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Overview of the Development of Al Pre-trained Large Models
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Abstract: The paper firstly introduces the core technologies related to Al pre-training large models, including Transformer
architecture, human feedback reinforcement learning technology, and proximal policy optimization technology. Then, it studies the
development of general large models, focusing on the GPT series, LLaMA series models based on the Transformer-Decoder
architecture, and the BERT, ALBERT, DeBERTa, and RoBERTa models based on the Transformer-Encoder architecture. The paper
deeply analyzes their architectures and training methods, summarizes their characteristics, and discusses their applications in
different fields. It also pays attention to the development of large models in vertical fields such as finance, medicine, law, natural
science, and code programming. In the finance field, the paper studies the models such as BloombergGPT, GPT-InvestAR, and
TradingGPT; in the medical field, it explores the models like Med-PaLM and PMC-LLaMA,; in the legal field, it analyzes the models
like Lawformer and Chatlaw; in the natural science field, it introduces the Pangu-Weather and the FLUID-GPT; in the code
programming field, it studies the models like CodeGeex and PanGu-Coder2. Finally, the paper discusses the limitations and future
development of current Al pre-training large models in terms of intellectual property, discrimination, and cost.

Key words: Artificial Intelligence; Al Large language models; General-purpose large models; Vertical large models
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(Rectified Linear Unit, &% ReLU) LARETEAE.

2023 £ 7 H, Meta &AT T HHr—ARIFFE KA
——LLaMA2BE, ZETIZTTIH, LLaMA2 435304 70 12,
13012 340 14 700 IZZHh A, Btk ERH T Meta
AT RS LM AT RIERI B SR A4, Meta HIBA
LR S ARG S, BAETR LLaMA2 TEEE T 2 512
token (M ITSEAE AT 4R, 145 LLaMA2 {ELREF R IF 1t
RER AT b, AR A I B SEPE L AR R 2 DA R R R
L) AR BT . LLaMA2 5 LLaMA FE 2[5 X iI7E
T

© UK i E—ARH 2k HEnE] 4k

® Token #iZ il E— 1 1 {23 0% 2 12,

® /31 A SIS (Grouped Query Attention,
fAi K GQA) 7E LLaMA 2 IR S AT B3 FE
AL AT AR i AR (R HE R P 9 R

LLaMA 2 {5 LLaMA MR i 2% BRA T #
% gt %R (Byte Pair Encoding, fii#k BPE) , {#i/H
SentencePiece FyARIHHATSLHL. 5 LLaMA —F#%, B ra
TR M ET, TR AR A UTF-8 5
o

L, LLaMA2 B1ERE BARER 73 WL H 5 T
FRARBERFEE, BT HSHERD, T EEK P2
ANUNFBLA G RS H R

Zhang ZBIHEAT T LLaMA AR5 VR4 B 7 1H 1)
AT, BN GRS T AR RN SIEES, ks
T AN B R R g — A A T PP A R X AT SRS T
BV TMALE TEMEE . T M. RS SR
[F) 7 TN S EZER o B2 AE W 7 A JF v F )£ 60,000
RONIIEZI R 8 R R AV =R S WA A EE LS Br 8 = g 50
LLaMA #AISCHE 2 AT 4518 SR, BERA 7T HAES IS
EES T RIRN . EENEEES T, LLaMA-TB A
PR 30.64 FEEE] 43.07, JUIHAEIEE. ERE.
BIASCS AT %0, SRR R A L B . AR 5T
BT ZAE T, FHAN R 2554845 LLaMA =8
HEAT R, DUER &R MBS @l m @184
FE R e 4, (FRIBY SRS UE B ARAT 55 25K, AR
NHER IR SR
3.1.2 A F Transformer-Encoder 424449 & %0 4% &

Transformer-Encoder 1 24 il & B L AR H T
Transformer "1/ Encoder #3t, HAEFRIE B LB, KR
BB TAES E L F OB T, BRSSPk L
7% . HH BERTH(Bidirectional Encoder Representations from
Transformers) Jy it B4 FH SRADRLAY

2018 4F 10 H o, A MK Bl BN HE B T E T
Transformer-Encoder 2844/ BERT [ [a]J3# %!, BERT 15



