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Abstract Over 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 (Al) 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 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
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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; deep learning; artificial intelligence; ChatGPT

H 20 4l 50 FARE RMBCHE H DIk, N TR RROUEAWIE R IE S/ EE. B5MWENRE. EEM
W) e 3 Bk ik P i T OE 9 ME R o R 2 o) RN 25 I % R IR L AE ROR S I R TN i s KR, H S
NLP S e 4 . TG B SOR B R AR LA AR BN o X — iR W 32T 17 o LA B SO AR K4
fIBE s, HEB T NLP FARM & R,

EEEBEANG I KEEMARY, BOVRAE SRS AR EEFR., o, ET
Transformer £ K AR TE L EE () T 2535 5 455 (Pre-trained language models, PLMs) J& 3 H AL # i
NLP {£:554bBERE /7. WEFTR, BRI e RE Z HONBIE N4 7, FF9l kK 7R TS EMBA LT
FEBA, [HAERNZE, RS (HE TS HER) ARSI, R M1
e i, Wl bR Ak, FREET “CRIEBFERE” RiE, DX oXESHABEE KK
PLMsES!, A T7E 18 & B AN NLP 4145 o 18 FH O o2 446 7 8 i M fn T L .

BE#E LLMs MPd A, Rl BNl iiin GPT R4 PUEIEAR, BT Wk T 1k
AWK EHRIREUL. 7E OpenAl JF K 1) GPT-X HAH#E) FB, LLMs ©E£ 1l NLP 1145 R 3L H
BRI TERE . BEE VI REE B AW R IR OER RS AR DL LLMs 5t H 26 2 2%, 1X 1k
BHORAEHE . B%. &mMAEYEAEZ NI E8 T 2N E2400 0 A T8 R
B, LLMs C B/ BEMFHINGE T, X—H R EAZE BN THEHEARKE KRS/, Al BT8R
1IER LLMs Bk @i g A a0 48tk . AR LLMs St & & AR B4 m, (HH T/EFEB M
RATRRE, HEKGHELERE. KX, HTATENEETREER, BAENASHEBREAE
Ko WA, TERHT LLMs HEMERE, Qi 24 m R 42 i) H AR s 55 & DL Tl LLMs 5 A
A E 5 i B PRRF — B 24110 B i 1 B8 Bk % o

T IR IAE FIVLE S PR, RS FEEE Z M O0E LLMs AR SR . Hik, ACIE&7EX
—HE N, BEAMFFARERMACST KIESHEMRZNMEAE K. Bhad T ARES BB KR
F, JEMNZFEARE S MR T LLMs E AR 5RO S w50, ik, Il A
BRI 257 G R AR GE AT TR ; MG, S84 T LLMs 8 E . BI7. &RhsE 24780
WS ORI T Y AT EOR R BRI A s Bk e, IR T N et S — B R
&, R ARKRK R ITIEAT T RE.

1 LLMs HAR M 5RB MK

11LLMs X BE S

B 1 ARYC A T NLP A REM B, BEE I 7 BT LR E 0 LT, LM B m] DLE
F| 20 4 50~60 EAX, FIADFFEAEHR TIE SRS EAEL S, ZWBREEE T AN A F 5%
BRI SR AR AR, DR DA A B R AR i R 2 B A AE S B . 80~90 4REAX, BEEHEAE IR A
KIAESCAAERLE N, S8t 7B PR 7E NLP b 595 32 S Az, Ziit#L2s#ili® (Statistical machine



FREMSE KiESHEMEM AR EES 3

translation, SMT) EW0IEG KN i Hik. 2010 4F, BEEIEREZIAPGENMNR, EEHONH S
Transformer SERLALH I, X7 NLP S8 ™4 17 B REEm, FRAESCARB M. B AINLAS B (L5
WA TRERE, LFK, BUFIS5LHRENHZEENLZ, WERMECARUIKGEE, WEE.
AR, DA B A 5 R A el 12,

