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Adaptive Attention-based Knowledge Graph Completion

WANG Jie, LI Xiao-nan and LI Guan-yu

Information Science & Technology College,Dalian Maritime University, Dalian, Liaoning 116026, China

Abstract Existing knowledge graph completion models learn a single static feature representation for entities and relationships
by integrating multi-source information. But they can’t represent the subtle meaning and dynamic attributes of entities and rela-
tionships that appear in different contexts. That is,entities and relationships will show different attributes,because they have dif-
ferent roles and meanings when they are involved in different triples. To solve above problems,an adaptive attention network for
knowledge graph completion is proposed.which uses adaptive attention to model the contribution of each task-specified feature di-
mension,and generates dynamic and variable embedding representations for target entities and relationships. Specifically, the pro-
posed model defines the neighbor encoder and the path aggregator to process two structures in the entity neighborhood subgraph,
adaptively learn the attention weights to capture the most logically related features of the task,and to give the entities and rela-
tionships with fine-grained semantics in line with the current task. Experimental results in link prediction task show that, the
MeanRank of the proposed model on FB15K-237 dataset is 6. 9% lower than PathCon,and Hits@1 is 2. 3% higher than Path-
Con. For the sparse datasets NELL-995 and DDB14,its Hits@1 reaches 87. 9% and 98% respectively. Therefore, it proves that
the introduction of adaptive attention mechanism can effectively extract the dynamic attributes of entities and relationships to
generate a more comprehensive embedding representation,and improves the accuracy of knowledge graph completion.

Keywords Knowledge graph completion, Neighborhood subgraph, Adaptive attention,Knowledge representation

TCRUAR (38 FH 9 S0 BTG U Freebase™! , WordNet™ 4 4 &

BOTACA =0 B TG AR BRI A R T R

HIRE % (Knowledge Graph) A = e U S AF A R By FF RGN SR G0, o N T8 RE R Ge 4 41k 17 nl b 2 Y S 30 ST
SRR ST, A =0 (s ) SR SEAR R VR SEIR ¢ TSR SR JARURL % R e A s 21 B 8l iy 7 208 5l A7
r AR R HCSHE B b B W i S S A8 I B R T 7™ T A B AN 58 B8 FBCHE T g S 1) A PR O xR

1 3l

if

Ff H I .2021-04-14  3RME H M. 2021-10-23

BATH  H R A RFE 4 (61976032,62002039)

This work was supported by the National Natural Science Foundation of China(61976032,62002039).
8 A5 AE# - 2595 5 (rabitlee@163. com)



FoOALAE R BN R B A A R R b A

205

SRR Z 2 1) .

B AT 6k FE P S RS 4 i — il S g T R T IR Y
A FRR 70V Oy 1 TR b ST AR OG R 1 4 S
BERR N — AR AR sk &, AT, X 07 IR
& 2 BEAB R SR V5 80 1914 B A% 28 1 72 ip AR 1R 32 BT 1 oA 1Y
BRI . BT A 4B S i B A TR) 46 109 DT ik sl AE T A AR 55 R
AR P 1 S AR I B AR AL (TR E IS4 . BT UL
A7 BB 5 1) 2R 5 SR M LB D SR I OG FR 2 o) B B — R AR I 4
AR, A BERS 1 28 348 A0 T SCP i .

Sl b BRI HIR 1 P AR A A TE IR AL B SR RN G R H
J R FVRRAE 2 7% JR PR T 8] A4 AR 408 S 1A 0 X I 06 R A .
N 1 TR SEMR SR - AT TR SRR SRR R T ORI
FA A Ze AT T R I HC TR Ml 7 €0 (20 o i A ) i 408 F 54K
EHRHREAG GEL) . Wit X T =70l Rk -
FeAn i, BUR N DO FICRFER « AT, T, DM B
B E T IR LR - T A H 00O (R A AR AR R AT 55
R (B 0 J A R, D SR Bl A b A RS o 10 R R TE
o R OCRWEA L2 UM 595 LA 7] 10 92 R 0 i 25 5
P A A 3L

