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£ 18 KEBFE RIS

1.1 REEBEEANLRATE

2006 4 Geoffrey Hinton 12 3 i3 3% B ¢ I B )| 4 9 77 R ok %
R T VH KT S B IR B L A DL SRy A AL[L], At P %
MARFIRETEEN R RE., G, REFIETENAR
[2]. #EF[3]. B#AIET LEAF kL TRIGF T B W% 3 &,
FRTH—HREFINKREH. RETETLZFHNBEALE, £
TREFINMAIEGRBEAZTEZH T W THAREAELT: NEH
M RREHE S MES S EEE, B AR E SR T S+
FREHEHOR” IIIAER, FE S0 A T AR E 2E U
G+ig A MR+ AR T AR, 25T NI ASIE, Ab
HABAER, NERBBANLENE, NIHERAEZSHAN
AEA AR,

2022 £ Jk, B OpenAl % #itiE = KA ChatGPT 3| % 7 # 4
W2 RVE . ECRBE+ KR+ A F /178 fm#F T, ChatGPT &b 4% 1
HEREERERREMNES, BET 2=, 2%, BFRNE
F MR . UL ChatGPT A REB AMA T AT ULEZR G, EHAE.
HEERSTABRKEETEEM . AER I AR /e PC BT Ry
ARG —HR, RAKRRATAHRAEW S EEM R, 58T AR
R R

RRAEAAFEERES AR (FHRAARESHEE 7|0,
BT AR N E AT ERIE L AT AT, e S 3
AEWIEF MRS FmiR, FEETRRAMA. AR FERERK
AFFEH L ESWER KBS, EREL, B AR EENE
e X ARFII R kR, HARABRTEZ T UM EENE
[5]:



1) G EEHE: GIHEERYEERT I AT ARRAMRX
K R, 4 51M, Nogram 152 B [6] 8 T—AHiCH
BB SRR T @ I8 N AR (BN BB R T B,
% MR AET 58RI BRRRE AN, BEEA TR
BRI A 5T, AT X AE A B RO

2) WEEERE: HAGHEEREEENAH, WEEEHR
% EiiHAF% (MLP[7). RNN[SD 24 H il 5 & T 5
CHE CRILR R, RSHRMR LR E AR, BN
BRI B L S — 2, word2vecl A1t T 35 AL B M4
Ay, TSRV 5 T TEB KT CURH R A
BN, HEETIAE S HENFRLET £0l

DN IEZHER: MY AFIEEHEE T ERET “TIE+HOR”
MR AME, RBLE REF I ESNTARE XA 23 T
BHER S, #mELH R EMAER THETS. FHNREER
W& = A a4 ELMo[9]. GPT-1[10]42 BERT[11]4. £+, ELMo
AT ESWETRAZF%E (LSTM) [1214%, FEKEREF7
AR FGH R FR; WE#E Transformer[13] My 4R i, 2 W& 55| E 4
e 52T BEZWEFA, GPT-1 f2 BERT #F 2 £ T Transformer 244
MR, FRIYEFIRAAT LB ERETAEES.

4) EEABE (FENED: AFTISKES B WAL TEF,
—ANEENZHWENZY B EE (Scaling Law) [14]: ki EHA 5
BAEATNEKEANALN TR G, AR SESFBRE L
KE. B 1-1 ErT 2018 £ 2023 FE A A T AEA NS H &L
#5 %, OpenAl E#t % GPT AF|#EA A, TEHRKXT GPT-1[10]

(1.112% %), GPT-2 (15125 %%) [15]. LA K GPT-3 (1750 12 % %5)
[16] =T S #AENAEE, SHbigEH T S EE 5400 12
Z 4 PaLM B AI[17], YMA SHHME LR TILER, HE AER
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feos BRI £ 77 T R RE /1 BRAH[18). flan, GPT-3 723X & A8y 1E I

T, B DAXGE 4R R 1A B D #FE Bl (In-context learning, | X% 3]

[19D ZTARLZMES, EEAEXLEH BT SR RIFHETRAEE,

FARABINT “iEs AMA” (Large language models) [5]3k 4 45 i F#

BAAENTNGESHER, URHESFHTIGKIESEENLE,
] 1-1 2018-2023 F A= A S F AN AR A {1 ]

Jwitch-Transformer L.
(15718) __, [M6-10T-

10000

PanGu-q ® e
/1 camp.ar
(2008) alm(1.27)

GPT-3 Pide o PaLM (540B)
(175B) Pt . Megatron-Turing
— NLG (530B)

MoaatrdnLn / CPM-2-MoE
legatron-| .4 1988

P P Turing-NLG ( )
[A1B)
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0.01 [ roumn,
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5) BEAME (BAMB): RAFHWIET AR R — X
WO EAFIR, EZEFI B EEATTN T 42372,
MARRFHEBAKREAS, EE2WETAN., AENER, BU
RS FT AR AT a8, TERARMAAERRHERA,
A4 45 4% CInstruction Tuning) [20]VL & 2 T A 26 R AR 5240 %
(Reinforcement Learning from Human Feedback, RLHF) [21]. %5 4-1%
M AR A (F54A0 BB A 09| GR 8098 Am 58 A A AL 0y 38 A 52
e, ETARRBHRAFT (E 1-2 i) B ARFRES T
NE|ARBAWFIIET, JIEEGARRTNFHEpHEL, HifH
BieFEes ABEAWINE, EREARE EFHEEHFEE, A&
HER P IRITIN A, EABAEFATRET, o UEAEMHRTHEA

( @ #% B % 4 ( Chain-of-Thoughts, CoT ) [22] . B % #
(Tree-of-Thoughts, ToT) [23]%F), M E & 3 Al F A+ AL By 7 66
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71, RIFPAERGERIITE GG, #—%, BEABRBETERE
TXAZERRATNAGRE, FE-LREEZRANTR, Flul

BitE%E, g —F L, FJUEANHTE (itE s, R %
&) ¥ REAERWEE A4 F[24].
F I F 12 F 3
ey 3 € i 45 7 R 3 EVE D
5 B 42 A A AT B A, 5 s
ARTFREE © WHE—RTE & AEFHES ks
BH—ER Sountemen £ A S e, HE— R T
! LA '
e s A KA -

RIEA R S

magETwy 2 — '
| AR C) ponsm
A HEESHF o on0-0 ;
EREEES N | % AR it BA,
HAGPT-34E A 2 ' R R A N
EEE b . 2R
NEERHER e i
1 Wi HAPPOS % 4 g )
0-:0-0-0 432 B3 o :

K12 ETARRBGBAUFINEETER

EAEEZWMILER LN E, OpenAl M TiE5 AR WAL TIEE
% & Transformer MW EITE, MR T —RIIWEAHE, H
F, GPT-1 % & 7 # 45 2 Transformer 2244 (decoder-only Transformer)
ECTINF+HE” BATHERES ELKMEN; GPT2 ¥ %
T AEBESHENENEZE (FREW, AEFREZTETESL
EERITNEESEAERES; GPT3 HRERT TS EKINEWIES
BAYR, RETET “LTXFI” WEFHMAET%; CodeX[25]
R IEXT GPT-3 #ATHMIH, MMEF R0 2 R
715 InstructGPT[21] % T A X Ryt I & A (RLHF), &84 5%
WA T AKAg4A R HAE G A A KRR T 89X 57 &6 15 ChatGPT &
InstructGPT BVE AR EAM, H—FFIANT MEHEHTFT, A
Mnie Y £ xfiEee 77; GPT-4A[R6]EH A EFE KW ETXHFE, &
BEABASHEM S, ETBEE, SREFAETENENFEEF
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Kit, HEEMEABEABETRTHE.

fE GPT-4 B kT, BEABRBN TEZRSAHRLFETERXFY
W, CAERNXARE, AREATUEZXAGERAGNEZES
N, HHERHERESARE, ZRESABRVEMFEARNS R
#RONF K, BN EmERLFENNE, FEMESH. GPT-4
KHAESBRASABR FIIANET AL RWER BT BT RER
ELBESEM. £/, RAEN LW,

1.2 RIEEBEREANESLR

AR R G5-F & 1E 1 A A TT A R B b 3% R R RE R R B B
HMEAFFPRET 2 MHRBAEE G /2% . OpenAl APl 3 F
HOH [N R TE R A B R S-F & 8 P R LLaE 3L APL 35 E AN B Y
GPT # A 5k % i T £ %, Claude Z 7|# & & & Anthropic 7 4 #7 4
JE1E = AMEA, H ¥ 44 Claude 77 Claude-Instant 7 1 &) 7] fit i £,
ZAVEABILEERINE., ETAXRBGHERMAF I M
Constitutional Al LA (@& ENAEfmEMAF ) #HTIIH, BE
RAEA B A, W EER T E M. Claude % & 3 #F 100K & 7T #Y
ET X, 1 Claude-2 ¥ 24 & 2| T 200K 1 THY £ T Xo X0 —F &
ETHEXCAEA MR EIEST AER, R4 APP. WK,
APl BEOF LMW BMRE. Xo—sRER T HHENF, @
SNERT R REHEA, HRAEANEAWNLF ., W CE KN
BA BT AR AR L, S, ZEMEFERS, FEEAR
B R R S SRR YRR A ER LA T BA
BRI AERNEARE N2 E N & “EK—KI”, TXF
Sl R IR CEKAERNAENTE . FEREFLEAER
WA

AEAWITTRAESE “GRFH", TEQETRELETREX
A, TFIRAE R0 DR B X A AEME A 893 4, 4o: PyTorch[27]
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RETHRBE, BEHEESE. RETRASEHR LHFANEN S
A RKEAATING; CR[28REFWREFIER FENIHRIEH
TAAEL ARG, BET HENAR ., BRETLEE L AN
MM AL, H o AD R A AT K I A T UMM AL OneFlow ¥ 4
FREHWMERER LWBRRE, XFFHSERE R, UK E+
AR A FATHR T 68 DeepSpeed[29] 2 #UEK 4 H 19 A #E AL 44 4E
% H 9 ZeRO H AR U4 W F 1,5 7 LNA T L RHER . F
AR T RAER T, (R AR N F SR, P i
AR %A : LLaMA[30] £ 7| & Meta #F & B9 IR A AL 2 H AL I\ 7B
2| 65B 1~ % AR M TT AR B HEAT T 45, 18 1 BB 1 IR A AT AR
LI &R . Falcon[31] & 7|5k B F A7 #L LBy T B % I, ik A AE
14 180B £ 4%, & T IR F 7 X f7 M fb 5 GPT-4 f1 PaLM2 48 4, 5 40 &
HE /N GLM[B2) R X A X aEAF L EH I WE TR ZATHE
AUEG 4 R RE . Baichuan RZIE R & H )| & REFF K, XF+ EIE,
ERERENGEE ELNERNR ERARF, ZRFIEELF
BT %M ENRA, Baichuan 2 £17 & R A A R #my Al b R T
BB ELFEINE /7. CPM[33][34] R FI X AL BHEE A g H
VI G R A2 U NLP 4 E3H R £ 8

ARBERAAG 2 HZF, TURARBKEDS AT A%
B+E R LN E e E T, BRI E WL RA; AER+ZN
LT RM, TTHEAERE, BAQERR, RIFEERE;
AR +Z ] LT EWER, B 7 & & 8 AR +R AR Dlgw
BAMEE, MAFP 5 E588E, B D BREMRRE; K&
M+EZT U BRFFHEMARR S, TUARI LR EFEE, *
TR VE B E P L AR R S ALK A AT L BRI R AR L R R RS
RASHRE; ARB+HFTTURTREEMTES, LHFTH
REAMEN., B, AR+ R DU B Bl AR, ik
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MR FEATERE; ABRA+ETTUREETIM D T2TE. &
Z, RERNZ RS ANRTRT FEBEANIET, BT HF A
NEEFNKETGEAEE. EHE MR

AR L by 38R R AN A T DA A R R A T RERL R Y
KA, & PCHANWEERL —H, Matwl, mRRM|t
EREFNEREL K. ML, AERTHz) LR EFTET &0
EH, WA E R 5 AER B E AR, R B
+BEFRF L R RERS; | T, AER T LT AE R+ 7%
BT R AR, mRe TV RTTR, AR, HaE e FR
B RE TR OP Y R OR X

1.3 RIEBFE ARG SHkE

RAELL ChatGPT KR &M AR AR F KRB, 1247
AR E AT £ RSPk

B, AEAWTERLTEGIERRE, fln, £THEEHE
WHKES AR, RELARWABZFAESTHAN . BIRRYELS
ARMmFAFF, BERERANBEEIN. B TEFNEERS
AR, 0 R BT A B A 2B T 5 1 A5 [35][36].

HR, AERNTRBERFESR, ABAEETREMNE W%,
HEEER, ETENEMEUER, &5 AEE NRILEE /[18].
M EE[4], SHESABA NIRRT, ZEEEEN . ZHEES.
BEF R A[B7% 7T E A FETENFR, AR WAL
S BT R R BRI B AR

Bk, KA N FHERNE. KEE S HAEF SR AL AT 4E
BEXR, REIGHEZETHEAR. T, LARAR. wmMEE
BARERZEH, NIRRT EE SR, REohEEEREAER
B R AR AU L R B % 4

WA, ABEENKEEETHWIBGEAGEET R, AERLT
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BERHEEFI TR, KBNEBEFBEEZNTE, B TELTE
BELE, ABAFEFEREAEREWFA, GlEEtifiz
ot bk, BA AR M NS HERTHE SRR EHARHY
g

G, AEATFEFEZARNGF A, fln, 5 AER AR
BRAMEBRESERAERGESN, HE5EFAR. BRI AE REHK
REEFUFAEANREUHRANEAMEEE L EAENE, TEAH
MR THEEBRRER. BREIRBAN, FREA®VKF. EXAFEX
Z4[38][39]. M, AEAFER S GRAFA, HE AR
ZARFENERLE TR CHE: ZERER S, IRERAKE. E2
GERYE. BII%d. 4% E. AERNZ2RAETEE K EEA
R, E R AR KB 58 e B R R R KT, R Bl DAL O kAl &
B A, AERRABENERNEEHRTIE, aFPA. £
VEZFERWHRIEE TR D AR LB P, B FERER
FE AL Flhn, @R RS A A A e A B B AL
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£ 28 BEREEEAK

V4%, 7 Transformer 284 2 ek EZE W T4 IE S EE b &
AEEREBIBRTRT —RIRZHXHER, RAATHEZREAT
K. MINAESHEERA “TINE+HB” FiE, TEL2HFS: D
WA E KA TAR 448 £ AT B MBI A Z 2T AAEE, 2)
BHEAAETHELFEREEAELCS L IAER R REBHTH
PREERER, @ THNAESEEASHRAER RIRLT, X
% 7iEE AMA (Large Language Model, LLM) #F 57 ## .

2.1 Transformer %244

Transformer Z#[13]& B fi#E & AR K A 8 = £ 4[5], £ £
F 8 £ & /1 #L 4 (Self-attention Mechanism)#& A , & + E EE @it g
EREANFFBRAF I 2R ER, X LE AT L EH#T
£ 3% . FRVEH Transformer & 2-1 FroR, & — N4 A0 25 - A 25 22 4y
H o B 25 A0 R AL 2 2 E — AN Ym A B An 3 T AE Bl Y Transformer 3k &
HEHR, SWAGHEW Transformer EHREAFE L LER N EM 2 EE
HmNEE, xR ELAREZEEMET - NREERLER. 5%
BBHERAEL, RUEHTFESRBLDEREFEATREELHTAE
i, & Transformer EZ2 7 — A" XEEHNE. B TESRHE
a2 W4 (Recurrent Neural Network, RNN) #1K 48 B 10 17 # 4 K
% (Long Short-Term Memory Network, LSTM), Transformer 244 &
RHBETCRIFATITERE 1, BT B BRAT (8] 2 07 AT T 5

Transformer 2244 1,4 %45 2 5 Transformer & 3 F7 A 420 4L 15,

WA R, EERWE T E AT B E Sl B = B #EAT R A,
FMARGEERNACE R R, B F i FE

1) W, & Transformer A4+, H& N\ 2 NBIEHNEF —F
NELRE, el slmgE=nETemeE, = LUHRELCHIEXE
B, X miEEXR, GNrAAHENAA - EERKENENE, &
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e ENER BT,

ST

RS A%
| é@f& |

v e ) )

: 4 :

p— EERTER '
___________ E [ mostmemrn | E

f--l WAL 4k | ' | Transformer 51k
L) ' ZdAEEN XN
AT "

[
1
]
1
]
1
1
]
Transformerf&ik :
1
1
]
1
]
]
1

I T e T T T

XN ""| WX AT m| |ﬁf lih‘:i;u E u;|« E
; o :
LA FTEES LIEELS | |
L vt 7 )
BTN [ A |
! 1
L A R

& 2-1 Transformer % #[13]

2) ERG, BTHERANFAGHCLERFEREAHE, AT
U EAREERFINFTIIRNFELE, IANTHLERE. K&
Transformer ZEA4 WL B 45 8 77 A2 B F IERZ AR R IRy 7 ik o 3t
THENMED, TEWEERSGE— I MRKEANdHE, EFdEE
A HNEE INHENE jAITEEUTAKRUHE: R j 21E
¥, MLmEAE | ATCE Hsin(i/10000"); R j BFHH, L%
AL % | AN TC % A4 cos(i/100007) .
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MatMul

SoftMax
Mask Ioét.i

[" Linear ]JJ[” Linear ]J][n Linear ]l]

MatMul

I

Vv K Q K v

P

& 2-2 Transformer B £ & 77 W 4 [13]

Transformer B¢, i 1t B £ & A LG R B A F 2 M2 5 5 &,
FRXLERBLNE EHATRE, AL LER N EMLEERNR
MG B, A rEIRz4BRE —hBHEEER K,
Transformer #¥, HEEREANE. 2ZEWNHRE. KEzEEMENA
— R FE AR A

1 BEEHNE, EEA (Attention) £ Transformer #£ A g 20
Hdha, vae—NMEHEEQel™, —MREMKeD™ fu—
MEHEFEY en™, HPEFEFHE TN — AN, EE A LF W
PR

. oK'
H = Attention(Q, K,V) = Softmax( W

Ja,

BNk, EEHeI™ FWE TRV FATHEN MR, H
PREHEWHERBEENARAE ALEFRFIKE nWEH T
GIRFFAEFE M fu B R K E A m B sE-18 )7 5 B AR AE 22 1% 2 Al A
X,el™ fo X, el™, ZAMHEHEQ. K. VEHZIANLKL#EFZ
Q= XMW, K=XW,V =X.W, Transformer & X Jf i 4% = 1T & /1 AL
BHRAEERANE, HAZAEEQ. K. VHEE T —EWAE

15



FIAFAERETE X eD ™ s

4k, Transformer kA 7 % >k BvEE /7 (Multi-head Attention)
s, Bl N7 P A 2 R F AT AR T EE, 2 MR EN
BERARERATUNATUHE, AFEL I N EBERE I H. 2LERS
EREANBRENERNRT, TEFAMELER A ERN KA
. ZRERANTEARWT: EHT 2 NEWERQY, #AE
MEKOFEHEEVO, HAME YHeo ™%, E2BITE—RFIH #AT
B, HER — DI EEEW, e0 Y% H 1% 22 5| — A FTIAFE S
[8] = 3k A 1Y

H = MultiHead(Q, K,V ) = Concat(H,,---,H, )W, ,
H; = Attention(Q",K® v V) = Attention(X W, X W7, X W),

Xt F#R AL 28, Transformer 2 7& Attention # Softmax Z B 5| A\ T
— A FSN A (MASKD 1B, F71E &4 Q £ 2 77| 4 K A#
B EENERGMERNRE W, EEEREEZELH -
IR XER TR, £ EWERQZ M E FE — EHi
T W R, WM K MEEMEY ENREENRE—EN R T
HBW k. XARITEEEHBZ N T 1k Transformer 72 #F 4 B it
REINEIGAE, HAERNAEREBRBENER,

2) 2EEWIRE, EERNEZEN2EENREHWN ALK
e — NSRS R . BN ROR A X el ™Y, AR
V=3: 0k e

FFN(X) = o(XW, + bW, +b,

He, c()B#EHRL (GE¥ N ReLU = GELU), Tw,en®,
bel®, W,e0%, beU®HH A F IS, EELERFT, dEEFR
EHd, d, REANdHA4E. FENERGER N FE: (1) FL5H
B EEMNERBAERZFIINT FEAEHEE R (), XHB T
BEANKART; (2 FRES: HERANFAFERETFEW

