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B DAY 3T 3R R 18 2 D #FE ) (In-context learning, £ T X2 3/[19])
TREMES, EEAFREEHF LB SN TN T AER ., FAF
gIANT “iEs AEA” (Large language models) [5]3k 4545 X F# #8 A A,
ERH) iEE AR, URHEFHTISEEEENAE.,

q 1-12018-2023 FAEA S H AR L 1

Switch-Transformer i P
1571B A
10807 PanGu- L ] Al
{ZU[IB]q GaLM .:[1.21'}
1000 ?-H
& (1758) Nl s s R
— ..*" egatron-Turing
X 100 ﬂLG (530B)
= S CPM-2-MoE
' Megatran-LM L (198B)
8 40 (3.3B) o Turing-NLG
T5 (11B)
e (118)
GPT-2
(1.5B)
BERT-Large
(340M)
0.01 E{gl‘ﬁ”hﬁ
2018 2019 2020 2021 2022 2023

5) BEARA (RANK): BRAFHNETAEERIA L —&
WOBEARFEIRA, EXREFIEREERBLTN T —A2# 2,
AR HEFEARES, EE2WHLAN. FENEELR, %L
AR FARNRST . srvx g, 27BN AERRIRA,
A5 35 4 R (Instruction Tuning) [2010A & & T A K R AR BY TR0 5 3
(Reinforcement Learning from Human Feedback, RLHF) [21]. 35§41 A
AR (FLAFEEEA) Wil GREMEAEDNNEFESZ
WA ET AR BRNFS (W 1-2 i) B ARFRERET
ANBABAWNFILIREF, NHEEARRTNFHNEHER, HHAF
BT EE ARAN %, EREA e EANEREHFEEH, £&
HaeRAFPFRENAR. EAEAFERASIREY, FUEAZMERTEA
(& # B %4 4 ( Chain-of-Thoughts, CoT ) [22] . B % #
(Tree-of-Thoughts, ToT) [23]%), MM E &F # 5| F A A 59 78 15 &8¢

3

I ¥




A1, e Fr AR AL ok SE R (=] =R Y RE AT
TXABFEN X ATINEG S RE,
T XFIX —
) ¥ RAEA B EE ] 2 F[24].

Hi 5%

W B T BOIE,
Il &k B S
MU TR 4R 5
T — 18T |af$ﬂl§'ﬁ.'§:$[;'ﬂ-n
|
|
WEA R % @
qu g :?ﬁ: }._i_i Eﬁl]- 'EH ame iﬂlawenr
L] lhp:slmu::ll :
I
|
o
ERLEYT Y
ROEGPT-345 1Y 2
2BEE

B 7 Transformer ZE 73 4 J5

TN GR+HOR”

[y

o3 T HY B A
iE T I AR B AN A K

432
e Sugt &
Y| R gy A

il e AN, & W
Ipiaimn moon
’2?; ﬁ ﬁ Péf LEr landing tc adyear old

P m patura
ﬂﬂﬂﬂﬂﬂﬂﬂ

FRUEA RATH
H AL 2 I

NELFER SN

12 ZETAXRBERAFINE
EHEEWNLHEZRNE, OpenAl ¥ TEE AEANH L THE
B, WART —RIINE AL E. X
F, GPT-1 & 7 ## #4525 Transformer 2 4 (decoder-only Transformer)

BEHEEKMERE S GPT2 1 %
<#,Mmu

H—, &
L, FE—REREANAE, Flingk
AUERNTE (mitERE, ER5| &

EABAFERA

7 33

15 A BACE 5] XK
i A 58 94
IETHE % ka
¥ —H R T Wi
{
S WA 5 1 S -

Once upon & fimea_

|
2 k8 it K .
6 3% X
Y
A | PPOSL 3k 45 ¢ =
DB T H T *

FERETET AR

=] &T%gff%ﬁﬁ&ﬁgﬁ GPT-3 ‘EL\/K:}%%% T %’[&fi%{ﬂdﬁ%ﬁfﬁ"

ﬁ_ﬁﬂﬁﬁ{%, te i T &

M

i
T—

FLTX#T” 0k

F- Rk 77 ¥ ; CodeX[25]

& A YE X GPT-3 #AT KM, A= AR A EE 77 An B 2% 15 3 ae

71; InstructGPT[21]%

AT ARTECWEAERE A A S

S

TARRGHEMNF I KA (RLHF), RE% 7
X f 47 B9 XF 57 BE 77 ; ChatGPT 5

InstructGPT W A EEAHMU, FHF—FFIAT N EHFEHTFS, KA

MAmsE Y £ AT1ERE A ; GPT-4[26]RE 4 AL &
BELEEANEMEN, EXBHRE, EREFAES

4

¥ Ky T X

,
2|0

a1 Y BE 7 15




K, EAMERRABATATHE

(& GPT-4 IR Y, BEABRANTEARSTBLTAETEEH
e, CAERNXAXE, ARATUBEXXAGEBRAEGHNEZES
M, HHUEANEESARR, 2ESABRAENFEARNS R
HRINBAR, BBNNEMERXAFENARE. FEMEH. GPT4
RAESHEIABERFIIAETARARNEA ET BT RER
EEESEM. £, RERA LW,

1.2 RIRBRARNES LR

ARA IR EF & IE mAS A TE R R e 3% A F & e A6 B B
AME,NRFPRFET ZMHIRARAGE IR, OpenAl API RF
WO | AR TR AR B RS 6,8 7 7 LA APT 77 7] A~ [ #Y
GPT =& X Z &K T #EE %, Claude R 7| A £ | Anthropic 77 % #I A
REE AMEEA, B 5 &4 Claude 2 Claude-Instant 7 F# 42 &Y 7] 3% £,
ZAIBEABRAEEMINEG., ETAXRRTHBBNF I
Constitutional Al ¥ A (& KB GEMEAEF ) #HATINE, 8&
XA R . REMEA L E .. Claude & & X #F 100K 17 TTHY
+FTX, T Claude-2 £ £ &2 T 200K HWTH ETX. XO—F &
ETHEXOAREB WA AR RIEST ARAE, #4545 APP. Fﬂﬁﬁﬁ
APl B O F LMW XN MR E. Xo—FLERT BHHFIFH,
S LA, RSB, HEAE R HLF. ﬁk%é’%ﬂwk%ﬂj(
BAAFTBRAMREE, ZRN1E. ZEMRFEN, FEHAFAK
BN RGN L ESWERE . WK EALBKRCEFERAA T EN
BEAXFARB)NERAE NN 2E e “EX—FN, IXF
PR EZHRCEKAER N NHE . R ET R AER
&M

ABRAWNTRESE “BRIFK”, TELAEFREEREFTEAX
MR, FFIRAERT LU R X EANEZA W4, 2: PyTorch[27]

o



RETABRHE. BRUHEEE. AR FFERIFANENS
ER AN ER X B
T AAES A RN, BT HENART. EAESAESF L MUE
AR, H o 4D R A FAT R, Y G T EEAR; OneFlow # 4

B IE F

%52

ER MR REE LWER RS

AR A F
B

ATYIS; CK[28)2 B P B R E ¥ 3T 4

, X T 5] e A5

BRARR ] FER AR [T, RFEARE A TR

A ]

L &R . Falcon[31]1R 7% B
A 180B 4k, X F IR ¥ &K i,k 6k 5 GPT-4 fn PaLM2 1 4, 2 % &
\GLM[32] R FI R = L K% % 5

B,

: LLaMA[30] £ %| 2 Meta #f % 4
2| 65B %, AR B TT 238 & 2047 T 4,18 W 3B 1

ALY 4

& F & =& IE, L
BT % =MW A, Baichuan 2 7
WHEEEZ THNE S . CPM[33][34]4 7| X F &

= B% EE 77 » Baichuan & 7| 4% A

R I A ¥, DA+
~{TR F M 88 ; DeepSpeed[29]-2 3% 1 1B BV A 42 A || Zr AE
1 ZeRO AR D TR W1 L 45 o LY 7 LR ER

H qj

BEAER ZHNEN TB
LA FHAT A

e A7 4L L B T % PR, | oA AR

!E)”%ﬁE;

F NN R ERIAMLF,
R EA

FEAINGR T, 27 T &

%, X#-

HY 2k 7 X, EL K F X NLP 5 L HRIAE -,

AR R AR

A+z

U RAERM, TTHEIERE,

7= AL 5],

A+2

T VA B R R L TEER
o AS R 4
A EMEN

=

Z AR Y| BRI
BAMG AR E R T
LNIEE A B E

< W1,

TS A E, FTUARKEREATL, AE

] DLSE AT REHT I 5 E, FERET E B A2 7 R AR R+
MAREBIERR, RIAERE;
ABEAE HE AT EUE R, B wm B8 AR R AR DA

6

WA P55, BinE o EskERR RN
BV UEREFFTFERMARES, UL L ERGEEF, &
T4 AR FPAT . BT AR K X F .
ARBA+FH TN URTEEBMFEN, ULBHEFH
FEe; AR+ UR B BIIEEARER, 1k

; AR




eBMAFERIEE; ABRBE+EFITURBETIAZT2EE. &
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T4 &, F& Transformer X4 RN G ESHEE X B
RIEE RBABFRT —RI BB HE, EE%AJ"%”%“EEE.%&*?E
No MINGETERXA “TINGF+HR” Fik, FBEF AT
BEMNAEAAELTAAERE L #TE BT INGFET)NNEER, 2)
T ELESF W /NER AR ERIEHATH

R E TS ERE

BiFElE AR,

THNGETEE SR ARR RIS, K

A T1EE AEA (Large Language Model, LLM) #f 2% #4# .

2.1 Transformer 2244

Transformer 22 14[13]2 B ¥l 18 & AR A X F 0 £ M EH[5], £ &
T B v & 77 L% (Self-attention Mechanism)#= 2 , 2 + B EE 2 11 E

ERANFRB A FIN2 AR, FRHXEE RE T WL EHAT
& 1% ., FrYEEY Transformer 20 & 2-1 FTor, & — N9 HD 25 - R Al 25 2R 74

H Y iy s A0 R ALy 25 3]

— N2 AL B Fu 2 T 48 [B] Y Transformer 42 3¢ 2

£ &0 K, YwtE 7 Transformer R ZHFE L LER I Ef 2 E#

MG E, SRHALERAEZEEMET MR FEERLR. 5%

A g5 AR AR B, AR AL A

-

3

TRESRBOSMEEATEERATA

%, 2% %EA Transformer 2% 7 — MK XEEANE. HUTHSE
IR f 22 W 4% (Recurrent Neural Network, RNN) #F1K & B ig 12 4 4 K
2% (Long Short-Term Memory Network, LSTM ), Transformer % 14 HY
MBETECNHATITHEGE N, BIATERR B 5 0FHHETIHH
Transformer & M4 & & %A = 5 Transformer 3% B /M Z 0 4 A,
WG E, TEARWMANIE T R B ESE M =S #HAT R,

BFANE Y AL i TR R A\ R B AL A R, B i AuiE 2

1) 184k A\, &£ Transformer 2274 F, 1Ak A =M AKEFEN E —F
AERAE, CHEBAEEEZSE W EE, ’TM%%%’?E“L?JEE’Jli‘iXT’
B, wmiEXfiEEk kR, BENMEAEEUI—INEHERKENE=E, &
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2) MEwG, |HTHERANF

LIRS ERFIPHIRFEL, UATHERD. 478

< I gmhY

| wligA |
*
Wi CHAIE)

%] 2-1 Transformer 2 14[13]

Ziﬁ’gﬁ'fﬁ-%/{u Xﬁﬁ(ﬁi‘ 7{7 7

Transformer £ WAL E A 7 A2 EF EZMRIZ BB FiE. X
THENMIE i, SNHWLEREL — I KENIdWNEHE, ¥ dEE

ANHENEE. LN HENE TR

HAUTARITE: R j £1F

¥, MLEBEHE jNTOE Hsin(i/1000079); R j BHEK, HLH

B § AN TG F A cos(i/1000079)
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[ SoftMax ]

| Mask (opt.) |

[ﬂ Linear ]j[r Linear }j[r Linear lj]
f

M M
. MatMul |
(N
v K Q . Q K vV

9 2-2 Transformer E v & 77 W 4[13]

Transformer B3k, L HER A NF R BRWMAFINLAE L,
FRXEERBE NG EHATRE, B £ KER A EM 2 & B IK
gz, TR B AREZEEZMET —MEMFEELKR,
Transformer 3%, HEERAE. 2EEWRE. REEFME NS
— W FE AR ITOA A

1) BEE N E, &/ (Attention) & Transformer £ & gy 4Z /0
HEHD. CAE—NEGEEQeR™, —MREMFKeR™ F1—
MEFEEYV eR™, EFEBFEFWNEF TN —E. EREAIF N
GE YW

HERRD, EFEHeR™ FHE—TEV FATHEN MK, H
PREBEWFEEMREFNRFRE CAHFIKE n WEHF
Gl RFAEZE A0 B P 5K E A m M 5R-1E 7 5] o9 /e A 2 1% 29 A 4
X,eR™Ff X, eR™, ZANEHE9, K. v =LKL EFZ
Q=XW, K=XW,.V=XW, Transformer £ 2 X F B 45 % 7= & /1 AL %]
WA BERANG, HA=ZANEHQo. K. y HRETHW—EHHE

H = Attention(Q, K, V') = Softmax(
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B FFAEHE [ X e R™ .

