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Survey of Knowledge Graph Reasoning Based on Representation Learning

LI Zhifei,ZHAO Yue and ZHANG Yan

School of Computer Science and Information Engineering, Hubei University, Wuhan 430062, China
Abstract Knowledge graphs describe objective knowledge in the real world in a structured form,and are confronted with issues
of completeness and newly-added knowledge. As an important means of complementing and updating knowledge graphs,know-
ledge graph reasoning aims to infer new knowledge based on existing knowledge. In recent years, the research on knowledge graph
reasoning based on repre-sentation learning has received extensive attention. The main idea is to convert the traditional reasoning
process into semantic vector calculation based on the distributed representation of entities and relations. It has the advantages of
fast calculation efficiency and high reasoning performance. In this paper,we review the knowledge graph reasoning based on repre
sentation learning. Firstly, this paper summarizes the symbolic representation, data set, evaluation metric, training method, and
evaluation task of knowledge graph reasoning. Secondly,it introduces the typical methods of knowledge graph reasoning,including
translational distance and semantic matching methods. Thirdly,multi-source information fusion-based knowledge graph reasoning
methods are classified. Then, neural network-based reasoning methods are introduced including convolutional neural network,
graph neural network,recurrent neural network,and capsule network. Finally, this paper summarizes and forecasts the future re-
search direction of knowledge graph reasoning.

Keywords Representation learning, Knowledge graph reasoning, Translational distance, Semantic matching, Multi-source infor-

mation, Neural network
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S A FE A T TransR A8 2 81 i 2 19 1] L, JF EL7E
TR B S TransH BRI AT X, 76 5256 45 3R FAH Lt 22 i
BRI 3] T —E B4R T,

Sk % [B] KAZEN
BPEE My, h,
hf
V4
/
/ r

/)

BEEE My
A 1,

/ t
v

6 TransD BA R B A
Fig. 6 Schematic diagram of TransD

RotatEM* AR A I 35 4F S 48 A9 Ak LT 2 00 240 0 8] i #f
RO W 7 BRI L A O R O TE B B )
(Complex Space) H1 ] 3k 52 4 2| B 92 14 1) JiE #% (Rotate) , 7E 4
KHEHAT 55 W B F 2 AT AR AL, 7F WN1SRR A8 4 1o
UK Hit@10 48442 F+3) 57 % LA 1. RotatE #8150 B B24%
W TR L% B UL A O R 43 25 S 4 BR 56 &R (Symmetric, 4l
“RFE”) VH R ZR (Inversion, M“LE"S5“ZFH U KA S
X % (Composition, WN“AC K7L E W H G R HL ™). N
Xf bR G R T A, RotatE 50 44 52 R 5G it 5 3 & 4%
2N IR AR r XN IR h B R SR ¢ 1Y %8 )
WERE 52 LT R P43 pR 4K -

¢Chorot)= | her—t |, where h.r.,t&C? an
Horpr, o R 3£ 5 3 e 1 (Hadmard Product) , Cf4 3R & 1) =
ZE0E] . 455 F W, RotatE HEBIRRAS AR 47 b 2458 3R 3 Fh K &R
KR ARG A bRV W R 3 R AR A
HEIAE 55 .

B4 18]

)

[’ 7 RotatE B R = F
Fig. 7 Schematic diagram of RotatE

B F R AR MR B LS BIFGE N G R TP RS B g AR 36
PR T VR 28 SR S A Y . Trans AHP 72 )
TransH 8 F-H A B AR b, 51 A A ER IS B B9 W T 58 2 1%
Hb X A3 IE 48 =04, TransSparse-'™ 2 fif ok 2131 (& 33 v 17 75
B S5 JO P R A P A5 A T R, B 0 A R A B 4 B 4G TransR
AP AR %, TransGH'Y 5 KG2EM2 A Jy iR & 3 Y
SR O RS AFTE £ T S HE 8 0T 40 A ok R S A
53R IWMM S o b 524 SC 1) k14738 24 0 i A b 2
e 52N SE AR X X 4y, ManifoldEMY A Kz TorusEHS