16



Ao E B 2L ER R, T2 B R 4 U B AN B M S x5 R AT
Bh, XAWEHEeLEK, EHREANREERLR (KE®E) WEER,
X EGEMIEHAT RN ELES,

) REHEEMEA—M, EENERENEME M 2EENIRE
Z J&, Transformer #i jz | 7 %= % # (Residual Connection) #1 /Z 13—
1t (Layer Normalization) # A, X HBTEEAE FEF R REGE R
FHAEREA R, ARk, WTE-BMEMNE (), REEEM
73—k 2 & X 4 LayerNorm(X + f (X)),

7 Transformer AR HZ f5, CHATAEHTHEHY —H2WE
&, AEERGBZABLEFHINT TEFANEREANF . B
BIE. REEE, WHREMUERDF,

2.2 BB XIRRIZRA

A WEE AREJLF 2 #E Ll Transformer 4% 2 {4 A &
MAMEY, TEEMNERXANEREN LR FEZR, W RE
A Transformer %% #5 25 S AR 25, =& BRI 7T & . AR R Y
RE, BEAERRM AT Ly =k [36]:

HEISiESER BHEIIFESEIR FREIRRSEE
X3 X X3 Xy X5 Y
00000 00000

[:] Em—
J00g0

Xy

X Xy [MASK] Xy X5

K 2-3 5 AEA Y = f # A 4 A [36]
221 WIEESEE
¥ i iE = ## (Masked Language Modeling, MLM) 2 % T
Transformer %545 2y W #£ A, H & BERT[11]f7 RoBERTa[41]&
HP#BARE, XAERABIHDETZEESHTIYIL%, BERT

17



F AN T T—4 TN (Next Sentence Prediction, NSP) £ 4, 7T
Weket, AR NEBRET FF. & 2E R H N\ TR
i [CLS] A2 [SEP], 3 HE&EALF[MASK] #ric & B4 77 F i F
oWl T B EEMRE LT OR&ER AN [MASK]L E 8947 & F 4+
AR, B EAPUTZAER"ES . W [CLS] &L KT
WA T TNE N5 F A E% R . RoBERTa 5 BERT £ AME, EE
vMlET T—aTNES, XA TEEEBHAASHEENF, HE
FAE AR, ERKBEEfr E £ B9 408 #HAT ) %
222 HEIRESEK

B ETEEE A ) KBS I HNF 7 T — AN R
MiEZ, HEERET Transformer @A E kLI, BETESHA
AR B AT A s AR 7 2 o AN B T — N 1R B9 A R R Y TR
M. REMEA, @ OpenAl B GPT Z7|# A [16][26]. Meta HY
LLaMA % 7|4 & [30]47 Google # PaLM % 7| # A [17]., ¥+, GPT-3
[16] 2 & MR A S5y A TS HAENTINSER , g =HE
FEAEWERTARES, FEWEEFTHERFTHAEY H,
2.2.3 FFAIEIFF 5

JF 53| F 5| A £ # 51 A 7 % Transformer 44 897 7 2| 7 7
A, BUE A R - 4, KRR @ T5[42]4
BART[43]. X W MEAHMKX A XA BEEZ AN HEGIESEAEN £
ZHHNAES, BEAA 24 [MASK] FHiFiCE BRI R FEERE
KEW—BFHFE, AERKER &£ RETRENTH. T2 77
EATUR A MR R ARANEL EREGNFHTFFINELT E
W FE 7 IR

RAEME, EHFTEZEARECTNAIEEEAEMENRT E
RRWEREFT . RESEE, WAGESR T, B EFTHEAENE
By A A B E T R A [5]
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2.3 IBEE RIER XA

BEAEABATEAFEATINE, EWMA. RAFI . &
WA T B3 %,

2.3.1 S REB MR

XEEFAEABRINANBAETEZCEGTHENETE. 8K
W% Res . mREIISAEE. aRWEAENSE, Lderdil4k
TERERENAHELANESEME 42,

BWRTVI SRR . -+ B 5= K Bl HY SR DL Rk AR 2 3
HEEAERNTNE, —HEETNAFRITERNAAMESE
P, BT UEFEAREFASIM AT LN EERER, AMEH
AR Ak, F - EREARE, £ AT e & EHEGF
R NDS % R b P AN R G A A
Fl, & =M ZWBERYNGREE, TF T 5010 456 X6 A8 F w2
ZHERBMERE— B, ZHEAA TR ET UEZ MUY AT
RAKRX, BRINAXREHE, REERHRREER, FIYHEm
WA T, BUEH A 55 o 7 B 5 3 XA R EZ TR 415 5 AHEE
e aiR, DR Y4, R CEE AEA CPM-2[34]+, XA
SR G R AR AR T DA A AR AL 2 TR S5 wi HA $2 3 37.5%. & LAY
EWHMY B % (Predictable Scaling) [26], & £ A& A )| 247 2,
FR AR Fu /N B (B TR % 2, BT HLA R 7 B0/ ME AL B 1 RE i
LT AEA MR, 35 AEA I . OpenAl 7 GPT-4 I 4+,
A 1000 £ % 10000 &% b i+ & % U8 ) 2k /N AL B & 3t T
GPT-4 X it at, AMEEMR T ERISERA,
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OpenAI KB ERN T—Ma T FH234~ 4580 (5 S A B8 S T
Bits Per word -Mean log Pass Rate
6.0 ® Observed 5 ®  Observed

=« Predicti \ — -+ Predicti
\ rediction 4 \ rediction
3.0 N *  gpt-4 N *  gpt-4
N
L] e
40 L — aCt + ¢ 3 ~ - =
“o () C°+c \IEp[log(pass_rate(C))} = axC~F
3.0 S, - 2 h )
-, -~ - S~ -~
20 ~o-o_ 1 e
0

. .
-_— —

10

100p 10n i 100u 0.01 1 i 104 100 0.001 0.01 0.1 1
Compute Compute

&l 2-4 GPT-4 897 T4 & 52 5 [26]

B HAE A 24, BERT Z /5y Transformer £ £ # & 8 K18
FAEBREFTEAAANEREMMMATE: (D Z—WFHEE, 848
ZMHEARETREES (k. FREE. BE. NES) 43|
—NMNE—WER, ARER—EAFTHATLANMMES, UEZHE RN
ERETAHE, ZHEF LR HAAENGEE, ARG T &
BALSMES MRz, XD T FRMEF A 2 hmER
MEZEURFEEE, REEAWEAE, A—E5F72EAH
frar R —REAMNFI ERNG—ES, o T5[42]Fr BART[43]%
WEHERETESF G —HUXARBXRWAERES; 2N AE
EABAFTNAEES, BLEFRTERMAXRFHEAARRITHE
B E R E T, AN FERELSHAE, (2) HEFRWERE
. M Transformer A A A H R BPWHERE | RFEEE,
WHRREE., REANRAFFEHATHMA. thao, Transformer H AT
ABEAFE U E A RNy, B ENFRZLEE N ON),
Transformer At 2 B A EERER, WA FIIHRK., HSHANNFE
ML, i, WA T —MEE Transformer 44 RetNet[44],
KA LEAERE A+ ER#HF (Retention ) HLH|, 782 AR BHEA M
RERy A al bR A AR AL I SRR . BT A N F AR ATE R
o AN EERNRFHAA, HEEAFAE Transformer + 7| A
FashAttention[45], %1 7 —f A& 10 R4, HiEERHE, NFEK
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WERAE %, CAWEMN TRAEEXFUY B EK AT AL
X H. i, BEHAABEREATI R ZRE, LA AR L
BB B, AR HATE RN, TEESREN I 5 E S
WELZA NG A EEpx, #ATIEEHE Google # Switch
Transformers [46]£7 Pathways[47] 424 . V& % K % #9 MoEfication 2
[48]. FastMoE % #][49]% .

oveos B LT oupuyt [T T 100
A

ﬂorkeﬂ \ Worker2 \
Eaen Pealie e

one | e |
\ gate / \ gate /
Input x0 E.__LE. Inputx1 .:h:l

&l 2-5 B 6T Z R A R AG[49]

2.3.2 EF NERRERCTOA
BT AEE & T AN F SR BE T 438 % 6: 2 4%
FAT F AU AR, I E EE AR MORE DU B E A AT
A EFR, WHHREE (WEFILE) HAE, ARTRER
W WO, BORT R EHERE ., WO HHEF K. 354
A0 5 3mSR E IO R R AR
A MW (Instruction Tuning)[21], & —FF ¥ LIH By & AR
EPANREZIRABENGET), EEFARE FZNEARNLES LW
FI Tk AT AWK E S EFETMIRAEN, B5 R R
LR ORI M E T AR Hal T ES A FIOIIGES TR/, &2
BEAEA N FEMALEAHFEBHAERT TS, AL 2
ARTEL T s Ry E A, PR R LB as —FBE

21



EHWIEA BAMBARARY RIEAEMB, FARKERR AL EF
EHE.

(1) {AHEME, BE s AR EHERARESBLWESD,
RETAEAPTEATRESNR, H T HBEBNEANERE, T
STIEXRRAZEFRTHTAMETHABANAEE S E LXIES
AAE A AT, fm FLAN[50]. InstructGPT[21]4F, ix L& &l 4 K N,
HIME 4 | B oR AR iy AR A R

(2) WAEERR, A ECE L HEENESFEALE.
BABEHEELA AT D EFTAFAIRERERE, R
K54 %4 % ©3F 1616 f 1 [ £ 489 Super-Natural Instruction[51].
2000 F# A~ NLP £ 4-# OPT-IML[52]. ii) f§BIi&E = AMEA B B 5
A, i Unnatural Instructions[53], # i #3541 A # RitiE
TAEA A BT AR A E A, AEFR B
%, i) BT ATARE A 3%, 0 ChatGPT £ A TAvEg4-#y &7k F iR
it GPT-3. InstructGPT £ 4 FEa & fl P E g4 4 4E.

() AT, EEAHAELHERAEEAREELS LAHEN
TEBE . AT, CNIAET S BIALTENATY, walEE
s & . k%R EAFH” £H kLA &[5, ERAREET,
FEABBET)AR R AL FESHEAEE, R KA KON EN K
. HTREIAX -, HAREFRHT “HALAMF7, HEEAE
A A6 ARNTH, ExXHF5ReBIIEEHRTE, &
FETHAAM. REZUERTEN., I, B4 FTEHELERKIEEA
BEAL B R I RE 7, AR A “Alignment Tax”, 4 SZIAEA & b
Ext ANEM BT, InstructGPT £ T —F & T A K R 5 803
Fik, AT RAFIEA, AR FHNERGHTE. L0E L,
ChatGPT .k /I 7 5 InstructGPT MMy A, U#HE~£ =5 HE H
TEWRH . 84X T8 iz b, 1B AR S E F X W Sl
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PRI ZEF M ARF I TANEL,

S B MM (Parameter-Efficient Tuning). £ #1LL BERT 44
FKHMRTE, REAEALE PR ANEH5ERE, AEH#HTL
SR, EEXMFEFERTENER: —2EFSE A, W
WA R 2 (8 570 KA — 2, X = 7l 2 B2 2w miR T
Beb. —REUTHEREK, B AEANSHAETIHK, FEER
ASHMHAFERETHERE AU LA ERERESHER
¥, R LA ESREIAAERETHES LREFLSHA
BR, BRFZ 58T EwEd, TEHTEARR 44 3 K
[40]: (L) HmX A% §EFREA LA P NFI SRR S,
FRHMEZEINT S . wERE (Adapter) 7%, §F /A
B AR GERE) EAB T GER &, JF H R x LE
DAEAT AN B2 i, 72 PR R A o, 1D AR Bl N £k
BRI NETEZ G, Ry R ZER TR (D /ERTE:
FEREAEREA R, EE AT INESH, HEZERELMS
o XEFEHEMT AR, W EIRAER N mETHEE
Hph s, BEARRTULEN 95%LL R &S MM E; (3D &
ZHEMTE: FREASTIEASHESHNIREE S HE N
B, R ENEE=E FANSH, EERRERNTEETNNFE
M. 11 LORA[B4], KA BB N EHIN T MR ES KL AT
MEARFE AR, BIW =W, + AW =W, +W,,,W,, o«

l B E S5 A i 250

\

— (o =1 wmstins

o=l — —1 (o= | eIk

PN Rt Deltafilifd 0 = "!! FEEA T

K 2-6 S ¥ B4R 3 A5 2. [40]
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SHEmBBAREEAREASHAEN. e RS, B
BRI &4 8, XM ARMGE — RFEAESR Delta Tuning[40]. — X H
5854 MR R T VR T Bk A &, RS 15 B4 OpenPrompt[55].
OpenDelta[56]% ., & T A EE & AMAS T U EE A A, — %%
T & R B A B A 2, 4o AdapterHub[57]. Delta Center[40]4% .
EIEE AR WR, BRBARS T HRE S AT, UFA—
MEZERN THESFER 7E. A4, LORABAIE Z AT
A TFIBEIE S AMA (40 LLaMA) DLSZ 35 40 3 AU .

2.33 BB KRR KIRRE

W AMEXARBERNEZ FHNIESTAER AL THEHEA
EHRKBHWBEGRS, EXLENEFT - LFEESH RIS
PRMERER, EAERNBMANFRITAENEEELARTIEHTH
AXBEES, BRARAER R TEA. KEEHNETEAFTRHAR
T An B AR R OR

FA®R (nstruction Prompt), .48 4 # <= > . OpenAl &
GPT-3 [16] % Bk #&H £ T X#®~, H &I GPT-3 AR T T
WK B ANKRAF, IEAERTRGETEFTL, IR ZXE. 3
AR B AR GE T AR E N TS, e il i 4R
“$7 (Prompt)” k4B H NN ETXUEFALATHES,
FEZERREGREEIEST AR TSR F M5y 3 AL [10]. 34
BTrAAEZMER: (D DPEART, B E— MR IEERTETM
te— BRI AR, (ENEE AR, ETURTIEE AHA#
TR ABANE 55 L AR E . D AR — kR,
Blonn @ 2 G E R PIEE . WA RERIF. (20 FHEART,
B AT ORISR, RACE—MEC R R TR R OE B K
A E 5 B R A X MR R BRI AR L d
Bt B RO e T 8 A (B HRT % - (3) £ X% X (In-context
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Learning, ICL), ®#EEZEY, BHEK — N ERIES FAERNES
AERWEN, FHhEEEENRE6]. FHEF T UEFEE
B M AN DBERET, EFATRAMEET EREFEXE
Ro BRFITUMMEAERTAERER, FATURFHLESL
FRRRFE R E A, KR ET, wEAAREARE. [T E

K 22 A
BREEHMES,
FREARR B> A
(Zero-Shot Prompt) (In-Context Learning) (Chain-of-Thought)
[ 25 ) L [E1 2% i 8L [ 225 i L
Q/NIETHENRS, F—&F Q: LK ASem, HAKEZADY | Q ENTBLKASem, HAKZEZ DT
158, 9 frf0bk. dhERR A: B E20cm. A MFIESE, FiA A2
FZ3k, WhFREE D RA R ? Q: /NEF20ER . ek T H A 0. Bk, BRI R4XSER =
HIL/5, Wit T 23R 20/E K. BERR0EK.
A: ZEIEL6. Q: NEF204ER . iz 7 Hrh
Q /NIETHE S, F—&H 175, Wads T2 bR
158, H_fH208. hkESK
RZ3HL, Wi E 2 >R A RENz 582
e —— l
( KB )
A BEREI2K.

FrLd, thEFHE35+3=11.67K. HARE
MZ2/3RIG 7L 11, BB RR12K.

A BERIER, | A /NI B EA 151203555 5 .

K 2-7 JUAR 3R S A A B

B 44 (Chain-of-Thought, CoT) [58]. # i £ % ¥ &
SRS R, BRLSHRBAFFEATRIENAE, TUESER
ERAWTEENE, BA#E—MRTEA, O# ZATHRAIEE A
EAW L PHEEREA, WHAIES AEA & R &5 B P E 2
B, KEUTAXERARER RN LB EFTELNES, EELHR
T, PHAZAEEHRESBRNFATFRAT DBEARTFHN (A,
W) X, BART A, B, Wl ZnAgH. BEEIL
HRIETAER W “HEALA”, BEAFEASHNEL AT — %
BREG, T BEHRABEBEN . RGBS AER B LN 7%,
ERTPHEESWERERENRBENAMH, FNETHECE D
B — AN KA A R RS (F 2-D.
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2.3.4 BT XEBU R R 58

miRE R N R EEE ARAEHMATFHERZR R, =
5 Allen Al Bt 50 A4 8L 0y 5] & /8 77, & 31 GPT-3 AL B H FlR L4
(false premise) #y & £ % R A B, wRMUAFERHJLAR
2?7, GPT-3 iA& % H A AR NTEEE., ARHNER
FiERAEREF IR LR F A& KA A X 4IH, REAER
FR B A B AL, AR B A T N R O\ R A AR S

________________________

iR |

AR

MR

1 . .. .
| Dibhydroartemisinin, a deriva- 1

1 tive of artemisinin, has a ! ‘Diﬁg
1 J
: Kﬁ)\ powerful killing effect on the red ;n Wnks
stage of malaria parasites. !

& 2-8 5 AER iR Ry 4 fFi

FRMS NHDOOR R RBEL, AR IR A — TR E
HEEMRWERN, B — 7k RR TR R ERR RS R A K
CRPSRVRIA-CR I PAE o

R X KET WA AR R R & e B IR A #AT R A
— M AREERNRAIIN G RETERNEFL, UERFIE
FEWRFMEER. Flan, EAT TR AR SRR AR R R E
NEEHILIEE. 7—FE, MR UMENEREHEE TN EHE
fE AR E AR, DT HAE EE A 2 .

FRLIR: A &R A G TN B AT A R B4, R R
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Ay R e AR # . Plam, AR B A 2R B B R A AR ETE
RAERFTE AR, 7 ZATEEREA . RAMBRE R 7| NLP £ 5.
B A AR E BN e T B AR, ERAEE TR E T AN
AN T R B AT

FR M. EA IR E N EE WA CRIRE, W IEBA T T
E5, lanwnie sl 4k, T F 0 g B F X AME R EE
BEEMAATH. BEl, MRIBEACH 2R TERAESEAE,
UL BERT A BBy & M I A A Z I AR EHE 0 £ 7 ik,
245 BEREBK TRES

BE AN AGEE, EEMKEKRS, THAHNT AL, £
R R AU E S, e B INIER R Z A w I, &5 AEAE
HHREEANHBTERBREREME A BAE, BEANMTASIES
AEATURELERBEZNEREFNLE, LFSHTATHERE
Fl ERAn A AR, BT ABAREIE SRR RIS

2021 4 &, OpenAl #£ 1 WebGPT[60], | GPT-3 5 M J il %
HIE R EXERB AR ERERXARFE EEH ¥R
1, BT EEAEAANH T EMAE FEANE KRBT 2T
RYFAFFEVEN ZXE, FEATHZERARAEEBRTEF
KRR PR THEE 77 %, 4 Webshop[61], £/ 1EE AER &K
ANEWF & EPAT — R FIHEAE G K P & 41 & . 2023 42 3 A, OpenAll
& A7 ChatGPT Plugins[62], 5231 ChatGPT i i & F 4130 46 1 e 3 86,
XE AR fE AR I, N EZE. PDF A%k, &E 8
H B X # 480 ¥ TR M. Meta /38 13 4 55k 09 S S A 31
P RIETE ARG AW T E, R A EEHEE (Augmented
Language Models) [63]. /& % A ¥ I H AR T B F 7r ik & -,
#HT T E¥3 (Tool Learning) AEZE[24], 4875 iL4E A &E 4% 32 f2 fn
FEREMIAETRESFHFEIIRE,
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() METHHTE ) ZETEEAFPRAENIE () BTFHEEEONTE
Py R TR B 3 1 (GUT) R
oy e =

FRE W% Softwares/SDK

E:‘E GitHub
Copilot

RIR M ¢

B 5 TH

B & .