.4, Transformer % f 7 £k BERE /1 (Multi-head Attention)
L, B AP AR R ER A Z R B2 AR TEMRE, 2R EN
ERRERBAFTUFATHE, AFELNMEERAME. 2KEREN
ERENBENERART, XEFAMELERAREFERNKRIEA
RET e ZXERANUTHE TR WT: EHT 2ANEHEREQY, #AE
EKOFIEEEYVY, REARH Y HeRY, YEBIW — R 7| H #/T
B, HEHA—NTHRELEEW cRY FEBZE —PNFTHRFEST
8] 3K f= BN

H =MultiHead(Q, K, V) = Concat(H,,-+-,H, W, ,
H, = Attention(Q"”,K ",V ") = Attention(X W), X, W, X, W.""),

X T AL 25, Transformer & & Attention Y Softmax Z B[ 5| A\ 7
— NP RE (MASK) #1F, WL & [ 0 &4 7 5 F & R AF
W EEMERGEMIER A EE, W, EEEREZIELRA — 4
IR XER AR, RPEWER Q= NG EFE — EB T
KAEHKRW, MREMEKMEEERYy RN REGENRE — EWN R H T
HBEMAN. MR ITWEEENL A T 1L Transformer F£ ## A2 B 35
REENEENRSE, HFERARAERBREENE R

2) AEENME, FERAEZENAEENREHA %M
At — NERERE R RA K. FRAEMERTAH X eR™, AR
J= B %y

FFEN(X) =o(XW,+b)W, +b,
He, o()EEERLE (E% N ReLU ® GELU), W, eR%,
b eRY, W,eR"™, beR* H A FIWEHK, EXET, dBFRK
EAd, d RE~NdWAE. FINTERARERANZE: (1) FXEHK
G EENERABERZEIANT FREREEK (), XFBTH
BEANRAGES; (2) ERES: BERANFATTERELE W
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(L E (A ZE L BR R, T2 Rk W4 2 &M B 20 L HUX {5 B
e, ARELEaRR, FREARRREReRE (KEE) WER,
XEEFMEHATHANE REE

3) REEEMEA N, EENERAEMENLEEWNRE
Z Ja, Transformer #f il fl % %= # # (Residual Connection) #1/)Z 3 —
. (Layer Normalization) & A, XAFH TAEARMEFRNEKEER
FARERERE, BAERN, NTE—EMENE (), BREEEN
37— & & X x4 LayerNorm(X + (X)),
£ Transformer A HR B2 5, CUMEBTHLY —HLNE
K, B ERGSSEMEBEETHIAT AR FRXWERAIH . F—H
HIE. REEE. WREMLERLF,

2 IBE AIRBIZEH

WA WNEEAERE L F 4232 L Transformer £ A 1 & E A R
MAMEN, TEENERXANEREN LEBEFEER, WRAE
Jfl Transformer %w#5 28 sk R0 &, B Bl EH W& . NEE KW
A, BT ABEREH AR UGN =K [36]:

LIRS &R BEIIESERE FRAEI Pyl g s
A3 Xy X3 Xy Xs Vi Vi Y )
o N W . D B B N ) U O
L= | e | L—=t—="]
= ﬁL@Lﬁ@ﬂ“ ===
O J00og0oQ Lt

X1 Xy [MASK] Xy A5 X X5 Xq Xy Xs X1 X Xy Xy X5

A 2-3 B AER = 52 A R [36]
2.2.1 MIESEM

# ik = Z & (Masked Language Modeling, MLM ) & #& T
Transformer Zg®Y 7By W == A, HE+ BERT[11]# RoBERTa[41]%
L HARK, XARA BN BEEST EEETFHTIIN %, BERT
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F AN T T—HFN (Next Sentence Prediction, NSP) £ 4., 70
YR, BN AEERIES TV . B HERETNF IR

1t [CLS] #= [SEP],

i+ H B ALF [MASK] Ari & # R 26 55| F B F

. BET B g ERE LT XORRAN [MASKIML B AR & F
&R, BRI T EEZES.

W -

- T AN T E T E

[CLS] HV & & &~

%, RoBERTa 5 BERT % A#[E, £

vMl=7 T—ARNES, XA T EREBENFSBOINF, FE

2.2.2 HEIHESEKR

BiET
A

M

—

L—
™

= I K] B

| [E] 315 5 A2 AL 7R )| G B 38 3T 5 X R T A ¢

HE AR, E-KHRTE F0E £ iy B PEZAT I 4

F T — /18 R

+ ¥ B33t Transformer AL B X 52, B EHIFESEA

T AWK FH P EALE T — 18 B A BE R B T
REMER, &4 OpenAl B9 GPT % 7| # #1[16][26]. Meta

LLaMA % 7| & [30]4 Google ¥y PaLM A 7| & [17], H+, GPT-3
[16]= BN RER S By HE TS HEALNTIEER, B EEFE
e TAERES, EROEREFTAERFATHAEY ¥,

= EA ¥ niE
2.2.3 FH 3| FH 8

FF 5 2

BART[43].

ZR )N TS, BNREALA £

o BEA R L

5 % Transformer £ 14 w7 7| 2| 7 5
A, NENEHREE-BEEEM, Ak
XA NMEREBXAXARFREANNBEEEERENE
24 [MASK] &FHRARILEHEXAFTHEER

A [ 3E T5[42] 40

KEN—BFHRFI, A ERERERETREEN TR F5 2 F7]

A H DL MR A R
T F RS B
REmME, BHEAE EEARECVIUINAEE A EREIT E

BEE .

TR EREEY . REHIEE. AEGEEREA,
B AR A B E 5],

14

XANE L R BN FRFIARFILTE

=] B )3 A= R R




3 IBEARBIRHEBAN

EFEABRABRATEMEREA TG, EBMOH. BRFF . &
R fn T B2 5 4,
2.3.1 {&F ANEE ISR

XEEEABEAGRINENBEATECAETRERILETE. B
Bl R, BRE)lHEE. RN ERELNSE, EFEHERII%
TAMGERENGKESANNLE S EME 4 F,

BRI Sr K we . 2 = B B2 XK F A B 1Y 5K ws DA E K ak A 23,
MEEABEANT G, MHEETINEFRITERNALHES B
R, R UERERAGEEAN A SN M FAESWEEELR, AL
BAYGWMIE. F M ERE R, £V I8 0 & H 3 & F
SR, DRFRAET G+ o8 mAt A AN g2 BN E
Ao B = 2 WA YNGR KW, T F T 1% 5009 Sk it X4 71 48 [F] 09 48
SHERTEUERF—Z, ZAHEAATFENET UFXZHEUN EE
BARER, BANEKREER, AEEFIMERERR , & WA 2 A
RBERF &, NEERNE PR F I XAMELETMY|HEE AEEL
FyaIR, UmEER)N K, £FXEF AER CPM-2[34]F, XA
Fn iR AR B A MR T A A A A2 T 4R B0 B4R 3K 37.5%. 3 AL A
= W MY &K eE (Predictable Scaling) [26], § & A A I Zx 47 1,
F AR Fu /R g 5] VR R R, B LE R P B/NME S By RE
LI ABEB KRR, 37 AR Y SN . OpenAl £ GPT-4 )| %+,
& JF 1000 £ £ 10000 15 3 2 it B & I8 I Zx oy /N 4= B 9] 5 3 T
GPT-4 X &Mk, AMEMT BEA Y% KA,

i
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OpenAlI 88 FE/M T —M8 TN

6.0

5.0

3.0

2.0

342345 55 [ 72 19 BE 71 T

® (Observed

= « Prediction \ - =« Pre
“  Ept

*  gptd

.

N
e

oq 1 .

- L.
_—

— -

— —

'I-l-q —

1.0 1 T

—r

Compute

® (Observed

diction
4

- x;EP[lUQ(pass_l'ate(C))] = axC—k

- L

1004 D.01 1 1 1044« 100u 0.001 0.01 0.1
Compute

& 2-4 GPT-4 w7 il ¥ /& 3£ 50 [26]
B AR 24, BERT Z & B9 Transformer 28 4 £ 1% &

FREREZFTEHAANEEZRNAE: (1) Z—HWFFIEK,
SMERETAELS (Wapk, FEME, ¥, N1EF) Ea 2

— it
El niEE XHE

1

SBASE
g &

ER, REAER —BEFHFTEZMES, UEZTEEHRH
R ET AR ARRNGKIE, Nfiem T &

AELZNMES LR AE, RBRDT TR EF £~ 2R
NEZREUR KRR, teRAWEAE. —EF5FIEERAR

i
% B 1

*z’%‘:%’%ﬁbﬁri‘]

KRG — 14, fo T5[42]77 BART[43]%
BB TS50 — W XARB XA E TS

NN E

mkﬁﬂfﬁﬂll%ﬁ% #IEFTRAERMALRFEAA LRI A

El 2 A R By E T, 52

W AR
AL AN = AR 2 38
Transformer EA 2 L F X EAEE, MAFIBR K. SANAF
WA %1t T — M 378y Transformer 28 74 RetNet[44], H
KX &M IEREA+RERFF (Retention ) LA,
RERyEA PRI AR GEE., EHTEEMNFT

Mm%, A,

Fto 45T E

FashAttention[45], % -

—=

T HEAAEFEHAATLAMN. e, Transformer

EE

I AEESHALE, ) HEBERHER
. M\ Transformer 2 A M AR HE L FEVEE 2L E . IR =R,

H AT

BRI, FEETFNTROZREN

) T AR A, HTIEAE K ¥ & Transformer

16

O(N),

T EAR AR A
2By A E IR
LA
HT —MAR IO R&, HXARE., AFEX




NHERNEE, CEWEMRERAER XA UY B E KA A\W
XFFo T, MRUAERM BT R ZXE, EFFAAER G HE

W I e

=, ARERABAATERNX 2, FEMEHFREDLHyHER

THEEZH NG FfeEEmiE, #A T/ &F Google § Switch
Transformers [46]7#7 Pathways[47]’7k7l°’] & % X % Y MokEfication ZE 74

[48]. FastMoE ZE#7[49]%F,

2.3.2 'lv|:| =

g

2-5 AT X UK A ZH[49]

B AR B &E B i A
AR BT ANARE ] FOREKE T 5 18 % 5 2 X 4

RAEFBRABH AR, FHHHF BEE RSO 508 7 LA By AL 45 3t

i N AT

RFR, WAPREE (WEFILK) WAE, ARAEFER

WHIE. WA, BRATUREHERE., BROITEXREFT K. 4
B E R F 3 2 E AR K BEA.
54 # (Instruction Tuning)[21], =& —F# DLF ByiE 5 A& A

SN R E
= 3 F ¥

TS EER, EEFEARAREFREHNERLES LW
HAMBAEIREG F TSR SBAEMN, 1ESR% A

IR KR T AR THRE S FFINEES TR, L2
EE AR FBRALKAARBEAERERES, WEL R
ARTHERTALSRWE R, £FRTTUREN 04— 4 #E
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EHFWIES . BLOBREFAY L1 EMR . WL RBERBEAESXF
FHE,

(1) HAEME, B EE AENEHEHEAREZI/LWE T,
T EEABRBPATHATRESFNE R AT HENELSWERE, 7F
STIRXAZEFRTAARANETHAHREANAEEFE LN ES
AAER FATHE, 20 FLAN[S0]. InstructGPT[21]4, ix $4 A 7 % W
A 55 b B O 0 R By R A RE

(2) FREERH, B HELLHFENEFELEIE-
SABENEENLA=FfAFA: 1) EFTAFAINGELELEZE, R
RIEABIEE G 1616 ##4 [F £ 4 Super-Natural Instruction[51].
2000 ## A [E NLP 4 B OPT-IML[52]. ii) EBIiEE AHEA W B 3
K XA #Z, 40 Unnatural Instructions[53], # 3L f# F 384 1E H 1L 1E
EABRAERFTNELS AT A, AFFmAREE L
A, iil) £ T ATAREF ¥,  ChatGPT A TAriE3e 4B Eal &
i GPT-3. InstructGPT FE & FEWER P ELA4 .

(3) {BALXNTF, EEABEAELME ﬁiﬂéﬁtﬁff’*%i%ﬁz%f)r&
VEBHERE. AT, CATANT RS AT A, W&
Bz & . BXEix B/~ EF kL E’JF‘\J/&[S] IRAREET, 15
EARAETN AR ELEEREEZRE, KPP KA KNNEN R
Fo ATMRX—|FR, HAREERLT “HFLXNF7, HEEFAER
MM ERAARNBUE ., EXHNFERETNEE AR, EiE
T TAHRAE., mEEMTEE. A, BFAXNFTREERIES AE
A FELBAGES, XWHRY “Alignment Tax”, K EZAHEA B H 5
A KRMEWXTFF, InstructGPT e H 7 —Ff & T A K KGR 7
i, MATBRUFEIERN, FARRRAANER B RALE. E0FEL,
ChatGPT 4. X F| 7 5 InstructGPT #HWUHI A, UK~ A& Rz H
TEWR Y. AT ZNA, ERMENANERESF I WER™

18
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WRATHZE T HMARFE] WANEL,

ZH E WM (Parameter-Efficient Tuning). 2 A BERT A
RWMBETE, REABERNEE - NMFERE, AF#HTS
S, EXXMAERFENFEWNEA: —EF“HE”FE A, W
NHMBRZ A NEFHRS—R, KNEAN S L FDHARIEN
HEt. —EBmIUTHEKRE, BEEARANSTHZANEAHTE L, FREL
S HPACFEARETERIE. BAU L FANERERESHTEX
FA, MBI RHMBALPESREIABRBETHESF LR FL2SZHRA
BAk. BRI LS HERMBALT ERRY, KEFTEARKT A3 XK
[40]: (1) WA FE: BEFREREM I NFINEFR RS,
HEMBAZIINF S %, wiEAE (Adapter) 7 i, EI’}%L/J\%)L.
EHMAEER () AR AERE 7, FREBEXLEERE
D AT A B & N, 72 SEFR MR @ﬂ#ﬁﬁ%k”#fﬁ‘%ﬂﬁﬁ)\i % K
EERMRNETEZE, ﬁi?@ﬁiﬁ;‘zﬁ)ﬂﬁfﬁ; (2) WRAFE:
EERBAREEA T2 S5 EZANTINESK, FEZERE LMS
Ko XRAEEEHMTAR, wRBEIRUER Wk ETHEZ
Lo g, EAMAT UFIN 5% U EHWER 2 S 60RME; (3) B
SR N E: REEASM,EASHES BN REESHE
T, IRAUREZ B FNAUSTE, LERREANITEENAF
H#t. W LoRA[54], FER EEEIERNEURXESRK T BN W
MEIRFEEMHTE, BIW=W,+AW =W, +W, W, o

l & EZ ] (iR 2 54
— [®f=||||;] RIS 7%
(=1’ — | o-0 | - (o= Hme
PN it Del tafl i [@; _ ““ ] & BRI

A 2-6 55 KA R 3 3k 3 [40]
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S MR T RS ENE N, HEXBOAS K. Bl
RV 4 R, XA ANL — KK AMEZE Delta Tuning[40], — &
S5 B AN IR T A WA &, K% ®EHE OpenPrompt[55].
OpenDelta[56]% . B T ARMEFWHMIBESZH T UBHELZ AR, — &%
T & AR B 8 44 7, a7 AdapterHub[57]. Delta Center[40]5F .
EEIEE AR, ERMART T BRERLHRE, UK —
MERERNTIHESER 7%, 8730, LoRA[S41E.) 2N A T4
M IREES AR (o LLaMA) PLSEH B85 A .

2.3.3 BHE AEB KRR ES

B ANBEXAFETRNGZ W EET AER AL T 1EHEA
EHKBBNBERN, EXLRENEPT —ERFEZESFHT LS
PAMETHKR, EAEABMAFRITAENETRHASRTFH TH
REBERT, ZEARARBEETIE A AREWNETHKAT FLR
AR Rk e O

54 % (Instruction Prompt), 3 %}~ 3. OpenAl £
GPT-3 [16]F B R & i L T X%, #HxI GPT-3 £ D H AR T
BIR B AKRAKF, EAERKEZZTEFTAR, IR BXE. 36
ARTABOCERER ARG ETABBEN THEES, MTSBLRHE
“3 7~ (Prompt)” XABERNFI/IN ETXUEFHRETHES,
EZFEAEREEET ABEATINSET ﬁtjﬁ#&éﬁlﬁ]ﬁﬂ[m] 5 4
’AE MR (1) PEART, e E—TMTERAEE R EEM
mm—oR BB AR, 1EH1EE AER i A :ﬁﬂ%&r%l EAREAE
AR AES P E N ERE R, DEARRITMFE — 2P,
Flangnf 2 e E AP E. wHEERAF. (2) FEART,
= AMEAEMROEE, RARE— MR ORITHRER RS RREIEE A
A S EAESFERNAIRARE T EFARSR T KRB P A ERE 0
It B3 B R L 0 T 1 AL B9 32 08 F o (3) L T X ¥ X (In-context

I
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Learning, ICL), W §HEF Y, £HF
ABER RN, FREEZE N W H[16].
RN AW D FEARER, EHE A"
Ko 1E3F 3 7] LA A H] il e os A 5 5 £
MRAFE REWNFE M. RRKET, wAHREAATE. M 1FE

K ZEHMES,

BRI

(Zero-Shot Prompt)

fii ey 2

H

(In-Context Learning)

[ il

Wz3B, MEFRRE

Q: MK [HETIES. B &N
58, W P08, bk K
bR A GV 5

2 i
A: BERE20cm.

