AL LS K R DOI: 10.7544/issn1000-1239.202330303
Journal of Computer Research and Development 61(2): 351-361, 2024

KEESERE. FB SIS E

HXHE ZERF MERH EEF A9
(B BRZIENRFHEARERE L 200433)
(wtshu20@fudan.edu.cn)

Large Language Models: Principles, Implementation, and Progress

Shu Wentao, Li Ruixiao, Sun Tianxiang, Huang Xuanjing, and Qiu Xipeng
(School of Computer Science, Fudan University, Shanghai 200433)

Abstract In recent years, the emergence and development of large language models (LLMs) have revolutionized the
field of natural language processing and even artificial intelligence. With the increasing number of model parameters
and training data, the perplexity of language models decreases in a predictable manner, which implies the
improvement of performance on various natural language processing tasks. Therefore, scaling up language models has
been a promising way to improve the system intelligence. In this survey, we first review the definition and scope of
LLMs and provide a scale standard to distinguish “large” language models from the perspectives of performance and
computing. Then, we review the development and representative work of LLMs in three dimensions: data, algorithm,
and model architecture, showing how up-scaling in these dimensions drives the development of LLMs at different
stages. Next, we discuss the emergent abilities of LLMs and possible interpretations behind them. We highlight three
key emergent abilities, i.e., chain-of-thought prompting, in-context learning, and instruction-following, introducing
their related advances and applications. Finally, we outline some potential directions and challenges of LLMs.
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Table 1 Comparison of Existing Large Language Models
x1 SAARBIESHENL

AR K AR FAEEZK L RIE 2§ S FRIFHH I
GPT-3 OpenAl ESE| 1750 12 HE 2048 API
GPT-4 OpenAl EgE| WE. B 32 000 API
Codex OpenAl ESE| 12012, vz API

J1-Jumbo AI21 Labs eS| 1780 12 e 2048 Z R
J1-Grande AlI21 Labs ES 17012 HE 2048 Z BRI
BLOOM BigScience tPNES| 1760 12 WHE 2048 PR/
GPT-NeoX EleutherAl 200 12 HE 2048 FFI
Anthropic-LM Anthropic ESE| 52012 it 8192
Claude Anthropic EH e 100 000 ZFRs1a]
CodeGen Salesforce FH 160 12 NE] 2048 HE
Turing-NLG Microsoft EH 170 12 mE
MT-NLG Microsoft B 5300 12 HE 2048
OPT Meta EHE 175012 HE 2048 FFI
LLaMA Meta B3| 650 12 WE 2048 TFIE
T5 Google ESE| 11012 HE 512 PR/
UL2 Google eS| 20012 e 512 IR
AlphaCode Google B 41012 ez 768
PaLM Google ESE| 540012 WHE 2048 API
LaMDA Google ES 137012 HE
Chinchilla Google ESE| 700 42 it
Gopher Google FH 2800 12 =1 2048
CPM-2 TR R i 198012 HE &
GLM-130B R Wi rhE 130012 iyt 2048 FEUR
MOSS HHRY¥ bR 160 12 HE 2048 TR
InternLM i AILAB i 104012 HE 2048
ERNIE 3.0 Titan [£)) i 2600 12 HE 512 Z R i8]

P 1.0 IR i 245012, HE 2048 Z IR iin)
o ) i 2000 1Z =1 1024
bz £ P 10000 12 HE 1024
WeLM [ iR, i 100 12 WHE Z B iin]

M6 ] HEL [ i 1000 12 WE. Bfg
M6-10T ] FL L T 100 000 12 wmE. B’ 512
PLUG oy L [ i 27012 =1
Baichuan ENIEiE i 7012, HE 4096 FHE
YaLM Yandex e 1000 12, HE 2048 TR

R F BRI A, I 3R T — 3t BA

EANMARIEFRA. AMC AN RMEFEN 2 KBEESEENLZREEZE
SRR DL B =, LSOl 3, DL

PR R A5 R 5. 3 1 g2 1 2 i DR B i 5 A W AR [ AR A B i — 0 3
e NS 1155, I 4 R B98N 51 R BN 25— I i 1 5 B R



354

HENTR SR E 2024, 61(2)

