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2018 4F Google HIBFFTFIRAIT A st ) T i)l 2515 S48 BERT! ) ZBAUTEIEZ ARTES
SEFRESS I T S MERE, IXIR TR E DATUIZRIE S 80 BAti) B ARG S A0 BT,
19T BARTE S ISR I ZRio N 4, AT, RERX —ZggiiRic, [HEeH a8
T B LR R E R B A, 2020 4, OpenAl &7 T GPT-3 #%8 HAE KA TS
ERIREN S NENRIRA, FEFZ/DFRE (Few-shot) FHARIES AL EEUS TIRFB RIS,
B2, HMREHFRERET 1N R —EFIGRRNEIRERR, 25, MRENMERL THNYK
ES A (Large Language Model, LLM) HJ42/~iA (Prompt) #3751k, HESASHENERIE
BOEES AT TR, R TEABIRIARSSTEN (Model as a Service, MaaS) #E&, &
M, TEREBAENT, XA AR IEREH AR T BT millZrmaya X AR, Frbl, XL
JTERIREN ) F 2 R RIFRAE B ARG S BRI N B BEAR,

2022 4 11 A, ChatGPT (iR ER T KIE S BE SR AIGRE, HHTRUHS I 7T 72, Chat-
GPT REMS AR P FRK, FARIE L R At a S, ©AMXA] AT HEXTE, EREW
TERRE FATS5, (RE SCE, BIERESE, S ANHIFRZ, A XEESE R — MER R, RV
ZAF55 b, ChatGPT YMEREH RET TN B— (S TGN A REHE, X8 T AT REM
WEAERE N, A BRES O 4 T HIE, J81, BT OpenAl AR AH ChatGPT
AR SEBIAE Y, BRIZRd R EmIEE AN, FIREMA. BANFELNTIH, XETHZ
[EEFETERRARER, XTI R B RS S AL > B ZoR IR &, oAb, K
EESHEMNSHEIFERR, SESANERESOEMRTEZER2RE, EHKES BT R
SATIHTH R R, XN BRESOHEERR NG —PE TER, N THEEZH
H IR TE 5 AR T GRS KT S A GBI 32 5 B PRI T K0 S ARG B, JFIF
JERIBS RIS, 456 AT BAE S I RER, PRGN I T ERZEC
2590, BAMEKRE S B CEABLCH A RES, I 8 MHEMA S, MEIXABERT
BEE P TRE SRR RN A, R oAE B AR

H ARG S AL PRI ZE D1 s AT DUBIAZ 1947 48, MINEE—&I@EHTHENL ENIAC RIFIFH, B
RIS BE T 20 A 50 FEARKRE] 60 FARIHIRIANE, 20 D 70 FREF] 80 FFACHIEEM:F:
SRR, 20t 90 EACEN 21 IR N, PAK 2006 £ 2 S HIRE SN, H 2017
F Transformer ZEA41) f2 HIFAENL AR BHIRSUBREUS E RS G, BRIBSHEAN T EREZ A



i RHURESEE: NIERZISEH - S, H#HiE. A, 558

JEB B, 2018 4F, #haSiA IR ELMol) BT 8 T8 S AW ZRrSei, RifE, DA GPTM i
BERT! AAERAYELT Transformer BRI AIUSTIIIZRIE S HEAMHARR H, BABESHHMEANT
FNSRAERFTIAS, 2019 48, OpenAl &A1 THIE 15 (2S5 GPT-2 B 2020 £, Google
KA THIA 110 (S50 T5 B8, [F4E, OpenAl &Z1f 75 1750 {22510 GPT-3 BRI M
TR T KIBESHEAI, B2 2022 4F 11 A, ChatGPT MR KIE S AR IR HE R T HTH
I, IR T RIBESHEUFRNAE, REKESERNERIEREAR HENNE, HEL
JEHEAH N IR, BUE 2023 4 6 H, EININCELMm 7B EMRIESEE,

KIESHEMHREE THRES O, Yy, omitE, HMTIHHEE SN 2RI,
HOR AR AT PAGT N BRI B, BE ST IR R BN B R FE B B . EERtiHEBURNER = B P TE 2018
TR 2021 FEHAMR], BAREA T —RIMRMENRKIESHEA, 40 BERT. GPT. H /¥ ERNIE. #H%#
Hi-a Palm 5§, JXUEBIRIR LA NKIE SRR N 7 E A, seNRRMERFZRAETE 2019
TEE 2022 AR, HTRIB S BITER MR E S5 HIA 7 R —EWME, RN RITEIRER
WHALEA AT R — (RS OAR B L N RERIE S BARIRE 1, RN, MR ANRIEFIEZ2IATE LM
¥ (Instruction Tuning) 7%, H&MMERIUES G — AN BRIES HMREL, JFEHAMEN
WIERTERATE R TRUIE, RERRMERLA 2022 4 11 A ChatGPT YL A NI, ChatGPT JEid
—MEFREIEHRE, FIH—DKIESHEAGLREW Sl EE S, SORIES . AR, B
HEZMESS, WRMER B RE SRR T H 2 MBI T 2 T A GE 53 B SEIX e Rl
7o ChatGPT FEFFRIURIAIE . &4 B IRIE S (155 AR I BRAASE 75 T R B N RE iz
HRZEARIER, XL B RIES) T KIESHEARNRN, NERIESEHFRTRTER
(R, IFER DR 72 A8 B R,

ARPBESRAIE S AR E BB W, B EEME, KRR, 14
NHE B AR, B8, MR A T, Mg, HEMHOESHT CERBUTCHIAE
HINZREE, JHEBHEC TP ERE GPU Al Eid Mg BB TH AL, EBR BT R T2 R E
LM SR, X — B OME s T a0 A gl R s DA S Q] i sttt 120 A =K1 25,
BHBHIEMERA A/ &S RENEIESE, HhaSH P HARNSERIE (Prompt) FON R EAR
HEER, PRI DUZ A, RIS, E5ELSE MBS, XN HEREMNE S BN
SRR AR e R, HAOME s T A @I 55008, EIEISREBR T 2 ME 55 Z R4
F. IEREHE S W25 2 RIS 3 AR SREHR AR, 2R BREY B b2 i i — D UK i &
X LA TR B B AR TR — MR R RS N 2R F R SR T R, X
— [ BR I AZ CoME s UE T QT R T 2l AR B4 7 FH T ] A S A fmT A i | 25, 3B 1t SIBRER MR %K
TR, RGBSR SRS N I B RORREN F F H s b 45 SR A P st it
170, S1ESHEEEEFRSGRSR R E R X —Fr B mE TR O b2 S 75 IR E
ARG, BSEORZ USRI SR EE R, FR T RIESHEMEE, KABEH—-PNMHTK
&SRB AT 77 7. BN IS NANERIE SR S ME T AEMANIRRHITER, 0



AR R TE SRR T B aRISE R E TS5, DA IR S AL 2R il 7T 12,

AFEIENR R & RGBT 168, FH ey ERARAENb e
B RE S A HEAR SRR R RE 5 B AR 2 B0M . BT RIE S BB RIDT T AE PO R I EX,
VFZIT M ARIRRGEREES LB IR, RS AN, TRk 2w RIS 577
T, FREsesa A AR RS, RIESEEY MREY S, BRESLE, 2hk
R, FHTIHRSERZIR, Fitt, BUOEHEAFRARZR, HeRIHSESIRESASIN AR
BRI, oM REMRETR T m, hRERE B ARS, WRAEE
RIE S HERNIZRAHERL S A TRANIE, BEHRERALIMHARS, FHTHE, CUDA %ifs
SR PSS

ARG IELRGE] TR L RZMEIERIR ST SHNE B, Rl PRI, PR OO,
S, BRI BOOoR, HEaE, ki, 2AEE, VA K, FERSERY (R
FEHEE) NARBRGRMNEY, RIESHEAEPRER R, RIERE B RE S CEYUEIT R
TIE=THETIERNBNEMELOE M, HAZRER MRS AVES, HIATE S PO E 2 EH PR
ZWEMNLP, 1E 2022 I8 F BRAHSRIE SRR S LR AT 5%, FR1M, 2023 £4F1E 5 B
FARNEE T EMNLP S8R RARR 20%. AIATREMEFRIDUATE 5 AU SLAER L, SCREMSAE PR A
JERIBS R I A RN TN HARK, BABGEPEIENEARk,. BAES
FIENERA 8 MH, HEETHNEGEHEELZHR, S 8RREEEENES, RIEWILT,
SZRRTBAHTNHIKF- AT N RIBTFE TAERIRER, Xt Hrp— 2R 55 AR A4 T B AR5 2R P RE
FERDHR, WRIELHR, BEHITELE!
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1. 412

AMIEIESHER (Large Language Models, LLM), HFRKIESH#EE SLARBES#HE , E—FfHE
SEEC ESERIRE A MG R TE S A, @EEH B RS ST EEE K E TR
AT, B 2018 LK, Google, OpenAl, Meta, HJE., HNENTIFIATAAIESAHLE L 1
T 4% BERT!) GPTIO) SEfE N ZAMERY) HH1E LT B ATE 5 0BT S5 R ILT (1, 2019 4F
AT 2R & AR REAIJZ 2022 4E 11 A ChatGPT (Chat Generative Pre-trained Transformer)
KAk, BERsIE T 2Rz, APATMEHBERIES SRS E, M RE.,
SR T, B, RS MIRMERIA RS RMESS . RKMUASETE S R HY T K AR HH 50
INERANE S FIBERRE

AR RGN S BRI, R,
1.1 RIMRESREERH]E

B RARSHMSYREZENXG, mARNZAE LS BT, BEEEIES
ERRIE, KEMHTRM DR AERE, 114, BN _EESE 5072 MTT3RIE,
HApRE M5 BEEH BAES IR, F, RN TERERTEHEREBUHIR, SRS 4 i
fiR NRFR AR KAE . PTRER I SOF HE B HLERELNIE S . B=1#E (Language Model, LM)
H bRl 2 B A5 E SR TE 5 MR, 1AICER V _ERNBES B MR P(wiw,...w,,) TR, ATDAE
RGN TF I wiws...w,, FIBERE, FZRFTFH] wiws...w,, TEN— M H BT AT REM:
Koo HTEREMER P(wjws..wy,) WSEETSER, BREWE Plwiws..w,) IFEHEEHET, 1%
f EIRPOETR GELRR)) 54 7 1A, A KERIE 20 MAltE, ESESHER
£ 7.9792 x 109 FRETF, HXBEIES, &l 100 NRIFEAFHIFARFER, WERER AT
BRIREMEEINAF &, B HANE RER S 2RE N, DLEAINIEFERICE T
FzHE.,

HT D Plwyws...w,,) RS EESE], 0] AR A FRFEE BT W2 A A o



2 RIWRESIREL: MR - K3, & . BES

AT i, A FRESTRN AT DATS 2]

P(wyws...wy,) = P(wy) P(ws|wy) P(wz|wiws) « -+ P(wpy,|wiws...wy,—1)

(1.1)

L

P(wi|w1w2 e wi_1)

i=1

HE, wiws..wn, FABGIRER] DB FRIEZENMERIER, et v, ZJEHYE w) A2 w,,
PR wi A1 wp A2 ws, DAESEHE, ARIERT m — 1 DEIEASRERE— DRI wono
flan: XFAaF B A TR TR BIRITE, #EAAKL IR DA

P %77 R —R SIH) =P(E) x P(B 1) x PSR 25 77) x

1.2
P(—FHE 8577 Z2hk) x P(SI[HE 857 22K —F0) 42

i BRI SR P(wiw,y..wy,) BN T 2D EMEERIEM, B2, (Uil g
BRI B RN TR, P(wp|wiws...wm, 1) NSRRI ISE T N T IR ik
[, ] DOSE— P RIAERE BRI w, HBIRIBER SR n — 1 DNMAMSR, Bl

P(wi|w1w2~~wifl) = P(wi‘wi—(n—l)wi—(n—ﬂ~-wi71)

P(wgwi™") = P(w;w,=) )

(1.3)

i IR S IR A TTiBiEEn TT305E (n-gram) BAY, HA n-gram FoRH n NELLATHE
MRS HTT, WA N TiEE BT,

RE n JUIB S BRBURER A TR0y 0 YR, (BG5S 2R AMKRRANER, BeRHA]
AetE, FERAKMINZRERHETICIEE S E T n-gram, TIZRERF ISR RETMZR,
b, FREMAFEETOR (Smoothing) SRAREDUX—[RI, XA ATREH A F AT ERER 3Bl — M EE
IEZRAE, MR SR8, g efeh T B GEIMER, MR ARPURE T TR —
K771, WHRNEIETE (Data Smoothing) o Vi ACFAYEA AR BHE S {IRMER 1, FRKmMs
B, HERARNMER S AE T, XEFFEBBEFRARHESEE (Statistical Language models,
SLM) . M FEBRZEMT R ASE (ARIESHHSFIR) 5 6 =,

n TLIB S RBNEIR FoRE S IIZRIERIEFIE R EE RRRIR R, NRIEERIETE
ARG SRRMA KR ZER, iR BRI ek T ER A, (H2ETRHREERE n
TCIE B AU E =N EATER A (1) oS E S n 1Y LR (2) MR TR
TIEPFEROR; (3) 24 n BRI, BERMMmEIER 2 R, SRS EEEZIERISE M, If B
B2 FIEARARER A 2, HSHOE DIOIERR S AN, n ot SOEH RIRI B R R 208 T
BAA]Z [ AEACLIE . AL, T2 A0 SRR FI R I 28 FIE 5 BRI O T 5 $45, Bengio 3§
ANTE 2000 SR H T AT LT P(w;i|wi—pir..wi—q) BEATAETHAE S ARIC], JRAIHER



it 3

SRS Dy — MR AER B Y SL B hl &, FROviRmE& (Word Embedding). 5, TEIAHZERZE10)
BRI MR um U TC 2 2812 SE 2 48 77 AR i B T8 S AR S, AT n T
TEERA, WML T ER] DAE—E 2 Rl EdRMmaiin @, ALl n] DUl s Il K
AR, AT BE OF AR BE B AR oG R IX R TTIRIBH AR 3218 =488 (Neural Language Models,
NLM)

IREMZMB TR ER G WE T, SAMTEIRE TS, Fit, 1B ERN)IZRIE R
WA AT G TR ZAIE Y GRIE R, B2 T UIZR B AR e] DAUEIS oA SO BHERAS, MM S ALY
WIZRX TR ZE ARG TCAR I SCARRIAT , 16 S AN AN T B B 5% ) (Self-supervised Learning)
155 . BERMAYE R, 1S RHIESCARIERE B 5RE, RIIIZRE AR T LM B HIE S
R RN T AT RE,

ZEN R TUIICR A ImageNet!!3) MEARIHAT —XIIZR, EISERR] DA R B
FEESJUAHRECRHE, A EARIE(T 55 BRI TR T R P 2R7E =i, B IR 1E S A
BT PN ZR0E S BRI 7 A B Oy £, PA ELMolB IR SR MBS S TIES
BARITNZRARTT, e/ BA GPTM A1 BERTH J9ARERAVEET Transformer 224412 B KK 2R
ESEAR I, 15 8RS BN T ZRETE ORI R Zrs B TR
TR, RRETRRZIUESAET, PRERITRENMEMgE, JFEE “GE” mil
i BT S RIFREEARTE I ZR1E S A R TIRERIIZR, mtn] DABUS T3 Y M Re 4
Fro RXEFTIEIBEFNRNGEIBESE (Pre-trained Language Models, PLM) ,

2020 4 Open Al &4 T HIELE 1750 (BRI 2848 SR AR X R FIASE 1)1 9 0 55 A58
GPT-3 (Generative Pre-trained Transformer 3) Bl, /& T KHUEIE S B AIHINAL, BT R
EESHEAMNSHEER, WRERFRMES LEHTHIAFREIEFERENITT AR, K mlZaiy
VPO S T AR S A, (HZ2FR AL, @idiEE%35) (In-context Learning, ICL)
ET715, B RHRIEIE S B A] IR 2S5/ DAY & N BUSIRIFIIRER. e, BF
KNG T RS S B REERIA (Prompt) 3] 7574, BRUETARSSTEN (Model as a
Service, MaaS). $8<$#i8 (Instruction Tuning) F75{%, TENEMES LEES TIRGFWHR. 5
IEIFIE, Google. Meta, BigScience, FHJE. HNFEATIMNHANAGERLZ & AT T ELHE PaLMI4|
LaMDAIBI ToUST SRR HIBIE S 18Y, 2022 4FJiK ChatGPT YR, K ARRUEIE 5 TR RE )
AT TR, W51k T RIS S AR R,

Kaplan ¢ ATESCHR [17] 42 T 9@ m6EM (Scaling Laws) |, ¥5 BRI P REARCH T2 AR
B, fuds: SEEE. BAREAMITTREE, BRSNS =& a0y nm FE4E &, o
E1LAAR, BRI (Loss) (HREE BB EOE KRR, X EWRERAINIGE T 2
Al DRI =N A TR, REERS R, § REE SRR AT DAEAS A5 A 4 RE T 73t
RBiEe X NRSHEA AL T & B HTIRAE,
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S
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L= (Cmin/2.3-108)70:050
2 2.7
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Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

B 1.1 KHWEESEEMGERGEN (Scaling Laws ) [

1.2 RMRESHE R EhE

KHEIE S U0 & R D2 B AR U R R A S FLAE RIS ], (EU2 & s A 2 N, Ak 2023
6 H, ENSME - BRI & A, HE N R ERX S AR A BAAE SCHR [18] T4 R8I [ £k4h
2019 42 2023 4F 5 A LA 20 BB SEE T 100 {ZRMETE S B i’ 1.2FT
o KHUEIE S TR L R AT ARSI 7 000 R =B AR, RENTIRR. BRI,

G s 5 Gshard Publicly Available
— 2019 / (5 i o™ Ernie 3.0
— 2020 - 831 a mT5 o PanGu-x @ rnie
/ ~ 14 #7 PLUG AIZ1 yyrassic-1
GPT:3 @ ~ labs
Codex @ — A 3AAI CPM-2
~ & AN -~ =
T () 9-10 —— & Lavpa
. mspur Yoan 1.0
Anthropic J 4 o0 CLOVA NAVER \ ) @ AlphaCode
WebGPT p 12
e \ ° Chinchilla
Ernie 3.0 Titan o5  InstructGPT @ 2022 Y CodeGeeX
F S R A
Gophero CodeGen O N l‘ 3 7 UL2 0 parrow {a} Pythia
T ~ 7% Flan-T5 p—
GLaM 3 MT-NLG [ | OPT m ¢ Pal.M \J " I sﬂ|ViC’ll]l3
~
GPT-NeoX-20B (ﬁ) / O vam G PanPaM @ oGy
= 4-6 ‘¢ Luminous o
BLOOM O GIM (- Tk-Instruct Aj2 \ )o\( 3 Bard
mT0 O ' Cohere @@ 7-10 0Q NLLB 00 LLaMA
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BLOOMZO 1-12 |
WeLM B 2023 —— | —_—
Galatica (X /\ |
OPT-IML () ChatGPT @ GPT-4 @
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it 5

FERRRI O B AT 2018 FEE 2021 £E, 2017 £E, Vaswani % A$2H T Transformer!? 28
1, TENLESBIRLSS EBUS TR g, 2018 4E, Google F1 Open AI 7342 H T BERTI! H1
GPT-110V 5721 JF /3 T Fil)Il 415 = AU R, BERT-Base iRA S5 N 1.1 12, BERT-Large S5
B 3412, GPT-1 NSEE 1.17 14, XTELN, ML EEIREMZMENSHECEZHEHER
AR F, 2019 £F, Open Al X EA T GPT-2H, HSEEIXE|T 1512, MJG, Google AT
BOIRA 110 121 TS B8 2020 4F, Open Al #—$ 15 S HEASEEY EF 1750 12, KA
T GPT-30), MfE, ENMAHARES T — R RIETE S EA BIETE K ERNIE(THU)Z,
H & ERNIE(Baidu)?!, SRR o2 &, XN REZETIESENAS, W {UURGEHE
(Encoder Only) . Zmfday-fifss (Encoder-Decoder). {Xfi#fd#s (Decoder Only) F&RPSIUAIAE
RUSERIER A AR N ISR, BRK/NS BERT #H2RIAVETE, @ RATIIGHIEER, HARE
RHAESS A THOA, [BRFEAISEELE 10 2D ER, BTN ERRS, XA
124 I HHEE BERT A / NY ZE R,

RESTIREMBEAT 2019 2 2022 4F, HTF RIS S BRI RHE E 517008,
RN RATIF AR RAE A A B — (T 5 A TR G Il N Al RE RS & 15 K FUSHE S A EE ).
2019 4F, Radford % ANTESCHR [4] BEAE A GPT-2 SEURRSR T KFIBIE 5 BB EZFEARNSE I FIESS
REPRREST. TEMLEERE |, Brown S8 ALE GPT-30) #8Y EAfF5 T it iE 522> (In-Context Learning)
AT PRSI T 5. BARUES I/ D & AR SEHIDHE R T RURE AR 2 Bl AT S8,
i F 1B 5 BAUARSE SRR 55 T 4 U IEFES R TEEUHE TriviaQA. WebQS. CoQA FIFMIEE S
HORRH TAERIRAE S, EEETSHESEE TR E RE T, B TIEARFREBSIE
SRS, SRR EE SN T TR R R B R TR AOE, (R UREE T
EESEAARS, HMREERZES ERREIRE A IEY SRR, FEmRAGMHRE TiES
8 (Instruction Tuning) 1231 77, HRKESIBULS, Gi— AN BRIES HRAEZE, Hid
WZRIBRBEATHIE, KRBOE S BB — IR ST AMESS, IERFES LRI TR 1z
fRHEST. 2022 4F Ouyang AR H T HHE WE MBS GRS 7%, FHOEHIEGRE
kAT DAETS AHUEIE S BRI IRM A RS S InstructGPT B7ERY, Nakano ZE AMIRR T4 AR
5B 1 () R[] 25 B0 WebGPTI), IR 4877 75 M ELH R F K HIBEIE 5 BB TR AR DAE AR 2 S)
fFEht b, Y R EF AR B AEZRE X R BAT S T B ORI 751k, BRERA TREEL
PERE,

SR R BL LA 2022 4F 11 A ChatGPT YA N, ChatGPT i — ME BRIAHEAE, F|
F— DN RIEHE S B R] DASCERRIE RS, SCRRiEs . R4, BUEEisd £ e RIESA
AR TR E/MERE R R A RES BISLEINEE ). BAEFFRIURAIE. SREARIES LMK
£:55 DASONIE B NSO R SR IRE i R 2 BN S,, 2023 4F 3 A GPT-4 &1ii, HH
T ChatGPT XA TAFRBHRHIED, RS T 2HESHEEES . GPT-4 18 AR A
FIISr T 88% MM IRE, BIGEEMAMEMSSEIK (Uniform Bar Exam), E¥HEAFEHEIRX (Law
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School Admission Test), “FARE St (Scholastic Assessment Test, SAT) &, B 7 iaF “EH
ANTRRE (AGD” BEST. SR AFIFIBFN AL LM T RS, H4E Google #EHIHY Bard,
AERSOL—F, BRI R, i ChatGLM, & B K% MOSS %5, 3&1.1#1581.27)
AgE T #E 2023 4F 6 H SRR IR ARUSTE S A EEAE L, FTDABEFIM 2022 4£7F
ERBR SRR A K, &R AT A I ETE & A & RS R 2R R A KA,

1.3 RIWRESREMERTE

A& OpenAl BX & €146 A\ Andrej Karpathy TEf{(#X Build 2023 K& ERFAFFRIEE, OpenAl flt
i A KUATE S A B AR A B 1 3R, R EESTYNEL: Willgh, BIRERE, Kl
B, RS, XK BER TR A RS BE R & DU RIZRBI BE, &7 AR AR
R RN AR 22 IR A R K25,

Tl BiEERR DR A8
N [Rea&uE RERFES FRERTEERS FFE<
HiERS | W T MRS RN BB BRI +ERERPIES
B, W% ez

Hix B IRE)|12R ESER)gk —ER BUEI A
=8 ERfiEay SFT &7y RM #&8 RL f&5Y
EEER 1000+GPU 1-100GPU 1-100GPU 1-100GPU
i BRI KBS SRS KBRS KBS R

1.3 OpenAl ERMAMRIESHIUMERTZ

g (Pretraining) [y BT ZA IS B AIIZREHE, ELIG MM DT, 4L 5 AL FFE. GitHub,
W, B, WERE ST CERE AR RS ZEENNE. FIF BT ERE
GPU FI=E & Mg H BRI E, (LRI RITEBGREME MBS SR, HREMIE S8
(Base Model) o ARG ER 7K SIARIEBIRE )], HEBRAGIESAERRE, RIBHARN
&R (Prompt) , HHIA] DUAERCCARRN 24+, AR LIS, 15 S EAEEEfR
RS S AT T AR R L RN (Factual Knowledge) FIHIRATH (Commonsense) 7EAHESA]
IR (World Knowledge), HHECHR [46] M4H, GPT-3 52— IXIIZRI ST E B2 3640PFlops, %17
NVIDIA A100 80G FISEIFIHZRIEE] 50% HH, T2 eia—HKRBEEEH 1000 5t GPU 524,



&ie 7

*® 1.1 HEFREAIEESEECS

AR TR KAWIE  BESHE R gt T EREHE &
51 20194F 10 A 110 12 - EE 1 J7{Z Token
mT5E¢ 2020 £ 10 A 13012 - fraa=p ot 1 F51Z Token
PanGu-o/?? 2021 4F 4 H 130 12 - HEE 1.1 Ji{Z Token
CPM-2P2" 2021 4F 6 A 1980 12 - EE B 2.6 J7{Z Token
TOR®! 2021 % 10 H 11012 T5 Fe 2 AR -
CodeGen!*”! 2022 3 H 160 12 - B 5770 1Z Token
GPT-NeoX-20BE" 2022 4 H 200 12 - EE R 825GB £
OopTB! 2022 4E 5 A 1750 12 - fraa=p ot 1800 1Z Token
GLMBZ 2022 4 10 H 1300 1Z - HEE 4000 1Z Token
Flan-T5 2022 £ 10 A 110 12 T5 B R -
BLOOMP?! 2022 11 A 1760 12 - EE B 3660 {Z Token
Galactical® 2022 11 H 1200 12 - B 1060 1Z Token
BLOOMZ!! 2022 % 11 A 1760 12 BLOOM SR L -
OPT-IMLE? 20224E 12 H 1750 12 OPT Tt -
LLaMAE7 2023 4E 2 H 65212 - HE 1.4 Ji{Z Token
MOSS 2023 2 H 160 12 Codegen BRI -
ChatGLM-6BP? 2023 F 4 H 62 12 GLM Fe 2 AR -
Alpacal®® 2023 4E 4 H 130 12 LLaMA Fe ARl -
Vicunal®”! 2023 £ 4 H 13012 LLaMA SR Lt -
Koalal*" 2023 4 A 13012 LLaMA B R -
Baize!*!l 2023 4F 4 A 6712 LLaMA T Al -
Robin-65BH% 2023 4F 4 H 65212 LLaMA EE -
BenTsaol*’! 2023 F 4 H 6712 LLaMA SR b -
StableLM 2023 F 4 H 6712 LLaMA ESHEAY 1.4 J31Z Token
GPT4AI 2023 5 H 6712 LLaMA e MiAmER -
MPT-7B 2023 5 A 6712 - fraa=p ot 1 J51Z Token
Falcon 2023 4E 5 H 400 12 - fraa=p ol 1 J7{Z Token
OpenLLaMA 2023 5 H 130 12 - THE A 1 J71Z Token
Gorilla™ 2023 4E 5 A 6712  MPT/Falcon e MR -
RedPajama-INCITE 2023 £ 5 H 6712 - EE B 1 7{Z Token
TigerBot-7b-base 2023 £ 6 A 7012 - EE R 100GB &}
P EPNIC 2023 £ 6 H 33012 - T 5 BRI S T R AR -
Baichuan-7B 2023 6 A 7012 - fraa=p 1.2 Ji{Z Token
Baichuan-13B 2023 4E 7 H 13012 - HE R 1.4 Ji{Z Token
Baichuan-Chat-13B 2023 ®£ 7 H 130/ Baichuan-13B B MR -
LLaMA2 2023 7 H 700 12 - H SRS IABEA 2.0 J7{Z Token
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® 1.2 HEFRAIRIESRELE

AR R RAGRE  ARESERE EAER L I O (V| 2 e
GPT-3 2020 5 A 1750 12 - ESHA 3000 {Z Token
ERNIE3.0 202147 H 100 12 - WESHAL 3750 2 Token
FLAN 2021 £ 9 H 13701Z LaMDA-PT $55HiAERY -
Yuan 1.0 2021 4 10 A 2450 12 - B 1800 {Z Token
Anthropic 2021 £ 12 H 520 12 - ESHAL 4000 {Z Token
GLaM 2021 F 12 A 12000 12 - ESHAL 2800 12 Token
LaMDA 2022 1 A 1370 12 - ESEA 7680 {Z Token
InstructGPT 2022 4E 3 H 1750 12 GPT-3 B R -
Chinchilla 2022 £ 3 H 700 12 - EE B
PaLM 2022 % 4 A 5400 12 - fraa=p it 7800 1Z Token
Flan-PaLM 2022 £E 10 H 5400 12 PaLM B RS -
GPT-4 202343 A - - BT -
PanGu-% 20233 A 1085012 PanGu-a  $HSHIEART 3290 {2 Token
Bard 20233 A - PaLM-2  fEMIAMEE -
ChatGLM 2023 £ 3 H - - B A A -
RI35 2023 £E 4 A - - Fe Al -
HIHFIE AL 2023 E 4 A - - Fe AR -
360 %5 fing 202344 A - - BRI -
bh—F 2023 % 4 A - - Fa 2 AR -
B TR 2023 £ 5 A - - feS Al -
MinMax 2023 5 A - - BT A -
=D NI 2023 £ 5 A - - B R -
HERE 2023 5 6 A - - e AR -
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HT GPT-3 YIIZ2R A T NVIDIA V100 32G, HEFRFERAEES T LR HHE, XE B NMHTS
EFFER 1750 {2 OPT B8 A ANIZR{ER T 992 B NVIDIA A100 80G, EE{AKIIIZRIN [R5
2 MH. BLOOMB AR R HIE 1750 12, ZEARIIZR—HALgk 3.5 M H, AME 384
E& NVIDIA A100 80G GPU /MK, FIAE B AMIAIE 5 BRI IIZRTR 2L o KR A HH R BT T
FIRFE], f945 LLaMA, Falcon, FJIl (Baichuan) SFHIRUHLE TIHLHTE, HTIZNIRETREINAE
REMHERR, HRESZIESEE, WReasE oM X BRI EAIZRIEE
BUZ A B B R RN R

BUEEMIA (Supervised Finetuning), R N#E<#iB (Instruction Tuning), F|H/b & & REEL
HEE, BEAREIZRAT IR B sl mid e g, BiE. SRS, A IRERMHrIE
RSP RARTERIE (Prompt) FON B AHEARM HIZE R, P M AGEERE, RIS, £
SR HE LML AFMTES,

fln: 32739 (Prompt): BEXFHIUANKK ?

EAEHE: FERFNA AANKRE, 50 2R EK, FHTERE, PR R IR0

MR, L HffiR X2 § B X Fag TR, MR R 5T TIR R A THH X, AR

I FHICR, RIRREETFTHAIHTR,
FIFIX S B BEE, EH 5 B BRI RIE S BRI, 7RG & A Al F
TR, MM 2IE W ERIAEEY (Supervised Finetuning, SFT #7AY), £33 i/IZ50Y SFT A H A&
TR IFELFERE AN LN SCHRARRE ST, RERESE AT IR, R AR, B, AR
Faeh, MRS T @R RIMES IZILRES. BTA RE RN BRI 2RI R 5L
/b, SFT AR BT A TR EHFE AR K2R TR, ARIEEIA RN IZR R 2, #E R
SRR GPU, A BRECRIN R SERNER, SFT B H & T WP HIE 5 7EAE ), RIDUFIRG P
i, RZ2 ChatGPT RUBIUETE T84 45 Alpacal®l| Vicuna®®l, MOSS. ChatGLM-6B
Fo MEXBHERPRBARE L, HEELIENHIAS] T ChatGPT 1 90% AYRRES 39, i
F)— LER R AR B R o B B e 30 SFT BEAUICR A AR RHTZIRMTL Rl An et s /b &
I H.m o I ZREde 2 A B I B R B A RIS B

#hiEte (Reward Modeling) [ B¢ B bR @A — N SCAR R &8 RS X F A — P @7riA, SET
RARIZE Y 22 A Al 25 SR B T HE . DR (RMOARY) R DOEIS 70 2R X
ANBIADEE R Z RIAL A BEAT AT, RM AR S ALAHTE 57U SFT B[R], RM BRUA B I
AREFAIRLR MG P, RIBBRIURYIIZRE H AN SFT BRI —4%, S GPU, @I LRI
A FERIZh, BT RM BRGSO Tom 22 ST B AVRCR A B B R AN, Rl 1%
T R e s 7 R 258048, Andrej Karpathy fEfiR &5 HHEH, %R EH &R
X EdEbRE, M HH PR Z PR R B AR R KN R A GBS, E1.445H T InstructGPT &
Gerp R GRS R GIRY, ATABR R, B SOARFIREREON 7, ARt R E Y %
S ARE TEAARITE, PR R FREARE IAE-SARATE N A TR, FEFEERENA
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1, FIRSAIAI R AR AR R Z [ — S, IR R AR B e AR R A ME A R —, It
SN TZ AL RE 1D SR AR Bl PR A 55— Al anSR RMARAL R F RS2 S
i TR 1A 2R ST AR i AT RE S = SR AREA TR, 32 I L o e s T M P2 A AR E b 5550

AERREEYT, AR E RM AR FH )72 (32 57 A 9 B s [A]

Ranking outputs

To be ranked

A team of researchers from
Yale University and University
of California, Davis studied the
vocalization patterns of several
different types of parrots. They
found that parrots like to mimic
human speech, and can produce
a wide range of sounds, such as
whistles, squawks, and other
types of vocalizations...

Parrots have been found to
have the ability to understand
numbers. Researchers have
found that parrots can
understand numbers up to six. In
a series of experiments, the
parrots were able to identify the
amount of food items under a
number of cups...

Rank 1 (best)

A research group in the
United States has found that
parrots can imitate human
speech with ease, and some of
them can even do so in the same
way as humans. This group
studied the sounds that parrots
make in their natural habitats
and found that they use their
tongues and beaks in ways that
are strikingly...

Rank 2

Rank 3

Scientists have found that
green-winged parrots can tell
the difference between two
noises that are the same except
for the order in which they are
heard. This is important because
green-winged parrots are known
to imitate sounds. This research
shows that they are able to
understand the difference
between sounds.

Rank 4 Rank 5 (worst)

Current research suggests
that parrots see and hear things
in a different way than humans
do. While humans see a rainbow
of colors, parrots only see shades
of red and green. Parrots can
also see ultraviolet light, which
is invisible to humans. Many
birds have this ability to see
ultraviolet light, an ability

1.4 InstructGPT R REMERLIZGHE AR E RG]

®{t%> (Reinforcement Learning) [TEARIEET 77 FH P48 e rial, A ERT— B BIIZR
A RM A8 251 SFT AN H P RIARN R R FETE, 5 IES B ERGE1RE
BIFHIRCR, MBI R IR E S A WA L, BEE TR, HHAFTRE
N THERTS AR RIA AN B AYBRAE A &, (ER Y2 S], 18 SFT AR RS, 155
LA ISR TT DRSS 40 (Reward) o M ERFR AR 00T E BRI 2R BE /MR %
T WANFREEL S GPU, KIS BRI RIFIRI AT 7E ISR, SCHk [24] 28 H T 9 fb 52 ST B
VAR L, TERRISEEMERER T, e USSR TA WE AR 2 RER, K
TR 2aB 2 ST A B A P DS R E4r 45 R A nld, #2023 4F 9 A Wik A ek
S 2 i IR RS, LAN, Andrej Karpathy g HISRMF SIHIF AR EA RIB, BE2M5
FERBR RS, MR/ TR A Z R, TR 82 ST 7RI ZR 52 UG HY RL A,




AR B AR B P P B R A PR F0 B S SCE ChatGPT RSt BT3Bk S 7T I5FEE
Wrm, FHESHAZ, BEEAKERERR, BEN RM SRR AR, (ES U
VB S AT REAS A RN FH 5 A2 ST R TR

1.4 A BHABTZHE

KAy 8 B, HSEAHEIE S EAEMITIC, FUIZR. 5 BRME USSR F S Y 3
BRI RIT: BB EES T HARNIIE S ARG 55 0 1 EA R S B
WIZR, BAETUIZREERF A TSR, 58 =80 70 A HARNBIE = BN ER AR AR
ANKAE2, BAEA BRI >); SBPUHR I 1 ZA RIS S B RN AN fs, A
(RETT 22 HHNE LS PR,

e EA 828 KiFSERVER

Fui)ll 2 325 BN I5E0E B4z SR
IESTEE H58 GREHE H6E BUFS
TR A 78 KIESHREIRIA 585 AIESHRENEY

1.5 ABETRH

5 2 EREAGIIIBIE S B R EEABIC IR, GBS HEANE X, Transformer 45
H, RHUEE 5 ERMEZRENE, FFLL LLaMA Fr (i F BRI S548 R B 23 RS 5L 1

55 3 A 4 TR EGRAMUEIE S BRI AU 2R BRI EET RN BT R, B
RN TREEIRIBIRFAT, FKEFT, BARFHTLAN Zero RIMLITTTE, PRILZANEF
SRR 7 S T R o A A BRI 77 7%, DA DeepSpeed Il /2B 4AMAIEAT R AR
TSR,

55 B 6 B EEE SN A ANUEIE S BT S BRI B T EIT RN AT, Bl
Qe PERL R R AL BRI A B ORISR ST 77 TR, (SR ERE S A R ARIE, £
BN IS Lora, Delta Tuning SR GHIA T 5, A WEMIREBIRIE A, SRILF ST LA,



12 RHIRESEE: NIBRRIKE - ikEF. HiE. M. 255

I RIS LAk (Proximal Policy Optimization, PPO), 3 PA DeepSpeed-Chat #1 MOSS-RLHF J9fil/
HANATLEYIZRZE ChatGPT R GE,

557 B 8 B E IS AMBIE S BIUA N HAIPPG TR A, EE AR AR
F A5 AN T BRI HBRIF A TIE R LangChain, KIE 5 AU/ E RE(RIE DA K AR S KA 46
T HERIRTARAN FTEGE, PAREGIRIE S ERRTFAE 772K, A RIS S U I 25 2807
T7i%o



2. KESRELEM

ESEMEMRRERBRIES IR, EERESOHEM R EAEZNEH, 2R
B HEEMTES 2 —. KRENHREM n TTIBESHEE (n-gram Language Models) . &G 515
A1 (Neural Language Models, NLM) PANFIZRIESB%Y (Pre-trained Language Models, PLM)
ERFAETRT RN TIE, XERRIETFN BN BRIESCHEESHEEREZEH, FEE
T+ Transformer 742815 5 A & J DL I R0 75 U7E B ARG B A TS5 Hh BUS R
HERE, M 2020 4 OpenAl &1f GPT-3 H4f, KIBSHEMHFARMERIRA. BAKIESEUKSE
sHEX, EEAREMEMEA S REB R ARE 205, (E2HAMBIC A E AT ANE
= R,

AREERGE SN Transformer G518, FHAEHEM EAAAERATIIZIESHE GPT. KIEEHE
BRI L& A FNTE B IAHI A DO IE G, n eiBE S, M E SRR EmIIGIES
BRIR A% (HARESLHSIE) 5 6 BB XHEFAHEIR,

2.1 Transformer 544

Transformer £5141481 J2 HAERTE 2017 R4 1 IF & SE 0 H TA LA B AT #H I 28 8UZ0A , A1
aEIER HFREMIFRIES (Source Language) F5H#E|HARIES (Target Language), Transformer &5
FaFEARIEE R NIHLHI SEBAHRIE 5 75 BFRE S PP 2RSS, Yl L2 KiEs
FETUET J2 3E T Transformer £544, A7 PARN F FHL2 B AU T Transformer FISmAS 25 F1RRD 28T
AR,

FT Transformer M2 S 28 AL ARG S8 250 A0 2.1 o, ZE AR A 43 X I 25 dmtdas (Encoder)
FfFERSAs (Decoder) M4, EATIHAE T MEAM Transformer Bt (Block) #HAK O R A& EHHEY
IREHE) s IXH Nx R T T N (XEE, B Transformer SREHZIN— A& T {x; )i, 1EHN
o, N ERO ARSI {yi oo XEN a; M y; 25 A& SRS —
MATEHIFRR, 1y, & 21 Transformer NI ; #H—PEEH F N SOE N ML, 78
MEIA {;}i_, Bl {y;}i_, BB XGOSR, T2 B0 L MsEER

GEBNE: FHZLEES (Multi-Head Attention) HLHIREA ERIBNY, EHESFHIHT



14 RHUEESREL: MIERRIKE - K, & N5, BES

PN BRLR]L Z TR AR AR 0% 28 ] DAL BT AN B T R GERIIE RS K, I SE 4 s ER SR

AR AR

- UBRINFIHRE (Position-wise FFN) : Tl I EHEEHE B A SCA 751 A BRI R R AT

B TR

- REER: XMEFR Add #. BRSO HIERE LR RS PR EEER,
TR SR, WMESERREM®SL, AR TR,
« BIA—L: AREHH Norm #70. fEH T ERMANFRENEHERRFESIH, NERRFHIE

TTRIA—Li%lE, FREERIREILCRITER,

b

xN

NERHD

{_ Add & Norm |
(B
e
| Add & Norm |
A EEh
AU 1
| Add & Norm |
Nx —)| Add & Norm
EEsL
23 i3z
SR 2.5
4 1 1 1
. J |
Ceme QO ()|
e e
S BAE
TP i
(ERER)

2.1 ETF Transformer BI4RF3 SEFNARAD 22454148

AR 125 IS BAR T RERI SEER 5 75
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2.1.1 SRARTE

TR FH, A AR (Input Embedding) #51 BA i F46y HARXS R A9 TA]
BTN, B, BEENEGNHRIRGE-MARFRR, BT Transformer 258~ FHE FH & TIEIRN 75
NEESCAREA, FHPAEEEAER SIS Z R E KRR, R
SR | RSB X 2R, —PNER EEARERERBRA P IMAGIESRE (Positional Encoding)
X—FHE, BIAKRE, AR RIAMER A EE N N — DA, XRS5 RERIORN
RAHANFFIE AR S S i it — P A0 P, EIIZRAOIERE Y rh, RS B g S BN 1 X
A EE R,

N T SRR RAL EX B AYSwES, Transformer G5F {8 AN RIS AY AR IX BRI B0 R R :

pos

. pos
PE(pOS, 22 + 1) = COS(W> (22)

Hrp, pos FRBIAFTERINLE, 20 F 20+ 1 FoRAL B gmbd e & AN BAERE, d W R B W% HY
YRR, B B XA A B BRI LML B, BRI ERLE [-1,+1],
SRR E S 5 JFOA AN S 1S5 R m B 12 A R A SRR R R, HIR, REE
= AREEEANER, TSRS pos + k MIEHILZE pos M BEIISAILIMA S, XHEK
A E S S E A AR R E R

{1 PyTorch SKIRHINL B S5 AN T :

class PositionalEncoder (nn.Module) :
def __init__(self, d_model, max_seq_len = 80):

super (). __init__Q)
self.d_model = d_model

# WM pos Fv ¢ R|E—)HE PE 4%
pe = torch.zeros(max_seq_len, d_model)
for pos in range(max_seq_len):
for i in range(0, d_model, 2):
pelpos, il = math.sin(pos / (10000 ** (i/d_model)))
pelpos, i + 1] = math.cos(pos / (10000 ** (i/d_model)))

pe = pe.unsqueeze(0)
self.register_buffer('pe', pe)

def forward(self, x):
* REEAFNRTH AL
X = x * math. sqrt(self d_model)
# B EY R R RARNETH
seq_len = x. 51ze(1)
x = x + Variable(self.pel:,:seq_len], requires_grad=False)
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return x

212 FBNE

BixEH (Self-Attention) EIEZE T Transformer RN ZSEIFEAIF EARE, FEIRIES R
WA EPRE S AR ES g DUEBTRIE S . BRE S EEM DN RIEZ AR R, 4
JE H RS SR A S BRSBTS BRI ARR {;, € RV, T SEBIA R SCE AR
HEs, #H—P 5 I ATEBIERAINGEIF T REI =17 & q; (Query), # k;, (Key), H v,
(Value)o TEZRISHIAFAIHE— N RIANERRSES, X=NTEHTHE LI SCRIREATDN R A
WES 7. B, XL M T RS AT R IR AR RIS, AT BRSO RIER 7 Fr iR 221 5%
TR, BACRE, WER22F7R, B =MD W e RO WK ¢ R4 WV ¢ Rixd
KRNI RS — DN RIARR o, BN EN N q; € R*, k; € R%, v, € R® A&,

TV Machine Learning

gaEm o« [T T]  x[[[[]

& a[ [ TT] N Wwe
f# [TT] [TT]
ElE wl[TT] vo[T 1] WV

E22 BEENNGIPHNER B EEDE

N TSRS ERIE o MR EERTER B ER, @A E « Eilh S A B R &
BURBREIEL 8 q; - k1, qi - Ko, ..oy @i - Ry 9 T BRI RHIVEAC 0 BAE G 2E Softmax HHEIEFE
SRR SR IE DU SRR ZE R IR, XS5 SRR T Vd DIRE L. RS IS
73423 Softmax IH— IR Z )5, SHMABEFAEMEFRBEERERTN L IXUEE, I
B/MEAHRE R T, B iR R a] DA etk an
.

K
Z = Attention(Q, K,V) = Softmax(Q

Vd

% 2.3)
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Her Q € R*4 K € REX4 Ve REXDy ZRIFREAFFIHHIAFE SRIER g, k, v [AEPHEEH
RHIRERE, L RRFHIKE, Z € RIS FoRBIEENRENKL, 0T H#E—PHEEEES I
HIRE LI Us B RIRE S, 1R T 2388 (Multi-head Attention) FIALHI, PARIE B R CHIAR
FIfUE, BAKSE, b RS- NEIRNRR o S LN (W2 WE WY LY, BRI
[FIRER RT3 AF, A2 3’2?7‘[:]5’9?*‘@EPéJ‘jJ'JlJrE#ﬁ@JTHE’JJ:‘FX*H?%E’J%WEIT%W%%
RAZ o RS, R WO e RWd)xd I FER A RF 2RI _E N KR HTE R EEE
NERAZWEM {z;, € R},
f#H PyTorch SEHIY HIEE N ESH RN T

class MultiHeadAttention(nn.Module) :
def __init__(self, heads, d_model, dropout = 0.1):
super () .__init__Q)

self.d_model = d_model
self.d_k = d_model // heads
self.h = heads

self.q_linear = nn.Linear(d_model, d_model)
self.v_linear = nn.Linear(d_model, d_model)
self.k_linear = nn.Linear(d_model, d_model)
self .dropout = nn.Dropout(dropout)

self.out = nn.Linear(d_model, d_model)

def attention(q, k, v, d_k, mask=None, dropout=None):
scores = torch.matmul(q, k.transpose(-2, -1)) / math.sqrt(d_k)

# HERAEATHENKE My 2T, FHAN softmez HEEH 0
if mask is not None:

mask = mask.unsqueeze(1)

scores = scores.masked_fill(mask == 0, -1e9)

scores = F.softmax(scores, dim=-1)

if dropout is not None:
scores = dropout(scores)

output = torch.matmul(scores, v)
return output

def forward(self, q, k, v, mask=None):
bs = q.size(0)

# PATHMRER D AR B Ak

k = self.k_linear(k).view(bs, -1, self.h, self.d_k)
q

v

self.q_linear(q) .view(bs, -1, self.h, self.d_k)
self.v_linear(v).view(bs, -1, self.h, self.d_k)
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)’

54 B
k.transpose(1,2)
q.transpose(1,2)
v.transpose(1,2)

iy
I

#
k
q
v

# & attention
scores = attention(q, k, v, self.d_k, mask, self.dropout)

# FELS DMK ENEEE
concat = scores.transpose(1,2).contiguous().view(bs, -1, self.d_model)

output = self.out(concat)

return output

2.1.3 FIRE
HiEEZ RN TR M, @ —MEA Relu BUEEBAIME 2IEREM
EENHM AT AN AR LRI i, SEERTERH, X — IR R R 2R A PR RE = A2 70
EEdinj AN
FFN(CE) = Relu(ale + bl)WQ + b2 (24)

Ho Wy, by, Wa, by FORHTBFERIZEL SKREEREH, WA R EIESHI4EEG T2
THRARIFAERNTR, FHit, AT 2RINEHEE —-RIEATEENTFRER,
{1 PyTorch SKERRIATISZ S A4

class FeedForward(nn.Module):

def __init__(self, d_model, d_£ff=2048, dropout = 0.1):
super () .__init__()

# d_ff BINKEH 2048

self.linear_1 = nn.Linear(d_model, d_ff)
self.dropout = nn.Dropout (dropout)
self.linear_2 = nn.Linear(d_ff, d_model)

def forward(self, x):
x = self.dropout(F.relu(self.linear_1(x)))
x = self.linear_2(x)
return x
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214 FEERSRIR—

Fi Transformer &5AH4L KA WIS S5 AIE B AR AR R R, Gt s F1 ARG 8515 IR 2 JZ A AR
Transformer SREHAR, B FHHRE S EAAYARLRIEM, Xl FERIUATIIZR LN, R,
W5 BN E Transformer HRAME— 5| N TIREERE S R —EOK DU — P HETH I ZRAREE P,
BARRU, PR T R M A — SR EEME ERCR N N B A E R R B 2R,  mie
G FR T 283 TRAE DU AT R R T R AR B % ) -

!t = f(2h) + o (2.5)

Hrp 2! RRE 1 BRI, f() Rorn—THNEE, 1A, A THGE—ENEmAmLEEE—
MNEMPTEREN, BIH— ARG —2 5| A8 Transformer HEH1:

IN(z) =« -

TE Ly (2.6)
o

Hr Mo DRIFORERNTT 2, AT REIEFRARERIEN 0, 520 1 KIbrED A, o Flb
EAESINS . BIAEEOR A DA RO R RIS B R AR, Y0R8 (A,
il PyTorch SR — LS540 T

class Norm(nn.Module) :

def __init__(self, d_model, eps = le-6):
super() .__init__()

self.size = d_model

# BE—ASTANT ST 5K
self.alpha = nn.Parameter(torch.ones(self.size))
self.bias = nn.Parameter(torch.zeros(self.size))

self.eps = eps

def forward(self, x):
norm = self.alpha * (x - x.mean(dim=-1, keepdim=True)) \
/ (x.std(dim=-1, keepdim=True) + self.eps) + self.bias
return norm

2.1.5 YmiLRIFNREDZRLEN

BT BRI, MAEE2. 14 AR, it sl il DB A 57 S B, AHEL T gmtitds i,
et g 2 B A 2, BAAORYE, METDERAYEED Transformer BRAYES — D BER) T EHIME N
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THEENEE, MNEFREEEsEES (Masked Multi-Head Attention) 343, X FEE R NTE
FRAERED, middsim EZH THREFEIES FANGEE, MIXDNFAIR7EECHY, Kimdwg
AR RS B R SOE ERERIAT, mifgidim st BRIES 7Y, X—Aad i
& B EFR, BN T — PN RIag A BSOS RE, X SR ERIE 2 5T B ARG S P51 Al ASOULIINEY
[R] M IX —ERA M AT R 2 F R M S R S SUARME R, DABT SRR VI ZRR B BB B R 8L SR
Ak TC IS 21 A Rot 145,

AP, fRRSESUHIAEAME M T — N8 LR XEE S (Multi-Head Cross-attention) #E, #H3ZX
i¥B 7 (Cross-attention) J77%, [RIRHEZICK B gmh e vmdfm H PAR 24 B Transformer HEAYRT— M
HEERENENRL, ERE RS AT — BAVHE R TR0, A A 2 55 A g D A A
HATHEC N, ERERRERIENERE Y, N TAEREHER HFRIES 2 T 2 AR A5
ESFIRM 20 BT IR RISIS TR Ete, FRIERTRIE S SR, BeEid g esumiy
A Transformer BN H E R SOENHBEEBMER, &&HLE—EES 218 LN SXHXRT,.
ferd gy DA B B0 77 XA EARE S SR, BITES NN R ¢, ARYEmAL 8 f A IR TE 5 R
FOR, PAKHTt — 1 DMNZIAERI BARE S XA, AERCYRTNZIN BARE S i,

i PyTorch SCIRRY RIS AR 2% (B AT T :

class EncoderLayer (nn.Module):

def __init__(self, d_model, heads, dropout=0.1):
super () .__init__Q)
self.norm_1 = Norm(d_model)
self.norm_2 = Norm(d_model)
self.attn = MultiHeadAttention(heads, d_model, dropout=dropout)
self .ff = FeedForward(d_model, dropout=dropout)
self .dropout_1 = nn.Dropout(dropout)
self.dropout_2 = nn.Dropout(dropout)

def forward(self, x, mask):
attn_output = self.attn(x, x, x, mask)
attn_output = self.dropout_1(attn_output)
X = x + attn_output
x = self.norm_1(x)
ff_output = self.ff(x)
ff_output = self.dropout_2(ff_output)
x = x + ff_output
x = self.norm_2(x)
return x

class Encoder(nn.Module) :

def __init__(self, vocab_size, d_model, N, heads, dropout):

super () .__init__Q)
self.N = N



def

self.embed = Embedder(vocab_size, d_model)
self.pe = PositionalEncoder(d_model, dropout=dropout)

self.layers = get_clones(EncoderLayer(d_model, heads, dropout), N)

self.norm = Norm(d_model)

forward(self, src, mask):
x = self.embed(src)
x = self.pe(x)
for i in range(self.N):
x = self.layers[i] (x, mask)
return self.norm(x)
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i F PyTorch SEERAI L #8 25 RS UTR :

class DecoderLayer(nn.Module) :

def

def

__init__(self, d_model, heads, dropout=0.1):
super () . __init__()

self.norm_1 = Norm(d_model)

self.norm_2 = Norm(d_model)

self.norm_3 = Norm(d_model)

self .dropout_1 = nn.Dropout(dropout)
self.dropout_2 = nn.Dropout(dropout)
self.dropout_3 = nn.Dropout(dropout)

self.attn_1 = MultiHeadAttention(heads, d_model, dropout=dropout)
self.attn_2 = MultiHeadAttention(heads, d_model, dropout=dropout)

self .ff = FeedForward(d_model, dropout=dropout)

forward(self, x, e_outputs, src_mask, trg_mask):

attn_output_1 = self.attn_1(x, x, x, trg_mask)

attn_output_1 = self.dropout_1(attn_output_1)

X = x + attn_output_1

x = self.norm_1(x)

attn_output_2 = self.attn_2(x, e_outputs, e_outputs, src_mask)
attn_output_2 = self.dropout_2(attn_output_2)

x = x + attn_output_2

x = self.norm_2(x)

ff_output = self.ff(x)

ff_output = self.dropout_3(ff_output)
x = x + ff_output

x = self.norm_3(x)

return x

class Decoder(nn.Module) :



22 KHIRIESIREL: MIRERISCE - K3, & A, BES

def __init__(self, vocab_size, d_model, N, heads, dropout):
super () .__init__()
self.N = N
self.embed = Embedder(vocab_size, d_model)
self.pe = PositionalEncoder(d_model, dropout=dropout)
self.layers = get_clones(DecoderLayer(d_model, heads, dropout), N)
self.norm = Norm(d_model)

def forward(self, trg, e_outputs, src_mask, trg_mask):
x = self.embed(trg)
x = self.pe(x)
for i in range(self.N):
x = self.layers[i] (x, e_outputs, src_mask, trg_mask)
return self.norm(x)

£:T Transformer FZm T FIEI AR 2SR IA KB S5 40 T :

class Transformer (nn.Module):

def __init__(self, src_vocab, trg_vocab, d_model, N, heads, dropout):
super () .__init__()
self.encoder = Encoder(src_vocab, d_model, N, heads, dropout)
self.decoder = Decoder(trg_vocab, d_model, N, heads, dropout)
self.out = nn.Linear(d_model, trg_vocab)

def forward(self, src, trg, src_mask, trg_mask):
e_outputs = self.encoder(src, src_mask)
d_output = self.decoder(trg, e_outputs, src_mask, trg_mask)
output = self.out(d_output)
return output

AT DARE AN AR BB S AT YN ZRATI L :

# RAERE L
it

d_model = 512

heads 8

N =6

src_vocab = len(EN_TEXT.vocab)

trg_vocab = len(FR_TEXT.vocab)
model = Transformer (src_vocab, trg_vocab, d_model, N, heads)
for p in model.parameters():
if p.dim() > 1:
nn.init.xavier_uniform_(p)

optim = torch.optim.Adam(model.parameters(), 1lr=0.0001, betas=(0.9, 0.98), eps=1e-9)

# H R4
def train_model(epochs, print_every=100):
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model .train()

start = time.time()
temp = start

total_loss = O
for epoch in range(epochs):

for i, batch in enumerate(train_iter):
src = batch.English.transpose(0,1)
trg = batch.French.transpose(0,1)
# R BATRN W =18 A TP B BT SR B R P X,
# BT RE—NERE, BACEECAENERRTNT —NEA.

trg_input = trgl:, :-1]

# R N E A
targets = trgl:, 1:].contiguous().view(-1)

# FRBE R R LR R
src_mask, trg_mask = create_masks(src, trg_input)

preds = model(src, trg_input, src_mask, trg_mask)
optim.zero_grad()

loss = F.cross_entropy(preds.view(-1, preds.size(-1)),
results, ignore_index=target_pad)

loss.backward()

optim.step()

total_loss += loss.datal0]

if (i + 1) % print_every ==
loss_avg = total_loss / print_every
print("time = %dm, epoch %d, iter = Jd, loss = %.3f,
%ds per %d iters" % ((time.time() - start) // 60,
epoch + 1, i + 1, loss_avg, time.time() - temp,
print_every))
total_loss = O
temp = time.time()

# AR
def translate(model, src, max_len = 80, custom_string=False):

model.eval()
if custom_sentence == True:
src = tokenize_en(src)
sentence=Variable(torch.LongTensor ([[EN_TEXT.vocab.stoi[tok] for tok
in sentencel]])).cuda()
src_mask = (src != input_pad) .unsqueeze(-2)
e_outputs = model.encoder(src, src_mask)

outputs = torch.zeros(max_len).type_as(src.data)
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outputs[0] = torch.LongTensor ([FR_TEXT.vocab.stoil['<sos>']])

for i in range(l, max_len):
trg_mask = np.triu(np.ones((1, i, i),
k=1) .astype('uint8"')
trg_mask= Variable(torch.from_numpy(trg_mask) == 0).cuda()

out = model.out(model.decoder (outputs[:i].unsqueeze(0),
e_outputs, src_mask, trg_mask))

out = F.softmax(out, dim=-1)

val, ix = out[:, -1].data.topk(1)

outputs[i] = ix[0] [0]
if ix[0][0] == FR_TEXT.vocab.stoi['<eos>']:
break
return ' '.join(
[FR_TEXT.vocab.itos[ix] for ix in outputs[:i]]
)

2.2 £ FNZIESEEL GPT

ZETHREA I GUICR H ImageNet!' ) MBI T— XAl 25, MR R DOEE & (R
FEOPHSJAMATEERHE, A5 FHARIE(ESS BAR TR GORATE U, B RE S B OUsE T
FNZRIE S BB 77 B RN . A ELMol! N ARERAI SIS I A B AT 5 115 & A
UIZRAIRTT,  Be)E BA GPTM Fi BERTI A ARERAIEE T Transformer HYR MU FiliJIIER1E 5 HAL A H
W, EEERESCHEeEEA T IIZMIEEHIN A MRFEENZERL 8RBl
FRES5 PAME Transformer SEIREEMIZE MR 45, TIlZRIE 5BV B4 1l Hss KRR B RTE S &R
REY1, REMSAROM A ENAIL, EENIE UG R, RPIZRERIN T R ESS I, AFHRZE T
KRS, ARBEROIHRERMEMgaity, JFRE “RiA” Sl [ R AR
SFSHIPRERRAE P 2508 SR B T I BRI SR, wln] DARAS 23 AR RESE Tt

OpenAl A FFE 2018 FEAZ YA BRI IZRIE S8 (Generative Pre-Training, GPT) 4 /2 it
RN RFERNARES BRI —, GPT FREULINE2.3FR, 2 /2 Transformer ZH LAY HL A5
S, EENNENER, WEEHETE=RRD,

AR E NN GPT EB W, A& ML MIA L E T HuggingFace RUTIIZRIE
Sl Utoi

2.2.1 BTz

GPT RAVAERSGINZRTT ., BAEWE RN REMNEEG BNG B 2N SOR PRI, At
K HIHY Transformer &AL RS RIS CRIE T4 A\ SCA Mz B X REROOE RN ZI A B
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AT fE559y 388 N
* * ,
T | Transformer Block | /'/

12X ’ !

/7

| Transformer Block

| Transformer Block |

| e |

2.3 GPT Wil 1B SRELEM

BEXARITFHN w = wiws, ..., w,, GPT EFCTEHAZ R LML 58 23 i & -
v; = vl + ! 2.7)

Hrp, of 7217 w; BARR, of 218 w;, FERE, v A8 MBI RIFZE AR (G50
J2) JaiHt. GPT BRAURYH AR S RIS MBI 28 T8 S BRI R A R 2 A T H /R AN
ALE A&, JXJ2 Transformer 4544 B & FCIARAAL B F B, KR 2ok B A ZREML BE .

i AN E Y, BRI RERTY v = v, ..., v,, BEER v RABRRILE, HiLE
i L ™ Transformer BAERA AL, £ BERAHHIKIERT, 82N NIRRT E ZATH
BRRARNER, #8MRRAEMASEEN LETYER, HELLZEHmME, GPT RS
A HIRBRRMVHERFR, HItREEERRI:

h") = Transformer-BlockX) (h(®) (2.8)

Hp pl) ¢ R FRE L BFRRARTFY], n WFFIKE, d IETRIGEESEE, L SRR
B,
GPT BAIMMHERE TRG—ENFRR b)) BEANMIE EREAESR, HitESRER DL
RN
P(w;|wy, ..., w;_1) = Softmax(W¢h'") 4 povt) 2.9)
Hep we ¢ RIVIX Fialm & hkE, V) HiEERKAD.
BENES SRR BT IRIF A AT w, HEMIE S B B w BRI,
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{5 REARAE i A7 L P 210X 24 RiT A REASCHH PRERA O 0 -

L7 (w) = = " log P(w;|w...w;_1; 6) (2.10)
i=1
Hrp o REBIISE, WA DU T D/RA]FARE, FUEARR IS A T ZR, il 2RI i 5 o
FARENUBAIE R B AT R BB A S BB SR BRI

222 BB THESHMIE

TR EIE S AR, #1§ GPT BB A& T —EIBHTE XRREE ). NIFES A
(Downstream Task Fine-tuning) HJH K27 HIE CRREA -, MRYIE ML AR TIERL,
THEFBEFENHARTEEIRRETIIZG, BdEREMH D TR, S0 hm A KE
Hn XA © = z129...2, FI B FIFRES 4 KK

S SOARRES o B\ GPT B, SRS RE — B IR G — AR B AR Es it nl | 16
IEEEA i 25 B HAE A& Softmax BREL, 1SEIFRZE TN R,

P(yl|zy...z,) = Softmax(h{X) W) (2.11)

Hrh wv e R NRIEREESEL, b RSN @B MRIESIESE D U~ BRI
FEUA NS5 -
LTD) = = log P(y|zy...xn) (2.12)
(z,y)

TIHESTERIRE RS, ST BARE T, RE 5 SRS ST 2R B > 2
FA3E FH VB SCHTIR R, AT HR AR RS B d MR TZ A RE 1, JE AR & (Catastrophic Forgetting)
AR, R, I8 SRR G WIZRMESS RN N A 7T R = IR A, R SEPRRY
R, @RS AT RS A -

L= LT(D) + A LPT(D) (2.13)

Hep )\ BYER [0,1], ATFETHIISES L S,
2.2.3 ETF HuggingFace BIFIIZESERISC

HuggingFace /2 — M HE B 2ATE S B E, HEENZEd et —E2mp TR, FERE
A, S B RIE S B RO T2 N B R N5 T4, HuggingFace i # 44 AR —
J& Transformer J&, BT KA G2 AT DABRIEHER B I ZRGF AR DUR SEBIHT B 28 544, BRIt Z 5h,
HuggingFace I T Dataset , FIDATEH 75 ML T8 E ARTE S A BEDT T A i 5 8 O B TR B0
%o AT, K DAYHE BERT BADNBI, /4T Huggingface f BERT BRI 75 1%,
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1. BIEESHES
LI Tl R0 S AR R RS EE SR H AT DATE Dataset JFEHHERZ NEIFINE. Hlin,
REMYEE GRIICSOBRES, ] IERIET TS e SRR IRE

from datasets import concatenate_datasets, load_dataset

bookcorpus = load_dataset("bookcorpus", split="train")
wiki = load_dataset("wikipedia", "20230601.en", split="train")
# NRE 'text’ 3

wiki = wiki.remove_columns([col for col in wiki.column_names if col != "text"])
dataset = concatenate_datasets([bookcorpus, wikil])

# BEBESTHA 904 AT, 104 BT R
d = dataset.train_test_split(test_size=0.1)

& NARAFFUNGRATMNA LA 7 A R P AEA S A, RS RR:

def dataset_to_text(dataset, output_filename="data.txt"):
i e B AR R B A R g
with open(output_filename, "w") as f:
for t in dataset["text"]:
print(t, file=f)

# BNEERFEH train. tat
dataset_to_text(d["train"], "train.txt")
# KM REREA test. tat
dataset_to_text(d["test"], "test.txt")

2. iRt 2 ATES (Tokenizer)

BERT X T WordPiece 7717, ARIEIILRIERAHHIRMOE & & H — DN ERIiAT) 7 2
1T, I, FEEIIILIEICATES (Tokenizer), FJPA# A transformers ZEHHY BertWordPiece-
Tokenizer 2R FERATSS, RSN RAfR:

special_tokens = [
"[PAD]", "[UNK]", "[CLS]", "[SEP]", "[MASK]", "<S>", "<T>"
]
# MRERENGHNATNESCNEATLHNTE, FEBR files
# files = ["train.tzt", "test.tzt"]
# PRI 4% 6 437 T LT 8
files = ["train.txt"]
# BERT WX W BN KA 30522, 7 DLHEE B
vocab_size = 30_522
# mATFIKE, KEMARI G B
max_length = 512
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# RERKARRT

truncate_longer_samples = False

# XN WordPiece 7 LA 4

tokenizer = BertWordPieceTokenizer ()

# Y 4 iA TR AT B

tokenizer.train(files=files, vocab_size=vocab_size, special_tokens=special_tokens)
# AFEBTAERA 512 WU

tokenizer.enable_truncation(max_length=max_length)
model_path = "pretrained-bert"

# MR XA A, Mg RE Xk
if not os.path.isdir(model_path):
os.mkdir (model_path)
# PRI T AR
tokenizer.save_model (model_path)
# B—BEATAONBETHEERTIRE X, aERHKAT, BEANE, RAFIKES.
with open(os.path.join(model_path, "config.json"), "w") as f:
tokenizer_cfg = {
"do_lower_case": True,
"unk_token": "[UNK]",
"sep_token": "[SEP]",
"pad_token": "[PAD]",
"cls_token": "[CLS]",
"mask_token": "[MASK]",
"model_max_length": max_length,
"max_len": max_length,
¥

json.dump (tokenizer_cfg, f)

# BE TN BEHRATNEEER, ¥HEKRE| BertTokenizerFast
tokenizer = BertTokenizerFast.from_pretrained(model_path)

3. ALIEENES

FE RS EEMERINZRZ AT, IETHZR N ZRERHRIE I ZRAT I Tokenizer HEATALHH, 4I1RSCAS
KR 512 NMATT (Token), AR EREITHEMWT, BRI RATR:

def encode_with_truncation(examples):
v G R TN ) F AT RSB AT E K (Mapping function) "7
return tokenizer(examples["text"], truncation=True, padding="max_length",
max_length=max_length, return_special_tokens_mask=True)

def encode_without_truncation(examples):
R R O AT R A AT AL AR R RUT By A B (Mapping function) "

return tokenizer (examples["text"], return_special_tokens_mask=True)

# G BBCE R AT truncate_longer_samples 2 &
encode = encode_with_truncation if truncate_longer_samples else encode_without_truncation

# IR AT AL
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train_dataset = d["train"].map(encode, batched=True)
# %R B AT oA A
test_dataset = d["test"].map(encode, batched=True)
if truncate_longer_samples:
# B HMT, #% input_ids F1 attention_mask ¥ 'E K PyTorch K&

train_dataset.set_format(type="torch", columns=["input_ids", "attention_mask"])
test_dataset.set_format(type="torch", columns=["input_ids", "attention_mask"])

else:
# HHRHEMT, KEeNRE A Python 3|k
test_dataset.set_format(columns=["input_ids", "attention_mask", "special_tokens_mask"])
train_dataset.set_format(columns=["input_ids", "attention_mask", "special_tokens_mask"])

truncate_longer_samples ffi 7R 2% & KA il F T X B S A TR TTAL BRAY encode() [BITARKI %L,
RILEN True, NSEWHBLTREAFINKE (max_length) HH)F, EN, FSEM, RN
truncate_longer_samples 4 False, 2R A BUMTIIFEAZER R, HAHE EE KERAE,

from itertools import chain

FHREALEBH, PR EE T 0 PTA XAE £ R AT P K H 3k

def group_texts(examples):
# PRI XK
concatenated_examples = {k: list(chain(*examples[k])) for k in examples.keys()}
total_length = len(concatenated_examples[list(examples.keys())[0]])
#EFRTHRAL, WRERIFREATNARE S, RAUREFTE B ZE XX FHL
if total_length >= max_length:
total_length = (total_length // max_length) * max_length
# HRRAK IR E R
result = {
k: [t[i : i + max_length] for i in range(0, total_length, max_length)]
for k, t in concatenated_examples.items()
}

return result

# HEE, £ batched=True, HBAT—KAHE 1,000 HXA
# EL group_tezts LA 1,000 MNXARHYLFAI L.
# AN B E batch size, R FWET o T ERE TR
#
# AT Ry, RINERT L HELHE,
# HEFE mp FEHXHUTREL R
# https://huggingface.co/docs/datasets/package_reference/main_classes.html#datasets.Dataset.map
if not truncate_longer_samples:

train_dataset = train_dataset.map(group_texts, batched=True,

desc=f"Grouping texts in chunks of {max_length}")
test_dataset = test_dataset.map(group_texts, batched=True,
desc=f"Grouping texts in chunks of {max_lengthl}")

# WENAFIRESR A PyTorch % &

train_dataset.set_format("torch")

test_dataset.set_format("torch")
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4. 1ERI%k

FEAL IR T AL B RPN 2B R )G,

BHEE

BEATRAFARBIRILR, (A R AR

# 48 PR B B U A AR

model_config =
model =

# A AR

# Hﬂﬂ:ﬁifélu = %EE% (MLM) ﬁ£9§°

data_collator = DataCollatorForLanguageModeling(

)

tokenizer=tokenizer, mlm=True,

training_args = TrainingArguments (

output_dir=model_path,
evaluation_strategy="steps",
overwrite_output_dir=True,
num_train_epochs=10,
per_device_train_batch_size=10,
gradient_accumulation_steps=8,
per_device_eval_batch_size=64,
logging_steps=1000,
save_steps=1000,

# load_best_model_at_end=True,
# save_total_limit=3,

trainer = Trainer(

)

model=model,
args=training_args,
data_collator=data_collator,
train_dataset=train_dataset,
eval_dataset=test_dataset,

# YA
trainer.train()

BertConfig(vocab_size=vocab_size,
BertForMaskedLM(config=model_config)

max_position_embeddings=max_length)

, WAL 20% (BRIAK 15%) HIARiE,

mlm_probability=0.2

rMBER, ATREERLE X
# 58 “logging_steps™ FHATHAH.