B 1 NLP &I Bk LL K v A

Fig.1 Overview of NLP development stages and applications

LM B 7EXHE 5 WA B R AT R, Ho O il AR 06 45 5 SO 7 1 2 M A B S A 8D,
BE 2 B IR R ARSI N, PLMs BN LM RORF 02 04, JeEsk, BEE N SR L
5E vt SUEBMSEE R, Bk —F A K ESHOR s ST R ) W m g 5 B
——LLMs #&5Z2K7E, FRE NLP DL R H A S sp 42 it 7 5 £ 8 Z AR A AL 20518, @ N T4 6
(Artificial general intelligence, AGN)IWER—FIEEB AR NK—FEE . I MPAT 2 FAT SN TR
e RGu(E LAl 50 FACKE SR, I CURR SR 2 I I L 2 MUYE S B e R4 . W4, LLMs Xf Al
FEIX PR T KRS, ChatGPT Al GPT-4 M H BLIE /i AATTEE 37 2% AGI B R RE k.
1.2 LLMs HARZEH

2017 4, Google #&H —Fh3E T B VE R D HLHI O RFAESEECES Transformerl®®l, B 7 5 415 24 4
2 M 4% (Recurrent neural network, RNN)Z54M0, JEEREEat o HBLF i LLMs. 2018 4, GPT-1
e, PR A KB R R AR S O B AT RN AR R B AR AR B AR A
Jr R K, LLMs fEUIZRSE0E B8 BE R R0 90 J7 TG B AN E . B AT, FIAESE R 7304 Encoder-
decoder. Encoder-only. Decoder-only =#P0, #npE 2 prox, Hd, xRRSFEBEBRANFI, x.(t =
1,2,.., )R RE t Mrid, THFIIKE, M)ZxPFERRIL, SEARFIHRNWITFERIL. s
Do~ D3~ Pad AIRAREE —ADBE A BIRAR L, PAELIMER . R 5 3R 7R gn i 28 5\ I S 4
RoIMEERZEG . B 3 XA IAR LLMs JEAAERZ AT TILE . P(xe | X)) BRESFHEEE (Hlx <
£ AT, BT —FRidx &M . oo BRI THRARCAMABTE PRI, P | xwp) &
INTESR € [T 5 A BRFE AR 1L AN BT A AR, X a, TN ) 25 R HE 2R o xyy RoRJT AR AL E 0 BIALE
B S B3 HX LA A LLMs S AL 2k 31T TIE &
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Fig.2 Existing prevalent model training frameworks!2!]

B3 JTHER LLMs fy ik fh ik 28

Fig.3 LLM evolutionary routes in recent years

1.2.1 Encoder-only
BERT (Bidirectional encoder representations from transformers) 1F 35— #7 f{) Encoder-only Z2#4

R, MU T AR G N L BIA B ) 4G 3%, BERT A X 1A 2 5 90 Vi B 70 76 A B 5 S b A B =% 18 L 7 )
AAME EF . Xy, BERT e iniCAE XWEEEE, BEXASE, BHEY
M, fivr % SRR 45 1 4RE S BEAR (Natural language understanding, NLU) {£%%. FE% BERT HIRLTH
N, AFGHZHEZE ) & Fh AR A 4% Hi B . RoBERTa 7 BERT MLl E 2 NSP (Next sentence
prediction) , FFRH IR DL 2 (5 BHE ST Il 2k . ALBERT T 2020 F4#EH, 7E{RFFME
REf LAt -, ORI TR S5, FEER BERT I —Fh & A8 4k .
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1.2.2 Decoder-only

