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Survey of Research on Extended Models of Pre-trained Language Models
Abudukelimu ABULIZI"* ,ZHANG Yu-ning' , Alimujiang YASEN' ,GUO Wen-qiang' and Abudukelimu HALIDANMU""*

1 School of Information Management, Xinjiang University of Finance and Economics, Urumgqi 830012, China
2 Institute of Silk Road Economy and Management . Xinjiang University of Finance and Economics, Urumgi 830012 China
Abstract In recent years, the proposal of Transformer neural network has greatly promoted the development of pre-training
technology. At present, pre-training models based on deep learning have become a research hotspot in the field of natural language
processing. Since the end of 2018, BERT has achieved optimal results in multiple natural language processing tasks. A series of
improved pre-training models based on BERT have been proposed one after another,and pre-training model extension models de-
signed for various scenarios have also appeared. The expansion of pre-training models from single-language to tasks such as cross-
language s multi-modality,and light-weighting has enabled natural language processing to enter a new era of pre-training. This pa-
per mainly summarizes the research methods and research conclusions of lightweight pre-training models, knowledge-incorporated
pre-training models, cross-modal pre-training language models and cross-language pre-training language models, as well as the
main challenges faced by the pre-training model expansion model. In summary,four research trends for the possible development
of extended models are proposed to provide theoretical support for beginners who learn and understand pre-training models.
Keywords Natural language processing, Pre-training, Lightweight, Knowledge-incorporated, Cross-modal, Cross-language
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BT 32 R > Michel 5550 48 L 78 B 25 i K b 51 B 2% B
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F 1 BRI E BERT sase #R 1%T LH
Table 1 Comparison of lightweight pretraining model with BERTgase model
HA VR B % S8 E # E H i
BERTpase ! Basiline 12 110X 108 X1 NAACL-HLT 2019
CompressingBERTL!4] - 12 ACL 2020
ASHL15] ” 6 8.34 % BERT X1.175 NeurIPS 2019
Bert-of-theseust1%] 6 66X 106 % 1.94 Arxiv 2020
TinyBERTL20) 4 14,5108 X 9.4 EMNLP Findings 2020
DistilBERT 21] 6 6.6x105 X1.63 NeurIPS 2019
MobileBERT! 22! kiR Ay 24 25.3%10° X3.73~1. 64 ACL 2020
BERT-PKDL!6] 3~6 45.7~67X106 X4 EMNLP Findings 2019
pDL23] 6 7% 106 X2 arXiv 2019
Extreme 4] 12 1~19 X 105 X5.74 ICLR 2020
Q8BERTL?3] 12 NeurIPS 2019
Q-BERTL26) 1t 12 — — AAAI 2020
FullyQT27] 12 EMNLP 2020
Minil.ML28] BEES  6/12 33X106/22X10%  X2.7/X5.3 NeurIPS 2020
ALBERT!29] 12 12105 X 5.6 ACL 2020
ELECTRAL] ExcEd 12 14%108 X8 ICLR 2020
DeeBERTL31] 12 — X4 ACL 2020
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2.1.1 FA#HK
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PR AL BT RE T — fie 8 X ot 25 T 4 v i1 22 450 3 S A0S AT
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Liu F0U AT = B By 97 B B, S i 2R — A i BE S 8tk
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OB, 3 B 24 3 ) 2 VAR 1) HERR £, 1R 2 AR A R
U, ZE VAR AN 1) 37 AL g ) B
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it R Z 3 F Transformer f I 25455 B 19 2 80 &
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FEALL D HE B AR E. Devlin  HEH A 110M 2
$0 BER Tpase F1 334M B HH) BERT arce A58 78 ) i FH 32 i
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B S B S 4R v 4 RS AE A BXRE R T LA R A e K A
8 Y 515 B 1) T0 91 25 A A 0 3 8 7E — 46 ¢ R AT BRI AR
A i A 2B A L, T 4R AR AL T Y AR 40, Shen
4L ) Q-BERT X BERT #8 %1 (i Fl T — Fh 7 19 4L 7
5 38 A SRS A A 49 (R 25 0 vk L DASE BT A 4R A RS
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Table 2 Influence of increasing hidden size of BERTLARGE on
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Table 3 Comparison of pre-trained language models incorporating
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Fig. 2 Timeline of multi-modal pre-training models development