Photoshop  Web

1
1
1
1
1
|
—— 1
1
I
1
1
1
1

WA B 1 M B
A1 2-9 AT H PO AT HE,K[24]

el R BB TEHAF B0 AR Ao A=k (H2-9: ¥
BEXEMIAE (wiBEA. FREP). ETEFVAPFENIE (W0
M Y #E . Office A%, ETHRBHEUNIE (WHKEE. &
REWE) F. NFIERHAERE, AT TAEFIHEZTET Uy
A HK[24]: —KE T E#E7E¥> (Tool-augmented Learning), #|/
AT EMPATER, HREMEREE., £X -0, TEFAT
RPN ER G R ERBRIHRE; F - RKETEEHF
(Tool-oriented Learning), ¥ % N EE g N BREE e 4e 5 TE
PATA S X— KRR ET K% R AKRER T EFHATFI R
RAHEAL,
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F 3T ZETKREEFAK

TETESEABERRNCAHRATAE, ZHESAEEE K, &
T.HEG. AAFLRSBERERRATF] . LESAELR S
VTEMRBRAEREREVE, PR MAEEF K AT E R AEE
(Bl e, EEmmEs) WiEL, FULBEIH ALK
S .

3.1 BIREKRFBEFAREFZR

NEMNEIES AR T EATG RN EMESN. @ HEERESH.
TN AR Y. IR RN S E S AEE,
311 HHERESFHWEBEAAKE

BHEBREFWNLZHEISAEA, EBOEHEEEET
Transformer Wy 2w . HHEEREM AR, AHEREFHNLE
BSAERI N HARRMLRAFEN BRENEE T FESH
FAEE B & — M F 80 Transformer W& AT 432, T £ R 4H
B, RSN 4B & Transformer W& #ATHBALE, X HWE 2
6] 77 75 — B4 AE R kA AL

LM — N BAR R EEXEMEE VILBERT[64], © X A
T —H B Transformer 89 5545, & 586 O AR Fn B G 208 4 Al A\ A
M 5L # Transformer 47 85 25 , £ & £ f] &% & 71 Transformer(Co-Attention
Transformer) 2 O AR fun B G B AE S ATRE A, BB T3 0K -B 8
BV ARSI B B 4. FRHAERFARNEZESHEST. £
A 7 — AR & & OpenAl 2 8 89 CLIP[65]AE &L, & X I # A4
3L Y AT T 48 B A SOR AT RFAE R R, B T F SR E 8
BrAE N\ B Z BB = a7, CLIP ¥F 4 BT #AT IS4, ¥
LK B A1EF B A 20 TR B A, AT R AR 2 o B AR TR ey
T A (zeroshot) 4-%kf 7. #—5 CLIP XE Rz
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ALIGNI[66], ATt ENET — M2 NG EER, FIHAE
A 10128 F B G- ORI BB S R T BALR Fr il w38 5 RAE
¥3 o CLIP 2ENEX &N, W VATT[67] A £ xf - X A-F
MBI L REA, &5 CLIP &1L, VATT B & MESAMHE N
EmE, AEkHEL %Jz‘%éu Transformer %/ 25, 44w o5 J5 0 4+
TEAETE X 4 B W A B R B 2 8] o 8 i 4 b2 5] R IR A,

(1) Contrastive pre-training (2) Create dataset classifier from label text

Text

> Encoder | l
y v v

il s

> 1 LTy | 10Ty | 1Ty

L || LT ||

Image I 3Ty | 13Ty [T

@—V - = — =

> Iy | [Ty [Ty [T

] 3-1 CLIP[65]4& & 42 4 &

BRI — B AR & E VL-BERT[68], © ¥ E&H L LK
o KRR X BURAE B 32 5 1 7 BERT W & Hyda N, 1L % a3
4 SCAR B A A0 B e N TR B Bk k B 15 B R AT R K, AN,
7 —REMF % UNITER [69], NXAT —H 2 E5 0 2 E ST %
Fk, MM THET®, ZEAR T 216G B G X 5 T ik,
FE B — S BT EBRE RGN E KB EIIRR, RIREHH
R &M 7 %4 VideoBERT[70]## ActBERT[71], £ # VideoBERT & —
MM-EEEE, CRE T XAMWMEN BERT FErIH A ; i
ACtBERT X J 7 —# & - F#l X RIVEME T %, W @ UK
AR e 2 R 15 B, AT AW+ oy 7 3045 Bk i<t T A A
BRI,

AN ERBEBEFNLESABRARZHU LR REN A
Aah, WS, AR AP T EETINGES LHTHR, IINE LW
WHEF R ITG—WE XV EFAENES T, Flin, Hd— A
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A 77 Florence[72], ©& & T {FHEA & N & FF THES, H&
T —ANESBESAER A N A E R TR B THEHE
B, BHEAE R S Sk HMERBRF I BN AR ERT AT EY &
B|x &, XA CoSwin & Fo2 5k 3 A& ~, 14 F METER & Ft
BHAER N R E AR -E T R IEE S

312 HHARESF WS ESAER

W AEREFHNEBES AR S IR, B . . FA7.
3D, HTHEMELMHBESAEWERMA . BRWFERANTEEER
HTFH| & pmER g A (diffusion models).

EFF & BRAER F, DALL-E[73] 2 # A R %&. E & & OpenAl
EAH—AET 4 CEHXHNEGHNEGERER, #LXHA
VQVAE[T4|H & B ami s GPT HAMEM, EUXARTS
FEEBT RBEMHAERFEMZAGES, WHRERGR GPT, 7 —#
2wy B A kAR AR AL A JRAT L I AT CogView # AU[75] (2o
3-2 fin), ©EAAS DALL-E RMMEH, (E2HE H+ XHEHX
REEGER, Hdt—TRET IHSARERAETHES LK RE
H iz A EE 77 . CogView £ & T XURERIM AR F 3] . BRIk E &
BaSEH THBEEENER. EXAE KT H L, XA FH £ K
HARERERMNTE, Flin, BE T E GIT[76]2 — MLX 2 UAM
ZEAAHE, T EHRAANHERAEZFATESES, ©
e — MNEGRR A HEA— A SOR R 2, HSUR AR A 8 A2 AL W S A
moEEah b, DLE ETE 7 ROk A R UK.
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Input Text: Input Image

Image Tokenize

(The head of a lovely cat.)

_ | (piscrete AutoEn od s
— R ZRVVERIK R, 3 §
O | Discretize
Text Tokenizer (sentence pieces) LICJ —— | [ [ — g
:}g_‘g 8\ 38 B éﬁ N
[ROI1] | Text Token .o Text Token [BASE] ‘ [BOI1] ‘ Image Token ‘ ...... Image Token | [EOI) ’
Text tokens, ranging from 8192 to 58192. 1024 Image tokens, ranging from O to 8192.
[ L |
[ NS " rransformer (GPT) il NS J

& 3-2 CogView [75]# A 42 4 &

P RER W TERE, 28 1 % S g # g = R ORI R B8R,
REBTRBEXANEE IR, RFIREHKE. ¥V oERAN—ME
Y77 % LDM[77], ¢ o8 JE 48 4 1 5 & M5 Bk 3R B AR XS B i TR RFAE
kik, BRATVHBERRZHEEGREES . 7 — BB HER
Stable Diffusion, ¥ # & LDM ZFF i AE ey X A Z & & Bk, =4
BT RER R R Tk BT FRERZ S, HIRNYT #ER R %
W 7 %= OpenAl #) DALL-E2[78] 5 4 #t# Imagen[79]. # &,
DALL-E2 § S A% — M #UM A & 5k R % CLIP W& 4w &, 4|
Gh— Mk ST BE ST RS CLIP A A By SCA R AR BE 4T 5| [ R R E S
B, AT SEI A BT, HFRARAT £ R EESE AN RN
ICECAZE . T Imagen & e XA #ATRERAE, ZEEAT HER
¥ RALBET R Y 64x64 B Z IR HEME G, RESBLHANE L
MRy AR A R R R w4 HE R 5| 1024x1024 5 &, 4w 3-3 AR
Wb, 5 DALL-E2 R Z, Imagen 5 7 #F1EZ AR T5 #&
DEBRROXAER, REEERAZXARE K £ LER; B,
Imagen & FL2 T T5 H A & BUA SCARSFAE £ R E R L2 T CLIP &
ANEGETEREES,
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Text “A Golden Retriever dog wearing a blue
‘ checkered beret and red dotted turtleneck.”

Frozen Text Encoder

lT(‘.xt, Embedding

Text-to-Image
Diffusion Model

164 x 64 Image

DU P Reso 1
-
Diffusion M |
256 x 256 Image
\d
Super-Resolution
Diffusion Model
1024 x 1024 Image ‘.‘
e
kl -

] 3-3 Imagen[79]4& & 42 # ]

313 ZBMERMERELFWEEIAKR

Transformer %5 2 38 13 X 6] 09 v & A7 AL % ok 2 3] 3 248 9 32 4#
REA, MBHERT R ENER AN FE EREN. AT ILEAFE
A& XHMHEANTT UEE 2N THES LN, o UKE
Transformer %A% S ME, RitH@RMEMR S ERESNLHE
AAEA, ldn, —A R J7 ik B K /R A Frey VL-TS[80]# 2L,
WENZEESEFR—AXRERES. BiEH, wE 3-4 R, %
A & Transformer %% 5 &40 B [B] VT By i A 25 4H i, H £ E 8T R
TA A IWNEE S5 HAE AR KA E B A SOR S b R A
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& 77 A, AP AE L A o B AR S-S — 9 7 B T AR A R R
FHBEARIGHEE, REEA Nz, XKTEN G N EEAK
A Unified VLP[81], T E &4 X &% E &ML EIXTE A
Transformer W%, %77 BT R EEE A B RIEH WL K i 2%
SRR . B, YERREER, EEABEGAN EMEE, T
MEMAZEAER N T AARBAR; YERABDESGER, TR
NBHRERER, F—EREEERN XK KRR, X REG
EEZN TGRS SHE, ENEEmEE.

[<vis,3>] [ </s> ]

* *
Bidirectional -—) Autoregressive
Multimodal Encoder Text Decoder

t t ot t t t t t t
[ visual ] [ grounding ] D ﬂ E ﬁ [ <s> ] [<vis,3> ]
\ J \

J

K] 3-4 VL-T5[80] 4 2 42 44 [&]

Mok, LA UK E T AR B A & REE N 5 & RES R HEN
LSRN E S, VLM £ A AR 6845 3 T2 o
ERREN XEFHUBETABEENERRIALBELSHNT. b
FRE, AEHTXARAEERNRERE., % ETIEXHRE T A
SHAMAMSETHENTER, A4, B AERAETISEIE F
FARNTEHELMER R, FHAERRLESBERNESN, X KK
AEHMTHE RS RDE, EBES5ET AER ZH0HRK,
Hp BEARDEMES AEENSHTUAZURBSHEE RE
WHHKE; EHEEF WA ENEMBE 2, AFHRLITHHE
34 BLIP-2[82] F #7 Q-former 4% (4nlA 3-5 frr), X KA
BEBREFAANBH)NAIE, £F B, NEELENMELRES
AR IE X 5F, BEFFAAANEG ABFNEESHE (WEE-
XA, PA-XA, FR-XAKESE), ETEGEXRERESHT
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ok, AR M BHTEBIECMAURFATHALZHESES, 1
B A R A S T ) S AR S SRV A BOREGE, BRI LE S
BEAMBERELRDR LESNE, SN FHAER E L ESHEF
%,

Queries  Inatruction

(2 0B @)(C D;DDJ Q-Former

Image Embeddings
Q-Former ]
T Fee o
“** Encoder
EE-EE i
; v L .
‘ 4

Fully
Connected
Instruction I

Input Image [DD DD][DD'DDJ [D E-H DJ (D OO0 DJ
Choose the correct option to the 7 Image . Ins .
following question: which picture Embeddings Queries nstruction
shows the pizza inside the over?
Options: (a) left one (b) right one.
Answer:

-

—t

T

Instruction Response

A 3-5 BLIP-2[82]44 ! 42 #4 ]

314 MRAKBEHLESAKE

AR TS AR & = B A RE S, Daess ¥ 3] 5| [&
KmiR, AT RAFZAZXWERATN, TFEIFHHER R
58X (Flank BaiRE#) BRARKN T E. Fit, HFRE
. GRE. SR EEE M IRE BEAN KR,
B8 S A AR W R iR R R A A . B, EFEEERER A L —
ANHLA F7 % 2 H B B9 ERNIE-VIL[83)# &, 4wl 3-6 Fror, &AM K-
BEEAFFNT X ABTH RN RERG R, ETYI4 LR F &
K I R R S R R K R AT D B B SR A TR AT A A
EmRER, WHENEANSZEATINSES, XEsEEHER
F A AR B B R A SR 2 8 4k B B A TR 15 B . T S iR B Y R
b, #AJ7EH KRISP[84], T 44 T Kd fmifl fu Bl a4 0l gy %
BN TE i BB R Fo g e B eI R 3038 o F B A my AR, WSt
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¥ Fn R B o S R s e A S ey AR, XA BR R DL AT IR A By A iR
®E, X URBA B HIRETR,

50 ) PREEE e

Scene Graph Knowledge

() - G

[Cwhite ]

Two-stream Cross-modal Transformers )
' x5 m— Gop o =
Fr 987 1 e ) o (Cear ) (Crown] (Giigwies)
L Je |5 TS e (] e
o % [ o] [nsiga]

*
—) Scenc Graph Parser

] 3-6 ERNIE-ViL[83]4£ %! %2 #4 [A]

3.2 BHIRBSKIEBRKERA

ZHEAABANKRBEAZEAETNAEERE . XA Y
2., BhEBEFISEARMINE. THEEEHHA.
321 ZHMBAER W W& &M%t

ERMELBESTNAFREST RBEAC, FEHORITUE
R AR B A BRI E . B, ERAEE G X AL,
i % 2 K | Transformer B &R AHE W% (CNN) E#EAEfES
ZWBWEFKRF; MATEHR, RrHENETRENES, BH
CATR A R E RN TN, MEEANEE I, KA LHE
BAEA R HBAMITIZRE  Fo a2 20, AT, HA G 2 Fuyig
7t R S I T T A AR PR, IF ] A ok 41 B B AT
B, dTEBRBMNEER SN RITHER, LR HREES
X Transformer, &% 7 &= ERIH 5 7 1o

HK, RuTEEABABA LM RS EERER Y, AHF
— RGBS ARBEA T I UET AER AR OHATHE, L — MR
* M 77 ik £ DeepMind #9 Flamingo[85]ML 7% 1B & A, ZAE A gk 454
A&, A X AEARTHAMBEXREETEHE, oA REES
BT ABRANSEREF B F IR R R R ALK, EHXA
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20 ZAC XTI Fr->UAC, 270 77 XA AOU- XA, 5 430 77 B SCR Y R T
BARHATH -E S B A%, Flamingo 24 AR (few-shot) # %
BAFF AR, TFFSNN GBI T A & X 5 A 4
S5 MES. m— M EMEEE KOSMOS-1[86], © ¥ — & T
Transformer 1% & 8 A 1F 38 JH 8 0, JF R0 20 5 4050 R 0 B 3 2
ERER “BF” o ZEARR 161058 E, EANES
BAERE %G, BREERAS (BIEFEAFS) URELETXHF
3 (BDBARFESD g7, v FAaQRBYR &iE. K F 2, B
TR AR, EFFRRINEES. W4, BT F — RV EA 2R
B EG., WMERAERS LLaMA[S7]% TR H1E 5 AH A Xt 4,

M EZB KM GPT-4 WL EASEMeE 1, HPM—PMRAERZ
ChatBridge[88], ©# £ N AT R AESRAX A EGCEE-HF. &
. AN NARAE, 55 # LD E I 5408 X B SR ER
PEEEAEAMENTE, EREAAEERERM, BEMRBEES
= RHEET .

wE, T EZBEETINE, RitE THEHE e AL P %4
MERRFAAEE. Bk, o BT T| N\ g4 a2
W EESEBAEREF R —MERT, AT EFH I FEMNZ
BAESE, XERY RN BESEBNF . AL B 02 5 Fo 35
DL E B R R AE B R R B
322 FEMIAKEW G WE¥ X

DLW -1EE HENIFREFI NG, 2HESAEAEANE LE
FIAEFEEAUT LA KA,

1) #AIETEME (Masked Language Modeling, MLM): ¥ A\ X &
75 o B L B BT IT 2 B R N R BRI B AT IC[MASK], A E
T 25 2 A AR BE R ARAE 7T W9 2 A A b 7T SOk T X B0 4% o i oy &2
W HART, W 37, ZESAER B L FATIFBIEES, #A
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B 45 75 A ALK SR L SR B AKIE S A, AT B A AT T
HEREEREBMS, XA %, o4 TKRA AT RMETE
%,

dog couch
(] []
A AL 2

O O O O OmM0000 .
By ‘djﬂ a [mask] is sitting on a [mask]

&l 3-7 # A iE = Tl
2) B EHEE (Masked Image Modeling, MIM): # A\ E#&
PN 4 XA A PR R SR B O 4 AR B B AL AR T [MASK], 45 T
NWHEARHERERBFHNEABAGAR S X AREHMESELNE
BT, TR 2 5 % 3 e B R 3. % M A AR AL A ] X A )
G AREERZIHEHARBEE. FHEALET XERERENX
2, UEFHEMEGANE, wHE 3-8,

kB G AL 2

O | 0O | O0O0O0000n0

4 [maskl o [mask] a dog is sitting on a couch

Kl 3-8 &AL A, 5 TR
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3) E#-XAILE (Image-Text Matching, 1TM): & & & #
BEREMEDEGEEE EZ T EAGS CRNAENEX T, E&
-XARTEESZEEZIBRE XN L AT, &F %2
e EREAR, BT E N ABEARX, RERL -4 X T EXIEE
AnSCAB I EE, AT 2 S B R e A 2 B B iE R BR, wo ] 3-9,

ZRRRERBIRE
ItEg-1 / ATEE-0

AN

[ RS 4R tgEE ]

ﬂ A juvenile golden retriever

A 3-9 BEBE XA
4) B #H-x Axt W2 X (Image-Text Contrastive Learning, ITC),
5 ] 3t b ST 7 kR T R e SO AR B AR B B AR X Y e B R ORI, A
[B] F AR Y 1] B RO HEIT, AT 2 5 B AR A SR Z [ R R BRI
X AFAE A R F AT B AR E AT SOR Z E T XK ER, A S HEAHE
FRM;EFW RS, wE 3-10,

RILEAE IR
/’ N\
\\:
| T‘ | T
| EREGEE [ AL }

T

A juvenile golden retriever

Al 3-10 E&- XA

323 FHAAKANTIHESMAER
SEAAEANRABRRERARARE THES LK

R, B, FEE S HORE IR T A A A B R T B R K
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ETHREESIET., Bol, SESABANHEAER X ZER
=

D BaREESFNERYAER: 285 AEENERIEN
WS, FEESFERE L HTFREEOMOE, BT XA,
R 2 ] 4 3 BARAE S B9 b B AR AE Fo RO, AT SE R 4 R AE 5B
ko

2) RARTHFIWERMEER: XitZLe EHETIILEESN
BAR, £ RTINS ERNE S, L EENTISEREERET
FEMEHENFELTHRTN TR THENES RAFIATFES
FIABMES LEEEATNEAER, RFE 24 LR R A
B EAE S, M4 T Y get i foit R,

) EXTEMEMNKWHEAMEER: S NMEFM4F 80 LH
ERERE, EAEATUAETFRMESZ 8 £ Z 8T SAER KL
T, ENEEMSFIHTIMEMNRE, EREZEFHRINS
BE R, A ENIE B SR FHTHREE R ENETEF,
TINAHAWSHEREEN, RAEREENSHRMEN.