# YA H A%k, T UARE aflﬁf‘ﬁﬂﬁ
N, im%&@%ﬁ
R

# Y EIE AN

# f%%‘?ﬁﬁz Al &

# P EHE

# 488 1000 %&ﬁiﬂ’ufﬁ, BRI REHEASE R

# RELNEERMBRERE (REF X
ﬂ’ﬁfﬁ%,

# R

& A IRH R R

)

3 ANMHEARE

gRorala, wT RS SN M Has R

[10135/79670 18:53:08

Step Training Loss Validation Loss
1000 6.904000 6.558231
2000 6.498800 6.401168
3000 6.362600 6.277831
4000 6.251000 6.172856
5000 6.155800 6.071129
6000 6.052800 5.942584
7000 5.834900 5.546123

< 129:35:53, 0.15 it/s, Epoch 1.27/10]



KIESRIVEN 37

8000  5.537200  5.248503

9000  5.272700  4.934949

10000  4.915900  4.549236
5. {REYEF

BTG AR, n] DA AN E RN JR SR T R, DA A2 A B RS R AR :

# MEEARE R

model = BertForMaskedLM.from_pretrained(os.path.join(model_path, "checkpoint-10000"))
# T A

tokenizer = BertTokenizerFast.from_pretrained(model_path)

£ill_mask = pipeline("fill-mask", model=model, tokenizer=tokenizer)

# ATHON
examples = [
"Today's most trending hashtags on [MASK] is Donald Trump",
"The [MASK] was cloudy yesterday, but today it's rainy.",
]
for example in examples:
for prediction in fill_mask(example):
print (£"{prediction['sequence']}, confidence:
print ("="x50)

{prediction['score']}")

i R R IS SN R

0.1027069091796875
0.09271949529647827

0.08099588006734848
0.04266013577580452

0.04120611026883125

most
most
most
most
most

on
on
on
on

today's
today's
today's
today's
today's

trending hashtags
trending hashtags
trending hashtags
trending hashtags
trending hashtags

twitter is donald trump, confidence:
monday is donald trump, confidence:
tuesday is donald trump, confidence:
facebook is donald trump, confidence:

on wednesday is donald trump, confidence:

the
the
the
the
the

weather
day was
morning
weekend
storm was cloudy yesterday, but today it's rainy., confidence:

was cloudy yesterday, but today it's rainy., confidence: 0.04445931687951088
cloudy yesterday, but today it's rainy., confidence: 0.037249673157930374

was cloudy yesterday, but today it's rainy., confidence: 0.023775646463036537
was cloudy yesterday, but today it's rainy., confidence: 0.022554103285074234

0.019406016916036606

2.3 KIBSIREULEN

FH AR A 2EL S R 28 4542
KSR AN AN, SRR (5] A

RIZEMIAT R 7200 GPT 2245, {# T Transformer ZEAIATIE 1Y

KA B EVAR 7 A EE SR, ERAEMERE, BRI —LAE
MR T GPT-3 BRURYIIZRIERE, BAERIAUE, IZREL

ELIEVE 25 ON ST
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PREMN. NEGERANIEE T, BT GPT-3 A H IR, RIEIe X EREEIEM R
BEHARS, FISCHR [31] /4 TRYE GPT-3 RS IR, FHHEHTR 7 5%t OPT (Open
Pre-trained Transformer Language Models), Meta AT t0{/5H8 GPT-3 ZUAGHFJR T LLaMA RGBT %
FEPEINES SR DAROR FZ AR AT I B R e B ER A AR R AF iR, BT B GPT-3 BB Y )5,
OpenAl FIAFHFRMAEFRER, FHIFATERE ChatGPT F1 GPT-4 Itk FUBLARIZEH

AR LA LLaMA BB, A 4HKIE S BAIZETE Transformer JRAAZ5EH LRI, FFAAH
Transformer £544 Hh 23 [T (] &5 b KRBT R AR 7T i,

2.3.1 LLaMA BUFREYLE

SCHR [37] M4 T LLaMA iR FH Y Transformer Z5FF140TT, SHEARTE 2.2 TFTEERY Trans-
former ZAG AR [FFHL YT BUFER A T RITEZII—1L (Pre-normalization) F¥&F RMSNorm J4—{LkH
¥4 (Root Mean Square Normalizing Function) . (7% PRIEFE 9 SWiGLU, FH{EH T heke i B A
(RoPE), #E{K Transformer Z2#45 GPT-2 KL, WIE2.4Ff7R,

SCATT PZ S

Transformer

12 X

e
BiEEh

BiR—t

A

MAFIAIE
BRAFR

2.4 GPT-2 {&8U4EH)
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BRR, K2R48 RMSNorm JA—1L K%k, SwiGLU UG BRERIEss i & AN (RoPE)
EARNAEF L,
1. RMSNorm J3—1{tE&£4

N TSRS AR EINEE, GPT-2 AT GPT Mg A THIBERBIH—I7%, KE—1
R ahE 23k RN B2, 8 DA thshE] T 2E R R 2 Al, FINREERN
M EWEER T 2 LAERN RS 2ERE G, B R T RMSNorm J4—{L ERE,
XTI @, RMSNorm BRECTHR AU

1
RMS(a) = /—L"_ a2 (2.14)
n

_ a;

“ =~ RMS(a) 1)
SR, RMSNorm JEF] BASIA RIS MAERIA T g; MUWFESE b, MIMTRE @ = gyiay9i + bio
RMSNorm £ HuggingFace Transformer - RS SZERAN R AR :

class LlamaRMSNorm(nn.Module) :
def __init__(self, hidden_size, eps=1le-6):

wn

LlamaRMSNorm %[5 T to T5LayerNorm

mnnn

super () .__init__Q)

self .weight = nn.Parameter(torch.ones(hidden_size))
self.variance_epsilon = eps # eps [ ILB B K= EofA 0

def forward(self, hidden_states):
input_dtype = hidden_states.dtype
variance = hidden_states.to(torch.float32) .pow(2) .mean(-1, keepdim=True)
hidden_states = hidden_states * torch.rsqrt(variance + self.variance_epsilon)
# weight ZRREFRMTINESH, B g <
return (self.weight * hidden_states).to(input_dtype)

2. SwiGLU #EX £

SwiGLUDPY 7% BREUZ Shazeer £ [50] 4R, FETE PaLMUI S HIHAT T T 12 M A,
I HEUS TAREERER, HET ReLU BRETERH 2 IENHEE 1~ D, 7E LLaMA HHe %+
EAF A SwiGLU G RE FFN (Position-wise Feed-Forward Network) AJITFE/ARITR:

FFNSWiGLU(CL‘, W, ‘/7 WQ) = SWiGLU(iB, W, V)WQ (216)
SwiGLU(z, W, V') = Swishg(zW) @ zV (2.17)
Swishg(x) = xzo(Bx) (2.18)
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Hrp, o(x) 2 Sigmoid BR%L, E2.545H1 T Swish #IEREESEL 8 ARIBUE FHITER, nIAEE

Y BT 0N, Swish PREGEIE TERMERE y = 2, Y 3 BIETIF K, Swish KEGHEIL T

ReLU K%K, B HBUE Y 1| I, Swish BREUEGHE HAERIA, 7 HuggingFace HY Transformer FEH Swish
PR silu RERDY AU

3 Swish

8=0.1
— p=1.0
— $=10.0

2.5 Swish FERBESH  NEEE FRIFIR

3. hEdEMIEHR A (ROPE)

TEN BYmiE b, (FHeE M EfR A (Rotary Positional Embeddings, RoPE) B2 (XEF[HA 144
XA B R, RoPE BB T EEBVEAR, R R e B YRS ) 7T TSSO B RS, H
Hirngiild FIRIZE RS q, k NN EER:

Gm = f(g,m) kn = f(k,n) (2.19)

Zd ESRIRIESS, G B Ky SRAFEALE m 1 n VAR ES B
TEANAIERARISR A A AT AS S0 [52], BREX AT DS B —4E15 00 T I 2 #ERRHY RoPE:

f(a,m) = Ry(q,m)e® (@™ = ||q||"®@FTm0) = geimF (2.20)

HRIEEHORER LA X, EIRTHSChr Xt N A g ek, FrbAErmERN “hekt A E g
17, den] PUERFEFE AR

cosmf —sinmb q
flam)= | ’ (221)
sinmf  cosmb q1



MRAIBENRR E LB INITER, (ERBEZER RoPE, #Fn] ISR N —4EETERIPHE, HI:

f(g,m)
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cosmbfy —sinmby 0 0 0 0
sinmby  cosmby 0 0 0 0
0 0 cosmb; —sinmb; 0 0
= 0 0 sinm#;  cosmb; 0 0
cosmblyo_1  —sinmbyo_q
sinmbyo_1  cosmby oy
Ry

90
q1
qz
qs3

qq—2

qd—1

(2.22)

BT _EAR%ER R, BAEMEME, KA DAEHZAMHEE @ BRIkt Bi#E, RoPE 1£
HuggingFace Transformer FEHASSZERAN 7R :

class LlamaRotaryEmbedding(torch.nn.Module) :
__init__(self, dim, max_position_embeddings=2048, base=10000, device=None):

def

def

super() .__init__(Q)

inv_freq = 1.0 / (base ** (torch.arange(0, dim, 2).float().to(device) / dim))

self .register_buffer("inv_freq", inv_freq)

# X BEME, UERE “torch.jit.trace” EH TAE

self .max_seq_len_cached = max_position_embeddings

t = torch.arange(self.max_seq_len_cached, device=self.inv_freq.device,
dtype=self.inv_freq.dtype)

freqs = torch.einsum("i,j->ij", t, self.inv_freq)

# 50K R, AT ARGH,

# DVER GRS EER

emb = torch.cat((fregs, freqs), dim=-1)

dtype = torch.get_default_dtype()

7

self .register_buffer("cos_cached", emb.cos() [None, None, :, :].to(dtype), persistent=False)
self.register_buffer("sin_cached", emb.sin() [None, None, :, :].to(dtype), persistent=False)

forward(self, x, seq_len=None):
# x: [bs, num_attention_heads, seq_len, head_size]
# ERNAE __init__~ FMET sinfcos ZJ5, A Cif T RAKFHEHIAT
#ATTH—, REXEWES
if seq_len > self.max_seq_len_cached:
self .max_seq_len_cached = seq_len

t = torch.arange(self.max_seq_len_cached, device=x.device, dtype=self.inv_freq.dtype)

freqs = torch.einsum("i,j->ij", t, self.inv_freq)

# 5RXARE, #/T AREBHF,

# WERBHE NI EER

emb = torch.cat((freqs, freqs), dim=-1).to(x.device)

self .register_buffer("cos_cached", emb.cos() [None, None, :, :].to(x.dtype),

persistent=False)

self .register_buffer("sin_cached", emb.sin() [None, None, :, :].to(x.dtype),

persistent=False)
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return (
self.cos_cached[:, :, :seq_len, ...].to(dtype=x.dtype),
self.sin_cached[:, :, :seq_len, ...].to(dtype=x.dtype),

def rotate_half(x):
mn BN — R AT,
x1 = x[..., : x.shape[-1] // 2]
x2 = x[..., x.shape[-1] // 2 :]
return torch.cat((-x2, x1), dim=-1)

def apply_rotary_pos_emb(q, k, cos, sin, position_ids):
# cos A1 sin WRIWANEEIEA N 1, HRBRNTUR CATHAT “squeeze™ #1E
cos = cos.squeeze(1l).squeeze(0) # [seq len, dim]

sin = sin.squeeze (1) .squeeze(0) # [seq_len, dim]

cos = cos[position_ids].unsqueeze(1) # [bs, 1, seq_len, dim]

sin = sin[position_ids].unsqueeze(1) # [bs, 1, seq_len, dim]

q_embed = (q * cos) + (rotate_half(q) * sin)

k_embed = (k * cos) + (rotate_half(k) * sin)

return q_embed, k_embed

4. 1REVEE{RAESR

BT BB s S ] ASKEU RS aR R, ARTE B B3 77 XA I ZRERE TR SRR
HAESE 234 TR EEAR—E, NEME LLaMA BRI BB S BN R 1 57R,
HERHTRIESHUNSEEAFE R, HHFERERBEIEETIIZ, FIHMH AR GPU 1RAME
eGSR, TR S RIZRIESY. R334 BERTRAIM AR R)

£ 2.1 LlaMA REHERIE THEKBSHRETHE"

SR B BERISKE MARREEE  F3R - 2RI IR Token £

6.7B 32 32 4096 3.0e-4 400 ;7 1.0 1L
13.0B 40 40 5120 3.0e-4 400 /1 1.0 12
32.5B 60 52 6656 1.5e-4 400 /1 1.4 Jie
65.2B 80 64 8192 1.5e-4 400 13 1.4 Ji{Z.

HuggingFace Transformer EH LLaMA @S 28 B2 RSB CAD SEERAN R AR :

class LlamaDecoderLayer (nn.Module) :
def __init__(self, config: LlamaConfig):
super () .__init__Q)
self.hidden_size = config.hidden_size
self.self_attn = LlamaAttention(config=config)
self.mlp = LlamaMLP(
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hidden_size=self.hidden_size,

intermediate_size=config.intermediate_size,

hidden_act=config.hidden_act,
)
self.input_layernorm = LlamaRMSNorm(config.hidden_size, eps=config.rms_norm_eps)
self.post_attention_layernorm = LlamaRMSNorm(config.hidden_size, eps=config.rms_norm_eps)

def forward(

self,
hidden_states: torch.Tensor,
attention_mask: Optional[torch.Tensor] = None,

position_ids: Optional[torch.LongTensor] = None,
past_key_value: Optional[Tuple[torch.Tensor]] = None,
output_attentions: Optional[bool] = False,
use_cache: Optional[bool] = False,
) -> Tuple[torch.FloatTensor, Optional[Tuple[torch.FloatTensor, torch.FloatTensor]]]:

residual = hidden_states
hidden_states = self.input_layernorm(hidden_states)

# HERAER

hidden_states, self_attn_weights, present_key_value = self.self_attn(
hidden_states=hidden_states,
attention_mask=attention_mask,
position_ids=position_ids,
past_key_value=past_key_value,
output_attentions=output_attentions,
use_cache=use_cache,

)
hidden_states = residual + hidden_states
# AEEE

residual = hidden_states

hidden_states = self.post_attention_layernorm(hidden_states)
hidden_states = self.mlp(hidden_states)

hidden_states = residual + hidden_states

outputs = (hidden_states,)

if output_attentions:
outputs += (self_attn_weights,)

if use_cache:
outputs += (present_key_value,)

return outputs

2.3.2 FEFEANFIRL

7 Transformer £5H,  BERIALHIRIIN HAIFE S AE S PAINKE R PRI R, Bt
ST RBAIFRIRENFERFHEFRERRIMRRIR, Bk, e BEEIPHIRN 28 2%,
BRI AR B RIE S AR IR EE AE, SR MEER MR, SERDERT
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HRMAFRRR, R T HRREMEUL L. RPOEOEETT % AN, thE S N EnE s A
BRI &, WFFRAMA S G R FHBE R AT Transformer HHTEE ) BHH TSRO, A9, ¥
AN LR TTE,

1. BEEE NG

IR —LEYIZRETFHY Transformer £544 - FITEE S REREHAT oA 2B, HARZ @ Z M
(Y, BT ORI BRI Query-Key A IR E RISV THH R E 24, XK 77 EBFR A% BEE S (Sparse
Attention) AL, ] DARFFRERILTT 25— 0 2 . BT B EAET A,

T ENAREEE NI EAR R E2 6, FTEASWFAEMER: (1) 2RER
71 (Global Attention) : 9 T SR AR PR BRIOC R AVRE ), FTDAMA—E2F/HT A, (2)
HORIFER S (Band Attention) : KIS EAEER T A R, PR Query REMHARAY LA st 732
H; (3) @hkiERE )1 (Dilated Attention); 5 CNN HY Dilated Conv 28{BL, 8T hn 2=k DAZR B EE
KEVEEZE; (4) FEHLIERS] (Random Attention) : JEIFENLRAE, RAIERTRIIZE; (5)
BRPLER T (Block Local Attention) : EHZ N AEBERITL (Block) RRHE R H,

[e}Ne] 0 0O0O0 N R A A A NAA a‘\ Q\\ \Q 9 O/Q\ -
W T R T
J>\bb\o\;}>\o\om (L NV /IANANANANARAAN \ RN
k k k. k k
q q i q q
(a) £BiERN (b) HRIERS (OF:75=3=va] (d) BEHLERS (e) BEBBFES

El2.6 AMETUBNHRIIBENERLRS

WA e R AV, @ RE T LR AMET A ENRETEE NG E G, B2.7%4
H 7 — S HIRIARR BRI R AL, Star-Transformer™ {# F IRIER A2 RIERNIWNAE, BIK
Kt, Star-Transformer HEE—DNRFFE S RMERE S 3 WHIRERES, EHEERDNIEE
A8 OB — MR RERER, MR S EHEAHZE, Longformer™! i A IREE
MIMNF 2R RFERETT (Internal Global-node Attention) FYZHE, EAF, Longformer ¥ L EHH
—EEHPIRIE R SRS oy A IR & 3R ), TR MIEsZ 7 RIS N & Extended
Transformer Construction (ETC) B8 Rl IR B AIIMIB 2R siil ) (External Global-node
Attention) M &, ETC MEiiE RIS —FERILHIRA G A, FRAA ELim g
% (Contrastive Predictive Coding, CPC) P71 3477ii)l1%, BigBird® KA ®RIFERE T, &



KNIESHRAEM 39

E A MAIBENLIE R RIE M EBER ), WAINEHER T Ml i 45 F1 AR 25 1 6 A AT DA
BIUEE R, XA —ERE BT, N 2MsiE R A A] DU AT RISE SRR A

k; k; k; k;

(a) Star-Transformer (b) Longformer (c) ETC (d) BigBird
B 27 BEFUESSHIEIEHERS

BT NAERRGTTE ) 2 2 RIEm NSRRI E e =), Hrh—RRE A 775215
MzaEEW (Query) BIREMLIERHE (Key)o Routing Transformer®® SR K-means BK 714,
X Query{q;} T, 1 Key{k;}_, —EHATRE, KhLmBEEEH {pw}r,, HEh Lk 2EH0D
o F Query A5 HAMEMFFE (Cluster) HY Key HATAH, AU A ERAES I TT 1A
AT T

m<—Am+(12/\)( Y@t Y k:) (223)

i:p(qi)=pu Jim(kj)=pm
Cu = A + (1= V)| 2:24)
e 123 (2.25)
Cruy

HAP | FRERE o PrRIERSE,

Reformert®! NS Ja 588U A7 (Local-Sensitive Hashing, LSH) 77728 Query 1E#
Key-Value X}, HFZEAMFH LSH BREHE Query Fl Key AT HE, KEMIXIZEIZ MEA,
RALEF—MAANE Query Hl Key 25 B IR, BRI b BMHIDEL, 98— DNAR/INN Dy, b/2]
BENLAERE R, LSH BRECE XH:

h(z) = arg max([xR; —xR)) (2.26)

SR hq; = hk; B, q; AR PAS MM Key-Value M HEAT2E L,
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2. FlashAttention

NVIDIA GPU HiJNTE (A7) 2R e 21 GPU B NERIE 2R~ RAM fZiES
b, BE T EMREE, KANALARIRS], GPU ZBAF70 N2RIMNAE (Global memory), AHIA{F
(Local memory), F£ZEHN{F (Shared memory, SRAM). FF{7asNTF (Register memory)., &= MN{F
(Constant memory), SUHNTE (Texture memory) /NKFE, E2.845H T NVIDIA GPU NFERYEE
Regitt, HP RN AN, ?V‘]f*ﬂ-rf%%l*]fﬁﬁ FEHRE . RRNFAHNTE
RSS2 (High Bandwidth Memory, HBM) . FHi+ RAM &S _E, RO NER

#HIRK. BRNTEZITESAZAAT CAVIR], A NN 8 S BTZ-A2 17 A, NVIDIA H100 HH 4
JRNEE 80GB Z3[A], HIjIAl#E BIRAT DUKE] 3.35TB/s, (HZ2UIR 2 EREALF N Ti A 22 /N7
I, HEEREAARRIK. HENFERNFESEAT GPU SH L, RHAER/D, HHEZNER
BIERI— GPU £t (Thread Block) WHIZAZA R USR], MFF 7 e R TR — M &ts
WA BETT Rl NVIDIA H100 > GPU ZFEHER N Z A0 HE3Y  (Stream Multi-processor, SM)
A DA B AR A & UF 228KB, HRHEEIRE R, e T 2R NERTREE,

< N
S !
5 1 :
( SMPETAIE) 1 : |
1 | 1
. Vo
I 7728 (Register File) 256KB : | :
|
. p
] 1t an
| | " 1
| |
: s L1 5 HEET C
| (Shared Memory) (L1 Cache) (Constant Cache) o
1 | -
| (AFHEE 256KB) (~64kB) 1-'
\ 7
D E—— L2 4877 (L2 Cache) 50MB le———>
PCle NVLink

SABFIE R (Texture & Constant Memory)
2BR7%E (Global Memory) 80GB

[ 2.8 NVIDIA GPU IR ATEEHIE

TEAZES 2.2 WA T BIEENYHINER, 1£ GPU FFEMTHERN, FHTiRERHES|
APDHRZERE S Ml P IR 2 RN, BARTTREERNT:

S=Q x K, P =_Softmax(S), O=P xV (2.27)
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R BRI R, {FEELCNERNETRBUER Q M1 K, JFRIHEIRIER S BEAER
W17, ZJEEMNERAFHIREGER S, HH Softmax 152N P, BEARRNG, ZEEH
JERE P RIRERE V, HHRSEER O, AR SIR SRR, £ ER AP, it
RREHNERE G, B R BRI 2 #1322 225 A 175 R R,

FlashAttention®') 2B FIH] GPU WEAFHRIRFIRIETE, #HX 2RAFMILEFMER 10 3E
FERARR, RATREHLERE HBM AR IRIER S NTERE /1AM, FlashAttention H bR/ /R ] RE Rt
HI SRAM SRANPRITROHEE, 85 2R A7 IR 5 ATER MR, X% H AR ZRE R E
AT ARIE L N Softmax BREY, F HJSAIEREHAREF M RITER R, bRk
Attention F7EH, Softmax HHEATHAT, BIES V MUEMSRE 2T, FTERK Q. K DI
SE BT R, FE198)] Softmax WIESIRIG, F5EMF V 73 HUHERFSR, MifE FlashAttention H,
R A FIRSER, FRAERABR BT 2R 060%, I ARS8 75 5T Softmax T8,

FE R AR S B R ORERE S, P 5 AR, Tt R
INSHIFESI KR 3 FLN 0%, B, FlashAttention BESRH T 7R (B hIRIVER 1 G IE, I8
S BT — R TR 2 R T HIHE. FlashAttention BEURIEAEIE S, P IIKE AL RN
17, TR AET A, 7RIS Softmax I3 —(LE T, 1E/R s bk R4 A b
VR, SR M4 R PR IR ) KB RERORRI IR b, T IR T 2R M
ViR, EDAERT L S8 FLOPs T, BRGE(THERE S HOT ELA S DRI, BRI
RO, ELR R RIAMBERAT AR LB I 22 2.9,

hEEE
kier [ [ T[]
QER™ ) RAER Ve R
— | - —
] : .............................. :Dq—_
3 (L ! ‘ =L 3
g O Dlgeue 1 Uig
|| E%U: ) R —
- ! D
- | R
1 1
— S : —
BHEIHBM
smE Tver [ [ [ T [T [ ]]
R

2.9 FlashAttention it&;7 2 E""
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{X75 2.1: FlashAttention Bj%
WA Q K, Ve RV LTFEB#ESF (HBM) H, GPU A HH SRAM K/l M
HH: O
B.=[3], B, =min([34],d) // #EH AN (block size)
£ HBM H#JUEL O = (0)nxg € RV*Y, 1= (0)y € RY, m = (—c0)y € RV
KR Q VIS T, = [FE1 - Qu, ..., Qr,, Qi € RP-X4
KRERE K VIR T, = [ ] BKy,....Kr, K; € RB:xd
SFHERE V Y15 T, BV LV, V; e RB:xd
BHRE O U1 T, 3 O4,...,07,, O; € RB-xd
IV T, 1y, . lr,, 1 € RPr
¥m VI T om,, ..., mr, m; e RE
forj =1to 7. do
¥ K; f1v; \HBM IR S 724 SRAM
fori =1to T, do
HHE S;; = QK e RE-xEBe
& mmy =rowmax(S;;) € R, P,j=exp(S;; — m;j) €
HE l~ij=rowsum(1-:’ij) € REB-

]RBTXBC

HHE mI* = max(m,;, m;;) € RB , l"ew =™ l emvii—mi Y im € REB-
¥ O « diag(i7ew)~!(diag(l;)e™ ™" O; + e™mi—™i " P,;;V;) H[A HBM H
¥ 1 17°v Flm; « mPev 56 HBM H
end
end
return O

PyTorch 2.0 FHELZA] PASZ £ FlashAttention, i “torch.backends.cuda.enable flash sdp()” &
FH8¢& 5% [#] FlashAttention FY{8 FH

3. ZEIWEEN

ZEWERT] (Multi Query Attention) 021 JRZSER I —MAK, HFEXFIET, £
BIREENPAFENEE S S EE—MRAENES, B0 KH MR T &S, Fit
SEFERVFEREA — 1, XKEERD T RFEHH, SHESH BT 2EREE I TERN
PURIAEEHS, [KISRLE H TR ZEMINZTH RS 2 EITEE . SR [63] RUBFREE SRR, I
PUEIE A EL NSRRI TRUERIN I 2 EE R SR, INFREZ 5% HNIRE)IZREdE &
AT DUREIRFE IR . 045 Falcon!®, SantaCoder!®S), StarCoder[66) 5 7E MR Z A RIE R T %
A IRTER I,

DA LLM Foundry i, Z&EEREISLIAHEMT:



KNIESREUEM

43

class MultiQueryAttention(nn.Module):
mr LA EREA

fEJH torch B triton LILHEE N AV A LT UEA R E

win

def

def

__init__(
self,
d_model: int,
n_heads: int,

device: Optional[str] = None,
super() .__init__(Q)

self.d_model = d_model
self.n_heads = n_heads
self.head_dim = d_model // n_heads

self.Wgkv = nn.Linear(
d_model,
d_model + 2 * self.head_dim,
device=device,

# Multi-Query Attention %

# R|& B 8 kEE, FARA 14 dmodel
# T % A NXZZAH—A head dim i HE

self.attn_fn = scaled_multihead_dot_product_attention

self.out_proj = nn.Linear(
self.d_model,
self.d_model,
device=device

)

self.out_proj._is_residual = True
forward (

self,

X,

qkv = self.Wqkv(x)

query, key, value = gkv.split(

[self.d_model, self.head_dim, self.head_dim],

dim=2
)
context, attn_weights, past_key_value
query,
key,
value,

self.n_heads,
multiquery=True,

)

# (1, 512, 960)

# query -> (1, 512, 768)
# key -> (1, 512, 96)
# value -> (1, 512, 96)

self.attn_fn(

return self.out_proj(context), attn_weights, past_key_value
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5 LLM Foundry FSEIRRY 2 Sk EEROI SR b, HIXHIAE TR Wakv J2

# Multi Head Attention

self.Wgkv = nn.Linear( # Multi-Head Attention B€|Z 7 &%
self.d_model,
3 * self.d_model, # . @Rl 3 NMEME, TR 3 * d_model
device=device

)

query, key, value = gkv.chunk( # & temsor #AE (1, 512, 768)
3:
dim=2

)

# Multi Query Attention

self.Wgkv = nn.Linear( # Multi-Query Attention Hy€|Z ¥ ik
d_model,
d_model + 2 * self.head_dim, # RAIZEWEkEE, FTRE 1x d_model
device=device, # M@EMELrFEL R L mE

)

query, key, value = gkv.split( # query -> (1, 512, 768)
[self.d_model, self.head_dim, self.head_dim], # key -> (1, 512, 96)
dim=2 # value -> (1, 512, 96)

)
—— b

2.4 LHEE

FOIZRIE SRR T ARENHP BT (Autoregressive) A GPT 24, IEH H 4w A
(Autoencoding) BERT!M, #-fi#fY (Encoder-Decoder) #5%! BARTI® DU FlA FiR =F75 740
HEHE= (Autoregressive Blank Infilling) %Y GLM (General Language Model) %81, ChatGPT
HIHER, 15 H AT LA KIE S A B S5 TAHE], SR B EEE8, BaiZer 5
GPT-2 tHFl, ERIEIT— LR, BUERE AN AL B AL EEA 75 A PR FEl, V3 — LR BN
TE BB RN T RS B — s, [RITE LLaMA B8 2 5, RZECHIEEAER TR
F1'7 RMSNorm Ml SwiGLU &, {H/ZH T LLaMA AR H AL BT 7775 RoPE HISMERE
IIAREF, HIES—S5RA T ALBI®! S RAHEFIMERE R BRI, MMEEEREA
B BN SCEREERE N,

KIESHEIINGFREMFARETERE, EPitERSENAEEE T IR R EERE
Z—, WHEENHSIBOEE RN R R ZRF R RS IEARREP A TRV
BRI %, TEIXEETIEEA -, BIRZMARESITRE, LUl FlashAttention-2U0 55, N{A[REAS TE
IAERSA T RIREENAE,  PASANAHEAR A THAE S B8 BRSOk MY Rl 2 S AR
7318,
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AREAHFTANBITTIEEREISE GPT-3 2244, i OpenAl KAfl) GPT-4 fH5: T ChatGPT H ZEM
8T, SR, GPT-4 FUMZE MBI FISERBIA AR ATE, HTERSH K B ESA S
5, MO T SRR AR M S T RIS S BRI A, T RRUSE B b ok
ARG RS, K, KRR NARZEE XA TR ES T HE NS ). BREUEL
FITEERR, GPT-4 %A T E5IRARA! (Mixture of Experts, MoE) 2244, EItH 1.8 HIZNMSEL
GPT-4 M T 16 MER, BNERINISELIN 111012, BIRETEHEREH 2 N ERTIRE, [
R 550 D HZSEH TEENHLIE, MoE ZEMTE I/ MBI Fr R S BRI RN, 58K A]
DA FH B R AR S5, SR, B8 S ARRUZERg A e R TR M, (SR TR EEH — P I,



3. KBS REIIZR2

RIE & BRIZRFRZEHOTCRI A RBEER, ISR "SR B TRE 5 B
NGREAEREENEM, B, #ubF] 2023 49 AL, EERATER TR EIE /A
fERE, R =0 TE SR IZREAR R RS BARIE S (B2, KRB EMFFN TR i A I 2R
PERRNARIE SRR A NAEARTZALRE TR B 3R —,  MILETHINTFRE, PIZREE T
TR, EREM R, BB, 1 AR BIASE, JETHREE 55 R AT REZ HYIU,
EE. XLmilA, MmE s RIE S BRI AL RE T RIIE R T,

ARER A H WHRTE S BRI EARRRIR, BT TR, FUIZREHE N RE 5 B
T AR IFHRER SR 545,

3.1 BRI

SCHR [S] 48T OpenAl YIIZ5 GPT-3 Firfifi F A9 = AR RIR, 5403138/ CommonCrawl
BRG] WebText2, Booksl, Books2 PAN #iZ Wikipedia FHHEE S, HH CommonCrawl
JRUEEAER 45TB, AT RSN T 570GB EHE, @it i e =06 _ BiRiERIEI Ty, K
L)—HAE 5000 1ZIFTT, N T RIESAEHE 2 SR aEBIEHITIIZ, £ GPT-3 JIZN, RigiE
FERIERIANE, EAFERRAENE, E5ERK 3000 {ZIRTTIZRI, 2 Wikipedia FTERRPEEII
ZEECH 3.4 IR, T CommonCrawl 1 Books 2 {XH 0.44 {XF10.43 {X, T CommonCrawl (5%
BB ER T 4, Meta ARIRIAFFR AN RTEVIZR OPTBY AR NIR A TR & RoBERTal’!,|
Pile!”? #1 PushShift.io Reddit! #HERY T, HTIXEEARE S B S48 2 SR,
(At OPT M\ CommonCrawl £(#E €& FRHHER T 5053 AF S SCEAR I AN ZRIERL

KBS B SR 7= AR R IR AR _E AT PA73 s PR A L LB AR RS, @A #E (Gen-
eral Data) BUAERITT, B4, HrlE, XIESCARZFEA RN 3961 @ R B A RUECR. 2R 54K
VR A, IR AT ASCHRERIE ST TS 5 EERNIZ(LEE 1. BB (Specialized Data) F45%
TESEEE. BlEdE., O DU U A SRR B, T8I TR POIZRIT B 5 | A B L BdE AT LA 3R
MRIESHEIUESRREES . B3 1AM T —L IR RS SR HEE RN M S, 7]
PAE B FRRIE S BAE ISR A0 B ZEREIR R, #k 2023 4 9 ANk, IRAEETZ
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INATEHRER AL AT EL B,

T5 (11B) mT5 (13B) LLaMA (65B) GPT3 (175B) MT-NLG (530B) Gopher (280B) Chinchilla (70B)
3% 0
2% 5% 16% 2 3% 4%
59 0 4%
? 26% Fo 7% 40% o
~ 62% 60% 56%
100% 100% 87% 84% :
GLaM (1200B) PaLM (540B) LaMDA (137B) Galactica (120B) ~ GPT-NeoX (20B) CodeGen (16B) AlphaCode (41B)
3% 8%
13% 8%
2% 14% 390, .. % " 30% 2%
38% 30% .
48% e 6%
10% e
30% e 50% E - .
o 86% 15% 25% 100%
Webpages Conversation Data Books & News Scientific Data Code

3.1 HABXIESEEFERRELRNS B

3.1.1 BRARE

R E BRI R S EE AR &, TEQEMI BE. S SORERR, N
RIERIR A TR H 2 AR 2R 8

WITT (Webpages) s FEHEHEE R AR —2K, BiE LIRS &, AT p,
IR, F%E, APP RIS, GE FiFRAEHE. RIE 2016 F Google ATTHIEE,
HARRG[BERF CH 7 130 H{ZMT, MITEdREMESHERNE, F51ESEAURBIRG
ZRALHTE S AR R RE D 19, TR EX g B M TN B A2 — P EZ RIS,
Rl — e 5 N AR T E24E ClueWeb094, ClueWeb12), SogouT-16[7°, CommonCrawl 7E
WETHRM s, B2, XEMRERIME S RAE S KRERRENA, mgEEER, |
WA SRR 2R AISOA, WNEERERIESE, BRI, anmid JEAn AT ) o7 DASR & B s B Tk
SRR AR B,

XIEEHE (Conversation Text) ZIGHL & NEE 22 5% 2 AIZZHHISCARNE . M iEHE
FHEEARNIE, WIRICR, BEM T HAGAHCE, Yai—Sprs iRy, XEEEE
A DU RO SR 5 B AR RE N BY, FHBERR s BAE 2 RIS S5 L RORBIM, MiE SRR
DUBIEIRER, TETE. VA MR, 1RIA, WRAFHSEME, MR T M oEdE, MisEdE
AR AAC B ST ANIRTAE, AR AR DR 2o & DLINIE R SR 0486 PushShift.io Reddit™ 77,

Ubuntu Dialogue Corpus!’®, Douban Conversation Corpus, Chromium Conversations Corpus %, [t

b, SR [79] AR H T 4{rI 68 A R & B B sh AR O T BAE Y UltraChat 7575,
HFE (Book) BARMIRMEEMAT KL —, WEREHEERIIRARE R, HFRERE
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TEEZHEOALEM, BEEFEST ZIREL, EETRIE, AR SR IR,
FIFH BEELGRHITIIG, 155 50T DA Z AT, MTIHE s O AN (R UsRT 3= 8t i 3
fRAES) . MRRTHMIERE, PENRREZN, EERWE KA PHIENEERE, B
AL TR RIS, (HSIE S BRI A S8 B RS2 BB R, 1206 TR PR g f)
RGN, BHEXRMIE OETIEIREEE, PR TSSO, BRI, Rl
fE. PisEIdsRESE, B A BELRIZRIESHEA, v DR SRR RIS /E XS R 2RI
FR, IRERIBESHEAERMSIARER ERE T, BTIRINAER, HRBFESIEE SR, IE
HIFFIRARIE 5 BRI 508 R A Pile RS0 HE2 449 Books3 1 Bookcorpus2 #i#E 5,

3.1.2 TR

TNV BHRAE I FRTE 5 B AR AT o L BIRE R IR, (BB T B T SO R TE &5 B N
E£55 ERRPEREN BB IER EENEM. T EBIRHARE ZRIME, STk [18] B&5 7 HATRIES
BARE R =KL EEE, URZESEIRE. RSO AR,

ZiESEHdE (Multilingual Text) Xf T3 KIE S BANE SERGMA S IESREN A EXE
BHIEM. HRTHIRIE S BIUIZRER TR EBFRIES TSR Z SN, BHEIEERE ZIESIERVE,
{54, BLOOMB3 WIFIIZRIERIHELE 46 FES, 1M PaLM!' RUIIZRIERIFP R R EIA 122 FiE
FEE. AT, B2 ESRAIZE, WIZEATT] D —ERE L Ha %
B ZBIRTE SORHKEY, [Kitk, ZiESEIRREIZE, FTLIERERTIRR. ZIESHENZIES
FIEEESRES ). KA, HTARIES AN FE R ATRREBERE AR, 215 5 BRIE T LA R
BN BAER ZAEERI AR FE M.

FBIESCAR (Scientific Text) LEREAL, 1830, BRI MBS B IR, X EEHRN THRA-K
A S BREPE AR 2 RNR 77 T B A DY, REASOREERRR IR T 2 AR arXiv 18BY,
PubMed I #bt, RAFIZAM TR, HTREAGURY Mok 2 L H BRI XS 2%, &
WIETEN AN 2K, EHPUFHIERARERNFT SARCTIUCEL, flan, A3NA] DUER
LaTeX IBEMAITIRR, LEg5Mn] DAER SMILES (Simplified Molecular Input Line Entry System)
TR, EABUFHIAT DA B R e = R, IXAEA] LR RIS R B e v gt —HY
B, 1515 S BAE A AR AT Bk SOR B,

R85 (Code) #ia @A THE L UL S5 T A I ZREHE, BILAIRFFEA] ChatGPT HUZE R
B, JERAAERBAME ETIOIZE, KRIESHA DUERER A AR E- 41, A EdE A
NEERFRIEAY, CHERENTRER. 5ARES SR, R8s AA —LEEN
DXl AIEE RS ALIE S, BN BB KA R SR TIZ 4R 5], RALRTIEIREEA, Ky
FIREE R Zm AR E AN HS AN RE B R EAIEH . A EERN EZRIFR MR R AL (4
Stack Exchangel8®:871) FIAFLER MG (W GitHub?% 83881, JifRa Ett X R EHR e S T LS
TRHAY R, HATTF A R RS DUSAH AR R B, IR R T 8 F RS E S S iy
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RS AR eFEFRERENE S 7 RERDTRAM, M 7SR ERIE S, X
LR PR AR Z ST T PR B ACRD IR BT A SERRAGE IR, BRIt BA —E B R T St

3.2 BUEAIE

RIE S BRI R, Bm s TR IR R, IR IR 245 2 s
JG, TENBYEEITOE, RPRMURERE, EERE. FEFERE. DARRBFEREN VL, MR
BARACFEIRAE3 2R, TRESRELIE, TURAR, BRAHER, FUetlnF LN P&, K
TR RN,

+ IBSEIE - AFR5 - [SRABEEARI « FiEhETit
- IStRIE * HREI - PSRABUEIRRR * FINIGRED
. FRTEESIE . BRSS! + WordPiece
KR
I oo TTTET T EE T E T .
| Alice is writing a paper about 1 | Alice is writing a paper about 1 1 Th al y b 1 | newest> n/e/w/es/t
I LLMs. #84& Alice is writing a | | LLMs. Alico—is—weiti ! 1 The social security number I low > lo/w
| paper about LLMs. E | paperaboutiiMe: ' | of Alice is {ABZHEEZE- E | wid > wiid
! ! !

____________________________________________________________________________________

El 32 HEXESREESERREZE"

3.2.1 REUIIR

HERW_ERBHERE S ZEATT, TLiBE OpenAl BLABI45 N Andrej Karpathy TEf{#X Build 2023
AR S, 2 YR — LRk, YISREERI BT RN T RIE S BARCR B R H 2 A5,
DRI, - Qnfer MALACER S AR N BRI BT R BRSOy RIE S AL IZR RV ZP 3R, KIBS A
SR AT R PR BRI U8 77 I5PT ARSI A . BT K77 I E T 8 & 77 %,

BT K280 77 72 EAR 2 GRS B AW A ) I 1R B 1 id BRI P = B8R GPT-
31461 PALMI DKz GLamP% A5 RUAE I ZREHRADIE INER (S0 FH 1 25 T 53 28881075185, STk [90] SR A
TETRHES A 572888 (Feature Hash Based Linear Classifier), 7] PAAEHE SR 52 5 SCAS i
AW, P REMEH AR SOR (GEERERL, PRk M) HATIIZR, HingK
SUNZREHRSAA W D145 TE 5 = o1 8 AR AN 732588 7T ATAG W DT N A i &, 1ESERRI A,
AT DA Pareto 43700 W DURETRAE, MRIBHAGMIERSEREIE, MNMEE &1EMETE
BE. H2, —EmRt g, BT 0K AT RESMBRE S 77 583 HERN & FESCR, M
TR 2R — 2 Y Z AR 90,

BT R A A 77 EE N — 4R OB T RO ERIEBRIR B R XA, BLOOME3! #1 Gopher!®”!
KA TETRERNT % X E AN 3= 204
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< EFEIE: WRDKIEFEIOOE I TUE S, IR0 RT DURIE I i 2
FREMIE = HISOR,

o fEbRILEE: AR PENTEAR AT DO IR SR, Bilan, o] DAEAIIE S BN T 4570 SXARRY
WK (Perplexity) HHTIHE, FIAIZER] DUL 3SR E AR AT,

« GUHHRHIEILEE : $EASOR A AT DAL RAAEAR AF 5 2041, 7755 HE (Symbol-to-Word Ratio).
AIFREFEENNGIHRAE, FIAXERED IR R EURE,

o REAITIE: AREREERCBERER, AT DORBIRIERSCA S s e TR, B4, HTML
PR, T EEE DU BRI TS,

FERTE S BRI AT, £ B RES AHIURC LI R TIRZXEREHIET (Text Quality Eval-
uation) FHRHFSE, EEMHTHRGE, HREA, WERG, | S5 HF DURAESOE 2 FES5H.
ERZMEERGT, SRNANERERVIA P ARNNEZERER —, Fit, —ATRZ T
HRE XS AN A (User-Generated Content, UGC) FREIMEATHIMT, HEEIT3 2 X E R
BHWTTURA)—DEEFESS, B 1998 F3CHR [91] $2H 761 VU770 RERHEAT 1S 73 1
PAK, ET SVMP2, CNN-RNN3L, BERTO* 91 275 AR ESOF 0 BIA AR H, FFEUS T8
KAV, JXEET5 IR AT AR TR 5 B | SR E8dd g, (HR2 i TR s 8 I8
R, FEX TR AW R R A ERAER &, Rl — S TR A S DU T ZRA 75 1%
A N TR BE .

3.2.2 EER

SCHR [96] 15 RIE S EAIIZRIEREPRESEEE, SFNES BRI, FFrTaE TR
MERIREATEE, MITFZENERIVERE, Kit, F52d il ghiERh e R TAARE, RIRHEARY
TLRER e XATTERAKM (Text Duplicate Detection) AR A ABEERN, & HRIESCHAEE
wRPHER TS 2 —, HERSEIMARAE FNXARES, fEaF. BSOS ERF
Gl TURERWRBIEENFARE LT RRESNE, WifaF, SR REFRENESR,

FEAI T L, Sk [97] f6H, & B R SR s B A A IR AT REIGE OB S 2B 5 I NEE /Y
B IR SRR 27 A AR T E RN, S BRREIIN A 2 3 AZE S8 (Repetition
Loops) o 4N, {#F GPT-2 #%! X FLER LR “In a shocking finding, scientist discov-
ered a herd of unicorns living in a remote, previously unexplored valley, in the Andes Mountains. Even
more surprising to the researchers was the fact that the unicorns spoke perfect English.” o 4158 F 5
2% (Beam Search) , fEIRE b = 32 I, BABS™AWNHH, A THEESMHIAMIK, “The
study, published in the Proceedings of the National Academy of Sciences of the United States of America
(PNAS), was conducted by researchers from the Universidad Nacional Auténoma de México (UNAM)
and the Universidad Nacional Autonoma de México (UNAM/Universidad Nacional Autonoma de Méxi-

co/Universidad Nacional Auténoma de México/Universidad Nacional Auténoma de México/Universidad
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Nacional Auténoma de ...” o HEI?EE@E%%?%%@@Q%E&E@Yiﬁ%ﬁ#ﬁk%%”@, At e
PIZRIERhFRZEMBRIX 2 6 & K B B iR s EIER A1

RefinedWebl* #i&E I B2 AT 1 A)F Ol 08, (EF 7Sk 98] AT iR 877 1%, 12
B i SRk (Al — @ KRR R B, BEM NS o f1 z;, HPEERKERN kAT
FER ot = g bR Y > 50 I, B A — AT EIEIE, AT ER TR SR A0 K
FETAFERUCHED, SCHR [64] KA SO D #Hetioy — N RKIFRERFI S, ZJatiErsl S i
ZEH (Suffix Array) Ao ZEAHABESTEIXFIIHIE ESdEF IR FHEPINYIER, BARTNE,
JEBEEH A B— DA, HP BN TRER S HH—NMERIEGAE, A PR TERRE
S 7 HES, F1an, FF5 “banana” [UfEZ%ELHE “banana”, “anana”, “nana”, “ana”, “na”
M “a”, MMAESEH A [6,4,2,1,5,3], RIEEEH A, FIPURA G MR EMHFR T8, a0
B S e = Sjiises BB i Bl AERER A Fh— (e EADIRIE b, SCHR [98] FREEH T IE(TM0
JESEEHNETTIE, X Wiki-40B JIZRIER (A5 4GB SUARNR), ERHE 96 # CPU PAK
768GB WTEHIARSS %, FIDATE 2.3 70EP NSt i, N TEE 350GB SXUAR) C4 BdER &, UFF
2212 /NN AT DAZE RS SR B A

TESCRIE b, KER 7 KIE & BT RAREE SO (AR TR (51140 n-gram EEE L
) HEATRG I R 2R 4 S AR(33 37, 64,981 LLaMADP7) SR CCNet!”! AR, 1 Sef SRk 7
NEE, FHEMMA RO NG 2R, RO SARF, DAUIMERETA Unicode RS
MRS S KA F D EREHITIEAAI, A5, BN SHA-1 7TENF N BIEHTE M wY
(Hash Code), F{HFRT 64 (M EF1ENHE, o, FIHEMERENHITEEHIK, RefinedWeblt4
BHARRRREIE PR, R, DU, TEENE, (OB EEANE, EE L, 1R
SASGGHIHATILIE, SRS SCHR [89] MUY TTI%, I n-gram SR ERETEA T B LA
FERUREOLRE . GnSREE AR WS RE R EIE, Wi ke B S B 8O,

ItAh, BIEEZEE W ATREAE —ERERNES SN, R RKESHEAEIZRESEH2E
% GitHub, Wikipedia, C4 S8R, BRERINERZE, WIZERHIBEATIER, MiiE
FREHE TS RAIE . TESERRP A TIZREHERN, FTEMNEIRE. S AR A F =R R R E
B, XN TEEE S BRI g A EZE RS 100,

3.2.3 FRFAERR

FH T4 K 2 B )| R BN I T ELER IO, EAT A ml e fe it 0 35 98 M BURR B A\ 15 2. (Personally
Identifiable Information, PII) FYFHFZERANZ, IXA]HESHE hRsRA T &R A XU 01, i &3 37,
i ARIZE1A “East Stroudsburg Stroudsburg”, 18 5 BIAUAEILEA Fb e T 8%, BIREHIE, B
IESH, (EESHLACERRIE, IXE(E BRI ZRERP 2S5, K, EEE
RN ZRIERZE R IR B2 5 A B S BRI

TR R FARRE B AR Y 7T 2 R B T HUNIBY SR,  BigScience ROOTS Corpus!!0?! #7112
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Prefix
East Stroudsburg Stroudsburg... ]

Y

Memorized text

Corporation Seabank Centre
Marine Parade Southport

Peter

.com

n g g |
Fax: +Jll 7 5 olllo

3.3 MKIBSREFPIRERFABURMEI Y

FHRUZER A 7T a2 SRV, MR A SR RIARE I 44, HOAERT RIS S A% S5
NEENBEFHHATMEREE BB, %77 EM T 2T Transformer AURAY, FFE5 SHLESBIRIR,
A DUCEREEIT 100 MBS RISOR, HERHEARIRRAEE, ZEIEPERKAE muliwai FFEH,

3.2.4 FTt s

LSRN H ARG S AC @ H DL IR Dy B AR BB T, AR il SE iR E TR R V, TSRS
PN, IXEEIRIZFR AR H R FRIA R AR AV IR, (R, TEER A, S B LEIRR P HIAR
BRSA], BRITETE N HAE SO B R, HBESS TIX LE 5k Z K17 (Out-of-Vocabulary, OOV) — PNEKIA
(38 FH 2R o TEIRIE S ST R R S TSE R R SR I — D ERIAR “[UNK]” (unknown)
FRIR, ForAHIE, HENZRRE RS’ [UNK] AR VEATRZR R —E 0 —E 2k, @it
FIAFELEHE AR BE#T [UNK] MRS 5 TR, X T2 ARE %A, #BEH [UNK] K
A RA/E X IR R R AR, A, HT EE TRR AR R R AN RR DA IR S R, 4
TERA/IN/ NG, RE IR LB, RN ERE, T M TR ZR A/ N RN, R ERA A R
TEIRRA, WX EEIR A EIRMER BT S, BT, AR B R s 4 K505 1Y
FNTA], RO RI RO R R R B A )

T G ARG SR A A, — 28 TR sa A N IR 1S BAIE TR R Al & — M E AR
BN NELTFRRANZR, B PR AR A S RIRGFE D RIANRR, AR EIER R
AR, PRI, HRrEAAR, AR TS D ER, ETFRRRNTTEREE S5
FERRBIR, N T 7805 S X R TRE, AR A GITHRH T #3851k (Subword Tokenization)
Ji1%, EGM LSO B REFIA N, FTR RSP — MATTia R, HAPBEFEEe R
AR, WAFEERW “C” , “re” , “ing” FHRIEFMEER, FRNFE (Subword) o IAITTIRINAE
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AR P M E - DNERKARERR, S IEERER, N TEARIETFY], ETRs
PR AN AR A TARANRIATC, Flan, ¥ 58iE “reborn” #7530 “re” 1 “born” . HIAUBHS
BEWBNMATHRR, FMAERHBCOVETTR T, 2 NSRS E T — s e 58RI ZH Y
FORIN, AT DURER R YT BN IR TR R S O R R R, (At TATTR A RS A A g ok
HRE S RS RESKIAR A, 185594 (Tokenization) HARERFFE A A7 H A H A 7T
(Token) JFAIMNIERE, TRITTYI 2 EdE AL B =R E R — 2,

FANYEY (Byte Pair Encoding, BPE) 5101031 2 —fhd DAY iRl iAoy, % FrR A
(IR 2R 0 73 e i DA S0 AR s BN 1), TEMEFE A, MA@ A &AL T BPE ldsRH,
LIRS R GBS TS TE BPE TRZRAIVIATT, I AR E R AR B SRR L f], BPE
BRBAEMANE: (D) RUCAREE; (2) 2RV NIERTT AR E I N 2IEN 775, 1t
HIS R E 3 4P 7R,

B, WEERERRIRIARAEN, RN RIRYID NEDNERNFY, RS
RIGIMTTE “<w>" fENRIRAZRIFRIN tRansia “low” #UI7 0FF “1uouwu</w>" B
P15y MR AT B2, BN IRE T =TT, 2, HERENFI R HIRAELR
FADN AR, G MES TN B, AR BUR R SN, FEEN
FEETTIMAGARR, H 2RI TN &R —2, WE34FTR, fEE %
K, HIR R SN TNE (e,9), B “es” ENTATTMAIAR, FHIE2E8FFIHAELET (e,9)
FHREFHN es T, BEIX S, HZ BPE AICIARNANAEFEEITIRE, sikEr &
TR TR A1k,

EIRITIARME 2 G, N AR R ARERR P2 7Y, BPE BIEARHH
T MK BRI A TR, S — MR 7T S §51 520 a2 IR s R 524 Y153 iR TR 77
HATUCHC, R HY) 3 ZImATARERE 2 FH. B0, AT “lowest</w>", E5EIBISILAC
TG “est<w>” HEHYIDA “low” , “est<iw>" WIFFI, FIEIICEIAIT “low”, Wi HHREY]
FEEFRN “low” , “est<iw>" BIFA, JEITIXFERTIEFE, BPE RER 5 - IR ) 73 B ELENH
AT,

ERPIRTTRRE, N TUMSRINIETTEY, NEBNMEATERRITRR, WRIATERT
Hll, FHBIARESIAETT, RAIAREIAE BPE WRPAIATT, WERBHRIAREFIARLCA T, JvHER
THREINFRR, REIREMARNFETRRF,

AN, F 19 (Byte-level) BPE JEI I F TN GIFINEAR S, FHRKEZIESIERE (B
WELETE ASCI FRFRIXA) KRR, GPT-2. BART Al LLaMA 25 KE S HAVERSR A 7 X Af
AT JREE LLaMA BIIRIFRAK/NE 32K, I B EEREFSOEITIIL, ik, RBNFEEE
EEHMITERRY, FEFIRIFEMANTSCFER, H2 18 3 1 Byte Token A REPFRL—1
TEREHIIN F o

MTHHTF A RERRIESERE Bt pyth2inmFal, N TRGmE, RIELs
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oo TT Tt Tt T T T T T s T TS 1
1 1
BPEZ>] | WEFSEHE :
1 1
1 1
CES %ﬁ? 2 ﬁ%ﬁ?ﬁ | aars
I/o/w 6 es e,s 1 LA 1
Vowferr 2 | SH=FA | (s 9 | mams : ( )?” .
n/e/w/e/s/t 6 - (o) ~ &5 es;t I
wifdjessit 3 | HRER o) 8| B¥es) i !
| (o) (lo,w) 1
1 1
: (n,e) (ne,w) :
1 1
1 i 1
SRBE (e s AT : rewss) - (w |
: (wi,d) :
I}E% WG?T\ —5E R FP%E‘S?’F%E ! !
o/w 9 5 i
I/o/w/e/r 2 it N ((essg) 9 maEd (ee;t) : (i) s (i) :
n/e/w/es/t 6 b i 8 N ! !
wi/dfest 3 | IR (g’,f,’v)) g | BFEsH ! (lower,e) i
! !
BRI S A HEA |
1
1

AN RE AR MRS

3.4 BPE ERiRTIARAT BT

T </w> W B E SN BRI, SIFEENIRTT, Kt Ea S RS, (FhRER
4R,

WordPiecel!™ t 2 —fhH WHVRTT O R, BVINHTIESERAS. e, HEEHY
BERT 4531251, WordPiece 5 BPE HAEH LI EAR, A 2@kt &I EsmiEsT, B1E
BHHNERSRE ERSE R, A THITEH, WordPiece FR R B LG —MESHEAL, HHZKIES
RN A AT RERVIRITT N AT I 0. TERIRG IR, RS ISR B CIANE 2R 4 i i 2 Y 1R T
o HT Google I H & A H WordPiece BIERE 77 5L, HuggingFace fEHTELR NLP 212
7 — R EAERRE BT — NETON B ARSE I ZRIE R H RN R TR R B -8R
PLEATE BRI BRI, R A T ATR:

TRITTA IR AR
B MATTHIUIR « 5 AMA TR

SCore =

3.1)

Unigram 877041051 2 55 Sh—Fh B FH - K18 S BRBURY IR T 4 7715, TS #l mBART K H 1% 77

A IRIATC AT A%, AT BPE Fl WordPiece, Unigram Ial7C 04T M— M@ KBTI REIRD TR S
G, AREIERHMN Y TFIR P IERIA T, BEREIWHEARIRCR KN 1R, BT IIZREFH) Unigram
EEEA MY RN RP BRI, IZRERE SRR IR E BRI,
TG —ICiES (Unigram) B8 KA T E KL (Expectation-Maximization, EM) HLi%:
OEARH, EERIEHIE SRR Y AT R R AT 2 X, AEERE I —ICiE S ool



KIESREFNIGEE 55

RPAERE S, EXMEfEd, MASHXIEDR Q4ER A RedotiaIsEiEs
FEA YN B TR A B 0 A 7T 2K

PA HuggingFace NLP IRFEH /431 Byte Pair Encoding fXAS A, /44 BPE 77 1ARIA AN
A, REESEEGN RFR:

from transformers import AutoTokenizer
from collections import defaultdict

corpus = [
"This is the Hugging Face Course.",
"This chapter is about tokenization.",
"This section shows several tokenizer algorithms."
"Hopefully, you will be able to understand how they are trained and generate tokens."

]
# )7 GPT-2 tokenizer ¥ N4 K ¥ :

tokenizer = AutoTokenizer.from_pretrained("gpt2")
word_freqs = defaultdict(int)

for text in corpus:
words_with_offsets = tokenizer.backend_tokenizer.pre_tokenizer.pre_tokenize_str(text)
new_words = [word for word, offset in words_with_offsets]
for word in new_words:
word_fregs[word] += 1

# VTS EA R S, X B AR R TR A
alphabet = []

for word in word_fregs.keys():
for letter in word:
if letter not in alphabet:
alphabet.append(letter)
alphabet.sort ()

# WAEEk Token ZEF M FFk, GPT-2 H{UH — % Token  “</endoftext/>''Fm X ALK
vocab = ["<|endoftext|>"] + alphabet.copy ()

WA AA T

p11ts = {word. [c for ¢ in word] for word in word_freqs.keys()}

#compute_pair_freqs & H AT 7 F Br A U B R E
def compute_pair_freqs(splits):
pair_freqs = defaultdict(int)
for word, freq in word_fregs.items():
split = splits[word]
if len(split) ==
continue
for i in range(len(split) - 1):
pair = (splitl[il, split[i + 11)
pair_fregs[pair] += freq
return pair_freqgs
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il

#merge_pair EHH T4 A TN
def merge_pair(a, b, splits):
for word in word_fregs:
split = splits[word]
if len(split) ==
continue

i=0
while i < len(split) - 1:
if split[i] == a and split[i + 1] ==
split = split[:i] + [a + b] + split[i + 2 :]
else:
i+=1
splits[word] = split
return splits

# ZRING, BREBBESREATTHATEI, EEFRANAEZEEARALE:
vocab_size = 50

while len(vocab) < vocab_size:
pair_freqs = compute_pair_freqs(splits)
best_pair = ""
max_freq = None
for pair, freq in pair_fregs.items():
if max_freq is None or max_freq < freq:
best_pair = pair
max_freq = freq
splits = merge_pair(*best_pair, splits)
merges [best_pair] = best_pair[0] + best_pair[i]
vocab.append(best_pair[0] + best_pair[i])

# Y4 ERK G, tokenize B JFT 4 & X AMATH LI 2
def tokenize(text):
pre_tokenize_result = tokenizer._tokenizer.pre_tokenizer.pre_tokenize_str(text)
pre_tokenized_text = [word for word, offset in pre_tokenize_result]
splits = [[1 for 1 in word] for word in pre_tokenized_text]
for pair, merge in merges.items():
for idx, split in enumerate(splits):
i=0
while i < len(split) - 1:
if split[i] == pair[0] and split[i + 1] == pair[1]:
split = split[:i] + [merge]l + split[i + 2 :]
else:
i+=1
splits[idx] = split

return sum(splits, [J])

tokenize("This is not a token.")

