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Abstract

Currently, knowledge graph embedding methods based on representation learning aim to map
entities and relations in knowledge graphs into a low-dimensional vector space. For example,
translation model such as TransE and its variants have shown promising results in recent years. In
translation model, relations of each entity pair are regarded as translation operations between
entity vectors. Most of these works focus on modeling a single relation and thus do not fully exploit
the graph structure information of knowledge graphs. In this paper, an extension of TransE is
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purposed, which models the composition of relations by adding the corresponding translation
vectors. Our experimental results show that our method can improve the performance of predict-
ing single relations as well as compositions of them.
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1. 518

FHR BB B SRR T SO R AE N A R A . EATLA = 4 (head, relation, tail) (7
ARG E I, o head 1 tail 7372 Sk SLAR AR S, relation R KB BICR . BAR HHTHI AR
B KR I = e, (HIRIZE I AN S 8, 5 B T e R S nT M OGBS . O T A
FUREEHR R EERRGE R, W2 RRMINEIE TR AR R CEE ., AR R, 7]
I J5 2SRt R B AT @A AN A AT

A, A ERERE R RUSE SRS K, X FBURGRMEE T2 B E LA .. AR =T,
B B AL SRR G R R4 ) B B P R R R AL . Ak, &R EnR B N T VAR B
o T BRI B AL 13 2 28, MERE R AT . 52 word2vec [1] [2119)8 K, 4 5E —A=J04 (h,r,t), TransE [3]
RN 2t REIRA by r il te 2 JEHEH A TransH [4]. TransR/CTransR [5]F1 TransD [6]%5 K fi#
R TransE AR ToiZif ok 1-No N-1 A1 N-N &R 1 [ VR 2 RESCAL [7]#4 &, HolE [8].
DistMult [9]F1 ComplEx [10]SE 1t (1) 2 ¢ REEAERE /7o [m] I, A — LEAN ] (1 77 VAR F SEAR SR AL [11]
CAREIR[12] 2 FANTE S, LIRS B SRR I R [13] [14].

TX G T HR N ) 5 124 R ] R A 0 R G A B — AN ) ) s (A, o AR SR T AT R
fEtt e, B, XFONEZE T MOGE. JUH, R BB TransE [3], CAEHEA NS
RN RE ST o 1A AL AR ¢ RN RN SEAR AT HAE B BRI & . Rt T =64 (head, relation,
tail), A IE I o] Sk SRR SR 1) ) Bt N DB B8 S O R I T RIS . AT, #E0a
PR T VP2 TransE (9 R RURIE B R IRAEJ7, [FIRHTI SR CRRr L 18T Bk, {30 G 7 360 12 Jo e v 44 o — 12
FSARAE[D] [6].

TEARSCH, FRATHEH T TransE (9 MRy, %y i S5 il i 2 > 5¢ RS TE ) & 23 ) R I H
)R 35 7 71 S e B VR A TR S0 22 56 2R RTTR BRI 8 o XA AR A 3 3t 2 > ] B P 8 TR )1 2R SR IR RN,
BN, %55 5% % people/nationality, [ i%Z: ! people/city_of birth B L city/country, XFEEMBIHISE RS
GER, BATBXAFRN TransECR IR A 23 58 ok 78 iR B PR AT 52 20 5K (30t 2 SR 38 I b 28 4 A e I 2R 8 rh
AR, IR ZRIX Ee2H & DRI IR 7 517 AR BT R 45 L . Z T Neelakantan 55 A [15]#2 4 1 F A4k
)3 VA 22 I 25 (RNIN) X 22 56 3 508 (R 2H & VAT AR AR . SR, FRATTE R 1 — P o a7 5t s
BIPER R A T BRI S HBOR IR H A R RMERETE, REREEE R k.

AL I 25 SRR W TransECR ERERETIN 77 AL T TransE.  SLHG P A A s 00 X S 451 Al 2R 1)
AEABATEE SR SLA51 52 T hard F1 easy P51, FRHH TransECR ZEIX P28 b sodk . FRATT) K
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RS T — A RIEE KRG R R RBRPES, B0 R 25Xk R 404 (head, relations, relation,, ?)[ tail
F—MT Ak, TransECR 7EIX MNMPAGAT % LRI B AL T TransE.