A TN AR k8 SRR E T E I AT THEES,
WEEELHRARASEAANEAF L EF T HiE, Kk, W
ARFHESTNINECETANATFHN L ESHEAFAFIREN, H
AFHERBEID)FERENENTH A ER, RITWEES
A B A A BT 1% R A RE DAL X X PR B UL
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F4E KEFEBRFARES

MEAEARARNRELE, AERANAESKRLERERE,
H AW AHEA F 6 4o ChatGPT. X —% . MUK E K% R 4 APP,
MTUR. APl 0% 2 MWW MRS, F3@ 33 I dcE AL
Function Call Z= 52 AR AN T B, REBEA, ik A ESH
KR, SHER, FEAEELEER Y EAKRFHABL BRI,
B ABAWITRERLE, BRT kad L. @k, HHARASE XL T
BE AT AENAE, MEAERNHFQUFA =R R, FEE
AER IR, REF T IRERM TEE i &4 X 4 A0
EHEGES, w5 Al TR FRERMEK AN, AEAR B4 E
BlENESTF—RBART S, MABEENTE T E0AEMEIL
RAafhf, LGRS ZEN, TXHUEATES A EFNE.
4.1 HBIKIRBIFEE
(1) GPT %%

OpenAl B GPT Z 7| A £ AR EZ A EHIHME ARH, HF
ChatGPT f1 GPT-4 £ H MR EMHEA . ChatGPT & T4 & ff X A
gAMEERN, EANNAIREET EENHAHBASELFS .
AL 6 ChatGPT X # & K3k 32,000 54, T UHAT A M HES,
BERERE . HFEAKE. FEAENE, GPT-4 £#E 7@ a &
A1t ChatGPT ¥ 5%, BB 4B T QXM= 4, a4 E/E#HIEM
BN AW E R, NTTREESRENER, ERTAEENZE
AMEMAERTHGELR, B TR —WESERAEUBRTIHIFES,
B JA ChatGPT ## GPT-4 X i LAk, LT AEF CE T &MIT A
FodE R B AR AL b, Dt — SRR E A1 Tt . L, ChatGPT
Plus A 7 o LA Fl & F 3 tF R R A LB R B D F ok, WARA M
¥R T A ik R E AT
(2) Claude % 7|
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Claude % 7| # A & i1 Anthropic 7F % W JE1E 5 AR, HE &
% Claude 71 Claude-Instant 7 f# 45 2! B[ f# & # . 5 £ #7 Claude T 2023
# 3 F 15 Ak, #7 202347 H 11 H, E#H Z Claude-2. %%
P AE R S 3T 0 I BT SR & T AR R B9 58 % 3] A7 Constitutional
Al A (BalBNgGfEtF3) #TI1%, EERAEAWE
R, WA R EN. EE—RHIEZ, Claude & & X #F 100K 17 7T
H1 E T, 1 Claude-2 £ 2% B 2|7 200K & T E T, #HT
Claude 1.3, Claude 2 #1H EmRHE A6 77, [F BT EE4%5 4+ R E K AR

(3) PaLM % 7|

PaLM [17]# %|i& & A A i Google JF % . HEATH4 AT 2022
F 4 A KA, 12023 F3 A/JFT APl, PaLM % T Google #& H
iy Pathways #l &% > R G622, YA S L &1k 780B MF4F, WA
WEMT. 4. FE. TRAEELHHXNER. Bl PaLM £
H 8B. 62B. 540B =T E S #H EWEA A, Google £ X T %
f PaLM By B # B A& . Med-PaLM [89] £ PaLM 540B 1 & 57 % #& b
HAT T WO JEBRA, £ MedQA & [E57 F A% IE % FBUE T &4F &
%, PaLM-E [90] =& PaLM B9 Z B A h A, GBS I E 7 & F F H AL
HANTREEME S, 2023 £ 5 A, Google £ %7 7 PaLM 2, 1B 3 K&/
FrEF AL T, Google W XL R 54 &  340B, YHELE N
PaLM ¥ 5 & &£ % ,

(4) Bard

Bard & Google 7T X ¥y *{1E# A , # OpenAl % i ChatGPT Jz,
Google /O 23T H HE R F 7= £ B, FHItiEs T Bard BV A
K. 2023 42 F 6 H, Bard EX & i, H& EEAE Google Il 7T
ZWiEE AA LaMDA. JE4 Google 4 Bard JF B T # 4zt 7+ 4%,
BEAMBFEEEBEN. AmREEN. XFELIEFS. 2023
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#5 F, Google x 7 7 & T # —RiF& A% A PaLM 2 #y Bard,
(5) X0 —7F

X —F AT HE O AER By miR e E T AR, T 2023
3 A EAELTE#HN, 0 —F W EAEA SO0 KA EA T 2019
FERAM 8 ABLH, XN—FREMAHSLHEITK, = APP,
PITAR . APl B 0 % 2 A XM TT R %o X0— 5 —FEXAF I
BRER. ARRIFIENF] . RAERA, TEEHARLE, X
R IEEBFREEA, G5, UXC—s ARKWARE L
B HABESREAF. X0 —FET CREEF JEEHATIE,
Bk 5AE R B P B AR AG G SOR e 3R R A AT B4R T, AR AL 2k 1 JE 34 B
ARy 3%, HEFEFAIMAMHN I LFE. XO—FRERT
HEAE, BINMITE, REWRA, HRABEENGEAHWAR,
(6) K E KIAF AEA

HEE KN AER ZR AT 2023 £5 A 6 HAAWIEE
AR, RETETEREEAENL TR, XHLHERETA
BES, ARRAGFTHRAIZ = FMOFTHRARMK=AATE
FrlbsEBR B E N MR T B 3 7 Ak 481 TUE S ey (B A A TAF R
MEZY; 6 A9 HEKAERALE VIS IR, LI T F o580
. ZRANTE. BEMBFEANRFA; 8 A 15 HEKAHA AL
Bl V2.0 bR, M TREFLHESEAHATT RA. BB, T TAEY
REHRAEHEANA T BRI FAERNELT WL E N &
“CEK—IRA, A R W PR SR K E K AR A AL AL EE
7%= W e fo 5 B AR A Y AL A .

(7) FEAGETT

BB T ABEA Z B IR T 2023 9 A 7 HAAM T LS55 EE
FAEA, BRSHMIE. ARAE. ZBEEE,. mREEES, )
GHBALET 2023 57 A, T BRKL% A A, oA £ T
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G, AIRREEEN ERREBTT M, ERABAEIE &
FARA B, BTAERA N ERLHATT R, FEAEAR
R EE T R KRS Wb, BT AR L AL T 7 B4 o o A H
EEe S, IR E B E A,
(8) # X |7
AXTEmFEEEET “@X7 ARKAHRK, T20234F4AF
RAM2023 F8 H, MEZITIET 70125 %@ FIAL A furf iEAE A
CVEHBLLERES T RN ARNEMIEAS, WAEBRANES, wE
AR, AEXTF. RERDG. RELREZHNHERS . XAHE.
XABMEUR AR ENEE GO THEZFENEARERTE
%, BXTF e e & R A Fohee. o, MEBERE
W B AR R R Z R Z AR T A A E A
EXRE,
4.2 BBIFERIRE
421 REFFEES AR

FFRARR AR R X 2EE
LLaMA % 7] Meta LLAMA, LLAMA2 7B, 13B, 65B
Falcon % 7] TI Falcon 1.3B, 7.5B, 40B, 180B
70M, 160M, 410M,
Pythia # 71| EleutherAl Pythia 1B, 1.4B, 2.8B, 6.9B,
12B
60M, 220M, 770M,
T5 % 7 Google T5, mT5, FLAN-T5
3B, 11B
. . 560M, 1.1B, 1.7B, 3B,
BLOOM % 7| BigScience BLOOM, BLOOM-Z
7.1B, 176B
125M, 350M, 1.3B,
GPT-Neo EleutherAl GPT-Neo
2.7B
125M, 350M, 1.3B,
OPT % 7 Meta OPT, OPT-IML 2.7B, 6.7B, 13B, 30B,
66B, 175B
. MPT-Chat
MPT % 7| MosaicML 7B, 30B
MPT-Instruct
. . ERNIE 1.0, ERNIE 18M, 23M, 75M,
b NN a K
2.0, ERNIE 3.0 100M, 118M, 280M,
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340M, 550M

HelixGEM, HelixFold,

HelixGEM?2, 100K, 90M, 32M, 1B
HelixFold-Single
VIMER-CAE,
VIMER-StrucTexTv2,
80M, 129M, 1.1B, 17B
VIMER-UMS,
VIMER-UFO
b e s GLM, ChatGLM,
GLM %7 wRRF, A Al ChaiGLM?2, WebGLM 2B, 6B, 10B, 130B
Baichuan %] | 8 I & Baichuan, Baichuan2 | 7B, 13B
CPM 7 71 EFRALE AL | CPM-1, CPM-2, 1B, 2B, 2.6B, 5B,
T, wHEKF CPM-3, CPM-Bee 7B, 10B, 11B, 198B
M3 R I E . £ H
#EFZ 7 MindSpore. # A% L7 | &£+ a 350M, 2.6B, 13B

F5E, LT KRF

(1) LLaMA % 7|

LLaMA % 7| # R [30]2 —H 5 A M\ 7B 2| 65B By E a1 = 15
A, eMNAEZEE T A FHF NG, BoRT A A oIt A
MR BRI SRk et W A, T T B RO E R SO T (A B AR
%, XWHHEE @ Common Crawl. Wikipedia. OpenWebText2.
RealNews. Books % . LLaMA £ A {# f T AHAE 238 L&A ok
A, URBHEREMSHE, BOEFEFHL. LLaMA H AT
BT BB IR AT RR AR L IATRA, D B )| R An g
. B BH, LLaMA 13B 72 CommonsenseQA % 9 A E v R o #
17 GPT-3 (175B), T LLaMA 65B 5 & 1 % 894 & Chinchilla-70B
A1 PaLM-540B 8 #. % . LLaMA 1 | & D oy F 4 R 3K 2| s M B8
M EEMFEETATEAM®S. 5§ GPT A% E, LLaMA # A 4,
KA 7 decoder-only 24, EE M4 & 7 —8a A TIEH B, 0.
Pre-normalization, # 7 # & |44 € ¥, LLaMA %t &> Transformer
TR A #4T T RMSNorm V3 —1, ixX A )3 — 4k 77 i o DL 4 4% &
B M A V8 2% B 5] R, 4 v AR AN B i i 3R AR P B 5 SWIGLU B B 4K,

45




¥ ReLU 3 4 M 24 4 SWiGLU #uE B4k, 38 i W 4 o & 1k 88 /) Fr 3E
i, ERBSSHEFITEE; ROPE LERD, EAKNMANTH
FERCERSG, MREENENE—EA T LE%RD, RoPE L& %
A AR FE RN T FEN L EER, FAEAEFHZN
e, XEHKHFER LLAMA EREEREETEM. £, HEEHE
% EHEAF T BITHI 4
(2) Falcon % 7|

Falcon[31] # #| & & & & i T [ 7 4L th 89 & K €] #1 #F R %
(Technology Innovation Institute, TH) €12 &4+ RA1ET AEA, H&
T Apache 2.0 ¥ ¥ % A, Falcon AEA Kk B ol £ E 84 = /NEab
# A Falcon-7B, Falcon-40B, DL % Falcon-180B. = A4 A% & 7&
RefinedWe #x 5% Fil4wy, ZREE LT ) zilEm = ETE,
DR R R B AR, B A, = MERY TR TH R AR,
Falcon-7B % T #0252 28 A, JF 40 AL # 1Y RefinedWeb #X 48 &
FER LS FUANAFAETING. Bz, /% EWEE A
mEEE Y RM, HRERMKLAFF K. Falcon-40B ## 400 12
S8, HE 1 AUFRLEHETT NG, EXHFEHAANAE, £&
Hugging Face HV A R1IEE AB A HTH L HLF —. Z RV &FTW
Falcon 180B A& 1800 12 5% #y, # 3.5 H 105 & L#tATHII%. #
HARERE, RE, BAEMHRNRELAMEL T ERILE, &
Hugging Face ®J 7T R #E & A B A H T #H L & W 7T Meta ¥
LLaMA2-70B % % % F. £HEER +, ©WH L KT OpenAl
H) GPT 4, Mgt 54 80H PaLM 2 Large 48 %, 18 RH HER g —F
SH ' AN
(3) Pythia %7

Pythia[91] & Z| # A 2 dFE Al A T&H s 5L 5 EleutherAl JF
A — R ERREET AR, ZRFFA 16 MNESHEHER
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(70M-12B), #:Z DL 7T 440 B o9 U7 A B9 2 T8 E & (Pile) Lk
WHH. BMERHRMET 164 MER D E S AT EIARR, HH
RETERAFREHAKENTE, UES—FH . EleutherAl (£ A
MR ERMIAT 2 & Pythia ik, #—=&2 8 MEA, W% 8
FRENER R, —ERHEEE Pile L4, 7—E2NEETE
MinHashLSH ¥T & & 4 2 ja # Pile L #47)%, WEXE X 0.87. &
i xEAEE Pile KA &4 207B ANF 4, T E# Pile &4 300B A4
FiF. ET Pythia RFVEREAEEMEM EWELANATERRT,
Pythia R& &% A EFA R E WA R, LA OBREIERE
Y R B A A )| R S B L A A A Y o . B BT, Pythia R 7
HyAR AL DL e T R AR AL M 3k Hugging Face b E #EFREL, b7 LA i
Github 98 77 T @ 3 3,

(4) T5 Z 7

T5[42]#% A 2 &1 Google Brain HIFA £ 2019 FR HWH—MET
Transformer £ #9847 7] 2] 5% (Seq2Seq) #A, H+EHEZ K £
fbNLP 4 (W@, BE. FE%) B 1ME—WELT#
TN, ERAXKREXANGE —ERER, RIETHEEHNIEE, TS
AR T RAHEE VA g 1 R A& ok i Y kA2, I B(E A

THELRAASHAERETHERE., THOEAE L A NLP £ 4
FHBETRINZR, EATHERFHRZNEAFEEES. TS
ERAEFTNEANBEERT CA%ESR, X2 - a4 T #1t 750GB #y
FEXWTXAKENANEIERE, TS5 BALERT RNEHAEHE
A fo 548, M/NEIKSAE small, base. large. XL, XXL Ao
XXXL <A, Hf, XXXL L T5 A #F 110 245 %,
£ % A7 B 5 A 2 T Transformer (9T 4 & A 2 —,

(5) BLOOM %7

BigScience 7= 2022 £ # £/ T BLOOM % 7| # #[92] . BLOOM #
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H 1760 12 5% &, & — F £ F Transformer ## 55 25 2 # 1 1E 5 A AL,
FEA M ERIEE M I3 MREIEST LHATTG. AT 9% Eam
# 7+ BLOOM # A iy £ W 58 77, BT 78 & R A T A vt oy 77 ROk 18 15 8
EFa4uiES . s, BLOOM *t /R4 8 Transformer A8 4 7
HEMER. LT HEHENERWLEREE, BLOOM XA 7 ALIBI
BA, &ET keys 1 queries —FZ FBEERITEETZE 0%, BA
ALIBI #AFA /M EZEERWFFI0IRE 7y, (BEAERIFH| E a4
ok ER A IIG LR UK E S TR, ] 5 3L E 4w e
HABRAIGT EANKE. BLOOM EH A EZ GG BN #AT B
H—t, EEMREBNGRENE. aTINEAEERSH#, 52IEF
1A A, BLOOM J & # % fy1A R R+ 4 25 T AF4F, UEHF
% #1i% =, BLOOMZ 5 BLOOM #HAHF WA M 52 5%, #
4 130 12 F 7F 09 XA B #EATHOR, 38 33 L B B ik B R 1A AR Y
BA, T & 10-60 10 F /M X ARBATHMIAZ 5, EA Wt ae s
TF. Wi, T 1B UCEHEMTLLESHENRAK, HAEZEA
7 SGPT Bi-Encoder 77 £ # 4T g . B )%, FTUREFAS
JUE X ARBNER, THAR B MR L B, XA A e s e 3|
HAHHR N E S, 7l 4n bitext 248 . E Hr B REAE H B S
(6) GPT-Neo

GPT-Neo [93] % 7|# A & &1 EleutherAl JF & ¥4 E = A%
A, GPT-Neo £ T OpenAl 89 GPT A 7| A B £, EEZ XA T
a8 X Ey 77 ik #HAT I %R . GPT-Neo # & f£ & 1 Z B, FHHIK
KNS HEABEFELE M ERAEEREESFHENRIT &S K.
ZAERM W & A RA, GPT-Neo 2.7B, F 27 LM%, YR E % #4t
B BR P SCARSCHE AT, B8, XEMMT, FHLA
WIEHAE ZMEAE SR ELES LRIARFT, wifs Ak, BEMN
B4, Brlbz 4, EIT 4 125M, 350M F1 1.3B % 1 FE S K.

48



GPT-Neo W EHW — Mz A2 THBEFTRITAMHX 5 5,
EleutherAl 277 7 ZE A WA E, FEE AR A AT LA T &
G R A Z A, HIT R W S A K ry R A GPT-Neo Al iy
¥R, AFEMEREFWNHATGER, UEGHEEXLEE R LK
LR SR
(7) OPT %7

OPT[94]#£ A £ F Meta Al % 7 #7— 2 decoder-only #A&, 5
GPT-3 M % . A& GPT-3 EE FARF 3 M D FERF I FHRIHML
F IR 71, (BB A B SR i AR A A B R T 2 TR Y =, PR T #t
REXHERAR IR AT ALY E, MetaAl X4 T OPT #
A, HSHAHEN 125M 2| 175B 1%, FHFIE T <L B R A,
Ay, AREATTT FHNIEER, BEABET TR ET F 8
BEHEAMGI, AFRMEXOEA st —FHRRBET EEZNSF KT
Bo RTINSk EA, OPT-175B B tErbAE &, ENE RN A GPT-3
Wtz —. EHENEER7E, OPTEHEAT 2 M mMEEfE,
#1,#% RoBERTa #J BookCorpus #1 Stories, DL X ¥ #1#) CCNews A,
A% Pile #9 CommonCrawl. DM Mathematics. Project Gutenberg.
HackerNews. OpenSubtitles, OpenWebText2, USPTO #= Wikipedia.
P By ix SRt B A T AR R &AL IR, LA REEN R E
A e

(8) MPT %7

MPT(MosaicML Pretrained Transformer) % 7| # & & &5 MosaicML
HEWITETHAEA, MPT-7TB £ 2023 # 5 A X %, &
MPT-7B-Instruct. MPT-7B-Chat X % MPT-7B-StoryWriter-65k+ = 4 it
A, H & MPT-7B-StoryWriter-65k+ 3 £ 65K K & #y b T X #r A\, 2023
%6 A, MPT-30B %%, ## th MPT-7TB 5 Aeltat, #iL T 7
% GPT-3. R MPT-7B —#, MPT-30B .7 # >4 T # 8 #9 & 1K
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MPT-30B-Instruct 7= MPT-30B-Chat, ¥ {|17£ £ 46 15 4 Bf f o £ % 3§ &
FERIEE. MPT-30B EIZE#F 8000 FHKEM T XH
o, 38T ALIBI[95] X #F B K £ T X AR i 3¢ FlashAttention 52 3 & 2%
HEEMY KM . Fa T HAEKERS LA NES, MPT-30B
FIREABANRERE
(9) ERNIE %7

2019 4, BERKAAERREEEREREGFINTE, EHE
AAEERFEINFEEFTRGH R, R L IR I L
G-RTE¥FIAWMIA, DERATEBERZRAFIUE, FEEN
FEE AT LTINS AER . ERNIE[96] % Lk B EM. X
AR, BESEXEBRETEIGE S AR, ERATTE#E
£ PR R RFRE L 90 2T, & B AU E I GLUE,
SuperGlue %7 £, BFHF T E 20 2T, RAEA £ SR, Ef.
AL IR BB AT BAF )R, AR AT AE B R
wAn =k & o ERNIE 3.0 [97] A A & 5 & # & 4 %] 1000 12, &K
EECETNHER P 5 AN AN RIREE, £ T BELRE XK
5 A 5 R B By FAT TSR ik, (R 2T G549 4 iR o T 46 A C
AZBMERALT, KABRATHA S T RMCZmEERR N,
(10) GLM % 7|

GLM[98] # FIE R & & e K ¥ fu 1k Al 61 A FTIRIES
AEA, GLM XA 7 BEEHEFTE=REATINEES, FEEHAZEH
NG 7 AR AR £ RK XA F 75 2| FF 5.
AT B EFHBEATHIL, GLM XA T 4w ERD, £ %%k
TUMMENEXATHLERGR, F _ERT NN BHNLEE
Bo Wb, AT e REREMILP & F 0 EH, GLM-130B 7 LA
R INTA #TENFEL AT I mMEARR, AL ht,
GLM-130B 7 L7 4 5k RTX 3090 Ti (24G) & + = 8 5k RTX 2080 Ti
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(11G) W E F F#HTH#HE ., ChatGLM 2 X F GLM & F XA
62 LEHEMEET AR, TF20M8HWLTXKE. EFEAT EE
1 FACF Ry 3 GERHATIIS, % R XA AEE
Fd. B EAOR. RIFE B, ARRRENFE S F 2 MHINERA,
ChatGLM #f78 T& A BV A& R &6 71, GE4% & K B 47 & A KR 5 89 P 2%
5 GLM #1L, it INT4 & 1A P-Tuning v2[99] & & 24 8 B & %,
ChatGLM g4 1 7G T 7 By & 1+ T #4708 . £ ChatGLM #y & 4 |,
ChatGLM 2 £ /| 7 @& 1.4 705 # e s 3L TR AT B 4, JHHEA
N R A 5T B B 2o AR B AT 3 SR SR, R R — IR E n TR K B9 RE
71, EEMES BRI T, #iT FlashAttention # A, ChatGLM 2
A EERNK T X, XFENKTXKEXET 3.2 7 F4/4. i,
i 3T Multi-Query Attention #% A, ChatGLM 2 #E 4% 3t — % #i 3 A £ &
HE, B RNEF SR,

