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Abstract; ChatGPT has emerged as a significant advancement in natural language processing,
specifically in the domain of dialogue generation, and has achieved excellent performance in many
areas. This paper aims to explore its architecture, underlying technologies, and potential areas for fur-
ther investigation. The paper begins by discussing the architecture and technology evolution
process. Next, the focus shifts to a comprehensive analysis of the key technologies, including the
prompt learning and instruction fine-tuning, chain of thought and reinforcement learning through
human feedback. Furthermore, the paper addresses the limitations of ChatGPT stemming from
its probabilistic generation principles, including factual errors, poor performance in specific
domain, potential malicious risk, poor interpretability and real-time. Finally, the paper outlines
possible research directions based on the practical challenges observed in real-world applications,

including the ethical and safety factors in the training process to reduce potential risks. Addition-
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ally, integrating external expert knowledge and employing transfer learning methods are proposed

to enhance ChatGPT’s performance in domain-specific tasks. Moreover, improving its informa-

tion understanding capabilities based on the multimodal data is also considered as a notable avenue

for development. By providing an in-depth analysis of ChatGPT’s framework and key technolo-

gies, this paper aims to foster a deeper understanding of the system and also presents potential re-

search directions to inspire further investigation in the field.

Keywords: ChatGPT model architecture; probabilistic generative model; reinforcement learning;

transfer learning

H SR T AL BEAE R N T BB AT Y S R R 2
— B N A 8 R B A B4
B B AU AT R HZ R AR R R g R e
F RS [ sh PR % 0 ) 8 K B e R & P oK
AT B Bl I B 55, £ T il 55 2550 b BB 3 A 0V
ZREAR AL B BT M 2 R R 2 P R
il e AG A Ak AR 55 O ROk 55 AL, W
PN RNV eSS RTINS W NAE N7 S i R S e
I T 5 3 N O 'l N s i 1 .
Bt R e B T T R 1 T RN st 4 R, R
FAAE B LS SOA R HOR AF B A O R &
58 S A L I I 45 43 B RN B 27 > B R 53 21
FEAE RS N 45 b AL 3% g A2 BRAV A B ARG B 1RSS5 T
HEAT = AL 5 R ST L Ay B A R R | S ARk
R A S R R 4. F2. A
SRUE 5 AL PR AL AR 1) & JRATY 32 B ] AR T 5006 A ik L 5L
B RN E Y SE A =B A I PSR

TE 2 A KR Y T SR A B T, SR PN 1 R AE 4R
ANWTTE BT HE AL, A AR T AL BB R A B BE R LA
Gy R /N A L RO R 2 HL AR 2 R
AU TN i R R A RS BOR i B B
B0 R B T — B By — 2, 3 A R R R R
ChatGPT A hy K B 1] 25455 700 1 — b st 04X 3%
W RubHEzsh T HRIEF OB ARM KRR 51T A
SRR A BRI 53 30 7 A, L SE sk R 1Y 7L 31
SR 1R SCHUE B T AR A SRIE S SCARIRE T
AL LIRS X | [ 25 1) AR (R B AT 45 . 5 A2
22 H W RE 1 HE N [ AR AR

Jg it — 2 PR ChatGPT, A CH e M4 Chat-
GPT AT B RO A E o B2 AR [l Jist 1 L e
A DA AR A 3R 2 2] R AR sk A
TR iR Ak 24 2T X Se R JE A B T ChatGPT 1)

http: // zkxb. xjtu. edu. cn

FERAE SN (B8 £ 45 Pl 5T AR B H AR
fySCA R . ARG, 454 ChatGPT i8 47 Ji 3, A< 3¢
S BT T I A R B 5 P A B A A A o R
AR TR AE R T B0 B XU A B X 3
Y T P AN B AA TR) AL 45 . fe ) BT A ChatGPT 7 4
SE U BRBE 5AN 2LL 25 A PR R T Chat-
GPT Rk A REMY A T5 1] » A0 445 Xof YNl 2 i ek 2k 4738
TR R UL AL 2% 21 RG0S B AR (5B
B G R 2 RS A BEAE 1 SR ARk I AL
itk .