h T IR B MYt T, — R 2B I g
A R 11 TR SO I BOHE 4B BOUIZ  F AE FLAR 1 R AT 55
PEAT IR /A L E AR T T AR B 2 ST S R Y. A
THEIBNWEIARBEFTHNFRXR. ZHFERAEEBN
BERT il Il 2t BUHE 7 2 00400 35 75 00 B 15 42 AT %5 . Sun
U0 BERT BB E AT 57 S R0 450 R SCA H0 40 308 A7 g 488
it 4 A AR BN » L 30 Tk — AN A B b AT R B,
SN — AN TG U2 S3D i 28 I 4% ok 42 IOH R AE , $2 I H
B4R AIE 1) k3 0o 2R 2 O R AT B IO 3RO SCAR BRI Y
LR b B IR BE AR I 8 L I [ A 2R A i A B TN S A
O WA SCA A AT AR PR Oy ORI S SO E R
PEAT A7 B A XoF 55 I AS R AR G b 8 488 T A0 BE A 2SS
A g R R A SRy AR B IS R B 4R S0 LA b B S 3 3 £
15 B WS P A 3% 22 3h 1 AT L in 4 X 9045135 SR B R . Zha
ST BT B R A AT SCAS 8 TR e B B4 SR N R S B R AE A
BAE BB A &R E S RRNAES R 5 R G
ST 38 HL 3K B A AR AN 24 B R SO UAE R XRESE 4
L JE b2 BB SCAR Z MY OC 2R, 6 3R i A R R
BERI“HEE 1. 0731 H o, Huo %7 Bk & A 1 309 BrivL
LIS MR, LI SCH A B AR A 3000 J7 % 38 A A T,
T 55 A S AL IS MGE B 2 ST i AL D i 5 4 M S R B
Xt 55, HAT 45 02 45 58 — A P SC ik GiRl /) 7/ B iRD A7 A 3
A — K S A S M R . A AE 2017 AE B BIE T 3% A8
ST IR T A — S A BRI AR TR & A A v SC A AR %
P4 AIC-ICC " HER 55—, 5 UNITERYS BB AH M, Hodk 7
R IR BRIEAEALY 20 £,

4.1 FTHEFEIMZOEAR

16 AR1E S AL H 45 5 i, BERT, GPT F1 T5 45k J A 7l
DI GRAR R 38 3F 1 MBS 2 2 R I Y I s 4 B0 3 AT T
Y5, RWhlE T NLP # £ ML 45 /9 SOTALEM T i 8 £
B B0 B0 4 AT DR TR AR B M BE L i A B U R O 4% =
T ImageNet X A5 b FE 19 5008 48 3F 47 45 M8 19 U1 25 A v

B 9 AR BT PR L 2 0 A A8 4 i 5 £ %5 BERT
2 NLP WU 25808 py SEARL, 3 5 06 W 07 QI 25Kk & 11 e A
TE B S A A5 % B0 R A0 2L, I 4 H A B B R iR AT &5
] 5 65 358 1 I W B 2% 2 A Ay A T W B 2 ) 0 ) il =X
B Wi, AR T A B 0 2 T8 M B 2 T Bk A
A 20T W 2 2 b i R 2 B B R R T R
LR B 2% 2 SCAS (1) A R0 0 AS A L1, 455 28 AT AR A R Y
] 2 2% (] JR ] G 38 T AR LY 0], R AT 8 A B R AR L R, X
[ 2] (AR B & R S S A 8 — Fh T 8 A % L2 o)
Y SImCLR A0, B F SimCLR 45 #4 % K . BT LL#E Ok 45 5 3
fifE » 2 I P — B} L ) BT 2 A R R AT R

X L 2 o R — A 2 ST R AL I PRGORE AR Bl S5 30 o)
1) 25 [ {4 AL 14 R AR I 5 Rl fig 3 0T L AS AH ABL A R AR T fig
BTN =B 1P 1 ¢ e o1 A o = s o A N U R R S O
SimCLR #£ #1538 3 InfoNCE 1 2% R 0k By 1k 455 74 (1 3 35 , X
F—AEMRREA @ iR R e LF .

K
L;=—log(exp(S(z;,z") / T)/ 2 exp(S(zi,z;,)/T))
G=0)
(2)

Horfr, exp(S(x; ,z,-*)/T)%yﬂﬂ#zkzrﬂﬁwﬁfuﬁ,é)exp<s
(ziv2)) /D) RIEBIRE A 5 50 B FE A 2 0] (9 AL, T 28
REHE S, FEMBIR S04 . N R P 0] LU B IE B
AN Coiy i) 1R 723 ) DY SE 80 A0 /N 480 2 (A /DN o S R S0 R A 4
FOREARSE (o, o2 45 1) FE B R, 45 2 (B /I L 5 R A0 R B 0
X FPYNZR D7 SR 2 T L2 S I