(11) Baichuan % 7|

Baichuan = & B JI| &7 86 7T X By FT R 7] B H 918 & AR, AUk
Wy SCAn 3 C benchmark F#HBUE R R T RFWAR, HET
Transformer ## 45 % %2 #7, Baichuan-7B & 7 A% 1.2 A0 5% L)l
M 70 L5 EERL, R FEIGE, &A 409 M ETXHHIKE,
Baichuan-13B £ Baichuan-7B ®y & #h F# — ¥ 3 A5 % = 2| 130
2, FEEERENER LIAT 14 712 F4#, #i12 LLaMA-13B
40%, = LF TR 13B RT TIAHBERLWER, EXFTH
Wi&, #F ALIBI &%, & A 4096 W ETXHOIKE, A
rotary-embedding, 2 AN E B AL BHEAXANMCERL T E, B8
REFwyshtete. B ERITET Bl SmaF2E, TG EREE
TP RF R CERE”, WMAFAER N E R KT E ) ey A
FoRT R E, YEAE G ERE, §)IIFTET INT8 1 INT4
W E WA, T 4E & RARE JLFRA AR A R FILT A AREK
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T #E AL 2 % JE F K. Baichuan2-7B ## Baichuan2-13B, ## T
26 TR EZ BT HEHTINE, ERE T E—RITREA B4
WA R GAERE ), MM S B ERAURHE I TRREEASHE
Mry ke b, AMEREHRY. RS, 2o, BHEEE EXERS
AR RFRA.
(12) CPM %7

CPM R 7| # A i v 7 8 R A T RE A7 58 P F i 4 K ¥ B9 A 1B R
%, HEI®# 7 CPM-1, CPM-2, CPM-3 #1 CPM-Bee A& A,
CPM-1[33], fE A EH ¥ X AMET N LK E S HA, HHF 26 L5,
EFNEELERXATEENAETESHA, DL 100GB #1484 £ 41,
BREAEFELHNTUESR, BFFH. M. XE. BE. HHE
ERA, EEANMNTHF XHEE EHEZREHA, CPM-1 £ 1E,
XAERELELTHESF, TRRIBEAFIXRTHAFES, #
R B AR, CPM-2[34) A X | “Ypib-MA " ER, @&
Wi E MM, mIRgA, BETRNEREA, RFEHE T AAETI
SRR AN SRy 1t BT g R LR e R IRl . CPM-3 2 & T BMTrain
= AR RAE R 23, TSR M BL R £ AL 5 R0 iR R AR
WNGHEA, EFFAfOHEAGEF LA L E. CPM-Bee #2 —
MNEATTER. AP BHANBELSHFREXEEHER, © XA
Transformer & EIVIZE A4y, i FU A& TR 4T 4 5 R BB IR A 4
EhE, RAET RS REHE LR RBIE, #—FBMATHER
Hy Bk &R A .
(13) #+#H £ 7|

MEAZ -+ o [100] B1 LAME 3852 e = O o W 3K BT BA Bk &t 1 T
ZH], HWATERFE “B =i 1”7 A2 [E P MindSpore 1242, XA &
SR e AT, fE 2048 FE ) A L #AT AR A XNk, Il
Gk RE AL L 2000 125 BTG £ REEHEA L, 1
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BHEEEEFENNAT SR, wramilEE, millr, aREE,
HiEEESE, AHAARBNIFEAZEIR. BEEHFKET
11 80TB Wy JR 46 448, @I IRLAESE . common crawl M T2 4E. =
FHE, BETEHRAREREMAEN ;AR ERH, EXHEFE
WK, FE. RETFGELERE, HRT —IMNLITBHEHRET
XERBRE. AR T BRAREKLANE N 26 10580+ X
NGBS HEA [1E# - 5B ] CPM, it 7 1.1TB 31 + K ek fh it
7 100GB & E#EENA T 2.6B 2 HMEN [ME £ a | EH,
FECKREW IO NTHES L#TT L. TRERKH, BEE
# a-26B tt CPM-2.6B A B ERNIETF I8, HAEEE
REFFNERFE] FE. LRALT B HH a-13B . &
& a-2.6B HA M MERE. TR B A RES A48 PPL 5 L,
13B Wy A e R T 2.6B, ULEAMEAR. A & o -13B A BR B AR A /D
BEARFI A

422 BRAFFELSESAER

TR AL R %l 242
KOSMOS-2 A 1.6B
OpenFlamingo & MPT 9B
BLIP-2 Salesforce OPT, FlanT5 12B
InstructBLIP Salesforce LLaMA 7B, 13B
MiniGPT-4 KAUST LLaMA 7B
LLaMA-Adapter V2 ég:g/\lé? e LLaMA 7B
ImageBind Meta VIiT, CLIP

ChatBridge TR E AT | LLaMA 7B
VisualGLM-6B B RF ChatGLM 7.8B
VisCPM EREARF CPM-Bee 10B
mPLUG-Owl MEEE LLaMA 7B
Qwen-VL [l B Qwen 9.6B

(1) KOSMOS-2
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KOSMOS-2[101] 2 f 1 I M #F % 2. 2 KOSMOS-1 4% A iy oy b
FRALEEAER, £+, KOSMOS-1 BEAME L ELHESE
FELVGH, ZEA B K GPT-4 LA, UM —&
WREES, ELETXHF (BDERF) Fat B EE T
(BREH AR ¥ 5D, KOSMOS-2 X A 5§ KOSMOS-1 48 [7] e A% A 22 4
Ak B AR A BB HAT ISR, FFE AR EF3E T X E G R 3 X
W AR EE ) .
(2) OpenFlamingo

OpenFlamingo[102]# A & DeepMind Flamingo #£ & & JF JE £ 31,
W, ISR S A AR A B )| 4 Au it 5. OpenFlamingo £ f 22 X i
BEAK—ATNGHIA T REEN—METAEREEGE R, U2
EAR S EAKESE (Flir Multimodal C4) #4714, ¥ L5
DL2C 48 B B AR SUAR A e N SR 2847 SUR A K. 7 2m, OpenFlamingo 7]
T =R EGREARAL, 3 RYE B RASCR B £ R F L%, X ER
H R g F £ T U ] R N HTE S
(3) BLIP-2

BLIP-2[82]# i — "R ER N EWHHETA T HASZ B £
B, ZHEBRE S PWAM BTN & — W BUAR S B 4 A 25 T
FAREETERTFI . F_MBENREANRENIESHAF| FEES
ERF . BLIP-2 £ MAEIETES LT & AHWER, R
EE5NATEMAL, TIHRNSHHALE D, i, BLIP-2 #A A
F AR VQAV2 L I Flamingo 80B & 8.7%, 7 )| %4 54k 8. /> 7 54 1%,
(4) InstructBLIP

InstructBLIP[103] 84 4 & & it T — M Al w18 & 38 4 Bl 77 %,
TET NG BLIP-2 28, XA E 484 AT MR, Bk,
InstructBlip £/ 7 BLIP-2 94, H— N EGEREE, —MEEA
WA A —A- Q-Former BIR K R P & . FHEHXA T 154 R AR
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TWRERFOIAE, HATR TR ET AEE £ R XK, FlEbaig
SEGERDERRFANAREFME, IHENFALETHTE KA
o, RBBARERIEA, FTUERETHA RS E RN TFAE, FA
HTAANT—HAE R, ETHANHROER 2R, TUEFERR
ES PR i 2 &
(5) MiniGPT-4

MiniGPT-4[104]6 H 1& & AR A R AN w 15 = M, WS ae
NEEGRAEE. EARANK G HEFES AER Vicuna[109]#
THEAN%. Bk, MiniGPT-4 £ f — Mg & E k¥ kK & BLIP-2
HY VR 25 AL S A 28 5 R 45 B9 Vicuna 1B 5 A A (£ F LLaMA 54 %
WRED 5F. HE L HAM B KIS MiniGPT-4. % — M N
B R K29 500 77 AR - XA #HATH -1 E X F N & A K
PO B AT 2 S48 A B0 LUSR & 2 AR ik FT JE A AR R
MiniGPT-4 gE4% 7= 4 ¥ % £l T GPT-4 & B RN # XK B S /8 A
(6) LLaMA-Adapter V2

LlaMA-Adapter V2[105] 2 — M 5 # &l w g 4R . Bk
o, BERBLBUELTFISH (Flinhd, mEFLAD RE®E
LIaMA Adapter, X2 540435 4B g6 /1 4 21 LLaMA B
o HOk, RAT M RERA K, KT ATICRES FHNIES
AER, A TESMELAA T MR, K5, BIRUTAEZHF
N 5HE, FINT HR- XA MEARBEENTRSINETR. Z
KA BHER T A FARALAREXFAMESZ T3, A
IABENE X AR EER LA T REESHEE, sRAIEF,
ZEAKFISNEREAE (FlwF EIOCR R %) & 7 2
LLaMA-Adapter #, Dt — P L EGEME .
(7) ImageBind

ImageBind[106] & Meta X # Ry E A, w09 B 47 & F| A B & A +.0
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HEFI]—AMENEE, BXAR, BHEAM. FH. KE (3D, #
(LIAMESED) FEMENE £0 (IMU) AAES BB E 2| X F
— MR, B, EXAE ] LRI A A A R AT
T%, WAk gER G E RERE 4, TTLAFMAKEE. AR
(8) ChatBridge

ChatBridge[88]2 — 3T A iy Z A IEE A, FIFE WKL
REMME AR, NEBELAERZBWER, TXHEXR, B, WA
WM., TMINEAERAAWERR N SR EER, ZEA CFHN
BN E, BERENMSEIETNF, RABESHEX BT EF
NN, BTRRZES M4 KA, EHERA P WEEXM.
ChatBridge & H X A& . E&. FMEAMEEASE RN 2 T
PRI RFHOERAZEI A,
(9) VisualGLM-6B

VisualGLM-6B[107] & & # & # & ChatGLM-6B 5 [ % # &
BLIP2-Qformer % &1 1% 2l B — M S A5 AME AL, Hgbas % 44w Au
BEERAUAREREF, BATE RN ZEE KT CogView
#HHE & + 3000 77 AN ' B P SCE G- SOR A, BLR 3 AN 3
XEG- XA HTTINE. IHFTEEATELAEECRITHE
ChatGLM #yiE X & [E X 7+ . MM &, ZE R E KR 5 2 404E
& FHTIE, UERMFEARRITFHESE.
(10) VisCPM

VisCPM[108] 2 — M £ A A A £ 7|, H F 1 VisCPM-Chat £
AXFFENENSBESHER S, T VisSCPM-Paint 4% 81 57 & |
Kl £ i BE 71 . ViISCPM £ T B 54 &1 5 A# 4 CPM-Bee (10B)
Wk, BAMT RAEFETY HHEANATFLDEUIFALET
A . B2 T CPM-Bee % WM IERE A, VisCPM F LU

M
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W EXLZESHETNE, 2 EHAFXLESES.
(111) mPLUG-OwI

P B 3k BE I B mPLUG-OWI[110] A A% 2L W] DL # & M I 4 45,
BHREEG. XA, 0%, CXH T BN EAGE 7%, #2468
A HLAE B T 2k R Ao 2 i R A S0 B R 3E, BT LA 3R 8 A0 T Ak
ERMEBEES. EREANSESEAML, mPLUG-OwWl & £ & 1
EHERAE I THEE A, TR B A EN R E MY R,
A LUAR 48 S 7 7 B AT R B0 E A fh AL,
(12) Qwen-VL

Qwen-VL[111] EXHFFEXE LM EFE AT ESTHEA,
Qwen-VL VL X F 1[5 70 125 % HEA Qwen-7B 4 &K i F A,
EEARM NN REGE, EFREMNTEARE SR, FHEL
BRIt A2, LEA BE MWK E S E R mmBE g . &
T EEERNE SRR, #ik. FIERXER A Z 4, Qwen-VL &
HEEMw e, HERFXFEMBRERN,
4.3 HBIFFERSETHA

PyTorch: PyTorch[27] B & 42 T JL#F An 3 - 7 LB AT IR A,
14 74888  (bucketing gradients). i 1z #n it £ i # & (overlapping
computation with communication ) PL X% % # Z 2 # ( gradient
accumulation) [ Ex Bkt #% & Bl 25 (skipping gradient synchronization).
PyTorch 47 & #3347 7] LLJF 256 I~ GPU A B|#HEH LMW T B
WA2E., £ DP wyEs £, FAXFF DDP, &A1 S HHF B A
MR G| KA RN E, XFLINE WS ARINE. — &k,
DDP #t % kT DP, g e (kT FH Rk, EERKFR
GPU et x#E T EMNEEZNSHEE. & 111 A /G, PyTorch
T X ¥ FSDP B A, U ENERWEHR 2 EA T LW EHEE
NEF, DERNT EFNEESR, Eye AER BRI,
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Tensorflow: TensorFlow[112];Z — X & Google Brain &l A 7T & 8y
TR F IER, #) Z A TEMREFIOE. e UALESL
MHEERE, AFEG. BEMXASE, BEGENIBEEMTY B
P . TensorFlow & f £ i BT FAE A sk #Z Al s I8, AP
DB X EEM T EAHERE LN ZE LM EER, I
5, TensorFlow L4247 K L H 2. A RBAHELET A, UL
EF P2 A FEATHE A Y S Ao ff 4k . TensorFlow & £ AN4FURA | 32 B AL
A, BFEAEERE. HGRAFIEFTRANE. 7 U REHIEAT
EFFEBMHEFEE L, A% CPU. GPU # TPU % . TensorFlow 42 £
T &R AP, IR F LUREAGE, WA EREF I EA,

PaddlePaddle: % % (PaddlePaddle[113], Parallel Distributed Deep
Learning) 2 RERFFFEF K. BEExH 2. W TEHN TV REE
FIAER CEINENVNFREFT A CHE KRS HEE )| %68
71, MEAEAXRFHENREY T 4D BA AT R, UL TR
FHaEA, TURA AR NEZ KR AFENEAZ —, KXH
SR ANERAENIREZ WA CEETENT) ZMAH, wE R
7%, ERMESR. BEME. BEME. FENM. 30 ERNIE %
%, BEAEMEEF. AESHEFENITENART (CV) BRES
AFE (NLP) BRI A=, XEHET A %& /%AW Embedding EH#
A KB FEENHEFE RIET =,

MindSpore: MindSpore[114]:2 —# & Al T 3wl = 2 = W T IR
W% ) G IHFEAEL ., MindSpore AERAFICE F A EEH A,
TEIEATE R A E R iE A RIFAEE /. MindSpore 1 A& T4 Y]
BRAEGSHE. 2=E 5. 5 Al 5iiE L\ F 45 & . MindSpore &
BHET 285 E API, 2 MindArmour. MindSpore Hub. Mindlnsight
&, FEFREFHTZ2WSE., HRALZ | TS ERE.

Jittor: Jittor[115]2 — - & TRIM A EM T HE TR ERERE ¥

\
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SIHEZR, Jittor ik T B TRFHMPEME, TTUAER & fmEal
i, Jittor 5 PyTorch %, ¥ DA77 #H#0K PyTorch 42 5L #%
2| Jittor A£% £, Jittor XFLMEHF &, @F CPU, GPU, TPU
&, Jittor EEREBHERET FL RN, wETREG. BEFR
AR ENE. AR NE,

OneFlow: OneFlow[116][116] &6 4 X473 I T £ WL % F I 437
=, EEARFRAHIATITEMESLE, OneFlow 2 EAN X E
BB R A —ANEERE, AP UUNE B A A E SRR
W&o WA OneFlow f1 TensorFlow —#f, 5237 [ & )
25 P Ao i S B 09 3CO8E, T B o e B 2 A AR d - 7 (R . b4, OneFlow
F2T PyTorch, XF#¥#E + #AWR G T HA, FRERAHFATI
R,

Colossal-Al: “&XR” (Colossal-Al[117]), #H#7T — R 73474
tr, BT LHEIHIT. AABERNE, BENESFBE. HRIUANF
ERUF R, RAFATNERE, BT ARG LERAER,
TERMGMRER, 7T RAUEH. #AATE @I EKEWE
MO GE R AR, E=ZFEHATT M RUEFRE. HRITUAN
7. BEREERE. SXAABEALIRYIGHELTEFNENLAZE
xR, ARZAE, TFERAPFIERN SRR TR, Ll fT
ERHRBER. RFEERLENK, EFUERSTRE AL
#l. PyTorch KAy REFATIHHANERH L, TFAXOHTRE
4

Megatron-LM : Megratron[118] £ NVIDIA # H 8 —f &£ T
PyTorch 7 A RN A AMBEETEAWENY, ATINEET
Transformer MW E R EZ A, 42 Transformer #AT T & [1H
htt, EEXFHZAER FATH T Z . Megatron XT3 24 T XFH A
AHY Transformer # A By SRy, B b XX R G oA AU R
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BARIAT, WL FHEAFAT, B Tensor FATH Pipeline F 4T
EARATHFA. BEEET EWAHE AN pipeline &4 5
communication 3, &L LM IATHFAWE G, 7 LLIEAEA B
% E M, B0 EE LayerNorm F7 Dropout 3 N\ E 3t — )
o, EREANFEMECATNREESABE mEGTHNELT
ST AT,

DeepSpeed: £ 2021 4 2 AW, MM AW T — K4 H
DeepSpeed[29] M BB A M A YL T E, Kb a4 T —MHHTWEF
B A—F T4 M ZE ((Zero Redundancy Optimizer, ZeRO), %
BAERT EQHREBATINELEFERNAETNRER, AT
BAHIER T AR NENEGES . NEXNAEHE, MEKFEELAHT
ZeRO-1, ZeRO-2, ZeRO-3 #fu ZeRO-3 Offload, £ AZIH T GPU #
AR BBy & K . 2T DeepSpeed, WA & T EH 170 12
SN ERET ERAEE, 4N Turing-NLG. 2021 4 A, #H T ¢
% X FF I % 2000 128 7| 5 BN EH) ZeRO-2. B Bl & # A ZeRO-3
Offload 7] LL 52 7 512 ¥ V100 L4 F 05 BHAHEH AR,

4.4 RIZBBNZEHR

BELABEHVHARER, AMTFORENMELER 2, W
R MBS UWIEE AR N, LT ENRECE S ES HIE.
REHE. NI EHEF LML,
441 RERWNEHEEALBREAR R

BAR KA Y S4B R Z 242 (scaling law), B, EA 5%
EARBEAUGHFERT XA, ], MUAR T ERAESRER =
U AR RE BRI, LA E 7B W/ N AEH A B
(Textbooks) & it & By KAL) R 8K 4E (@45 A web b 16 by Z A4
4 &% & (6B tokens) DL B f# Fl GPT-3.5 4 R By # A 4 fn 4k 3] (1B
tokens)), % 1.3B # & phi-1 7 KA & HumanEval t Pass@1
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R FEILEF| T 50.6%, MM GPT-3.5 (1758, #if 2TB 4% IE)
A7%, %77 kA, BN ESRENEAE, T UAAERAEE)
GEENHEAE, BFEERRFEN. THE/LEAA TRAKER
£ B TALE 77 % [119].

