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Survey of Natural Language Processing Pre-training Techniques
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Abstract In recent years, with the rapid development of deep learning, the pre-training technology for the field of natural lan-
guage processing has made great progress. In the early days of natural language processing,the word embedding methods such as
Word2Vec were used to encode text. These word embedding methods can also be regarded as static pre-training techniques. How-
ever,the context-independent text representation has limitation and cannot solve the polysemy problem. The ELMo pre-training
language model gives a context-dependent method that can effectively handle polysemy problems. Later, GPT, BERT and other
pre-training language models have been proposed, especially the BERT model, which significantly improves the effect on many
typical downstream tasks,greatly promotes the technical development in the field of natural language processing,and thus initia-
tes the age of dynamic pre-training. Since then,a number of pre-training language models such as BERT-based improved models
and XLLNet have emerged,and pre-training techniques have become an indispensable mainstream technology in the field of natural
language processing. This paper first briefly introduce the pre-training technology and its development history,and then comb the
classic pre-training techniques in the field of natural language processing,including the early static pre-training techniques and the
classic dynamic pre-training techniques. Then the paper briefly comb a series of inspiring pre-training techniques, including
BERT-based models and XLLNet. On this basis, the paper analyze the problems faced by the current pre-training technology. Final-
ly,the future development trend of pre-training technologies is prospected.
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T CHE LS L Sk A AT S5 S AR B A AT S5 L
RS 20, DL RGN 2507 . 3+ BERT A Bk 45 2 &
A MILIE S AT XLNet 5 BERT #8 X I 8 K. & B
[ 3 T A5 R 4 — A~ SRS 4]

4,1 ETF BERT BB tiEsl

R EBEARP T HELA T L FEF BERT ik T4E.
Bk Y 1) 32 B AL L B A AT 45 BT A L S A 2T 55
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1.1.1 KA RES

H T BERT 7 £ 7 J I 2 iok e F0fiff Y ok 2% v oK — 2, 0F
A g 2B AT 55 3 1T A B i AL S B AR AR AT 45 Ak
R, AT EZEA A MASS™ Al UNILMP 7 A4~ B A, 3
PR ST BERT ook 7 H A A AT 45 IR,
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MASS ] 52 fif i 45 455 ER 1] 2t B 2 B ) 15 6 00 ik B 17 T 499

] R T 3k 6 4 A A )6

PP

C Encoder

Attention

Decoder )

P s

Fig

BERT 1 GPT #BJ& MASS f5: 6, 24 r=1, H [ HL
1 B AN I, MASS w38 1k i BERT; 24 5 4] 7 < B A0 25, |
RS T A5 i B, MASS #t iR ks GPT. B AR #E 19 B 1 35 5
B,

MASS 8 BERT #)7 8 4= lifT: 55, 3F i i+ % — T BERT
FE 48 B ) 1 AR HESE BERT+ LM, ffi F| BERT 1E 4 44 5%
A0 bR SR T i R R AR b fig 19 2R, SOk (490 7
WMT14 #iE-151E WMTI16 S4E-#1E 1 WMT16 3iF-2 5
JE W5 (Y ML 245 B8R S0HE B AT TN L SR, U R 25 Rk
BLEU PFE . 3 1 fr3], IR P50 vl LUA H  MASS fl
TXf lLHESR BERT+ LM,

# 1 BERT+LM 5 MASS %}t
Table 1 Comparison of BERT+ LM and MASS

Dataset BERT+LM  MASS
en-{r 33.4 37.5
fr-en 32.3 34.9
en-de 24.9 28.3
de-en 32.9 35.2
en-ro 31.7 35.2
ro-en 30. 4 33.1

UNILM # B f) 4% 0 fE 22 1 2 Transformer, {5 [ B LAY
I 1 7 A | B[] 1 A Seq2Seq LKL H R BRI K
X H bR R B T — A 4% g5, I 2R R R T2 L
BERT Ay #E A% AL .

5 BERT Ay XL 1) i 5 A5 R [6] , 20 17 35 55 4 8 A 1] 25 it
eI F SCA915 B . Seq2Seq 15 75 A5 T 75 A% B 45 00 1] o
A 5 AR 2SR 2 3R, UNILM il 48 5% #IL i o T
JEIX B,

UNILM #E AV 2k B b5 bR 4000 13 0 B2 I BERT . {H 22
S J05 X [i] 1 AL | L) 5 S BRI Seq2Seq 18 AL {F
R AL K /NS BERT-large AR, B 24 2% Transformer, f£
TR B B 6T A SRS F LA 4, UNILM #1 BERT ) 4b 38
HATA] s Xt F B ARE H 2R AT 45, UNILM bl AL 8 A5 1 A 25 11 A4
), AT 0

