CERUE T (= Hl ¥ B[ Vol. 44 No. 8
2021 4F 8 CHINESE JOURNAL OF COMPUTERS Aug. 2021

InterTris: = T X BRI TUIH IR EIE R TE S

Ko R

PEANRK¥AEFELEBE dbat 100872)

M OE NSRBI B HF Y R R R BT A I SR AR S — S0 AR BRI RUE S 5 TR X I SE A
S M A S AR T 2 IR BB AR AT AR T Ok BT B S S 0 P i SRR 6 RARAE LU S LB
SR, T — B W EAZ I AT MRS T 5 it 735 TR A5 5 10 3R B i o BUE TE 5. B S R R 22 )
AR DA T A BT R B G R R 2 > B AR BUAR KR e R 40 1 T B0 AN [) T LOKE 0 R 3 Sl 2 g il T 453
R 58 U PR C A 7R 2 > B 22 1 7] 380 0 4503k by 2 o L 7 380 D 4005 ) R A 50 B AT SR E. 0 R f S S 4 T 5
FH B 5E IR 02 T WG BT P 50 0 A PR A AR e A AT T PR 43 R0 2 T Tl R, AR SC LAATG B 3t 20 LR % A
FHIE 24T D9 AR B S B BEAT T 8008 45 AL 20 A » e B 8 450 R 1 9 9 4 R A S A5 3 TR ] ELAS
[ 4504 2 (6] 14 23 A1t 48 7 405 . BT LA FRATT DA LU RSO0 20 A7 B il S 0 o R VB 3 R0 R P A A O SR R Y AR R
i« A= ST L A R E 0 3k S 1A 56 AR R S MR 2 (] A 52 B AR R BEAT T SR 0 LA B2 i Inter Tris REAY. [] i, 2
T G 28 FE R % Kinship (A 1 900 B A B AR AR ES VRUAE 5 9080 R0 A0 8 3 R R AT A A Liveln
R 7 55 Bk 0 FH P T 2R AT S AR B IS FE AR UserAct 6 P04 $odfe 48 L LUES 73 5000 10 6 450 150 B R 20 5 45 B Of Sk
2 o 3 3 B U AN = ST 7 P AL S 38 AS SC A B Inter Tris 70 PU A K040 56 1 AR HOCR: T 288 1A f3 (10 A9 8RS8 40k W]
TR = ICLHRL B AT A8 A B A A PR

KB PR R on o > R E GG =0 ACH s R B = Jn e
HmEESES TPIS DOI S 10.11897/SP.]. 1016. 2021. 01535

InterTris: Specific Domain Knowledge Graph Representation Learning by
Interaction Among Triple Elements

ZHANG Yi MENG Xiao-Feng
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Abstract In the Big Data Era, new things are constantly arising and the connections among
things are also constantly enriched, plenty of new technologies were born. As one of them, the
emerging knowledge graph aims to describe entities or concepts in the real world and the connections
among them. Different from traditional ways, it is a new organization, management and
application way for large-scale data. So far, knowledge graph has played an important role in
knowledge question answering, recommendation system, machine translation and so forth. To
achieve further value mining from knowledge graph via computing, it is necessary to make full use
of data mining technologies like machine learning, whose input are mainly numerals. However,
based on the real world, elements in knowledge graph are all represented in symbolized form. So,
the original symbolized representation needed to be converted into numerical one. This is the
reason why knowledge graph representation learning was born. Up to now, after development of

nearly 10 years, knowledge graph representation learning has made great progress, including
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translation models, composition models and neural network models. According to the application
YAGO,

WikiData, DBpedia and Nell are all open domain ones. As for the specific domain, they focus on

domain, knowledge graph can be divided into open and specific domain. Freebase,
scientific research, e-commerce and so on. Based on open domain knowledge graph, the existing
representation learning models are constructed and verified. On the one hand, semantics in
specific domains are more concentrated. It has different data distribution from the open domain,
especially in given application. On the other hand, the existing models are constructed based on
particular data features. So they rely on the given data features a lot, preventing further
applications. Therefore, if applied in specific domains, these models will be challenged by new
data distributions. To deal with the knowledge graph representation learning problem in specific
domains, taking the habitat knowledge graph and the customers behaviors knowledge graph as
examples, we analyzed their features and found that there exist differences not only between open
and specific domain but also among various specific domains. Therefore, from the perspective of
more abstract than data distribution, based on the semantic connection construction essence of
knowledge graph, this paper took a triplet as the granularity. At the same time, to make sure the
features completion, considering the fact that any element among head entity, relation and tail
entity is affected by the other two, this paper put forward InterTris by modeling the interaction
among head entity, relation and tail entity. After that, taking some better translation and
composition models as baselines, based on the public knowledge graph Kinship in genealogy, the
enzyme knowledge graph sample ES in microbiology, the habitat knowledge graph sample Liveln
in microbiology, and the consumer behaviors knowledge graph sample UserAct in e-commerce,
this paper carried out two experimental tasks, i.e. link prediction and triplets classification.
Although not constructed for given data features, these experiments showed that InterTris has
the best overall effect, proving the necessity and rationality of the triplet granularity and the
interaction modeling.