Decoder-only ZEH {1 F H v S ALE AT WA BIA W B m )7 50 b8, FEFEEH TS 4K
(Natural-language generation, NLG) L5, MmN [l s Bt [BISCAR A A, AR bR SOM IR B
H M GPT-3 jr iAok, Decoder-only #RI13 3] | 75 K&, Hrh “GPT K417 & HFEAL. GPT-1
TR BB S T R AR AT RO, R N B R EE N T AN EME S . GPT-1 1
5 ) BRI KINGERE MG IS4 . Instruct GPT MR T #8785 3 F N TR 45t
M oA 2E 2 ik g SR AN 25 . BAREEARE T GPT-3 Mg, HEM 7T KE—FEMAN T,
SRR 13 141 Instruct GPT e tHACR Bl 7 248 &> 1750 141" GPT-3. ChatGPT &
Instruct GPT FJFEaE AL 7 EEARIE M 7L, T GPT-4 N#k— 5 L 2 A5l . tbsh, RT
Decoder-only #7845 PaLMP2, LLaMAI?31%%
1.2.3 Encoder-decoder

Encoder-decoder 224 %y T NLG {155 SHAESCAR NLU AF, NLG B 7EMRHE4F 2 fir N\ AR
ETL AR SRR BRIE S RE . PSR A EHEEM Transformers 448 (BARTERD) DL
AR AT 1) Transformer (T5[2%1) #(/& Encoder-decoder 874X . BART @it 5] AW sk 4y
FRIFAGE IR SCA, TS K T A 7R A8 Ab B o KA AU HEFEAE /7. T5 [AIFE R T 52 % Transformer 45
IR TR 2008 S8, R — AN — OB ALHESE . K iie. 2038, M. MEAE RS SAg — %
B “Text-to-Text” {145, MM 150X S8 4T 45 75 Il 2k i GE 0% 15 AR [H) f0 H A ek 8, 76 K 0 B8 1 AR
[F) P A i ot 2 o
1.3 LLMs #E B 4%

LLMs FIZHEEm MBI EE R R —, MMEMSHEE T SRR, K2R NE
KBRS AT DU 3R 5 2 8 S5 S BT 30, WMFE & ME & B e 1. A lise 1 LT 2= S ee i b
FUE. R1LILE tI:XTTIVWI\ S g R ) LLMs )2 B k.

F1 EHNSMEEILLMSSHUE R HL
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

GPT-1BMEN OpenAl FF & i1 — &R FIAR R A i 25 A RAR Hhﬁ%ﬁ%r‘ﬁﬂzﬁxiﬁzﬂi%ﬁ
A%, #£ GPT-1 v, Attention 4E%{ M\ 512 § K% 768, FiEm i LE N 8 ERME 12 F, 1Al i
Ba & E4EEUN 2048 #nF) 3072, BSHCN 117 /4. BT GPT-1 &R/, BUEXEF B4
FRCRE SRR PR, e LAAR I B A 118 FAT S A OB ) 1B kb B . R HAE N R iE SR, SEUE R
SE AT 55 rp X BN SO EL R AT BEAN S 4T . GPT-2R28IFH L T GPT-1 M A S ¥ s M 1.17 12316 %) 15 12,
BAREMN 5 GBI JEF 40 GB, 3w HK/M 512 B hnF| 1024, {45 GPT-2 24k /1B . #
OpenAl KA e e A, GPT-3RTISH ANy 1750 12, ChatGPT ik 7 129, N K%dE &
EE T JLHE TB. 2022 4F, OpenAl H#EH T & (15 S M ——GPT-4, #EGiiHIZMEMNSH & KLET
o5, HEARRER GPT-3 HABKY E. StFEF, £ GPT-1 #EHKH —# #, Google KAi T
BERT #i%, HZ¥ & N 3.40 1. 2021 4 12 H, Google Hi 7 —Fh ¥ 94 GlaMP8l, H: 2 % 2
IEF] T 1200 14, BEAREMA/NLESE 1.6 JTCHIbRIC. 2022 4, Google 7 #EH T 8 KA ()15 5 1%
T ——LaMDAP, HSHMMBILS] T 1370 14, FEAK/NEF] T 1.56 TBEY,