43 5K i TE (Manifold) #1128 BE (LieGroup) 28502 7 e 9 B 3|
SRR U B, T 22 TransE " h+r~t BIA4H, KB-
GANUTEF 6 55 = T8 240 A 15 12 S 13 110 [in) A, B2 1S 48 ) A A
Xt 4 ) 45 A B SRR AR
3.2 BEXEBEFE

i L VEAE (Semantic Matching) £ % | F T 56 F 45 LM 1Y
VE43 R B, 38 2o DT I S 1A R 56 R Y W AE T SOk A TR =0T
ZH B E R LW BR R S 4 43 f# (Matrix Factorization) By XU £k
P (Bilinear) 7Y, 1 Sy HiL 7 (1 3 SCVC i 8570, 4 & 8 frow
RESCAL™ i i [a] it 7% SEMR W8 2610 L, IR F LR W
B X A e VR AR T S IE AT A AR, AP RN AR = oo Al
(hsrst) \RESCAL 22 X T 41F ¥F43 pR 4K«

d d
$Chor D =R"Mt=> >[M7, « [h], + [t], (18)

Hrp ht€RURFd HEiBE X M, EROZEE R r HXE
BUHERE ., ERIEr BT Tk h SRETW  EXR r
0L T UG TR B (B R IR (s s ) 21 WG IE B 1R
SOCH Y B

d(h,r, 1)

h t

& 8 RESCAL #i# 75 % &
Fig. 8 Schematic diagram of RESCAL

A L& B, RESCAL 58 1Y (14 [ 6 7 B A 2% , 58 o f fk —
AL Y1) =B I R R ) SR R 6 R IE CFROR . (R T X
IR R T et B S R 56 FR B0 Y 2R B L T AR
A0 B B 2k 248 B E AN TR, AT 3 3 RESCAL B iy 155
BURKR T . Aok R ), — &R 51 3 F RESCAL A9 4~
JREBLRLAH Ak 4R L DOR S b B it R e b A
fRF MR BRI T,

DistMult™**) 455 5 18 5o 85 45 [ ML, 24 5 % £f 46 [ (Diago-
nal Matrix) K fij ft. RESCAL B8, W& 9 iR . % F &A%
F o ZAE R R — AR R L i e A — AT
VE e 18 SL (% % 6 46 1 diag (r) . P, DistMult #5689 (1) 37 43
PR E SR

¢(h,r,t):h'rdiag(r)t:[i[‘/][h]; O - O, (19)

G(h, 1, 1)

h t

|89 DistMult £ %175 7% &

Fig. 9 Schematic diagram of DistMult
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PEIPAr BB T3k 9e ik b SRR TR r 0
IR — 4 B Y i SC UG IR B2, AH Tk RESCAL #5281, DistMult
AU FE 2 B it MR U /D () 1 0 T T e R e T AR, R
AR AE A S ORI L 040 = e 41 (W A L 3RO, 85 BR iz B
FORPFERR" diag (r)t 5 =04 CEERIZE 3 5, Bl Bk
W) 50 45 Bt T diag (r) b FEBEHL B F 52 40 %5 L (H G —
AR =04 B AR R IR Y

W 10 F77R , HolEPO R 25 4 RESCAL #5881 7 1 J
% F1 DistMult % 3 55 2% 3 06 3, 42 11 6 4 B ) & (Holo-
graphic Embedding) 2% 2] SR K 56 R 918 LR, HAT 57 i
e LR

$(hars ) =r"(h* D) 20)
Hrp,

Chox 6= SR+ [l D

220 SR QUL B » RAAFIH KB 1 7T
e 0 4 7T 38 mod 965 Ak 5 5 CHD -1 e 5 51
FRIAREO . Lol 5T A A AR AT B0 he o
I UL T DistMule BERIEJE XS 6 7 A4 o 7 75 0
2. HOIE {E U Al B H 7 08 FH I3 L 0 T
LG e S R B T 4 B (870

