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Temporal Knowledge Graph Reasoning Based on Diffusion Probability Distribution

ZHOU Guang-You, LI Peng-Fei, XIE Peng-Hui, LUO Chang-Yin
(School of Computer, Central China Normal University, Wuhan 430079, China)

Abstract: Temporal knowledge graph reasoning aims to fill in missing links or facts in knowledge graphs, where each fact is associated
with a specific timestamp. The dynamic variational framework based on variational autoencoder is particularly effective for this task. By
jointly modeling entities and relations using Gaussian distributions, this method not only offers high interpretability but also solves
complex probability distribution problems. However, traditional variational autoencoder-based methods often suffer from overfitting during
training, which limits their ability to accurately capture the semantic evolution of entities over time. To address this challenge, this study
proposes a new temporal knowledge graph reasoning model based on a diffusion probability distribution approach. Specifically, the model
uses a bi-directional iterative process to divide the entity semantic modeling process into multiple sub-modules. Each sub-module uses a
forward noisy transformation and a backward Gaussian sampling to model a small-scale evolution process of entity semantics. Compared
with the variational autoencoder-based method, this study can obtain more accurate modeling by learning the dynamic representation of
entity semantics in the metric space over time through the joint modeling of multiple submodules. Compared with the variational
autoencoder-based method, the model improves by 4.18% and 1.87% on the Yagollk dataset and Wikidatal2k dataset for evaluating the
MRR of the indicator and by 1.63% and 2.48% on the ICEWS14 and ICEWS05-15 datasets, respectively.
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q(z}.22. ... Z)|x, q(2).22,....Z)|x,
= —log(pe(X,41) + Ey, [log (1 > ; ) +log(pe(X,41)|= Ex, |log (1 > J ) (19)
po(2'.22. ... 2] X,,,) po(2'.22. ... 2] X,,,)



8 R S e it

J T IR, B A () A3 (1) X R A AT 4R S
£, |iog q(2.22.....2)1x,) 42, |X,)H§=2q(z{|z,’"') |
1 pe(z22. 2 ) () X ZH 122 o2 12))
7 CLON (A1)
poXetlZ)) L) T po(ZiN1Z))
aZlx) (q(Z!‘WZ-,’}X,) aZ)X) ]
PoXeilZ) L\ pu@ Nz X a X))

ZlX ZIX) VARV ¢
Q( t | t)l + Og q( q | l) + 10 ( q( t‘71| t. 1) )
Po (XHI IZI ) q(Zr |Xl) Jj=2 PH(th |ther)

= Ey,

log

= Ex, |-logp (Z,J) +log

= Ex, |-logp (Z,’) +log

j,

= Ey, |-logp (Z,’) +log

| aZX) [q(z{‘HZ{',X»] 1
= Ey, |1 log| —=- "0 | ogpy(X;1 1] 20
xfiog o)) +1:2[ og 220X ogpy(XinlZ,) (20)
LA (9), AR (1), A58 (12), WU AR 20) RS5Ok, BRI EON:
T
LXer) = Ex, | Y log(p(X) +l e~ &(Nas X, + V1=, @1
t=1

b, e ARRATIR G RLAIR S, e AR S 14 AR 75 . 353 2K BRSO SR 1 TN 2% TR A U R 9T 73 eR 2, 28 2 TR
HL P SCYTINAT 2 e K R, SRR BB SR 1 TOE L f MU IEREAS L SUREAR (R 8 2 FORILAL S 5L, o8 2 TiE
RIS UR 122 93 B AR S HL

ARISCRHAT Adam PRALRS PN ZRAAL, IR PR fE I Zrodd Ft b ok TR DRGE i 4% 2] 3K 4G SR DY ST AL, T
SLEFERE RS A A5 10 Adam A6 a8 75 HEAT SR IR I 5o0) T B FE (R BB R 220647 T 256 5 18, AR
WA R, T AR Bz P,

3% B
3.1 HIEE

KICAE 4 NATFI TKG BARAEIAT 7R R 0N 5256, A ST 0 4 MR 58 Yagol 1k £
#£ . Wikidatal2k $(4fi4E . ICEWS14 %442 LL K ICEWS05-15 $dli4E. Hi, Yagol 1k Hdi 4 /& I\ YAGO %
P AR TR IR Y 10 S50 5 I3 201N A1 (4, Wikidatal2k %t 45 2 0 Wikidata 285 858 B T R 24 AN IR 55 £
PR BN ; ICEWS14 $04 4 & A ICEWS i 42 h 3R BN 2014 4 R AE W BT Fi4F; ICEWS05-15 $dm 4 2 M
ICEWS ¥a4 3 HU1) 20052015 4F 5 A= 0 f5 Fidk.

