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ABSTRACT Opver the past two decades, language modeling (LM) has emerged as a primary methodology for language understanding
and generation. This technology has become a cornerstone within the field of natural language processing (NLP). At its core, LM is
designed to train models to predict the probability of the next word or token, thereby generating natural and fluent language. The advent
of large language models (LLMs), such as Bidirectional Encoder Representations from Transformers and GPT-3, marks a significant
milestone in the evolution of LM. These LLMs have left a profound impact on the field of artificial intelligence (AI) while also paving
the way for advancements in other domains. This progression underscores the power and efficacy of Al illustrating how the landscape of
Al research has been reshaped by the rapid advancement of LLMs. This paper provides a comprehensive review of the evolution of

LLMs, focusing on the technical architecture, model scale, training methods, optimization techniques, and evaluation metrics. Language
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models have evolved significantly over time, starting from initial statistical language models, moving onto neural network-based models,
and now embracing the era of advanced pre-trained language models. As the scale of these models has expanded, so has their
performance in language understanding and generation. This has led to notable results across various sectors, including education,
healthcare, finance, and industry. However, the application of LLMs also presents certain challenges, such as data quality, model
generalization capabilities, and computational resources. This paper delves into these issues, providing an analysis of the strengths and
limitations of LLMs. Furthermore, the rise of LLMs has sparked a series of ethical, privacy, and security concerns. For instance, LLMs
may generate discriminatory, false, or misleading information, infringe on personal privacy, or even be exploited for malicious activities
such as cyber-attacks. To tackle these issues, this paper explores relevant technical measures, such as model interpretability, privacy
protection, and security assessments. Ultimately, the paper outlines potential future research trends of LLMs. With ongoing
enhancements to model scale and efficiency, LLMs are expected to play an even greater role in multimodal processing and societal
impact. For example, by integrating information from different modalities, such as images and sound, LLMs can better understand and
generate language. Additionally, they can be employed for societal impact assessment, providing support for policy formulation and

decision-making. By thoroughly analyzing the current state of research and potential future directions, this paper aims to offer

researchers valuable insights and inspiration regarding LLMs, thereby fostering further advancement in the field.

KEY WORDS large language models (LLMs); natural language processing; ChatGPT; deep learning; artificial intelligence

H 20 T2l 50 AR R M4 0 DOk, N T
RE SR AN SR 15 5 R e 1B F R 2k TEE L
D) R B3 Wk R B 1 R M A R B 2 ) R
I 2% 47 R R LA e 2 >0 R TIN5 K Be g,
55 NLP S50 1 5 4 . JC W B S R B R AR 2 5
MiA5 20 F . X — ot e B F 3 T T i AL AR B S
AEYR I RE ST, #E3h T NLP £ AR 19 & el

T AR NG R K Rl 2
RS T B S AR L B TR R, BT
Transformer 75 KX KA 15 BL P2 19 15 Il 25 o 5 A 1Y
(Pre-trained language models, PLMs) Ji& Bt {5 % Y
NLP 155 4b #fig 7). WF52 3R W, 152 784 M R Bl 2 B0
BOG i, IR 51 & TR TS EBOMB N 1T
ZPe P A A, H R AL (T AL
B TACS B AR AU R4 T, o6 J 3 ol kR 1y
BEJT, BN R SCsE ) ORI, AR T T CRIE R
BERL” ARG, LA X733 2 ZH OB R R PLMs® ),
EATTETE 5 BN NLP AT 55 rh i i ] R i 5% 4 it
TR A AN T AL

BfiE LLMs (1P & Ji&, R A S il 25
BEARLGN GPT FR 4 A P kAR, BTl ok 1R
S 3K 50 & IR YL 7E OpenAl & ) GPT-X 15
RIRHESH T ™, LLMs T 78 2 3 NLP 1155 i R 8 i
o L ER PR R B IR T R IBTT R U2k
R RS AET DA LLMs 2549 /Y H 552 4%, iX 8t
BRIC ST . B . SmMmMEY RSS2
Il s AR 8] 7 7 . ESET N TR
AediEk, LLMs & W7n W 2 i BLEE ), X — ik
JETCA T W N TR R H R B9 K 58 %L, AL B

FEOUBAE K LLMs f bRl 2 Ji T 4 A A i e 1) 78
b, BAR LLMs X4t 22 45 A 7= LR i, (H T
R DB 1 R FE I TR, BRI R B e DL g e L
H T AL B I SR R, A R 2R 5 3
SEEe A B AN, TESE T LLMs PR RE, N
AT A 2005 e 2 2 A G A S P o L R A
LLMs 5 A& AN (B 15 D 4 PR 455 — O >4 Ji o 1
Ife B 9k A

0T FE o B RLIE S PR, I
B2/ LLMs W58 5 K . I, A SCIE 27
X—HRET, BN E R T R SRR
AR Z DL AR 2. BOBEEE T AR S A LAY
RJETIRE, I = FPIATE F RO EEAEA T LLMs
F14 157 A 2R 5 R RS 45 A8 JE 505 L, X B
A R 207 RS AL B R S HEAT T P AN
s BEE, BE T LLMs (e 30F | BT R E 2T
b U A ASCR, B IR T2 AR B9 )R R A
Kol 4 9 8 e, e TN 2 kS — 2ok
HSEAEE, XA AR5 102847 T R,

1 LLMs ¥ ARZEH5EEHE

11 LLMs XREE=

B 1R T NLP 12 & e B Be, Bifi 45 F
R EERTEH R Z L LT LM i R n] LB
W] 20 42 50 ~ 60 4EAX, FIAFE 4R T TR S B
VS REAEE T, D B FEE TR AT
Bl 2 5 L) A Ak B SCAR PR I X DA Ak KRR AR
52 B BT S RO 80 ~ 90 4EAX, BEE A RE 11y
& 5 R R SCAS TR R (R 38 I, g3t O A T ih