AU TR AR fiR A R 7S I AR 4R B AR S50 4 45 e PRI 92 A4
F2C 2 AR A X ) = 0 4 45 T O () 9 2 28 v RN oG T
BE R B AT ST A 3E N TE B ) W4k RAE TR R £
HAOMIS)EN, R T 2 rERE . ASCmsisk A LT
3EGDIRI T —AE T 8 S R T g R 0 R
b A AL (Adaptive Attention Knowledge Graph Completion,
AANKGO) 5 SR TG B LT 3C38% SORVARRLBE i SCRl AR
TR A4 s 2) 5 ) 3 R 4R g A 4 R B AR R G AR A
S, 43 300 25 BECAIS JE: RN B AR 1) A () 52 ) ke 3 5 S 1 KOG R 1
FI 3 R 7R 58 8 L ST 55 AR OC 10 MR AR 5 3) TR Bk 2
WAL 55 P, AAKGC 7EA& MR BRI THE# B 32
G I3 IR RE L B T AR SORE R A S B AT AT

SR
st N -
7
i
ERANE

&

K;\”,—ii/l -

E¥K vy R
&5 N LR A
< T
(- L 7)
. ~ - "

1 SR - I A T 2 B R G

Fig. 1 Examples of multiple roles of entity Steve Jobs

AICHE 2 FAGT M TAR 080 T AR S b 22 4F 55
KB AR 2 S T AFAE B R AR T A SCIF S Y H A AR
SCi 58 3 TR 48 T A SCHR M B 2R T 3 g U T O AL A
A AW B D SEAR B P A L 5 4 R T AR v A
HEPPA TS YA S B2 TN AT A5 b B PR BE L O 5 R b OB 4 ik
HEAT T W ER s R M SO R AR,

2 MEXIE

2.1 FMREEEEE
BEXE KGC A 45 A SCIE 2 it B0 0 R 3 3 2 o |k

R, FO A AR 3 24 7R # A HR B b 4 (Static
Knowledge Graph Completion) 3 %%, Lk TransEN g8 1Y
BRI B AR AAS TR AT M RO B AE AL B I 1-N,
N-1 Fl N-N 522 KRN ATEGE . 8 7 o 3% W
B, EANTE T TransHY'Y, TransRM? & STransEN?! 46
PORBA P RG] AT R E T R R 0T T B A
W =T R Sk R SR B B A A oG R A, sk,
RotatEM 3E— 254 1150 7 J 3 &2 2 00 5 A b 3 22 FD oG &R
B, IF3RAG T e L 45 A . AR, 3 2 8 R X R S 8 L R
[ EIE TN R (S - o R 1 L L TR N D&
R Sx  IA) W M AR TR R R T VR R Bl R R S iR
LG R R K.

HERERT . CAMRALRZHIEHRELHEBZA NS
J13R 8 % #p 4> (Dynamic Knowledge Graph Completion) I, 3
M-3R B8 A sh 3 R AR B RS MR ) 37 7 vk . 1 SC UG e A5 7Y 3
B SR FH T AR AU B 3 43 bR B, G DG e SR 1 T AE T X
) s ) o AL YOG FR K BE e 48 E = JU A B AT AR
M DistMult*™, ComplEx™*, SimpleE""”, QuatE"® &, it
Hh,ConvEN*), ConvKB" Fl CapsE 25 15 14 fi% B 3% B 28
W % B 2 T 2 I 2 R R A AL g Rk Re L i — B =
TCHAE R — AR R S SR SC R A . WS, B
— b AR, A DRUM™ il PTransE™* %, 162 2] ik A
bR RO SR R LG R B AR OB VR S B {5 B ok
P Tt AR TN GRS R L (F Rk ki ARSI AN B — =
TCH A SR O R E S AR RN A RIS 8
P55 AR A8 ) Y RV R AR RS B RS HL A g T Ik
JEL PR Jay 0 4B 48 PN 2 09 R SO, B, X T SR A E
SR N S Al O AN R T RSV
KR FEAR .

2.2 BEHEMEEZX

58 F P B 15 #h 2 AR B T R = o0 L P A
58 B T 1% R 2 R M 2 B8 =0T 4L A5 A R R
FETET A il P 0% ) R, A 30 2 4 N T A 48 R 4% ( Graph
Neural Network, GNN) 3 4b B 48 35 25 #4 {5 877 LA #b 4 %0
WEGE ., AR BB WS, %52
B4R ST A R RO R B AR T A FAE A AE D, B 4R 4 TR
Y B FRAE R OR .