G(h, 1, 1)

K 10 HolE # AR &K
Fig. 10 Schematic diagram of HolE

ComplEx" 15 R 5 6 6 &2 4502 8] 51 A 018 [ 3% o 84T
% . % B F) DistMult 48 B v 528 4 2 18] A9 s BUH LA
B4 R SO i A 35 X iR G 3R ) 3 TR B SR T A s
1] Sf AN X Bk 5C AR [ I PR B A BR AR 0 3R A 3 BV s i)
)52 Z BE S 2l . M3, 2 LT AT 30 B AL

$(h,r,t) =Re(h"diag(r)t) where h,r,t € C* (22)
BARWE

¢Chsrst) :Yﬁl(Re(h,-) * Re(r;) *« Re(t;) +Re(h;)
Im(r;) * Im(t;) +Im(h;) * Re(r;) « Im(t;) —
Im(h;) « Im(r;) » Re(t;)) (23)
Hor, Re (o) AR U 23 Tm () B . 785
3577 T, AT 187 7 1) ComplEx 78 2 M HEFRECHE 48 R AR HLAS T
AES IR, B 08 T 24 R B 5 19 HolE BEAY
Tuck ERSH R A ) T — Fh £ T ¥ 58 43 fi# ( Tucker De-
composition) 4 1 TH ] 3 4 H 7 i , IR B T A 4 1 AR 4
Fh 1 5] B E 6 KR SR . AL S R B i £
SR B O FR 2 1) Y 1 SRR AR = A [R) (Y ) An SR ik 5
S A G I 22 R A S R | 4 S SCRRAE 2R AR R D

PR AT AR — S 420 T R AR R 3 2k s al SURRAE L O
T U PF 43 pR L -

$(har ) =WX hX,rXt (24)
Hp We R LR ILEZ MG UK & ho e € RUNER AL
RS B d 235 S r € RMCE A L R BT 1) & 4E1E X
Ml i, 5 S5 TuckER % 81 ffi ] — A~ 2 48 [ 9 (Logistic) B %X
o(Char D) RAREN IR =0 har OB R R 10
FIEH,0 FRFREE IR,

T IEB , TuckER B8 HAY 5040 R ik, — 26 B il L
JE it 4 % (41 RESCAL, DistMult, ComplEx) 3 7] #1 & Tuck-
ER 7R 2 BT L6 . teoh, ZB R 0 SR R ke K,
HA A WS O 2 B IR SC IR 4 R R R
PEARAE, 5 SR RO R MR T . IR TE LG b, B 45
B 8 S 1) B 2 T A5/ L Tuck ER B0 A Bl B A5 AR B 4 9 282
B, M EERE N 20 B, 78 FB15k-237 $di 48 E A L Com-
plEx 7 MRR WM 4r$2F+ T 4.2%.

B 1 R AR SR AR A LS BIF 58 N B2 3k i CDE BB AR, iR
TV 20 A TR A R B ANALOGY™® 78
RESCAL #2#Y iy & &l I, 51 A 28 o 45 # ( Analogical Struc-
ture) , DA T RR o] 4f 3 25 5L 04 ¥ BBl 3 17 4% =5 HE B ME A PE . Sim-
pIESY X 7E 2 3 3k BB S MR X m) i B AE 7E R kS 9 )
B, 5] A5 & (Inverse Relation) i 15 2% 2 19 3k B 54K 15 X
] i AH AR 81, Compl Ex-N3U 1 ¥k 51 A = Wy 1F ) 4L 351 , 1]
TR 1k T SCUE BC J7 vk 3 i AF 7E /9 L4 JR) L, DihE-
dral®™ A BUA A8 VLD ik 2T S RA A Y B,
AT 5 80 P PR 4 e = AT g R L Ok 2 R A PR AR
BiJ )1 /K #f ( Finite Non-Abelian Group) K ## X R H 4.
MuRP" V5 5 1R R 28 % BT 5% 1 2 I A5 A L R 4
HAE B 2% 8] ( Hyperbolic Space) 2% 2 SEAK K 56 & B9 15 X 1)
7, QuatEPS gk — 4 R T ComplEx #5AY, 15 78 U Je 5
23 [A] (Quaternion Space) g SE K FI 56 2 @A, I 2R FH WA %6 /K 1
B ¥ (Hamilton Operator) #1718 15,

