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InterTris: Specific Domain Knowledge Graph Representation Learning by
Interaction among Triple Elements
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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 translation models, composition models and neural
network models. According to the application domain, knowledge graph can be divided into open and specific
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domain. Freebase, YAGO, WikiData, DBpedia and Nell are all open domain ones. As for the specific domain,
they focus on 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 domain 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 domain, these models will be
challenged by new data distributions. To deal with the knowledge graph representation learning problem in
specific domain, 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.

Key words  knowledge graph; representation learning; specific domain knowledge graph; interaction among
triple elements; link prediction; triplets classification
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W, T T AT RENLYI UG AL, RIS A AL
BERIAAA BT A JE R . 25 R B AR P SR I % 75 5K
InterTris % F T % T AdaGrad®, Bl g i bz 14
mini-batch SGD fifb& k. AR SGD 1 AdaGrad
HRRE LI e USSR, (H R 5 NSO BE TR, [
fif, ASC S R T 56T Hogwild! B9 3:4748
WEIENESE, HATERAEE R 32, BARFFATAL B 252
i) e XSG 4 R, (HAR ZEAE T2 B 2 . T8
W& AdaGrad it/ Hogwild!, 3% PNl Z5 5 B #R
NT RSO RE,  BRAR TS AS .
W 1 FR, InterTris [ 2o 8 & TEA04E
=Sy BB LAT RN 5 2-13 TR SHEWIG

WHRGrs 5 14-29 A7 R RLEACH Iy o FERERLIE
AR oy, Sk e il 1 BB AL RE A5 206 R

mini-batch £i#a4E; A5 2T bern KAE 515453 24
N FEE AT A (5) R RS, Bt
TSR NP S, FEESHEN
SERE » R SCRTL S 1) B3k AT IE AL, B 2R 21-28
1T

B3 1. InterTris Y|4t 2

1 BN NGEIESEA = {< hrt >} SKREESH: X
FEAR; RIMEST; Wi Ecutof f; Kk, K
AR SEAA PR SCa) SN 1) R 45 2 24

2. AWM h < uniform(-1,>) FOREACHh € H

3 r < uniform (—=,2) FOREACHT € R
. 11
4: t « uniform(—=,2) FOREACHt €T
. . 11
5: hy < uniform (- +,~) FOREACHh € H
. . 11
6: Ty < uniform (—;,;) FOREACHTr €R
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7 t, < uniform (—,>) FOREACHt €T . ti<1 .

8: h<h/I h|| FOREACHh € H '

. 25: IF | €, I>1 THEN

9: r<r/lrl FOREACHr €R

10 t /It | FOREACH: €T 26: €, < £,/1 €, 11135 2 21K hy I< 1511

11; h, « h,/Il h, | FOREACHh € H IS Ll <1

12: r, <1/l T, || FOREACHT €R 2 ENDIF

13; t, < t,/I't, | FOREACHt €T 28 ENDFOR

4 Loop 29: END LOOP

15: Apaier, < sample(4, b)IFEHLHFE B A &b A =0 3.3 BEREDH
HHIFEA H T AR 7 S B AR AR R R R B,

16: Toaten — ONFTHEAL = JOALI IF FLll X 24 DL, AN T AR, X InterTris B H

17: FOR < h,7,t > € Apgep DO IRFEBEAT /3T o 3X BLAIN (] R R FR — RISl A%

18: <h,rt >— Sample(ﬁéh,r_b) /I3 F bern JIT 5 TH LI ek I H T A TR R FE 4R S U
R A o MORAFSHE MR N N AN 735 Y25

Lo END FOR %ﬁﬂzméﬂ\ é\é/%ﬂb‘?ﬁiﬂ‘]‘i{ﬁ}ﬁ; mz%%ﬁilﬁ@rﬁl%

YRR, im0 G R I ) YRR R AR, s

200 RTHUREAEHE PR RE, W R R A SRR, kIR
minZnr>esvillog o (f (1, 0)) + JEIHEHG X R A ) TranSparse 11 5
1-yilog(1-o(f(lrL))) O g TN T RS HE R CELHE Sk S A A 2 S 8

21: FOR £ € H,R,T in Ty, DONIEMMALIE SR  FOPISRBRGSHERGE) M FE T I8 . & B R A
S ) A7 [ SR VE LR 2,

22: IF Il £1>1 THEN

23: L/l NN RIRIS LI IS 10

x2 BRASREXLLSHT

it TR E ZRIERE
Transg™! o(N) O(N,m + N,n)(m = n)
TransHEZ! 0(2mN) O(N,m + 2N,n)(m = n)
TransR 0(2mnN) O(N,m + N,(m + Dn)
TransD 0(2nN) 0(2N,m + 2N,n)

TranSparse!?!