TransGCN"" B RUKE B 128 2 5] 485 A 1 AR 5] A 31 GCN
o, 25 TransE #5570 1 B 28 I 26 1) 00 0, B8 38 0ol T B Ik
T AR o B X TR L T A 56 R HA O R Rl S Y R A
K FR BN 4 (R-GCND 3 i GON i 56 38 500 Ok Ak o
SR L3 P OR [] OC R X SR A RS SCRRC29 18 T —
A48 1 DE K Y 2% GMatching , He 408 J gt 15 5 1B 35 T 4 45
JEE T RN S R A R S A BT R, LAR ] A4 TR AR B
Bk QB S Y 5 A5 SR 1 SR S M AL I E L LSTM Dt g b 2
il LSTM s A7 Z 25 VB fid . SCHR 30148 Y 19 PathCon
5 R A SR TR AH 480G FR DA B S AR [ A 06 R AR DL A
MRR LT XHMRRBER A TR I S SEEHT



206

Computer Science THEMFL2  Vol. 49,No. 7, July 2022

HAR A4, B Sh  FSRL B AIE Y SR Y 7 00 BLH o 48
S 52 A TBE A ) 9 A R Sfe i SR 9 L LR B /N A A R 1A
RN I P RSy - I DN PN RS PSR =
TiC [7) 48 1) A HE a5 SR T T1 A2 14 T 28 00 L A ok 1 5 40 Jek 25
F 5 B, = BOBE R 7R 35 R [a) AT 55 5% 2 i 1 RE S 2 1K A
K FR o ST ) Y B S FROR L TRk R K AT B B 3 R R A
SR AR S P A Ol R R R AR IR B A
IR TR AR Y B A 3R R R R R B 3R 0k RE 0 R A#b
Exi ]

GIERIAUN

a0
>

3 AAKGC &5

ATTHE X AAKGC BERL i B2 0 451 2% bR BRI I 25 3o 72
TR 8. P 2 i TR SR HE 28 i HE S E A
PIRALPE 1) F 3 W4 Js 2 B 4 » F T2 > Sl A 19 B 3 vy S 4K
BN SCERIR 52) IS B AR B A A T TR SRR [ O R
BEAR 25 2] BOE R AR I A RO . BE AAKGC B BLEE T 3%
U 3 SE AR T SCORITRE AR i R o T 5k 2k 1 06 R
DA 24 LAY

Bl & Ji & T fir

e TR

—»
E
A/
Je 7

FoE
A4
N

TrOM 2

OO

————————————— B3 J b SRR Z

El & [ 4R B
ELEzE -

SN R et

A

yrlho

Bk B

- .
% RNN/ : l

T AR v -

by : i

%6 # BT AlZE % £
" BN : BB

B

@

0O COO CEB)
@@@ @@@) OCROCEE):

OO )

=g

El 38 J7 % 1% R R

|
|
|
|
|
|
|
SRy Y |
|
|
|
|
|
|
| Zy

B2 AAKGC 58 fy g 14 HE 48
Fig. 2 Overall framework of AAKGC model

3.1 maEEXi

AR ENE KG il oK w09 45 0 1k = S0 20 0 il RoR
A T={Ceisrise) |le;se, EENR €ERYHF ,E={e,,e;,
et ) N ARLE JR={r sroeeesrn ) S SEAR AN 5C RAE LA B,
rot SRS SR R r MUB SR ¢ XN AR R . d
A B AR . XTI P =5CH (har. o) 8 TR AR
BT PN B AR DG AR B R AL 0 T R R 2 A T L A 2 i B A B
O AAKGC E LT A 3 AR F g B 15 F1 B A2 2R G oF 1 o
O HH FNE5 R R S B g A BT iR A ZS [l b TR AR
T2 B2 R AT T PRI T D 5 A RIS AR ) 4R e S A A S A ke
] Y 22 Bk OC R PEAZ

EX VBRI W FAR RS A B HEAR ST B A7
FEILZ AR IR I 7T LU = T Chy st ) RAR TR 0 5
S, A AR R SR I AR AR OC Ry, W = T4 (Steve Jobs,
Chairman_of, Apple Inc.) F1 (Steve Jobs, Marry To, Laurene
Powell Jobs) # 7~ 324K Apple Inc. #l Laurene Powell Jobs &
AR Steve Jobs K48 JE S21A

