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Abstract

Natural language processing is a subfield of deep learning in computer science that aims to enable
computers to understand, parse, or generate human language (text, audio, etc.). This paper mainly
introduces various types of models derived from the Transformer structure in Natural Language
Processing (NLP). In recent years, with the rapid development of deep learning technology, the
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performance of natural language processing models has also been greatly improved, and more
natural language processing tasks have been better solved. These advances are mainly due to the
continuous development of neural network models. This article explains the most popular Trans-
former-based natural language processing models. These include BERT (Bidirectional Encoder
Representations from Transformers) family, GPT (Generative Pre-trained Transformer) family,
the T5 family, etc. This paper mainly introduces the development and changes of the above series
of models, as well as their differences and connections in model structure, design ideas and other
aspects. At the same time, the future development direction of natural language processing is
prospected.
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1. 51§

H 4815 & 4b 2 (Natural Language Processing, NLP)IX —40sk (I fiff 7834 K B 2 AN A i, B ek
HHLREAZ N — FEE AR AL BSOS R, MITSEIANIAE B 5 ERR . BARE S A REZ R[]
AR, BEAE RS 2 )RR M R A RUSE B R S, X T BARE SRS MRS 2 T IR KK
PeTb. XU e 3 BAR A TR B ST SURI AR R, PRI ZR 28 . R 2 0 28 AT R ML 5
e AR -

BEHEM, HRESOEIURARAAEV 2 0 S BRAF A . B, SCARS 2 BT HLEsE
B SRR . EIX RS, TP RN BRSO B R AN AL BRI R ), RN R 2 LR F
EHEMZ M. B BRI ER R N TR, SRR CH KRNI TIE s
THBAL, BRI AY, PR 2 o) B 2,

R ERTIR, BTG T AR — N A R, B R B AR X, BATIZ N
RS, Kok, BEEBARNAWESHARE, BRESOEESENNZE., MREE, B Rng
SRVE T AR RS T T R R B R A .

2. IEEHRR
2.1. Transformer

2017 4E, Vaswani 25 AHEH 7 Transformer [2], X/ MREGAIERXT H SR IE = AL B b 721 31 %)
(Seq2Seq) TN EREHPEAT 55, R T ALBR 7 HIAE S5 i W) gmAd &% - D28 28k . A vr 2 ik
B N BV 2 B ORTE S M EAE S5 . A2 R/ B ARG 5 A BAESS AR, Transformer A Fif8T FH 7R
22 )2 (recurrent neural layer), T2 (UE & ZIHLHIEEA TS B R g g A RS AR, AHLE Z ATARE At
BEBEWNIMTE, 465 TR K. AT B RAIEER R EE P 28t A A RS 0 PSS R AT 3R A
i) /&, Transformer &) 1 V£ 1ML (self-attention) 7 ) 22 Sk 2 WL (muti-head attention) Fl 4 s 2%
i (encoder-decoder). 2 BT AR 22 Sk B L, & IR R A 1 22 /N3 7 ) 3k (muti-head) 8 % 18 21 AN
i G AR ERAE AR AL Bt 2 A 8 TE (28R
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HAl, FROCEAFETZ IR, Transformer iX—22 AT ATEEIME . WA, 5 AI5% 240
B IRFIL RAOTERE,  PRHE AR R A Bt 145 R AR UL RS SN i — fefl o (X thitad R 7 32K
GREMBE ARG, TERERBIEET NS REB 2 R B SRt fvEse. /£ 8R0S b BSE
kR, VR BRI BT Transformer H 4w A% 25 FARAD 5% (K 45 A 30E A7 019

2.2. BERTs

IR Transformer BEAU ) 72 BNH T 77 51 217 SIIHLEE BT 55, (EBEE BT AL RIR N, S8 0106
R A AR B RE T ARSI NH . i 4 00481462 BERT (Bidirectional Encoder Represen-
tations from Transformers) [3], ‘B& —FHiIZREF A, 7 Lo @S T 2 HoAth B AAE 5 2T
%4,

BERT £ HAES5 /2 B I SUiE & BTS2 —DXUR L. MatZid, M GPT (Generative
Pre-trained Transformer) [4]{\E i 72 M (15 R TN 2 )5 A4S B (T8 Ja SCHAT AN 4B) AR 2, BERT
R T 2 A S BT H bR B B ST .