3.3 MINEGHEEMBFERLE

ARATA GG T R B G A 2 Y MR vk A4S DL TransE
T Ol AR 3 17 HE S 7 vk L RESCAL #5780 5 f{ 3% 1 i
SCVEREE 7. AN 4 T8, AR SO 1 3 Jr 25 19 37 43 o 400 52
TR S RPFAR LR AT T . Ho, 3k T 7 B R B 1Y 4 2
I8 O 2R AR Sk SR R S A A o S8 ) 1Y P B L B
A BRCRE R v TS ) R RS RN 2 R
#& (TransH, TransR, TransD, TransAH) . 1% X 22 % (TransG,
TransSparse, KG2E, IWM) | ${ 2% 3% i5 fit £ (ManifoldE, Ro-
tatE, TorusE) . A FEAS 2 i (KBGAN) 45 £ B 9k 17 o 9k . 3 B
187 WE M PERR IR T A T 1E SCUT T Y i B T 5 5 5 5
AR 5 2810 TR A T8 SCH 4 B = 0 £ 1 o P A A L 3
B RARRAE 24 3] 50RO W B ARE . RS — i it
4 F BE A B R AT 4K (DistMult, HolE, TuckER) . 5 — J7 i
1t 5] A M4 (ANALOGY , SimplE, ComplEx-N3 , DihE-
draD) SRAE W HEHPEGE . BRAL BF9E A R 22K 5] A TE % L4k
J 23 ] (ComplEx, MuRP, QuatE %) % 5214 K 5% & g, (H 7
SHORAE TR R
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Table 4 Comparison of representative knowledge graph reasoning methods
% A i E A pCh,rat) SR AE * R AR
TransE Thtr—t] Ly/L, h.tERY rER?
TransH I h=wrhw, +r—t—wlew |, hot€RY row, €RY
TR E % TransR | Mp+r—Mill L, h.aer? rERY ~MVG]R"'X‘1
TransD I M, ,h +"*M,..,l I L, h.aER? rM, M, eRr?
RotatE [ her—elly, hoaecd recd
RESCAL RTM haER? reRr? .M, € R
DistMult W diag(rt ht€RY rer?
& SLUIL R O % HolE rT(h*0) h€R? rer?
ComplEx Re(hTdiag(r) 1) haec! rec?
TuckER WX h X r Xt h.t€RY reRb we r? el

R LR AT T LA Ah 5 T 3 2% o7 1Y J LU IEL 3% HE B0 AP T I
VFZo PR 1) Aol /5 22 VR0 JE 0 B A A B 4 A R LR OR L
7452 15 1P T 335 4 AR DG A 55 9 1 BB 5 2 A ] ) T 224 i 3 AT
V4 2 T TR B 2 > 1 o 0 ) 245 5k DR B2 v A5 14 0 SCARRAE 48 B
B2 a0, L, TR ASORE AN GRS ZHE LW
SRR A R 5 9k AR T 0 4 SR R A vk

4 BEZIRERBMAIRELERSE

TG 2 AT 8T LA Bl b T AT A S SRR DA 2
VR PR A B DG AT 55 MO MR RE . 4% G0 10 Jn L T 33 e A 8
AT A ARESE A S ES A EL 2T FEEMN
AL B . FE P K R R SO
WAL T RV ATRCHE e b A2 O S el A OR e A A A
SCAS BT A 22 U5 A L E BUA SR B R e E s — A e R
AP R A, RG220 B IR E S R Oy T, ©
S — SRS AR AR A AL TR
4.1 XAE#HIR