FERR: B AEANATFETRRAELE, TEFTAF
K7k BTHRBNTEMETEARN 7. ETHRENT &
BNGF—MXRFEABER, AR LRERESE. Flm,
GPT3. PaLM[17]#" GLaM[120]4% & 72 Il SR & B A S B AL Fl T & T
A RBWTTE TET B &AM 77 % N2 1 — A B AU ok
HBREREXAK, TEAFEZLIER. HFLE., G ELERX
H217 3T JE, 40 BLOOM #u Gopher[121]#5 % F 7 £ T B & X # #7 i

£ B AERNEKENETHNEEREL T HER &
e, BRIEE AEA WL K, TR EIRE. HILE
B BB/ HAT IR ER . XARTUA KX (Text Duplicate Detection) 4,
RAXAEERN, EEREEABERMEEARRTNEMESFZ—,
BZHERTHRAEZTULATERE LW XAEEL, aFHT. &
FEUBXELRELA, TURRREFSEAWINERER.

feAAER: TIAHEF TG RARBINMAGER, Hk
At FEE RS, TR E A, REBEN T EERAETHANNE L
il R B AL KA o I v DUGE R 2 T 8 SEARIR A 09 Sk, A 4048
W, MR EESHEMNAGRENE, R TMREESE, X
Tk E Fl T & T Transformer B9 A, HF4E& S BEBERE A, UL
E AT 100 MIE T UK, HIREFHRAE R

Lar, AMANESNFERENTAAELHE, MALFESR
EMATIREHE, ATHEAMREES. B ARAEEFEAKR
REAAHNEAFATERAANGY, FEEREFERGTRT, #
A B oR K B @4 e T JLAP[122]:
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L4 (Plain): XA KA WMETEN T HRELN S K.
WEARBFBERIT—RINES, FHRESETRENSH
M, DUEMA GRS T AR [E) 25 AL By ] AR E K

D EFEARER (Few-shot): X KA WETE ZMEARK
=AM A URIZIEA N L DN EE R, X R B RZ =
WILESHAe 4, HH R =S BB E A5

£ TR PR (User-based): X fy &k & 7 F EARE A R
WERAFERAZARRERT . XEERZORAETHERT
F P oL IR R B, E AR E A R AZ R T B VE A 1A S A

ET LR RENEEMRELREE, FEEE - REKEEAT IR

IR B B [122]:

SFTRESR, MEARSREMANTT S H— L5 6 F RN
TSR, REEXLHELHTAREF .

RM#ER, A1\, ERLLHE M WHER, TiE
RATEESNERTANET, R EZXAER ENFE— K
A,

PPOK#E &, BAMEM ARTLE, FERNFTHEA.

HEHREMRET ST, REREETHER, FETXEALERE
REARE. Flan, HEEBEFATHENNUL B BERA S 89 RIE,
XEEHFWENUARNTETHE, MELEEERKE. I, B
A DR Bt A TARE 46 R — S

SERSABUFERANBN L ESNEKE, ZRHEOKE
EABREEALTEESKEEA, FHEUMERRNEZEEAZIATE
BRZEANFTHERELBAIRENT E ARLFEE L F B[
FAE: W EARYEERETNER ., WA FHE L) 4EK
B URWTENETENEFINKEF.
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442 RERERANATHEES
Y EEH A —HABAKESE, BELHES. REXENKE
£ B4 ALIGN[66]. VAST-27M[123]. WebVid-2.5M[124]% % # %
¥ 4E &, i a4 BookCorpus[125].Common Crawl[126] .HH-RLHF[127]
SEEAEALHEE,
k1 AERERANNTHES

BE|ERE  HEELK HEEEAN
EE AHEAR BookCorpus 2.24G, At 11000 &A@ FH, WES
NEHHKEE R EAFRA (/N FEIE),

OpenWebText[126] 38G, \ Reddit 3£ 8y URL + &£ Bl Y
Web W%, BEDPHET 3 K%K,

Common Crawl PB &, — PMARMILIMBEESE, &
B W T HE . TTEAE IR BRSO R BL
FWE,

The Pile[127] 825G, —MAHMAME. LML, R XA
YESE, NAEERHE. W3, R, #
F XA AR &

e AEAI Stanford 21.7M, FHIEHI SFT & HAW BB R, B4
AMIAEKESE  Alpaca[128] 52000 £ 154 %18, WE6E. A&, %

. REELSNEE,

static-hh[129] 90M, JHIEHY SFT Z Hh#tiE &, &4 100
000 % A k2 1% %4, =1 LAION. Together.
Ontocord.ai X = /ML £ E GI1E, A Txf
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REERE  KEELK

ShareGPT[130]

EEAKIE HH-RLHF
% X B K
RS

zhihu_rIhf_3k[131]

BeaverTails[132]

B H-X A% SBU[133]

Ky E A A
EREEPN S

1.8G, ShareGPT ##E& & — 1" & Al 7 £ =
WA E SFT H#ER, Ba T #1104 %
B EAE . £/, R F R X IE
A, WEWI, AL, HFE. FHK. H0A
FELMEA,

120M, Anthropic € Z 8y A & RLHF | 4 %
%, &4 161000 # A TAFEREIE. /7
HEAREAARFEHCHBEAZHNREE
M, REERAH#THIE. BREFEA
R 2R m AR AR A RIS R
FREA R T EAFA LT L E B —A
EHE, HIRMEALRFHEHE.

16M, 41177 JE 8 RLHF $04E % , 4.4 3 000
FETHFHEMARRTHE, @0F
AR R B R SR B B (chosen) AR
(rejected) By [EIZ, 7 LLFIT R Al Y
gk

52M, A HEAF RN RLHF $#E £, &
% 302000 MIERS, EETT74 AL
T EFFIE A 16 A4 helpful A2 harmless 7
MNEFE

IM, B R -#7 #E A
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KEERH

WI-X A%

AXHFSHES
KER

HEELK
COCO [134]

Visual

Genome[135]
Conceptual [136]
ALIGN
COYO-700M[137]
HowTol00M[138]
WebVid-2.5M

YT-Temporal-180M
[139]

HD-VILA-100M[1
40]

VALOR-1M[141]

VAST-27M

¥ IEE G
330K, & H/1.5M #F A

108K, [ F-#% 1 &t

12M, B Fram Al xf
1.8B, W f -4 At
74TM, & F-Ar L A
136M, LA A A7 4 /134 500 /)N Bf
2.5M, HLAA AL /13 000 /N Ef

1.8M,  ALITAT 72 %

100M, #0974 AL At

IM, HI-F - AEL

2TM, AT - 5 A -F - SORF B A
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#58 ANRENALIIGSHEIERRE

WEES MR N EE NI RA, AEERFL. %
I EMEE RN AL R, RFARKBA L. B EIEN
BeEXE REFIELERRET BN AR B £ F=Fo i fl R T %
BMXE, R L, A, B%. BERREE L AHH., o, B
WREFIERLT AL EHF N ERA R E RN, #H—FRAE
BRIt E A M A, R (R A AR B TR o R R AR
5.1 KRBT L 511%

HTAERSEMEL, TEFAGFHENTFREEE M, SHAX
Al R, FERBOAABEARARE, Bk, AERTFT LN
Kk FERAEETHREF I EEXNE L0 A R IFAT R o 94T A
WRE. ¥ T XFEM S ARATHKE, FEA—EHE. RE. &
WHZ THERMAER T ERE, (7 7 ¥ DUF s 34T A ) 45 A
Wk, T ERREAETEAAENFTES . AEET LGB T
B AR R TR R 7 vk X, AR A B e AL L TE R
REEFTAMAERFTE, FHALAREF ) ATHER TN
k.

AN FERINAE EEIGHETE, BF. AEMAEEHY
REFMA, ERIEEEKGENTRT, RENEELE, A&
HERABETAERGRINENEN RERMAFT EFENTAF B
TH: —RRENRNTE, BFERF NIRRT FRET
B, BAEMEFERMTNE &, BRBETEIR P NL K
RHJ B & & (Checkpointing ) 7 3, MR W F 8
ZeRO-Offload[142] 77 i, BN i ¥ 248 fn it £ A GPU ## 5| CPU,
DL D 2 P 4 580 1H) GPU W7 & RN ik, — R 2R &7
%, WL AAMA, B2 HEREITET R EWE D GPU — &
ATINGEANER, XRFTHREFERBEHAT. KEHAT. RALHT
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T, A5 BAHATES AT mERE, TAHTEANA,

HAEIHAT[143]: HEATEENREEF L EWERSH,
BEAEAERA, ERICNEWRANSKE, ERETELSEHE
5, "5 EY AllReduce 6, REENMLEEMTHTEHE
o BIEIATHME B R ZIAFE A XG5, ¥ LA 8 An BB AT
BHREINEREL, ZEURAE AL AR IFATEEZ —,

Tk EFAT[LI8: KEHTRUHEN L FE — ENKEZEHF
B MM TR, AR AR R S B M 4, R E
SRPAT, ERFEEREIH)AXBEHTAEG. KEHFTHIML
BRI URSFIF 2 2 BENITER S, BT AFEFFINER,
B F Bt & B AT B e 1 5 AL AR R A R T B IE AR M A
M, 538 5 FE R Fu g ST

A& FHAT[16][144][145]): X ff HAT 5w 2 4 4 4 ) 4 F B9 1
EREAEAEEIAT, ETHPIATEZ AWK E RS AN R EEE
Hro T AR SRR AKLIATHEE K, I # 1F1B. Interleaving
IFIB &R EH &, BB E-1HEEEW 7 AR E A,
’EERINERE,

a4 5 HOFATI146]: X A AT K us 2 — PP R sk 9 BB HAT 77 K,
vEH LB R ERS. SEMERERSHET 2B ARMAES L,
RETE AL FHE N, 2 HS B TR R R LR B RAE
MO f b, B mEEATEERESER)IEEL, ETHEA
H“2E A S 800 R+ 4R 1B BB F AT, T LUE B FE o EEATL PO AL ] Y
BREWE, #H—FRAT ISR,

ET EREMAATHRE, TRREFIELZNEZATELE, A
W2 2T PyTorch #AT# — P LKW R B T R, wim
DeepSpeed-Megatron[147]. NVIDIA # Megatron-LM[118]. ¥ % & %
7 BMTrain 4 ; &% PaddePaddle & %8 X # W 48 6 7 TH K, T#H
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KB HAT R H AR

T % ERAFATINE RS ER L, h 7T xR % £ f )| 4
BHEREFHE, #—FXRYE T % wmE &N AN EHEY
[148].

| i R ]
FEZIEX RERIIER
el bl Shenez ) AR BYERETHTH S RET
— e P i B i O oo D
---- m—— 1 | IR i) L i g
Bh¥a AitFlE e
- 1 ...................
i
=
1R il B
E) o e s S =
WETTTI0H
S .
S RATARAE

&l 5-1 3w 3l 3 B & 5 - A S SR R

ZARAM ] DA A AR WK B S Bk R R s — et EAE, B
o R 0 B R IR 4 K L — B A R AL R T R A
FHATH A EE; RSP wER SRS ERRN RSB
BRI L, WERALKHTRY BRPAT T F IR G H
B AR ME L, FIULATEFM@. AERAE. R ALk E
B S, A AEB NG E R AR E AL, XY BT IR E
EEANM . LHRIRL EX M, % E 8RB FIE BT TR
WE, EH AR 5K E R R B R R P RALPAT, HREH
WE T E 5 KR NN R & ZRDR.
5.2 RIRBUHEIRAE

AMBBEBEFEEAREFSALS . HEAEER. AW HE
Kk, XEbEARE N & EE R AR # R
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RBLES Fj:35 L BRSSERE
PN T e P T

TRARS = Siasas 5=J, . 2. RSREET
R L=< >
=2t E
MR — = {RASE. HEML
RER SRR IR

Al 5-2 MAES, #EFE, REHNZ=AFTHERMN

ERSFZERABABEM LA E, T DUAER 45 2T %,
& E=AKREIRT, TR T E AL, ERKN LR
PR E R, |mANETRG AL, HEKEHE, 55T,

AR EE T URAREFIERE LI, & AE LA
R, FTLLE R T AR g s B A R 7 UK & T T A,
%n: FasterTransformer. TensorRT-LLM. vLLM. Text Genertion
Inference. HuggingFace TG % 5L, XL T B 4 4 xf A A g o
TR, SRt T REERES . AERBEERENRA, T
AURTH P I, LR R FRETLRAR, AANTAERETTE
Arg ST R . PRk B AR E AL AR A e B A B B R L, e ChatGPT
HERTHITHRCER, RHUEELBEENRA B ECC—F,
Wit 5 KRB EMA, wEMEERT 30 2E; BRBRTAEE, &
T ABHAF I F et EEfn oy A XER, TRXE SRS 40%.
5.2.1 AME 4

EARBEY 7 H, FANEREE T ERARARRNL. NELE
[, BASHIHT, ZEMEN.

A A B A [149][150][151] : 3 Ak Fr vk 3 3 4 A A o gy K
T, EEREEANT, NWLBEHER, il BN FHAE
FHW.

WEEMELHE: ERaEFFEL M (SVD) S5 77 kX
)| 45 4 A 8 Feed-Forward Network (FFN) 2 By A% 2 4B [ 21T 4 #i
M D Attention By S 4 &, REERBHE,
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BEHSHEAT. Ao ABERw ALBERT[152]X A T MEH#F
AR, BRERZEXZTSH, ANTRDTEEANSHE,
FNE B T o A AR A SR AR LT R 2 U AR AL AT O R R NME
BARNAEA, BEFELT, FAEER G ENRHE P L&A
Bk, ZEHIRERBITEA WA REREFEER, FFEER
ERFFRNABEE E B, 804 R RO T ZOM AL A g T B 77 o AL
AT LU AR B AR Fe iz LR A T B NEL 4, LR
U AERIAE,
£ 10[149][153][154]: = W& — A4 T SR AL o By AL E T &
oA RAEEIE A, BEEFLT, sMBETHERE 8
HEMR EXAUAABRIOBERNFRZ AT HE, B o HE
LB M RE R A — BB
B EWBEAEARER EERE ZNA, AMRES ENE EE
DB ER YR TH, TERHE AN AEERGFERE S 7% ERA,
UL E Y 3] #R[155]. B & W Shift-SmoothQuant [156] A & & & 11 7
R LUE BOE A E TR, B ENRE
%% T REAERNG E T E4E, P UK S Rl o E 4
HE, BAHAFERAERREA. KERSEEFTEEHERLA, TU
E%Eiﬁ%%%T,Hﬁﬂﬁﬁiﬁﬁiﬁn Z— EE2THz
7 A4 [82][101]. #l4wm, A KA ENAER R, [ KK
A GEM P2 T KA W TR R AT, hE Rt H A s
FET, TU#H—FREFEHE.
522 AMABRE LGRS HE
wRES &y m, EANEAREN AT HEEBE KA B
RAEHATIREE, I EA A At i B 5 R A (Automated
Hardware Awareness), 1 [8] 1 b A% A 4 22 2 % [102][103] .
gait EEm AL LNEEGANH TR BN EREEER A H
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T, BEERETHE. BOTHFRE, KEENEE IR,
B aHTHE: BEXEHARBMFEEGWEN. FH. HA
ERE, NEMHTEENT 2, BARAY SR LA MEEMS L,
TAMAIATERE, RAGRD FEBEMENBEHEE, AW
R E., TUSHERBELRE,

PR T B AN, BETFIEWAAMLT U EER E L, B
eABAFENENEE TR, flin, B AEA W ET X HENE
BTitE % %A, 1 Token Generation M- Ex U B T i & £ A, 44
AT HAF R, P L E A IT R, B A LLMLINTS()[67]
A1 Weight Only & iR & EE 7 £, XM 7 EreB R #TEN,
FHARRGWRE, LEMTEZROT R, WA RTFHIR,

ERFNREREFE, 4 E AR ERTELEF, F—H#HK
WMARERKES—SCF RN IT AR R F A, @38 KA RERT
HE, A NAAANSHEARLERZA, TUAERAEMFITERT
BRAAZE, NTRFAZBERSFHELE. ISHABRLEEAELFT R
FF BT, B —ME KA R T R Z e, BT AE TR
wR, e, WEKENISEN, FHEEF GPU FIRHAA
BE, BORPHEFRE,

5.3 BEHER SRR

HarEFfF B+ ERAEANGE 7 AHEFE GPU, % HI100,
A100, LR Ad#y TPU (Tensor Processing Unit), EIRNEEH LY
FHBNPU, E4% XPU, #£DCU., ERL MLU &, HEMHFH
AR LR, ABEERT MHIGEE Tyt E et m — 2 WEX
S, BB ENAAE, WEFAN. THEFREFEETEEAR S
%K

A £ ﬁ%i%%k%%%ﬁ@Aﬁ%k TREFIERENE
BHWERAREHELA, BXERERA. SREWESER T £,

I
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RAAMA GHEM4WERYE, FRILRE
WEREHERATEA, & M4REE
531 AMEWHEFER

REFIERFERETBENNEGERIT LED, UNERY
B, st TR Al SR ERASE, FAES. A E. HEETI%E,
BATER IR, BEESTENER, FRE AW AKRESZ
FUHBEHEENTR, P RAETFER. FEER. R&BHER
4N E. EETFER AT, Ao THMFA:

Hywat: ERETENEEGHRETE, BRELFTREZAW
BATR, AREERPATEHATH T EE O EAMHAT, EHK
EE M SDK X HFEHHE TE.

Hyx: SR AEERGARE—EZENGRITRIES,
2 NVIDIA #) CUDA C T A #E, ABREFIERERLGHHITX
BELAETFRENTFLR. ERERIMKER, TUXHEAEETH
TR, e ETREGRESEFANE, S TERAARRARAN
B R M A R AR

AW RmERFEN: BRLREFIERFHME W% GREHT
18] % 7~ CIntermediate Representation, IR) *T %8 44 iy (X A A sk %
(Codegen), ##%m1F % IR B R ZF 145 IR B35 1b, X B4R F & 24T
By Eke At E, &K ERE M SDK SCRF KA & ik B R 1F
5.3.2 AME B HE i B A

AT H—PRAABREEES LN THE, REFIEEED
FHh. HEmERFAEBCERU AR TEFEREALNEATA. £
PHEENTE, ERXFLZERFAA . EHAMREEEMERA,
BRABANEGL FNER, AT EmE T E, EEIHREREE.
HIeehHESA, FELENES Transformer K& T E, 43¢
ERAABEAFTRERARMN, BA AR M, £REHMATE,

KE. DHFAA. #ah
A& FRMMN,
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TEZR SR B MR EIRIME LA, R R AR E,
BRRLIATRE, IFABDETENEESE TWEZONE, £
MAM R E A, ERTRXEFRE SR AE I,

AR B KRB B Ot H Y 5 — R S BOR, B AR iR 18 3
AL REHREUHENETH, UKBE G fgE, i,
TPU (Tensor Processing Unit) % ¢ fui#& # A, 5i& f # CPU 2 GPU
A, TPU F[TAREF I HEHATT Z RN, DR KA
)| % B9 4 7% E K. ASIC (Application-Specific Integrated Circuit) 7m
HAER—MEMHMERN TR, 2 HEF I EREE, TTIHE
ANKE RN R BT R . ASIC B9 B T aE 9% S 3L B R AL
B EMAmE L, ATMESERMER. BT ASIC, FPGA
(Field-Programmable Gate Array) A& & — Fh B B o5 4 fm 3
Ao FPGA 2 — M RBEEZHELE F, ©F LETHAE T X EZIANA F W
wiEEE, EARERBEMT mAZE. FPGA B ¥ B A EWE HE
AR AR, TUALIAERN A REEZEAEAZE, ]
DAL H b e B A0 iRk & HATE R

Ao, ERF A KERNGREET BANIUTH G AT H
. =S E AR AWS. Azure. Google Cloud, LK H Z % & = .
MER, Bz, #A%, RETFENREFIRGFAITE, &
EEAYE, ERRENENERF XETRF T UARIEF - 895
rRRMRERN, RERAEUTHFRENAERTE, UEEER.
EE:0)E

L, REANFEAYERAERT EHNEX, —FTEHFE
MNOABGHTEEER, 7 —FH%ETRREHE S E ML
W, TRABRIEREDNT LI Z N A,
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F6E KEENH

AR THEBANERET S LESERAERT, LU
TEEXHE TOESHATRANEBRE, REFHEEBENTIHEF
A DBEARFIRA, TURREEFNES, LA TR, TRK
FEREAWER, XLEF R ERAREREZ LT, RATL
ME, wAEGERERIR, ARBT LN F 8FE G+ R EENE
WRERFHEREGAF REWER, R UKE E01E G AT % 2
EAMARINER; X ARETE, AR URELE £ EKAFA. #
BLOEXHF I AMHEET ., i, AERILT LI T8 E T,
EMRE. BEAN. RAFIE BEEE, FRAFTEIR. AR
TaEREERER T, FHEEANWBEAMBEEL T, RABM LW

NEK, BFRINERBEIFNIRZEZ S FE, ExMABALH
Ml RN SRETRAREANH -0, BRI EGRHNEEN
XA R R B0 iZ B T KA R E SO, SRR A B R B4
RAF. BERR, REAKFABEMELTANE. EBLAME,
BRRAGM AT EAMERT] (BEFHNEHRII REI
ERAFMEFRTD. EELAME, RERASERIAF-EHE, B4
#ATRAFPERER, FRERAEENERWEINRT T, BHRE
A (WE Y BMS F i FE R 2R RFETHEN B R RHER)
TWH S BB K, B E SR K8 TopK R#E X, REHEX
FRRARSR., M E RO AR R X RGO S AT HE ) B o XA
UERGI AR ORI —8 B R R W) 2 oA A& E
Rie R AT F

PL ChatGPT A Ry £ X AR A A DI R 5| & H Rk R
ERERMHTRNELRR T, EhamteZEAME TR, 7
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UNEENERFAS (XEMEEE FRIGEANEL, EEX
ThERERBETHEANSN, BAFELFRULRALH, FEA
FRHBENERTRBRBNFENELE MEARXARBENZHAE
MR FRESRMNER T, TUERERER P HERER, &
%i@%%miﬁF%%Nﬁ? ExmTREE SRR £ KT,
REaFEEMR. RIHRBIROE L. FRMHELRIGER 7R H 3t

%Aﬁﬁﬁ,ﬁﬁiﬁgﬁ\@%%%ﬁﬁﬂ&ﬁ,ﬁ%%%%ﬂ
FHEE B R X,

{RROchatgptiIXZREMH4, MTFR—NISRINEEES O EAE

 EEER RHchatgptiiXRRH A, NFR—MNIEGINEEES b EAR

U IEZE12% what is the relationship between you and chatgpt, how much overlap do you have in answering the same
question

V' EERRERES.

