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Multimodal Knowledge Graph Embedding with Text-Image Enhancement

XIAO Guiyang, WANG Lisong and JIANG Guohua

School of Computer Science and Technology,Nanjing University of Aeronautics and Astronautics, Nanjing 210000, China

Abstract Most traditional knowledge representation learning methods only focus on the structured information in triples, and
cannot make good use of the additional information such as entity images,relation path and text descriptions to learn knowledge
representation or fuse only one additional information. Therefore,a multimodal knowledge graph embedding method combining
entity descriptions and images is proposed. Through mutual enhancement of text and images, more comprehensive external infor-
mation can be provided to make up for the deficiency of knowledge representation learning caused by the incompleteness of a sin-
gle information source. Firstly, text representation and image representation of entities are obtained by modeling entity descrip-
tions and images. Then,they are used as a supplement to the structural representation in TransE. Finally, through the joint trai-
ning of three entity representations,the unified spatial representation of knowledge graph, text and image is realized to improve
the accuracy of entity and relation prediction. Experimental results show that the hit rate of entity prediction of this model im-
proves by 3.09% compared with the method of without additional information,improves by 0. 97 % compared with the method of
fusing only entity descriptions,and improves by 1. 32% compared with the method of fusing only entity images.

Keywords Knowledge representation learning, Entity descriptions, Entity images, Text-CNN, Joint training
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Fig. 1 Structure of multimodal knowledge graph embedding
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ity R m, TR A IR 43 i 227 il SC AR e m f IR R
STR 7R 18 23 A5 # 3 7R F1 SCAS 67w 147 T, SIR 3£ 7R
fifi I 45 44 6 R A EMS RR INACT- 3 . BR TR 5 Fp 1510 25
G ELBAHAT LA, T ATTiE ¥ MKGE 1 TKGE, IKGE
AH A 22 78 25 BT Y T 45 S A T 4F L, TKGE #1 IKGE 43 3

PR LA T SRR R T ER

FERE UM A A5 R 3 2— 32 5 AT g, AT DLW AR B R 45
. DMKGE BRI 5 F £ /8 288 7 MR Al Hits@10 _F
PG 25 ) 2 T A, b MKGE(SIR) 72 MR |
RIS, X Fe B BLAY T 20 )t 1 S A 3 1) SCA 5 AN
PE% 00 P58 5 B Al A S R 2R v, B2 T R S ALY
WEHIE . 2)MKGE W2 3 [ 454 £ /8 5 TransE L, {2
M &E R SR HIEE AR T TransE. 3% i B AR SCHE LA FH B fin
5 BN AT LG i SR 1Y) 55 A PR R R R IR 4R T S A R OR
HPEfE. 3) MR F R ZEA T, MKGE 78 MR Al Hits@10 J5
R F MY TKGE #1 IKGE W 4, 31X 7 Wik %5 [7) 0 gl A
Tl BI04 B 5 O U T i ) 3 > 4R LT o 4 e 1 kb TR 2
AR .

# 2 unifl BEE T HEE T A9 25

Table 2 Results of link prediction with unif setting

Mean Rank Hits@10/ %

LR E A

Raw Filter Raw Filter

TransE 165 159 77.54  89.32

TransR 148 142 77.54  90.13
MKGE(SR) 26 20 81.27  92.84

unif MKGE(TR) 24 19 81.65 93.22
MKGE(STR) 24 19 81.99  93.09
MKGE(IR) 21 15 80.64  92.80
MKGE(SIR) 20 14 81.27  92.97

# 3 bern B E T HEIL N A9 45 R

Table 3 Results of link prediction with bern setting
R Mean Rank Hits@10/ %
LR E A - -

Raw Filter Raw Filter

TransE 165 159 78.31 89. 96

TransR 147 141 78.05 90. 34

MKGE(SR) 28 22 81.19 92. 84

bern MKGE(TR) 27 22 81.99 92. 80

MKGE(STR) 25 20 81.57 93.01

MKGE(IR) 22 17 80.93 91.91

MKGE(SIR) 22 17 81.69 92. 46

F 4 unifl BEEAS BN ST B 10000 A 5 51

Table 4 Results of link prediction with different additional information under unif setting

Mean Rank

Hits@10/%

FERE e Raw Filter Raw Filter
SR(TKGE/IKGE/MKGE) 51/36/26 45/30/20 80.21/80.51/81.27 91.78/92.25/92. 84
TR(TKGE/MKGE) 47/24 41/19 80.76/81.65 91.86/93.22
unif STR(TKGE/MKGE) 48/24 43/19 80.93/81.99 92.12/93.09
IR(IKGE/MKGE) 22/21 16/15 76.65/80. 64 85.13/92.80
SIR(IKGE/MKGE) 22/20 16/14 80.89/81.27 91.65/92.97