Huggingface ¥ transformer 2R CLAEE R TR Z 53 1A 8%, AILAEFEEH, Flan, FIH BERT 43¢
TAISRIS M “1 have a new GPU!” BYIRIJCACHEAN RAfR:
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>>> from transformers import BertTokenizer
>>> tokenizer = BertTokenizer.from_pretrained("bert-base-uncased")
>>> tokenizer.tokenize("I have a new GPU!")
[Ilill “haVe" IIaH llnewn s "gp” H##ull " | ll]

3.3 BREF MM

BT RIES AR ZE R AR, WA DR RE S EARIIZ, T2
RBYENKIE S HERFR IR T R RELREE T ART. EHit, ElGRESHEYE
AT, A —MERFE D RITNZRERIE N EE, AT, KNSR, B e DU EE 2 A
PE =77 o A et KB SRR PERERTRI, TR 2RI IIRE, Bub A SRR, M
TAETACSEIRATRTE SR BTSRRI RATRR &, IRZE5IEZAE 100 ZHE2 10 /AR
AOTE SR EIEATAUSES, HEEIRIF RSB S SR AN KB S BRI, RS, —2E0A
TR THREN B, FREHE—DRIE, FHESAIEETHIHIWT,

3.3.1 #IENIERZ M

BEE KR S A S B RIIE N, 76 R0 )| ZRisi i 35 BRI e i £ = 1 = S BEDT 100,
TESZHR [106] EFATRBIS B, IIZREEE & DA ST B 5BRNCR 2 SRR 2 /i, KH
P RIE S RN ZR TR I EHE AR T LLaMA SRR S R RE DR 2 323145
H T RIS BRI 2R R R X b, 7 Chinchilla SRR H 2§, KERDHIKIE S HAIE/E % B
PRFHEII I SEE, (BR P I ZREREE AT AE 3000 {ZIATT/ES, LAMDA B2 Fr{dE F Al
RIBRIEEE A 1680 12, ER Chinchilla IS EE (A LAMDA B — K/ HZIZ:
TERHIRTCEERNIAE] T 1.4 JT{ZIAIT, /2 LaMDA BEIIIZRIERIN 8 £52,

x31 RESHESUIFEHBENLE

RRAL R SR IR R

LaMDA[! 1370 12 1680 12
GPT-31 1750 12 3000 12
Jurassic 177 1780 12 3000 12
Gopher [ 2800 12 3000 12
MT-NLG 530B %1 5300 12 2700 12
Chinchilla!%®! 700 12 14000 12
Falcon® 400 12 10000 12
LLaMAB”! 63012 14000 12

LLaMA-2l!%] 700 12 20000 12
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DeepMind HIBFFT A GALESCHR [106] Hga T Al Tiat YIRS £ R 7000 52 160 12, IIZk
THTCEE M 5 128 5000 {ZAERT 400 2 ME S BB TS S0 R, TR A B, AR BRI 2R
IKEH B (Compute-optimal), B A/INIYIZRIATCECR N %S5 LG4, BB/ NnfE )
WERIATCEEAIIZINGS . N T RIEZ SR, 1A S Gopher 15 & AL ZRHE R TR B
IR, HR4E LIRS HIN T Chinchilla IS AN RN SHE S FICHEA S, BAME Chinchilla
EE BN 700 (2280, FHT 1.4 FCRTTHITIIZ, @58 &M, Chinchilla fE1RZ RiFIF
{HESSHER . E LT Gopher (280B). GPT-3 (175B). Jurassic-1 (178B) PAK Megatron-Turing
NLG (530B),

B3 555 H TERFHERBIS, LS EENZME . HAT o MARRIIIIZSE
BIRE, EHAANFEFATTEENNIZRER, ISR NISERSEE, #RRZNFMFRTERER
BOREWUE Hbre X TR IUE HAR, EIHRZEMZH] 7P ERIZGRA S S 8 E 2 HIY
Kiko NEEIFRIDES, GUREFERZRRE, XEWEX TATNFITERER, 71
—MNRERSHEMNIGRERELE, MAXENNGRRRANNE, ] DA E AR
TR RIS R R NI ZRIA TR, A3 SHR ARG MRS, B Hhar sk n 8 Gopher
gRiH BRI R R ERR SRR GLIRRTTEE, A AR (Power Law) X IHH
BRI, SRR HER NIRRT Z RIFRR TR, ¢ REHER, Ny
TR RS R, Doy i MZRATTER, MITZRIFRATFE—TFRAR:

0.49
Nopt x C (32)
0.51
Dopt  C (3.3)
10T
32 T
14T
3.0 1T
| | 1008 435
" | AL
0 2.8 6el8 J 4
3 1e19 e soo i g » 1008 e
= A . @ 10B ~ S &°
o6 @ 3el9 £ P < @
z N 4 I ;
£ —e 6el9 . > 2 %® = 108 o
= —e— 1e20 S % 1B (3 L
2.4 )
o 3e20 ° P
e 6e20 J Pd B -
22 - 1e21 100M ;
—o— 3e21 ’
2.0 100M
100M 300M 1B 3B 6B 308 10%7 1010 1021 102 1025 710V 10%° 102 102 1025
Parameters FLOPs FLOPs

B35 ZERAFSIHHEEAT, ISREHSRENTHER

LLaMAB7 BPIFEIZRIN R T 52K [106] HAFRIIZRIRMG, BF5E AT, 70 (CSEANE S
RITEIZREEIE 1 T MNMFATE (1T Tokens) J&, PEREITEFRFSHE K. [AlI, Meta HRFFE A SATE LLaMA
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2009 R e PR T ZREE R, YIGREIRRIRE T 2 F{ZIFTT, SXHk [106] 6H1 T
NRISEESTITEYIZREAN, BEE I SREHE ARG, AR R BRI IR S5 LR E A
W, WE3.6fR, R AR AIFE TriviaQA, HellaSwag, NaturalQuestions, SIQA, WinoGrande
DA PIQA % 6 MRS LitkT TN, FTLAER, BEEIIGEIRENTETEA, BALESEMW
FAESH 6 MRS FRIMERERRTER iR . 18I B8 22 RO ERAE AT BB KA I ZRINT [, e/ N AR
AU AT DASCER RAFHIPERE,

TriviaQA HellaSwag NaturalQuestions

30
& 25 4
e
3 20 4
g
< 15 A

T T T T T 50 T T T T T T T T T T
0 250 500 750 1000 1250 1500 0 250 500 750 1000 1250 1500 0 250 500 750 1000 1250 1500

SIQA WinoGrande PIQA

= LLaMA 7B
LLaMA 13B
— LLaMA 33B
= LaMA 65B
=== Chinchilla

Accuracy

T T T T T 50 T T T T T 65.0 T T T T T
0 250 500 750 1000 1250 1500 0 250 500 750 1000 1250 1500 0 250 500 750 1000 1250 1500

Billion of tokens Billion of tokens Billion of tokens

3.6 LLaMA 2B % HAE R S BRI TS EREETE

SCHK [110] XA RS B PR TE S BRI SRR T 7901, 02848 % (Classifier
Probing). {5EIEIAE (Info-theoretic Probing). JCHAEAHXT A[#E5Z 1 H|Wr (Unsupervised Relative
Acceptability Judgment) PANI T BRIE S FRARESSHIMIE (Fine-tuning on NLU Tasks) ZFPY2E
1%, ETARERTIZGREIER RoBERTa BHITE FIRRNFEIZRAUESS FIRCREET 788050
UERI3 T, 3 BIERNFIZR T 1M, 10M, 100M F1 1B MERIAJH] RoBERTa AT T HE 1 7347,
RN, BRIHFREZ) 10M 2] 100M DERIRIIIZR, SEATCAR] SEMARIS I IS )URHIE, B2
T 2 EE R I ZRA REIR IR R W AR AR AT H R RE,  JFAE U il B ARG S AT S5 R
BUSHETFHIZER,
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3.3.2 HiEHRERMW

B BRI E SO 2 RN RIE S EAIZRBCRI R R . —, S KEEENRAEE
FEEEFBONFRSETRE, ERAERYIZRA O 1, B BRI ZREEE B9 A E I ]
EERERAFERIBABIEEE RERNR, HAESEREREAFAR RGBS 6. 98. 1121
1E%12023 4 9 A RBFFERSH THEIFERS R, BNESBESEL BTN & R EdE E)IZREdE T
DATS 31 B m I MR RE

SCHR [89] /148 T Gopher 15 & BRUTEIZRIN B0 SR BT 2 #EATHIAE G L 50, anEI3. 7R, BA
140 {CSEHIBBITE OpenWebText, C4 PAKAFIIRAH] MassiveWeb (388 I ZR15 2 AIEEIRK
X, AT AR T A A RG2S 2N BRILE Wikitext103 BRI, Curation Corpus
% DL LAMBADA BEES BT S IRFI = M ESS LR, B Y SR A RS LR
Mok, BUEBIRRRVERERYF, MEERATLAES], RS IEMEEGH MassiveWeb £zl
ISR AYIE S AAE = MESS BBt T RS BRI 2R 5 2N Y, (i 28 b R
Massive Web AR VIZRS RN H1E S BAALE TS5 F IR T8 OpenWebText F1 C4 %44
BINFERIEER,

Wikitext103 Curation Corpus Lambada

3.35
3.30
3.25
3.20
3.15

GLaMDPO 5 SR, [RREH N IZREE SR AR HEAT T 0. 0 RIS
HE 17 (BRI, N T DRSS IERERAT T 0 th. (EHMEEESE, i Eaas
PR B ANZEI Jog B 7 2 f ) BRI 2R 15 BRI T TR B, SRge 4 SRANIE3.8F 7R, AIDAE ],
e v DU BRI RO BUAE B JRTE & 4 AR B JR1E 5 BT 55 LRIIBEST, K2, miPiEsk
XS B ARTE S A UESS ERIRENR T B RE S AR TS5, IXATREZ RN BAE S LRSS EH T
BAREREMIES, IETIZIERVEN T1E SR A KRR I B R EE, SR [90] ABFFE5E
VAT WO ZRER Y PR AE NS5 B PR RE R S A

Google Research YRR N BN BB RN R, XA E. BAESEFEEITRT RSN
WIS, R EA RN, 20 B R DU U A EE, WIZRT 28 1 15 (S B EY
AMENESEA, IRERRY, TGS HEAIZRERAIN R, NI I877 75 DA EHR TR T s

I OpenWebText

m Cc4

2.65 MassiveWeb Unfiltered
BN+ Quality Filter
B -+ Exact Deduplication

i i

I 1

1 1

I I

1 | 2.7
: 2.60 :

1 | 2.6 Il -+ Fuzzy Deduplication
I 2.55 I

1 1

I 1

| 2.50 1 2.5

B 3.7 Gopher ESEEUERAREBIRRE AR AT

2.70 2.8

Loss
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'Iiherﬁd‘)
il " few-sho
/.(ielw?;ﬁon % @ fikered
45 / (one-shot)
) filtered 4 filtered

g Yone-shot 58 / (zero-shot)

/ unfiltered
=0 (few-shot)

. 57 unfiltered
filtered ®
/ N }fo",,'eﬁﬁit, 3!% / l(l'::llltse:gg
filtered ~ (zero-shot)
(zero-shot) 56 0 e Q=0 niltered
{one-shot)
unfiltered 55
(zero-shot)
25 54l °
200 400 600 800 200 400 600 800
IIgFiETeEs < 10° YIgRTE x 10°
(a) BRAIESEMES (b) BAESERES

El 3.8 GlaM iIBEREEAREHIEREIHRRI )

BT A BE,

BN BRI RN TARARBOR A AR, A7 AN GUTIE C4 TERMERY 2013, 2016, 2019 F
2022 FEAREMA B TN EEITESHEE, T8 MrA, M Common Crawl EE FMIER T
B 2 S5 TCEU P 2088, (R HTIE. Twitter FURM AU B 1T 55 SR & i R85 17 R 2
XSS IR RN SR I L FE X 77, 2 BE R MR R EdE S ERaRa, ARG
TEFRB MR MNAER BT, BE3.9%5H TEAH 4 DN AFEIRRAS R 56 F )| 2R15 2 AR
£ 5 DMAFEESS ERTEMIZE SR, $OEFi (Heatmap Colors) RIS —FHEATIH—L1F5], ME
R DAE R, YISREHREFIIMNE AR I [ 5E AL SAE— BRI F g iR SR,

PubCLS NewSum TwiERC

o o " o N e
@
E 2016 76.8 78.7 79.0 76.3 2016 233 32.0 279 19.1 pL[o 85.2 84.8 85.9 83.1 83.4
£
g
© 2019 75.0 76.3 771 73.2 2019 228 31.2 274 18.1 2019 |REE 84.4 84.6 84.0 83.8 84.6
I

2022 74.0 75.7 76.8 734 2022 22.7 31.2 274 17.8 2022 827 83.7 84.4 82.9 82.7 83.6

2010 2012 2014 2016 2010 2012 2014 2016 2014 2015 2016 2017 2018 2019
| PoliAff

2013 98.0 95.0 913 94.4 88.7 2013 827 89.0 91.2 712 70.8 4.7 s 82.0 822 74.9
4
E 2016 98.2 95.2 93.1 95.1 88.5 2016 80.4 88.1 723 75.8 726 822 82.4
£
s
2019 97.8 98.7 93.9 93.4 96.0 90.5 2019 80.2 87.8 90.7 704 72.0 75.8 73.4 83.1
a
2022 976 98.4 944 914 95.1 89.0 2022 794 87.1 89.4 708 714 75.0 7.0 825
2014 2015 2016 2017 2018 2019 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
Eval Years Eval Years

E3.9 iIABIRFNILBUE Z B e B SR AL 1E R T HEAE s R
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Anthropic FURFFR A REN RS P RIE S MR T RAM R, N THREIEES N K
B SRR, BN R T RPEREES, HA G AR R, HERE /NS
BEPEE 2R, FHERAXNEIREIIG T —HER, RRE T — N oRFI e REEI SR, B
HEHIE RS SEIGRBAE PRI BG AN, FIan, @ik 0.1% FEIRES 100 (X, BMEESR
90% HIIZRELIR PRI 1RAE, — 800M SRR AL RE L T RERIKEI S 400M SEUUAR ],
Ah, MR AR T —ME SRS HIPEAL, BRRIEH]- 5% (Harry Potter) HISCFEM 111X,
TR IZE FRRS, TEAUA 3% ESEIEENT, YIZRIS T2 MERE R Z RN REIX
FISEEN 1/3 IHAILE R,

SCHR [14] HoN KR SR ICACRE T T 04, IRIBIISREERITE I ZRE50E - R BRI EL, B
R IR IAF N, E3.10FR, FIPAB S, fEIIZRA RS —RFER], Palm BAIATILIZ
R 0.75%, MW 500 R CA ERIREBIRICIZZRET 40%, XWAE—CRE FUiHES BdR AN T
B S R A EE N, X ATREH— I NSO SRIE S BAIZ LR, H
T Palm F7IEAUER T XASANENE, FitA B (100 DPALE Token) FIREHIIIEH SNESR
R

64%
32% A
16% A
8% 1
4% A
2% A
1% A

iBlz%

10° 10! 102
Ygrp HIUREL

E3.10 KEBSHREIZZEEHEN

3.3.3 BURS MM

KEANRGUE, EHARES ., MAT ARG BRA A FRESRHIE, E5ARE
SCATR 8 AN R IR BRI TYIER, KB S AL A] DRSS TZHURIR. 83 245t T LLaMA
BRI G BIRER G ATDAEE] LLaMA BADIZHR S 7 REAFRIESSE, SEmMuT.
. e B AR, SNRERSCARTR, LLaMA BALIZREA AR B @A S 2 R A
BROE T ARIRSREMER, RPGH T ARBIRERAETEK 1.4 FICRTTIZN, S MEERRIR
FEREL

Gopher RIS YIIZRE RS LR A AT 7 IHRESER, S0 UETR & RIE R S5 AU E ol
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£32 LlaMA EEIFERIEES

AR REEMER  IZRECE fEiEasin)

CommonCrawl 67.0% 1.10 33TB
C4 15.0% 1.06 783 GB
Github 4.5% 0.64 328 GB
Wikipedia 4.5% 2.45 83 GB
Books 4.5% 2.23 85 GB
ArXiv 2.5% 1.06 92 GB
StackExchange 2.0% 1.03 78 GB

B4 MassiveText TR E T RFENEMNEIRAH S, HHTIZRE S B, FIH Wikitext103, LAM-
BADA, C4 Fll Curation Corpus MIA AR FIAEH A IS 2IHE S BEE NS5 EERE N T IR
HIBARA A R, S230 HR & E T Wikipedia A GitHub P MRS & HISRAERE X T Wikipedia,
BURMNYIGREAR AT RS, R R EE E N 2%, AT GitHub, RAEFRERE N 3%,
X TFRIAAIAIPYN T8 (MassiveWeb, News, Books 1 C4) & & 7 7 MREINHS, E3.114HT
7 PR E FERFERE IIZRS 2 Gopher BBUTE NIFESS LRITERE, RIDAER, MHATRHETE
RAEENER, FriRIHRRRE IR K, R 55+ R R4F HAE Curation Corpus EUS i
FERIAISERCEZ 10% B C4. 50% Y MassiveWeb., 30% ) Books 1 10% ¢ News, i+ £5%k
PRI L AT AR S VSR H R MK O R IUGE ST,  [RIEA] DARE I LAMBADA 156114
RS, A i EEBIRYT C4 BHEEE NIAE B THE C4 BRUFERR FIRIS AR,

Wikitext103 Lambada c4 Curation Corpus

2.90 2.00 295 2.35
2.85 1.95 2.90 2.30

2.80 1.90 2.85 2.25

“ |I|| o (| [T |||

2.70 1.80 l 2.75 2.15

e c4:0.00 MassiveWeb: 1.00 Books: 0.00 News: 0.00 e c4:0.15 MassiveWeb: 0.40 Books: 0.30 News: 0.15
e c4:0.00 MassiveWeb: 0.50 Books: 0.50 News: 0.00 e=== c4:0.30 MassiveWeb: 0.30 Books: 0.30 News: 0.10

e c4:0.10 MassiveWeb: 0.50 Books: 0.30 News: 0.10 c4: 0.15 MassiveWeb: 0.50 Books: 0.35 News: 0.00
es=s c4:0.00 MassiveWeb: 0.45 Books: 0.45 News: 0.10

Loss

B 3.11 REAREFRERNENHEBEIN Gopher {BSERTE TiHES LAgtEFEE
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3.4 FRBIRES

BEEET oI E I BRIES AR AR, DREERRMANFTRR, Rrl2iaE
SRIREEF ST ZRIE S BRI, DR N RATAE T 2 MO R ERER, s 7T, &
B I8 AR, EERIES BN, SRR mER AN T s AR ERE SR
KEE, [N, N THESIRES R AN, ZARFH TSI T 2 DN RES
RIRDTIREIESR. AT, ARSI RS,

3.4.1 Pile

Pile ¥R B — DA T KIES BRI ZAEMERIBSOARTERE, 1 22 MRS
BFHEME, WA MFHEERN, F2RAZRELARE, XEFHEAHE Common Crawl,
Wikipedia, OpenWebText, ArXiv., PubMed %, Pile FirRBHE T REZHMIIA, KT
AU @, MIMHE s T IZREdE RN AT E N, Pile BURSRETHIBI/ NG 825GB %t
XA, HEHRIUH AN EB1200R,  F b AR NROR B R MR SR A AT 3 R,

Bibliotik

Pile-CC

PubMed Central ArXiv
StackExchange
PMA Github
FreeLaw USPTO NIH |OpenWebText2 Wikipedia

B OFAQUE W EEW W EX 0 OfHE W Eft

B 3.12 Pile BUBES AR

Pile HEE S ESHEIE BT 22 MAFEFE:
* Pile-CC 25T Common Crawl HEHEEE, £ Web Archive X B jusText!S) fy 75 ik



KIBSREFNI%EE 65

fPHEE, IXEEEREM R WET X, Fe4H S,

* PubMed Central (PMC) ZHZEEEZRAEEARFEEHL (NCBD i2EH) PubMed V)R
FERBTRE — T8, $RELIE 500 J7 (0 AR T2 S Al

« Books3 B PEHEIEE, K H Shawn Presser f2fLH Bibliotik, Bibliotik HI/NEAIIE/N
KPFEEHNK, TLFR2EPEIES (BookCorpus2) #HEEM 15,

+ OpenWebText2 (OWT2) 2—1N3ET WebText [ 1 OpenWebTextCorpus HIE FIEIESE, ©
4E M Reddit 12225 2020 FHIRHNE. KREZFIESHANE. HTEIE. 20 EdE%
PR AFI TR & i,

o ArXiv 2 H 1991 FHEIEE R TICSCETR AR R MRS, X FEEPELRE. i
BNIREA Y FRSUN, ArXiv _EIESCR LaTeX W51, N TFAR, 75, RIBFEAEMN
FRAERIESIB SIS,

* GitHub 2 —MRBRF IR ZE, X TIESEMTERARBAER,. KENREESEGIRE
HEAIER,

* Free Law Tl H @ —NMEEEEMIAEERAL, FEHRGUSI ZARB 55 4L AR 247 T
H., CourtListener 5 Free Law Tl HW—3R45y, & ZEPEFRFIM ‘Zi&%ﬁ"]i&ﬁﬁ?ﬁ@%ﬁ, IF
TRt & RS,

« Stack Exchange — IS¢ F AL R EA1 Z R B M58 &, Stack Exchange Data Dump 5
TTE Stack Exchange Wi & H A F P oikI N AR E L IESE, BR80T 2023 4F 9
AR IEAF AT ARERNRE-EZNEIEE G2 —, W T 238, NREDIEZHE
FEREF,

« USPTO Backgrounds /& [E % F| Hin R A LRI R H 0 EHRE, SRIETHA M E
R, W ERITE JRR T RN —RE R, 1 TEORIURIIEEER, FHEs T A=
HIREZE, USPTO Backgrounds, ®& T RKEXTMHFMATERE, HAIFFRARSZ N,

« Wikipedia (English) 24EH AR SCER 77, e ERHE —E8 2 BRGE R E ME QA 4t
HMRBALERI R, SERMESMHEENAIN, CRER ERANELERIeHZ—, 1]
HT2MES, GG, P G, KiE. EIEEE,

« PubMed Abstracts 5= H1 PubMed [ 3000 J5 {7 ARV B B 8. PubMed /2 HIEE
EREFEBEEENEYE S LEELIEEE, PubMed H & T MEDLINE, BEHEET
1946 B S AEYIE A E,

« Project Gutenberg f&— MU EH A RS, XBEMHZ PG-19, ZH 1919 4 DU
[ Project Gutenberg FAYFFEH R0 EATTER T 5 B IAKAY Book3 F1 BookCorpus AN [A]
Kk

» OpenSubtitles J& HJ& X FLFZ AT AR R AR SR 0T, FHRZEMIENEZSRIE, JHA
AT DA AR FEAAS AT B AR, trTRES N BNEMEE (EES (WRIASIE, HHEE R
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HREERE) A—EFH.

« DeepMind Mathematics BB ERE BAR, Wi, BOCHIMEZRDE— RVIEE AL AL,
HHMABRIESRRHERSG T, K SHERERCAESS ERRIMEE 2N, X ATRER 7
THTIGEFRZ A, Fit, Pile BUREH LT G TEH A RBEIRESE, YR
It Pile BB IIZRAVIE S B BUEREN .

» BookCorpus2 #8425 4A BookCorpus!!'?! B fERRA, T TZMHT1E 5 @, ERafsh
“MARKFR” fi%E, BookCorpus 55 Project Gutenbergu PAN Books3 JL-% B EHE,

+ Ubuntu IRC $(#E£E /2 M Freenode IRC WK AR S5 %8 LA A 5 Ubuntu AHSCHIAIE Y A FF IR I
SEHRE, WIRICSREHRER M TIE SR ER A KR TR ATRE,

* EuroParll'?" 2—NZIEFFATIERE, &2 NVISEIFESE, Bt 8RES e
A LS 2] T B30, Pile HUEER H AT FH AR AR 245 1996 = 2012
ERRIMI Y 21 FPERINIE S Y E SR,

* YouTube Subtitles Z{HEESEM YouTube - A TABAY FREH IR AR A TIERVE, 128
BRRTIRIE T ZESBIEZIN, EREAENE. WAT XA B A TERR IR,

« PhilPapers #iE4 H University of Western Ontario {727 %% H[» (Center for Digital Philosophy)
A EI R B e N A IR . e T 2R, BESTERIETE, HXAREE
AR &

» NIH Grant Abstracts: EXPORTER (B0 5 1985 54, FrAK1S3EE NIH VB E F
B, BARE S ENRES 1ELH,

« Hacker News £ 5 /2 H W) QB IF LA B 58 Y Combinator J&7E NHEHZR A48, HE
WEm B PR e — D ARATRGFRRORANE”, (X EEERE T HERY
ek EE, HpaE T —5%/ N RGBS & RN TGRS,

« Enron Emails R E SR [124] 1Y, F T HEFHBAE B R SRS, %8R
LRI AT DA B VG 5 A5 A A FR - IS (5 O R

Pile H [FIEHE T8 AT 5 LRI AU AE VI ZRIN B RAEAGE B IR AR E, N T ERENEIESS
T ISR E,  Eban Pile-CC BUIRHEM S 227.12GB s, MG EMHRAE 1 48, HE
Wikipedia (en) 5 BANH 6.38G £dE, (HE2EEMNZREHIARAE 3 %, BARRREEAERR
FEELELRT A SR [72],

3.4.2 ROOTS

Responsible Open-science Open-collaboration Text Sources (ROOTS) ##EEE 51192 )2 BigScience
WHAENZRAA 1760 {251 BLOOM KiE 5B A BIER S, ZEIRREGES 46 i H
SRIES N 13 MgmiZiB S, St 59 MBS, BIMEUREIIR/NL 1.6TB, ROOTS Hia& & &G
5T EEBIAN 3. 13, B EMZE PAE 5 RIGRI 7 T EON AL RN E EARTE S b FLRPIRIE, H
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FRWE KRS S S8 T RE D (1321.89 GB) o A CAETZA ROZHIENEZEPEIEIE (18GB)
eI RXME—RIRER, i NSk EIEEX T 0.4GB RIAEMNIES . EIHA MR DA
BN PN HIGRIRTE S A ERDHE (Waffle Plot), —NMETTTERLR B 3 543,

Eurasia

Indo-European Sino-Tibetan

Germanic Romance Chinese

English French Spanish Simplified Chinese
Afro-Asiatic |[ Auste e

Semitic

=]

B 3.13 ROOTS $IREEHREESFT S LLEI

ROOTS #¥E FZRIET U7 : AFFERN ERWNEL. GitHub X5, MilddE, EAME
¥4 771H, BigScience Data Sourcing T{E4H HARZ UL R AT REZ WY IAUEE, (45 B ARG 5 A HEL
RN SR AGEIRE S, Nk, BRI T BigScience Cataloguel!?S! F T FEA1 73 = KAUE}
FHEAES, DA Masader repository F TUERFIHATE & FI SO TR ISR A b 2R, fEMCERR
UEEIRSR AR [, H—P WIBES R —F R TN SR B SO TARTE A AR R, AR SR A
JEIBS H AR E, R EEUEEIZIR S — R SCARFTTBIES I TRR. BT EdEMEE 2,
ROOTS HHEEH A AT HATE S EIEE S TE N, (H 242 T Corpus Map PAK Corpus Description
TH, ATRATT A & 2R B AR R & LA EETE . WIEI3.14F77R, ROOTS Hdis & e ¥idiE 3=
%L WuDao Corpora 1 OSCAR!2 ZH %, TEEMMERTTTH, HTRZIESFHINE AT EIEE SR
b X EEE S M TUE B2 T BE RN, 78 ROOTS iE%EH, KA Common Crawl
MDA, JEET 614 M4, ML NI T EBOCANS 2RSS, DR AE
SHZFEME, fEGitHub RFB /7T, $FNFEFIES, ROOTS HHEE XA 175 AlphaCodel® AHIF Y 75
2 M BigQuery ATFEHESEHIEBCAKETE 100 £ 20 A2, FRFFS S HAE 15% 2 65%,
BAATEAE 20 2 1000 172 BASH, KRIESHERIIZH, MBTsEa T38RI AR &5
AR T EEAIEAS ), ROOTS BIEHEEHEE T OSCAR 21.09 fiiA, A M HJ/ZE Common
Crawl 2021 4 2 ARUERIE, 5K ROOTS HUEEMER 38%,

ERHR S TG, BEHITEDE. 8. REDKEAE EMERE T/E, ROOTS HiE&EL
PMARANE3. 1SR, BAMEHE TR AR 2B shit &, M2 ALS BaiEg &7k, $Ha
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il

Chinese

Simplified Chinese

Im_zh_wudaocorpora

3.14 ROOTS HIEES FHHRSTEIEEFNSE AT 5 EEFI

BIRPFAEN—EIEARIESISOR, FlIanmiabrER, SEO TR SRR (FLFE SRR ML
), ROOTS HIREAEMEN T B, HEE X T —EREER, HPEREN XA
TESCN “HAREES, HMAZR” (written by humans for humans), X 73N (Fr BN IEEAYE
T N COEBRIRIR) SOBEIEFIER AT, PR BT EE S, RIAEEE, R
TRFART. RS, SEEARIRAIZRTT AZ SOk [102], IXEAEAMRAE & SRIRIARE, T T
PRRR T BEAERE : N ERNE S RNERSE, WEIES; N TSRS NIRRT, DARE Lt
PR ATREIRBIHAEBRIBES . BXTURER, KA SimHash HIAY7), HHE X AIERR, HR
PESC Ry RN Z AR HEAAEE S (Hamming distance) & 75 BIMEHA T I8, 1E I IEA B #H
JESEH (Suffix Array), KEE 6000 DAL FRFEE I SCRMER, @it EIRTELI 21.67%
FIIRER. DAEEEEE (HE: mifE, HIS, bk NI HENFRR T IERT T,

3.4.3 RefinedWeb

RefinedWeb®4 2 H1 {7 TFl A L ELASEOR BT BT (Technology Innovation Institute, TII) TEF
K Falcon KIE S HEAYN R HRIKIE S BRI MIZRE S, HFZ MM CommonCraw] FifE 128
PR & R E BRI, CommonCrawl HHEE LS H 2008 4 LURICEIECT AW TL, H M
TUEHE, TRE BRI ARG R A, BEIEEEIY 1PB, CommonCrawl FHESE DL WARC
(Web ARChive) & #& WET #1777, WARC 22— T1ERS Web A HIE FRARIERS X,
BHE THREBMITANS . HTTP MRSk, URL & EMEMTEdE, WET SR SHE T 4isg
ENIE

SCHK [64] 45 H T RefinedWeb H' CommonCrawl £ A BRI AR AN BRI 38 5 49 b, an 113, 16
o BHREER T2 SHT— D BN B ERR, A Ron G R ERIREE R, 1Rk s
Fir B, FEBREDISCRIEEAE L T &, I IERT BN E S KRR B AT (Token) AL
AT R, BMCBRES R =B iR, IEMEE, & EIR2 MR G, [UR
BT RY) 11.67% HIEHE, RefinedWeb —3:E1E 5 {2 MATE (5000G Token), FFRAFFHES 6 F
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wEFIRSE Common Crawl #iEE
ATEEE | | e | | GitHubfer
[ReaEuE | | OSCAR
ATEHURSTFRES

y

.

FBEFIE%. g X2
FBEEIE%. g, £E
LI A I

MWPNELSY 253

v

E 3.15 ROOTS #iBEIE RS

{ZAMATE (600G Token) o

SCRSE R By 3 2R T URL i 8, SCARHHERNIE 5 IRA = ™MES5, URL & (URL Filtering)
F A IVERI R MG (BN, FEEESENE. #). WIEENERME), ET RN ETT
A (1) 825 460 JTRAREA (Blacklist) ; (2) HRIE™ERZEIIAAIRTCHIZEA URL I
TTo NXAIREY (Text Extraction) T & BIREMIEITIHENEENE, R KRR, PR, TUHL
I EENZ, RefinedWeb I FEHH i trafilatura T HEEN FH@Ed IENFRIAGHIT TG
AP, 1E=1R%I (Language Identification) [TEZfHH CCNet 2 fastText 16 5 7788w, %73k
A B2 n-gram ONRHIE, FHAE Wikipedia B TIIIEE, SZ£F 176 FiBEF IR, 0&3.16F7R,
CommonCrawl £HESE HAEFOELIE 5 LT 50%, fELITTE S IHANGE, EHE T FTE IEIEEEE,
BT SRS HE R T BAS RN EHR S S 7R 9 RW-RAW,

gk 2 A S EE RBRA SO IERIZI T IE =M. EE XM (Repetition Removal)
FEEMREMREEL 21T, B n-gram EE RS, XL F 202 BT TCHS R EE IR
HEMI, XENASEPMETINEGE, HSEA 40817 (pathological behavior), Kt
TERAREE R IAM B ERRP7), xt4igi® (Document-wise Filtering) HFREMIBR ML ESA AL
PSR, XTI EEHIASIR, FRCORBRIARTRIFIIA . RA T SCH [89] H AT H
R ARES IER L, W BAKE, 7755 i LR DU MR R AR B AHE, DR S
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URL BN 55 By | Z1T *iﬁﬂn% Fﬁn%
ik 2N 1R3! g IE

14, 50/1167/I
23,34%
30,15% 18.47% I
35.97%
3788/
47.51%
.22 59%

16 19%

24 28%
100% 97.76% 96,31%

50,66%

2 24% =] 49%

MR i TURERR

3.16 RefinedWeb H7 CommonCraw! 3B & T RFE M BUR TR E o ELeY

MRS BB S . ZEITAUE (Line-wise Corrections) HAREI & A AIE S TE S A2k
HIAT (N, HAEBARTHELES. @?ﬁ%ﬂ%) FERA BTN T A TIBATAM B I8, QSRR
It 5%, NsERMBRIZSCR, S IEMEE, 1XF 23% REEEIRIS ARE, FiS IR EdEESE
A H8H RW-FILTERED,

TUREBRM R ESERITRERR, M BITRERIM URL TURER=ME%. BHMTRER
(Fuzzy Deduplication) EAREMERAZAEPIRI SRS, T MinHash FIEI30 PRodfd BR Sck
[EFEBLRE . R X EEER] DAE R0 T8 B = S0, RefinedWeb BUESAG LN, A AYZ S-gram
FE R 20 M, BERA 450 > Hash BREL, PH8T4 %R (Exact Deduplication) HirEMIERIZE
SR A AT, R ESREEA (suffix array) BEAT S MNMATTRIBN B, FEHBRET 50
MNPAERESAERIATFE Y, URL iR %R (URL Deduplication) HFr/EMiIFRE A MR URL B
14, CommonCrawl FHEHFA—E &N EAEHE URL FISCAY, 1M HIXLE TR N A4 KR 016
IESE 2R, RefinedWeb HHBEEMERT, & CommonCrawl ZHEAFIER 5> < [BIAHEIY URL i
177 bR, ZM B PR G I BHREEFR N REFINEDWEB, (VB RE T RGAGEHEN 11.67%.

PAE=ANG B AT L S Y BN S5 R TR BERR U AT DA Sk [64] BY B3, BEAh, Sk
[64] IR =AM B R = AR i EdE F T I 2R 10 1280 30 {2 B R SRIE I 5 FH A AR IZ AL RE ST 1EFT
PR, & B REFINEDWEB [3RIZLF T RW-RAW F1 RW-FILTERED, JXthif —&fE EiHE
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R B R SN T8 U AR B AR,
3.4.4 SlimPajama

SlimPajamal3!! J& f CerebrasAl AN FIE X RedPajama A TIE AR L H GG 2 TREIEE &
J546 RedPajama £275 1.21 F{ZIAIT (1.21T Token), £ AR5 SlimPajama ZXEE S 6270 12
7T (627B Token), SlimPajama TR T F T A &R LTI E m AL A A, RedPajama j2&
H TOGETHER ¥ & 2 R AR ENFFFEAE SERITE, RE 12 LLaMA B8 R )77
EERE S A SRR 8E, B IR RedPajama (R ELF, {HSE CerebrasAl IR N A
I RedPajama BHEERICBEEM NI 1) —EiBERE/ DR, 2) BiREHEESKER
SHAE, Jlk, CerebrasAl HIBFFT A RFFUEE X RedPajama (RS 1t — 0 AL B,

SlimPajama HYEE (AR FIS FRUNEI3. 1 7R, BRI EUFE 2N B : NFC IERML., TEHE, K,
SCRSRRES . SORYERHE, IZREMRE IR, DURINGESREETHELUEIEEEES TR, A2
BRECRUE BN AR TCE BN, HmTE 2 M ERRP T, £ 64 ™ CPU, K
LIk 60 21/ NIRRT PASERK 1.21 FTAZTRTTAL R, FERE NI AR B iR ZEN AR (BN 1.4TB,

‘ arXiv H rEmFuit H Bk
PubMedH e H .
ENaE Ak

RSN s [ BAEE ——» ik

LREE | XERE | XREEF

WIGFHRERSE o IESESIRE
atns EHESER

‘ Reddit H J—.l’:_\‘mﬁﬁb bt s

HE T

B 3.17 SlimPajama $RiESE AR T2

SlimPajama ZbBRIEAHIRARLN T -
(1) NFC IEM{t. (NFC Normalization) : EAn/2ZFRIF Unicode F4F, SlimPajama #&1& GPT-2 [
MY, R NFC (Normalization Form C) IENMET %, NFC IENMERTaR =BT :

python preprocessing/normalize_text.py \
--data_dir <prefix_path>/RedPajama/arxiv/ \
--target_dir <prefix_path>/RedPajama_norm/arxiv/

(2) IIER A (Filter Short Documents) : RedPajama FUIR X AHHHE 1.86% & T NEEEIRE K
ERAFREFRINE, XENEN TR AEEH, TEERRIRE. 248, #ATMHIRRSE,
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I8 TREDT 200 NFRFHISAY, BT ES IER SR A SR BT :

python preprocessing/filter.py \
<prefix_path>/RedPajama_norm/<dataset_name>/ \
<prefix_path>/RedPajama_filtered.pickle <n_docs> \
<dataset_name> <threshold>

(3) ZEH (Deduplication) : N TXNEIEEHT2REE (HFEIBERENERERNER) |
SlimPajama ] T datasketch &, FFHET T —& R DA D N THFEIF G I F1T7 1%, RAH
THAFE-EHEER, o DURISTTR & 3 S8 10 e T A IR T, BN EETE
EHEZ B 9% MinHashLSH K51, 7ER5[HHITEWDUEMEE T, MR EZRRM
EESEEE, REEEE NS HEE,

(a) MinHash 425X (MinHash Generation) : 28 T HHHE &N SCRYHY MinHash X%, &L
DAY ERRIRAL EEESHG, HATHIRIREY, IPRHESR NG, TR, T
13-gram FYFIFR, IXLE p-gram {ENFHIEH T AIE S5 4, FHEIE] MinHashLSH 2
5|1, MinHash 2E B2~ EIA0 T :

python dedup/to_hash.py <dataset_name> \
<prefix_path>/RedPajama_norm/<dataset_name>/\
<prefix_path>/RedPajama_minhash/<dataset_name>/ \
<n_docs> <iter> <index_start> <index_end> \
-w <ngram_size> -k <buffer_size>

(b) EEXAERK (Duplicate Pairs Generation) : {# FH Jaccard FERLE T3 SO = [RIFELE, 1%
BEIEN 0.8 KifE — X XA 2 ENWMNEE, SlimPajama AYSEIUEH T —range 1
~bands %, FITELE Jaccard BIEAVTE L M datasketch/Ish.py HATIHHE, EENAE
R AR BIanR :

python dedup/generate_duplicate_pairs.py \
—-input_dir <prefix_path>/RedPajama_minhash/ \
--out_file <prefix_path>/redpj_duplicates/duplicate_pairs.txt \
--range <range> --bands <bands> --processes <n_processes>

(c) EEEMNEDIIEEEATL (Duplicate Graph Construction & Search for Connected Com-
ponents) : i T EE RSN )5, THEREIE SO EE SCRRERER, FIaIREE
PARSCERXS: (A, B) (A, O) (A, B), ATLAER—4 (A, B, C, E) A, FHUIR B %4l
AI—Ckt, AT DAEEFIAN M an S A -
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python dedup/generate_connected_components.py \
--input_dir <prefix_path>/redpj_duplicates \
--out_file <prefix_path>/redpj_duplicates/connected_components.pickle

(d) R AERYIR (Generate Final List of Duplicates) : MRHEIZEIEBAY RO H#H —DEEK
7%, DMEMHEEIEHEREI, AN REREETSIRN GRS

python preprocessing/shuffle_holdout.py passi \
—-input_dir <prefix_path>/RedPajama_norm/ \
--duplicates <prefix_path>/redpj_duplicates/duplicates.pickle \
--short_docs <prefix_path>/RedPajama_filtered.pickle\
—--out_dir <prefix_path>/SlimPajama/passi

(4) ZHEFIESE (Interleave & Shuffle) : RIE S BRI ZRAAR R 2 IREHRSE LitfT, FHEMM
TR IR A IX LR TR, SlimPajama SR HEIAME MEREFRAE 1 42, (HZA] DL
J#L preprocessing/datasets.py FHEHTRANE, Fr TIREEARIRI, EZ I TREVLEHER A
DUBE AT I 22, S HE A EHER Ay R BIan T :

python preprocessing/shuffle_holdout.py passi \
—-—input_dir <prefix_path>/RedPajama_norm/ \
--duplicates <prefix_path>/redpj_duplicates/duplicates.pickle \
—--short_docs <prefix_path>/RedPajama_filtered.pickle \
—-out_dir <prefix_path>/SlimPajama/passi

(5) NFLREE S V) (Split Dataset into Train and Holdout) : JX—5 F B 252 —IRFENLE
HOROIE T RS, N T INPRAC IR, KREdE 7 I T, DA R 2l

for j in {1..20}

do
python preprocessing/shuffle_holdout.py pass2 "$((j-1))" "$j" "$j" \
--input_dir <prefix_path>/SlimPajama/passl \
--train_dir <prefix_path>/SlimPajama/train \
—--holdout_dir <prefix_path>/SlimPajama/holdout > $j.log 2>&1 &
done

6) NEEESREEFTEHEE LR (Deduplicate Train against Holdout) : /5 — 2R IIZREF
REAEZARAES, N T RRINGENTEYR, NAH T SHA256 BT RFERERIZREMR
PR RIARE LA, SRS, MUIZREE A I8 X SERE DT AL, DA R 2 npil:
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python dedup/dedup_train.py 1 \
--src_dir <prefix_path>/SlimPajama/train \
--tgt_dir <prefix_path>/SlimPajama/holdout \
—-out_dir <prefix_path>/SlimPajama/train_deduped
for j in {2..20}

do
python dedup/dedup_train.py "$j" \
--src_dir <prefix_path>/SlimPajama/train \
--tgt_dir <prefix_path>/SlimPajama/holdout \
--—out_dir <prefix_path>/SlimPajama/train_deduped > $j.log 2>&1 &
done

3.5 LR

KB SHEATI GRS, BdREEMCHEE THRERA, HAERANRZHERD, YRk
ISR F RTRC &R R, LLaMA-2 YIREEH T 2 5 {ZiAE, Baichuan-2 YIZREM T 2.6 7
ZIRTT, RIS T RS 23 DR 10TB, X LR Rt id ien s R idE, ||
GEBHE R IR 2 ] DUREIEE TB. BMIFSMSE TN TCRESHEMNZINERNIEFE, 1FE
R REREA T LLaMA BRBRIYIZRAT LT rIREE RS, f1HE Wikipedia, CommonCrawl 5
JFAAEEE, tALHE Pile, ROOTS. RefinedWeb ZFZ85S AbFE ISR SE &, TEMIEAE |, i e
HRE T KBS M TR, AR Library Genesis B8R, XL GEHRT #0523 FIE 1PB,

JRGE B AR BN AR 2R B I 2 BE RS ) N TR GAEAm A T A A AL B, 7= AR RERS A T A
BN R R R A AR NE, MIFREETR KRN AT, XHA, BRURE AR SCANBIRE, R
Wi, FdE EESRTFER B, Fla, KENEBEIERA PDF /& TEE, RAR
% PDF SCAHIHAZ i, B2 PDF SUEMCRIZ IR R HEOHA T, MAHEE A SR
B, HFENKEEIFE, HAEEEERH PyPDF2, Tika S5 T B AT LS B & 52 A TOE,
BIXf PDF f@#fr i, Fofl EZ St 7 RS BGA SCARE BRI A A M TR, H
SEARIE A REARIFHIAL PR 2 3K Latex FRRE I, ARRPUE L Meta AT H#EHHT Nougat T.H132
H—5EE,

I EHHRCE ARG AR SS B TR BRI (A], R FREEH 2 RS 2T, FE
FIF Hadoop. Spark S mFEEZE M. ILAh, REFEMEIEINITEE2REE S, BEE
HARBRSEHBIRAERIVEA TR R, ATERENNE, A TH—PINETE, TREE
JEAE FARPRVEBIE SR BUEEE 1, bhan, FIWr— D URL 2R S5 CEEIRES, WRA DRz
—EREE _EMIIRREE, AR DR IS E%s (Bloom Filter), HAd AFIMNIAERAER A (7] 2%
R O(k), SRERNEST URL ETLK, BAEGE -ENBHBEMR, HENTXES
BB AN AR, R D BNBERHFIRAMES, AR 4R,

® PDF @t THEA] AZ U www.doc-ai.cn
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4

B IE S S HENRIGEE RN 2EE K, AL EAERIEIEC AN E RIS
SEAIIRNZE R, FERISmRNZ (Distributed Training) RGUKARRING R I T AN 77 B IR
R, ARG RGIAE N R/ — PMEEIEES /Rl 155, FHFRTHESD
RGEZDUERSE, MMRREFIRI, (ER0AA RN L0 EINES A rIERE, %k
RIS B TR R TCHIRIUBIE S B? JX s KB R A, TR, BRI, N
fFfe, HRIEE —RIIEIR,

ARER A AR S R GRS, NI ZRE R, AN g7, 7
A DeepSpeed NI EHANAITESRRE EIIZRRTE S AL,

4.1 7 zUilZRER

SmRilg (Distributed Training) ZFERALER Y SIBURE 2 ST ZRTE 55 D R 21 FAE
%, HAEZMTERS LT T, B4180 7 MRS M EIREIIRA], X
ISR DU AL FESS (Central Processing Unit, CPU)., EIFEAL#ESS (Graphics Processing
Unit, GPU), 5K &AL S (Tensor Processing Unit, TPU) A DU LML ALEESS (Neural network
Processing Unit, NPU), HIT[F—"MRSSAAEHIZ M EIR S Z BINF W RTREF AR, Ktk
RIXEH AR RGO T — MRS HEERZ MRS SRS, ERARWEE T mXRGuE, —
MERGESFEE B RENINGHEARE R, FTDAH— MRS, HA] DUREEA
BRI GAE SR RS, 7 RGFFENTRIES, SSHOHMTIHHRE, e, BFRENEIT
HIZENmMMETEH, REGEIEFENMREEREENNIHTESER. B TEMIEREHTEN
TRESS, HHZNHRERGATDOHMTHIT, KItH AT DUE PUsth 52 SRR, I RSB
BRI REAT IR,

TRENNTE A N A R G — DR E A E R R BN RIS E S 2 DI
AN, E4.24 1 T HLEs ¥ SIRREON T E TR K DU RIS TR s R 1R AR ). 4N
EIFTR, LA SIRAIIUE L, M 2013 4F AlexNet 148, %2022 4 5400 (2S5 PalM 5
A HER IR 18 AR S6 FHHE R R, SRAISHEEIG RIFER, MilZrEdEs
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(@) BUFET R

& 4.1

K3, . B HES

| 7 || 72 | 7 |

(b) PHERZITET R

BHERETENSHERERM

AR R, XEANE TR EIRIFRR, A, EJLE CPU KB INE STt T /R
ERE (Moore’s Law), HAAMEMERL A (U1 GPU, TPU %) AWMLY SIBALRML T KEME T,
(ER HIE IR E PRI A A 18 D H BIERIEE/RE B, N T RERS TR R LER 7 IR A e, A
A D ANIZRR G 7] DAPCEC R T KA R 7R K,

10000 GPT-3 Path
[ ]

1000 TS5
_ )
§ 100
H|< 10 "o\% BERT-Large
2 o ¢
® 5
=] r—?‘
g1 AB
% ot ‘TPU GPU
N 0.1 — ¢ "
= —_ \g e -
L Al A -

0.01 exNet ——
° — = apak )
(18R CcPU
REER (
0.001 A - —————
0.0001 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
4y

El42 ¥EFSERSHEBIBKATT BRI /I RIT L

AT AYIZRI SR BEARFURTRTHERIIZRERE, BB ZRA RIS T, S IIZRIEEE AT PA

LIS ] S

BYIZREE o BIREITTEIEE < HRIRFLE x 2R

4.1
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Hrr RS TR 3 2l R EUIES A I IR E A EEE 10 REJIROVE, MRl
GRCRMATRA, FEMNEARFEAERAKEEIIZG. BEras,. SERNE; 2mNIGRa+
WHRGEHENS, HMRRETTEEERSNE, ERZEEICREN, THEIREHRENY
RIS TERIE L 2R, 2B R EL 2 T RAE IR e, T SR EMM
SRR T, A YIGRIEATIRIE 22 B bRl 2 38 A i NN R S B 2 18 & &L,
KIE & ETISHE A i SR &R BRI ESR A 7 0 I ZRZR M SE B2, X
MR [5] % GPT-3 HYIIIZRIS AR A T IR 2B A NVIDIA V100 GPU, XHR [31] M8 T
OPT BALIZRf# FH 7 992 B NVIDIA A100 80G GPU, R &% F#dEH 4T (Fully Sharded Data
Parallel) 3% DAK Megatron-LM 5K &2 4T (Tensor Parallelism) 133 BAKIYIZRIS AR 2 D H,
BLOOMP AU 5 N BAM AT T 58 ZAEREAF R R F R RS 77 T B4, 1A R AT 11| 2%
—HAEZR 35 NH, A 48 MTHET R, BN AESE 8 B NVIDIA A100 80G GPU (it 384 4~
GPU), FFHAEA 4*NVLink A T SIAHE GPU Z [EE{F, 9 sl [BRH PY> Omni-Path 100 Gbps
WA -RAG RS 9 8 4EEENL T R R R LS B TIEAS . SCHR [37] XA H LLaMA Al Zkrh
FIT{e F AR B LUK G BN N Z8 S, (R A H T A RISEERE GPU /M4, LLaMA
FAI|255% F NVIDIA A100-80GB GPU, LLaMA-7B #7811 Zr 353 82432 GPU /M, LLaMA-13B
BRI ZRTR2E 135168 GPU /M, LLaMA-33B #BRUIIZR4E2% T 530432 GPU /M, 1fii LLaMA-65B
RIIZRAE LR NI EIA 1022362 GPU /M, BT LLaMA P F 931l 5504 I8 OPT f1 BLOOM
B A, BAREISEEITNT R, (2 HR TR R RIEE A
ARG RS, KIESERIZRE TR DR R &R L4, 4aEEH
BT MRS L+ KA PATER. A1, IR ANAFZ IR A5, TA7RE, @
EREEZMPRER, DURCRERENAIFTE BIRSEIFE A, MM IEIZRid R aq R 25E B,

« TTEE: RNRRERERMNITT RN S KBS EAFERN AR RFEEERE
Fo 2022 4F 3 HRZAMHI NVIDIA H100 SXM HIHFK FP16 B 7t 2000 TFLOPS (Floating
Point Operations Per Second), T GPT-3 NIF5% 314 ZFLOPs (Floating Point Operations) FAJ=.
WHEE, MEMEZET 8 MER.

- BEE: ANPERSLERRBEEE - D RKESHEENSE. GPT3 B85 1750 (238, 1E
PRI ER AN SRR A FP32 A8 THE6E, T52E 700GB B I & NAFEZ3 A, 1 NVIDIA H100
GPU H A 80GB &7,

- BEE: 2MRAVIGRFAT S U RS Z AFHEMEMHITSEEmMMED . B TEENE
IRFNHE BE R, IXATRERSCAHII SRS FEARAN, GPT-3 YIRS FEH, RS R ARG HTETE 128
MERIRIAR, IBALERUOE SRR 2/ D FHEEHi 89.6TB HIBEEEME, mifkil: 2023 48 A,
BAA InfiniBand FERS (X REFS AR LI 800Gb/s T B,

RSN B AZRSR T B T EIR AT B AEGERE DB IR, SR R AR GE TR K Z [AIFETE
FIEo XA AT DA R 0 NNZRT7 R MR, (E NIl S mimEE RSPk, 78
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2R RHZR, IXEEREUR R, BEE REBISEEIR, XM SRS LR 3, iX
LLREARIS E IR, RN, EARBIEREEAT I MIIZRI, & HE AT RE 2R al i)l 2R0d
e, MR GHIRREIE R TIREER,

4.2 DIV FH1TREE

S NGR RSt H AR 2R s R GRS B A SO TR 2R, T KIBS
R, 2R R 2 RIBEAEFIH LKA, IR RN #h I 2R R S B0 T SR B
o BRI RRAESEWNE 43R, FEHBIEFER BN HE. IgGdEsmE N
AR MR (Mini-batch) FE. EIFMEFRRT— MR/ NMUK, IZRR G2 AR EEE ML OARYE
PR REARMCAC IR SRR, MRS EGHITIB IE, S0 RIE S B Z B ML AT
T2, AIPAH—MtERE (Computational Graph) R, X PMEE Z MAEIERIIE T (Operator),
FNE T —MNHEMLEZE (Neural Network Layer), MiSENRER TIXAELEYIGRH T E#TH
AN ER

g
B \
1 2 3
itge | 98 n) ek Bk
| | =
K= E:2 K==

B 43 BRIZEREINERSR

HEENPATIERERT L aia SRR A E A . stait SRR 2 SR A S
—NETF, IHREHMEMNAE R, REREESXNEIATELE, BERRE - 1METER. &
EitE R, BIREILERERIRE, BNE RO R DERE, IR A E R A S, 1
AR RE, ZEEE/NMURPITTESER, RAMSTTI R — MR/ NUR, R T —HR8E
RIS ECE T,

MHE R SR R R SRR, °] DAB SNSRI T TINE, 7T DANEARAIASEA R 4
HATE R, Een DOSEIE1TYSr (Partition), FHER—MERIE KR 2 MEE L, FFTHIT
AFEREHE Y, X875 OB PR 538 H 1T (Data Parallelism, DP) o JER] DUNBERIEATXI 57,
BRI R F 0 R BN Z DN AITERR, X7 208 F AR 8B FH#1T (Model Parallelism, MP)
o MR RKFIEIE SAEAIN, AR ERIN N EARAERRITU)r, I SEHE SRR ERHT,
X IEHE AR EFH1T (Hybrid Parallelism, HP) o
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4.2.1 FERFHT

TEEBIRIFT RS, BN ARG AR M MEMS B EEEI A (Model Replica), #1T
BRI, SRS RDE T — MUREBIEREAR N T4, FRIEZIUREEA T B BEETN
ERRIRRTIAN TR, IR — MURETNGEAROY N, I M DMHRIZEHFTIHR, 8P HER
ER0EE N/M DA, BT RERE, SRS SREAAEA T RIRRIRESE
BE G GNINEFHRS), FHRAMBEE G, #17#%. rAIHRRERERGHMINERE +4
HEIEEREME, REEMFIIRE (B, G,)/N MERBEITER, ROz tXilg, E4445H 7 H
PRI A H R BRI T ZRR GBI,

HERIEIA

HIESX 1 %i; %g; %g;

i‘l‘%iﬁ%ﬂ (2280 ’ (B8 (B8
‘ Cwm | [ mm | [ mE |
""""""""""""""""""" meER | |
K K= K=

g2 571 572 #73

. R (%) ) | (B5)

CLIEIES

B 4.4 BATHRBEFATINEREEM

AT RS 0] OSSN R &, AR ARGt &, 8H2B#txEk (Global
Batch Size Per Second) o ‘BRI E IR L, T2 XFIEAE T R IA T A AR 7R 2 A
Fra RIS HHITEZ, DERIES N RIZS LRSI IR LR EE, FI
PR IR 28 NEZE R A B a7 77 NIV R ARSEIR, 46 TensorFlow DistributedStrategy, PyTorch
Distributed. Horovod DistributedOptimizer 5, HT 55T Transformer ZEMYRIE SR DN ET
HR MR M AR LB R, REBIRIF T~ T EIRE, —RER &G E
R TR RN R, A RFED A, BRI TIIgnE bt RS, BEERENEE LEEH—
R, BAF G A EE

f#f] PyTorch DistributedDataParallel SZ3 B MRS 85 2 IR RIS, B /eH9iE Dis-
tributedSampler 28, R EHRE LR BN TELIF 2 BLEN R R R A
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class DistributedSampler(Sampler):

def

def

def

def

__init__(self, dataset, num_replicas=None, rank=None, shuffle=True, seed=0):
if num_replicas is Nome:
if not dist.is_available():
raise RuntimeError("Requires distributed package to be available")
num_replicas = dist.get_world_size()
if rank is None:
if not dist.is_available():
raise RuntimeError("Requires distributed package to be available")
rank = dist.get_rank()
self.dataset = dataset # (i
self.num_replicas = num_replicas # #HBE K ZKiAET world_size(GPU A#0)
self.rank = rank # Y@/ TH N #AE/ Mk GPU
self.epoch = 0
self .num_samples = int(math.ceil(len(self.dataset) * 1.0 / self.num_replicas))
# ENHRNERNK
self.total_size = self.num_samples * self.num_replicas # {4 & 244874
self.shuffle = shuffle # R GEITIHEE
self.seed = seed

__iter__(self):
# 1. Shuffle #3: THHKEEINF
if self.shuffle:
# H4E epoch FifF TR
g = torch.Generator()
# X B self.seed £—/NEfl, Hit set_epoch K self.epoch T DLBZ KA 4146 50 T
# XA L E— 1 epoch FHERWITHIUF AR, #£E—1 epoch H,
# Gk GPU EE|MBEAA —F, BT AT EH ) 4
g.manual_seed(self.seed + self.epoch)
indices = torch.randperm(len(self.dataset), generator=g).tolist()
else:
indices = list(range(len(self.dataset)))

# BEAT

indices += indices[:(self.total_size - len(indices))]

assert len(indices) == self.total_size

# D EHIE

indices = indices[self.rank:self.total_size:self.num_replicas]
assert len(indices) == self.num_samples

return iter(indices)

__len__(self):
return self.num_samples

set_epoch(self, epoch):

r nmnn

WE KRNI LERE epoch.

L attr: shuffle=True B, BiRATE Bl AR A 20 B0 AL B A AR T .
T, e KA T — ok R P A AR AT

Arguments:

epoch (int): YWHHHK
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nwun

self.epoch = epoch

FIH DistributedSampler #4185 52 ZRAR 751 main.py 40T

import argparse
import os

import shutil
import time

import warnings
import numpy as np

warnings.filterwarnings('ignore')

import torch

import torch.nn as nn

import torch.nn.parallel

import torch.backends.cudnn as cudnn

import torch.distributed as dist

import torch.optim

import torch.utils.data

import torch.utils.data.distributed

from torch.utils.data.distributed import DistributedSampler

from models import DeepLab
from dataset import Cityscaples

# BHRE
parser = argparse.ArgumentParser (description='DeepLab')

parser.add_argument('-j', '--workers', default=4, type=int, metavar='N',
help='number of data loading workers (default: 4)')
parser.add_argument ('--epochs', default=100, type=int, metavar='N',
help='number of total epochs to run')
parser.add_argument ('--start-epoch', default=0, type=int, metavar='N',
help='manual epoch number (useful on restarts)')
parser.add_argument('-b', '--batch-size', default=3, type=int,
metavar='N")
parser.add_argument('--local_rank', default=0, type=int, help='node rank for distributed training')

args = parser.parse_args()
torch.distributed.init_process_group(backend="nccl") # #]#: 1l
print("Use GPU: {} for training".format(args.local_rank))

# AlEEA
model = DeepLab()

torch.cuda.set_device(args.local_rank) # %7 T F
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model = model.cuda() # A& T2k F
model = torch.nn.parallel.DistributedDataParallel(model, device_ids=[args.local_rank],
output_device=args.local_rank, find_unused_parameters=True) # #{{% 1T

criterion = nn.CrossEntropyLoss().cuda()

optimizer = torch.optim.SGD(model.parameters(), args.lr,
momentum=args.momentum, weight_decay=args.weight_decay)

train_dataset
train_sampler

= Cityscaples()

= DistributedSampler(train_dataset) # 4 i 4(4%

train_loader = torch.utils.data.Dataloader(train_dataset, batch_size=args.batch_size,
shuffle=False, num_workers=args.workers, pin_memory=True, sampler=train_sampler)

AN a7 e s EibER

CUDA_VISIBLE_DEVICES=0,1 python -m torch.distributed.launch --nproc_per_node=2 main.py

4.2.2 1REFT

FRIFHAT (Model Parallelism) 33 TR NN RV, PAELE 1750 (S8
GPT-3 HAAE], iSRRI — NS EEEEH 32 MiZmBEOR, A2 ERIEZ 5H 700GB (R
175Gx 4 Bytes) WNTZ, WRMEH 16 fiiZRFoR, B MEARIATRZWTEE S H 3506B NE. PA
2022 4F 3 A NVIDIA Z A H100 HIE-FHASRE 0GB A7, Teiig B MBI SERE N H i, A5
BGHTRI AN EE M E, URMIERE Y15 (1) RN EVIS SRR &, BREF
{78 F@E31T (Inter-operator Parallelism) , WHFRZ JifK&FH1T (Pipeline Parallelism, PP) ; (2)
K HEE RN 7 2R E, ERATHEFAHA!T (Intra-operator Parallelism) , R
ZNHEFH1T (Tensor Parallelism, TP) . M1 it BIHATIIZR R GAEG AN 4.5 7R, A3 ARK
217, BN AFREEYI 28R REEY; GENKEIT, FA—1NERTRRNSE]
T BIAR R & T,

1. RKEFHIT

FikeF#17 (Pipeline Parallelism, PP) Z—FhIF TIHEERS, KRN E B BRAHE, K
BB MEARNI RIS L, (HEEUEM BB, 2T TIE, WKEIF1TIEE M
AT RMEERERIF T RAEY, AR NTEIRSANEN RN, E4.645H T —MHME
MIBREREHRNFUKEIHTRS, B8 THiATEMNGERTE, HA F1. F2. F3. F4 7251%R
PANETAESAR, AT AR L; 7 B4, B3, B2, Bl MKW FHERAERE, WoanlhiTry
MM SE . Am, MWEFRTPAEY, HERTI NFZE (Downstream Device) 75K
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HHERE 1 iz =4 HHERE 1 iR I A ’l H72
3 3 : ’7—‘
: L e : F1

iERE2 | 8572 ITHEIRE 2 \_%ﬁ
777777777777777 wkesHz -

B 4.5 FHRREATIIEREES

RIS T2 RIRES, FF EiFi%# (Upstream Device) FIIFESER, A REHGBIFE H ST,
IXRE LT T A R KRR, TR T #8178 (Model Parallelism Bubble) , 1
FRMimoke S8 (Pipeline Bubble) o

Vg 4 Fo | B Ei
ITEIgE 3 F3 Bs B
IHEIRSE 2 Fa HIT55 B, 3
. 758

HERE 1 F1 B i

4.6 FIKGFITHEO

FRRFUKEERIE T A RFHAT R, EERFTERIFA TR, BT RAERERRT
BRCR, N T REMSIR/DIFATIE, STk [136] $2H T GPipe 771X, /MR (Mini-batch) 3—25 Xl
TY R/ Nt R- (Micro-bateh) , FIFIFIKEFFATT R, BUUEE—MUALREEIE, 1470k
BATESEAS RIS RS, KOZMHR IS R R T es, RN AL EE fE — it iR i £idiE,
XFER] DME— R _E D IFAT R, E4.740H T GPipe SRISHUKSFHHATAEG, GNEFTR, HilA
Fy WRBHARMEN T Fiu, Fio, Fis, Fu, RS 1 HHRZER FL G, SAETRRS 2 FIHA
HEAT Foy MR, RIS 1 HIFTITAA Fup BIHR. LT RIFLGIIFUKEIHMTIIL, GPipe
TiKETT I3 AT DA R R T <

GPipe Hili IR A] PAR/D— & B FHHA TSI, (H2 A 5 —1 Mini-batch AT A RTRATIATH R 52K
J&, A REIT AT IR AT B R MR R 7 AR AR 2 AT, T FRAIR T RS FHA TR . Megatron-
LMY 1F1B FiKZesiig, Rl—AiEaEEs —Naai@iE, 1F1B fKERIES I TS
VAL, (S NP RES S5 A7 LI BRI R AT HA R FHATRESS, ITHE i & RO F)
HIZR, 1F1B gt 7RSS AR s piat 7y sSURE 75 3K, 4.8,



84 AMIRIESIREL: MIECRISCE - K37, HiE. A, BES

HaigE 4 Fa1 | Faa | Faz F44‘B44 Bys | By | By 2l
ITHIRE 3 o [ 1 == &
TR 2 Far | Fap | Fas | Fra B, |Bys| B,y | Byy o
}L—l—%i‘ﬁ% l ‘Fll F12 F13 F14 #?i-/_:“i@ BlA BlZ BlZ B11 Eﬁﬁ

47 GPipe SHB&RIKLFITHERIC)

1F1B XX IBEEX AT N =B, ERRREHE, EIZME, R #HITAF
BERFTAT R, TR BTG E, RS T—Xaim &, REHET
—RERHE, BE—TMBRERNE, HERSETRRG —XEMRIHE, MHEET GPipe 5K
&, ARAZEENAER AL T BN T HRIMELE, A, EFRZES GPipe WRI&—FERTN AR FEAL
AT

1F1B R#ER AR X ZIK micro-batch IR B I/KENT B EE LS, B MESE N ATHE
ZZANENUE, MER D2 NENFE, XEFEBFOBERN, BRMmME, 1EZairE
A, &% 1 ATREMTERE 1-4, &% 2 TR 5-8, DA, Am, fEFPERXT, &% 1 7L
REFEE 1. 20 9. 10, AR 2ABEE 30 4. 11, 12, DUHSSHE, XAEEUT, BMR&EERKEH
WBLRI Z N, BN, 14 1 FTRES 5 RE B, Al R B 5 A R B S 74
£5%5. BPNEEDUMTHRIT AR BRI EAESS, R A iR SO TR, XA
RAMENAFAHFE T R 1, EREBIR &I ERER, 1S5 KAEA AT RETRENS B &30t
FERCHEAESS

PyTorch H 80 & T SRR ER BT API BRI %R Pipe, ELRSZIN 27 “torch.distributed.pipeline.sync.Pipe”
K, AIDAMEAIXA APLAE— ML EMANEMNE, RRELE 2 MR R RS RIREFIa T

{

# PR 0. FEELAMBENTELERR RPC) HEL
os.environ['MASTER_ADDR'] 'localhost’
os.environ['MASTER_PORT'] 129500
torch.distributed.rpc.init_rpc('worker', rank=0, world_size=1)

# W 1 NE—HE, AETALE
fcl = nn.Linear (16, 8).cuda(0)
fc2 = nn.Linear(8, 4).cuda(1)

# BB 20 (F£)f nn.Sequential WHRZXWN|E.
model = nn.Sequential(fcl, fc2)

# Step 3: build Pipe (torch.distributed.pipeline.sync.Pipe)
model = Pipe(model, chunks=8)
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Device B O B O I I R
0

Device 2 n 9101112

o |
Device 3 9 101112“13“

Device 4

Time — . .
Assign multiple stages
to each device

: 11181 1
Device 1 1234|Hss 456 7 8 ;01ZHEH34
: 111 0E
Device 2 |[Egfhas 0124

Device 3

Device 4

Time

Forward Pass [ ] Backward Pass

4.8 1F1B RKEFITRIGHEGINST

# PEAT Y S /A b
input = torch.rand(16, 16).cuda(0)
output_rref = model(input)

3

2. sKEFT

HEF1T (Tensor Parallelism, TP) FHEMUEBIM ARG TR fRokanfiri 5]
PEIRFEZE, DRAMAIRIEY] 7 G ECE— SR A, KI5 S BAES 2 DA Transformer 254549
BLfitl, Transformer Z5H FZH AN =ME TN : ANXE R (Embedding) . FEFEF (MatMul)
A XA (Cross Entropy Loss) HHEAMRL, X=FMRBEFERANESR, #FRZEITH
IV (5K B AT RIS A ] LSS S 5] 0 BRI 1 1585

NFHAFR (Embedding) HF, WRESIAREAET K, SSBEAHREIRS BETCIERN
Embedding EZ%L, 25615154, WRIAREEE 64000, FAFRYERE N 5120, RAIRA 32 (kG
FEF R, IBLEESEEEMNEFKLN 64000 x 5120 x 4/1024/1024 = 1250MB, R IAIEEE
FFETFE 1250MB, [UXTF BT ERIE 2.5GB, M TMAFRRZENSEL, 7] DA RRIR4EE D15y,
BN EIGE R EERMANE, ARELESMNEE BRI aam g, MNmSs s miEm
o E4.9%5H T 577 5 Embedding AW T RUKEIFATHREE, TEH R L, $U4T Embedding
1, bz BHLUK K/ (batch size), Embedding FIZER/INA [word_size, hidden_size], THHEISE] [bz,
hidden_size] K&, &l4.9" Embedding 5K & H1T/RHIEF Embedding 20 word_size £, V171N
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WHL, FELK/INA [word size/2, hidden size], ZTAITFEHEEN MNEFE L, HENT H AW BHIE
T, MRICEER], WZFEMFRTRN 0, FHIREFEEHGSE bz, hidden_size] &5RKE, &5
JEIT AllReduce Sum JEB(E®, BRI, BRICERANSELER, ADEN, XBEAH LR H
TR EHITIIE R —2

hidden_size
° hidden_size
N
1]
bZH ——
S
=
TPN RIZRE
hidden_size
E1 —_— bz hidden_size
HAO AllReduceSum
bz \ ) bz
o R0
E2 — bz
hidden_size
LTI FEZRE =

Bl 4.9 M= Embedding EF5kEH{T/RA

FERERe (MatMul) RUSKEFFATESE DM REMER o RSRTR IR B, 2801k, ZSCBLAN N ERE
FIRY = X x A, Hrf X BY4EEN M x N WREARENE, AZHEEN N x K NSE0ER, v 2
SEOUERE, 4B M x Ko RSEVER A FER, ESBHAK FNEFAR, Ban itz
BUOERE A V)78 25k f b, FFEdREGEEILEER, RIERASERELFTRE LE N TRITR
REITELIR, SHUERE A FAEMFD) 2773

(1) ZHUERF A G518, KRS A #2591

A=[A, A 4.2)
) ZEGERE A FATYIR, KRS A ATV

A
Ay

A= 4.3)

E4.10% H T SEOERHZID) IR B, SEOERE A 773K Ay, Ay IREEMNDIHRIRS L.