H SRS 5 AL PR AT - ZE S IR SRR 5%, BB — N R A TR RS, filtn, STRIGE K.
A RBUREE RN LS, B, ST S MBS R R E AR S R . LRI ESE
AT AR T RHMERIER DT, SRR TR R U7 e BT RHE IR T vk
AR E R AR — A TR Bt — B R 2%, BT RoR 7 At A H IR A, B A R 55 1
BHR X FATHOM . BERT LB A — Pt fERD 18 S AR Y, X AME Y 2 AL 75 3 ) 7 (19— 24 ,
107 2K R B 97 BT T B 2 5 A 1] o IXRE A R B S A TN A B P A S, TR T AU Transformer
TGRS . 76 BERT MBI ZRd #Ed, 7EARbRiC B SE BT T BIER, W NS IR R,
TEM ARG TS BRI, X — 0% AR IR B 5 S T LR S A1 204 WL, (R AR L
T OEAFE RS PR B RN AR A S T FEE BT EN S, B RIE 5 A HE AR
H RS R AR AR BIX —%0R . Mk, BERT #8750 M B Ba 4 L7 B %% . BERT HIFUI A B 5
BR: PONZRAGOE, FNZE AR NEEES, TR ENZR: SO IR I A bR s
HATAH B IIZR. BERT HE & A B SCA 7 A1 8 dE i A2 AN A) . BT BERT fEYIZRd R fg
5+ 3 DT AR HE RLR) T WEAT S, PRI AR PR AT 55 [0 R B SO A8 9 1 0 T VIR AT 55 P e i R0 i
MIZHZ, ARSI BT AR, XRRTTE 1 R 55 S bRkt i 72

£ BERT B R A 2 J5, Al HAE AW oo AT S F gk . 2019 48, 42 | BERT I Z1iE
T HRA MBERT [5], I 7E 2 MG S RHIBERE FAT B0 2R, 7T DAAREE 104 B S . XASRARR)
KA, FEATRIGEE A BN S E] T 3209 E . RoBERTa [6]F]FH 5 £ HI3E . 58 KAV ZRdth R 5 K
PO ZRI ], et R —AIT0 H bR, K51 B 25 L B 8 A 46815 (Dynamic Masking) B, Skt pk iz
PERE. ELECTRA [7]5I N T —Fp 28+ A= Bt} 470 4% (Generative Adversarial Network, GAN) I )I15 75 5K
B, A NSRRIV N A, % BENLIEE 35 (1R oA T TN, SRS Bk RS R 1)
B AL FIN AT FIWT, BT N )1 T R B A A AR AR I B . T BERT I ZR
T FR U St — 0 1 AT BEA L 35, PRI b SCAE JE RO A0 55 1, T AR A A 2 [ A ]
. ELECTRA #t— B4R T1 T HRE 5 A FAE S5 ERTERE

IR AR Pt T Hedi e 36 7 TR, tJe BERT R — M5 E A . BERT {§/H 7B A
FA PR AL 5 18] T R 7 2O TS AT A0, B RR T 206 TR S B A Pk . BERT-WWM [8]H:
FITASE FH (%) 77 XM 0 A9 308 55 1] 7 P e 03] P At ] ot gE AT 55 o Bl S B2 1) ERNIE [9]0) 5] A\ A 4 544
(Named Entity)iX ZRANBAI, X SEAR G T TS . SpanBERT [10]H RS JLMA[ 434, JepabLiE s — B
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BRI, 2 AR S AN LA R — B e i B, e iR, B3 T UR.

