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Abstract ; Knowledge graph embedding ( KGE) represents entities and relations as low —dimensional , continuous vectors, thus enabling
machine learning models to be easily adapted to knowledge graph (KG) search task. However,in search—intensive applications of large—
scale knowledge base (KB) ,most of the existing models focus on improving the accuracy of searching on static KGs, while neglecting
the time efficiency of searching on dynamic temporal knowledge graph ( TKG). To this end, an efficient search method for TKG
supported by vector indexing is proposed to improve the search efficiency on TKG. Specifically, firstly , the entity ,relation and time infor-
mation are mapped to the vector space,and the time—awareness of relation types is learned using the Long Short—-Term Memory ( LSTM)
neural network , which leads to the establishment of the TKG vector database with the joint encoding of time information awareness and
relation. Then,the vector database is utilized to build a vector indexing database (IndexIVFFlat) for large—scale TKGs. Note that the
index divides the search space by clustering operations to improve the search efficiency of knowledge. Finally,approximation search and
experimental evaluation are performed by similarity computation on the TKG with efficient indexing. Results show that the proposed

method outperforms the unindexed method in time efficiency and outperforms some strongly correlated methods in search accuracy. It is
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demonstrated that the establishment of this vector indexing database improves the search efficiency on the TKG under the guarantee of the

search accuracy.
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0 31 &

BEE 7 2 B A Y R i, 413 S (Knowledge
Graph,KG) B4 0 E A5 S EZ T R, KG Z&—
TS5 K A ARG 3R T 1, B e S AR RN O R Z B 1 1
SUAE BRI N EIRERL B AR 25 4y n] LUE AL RAE
—JL4H <subject, predicate/relation , object > <, p/1, 0
>, Ho s, p/r, o 73 Ros i H TR/ OCR MG,
KG # Z AP RMEE" MERE ARES
SRR A I I AR AT

JAE 2% 1 AN B R AR ECR 8 P 4 it
T RSB TR, (515 R A2 3 i & A KB
AR T ATESGE AT H (B B[R] —> H 4§
MR AR 2 2 R AR AR A T X 28 R 40
3 A7 LA R S A58 3 1, A5 30 700 3 0 R 15 20 0
HEIEZED . B, A S kA (Knowledge Graph
Embedding , KGE ) '’ i iz 1fij 4=, M\ 28 B {1y Bl 3 A5 7Y
TransE"’ K& i 728 4 1 BB JF 4 | KGE 32 ¥ i —
AR IE BR DT R, KGE B 7644 KG P iy S
FK FR AR R AE LY ) BRI 46 KG |
AIERAE PRI AT B0 Z5 5 BATE R, BEAX
KG T 1 5 A RE A R TN RE 7, DA A AL e 2% > 2
RIREAS R AATE N KG BN 2 A 4T 55

VTAER | WA HOHE B 1 AN W 5 A 37 55 i
Ji& R 22 B F I TAE I i 5 13 3 25 o 25 R 1 3%
( Temporal Knowledge Graph Embedding , TKG) fi%) & &
FERE R 2 S LGRS KG AR, TKG g
SR G R RIS 2 B I (] 8 A T A, X AR AR A ]
RESZ FPERY AT RS R IERY , AT S 2R tE R 2 4%
PEo B, — AN AR 2 2] S 0E S RS 23 Bl
] AR AT A T — A~ 28 w8 AR ol 5590 BT T (4
JER PR 2 B 8] A A= A2 A, X R I 2SR B 7 TKG
TEARZ2 52 Br i b B A

IR A AR M A 52 % TKG 1Y K] A i) 2
—MARA R A 7 H A AFE DB (1) 2R
A2 %2 ( Knowledge Based, KB) (Y48 2% %5 4 AU
F, M A GE$0d it TKGE 24 2 ()% 48 ) % 1
AR TR AR 5 (2) BT #Y KGE #5812l 8
TS 7E KG B8R AERPE, I Z 0% T £ 318 KG
AR AR R T T A T LA A ] AR
1 TKG |, 3XSEEfE BELAT T TKGE £ 84 7 B S it 5t
KG #RP T Z R,

SRy, G el E ORIE A F A P R TR R, B2

TKG M RAE, MR T Y w58 A — A~ 1 2 n)
BRI —[A) B T —Fh ) i R 5 SRR TKG =3l
R, IAE LR IE A R e M 0 T4 T e 14
RAOR, BAARRUL %07 0 S 5 Z AN Tl {75 218
A g i B [a] & 23 () IR A R 12 A 48 I 2%
(Long Short—Term Memory, LSTM ) 2% 2] 56 R 2SR
B[R]0, ATATEEST. T TKG [l 1 5 880 , I FH % ) i
B R oA KM TKG M m ow & 5l E
(IndexIVFFlat) , TF &, %R 7| il REERMR L 5
R ), IR KRR TR . om  TEPA
FRCR G0 TKG i ok AR LR THE AT T i A4
FELEITAL, WAL R X R G T
KRARAE S T7E TKG B RECE  JF H e 7E (k4
FIEMPER N O, e A B, XAk T LAY
B35 TKG B4 2 M FAT 55 3R AL ) 34, F2 5T
HRanF .

