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Abstract: The major advances in key technologies and applications of large models since the release of ChatGPT are presented. In terms of
large model design, the model scale is increasing, but it has slowed down. Longer context and multi—-mode have become the mainstream,
and the computational efficiency has been significantly improved. In terms of model training, the focus has shifted from simply seeking a
larger quantity of data to a more focused approach on the diversity and quality of data, especially how to train large models using synthetic
data. This is an essential direction towards achieving artificial general intelligence (AGI). In terms of model inference, model quantification
and inference engine optimization greatly reduce the cost of model use, and emerging algorithms such as speculative sampling gradually ma-
ture. At the application level, Agent technology has made significant progress, playing a critical role in addressing the inherent limitations of
large models. More and more enterprises are beginning to plan, develop, and utilize large models, and the enterprise—level large model appli-
cation architecture is becoming increasingly mature, focusing on scenarios, technologies, and algorithms to accelerate the closing loop of
large model commercial value.
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B2, KiBN6 144

82 | RG@EREEAR
2024 F 48 £530%5 28] Apr. 2024 Vol. 30 No. 2

BINEF

TS AR AR AR 1 LR S e )
347, HAREAERAM, ZHEARIF A MR
AWQUIBFFE N B2 & B, % F LM Bk RE, AR I AR W
FHEN, AURY 1% 0 8 FAEE AT LK K s /D s iR 2%
FESLIEAE b, AWQ R T OIS BRA T 75, 3K 78 Ab P By
TER L 2 DA o 10 1R FH 3 T 408 B AR A W o e
AT, ANITTTE AT A A 1 TR di Mk i AR 25

PLE AR H T SmoothQuant+" 4 bit A& EAL I 2k )5 &=
b (PTQ) Bk, AFT AWQ X 4N 21 R E LS4,
SmoothQuant+XJ B MR R i (b 240, XA B R 7
[l — N SHCE IS, X RRS PR R D AR 2%,
HARRACET F . SmoothQuant+7E LLaMA Z 51| #8 1] 115 5]
FL AWQ AT ARSI (WL 3), [FBFAEPERE LRt T AWQ,
Xof 7 4 B TR

B R N SCR BRI, KV Cache (5 H 1) W A7
W T R ST . A KV Cache #E47 5 AL 1T DL i 358
MRBRAE R R SO B2 i, DT SR i/F R e S
Z (W3 A R B k2 o G TR A 7 B8
INT4 AL F AL FI KV Cache FP8 AL, BAFHE T 70%, 1
R T 2.8, HERAKEAR 75% Fo A7

3.4 HATHEEE

MR SRR L B — R T RE A AN Y R,
DN B A3 A RO THERE R o FFATHER AT LA s AU
FPAK LI AT, MABEAIIEAT i TRl 54 AP . ARG
HF PSR, AR I T

M A AT BRI 4T R H Megatron-LMPY, ‘1)
T %z 5T X Self-Attention F1 MLP 43 5115 311 1 7% 25 25 A 45
BIFFAT 7%, MLP 5 1 4% 4%5)2 0 Column Parallel, %f 2
A G HEZ N Row Parallel, 22 J5J& 1 K AllReduce HLZERAE
Self—Attention 7E T8 Query . Key 1 Value [i1] 32 B #4447 Column
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SmoothQuant+ 35.98 37.80 53.05

AWQ: BUBRRAININEEL
FP16. 16 bit RIBEE

RTN: EiZE(L



EAVRFR

Row Parallel, Output Embedding & Ff] Column Parallel; Drop -
out/Layer Norm/Residual Connections e N e S S s
Prore

T A SO BRI A TRCR A B, md S TR
PLY B LARiE (PCIE) AYBIETH T80 32 ~ 64 Gbit/s, THH
A LA AR IAS A I EATHER T oK o A S HOR R | Batchsize
MR, 5 R AL AT R AR B g, AR R4 T AR W 2
A I

3.5 lREFFEMK

I 55 WL AL 32 55 B 1 2 R GE RN S 224 1 P I 55 1
g2 R RE MBS TH BT IR AR, ARSI AL 32 244 Con -
tinuous Batching, Dynamic Batching FI 5% #& Tokenize/Deto -
kenize, H:H, Continuous Batching Fl Dynamic Batching 3= %%
[E| 8 4% 5 1] I & 1) Batchsize SR 42 S & ik, 54 Tokenize/
Detokenize N3 i 2228 F2 5 20Kf: Tokenize/Detokenize $AAT 545
RUHE PR AR ) 528, DATT S IR R IR R SE H )

Continuous Batching 1 Dynamic Batching % B AH £ 5Lk [
iﬁﬁHl]o Continuous Batching BY IR . OBEAE S batch F7
AT 55 VR EE AL A step ZUM TR, XU TR TR R
o5 I B [E—A> batch A1, 5 B g4 3 N BA5, 4
)4 Running A% . Waiting FA %1 F1 Pending BA %1 . BAZ1] H 1)
AR ST LLAE Running b Waiting/Pending Zla ¥, A
JEAFA token 5, JHBE BRI 2 5L 2K A T A RS RS . —
HPANEI, P00 %7 5 B Running BASI AL BRI ARl
JE SERL, [F I A Waiting/Pending BA #1] /44 5 3 26 IRk 55
(FCFS) SR — A #1451 22 Running A% .

