (%) Hits@3 (%) MR MRR
TransE [13] 47.4 - 223 -
TransH [14] 48.6 - 255 -
TransR. [59] 51.1 - 237 -
TransD (1] 48.4 - 246 -

DistMult [34] 42.0 26.0 - 0.24
ComplEx [60] 43.0 28.0 - 0.25
Conv-TransE [24] 51.0 37.0 - 0.33
KG-BERT [30] 42.0 - 153 -
DSKG 137] 52.1 - 175 0.339
MTL-KGC [31] 45.8 29.8 132 0.267
ParamE-MLP [61] 45.9 33.9 - 0.314
Our method 52.80 37.80 216.70 0.3441

PidE, % 3 A ITER Hits@10, Hits@3, MR Al MRR 7354 52.80%, 37.80%, 216.70 A1 0.3441. #H
EbF ParamBE-MLP J73 61 A3 771 Hits@10, Hits@3 A1 MRR 735425 1 6.9%, 3.9% A1 0.0301.
F 2 M 3 (SR SE BR WA ST IR BRI T B AR, 36AE 1 A ST 5 ik A etk A2
REM AR s PR RE A TR RIZE T 51 ONAE SURRHT IR N SEIIL T IR R UE U SEAR A 5] N 220 B ) Bk N 5K
LT 2 RS X SRS, S 4, i R T AR AT RN R IR, B A AR I 265 (14 R 1 PR 1 4 S B AfE 248
SEHL T RS R) f e e ST M AR B

4.2 HRMSLIG

T VA AR SCRIR B A 4 T v S SO PR RE B S, it T VH R SIS T LU T 5, Wik 4 s
Fow, HoAr <7 fex 3 alERoR 2R AR “multi-granularity sentence embedding” F1iE SAKAEfif
HrE R “semantic dependency parsing graph embedding” & 75 7E AR 1 5] .

(1) Baseline. #%EH Conv-TransE #i7# 241,

(2) Bert-linear. fAERAJHR A, BIX] BERT fi ) — /= K70 K hric [CLS] IR A& 4% 2 1) 45
FAE RGN ARG NE SKAF T RN

(3) Bert-rel-att. {XAERAIHRN, 38T HBIT 8 & IVE R IHLHIXT BERT12 J= 17 K48 brid [CLS]
RANBEAT INBGR M 45 AR 9 AN R 51 NIE SURAF AT RN

(4) Bert-cnn. XA Z R E AR, BIX) BERT12 2R 28248 b110 [CLS] #k NGt 2 AR 45 [ 25
(25 AR N2 R AR, R GINTE SURAFE T B RN

(5) SRL. A= il U iR N, BIA) T B8 SCA EbRyE 285 X ] R A 1 12 9 8% R 2 WL )
S5 RAE B XA RN RIS RN L 18 SURAE AT RN

(6) SyntGE (syntactic ggraph embedding). XA BANEMKATMEHT BN, BRG] 5 R)VEAK AT 73 #
22 1 AL A AR I 2 1) 45 SRAE A SVEARAE IR AT BETRON . R BTN ZRLEEAJIRON « 18 SURAE AT RN
AL IS StanfordNLP ) Parse 1.5 162 S SEARS IR SCA H (1) ) T AT ANVEARAE AT

(7) SemGE (semantic graph embedding). ARG SURAFAENT EIRN, RTINS HRIZ AR, 15 X
WRAE AT RN R 48 1) 138 SURAF 70 A 23 DA P BRI 2% (1) 45 FRA'E s SCHAF b BRI
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Table 4 Ablation experimental results on the UMLS dataset

Model Multi-granularity Semantic dependency Hits@10 (%) Hits03 (%) MR
sentence embedding parsing graph embedding

(1) Baseline X X 99.29 95.62 1.4851
(2) Bert-linear X X 99.84 98.12 1.3796
(3) Bert-rel-att X X 99.53 97.26 1.4687
(4) Bert-cnn VA X 99.68 96.48 1.3257