(1) $&4 7 —Fh ) i 25| SR TKG 5 R0% &R
T DT B RE S TR ORAIE A R UERR PR R $2 T, RO ER
AT TROR

(2) A LSTM 2 ~J 5 5 36 AU i) I [a] S, offf 5
A G F AN TR R G G A 3] 1) 525 TR) v 42 1
PR (ARG B RIS

(3) #32 7T K M B TKG ) & &K 5] JF
(IndexIVFFlat) , i it AR EAEH I R 2 [ 40 24~
/NASTE] TR B R EAE R B 1Y, A TE 2S00
A AT TR R A SR Al R T A
TKG # R I HA B

1 XTI
1.1 BESAIREE RN

FE RS A K T A KGE 5, AKX
B TAEDE SR T B A B R BURME 9 TKGE f1, 1X
SRR R [ 6 7 ok (B dn, #e58 e e, L
AT ARAIC R 2 ) 246157100 ) g g 2 e ) R B S
=Jtdt,

EIRBEFE AT LAGr S = B 2R R AR T LA A 4
) TKGE, Dasgupta ">/ 4% i1} T HyTE A1 i ] ]
SRR A ) A S AR O AR g B ] 1 d2 i 4 )
ST, SR 2 RS REAR A M R A OC R, Ry
1, TeRo A5 7 138 3of e 7 45 A 04 s 2545 8 Al A 391 5
R R W &, TKG Bt A 25 w25 1], DL AL
A AR SN G R 1 22 Tl 285 06 R, BRI XEFR P |



- 140 -

HHRHLEAR S AR

LURRE

FIRPE S, B TReR 8 4E, —Fh bF SCHEF QB
TKG i ARG 131 20 5 K 4R B i 15 B
20153 Ry AR e HsF [0 (98 A S AR R R [ i s 17— 3%
PE, 85T R IR TRE TKGE, 40, Xu 45 5% 14
JUMTAREICEAEL B2 10 T 38 i S BT KG 1y A
BAY REAS AL PR 2 G R IF WU B A ZS (B i, 5 =
RBEFET AWK TKGE, il 0, —Fh 5 T 55 4 i
WA TKGE Jrik i th ™ o 20 ik R T 91 4 ) 2
SKAT R 0 TR P 1 mp S R R 56 2R A4 Bt 2 Ak, Ol a2
2 SRR R (W7 51 7R ok 58 L TKG i #h 4 55,
FF ERIEAH  Hou %" JF & T T-GAE # 8, FI| A K
TR AR SR 06 R Z M 19 2 22 K G & L JF
2 T )2 R R R Y S

UG X SE R 5% 9y TKGE 45 32 41t 1T 98 A 1 Al 4%
ARHESE AR JEIX L7 P 7E KL TKG b i) — 28 R T
55 B (AR HER) AATERCRIRT MBLA
1.2 EE2RSIZHHMILEIEER

i) H 2R 5 | SCARE A U 48 282 48 R 1) 16 5 |
FAREE = F R B R R M . 7R Fp oy
e R P G SR 5 R R Ry v 4 i, O
T 3 45 T RAE Y 1) o ST R G 5 R LS B A R 1

—EE T ARG T 3 T A R KG 8 R 7
TR0 S T AT A A oA SO R 1 SRR
T ) BB P eE o BB R R AL S e T
W HE B s RO 2 U R AR A, STk 17,
20 B A A B A S KG b, DU HE 5244 2 6] 4 A
eI

52 R , SCRR[ 22 THE 1 T —Fh 36 T A
IR 18 % J7 % EMBLOOKUP, EMBLOOKUP Ji:
LR A2 ) TN = SR AL 4 | A SR vt v 2y
AR EE AR R, DR T T AR TSR R ROR
BES A T 08D AE R R 3% A FO0T B[] F T #E

|
! T[] 1) | ‘
- \
Lo | } ‘ | | - | 4 - } [ 18] -5 % [
| | | . | -RAR =
} el ~r1y } } " - .
i T , | e R R “ A !
| €. | | ) \/ !
| | | R
} (1-.\1/‘ | -m }’ I | I s
I 3 } ********************************************
|
} \U:B\‘ 4 } jm e mmmm ey S
| | [ St it ! \ i b
| | | B — s ——
I I 24 AR 3 | ! ! |
L] ff—fﬂr—w ,,,,,,,,,,,,,,,,,,,,,,,,
HX K,

