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1956 4F 5 K, 56 555537 ( Dartmouth ) “¢ B i B #2955 - 22 K %5 (John MacCarthy ) |
WA R 2 1) T 3¢« BT 3% (Marvin Minsky ) | DU JR S 56 25 (1) 52 97 8 - 75 4 ( Claude
Shannon) | P FEE-HEE R F0 LA - 41JE /R (Alan Newell) FI A /R1A%E - P4 52 (A1 Herbert
Simon) R4 B T 77 Bt 19 B A 5 - € 91 BLAF (Oliver Selfridge ) F1 7R « R % 52 K (Ray
Solomonoff) \IBM 23 &) (i B3 - K #)y (Arthur Samuel) | IBM 2 ] {5 B4 58 0 B9 G HiUE
IR« B YJHHE ( Nathaniel Rochester) 35 MR R 2 (4 2= A5 78 « JB8 /K ( Trenchard More ) 55
10 N R ER R 2= B2 AT T 0B A H 2 AR 2 AT NAS R 24 B 1) A B 4R
TP 2 ) AU BRARAE (9 LAtk | FRATF 5T Q] 76 ) 2% JEUER 1 6 Bt R4 7 K5 0 1) 38, 4
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BITAT, B MRAS P EET LFEF P E RS 2 PR, AL S, ERRFHIETF P HRAF T LI,
SIS, AR TR e A SR SRR IC,2024(3) 11 - 29.
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AL Aot 22 FOA A RS R REME A, Bilan, i 25 i B0 2 th AORABURY 1954
AEER — AL B ) )y, DB TSI v LAASGRIZE T, T LA, AR B3 N 2 2 —F A
T RERY AR, MLAS B 5 N TR BEA B A2 %

(HARE RS, 2 R AT B2, Ui g iR 2 R iE 5 SR RR",
ftb /e XA H AR L 8 ek AR TR 2 N TR REF o5 100 5 010, A L U 90 5 5 5 g
G F (McCarthy et al. , 1955) . ik, \SEHE FVE AL IR MR T B, SeiB A 1T
ZJEVERA R TR LE A TR, XL Jm PE 2

(1) AR IE B 2A A FE B FESTE T DA R a7 I PE 2

(2) Yo HA e, v LR OE T B B AT B S, AR5 7RIS 24 04 by il i 2
HE

(3) SIERMEHE AT LIS A C Ui - FRid B O e ml s T i i ;

(4) RFESETE A, ASURT DL SR UE BRI 1 ELA AT DL — S I 1 1
B, (McCarthy et al. , 1955)

ZRGTEABRIBITARZE hi it — 204 10 A S5 8 — A B R B i =
I A B XM & A I T it . 22 R 8 0 3 S8 00 2 50 T A iR 5 03
PLBEAT AR 0 U E R il B G = SRR Rk . B tm] W) N T3 R ME 2E TF

SRR R BB ) T L B RL, AT AR A SR1E 5 AL HE ( Natural Language
Processing, NLP) & /KZL LB ZTI LR,

FIARTE 5 A0 B 455 780 44 B R JRe I SR B50RT A 43 Sk 25 7 H 0 A9 1 5 52 AU ( Rule-based
Language Model ,RLM) & FStiTHiF 5 A ( Statistics-based Language Model, SLM) 3T
T 25 0 245 1 1 5 #5 8 ( Neural-Network-based Language Model, NLM) . K& 5 15 %! ( Large
Language Model, LLM ) % X $6i5 F A Y66 5 N TR e A B R VIR (&4 5,
2024) .

ASCKTHE AN TR REF R RIBF R, KIBESERUE A TR BEME KRR, T K5
F RS FRAL A BARE T Y, MRt nf DB TR R & I EERRR 8 5 %
KRVE, FIEABEZ R SR T 2250 KR S BB E ARG A KA, A SOSEA
il FHE 24 BB AN SORSTF 5 | DA 5 27 20T LABRAR A0 5 TR AR HE A 40 KO 5 B | 34
SRIE T AE SN RIE F AR ERAR . RIE S AR AR IR T Y, DAIRERE 5 1A CAE R

F A AR AN R F R
..
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1 XESRENLR

RGBT i AL & BOA AL B R TAC S B0 TR B i 28 ) 45 A 2 ) 7 5 B AL
K FBAE H 0 B B 2% ) 7 sl K TR i AR AT I 2R, B 2018 4FELIE,
Google ,OpenAl Meta , [ J& AR50 w] A ST HUAL ER AT 4K A A T 4245 BERT ,GPT 2875 N
() 22 B0 R T B S SEAERUAE J LT AT B SRS & AL BT S5 h AR R B L, th FRIBE F R
RIRDHR X G0E B ARE T, I, R S AR 2 N T B B R, R R 5 22
AR, 2N TR BB S 5 098 OB 6] (13546 ,2023.786)

2019 4, Kif FH AR 2 IR A 38 KR T, 47 3002 OpenAl 22 R AE 2022 4F 11 Ak
fii ChatGPT( Chat Generative Pre-trained Transformer) 2 J5& , B &5 # T 4 FL )12 560,
FPRTLMEH A 2R1EF 5 ChatGPT 28 ., I 58 BUELHR [FZ 4328 M2 B RS A
SRIE S HR 2 A SRE S A A PIME S . TEIK AT 55 v RIE 5 R R J g ) 48 iR
FNFARE B RIS BYSRREE ST o KR S A0 e Iy 2 AR HUR R T L AR R s ] {HR
A M, #E 2023 45 6 A, E AN S Bl i A RE SRR AR R A

KB F AR & ] LIRS 20 a0 = A~BrBt .

BF—B B X ANBYBEEEE T 2017 4E R 2019 4F, H AARE THFRI LR 2017
4 Google MBI 74T + FUHTFUJE (Ashish Vaswani) 28 A32 1 T Transformer 2244, 7EHL %5
PRAES5 EIUR T e i 38 9T T ROE SRR S B9 F 4 . 2018 41, Zh A 1A 7 & ELMo
B XL ) TN 2538 35 K ( pre-training language model ) f LA I | fdf FH 5l 25 37 1] & 72 A
( Dynamic Word Vector Embedding) (47745 B 79125 B G, T[R4, Google 1 Open Al 43
HHEH T BERT ( Vaswani et al. ,2017) Fil GPT-1, BERT-Base A IS4 1.1 12,
BERT-Large NRASFIS4U N 3.4 14,GPT-1 (IS4l 1.17 12, MHILETHEMEIES
BRI S5 X B KR BRSO B A T W R 8Tt 2019 4F, Open A1 XK A
7 GPT-2(Brown et al. , 2020) , HZHik 3| T 15 12, W5, Google WA T Z4 = HiF
} 110 4219 T5 #E %) ( Text-to-Text Transfer Transformer model ) ( Raffel et al. , 2020) , 2020
4F, Open Al #HF—KiE FHERISHEY RE] 1 750 12, %4 T GPT-3, b5, 38 A4k
T — RN RIE F A A EFE R H ERNIE(THU) | @ ) ERNIE (Baidu) (£
o %, XM B SE B T RIE S BRI G | A58 0 B 6 i 28— i i 2%
(Encoder-Decoder ) 5545 R 28 R PR RILE R 3 £ TR 5 A Y 3 R ] B0 25—y =X
FEXAN R AT 55 A TIOM
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BB XA BB T 2019 4FEE 2022 4F, H HARTE T — BT OE S BRA A
PERE, W1 T RIE S R AVRMEE R AT 55 AT S0M , DF 98 N kAT T i — 20 R &R 1A
FEANET X B — B R AT 55 AT IO A I 0 N, R HE KB S BRI RE JT . 2019 4F, B AR
(Radford) 58 AStAH A GPT-2 BEAIFSY T KiF F A BIZE R AE A (zero shot) 17 L T A AL HEfiE
Ji, TEMCEERE b A6 B ( Brown) % AFE GPT-3 B b HF5E T 3 4 15 55 2% > (In-Context
Learning) #E4T/DFEAS (few shot) 27 2T T7 4k o REANRT 55 10 /D A AR T A9 S 001 4 30 15 0
P AEAS Z Rt A KIE 588 (T TS 5 A AR SE I F AT 55, 45 HH IR 25 21, i R Y
WHFE s 7 HE W SR Y BE 1, £ LE4F: 55 b L R T OETAY A B 5% 2 (Supervised
Learning) 7%, FIRITEART EAEUORTE SRR S8, AR AL PN [T 55 i o AN 5 22
FEBR R TR IR TR (R OO T S A B HAMERETEAR 24T 55 EATOR
ARMEIR B A W B 2 I RCR, I F 98 A B £t T 48 4 10 ( Instruction Tuning) 75 48
(Chung et al. , 2022) B KEEA& RIS 58— A X HARTE & BUEZR T I Zkih
BEEFTHOE . KB F R — KM A] DL T8O T AT 55 R R M 55 R L T ARG iz
fLBE ST, 2022 4, KKPFH (Ouyang) ZF AHEH T InstructGPT 5545 (Ouyang et al. , 2022) , {#
A B OH L, A58k 2 (reinforce learning) 5 /b8 Bl wit vl DAH A5 I8 S AR AT A
AR IS . P NIRRT E5G 8 R 5150 [ [0 25372 WebGPT( Nakano et al.
2021) . XEETIRTE AR KR SR B AT R REAS R/ DA 22 & e IRl | B
FNF A A HESE ( generative frame ) B RS AT: 55 #EAT A W B ORI 19 7 3, R0 AR Tt T
RIE BRI RE

