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Abstract To solve the problem that the knowledge graph representation learning model only uses
triples information, a representation model with semantic analysis is proposed, which is named
bidirectional encoder representations from transformers-pruning knowledge embedding (BERT-PKE).
It employs bidirectional encoder representations to analyze text, and mines the depth semantic
information of entities and relations based on the entities and relations of text description. Since BERT
has the heavy consumption in the training time, we propose a pruning strategy with word frequency
and k-nearest neighbors to extract the selected text description set. In addition, due to the
construction of negative samples has impacts on training model, two strategies are introduced for
improving random sampling. One is a negative sampling method based on entity distribution, in which
the Bernoulli distribution probability is used to select the replaced entities. It reduces the Pseudo-
Labelling problem caused by negative sampling. The other is a negative sampling method based on the
similarity of the entities. It mainly uses TransE and £-means to represent the entities as the vectors
and classify the entities respectively. High-quality negative triples can be obtained by mutual
replacement of entities in the same cluster, which is helpful for feature learning of entities.
Experimental results show that the performance of proposed model is significantly improved compared

to the SOTA baselines.

Key words knowledge graph representation learning; BERT; semantic analysis; negative sampling;

pruning
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Fig. 2 The overall framework of BERT-PKE
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Table 2 ACC of Triplet Classification

R2 ZREASENEBE %
FAY FB14k-237 WNI8R UMLS 14
TransE 60.76 59.18 78.44 66.13
TransH 62.30 58.26 79.27 66.61
TransR 68.11 65.12 83.36 72.20
TransD 60.70 58.46 81.08 66.75
RotatE 62.22 55.63 83.36 67.07
RESCAL
DistMult 69.41 58.41 83.96 70.59
HolE 68.56 53.47 86.15 69.39
ANALOGY 72.21 57.82 85.47 71.83
ComplEx 76.60 61.61 86.00 74.74
SimplE 61.04 56.30 86.31 67.88
KG-BERT 95.51 96.70 86.05 92.79
BERT-PKE(unif) 95.43 96.41 86.46 92.77
BERT-PKE(bern) 96.46 96.68 88.65 93.93
BERT-PKE(k-means) 96.94 96.89 91.16 95.00

=k 2 n1g, prdi i BERT-PKE #A8I7E =04
GYRAT S DR HE R W T T A A A R
KG-BERT J& B 3L A AH W], 3iF B T A% SCHE 05 5 1
A RCHE . T B Y BT R SR g 0 () BERT-PKE #51 #Y
5 FAR KG-BERT [ # R 4 25 A 2, (H I 2 bif
B H1 R R 4 4. DL FB14k-237 %4 % 9], KG-BERT
B R bRIE A 4920563 A4, AR 1 IRFEE 25 h, 11
BERT-PKE 83k thiabric HA 20409 4,348 1 K
HUT2E 1.5 h, T 76 45 80 2 5 5 B vp 3 22 2 Rk AR
1D AR A B A5 2503 K 7 8 400 3 50 3 4 WINLSR
FB14k-237 I, H e 3 5 F 95% . H R H 835 A%
WG AR 22 AN i 0.3 %0, 78 T B AU B % 4 UMLS
FEF R RS T KG-BERT BU8L K A DA H .
A S I T A Y A R AR I 1 e ) A 2 T ]
$i R BE T S AR A3 A BRI T SR AL R R A
TUORFEBCHE T A8 3 D ERAE 13X 2 Fh iR AR AR
fiefii 15 BERT-PKE B (/)4 5e 15 2 $2 7. 0 H 3L F

SAARFRNE (R -means) 1Y 5 R AE 5 ¥ 78 T SEAK )
A3 (bern) i 7 15 B Al b iy o JHC o 6 o5 A B 5 i
SIS i B A7 R A AR AR AL 2 v () B B I L A iE B
AR SRR SR D VR Y R

RO Y H R = e (R O FEE
Horr 06 Z AH b — S SR A I O T S0 Y 55— SR
IR 3~5 iy R [ B 5 T A [a) AR A 1Y
i SURIEAE

Table 3 Link Prediction Results of UMLS
=3 UMLS #IEERHERETNE R

MR Hits@N/%

Fo
MR MRR N=1 N=3 N=10
TransE 3.42  0.59 36.46 79.20 93.87
TransH 3.41 0.58  34.64 78.80 93.57
TransR 2.30  0.60  35.40 81.09 94.48
TransD 3.26  0.59  35.85 79.58 95.01
RotatE 3.06 0.72 58.32 83.13 94.40
RESCAL 16.29 0.30  20.65 30.94 50.00
DistMult 3.14  0.71 56.96 81.24 93.42
HolE 2.28 0.81 71.86 89.03 97.88
ANALOGY 2.63 0.76 64.52 85.02 96.82
ComplEx 2.57 0.77  63.54 86.84 98.00
SimplE 2.60 0.75  60.06 86.84 95.84

BERT-PKE (unif) 2.10 0.81  71.67 89.09 97.87
BERT-PKE (bern) 1.88 0.82  72.35 92.73 98.48
BERT-PKE(%.-means) 1.81 0.85 78.03 93.65 98.80