ARG Jin 2 N TR ) 0 b B 5 5K, o X S i SR AT B Ak A, AR ST B 1) I 5 e dis SR AT T
He w3t o T lgese . BAFSERINREE, & g Blar ik : 80%, 10%, 10%. EFEAEA " Ty < Twaia < Tiest - 7% 2
I T 4 AMEARER ARG 45 R

#2 Hdhsgeit

EISIES H#E A AR G B #llpti HIUESR #IIIA G
Yagol 1k 10623 10 161540 19523 20026
Wikidatal2k 12554 24 539286 67538 63110
ICEWS14 6869 230 74845 8514 7371
ICEWS05-15 10094 251 368868 46302 46159

3.2 FHEIEFR
o - oA R B 1) 38 1) 2 TUIAT: 45 58 A6 T00I A SR I AT 5 R DU JGAL (s, 7, 0, 1) R IFI Sk S s 5 B S o .



BRA 5 KT AR A 690 5 Fo iR B 14 22 9

ENER R, ST AT ZSR 0 DU e ALK 3, LTINSk SEAR S B, 55 (s, 7, 0,0) W 1) s T AU B B v (R0 s ) ¢ 2 i
A BT 1 SEAA BT AR, ARG R AT 23 bR Bt 50 5, 0BT AT HER. KPR AR 2 T XTSI AE
VUICALIM IEfE R B, AR, HE BRI U R . A SoAs F A I PR AN PR $8 A% MRR 5 Hits@m 3EAT M.
MRR 2 JT A IER DY ST HE 44 B 5135948, Hits@N = FT A IEHPU TG I TT N NSRRI HLd). fEASEE b, w
N=1. 3. 10.

TEINZRI R b, A ORI A ¢ 15 20 B 2 T IR SEAR B LA 4 DY ST AL (2 185 20) (1) S STAAR B JRe S A4S AR e AR A
TEMARI AR, 0 ¢ I %0 A2 i s DU e 416 AT B A IR T o4l 2 5 HE 4, 1X 45 52 m 2 IE A DU c 4L b HE 4 . 2%
Hij A — SRR 5 41 CyGNet!”, 4 Fl A% G0 0 i A5l g, 6 AR5 RGN 1) (R 32 A 0L IR 1 S 4 b (B DY e 41,
ANIE T FE KG. R, 4k S5 RT TAR, 7803t A2 o SR I v Jg e 3ot 5 0, i ) Jee e ot i 4% 8 4 P A2 A T
B AR AR T o g R N R] ¢ AR ISz, i n, T PRANPY AL (WA, JRAE T, 36, 2008 ) BAK (B, JE A
T, I, 2020 &), ool Bk, EAETF, SEE, 2008 &) B E 2020 G HIL. K, #F 2020 SEIX (A1, B 1A) /s
S pE S (BkHH, T, 3 2008 4F) ad gk, 1A% G ER S I PR SN o A I P .

33 SHKE

ASCA#FH NVIDIA GTX A5000 GPU SEHLIZRER. 7252560 rh, 4 H Adam D04k 28 PR 2 ) 30 XX A5
PR A, A5 A1 2R SRS T A S A AR B0 E 48 LS ER (. HAdcth, A IR A4S dim = {100, 150,200,250}, %
2] % Ir = {0.00001,0.00003,0.00005,0.00008,0.0001}, £t # A& % era= {100,150,200} , Y ZriL T2 P K13tk KN batch=
(256,512,1024} , 4 B 3% 48 ¥k HJ = {500, 1000, 1500,2000,2500) , 247 =2000 , KA X H a= (200,400,600, 800,
1000}, 1 A4 HL BT LG 1E ¢ = (0.8,0.85,0.9,0.95, 1) FIL 1F{H d={0,0.05,0.1,0.15,0.2} . % 3 JE7~ TR 4 DN
£ R E R E.

