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Table 1 KB construction methods

Construction method Schema (Y/N) Typical KB

Artificial, experts Y OpenCyc, UMLS, WordNet
Wikidata, Freebase
YAGO, DBPedia, Freebase
Knowledge Vault, NELL, PATTY, DeepDive
ReVerb, OLLIE, PRISMATIC

Artificial, volunteers
Automatic, semi-structured

Automatic, un-structured

Z < <Ko

Automatic, un-structured
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BT BRSSO AT SR A A B R R AT .
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TRRE EL AT SR A BE 06 A8 P AT AR LR AN (R, B LA 2o o A2 BORVE PR RN R Ay 1 15
HURH 2 575 B R A 10 . S8, AT IR — > S g i 0 R 42 1 T A S MR BUR 1Y,
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Figure 1 (Color online) KB construction process
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Location Person Product | ...l

Dreams from My Father: A Story of Race and
Inheritance is a memoir by Barack Obama.

Type: person, author /I\

Obama was born on August 4th, 1961, in Honolulu,
Hawaii.

Type: person /\\

Garack Hussein Obama is an American politician wh9

Politician Artist Engineer | = ...

. . Paint Actor | ...
is the 44th President of the United States. Author amter

Type: person, politician
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Figure 2 Conceptual hierarchy model of entity type
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Figure 4 Classification of knowledge graph completion methods
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Bl 1 R, BE SR AN SR, AR AR T LA, T R s v DA FAE & A A ) Pk
HAh S X B A nT DOs i FUU R IR, PR T 2 4 R HEEE T vk st B 1. fid
PR — M WL FR R R 7 2, E LA SR R b Hean el DA G NI SR Sizfgi] (R R SC
A) U BEARSR, M E I rp AR T DLR U R e ok, IRk, R EEE B — AN () s A sk
i, R AN B Z ATc 5% BN g AT B B a0 H 0 B, 4n SRASF S B0, 39 10 B A% S 45 ] DA
IHSE O N HIRE S, 5 )3l 1) 18 Dyl R 2 2R 2.
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gramming) /72K ILS A HBLHRE R, FE T DABE TR i A, IR AR S 2R MK B S
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5 S B S ARSI R AN AR e 1, BIAAAE K5 P M 7 00 2 0 b ™ AR 1 8 BRABR AN IERA B RL.
TR RRER A, TN T ORI U423 J7 vk et 2 1 9% 2R R B R, RIE I i AN 2 o ) 7 5K
Sk AT e 75 00 o A A ) S R 2 27 =T | g g (17~210,

A — et 75 20, Bl SD-type 221 2RI GETH 5340 2% 2 77 :Eh G AR G 7= A= 75, HA
JoT R B T RE ML 1), G I 5 S OC I BE R N TR A, R AN BRI M 5 A B R 2
VoA, AR I JE RN, R AT DA 6 G BN BE AR TN, P EL 40 OWLearner 123 JU R
T R R S AR TBox AT, RIF] A B PR AY [m) 4L SR A ¢ R 5, fEX S & b i
TSR SR PN A A4 (R AH 5G A 22

3.2 ETHERZF JRIREHERNH

203 BT 1A Z B A RN HE R ) R R B, ML STRICIT FEOT A6 o5 U i, SRS e
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SRHEAT FUWT, (RIS R TSP 8 AR AR M2 2R 2 ST AU A PN SR I — R AR B0 — AN AR BRI SRR 552
el &, AARAEHRE]— 5 AR H C S B B sk e2 BT, 82 m AT S BEHERI SEAR 1 92K
RINIZY e2 SRR —Sa L. BRI EE AT LA R T A RS HERE | 3k T i 28
HEBANEE T-Ge it o8 A 52 S A SRAUHER LA 5 ).
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LI
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e \ Statistical
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learning
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Figure 5 Statistical relational learning characteristics
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3.2.3 ETHITXRFINLRBERGE

itk R (WA 5) MO INGNZ IR, I ALK R RINLES 2 I M2 48,
M T REGR S, R MBS . AR, e 7 N TR RERIRZ O L — —— B
S — A R EORE S, T H IR AR SRS THRISE R 27 2145 B A AR OS5 T
G2, Gt R R SL R G B, BRSO R R AR M 2
R GE TR, Bl H DL FLEed i (A SRR TR A I, 3 TR R vhonS T SEEAAR ) ) B %
TIN5 B

GEik K &R 21 AR R RN 27 2 SR B, 38— O TR R R AR A TH S
it R AN R B REZR ARG TR AR — B i AR RO 45 5 B k2, W IR Bayes M. Markov
W\ BEHLICH « Hidden Markov #8145, "R SRL J5 9% 4% LA AR 5p 841 44 129,301,

(1) £ T Bayes MM 4tiH R R%5 2T

XL S Bayes WMINVERY T, AMINAFAE . AT WYY SRL Tk, BB RE

TEISE Y e T7ik, WS8R e iR os A R R RN B R EE A5, A i1 Koller $2H1 1L

SRR Z A (probabilistic relational models, PRM) J& 5 A AR YER B PRM @i 5] NSLfk ., siik)R
PEFN SRR RS Bayes W, H BIUKIGEEH S F15 HOCHAIIS 2 0 2. S AR B EA B 1T
IS8 SRR [l ARG A, 45 55 — AN SRR SR IR, TS A P A —Ffr i 48 1) [R) — 2 op g HL A A 5%
JEYE, — MU IR A IS B AR . PRM X 28 5 5¢ R 858 LT