Keywords knowledge graph; representation learning; specific domain knowledge graph; interaction

among triple elements; link prediction; triplets classification
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BEAC AL, [R] I L 2% R ) B S B b Sk SRR O R
& SE MR =3 h AT — R 2 A i 52 21 55 A T
R FATE T =038 B 1 B A A5 L L I
T3 AL T = o0 52 B HR B % 3R R o7 o) AR
InterTris.

3.2 A%

T O L@ Inter Tris A, AT X I 5
FHOCAN S HEAT B3k —J7 0, 2 ARV U 2R 07
2 AL HE 45 5% o8 KL 2 BSOSk D AR A B v A
T3 — 7 T AR T B U 2507 =X DU TR A
I BRI Rt 72

R4 S 4k s > =J0H . % « > =J04
JeChisriot) G=1,,9). A =TT A R v
=1, ) 4 yi= 1M =8 M7 sy = 0. )
ZICH AT A AL B S OC A R B A A
AL R B AT B SE  t T A SRR A 1
A B G LK HLR T bern'™ 5 ik 4T 671
Bl HE . Z B LAk A bern J5 % . 02 B O LR AR TR
A . BACRFES R AT 15 % X T Em
KA r R Sk SR Y ) R SRR E ph
DL 8 S 1A 1 3 e 1) Sk AR B H hpes S8R LA
tph/ (e ph~+hpt) HZHROE SCAAESFRAE L BIA il 541
I, P G S A o Sk S AR A R 02 e ph/ (eph -
hpt) s B fe )8 AR IR 3 0% hpt/ (eph+hpo).

53 F margin fY ranking loss BREUAH b, Liu
e NPV R AL T sigmoid 1Y logistic 1 45 bR B0
I PR A SCE SLINTR Y sigmoid BRER

Joa fChort)<<—cutoff

1, f(harvt)>cut()ff (1)

o=
ll—Fexp(lf(h,r,t))’Em
o, cutoff € (0, +c0) K FE. 1 T sigmoid &
B 78 IRy (— oo, +00) AHI R (0.1 5 HF 748 &
BN BT T 0. e 2 W I 1. Sy B ak A
I 2 o Aty 7 R AR 5 A L AR SO 3 T I
{8 cutoffINRHY fCh,r,t) KT cutoff B}, W 4 5
sigmoid BT H Z G WAE N 1, % /N T — cutoff s
NSRS 0. PR J5E AT 19 3% 2 sigmoid p& B
2D F R 10 53 B R B 5 T I A SR 45 2K R ECH
L= min > (y,(ogs(f(h.r.t))) +

(h,r,t) €S

(1 =y log(l —o(fCh,r,t)))) (5
O G 2 B0 I A R i S 46 R L AR SCAE S8

55 v, X BT A 1) 2E AT B AL 4G Ak [ B R
T K] I A BT A I 2% 8 B AR 7 S B R R
3R . InterTris SR A T 3 F AdaGrad™, B o i3 iR 19
mini-batch SGD fit fL 5 1. B4R SGD #1 AdaGrad
HBE S I e 2 U B4 R 2 TR A I IR SI0H B B R TR
I AR SO 5256 R FH T 35 F Hogwild 1Y [ 3R 17
AT VEHE S, IR AT R EOh 32, BARIFAT b P 25
SR B 2SI 25 R AR IR 2ETE AT 2 B Z . T
it AdaGrad i J& Hogwild!, iX 7§ 4~ Il 25 % 4B
SR T A ST R BEARHE UAR.