7 BERT-Base 55 BERT-Large %™z 4, BERT-Base i@ DeBERTa TR RABHLG] () RAD R BERT
= NG E X & I ‘\QX\ AN G i n47 S 27/ N
A E 12 N 2 X RS AR A 20T 12 4 i 2% )2 Nguyen ZEUEH T —Fph T BERT (AR R

S RRAE T EERUIBURIRIAT B EE % . BERT-BaSe gy g0ty Micron-BERT. el Rl Al 1B
HIBHALD SERT I BN AR - BERT-LAMGR  ppnry kgt i, 536 (047 0.25 % 05 £, (b
e MM, B 24 DEIE MAT ) e e e R NSRS,
BERT-Base, Tl L LM, DILENSIIMIER L vy oo e iy be R be b Iy T A7 0E IR . ik,
SRR, (R EEL MR, o AL Disgonal i

BERT ff‘f?ﬂ@%%% ﬁm@f@%jﬁﬁﬁff Attention, fiiFk DMA) . B g 4 WATML2
v, SRE R E SR EMAERE RS mon s, sest, 78310 T OIS KR

M S R 8 LA o B (Patch of Interest, K Pol) » LAJEME 7 st

Liu SFEIHEM 7 BERT HYPLHAA——ROBERTA  y oy e o e oo 0T 9 I B, 1796 75 £8P (E T
(Robustly Optimized BERT Pretraining Approach).5 BERT K G LT B0 SFORE AT A 30 605k e 2 (e s 2
%%ﬁﬁﬂgﬁiijﬂtty RoBERTa Eﬁ% NLP 'ff%J:EX?%I‘T /I\ﬁﬁﬁiﬂﬁﬁﬁﬁgﬁfﬁm%q“, Micron-BERT E%Wﬁi@'fﬁﬁ%
FEAFHITERE. BT BERT HORKHIANT S DL 250 T B A7 2 AT s B 7 T

© ROBERTa R/ I HAHMR, HARMMAN W wmne 1 sprriiigs, Seemm sk It T MM 2RI -
TR HE L 5 L. ST R

. ‘E%Tﬂfﬁ@ﬁﬁ; jﬁf;“ﬁg\m‘w”ﬁ’ Salogni SR T — R BERT HEATHUTH 5 i
MEM 10, DRI DS RIS, T ik, SRR O A SRR R 5
AR HERD I token AN, RO A [ A6 tokens BFSe 5 A R BERT MU0, ScBL T s ek

© I ARSUSIUEN] TR A BIEOREE (Next n ok s i s s . 252, MATHERT T — M0

1cti T k AAN ;’ ‘?H N o NI s
Sentence Prediction, f&FX NSP) HIAS & F# H7F RoBERTa S 15000 A5 HFAR T2 F HEE HE S M A . B A S

. - RPN, BRI, JEXT E BRI AR (7
Lan SR 7 BERT ORI ——ALBERT (ALite o0 0 piam s FIFI BERT HUESE/FRING, JE7elE
BERT) . ALBERT M 1 #5/2 SHOCSHAI (Cross-layer e coomgspeie it irimi . SeB046 5%, S5/ BERT i

. ,%A_ ;_\, N b 3 > [45] A V75 2 ” N PN
Parameter Sharing, filF CPS) WLRE)FWVE BMBA po e w155 ek it 81, B2
(Sentence-order prediction, il SOPYRIUNSP AT BERT poyyy e s A st 50 50677 10, 1 o

BT B ‘ LI A7 2 B2

® CPS HiR¥ ALBERT J2 52 2 [H AL ARG, B 24 3 VT (25 T B T g
ey BUREtE. N T4 LI T IR R, BERT KUROTE R T2 M.
‘ ® SOP Tﬁﬁfﬁfﬂﬁ%%z%’JE{J@?Z@EW@T\ i AbFR [ SR 7 HEARAT %519 (Natural Language Understanding,
BT IRAL BERT  NSP AR AL, TR NLU) S s U 25, BITsiz sl 3 L.