2. HXI1E

AR, 2R AEREBIEA A M FIENREE LIS TE KRR, 12 TERRR¥IEN—N2
K RF N A ORAC TR, Horp A BT AN A R 28 7 VA I B AR 4R fE 2 R g fig sk F oG R, HRET
DU SRS IS [16] [17] [18] [19], A Fk T-H FEAM iR IR A4 [ 7] [20] [21]. EIAA IR R, TransE
[3144 R RNk RSk 2 A (B PR EATARAL, 75 TOUDIAS B R0 T B8R 2 AR TR AR . B (1
WEFRIRE ) TNEH A A Z A ERCR, AR T HE KRBT NFEEER.

KABGECOEIEA LG FIHERE RG PR R 2 00E . X TAEF R ZEE AN LR ABREIN
BT S, A B SRR SR AR B EAT . 0% R ERAT T ORI R R B, 8 G A HE 4% R
(PRA) [22]. PRA i T 5T 5 iR 45/ I 2k R $EEL . Neelakantan 25 A\ [151@ L — 05T, $&H
IR 4% (RNN) SR 22 S HTR BT KR &R, NTRNIBIE R RERE . RATERSR], RBEELET
NRARBGER S RRAR, TAHRESLARRAETE . M2 N, TransECR U4 T @SRRI 5 R K
RIXP AL A . BATHSLIEE/R T TransECR A DA% S SEARFI X R F & RN, DIAM AR KR
FBEAT LA K R R

3. TransECR HIIRERRAE

FATHE OB H) TransE (O K. 76 TransE A1, KRR (S2HFISE RALWUH B 4ES o, ix
e B 7 O SR e R BT RO . % TR b (AR 092 (h,rt) BN 250 2 57
. FERR AR A 41 o B, W R BRI RS S EOH /N R AL A A A
BN Z A 22 SRS B2 o1 (b, ) 0 (6, ) ST = 8 4L, JRATATLAZE A %5 ] o
EH N+ =t FURHD TransE 5 T i 20 o S U160\ R v 0 P SIS RE RO 414 o TRATIE th i
TransECR, 230 7 LM ELIULIRAE, (AN AR FTULCRE U4 & . SXREAT LA AL YF TransECR
P R e A T A

3.1 HEXRERE

FAEATT A TR T IROTOBR, ERVFE SR ERMALE . B, MENAAaER
= et epon A (h{n)) o), Bt p AL h B ¢ B EIALA KRR A RORAAE(E SR
&€y Hie =h Fe =t A THHE Kk (o.5.6.,) RGP — N30T, FRATMBA
1mmHR%ﬁ%%%%ﬁﬂﬁ@*%%%ﬁ*ﬁg@{ﬂpQ:

sl(h,{ri}ip_l,t):_h (1)
e (518 = s (0637, )+ @

Horpho2 SRS AR h iR A BIRER b i . AR5, BRATIENE TransE [3]1) = el it 57k, BHit=
TLH M A AT
@)

3.2. BENEETE
IR ST S A Bl o R H A E SR FE R 2 S R R . RIE, BATR s KERN 2 )k
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LA, FHSHMAA.

ok, ST (hrt), KRRITEEE (b {nn) ) LA (N5 e) B (e, t) #E AT G
e, WERATLIER, K EEBKLEMEA (hr.e) = (hrt) 5 (er, t) = (hrt), AR =r,Alh=e=t 15
oo BAKTEWIBII R, LUE MR IE A 2 B, TRATR BB o B K,
1, Rt R ER — R, ERATISCI, Al 2 7 RGO B PR T 15— B 5= 7
Ul YSh, FEASCIIBANS, SR B E KN 2 (SRR D EAL,

3.3. HEA)IZk

BATHIINEZR B AR > PRIy 28— 87052 2 T IR B (453 2% e Bo A, I Rl 2 1 DO el
S ARl B IR I T 3 AR AR ZR . S FoRFRE P — AL, INZRE AR
By A LA BT TR) B 45 5k pR B0 2k =TT 4L RN

> [r+d(hrt)-d(h,rt)] (4)
(e

Horpr[x], = max(x,0) I x MR E, 7 RFFIA, S, RIEEEBHLE=T04 (hr,t) B
S t T RURR R ] = T

SN B BT RO R T RS, DB (N B B B RS Sk ST N, e 3R
A A 2 0 N\ VP 010 K 956 A\ 2 9 0 BRI FOBEL 85 . BT 40 A2 0 6 66 = .40
HEATHENT, (AR (AL 2 3 RIUNER, AU RSB b, B BI6 RIOMLA e, TR T P
ANEANI IE

DYSSICINA (5)

@Yo iy ges Ve (51 1.1)° (6)

AR T IR R g, & TR E R s = o, A =0(5)(6) 75 i s

IR, BB T INZ U EA . AXG) T r— {n,n,} BERHERR r 88 0, XN RR.