,,,,,,,,,,,,,

SCHER[ 18 148 s A i i H AL 4L (OTO) . QTO i i 7
BRI &L I ] — J5 1o A% 3 4% 30 e O e, 1R
A E A TR T AR kS M St A R s ], Hop
FEARACIA AP B Ry BB T4

BEAN, SCHR[ 23 ] HRER T 75 AN [ 7 X 2 0k 2 4 AR
ARSI (G AL ) Fe 30 4B 48 22 550k DAL S 3 i
T SRR 5

SR A X S S 898 T 2 F Il i R 5 L HE
FRAS R B R AR AT I B A 1 i &
N FHE] TKG BT RS %R T,

Zi Lk, — 28 TAEWFSE T TKGE, {H & HAFFE 3K
FALT MR — 2 TAEWFST T 3 TR # & KG
R AR AR ELAT 3 2 i ) U 1 KG
PATRR AT, ZSCHRE T —Fh R 5| L FF i TKG
BRI, AT LIS BITR D L R EAIF ST (14 i

2 F ik
2.1 #EBIEARFNEIEE X

TKG &AL G F S HIRERE P, T 2om Ml
ZUE BTG LAE R, XX B EMIIE T RS
XHF TKG W RUdg R, 5D R TKG & ifA
], 35 TR 5| L HFAY TKG A i) n DLE it 45 TKG #E a7
R DRSS IR R R OR, B, FHISG T %
J5 8 SR 0 ] S

BRI 1 A T RG] R TKG R
BEAL )RR R BAORUL: (1) B ALK S0k DGR
FES ) B G G 5 380 1) £ 25 B), ORI FH LSTM 242
SR FR ISR I [R]JB 5 (2) ) ) 2 500G 12 A 7 KR
¥ TKG #1145 %2 (IndexIVFFlat) , %R 5| )% i
AP 348 FR 25 (8], AT AR KRR AR T 48 28 2 44
B (3) TEHA MR S i TKG 3 o AL 351K
THE I R 5

T[] 3 ¢

WE RG] L HFe TKG R 2 AR 6 BAREM
e RERZFLMER M THABRs MomiBEL ;1 e T
FNIR ST A BT R E FoRARE S, r FBom

A1
[ S —A TKG #5E XK G =< s,r,0,t >,
Hr, 5,0 e EFRRFE—AFHEWEIBMEE; r



%2 3]

A LLA i) F T | SRR I AR AT 1 e A O - 141 -

KEES, THRRNEEES, HE KR A
PUTCL<?, ryo,t>/ < s,r,7,0 > bR
SER G LS SO R BNEF A SR 2 e E
2.2 BjE) BRI RAE
i E— NI KG =l , W0, (s,r,0,t ) ,—¥=
JCAH BT E B, ¢ 9738, AT LUK 45 7 1 s ] 43 figk 18 F
VAR B [l bR i 20 5/ 5 3
year«—0-1-2-3-:-4-5-6-7-:8-9
month <01 <02 -03 04 -05-06 -07 -08 - 09 -
10 - 11 - 12
day<«~-0-1-:2-3-4-5-6-7-8:-9
(1)
HHp | year, month Fl day 437 327~ 25 %E B [8] A9 4F | H Al
H. BESFRCRiRCE R /N B3y 32, Ik, %t 75
A =0eH, AT AR IS KRR 258 a2
RALRBRC N BB ARIC L, Heoh, 18] 2 $
TS AE BB =TT A2 R

(s, o 0)
re

Diedin 1y 9y 9y 2y
B2 TKG #5m%4#

2.3 ETF LSTM Ryt IE] 5 5l 4755

hE—NBTRS KG =Jod, Bl (s,r,0,t) R FR
e RN 18] 2 91 A 365 R g I 8] - R 81 p, o
I, I KG = ool nl LR R B (s,r,,0 ) B9 =TT
HES R F oA LA afE . T -
R LRIESTE] FFARIC , B year, month 1 day , H: 4%
& LSTM My A

LSTM J& — R il 28 0 25 2244, R 51l 3 5 T X I 41
AR T A, 7 CLSTM 94300 .
i=0o,(h,_ U +xW)
f = O'g( h, U + on/)
0= (rg(h,k1 u, +x,W,)
g = a'v(h”_lUg + x”Wg)

(2)

¢, =foc, ., +iog

h,=0°0,(c,)

Hr i f o Fl g Zrnildes A 5 bR e A i
1o e A 435102 B o0 B BOCIR S . i A ) 1t 1 7
R, x, € R EFFHINE n MCRMER, HE,EE
h=d (ARG, oo, Bl o, BT RE