DKRLE R 4 1T — b 3 S A 3 11 01 1 PR 3 4 2
RS, & £ A Freebase I Bl b = 6 (9 S5 R 4 17 B
WE 11 BiR , DKRL B8R 4 5k B 500K (19 1 3R 15 8 AR sk BB
ST [ R L SR T SE T TransE A5 AU 4 451 2 R Bt 47 L
BNk, HEikH, DKRL BB E SCT 00F W55 R 4K

$Chsrsy= [ h+r—t | o, + T hytr—t, |, + | B A+

r—ty o, + 1 hyt+r—t ||, (25)
Hodv, b /by Fe, /e, 53 5) R 5T 45 #5 B9 (Structure-based) Al &
F iR 1 (Description-based) 3k B SR HEAE 7 B, #iE AT
AL HR B3 & AR S AE R S TR S R
RO SCARFAE . 7ESCARRAE R 7R J7 T, DKRL SRR B T 79
FAS [ 14 5 125, 43 331 A9 37 52 A0 48 T ok A A5 AR 22 I 246 T vk

r

Ll (0]0]0)

RE XK HSE

€l 11 DKRL #RR &
Fig. 11 Schematic diagram of DKRL

TEAE B 5k J7 T » DKRL A58 B9 T 55 K [A] i 45 2% R L

AT I GR LA 526 45 3% W i AR B A Lt TransE 5  7F
WAL ERA RER TR T, A, DKRL BCALA ) T 58
PR3 SR R e o TG R B R R B S AR e
185 Bl S A I TR S SCAS B AR L 1A A R 6% AE RSO )RR AIE 3R
ARSI TR S MAN 2 RAHEEE X,

TEKE" 452 8 £ 3of 115 P 385 i 20 159 52 2 5% 28 0 K00 7
B A6 IR 4 K TR R 1 SOAS AR B A B SR I R AR R R
I HAF—A> 3 Z % T8 [/ 1 3k 56 1 0 R S (80 A R T8 i 3=
s NI B iF i e — X 2 Xt £ 56 R, TEKE BRI 325y
FUAT 3 AR e 0 SCAR I A b i S AR AT AR U A
— ™ B SE A T A A 1R 20 ik B9 3 B 4% (Co-occurrence Net-
work) ;2R J5 Xt F AR b R e AESLBL M g P g LB F
XA nCh)F (o) JF g H R 3Cik A (Context Embed-
ding)n(h)F n(e) s F J5 3 @il A B R SCHR A K 5 2 SCAR 3
BRI R RFR, HITESBRNT .

=An(h)+h
=Bn(h,t)+r (26

A
h
A
’
A
t=An(t)+t

H, A T B ACEREIERE hort 0 FoR kTR LR
SR I A, LTS B B Bk, T LA 15 B TEKE i A
P53 eR B

AN A

$(hars)= | htr—t |, Q270

T A SR IR B R SR A Bl A B R RS o S as Ta)
, TEKE 5 B 8 9 1R 47 b i o AR 18 1 o Stk 2 R
BB B, A W T HENRR RRFIEN RN 2
R AR N [R) % Sk S04 R S AR % A A g A Ak 0 A5 128 TR A Ak
A o R HEF AT R BUKIH @,