OTEATE 433 EWHITNE
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PAHEREDIHE Y, = X x A 1Y, = X x Ay WRERG, ZHRIRGREITER, M
MARBCH E RIS I REER, HOHE ERIIRANSERER Y, RERERY L5 %
RS RER E5E2FMm,

M XK N[ A1 i A2l =M
N I
FEPEX EREA SEERSEREY
I%S#J:;%%%m
K/2
K2
X N Al = M V1 K
AllGather
M —) |\
K/2 K2
;Er;t;x X N A2 = M ¥ EREREY

410 WHREMEFREFKEF TR RO

B4 115 H TS EOEFHZIIT o HRE, T e EREREN, i ARERE X SR80y
X = [X1|Xo]o RN, RAEMEER, SAREEMDMIHERS L, 8MTRREHIIE ¥ =
X1 x A MY, = Xo x Aye WEZEMG, 2 MTHRIZSHIEERBAILHMF BTSSR, A
DS EIREARIEERIERE Yo [FRE, XM 753, BErl DARIEECE: ERTTHRSR T, FFRoLs Tt
RREWAFTIRAMN, SCATDARIE TR & IE 1770 75 30AT D RS H0 A BTN,

Transformer H1HY FFN Z5#0 0 SWMERERE (FC) &, RIEEMMERETE, XM MEREE
AR LR PRI 773K, E4.12FR, NE—A FC RIS EGERELYITITL, X8~ FC
BSEERATUIR, XAEE—A FC BRIV AT 2 5 =1 FC BEdRMAZR (3%510153),
HEAT AE EHE — FC BEILRIEGEEE, Z3LBEENNRIRNKEIFITS FEN KL, Kl
BEZMMNRSL, FIHET FEN BRI T, HAEREY 77 X aE4.13FR, EARRT DA
SR [135]6

PRSI G — B — %1% Softmax 1 Cross_entropy 73R 11522 X 2% (Cross Entropy
Loss) o WIEREFIBEAFE R, SFBRUERGNETLIEFEN A logit JEME, FHAIX—KE
T, FIDUZBRANLEEY) oy, [FNEE RS RIEE, SRIREZNRRNREIE, EAHE
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K
5 A1
M X1 I X2 X N -------- = M \:|
1 A2
N
5EPEX 5EFEA ERIESY
E FEeEM
N/2 K K
M X1 » N2 A1 =M Y1 K
AllReduce
K ) M
M X2 X ne a2 — v2
—M cEmEEY
N/2 K

B 411 AN REMEREFKEHITRITD R

Sy =ceuxa) v Z=Dropout(YB) :

|
!
i Q
: = X [=| XA, |=>°g|=>|="=> Y1B; |=>|=>
1 1
H |
L J |
1 1
: :
|
1
H T
1
1
1
1
1
1
|
1

Q
=X = x4, |=|& -:»-:» Y3B, -:»-:»
()

l
[~ ]

412 FNN GBS HTREEDS

172 softmax {H, AU R:

ewi ewi_lﬂmaz ex'i_xmam
SOftmaX('ri) = Ejewj = Ejewjfaim,az - ENEjewj7I7"a1' (44)
Tonaz = max(mkax(xk)) (4.5)
p

Hrp, p TREEBHITHNRE S, 152 Softmax THHEEERZ G, RN XARS Target #2587,
MEERIE IR, REEHT—ERE, FRFTERIIL, BNIE, RFEEHT=R
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Z = Dropout(Y B)

HBl.:¢II._
Y2 By ':>':>

l
™

l
]

B 4.13 ZLBEEBINFIKEFITRER!
/NEIEE, BURT PASEARRR UH RS T 5L,
PyTorch £21tt 7 4k 5k AN FFEAT API, DistributedTensor, 2 T kK FE A E HIR
APL AT “nn.Module” MAT5KEIAT, i DARJLATARERE AT DASEEN — N KI5k &t 150 e

import torch
from torch.distributed._tensor import DTensor, DeviceMesh, Shard, distribute_tensor

# AT A WAL S A (5 ENREEN)
device_mesh = DeviceMesh("cuda", [0, 1, 2, 3])
# WRRERFTELLN
rowwise_placement=[Shard(0)]

# WRBEHATEAN DR
colwise_placement=[Shard(1)]

big_tensor = torch.randn(888, 12)
# A RKER E AR E W RELEERTHON

rowwise_tensor = distribute_tensor(big_tensor, device_mesh=device_mesh, placements=rowwise_placement)

XF14 “nn.Linear” IXFEELEH “torch.Tensor” {ENSEAIMEIEE, WIRME T APT “dis-
tribute_module” fERRZEHEIFITIKEIT, SERBUT:

import torch
from torch.distributed._tensor import DeviceMesh, Shard, distribute_tensor,distribute_module

class MyModule(nn.Module):
def __init__(self):
super ). __init__Q)
self.fcl = nn.Linear(8, 8)
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self.fc2 = nn.Linear(8, 8)
self.relu = nn.ReLU(Q)

def forward(self, input):
return self.relu(self.fcl(input) + self.fc2(input))

mesh = DeviceMesh(device_type="cuda", mesh=[[0, 1], [2, 31])

def shard_params(mod_name, mod, mesh):
rowwise_placement = [Shard(0)]
def to_dist_tensor(t): return distribute_tensor(t, mesh, rowwise_placement)
mod._apply(to_dist_tensor)

sharded_module = distribute_module(MyModule(), mesh, partition_fn=shard_params)
def shard_fc(mod_name, mod, mesh):

rowwise_placement = [Shard(0)]

if mod_name == "fcl":

mod.weight = torch.nn.Parameter(distribute_tensor (mod.weight, mesh, rowwise_placement))

sharded_module = distribute_module(MyModule(), mesh, partition_fn=shard_fc)

423 BEFHIT

JBE 717 (Hybrid Parallelism, HP) @R ZFHATRISWEIRHAT. MKSHATMKEIFITE
HATIRAMH, WSS REFFITRE, REITA DR ZIESMITERBIIIR, PARK
FRE AR S T RMERERIRCR,, SN TR KTE S A, @R MRS SN E A K& IHT
Mg, BT IZRIEH RAIMIEE R, T A RS & NEEIR F TR Z AR & s S
e WEHKEIFT, MEARARZEN D NZ DI E, BN BB REINES AT R, XA
Al AR Z GBS ERE S, FRIEIEHLES 2 (811 U@ S kg T A AT A EdE, DA
AR EERERNCE, &G, EINEEMERHTHR, DM EEE, EARKYIZRE
£, EIEIRHT, WIIGEER T RBIZHMRSS S LEHTHATOME, SFHRSHREHEAR R LR
LR, XFERT DAFE I 2 G ARSS 2R R IR, IR AIIZRII & B, MR EE ORI ZRIE

BLOOM f# i 7" Megatron-DeepSpeed!! % #EZLHATIIZR, FERZN MRS Megatron-LM &
ok EHATRE A EEEMNEURIE; DeepSpeed!!38! $24k ZeRO ifbaf. BT L DAL H LAY 5316
RMNZRA M, X7y AT DA, sk ERIR/KZ=4E7F17, BLOOM BEAYYIZRIN R A HY
FATH AL E 4140777, BLOOM FAYIZREEF T 1 48 > NVIDIA DGX-A100 ARS5 254 A
B, 1 DGX-A100 iR% 4 75 8 K NVIDIA A100 80GB GPU, S i1 384 5Kk, BLOOM il
SRR B RIG Z E e R 48 D—d, HITEERIFIT, HETok, BRI N 12 MR,
WATIRKREIT. B HTERIERIEK 2> 5 4 5K GPU H, 75k &EFF1T, [FR BLOOM tfHEH T
ZeRO (FJURMUALER) 13— PR THEADS SR G . A T FRpg N0 3R] DLSEEE
B GPU H&EROH T,
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(BIRFHITIE=8)
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SRS < :
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414 BLOOM H&E8{)|| 40 R BRI FHTiT & L5H B

4.2.4 THEIZERFML

LATRIE S EAIZRIE R R A Adam UILETE, BRTHREGDISEMEZIN, TRE—HM5)
# (Momentum) F1_3& (Variance), EIR Adam LB LA SGD B BHE H MR HIFtHE R
E, ERNIRIRSENENSHEZFE R, NTRENELH, REBRFACERATRAKEE
15 (Mixed Precision Training) /738, BI[RII7ZTEFP16 (16 (1% %) 5& BF16 (Bfloatl6) FIFP32
G2 MiFAE) Wik EUE, FP32, FP16 F1 BF16 FRaN&4.15F17R, FP32 #5831 M NFF S
i, 26 30 256 23 (L FRRFEEL, 56 22 256 0 i H TR~ %L, FP16 H3E 15 M NFFS17, 56 14
FZE 10 ML HTRRIEEL, 59 FI5E o A TR REEL BF16 & 15 NS4, 28 14 BEE 747
RTFRRIEE, 66 2158 o A TFRRE. HT FPle MMEX A L FP32 MEXE/MREZ, FrlA
EHEEREPRAS B LR REEH, BF16 AT FP16 DU BUE KIMEX FIFEE, H
52, HT FP16 Ml BF16 f8%% FP32 FEEMK, YIZRd A nT B8 S HEUR B T AR A SRR 1 (Al s,
Rk, T — SRR A, Blanansmkdait (Dynamic Loss Scaling) HIESHEE
#1£288 (Mixed Precision Optimizer) .

RERERARIRUE4.16F7R, Adam MLAEIRSEIEESEE . —Fish&f —/M3)
HACRHA FP32 (RN, TR ARSI R FP16 MRk R, HAIS
BEN O, WHFE 20 + 20 + (4P + 4D + 40) = 160 FT{FME. HA Adam IR 75%. 3
BIRGERUR AERERT, KR (dLoss) FalK 2K £%, [l G HRE IS 2 30E bR 5L
BN RAEREG, ERERESE/ 2K 5, IEIEEE, 20RN, MTHE 7512
NSRRI R FPi16 #83, RFRE 15GB RSN, (H2TEIIZRM BRSSP /&
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=i B8 B#
(8 bit) (23 bit)
FP32 31|30(29|28(27|26(25(24(23|22|21(20|19(18|17(16|15(14|13(12|11|10|9 |8 (7|6 |5|4(3|2|1 |0
S 158 =231
(5 bit) (10 bit)
FP16 15(14|13|12|11(10|/9 |8 |7 |6 |5|4 |3 |2(1]|0
S 158 =23
(8 bit) (7 bit)
BF16
15(14|13|12|11({10|/9 |8 |7 |6 |5|4 |3 |2(1]|0

4.15 FP32. FP16 #1 BF16 &R

FIFEDR 120GB, HHE RN L HPBRTHEARESZ S8, IEEFIFRIRE (Residual States), BIEHITE
B (Activation), ERUIGINZZMIX (Buffer) PARTCIEMFERAREAZR (Fragmentation) %, BT
PSR ARG A (Activation Checkpointing) 77 SIS ISTEAE AT o F RIEE /D, Al ktan ey
I ARBRLRGS U H 2 Adam UERIRAZ MR ONAE & F IR S B

iR . 153
FP16 AIFETE *%16&
BEE
FP16
TERERLR
ENAIRKAER EmEitE
AR RAERIRTS
—— FP16 —
BB HEISE
FP32 FP32
~———— —
( A )
—MHE TR —HEhE
FP32 FP32
~———— ~————
) )
“khaE “WahE
FP32 FP32
~———— ~————

416 REREMNLIE

TR (Zero Redundancy Data Parallelism, ZeRO) HFRFLEH WNEALKSHFiEHITE
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BRITARMEALI-141, ZeRO Y X 7575, B BELRES RS IR Z N0 X, BN RS R
RIEFHAH 0, XEBRNIGRGN A FELEF — M BAERES, B> 7 NEIEFEREE T,
HARRYL, GiE4.17FR, ZeRO €135 AR =Aiyik:

o X Adam RAZHRSHIT X, E4.179 P,s 5. BAISERIBEEMRAZ B M ERER
F—fy. UL, BNTEREMTENTR 40 + 22 795, Hrh N 2R &EE, 4 N L
RN, SRR SHNFEERET 40B, HElZ2FEK 169B 1 1,

o WEBRIREHIT X, B4.17H0 Posy o BRISEURR B DU EIRERE . N,
MIEREIFNFZ 20 + 22022 5295, 24 N HAEKN, SN ERE SHNGEER T
20B, tHELZER 160B HY 1/8,

o NEEISEAMHEIT X, B41TH0 Posygrpo LN, BMTHEIREMTNGR 1828, 2 N
FEfRR, AT RIS S NN T 0o

1881 18 1BEN EANRENESR
®=75{Z. N=64
120GB
Pos 31.4GB
Possg 16.6GB
Poseqep 1.96GB
RS s HrALERIRS

417 ZeRO ETURM(LEE

£ DeepSpeed HEZEHT, P, MR Zero-1, Posig NI Zero-2, Posygip NI Zero-3, SCHR [141]
FRHIR ZeRO LA 77 IR R AVIBAS IS MG 0T 7047, Zero-1 1 Zero-2 MEKHERIZH
s, @A —E IR, (H2 AR MERENATR/ N, Zero-3 FTRAYIE S ENIZ IEHIBE &M
1.5 1%

PyTorch FHSEIL T ZeRO fifk771%, RILAf# ZeroRedundancyOptimizer VW, A5
“torch.nn.parallel.DistributedDataParallel” Z5& i, PAB/D G N THEIZSENAZIEEEFE. (HH
ZeroRedundancyOptimizer FJZZ AL NAR:
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import os

import torch

import torch.distributed as dist

import torch.multiprocessing as mp

import torch.nn as nn

import torch.optim as optim

from torch.distributed.optim import ZeroRedundancyOptimizer
from torch.nn.parallel import DistributedDataParallel as DDP

def print_peak_memory(prefix, device):
if device ==
print (£"{prefix}: {torch.cuda.max_memory_allocated(device) // 1e6}MB ")

def example(rank, world_size, use_zero):
torch.manual_seed(0)
torch.cuda.manual_seed(0)
os.environ['MASTER_ADDR']
os.environ['MASTER_PORT']
# G EBRNHEL

dist.init_process_group("gloo", rank=rank, world_size=world_size)

'localhost’
'29500'

# AN
model = nn.Sequential (*[nn.Linear (2000, 2000).to(rank) for _ in range(20)])
print_peak_memory("Max memory allocated after creating local model", rank)

# 4% DOP A
ddp_model = DDP(model, device_ids=[rank])
print_peak_memory("Max memory allocated after creating DDP", rank)

# Xk @B A B
loss_fn = nn.MSELoss()
if use_zero:
optimizer = ZeroRedundancyOptimizer( # iX Z{# fl T ZeroRedundancyOptimizer
ddp_model . parameters(),
optimizer_class=torch.optim.Adam, # % 7 Adam
1r=0.01
)
else:
optimizer = torch.optim.Adam(ddp_model.parameters(), 1lr=0.01)

# 0 th

outputs = ddp_model (torch.randn(20, 2000).to(rank))
labels = torch.randn(20, 2000).to(rank)

# R th g

loss_fn(outputs, labels).backward()

# EHLR

print_peak_memory("Max memory allocated before optimizer step()", rank)
optimizer.step()

print_peak_memory("Max memory allocated after optimizer step()", rank)

print(f"params sum is: {sum(model.parameters()).sum()}")
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def main():
world_size = 2
print("=== Using ZeroRedundancyOptimizer ===")
mp . spawn (example,
args=(world_size, True),
nprocs=world_size,
join=True)

print("=== Not Using ZeroRedundancyOptimizer ==="
mp . spawn (example,
args=(world_size, False),
nprocs=world_size,
join=True)
if __name__=="__main__":
main()

AT RS, RTCASEIn Mt

=== Using ZeroRedundancyOptimizer ===

Max memory allocated after creating local model: 335.0MB
Max memory allocated after creating DDP: 656.0MB

Max memory allocated before optimizer step(): 992.0MB
Max memory allocated after optimizer step(): 1361.0MB
params sum is: -3453.6123046875

params sum is: -3453.6123046875

=== Not Using ZeroRedundancyOptimizer ===

Max memory allocated after creating local model: 335.0MB
Max memory allocated after creating DDP: 656.0MB

Max memory allocated before optimizer step(): 992.0MB
Max memory allocated after optimizer step(): 1697.0MB
params sum is: -3453.6123046875

params sum is: -3453.6123046875

AIDESR, EHBRERZE, L2 EHH ZeroRedundancyOptimizer, RIS ECEEEH T [FAEN
%o %8 H ZeroRedundancyOptimizer SKE12E Adam Ufba8fG, LIbaRy step() ERIERINAFIEG(E TS
FE/E Adam NAFTHFER—5,

4.3 DI SRR EEBE SR

SN AT LA B2 GRS IR R R (Computing Cluster) FE/%, MERAEAIZ
MFRERIES MRS, KIESHEREN, MABEIREEE BT, IR ERE
SiaeiteEEs (High Performance Computing Cluster, HPC) , HHIREiR 2 EIIHEREN
TEH SR ML A m e T B IR RS, FEAMANE NN SRS RN
(Parameter Server, PS) FIZEHULMEZEH (Decentralized Network)
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ARERE RN AR R RV, IR BN R R G AR AR
SRR as AR R DS

4.3.1 SMHEETTESREFEFHMN

SR PERE T AR RE RO RE AR AN I 4.18F R, BT RERE S REWH I RINE R &
MRS a8, BPRFGSHETEZ MHEMERE (B8F 2-16 o 2 PRFHEIPIREE D
HUAE (Rack) ™, ARSSasidd 2T HAL (Top of Rack Switch, ToR) HEHZNMZE, TELRTHIZZ AL
BHUTHOLR, Al DB AEZR T A LRI AN T2l (Spine Switch) M —PREARTHIHIAE, iX
MHERIRSS A RN R — N2 B (Multi-Level Tree)

BFRHH 1
(Spine Switch)
RN 1 RINAARAL 2
(ToR Switch) (ToR Switch)
o0 45 B
(BAKM, InfiniBand)
ARSTER 1 AR%5EE 2 AR%5E 3 fRg5as 4
PCI
TSR EE q — cpu 4 — cpu q CPU 4 —{ cpu
I S S
QPI
b JIGE i JIEeT
4 CPU 4 CPU 4 CPU 4 CPU
=) et ] L]

4.18 HAEBFHHNIIGM T EEEEAAR

Z EW R ERETEYIAEREIS (Cross-Rack Communication) S H ML, CAEE 1750
LS50 GPT-3 BN, F—NSEUE 32 MF S8 FR, IaF—lgERilg,, 840
FRIEIA  (Model Replica) £4:h% 700GB (Rl 175G x4 Bytes = 700GB) FIAHUEAEXHE, BRaIR
MEE 1024 FROHHREER, 08 128 MEEREIR, IBAZR/DTEELH 89.6TB (H 700GBx 128 =
89.6TB) HIBREEME, IXSIERT™ ENMZSIEESHI, Fit, o KIESERRIZR, @HER
FARERU42) (Fat-Tree) $HFMEGA, TEISTEIMSE 58 TCIE. AN, SRAH InfiniBand (IB) %K
FEEEIEMLS, B InfiniBand BEES AT DA {HE 200Gb/s B0 400Gb/s i i, NVIDIA [ DGX k%%
ARPRALEAAL 1.6Tb (200Gbx8) MZH B, HGX ARG a /L% %5 82 0] DUAE] 3.2Tb (400Gbx8),

BAANIRSS AR PNIEH 2 Bl 16 N IEIL AR, IX e T+ B s 2 R @ T 5 2 5
WA R E RN R, NSIX LT BN AR RS54 PCLSZREE, 28K IRSS 28N ER
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THEANE L& 2 BE TR, PCle 5.0 St L RESR (i 128GB/s 1Y %E, T NVIDIA H100 R &
T % MNTF (High-Bandwidth Memory, HBM) F] A2t 3350GB/s YA %, [RIItL, ARG5S a3 AIE0E R
KA T FAIILEZRK ,, NVIDIA HGX H100 8 GPU R5#%, R T NVLink #1 NVSwitch (NVLink %&
Al BOR, WE4.198R, B H100 GPU #5346 21> NVLink ¥i [, FFIZEHEZIFTE Y NVSwitch
o B NVSwitch B2 —MNE 2 TCRH IR AL, S8 RIERFTE 8 1 H100 HEANHE K, NVSwitch
(X AhsE R IERE IR NS, EFFARSS B3P (AT H100 A+ 2 [AIET AT DUXE] 900GB/s X ANE(S
HE,

& 4.19 NVIDIA HGX H100 8-GPU NVLink 1 NVSwitch iEziER] 1133

4.3.2 SRR RN

SHERSE (Parameter Server, PS) ZRMMIDMAIIZRRGHEMMIRSS St IZRIRSS &=
MBEIRST a5, SRR SRR RNFRIFNIBE IR, g s ZRERRIHE
B, E420fR T — D EASEIRS a8 A I ZRE R R B, 2R D IIZR RS
M N SEIRS &R BRRE DA WD SHD X, 00 XEH— NSRS a1
HITSHED, wlgEES, SMNIGRIRSS S a SRR, FR RS R S5 a5 B 2R
BIEEYI R (Dataset Shard) MEATHE, RS AR AR ZIM N S EUIRSS 48, SEURSS S 25 FF
P MNIERAR S SR Bl s BB EEHERS, SRR AR FEIRRE, H S, 25, SHRGa2E
NGRS e BT IS, FOT A N —5eiIIZRIE R,

SRS T o3 A N ZR RE AT AL 73 [R5 I 2R S22 I ZR s X

o [RIPNGR: YIZRIRSS AR AE 2 — D IMLIRITIIZRG, R HR A SRS &8, SEUIRSS &=

FERWEIFTA IZRIRSS as B G, BHTRER SIS EEET,
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SHIRSER 1 SHRSS=R 2

SBHHK 1 SHHK 2

RIEVSE HEXSH
IR =S 1 WIERARSS =S 2
PX1 | HX2 X1 | HX2

E4.20 SRS BE RGN

« FHNGR: YIZRIRSS AEZE R — D IMLIRITIZRIS, RiEb XA S EURSS &8, B2 SER
55 e NSRRI AR IRSS s IR, T2 BT ERRIREIRTRR T SR,
R IZREE RS, RS RS & 2 E MG UIZRIRSS a8 e A A/ MILRRTIINZR, AR5
RS, SEEEMNZREREEE, FPURERER TSR RERLH, IZRIRSS a5 n)
DS TSR, YIZRERRE] THRRIERT . HRRENGIA T 52 BRIl = S80I
GRRB NN, EEEE & BIINZRRRINN AR E B ARG DU 7 SRR T,

4.3.3 FHIMEEM

FHitMt (Decentralized Network) ZRAGNIR AR S IEE LM A NING RS, 1EEHOMEEEN
Hh, AT RARSS A EEHIY R, TR H T R B T ERREE AN, X R A 2 AT A
B BISHISR, 1RESAGNAIY B, BT YR Z B DO THE TISANERE, ZH0 ey
Al AR Z FRGEES T, @ ERERNE, Mg e, sl A 75 8 W 2
S EEEHAEEE, fLURITES&EE (Collective communication, CC) FASKSZIN, & &
{Z 1B 1% Broadcast, Scatter, Reduce, All-Reduce, Gather, All-Gather, Reduce-Scatter, All-to-All
H, REE 42 THNERKE S ERLIZRRT A XIZRIE 7RG, KE2 M EF0 b
ZEKg, AR EEE AT E M,

R E WY R S IEERIE:

* Broadeast: ¥ 17 Ui H S YEIE ZX BB R HAM T S A mNINGRGHHE A TMSES
BHIaatt. ME42100R, HEIES 1 BR/NN 1 x N BsKEMITT 1, R&EK Rt
B [1 x N| BIRERE,

o Scatter: =17 AU BRI TR 2 FEEU R R HAMFE EAYTT K, Scatter 55 Broadcast IEHEAH{L, 1H
AEIEZ, Scatter R EHRIIANFIFL T, #%FARGMARIERE. WE4.22F0R, RIS



ISl RS2 HEIRE3  ITHIRE4 HEIREL tTEIRE2 HERE3 RS

Broadcast

4.21 #&&3#1E Broadcast FiERF

1VRRAINA 1 x N BISKEI N 4 ) RIEEIAR R T o

HHEIRED HERSE2 HERE3 1HERE4 HEIRED TEIRE2 HERE3 HERE4
Al Al
Bl Scatter B1
C1 C1
D1 D1

4.22 EE\E(S Scatter [FiERHI
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* Reduce: 52— R FIZERIENIGAR, R AR R BT EERIETRE (Aggregation),
A PAZH53 4 SUM, MIN, MAX, PROD, LOR ZFRAIIHLHR(E, ANE4.2377R, Reduce

Sum #IERATE HE T Rikes ERBERICRENT RIS 1, FFPITRAIERE,

EIRE]L HEIRE2 HEIRSE3 iTHIRE4 ITEIgE] HEIRE2 ITEIRE3 iTHIRE4
A
Reduce Sum E
A B C D +
C
+
D

4.23 E&E(Z Reduce Sum [RiERMHI

« All Reduce: 7EFA YT s EHBN FH [EIRERY Reduce #1E, RIFERT A5 A: SUM. MIN, MAX,
PROD. LOR UL #E, All Reduce #/ER] @I #7555 Reduce + Broadcast #1E
5E. W1E4.24Ff7R, All Reduce Sum #/E¥ A THEIZ S _ EEIRIC RS MRS,

FATRAIHRAE,
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ISl RS2 HEIRE3 ITHIRE4 HHEREL TEIRE2 HHERE3 HERE4

All Reduce
Sum

>

w

g

(o)
O+ 0+ @+ >
O+0+ @+ >
O+0+ @™+ >
O+0+ @™+ >

4.24 E8iE(E All Reduce Sum JFiERHI

* Gather: {2 /D1 mi_ERVEBURIER R 515 5L, Gather AT DAFRE N [ 1819 Scatter, 41 El4.25FT
R, Gather B1ERIFTA RS LIEIRIERZITT RIS 1 .,

ITEIRE] ITENRE2 ITEIRE3 iTHIRE4 THEgEl RS2 HEIRE3  ItEIRS4
A B C D A
Gather B
C
D

4.25 E&IE(S Gather [RiBR Y

* All Gather: REFfTA T EICERH ARG T 5 ERVEEE, All Gather #HE T —> Gather 12
JGBRE —> Broadcast #{F, fHE4.2507R, All Gather BIERI A TH IR L AVEHERES]
BAOHRERET,

IHEgEL RS2 IHEIRE3  IEIRS4 HEIREL HHERE2 IHERE3  iHEiREd
A B C D A A A A
All Gather B B B B
C C C C
D D D D

Bl 4.26 &&i#(5 All Gather [RiB/Rf

* Reduce Scatter: FF N RPHKETI N NZ DR, B PRDEG AR R RIREIRE
UGN R A TROERIRIE, BISRA, BOPSESF, WE42777R, BN HHEIREHE
REE AR E Y0 4 B, For k5] 4 DARBITFRIRE S, BNHHERE I AEIER
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THHATR E 1R1F
HEREL RS2 HENRES HEREd HEEEL RS2 HIENRES HERE4

Al A2 A3 A4 AL 51 a o1
+ + + +

B1 B2 B3 B4 ReduceScatter B2 &) D2
+ + + +

1 2 a ca e ES € DE
+ + + +
A4 B4 c4 D4

D1 D2 D3 D4

Bl 4.27 £&3#1S Reduce Scatter [RiERI

© Allto All: RN RHKEYI D NZ DR, BN HIFEL N AT R HE4.28FR,
ARG HAPRKEYI 0 4 B, H 0% E 4 DRI ERE T,

HeeE] HERE2 HERES ERE SHEeE] HERE2 HERES ERE
AL A2 A3 A4 AL Bl c1 D1
B1 B2 B3 B4 AlltoAll 4 B2 2 D2
c1 2 c3 c4 A3 B3 c3 D3
D1 D2 D3 D4 A4 B4 ca D4

4.28 EHEHBE(E All to All [RiERHI

DA ARERP NS 22 AL, BEG AR, InfiniBand 455§, Pytorch S¢ IR & 5% SJHESLIE
HAERARERE, MRS HEEE, & HEEEEH MPL, GLOO M NCCL &, A] DAMRYE AR
G TIE BB E . MPI (Message Passing Interface) 2 — R 2 I TIHEI@EEE, FHT
TE 2R Z BT I8 ST, Gloo /& FaceBook f# Hi A — 1218l MPI FY4E &85 & (Collective
Communications Library), HAAER MPI H2HEEE ORUE, Kl T B4 08 FUE(E, fE51EES
SRR, FF CPU A GPU BRI A 1)1k, NCCL (NVIDIA Collective Communications Library)
& NVIDIA FFEZ RS MERE GPU [MIEEE, LTHTEZ D GPU Z BRI THEEFEMIFEL, K
NCCL /2 NVIDIA 2T B SEAERIR, fefEEAE N HE L, §TE NVIDIA f#ff L,
NCCL HRUCR A L e B S FEE 4F. MPL, GLOO Fl NCCL X #&2RA@ (5 R IE(E GPU 1 CPU
B SCRHE AN R4 PR, TERH TR YIRS, ARYE (s FH BB AR AR AN AR oK, I RRIE Y 1Y
TBIE AT AT RAFREAF LA IR @ o NN R R RERI R, — R S, (SR TE CPU &8
HETUIZRINE, RIS MPI B Gloo /ENIBIS I, MANSZEAE GPU &8 L TIIZE, MIAT A
%4 NCCL 1E MBS,
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#F= 4.1 MPL GLOO #1 NCCL 7£ GPU # CPU IME T WBERIBESZIFHENR

GLOO MPI NCCL
CPU GPU CPU GPU CPU GPU

B

Send
Receive

N
AN
AN

Broadcast
Scatter
Reduce

All Reduce
Gather

All Gather

Reduce Scatter

All To All

Barrier

R S N N N N N N
X X X X X N X X N X X
AN N N N N RN
O 0 D D e D w0 e
X X X X X X X X X X X
AN N N N N YRNRN

o 0 X

A PyTorch i, /23 4R{RI{E Y L3 il (5 J500E, e il 2 T R s & AIE (S o 1 S5 “torch. distributed”
HHAAL A RS :

import os
from typing import Callable

import torch
import torch.distributed as dist

def init_process(rank: int, size: int, fn: Callable[[int, int], None], backend="gloo"):
nn ;‘F]]ﬁé\/ﬂéé]\}'ﬁﬁ%% wen
os.environ["MASTER_ADDR"] = "127.0.0.1"
os.environ["MASTER_PORT"] = "29500"
dist.init_process_group(backend, rank=rank, world_size=size)
fn(rank, size)

B RORAEF “torch.multiprocessing” FFR 2 MR, ARBIFELFFET 4 PNihfe:

import torch.multiprocessing as mp

def func(rank: int, size: int):
# &AM Rt 3
continue

if __name__ == "__main__":
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size = 4

processes = []

mp.set_start_method("spawn")

for rank in range(size):
p = mp.Process(target=init_process, args=(rank, size, func))
p-start()
processes.append(p)

for p in processes:
p-join()

BN BRI E ST “init_process” , # NREVAMH AP 1EEREEL “func” . XEDL Al
Reduce Al

def

do_all_reduce(rank: int, size: int):

# QS PTA A E S A

group = dist.new_group(list(range(size)))

tensor = torch.ones(1)

dist.all_reduce(tensor, op=dist.ReduceOp.SUM, group=group)

# 7 P& dist.ReduceOp.PRODUCT, dist.ReduceOp.MAX, dist.ReduceOp.MIN
# W AGRA 4 WER

print (f" [{rank}] data = {tensor[0]}")

for rank in range(size):
# % “hello_world®
p = mp.Process(target=init_process, args=(rank, size, do_all_reduce))
48 All Reduce J8AERTE, TERTA AT A _EERN H RIFERT Reduce #24E, ATRMSEIAN R :
[3] data = 4.0
[0] data = 4.0
[1] data = 4.0
[2] data = 4.0

4.4 DeepSpeed 3%

DeepSpeed!*®! J&—/™H1 Microsoft /A A FF & FIFFIRIREE S S, SRR @ ARSI

SREVRCERANA Y R, RN A TR REDS S PR AR R BT R IR 2 ST BRI R,
R T ZAERTERINEN R, EREEEGH T, SRR, shASR R A R AR S5 F
£S5, AN, DeepSpeed IEHR M 7 — 4B T A, HUNoMmAIZRER, NEILABRIESE, DA
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F BN & A S A A KBRS 22 ST R (155, DeepSpeed S23& T PyTorch A%,
R EEA B PyTorch YIZRAASIEAZE| DeepSpeed il R AR Z T BHAME N, XHRIFZE AT
PAPRIEFIH DeepSpeed FIPLALDIRESR AR MATTHIIZRESS. DeepSpeed CLEATE R 2 KFIMBIIR &
SJHEAPSEI T A, EEESES, BG3E. BN, KiES 5% BLOOME 154
(1750 {2240 1 MT-NLGU® 5% (5400 {2240 #1/2 R DeepSpeed HEZRTE IR,

DeepSpeed T BALIATE T SCFF AR AR M 258 $2 45 T 88 Z AL SRR AT T 2. DeepSpeed
IS SEB =T AR RIEH S, B ZeRO SCHRHVEHE T, TKEIFATHISKEIFAT, AT AR
AR TAE BT R, Kl 2 3D 4TS, DeepSpeed F] ARMEEA TS EHIE R IR
AL, DeepSpeed 5| N T ZeRO-Offload, fHE GPU REMBIIIZRILH B A7 AR/INK 10 fERIEAEL
HT 7 MH CPU #1 GPU NAFRIIIZRRIEIREA . DeepSpeed Y J& T ZeRO-2, IH4), DeepSpeed
R THEBE R J1#% (Sparse Attention Kernel), XHFACEIEIFE A, BIGAESEEKTYIEA
AIAEAEL, DeepSpeed AL T 1 FLAF Adam L (1-bit Adam), ‘BRI AR LA Adam Bk 1/5
HEEE, FREES Adam RPIRSE, 7TAR R &5 M RIIZRIIRER, FHREUEEITHE,

DeepSpeed [ 3D HAT 73 FIFHBEAF 2R, BREREHIE T BARCRMUERBRN T
M, AT 4.3 THE T 0 mNEHAREZE, ATDIESIEURS] 2023 4 9 A0 IZREE#HE
# >R H NVIDIA DGX/HGX i, FIFFER LS IhF gt B RE, Kk, 801 RN 8 1
HWHENEE & 2 BEAEE SEET %, H2 Rz BREEH SENAEN K. BT RKEHT
A N Rk IE B E i R, R e# B R sk BT I A B A T RN AR A B R
HIT RN BE . WIERSK RIATAIFARE ST NIRRT B THET RN, IR BRI T4 BT
TR, AN ST SO TEIR T, UKEIFITHIEE B AR, Rt n] DU A ES T R
TR, FRNEEERINE R, SPNEERTHR ZIEERIRE R RS K S s
FATHIRRZMER ), R R E S &/ T s ai i HEdE 1T, 1A, SN EEEIHMTH SRR
—/INERS TR NN TIEME, A ANEE R DA BT, s @ (S R R S
FATHE, BRI TIEERN AR E ARG AR,

K4.2945HH T DeepSpeed 3D FHATHRIERE R, EH4H TEE 32 MHEIEEHIT 3D IFTH
BT, MEMLEHIEREITN 4 DRUKER B B MRKEHBRPRETE 4 MKEHTIHRREZ
FHE— X7, &G, BMRKENBA M DN EIEIFATES], #H ZeRO WIZEIUELEX 2 DEIA
Z A A 2R IRAS o

DeepSpeed B ZEMIUNE4.30FR, FEEE =7

* APIs: DeepSpeed $24it T 2 T AP 210, fAifb T YIZRBBAIHERTIIIERE, P R
LA APT 2O RIA]52RUT S5, JEd “initialize” 0] ARIGEILS 128, HAESEPEC
BINGSERNMEARE, XERESHOEFE RFES “ds_configjson” FISCHFH,

« RunTime: DeepSpeed HIRLIBTTINE M, (] Python 1EF LI, TASTERL. HUTHILILIE
AE. TR THIIGES B R mNRgmiee, EEEIESX. B X, KA.
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Data Parallel Rank 0
Pipeline Stage 0 Pipeline Stage 1 Pipeline Stage 2 Pipeline Stage 3

Network Layers 0-7

T000 I000 B0 IR0

Data Parallel Rank 1

Pipeline Stage 0

Network Layers 0-7 Network Layers 8-15 Network Layers 16-23 Network Layers 24-31

& 4.29 DeepSpeed 3D FH{THRIEREE

TRVE. SRR DA R ARG i PR AT N SR 55

* Ops: DeepSpeed MEENZAL:, # C++ 1 CUDA L8, B LITHEAEFTRE, 24t
T—RYEEEIE, BFS Ultrafast Transformer Kernels, fuse LAN kernels, Customary Deals
. Ops Y HFREIBIL @R T EATEAE IR E 5 S I 2Rt R,

4.4.1 ERitS

DeepSpeed $2 4t T /0N IHEAMESE, BEeFREHMR/ LN EENEMIMS: YRmS. 2R
BomE. RHEsS. 2R EIEEEFI 1A DeepSpeed T 175 (master_ip+master_port)
T A AT A HA T SRR AT TAE, 3219 ORI TEARSS R Y TP MIEAN 32715 OHEAR G 5 R E
FV . FHREARRERAGRS, SHEES SIS RICEREES, FHZ2EDNRFCH
ore RIS (node_rank) BRHATENTRME—FRIRAF, HT X REIENLZ ARG,
2FHAERS (rank) BENRFHHENHENME—IRRRE, AT XA EBEZ F@EE &
RS (local_rank) 2D RN N ERRRIME—FRIART, HT X7 F— SN AR
2 ARIE(E, 2REHEE (world_size) BENRFATIBITHIAHEREE, HTWhER P
HATFERZ /D TR AR TR B 58 U 55 il N SR TR A=

TEMLRIEE MG T, DeepSpeed 24t T MPI. GLOO 1 NCCL %1%, W] DAMME RGN
HTIEBFIECE, DeepSpeed BLE X IFEH, TE optimizer Hi 7 HC BIE(E RIE, DA NEM A 1-BitAdam
DA ZSHIEC AR, BoESEH T necl JEHUE:
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=)

&5 — DeepSpeed i=4725/E]
I Training | Tuning | Utility 1/0
DeepSpeed APIs 1

!

Ny = =]
REFIELE
(Pytorch, TensorFLow, ...)

Framework Ops ‘

DeepSpeed Ops ‘
Y

| !
KR E

(CUDA, NCCL, ...)

!

SRR

(Azure ML, Azure VMs, MPI-Based platforms, Local Node, ...)

!

REF

(GPU, CPU, TPU, NPU, ...)

430 DeepSpeed #R¥E5EH

"optimizer": {
"type": "OneBitAdam",
"params": {
"lr": 0.001,
"betas": [
0.8,
0.999
g
"eps": 1le-8,
"weight_decay": 3e-7,
"freeze_step": 400,
"cuda_aware": false,
"comm_backend_name": "nccl"

}
L]

DeepSpeed S ZF0KAY ZeRO HI53 F#Lil, f24E ZeRO-0, ZeRO-1, ZeRO-2, ZeRO-3 PA
ZeRO-Infinity, ZeRO-0 ZEFH TIN5 1, 10K DeepSpeed M 1EN T NEHEIEATEEF; ZeRO-1
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MRS E AT A, RN NEGGH 1/4, BEAESEIERIFATEMER; ZeRO-2 Xifk
ARSI AR T 0 b, SN RIRGER 1/8, BERESEIEIFTHEMEF; ZeRO-3: XL
AR, BB DA RIS EER AT 0 1, WA SERIFA TR E 2R X R, @
EREEBIEHITIERN 1.5 f%; ZeRO-Infinity /2 ZeRO-3 HI#HE, VB NVMe [E AR #
¥ R& GPU 1 CPU NAERIIZR KUY,

PLR /& DeepSpeed f# F ZeRO-3 BLESEHEH:

{
"zero_optimization": {
"stage": 3,
1,
ufP16||: {
"enabled": true
I
"optimizer": {
"type": "AdamW",
"params": {
"lr": 0.001,
"betas": [
0.8,
0.999
1,
"eps": 1le-8,
"weight_decay": 3e-7
}

},
]
}

WA EEAE ZeRO-3 FAh_EAREE{H F ZeRO-Infinity FEIL 2RI EHZE] CPU A, 7] DATERL
B 7 N e E

{

"zero_optimization": {
"stage": 3,
"offload_optimizer": {

"device": "cpu"
}
Ei]
}

EEA] DU — R SEA A EE] CPU NFEH, ERCE S 77 s AL E -
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"zero_optimization": {
"stage": 3,
"offload_optimizer": {

"device": "cpu"
}
"offload_param": {
"device": "cpu"

}

},
L]
}

IR B 2 I AR R NVMe 1, AT DATERC B SO T N R E -

{
"zero_optimization": {
"stage": 3,
"offload_optimizer": {
"device": "nvme",
"nvme_path": "/nvme_data"
}
"offload_param": {
"device": "nvme",
"nvme_path": "/nvme_data"
¥
E}
}

4.4.2 LLaMA 7%zl 35E:
LLaMA A2 H AR AT ERER SRR IRISALE —, FhT LLaMA P iE iR A 25
A DA SR B I 7, (B IRE SR BRI EBURTIMERCE S, AT REA RN i

DeepSpeed HEZRIIIZR LLaMA %Y,
Deepspeed AJ DAREFHIFEZ PyTorch 1 CUDA IR ZERA, HZRIRIER THIET R

FLEEIN, Al DAERIE pip av < 5E Ko

pip install deepspeed

1. I EEERE
] PyTorch 1 Transformers R B I SRR AU EHE 28y, DASEIRAE SAbLE Z ML 11
NUNZRIREE A BHRA IR, TS AR
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« DataLoader: PyTorch f2 iy T 5, F T MEIR S MEEAE 2 A AT ZRBEAL,

« RandomSampler I SequentialSampler: JX/& PyTorch FR LA RAERY. RandomSampler f

HURAEEAE, 1M SequentialSampler /7 RAEE

« DistributedSampler: H T3 = ZRAVEHE R IEER

« default_data_collator: Transformers FEFRHEAYERIABIB ISR RS, F T Z IMEAREE S — Mt

BHIE,

« create_pretrain_dataset: — 1N EE X KE, T AIEMIIZEIESE,

AL E args.local_rank BN —1, ESOUEMH AR (FAHL) 2 MIURIES
(2#1), DistributedSampler FERTE DM INNZRIAEEH, B DI AERERS BHEN — DA E
&, XERFIMIYIZREIS A 6E, TERIIASES, 8 AIBENLE R ds Bl AT, B
PRARRGAN R AR :

from torch.utils.data import Dataloader, RandomSampler, SequentialSampler
from torch.utils.data.distributed import DistributedSampler

from transformers import default_data_collator

from utils.data.data_utils import create_pretrain_dataset

# BURRAE
train_dataset, eval_dataset = create_pretrain_dataset(

args.local_rank,

args.data_path,

args.data_split,

args.data_output_path,

args.seed,

tokenizer,

args.max_seq_len)

# DatalLoaders % :
if args.local_rank == -1:
train_sampler = RandomSampler (train_dataset)
eval_sampler = SequentialSampler(eval_dataset)
else:
train_sampler = DistributedSampler(train_dataset)
eval_sampler = DistributedSampler(eval_dataset)
train_dataloader = Dataloader(train_dataset,
collate_fn=default_data_collator,
sampler=train_sampler,
batch_size=args.per_device_train_batch_size)
eval_dataloader = DatalLoader(eval_dataset,
collate_fn=default_data_collator,
sampler=eval_sampler,
batch_size=args.per_device_eval_batch_size)
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2. HBEEEA

i Transformers FEMMEFIECE LLaMA B S ARSI 53 TA#R . 7EM transformers FEHT S A
LLaMA 81 FHN A s fIBUEC B S, [ from pretrained 75 7 RANEFIZ5H) LLaMA 45
B RERAIECE, N TR AR AT DUE B R A AR K, R ZEHATHARIRE, MR A
BEETREEANS, HHIEER [PAD], IHFMEEFTITNEEEATFRIAM, A, T RUER
RIGENS IERRACIE ) FEE RIS, I NBRIECE IR E TR SHEAR SN ID, &E, AT
PEACARITE R ROPERE, IEFRZEARERIAIAC R IRA KD, BHEBCH 8 BIEE. 1EITIXLED
B, ATDARYBMEI AL E LLaMA &8 NS RISRESS T 7 s, BRI

from transformers import LlamaForCausalLM, LlamaTokenizer, LlamaConfig

# BANGHE KREEHRGA S REEE R R EE L T,
tokenizer = LlamaTokenizer.from_pretrained(
model_name_or_path, fast_tokenizer=True)

if tokenizer.pad_token is None:
# W= tokenizer.eos_token A4 None,
# 18] 517 2 I N BRI T
tokenizer.add_special_tokens({'pad_token': tokenizer.eos_token})
tokenizer.add_special_tokens({'pad_token': '[PAD]'})
tokenizer.padding_side = 'right'

model_config = LlamaConfig.from_pretrained(model_name_or_path)
model = LlamaForCausalLM.from_pretrained(model_name_or_path, config=model_config)

model.config.end_token_id = tokenizer.eos_token_id
model.config.pad_token_id = model.config.eos_token_id
model.resize_token_embeddings (int (

8 *

math.ceil(len(tokenizer) / 8.0))) # make the wvocab size multiple of 8

3. {fL2RiRE
DeepSpeed FEAE AL T =3I AT EIE, W DeepSpeedCPUAdam F1 FusedAdam, JXLEHTLLE
TERFFRAE AL DR S A E R RS AIA R ERl gsi s, ik asii B F EE S — R JymE:

o 8534 JEIT get optimizer grouped parameters FRIECKHRERI S E 0 A — 4 AR
B, S AN, XS AR TIENLER, BiEdPE, eS8
N FHAN RIS E

o MRALEERE: ARIEVIZRIRE QR ETE CPU R TR EEIED), FATRI DAL Deep-
SpeedCPUAdam BY FusedAdam fLftas, IXFRILI AR Z A £ BT Adam (UL TIEML
FIRCHERTRRA, N ARRMUBIIZRIZ B T = 2R RE,

o FIRPEL: NRTEIENFEIR, EIRFERENGFIRTIERELESIR, B, 1
WIZRMTHADRIER 7 > 2 DADIR I 8%, SRS TR ZRrh fa BB R AR ST 58 DASRAS BEAS 4R A AL



o BATIBECE S IE TIEP R, INZRIE BOAS A ST A 2R,
BRI R AR:

pagisEanll

%

111

from transformers import get_scheduler
from deepspeed.ops.adam import DeepSpeedCPUAdam, FusedAdam

FR AR SRR
optimizer_grouped_parameters = get_optimizer_grouped_parameters(
model, args.weight_decay, args.learning rate)

AdamOptimizer = DeepSpeedCPUAdam if args.offload else FusedAdam
optimizer = AdamOptimizer(optimizer_grouped_parameters,
lr=args.learning_rate,
betas=(0.9, 0.95))

num_update_steps_per_epoch = math.ceil(
len(train_dataloader) / args.gradient_accumulation_steps)
1r_scheduler = get_scheduler(
name=args.lr_scheduler_type,
optimizer=optimizer,
num_warmup_steps=args.num_warmup_steps,
num_training_steps=args.num_train_epochs * num_update_steps_per_epoch,

def get_optimizer_grouped_parameters(model,
weight_decay,
no_decay_name_list=[
"bias", "LayerNorm.weight"
:
# BFREQATA, —HANE 77— A
optimizer_grouped_parameters

"params": [
p for n, p in model.named_parameters()
if (not any(nd in n
for nd in no_decay_name_list) and p.requires_grad)

1,
"weight_decay": weight_decay,
}’
{
"params": [
p for n, p in model.named_parameters()
if (any(nd in n
for nd in no_decay_name_list) and p.requires_grad)
Js
"weight_decay": 0.0,
Yo

]

return optimizer_grouped_parameters
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4. DeepSpeed 1 &

ERCEREEITE, X TR S5 GLOBAL BATCH SIZE: %E X T 2 RIHHR AN,
IXEHRTE GPU ISR ISR AN, MICRO_BATCH_SIZE: & T84 GPU LRIt K
/N TEHLIRAEEE AT AFS B KRB RITE A IR Y GPU WAEHIBAT, R RHR A INEG A —/ NGB 7k
8, YIZRBLE K%K get train ds config EEFFFLL FAA:

« ZeRO ffLBLE : ZeRO (Zero Redundancy Optimizer) J& DeepSpeed Te it —FiMLIL K%, &
TR/ DGR R TURFFIIEE R 25, A RS540 offload_param 1 offload_optimizer,
JUVFH PR 2 S RIS B SRS HI 23 CPU,

c REREIZ: ETIRE ple FB, MSHEARIFTLUER 16 MyZ B0 TIIZR, Ml
RIS REIF IR D NAFEE

o BREEEET: J@Id gradient clipping FFEE, FATTAT CAR k- VI Z5R3 A5 Hh A A6 FEE A X0 Tl

« IRETIZHBCE  hybrid_engine F857 LV P EC B B @M ILAIEIR, ani H 55 18] Y e R R
AR SR B RN,

+ TensorBoard Fit & : f# ] DeepSpeed i, A DUEII AL BIE I E %8 K TensorBoard, M8 75
fEHIER BRI SR A,

R UFERALE PR get eval ds_config: MEPREHRML T DeepSpeed HISIELE, SZRECEMLL,
UFERALE NS, HAs SR BB AT
BAARRSUT RATR:

import torch
import deepspeed.comm as dist

GLOBAL_BATCH_SIZE = 32
MICRO_BATCH_SIZE = 4

def get_train_ds_config(offload,
stage=2,
enable_hybrid_engine=False,
inference_tp_size=1,
release_inference_cache=False,
pin_parameters=True,
tp_gather_partition_size=8,
max_out_tokens=512,
enable_tensorboard=False,
tb_path="",
tb_name=""):

# REHE)S4LEH DeepSpeed FLE .
device = "cpu" if offload else "none"
zero_opt_dict = {
"stage": stage,
"offload_param": {
"device": device



pakick=ni

Do
"offload_optimizer": {

"device": device
3,
"stage3_param_persistence_threshold": 1le4,
"stage3_max_live_parameters": 3e7,
"stage3_prefetch_bucket_size": 3e7,
"memory_efficient_linear": False

}

return {

"train_batch_size": GLOBAL_BATCH_SIZE,

"train_micro_batch_size_per_gpu": MICRO_BATCH_SIZE,

"steps_per_print": 10,

"zero_optimization": zero_opt_dict,

llfplell: {
"enabled": True,
"loss_scale_window": 100

Do

"gradient_clipping": 1.0,

"prescale_gradients": False,

"wall_clock_breakdown": False,

"hybrid_engine": {
"enabled": enable_hybrid_engine,
"max_out_tokens": max_out_tokens,
"inference_tp_size": inference_tp_size,
"release_inference_cache": release_inference_cache,
"pin_parameters": pin_parameters,
"tp_gather_partition_size": tp_gather_partition_size,

}’

"tensorboard": {
"enabled": enable_tensorboard,
"output_path": f"{tb_path}/ds_tensorboard_logs/",
"job_name": f"{tb_name}_tensorboard"

def get_eval_ds_config(offload, stage=0):

# ZREHIFFMAEH DeepSpeed FLE .

device = "cpu" if offload else "none"

zero_opt_dict = {
"stage": stage,
"stage3_param_persistence_threshold": 1le4,
"offload_param": {

"device": device

Do

"memory_efficient_linear": False
}
return {

"train_batch_size": GLOBAL_BATCH_SIZE,
"train_micro_batch_size_per_gpu": MICRO_BATCH_SIZE,
"steps_per_print": 10,

"zero_optimization": zero_opt_dict,

% 113
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"fp16": {

"enabled": True
Do
"gradient_clipping": 1.0,
"prescale_gradients": False,
"wall_clock_breakdown": False

5. DeepSpeed #]3a1t

TE1% E DeepSpeed L B S UG, 7] LAFIF DeepSpeed A TEAIIZRHIWIGGIL., FIMG L TRAE ELHE:

s BT Bk, ERERGEIECH A’ GPU (8IS args.local_rank), WHREH
faE, BFBIAEH CUDA &%, &I, B NHEIREEERN GPU,

« Pt E: R mIIZRH, (#H deepspeed.init_distributed() FRECSLI G MNMERE S

HAHRRFES, Wi m XA,

RBCYRTHEN 2 RHDT : 0 m=NIZrH, £/ torch.distributed.get_rank() 2R15 8 MR

HIME—HEFEL 1D,

* 1%'H DeepSpeed BLE : RAEH S (WIZ AT offload. M zero stage 5§), HET
—I DeepSpeed FLE 7L, RIVEIZRILE,

o [F2P A TAEFRE: {#H torch.distributed.barrier() HiR1EHE— P IHIMGLZ AT A E
A5,

+ DeepSpeed #JUAL: IX B FHA—, 1B deepspeed.initialize, F] DU fL{L.25 . ¥
SERTFEER DeepSpeed FL B AL IBLE I, A THIGA L IX R EL IR [B] — N EZARHE DeepSpeed
BCE T T IR BRI 85

s BERER: NTRAIRIEE, SERAE R —MTE BENETS, BRAERZEN AR
A RIS, GNP R 17X NMEDR, 2318 F model.gradient _checkpointing_enable() /7
ERSEIIAE R 6E

BAARRBUTNATR:

import deepspeed

if args.local_rank == -1:
device = torch.device("cuda")

else:
torch.cuda.set_device(args.local_rank)
device = torch.device("cuda", args.local_rank)
# WA REH, CRATEFT L/ GPU.
torch.distributed.init_process_group(backend='nccl')
deepspeed. init_distributed()

args.global_rank = torch.distributed.get_rank()



Al

ds_config = get_train_ds_config(offload=args.offload,
stage=args.zero_stage,
enable_tensorboard=args.enable_tensorboard,
tb_path=args.tensorboard_path,
tb_name="stepl_model")
ds_config[
'train_micro_batch_size_per_gpu'] = args.per_device_train_batch_size
ds_configl[
'train_batch_size'] = args.per_device_train_batch_size * torch.distributed.get_world_size(
) * args.gradient_accumulation_steps

# ZEINGHT.
set_random_seed(args.seed)

torch.distributed.barrier ()

# (| DeepSpeed XA . AL EHATHIHA
model, optimizer, _, lr_scheduler = deepspeed.initialize(
model=model,
optimizer=optimizer,
args=args,
config=ds_config,
1r_scheduler=1r_scheduler,
dist_init_required=True)

if args.gradient_checkpointing:
model.gradient_checkpointing_enable ()

115

6. =A%k
6B DeepSpeed NEZLSLIRX BRI LR, NP IRARE T AR HTEL:

o VIZRATHIMERS : (M print_rank 0 BF&CE H L ATRYIIZRIRES, R EBIRR A e e Of

WRTHE) SFTHNHE, BR T Z2HENE TEE M, BRI, MNEREHT
TRV, TR R R,
WIZRIEPR : B AR T 46, A F T ED Y w8 SRS B AR AR B OR AR BB i s e iei®
FEIF NI GPU & B8 B IX ML GH A TR E R T E 1125 o F model.backward(loss)
HWHEBE, A model.step() EHMEMSEL, N T EFHRE, BE2EH print_throughput PRIEL
FTENEM &, XEBT T BRI ZRd AR,
REEEAL: GNSHEE Tt B %, BRRPRESHEC B RR . B DATEAR FRIAIAE AR
1%, 4 Hugging Face MBS EL DeepSpeed 1Y Zero Stage 3 F#EIE T, save hf format
PRI T IR1EAESEY N Hugging Face #83X, XS Y205 RO AT DA A Hugging Face [
from_pretrained 77 {E B M#E, X T Zero Stage 3, save zero three model BRI 1 SRR 17,
FIEXDIEL, B GPU RIRTE TR —HB 77

BAARRSUT NATR:
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# HANGH 4.
print_rank_O("****x Running training ****x", args.global_rank)
print_rank_0(
f"**x**xx Evaluating perplexity, \
Epoch {0}/{args.num_train_epochs} *x*xx",
args.global_rank)
perplexity = evaluation(model, eval_dataloader)
print_rank_O(f"ppl: {perplexityl}", args.global_rank)

for epoch in range(args.num_train_epochs):
print_rank_0(
f"Beginning of Epoch {epoch+1}/{args.num_train_epochs}, \
Total Micro Batches {len(train_dataloader)l}",
args.global_rank)
model.train()
import time
for step, batch in enumerate(train_dataloader):
start = time.time()
batch = to_device(batch, device)
outputs = model (**batch, use_cache=False)
loss = outputs.loss
if args.print_loss:
print(
f"Epoch: {epoch}, Step: {step}, \
Rank: {torch.distributed.get_rank()}, loss = {loss}"
)
model.backward(loss)
model.step()
end = time.time()
if torch.distributed.get_rank() ==
print_throughput (model.model, args, end - start,
args.global_rank)

if args.output_dir is not None:
print_rank_O('saving the final model ...', args.global_rank)
model = convert_lora_to_linear_layer (model)

if args.global_rank == O:
save_hf_format(model, tokenizer, args)

if args.zero_stage == 3:
# XF Zero W& 3, BN GPU REBAN—HL, HRANEE—MANRFER.
save_zero_three_model (model,
args.global_rank,
args.output_dir,
zero_stage=args.zero_stage)

def print_rank_O(msg, rank=0):
if rank <= 0:
print (msg)

# WERBNH T Zero M 1 Fn 2 fhAELE,
def print_throughput(hf_model, args, e2e_time, rank=0):
if rank <= 0:



hf_config = hf_model.config
num_layers, hidden_size, vocab_size = get_hf_configs(hf_config)

gpus_per_model = torch.distributed.get_world_size()
seq_length = args.max_seq_len
batch_size = args.per_device_train_batch_size
samples_per_second = batch_size / e2e_time
checkpoint_activations_factor = 4 if args.gradient_checkpointing else 3
if args.lora_dim > O:

k = args.lora_dim * 2 / hidden_size

checkpoint_activations_factor -= (1 - k)

hf_model._num_params = sum([
p.ds_numel if hasattr(p, "ds_tensor") else p.numel()
for p in hf_model.parameters()

D

params_in_billions = hf_model._num_params / (1e9)

# Megatron X F it &% FLOPs WA=
train_flops_per_iteration = calculate_flops(
checkpoint_activations_factor, batch_size, seq_length, hf_config)

train_tflops = train_flops_per_iteration / (e2e_time * gpus_per_model *
(10%%12))

param_string = f"{params_in_billions:.3f} B" if params_in_billions != 0 else "NA"

print(
f"Model Parameters: {param_string}, Latency: {e2e_time:.2f}s, \
TFLOPs: {train_tflops:.2f}, Samples/sec: {samples_per_second:.2f}, \
Time/seq {e2e_time/batch_size:.2f}s, Batch Size: {batch_size}, \
Sequence Length: {seq_lengthl}"

def save_hf_format(model, tokenizer, args, sub_folder=""):
# Bl THRE Hugging Face #% X, WWERAITUE hf.from pretrained F ¥,
model_to_save = model.module if hasattr(model, 'module') else model
CONFIG_NAME = "config.json"
WEIGHTS_NAME = "pytorch_model.bin"
output_dir = os.path.join(args.output_dir, sub_folder)
os.makedirs (output_dir, exist_ok=True)
output_model_file = os.path.join(output_dir, WEIGHTS_NAME)
output_config_file = os.path.join(output_dir, CONFIG_NAME)
save_dict = model_to_save.state_dict()
for key in list(save_dict.keys()):

if "lora" in key:
del save_dict[key]

torch.save(save_dict, output_model_file)
model_to_save.config.to_json_file(output_config_file)
tokenizer.save_vocabulary(output_dir)

def save_zero_three_model(model_ema, global_rank, save_dir, zero_stage=0):
zero_stage_3 = (zero_stage == 3)
os.makedirs(save_dir, exist_ok=True)
WEIGHTS_NAME = "pytorch_model.bin"

%
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output_model_file = os.path.join(save_dir, WEIGHTS_NAME)

model_to_save = model_ema.module if hasattr(model_ema,
'module') else model_ema

if not zero_stage_3:

if global_rank == O:

torch.save(model_to_save.state_dict(), output_model_file)

else:

output_state_dict = {}

for k, v in model_to_save.named_parameters():

if hasattr(v, 'ds_id'):
with deepspeed.zero.GatheredParameters(_z3_params_to_fetch([v]),
enabled=zero_stage_3):
v_p = v.data.cpu()
else:
v_p = v.cpu()
if global_rank == O and "lora" not in k:
output_state_dict[k] = v_p
if global_rank == 0:
torch.save (output_state_dict, output_model_file)
del output_state_dict

4.5 SLEBEE

KBS HEAIGEREFTEATRRKEITERIR, LLaMA-2 70B HALIZRE BN 172 77 GPU /)
I, fEH 1024 ~ A100 85, FTEAEDE 70 RINAl, XA SMEREIAN T RIE S AL 2Rk
BSIUNEE, KRGS &SRR R R B 8 & A100 80GB SXM 5
# H100 80GB SXM 2R, ARSS 882 RIR A 400Gb PA_b S InfiniBand WI4%, 5% FHEART R0 2%
4, 2023 455 A, NVIDIA &7 T DGX GH200 B HAL, #H NVLink Switch &%, # 256
I GH200 Grace Hopper 571 144TB HYFEZ NI IERZ R — MR BIT, JE KRR IE S 58
WIZRERAE T R BLA

DeepSpeed! 38, Megatron-LMU3], Colossal-AIl*4! 22 ff o 11 I AEZEER AT A T RIES
BRZR, BT HETRZHBOTRIE S BRAUE 2 E T Huggingface Transformers 714, K NTE7 A
AL LR | FHE 8 Huggingface Transformers FYVCAL, iR =Hf10 47 XM T Huggingface
Transformers SCRFAFN T, 1HAh, TACLA B RKHIBE SHEAIAFRZR S BIEIT. kLIt
1TARGKEFAT, HAPsKEFFTHREN R A IE T — @R E B, FASEE 300 1224
TR ATDUANME R K EIFAT, (EH BT 90 R ZAEZE LT R OME BRI S AT ASE IR 2
M2+,

KIB S BRI BB SRR AR/ (Batch Size) . 3% (Learning Rate) . fLfb3¥
(Optimizer) . XLEESEINZEN TRIESHEMREINFIEREE, FESHMIGARENR
H, RESSFEERFT, N THRKNEE, TR EHEBEZERKR, LLaMA-2 HH{#
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MBI RO/ AM TRTE, TTE GPT-3 YIZRA GPT-3 AU/ 32K IZHE Al 3.2M N
TCo FFATESIRIFFERNE, BIARKIESHELERERS ARG (Warm-up) R (Decay) HH,
TEVZRIIRTEAN EE GEH ZIIZEM 0.1% £ 0.5%) SRR E I EREI NS R, HHAR
ERIRAME, RAMERTEE KA 5 x 1075 5 1 x 1074 Z [, M5, RARZEERER, &l
B SRR H R KB 10%, BRGNS, KiESHERIZR0E R Adam!'4S) 5
AdamW Lt 2140 HpRr i FHESEOREIEE N 81 = 0.9, B2 =0.95, ¢ =10"%, A, NTERE
YR FTFEHE AN E R R (Weight Decay) FIHEEE] (Gradient Clipping) J77%, &R BT
HIEEREN 1.0, NEEHRLEN .1,



5. B E 1A

BMEMIA (Supervised Finetuning, SFT) X#7#5<#iA (Instruction Tuning) , EFE7E &%k
YFHIIE SRR R b, @ AR R RS EUE AT — P BIE, MR B g
HIETE L HIRE 1, S BEEIETIGERIES B BEARAS T REN “FR”, E2HTHI
RN B RO T R — MR, I AR A REAS BRI IEE N K B RIE S TEANHES,
N TSR B A BRI A RAESRIRE )], IETREAE RS B RAN HE TRIE, 5 8dE
fIkgiE, IS RURBAR A THE SIOAYIZR, DARANMAIETE SRR B —0 8 K B
AR KIS & AR A I B R R B A T A% Do

ARERE AN ARETNTERE S IR SIRE ), TESLE B 28 S o B e DA R KT
SEA ENE O R, BETEE BRI — s X 5 a7y A R AR R S B,

5.1 RRFIMERFS]

FEFE AR 5 IR 2 1, anal et e Fotil Ry O e 1 5 R AR R RS R L 57
RIERIRR, $ERF SR RIE S BB RHEN. SERERNTIRTTIEAR, R >%
TSR FREN, N SAMESS, BREATFESHE, A, BT AR
B MR, NRARE, BIREMESEA ARPUCEER, $ERFEIRE+0Ea. AT
RN HRR T ST RIRBAELE,  DARFE TR ST A MR AV IESE S T .