He ZEM6I3E i T DeBERTa(Decodingenhanced BERT
with disentangled attention), DeBERTa A% BERT il T

AR, BERT BERUREAF (AR GF o I HL b T AR/
HIREPE, EIIHEE BARAR, R GPU BIFT g, Jf HA

PR - B P |- 4 BEAR . PR BERT KM 7588 1T B 22 Fo b6 5 4
® I T1E BERT 43 token (L — AR R R, o b e

DeBERTa 1y~ token #Z MM RIORE, DA 55 g oimmy

P25 RO BT, A4 token [P 2 RUAR 6 B, L) L S B T % L (T x4

Iy BRI TS token Z AR REBUE . JX FEWRA token X e R 0 T 1 e TR 07 LA AT 5 A B A 205 S

AR UMATEIMAE, ERATCIORIE o om, s, wer. Bmme. KRS

. . ICEZPRIE N
® DeBERTa e HNZRI R 7 MBI 5,

WL T BERT M2 . KK SERRVIZRAT AR 2

DL T, ] A e
#* 2 BRI R \
. EZ4E
Table 2 Comparison table of autoencoder models
(BRI FERE R =g sn ST
BERT H% )2 Transformer [ f#A5 2% 415K
BRI,
ALBERT K RRAA BERT, ) T-Hillyfe
ROBERTa | fRALJEM BERT R, HEAIE AELN, SHw — eeREEwE
Hhn




Bl 3 B KR 43 S Ul
Fig.3 Classification of vertical large models

3.2.1 & R4

Wu Z0B0EERT 4 AU $2 T BloombergGPT 4xfili K
i, BloombergGPT Il 848 I HH— R A 55 & s 2
R, BAEHIE . SO BRI P2 TEHL IR 4 Rl oA PA K
TRECBN AL AT B AT REEIR R R, HARFEmT
Sk 4 RS IR AR 1) 3450 12 token SRARFHILiE
ThRe. G EUREMET ZEALME, RiE T BN = 20
ik, BloombergGPT 7EM 5545 AT % LB BA A, [H
R s BRI S DA R R — A R .

Gupta 2B 1 T GPT-InvestAR, JHT 20 b1 A &l 4EHR
DASY 58 JI SR B SR, BTN BRI T 2 T (B AT 1500 5K
AENERE T 2002 4F 2 2023 FHRE, it 24200 430 .
HIH) GPT-3.5-turbo #4734 /3 w4 FER 7, $RIBCREEE B,
FrGhA D s AN B AT BB 25 o IX b 5 1% e 1% T v
TR SE R I, AR AL LF I BT S, TSR —4E N &R
PR AR IR o BRI 5 A A R 2 A B T I RIS
UM 2002 4% 2023 4, T 2023 4E LLE HIECE T
A REANHER, Bl TT RETCiRMER S M A BT I T 1 0. 7 22
B TIOI T 32 185 VUl 75 222 1 RS B R AT 2 I I R T8 37
PRI 5 B0 AR B

Li 2BAR T TradingGPT, ¥ H A T 76 &R ik
A S B, TradingGPT 3 F 5k B OpenAl 2 &
GPT-3.5-turbo, i/ T kil T-<EAb R A B 2020 4 8
15 HF) 2023 4% 8 H 15 H K& 2 80 45 Hds AR il
£, #ill Databento I S EHE 22 . Alpaca #iE API. U7
FEAFF A F R P S5 BT RN SRR &
GIHAENE—FoRK, B BHE, B SRS
BRI RGN R — LA B B N 5 0 AT 55, FE 4R
Wi A e SN A FR SRR ISt . 9 T g AN [ L, 6F
RN R LA N =ADA R Z K, FF B Z
R, R AN KRB —— B L AN B, 7
AL SLFA A Z1E DL BRIz Ak, AR R —A
B 78 SR SE SR L A 428 f1 SR AN R S IS L - 2R G
B EE I AN RAE 5 F KN EIAT 9, B IRAE A W AR AL IR T
Y sh B RGP RERE 77, DUSEEAR T FoAth sz 5 A BE &
GIAZ oy T Re
3.2.2 B4

BABIA Singhal 5B H T Med-PaLM, %A% 5 1)
AT &4 Flan-PaLMB4, & A1 5E T 20 5 Je 42 H 1) PaLMIBs]
AL, Med-PalLM YIRS FERA T RO 5%, i
FEZ AR AR B AT RS KA S5 B B AR AR, I
T B SR A e 4o PR IR SEAE T HRe g

Sem BRI e, JCHGRAE 7R EHEE AR S5 R B B

B AU, Med-PaLM Il Zd FEELHE1E 2 N 48 HadkaT
T, BRS04 B LA — B4R A B> SR ET AL -
TR V5 RE 0% 15 B B 4 b B AT 45 10 s AR, AT
PREH MR, Med-PaLM #ERITE BIG-bench®] (Beyond the
Imitation Game Benchmark) I MMLUIB8 (Massive Multitask

Language Understanding ) 23R - HUAS T S Se ik ik g .