B11/5, WhiLFE R EER?
A EREIL6.

1sth, SF_FA208k.
P23tk MR KA R

Q: hEH20N TR, bz T g

Q:/MELETW &L WA, Ti—HH
i ik TERE K

I RNIEE FAERNES

EHE=E X ¥ LLE A —FF
R ates T BERESE KRG
B, #EHFUREHMALE S

R (7
( Chain-of-Thought)

[59] 25 | 21

Q: (F T A K 5em,. A KR 2T
AT EF R, B3 30324
=i B, ElAEeaXSEX =
20H K. HRZWEK.

Q: NEFE20M R Wby b
EI1/S, hatdE T 2R

|

.‘.—\'"‘h—_.
—— 1
[ BN
__---""'H
=" 1
A: HREI2H A: HERIEIZK,

B % 4% (Chain-of-Thought, CoT) [58].
AW HF R, B L P EE LT £ RIE
MR AR, REME — MR IEA,
BAWNL T EER, AT
bk, %@L%Aﬁﬁﬁ

;wl_-:: ﬁj b P ]E[] ;: Hﬂ
M) AT,

HREEARAM AR,
BER, +RAER

ERTRFSHH:
] 70 A — A3 (7] 2R

ﬁ?ﬁlﬂ’ (N, BZEaE, Wt

M 2-7 LR T

A: ANET 8 L 15+20=35 05 A
Brll, WhET3s:3-11.67 K. (BhEE
2RISRy, RrLAEF 12K,

B XT B

EENTERE Y K
N d, TUREAE

W) ZATHAEE X
T AR A RO R F] R Y
IRRB RN L ERPATR AN ES . ER R

A 7 22

EERETZRNAI TR T DEARTETRFH (A,

21

) =
FRAAEEASHEAEE AR —
HEERR . WEET AR E LT 7%,
AL WEEBETTEARENSEHSH, FNEHELE A
X A B EHEESE (F2-7).

B, RAEREHIA




2.3.4 &5 AEEIR AR

sRE A ) R EIE T AR RS
5| Allen Al B X A B i 5] & 66 77, K 3N GPT-3 /£ AL B~

(false premise ) Hy {4 22 M % 2 M 5] B B, 4w KL

7 ", GPT-3 (1R &% AR RBH WHEBEL. ~

"N E X

T UK L3

AR JURR

7 R EN R R

HiEAEREFABEREM ERANL KRB MRS HRR, REAER
Foimm e AR, AR T EARE A HERNW ., EE S,

MYEALAEEE, AZaHUT 4 K[59],

Dibhydroartemisinin, a deriva-

m)\ tive of artemisinin. has a
| #1l/N\ powerful Killing effect on the red |
| stage of malaria parasites. '

2-8 BEAEA M ENEW 4 HRE
FRRS . M HERER, A B

2-8 T~
TR |y = A |
' ,{Pm.TPﬁ | i
SRR (wa [we Frz |
S 1} =52 S i
ainsar- () i

(fF ERH A ix: — AR &

EHEEARmEwA, 7—FE2RITREERREE R A\FHEX

HY FR T AR

MR XE: KETHFRARNER R FHAE
— M A AR ERA NIRRT AFIREF
FEWNRERERE. flan, /T T IRTIZER K A AER JEHIE

ANF EWICLILRME. 7—F

EREER, DT HS 2 ERAIR .

, AR T A HE KA

AR ZAT A
=R A BRFAL, MERER B E

E A AT

=M HE

AR R : A 70 R ZF ey T B AR A R 2K, R A
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BB R4 B AR E . Blim, RN R 3 FUR AR E

W2 R A

PHENFTE R, FH B TEKIEA ., RR@MEEF L7 NLP £4%.

2 A AR Z T B AR, ERBIEEE
BN TN 4 H AR .

MRTEH: KBARENEZWNARARIE, W7
T %, f?ﬂﬁﬂ%ﬂﬁﬁﬁ%ﬁi%%ﬁ ABF I E BEF

RS E T AN

AU EERT T
> %II/TE%DT/xL@%

EEFRHH. BH, FREBRACH ERATERETRE,

’L BERT ﬁﬁéﬁ%ﬁ“i‘ﬁw\%ﬁﬂm ERRTIBHNEE T %,

235 EEE AR T EES

BEAMDAEEM, RERAKLS, THEANTLEH, £

FRENBMESFF, wemIBNIEFARZ T ZHMN, 5 ARAER

FREZELNBTARREEMKGET AR, B
ABBTUZEZENF LA RFEFAHE, &

AT A EiES
= R T HL 7] B 7

TN EiR A R, BT AR R E1E X EE Ao A X 88 77

2021 4 J&, OpenAl # 1 WebGPT[60], #|/

GPT-3 5 ¥ 7 3| %

M ERINEXRLHRBREHRWGERERKXA R ZE LI F RN

71, BRIAT BEABRBEAATABRRE 2 A E

BYFAFFENVFN ZRE, FETFLH
KA AR F T AW 7%, 27 Webshop[61], 1#

A% . % IAET
FEELEBRFEF
F1E s AERBR

ANEWYF & E3AT— R P8 1E W X BT & 471 &0 . 2023 45 3 A, OpenAl
& A ChatGPT Plugins[62], L3 ChatGPT 1 & f 430 3 14 B9 3 gt

FTHEFA NS ENEERR., REHES. PDF [F
A EXF 480 MNE A T EE . Meta ¥ X fv 3
T RIEEAEANRBINTE, Z—WRAK) &S

EER, BRE 8

B3R 5 BV S B AR SR

= A (Augmented

Language Models) [63]. T AF A AT AEA T BE 7w Ea L,
= T TA%> (Tool Learning) 71EZ[24], 51 1L A g6 5 32 4% o

A M TAEREFNFEITE.
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QVETHRATE
Py Hodi T A

(b)) ZETEEHAFENTAR (c) ETHREREONTE
A H P B (GU : GFEHE
I
!
!

-
| FFEE WEE  Softwares/SDK

EE GitHub
Copilot

MAEE  MEE

W A
A
S

=
a5
ﬂj

M EEALE: F7- 381 Kl 900 1 57 M\ A0 1 B o B

29 XETAHFPEBEMNANITAS K([24]

AR X ENBEA TREZA P BEOARY A=K (K 2-9): ¥
BEXOWITE (Wil A. BREF). ETERVAFAPRENITE (W
W WG #& . Office AR HF), EThREEINIE (WREE, &
REWE) F. NFJIERNAEXRE, AFTEFI A EZET UL
AP K[24]: —Kx LEAHEEF (Tool-augmented Learning), F| /7
AMTENPATER, HREMBER R, £X—KAF, TEHAT
ZRBAANHBERE R EMHWNAARTE, F_ AT AFHF
(Tool-oriented Learning), ¥ 3 I E g A mEA M ade m T E
PATAR S . X— KRR KETF K EERBEAKRES TEHHATFF*
RENER

24



TR -

=~
=

(4| gm A 5

i it
Ll o

F3E ZERESAKERFAK

3.1 ZFRERREPHAREFR

FPE A K., R ERNSES AR,
3.1 HHEREFNSIBEIAKE

Transformer H 455 25 . & PR A2 A 25 A9 09 A~ [

A AR S F
i I

FFAE T

B 7 15

ﬁj: m[ﬂﬁﬁmu/ﬁk%u L
R — SO AE Y R B R A LA
% PG M B — - B

T A LA Z Ui W A 4
f — N F B Transformer W& #HTXE; ML REWN
Transformer W % #E T RAG AL FE, W EW %52

L E B E 2 & T

" EEABRBAN X ARZTAE, FESARER XK, #
ER AFE SRS B ERERRATF I SREAAEEEE
T EMRBRABBEEREHE, BRI KAEMEMK B A B RAEE
T, BE T E) WER, F

DL 4 A BT R A

HANEBESARR T EATHNERESFN. THEEREF N,

T EMEES S

. BUREM EE T FRASH

AR &2 B XEMEA VILBERT[64], T F A
T — F4 B % Transformer B 25 4, & 40 0 A Fo

R BIE 20 Al e N A

i 3T B4 Transformer % A% 25 , ¥ & 1 Fl B £ & /7 Transformer( Co-Attention

Transformer) & ¥ >C A& Fr &
AiE B DA B | B A e

AR AEHEAT BB

5 Ja P45 Bl XA - R AR
AR ERERFIANZRSNESF. £

WM ) 7 — /MR % & OpenAl /a7 #) CLIP[651# &L, v % A 7 4%

ST BN S B PR 2 T P AR AR SU AR HEAT AP A 481 B, 7

AL #

&P

N EREE
Z A (zero-shot) 7 k@71 . &7 — 15 CLIP RBE WK KRIEF &

LB E A

b o O T LA

", CLIP %

— 4 LB
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XA HAT NG,

R, ATk 2 e REAR TR Y




ALIGN[66], & AR ELEINET — 4 1 &

AT 102 e E

= >, CLIP &/
B YR & B,
EH =, AaHE

EAE XA BT RK

(1) Contrastive pre-lraining

7 7| 3% 2| Transformer 4w 82 28 F, F

F 5
B =

(2) Create datasel classifier from label text

ERET B T el
LR E 7 [T (@) Usat hot pradicii
%] 3-1 CLIP[65]4% &! 242 14 &

537 45 4y g — A

L X i m A, F
- XA R IE R R Y B AL 15 5 /AL
X R, T VATT[67]0 =2 4 % A - X K-F
5 CLIP %ML, VATT ¥ &ML

&

SR R
R B

&) 3 T b ] R AR R

i A R & & VL-BERT[68], T #

1R B 1 7 SO

LB 27K NN
7 X A A A

HiE, MNTHRECHE, ZEAEEMT 2H5

X 33 A 7

-#% 5 1F y BERT W £ Ry A\, 18 I8 /A4 2 3

R\ F

o 0

TR ek L B2 B R FATEA N, Mo,
7 — &M # & UNITER [69], W XA T —ft 2 1F 5089 % = 5 T Sk
- ] 14 [X 45, B4 T FiE A 3k,

REH#H—FET

IS

%5 XA AL KRB ST, EREHH
K &M 7 %-H VideoBERT[70]F ActBERT[71],

L 1 VideoBERT = —

AN

MA-EEEE, Cae T XARFMAUMEH BERT WL \; M

ActBERT %

| T —MeR-RBXANEET %, WALLEEXK

A2 R 1E R, TR A T W T o A #HE R mEXN T RN

EHEM,
SR

HEREFNERIAER AL A L

AR, W, WHADFEETINGESF LHTHA, 5INESZHT

WHEF BRI IT R —WRM )G R WEEF. Fla,

H o —

N
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A 77 7= Florence[72], EAE T FEREAE N &M THFES, HK
T A ESESAER foil MR R TR, AR THESHE
b, ZEAEHANSLFEREEF I WA BTERTINAT T B
2| X%, XA CoSwin if Bt # %k % J WM&z ~, 18 METER i L
AR N H B R AR -EE R TINARIEE ES
302 HHAREFNEESAESR
0 A RESFWERESAER % LI AR, B A, WM. FM.
A TEHEFLERESAENERNA ., BEREFANTEEELR
éf*ﬁﬁﬂ;iﬁkﬁiﬁ’#%{ﬁﬂ (diffusion models) .
EFH A& R F, DALL-E[73] M B A R EK. © & H OpenAl
AAHN—NMETACEXHINGWEGE RER, BT XA
VQVAE[74|E B E# B A s f0 GPT HA W EH, EUXEEHESR
FRET RBENERRERZAGE S, HHREERBIK GPT, 7 —#
Ay B 1 A R AR A A A VR A 2 PR BT B9 CogView 1= &1 [75] (2m
3-2 i), ©EHF 5 DALL-E XM %, EZHE T XHAIEN X
REERER, HHE—FRRTIBEIERBERETHEES LR RAE
M EE A1 o CogView EE T X AEFMFRF Y . RERITFHERZ
HoERESF T HABRGHENRR. EXARERT H L, XAF7 &5
BAERFMWARE, Flwm, BEFE GIT[76]%*A?ﬂﬁ§UiZIK%
LEASAERE, Gi— T HBE/AANHER A EEEFRNT EE TS,
|aH — NG A g A — N SO 2 ,,.as""czlxﬁ%%%%i%%mﬁ%@
AL E, DAE ENE B 7 2R A A

I‘-”u
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Input Text:

(The head of a lovely cat.)

Input Image:

Image Tokenizer
(Discrete AutoEncoder) :

— R eI Z/NVEXIR, o - |
E Discretize Recover
~ Text Tokenizer (sentence pim 5) . Lﬁ - |_..
'/ Fattem :
e i |
[ROI1] ] Text Tﬂkml G Text To Hﬂﬂ‘ ‘ [BASE] ‘ BOI1] ‘ ImmeTnl-nen‘ ...... ImageTaka [ECI] |
— t— —— e—

Text tokens, ranging from 8192 to 58192.

——

1024 Image tokens, ranging from O to 8192.

¥ HR A A

N

Stable Diffusion,

A RERW R KT E. &7
£ 77 % & OpenAl 8 DALL-E2[78] 5 % # # Imagen[79]. 3
DALL-E2 & &R % — 9 ### & &5 K X ¥ CLIP &

V. )

CEJRE
A R XA E AR,
Ve 77 %k LDM[77], E e R H G &R E 15,
®iL, BRAT SR REEE

Transformer (GPT)

% IR FFAE 4 AR

% LDM %

VR A A

| |

%] 3-2 CogView [75]# A 2 M &
, R ESR I E TR E R IR KR,
KFIREERPE. T mMEAWN— MR
S$ ¥

K] 1% %t B2 # R A AT

¢ 3K

o A HBY HER

RAAIB ) XA R EBRAERK, =4

Z 4k, AR AR FRX

18 5 AL 45 ﬁcFW

Gh— AN 3T B B A A CLLIP 4 3 9 SC AR AE B 5 B T8 41 2

B, TS AL A
JCHEEAZ B . T Imagen ¥ 42 % X AR B AT 4R A5 R AE, z)‘@&)ﬂ#%ﬁﬁ”

MR, 3

FRATETT T R

SR SR PN N

¥ RAEBR ST X 4 64x64 B Z IR HEWEE, R a
WEY HER RZIET T HEEE 1024x1024 B &, ﬁn 3-3 BT
s, 5 DALL-E2 A [E® &, Imagen =4 7 & 1B AR T5 &=

AWEZERLXARER,

) 44 {44

83

RIEE#ER
Imagen & B & T T5 = A 3% BBy X A RFALE 4

o
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Z X AR Y Ak A kBB [,

= XN B
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Text

'rozen lext Encoder

Y

lext-to-lmage
I.-}:lif-ll."-i'lll ?\fn-:]t‘l

“A Golden Retriever dog wearing a blue
checkered beret and red dotted turtleneck.”

