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B iy AHIEAEEFG N, B AR S A AFGPT-3.5Turtbo, AR KA FEF P, OpenAl. Anthropics B K B A F —HIK, 2024 F AR =K X
WMARA ZALMEAASH . TR KEAT B P, Meta AL (Llama) + BRI Mistral AIZF)” 3 69 XKAZ A M AR RF AT 5], R & & KA A A Midjourney. Stable
Diffusion. OpenAI#DALL - EAX &, AL & s ARunway #) Gen. PikafeOpenAl#)Sora A X & » 20234 & H = KA Z AR LA, AEEHE kA, BHAIK
R B KRBT UG A LM/ FHHENE . ALNE . R/ AFIM. T LERBMmE, ARG RF, #EIESuperCLUE L ¥4 Z#H 691N 4 R, BAL
R W RARR €A RGPT-3.5Turbo, AL ERILRATEY E/* RELE AT Z X 49 F RA A Qwen2-72B, R Z EHASMHARRE, HEGPT-40R £45

W EP: APIEJRAL. TR EIE, Agent5MaaS#E & B 2% . OpenAl4 X % HOR\ &k B APTHE A #2ChatGPTITIE , 12€ 69 ¥ 5 R 24, G2 EGL,
— 7, APLERA LSRG ENFTX, BH T XBEEBRELERRL, 2FRAPIHEZILTHRAR, 5 —F @, MEAPL, ZITHAGEE LS, B TAlfirst
ERABAAERFEEE R EHEEGE, SAAALZ R THERBIALEZ L LHKiller Appe RN E XKLL TH K XER TR EZH: 1) Cim: Al
AgentZiBAAGLEKiller App# 4. B M AZIER/AH NS kAL B SRRk 5SS £ AR AWM KM S 69 B 55 HAL Agent T, F W5
aiEm b Ao A K G Agent TS /IER, LaIRE T ENELAITLE S LAgent, 2) B @A LBEReghikIg K, B AT, MEKEAzure.
Px. AE. BiRE. BEE TAZFZRSIFEFTAC LML TMaaS (Model as a Service) , #5 B4k A AL A 4% 7 TT4%

B Hh REAZRAEERESENER, T RETLEALTHAL, KERBRKSEALARBEEZTHE A E R, RIEjame SevilladF AG9AF 5, 2010-2022 47
REFIFXRETFTT, WEFINGFEABKTIONCE, FHEH KOG KR HALF S L E KR ELES THELE KRG TR D, 2024 F2F B K. Meta.
Bk, BoAvg RN E] A AR T B ASTILE T, RLEK66%, Rkl ZF R KI2%, AT FT, KB LERIZHE HALEE BRIRE B AR
BN, RAVT R AEAAE G KR AN G S5HEE (FESF) AR ESD ERBFTTMNE, BERRFIOORXER ZAFLEZT, REANFEF
FAIR S BTHAAE 230 EA. WwREEHEEZEREGYFZINIEREY F, AURS BN THAE R I mE K. BRIFEIDCHKIE, 202359 2 HAURE R T
HAE R £ 7T, #2023 AKAIR S BT HIAE, XBEAGFEERFBEAARSETHH R AGTIHZ R,

OB FEN LA, AREENKEAMRYEFRAGHRML, KA XEA T AFER R AR AR, 2023FRE S KBERTHEZANRLY, RIE
SuperCLUE L F g #7 49 1F R 45 R, B N 2L K305 MR A SR LGPT-3.5Turbo, A Zjnig H » XKARR A EF a9 0 %, FIo, KA 22X I
BAAALE R BIRG- B AR RIS ), RBFERMNMA, BERAERAIORXEAZAFLEZT, AINALHER (AESF) AANE, XEARFEAADR
S Bm RA0MLEANTHE R, BMBERFAIZAG BTN, F8H5@: 1) Fhma, EFERHME & PHE L. AR ApM 8. FE
B RS PAH, BKERRL. FaEM Kd@shA; 2) HEkH |, #ERKAE; 3) RABF G, RAMEETHCER, BAE LT, BAMAR, #EL
LA, BIKES AL RRR. Bk 4) MébLerw, BAEESNER.
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[ 11 x#8 ‘X2 &&3" ¢%/5: Scalinglaw

KR LE L B WM EE”  (ScalingLaw) #F4E, Bp: BEARAESENGIME. KEERDFNGANHESZZIAAERELR,
HESMAEX AR EFOR KA EIRERG, KERGEABEZ X THRRESF IEEY, AR ARETATERT Z8L2h, X
BRGEKENE VAR, FCEEINTTLBHIAE. 4eOpenAl #9GPT-158|GPT-3, £4 & MI1.112 KGR A £17461C, GPT-43EE 7

3t ik 8] 7 1L 4 (ARAESemianalysis il &, GPTAGA18FILAH) , FIIMEAN Rak. HRIEGoogleit L, Ay KAEA AA 2 LA KA
H AR B F AR RIS (EmergentAbilities)
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HRAESFHRRRBALFRAGEY
—e— LaMDA —=— GPT-3 —4— Gopher —#&— Chinchilla —#— PalLM =--- Random
O] Task domain A) Mod. arithmeti B) IPA transliterat C) Word bl D) Persian QA
o GPT-3 175B (davinci) : (A) Mod. arithmetic (B) ransliterate  (C) Word unscramble (D) Persian
100 billion ® B Biology 50 50 50 50
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|Z 1.2 Transformer 2 LLM & &, # <% ¥ 4 F Self-attentionsu 4|