AN ATER R ) i S A 38 FIVRR 28 6 R R 38 31T X
FR B 1 OC FR RN S A A ] A A BT L A R A ) T HE
W) AR R . KECH A 38 55 5] A B3l A & 1] 3% ( Mlicrosoft
Concept Graph) FF [ HE & 15 8., 8 52 1R R ME & K & i A 8135
S [ e 1 5 S A (Y RRAE 1] 4% 3] . RLKB B A3 33 4 A
=TT A MRS DL R R T S A AR [ B2 ) il 3R e S A G
RMSCARRY B R SCER A . SSPE RS $R A O TSR 91 X
23 (8] T2 3] RRAE o, DAAEA = ST A SOAR H AR 22 1) 1) 5 A
K. IR AL AR K SO AR E B R A B SR R O R Y
FRAE 7R oy, U0 W SO 134 15 2 RE 05 A 580 32 T AR R o 3
AR AT 55 11 B L e 30 2 T DL A A A B0 S 4K 1y 3R [ A
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{02, 0] LR B, L R BB A X SCAR SRR AIE SE 47 SR AE B T A A
BT BB AR SE % 2] BB SCAR R URR BT AN . 4R
KB Transformer ™ BRI 7E [ 4K 15 7 4b ¥ 5 11 5 AL 5
U B L L B G N D125 K 2R AL 5 R R A BLAE
FARGE & . — J5 1, CoKE ™ L #1 Fl KG-BERT™ # #1 ¥4 5%
H Transformer Zfi% 8% 4% > IR K X R AL E 1 F 3GE LUE R
HIRFIE R R, 53— J7 11 A A ] Transformer #8504 ji 57 4y K
AR SCAS R 7R 85 51 A BT SO 348 5 J2 78 S0 R AT 3 4 U
5 LB RO .
4.2 BiRASE
P TransE B8 X A A~ = 50 4 #4702 37 53 19 =)

BR . PrransENS B8R4 YT 2% 1B OG AR S A 1 003 R Af 2y
P fEHRIENE L Sk SR B R SR 18] A A7 AE 2 Bk (Multi-
hop) e R AR AT KR Nh—>r = o=, 1, X B R K120
oA PR R A R R A O SCAE SR AT A R, I 12 TR,
PtransE #5812 & # 37 225 3¢ R AR (4 1) 1t oK p R B
etk n BIRSEHR : PR IE RS . EAKHL, PtransE A5 858 i
X BEAE B BT A O R Il S AT R AL A Y R B AR T, O R
3 PR MG A A BRE, Kt E S BRI .

Addition: p=r, + - +r,

Multiplication: p=r;°+-°r, (28)

RNN:¢;= f(W[e,— 5, D
H o, Addition, Multiplication, RNN 4> %I % 18 SCAH N .18 X
FH I FIAE 3 W 2% (Recurrent Neural Network) , £F 5 o I ik
¥ I F (Hadmard Product) ,¢; M5 i 4~ R M0 B4R 0] &
W RSB SRR M pR AL - TR £ C e D a3 AR i PR A
L PMEMGS . PrransE [A] A 35 T % BE £ 09 85 84 ik B¢, i
TPy R

shor = htp—tll . (29)
h P t
SN (010]0)) =
%Qiﬂé\
rl/[I ;r;
I
i () () P

Bl 12 PTransE #HR & &
Fig. 12 Schematic diagram of PTransE

T AR B B0 B E A S2 6 45 R R W, PrransE B8 fE
% W B TR R R A SCAT S5 R . Hoh X R B AR W)
S SCAINAE 3 R SCAL & BRSO B dr . AN,
JEBIPIL E R AT DS Bl i AR 45 R B X R BRI,
S 06 M e I T R AR L 32 45 SR 3 W A R ok R b s B R
KREW KRR,

I AN, PaSKoGE™ B #I 2 17 UK [R] 56 & % 1% 2 1] ) 2%
SN o 3k R SR AT 9 06 R RN 22 45 06 R B AR W R DG M AT
T, [ IS A A LA T O R AR LG B, TKGE™
RERR I T — P sl 49 LSTM BRI Sk B BE B K KX &
PEAZRAE  IF 456 B AR T R SR RIOC R R T ) (At
tention) ) 22 52 B 2% 2) J5 Ik X 52 MG SO i kAT B