R A A A P B AERE KR AT OM S, Med-PalM AR B

T B a A Sy, AR S AT Hh R R 2R AT 5
Med-PalLM TEZIT A LR G, 7E & 24Uk 1) 2 AP fabs
LHE BRI, BRI S, Med-PaLM 7 fif 28 = 2 ] flt
i, AR B S A BRI K BIREK
EAZSSHVHEESIF, Med-PaLM 1B RBTHRIEH T
95.4%, HIMKEARZERB % (97.8%) MHETLIL. H
BZ N, RARLSEAFMLT Flan-PaLM 7E[R— VA5 H 1)
B3N 76.3%. JAh, Med-PalLM 78 fEE2 7Y 37 3 2 24 1)
BMuEMMERIAFRESE THRE. £ 8N
Health-SearchQA FIVTAL£#E4E -, Med-PaLM & %3R5
T 61.9% HIAEZ, BT Flan-PaLM 8 51.4% iA[F%
B—%. ZGAKE, 2R RAARE Med-PaLM 15
BITE R AR I8, MR R A R AN T 5
I PR I HE P 22 B, 177 FLE A 2 T 8 8 12 25 1) R T 0 R 0
THEMHA.

Wu 2R H T PMC-LLaMA, iZIE 3T Meta /A 7]
RATHIFFER LLaMA, FAHH 130 235 ERIEAN
B B, BF 5 BRSO T KB I I8 S5 G STk A R PR 3
o Horp, EYSCERE TR A A E RS A L E T
ORI (PubMed Central, féifk PMC) , HLit#) 48 H
TR, #ERMINk A AR, GRETHRERE, K%
EIBIER R0 2 AR, 540 3 Jik. HEZEREERA M
THERY B, B AU\ E R T RN B A B
FENR B RE = AN o HoH, B S RIS 2 A 3 ) 2 1)
shy, RENS R ERIABAMERE. F, SINARERE TR
SUREE, DRI T OCE I R S B X A R
B, A BIA R T — A B AR IS S A, Jf
B HAAZ N PMC-LLaMA. 23 IR, %R S 58N
THARBR ME LN, TE 2 AR5 B I R R I
AR T oA AR
3.2.3 kF AR

Xiao SEEOHR H T 4w o SOk KSR TR O 1 TN 2515
A ——Lawformer. TEECHEACERRNBE, WEFLE AR T 4L
T 4 v E U R AT 0 G SCA A HR i gk H R = 22 4R AN
RFERM. BN AT BHEAEE FELH
W B s AR R R R SR I 50 MRl
HISCRSIEAT JE SR a0 B . TETNZRI B, W90 % Lawformer
M REE R 5X1075, FHIKEEREN 4096, #HLA/h
WHEN 32, HTERSCHRKEERE/NT 4,096, TR
ERAF SRR — R U R AR KE . T2,
Lawformer 47 7 200,000 23, Hi 3,000 /M55 T4
B, ik 5 ARG in BERT. RoBERTa #HATELEL, 7E
TR ZE RN B 2 2 A R PV TRMAE 55, Lawformer 7EHERZR
B R RIER TR T UL BRI 5 . FEERA
W, KOO IR — TR B {T %, Lawformer
PRAL T —FE BB IRIT S, SR TR T R
AT I B2 MRS EIUE TR R AIERE, ATRA
iR MOl SR BE TR AR = RS B R A T T A

Cui FFBMEH T —ANIF AR RENE A ——
Chatlaw, [RIESERAMERAIIRZE, DA Gy A5 A B 7T 1]
W EEIREN B, MAEEL MM E T 2mAE
FEAL IR AR, P A FR SR K 0 R IR E R s . B R