0(2(1 = G,y ymnN) (0 K B, < 1)

O(N,m + 2N, (1 = 8,y )(m + 1) (0 K By < 1)

DistMult?! 0(2mN) O(N,m + N,n®)(m = n)
HolE™! 0(mlog(m)N) O(N,m + N,n)(m = n)
Complex ! 0(4mN) O(N,m + N,n)(m = n)
ANALOGYEY 0(3mN) O(N,m + N,n)(m = n)
SMEjjnear 2 0(4mkN) O(N,m + N,n + 4mk + 4k)(m = n)
SMEpiiinear = 0(4mksN) O(N,m + N,n + 4mks + 4k)(m = n)
SLMET 0((2mk + kK)N) O(N,m + N, (2k + 2nk))(m = n)
NTNE 0(((m? + m)s + 2mk + k)N) O(N,m + N,(n%s + 2ns + 2s)(m = n)
InterTris 0(2nN) O(2N,m + 2N,n)(m = n)
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FHEE 2 WA, AT T AR PR R, e psi Y
FR) IS [) A0 2 ) B 2% R RRAIC . Horpr, TransR Al
TranSparse W&, 1M TransE. TransH 1 TransD iX
JUAMMERLAE Fr A 0 U b S T B T i, e
HoA2 TransE . 2H A B2 (1) i [R] 52 2% 5 4% F DistMult.
HolE. Complex #1 ANALOGY M, Zeiinis
/>, {H ANALOGY [ i [a] & Z% BE 4K IH i T
DistMult; MR EJRERE, KRB L3N
DistMult F1 H i 12 84 95 35, A/ & N O(N,m +
N.n*)(m =n), WEHMOWN,m+ N.n)(m=n)H
e A THEMEERME, Joitn R REL
e B AR, e A % BN SMEjear -
SMEpjjinear ~ SLM FEE] NTN [T, okl .
A InterTris 455 8 E W) () F025 (A R FE -
TransD #H4. Bk, H5OABAAHL, InterTris &

Z4 5 TH R R BT

4 TWERBEH

55 NTNEISAL, LTl A o 2 R0 2% 70 4 7

SORZBH, MR R TR A, Tk R
SEETRR, AT UK AV H IS LRTE L. TR
LI 5 MNEEHRERIRL 4 ANH A ERIE Ik

(baseline ) #EAT X bbskdm . Hor, #i# @4
TransE™! . TransH® . TransR? | TransD™! #1
TranSparse®; J5 # @ #E DistMult® . Hole™!
Complex®UF1 ANALOGYBY, ELik 1 S0 4T 54035
SR TN O = Te g 232521,
41 KGR

WRTHTHER, BT =J04KE, InterTris X ksE
. KRR SR = 2 A1 B A8 AT T 780 i
15E, AT DUBE S i e o AT R R P s 2 2T Tl
e N T RS InterTris 7EAS [F) 40088 017 B 1 A (1) 12
FARCR 373 S 5 H5 4 4R A0 45 5 1 A0 i) A 4
R Kinshipt™, 4 4 4508 i B iR Bl ee A
ESPL. A M ATUS I R M AR B RE A Liveln
A HE R 5 U P B AT D R R A
UserAct.

Bordest™\7E #4 FB15k FI FBIM I, i&4% 7 &
ARSCARFTAE = J02H . BARIXRE n] (AR AU 45 31 55 4711
Wk, BENTCIEF R R A s G2 i Bk o A
N E G, ARSI TR R B A LA AL T

T AT P A S Kb e R B R AR LiveIn LT 7
S5 AT FH P I BAT N HR I REREA UserAct,  BP
e BB IS — R Sk R L= e s AR
JE AT T BN s B BRI A rh A
B — R S B HoXE B =62 . Kinship. ES.
Liveln £ UserAct i B &S 115 B a1k 3 s

x3 SRHBESIHER

BARE LR #Kih #IGE HRITE  AIRE
Kinship 25 104 6411 2137 2138
ES 10 57066 155417 5000 5000
Liveln 1 45877 150000 5120 5144
UserAct 6 4233 144843 6000 6000

