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Abstract Knowledge graph is a popular research area related to artificial intelligence. Knowledge graph completion is the comple-
tion of missing entities given head or tail entities and corresponding relations. Translation models (such as TransE, TransH and
TransR) are one of the most commonly used completion methods. However, most of the existing completion models ignore the
feature of the importance of the triplets in the knowledge graph during the completion process. This paper proposes a novel
knowledge graph completion model, ImpTransE, which takes into account the importance feature in triplets,and designs the entity
importance ranking method KGNodeRank and the multi-grained relation importance estimation method MG-RIE, to estimate the
entity importance and relation importance, respectively. Specifically, the KGNodeRank method estimates the entity node impor-
tance ranking by considering both the importance of the associated nodes and the probability that their importance is transmitted,
while the MG-RIE method considers multi-order relation importance to provide a reasonable estimate of the overall importance of
the relation. ImpTransE takes into account the entity importance and relation importance features of triplets,so that different le-
vels of attention are given to different triplets during the learning process, which improves the learning performance of the
ImpTransE model and thus achieves better completion performance. Experimental results show that ImpTransE model has the
best completion performance in most of the metrics on the two knowledge graph datasets compared with the five comparison
models,and completion performance of different datasets is consistently improved.

Keywords Knowledge graph,Relation importance.Entity importance.Link prediction

WE B2 HINETE Freebase # W FH F Google 1 & 5] % , Fa-
cebook Social Graph %135 & 3% 9 i F T Facebook fY £ 52 48
SIS B 2 B A 2 N T8 RE I 9 T A BOR R, KiEmhp . AN AR EREAE WordNet' , Freebase™ fl Ya-

il

1 35l

F i B 19 .2020-05-31 & 1& H 1 .2020-09-16 AR SCE A TE R4 (OSID) , 3 4 by —4E RS 3k kb sE /5 8. .
EAWH . EKARFEEEA (UIT1126D

This work was supported by the National Natural Science Foundation of China(U1711261).

A5 1 2 < BRI (liaoqing @ hit. edu. cn)



232

Computer Science THEHLFIZ  Vol. 47.No. 11, Nov. 2020

gol VA . AR S E WA L It A R O IR R
WM ALEOR b h TRk IR RN IR, FR Sk S
h RS e Z A 3Rl 56 R, AE FLETHE B, B — A
B0 R RS R 3% B (U0 Freebase) HAL & KRB R RS K EH
SAF B = To AR AR BN 8 5 B R B A A, A
T R 4 0 E A S22 R B BLA 1 = s AL s 8 T
Bede S L AR I S A A S ] R R 4 43 b Sk
SCARTIM 7, ) TR SEARTI (R s ?) . B 12 TTR A
T 4 AT B T — SRR SRR Y, 0 AR ALY R A 2 Y
SR A A R R e R R B R R R, A B R AR
H L BT SRR SR R Y o 4 i s ) 2z b SR 7
Yi i) B RN . B2 20 IO 4% R S B R AR R G ot — 2B it
PE LR T Al 2 A B Ol % A I B 2R % i i SR 2R A
BRI ) R, A S iz A 2R 1 A 3 R R SR 5 C R 2Z a1
IR AR o IR kT B0 1Y 0 IR B b 4 O vkl A B = T
A R AR 2 1) 2 ] L S2 B0 A0 ) S e R
PRI RS (9 1F 5 2 2% B, AT 42 = 0 3 I 5 b 4 09 M e
TransE™ A0 2 85 080 (4 B AR R 2 — L RS — A4 =
TEH I E R YA S Sk b B R SR e B — A TR
(Translation) # 4, B0 24 = J04 (hor. ) JILHT , TransE KK
TEARHEZS B th h+rat, TransE 8 BIE & % — X — (1 6 R g
B ABAE— R — ZX — M E X L HE R KR FH R X,
TransH #8107 03 T TransE 7652 2% 06 2 A8 | 1% B 5, 3
T B O R ARy — AN R ST T A5 R AR 9SSR TE R O R
TEPEARFEMNER ., S FXR r. TransH B8 [ i
Bl fak r LS M8V T8 B 3 1) w, R R . Sk ST R ST A
BRALRWB TGS M Eh =h—w'hw, LKt =t—w
hw, . XFF—NIEME =64 (hor.t) , TransH BRI N 7E 7]
s h) +rat) . TransE Ml TransH #4353 2 52k
G Ab T R BE (9 1) & 25 8] . T TransRE B R0 ) 25 78 52 {4
NG R TR) A0 1 % 42 38 2o Bl S R PR ML 36 3k SR 1Y
W h MERRBSRM mE BRI ER - FTEM RS
] B TransR A2 A3 A N 78 [6] 5 45 (6] P M B+ r~M,t, $KT0,
DR R = oe A P R A R . R R RSk el
TG R A R AR TR A SR SR HE A
PSR U8B i A BT, il AR AR R 1R R Y E IR A R
HEE G A E EHREO" 7T X F 5= fk 85 /9 6 6 A28
XA AR G R R R HE, D s
T2 37 15 T 58 5 F I A T 2 A X 5 8 ok 7 S T R
Xof T TR BT 3 e 138 B