®3 SHEEREYIR

(e Yagollk Wikidatal2k ICEWS14 ICEWS05-15
dim 200 250 200 200
Ir 0.000 08 0.000 03 0.000 1 0.000 08
eta 150 150 200 200
batch 1024 1024 1024 1024
J 2 000 2 000 2 000 2000
n 800 600 800 800
c 0.9 0.95 0.95 0.95
d 0.1 0.1 0.1 0.1

34 BERG

ASCF DPMTKG A58 55 B 8 FL 2 0EAT LU G 445 KGE # BRI KGE #58, HirR, f£45 TKG B 200
T INANS A, AR A3 TransEPY, DistMult™, R-GCNPY, ConvEP™™, ConvTransEPYH1 RotaBY7. %k 43 5
K ok [ Li 2 NP I TKG R AT 20 g 4R R A P 35 93 26 T4 21 AR A TR b S8 TR [, 7] 2
P} e 2 (1) S SEREAT TR, AR MY = BA3% TTransE!'\. HyTE" A1 TA-DistMult!"? 38> SEi 45 Bk [ Li 2%
NGRS IS TRV S TR A [, 00 1A A SR 8 92 30EAT T, JLAR Ze 570 3 S840 4% RE-NET™. CyGNet!/ Rl
TITer™. DBKGE". EvoKG""\. 5¢F RE-NET. CyGNet fll TITer. EvoKG, A CEHL T AU IF45 H 926 45 3.
3.5 LWERSHHR

FA4MME S IR T Yagollk. Wikidatal2k. ICEWS14 Fl ICEWS05-15 Bym s 45 5. 3Lk yli kil 50
32K, b 1 RS TT I B 2 MR THRAE I A, 8 3 BONIETAMER 7% I 4 R 5 o A7 RUR 34
IR
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4 AE Yagol 1k Fil Wikidatal2k Fri 4 b iy 4 R Pl i i 7 4 51

Baseline Yagollk Wikidatal2k
MRR Hits@]1 Hits@3 Hits@10 MRR Hits@]1 Hits@3 Hits@10
TransE 41.39 26.78 55.27 57.66 41.25 37.51 44.48 46.13
DistMult 44.05 - 49.70 59.94 27.96 - 32.45 39.51
R-GCN 20.25 - 24.01 37.30 13.96 - 15.75 20.25
ConvE 41.22 - 47.03 59.90 26.03 - 30.51 39.18
ConvTransE 46.67 - 52.22 62.52 30.89 - 34.30 41.45
RotaE 42.08 - 46.77 59.39 26.08 - 31.63 38.51
TTransE 26.10 - 36.28 47.73 20.66 - 23.88 26.10
TA-DistMult 44.98 - 50.64 61.11 26.44 - 31.36 38.97
HyTE 14.42 - 39.73 46.98 25.40 - 29.16 37.54
RE-NET 45.87 35.45 51.74 61.44 30.45 22.89 33.48 41.16
CyGNet 4491 36.19 50.46 61.52 43.12 37.81 46.65 52.52
TITer 41.90 26.89 50.85 69.67 27.27 15.02 32.45 51.95
EvoKG 48.34 40.98 54.69 66.68 44.07 38.48 51.29 54.68
DBKGE 46.10 33.03 55.49 63.47 43.30 38.24 51.29 52.31
DPMTKG 50.28 42.19 56.34 66.26 45.17 39.67 51.80 55.24
%5 {6 ICEWS14 Il ICEWS05-15 Hudfi 4 b i1y iR ] i 4k 1 5 2
R ICEWS14 ICEWS05-15
Baseline - - - - - -
MRR Hits@]1 Hits@3 Hits@10 MRR Hits@]1 Hits@3 Hits@10

