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[ Abstract] In the field of Natural Language Processing (NLP) , the.recent years has witnessed a rapid development in
pre-training technology, and the knowledge-driven method that injects external knowledge into a pre-trained language
model performs excellently in NLP tasks.The techniques of knowledge representation learning and pre-training provide
theoretical foundation for the knowledge-based pre-training'method.This paper briefly introduces the development of the
classical pre-trained methods. Then it analyzes the representative knowledge-aware pre-trained language models
supported by new pre-training technology. According to the types of external knowledge, this paper introduces the pre-
trained language models injected with different external knowledge.Based on relevant experimental data, it subsequently
evaluates the performance of the knowledge-aware pre-trained language models in various downstream tasks of NLP.On
this basis, the paper analyzes the problems and challenges faced by the developing pre-trained language models, and
discusses the development trends of this field.
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Fig.2 The architecture of K-BERT
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3.2.3 K-BERT A4

VR ) B B o S 3R A, A T
55 AU P F R B B A, #5 A A RS B 2 R gk 2
F3PIR .

%2 Google BERT # B g il 25 R I

Table 2 Pre-training performance of Google BERT model %
B Finance_Q&A Law_Q&A Finance_NAR Medicine_ NER
' R Fl P Fl P R Fl P R Fl
Google BERT 81.9 86.0 83.9 83.1 86.4 84.8 87.4 86.1 91.9 93.1 92.5
K-BERT(How Net) 83.3 84.4 83.9 83.7 87.3 86.3 89.0 87.6 93.2 93.3 93.3

K-BERT(CN-DBpedia) 81.5 88.6 84.9 82.1
K-BERT(MedicalKGt) — — — —

87.5 86.1 88.7 87.4 93.9 93.8 93.8
N NT4 — — 94.0 94.4 94.2

R3 it BERT#HAE ML RT

Table 3 Pre-training performance of the improved BERT model %
- Finance_Q&A Law_ Q&A Finance_NAR Medicine_NER
P R F1 P F1 P R F1 P R F1
it BERT 82.1 86.5 84.2 83.2 87.2 84.9 87.4 86.1 91.8 93.5 92.7
K-BERT(How Net) 82.8 85.8 84.3 83.0 87.5 86.3 88.5 87.3 935 93.8 93.7
K-BERT(CN-DBpedia) 81.9 87.1 84.4 831 87.6 86.3 88.6 87.4 93.9 94.3 94.1

K-BERT(MedicalKGt) — — | -

— — — — 94.1 94.3 94.2

N2 38 30T LA 4 AR S AT 55 (R 45
G Rh VEHERIEE ) b KEBERTY % 8L W B 4 T
BERT, Jo H 75 B 2 90 5l 2 48 e 3%, X K 9]
K-BERT J2 fiff D 75 B & 52 ALK 8 [ 30 1) A 7 6 o

b SCTEAN I AT K-BERT $4 = 50 41 4 Jy 450 4 10
P A B A]F A JF 51 ST U P B A0 e D
il R MR 7 [i) R 1Y) 3ok R
3.2.4 A ST PG i T 2GR T

SO IR i K 2 AR T TR B I A
RUAY B AR 280, TR L, 76 T8 A Z2 R0 R0 B AT i 25 848 ¢
Mk IR A, SCHR[52 48 H—F K-Adapter £
R HAT DU BERT & 1 H -5 81 A Gl 2 & X
AN TR B Y1 R AT 55 % AN [6) 1) adapteraff 17 40 37 Il 25
SR 5 AR X BRI TR WEAT 55 i A7 SR B, SR B R TR
(1) adapter 47 £ XM Hb i ACREAE L3 s FEACRE o SR
AR T WY A B Y TR R 2 BN 728, i BB R AT
o5 252 11 60 TR
33 FiIRAMIAREMTIIEGIESER

HPLVHIR T B NLP AT 45 2 o d 2, Hirp , KM
B PR A0 o] (2 25 T8 A 3 A RN AR LR G B Ry
BTG R G0, SRR 20 58 e — Rl TR sh Y
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3) M Ty ¥ A MR 5 5 X0 36 2R iy T AFAE AN
B EFERES 0 I DL SRR A

