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Abstract  With the rapid development of technologies such as social networks and object-side
perception, a large number of interactions, topics, events, news, and other data have emerged in
cyberspace, containing a large amount of dynamic evolution and highly time-sensitive knowledge.
Compared with traditional knowledge graphs that ignore temporal information in the knowledge,
temporal knowledge graphs can describe dynamic features of the real world by modeling the temporal
aspect of knowledge and provide effective support for temporal-aware applications. However, the

temporal knowledge graph cannot guarantee to cover the total amount of knowledge, and the lack
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of knowledge seriously affects the application performance. The reasoning model is required to
automatically mine new knowledge to explain the historical state of things, predict future develop-
ment trends and describe the evolution laws. Due to the urgent need for practical applications, in
recent years, the research works of temporal knowledge graph reasoning are emerging, attracting
increasing attention from academia and industry. This paper comprehensively summarizes existing
temporal knowledge graph reasoning studies in recent years. First, the related concepts and problem
descriptions of temporal knowledge graph reasoning are introduced. Second, the reasoning
models oriented to completion tasks and the reasoning models oriented to prediction tasks
are systematically introduced, compared, and analyzed. The datasets, reasoning tasks, related
indicators, and application scenarios of temporal knowledge graph reasoning are discussed. Finally,
future research trends of temporal knowledge graph reasoning have been prospected. Above all,

this paper is dedicated to providing valuable references for researchers in the field of temporal

knowledge graphs reasoning for promoting further development in this field.
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BHZ BB P S E X &R, TITer™ 5 CluSTeR™
BT T AT LSTM (1) B 245 4 i 1 4 » o7 > I
JG 6 % s DEMS®™ SR T T [ i 2y ALl 78 g B2 i)
Fr 565 OC R R REAE b 2% 08 T E) 25 18 U 2R S AR 5k
715 Bk Ay 6 A v AS TR A7 5 B T £ L A S A > AN )
(AT, B G b 2 o SR R 3 0 5 I TR R B DR K 5
Wang %5 A% $2 T IR SR B 44 % 4% (Causal Anony-
mous Wall, CAW) , HR AR J5 X I H5 i 42 vh 24K Ry
PR B EA S W E 2 B AR b St i 4 i)
B 2SR AL LA, xERTE™ WA 1 ) F A5 SE 1K &
RFEN S BEAR 0TS N S AR AL W T B A
Wr YA e A i 5 & xERTE $83F 17— Fp i ] 5¢ &
K% & 1 (Temporal Relation Graph Attention) #1
il o 515 1 ) A A T A 3R A e A 0 A O T 4
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RV ET 3 8 788 20 AL R AR 5 SR T 1 5 v & 4 1 T
2 I 25 AL ORAIE I 8] 14 26 5 56 2 L O AN RE Wf O g 1
B FLIEAAZE LA G R DA 285 6 728 vl 2 T 4l B 1)
PR OGB4 0 200 TR 33 0 A 1 A Jo B A
3.2.2 BTN Y Rl AR A HE BT vk

it 5 3 2 (Temporal Point Process, TPP) &
— R BE AL A R ARy . B T I A R Y A
BT VR K I 25 A o SR O R BT R
SR BE AL R 7 9 S D AR A RS R T A G
S A I3 S AL R AE LA A A AL SRR S g
A7F F18 SF 1] [11) B 5 AL 45

6 T I P ok B i HE R O b, RRAE ¢ i
Z\ (8 U A7 AE RSB RI hy 2% 1 5iR B R B S A A R
BB £ (O =1 S, FM 3% RE A
S SO R 5 B H o 72 ¢ %) i) 8]
F Les e+ A0 v B T A7 7EHER
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PEAFRREL SCOVEARL T AFFER 67 1 [eo 04 A0
W ASAELE Y S5 P A 8. 2% 7 o 2 eR B I ) i
TR QB AR AL AR U I S0 Hh 4 10 A Ok 1) R
JAHA 1 4 (Poisson Process) | £ 72 #ff i % (Hawkes
Process) JEi F] 5 # (Rayleigh Process) 5 i £ 5,4
T (Neural Point Process) 25 7 g2 2 1 7 A [6 19