ES- 5| ZRANE BEE
B3 14,748 12,645
ST 105 55

Bl 1 EHEREST L. S MR
Fig. 1 Baidu index comparison: Ma Yun and Guo Lie
HEERUAE 2 > FR B A5 B 00 72 v Ry S X AN [R) 9 = JC 28
T NIR B SCVE B, UL IRATER T 45 A = or 4l E A A A

D http://index. baidu. com

RS A 2R A Imp TransE, 38 28 76 2% > AR B S =04 1)
AR TS R E TR ORI TR 2 RE .

AW TTERA LT 3 8. DB T M4 = cdE%E
P 1 7 0 0 R IR 3 kb 22 B B Tmp TransE . 6 581 5 KRl A
FN R AN 4 . 2) B SRR G B AS TR L B T R A
77 ¥ . KGNodeRank Fl MG-RIE, 43 3| H] T i 1 52 {4 8 % 1
SR BB 7] I 56 2R B R DR AT T % R AT
—EEEMEN EEN, RS T EEEERE. HET
TransE,ImpTransE 782 3 = e 4115 B 0 xR R B = o A 4
FTITARBRERE, DAELLHMREE L @S LmEIE T
ImpTransE i A 2%t 76 85 B2 B0 AT 45 b, % 8 8 i F
TransE 1 HAth #5112 26 7R 5 8,

2 MXIIE

e LR EER S, (hor, )RR —A =704l h,
rot SRR BATT BB 1] 4, MR s DA SR ] S 23 [E] i G 3]
KRB R, f (h,0)Fm—4 = Jn A 153 5 k4L
X T AN IE W 8 =T AL A5 4 BB I AT 43 B A T — A
R =Jndl T B .
2.1 ETHENER

HET BEMAR RLA X T — A =Tl hara ) R FE 7
AT LAY AR S Sk S A b B R 9S4 ¢ (19— 4~ B35 (Translation)
B, IEWEIFIA UL, 7E TransEN BB d A0 2R (hyry )
B—ANEL=J0H , TransE Ay BLE ] & B A h+r=t, 4N
& 2 P,

/2 TransE 8
Fig. 2 TransE model

TransE & XA 5 RECA0T .

frthoO= | htr—t|; (D

TransE A% — X — KRB (HRELH X2 £
Xif— N 22 %t 2 1 1 BLBCR AR5 4

h T TR 3 S A) B, Trans HY i — A SEARE R 8] 6 R 1y
B N AEEARNERER, X T—4KFK r, TransH % X &R
HEA R A 56 FR I T, TS J2 5 SE AR i ATE TR — A5 1]
BARH X TF— A= T0 4 hars o) SRR A R Fr B 5S8R
R Hw, . BB R M Rox . 155 KRB
E XA

frhy= | h, +r—t |} )

TransH @i BR[| w, | =1 Bfkh, Fle, FERFR r #E
ST b, % T TransE Fl TransH 36, & 07T B9 3 [R5 35 & 52
RS RN —A 1 &2 A, BAR TransH @8 H X R B



LN O R SR Tot i A PSR AN e R B

233

ST R R T A A R L EE A 58 A HT I MR Y PR .

