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Knowledge Graph Completion Model Based on Multi-semantic Extraction

LI Pengyan and WANG Baohui

School of Software,Beihang University, Beijing 100191, China
Abstract In the field of knowledge graph completion, the rich multi-semantic information between entities and relationships is of
great significance for improving the accuracy of completion tasks. However, existing models often struggle to fully capture and in-
tegrate these multi-semantic features,which limits the effectiveness of completion. To address this challenge. this paper proposes
a Knowledge Graph Completion Model Based on Multi-Semantic Extraction(MSE). Firstly,a multi-semantic aggregation encoder
is designed to dimensionally split entity and relationship embeddings, integrating the multi-semantic information of neighboring
entities and relationships. Secondly,a decoder based on multi-scale convolution is proposed,using convolutional kernels of differ-
ent sizes to extract the deep semantic features of entities. Lastly,a loss function with independence constraints is designed,intro-
ducing a regularization term based on Pearson correlation coefficients to enhance the model’s multi-semantic expression capabili-
ty. The experimental results show that on the FB15k-237 and WN18RR datasets, the MRR values of the MSE model are im-
proved by 1. 7% and 2. 3% ,respectively,compared with the optimal models of other baselines, which verifies its effectiveness on

the knowledge graph complementation task.
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Fig.1 Framework of knowledge graph completion model based on multi-semantic extraction
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epoch, batch size & 512, SR 5 Ik A 48 600, 4 1
Wk 3 FhOR R LB 3,5, 7, H 3 38 B0 Bl 200, fE R
RIOREH 1w R AT 2 Z B M4 M % (GNND), I il
it 20 R 30 M9 k_h Fl b _w SECEE B IIR-SC R A BE, it
A AR T — X 2 01T 5 7 20 B Sk Sk 500 R (B R
SR X RO AEIE 5 H AL LRI 5

£ WNISRR 4t 48 E UGB N .4 F R 1.5X
107 SRR 56 2 M A4 300, B B R HRIBE R 5,7,
9., 4 H A A 250, MR M G2 ECh 1, R, EEIE K
AR R AN SE 4y B0 A 10 A 30, YN ko AR 3L U 4T 800 A
epoch,batch size & 256,

BT (1) fie 4 S HORIE I TESE 1 3PA5 19 MRR 48 47 3547 1
2L BV SR B MRR 548 LR BURAEN —4.
4.4 HEREFMLIE

AR SOR AR 1 MSE B8 55 5 0 3 kb 4 4 8 A i
B T AT: 55 1 FF R TN LE 920, AL KR P B KA A (TransE)
FE TR B 3 A 9 45 8 (DistMult, ComplEx, TuckER) . 3 T 4
A B AL (ConvE, InteractE) , LA K& [ #ih 2 W 4% 45 £ (SACN,
CompGCN) %, 85 R & 2 i3,

Hit@N= (16)

2 HERE TSR L

Table 2 Comparison of link prediction results
B : FB15k723i7 _ : WngRR. ‘ : _
MRR Hits@1  Hits@3 Hits@10 MRR Hits@1  Hits@3 Hits@10

TransE 0. 287 0.192 0.325 0.475 0.193 0.003 0.37 0. 445
DistMult 0.178 0.092 0.204 0.352 0.332 0.260 0. 380 0.456
ComplEx 0.234 0.146 0.265 0.407 0. 394 0.353 0.419 0.461
TuckER 0.358 0.266 0.394 0.544 0.470 0.443 0.482 0.526
ConvE 0.325 0.237 0.356 0.501 0.430 0. 400 0. 440 0.520
InteractE 0. 354 0.263 — 0.535 0.463 0.430 - 0.528
SACN 0.350 0. 260 0.390 0. 540 0.470 0.430 0. 480 0. 540

GATFCN 0. 348 0.258 0.381 0.531 — — — —
CompGCN 0.355 0. 264 0.390 0.535 0.479 0.443 0.494 0.546
MSE 0. 364 0.272 0.399 0.549 0.490 0.453 0.504 0.562

MF 2 ] LLF L 1E FB15k-237 34 45 |, MSE 45 %!
AHER T 5 R BB o 3R B & 47 B9 TuckER #2718, MRR #% 7t
1.7% Hits@1 £+ 2. 3% . Hit@3 $#£F+ 1. 3%, Hit@10 4%
F+0.9% : ¥F WNI18RR i 4E I, MSE #5 %I X [ 5t £ 452 Y
F A CompGCN BE7 , MRR $2F+ 2. 3% . Hits@1 2 F+
2.3% Hit@3 7+ 2% . He @10 427 2. 9% . F 51 fE Y

Fo B ST, BN T HAE 245 F SR IOy i BB it .
B ERR ] TR AV i 205 SCR & 7 ik il ik A
I 12 30 70 O 22 A1 25 18] L 43 ) 2 20 O [ 3 SO B9ARAT 208
2 i T 4 T b A SR IR AR R R 20 AR R . [RGB EIA
BT Pearson AH 2R A IE AL I, [ IR T 28 45 4 72 rh R AIE 17
I 2R PR AR DG L B R AL RE A TEVE U b RA 2R L, IeAh
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RISIAT 22 N R R A SR IROBIL 1 o fe FC RB A8 [) i DG 7 R 78
2R SRR S, 3 — D IR A BRAR SR F B 215 LR B
4.5 HEXE