5 bern BEE AN MHINAF B R 4% B0 64 25

Table 5

Results of link prediction with different additional information under bern setting

EBEE wn Mean Rzmli Hits@10/ % ‘.
Raw Filter Raw Filter
SR(TKGE/IKGE/MKGE) 58/33/28 52/27/22 80.25/80.76/81.19 91.44/92.42/92. 84
TR(TKGE/MKGE) 51/27 46/22 80.38/81.99 91.48/92.80
bern STR(TKGE/MKGE) 53/25 48/20 80.55/81.57 91.40/93.01
IR(IKGE/MKGE) 25/22 20/17 76.27/80.93 84.24/91.91
SIR(IKGE/MKGE) 24/22 19/17 80.89/81.69 90.68/92. 46

6 I TEHAN LR L/ REMRBMA Hits@10 45
B Eh — 2 9 M RAR, 2WHIET NtoN FEH, N

F T LLE L MKGE 78 FT A ¢ & b /9 B0 &5 S 40 0 @A T
AL AEREZERZ P WM T TKGE M IKGE, % 2B A& X
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BER BB AL T N-to-N & Z% 56 £ B0 fI 14 A6 A) B it W 1 7

LB R AT 55+ T B Rl 5 SCAS 8 38 R SE AR TR R B s BEHE

# 6 unif/Filter B T READEA L /R SLABIN A Hits@10 4524
Table 6 Hits@10 results of head/tail prediction on each relation under unif/Filter settings
2z 3k 524K F J& 5L AR B
TransE TransR TKGE MKGE TransE TransR TKGE IKGE MKGE
derivationally_related_form 0.00 0. 00 0. 00 100. 00 100. 00 100. 00 100. 00 0.00 100. 00 100. 00
member_meronym 100. 00 100. 00 100. 00 100. 00 100. 00 50.00 100. 00 50.00 100. 00 100. 00
has_part 81. 94 83.33 87.50 87.50 84.72 83.33 90. 28 90. 28 90. 28
member_holonym 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
part_of 80. 26 82.89 88. 16 88. 16 80. 26 81.58 84.21 84.21 85.53
hyponym 90. 60 91.17 93. 80 95.68 89.47 90. 60 91.73 90. 23 92.48
member_of_domain_topic 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
hypernym 90. 87 91.49 92.74 92.95 91.29 91.70 94. 40 95.85 96. 27
synset_domain_topic_of 77.78 77.78 88. 89 88.89 77.78 77.78 88. 89 88. 89 88.89
442 % FFA “ _
R B AL FR T2 T MKGE 056 5 B I 25 ZE XM
BonFE 7 MFE Sy, v LA . MKGE 8 MR fil Hits@ 1 [1] BOLLACKER K,EVANS C,PARITOSH P, et al. Freebase:a

FEETHL . TKGE U & IKGE, X245 R i — L3l T
MKGE T L 7843 F) FH 52 A i A AR i 4h 305 B, BLSOAR
5 BRI EMS 5 B AR T AN 78 . B — AT,

£ 7 unil BE T RR B A S5

Table 7 Results of relation prediction with unif setting
R Mean Rank Hits@1/ %
EpEE 3 _ -

Raw Filter Raw Filter
TransE 1. 186 1.185 91. 44 91.44
TransR 1.126 1.125 93.81 93.81
unif TKGE 1. 059 1.058 96. 69 96.78
IKGE 1.064 1.064 96. 27 96. 27
MKGE 1.065 1.064 96.78 96. 86
# 8 bern B E T 5C R TN Y 45 5%

Table 8 Results of relation prediction with bern setting
R Mean Rank Hits@1/ %
EBuE  HD _ g

Raw Filter Raw Filter
TransE 1.165 1.164 92.37 92. 37
TransR 1.124 1.123 93.90 93.90
bern TKGE 1.067 1. 066 96.02 96. 10
IKGE 1.071 1.070 96.53 96. 61
MKGE 1.062 1.061 96. 86 96. 95
GRIE AN TR S A T MKGE. %7

AERS 92 B 48 52 = DU A S R 38 LS AR IR B 5 B 7 (A I
HRT 2 B I 4% 4R = R R R = T e
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5 5 TR) FRF 2 15 81 01 PR 2 7R v, AT =% ~J 10 B o 4 ) S 44 R
KRMA .
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