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Representation learning in Knowledge Graph (KG) aims to project the entities and relations into a
dense, real-valued and low-dimensional vectors, so as to efficiently measure complex semantic correlations
between entities and relations, and plays a important role in knowledge acquisition, inference, fusion, mining
and applications of KG. Existing methods of representation learning in KG only concern direct facts in KG,
ignoring some implicit semantic information. The paper proposes proposed a rule—augmented representation
learning approach in KG. This method firstly implemented a rule mining algorithm to extract Horn rules from
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RULE-AUGMENTED REPRESENTATION LEARNING
APPROACH IN KNOWLEDGE GRAPH

the KB. Then, a rule-based materialization reasoning was used to encode logical rules into our learning
models. Experimental results on real-world datasets showed that, this approach achieved significant and
consistent improvements compared with these baselines in the link and axiom prediction tasks.

Keywords: Knowledge graph, representation learning, rule mining, reasoning

1 ARE=

Hai, FRARE (Knowledge Graph ) LLH5H
KT SO HRE ) 5P IRRE 1733 122K
FA T F R KT . B IR bR
St ShASERME RS . U EELLRA
Mg 7T —R S AR 73K, RSB RRE
KPR, BT T A ZRHA R ZE,  [F]S
WSCHRPHNZ A R ER . ARAT . gk, A
JE SR SEAE N I A TLIR I R 28 W St 1t
FHRZB TR, FRERRE R AR
H 8 &S5 A 8) 7280 . 2w R
W A — o] LGRE R RTAE, 6l
LinkedData!, DBpedial?', Freebasel’’, YAGOW
o

KEEHIRE L R T AL (W3C) KAt
DT IEFIIAHESE (Resource Description Framework,
RDF) B =Je2 (5401, SRR, k) Ak
At s AHIXR R 7 i TR
RACE . BEfmmn . vl PR RS AR
K, DLREES: 21 A REM R R T I HARTE H AR
EAR ORI UG TR R4S
USRI T EENCR, KON RIREE R R R
R it 7Rl . IR R I R R TR

T I BT ) A S TR il v () SR A oG R
TR BEARAE SR ] &, XAMUKR KT T 5
NG g A S N G B = R P VL S -3 N
AR RIFEEAEN , It AR 7 &
B S AH SR )

ek, L TransB AR FIREIE LR
SOV BIRIRG SRR Y, AR 2 R ) X LAY

X fifRAE > B ] EANREHERR B A A
W TE R R, FE L, —A AR A
RBP4 BN TBox ( terminological
component ) FllABox ( assertion  component ) ,
B ELE T ARTERASC R FRoAER (Axiom) |
JEHEALE T LI FR R (Fact) o H
TYHT ) AR5 A FFRRIE S AR B ) A
i, A SRONAREGER, X E
PHAIRECPLAC N XE . bAh, 7R R ENTR [
o, EBMEE IR RE, BARE
P s PRTBON 5% SRR v L R AT R o X
T SR T — R D0 384 9 ) S TR 1 R
205, SOTEEE G A Sz ARG
B HornHLIN ,  Fifi J5 8 ik 5 10 0U) 4 4 b A 2
( Materialization ) 3 HH#THY R, X F5L
] LR R AR B S 15 UE R, it

©

TECHNOLOGY INTELLIGENCE ENGINEERING
2017 FE 35 - E1H




BT

SPECIAL ARTICLES

doi:10.3772/j.issn.2095-915x.2017.01.003

— i SCEE U R TE N B R R R )
BRI SEIRERARY], FET MU SR Y J5 ik
A LU S A RR L 2 7R 2 S B 2%
RAMAERE

2 FARILRS

R LA 2 E A B AR G R
BRIV B AR BB S 7 1

2.1 EFRNINREERTZEIEE

TransEARADGHITR I Sk 2 ) R E
A SRR I SEA R R R . R Ren LIEAE
FEMCLSERE B hF RSk 8 1 BEE,
A TRIRER A =JC4 (hrt) , #AE
REELUFRZR: h +r ~ t KRS
h+ o FI A L1 B L2 PHES . IR AR,
H B2 SRR A, P ) 2 ) — AR

TransH i 51N S6 Z 8P RS TransE
BB RE . EE LT RISk )
BB R, SRS 5ol
PRI RE . IZAIRE S [F] — AN SEARTEAS R Y 56
RPN E ) M, XA DI 00 R i i
TP b AR IR RCR

AP, TransREBEIRIS| N R AR 7%
WS, TransDUMEEAIH JESLARFI S R Z 0] 1) 28
A, Sl LT Sk SR AR SER AR I 56 R
23] E AR, Holel' Wi AR H Sk R sk
lia] S G AR S 1Y) 5l R afe i Sl 6 7w S A ont LR B
=R RER .