SENE AR B DL R B T N 2 TG S R A
S . YIRS, B9 L LLaMA-13B 84 g kit
I R LoRA JiE AT RO, 3551 N B BB 6 DL R 1
BIP= A L eI R A, TR AL R 24 GPU #HAT 45,
Jt456 DeepSpeed Hi AREALLHE— L REACIIGREA, MR
AR PE R AN R . 9 T IR B I GRR, A TE T
HHEIEFGINT “Hh” . “SFH”7 0 CHIREBV F“RH
RE7 PUAMRE, K B AL S AR BEAR Z5 & o FRE RE ST
FURBIAELRL, FEM AR EREERE S, SRR L)
MG R A, I AT s A S . R RRITE
LA DA S EE B A R B S 1 Re A9 R KA, (R AR YA
Ab B 2 AR 1) AN TT BEAETE (R B A BT IR RIS
B, FF BT — LRl S A AR i R, R A (R I AT REAS
W U R R R 5K
3.2.4 B AHFLHR

Bi SEOCITEIR Y THA R R GORIE L. T vt
A AL SR TTHRAGE R RS BEAS 2 I, i S T RA B Sk v
JEAT B G B —ASB 4 B b, (1SR B 4 22 I 2% 1) N
i AT DAYE =4 = (A MRS AL o AT T8 T — A = 4 aRer
€ Transformer A% % ( Three-dimensional Earth-specific
Transformer, f&#x 3D-EST) , 4 HbEREFE RIS IIEN
BIRBEMLE 5 TG, XA = 4R R
RIRNPAYERE, BE AR E 1K T KRR Z 181
RAR, BERS T IR B TR REAE > FrRMRA,
M A0 EE F % B9 AL % Transformer 77 384 ( Vision
Transformer, fEFR VIiT) , BF 50 A 50K X 4% 1 4 A 2 A AR RS
AR 2 o, RN SR I R SIHLEIE, DL 4%
TS, tA, BFARBIER A T —F B R AR IR A 3R
WS IR BEVEINGR 7 TUFRAS [ i) i) (] o (455 28 He e ot 0o B
SRR A 6 e A T A A5 B B O FH I Bl b o BRI, TE RIS

(7 p TR AR 1 DU S A2 S0 A RE HR B doe D 1 PRS2 Fy U B,

AT A H R S TR BT 78 IR IR B KD, W T Tl
W, RIS, R EIBEELE—7K V100 &
L RHEE 1.4 ButAe ek 24 MR EERS R HIR, M AL
G {E TR ZIE 10000 £ AL o 145 4 B8 TR0 S 0 13
FeARE K, TR 3000 AT A BT HAL A SR U
AT

Yang 0 1 FLUID-GPT B & HLas22 1A, F+
TR U AR R 2. 1%, WFAEFIH GPT-2
RS T 1) S BCHE EAT N 2R, DR 515008 (R =G
MMEXZR., B4, B 7E KGR W 455 60
(Convolutional Neural Network, f&#k CNN) , J&T GPT-2
TR A= i 10 2 B A TR e T o W TSR T B e U
GPT-2 %¥y, 3% PyTorch HEZESZHLT FLUID-GPT %
Bl NRmBA )R 0T, WS E N B AT T R,
BRI YIESH RN, ZFE RS, £
BECUR 7. vt DR EE R R ) N S o
AR R, B E B TR 0 RANIE
KESH, DIRERA I RRCR Ak i i . TS R
B, BN T DU T AR, H s3I R (]
WFRH IBIR T T RIS 2% )2 BORIVE B /7 S B B A M R ) B
m, HLETHRERESH. FAELRINTT

FLUID-GPT %Y, LSTM AR ] K B 3 10 12 0 25 A5 2
[681( Bi-directional Long Short-Term Memory, &5 BiLSTM)
BN FIHER M, RIL FLUID-GPT 5 841E 5347 /5 41
HeE 77 T B BOMAER I O0 S5, D9 T 52 2% R ROk 51 ) 2
BLHTEE—D,
3. 2.5 XA G AR AR B