16 LLMs Pk e dvi v, [ 255 LR A 480 Hd AT IR NI 9T . AR S o [ 15 B Pk
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JEWF B M HRIE, 2021 SEIREFFARIRER KRB N, FEE 5 1 B — HEAE AT Mk b 72 AR 5 3 R i )
KB, 2023 4, % ChatGPT §Mi, KAELRKE FRIL MU By, B P~ KRR — i [a] 2 B R UG K 26
B, BWE 2023 £ 7 A, REBCL KA 130 DMAEE, gFE L5 (AE) s (Biktk
) LB (BERIRKD Bl (EAD L mfE (B BAEKY (RREE BUPAE (REEAT
BRESLIG R ) ST AR, 0 KRR 3.0 7F 2023 4F 3 HfEH, HZS¥EXH T 2600 12, M
XF GPT-3 IS HEIRTF 50%. J2 K KA AHEN 1700 24580 NGB THE T “ P EBHHE X
55| ¥ E” (CSTPCD) , WHEHENIAIE . W%, {2t EWESE N2 R, # & K
RUREAR K/INEEIE T 3 Ji e ibricBY, LR AR 5t A F545 100 12 380 14 710 M1 1000 122 it 1Y
PR A .

RSB KR A Bh T2+ LLMs [VERE, (H5 LR, B 5058 38 kR B A6 155 20 S 011 4
Ko, BERUTHIIG V5 S DR FEIG IS P A7 R A B AR 8 S A S 2 Pk . OpenAl KA GPT %
IR AR, SEB 2 OURFEMEIG K, KIS 7RI ghliAc . B4R B2, 2023 £ 1 H iy
ChatGPT & M1 A &N 6.16 121K, WHRBLF S RA R 2, W ChatGPT HH R ZEME 141N
4874.4 PFlop/s-day (—RWHATIH T sz B, HTEETFEFSHT EHERID o ik,
HEFE AT R TR SR G N AR (2218, Dettmers Z5BI 58 45 1, BEE B S BRI, HE
O R IR IE R K, PERE KIEBRMRBY, Rk 4, BEESHEN L, LLMs AlRES Bl &
B, B S EEACA 13 1210 Instruct GPT 74 H R LB 7 2588 1750 14 GPT-3.
Weidinger ZBSIRH LLMs 2> B 25 A5 78 2 $000 386 T H B JO0 A0 RURG: b G 80000 0 sz e A 4 DL 4 Bt
FHRRGRA T KM in. Askell ZBSR 8l LLMs S #EB KSHE T2 A F 2 & 8, HEm
AN

2 LLMs il 5MmAA AR

2.1 JIZGHEE

AR R LLMs D)0 B g, AAMERR 5ol FHMEIR KARFE EEGR T80 . 32 2 il el 7 —2e il
A LLMs BT F B8R 5. DA EEE R 2ok g BN, B TE BRI S 0k, G mh 7 EE
(10 4 5 PRIT-391 g AN R B4 e HE B B IR T AU 2 5, A R AU BEE TE I b B G ke, R DA
T B N IR, RIS AR TR, DR EE R E . BESIRES L, LLMs ] ae W 2R
s v 19 2 — Lol WoEE A o, B rERe R E . HAT, Al AR Rt — e s, iR
[ 25 f) v A 2R 136 401, FE R s O Y, 4R T 2 AEBON AL L . Abbas SEIPER R
HEBUR AT IR BN MBS, X EEE MinHash A1 SimHash (1 701 25 04 42 b S
44]