EN 2(KRZBR) HRTBSBETFENN —Fn B XR
ARICAEP T = hm e, o R IE SR L e Y
— RN KRBT F . B AR 0 B T NP B i O R
H . %l Steve Jobs— SucceededBy—CEO _Of—> FamousFor—

iphone N K JEE R 3 3 R BEAR L 18 0 4L, AT LUK S & 7] ) 56 &
oA BE R 1 K R A2

Y AL T N R RE S 4B R SR N O R AR
AAKGC 1y B AR J2& 2 F LR 28 7 RS540 2% ) Bl A b [ 38 B
T4 A~ B 1500 4T 45 1) 52 1A 0 56 2R it A 2o 39 G 1900 e 2
M=JtdHIFEA.
3.2 BENSEHGSE

ST PR e SR Y R 0 408 48 P P 2 R R0 b 4
F, B A AN 4 AR GIE ST T 4% A S0 A TR LA 4897 A5 5 B AR %
Ry SE A HR AL TR A0 0 R AE 22N L R 0 R L b T
SR, 3 6 77 vk 76 4R I B 1% i B P A B B R B E
1 1 52 A4 T 3 7 LA S 5 20 1 Sk BT AT 406 i S A T A ) =
[ 52 (0 AU IR G S M B 2% o) B 80 — B B S AR AR R R L ek
FEIR R[] TR SO S SR 0 A0 25 A S, 5 B0 TR B T
WD TR, AT Mok Lk RS, AAKGC kil 17—
F E 3E W AR JE g 15 2% (Adaptive Neighbor Encoder) , 1% 4 i
A EARAN T B 3 AR . [ A R AR JE g B A T LUAR 4
145 A B R S0 B 2 R 4% 40 ST AR 0 TR R AR L 8 0 4
i SR 1 S TR) 52 el Of 4 3R SR 1 22 F £ 6, DLARIRCSE AR Y
i R AR



FoOALAE R BN R B A A R R b A

207

4 B R )

@0 .A.@@O.A.O}'

Tt r

@mﬂp(m @m@@oo> .

Tn2

@0-000-0O)

O
sigmoid %

Zin

@H}HD@%@@OWO}
o )

@60 ©C-00x

@
S B
3
o
O

B R4 R R B

P34 2 A% 4 ] A

Fig. 3 Diagram of adaptive neighbor encoder
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9. 78 X H 3 N AR JE DA ag@ncignnor O F G N B2 B A 4% aggpan O

10. forCh. 1,0 € Thuen

11 4 BENL N for each ¢€E, r€R LRI (3) K (D FHih!, o
for i€[1.K), r€N,,e€ N(r)

12. end for

13. Zn -1 = ag@pun ({Sp) s PE Py )

14. Zh.v = aggneighbor (¢ 71 ,el 1)

15. 38 3 dpe /A % BRI T TR S AR G R A T i R A TR S

4 kI

H T VAL AAKGC B8 P Rl AR 17 78 4 A J0 3 3 4
A LEAT T B e WO S5 4, O 5 oA B AR R M g 42 0
W REHEAT T X L, SCEG SRR, S5 A AL L,
AAKGC 345 T 5 B35 4 1 1) S2 46 PR RE AR 5 & 2 NELL-995
1 DDB14 455 B 8046 48 1t e 3k B4 4 i e RE SR . e 4t
AR SR R BE B2 WU AT 55 v % A5 AL AT T 9 @l 9 4 B iR
TR0 S o T R I A TR ARV I A N R AL X T AR
Ky E S
4.1 HiE&E