AT A G — B2 1 TR U B X 1 AR R
B A ConKADI™ , % #5851 W] L AR 4F # fif ok DL B
0] &
3.3.1 ConKADI S A2 fy

ConKADI B /K4 ¥ 4 [ 3 fir o , AR S L 4L F
AT H G & 2% (Knowledge Retriever) AR #5 A i {5 &
XK &, 1 4% 2% (Context Encoder) ¥ 15 )
S R CRRIEL SRR (Felicitous
Fact Recognize) 315 i 5 & 1Y 3 5 HE 5 4 4 z bR LA
F T W6 A it 48 0148 5 Ho A . = oo Jn Ui
fiy % (Triple Knowledge Decoder) AJ L4 A= i id) I . %0
PS4 3R] R0 A2 ] 3R] O >R 22 06 A 2Rl G (Flexible
Mode Fusion) .



478 FHo LS R MR A A UR A T 2R 1R S R R 2R 25
IR AR
. Z
$516 L5 ) SR TR B iy
#
78
fit
A m
5
8 ;He
it
A
(E50630650650)
IS T LT
B3 ConKADI & {KZE4
Fig.3 The architecture of ConKADI
v S RN I 3 log, p, (] k2.1 o
DA R B8 . 45— 2 0 8 X0 A _ e _ilos ) ),

10l x, € XU R — A SEAATR], I HoaT 1L D P 20 AR
it G TS e, #7 HAB TS e, € Neighbour(e,, ), K
KR AR T [5G r Vet £ P ey, e PR
R H RS A

2) B SCH AL A o % gndid A — > XL GRU
P02, e I X B Y IF i B R ACIRES R .

3) e A 5 S Pl o FEEL WD G R B B AR
SEAER A R SCHRTRE AN A 1, A S S A8
EAS I A5 %08 38 A B0 B —Eory g5, Il BT
XAEEVRIFEF B R0 Al z e R 55 i 4R MH
z[ 1) 3R £ AU o ZE VN ZRB B R e 0T 1 O
I Y AR5 56 A o B, ZE I 2R iR TS 36 2,00
TEAE B R B 50 20

2 =n((F-w)- (7 1,7 w,))

zpw=n(6(F W) g(h"- WW))T (1D
Hor: FRER R A H LA AFE W, W, M
W por 72 AT U 25 2805 1 J2: softmax L T5 PR 2K ; ¢ /2 tanh
1 1% PR%L . Kullback- Leibler 8 B (KLD) B % 1 ok
A 7N 24> 3 A Z 8] 1Y 2 B

£, =KLD (2,0 Zp) (12)

BT RN AL A LR SR &R X 2% 2R 1T
Uh Ak D 38 i X 5 5 S T ) B A

" =tanh (07 17 W) (13)

K A4S E R VB LR SC R 5 HRENA £
AW UETE M 8 i M — A 0-1 8 ARl bk 1, e R K
W8z, WU 2R, H B 238 3 AT 7 2 fif ¢35 31 5
Mk

(1o

| B| 7|
Horp B JE YT AS s p, BB softmax el B0 TS 19 XUZ
MLP,., B & i i v AR 43 .

4) = J0 21 N RS 9% L) K MRS R R S — A
GRU M 4 , 7£ B4~ i [0 20 n] DL AE B am) i k0 33 5 4
) R A ) A — R IR AR A A

pr. n(elu([th; ul el W‘,1)~ sz) (15

Hodp - elug2 AR R AR JZ WS R 8G W, oW, R I 452
B b9 ConKADI B 58 5B 19 N PR S
PR A TR B B R A D

zd_[=;7<¢(F-Wﬁi).qﬁ([h-}’T; ufﬁl].Wd)T) (16)
y, =sigmoid ([ A7; uls ¢f]- W,,.)e R (1
p,(_,:y,xz+(1.0—y,)><zd (18)

Hop 2 RS R 52, B o TR X
R RE — A B o, SRR A o, 2R R o X I A A

po=n(p( ) o(uw.))

u''= [h'}'T; u ; c,T] (20)

R IEU S S a NE LA SV v Ll L e i I
p(Y| X, F), B4k N

- Y tog,po (.