Text Embedding

A

Super-Resolution

" i
| it usion NModel

1024 x 1024 Image

]

64 x 64 Image

256 x 256 Image

3-3 Imagen[79]4% A 22 74

313 KMEBERAMEREFNEHESAHER

Transformer 4g %% 25 38 33 N [0 By vE & 77 AL K 5 X X283
LB ERANFFE] EXEE S AT LEEA F

RE 77, T ARG 25 B3 8

% Y 22 A

i B 43X T FRRE A7 A

Transformer %% i % 5 & 2, RiTREH FEMBE 5 & KL
i A 77 ik R R A AR K S BT VL-T5[80]42 &,

SAER, Flin, —4

TH UEE] B TEE

B LN EBRAE
it

—
i

- 55—
Transformer % %5 75 A1 E
TEa XN NEESEHEN TR XA LE N IA XL fr -

= R E S, BER

H LA

=

29

JER:SF R 3 .

& LM A, FERA
S A EL!

i~

i, 4o

3-4 Ffr7~, 1%
FEQIETEE
H SC A H A4




AR, R EREHFERES T — WA & g Fl R A B
FEBER)NGERY, REEANZHE. XRXRFENA —PMEEE
A Unified VLP[81], EWEER A ZREEMBEEXZTEH -
Transformer M %, 1Z A =B R EE RN BA K EF W& A 9 E
SRR, BN, YEH AR, EEABE AR mBE, £
NERTREEWERN A HNRB AR, SEABLETER, EX
NBRERXENEN, F—UEREBEEN XHWEB KR XMk #ED
HEWNHFAEBRLOSHE, EWNEEMEE,

t 1

- - o
Bidirectional ' Autoregressive
Multimodal Encoder Text Decoder

?

f f I $ 1 t f
l visual I l grounding l U | fire \ | hydrant \ m E i | <5> l | <vis_3> I
| J l J

|

Prefix Visual embedding

| 3-4 VL-T5[80]# &l 2 # &

Jesh, R LUK EE AR W XA E R 5 8RRt 5 1y
SHEARMEENMEE A, LA EWN L S A A b, g8 4% 3 91 22 #f fo
ERGEN . RRAFEUEBEABERAEFFREINLSBESHNAT., Ba
FRXE, EHTXARAEEGRARERE, %R EXFHRA TN
EEAMABRSELIHENIKER, 7/, B ABERAET)AHLEF
FAATEF L FaR, FREEMEIESERENRE . XERE
ANAEEHTHEHEES RS, EEH5EE AER =4 4H K,
HY RN REENEEAEANSHT] UAREUNRBI T EE . 5
WHRE; EEE&FNNAE LN E R E, FFRRITHNE
FE 3k 40 BLIP-2[82]F B9 Q-former &% (W 3-5 Firn). X EEA
BESEEHIMNBENNEIR, £F K, NEENMESEES
ABERBEXXTF, BEANHANED KRN BEESEE (0 EE&-
XA, RI-XAR, FR-XAEEF), ETH2H KL RESFHAT)
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%o BER _MBHATERAWETWMRAURFZFAZESEKDY, LH
RO R MIETH ] £ ESMEFWE MR E, BF LN EES
HOMARBERBFSRSNE. RN FHARR G S ENEEFE

Queries Instruction

i.'. J[DD*D j . Q-Former [D E.]L__D]

Q-Former

.
CEET)

'

Fully
 Connected |
' Instruction

(BE-BE|(0O0-00)

(Choose the correct opticn to the i ‘ Imnge . .
following question: which picture “ Embeddings Queries Instruction
shows the pizza mside the over? -

Options. (a) left one (b) nght one,

 Answer. A *
Instruction Response [ left onc ]

Input Image

§] 3-5 BLIP-2[82]4% A 4 #

314 HRHEEHNSHESAKE

ABALR S ANEREEE LB EERST, La¥F > 3R
AR, Y TRAFTAFEREXNEETN, 2FEFHRERA R
58 RmiE (Flank BaiREiE) BREARRW T E. FAlt, FaiRE
. FEE. B BREEERUNAREREAAER §, &7
H LS ABEB N RFI RGN Bln, EFFERNAF Loy—
AR 7k R H E B ERNIE-VIL[831# &, 4 & 3-6 Fi~, B EMK -
EEHEAFEIANT HXABITORN T ZERERE, ETYKTE + &
ARG EEFRBREEI X RATED G ERKAER TN B4 AL
EmaiRfE R, UHENEHAN S EISTINETES, XRBsFEmER
T e AR W R A AR Z 8] 4B L B B XY 518 R o 7 AR B I R A A
F, BA %A KRISP[84], ©4& & T &R A # iR w5 3,
AL EEATE EENINARKEFFIRSWAER, NEH UK

[ -
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& AR 1 5 X BB AT T T AR, KRR BE T DA AT R X B9 AR
#H, XFURRKFTHHNARETR

scene Grmph Kmowbedge

S T ] TR T I T _=
| aes| [
womm| [
_ T
Two-stream Cross-modal Transformers oy - g T
gt o |
—— R : _ abjects |
D o I e I (o) -
P B T e T —
L - - ey ® l:ﬁf"‘l sk
o ; }j' Y
B “ — St Graph Parsar

%] 3-6 ERNIE-VIL[83]4 A 22 #4 &
3.2 BIRSKIRBRIXERA

SEASABANKBEAZTEAETNEZE RS, EdER Y
Z., B BEFI EEARMIGE. THEEFHA.
321 FHEAARBWRNEEHRIT

WG REELBESTNG T EERBACL, FERORITUE
NF MK E A RJE B R, B, EREEEMCAEASR,
i % 4 & ] Transformer B HE W4 (CNN) RERARAIES
ZEWERKR; MNTEHR, KrHEaMETRENES, BHA
CIRA RN ENE LN FHE, MAEERNAENEm, AR LE
SAKEA B TR HBAWICIZE A . AT, AR FZE
A A E] TN T T E AR AR, I RE I 43 B P RE AR
A, X TEFRWHEEAZEHNRITHRER, WwR#HAHEE
X Transformer, f A 7 EEWH X H Mo
HR, RuTEEAEAFEA BB RS EEER Y, A
—RINSBEIABR TR UEETARBABRQOHITHE. ¥ — K
* M # 3% & DeepMind #Y Flamingo[85|M. % 1& & A AV, ZAE A gb 45 4
AR, A XAEARTARMEEXRETEE. e AR EEES
EEARANSRAE BT F I WG RIR R Ek, A XA
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20 £ A

RATFEEERE T, 5

270 77 A AI-X A, 5 430 77 B RH T T
BPEFAT R -1EF B 5|4 ; Flamingo A& VA (few-shot) HY %

E U145 B T S RO X L AL

ELMESE, 7—PMPREMEHERE KOSMOS-1[86], T ¥ — /% T

Transformer I iE 5 AE H B F 7 0, FHRH 5% R AR I &,

EAHE “HE
ﬁi‘;{l‘g‘ﬂif:iﬂ”% k

A a7
BEAREEREA (RREH
¥ (BB ARFI) g7y, bR AEAEN WA EH. K [F £,
BEREKR. BFFHRANFLES. W, TEAL
B %, MER RS LLaMA[87]1% T IR & 5 A A Bl #

ZEAMEF 16105 E, EAHES
AE3) UREETXH

SEE "'?ﬁﬂ’ﬁﬁﬂfﬂ

i

MM ERKRUGPTA WL ESEBERE . EFW— N RHAER R

ChatBridge[88],
M. WM ERNFE, Re@EITD

Y & M HAATHRAER AR EEE
EMYIS S B AR EESWFER

-

Fr

~r
=

PR ARAWNEXZE, FEEA AL R ERM, BRBEAGES

’é‘.«%%%‘%ﬁn

T ERATIG, B 5 THESE R RERN LS
Bk, W DL B\ B D5 LA

Wﬁiﬂ TELAEE,
WS, BT B OB A 0 AL

A RE R 22 AR & Bk R %
322 #BRAAEAWE BEFIHN

DA O -1 & SR Y BR A5 X 0 1L,

FAEFREFRAUTLARE,

F5— 38— NMEET, \EFHZFLMHZ
B AS (] B X 55 An B 32

SRESARAERANE BF

1) #%i&E 5 B (Masked Language Modeling, MLM): #r A\ U4

LTRSS

b 37] S ARAE £ A 8 e A 7k B 46 A0 A7 [MASK],

MNFEBRBERRET L SRS

7 B ARIC, 2o

- T SR PR A 26 A 1 Y R

W a

o FRAABEHBRPTEMHTINGES, BE
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S 475 A B A RE E IR B E S B, AT B BT T
WERETREES, WXANK. o4 TRRI. AFHENETE

A

3z O

dog couch
[ [ ]
BB AL 2%

D O O O 00oc -
zﬂﬂ_h,.! d a [mask] is sitting on a [mask]

A 3-7 A E = T
2) KB EE (Masked Image Modeling, MIM): #r A\ &%
TR B A X3 R R R B R A A PR N B A AR G [MASK], A B T
NEERAFERERFIAEAEBRNEEXAFHEMESERENE
DU, TR B 20 R A M R X d ., % AR S A AL R X A )
GAAREREA FIEAGHARFTE, 2ES ETXERMIEXX
2, UEFMEREHEANZ, wE 3-8,

5 G A

] m U0 m 0000000

-y [mask] g [mask] a dog is sitting on a couch

q 3-8 AL W T
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3) B®&-XALE (Image-Text Matching, ITM): & & H #& 5
BERENREEEGES G AR BB XA HAEX T, T E &%
-XALBRME S g XA EREXANS AT, BE L ZE XX
EAIERA, AL IEN AN, REEE — 4K T EELHEHE
A AR UL EL, AT 2 L B R A XA Z B B X KBk, W 3-9,

X MIRK
PTfEg-1 / ARECHg-0

H“

Al Zm A

ﬂ A juvenile golden retriever

3-9 HHEXAKILE

4) FEB-X A% 5 3] Image-Text Contrastive Learning, ITC),
e X b o7 X B9 7 R B AR AR SCAHY A B AR AR Y T B AR R LT, AN
[B] AKX B 1] B RONTE T, AT 3 5 R A SO Z 8] Y 7 R ERE
R AE 1 A gy 3 4 0 B AR B R A XA Z B B XK ER, A SR
FRBEE T RTREA, wE 3-10.

5 | A2 S

— [
.-""__,'“.5 ll'r"-. 1"'-.
Ao LY

b :
Y
W
% %

| EgmEE | XAWEH

ﬁ A juvenile golden retriever

%] 3-10 BB - X AXT

323 $EAEAMBN THESMAER
%ﬁﬁkﬁi% XA B e Bl RARFE THEES L
=, , TEBIHAERE TN G AEE e 11T B 55 K
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BTHREESFIETF. HEl, ZREAARANHAER X EER
= 1

D BHFRESFNEAYAER: SESAERONERIEN
W58, HEEFHEZEKE LHTH BB, BT XA,
A AR 5 3] AT X A F- B AL B R AE AR ROR, AT 3E A A AR S Y
L3

2) ReRAFIWEAMAER: RiTZe LETIEEHH
BR, ZRE PSRN ES, L EENTOISEEAZEREAR
TEMERBENFILTURTFN T THENES RAFEILFES
ARBWES LEREATO SRR, R FHE 2B R =R Bl &
MEERES, MTTE T IS EE T &R

) ETHERSNBNEAYAER: FMEFHF B ML
EEEE, FREATUELNRMESZEXFEA T FEE R
T, EREFMS EHTMENHNEE, EREERFTARINE
WA, BN ERBNMER FHATHRAENE R £ AT EF,
MNEBEBWSREE W, RAEREENSEZKERN

A BTG AR 7kl RO F I T TFRES,
WEEELHRATRASBERIADRAF R EFIHiE. AKX, W
MRFTRESTAZNCET RN EGANEESREFRAFLEREREX, E
AFHIE RB(EZ)RERR KN A EHH, RITHEZES
AN BIAR A N Z e R DA N R XA Do
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£ 4E KREZRET

EEARABERANRERE, ARANESKROERENE.
# A B KK A F &40 ChatGPT., X 0—& . M KE KER 40 APP,
TR . APLE R F 2R AW KRS, HEIT I REHIH .
Function Call ¥ AEA S T E, REWER, mENFESH
2%/% I E B, TRARE W EL A ESERR TR REE RIS

HAEAWTIREEZE, BRT kBN, R, BARTFAS M
ﬁwﬂk FFFRZE &, R AER WA FT A mis K, FEEE
AR TTET R, REF I FTIFEERM TEE mEE 454 )| 4 F
BEEE N, HAESAIEHFTRERMBK MM, AER WL
BEAEST A —KRBARKN L, HAEFEENEE T A WA WKL
R, REAFBE ZEHN. TXHULIANFEL A RBIFNA.
4.1 BBIXIRBIL &
(1) GPT %7

OpenAl #Y GPT A7 A R EREE A BT BN EA R, L+
ChatGPT #1 GPT-4 2 B MR &K HHEA . ChatGPT % i T x4 & XX &
sAMEEN, ERANNEIECEFEENEABASEmMAF .
Y7 B9 ChatGPT X #F & KA 32,000 MF &, © 7 UHATEFHES,
AERERE . HF KB, FERNF. GPT-4 £#|E 7 HH e
71t ChatGPT ¥ 7%, [EBWH D T LIRWF= £, GE% E /&7 4 2 7
MENEZWE R, ANTTREETERENER, EXFIATEW S &
SHAEHAEX AR, m T2 —WIESEREUKRERNF TS,
g M ChatGPT 2 GPT-4 X i Ll 3k, W& A X FEEF KL T A
MmEGE KB X EEA &, D — PRIV 6. H &, ChatGPT
Plus I P ¥ UER A Fril R EmER DUFERE B TR, XRAH
¥R T A W R i Au 3 R AR
(2) Claude % 7
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Claude % 7| 3 & & Anthropic T X WFJE1EE A=A, B
4 Claude # Claude-Instant # f# A2 A v 4t 3% 2 . 5 Z 8 Claude T 2023

=3 HI1SHEA, FE2023F7 A 11 H,

¥ I £ Claude-2. Z %

FIER E W BETONSG ., T A X KARH ® A% 3 72 Constitutional

Al A (&4 K&
Rl M. W TS

Claude 1.3, Claude?2 & EiN % &8¢ 771,

(3) PaLM Z 7|

PalLM [171 % 7] &E 5 A A & Google
F4 8 KA, FAE2023 453 ANFFT APL

=

-

GrAnERFE X ) #HAT

1%, BERARDNA

t, BEE—RWAE, Claude & & X % 100K 17 70
i E T, W Claude-2 £ &2 T 200K 18 0 E X, #HELT