B AT R KA A 5 & KT Transformerf A #4714 3H89 . Transformerd & Z£Google B PR2017 58 3. «Attention Is All You Need» ¥ 4K & k4%
41, Transformer®g4Z A T ELA IRAFH AIZZ S (Self-attention) M|, 484 AFERABEFTEBWELZING KL X Z, T IR
A2 W% (RNN) « B2 W% (CNN) 45 %A 2 W 444 1 09 K5 ZMR B

AB4FRNN, Transformer SLA AN BF69 050 1) AILRFFI 445 RNNG TR LM, Ml a2 KA FI848 . Sclf-attentiondLl 445
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K AT B i A, ik T B B KR A, Transformer ] 7T VA— R P AL 52 HA B K KRS T AR
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= B - ,
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» . S oh A ,e Queries qi qz R .
B e Rt 1 AR P EA T GAEE) W
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t N0 BT T4 (Query) . 4 (Key) #=1i (Value)
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[4 1.3 CPT4 A # 2 # KL LS E @ H

MR B ERE, EHETEAARKS KKEZEEY 0L, GPTEAXZ XEAAZRPRESBIFEA, ARTILEAFRES

1) THENNNGEMEZEX: 520175 K T2 F H Uk 69 TransformertE B S, OpenALR FAAE 45 T 1% 7R 5K 8] HAF A KA T
TR G691 EM 0 B AEL A, FF Transformer3s & 3| B 10 FALE E FACHLFEIAL, H BFEM I GAES5-%— A @ 5 3 R

2) FTFHEERESEBEAREGEN: SR ZHIE B XK RIERAGPTR I 6 L4 ikah, thde, OpenAL¥A K A& w09 3418 KA A= 7
B AR HIE A T ) 4 ChatGPT, 4% 3ChatGPT A& 5 AMATEM X P EIE THRER .

KR, RAVNAGPTH R T R E AR A EARERE %, Transformer. RLHF k5 5 %48 HAERF3EOpenAl B4, A AL AW LA
AT 248 8, RATIA AOpenALRE 9 - % 69 RIS P17 5) 8) 5F L& R F PUT X HRAK, X & AOpenAl ) FAE 4 6938 K ATIE Ao
RugEH o thdm, OpenALEF-HGPT-2894 L, sRIRANIT T AT RIS KTAN %5 6938 AL 55 T8 X5 B thdeGPT-3H A A
R4 31758, FFr Lk, OpenAl# & % FScalingLaw #9#4 S AR Z 202045 & 69, X HLRAEAH 237 TR AL SRR K.
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_ I 2023.09 J
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[/ 1.3GPT1~3: #& ATransformerf 4, A #%MH 14 2F 12

GPTZ FIEA M HAE L (GPT1~3) : 20174, Googledf hiTransformer/s, OpenAlillik & F 5 F20184F 3 69 % — ANGPTRE A, &4k A
Generative Pre-trained Transformer, GPT-12F & s X Decoder-only é‘JTransformeré’E#’A] &, §FAHRNEA TS, B S 2 @ T4
KR A, GPT-1:RK A Pre-training(F 9| %)+ Fine-tuning(#% #7) 89 ¥ ML X, £l 2 @ TransformerfA I 5 — A B A 69R A, RELEFZT
A5 % E#ATHOR

GPT-25 AIGPT-1 M RA, FHLBMALY KELSB, F4E R KAAEL M N HIEEWebText# AT I %o 5GPT-1RF 8 &£ F, GPT-2§
AR R BEY KRR SRR AR Ak, FF BX B %R L WH R 4 6935 3 B AR M i & T 1E 5

OpenATZ T8 A 7o 89 KB % , 20204, GPT3RAEA ALY K 3| T175B, HRGPT-28RI100443, Ik T FrAap 22 M -3 & 2] 48 XAAL
T A R KM@ R kR St FIBF, GPT-3ibSUE X4t " LT 37, &5 7TURRTF T 5 A B RS L AIE S KT Ko

@ CPT-18 BB AL X, @ CPT-3iEH S K Y BAE IR T L T W ERE
Classification | Start | Text | Extract [|——| Transformer |——| Linear | Zero-shot One-shot Few-shot
( ’TI_‘ Entailment | Start | Premise | Delim ‘ Hypothesis I Extract H——l Transformer H Linear | Natural L 175E Params
yer Norm 60 a LIFFE’J'O:’]I;?LIB.QE
1. Unsupervised pre- 2+ Supetvised fine-tuning 5 \
training i K RABRGI Ao, B _
¥ @ Transformer, 4% ) VAZE B TR FIAE 4509 45 5o S a0 7
¢ n o g . . er [2)
KM 4G TR IR A Blho: 5 RAEGEBEMA, AR g \
*}ézﬁzﬁ”p)]] 2,25'-\ R /3\43‘:%%@)\%5%;’—_ .. g 30 No Prompt gu! a5 Parame
| Linear