DL b IR SRR 32 9D OGRS iR 1) 5 A B
J7 1) BEATRERI AT e, LA I B A ) A

@

TECHNOLOGY INTELLIGENCE ENGINEERING
2017 EE55 3% - E 1)

R, AHHAERE A TR BN i e i
FERaL, 2mg 7 RNREE PR E AR,
PR A5 >) B0 7R 1) B A BEHERR R IB RN
I SUE B

2.2 EEMNIHREERTFEIRE

SCREMNG SR 28 E SIS Ssf ) BR 1l 478 A 5
BRRMA S A B R IR X, (et
FIREAREIURE, 37 FEAR LR 2 5% 2R 2R H) =
TR BEATEASE, AR AT LUA RO UE— L ARG
MRFIREAS, WL —E R EIRTHRRYERE.
SCHR[121007% BT NS iR i) 2R 5 8, JFild
i as MA BRI R 2, T LU A
(] J2 R 10 S A B e i 45 F) 8 S 1) R AT 32 1
ARRCR . SCER[131M SIS SCARE R,
IR R B v i) = e 358 LR SR
LR AT G NSk, e I+ HF s 2%
KAWL EERERE

VL b 3K SEA50 32 SR IR e 45 Sk
Ry e, HH RSP, —
BOME R BRBOL AR SE N TR, iy
JERE AR ZE, AEAE HAEN Ay Bt L
HOHHME B R RR I —/NER 43 5 PR
B RBESE AP RRIE I T AR 4> 80 BUE
B, R B ) BIRYTE Sl B ANRE e B R IB IR
FRSHIE R

3 MEERRTEIRE

3.1 RS
FATHGERRFIRERE, RIG= (E, R, F),
HoEARRE R ) SRS, RAERIRE



MRRES, F € E x R x E fRERIREH)
T, BAFESEH =l (Lfk1, SRR, L
2) MR, B AAR RN N SR FI G R [ 0]
o HornAE I ey LI SLFIREIN F= A4 1, R
HMB NB,AB,\...NB => r (xy) @'5HB =>
r (xy) , HornBLNEARMmAIE X FIKEE
REf% 2 1R R IE S R 2808 SCe AR R vEr
T SCER (Synonym ) . i ER (Inverse ) |
JEMESEE X (Property Chain ) 555, ki)
y (2 A2y ) A oy REIR,22) = (2%,
5,22 ) (220 7 RR S — A e P e B
a: AR o FREEIR < EEE. FULlRaE
P X LRI B 3R 18 SUA BN B 5 R et
FE a2, G SR RA I TR A
IR EEETRN ( Link Prediction ) Fl5EFETH
I ( Axiom Prediction ) €77
ZE—NHIREEG, BEWAFELF]
(B, WA, BEER) . F2 (ZEER,
FrigE R, £ fl—EtEiEe Mo, WK1

mmgﬁmﬂﬁgﬁiﬁﬁﬁﬁﬁl

RULE-AUGMENTED REPRESENTATION LEARNING
APPROACH IN KNOWLEDGE GRAPH

7 7R Trans ERERIAE N ZR i) i g K 2 AR AL F 1A
F2RAT RE A AN, e AT ISk R Stk &2
) (1 B 2 22 DS TR R I AR, HJE T
T VAR S P o, AR LR S RE S
PERRMAR (#1) . rEEE (r2) FEE
(r3) ZIMHE SRR, AR SR Tl E
PETTMARE ST, B2 Xt 23 s H Tl = S
HIRE ST, Ban R AR S N AN
R4 (WeHH, WA, b)) FIFS ( b, Pr
JBEZR, ), TransEMAREEIES: > 51916
Bl TS CFe (W, EEE, D) .

