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ABSTRACT

The node embedding technique for learning graph representation plays an important role
in obtaining good quality results in graph mining. Until now, representative node embedding
techniques have been studied for homogeneous graphs, and thus it is difficult to learn
knowledge graphs with unique meanings for each edge. To resolve this problem, the
conventional Triple2Vec technique builds an embedding model by learning a triple graph
having a node pair and an edge of the knowledge graph as one node. However, the Triple2
Vec embedding model has limitations in improving performance because it calculates the
relationship between triple nodes as a simple measure. Therefore, this paper proposes a
feature extraction technique based on a graph convolutional neural network to improve the
Triple2Vec embedding model. The proposed method extracts the neighborliness vector
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of the triple graph and learns the relationship between neighboring nodes for each node in
the triple graph. We proves that the embedding model applying the proposed method is
superior to the existing Triple2Vec model through category classification experiments using
DBLP, DBpedia, and IMDB datasets.
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(Figure 1) Knowledge Graph vs. Triple Knowledge Graph

Song, 2019 )& X3t = Ao Hi
S ov)shy A kel BA(4: Released Year,
Actor §)E Segtth A4 Tefrs )] ==
7F DN o)) 3RS Zhe BAo] Slrt whehA
A2 aejze] el W = 3F ovE
wal7] AAaiMe A4 g ze] =k RS
EfE JAow AgAsof gtk

EE A4 18 2(Triple Knowledge Graph)
=AY gz w=s A4 HAd uet
EYE g4 g AT THZEA,
B =g o8 0¥ EE auZelu 3

54 A4 wEg ol

(e

2
(Subject) = B, 8| =29 4 ARE 7}
2 === HAH(Object), 7+ =25 AZs)
= A2 B9 £A FRE AWehe o]
(Predicate)” &= T3t gkt o} 7]
A, ‘ol Frol of ‘R o Tk BAIE A
ot QAR AL F8AE A T FARE
74z 8ok, EEE wEe (Fro, ‘Eo

4
2
2
©
-
BN
Ll
L
N,
=)
e
mt)
_0|L
X,
<

S
lo

TA o7 F33t) <Figure 1(b)>+= <Figure
la)>5 EgE 1 =Za W3l 31084 A

2 agjzel e gy 7S EfE ()

Parasite, ReleasedYear, 2019; Snowpiercer,

Actor, Kang-ho Song) 5)= A TAlsta,

ZwE s BE o7 2o 7S A

$4E AR Qe

EZE gz A4 2zl vis) 2
Aths wilo] Stk ol 542
t e 285

ojth, EdlE 1dlX G,=(V,, E; w)E

il

N

2 wg F93%H) Triple2Vec wE

Ex

e

e o] A ey g8l 1Hao



70 F=dAANGE A A26H AI3E

71 913 ER)E w2 3 BAEE S5 7
O 7 FAIEE SATHISL 294 = 7t E
Y& a2z 25 FEskE Aotk &
o] & dudst7] AaiA = Hex7F gk A
A, 2PZE dMdetr] S TdE
a3 = 7 Z(Truncated Graph Walks)”} 2 &
atrH2l 1efEe] ARE 54 mEolA F
ate] AE S weprhe A, AR
& e wEE vk ERE ey 1t
Aol Fol8 72 w7t =&TE FAse] F
Zeith 39l e FE3 BRE Sgehe A
O]VJr TnpleZVec% F&3F A ZZ Skip-gram

2.1.3 Triple2Vec®] 3714

Triple2Vec #4 15 Egl& 1)
2 waete A4 ezd ga iy vl
S F=3t) o] # 3 Triple2Vecd] A ofo
Hoje A4 ez x4 on ARE A
A 3ol FRAZ 71l fr&atr 1eu
Triple2Veco] AH&-3l EE|E 28X =&
YA 74]1} W22 dﬂﬂ‘j E"“J s A

[kl

54 A3fo m LR
=o) v 2 BAF 4 WAz o)L
o= p7b A4 el 1A SEt
M, AN 2z EEE wES
71%o] 7] HEoltk, TripledVec E2l% =
E 4 (5.0 % (s.p,0) 7k S1E W, EAF

P =t
s o7} AHEE ERE wEE BUAOR 1|

o

)

e

tr

Ir

)
oo AR

5

S

L ow oo

offt e

>

= I
rr i{ﬂ
[V e >
o G
I L
ST e o
E
Lo =
F—E‘ lo F—?I‘T'
mg Ol
e ki
[L?l', oy 2 It
e
L)

[

[
ok
1o
a=)
e
oX
tlo
=
n)
o
N
[vio}

'~
o
(0
f
I

N
BHHHO{NW rﬂn—’
2
Z*\(io‘
O—'_‘
2 N
=%
S ow
g m
&D:og;
gﬂ—;
rloﬁ&
gz @

rirmmﬁ
oy & =
N[y

oA
[
=
L
of
>
B
r U
o
ok ol g 1o ox

2
ol
Lo
N
1o
%
fd
fe
=3
X
=,

EE =54 (s.p0) % (s.pp0)7F A&

) ThEAE SAEE dE] MA@
A el FAR A= (Cosine Similarity)
oltH15]. 3 At WA EFE wE o
AR olo] AANE Totstd ThEAE A
AL 5 gtk 3ol gARE EgE =
off Ab&¥ s} ool Aaglol ELE (p,p) =
TR TFE Al B e grew SAEE