Start Delim Extract
T Context | | Answer1 | |J——| Transformer
Self Attention

Multiple Choice| Start | Context | Delim | Answer 2 | Extract H——l Transformer |-| Linear

|Tex1&Position Embecl| | Start | Context | Delim ‘ Answer N lExtraﬂ ﬂ——l Transformer |—~| Linear

FH# %R : OpenAl {Improving Language Understanding by Generative Pre-Training) , OpenAl {Language models are unsupervised multitask learners) ,
OpenAl {Language Models are Few—Shot Learners) , -F4cif %4 % BT
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[41.3ChatGPT: —$AAAEBAR, §INRLHFH okt o 4 & dg

GPT# B A eI B REE (ChatGPT) : AGPT-389 35 ak b, Open AL R AP 4R, ALK Fo T B4R FH A THE A AL T BT I 4,
e TGPT-354 FIBEAL, 2022411 7, ChatGPTIE X b4, SIS EY Xk SIS, 0470 P AL 48T W SAPHK IR E] 13 5 AL A 49
3 K fto ChatGPT A5 K BT EM R 2k 211007, 2924 A MR ik 21142, R A AIGCAR 3R 49 3L %45 A

OpenALE B M XL F FPNLE, ChatGPT £ 22 % A 7202251 A #d 691nstructGPT . InstructGPT #9 4% -8 B AR K T A R R 09 320 52 3] Fik,

PPRLHF 7% (ReinforcementLearning from Human Feedback) , § ZAXK#ER 5 A K Xﬂ‘ /J £ 7o 751-421&9— EJUJ’_, A RARIEAR 3% A P Am

Kﬁkﬁﬁﬁ JFAESTER AR AT HEL AT, RIT A R R AR A KA R An KB R
Rg, xR HEAT H S R XA

@ ChatGPTx B4z 2 M A 2 1A 2924 A

@ RLHFH 2 =AW 8

Path to 100 Million Users ...
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ov &
oov (§ ©

Months from launch

Tk ER: AR {Generative Al” s Act Two) |,
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Step1 4FtMiX A 7 4%
R Agprompt, FALARiE
AREATHREDE,

e iX e 48 B T %08

Step2 *+AEA #3417
ANIHET, 238 AT
ZEHAEAR (Reward

Model, RM)

Step3 AMTELFEAL
AREHIE, A FRMAT
LER RN GAEA A
¥, FNEHFE

W L% {Introducing ChatGPT) ,

~
A prompt is sample from ~J

our prompt dataset. Explain reinforcement

learning toa 6 year old,

'

A labeler demonstrates @

the desired output

behavior. 4
\We give treats and
punishments to teach...

|

SFT
. "
This data is used to '@;ﬁ'
fine-tune GPT-3.5 with L
supervised learning. Z

T 52 3L KR 5

A prompt and several i].
model outputs are Explain reinforcement
sampled. learning to a 6 year ald.
e |
et
—
2 1.2
iy i s
Alabeler ranks the
outputs from best

to worst. o,o,o,e

®.
This data is used to .D?OA.

train our reward model. W

0-0-0-0

A new prompt is v
sampled from ‘Write a story
the dataset. e
The PPQ model is W

i .
initialized from the .(5?.%.
supervised policy. \.’5{
The policy generates Once upon atime..
an output.

RM

The reward model P
calculates a reward .m
for the output. R4
The reward is used
to update the policy rk

using PPO.




GPTA S| BA B B ARE X (GPT-4~GPT-40) : 4(ChatGPT

)&, OpenAlF2023453F ZAGPT-4, € H R¥EGPTZ 7|4

A MANG L — X ARESYT K TH IS, GPT-4LMRE
BB RS TT @R BF % TGPT3.5, £A—A P @A
69 % X AR T EFRFAGLE R

A FGPT-4, OpenAlf£202349 F 1t —
8. % 1 EGPT-4AL A8y #9%

- 42

wRAF

& EH T GPT-4V, &
W AE 238, GPT-4VE % FF 9%
FRILE TR KIS 5 EE S MR . 2023511
A, OpenALE FF& % k4 L AHGPT-4Tutbo, 5IANT — 4
IR ARFR, do: AR N IR E B E202354 7, W
ETFTXKERIFEI28K, M ZMREE, JIANFTTHGHR
(e HHRH. TEIMEF)

A E5H148, OpenAlRZFE XA &, KA TH BEMAER
GPT-40. GPT-4o ¥ LK. FIMAeAL & R E| —NER F |
PRAE F P0G ei B B FAFAYIEIRAE ) AR AL AE BB E P
0 AR, RMAEHEAIXIARRA L 5GPT-4 Turbo 4 4848
L, XAAPLG & # ik, NAREE50%. 5GPT-4Turbotd
tb, GPT-4o0id B4R ST 245, MRHFEFRST 54, BATH
LT XHF 2 A 128k, A snin Aok BAR A 2023 410 A
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k& B : OpenAl {GPT-4 Technical Report) ,

7 50
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OpenAl {GPT-4V (ision) System Card) ,

t’g*ﬁtwﬂhﬂ ﬁgﬁ'ﬁ&‘loﬁ‘&&“\k&

@ cPT-244B B A

Example of GPT-4 visual input:

@ GPT-AVRELALIEHr A A8 X 89 K& 345 H46

User What is funny about this image? Describe it panel by panel. model
* . GPT-4 @ Release
| B B cprav

. GPT-4V + Refusal System

Post Training Progress on Refusals for Unsafe Behavior

100 -
4
—
o
@€ g0-
i)
v
3
< 60-
LE
GPT-4 The image shows a package for a "Lightning Cable" adapter with three panels. ‘,E‘
Panel 1: A smartphone with a VGA ¢ r (a large, blue, 15-pin g‘
typically used for computer momlors) plugged into its charging porl. o
Panel 2: The pnck:ngc for the "Lightning Cable" adapter with a picture of g’ 40-
a VGA connect
-up of of the VGA connector W|h nall Lightni
) at the end.
The. Himot omes. o 1‘ absufdit e of plugging a large, Disallowed Behavior Person Identification Ungrounded Inference
outdated VGA intoas mal] mod smartphone charging port.
- At - %, T8 H
0 GPT-40 U A A€ 77 5GPT-4 Turbog %, FMEAFERIALR LR
Text Evaluation Audio translation performance (Higher s better)
- T MOpenAl WMeta W Google
o0 Claude 30pus 507 50
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3 3 8 8

W Liama3 4006
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Model

OpenAl B W L% (Hello GPT-40) ,
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AGI (Attificial General Intelligence, #f AT L) e h A M4, mAA T LESH . TEHGAIAgent (F
1K), BIAARITFAGIZ T 4AR. 202356, OpenAlR AAF A 2% LilianWeng#z & 1 Agent = LLM + 3212 + #LX] #&
e+ TR, 20245 A F R ATH AL, ZBKASAcent B AE&EWH EBMES, B RD

(Reflection) « 42 A T HE (Tool use)  #X| (Planning) AR % 4 A84KPHF] (Multi-agent collaboration) o 5 ENLP H FAiX
AL based Agent#1ER, €4 =AM Kl (Brain) . B (Perception) Aof 3% (Action) o fi
Mg, Al Agenti%ﬁﬁézé‘:éfﬂf)ﬁi%‘ B F kB PAT 5 AT £-09 % Be AR

Ot i, Al hgent @ FudanNLPEILZ R —A-hAl Agent @ LiM-based Agenttd T4rikAz A
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) - a2 |
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AR R : B Z A, FudanNLP {The Rise and Potential of Large Language Model Based Agents: A Survey) , -F4if R & % AT
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BAkAE, REKMA . KRB, dLRFSaSE AR KNG RALS DL S EH#ATAgent T, F®BSK
G4 & Q&L fo S KA G Ageat T &/1ER, LOEMST EANE LT R kAgent. 20245 LF 5, B A 5 AAL
AgentF& XA, A RFH—FRITAL AgentFF KR AL, Amdoik B A KAER B A6 K& 28, F 93 6937 — K —3k
XALBotFF A F& 4o FCoze BB M L&, AP TN, KITHAHEEBIRMEA, 48, TEAIFLE KL LHF L
S AR T & AgentBuilder, Fi/5, 4T4TIE X, _E& AT Agent Store, & 3t 22 @358 LT P 42 W 4948 :E 2004/~ AT Agents.

@ T HAI AgentA A RiE @ ). £FFCoze LM EAgent, FI “47k4dFBot”
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AL AEAPL. B REFMOAEAE LI BKXIT00% £ 4, JFEIL-FHTA L R H2024 F LM F 3 Ae2~5 1%,

S AR Rk TR T 22 3| ZRFSR-LEH (CSP) ¥ ¥rho ARIFaloziBAT, 202354 K % bk T24% KA
A BGCSP ZAE R | 20245 B JUAR BRw sb, FE72%094% A APLF B A A 64 2 5 b b | AR 12 50%:8 18 LCSP7 18], thdw
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MaaSik 43k F #) ik ) KARA . ARIE P EAZE L) 3L, MaaSH KA, BATRERF, A ERZ K4FH

REGELNIRSG FERG BEIRS. RBERSG. ALLRAF LIRS ERN GG ERIR G, AR g S A
. RE BiE. AR, mAE A e gl kR R
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o VAFT 2% 69 L #5ModelScope A %), X aF A FALR k& B LB KAEA F & FnSOTAM AL 48 [ 69 A2 1300 MR RAEA,
REOIHEEAEE AT R ERRAL. JE. HEE, EF. BRALERN —35 XERIR £

@ MaaSE A T W E @ TE 2MaaSFS: E#EModelScope
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KR EEZRNGRB. Eh B4 BEFLERTROGNY, AERMNEZ LA V3w, RERILEL T Scaling
Law®) 2R G AL, B KAZAAREFLIEEG X, RBIBERGME, TREFLEHAAER, R, £iHER
3%, VYAChatGPT A/ E AL B A IE L3R5 A & KIg K BIg K . RIEJaime SevillaZF AAFR, 2010-20225 f2 R E 5 5
HXBEFEFTT, MBEFINEFEAEK TI00MC45, 2016-20224F, F LA KA HS5E26AA #—4&, @ RIBEEAF A #10