5] B BE % £ Ak E K HY AH

Ko EATIHEBAT 2022
PaLM # T Google #= 4

#y Pathways W2 % 3 RAHE, )4 HELEL 780B MFH, AEA

AN F I i

2., FRREF LMY KXWIEN. Al PaLM #
H 8B. 62B. 540B =M FE & HEWEA IR A, Google XX T %
f PaLM B %% # iR A& . Med-PaLM [89] & PaLM 540B 7 &7 ##E t
HAT T OB JE IR A, £ MedQA %

EJT R EzmESE FBE T &ITF R

% . PaLM-E [90] =& PalLM By £ A hRAS, 86 4% & 3 5237 = o 155 il Al

& A 7T KR BAES . 2023
HHE AHY . Google W X &R~

PaLM W 5 & £ %
(4) Bard
Bard & Google
Google TH/0 E & X
Ko 2023 F2 A 6

o

b=

#£ 5 H, Google £# 7 PaLM 2, {E3f %A
H A5 & X 340B, J|EEKIE A

R xTIE#EA . £ OpenAl X # ChatGPT /&,
SN E RV E AR, EIES T Bard B3

, Bard F A &% i, HA

C R A 2 Google I HI 5

ZH1EE AEA LaMDA., Ja%42 Google 7 Bard & & T F4EHI 2K,

WEAMBFEEZBEN . DmRAERE .
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5 H, Google x i T £ T #H —NR1&EE AEEA PaLM 2 ¥y Bard.
(5) XX—F

XN~ AETHEXOAEAWAIRERIES AFER, T 2023
E3IHAEERNELEFTRBEN XO—F HERER QAR T 2019
FRM. 8A31 H, XN—FXREHMa2HEa22HETHK, R4 APP,
TR, APLER S 2 M RN BRRS. XO—F—FEXAF K
BB, ARRFWERNMFS . BRFHA, 2EELMAER, R
WEEFI AT IE R EREE A S, UXNO—FARRWAERELR
A HEBESREATF. X —FET KEREEFIEEHTINE,
Bk 5ERW T E LA G B R AR AT B 2 7, 8 Y| SR B 1L B
RT3, EEREAIRAITHNI0LE, XO—FALERRKRT
WIS, BN TE, REWER, HREAERWNE AL F.
(6) W KE K ANmAER

MEKEKANBABEREZEMAR KT 2023 F5 A6 HXANIEE
AR, RETETEREEAREN S TS, IFLHERIESL
HES, FHBKAFMRAIER-FRAFHREM K =AATE &
PPl E AL AR Y T BEE T Ak 481 TEFHrY (Gl H A & gEF
MARZRY; 6 A9 HEXKABEAARZE VIS R, EIHT FRXFIRHE
. SRXNE. ZBRMBFRANET; 8 A 1S HEXKAER AR
B V2.0 R, NTREFMZESEATH#TTRA. FE, W EAudey
RERAEFELXM T BN ERXEFEAEENELT YL E - &
“EX—@N7, I XFLVREZIATCEKXKABERWAR LI E.
7 = R REA T B AR B Y| G

(7)) FBEAGRTT

iR E T AR ZEBIAT 2023 £#9 A 7T HAHAW T LA EE
TAEMN, BEHSRSE. NAAE. ZHEEE. s EE S, )
GHERILET 2023 F7 A, A7 KL% EA, BITAREEEZETO
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ZNE, FIAREEENEAREH#T TN, EARAFEIEFE
¥R, BTAEAA MM EREHRTT K, HEL4ELE
W /B 77 R R K %

Iiﬁ";’f

(8) i# X T4

1 X T 5w BB

Weoh, MITTARBLAET |9 Ao # A0 g AF 18

LR AT, AT A R A 3 A AR

T

OET “EBX” AR L, T2023F4 A1

& A 2023 EFS A, MEZFHIET 7010528 FEA foxf g A,

VBB DL B 24

NET HATNARNZ ML, AABANGEN, WE

A, AEXT. mE AL, RESRETHNREMS . XARHEE.
XABMEURACHENEF G THEZFENE AKX ENTE

R, X T A geas LI R E R G FT e, o, MEEE
N P AR R LR Y N 3 = A B X8 L] R M R T 3

EXEE,
2 HAHRE KRR
4.2.1 HAFFEEAER

ol
s

FRARE A1 IR il 2HF
LLaMA % 7] Meta LLAMA, LLAMA2 7B, 13B, 65B
Falcon % 7] TII Falcon 1.3B, 7.5B, 40B, 180B
70M, 160M, 410M,
Pythia % 7| EleutherAl Pythia 1B, 1.4B, 2.8B, 6.9B,
12B
60M, 220M, 770M,
TS & 7] Google TS5, mT5, FLAN-TS
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 % % MosaicML 7B, 30B
MPT-Instruct
) ERNIE 1.0, ERNIE 18M, 23M, 75M,
L & 7] AR
2.0, ERNIE 3.0 100M, 118M, 280M,
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340M, 550M

HelixGEM, HelixFold,
HelixGEM?2,
HelixFold-Single

100K, 90M, 32M, IB

VIMER-CAE,
VIMER-StrucTexTv2,
VIMER-UMS,
VIMER-UFO

80M, 129M, 1.1B, 17B

GLM, ChatGLM,

= 2 3
GLM % 7] R KF, ik Al ChaiGLM?. “WebGLM 2B, 6B, 10B, 130B
Baichuan £ 7] | & )| &k Baichuan, Baichuan2 | 7B, 13B
——— LFEHFRAIFESMR | CPM-1, CPM-2, 1B, 2B, 2.6B, 5B,
fZ AR KF CPM-3, CPM-Bee 7B, 10B, 11B, 198B
MEIRSRIeE ., £
#HEZRP MindSpore. A E L7 | £+ 350M, 2.6B, 13B

BT, TR AF

(1) LLaMA % %
LLaMA # 7| ZE A [30]2 —H S B E N 7B 2| 65B Wy A al1& & &

A, ell#Es

E BT A F /A LG, BoR T X
R ESEKR NG RAHLNER, TAFERHRE

A3

|

T B A A B X R

£, XK ESE A FF Common Crawl, Wikipedia, OpenWebText2 .
RealNews. Books % . LLaMA # A # A T A #9925 48 13 JE fu i ot

WA, UWEERERENS
B T EHI KT S

AT AR A S F

£, MPREMRNL. LLaMA =& £
TR, DUmEEA R
J& . % A|H#, LLaMA 13B # CommonsenseQA % 9 4% %

%oy
i o

E

¥ 7 GPT-3 (175B), T LLaMA 65B 5 #& 1t 7 i 4% & Chinchilla-70B
1 PaLM-540B 48 # 2 . LLaMA i 3 & | ¥ D 0 F /R L 3| = 6E,
. 5 GPT #%|#[E, LLaMA & & 4,

M T AE - A

I

tHIMA T EAMLSE
* A 7 decoder-only 4, [EFE A4 A T —2E AL

CER R, flan:

Pre-normalization, % 7 & & )| Zrfe 4, LLaMA *f %> Transformer

TR A#AT T RMSNorm V3 —1t, XA )3 —14 77 3% ¥ DL 5.4

Ve WE 0 R K B 18] R, 4 TR A AL B MR SR B A 1 BB s SWIGLU #vE B 4K
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K ReLU 3F 2 & #& A SwWiGLU 37 o8 25, 25 7 B 4 1Y 32 38 8 77 An dF
i, ERHBROSZHEMITHEE; RoPELERE, AWM ALE
ERMLERG, TaEMENE—EHmT LE%%, RoPE L &%
B LA BHRERAATFINTIENERGR, FEEFEFWEZAMA
BB, XERHER LLaMA BEAE A ETEM. £ XK. XFEFHE
% L #MBAG T REFWE R

(2) Falcon % 7%

Falcon[31] % 7| # & & & L T M A7 7L bt 89 & A € 31 #F & %
(Technology Innovation Institute, TI[) €l Z 8 4 K \1EE ABEAR, HE
T Apache 2.0 17 X fi . Falcon ABRA Rk B EFE & & =/EA
#% Al : Falcon-7B, Falcon-40B, LA X Falcon-180B. =& A &% 2 &
RefinedWe Zx # & L )|, ZHEELH T RN RMZELE,
wRE M ERNGEE. B, = MEEHTH THA AR LA E.
Falcon-7B % T A 25 A2 A 2 1, 45 QO A 22 BY RefinedWeb K 1E &
FER LS AIAFHEINE. R, €/ %2 ZE8ER AN
mEERB Y R, I FMEKLFF K. Falcon-40B #74 400 12
S, FE1 ANUFFLHATTINGR. EXF Fﬁﬁﬁ/\ﬂ 2, Bf&
Hugging Face WA R EE ABAHFTHE LHLE —. ZR I FW
Falcon 180B R 7% 1800 125 %tHy, #£ 3.5 F1ILF A LHATMII%. Z
EAAEREE, FEY, [AEAETMHRNRKRFLTES FRABE, #
Hugging Face W ST IR & & A B A #H 7% L & K 7 Meta By
LLaMA2-70B %4 F. ERFEER F, TH 4 XK T OpenAl
H GPT 4, MERE5 A8 H) PaLM 2 Large 8 %, {H XA HAEA gy — 3
B E R/

(3) Pythia £ 7%

Pythia[911 & 7 = & & @ & Al 5 A L& € 3£ % F EleutherAl >

AH—RINERRNEEAEE, ZRFIAF I6 NN TESHENESR
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(70M-12B), ¥ U 2MFEIFERF N AT HESE (Pile) L
WHW . BEMERMBAT 154 MERALE B AFIHEIRIR, F+E
RETHRAMBFAEAREN LA, UEHXR—FH %K. EleutherAl f#
HEEEINET 2 & Pythia ik, F—Fa04 8 MEAE, BES
MAEWERRST. —EEEHEEPile LI%W, 7—FNELH
MinHashLSH #1 & 2 A ¥ 5 ¥ Pile L #T)%, HMEKXKE N 087, &
X EAE G Pile K4 E4A 207B NF/, TR Pile &4 300B />
F1F. BT Pythia 27| ER EMHE ZWEM L RZELNAERT,
Pythia fR & &% F R A 71 Al R W . G2 D BEARF S FF
Ve an T UR B A A Y| R BB E AR R MR R . B #l, Pythia ?@J
iy A% A 5] DAE FF UR AR A W 35 Hugging Face - B B3R BX, V] DA3#
Github B E 7 7 1 3% B o
(4) TS & 7%

T5[42]# & & & Google Brain F A 72 2019 4 2 H 89 — f 2 F
Transformer % 14 B9 JF % 2| %] (Seq2Seq) #A, EFxER a2 ¥ %
M NLP £% (w@i¥, #E. FEF) BUAN MR —WER TH#
TN, ERAXARXANGE —HERARER, RIETEROREE, TS
BAREHTReEFENGFMEENRAERMENFLE, FEEH
TERFETRMGSMAERETRENER. TSEAEL N NLP £45
THEBEETREINER, AT ENFHNZ AR AT EHEE . TS
BRAETINSENBRERT C4HESE, L2—MEE T ZX 750GB #
EX WA XAKFEOANEENE, TSERLERT AR ER
REMFAzmE, INDNEI AL AH small, base, large, XL, XXL #u
XXXL A<M, L9, XXXL AEW TS EEFAHF 110 2453,
7 & A7 Bt i A H9 3T Transformer B9 TR 4B A 2 —,

(5) BLOOM % 7|

BigScience 7£ 2022 £ 4/ 7 BLOOM % 7| # %1[92]. BLOOM #

TEnil
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R IEE LA

H 17601053 &, 2 — f# 2= T Transformer #% 55 25 L M B9 18 5 A A,
HEATHERAESZTM 13 F

N N T REH E A B

27 BLOOM At 535867, R4 BB T Wk by 77 R ok kAT A

)ﬁ m, @A[:L}/ﬂl
TEWE

AN,

ALBi S A F /N EZE KN FHNEE S, E
WRERENNEIBEUREFH TR
AR WS T EFHNRR . BLOOM # #

M

JF—H, TDEHRENEREI|E

18 248 e, BLOOM
5%‘11111 B o

5

BLOOMZ 5 BLOOM #i~

E . M4, BLOOM *t )R # By Transformer Z A4 4% H T
K. HELTERNERMAALE SR
=T keys A7 queries —Z Z B BEB R T HERE N4 K. RA
HAERB)FF| £ aE4%
H,, W F 3] AL E Y A A e
NJEZ Ja Ja L BR#AT B
TINEBRERANZF, §2ES
AR TE R R T A 25 ANFH, UXHF
THENEREN SRS, &

&, BLOOM X | T ALIiBi

4 130 L F AR L #HATHOA, B TR IEE REBTRIMLH
A, EH 7 w24 10-60 LFHFHXAHXATHIEZ)E

TFR. Wi, T

13125%E8Ff 71 5K EWIRAK,

, A B4 BE A2
<, MtR#EH

7 SGPT Bi-Encoder # £ # AT WA BEiL)Z%k, T UEFIAFAF &

& XARRANWER, T
HAs N\ E 5,

CVE N

(6) GPT-Neo

GPT-Neo [93]1 & 7| # & & ¢

1] 4n bitext ¥ .

1 EleutherAl

R KA, XA RB Wt 3
B F R F TS

R T 515 F AR

Al , GPT-Neo £ T OpenAl #) GPT R7| 1 E =AW EMN, EEXAHT
AR, A
AMBZHEABEMELEHEARAEEREAS T HEN RIS X KE,

ZAE A 0 &

X IR 5 84 7 i # 1T )| %: o GPT-Neo # A £

=~ K PR A, GPT-Neo 2.7B,

Rz e, HER

2T N5, C-E % FEMN

AR XARE LHAT NG, BEFE. XEMFR, FHEE

?ﬁTEHﬂErsz = é?(—]flj =i ﬁtfﬂ{f

=

- RIAR S, Wik

T AR, MEA

B &, Rz A, AL AA 125M, 350M F2 1.3B EF 5 HE A,
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GPT-Neo ME M — MR ZAETER BT REIF X FMHLEKZ 5.
EleutherAl A F T % ﬁi%ﬂl%ﬁrﬁ%‘j, o E AT %A R AT A B RE
o1 A B Z AR A, FIT K ¥ % M KB AL F A8 GPT-Neo & & By
¥ E, AENFREFWHARMBGR, UREEEXEFIRAENEK
& E R B RE
(7) OPT %7

OPT[94]# & & 5 Meta AI & i # — #X decoder-only #= & , 5
GPT-3 #H % RE GPT-3 EEZHFAF J P FEARFE Y A ExA LMK
HHRE S, EEEANINGRATARERZLITENFE A, RF| T
RAHRXWAERARE R AT M EYPE, Meta Al x4 T OPT %
A, ESHAMEN 125M 3| 175B 1%, FFET H X E R A,
o, ARENTTT FHEWINEBEEF, RABET (IR EETEN
REFMN, AHRAHLRNEA M —FHARET EENSFEL
B RTINS EA, OPT-175B Wy I£REAH &, EJ|IZ%HARNIX ¥ GPT-3
Nt azZ—. EMNEINGKIERFTE, OPTHAT 248 REIERME,
1,75 RoBERTa Y BookCorpus #7 Stories, A& ¥ #7H] CCNews fR A<,
% & Pile ¥ CommonCrawl., DM Mathematics. Project Gutenberg .
HackerNews., OpenSubtitles OpenWebText2, USPTO A= Wikipedia.
FrE X BEAERMLTT B REMTR, ULARKENR=
0w A

(8) MPT %7

MPT(MosaicML Pretrained Transformer) % 7| #£ & & B MosaicML
HAMABRETHRAEA, MPT-7TB # 2023 £ 5 A X &, &
MPT-7B-Instruct. MPT-7B-Chat UL % MPT-7B-StoryWriter-65k+ =" &
7, H & MPT-7B-StoryWriter-65k+ X # 65K K & # T CHr A\ . 2023
%6 A, MPT-30B X i, #Att MPT-7B £ AWM aE, EHX T JF
48 GPT-3. §k MPT-7B —#f, MPT-30B #.7H % & i3 Sk B9 & 14
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MPT-30B-Instruct 2 MPT-30B-Chat, & {175 2. 4p 35 4 I8 W Fu £ #b 34 1

#E &I H €. MPT-30B Z )| 4 i £ 7 8,000 FHKEH LT XE
. # 3¢ ALIBi[95] #F ¥ K £ T X L % # ¢ FlashAttention 3£ 3, & %

IEEF ) L., RTINS EKEREGHFAKNESR, MPT-30B
RIALEFRANREELE A
(9) ERNIE % 7|

2019 F, BEHAAEM RSB EREMRSFIN T E, EB

ANEEE FF| =

EEE ARG HRSR, RR SRR HIERD

G- HFINET, RFRATREERRMFEIRE, A EER

BEANF XSG AR, ERNIE[96]B X i AR EIESTEM. X

RAERK, BESEXEBETBITF 2 AR ARK, EXKATTRE
£ FRAHFRFRR LI 90 250, £ B FRAXCRE X 1F il GLUE.