Al T

M entertainment;
sold,
concert ticket

SM entertainment,
sold out,
concert ticket

(a)

LG electronics,
sold,
OLED TV

LG electronics,
sold out,
OLED TV

(b)

(Figure 2) Two Pairs of Triple Nodes
with the Same Predicate
Relationship



of| & E9, <Figure 2(a)>, <Figure 2(b)>+
EYE & A9 o] #AATE 27} ‘sold o
‘sold out' & FY3}rt 1 ERlE wEE
TS 9 0B AWEY, 7t e A2 AR
gE A#AS Al dE 59, <Figure 2
(@>9] EglE =t 2 s7F dd7|gAel
‘SM entertainment’©] 1, o+ ‘sold’ B+ ‘sold
out’¥ ‘concert ticket’o]t}. ©] - ‘concert
ticket & Vvl ojH] mjxl W&ol EoHE E
Y& Y wo] e =& d
ZIt}, 9k, <Figure 2(h)>9] EFE =& A2
s7F AAAES 9= t719 4 LG electronics’
o]il o= 719 MAAIFES! ‘OLED TV'E, %

< df kel wla] wjxE ShEo]
A JE =] FAI HY] ofH
b wo] WAE Ziete A 9

=
o EfE =R S HE d8dE

il

m
[d

[

[me

o,

-

L7
A

o

N
o,
=
B ogr WP
e
o,

N
By

= o
—

=

=)

¢

[\

<

8

o

o,

Gl

e

Z

oty

ol

o

0

of
0
X

)

T
o
of

3
- 1=
v rle
LN
B

{m
ik
|
[
hcy
[l
lo,
r
[
o)
NS
ofN
FTF
alSs
=
oll,

)y
o
(o}
ol
fins
L
in)
o
i
1o
R
oL
i)
o
QL
(d
U ot

i)
H
(o]
=
oL
Sl
Y
)
rlo
o
=
o,
F o
i
lo
oX.
olf
>

2.2 GCN

A3 A7 % (Convolutional Network)S
23] EAS FE8= CNN91S 5938 =17
o] AHE o] &3l AF AikS B3 aHe

fitl

B

12

o

I

i of
Lot

oy

ot

o mH

S A D e B |

S o8 EE Ay Tz g =2l AA 71

AAAF AAkS Hgsle 7]H GCN(Graph
Convolutional Network)[8] H=3F Q15 s ==
59 ARG FoFeto] 1z e] = QudE
FeBh GONS 1 ZE AH YL} 543
= x¥ste] FAw Ak Ttk
qE ARV V9 wEE 7K Oz

=
o & 59, =i 98 28 Z(Citation Graph)
=7t =S YERITHA, 543

FA7|0] A Fne] AT AN 5
, ERRE

548 235 AL 2 A4 dgze) 548
FEahe A2 drja £



72 A=AAANGE A A26H A3E

3.1 E2|E a=o| QIFA s

<Definition 1> 134 #E](Neighborliness
Vector)= E4 Eg]Z = tja] A% o

e A ARE A

glzo] e A gl = A
S g webd = 3P 8-S Fhetel)
AelME Ged] 54w o] wEE
ofshi= o] ohue, o] % ol Ao
¥ =Eg7H] shgeliof dth i E
Z weETh P AR ol E getafof o

S A )

#AE shefslop g,
wehA) 2 =Rl A GONS $44)9] 12

Aoz QAT ERE =EE

gtk GON2 29 5F

Akete EfE agjze] 94 WE 3%
71H 9] o}7| 8l 3= <Figure 3> 0% UERAT}H
At 7IHe] 94 vlolH = EYE 12

EfE wrms ol EE = ou o) mEEY Ui o
cE3 9 AR S B3 ovlehs vt #3e B 4L Fdornr 7 EIE =
g = EgE =9 on|E motaly) o thaf o] 3t pEI} Zh= TAY HFTS
AT B Y w25 o) FE FAH 3o &t
Input Convolutional Layer Predicate of
- N\ triple node

Conv—¥»| Conv

—»

N

. ]
>y ]
>, ]

Conv

|
Triple graph Triple graph
Adjacency || Feature Feature
Matrix A || Matrix F Matrix F,

(Figure 3) Neighborliness Vector Extraction Process of Triple Graph



(Algorithm 1) Algorithm of Generating
Feature Matrix of Triple
Graph

Input : Triple Graph G,

Output : Feature Matrix F

I G={V;.E.}

2: for all v=_(s,p,0) €V, do

3 let N(v) be a set of neighbor nodes of v

4 for all v =(s',p,0") =N(v) do
5 add p' to Pred, ;. (v)