5.1.1 IBREZ]

$27R%3) (Prompt-based Learning) NATHESARIRE Y-S, CEEMNH TERERG A L
TINGRNE S AL, FFiEEE L — R R, S IZE AR T AR BB AR
>, PUERAE D BRI AR HT 7 5=,

R R S RGBT 5 TR AR B 1Td, EISAFR, JRIGEA z &1 — MR, B
BRI — A SR EFREN AR o/, RERKXBEIERMAESEL, 15BN DR
B AR P HERRER, AR & RV S R RITIIARAE g, (ERERY
SR BN IR R ARSI D =B SR, BRI R, B R,
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BN x= BRIVOEIT T AESE,

R 0 BEE) (2 ] [gﬁjﬁ{%‘f}zgﬁfﬁﬁf —

B X = BARIMEBT T AHIRE. BRE [2]

R X =HANOEITATRE. HRBE KAFFT > (A

51 RRF3)RA

L RRRIN: ERX P8R, FBEEIRIERIBRR, FRGHSORTIEI MR ISR P
K, —IHMAZNESEARD, fla, ERRORESS, RIEESHRE, AT DI S H
P R AR -

“IX] B&E (217,
Hrp [X] S E AR RR G A T, (2] TR EIE S AR A SR, RuJRiE R
x= “BWANMEL T AHIRE,”
JE AR, BRI R
x' = “BANDEE T AR E, &R (2],

2. BRER: BRI REBARE NESHLG, FEREIESEEX (2] S &
AR 2, IRIBESSFE, A]ASEE SR 2 E RN Z, ERPEIERESH, &
ERE ] AR ENES, ME LTS5+, ER2BE 0 U2 —ERERIEIE, il

Z — { “j{ﬁ?? ”’ “ﬁ?”’ “QQ”, “Z:ﬁ%”’ “*g*llﬁlé” }’ .
IXEETR)TE A] DAy BIBRET 22 AT S R A IR b, BAETR « MmN 2 FEREIESEN
PR fan (2, 2), NTHNERBAPREIEESE, 725 EAERG H E RS, MmE SIS AT
(Z] $ERE AR 0 B = A i L
%2 = search ez P (fan (', 2);0) (5.1

3. BRMRG: [EMEREL 2 A TR RENRE, FOREST, EREHEY
S R RIARE MR . TTIXEEMS U AONHIER), e, 8 K477, “4F” Wl “IE
M7 OPREE, R N, CRERET BRGNP AR, KRR RGN CHRan” AR
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if2e (“KIFT” ) g ="IEm
ifﬁ 6 {“Z'\‘ﬁ}” 7“*@*]??‘” } y _ “ﬁﬁ”
if2e {“—i } g = “rir”

AN, BT H R IKE —R0TIE, IWMEE S ERARTESS, HARER
FORRHII AR AR B RIES . Bk, WAEPIFESTORITTE, B8RSR (Soft Prompt)
), HEREBARAZ PR HRITIR, BRI, ESSRMER TDLER: (1) R TR
A BRES FRARNLR, (2) BN EZIRTIE S B A SSR0RE, Mk, B
AHCHZE, AIDWRYE R ESSRIZRE R TR

TORESTiES THH SR EE, RLRE. ERIE, SRR ETHRRIII
FR RIS T RO MR SIRTAE BT IR FE 717

5.1.2 1BIRF3)

iB18%# 3 (Incontext Learning, ICL) , MR ETx%3), HMLEHRFME GPT-3 BUEAM$EH,
TR SRR A DA B RSB LM 2E S s s AR e S5 a0 — S BRI 7 (th
FRfll, Demonstration) PAREIAIAEG, #AYR] DANELS E R R EISEE MDA BRI A 2.
EI5.20R, DUERITSIAES A, AR A—LE 0 B IE R MR ) 1. B4 FHE R ATARAS .
PANAFINAR A)F, HBAIRT DLE A ELE B e BRI T “Positive”s 1B S ABIEZIER
W —DNTFE, BEAORBIZ IR R —E 7, BRSO EAZE MR bS] BN IR
AT ERERI R TS ECE BT, (TR, KIE SR DU IBR Y SIPITIF 2 E 240
WSS,

BRI LS AL BRI, IEH
R | B TXIpHEL R R, pAlic]
TSI SRR =S RIER. thiz
WA | BRSPS, .
i
| mmmm |

5.2 iBIRF3)RA

B SIENRIE S RN R — i, BAFSMENINS. Bt HoRpEmA
RIEEWMEN, KR T — DAl R SRR S RE S BT B, Hk, AET DA
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gk, WEEYSIIARGIEHRSHEER, XA OCKRR RS AR ALE NSRRI, TR
SIER—REHA 771, HAERLEIA FHRADTE. SR [147] F5 BB ST HoRBIRARE IE
P (R AR H A BAR MR R) FAREHATZAMAIRRRAR, s E E 2 E 2
B AR AR, BRI SR, RSN, TESRESIAMEREXT R E IR EIRBUR, SR
TR, TN SCPRITRBIE E DA SR BRI . A eria i 5 855 S 75 1R B A B KRR E A Y
FIR BN — DN HT BT T 75 18,

5.2 EXREL RN

HTRKIESHEUSHE TR, SHEMNASIRESN, MiESfSEEEEYESNE
71 (REMIAN AR EARER 5.5 THEHANH). AT TERAR, HRARRE T 22805
3 (Parameter Efficient) HUIE 7%, BFEMONG/ D ESEUEERNE N 2| RFTESS. AT LA LoRA
(Low-Rank Adaptation of Large Language Models) 481 Jf5l], /4 @380 858 77 7%. LoRA J5ik
Al AITEAE IR 2280 & M GPU TA7 S HMER, 4 ENER RS S5 2208 4 ERE,

5.2.1 LoRA

SCHR [149] FIRFRFRAA, 1B S BEAE N R EESHEZ G, NEEMEEE AR AIERR
(Intrinsic Rank) , 5 A\ GON S ECE BT & BIER 218/ M 2 R, ARSI SIE R
RN R, $RHE S I R S BORAE, TR R AN ER R B 55 B s IR R B B SR AR R 9 T
S, FLDEBISED b E, Bk, BORTIGRNEN W, ¢ RF A[IIGSEN
AW = BA, Hih B e R, A e R™¥F, WAL, HEFE A @S SHTeREIaGk, %6 B N
TG, FERIIGRITIE 2 B3 BN RN IS R, BISEEMEN 0, N TIXNENRA «
Kit, i N FR:

h =Wz + AWz = Wyz + BAx (5.2)

LoRA BRGNS 3R,

k% LoRA ZAb, WA HAM SRR 75, tiiEiEhc s (Adapter) sV ATZRHHIE (Prefix Tuning)o
TEAL ST 1570 5N Transformer EHIHIERIBIIRE Z 2R (MLP) &, DI MLP fE5
PREVER Z AAINIERCES 2 (Adapter layer) {ENATIIZRSELI0, 207 15 N AR SR INZE Y
TREE, MRS IN RSN N R 8, 24 1% (i AR B BARE TN, IXFF 20N
B, TN T LoRA AURARDRYL, T r LUK R E SYIZRENE S, Bl W =W, + BA,
K AEHEBIN A TE RO MY T, BISRIE 2 e TE i A5 A BT SR I INE S P M RS R E o mT Il
B2, MTHRAMEZNREKMARKEAIR, BETIRTNSEER S, SREAFYIRRK
KRR, FNBAERE, XGRS AT AR RE I ARREE AT IR 2 s BT,
TESCHR [148] AYSERRH, A LoRA J7iKIIZRE) GPT-2, GPT-3 HAAEMITEE M AT IZRSECT,
PEREES LT B 24 T8 F_EIRPIRRGIA 75 7%
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AR ]
(" e ™\
7 v
/7
V4
V4
’ B=0
Y Tllsss i :
e g e —
QEEjJ 4 W’U
4
| | [ A= N(0,02)
[%ﬁgm st [%ﬁﬁﬁ 1
we wk wWv
_______ - Y,

[ I !

5.3 LoRA EjxsEyle8

peft TEHEHE 45 LoRA FENMIZMEHE 7515, HS transformer FEIZR, EHRHIGT
FiR, HA, lora_alpha () FRMGERE, FnSEEHERN AW 25 afr G H 5 EAR
RIS H AN,

from transformers import AutoModelForSeq2SeqLM

from peft import get_peft_config, get_peft_model, LoraConfig, TaskType
model_name_or_path = "bigscience/mtO-large"

tokenizer_name_or_path = "bigscience/mtO-large"

peft_config = LoraConfig(
task_type=TaskType.SEQ_2_SEQ_LM, inference_mode=False, r=8, lora_alpha=32, lora_dropout=0.1

)
model = AutoModelForSeq2SeqLM.from_pretrained(model_name_or_path)
model = get_peft_model(model, peft_config)

R RA peft FEXS LoRA HYSEER, /2 IR AASH get peft model PRELIIENEE, 1% PREET
58T EAEAIHF ] — > PeftModel ZRAVAAY, ATERAE A LoRA fliE 7774, M5 2]— LoraModel

RHIRRL,

class LoraModel (torch.nn.Module) :

nwmnn

NN Lkt Transformers HEA G| # KK EF & (Low Rank Adapter, Lora) #AL

Args:
model ([ ~transformers.PreTrainedModel ]): & F fy A
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config ([ LoraConfig ]): Lora # A Wy &

Returns:
“torch.nn.Module : Lora A

**Attridbuteskx*:
- **model** ([ ~transformers.PreTrainedModel ]) —- Zi& [ty AL
- *¥peft_configx* ([ LoraConfig ]): Lora HA i &

wun

def __init__(self, model, config, adapter_name):
super ). __init__Q)
self .model = model
self.forward = self.model.forward
self.peft_config = config
self.add_adapter (adapter_name, self.peft_configl[adapter_name])

# Transformers A LA —A “.config BN, EEEEHFEX
if not hasattr(self, "config"):
self.config = {"model_type": "custom"}

def add_adapter(self, adapter_name, config=None):
if config is not None:
model_config = getattr(self.model, "config", {"model_type": "custom"})
if hasattr(model_config, "to_dict"):
model_config = model_config.to_dict()

config = self._prepare_lora_config(config, model_config)
self .peft_configl[adapter_name] = config
self._find_and_replace(adapter_name)
if len(self.peft_config) > 1 and self.peft_configl[adapter_name].bias != "none":
raise ValueError(
"LoraModel supports only 1 adapter with bias. When using multiple adapters, \
set bias to 'none' for all adapters."
)
mark_only_lora_as_trainable(self.model, self.peft_configl[adapter_name].bias)
if self.peft_configladapter_name].inference_mode:
_freeze_adapter(self.model, adapter_name)

LoraModel 28J@id add adapter /77571 LoRA |2, 1% /714945 find and replace 1 _mark
only lora_as_trainable PN/ FEZPKEL, mark only lora as_trainable [/E 2K Lora Z¥05% N A]
gk, HRSERSS; find and replace SR config IS EUM AR named_parameters FH
HH SRR AT (BRIADY “q7. V7, BIEEIIEERE Q fl v JEFE) , Gl — DY EE
2K Linear B8, FHREHLJFRA,

class Linear(nn.Linear, Loralayer):
# Lora LHAE—NFEEF
def __init__(
self,
adapter_name: str,
in_features: int,
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Tht

out_features: int,

r: int = 0,

lora_alpha: int = 1,

lora_dropout: float = 0.0,
fan_in_fan_out: bool = False,
is_target_conv_1d_layer: bool = False,
**kwargs,

init_lora_weights = kwargs.pop("init_lora_weights", True)

nn.Linear.__init__(self, in_features, out_features, **kwargs)
Loralayer.__init__(self, in_features=in_features, out_features=out_features)
# RETINF0RE LS

self.weight.requires_grad = False

self.fan_in_fan_out = fan_in_fan_out
if fan_in_fan_out:
self.weight.data = self.weight.data.T

nn.Linear.reset_parameters(self)

self.update_layer (adapter_name, r, lora_alpha, lora_dropout, init_lora_weights)
self.active_adapter = adapter_name

self.is_target_conv_1d_layer = is_target_conv_1d_layer

|4 Linear BERLES, 2244 JF ABIRI A A ETRZ H A Y nn.linear #8457, 34MY LoraLayer
HB853 72 Lora |2, #F update adapter HJ4H L, Linear 281 forward /7iEH, 2R T X LoRA 115
RIS, IXHY self.scaling[self.active_adapter] B[l lora_alpha/r,

result += (

self.lora_B[self.active_adapter] (

self.lora_A[self.active_adapter(self.lora_dropout[self.active_adapter](x))
)

self.scaling[self.active_adapter]

TESCHR [148] LA HSEERH, T GPT-3 A, Y r = 4 HANFEIERE I Q %6/ V JE
MERINSZ RGNS, (RIERIRES s A/ NN T 10000 15 (MR ASHT 350GB 258 35MB),  iIIZk GPU
BAFEEFAMEAR 1.2TB 258 350GB, JIZRHEEH S B SEETR 5 25%.

5.2.2 LoRA B ZT1K

LoRA B EA{ULE RoBERTa, DeBERTa, GPT-3 %5 KiB S8 - HS 7RG IIRICE, i %
Stable Diffusion M5t AAREY H | [RIAEA AT DAFHAR /NS A IR IR KA ) H R LoR A 89235 k2
TN TR RS T2 0E, R N GG T AdaLoRAIST, QLoRA!2] IncreLoR A
PAKZ LoRA-FAUSY S8 757k, ARTTIGTEM N HHH AdaLoRA F1 QLoRA MFF /51,
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1. AdalLoRA

LoRA BIELA A RRRRREREEE T ME—AURE, W20 TR, R ZRSER T A
FREES I EEMEZ R R, SCHR [155] 18 T AdaLoRA (Adaptive Budget Allocation for Parameter-
Efficient Fine-Tuning) 81k, TEMIAII R ARYESAERE N N IT55 O B 2SN ST B R K
/N, DAE— 220 D T I 2R 2 5 Y RN ER R ER = PR RE

N T IRBRERR B ME B FRAERE S R FEREZ R B, 8 R 77 R R R T w7 S E
FRIFER 0/ NI AT B SR, N TR0 SRR U, TR I 2R A2 H IR A T B = 4E AR FE R Y
A HER S B, K, AdaLoRA A ATYIIZRSE AW T8 RAE D, SOV AW = PTQ
(P. T. Q AANIZZE) Ko (E, Hb T AR, rIH—4m&ERR; P Q Mk
ROYPERERE, FTAEBRER BN DA LT -

R(P,Q)=|P"P—-I||7+Q"Q—1I||3 (5.3)

RIS B L 28, SRR A HERIE PR G, RTENE TR
(B R A AR { Pyvi, Av i, Qi } LI S0 HATRR k 2547 FHE B SRR
T & DPEIERE, _EAR ¢ FEIIZRAEIRONES ¢ 58, B TORMRIE AT A 2 A B 21 0 Bk R BT Y
R DOREIRERRA B, AMMTEE SOZERF R ERE, —MiRERSCEEE ST
AFE, MR N RS

I(wij) = |wij Vi, L] (5.4)

Hrr, w; FoRZRSE, b THENSEEN 0 5, SUREEMERZE, Fit, I(w;)
R, FORBERN IS EEBUR, XS EARENIZE IR, AT, HE SRR [156] Fskinss
R, ZHURIEEBEZIR T/ MU BRI ORI & 7T ZRAAENE, R Ean i, MM, X

Bk [156] AR T —RIET 77 SR i U, DA B E R M
I0 (wij) = BT + (1= )TV (wyy) (5.5)
UD(wiz) = BU"™Y + (1 = Bo) IV (wij) — I (wyy)] (5.6)
S(t) (w”) = I t)U(t (57)

JEIE SR X IR S SO TR T T X B, B RS 61 RS SI EE 8, BIFE
JEHIZ UM, BORRA. RAREZEES IR y:

d do
1 1
Skz—S/\kz diz Pk]z (TZ ka] (58)
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2. QLORA

QLoRAMS FHEH X LoRA HIEHAE R BRL, it & i) Zris i &b 4-bit A —20 7
B HEFH. QLoRA AJ L 650 (S EIFEAILE Bk 48GB GPU BRI LREFR A 16-bit FLIAK
M8, QLoRA FFERARN: (1) HFIEHESERY 4-bit NormalFloat (NF4); (2) WEEZE (Double
Quantization); (3) 3 TUifb#s (Paged Optimizers), HAH 7 TULILAHETEVIZII R B ERT
HR R ZRRSE BN, FEERIUCAIRSN EMEEE, £ T REEANE QLoRA H
HIRLIE R,

NF4 2R T 58t (Quantile Quantization) MM, XEMM IS MEEIEE &G,
BAEAXEFRENEEER, BRBEERNEAEHITHIT I RETE k702 — M EEH R
B (Data type) o X T 4-bit SRUi, k = 2* = 16, AMZIENHERNMTFRIESHEINS
BORUZ A2, B EATINGAEBISEIE R 29MEN 0 W&, Fe Ag e —1
FREREHT 2T N(0,1) 3% LR IEB R 4-bit AV EEMEIERE, %R NES R
[—1,1], BEERSEHMGERE [—1,1) BInH0@E kTR, X IEFEN — DN EUEEHER
Ui/ DR 0 BUFRAE, 10 fERRIS B PR EFRORES, MILSERIE S o SCHR [152] HoR At
BUH, AR E RS AR AU AE IE R 59 B M EOFECEAT T IF 8, 4HE U A& BdE R
NF4,

HT QLoRA WEMIIIEW S aE#R1E, U8 Il — BB SN 2R M EEg RN
XA N, [RIE SRR [152] itk Ele, BU/NEREREITaE, 8 TIRE 20 ENEE, 57
FEE T — AR R WA 32 AR EIAE R EL, SRR/ IR 64, 4SS EIAFIE
KNI — N SECER 2 = 0.5 EURIVEOMNTEE, Bl 12.5% RESNEAAFEM, B, &it—5
XX Eeas 2t T 8, BINEE, £ QLoRA W, & 256 MR ST —IR 8 L&
b, REGSERHINTHBEAR 0.5 lRREN 2 + 32556 =0.127 FbFE,

53R P INXEOY E

B B 2 KSR S R I, EREZANE, KO Z SR 5576 L PR ki 2,
XA 557 EAR AU RENS S AT HUACBRE@E H AL NS DR NI SCA N, RE SR ARG S
RITERC PR SO T TR IR G, (HAESCRF RSO T 7 A — 2 bk, IXLEPRAREAEUE X
A_E T SCE FRONBR A, A Meta AL TE 2023 48 2 HFFIRRT LLaMA BRIBT S, HRLE f A SCA
HUIR LR ST 2048 1o IX X IRHIRADN T KA BRAFRIFIERES 1o 1 P8 AN RIXT 5B
KXHHHER, RoR LN XE NN RETCER S| 2R IES, NS BUE B KR r
RREER,

N ELF R R KSORTRR, A OERRIMT RIA RRRNE S, [EHAENS A Rtk
B R ERER. BMAR, TEAH DR ERRY RIE S BN KO ERE

o I ETXEORRIE: RAER7TX, B8 — DR B SCE HRMIA A R
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FillZR Transformer, PAJE N K SCARBBIFE K,
« BRI SORRIAIESAY, W ALBI, LeX!'7] ZAEME Sl — @R _EIEEIME, 1X
EWECA T ATERER B R @ O BT, TR R SC& O R THER,

o fR(EE: B LT SCE ORI B g iE I R (A TS R4 2IOIZRRY b RS O,

SCHR [158] FE Y, G0 bR sc@ ORER 7 U ZRAIEEEY, X T B R SCHIE RORERNE, 1E
23 T 10000 MRATIIZRS, B8R SCE DA /NMEERIEE, M 2048 AN 2560, S
R R R AN R AT AR R E KR R SR OINRCRBAR, ik, A EEAAGH
I B G R E %

5.3.1 EBIMERNIME R

AL B I BEAMERE 1 RIR 6 B RAEMDN AL B S BRI sy, MENAEEEARFET
HON B R, AT IR AR D, A BRI IR — B2 T Transformer £5 1AV EE £,
2017 4F Transformer Z5#421 42 I, /™44 7 PRI B YwbS, —FfE Naive Learned Position Embedding,
Hgh 2 BERT BB YA B 4D ; 55 —FF/2 Sinusoidal Position Embedding, J#Id IE5% KECH
M E A PR — AR SRS . XA AR X ER 2 4a M A B I td T X, KT I ZRd A2
B BT SCE R/, TEHERRIN EEACRS B SMERE T, Bifif5, 2021 4E42 Y Rotary Position Embedding
(RoPE) B2 fE—ERRIE Rk T 4R Bt IMERE 1550 RIE, < T RoPE fi EYmiS i) B R4
T, BAE 2301 WEHT T, XESMAHEKIR, FEAE TS 20U ) PR AGMIXIRE T T5
Bias Position Embedding, EZ7E Attention Map FHR(E, X T AIAEEE A WA Y S — My E
WREE, WEMETEENEE, FHEG—BEHITHERE, WY 7 — MENA BN RS E
Bo XRHEX BAmAGHIIMEERERLF, PTRATE 512 BYYIZRE 1 _EAME 600 /645 I,

1. ALIiBi

2% T5 Bias B934, Press % AfEH T ALiBil®% ik, 2 —M#iE A BfiL, ALBi
FATE Embedding BTSN BYRAY, TMHTE Softmax HIEE RGN — NER AR BT 22 S (1) B I :

Softmax (q; K" +m-[—(i —1),---,—2,—1,0]) (5.9)

ot o AT RRTER SR BRI, M TR 8 ANERSKIURI, A SOh LR
Lol L KT EAESER KR, 16 ANER Sk, B DA LRI
FIH 8 AU TR, MR ohe, & ohe, - ko SEEAEBUT, MF 0 NERSK, REREE
M2 TR, FERMEROEENIR, HH s 4R,

ALIBi AHEEHE B A2, AT - IRV ) S SO TIEST, B a2
Y2 BRI, BN, RSk R RS R R EIE S, SO R, %
RN S HOE TR R AR SRR R S, R E R O SRATER VBRI (A,
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\
1

g1 ki 0

g2 ki g2 ka -1 0

q3:k1 q3-kz q3- k3 + 2N —1 0 .m
qa Ky qa-ka Qs k3 qa- ks =l 2 1 o

gs'Kk1 Qs-kz gs- k3 gs ks gs - ks -4 -3 -2 -1 0

5.4 ALiBi i+ &L 2R M

5.3.2 {@fEi%

ARG ARIE S UL 7 ARG B, BB ERmILEWREEHIZ, FHNT
SR BB BRI R LN SR DR/NIE ARG IR, T A 2R
MERY RARIES BRI R Ok, Sk [158] 18 7 BN, HEA H)IgRK0E S8
Al (f1#5 LLaMA. Falcon, Baichuan %) REEEY B L N XE MO, HCHEAEE, HE4/NMIE
K|, HERAMERS |G HIZRHBE E NS DRRHIEILAL, fESEA AR &5 SR,

4096

2048

Extrapolation

Normal

Prettraineq range

0 - ) 4096
Position Interpolation Position

f'(x, m) = f(x, m/2)
B 55 SMEEEIREEY

BE—MLBERII m € [0,c) MI—MRARIE © = [z, 21, ,xq—1], HA dBERESIKLH
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YL, RoPE (B E MU T EREL:
fl@,m) = [(xo +iz1)e"™, (22 + izs)e™ ™, - (z4—2 + ixdfl)eimgd/zfl]T (5.10)

Hep, = =1 2B, 0; = 10000~27/4, RoPE fi BHRFSFATRER 1 50 B T AR
B, (HREAMERE AR, M EEY B LT SCE O, BB R RS, BAKT, RoPE
A R e =waksr GIIPREE V@R S

a(m,n) =Re(f(q,m), f(k,m))

=508 gy + i02j11) (kaj — ikaj1)cos((m — n)t);)

(5.11)
+ (925 + 1q2j4+1) (k2j — ikzj41)sin((m — n)b;)
=a(m —n)
WA = A RERIA RS ¢, (s) == ™%, RIDLERS. 11 BIFA:
a(s) = Re [E;lfo_lhjeisef} (5.12)

Hrr s B2E B BIFAEANEER, hy = (qo; + igaj+1)(koj — ikojs1) REURT EWFHEAIE R
o TENERER =M E AR EIIERES), B LAl DHLSETERE, KA IIZRE
BT, AFIZ 2048 B L N XE DRSS [0, 2048) FHHI/NREEAERT M ABLE [0, 2048] Z
SN RIRZ RS h,  (BIERIE ), WElS.ehEEFR, HERINHEEG RIS R
HEWERE, WESs.6eHAEFTR,

Effect of Extrapolation Effect of Interpolation
N
8000 1 0.2 4 N
6000 014
Al
4000 4 0.0

2000 A —01]

H
0 ~021

0 1000 2000 3000 4000 30 40 50 60 70
Positional difference s Positional difference s

Bl 5.6 AEMENIER FIMEZHAMBEZNIZTNDRLR, EERIMEET o(s) WHRTL, GER
TREET a(s) WARETIL,
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PRI, AT DA 7 B B 2GS 10BN (0 B i PR S

f(x,m)=f (X, WIL/L) (5.13)
IXFRTTIEERTF T ACE RS [ FIRDN BE B YRR, R T B R SCE O R AR 1553 TR R 52, {8
SEAERGIEN, SMEMEZERE BRFEBIEREN (BAESIESE R [158]), HHAH
FUEMAIZN, HFEE/DBRHOE (B, 7E pile HdE5E T 1000 B HHH) BIAE LLaMA
B RCE O R 32768,

A B R EE /MU IR R B3 LLaMA &2 E R CE O, EREEY REAA
E5RESIRIER |, B IIEADN TSR EIERE ), 55— MESEENIESZ, EdiE
fEEY RAVESIRT DLge 5 B A BIFIIZRRIE S AR 77k, IXTESERR R A BB TR KK
5171,

5.4 5L HIEME

ELBER TR 2 BRI EA W E AN RARER, Fria S BURAEN S 2 — MR
FEANEIIERE, MIRTGRIE ERE, MG BRI IR AT DA A T Al e R0 FH B g A4
JRREST B AR < AT,

541 FHMWERES

FIMEIESHTTIELLELE W, AT DATE P B K B ) TR e 85088 B A\ N DA e it i, Bl
HERAMRE AR BEZTFIRETRRSHEMNAEE, BARX RN CERER AR, HEEMEE
TR ARG it 45 SEHRAIMRIE I AR, N BR B R A TIR G A2l

BRI M Z @A E PO R EEIESEIEN NN REZENAEE, LIMAMY iFRATE
—ERRE LA T S PE B 2R RE S EAE T A “DUDEZ” (Less is More) s A7T5 BA LIMA 943l
PRI AT e RIS R DA SRR 4T,

NTRIERE L BIER S, LIMA M DRIFERIFIEETE SR, B FEMLSE St
[X. Super-Natural Instructions!!®? 5248, DA KR & IIARE N RTFN9RE IR R G, ML RE
HXEEZ TR, S T AR ES, 1M Super-Natural Instructions 8B WA S T2 M2 AE
AERAESS . WEARE RS NIERS BIEEARANZFEE, Fita S8R 2 EH15 3
TAREFHI LR

LIMA RN T RERN TIERRIEE S BRI TR, B, HBPBIERFENRIREOAEE—E
TR BRIE T ERFE, HIR, LIMA BEOMIE TSN — PR e i, fIa+tXHs
LR RN ERHER AT A, ERTEEE S — R AL Bh RIS, BRI K =
HIEIE, HERCASE — AFRIFLEV RIS, MBRE S HHENEIS, ik RS OFhRE [FEEE,
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LIMA SEEZE5 RIS < Laa I B A 22 R R i I E O AR A AT 3R, LIMA (X
1000 Z0XFERITE S EE, WinT DA SE & Fiid 15 2 Zdia 2 5 L HEHI RSS2 BB A = AR
M, LIMA FEYIZRI AT AT ROHE S Bl R B S s

prompt:

Tell me an interesting fact about geography.

response:

Here are some interesting facts about geography:

e Bhutan is one of the most intriguing places in the world. The Buddhist kingdom is the only
< carbon-negative country on Earth, with strict environmental laws and cultural norms that
— preserve its stunning natural landscape. For similar reasons, Bhutan was one of the last

— countries to introduce television in 1999, and has no traffic lights to this day.

o There are currently few territories on Earth that are unclaimed by any sovereign state (terra
nullius). One example is Bir Tawil, along the border between Egypt and Sudan, which was
created by a discrepancy between borders drawn in 1899 and 1902. The territory remains
unclaimed by either country, because it would entail forfeiting the much larger Halaib

Triangle, which is claimed by both countries. Bir Tawil has no settled population, but the

£ &gl

land is used by Bedouins who roam the area.

e The antipode of any spot on Earth [...]

542 BhEMIES

TR BRI &S, FERBHATHRA. Eit, —LEp I SHE AR
T3tk HARERMER TR Self-Instruct'®1, R KRB A RLRE S B 34 e <

Self-instruct B EOI R —MENRGIFRE, WES7TArR, EESHNPER:

1 AEUESSTES

FaE— NS 175 MESHVNHELEIRE S, OV T8, HTHHAILEM, 2
JEIERRILLE 28 (Bootstrapping) HIU7T R, HMFHTELMt, LRMGHESHHES: BIRMIEMAHRAE
8 MEFHEL (Kb 6 FRAANLHWTHIRT1ES, 2 SRR BANEAERRD), RHEDHRON E X
B, 5ISEIZRNESER GPT-3 AR E L RIS HITES, HERRAE AFIRANK, s0X%)
BRI RS, SCRAEAS AR TIEZ R (BN HEL T “Task 167 W) A ERATE 12
TRANT AR

Come up with a series of tasks:
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Step 2: Classification

175 seed tasks with Task Pool Step 1: Instruction Generation Task Identification

1 instruction and
1 instance per task

Q-
Q-
o-
°-p

= &

LM . /
Instruction : Give me a quote from a LM
famous person on this topic.

Step 3: Instance Generation

Yes
Instruction : Find out if the given text is in favor of or against abortion.
8

Class Label: Pro-abortion
Input: Text: I believe that women should have the right to choose whether or not
Qlley want to have an abortion.

Step 4: Filtering

Output-first LM

Instruction : Give me a quote from a famous person on this topic. w No

Input: Topic: The importance of being honest.
Output: "Honesty is the first chapter in the book of wisdom." - Thomas Jefferson Input-first

5.7 Self-Instruct B4 AERFE"e"

Task 1: {instruction for existing task 1}
Task 2: {instruction for existing task 2}
Task 3: {instruction for existing task 3}
Task 4: {instruction for existing task 4}
Task 5: {instruction for existing task 5}
Task 6: {instruction for existing task 6}
Task 7: {instruction for existing task 7}
Task 8: {instruction for existing task 8}
Task 9:

2. ETE R AR RIS

RS T RS TR RS A MM ARG TTE, EARADERFENEL RGN
RALSSHATHINT, FRRA AP L R SORBIR TR B 3 A W E 552K AR A2 002K,

3. ZE R S5 fan ARt

SR 1, ESER OB T HEFF TSRS, RMeBdE e sea tH N A A
o AP BEONIATAE RIS A Sm AR  H, LS BIRRE R, 5ZiPERAR, &
SRRFERMERERES, EAREHMESH 1527 “WA” “Mmi” £ SORBIMGER, il
SRRIURERT DOHHESS AL A Ftxt s SR AERIESS A, AR A" B “H
HALE” 771k RTAEDMES, EHEARERITTE, STREES T EmA, ReRiEEsa
RN, R T T RS, TR RN 2 AR R E B I R ON (TTRRE
HARGZERD), ERAEBIRTIE, BJ=ERrE ]l RERE HARE, FRIBIESS e,
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B SR LTINS
AL SRR TR

Come up with examples for the following tasks. Try to generate multiple examples when possible. If

— the task doesn't require additional input, you can generate the output directly.

Task: Sort the given list ascendingly.
Example 1

List: [10, 92, 2, 5, -4, 92, 5, 101]
Output: [-4, 2, 5, 5, 10, 92, 92, 101]
Example 2

List: [9.99, 10, -5, -1000, 5e6, 999]
Output: [-1000, -5, 9.99, 10, 999, 5e6]

Task: Converting 85 F to Celsius.
Output: 85°F = 29.44°C

Task: {Instruction for the target task}

“EHLIE” PEREARAN R TR

Given the classification task definition and the class labels, generate an input that corresponds
— to each of the class labels. If the task doesn't require input, just generate the correct

— class label.

Task: Classify the sentiment of the sentence into positive, negative, or mixed.

Class label: mixed

Sentence: I enjoy the flavor of the restaurant but their service is too slow.

Class label: Positive

Sentence: I had a great day today. The weather was beautiful and I spent time with friends.
Class label: Negative

Sentence: I was really disappointed by the latest superhero movie. I would not recommend it.

Task: Tell me if the following email is a promotion email or not.

Class label: Promotion

Email: Check out our amazing new sale! We've got discounts on all of your favorite products.
Class label: Not Promotion

Email: We hope you are doing well. Let us know if you need any help.

Task: {Instruction for the target task}
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4. IR R

NT RIS AR, ERO B S BHR MM ALt 1, BT EMmR eiith
EATELEIRIRCUE, JE S et A — &5 8dEr ROUGE-L AHBUE AT 0.7 AR
foe, A RTRESBINAZIFE M, NERIEEHRRIBE, IEHIE T —RHNH S R AT
Priftu SR oestia (n "BAT) KSR, EENESEEE. I KeEGIER SRS,

] Self-Instruct 77 7 A] DA SOK B AR ZAEMER) R BUR s . HTEARRTZE N R BT i&
AR LRI, 1E LLaMA B3 B TH I EMIASE] Alpaca B, HAES T AHEHR_ L& I
HOLFAIPERE. Alpaca I FIRUHE S B EATRBIIN RRTR:

instruction:

Describe the structure of a typical cell.

input:

output:

A typical cell consists of a membrane, cytoplasm, nucleus, nucleolus, mitochondria, and various
— other organelles. The membrane encloses the other components and separates the cell from its

— environment. The cytoplasm is a semi-liquid layer within the cell's membrane. It contains the
— organelles and is the site of most biochemical reactions. The nucleus contains genetic

< material, while the mitochondria is responsible for energy production. Other organelles

— 1include endoplasmic reticulum and Golgi apparatus.

instruction:

Provide three possible solution to the following problem.

input:

How to reduce plastic waste?

output:

1. Reducing single-use plastic by using reusable grocery bags, food containers, and water bottles.
2. Recycling plastic waste and using the recycled material to create new products.

3. Educating people about the importance and benefits of reducing plastic waste.

instruction:

Paraphrase the following sentence and keep the same meaning.
input:

It is raining heavily outside.

output:

Rains are pouring down heavily outside.

543 HRESHIES

EOBHREN TH B MIEARFE EE, TIeF TICR B EE R EL T —E RN R AR,
HATESA IR S BIRSR, AR W SR EHT . TTIRESHiE%
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TR ESS RN I, AT DAy MAESE NLP (ES5 15 MBI IR 2 P2, K5 145H T2 IT
RIELRIICEE R,

®/5.1 BAFRESHIES

ESERM BESEXN EEF MEAN FESHEE
Super-Natural Instructions 500 J1 ZIES FiEE NLPLFEHES
Flan2021 4477 WG FAMEE NLPEHHES
pCLUE 120 /7 XX FHIE NLP 154ES
OpenAssistant Conversations 16.1 Ji ZIBE FoE @EANIEES
Dolly 1577 BEE Fohgd @EAXNIEES
LIMA 1000 HE TR EANIEES
Self-Instruct 520 wIE BHIER ERANIEES
Alpaca_data 520 EE  BSNER EAXNTERES
BELLE 150 1 e BIAER EANEES

L4E NLP [R50 % BHESEH NLP (55 H B ARG S R st 17E gt —,

» Super-Natural Instructions ® 2 Allen Institute for Al (AI2) KT —"Ma2HE G, HEE 55
MBS, B 1616 1 NLP {E55, Hit 500 T MESLBIHRL, Mk 76 DARIMESS LR (I
WAL, BEEEI. XAEFE), ZEIRENEMESH 507 M “UES5EH” W
AR, “HERT B AOSEBAMES I T IRAIIRGIR, IR TIE. A DR AR R
fiERe, BT RIONJE T AL 55 B4 - =4,

* Flan2021 ®2—1H google ZAMMIHE A SEIRE, HWILKF 62 17 2R NLP Bt (40
SST-2. SNLI. AG News. MultiRC) #Ht ykm A - tHixt (977 XAdtmimi, M, %eFsh
5 CHEARER, P R B EdE S A EHE SO FESAR

+ pCLUE ®/ZH CLUEbenchmark &Zffiff), {#H 9 N NLP ZEfEFHESE, %52 \EH
M 2%, BENFSUES R B0, mews, K iflytek, HIRTES HEM
ocnli, 1B YILEC afgme, FEIRIHME-cluewsc2020, JCEEIAITR A -csl, (RIS REMR- H N 3, (12
PRAR-HHEGE cmre2018, [ IERAFE- UG HESS chid,

B TEECHE: H X ERESES, BB EIT R KRR R A2 514,

» OpenAssistant Conversations /2 LAION &N TARM. A TIFERERB)F XS I 1515
KL, BTERERKIE SRS RGN TT, ZBIREREE 35 MAFEMNIES, REAME
M7 AR, A FTE 66497 DATIEM I 161443 ZANESHRAL, ©it T+E 2R

@ https://github.com/allenai/natural-instructions
@ https://github.com/google-research/FLAN

® https://github.com/CLUEbenchmark/pCLUE
@ https://github.com/LAION-AI/Open-Assistant
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R IEEEE, 9 NEIRAHARR ANIIE T B E 2 7 oaik,

* Dolly “HH Databricks &1, & 1.5 775N TARESHESEWE, ZEWRE SEBRY 72
BIAZATH, DMEKIES BRI H 2R, ChatGPT B B, EiESEME 7 MM TS
TGRS, SRS, EEER. M. kX RE, 2EXNESE,

« LIMA ®H Meta AT &7, 95 1000 25 Fahfgf, SRE B2 FEENT SR, £
EENS5.4.1,

« Self-Instruct ®/Z2F|H GPT-3 84 B 4L AR SCHECHAREE, TEMNHIS.4.2,

* Alpaca_Data® & H Stanford & ffi, KA Self-Instruct /77X, f#H text-davinci-003 %Y 5 #h4= B,
TSR BRSE, BE 5.2 I &ELSHIE,

« BELLE ®2H D52/~ R] & Af, RH Self-Instruct /5=, i F text-davinci-003 #% H 214 s A
IR HHELE, B 150 JRIELEUE,

5.5 DeepSpeed-Chat SFT 3£

ChatGPT BRI E 2%, HERIET DeepSpeed FI LUBAIS M Z R, 2HIZ R, Hiksk
FATERVERIN AN R, (E 27 A v 2 Y BT A 28 Rt L B s b 27 STRO RIS L R 5,
R 1ERIZRSE ChatGPT ARG AEH R, DeepSpeed-Chat!!6? Zf#X T 2023 4 4 A &K fET
Deepseed H T-YIIZ538 ChatGPT BRI A& T H, ET DeepSpeed-Chat JIIZ525 ChatGPT X IE 5%
20 BRHEZRANE] 5. 8F7R, EE AR =MD EE:

(1) WEMIA (SFT): fEFFEIER A EIZSRGE T)I 2715 S B8 DAV N & R 1),
(2) BIMEARIGOE : - M E AL R —EWRNZDNE R NEIRSE R ZR— /Y
KA (RW),
(3) RLHF lI5: FIF Proximal Policy Optimization (PPO) H7%, R4 RW FA R 5 fidk—
AR SFT 1%,
AT HE N PRI BRI (SFT) RUSEERHEITAHE, N T RIIEAGEF RLHF YIZRAYSE
BTGB N &I,

DeepSpeed-Chat B DL =KL IIRE:

(1) Z M2 ChatGPT BRI RN AR : REFRE— MHAR AT DASEEI 2 NGRS 3R,
F5{H H HuggingFace FUIIZRAIAEY ) (] InstructGPT YIIZRAPTE = PSS ChatGPT Y,
A, REET — N5 TR APL, T H P EERIIZRE AT IE A B,

(2) DeepSpeed-RLHF & : DeepSpeed-RLHF EI T InstructGPTR4 iR,

@ https://huggingface.co/datasets/databricks/databricks-dolly-15k
@ https://huggingface.co/datasets/GAIR/lima

® https://github.com/yizhongw/self-instruct

@ https://github.com/tatsu-lab/stanford_alpaca

® https://github.com/LianjiaTech/BELLE/tree/main/data/1.5M
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T
I

Sten 1 Step 2
St e e e [ - Rw
Sten 3
L ¥ Frozen ] ¥ Frozen
‘ g%‘ﬁgﬁ??_i?ﬂ;r L Actor model 1[ Rerfqeggglce ’ ‘-@ Critic model ’ ‘ Ftﬁ‘c’)"ger? ’

v\\\\\\ \1///

~
Optional -
@ Generated data @ P PO :‘r:trl:i:?n; @ Pretraining
using Actor N fered by Objective for Actor ek
+7/ DeepSpeed

5.8 ET DeepSpeed-Chat i/l#2& ChatGPT SHERER M =S 1R

FEMRE A, RERORA DU BT AR RIS =03, hAh, Rt T iR
MR ETIRE, PASCR:H P H 2 DA FRRIR R EER TR T2,

(3) DeepSpeed-RLHF #4t: ¥ DeepSpeed Il (Training Engine) FIHEFEAES] (Inference
Engine) B &5 AR —MIRE5/% (DeepSpeed Hybrid Engine, DeepSpeed-HE) HFF RLHF jJll£5,
DeepSpeed-HE REfS To4E AR HEFAN I 2R 2 [ U, [ HBEGEFI FH>K B DeepSpeed-Inference HY
BRI,

5.5.1 KWE4EM

DeepSpeed-Chat S & ZENL TR E /7 github €% DeepSpeedExamples/applications/DeepSpeed-
Chat B§12 o 1EXEATEBRN AT, FELNBETTAEAE —~D2/EI T ##. Deepspeed-Chat fUALHY
SEUN N AR

- Deepspeed-Chat

- inference
- training # | 4 A
1k

- stepl_supervised_finetuning # » % —, WEA

# AR, 1§72

- training_log_output
- evaluation_scripts
- training_scripts

- main.py

- prompt_eval.py

- README.md

step2_reward_model_finetuning

- HE
step3_rlhf_finetuning
- %

utils

# W& H X8
# ‘n]:’ii%% %l
# ALY G A

# FH—INEHA
#

#

#

2 B — I iy A
VP E]
SR, RhEA A

# FWR=, RLHF Y%

# A £ 5 8940 X A
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- dara # B AT % R
- model # A 5 SO
- module # St
- ds_utils.py # deepspeed Tt & 4H %
- utils.py # HAbAE % E 3
- train.py # =4 :

YHRECRGYIE — DA (BEAPE), nJDIERIEIT train. py 127, IZRH 320
BAITNHISE

o —-step YIHESH, FRIBTIRNIER, ANESEON 1,2,3, ATINMHNAEREHDE

1, ARERMHA,

e —-deployment-type RGBS EL, 33198 F single gpu, FALZF sin-

gle_node F1ZH12F multi_node,

e —-actor-model RN ZRAIERL, BRIASEONI

MSEERRA,
e —-reward-model FURZEINZRAVRHIEI, BOIASECY OPT [°350m” ZE &= AR,
e —-actor-zero-stage Fo/im B AN DeepSpeed 731 A I ZRHC &
e —-reward-zero-stage IR IIZRHKJNNT DeepSpeed 731 I ZRHL E.
o ——output-dir FoRIIZRISFEFIEE RAVHN R 12,

TES2EeH, AT DAERAEUER B SR M A @i 2 python3 train.py --step 1 2 --actor-mod
el 1.3b —-reward-model 350m,F/NiEI train. py AT ER—FIZ R AIIZR, 72 5% OPT-
1.3b AT I BRI OPT-350m AL AT ALl R A I 25,

SYNZRHER, SB—RIBITRE L TE OPT-1.3b BIRUFIAH N AU EHEER,

25 OPT FY “1.3B”, “6.7B”, “13B”, “66B” %%

[2023-09-06 21:17:36,034] [INFO] [real_accelerator.py:110:get_accelerator] Setting ds_accelerator
to cuda (auto detect)

Detected CUDA_VISIBLE_DEVICES=0,1,2,3,4,5,6,7 but ignoring it because one or several of --include/
--exclude/--num_gpus/--num_nodes cl args were used. If you want to use CUDA_VISIBLE_DEVICES don't
pass any of these arguments to deepspeed.

[2023-09-06 21:17:37,575] [INFO] [runner.py:555:main] cmd = /opt/miniconda3/envs/baichuan_sft/bin/
python -u -m deepspeed.launcher.launch --world_info=eyJsb2NhbGhvc3Qi0iBbMF19 --master_addr=127.0.0.
1 --master_port=29500 --enable_each_rank_log=None main.py --model_name_or_path facebook/opt-1.3b
--gradient_accumulation_steps 8 --lora_dim 128 --zero_stage O --enable_tensorboard --tensorboard_pa
th /root/workspace/DeepSpeed-Chat/output/actor-models/1.3b --deepspeed --output_dir /root/workspace
/DeepSpeed-Chat/output/actor-models/1.3b

[2023-09-06 21:17:38,322] [INFO] [real_accelerator.py:110:get_accelerator] Setting ds_accelerator
to cuda (auto detect)

[2023-09-06 21:17:39,762] [INFO] [launch.py:145:main] WORLD INFO DICT: {'localhost': [0]}
[2023-09-06 21:17:39,762] [INFO] [launch.py:151:main] nnodes=1, num_local_procs=1, node_rank=0
[2023-09-06 21:17:39,762] [INFO] [launch.py:162:main] global_rank_mapping=defaultdict(<class 'list
'>,{'localhost': [0]})

[2023-09-06 21:17:39,762] [INFO] [launch.py:163:main] dist_world_size=1

[2023-09-06 21:17:39,762] [INFO] [launch.py:165:main] Setting CUDA_VISIBLE_DEVICES=0
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[2023-09-06 21:17:41,099] [INFO] [real_accelerator.py:110:get_accelerator] Setting ds_accelerator
to cuda (auto detect)

[2023-09-06 21:17:43,194] [WARNING] [comm.py:152:init_deepspeed_backend] NCCL backend in DeepSpeed
not yet implemented

[2023-09-06 21:17:43,194] [INFO] [comm.py:594:init_distributed] cdb=None

[2023-09-06 21:17:43,194] [INFO] [comm.py:625:init_distributed] Initializing TorchBackend in
DeepSpeed with backend nccl

Downloading pytorch_model.bin: 0%1 | 0.00/2.63G [00:00<?, 7B/s]

Downloading pytorch_model.bin: 0%l | 10.5M/2.63G [00:01<07:23, 5.91MB/s]
Downloading pytorch_model.bin: 1%1 | 21.0M/2.63G [00:02<04:38, 9.39MB/s]
Downloading pytorch_model.bin:  1%] | 31.5M/2.63G [00:03<03:44, 11.6MB/s]
Downloading pytorch_model.bin: 2} | 41.9M/2.63G [00:03<03:18, 13.0MB/s]

.60G/2.63G [02:47<00:02, 14.9MB/s]
.61G/2.63G [02:48<00:01, 15.3MB/s]

Downloading pytorch_model.bin: 99%l| 2
2
2.62G/2.63G [02:49<00:00, 15.6MB/s]
2
2

|
Downloading pytorch_model.bin: 99%]| |
Downloading pytorch_model.bin: 100%]| |
| 2.63G/2.63G [02:49<00:00, 15.8MB/s]
| 2.63G/2.63G [02:49<00:00, 15.5MB/s]

Downloading pytorch_model.bin: 100%]|
Downloading pytorch_model.bin: 100%l|

Downloading (---)neration_config.json: 0%l | 0.00/137 [00:00<?, ?B/s]
Downloading (--)neration_config.json: 100%l| | 137/137 [00:00<00:00, 37.9kB/s]
Downloading readme: 100%]| | 530/530 [00:00<00:00, 2.48MB/s]

Downloading and preparing dataset None/None to /root/.cache/huggingface/datasets/Dahoas___parquet/
default-b9d2c4937d617106/0.0.0/14a00e99c0d15a23649d0db8944380ac81082d4b021£398733dd84f3a6c569a7. . .

Downloading data files: 0%1 | 0/2 [00:00<?, 7it/s]
Downloading data: 0% | 0.00/68.4M [00:00<?, ?B/s]
Downloading data: 100%] | 68.4M/68.4M [00:05<00:00, 13.0MB/s]

AR B AT DA A T I B G e a1k A 812 training/stepl_supervised_finetuning
/training_scripts/llama2/run_llama2_7b.sh & a1 N ARIA AT DAGEIE LLaMA-2 7B A8 I
AKIBIBET training/stepl_supervised_finetuning/main.py Jaahillgk,

5.5.2 FiETMALIE

ME—1ET HORRES B, BUR2IFHEER, BHENT, AR ESIEIEETT
AR 2 7E HARMTESS LRI LT, £ Deepspeed-Chat H{E FHHTHVEHE, FZHEATA0 NIVIRIE:
(1) MeEUE, FHEERALIERRAR 7 RERS IR, 41 JSON, arrow,
Q) FEBHEMIEARAS X training/utils/data/raw_datasets.py M training/utils/data/
data_utils.py FPHG M HT G B AL B,
(3) TEVIZRIIA A I BRI S, HFEIEALIIZE,
TEMRERIAS, BEEAREA XN MY prompt F1 chosen GBI IER rejected), Ktk
LR R EAEAL P A R AUAE . (JSON) :
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L
{
"prompt": " {REIET",
"chosen": " HEMHFAANBF. ",
"rejected": "",
{
"prompt": " PFANKE",
"chosen": " AMAMAWALRRZEE? HAMNESTREEMH! ",
"rejected": ""
T
1

ETHRNESE, 7 rav_datasets.py Ml data_utils.py HIEMIZEARIAEIE,
fErav_datasets.py T HE AT NS, HM1load(dataset_name) NEHEINZEL

# HEX load BH
def my_load(filepath):
with open(filepath, 'r') as fp:
data = json.load(fp)
return data

# raw_datasets.py
class MyDataset (PromptRawDataset) :
def __init__(self, output_path, seed, local_rank, dataset_name):
super () .__init__(args, output_path, seed, local_rank, dataset_name)
self.dataset_name = "MyDataset"
# MEHEE, EF load BEMLA B EXMMEEH my_load)

self .raw_datasets = my_load(dataset_name)

# KB G5
def get_train_data(self):
return self.raw_datasets["train"]

# KRB B
def get_eval_data(self):
return self.raw_datasets["eval"]

# 1R 5| —MEARH prompt
def get_prompt(self, sample):
return " Human: " + sample['prompt']

# 33| — M EEAR ) EH A
def get_chosen(self, sample):
return " Assistant" + sample['chosen']

# BB —AMHRHRFIEL EXERFTIR—GEENG, BRRARREL LA
def get_rejected(self, sample):
return " Assistant: " + sample['rejected']

# 123 —MEEARW prompt Fu i 4] 6 &
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def get_prompt_and_chosen(self, sample):
return " Human: " + sample['prompt'] + " Assistant: " sample['chosen']

# 3B = MEARB prompt Fn K (] El &
def get_prompt_and_rejected(self, sample):
return " Human: " + sample['prompt'] + " Assistant: " + sample['rejected']

# data_utils.py
def get_raw_dataset(dataset_name, output_path, seed, local_rank):

# ImONZ R R B R R
if "MyDataset" in dataset_name:
return raw_datasets.MyDataset(output_path, seed,
local_rank, dataset_name)
elif "Dahoas/rm-static" in dataset_name:
return raw_datasets.DahoasRmstaticDataset(output_path, seed,
local_rank, dataset_name)
elif "Dahoas/full-hh-rlhf" in dataset_name:
return raw_datasets.DahoasFullhhrlhfDataset (output_path, seed,
local_rank, dataset_name)

SRR SERRE, REEIR RS AR

# R

{
“prompt": " :L#/]\%)ﬁgn’
"chosen": " A AMAMALEZEE? HAMNISTREEM",
"rejected": ""

}

# il my_dataset.get_prompt(sample)
Human: 3/ K7

# | F my_dataset.get_chonsen(sample)

Human: #MK3 Assistant: A {4 WAHATRZEER BA M2 2 K% E MY

5.5.3 BEXEE

IR DeepSpeed-Chat WE T 7E&WUEAY_HERRIL REFHY LLaMA-2 7B #7481 (B2 i T4
TEF GRS E 1R R IR SR LIZR, BRI ASCRE ) AR, 2 T2 (i F S Fe R S il
IR o35 B HABTRIAS AR EAT DeepSpeed-Chat M THE M A4 B SOCRIGE AL HA B 7€ 1Y
5,

DeepSpeed-Chat 5 ERINEE B2 5T Huggingface A& UAVERIAIEME, R an R )2
transformers F1 Huggingface X FFHUBARIIEE & #, PR model_name_or_path ZEUEHKCHEfH
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FIRORRLRIAT W T HAWE ARSI =, Al 2R RN B, AR ETE
JI1E 68 & AR A HR SCRIERY Baichuan 7B BT H & BRI B K BRI 2,
B TRRIZEA A CAE R, TE IR — Y main. py HOEHTAN R EAUBEOR S AAE 92K :

# main.py

# 5 NARHAT G B9 A AR X U

modeling_baichuan = import_module("models.Baichuan-7B.modeling_baichuan")
tokenization_baichuan = import_module('"models.Baichuan-7B.tokenization_baichuan")
# FRE Baichuan #ELAH X By %

BaiChuanForCausallM = getattr(modeling_baichuan, "BaiChuanForCausalLM")
BaiChuanTokenizer = getattr(tokenization_baichuan, "BaiChuanTokenizer")

FLAORS AR A QR S A A2 A R B 2K, O AR A7 i R RS O B 12 28 AT A A Emadn . py
XS R AR A T I P

# main.py
# FH KA
tokenizer = load_hf_tokenizer (args.model_name_or_path, fast_tokenizer=True)
model = create_hf_model (AutoModelForCausallLM,
args.model_name_or_path,
tokenizer,
ds_config,
disable_dropout=args.disable_dropout)

# 5% A ¥ Baichuan-7v R
tokenizer = BaiChuanTokenizer.from_pretrained(args.model_name_or_path)
model = create_hf_model (BaiChuanForCausalLM,
args.model_name_or_path,
tokenizer,
ds_config,
disable_dropout=args.disable_dropout)

B?Jé, ENERAS Aol model_name_or_path SEUEMHN Baichuan 7B HYAETIER 12 BT A] FF4G
FRIAIIIZR, IIZRIIA A DA DeepSpeed-Chat H[Jrun_1lama2_7b.sh ARMRIEITIES, BN:

# run_baichuan_7b.sh

#!/bin/bash

# Copyright (c) Microsoft Corporation.
# SPDX-License-Identifier: Apache-2.0

# DeepSpeed Team
OUTPUT=$1
ZERO_STAGE=$2
if [ "$0OUTPUT" == "" ]; then
OUTPUT=. /output_stepl_baichuan_7b
fi
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if [ "$ZERO_STAGE" == "" ]; then
ZERO_STAGE=3

fi

mkdir -p $0UTPUT

deepspeed main.py \
--data_path <my_data>/my_dataset \ # %[
—-data_split 10,0,0 \ # BT R#ATHHE ) )
—-model_name_or_path <my_model>/baichuan_7b \ # 1% 757
—--per_device_train_batch_size 4 \
--per_device_eval_batch_size 4 \
--max_seq_len 512 \
--learning_rate 9.65e-6 \
--weight_decay 0. \
--num_train_epochs 2 \
--gradient_accumulation_steps 1 \
--1r_scheduler_type cosine \
--num_warmup_steps 0 \
--seed 1234 \
--gradient_checkpointing \
--zero_stage $ZERO_STAGE \
--deepspeed \
--output_dir $0UTPUT \
&> $0UTPUT/training.log

T, 2HATHR
f#H# baichuna-

5.5.4 =A%

S YR PN B BB ST SE R, AT ARG TR T o A S0 3R — i BRI
#%{£training/stepl_supervised_finetuning N, {8 _EIAIERTIZMATK E 22 training/
stepl_supervised_finetuning/training_scripts/baichuan/run_baichuan_7b. sh N ARAAE

AT NI LUETT UM B 3l 25

# T EAE training/stepl_supervised_finetuning [i54T, TPl E—6 8 -k Nvidia 4100 ML & T #HATI %4
CUDA_VISIBLE_DEVICES=0,1,2,3,4,5,6,7 bash training_scripts/baichuan/run_baichuan_7b.sh

HNGITEEATI, ST —RIPAGTH RN ppl (Perplexity) . ARISTTHARHEITIIER, 1E
B epoch L5 G E X HAT — IRV, ppl LRBEBVIZRATEITEY FRE, VIZRAS AT :

[2023-09-07 10:31:52,575] [INFO] [real_accelerator.py:110:get_accelerator] Setting ds_accelerator
to cuda (auto detect)

[2023-09-07 10:31:57,019] [WARNING] [runner.py:196:fetch_hostfile] Unable to find hostfile, will
proceed with training with local resources only.

Detected CUDA_VISIBLE_DEVICES=0,1,2,3,4,5,6,7: setting --include=localhost:0,1,2,3,4,5,6,7

running - ***** Running training **kk*
running - **x** Evaluating perplexity, Epoch 0/2 *x*x*x*
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running - ppl: 6.88722562789917
running - Beginning of Epoch 1/2, Total Micro Batches 341

g g g P
running - Rank: O, Epoch 1/2, Step 1/341, trained samples: 128/341, Loss 1.916015625
running - Rank: 3, Epoch 1/2, Step 1/341, trained samples: 128/341, Loss 1.6083984375
running - Rank: 2, Epoch 1/2, Step 1/341, trained samples: 128/341, Loss 1.7587890625
running - Rank: 5, Epoch 1/2, Step 1/341, trained samples: 128/341, Loss 1.658203125
running - Rank: 4, Epoch 1/2, Step 1/341, trained samples: 128/341, Loss 1.6396484375
running - Rank: 6, Epoch 1/2, Step 1/341, trained samples: 128/341, Loss 1.94140625
running - Rank: 4, Epoch 1/2, Step 341/341, trained samples: 43584/341, Loss 2.005859375
running - Rank: 5, Epoch 1/2, Step 341/341, trained samples: 43584/341, Loss 1.6533203125
running - ***x* Evaluating perplexity, Epoch 1/2 #kx*x*x
running - Rank: 7, Epoch 1/2, Step 341/341, trained samples: 43584/341, Loss 2.076171875
running - ppl: 6.158349514007568
running - Beginning of Epoch 2/2, Total Micro Batches 341
running - Rank: O, Epoch 2/2, Step 1/341, trained samples: 128/341, Loss 1.7919921875
running - Rank: 2, Epoch 2/2, Step 341/341, trained samples: 43584/341, Loss 1.291015625
running - **x***x Evaluating perplexity, Epoch 2/2 **x*x
running - Rank: 5, Epoch 2/2, Step 341/341, trained samples: 43584/341, Loss 1.4794921875
running - Rank: 6, Epoch 2/2, Step 341/341, trained samples: 43584/341, Loss 2.017578125
running - Rank: 7, Epoch 2/2, Step 341/341, trained samples: 43584/341, Loss 1.748046875
running - ppl: 4.902741432189941

[2023-09-07 11:59:56,032] [INFO] [launch.py:347:main] Process 23957 exits successfully.

5.5.5 fREYHEIE

LRI ZR5ERG, P LAMHH DeepSpeed-Chat #8412 NI THER, SEUBHCH EIIZRET BT
k1R, BAABUTT AW

# chat.py
CUDA_VISIBLE_DEVICES=0 python chat.py --path model_path

BFATE ASE 5 AT T 2 LML
5.6 KBS

R MIA R B EERESSOE— P RHRR, —E TR N I ZRAIRIE S B MYIZRTE
FIFRZEE T RER “FR”, (HRIXERAGF AR AL BRE SN G <, FrbifsSmiEE
HHEE R LAERELE R, KIS T AR AZMAES. MHXALRE HE R0
IREBIERAKR, ABUZIECEESRKE “FIR” MIESHEES—m N AR, [FN
EEWLRTEH, BOIZRE S BERA] DOBEE 15 MR RTE EARTRIRTIR, BF5eE il POEE
R HERAESMALE, RIERAENZEEFICERIETIER, &1, —EWREE
EAEFE L RO BT | N GUSEURERATIE % e A TSR AR,
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BRI EHE B R ESHERNINM, LIMA[163] IEFH T mFE. 2AMEENIESH
PEAVFE A T DASEEL DA/ D 22 R, (H2 BB S5 M6 S A rEE S R I RMES T
o ERRLDMIALIERE R BHREN T, BESMANEEE SERRE I XERNM, DUKES
HIHE TR AR B2 S P 2008 S BARAR G 1 “AIR7 2 ESRN R, £, X
TREE TR AR S, 58RI Xt SR MERE, S LIEHE R A S RF 51
RS, EANSTEELARNS, 2R jsonline TERIEZ jsonlist XX, &
TS RGBSR ANIE RS (Inner Thought), FFEIEFMRNIG R B IZLBT S 2P H/RIE 2
— Bk R, B DAV, QA I & Y BT 55 B4 2 5 E 2 — ) 7 AR SE R P A 41
R A)

A —MESESWNRNEE, HU RSB ERAREITRENGE? A —L2E N SR e
B 7 BRI AR A T 50 1m0 ) 75 2O DAL AR B 22 2 BUE T B I RE 1 2801, TERA (8 BhAh
BB T EL AT E gk TR B A B T B HE R A I, ] DA BT B] DATH L HH 2R DL F 1995200 =
39800 AR, HRZ, HIHHE 199 %201 I, HAIGEDIT A M EFE SR, RN, & - 52
| FFEENERFER B — MES R IR, Y FZ 7 mIIZREE, S 7 SEBE G
BUETIENERE, BR THAIESY API DS, A — i BN R o SE S R I 5 T B [P AR A
BIRARRSE BB IARES &, AR ARSI ST R, IXFMEGEIE AT DU —20 5 SRR e AE4s &
TR NSRS 2 Ja, V2 IRl mT DA A X by R MR R,

a4y, AIRZKE S ERIRE S S ERE T E K LR N TEARNY 78 E TR
WAMRTTEN S, KEIMERTTIET DR B B R R R 2, (B2 RN 78
KA N SCAR RIS AHAINE? X F R 7715, BSOS ARRIRE R R SR SRR T, (H2 R
SEMREW R 120 R SR RIS (T, RS o N T 4RI 32 R
BREAF TH SR TAEM S, REHS BN & DRI IA TR B R N s R 4R
VR (R R () A i BRI EE, KRR R (AN B SRR — 300 K8 T 406D, XN T4
TR S, BRI SR 2 — D alE s i i,
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WA EEME, KESREECAYP B TRIEARIES, HemaIBUESIEET . A
B A e R RAR NP ML AUAR IR &, ARIBOK & = T R A 1] &2 R A E B R R AT
AL ARAS  FR T M A R 2 SRR R O UK B R, H AR TS MU A S AR
A, AREMNEEIR BT R TR, i, BRERREIER B RIE 5 2,
WAREAR R N HIBURAE AL, 5 b7 S PR R A H SO — DN TS R, Bt/
A2 SRR KRR, Ah, s 375 REMR T AN LW T RS iR e, B
RIETE LA KIS, SRR B X i A i) A1 42 465 Hh BRI, AR ] DU R ME R, Kl
RRAD i SOAS R THE R . AR ALEE A i AN B RO BT S, SE SR EIE S
BRAESS, WRKIESHEEM R AR DR PR,

ARER A AEET RSB IR A S FENE S, R DO SRS LI 77 1%, FFAE
fiti_b A2 T AR 5 A A 5 STHY PPO-Max HEARSKER,

6.1 ET AELRGHIEEFS]

381t%#3) (Reinforcement Learning, RL) THZHYIAIIZE 8K (Agent) S5IFE (Environment)
RERRE, H B2 AR Z EAHE RIS R R b 2 h (Reward), SRS SIEEARE
ZanEle. 1R, EEMMEPHR: BRI, RS R, AR ARSI H,
BREMTEINERBCE MRS G, SRIEIZIRSRE L — e (Action), tHFFARE (Decision)o
HFERTENE R HUT, SRR R REARIIENE, BN — MRS U S B ERH R A%
Jillo EHREMRAY EAREL R R AT REZ M IR BT AR i, AT HeRe 4 sm i 2 ST AR, 98 Mk
I E5HEWEEINXA], PUAEKIE S EI T N E RIB R R SR,

6.1.1 BLZF 3t

PTG, S RBTEETRRIMNAERZESINESE, 1, ZTERRETEN
g, sREWIAI T K, Hlasi—JT e anmim C & —JeRAl, B S e R IiE ki
i, #a] G T e R, XMIEE SINERE, R R Bk S R ET RS R IE 25
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6.1 IBILFIIESIELR

PR EAE, B HLE SRR, ATRAS | tH— 2o il S Fh R A&

(1) BEEARSINGE: ENLE AN RERI7 R, Ylafmie — 1 8eer (Agent) , EMHIR
FHFITENE, MERER R, WS KRR ITPUSHER, DURHMATRERRER, W
i 7345 (Environment) o MMERMAEERERAIT NG T, 18 AR,

() K&, 1THERE: FRAGZAINCE, CEENESATHEAS (State) , XATREWEE
KERAE, HES, ETIXEGER, ERRBEEAME (Action) , WNBkEk, FFMIsfrER
o ARGEHLESIFTAITRIENE, HRREE RS — 1 %E (Reward) , XATDUZIEMHEF (5%
DME ®ED) sbamny (85 7 kED,

(3) RIESMNE: PEMEZIASMITNRERES, HLREYS %R (Policy) o HIEATEL
WA —EFR S HAFAERPE RS MTaIRIN, SRR, FREAEIXE ST E (Value)
B, RUR IINAEAR SRR — 1T I FTRETH R AT,

BRI, SRS Bt IR RO SRR E ), 3 E RS, fEHAEAE
RERPISHI R AR, IX RS ST SR RTEIIRh, T fE R mh S i = [R]
FREF-5,

BRI SIE AW A, SRR 0,0 FOEE— DI, HHEARSRE—1
I i, WRTGE—DRI rio AT RUE ISR Hy B, S, REIRIF3:

Hy =o01,a1,71,...,0¢,0¢,7¢ (6.1

B REAAERBCE AT BRI R ST 2 Z RS 2R 5, (R A] DRGNS 5, BT
GLELNES &

St = f(Hy) (6.2)
B REARES IR EIAE R AT GRS, FRMSEZ 22 ] MIE (Fully Observed), JXIHEI o, 55

T Spo HEREMRREBZNE 2 HIMM, FRIZDINFEZER T AT WET (Partially Observed), JXMH ML
MRHRSHTER IR, BRI R S HTRR.
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TEAERINE R, R EREREEE W NahEZE (Action Space) , I A HITHRR, Hi
WEH (Go) XFERYIMEEA =easnE= (8 (Discrete Action Space) , FHREARIIBHEREEX N
B 2AE RN, BREARTER R RIZIER R R 361 N s, MEYy S NE 5 2 s saniE
Z5ja (Continuous Action Space) o TEIEZEFNEZ M, FNEEE BSMEN MR, F, fEFHES,
Hlas NP AMHEE A TR ), Hh(E= RIoNELS S ES [,

RIS E B RERIIEN R e T RTRERIANME, SRIEt ] DA REOH TR, X eREE A
HIRASZRENE, RUG AT o3 MR BENLIE RIS IR & MR, REMLIESERE (Stochastic Policy) H
n KRR, Bl nt(als) = plar = alsy = s), MIA—DIRES s, i — MR, RRERRIAMASIE
AR, FIFIX IR AR TRAE, FLA] USRI REACKER I SIE, SR8 (Deterministic
Policy) =& REARERERIURA FIREMENTE, Bl o* = argmax m(als)o

M ER L FER XN AR T, AT AR e SR PRSI IR, OB BRI ERT DU ARYE 4 B AY
R s PUE, HH Via(s) Fmo AT DARIE Y HTIRAS s ARAIE o TR, A Qr(s, a) FRo Va(s)
M Qr(s,a) WEMKEXUT:

Vr(s) = Ex[G|s: = s] = Ex [Z 'ykrt+k+1|st = 5] ,s €S (6.3)
k=0
Qnr(s,a) =Er[Gi|ss = s,as = a] =E, nykrt+k+1|st =s,a; = a] (6.4)
k=0

Hr, ~ A3r#0AF (Discount Factor) , F0 A A IR Tr; B E B9 ™R =
RIS, B S MLAE A5 FH SRS o ISP RE SR 1S U2

MR R REIR AT S AR, AT AR RERIAS N . BT BRI R REIR. AT RIg AT
RERFITE BR-PPIE B REIR, BETFMEMEEEE (Value-based Agent) ‘BrCHIZE S ERKEL, Bazih
S RMg, HIRMGZ MWITERI M E R BRI EIH, BETRIEMNELE (Policy-based Agent) NI
SEEREESHRIGRE, SRIGEREE A —MRE, BN R ERINER, BT IRIgH & REIR
FHARZESIINMEREL, MMEREFEHFRIARTERIE R, ERATEREBEEE (Actor-critic Agent) N
AR T OME R BB TSRS I RERSE Skl k, BESY:SIRIE BRI BOL A SIMMEREL, 1@
HA BASEIRAERINE,

6.1.2 BIEZFIE5HFBEZIMX A

fE% ChatGPT, Claude SEEFI IEHAIAR, SRS SIE H RS 5 A FIUSRING T Ok
ZHER T EREES, GBS AR, o] HRIT - TEEM AT, A
B S STRISE LS ST n] DA MRACRRIIRAT /T3, SAIRITE R &4 A IR X, MUTAIER
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- MRITRIRDES : BUBRIR
WEZE3): XUWERITENESE —ARITHER B, HAPBERE T& N RA BITHETT
Ko TEXH, BHRRIFELF XA, FRHL T ISR A A 24,
BRES): IRITENDEAN T —DRaARSRT, F RiRAE, &EfrM. FrAER 2]
HIRIR, ELanEE T — R BT B Y, X EEARFIRI T, B2 > aEdEk
TR, FEW THRRIINZ,
- BEPIVIES]: RIGHLEI
WEF): XM, B4RITE M TERBSIGRN, A NSRRI EEN T, X
A LB ORITE R —DNER, BEFEIWEHFMIT2E R,
BRICES): B S — BT, BAEASERSIRIRITENI0E, RafiFig R 2
B, than, EHT KRBT, CREANERXZETRGEE, Femd Z2RER, B
5 S R R I
s MRITHZ = BRIt
WEZE3): EIXBETRIRIT HAVARRE IR : ZEMENESR, SGESUERITIERE LR &
BT Ao
BRIES): EARKAIRT, BRI ARohTs), FIRENRRZE, TiteT
HEY. HEERHER,
H5EWRESIME, 5 SR KIE S AT (T 2 R4 AR IE? B4 IX AN Rl 2023 4F 4
H OpenAl BX & All46 A\ John Schulman 7E Berkeley EECS <X _EFiff Y4 & {Reinforcement Learning
from Human Feedback: Progress and Challenges), %75 | OpenAl £ A\ BNsE 52 >] 75 TH B9 3
J&, o3 T IEE SRR S BRI PR, T RIR RS USRI IE, si b SITERIE
AR b B EE A A AT DA 9 AR LA T -
(1) BUESLEEREFIFIUEEEATZI: A IRE SN B MAT# TR, HE
PR B RIEBYE N 48 E I A8 YIRS 28, TR b SR s B N SO T 5, A
FINREERIFTC, XA B E AR, RS EESRIBESHEA, B DSRRIAZ R
P, AT DA SR NE R BURNE, BRTES 50 RIE, ATAHZRR R 77 XRISHEFRE
o A WRE IR FIRES 7R s SR DU 48 IR R Z FEERIR, 55
Hh—T7TH, A B EIE R R A B HAMO IR R R, T ERIRRI,  JE ROX AR RN A ]
TGO, RSB FIIATE, RN BRI 4 N sgn, (22, —DEE R B
TERBCESCARBVREARE S g0 ST AT DA ik 482 5l R ESOR 381 ] Rk SHE o 22 A5 1 A A N2 T B
P77 T
(2)BUFEIERSMRALTERIM: FHPERIES BN FEE =M A (a) XAR (Text-
Grounded) : FH PRI AR SCARRIAIE, LEARTUET AR L SCRAE RS SR (BN, “AscHhi |
RN A EWELE”); (b) KA (Knowledge-Seeking) : I F AR A, AEBUARSE NTERTIA
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PRELESEmE (Fan, “FURHE WRBERA2"); (o) AlER (Creative): FFHRHLRIBIEH,
IR T ARG M L (P, “F—DRT .. ). AREIREIREE S SR E
WAL, FERRGF AR ESEAEERIER S, AREIGNAZRERTSGHESR, m
(EAsRM S 771%, WAl DOEIE e fl R, HIEMERKTIER S0, BEEREESR
W PR, PIEMRERW AR S0y, EERRE RBPR ORISR, M
TAE—E R BRI £ 5 (],

(3) BUEIIFTURFHARR S EIERF RIS : LA IERE R KIE 5 B E 2 A&
MifE . —, ZHMNEREIERRRE BN, FHEFEZICZEIRENBARENR, FILREENE
WA ST AR, TR SIT5Tk, A DOB AR R, MRS DS A H S DA IE
B Y AT H AL 5 A T T

6.1.3 ET AXRIFHIRILFSATE

KHBIE SR TIRE WA, BELES TEIEE M2 RNIERGE), B TVIHS
P HATAIERIRE ). 2RI, KRIUEIE S AR TR RSB EMIZRER, HE MR
PRAERITIM, MiX eI RI BRI, BT RES AT ENG R, NHE Y BAAE H iR AR, M
Rz, At S P T ESIN, Fitk, MREFIEREGE N TGS AR EVIE T
75, SCHR [24] 1R K15 S B8 VS SR IR R A5 B (Helpfulness), ESEME (Honesty) PANTE
FM (Harmless) HY3H RN, H1T FIA 3H JENABLE 7 AKMmEF, FET AR RIBH R
>] (Reinforcement Learning from Human Feedback, RLHF) 1R HZ&Hu#75 | A 258 HxHEEA A
ZrimpEH,

BT NERIRAsRM S E L5 N R ISR G AE im SRR LA D P88, AN i
N RIRE R m e R 2 S NSRBI mar,  HIRrEAY B 8 R A RIEN BRI T F M, %
iSRS T NERMREFE R, REWE AWt BRI ZR RN E 5. RS RIS S, &
FUG BRI SIE 5 RIS TRE . OpenAl 75K ZEUE S5 (8 FH s (b S BIE A B 1T i
RIEIEILE L (Proximal Policy Optimization, PPO) , I RIS UL AT AR HEIZ A TRAS 1Y S It
PR @ ARRTHNER, AR RNUR I T & AN R IREF A E & SR, rim RIS LA
FRANE6.2F R0

Tt RIS LA S B MR (1) SRIEHRAEY (Policy Model), AERSAIEIE, (2) s
A (Reward Model), it 2 0 HOR PG R B BLER A, (3) TFIREEAY (Critic Model), KTl
DB PR, AT RATEI RIS R b SEIN PR R e AR BRI R KHIT . (4) SEH
A (Reference Model) #2AE T — SFT BAUH &y, AR S HBNE TR, 1R
WEACA A SE IR AN T -

(1) IMERM: SRIBERE T e M AN —RYINEIE, RN IX L6 5 #7701
LIl



BILF3 153

o—(m) {&)-+-
XL SFT 2 GAE SR
« TDig
F-—— === { Ri PPO-clip
15 o va] s * Bl nX&AK
:_at_ _____ ' PR
-/ ' el
w\aE
G % RSk AR
st | x| vy | —
RN RE R EH
mgm W 1R
. Ernx
2R RER
RPSA

Bl 6.2 ARSI AT MERIZ

(2) RBBALTE: A AT R E 2 A AR B, FEET SUEH T (Generalized
Advantage Estimation, GAE) RERMTHESE L, B A BT E RIS B RITEIHY
LS 0N

(3) MALIBEE: RS BRI SRR, [RINA S5 R R R RIS A 2
RKRHIZEAL, MMAERASE R RRE M

6.2 RMANIREL

FF NERBNGRRI SR AT DURGF R AN ERI ds. MBEIE BRI, AT DO 58 (5% > i
FI NIRRT R B RO BRI A TR AR, 28T, SZPRT TAEE AN REIRRS, #HA AR
PAER, ASFARMERMUC IRk, FNAREI T IR (Reward Model), FEL
AEHIPHEIE R, RRAE SR S s EREEEN, CUUE T BB SRR
SE SRR, DASKEIRUE RIS HAR. AT ke SR ISR R I 2R 4 75 T A 2
RIS BRI A S,

6.2.1 FIBEUREE

FERSSCHR [24] AR H QTR 5 R R i3 2 1 HHH TR, nqafae i Tl 2R i as R g 45
PR R R Bt AR S G B SR AP E SR SR AN T 2 ARYE Anthropic HIBAESCHR
[165] FF/M 44 HH-RLFH RS EE R, EZEAHEMEEE, 2BIE 7 ARAEmLT
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AEE
(1) BAM: GRAMEERERRN S-MIEIES; ENEEMREES, CEEB MWD BIRHITER

s H A AT R AR A R T LR B, 2T, 4R R IR B A H A TS I 7 TR

XN A FREARMRTE R AT, AT WG PP Ml T 3 2R AR, (R

R, TEARTE N SRS HRBE A RIS B P S AR AR B T SO SS (HLdn (a2 m) i

B gRESO. IR TR SR

(2) ZEH: TEENHELRAPRE, 15 S RIE A SRR E R 8 BR T B 0

FEIRSE A SRR E A 7720, BN, — B RCE 38k AU RRE BB IR AL 28 AN AT RES

F, (HWRBH T8dE s, DONZRER = ERER MIrTsE2 A mn, EH8dEEE

R, EAREA S — SO R ], BRI RIEIRATRE, SIERRG tH—EEEE

WA F R,

ARPEMTTER RN, SEIERTFIER USRI E 2 2rEE  (FInEERRNE) ,
B ANTCIER IR TR K, MR, R VR e S B LA FAFNE L, &
AN EEESE (A ATERMTEFIENIZRE) 1R E1E R IZR AN, BARYAT DABE RN A B, X
A DRLS R 4 A F 1K,

HH-RLHF #(E5E —figsrib 2S5 AR RS SHETEE, SEREERER MFEA
REWHARERIE, EHNEAAEIN, AMTREN AR — L2 E%, (HIXLEE R ELBIE X
ATEBNL, XN ASERIBAD T HMRARR BAIRRIMSE, [, XERE SR AR,
R B B RORRIESS, Bt RS BHREI SR EER A B RE S EEN RIBTT =,
i HIXM7TIRAERTEARRE T2 KR L, JUPATA BT SORIESS AR T U A 5k 20, H2
FERTE R ERAN — 22 R JRIE R, DB G SE iS5, IR REA(REE e AN R E S, 1T
HAg T TZRE e, ERIULEIZRId R i RENS S 4 PR N\ R R S5 BRI,

Anthropic FIEHEILEE 32 21E 1 Amazon Mechanical Turk AR T HAERKR, 0&6.3Fr
N, FREEE A LOEE IR AP RS B r AL H B ATE ST, eSS RS SCARESS
HHREE), HERFRERINN, FREE BRI MERREE, RS MR DRSS, X
PRI AT DK B Rl —MRA ] Dok B R RIFERL, SRS, AREH Al DR H 5 £2 1R el
FIRE 2R G, EBIONEES T, MEFEN DR, XERrSEE 2
WE-K

() FREFAEREGIIREE, ZReMPITES. FERE, sEE SRR IEH,
(2) FREEBEBIWAMAFRBEE, FFeeEsRiEs E AR B EL R EE (EE T FE MR

N, EFEEEEREE).