UNILM i 33 78 90 1 25 B B 5] B Y1l 25 30 1m) 35 75 480 | B
] 1 AR Seq2Seq 1 7 LAY, fff FHHE RS ML e TIEF
IR v g%y 249 R ] A, W LB Bt b T SRR A R AR E
SRS FAT S . NI ZE R E  UNILM 7 i 2 A i
1155 ) BB AR AT 55 A B ) 24T 55 FOAS i [ 52 A AT 45 1
PR BT I 5 TR A, 78 i B AR5 AR BT 4 BB
PIRCRAR T An7E GLUE I ORI &0 38 B4 1) 5 50 F 19 58
EOR M F BERTF

e lea]calta Tt

Bl 5 MASS 5 A 1) 45 4
.5 Structure of MASS model

4.1.2  FIANHmiR

BERT # % i 14 Il 2 Masked-LM, F| 1 £ /2 #L i) Trans-
former MY A BE 7 . BUAR T AR AP MR . fHJ  BERT #E A 32
BEAR R A 10T F RS S B0 R TE AR BT T
FEURBIARME " T SCRHR BT Y SE R IR SRR . X )
8 SO T A B A0, xR X BRI B X R
237, BERT #58 R] L3 o 5 A9 45 0 4 000 o 348 4 0 2 15 L L {3
B X SCHHR B ST (AN S BRI I R B H
NLAYHE SO R EAT AL, AT A ERNIEL 09 AN
ERNIE(THU P AN SRS & AT 38 5 51 A KT fff 7l 2445
R 2 3 B g SCAS P2 TR AE AR HE— 20 3R T B
T RBTE & AN AT 55 PR RCR

%P BERT #5701 R &, 3 B 42 10 3k T %0 18 38 5 1Y
ERNIEL. 0 B8, 58 iof 4 A5 1A e 5040 v 109 9 1 M 8 5 e 10
SCHIR 5 5 1 SCHNR BT Y 58 %1 LR 7R . ERNIEL 0 19
BRI 254 5 BERT BA —2, AW (72 T BERT J& X F #E 47
BEMLHE A, T ERNIEL. 0 38 i #45 fith i) i1 55 A ME 48 55 50 1 X
HI kYN ZE Masked-LM , P T 75455 70 %6 3 SCH1R BT 1Y) &
7 W Sl B S A

E T BERT 3 T J& &6 i8] 35 3% Bl 2 3 19 1% X &R,
ERNIEL. 0 B 420 35 SCHTN 850 JF 47 A, 38 5 1 485 Y 11 o
N FEREES . #F 2 X BERT 5 ERNIEL 0 #:47 7 XF Hoiid 1 .

# 2 BERT 4 ERNIEL 0 9%y %}
Table 2 Data comparison of BERT and ERNIEL. 0

A wOR KRB AT A S
BERT m X B 2 X B I 4 4
ERNIEL.O X X X # 2 # T 4 4

¢ BERT A58 v, 3 33 104 151 35 ) A9 Ja 350 J6 80 . mT L)
Wi TR I SRR B I8 A 2 5 5T W R AR SC B9 A, T
ERNIEL. 0 ji i 2 2] i8] 5 524 1 23K , (i B B G 68 G B 13 1 vy
IREISTRIBITIN KGR,

WA TEIN G503 7 1, BERT A4 ] Rl 2538 kI 4
A7 ERNIEL. 0 WS b k47 7 i ik, i P A 45 /1 RE 2 90 )
RIS R IR X R ISR N A AL i — R T TR ALY i
NE TN P

At BERT 1 55 , ERNIEL 0 (9t #2E F 3 i 2% 2] 524k
R L AT DL A5 AR BA T 1Y) 52 B 1 R R 5 X I 5 0 R Y
PR R ORISR X IR 2R B A 1 8 TR 43T SRR
AEJ1. aN3R 3 A 78 [ AR OR T R RT 15 SCAR L | i 45 Ik
P A I3 AT ) 25 DR BE AT 55 19 28 T P SCBOHR 42 1 1 S50 45
REW] . ERNIEL 0 847 BERT B8 T 4 i8R,
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# 3 ERNIEL 0 5 BERT KX} b 525
Table 3 ERNIEL. 0 and BERT compative experiments

LA 6D
BERT ERNIEL. 0

Task Metrics
dev test dev test
XNLI acc 78.1 77.2 79.9 78.4
LcQMC acc 88.8 87.0 89.7 87.4
MSRA-NER f1 94.0 92.6 95.0 93.8
acc 94.6 94.3 95.2 95.4