MEARTR, BB 77 S N
PRI RGPy, BE o R R
FHOFTRSCFs (e, g, ER) | Ed
PRI R XA g 52 31 [5G 5 I A vp K mT UG
B SRR N2k a) 4545 2w P 5 E Bla (r1+
r2=r3) , MIEARIX M HAT e BT A g
Jio B, RS BhIX AN E B B T A
PHI) SESEF6

AR-TransE

@ BT g o) |

TransE
HIR
%;Eﬁgﬂ Fi(eq,ri,ez) Fa(ey rs,e3)

Fi(eyri,es) Faleyryes) Faleyrses)

—
@ %E%H”EIE

]

e1+r=e;
€,+r=€3 M+r=r3
€1+r3=€3

Fs(es,ra,ee)

e — €1+r1=e;
g Hn epitrmes
%ﬁé}%&fﬁ}@ Fa(es,ry,es)
ﬁ\mﬂﬂ ri+ry=>2
géﬁ/e r+r2*rs
€4+r3 ¥ €¢

r+r2==rs l:>01(r1,rz,r3)
estr3=~eg Fe(eas,rs,ee)

E1 TransE VS AR-TransE ( #R 1389 TranskE )

TECHNOLOGY INTELLIGENCE ENGINEERING
2017 FE 35 - E1H



BT

SPECIAL ARTICLES

doi:10.3772/j.issn.2095-915x.2017.01.003

3.2 tEZRRLt
3.2.1 MNSIESHEE

Xt RV L B BUNFZE YR, 2T 3CR114]
AT K T — A SO A 1 5 T V3 90032 48
2 (ILP) BB Horn MLMZ 48 Fik , %5
b | 2 WL Kok (T RSP0 B e |
i (OWA, Open World Assumption ) FiiE
o R R, TR TR A SE R R

(PCA, Partial Completeness Assumption ) H{)3Z
FeEE TR, PR SR BEANE AR R 51
MAF2P7R . B2 EEA TR i) 2 HE T
sup(B=>nrxp)) :=# (xy) :3z,...z, * B Ar(xy)

(1)

Horp SRR sup 2 7s iX A RLIAE Pel 1% v i o
STRHFRMANEL, AT, EEXEA
2 TERIN L S TR B TR R R I A 5 SN

sup(B=> r(x.))
#(xy) :Jdz,...2 Y BAr(x))
(2)

Hor g (5 B R XA rT SRR (8
IR S v i vh =52 A 5 SE AN L
HRAAPANENE, o TRRSRE, bk
2R HASTT, y' Rl PCATR BT I
PR BRI P ] e T .

RfS , 8ISt — A B TR Ak A
P DA B — 2 RsE, WA A8:GS
G', SFRIMEHS, RSB —PIEMAR M
W, GRS RIFSEE,

conf(B => r(x,y) ):=

3.2.2 iBEXER
TEAS HRE ) H2 e AR S R S5tz

i, AR T hE A S A
{5 BN SRR JRATTHE A RNREIE 2 b
G VXSS, FRRI— AR nyu] {5
(Re) , SHSEHYAT{E EE A BB B )
FROCER) , TR REAT 22 A AN R R
DB RAE o SXHE B R B S G e U T2
TERG*, A 3RRIE LEREHHTRIENE
HEHF T AR R, Bk,
MRAEES R SR O A, WIS A,
MRS ) SR SR e B R
T Eiflo (FROABIIF) |, IHCHOG R 4
PHALON A B s KR JSRAEERAS A g 5
AETEFF HEREE /AN T oW RIM{E R0, B
BTN o FEL R A IR LU, RO
SR AR R 524 IEBRAY A5 AR A L
B 5 I IE SUE BAR W RE R AN T SERY , Bl nT
DL BRI X S A, LS s BRI 2R 25
e

G*={(hytw)(hr) EGUG, w=Re(hyr 1)}  (3)

HrpReFR P [ {FE

{ 1,FEG NG’
Re(F)={ w,FEG'-GIHfHw>go
0,Fe G'-GIfH-w<o (4)

Hrptw=Max (conf (RF) ) F/RZELFR*}
JO7 B A BRI 0 A5 B e R A, RERRAE R
SR T A NS

3.2.3 =HERS

FeATVI 4R 60 KL D 9 1) 5 1 e — i
W7, aTLLE T 2R IR, i
B9 JF AN FREE ST . Ul TransESN ], 2