PBKGC™ " #5 AL A ] 4 45 B 1042 (Bi-LSTM) L 6 FRpl 28 ) 4%
550 AL A 4 A 1 Sk R SR 22 IR 9 06 R B AR I 1 SCAH
S, R AL 4 R Sk R S AR IRD 11 G R AR R 4 v A
TP o B o L BRSO RO L i — 2B I 56 R
P ERME EE NG R U, TR REAAREBMN T 1E
AR T B S o B, M O TR B 78 56 R IR AR A5 L4
B KR BAR A E RS TR A ERAR.
4.3 EHF4SE
T XoF 250 25 60 U PR T e BB 9 T A O T A el Xt
PR EAT EEAR 5 60R o BUAT A 20 U RS 4 A AR 7 S R
ST AT AR A A W T A LR A Y R AR R
B A HN PR G (4 S AR B A AT KR A (R sty o) s HiH o AR
F ) 8] B ( Timestamps) , i 40 (C B (R R #B, R R D8 H,
2009-2018) , 3T TransE #5 %, TTransE #8744 1) e 45
i Bl A B Sk S04 B R S AR FE B s T T A% L O T
TS R
$Chorsto)= | htrto—tl . ., (30)
Horb o RN P I ARE 0] &, R AE 8, TTransE B4 F f
KRB 48t 2% (Margin Loss) o6 AT U1 254 4k o DA i 75 21 57 A
ST 2 MR RS B4R A . BT TTransE B8 ELA
ISR AR S AT T 22 45 A T S R A
AR N R
HyTE™ 4 {5 % TransH 4 #2885 i 49 AR, in &l 13
IR S B K S A R 06 R e B 5 B SR R o iR T T
(Hyperplane) , T ifE 47 25 18] (9 7B BE B 78, HoiT 5 A2
T
h.=h—w hw,
r.=r—wirw, 3D
t=t—wltw,
Hopr,w R ET o« (B FEEN S, WA, oo 500 R R
S INC F Y RN R N ES ARl S ey o4
B 0 A5 R (B 152 T A4S 5] HyTE #8581 (19 97 43 R 4K -
$(horsts )= | hetr.—t |l o, (32)
S 4 BRI AL Y 1% e 5B B A W) 8B B AR L AR
HHERMFEI . A, HyTE #5768 5% F) J] I 445 4%
HEAT 0 PR3 P A B 3 R 6% S UL RL G eh B B R AR AE Y
TG AT A TR] S T

Kl 13 HyTE #8 R = &
Fig. 13 Schematic diagram of HyTE
TAT A Sy il A B 7 7 AE , ) A6 35 0 28 I 46 ok 24 5
A B PR Y R R AR R R . By, &l 14 s i
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FEFRR & r 5P RE W & 7, 38 i35 A G PR 02 W 4% 2R
B A B R DG R 0 i, o O /NI P RR AT 1] 5 1 R A
AIVEE G M DX 73 6 1 22 57 TABE R I R AT 1) 2 7 20 i
1, (year) . H 1, (month) . H 7, (day) 3 4~ #5ric (Token), F
S TABERGE SCT W F PR PE 43 iR 4L

TA-TransE: ¢(h,rot.0)= | h+r.—t ] ., N

TA-DistMult: ¢(h,rsts7) =h"diag(r.)t o9

TA-TransE # &1 5 TA-DistMult 5% 8 4 5] & 3 T F 5%

P R SCVC T 4 AE TR AR 5 o Kl A B R R YOG R )
B AE S SRR R S AR AE 1 A TR] 1 B IR S Bl i SC DG T #2
YE. SEBeZ5 R, FOR B TR A Lh H R IR AT I T 3 ok
REERTT . B ik 7 3k 20 5 1k 1A R .