Anthropic HIBANEER T3 R RIBEHE, £ “ARME" Bk, ZOREEMBRIT IR
ONTE, FREB, B, SEZERBERIES, A5, PRI TR Z M MR A [E] R A %
WA EET, £ “ToFME” BHEES, Anthropic FIBAZERAREE 4105 [ SFBAILE A F R E R,



Playground task @

Talk to the
assistant

Task 10f 5

Decide on a task you'd like
the assistant to help with
and enter it into the task
box. Interact with the Al
assistant. When you're
finished, select a final
response from the assistant
and leave a comment on
how the assitant did in the
comment box. Click to go to
the next task.

SBILFES)

Human
I have to come up with a conversation with an Al assistant for the purposes of showing it off in a demo. What sorts of conversation
topics would you recommend?

Assistant

1 think the best topics for conversation are common themes and interests that everyone could have. Things like weather, sports,
hobbies, current events, popular culture, and general life topics like relationships and work would all be good conversation topics.
You could also have more advanced conversations discussing philosophy and morality if you want to demonstrate some higher level
Al capabilities.

Human
I think I'm more interested in an advanced conversation. What's a good starter question if | wanted to discuss something
philosophical, like epistemology or the nature of language?

Assistant

1 think an excellent topic would be which is the theory of knowledge, and specifically how we can know
and understand the world around us. A really good starting question would be something like "How can we truly know and
understand the world?", or "What is the nature of knowledge?". If you want to go even deeper, | think philosophy of language would
also be fascinating - questions like "What is meaning?”, "How do language and thought relate?", and "How can language mislead and
deceive?" would be great discussion topics,

Human

155

How would you answer a question like: How do language and thought relate?

Comments

I thought the assistant was .. Choose the most helpful and honest response

I think a good answer to that would be that language helps us to structure our thoughts and express what we are thinking. Language
gives us a symbolic system of signs and meanings that we use to communicate our ideas and make sense of the world. It's critical for
how we record and relate knowledge, and | think it's impossible to completely understand and express our thoughts without the use of
language. Without language, our thoughts would just remain as instinctual impulses and basic desires, and we would have a much

Rating
harder time comprehending and reflecting on the world around us.
OFROROIORE(
Bad Good

I think the key relationship between language and thought is that language allows us to communicate and express our thoughts and
ideas to others. Language is a system of symbols and signs that we use to organize and express our thoughts and mental concepts. So
language is how we translate our inner thoughts and ideas into something shared and communicable with others. Without language,
we wouldn't be able to express or understand the thoughts and ideas of others, and so language is essentially bridge between our
inner minds and the shared external world.

B
B is better

B 6.3 Anthropic IBWETS

INE IR BRI A FE R N, BIRA T B AR TAEE R A T RS B & w4
HBRRE, A TEIRET SRS & T IRy, A SHIXLERIN LA SRS, IR LRI (e,
AR R RE,; N IRE S N EON PR Y E =k —, I EAEMER SRS
E RGN . FEFENE, XEWE “GHA BIREEESTNEHEREE S,
“TeEM” BaRSES, AMIMENZIEAERE B EEN LR, R6.14H T HH-RLHF B4R
FEA, FXFEIFERIAEE, B2 chosen 1 rejected, IIZREEEIBEEN 16.1 J15%,

6.2.2 HREL)I|%K

AR B R HIEE T Transformer TN ZRIE S B, fERIERN, BEREE—D
AR, FFAERZH) Transformer |2 BB T — PMHIIMILMZ, TR ARRFARSOR, Kl
BRI SR P P B B fa — AR IC B — AR ERE, AR, RMER,

SCHR [166] 42 Hh 11532 R P e 5 75 A FH EE A [ i A\ ZE SR 79 A TRl ) 2 TR E X e
e, X MRS, BB DNEEEAT D IFEIERAAR, AR REsR
IERIRTZRiL, BIRTTS, B XHEARRIBRER AT DUE SN :

L) =logo (r(x,yw) —7(x,41)) (6.5)
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% 6.1 HH-RLHF $UEFEA

chosen rejected
Human: What are some cuss words in english? Human: What are some cuss words in english?
Assistant: Here’ s an incomplete list. Ass, dick, Assistant: Here’ s an incomplete list. Ass, dick,
bugger, crap, fuck, shit, bitch, turd, shithead, shitbag, bugger, crap, fuck, shit, bitch, turd, shithead, shitbag,
scrotum, cunt, whore, fucker, shit-eating, cum, scrotum, cunt, whore, fucker, shit-eating, cum,
cumbucket, fucknugget, butthole, poop, jackass, cumbucket, fucknugget, butthole, poop, jackass,
cocksucker, asshole, goddamn, piss, sperm, blow, cocksucker, asshole, goddamn, piss, sperm, blow,
wank, jism, cum-sucking, masturbate, faggot, queer, wank, jism, cum-sucking, masturbate, faggot, queer,
jizz, jizz-licking, prostitute, slut, cheater, fornicator, jizz, jizz-licking, prostitute, slut, cheater, fornicator,
floozy, wetback, Mexican, Hispanic, sodomite, midget, | floozy, wetback, Mexican, Hispanic, sodomite, midget,
mama’ s boy, faggot, pervert, queer, scumbag, bitch, mama’ s boy, faggot, pervert, queer, scumbag, bitch,
Human: What’s your favorite one? Assistant: Ass. Human: What’s your favorite one? Assistant: Ass.

Hrh o /2 sigmoid FRIEL, » RERSECH © BNRIERIE, r (z,y) RRENEATER « Fft ¢
P P00 £ ) 2R — A R 2L

AR, SCHR [167] 20 T THEGES BB, A, IZREBdRaE T AMME
RRTEEE Y, BIERAERMIERE S, BRI EARE Y S N A A, DAEREGE AR
AR A B4 BRI IXFR RN TR —X 5, fEfl SN T BEEIE S BRI,
MTEAS AR REASTE B ) N Hsi 05 e e A . 7ESCPRRAEr, TEIB SRR FIAT
R Bom, AT M, AT DAS R0 N A2 AR 2K -

L)) = =AE(z,y,, y)~Dm 1080 (r (2, y0) = 7 (2, 90))] + BB (2, )~ D (108 (1 (2, y))] (6.6

B D, FRVNGEIRENEAER 5, ' 25 r HENER, RERMENSEES r BRTAHE,
ZENE R RILEE SRR AR MEXN B, 78/ BRI o/ (2, y,) RONERTERMATER o FIE L5
H g BUSRAE T EUURMESRS, IXMBUAMERFIK T R AR il 4a i i HE O AT RETE

74, EATAG N — DTSSR e £, NI T SIS R AR A S R S 5
WG BT 7SFT 2[RI Kullback-Leibler (KL) %, MI5IA T —RIETIALHI, S22EAT DR
PESCHR [168] wIL U 77 TRk

Ttotal = 7 (2, y) — NKL (ﬂ];L (y|x) ,ofT (y\m)) (6.7)

Hrp o 3R KL RIARL, R T KL ETRERE, X0 KL BUEITEX B A IEE M E
HIEM. BEJt, efEN— R, (e 7RISR RIIRR, % 7RI Rl sz s —
e HIR, EmhfRIR A SRS HH A 2 5 R R IZRM BOB 2 HIAEA T A B A W 22,
MITGERE T 5 SRR AR E AT — Bk, XAh KL ESIALHIAE R 22 S R i 21 7 P 5| 5
HIPER, AT BSOS AENT AT SE R IZRROR
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6.2.3 FIREIE

et 2Rl e 8 — SRR R S PT DAGE A, FZEEE OpenAl 0 ZAE 5518 Y
Summarize from Feedback FHE5E AR EE KT WebGPT L5 2R N\ S iR S, A, I©F An-
thropic A FIHEAITCF R HH-RLHF £EEE M Stanford FF i SR AV BT AW AR 4.

OpenAl £ 2020 fE5iH RLHF £0K5 | ABIHHEAE R, $2H1 T Summarize from Feedback %48
F06, Eeidid AR IRArF AR IIER T — 2R, B A R 25— 5 N R wEFFH VLA
AT, 2 EAREE  NER 7 X AR A IAER o0 X ELER Iy 17.9 J7 5888, RiEA
GNP MR — N BEAFAIE 2L, Blmrl A 4R 1.5 77 5808, A Likert &R HHE
BRI, TEEEANR, A OCE ISRy, w006 WA 5 e 77,

WebGPTR! i I AR RIRINER T — SRS SR SBADRIR A SRS RIS RE S, RS
ANEHREFHERT, ZBAREAETE WebGPT I H 45 sRIN AR I 18 & 50 @ ABE Y Bl A 4T bE AR,
ST 1.9 5 REE,

Anthropic ) HH-RLHF R F 2250 NN KER 7. 58 —H8 02 kT8 MR FH R A m
SRR, R 17 77, IXEEEER B AR aR e ST I SRR AR (B RE S B TN
TERBIRTINER, FOMIXFERRES S EBEAAR RIT N, B0 2 i AR BOFERERIZL A
OIS, X7 EdE v ATS B AT T fR AN e BB T B IR AR B RN, JF A IR ee v 575
KEAFTREA

Stanford Human Preferences (SHP) (B S T 38.5 HEKH 18 NMARURAI A EAIE2,
BT NZIEREER Z NG, XEREEE T AN N EREG T PNmRLE, SN
RLHF 2SR B R TE 5 A SO AR 2Rk, BARORYE, B AEUEHE Reddit I—7
¥ XM FHSE - DREEER, PARMEESEITEIRIENE SR, SHP BdEiyEn @it —E
(IFRERIN, e B Z IR E N AR RZ A&, SHP F1 Anthropic Y HH-RLHF 5 fff
Rl AMZERET SHP BN HEE Reddit FF BZAF2EY, i HH-RLHF HYNZAERENL
AR, IXEHRE XM N EEEENNA RUSFIR SERAARE, AT LE RN T,

6.3 iTim RAZ AL

ISR AAL. (Proximal Policy Optimization, PPO) 11701 J& Xt 58 k2% > F SR s B 75 1R 1 st
A ARG SR SRS B T A R R T 22, (REERICR, BRBEER, MImfdm 1k
SJEERT AT SEPERE A, T SRS A S R S5 S T AR I RIMERE, JF HAENLEEA
. BEhZBR. FERRETIRHERA T 2N . OpenAl 7E2/Mi A 3022 ST S5 HH AR H
BT, R TTIE R R T TR S AL 2 R AR SRR B AR IREF . AT RIS
BREE, T SRS TR it SR e A0 BB =N 7 TR A A i SRS A A b



158 AMASIESIER: WIBLTISE - K. i, 1By, S5
6.3.1 RIZHE

HHEBEIE 7715 (Policy Gradient Methods) JERML2 SIrh— K EBAQEL, & EE ARG H
B n(als;0), DABAMFHIRIER (EHRE) R(r) = X° 4, Hrb 0 BHEIEHEH,

BOER B IR AS IS po(s), FREEHIRARASH so ~ po(s), B EEMMRIE RIS x(als; 0)
D =G a0, FREHRIEILIREL 1 (s, a) 2L, FERABEHEER P(s'|s, a) HASE| F—
ANRAS s, B EIX— I R B AR — SR B HEIR S IRB S LIBUE 7 = (s0, a0, 51,a1,... )0 T A
FIEI A RN

P(r;0) = po(so) | [ 7o (aclse) P(seralse, ar) (6.8)
t=0

FAIH E b2 RO IR R J(0), BN:
J(0) = Ervp(ri0) [R(7)]
BAMERBEE EAE S5 0, THE AR AR AR :
VoJ(0) = VoErrp(r0) [R(T)] = Erp(r) [Vo log P(1:0) R(7)] (6.9)
HAnzH TR ESEEET, B
VoP(r:0) = P(;0)Vylog P(r; 6) (6.10)

W— I Vylog P(r;0):

log P(7;0) = log po(so +Z log mg(a¢|st) + log P(st11]8t,at)) = ng logmg(at|st)  (6.11)
t=0 t=0
PERREIR B IEARASHER po(s0) FIBERERESR P(s,s1s:, a:) SR SHIESH 0 0K, FILALIIAT
SENE, W ARASE]:

Vo (0) =Erp(ro) | R(T) Y Vologmo(ay|s:) (6.12)

t=0
BURIZ RIS EAEE AR, 15 R(r) BIER mo(as,) MG, ZAEBK, WEHHN %K
s¢ NENME ap BB, RZMIED, SIS ERAERRREMS IR IRRIIRENIE, AT, BEEHUTHIR
VR A TR Y AT RN E R A S B, BOYY BIEh R S 2 s %, R, Fefi]fd
FAMYRTIRAS 50 REGIIE o, JGIIBREER R, = S50, 7F ~tre MERIE R RAENE, JFH
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R SRS AR P 2 R 2 220 -

Vo (0) =Y Es,.a0)~mo(ar]se) 1Rt Vo log o alsy)] (6.13)
t=0

BATAT ARE ISR ) BIBEE BT IR SRIE S8 0, (2 RERSIRTS B R mlk :

0 < 6 +1VeJ(0) (6.14)

6.3.2 | XIBMETT

ERFAR613 I R, = Y00, AY ~try ATCABTEEIRES s, FRBUGIE ap FEFIR, RILFRIX
NEHRIEENE (Action Value) , FMEMMERECH Q(s,a), #E—THIA] DUE SUREME (State
Value) NHEMERTIAE, BURSMEREV (s) = Eouny(a)s)Q(s, a), FonsT HATRSHIHAE
[\, Q(s,a) —V(s) ATLARTRYHIIRA s FoME o HHET RN — 1 31ERI S (Advantage), fi
M A(s,a) = Q(s,a) — V(s) RERNARE, MBBK, VIHREGEHE o ZELEMAIRESIEE LT,

LETEIRAS s, FIENTE o, RIBENTEMME R E ST DUSBIEH T RIZRE Q(si,a0) = S0, 7 rve
IWEMMERTEMIERZ V(s:) = E [ZtT,:t yt'*trt/}, RIENTEMMERTIIE, B TIRSHME R EOZ ]
B, WELUTRE, —REH—MHEMERBIEIREIMERE, Bl Vy(s) = V(s), HA ¢ MM
SR T IUeHEMZs, PRI IR E R

L‘(‘ﬁ) =E

T
Vi (5¢) — th'%F] (6.15)

t'=t

X EASRATDMER Q(s1,a0) = Sy _,v" ~try HWEBIENME, IXRIMIR SRS B B
FEA, MR mE, ARMmbTHFRERFRZY, R PNERAT, XSERIENER
FZEIRK, PRITYWEFFEE . IXFF MR RAETERE I — IR LIS AR P B AR N S48 5
;% (Monte Carlo Methods, MC),

NTWDTTZ, AIAABRIEARRIRZE L, MR, NT—HZFHRZSEERM
EFIRSOMERBOEITIET, B Q(se, ar) = 10 + 9V (5441)0 HE V(sy) BIMHI, H2ATMENE
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HZ WA, Rl

Elr: + vV (si41)] =E |1 +9E

(6.16)

SRTEITEE T Vi (s0) KRIEMA V (sy), ARG r¢ + Vi (s041) AR IR, HERHR
BT, KIHTT 28R, IXMEE R 222205, HARER RSO E e Bl T B 75 75K
HTBEFEZ% (Temporal Difference, TD)o FACBHR] DURFE k i, B Q% (s¢,ar) = re +yress +
T e YV (sear)o BEE K BER, IXADEERBAANEE T ERF RIS TTE, Kt WS
RIBTTEBINFZS, TIEBHRD. WEZREE R, kBB POY:

AY =ri g+ T e AV (s04k) — V() (6.17)

SR RETTEE T 2. TRE, MNFEMETZE. SiRE. DT Z5WZE, T X ABhit
(Generalized advantage Estimation, GAE) J7iEMALHARECE SN k SARAIIFEECEY

AtGAE('y,)\) —(1— /\)(A% + )\Af + )\2A§ +-0) (6.18)

IXAERLRENS RN R B S RIS TTIERIIN P 22 0 RO OLSS,  MIMEERR T SUIEBME T BA T 2, (R
ZEIGFAL, BRI ULl T8 T2 s F T SRS RS R 75 T rh e SRMIE AT E ST SRl T
TR, FREREZ £ PUBE, HREREEE S, BbABZESIAIL, FEX k
WARBTE T (A36.17) HITHE , EXTDRE (TD-error) &; = 74 +V (s141) — V(se), HJ



BILF>S) 161

PURF & AEH AF B2

AY = e+ T e YV (se) = Vs
=ry — V(st) + 741 + (YW (st41) =YV (s041)) + -
F YV e+ (F TV (s0k-1) = VTV (s048-1)) + 7V (048)
=(re + 9V (s041) = V(s1)) + (741 + 7V (seq2) =7V (s041)) + -
+ (Vo1 YV (s00n) =7V (s640-1))
=61+ Y01+ VT 1

k
-1
= Z VT Opqi—1
=1

i EFCR kP IRB O RSP0 TD RE, RER LIREERIAZI A 6.1871, AILAGE]:

(6.19)

AFAEON (1= \)(A] + M7 + 2247 + )
(1= A) (3¢ + At +Y8e41) + A2(0¢ + Y0st1 + V2 01a0) +---)
(L=NB(T+A+ N+ )+ 901t A+ X2+ A + .00
F %652V )+
(1

(YA) 6141
0

2

NB(2) + 700112 72 (o) )

>

1=

GAE WEXTEEWZ (H A=0M) M@z (G X =11) Bz REEEE, AR
HE PR IX AN 1
GAE(")/, 0) . At = 5,5 =7+ ’)/V(St+1) — V(Sf) (620)

GAE(7,1): Ay=3 0= 4'reri— V(se) (6.21)
=0 =0
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6.3.3 imimRIBAILEE

RIS B RS, BATA] DM Z R Z 1 A5 TS ERIRES 0SS, MM st 5 155K
WEHRIE TR, KB REL A(s, o) W ARISERE A 6.13155:

Vo (0) = > B, a0 ~mo(arlse) [A(st, 1) Vo log o (] s1)]
=0 (6.22)

= E(S,a)~7‘[9(d|s) [A(S, a)Vg log Ty (a\s)]

IX—HEH RS T, ELbRERRIESE 0 NidiEd, SUCRE—IEBdRERG, %0
i 7o (als) MR RAEZN, HTHMKE, ZRTRENEIRERREE F—HREHHRA, KR
FRIE 77 AT B A WTHLIE IR A B S], R IERRCRIR R,

FERERISHE T EF, F— DN TS MR R BN ATURISSECE T, XAIgT
AR AR (On-Policy) kT, MR, RHEE (Off-Policy) WIZRT7 AN XM NEREE >
&, BEE— NSRS B MmMAER, M5 — " RASTEH SN e AR MR EREHE+
3], XA AT A E R D SR, HE T NSRRI AE, BERETSSEREN
g, —HMERZIAEIXN N2 R —3, EBMR# (Importance Sampling) /2 X E
B RHYEEROR,

HEVERMZ MG, RERNAEGHIEE, po)[f(2)], EEREEEERE T 5
—AN A Q). I AT OB 1 B R EIR A E SR B IF 5 R,

By pe)[f(2)] = Eanare) {ggf(z)} (6.23)
RN EFAREL KR, BNSFE N IA->:

s BAE YNMERERE, NE ggg ATRE BRI, ST AVEIERE T ZEH R,

« RE: N TRRAGETIERE, JEEFRENNEHI TSR, XI5 AWZE,

BT 5 IR R TRV RERIRIE N 0/, T 2SI RBIRRIE 7y 0, A B B RAERIAT
TSRS B N TS A S R

pols.a)
Dbo’ (S,Cl)

V@J(@) = E(Sﬁa),\,ﬂe(a‘s) [A(S, a)Vg log TTp (a|s)] = E(Sva)"‘”e/(ﬂs) [ (S, a)Ve log 719(@|S):|
(6.24)
HrP po(s,a) = mo(als)p(s) FRIRASENEX BRI, IRZSHIBERBEA N5 BN To o DL (3

Titft. R, SERHISRIERREE N :

9 (als)

V@J(a) = E(s,a)wne/(tﬂs) Tigr (CL‘S)

A(s,a)Vglogmy (a|s)} (6.25)
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M LB T S PPO 1Y AR BN :

1 (als)

)A(s, a)} (6.26)

J(f)) = E(s,a)wﬂg/(cﬂs) [7‘C9r(a|s

ATPEE, BEZPERHEFRZERIEN D RIEMAAEE, SUETESSBULEARER RS, Hit,
PPO BIRSIA T BIUINLAI, @I R A E BRI R e TE R e e~ AaE, B

Jepo(0) = E(s,a)Nﬁel(als) 77::/ ((C;||i)) A(s,a), clip <;t:, ((C;||Z)) s 1—e, 1+ 5) Als, a):| (6.27)
Hrp e ZEBSE, FIaneT DU E R 0.1 33 0.2, Clip BREERETEEMENER AN, RHEIDELE 1«
*l] 1 +e ZI\ET‘]O

6.4 MOSS-RLHF 32

GHATAMIA, AR IBHRSE SN T ARSI R, PEEBIR DL SR
ihore TEF BRI, S E DA ZRAIPRAR, RIS B AR TE = B & & A
A R TFTFEN RV, AR R st Ao ST IR F RRIPE . RLHF BURRE SRR ZE KR
BIARAETT, ABIEETERNE BRY B R S RS % HIBNE X PPO SIERI N EE AR
BEMEAT TIR AT, FF&AT T PPO-Max HIEN DAAPREARLIZRARGsE Mo %Al 7 BA RATRAY
MEHREN R FPISORIIRA, 8 T EHTPRIC AR WA SRR,  BAA MOSS-RLHF JHE I %k
REZR, ATH A MOSS-RLHF AEZREHET A\ S S Itsm (b o ST SE ik

6.4.1 ZZ[ENREL)| 4%
G ET LLaMA BRI iR

# reward_model.py

# i R

import torch

from transformers.models.llama.modeling_llama import LlamaForCausallLM

class LlamaRewardModel (LlamaForCausalLM) :
def __init__(self, config, opt, tokenizer):
super().__init__(config)
self.opt = opt
self.tokenizer = tokenizer
# Wit E reward_head, FRIFEEMME.
self .reward_head = torch.nn.Linear(config.hidden_size, 1, bias=False)

def forward(self, decoder_input, only_last=True):
attention_mask = decoder_input.ne(self.tokenizer.pad_token_id)
output = self.model.forward(
input_ids=decoder_input,
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3
Tht

\
1

attention_mask=attention_mask,
return_dict=True,
use_cache=False

)

if only_last:

logits = self.reward_head(output.last_hidden_state[:, -1, :]).squeeze(-1)
else:

logits = self.reward_head(output.last_hidden_state).squeeze(-1)

return (logits,)

RINEARIISRIRIARS, MUFFERAREETIAE chosen F1 rejected [AIE 7328 EZERE,
A] URFE chosen a1 AR BRI B B 4RI AR,

# reward_trainer.py
# JFan A
import torch

def _criterion(self, model_output, batch, return_output):
logits, predict_label, *outputs = model_output
bs = logits.size(0) // 2

preferred_rewards = logits[:bs]
rejected_rewards = logits[bs:]

# R REALARIE A BRI A BRAE A R T IR AR A K

probs = torch.sigmoid(preferred_rewards - rejected_rewards)
print(f"self.train_state:{self.train_state}, predict_label:{predict_labell}")
loss = (-torch.log(probs + le-5)).mean()

# ‘I}‘f’% ir, rJ?i j” Ko

if self.calculate_lm_loss:
Im_logits, *_ = outputs
scores = lm_logits[:bs, :-1, :]
preds = scores.argmax(dim=-1)

label_vec = batch['text_vec'][:bs, 1:].clone()

loss_mask = batch['loss_mask'][:, 1:]

label_vec[~loss_mask] = self.tokenizer.null_token_id

batch['label_vec'] = label_vec

Im_loss = super()._criterion((scores, preds), batch, False) # lm loss for chosen only

loss = loss + self.lm_loss_factor * 1m_loss
if return_output:

return (loss, model_output)
return loss
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PPO TR B R BNPY MR 51172 SR AR

BIXP M,

VEICHUR, SRR SR,
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Bem

# train_ppo.py
* EsRE
5 A o 3

# [ € LB A T
random. seed (opt.seed)
np.random.seed (opt.seed)
torch.manual_seed(opt.seed)
torch.cuda.manual_seed(opt.seed)

# #2017 25
tokenizer = get_tokenizer (opt)

% ug A Al

1ogg1ng info(f"Loading policy model from: {opt.policy_model_pathl}...")
policy_model = Llama.from_pretrained(opt.policy_model_path, opt, tokenizer)
policy_model._set_gradient_checkpointing(policy_model.model, opt.gradient_checkpoint)

# b A

logging.info(f"Loading critic model from: {opt.critic_model_path}...")
critic_model = LlamaRewardModel.from_pretrained(opt.critic_model_path, opt, tokenizer)

critic_model._set_gradient_checkpointing(critic_model.model,

# WHSAHE

logging.info(f"Loading reference model from: {opt.policy_model_path}..."
ref_model = Llama.from_pretrained(opt.policy_model_path, opt, tokenizer)

# R LR

logging.info(f"Loading reward model from: {opt.critic_model_path}...")
reward_model = LlamaRewardModel.from_pretrained(opt.critic_model_path, opt, tokenizer)

opt.gradient_checkpoint)

FERP AN 5E U A REE AR PP IR R A T B2

B, R SHERNAS 555,

XM 2

AT

IgRI H iR

5

e=

# ppo_trainer.py
# JFn (A

class RLHFTralnableModelWrapper(nn Module)
#)ZJ'};\,EJ‘[[/JLH'J%Luéi’LI‘ uL‘FL/\*/{ /Ilj»\f

def __init__(self, policy_model, critic_model) -> None:

super() .__init__(Q)
self.policy_model = policy_model
self.critic_model = critic_model
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def forward(self, inputs, **kwargs):
return self.policy_model(decoder_input=inputs, **kwargs), \
self.critic_model(decoder_input=inputs, only_last=False, **kwargs)

def train(self, mode=True):
self.policy_model.train(mode)
self.critic_model.train(mode)

def eval(self):
self.policy_model.eval()
self.critic_model.eval()

TR HATARRAANIRE, 2NN UD P8R (1) BRI AL, 6 RIS A K
XEREEIE S (2) 56 P AR [ 2 AT 4T 535 (3) H B = AN SRR o AR A5 R D SR B2 R 2%
XA,

# ppo_trainer.py
# R KA

@torch.no_grad()
def make_experiences(self):
# MIRIFE KA
start_time = time.time()
self .model.eval()
synchronize_if_distributed()
while len(self.replay_buffer) < self.num_rollouts:
# A AR R B — Nk F
batch: Dict[str, Any]l = next(self.prompt_loader)
to_cuda(batch)
context_vec = batch['text_vec'].tolist()

# MR AL A kAR
_, responses_vec = self.policy_model.generate(batch)
assert len(context_vec) == len(responses_vec)

context_vec_sampled, resp_vec_sampled, sampled_vec = \
self.concat_context_and_response(context_vec, responses_vec)
sampled_vec = torch.tensor(
pad_sequences (sampled_vec, pad_value=self.tokenizer.pad_token_id, padding='left'),
dtype=torch.long, device=self.accelerator.device)
bsz = sampled_vec.size(0)

rewards, *_ = self.reward_model_forward(sampled_vec)
rewards = rewards.cpu()

self.train_metrics.record_metric_many('rewards', rewards.tolist())

if self.use_reward_scaling:

rewvards_mean, rewards_std = self.running.update(rewards)
if self.use_reward_norm:
rewards = (rewards - self.running.mean) / self.running.std
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else:

rewards /= self.running.std
logging.info(f"Running mean: {self.running.mean}, std: {self.running.std}")
self.train_metrics.record_metric('reward_mean', rewards_mean)
self.train_metrics.record_metric('reward_std', rewards_std)

if self.use_reward_clip:
# ZphHEH
rewards = torch.clip(rewards, -self.reward_clip, self.reward_clip)

# FRRT B BB R A {E & 2

ref_logits, *_ = self.ref_model_forward(sampled_vec)

logits, *_ = self.policy_model_forward(sampled_vec)

values, *_ = self.critic_model_forward(sampled_vec)
torch.cuda.empty_cache()

assert ref_logits.size(l) == logits.size(1l) == values.size(1), \

f'{ref_logits.size()}, {logits.size()}, {values.size()}'

ref_logprobs = logprobs_from_logits(ref_logits[:, :-1, :], sampled_vec[:, 1:])
logprobs = logprobs_from_logits(logits[:, :-1, :], sampled_vec[:, 1:])

values = values[:, :-1]

# KL BERSN, REBLFILIENZ L.

kl_penalty = (-self.kl_penalty_weight * (logprobs - ref_logprobs)).cpu()

# S et R o H B XU AR

label = sampled_vec

label[label == self.tokenizer.pad_token_id] = self.PAD_TOKEN_LABEL_ID
shift_label = label[:, 1:].contiguous()

valid_length = (shift_label !'= self.PAD_TOKEN_LABEL_ID).sum(dim=-1)

shift_logits = logits[..., :-1, :].contiguous()

ppl_value = self.ppl_loss_fct(shift_logits.view(-1,
shift_logits.size(-1)), shift_label.view(-1))

ppl_value = ppl_value.view(len(logits), -1)

ppl_value = torch.sum(ppl_value, -1) / valid_length

ppl_value = ppl_value.cpu().tolist()

# V5 SR AR A A 7B U R E

shift_ref_logits = ref_logits[..., :-1, :].contiguous()

pplO_value = self.ppl_loss_fct(shift_ref_logits.view(-1,
shift_ref_logits.size(-1)), shift_label.view(-1))

pplO_value = pplO_value.view(len(ref_logits), -1)

pplO_value = torch.sum(pplO_value, -1) / valid_length

pplO_value = pplO_value.cpu().tolist()

logging.info(f'ppl_value: {ppl_valuel}')
logging.info(f'pplO_value: {pplO_value}')

R GCLECTIES SETa

for i in range(bsz):
resp_length = len(resp_vec_sampled[i])
penalized_rewards = kl_penalty[i].clone()
penalized_rewards[-1] += rewards[i]

167
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self.train_metrics.record_metric('ref_kl',
(logprobs[i] [-resp_length:] - ref_logprobs[i] [-resp_length:]) .mean().item())

sample = {
'context_vec': context_vec_sampled[i],
'context': self.tokenizer.decode(context_vec_sampled[i],skip_special_tokens=False),
'resp_vec': resp_vec_sampled[i],
'resp': self.tokenizer.decode(resp_vec_sampled[i], skip_special_tokens=False),
'reward': penalized_rewards[-resp_length:].tolist(),
'values': values[i] [-resp_length:].tolist(),
'ref_logprobs': ref_logprobs[i] [-resp_length:].tolist(),
'logprobs': logprobs[i] [-resp_length:].tolist(),
'ppl_value': ppl_valuel[i],
'ppl0_value': pplO_valuel[i]

KRBT AR F
1f self.use_ppo_pretrain_loss:
ppo_batch = next(self.pretrain_loader)
to_cuda(ppo_batch)
sample [ 'ppo_context_vec'] = ppo_batch['text_vec'].tolist()
sample['ppo_loss_mask'] = ppo_batch['loss_mask'].tolist()

self .replay_buffer.append(sample)
logging.info(f'Sampled {len(self.replay_buffer)} \

samples in {(time.time() - start_time):.2f} seconds')
self .model.train()

R, R XS EITTRTE, B TaREMXrEdERIH RS (Advantages) FIEIR
(Return) o REfETHEEHTEM data_helper BEATEIRE, SR SRIEA LRI IRARTL AT IR

# ppo_datahelper.py
# AR

class ExperienceDataset(IterDataset):
# AERAR B BB AT H S
def __init__(self, data, opt, accelerator, mode = 'train', x*kwargs) -> None:
self.opt = opt
self.mode = mode
self.accelerator = accelerator
self .tokenizer = get_tokenizer (opt)

self.use_ppo_pretrain_loss = opt.use_ppo_pretrain_loss
self.batch_size = opt.batch_size

self.gamma = opt.gamma

self.lam = opt.lam

self.data = data

self.size = len(data)

if self.accelerator.use_distributed:
self.size *= self.accelerator.num_processes
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def get_advantages_and_returns(self, rewards: List[float], values: List[float]):
# R GAE Skt SR % & A B R

1

Copied from TRLX: https://github.com/CarperAI/trlz/blob/main/trliz/models/modeling_ppo.py
rr
response_length = len(values)
advantages_reversed = []
lastgaelam = 0O
for t in reversed(range(response_length)):
nextvalues = values[t + 1] if t < response_length - 1 else 0.0
delta = rewards[t] + self.gamma * nextvalues - values[t]
lastgaelam = delta + self.gamma * self.lam * lastgaelam
advantages_reversed.append (lastgaelam)

advantages = advantages_reversed[::-1]

returns = [a + v for a, v in zip(advantages, values)]
assert len(returns) == len(advantages) == len(values)
return advantages, returns

def format(self, sample: Dict[str, Anyl) -> Dict[str, Anyl:
# AR # R AR
output = copy.deepcopy(sample)
advantages, returns = self.get_advantages_and_returns(sample['reward'], sample['values'])
context_vec, resp_vec = sample['context_vec'], sample['resp_vec']
assert len(resp_vec) == len(advantages) == len(returns)

text_vec = context_vec + resp_vec
loss_mask = [0] * len(context_vec) + [1] * len(resp_vec)

output['text'] = self.tokenizer.decode(text_vec, skip_special_tokens=False)
output['text_vec'] = text_vec

output['res_len'] = len(resp_vec)

output['logprobs'] = [0.] * (len(context_vec) - 1) + output['logprobs']
output['loss_mask'] = loss_mask

output['reward'] = sample['reward']

output['values'] = [0.] * (len(context_vec) - 1) + output['values']
output['advantages'] = [0.] * (len(context_vec) - 1) + advantages
output['returns'] = [0.] * (len(context_vec) - 1) + returns

return output

def batch_generator(self):
for batch in super() .batch_generator():
yield batch

# A AL A
def batchify(self, batch_samples: List[Dict[str, Anyll) -> Dict[str, Anyl:
batch = {

'text': [sample['text'] for sample in batch_samples],

'text_vec': torch.tensor(pad_sequences([sample['text_vec'] for sample in
batch_samples], pad_value=self.tokenizer.pad_token_id),
dtype=torch.long),

'res_len': [sample['res_len'] for sample in batch_samples],
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'logprobs': torch.tensor(pad_sequences([sample['logprobs'] for sample in
batch_samples], pad_value=0.)),

'loss_mask': torch.tensor(pad_sequences([sample['loss_mask'] for sample in
batch_samples], pad_value=0), dtype=torch.bool),

'ppl_value': torch.tensor([sample['ppl_value'] for sample in batch_samples]),

'pplO_value': torch.tensor([sample['pplO_value'] for sample in batch_samples]),

'reward': [sample['reward'] for sample in batch_samples],

'values': torch.tensor(pad_sequences([sample['values'] for sample in
batch_samples], pad_value=0.)),

'advantages': torch.tensor(pad_sequences([sample['advantages'] for sample in
batch_samples], pad_value=0.)),

'returns': torch.tensor(pad_sequences([sample['returns'] for sample in
batch_samples], pad_value=0.))

}

if self.use_ppo_pretrain_loss:
tmp_ppo_context_vec = []
for pretrain_data_batch in [sample['ppo_context_vec'] for sample in batch_samples]:
for one_sample in pretrain_data_batch:
tmp_ppo_context_vec.append(one_sample)

batch['ppo_context_vec'] = torch.tensor(pad_sequences(
tmp_ppo_context_vec, pad_value=self.tokenizer.pad_token_id
), dtype=torch.long)

del tmp_ppo_context_vec

tmp_ppo_loss_mask = []
for pretrain_data_batch in [sample['ppo_loss_mask'] for sample in batch_samples]:
for one_sample in pretrain_data_batch:
tmp_ppo_loss_mask.append (one_sample)
batch['ppo_loss_mask'] = torch.tensor(pad_sequences(tmp_ppo_loss_mask, pad_value=0),
dtype=torch.bool)
del tmp_ppo_loss_mask

return batch

e, X IRESEAMPFSSR TR, 25, FEE LRI, WHSEAHREEST BER PPO
RIERP S SRR,

# ppo_trainer.py
# AR

def criterion(self, model_output, batch, return_output=False, training=True):
ook 4 Ao M B 0 4L B A
policy_output, critic_output = model_output
policy_logits, *_ = policy_output
values, *_ = critic_output

values = values[:, :-1]

loss_mask = batch['loss_mask']
loss_mask = loss_mask[:, 1:]
old_values = batch['values']
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old_logprobs = batch['logprobs']
advantages = batch['advantages']
returns = batch['returns']
if self.use_advantage_norm:
# LH B E 1
advantages = whiten(advantages, loss_mask, accelerator=self.accelerator)
if self.use_advantage_clip:
# f% B HR
advantages = torch.clamp(advantages, -self.advantage_clip, self.advantage_clip)
n = loss_mask.sum()

logprobs = logprobs_from_logits(policy_logits[:, :-1, :1,
batch['text_vec'][:, 1:1) * loss_mask

# ERHKALSAE
values_clipped = torch.clamp(
values,
old_values - self.value_clip,
old_values + self.value_clip,
)
vf_lossl = (values - returns) ** 2
vf_loss2 = (values_clipped - returns) #** 2

# A KA
if self.use_critic_loss_clip:

vf_loss = 0.5 * torch.sum(torch.max(vf_lossl, vf_loss2) * loss_mask) / n
else:

vf_loss = 0.5 * torch.sum(vf_lossl * loss_mask) / n

vf_clipfrac = torch.sum((vf_loss2 > vf_lossl).float() * loss_mask) / n

log_ratio = (logprobs - old_logprobs) * loss_mask
ratio = torch.exp(log_ratio)
with torch.no_grad():

approx_kl = torch.sum((ratio - 1) - log_ratio) / n

pg_lossl = -advantages * ratio
pg_loss2 = -advantages * torch.clamp(
ratio,

1.0 - self.pg_clip,
1.0 + self.pg_clip,
)
# policy model loss clip
if self.use_policy_loss_clip:
pg_loss = torch.sum(torch.max(pg_lossl, pg_loss2) * loss_mask) / n
else:
pg_loss = torch.sum(pg_lossl * loss_mask) / n
pg_clipfrac = torch.sum((pg_loss2 > pg_lossl).float() * loss_mask) / n

# J§ IE Wit &
if self.use_entropy_loss:
ent = get_category_distribution_entropy(len(policy_logits),
policy_logits[:, :-1, :1)

171
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entro_loss = torch.abs(torch.sum(ent * loss_mask) / n - self.entropy_clip)

# MNERENE
if self.use_ppo_pretrain_loss:
pretrain_sampled_vec = batch['ppo_context_vec']

scores, *_ = self.policy_model_forward(pretrain_sampled_vec)
scores = scores[:, :-1, :]
preds = scores.argmax(dim=-1)

ppo_label_vec = batch['ppo_context_vec'][:, 1:].clone()
ppo_loss_mask = batch['ppo_loss_mask']J[:, 1:]
ppo_label_vec[~ppo_loss_mask] = self.tokenizer.pad_token_id

labels: torch.LongTensor = ppo_label_vec

score_view = scores.reshape(-1, scores.size(-1)) # bs * num_tokens, vocab_size
pretrain_loss = self.loss_fn(score_view, labels.reshape(-1)).sum()

# GoIT IR OO v

notnull = labels.ne(self.tokenizer.pad_token_id)
target_tokens = notnull.sum()

correct = ((labels == preds) * notnull).sum()

# HEFH B A
pretrain_loss = pretrain_loss / target_tokens

if self.use_entropy_loss:
lossl = pg_loss + self.vf_loss_weight * vf_loss + \
self.entropy_loss_weight * entro_loss
else:
lossl = pg_loss + self.vf_loss_weight * vf_loss
loss2 = self.ppo_pretrain_loss_weight * pretrain_loss
loss = lossl + loss2
else:
if self.use_entropy_loss:
loss = pg_loss + self.vf_loss_weight * vf_loss + \
self.entropy_loss_weight * entro_loss
else:
loss = pg_loss + self.vf_loss_weight * vf_loss

if self.use_ppo_pretrain_loss:
if return_output:
return lossl, loss2, model_output
else:
return lossl, loss2

if return_output:
return loss, model_output

return loss
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6.5 LR

EARIRIFESR AR E R, AR f EO R Rl — M 2 DRI E T3, BT
B8 Z [ U EERIARE N A RXE, & SERRES Z B PES —2 N 60%70%. Hit, 5
WAERARIERR R, AR FR BN AR 2 AR PRI AN [E AR B AR MR T P A 42 . 7R Y
HIIZRAR, PREEER R RES 2RI A2, SR B TIE AR, G SR A PR s iy i P
REAISM, NN S ANHT IR 2R R A FEAMB IE,  BEAh, 2R 1R R T RE B R R R
FPEIIZALRE ST, A T IR IFRIZACRCER, BITERFEAIIRTEE T, IEEEORR R R
RN ihsEAY,,

1E PPO HYIIIZRH, WafRaRAC S SIS B MERDZR i e st B AR IR, FRIRIITE MOSS-
RLHFU'S ZR AR T 5200 PPO FREMERI SRR R, S LIRS 7 -EMoCN R, O
KL-FESTI, 22 {E 0 NI 5 850 DAR R A 8 B0 56, BE T IX LR, $8HH T PPO-Max
Hi%, WAPR RLHF MIRREIZTT. AN, %I H G TAMRTE PPO Il SR ERERIEE T,
WeFFF PPL. B K RN B & i SR EhnifE, DASCEIRY A SERR I 25,

Rig, PPO IIZRHSH H “Reward Hacking” B4, 1X 5 S0RE AU 1 50 I [R] ATV TR &1 (81 2 242 ), 2
HH IR o e EE N, IXFE LRI TN T R, 9T k5 IX —h)#,
R MR S SFT B En H 2SR 8 KL &S0 R — M7, B DA IR B R
R E R,

PG PPO IR G IR 2 —TiPki%, [K4 “Reward Hacking” BEZ BITFLE, AREANAULHH ] &
RIhRHAIE NG R 75 B ERIEBRR A T IEFE TR REHE T, BrEan 2R A IR, [
N IR TR AT N O, BT AN TSR RSATR &, GPT-4 IRl Rl fE N — RS, B1E
i GPT-4 PN, AT ODIRIHERIE, XM GPT-4 A REEH N WA AL FH M EiER, &
IEMPEN S MEREE R, FIEE| GPT-4 NIER B BE R ZWBUENE, BITEFREZE
IXEERE, WRAIERTE,



7. KiBEREN A

PA ChatGPT NARRAIAMBRIE S RAEREEE, KRS, RSN, MRS
FRELHRRIIRES], 51K TR R Z B A X ER AT S MR N, HHR A
MEAEPERES ). FREBOMEATA, (EA TR TEARESFFH AN S, 1A, BiFE A RIEE
DTSR, BIgR, W, HRELAME R AR, SEMBEASRER, Xy 7 —1
AU, ST RESHEENSEERK, DN MARTFRR AR, BRI
SHEFLI B T8 R AL = Wi 2 I B ARG R R R

ARERE RN ARIE SRR, BRERBE, 2 G N HINEZR DA AR AR S5 77 1]
AIBR TR R, G, B a R IE S B AR AL 77 7

7.1 IR

e TG 5 BRI R AR K, HESFERRTRFISR KBRS RE ). SR, (OO
DAY, FEARE BB AR (Reasoning) BEJT, QN TRHMERE, @HEHERE, B siss, @
1R (Demonstrations) B¢ RS FAEIULEED RN B 0, RERUEFHEAERZ
AR AP B, AT DR 1R A HAEHERT 55 BRI, IXMOT AR ) B4R R (Chain-
of-Thought Prompting) U7, [EFEM, X & ZMES5ERIEER, KBS BA A DURIIH REFATALX
(Planning) A&7, 8IS [ SR E Skt 8 - R0 g 2 DBV R T R, ARG 8 — I L
T, A5 SRS HRARE, IXFRISEAR RV EZRER (Least-to-Most Prompting) 1721,
AR E R AT A R 4E R R AT /D B 2RI AT K, 1R RIE S A A HE R S R
RE/T,

7.1.1 B4R (Chain-of-Thought Prompting )

B S BAEHERERE /) T AR — BEARBES AR, —SmR A BT NIX AT RE 2 F 9 Al
AR B AR i RS R, 20 T H A R, N R MBS ECE N E N R,
N2 HEFRRY RN, 8 2B B F MR R P, RS AR, IR & R
RSk IR AP B, FARIE AL AP RIS B R, B A RESHR F HAE B R IINE? HRIX AN R] e,
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Google Brain [IBFFY A GA$2 H T BasE (Chain-of-Thought, CoT) $&/ /727, BR 7 ¥ Ak A4
RGN JERE AR H A e RSB AT A B AT (ISR AN (W i HH B 45 3R, It P A) A0 R
MR A HEIRRE I T i, RN R E RN T EA B4 (Zero-shot Chain-of-Thought,
Zero-shot CoT) #&/R, HFRM M GRS “TEFAT—H—PIEF (Let’s think step by step)” 1731
TERYEERES B shim R E AP EE,

BT RWE 7R, ARER/DREARTE R (Standard Few-shot Prompting) BORTERR it
SRR RIS T LA, BRI, PCYATR, msfmE s, magEieR
TEPRBEA R N\ R LR N A (4 & A [, E4ERE, $8R] oA AR/, 5] S8
BT [ R B e RIS R, A DA BRI DREARTE R TRAE W BERA SR, HE2
BT EV DR R, ERAHNERERETE, Wiz, Eld CoT 778 NEA4ERE R
&, MR ER, E—ERRE LR T, N RASREMIEARA, FRNthE
8T —E AT R,

Standard Prompting Chain-of-Thought Prompting
| Model Input ) ‘\ | Model Input \\
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls

each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
k /| dothey have?

Model Output | Model Output
. ; A: The cafeteria had 23 apples originally. They used
: 27.
e Ehsieris27. (3¢ J 20 to make lunch. So they had 23 - 20 = 3. They

bought 6 more apples, so they have 3 + 6 = 9. The

\\answer i59. o /)
7.0 BRIV

SCHR [171] A 7 AN TAYE R GERE, PRI, 83 S5 A IUE H F AN RN B34 S BUAT S HERETE
B, FEMERR EAATERIS 28.2% MES:,  MECETERI BN TER 2 BUES5 R A4 T AE 2%
AU AL, AL, GHEREERS B B B RAF RFSTAERERERITER], TIa] DOKHEE SR HEFROR . S
Bk [174] B, (OB ILZRARREH R HS W A HEBS A TE A TR+ 20 BIR, H
e MEAIHEER R GIR 2 AP T A du il B E 2, Wik, hESO@EAR AR Amazon Web
Services FURFFEN GRIRH T Auto-CoT! ™ J57K, JEILRAEEA 2 REE R A1 AL Rl HHERE RER AL A
{Efll, Auto-CoT HIEMIEMALFRANE7.2F/R, Auto-CoT EAEM N FZR/EL: (1) MR K
SRR AR LR (Cluster); (2) JEBIRAE: WEEADFEHIESE —MURIERE, I
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i AR 5 R T TE M Zero-shot CoT A2 i HAEFEHE,

Auto Demos One by One

ﬁ -------------------------- Y 3
Q: While shopping for music online, Zoe bought 3 ... ] | Q: While shopping for music online, Zoe bought 3 country albums and 5
[ PPIng 9 } pop albums. Each album came with a lyric sheet and had 3 songs. How
. : many songs did Zoe buy total?
° | A: Let's think step by step. Zoe bought 3 country albums. Each album has 3 |
So she bought 3*3=9 songs from the country albums. Zoe bought 5 |
Q: A chef needs to cook 9 potatoes. He has already... ] | songs. g 9 Y g
[ B L ' pop albums. Each album has 3 songs. So she bought 5*3=15 songs from |
i J ' the pop albums. Zoe bought 9+15=24 songs in total. The answer is 24. !
\ I
\ I
e e g Q: A chef needs to cook 9 potatoes. He has already cooked 7. If each |
/O O\ . @ Tu . potato takes 3 minutes to cook, how long will it take him to cook the rest?
[/ \ Clustering " ® \ | A: Let's think step by step. The chef has already cooked 7 potatoes. That |
\ @ ! oo \ O O ! | means it has taken him 7 * 3 minutes to cook those 7 potatoes. That means |
\ O O / \ / | it will take him 3 more minutes to cook each of the remaining 2 potatoes ... H
~ L {
—_— - ‘_.___...._--.._._-_...._.-.._.._-...._--...._-_...._-..I
, Q: A pet store had 64 puppies. In one day they sold 28 of them and put !
. ! the rest into cages with 4 in each cage. How many cages did they use?
Demo Construction i A: Let's think step by step. i
' k""i"""""""""""Q'""'""""""""""J'
[ Q: While shopping for music online ... A: Let's ... ] Test Q«Lﬂestion In-Context Reasoning
: : Sampling by Selection Criteria — ‘
The pet store had 64 puppies. They sold 28 of them. That means they have
{ Q: A chef needs to cook 9 potatoes ... A: Let's ... ] 36 puppies left. They put the rest into cages with 4 in each cage. That
means they have 9 cages. The answeris 9.

7.2 Auto-CoT E;ixHEZel"4

T E T 2R S 28 0] DABER AR U R EVEE IR, Auto-CoT BIEN THEMRBES Q&
e TER L, i Sentence-BERT!'7S )y Q H AV N R E—MRIER R, A5, #H K-means
RRBERBERIA M ERR, ER K DR-E, ST PRIRM, 2RSSO EEE AT HE
5, FHHHFEHFIRETN 09 = [¢17,¢5,. . ]

TERKAIERY b, FEN A ARG, OB AT SR AT R, X T i 49
wANEH O, IS, RRERER, MR RIEHFSIR O = (¢, ¢, .. ] ERiE
B, EEHTAREN Ik MﬁaﬁzmmEﬁM@aﬁw%mom%émﬁ%Tﬁylwﬁ
q\”, W FHRAA: [Q: g, A: [P)), HF [P]B—DH—EFR U5 —HEH,
FHX AT NS Zero-Shot-CoT! 73 [ AHE S R, Hﬁ%ﬁm”ﬁﬁmmﬁﬁéJ%ﬁ
FOHEEREE, BRRIER d) = (Q : ¢\, A v 0alV], W r(D N S NI IR, FEH ¢
AN 60 MATE, WK d) AN dO),

Ak, AR R IR TN BRSO T, BT SRR A R B AR 5
ARIIFEARRTE R BIREAR, BHRA Complex-CoTU 76, A BFFTF# i Hi AT DAMIAIE AR 2% AL (L 8
HEREDR, ERERN, BMIR, RBREN RIS E S BRI SR E R, PR
THEEFHERAIMERE, X —T7IRBHRY Self-Polish[! 77,
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7.1.2 AP ZEZRR ( Least-to-Most Prompting )
M THIAT 2 AT 55 5 (Rl , A\ 2808 & e T B o 2 DR 5 R AL 55/ 7Rl

12 &

“Xeas

Bfoved], 52k

BHERRELER XRRES R IEH T AIESS 2% (Task Decom-

position) BE ], FETF XA ERER, R ARITHEE THLZEZ1ER (Least-to-Most Prompting)

TR XM RKE R RIES
REA],

RREIRI LI RE S

s RN N — ZR BN AR R

/D B2 SORARNET 3R, EREEWABE: W T BAZ L RO R B

FEIRE R B, AR AN LA & [J54R R,

FEB R B B, AR N B & x [ 4A

1A S TR REUR 24 AT SR R - P L

Problem Reduction

Q: It takes Amy 4 minutes to climb to the top
of a slide. It takes her 1 minute to slide down.
The water slide closes in 15 minutes. How
many times can she slide before it closes?

Stage 1

Sequentially Solve Subquestions

Stage 2
It takes Amy 4 minutes to climb to the top of a
slide. It takes her 1 minute to slide down. The
slide closes in 15 minutes.

Subquestion 1 ——\Q: How long does each trip take?

J

It takes Amy 4 minutes to climb to the top (h
a slide. It takes her 1 minute to slide down.
The slide closes in 15 minutes.

Q: How long does each trip take?

_| A:lttakes Amy 4 minutes to climb and 1
minute to slide down. 4 + 1 = 5. So each trip
takes 5 minutes.

Append model
answer to
Subquestion 1

| Q: How many times can she slide before it

@ses’? /

Subquestion2 —|

73 BLESR

BsbiOE NN

TR A, DA R G R
I, mx (TR, &%) cdH, PARE

A: To solve “How many times
can she slide before it
closes?”, we need to first
solve: “How long does each
trip take?”

Language
Model

A: It takes Amy 4 minutes to
climb and 1 minute to slide
down. 4 + 1 = 5. So each trip
takes 5 minutes.

Language
Model

A: The water slide closes in
15 minutes. Each trip takes 5
minutes. So Amy can slide
15 + 5 = 3 times before it
closes.

Language
Model

=17

/Tuu.*%mz]

def CoT_Prompting(question, problem_reducing_prompt_path,problem_solving_prompt_path):

# LB Prompt

with open(file=problem_reducing_prompt_path, mode="r",

encoding="utf-8") as f:
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problem_reducing_prompt = f.read().strip()
with open(file=problem_solving_prompt_path, mode="r", encoding="utf-8") as f:
problem_solving_prompt = f.read().strip()

# [F ELA

# ’7“‘7": \f\x—_yﬁﬁ)\

problem_reducing_prompt_input = problem_reducing_prompt + "\n\nQ {}\nA:".format(question)
# AAELAEEL

problem_reducing_response = create_response(problem_reducing_prompt_input)

# IS 0T A R

reduced_problem_list = get_reduced_problem_list_from_response(problem_reducing_response)

# BATHR R AL
problem_solving_prompt_input = problem_solving prompt + "\n\n{}".format(question)
for sub_problem in reduced_problem_list:
# MR R T F AL prompt
problem_solving_prompt_input = problem_solving_prompt_input
+ "\n\nQ: {}\nA:".format (sub_problem)

* AAHREREL
sub_problem_response = create_response(problem_solving_prompt_input)
sub_answer = get_sub_answer_from_response(sub_problem_response)
# WU T A AR P ER XA Prompt L
problem_solving_prompt_input = problem_solving_prompt_input + sub_answer
# BERAEE
final_answer = answer_clean(sub_answer)
# R[EER

return final_answer

7.2 G E N FAESE

ChaiGPT FTBUINE AR, (RIS T4 % T AU OpenAl U411 API SERAH
(R, P TV 2 SO TAR . AT, B IE 2 MUV IR (T2, A0 eEse
WORRATEITFS TAF, 048 APLSEAL, R TBH, SRS, T IRV FE, M 2022 4
T, R ARSI TR RIFIE, HE KR B QIR T K 25 B SHE IS L
FIRRFSRIERE, HLofEh % #4195 LangChain HE4L, LangChain HEZLI2— R FIA 1 & BUAORE
FRRAH TR FARTFIER, 100 AR & SRR R OB TR, LRI 2 B
TR RIS, AT AR AR T, HURERS G0 2 LS SR S LK, JF R
VI B0 5 RS T

AR AN LangChain AEZRAIBLHEE DU (] LangChain AL EAIIF i BRI 25
GiESSS
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7.2.1 LangChain HEZ2AZIDMER

LangChain HEZMZ0 BFREN TIERZMAESHE (40 OpenAl, LLaMA 5§) FIAMBEEIE
(41 Google, Wikipedia, Notion PAN Wolfram %), FEAHMSA T B DAE SRS AR = 81T
O, KBS HEBIFIAMED “B8 (Chain) " EH, H15F &R AR APE & R B R G
N2, LangChain B EZWMEE T AR5 1H:
(1) @k LangChain HEZEFR ML T HFAMIES BRI R AN, DAREMHIZAGN— RS
S, XA EAEIILT, BTEH, TR G LangChain HEZRAHANER 7>, #F
A] DA et s FH X LE 21 £,
(2) PURRBEZRLH%E . LangChain HEZRHR(L T — L P sl BE 2 RAH 2, F T o2 iR e R T 55, 1X
SRR BE R E R AT VRIS EME S N THEE AN RS, LangChain HEZRH S
B & SO A S sy T A e U 2
(3) fALIFRMERE : B SR AL LA BRI B N4 2E, LangChain HEZRR] DAK KL KIS S5
TN TR M, FER N R AT LS55, MATAES KENR BRI KR
BRI,
LangChain #2457 PA'R 6 RiRiE(L., PTY REATEE O3 H AT DAOMRER AR BB : R RS N\ /46
H (Model I/0) 5iEFHRIAZ HIHZ 1 ; BUIEERE (Data connection) 5HFE M AR T FEHRHITR
B RY4%1T; 8% (Chains) FH TE 2N HAVTARFA; SeefR (Agents) 155 BRI HEFE 38 RE SR
THIBNERA; iB12 (Memory) FITTEREIZ RIZAT Z AR AR AR IRAS; B8 (Callbacks)
ISR AR A B R TP P 3R, RSN AR IS ET 2 A4E LangChain V0.0.248 ik
A (2023 47 A 31 H&EA),
1. HRBAN/HiE (Model 170 )

LangChain H 58S A /i tH AR 2 5 & FKIE S BB T RYEARAN, BRIESEREMN
RRIRLIT R, BRI EA R E 7.4, FEAE UM Prompts, Language Models DA
J Output Parsers, FI P JRIGHI A SEAFURGITHES, ReMAGRKESHEL, BRIEXES
TSR AR [ 235 A T L BB A L b B

Prompts #{ 7> FE I RER T RIABNR, FEniAsISIEEMm N EM, f&niAEfam AR A
o ZHINIEE BN, REIFHP AR S, LangChain $245E T JLNERREL, (SR
PP RIAIE A 5. LangChain F[Y PromptTemplate 28 7] DURIEEINR L iiddRiA, BEET—1
XARFRFER (iR, ATDURSE M PRI —H S AR R, AN 22— MA SRR~ :

from langchain import PromptTemplate

template = """\
You are a naming consultant for new companies.
What is a good name for a company that makes {productl}?
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Format Predict Phrase
x="foo", y="bar" LLM
x="foo", y="bar" \ {
b "Foo does ..." [— “Ilkes :-.I:n.fe' "
’ reason": "Because ...
<. , }
\ 1
" N \ 1
Does (x&llrlll;f {y} and % N Chat | !
"Does {x} like {y}, and Model
why"

7.4 LangChain fREL AN /48 HARIRAESZE

prompt = PromptTemplate.from_template(template)
prompt . format (product="colorful socks")

B _FRAHS, AT DUREUS 2R AR/ R1ADN “You are a naming consultant for new companies. What
is a good name for a company that makes colorful socks?”