SR 54N 56 F2 02 AN [A) 2 A0 1) %o 52 1 % A A TR) 1) 1)
B, ETF I, TransRE BRI B 52 H L 200 SR 56 &
BTN [R5 I, g 2 Se R s A DA R X &R %5 A, TransR
XA R o T TR E Y B AR REM, o DT K S A
SR E R T2 A, TransR BI85 BN

fo(h,)= | Mh, +r—Mt, | (3)
2.2 HEw

Bk T 3 BB RO BB 22 A1 L 1 DL e AR R ) R AR A
JE B VE 43 b o 38 2o D T S A 6 R P RV TE T AR B ok B
SICHA M AT E .

DISTMULT" 458 #1452 0K Y 1) & 387, 06 & 0 #A 4
P 2R 7R 5 1% 06 F1 R W 0 TS A ) 3R 22 A B Lk 28 AR FHEAT T
HAE I I 43 R AU — S Bk M R 4, 38 3 DS TE SR 9 Y
T SR ] d A ] 2R R L A YOG FROR B = on Al el E
{B DISTMULT #51 H fig &b BE X AR 09 56 &, T A il 4 4b B H:
(LE RS W

ComplEx"" LRI 5| A & $ ¥ & DISTMULT #£#, D) {#
TGt K AR AR OC R AT AR R, SEA G RS TE A R s
6], 3k [ 3B X FR 56 F 00 = ST LUAR 48 BT 25 2 S0 4 it ) 45 2
NG i

EMEENMIAEEHMEEE

KA G5 G T A B AR R A AR Imp-
TransE, BB T2 A0 3 MR D SRS SRR, % )&
B S I 2 1 T B M e HC T SR AT B T 1) iR it T
KGNodeRank 75 ¥ H F A S2 A B 220k 5 2) 0 R LR e
GAREZETREAN - EEM &SN EZN, &H T MG
RIE J5ik;3) = ol B E MR, 454 O 3R 15 19 S ik 1 B 15
MR EEMG Y RIT T = ool i B A N
RAFREAR R =l 2. Bl 3 )2 ImpTransE WBLAIZE MY,

3 HE

ImpTranst
mTToo——moo ST I
| xREER | T, !
| [—REEE || | o !
| 1, 55 |
| ( §° : : X <« |
| i ! | KGNodeRank ]
_________ |
I ©
|| mnEEE |
! W > U R APy
1B g}v | E SREEER |
! — !
e | [ =rane |
[ o |

Pl 3 ImpTransE #5# 25 44 &
Fig. 3 Model structure of ImpTransE

3.1 ELEEEMHMIT

St F =T A A A T R SR ] Sk a2 %
FRE AR, 5 AT PageRank™2" 7 g iy BAE, %3 T
KGNodeRank 773 ., 15419 PageRank 75 ¥ 16 Al + R 51 i) T
RN, R R T AR B R R . fE MR BN L 2 R E)
TR G A BN S G S R B H ARG 1 5 Ok

5 0 B E B L) S AR S B 7 T A S AR SCHR T KG-
NodeRank 75 » il T fifi 1 1 9 & 335 op 52 4k p o L HE 45
& KGNodeRank J5 % "o 71 55 52 A e, 19 F 2 #4419 24 X
mr

En (en=""40 0 > p.E,, ) )
N e €M)

Hor e, BRI, i M j AR RLERG e, € M),
MCe;) J2 S, TR A B 25 2SR A 5 IN S R P35 b (19 56 1k
Blod BRJE 2B P AR A S e, 1530 B B LA 55 e, 10
ME L R % P 45 0 e 1) P 33 Al 85 80 5 0 I I R
BE PP S E,y () TR T e, W EEMHES . BHE D
AU M S R TR 4% i — 2 DA S S R L AR — A
45 R A 4 R W A SR N i B TR
Wi Sy, 45 e 1 B R MEC,, AR 4 e B AR T 5
e; GADBIBRIEIEE d (e, ve;) B2 (E A 1545 .

