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Representation Learning of Knowledge Graph Integrating Entity
Description and Entity Type

DU Wengian, LI Bicheng, WANG Rui
(School of Computer Science and Technology, Huaqiao University, Xiamen, Fujian 361021, China)

Abstract: Representation learning of knowledge graph aims to project entities and relations into continuous low-di-
mensional vector space. Most existing translation-based representation methods, such as TransE , TransH and TransR ,
usually utilize only triples of knowledge graph, and fail to deal with complex relationships such as one-to-many,
many-to-one, and many-to-many. To address this issue, this paper proposes a representation learning model of
knowledge graph integrating entity description and type, which is called TDT model. Firstly, the Doc2Vec model is
used to obtain the embedding of all entity descriptions. Secondly., treating the hierarchical types as projection matri-
ces for entities, the embedding of entity type information can be obtained via multiplying the projection matrix with
triple embedding. Finally, TDT model integrates the information of triple(T), entity description(D), and entity
type information(T) in a low-dimensional vector space. This paper evaluates TDT model via the experiments of link
prediction and triple classification on the real-world datasets. The results show that new method significantly outper-
forms other baselines, such as TransE, TransR. DKRL and SimplE etc.
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PRI I AR SR G 1S 3 . H RO 5 78 HE T A L uE
it 3 B B e {H U TE B A9 — oo A, AT OB PE DU AT 55
4 R “Raw” Fl“Filter”,

A FF TransEY, TransRY . DKRL?, TKRL®
AT T HE L, JFAE L TransE, TransR By 5 Ailf -
PR Rl A AR IR SRR KRR E 2 B SRR
FEFUNPEAN 25 R K 2 Frs , AR IR T A ay P
e SRR TN

R2 HETNXBER

Mean Rank Hits@10/ %
WIRS

Raw Filter Raw Filter
TransE 270 171 46.3 54.2
TransR 227 153 48.0 53.8
DKRL 181 90 49.6 60.3
TKRL 203 126 48.5 56.6
TDTEWD 222 137 47.8 55.7
TDTEWT 141 89 54.6 64.1
TDTE 127 70 66.6 73.6
TDTRWD 152 113 49.7 55.1
TDTRWT 146 68 54.9 67.2
TDTR 113 61 66.9 74.5

M 2 By g5 L, T LA DL 25 B
“Filter” Mk .

(1) ZRSCHE Y il A5 S A 1l R B SR A AU iy 3%
TN ) VA TR RE U O T RS AE 4R
TDTE.TDTR 7 MR il Hits@ 10 $6 %5 F , 45 2 44
#fF TransE fl TransR, B k¥ &, TDTR & &I
HIF R MR, TDTR 78 MR 4§ b5 54K, A4
F TransR BEK T 92; Hits@10 843 B & . IR T
TransR2E T 20.7% . XK b gh AR 0H , SER
AR AR DL B SR A S 0] DL TE — i B L 4 v B
U ARG B

(2) fEfTAHT TDT MR, 58 4 TDT #
MR TIE%E 4 TDT A, LI T TransE B9
TDTE.TDTEWD, TDTEWT # i, TDTE £ MR
FeAr B WIS T 67 #1197 Hits@10 #545 43
BT T 17.9 %M1 9.5 % 33X 7 MR 35 S A A 2 4
FERUNE T = A RS A e R R —
fEH

(3) fEET TDT MR e a2 S Bl 5
PR R A 38 T S5 MR 28 R — A A AT e R
TDTEWT LA J2 TDTRWT 76 W 4845 F 22 901y
#:F TDTEWD #1 TDTRWD, ixX & W 7E £ 422 75 il
55 SRR R R EMEREE.

(4) il G S A 2 A AR A7 8 AT B8 e SR A i 1 L
T, B Doc2Vec #5571 % 7R 4 &6 52 4K 4 b 1Y
TDTEWT AH# TALH #8435 5 i) i fil & 1) DKRL
BUS T8 i 45 5%, Hits@10 545 F#ETH T
3.8% Ui 52 3 = JT A A5 B X T 0 ok R 25
B

J T A2 R 0T FBISK | A ] 56 & A [
I S 24 7R B AR B 45 5L 7E Hits@ 10 AR 45 F #0003k 52
PR S BRBUE AN 3 Bis  BERh OE R IR
ARSI 2. B 3 i LA 6 T2 2%
KHR 1I-N.N-N LREH A TDTR LA
FE T Sk S A ST G b 3% B T T X e AR R
TDTE £ 1-N &R BT, W 2 52 M 52 56 wp 1 %
PG, XFRE KR N-1 LRI, TDTR FLAY
E TR S SR 1) S 56 v, AR B . X R B LG S
A IR e 26 7R AT e IR S R 3R /R Y BRI R B L A B T
HBEIRLR,

@  https://github.com/thunlp/TensorFlow-TransX
@  https://github.com/xrb92/DKRL
@  https://github.com/thunlp/ TKRL
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472 51.3
437 ’ 44.1 2.9
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Predicting Tail(Hits@10)

80.2
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955 g
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‘ 44 52
TE TDTR

TransEA D

2.7
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94.1
00 - 84.9 - 8.7 g
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70 66.7 621 677 »
60.8 s Msos 0 - 23
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@ 50 437 67
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19.7 203
20
- I | I
0 TransE TransR TransH Jointly DISTMULT  TranSparse ATE_E TransEA TDTE TDTR
u Predicting Tail(Hits@10) 101  mPredicting Tail(Hits@10) 1to N u Predicting Tail(Hits@10) Nto 1 Predicting Tail(Hits@10) N to N
K3 Hits@10 78K [l ¢ & 25 AR S P e 56 19 52 56 45
_ . R3 ZSRNEFEZHRILER
34 =mTAHHZE
J5 ¥ MR/ %
=IOCH 4 J S FI W 45 E = 0 A AR IE AR A — S 626
rans .
T AR SS . ESRE ] FBISK BdE A ok AN
2 TN — A ) 7 SR R B = oo ORI TransR 83.4
T AR KRB EAR MR E LR BEE o T — DKRL 86.3
ANZJCH hoar ) SR d (o) 135N T o, U TKRI 45 7
INRXA ZJn A O IE . = Jndl sy 2 SE IR 4
Mmz£ 3 frx, DISMULT, Complex., Analogy. Sim- DISMULT 80.8
plE.AutoKGE £ R T 3Cik[12]. Complex 81.8
MF 3 AT LI L, TDTE F1 TDTR A48 F %t Analogy 82.1
L SE e BRI AR TR AP R . 5 TransE A I, —_— "
TDTE #7 T 4.6%; TDTR I TransR 1 %4 & e :
T 5.3% . HHULFREA, flE ST IR S T AT 4 g S AutoKGE 82.7
MR B A B TR B AR A8 T T X He A HG A A TDTE 87.2
B, TDTE 5 TDTR B T 845 f 808, om 3L TDTR 487
TE = JCd 53 FAT 55 Th A .
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