(5) SRL X X 99.68 97.73 1.3000

(6) SyntGE X X 99.68 97.26 1.4195

(7) SemGE X 99.76 97.26 1.3375

(8) Bert-cnn+SRL Vv X 99.84 96.40 1.2812

(9) Bert-cnn+SyntGE v x 99.84 97.26  1.3125

(10) Bert-mean+SemGE Vv v 99.76 97.81 1.3171

(11) Bert-Multi-att2+SemGE 4 4 99.21 96.01 1.4828
(12) Bert-cnn+SemGE+avg-pooling Vv V4 99.76 98.20 1.3234
(13) Bert-cnn+SemGE+max-pooling Vv 4 99.84 98.59 1.2757
(14) Bert-cnn+SemGE Vv 4 99.92 98.43  1.2429

% 5 HIEE FB15k-237 KERMSINER
Table 5 Ablation experimental results on the FB15k-237 dataset

Model Multi-granularity Semantic dependency Hits@10 (%) Hits@3 (%) MR
sentence embedding parsing graph embedding
(1) Baseline X X 51.00 37.0 -

(2) Bert-linear x x 52.60 38.09  228.71
(3) Bert-rel-att X X 52.60 37.90 243.25
(4) Bert-cnn Vv X 52.72 37.90 233.43
(5) SRL x x 52.35 3745  212.94
(6) SyntGE X X 52.34 37.61 224.22
(7) SemGE x 52.77 37.64  211.70

(8) Bert-cnn+SRL Vv X 52.77 37.71 224.53

(9) Bert-cnn+SyntGE Vv X 52.71 37.71 222.90

(10) Bert-mean+SemGE Vv V4 52.48 37.72 214.65

(11) Bert-Multi-att2+SemGE v v 52.30 3752 225.64
(12) Bert-cnn+SemGE+avg-pooling Vv V4 51.97 37.27 228.90
(13) Bert-cnn+SemGE+max-pooling Vv 4 52.55 37.59 222.99
(14) Bert-cnn+SemGE 4 4 52.80 37.80 216.70

(8) Bert-cnn+SRL. A2 R E AR « 1B A IR, K5I NE UK T R
(9) Bert-cnn+SyntGE. A2 2 R E AR « FIERAEMENT RN R 51 NTE SURKAF g AT RO
(10) Bert-mean+SemGE. AR ZRLE AR, X BERT ANFJZH embedding AT P44 1) 25 R AE
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AR, BINTE SURAFE BT EHRN.

(11) Bert-Multi-att2+SemGE. £ RLE AN, i8S 2 kit = UHLdx BERT12 27 4805
0 [CLS] M ABEAT IBCR AN 45 A AR, 5INE UK RN, T 13K 0h 2.

(12) Bert-cnn+SemGE+avg-pooling. £ FiFERR . I NTE SURAFARHT BN, RIS SEAAR SR
(1) B A Rl RN AT B A, A RS IR 138 SURAF AT RN

(13) Bert-cnn+SemGE+max-pooling. £ 2 FiFEE RN, GINTE SURAFREAT RN, BIXS SEARH R
(1) B A ARl RN EAT B Rt Ak, A RS I V8 SUKAF AR AT RN

(14) Bert-cnn+SemGE. £ Z R E AR o TH UKL I RN

WRIER 4 F1 5 WEhS2IG 4 Bl LAE Y, B8 Bert-cnn EEIES4 UMLS A Hits@10 A 99.68%,
Hits@3 25 96.48% 1 MR N 1.3257. fE3#E4E FB15k-237 L) Hits@10 4 52.72%, Hits@3 2N 37.90%
A MR N 233.43. 7 UMLS %34 I, #%8 Bert-cnn 1) MR PEAES T A Baseline, Bert-linear £/l
Bert-rel-att. 7E FB15k-237 ##i4E L, #%Y Bert-cnn ) Hits@Q10 SZIGPERER T1X 3 A AL, (Rl 52
6 25 AR O 22 060 5 AR N T ER ) 12 FiORLBE 38 SCRREA B T2 = A iR e+ 4 g v e