TransE 13.42 3.11 17.32 34.55 16.75 8.61 18.41 33.59
DistMult 20.32 6.13 27.59 46.61 19.91 5.63 27.22 47.33
R-GCN 28.03 19.42 31.95 44.83 27.13 18.83 30.41 43.16
ConvE 30.30 21.30 34.42 47.89 31.40 21.56 35.70 50.96
ConvTransE 31.50 22.46 34.98 50.03 30.28 20.79 33.80 44.95
RotaE 25.71 16.41 29.01 45.16 19.01 10.42 21.35 36.92
TTransE 12.86 3.14 15.72 33.65 16.53 5.51 20.77 39.26
TA-DistMult 26.22 16.83 29.72 45.23 27.51 17.57 31.46 47.32
HyTE 16.78 2.13 24.84 43.94 16.05 6.53 20.20 34.72
RE-NET 35.77 25.99 40.10 54.87 36.86 26.24 41.85 57.60
CyGNet 34.68 25.35 38.88 53.16 35.46 25.44 40.20 54.47
TITer 38.73 32.70 46.46 58.44 39.98 32.77 41.86 55.01
EvoKG 37.24 30.94 44.84 57.67 36.81 38.48 40.58 54.92
DBKGE 38.39 26.34 45.01 58.22 39.79 38.55 41.46 57.28
DPMTKG 40.02 28.32 47.15 59.47 42.27 39.04 43.22 58.49

o Sl SRR T IEAH IR, BT 6 ATHRA R BEARN R 22, R TR A AT 2 T B IR 3

o FEFHRAE 0T (41 TTransE, TA-DistMult) 78 VY JG AL (1) 3 A ek i [a) R4 7 A8, DN b B — 52 I HE R R
FETAMERAY (W RE-NET. CyGNet Fl TITer) XS4 IR iy PR REAEAR S 2R SN 11, Db 7 000 A Sk = 512 77 T
PO RS T B B BAR T S L IR A

o 5 HAEE T AN 7545 (0 RE-NET. CyGNet Al TITer) A H, DPMTKG #HU7E 4 N Ecin g - #8AS T &
UFI R X VE A FEbr MRR , 55 DBKGEP B Ml LL, DPMTKG % 4E Yagol 1k Fl Wikidatal2k 43 54255 T
4.18% 1 1.87%, 7F ICEWS14 Fl ICEWS05-15 ¥l 2 B4 T 1.63% 1 2.48%.

6 JE/N T ASLAE Yagol 1k HHE AR Wikidatal2k $di 4R 1E UK 4~ 2 ) (Florence Augusta Merriam Bailey,
graduate from, ?, 1882) UL & (Raphael Leo, playfor, ?, 2010) ZE4T Filll i, A SCHe¢ ) DPMTKG FiZ4H DBKGE #5
T OMige ik SR TR HEAZ BT 5 I SEAR IR EE IS 0. 76 25 ) (Florence Augusta Merriam Bailey, graduatefrom, ?, 1882) i,
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B T A S44 Smith College 2 4b, HABHEAZ LTI JLASE 44 5 Smith College & X i, ¥4 K%, SR1, DBKGE
BT 5 AMBIE S A, Smith College Hi44 58 3, JF HHEA 5 5 IS4 New York, AHEHAR 4 A SEAAT 55
NMAHZEBK. 24 £5 ] (Raphael Leo, play for, 2, 2010) (Wi, B T £5#)5Z {4 Sporting Clube de Portugal B -2 4h, HAth
JLANSE{ARS 5 Raphael Leo /7 7E % 1) 5CHL (Raphael Leo 2 8 i JLANERBA R i), 52 ALk, DBKGE 76 £ ifi 15 2
] 5 Mk SR, Sporting Clube de Portugal B HE44 28 2, J£ H. Raphael Leo AN %% /11 Aue FC in the Erzgebirge
FI Spanish Club. LA F45 5K, ARSI 2 A 7RIS d8 G 7R b2y ) B d 2% 8] v S TR SCRE N (R 1 3 2536
71, P DR AERTHE S A4 T SCE I [A] AR 4k R 2.