RE LLMs G EA—ERE ERIEE, BR\BEFEETFZHE. 54, Bl K2 HIZ4%5
AT ARTOIRE, MEE LLMs 5T R, 1B R EYIE, 5 sm 8 4R 1 T v
) P F AT RO o Foik, Bl AR b o T 15 B A UR A B A RB 3 56 4 5B, XN BRRAME AT ok
TRCRB S, W FEN AT R B Bk 0 A AL R EORIR AT T, RS B e XU . LR
WA B AN 2 5 10 S R I B AE 0 R e AW B, T LLMs EE AR B 0 e R R 7 R X
TR RO SE E, MROR IR R e At . — Bk

#2 B NS MsIZR S 5
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 Books2 101 GB 753.4 GB [27]
WebText2 50 GB

Common Crawl 570 GB
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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 32.20GB
USPTO Background 22.90 GB
PubMed Abstracts 19.26 GB
Gutenberg 10.88 GB
GPT-J/ GPT-NeoX-20B OpenSubtitles 12.98 GB 825.18 GB [45-46]
Wikipedia 6.38 GB
DM Mathematics 7.75 GB
Ubuntu IRC 5.52 GB
BookCorpus2 6.30 GB
EuroParl 4.59 GB
HackerNews 3.90 GB
YouTubeSubtitles 3.73 GB
PhilPapers 2.38 GB
NIH ExPorter 1.89 GB
Enron Emails 0.88 GB
Wikipedia 11.4GB
BookCorpus 4.6 GB
Megatron-11B/ RoBERTa Common Crawl 107 GB 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 12.5 GB
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 9
Qwen-VL CO3M 03X 107 5X10 [51]
SBU 0.1X107
COCO Caption 0.6X 109
LAION-zh 1.8X108
In-house Data 2.2X108

2.2 YEAERK
2.2.1 Filg&HEAR

TR SrA 2 mr LA R R bRy 1Bk, 0 B IR 2 ST 1 5 Uk 2 S1E & P I PR . X — 8
AR H 2013 4 Word2Vec BRI H 5 72 B FH T (Al B R R 2 2] . 2018 4E, ELMo BA 2 H Jf A6
P SCAAE R R 208 U BB VEERE. A4 BERT JEF Transformer, DLSE K HCHE MEAR AL & A%
PR G5 Fy N BT B AR 51 iE = #on . fEHLERE ., RoBERTa. XLNet 2545 7Y 5% FAS [A] Fll 25 4%
K, PEBCRERE . X —HARFERN EE S REERZIES, AR K E bR 50 317 7 4%,
R BARESE O, LIRS ERE.
222 BRARFEIHEAR

NT AR KESER PRE A, BRI A S, IR B AE S BT AT 46 0Tk i
N2 (Prompt learning) , 1K 4 FioR. 3RS RINENESHEMMATREE, HTHEm AN
M, o T BT I R B B 3500 72 300530, $ 7R 2% ST 1 B A A2 sk )1 5 AN A 1 B B B T Xz
B f) 2 S, DAL RE a8 m AU B T R AT 45 . IR B H K R 4 o~ 3 B 2R ( Discrete
prompt) BURGELEHL R (Continuous prompt) B8] &A1 14E KiE SRR G T2 SN H
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4 LLMs IBAMIE=. (2 BA; (b #R%3
Fig.4 Two paradigms of LLMs: (a) fine-tuning; (b) cue learning

BB NI TE 0 N SR R 2. — i B 48 R R 0 1) S EUR R I TV, R FE A R . T
Mol N Tt EER R g, R RIE S B R /), B4 E 302 (In-context
learning) PRI 4E4% (Chain-of-thought) B8, IR S0 3] e i SRS AE A FEAR 5 4815 5 A BT 5 B
PR, THRBEFATATERE S H . 4R N FE R VE HESAT 25 o AR sHER I FE AR BB B Re 7y, 7T
DLE I D REAR B R AR B E R . LR RIE IR NS B AN Z W M EL R ES mE, @Ay
— RIS H, AT NS G a7 . i W E SR R R AL B AN 5 B ok $E
BEAITE RUAT 55 LI REl7, x5 vk ol o [ e R AR B B 4, (R T 43R IS 8, T BRI
TP E IR T .