6 end for

T if p not in Pred,,, then

8 add p to Pred,,,

9 end if

10:  end for

11: N = number of V,

12: P = number of Pred,,

13 let F be a new N X P matrix
14: for all v Vv, do
15: for all p, EPred,,, do

16: if p,EPred,,; . (v) then

number of p;EPred, iy (v)

L7 Retatedness (o p1) = o Predymger (0)

18: else

19: Relatedness (v, p;)= 0.0
20 end if

21: E, = Relatedness(v,p,)

22: end for

23: end for

24: return F
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(Table 1) Entity Categories of Datasets

ARG HEE o] &3 Bl A4 agzo guldg 2l il 75

DBLP DBpedia IMDB
category category category
1 Am.f icial Band Action
Intelligence
2 Information Book Adventure
Systems
3 Distributed Chemical Comedy
Computing Compound
4 Computer Flowering Crime
Software Plant
5 Computation Historic Drama
Theory Place
6 - OfficeHolder Family
7 - School Fantasy
8 - SoccerClub History
9 - TelevisionShow | Horror
10 - VideoGame Musical
11 - - Mystery
12 - - Romance
13 - - SciFi
14 - - Thriller
15 - - Western

(Table 2) Summary of Triple Graphs

Dataset DBLP DBpedia IMDB
Entity 3565 4329 1000
Edge Type 4 190 36
Triple 37141 | 38938 | 55,145
Triple Graph | o711 | 59983 | 30000
Node
Triple Graph| o o) gss | 950503 | 1395066
Edge
Class 5 10 15
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(Table 3) Performance of Classification Models Using Triple Graph Embedding

Classification Embedding Metric Datasetl_ Dataset?_ Dataset3_
Algorithm Model DBLP DBpedia IMDB
. Accuracy 0.38+0.00 0.51+0.00 0.67+0.00
Triple2Vec
Logistic Fl-score 0.55+0.00 0.55+0.00 0.78+0.01
Regression Weighted Accuracy 0.72+0.00 0.92+0.00 0.72:0.00
TripleZVec Fl-score 0.78+0.00 0.92+0.00 0.78+0.00
) Accuracy 0.38+0.00 0.70£0.00 0.85£0.04
Triple2Vec
SVM Fl-score 0.55+0.00 0.72+0.00 0.86+0.03
(RBE kernel) | Wejghted Accuracy 0.94+0.00 0.98+0.00 0.94+0.00
Triple2Vec Fl-score 0.94+0.00 0.98+0.00 0.94+0.00
) Accuracy 0.37+0.00 0.41+0.00 0.67+0.00
Triple2Vec
o Fl-score 0.53+0.00 0.45+0.00 0.79+0.00
Decision Tree
Weighted Accuracy 0.67+0.00 0.49+0.00 0.67+0.00
TripleZVec Fl-score 0.78+0.00 0.55+0.02 0.78+0.00
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(Table 3) Performance of Classification Models Using Triple Graph Embedding
(Continued)

Classification Embedding Metri Dataset]_ Dataset2_ Dataset3_
Algorithm Model e DBLP DBpedia IMDB
. Accuracy 0.30+0.00 0.61+0.00 0.76+0.04
Triple2Vec
Fl-score 0.31£0.00 0.62+0.00 0.80+0.02
Weighted Accuracy 0.89+0.00 0.95+0.00 0.89+0.00
Triple2Vec Fl-score 0.90+0.00 0.95+0.00 0.90+0.00
. Accuracy 0.37£0.00 0.43+0.00 0.35£0.09
Triple2Vec
Neive B Fl-score 0.48+0.00 0.45+0.00 0.29+0.11
aive Bayes
v Weighted Accuracy 0.72+0.00 0.88+0.01 0.72%0.00
Triple2Vec F1-score 0.7620.01 0.88+0.01 0.7620.01
TV, Accuracy 0.36+0.00 0.69+0.00 0.76+0.01
N nplesvee Fl-score 045000 0.71£0.00 081000
andom Fores
Weighted Accuracy 0.86+0.00 0.97+0.00 0.86+0.00
Triple2Vec F1-score 0.87+0.00 0.97+0.00 0.87£0.00
. Accuracy 0.37+0.00 0.67+0.00 0.76+0.01
Triple2Vec
AdaBoost Fl-score 0.52+0.00 0.69+0.00 0.80+0.01
00S
Weighted Accuracy 0.85+0.00 0.94+0.00 0.85+0.00
Triple2Vec Fl-score 0.860.00 0.94+0.00 0.86+0.00
<Figure 4(a)>+ DBLP Eg|& 129 DBLP E&]& 13322 Weighted Triple2Vec
Triple2Vec QWY 29S <Figure 4(b)>+ ey 2dS t-SNE 7|HS AF&-3te] 2214

30

20

10

-30

30 20 1o 0 10 20 30 -80 60 40 -20 0 20 40 60 80
(a) Triple2Vec (b) Weighted Triple2Vec

(Figure 4) t-SNE based Visualization for Triple2Vec and Weighted Triple2Vec
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