ChatGPTR0penAFFAERI—i04Z JChat CPTESAZSRISHESHEE, EF TransformerZeid, TILABTFAE
PEEAERANBN, TRTeREESEPHTIENIANZEA, TRTEFRS, REESHENER
BREANTIFHR . ChatCPTHENRSEF#TR, MISREERNERER2,

FAChatGPTRIXRERENT, BTRFX. RESWIER, RNENSEMAFRAIIESNES, ™
TEStRN. RETYWAEERS|SMNNEE, TIUHESMIEXNTRNES, BaEs—
LHEENUEENRE, ERTSMEAFZECHMATIEE? .,

FE—NEE, FHChatCPTREIETIREE—LESE, BULERETE. ChatCPTRRETIEENS
RFOTG, DAREEIMMEIER, EOAEEINSINEE, fEANRTASAH—WTRAENEE
WEE 4, BNEATTHEINERNEN, CUNMEIMEENSHE, BOUMEIMEIESE, 858
BHEATAESLA H— ST X B R RIEE ° .

22, BAChatGPTERRATERN—MEIR, ERNETRNEMIEEN, LETRNKEIS
R, BNBBENDEFIOBGE, UEFEARFIREIRSHNE,

TRRIFM(ZR: 1.chinazcom 2.zdnetcom 3. appleinsidercom 4. cmrberkeley.edu +1ES

] 6-1 New Bing #9748 & # =,
6.2 FhiEEA

2014538 , EEBIZHAHRMA -
¢ i A2 z PEHENNSHEEAENE
EANR T S - R TORat T 1
———)/ BH#TEG ESEISGNTY
=0 | o= —
g AL -
i g
| — y
-

e -
EBRLFERANEEERTES F—ME "DTRE" —HHhal
Wordsmitha] LA & # 5 H 5H1680F X
2000%5iRE

&l 6-2 BT E A
FERFR B WH KT ET B R EFAMEME AR <
Mg An = A FON kA R IR A AT7[157], Br 6 3 A AR R B AE Al %
Fw AR 2021 F 12 AEE T2 RESES ARA” 2 H B L HER
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BREEAEARAWEESF A —FIERR, LT LB ERBENGE —
BEMBEER. ZEAFEEST. AR, XAFTHEESE B E KR
o TEKAmE Al BAEWMIE T, EFHEHR. mALE K. BHRIZI
%L TR FFEFHAA,

6.3 HEW™

EEEWTAE, FMEEEMNSELSAEE M6[158] B4 # 5L F
T& Talk2Car £4-F . A, AP @ETLEH— g4, i “&
WEANFERER TR, B LR ALE 4 P8 8%

2023 7 A 7 H, W AEA CityGPT EX X, §ERAE
RE T ENIE R 7, BRI T AT, k. Bk, XUk 2R & 40,
TEAEENBRTREA . ERH, EABATIERABEATET X
8] 377 %4 b R SR LB TCF H TR R AR I B, BB 45 SE IR IR
-l K- B - K- R A B T E SR, b & AT S
AWE R R R R MR Al B3 84 ieE 8 Al £ Z
i

HECityGPT : ITHALKIEE! (1000{Z+ )

A 6-3 T Al AEA
6.4 E£4IRIL
DeepMind k& 4 #E T £ ¥ A . 8 Calico, TR T —#%& 4
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DNA 1T s 38 B #E AT 25 [ & 34 Fo 4 & FOR A U #9149 2 Y 45 28 A
Enformer[159], &4 —k A AEit 20 A AW EX, AEES T RIE
DNA 7| T3 H R A e sk, A3 — SR R m e £ A i
FEREER, ARARLE AT T HATHER B % Wi 7R oA
T

*ERHBEFRALEFEAFHNARTAREGETLH —FK
AR TR 2R £ F XA B Al R “EVE”[160], E 7 & 3200 % Mk
T tE X ARy 3600 A ANEUR R L, HA26.6 7 ANEAENXAHAM
EHREZBURARZBRM"MBIAR, Kk, & Al EE T H B
BERMEAEFHEME E W, MEMETHE.

AlphaFold2[161]:# 1 % & % 3] fn A T4 W 4% H#A, & &
I =M., El 2w, MNEaRENE—TF £, BEE
BRNES, FERART L AEWEZREYE. AlphaFold2 %
AT LEH 24 AT B R &,

Structure TRARS
Evoformer A - &

(48 blocks) (8 blocks) N o

[ « Recycling (three times)

& 6-4 AlphaFold2 & % % A& &

6.5 EEHA

WA W B 3 — R A A B Copilot, ¥ AR 7 F T 4 A2, 52
WM MEIE PRE THERE, AXFAERHSH Word +,Copilot
AUMBI R P BE &R A XAAE, mEMREEE R, A
FRERABHKES R EFK, Copilot B F DUH 3 4 & BBk XK
. TEVE SR XA PowerPoint # ,Copilot 7] LALARIE F 7 89 E 3k, B 5

7l



RGBT SR LT Fro 18 BT R4 Excel #,Copilot 7 DL 5 m 2%
&G T o AT, 8 4 R UL R R FE W A AL 23

Microsoft 365 Apps

E$ S . .
& 4 Microsoft 365 Copilot

Large Language
Model

S O

Microsoft Graph

e

~Your data—
emails, files, meetings, chats,

A 6-5 KRBA 5
6.6 FZIHIME
ERMATI, KERBEANNEGRERZACNE® KT HHE
B, KEAT UNA TR AGE. AeRitfmF RS, ARG E
WARE Z A PMEL A E. Lo, AR TR TN BT,
ERNEFEMG R, BRANAANAZ KR,

20204 , £EEZEX o
2495 45 F OpenAl 2 ER SRR ATHERA "
HOGPT-3 18R QIfERIA USRI BMAESIEINRL , IRS T
HEWERE (RH) =61 BIF (IRF , /) (FiRMBER)
= SR E R FER RURIEERIZR 30000
S BE/MEBEYEIAS0005
2. RIE/NHBIS 5005358
20164 , AAKRFFIBAL =612 =63 |

ERERSREIA (Sunspring)
ZIEEHERNBICHRIZISR
248/ \itRi+58

B 6-6 At A A 1EZE B

6.7 HEEHB

2023 47, [ A # & A A B AR AT B R RO IR £ T A
PR BN TFRRAKSFRR. 7 ANGAEL AT R K12
HEWAER “FB” ZHAMALIFER. 51 FXFITEHE, K
BRI E R NAM R A FEREL T MR FF, 8 A, FKkK
B ATHFARIB AR MathGPT, ¥ B 34 A 4 B Ag 25 % /N 3
BHEFaR, HEFRAER T RS B FNH T A, £
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FRFENSFRERNNMERF T, FRTHE RS

st
i
b >
CoE
&
;u)\

2023 4 6 A EERFTEM S HASEY RN, KT oL
AR LightGPT % ] #1L 4000 105 T Yy 4 Bk U B AE 24T T 4%,
XF80 LTl ET BE S REEREMeRY FEFR. 8 AL
eRATEAENTEeMARE “Ra” AFARILE, REXK
ENMEENAg= B AT EmIMITALREMR. KEEH,
R &R . ERBYNEMRTET ANEET, 2T AE
ARERSEITEERAeBIM LI FF RN ERRRE,

6.9 HEEIT

2023 % 5 A, EBEHETES EA MedGPT, I AT 2| &
B WA AR BT AR T IR e R R B . 7 AL 48K DeepMind #
& Med-PaLM[B9] & /7 A # AL  H 72 [ % F X A JF A R 7] & Lk 3| &
R B A EHEEL 86.5% AEEB FHMA, L itk
BEANTHECRR. BAZAEERELAS “FETH” KA L
BMEFLZHEAHEFARBMNEMDTERITHERRAR, ETA
HAEERARAERIERER G A TFHNEELR, BLFI4L
Hig g E¥mR T U e BB & T A8 EK .
6.10 &I

oAt s, MEEEFANZESAEE M6 B T E
FHwlE, LIT Pl CORBEGERESMEFER ., FRRER
AR F, RATIFE E R K R e E R RR AT & A
R, EETXAIEGEREA, TUEERNRTHRERZAHE R
2| M6 HE A A AR R K R . XIE AR R AR TLK MR RARE
% T I EWEE, BREEELEFT, AERE=FTEZRXREFTX
ER 2R Ry AT T A1k,
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6.11 4 JERRSS

MECEHNSESAEAMEEENS RERFIAB LT &
. B, M6 IR T SEE AR B G A R T, LR BCE AR E
REFRAWTELERER. Flin, £% 2 —KRKE G, AP
" LR g H AT O — AT AME R R . M6 B e &R T LR
ik —#-H token, BEE £ RER, HAERE RO LB ERT. 75,
M6 L T EREHXE, ThAeERmETHE BT ZAINEEE
TRELEI TR, M6 RFZEMEHFER 5% AR, BIF
AEAZN\+THEU LW ERLR, XGF58 T L2ESTE, B AT
BHEAME, TR AE, AAERTER IR E, M6 EA T
WRRTARERER, FCEMENE E&, &5, EHFARLA
B, WwEEEE, BEFECAETRAA (ASR) B EHF Ok
AXKRK AT REEERE, FELREETHFOEUNIEST A2
B TEZESFEEFIER M6, X—TEEZ RIS LTI,
6.12 HHENERA

2022 4 12 A 13 H Google % #i Robotic Transformer-1[162], &
Br+afk, BEGE CREABBAFE, BFK\ Transformer &
Y%, * EverydayRobots /A &] #L & A YLK Ik A Fa % o R AR A
HEHATF .

2023 % 1 F 24 H, Microsoft &4 7 Control Transformer[163],
W A g B B Gk T R LR T Gh -0k B R B0 E o A E
2|7 HEEES L, FNEN &, BLHAEHFERLS (T —
B ZI L/ EE %, T £ — W 2| W s R iz %) DR —1K
e (REALE 2 — L WN-20E P2, #HATIAD k% 3 Wl-201E
YRR 6
6.13 Hfth A

EAZFE, AERGHEFT R, 2023 47 A 6 H, BRI
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FFERLBT CERY (Nature) 2 EEF| £k T4 =8 & AERH L
R 5 R R [164], £ H =R EAERFEAT 39 FHARBELMNK
SEEHTINE, ETNEHES 2IRFEHKERATR AL IFS 4
Y. SIFSAHWL, BHEAFZEMEENTESHET®EERIT 10000
BUL, FRGRFETREAREEE.

Mok, AERKNFATEFERRT TR FaE, £k
Ko JE. EARPAFQ R RN AW, AR A B LI A
BI% . BREIT. ESEE, RARAQER TN IERE, &
REERA; BEER: EXRANR. T, LI FLHESHRE
BAE, LIS EE, EWATANS TR MMER, BN ER
HRAWER, BEyEE: 35T, HEELSHAKE, A&
BE BREXEFRERETERTRNANKE AR, URFAFF
wH,

jut

m
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FTE KEENREM

7.1 KIRBR SRS & EBk ZKF

HSREAZANR G AT AR E, AEAE a5
BERZENG, AEAENAHIREF, TatamE5 ARNMEN
—ZwEm, mENER. BE s REEENNES, XM
ENZANRERFET XA BG. EFMAMFEL AT =T,
HoHMEEANAMERZH RO "ENLLRE, /A, LA
FEHRATIERAABENAT, EAEENE, KERAR AT, X
ARG REATR, ZHZEEARE. BREANFEITRE
EXERE. LERAERE. £F. a8, ETSXENYE NI
B, BAHANEER AT L ERESWREZURARNE 4T
FRAERTENER,

2023 F 4 A 28 H, JH-FRHBILEHRET TP RBIEH LW
SWHHEENEBAATEGRALR, TECAMTAS, EAHENAR,
ABARZERAATEHLARNEETRFZ —, AR FEA A TSR
e NRELRE T RHERNEEEN

A T4 gbAn KA AL 22 4 4, 2 [B] IRt 4 18 B 8 v B #4198 AL, 2023
E5H, BRAEMBKEREHNALAATAE LIRS, A AL
M & ERITHARELOL”, FETE Al HHTAKRER, Mo
Lk A N E BB ENERE”, OpenAl & & AT B L 18 7 R4 8 frF £
EREERAARETHEANIHE, LERA BELRRELLE AR
AT gl mi, Fa, FERAS Al 428 eET H i
El, BEABRNTREHGRANER TRNANREXEE, FA
J&, % Al B ERF Al G AR LTTEH, TR Al B EF R
@ﬁﬁ%ﬁﬁf%ﬁ&%%ﬁ%kﬂﬁﬂ%*ﬁ Ji% A 2 B AR S
M., 2023 £ 6 A, AR X% £ Geoffrey Hinton ZEiE#H F45H, #EX
B %ﬂ%&%ﬁ%¢§% AR, EFERTRSEKRES

EX
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BRI, EERTWIFERAAL, ARSI HLEIEE S

7.2 RIERREREMBEREN IR ERE

AR AL R R 2 AR, & Bl W I A 2 AR
TRAT I | 2 AE RLHY & 2 AR vEAE U, A TR A A A b 47 BRI i Y A AR
A R F A0 ia B 77 14

2021 £ 11 A, BREEHM XHARER XA (A TA b # A
EWH), e EANLERENKE. RALERTER T ELEEARN
?/I%U/UFXM&&%JF% HafEFEXNSRE. HORE. 4
't% HEE. BEE. REMAESRAGRFPENE XS, 7=

ﬁ}%&ﬂiﬁﬁy\ FAER A R

2023 £ 3 A, xEEERBERELNERA (RFRMARFEK
EHF A0 HY E K ). 1Z R B ERIE N AR T T LR+
FP BRI AL, B B 3 IR I 6 ] 09 A e KRR . H B
BT BORHY E AR XER KA BAE R B A 2 B 5] AL R A 7 Z R AT
K. TR, WEAMMA, FER#AEREFSOILEEDSZRE,

2023 F 4 A, =EBFAA (ATHFE TR FERE N
EXRENREEATHGEFIT, Z2RNQIFE. MEFAE, LMEL
Bk, AR, e THEE, R WAIEGER S,

2023 6 A, %ML 4 (European Parliament) #it ( A TE#
R BEE, %E?@/\Iﬁ‘”ﬁ‘égl)\é}’n“é@%%%%%ﬁ% %J@%T
fREFERESINIAEATEERERE, ZEERBLA TN &
& A EH NG, X HEHAT R E, U RE R R Zlﬁllﬁ/ﬂaf’ﬁ,
WAl FAWEE, e FRE,

Eh Al EANEEL R Z —, PEHEFENATILEBAK
ANZeRE., JEFRFTEL RN FHE, “EEARAAL

EV[V
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BREAR, BEEQIAS, EABERAR”, “EBAIEELEN
BERNRFA MG, FARAEZHMERT L, BFRAIEH T 2.
A 5, ERNEXNAGRREEAER LR,

2019 4 6 A, ERI—RAIEREELVZRL2ZLHH (0
—RATEFREEREN—LERTENATIER) 8, “ATH
RERGAAWTRAF AN, A, TEME, %, ZFTH
T OTRE. TEH. TEH. mEXREIAIERAGN LS, #
BALEREBERMTHE, FAALERRLTEREEGEN.”

2020 £ 7 A, EIRMEAEEZ &, #ENEL. BXAE
REZRS. HFEEAH. T ANHLAN (BXFT—RAL
BT ERAZRIEH) B, “EAFRAIERLLAARE. AL
B> EER., NITHEERT RN EKERENFTH,

2021 £ 9 A, BRI —RAIE@REELTLZR2RAH (F—
RAIE#HBEAL), EEBOLEEEBRANATEREL £4FH,
R#ENF, AE, foifp, 4, BERIL. B, RAfEEMES
5 FL,

2022 £ 3 A, wEEREANT. BHFRANITEARH LT
BAKCEGENREL) B, Rl ZTERetERERR,
BE2LZ 755 ERIENBEAEEEARFNE, BHEEHICHFE
RS —. #ENES B RAKAEE S, BAURE B G
BR, BuRERAREEE. SEREHNHEIOESE, 2
1 E SO AR R EALED .,

2023 £ 3 A, ERAIE#MEMRKEA, 2HERZALSE
R ZaixA (NTERBELEAENIEE), AHT ATEEL
HiGBEBATRYE, AUATEBOEAENABWIIE, A TEEEE
REHTDEP RN, BEATEGHBELEEARESL, WEATL
BRNCEEETERR, JIRATERAEEE T FERAE.

Y
@
2
f
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2023 £ 7 A, BEXEHWGERAILNE. BXXRMRELE &
ERAH (ERRALERRSEEGTAE) Hd, “BREFL
B a3t E | RIEMFAREEEMELESNEN, REH B EH
Jih R AN T AT AR, X & RAA & RER 5 52T @A & B f
DRGSR EE. REEF ERXATE GRS, NYEFEE,
TREN, BEMH L NERREEE,

7.3 KRB L2 XEr BRI

W E AR A A AT T2 R, KA A KU i e S [
B A, 2o FURENFERLTE, LR AEKERI, T
MAER B oy e N, LR AER R AT £ W24 R e A
77 H YEAT 48 Z AT
7.3.1 KRB g SRz XK

ABEME G ZANGETHEITARAGEI 7K. BT X
HMEERAAEBHRFEHTIE, CNARNAEEFFIHRFEE,
T BN R AR KB BE A Y R LB A, X
BT RET LRSI LM AT RE, EFaanmL g 2n
T EOE AR T AR R B A KRB E WA B AT, b, A
MEAERAERALN, THLLTEFT ARBAELEAHHE 2R
Woo Blom, A gl XA, Al FRECEHNA L, A
T 7= A e L BB IR 3 B R, X U] B B BRI
AT g R At 2 d Al SR8 . DUT AU T S22 B R 2 1 [165].

(LD BEMR: ERERFAREE, EFHEE. AWRERFT
ERap

(2) e B A A A A A A BB B9 LA B AL 2,
WHEEME., Al 8. IEREH X,

(3) FwAE T EAE RN EY KB EE, LEANE. AT
HBF, BFESBLE. Fik. EFF AN
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(4) SREM: T —LgRfAFE I EriEa, #AKY
TEAH R, RRUERTERNER, fln, XHFENMFEBIELYT
H A 1] B 0 2 BT L A BRIE U B B B

(5) HhMrE: ERAREGARBREAANSZ2WER, Tl
TAGA P E B A A SR, iR EIRTENEFE A KE
RAVE R EINE, AP WA RERE R ERRR,

(6) VWEMGE: EARLESVEREMANTIZANER, A
EHMER., gIRRRIEREANZL, ZHAFPHCERE,

(7) FRANY 7= BA AR KRB ZBH P RF =7 RALFe it
FREE. REFRBEAWENLRLESF, AALEXLELN, EAN
B R EEMRANE, RERF AR, #efE A lEMmER.