iR SemGE 7EEU 4 UMLS ) Hits@10 A 99.76%, Hits@Q3 A 97.26%, MR N 1.3375. 1E%(
PEEE FB15k-237 L/ Hits@10 A4 52.77%, HitsQ3 A 37.64%, MR A 211.70. fE¥dE4E FB15k-237
B S PEREAS S T SRL Al SyntGE. fE8#5 4 UMLS |, AR Hits@10 YEfREm T SRL #
SyntGE. Hlk, 92864k 3 WE SURAZ AT RN LB SUA BN o AVEARAF IR AT BN T RE A% 3 3k
SR IR SCAR IR 2 8 SURHLE.

AAEAY Bert-cnn+SemGE 7EEHE4E UMLS L) Hits@10 A 99.92%, Hits@Q3 A 98.43% 1 MR
N 1.2429. fFEHFESE FB15k-237 1) Hits@10 A 52.80%, Hits@3 A 37.80% A1 MR A 216.70. ¥4
££ UMLS b, ACHAF) Hits@10, Hits@3 Al MR HEREHE T3 4 A9 A 13 AL BfkHh, Sk
A Bert-linear AL, A SCHEAY [ Hits@10, Hits@3 A1 MR 23 B4 1 0.08%, 0.31% F1 0.1367. A
AU[¥) Hits@10, Hits@3 1 MR bt Bet-rel-att 43 7l32& % 1 0.39%, 1.17% #1 0.2258. fE£(#E4E FB15k-237
b, ARSCBORN Hits@10 PEREHERR T35 5 MJLAl 13 iR, AfAkHh, 588 Bert-linear A1, A8 S0
A Hits@10 Al MR 2335 T 0.2% Ml 12.01. ASCEALE Hits@10 A1 MR L Bet-rel-att 73 53
T 0.2% F1 26.55. Hith, SRUGEh FFR B A SCHR I T 2 R0 AR N FIE SUIRAZ AT R 2R
TN R RE, LT BE T 2 R A R AT AEARAE AT BRI 77 (Bert-cnn+SyntGE) . & T
2R E AR ARNE A BIRAKI T (Bert-cnn+SRL), Bert-mean+SemGE, Bert-Multi-att2+SemGE,
Bert-cnn+SemGE+avg-pooling, VA Bert-cnn+SemGE+max-pooling #£78Y. [FIE, s246 45 R H 5N
T SURATFRATT BN N 22 7 B A N Ko R0 U PR e 4 ek BB SR TH 1 23 AN DT ik

4.3 S

ISV T BB T S5, 20 AT A SCRN TR B kb 42 5 VR SIS B U

(1) ZHELL: B (number of channels). & 3(a) 1 (b) 44 T Conv-TransE H 5
LM A RS B R S gn a5 Rt 26 1. BN BEIUE Y {50, 100, 200, 300}. HH, “Bert-
cnn+SyntGE” FRIRFE T 2RI AR  FEMRAFMENT EIR N BOTT I, SRIFR N JE T A0ARAF MR RN
W71, “Bert-cnn+SemGE” 3R 7~ A ST )38 T 22 ki FE AR N « 5 SUIRAE AT BN 1 572, TR Fk
NEE T8 SUUAF AT RN B 5 7.