42 SEETUN

FEEE PR sk (B) SERAIC R, Tl E
k) sk, ASCWAEFERRZIN. HOARRF
SRR AT PR AR ELEF raw A filt
PRI DL R I Mean Rank A1 Hit@k (%). B46, &
AR = Jnd Sk SR . O R B SEARAS B
= onds Hk, 1R E bR BGOSR E = A E
s WE, FETAN = u BT BT AT RE P 1B
JFHES o BEEE TN B A OGEHE T AR 1ER,  BIE
i — e A - BT —Judl AL B P I{E N Mean
Rank, HI k Mk = o1 A [FIE N Hit@k (%)
HIER Mg 4 7E SRR el 2N SN i < SR e S 1
FAFE = H A T IX AR IS
=S FEUEM = e A HT S . BTRA, f#
F raw A filt >R X ik S8 H S PR ARG O .
1T Kinship. ES. Liveln 1 UserAct H1 ()% %
oyl 25, 100 1 F16, Frbh, BT Liveln Ait
ITRATMZ AN, Kinship SR TMA Hit@k H k
7910, ES 1 UserAct X R T Hit@k H k 4 1.
SCHREN R S K4 4R 2 Kinship FT ES, H7E5:2
kAR, R RT A BLARL R) N R R 4 FE AN
20, NP5 I GERE AR SRR ZE, InterTris t7E 20 4
ity E#TiIAZ. 2T AdaGrad, InterTris [f)2
SJEGE 0.1, mAIZREHECH 1000, TASTEH N5
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3] 3 & oy €{0.1,0.01,0.001}, 1t 5] A %
n € {3,456}, LM R, A315 2] Kinship 1)
Rt ZHy=0001, n=5; ES MHNLSH
y=0.001, n=6.

Liveln F1 UserAct J& A U PR SE . S256
i, 3T AdaGrad 5%, InterTris %> 4 0.1,
KN ZEH N 1000. M EE N4 Eke
{20,100,150,200} , ¥ > X F W R K
y € {0.1,0.01,0.001,0.0001} , 1 # 4 % ne
{3,4,5,6}. HIT Mg ZE, 32 Liveln LS50
k =200, y = 0.0001, n = 4; UserAct it =% N
k=150, y=0.1, n=3.

IR AR, Liveln A1 UserAct 23 id a7 2 ft Al

FFE A SEBREE IS 2, 2SR AR,
S TR Hit@k 2y 0 8RBT 0. SKIR &5 SR rhas LA« -
Foro WA, TN BIEEM S, I RYE
TN AH N SRS 2 A R I B AR A

F 4 RFET BN AL AR EE Kinship 1)
BER T EE R o B 7 SR raw 15 50 (1)
Hit@10 [t ANALOGY #iAUMIK 1.9 INE 4 s 2 4h,
InterTris 7£ HABFT A FEbr_L RIS N HAR . 5 raw
FHEE, filt ZE3RE B AR o (AR SLAAR. RRME
SR HEA RN, MR T BT TE O IE )
fBIEXT o TS BRI H AN i 0 TR ) =Tt
H, PrLLfilt 1550 gs R E RS Y, B
InterTris AJ LAEII SR A A B & AR

F=4 ET Kinship BUSHETNIZE R

LSBT ==k S | RET
vt Mean Rank  Hit@10(%) MeanRank Hit@10(%) Mean Rank Hit@10(%)
raw  filt  raw Ailt raw  filt  raw  filt raw  filt  raw filt
TransE™” 23 19 402 513 27 21 336 460 5 5 848 848
TransH® 20 16 429 561 22 17 355 533 4 4 914 914
TransR% 14 9 520 761 16 10 447 721 3 3 943 943
TransD ¥ 15 8 515 652 13 12 459 644 3 3 927 927
TranSparse ™ g 5 694 92 11 5 577 885 2 2 984 984
DistMult?® 16 8 656 87 12 6 516 846 2 2 986 9838
HolEP! 14 7 666 873 15 7 563 886 3 3 976 976
Complex®? 11 6 711 888 13 6 563 863 2 2 984 984
ANALOGY®Y 10 4 741 889 12 5 574 874 2 2 983 983
InterTris 8 3 722 959 10 3 589 956 1 1 991 994

5 RET AR EEREA ES (4R
TSR, B, WK FRE, #HAT RS
AT, raw A1 filt 45 R+ 0ME. B2, #17
AR, raw Mean Rank ¥ 600, T filt
2RSS BATT MR 4. RBSAATIIK Hit@10
WA RGN BARM, raw 500 T 45 RICT
10%, T filt 2 J5 s REZE AT LLEH] 90%LL .
KAEFN raw A Ailt FFE B X RITE T 75 TR
MgE R AR MIER T IR Br SRR C B