P(I|o,S,0,) H H H P (I, allpa(e,n)), 1 €1,
X; ACA(X;) 2€07 (X,)

Hr o RKRAMMEL, 07 (X;) TR o T X; BN RES, A(X;) Fr X, BNEHES
L4 ZRNR o )& A XS BLERIZR, Toaa, a) AR x HIJEIE A E’]/\%IEXTF‘E'JTW TETEW
A AT LUK Bayes W2 S AIHERL VRS B 2 PRM 759K,

TN ARFNEM T750E Ngo 1 Haddawy 7E 1997 SEHEH PSR AR FE P AL PLP B2 1% 48
MG T2 Bayes W, 88K Bayes W EIEIRTH N—B @, Kersting 55 B3] 7E b HEAE B32H T I
- AL PR (Bayesian logic programs, BLP), 2B G 57 [ J -1 A AL AR & 7] (1) — — Wi, 4
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Bayes WM AIIEE F RS 7Rk, WT5Em 1A G H X R IHER. BLP AR T g
FJ#E (knowledge based model construction) AR T REWS Bayes W H4EE S TFZ N Bayes T, &
54U D MHRERHERIA T, BN 7 RER s —WAARRNES, A HER RN R 748 T Bayes
1E5E 4], AN IEE THA — M5 RS040 . I 170 LSRR A 2 T BLP,
"3 Ik 2 ) SR R X T AN [ R0 G SAG AT e AF LEAH [R] AR 1) Sk 0 e . BLP HEFE R FH 9 A2 5
W, B SeM BLP F4E K — Bayes M, FiH C A1) Bayes WHEFESEVRBATHERE, 5T BLP 2221
B, [FIFESE 7 218 BT LIRS BLP HI45H, 28 )5 I % Bayes WS4 S 771K k453 BLP HIMER
pagir

(2) 2T Markov WRIGETHR R 2% Tk

H Markov M4~ RIM K1) SRL J7¥5RT ELAr PR KR Markov M (relational Markov networks,
RMN) Al Markov #Z#5 M (Markov logic network, MLN). ‘&I 1F13E T Bayes 752 AH LAl BAE fin
RIGTHIZ RS (9% R, SHs BEAITE LT — M Markov WA, BTS2l 868 LT —3K
HIMEZR 43 4. 2002 4F Taskar 5 B4 & H T 9 R Markov W FIHES, RMN 254 %0408 2 b ) 2 1) 15 )8
Markov WH I (clique) T+ AR R B (relational clique template), & A& — = 04l (F,W,S),
F RAFRMPAZRRERES, W & F o RJE M E P 2 R, S & F gk £ 50 R JE 5
B BB BRI — AN 3 BR A, B9k R B A S 0] B2 — A~ Markov /. RMN % )il %
SRR AR S H il TH IR, HAHERR )2 AE S ) Markov W _EFEA7 4 B B ALLAHE L.

2004 4F Richardson % % $&H T Markov Z4& M, ‘B flE T Markov WAI— @4, i & T 1 1)
PN (1) BN AT REHELAE MLN A28 ) X2 i — AN AR B 667 1) 45 s SRR, 2
B R IR 45 SUBUE N 1, BIIAE Y 05 (2) BEANE MLN H R SR UG R ) £ r 7R — N ARFAE R 2L
A SRR B LA, WX ANMRHAE R B 1, S0 0, FHAERBIAUE IV S5iZA0U0AH K. MLN )%
ST — BB 1A i SIABUE 1) 7 S B . AR DT VE S N8 B i /NI Markov
4%, NG FRAEZ M4 EREATHERE. MLN 5H IR ZEAM RN, B o) | R RE SRy
SYEE A U A

(3) T HENLERIG T R R T SITk.

X e — PR FALOESE T B — BB vk, EEAFEHALZ LT (stochastic logic program,
SLP) 361 Fgg it @ARFE 7 151 (programming in statistical modeling, PRISM) B7) #§3. Sbfh 77k fE
XTI RS MM ER, DAALBESC RAIANH E L. BT RADZ R 7 ok R A 45 44, DR HoR R e
LIS

Muggleto 7E 1996 fE45 H! 1 BENLIZHBALFHELL. SLP RPN OER— N2k, —A SLP 2% — %
B AR SHIEM “p: O BT REGHE, it p REE, © & —MEREZ R —BriEE 74). 76
SKESEAE R — 8RR B TR 1) RO R AN 1. Bl B AR R ) R A 3R AT I3 45
BAERAFBHERL AR

PRISM Je — M5 Gt @EE S, EXNEEREFFIAT VMR Y &, JF BAH EM S0 5] ik
175:2]. W H 2, PRISM fR P 7E 352 b MDA 70 A1 1032 48, 7695 S & g S B2 AR S ME R 704,
I SRAFE IS AR K A 2 BT R S MR 0 AT . 170 BB AE 1995 “FH Sato $2 Y, 'E /2 PRISM 12
P () el #EFR AR 1E X (distributional semantics). PRISM [1)32 5 F42 /545 F UEHE >k
BEATHERE.