ASCAE T T 4 A Bkl B8E 4, B FBISk, FB15k-237,
NELL-995 fl DDB14, H: ., FB15k, FB15k-237 #l NELL-995
S 3 AN E FH Y Bz 000 414 4, DDBLA. Sy BS 2 41 358 4040 4
FB15K™® & A & 1% Freebase 89748 4 & T K BB 5038 Y
NN AR AF AR I 0 G 2R s FB15K-2377% 38 5 Al o o A
X & Ok ok i FBISK, B 1k @ 2 R U g 4 b
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ZOULH BRI A = e 4 A 45 L s NELL-9955 & ANELL
FRGEE 995 WA 4R B 38 0 18 84 4 s DDB14 S 3¢
k(30 T4 A — A 37 0 2 400 3 B30 B0 41 L G o A 4 MU R 2K
P 22 v U 1 AR O FTARE A, N VRER L2 RO E R L IR
JEIG 89 = Ja 4 4 0 BE LA B 4 000 4> = JT 40 1 2 B TE 45 A
WAL, 2 N EER AR5 BNk 1 Argl, Rk 1
G- ¥ 95 S B AT LU Bk 4 A HdE 4 2y b FBLSk AN
FB15k-237 iX ¥ 4~ B4 % £ 4% % L &% NELL-995 Fl DDB14 iX
P A BB B 500 45 L B T 0T DU O A AAKGC X R A B
25 T B 0 0 TR R 0 R AR
#1 BIRENSEITHER

Table 1 Statistics of datasets
% Triples
Dataset |[E| IR| - - Avg. degree
Train Valid Test

FB15K 14951 1345 483142 5000 59071 64.6
FB15K-237 14541 237 272115 17535 20466 37.4
NELL-995 63917 198 137645 5000 5000 4.3

DDB14 9203 14 36561 4000 4000 7.9

4.2 EHEE
4.2.1 RHZ0ME K

XF LR 4 ANEARE .S T= {21,252 ) RMIRALE,
Hripr, = r D ETRE i =0 8H 5y, =1{0,1) W%,
e = n B B BEB =t 4R Q= {(hisrivt) |y =
L = B HAEQ = {(harist:) |y =0}, BT HIE & P
8 FS = 0 K B SCRRC30 T H B 38 Ll gk BE ML SR FE L
KR BEHEZITCH G, DRI E TR r, B — A ] =
JCH (hsr o0) o HEIK A i B AP T B 4 e 42 0 AT O ok o U
WERAEE— X £ Z 0 — M E X L5 2R 5 50 L8 1 i
SRR R IR TR B = o0 . e TAERY B
FRE, AT B3 b B0 A U1 R A K 4R 8 TE 4 v i A 1Y £ )
=T, LUBR R 52 30 45 SR A Rk .
4.2.2 KAZKEE

AAKGC & £ 4~ 304 B 80 50 47 Pk 68 Xt 92 46, B0 45
TransEM , ComplEx!*, DisMult!'®), RotatEN"Y, SimplEH #1
QuatE™, 28 5 R PR R 3 R A 25 4 s B AR ST IR RN
FRMAEMR, I AAKGC i£5 DRUM" I PathCon!?
FEARVHEAT T X H, o DRUM 2 BUAR 3 b 9 26 R B A2 a5
P A0REJEE 1 SC L T PathCon il SEAR 12 F CMSE R EEAE T Y
R SO L T TORS
4.2.3 HHEE

AR Adam £ 4 R AL#F SR T 22 0k 52 50 0k 546 B i
SHBEE PR R AL d€ (8,16,32,64),2%
R 2€{0.001,0.005,0.01,0.05,0. 1}, 48w 52k Bk % L€ (1,
2,34} R KBRARKE n€ {1,2,3,4), 3-8 L, iE WAL T
B 1l LA, SR A AL E L€ (10°,107,10°,10° ), MR ¥ 5
TEAE T G R T A M 25 R B B LB S B E T .
SEAR IR B AYGETE d= 64, AL BRI barch =128 ,epoch=
20,25 FA=0. 005, L, R E (=107,
4.3 $EETN

Bl 42 TN AT 55 B 7 AR 4 2 2 2 A9 AR TN = ot 2 H Bk
PSR B 56 R, T O b 2 A A o R AN AT 55 . AR Rt

AR e bR = TR ALY 6 R B AR R L M 0 R R b HAh G
FHEAT B AL 48, 45 A 56 SR AR 45 48 2k bR BOR B 4 ) Y =
TCH BRI AT A o WA 55 AN T5 B = A T — A AR 2
2, 1M e AR HE A5 20 3R AT B 7 HE S L i SR E B = el M EE4 .
4.3.1 FRAFHAR