Zheng SR H T TS A4 B 215 5 RS A )
TRt CodeGeeX, Z4f N 130 12. WHFLH i H A&
23 PSR AETE 5 RS EdE 4 %) CodeGeeX #EAT
TUIZR, {#15 CodeGeeX REfg L MmN, JHFHKZ
B A A B ) LS AR B BERE 7). N T PTAl CodeGeex
MTERE, BFAFERH T — 448 HumanEval-X (28 S 4
AR, ZEEAEMNAE B T 820 A fal BE—fR R 1) )7 2%, I
# 7 Python. C++. Java. JavaScript 1 Go ix To/ H §i i ifii
FHERFEES, AN NESEETF LES, R
A RIS 5 TR RS FE R RE . 20, FEAIE AR R
J7T, CodeGeeX fEARENE T LR e ESR, H
Python (14 B AE 7 B ok, H AR S AT 55 . B4t
CodeGeeX A= il ARRB TEIEVE R FIIE SUES R J7 T R I R
Uf. 7EARESHEN 5T, CodeGeeX TEAEIE & < A HIFH g
TIFAEARIRRYE, BV A 2 B fBkRe S B 3 A RORIFEE
REIE Y B AR G IX R B 208 5 AR AR BB ZE AU B 3l
BrhxEESMARES IREREFESF4EH.
CodeGeeX AFF & & Heflt T 5 K ARD A OB R D) e, 7T
DASR s R SR AARD &, D R AR TR &

Shen SEOMR HY 7 — R iR 4 S 1840 1] 20 i3k A7 HE 7 HE 2
(Rank Responses to align Test&Teacher Feedback, fjFx
RRTF) , TR &S A RS S A PR RE . I AESE
TR HIRAE 5 A0 AR VE N S, A Rt & 1 Tl
SRIARD A RO RNE SR YRR . JRIE X MO, IR
H T ARAS A K BLE S 1 3 PanGu-Coder2. RRTF HEZE(Y)
FEANE ST

® X AZ 5. XUfF S TR BB R R B AR S5 Y
PERE o J 0T FUASE A A R AQRD 5 T T DR E A2
PR LT T 75 S itk

® T RSt M SR — iR SR Y G T e ) T
. 1E RRTF HEZEH, fEEMEH T AEMWLFE R —Fh B
S, PAGI AR AR B AT A NS A SR AR

® SAHEL: EF XA A B AR EATHET
FRHE N 4 FTIAE 5 R PR A . X M7 A B TAEI
SRl P TP BB SGVE B A I E A B B

o AN AL R, {ERRTFAELR TN, fEERHATZ
FNGRAPACE AR, B Fig RS Ik 22 0 55
X TR B TR S Y FEACRY AR A 55 BRI BE

Wi RRTF HESE, W50 s & 7 Fl 2R S
AR BTE SR B TEMEZE N JF K PanGu-Coder2
Y AE HumanEval JEENN IS T 62.2000 1)@ 2, [6]
I £E CoderEval 1 LeetCode FEvENIR R I T 2 51 & #i
)T ARG AR R S AR . X R W] RRTF HEZRAE4R 4R
Tl A R AR Y % e 7 TH AT SRR
3.2.6 4

SRR, TR BRI OB L 2 A, 3 R



YRR AT 30 P KBS TR A A AR PR D 3«

® T EL R T ATERFE SURBE TR AN ISR, MR,
e 5 2 B R AN USRS 52 O LR, XA E LRI
S5 DAY 4 T 8 ) 25 M 55 SR AT 7 T S v s A A

® T EURBI T T4 E USRI E T P
ROAL FLZ GBI 55 F I, X B RAE EAE TR E RS
I AT e b e P DRSS Y B PR A e

® S EL KRR AT DUAR 478 R R QU 1Y) 75 SR AT R B A
PRAY, DASR AL 5 407 (0 335 1 P R 5 A o SR A4 T DA R 4
T A2 AT 75 3K, IR 0 122 AR PR A R ) {4 B v
it R J5 5 o

4. Al KIEBHBRRERKELZRE

4.1 A1 KRB R
HETH AL R ERGE O A TRk, (HHERED)
SR P ARk -

1. Al KRR S RN P BRS P AAR o FE I ZRA I
Err, Al KIRIZE ] T RE R E R, SRS
FJRE A XL B 1 AERL . 24N, Midjourney 7T EL
& Fr, Midjourney 7T UG A& LR HEAT —IXBIFE, —iX
BIVERT B2 0f R R 25 2 A E BRI 7= AR AR AU o H B TR 24 i
FERFE Al KA KARRAT AT AR, DI IX SR
()25 VR R B BAS A B AR B2 IR ER A -

2. Al RT3 = A A IR R BT H AT S B s
FELE R BB, NATTHE I AR it R 2 7 AR B G 3R
DR A T A, B G AN 1 2 S BB R e R Y, E L EE R
B LEBIA AP RS T W R O AL T . R AR
BB Cr A R LI N BRI, TLF- B
HESRIL T HANTER .