(4) 2T Hidden Markov #8441t 8 R %% 21 T

Kersting %5 1381 7F 2002 £ H 1252 Markov #5275 (logical hidden Markov models, LOHMM)
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*® 2 GUPRARY L EINLIAR
Table 2 Comparison of main methods of SRL

Comparative Probabilistic Markov logic Relational Bayes logic
factors relational models networks Markov networks networks
Model class Unidirectional . Bidirectional Bipartite
Logical clause
hierarchy graph model graph model monograph model
Maximum Maximum Bayes Maximum
Parameter likelihood likelihood relational likelihood
estimation estimation estimation, classifier, estimation,
filling CPT learning weight learning CPT filling CPT
Structure Score-based ILP Conditional ILP
learning learning relation learner
Inference graph Bayes networks Markov networks Undirected model Bayes networks
Inference Belief Quasi-likelihood Quasi-likelihood Bayes networks
method propagation estimation estimation inference

Self-correlation Self-cycling in class Additional variables Yes Not involve

hierarchical model

Multi-relational processing Need integration No need No need Need to combine rules

REENET (B) Markov BRI H 7718, HAE Markov BB AL EdT T B, _nPREEAEA
[FSEAY, W] R e sh A5 () e B4 el . & B 4 51 R B HMM. A (RS AR IR, 2 — MY o
M= (S, A, r), Hrp © AZHETFS RS (logical alphabet), p N X FRIEFEBEZR, #iZFriN A ik
PR SR AT B4 A B — FAR S A, A AR ES, MR EB L P H S0
Fiss, Hh P 2R, H, b Z2HEE T, o RIIGRHEHIRR, r REIRERI LM ZE DML S,
W B A A WIS b i sES, e

VoeB: > pb—H) =L (1)
(b—H)eA

LOHMM #iAEmRIARE 7T, H AT BUE B ER IR s .

(5) JUFP 3% SRL J7 kM ELERL.

W 2 PR, BATER T AL 4 FhGeit Rk R 2 AR IER) 4 DNIE, 203 WL R | A
RS EAE TSR 2 3] L RG] 2075 ER YRR 22 50 R AR BEAE T LA T THEAT 1 . A 2010
2 J5, SRL J7iEFEEAR AL Markov 4RI #1527 1HI, ELAN Dietrich 45 B F R T A3 1]
A, Rettinger 55 MO1 R JLH] TAEAZ 2% sh KB AR 22 20, AT B ARE 5 A BRAE 55 1A SCRR [41~45],
B - B 2 AN A U SCHR [46~48], FAth— 2L [49,50) Af——F5A 7. B, Gl RRE
21J718% T Farnadi 55 P15 $2H 17— 4 51N LT R AN AR IRET e, 721 K
A e A 2 A D — P ORI FE PR 7 10485 B Tl e i o (3~62,

3.3 ETHRINF IHIEBUEIRH

VAR, B R o ST AN R, RN 35 SRR I 2 3T PR 325 51N B SR 2 [ i v
JRO AT RE (26:63~72] B A% 2 o1 (SR D7 1R AR BB h A e A, T HIRRIEDIAR T N
NIEFEANBLTE, ol ve il LA b J5 300 SRR e 5T NTRFEE 27 21 07 7] DUBE S R AR AR, T on =2 2] th
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FERS SR K 5k R AR TR G5 B AR AL RE 7, JHAE SR HERE ) BB AN RR BRI SCA N, B
TR S A A5 HARRFAE A SCHF, BRI RN U7 R T DAL B B D0 B0k 9 775 T 45 ek, A il
R R AR A5 5N 37 BN R R DR DA SR ST F) 3 ST DA Bl 44 ST AR (660 5 A B 166-67) L 5
RITR ARG i S5 22 5 T, T DACAR 5 AR 22 52 Mdi SOAE SR AT (1 SR 13 2 SR 355 B W S A
KA.

LI TV — o A Sk 5 SR SRR Dy = e A ) Sk R SR, IETE L2 type, IXFEAE ALK RDF
= e AT DA R 3 5] IR 58 Bl A R ) 5 2, AT e il SR AR T 55 LR (AN 133 Hf g s
PR — NSRBI R SAATT 5 SRR Z A, ISR BT 7E SCAR R BN SOREEAE &, AR AR e v
XZIE AR SE, T H— D SRR 2R HA TR IR, BT RO A SEAR (A 5 SCAS AT LA
TR N3 5] 16970 Ay HAC By Je bR SORMEAR A ARG ) RN TR 3, 28R R SR = A
FUPR LA PR e [T 721 DT a5 S48 20 41 L ] P D M) A 22 19X 25 S TR SR BT O K31 41 U, ST A o 2%
H e AT LI NE BB, ML AT DIOR B T B 285 5 AR EOR T I S AR 200R, thm] DA F R
WP DRI R Z IR G015 Bk 2k, B2 RS NAMBE B 72 SR RN T VERIROR.