SR T WA PE A TR AR AR R SCR LR 3 A48 b Ol A
TR AN B R ) P BERS 1) S 1 8] $ HE &4 (Mean Reciprocal
Rank, MRR) . BUIE i ¢ 2 78 91 A i 38 3¢ F& 48 vh i HE 7 09 18 %
IR {H 52) MeanRank (MR) , 5 B 1E i 56 RAE T = R P Y
SF-H1HE44 5 3) Hits@ K, IE M 56 & 0 T8 3 56 R 4211 & 707
BB, MR E 8 AR % 78 PR BB 847, i) MRR {6 F1 Hits @ K
RS o U Sk 7 ) I 55 % e oA A
4.3.2 FHZERB SN

BEE AT 5 RS2 B0 25 3k 2 gk 3 Bra, Hodh AR e
2 IR 45 AR 1 52 9 45 SOk A SCER(30] . A SCHE A TR A 35
Bk E T ¥ AAKGC 145 1000 4> epoch, 3 #4 56 1IF 45 i i
IR B i B Y A A TPAS TR AR AE N LI AR, R 3 s LY
(AR N B A A5 5, DO 2 8Os Bk dEfg .

F 2 BURFE FBISK A FB15K-237 H % $dhs 4 Hh (1 56 22 19000 45 5t
Table 2 Relationship prediction results of models in FBI5K and
FB15K-237 dense datasets

Model FBI5K ] FB15K-237
MRR MR Hits@1 MRR MR Hits@1

TransE 0.962 1. 684 0. 940 0. 966 1.352 0.946
CompleX 0.901 1.553 0. 844 0.966 1.352 0.946
DisMult 0.661 2.555 0. 439 0.875 1.927 0. 806
RotatE 0.979 1. 206 0.967 0.970 1.315 0.951
SimpleE 0.983 1.308 0.972 0.970 1.315 0.951

QuatE 0.984 1.207 0.972 0.974 1.283 0.958
DRUM 0. 945 1.527 0. 945 0.959 1.541 0.905
PathCon 0.984 1.526 0.974 0.979 1.187 0.964
AAKGC 0.992 1.443 0.988 0.992 1.104 0.987

%3 BOEIZE NELL-995 Hl DDB14 s g S0 45 o 19 56 2 B 2%
Table 3 Relationship prediction results of models in NELL-995 and

DDBI14 sparse datasets

Model NELL-995 DDB14 7
MRR MR Hits@1 MRR MR Hits@1
TransE 0. 841 5.253 0.781 0. 966 1.161 0. 948
CompleX 0.703 23.040 0.625 0.953 1.287 0.931
DisMult 0.634 23.530 0.524 0.927 1.419 0. 886
RotatE 0.729 23.894 0.691 0.953 1.281 0.934
SimpleE 0.716 26.120 0.671 0.924 1.540 0.892
QuatE 0.752 21.340 0.706 0.946 1.347 0.922
DRUM 0.715 18.203 0. 640 0.958 1. 140 0.930
PathCon 0.896 2.258 0. 844 0. 980 1. 058 0.966
AAKGC 0.914 3.516 0.879 0.987 1. 056 0.980

hHZ2—F A TMUE B DAAKGC 4k ZBIEFRTE 4
AR AR TR R R SE R 45 R, Hoh, MRR A
Hits@1 $8 R 7E T A 1Y 8096 45 1 359 8 1 A8 T H il A5 #9 , JiF B
T AR SRR T AT A B 5 2) B ) B — = n AL S5
5 B MY TransE, DistMult Fl ComplEx % #x AR AH e, A 3C
LR (Y T R B T B L I AAKGC S BUH T £ Bk
S H0 A0 I8 - 1] PRI B 2 R AR A 45 A L D S A R O R s R4t
T A RRAE TS 5 3) AAKGC FIAS SCHY KA A PathCon #5
T A AR IR AF B ok B T B 4 T MY M R I AAKGC
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R M: R fE Z T8 b [ B AR R 47, 78 FBI5K-237 £ 4
% L H MR fH It PathCon FEAR T 6. 92%, Hits@ 1 A Ik
PathCon 4215 T 2. 39 % . Ui B 78 B & SR 4B W15 B L #
I H IE R R B AU AR SRR SC R AER R 1R S0 iy
025 Ar SO B 25 J&@ P i 1 % T % e T ORG ok B R 4F B B
4 NELL-995 %#la 4 I . A& X i MRR Fl Hits @1 {H 5
BT 91. A% H 87. 9% . 2% B B XF T i 1 1R 1B 5, A SC
R AR RE R4 R AP 2 Ak MERE . A T 3F — 25 4 T A AL 1Y
RE A SO R A R AT T R T, LA A 3E B R R A7 L X
TANRROR TN, R N BE b 25 M PR R R G &8
T F 3 R B T AL AT A T R OR  AAKGC (ag gaighbor )
M AAKGC(aggou) . B 5 HH T 3 MRS NELL-995 %
PEAE L) MRR PEBEX &5 5, fE b SR 48 F o isz 8] T