WEL 1R Inter Tris W1 2500 18 £ 240 45
= AT R AR 5B 2~ 13 1T RSB G
ACER 3 3 26 14~29 17 ) 452U 2k AR 7. a4 Y 2%
AR 43 B 1 2 3 3 BE AL Al A A5 2% Y mini-
batch %45 4 ; K )5 52 T bern SR A Jy %45 2 A 1 11
] 5 42 5 AR R X (5D P 2k R B AT S BRI
S e R T RSB T AR S RO R o8 U R HE X
B 5 o e AT IE AR BPES 21~28 17

&£ 1. InterTris Y42,

1. AU GRERE A= (Chor, ) )53k SEREES H 6
FEA R BLEES T FEH cutoff 3 K LR R
SR PR T SC 1h] g RS 1) o 2 38O a.

2. W1 AL h<uni form ( :

_—,—
n n

) FOR EACH h€ H

3. r<—uniform(*%,%) FOR EACH r€R
4. t«umform(—%,%) FOR EACH ( €T
5. h,,euniform<*%,%) FOR EACH h€ H
6. ry<uniform(——,-) FOR EACH r €R
7. ty<uniform( =L ) FOR EACH 1 €T

8. h<h/| k| FOREACHh € H
9. r<r/|lr| FOR EACH r €R
10. t<t/|t] FOREACH: €T
11.  h,<h,/ |l h, || FOR EACH h € H
12.  r,<r,/ | r, || FOREACH r €R
13.  t,<t,/|lt, || FOREACH: €T
14. LOOP
15. Apuer <sample(A,b)

//BERLHRE A o A = ondl R AR
16, Tuuan<=0//W 4k =040 B IE BN B &
17. FOR <(h,r.t) € Ay DO
18. W syt y<—sample(Aly., .0

//HET bern J5 B AibAE Az 5L 4]

19.  END FOR
20, BT SR R BCE BT S A R AR 1 A B
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min >, (y,(logo(f(h,rs0))+(1—y,) *

(h.r.yeS

log(1—o( f(hsrst))))
21.  FOR/¢€ H,R,T in Ty DO
//IE AR SO R 55 1) A

22. IF || ¢]| >1 THEN
23, </ ) e
IR TR <15 el <15 [l e] <1

24. END IF
25. IF || ¢, | >1 THEN
26. <=0,/ 11¢, |

IERAT N R, | <15 e, | <15 2, | <1
27. END IF

28. END FOR
29. END LOOP

3.3 ERESH

HY T A S5 B o R o A TR A AR R g T LA
AN LT E A B XS Inter Tris A58 19 &2 2%
HEAT A, X BB I ] 52 2% 5 4 — R I g ad R T A
T A 3R OB s i 25 () 52 24 BE W 418 2 JORCRE. AR
P50 E LANR - NONCFEN, 73 50 48 U 2 v =t
Y R MR ECE sm 2 SR 1 i 2B T g
] 2 5 2R Y o o 4 R AR AL A R R L s SRR TR R
DY B0 A6 i 28 ) 45 B B R e 08 BGUREJZ A 1Y A
B0 T e B B b ) TranSparse 1M 5 » 0., 278 BT
AT W S5 A Sk 552 A D 2 S5 T N 1 744 2K ke S
LD i 1L B8 A X4 L. 4% f 1) A0 2 [ 52 4% 2
FEILZ 2.

R2 BEBESZEXNLILSH

LR B[] &2 2 23 8] 52 % B
TransEM?) O(N) O(N.m+ N,n)(m=n)
TransHE2H O2mN) O(N,m+2N,n)(m=n)
TransR[?2! O2mnN) O(N,m+N,(m+1)n)

TransD23] O2nN) O2N.m+2N,n)
OC2(1=0ueg)mnN) OCNn+2N,(1—0u) Gm+1)0)

o)
TranSparse (0L B =1) (0L e =1

DistMult[28! O2mN) O(N,m+Nn?) (m=n)
HolE?9] OCmlog(m) N) O(N,m+N,n)(m=n)
Complex3%] OUmN) O(N,m+N,n)(m=n)
ANALOGYEU O(3mN) O(N,m+N,n)(m=n)
SME jinear 32 O(4mkN) O(N,m+ N,n+4mk—+4k) (m=n)
SMEjitinear 32! O(4mksN) O(N.m+ N, +4dmks+4k) (m=n)
SLML27] OC(2mk+E)N)  O(N,n~+N,(2k+2nk)) (m=n)
NTN] OCC(m®+m)s+ O(N,m~+ N, (n?s+2ns+2s)
2mk+k)N) (m=n)
InterTris O2nN) O2Nm+2N,n)(m=n)