5= B XA BN 2022 4511 A ChatGPT A& A 0 — BEIELL B BIAE . 163X B
BL O RIE SRS R T RBIERY & %, ChatGPT 3 i A 5 #L &% = 6] i 24 A4 %% ( Chat) |, F)
FH—A KB SRR T LLSE B R [0 SCR s AR A B i 45t & AR TR S Ab
PR GE T SR 1Y/ ISR TT I A A BE 70 i SE B BE ) . BEAETF U m) 2 4% 26 B K1
B A AT 55 LR AL 3 E B e B R AR ), i M R 2B AN 4, 2023 4 3
J, GPT4 KA, A1 T ChatGPT XA TAEH W B b JF B4 T 2B iR ke
GPT4 7 Z R 3L % MK _E 1540 = T 88% AYNZEII KT, £ 45 35 [ A If v A% % ik
( Uniform Bar Exam) | % 2% B% A % % iX ( Law School Admission Test) . %% AR fig 71 ¥ 4
( Scholastic Assessment Test, SAT) %5, GPT4 FEFL T iIr-F“ il FH AN T3 68" (Artificial General
Intelligence, AGL) BIRETT . £ K2R FIRFFEHLAMALE KA T 2RI RS, 34E Google 1

H Bard A BB SCL—F BRI A A KRB g ChatGLM & H K221 MOSS
<4 -
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o AN 2022 AFEJTHR  RIE R 5 B AR SR I 45 DR RIFIT ST LR AR A K A 25 Ao
AR R F AR, B T R B SRy T

B 1 LLM %ERIE 8% (2019—2023) ( Zhao,2023)

1 3 BRI RIZR A | 45 HH 2019 4FE % 2023 4F 5 H LA 2 19T HAS RIS 80 S
100 AZHRIEH BB (Fkar 55, 2023:4-6)

RIEFRSLER Fte N JCIR IR E— PR ki, A N etk A R 2 i K dla
Hii i ( data sparseness ) FIA) &, {H 2 [ AR5 & Mo 52 4, B4 TR pynl REE , F- P2 K A9 Il 25
TERHIXEDIB S5 A B9 N TR IR, DR, 7 240 TS T BOR (smoothing ) SF fiff 2R &5 305 i
B[R], (A% R G0N T n] BE L BRSP4 ER R E — AR BOME R (80, DT sl S M
SRR O T A S B R X R ARG T AT R A —Fh T vk B O B -
(data smoothing) , P-4k B A HEAS REAEUR 48 R ML R B s BE SR (R AR B BE 3R 00 A1
ERC

N JCHF AR AR TR 5 I FRiEoR LR A TR F) [ B5OA BRI S &R, AN TR B~ 3
FETEAFTEOU N RRBA BRI ZERE , i 5k AR b ke T ML (Rl (HZ
N JCifs F R RMIIRA =00 B 2 AR

(1) ToEg KB N Y BT SO

(2) T FHHTEN TR A AR

(3) 24 N MR, K 60 i 1 D0 Bl 2 3, A8 B 2 e Il Ais B i, O LA R A2
BB AR P R, S EOE AR b= ]

BEAT N JCHEIR 208 1 L Z [ A ARDUYE o TR, 6T 0 A1 53R R A T il 2 I 458
. 5.
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TS BB T 5T R

ZJFY - AT ( Yoshua Bengio) %5 AFE 2000 448 H T {8 F B 45 feh 28 M 2R 1 5 R Y
(Bengio et al. ,2000) , JEMEZRT [ HEFT AL W25, 18] () PR F G5 A (one hot encoding ) # B Ift
H— AR 2 B S8R 5 (vector) , FROMTAIR A (word embedding) . BUJE , 916 P10 42 0 4%
(Mikolov et al. , 2010) ¥ 33iiC 12 M 4% ( Sukhbaatar et al. , 2015 ) 254 28 ) 2% 77 B #K i
Hu T RIE T REAN R, AT N JCIR AR | i 28 0 2% 5 7 P AE —E FR B sk o
BRI 5] 0, A7 SEASTARY I T LA SRE 5 Xof SCAS A B2 B IR ], DA T S Jeg i 275 4 B g A RS O % At
R, TR 28 R 2 5 B R AT W 5 2% (supervised approach ), fff F AR i B8 20 4711 4k
I, 18 H A Y Zhodd B PTG e T AR N gt B i T2k 5 AR ] LU i Tobs
TESCA RS, TSR AR B I R U R R TCAR 1 SCA R P A AT . 18 H AR
R T MR ) [ W24 o] (self-supervised learning) 155, Bl HIER 1 & &, A4 25 5 3k
YU KRB SCAS B | R 258 KR () 5 T 2 I 6 1 B SR iR AT fE . THEAL
D8 IR H] ImageNet XA HEAT— K I ZR ( Deng et al. 2009) AR HY AT LLIE o if & 5145
F535 2] WS IURAE , SR 5 FEARPEAT: 55 H AR SEA TR ARG I, 32 BT HAE ML S8 X R a9 1
SR, AR 75 AL PRSI T WO 50 75 B A 5 I BB i B . L ELMo ( Peters et
al. ,2018) AR MY ZhA ] 0] AT ALE T Bl 250k S A B P 4%, /S BL GPT(Radford
et al. ,2019) Fll BERT( Devlin et al. ,2019) HCFR M EE T Transformer £ ( Vaswani et al. ,
2017 ) B RHUBL I 21 5 AR L 3, (075 F ARG 5 Ab B AT gk A T I 5 — Sl =X
( pre-training and fine-tuning paradigm) FJHTHFAX . K I ZAR R R T T WA 55 1), AN 42
TR Z BT 55 407, WANTT ZE BT 4 0E (A 28 I 28 254 ) U 22 Tl ” il R A ffe
FHELARAE 55 10 b i B8 78 TN 20 5 R0 78 1 AT W B I, sl v LA I 38 WL 2 T+ R G 1
PERE.

2020 4, 0pen Al &4 T AL 1 750 {CSHR P 28 I 45 48 B i) A s X R RIUASE 911 225
HE B GPT-3, 464 TR, BT RIEFEANSHEE X, GRIEARIES -
HBVEAT IO T BT FE I T TR IR, R AT b % I 5 =S A T kit . RN
BRI i 3 1B 5 2% 2 (Incontext Learning, ICL) %5 7 i | L3608 R MRS = B ALt ml LA
TEAR AT 55 Y/ DAEAR 5 N BRI ORCR . M PS8 N g 1 T o) RS i 5 A Y
F4E7R 1) (prompt ) 2% > Jy vk 5 Y BV il 5595 =X ( Model as a Service, MaaS) | 4§ 4 fill i
(Instruction Tuning) 5§ /7 7% , FEARME 55 LABHUE TARGFAIROCR . S ILIAIET, Google , Meta |
R A NN E RIS ML BB Ly 4y % A5 T 4345 PalM ( Chowdhery et al. , 2022) .LaMDA

(Thoppilan et al. , 2022) ., TO ( Sanh et al. ,2021) SERMALTE F LAY 2022 4F 11 A,
.6 -
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ChatGPT B3, 5 KT SRR RE S AT 1 580 YR I, 51k T KR S BT S RO

2 ZEAGEN ( Kaplan,2020)

22 B N TE R ZE AR I 48 A ) (Scaling laws for neural language models) —
SR T AR N (Scaling Laws ) |, 48 H 7 5 A BOPE BRARHE TR A AR (145115
i (Compute) EE4E K /N Data Size ) FIZEUE ( Parameters ) , B R S 5 X =5 1)
SR i AT A G (Loss ) (HBEE TR R AMUASE KA rO AL S 800 g m 2k
PEREAG, IR 2 PR, X EIRE T S BB R BE ) ] IR TG = A8 okl H iy 4 s
IR 3 BRI 3 e S 8 1 nT DL AR Y A0 461 2K, (A5 28 ) M i T 93
D4R R o AR R N S AR SR TIHE SRR 25 1 T 270 B il

TR R E R AR 25 5 BN Transformer BRI Z /Y, 1, 7047
Kt —LBHETIZRTE S A Transformer 451 X HAHICH) Elmo Bert (GPT S5 KR H A