c(,:[N%lé_d@,,eJ)]ﬂ:\;N;l (5)

i l;du,,ej)

o, C, R4l e 19 BB PO M, N2 AR S P g 2 4
G550 BB d ey v ey ) FTR AN 25 e Flle; 14 SR S HE G

DAL o 76 TR G, B 45 s e, % 32 T B2 PE 4R 45 e, Y
MEERA TR

p,= G (6

>,

o, Py AR 3 A 45 fe; 45 36 B8 BME SR 25 e, MR R o0 SR 45
e 46 )Y BEA G SRR C IR 4 e, 19 B B b L G AR
FLE i, 18 10 I B Gh ale, 0 B EE LM,
3.2 XREEMMEIT

SRR 3 — AN 25 S 2 BRI A B DUAI A Al &5 a5
B S T AR R R G T FR AR A 4 S 2 — &
BRIE B s, — B IR EE R A B A R — B B R 4
R RIER T 2 S R B A AR IR R A B S A B R DL R
B4 S BRI O AR SCIR T 2R S R E AN
771 MG-RIE Z 7 47 A T R R — B EE S
MEZM, X FRRr W — T, CH % R Wi
B SR R S o 5 7 T 2k 255 () o T i S AR i) 2 199 0% 5% R Ak
T R 2N Ry 35K G A S 4R 22 ] 19 5 TR 1 ek i, D0 — B o B ik
. —BEREEMMNHEARNT .

Rm;p1 (r)= 7

h, ¢t
[ h Il el
Hor Ry, (r) R IR K & 19— By F 2% b e, 2
BIRIRE b A ZICdH i K SR AR SR, || - |l R
™ L2 sk

X 1R B 56 A T B L BRDH = ST P Sk Sk R Sk
A 2R Z 0] B ST AR X 56 R i “ B0 5E7 L HE 45 B SR T 2
FAFKRM B EENE . 2R UL. A 4 FroR B - 22—
A 3-2 BRR ABEX T = I0H Gy s 1) T ROR B4 123k 52
PR 5 F B SCIR AT A — U 7, [l B R SR 2 e
K TP i 52 A ) B B A 23 23 0 BR A4S BB T R AR K L f
FEARTIN AT 1% = TC AL H 5% 22 09 i B B A



234

Computer Science THEHLFIZ  Vol. 47.No. 11, Nov. 2020

B4 Ehre R R B

Fig. 4 Diagram of high-order relation importance

TR E B E M ARNT .
Eip (i) + Eu, ()

Ring, (ri) = h,, pt., t,, ph., (8
HA R, O RRKRr MBS EEMNE,, () FE,, (t.)
_ n(A, ) _
O3RNSR e, SR BB b, p e, = ﬁ S 1, TN

BT XRFRrWREE A, RREEE A FRr IR TT
UL, pt, FRARFERFRr A RS 072 =54l
v n(A, )
%&J@Mlﬁ’tm[)h,,}=m
N2 = on R

HEFEXRARM—EEE M B ZG G H 4
AR BRI KR EEER IR, ). SAEHTROTF .

Ry (ri) =aR,, (r) + (1 —a)R,,, (1) (9
H o B— S8 A FAUE SC R — W B2 M & b E
T,

Wik LR FAT A BIARAE T ORI — B S 4
G L X S AR e S S RIS R NP (3
B,

3.3 =mAEEMMGIT

R EEEMCREER G T A=t
trig s W Chy sy st s AT ARAFZ = U B BVE B w (i), B
THEAKXWT .