£ UMLS $d4E b, BT ARARAEARHT R AFIE SUIRAEARAT BIHRN1) Hits@10 &5 F Bl 51
AN BB R B AR T RS, XA OTIERAE S BN EOY 50 I EUS REE, Bl Hits@10 737!
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3 (MERFE) HIESE UMLS 1 FB15k-237 FMSHERMEDH. (a) (b) Conv-TransE HFZ N
R4 (c) (d) Conv-TransE EFZK/NERDH; () (f) BERT ERZNEHRSHT; (g) (h) BERT &1

MR NIRRT

Figure 3 (Color online) Parameter sensitivity analyses on datasets of UMLS and FB15k-237. (a) (b) Effect analysis of
the number of channels of Conv-TransE; (c) (d) effect analysis of the kernel size of Conv-TransE; (e) (f) effect analysis of
the number of BERT channels; (g) (h) effect analysis of the BERT kernel size

N 99.76%, 99.84%, EATHI B S-S RAME I ZFE 4338 0.31% 1 0.24%. {E FB15k-237 $#54E I, 1X
P RN 7V Hits@10 45 B E G RURZA B Kok 2 E A ias, SN ECN 300 Bk i
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FE, B Hits@10 2) %18 51.93% F 52.26%, HLi KA KT 0.52% A1 0.68%.

(2) L BRI AN (kernel size). Bl 3(c) 1 (d) 5 T Conv-TransE H &A1 ZE /X 25 A
A BN SR ie 25 R 26 . BARZONIUE S {2, 3, 5}. fE UMLS #¥a4E b, 5T AR K2R
PrERON « T8 SURAE AT iR NG Hits@10 BIEBERUE A/NA 3 I B i E, B Hits@10 435
N 99.76%, 99.84%, S EARMEA LB KT 0.31%, 0.16%. 7E FB15k-237 $¥a4E b, XPM AR
Hits@10 7E kernel size A 5 W& B F{l, Hits@10 20518 52.25%, 52.7%, C AT i il -5 S ARAE
ZFE N 1%, 0.88%.

(3) ZH2%: BERT B4 (number of BERT channels). & 3(e) A (f) 45H1 7 BERT A
A G RUZA B se s g5 R h 2 . B RUZANEUUE N {50, 100, 200, 300}. 7E UMLS ##a4E I, 2ETH)
EMAERRNTEIRON « 2 T8 SURAERT IR N Hits@10 ¥I7E BRI BN 100 I 3R155 i1, Hits@10
SN 99.76%, 99.84%, S EARMEA LA AR T 0.23%, 0.16%. 1E FB15k-237 $¥a4E b, LT )7k
AT AT RN 1) Hits@10 7EEFUZANECH 50 BT HUS SAE(E, B Hits@10 N 52.64%, 5 SR 1%
FEA 0.77%. 3T 18 SURAF BT BN 1) HitsQ107EBRAZANECA 100 AR i 1E, B Hits@10 M
52.7%, HHAMER Z N 0.3%.

(4) ZHELK: BERT HA% K/ (BERT kernel size). & 3(g) A1 (h) 45 H! T AA BERT A7k
KN SEB6 45 B 2R . BB K/ NBUE N {2, 3, 5). 7 UMLS iR 4E b, 3T AR AE b i
) Hits@10 7 BERT &R K/ N 2 B i e, B Hits@10 SN 99.76%, i sl 5 A8 1 2
FEON 0.31%. JE T8 SURAEMEAT LR N TH) Hits@10 Hof s B -5 s RAE I 22858 0.08%. £ FB15k-27 %
Pide b, BT ANERAEMAT BN K HitsQ10 7€ BERT B KN 2 I3RS E 1 52.64%, M
AR T 0.41%. T8 URTEAT N Hits@10 7€ BERT HF K /NA 2 I B i ALY, B
Hits@10 A 52.7%, Hix i S HAME R Z N 0.56%.

(5) ZELE: AL EERIR A N2 BEATLRTE 2 (WGCN dropout rate). X BSR4 I 26 it AL
JAEH, B 4(a) F (b) A T AFIBENLRTE R I L0 gt R 2R . ZS8HUE N {0.0,0.1,...,0.7}. 7E
UMLS $d4E I, 3T A A AT B NN A5 SUR A AT RN 1) Hits@10 (15 = (-5 B IR fE
MZERE#N 0.31%. 1E FB15k-237 4L b, 5 —Fh 750 Hits@Q10 HmH- S5 RAMERN ZE N 0.47%.
Je — PP 75 0 e e B L BRI K T 0.61%.