2 FilZiESHRE

TE T HIAZE [ AR AR BRBE IS f 1 R SR B B = e — ™ A [, X
T HRET AR LA AR BT R A BESRA R KB (big data) , B FHAYHIZE B
SRIBH AL PR GERAR FARERL T J7 A0 185 2RUCA )T B o I Zeifokt . dni
EH AR =, BARE S AR B e ME LR UERY . D8 1 Dl S BR B Z A ),
ME TR = T 7k T IR R INIUEE 5 B BT IR T A AR5 AL By w] A7 1 (m) s, 2
BT — T 3 AR AL B A — I R SRR A 3 B

B3 Fil&ESHEE (DEMS,TH,2021:1-14 +112)
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T AR A MU B SCASTE B R % (large-scale text corpus ) #E4T “ Pl 457
(pre-training) , H 7 WO ZRiF F AR | SR 5 4TI 1) 455 5 A 55 B8/ NIRRT, 35 2008 2 (task
datasets) , WA ITANIE #6551 J5L BEEAT “ B00H” (fine-tuning) , JE A N W 4 55 BB 2L
(models for downstream tasks) . XAFERY YN ZRiE F B BEUHEAMEARHITEH BRI L 1 THeE
A 55, T3 1 AT 55 1 aa ] B 01T s 5 A 28 ] DARRATG AR 0 5 Ak 3 3R 8 i 0T ) e
B NTTAIER 1 F AR = AL PR RH A A0

2009 4, Ak 2s s AR R 100 Z2R0E F R 250 (241Xt i 500 (0S50
B IR b BN BN 2 T — 2L E B R G, Rl T 2R E Al
BRI TS AR BR o AR T — b F 3 SRR 2 1 5 A Rk ZE L AR B (Massively
Multilingual, Massive Neural Machine Translation, M4 ) #9771 ( Arivazhagan et al. ;2019) ,3iX
FERY M4 J7 AR BT IRIE 5 A BRI S EARRIUI T B R BB S T, n] LA A 1l 3 17
AR RGO L R AR ) RN RS 16 5 N IR B s BRI SRR, X R8T
RIS NYRETHY

3 Transformer $& %Y

2017 46 H , 25800 lFEAMAT & 2 ATE SCCER TR VR 75 ZE 1) —HT) (Attention Ts
All You Need) (Vaswani et al. , 2017) F42 i 7 —58 2 TR 1ML (attention ) H T Z5k
AL, I AE Transformer™ , 3 MR 35 T 78 1M 22 1 (8 bR FH A T LA A A B £ B 1)
TEPR A 28 M 45 ( Recurrent Neural Network , RNN) 2544 55 45 B 42 [ 2% ( Convolutional Neural
Network , CNN) Z5#4) A% 00 56 4 FTE R L], Transformer & 58 4236 F 14 & S AL A
T AR TS5 1) 58 BRI R R 47 T RIS, TR Bh 1 AR TE 75 AL B i A Y

B4 FERHEWEMIEZEIE
TE Transformer 302 FiJ, #1258 ) 25 HIL 2% BHIF K 22k FH L TR A A 28 M 4% ( RNN) B

D Transformer B AR AR TG4 FEIES < AT “ At AT G S, 5 A WA A S0 4%, Y42, I, R
5 USRI SCRIY Transformer, 7K F5 4 T2 A 600 , RN SCFIE Transformer,

. 8.
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R, e 4 s

BRE BEBR A 25 ) 2465 SR FH 0 2 — b S 20 B9 7 91 2 e SRS ) An, 78 S DUBL A%
P22 ) 25 9 i 4% ( RNN Encoder) X T4l A BT H] 5“1 have a pen” #4740 6% , 4
PV B 74T 43 ((Attention Scores ) 25 1 B ) 4r IR AU H, T 48 51 ¥ B J7 43 1 (Attention
Distribution ) £ 21| 7 & J1 fit th ( Attention Output ) , e J& F I8 2 1t 22 ] 465 19 fi A5 4% ( RNN
Decoder) #EA TS , 15 B DUERE S A — L WE” .

B A 28 I 24 1 B2 7 B AN DU T S T3 A2 B S A Z 5T — 22 15
B WA AR BT — 2 105 B AT A S o TP 2 2% B R AR e 1) AR 5
R AR 528 10 77 B 7 SNl e AR 3 9208, R SoAR i K ) F1R £, el
Z R IF H LB AIGER 0 25 h0 A AR A I 2Rk TRIE A 2L B RO B
AN IV =

SIS L, Transformer N7 EEARER, 1M A& 17 oAb 21 FP 31 i T 45 1) 20 3] 5
F55 N AR 127 (Self-Attention Layer) | 18 [ F 305 Ho#eac i 2im) 45 A2 sk

B 5 BiFEAHE (Ashish,2017)

TEELS B x50 %y, % X TBRAL Yy ya L v va s v A, B — N R R T 2 S e A
R A A 2 A1 30 B 24 % BB A 2 BT BT A 15 B, I i v I T S
FARL ORI x, Z A0 TR 1 x, Z AT x, ,x, s TS B 1y, BB T 2% 085 U O 1 B
A x ZAN R xg ZHT x, %, %0, x, HOTS L

S o A7 A BT 0 835), O LA — ) 7 221k A B o 0 7 0 ) T o
HLAL B3] Transformer RN 243 B LG B bl 22 P00 26 P45 22 T EL'EE 159 11 R385 Ak P31
W HABSR RIS R AF5 2 . Transformer BIZ5HIMNIE 6 Bz .
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6 Transformer B %544 ( Ashish,2017)

TEE 6 H 2 2B BB A3 SR il 2% (encoder) , A7 2EE 412 MR ADA% ( decoder) o Hifith 2 B 754>
FAFRIAY)Z (layers) HAU (N = 6) , B — 2 WHE P T)2 (sub-layers) , 5 —>F )25 —4>
“Z3.AE 2" (Multi-Head Self-Attention ) , 55 — A>T 2 A48 — A o B BT 1ot o0 2%
JZ” (Feed Forward) , He & — > 2000 7 “ 3R A7 (Add) 5 H—4” (Norm) , 7E H K1
TALEEH AL A A IEIE S A T el 2k AEB N, EX g — ot
(token) VHEFFARHINT , 33— J2 H5 B A i s Ly AT 50 T B AR E . 23k L)
JE 4 R 2 AT 33 B 5T D 45 22 v g — N 14 ) T8 XoF O P A5 O 44 SR 3 — 1

AT 2L 28 B0 3558 Transformer 19 TAEJFIR, 7ERNZHLESEIRD  FoA1E
SeA A — A A TR T P IRl AR 45 R 1) ] 5 (word vector) o ZEC I LKA
0 — Y1) IR e SO AN R TR R A 512 ZE ) AR AR IR I8 50, AT
HUS R B B i A B 512 dERy b, i A R HUR AR RO Z M R s
T B i 2 A — D AE R R AL BB 2 — A a8 3R S R B — = AR
INK 512 Y, FEROR— 2GRS Es b S AR ) i RO AE 22 i g i 25 v x4
TR T —E DA AR A SRR T LB R — A [ AR, RS R A K NETRAT]
A LABCE S E, — O R AT AR i K F I B W AT TR A Z )

O FEREFHR A AP TR 5 A0 AR SE word,, T JE token, FETE H B token T 4b BRI Az i SCAR A QA ) BE AR BN | X Ff 45
S token H TR BAT B YT AP SCRESC, S T ARBETE , oAl 1 HURTIHEIX A token BN “IAITT”
. 10 -
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PGS BT ST A g s s T 1 23k BRI FIET M 42

FHEE T G i s i , A A s o 8 B A e — 26 HLAORAN, AT 2% 19 41> Transformer #5340
M — A HIE BN FREIMEIN T “ B 1 #E5” (Masked Attention) , % i [ H 1 « #5622
3k HYER )7 (Masked Multi-Head Self-Attention ) 343, 1% 2 B2 K R 78 BHIE A0 A v , 4
T2 v S 2 T A IR 5 5 A A A5 8 X A 91 2 58 4 A DT S s 2 7 22 %
R R G R SGE SUFE B RIAT TR g o DU 67 R AR 1 B ARTE F R A, X A i AR R
FIEE B, W2 36, X T — R e AR G 2, OO M AR DT Z /T B AR 5 7912 7T
PABEOULIN B, PRIk — MR - 505 (Masked ) 2 PSR 56 )5 22 B SCAS (B, LB A R
FEINZRI B B H 3 5 22 0 SCAS 7 90 k1 e i AR BA &Il 2k, Tl e 2k AR
737 W0 b RS X AMETE = BB 1 AE U 2R B el AR R R s i T, Bl
TEINZRAY I | Fi TR ] TR AN BE S5 I LK 2 A2 iU IR) T Y, 48 T 1 3R ST e e o
M2k AERIZ RN TS E A WAKNE R Wi, X T— 155, 7
fIE] 2D (time step) Ryt B2, FRATA0 fih i th 0 12 RS T 221 ¢ 2 A A it AN
REMIT 2 « ZJa it . P FRAT T ZEAE RS 2 i 02 BT 21 ¢ 2Z )5 i {5 BT
PR . BEA, AR v ih S H S I T —A~ 223k 13 B 7 (Multi-Head Attention ) FE3 , [7]
2R 1 S i 2 X 1 A B S T Transformer B FT—NERS H 12 2 1 2 00%0