Table 4 Link Prediction Results of WN18R
F 4 WNISR %47 £ iy ik BE Tl 45 R

MR Hits@N/%
H
MR MRR N=1 N=3 N=10

TransE 3716 0.013  0.56 1.16 2.51
TransH 3822 0.014  0.60 1.36 2.63
TransR 3365 0.037 0.36 5.02 9.70
TransD 3821 0.014  0.52 1.14 2.39
RotatE 4529 0.017 0.80 1.72 2.95
RESCAL 4450 0.004 0.07 0.24 0.56
DistMult 3275 0.029  1.56 2.59 5.15
HolE 3489 0.021 1.32 2.19 3.19
ANALOGY 3199 0.089 7.10 9.38 12.10
ComplEx 2974 0.099 11.25 15.28 18.36
SimplE 3444 0.007 0.20 0.44 1.08

BERT-PKE (unif)  234.7 0.104  3.55 8.66 14.95
BERT-PKE(bern)  224.5 0.110  6.02 16.44 38.99

BERT-PKE(%.-means) 196.8 0.148  6.76 18.44 43.46
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Table 5 Link Prediction Results of FB14k-237
£S5 FB14k237 HIBEEMEETNLE R

MR Hits@N/ %

LAY
MR MRR N=1 N=3 N=10
TransE 277.6 0.102  6.07 9.89  17.00
TransH 276.7 0.116 7.42 11.15  18.66
TransR 269.5 0.151 10.27  15.34  23.89
TransD 275.5 0.101  5.90 9.88  17.21
RotatE 260.4 0.165 11.23  16.62  26.80
RESCAL 333.0 0.077  4.44 7.07  13.02
DistMult 146.2 0.133  8.01  13.17  22.97
HolE 244.9 0.129 7.64  13.00  22.25
ANALOGY 233.9 0.147 9.09  14.60  25.58
ComplEx 235.7 0.185 12.63  19.21  29.90
SimplE 266.8 0.164 11.31  16.19  26.41

BERT-PKE (unif)  190.7 0.221  6.93 12.14 21.82
BERT-PKE (bern)  203.7 0.230  7.95 13.81 22.59

BERT-PKE(k-means) 144.1 0.259 10.41 16.01 25.54

Wt 3~5 LU AL IE 6~8 L& R, w]
DI gE 1) 3 f BERT-PKE £57# ff) MR {4 3 Lt 3%
AERE ALY MR {3, MRR {H 84538 T 1, 9 H 4
FHE R W . HoR 3 T S AR B R SE A 43 A5 1Y
TR RIS A I 0 () P2 A RUR. 2) 3 Fft BERT-PKE
B Ay —/INER 43 B R AE D7 s ) Hits@ N B fi%
TS S 5 . i ANALOGY . ComplEx; {H
SR CHE BCR A SR W 1) BERT-PKE #2#4 (1) Hits@
N {EHFBEAL TR AR 7 4]t I R 42 T X & i F
BERT-PKE #5 83& A5 % 0 5 (5] 335 i) 5% 44 1] 45 49 15
S THEAT WA AR, DT JC 12 A A5 S A RN OC R A AR 1Y

Fig. 6 MR of link prediction
[l 6 4 s 0 ) MR

Fig. 7 MRR of link prediction
B 7 40N A MRR

Fig. 8 Hits@N for top 1,3,10 of link prediction
P8 BTN AT 1,310 £ 4 rp
T SCORA DG BEAR a1 » DR LG S BE K 40 8 S AR 1Y) i 2 408
SCARHEAERT 10 5738 i 5 T 524K 43 7 S 4 AR b 32
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{4 B R AR Rt ik T 4R R Hits@ N {E ) W7 52 14 ¢
A IS IR i TransE 1196 15 2] 52K A0 L 2
A3 IR JE HEAT VA S A RN TR 5 4 A — L B AT
P o DAL AT R AR ) P B PR O TT A BROR A SR
AL TR B 3R R 2 2 (W 68 77 . OF Hoad oo 55 3R
W AT SRR 4 o ASE R )1 5 R 4K 1 B () L 4 FB14k-
237 HAHR A B AT R — IR 25 h, B A H
B 1.5 b BY A AT I 5L T fid — A SE AR T L 8 min, 177 BY
KJE HAF % 50 s.

4 %5 it

AR SCHRE Y — A T SRR AT I 0 R e A
Al—BERT-PKE, i% 8 #0 4§ BERT H F i X fit
BT o B 1 R TR AR o 30T 408 B4 B R SR I DA 4 2 1)1l 2k
B[] A0 4 2 il 47 SR R SR i T SR 4 A 1
BURFE T T Wl D PR AR 28 7 A 5 ik T S A AH DL 1
FORAE P32 [7] 7 S A ) R e 4 i R = o L R
B B R AE N 5. A SCHLRN T B A 2 7 B AU v 428 4l SC
AR A VR B IR 1Y 2 L AN AR SO K BERT A5
I 0P % b 4 AT 55 R R B A 5 7 1 AL 45 TE
it 25 R A AR % BERT-PKE #5284 2 —Fh
IR B T AR R I R AT S R IR AT A K
BRR I — I T AE.
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