MI=Jcd. SRR RTM —FE, RSLAAT
7 EE ST R B H AR R SR ]
RETEIFREATHEFY . (H2, ES IR IARTE LAt i 4
KHERGy o T ELAR R Sk SEARAN G A T REIESR 1 T
ETIARSARS. BTOL, RIS, S AT
REMIBR C B A =Jc ., WTSE T raw A filt
PR EOL T RTINS R 22 7. FHK, 5 A
RUAHEL, InterTris 7 filt §500 T HIFTA RIRY iR
L, RAMERIEMIKFRN raw Hit@k B E AT
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TR R, (B, BT filt 855 B4 S LB B0,
Frbk, HEESETIEMNH. &5, InterTris (1 filt
FebREe, raw 82, UiBATE R G IEE ST,

H bR X R 2 /0 B & X S 0 2 & IE# R, R
InterTris % CL A 204 FIFLA BE ST

5 AT ES MEEETUNER

LR TR BRI REWN
vl Mean Rank  Hit@10(%) MeanRank  Hit@10(%) MeanRank  Hit@1(%)

raw  filt  raw filt raw filt raw  filt raw  filt  raw filt

TransE!™ 21 18 847 859 2531 1929 57 285 1 1921 921
TransHZY 25 22 866 874 1726 1114 54 496 1 1 935 935
TransR? 26 24 890 900 820 202 52 368 1 1 983 983
TransD 38 35 962 965 728 137 73 761 1 1 924 937

TranSparse 14 11 952 957 731 117 7.0 506 1 1 946 946

DistMult®®® 52 49 939 942 758 130 78 823 1 1 984 987

HolEP! 17 11 942 964 732 124 9.0 830 1 1 995  99.8

ComplexP 29 26 940 941 741 128 86 839 1 1 996 997

ANALOGYFH 16 13 945 947 735 126 89 848 1 1 99.9 999

InterTris 4 1 97.1 995 607 4 85 911 1 1 99.8  100.0

R 6 ST BT AR AT 2 b U R A A
Liveln [IBEETNZE K. B, InterTris BEARR I
B o FAE L SEARTHIN A filt Mean Rank 1 Hit@10,
A K B SEAA TR () Mean Rank ik 2 #%)t. H. Mean
Rank fE#x % rJ ELXDLEEALIC 30, H X, DistMult
78 Sk SEAR TR ) raw Mean Rank _Fis%] 7 L. X
e[y DistMult i FH 1] 5 YRGS Sk B SEARFI G R =
BRI HAR AT T . X R RS
TransE AH M {H AR HIF I EE 2 —. Z BT LRH

InterTris 4, RFNHEEBSEPINER T KR
TARFIR R =FHZ RN H, HRFEEBEIOEMNE
A5 B &, TransD 7EJR AT Hit@10
KRBT el KRENH T HARTAR, KEME
SRR IR T T SO ) 6, ELARASE T SRR RAS
H. HEATFIERSTRIE RARMBLE=H 2
(1) =058 BT 7850 B, ITEA, TransD 7& HiAthdi
P VT InterTris.

=6 HT Liveln BIEEIETMLER

ST RIARTI
vl Mean Rank  Hit@10(%)  MeanRank  Hit@10(%)
raw filt raw  filt raw filt raw  filt

TransE™! 11536 10813 0.3

05 10026 9991 0.3 0.3

TransH?! 22737 22204

22574 22542

TransR? 24989 24420

14252 14219 04 0.4

TransD!?®! 16818 16204 0.3

0.4 898 865 88 97

TranSparse ™1 22958 22423

21720 21688

DistMult?®! 8180 7216 15

1.6 688 648 63 74
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HolE[! 8595 7627 16 21 1521 1481 28 38
Complex®! 8336 7374 18 20 947 902 37 45
ANALOGYEY 8442 7460 19 21 941 984 54 62
InterTris 8249 7210 26 34 673 618 58 73

AL, InterTris [1EREZ BT DARIECAR, 2
BAEHA G 5 —, HOASSHE, KRR
Iy AR T SUFIBLG [ B, A Al A AN
THAR; H, HARSKSHE, REMEL A=
AT — AN R I 52 2 7 A AN 52, A
Z IR RS T = FH A H TS A

F T RFET T S P E AT AR
HEFEAS UserAct MBEHETINZE . 156, 5 Liveln
AHEE, UserAct [1)#4k Mean Rank 1K, Hit@k B
AN R, X AR R UserAct (1500 46 58 N %%,

JUF T A BB A2 T AR, Hik, M
UserAct BRI W, InterTris 753k B S 11 filt
T, SRR Hit@10 et b, ¥IAE| T &AL

K H 52 Complex B2, HAERESLAAR] filt Mean
Rank fl raw Hit@10 FiA®| T &L, &5, (EdAT
Sk SR T, 2H A AR ) R B T i A
R, {HAESE AT T, TransD A& £LHARIFH . X
R ARAAEBEERET, ROHE TSR RRL
B, BARRINW Sk RSk 5 08 R G.