A 3 PR B A 7 X

TEAE T A 5 BRI SR G o ) B 55T I8 5 05
SUR YO B2 RS I vh i PO R M N BT LV €/
FAB P i b B 07 v 5 th SRR AE ¢ B 20 1) 4 3ROR u,
5 v, 38 5 SR 1) e A SR T AR B A 30 ) 2% 1 R
PR 45 AR A RBOTT 5 T & AR AR Dai B Y
F 2016 446 25 IR B AL 3 4k B 2% (Deep Coevolu-
tionary Network) , fz 744 B 7 2l 2 F2 F F 56 R A7
TEAEIAT 55 s HAT X R RGP R P - i 58 BN
&R T B SR ARERERH S
Yy SEAR R R AHEZE . ] RNN £ R g i ] - 5
T RN AL SR T3 T R AR B B A R R
SR A R R B . T A T 19 v i v fb
5 IR AL G W B R S R v R SR AL
I 2 T HEAE FR G0 TP 0 R O 1 S Rl I 20 R (O
X R S A 25 B ) A PR 55 ) BRSO AL 4G
HHTNEY SR F 7 72 7 AL d B [ B 399 1 17 o0
LR JE 6 SR 1 52 W D7, I R B v B Ao R AR S
PR 1 7 0 A 7= AR 3 B MTTNEN A A oW 3l )
2F 45 K6 BE A% B8 Jig b A B U 1) Y A A B R L S
FH T 55T v W o % 89 R i = A B4 (Open Triad
Motif) T HAE 28 1E Jhy 451 2K R B0 25 2 AR R L DL 2
> T LB g 2 A6 k) v 2 R T AL R

Know-Evolve " J&: i Fp 15 77 s i B2 7 £ 56
FR LD TAE A B R Cus s o, DB VERER
F AR TR AR ) 2 Ah R RN O R AR R
%) B S 56 B, O R D 5 T 22 A8 i i ) s Ao R T A 2R
BRI H5 St T A B A R TR BT S R A R AR AR L DUIR
% F 5k A M BT 55 5 18] 25 HEFEAT 55 Han 28 A0
T B E L2 W 4% (Graph Hawkes Neural
Network , GHNN) @5 22 5¢ 2 B 25 HITR B . 7] LAA
SR A 4T I 2 S R4 A R AT A k.

AR T R S B kB AU T T
BETT Y 2514588 FE BRI B i 28 o5 o B2y 9 Al P ol 2 XY
LRSI %R0 B oR B A SE 00 N TR R = OB R AE
B2 Oy AT IR JO VR TR LS 1 4% 1 5 R bR BT L
T A 2R 2 T LA KRB BIK Bl 1) R A SR Y AR
560 FE bR B, 125 9 B %) A 2 e R v A B A, S
PERETE SR, H AT, #i Y S AR T I TR A
R HE R R AT AR E TAE A
DyRept® M?DNE'" [ TDIG'*) 5 EvoKG*" 4.

WE 8 frzn s DyRep i F 5 1k ( Association) 5
i 5 (Communication) B 2 55 4 1 2 A5 4 58 ) 2%
PANRZHMRE SBEE X R AT #2808 M %
gty ACR K AR E IR 5 &R G R
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8  DyRep BG4 15 30 f5 04 1 B fL e A2

MR FR . AR S 238 o AR AR S AR B R A L #E
(Localized Embedding Propagation) 524K [ B 15 B,
f& 4% (Self-propagation) DA f 7 A BX 5 ( Exogenous
Drive) = F BALHE 77 Nl 5 5 55 4 1) SEAR R,
£, B 2 ) SEAR v Fom

Horpr wert W 5 WAy ikt Ry SRR R R AR B
SEAR B BAE B LSS K B B Bl SR S B (2,0 R
£, I Z) 2 Wi d5 8 1) 40 8 A5 R A AL =7 (230 D ¢, I 200 i
SR v BB FROR ] A

DyRep fiff FH il 28 9 45 A 2% 40 9 2 pR AR AL (o)
TSR XS Cu s o) 76 ¢ B 2047 76 QIR TR B A8 2 (&
FRERIC R IR LSR5 10 1B T 45 1 % B R 0 5 A A7
HE R 452K pRBICE T BB S8 b oo, 2 X RASAY
k B IA]HR IR s S8 QR AY kXY A 1 B R R
S

A= firlgy (),
g () =i [z (t);z°(1) ],

fk(‘r)zsbklog(l-f—exp(i) )

U UER] L ol TR TR R i B AL R O
DyRep 7556 2 #f BEAT: 55 55 I (8] 530 #E BAT: 55 of HUA
T 8T Know-Evolve #5119 £ RE.