JHIRAE R R A S SR

E,,,,,, (}Lk ) +E;,,,p ([k ) +R,,,,/, (rk )
count( fac)

Horb s wCerie) Fom =0 W ori R ZNE L E,, (b)) RoR Sy
B EEEM L E,, () TR TRy B EZEM R, () BR KRR
R E B, count (fao) RanBHE T HEAWILEEH . fac #-H
THRZTTHBEEEMWHEFES. 55 14T ImpTransE
H5 S Rk

Bk

input: Training set S=

(10

w(tri,) =

Learning ImpTransE
{Ch,r,0)} .S ={(h',r,t")},entities set E and
relations set R,S' is produced from S by entity replacement

1. initialize pt<—for each triplets€ S,nt<—for each triplets' € S’

2. loop

3. for (hgsrest) €SCresp. » (here .t ) ES) do
1—d Eimp (ep) y

4. E;mp(ci)fiN +dvj€%(ﬁ) L) for S and S

hy * ty

5. R — k" k

S Ry () = T
Eimp (h) | Eip (10

6. Ry, (1)< et 4 Fimp 2 lid

: h,pt,  t,ph,
7. Ry (r<a R,mp1 (r) + (1= Ry, (1)

Eipp (h) +Eq, (40 + Ry, (1)

count(fac)

8. wltrip) <

9. end for
10. Update embeddings w. r. t.

1. X >

(h,r,0ES (h',r,tHES

Ly+wirip (disch+r, ) —disCh'+r, ') ],

12. end loop

4 LBwIGH

4.1 HiE&EMIENIEIR
AT VAR A SCHE Y O i AT TR A A v S
£2 FBISKMS i WN18MS) | ¥ £ g B ol sk 1 fral,
#£1 BURESITER

Table 1  Statistics of datasets
Dataset # Rel # Ent # Train # Valid # Test
FBI15K 1345 14951 483142 50000 59071
WNI18 18 40943 141442 5000 5000
TESERSE 3 W L B A B gE TAE G ROR O Y HE R
MR(mean rank) f1 HITS@10 /£ A ¥FM 8 #5 . 35 HE 7 18 #5

JHI A A ek T 06 1) S AT T A 6% 106 S 0 o 9 P 3 HE 4 L % A A
O B ARG 3 T I A S5 AR T 9% 3 52 R 71 2 v )l 44 AR RE I L A5
RUTM M AER . HITS@ 10 5 b5 R 4 4k 1E 8 7Y 5 0k HE 4 7T
10 o BUHE 3R L IZ A6 bR BB L R WA g

4.2 EREE

BARMB NS, BRENEEDE D =04,
Chisristy) (k=1,2,++,n ) RARH £ AN=J08H . BAH=J04

=A%y  RWZ=JCHREEN (=D B HEZAMN
(v =0, BIIE =04 4E S={(h, ,rﬁ,tl)\yﬁZI},ﬁEﬁ:éE%
S/:{(}I,kvrﬁvtﬁ)‘yk:()} 7}(ﬁﬁ %ul Z'K% @‘/—'\J—_Ejfﬁ

LA R = H G B AT AR 3R AF IE = Jn 4 S,
SRIE AR G AR R 0 = e AR R ST = {(Chya e 1) |

h; Zh, /\y/ :1>U {Chy s 1 sl )‘I Zty /\yﬁzl 9i_ﬂ>{%/‘IEEJT.4
éﬁquTfﬁE’J%;kijE%ﬁi*é?ﬁéﬁi%& 11 S A Sk A BN T 1)

=IO S AN AR IR LUAE W5 TAE R A A R 0K
EH%:Umf Al Bern''®), Unif 4§ B #L %5 1 1F = 0 40 40 & 19 3k 52
PRl R SR AR R TR RS AR B 2 A 2N 58 35 19 L BE AL AR

KM RE NP 5l AR Y =704 . Bern JTEEH £
28T =TT G B I BT, TS ] B0 A SOk s
B sk SRR IR, Fan, AR R — A 4 R R
SRR N X E B —HEXNE, MR
TR PR R JE— X2 8. Bern J7 32400 ] T DL KA HE SR B
ok IR R — A =TT AR O RJE 20— 19, U H ] T
LT R 1 M 8 46 8 S A