3.4 LR ERMIEEER

XA L 3 RIS SRALHE B L] ) LB 70 A WRFAE I L 2 ST 73k B s s AR R 58 T LA DT T
KBS, X TR A SRR VA 5, ABRGUVALAE, 5 B0 I e 27 5 5 ok SEHL,
SRR P TIN5 T2 AR BEOR, Bk T SR O S Bodie, AR BB TC R A5 (T RT B N AT DA 2 2 6 1
NELRGE, F AT AR OGS B S AR SRR R T, 2 Mk 7S e o 23 B A 4 o KR 2 i 4R
R, BERIANGG A, ARG BERLAR; X T2 LA S R AR I 5, Rkl LA 9y i ol 4
FRFIER IR, — B 7398 JR3E. Geil 2 IS5 LA 21 T3k, P i B (0 SEAR SR AL RRAIE 2
TR BT WA IR T BERR PO i, AKEE B ARTE 5 A B AR il 22 S BOR, TS FEA5 B4R
REISETE, B 27 S 28OR 52 RIRFAE e UM 27 SRR [ B 55 P9 7 T2, iy HL 2 SRR B R
2% R RTINS I SR RHERE U5, R R IR L2 ST BOR, K S A RT3 73 2 i L, Hf
WEAT DU XS SSRGS R P 2 ST DA B SR BURFAIE, = ST B H 45 BTk, (R 5 >0 il AR
PEREZE, (157 39 A E R0 RN — R B3 LR v R S o ST A,

4 SHIRRPFIREEFN 2

ARSCIITIS R S = O R P T b4 T T R T IR BRI 5 1 AT, BRI 0 AR
KA HIR FE AT AN, FEE LR LA (1) 2T BENLIEE PN 2% 3] (path ranking algorithm,
PRA) #hT7V; (2) FE TR S AN T, (3) Hofhi o7k, HSzad n] DA A BE TGt o0 &R 2% I B kb
AT ERIT S8 p = T2 TR SRR B SR EOC BR, (HOR H R B AR RT I 4 1, BT DA AN

4.1 ETRENFERBEA 2T

KRB 2 TP T iiig, ATRAZIR <SR - SRR - ek KRR ZEMOREER, DR RR e
SKhr B — DM RRK ERR (VAR R A A B T3 AR R RR E il A e ik, 3
R E AR SCIRSE T AU ST . xR A o R SRR U, AR e A A
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P AT AR G bt i SEAA AT 5C 2R, JEH G TR SCHRI ad hoe 2T #) R i 44 SEAR IR (named entity
recognition, NER), ﬂquJE{l‘]%?ﬁ%yﬂ%?%ﬁé\Bﬁi@, 17 K FH BEN LI AE 7 VEAERR e A T B ok 5e
PR ABA W RN T — AN EER TR 3. Hoh BARERIER LR Page 55 [P 78 1998 F w52 iR
PageRank #7:F1 Haveliwala % (™1 7F 2003 42 H 56T 38 1M PageRank 537, 7EULIEAS
2005 4 Nie S {5 FRLADMIR K SR B 7E 2 808 B B/ D RT3 1 SE B 1 AN 28 8 (1 J= #8482 Diligenti
S5 1701 A ) 5 1) AL R D7V R 58 BB LA, (B 75 22 4E 3 2 ORI 8l; Minkov F Cohen (76 £
2008 FEHRHY T3 T AR AR STAR R AR Bl BIL 35 AL SR DA R AR b B SR BEAR SR, R IAE 2010 4, Lao
&5 (77 R T AR R A HE R H IV PRA (path ranking algorithm), AL T 14 SH A BE LI LR,
FFHGIN T AR LR T RO,

2t PRA JERARRIRIT. & X% KRBT P H—RIMKAR Ri,... ., Ry AW, AT U
a2 R P TSR T, & 1y B Ty, LB T; = range (R;) = dom (R;41),
H dom (P) = T, range (P) = Tr,. XA RN IERA R R C RN A BRI, ELU “the team
certain player plays for” fll “the league certain player’s team is in” XX M &) )5 AT FE IR 40T

Athelete Playes For Team
P : concept concept,

Athelete Playes For Team Team Plays In League
Ps : concept concept concept.

SHER RIS P = Ry,..., Ry FIVESE S s € dom (P), HIERAEL R (I BEAL I AE K8 7 E X
HibREL he p, WK (2) AT (3) Fo:

4 N 1, if e=s,
WEREAE P oA, W hy ple) = (2)

0, otherwise;

WMARAEE, M4 PP =Ry,...,Rp—1, f heple) = >,  hspi(e) Plele’;Rr), (3)

e’ €range(P’)

Sooft Pelels Ry) = ElS) Rk o (BN Ry MINIHR T 208 B EIALE A ¢ MBEE, R (¢, )
FRGEE o R e WRTHIN R IIME. R, X F— AT EES Py, P, A5
#5 e SRTATBLAT (2) 1 (3) TP SUH B, () 1 0% MR ARAFAE A B MR B, 40

glhs,Pl (6) + 92hs,P2 (6) + -+ onhs,Pn (6) )

b 0, NHARRIBCE. R BB L (RN T 4), A82mt T BLH S H B A N R Pl %
RERMES P, NI RIREW @ (4) KIFFXT S5 A e HEF I PRA AL

score (e; 8) = Z hs,p(€) 6p. (4)