2.2.3 EAIGLHAR A

TR PR A% O SEVARL A A5 — AN FE R S SC AR S b AT TIOR8 5 A5 Y, IR 78 0 e AT 55 s )
Kt Btk — P I 2R DL B BARAT 55 o %0 B A 4R A8 IO RS B (K S B0 A A T, AR S FEAT 55 5 08
AR FEAT ISR . XA SRR AR S50 E K EE) . BUH R S B MR B
SCEHE . Qiu ZEBEE T — R U-BERT J7vk, 454 7 WG AGLE, FTF%JHPERAE. %077
I FH U AR OAS BRI SR PRFAE, TRAN TAT RBUR A E AL o PR A VT BC 2 A T4 5 P 0 T
HYEE 2 m a8 XX H. [FFE, UserBERTESOIG] N\ 7 A H RIS BAESS, LATRIINZR A F A,
Pem @ RIRE . B B RROE, LLMs A BAFEREE TS5 L3RAS AR rERe, R A AR T
SRR B2 B8 PR AR . X R T VRAE B ARE S A A T2 B S BT 5 AN R AU
2.3 LLMs #= {44

# 3 FILAT LLM 3PS AT 55 DL AH B B0 122, i BE AR PR AG AT 55 KBUAT 40 BB 5 4
F HRF DA RS AR =R A VA RO SR B RE ML B . SO B 2 Y, AT
S B SRR A N TS DOEN PERE . BoRr sy, a1 GPT-4, TEBNTE. B ZA % b, RIH
TH5ANZEE R A EERACEE, fhah, FFRAETEIRZER LLMs 7558 Pk 15 5 248 ST 45
W NEFH Q2 R A B 2B R S A A R 88,

KRR NS QAL JFE QA FIKIRSEMR —FAL, M4 QABIZIR LLMs UIKEELS E i I
NOCREIE R, AR AN IR, B SE R IS QA R, BEAIMERE SR, HuE&E NG
HEBERR, EMUKMSEEEN, WA EZ5WAES TIN5 AR E . 5
QA fEZfu¥F LLMs M AR AN FE BSCR £R & S BCE FRIESE ,  JRARIR X SeiE 48 B % 10 . £
QA (EF4MIVPAl b, W FHHER L AN F1 2805518 hR, LLMs B 25 XA R (ERER5%)
HEATEC X6, By LLMSs 56 30F A& 1E 4 2 % 47 (67681,

S HEFE R i R FH IR 9 BI0Z A9 A5 00 s R SR I RE 0, O T B 4R G RARIEHE 0L, itk Ah, B
TN DRI K AR HE AT 55 5 i 9 AR AR AT 5%, JF R B AR TN 251K LLMs W] DAk — B 2 & it
RE. AT, HITIZAESS IR ARME, AT LLMs 7EH RHEE S AF 55 EOR TRk B 5 N KK, Horp
B W AIRZ — 22, LLMs W] fg 2 5 T4 R 1) 3 S AR A BN HERR 1 b (] 2R B8, T B0 R 1 45
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Table 3 Basic assessment tasks and databases of LLMs

Tasks Datasets
Penn Treebank!”%], WikiText-103[711,
Language Modeling the Pile, LAMBADAU?
Language Generation WMT’2007), 2173, 22174
Conditional Text Generation CNN/Daily Mail], X Sum
Code Synthesis APPS, ODEX, MTPB
Closed-Book QA ARCI], ThankfulQA, CWQ, MKQAI], Science QA
Knowledge Utilization Open-Book QA ARC, Web Questions!”®], Trivia QAI®], QASC, SQuADI”!
Knowledge Completion Freebasel®), LAMA, YAGO3-1031 YAGO, WordNet
Knowledge Reasoning COPA®2, SIQAI®3, Science QA, ARC, Bool Q[**l, PIQA, ProPara
Complex Reasoning Symbolic Reasoning Coin Flip, Reverse List, Last Letter>®l, Parity, Repeat Copy
Mathematical Reasoning MATH!®5], GSM8k[$¢, SVAMP, DROP, PISA®"], MathQA![$8]
3 LLMs Rz A AR