FT LR A g AR AR A 42 FEML AR BHREA , RE B A IRIE 5 OUA , B e &t gt
#i i (1) B> Transformer BEHXTH R S0 L2 2 &4 B — N TRIEF o
BN SCHISEFIR . R L A H 8 07 AR S E R SO BITE RN R AR
T vt 0 RIS 5 SUARR R, DLCRT t — 1 AN 20 A Y B ARTE 5 S0AS, A2 B AT 21 ¢
W EHFRE T o £ Transformer Y23k [ FE R ) F)2 M« AR I HLE], XA DL s
4y M F R IR T S TRIT 2 (A R () U RR

23 AR 17207 LAEAH DC IR Je il A IEFEAR R IR e, T4 e TR AL £33 T
AR EIRE Sy, Blhn, FeAi T4 A SeiE4] 7 The animal didn’ t cross the street because it was
too tired” , IXANE]FHHY it BFEAHAWE? X TFIRATAZR UL, 30— R 7] B A [ it
WARZFE animal, K4 HA animal X MEIYA A tived (JEHE ) BYEGE , (HIEXT THHEADLA
AU, AR — A A Y R HER A1, By it B ATTETRR T animal 76296 384 45 JLANHAb )
T, EATRAATRERCE it BRTFE XS, (HJE, T Transformer A “ 2 KERE 1 )27,
BEALAEAL R it 3K AR T I | 223k 1) F )2 S IA A G B iR el AR AT TEZE AL B

T it AT AR VF it F1 animal 578 LEHABIRDCE NS VIR &R . 40 7 s,
- 11 -
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E7 BEEAVIFIZEL i F14EX18TTHEL R ( Ashish,2017)

R 7 v, AR LT DU R it FARDCIR T Z M R R . YA gL ER i EE 5 )2
(Layer 5) HX it 763X MR JCH#EA T4t T, 3 3 & JIHLH] 2 3 The animal , 8 The animal /)
—HRrFIRGA it B GAGH, R 7 AHER R it SIRZ TR SR B2 it 5
The animal (I 2 5 BT

P2 HEEHLE T, B ER ) AR SR G Ayl &2 (Query, IS Ry Q) | f ] &7
(Key, @5 R K) MI“fHME" (Value, W54 V) RiTH, “AifmE"Q MWAIEHAET, 7EXT
I A B4 AR T LU FmiE s ) R T Y i fE . “ Bt & K MERE T, 72 5
TR S H AR AT LA, FoR T3 ) Rz AR SR T A A . (B Il V 1R HITE
T R ) Y AR R

ERE = WAL 7 =R/ (1

T
Attention (Q, K, V) = sofimax (QK

)V

k

XA, Q Fondrify ) & K ERonskm &,V R E i, d 278 Transformer 14
J& (dimensionality) , B4, € x, ,x, , x5,y 25, BT AT DL ek 554 iy, 19
(B : BB x, ,x, , x I0EF )] & Q HEIn it K i & V205 BB T2 Bl i 2 i a]
T 555 7] 7 ( key/Query comparisons) , 7155 H} softmax FIE, SR J5 X T softmax B{ELINALR
Fl( Weight and Sum) , 5 Hi 18] B ( Output Vector)y, . M50 WL, % H 1) 5 BE % 18 2146 A

x EE, W BB AT AARA X, ,xMEE, W8 s,
- 12 -
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B8 FEABEENEBEANITE y,B{E ( Ashish,2017)

B A 28 D00 245 1 SR R e el 2 BB A8 AR B ) 51 D XS A T 2, B AL B R 1 o
BT, Transformer NP OGP BH 28 W 2% | 32— . Transformer 24 T R AR X AR 1)
Bl | 76 RS B AR g o EHEAT 17 B 4 A ( Positional Encoding, fiIFK PE) , 78 4 % 1
“Bi A% A" (Input Embedding ) FIf#RG &9« Hi tH A (Output Embedding ) B, #R3E4T {07
G, H =M IE5Z (sin) 5R5Z (cos) KITANLE , AT .

PE 5, = sin(pos/10000° )

PE ,; 5i21, = cos(pos/10000> )

AN T IE 5 = A PRI sin R E = A BREL cos, pos FRR HUIA] 0 L i R4k
J& PE F£RNE,d ., Fm B 4E ((dimensionality of model ) , 7 137 & 4 i ( Positional
Encoding) B, 3R ) = £ BREL sin F1 cos & AT LU ST 6 R HAHRIE N . KRR AL EAR
SIEAET EEAY, RS IR 09 00 B A5 EORER TG S kTR UE B B RATH
W5k 755 4, 2023)

FEAILAS BHIRRS 5 A B IRIE 5 8R4 00 St 28 FIARAS 28 AL B 2 5 | P20 2 M A 46 2
(Linear) Fl softmax 20— fbALEE 1521 H 5715 5 1% H A (output probabilities) , 4N

9 BR,
.13 -
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B9 MW EF softmax £ ( Ashish,2017)

N2 (Linear) 52— A7 BLAY 42 TE R 28 W0 B, & ] DASE At 45 7 A 110 1) 2 5050
B AR X EOILAR” (logits ) 1] 5 L, WERIRAT A AL I ZREE 252 2 10 000 4>
RGBT 1 iR 10 000 A~ L IEAR K FE A oy it 43— A2 ST R X 7
THRAJEHEI TR 050, TR AT Softmax JZHEIX 670 K05 AU BIME AR (log_pros) . BEFEH
e L TTAR B R T, B L AR TR ST A S i A s 2 e o

1t Transformer H', 75PNt i 5 75 A S g 1 DME T XN &1 10 Frs . Bilan , 7e ki -
YR IHLAS B B AL TEA] T “ Je suit étudiant” (FoZ—~%4) , 234 Transformer Ak
S v T LIS BB AR SC“T am a student”

B 10 A Transformer #1TiE1E - FIEHIZFEIIF ( Ashish,2017)

R FHBIITEL AR BEAIE ] T — B 58 55 R BRI Z B AR TRlHR A | G B 2% —
FEAE 2 A i X U T B 1 R ML | Transformer, DA & BERT Wl A% . X — &
ARZRAT S et 7 ORTE SRR (R B R B BeBEAR BLAs B SO 028 B RER 2 B
REXT T  POZS IR A5 B HhIBC A S SO  SOA AR A B S A N, TS 4 R = R Y i

- 14 -
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AT RIS R AL
4 R EEHRNEE ELMo

ir ] g 32 v 2R R 2 8] 1) 4347 7 B (distribution ) , 27 2] TR ] £ 3R
Ut AR 25 2 AR PR 2 2T 15 21 1Y 3] ) B2 TH E NS Y, AT LADCH & < w1, AN IR BE -
FIom gAML, SR, HARE T PIRE AR Z2FE X EAER R SCEOER
BAARREE L,

BEXFIX AN, A5 N DT Y T B A8 18] ) 4% A ( Dynamic Word Vector Embedding)
T WK B SCHISE 3R 1] kA ( Contextualized Word Embedding) 7745 , f F i FE 1)
i, — 5] (word ) B[] & (vector ) il HOBTAE Y bR SGHHAAG  JFREE BT SCHyA A
[[IEZIEOY: V2 R o

5 M sh ST ) & i AR AL ELMo ( Embeddings from Language Models ) J&— X3 i) fY
PN ZiE A TS5 o) AT 1 75 IS 280 (%) A . DA B4 T ) AR M A 38 /s )
B, T T3 7 AU 67 57 AE B4 BRI ) A 5 1) i 5 AL 67 57 A B ZE Y e Tl A, 3L
) AR AT DAZ Y A1 BT SCERoR |, SCAS v ) B4 1) B ] s AR A A A SCAS 19 R S
FE. ELMo (2 M 45 H 200 & i A2, B2 Fi )2 =305, an gl 11 FoR,
B ) w 26 Ba] (word ) , v 327K 1] 1 ( vector) , BOS 78] ( Begin of Sentence) , EOS &
JRA]AK (End of Sentence) .