AT r )RR IC B S0 1 2 M2 B 21 L
XL d AEH A T4 B i A ¥ 5 HI/E LSTM 1 i
Ao BMKER N BRRFSH LSTM 1Y /5 —1
FRECRAS R, B e, = by o 0 SCIE] - 5€ 2 ) 2= Hx
AR

r(r,t) =LSTM(r,t) (3)
Ho, r, FoREHE -OC R 275
2.4 TKGE B$T4 R #0525 R

FT 3 pRA . 48 B [R5 B SC R P A o T LU S
26 BLFT 5y pRECP ) 208 RN R IR A G5 A B, 143 bR

{Score(q,e> =llg-ell,. (4)

q=e+r,
Hop (i FHBEHLES B R 5 LSTM A2 B3k /] 24 ) 1%
IO RB TR S50, L/L, = 1/2 355,
PG sRE . HX IO A8 pRBO R SCH

L= z 2 [y + Score(q,e) — Score(q,e) ],
S

(5)
oA ( s,r,,0) € € FI( s/,rt,o ), ( s,r[,o) ) e & 435
FIES =R AEREAR R GAREAS Sl TR EREAS
B ROk A AR AR,y >0 KR H] BE
ZHL
2.5 HSMWESEMER
T IR AR AT DRI R 58 A Y SR ]
PESEAT RS AR R 2S5 8], A5 d 4 0] 42 6] v E
X Voronoi HLI#s , 31 H A& SR R B H# IR A HP—
ABATTAR R, TEIE AR, R A i) ) & T R BT A
Y LA ) 5 DB LA AR AR A 96 ] B R AT L E, DA
TAESE T R A S PR [l 4 R 51 )78 IndexTVFFlat
IndexIVFFlat 5175 2 — I Zh iy ik A&, B, fiff 7]
PRI train () , AT DATES S0 1] 4 HAT AR ] 20 A1 9 42 Ao
RS EIET, RN R IEHE S — DRG] In-
dexFlatL2 , B4 fb. 2% ( quantizer) , ‘B W5 SEAA ] H 40 B 45
Voronoi H.7T, AEAEAITCH — BTG E 4R B
A 1) i FIT7E R Voronoi B ICALTE 78 5.0 5 vh #2311 52
AR ) e A AR 4R
RO BT IR 25 KGE 5 8 ity o 45 28
KoLt m i 4L S A B R TR, SRR g 0E
S
quantizer = IndexFlat2 (d)
index = IndexIVFFlat( quantizer,d,nlist,[2)
index. train(e)
index. add(e)
(6)
Hodp | quantizer /R ALY o d TR A B SR Y



. 142 - HENEARS R

LURRE

YR, add () PREGR K SL A o 1A 5 B9 id B3I 3 i
P 2R T R vy | A S AR ) 5 M R A 2R 5 TR L
nlist 27841 73 Bon R (RO 8ER) |
PTRME SR BT TKG Y258 4 T ALA 1AL 5 i ]
fr L 22 i 0] 52 55 5, R AT IndexIVFFlat R 5| FE#EAT
PMEI R 55— DS KG A ify ) & ¢, Jf i3 B2
AR T ER A BA R & A S o] | LT AU R AE SN
{index. nprobe = nprobe 1)

Distance,Index = index. search(q,top_k)
Horpr nprobe F7R PATHE R U5 0 Y F T EL, Distance
F1 Index 43 A Z 73R AHT & ( top_k ) s AH AL ) 52
MIBE B FIR T,

TE{f ] IndexIVFFlat & 5| 45 #4 B | nlist 1 nprobe
S SR, T SR P B 0 T 75 SRR G
TEAYHUE . nprobe J2: I 35 48 AR HER L (1) — Fh
Ao Y4 nprobe=nlist i}, Z 48 R 5B R L
SAMHE, R (1) 385 AT LR E nlist 1918 R B0 42
KNP . R T8RN EAE A | 7l ey 21
i nlist AOME, DASE S48 R 45 R I HERR I . X0 AN R 4K
TR 118 R/ INFIVRFAE 1) 70 A1 155 00 LA VA D0 R 40 380 ds A 1 B
B, (2)—Mk i, nprobe # 15 & 47 nlist A — >4/
(4 LA, B, nlist/ 10 853 nlist/20, X 48 K 1 B8
AR BB N B UERA PR 2R B S I IE O, P LLE X4 1
nprobe {H ., &, # N nprobe AY{E S IR R AT 1T
BN AV, v] e BUE R B AR 75 AR
0t LA (4 1 B SR AR R R ) A7 |
2.6 HixRiR