R7 ET UserAct BUSEIEFUNLER

LAk TR RS RATW
R Mean Rank  Hit@10(%) MeanRank  Hit@10(%) MeanRank Hit@10(%)
raw filt raw  filt raw filt raw  filt raw  filt  raw filt
Transg™) 2106 1693 04 04 2033 2025 04 04 4 3 197 252
TransH! 2134 1699 03 03 1908 1899 01 0.1 3 3 129 209
TransRi?2 2135 1704 01 01 1440 1431 05 06 3 3 152 224
TransD & 1681 1241 03 04 133 124 105 128 2 1 433 964
TranSparse ™ 2109 1681 0.4 04 2037 2028 3 2 213 308
DistMult®! 989 172 471 46 30 137 867 3 1 43 945
Holg®) 925 396 01 10 41 30 39 146 3 3 294 294
Complext® 946 174 488 43 28 195 866 2 1 112 945
ANALOGYPY 988 171 502 48 32 131 85 3 1 43 938
InterTris 946 158 529 54 39 186 876 2 1 100 938

gre BRI, FRATAT LRI, SR
WHESSM S, HTE = JodlR B E25 R T AR i
FoRF A FR, G Sks R, KRS
A =35 Z T8 ()28 HEAT 1T 78 40 AR DL ORAIE R AiE il
e, InterTris LAY AT DUEAE & USRS
T AR AR R
43 =ZTEN A

=R REVE TR = e R B 58
A5 T R e S W R AR N HE R

(accuracy).

SEETIAT 2L, FE T Kinship A1 ES,
InterTris [RHR A SRR ZEE N 20, AR A S HON:
F21%0.1, ERYIZREEEL 1000, 6N
K3 F Hy €{0.1,0.01,0.001} , 1 ] 4 %
n € {3,456}, LM R, A3C15 2] Kinship 1)

S % Ny =001, n=5;
y=0.001, n=3,

JFET Liveln F1 UserAct, InterTris YI|Z:Z50h:
2201, FRUIZRFEEL 1000, SEEIA &=
Y FF k € {20,100,150,200} , 2 3] K I )k R K
¥ €{0.1,0.01,0.001,0.0001} , fi Il 4~ ¥ ne
{3,456} WL MK, Liveln MELESEN
k =200, y = 0.0001, n =5; UserAct {5t Z%k
Nk =50, y=0.1, n=6.

6 J& =/ RMSLIR S R . ok Kk A
I S A0 B Kinship, 345 2 AR A% i i s
IRETEREA ES, InterTris BEAYERIA 2 1 I i I HER
K, UH R ES $E4E, InterTris MIMERA R LS — 4
TranSparse = | 17.69 1N H 73 s {HSZ, #t InterTris
BRI, HAE Kinship FEUS T B ES B4 5256
R IXRKINTE ES BT, GASRTE]IZ

ES MILZH N
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L I T 155417 /57066 ~ 3¢X; {E Kinship
RS, BARGEIREMBILLE N, (HE Sk
F~F38 BRI T LA $16411/104 ~ 611K 5T
JEUt, ES MR K, {2 Kinship 1A% .
T ERSLIR, RARMBLIA=ITCRZHMTR
YAZH., InterTris 7£ Kinship $E4E RIS BT .

T AR IE RIS Liveln A1 UserAct 1
F ., InterTris WA R 1 5 ir FIRCER, 70518 79.21%
F198.24%. 5 UserAct #HLL, Liveln ff] = o532
G B I o X A KA Liveln BO88E 20 AR e R iR »
JUFTE BRI ARS B R Zh. MHILZ R, HE
BRI = Je 2 5 RS InterTris H230L, 1 545 p
RO M B A LF o XS RO A B xSk sk
ey KRB = Z R BAE AT TN
7853 IR . {H A2, TransD Al TranSparse 7E UserAct
RHERA EE L — R AR A B G . X A )
SR T SEAR-R R M AEH., PA KK R 57 T
AP

100 A

*§'<:>,<*\*7'

@
90 H

80 -
04 " \ %A%A/AA\A
60 - *\

50

HEE (%)