B 11 ELMo Hy#H 2 I 4% 454 ( Matthew ,2018)
K11 /9 ELMo Hr, 7e4m A JZ 3047 18] 1) 12 4 A 76 002 8 R B 2 12 M 2% (Long
Short-Term Memory , LSTM ) #4700 ) 245, 7 i 11 2 {7 FH Aif ) 3 5 A BRI S 1] 18 55 154 20 3
BSHHATEING, TG AT NS I, ELMo KT B 1) i 2 A i — A ) o, 3

(877 ARIGAT 55 M 7E , e o PR R D0 BRI e m — 230 . O BEJZE LSTM =4~ 2] 1)
- 15 -
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F AR W T AR S5 R UL, R R A 2t A AR R] , DRk 2 i A A0 JE AR
E55 BTt (5 B, B R B AR IEREA T AR 2] 544 S B3Rl X Y9 EMLo 6] 5

5 WE%mIBRREE BERT

2018 4E 7 A, BN F KA T (i JH Transformer) ( Universal Transformer) — 3¢, %f
Transformer FEAT 1 Gk, FE— D4R TE T B B | 302 LU AR R0 28 0 2% v 1) I 49 24 B
P, L Transformer B 058 K, 10 H B A8 H M, 2019 4F, B8N B AER AT - fE R AR
(Jacob Devlin ) %5 A #F il & I BERT ( Bidirectional Encoder Representations from
Transformers) , iX & —F1 3T Transformer AL n] JihSEK R . BERT 7E 11 WUAR[E A H 2K
T AP R R G, O A SRR S A B R T B AR X B 22 (Devlinet al. |
2019) . XAEILAEK HARTE TS E B A8k,

B 12 BERT B4 (Jacobh,2019: 4171-4186)

BERT 1% A 2, 4 i )2 Fl g 4 )2 = &8 o3 41 Wi, 7 A2, 0K bR i 5 19 4]+
(Unlabeled Sentences) #47 Jf iic AbBH , {22 ji A #E RS 1) 41 F- ( Masked Sentence) . X5 #E4T
HALLFE 153358 AJFH (Tok 1, ..., Tok N 5 Tok 1,...,Tok M) . %2 H £ )2 Transformer
It A, AE TN GRIN  BERY B d5c 5 A P14 2 NSPFT Mask LM, 23 51168 B T P4~ AN
A B I 25 4F 45 . F — %) #0 ( Next Sentence Prediction, NSP) Fl it i& 5 A% Y ( Mask
Language Modeling, Mask LM , A BB 5 i MLM)® . 7EE 12 H, Tok F/niAI0, E Fmix

@ Mask Language Model LT Bl R« BRMGTE F IR A SO “ B S AL
.16 -
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A (Embedding) T %7 Transformer Bt ( Transformer block ) .

BERT A M 1E S BRI s T 5EF 1 F SCHUM A Rl 5 S 24T 55, A3 T 500
SRRV 7 BERT W LAE— D424 R SOk £ w18 X, il 72 & 13
AA]F- 2k “This is going to be so long” | FATH to TG , %) F N “ This is going [ mask ] be
so long” , % A BERT , £& i Al 5t #ff 28 M 4% ( Feed-Forward Neural Network, FFNN) Fl
SOFTMAX AbFH | TR HH 46308 5 A TR] 2 “ to”

13 BERT B9$ERBIE S A (Jacob,2019: 41714186)

BERT JIr K FH I 2 254 1 222 Transformer Zfith i 28 A% , 18 1 HERDASE 0 e HL 2L 48 TR
SERAYTUMAE S . X EIRE TEgm S e b, F 2 B AR AR SRAT Fr AT AL B A A5 B, T A2
Dy & A 15 B, BERT J& — Fl 3£ T Transformer Y XL [f] 45 #5% 36 /5 B2 7, BERT /& L)
Transformer (45 F4 S HEAH Y, H HARTE T Ze A7 bR SCHAT B9 S RO TN 2o b
SCARMRBEE N M Fn . R, 2838 Wil 2519 BERT SR G2 — N4 40 1 i )2 it ml LA
HEAT M (fine-tuning) , AT A 2 B SR TR 5 AL BT 55 A2 URR IO B

BERT HY I 5 70 A, 25 B AN 2Rk 71 RF ) R MU TR P2 (25 AC B ) ) FN A A5 HFRHZE (8
{CETR)) hFEAT R . BERT & — > TN )7 SR, T I8 « TR B2 X ) " iR bR 4 BERT 7
WIZRA I8 SCAS B 224 00 m] 9 B SCrp iU B AU e P2 BERT B i 1 25 1)y
A R, AT FE T P YL A] T We went to the river bank F1 T need to go to bank to
make a deposit, HAAY bank & —>2 XA, A A& L, —A 2 AT, — AR
7o ARIRATHE L) bank B2 7R 0, A2 .

We went to the river —

I need to go to—

FRATTAT LAFRGI < — (0 2 SO 2 0 “ T2 DR R o — ) A river 33X 3R] (H2 2R
/R R SRR Sy T R R AR R Y PR AR P ZE M BT SO BEASCHE (R AR AT,
REMTAFE B PR F bank #9415, W «

S17 -
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— to make a deposit.

FATAT AT —" B O HRAT I R 58 A deposit XL iA] (H 5 —
A AR TR S < B AT, WA BRI, PR BRI A ) R SO B TE B T, FR U
Al UL FE FHARIE T T ASURYE bank — A7 101 () L F 3C, SR ANBERA 2 bank HHERf & X
(1), WOZFAR Y bank ZEMFNAT ML) ) _F 71 3T, A BEAERH HL N bank 197 X, X Hi/E BERT
SRR PR ) JE R T e, S0 5 UL, XA R R IR E AR SR B 2

BERT $2f}t 1 fa] #1.( BERT,,,.) MISZZ% (BERT,,,,, ) Pi- R R (9 S B0 Bl 40 T

BERT,,.: L=12,H=768,A =12, B 8& 4 110M(1.112);

BERT,,,.: L=24,H=1024,A =16, 2% k& 340M (3.4 12) .

76 BRI S 80P, L 2678 280 ( Layer number) , 45 & Transformer blocks ( 5 Jy
Trm) A9 50 &, H 32 /8 B JZ (Hidden layer) M0, A £ /8 £ 3k 1 & J1 ( Multi-Head
Attention ) " Y H 112 /) (Self-Attention ) HU% i, Q1AL 14 Bz,

B 14 BERT,,# BERT,,, (Jacob,2019: 4171-4186)

R 14 1 B —MAE AR =M AGLAY

(1) {37 & f#x A (Position Embeddings) : BERT 2> Jf-di FH A7 & #x A K ik B 7E ) 1 rf
FIfIE INE,, E,, E,%,

(2) A Btk A (Segment Embedding) : BERT 4 RJ LUK ) 4 X VE b 0] 24T 55 B9 g A,
BERT 7E2% 2] T 25— ) 1R AFIER A m) F I A Z 5, AT LAFRS A B A [R] 1Y
BIX APk, Wl E, A E Xk

(3) 1A IGHE A (Token Embeddings) : BERT MARICIRI 2 ( Word Piece) H12% > 4 % 1 1]

JG( Token) HYHRA o
.18 -
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XFTFHFE BIARIC , BERT BY%m AR R sl A B A | BUi A IR ST A B E AL, n
K15 Pis

B 15 BERT BJHRA (Jacob,2019: 4171-4186)

FEIX S i A MDA B A R 3145 BERT HoA MR 1038 FPE | 7E TR 2T | AN b R A
RISOR KB e, 5 T LATEZF A SR8 7 AL BRAUAT 45 L%k BERT, i H B A 5 KA T RE,

BERT "] LS HFAERL AL 1Y 100 ZF0iE 5 A3, W] DL R SCAb 3, BERT 7
TAERE, B 5ol FFRIC IR 3 (Word Piece) #1130 000 MR JCHY IR A THRA . FH##F R
Gy, SRIGHATALE A SR TSR R 2 512 Ao, B EHISE —AN ootk
ZIERPIR TN (IE R [ CLS]) o A F X AT M — 475, AP 7 LX)+,
B E, R 73 %] ( separation ) #5310 ([ SEP ] ) ¥ EAT140 1. 2R)5 , B8 I—1> sentence A %
ANBEE—AA]F R BRI BT —> sentence B X AR5 AN F A EEANAIIC
XFEAR]TFHA, JAEH sentence A fix A, 7ER] 15 o, AT BB ATE AR .