PcPr

f£ PRA B AR A F Rl DL I S5 A T T 4 IR0 H FR eR 2 (5) K58 Bk

0(0) =3 0s (6) = Malol, — alfl /2 9

Forbr Ay 2] L1 IENOR BGE SR, Ay #55] L2 IENARET LS 815, o; (0) /B8 H bz
PR T TSR S 1 R
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M IR FE R LLE B, PRA J7VELE O B 38 BEN LI L R T 5 H S A TR0 37 T p oG &
ST B R AT 56 B IIUIIAT: 55, 3% HL SRS ABL T8 S0 18] 58 & b o6 R A58, AR AETHE
I 3G N2 ARl 5 B H R OC R AR, (HIL SRR R E RS R THRAR Y, BRI AE ST KRS S R &
WIS PRA VAR R A2 40 BAR. B DAEZ S I Fih, Lao 55 (781 £ 2011 #Fi@id 51 A
Horn HUMAT N-FOIL HER e mBERCR, JHE MBI E NELL #E47 1 5C%; Lao % ™) £ 2015
AR R M BENLIFE (backward random walks) #E4%, JE45H T Cor-PRA I8!, GRS ALHE KO0 R
FEALFI— B RN [R)4F, Gardner 45 B0 $2 17 BIFFIEHIER (SFE) 17772, HR A TR R &
RBENLIFE, AT HIAT T PRA SERIEE 28, SREIRIEE R 105 E0 1 Bk T8, 1 — 5 b 75 2
HERC RS E, X+ B E R, Wang 25 BU 78 2016 F4EH 13T 215 STHERR
(1) Coupled-PRA J7i%, 1% BRAE I SIS G, REAE 22 BRATHb 27 > SIAA [A] 1) 5 R Tl

BBAb, A X B ARG LI 82 X B A S R A ZU A 2] 18384 G NJE A THE B9 88— R 47 ik
i, B2, £ PRA BRYELRE b 1R 2 MK HEAT T 98, R E B 5| M AR R 2] 189
AT = A2 AR (1) 2R 7R AN = S AT B TR R

4.2 ETHRTFINHNEGE

KR ) = e R Ao E 7 HETAL I S50, BRIttty ok 1 5 B S ek e i it (1) i
FRCRANE. BT RREERE A AR SRR ARG R, I DAEREAT U5 1) I 5 22 st 261 B I %,
INZASFFIR R AR S — 2, SEEANBHENEE, MR R E R, DR SEL 2N &Lk
L SRAGEE AR, (2) M . Srit 2 KB B0 R AR R R ANl i, AR -
ISR NS RAB BRI, KRS RISLBIA 2 SBOT R R A . AR IR PSS ST 7%,
R SRR 2 B8 SR B AR R GE SR 1) &, AT AT DA {8 vt 2 S B 1) 1) ) vk 5, B dnop)
FH AR T2 BE B AT B A G SCRALUEE, RIS A RERMREE s 13 U5 B ARIE, AT B T 5 i
BHEMR A L. Ron 4 3] NS5 RAEIRMT 1 WSO R RYE A o, K2 — R A N RoR 5 3, 1A
BRI RE & ERASE R R 3 W fE UE . RS R R

TR DI R FARYE 7] B RO IR 7R AR 2, AR SR EAH AT 757k, B SR
TRV TR B LR SRR RS . B
4.2.1 FHBANERTE

X — AN RIROR S I 57, 1 Bordes 55 B7) 7E 2011 A3 H. 1% 7 VR0 BT A SRR 5

B [F]— AR, FENEEAN K RE LT AR M, 1, Mo € R, A = JulH 40K B BUE
X

fr(h,t) = |My1h — M, ot|, . (6)

A ULUR R = e A e IR, 38 I DA R 2 s R = e A I3 2k R AL (6) HOMELAN T
BEEARR, DTS SEE A2 [0 6 R 5% 28 R M BE 6 0 7 S R ST SR R T8 UM R AR Rl v S F A5t

argmin |M, 1h — M, ot|r, (7)

REAF 2 PSSR AR BE B AT B R R, AT S BRI, 2 )5, Pasquale 55 %) 5] NRER T TEHIME
RSt SRR, S m S SRR, KR 130 (7) B IR AL

N
i
A~
Ay
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4.2.2 SKEMMZMEE

TKEAZL M4 (neural tensor network) H Socher 55 381 7 2013 4E#& | FLIEA AR 2 FH XUZ8 P 5K
FEHRIER R 2% P ZM A, AR YR MRk Rk m SRR, NI
R AR E R R T a0 R e e

+ bR) , (8)

Jrff A tanh() BAL, WET R—AZINIKRE, Ve RER r MEILIE. KEWEMSER (3)
T SINSKE A AT DLUERS A R SO S, (ER AN 2 Al A& T B 1) R 2% e, AN & KA 34
BT AR AR R R 2 AR 2.

. e
g(er,Roex) = upf (G?Wg'k]@ +Vr !

€2

4.2.3 EMESREE

FEL 2 fi T LA Bh BAS B4k 7 B3R, BRI, SRR MR HEAT KRR R 52 ST O b 4R X
JTHEIARFR T2 Nickel 55 59 $2H (1) RESACL #LAS. 72 R | SR = Je M e — AN R Ik ok
B X, WR=JCH (e,r,¢/) FAEN Xepo=1, BN 0. KEIIHEERKEED =TCH (e, 7, ¢/) XN HITK
B Xeper DMENIARRKRIIFR, (1T Xepe REHUZIE T eM, ', TuckER PO NE —FhiK &2y
fige (R R IEAR I, FA ) o AR AT DA L B RR R O

4.2.4 FhEEX
Mikolov &5F 2013 FH&H 1 word2vec 17ZR~2% 3 77k I T HAE R R 2 S 78 HARTE 5 AP ATk
RV I, 127 VE R B [ S AR PR AR, a0 N6 s

C'(king) — C(queen) ~ C(man) — C'(woman).

