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It was [ MASK . 7, 8K J& 18 2o 452 R A Jl0 A 45 48] (4
great I bad) A HE SR 5 43 2K 45

BIRUER /R BB 98 TAE E B4 AR K. (D
o 1 348 2% 4 05 O 1 B R 2 5 (2) an el A A
T B B EUR R B KBRS AL B ) . BT X
BN 1 [ S8 R R A ST AT TR
BRI, B A TR AR AT 45 0 R A S
B R o A AR B LR S 1 AR R In) U AR
TR GE ) B AR TE = AR I R, ] S0V 24 455 A0 Ay gt 2
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4.3 ChatGPT N A=

ChatGPT 1 3t 1 B35 75 B 8 5 i 2 9 52
iz —, O N B4 RS o, b i A Rk
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M S B g 1, BF R T T P Bk R
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DL K H A AR 2 1 BR A 5 A R B, PRt B T
SRR KBRS RAR T H 3 S ey, it HAR
P 1 P 46 4 R FLRAT: 55 19 58 100 B8 JF 78 A1 N 2P
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5 %k e O Bl T B O #E AT T IR AR
I B 2 #0385 T A 98 19 Visual ChatGPT™ |
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88 I BT TR BRSO TR ] R AR AR AN
JE (4 ToolBench™) , i 76 Tk %, OpenATl 1y
ChatGPT 400 v T H I8 D 68 . F FE A0 BLA 194 1
HEAT X HE LA 2 ] B T A A2 2 oK
5.3 KXAEEE

PAE F 99 KA IE F B A5k A Transformer
VER FEALERE T Transformer H Y 42 3 4215 & )
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et TE v SRR R K A R R SO DT BR R T
FSCA Y B A AR CRE ) . BFSE A T 2 R Ak
W AFEE 3B (40 Flash Attention™) (7 2 J7 AL
57 X (i RetNet ™) sk $ Fh 4508 Y1 25 1 I A7 B
DL R HEWT AR, H T8 OB B 45 A T 11 9 e 31 J 8T
Y R RUE 5 BERL, By DA 5% 35 1] 3 223X 78 G00H By
Bt 38 3 v & 4 {5 (Position Interpretation) ™ 3¢ i #&
A7 G A% 1] o DAY e A SCAR I K
5.4 RIRES

£ OpenAl iz AE T A BBy ik e >
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RBD T AR 45 el 1 O T AR . SR, ol TR Ak oy
I RiE 5 A USRS I HE 5 AN L T UDE 9 3
RIAEGI AN BHE DG IFA e B 3% 3 TR Y
A NPERE . MG RS AT I T — R AR E
A 51N 5 1Y 7 ok B AR AL 2 T B AR R
it 235 SR B A Ry RO e 198 SCAS B8 (- Chain-of-
Hindsight™"") (B 7 51 2 o HI0OR 51 A 13 25
(i RRHF™) 45 DI L B (88 FH W% 2 ) 1 O A8
AR T AL VERE

6 KREESHENFRME

6.1 XEEFRIMPIFMN
Wt DR i R Y ) R A R L BIL A A SO

1) 5T 15 B 42 3 N 2K F 5 3 O R B IR B AR A
Wil 7B R PR AR . U T 9T T4 O SR T
W6 A5 F0VE B0 48 W0 5 R JE . TE VT 48 bR 7
T, i T 4 i dg bR (i BLEUY” | ROUGE™) 7E i
e RRIE TR AR BSOS I 5N TR 08 A G 1
%0 LA ) T AR 223045 B ChatGPT . GPT-4"7" %
YR RE B 4F 1) KBRS R AR 45 & B B R 5 B
VAN AR BSOS ot f  HZ S T iR R AR 2 5l AR B
B TS S5O0 45 BN L AR PE A
FE 4 L T 0 T AR R A B S T R B o
Je, B RA S 3 O 0 B ) 54T 450 R 1) FH P Y
A FH A AT 45 DA R A TR X A
PERE . 3 % UL 4 HE B 5 S R A SR S A U e
SUNDRIES VR I B N i a1 N S e A
B T OF £ 4 45 1) 15 A 55 1 AT 45 5K ks
B S AT JC T 4 D L o R b S K RO R AR Y
PERE . ROk KL IE TR RLKE R W7 R 5 R 3 i R
AR TR 1 Oy T 0T SR VA O vk )
b e NS N R I R B e NS A VR 53N
M
6.2 KEEFHEEMEE
6.2.1 GAadk

B APk K R T R R I I ) T Bk R —
PL ChatGPT SR 2 38 FH A= i %5 78 i 6% 1o H 4%
A 2E B A ) AT 45 o {EL ] Ak 3k A it 2 ok 2 12 28 Y
T 732 (0 N 2R 2 A Tl S A OpenAl 22038
1 3TN R ik Ak 2 S S 2 RO 2 Ok
Ty 6 57 2 N M (B0 (H 0 5 R A 7 N & 4%
AN GRS AT 25 5 W el S DA 2B B I e L
FEFIE RARILE R EANLZ 2N A,
I8 TAE 223580 N BCHE F1 5 3 PR A J2 1T R 2 T 55 380 1) ¢
S BVPR B N T AR A mAE R AR R Y T vk
ARAS AN ) 2 0 A T o 5 8 B L e Y B
SRR UL 1 L g = A i N e A
RAYE A 22 4 P 2 A 3 e E 2 o) il 2
— A UM B OETE . B B O I8 R K RLE
LT (18 22 A R X AR ok AR DG ISR VI 1 4L R S
it th B R X,
6.2.2 TREE

AEREERAI RIS HAMNEERREZ —.
JRAE LA ChatGPT M43 iy A il 2 n] J T 1
e &2 LS e vb R 1) R, (H AT 4 2R RO AT A G
SCAS A G AR R RE 2 A A SR R Sl A B S rp g
RAEAERYRE B0 BN L] 58 (Hallucination) ™ if 0] fig £
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Research Progress of Large Language Models Represented by ChatGPT

Pei Ke' Wengiang Lei’ Minlie Huang'"
1. Department of Com puter Science and Technology , Tsinghua University . Beijing 100084
2. College of Com puter Science s Sichuan University , Chengdu 610065

Abstract Large language models are currently one of the most cutting-edge research directions in the area
of artificial intelligence, aiming to train general language models with large-scale parameters and make
them follow human instructions to solve various natural language processing (NLP) tasks. As a
representative of large language models, ChatGPT which is developed by OpenAl exhibits strong capability
of natural language generation in various areas and attracts worldwide attention. This paper begins with the
development of language models and introduces the investigation of researchers on scaling up language
models in recent years. Then, this paper analyzes the change of paradigms caused by large language models
and briefly introduces the development, technology, and application of ChatGPT as a typical example.
Next, this paper introduces the frontier progress of large language models in the post-ChatGPT era.
Finally, this paper summarizes the limitation and challenges of current large language models from the

perspectives of evaluation and governance, which need to be tackled in the future.

Keywords large language models; ChatGPT; pre-trained language models; Transformer; chain-of-

thought; natural language processing; artificial intelligence
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