SuperGlue %17l L, G HFEE 20 AT RYEA £ L7, HIE.
RS BB EATVERS 2N, BRI ZIRAE E W
A pE A % . ERNIE 3.0 [97]AE A & £ &K 215 %] 1000 12, K
EBELET)FER -

5 AIAE F1R
A Z |8 Bz &

iS

g

FEIAAAAE AR EE, T B ELEE XK

p s

AR Sk, R T SRR T4 X

(10) GLM % 7!

GLM[B AP HEA g B EAFHE L Al FaEHF XWTIREE
AR, GLM XA 7T
TN Zr iy 7 R A A A& K XA RE 77 F 7 5 B 7 5 A 5 Y RE AT

AT R EFMHAATIONEG, GIM XA T _EuERSG, F—%%

N SR B YR SR
Bo Woh, AT RERAEHREMI| LA & AWEIF, GLM-130B 7 L
EH INTA ZTENAEA AL HREAERR. BIMLN,

GLM-130B 7 L 72

L F, AR TEBEXN TR Lz ERR .

S EHARSEATINGES, FEEALZHES

P ERR, FERTNNNBENNLER

- 4 7 RTX 3090 Ti (24G) & F 3= 8 7k RTX 2080 Ti
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(11G) W& F E#1T# . ChatGLM Z % T GLM &
62 ILEHEMIESE AER, XF28WETXKE.
FSCER AT G, B I T XFEXH
WEMIE, RxE B A RRIRBUF I F LML AR,

1 AL F R HF

4%, 33T

ChatGLM

ChatGLM 2 £ 7 &4 1.4 FALF A FEFORHATIIN %, 7
AERFHBEESEBFAITHFINE, AR —RAE

K AH

f‘:’fﬁfﬂ T @/E’\

FEE B

:f‘%‘?ﬁk%kzﬁiﬁ%ﬁ e A R EM A ARRTHNZ.
5 GLM AL, i#

¥ INT4 = %1 P-Tuning v2[99]% & R 4% 1 BV H =
ChatGLM gE% £ 7G B A7 By & T2 AT . £ ChatGLM Hy &4l £,

-
70 5& A Y RE

7, E%ENMES B F#F . i#3T FlashAttention # A, ChatGLM 2

RE A EE

KIWKTX, XTENKTXKEZLET 3.2 7 F#/. Wi,

1# ¥ Multi-Query Attention 3 A, ChatGLM 2 g8 4% ¥t — 5 3 3 Fr 1

R E, BN

)RR AT A A

(11) Baichuan % 7|

Baichuan # H B )I| g6 T AW A IEF B RAKIE S AER, £

HY P A3

© X benchmark ¥ B & F R+ s F IR &,

AR
H T

Transformer #% %% 25 22 #] . Baichuan-7B = £ A2 1.2 FALF & L) %

70 L HHER, XFRFFRERNE, mA 409 B T XE

KE,

Baichuan-13B 7 Baichuan-7B WWE A F# — P A& % = 3| 130
2, FEEEREWNER LINET 1.4 F12 F#%, #8iL LLaMA-13B

40%, = Y

WigE, #F ALBI [LEHRE, mA 4096 9 E T XHE O KE,

B

B O13B RT T NSGBEER L WER,

&L

1 3

& 7

rotary-embedding, I M EBMA L HKEREKANCERL AT E, AF

1R 5 oy b2

M

BHNERFETY FNEfxdFER, MNEERET

T R A R, TXFFAEBNE E ) AT EN ED T E A

Y ER A, AT EMIRAL
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T 2 Z WAL 2 B JFE 5K, Baichuan2-7B #1 Baichuan2-13B, ¥ # T

26 FILERE%1E

lEry e £, HARAE

AR
(12) CPM %7

EEHERATINE, 2FE T L —RAERE R
A RS GUIERE T, MY Z R AT1ERE T A KB E [ TR IRFE A £ ¢

Wy, RE, 2hH, BEEE EAERE

CPM %A 5| A AL EIRA TH 5 7 e fuig £ A F 0 &7

%, B EFET
CPM-1[33], X

CPM-1. CPM-2, CPM-3 #2 CPM-Bee 3 A #£ A&l
BHRFXAAERMNGIESER, A 26 054,

EMNGES XA TE&E2E HFESZA, DL 100GB £ 3E 4 24,

WREAEFEFHNTOER, GEEM. DR, XiE, FE, #HH

ZRM, BEEZ MNP XEEE LHEZRERE, CPM-1 £ X 1E,

XAEREERTHES Y, TREDBEAFILZZHEAREY, #H
RIAH RN MRE, CPM-2[34) A XA “RGHE-HaE" ER, &
HA, BETRNUNERAKR, DEEZMT AAET)
AR Y eyt FE I X A A A PR % . CPM-3 & % T BMTrain
wARONFEREIN, £ LOB XA £ W E LRI AR RER
MNGEHEA, EEEAFTOEAGEFRIA L E. CPM-Bee 92—
M"EA2TTERE. At WEHANBENLSHFTFEX
3 A A, I TR FOR AT R R R ER &K

W FRALN. AR

Transformer E [E

TR E, RAETILEGRERE LT R4,

H ZE A BE 7T
(13) #&H AR
AR - & & «a

IR A FHATE R,
S R g AN PAE

[100] = DARE 3R 52 30 = 4 & BY B B FA BR & Uk 1F
R, AT ERAA “Hk =117 7 & MindSpore 1%, XA E

i—Er:ﬁi EJ;E--

t—FEn YRR

T 2048 FH A S8 LHAT AR A A S, )

H AR 2000 125 35 B T
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BEHEETCASZFENNATE,

FlmEME, FH

BT

FH%,

A 1R 78 B ZNEE

iR [F &, iR R, AR
RFEIGEAN. BEETFKRET
JR 44 & . common crawl B T 25 #& .
g A A, WY éﬁ%ﬁ%%%
TR, 2EF. FETLEFRERE, WET 1Y 11ITBHWEREF

i 1] AR R T E

XEMNEEE, AR T EERARREZFTNEAN 26 (05 BB+ X

Ml riEEEE [EE « K] CPM, #id
7 100GB =% #ESE
HECKERN 16 M T E
# a -2.6B . CPM-2.6B # & A
JRAE BT /NEARF S F

R

HE
o EWMAXH T B AH a-13BFHEEE

7 1.1TB 398 + S o d 1
W% T 2.6B AR [WEEFa | #E,
E % E#ATT W, ERERXRKTH, BE.H

BN ESEFIRA, FAEEE

& a-2.6BEAWE., ETENERES AT 28 PPL £4 L,
13B WA MM T 2.6B, A& a-13B = A AA R EW /D
BAE T R
422 RAFRELZESAEE
FrEER BAL R Bl SR E
KOSMOS-2 &7 - 1.6B
OpenFlamingo WK MPT 9B
BLIP-2 Salesforce OPT, FlanT5 12B
InstructBLIP Salesforce LLaMA 7B, 13B
MiniGPT-4 KAUST LLaMA 7B
3 T 4o 2k 5
LLaMA-Adapter V2 LA TH R LLaMA B
ImageBind Meta ViT, CLIP -
ChatBridge TR EZE | LLaMA 7B
Visual GLM-6B TR A F ChatGLM 7.8B
VisCPM B4 KF CPM-Bee 10B
mPLUG-Owl o E B E LLaMA 7B
Qwen-VL o] B B Qwen 9.6B

(1) KOSMOS-2
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KOSMOS-2[101]& f# 3k T2 I A 5% e £ KOSMOS-1 2 A gy & atf
R A AEA, Hd, KOSMOS-1 BEEANE S HAKIESE
FELYGH, ZER EA LM GPT4 ML EAR A, AR —K
HMREES, ELTXH¥ (BFDEARF) HabwEEEF 7R
(REEF A ¥ 3 ), KOSMOS-2 %k H & KOSMOS-1 7H [/ By A 44
K B A A HAT YNGR, FFEMER EHE T X ER A X
MR MR EE A o

(2) OpenFlamingo

OpenFlamingo[102]4 2! z£ DeepMind Flamingo # & iy 7 J& £ N,
R, EERLZESAEBEWNYI G TR/, OpenFlamingo % & X /£
BRAKF—IMNGHN ARG EF—NMEEARBELESE R, Ex
EAMSEAKESE (Flan Multimodal C4) #4714, ¥ AL
DA 28 46 1Y B R/ XA e A\ R AT XA A k. 12, OpenFlamingo [
HTERERTA, REREERMXAREERFAAF. XEF
L gE s A T 0 S e E N T S
(3) BLIP-2

BLIP-2[82| T —MNBELANEWHEBRBERATHEISZ B WE
B, ZEHEESFNDNERATINGR. F— O BENGRE H &R ST
FAREERAFI . F_MBEARAGRENEEHA T 2R EE
ERRF ] . BLIP2 £ MK EEEH LXIAT ot mviEre, K
TEE5RNAFEMEL, TINENSHHALE D, #law, BLIP-2 HA &
ZFBEA VQAV2 _t H Flamingo 80B & 8.7%, T Y& 5% > T 54 4%,
(4) InstructBLIP

InstructBLIP[103]89 4F & & X it T — F % 18 & 38 2 W 7 ¥,
AT BLIP-2 =&, WHAwIESTHELSHTHIE. g,
InstructBlip Z & ¥ BLIP-2 W% #, A —1MHE&EFEEE, —MEEA
BAf—A Q-Former =R K EERM WA . HFEHXAT 84 RAHHN

o0



AR BILERE, FAFRSEFIET AR A& LUK, B2 HH
TEBRREERRAENATFLE, FENFRETNTE —KE
Fro, REFENIES, TUREETHEA KT ERNAKRE, B
TR —HFWE R, ETEARNHRNER 2R, TUERFEER
R AR TERR,
(5) MiniGPT-4

MiniGPT-4[104]f F 15 & AR R BN K 155 EME, KiEE 6
AGERGEANE 5. EANANKT S5 EF AEE Vicuna[109]#
T e %. BikH#, MiniGPT-4 # Hl — M #® & &k ¥ & B BLIP-2
H VR 45 LK YR A 28 5 R 45 B9 Vicuna 5 AR (X T LLaMA 4%
BAFED X5, FREFAHBEAIZ MiniGPT-4, F — AT 4 Hr
B K27 500 77 B - XA #AT R -EFE XTI %K. B =K
ENBRATERISEA WA URE LA R EERBEART A K.
MiniGPT-4 §E4% 7= 4 ¥F £ KL T GPT-4 F BRI #T AR IEE 684
(6) LLaMA-Adapter V2

LlaMA-Adapter V2[105] & — M S H B R WA w /AL EA , AK
W, BABIMHNEL T FISH (Flamwsk. wmEMHLPE)D K
LlaMA Adapter, X 25 80K 15 4 # 18 G877 4 7 2| |~ LLaMA =&
Fo HR, XAT —MEHEe IR, HFIATFACRES FHNIES
AEA, ARTESHESAE AN, RE, BEXAMAHERWTF
N5, FINT EHR- XA REAFENRESINERR . Z
R MM ERET B XX F R4 RE X HANES Z BT 370, XA
AR E X g B EELEN T BmEESEE, EHEEIEF,
ZHEAKHII N T RXER (FflwF HF/OCR £ R £ i 3
LLaMA-Adapter #, VA3t — 53550 H EEIE ML 7,
(7) ImageBind

ImageBind[106]& Meta & 1 W AE A, C 0 B 47 =< Al B & A+
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HEFI] — NN, B,

AB/WM. TH. BE (3D), #&

(L4585 FBEHNE2E T (IMU) A~ W EIE R 2 2| X F

—MERANZEE ., 2, ERAZE T LRI EE S 7m0 LA S
T%, WIRZERSERKEALE &

AR E TR AL R BOR
(8) ChatBridge

ChatBridge[88]& —

AR T A KB, BE

A S AR ERE, FIREE RS

REATEAME, UEELAMEXZIFNER, Ti#xﬂiu A&
M, EANNESERLeWERE R\ SWEER. ZEEBERN
B %, BAREMMESEETNI, RABESHEREREF
e, BT REZEFWNELCHWHE, EE5HF wEENF

ChatBridge 7£ T ] X &, &

(9) VisualGLM-6B
Visual GLM-6B[107] &

R, EMEATFRSE RN ZTHE
FERALMLANTFEARFEIERA

i = # A ChatGLM-6B 5 & £ # #

BLIP2-Qformer £ &M &F A — M EASAER, HEE®E NI

EEREA. | U REME

Fr s FEAT
BWIE R T 3000 7 A& EH T E

N 2. Z AR T CogView

- X AT, UK 3 LA E &3

XEB-XARASHATHNG, IHFEEAREEEBERFHE
ChatGLM HYy & X 28 |6 X 5%,
£ F#TINE, UERFEARRITHER,

(10) VisCPM

KA

W&, ZEAEKNK R EKE

VisCPM[108]2 — M2 A AR 27|, HF 1 VisCPM-Chat %
AT FFREIIENZEASXNTERE 77, T VisCPM-Paint = & % 7 > %

I %k, B Lo g A 4 A

—

5k Ao VisCPM % F H 125 %85 AMA CPM-Bee (10B)
T4 HOE R L R B UL X H AR5

s AN ot B, 528 T CPM-Bee £ JE B W iE & /7, VisCPM T PAX
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B EXERESKETNE, ZUEAFXEREREA .