Batching P56 £ AR W A7 25 THE B A ik, H AT E 78
HuggingFace TGI, vLLM, TensorRT-LLM % £~k H{I{E 48 ih
S

3.6 EEM KR ERBEMPIF

SRR B 422 Al AN T BESE S FHP A BEURA AT AR 22
4, ARERCEEAIM . FICh, RATR AN G HER BB
AR R AT S R, LR AN e i — ZR Bl R
P iR BR824 A

HER Y Bew WA T B 1) BORREGE . A
STy AL MR R A AT, AR R L
AN R, B RN R g o 2) SRARTEATL
i EETEAEEIR S, TR R E R R, 5
FR A ANTE Y A W AR . 3) B
i SRR R A TR IR, AT G

RIZEREERA SN HINE F

BTN T AT AR, 7RI R0 SR AU 1
st (an, AEYIBE A EIC s AL E R ), R A R 5 A
PR 2 T B0™ E ) ERL T R 42 g

FEXFLA BRI, FATTRT LSRR B T B G . 1)
PRUCT B8 . BT B BEOR NGRS il . Gtk . %
Py itk el Rl BA S L AN R N Rl SR SR Y SN 1 BT
T SCN AR BB 1 IR AR RS Z G BRI SN2, 3%
A LA RORERETER G H o 2) SR EABGERE . HHrik
TR R 182 & — KW R m EABGE B T5 %, B0 re-
tokenization*? | paraphrasingm'% o re—tokenization 4 N T FTHE
TESER TP IEARDERIE S (WUES ZME SO | Rk A FIE
R %) BYY . paraphrasing AT DA TP E A B 1751,
AEASE S SRR AT, ISR TEA LG A R
AT — SR Ty R BT AN Y, 0 TR E 2 B R
e, NN AR I R — PP TR R ORI Tk, B
AR R AN BEEE L. SRR R, I FEUR
JEHTI . P, AR 0 R 2R E B (E, FRAT
WA EAE SR AF AR, 3) R G R B . Salem 55
PR T A B XD S W et A S AL, BAR DT
EALEE Dropout FIAEAIMES . Dropout #55E X K BEHL BR—
Fell o, al LSRR M 28 P I, X
JE G W I S B A — D E R, RS
J YA, AR B ARSI A AN [R)HR S5 HIAS [R) 0 #icediE 4R
PTG, IR 2B AT SR IR SR i L B ey, 22
3 B AL 2 T B 5% i B fe 2 L 1 B B T B 2 —
T 2SR e R R A AR T AR B 2R
TEGETT B X 3 PR 4

3.7 FLFAR

A TRAE R ARG AKBERIEI G R, AR
AIAEAY [ (8] R ot th A, 30 IR A T e R ke
—ARTHERIMERE . AT A T i B R, 1T
DITEASI NG FE AT T $ s B

BHLRAEZ —FIA TR, JFEI T /A
A B+ KA ALRAIE” AR R B2k . 2R TEC A KA
LR E, SIS/ IMEBIPAT R AT ok T, J50R
MEAIPA T TIEARAR, PRI R, PR IR 3
PERG RIS BAR T A AL A i U B, R4 T T HEEACR
Flhn, FA1HTF HuggingFace Transformers FESZPLZ B, (i
FH Pythia—6.9B /F R FERIAE AL, Pythia—160M 1 A I (LU Y
F£ A100-PCIE-40GB I ] LIS 3.9 % A4 ek B 4 7t

T HRALRFERER E R T, A2 TR EH A

Y@ 83
2024 FE 48 ZE30%5E 28 Apr. 2024 Vol. 30 No. 2



KRB A SN

WFFEset . i, SRt IR S ICATG | BT BB, T2
TR BN 2Rk, R MRS Sk m] R4 7 i £
RSk tokens, SRS EE TRORE I HLHIFA AL BE, T
e H A3 BRAY J5 22 tokens o T 1) AL/ X0 TR 4SS 2R AAAE AT il
AR, R E RS SR AR LT AR, IF R H] Jacobi 254X
BT AT o

PALRAE B HE BT SOFAE T A S 5 o )
wn, AESCEAERIITFIAISE R S5, R/ MR A il 45 2
BERII A ZE R XTI AE U 5, BLRAE LGS
o BEE M FDIIERITRA, BHURBES ORI 5 B
b AL EA

4 RIEBIR 1Ml 25 Kz A

AR T HAE FHE AR, AT AR IEAE LA 52 55 00 A o
R, 5 ARSI AGT AT BEFEASK 1045 Y H 3R,
AHLE T HCHT 9 30 ~ SO AR ZE KR EE AT . At S5 EAE
R A RERHR,  TH AR S 4 SR A A4
BPLEAREE . R, s REAL, DL H #R5R K
N TR AR ™ e T, T ECE, K
AL AR B AL S L AT B 5%

SR, FEA S AR R F . o, KA
ARG WA R G, AR X A ES 5, IR
FAABMELA R R, KBRS, X4l A B
BAEIAHKOE . B P EABE I #A R iR . B

BINEF

JG . KBRS e R ez, Al R R 4%
FESERYFTIETEATIE, A REICIRLP N 128, MEIREA T
B, A R R BOCR

FATAN, R I &R TR, Bk
3ER., HICRSIEN] . N EHEF R, ME . £
ARAATE . BWIRSA SRS E B, RIeZA R
XPRBEIIAE TRE B AE, R 8 RERE BN . B FF 65
HEZR . TR RENRG AR A5, R—IIRCERM
AR E A . flm, RERGIL A RS, fak 3 O A
OB AR, AW SRR, KRBT

4.1 K&K

Al 7 B B A 5, AR R ORI Y
R o S5 SO IR R BN RS IR I 230, ki
B R PR R AN USSR 1) 0 JEZ AR - BERIASEIRY S Tl 25
PN SICE PSS | i B e 2 R T B |2 e
SRR T BT S H T )R 10 37 55 ) A0S 7 38 i A
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