(Dwww.github.com/hualichenxi/AR-TransE

it

TECHNOLOGY INTELLIGENCE ENGINEERING
2017 EE55 3% - E 1)




TR 1R AL INIE 988 7 125 )5 ) Trans EAE R (
T FR A AR-TransE ) WYFISREREL, %S REE:
— AN T margintHE P A3 R A, EEAYIEAE
SRR LR AR E A Y BE 55 ok B A it /N T R
ARH) PR PR A, X IR BE S E I T
— AN FRFEAR G B, T el E AR
A, HARSAEAIATE R, A6t B B
BRI o

loss [Y+w*d(h,r,t)-

AR-TransE 2o(ntow) € G2 t) €G

d(h',r,t)], (5)
Horp G R BN 5 R FTFEAR S, ~G

ZFniad il (Negative Sampling ) B9 /7754

B AR, YR— N Rmarginf) B 2H, w

FOEAR S

d(h,r,t)=[h+r-t] (6)

h, t. o3 BIFR =Je AL . RS TIE &

4 LI
KREEWAMES, H— SRR

0 30 I ) B 1) T — A TR AR = T4
AR RS B AME S B . SE i
IR ] N — AN IERRIE SCE B, S
=ZREHENE CERE (Synonym Axiom ) . 1]
R (Inverse Axiom ) FlEMPEEEEH ( Property
Chain Axiom ) .

4.1 HiE&EiA

AT T WA BRI G SR B 3l 2 R )
benchmark 5 EWN 18FIFB15k W41, [6]HiAt
BHS—FERR A 7 T UNZREE | BoE SR AN

mwﬁﬁmmﬂggﬁﬁﬁgﬁﬁl

RULE-AUGMENTED REPRESENTATION LEARNING
APPROACH IN KNOWLEDGE GRAPH

5, NZRER T INZRFAIBERY, TEsE T
B E S (54215 | marginlli] E4ERE
k), MG T IR TERE .

®1HiR%
BARSE #6R AOUE AU #BRERE 4R

WNI18 18 40,943 141,442 5000 5000

FB15k 1345 14,951 483,142 50,000 59,071

4.2 IRXLEGIE

FATEEC T P AR HY 38 7R 2 2 AR
TransEFfITransH, & 3X PN 53 751 55 it
RS I R DU 518 644 J7 125 T8 R A AR-TransEAl
AR-TransH, FFAR$E MARE &5 00 =Fh R K +
(6=0.2, 0.5, 0.8) Frl & 7 =AAIE M
DI SEASE

KT RERIERE VRO FAT VS bRz DA 7
e 1) FBHES (Mean  Rank) 5 2) mibih
b (HITS@10) ; 3) ®jld4 (HITS@1) -
HERETIN B PR 7 IE AR DA T 4 H =0T
HAEA L ISR SE R I F R 0] &, Bl 5 B el
T R SEAAR BT o 87 14 3 71 1) 8 7 S B iy A7 5
RS, ESRHEAET T, MIHITS@10484%
T, B S T+ A S B A R A 0 - X
SE BLFSA) PROY T 7R SRR, AT X R
MHITS@ 1465, PRI HITS @10#)
KTF95%. BribzAh, TN EiH R
SERRTREAL S 2, XHECRMEL (raw ) Flid
P8 (filter) PIFPIES, filter RmAENIIR B LA
I, AR IE AR XA SEAR AN IE AR XA
ST RRSEE, HUERE X =T [
FE AR, AT A XA Lk
IEBRR RS, nTLVEHRG OGS UE, A H

@

TECHNOLOGY INTELLIGENCE ENGINEERING
2017 FE 35 - E1H




BT

SPECIAL ARTICLES

doi:10.3772/j.issn.2095-915x.2017.01.003

He o

4.3 CIGIRE

BRI E TN ESHE: SR mEd
J¥ Mimargin, HpE22) R E K. 0.1, 0.01,
0.001, mIEZEEKA. 10, 50, 100, marginZ'
s 1. 20 5. BiESEP RIS Bk
0.001, 50. 1. MZRERKEA1000. FATiES
Stmini-batchBHEE N FERRIIZR 1 IXLLR