# 6 T DPMTKG Fl DBKGE 7t Yagol 1k Fi1 Wikidatal2k %534 (1) — N2 92451 40

ZEA WY oAl DPMTKGIIHI 5 MFIE A DBKGE [ Hi 5 5 4
(Florence Augusta Merriam
Bailey, graduate from, ?,

Smith College, University of Marylan, Columbia University of Cambridge , Columbia University,
University, Yale University, University of Arizona ~ Smith College, Yale University, New York

1882)
Sporting Clube de Portugal B, Arsenal F.C Portugal national under football team, Sporting
9 _
(ZRO?E})lael Leo, play for, 2, Academy, Portugal national under-16 football team, Clube de Portugal B, Catalan national football
Spanish Club, Spanish national football team team, Aue FC in the Erzgebirge, Spanish Club

AR AR

3.6 HELAFSR

T W FURE RS &N 50 % S 7 A B, AN SCHEAT T W RS, sk 7 #1348 s, DPMTKG w/o forward
FORAAEFHTT M3 H, DPMTKG w/o backward 75 A8 FH S 47 8. S50 45 3R B I M4 805 I 4 BU7E A 2
(R ST 0k T A AE . DPMTKG w/o forward i S [47 HI B 388 068 i 4 el 04T 35 A QSRR b B 27 3T 45 31
B R AR A A S 25 FEAR B, PR A T AN AL B S et A B B L (R SR 1) BLSE 43 Al DPMTKG
w/o backward SN B EAT T [0 BOG BRERAE S AE AR BRAR B T R — I Z0PU e AL M B o AL SR ER S R, M T
DPMTKG w/o backward 7EHEAT — ZR 51 (¥ ok 78 5 416l 7 2 1) 2522040, Rt DPMTKG w/o backward U3 T
A FE S0 25 T, STae Y T S T IR A R

# 7 A Yagol 1k 1 Wikidatal2k a4 b8 RbIT ST (1) S2 06 45 5

o Yagollk Wikidatal2k
- MRR Hits@]1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10
DPMTKG w/o forward 36.67 27.10 48.75 54.12 28.36 22.02 33.40 42.78
DPMTKG w/o backward 31.54 24.68 37.66 48.01 20.58 14.39 25.01 33.34
DPMTKG 50.28 42.19 56.34 66.26 45.17 39.67 51.80 55.24
# 8 7 ICEWS14 F1 ICEWS05-15 Hi 8 b W Rl 55 ) Sz e 45 5
e ICEWS14 ICEWS05-15
- MRR Hits@] Hits@3 Hits@10 MRR Hits@]1 Hits@3 Hits@10
DPMTKG w/o forward 25.38 16.02 35.37 45.09 24.00 20.45 28.39 42.78
DPMTKG w/o backward 20.17 9.04 28.66 40.68 19.44 10.01 26.54 38.93
DPMTKG 40.02 28.32 47.15 59.47 42.27 39.04 43.22 58.49

3.7 BEEFILIRAIFN

o AR T (W 5E . FERT ) AR, SRR HOE 1R 2 AT A5 2 A 0 1 e 5 AT L, R o A 7R
TRITIEAC VB S5 (s m ik Rt e, 868 J = {500, 1000, 1500,2000,2500) , K57 MRR/Hits@1/Hits@3/Hits@10
B J AR DL Wik 9 R 10 Fw, 78 4 N5 b, B J 138 0, MRR #3427, 24 7 = 2000 FRHE, S256
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S

OIS T BUF L5 . 24 T > 2000 (I BCR AT A /IR BESR T, (R i TR EOE 2 e v R 2 s . S
S SRR, T LB s AR S 5 R AT R I L eI AR BT — B R B A 4 X S 4 R A AR R .
#9 7F Yagollk fll Wikidatal2k ##i8E EASFEREL g 1) S8 45 3%

J Yagollk Wikidatal2k
MRR Hits@]1 Hits@3 Hits@10 MRR Hits@]1 Hits@3 Hits@10
500 40.39 31.74 42.26 47.66 28.35 21.52 32.28 38.13
1000 43.04 35.38 45.60 55.64 36.96 29.38 44 .45 44.51
1500 47.35 39.40 54.01 63.30 39.96 3345 49.75 53.25
2000 50.28 42.19 56.34 66.26 45.17 39.67 51.80 55.24
2500 50.67 42.57 55.29 66.52 44.89 40.39 52.30 56.45
%10 7F ICEWS14 1 ICEWS05-15 $idE LA FBACT S J 10 S e &5
J ICEWS14 ICEWS05-15
MRR Hits@]1 Hits@3 Hits@10 MRR Hits@]1 Hits@3 Hits@10
500 29.45 22.67 32.01 39.54 30.20 25.33 33.87 42.29
1000 34.87 24.06 35.42 46.74 36.96 29.79 39.90 49.55
1500 38.12 27.94 42.47 52.69 39.96 32.97 41.93 54.01
2000 40.02 28.32 47.15 59.47 42.27 39.04 43.22 58.49
2500 40.11 28.98 46.29 58.35 42.98 38.91 43.01 59.23