M?DNE i Jf 22 W45 O )2 ThT A4 158 1 32y >
SRR FE %W TE  MP DNE 3 28 /W 45 3 F7 24 48
B RSB AT 2 5, A0 ¢ Bk 220 YL 3 H O 1 R
AR 2 e — 1 I 20 R RO H SR E 18 s RO E
THT » M? DNE Hfj 41 52 {4 %k 22 18] FE il 5% 156 fr) 366 Ak B 12
P 22 19 2 2 7 1 25 1 o R pR B A, (O THIR SR

Xf 22 (6] B B0 ) A 2
Xis (O =g vu) 85 Dy (O g Cuy ) ie(e—1,) +

PEN (D
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Hobw 5w, 3 JE Sk 55 e 20 1] 4 3R,
g Co) 2719 K 8 DE TC BRES o i C ) Sy 5] ] B 25 pREIC5
5 q 3R TR 0 5 j TERZ] ¢ 4RI 2K o Ry
BRI IR Sk VR AR AR EAE B
M) L 451 F) BT

TDIG 31 T W24 3¢ H E ( Temporal Depen-
dency Interaction Graph, TDIG) py#E &, B T 2 Fi g
U P - ) e 28 LR L IR AT 3 2 4E B
1% 36 P 2% | S S0 0 5L T 3 0 I 2% 5 90 A6 1) 428 R b 22
W28 45 2 0 P 5 9 i SSARTE ¢« 20 1) KOs, TDIG
T 3 A 8 0O 2% TS 1 2% 1 5 BE R BSOS ¢ i 220
u 545 Sk v 2 H AR .
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Wit (i Ol ) +b0)

o HY w5 o 05 238 B B 5 R
I3 R AR w0 FE ¢ I 2B OB T SRR s Waad F W
JE R UZRm S E0m & .0, 2 AT 2R D & 250 TDIG
AR 458 2% bR 3R TE A B8] S5 6T 1) 0 BL SR B 5 ABE 2R 15 17
TR A1) ST AT 1) 2 A M 238 2
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FA s . EvoKG filf I ] it 2 R 45 15 13 B4 7] 4 ]
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FE T 40 A 225 ) % 190 4 B 5 s el 2 S L R i AR A
B h A W 8 P 2 R 4% 1 S I s 2 R R b
JF 5 I RFAE S D22 2] A5 .

AT BR AR 53 A7 T 50 Pf 25 09 4% g PR B 2 )
B 25 4 B 25 4 R < PR T o 1 2% DAPR R 51 o g i)
$R IR 25 0 R R T e O [R) B 20 B 26 7 5 i 25 o 4 2%
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SR AL Tr k.
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S A A S T 1A R AN I AR A A SR SRR 1A B
T 2T A A R 3 T DA () B g S
TR 2 rh 42 4 3 ol v Ak R AL AR i R 2 g R g g
KA o3 0T oy o PE e A S iy vk TR P A 4
M 2% (Recurrent Neural Network, RNN) [ B 2% 4
575 % | ik T 45 B 2% 1 1) 25 4 % 07 25 (Convolu-
tional Neural Network, CNN) 53T B 13 & 7 (Self-
attention) F1 5l /4 BF 25 4 B8 5 s
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IR 28 I 245 [X 43 R A 1) A OG 1) B 51 R A 25 S 44
FHOG 1 7 41 JF 32t 1 — 1> D8 TC HE 28 3 47 I 25 4
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FRBASUAE. LA, STAR™ \DANE2 [DACHAM |
HIP Network """ 2t % 1 T 45 #4-1f 25 A 7 & S0l
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Dynamic GCN (WD) HDMO05: ACC 80. 4 Micro_F1 76.7

CAD-120: ACC 60.7 F1 61.0
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