B LT M ERY RN TKG M RidfE, B
kUL, i Ak 24~ TKG WilgF K’ 6,,6,,-,6, ,
DIMIARSE E R R INHEEE T, S8 H
ORI R A EER BRIV & A S5 AL S0 ] o 149 BE 25
Kl 02 178X A F B sk, 03 17K Rl
FH LSTM 3¢ 2 [o] et A ) 8 ] 55 JF 04 H1 05 47
S3 RN A ] i 5 SR (R B B R
06 1TR/RRGIMES 07 1T/ T RG] R
BER,

$49% 1. IndexSearch( g )

HIAN: G = <s,,r,,0,,0, >UG, = <s,,1,,0,,8, >U U
G, =<s,,r,,0.,t > E, R, T, H

i 4 - top_k A SRcAE AL SR ] e O BE B AR T

01 for all G, ,G,, -+ ,G, do

026,,6,,+,6, «Embedding( G,,G,, - ,G, )
03 r, «LSTM( r,t )

04 {Score(q,ff) = llg-el,,.

qg =e+r,

05L = 2 z [y + Score(q,e) — Score(q,e) ],
e f

quantizer = IndexFlat2(d)
index = IndexIVFFlat( quantizer,d,nlist,[2)

06
index. train(e)
index. add(e)
07 { index. nprobe = nprobe
Distance, Index = index. search(q,top_k)

08 end for

3 ZW5SH

N T VST B B PR RE R T — S S e gk
77T RAE 514
3.1 EREESHESE

ZLRAE Windowl0_64 REGE FisfT, ARG &
T Intel(R) Core(TM) i7-9700 CPU @ 3.00 GHz 3.00
GHz Zb3 4% F1 32. 0 GB W fF, Z AL H] PyTorch
S

PATHH % T A R AR 28 X i S 400 1A
P RUF i AYERE d e {100,200,300,400,500 1 ;
EkE y € 11,2,3,5,10};% 2% Ire {0.1,0.01,
0.001 | ; BHEEMALE KNG € {1024,5121 ;TikEA n
e {100,200, ---,500 | ; % X K %L epoch € {100, ---,
5001 5 Xl o AT A (RS0 BB ) nlist € {84,
101,106} ; #4748 & 5 ] /) B T 4% £0 4 nprobe € {8,
10,11}, XH  HIE4E ICEWS14/ICEWS15/WIKIDATA
BT X I BRI S 8053901 M s epoch =500, b =1 024, d =
400,1r=0.001, y =1, n =500, nlist = 84/101/106 ,
nprobe=8/10/11, BRI PLILAR EHE Adagrad, HE,
20 4~ epoch WE— WK, BSR4 B A MRR (T
RaRsf AR kT

RS = Bl A X AR AT 56 IE A 4
ICEWS14% ICEWS15"  WIKIDATA™ | HA&SR .

ICEWS14; ICEWS14 & Integrated Crisis FEarly
Warning System ( ICEWS) i) —hiAS , B — P H T4
BRBOGF WA T 0 R G, 25 Bl L& %
http ://www. icews. com/, ICEWS14 BEETAET
FEIPRFAFAE S, X 25 B S B & AR g sk
BOARPTIL M5 SME R AE AL E T 2014 4Ffirfy 3
PR EREUA . 2B SR PR AL T P R A B[] b
MO S5 R T INZAITEAL TKG
A/ TAESS

ICEWSI15 . ICEWS15 J& ICEWS iy % — A, 5
ICEWS14 #H LY, & AT A 3 55T 1 5040 15 o o 1 3+
5B . ICEWS1S 8 438 & g Fl T TKG #h42/ il
AT 55, I ELAT BEELA S 40 (0 50 o i AN 7 2 L,
B8 T 2005 -2015 4 2 [8) & A4 09 r A = 08 19 i 2
JiA

WIKIDATA : WIKIDATA & —AMu 5 T 3 5 B SE R



52 3]

A LLA i) F T | SRR I AR AT 1 e A O - 143 -

N R A5 B FF R R S, A 52 0 55 T 45 Fh
SRR, R AW M s SR A8 TKG
A/ AT 55 WIKIDATA $58 42 7T LIVE R — A4
HMNRIBEIR T B SRR O R Z A B A5 L, T4 v

AU A AR 1
F gt T A B LB, b g — R
SRR W W AR Pl IE SR T SR e S

%1 TKG #3 £ 0 AL 4

EICITE S BN PRES I i 5 plIE S LTS jilli=¢ S
ICEWS14 7128 284 70 390 8799 8799
ICEWS15 10 302 283 2005-2015 368 902 46 113 46 113

WIKIDATA 11 145 108 25-2020 120 055 15 007 15 007

3.2 iFEERSELZAE

VAL 48 b . S T VAl 288 AL Rl B A
KGE # M TEM e bR, AR L K RAT 55 R 4h A
AR AR HE R )8, 25 5 25 1 T 3R [ 25 8 (10 HE 44 o0 8K
A AR . S — IR ¢ X T
EMENERE o ,FIHERREBORKEN v e o MHE
%o F Rank (0 ) K35 0 B9HES R 115 [0 24 4 i)
q WEERE, R B4R FRAE A 8124 e if g 9 B8 &t /D
K it (Hits@ K) FPE Y EIEGHES (MRR) 0T .