EUAAE—1Eo R _
@ 2010-20225F ZAERGMBF 3 RAMH ) LAY

Training compute (FLOPs) of milestone Machine Learning systems over time
n=102
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o ©
- e
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" OFesdiorwatd NN
1e+14 D6-layer MLP (MNIST)
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Publication date

Fok &R Jaime Sevilla% {Compute Trends Across Three Eras of Machine Learning) , F54f %4 %5
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BERKGABERN SAIFSMEE KRB RARALE ARELBTEBRANLAS XY, UHI10069 K% A4, Omdia Research
KN AMetafe A HI00R K69 £, &9 B H#, FH X, BiREk, i, ZIRFREEH CoreWeave, B B 7

Pee. FYIa. mR5E S ALambda Labs, 4425 ¥ THIOOEZNLREF. BZHAAETRTHILERGHTRL
b AR AR G g KK, 2024525 B . Metasw Adx. T Lamg RN AR AL ASTILE A, FlEEK66%,

IRkl & 3 K22%,

@ Ondia ResearchM20235H100% / Q@ wEHABELKTALE (LER)
H100 GPU orders expected to be fulfilled in 2023
— AR Meta B3k e P Ty 53]
Thousand H100 GPU Units
25 S0 75 100 125 150
190
. 150] 2000
Microsoft | 180 r 64
Google  |EEG_—N 160 132
Amazon [ 140 +
Oracie Y 120 |
Tencent | NNECD 100 85
Coreweave TN 80 T
\_,’
Baicu  EETN 60
Aivaba TEED 40 F
tambda Labs  [ERD 20 F
ByteDance 0 ] ] ] ] ] ] ] ]
Tesh [ECH 2Q22 3Q22 4Q22 1Q23 2Q23 3Q23 4Q23 1Q24 2Q24

FAHkR: Omdia Research, /»\ 3] 4%, 429 15 5T



[A42%2 40528

BMEZELRING+HEEAANRBEYGESH TR TransformerE A )| A AR 2 S AXK TR, —RIGEK E
ST aEERRaEERANT R, Mo RIEEERE S T AaTeEEdE. e A EdRNRF R I m NAEA  a
i, R AR AL A GG A ST AR R AT R AR E AT, ARIENVIDIA#® L «Reducing Activation Recomputation in
Large Transformer Models» , R @&t F 2 KA qE & 69245, BT AEFE, —RIN%G%EKR (&b —KRara+
—RBEE) M EERAGA—RIBEER (EL2—Kkaw) 934,

@ \VIDIARX: RAEBHTEERITAEBG2E
A FLOPs Calculation

For FLOPs calculations, we follow the derivation from Narayanan, et.al.[13] and only consider the
matrix multiplications (GEMMSs) which are the main contributors to the number of floating-point op-
erations. For the attention block, the main contributors to floating-point operations are: key, query,
and value transformation (6Bsh? operations), attention matrix computation (2Bs%h operations), at-
tention over values (2Bs%h operations), and post-attention linear projection (2Bsh? operations) where
B is the microbatch size.

For the feed-forward network that increases the hidden size to 4h and then reduces it back to h,
we have 16 Bsh? floating-point operations. Summing these together, each transformer layer results in

2 | AR2 - : : ‘ :

2’118311 —I—.rlgs h‘ll:’LOPs f.or the ic!rward pass. The other main co‘ntrlbutor. to the number .oi.ﬂoatl?g— 1) R aEieaitiie (FLODPs) 234 e 386924
point operations is the logits layer in the language model head, which transforms features of dimension
h to the vocabulary dimension v. The required FLOPs for this operation is 2Bshuv.

The backward pass requirethe number of FLOPs since we need to calculate the gradients
with respect to both input and weight tensors. Summing all the contributions, the number of FLOPs

required to dojone forward and one backward pass|(denoted by model FLOPs) is: 2) —RINGHEKRELAS—RATmEFHBR— R et
- 214 24 Y )
model FLOPs per iteration = 72BLsh (l + (ih + TohL (7)

kB : NVIDIA {Reducing Activation Recomputation in Large Transformer Models) , P54 #4F %A
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B %5 5-OpenAl# I «Scaling Laws for Neural Language Models» #)454%, 9| % Transformert® & 69 254+ & 4 C~6N*D,
HA, NARBELAELZ K], DANGRIEZ KD, EEHTE T HE 2B A2N*D, A4 F, 55 OpenAlx TGPT-345 %
S «Language Models are Few-Shot Learners» , GPT-3 175BiR AL A5 & 174640 | % H 3% 2 tokens #300012, HATAR

PN XFAE, NGAERIE LS AC~ON*D =6%(1746%10"8) *(3*10"11) =3.14%10"23FLOPs,

@ Openh 155 : LALLM tokenE Bt H 8 24 4 642 AR A K /s

‘ Operation

Parameters [

FLOPs per Token

Embed

(nvm_'a.b + nctx) d][lodt‘l

4d(110 del

Attention: QKV

Mayer duw del "Sdat tn

271’1:—\,}"31’ dmode] 3 dattu

Attention: Mask — 2N ayerNetxdatin
Attention: Project Mayer attn Tmodel 2niayerdatin dembd
Feedforward Nayer 2dmodel A 2iayer2dmodel de
De-embed — 2dmodelMvocab

Total (Non-Embedding)

N = 2drnode]ﬂrlayer (Qdattn + dﬂ') ‘

Crorward = 2N + ina.yer'nctxdattn

Table 1 Parameter counts and compute (forward pass) estimates for a Transformer model. Sub-leading

terms such as nonlinearities, biases, and layer normalization are omitted.