3. Al RSB 5UIZRNE 1 5 AR E K. 1%
Meta A EIJTFEM 650 (S LLaMA FA) 75 S48 H 5
130GB A7, B FEH 2 U TR 2 8 5K 4090 iR A AEHE
BZAER. LLaMA BRTEYI SRR EFER B &, Wik 3 T
No

% 3 YIIZk LLaMA #EA BT 75 (1 FE L i
Table 3 The electricity consumption required for training the

LLaMA model.
GPU Dife | THEERTE | SRR
LLaMA-7B | A100-80GB | 400W | 82,432 36 JK FCHT
LLaMA-13B | A100-80GB | 400W | 135168 | 59 JKILHT
LLaMA-33B | A100-80GB | 400W 530,432 233 JK FLRY
LLaMA-65B | A100-80GB | 400W | 1,022,362 | 449 JKILIS

Y%k LLaMA-65B ffIHLY, LLE A HL i 0.6 JC/BE AL 5,
TERA) 40 Fiot AR . —7k A100-80GB & RMZE &M N
9.1999 ;i AR, Il LLaMA ] T 2048 £k A100-80GB,
A LAY GPU [ A 1.88 4270 IXfHif5 K AR 2
BITEVHR UR BT RRE &2, A/ NRVRHRE A F) Sl s
(LSRR

4. Al RIERI ISR E X A M. BT ALK
MY SR B R GPU BEVRBEAT I ZR S5 T0M, Ktk Al R
R R AR E T E X, #4it, Meta AREH

E 5K IRTE 9 60 G SR A DL B N 8 A = AR (T ASE P e
A100GPU) 7E 33 Ji/MiT) LLaMA2 BRI 2R i e,
L=k 7 539 Ml A ALK .
4.2 Al KIRBIBRE L R

AR Al AR 0 B FH A 2 532 . FER e R IR
SR, Al KA RS T G R AR P T SR IR B A T A
MIfRE, MR EERAE, BIRIEE sA, HRA%R
FURERE . AR HERR AU, Al RIEALK GRS S HER 2
i P OGEAAT Ny, AR AETERSHER T SR, Al
REZ M. TEEE IS, Al KIBEDE 580 5 ki
HodZ 4 2 bR BRAEAE R, PR AL ST A A B A AT iR
JBUR AN A B B T L I S S

HATC &AL T Al KRR Z 6. #ilhn, 75
HARE S AR, GPT RFIMA O & Refl 4k i s i & 1)
FARIES A, Al AR NZ (Al Generated Content, f&#x
AIGC) Ko A— MR NEE BN, T T E
A% (Professional Generated Content, f&i#k PGC) F1/H F~
P2 %8 (User Generated Content, f##% UGC) , AIGC A
BT S AR EoRRRE AR R R BRI H
) N =R B 1 7Yl R Sl W S = 1 e B
ResNet RIEA CAERIG K. H AR &8 EAS T

XFTARR Al KB HIEE, 5 57 B RS Mgt A A w]
fEREERI A, HAT, 2 Al KR sk il FE B = i i
FE, AR AATHE R AR YR . Rk, SRR AL KA
T 5 R SR T AT ) SR AN A

Hk, WA SRR AR BE 4. BEE Al
KBLBI T 2 REF, AN N B (9 22 A FIRRRL (R 17 8 H 25 98
o ARRI Al KGR FEZLR A SN ™ b 1) B FA DR RN 45035
TG, IR NER I 22 A AR

Whh, PR EI M BRI, R e
PERERIERTE . AR Al RIEAY TR ZAMRACFI S, LA
P rm H AL S AT S I Re SRR

MERES AR ARSI, KR Al KA
22 RBAVE R 2 I A
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