2021 4F, Open AL ¥ T I 25 18 7 BB 5% 1k S % 0 36 35
NG R A B 57 48 1 TR —AUBE, i nT LA % Se AR
A S DA 2 R ZE R SR . B T, Open AT B M 42
T CLIP F BB R 28 5 — 3 B R R A 6 AR 30 1 - 1
S SCAS (A A B Y T AR AR AT B R AR
HAHAT 4404230 7 e iy 3 SC 1B S0, Transformer St 3¢ A<
HEAT % 7% ResNet Xt &4 k47 4 75, f# F§ SimCLR %t 4% 44

210800125-5



Com puter Science THHEHLE Vol 49,No. 11A, Nov. 2022

HEAT YN S o 1158 HAE A P B85 AH (L2, 4 75 A B 1) SCA F LR 2=
R BT L ST RE 4 A A AU R SOAR FOR B AR B UK 1
F+T 4~10 5. FHE, A BCEE H ALIGN HE 420520 3 & 4% 30 A%
B 5 F R AT A, 5 CLIP R 8] i 2 . HO B0 HE & 0 5 18
A1 PG SO A X HEAT BUIN 25 3 8 M A TR SC B A 45 vh B
8T B P RE  EAUR KT CLIP BAURT UNITER #4
el L [E P FE A AR R AE BriVL 22 8 S OB R Al | 3 R &
AT A LB WIS BriVIL-2 £ 4 588, H B A {i
FE KR 6.5 4238 R SO 53 2280 5% BriVL B8 H
B A DU 1Y) X 45 2588 547 T 1L, 3£ T DeepSpeed HE 4L 42 1 T
T AN SRR R TS B A A5 X L 2% 3T () T SR B 3 i T A
b Ak B AR KT G ARRAE SE AT HR IR A T R A A B S
YIS o i T 80 0 A7 R AR I SRR TUR AR AL (Ze-
RO) = KRB ARy A A 7 (5 9 25 ) 5 26 DI 2R, 43 3 2% 1 T
ZeRO MY 58 — FI 45 = B B, 7E 181 ] MoCo 1E 2 2% 2 SR i i H
AT ZeRO WY By Bt — . 7 Yl 25 3 KA A iF , 8 ] SimRLR

I XF b ) SR BE , N ZeRO (1 BY BE =, B K AR 1 85 AL
TN W WAF . BrivVL-2 BRI AIC-1CC AU dE 5 LR
IR TE N
4.2 MRESHHRNEES

A8 R 5 A S S A 2R R 5 1 AT A8 T P S
52 TR AR IR N SR AR T A 1), L
W 55— Mkl 43 2 i =X A W38 38 T 55 AR B R A e
BEES . Hb A E 5 — B E s = 0y B
GAT 55 ALEE R/ IR A L SCAS R A B 1 5 AT 55

X T R A YR T SCAS TR R B8 4 2 A BT A Y AR
PTG SCA N 1 SR HUAR B804 4 A M e o ROV S B i ) iz 1
14 B 1% SC A %oF B 48 45 ConceptualCaptions™ F1 SBUMS 4 ik
H TR AT 5 00 A WU AR HE 45 . UNITER A% AT A
Pixel-BERTM £ A1 ff MS-COCO F1 Visual-Genome ¥ i £
FR AR AT 55 110 4503 PR B 4 L AR Ar R T T L B
RHATHONGR, Ik 4 771,

F 4 TINS5 ]
Table 4 Structure comparison of different multi-modal pretraining models
A R AE 48 B N R X 5 4 & & IR
Visual BERTL88] R-CNNE89] H L In domain £
ERNIE-VILL86] R-CNN A 1% & Out of domain+in domain %
VILBERT90] R-CNN A B Out of domain &
VLBERTL! R-CNN H L Out of domain £
Unicoder- VL2 R-CNN A L Out of domain &
UNITERL?9] R-CNN H L Out of domain+In domain 2
PixelBERTL3] ResNet-5091] A 1% R Out of domain+In domain &
ImageBERTL95] R-CNN A % L Out of domain &
ViLLALS R-CNN A L Out of domain+In domain 2
LXMERT7] R-CNN % B In domain =
UNIMOL8] R-CNN A B Out of domain+In domain 2
Oscarl99] R-CNN i % Bk Out of domain+ In domain Z
VLpL1oo] R-CNN A B Out of domain 2
12-in-1L101] R-CNN A % i Out of domain+ In domain %
videoBERTL76] S3D R WA Out of domain+In domain %
cprlioz] S3D AR ER Out of domain %
LSFL103] SDResNet50 R L Out of domain 2
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Table 5 Performance of vision-text pre-training models in downstream tasks
CHLA 06D
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YIZA RN 25 7 K2y 100 s, HoP a3 XLM-R A0
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