HTATAR BT 2 0 SR BRY IR g b 4 B 4%
AR B AL AF B A AP AT FTEK . 7E WNTSRR $4is 4£ 1- #E 47
T—RINE AR . il 58 BB — B R SR
R 8 B PE Ok S AT A 2 PR X LR RE B S W . IR 3 T
G, BT 4 R R E . 58 R B AR T 20 SCHR TR R
P b A B L RS BRI MR B B bR 2 N8 B, A SRS R IE
Ak 45 %

*3 MRS AR

Table 3 Results of ablation experiments

A R MRR Hits@1  Hits@3  Hits@10

A AL 0. 490 0.453 0.504 0.562

HhEEE 0.472 0.439 0.485 0.538
Bk % REAR 0.482 0. 446 0.494 0.555
% B IE U AL 4k 0.486 0. 448 0.501 0.559

S SRR, R BRAT — A S B B A T .
H, EBREGEEERE TR R E X RV RSN TEL
TS BAR Irh i T, R SRR T SR 1A 0 & 2R
K F T L3 G ZR 06 T B A R T 00 S A () ) 0 AE B e & G
GG R P AN X A R B = R R
PRV BT — B BB R B X i — R T 2 RS
E 5 200 SCHR IO 9 1 o LA B T D) £k 391 75 i/ 4 AT 3k 28
S B2 FHBER 7 Ak D5 T 00 Tk
4.6 BESWIR

AR 30 Hp S T A A R R AR % Y 22 R BE 4 AL KN
HEPAMER S, Wi WNISRR i 4 I 17504,
SIHT T A [5) 2 B i o B0 A i 4 S i

N T I3 AS TR A G BE S B 8 P B A B 0 A S () 4k BE
(100,200,300,400,500) F AT T L5, I 25 A PEAG T 78
BAHEAR TR RIS L RN 4 Fra

x4 RAYEESEILS

Table 4 Results of embedding dimension experiments

A E MRR Hits@1  Hits@3  Hits@10
100 0. 369 0.288 0. 409 0.524
200 0. 484 0.443 0.500 0.565
300 0. 490 0.453 0.504 0.562
400 0.482 0. 444 0. 496 0.554
500 0. 485 0.448 0.500 0.557

B 2 % A AE B I B, S0 M R = B R S TSR R R B
g AL N 100 B E] 300 M, B 0 Rl 2R T X R
B 2 1 2 B A Bl TR T R TR R R A AR AR R R AT 4
PRHFRIRBE ). MRV B R 400 B LSRRG TR, T RE R
LT S0 N B0 G 50 2 R B TR SO AR AE . 2 4E R
BEHE R 500 B, FE AR 400 2w i 32 T+, (EAT AR K 300 4
AE . 3K AT RE A 4k BE b B TR AL A TR B L R B E R Rz Ak
e,

TERERY P RS 255 1T AR SR T 2 R 45 B R 4R
WA 28 UER . TIPSR R B R /N A X 1
PERE R HLAR S, HEAT T 2 2 SE I, T AN IR A AL I
HA AT (A0 2,.3,553,5,755,7,9 %), SCW 45Nk 5
FR3,

£5 BRBK/NAG SR
Table 5 Results of convolution kernel size combination

experiments

ERAZA A MRR Hits@1  Hits@3  Hits@10
2.3.5 0.484 0. 447 0.497 0.556
3.5.,7 0. 459 0.451 0.504 0.563
5,7,9 0. 490 0.453 0.504 0.562
7.9.11 0.486 0. 446 0.504 0.561

FIGEE R E BB KRN AN 5,7, 9 BB BE d
X 2L A B O 7R R ) RUBE - AT 55 b A B S A 1 298 UM
BN R, ML T 4 &N 3,5.7 A1 7,9,
11 B PERERE AR, R Hirs@3 fl Hits@10 $235, {0 Hits@1
M MRR R8T B, 3 38 B 38 K 80 /N B (R 41L& b (9 4% BUE
/N 23 R MR R TR X AR T B RE 1. 41BN 2,3.5
At B R K 45 T4 A AR T oAb 41 A 2% 1T BB J2 4 AR R i
SN JCER T BT SRR . Rk, 5,7, 9 R RE A B B
KANHLA L LIRS e

GEHAE AR SCHE Y I T 08 SCHR B 0 U RS A D A A
RU3E  A B 1Y 208 R A ISR 2 ROE B UMD &, A 4L
oG T SRR OC R 19 218 UAE B e 1 T AR IE S A
S HMERIPE . 76 FB15k-237 Fl WNISRR %ds 45 E sz . 56
TE T 36T 2208 SCHR LR 1R ] 1% b 4 450 70 7 55 B 000 £ 55 1=
A F A FE A R AT T R B I PERB AR T, KAb, A
SR 2SR B G MR BGHE — AP BB TR ALE 200 U B B IX
SYRETI LD TR BIUA . ARG W By TR T 4
REALTZ AGRE F1 5 LA Bl e 1B 5 | SCAR 45 2 5 25 5040 5 R A
TR 4 A B SR A RS 22 Y5 A 8 % L g A 9 B il
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