b, SRV L BT A S EOA R BERT ML MERE I In PRI g% FE X — B 1t 4T
WF5¢, ALBERT [11]. Q8BERT [12]. DistilBERT [13]F1 TinyBERT [14]45:A15¢ TVE S jmpiditth. DUAT
PR RIRA T8, S, SRR AT W R 48, 3 RS 72 T 2 13 i & gk AT
S FH A1

BAAT S, BERT BAUHET Transformer HHfIZmitas 454, HARZMMATT I, T2 7Y SCHAR B
JEAEFIOR 54T 5 Ak . BERT RIS s (0 4%: v DURFREFh 05 5 BT 55, w] DUSEH 2 Fh
T H AT IO ZR AN O B R X, (A A5 m] LS 3t S FH 2 R AT 45 24 0 . B T8 A T Transformer 4844,
BERT RIMERILE A FIAG K SCART AL . 41, BERT RIMAIEL SR E, ¥%, BERT %
KRS B AN AT I A . F2Uk, BERT FEANE K ALFEFTA I HARE 5 A BAESS, thinsd
AT IR, BN BERT & T A2 a7l gmis, H BERT Bk A (segment embedding)
HEeE S WA a) 7R, BAINEEHEHTRMAGEZ M TIMELS 4. &5, BERT AfEK4
i — SV AT (A BT+ ) 9 5 S RG] A O 119 il

2.3. GPTs

1 Transformer it & J& H 1) 55— AN R AR, GPT 41, J HFRT 55 AH SRR AT LA Ay — A a] BA
fil PR FITAE [ SRS =5 A3 ) R 3 P RS R, M EE T Transformer £ BERT 251415 6 ST A 43 25 FIHL 2 B0 1%
EEME, & IHELUAR ) B bR, B AR B AME S J7 T I vEREAH EL BERT 1 & kA I R %
A1 BERT #5114 ] Transformer H 4wt &3 70 BEATHES ANF, GPT RAIMIBALEH] 1 Transformer Ffi#
M as AT HES . A1 BERT HIIZR AR A, GPT [A1RITA AR AT br 25 1 e dhs 4= 08 2 Wl i B o,
15 FH 85 J5 — N0 B (R % H FRVRRAE e AT AR oS3 4h,  FET0 I 78 il 75 55 iR 0 e BRI 2t
FRFRAELE SRR H R T 57 N et DURIA B4 1 RCR

2019 5, Alec Radford 55 A& H (1) GPT-2 [15]1ATHIIE A — AN i)l . 4500 AR A i A B S 40 4
BT RIIBOL R, GPT [TEE %A T BERT. ik, GPT-2 A THREBAIMIZ LM, MEHII%
BERLE ST B R AT 5 B SE AN AT, S8t T — MR TR ML, SHARESH
77 Bk IR [, AR (Prompt), e FBREAE ) %0 A8, 2 FR2 T2 (Prompt project) B 7
B TAE

2020 4=, Tom B. Brown %5 A2 Hi 17 GPT-3 [16]HCN R /MNEARZE ST RS, 554k T BB BAEA
3, 2Rk GPT2 HAEAE AT AR I B, (B2, GPT-3 /E N—ANIAT KESH(L75 12) i AR i i
RULE S FH 3 TR 55 I e 7 AR R . GPT-3 BEARCAAEIR AR ik 3 TRIFHIBUR, H
HABSRAAAE— E RS B, X TRICARMARA —E MRS ik, X—RH000CH TUEH
Transformer [FIARID 2500 S BN TRARBE “NAEMEG” &, HARE BERT —F a2 RIME R
e, N TG (token) E T — AN TG B IHBOR R 026 355, BT % ) BUR, FEAE R
AR, FEOTREREVER 2 B I S A