LS K BURBF IR S %)

- 1413 -

Method
SLM

Statistical language model

g

NLM

Neural language model

—)

PLM

Pre-trained language models

—)

LLM

Large language models

Reinforcement
learning and
multimodality

5} ) -
S iy
< / /’\/
£ 4
o .
= v Hidden Markov models;
& v Statistical machine transactions; Lﬁngua&e model modeling
g v Vector space models
8 ﬁ Education
3 =
& [ Statistical methods, sem.mem analysis ;:
Z v Manual writing of rules with St'dgC —
expert experience v Application
domain
Early stage Q @
Sentiment analysis
Text classification Social medical analysis
Origin : : : : Nowadays Future
1950 s 1970 s 1980s 1990 s 2010s 2020 s

Timeline

Bl 1 NLP &ERBARA LR

Fig.1 Overview of NLP development stages and applications
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Table 1 Comparison of the number of typical LLM participants in China and abroad

Models Release time Developers Parameter size/10°® Sample size/10°
GPT-1 2018 OpenAl 1.17 10
BERT 2018 Google 3.40 34
GPT-2 2019 OpenAl 15.00 100
Fairseq 2020 Meta 130.00 —
GPT-3 2020 OpenAl 1750.00 4990
GLaM 2021 Google 1200.00 16000
LaMDA 2022 Google 1370.00 15600
GPT-4 2023 OpenAl — —
Ernie Bot 2023 Baidu — —
SparkDesk 2023 iFLYTEK 1700.00 —
PanguLM 2023 HUAWEI — >30000
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Table 2 Training datasets of typical LLMs
Models Datasets Size Total Ref.
ChatGPT-1 BookCorpus 4.6 GB 4.6 GB [8]
ChatGPT-2 Reddit links 40 GB 40 GB [26]
Wikipedia 11.4 GB
Booksl 21 GB
ChatGPT-3 Books?2 101 GB 753.4 GB [27]
WebText2 50 GB
Common Crawl 570 GB
Common Crawl 570 GB
PubMed Central 90.27 GB
Books3 100.96 GB
OpenWebText2 62.77 GB
ArXiv 56.21 GB
Github 95.16 GB
FreeLaw 51.15GB
Stack Exchange 3220 GB
USPTO Background 22.90 GB
PubMed Abstracts 19.26 GB
Gutenberg 10.88 GB
GPT-J/ GPT-NeoX-20B OpenSubitles 12.98 GB 825.18 GB [45-46]
Wikipedia 6.38 GB
DM Mathematics 7.75 GB
Ubuntu IRC 5.52GB
BookCorpus2 6.30 GB
EuroParl 4.59 GB
HackerNews 3.90 GB
YouTubeSubtitles 3.73GB
PhilPapers 2.38GB
NIH ExPorter 1.89 GB
Enron Emails 0.88 GB
Wikipedia 11.4GB
BookCorpus 4.6 GB
Megatron-11B/ RoBERTa Common Crawl 07 CE 161 GB [47]
OpenWebText 38 GB
MassiveWeb 1900 GB
Books 2100 GB
C4 750 GB
Gopher News 2700 GB 10550 GB [48—49]
GitHub 3100 GB
Wikipedia 12.5GB
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Table 2 (Continued)

Models Datasets Size Total Ref.
CLUECorpus2020 100 GB
Chinese multimodal pretraining Data 300 GB

Ernie Bot WuDaoCorpus2.0 23852 GB 25378.4 GB [50]

PanGuCorpus 1126.4 GB
Chinese multimodal pretraining Data 300 GB
LAION-en 2x10°

LAION-COCO 0.6x10°
DataComp 1.4x10°
Coyo 0.7x10°
CCi2M 1.2x107

Qwen-VL M 0.3x10" 5x10° [51]
SBU 0.1x107
COCO Caption 0.6x10°
LAION-zh 1.8x10°
In-house Data 2.2x10°

(a) Fine-tuning

(b) Prompt learning

(parameters can be trained)

1

t Pre-trained language model

1

Pre-trained language model
(fixed parameters)

[l

Pre-trained language model
(fixed parameters)

HEEEEE L] B

1
1
I
I
I
I
I
1
1
1
1
I
I
I
I
I
1
1
I
I
I

Enter text

Discrete prompt

Enter text

L) B

iContinuous prompt

1

Enter text

B4 LLMs (PRt (a) i, (o) $in2y~
Fig.4 Two paradigms of LLMs: (a) fine-tuning; (b) cue learning
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Table 3 Basic assessment tasks and databases of LLMs

Tasks

Datasets

Language Modeling
Language Generation  Conditional Text Generation

Code Synthesis

Penn Treebank!”, WikiText-103"Y, the Pile, LAMBADA"? WMT201"%, 21173, 22074

CNN/Daily Mail”!, X Sum
APPS, ODEX, MTPB

Closed-Book QA
Knowledge Utilization Open-Book QA

Knowledge Completion

ARC", ThankfulQA, CWQ, MKQA!", Science QA

ARC, Web Questions”™, Trivia QA QASC, SQuAD!™!

Freebase!®™!, LAMA, YAGO3-10%" YAGO, WordNet

Knowledge Reasoning
Complex Reasoning Symbolic Reasoning

Mathematical Reasoning

COPA® SIQA®Y, Science QA, ARC, Bool Q®*, PIQA, ProPara
Coin Flip, Reverse List, Last Letter’®, Parity, Repeat Copy
MATH™, GSM8k!*!, SVAMP, DROP, PISA®", MathQA*
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