3R 2 R, AHDG T e W S A, B s A R 1Y)
At (8] #0125 8] &2 2% B 4 i, Hi ., TransR Al TranSparse
W% &=, M TransE,TransH Fl TransD iX JL/M 5 A A

A X AR TR R 8 T HL A R B R R TransE.
2l A RS R i) R & 4% B i R DistMult. HolE,
Complex Fl ANALOGY I )5 » 548 fin Ji5 ok 2L, 1
ANALOGY HyBf[a] 5 2% BEAK IH 5 T DistMult; =3
6] 52 % R B L X JAE AL ] L4y o8 DistMult Al
BRI K B E N O(N,m +FN.22) (m=n), L5 #H
M) OCN,m+N,n) (m=n) 5 5. X T i 28 X 45 1 Al
15 JOIE Je: e [B) 52 2% BE 3 2 25 (i) & 2% 2 B AT 1R 4%
BB SMEc0r « SMEiineer « SLM 3] NTN PRI , 8
R . A Y Inter Tris 45578 76 B 8] 7145 0] &2 2% &
5 TransD #H24. H L, 5 C A B AH L, Inter Tris
TE A 2% BE 5 T 1) e B 4y

4 LWERRESH

5 NTNZ AL, LT i A5 b 2 ) 246 455 78 4 7
B AR 2 280, A O 8 w1 5 A T 5 ks
JE S SR BT LA X BB G A XS B L R T
P LLESE I 5 A S L RL AN 4 > 45 85 R AR Oy
2k (baseline) ;= A= P 17 X He 52 56, Ho o, /7 % 40 45
TransEM? | TransH™" | TransR% ., TransD™! #
TranSparse®’; J5 # 4 # DistMult™®! | HolE* |
Complex" I FIANALOGY"™!Y. E & 1) 52 16 (T 45 35
Lo 7 TR R T4 s
4.1 LIHE

Ry Tk, 3 T = o4 R EE  Inter Tris X 3k 52
R R IR =& Z MW S BLEAT T 7850 A
AT DA G fige e o 0310 R0 TR RT3 2R R 2 ) ] AL
T K5 Inter Tris 78 A [a] S50 50 7 &3 o %) 1
RO 33X FB 43 52 o 50 4 A0 468 58305 4R 2 2L R
Pl 3% Kinshipt'™' | fif A= 9y 450 38 1) il 0 150 181 3% A A
ESS G2k P 4558 04 106 8, Hb BT E FE AR Liveln
FHL Y 55 S0k P I8 2R AT D 0 IR 3 AR A
UserAct.

Bordes'" FEf 7 FB15k F1 FBIM I, &8 T &
ISR T AE = TG A AR 3R ATl AR TR A 3] T 4T Y
Y5 AR TCE 5050 U B A Bl SR B R o . o
3k A X R ] A, A SO T R BB ML AL T
A ) R A S b R B S A AR Liveln FlHL Ry
S5 S P I 9 AT o AR B g A A UserAct, B
T 2 RS B — R S A S HOE I = e 4 5 AR
S EAT AT B LAY 5 B a2 B S B A P AL
Pt — W S AR K X = ot 4. Kinship, ES,
Liveln 1 UserAct i ARG 115 B ANZE 3 AR,
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£3 ZBRBEHIHER

Bt #XA #%k #%%E 2RUEE WK
Kinship 25 104 6411 2137 2138
ES 10 57066 155417 5000 5000
Liveln 1 45877 150000 5120 5144
UserAct 6 4233 144843 6000 6000

4.2 gEEET

BB UM 4G O A Sk (R SEAR AN OC & I R
CROFR. A SCB A HE R BN, 5 C A FRR eI 15
TS AL AR S PR HE R AL TG raw BT file BFD
15 0L T 1 Mean Rank F1 Hit @k (%), 14 55 . 25 e I
IR = e 3k LR L DG R EiR SR AT B i 1k =
JCHA s HOUR L 4% B EH bR bR B0 Bk = o0 A1 4S50 s B
J&i o FE AR50 X = ST AL AT oL W] R 0 R Y HES.
0 I EE AT OCE HE 0 R X IE B B IE B = T4l
(0LE. T A = JC 4 W & V- {H A Mean Rank ,
Al kAN = AL 4 1 350 Hit @k (Y0). {H 25K
05 R84 2 A 45 I 2 4R 3 ik A AR L G R ik =
JCH AL Tk AR P I n = on s 2
FEOEM =T HE T SIS, LA raw 1 file
R DX 38 B I A R AR DL

A F Kinship.ES, Liveln #l UserAct 1 f{ & &
Byl J& 25,101 F1 6, Fr L, BR T Liveln ANifi47 56
R Z 4b ., Kinship ¢ R I Hit @k H & Ny
10,ES il UserAct RN E Hir@k & K 1.