ey RN TEL G B STIROKR ¢ B8, SR (1) KPR

B, ARIGHRER r (L@ S EETIH— RIS . AN RFZREK T T ERRR r
AT (1) ERTRUE . KOS, S SR BRI E MU el

4. EMERS S
AT IR T R R E 4 FB15K [3]141 Family [23] 525
4.1. BARES

FB15K /¢ Freebase fJ—/>74E, & —MAEH KIS A, Wtk v 12 /a4~ =Jedim
8000 /3™ 544 . Family & 75 Ab— i 4R, Forh 655 0 6 AU 54N K BE 11 7 1 5% & (cousin of, has ancestor,
married to, parent of, related to, sibling of, uncle of)f1 =Jtdl. XA RN LEIEE, HNAFEHHLIE—A
SIZRIR R, R — EEARER A REE (R P A R A A AR RO R, IX LY R
FMNAFFEERE—ZHEILER .. F@Ke, EXNMHEE L, AHEMNAEGLR, L
uncle of ~ sibling of + parent of 5% parent of ~ married to + parent of 252404k K. & 1 A H T EHIEERM
KIEE,
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Table 1. Statistics of the datasets used
%= 1. BIRENGITHER

e Family FB15K
SLAREL 721 14,951
KEME 7 1345
WG =JoH L& 8461 4,843,142
WZRDU o Hit 0 30,252
LR e S TVPAE I 2820 50,000
M=ol = 2821 59,071
MR JUIBTRHAER o=+ 0 1852

42. EWSHRE

BAT LIRS H T BESH IR TransE, FIRATLENE S TransE FAH R SLIG B, i FHER T8 bRl
TPl e ST RN =020, FRAVKIK A A SEA B ek, SRJG TR MBI 1 73 BT 0 e AT
ATHET o BT A IE A i S A (RO il 3 52 = e 2 M SEAR) I HE R PTRE B T H b, RIGERATTIHE S o 8
WA BUE AL P AR E M T A RIS, SRS IR HARS R4 . ERME SRR, (HE
B RS ARTAS 2 Sk . 1) Mean rank A2 1% S8 SAARHE R (P 354E , ZAaAR AR/, 15 DA A () P R R T
2) Hits@10 A&7 10 M B AR i ar i &6, iZ3RPRIERROC, Wi AR 1) 3R 2 ST g 1,
SRR N BRI AR -

PRI AR T, W SRR AL S EUR AR EEM . X Family $di4E, RN RE N 20,
FB15K Mk NERE I E N 100, YIIZRK FH BEALES B2~ FE3E4T, £ 500 /> epoch Z J5 1% 1k« £ FB15K I,
FAEH TransE ()24 > 3 1R AN KA 464k TransECR, F-ATH 21 K o ¥ B v 0.001 K4 TransECR.
7E Family b, PAFRGEVEER 2 BENLVIIG A SEARIR NI, FEA A 0.01 22 3] %, P44 Meanrank 4% H
Wﬁ%ﬁﬂ%ﬁ@o%Laﬁy%%EMTﬁﬁ%%¢ﬁm,yQMmm@,zemﬂmﬁq,
a €{0.1,0.05,0.01,0.001,0.005} Fl u e {1e’4,1e’5,0} .

4.3. SEWEERIHRT

N T WAEAS S TR AR A 2 A PR RS, K TransE MIFRATTHE Y AR AY TransECR 7285 TAT 55
TS 51 . S2ibsE BRI R 2. Hth w. COMP.RRENGE N A S HERITEMHE XK.
Hr wio COMP.RIRIENZRIE R AAIE S H K RILE A AE KR

1E FB15K ##li 4k I, % 2 (Ja—47)ion, TERK IR ALK E )y 2) AT I ZRuR 28 nT AR vk
A, BT = e ks E: TransECR %44k Hits@10 M TransE (1] 71.5%%2 =51 5%% 76.2%.