4.4 SLIRER

4.4.1 BEREETRN

F2BoR THIAIEWN 18 FIFB 1 5k BEHE T
AT S5 bR B0 25 5, 2 S5 I 3% R D) 344 5% 4
J7 1% 0 P RE AE BT A H0HE SE AL DR U v S
Fbaselinef By, Xf FTransEFELRY, WN18
FFB 15k b H P 35 HE 42 2008 55 i 40 5l 3 7
T14%., 15%. 37%. 61%, ®i+ 54
T8%. 3%. 32% . 42%; % FTransHEL
79, WNISHIFB15k b H-FYHE AR 5 4
HIRTFT16% . 17%. 26%. 31%, Hit+ 5k
R T3%. 6%, 8%. 20%.

K2 HEEIINGER

EIGE S WNI8 FB15k
Mean Rank HITS@10 Mean Rank HITS@10
R ZE
Raw Filter Raw Filter Raw Filter Raw Filter
TransE 263 251 75.4 89.2 243 125 349 47.1
AR-TransE (6=0.2) 225 213 81.3 922 151.9 48.9 42.6 67.0
AR-TransE ( 6=0.5) 234 225 81.1 91.8 196.7 72.1 459 63.5
AR-TransE (6=0.8) 254 242 80.5 91.7 163.5 61.1 46.2 62.6
TransH 318 303 75.4 86.7 211 84 42.5 58.5
AR-TransH (6=0.2) 264.4 251.2 77.9 91.7 156.7 64 45.6 65.7
AR-TransH (6=0.5) 264.8 252.7 77.6 89.9 186.3 29.5 45.7 70.1
AR-TransH (6=0.8) 2772 262.3 76.8 88.1 178.1 75.3 442 65.1

GERIEW, T BAT T AL I 5 5 v T L
A i) TR P A s SRR RN B 24T S
B, WSt 7R T B AE
4.4.2 EEW

F3 R THEAIEFB 1 SkE FEFIINAT 55 11 5L

IR, AR BR Y RE i) 7k R R ST
T HEHEIERE ST, W ER (Synonym ) |
e (Inverse ) FURMHEEEERE (Inverse ) ~F
WHEZ B R T T47% . 41% . 82%, Hi—
HHARE T11% . 3%, 14%.

%3 FBISKEIEFUMER

PR 25 Mean Rank HITS@1
EHIZ Synonym Inverse Inverse Synonym Inverse Chain
TransE 109.4 70.7 28.6 47.7 64.5 79.5
AR-TransE (0=0.2) 57.7 41.5 6.5 51.2 66.2 84.8
AR-TransE (6=0.5) 58.4 49.4 4.9 53.1 66.4 90.9
AR-TransE (6=0.8) 69.3 49.9 6.1 51.7 66.6 86.3

TECHNOLOGY INTELLIGENCE ENGINEERING
2017 EE55 3% - E 1)

@




SEIRFWT, FRAT I th B AL G 5 7 ik T
DA R R P T AR ) 5 BRAS S g 7E R
NI, Xk B T R B R ]
DAmE ) R R R r 1 SCE HE

4.4.3 &EF o BIRIE

MR TN A5 R 0T LU, BUs
SHUELEL/INE (0.2) FBARCRE N, X&m T
SRV R /N R AT PR 7 2 4 AR O T 2 Mk
Fi, HR 5 R K 2e i AT SN 2
RSN SCAE R, lics T BAE BT gk e
BORIIN 7 AT AF EEACE, AT LA X ek 7 o)
RSN, A A B PRUNAT: 55 e p By
SR /AN RN SN B R GRAL , A IS
THEFEPINAT 57 05 B — A R EC N R
PR A2 PRI 45 0T LA i, BT A
o lUE A 0. SR HCR A I T BB A 0. 2045
R, XS A FSTINAT: 55 0 W 7 ) SRR £
5, GIANIE 2l {5 BEAS ey B LI S T 23 2 e
HA 7 TR, DRI T 5 BB 55 fhid 1) T
B30 v B AR P BT

5 /NG

TSI R B AR RS2 Tl T 2 T
RINRIEE H R 1 B, i HAR 2]
I PEREFISCRAFAE— LU B, 0 XA G A
S T — R 5t 0 SR IS R R A 2 O
%, %075 Yo BBz ANRIE RS B Horn
AL, X LRI EE 1F Ay )4 S W [ 1 1 LA
SRR AR, RS R TR A A Al A B
e g, JEH BT 7R SCE R J7