Hits@K(q):ﬁz I (Rank() <K)  (8)

MRR:ﬁZ Rank(v) (9)
a vEA

Hodr, T {x < K] J& indicator BREL, TR x < K N E N
BET 1, /4% T 0, Hits@ K, MRR e [0, 1] {1 {f #
K PERERAF

R Tk 9 % T WS KGE L4k U dh &
i KGE 8RB AN 25 KGE 8RB %3¢ B Y
I 5L TR A KG R BRI R INE 5| LT
K RROR, R, S5 7 AR Y R X
B TR T2 i 25 KGE 8 20100 45 o0 i,
I WX PSS B 43 50N 2 B T ol AR R | R 22 i
KGE 48 & 8%, TransE"”  RotatE""*’ #1 QuatCNNEx'"";
B} 4% KGE 48 % # A, HyTE'” | TA - TransE'™ Al
CTATKGE'™ 3SRl 5 S0 v A5 A 7 — 26 )y i HLAT
SRS, . 3 T R A AR R A4 45
3.3 #ZRE54W
3.3.1 K EHH

T RUEIN 1] dE AR 51 AT DL R TKG 48 2R A
PR R AR, AT 40 Bl H 5 T AR R A = S B0 4R
(ICEWS14 ,ICEWSI5, WIKIDATA) FR8RE I 5
HeSBgEAT T, Hob 8 RECRWE 3 Fis,
Ours FERTZ YA R AR Ours ( —index ) R R T 1Y
BWRBR 45 5 R, Ours A58 A9 48 R 30OR 2 Fe il
B, X Ul B HE 57 ) R 5] IndexIVFFlat 2 B 25 A1 7]
SR AT DL IR SARTE TKG F I8 RACE

Bk, 7T LUK E 3 A, Ours 78 =6 4E

ICEWS14 ICEWS15 Il WIKIDATA | A9 48 2% it i) 43 5]
J£22.94 5.199.17 s F169.18 s; [AlH}, Ours( —index ) 7F
AL ICEWSI4 ICEWS15 A1 WIKIDATA | A48
REFIE] 430 45.67  319.23 s 1 107.79 s, " LAK
B X} Ours (—index ) 76 =4~ 503 ICEWS14 . ICEWS15
1 WIKIDATA |- (48 R BF (8], Ours A9 38 2R B [H] 50K
P TFT 49. 77% (37. 16% F1 35. 82% , 5 [H 2.
IndexIVFFlat 285 2R Il 25 56 A (1 52 44 ) d BEAT SR2K
DA 43 S AN R 48 2R 25 8] ZE 48 2R B 25 1) o) o UG 22
SRR RIS I A I LE SR ) AT AR, XK
iU /D T A ) a5 T R S A ) AT AR
i), PR, IndexIVFFlat 251 % 45 F2 % TKG 4 % A B
[EPE¥ SR g

350 31923

199.17

% 150
i 107.79
100 69.18
45.67
0

Ours-index)  Ours  [Ourst-index)  Ours  |Ours(-index)  Ours
ICEWS14 ICEWS15 WIKIDATA

B3 BRI RRE
3.3.2 A AHIRE
T B TR R R A R AT il O Al 48 bR
(MRR (%) 1 Hits @ 10 (%)) £ = /> % #& &
(ICEWS14 ,ICEWS15, WIKIDATA ) | X A B 8 4T T
RV, T 5T BRI AT T A, Hi PR 45 R
mFE2 Pis, BARFIREMMEE R, FRIZLFRR R

45

22 B8 T Ours 5 XF LAY ( TransE F1 RotatE ;
HyTE I TA - TransE ) £ = 4 $ 3 £ ( ICEWS14,
ICEWS15, WIKIDATA) A48 R 48R, 2458 IR, Ours
RN 48 RO R U/ A B IE B T % A
Bt

HAR R v (1) 52 it KGE # R # 8 ( TranskE,
RotatE F QuatCNNEx ) #f F, Ours A3 A5 23 45 2] T
ANFEFEEE R LS, BN, 7E ICEWS14 |, A\ RotatE %]
Ours i) MRR 5 #5 b F+ T 15.39% , H F 2 JH[H 2