2022 4£ 3 1, Long Ouyang Z& AR H! T InstructGPT [L7]#E%, FIFH 7 3T AR 5a 1k 5 51 )5 1%
(Reinforcement Learning from Human Feedback, RLHF)%} GPT-3 #EAT #7514 24 ()% e 58 i 7-& A\
Kbt o {E InstreutGPT w1, M NJTHI 2 — B HME S UAM— KA MRTES, BARIES SRS
S5 TE FR A AN SRR PRI o InstrcutGPT 1Pl ZRid 72 F 2 AT ABY BL: B — NI BOR 2 TS FE 1)
WGk, B AMBRETRTFRLSMTNGR. (B3 T E 2R B, B8 25 S A0S )
AIDEAGFIEE I FEIE TR P AR 2 TN ZRR By, B B2 ST ) B A0 5 18 2 e a2 P AR
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. 5 GPT-2 [15]4HLL, InstrcutGPT fEFUIZRidAE R oI N 7 — 264535, filhn, B TAREEMIE 5 B85
W BEDEMIRC RS, MM E TR BERR 748 2 4R T 55 L IMERE .

GPT RN H LA JURET 0 A [E458 37 5t I SCA AR i Y. WebGPT [18]. ChatGPT [19]#1 Toolformer
[20]. WebGPT j& % JAbFE Web SCARI Bt H M TR SRR, i isk 9 a1 G B ] 1A T 48 2% Il EURH DG B & DA
AR . 5 GPT-3 AL, WebGPT B33 Web A 2 FEMEAI 2% 1 . ChatGPT W = 22 H T-%f 163 5¢,
FRPB RIS 5 S BV T S EE U ANE S B B AE & R, CEZ MGy S 2 TR H.
InstructGPT 2 [8], F& VA AR Z AL, GBI BAEEZ R . InstructGPT 28 A 5 5 2 5k
LY RAAF I BAE R ORAE AL, 1 ChatGPT NUAE T T HUAR X 1 B >k 471l 25 . Toolformer DL H M
(7 A S AR, AR 2 el [ Eh iR . TR B SR BRER IR, B A SOR AR S
TR i SCAS AR R A A B . {2 Toolformer A& & Ab BRAS K (R S AR

z¢ AR, GPT &% EFET Transformer W 2s 45 M THE S, BAERCN— /NEEE IR AT B
SRVE F A AT A HE B AR A . Horp, BRI 7 TR R FEAR M F 7 U R R 7 2R,
PR T E AT AR R R T GPT B,

2.4.T5s

Google 7£ 2019 -4 th 7 —FhFE T~ Transformer 2544 ) A= BT ZR1E 5 #5284 T5 (Text-to-Text Transfer
Transformer) [21], 52 #1231 BERT R GPT RIIAFITI&Z, T5 KA [FNEH T Transformer & 17
AR AARIL AR 45H . T5 5 Transformer Z [A[F & KIXHTET, T5 MU E T Transformer Zht a5 Ffi#
g, RS T —FhFR TS5 IRE (task specification) [ /775, 1% 5 15K - Fh EH ARE 5 A FRAT S 564k oA
BN A AT SS o B, FERZARSH, AT S5 R0R A A2 R PHE S — A SR P51, AE] T5
FER A B AT AL B X AES T5 0 LAE 2 b [ AR1E 5 AL FRAE 55 Th #h 473 B3 (024 21, 10 JC 78 SRR AME 55 0
BEAT BRI ERR . HbAh, TS A T KRB TE M B ST R I Ghisi Y, A K/INZ) 0y 800 GB ) C4
(Colossal Clean Crawled Corpus)¥t#fa (£ 47 I ko MAEA M NZRER 7, W B R0E 5 AU AT
b, PIBY B S — A 5 25 AT 55 K I 2R

2021 4, Linting Xue 55 A& 1 REWS SCREZ MG 5 H) mT5 [22], H4kK T T5 A BT sl i[RI,
T T5 FEEA BT 7 —Se i R SE M I A O B, 76 218 5 AR C4 Bl 4R ——mC4 BTl R, 1531
TXRZMIE S mTs B4, [F4, Jianmo Ni, 58 A3 T sentence-T5 [23], #RE T T5 AIE AR IR
RS TTHIRE ST, VEE R I 28350 70 Ha R RHE O A S, 6 TR ORIt