(6) ZHSLH: 2] % (learning rate). FIXS 27 S HBEATILG, 8] 4(c) A1 (d) gt T AR 21311
SEOG ek B 2R . 22 SR EUE Y {0.00001, 0.00005, 0.0001, 0.0005, 0.001, 0.005, 0.01, 0.05}. £ UMLS
B b, BT AEARAEARAT IR 25 T35 SURAE AR BT BN Hits@Q10 # miE -5 S RE I Z2 855y
WA 84.38%, 30.7%. Tt FB15k-237 Hdli4E b, X PR /741 HitsQ10 #x i {H 5 R ARAE 1) 2 78 3 7N
30.21%, 31.64%.

(7) ZHLY: MNYERE (embedding size). &l 4(e) FT (£) 45 H T SRR R AN RN ZE 1 1 5K
U6 4k RAh 2R . NZEFZEUE A {50, 100, 200, 300}. 7E UMLS #(#E 45 b, FE T A3 AE AT RN
BT 18 SUHRAF AT BRI Hits@10 B i fE -5 BARAE I 2288 739008 1.48% 1 0.55%. & FB15k-237 %X
PR b, BTV Hits@10 S5 s A I Z /50 308 1.85% 1 3.77%.

(8) ZHH: PR ZPENLRIEZ (hidden dropout rate). I X Ba & ZRENAIER, K 4(g) A1 (h) 4
T AR FIBE AL R 3E SR A S0 45 B 2k K. %S 80UE N {0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7}. £ UMLS
B b, BT REMRAEARAT IR 5T SURAE AR BT BN Hits@Q10 i miE -5 RARE I Z 855y
S8 3.99% M 2.11%. 1E FB15k-237 F¥a4E b, X B 77151 HitsQ10 e i H -5 S RAE I ZE 8523 3N
6.33% A 6.11%. Z¢ 2 #T, ARSI RN I TE 1 4 5 v0ixd 2 21 S LU URK, i Fofth S 30U Rl
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Figure 4 (Color online) Parameter sensitivity analyses on datasets of UMLS and FB15k-237. (a) (b) Effect analysis of
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Knowledge graph completion based on parsing graph embedding
and a weighted graph convolutional network

Meigiu LUO, Chunxia ZHANG", Cheng PENG, Xin ZHANG, Guisuo GUO & Zhendong NTU
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Abstract Knowledge graph completion is an important research issue in knowledge graph construction, knowl-
edge engineering, and natural language processing. A knowledge graph is a knowledge support for realizing
accurate knowledge services in general and professional fields. It is also an important breakthrough foundation in
information retrieval, question-and-answer interactions, and information recommendation. The low quality and
small scale of the knowledge graph are the main bottlenecks that hinder its wide applications. The purpose of
knowledge graph completion is to build a large-scale and high-quality knowledge graph for continuously updating
and expanding the knowledge graph. Aiming at the difficulty of knowledge graph completion methods to extract
deep semantic features from auxiliary information, such as unstructured texts, this study proposes a knowledge
graph completion method based on parsing graph embedding and weighted graph convolutional network. This
method uses the weighted graph convolutional network to model the semantic dependency parsing of the en-
tity description and construct the semantic dependency parsing graph embedding. Furthermore, it introduces a
multi-grained sentence-embedding generation method of the entity description, which is intended to build entity
representation learning that can capture multi-grained semantics and deep-level semantic features. The experi-
mental results on two public datasets show that the proposed knowledge graph completion approach outperforms
the existing methods, thereby demonstrating its effectiveness and superiority.

Keywords knowledge graph completion, parsing graph embedding, weighted graph convolutional network, se-
mantic dependency parsing, entity representation learning
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