IX T B 1] ] R R R AN [R] 3R] (B B 103 UK R, Bordes %5 U 20 R R B A 1 FREIEE VA
TransE. HEARR LT,

TransE 77 58 SEAKIAI 26 REAE R BT, BI=784 (h,r,t) HRR r BAEELSZE b
[y AR SR ¢ IR s (AR, Wk 6(a) FiR. HAXMRIEN: h+r =~ t. TransE 8K HR

fr(hﬂt) = |h +r— t|L1/L27
HAe b sk Eoe XN
L= Y > max(0,fulht) +y— fu(H,1)),
(h,r,t)eS (R ,r" t")eS—

Hrp S EHE = nlrES, S AR TuHIES, max(z,y) R 1y FEKIFME, v NETE
ZICR S SR = ou A5 4 2 18] TR B i

TransE J7 AR B S 2L, JEH & & KPR AR 3], BN R R 2E I 2, < 5 KEM
TAR#R S LLe ARk, Wang 25 921 321 T TransH 7775, Lin 25 93] 421 7 TransR J572, Ji &5 94
P T TransD J7v2k, Xiao 25 951 $EHU T TransA J7vdk, 25, VEAH AR I, 4.2.5 /N,
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(a)
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Ap o

(d)

6  FHIFI AR Y
Figure 6 Tranlation models. (a) TransE; (b) TransH; (c) TransR; (d) TransD

\4
\4

4.2.5 EFiRFGERELE

TP AR AR 0T T I T 4 75 924 I T B, PR HL T B R A AR L v, AE RN R a2
ERAR T @ ROR, (BRI RIR B Ao AT BRAOK, X5 5 T 1 B PR RS 21 1 P
K&, TransE JHERITHEAM B L Z AT 338 F T AL, 0 — R R RIUR I &, HRHA
G WAFAE I, FEARIAEE X 20— =X ZRZX 2 00K R AR EAATE™ HE I (WE 6(a)),
DR AR 2 A0t U AR LB b7 A R, et SRS 2 B x 55 R SEBL. TransH 91N TR R HT
THI SR A LR SEARAEAN ) 5 &R AN R ZRIA ] B (WP 6(b)), B mT LI Sk BB S #esg 21106 & 8P I
KA DR 5] — N SEARLEAN A 2R Z rh 2AF B A F ) [ R0, IZXT T TransE Hp SEARRR [ € 177 302 —
MRKHISGE. (2 TransH FF3A 58 2T BN R RAE R — A2 R FMERBE, Bt TransR (2114 6(c))
R4 HH UDRE SEARRN SG R AL AEAN R 38 SO BT, T SEARRIOG R AL T A AN R A 1] o, DRk i 22
SRS R R SR A3 1] T ) SR PR 2108 R S A R R e SR T TransE A (O THHRE AR, 1275
2T DA B A A [ 5% R 1) S R SEAARAE Bk N 22 1) v BRI, T 98¢ A 1) 5 2% B SEEAA U e e, {EX
SEARRE A MR R R, WL A Z0K. BIEAE TransR HJFEAE Lin 55332 H 7 CTransR 75V,
il TR Sk R SR NS BEAT 70 21, SR R A SRS RS 3] IR AR R R, T B T SRS
RAMIMETHERTE. 10 TransD (WIA 6(d)) W 705 27 33 Sk JFE PN SR (1R AN 7] RS R 9 R 4R e ke
LIRS BB I RBOR . (E S B T EHRR R — X — B BRSO EE ) R T RO R R — X
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3 TEEMPFELILR

Table 3 Comparison of main translation models

Model name Evaluation function Optimization Time complexity Space complexity
Unstructured |leh — et ||§ SGD O (N¢) O (Nem)
NTN rthanh(ehTMret + W, 1eP L-BFGS O(((m? +m)s+ O(Nem + Ny.(n?s+
+ Wi 2et +by) 2mk + k) N¢) 2ns + 2s))
SE |Wr el — Wi 2et||, SGD O(2m2Ny) O (Nem + Ny)
SME (W1,1eh + W1,2rl + b1)T. SGD O (4mkNy) O(Nem~+Nypn+
(Wa,1e! + Waor! + b2) Amk + 4k)
RESCAL (e"|R!|et) SGD O(mnNy) O(Nem + Nypn?)
TransE [le™ +rt — €], SGD O (Ny) O (Nem + Nyn)
TransH H(eh — (wlerwt)) +rt — (et — <wl|etwl>)|‘§ SGD O (2mNy) O (Nem + 2Npn)
TransR [[(e™ M) + vt — (et IM)]], SGD O (2mnNy) O (Nem + Ny (m+1)n)
CTransR ||<eh|Ml> +rt— <et\Ml>||2 SGD O (2mnNy) O (Nem + Ny (m 4+ d)n)
TransD I|(T + rphg)eh +rt— (I + rptg)et H2 AdaGrad O (2nNy) O (2Nem + 2Nypn)
TransA —(Jh+r —th)TM - (Jh+r —t]) SGD O(m?2) O(Nem + Nym?2)
TranSparse [[Whoh)er +rt — WTh(Oﬁ)et”2 SGD O(2(1 — §)mnNy) No(1 ?(éj;[;:_:_ 1))
LFM +<<yz||lz l'f;%ﬁiﬁ; l|‘|ze>t> SGD O(Nem + Nyn2)  O(Nem + Nyn + 10n2)
CirE ||eh +rt—et ||2 SGD O (mlogmNy) O (Nem + 2Nypn)

%\ R X 2 SR A TIEA BUEHE, JUHZ X2 X2 1K R B IR K P
JEHFAT I BLAR.