1 GPT 224y J i A% i 2

GPT(generative pre-trained transformer) J&
i OpenAl 2 1 B 2R A Transformer fi# 55 2% A9 T I
SRR, SR YN 25 m B 08 v 28, O TR LR
ChatGPT . A 75 fa] 250 i ChatGPT {4458 54 ZL 4y A
O R
1.1 ChatGPT B{kZ2H

ChatGPT 1 32 42 4 38 M\ BE Al 75 R+ 1 1] 2k
k1o L Ml o N = W (1 S B T N 1 R o 7 @
SEAEE e R BE 4 DI B — A A iz Lng
JI RS (IR A SR 5 A8 T IR AT 55 b 04T 1
P I R R R TR IR Uk

T kR oA A Al T R ChatGPT AR 581
AOCHE R O RHA J A 45 T 08 R SO
B 5 A LA A A 6 O TR, I 2 R
5 BEE b B AR IR E A R T R SO B
HARS W2 19 S0 T F 5 Y GBS AN,
i B A RS R A 57 o B [ AR b B Al A 5 2
B OC AR R TE LI 5 Gl el VR A0 45 DA T PR AR AT J2E T R
L AR P s A5 T 2O T A A g o AR
SCARKE S ik — 2D R XS TR AR ) .




%11 FEV 45 ChatGPT B9 T/ T | G M AR e ok 3k % e e 3
{ Chacpr |
<+ *ﬁﬁg;&‘j{}&wz}ﬁmﬁjﬁi ! | /\,v Y HTNERREES :
ﬁb’(wﬂ I‘.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'I‘ E 3 : 'r“",f)‘{t >}) é 3
: :D [2] Fesemeinenn el =y o N |
' 7 it £ 1 m. &l 1l ' TR fi R !
L-’-----l:n—————————————————————" e [ N~— ]
—3f TR
FREEA GG EFE P13
A - ~—
S g Qe
i Tk, &, ORISR RIS ExRbrE. PGS
i WS It e ST A Bl T R AR AR
R a
BAMNE -8 -X
i‘ EEERREETE &= — :‘G
K1 ChatGPT Z2# 75 A
Fig. 1 Diagram of ChatGPT architecture
%1 GPT 2 7] #4354 38 K
Table 1 GPT series pre-training corpus data size
#42.GB b
— R ek AE ‘ [ ]
(i) P ) o o
il L& H R
GPT-2 40
GPT-3 21 101 50 570 11.4 Bl 2 “TYIN 2R+ o i

TN G2 A R RS T8 B R Y S A L 45 e e
R YIN 2Bt b 2 A R il A 1 25 >R TG
B2 0k LA B ] B SRz AR BE T B0 E R
TE R HUAS R 30 ) it L, i o 1] 25, T g 20
U NZETE T BLAR BN S0 S B RE T L RE S
PESCA R BOACHS 7 B i 1 SCRE AL R AE , DA T
Az RSB U A A SCAS AR 8] R O S 2R O AT 5
RS

Tl ] s S5 B R S5 s IO P ) PR e L S 4 AR A
1 55 19 K0 dhs B L0 PO 2R A R0 ok A7 Bk — 20 9 U 25
T AL A RS T 2R R A RS2 2 G Can ] 1] 1)
JEAE 2 RGNSy 2 AL . X B A Y £
LEEP NNl 2 DTN E R A N AT i B Rl
Wes & . ChatGPT 12 A 3z AL g J1 1y #0JI 25
e ST R S S AT E Nl I
T8 1 B0 TR A2 BB S 26 AT R0 L il 2 B A
B 5 8 17 25 08 30 SCA A JCRE 0 S TIN5 +
P E R AN 2 PR

http: // zkxb. xjtu. edu. cn

Fig. 2 Pre-training and fine-tuning flow chart
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Fig. 5 Diagram of prompt learning
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