NT B AR TransECR FIPLF, AT FBISK BEAT T VEANRIVRAY, @it B w4k ik = e
kAT 5y2K: Easy 5 Hard LERHHGRRELHERR. — M= 04l (hrt), WRERKSEARM
FE s it Il ZREE A i) = e & B K, A IX AN = Ju bR id N Basy 7 ), 1X AN = o A id 8 Hard .
UEAh, ST v BAAE SRR () WA= T84 (hr,t) BARIC AL G R R IR AATEIXFE
A, M (hrt) ARG KR,

VEALE RN 2 fion. BATATLAER], 5 TransE #HLL, TransECR 7£ Hits@10 J5 T4 i # ay 1 A 7Y
ST A% R = eI RE, 7F Easy = o4l B3R T 4.2% (M 78.8%% 83.0%) 11 Hard = G4H FHR % T 2.5%
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(M 46.8%7%1] 9.3%) . M AEHE i B 22 (W AT5 AR 2 X Easy — o4, SEbr 3% 44 % R Easy — o4 Hits@10
BhNT 4%, M 71.3%88%F] 75.3%. “FHHE L Easy = o4l F A B, TAE Hard = o4l )
REAL. BiME2, SREW, EISGEESERETUEEREER, HFHASKAR =TSR
LW TransECR HiSZAERS HEFE H A AE T3 K B4R A (K 35k

Table 2. Detailed performances on FB15k of TranskE and TransECR (%)
% 2. TransE 0 TransECR 7£ FB15k | HII¥LAMERE

TransE TransECR
Ay
MR Hits@10 MR Hits@10

Easy 17.7 76.8 125 82.2
Hard 191.0 48.9 205.7 51.0
Easyw. COMP. 16.4 78.8 11.6 83.0
Easyw/o COMP. 21.6 71.3 16.0 75.3
Hard w. COMP. 208.1 46.8 212.2 49.3
Hard w/o COMP. 122.9 57.0 123.8 57.5
Overall 50.7 715 49.5 76.2

4.4. MFTEATMESER ST

TR PR e T R TN T B = e AP SR TR . N T B AT R AT A, TR
115 M BT S T4, BB (h, {11, },2) B2 (2,6, 1, ) ) R RS sl Sk

% 34T TransE AIFRATH TransECR fEL 3500 764160 TN 1 . TransECR figh i (3 K o
TN KR 21X, (A TransECR U414 % R I AE S, 00 7 ARREAORE (% Fent 41 4
KRMEST . BT, TransE ZEI BB MW, B4 BUK R HOR RS (RAE hor RS20
“Malaysia” 2. [ HIB B 1R/, FF A28 56 3R v, SR, 2B 4 T T 92 Taiwaan” T/ R S0 “ asia” -

Table 3. Examples of quadruples predictions of TransECR and TransE
%% 3. TransECR A TransE B4 7Y 7T.28 F5uM 7= 451

3ANEARIT h+ 1+ r, Sk

TransECR TranskE
h: malay southeast asia taiwan
ri: language/main country Malaysia southeast asia
ry:continent asia philippines
h: university of victoria victoria kelownar
ry:institution/campuses kurniaby toronato
ry:location/citytown kelownat ottawat
h: stargate atlantis Hawaii Scotland
riiregular TV appearance Scotland Hawaii
rp:nationality US.A. U.K.

N T BT E BRI T, JATE FBISK A T — 3T B DU e 2 B il e 4 o XAl 2
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ik A = TG 2 AR R A B A AN BR AR e FH T I R DU JC R B R 1) FRATIERTS T 1852 MDY T . Bk
SEUG 7 ZEFIHT T — R, AR T IX 4 Y 76 40 Sk a0

TEZIEAS P T, TransECR ) MR ¥ 113.0, Hits@10 4 69.4%, 1fi TransE f] MR 4 158.9, Hits@10
N 65.4%. ATATLLE R, BSRS89 T MERITERE, 7E Hits@10 J7 3RS 1 3%t
EFIHES MR L R2) 46, AHXHET T £2L 30%.

5. &g

ARICHEH T TransECR, —FuBi AR RoR 2 31 073, B H & K RIEAET R, DUB Sk
AR RN EMRGE S . N TR HA G RREE, RABRBAENZRF N T 5T BEA2 I 1E ) Ik 17
BRABAIIEENE, FHEAXRHAA KRR REA AT . BATAY TransECR 7E = oMU G4
BERETINX PI/ME S B TERE . SEIREs R, 5 TransE AHLL, TransECR SEB 1 5 1 etk .

KA, TATHIRZRE UL FHFF T W) 1) ARSI I 21 A 58 R 2 (8] IR A2 IR xQdk AT 22 2
RAZIAMREZ R RN Blan, m “AF” aTLUEEH “Lt” , (B2 3T eiEE HIX R m)
HERE . AT LUK — B i@ 48 0 Lo 38 gk A7 g g AT R R %2 ) o 2) TransE A —L847fg, {5l
TransH F TransR. AR TransECR [ EAEHAE S F, FATHIRZE K TransECR # /R BIx £etiiql, DA
T L b b BN R R R S R I R s .
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