Y%k B br 238 i e /ME TR €& Y11 %5 ConKADI :

=L, +C,+C, (22)
3.3.2 ConKADI# 1k

J T ARG Z B Ak, 528 R
FF Y U 1 Reddit 5040 5 b SCR A 4 |, B2kt Bt

(19

L,
y,,H,X,F)+7 21




26

82 M SO ] A B

202149 H 15 H

S2S ATS2S.GenDS Fl CCM %555 81, I HIR A % |
T WA T ESOMEHE 2
B S AT IR . O T R TE AR Y 25 A
At , et 48 bR (AVG) T 74 L4 (0 2 1543,
SRIGIF AR50 T

R-Ly[-H & (23)
T SAZ’ A,‘ meA,mj,AVG
R DIRC RS EEE S Il
Y
m. |\
R, = : 24
¢ l:[(}:[/i, mj.AVG ) ( )

LA RMK 4 RS PR, AR A RS LA

s 7E AR X A5 43 )5 T, ConK ADI FY %% {4 ¢ BRLAL T 4
2R BRI 5 B e gAY CCM J5 ¥E M L, ConKADI £E
HOSCECHE R B RS R T 153% (SR ) |
95% ( JLAR ) , 76 & SCHCHE 45 b o Bl & T 48% (5.
AR 25% (JLAA[ ) 5 78 7132 A FH % J5 1, GenDS |
CCM . ConKADI %5 3 1 {5 J8 A% AU [ % I g 2%
T H A AL £ | 1 5 GenDS . CCM # It , ConKADI
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Table 4 Performance comparison results of each. model on Chinese microblog dataset

SARAG 5 A R-Sore
G BLUE-2 BLUE-3 Distinct-1 Distinct-2  Entropy
match E. E % Embavg Emb, R, Rg
S28 0.33 0.58 13 0.770 0.500 2.24 0.80 0.21 1.04 6.09 0.78 0.75
ATS2S 0.33 0.59 12 0.767 0.513 1.93 0.69 0.27 1.23 599 0.77 0.75
ATS2S, 0.40 0.74 15 0.773 0.528 4.01 1.61 0.75 391 7.49 1.24 1.21
ATS2S,,, 5 0.35 0.62 13 0.780% 0.542 214 0.86 1.03 4.86 7.62 1.16 1.10
Copy 0.33 0.68 13 0.786 0.501 2.28 0.84 0.59 2.18 6.13 0.92 0.91
GenDS 0.75 0.84 26 0.789 0.524 2.09 0.73 0.30 1.66 5.89 0.94 0.91
CCM 0.99 1.09 28 0.786 0.544 3.26 1.20 0.48 2.59 6.16 1.18 1.15
AVG 0.49 0.74 17 0.799 0.522 2.56 0.96 0:52 2:50 6.48 1.00 1.00
ConKADI 1.48 2.08 38 0.846 0.577 5.06 1.59 326 23.93 9.04 2.98 2.24
ConKADI»Cp 1.60 1.89 38 0.833 0.567 5.00 1.52 2.34 18.29 8.75 2.55 2.08
RS BHEAERT RedditHIEE LHMREIT LR
Table 5 Performance comparison results of each model on English Reddit dataset
SARAT 5 A R-Sore