AT — 7 [96~109] Y BEGE 7 KON 25 i T A 2R3 1 1 ) 3 SUREL RS, — MR SR
SIS M BT KA BT AL B R, A0 1A R AR e B AT S B, Fan 2 110)
TE RN ] Hof S PR RIS B —REHEAT Y Aok A 7838 S . Choi 45 1 BIAT Web H [R5 B
SR OB B Huang 28 1120 WISINT PRA J7 5 HUBR T AL KL Guo 2 119) IR 7E I 4%
HOIIN T S EO I AR 0 BE RN FE IR 215 B, Yang %5 07) J@ 5k s SO R 1 8 18 24 A5
5. Zhao %5 04 I (5 SR 25 o 11 Tl VR MR R TG o 1048 SUAS L. O 2 1) R iz S L P
AR AR 5 B AR STRE ). Niw 25 106) AR 15 ST S B R AR IE Subf AR
FERUR.

BT OREH AR AL 2 A, SR FH BE BT RE R AR N4 7V 1 Ll B U 1 2 ) B RE AT 1 TR e i
BA SME 231, JEZEH AR AL UM W ER R A LEM M7 JEIAHE MR CirE (1181, R 38 o) 45 A5
Y 0] 5 SENN 1200 P S St R SR AN OG 3 =35 23 O, A 355 o) 1 [0 I 2 Sl 0 Tt = > B
R IIZRA R 3 M2 ML%. 3R 3 rhonf DL ESEARIR D PPO B BGHAT T b B B, Horh N, N,
TP SRR SR R R, N, R AIREIE T = e HREER, eh, of 2RI SRR B SR A &, m,
n I3 AR SEAR IR AR AE IR AN 25 18] P 4R, d R R RRECR, s NSKERI 3L, & ik
2R A AR
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4.3 Hihih£ 5%
4.3.1 EEREHESE

A S 42 2B G HN TR P B RIS AR K, AN [F) F1R BE NG T AR, T3 AR AT — N FR R R e 4 1, B
— RV PE A b4 BE VA B 58 4, DRI R VR ) b4 T AR AN P 4, It SR i ) SR 9 R
ER.

5 SRR PR )R D 4 T B AEAN 5] 1) R R T R B0 7 B AR, EEBCR BRI 7 22 He 55 121
TEHBEST# (matrix factorization) &AM 5@ HOGTAS [ HTR ZE AT RN PEAN 4, 207 1% = Judd s i)
K Z IR g E ], T R AR B AREAT R FR, FEniF A BirthIn fiarZoR EARZ N, BAREHY
PRALE LA FR, a0 AN IS B R A U W18 18] TG IR R 3R 24, AL &5 R T34 n 1 3R] )
LI JRAE RN R e AE AL IS o2 31 M BS54 — B, H 2 AT #0238 N = Ju 2 AN AN AR
R EEAHELE, DRI AT DA G2 B 045 38009 1) 110 2R 0l R 2 AR5 3] FRORRAE, AT R AN [ 2R TR P 1 1 1]
AEABAE BEAT 0 W, 205 24 FH =X (9) Shedli 018 1] fAH ALAPE:

mlnz Z Sim (¢, f) [|U; — U;HF7 9)
i=1 fes()
Horr S(i) Fon 518 ri ARSI S, Sim(q, f) & FHRRAR PN oi A of Z (8] ARBLRE B 3,
JE SR
Z;e[( i) T T

Sim (4, 7)
\/EJGI(Z )NI(f) TZJ del( YNI(f) rfa
T HAr e 0e LT
1 m n
min (X, U, V) == 1., — UTV
UV T2 ;; ))

(P m

+§Z Sim (i, f) Ui — Uf||F+7HU||F+7”V”Fa

i=1 feS(i)

ForP i o RARALE BB AR, 1205 VAR M A (DA 3] Ja T DU AR AR R AE AN B R e AN /] =
JeH, MTIFESRA LR T AIE R ENR, BIAEER =J04. 1ZJ7E/E RN DBpedia3.9 Al YAGO
-2s BT T IO EUS T AT IROCR.