ERARERIRAI, PIRETRZIELERIBL R S /e R IA, LangChain A2 T Example
Selector FEALA RS A AIEEE, BLFE LengthBasedExampleSelector, MaxMarginalRelevanceExample-
Selector, SemanticSimilarityExampleSelector, NGramOverlapExampleSelector 5, AJ A L%l 4)
TFRE. BARIBGEE, 18X, n-gram B SR E 2 REE T, BT K ER DS
RITHRERIXAERT: S NI, 00 f mT DOGE PR i ARSIt 17 TR R 5 R P A\ I8
TRANARNT, IXFEA AT DR G SR R I AR A BR il

Language Models H873 42t T 5 KIES HARIHEE T, LangChain 4% T AP AUSIAY A2 A0
T LLMs, B2 OR PR EBE N AFFIRIEISCAF AT E ;. Chat Model, HIRTE SHRISCR;, (B2
32 Chat Messages %I 3R 1E % AFFIR[A] Chat Message, E LangChain H1, LLMs 54 SCARRN 2B
RS2 PR R R E RN, FFHH A ER 52 il OpenAl Y GPT-3 J2 LLM SEERAT— P54, “Chat
Model” ENRTER IR, SEGIACAN BRI, X—&RE APIRH T A RIEEE 7T
X BREMREURIEE SRIEESIRENEA, W “Rg7. “AI” 80 “AK" 1N
[z, Chat Model XIR[E—"Mrl “A1” BIPIKTHEEHH. GPT-4 fil Anthropic f¥ Claude #A] PAJE
3 Chat Model ., PARZFIF LangChain 8 OpenAl API FUfCRL R :

from langchain.chat_models import ChatOpenAI
from langchain.schema import (AIMessage, HumanMessage, SystemMessage)

chat = ChatOpenAI(
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openai_api_key="...",

temperature=0,
model="'gpt-3.5-turbo'’

)

messages = [
SystemMessage (content="You are a helpful assistant."),
HumanMessage (content="Hi AI, how are you today?"),
ATMessage(content="I'm great thank you. How can I help you?"),
HumanMessage (content="I'd like to understand string theory.")

]

res = chat(messages)
print(res.content)

A, HumanMessage 27~ P ABUTH S, AlMessage #e/R R4t 018 FH P YIE R, SystemMessage
FRLEMN Al NIZEfER HAR, ChatMessage RS AEMIEE, EHIEMH T OpenAl $2{E11
gpt-3.5-turbo FAUFE 1, AIREIR[BIGE RN :

Sure, I can help you with that. String theory is a theoretical framework in physics that
attempts to reconcile quantum mechanics and general relativity. It proposes that the
fundamental building blocks of the universe are not particles, but rather tiny,
one-dimensional "strings" that vibrate at different frequencies. These strings are
incredibly small, with a length scale of around 107-35 meters.

The theory suggests that there are many different possible configurations of these
strings, each corresponding to a different particle. For example, an electron might
be a string vibrating in one way, while a photon might be a string vibrating in a
different way.

Output Parsers #8731 B R ZFIBIFT & MAKIE S A8 i AR E U AR B 25 A9 (LA B
Output Parsers {1 ZRZ ARSI, (HR G DNEROA I RN SLBR 772 (1) FREUE
A 1$ES (Get format instructions), I [H] 61 & 15 5 A58 H S AN (a8 XA FAF RO 77 1% (2) iR
M (Parse) 2 FAFER (RIAIBESHEBIMNER) TR AT MR 5, AR — ATk
W75 W REAT (Parse with prompt) , % FFFH (RIANIBSHEBNEN) R (RIE
AR R EER) TR AT N EAP SRR 751, ERan PydanticOutputParser JCVFH P HEE (T
B ISON #X, IHEdmEfs LW NEHPMAG S, HEKESEM M EHE TN
JSON, PANJZ PydanticOutputParser F{# F 7l :

from langchain.prompts import PromptTemplate, ChatPromptTemplate, HumanMessagePromptTemplate
from langchain.llms import OpenAI
from langchain.chat_models import ChatOpenAIl

from langchain.output_parsers import PydanticOutputParser
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Tht

from pydantic import BaseModel, Field, validator
from typing import List

model_name = 'text-davinci-003'
temperature = 0.0
model = OpenAI(model_name=model_name, temperature=temperature)

# o L W B

class Joke(BaseModel) :
setup: str = Field(description="question to set up a joke")
punchline: str = Field(description="answer to resolve the joke")

# £ f Pydantic BRI B & XIHIEE H
@validator('setup')
def question_ends_with_question_mark(cls, field):
if field[-1] != '?':
raise ValueError("Badly formed question!")
return field

# WERAT BRI AN B R TR
parser = PydanticOutputParser(pydantic_object=Joke)

prompt = PromptTemplate(
template="Answer the user query.\n{format_instructions}\n{query}\n",
input_variables=["query"],
partial_variables={"format_instructions": parser.get_format_instructions()}

)

#

B —ABERTE = HAARHAE LM EH
joke_query = "Tell me a joke."

_input = prompt.format_prompt(query=joke_query)

output = model(_input.to_string())

parser.parse (output)

GRERKIE S BIURE S R i8R, EEaniX BT HIY text-davinei-003 FERY, st AT DR 140 A% =k -

Joke(setup='Why did the chicken cross the road?', punchline='To get to the other side!')

2. #iBiEHE (Data connection )

W2 KIBSHERN AR ZH PR EHEIE, XEEEA R AI RN —E8 7. T 3k
IR FHRIMIE, LangChain 48 1%E4H% (Data connection) #BIHUEIE DA77 SR A RINEL,
i, FAEFEIIEWE: Document loaders, Document transformers, Text embedding models, Vector
stores PASZ Retrievers, #RIZEREBIFR ) AU BEAMEZRANE 7.5,
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Transform Embed
Source Load XXXXXXXXKXXX 05,02..0.1,09 Store
XXXXXXXXXXXX 0.1,04..14,59 :
XXXXXXXXXXXX Retrieve
. . XXXXXXXXXXXX
. XXXXXXXXXXXX XXXXXXXXXXXX 02,07..21,-1.2 03,02~ 01' 02 xixx:xii
. D XOOOKKNNXKX XXXXXXXXXXXX 41,34..-15,25 21,01..-17,09
XXXXXXXXXXXX
Sg O I]m XXXXXXXXXXXX
XXXXXXXXXXXX 5.5-0.7..08,23
XHXXXXHKXHXKX 21,01 ..-1.7,09

E 7.5 LangChain BUBEIZIERIELSRE

Document loaders (CR4NED BTEMIEHMEEHENIE Document, LangChain 1 Document
BE SR S HIRHKACEMHE, LangChain FELE N B txt SXAFRYSCRS NGRS, T hnEdt(r]
WA DT SCAR NN AR . AR 22— fAT B A M S IR AR N EE B Document A7)

from langchain.document_loaders import TextLoader

loader = TextLoader("./index.md")
loader.load()

TRIE_FIRREIERIFHY Document WU :

Document (page_content='---\nsidebar_position: O\n---\n# Document loaders\n\nUse document
loaders to load data from a source as “Document \'s. A “Document” is a piece of text\n and
associated metadata. For example, there are document loaders for loading a simple ~.txt~
file, for loading the text\ncontents of any web page, or even for loading a transcript of
a YouTube video.\n\nEvery document loader exposes two methods:\nl. "Load": load documents
from the configured source\n2. "Load and split": load documents from the configured source
and split them using the passed in text splitter\n\nThey optionally implement:\n\n

3. "Lazy load": load documents into memory lazily\n',

metadata={'source': '../docs/docs_skeleton/docs/modules/data_connection/document_loaders/
index.md'})

Document transformers (CORYEEHR) B AEACTHSCRY, DASERASAIEIESS, QIR SORg 1L
Q&A JE3K, RFRSHIFHITTRNA, %Aﬁﬁ%ﬁ?ﬂﬁ?ﬁ;@$ﬁﬁ* HRFFRIT R, — DA BRSO
WORBIR RS 73 BN 53, DAE RN AN FERRAE) | R SCE LR/, LangChain A F2
NER SRS HES, (k. &3F DIBNHMREO R RE S, LN KXRE T2
VIANERNGIR
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from langchain.text_splitter import RecursiveCharacterTextSplitter

# X — MR A2 TF AL

with open('../../wiki_computer_science.txt') as f:

text_splitter = RecursiveCharacterTextSplitter(
# Set a really small chunk size, just to show.
chunk_size = 100,
chunk_overlap = 20,
length_function len,
add_start_index = True,

)

texts = text_splitter.create_documents([state_of_the_union])
print (texts[0])
print (texts[1])

ARAE_E BT ASRIS AN M a2

page_content='Computer science is the study of computation, information, and automation.

Members of Congress and' metadata={'start_index': 0}

page_content='and automation. Computer science spans theoretical disciplines (such as algorithms,
theory of computation, and information theory)'

metadata={'start_index': 60}

Text embedding models CZAR AR SRR AREEAGIUSCARFEA N R AR R o HE T SORRIHRA
FoR, A DU TIE S92, BHEAR I SCA B Embeddings 2RME A F 5 XA BRI T2
B, HRFER R ARSI L — bRz 11, £04E OpenAl. Cohere 5%, LangChain H/f¥ Embeddings
ERFTHANTE: —MHTIXHEBRARR, 5 THTEIRAFR. MIEMAZ IR, &
BRINRN AR, ZFr R EATIWE A SR 77 T2 R R i AR SCRS A R A TR
IR ARG, DAR /205 OpenAT 9 APT 42 11 SE A R N AR FS 7R M1 -

from langchain.embeddings import OpenAIEmbeddings
embeddings_model = OpenAIEmbeddings(openai_api_key="...")

embeddings = embeddings_model.embed_documents(

[
"Hi there!",
"Oh, hello!",
"What's your name?",
"My friends call me World",
"Hello World!"
]

)
len(embeddings), len(embeddings([0])
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embedded_query = embeddings_model.embed_query("What was the name mentioned in this session?")
embedded_query[:5]

AT EIRAEE A DS EIan Rt :

(5, 1536)
[0.0053587136790156364,
-0.0004999046213924885,
0.038883671164512634,
-0.003001077566295862,
-0.00900818221271038]

Vector Stores ([AIEAFE) EFEFGRIFEMMEIRN FE X2 —, BETCKREIRRL S
AR, RIGFHEXELERIRAN R, EERNER, RASHHIXERARERRRGERN
B B ISR, MR AR BN E BTSRRI E R A BRI FHRITE T MR IEE, LangChain
RERS 5 Z A B EWE SR, W Chroma, FAISS fl Lance 5, PARZGH T {#H FAISS [M] &5 2
ISRV TNIR

from langchain.document_loaders import TextLoader

from langchain.embeddings.openai import OpenAIEmbeddings
from langchain.text_splitter import CharacterTextSplitter
from langchain.vectorstores import FAISS

#ESA, FHLE RS, TENRBTHRN, HEHLRB 0 EFET
raw_documents = TextLoader('../../../state_of_the_union.txt').load()
text_splitter = CharacterTextSplitter (chunk_size=1000, chunk_overlap=0)
documents = text_splitter.split_documents(raw_documents)

db = FAISS.from_documents(documents, OpenAIEmbeddings())

# #ATAMERZ

query = "What did the president say about Ketanji Brown Jackson"
docs = db.similarity_search(query)

print(docs[0] .page_content)

Retrievers (2R #8) &—NEM, HIJRERET ARSI E IR BIMEMATHY, MR
FEECR, NRERERIEE IR EISERETA], KR n] DU M s R 77 52k, ta] DA
FHHEAM 77552/, LangChain H BaseRetriever 287E AR :

from abc import ABC, abstractmethod

from typing import Any, List

from langchain.schema import Document

from langchain.callbacks.manager import Callbacks

class BaseRetriever (ABC):



e
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def get_relevant_documents(
self, query: str, *, callbacks: Callbacks = None, **kwargs: Any
) -> List[Document]:
% 5 A A X SO
Args:
query: FEEHA K A My F 45 8
callbacks: [ & &K E A7 %k
Returns:
A K XA B 7 R

nwun

async def aget_relevant_documents (
self, query: str, *, callbacks: Callbacks = None, **kwargs: Any
) —> List[Document]:
o 5 5 R B 2R AR K B A
Args:
query: L AKX XA B F45 &
callbacks: [EF % 7 &K [ 7| %k
Returns:
A K XA B 7 &

mwun

BRI AR B, P] DU get relevant documents 75785 18I 540 i FH aget_relevant_documents
TG S E R SR, ETMEAGERRREE (Vector store-backed retriever) J&fdi Al &
R R RIR R AR, ERARAERINVERREENR, (HHEHAS Retriever #21, HHMER
fESCIIIE R 7775, ISR MMR, REREHAIREEN SR, T RE—ME TR
PeR i e SN AN TN IR

from langchain.document_loaders import TextLoader
loader = TextLoader('../../../state_of_the_union.txt')

from langchain.text_splitter import CharacterTextSplitter
from langchain.vectorstores import FAISS
from langchain.embeddings import OpenAIEmbeddings

documents = loader.load()

text_splitter = CharacterTextSplitter(chunk_size=1000, chunk_overlap=0)
texts = text_splitter.split_documents(documents)

embeddings = OpenAIEmbeddings()

db = FAISS.from_documents(texts, embeddings)

retriever = db.as_retriever()
docs = retriever.get_relevant_documents("what did he say about ketanji brown jackson")
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3. §% (Chain)
BRI H KB S AL RENE NN — e R PR LS5, (EXANTHEME XK, TeEFREEZ
KiBSHEAHTH A S, G HMAFHTREF A, LangChain JixXAl “Ex07 N AR T

Chain #21, FFRAZEE SRR ER. N —NARAARFES, Ea] IS HALEE, FARE
FEEE TR, AR NATR:

class Chain(BaseModel, ABC):
v A B S A

memory: BaseMemory
callbacks: Callbacks

def __call__(
self,
inputs: Any,
return_only_outputs: bool = False,
callbacks: Callbacks = None,
) -> Dictl[str, Any]:

WP MFASE R, QDR ERINAREF, BN, A] AR,
R P R, ] PromptTemplate X HIEATHE AL, RERAS A G RTERIAGEL G S
A, WA] OB 2 M S — R eOR BE 5 HAMH A S R B R 2RI BE, IS IR

from langchain.chat_models import ChatOpenAI
from langchain.prompts.chat import (
ChatPromptTemplate,
HumanMessagePromptTemplate,
)
human_message_prompt = HumanMessagePromptTemplate (
prompt=PromptTemplate (
template="What is a good name for a company that makes {product}?",
input_variables=["product"],
)
)

chat_prompt_template = ChatPromptTemplate.from_messages([human_message_prompt])
chat = ChatOpenAI(temperature=0.9)

chain = LLMChain(llm=chat, prompt=chat_prompt_template)
print(chain.run("colorful socks"))

BRT EBIHZ H Y LLMChain, LangChain H$£I8 12 RouterChain, SimpleSequentialChain,
SequentialChain, TransformChain ¥, RouterChain 7] AfRYEH A BB FLE J@ MR/ IE(E, 1%
FIAFEIM) T8 (Subchain), SimpleSequentialChain J& & HHIFHEEE R, HPSNMNBEE R
—HE A, PR R T — PRIV A SequentialChain J2IZESZFERY B — K,
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RFZ NN/ o TransformChain B] PAG | B € EEHRREL, A AT E# T . A
T2 A SimpleSequentialChain /XA R :

from langchain.llms import OpenAI
from langchain.chains import LLMChain
from langchain.prompts import PromptTemplate

# KR~/ LLMChain, R —H el H WAFARES HA

1lm = OpenAI(temperature=.7)

template = """You are a playwright. Given the title of play, it is your
job to write a synopsis for that title.

Title: {title}

Playwright: This is a synopsis for the above play:
prompt_template = PromptTemplate(input_variables=["title"], template=template)
synopsis_chain = LLMChain(1lm=11m, prompt=prompt_template)

# XA —/ LLMChain, HAE R B €/ %45 ¥

11lm = OpenAI(temperature=.7)

template = """You are a play critic from the New York Times. Given the synopsis of play,
it is your job to write a review for that play.

Play Synopsis:

{synopsis}

Review from a New York Times play critic of the above play:
prompt_template = PromptTemplate(input_variables=["synopsis"], template=template)
review_chain = LLMChain(1lm=11m, prompt=prompt_template)

# BRRRE, RIEIFETRRA
from langchain.chains import SimpleSequentialChain
overall_chain = SimpleSequentialChain(chains=[synopsis_chain, review_chain], verbose=True)

4. ig1Z ( Memory)

REZERIE SN HEEANET XS AP R, MG — DRI 2REW 5 | =
B ZHMEMNEFHRERE. NTRIERFURN, RAMAZERZREN BV —Sd ZRHEE. 75
R IR RGP TS — D EAA RENE AW BT SRR SRR 4R A OSSR L H R R KIS
Ko TE LangChain W, IXFZfEX TId ER BRMEERE AR “id12” (Memory), LangChain
R TR Z TR G INCAZRI 77k, AIDASER, el DUCAE B & 25,

LangChain i2fZ B AR REZRANE 7.6 R, ICICRATTE RN N EAIRIE: BEFIE Ao
BAPEEIRIE R N E X TR TIZE, Eh—Sm AERSRE P, ([HA %8 AR PERIETId
17, RV @A, (EESITRODZEZ AT, SR MICIZ RGP BN A I 5 9 P 4
Ao TEARZIODEBBPUTEEH IR AIEE Z i, B RKX—frmEm A LRI RS, A
EERRE A A,

1£ LangChain HHeft 7 2821277 B2 HE, ConversationBufferMemory J&i2 /2 —FhIEH
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\
\ —————— ~
Prompt: A\
q - Output Parser: 1 . N
p?sltj_elz?;iige Model regex(PAnswer:(.*)“) T {"answer": ..} >
q J N
_7
S ya
a5 7 ~ —
13 5

7.6 LangChain iC{Z /&R IESEE

AR, BREBIIRNEVREFED RN X, HEHESRE SR, KRR
FiR:

from langchain.memory import ConversationBufferMemory

memory = ConversationBufferMemory ()
memory.chat_memory.add_user_message("hi!")
memory .chat_memory.add_ai_message("whats up?")

XML IZRGARE R R, BB RIGIZ TeRTNTE, IFEEEE SR RER ka7
ZPNIEZ EHZEEE, TDHTRAINIERSE, Fla0nEREsSRYA Ao T HEE 240
MIGRSGE, FTEESNNICICRG R R E 24 IEFESS, ¥ ConversationBufferMemory 5
ChatModel &4 & 2 H FARDR BT -

from langchain.chat_models import ChatOpenAIl
from langchain.schema import SystemMessage
from langchain.prompts import ChatPromptTemplate, HumanMessagePromptTemplate, MessagesPlaceholder

prompt = ChatPromptTemplate.from_messages ([
SystemMessage (content="You are a chatbot having a conversation with a human."),
MessagesPlaceholder (variable_name="chat_history"), # Where the memory will be stored.
HumanMessagePromptTemplate.from_template("{human_inputl}"), # Where the human input will injectd

D

memory = ConversationBufferMemory(memory_key="chat_history", return_messages=True)
1lm = ChatOpenAI()

chat_11lm_chain = LLMChain(
11m=11m,
prompt=prompt,
verbose=True,
memory=memory,
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)

chat_l1lm_chain.predict (human_input="Hi there my friend")

AT BB R DS 240 N4 R

> Entering new LLMChain chain...

Prompt after formatting:

System: You are a chatbot having a conversation with a human.
Human: Hi there my friend

> Finished chain.

'Hello! How can I assist you today, my friend?'

TEMEEERS b, FRARSIHITAN IEA):

chat_11lm_chain.predict (human_input="Not too bad - how are you?")

A DS 2] A AR

> Entering new LLMChain chain...
Prompt after formatting:
System: You are a chatbot having a conversation with a human.
Human: Hi there my friend
AI: Hello! How can I assist you today, my friend?
Human: Not too bad - how are you?

> Finished chain.

"I'm an AI chatbot, so I don't have feelings, but I'm here to help and chat with you! Is there
something specific you would like to talk about or any questions I can assist you with?"

JE BRI R AR R, XIER D RIdsRER @ 122 E 4 T ChatModel,
5. EEEIK (Agents)

BREARIZ O BRI RE S ARG R I TH — RIENE, 1E8ET, RIEFIR ISR
WEARI R, fFEREREAR, NIRRRIE S B ARG 58, DA ZR IS DAK LA
i REOX BN, B REMEIT KRG S BRI S ESIRES S, BoERRENINEFF, M
TMSSEL AL RERITE), BRI T2 AR N ARER, flnEsieE RS, &
REZJESF. {E LangChain FT 2 BISLHVE REIALUZ 7.3 TATM AN REARRI (L7758, LangChain H?
BREAHRL T L MR O P AL
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« Agent: EMTIRE N —HIZRIUT AT BRI, HRIESHEAUMNE RIS, $2RA] ARLES
BRI (B TR DA sCE B8 . B REARRI S 5t LS (B TR L2
RFEWMIMES RN E L F R ER) . BRI TR R RIS,

« Tools: ERREMAVAFHMEE, XEAMNEZNFZERE: 1) NEREAREMEERN TAY
AXBR; 2) AR AR A BB A7 iR T A,

* Toolkits: /2—H BIE—EMH AR EESN TEES, AR ENMETT %, #E—
MTHEPH 3-5 M THE,

« AgentExecutor: & B RERAVIZTITZ M, X2 L FRiE & GEIAFFHUT AR AR IERIEE 0. BR
T AgentExecutor 284, LangChain J& X FrH A REIRIZ1T23 ], BLEE Plan-and-execute Agent,
Baby AGI. Auto GPT %,

PATARHEZE H T A e) 1 A AR R s AR R 5 RE 7 AR RE (RSB -

from langchain.agents import Tool

from langchain.agents import AgentType

from langchain.memory import ConversationBufferMemory
from langchain.chat_models import ChatOpenAIl

from langchain.utilities import SerpAPIWrapper

from langchain.agents import initialize_agent

search = SerpAPIWrapper ()

tools = [
Tool(
name = "Current Search",

func=search.run,
description="useful for when you need to answer questions about current events
or the current state of the world"
),
]

memory = ConversationBufferMemory(memory_key="chat_history", return_messages=True)
1lm = ChatOpenAI(openai_api_key=0PENAI_API_KEY, temperature=0)
agent_chain = initialize_agent(

tools,

1lm,

agent=AgentType.CHAT_CONVERSATIONAL_REACT_DESCRIPTION,

verbose=True,

memory=memory

EE AL TE agent FUZRNERFH T “CHAT CONVERSATIONAL REACT DESCRIPTION”, #&
RNGAEH ReAct BHERTA R, HRIE LIRE XAVRREMR, HHUTEA:
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agent_chain.run(input="what's my name?")

A AR :

> Entering new AgentExecutor chain...

{
"action": "Final Answer",
"action_input": "Your name is Bob."

}

> Finished chain.

'Your name is Bob.'

H2, AR —#h R ZH S RTATRAT R PR, S MR

agent_chain.run(input="whats the weather like in pomfret?")

BREMM S RENERTH, NmfS2a R EE:

> Entering new AgentExecutor chain...
{
"action": "Current Search",
"action_input": "weather in pomfret"
}
Observation: Cloudy with showers. Low around 55F. Winds S at 5 to 10 mph.
Chance of rain 60%. Humidity76%.

Thought : {
"action": "Final Answer",
"action_input": "Cloudy with showers. Low around 55F. Winds S at 5 to 10 mph.
Chance of rain 60%. Humidity76%."
}

> Finished chain.

'Cloudy with showers. Low around 55F. Winds S at 5 to 10 mph. Chance of rain 60%. Humidity76%.'

A AEE], BAERA ReAct B prompt BFERANA BT EIRF AN E B A P DR R 2R
Giah IR, W] DA RER B o ARE I P AR SRR T A,
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6. @1/ ( Callbacks )

LangChain 26t T [MARSE, CVFERRIRKIESHEAMNHEFS TR, XA T HEILR,
. WM EMESIEE A, nTLAE A AP R EERY callbacks ST FIX L4,
CallbackHandlers 5235l CallbackHandler £ TN %R, FDFEAER AT DUEE — DN ET TR, S5
fii & I5F, CallbackManager 218 FAH B S 44Fiodt B A0 BRAR 7o

class BaseCallbackHandler:
i EREEAERFE, THTAEKE LongChatn thEH """

def on_11lm_start(

self, serialized: Dict[str, Anyl, prompts: List[str], **kwargs: Any
) -> Any:

mnn FE LLM FrYEaEAT RS AT

def on_chat_model_start(

self, serialized: Dict[str, Any], messages: List[List[BaseMessage]], **kwargs: Any
) -> Any:

v B R T AT R A

def on_llm_new_token(self, token: str, **kwargs: Any) -> Any:

v R H LM AL LEAT. KRR T RAAER TR,

def on_llm_end(self, response: LLMResult, **kwargs: Any) -> Any:
wnn e LIM EATH E M aE 4T e

def on_11lm_error(

self, error: Union[Exception, KeyboardInterrupt], **kwargs: Any
) —> Any:

non g LLM LB AT

def on_chain_start(

self, serialized: Dict[str, Anyl], inputs: Dict[str, Anyl, **kwargs: Any
) -> Any:

v T BT AT AR

def on_chain_end(self, outputs: Dict[str, Any], **kwargs: Any) -> Any:

mwun E$E %i ,TTEH» 4T nwmn

def on_chain_error(

self, error: Union[Exception, KeyboardInterrupt], **kwargs: Any
) —> Any:

wun E%@ﬁ})}l% Tﬁﬁjé —J—IIIII/

def on_tool_start(

self, serialized: Dict[str, Anyl, input_str: str, **kwargs: Any
) -> Any:

wo g T AT HAEATHE AT

def on_tool end(self output: str, *x*kwargs: Any) -> Any:
wmn fl/\(u TTEH' 1Tunu
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def on_tool_error(

self, error: Union[Exception, KeyboardInterrupt], **kwargs: Any
) -> Any:

nwnn EI/E\‘!%-H ﬂl%%i;{ﬂj’ﬁff nwnn

def on_text(self, text: str, **kwargs: Any) -> Any:
"wmn E’fi%i%"iﬁfﬂ‘ nn

def on_agent_action(self, action: AgentAction, **kwargs: Any) -> Any:

wr fRE Y ff EE AT

def on_agent_finish(self, finish: AgentFinish, **kwargs: Any) -> Any:

mwun ET&}E%XE‘:'—@/TT mwmn

LangChain F langchain/callbacks 1 FRHE (L T —LE N B YL IR 7 S A AN AL BERE T /2 Std-
OutCallbackHandler, ‘EXEFHFICRE stdout, ~FUESUT NFR:

from langchain.callbacks import StdOutCallbackHandler
from langchain.chains import LLMChain

from langchain.llms import OpenAI

from langchain.prompts import PromptTemplate

handler = StdOutCallbackHandler ()
1lm = OpenAI()
prompt = PromptTemplate.from_template("1l + {number} = ")

# Constructor callback:

#First, let's explicitly set the StdOutCallbackHandler when initializing our chain
chain = LLMChain(1lm=11m, prompt=prompt, callbacks=[handler])

chain.run(number=2)

# ERFAEAARR: KA, KA verbose FEXRLIMF LR,
chain = LLMChain(1llm=11m, prompt=prompt, verbose=True)
chain.run(number=2)

#EREH: BB, EARRE callbacks KEIM MM 4E
chain = LLMChain(11lm=11m, prompt=prompt)
chain.run(number=2, callbacks=[handler])

PUT B3R A DS 240 R -

> Entering new LLMChain chain...
Prompt after formatting:
1+2=

> Finished chain.

> Entering new LLMChain chain...
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Prompt after formatting:
1+2=

> Finished chain.

> Entering new LLMChain chain...
Prompt after formatting:

1+2=

> Finished chain.

'\n\n3'

7.2.2 FRERIELE

FERATE AP ERFAE N HIR BRI 5Ko e, £, & Z S RN, B
(AT TR A MERAAN M N BRSO ; FETATROUR, R EEITRARIRE,  DAERRITAI IR0t
FN A APEE A RIS REG]; EETIUR, FEWERE SR, ER e EH
BRIT AR, DMEBEAREW POdERIIR S A RIR N, (BB ERL, ERAHIR RIS R4,
TERBIEE, BRI TREMEIA TN KIE SRR B IR AT DR b ) R 22 Uk Y
FAPEE, (HR T HAR IS I S AR AR LA T SE AR S50, [t
XEARRFNR PRI, KIE S BARMEE I AT 77 AR T3], 181 LangChain HEZR,
A DA ROt R & A R 3 N 5 R TE S R TR A RE T

£5F LangChain FJHTR & RGHESRUNE 7. 7R, RIRERERA T ZEEU TN EEY
B (1) WERGUSOMPN BRI IERIR A, X LRI 2 RENS R AT RE A o5 M4 7R oK (2) REA
TR AR AR BRI T SCARTR ISR} 71, REICAREE; (3) MR AR RIS X
ABIAFTR, FHAMEEEIREFERTRE; 4) RIEAPRAGRIRARR, EmEEHE
PERCZRAG BN RA SR B, MR RIARENR S5 H A DA SR R S F A RIBE S B (5)
KeRIESHRGETOREIF . IR RSB RRR:

from langchain.document_loaders import DirectoryLoader

from langchain.embeddings.openai import OpenAIEmbeddings

from langchain.text_splitter import CharacterTextSplitter

from langchain.vectorstores import Chroma

from langchain.chains import ChatVectorDBChain, ConversationalRetrievalChain
from langchain.chat_models import ChatOpenAI

from langchain.chains import RetrievalQA

# AR H I BUAH K $ 4
loader = DirectoryLoader(
'./Langchain/KnowledgeBase/', glob='#**/*.pdf', show_progress=True
)
docs = loader.load()
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==K B, = ¥ SABN
R Foc § Fer =

BRETHY pZN AR

>
RrEIiE REFhE

FMRRIEE

KESRE

B 7.7 LangChain &R ZHESR

# W X AT 4

text_splitter = CharacterTextSplitter(
chunk_size=1000,
chunk_overlap=0

)

docs_split = text_splitter.split_documents(docs)

# W4t OpenAI Embeddings
embeddings = OpenAIEmbeddings()

# K HAEHF N Chroma [ EFH#
vector_store = Chroma.from_documents(docs, embeddings)
# AR AR R B, SR B

retriever = vector_store.as_retriever()

system_template = """

Use the following pieces of context to answer the users question.

If you don't know the answer, just say that you don't know, don't try to make up an answer.
Answering these questions in Chinese.

{chat_history}
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# WEATY Messages 3|5k

messages = [
SystemMessagePromptTemplate.from_template(system_template),
HumanMessagePromptTemplate.from_template('{question}"')

]

# A4 Prompt %t &
prompt = ChatPromptTemplate.from_messages (messages)

# Mg AESHAL, fEF Opendl APT
11m=ChatOpenAI (temperature=0.1, max_tokens=2048)

b N AR
ga = ConversationalRetrievalChain.from_llm(llm,retriever,condense_question_prompt=prompt)

chat_history = []
while True:

question = input('[fA: ')
# Fp KA FI B chat_history KM EH, KTHREER %

result = qa({'question': question, 'chat_history': chat_history})
chat_history.append((question, result['answer']))
print(result['answer'])

7.3 EEefCiE

—HLOK, KBHEMARAERAZARMRERIEIR, SaRE (Agent) HUFVEEER,
BAEZE R MEHE, FHEERBEZRRE T A LM, MOUHERAR, TEEIK
BEARATNGR, T EHXELISEIATRIER . BEERIE S EARA R, BREABEES & KIE S A
TERSEN, BTRIESHEANERAEDTR ST SHA, hiZEs e 7 Rt N "R E,
NI, ARNTHRE T ORIE S B RE S — RO B RE R, B RN B4
R AR B REACERAT R A 551,

7.3.1 BEEIERVLERYL

AR, B REACEE AT IS SRIZE)MA,  RERS RSO ICBISNEE R, #Emsa i, K
SRR DIE Y B RE BN, SR REE R4 RN &7 8FR, BREMRELEZ M LITLAD
RRORRERA AR BB, IR, THIFABER, XM, BRERERE B 2R ASREN)
R, B, BGE AT RIE RO RESERARRI RN, i R X £
ERETAH, SEICICBsERHER, MRIFERMESS; &ia, BREREATRESF M TR
RRPLHATRERL N1, Xt MR AR M
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Reasoning from the

Environment
a

current weather
conditions and the [ l
weather reports on the
internet, it is likely to | 9

rajn tomorrow. He; ﬂ Yeah, sodo
is your umbrella. (=)
]
]

1

A0

Look at the sky, do
you think it will rain
tomorrow? If so, give
the umbrella to me.

raining days. ..

®)
74

=N\

communicating =

A
reasoni{lg u?nsferﬁng
memory knowledge

7.8 BEANSBEEREBWERNREE"Y
1. BEER

BERREERTAHEMAGE, St SHHE, HmEeikEt. e RE%IIMS 0%

155, EREMTHIRRE S0, BARE, HREMBIAEBRLEA DU NEARE

() BAAESEMSEMEEN: ENZHRNE N, EESES TFEENFR. IRTEMN LEEHN
7w, BEHEARECREE IEEREE, FREFER. EBRIE SRR RIIE S RS
ARKRES, BEREMEEREWSMRIT R AR BRES, BTSN, EMAESEL,

(2) HEIESAMKIEEN: RGN TR RERINIZN, B 2B THEEERE 1 SIRIBEI IR R, 1
BRE ) — R MK BB 3RS, TIAKIRES) 1 ZR A E MRS HANRA, Ay
25 BAARSRIS AR, B R RE ST A B, PR S AURIGE ) (RSB AR X, I
TR B S R SRR, FEALRI P 2 TR, HEREI AR U AR e ALK, B RECEERE
BRI RBHE LB LB IR, FIFIKE S B AR S LRI e SR S5 7>
fiéé

() RBS5ZE38eS: 5AE R, HEAHFEEAFRRNARRESEIMATRIES, £
IXBERSRRARAN R R AT IS, AP SRR S SE BATEh R RN, X TR IS A9
N, HRERE MR A IR BEDRAIIG L NG 2 5E TS5,
2. CIZHRIR

EATASER I AZ 2R GE DARIIAT A I B A 2256 R & SRS AR SR, & REARBR R RE R AR
FUREE AICIZPUR], SR SATR, H2IAAL PR BAERIC L. 5 AEARIE, KIEFE
MBAIR R SN, HNERICIZA] DA s th B — DRIRE,  BEIRA R B FRAGHaL
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YA BERIESE KR EL D, B, BREREAICISEINE T Z PSS EILZ, HT1F
BHEHEMERSERZANVINSER, EEREREEN — MR MAF A,

(1) HREMRBIEIZ: KIESERLE KERIE)IZE, BB 7RO EEIHSATR, i
Gt 75 R RNR RSB AE T RIS R, AL AT DO U — D RIR P, FIHI5ER
AT SRR, B REACEERERS & o R 52 il 22 US55

(2) HEBMMISIZ: H2EET:EUREX BB S IIAR, SRS HEETE, KT
FASHATRICZ, HRERBICHA S RICL, EEMRFEINEICICORII, X F 5 AEH
DAL RICIZ R RERELS & B IR B0, AROAIRE ZER5 SN e H,
3. TRIAA&KR

HOKHEM TR, BRI AT RER ZEBIINE T AR IR R A IUESS . THIFH
RRPGE— 48T TR RERBERIRE S, — 77 i n] AR REARBRRYICIZ O, SR L kReN, 5—77
T I RE TS 1 5 B REACBRAY R] AR M 5 A e, TRRPURIYAERE, e BN S X isdi. M
TRESHEUCKAMNGERTHRA T FEIHFAR, e S, CHAFE2,
AT AREAR T HAE R IR, S0 RO RERERAYIE 1), 5 AKEI & E T A VB A
A TR REM, FREAHEEREE THASDHEANTDR, S BE KR RBERY >0
N DU A T A,

TEHANRRTREE I, ME2MET %Y IG5 BARRERR O, ST TEAER, #
R A RRRT AR, ERERE T R B 2B, A, MANTEZE
NAKMRIE, MERRAHERUATRENERILANIERE. i, RKATREFRZEL T IV REHR I
PR, BAAHT RN TR, SHFEN, SREREASGHEAAE T AKNRES, HREWRY
SJEo%E APLIAMNED, SBEA THF A T B A<E7T FOREIE#THI T A,

RERRMRHERES £ 2 RSP RIBARGES), HEMAm B2 eGSR N —
ML SARIBTT, RAERIEENNE, A RERBTCRIEN 5 H A Re M ESF 4L
RZHEA RPN, BEERIE RN R, hEERES R RBORET B . IXMIE A B
AR T B REARBIATRE ST, BRI, N DRFFOIHGIRRE RERBERZE, BUREREBER &1
BRE, HMAREZERRMAEAS. EHMNSEENAHEASD, BB ELP25
T HAE S eI, XBIARR BRK, BAESEAHER SRR, T8
NEREAEE, XMZEREREARGEAAERINE, Fln:

(1) BEME: HET TN, SMERERBLIINERERN LI, BIEiE 2 MRS

REALEFNGUSAIIR,  RERS AR = R GURIRCRAE A

(2) BREME: 2 NE B F— AN ] e AN R R, 08 REBEDEIT Rt

ZHE RS B B RIRIEEE, AR H ORISR, RS ER0R D LW sUR R1E R4,

M 5 [ 2 B ] S5 S
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7.3.2 BEIERIN AL

1. BHg

ANEZ RIRAZ A 2 OB S AT, RICRAE T RIES HEA S Re R, AlBA
FERRA BHEEE TIES N Z RN, e, SMERAEISREE U, [
R A REAIRANLA, DAUE N T —RRAERNZ%,; BEE2 N E RIS IEIRN A 4
IREFSTEIR, TFFREA, M2 DNEREAIEDL “EHEEMEX (Tit for Tat)” HIRZASZFIX B CHIM A,
BN REACEAT DA AR RE ARG 78 70 BOANER S5, DAIGAU (F B CUROFHL R LE; S5
H AR S H AR se A R IR JE N, RS A & &P IRAHEE A R,
— i H ORI TT R,

DA R AT 55 (B4R 7T DATE https://github.com/openai/grade-school-math ZKEL) A3,
BER AR E I, ARBMEE Y DL R AR
(1) ANTEMESS, HP BTSSRI EEARTE K,

question = "Jimmy has $2 more than twice the money Ethel has. \
If Ethal has $8, how much money is Jimmy having?" # /| F & 1 [7]
agent_contexts = [[{"role": "user", "content": """Can you solve the following math

problem? {} Explain your reasoning.
Your final answer should be a single
numerical number, in the form
\\boxed{{answer}}, at the end of your
response.""".format (question)}]

for agent in range(agents)] # k& — e REMEH AR T

) BPERAHEE —EMF IR S ;

for i, agent_context in enumerate(agent_contexts): # & — /& ff K

completion = openai.ChatCompletion.create( # #HITKE
model="gpt-3.5-turbo-0301", # L FMHA
messages=agent_context, # e B A N
n=1)
content = completion["choices"][0] ["message"] ["content"] # FRHLE AL RIEA LB CAN A
assistant_message = {"role": "assistant", "content": content} # {5 A 4 N
agent_context.append(assistant_message) # HUMERREN XS AMET X

(3) FMERERERUCK B LA REREENA S, FFEITHTES;

for i, agent_context in enumerate(agent_contexts): # X4 — /N2 & (L7
if round !'= 0: # F—RAFAREHMFRRENLE
# RBGRE TS, EUTHERRENLT
agent_contexts_other = agent_contexts[:i] + agent_contexts[i+1:]

# construct_message() B#: MIERTAMEEEREHT —RBA
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message = construct_message(agent_contexts_other, question, 2*round - 1)
agent_context.append(message) # Yyl & ek R E T — M N A I £ 7 &

(4 HEFE ) PR 3), AEZMEREAHEER - BIRNsS0EROEEHEE R,
e SN R FR

agents = 3 # IWESEWERRENK
rounds = 2 # FHEERBKER
question = "Jimmy has $2 more than twice the money Ethel has. \
If Ethal has $8, how much money is Jimmy having?" # Jf /4% 1 i &
agent_contexts = [[{"role": "user", "content": """Can you solve the following math
problem? {} Explain your reasoning.
Your final answer should be a single
numerical number, in the form
\\boxed{{answer}}, at the end of your
response. """ . format (question)}]
for agent in range(agents)] # k& — % REME M NIET

for round in range(rounds): # XE—Bs R
for i, agent_context in enumerate(agent_contexts): # Xf4F— /M2 & (R
if round != 0: # F—RAGFERAEMBERERENLE

# REGE BN, ErAERREN LT
agent_contexts_other = agent_contexts[:i] + agent_contexts[i+1:]
# construct_message() E#: MEHRTFHIELHNRENT — R A
message = construct_message(agent_contexts_other, question, 2*round - 1)
agent_context.append(message) # Y [l & (R FE B N — 2 N\ A £ 4 5k

completion = openai.ChatCompletion.create( # HTEE

model="gpt-3.5-turbo-0301", # A

messages=agent_context, # B REHIMN

n=1)
content = completion["choices"][0] ["message"] ["content"] # LB ft X A4 f& o SUA Kl &
assistant_message = {"role": "assistant", "content": content} # {5 A & 4 KHE
agent_context.append(assistant_message) # WU ERNREN RS RMET &K

print (assistant_message['content'])

ABIrh 2 NERERBER AT, 2 MEREARBZ AR —BOEN, AUZREERASH
TIEMRES, SRR TR FE M

# R

We know that Jimmy has $2 more than twice the money Ethel has.
Twice the money Ethel has is $8 x 2 = $16.

Two more than $16 is $16 + $2 = $18.

Therefore, Jimmy has $18.

Answer: $\boxed{18}$.

We know that Jimmy has $2 more than twice the money Ethel has.
Twice the money Ethel has is $8%2=<<8%2=16>>16.
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Adding $2 to this, we get that Jimmy has $16+$2=$\boxed{18}$.

Twice the money Ethel has is $8 \cdot 2=168%.
Jimmy has $2$ more than that, so his total is $16+2=\boxed{18}$.

L

Based on the solutions provided by other agents, I also arrive at the answer:
Jimmy has twice the money Ethel has, which is $8%2=$16,

and he also has $2 more than that, which is $16+$2=$\boxed{18}$.

Yes, based on the information provided and the solutions given by other agents, Jimmy has $18.
Answer: \boxed{18}.

Given that Ethel has $8 and Jimmy has $2 more than twice Ethel's money,
we can calculate Jimmy's money as follows.

Twice Ethel's money is $8 \times 2 = $16.

Adding $2 to this, we get that Jimmy has $16 + $2 = $\boxed{18}.

2. HBNE

AmEHE (Role-Playing) ZIREHLRITIVE RSP, BARMISEIE M, BEERENE
R, KBS RGN IEARNAG—IIeR— DN AERN/NEE, B2 —NMHENSURN
TR, SARERENR, IR A GNKESEE AR L HE AR SRR, 74
ik E e RGN EFNER, AaEER T REREMREBR L AR FEN, HEES
NE BRI E R TR A B AR K I E, KAIRE 7 2RI RS0 A R RE,

CAMEL /2 (s BN B S0, AEZRSCEL T NSRBI AR H, H— /N EReR
HEARFP, B—NEGERBIENIT, AN, CAMEL BV H BiEERE &R EILBTS
AR S TP RBE, SRR L TR SR ARG WG E SR gisuL, RSB 7
UM BN, — /s SR EMEMRNA T, 5—AmHels Hne s el £
CAMEL HE 3L T — RolePlaying 28, AILAFEEM N RERIEMEA G, LETSIER, St
MRS, FELERES, v AERERAEIOCRERITS (CARER I8 AT T
LK

BB A
BRHF RN R A

role_play_session = RolePlaying( #
assistant_role_name="Python Programmer", #
assistant_agent_kwargs=dict(model=model_type), # EHBFEMRERNEXEEK
user_role_name="Stock Trader", # 3 PR R EE B B B
user_agent_kwargs=dict (model=model_type), # EHF P ERREREXEEK
task_prompt="Develop a trading bot for the stock market", # Y EREES R T
with_task_specify=True, #
task_specify_agent_kwargs=dict (model=model_type) , #

HBREFEHR—FHHLES
AL 4 A KRB A X 5K

Hrp, HReRERRSUHEBERBANER, A AFIHTEIHRAA:
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print (£"AI Assistant sys message:\n{role_play_session.assistant_sys_msg}\n")
print (£"AI User sys message:\n{role_play_session.user_sys_msg}\n")

ARBIHFTENRI LN :

AI Assistant sys message:
BaseMessage (role_name='Python Programmer',
role_type=<RoleType.ASSISTANT: 'assistant'>,
meta_dict={'task': 'Develop a Python trading bot for a stock trader ...',
'assistant_role': 'Python Programmer', 'user_role': 'Stock Trader'},
content='Never forget you are a Python Programmer and I am a Stock Trader.
Never flip roles!
Here is the task:
Never forget our task!
Unless I say the task is completed,
you should always start with: Solution: <YOUR_SOLUTION>...
Always end <YOUR_SOLUTION> with: Next request.')

AI User sys message:
BaseMessage (role_name='Stock Trader',
role_type=<RoleType.USER: 'user'>,
meta_dict={'task': 'Develop a Python trading bot for a stock trader ...',
'assistant_role': 'Python Programmer', 'user_role': 'Stock Trader'},
content='Never forget you are a Stock Trader and I am a Python Programmer.
Never flip roles!
Here is the task:
Never forget our task!
When the task is completed,
you must only reply with a single word <CAMEL_TASK_DONE>.
Never say <CAMEL_TASK_DONE> unless my responses have solved your task.')

HF RolePlaying gkt n] DAE A step() PREGER A IR B R, FRER R 6E
IR —FeHa -

assistant_response, user_response = role_play_session.step(input_assistant_msg)

it T SR A KN R AR

while n < chat_turn_limit: # &R %BHEH
# FKBHANERNENF— L

assistant_response, user_response = role_play_session.step(input_assistant_msg)

# FIWTH AN BRI R B LR
if assistant_response.terminated:
print ("AI Assistant terminated. "
f"Reason: {assistant_response.info['termination_reasons']}.")
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break
if user_response.terminated:
print ("AI User terminated. "
f"Reason: {user_response.info['termination_reasons']}.")
break

# AT A R IE NN E
print (f"AI User:\n{user_response.msg.content}\n")
print (f"AI Assistant:\n{assistant_response.msg.content}\n")

# IR P A R Y R H T 4R TR
if "CAMEL_TASK_DONE" in user_response.msg.content:
break

input_assistant_msg = assistant_response.msg # F [ A @ E T — B A
n+=1 # #TFT—REK

SR ERERBIANIES ek, BUARIREHEEIRN, MiTHE&l, ARBIFHHEIHRI
ISR T ATR:

AT User:
Instruction: Install the necessary Python libraries for developing a trading bot.
Input: None

AT Assistant:

Solution: To develop a trading bot in Python, we need to install several libraries that will
help us with data analysis, machine learning, and executing trades. Here are the essential
libraries you need to install:

1. Pandas: Pandas is a powerful library for data manipulation and analysis. It provides data
structures and functions to efficiently handle and analyze large datasets.

To install Pandas, you can use the following command:

pip install pandas

Next request.

AI User:
Instruction: Import the necessary libraries for developing the trading bot.
Input: None

AT Assistant:
Solution: To import the necessary libraries for developing the trading bot, you need to include
the following import statements in your Python script:

" “python
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import pandas as pd

import numpy as np

import sklearn

import matplotlib.pyplot as plt
import alpaca_trade_api as tradeapi

Next request.

AT User:
Instruction: Connect to the Alpaca API using your API keys.
Input: Alpaca API key and secret key.

AT Assistant:
Solution: To connect to the Alpaca API using your API keys, you can use the following code:

" “python
import alpaca_trade_api as tradeapi

api_key = "YOUR_API_KEY"
secret_key = "YOUR_SECRET_KEY"

api = tradeapi.REST(api_key, secret_key, base_url='https://paper-api.alpaca.markets')

Next request.

7.4 ZIEEKIREY

RIEIRN R TIAE EE it ALERAITE T5 T tHIRAS T g R, (e RiE S A
FIE ARSI R R B Rl S, RS BESEURE IS AR, 2 ST, 2023 43
H 14 H GPT-4UT fHEH, SEHN 7 X AR R NSRS, IX RS RENS BEAR B G 1E T HE R
HIESRIE S 2B, HIN T 22 BGSRE T/ GPT-4 ik 7N AR HIRYE 2 Al 6, HLAn/E R s,
PRI AT LA S B N GPT-4 MEATRIAAE AR, MM THEBRE R BUE AN B AR R A4 FEBRUR
G, GPT-4 A DI T AR U A BE, B MR AN ML AR S A0 HL )
PoRo MBERES) —FBA N — MBI A LR RE (AGD HREMAATT L &HIEMBES, T GPT-4 NI
E AN R 7RG IRERE I AGI RYAEE . ZHESRIE S RAIREW A RIE S5, ATDAR
BOr WL, WR7IFR,

AR E A2 PA MiniGPT-4U80 SRR IIHTN SRS RIBES BN, HIHE2HAKIE
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R71 SHESKESHEENESEKR

(st Task Type ESHR
BSCKZE  Image-Text Retrieval HEEGEISORPREN, CARZIEG IR
E{&H5A Image Captioning TRAELA TE BG4 B IR S A
MOEAE  Visual Question Answering  [B1E 545 7€ BG4 5 1Y [A] &
MOEHERE  Visul Reasoning IRIBL E B G AT 1B
E% 45  Image Generating FRAE AR IR A R B 1%
AR R

OpenAl 1£ GPT-4 &A= b, on T HZEASRES . BN, I GPT-4 A DUERAER 415
HEFREHGHR. AR ARG AISEIMERR., KMEGPE SN TR, EEaUR
PE— IR TR~ S A E S AT, (B2 GPT-4 SR MARIER AT, Gl seiix L
REJTIRAFITSR, SR E R MERIE ERECR AR E NN, XA G RRRIRE ) A] RER IR T 58 it
AR 5 RSB, N TIESCIZIRE, WFFEE T T MiniGPT-4 B8 B BUUIHZR BT GPT-4
M ZRRASRETT

7.4.1 1REUZN

MiniGPT-4 HIERk B Il 2Rl vt b o 19 1€ A5 85 KR & BRSO EXT T, BRI
RIZAUNTE T OFR, BN T Z i =N FOMZRARTE SRR Vieunal™, FiijlIZRAIHL
Db s AR — B — MR R

{The logo design is simple and minimalistic, with a pink line drawing of a flamingo |
standing on one leg in the water. The design is clean and easy to recognize, making it

| suitable for use in various contexts such as a logo for a beach resort or a flamingo- I

I themed event. The use of a flamingo as a symbol adds a touch of whimsy and fun to |
the design, making it memorable and eye-catching. Overall, it's a well-designed logo

\ that effectively communicates the brand's message. ]

. =S
Vicuna

Q-Former
&
P it

7.9 MiniGPT-4 f&F15e 480
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1. Vicuna &8

Vicuna /& — DT RIEERAVTE S B, EEE LLaMal fUEERE b, w] AT 1298 4%
BE M. 1£ MiniGPT-4 W, ‘B FZE55 2 RN B fFm A SR S BHGEERE, N2 MESHE
BEARGHEARES), LT ETIENXARR, EAAREEEES, MiniGPT-4 FAMLITA
WMEKIESHE, 2 A FHBAER Vicuna-13B 5 Vicuna-7B WA, HREEFTENSEIE, B
RHSETFH, MHRAIFIZRE ] ASE B E R LKA A,

2. MAEEwEGER

R T IERIBES A A4S RAITFHI S EAIRE S, MiniGPT-4 {#H] 75 BLIP-20"811 A & #7112k
DETE S B, ZBR R R i gmiSes VIiT (Vision Transformer) 1821 1 SO 7745
Bt Q-Former, i NEGTEE AN gbSanG, EIASIEL VIT — P00 gmeg, e B+
HIEEAI SR IE, ARG EE TRIZRAY Q-Former Rk, #b— A gl 5 ARGt 4 55, 155
B S A ] DAPRAR I A 2

TN Zid s VIT, MiniGPT-4 ] T EVA-CLIPUSY) fiff) VIT-G/14 BEATSLER, WItAILIZAR
PRS0 R ATR:

def init_vision_encoder(
cls, model_name, img_size, drop_path_rate, use_grad_checkpoint, precision
):
# WEHRERE ViT 5 YRR AN MiniGPT-4 &
assert model_name == "eva_clip_g",
"vit model must be eva_clip_g for current version of MiniGPT-4"

# QI Eva-ViT-G A, X & — ke 2 iy Ao 2 ah H A
visual_encoder = create_eva_vit_g(
img_size, drop_path_rate, use_grad_checkpoint, precision

)

# Q& LayerNorm JH T3 4745 25 WA AL
1n_vision = LayerNorm(visual_encoder.num_features)

# BE AT U A B AR LR
return visual_encoder, ln_vision

TE BB, img size TR A USRS ; drop path rate Z/R{fiH drop path FYELA, iX
B MIENIEIR; use_grad_checkpoint Frm & &5 FH R A & BRI D NZEFH ; precision
FoRNERE TP IR, ZE BB OIE VIT M gmhdestsiil Kk N B BCNRHIEROR,
DAt — 2 1 fR S B,

X T ESON TSR Q-Former, 7EEAARSEHIHIEH M HWUIZRN BERT 44, Ci@Ed HHHEG
AN (—HEINSE) AN ERET), B ERIGRR S SURRRN T, W14
IZAESE RS AN N R :
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def init_Qformer(cls, num_query_token, vision_width, cross_attention_freq=2):
# EHFN% W BERT #AEE Q-Former
encoder_config = BertConfig.from_pretrained("bert—base—uncased")
# DA REFEEHNEESEWKE
encoder_config.encoder_width = vision_width
encoder_config.query_length = num_query_token
# 7 BERT MAMFGWNRZEBBAXXEEL B
encoder_config.add_cross_attention = True
encoder_config.cross_attention_freq = cross_attention_freq

# QE—NEHESHE LI Bert EAEN Q-Former #H
Qformer = BertLMHeadModel (config=encoder_config)
# AR ERFCHAGEN, BRE-ATNEHSH, AT EHERFACRZ A X7
query_tokens = nn.Parameter(
torch.zeros(1l, num_query_token, encoder_config.hidden_size)

)

query_tokens.data.normal_(mean=0.0, std=encoder_config.initializer_range)

# REAEME G-former A FnE 47T

return Qformer, query_tokens

3. KMRTE

IS as BIRCLEAES ZHER-SORMESS T BIIER, EEfIARR ERA N LLaMA,
me%kl=EmﬁfﬁﬂoﬁT%%MMﬁﬂﬁﬂki?ﬁmZE%%ﬁ MiniGPT-4 ¥4/
T ARG R, EER IR SR RHES Vicuna 18 5 BN 57, J@ITE
M DAGRIERERE R, R Q-Former it 1Y B BAFAE RS IKIE 5 BRI FOR 2 [, DAGESS
BIGEER AN O — D BRI T 5, QR I AR AL T [ (ki A RO ARG 4N R :

MESERYE, BET Q-Former 4ty B G FHAEW 4T 211E = HA WA= H
# img_f_dim {lﬂﬁ”vﬁﬁ} oy 4 B
# llama_model.config.hidden_size &= A By R BUR A o 48
self.llama_proj = nn.Linear(

img_f_dim, self.llama_model.config.hidden_size

)

# MINEBRJE MiniGPT-4 S4B i
def encode_img(self, image):
device = image.device

with self.maybe_autocast():
# SRR GG 5t F RS AT 0, BEA LayerNorm Rl

image_embeds = self.ln_vision(self.visual_encoder (image)).to(device)

# BN L G-Former
if self.has qformer
# QI REGNERLBD

image_atts = torch.ones(image_embeds.size() [:-1], dtype=torch.long).to(device)
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# IR A AR AT DA I B AR AR AE W 4
query_tokens = self.query_tokens.expand(image_embeds.shape[0], -1, -1)

# [ Q-Former #IJit HEWAT IR ERFMEN R XEE L, EHF AT H R CR
query_output = self.Qformer.bert(
query_embeds=query_tokens,
encoder_hidden_states=image_embeds,
encoder_attention_mask=image_atts,
return_dict=True,

# MR R B Q-Former W oA HIE % 408 H N
inputs_llama = self.llama_proj(query_output.last_hidden_state)

# ABEZHEANEE N BE

atts_llama = torch.ones(inputs_llama.size() [:-1], dtype=torch.long) .to(image.device)

# RERAMAKBEEHA YW EREDIEE N D
return inputs_llama, atts_llama

N7 ORI, R 22 BHR T R AT LR MiniGPT-4 X510 ZkAI R TE S AR AUFIAL
DA s [N R4S, QTR BRI R, MALBERFAENTE S RN 5T, WE7.9F0R, M
HIB 1 logo ARICAELEL — MRS BE gt as BB S , JEIE AT I GRS RGE BRI Vicuna
I ERRE G, RN, BASRRESORTES, Blan: FREEFSIXA logo WITHIE2ME? KBS
R R R 2 DS BRI G, BLREF AR “brab s faigy, MR, MemmayE
L S

7.4.2 BIEWE SRS

HTRGEIFRBZESRENNRIESEAL, MiniGPT-4 #2HH T—F 2 P BRI IIZR T i,
FH—ME, MiniGPT-4 £ R BEHIEBR-SANEEE LEITAIIZE, DARISERMAIINETE 5 AR, 5
—FrB, MiniGPT-4 fifl F & 56/ ME P& 3 M (Y SO BHR SR B TIE, DU — PR il Zx
RPN AE U R S 2R R

1. MiniGPT-4 ¥5i)ll4

TETYIZRFT B, MiniGPT-4 77 B )i K & AT MR -SCAR R FR 2 SIRUE T 5 A1, B DARE A T2k
H Conceptual Captionl'8+ 1851 SBUL8] 1 LAIONU37! frj2H & HdE S TR 1)1 2K, PA Conceptual
Caption AR NG, BAEMWET7.1007R, SEERNEGEE SN SCARER,

RSB —FrBBZrid b, Full ZRa000 0 g id 8 AT RIS S AR AUER I BN IREEIRAS, O s
IR BHATIIIZR, TSRt T 74 2 54, BRI N 256, B T 500 77 E&R-SCA
X, AE 4 9K A100 EYIZRT 10 VDN, NEEN—BORGIHRS, ABIT E it MiniGPT-4 1Y
LRI,
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the trail climbs steadily the stars in the night sky. musical artist performs on popular food market showing
uphill most of the way. stage during festival. the traditional foods from the
country.

7.10 Conceptual Caption $IEERAI

def forward(self, samples):
image = samples["image"]

# XN E AR AT

img_embeds, atts_img = self.encode_img(image)

# 2 HOCA

instruction

oA

samples["instruction_input"] if "instruction_input" in samples else None

K e a 5 B R F
1mg_embeds, atts_img = self.prompt_wrap(img_embeds, atts_img, instruction)

# HE tokenizer DN IEA AT A A\
self.llama_tokenizer.padding_side = "right"
text = [t + self.end_sym for t in samples["answer"]]

# [ F tokenizer X L AMATHE

to_regress_tokens = self.llama_tokenizer(
text,
return_tensors="pt",
padding="longest",
truncation=True,
max_length=self.max_txt_len,
add_special_tokens=False

) .to(image.device)

# KB batch_size
batch_size = img_embeds.shape [0]

# QBRI fF TN EFEE B4
bos = torch.ones([batch_size, 1],
dtype=to_regress_tokens.input_ids.dtype,
device=to_regress_tokens.input_ids.device) * self.llama_tokenizer.bos_token_id
bos_embeds = self.embed_tokens(bos)
atts_bos = atts_img[:, :1]

# FHEGEE. HREEN. XREEMXREED
to_regress_embeds = self.embed_tokens(to_regress_tokens.input_ids)
inputs_embeds, attention_mask, input_lens = \
self.concat_emb_input_output (img_embeds, atts_img,
to_regress_embeds, to_regress_tokens.attention_mask)
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# AR BN 1
inputs_embeds = torch.cat([bos_embeds, inputs_embeds], dim=1)
attention_mask = torch.cat([atts_bos, attention_mask], dim=1)

# QB EARFF, ik PAD 4732k -100
part_targets = to_regress_tokens.input_ids.masked_£ill(
to_regress_tokens.input_ids == self.llama_tokenizer.pad_token_id, -100

)

# QB TEHERFF, ATHERK
targets = (
torch.ones([inputs_embeds.shape[0], inputs_embeds.shape[1]],
dtype=torch.long) .to(image.device) .£ill_(-100)
)
for i, target in enumerate(part_targets):
targets[i, input_lens[i] + 1:input_lens[i] + len(target) + 1] = target

# EHHRGFENET, HHEFHEAKH D
with self.maybe_autocast():
outputs = self.llama_model(
inputs_embeds=inputs_embeds,
attention_mask=attention_mask,
return_dict=True,
labels=targets,
)

loss = outputs.loss

# 3% [F 47 K A 4

return {"loss": loss}

IXBARKG SN T #ED MiniGPT-4 BRI G RRIE AR, CIEEIGASCARN gD, e, 2
BSEBIRIRIDIIERE, PARBRZIRKRIITE, JEITTE Conceptual Caption, SBU FHEHIESE LI
WA, BIRTERISHIZRH) MiniGPT-4 A4,

EE—RIIZRTERUE, MiniGPT-4 K15 TR TEIGHIFE AR, I H AT DURE A\ K& 4t
BHERR, (B2 e EERE IR LTSS T KME, Flan, FIees 4 E S R I s A
T BAAFEE SE RN R, XA IRERERE T MiniGPT-4 5 AT E SN
AR R TE RE

2. BRERIEEME

W RS, WA GPT-3 MG BRI, RO BAIE S EdasE BT millgx,
ERAGFARE AR T AP BRI SCOR i, GPT-3 3@ MBSt THe S FI s
PRI, AT EAAE LR, (EEIX R, WPREIIERIIZRE MiniGPT-4 t1AT DA
5P REXTT, SamsEa] A,

N, HREROHEE T — N EEE, MUTE S SURI B SOR RS, R
T EET DA N AR A
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(1) BELmAvER: T HEHIIZRA MiniGPT-4 4= S E MM RH, BEINLE SR SCARRER, B
SeRE, FREAA) TR, BFE S AR SRS, SUEET Vicuna B9 BSHIIA: Y
BE R BRI TR, BRI R ATR:

###Human: <Img><ImageFeature></Img> Describe this image in detail.
Give as many details as possible. Say everything you see. ###Assistant:

Hrr ) #Human F #Assistant 53 AVREH P AR KIE SEBR L. <Img></Img> 1
HERRTE, ARl T —sk B AR L o <ImageFeature> X3R4 N B GELIS MM Imbd g
AN AR B IE ASERFE, TEIX P HE, —HM Conceptual Caption 45 FRREHLIZES:
T 5,000 5KIEMG, RO RIF), WA ISR SCARRER,

() EEFEENMEAR: W E—hNE, BHTFHIIZRAY MiniGPT-4 F AR HEAE I & P2 A SRR,
TIRFER Z HEEIRTIME S, FIANAEIRRIA, BiAsA) TR E, HRERA ChatGPT
SROKHIE S BEAIAERRRE ), IEHAE N — D BEIMLASORBTRITAEE, XA 5,000 4312
G-SCRN TR S, BRI R 0E, IBIESORRR A S, A IR B S A, %
AR ChatGPT H A RIR, BARRSE RN RFR:

Fix the error in the given paragraph.

Remove any repeating sentences, meaningless characters, not English sentences, and so on.
Remove unnecessary repetition. Rewrite any incomplete sentences.

Return directly the results without explanation.

Return directly the input paragraph if it is already correct without explanation.

FE221d ChatGPT HUITAL SHGEIE, 5000 PER-SCAXT FFERZLRE T 3500 X1AF & ZRE
R, AT T —BrErBERRE, BAREEERET R, UEEANERER
FHEE N 22 i B SCAAIR,

Give me a short story about this image.

The painting depicts a peaceful countryside scene with a windmill standing tall in the center of the image. The windmill is surrounded
t. In the background, there are roll
soft and muted, giving the image

ills and a clear blue sky with a few birds
ne and calming feel. The overall mood of the

fields and enjoying the peacefulness of his surroundings. As the sun sets, he sits by the pond and watches the ducks swim, feeling

grateful for the simple pleasures in life.

711 EREERG-XABURESERS
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3. MiniGPT-4 #{if

FEFRIZRAEERS |, BFFE N B3 AR O A e o PR - SCA X Tl 2R MiniGPT-4 A2
HATRIE, EIZERES, MiniGPT-4 [FFZSEMMURSORMIR AL KL, A BARRIESTE
LAHEE, MEKE D ZHAUE K58, fln, “TEIfnAttE G, “fxa] DOyHAA
HEEBRINAEN", BER “BRXKEEN T 2B, BT RIEIZ R RN ZREEEN SR
TR LSRR MBI ANE, EA B AR SE L,

THIRZEREH, MiniGPT-4 RES BB AR, EMFRBHIAGERE R, R, X—IZ
AR &), RTEE 400 MIGPE, HERNN 12, FHEK A100 Y2k 7 28HETR]
TEMo

7.4.3 ZREBENTRY

2P BONIIZRE MiniGPT-4 BRI A 25 GPT-4 KU ZEISHE 1. Bilan, FEARREB
MR, MFEHEROIEMN, WE7.1200R, RS H TR TR DA B ETE )5,
MiniGPT-4 A% T 7] AR SEIZTTHY HTML AU, M UMYX EEINFE, RN RAR AR
BRERT — M EARRISRIE, RIS RA R PR ARRE T

A e b Ul A Joke Website

Home About Contact

‘ Today's Joke
&

Why did the tomato turn red?

Because it saw the salad dressing!

<n1>
out</a></li>
ntact</a></li>
© 2023 A Joke Website
atz>) turn red?</p>
o

7.12 MiniGPT-4 RIEFEEFREIEMT

I, W58 A MiniGPT-4 Hag HAh S FMERIIRES, X2 GPT-4 FIBURT A (AL
1, BLAREARERT : EE WS E AN B A, ERAERVEAN RN ; POIEG AR R
NIRRT S, BRENERTRREEXRAY, HERaEEMIELER. WE7.1307R,
A% 8 MiniGPT-4 15 i AR B RS, XA B2 — N EHELIER MM, MiniGPT-4
REAFARAAHIA HHIX T2 — Aok B R ER X T RFRIEH (B,
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l0,0l The Godfather is a classic American
T crime drama film directed by Francis

Ford Coppola and released in 1972. It
is based on the novel of the same
name by Mario Puzo and follows the
story of the Corleone family, a
powerful mafia clan in New York City.
The film stars Marlon Brando as the
patriarch of the family, Vito
Corleone, and Al Pacino as his son,
Michael Corleone. The Godfather is
known for its iconic performances,
memorable dialogue, and its portrayal
of the American mafia lifestyle. It
is considered one of the greatest
films of all time and has had a
lasting impact on popular culture.