. 144 - HENEARS R

LURRE

Ours ZJE T KG MR HUSM:, (2) 584 KGE # %
PRI ( HyTE , TA-TransE Fll CTATKGE ) #H LY, Ours %) +8
LR (A% o1 | 7 N i 303l £ B O 1 [ ¢
WIKIDATA -, )\ TA=TransE F Ours 4 Hits@ 10 #5 4%
LTFT 33.88% M AR AL AT DL A R

A BRI RIS =S b)Y ) H R

gi ERTId 5 AT S IR R R AT R L, SO T A
=AEEAE YA B IR PR RE X TR Y
AR,

%2 HA L ICEWS14 ICEWSIS A= WIKIDATA #9323 R %

g/ S ICEWS14 ICEWS15 WIKIDATA
Er=pn MRR Hits@ 10 MRR Hits@ 10 MRR Hits@ 10
TransE[") 14.32 38.57 28.39 68.59 26.17 50.29
RotatE[ %] 21.37 41.78 29.35 61.56 32.49 68.39
QuatCNNEx' ') 21.64 40.32 29.72 59.40 32.90 65.99
HyTE 2! 15.18 39.66 30.51 70. 45 26.46 49.40
TA-TransE! ] 14.06 37.84 28.87 69.11 26.17 63. 64
CTATKGE!"! 25.22 61.22 32.02 70. 82 43.95 76.25
Ours 24.66 61.98 31.31 71.70 70.88 85.20

3.3.3 AREHBM
AT B UES B AR A ) R | AR T I AR A
HERE d BRI R R A B 48 ICEWS14 A9 48

—=— MRR —A—Hits@10
70
60 = * * — A
50
L)é
= 40
%
w30 = - - -
20
10
0
100 200 300 400 500
(@) Fk N2k FEEXTH 28R )

BRI R (MRR (% ) Fl Hits@ 10 (% ) ) . H:
o N T A 4 BE I /N R A TR (%) 52 i 45 SR 4 1A 4
R,

100 200 300 400 500
(b HRN L JSE X 48 R N TR EF 5 )

B4 SN I R AR AR FEN A

Bl 4 (a) B T CH B (Ours) 75 04 4
ICEWS14 - 1) i A 4 B2 X A5 1Y 1) 48 22 801 1) 52
FTLLA Y, Bl A 46 R 34 0, 48 R 8 bR MRR Al
Hits@ 10 FE08005 8l , F B T ik A 4 8 X A5 280 s o RURK
4 (b) &7 T Ours TEAHESE ICEWS14 F AR AYGERE
XL AR RBOR I M, AT LR B B A 4
RGN A R R, R R B R itk A
SHCER AN A FE , (A ZR i i3 . P
B, PRI B S BT DL AR R A48 R IF 4

4 HRiIF

BRGEIET R 5110 TKG & RS R, bk
FUBL KB (044 R AT SR PR AL T —Fh oA R0 i ey
R, LR T — R EE T R TKG 1 8 348 Ry
o BAROR UL bl SR 6 e (a1 B R A 2 1)
oS, FEFIFH LSTM 27 35 56 2 2 R At ik e Jg& 0, DA
A5 Y 2 R 0% B 25 R ey i % [k, ) R i
BAEER R T — % 51 (IndexIVFFlat ) | i i RS #:
VERIM R 25 0], WIS, T TKG W R S, &Jq,

T FH S50 (A4 B8R A BT A O 30 TR R S R
SYRE)UER 7% 7 ik A sk, SRR 45 R o %
TEAE TKG AT R R i, ELA 55 i o P A
BRI LRI R P KB KB 8 28 25 5 7 py
R i ) 5 ) AR L 1 — ol A S AT 9

A TAETT LitE— 2B B R ey it — 2B Ak 2
L R RACR, IPZ T TR T AU
N s,

S k.

[1] SUN J,CHEN J,DING G,et al. Spectrum recommendation in
cognitive internet of things:a knowledge—graph—based frame-
work [ J ]. TEEE Transactions on Cognitive Communications
and Networking,2024,10(1) :21-34.

[2] TAN S,GE M, GUO D, et al. Knowledge — based embodied
question answering[ J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence ,2023,45(10) :11948-11960.

[3] SUN Y,WANG J,LIN H,et al. Knowledge guided attention
and graph convolutional networks for chemical - disease rela-

tion extraction[ J]. IEEE/ACM Transactions on Computational



%2 3]

A LLA i) F T | SRR I AR AT 1 e A O

- 145 -

(4]

(5]

[6]

(9]

[10]

[11]

[12]

Biology and Bioinformatics,2021,20( 1) ;489-499.

BEE R/INR AR A ST AR E A
WM A T U (7], TSR PR A4,2023,50 (7) 213 -
220.