HifE 4 BLUE-2 BLUE-3 Distinct-1 Distinct-2 Entropy ————————————
E e E,. E. /% Emba\,g Emb,_, R, Rg
S28 0.41 0.52 4 0.868 0.837 4.81 1.89 0.38 1.77 7.59 0.82 0.78
ATS2S 0.44 0.59 5 0.863 0.831 4.50 1.81 0.82 3.44 7.62 0.92 0.91
ATS2S, 0.45 0.65 6 0.858 0.825 4.95 2.13 0.75 3.22 7.62 0.95 0.94
ATS2S,,, 5 0.31 0.43 4 0.830 . 0,784 1.70 0.75 0.97 3.50 7.47 077  0.72
Copy 0.13 0.67 9 0.868 0.841 5.43 2.26 1.73 8.33 7.87 1.19 1.09
GenDS 1.13 1.26 13 0.876 0.851 4.68 1.79 0.74 3.97 7.73 1.14 1.10
CCM 1.08 1.33 11 0.871 0.841 5.18 2.01 1.05 5.29 7.73 1.21 1.18
AVG 0.55 0.77 7 0.860 0.829 4.40 1.79 0.94 4.32 7.69 1.00 1.00
ConKADI 1.24 1.98 14 0.867 0.852 3.53 1.27 2.71 18.78 8.50 1.76 1.46
ConKADI»Cp 1.41 1.73 13 0.865 0.855 3.09 1.07 2.29 16.70 8.68 1.63 1.37

5 I, ConK ADIBEBY 48 19 | F SCHIR Rl Al
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E R B R S 7 AT AF AR — 5 B SR BRAE
3.3.3 AR UM A i B 2R S R
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P S — A~ B A A 1 2 e 235 A A T o | 2 42 T 2R
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HRORE 2% R G G JRRLAT 3 9 SR A 9 3 AL
% FEHEAT 2 A, 42 BB O AT 23 3 R 48 R I
g 0 A B, AR5 T e 8l 2 TR R AL ) A ) AR
T r RS 2R R AT A A R = oo, U R
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Fig.4 The masking strategy of ERNIE(baidu)
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| Sentence Harry Potter is a series of fantasy novel |written by || J. || Rowling
| Basic-level Masking H [mask] || Potter is a series [mask] || fantasy novel | [mask] | by || || [mask] || Rowling
| Entity-level Masking ” Harry || Potter is a series [mask] || fantasy novel | [mask] | by || [mask] | [mask] | [mask] |
| Phrase-level Masking “ Harry || Potter is [mask] | [mask] || [mask] || fantasy novel | [mask] | by || [mask] | [mask] | [mask] |
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Fig.5 Different masking levels of a sentence
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Table 6 Performance comparison of ERNIE(baidu)
and BERT in five Chinese NLP tasks %
B BERT ERNIE(baidu)
1% Ei=EIN
dev test dev test
XNLI 5 78.1 77.2 79.9(+1.8) 78.4(+1.2)
LCQMC K5 888  87.0  89.7(+0.9) 89.4(+0.4)
MSRA-NER F1 94.0 92.6 95.0(+1.0) 93.8(+1.2)
ChnSentiCorp 5  94.6 943  952(+0.6) 95.4(+1.1)
mrr 94.7 94.6 95.0(+0.3)  95.1(+0.5)
nlpcc-dbqa
80.7 80.8 82.3(+1.6) 82.7(+1.9)
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14 T A5 2R LS Bl G PR S5 i . BioBERT #4191 I 25 il
T i R A 1R 6 BT R .

-

Publmed 4.5 B words
PMC 13.5 B words

TR TR RHE

EIRAL

HeT Ry A U

R AT S BIER BioBERT{4
N\ - I
1y 44 SRR the adult renal failure cause -
BC2GM, *** P At
Variants in the @GENES$ region
FRPEMW contribute to @DISEAES$
ChemProt,*** susceptibility.
>True
)RS What dose mTOR stands for
BioASQ 6b,*** >mammalian target of rapamycin
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Fig.6 Pre-training and fine-tuning procedure of BioBERT

3.5.1 BioBERT il il Z:

T S i )] BERT ) AL & %) ih fk BioBERT, %
BERT . 7¢ i I 400 88k i %} 22 (9% i Wikipedia il
BooksCorpus) #1477 H il 4% ; 4% J5 %} BioBERT i
114 W) I 2% 45 3538 B} 2 (PubMed 4§ 22 il PMC 4: 3
SCE) I . T BioBERT W)l 45 i SC 7 iF kY
JE 2 7 i, 263 0t A A T RL I 4 A N 3R 8
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Table 7 List of text corpora used by BioBERT
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Table 8 Different combinations of text corpora