h : :
¢ (OOD (01010} (10101}
W
gz M M ;gi“
r 7 Ty Ta

EAMENL

& 14 TA SRR Z K
Fig. 14  Schematic diagram of TA

DE® BRI W Ay B AN 52 1k 2 3] — A I B (9 18] 4 (Dia-
chronic Embedding) » T #E A5 5% {4 5 AiF bl A 8] 28 £k 1 2 28
3 S A A AT AT o i) 5 A A I e % L 400 A A A G A 2 i
[ () HE B 1 20 AE . BE T UL Sh AL, DE B T D A SE AR )
TR, DLk SR b R ), AR B A B B RR AR 1 e A
FUR =Y I

e.f(w,t,+b,), if I<a<yd
hy= (34)
e, if yd<n<d
Hrp e € RVRE I T IR LI 5w, b, € R 0 £ R
FE T B P AT [ 2 AR B s £ C o) R AR LM LTE R
B ReLU;y€ [0, 1152 — S50, T80 € BE I 5 22 1k 1)
HEHC B B2 y=0. 2.d=100 i}, F/R LR EBA 20 4t
fIE 23 Bl 7 AR T AR 4K

FTF LRG0 SE A 7] &, DE B8R R FE 3 T P B8R %
FE XVCEE Y B R 2%, 32 1 DE-TransE, DE-DistMult 5
DE-SimplE iX 3 Fi 4" e B A, 5255 45 5 % B, DE-SimplE f%
RUAE Z2 A7 8 25 R B S s 42 LS T SOTA(State-of-
the-arO PERE . BT DE BB A% B 52 Ak 5 & 25087 #, [k w] LA
P BT An] L T AL E 2 FE SCUC R vk B

Ak Know-Evolvel ™ #5 #1 48 7 — F I5% B 3F 1 0 L
£ N G 151 S | = o G T A A o N .
DyRept™ 15 B A4 7 WA [A] K (Two-time scale) 4 ¥ J& 2%
SRR BT LD TR I 5 A T A IS AR I e ] el A Y AL
FEAE DT B A 35 2 o) 3 7 B9 SRR . RE-Net ™ 0130
P13 F14 4 T A 0 35 T A AR AR () 38 41 O 4% 1 A A R
Gy o (5 A T b 25 I 4 o B 25 o 3k 2% (9 0 AR 64T A 5 L O filE
FHABIR IR G 4% X 7] — B ] 8% 09 25 5 22 [A] 1Y 3% 2 #E AT Al BT
TIMEPLEX"" ] Fi = JC 240 /) J& 401 1 R0 Xof 56 28 =2 Ji) (4 et )

ZEH. 2 2] FURH BT A 56 Z 09 5CHE T s B 29 3K, TCom-
plEXI KR 5735 Y U it ComplEx B8 i 5 &, $2 i T — Fb
T VUK G i B R S 25 R g A AL, CyG-
Net™*) 3+ fif ] 2% %1 42 il A= 1AL #) ( Time-aware Copy-gene-
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e A AT 55 Ll T BRI TR T SR R R T
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Fig. 15 Schematic diagram of IKRL
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Fig. 16 Schematic diagram of KALE
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Fig. 18 Schematic diagram of ConvKB
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FA 330 2 4 AU R SE AR SCFROR DUZE URRAE Ll 0
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Fig. 19 Comparison between ConvE and InteactE
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HE BRI, 75 2% B8 DU [l . 1) 0 18 1 3 g e o S B
VTR RT3 1 [ A Pk, B4 il 28 TR (g SR B AN g o L O B
EATRYRHE 7T REJE T AR A9 ) 1 5 B) 5 ) AN R SR Y B,
SRR 5 A S5 ME S R E OC R R AR W, I HLAEAS TR R
SR TR B i SCRE . AR 5 AL B X B R )
BTN B S R 6 R R AR 3R i B ) AL DA B R I
A5 TR T AN [R] (1 it 2 ) 24 AT 30 S0 o 8 1L Rl 8 A 7 A

o m © = [0
. 3 ey =B
Q- g8 Bosf

U LR .
r Y
~
o 3 (6 35
Ca) L PR3 (b) FFAEIL R
B 20 AR E RS RAEIL R R B R

Fig. 20 Schematic diagram of knowledge graph and feature

aggregation
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Table 5 Comparison of knowledge graph reasoning models based on graph neural networks
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Fig. 21 Schematic diagram of attention mechanism of KBGAT
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