WANG Q,MAO Z,WANG B, et al. Knowledge graph embed-
ding: a survey of approaches and applications [ J]. IEEE
Transactions on Knowledge and Data Engineering, 2017,29
(12) :2724-2743.

JI S, PAN S, CAMBRIA E, et al. A survey on knowledge
graphs : representation , acquisition, and applications[ J|. IEEE
Transactions on Neural Networks and Learning Systems,2021 ,
33(2) :494-514.

BORDES A, USUNIER N, GARCIA-DURAN A, et al. Trans-
lating embeddings for modeling multi —relational data[ C]//
Proceedings of the 26th international conference on neural in-
formation processing systems. Lake Tahoe: Curran Associates
Inc,2013:2787-2795.

WANG Z,ZHANG J,FENG J,et al. Knowledge graph embed-
ding by translating on hyperplanes [ C ]//Proceedings of the
twenty — eighth AAAI conference on artificial intelligence.
Québec City; AAAL2014:1112-1119.

LIN Y,LIU Z,SUN M, et al. Learning entity and relation em-
beddings for knowledge graph completion[ C ]//Proceedings of
the twenty—ninth AAAI conference on artificial intelligence.
Austin; AAAL,2015:2181-2187.

SUN Z,DENG Z H,NIE ]J Y, et al. RotatE; knowledge graph
embedding by relational rotation in complex space[ C]//Inter-
national conference on learning representations. New Orleans ;
OpenReview,2018:1-18.

BEARLBR W, IR P85 QuatCNNEx: — Rl [f] 22 5 R
A HIR AR J/OL]. Tl A4 1-11[2024 -
08 — 17 ]. http://kns. cnki. net/kcms/detail/11. 1826. tp.
20240701.1016. 002. html.

DASGUPTA S S,RAY S N,TALUKDAR P. Hyte: hyperplane—
based temporally aware knowledge graph embedding [ C]//
Proceedings of the 2018 conference on empirical methods in
natural language processing. Brussels: Association for Compu-
tational Linguistics,2018.2001-2011.

XU C,NAYYERI M, ALKHOURY F,et al. TeRo: a time-a-
ware knowledge graph embedding via temporal rotation[ C]//
Proceedings of the 28th international conference on computa-
tional linguistics. Barcelona: International Committee on Com-

putational Linguistics,2020;1583-1593.

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

XU C,NAYYERI M, CHEN Y Y, et al. Geometric algebra
based embeddings for static and temporal knowledge graph
completion[ J ]. IEEE Transactions on Knowledge and Data

Engineering, 2022 ,35(5) :4838-4851.

GARCIA-DURAN A, DUMANCIC $ , NIEPERT M. Learning
sequence encoders for temporal knowledge graph completion
[ C]//Proceedings of the 2018 conference on empirical meth-
ods in natural language processing. Brussels: Association for
Computational Linguistics,2018:4816-4821.

HOU X,MA R,YAN L, et al. T-gae:a timespan—aware graph
attention — based embedding model for temporal knowledge
graph completion [ J ]. Information Sciences, 2023, 642

119225.

WANG M,CHEN W,WANG S, et al. Efficient search over in-
complete knowledge graphs in binarized embedding space[ J].
Future Generation Computer Systems,2021,123:24-34.

BAI'Y,LV X, LI J,et al. Answering complex logical queries on
knowledge graphs via query computation tree optimization

[ C]//International conference on machine learning. Honolu-
lu:PMLR,2023.1472-1491.

B/ BRI, T B%, . T 1T SO R SRBR M I T
SRR R A T ()] BRIK 54 4R, 2023, 69

(2):249-257.

WANG M,SHEN H,WANG S, et al. Learning to hash for effi-
cient search over incomplete knowledge graphs[ C]//2019
IEEE international conference on data mining (ICDM ). Bei-
jing:IEEE ,2019:1360-1365.

WANG M, WU T,QI G. A hash learning framework for search
—oriented knowledge graph embedding [ C ]//European con-
ference on artificial intelligence. Santiago de Compostela : [0S
Press,2020.921-928.

ABUODA G, THIRUMURUGANATHAN S, ABOULNAGA A.
Accelerating entity lookups in knowledge graphs through em-
beddings[ C ]//2022 IEEE 38th international conference on
data engineering (ICDE). Kuala Lumpur:IEEE,2022.1111-

1123.

OBRACZKA D, RAHM E. Fast hubness — reduced nearest
neighbor search for entity alignment in knowledge graphs[J].
SN Computer Science ,2022,3(6) :501.

LEBLAY J,CHEKOL M W. Deriving validity time in knowl-
edge graph[ C]//Companion proceedings of the web confer-
ence. Lyon: ACM,2018 :1771-1776.



	计算机
	页 1
	页 2

	计算机
	页 1
	页 2