—e— Kinship
—A—ES
—u— Liveln
—*— UserAct

40

&
PP : O” &
& O & Q?\/ A

TR v

K6 =JudHndisingsif
MR R = Judl R seia ah IR, JATT LAk
B, st = n AT, BRI AREI T — A
R B BIE R A R TG ,  InterTris #EAUK IH B4
UFIZRIR IR, HaER M E R, X 5H “«=jcdl”
TR, LR SKSfR . SRRMES R 2
B 22 B 78 70 b 2 DA %

5 BZ5

A G 2 BB AR B R s 22 3 1) L
ML 27 ST R A H o0t R P % 3R s =7 > 1) i gt
177 M, SRR I R T AN G L, B
H bR S0 B e SO IEs e & k. A, R
o AR B R 2 1 SUBCR A FRFIE, 8L X
AR AT = e BT A O PRIEAFAE AR L
RN, ASCNNKSHE, RAMBESAR=F P

R — MR FII 22 AN AR R md . i,
P& T = o038 HOH R B R OR 2 ) A
InterTris. T 5548 2 3L 1R EE Kinship.
A AT B 0 R TS RE AR ES S f AR 4 AU 1 A
SR R REAS Liveln R 7 25 45U 0 P 3
FAT AR RE A UserAct 3t P04 St Kt 42,
DA 73 S A R RN 2 G SR B2, ASCHAT T 85
BRI = o H 7 KA SERAT S5 . 45 AR,
InterTris 7] LAZE b3k PO s 82 B3R I H B 1t
BE, VLU TTE = JudlkifE, Xfksifik. RRMESL
i = 2 A58 LGS R AT 70 4 A B AN
R

itk s R ERE R R SRR, AR
4N = S A

F—, FBIAERTT B0k, 5 A4
J 77 AR Closed World B3P0y unif™, i
Wang % NPy T BRAG AR B AR 0 ] O ME R, 3R
bern J7i% . 1ZITIEINA, WISAH ) Sk SEARFI O BT
R SRR %, B ATE N Z = Ju A R AR
HU I 21 2 R T M e b B 4 S SR, IXRE AR T LA YRR
DR ABIIE K. (ER S IXRE 975 EDAR M 1 £
] B SAR X 3 HF, FEBLA Y RIABE 12 IR . R,
B SR B RSS20 38 e 2 AN A LA R 2R,
W = Z A BPPA R — AR BRI . B
AL T 3E T GAN HELE g 17451 A= i 77 30T,
Al DA — PRI SR8

£, AEERFERNARSFA. HARHRE
W R IO R 25 BT 5 ) . (AE1R
KRS AR AR . AR BT L AT S X
WA, “AfRZ” S cigd. i, Hirf
18 2 A4k 2 e PO N i i PO 0y T g TR .
ST LA — 0B AR 2 I E BN B A R
NIRRT, AR R 2 T AN SRR S R
AR, BRI 2T 45 R nl PRt g
RIS, -t A DA R A A 22 R R HE B 10 45 SR 1 H 38
R AR JZ e BT AR 2 AR — MR /N T H s
2, HARE A B — AN s B0 R A A0 B B =4
BB Z T SEBOCR, BT UL AHER T T
BLRABUG, ER R EI R & .

F=, IBRTRMARSFIF. BARMREIEE
N )T DL HERE, b A R R
R, B, THEANEAR SR TIE T Nk
FH K R EERG . 1 BT A B e iE s v
whaEsER, JEHE S RE R H A SN DB
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ARG R IR R AR M5 . Freebase H' 71%l1)
NERBA HAEHAE S, T X e AR 22 i 2 R
BHEEBN Bk, FEH R SORBHARHE
VEEATIE RAN A, AT B8 TR A IR A



23]

KA. InterTris:

=B L TR AR R ) 15

[1]

[2]

(3]

4

[5]

6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

2 & X

Suchanek F M, Weikum G. Knowledge harvesting in the big-data
era[C]//Proceedings of the 40th ACM Special Interest Group on
Management Of Data, New York, the United States, 2013: 933-938.
Suchanek F M, Weikum G. Knowledge bases in the age of big data
analytics[J]. Proceedings of the Very Large Data Bases Endowment,
2014, 7(13): 1713-1714.

Meng Xiao-Feng, Du Zhi-Juan. Research on the big data fusion:
issues and challenges[J]. Journal of Computer Research and
Development, 2016, 53(02): 231-246 (in Chinese).

(/N ALVRIH. RBORE AT S B3], v SR AT
5% J#, 2016, 53(02): 231-246.)

Zhang Y, He S, Liu K, et al. A joint model for question answering
over multiple knowledge bases[C]//Proceedings of the 30th
Association for the Advancement of Artificial Intelligence, Phoenix,
the United States, 2016: 3094-3100.