%R R 45 B AAE S AU T Mo e, HARTE 78N B AME S AT S 1 1
Ao AT EAMMESMAIEA T SEACHE A T IHE, (E A 7R EERE 2 A LL T oAt R A1 AR 28 1T 35 58 i K
) Y AN T

2.5. XLs

2019 4F, Zihang Dai %5 A#2H Transformer XL [241JF G35 1 H ARG S A BRI, 32 A ) JE iR Y
RE A% Ak B 1 7 41 K R [ s AN R AR 3 KOO B 1) /. [RIEE, inpR T T KPS AL B E . 5
Transformer AN[FIfF) &, Transformer XL 754w tD 45 FARAD 2% X 7 ARX A B mtD, M e ALK 751
IS B8 % BE A A P ) Z (A B OC &R . Ak, Transformer XL A T — MR AJEFA ML (recurrence me-
chanism) (17772, A4 ] ALE 22 AN [R] B b B S48 R T — B qE 2., AT — 2B g my 1 12 () R e A
YERE. JF HATRHEHALHIE 1 A7 B g i (relative position encoding).

[{4E, Zhilin Yang 25 A 38 H XLNet [25], HAFSTT BERT FRAFAE (1) 2008 1 430 55 17 5 HoAth 17 2 18] )
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R 28 L SN GRA I T A% 1h68 AN [ ) 500 1 sl SR EAT AR ok, $ P2 T Transformer £544 1) H 1119
B, XLNet /] 7 PRI RIGINZT5 2, — Mo i S AR, 5 — R WA s SR k. 78
FLETE SRR, BRI R R S B, TR S SRR g, BRI SRR T A
PIIEIE B o XAl ZRT7 1S XLNet BERS SEAF U ER AR SOA T BRI AIOC 2R, MITIAE 22 10 H AR5 5 Ab 3
5 AT T R IIRCR

3. &g

2 b, Transformer Z5Kg1E y—Fh i dnbE A2 LR 45Ky, Xt T B ARE 5 AL BRATUS 1 & e 31 7 F
BIVE T, 5 8 ) kB 4 28 R0 45 4 1 W i T 2 76 Transformer (JERE E#E4T . A FERAL T H
Transformer fi7 4= H (AN [F] 28 7Y (IR RY % B 1R R AR A DL B O PE R AR S ), 50 v JEL R 46 5 THI PR DXl 5 R &R o
1EFET Transformer (RS, BERT R4 T Transformer FIZmiSes 2> £ 2 H T8 5 HM (T 5,
GPT R A AT Transformer (RS 2350 43 F T8 AE AT 45, T5 R AR [AI RS {1 Transformer
S BRI 2R A5, E A N AT 2R ARE S S, XL RAINALE Transformer ()&t =
BT A EVAGG 7, B T AR LUK T A A R, S A A ARIE R s
TR ORGP RGBTSR BRI S5 E A BT RS AE Transformer TRt o5 - il 2825
P L — S 2 A ARk o 2 AR AR B S 0 ) 2t H i 0 A BE AN R i O 2 S 2 AR A AT
%%,

AR SCH AR R BAR ELARTE R 2 50 E SRE 5 AL BT 5 R T AR R I PERE, (B IIRAAAE — L ]
M. B, KREFRRIIFEAA S e Em B ALE R R, S HEAF THHNIE, BaiE
ZORBE AN . AP KN, IR LR R 450 AT e B S Bk B AR w RUK, X TSR N R BN A F
Mo S35k, Galith 25 R ARAD 35 I AR R LR AN PTRRRE ) o 1 AT AR 1 A2 1 SR 5 AL BRAE R 2 5 S A%
SN ) — AN BT 1T, HON T 5 SR I RE AR T SR A R P i ek R b TR 1. B, HARTE S AL
TSRV 2 I AR fr il o, AUHE 28 224y, Gk A, TR, W lhF, DRI T &5
H Z A 2 B AR BSONT 17 I 285 1) SCAR AR il

B
TEBLRR S B0 NI REN TR IO TR, LEJE Ak N RS 2 BB 40 1 AR 454 L
SE 3wk
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