LR R A
BERT Wiki+Books
BioBERT(+PubMed) Wiki+Books+PubMed
BioBERT(+PMC) Wiki+Books+PMC

BioBERT(+PubMed+PMC) Wiki+Books+PubMed+PMC
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Table 9 Test results of biomedical named entity recognition

%

BERT BioBERT v1.0 BioBERT v1.1
SOFT . (+PubMed) (+PubMed+PMC)
Vg (Wiki+Books) (+PMC) (#PubMed)
P R F1 P R Fl P R F1 P R Fl1 P R Fl P R Fl
NVBI dis-
88.30 89.00 86.60 84.12 87.17 85.63 86.76 88.02 87.38 86.16 89.48 87.79 89.04 89.69 89.36 88.22 91.25 89.71
case
2010 i2b2/
VA 87.44 86.25 86.84 84:04 84.08 84.06 8537 85.64 85.51 8555 85.72 85.64 87.50 85.44 86.46 86.93 86.53 86.73
BC5CDR
(Di ) 89.61 83.09 86.23 81.97 ~82.48 82.41 85.80 86.60 86.20 84.67 85.87 85.27 85.86 87.27 86.56 86.47 87.84 87.15
1sease
BC5CDR
94.26 92.38 93.31 90.94 /91.38 91.16 92.52 92.76 92.64 92.46 92.63 92.54 93.27 93.61 93.44 93.68 93.26 93.47
(Drug/chem)
BC4CHEMD 92.29. 90.01. 91.14 91.19 88.92 90.04 91.77 90.77 91.26 91.65 90.30 90.97 92.23 90.61 91.41 92.80 91.92 92.36
BC2GM 81.81 81.57 81.69 81.17 82.42 81.79 81.72 83.38 82.54 82.86 84.21 83.53 85.16 83.65 84.40 84.32 85.12 84.72
JNLPBA 74.4383.22 78.58 69.57 81.20 7494 71.11 83.11 76.65 71.17 82.76 76.53 72.68 83.21 77.59 72.24 83.56 77.49
LINNAE-
Us 92.80 94.29 93.54 91.17 84.30 87.60 91.83 84.72 88.13 91.62 8548 88.45 93.84 86.11 89.81 90.77 85.83 88.24
Species-
300 74.34 7596 74.58 69.35 74.05 71.63 70.60 75.75° 73.08 71.54 7471 73.06 72.84 77.97 75.31 72.80 7536 74.06
F10 EYEZXRRENNKER
Table 10 Test results of biomedical relation extraction %
SOFT BERT BioBERT v1.0 BioBERT v1.1
Bt 4 (Wiki+Books) (+PubMed) (+PubMed)
P R F1 P R F1 P R F1 P R F1
GAD 79.21 89.25 83.93 74.28 85.11 79.29 76.43 87.65 81.61 77.32 82.68 79.83
EU-ADR 76.43 98.01 85.34 75.45 96.55 84.62 78.04 93.86 84.44 77.86 83.55 89.74
CHEMPROT 74.80 56.00 64.10 76.02 71.60 73.74 76.05 74.33 75.18 77.02 75.90 76.46
x11 EYEFEFERIZEMRER
Table 11  Test results of biomedical question answering %
SOFT BERT BioBERT v1.0 BioBERT vl.1
B g (Wiki+Books) (+PubMed+PMC) (+PubMed)
S L M S L M S L M S L M
BioASQ 4b 20.01 28.81 23.52 27.33 44.72 33.77 28.57 47.82 35.17 27.95 44.10 34.72
BioASQ 5b 41.33 56.67 47.24 39.33 52.67 44.27 44.00 56.67 49.38 46.00 60.00 51.64
BioASQ 6b 24.22 37.89 27.84 33.54 51.55 40.88 40.37 57.77 47.48 42.86 57.77 48.43
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Table 12 Performance comparison results of knowledge-aware pre-trained language models
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