(111) mPLUG-Owl

] B 3% B FE 89 mPLUG- 0w1[110]kﬁi7ui%%$#t%ﬁ*
WEER. XA, FHF. CXA T NG BORN 75 %, BILEA
A AR B SR 20 9B A0 2 F A S OB B 298, T LR L‘r%'ﬁﬁ{i&,ﬁzﬁh
EMEBRSHES. SEENLESERMN, mPLUG-OwWl A E &
ERHBEMERWNIZATEE W, e AT HEWNREERTY B,
B AR 98 52 Fr 77 B AT R ¥ F AL A
(12) Qwen-VL

Qwen-VL[111] R XFFEXFFHIETHN AL EFTHE.
Qwen-VL DA X T 5 70 105 EE Qwen-7B y EEIEEHA,
ERARM AN EREE, EREEXFKARETRA, FEL
RITNHEEE, tEAASEN WK ETWHLERAMEREE . B
VEZEARNECRA ., . FEXXNEREATZ, Qwen-VL &£
AEMR A, BHRFXFEMBEFRS.
43 HRFRIERSTH

PyTorch: PyTorch[27] B & & M T JLFF 0 3E - 238 F AT I BN,
35 o0 (bucketing gradients). i {5 11T H I E & (overlapping
computation with communication ) DA & £ # E & # ( gradient

accumulation) [ B k3L 4 & [F] 2¢ (skipping gradient synchronization) .
PyTorch 4% R 25 #E 74T 7] LLA 256 /> GPU A 2| g K ENT T &
EEE. £ DP wEm £, FAEXF DDP, &) T f#iF H O A
BB A ARG, XFENE TR ER. —HKMR,
DDP # L # % T DP, ZXEMET FRAMEN, EEREFR
GPU F#igt xR T EMANEENSZHE . & 1.11 JRA )G, PyTorch
98X # FSDP & A, T UENERWHETLEA T NS HEE
AFT, RERNT RFNEESAH, EmTe A& R IE.
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Tensorflow: TensorFlow[112]:2 —# B Google Brain F fA 77 & #Y
BALBFIER, &%) ZNHATEAMRESF I € ULES
MBERERY, AEER. EERXAF, BEFENREEMTY B
% . TensorFlow & A & Em B it EE A kB Al F I &=E, AP
NBREXBEAMT EEHERA I ZECNHEREER ., It
71, TensorFlow X3 T A LM 8. MARKFFF/AET A, DU
&/ P B R#ATEA | ZE I TensorFlow £ % NJUBE | 2N
H, B ERETAE. HRRAFEFTRANF., €7 UREHMEZAT
EAREBEHTFE L, &% CPU, GPU #1 TPU %, TensorFlow £ %
TEHAPL, EREF UREHRE., G HFREFIEE,

PaddlePaddle: % 3% (PaddlePaddle[113], Parallel Distributed Deep
Learning) = KERFFEF K. EEF XK. HRTEHN VW RRE
FARR CEAMELYARFXFT A LEHRSHZAER 09| 26
71, MATHBHAXAFENRET 4D BEHFATHRE, NG T10EM
X5, TURSARANEe CERERENR AL —. KXW
TANGBRAEN I REZ WM ELETENI ZNA, R
5%, FRRER. BEBE. BENE. FFHM. X0 ERNIE %
F, BREeNEERE. PAXSHFANITENAR (CV) BERETS
A #E (NLP) A Y%7, XEHET H&/EAN Embedding ZH
AFBABFEENEEERZNE T =.

MindSpore: MindSpore[114]& — &K & F| T 3w = 2 3 = B T IR
REZ )N HR/EEMESEL, MindSpore BERIFILEL F s LB & E 77,
FEZETERMEE R G LA A RFHEE 77 . MindSpore & B L&Y
maSEHSE. 2 EE . 5 Al 2R X F 5K 5. MindSpore
w7 £t % E API, 2 MindArmour, MindSpore Hub, MindInsight
F, FTRAREFHATL2NEGE, BAEZE | TR TERE.

Jittor: Jittor[ 1151 — A% F B i 45 00 7 30 F 40 i 0k A R 8 2

P

o4



JERE, Jittor TR T EThREFSMPFELE, 7 UANER - KRS T
KA, Jittor 5§ PyTorch #F#F 2, ¥ DL AF{E# ¥ PyTorch 77X #
2| Jittor R L, Jittor XFFHEHFF &, ®F CPU. GPU. TPU

ERENS%. NFERLE.

%, Jittor ZERET BT FEHNIRE, WHETEE. HIR

OneFlow: OneFlow[116][116]8E4# & & A T £ /L £ K ) %4 7
=, TEAREZAHNFHTIHTEMESE., OneFlow 2 EEEN DA RE

BREBEEEA—TMEERE, AP T UNEERNANAEERER

K& TR AH OneFlow A1 TensorFlow — 7, 5L T [& B X 31
SEf R SR X FF, M AR B Eat+ 45 &, 45, OneFlow
FAT PyTorch, XFHE + AW EFITHARN, HI-AIHATI

H MR

Colossal-Al: “Z X" (Colossal-Al[117]), =T — R 7| F4T4AH
EENEFREAE. HFRAKNF

tr, MILLEFT. AR,

TEBEH R ES, 7T BAES

e A AL

FMAT, TAFAATNERE, BB T ZANNT LENAER,

L/ B8 SR 2K 1Y [R] B

sO/NMON G, E=ZFEHAT T MM RAEFEE. HERITIKW

. BREEHE. EXANAEMNEZFRY)| G EIEFHENLAE
HAE, IXKZHAE, TEAFPFEIEEL2HNI ARG IR, WBET
RN REEE. REERD RS, B UEHAEXEE A HE

H. PyTorch K& RREY REFTHENESL, TFROHTHE

2077

Megatron-LM : Megratron[118] = NVIDIA #& H 89— f &£ T
PyTorch # i XN E AN K EEEAWES, AT INEET
Transformer MW E A EF A, 4t % Transformer #4177 & [
i, TEXANZEE FFATH A F . Megatron Wit HLE AN T X FFAE

A B Transformer A 89| 4wy, &

09

WEARXFE 50 M A )| 50




WAEFAT, WX FEAEHAT, € Tensor #F4TH Pipeline FH 1T H
A FTHFAN. BRREYET EWAR A pipeline & % 5
communication =X, BT LM T HFANE G, 7 LA ARE I
ZGE B, B0 /E LayerNorm #1 Dropout LM NEE 3 —F 1]
0, EREANTEFAELZEZTHNEFEAABE B ETHNWIEILT
LT FAT o

DeepSpeed : 7 2021 5 2 A3, WK X W T — K% A
DeepSpeed[29| B AMEE B NE T E, HH 82T —MHFWEF
LA T A4 ((Zero Redundancy Optimizer, ZeRO) . %
BAERTESARABEFTIINEIBREFFENAELRELR, AT
WAMEFLT AERNENWE . AXNAEHER, MRKEERTT
ZeRO-1, ZeRO-2, ZeRO-3 #1 ZeRO-3 Offload, £ ASLI T GPU #
B oA A M BE Y S K, AT DeepSpeed, M X T HA 170 1Z
PP ERET ERER, £ K Turing-NLG. 2021 £ H, #H 7 &
%% 3 FE ) %k 2000 10 R B 5B A BE ZeRO-2, H 7 5 #1 A ZeRO-3
Offload 7 DASZILAE 512 B V100 LY 25 B A AEAR

4.4 RIRBH)IIZRBE

BREAANBRENARER, ATHNRENFRLFET Z, &
REMES. WETARENF, EMFENRKELE S ES HIE.
REBE. NI EREFSMHEA.

4.4.1 AR B HIELERE RS
RIF|EAERN G R E 42 (scaling law), ZENAE., =A &
EABRAURFERE R, T, MU X ITERARERE =
B UBRAHKERERBENR . BLHE TB B /NAEE A
(Textbooks) & il & WA S 3E (H1E A web L 1 18 BV Ft
L E”#HE (6B tokens) LUK B F GPT-3.5 A& KMy #H A # fu sk 3 (1B
tokens)), W%k 1.3B # A& phi-1 £ KA 1FM % HumanEval I Pass@]1
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BEHEILE T 50.6%, B GPT-3.5 (175B, #it 2TB Y%%K iE)
47%. ZH KA, BERXHEERENEE, TUAAERKAEE
%%%%ﬁ%ﬁﬁ,ﬁﬁ%%%E%XGFfmm%m%&ﬁﬁ%ﬁ
A E 75 %[119].

FERdR: BEARANATFELRRAERE, TELSAF
KF: BTARBN T ERMETRERXANT . ZTHKRBNT &
ENE—NMXAREAER, FALORAFTRERERE. Fla,
GPT3. PaLM[17]42 GLaM[120)# & )| A Ay & oh 20 ] 7 & T
R FT%E. M ET B KA A N &8 —HAF QR T BY AL R
HBREREXA, TEAFEZLIE., BFTR. RiHFELRM X
#A 1L, fw BLOOM #1 Gopher[121]1# % T £ T E XX F .

Tk B ABEANFERETWEERE D HER K
RE, BMREEAEANWSHYE, FARFRINEIEIRE. ARF
EXNBREFAT AR ER . XATUA X (Text Duplicate Detection) .
MAXAEERN, TEARAEEREFMGERELRFHNEMESZ —.
ZHEHTHREAETULRIAAEARLE FWXAELR, AT, &
EURXEFARLZA, TURRKEEFEEERNINERR.

[RABER: FINGHEEFTRELEFIFRRNMATR, HmiE
Fhott BB E R X T UK B L, s B 8w 7 ik 2 K A A& T AL B9 3 0%
b B PR AL 2K o ) 2m ¥ DAGE R & T 46 SRR R A B ik, A 4038 o
Y4, AR EESEEMARBRAL, HAH#HTHREE B E, X
i EE R T ET Transformer R, FE&aNEHBERA, UL
T 100 HEEHWXAR, HREFHRAEER

4, kﬁiﬂ%?ﬁw%kg%ﬁﬁ&ﬁ% mAHTFEER
EWATIREHRE, ATHEAMASEES. B ABERBEFEAR
REAAHNEALHATERAANRY, TEEREFTFERT R, K
A~ KB BEw T JLA[122]:

ol



o LR (Plain): XM RAWBTAN T HRENW L FHHE,
HIEARBFERIT—RIES, HARESFEAFREBNSHF
P, AEER G T M1 E KA By E A E K

e JVEBART (Few-shot): XMERABWETEEMREARK
=M ELAURZELNELANEW/ AR XEREMNZZE
ENAELBES, FENZRELH RN EAFER.

o HETFHR FHIERT (User-based): X F KA R RNEEFIEAR
RERAFEAZARRERT. XEFERAZRFARATRZFET
F P ERR T B, H AR E A R Z AV R E A R S A

ETFRARENBEIRTER, FEEE - REEEAT A

Il r B B [122]:

o SFTH#ESR, MEANSREWMANR TS H— BF4F KW
TUIER, AREXEHE LHTAEREF .

e RM¥ER, WHE— 1A, ALK S M MEER, FRE
AEMESNERTANHEF, R EXNEM LG 1%
AR,

o PPO¥HESR, BAEEMARNTE, AFEBRLFE IR,

EREHEES T, MEHZBFEBEIHE L, FETXREFUEE

KEAME. o, HEHEEREARTWEFGUXEBRR S X E.
XEELFHEFHUIANERERE, MASRTFEHAK. Wi, B3I
R AR 3 A TARE S Ry — B,

SEAABBFEAAAENSERINEEE, LREENKE

SXREREMETERESKEEA, FHEUKRKRNEZERAZIAF
BRZENFHNERELBEIREN T . ARLFEE R F RN
AR : A EABERZERETFNER. WA FHE %I
&, AR WA ENELREN &I AFESE.
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442 ARBEHNATERES

Y BRI —#HAERAHES, BELFHES. RREWEE
£ BE 45 ALIGN[66]. VAST-27M[123]. WebVid-2.5M[124]% % # &
% PE %, 1 A3 BookCorpus[125].Common Crawl[126].HH-RLHF[127]
CEEAMDREE.

x 1 AERE AT ERER

BEEERE HEFLK HEEEN
e AMA M BookCorpus 224G, HIEAIL 11000 KB FFH, WES
WHRKER ZHEMAEA (/N RAEIR),

OpenWebText[126]  38G, M Reddit 3 F 8y URL F # B8
Web W&, BEEDRFT 3 K% Ko

Common Crawl PB Z#HE, — PMAREWILIMBEEE, &
e R W M EIE . TTHIE R B A AR B
F W2

The Pile[127] 825G, — A, LA, FTIFEHI UK
LS, NAEFEHF. Wb, K&, &
FWXFHRERTEF,

EE AEAB I Stanford 21.7M, FFJE8) SFT N & BEH X E S, A4
AWK IESE  Alpaca[128] 52000 3458 E, WEQE. £&X. &

. REBFEZINEE

static-hh[129] 90M, FTVRHY SFT Z TSR, €2 100
000 % A KX 1E %%, # LAION. Together.
Ontocord.ai X =ML X E R E, A TX
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BERERE BHEREW

ShareGPT[130]

EE A#EA®m HH-RLHF
¥ X MR
&

zhihu rlhf 3k[131]

BeaverTails[132]

BHF-XA%B SBU[133]

HKEEAE

1A KR AR 4

1.8G, ShareGPT HiEERE— A £%
7 e SFT R, B4 T8 1104%
AR, ERA. RAEf Ry g
A, WEAI. HE. BE. FK. KH

120M, Anthropic £ By A & RLHF )| 4 %
%, B2 161000 & ATARENEKE . 175
EARBEALEFEE CREAZHNEEE
M, REGHRAHTNE. BREFEA
RE R E AL EER £ R ER,
FREA BT BN EIF &8 H—A

ERATE, HHRHEEANRKTNKSE,

16M, %1 ¥ FFJR 89 RLHF 4 %, &4 3 000
SETHIEEANARRTEE, 06F
A 8] R o ] 2B & (chosen) Fu iR 1K

(rejected) HYEIZ, ¥ LLATRpER MW

YK

52M, At AFIFIRW RLHF KER, &
2 302000 MK HFERT, Bz T 774 A EEL
* EARIE B 77 1 /.4 helpful 2 harmless 7
MESE

IM, &R -#RAR X
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BERERE BHEREW HKEEAE

AP R COCO [134] 330K, [ H/1.5M 4
Visual 108K, & F-#7 7R AT
Genome[135]

Conceptual [136] 12M, K R A5 AT

ALIGN 1.8B, W F-#% 78 &

COYO-700M[137] 747M, & Jr-#4F @0 *t

MAM-X AL HowTolOOM[138]  136M, HLIAARAR xF/134 500 /)BT

ABEE
WebVid-2.5M 2.5M, IR ARALXT/13 000 7N By

YT-Temporal-180M  1.8M, 47 47 21 %t

1139]

HD-VILA-100M[1  100M, #3%-47 Bixt
40]

AXEF &S VALOR-IM[141] 1M, HM-F M- XA #EA

KEF
VAST-27M 2TM, FLH-5 M-F 2- XA IEA
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$ 5 8E AEENALINEGSHIERE

% 5 HLE A R 4 4 A
FREHEFEIS KR L,
M RS IR RE T A b AR fy A 7o B R T 3
RXH, BEFL.