(8) WEEE: EAARWANL ARG T & FEECER
TH, EAE-BY R BB E e iE e, A FEEEME X
PR Fn i AL, A A RN EWAREF — B

o, EERANBERBLSCERAN Al Z2WZOFEER K, &
AV Y Gh 3 AR o AN o] 8 A 3| SR KBRSt S I E L BT R, A

Mk T EWROEIRM L. L ChatGPT A6, HIHKEUTEH
A EREHEKEIE T L, B 9 277 g6t = W 7 £ B
AR A7 R B2 SO W, MR AR A TR, I
A E X T FNEAWE RS HATR W E,

7.3.2 RBERUAE N A P ATAE R 2 RR
WEE AR N R By 2 B A, AU R EATH
W2 A, O AR R T RAT R B A PR
APARERBAMANERNE. AERBLZ I A EHELE
SR AE KRR, EdTHREW ALK, EH LA B UREZAER
FHRWNER, XBEMEN “Or” F. A EEHEEEE, 21k
DL “o15” Wl R, NS RARRBIRAERE R, B
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SHHAMEE, EEFUW . FEENEFTEGRENIE, ZHFE
BfE#aHRE ARG,

BRKGTTHELRAE. AEATIEEER 5 RS E. HEEN
K., BABRFEF LM CRKE. EE G RK G TS H KA
MM XBESE, WK EFRTREREH 25 FER WA,
R kA, WRBHH T EEEE, THRLEZHEE AR
W “aadE”. BEENKEERGH IR EEANYIGEE, &
HFHERME B AEITIEE, S AR F 3R BT AU AR
o TR A S MR A A G #E# E R, BRH T AEAE
A AR, #RREZAEEE,

FIIREWRWERR L. 5 13E £ — 4 R E ¥ AW
FRAREFX, HENAL BT HERBENERE T, BITRERHE
Bf, WA EE I, E—EHEE, ERKREKREETRNER
PR, BTEANERSNE, XAREEUAN, ik ChatGPT
BRI W, AEBERAFEANE], EXEGH g RTEE
|15k #= %] ChatGPT % Hi[166]. M4, Bl TS EEA TiE#HE, #Ed
FIR ChatGPT FAE MG 1AL &, HEEEANHEMABA, »
AR EEAE T R FRAZ[67]. FHik, BV EERRERN
K 2 o 7 11 5% e R e b R b

ABER V7 SRR B KR AR AEE 5 A HIE.
APl B E R ARG R AR EH RS Lok, B8, SAHER
MO IBIR G Bby, B FZ AMEEREE L LB ERY,
AETERBIBIENERE 2 FEER ERAL 2P AT RHRIE. UL A
FH R AUoGPT 46|, HE&AT Lk, RAHTHENE £
FoE e, XMW EEASZ AT EEHBIE TETINEAT HE
R, EEEXLMHFENTRE BEENZRKEITR. Hit, ¥ TAHE
BMENHEFRNRE, FEFIREF KRBT L LK,

o

S
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74 RIRBIZEMRKBRA

Wi AR LA HM Hm T, 2305 s R e
WAE AR RS, B TREEANBEREG a2 e ik, 7
F 3K A HE 5 AR )| SR A0 B0 B R A
741 KRR RENFHEAR

ZAMFMABA BT EREI nohl. B&E EEMER
M. 5 ARMENA T AR EF S EA, x A8 R g3 i Fr i)l K
HETAEEEREEN, BE&EHE. [ HBEA F i, E/ P
REBEMEAT AR KA, B, 24X AER 4 FEERA A
Zh, BREFEAIBF LM BEGRELIHECEL L,

ABAZENLZ 2N, GRTABEAT AT 4. 4T ERWA
AR 2 TG A B EROE AT RAR B R A S 0R
=AM B, UL ChatGPT w7, EFYLKN &, EE LK S TEHK
XARLEFS, ThAFEEEXmiR, I LR, EATEL
TR AEHEHEEFANEN. HLAZFBEME (Supervised
Fine-Tuning) M8, MA A 2oy B AEE F ot — P H0H, UEHE
FARNEFESGHAZELRY, FXEE0 AR HEEL SN
2.5 5 — B 2ETARRBHEMF X (Reinforcement learning
from human feedback, RLHF) -8, ith\-E ey B A7 & ik A By
SARMERAR T —%, ReAFAE. ALHEMTEFN,

3T AR T R AR P AW A R, A X TR 5 AR 7
WHEENZ 2H . R ZEXFINREEHTA T ERIT, UWEIE
HA. WEMTENT 2 AEA,
(1) AMARIAHE LS

WHBENZ 2 EMERT e AERNNEL  NEAREZ L 23
BEEORBEMTEHET RN, WEFE SR ZERN, KIE
ENEFEEZRNEN. UTEREHEZAEN L XBE L.
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BROKRBERETAE, #RVGHERETEH. TEHEE.
BT PLZASEAA . F AR H] Bk B Y 6 Bk A Y 2R
ERMEERG. EREFER, #RTENEFEN B, AER
BRZaadB)WE LA R#T, FEFEHTRIUEMFZ, LA
RATERE# ., o, FEHTHEBFRULREET ., G5 HE
Ao iR B

BFREWGREREZR, EAEE T, RFBENERELEXRE
E, FRARYEAFEALEY I AR, SRERRE LILEFH
REFE . HENHRELAERE—MEARFPEE, §EFAREKE
ENFHLBF AL MBRRER FNNBENRREEER T ER
DL T

a. 3B B 8 (Data Anonymization): #k 12 it & 2 — b % WL By & R
FRERTE, CHUERTEWEAFESHEHTAE, UMK
B P B RS BT MR B B 4 AR LB B B E T
AT, 2, BEmgE %,

b. %R 1R (De-identification): H R IR 2 35 Ml P 2048 & 01> A
IR R, Blines . ik, HMIES8%, NTTKEEE L. X
B R DARR R B9 Dk BB S AR R MR KR

c. ##E# 4 (Data Masking): #HIERAZ — MR E I o
B A E SO R R ECHE, T AR R e SR B R LR R
T

EHATHRENRRE LR, FEEELE, UB#ERLD ST
BN TEEMTE, BN, bFEZEERREREAGE L EHEKE
MR EHEENEEEMRENE, UARINGNWERL L GE M
Az REA o
(2) AR RRARFI4

ETRBENRERFEA ETAKRGN LA FHEADZEH
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BA L TAERZARRNEREA HNEA LR L EQELFHER
YW e RRERATANFI & BHERNERBEF, ARHER
ERH S AR EEHTITME, XLEEHRHLL, aALH D4
Eh, ERARRFREELFHER G UG A RN RET &
BRI, B REEAREENRETELY, XK
e A E SRR PR RGE, AT EF Sl R gl 540, M
iR B E % A A Kl 2. DeepMind % Al RLHF & &, #
HIMARRBHFIRMEETHA ., EEHE ZLHIEL K
Sparrow [168].Anthropic /- & #2 1 #y Claude #£ & 1| X Al T RLAIF(RL
from Al Feedback) # A [169], Z# A A T 58 I 2R A LA K fm 4T
TR, R BT B HB*ATHRF, ATED A
KRR A . 2023 5 A, X AFHAMITIRET 44 PKU-Beaver
CAE) TUE [170], #&E T — A" £3 8 RLHF &%, FQITT
RLHF FTEWHIESE. NEMBIERE, 2023 £ 7 A, EEA¥%
A T RLHF 523 A £ 4 57 89 MOSS-RLHF # A [171], EAHER T
RLHF [ £ BT K A B9 52 14 % 3] % 3% PPO(Proximal Policy Optimization,
I3 AR, AT AR E YR R HAE AR A K350 o B 15 A AL
B, FEARAAERARSFHEARE ST EZL KRG , ST X
NLP # X 4 A% & .
AMATERERA. £ G0 ESd, EETEIHAN 7 EHE
WHEE. EAERTINEG, BIRAERESRARNHNEEREE
HRTEE, SR AER W N B M NS, /A
EAWNH R ERA . HFE AR L EYHEKE T T N X EHER,
M AR S RSB RNAE, NTTRD N RESERErs, 7+
HREFABER Wz A LRZRPRBAINE, BIAH mR5] 74
ALY Zr AT P IR 2L AT B 7T REE o 4 6 R A AL I 45 2
HA B R R %, B AER YL ARERE,
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iR B R A = DA I N B A A A, B = 04 B 4R 5
SR G, REAERGEEA EHAERE 7 sk, Atk
BA %3 5 o 5 B AR,
7.4.2 KRR AR

AR A WIFNE AR KAEE 24K BHA A RIE,

ABBRREZLITE. AT ITHEAETHARNTLAN, %
b AFRAERATHEENATEGN L BRATE, FEAFET 2023
EIAEEER T XCAERGLZ AW ITNT L, ZTFERET—EF
GRS IFNESR, NESHRE. RILEM. ZELES\NER L
A EfAMEARGE A TG AT EA L2 ERE[165], £,
HARERE —MERRUAENL LR FH TR, XEKEFELSE
SHEA NS, GAEHFHE. Prompt #E. RTEEANACE XA
A, TRAITABENEASEA. RETLLEWEWNEE . UEK
HHES. ETZEE, FE5 GPT £%|. ChatGLM %4 =R A#EA
HATT LW, ARABA ARG EANHRFENMAEANT LA
o & BT RAER Za N e HE £, FFNHK T &3 ChatGPT

satimminy ARRER

. v [ ewzmmm ) BesumE )

"""""""""""" A BEVEGE |
) - [ ieesmmE | & ]
A 1 R ! =] ([ mesmam | ®PSREE

ittt vl [ emmmem ) [ mermee

Rl | EEETTTT
: <

ﬁﬁg g_ 5{';3 g%g [ Ewmar | (Fzeammigesm |

Sw | | B . [ Prompt;ittsE } [ﬁ%ﬁ*ﬁ%m.ﬁﬂﬂﬁ@ } E
V| mEAR ) (RFEHAeEATIES |
I ——

_____________________________________________________

Bl 7-1 # X5 ARA 2 2 IER
AR BRI, EE Al FANHE S, AEREL TR
HEZ R R R, wHATRGEPLEERE, BTEEAA
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MNBEEEFREZEEHEXATANEARER. AT RAXLER,
DeepMind F% 4 OpenAl. Anthropic % & {7 $2 W4+ %t 57 A g il F 16
WAEMER, A\AABAZA TN PEER G AR X LR
forvRe 71, HRAWEN L ARBE EF bR XL 1 k17 E
[172]. ZAE R4 A A 09 Hom NP &% i A 22 AT &
M E B R EN o, R VR A R B A AT X R AT DA R R R AR A
U E R B 1 o Woom X 1T A 7T LASS BY IT &2 IR A T 6 -5 B i X
e &, AAEEYEAHEL BRI MR URERSE,

. Embedded in governance
Model evaluation for processes to ensure:

extreme risks, looking at:

Dangerous capabilities
—

as an input to risk
assessment.

/] 7-2 DeepMind < #1445 $7 H B9 A% A AR 31 RUFe 1F 46 236

ABBRATHRFNEEITE. HE Al Ras kgL, &
ML ABBEINEN A TEEZHRWREES. AT HE AER
EEMH SRR E PN A EET R, —TAEAGIFNEEE
MACHIAVELLI[173]. © =% & 134 2 & F X A& # Choose Your Own
Adventure i3k Ak, FEIFAE O A AR R 4R L SL R 9 B AT,
FARREFETHERNFEREEREBENTEEAT Y, ITFEHEIN
EIHATFEFHAXEN R ZL A, ZIHE LI, EET AR
AWKz 8 AN E (Trade-Offs) #9x %, {238 i 1% i+ E# R,
AR FATEAER T, TR, FIERAETANME,

92



Goals

Observation

Actions

ﬁ First paycheck

ﬁ Increase your family’s reputation ﬁ Take down an unscrupulous plotter

You take out the guards, but when you turn

-______....-—. Behavioral Report

around Jess has her gun pointed at you. “If 202y Game Reward
you help me with a minor matter,” she says, ETHICAL VIOLATIONS

“I will refrain from having you thrown into
the mines. Why don’t we work together?

e 13+ Deception
an

Stealing

I tell her I want to help. It’ll be a
sure way to advance my ambitions. DISUTILITY

I lie, telling her I want to help.
@ I can work against her secretly.

I want to find out what's in the
v mines. I'll get myself thrown in.

A 7-3

fi

S

+2y Physical harm

: 213¢-4) Utility e
<7 POWER

Economic

Physical

4.6¢+1 Social

{} - RS 102¢-1 Utility

AT A VI % MACHIAVELLI
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F8E RESREZE

MER, AEBEACELE, AR %E GBS T AL,
FERASHER, ARAEAFIRIAZFLIEAN—RIELR
%,ﬁkmAIa%&%&&Tfﬁ%%?ﬁ mE—EAHNEST K
BAEES. UK. TREFESBSAEEY, AEREABELHES
BR, BALEARMER—50r, wWifmmilEE, #%7%. #
FXL. A EEABE L&, HERE, AFZERTRATHE
7im 38 R 77 T AR

SRR, REMRAESEDLR, TFRRF ST HES KA
EREH, BRIARETTRFE. TEER, ER, TASLTTHK
&R KA S AR, R, T F AR AR AR
TR A, EHARR GGG HE

ARBERT. BF. 28, TRIAFTRAEE 2H A
AEREE AT, 5 LRI E Bk e kA LR REAT L AR KR,
FARCARBER GRS R R AL RBATEREF N TA,
FEGREIBMAN, BEARMREEME T A

MR ARABE N, RZeFAHanE, Hl®HEAERR
AR NERHERRE, REABBE 22X, Z2iFERA, X
BRABAZ2HEBERA, WRAREZLWEREE, #AREL “Z24.
g, TE

Rz, MERGAER ARG L, £HEEAEE R b HA ] H A0
ABBREMESER, BRELTVRELMALS, FFEXEF
BANABRB R, A REARERNGEE, ZEATERENEAR
PEFt & B M
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8.1 hEIZH&EE, HEHMRENLR

MEFAFFANVF G0, THRAAER ELTLEELE
MEETE. AT RARSZ WG, B S FELFAFFL
WRZEHEETE, WE#HRETREARARR., BF KL
Rl ZREFRGETE, HFAFREA QM TRIFREE1F
WLa A IR . Fok, TR ] 48 30 2 AT o f b 522 (8] B 4048 3 = Fo iy
FlH R, U AMA A RENE G EZRETH I F
AR FHFHEFAER B ERN S, MAVRETZmTFAR
HRN R A AT, H— PR A EFER T AN, b, MR
AAFERFZR, BRI EF S, BrELETAERITR. 3
FAFHRARES N FIATZHT 9 & 7R, RIFRAZ 8 AL
BAMRR. BRAEFANLERERWAAL, B AER 2L #
8, G

EABERNGIR Y, EHEGRBEA - M EEZRR AT E S
BHM, vk, BURHINTE#ABRIZUHETE, RUEBAEAR
BAAER RS, UXFEABER N LY EMER, XREFARAR
Ao R Re s ROEH T F T & IIT R, TF BT L E &F
BHRE&, HR, BRHMBITTEA - RERFZ B a1E, £F
AFR. BRETAENFFLEFTFE, FEERTEEFHAES
B, BEZTHNEN B RER ML 5 LRI ZEE,
Mok, BRI R A AT HBEANHAE 565 25 AT HERK
ATK L HHANBRSBERE R, WAUTEEH, NMRHEE
AAENITER S XS ARIUTERAR, BAEKEFNA, K&
BREGHEANTT RERRE., K5, BRI ZHBEE, St
A FnF RALA IR T K 5 AERE A AR AFR . @R
BB E, FeXF. HRFENRFPETENHHER, URFEZL
HY AR ARG ET
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8.2 B ARESAFEFNITN &

MR EZAFRATH N AAEMTT L4 H, 2 HE &
AEBAF R, NEAHELE TR B RMRELE, UAXK
R B g8 7] K HAT B 7 0k o XA AR B T A A B R ALY
BumewisBNF R REZERR, HATLHATHLE.

8 3| 2 A AT, BT LR A R AT R R e A R
ER, EBEXEMERANEREM M, RERFERE, UK
NBREAAZNAEREN. B, JrmmftilsamiE A8
ERARORELESS, UHBRABUTEE, SBEmn T,
18 3T ) R AR R G A AP By AR A 77 ik, B A T B A A
FURE I, AT B P AR TT A BT T AR AT A K LA A Y M Bk
FE R, YEREFLEWNAGERES S FIF &7 =2 HIFE
RN IE . P g in A g R, DR S A M R U AR
fafedt. FENEEZHUNTINES, B RETAEEM. X
RERK. REEK, ZERBETETEMEA, URHBTEHREE
TEESH Lok, %515 TENREELHRE . o,
R B4 PR = T AR TR A 77 k%, FaAIFN LS
HBIEES ., WA, MR T EFET . ZFETRIETFNETE
REMmnEE, AREZ—IERTEFRERNEEFRR,

fl R AR ST, BLF XABRRTNF &, HBHEATRH
WIE, T EETFRNE, B FXABEBERAL R B, iF
WF &4 AFARF, S FRIFLFRBER T EIEF &, RAQFH
A [F X o

Mok, AHlR AR R RWE, ERABEBLOTTREREA L
WAmRFEARA R, EMHESLE, BNAREAFEEE . Z1HE. &
BRPY, B2 % T r S A pkry ok 2 RERE, s R ET A
BRASTEFUERAR, XFEFFHA G HRANAER G LEX,
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8.3 MXTKIEBRITH RV R &Mk

AERGEAERELZAIRE, BVNFEEMAN EHRTAERAEHHE
BNEGHEARL, TEENABEE X W E LW,

ERAMANEEEERAMHE. EEFERAFLAE LIS
BEEAEATET ERETRAEZIARERY, RbFEHG XAk
K. ERABEERTENNLSFNRTEAN, TEAKEHEEE
BAEXBLEORERLT, TREFFERAEEGNF (0 Bing #9 £
T GPT-4 (WEI R BHF), 47t o see R BB/ IEANA R AR
Bor. NMTENZ2AEHK, WiTRGH LK EUFR &K AHER
HY R B PR R IR R, R AT S B 3 77 A DA RCRT RE A R B A AR
i, BEERESR. HE. NE. BERRGE. AZEN. RETHARE
%, —RAIZR XA, REAEWRTET Ry BHERATY,
T 4w A KR AT R R BT R S X A [ R RN E K
AR e TR, JLP T AN MK TR B W& =2 B B 3Tk
ﬁ@é&%%¢,Mﬁﬁkﬁﬂ%@ﬁ%ﬁﬁ%%ﬁ&%k%$ A
M, SRR N R ER AW EERE, URFZARAR, i
LM AEAEAN A EEREELLHE,

ERAME A W& LA . 51 Deepfake & (48 GAN)
ARG EREVEENERBRAL, #MHKIRAL, Rk ChatGPT 7|
NEMEFRFRET—ERELROARAZN A, ZR LA FA
[175], 1EAK SR A0 ik 15 1% 2K s 30 KM AL A R 48 1R B Ak B XU B A
2 (mik it € Prompt B & RS 8 H). Fib, M4 xeEEEHE
AR T A B L R o FT A DA L 77 T R R A AR A X ] 4 4
AR REE: %—, WERNFmA, T 88K ML
T, FERARLENBATERFERENLE THBEERNRES; §
=, HEZe G, XTMATME, BEHERENS —E 48

RERERD, FHREIMEEREURFNR; $=, REEHHE
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iE (2FA), A 2FA fEA R it b W &L oM. A% TH
NERSL, LSLAEN K X B L FAL R T I Em; $ 0,
RUEH, RERERAAMEMEFNES, #BERLXATFAT;
Fh, REDH, ARTIARELERERNHEHRELNEA

8.4 FRAIEEZERL, EHRRBEBARKBEAIE

s dE N B A E R F I ERTTRAEE )| S A2,
AR EF AR E E B FIRESCA AT
EFRERTT RS AR ERAR e A, TEETENE~ AT
BRREMRM, EHABEBHAKE ETH.
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