SCHR L35 ] 95 56 84 45 & Kinship A1 ES, H7E
SIS AR R BT AR A Y i A SRR 4 B R
20. Ky By 1k 4 BE A [F] 47 > i 2% » Inter Tris dL7E 20 4

oz b7 =, 1T AdaGrad, Inter Tris [ 2%
2R 0. 1 e RIINGREEER 1000, P8 240 [ oy 2% )
WA 7€ {0.1,0.01,0. 001}, il MR n€
{3,4,5,6). & 4% 18 2. A SCHH 3 Kinship 1 %
SH y=0.001,n=5;ES i Z % y=0.001,
n==,.

Liveln fl UserAct & 4 SCAH 11 B8 4. 5256
F1, 5T AdaGrad B3, Inter Tris 222 %4 0. 1, B
RINGREEECH 1000, P8 S HE W 4E B k€ (20,100,
150,200} , %% 2] g R y € {0.1,0.01,0. 001,
0.0001} , B4 n€ (3,4,5,6). il MigHEE,
53] Liveln i &8N £=200.7=0. 0001, n=14;
UserAct i Z% N k=150,y=0.1,n=3.

WHTFr A, Liveln 1 UserAct 35 38 1 {7 2856 A1
A DA S B 50 A0 v it A B A2 IS SR A R A BB 4
TR Hir@k 2y 0 84T 0. SEE 45 R g LA« —7
Fon. MAh X T A4 DS BIE LT E L IOHLES SR Y RO
AHI S35 45 0 T A B AR B AL,

e 4 R HET G A IR B3 Kinship (955
PO EE R, BR T Sk AR TN raw 1§ &L F 1 Hir@10
. ANALOGY #EAUMIE 1. 9 A 43 S 2 4b . Inter Tris
EH B AR R . 5 raw ML,
filt FEARBCE FRIC R LS K 520k O R FR L4
HE24 0 i M B 17 22 BT A R T A Y i B X
G2 TS bR g T H O AN 2 R R TE A ) = e i DA
Sile LT B 250 45 R H 2% 5% 0, B InterTris
A AR B S  F rhak B ds .

* 4 HF Kinship fy TN & R

3 S A T FE LR T KR T
Y Mean Rank Hit@10 (%) Mean Rank Hit@10 (%) Mean Rank Hit@10 (%)
raw filt raw filt raw filt raw filt raw filt raw filt
TransEM?] 23 19 40. 2 51.3 27 21 33.6 46.0 5 5 84. 8 84. 8
TransH2 20 16 42.9 56. 1 22 17 35.5 53.3 4 4 91. 4 91. 4
TransR[?2) 14 9 52.0 76.1 16 10 44.7 72.1 3 3 94. 3 94. 3
TransD(23) 15 8 51.5 65. 2 13 12 45.9 64. 4 3 3 92.7 92.7
TranSparsel2t) 9 5 69. 4 90. 2 11 5 57.7 88.5 2 2 98. 4 98. 4
DistMult-28] 16 8 65. 6 88.7 12 6 51. 6 84. 6 2 2 98. 6 98. 8
HolEL2] 14 7 66. 6 87.3 15 7 56.3 88.6 3 3 97. 6 97.6
Complex[30] 11 6 71.1 88. 8 13 6 56.3 86. 3 2 2 98. 4 98. 4
ANALOGYE 10 4 74.1 88.9 12 5 57. 4 87. 4 2 2 98.3 98.3
InterTris 8 3 72.2 95.9 10 3 58.9 95.6 1 1 99.1 99. 4

5 AL T U VB R B TR AR AR ES i sk 4
T2 E 5 NEAR FoRF L AT SR SRR R
WIS s raw 1 file (85K A3 M. H 2 JE 47 R
SR A, raww Mean Rank 3T 600,10 filt 2
JE R R AT AR 4. R SR 0 1) Hir @10 4