RULE-AUGMENTED REPRESENTATION LEARNING
APPROACH IN KNOWLEDGE GRAPH

mm%ﬁmmﬁgﬁiﬁﬁﬁﬁﬁl

NG XA ORI B R S 7R 2 ST Y
W, TEPRERIbenchmark 045 48 11 SEE0 45 4%
Y, BTG s i T T DL R T AN
PRI R 2 AR R Bl AT 1 i BRI
% L ERE.

SEH

[1] Bizer C, Heath T, Idehen K, et al. Linked Data on
the Web[C]//Proceedings of the 17" International
Conference on World Wide Web. ACM, 2008: 1265-
1266.

[2] Auer S, Bizer C, Kobilarov G, et al. DBpedia: A
Nucleus for a Web of Open Data[C]// The Semantic
Web, International Semantic Web Conference, Asian
Semantic Web Conference, ISWC 2007 + ASWC 2007,
Busan, Korea, November. 2007:11-15.

[3] Bollacker K, Evans C, Paritosh P, et al. Freebase: A
Collaboratively Created Graph Database for Structuring
Human Knowledge[C]// ACM SIGMOD International
Conference on Management of Data, SIGMOD 2008,
Vancouver, Bc, Canada, June. DBLP, 2008:1247-1250.

[4] Suchanek F M, Kasneci G, Weikum G. Yago: A Core
of Semantic Knowledge[C]// International Conference
on World Wide Web, WWW 2007, Banff, Alberta,
Canada, May. OAl, 2007:697-706.

[5] Klyne, Graham, Carroll, et al. Resource Description
Framework (RDF): Concepts and Abstract Syntax[J].
World Wide Web Consortium Recommendation, 2004.

[6] Bordes A, Usunier N, Garcia-Duran A, et al.
Translating Embeddings for Modeling Multi-relational
Data[C]//Advances in Neural Information Processing
Systems. 2013: 2787-2795.

[71 Wang Z, Zhang J, Feng J, et al. Knowledge
Graph Embedding by Translating on Hyperplanes[J].
AAAI - Association for the Advancement of Artificial
Intelligence, 2014.

[8]LinY, LiuZ, Sun M, et al. Learning Entity and Relation

©

TECHNOLOGY INTELLIGENCE ENGINEERING
2017 FE 35 - E1H




BT

SPECIAL ARTICLES

doi:10.3772/j.issn.2095-915x.2017.01.003

Embeddings for Knowledge Graph Completion[C]//
Twenty-Ninth AAAI Conference on Artificial Intelligence.
AAAI Press, 2015:2181-2187.

[9]Ji G, HeS, XuL, et al. Knowledge Graph Embedding
via Dynamic Mapping Matrix[C]//Proc of ACL.
Stroudsburg, PA: ACL, 2015: 687-696.

[10] Nickel M, Rosasco L, Poggio T. Holographic
Embeddings of Knowledge Graphs[J]. Computer
Science, 2015.

[11] Krompal D, Baier S, Tresp V. Type-Constrained
Representation Learning in Knowledge Graphs[M]//
The Semantic Web - ISWC 2015. Springer International
Publishing, 2015:A92.

TECHNOLOGY INTELLIGENCE ENGINEERING
2017 EE55 3% - E 1)

@

[12] Xie R, Liu Z, Sun M. Representation Learning
of Knowledge Graphs with Hierarchical Types[C]/
Proceedings of the Twenty-Fifth International Joint
Conference on Artificial Intelligence, New York, New
York, USA. 2016:2965-2971.

[13] Wang Z, Li J. Text-enhanced Representation
Learning for Knowledge Graph[C]//Proceedings of the
Twenty-Fifth International Joint Conference on Artificial
Intelligence, New York, New York, USA. 2016: 1293-
1299.

[14] Galarraga L A, Teflioudi C, Hose K, et al. AMIE:
Association Rule Mining Under Incomplete Evidence in
Ontological Knowledge Bases[C]//Proceedings of the
22nd International Conference on World Wide Web.
ACM, 2013: 413-422.