XHETLE 2 F ARG 5 A FRAT 55, ) s B A . SCAR
G326 P AN bR T S R PR RE HLA 1 35 By, DAL
P A5 B A, R WA AR A B A R
Dl b, B E RV 2 R, s A RTEF
7 4 0 AR % A B 2R A] R o B2 (Markov process) Y
n-gram 1 5 A5 A | B K4 (maximum entropy ) i 5 4
RVAE FEA SO, FRATA TS B8 T AT A o B R
— A R Y 2R A B B 1 AR N H R PR AR A ] 40
word2vec A 1 U330 2 4R B I ZR AT 45 T DUABE S Ry
Py (wi|context), H: v Pyl il 1 #ft 28 W) 45 o a4
context ] D & B 48] w, 22 Fl B SCA wo, wis =+ wiey (A0
GPT A7) |t n] DU Bslw, R SCwgs wis =+ wips
Wiers =+ wr (40 BERT FE5 U20) 38 m] LS B3] w, 119 J&]
Fil — 2 B 138 A 8w wiogers -
Wi (U word2vec CBOW A7) |
1R R T R B 32 kR B AR 2008 4R,
Collobert 45 A" % BKE 1 75 B RUAE b 4 Bh AT 55 Tl 5k
Y2k, 7T DL & 52 T 45 A R R AT 55 B PERR, W2 R
7 T V8 BB B 8 A5 2013 4E, Mikolov 45 A1 7E
R R R AT O TR T R A5 B — 4] ) i
P45 38 i TR 2 ) 00 F B, LA ZRAS ) 0% i) 1)
YE 0016 Ak, (8 T 3 A 55 ok U 254 55 e e B A
2018 4, Google 2% 7] Y Devlin 25 A U2VKs # I 45 2 84
TR [m) B G 3] e AR, W] R ] Transformer 22
VRSB TR, B R TREAA &, R 2 AR
W H AR 55 AL D GO B AT AR AR L PRI 5
B, BF 5 N 504k 22 9 1 A5 0 2 B8ORS R I 5 B8
i, A ISR H— R A SR AR S R A
S M R CEN, B2 R TR
5 (138 1T BE 7 , OpenAl T 2022 4FJiE & A1i f#) ChatGPT

Sy Wi Wepps °°%

AR 2023 4F % Ai 1) GPT-4"" & H v i 1 26 . 400 3k
T AR RTE TR R DI AR, ANHE R I 2 A

1) Lhih 3 AR K AR R U AT 55, 244
FESELALAL . DA 2008 4 2 A, 1 R A I 2R AT 55
A ARAR /IS, T L 2 B0 2 A 6 42 BRL 1) 3 4 3 4
A (0 T A B, B MAR G 24T 55 4 T I Ak
Ji& B T S RS I 2 09 1 B8 2 2 A, BRI A
Z5 B /NI CNN/RNN 8L R &t &l o T2 5
Y Transformer 5 7.

2) 44 B Z B S HONII AT 55 DN T e i 78 31 I
We. DAY S BOR A B, 2013 4F DL AT A9 Kk 22 B0k A 52
M 3k Y1 25 (training from scratch) AT A5 £ %(; 2013~2018
AF 32 I T I 2 A 1) 1] i D 2k S ELRE MR B A Y
155 R A2 AL 2018~2020 4535 M % 1] Tl 2+l
a2, B 0 SR B4 S R AT 55 00 kR Ak, AL
TSI AT 55 4 2 28, ) A0 AE B0 2R R 1S in
—BENLR) R A B LM o 2 s 2020 4R RIS, BE T 42
7~ (prompt) /) 77 459 2] TAR K & Re, % B A
518 5 #4325 3k (language modeling head) 7£ P it 3%
AT ZRiE S B, i o o Ho i AN 2ok 15 BT
55 e . NN 55 09 #R 2, 18 5 B 55 HoAth
AR 55 BK A 2 AT 55 I ZRaB i R 1 i ST L i
1555, Bl . BIAY | SRR SR 24 L AL B
i AR R AT 55 U R 00 oK, AR SR B R AL IE
BEALE O A W T2 B RIE S LR 5%
(1 an FLAN™) Y25, DT AT DAZE A 28 T AT 4591
SR 00T AR 4 Mz AL B R WAT 55 I

TEFRAT A KA | B B 3 AT A
WHE AL R SRR,
21 H &

P T 5 A A L X6 SCAS I B o0 A AT A,

7 ] e

&ﬂq i
5! T4 A
R | Mefzi 2> Z60MZigid RN A R I g S W AR Bl TurEss
EH FirtEsC
Bk | BARE¥S] o> WAL NG =>  BlZeons5F
CNN CNN/RNN I:"> Transformer Transformer
= (Enc/Dec/Enc-Dec) (Dec)
EAhr
2008 2013 2018 2023

Fig. 1 Development path of language models
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