AR O BAR HL, rawo 15 00T 8945 R B AET
1020510 file Z J5 W45 3 2w LIk 3] 902 KL E.
IR raw R file PR DL B9 X0 AE T2 5 A
TN 25 AR A B T U0 2R L gk 4R A LA B il
B = 0. 5 3k SE PRI 5 2 B — A R S A T
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A, e B 3 A A e Xt S H bR R S AR Y FT B
P HEATHER . (B & ES 1Y B 52 R 7 52 1 b o 4
KRR 4. iy HLAH [R) 4 Sk 52 4R R0 06 & AT RE & 45 T L
T EJ7 A B SEARTL BT LA AE B R SR R, B
AR REMBRC I = e AT F T raw
HU file WIFPIE B0 T BE B2 WO 45 SR 2= L K,
HHEERAAM W, Inter Tris 76 file 15 00 F 09 fr A

B Bl HATE R R R raw Hit
@k WE TR T RALER. B 2. BT file fabr
TR A 52 B OO B DAL TS T B S N AL B
J& »InterTris () filt $8 HRBEAR » raw % 2% Ut W 7E Jit
G i e X 52 HE P H . B AR 6 4 2R BE X R
Z B IE WA B, 3 B InterTris XF € A $0 38 19 $L & fE
IR TS

5 ETESHEEMNER
3k S A T FE S R KA T
i) Mean Rank Hit@10 (%) Mean Rank Hit@10 (%) Mean Rank Hit@l (%)
raw filt raw filt raw filt raw filt raw filt raw filt
TransEM?] 21 18 84.7 85.9 2531 1929 5.7 28.5 1 1 92.1 92.1
TransH?! 25 22 86. 6 87.4 1726 1114 5.4 49.6 1 1 93.5 93.5
TransRE?? 26 24 89.0 90. 0 820 202 5.2 36. 8 1 1 98.3 98.3
TransD(23] 38 35 96. 2 96.5 728 137 7.3 76. 1 1 1 92. 4 93.7
TranSparse 24 14 11 95.2 95.7 731 117 7.0 50. 6 1 1 94. 6 94. 6
DistMultt28] 52 49 93.9 94. 2 758 130 7.8 82.3 1 1 98. 4 98.7
HolE] 17 11 94. 2 96. 4 732 124 9.0 83.0 1 1 99. 5 99. 8
Complex[30] 29 26 94.0 94.1 741 128 8.6 83.9 1 1 99.6 99. 7
ANALOGY3Y 16 13 94.5 94.7 735 126 8.9 84.8 1 1 99.9 99.9
InterTris 4 1 97.1 99.5 607 4 8.5 91.1 1 1 99. 8 100. 0

6 2 B TR W ST BT B, b TR R O R A
Liveln ff 5 4 TN 25 8. 1555 Inter Tris B AR K I i
. BoAE Sk SE R B filt Mean Rank F1 Hit @10
DL R R SR () Mean Rank FikE| it H Mean
Rank {855 2 7] IR AR RUIE 30, H ik, DistMult 7£
K SEAR T ) raw Mean Rank FikE| T el X &
Kk DistMult fiff f 1] 5 B 3k B SER R G R =
B2 BT T8 W EHERES
TransE AH S H AR B AP RN Z —. Z B LKA
InterTris 4, f& R A HAE A B h AU 8 Tk 2
SRR R = HZ E L H IR F & ITTR G
SXAE B fe)a » TransD 7€ B SR WM Y Hir @10 1
KB T R 3 R A0 Sy Sk SRR 6 R RN R S
VKL T 18 SCORT R S ) o, HLOEEAR T SR - R AL
HAHBE TR L TIR . RRMBLR KR =HZ
6] 1 = JC 28 H.#EAT 78 43 @A, BT L), TransDAE H

% 6 EHT Liveln fysEmN 4R
3 5 A T FE SR H

il Mean Rank  Hit@10 (%)  Mean Rank Hit@10 (%)
raw  filt  raw  filt raw  filt  raw  filt
TransE™™ 11536 10813 0.3 0.5 10026 9991 0.3 0.3
TransH™' 22737 22204 22574 22542
TransR™) 24989 24420 — — 14252 14219 0.4 0.4
TransD®! 16818 16204 0.3 0.4 898 865 8.8 9.7
TranSparse" 22958 22423 — — 21720 21688 — —
DistMult'®’ 8180 7216 1.5 1.6 688 648 6.3 7.4
HolE™ 8595 7627 1.6 2.1 1521 1481 2.8 3.8
Complex™ 8336 7374 1.8 2.0 947 902 3.7 4.5
ANALOGY"™! 8442 7460 1.9 2.1 941 984 5.4 6.2
InterTris 8249 7210 2.6 3.4 673 618 5.8 7.3

Efetr LT InterTris.