o AL n W RE M. 78R I3 e, B n (3K, SRARR B ZE I 0. i n LUK, T84 SRR IR B Wi 3%
BNEs 28 Sy Ve fE I5 ). ARSI IRIY T RRE IR BN MRR/Hits@1/Hits@?3/Hits@10 FISEI. 76 J = 2000 5L F,
W R FE L n = {200,400,600,800, 1000} . W5k 11 F15 12 iR, BEGE R IREN 2, His@10 B #iE . 0 T
Yagollk FdEdadciii, 24 n = 800 HIINHiE, MhAE# A2, XF Wikidatal 2k Br¥s 413, 24 n= 600 I, YEAE#A
THEE; T ICEWS 14 Zdi ki, 24 n = 800 HINHE, Mg T30 58 ; X T ICEWS05-15 £ f ki, 24 n= 600
(e, PEReE TR, RIS B, G 75 A1 SRy 2 A B v SR Tl 52 11 [R] N4 e A i S 1k e 1 e e

F 11 {E Yagol Ik 1 Wikidatal 2k 3452 _EAS [RISRAT VR n (VI 7 2600 1Rl e B 45 I
Yagol1lk Wikidatal2k
" MRR Hits@1 Hits@3 Hits@10 MRR Hits@!1 Hits@?3 Hits@10
200 21.25 18.65 24.44 30.53 20.02 17.52 24.89 32.48
400 35.67 30.44 38.62 43.39 38.44 32.09 44.60 49.34
600 44.39 36.32 49.02 60.58 45.17 39.67 51.80 55.24
800 50.28 42.19 56.34 66.26 44.88 39.90 51.01 54.58
1000 50.48 41.96 56.01 66.85 44.46 39.38 50.96 55.36
# 12 7E ICEWS14 Fll ICEWS05-15 ZHi 4 AN A RAFIEL n 19 P 0 R Pl i 4 1 25 1R
ICEWS14 ICEWS05-15
" MRR Hits@]1 Hits@3 Hits@10 MRR Hits@]1 Hits@3 Hits@10
200 10.19 7.96 13.12 20.34 15.78 12.49 21.48 24.21
400 24.87 19.45 29.02 37.50 30.01 23.50 36.46 42.19
600 33.08 25.74 41.95 52.38 39.89 3542 40.17 53.69
800 40.02 28.32 47.15 59.47 42.27 39.04 43.22 58.49
1000 41.15 27.09 47.78 59.26 41.50 39.51 42.28 58.68

4 4 1

ARSCE Y HE T4 B 20 A P IR 60 R A FIASE Y of T RS TR WGP HE A 1) D 52 e A IR, AR S ST
ANy R T A, T 2 ARG B AR s b A o R R s ] rh SR SCREIN 1] A ) AR, Il iX AT 5, B
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AN FBEERAN G T AR S AR TE SR — AN AT R, 2EIX B B0 R, A5 0 0 20 A 4 AT SPTSNSR8
T AR, ARSCHE 4 AN AFFIEARSE T T RE LR, swih g5 LR WA i LT 357780 A 3 dntidh 4
[T, BARICUL, ST PP R MRR, BEHAE Yagol 1k F1 Wikidatal2k 73 #1327 T 4.18% F1 1.87%, 4 ICEWS14
FI ICEWS05-15 £dli4E Lol T 1.63% #i1 2.48%.

KK T TG WA T BARER. 1558, TKG I8 IR E B3 TR, il aef & SRz, X TKG
ANAAT 55 7 A P S 1) G THT S . AR I A4 2 R Qo] A S 2 S 30 0 5 IR D R B (R B A Y, O R
TAT A a) SE IR AR R YR LI, AR SCHE H (R 5 AT R i A 35010 B UL, YAt 2 S0 1R DY e 4 R AT S N e
ATV AT R M AR 3 a5 2% B8 A 51 N NS R ABE iR Ak 2 >0 B8 AT 38— 20 B TR AR % 17 ke 552 (1 U 4 ¢ 10

o6
Ae /J.
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