ChnSentiCorp

mrr 94.7 94.6 95.0 95.1
Nlpce-DBQA f1 80.7 80. 8 82.3 82.7

BERT 7778 H 2 215 5 M 2 015 B L 101 Z 86 T 8% 3 iRUE
BRGNS HE P A BE ., W RR 54N IR H A
s ARG b Y 2205 8 SR T LR Sy AR N R ek 1
fE IF 32t ERNIECTHUD BB, 12856 50 3 1 4l F 60 180 &1 3% 3
i BERT A9 I 2 38058

ERNIE(THU) 3= 245 Jy i U UE B 5 )1 Zhif 5 A
PIRA TR, 8B YU B30 43 I 53 3 o 2 U SO vh iy
i 45 SR R0 B (¥ 52 1A 5 0 R R b i SR AT DE I
T 4535 35 B A4y, 5 BERT 25, ERNI(THU) %
Masked-LM 11 % LA J B F — ) 4% % 18 2 B 2504 B 5.
Y AT b Rl G SO R R TR R B 5 R T TR A S 2R
E A5 5 BB AL AD $5— £ 6] 55 T 45 A SO [ i 44 SE0R, I 2K
ST PN ] 43 v 35 45 3 ) S AR LS8 X S

ERNIE(THU) /& 45 G K AL 15 Ak 22 0 0 1R B3 I 45 10
A 345 4 R ) 3 T AR YL B A T S B b SR AR Y [ B 3R
A B SCHANR SR AE B, 58 43 R RN Ak R AR E
BB DT g — Fp R A 1 R AE AR,

ERNIEC(THU) £ X SR 9K 2h BUAT: 55 64T T S5 50, 9256 45
HFW L ERNIECTHU) 76 J1 8K ) AT 55 s R 3, i o
LR AN BERT, W03 4 Fig, BLoh 72 HA 2 B 2R 05
SALBAT 5 L ERNIECTHU) L AESR 5 5 BERT A8 35 /Y

PERE

# 4 ERNIE(THU) I BERT #y* L 555
Table 4 ERNIE(THU) and BERT comparative experiments

CHAT - %)
Dataset Metrics BERT ERNIE(THU)
FIGER acc 52.04 57.19
Open Entity /1 76.37 78.42
FewRel f1 84.89 88.32
TACRED f1 66.00 67.97

1.1.3 BIANSHELFT

PETII AR 5 R, 5] A ZAT 55 2% > 48 76 T I 25 4
I AR v R B 2 3] 2 AT 55 X AT 55 E Il 2 i AR v 2L S T
YRR (1 25 4 R S 8, R 2 AT 55 22 18] 09 AR OGOk il gt T
YA R A YL BE A2 AL fE 1 . BERT MO0 ot B 5 B b 42
— AL ) W B A 8] I 2R Masked- LM I 15
T — AT S5 AR T UG A A IR RE S, AT
FEAHAT MT-DNN F1 ERNIE2. 08 B A #8213
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2 2] BAKAT 5 0 S BT S5 R B R R T BARAE 519,
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B, 33 ol R A D 1 18 A T I A Y il AE T 22 00 SR L kAT
Yl , 7] B 308 i 3K A5 3 47 1 32 fk fig

MT-DNN B4 B4 03 fe 51 . 76 U1 2R 800 AR 20 19 1 1
T %% BERT 0] LAFRAS T 4 (9 PR fiE . MT-DNN W] DL 4 i 4b
¥ BERT 7£ — 2 /N AR 42 T 300 AT 8 A7 75 2 v Wi 83T 2= 31
AR 2E 10 0] B3, [R5 15 48 8 4T 45 b 4w i 4503 A0 60 i B AR
MT-DNN ] 8 B VE—A~ 4R 2 20 i b 72, R mT 2L e 1R 26
WAL . SRR IS R GLUE iR IA
T RS, K 4 Y,

BERT =243 3 i) 2 1) 7 19 FE 30U(5 5 Bl 2 o = B L,
SR, B 08 & LA B 2240 Rk v 28 4 A ) ik Ik O A
LA MENEE . 3T 0k, o R B AR B AT REL 2 3 191
SCHRHRAESR ERNIE2. 0, 76 BN ZR B Bt 51 A 22 4F 45 2% > Ll
X2 X H R R A 19 ERNIEL 0 (9 ek . ERNIE2, 0 HEZR
HERG RG] AL OB B XA R A e LI AT
55, Be AT A AR U1 2 08 kL T IRk B R B U TE S B
FE T 25 B B, 3 3 28 B 2 2 X SR [R] B 28 (AT 55, S AR AL
W )11 &5 BB, 3K o 3 8 32 BF 119 2 3 91 2 AT A OR 25 I D 22 i
R TE S AR R SR TR R AR