Yang S, Zou L, Wang Z, et al. Efficiently answering technical
questions - a knowledge graph approach[C]//Proceedings of the 31st
Association for the Advancement of Artificial Intelligence, San
Francisco, the United States, 2017: 3111-3118.

Zhang Y, Dai H, Kozareva Z, et al. Variational reasoning for question
answering with knowledge graph[C]//Proceedings of the 32nd
Association for the Advancement of Artificial Intelligence, New
Orleans, the United States, 2018: 6069-6076.

Dong X, Gabrilovich E, Heitz G, et al. Knowledge Vault: a web-scale
approach to probabilistic knowledge fusion[C]//Proceedings of the
20th ACM Special Interest Group on Knowledge Discovery and Data
Mining, New York, the United States, 2014: 601-610.

Zhang F, Yuan N J, Lian D, et al. Collaborative knowledge base
embedding for recommender systems[C]//Proceedings of the 22nd
ACM Special Interest Group on Knowledge Discovery and Data
Mining, San Francisco, the United States, 2016: 353-362.

Shi C, Liu S, Ren S, et al. Knowledge-based semantic embedding for
machine translation[C]//Proceedings of the 54th Annual Meeting of
the Association for Computational Linguistics, Berlin, Germany,
2016: 2245-2254.

Bollacker K, Evans C, Paritosh P, et al. Freebase: a collaboratively
created graph database for structuring human
knowledge[C]//Proceedings of the 35th ACM Special Interest Group
on Management Of Data, Vancouver, Canada, 2008: 1247-1250.
Suchanek F M, Kasneci G, Weikum G. YAGO: a large ontology from
Wikipedia and WordNet[J]. Web Semantics, 2008, 6(3): 203-217.
Vrandeti¢ D, Krétzsch M. WikiData: a free collaborative knowledge
base[J]. Communications of the ACM, 2014, 57(10): 75-85.

Auer S, Bizer C, Kobilarov G, et al. DBPedia: a nucleus for a web of
open data[C]//Proceedings of the 6th International Semantic Web
Conference, Busan, Korea, 2007: 722-735.

Carlson A, Betteridge J, Kisiel B, et al. Toward an architecture for

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

never-ending language learning[C]//Proceedings of the 24th
Association for the Advancement of Artificial Intelligence, Atlanta,
the United States, 2010: 1306-1313.

Wu W, Li H, Wang H, et al. Probase: a probabilistic taxonomy for
text understanding[C]//Proceedings of the 39th ACM Special Interest
Group on Management Of Data, Scottsdale, the United States, 2012:
481-492.

Belleau F, Nolin M A, Tourigny N, et al. Bio2RDF: towards a
mashup to build bioinformatics knowledge systems[J]. Journal of
Biomedical Informatics, 2008, 41(5): 706-716.

Ashburner M, Ball C A, Blake J A, et al. Gene Ontology: tool for the
unification of biology[J]. Nature Genetics, 2000, 25: 25.

Kemp C, Tenenbaum J B, Griffiths T L, et al. Learning systems of
concepts with an infinite relational model[C]//Proceedings of the 21st
National Conference on Artificial Intelligence, Boston, the United
States, 2006: 381-388.

Bordes A, Usunier N, Garcia-Duran A, et al. Translating embeddings
for modeling multi-relational data[C]//Proceedings of the Advances
in Neural Information Processing Systems 26: 27th Annual
Conference on Neural Information Processing Systems, Lake Tahoe,
the United States, 2013: 2787-2795.

Bordes A, Weston J, Collobert R, et al. Learning structured
embeddings of knowledge bases[C]//Proceedings of the 25th
Association for the Advancement of Artificial Intelligence, San
Francisco, the United States, 2011: 301-306.

Wang Z, Zhang J, Feng J, et al. Knowledge graph embedding by
translating on hyperplanes[C]//Proceedings of the 28th Association
for the Advancement of Artificial Intelligence, Quebec, Canada, 2014:
1112-1119.

Lin Y, Liu Z, Sun M, et al. Learning entity and relation embeddings
for knowledge graph completion[C]//Proceedings of the 29th
Association for the Advancement of Artificial Intelligence, Austin,
the United States, 2015: 2181-2187.

Ji G, He S, Xu L, et al. Knowledge graph embedding via dynamic
mapping matrix[C]//Proceedings of the 53rd Association for
Computational Linguistics, Beijing, China, 2015, 1: 687-696.

Ji G, Liu K, He S, et al. Knowledge graph completion with adaptive
sparse transfer matrix[C]//Proceedings of the 30th Association for the
Advancement of Artificial Intelligence, Phoenix, the United States,
2016: 985-991.