3.1 HE

] 9 415 25 A N LLMs 75 208 S B & — 3“1 7, e R AN A o 5 2R K #0m
PRAE IR AR T, (HFIN TG B A R B B R F e A S5 Pk . Kasneci Z514I%E LLMs
R T2 U RSB, AT A RBUN A FE e LLMs 7E20E ST K B 58 BI0IR B B FH AT 5%
MBI FFERE, LLMs 15 S 524 58 9 5 1 280 Bh T B 5 B2 U6, 45 20 35 Bh 2800 HEAT UR 2 30 K1) (8
01 2 B4 AN AL FOE PN AR L R B, T R R B UM I TAEROR . XA,
LLMs BB 2R SIE. . WWEVRE S HEE, RN G MR MEMERDL, kR
Bz A, BB A FR PR B A R e 4 55 1) R B A IR Il SR U A A AR B A AR
PR MERRERN, F[EERETEAR, WRLAMESAREZA . #E— P AN R LLMs 2
BN, $Ems e R A B, 2 ARk LLMs fE A S ) EE TR 2 —.
32 EfF

LA ChatGPT NFIH LLMs 7£ 2 TillgKE FA & h I T RN AT 5, N MEEETT LKL
P R NSRS T R E RS, LLMs AT LLP B FE 297 MR %5, THRRIE & Mot imng, A 20l
BEEE . PER, HRETUCE, BEdh LW EAFATHEZMEUE, X0 T ImR2 ET RS
JEVERRTE, UHRAERST FMAA M X B EEE . Ah, LLMs & 0] DUES T H 4@ B i sk S0 AR
WIZRRH Bh s e i gh . Liu S5EPMRE H7EHUN % 297 J7 T Radiology-GPT TERUN =12 Wi #F 7L i
AT A RIGFRM . (HRAEATHT 6 & O E 057 T, Loconte ZESHEH LLMs 5 A
AT T VA R A Z R, AR AT IR R R I T AN FE DI RERIK - E R . LLMs FEBRIT
SRRy EE A A, Kung 25080 ChatGPT HEAT T 36 [l B2 7 ¥ mJ 53 (USMLE) J7 TH I 14 BE P £l
ChatGPT 7E¥%A L I TG EGERMMTE LT, EFTE =/ H W #0A BB L kg . /R LLMs B H
SR, AIREo RERSTMUBEE . WM AR AR AR, (H TR B AT fRRE It 12 W A A S )
R, LW W R R A R R — PR S A .
3.3 &Rt

LLMs fE&mh. mk. FHEF a5 ZMHACY, RN RETRA, fElESEL rmEEd
FRHZM LLMs N, 4 BloombergGPT, FrugalGPT, FinEval, FinGPT Z:[8l, Lopez-Lira
Tang®Mt 58 1 LLMs 76 45 FH 37 [ b 30 47 B T F00000 0 T 1) 77, S5 SRR B, B e AE 5 B N
VR R, AT DL A SE AR O, R RS 5 . Zhang SR LLMs A LA HE R b
fif R BB A R S b S A A, $R TR — /N O G Rl o B BN e e AR A B X LLMs 34T
W, o U RE . LLMs 7E S Rl SR I R AF IV 1 SR, BT R A B R )