HIE , Inter Tris 1 PR AE Z B DL R B, £ %
FLHEPIA LA < 26— HE o Sk SR OC &R R SR O
SR A T SO S ] i 43 o TR SCAE LRI AC
AR L HOA S SR SR O R R S ik = v
AR AT Ar] — >R 2= 5] I 52 2 55 A8 A B9 2R A2 =t
PR ST = A HL N STy

T RIET R RS S PO AT o AR E
TEREA UserAct (14 4% W0 45 K. & %, 5 Liveln
F L, UserAct B3 AR Mean Rank 4%, Hit @k W1
A5 1 & 3 2 IR A UserAct 1 85 95 5 06 4 6 %,
JUT Fi A A B AR 45 3 1 8 4 i U 2R G
UserAct M N A - Inter Tris 15 3k B S A
file W, L 2T Hir@10 845 b, ¥k 3 T &%
L. B H 5 2 Complex £ 8Y, HAE & SEAK Y file
Mean Rank Flraw Hit@10 FiE3) T &6, &5 . 1F
HEAT Sk R SR T I, 2H G B R 0 RUCR AR T 4
B, HAE G FR B P TransD H1 0 32 B 4F 19,
X PR AR G R v R T IR - KRR AL
B, BLARSR I WU IS Sk R SR E O R A G

G BRI A5 FRATT AT L B h B T
FE45 10 5 - T AE = oo dlhi B B 2% 08 T iR B g %R
A 2 [R) 5 R B 38 R R Sk SRR L G R R R =
B Z A AT T A A AR D DR UE AR AE il HCE A
P Inter Tris RS AT LR Ff 5 40008040 4 3R B
AL R AR .



8 M sk 5% InterTris: = 7058 H. 19408 A PR3 22 m 2 1545
R T ETF UserAct BTN E R
S S AR T & S A T KA T
FE Mean Rank Hit@10 (%) Mean Rank Hit@10 (%) Mean Rank Hit@10 (%)
raw filt raw filt raw filt raw filt raw filt raw filt
TransE!?] 2106 1693 0.4 0.4 2033 2025 0.4 0.4 4 3 19.7 25.2
TransH2L 2134 1699 0.3 0.3 1908 1899 0.1 0.1 3 3 12.9 20. 9
TransR[22) 2135 1704 0.1 0.1 1440 1431 0.5 0.6 3 3 15. 2 22.4
TransD!2%] 1681 1241 0.3 0.4 133 124 10. 5 12.8 2 1 43.3 96. 4
TranSparsel?t) 2109 1681 0.4 0.4 2037 2028 3 2 21.3 30. 8
DistMult-28] 989 172 47.1 46 30 13.7 86.7 3 1 4.3 94. 5
HolE29] 925 396 0.1 1.0 41 30 3.9 14. 6 3 3 29. 4 29. 4
Complex[30] 946 174 48. 8 43 28 19.5 86. 6 2 1 11. 2 94. 5
ANALOGY3 988 171 — 50. 2 48 32 13.1 85.5 3 1 4.3 93.8
InterTris 946 158 52.9 54 39 18.6 87.6 2 1 10.0 93. 8
4.3 =mhHNZE HERf A U HZ ES Hudla % Inter Tris A9 HERH 8 L4
=ICHA KT T AR = el R B 5 2 T4 TranSparse & | 17.69%. {H 2. 5t InterTris
AT TAE B ARSI A A MR Caceuracy). BURLTT 7  HCAE Kinship E RS T H ES 845 195050

5555 2 W0 AR 55 25 0, B T Kinship 1 ES,
Inter Tris i fix A 23RN 45 20, & I 252 4K
R 2E 2] 3001, e RN ZRFEE 1000, I8 240 [l oy 2
Qiﬁfﬂé%‘é& y€{0.1,0.01,0. 001}, 74 nE

{3,4,5,6}. i i W% 38 R, A A% F] Kinship 195
ﬁvﬁ}éﬁtﬁ y=0.0l.n=5;ESHmMLSEN y=
0.001.,7n=3.

T Liveln 1 UserAct, InterTris Y| S5 N
2] 30, 1 M R INZREE £ 1000, I8 295 [ O ) &
HEPE RE (20,100,150,200} , 2% 3 REWH R v €
{0.1,0.01,0.001,0.0001}, A% neE {3,4,5,
6. 38 5oF 9 % 38 2%, Liveln M9 F I8 2 50k k= 200,
¥y=0.0001,7n="5; UserAct WL =% N =50,
y=0.1,n=6.