Flm A1k,
090
085 /
080

100 200 300 400 500 600 700 800 900 1000
H R K H/ batch_size

AAKGC(neigbor) —— AAKGC(path)

MRR
)
3

—— AAKGC

Bl5 3 ABERTE NELL-995 R4k 19 MRR PEREXS 45 R
Fig.5 MRR performance comparison results of 3 models on

NELL-995 dataset

Hi &5 AT LA L B R AR B G N, 3 A X LA B AR
NELL-995 $#5 45 I i MRR {62 #i I . ;4 AAKGC & E
10,91 247, T AAKGC(aggmgm,m)%u AAKGC (aggpa) 1L
LK E] 0. 89 0. 73, X FH . DL M4 RIS AR T A B &
NEVE R 1 AAKGC T DR 3 B0 A 45 F1 1R SC 80 25 18 4% 45
JE ST B AR 4y, A T SR AR R 7 4325 TR B 4B JE SR Y
AN T 5 00 o DTG 47 2R 552 1 1) 22 T €6 R0 Bl 25 g 1 L AR K b 3R T
TR B Y BT A 2) S 4B S G B AR 51 A A IS N R T,
AAKGC 7] DA RO SR 2 5 b5 3000 56 R 55 A0 56 Y ¢ R B%
T, A S A X ] VS AE 1 28 HAE L 4B R B AT Z R OC R AR
B A BT RAM, i BIE T AAKGC by 4B & 4 i 2% F
BRAR IR G ER T A IS I T 0 AL A A s

BEAE  FRATTTE 5256 20 A2 v il R B, X TS (R Y SR 4 L i
BB &0 J 9 S BB e R B AR K B D B RS IR A A S R A
BS54 P AR A R DRt 2&3&%%%4\?&%%%%“&
BT S B B 25 A BOHR A AE 523 T ik B e 0 T g
MBS H 3k 4 o,

R4 ORFEEESE 0 i S R

Table 4 Optimal parameter settings for different datasets

Parameter FBI5SK FB15K-237 NELL-995 DDB14
Neighbor hops 2 2 2 3
Maxpath length 2 3 3 4

Neighbor Aggregator Concat Concat Concat Cross

BERIE  ASCER X R B SR AR T — R T A IS A

D https://github. com/WJ-RECORD/AAKGC

TE 7 AL A R P b A B T R R S AR SR A 4 4 1) B
i A 01 1) 5 A B ST 56 R AR . T AR AR TR A
BREA NS PBIA B8R HUH A [ 8 A8
T 45 R A2 3R 6 208 T SO T 5 2 i T O R 32 4 b g A
ORI A 0 L AR SO ORI O R T 1) Y AT S5 I i AR OR

HET 4R o AR RS b A RS E, SCR A R AR AR SR
B Rk RE IR O A R AR R RS T A N AR g AT A
B AR TR B 4 BE A RO AR S PR R OG R 0 A 2% LR B SR
PE, e Ah, BT BRI ZE NELL-995 045 4 b3k 3 1 4% & 1 U
B, 32 WA BT 4 B30 3k 7 b A I 0 LR b L — s I
YURE ST AN SCAS A (Y TR AT B AR N B di 48 T A 1 GitHub? 3R
o A JE IRAHE S 8 R B IE N 48 JE G D B AR A SR A

HoAfth Z2 545 8 A0 SCAS 15 B B0 A0 R 45 L LA S THBE 42 0 A9
R .
& % X M
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