[CLS] my dog is cute [ SEP] he likes play ##ing [ SEP]

BERT #ATFUIZRAT, i T #EAS ML ( Masking approach) o A T Yl 25— B X m) %
7K (deep bidirectional representation) , BERT 2R FH T —Ff il 28 (%) 7 12 ; BEAIL My ot 38 40 s A 9
1A TT (token ) FEATHERS AL P ( masking ) , S8 )5 H S0 AR LE GRS (3R] 76, 004 9 b BEAIL 1) 558
JECHEIDIE S AT (MLM) |, AR SEIEARAL” ( Cloze model )

BERT i3 Fl T —ANa) FRISHAE . A ARTE S A BERY V£ 8 B0 R T 55, i figin)
25 (Question-Answering , fAjFK QA) FIl H #R 15 5 #EPE ( Natural Language Inference , & F5% NLI) #f
T LR T Z PR, R TIPSR F Z R C R AT AT I 2 —> ]
PRI A EINAT 55, X —4E 45 0] LA SR i iRk PE ok S B, HLARHb Ut S PR 4] 7 A FilA)
T BAENFINGRAEA I 4§ B A 50% BRI e 0] 1 A B9~ —a)F A 50% 1) A] RE=&
ok F O EE R R BEAL A BN, QAR FRATTA AR AR X

Input = [ CLS] the man went to [ MASK | store [ SEP |

he bought a gallon [ MASK] milk [ SEP]

J&i— ] F“he bought a gallon [ MASK ] milk [ SEP]” A fig 5 i— )7 [ CLS] the

man went to [ MASK | store [ SEP]” 7E1H X AL Z ,BERT 7] PAFT FAR%E Label = IsNext,
.19 -
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TR G —A~ A F A R 2R — 0] F 1Y Next,

WA 40T i a) AR X

Input = [ CLS] the man [ MASK] to the store [ SEP]

penguin [ MASK ] are flight ##less birds [ SEP]

H FJ5—1A]F“penguin [ MASK ] are flight ##less birds [ SEP]” 5HFj—-~]F“ Input
= [CLS] the man [ MASK] to the store [ SEP]” fEi# X %A BE &, BERT 1J LT FAnZs
Label = NotNext, 7R g — ] A AT REZ AT — )51 Next, iX#E—K ,BERT trl L5E
LA RE NotNext 14, S 2 M TN BRI AR A T AT 55 LU T 97% ~ 98% My ifE
W%, XA IR A ok, BERT H A fR5R A0 FME, X Bk, RO R X A
(R ZEFIEA T AT A 2 R0 g, R mT DL AR P MoK BERT B H 2 2 0 A 2815 5 AL #L 0 T iR (T
% L.

BERT TEAL &% 5] 3 AR TR 038 SQuADI. 1 H USRI 4% < B 7E A7 = 4545 |
ST MRS, IF FLIRTE 11 WA R A 2R E 5 A B b A T fe AR Y s, f 66k
GLUE JEEHEDER] T 80. 4% (44Xt lidb R A 7.6% ) K5 MultiNLI iR FEHEDER] T 5] 86. 7%
(X R R 5.6% ), XSE A SRTE T RIS NGB . BERT A 252 78 KA
i (big data) TR, XEEIEATE AT N ThRE, TARENEIEA B O L4800 T+ 5
I E B R R BB A TR bR T, BERT Fr R E S8R S AT
BHP) 25 AC 53R A FRUAS TR R 22 R A B 18] 1 ] 5 B 10 SRR A bR i i Al . X
Fo A MU T8 S BRI T A SRR S AL B A SRR B T JOAR T AR AR B
Caus T FENESHER.

FranAEck  FATARFE IS BUE SCEERT , AR Ty 2 s LS Rt oAl S T —
FPBRVE , 76 AR E T A, N TARE SEAE R D ER, JLTAR, TG S # R E
552 B SR TE S A, IR RO e 1 B A T 1E F AR A S S T X e A,
MAER T REFHEARGHEAR  THEHLC 24 68 01 N iE 5 Bl h 2 > B S, AT
ANTHREFEWREE 2 —2 T

6 HERATIEEE GPT

H OpenAl 23 6] F & i 5E T Transformer 942 5 2 1 Y1l 2545 2 ( Generative Pre-Trained
Transformer, GPT) ©L 8 A 47T A 4815 & A5 %0 H R, 46 GPT-1, GPT-2, GPT-
3, InstructGPT, ChatGPT, GPT4, AT EANTH KN GPT R, i #K K GPTs, GPTs F|H
Transformer FBAY | MIE F REHE HAREC T F5 (15 F MR, GPTs fEH 5 A U5 ikl T

R R K- o XAE—2A, GPTs [ 1 H SR T = AL BT 5T Y fog Eh 2 R S AR
20 -
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GPTs RIS EBR M Z | HEREBOR BT, 2018 4F 6 H T AR GPT-1 A 1.17 12
S0, ERE BN 2R ) S TN T — > B (4 D7 2SN 25 R ) o AR AR
JEETR 2R B | I X kS T IE 55, AR e B s A SRR SR, KA RS AT
S5IER, 2019 42 AFFRI) GPT-2 F 15 fCAZ481, GPT2 FFIR I Zri B I A T35 4
FEACH A Reddit F Y CE, B 800 T CE, Bilial 24T 5% R T T E T
RETT , BERBTEZFEAR (zero-shot) BUE T HUAT4 KAL 55, TAGHAT LM S EE R M B, B A
—EM AR IWEE T, 2020 4E5 H ,GPT-3 Ja3l, £ 1 750 /¢S50, FrHin 1T KRB LR
> ERERIEN B A BEE 2RI S BT | e B i A Fh s S BUR VR b2 S NAE , B
e GPT2 240 117 £, XHEERNSER AL T EER R, WRBANTA LR
PPAL PR — AR ANTHBEARI A], — > AN — A A A S R A 2 10 1250
I ChatGPT FJ LIALFE I TAZHIZ%L,2 000 ZAZ 50, XFERIRE S JE NISEBAR B

GPT-3 7% BB KK | F 302 2 (in-context learning ) fig 77, FH F H B4 B /04 (9 715 441
(few shots) BT AUERHAT 55, 10, P 2225 L 95 0 205 18 1 BRanl VR s 1], P-4
B R GPT-3 T DAL 21 P R PR R AR BA T 1 B R, AT 45 0 X iz
FFETERIRIESC, JE oK, OpenAl SUAEILEEAT T F 2022 4F 1 H FF & H InstructGPT, JE % T
“HT N BRAYHE L% 2] ( Reinforcement Learning from Human Feedback , RLHF) J7 %8 | i
i N RSO SE = R A MERE . B AT A B 0 ( Supervised Fine Tuning, SFT) ,
THISCARBE , 1A 0A F R SERE A G ARG N 250800 B ARBR EE

2022 4E 11 A, OpenAl ZEMEERY T % H ChatGPT, ChatGPT Byl ZkiE Rl ik 100 12
AR R LAAE H N 2k T =4 IR B SCA T 45T, 3% I Y ChatGPT W] LLid i
it FH R A I ZRE5 R R B 3R F 4758, AR ST LB A SO, I R A AR I 1R S
TEBE, PR 0 2% B AR RRABU AT VA A T MG ST, A7 8 A 3, 5 B P o
BT, BIHEVIRRT A M B AR o AR B AME B, AWrecs A sl s, ©
2k B TARBRAY A SRE S A iRE

ChatGPT fifi i Transformer #7125 , 7E Y Zhad B2 vy fif A1V 5 09 B SR 16 5 SCAS 9 Tobr
FERAE A 2 2] BRI ) IR AR DL B SCZ AN R T AT R 7R (knowledge represen-
tation) . FENZRH HEA T MBH )M ( SFT) AL T AR BRI 5R 1k 2% ) (RLHF) 43, —H
IZRTE R, FITR RS o i 70 A 22 I 4 1) 2800 w] DA Tk e 280k A i Bl 2% .
P4 IR o 28 X 24 SR AR 4f 2 82 > B A R A BT 288 iR IR FH P

M GPT-1 3| ChatGPT 19 % Bt A2, il 16 Frs
. 21 .
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16 GPT 3K % EiIFE ( Zhao,2023)

MIE 16 ATLIE H, OpenAl 28 6] F 2018 4EWF T GPT-1, F 2019 4E0FH#] T GPT-2, F
2020 4F 5 A#H T GPT-3,2020 4F 7 A 435l T GPT-3 H1 davinci (i575%7) , curie( f&
H), babbage ( E% D7) ,2022 4 3 HWHH] T InstructGPT, #E47 SCARFLAS A9 18 5 A A1 25
R T Codex, Codex A 120 12245, LA GPT-3 ZFIBIRIAE 4] S5 10 4k 2 A 74 A 1Rl
Wk, TECHERY BT GPT-3. 5, 85 #EA7 W B (M ( SFT) FEE T A 2R R ot iy s Ak 5
3 (RLHF) , T 2022 4F 11 A#EH ChatGPT, ChatGPT [ GPT-3 it —  © &b B4
PAT BARIE TSRS, P A R, Rl A ARE F 4 484, ChatGPT 51T
DI PR, flan, 1P REHEH A RIE T 5 UF ChatGPT #8390 B P p ik
T, ChatGPT LA LAFRAT , I8 I BIIR4E R . ChatGPT ] LIARYE [ F SCH27, A shB Tk
TP RAESS , ANDLTEHTAR  S R e e

2022 4= 11 H 30 H, ChatGPT FFt A i, HESL B 7984 A E09° A TR REN AL
A" (Al Generated Content, AIGC) , A48 SCA Az it ACHE A= B A0 AE B SCAR M) 255 | RIS AR
BB EEIE B8k 45 . IAERY ChatGPT 2 R [ GPT-3 B 58 KA
GPT-3.5 R YRR HE SRR i SORIRT HITHR Azure AT BB G053 FE RO T A9 TAF 5 SC
AT G AT 25