4.3.2 ETEERERARMIREINETE

{5 BRI (information retrieval, IR) FEARHRCA, IEH KK BRI R M E RAMFE IR 7
AR FE, EFTEAN Web  FIREUE A ARG AR 122 LhanseA . B 55. X 285 B i as
RZ B & B ER, Eel R ) — AN I H A H l_lE]EI’J i RATBE A AR A AR S B, L EE
SHMEANIE B ABTIAL L AR IX SR, Ik, West 25 [123] 7EET Freebase MIIME RS FIFR T
— BT R BRI AR EAN R G, HIEA AR AR SRR B G R AT SR R I, T £ S AT
HAREI =0 ER. ZAGEEH 4 0 HM. (1) LTS %565 1 B it % 25 ) (1 70 Kk
SRR AR AR, AT A U DA 5% 28 50 AR MU AR ) o B0 AT VR A (2) A WOASARIE+%: {1 ] Heatmap
BRI A AR 5 A SRR A B SRR, AT 3RAS i R L REAR; (3) ALl & RAR P BRI ARYE 45
SE B R ZAE BB AR, SR 53R (a1 45 SRR Bodb AT HEFR AN A, A AT ORI S (4) & 5R AL
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Planning KB y . RMN RMN LFM SME
Completion PageRank LOHMM LOHMM PRA FCA TransH (Coupled-PRA
PLP i NTN Cor-PRA
WordNet PRISM PRM Pli?é’:lg:“;ﬁd DL-learner RESCAL TransE SFE-PRA CitE
SD-Type TransD/A/R
1995 1996 1997 1998 1999 2002 2003 2004 2000 2010 2011 2012 2013 2014 2015 2016 2017

7 R BN AR A PN (A Al

Figure 7 Time axis of the development of KB completion

BEAIE: XRRGN RGP, T2 AT DU G 3T SR AN G, A FH 5% 28 288501 S5 40
RTE AW IIEFRE. 127 S br Lo KR DS BAR R . SHAR AR RIS 1E 2 ik Gis
H, FE4 3K Freebase HEL TR TE RN A2, W RN _EAE AR RR P I & 45 2R, SEbr b ]
LSS s RREE R A i R, RN HA AR ST & IR AR .

4.3.3 FHREHHIEIRFIR4 £

P R 22 B R e (R R A ok E SOA R IR SR A 90 R i) = Jo ., (H2 NRIIR 2
SRR TR AR, FEASHIESCRZ L BT IER I, Angeli 55 124 $2HR— /N Al R4,
FRe g I8 I A 1) F S 5 HR B A B Sm i AR UM B AR A I 7 1) 5 S AP 4 S R
B, Azl B A L2 5k mE W HA; T BRI IR AR, Li 55 1250 ) B RS M
7% (ConceptNet) RTF-H5 F=ANPRE K RAHICHIRNE, 48 AR iz ok R 5 HA QB RTE ) i = o 2
(Left Term, Relation, RightTerm), & &8 SR 52 S AR FE 52 ST 1) LSTM AL AR A 2 — N YPAT BRI
B, R EOT LR R H I I R = e BA AT AT 23 R o HR A L8, AR T VE T DL R — N
RVER =0 (BRI 28 T R IR BEAT VA, 4 9RIX 75 2 ARG DX 28 v A il R B R0 , X AR £
PR TG B — B IR . 2z, TR IR AR )P A AR AT AR IS B AN TR B, AHOC TAED 7&K
BANIZE.

5 BE

LA A, TATAT LG BRI R R B R R 5 AT AR RN R R 7 i i
PRESGA RN, HRRIRSSWE 7 P, BEREER AR 2R, RANREIRR . 176
AT ISR AR T e R AR Bk, f A0 VR B A A BRI &, e 18 W P R = A Je 1) 75 o2
GARBUAE QTR J LA 7 T

(1) SRR R BN R . G2 rh, B KRB RA G100 Wk, it giit 5
SAIRE TTER M DL L. T AE R REBERTR B Mg, s LA KR BB, MR 2R
RELAMK RS RE M, MRS, s EAGs0RA TR, 8T SR K3 8O0 #
et E R, LA R OB 2R 2, HRX T 5 5h U R AL BIRD, Lot
BAIEAR, BB A, (R A A S, B HAISGHIC R SL B &+ 0, M HE 2
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Research progress of large-scale knowledge graph completion
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Abstract With the continued growth of various knowledge graphs, such as Google Knowledge Map, DBpedia,
Microsoft Concept Graph, and YAGO, the knowledge representation system, constructed based on RDF, has
become more well-known. The RDF triple format has become the basic description of knowledge in the real
world. Due to its simple structure and clear logic, it is easy to understand and implement. Nevertheless, when
faced with extremely complicated knowledge and common sense, complete knowledge can become difficult to
describe. The construction process of knowledge graphs is bound to lead to incomplete knowledge contained in
the graphs. At this point, the knowledge-based completion technology is particularly important for managing
such situations. Any existing knowledge graph must be improved continuously through completion technology and
newly inferred knowledge. Beginning with the construction of a knowledge graph, this paper divides the problem
of knowledge graph completion into two levels: concept completion and instance completion. (1) The concept
completion level primarily focuses on the completion of entity types. It is described in terms of three development
stages: a logical reasoning mechanism, based on description logic, a type inference mechanism, based on traditional
machine learning, and a type inference mechanism, based on representation learning. (2) The instance completion
level can be further divided into an RDF triple completion and new instance discovery. This paper focuses on
RDF triples completion learning, which includes entity completion or relationship completion and is described in
three development stages, such as statistical relational learning, probability learning based on random walks, and
knowledge representation learning. Through the review and discussion of the research process, the development
status, and the latest progress in the above-mentioned large-scale knowledge graph completion, we present the
challenges that the technology will face and the development prospects of future work.

Keywords knowledge graph, knowledge base completion, concept completion, instance completion
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