25 H AR & B E

L= X > I)’*Fw(trik)(dz'.\'(thr,Z)*dis(huF

(harsDES (W'\radH €S

']y an

Hodr, [« 1 FBARBUERZE R, y>0 & —4 margin 8353, S
—NIEZ N EE. S R— M SN ES A+,
DFRRA—ANZTTHHEES S (KERER . B, X F

—ANEZTCH Ghyrs) sh+ra~, BRI E B dh+r 0 8
AN W F— A~ = Jndl, bE’JEEFZ%FfﬁEﬁE&jDL
i L1 EHOR TR 5. sz B iR R 50 i
I FH BEHLAG BT R R IMAT o

ST R T A A G 82 FBISK A WN18., H H i E
TS marginy=1{1,2,2.5,3), M & 1% A4EE m= {10,



LN O R SR Tot i A PSR AN e R B

235

30,50,100} , 4t K/ B={100,200,500,1000}, 7E5 IE 4 1)
AT E R y=1{(2},m={50},B={1000},
4.3 gEEET

B 2 TIUI 1) A 45 2 T — 4~ = e 4l rp e 2 1) 3k S A sk B
SR AR S5 R DR AR v, = Tn A Y Sk S AR B S A
RO - R 5 ol T 20 TR 1] i g R A 5 AR 48, 2 TR 6] i e 4 A 7Y
Xof A SR B e B = e AL R AT T . XA B
PR B 2 ST 4R, A5 AR AR 8 4T 43 % e 11 00 L I 3% 19 0% 3 S AR ik A7
R T HED A S 7= A — A I i 45 R . E i SR 1 HE Y 4
pidsk . HRARENSE h R — M 22X — M2 X £ %5
FAEBIRY R F T UL — DAL = oc A Wl g 2 IE# 1 =
JUH . B FEHE Z AT 2o R A 7 I R R L 0 TR R LA A
A T I PREL 1Y = 0 AL, BT DL A7 b I AG AR M L X R ik B
BEFR R Filter. B UL, A SCAEFE T FPT AR 15 5 . Raw (/A B BR
PEALALY =TT 4D # Filter (B BR TREHEAEL MY =ocdD . R,
Y L B UE S 8 AR B A Aot FRATTE SE I i R
R T R R SR S E B WA B EnTransE, i
5 5 Fxf bR L K Imp TransE #2819 X L6, W] DLtk — 45 56
UE 25 FE SR T M AN = T I A 0 A IR B A A T IR A
B

ImpTransE BB FEBHE 4 I SEIRBOR N3 2 Ak 3 i
B, N2 ME3IMILBEERTLIRH: D ImpTransE 144
FEAR LT DA AR S AR, 2) = JudH B
TR R4 1A S5 B T B HIE  7E FBISK Al WN18 P
AN FFEHRE4E b ImpTransE 78 Mean Rank #5435 E B 7 —
B H AW AR T W 0, EnTransE 85858 5o % & 52 ik & %
P A B TR LA A [ AR BRAS T OR 4 (9 4 BE $2 Tt , Imp TransE
TE EnTransE B9 3EaE Bk — % 08 T 2 8| 20, Bk Lk
BT RAEMHOR. 3 FBISK AFFEE4E L ImpTransE 7
Raw B8 T 1Y HITS@ 10 g 1 2 5 55 T ComplEx, {H7E
Filter ¥ & T HITS@ 10 P fE b2 08 T i A X LL B8, 7
WN18 A FF 5 4E | ImpTransE £ Mean Rank 845 | 1955
WAL T BT A X e A, 3R W] TmpTransE 7E #4756 {4 5% £z F0
ik, T 0 11 ik 29 S A A o7 OO0 T R A R

# 2 FGISK i f [ Ay BE 4 1 4%
Table 2 Link predicion results on FB15K dataset

FBI5K

Model Mean Rank HITS@10/ %
Raw Filter Raw Filter
TransEL 243 125 34.9 47.1
TransH" 212 87 15.7 64.4
TransR® 198 77 48.2 68.7
DistMul¢-10] 264.9 167.7 47.3 61.2
ComplEx"'"] 275.6 173. 4 50. 4 67.3
EnTransE(Ours) 213.7 68. 8 48.1 73.2
ImpTransE(Ours) 189.4 55.2 49.1 71.3