10 TRERHA AR

PEAER VR EOR, I, AR OURH E R A T SRR LLMs BN 1 K E BT
I o
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LLMs ££ TMv A0k i B o 0 ol (R BE A B . & didr . B IR sE 2 A 5. LLMs
RSB BT GEE g NG 405V N L /i = Y 1) B S 2 i BN 7 I/ B U e /= S v S
Yazdinejad “FMOLKE LLMs R 7E 24 f R EEE B (DSCMD o, i ChatGPT B1id@ ERy7 59 A7 Ik,
B IR I — L gk, B, andriy b Ohis ki, BORZG R AT RS R 5% . LLMs & 7T L T K # 4
TFJ& Tk iz Wi, Xu ZERFRIH LLMs % Tk R G0 (i 2 W 1) BT e 7RGt se, H9INT
“WEOHE” FME, b T T ik, A d REEdE 2 AA G, BT L AERRE, 2
BU™ BT IS AR 55 B B AR . B REAL AT R SRR KB, T LLMs B SEL rBTRE AT A
ARG O GR AD X 2 ] OS], fH LM 78 T b A3k i o e A A 22 4 e S A 425 ) R 0 0 A 3k — 2D

g

e
4 225 -HERAR

41 2%

T ORI ERE g Sk BRI TE, B U AR E T R P IS AT TR SR B HdE Sk R,
DAL I KA 7R | G B 38 2 PR ) o Nasr ZDO4HE SRS () “ ml$2 B2 ™ HE4T T R IUABE B 70
B RO HE B I SR HE AR AR AR GRAE T, DLRCR O PR B SR T S e B I R AR . BRI
2k, Khalil F1 ErlOIF 58 & 3, ChatGPT W] A& e A 5 1l 2 55 A il 4K - 3R 10 8 2 SO, X 15 Rl 2%
SC R RN 2 BT 1 B B B3 0 AT R R R R R, TR A R ke B R 1 A K R T AR I T A
) B A M AE AT R R I B K Pk . AR S MRS BARIE T T, BT OKAE SR T ISR 5
WA B ZAE S, R R o] 58 30 T VA v A R ) BRI IE A5 B B SE . BRI MR . 7R 2 M
fE45F, R4 ChatGPT-4 fEARUETEAL FP B s HAHES T GPT-3.5 @I a5 &, (HEM 7 A R I 3
Jei A 7R 5% 3 s () AT e T K 12060,
4.2 —# 4

R LLMs B8 il i G 5 Rk, (H@ B AR jiofs B iR T ) dlig b gl e 1 5 AR 5 o8
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Al RE S 5 R GO A R, T S SR R A R AR A A R R B A 2 A S 5] B8, T LLMs
W REHE I 2 R AR JE P, 6T 230 LLMs 58 7= 4 5 AR E M s UH H s A — St , &2
S SEAS A ) W R A DL, R 0 2 B0 BB W R SO R BROR R S5 R R L, P RE s AR ™
G RO, gpeAh, TR IR N ENLRII AR CBA T, R AR v R N 3
RN, LLMs fiz N S i tE, 75208 N TR HEHET 52 B ek . B RIXT 55 TAE K 2 ol
AN — AT NI T R B AR AT O VR, HAT, PR AR ELE SR E A TE®E LLMs %
MR HFET, Bl Toolformer F1 Plugin7, Ff g P 7 5 S48 58 i) @, (H2 KIE & A E %A
17k B 25k vp ) 8 F RN R AT 75t — IR R AR AL

MR KBS R at. —SHERERNAS, FENZMAERKR, SEFEEBEEA. %
B WHERE I ESEZ IR, RIPEA . BoE ik, RIEBRAGEY B IR InsR SRS B 1)
BRI, PAHE— B4R T ROE = Y [ AT S A 2 Ak

5 ZeERE

KRG T LLMs BBt g, IR NRT T BRI LLMs fIHI 886 . PEA0ie T 8
RN GRIGTTVE . SR AR 1 R DA STl T B B . R, % G 7E 4k 2 % 45Utk 1y 87 R IR 64T 77 4>
BT IR T EAIE S B e A . BRIITE LR T .
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