6 J& = e o S ny L g 45 2R o IR 2 K G
I 2 F 0 R B 3 Kinship, i & Gl AR 4 400558 1 it
HREEFE A ES, Inter Tris & B AR 35 3] 1 45 & 1Y

100
.
'\.>Q<./.7'
90t n
\ L
% 70 /A‘A\
&
60
B * —e— Kinship
S50F —a—ES
—a—Liveln
0 1 1 1 1 1 1 1 7*7U%er/\ct
&P LT *Q“
R L RN O
ANPGRS 'ﬁ‘&@\ SR &
g P
6 Z=JCHIPELIMAE R

RHOR. X 2N TE ES Bl 4 L A SR TE I 25 4
SR H P T 155417/57066==3 YK ; 7£ Kinship ¢
AR b BRI R B0 2 FURE L /Dy H 2 SR 1Y
B I BORT DL E) 6411/104~=61 k. Ll 2 i,
ES By %8 ML B KL B Kinship 21 B %. T %
JEE L IR R R IR =0 R Z M 7840 2 1.
InterTris 7£ Kinship %0454 I (%) %508 8 47

Xf T A SCH 3 B B 4 Liveln Fl UserAct 1
& »InterTris WHARA S T el AR 4390 79. 21%
F198.24%. 5 UserAct #H I, Liveln By = J04 43 2%
S5 R 3 AR X & O Liveln (8 804k 73 A 482 Wi
Gi > JLT- i A AR R R A B e 4 U k. A L2 R L 4]
BRI =0 7 AR S Inter Tris 45230 . 10 5% 4
TR 1 2005 WA TR . 33k 2 R Dy 2 R R R Sk
TR KRR TR AR =H Z M3 BAE AT T8N
FEArH . {H 2, TransD F TranSparse 7F UserAct
AR U R L R A A A T T G X R R A
S5 TSR - SR R Z A A HL L DL Ok R S v R
RS

MR R =JudH 4y RS a5 2R AT AT LU B
e A RS M S BRI AR B X — Bk
BN R AR A4 A 10T Inter Tris B2 AR IH B A B 47 19
FRROR , Hak P SR X 5 - = oed O )
BORLIE S LA KR 3k SR L 56 28 01 8 S AR 22 1) 52 B Y 58
o315 DA G

AR LI 58 5 72 4031 AR 3 3 7 o ) TR AL
ML 27 >0 WA H R0 R % 3R 2 ] TR R4 7
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Background

The problem discussed in this paper is knowledge graph
representation learning. which belongs to knowledge graph
domain. As an emerging data collection and organization
technology, knowledge graph models the real world in sym-
bolized form. To achieve further value mining of knowledge
graph, we need to represent the symbolized form as numeri-
cal one. Therefore, knowledge graph representation learning
arose. Up to now, knowledge graph representation learning
has been developed for almost 10 years. The related models
include translation one, composition one and neural network
one. Based on the application domain, knowledge graph can
be divided into open domain and specific domain. Although
developed well, nearly all the existing models are inspired by
data distributions in the open domain knowledge graph. and
constructed for open domain, finally verified in open domain
experimental dataset. When applied on specific domain
knowledge graph, they will be challenged by new data distri-
butions. So, this paper aims to alleviate the challenges in
specific domain knowledge graph representation learning.

Based on specific domain dataset analysis, we found that
data distribution varies even among specific domain knowledge
graphs. Therefore, from the perspective of more abstract
than data distributions, according to the semantic connection

construction essence of knowledge graph, taking a triplet as
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the granularity, this paper put forward InterTris by modeling
the interaction among head entity, relation and tail entity.
On the one hand, the triplet granularity ensures that our
model depends on the existence of a triplet but a sub-graph.
All of these knowledge graphs have the same triplet structure,
i. e. head entity, relation, tail entity, but different sub-graphs.
On the other hand, the interaction modeling can cover three
cases: the same head and relation reach different tails, the same
head and tail are connected by different relations, the same
relation and tail is shared by different heads. So, theoretically,
InterTris can model specific knowledge graph well.

Also, experimentally, taking some better translation
and composition models as baseline, based on the public
knowledge graph Kinship in genealogy, the enzyme knowledge
graph sample ES in microbiology, the habitat knowledge
graph sample Liveln in microbiology. and the consumer
behaviors knowledge graph sample UserAct in e-commerce,
this paper carried out two experimental tasks, i.e. link
prediction and triplets classification, showing that InterTris
has the best overall effect, proving the necessity and rationality
of the triplet granularity and the interaction modeling.
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