For contexts and models with dy,ode1 > 7etx/12, the context-dependent computational cost per token is a
relatively small fraction of the total compute. Since we primarily study models where dyodel > Mex/12,
we do not include context-dependent terms in our training compute estimate. Accounting for the backwards
we then define the estimated non-embedding

pass (approximatel

twice the compute as the forwards pass

compute as|C' == 6V floating point operators per training toke

Fwd-pass Frac of
Total train ~ Total train Flops flops per params active
compute compute Params  Iraining tokens  per param  Muylt for  active param for each
Model (PF-days) (flops) (M) (billions} per token  bwd pass per token token
T5-Small 2.08E+00  1.80E+20 60 1.000 3 3 1 0.5
T5-Base T.64E+00  6.60E+20 220 1.000 3 3 1 0.5
T5-Large 2.67E+01  2.31E+21 770 1.000 3 3 1 0.5
T5-3B 1.OAE+02  9.00E+21 3.000 1,000 3 3 1 0.5
T5-11B 3.82E+02  3.30E+22 11,000 1,000 3 3 1 0.5
BERT-Base 1.B9E+00  1.64E+20 109 250 6 3 2 1.0
BERT-Large 6.16E+00  5.33E+20 355 250 6 3 2 1.0
RoBERTa-Base 1.7T4E+01 1.50E+21 125 2,000 6 3 2 1.0
RoBERTa-Large  4.93E+01  4.26E+21 355 2,000 6 3 2 1.0
GPT-3 Small 2.60E+00  2.25E+20 125 300 6 3 2 1.0
GPT-3 Medium TA2E+00  6.41E+20 356 300 6 3 2 1.0
GPT-3 Large 1.58E+01 1.37E+21 760 300 6 3 2 1.0
GPT-3 XL 2.75E+01  2.38E+21 1,320 300 6 3 2 1.0
GPT-3 2.7B 5.52E+01  4.77E+21 2,650 300 6 3 2 1.0
GPT-3 6.7B 1.39E+02  1.20E+22 6,660 300 6 3 2 1.0
GPT3 1R 2 AREL0R 2 31FEL22 12,850 300 6 3 2 10
I GPT-3 175B 3.64E+03  3.14E+23 174,600 300 6 3 2 1.0 I

C-H A%

MFU-£#H H #) ]l & (Model FLOPs Utilization)

N-#E 5 HF
Nk EHEE: C~6N*D
BRI EHELE: C~2N*D

D - %#% % (Tokens =)

WHAR: T=C/ (MFU*S)

Pk &K : OpenAl {Scaling Laws for Neural Language Models) , OpenAl {Language Models are Few-Shot Learners) , F54E % %FF
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[A 4252 %K K ol ths%

%257 A 23 H Meta- A 69 37 1 R AL A Llama 3.1 405B, #ZAER K T 15.6T tokens 89 352 AT I kL 3] AL HEARE, P
B IET Y BRI REIMAL 38512, BAVB R ZML KRERAHKEF (N) HTokens# (D) &M E X R A

D=38.5*N, % & 7 24 F5 % 41001Z. 5001Z. 10001z 3000412 500012 1F1C 2F 0t LR B#IFTENE XK
&g

1) WNEEHFRMNE: BRBETRANXAE, FEIN%—kllama 31693 F & K5 AH3.7910"25FLOPs,, L5 52k 1 S iE

(#& L Llama 3.1 405B #Jtraining budget % 3.8*10"25FLOPs) . Fl B, ARIENVIDIAE M, A100 80G SXM. H100 SXM#9 /&
164245 BT (FP16) &9 5 7 %445 #] A 624TFLOPs. 1979TFLOPs, &AL &AF H A A1 A £MFU A 30% , AR A I 45
iR H30K. 60K YOKRHF T, /3B % —kllama 3.1 405BE R 55 F 2787 K. 3.97 K. 2.67KA100, &
ERFHOMNEB25F K. 127K, 82082k, @Ol HH &5/ & XM (EENFU=30%)

Llama3.1

WNEESHERAHE B AN BRI A3 (405B) ARG
N ELSH (PFLOPs) 2.31E+07 5.78E+08 2.31E+09 2.08E+10 3.79E+10 5.78E+10 2.31E+11 9.24E+11
BAAKE () 100 500 1,000 3,000 4,050 5,000 10,000 20,000

#AE 2 Tokens (M2) 3,850 19,250 38,500 115,500 155,925 192,500 385,000 770,000

BRNHHK  FFEGPU Llama3.1
(X) HE
30 A100 48 1,191 4,761 42,847 78,088 119,018 476,071 1,904,282
60 (EP16) 24 596 2,381 21,424 39,044 59,509 238,036 952,141
90 16 397 1,587 14,283 26,030 39,673 158,691 634,761
30 FA 16 376 1,502 13,510 24,622 37,528 150,111 600,441
60 (EP16) 8 188 751 6,755 12,311 18,764 75,056 300,221
90 6 126 501 4,504 8,208 12,510 50,037 200,147