MFE 2 Al 1, 7€ FBISK £ 4E b, 7£ Raw % & T, M Ik
TransE # &, ImpTransE ) Mean Rank 8 #5 2 7+ T 4
22.1% ,HITS@ 10 #5845 #& F+ T 29 40. 7% ; ¥ Filter I & T,
AH Lt TransE. ImpTransE A Mean Rank 1§ b5 2 7+ T 4
55.8% . HITS@10 545 T+ T 51. 4%, TransE 5 A1 J Hiflh
Xt He AR B0 By v A 1R = n 4 S B RLIRAE T Imp-

TransE #5275 A1 & 3 b 42 b 25 i i 25 509 A Rk,
[Flff 3843 EnTransE 88 5 TransE B 14 80 5 5T H L 804
T IR E B B T AR IR T A A . 7E EnTransE #1
R FERY b ImpTransE BEAYHE — 252 5 7 ¢ R B 2EM:, 0k
T ImpTransE 58 (1) 45 544

# 3 WNI8 Hdlndi b e Tl 45 R

Table 3 Link prediction results on WN18 dataset
WNI18

Model Mean Rank HITS@10/ %
Raw Filter Raw Filter
TransE®! 263 251 75.4 89.2
TransH™ 318 303 75.4 86.7

TransRE 238 225 79.8 92
DistMult? 250. 3 235.9 76. 4 87.3
ComplEx! 306 291 79.0 89. 4
EnTransE(Ours) 284.5 271.7 79.9 93.3
ImpTransE(Ours) 205.7 193.4 77.8 90. 3

Hi3 3 I, 76 WNIS B4 4 | . EnTransE % 8 T ¢/
I M L A RIS TR A 0 42 TF . ImpTransE
£ EnTransE M 3ERl L — 20 F BT 0 R T, 8K Bk
BT HRAAEMMERR. £ Raw B E T, Al TransE, ImpTransE
i) Mean Rank $54R32F T 27 21. 8%, HITS@10 154542 T+ T
25 3. 2% 7F Filter % B F. Ml I TransE. ImpTransE Ay
MeanRank #8457 42 F T 29 22. 9%, HITS@ 10 $8 k52 - T 24
1. 2%, #E— BB 3FE T ImpTransE #5194 &tk

GRIE A T A S ond EEEE B B I E R
AR, 3t T KGNodeRank 75 1 Fll MG-RIE J7 2 3£ 43 41
A1 52 R T kRN 06 AR B L AE TransE AYJERE B 454 %0
PR 9 = o 4 B A B BT A 4% 5T B X AR T A =
JG2H SR UM 136 ‘B A B PR L DR T AR ) TR AE . 5B A
T 2% R = o0 41 5 B M A B, X 0 R i b RO A B B A
BT T 8T8 0 W54 0 A4 R e Y il B bt = oo L &
T PP A T A B R B TR AL R M RE . SC IR B R
B, 5 TransE FlHAth— 26 500 R R AL BUAH [, Imp TransE &
T E AR T R AL BE R, LT T4 K8 hn L IAS T —
B PERE SR T

T LR RS IT 10 1) 7E ImpTransE #E7 fiy Bt
fili 12 S HALE B S R OIE B R R R IIE RS D%
REAENE I B S A& (AR & A SR AT DA A — 5 2
27 53) 76 HoAh 1 T TRURL 3% e R 2 ST AL |- 2% p — e 4 I
HE— 25 960 J7 ¥R 10 A R0 S H Al B R A S

& % X w

[1] MILLER G A.WordNet:a lexical database for English[]J].
Communications of the ACM,1995,38(11):39-41.

[2] BOLLACKER K,EVANS C,PARITOSH P,et al. Freebase:a
collaboratively created graph database for structuring human
knowledge[ C]// Proceedings of the 2008 ACM SIGMOD Inter-
national Conference on Management of Data. Association for
Computing Machinery,2008:1247-1250.