2ZHAJE ChatGPT BY—KPLA, I AT DL B Wi 5 ChatGPT #4724 %, H 2R H.
Wil , ChatGPT A IR L) FRE 1, — 20, P 5 ChatGPT XF i, g8 02 5 I A1
K, ChatGPT EA = B 0 rI P Rk M R 36, v DU G AN [A] 75 SR AT — W I % A0 il 5 vl
DA bR iR i 85 h 2 >, O BLTEJ 220 H iR 2 b S B Fn AL Ak s /T LA FH THEL & ik
FERARN T BE G WA AR 55 22, FE Ik Se il b oy F P BRIk A AR Y
55 FIRES: . ChatGPT 38 % 75 B EA T U G A iliak, LAIA B fe A B X i a8 SR, mT AR 28 =

7 THBCE AR E K ChatGPT , 36 H T B Ak 5o,
« 22 .
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ChatGPT #fEH: 5 KJa , FEMH - ol ad &7 s e i e P H s, A TG R il o —
¢, TikTok HiGER I —ACH T LA A W], Twitter 36 BRI P —AZH T 90 4>
H N TE], ChatGPT FT1 1 Dy s 42 5% i@ i U, 5 R 1 Bk M R By ) 2 S, 78 R0E = A
ARG 1 — 37 S IC R A4 T A el ATl anf&l 17 o,

B 17 AERKAPZER | ZFFARELEE(ERBERIESME 2024)

ChatGPT By 5 & T IW A& 3, T B3 0 I S [) £ B2 & #0471 1 ]
RIS, CFE MR LR A2 R €, A AUL, ChatGPT & 2447 3 A T8 68 ( Artificial
General Intelligence, AGI) , 5 AUt IR Z K i AR S 4% ChatGPT B -+ FEH AR Hi Ay
IR, S S A IR, ChatGPT 2— MBI AN TR H , e HiE 2% A
WO T AR s A > N TR REN A A S — RINBPH R | iR H A
FEZ AT RRAS 1 Aty b SEE T RBRSN A R A R R BEAR 1 5 AR R R s A U 55 T
T A T L SR, R 1 AR AR SR (R AE S W AnAL A ) BAR A2 A SRTE = B8 =
FEo B TRB AR Z 4h, ChatGPT ffi ] T ML E KRBTy A BRI S4, XFh
K& BB R I8 T 30 T — S ih F KR40 T N AT i T
(emergence) , EAITEARKIHIE . ChatGPT A B HA R H 09 B AR A o, 2L AR A
N TR ReA SRy st

WA IEA AR ChatGPT X Fh RIS F BRI Y EOR 5L 5T, S BRAF T WX ChatGPT 25 A 264t
SUHR IS B OCHE . ChatGPT 1 G2 7ETE 5 BEI MBS 1 E RAYZEME . ChatGPT HYiX
SO AR SR ARERIE 5 B B O, INEEAR Bk 78 OB S AR | R« A R B AR
177 (long distance dependency ) LA S 18 & A9 “ 1YL L7 (lexical ambiguity ) 1< 45 #4157 L7
(structure ambiguity ) AL, I RARAETR F Z 50, WERAEE F e )7 e AE— Bkl R4
HE AR RKIN G K T Z A&, 1 TE LA AR (semantic ontology knowledge ) | &
PP (common sense ) FIE Y AT 011 ( field knowledge ) W& 7K I 22 T B #B 43, T 33 46441
TR T J2 A DRzt I 25 D IR [ RURI IS, SCIF At [ A% DG, T ik 6410 1E 2 ChatGPT F AR

2023 4£3 H 17 H, OpenAl & fi GPT4, GPT4 M HRIE T A A T ZHES
(Multimedia) , [ T AL BRIE S Z 40, i 0] LIALFREIE 35 45 B, © B A KR E fE

SR ARG R 3 T 5 Th 2 2.5 T iA], 112 ) RSP A 1 S 25 i e, RE A8 A ialin] B
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A MUESCAR I B YRR M4 S5 102 22 M8 2 2R 98 1) BI{E B, GPT4 . ChatGPT B il
e EAAIE JF R A F A48 4

VFZ A MpL e > FEENNHAE B RS 1,8 T T % GPT4 e HAWTE F Fivhe
77, OpenAl BF5E AT Affi /] Azure Translate f—Z i 5 57 > F /W 14 000 > ZIGEIELEE
TR BN RN R L AENHAY 26 FhE S B 24 B GPT4 BT ChatGPT FIHAB KIS S
RIRICIRIE SRR . GPT4 IR e 1 B ATRKIET .

ChatGPT J&— 15T OpenAl £ AR B K IH F R B REIE IR A AL ARTE S .
FETHEIE S 2710, ChatGPT A 12 i A5 -

(1) SCARHE Bl AT DAAE SO PP IR ) SCAS B 4058 PR 0 L SE RRIAS /NUE R R o

(2) DLAS R AT LUK — e & | shf 4k o) —Fhik 5 |, Bk s e rh 5

(3) EE U W DK & 5 5 e i AL AT 2 SO ) AT S 3 U

(4) ASRIE T REAR . vT DABRAR 2R 00 A ARG, R4 U L rp i 85 8, B An 17 J8% 4y
BT L [125 22 458 SRR 1) 4

(5) SCARG 2 AT LIAR I SCAS N AR A 740208 491 2 sy 3 A2 3l DB A e 26

Kt , ChatGPT X FIHHIEF = M5 BA IR KIER , & 0T LLAS B AT BE 47 b 21 7
Al B SRTE T, W] LI Ib A 8 AU S (A = 2 SCAR b PRAR D T 5%

2023 4£ 11 H 7 H,Open Al 7EIH4x L2847 /& H (DevDay) , OpenAl 1Y 538 B Rf 2
(Altman) 7EHF & H FE A GPT4 B9 KFZ, HEW GPT4 Turbo, LT BIHFPERWE T
XTI R E R EXRK SR Z A FHERER .

Altman F5 H} , OpenAT XI5 ST A) R 7 40 7S KT

(DKM ETFCKE . E KR 32K #2718 128K, X B GPT REfS B fi# it
300 DLACHK I SCA

(2) R SRR . AEfs— UMbl P — 45T B ORI F 21~ T Rg

(3) LR TR . SR B (e 2 2023 4F 4 Ay, X R E GPT A AR LLSE Rl
X NIRRT

(4) ZB TP T G A B R R AR & 5 U APL #5115

(5) SR MEE . FF R T R P ORS A0 R B S B0 A s T AR S T e AT T

(6) T A AR BRI

LR, RN L LB R ARIZERM AN THERSE, —MEXTHS E XL
( symbolism-based ) L4 I N T4V GE R 46, — Pl 3t T 3% 32 £ X (connectionism-based ) ()
I H A B—Fh RGERAR St AR T LA S N, A SRR AT I A 2 AL N T3 g
RGOk, WA AT ARl AT i — D R AT FATE AT 09 @ N T8 fe il ik — 25
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(Lenat et al. , 2023) .

GPTs Z 5 (1) s D EAT S0 B AR ) BURR A0 0, 2 R 5 B R B AR e A R SR, DAk
ANTERER R M, B2, 55 AU N Ren)—&8 >, 16 5 B REIF A sk
AR R, He N T RER AR K ) A 2 5, mT DUAE X e M AR 3%
FAE S BN T 5 5 AR R Ze A, — B SRR A AR, i S AR R A £ 3 e 1l
X , S0 T8 88 A BEE 8 F N T2 6 ( Artificial General Intelligence, AGI) ,
11 AR B8 5 B R S B s 08 . M AT TR REA R 8 i B i — A4~ 4 i
[ FEBLT (world model ) AR | AU R AIH#— N KIBEF R LFRA, HIER#EAA
THBREARE, B, AT EERM@ETATERISA 2LV KN T e
N G FAUSHUR A R, N ISHE 25 B0IE )38 PN T8 Re fie /D ik A LA BB [a]

2023 4F 4 H 13 H, OpenAl 1Y & 1E Ak £ U Y %€ L 307 35 %2« i D1 3% ( Sebastien
Bubeck) , FUfE - ERFEHZER 22 (Varun Chandrasekaran ) 5 % 3% 1 —Fi8 3CCGE M T A fiE
1K AE . GPT4 Ay 5256 ) ( Sparks of Artificial General Intelligence: Early experiments with
GPT4) , XFIESCHg i, 78 GPT4 KA e , XA~ H Atk g s K AN T4 gE, IRZ A
1 GPT4 BAEE N TR REM AL, Xie SO iE .