Nickel M, Tresp V, Kriegel H P. A three-way model for collective
learning on multi-relational data[C]//Proceedings of the 28th
International Conference on Machine Learning, Bellevue, the United
States, 2011: 809-816.

Jenatton R, Roux N L, Bordes A, et al. A latent factor model for
highly multi-relational data[C]//Proceedings of the Advances in
Neural Information Processing Systems 25: 26th Annual Conference
on Neural Information Processing Systems, Lake Tahoe, the United
States, 2012: 3167-3175.



16 it Bl R

2020 4

[27] Socher R, Chen D, Manning C D, et al. Reasoning with neural tensor
networks for knowledge base completion[C]//Proceedings of the 26th
Advances in Neural Information Processing Systems: the 27th
Annual Conference on Neural Information Processing Systems, Lake
Tahoe, the United States, 2013: 926-934.

[28] Yang B, Yih S W-T, He X, et al. Embedding entities and relations for
learning and inference in knowledge bases[C]//Proceedings of the
3rd International Conference on Learning Representations, San
Diego, the United States, 2015: .

[29] Nickel M, Rosasco L, Poggio T. Holographic embeddings of
knowledge graphs[C]//Proceedings of the 30th Association for the
Advancement of Artificial Intelligence, Phoenix, the United States,
2016: 1955-1961.

[30] Trouillon T, Welbl J, Riedel S, et al. Complex embeddings for simple
link prediction[C]//Proceedings of the 33rd International Conference
on Machine Learning, New York, the United States, 2016:
2071-2080.

[31] Liu H, Wu Y, Yang Y. Analogical inference for multi-relational
embeddings[C]//Proceedings of the 34th International Conference on
Machine Learning, Sydney, Australia, 2017: 2168-2178.

[32] Bordes A, Glorot X, Weston J, et al. A semantic matching energy
function for learning with multi-relational data[J]. Machine Learning,
2014, 94(2): 233-259.

[33] DuchiJ, Hazan E, Singer Y. Adaptive subgradient methods for online
learning and stochastic optimization[J]. Journal of Machine Learning
Research, 2011, 12(7): 257-269.

[34] Niu F, Recht B, Re C, et al. Hogwild!: a lock-free approach to

parallelizing stochastic gradient descent[C]//Proceedings of the

Zhang Yi, born in 1995, master student at

Renmin University of China. Her main interests

=, include knowledge graph building and
‘ i representation learning.

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
symbolized form. To achieve further value mining of
knowledge graph, we need to represent the symbolized form as
numerical 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.

Advances in Neural Information Processing Systems 24: 25th Annual
Conference on Neural Information Processing Systems, Granada,
Spain, 2011: 693-701.

[35] Zhang Y, Du Z, Meng X. EMT: a tail-oriented method for specific
domain knowledge graph completion[C]//Proceedings of the 23rd
Pacific Asia Knowledge Discovery and Data Mining, Macau, China,
2019: 514-527.

[36] Reiter R. On closed world data bases[J]. Readings in Artificial
Intelligence, 1981: 119-140.

[37] Wang P, Li S, and Pan R. Incorporating GAN for negative sampling
in knowledge representation learning[C]//Proceedings of the 32ed
Association for the Advancement of Artificial Intelligence, New
Orleans, the United States, 2018: 2005-2012.

[38] Mohammadi M, Hofman W, Tan Y. A comparative study of ontology
matching systems via inferential statistics[J]. IEEE Transactions on
Knowledge and Data Engineering, 2019, 31(4): 615-628.

[39] Galaraga L, Teflioudi C, Hose K, et al. Fast rule mining in
ontological knowledge bases with AMIE+[J]. The Very Large Data
Base Journal, 2015, 24(6): 707-730.

[40] Liang J, Xiao Y, Wang H, et al. Probase+: inferring missing links in
conceptual taxonomies[J]. IEEE Transactions on Knowledge Data
Engineering, 2017, 29(6): 1281-1295.

[41] Ferné&ndez-Alvarez D, Garc B-Gonzdez H, Frey J, et al. Inference of
latent shape expressions associated to DBPedia

ontology[C]//Proceedings of the 17th International Semantic Web

Conference 2018 Posters & Demonstrations, Monterey, the United

States, 2018.

Meng Xiaofeng, born in 1964, PhD supervisor and professor at
Renmin University of China. His main interests include big
data fusion (knowledge graph building), big data real-time
analysis, big data privacy protection, and interdisciplinary

researches like social computing.

Although developed well, nearly all the existing models are
inspired by data distributions in 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
distributions. 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 the
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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 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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