[3] FABIAN M S.GJERGJI K,GERHARD W. Yago:A core of se-



236

Computer Science THEHEL2  Vol. 47,No. 11, Nov. 2020

(4]

(5]

(6]

(7]

(8]

9]

[10]

[11]

[12]

[13]

mantic knowledge unifying wordnet and wikipedia[ C]J//16th In-
ternational World Wide Web Conference, WWW. Association for
Computing Machinery,2007:697-706.

BORDES A,WESTON J,COLLOBRET R,et al. Learning
structured embeddings of knowledge bases[ C]// Conference on
Artificial Intelligence. 2011 (CONF),

SOCHER R,CHEN D, MANNING C D, et al. Reasoning with
neural tensor networks for knowledge base completion[ C]J //
Advances in Neural Information Processing Systems. 2013:926-
934.

BORDES A,USUNIER N,GARCIA-DURAN A,et al. Transla-
ting embeddings for modeling multi-relational data[ C] // Ad-
vances in Neural Information Processing Systems. MIT Press,
2013:2787-2795.

WANG Z,ZHANG J,FENG J,et al. Knowledge graph embed-
ding by translating on hyperplanes[ C] / Twenty-Eighth AAAI
Conference on Artificial Intelligence. AAAT,2014:1112-1119.
LIN Y, LIU Z,SUN M,et al. Learning entity and relation em-
beddings for knowledge graph completion[ C] // Twenty-ninth
AAAI Conference on Artificial Intelligence. AAAI,2015:2181-
2187.

PARK N, KAN A,DONG X L,et al. Estimating node impor-
tance in knowledge graphs using graph neural networks[C] /
Proceedings of the 25th ACM SIGKDD International Conference
on Knowledge Discovery & Data Mining. Association for Com-
puting Machinery,2019:596-606.

YANG B,YIH W, HE X,et al. Embedding entities and relations
for learning and inference in knowledge bases[ ]J]. arXiv:1412.
6575.

TROUILLON T,WELBL J,RIEDEL S, et al. Complex embed-
dings for simple link prediction[ C] // International Conference
on Machine Learning (ICML). 2016.

PAGE L,BRIN S, MOTWANI R, et al. The pagerank citation
ranking : Bringing order to the web[ R]. Stanford: StanfordInfo-
Lab,1999.

ZHANG Z,CA1 J,ZHANG Y.et al. Learning Hierarchy-Aware

Knowledge Graph Embeddings for Link Prediction[]]. arXiv:
1911.09419.

[14] OH B,SEO S,LEE K H. Knowledge graph completion by con-
text-aware convolutional learning with multi-hop neighborhoods
[C]// Proceedings of the 27th ACM International Conference on
Information and Knowledge Management. 2018:257-266.

[15] ZHU Y,LIU H,WU Z,et al. Representation Learning with Or-
dered Relation Paths for Knowledge Graph Completion[ J]. arX-
iv:1909. 11864.

[16] WANG C C,CHENG P J. Translating Representations of
Knowledge Graphs with Neighbors[ C]// The 41st International
ACM SIGIR Conference on Research & Development in Infor-
mation Retrieval. Association for Computing Machinery, 2018
917-920.

[17] FAN M,ZHOU Q,CHANG E,et al. Transition-based Knowl-
edge Graph Embedding with relational mapping properties[ C]//
Proceedings of the 28th Pacific Asia Conference on Language,
Information and Computing. PACLIC,2014:328-337.

[18] HAN X,CAO S,LV X,et al. Openke:An Open Toolkit for
Knowledge Embedding[ CJ // Proceedings of the 2018 Confer-
ence on Empirical Methods in Natural Language Processing:

System Demonstrations. 2018.:139-144.

LI Zhong-wen, born in 1996, postgra-
duate. His main research interests in-
clude artificial intelligence and natural

language processing.

LIAO Qing. born in 1988, Ph.D, assis-
tant professor. Her research interests
include artificial intelligence and data

mining.