GPTA A REEBTIEE , L RMIEZHF HEG AR EF FE QCEFEHRW
WBEES, EARFEANE AN FHRE R, T ELENA ERESF,GPT4 B M fE K
FALEE ALRKFATY, AT GPT4 shab by EARE , RATAEE © o LA 2 gl & 1F
A ANTHE N RFETNELR T2 MA, (Bubeck et al. ,2023)

K FHANRZIL T i i 5 iR A 7 =0, 2 IE F S BT EAR R — 1Y
ARSI R AR R PR 18 5 2 A B9 TR N 56 R R BB 70 A, 18 5 22 500
N2 B2 222 B R — 4 SCAR B 30 2 558 21 2 A5 X2 1R 5 U
T EAE 7 VRS L B Z A SR EE R, XA A SR AT S S B T R R
(i 45,2024)

7 KIESEESEEF

PUAEHE TR 5 A Y B AL A% B A — L USRI A b 1 IE 5 R © 2 B iA 51 98% LU
o AHIRVONEETRIEF R R HL a8 B0 A BAT IR A AR BE , A7 78 JC 1% BRI |
R = AR R, R TR R A AL 128 R T I A PR A
NZERT HIRE S R B ER T HCERTH 5 N BT M OC 2 Z 81, b EARSE SN ARy PR At
GRS EA A 2 y FAEE R R, ARIE S ORI E A S B
P RLEEAE BT £ 7E NI #R-5 AN & WL A 6 S 2 IR &R X4 52 2 AR AN LA
.25 -
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WS AT S IE AR B BA DS W o | filnd A N 58 S5 R AE L 2 A IR AR O B
T RAE LA St 2 S0 5, Y RTRIE SRR i AN R O 2 B — 2 1Y AL A1 T o
RE ST EZ IR B2 A b 5t AR N 8 I RE T, SEANBRAL B 5 2 118 F MR, Kt
KB FBALAANGEIZ I8 16 = 80 5O R ) 2 f 2R B 220K & X2 AT A T8 fig
(artificial intelligence ) 5 AZE% i (human intelligence ) S HRAS 12551,

PR NI PR Reih 3, BRI S AN SOk 5 IR A58, 38 v6 Bk 5 AN Y
H & A HIR F AR s il S st iR E g 2 B 0 £ B R X IR F
FR AT B ASCHERZ” (humanity core) , ERIT, 3T K0E 5 R AL BIF R4S B B
BB IFEA — e RN EIE T NS Re ), BB NE I B DL KAt 25 Dy s
B EIYRE ST I T A B, ol LA 38530 46 5 iy = A A SCREAZ” IRt Y 2 T RIE
BRI HL e BRI 2 < A SCREAX " B, AR AE SR LB 2245 i (1554 ,2024)

AR BRI R A sl A NI R LR 2R T, A2 HLas By
FIPEBE I AT KT, LA B O RN 0, 53 4 0% e v R 138 T A 20 20 Pl AR 7
fH, — 7T, SCEEAE S BSOS 3 U B T N B o — T T, A B s R
BRI S5 U E S A 1 R S AR RS B R SR T AR SE A, Bkt 302
TR B HL A B A SORE= R IR RS SCA TS 52 TR 2N BEA RE 1, [R) it 2L RE 2
ZRIFONTE M HZ F B AR, IXORHLas BRRME LUEAE 1), 75 R NP DR R, B R
1) 22 UARTE AT LAZR R AN [R) U 22 ik &, AL B 1 X LA LE B B on X A 1) 2 SORTR  11AE
it UREAE R, T S SR DL AT R, A A ML B w] LA R] 7 AR R 5
BALRE H, SC B S ML A AR e DL S i 2 5 2 i, ] BB & 3 i JE iR B el i
Je S, DR G o )[R P AL RN A8 AR R p NS IR DOk AR e AT UL, BIL S BRI E A
RO NI 5, o v 1R SR LA BRI A O T 1y, Bl B o AR R
IEFI A RS 1 BT, P N Y AR AE M R 5, TEN TR e, S AR HoR T
HL0 R RE AL AR B R 8 ey, X AR A B TR A BRI . B AR Y S AR
PR R HOR ERER

KB BB BTS2 HE TR AL WAk ok TPk, KOk S RIAME FHLAS
I HTHSRE T A FREOR S B S Bk, X LE B AR AT b (S MERR, T TR A AN
2RV A KB F AR AT DIAR e P B9 55 SR ORN i 4 1281 7 2 ) A0 B 2%, 4 v R 2 o T P
Ry SRAE AR S5 s KIE F AL AT LIS B4k 5 % P b f T s se A i 28 i B8, R
& PO R AR OE FRALEARIE 5 SR IS @A AR N Sy e T4
BRAC & AN SCARAZ UL 5 R 5 A Y ] DL Se R R o = B s R Bl R AT 20 A A AZ 4, DA

117 A=A O LA R M AR 26 R0 DL A, S =2, R 5 A AR o B AR BT R 1 2 B 124 ol )
.26 -
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RE TS5 A s BRI A

IR, IR E RIS BT LA R TPk, ROE R B RE T RES AR R
PP 1R] P9 A 3 R R R A LG T A8 R — PR A | R A e £ [ I, G 8
SERAE N DL A sha5 & KR F R A Bl S, LR SCHR AN T AL GER LA B 18 A
RFERTE, I, A5G T R SO PR SCTE (SF SRR TR SRR AL B AT LA ok TR
P A RIIRU IS PR S LA = 6 N e /N [ TR 70 18703 2l N M R PN R SIS NI
AW R | A 22 A MR 23 T B 0l FH DR 5 A6 R ok i 7 R J 5% ™ il 10 i o AR
It ARLEABESR AL O TR 55 19 A MVoRE 23 T I 18 1 T 3 A AU, . 0 Sk LU Bk A, B R4 T
MR AaE s A B A% 3a 4 ) 0 R U A 7 AOR IR i 5 4y, IRl L n] LA
SRR FRHIERSE G R A B IRS5 B FReE,

8 KRIEFHRBEWARKE

KV B B 2 BRI B0 177 A 457 (hallucination) BT, K3 &5 BRI
LIFRIRTF T AT Z 0 0 22 1) DS 6 AR 0 T A%, G DR 75 8 780 A AR, 1 37 75 b 3
(language processing) BE /1, A — & B FI AL B ( knowledge processing) BE /1, (H 5 HiHEFH
REFRAE SIAE G, P TIAE 7 A0 A RS O B, 5 1 ke 2 Rl A58 X 1 AL i
T, B TS SR A I E SRR AT A S SRR R, A I A R S — AR
TE M6/ G, B D — 6 K TG TF B B BT, B 5 — S 17 A B I W13, K
T R R B 2 S M S S, S B AT | PSP 6y T (50 D, S SOBCH B A
M A PR 2 A B TR 4 1 FH 26 22 4 UK , 5 R AL S (AT FE WL, T R P B A
FUIOME BN F B TR DRI, TR AT 06 0 B A A BE AT I 36 B ( content
governance )

2023 AELUK, MR T — R SRR N AR BRI R B, 2023 4F 1
36 [ G AR M S HORBIFTE e (NIST) S T N T80 RE ARG A FIHE S ) | e K3 75 M AR 777
(RS EA T T RER A 44325, 2023 4E 8 115 H FREEsUIGAT (A st A T8 RE AR 45
BRI XA I ILAE T X IR 2 M AR 45 4R (12 ) o3 SR, o o i o
TRl AR JEEEIA T J7 1, 10 18 H FRE s (3590 R A S BR N T2 BRI BN . 18
U 2 N T RS IR AR B R0 T 45 5 A B RN, 4% e /N RS , e iddt il
FEE VAR A 125 R AR R A O RO, 5 [T e, 2 R FE o — AR T
VAEIZE B IR T G — A TR R BN , TSNS KA T (R R X T AT
AP Y . 11 1 B E R T B2 i S e 36 1 B I, & AR i

= Y
B, R SRR R 2 KU AR B PR Y D f e a o PR A AR e, 12
.07 .
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H 8 B BRINIL S MR %0 E RN B 2 51 4 =07, 8 T R FCAN T2 g z*i;%>> I, 2
SR N TA R & M EEALAHELE A TR RO A T 2 e Ik B o e
TN T BE AR i 4 i TR R
12 A 28 H,OpenEval 4 i EHAEFE . u#ﬂw’ﬁaﬁ/\k%ﬁ(m% N TR BRI AY
FEEDA R 45 P8 B T KO 5 RS A 1 28 4 XU s, U BH T R 5 AR AR 38 SR N RN
BT BE T+ A9 [T, 1A 17 2 G KR 5 B 5 A (E A X 55 (value alignment) , Bl KiE
BRI ARWTEELL , M X S R B A H 55, RIB S BRI N AR EE
B AR R KR (EAS = 2 1
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Large Language Model in Artificial Intelligence
FENG Zhiwei ZHANG Dengke

Abstract: Natural language processing is an important field of artificial intelligence, and large language models are
distinguished achievements in natural language processing. This article describes the development history of large language
models, and introduces the basic principles and structures of the large language models as pre-training models, transformer
models, dynamic word vector embedding model ELMO, bidirectional encoding representation model BERT, generative pre-training
transformer model GPT. Finally, it discusses the relationship between large language models and translation, and the content
governance issues of large language models. The study points out that big language modeling has not only pushed natural language
processing to achieve engineering success, but also profoundly changed the previous way of language knowledge production,
making language research move from unidisciplinary to multidisciplinary. This change and innovation will undoubtedly promote the
development of linguistics.

Key words: natural language processing; large language model; pre-training models; Transformer model; ChatGPT; content

governance
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