B T B A0 o 3 1 e

FUEN AT, AREI A, 5K
Rt R R % H BN

.

&, %, ﬁﬁﬁ%%ﬁgA%ﬂ lest, &
HREFAERLT UL S ey E R A B A, 2

, ERAEES

5.1 RIRBUH % 5%k

#H T ARESBAER,

Al R MW, FFRBDMARARTRE

W EFRIAEETREFIERN LKL HAIF

R A0 R BN R

HHE. ¥ T XFEMFHAAATRE, TEF—EHF

REZTERANEZEMTERT
WAL, A EHEE T ANEN

MRNARTAR T EXE, FERBAS

R B B AR Rl 4,

A1 %, .

A Hy B B 5 G
FGRAMA, B S I RTRT, REI4F
IR H R T AR B K E
A —REEARAFE, DRI E RN TTA BT

s

, 1 A F R RLA
TS AR

IS

a.i%f@L

Y R 15X AL
BB & A RE ST H A TR BIAT A

VT BRI Y W OK L E Aw,
I, AEA
1T SR W8 B AT A

=2

'E_'\ iﬁw ?%

— P

5 # A 3

&8

AT AL )| 41 A

B ALE A3

TR WA B R

TR ITH, BF. NFMEEH

o RARMMNT ¥ 3

B, BAKEEF ERNK[I0E FiE. BESETER

o~ B B E 8 & & ( Checkpointing ) 5 %,

2, LH#

ZeRO-Offload[142] 77 7%, BN id K % #EF 1+ & M GPU #H % 2| CPU,

LI D w2 B 45 9| SR 2 18] GPU W & LBV 77 7%

—

FRAE AN
AN B
BEH AR
A B WG W

—RERELNA

%, WA AMLH, BIFLHELARTET R LS A GPU — &

T4 AR,

XK T ¥ 3

F BH BB AT
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T PHESET A ATELHHFTINERSE, TEHHTEANS.
BEAAT143]: LR/ ATRENMNREEFHL2ENER S B
EREABERA, EEBRARNBRAEZE, ERATELESEHE &,
A 54 E M AllReduce R A, ARENMNEEM I HTEHERN.
BAEFATHN R 2 LI A F 77 =X & 52, ¥ D38 38 38 m X 98 AT B 3K
RE)EEL, TEHUWHRANFTHNS AR HFTREREZ —,
K EHAT[8: KEHTERHENEFTE —ENKEZEFL

JRENIL N FIEH, FHENMBERZRZET 4

SENCE S

A AHFAT, ERHNFERERBI ;AR BEHTHE

% B AT

rREJURAGANA SRR ESNITEED, BD T REFHFIHNER,
(B F B 1% 1 8 XY AT 0 Av 38 15 ALl R 7 AR T BB IE A8 P A0 1 &

Ve, B EAE R A0 AR

K 2 F1T[16][144][145]: X FF FH 4T K E& = ¥ 4 P 2% + 89 4 [
EXHAEALEEZEPAT, E THEFATEZ BB ERB AN LB E

firo 2T B AR EBIMAXIATEE RS, XFF 1F]

B. Interleaving

IFIBEERHEE X, FBI“BE-TEEEWNH A28 EE AT,

e m B EINERE,

o 5 BIFAT[146]: X b FFAT SR & — T 4 2R BV 38 FHAT 77 3K,
CA USRS, 22 EMRBEZHZ T 2 2 AR E S £,
RETEABRBIEFHNEN . 7 AZEFITHR R 2™ UAKERE

AEFEH, B MEEATERREGEER)NEE

F, =TT A

NS BT A B R IE7FAT, W DLE & B AL 9 A AL B By

BEW R, H—FrA T I%HERE.,

AT EREMITRE, FRREFIERNEAN T EAR, A

H = % T PyTorch $EAT# — 5 2 %W K £ TR, i

DeepSpeed-Megatron[147]. NVIDIA & Megatron-LM[1
4 BMTrain % ; %3 PaddePaddle 1 %2 X #F U 4B & F

18]. HHRAF
FATHROR, K
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AL AT R A A
EEERAAATNGEREWER L, v T MXTER £ #8EF21)| 5k
BHERBRERAE, F—FKBEET RIS EEN AR NEEY
(1487,

| GBI BIE |
REFIEE REFRIER
o —— i S I A 4 ; = R /BETRR AL ER 1S FUERST TN ST
o e TS e—— Erpes Crelllerl T jenll]e> —
lff s S S iy B g B e [|
Bh%ea i = meel || el ]|
GPU Sofs 1 """"""""" l """""""""
JER
— s
41 *ﬁ;]f# oo A NEGE ﬁ;m 3 __ e
D":U 'ﬂi@ STk nEﬂ m*: é r
T | i {EFTOE  FREFTER t—_ ';"":
_— SUEEP) 020 SEREUSTEHMEREME = fecessse e s m—r
th— S AT [

&N oA A SR R

BZEMTUA N ARNEEFIEERMERE—WITHENE, E
) RAE G IFEF B RGE — WA TIRENE; XA T RN EE R
FHATHREES,; FEASK. #EAME N ERSER ML R4
B FEMKE L, HERAKEKETRES TRIAT. AT B MR B H
BEMREES, TUSZIATEFEE. ABHH. RANSEENE
o Moh, St ARBANGE TR BEAREWE A, &I T BEFRAE
EEYE . YWFEXEZT NI, 889% B0 R R A INIEH B ERXF
WHE, EFmAER 2 RERGEBERFFRAKIAT, EEFEH
W NMEFH K E T NN REZD XK.
5.2 RIZBIHETRERE

ABABRELAGEEEFSALS ., HEAEEAR. WABEX
KEPE, XL AER N EHEE S FERWE A,

Rl

A 5-1 3 2
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EF4ES

WIS

RIS BRI AR
652 A EY, #EFE, RGEHE = E MK

ERAFZRARMERFRFEERM L, TUNER E 4 25| &,
k% #ME = PMREAT, FR2ALNDERA, £EKELERFA
PR EE, RANEARSET, HEREE., §HE.

ABEMNEET UKRAREFIEREEXLY, BLERMER
MERN, TURERAAERWEELER; 47 XA T[T ITE,
70: FasterTransformer. TensorRT-LLM. vLLM. Text Genertion
Inference. HuggingFace TG & 523, X b T B B 4 4t 4 A A A 3 72 o
TN, e T REELES. ABREERERNWRF, X
HURAAFP AR, AREEFRERITRXERE, FATAERETITE
Wey) M Y FFEEFERNARR EE LML, 2 ChatGPT
HETZIIWRHER, TUEASZEENRA; BREEXC—F,
# 5 KEBERMLN, BEERRT 0 26E; BlRTAER, &
HABINBEFI FENEE MG HREE, FFEREEIARD 40%.
521 AR K%

EAEREZTE, FANEREE A ERAKR RN, KEE
o, HASHEEFT, KEMEN.

A M GRA[149][150][151]: 31X A 77 vk 38 IR AR AL o gy ok B 4
T, EEREEANE, N2 EHFEE. mENZE. BN FHEME
FEHW.

WEHEE#E: EHAAFETAESHE (SVD) FHEE 787 EX
P Z- £ & By Feed-Forward Network (FFN) & HYAX & 48 [F 31T 20
M 3> Attention ZH S8 &, TEEENRE,
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AL

=

BASHIE.: o ABEA 4 ALBERT[1521 X A T X E
AR, REEZRXZESH, ANMBDTEEANSKE.

%%:ﬁ*ﬁﬂ%hﬁﬂ%ﬁﬂﬁ%%ﬁ%ﬁﬂ%”%%ﬁ%ﬁ
ARNHNBEAN. BEFAT, FEBERAGEPNHENE R EEER
HER. KENWIRBEZR B ITER W REBEFAER, FEramER
ERFR/NAENFE B, BB REFRMWNT2ITER s BN EE 7T . F A
FEBEAT U AER WA e BB NE W%, UXFE
EMH AR I E,

= W[149][153][154]: Ef 2 — MR TINERE FHRENF =
B AR ENEA. BEEALT, EWNEETHERE 8
HEMK. EHTUAABRIEANFRHZEFITEE, EJRETE
A B M BE PR A — YR
HWEURAEAEBE EHEMNHK ZNA, ATRLEMEEZE
UBEBI AR, FEEFINARAFERELS A REERA,
W DL E LY E] AR [155]. B & N Shift-SmoothQuant [156] A & & 14 7
= U E SR E MR, RAZHRER.

WA, NTEAEREE T ESE, ¥ LKA % K6 5%
FR. BNAAFEAEARRA, REFMSEEZTEELEE AR, T
ERELHTNERLT, FEASHEREZEF L —. EETHZ—
7 4 [82][101]. #lan, HeE AR FEMFERFHGENL, B ALK
EMEHRANEENABERNTAGBRETEE, HEHREMITEE
FHET, TU#H—FREESE X,
522 AMARELRSHE
ERES|E T, BANEKAZER Eait EEB et Ff B3
AT RE, THANEREHEE G E 3R % (Automated
Hardware Awareness), 1 [E] 111045 A 38 2 22 £[102][103].

it EEmEA T WERANFREF LT EEREE
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F, BXBERETHE. ROVERE, REEMEEMERE T,

AFRAHTHRE: EXEHRAMEEGNFM. ¥, £
SR, NEAHTEENT S, FAREY 22 2 FE M4+ L,
AT A AIATHRE, RAGERD FEBABERENEGRKEE, AT
EHWE. TLSEERNEERE,

BT LR AN, EET|EWRAMLT U EEE R, RN
EABARFENENEETZE, flin, B AERAN LT XHENR
BT iTEXEA, W Token Generation M EX N g T X E A, 44
XA A R, T LA U E AT BALA, AT K LLMLINT8()[67]
A1 Weight Only EV R EWEE TR, XMW FERBREATEMN,
FHEAREHWRE, LENTHEXRNG R, WHAERTFNRE.
ERFHREWEFE, 44ERAERTEIEF, F—H#HK
MARMEKES —RHFARNITERRATH A, BTR KO EMKIT
HE, HIINBANSHEARLEEAR, JUABRAEFNITER
BARAE, NTRAEEKRSVELE. FIAHAHLEZALA R
MAERHEE S, BB E—MERERTERZ G, KA HEMENFTH
iFK, e, MHKENGIZH, FREFH GPU FIEF A
BE, BORFFEFRE.

53 BEHEECSHEIMK

HEE R EEEZWAEAR NS T A ZFx GPU, 2w H100.

A100, PAK 4A#iey TPU (Tensor Processing Unit), [E W £ EZH %X
A2 NPU., B4 % XPU., %X DCU, ERL MLU &, HEHfH
R A TR, ABERMRT NG ITERGER —TWEX
o, BEHRAE, WEFAD. THREEFMEAGTREAREHN
K.

%?%kﬁﬁ%ﬁﬁ%%@ﬁﬁmﬂ%L TREFIEELIS
BHNERMAEEDEMLA, BIEREAAR. ERENEFER T E,

6/



RAAMA GH AN ETRE, H7AE
EREH R LT, &
5.3.1 AR @A 4

R E

-1 it

TRENFE. LFEA. et
BB REELIR TR

ﬁ‘/if%%%ﬁﬁ—”riﬁﬂj B, LAX 8+

BEAF ’ﬁﬁ?fﬁ] AT EEAR. TXRIEST. EE. HHEET|E,

BAT B IR 35

.5_35/;7

EFHE: SH BEERHFrEEH
21 NVIDIA # CUDA C

P&

1\;:' =] %%ﬁ%fjﬂ’ﬁ%

BF 5 ME R R AR

MAEWB IEZEN: B

5] & 7~ (Intermediate Representation,

TN ER, TREAIE AR AREFEE
Eﬁb%@ﬁi%)\ﬁﬁ By RETER, BEEER., RERFER
FE& 0 AE. AR TERA @,

HYBeat: ERHATE

2Ny W
N BEGETE, RELE TR ERIW

BEAFTR, AXEEEP T HTE T EZ O REAAFAIAIT, EAK
EHE % SDK X #FREFE T )%,

£EE, REREFIERALHY
SRR WREA, TUXHARS
%, RETREFRES TFRFH, i

R JEF 3 E

MR H A AR AR

R T HME W 4L %5 %

IR) X 8 B 1 o9 X A 3K 4

(Codegen), R4 F % IR 2| K B tF IR 34, X\ F &7

B rme iR K,

5.3.2 AR IR EAL
ATH P RAAKANE

RH

@ﬁ:_t%ﬁ’ﬁ%{gii: Jﬂ?g% > 7]‘55’15%; ’

& H J& BB AF SDK X F7F R A £ BV 1
-7 A

T TEMEFBEAUN=AATHFEREEA AN &

BERAFE, EEXHSERELA .
B 7 B ok s A AR
CTRARLERA, HiE
B R R AR B AT B AR, BT A B B AR

L P EiPOR Ees

BEIrEMRLFENFRA,

i 11 32 A\ 2 4 Transformer K& F &, 4F4¢
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ERXFEHENNBFEHEPMURAR, TRAFEFEHEAFNEE,

BRERLHTRE, IFARBEELRAAEEHA THERINE, BA
BAMENEN, BERTXFRETRARE )| Aoy

B i s AR B B RO H 7 — MR, B miE 8L
A& RABEEREUAENEITHE, WA ETHERIARE, fl,
TPU (Tensor Processing Unit) # #F/mig % A, 5i# F# CPU ## GPU
AEl, TPU F 1A EEF I T H#ATT R HARA, DR AHEE
AW %57 F K. ASIC (Application-Specific Integrated Circuit) 7
R — MR WEN TR, Cx—FEFUNERER, TITAX
Mg N R TRl . ASIC WL & TREH LI & AL i

B 4

MEEX, NMEEEERMER. &7 ASIC, FPGA

(Field-Programmable Gate Array) 70ig 2 — Ff & B W 5 4 n 3£ &

A . FPGA
% LB
TG AF i £

MY REZELH, T UBEIREFRALIAAEH
EEEERERATHIEL, FPGARBREHAEHWE B Y
L K, VU EANGRE B ZEMERIZE, 7

L5 E A

.3 A & HAT RS

795

ZRF A AREE N Grie Bt T AT 8 7 A A7 iE I

B, =R%RBEE 20 AWS. Azure. Google Cloud, UK H EZ & =.
FEZ. BRE. BAZF, RETFEWKEFIRFAIHE, &
HEAYNGE, EAMENE I BERF. KBRS UAREF P YL
FRRXMRERN, REFABUEXRFRNAENEE, UREEXK.
B 3:0) €

% L,

ARBNRFE DR ELD T EANER, —FTHRE

NEABHHETLEER, 7— 70T E TR FE M
, TRARXEARBWH L ZMA .
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AR T2
AR E X E T

B 6E KERENH

TERANERET SZESERAERD, UMY
5 HATE RN EEE, LAFERNIRF Y
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