KA KRB : Meta Al {The Llama 3 Herd of Models) , NVIDIAE B, P54 FAF 5P



[[42%2 % km%: #hms

2) EEHERNE: #E’«#}%smmarwebéfwr ChatGPT W 35 £ it £ 12/ A

T3 A 2 A4 k. BRAVBEA B X
HF%%&mwﬂkﬁmﬁﬁwm,Wﬁi&ﬁ%ﬁﬁi%%m&,ﬁﬁ
HEAA R ZY 5 T A4 #0.0491CTokens o

R, RAVBZOEATR 42404910,

H B MAE G #4275 10 Tokens s ARIEC~ 2N D KA 3| xF & He 22 BT & H 51 &
B EGPUH = (4 % AINTS#%5 . MFU=30%)

oK )
eI A R A TG

Z-74 #.600Tokens,

B RRAE A S e &

=T, AizE=AH144C. %

LA

%o TEEP®, T1C
FAEIE KL F £2.67 FRA100 348188 5KH100.

@ 22T (R8) RELASENE

@ ChatGPTiE E124N A F3 A 7 M2 814 1ok

I chat.openai.com A 37 Bl & (12%)

2F (E) HBREHITRANE AR AER2 A3 R4 RS A6 ARAT
2 REEMEHLSH (PFLOPs) 8.40E+07, 4.20E+08 8.40E+08 2.52E+09 4.20E+09 8.40E+09 1.68E+10
BEAREAHE (2) 100 500 1,000 3,000 5,000 10,000 20,000
WAt 45 B I #.Tokens (f2) 42.000 42.000 42.000 42.000 42.000 42,000 42,000
47 4 # Tokens (42) 0.049 0.049 0.049 0.049 0.049 0.049 0.049
QPS (query per second, 7% k) 0.8 0.8 0.8 0.8 0.8 0.8 0.8
AR E (1) 14 14 14 14 14 14 14
3R P AR FAR I R E (k) 15 15 15 15 15 15 15
£k 18 0 # Tokens 3 600 600 600) 600) 600 600 600
S AH TR 45 K 10 10 10 10 10) 10) 10
# 2P EGPUKE (A100 INTS, MFU=30%) 2,597 12,984 25,968 77,903 129,838 259,675 519,350
£ 2P EGPUK S (HI00INT8, MFU=30%) 819 4,094 8,188 24,564 40,940 81,879 163,757

A KK Similarweb (% F20245F8 A1 8 #48)



[4 4.3 A # 2 B4 2 A ko %

EANKEATE N % (BN AATROOR) Fodg?E (£F) AANEPTEGPUK Enfe, F4—B X1 E RSB ERSIKALI00, FHFEHF
LA BRI G+ R T EIME RSB, TUARIBBEAE R627 & REE.
Q@ NG EREE AT LMY
WE+REHH T KK BRI BRI BA3 BR4 BRI ARG AT

B A= (f2) 100 500 1000} 3000) 5000 10000 20000
A A ) S+ 33 T E GPUKE (A100) 2,621 13,580 28,349 99 327 189,347 497,711 1,471,491
I %P EGPUKZE (A100, % atKG60XK) 24 596 2,381 21,424 59,509 238,036 952,141
WP EGPUHKZE (A100, $3F%) 2,597 12,984 25,968 77,903 129,838 259,675 519,350
A ERFEHKE (8TKA100) 328 1,698 3,544 12,416 23.669 62,214 183,937
KBEAGHFEZERABRAATER BRRFBEAERERHFT . Ak, BMNBAFIO0ORXER ZPFEE2T, T EEXERN LKA
TAEBILETFILZHR, BEZTRS, BAMBEFPALHS5001C 2 H AL 69FER A 504, @ F) KA AR i F K, RAMBR PALE S 7
4100012+ 500012+ 1000012 £HHAALEG KABLR 5 R A 254 154 104 BILEE RSB RAAN207 £ 0, N AT AR S-S 6 T ZE

A230MMLE o 4o RBFHJE P A Y w XA 7, AURFBN T HIEKFE I E K. RIEIDCEIE, 20234 692 FKAUR 5-2 T  HAE
A2 £E5T, 20235 A KAIRS B FTHAALE, KEBRGFEEXRITBEAAVREBETH w7 BT HE N,
@ 1 AR5 B ANK

KRB IDC, FARA LA,

KA A RS2 AR K

RAKE

BARBTERZLEMSERES  ARAMKE

SBEKE (7 £7) (fe £70)
A A A H AL 50012 50 1,698 20 170
A A HIAE100012 25 3,544 20 177
A B HIAE500012 15 23,669 20 710
A B HHAE1000012 10 62,214 20 1,244
o 2,301

5 AE KR 5T
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EESESTLNY T

BT, AHGEE N KA LSRRG AL, RE AT TSR RIS R, 20234 KIE KA 5 A
A, RAESuperCLUE B4 A7 69370 25 R, B A28 K35 MR A €A GPT-3.5Turbo, A 2w ik B KA ALK
S FN B R E. R, KRR 6k RIS AL A RSB AR, BB RN, R AR
00 XM SAK LS, EINALHE (MEHF) AANE, KEEHAAURSEF R0 £ R0 T 5%,
BN AL ZM G AIL, RO TE: 1) Fh 7, EERME G, THER. R, AN KD, B L.
RS A, ARXERRL. FEM REAA; 2) FhF@, REARE 3) BADES @, BARE PHUL,
BA BT B, RESLAN, EREET AL RER. Sl 4) R%%er@m, RARERNLZR.