RHG ERNIE2. 0 HESE, 1 B 1 BA 78 4315 By © 3 2 0L A
HANGRA L 79 4238 35 19U 2R 80% (49 1/4 7 XLNet
RN 64 3% V100(2y 1/8 B9 XLNet 5 J7) Y &5 Fi I 25 AL
A, B AR R T 0 WU 5 A A 7 e S04 i &L
B AE S 34K , ERNIE2. 0 £ GLUE 9 7 A~ 45 L i 3 90
T BERT il XLNet; 75 H SCARI L 78 40 35 ) 452 T e 195 JoK
SR RIS 9 AR TRI S A A AR AR R R I B T BERT
IR T ARG, gk 5 st . ERNIE2. 0 (W T./ERH,
TEFYN 5 B B, 3 i+ @ 2 A U SR AT 55 AT DL 35 4R T A

# 5 MT-DNN 1 ERNIE2. 0 78 GLUE $t#8 4 I i S0 56 45 51
Table 5 MT-DNN and ERNIE2. 0 results on GLUE

AT %)

Dataset BERT MT-DNN ERNIE2. 0
ColLA 60. 5 62.5 63.5
SST-2 94.9 95.6 95.6
MRPC 89.3 91.1 90. 2
STS-B 86.5 88.8 90. 6
QQP 72.1 72.7 73.8

MNLI-m/mm 86.7/85.9 86.7/86.0 88.7/88.8
QNLI 91.1 93.1 94.6
RTE 70.1 81.4 80. 2
WNLI 65.1 65.1 67.8

4.1.4 ity X

BERT #5#0{#i | Masked-LM {F 4 #E 47 U1 5 , 43 Be 5 s JE
HEATHET X RGO SRR T 24 3 Bl sg A LRI, AR
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WA BERT WWM (Whole Word Masking) £ %1 #5 #15 F1
SpanBert™ " AL, T AT i T A BERT #5804 38 55 7 =X,
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FEAF R REEY

RoBERTa it £t K/ 31 TS0 B ¥R % . BERT Byt K
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i % XLNet ] T It Bert 2 10 % 09911 25 42 09 J8 48 L Ro-
BERTa 4l H 1 85 2 09 Il 25 B4l , 18] B 55 22 1 25 00 K 9 i
6] DA SR SR A5 . 5 22 1IN R B0 B A K A9 I 5 st 1)
PASEAT DA ok AL ME R 4R . R BBk — e R IE 1 5
GPT2. 0P FE B 1) 7 itk 2oL, T BETH AR RO I T B U

RoBERTa #i #I FEE7E Ll 4 A5 i % BERT #4785 4i
W% 7 GLUE 1 %) H i e 6 8 19 XLNet ALY H#E £
AMES 345 T M XL Net B9 BL, I3 6 751,

# 6 RoBERTa 4 XLNet /£ GLUE 4 4E b (1952 50 25 5

Table 6 RoBERTa and XL Net results on GLUE

AL 20)

Dataset XLNet RoBERTa
CoLLA 67.8 67.8
SST-2 96. 8 96. 7
MRPC 93.0 92.3
STS-B 91.6 92.2
QQP 90. 3 90. 2

MNLI-m/mm 90.2/89.8 90.8/90. 2
QNLI 98. 6 98.9
RTE 86. 3 88.2
WNLI 90. 4 89.0

4.2 XLNet 5%

BERT 2 M8 1 5 g i BB, 5 16 DN 5] AR 75 Y $ 4 o
W R s . BERT (4 WY 25l AR T BRI F 40 5 12
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o S SO R T A~ 2o R A R AR Ml 22 L X SE PR AR A
— & W R BERT H 4 A BRL 1] (%) 3500 & A Ll Sy Y, T
K F“New York” X FEAY SR, “New” Fl“ York” J& 17 7 5
B XA 2w TR AR O

B Il T 70— g R A7 A 55 A Tl B, (B A5 G i) | Il U A
RUAS T 12 B 1] (9, JC vk A0 {5 B . XLNet (9 STk 2E
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Table 7 BERT and XLNet experimental results on GLUE

LT . %)
Dataset BERT XLNet
CoLA 60. 6 63.6
SST-2 93.2 95.6
MRPC 88.0 89.2
STS-B 90. 0 91.8
QQP 91.3 91. 8
MNLI-m/mm 86.6/ 89.8/

QNLI 92.3 93.9
RTE 70.4 83.8
WNLI
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