R e 3T

1) AIE B BEREEF, £ FRE TR AR, BHEREAEFALGH Tk R, {240 2R EEH FAI
LR R ERETY, AR BAIE N W EJE, HmEYG RER G Rk

2) XBMEHMERABRKT TS 597, ARE S RRBCEABERT. EA. AR, A T, FRALFBH
FoCim R G FH 4 EN, R THHERRAL, RE KRR = &6 5 f &R A AT TR 69 M o

3) B AR HELETRARRFTM. Ha7, KRB KBAM A LI, 1248 1L OpneAlS & AR b a9 XALR 7,
B = KA AL )™ 7 69 1B AR B BLA R AL TR 69 R



EESXSE L ET Y

T A6 A 300496.SZ, 39.04 1.01 1.48 1.84 2.28 38.47 2640 2122 17.12 R FUE|¥:2
BAEF  600570.SH 16.49 0.75 0.91 1.11 1.31 21.93 18.09  14.86 12.52 5% A3 75
BALAHE 002990.SZ 18.04 0.77 1.06 1.41 1.85 23.33 1692 12.76 9.76 % AN
BER  002439.8Z 13.46 0.61 0.79 0.99 1.25 2213 17.01  13.60 10.78 5% A3 75
R B 000977.8Z 32.81 1.21 1.57 1.97 2.42 27.09 2095  16.68 112,57 75
A L 603019.SH 39.11 1.25 1.57 1.99 2.56 31.17 2485  19.68 15.29 H##5
ERMBE 000938.SZ 19.89 0.74 0.87 1.05 1.28 27.05 2298 1894 15.55 HH
A N F R 000034.SZ 22.20 1.75 2.13 2.62 3.23 12.68 10.41 8.47 6.88 5
5 XAE & 688041.SH 73.57 0.54 0.76 1.03 1.35 136.2 96.8 71.4 54.5 H#H
KEFH 688047.SH 97.05 -0.82 -0.26 0.11 0.39 11829  -367.14 88448  251.08 HH
A X & 002230.SZ 34.67 0.28 0.31 0.37 0.45 121.99 11352 94.07 77.74 HE5
A 688111.SH 188.25 2.85 3.71 4.94 6.69 66.06 5071 38.11 28.16 H##H
.S M4 603383.SH 29.56 1.13 1.37 1.61 1.87 26.06 21.61 1835 15.81 HE#%
FAHRR: Wind OLEN K E20245F8A148) |, F 5L K5 AT
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B EBITIFR:

BmAME (FHOMNAN, M E IR T T & A20%A L)

# K (FUT6AA R, BRHEINET T %R IN10%E20% 14)
s M (6N A R, BN R IA T % & N E10%Z 1))

= 8 (AN A R, M RIS T S A& MI0%A L)

AT 3% F IR

BT RT (FRFOANAA RN, FTRIGHE AR T T &A% L)

s M (6N A R, ATk dGF & I AR T % & I A 5% W)
BF KT (H6ANA RN, TR AN T T HEA%AL)

28] RS
TIEB R EOHIT (—ARSZA) LA LIRS HIN: KAARLAR P HIEALIBEIETIEARZT FHPAL T,

‘F#lﬂi%‘ﬂi’fh\ﬁﬁﬁ/\jﬂ-%li%‘*& CER AL AN SRR ERAIT E NN EZRSNNGEAE P OE BT &, RHIZRE P RTRT IR REHI A5, 0T 3f
BAI G FHRFHRAR. AN ARERRBL LARFREF, FREORAREAT . REP BRI BRFH RS, Ao s FRIREMERLE LL R T

ERTHZ ARG RAENT G, BERTIERLHHEERAGTR, LEATRGNIE, FEHS LA FERGIAR, AEFERGHTIERARS.
TIHAH N, HFEEMR,

kA H*:
HIRE A RL-FRie R A TN d (AT RAR “FLiER” ) T EPAAEELAL, KEFLIEAF AP R LIAE, THZRI T 7 K4FE, L P Rk RS
M A ABERE Z PR TAEAT H A

BCAR & P8R A R0 R B B8 th AL AT AR KA T I, AL IR AR AR AR LR b R T P, Rk b 943 A B R UL B R AR R GE A T % 89 A SUR A, IR R
iF 5 R AT B LIRS 8 bR 5 B AR T A AR TR, IR AR LA IR o B P AR AR S IR BUR AT A

CHAMEMBIAHA—BRRA RRALZRGHRE, KREBIZFRERERD G5 RORRZE, LBRESAT T k. MEMBIH. & LRIEAR BT R T
HaGHBr, TR £, IREPTAGAGIEFRMAE. IMERANTIRT f. AR AL, RSB EFIIREFRIERGZ,

ST SUT T At A B SL IR & AT 3R A 69 K AT ) 89 330 4R AT Ak 45 RAZTT H RAT A9 IE o
R 8] 202408 B A o PR — I AH .