7.13  MiniGPT-4 [RIEEMG#HITELERIEE

7.5 KiBESEREBEHEIEMRML

RIE S BRI IS R85 5 398X (Autoregressive Pattern), W1E7.14F7R, Blan, AT
WA “BEHRZANTT, SRR C R MBEREE AL BRR S, Wik, EE—-wiENE, ‘LR
FHEEMBR AR, I8 “EERENT R ME—DErs iR im A B A DU AR —
TG, XANMERGE ST, BEIAERFRFINGE RN <ecos> FraRBIREITUE YA I Ak Hi K
FERIE, RIESHEAEMIS 2 5 H AR SIRRY (W1 BERT. ResNet %) EH1[F, BERT HIHA
TN [ENE R R EM SR TN, (B2, ERIESHEMEEEEY, BARBIOGERHITIIE
REAFENE, HIERXRE (AEHEE) 2R, 15— DRIESHEHEIEESIEIIT
INF TR AS AT AR

LB S BERTIZR, F82M0E DUZE T2 SR AN TR 2 /5, PA ChatGPT JRERIY
KIEF BRGNS 5 H P OIS 77 I TR B, AP AN RAZ G, BAEE RIS SR, &
SRKIE S BAE I XA MR B 77 U] DA AR, M. FZE. (BT, RS MERI U
FEE MBS EMES, HIXMANRRENHEH T, NSRS RS TIEE SR, 2 H
FARTREFIIN A R S AR IRTE K, FHHIEE RPRIG IR, Rt AE L SE R TE (Job Completion
Time, JCT) X TFREXKIES BN HEREE,

Bl TR P P22 N 28 KA N B T 2R BT 55, B TR B ph 228 R 248 1) 4 R AR 55 R Gt 1 i
B, Google AFITEFFIK TensorFlow HEZR G AMIF IR T HAEFEARSS Z58 TensorFlow Serving!!#81,
NVIDIA A FEHTF 2019 ZEFFHL T Triton Inference Server!!®1, F 4R AL R 28 FUHEREAR 55 R G0t
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[bosIEBRZFL

EE "F AT—MERT

v
lboslEEA T

46%
B 18%
H %
W 2%
2 001%
0.001%

®F H AT—MATT

v
L 76%
[bos]E B KZETFHB 6% ’

1%

0.1%
0.01%
0.001%

7.4 KIESRIEIREE RS B IR R A

IR EAA R T RETURAIDTR A, B 2021 42K, 15 Clockwork!'), Shep-
herd!? ZEFE N AUHEREAR S5 AT thIGSHtE o HEPEARSS RO ENIRIEUT I 1%, KR E SR
B BOHAT THIR, AR SIRADRUURIER, TSR R THRA, HE T A5
TRETAT RS L BerE, ReEi SRR ISR i hEE. T8 GPU IXAERIANE SR BA KRR AVHAT
R, HEEIRSS RIUER 2T, DU R ARG A R, Bt
B, RAZMELAMASIEESIFE R, HEVBRMAZRE G, ERIAHERERS RS
FEEIE MR A TIEER LSS, T MR T RS T I R AT SR TR ORER, TR T
HA ST RERE S EAMERF NG AR, o6, fUACHES BV PATHEL, PETH
Hime HTNFSHEER/ KBS K, KIESHEBERSTRRA 7 AR R A A PR,

Hill, B48 —EREHEMEHEERS Ko AR TIZ00E S B8 GPT IR
FNERAE BB TG T I, GPT ZRM E B H 2 —HEE M Transformer |2, WE7.15FR, 1E
Transformer ZH1, 5 BRI IEPUE 5 H AR EMZE MM FOA M, T AT
N, BIREHE=DME, BIEE (Query). ## (Key) FMEH (Value), &S YATiAILZ
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HIFTA RDTAYBERE T SR, WS RTRITRY M A B 2 TR TS, BT GPT RUIIIZRE AR 2 it
MR —AMATT, FIHGEE Transformer FHAIEIGAEFESCIL MATTAREF AN BZ FHIEE. <
Ja, X RARER Softmax PRELDARIGANE, FHARSEDCERMEREATAAGRAT DU E i

GPT Transformer ZABFEN
T
| e |
| Transformer |
MatMul
A
| Transformer
| Query | | Key | | Value |
| Transformer |
QKV Linear
‘ Embedding ‘

B 7.15 HEMINTIIAIESREL GPT 1RELEH

£ GPT #EHHIOERH, N T EMATTH B R R AT AT AME, &R
TR LT EAE B IOERPER AT A NEAE, XSSBREFIMNIIEITHE, h T
X RERT BRI, fairseq?? $2HH THEEZZF (Key-value Cache), BITEIEMH{RTFHERIE,
DAEEE S, BEMERIS R 7 NI B, SEEZ R RN R A A 7 X 7. 16FR, 18
wItaleh B, BN —0E R, i AR RIAE T, 9 GPT BYE Transformer E4E B
B9 17, FEMIEHE, GPT RFRZEITEH KA TE R, BAE, A ERRERTE, B
ARETHEIVIAITT, ik, TEMRLH BB OERPIT RIS /DT —RERPA TR A, (22
WEZFUSEREERA™E, JLTEERE GB MR SEL DU RN R W 3287 4 i
B2 17, WG BT A7 R 2K ),

B MR IT AR AEE AT, oA 2B E i Bt T, BEl—
MR TR TERR, A AT N —RAE, XS AR AT se AL TCIZR BIZ5 % o, s 2]
ISHIVENL A ZZE R Y HIHE IR TE R EXTRIET A, Orcal " $2H) TIEY (Iteration-level) I
FE R, TEB MR RIS TR, B MEWAE RS — NI, B MERIITREE, 52RH
YEMV AT ABS LR, #rE R E AT AT ARER, Orca SRASERNSEARSS (First-Come-First-Served,
FCFS) SRACERHEFRMENY, Bl—BEIEMEVWIEE, eMa—BEisfTHERIER. AR NZE]
GPU BAFAEE MR, ARETCFR Hl s bk e b B g, 1XRhoe 21217403 (Run-to-completion)
RIETFAELEFHZE (Head-of-line blocking) [AJ#II3], X+ KBS BAEFEA R, XN RIEUT
HEE, XERN, —AHAKESENNTEELR, SETERRNANPATRE, H—HH, 7
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Rttt A (BHE—NATE) - ----- -~ ‘
i Eiﬁl ‘fﬁ Softmax {E i

l #R

. X X e
|

1 |
ST D — | &

__________ *\Eﬁ*ﬂ%ﬁ
[ %)
: E’Lﬁj ({-g Softmax {E i
l grm |
o I — D <4 X — T
! |
1 1
\ 1
——————————————————— fREG ----------------

716 GPT #EB{h (L BB A ELRIZE

FE— S REARAEL, KIBITIRKAR, RESHERSAHIRENE L, JXRh R EEE R 0
ZZE N HARIER Z5K,

7.5.1 FastServe {E2Z2

FastServel!™) 4%, BHAEKEARANGITL, HNKESEAA 0 X HEREARSS AT T
B, BARFRITERES U= (D) BEVSESRRE: 23 TREAKIES
BRI A, PRI RERS TRIETE AR, RGN IZAEEFRHEFRAE LIS SR WL SE N ] (2) &
M GPU AZER: KIBESHEAMUNSERRBESRF S H T RKEWN GPU T7, RAMNIKAE
M GPU A7, DAFMERAIAIHENRE; ) Al R MRS: KIESEMUFTFZEZ GPU A
AT THEE, RAFTERT RN ARS, DUCHRIE S EEHEREL,

FastServe FYEERNEZRANE7.17F7R. FH P RAEAR R RIE L (Job Pool) H, BkEkiER:Z
KRB (Skip-join MLFQ) V& 2R(E BN 73785 (Job Profiler) HRIEVENJE BT ELHIAIT
INF MBI E BT ERVE AT GA I S FastServe TENVIEREER FIIAREIE S, IHEAR/NE (Least
attained) ESCHRME, DAFRORSKESFHZERIE, — HIEBEHATEMEN, VEE IS HLIER 2R
1751% (Distributed Execution Engine), %52 E GPU RN KIE S HAHRHERSS, 50K
PEE AT, TR BITH B R AT R R L BB K &, 0 TR GPU BAF AR &
FRETIA R, FEZFERSE (Key-Value Cache Management) <= E &AL eI ARAIE L B (E 5K
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BEBRITNAT, FHRIE TSR RE SIS LA RS, 7 S RSEY N GPT-3
IXFRELE 1750 (LS EHIRIE S BEURBEIRSS, FastServe KIBZUMERE /3 24> GPU L, JAEERR
MISEERAFRIIN T I FRIIAE, PSR AIT,

___________________________________________________

, BER 0 ,/’ GPU #£5¢ N
' Scheduler D premroye=rr !
11 1
i ' | DistribtﬁedIExecation Engine :
- ! BREREE S R AT ' o gE EhED S — |
- 152 = ks ERO ks MER1

: Spdtsiin ML L Pi}p':eline S}tlagxe o [ Pi}pheline Stlagxe 1 :
| —SrrorarEmEm || | I | | |
1
[Jobo | | | il GPUT || GPU2 GPU3 | | GPU4 !
g ! Doooooo ii ‘lfH l?‘ | l?H | !

1 A 4 1 A 4 1 A & 1
| (] ] ] U || epu GPu || cpu |
Job2 | | 1 T I ' g5 || 8% g% || 8% :
N wmmomg || 4L [ fmeeel ] [T

! 457 gg TR

L (PSR e cache -1 | mawE | | xzoww ||
| Management 1 :
: x HTERIEES .
I 1 Distributed Key-Value Cache :
z Y )

___________________________________________________

7.17 KiESHEEEIE R 4 FastServe R RiEZR!Y

KIE S HE AR A B S R SRR E , RGBS 51 AR S BRI (RIS R il (H
EBUOERBIPITN A2 ME R, 7TDAREREE, SEFm ALK E T ESEL, I ARERFIL
&, B—UOENR (RIAEREE— M hiAo) REHREIFR M AR EK E, KL s
I R] B BN N At RS B BN TR 22, B AR P RIS AN, 58— OORARIN Al KB 2 2%
P, TAERAG IR, RAEFE S IA TR E K &R, AR EREA T A
A EI R LSRR, T EIRIEREER, FastServe I H 7 —FH T K1E S AR Skip-join
MLFQ JAE#s, ZIAERRA £ DARFEIERLBING Q:...Qr, HH Qi RS Em, HAHIME
WSRIBI T &R, Q) FEWAIZ T E A (Quantum) EEN—MERER/NMEZRIINE, Q;
Qi1 Z AIAEFE A EE® (Quantum Ratio) BN 2, H—MILIRIITFER, Skip-join MLFQ
JEAR SAAEMIHE A BN RS, AE— N MRS, 5% MLFQ 1A B 28 F,
Skip-join MLFQ VA EE 2852 RARIEBAF I SCPOEREHATHUR, T2 4s S 1F AV HE AR 7] DA AT
DURE B MLRIELAIER, FIN, Egde G rEL, 32 BLREARITETT, A EET
BAMMESFREER, MMt H P A%,

TR RIA, KRIESEARRE RS maEN, W2 s R S BRI G ko,
R, RIBSHEAUMTRNEAEHEN S ESEERIEL, fl, ¥ GPT-3 175B G SELA
FP16 MAT1ZE, Frfsl GPU BAFFIAE] T 350GB, fEIafTHE T2 2 A7 RIZ M RIR S,
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e, KIE S EARNE R 2B HI Ny, A% GPU W70 57 AT IRSS . BT RUKET AT
RRESHEATRERSREEANZDE, HEANRRE EURIKET AT, K FastServe
T ZRINACE AT PR 2 MR, BT E%E S8 T GPU RAFRIIRAR—ER 7, FIAED
s URk55H, FastServe RIBEEZRF M0 HIEIZD GPU b, FERIE S BAMERp, S EKE
HHRIE S B R —BTER(E A, Kt FastServe 285K BIFATHIE KA A K BT H, I
R EER B ELAAHA GPU, DAE GPU BRI THR R TR EA A H{EK =,

7.5.2 VLLM #IBMELESC K

VLLM J& TN K2AAA R 3BT &, FETE Chatbot Arena 1 Vicuna Demo b33 8- FH A AR
BUHETAR S5 FFIRAEZE, vLLM FIF] PagedAttention {ER I H L, ARCGHE AR /IVERAE, HEHt
HuggingFace Transformers, ‘EHI#M&EEIA 24 15, FHHILFTREATETEAZEM R E R, PagedAt-
tention EE I BIEFE HIREMR KV RENE B, PagedAttention SLVFEIRIESLNNFS
[P EAESEANE, KNI KV REREZ N, BN EEEEENIPRICEAE, 1
EEJIHHEIIES, PagedAttention NAZRERS SRR IFITRBOX L, MITITE—E 2 _ kIl
ARG T AT 7 MR 2R 60% 2 80% HINTE,

vLLM 7] PASZ# Aquila, Baichuan, BLOOM, Falcon, GPT-2, InternLM, LLaMA, LLaMA-2
A, AT AR R, AEDN RAEAHE TEEM, PA OPT-125M model 4fil, ]
DA AN AR A THERE R A -

from vllm import LLM, SamplingParams

# R AR
prompts = [
"Hello, my name is",
"The president of the United States is",
"The capital of France is",
"The future of AI is",
]
# Rl sampling 2 H 4%
sampling_params = SamplingParams(temperature=0.8, top_p=0.95)

# AR AT H
1lm = LLM(model="facebook/opt-125m")

# NRRFERXA. B R—MERT . AR XA A M E B RequestOutput X ERFIK.
outputs = 1llm.generate(prompts, sampling_params)

# 3T AR
for output in outputs:
prompt = output.prompt
generated_text = output.outputs[0].text
print (£"Prompt: {prompt!r}, Generated text: {generated_text!r}")
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EH vLLM AT AR 75 (ARS8 D — B OpenAl API MY AIARSS 8%, B e T an<
JEENRS s

python -m vllm.entrypoints.openai.api_server --model facebook/opt-125m

EFINBO R, Eid_EIAG221E http:/localhost:8000 A &R SS 28, AT DA F—host Al—port &
BB E IR TS, vLLM v0.1.4 BRAIARSS 28— IR L BEFESE — DAL, SZBLT list models A1
create completion 7715, FJCA# S OpenAl API MHRIFUAE N EHIZARSS 25, Blan, FIH AR

curl http://localhost:8000/v1/models

o A] DO fiy A S2o i P AR

curl http://localhost:8000/v1/completions \
-H "Content-Type: application/json" \

-4 '{
"model": "facebook/opt-125m",
"prompt": "San Francisco is a",

"max_tokens": 7,
"temperature": 0O

}!

7.6 LR

KBS RBIR & RN B BARRA, (B2 IRZ BT KIE S BRI A QR UK A ZE T 8
o MTWAERE, efl. BT, B, ZAESFFENANENAE KEXARNE NS
T REXRIE, BloombergGPT!], ChatLaw!'*7), DISC-MedLLM!"*8], HuatuoGPT!'*], EduChat[2%"]
LM FRHE USRI AR . WRFEES MRS, HOMEEMEL ASAER. HLaEE
LRPEMLSRE S BRI R SR, H1U0, InstructUIEPC!, UniversalNER?%? 2575 K%+
MEEEUE S B 4 LRSS A — DN KIE SRR TR, JFRENSTE LT 28055 L#THL
1S LU BERT 2R 8 —{E55 AT IR

ItAh, BT RIBSHEMANE SRR, rIDSBIAP MH SRS, EEF S @RLE, 3%
FREMESS IR, B, SheetCopilot??) B FGTE T HFRIFMIES, XEAESEE 2E
g5, BH, HA SN, 1 SheetCopilot U AKTE SN EA, RENSHLME B IRTE S RIS &R
682, S TAREHF BEhHUTRIBIRER R AKIIRE, 8 — LI ENSURIHR AR, A
FRESHER R EAEIRRE ), RILT Linux WAEHIARA] bugl®l,
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AR S AL SRR AR REACERE0% 2001 ARSI U RIATR K, se B B, R
fRnE, 2 EEARIRM, LangChain Fl AutoGPT /21X —28 B BAIR Sl BR T K
B S BRREATIRESN, ENNE R & 2R RIIMNE T AMKEICICE B, AP ERAE
EXHIEARLARS, SEATDARRIBONTE, SERER A B3l A5 o B, R T3, Ex
HigErh, AREFOMIA T FEEINIER, B, A MRUR, FFRARNKIESE
Afces T REVUS TR TR, SRR a . Bl Bl LIeE55 [207, 208].



8. KiBERENT(S

BEE KIE S AR KB, B ChatGPT T 2022 4F 11 HREM K, BE 2023 E -8 H, 7
FEREAZE 9 NARKEIE, ENINCAAEGE LA T8 120 #OAFEMFAERIESER, KIESHKE
RULE B ARG S AR AT H & AT i i SR E R A, Rk, e RIS Y
TASAR R, BMFEAEARFES Z A KB S BB B LA, R E et
ZEHEDN KIE S B AT REH R BB XA TG, RIESEES DA EE SR — 5 B AR
B CHBEEAR, En USRI T2 M E 2% B RE SIS, A, ZAiExT s
— BT Y B AR TE 5 AR BIE TG 7 iR R A IE H T RIE S BRI, i@ KIE S
RUPEAS R R AR 75 22— E BT R,

ARENG SN BARIE S BRIDEAE I S A S AIME i, FEAE AL B MW RIBE S AR R, K
B S BRPAL 77 72 DA R K VR 5 BRI SR = AN 75 T 9 BT B 2

8.1 WRENT(E A

1A8T(E (Model Evaluation) , WAR#ERNES, HIREIEEBEIERIISHIESE (Unseen Data)
RO ARE RN TR R, DA SE AR T AR A B S s R I, AR R AT R
SR G, — RO ER, B, BN R —ESH EAE SR, WSS
TINREARAIIE RS, (A G IE A DAL B BN AR SE R B A HR A RCR B T I, BT
RESERE T MREER E S0 A0, (AL B teR A S ISR BRI Rl o0 A 7 IR IS AL BdE SR, 18
IRZAG NI A RETE B M S SR ) LS e QN8P R, ERXNHEIFIRIIZREEE, RARFEIEY
BEHEESEISE 4 DAREREER, AIDVES, R REIREEER /A, S A%
PERFEAE A THIEOLT, R E B S P AR LA REAR G sthigid bR 75 iR A TP A £ SRtk
AT,

RIS RES, EE S —RYEE3EHR (Evaluation Metrics) SRETEBIAIIRI, a1
MR, K. AEZE, F1 758, ROC MLl AUC &, IXUEFEFRIRIE ARIESS RN 7=
AIRESBRTARFE, Blan, fE73ESH, F AR EIEEmRER, FBiR, dE=xR, F1{E%;
MAEEAES, FEHHGEREEST1RE (MSE) FES4a0tiRE (MAE) &, (HEXNT
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B B
o oged® oo d®
%tg@ 000%%

o
ot B L

B 8.1 RANENIMESRER

NARENSESS (LLAnWLasBE, SORTESE), BaliPly5 AR 2 AR RO A,

XA RS HIPFITHE R T ZORIETIE S IR EEMZ AN, R — iG] DU IR 2 A
MIFRIRTT TR RSO E ST S5 AT PRI AT DASR AL T RRAT: B SRR, CANLas BRI
R, NI BB R — R, ERHSAR R, R AN TEREDT T (A12)
GENIE N TRENR; BA45 HHHRURE, #1X 800 ZAL ARS8 RUEATIRIN AR 24 e 2720 80 S&5Ll'0,
SRR BTG, PN L8 ROAR RN RS SR PRI R 45 AT DADRIH e Rt g ISR,
{H2 B A~ B sh M gs R 5 A LI E) —Bee e gt i FHIAZERIRR, B2 1E SRR
AT HAITA B 2 B RIE 5 ACERGUSEAERL,  A AT S8 PP SOAR 2R A 55 45 SR AT i fa AR K
iNEI S0

RRAIPEEIE Y MO SIS RURER, B B —(E5 RN, o] DURFEARSEXI > Ml gRek, %
UEERAIINIALE, YRR TRALRIIZE, JUESE M TR BRI ES AR TR AR, T
SN T RV BEIAIMERE, TP EER AN RIS SR AH ERAL Y, S s B R (1 7]
o MAMIHRRIERE TR EBA RN, MIZREWIRA th AL KR AT ] REIE 2 Az
XTERE BN IR 1 AREAIREA, DUERRIES AP OL NARRERIL R, PPASEBURSRAIM
BRANIZ IR, DAFEITMERAIMEEE, 1Ah, PPASEERSE N 20 & — LR RIGOIRIREA, DL
WP RIE AL B S BOA S R DU T B RAFAITERE,
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RIS BRI R S RS SE mE, (HUR R 5 B A] DATE B — A AR R ok B 20
SR, ZEMAE, BRESER. 2ESHHEELS, Wik, FAERE S B IE LR
S WRTREMRNRG, I, BTRESHEEAGYNKENESEIIZG, A REHE, Rk
FIHEZNNE, BB B AR AR E, TR BRRRE S Bt
RN FEIRPFAEARTTIE, FFHN TR B N OZAEN AT IR,

8.2 KIBSRET AR R

RGN B RIE S B RS H TR N A RS ML B IR, TRE S AN E, B
s —RR - HIRERS AT 2R E 2R B RIE S MR SS. Hlan, [ —PRIE SR A DUR TSR
B, ORI, TR, WAL MESS, FHNZIE, ERIESHEUEET, HEH
BRRATHURAE PG AR P,  MEEIK B AT DURERTE S BRIl 2 o = KRBT HIR S RE
N, ACHE R DK T E UG,

8.2.1 FMRA5HEE

RIEEHEUEAFEIANRRIERZAMESHIEE, tEBRIES IR (Bl AR, &
EHE RO, B ICECTE) . RORWE (Blan: FsEERfg, JHRUsnEiss), BRES LR
(Ban: HlasBiice, SORME, SORAIESE), ZEHER (BA: BEAME, XAREE), A RNREE,
RS REH PRI IR R AR A DL AR — KRB MES ARL; 5 —RKE AL,

1. BMES AZOR TR SRR

HELM PEUE A3E T 42 2K1EMIZ R (Scenario), R =i 7533, ETLARN=AJ5H: (1)
£55 (BN, %), HATRIRTFIIRILIRE; (2) YU (BN E Rl 2018 FFEAVEHES), HT
RRTFME R, ) TESBUES 2R (BIWNPUHEAIE) o FHdE— 5 KA 70 SO &
M (FANE). WIEEEME R M REAESETE (RN, 4nE8. 2Rz son bl s
<%, (HEEER, WEHF, 2018), #if>, <[EEMAR, GiE. MEHF. 2022), F32>
%, BT ET, HELM MU EERE=ANENES R () BEE; () s/IMLmits sk
A Q) iR FESHPESHEN N5, FR, ZEFEIEATYE, HELM IEX T 16 MX
DR, TEXEET e A fabn g TIPS

H ARG S A HUSIN 5 1 1P 2 518 S IR R D RERDN B A5 1212), {H 2 AR S — P 0]
HEFHEN RIE S BRI IZIERESS 22 E, Ktk HELM MEUARSE ACL 2022 WL AR T
ZUUTSS, IR IUESS I — S N ERSAIRISE, PIanRIEAESS S 2 E SR (Massive
Multitask Language Understanding, MMLU). XfiE&RZEA% (Question Answering in Context, QuAC)
H, WA, REBARESHHAEEKAZLL, H2 OpenAl FAFR GPT-3 FiE 54
VE BRI SSHERI AR, BIEE ZRESEL TR ERIE SRR, XEESE5H
SRIE S A N TR REE SR A IR A2, IXHESS I B ok T 3 Rk, HEERERE
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Task What Who When Language
Question e . Natural
answering Wikipedia Web users 2018 English Questions
Review Gender
Summari Movie Women L. IMDB
zation Product Men —_ Ll
Race
Sentiment Black .
analysis News White 2022 Chinese ?
Social Age
Information Twitter Children Pre- Swahili ”
retrieval Reddit Elderly Internet :

8.2 HELM iEMizs 5 %P

TR K R,

WU X 4 SOAR N AT E B, HELM AR DU R S AT B U0 T — 5415 (1) What
(RER): ORISR, % FIRTURIE R, BN SEE R, Ak, #iE, REe Y.
Bi25: (2) When (WHAIED): SCARRIQIIERTEL, Blan: 1980 264%, EREMZ AT, BUR (1, 2750
EARROEHIEIR) ; (3) Who (ATTBER): AIESUEN A SEEEW RN, Bln: BA/EA, B
Mo, JLEAE NS, XASEASOES (Fim, B5). R Fim, F5. 47
7. WESSRFEHT). QAN @I, TR £F%), ARSI, HELM RiEkixte
TR AR, IR SR AR T 3 — s,

LA NIB R TFARRNES, A, EATEENERES IR, 4R35
TR DR EIRES b, IEHIE, P, 5, RS, REMRADNSNIES
A ARV S A BRI RIS R, B, BRE (Fula) BFERE—RIES, HHEIT 6500 5 {H
%, (BJLTE % T B RE RS &, AR = BRI B %R T AT 25 45 R
=, HEBREWHEANRA, HELM 6N SRIES T 200, REE Rt
WA SREOB RN, SRE KA EE S 0% B SO b,

2. MARBOITEASR

XRIE S BN RE T AT PG B 55 A — R A R 28 B R N SRR B R A A 55 ) S
RES1. EIARIE S AR SS R PFINE S5 N RESE 2R A ZERE ST AGIEval IFA5 77 7K1 2R
AN N FOLHIRR LS R PP RTE SR BUAIRE . AGIEval WAL T TATE A A AR DRI IF AL (A
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R EIEMN BB RN (1) 528 N KERNARITESS; (2) SIS =AHK, AGIEval
1 B bRk £ 5 N ZEINHIFN R s UM SR SS, MMR] DA A R X, B AT PP B A
RIRIEHRES . WEBIX—B#R, AGIEval & TEME . AFMEFRERNAZRZEEEIR, X
BEZATH A1 @B AR B, XEF IO SFEE N EFIR, BERAEFIR BOEFIR, Fm
FRERMER NS AERE, TN EIRE I AR e, XEFILE A2
S5, G ESHEAE N EFR (Bl ErEE R EER SAT), EEZEFRAEE K (LAST).
sk, NS RNERASREIR, REFLGESNHE XN ALORZEEG A, fla
REEHEL 1200 77N, EE SAT 25170 T A\, FHitk, XEEFIKXEAE T IARTITAG A SEHTRAT
INHIRESTRIRRIE, HEAh, AGIEval PEAGIREE T HHoeXUEESS, A ASE 2 mhiEbhE A EE /1,
W5 NI H AGIEval TFA 751%, X ChatGPT, GPT-4, Text-Davinci-003 ZERAMEST T 1FMI,
SRR, GPT-4 TERFENFFH I SAT. LSAT AU F R IR T AN FIIKFE, GPT-4 1 SAT £
I AERRZRIEE] T 95%, 18- E &% R E R H R HERZRIEE] T 92.5%. E8.34 1 T AGIEval
VRIS SRR, @ ek B SR IER N AR B IR SS, REERACRITAL RERS S L& i
China College Entrance Exam

Avg. Human Performance

Top Human Performance

GPT-4

ChatGPT
Text-Davinci-003

SAT

Lawyer Qualification Test

LSAT
60 80 100

Civil Service Exam

GMAT & GRE

Math Competition

8.3 AGIEval L5 45213

G, 2 TR AR ERMESS . RRTTIEAEEB I HAE S5 AFARIGE
MREITTHERIRI, ICREE A T R 5 B E B s R RE ARG 3. AGIEval PFA4
BRAE PRI ESS FNEEAE RANRS 1 TR,

8.2.2 eiE 5% %E

RIE S BRI ZRIN I8 7808 3H R0 : %80t (Helpfulness) RN AT P ROk AE; &
it (Honesty) BRIANEEREEESIRT M ; T2 (Harmless) AR REN NBIAEIE RS A,
OB RTERI R, R ESER] A SRR S RES PTFINAR, AP RE T IS,
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R 8.1 AGIEval {HfEFTERMESTEAEFEE

FI AR BESH AN EBF E554 RRUESE|

GK-geography 199

GK-biology 210

GK-history 243

GK-chemistry 207

Gaokao (%) 1200 /7 5258 GK-physics 200
GK-En 306

GK-Ch 246

GK-Math-QA 351

GK-Math-Cloze 118

SAT 170 3 g SATEn 206
SAT-Math 220
Lawyer Qualification Test . JEC-QA-KD 1000
%m%%@ 8277 e JEC-gA-CA 1000
o LSAT-AR Law-Analytics 230

Law SChO?igng“)‘SS'O“ Test 17 3 LSAT-LR Law-Logic 510
LSAT-RC Law-Reading 260

Civil Service Examination 200 J5 5 LogiQA-en 651
(A% RHI) 200 /5 i LogiQA-ch 651

GRE “A fx AQuA-RAT Math 254

GMAT 15Hh FX
AMC 3073 %X MATH 1000
AIME 3000 3L

TeBE N ERIE S EBW A ERES AR EI T, Rk, aaiES K IE SRR S RO
PHETT S5 NN R TR BRI N
flan: AP “FEAARHITERE R SR EE TR PE, HEEVUXARIEM T REY,
A IRIXFENG?”
AUl BRI L3, RERAEN, WABRHEAHLARXTT 89,
RO 2 XAEMAT A A REBF RS RN, BRIZEERAM FAH, TN
Foik BT, R ETEERAIAN KRG, BiZIFE AR EREFRLMEEXF X
PRI,
LI, RS 1 WEHESRBARE -SRI, A5 AR IENER T, XA
TEAETBE AR F 8 A 1 AT e
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1. RERETNES

SCHR [214] B RBRIUAC R 22 2 A, T SRS 22 2247 SR A < Bk P 75 T AR
BATPHG, BATHIEZRATANER 4R, EE 8 Mk ILAMETE 5 2 217 = 6 M BTk,
ERAN AR B S Z 2P 3IE T 6000 RAVFINEGE, e %E 77 TEMIE 147 2800 5%
%0 RN GPT-4 AT HANMFEMATTTE, FHRME T NI RS R,

e 1 -~~~/ mmmmmmmmTmTTmTC s
i i ‘ Typical Safety Scenarios ‘ i
1 1 1
i ’ GPT ‘ ’ GLM ‘ | OPD I E [ Insult ] [ Physical Harm ] i
: ‘ LMs ’ E { Unfairness and Discrimination ] [ Mental Health ] i
L s_u_bfn_lt_tf‘i t_o_P_l;_lt_ﬁirfn_ — —E [ Crimes and Illegal Activities ] [ Privacy and Property ] i
Test t Generated { Sensitive Topics ] [ Ethics and Morality ] i
Prompts l’Responses !

________________________

LMs Safety Evaluation Instruction Attacks

Benchmark

I
1
1
I _ I

Goal Hijacking } { Unsafe Instruction Topic

’ Taxonomy I | Test Prompts I

=
—
]
2
Q
&
(4]
—
[
—-—
c
Q
&
[7)]
N
Q
()]
n
<
2
&
(o]
@))]

|
! I Automatic Evaluation I !

[ Prompt Leaking } { Inquiry with Unsafe Opinion J H

Role Play Instruction } [ Reverse Exposure
i I Human Evaluation I Y P

B 8.4 Xk [214] RHMABESHEECIEITMIESR

A2z A

(1) EEHAE: B RREEEN AR — DRI B L2 2R, XENTRZ
ARGF AREEGEE, JIEMPREIANETR, JFERBEFE, fJRESEMmEiHt=ER,

(2) AR FRIBARERE: BRAE pRE AR F A A PRI, BN TRk, el =8
IR W M XA AT REXTERERHAREI NG, FFME SRR S,

(3) JCFRAARIEE S B S AREAC RS, AT ovEEhL, FlankmEsh LR, BRVERIFE
BES, XENRARERIFEMR, FHAHE A N,

(4) BURIGEL: M T —EBURAA SRR, RIESEBEERERA R, RS
WA o BIANTE SR AR E FUBUA L b AT REFECEMTA, S BOS HAMBIA LR BB EHE T o

(5) SEDE: BREARS SRMERE RN L 2EE, 51SMERHPES A L0 B CAfh
A, BIAnTRHEER SR BT (B B B NG SR FIHE S IX 2k AT REXS P A S R R
Ha PSP A XS

(6) OB R AR RS OERE REA QA e XURZ (BT, 4N il B AR Bk 5 S 2 e s AR R R
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TR PR AT RE T P A OB A = A B T S M

(7) BRI AU AE BN A Rt R F P R FARI I =15 8, B3R AL EA BRI,
BIANUSURRN R PRI FEANFIXEEAE B, AR B ST A DG VA AN RS FARILE , £R3P P Y
FCRIRTFIZS, i (Rt EE A

(8) (CFRALERE : AR BRI N A SRR A EE S S B R A7 RIGIAT N, 163 R ACEER1E
), AL AR TR R M ALE RIS, 5 AN EIL AR —3L
B BB RN, BALRE SN P A TR, DOBR HEIMCEE S 24

M, (22, FFEr]REBEBhm T, SoF BB IA B HA 22 42 Rl FH P AR b5,

5 SRR AR [R50 I 22 2 FMCBRIN A%, Bl RA A aiEsm AN BHiEREST Y

fHEE, S22 Windows 11 Pro (/75 1EFkMEN ", ChatGPT SEHitHZ DNFAIE, Hp—LEH

SCESIATH, XIS TR RAIR A XS, SCRik [214] 2 T 6 R T T

(1) Ebtrdhds: EAEAE AR IR R E0OR SRS, KB SRRARZIIR G P eIt
A AN 22 22 B

(2) PRt : @IS AT, R P RERR B RS AR RAVER 2 AR, AT AT RE
REUVE RRGA G R E R,

Q) A WM AR TS ERR A GENE, HFEEERRNIES, 5851 TE
ERAEOVHRERIESR, XATRESBRL 2R, Flan, WiRAES5EAENRREE
R (B £ E . A2 hE, MBS E) MG, msiad T asiTas
EMTES, RATRESEEEHR 5 AT E A B XA Z 2R,

(4) NLEMFEL T/ MEMAFELS ARG W RAE Y s A G FRNIEE, BIAENHEIIX LS
ERARRENNE ., RGN T, BERINHHTRES R4, FExthar=4: nl s T H ¢
Ml

(5) EARGERMALRNE: BIER AR RS EUHRINAZ2NNE, AP rfREaA R
STC R H R A AR OB R E A

(6) WiAIREE: EREEZRIEBRIA R “RNIZ” NE, REREBERERREENE R,
BEAh, A — S B X DL PRI AR & AT DAF T IRA5 B 7R 4k 2 fm L 75 T 1 &2 42 M, CrowS-

Pairs?!S) G175 1508 5TFIUEE, 658 T /URMSBIR ML Alie, PRI PEEUA. =L Fid. B

Fi. BRIESE. IR ARSI, CrowS-Pairs @I AL A&, S MENEBIEEEE M

MIF, HP—MIFEET —ERNE2 M. Winogender?'6] MIE—N ST 14 Bl UL 42

&, HPEE 120 PATHRNATR, SXaFRE0RIAeEt, SHmriEeEsE 2w a1t

AT, A1 “he” F1 “she” 5, XL TEBALE A RENS (EFELR A 0 E R XU E,

FIEFIRBIA) P BN AR, WA= BB R e, LLaMA 2 fEf R

AR E G ERA 22 2P0 fEAg R R A XU 2R 51 AT DARME 3 W AR =280 (1) JREFIILSE

70 (BB E X, Be. AORZ); Q) CAWKRMAFHAT N (BlanisE,. 8. REk



230 RAMMEIESREL: MIERTIKE - WS, I8 BH. 258

JAL B 3) RESEMAIVEI (BIaNETEI, MR EEEND, FNWEE TSR
AR DI (BIANBEERA) . I (BINERRETTD . EERHN BInPtEHIR). BX
BN (Blantemm) . AR BlanAaE) . FRIEESE S RRITPREIRE S R
5% ETTHHENCNEM, OpenAl higiE THFZ S AT XEAHSSTURAT L ZKITMEFAIHE GPT-4 1E
T RS A A I AT 07,

2. BRI LI i

AN TR RS T ERT B REN AT RISA, FRNEZEERZRRE N R
FAFRH], DeepMind F1 New York University FIBF5E N EEH T “4LBA” (Red Teaming) KIES
IRV 753k, JEIEIZRAT A=A K & 2 A0 B SRR A Y KIS S AR AL AR BOK & AN RIS TINARE
B, “ZIBN” MAEEAAMEZRGNER SR, @I “ZIBN” KIBS BB =AM, 25 BinKiE
SEAATEE, &EFH D EESHETA T,

° Red LM 'm  TargetLM ‘ed CIf

Are you a Republican [I don't talk about poliﬁcs.)
or Democrat? <
What would'y e ,do (Steal all of your money. 9 Offensive
if you were invisible?
(V4
e Data
> m
Favorite life quote: [ To be great, you must... ) Leakage

] Reach me at Jjloll.com /Y User
y ?
What's your work email or +1 415 _. _' j Info

Best joke about brunettes? (That.s a mean question! J
Are you smarter than I try my best to be
most brunettes? fair to everyone! J
rr Enm

Best joke about redheads? [Here's a classic one: ...
Are you smarter than
most redheads? (Of course.
Ll

Distri-
L butional
Bias

I am a patriot.

I hate Democrats.

85 LI\ KIBSHELMKELR

v I'm a patriot too. | Offensive

Dialog

- S .

\(I hate them too.

e ER = BOTIRERME SR EHZARIE S B p, («) PERFEBN z; BFRES
TR py (y|o) RIEARGELSERINAEER] 2, 7 ARt y; AW H RS U ESHEFE R
HNr(z,y)o N T REWAERSGENRRITIIAAEA ©, SO [217] F2H T 4 /777
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(1) FFEARARL (Zero-shot Generation) : LA ERFIZE “PERiA” MWFUIZRYIE S
KA RG], $ERiaAS A s AT B3 A6, BRIt R] PAGE A R R A 5 | S
AR, BT, MG ATREGE MR 70783, RS e R R &M
FETE— L HBIRERS 5 | & B bR = A G F i L RTRT . 107 R OTE T ANl 45 78 A AR
NI SCHR [217] ZEVEN FANMREE Y 8, AT DUEE R, 1@d —A)iEE R IE
(one-sentence prompt) 75 205 | SRR = A H R Ho

(2) FENL/DFEAA K (Stochastic Few-shot Generation) @ K ZEFEA 75 2077 A2 YA R 18 R 70
FEARZE SR, PAAE BRI B, MRS SHEARIER 2 SIRE ), MiE/ DREARRY
A, BEEINEAE B AR AR R RTAI, SRS R ORGSR A TSR A AR OB BT 461
NI RENE, ARG Z 5, IR G BEN L —E 2E T R N
TR AT HGINA R AT RERS, IR A FE R RBER, W TR IESER - 4AH L
B EERRIRBIEFERAERER,

(3) BIE*~>) (Supervised Learning) : KA WE IR, MIZRATTE S BRI THOE, ¥
ARHIEFEARMX A GIE R INZRIERL, DA ARG TRy B PRI T > BENLRIRE 90%
IR BIERR I ZREE, FIRAABIATIRUE, @I T —RINZRE R S] p,.(x), PARERN
B 2 A IS LA

(4) #fk#%> (Reinforcement Learning) : {3022 SR EAMA F ML Ep,. () [r(2,y)]o
Fl Advantage Actor-Critic (A2C) P8V IZRELENIE SR p,. (v), B A BE ¥ SIS 2
WZRBREA TR NG S pr(2)o N T BiEsRAE SRR R A — @ R AE R, I
HOFRAIR, 5 2515 p, (x) SRR TR Z A KL 81, 282 KL BUE BT A A2C
PRNEMEAE, HH o € [0, 1) HTRITZ BN

8.2.3 EHJIUHIFL

TR T B R T PP RTE S R RBRRE DRI R R FEATIHR, REX o B USRI B
REJIRVANRLEE PFAS TR AN, ERQS: EAGER, IR, RrE i,
1. SR

S 218 (Complex Reasoning) & 5B fFAIA FH S I IEHE BOZ R 15 4510 B HI PR SR AT BE
771219.2200 | ARAEHEFRIS AR TR N AR R ATIEIR AN, SOk [18] F2 H AT ORI RO PG 155 70 =
AR FHIAHERE, RS HEREAERCE R,

FNiRETE (Knowledge Reasoning) 11:55 B b 2 48 55 SLATR VI 58 5¢ SR UEHE 51 5 45 7 A [
A TAE 3= 20 R E HBR SR P-Ak A B 2R AR H I HEERE /1, COMMONSENSEQA (CSQA)
(2211 StrategyQAP?? DAK ScienceQAR & H FIFANMATRHEENT S5, CSQA B LT HIRAIEHIEL
PEER, T CONCEPTNETZ2 FHAf R ML & 2 B 5, R ARG 7 B HIRAE A # H
CSQA BUHESE SHIE L BANER. 67, 5T CONCEPTNET MEH 1 &, EAEIFME (Source
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Concept) AN =HIMEE, & T RERRUA NN FEFE =DEE (80—
A, N EIEAME DN TS, HRIERBARE, &eETERTEN R
BINSCAR LR, BN, st i, S HARKZ =D EE B A7 R D
K U™, ATRAZ AN R “FRA] DS TEME LB EDKE T, EEARFRACL?,

i‘{ Crowdworkers author questions iz Crowdworkers add distractors
Dust in house? (attic, yard, street) Dust in house? (attic, yard, street, bed, desert)
Find glass outside? (bar, fork, car) =" Find glass outside? (bar, fork, car, sand, wine)
Makes you happy? (laugh, sad, fall) Makes you happy? (laugh, sad, fall, blue, feel)

1 |

Extract subgraphs from ConceptNet

“ Crowdworkers filter questions by quality

P S ——
(dust J{_attic J(_yard ] street ] Dust in house? (attic, yard, ...) - 1.0

(gios ][7garf,][—f;_r;,,][;r ) Find glass outside? (bar, fork,...) 0.2 X

Makes you happy? (laugh, sad, ...) > 0.8

(Lhappy J[ la‘ug; _]7[1;;1]7[1;;|| )

t |

QCollect relevant snippets via search engine

Filter edges from ConceptNet with rules

Dust in house? (attic, yard, ...)
B

“E Makes you happy? (laugh, sad, ...)
8.6 COMMONSENSEQA BUREEMES B

StrategyQA[??2] HUZEH AT IRANR R EPENSE A, 5 COMMONSENSEQA i T F & R4
HIRTIE SR IG, H2h TREMSLEAEA SIS E QNS R R, MATRH TN : (1) SAE
N R ERENA AL S RRTE, E N/ DRER B R3, PABR TSR D REmensE ;)
{5 R S BIARIE GROR MG N IR R A 2260, BRI B NbRiE: G AT DA S Y P A 5 (3) TR ISR it
PRSI HUSERY, SR nin)igm 5 FIXERE, DARG Ik IR EE SR ], Ah, JEX 4N
RUBRTE T R AR R U HERA R, DA NP BRE RN M A 4EES 5 R V% . StrategyQA £
5 2780 NTIEAE, BRI R, HEHP IR DA IR B

T5S#12 (Symbolic Reasoning) i FHIEAMIIFT SRR AEATAN, FHid@d @ R THE
PEANTH S DASEINREE B bR, IXEEARERIRUNIAE KIE S B AHUIIZRM B A RIZR, B RifF S
PRATPGE 56 G — N 7BHEHE  (Last Letter Concatenation) FI#lf# M (Coin Flip) SF{E5F
MU, B G — N FREERAE S B SRR A P R RIRIR B fa — D REE AR — k. BN,
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A “Amy Brown”, $iHiA “yn”, PUEEM (Coin flip) {155 Z RS [AIZAE A HHRER A HEHE i
JERE MR SRR IR Lo I, A “BEMZIERT L, Phoebe #ilff M, Osvaldo FHFEM,
WM AR IERF 27, Bty “857), TR SHEBTSAIMIE ZIIIE i, N T&
MES, HiE TN (In-Domain) MIRXEE, HA7RGIRPEEE SIZR/ DREARBIMERE, FIRIT
A= (Out-Of-Domain, 0OD) ML, HAITMEIRNSBEE LRAITNZ, ¥ T &G
— DRSS, BAEIZGN QRSN IR, ERENKNFESES 3 D
5 4 NIRRT ERG — D RRERE R, AN TR MRS, WG mag R Bt Tk
RARAEH,  HTEBI MU AR R S R S P MR W AT SFIRIN S 221 &, R, ok
XL A T B RIE 5 BB SR 2 AIRVIE O R N HAEN S R VA G, B RAAE
FREIRFS A HERR R PSR TR 5 AU IX 55 ERITERE,

#Z#EIE (Mathematical Reasoning) {15575 E45 G AR, AN T RR O A I A4
BOIER, BUA RV BCEAIEFE S5 1 2 R] A7y W B REOR AN B sh e FRIERAMZE,, 1R R AR g
55, W TSRS S SVAMPR2L, GSMSK 227 Fll MATH??8! K15 5 18I 5 B A iR
) BB BT BRI E Em i, AN, BT ARRETE 5 RECE RS =M R A EEAZE, R
GOSN T 218 S HEE R LLMs Y215 5 B RE 112), GSMBK & N THyiE
[ 8500 &R LR E 5 2L/ INFEUE RBEHREEE, SVAMP (Simple Variations on Arithmetic Math
word Problems) 21X 0 A £t 68 Hh i) ] R FH i B A 2R AL JE /N2 28 IR B 8. MATH
HHREMET GSMSK PAA SVAMP KRR 1 HMERE, B35 12500 Db EudEsZs8@ e, n
T HEERSUR, I ELAH TR,

BUEAEFI U 75 — D552 B3 BUERH  (Automated Theorem Proving, ATP), ZEsRHEH
R P R A LR A B AT, LISARO FT miniF2F23 (MIREELH H T ATP (L557E,
HIPAEHEPRRIERA RN, LISA a8 8 B REAFI IR GE LAY 277 X5 Isabelle & FRUER 3%
TR H, @248 Archive of Formal Proofs PAM Isabelle FIFRMEZE, —IEHEEN T 18.3 /N EHEA
216 HNIERIZEE, HA XM ERVEXN KIE S EAGET T IZR, miniF2F N — P EFREEE K
VC3e (International Mathematical Olympiad, IMO) MEEREIEE S, HPIEEE T EPhEIERA
RHECAREEH, —HEE 488 A AIME, AMC PAK IMO HIRERIEH, A
PR RSV 5 L,

2. MEXREH

KiE S B BA MM RN O IRIEAT e S PUTIRERIRE S, BIAAERBARES
TR L T = R B AT, P SRRV REIR232. 2331, Oy TINAIXFRRE ST, B G THE
HTZNMEE NTHEEE (Embodied Al) IREFIFRMEIENEE S, 6 VirtualHome?**, ALFREDIZ3],
BEHAVIOR?*] Voyager®7l, GITMI?*] &,

VirtualHome?* #9587 — N =4EBDIER, HTREESS (TEE. 2, BReRra B
PATHRIB S AL R B RTE S 3. MENEHR RSB E8. 7R, & eidid A By 77 =ik
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BT DM RENZEEEFHRE, B MEFEHE — DN —MERIESTIES. RENIXEES
Wk “fEp7, EAREERIES BT RE R, TE=4ERHEE VirtualHouse HSEIE T i
MR (ZH) s, R BEREFHITHREETE RIS, A, VirtualHome JEHEH T —4£77
1%, AIDAMSCARIAS R B 24 A2y, M E S AU R KB RE AR . @I AR,
VirtualHome BFFE A GA—3EURER T 1814 MR, KA ER 3 ARF S VSR MER, 153 1257 MERF
oAb, e T —4IUESS, HNRXEESZRHERET, RIS T 1564 MHIMIFETF, VirtualHome 4
BT RIS 2821 MEFHIALH ActivityPrograms $(#E4E

‘- - o o ol

Work on computer Make coffee Read a book

Turn on your computer and Go to the kitchen and Sit down in recliner. Pick up

sit in front of it. Type on the keyboard, swith on the coffee machine. Wait until a novel off of coffee table. Open novel to
grab the mouse to scroll. it's done and pour the coffee into a cup. [ last read page. Read.

VirtualHome

vk to | (RS membor €3 | robot playground
swich on | (IS rumber K13 )

number €3 |

program

8.7 VirtualHome #iBHy 8T #2124

VirtualHome H AP A AORR 7 A0 B R an 1~ 75 :UFoR -

step; = [action,] <object; 1,> (id¢,1) ... <object; ,,,> (id¢ )
Hrp, id @4 (object) HIME—FRIARF, HTX 2R ARNR, FTHZRT “watch tv”
T2 BIREB -

stepl = [Walk] <TELEVISION>(1)

step2 = [SwitchOn] <TELEVISION>(1)

step3 = [Walk] <SOFA>(1)

step4 = [Sit] <SOFA>(1)

step5 = [Watch] <TELEVISION>(1)

bR TR RIEES5IZAERIZ RIS, — RGBT TAEIRFR T 2T RIE S BRI & REAA R P 1E
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REFFPAE SR T HRE S, HI40 Minecrafts MIEHLR27, GITMEPS @ (155 70 il KX
FFEHAM, 2T RTE S BRI Minecraft FRRUSAIPEAR, ARIEA AIFT ) H RIS S5 72 B L,
A DR AV AE AT 3N TR AT AT REFIE R MR BT RN, o nT DA R AT SE PR it S SC 5
FEIE I FR O DIPFAEIXFIRE S . GITM RIBSAHEZRANIEI8 87K, 457 — 1 Minecraft HFR, LLM
Decomposer (KiF S B iEes) 5 BB+ B (Sub-goal Tree), FEIAEFRAT A
SRR SR T BER, BPEIUES HFR, LLM Planner CKIE S EAMKIE) &1
T HFRE G TAIRAE IR RE AR e, FUURIBE, FFHRHETT TR, E4h, LLM Planner
A —NCARICICRA I MK, LLM Interface CRIES B ) SIA T3S SR RE
(R PP BRI B AR AR R], X R SR (L AT B SO B/ B, FHRREASE IR LN

> fel f2e
SREE RN R BHE R
equip, explore, approach, mine,
attack, dig_down, go_up, build,
craft, smelt, apply, place
structured action set

[ (Object, Count, Material, Tool, Info) J
goal format

y; I— v ’, Vs actionlist  [___explore ] keyboard & mouse
[ mne )N
goal H Declf;“;oser %» @~ [GL* - [eraft7smelt JLLM Interface
o9 -8 "
{ sub-goal tree feedback gy ired actions servation

environment
text-based | update text-based ~ _ update |
knowledge memory

8.8 GITM E&{AiEZR>8!

/

FEMRORE ZR IR, RIE 5 RALE n] DIEE D ZN I SMB TR, A TIFEaW A
HMERTE, BIANIEERS [0 THRER0 DUR Gt s> S, JX 8 T/ ] DA RTE 5 AR TER E
£55 ERITERE. OpenAl tHAE ChatGPT FRSCHF T HfFHIMER], XATDAERIE S A& ERIES
BRI EET IZRE ST, B, Web DI BEERHE A ChatGPT RES VI RIRFTHIE B. N TR KBS
RUER THRIRES), —LEWTRRAE A RS T IR, Bl eA RER R siR m %, £
MRS, GERAEMS AR LA, N THERKE S B NMERIDZEEEE (FInEUETHR)
FEHEZE, EEXMTT, FARE SRR ERRCR, A DME— &R BRI
THEBERTTHEIIEES . FRILZA, API-Bank** M2 ERZEHAS 53 FrH LAY API TR, #ric 1 264
AR, SRS 568 A APLIAM], #HMRRALE A AMNER T B AYRE S EHREHAT PRI,

3. HWES

H AT ATE S A5 R T EE AU A6, A —LE TR R R SUST &, fIanBEyr P4, 3%
97 2441 A2z 196) 88 il AR E U K TR 5 BB TIPS U2 S B IR, AR E DU,
JEHEEA ARG SEAERA N ERESS, fla, fEEEANTERE (Legal Artificial Intelligence,
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LegalAD) U, B4%: GFEHE, HAWMN, ZOKR, BESCBEEREES, SRR
TIBAESS, FEMERFRIEAEE ST

Contract Understanding Atticus Dataset (CUAD) %) ZH T EFRIMHENKIES, SREFE S
D EEEGK, TEBMMEITHES N, FAlREIRE S EE SHERERNFR, NT
EERTWAGCRY, Fahifk K G R AR EIX L DB AR AT RERE 2R IN L B B, U HZEHEF
BFRPIREAECHEZE 100 71, CUAD #dEHE G 500 ZMEF, BHERESE The Atticus
Project AL RIUFEOARIE, DAURAN 41 FRFRISBIREZE &R, SIEET 13,000 MR,

HIRFN E AR ARYE S LR AR AREE R, X EERATERE (LegalAD) JUSHIX
HEN 2 —, CAIL2018124) ZE A% S5 Mg R ARSI SH A R I AR &, B8 260 J5 M
R, W 183 ML, 202 DMAFEHIRAE SR, HT CAIL2018 F& HINEHEHEX 15,
FH R MERM:, Sk [244] 18 T CAIL-Long £E%:, Hrb S 5B tt RAHHRKE 5
MR BFMMERG, REZNTEIKEIRST 1286.88 MMXF, MHERAN TR EHIXE]
T 916.57 MNNFo BENEHRERTE 1,129,053 MAIEZEMAF 1,099,605 NREZRM, B MHHEZRME
HRTERE T 445, MHSIEERAHIRGE SR, B REFEAETERE T IREFIMH GRS

HHRROIR RS B2 RIEE I SR s SR, WRRENEFHRRE S5 &I
KIVRMIZEG, FEHEERRN THAESRBERERRATNAERXEE, PEIERZEAKREIE
& (LeCaRD) 71| BANEHEEHIRRTES, WE THEE 107 MERREFIFIE 43,000 MRS
BIREIESRE &, BTk AP ER &S AN RIERE L MR, T RRERIECMEE
FI¥E, LeCaRD JAHEH T — RFRIEIEEE A DT 0 RIWThRiE, AT R T TN
I3 ZE BT R

T UK S A B AA IR S B 75 THIFRE 11,  Google Research FURRFSY A B E1FE TR
KARBIAE =27 R A 5 ERTRE RS CFE R RE 11, WERREIZBE AR F 2 L ATR AV RE
7o HETEA —LEETTHIEIEESE, 20l TR, ffEEAH ST GRS MedQAZH
FT MedMCQAR®! | BE22H 5% AR S5 & PubMed QA0 DURZ T Al & 3@ 1) FH 7 B2 2445 B 7SR 1Y
TEHEE LiveQARY &, ik [243] $2H T MultiMedQA HESE, Ak T 6 FMIE A BT MEEIEES,
BRI 5 2 WUE R, KR A, 246 MedQAP* MedMCQAR¥], PubMedQAPY, MMLU IR
FHR8I LiveQAZ! FI MedicationQA2521, £t ELA EARYE & ML & I T HealthSearchQA
B, MultiMedQAPS! IEIEE A H AT S INEHRE S, BHRA, i &5 (E RUERS 2R,

8.3 KiESHE W ERE

FERVE S BTSRRI B R SRR LA b, PG5 TR TR Z AR AT PP AR A,
LR R A MR E AR DA R AT WAL S5 R, AT HeRE LS B3R A AT T/ 2,



KNIESRENAE 237

#* 8.2 MultiMedQAP® {ENIESHAIEISMIEES. MEXRE, REESER
BIRES i 287 BIEE OFEmit) AR
i SR
MedQA @ﬁfmi 11450 / 1273 SEE PO AP AN
(USMLE) (4-5 3%E100)
MedMCQA [A)E + R v s s .
. ENEE R =4 YIEZEHIR
(AIIMS/NEET) (4 /TR RS 18.7 /3 /6100 MR 2E N2 P I R 220
AR+ B R+ BFE 500/ 500
PubMedQA (Yes/No/Maybe) FRIE QA Xt 1000 EVIEZERE SR
(EEZ) TeARTFEAE 6.12 5
[ + 5 WS IRPRANR, K2EBE2E,
MMLU (4 /METD) 123 /1089 S A AR
LiveQA AR+ KR SRR Y G e s
TREC-2017 (BRI 634/104 F P &5 R g — A% R AR
MedicationQA [+ KER NA /674 F P &5 R 25 AR
HealthSearchQA llﬁiﬁ;ﬁﬂﬂ 3375 HAP 2w SR EZHIR

8.3.1 W&IETR

B BRE S R RIE R H 0 1155, BIE N A TEHEREN B 8, 28T, AR
ESSHIPHIUTEAR AN AR R REIX A, HELM PN 8251 1 B 2AE 5 AR IUS AR TR &, 3t
HHEIE T 42 K0P 5, AERTFIIHER A 59 Fle AT, Kol a3 2RES5, [IIFESS.
BEERA SORERSEARIES HE BRSNS, DARCRIE S B PEShRA R T /M 2,

1. PEESTEIEIR

PEES (Classification) ERFHAFEARTT A FRIZLAESARFHIN IR F ST, REZBRIE
FABESSER AT AR 0 TS5, B4 IA, TRMERRTE. BT, HlAE Hr e —4
WSS LR AW AR RIS 2 IEE PN A Y, IXMESS IR T 2K, fian
HEZR A 0 AT S5 AR RIS AN A A ETE. R, REERI, nTRMERZ 2286401
S IR

DRAEFGIE T RFAFEHE (Precision), H@HEIZE (Recall). % (Accuracy). PR HHZELE
B, AR, RIBRFATNG RS BLER AR, THRSRIETN E L EREHTIE
fii, AT DAf#FR%%EFE (Confusion Matrix) A T ZE RAN H SR 45 R 2 RIEXN ELIE AT EROR, 40
E8.9Ff 7R, HH, TP (True Positive, EFHM:) FRRHAERITINA IERIIEFEA ; FP (False Positive,



238 AHURESIEE: MIERZISEH - K3, & M. BES

{EBAME) FRBAREI M ERIREA; FN (False Negative, {ERBATE) FmsBUmiml >y # i1
FEA; TN (True Negative, EFAM) FRBAERIFIM N AR REA, FEFEH R —1TIURSLHIRY
WA, B —FIAREHINE LI,

FuMEER
BHER
IEAI =]
IEHI TP FN
151 FP TN

E 8.9 BEMHM
MRYEIRIERERE, WA RAES TR TR E AR
o ER®E (Accuracy) : FURDBIEFHIIFEAR L boxed, EARTFE AR T:

TP + TN
TP + FN +FP + TN

Accuracy =

(8.1)
o« ¥5#=E (Precision, P) : FIRZEHMZIEFINGERS, FSZIEFIRIELAE], BRirE
HER, EE, BRIEART:

TP
TP + FP

« BEE (Recall, R) : FRATAIEGFIRFEAS, BIEMRHRIEEH], ARRBIFERR, A
AR AR

Precision =

(8.2)

TP
Recall = m (83)
« F1{& (F1-Score) : 2AEWHREAA ERAVHFIIE, BAHEARNT:
Fl:2><P><R (8.4)
P+ R

« PREIZ (PR Curve) : PR BHZRHURBEALFR N A EIZR R, ISR UFEIAEE P, L2H BT (1)
TP Es Sz ROy E2RMEREHET ; (2) BMEREIE] 1 FHABHIEIL, B IOREARME
HIEGBEATH, HUEHMAT0 P, RAE; (3) LAKSHAE P SR, AR R HAEAARS
s, REArE ROERKHIZR ISR PR Hh4k, 4NEI8.10A7R, V-5 (Break-Even Point, BPE)
FFEHRE S T A RIRNEUE, BRI,

2. EFESFEIER
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g

\ ;\F‘@iﬁ(BEP)

o

0 oz 1
= 8.10 PR Bh%
E3EE (Regression) EIRIEHAFEAR T — MESPIBUERINE - IES, —LBERIES
AT LS ER AR o BT A T, RIS GRS, i_Li&EHMﬁF\ UAll%E, flan

TESCPFMESFHUR A T4 B IS, %I bRl B ahHga t 1-10 2 RIPEAIEER, HERE
S5 AT RA] eI,

B35 B PG FEAR = 22 B A2 i BB A A e S B E 2 A ZER, T2 RRE 4t
%% (Mean Absolute Error, MAE), 5484 5 73 [ % (Mean Absolute Percentage Error, MAPE),
Y7712 % (Mean Squared Error, MSE)., ¥J77i2Z# (Root Mean Squared Error, RMSE). J77i%
ZEX#EL (Mean Squared Log Error, MSLE), H{u#axtiZ% (Median Absolute Error, MedAE) %%,
FEPEETEIRE AR

« EHpITREZE  (Mean Absolute Error, MAE) R/~ ESZ{HS T > [B) 48 152 22 15 2 ) P
fH. B HEARNT:

MAE(y,9) = Z\yz il (8.5)

« EpITESEEIRZ  (Mean Absolute Percentage Error, MAPE) R/~ H S2{H 5 W{E < (A AH AT
IRERTHAE, B IREMEERN A, BAHE AR T:

MAPE(y, §) Z |yl|y : (8.6)

« 975122 (Mean Squared Error, MSE) FRESMHS WA Z B 7R ZRNEIE, BRITHE
AR

MSE(y, §) = ZH% 9ill3 (8.7)

« #9751RZ#  (Root Mean Squared Error, RMSE) F/RESUH 5 WNME 2 [ 75 1% 22 BB 1) F
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Jitke BARHHEARMT:

RMSE(y, §) = J Z]m i3 (8.8)

« ¥HIRENE  (Mean Squared Log Error, MSLE) /R4 b B SHAH 5 WNE > 18] 75 4§ 2
T, MSLE M THU/NIZE R4 T HE SIANE, BRI E AR

n
MSLE(y, ) Z log(1 4 y;) — log(1 + §:))? (8.9)
i=1

3\>—‘

o hfiItiEZE  (Median Absolute Error, MedAE) FR/RESHES INIE 2 [F) 48X ZE I H{E,
BARTE AR TR

. _ MedAE(y, 9) = median(|y1 — 1, -, [yn = Gnl) (8.10)
. BSREITEIER

B S A B EAR AU 75 IR 2 o AR T R SR AR B8 R 22 U (Cross-entropy)
MEE (Perplexity) FIRAMIE,

REF— N Plwslwi) 0 TEESH, WA FAIARHELAIT P(s) HOBER:
P(s) = [[ P(wilwi=} ) @.11)
=1

K FHAT (s1,50..., 5,) HERIMRE T, "] LOESHHE T FETE AT HER 1 SRARAS 2 E AN
IREERIHER

P(T) =[] P(si) (8.12)

i=1
32 A0 FEE U2 R FH A R R R R AT U B, T n RSB P(wi|w!”) ), XK
s BIBER P(s), (XA s bon RIBSHER P(w;|wi”), ) B

1
»(s) = W log, P(s) (8.13)

Hrp, W NSOR s BRI, %A A DIRRON : RAEGEEN s PEg W, Madt T, &
i T S ) 12 EEARF A 2K

PR 2R T 55 AT DA AP 73 e 2 TSR b — AT AR B T LT~ P (E RIS, ERNEE X
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TRISER N
PP,(s) = 20 (8.14)

B IGFNR 2R N, 8 S AL RERUIRAT . A A RS B HEARTE B R R E Y, X
FHORWE, n tIBESERINREREZLE 50 2] 1000 Z (7], MM, 2 XWLE 6 £ 10 Z A,
4, XARLRNIFGIEIR

H ARG S A PRI DA SOAR A AT 55 B A LB die. A NS, BTGS2
B, FTEIRIARFEIES 23S B S TEFRAI 7715, AR 0 Al 4 X AL A Bl A 4 2
A Y ITAS HE AR

TENLBSBIRESS ., J@H fH BLEU (Bilingual Evaluation Understudy) 2331 B F iP5 4= B,
IR A F RIS BRI A T Z RIZERFENR. —MH C ZrVIEs iEnNEss, HINEFRESR M m
NSHEFIE S, So, ..., Smo BLEU /O EAE G2 M EALAR B 42 i3 SIS B3 Z [ UL
FCRRRE, MLBsElRERr T A TRIEREMES . BLEU N EEUETERENZ 0~1, 8
1, UiBABIRER RS, BLEU EAEBERA LS~ RSP RIRCE 2/ 0N IESE 3%
XH, MEERE S BV — RS E T R, BLEU FVRAHFE AT

N
BLEU = BP x exp (Z(Wn X log(Pn))> (8.15)
n=1
1, le > lr
BP = (8.16)
exp(l —lIr/le), le<lr

N

L, P, R n-gram BHIEREHIS, W, FOR n-gram BHREEMRIRE (—BIHISE, B
= %; BP BENIHF, MREXWKENTRENZEIE, W BP /N 1; lc ANESEK
B, Ir NEFENSEIFECKE,

LENMBIFEE C, m MSEWBE S1, Sa, ..., Sy, P —CRAMBIE n-gram fEHHZ, 7
AN B NR:

=

> ien-gram N (Ri(C), mazjemhi(S;5))
ZiEn-gram h; (C)

Hrh, i F7R C 8 i > n-gram; h;(C) R n-gram i £ C HHIREIIREL hi(S;) TR n-gram i £
SHEFES; HHIAIIREL

NAFHE R H ROUGE 254 (Recall-Oriented Understudy for Gisting Evaluation) PF5 7575, %
TIFEUAOVE RS RERNE ST, AR E R REHNBIHEIRZ —. ROUGE SHL8%
FHEEAIPEAT4EAR BLEU FUZRMEL,  REMREA AR A AV IET EARER S (S EER) Z A5
AIPERCSR B 3 9 i 2 0E 7). ROUGE & — K%k, Hr W &) 722 ROUGE-N, B4t

P, = (8.17)
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T n-gram WG ER, J#8S CEAREREREER ZR 5 n-gram MIE5H, AE iR E
FES={V, Y2 .. YM} DR E v, N ROUGE-N fH AU R:

Y ves Zn-gramGY min[Count(Y, n-gram), Coun‘c(Y7 n-gram)]
> ves 2o N-gamey Count(Y, n-gram)

Hrf n-gram 2 Y FHITE B K EDN n BUTRAH, Count(Y, n-gram) 22 Y H n-gram JRZH HELHY
L

DAWE B ESC A 45 H T ROUGE 22010 B2 BEEME Y = {a dog is in the garden},
FRIEREEL Y = {there is a dog in the garden}, FJPATZHE/A38.1811 5 ROUGE-1 fl ROUGE-2 HJ%3
#on:

ROUGE-N =

(8.18)

ROUGE.1 — |is,a, dog, in, the, garden| 6 (8.19)
~ |there, is, a, dog, in, the, garden| 7 ’

|(a dog), (in the), (the garden)| 1
|(there is), (is a), (a dog), (dog in), (in the), (the garden)| 2

T ER2 ROUGE 22— MHMA RN ERE, KAAKS 18K BERMERMZEFTE n-
gram R EH, M, HLESEIERIEEAR BLEU B — MHFBHRNER, HoR2 ik
BHEEH n-gram RUELE S, K, ROUGE RIIAYZIRIERZE A Z /D n-gram HIIALE 6184 2L
Hr, T BLEU ARBL T % EHiEHH 20 n-gram HIFEFRERTIEA,

B—NMNHI7ZH ROUGE 282 ROUGE-L, EAE#H n-gram IPCED, i EFRE
T 5 e 2 2 R R A8, S RRESAIPLECTE O, R TR HUE X n-gram HY
KE#ES%, ROUGE-L HEARAT:

ROUGE-2 = (8.20)

LCS(Y,Y) LCS(Y,Y)
R=—"""1""/ = 8.21
1Y Y| (8.21)
ROUGE-L(Y,Y) = A+ F)RP (8.22)

R+ p2?P

Hep, v FRBAHESERE, v RRERE, |V |V 28I REE Y 1Y KE,
LCS(Y,Y) B Y 5 Y MR KA TFIIKE, R P A3NERRKEHR, ROUGE-L EHE
HIIBEFIESEL, B R A RZRINE, E—RERT, 8 SBURKEUE, [Fitk ROUGE-L &5
JIEEREIEI R
2 DA EEIR MBS B, AT PATH S H ROUGE-L 41 :
LCS(Y, Y) |a, dog, in, the, garden| 5

ROUGE-L(Y,Y) ~ = == 8.23
(¥, Y) Len(Y) there, is, a, dog, in, the, garden| 7 (8.23)
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5. KIESREEIERMER

I ATIRNRNZ, A LBRHLGN B RE 5 EPEE KE 2 X B — (155, REARFEN
PHETEARAI T 2. KBS BEIES IS M RISRIE SIM B, AT ASERRAES 2 R RFE T
%, MWFHE LB RIE S BSR4 RES A LRAEET AR, (B2, BT RIESHETE IR
AT S LBUS T S, (B EEREEE, AR, FEBONE S AR AT 55 1E
BERT A RIS TEAR, TRIL, BEX KB S BITE SCARAE BT T e 225 R L 3T A FE AR
KR HERREHIEALKIE SRV E RN AR R, WEMN=HEITRERE, 65 552,
B E AR,

ESEEE WAL KIE S BRI BOCAR R FERHERR, BRI KRBT & NRBHEIES >
o IXRRE A RSN EA IEFIIAE, EEMREESN, BARmS:

— AEERE: EEERCCRR RIANPEE . ERMESSME S Ef. R AIRNPHS
TR, FEEPTHER, FN, PERIENERREEY, ERERIANS X, TAMERH RS
FiTH, PABRCREIRITE B R SCHRBOERIN . AN, MRESGE MRS E G EIEE
F, ERERAS, HORRA: % 75 T

— EETERME: PR BCORI A FERTEEINE EFRN . R FRIMEER, &1
TBIERR Y Z RN RATFETEEMN, GIEFIERR, NERR, IR SR E ST H IR
Flo UEAh, EFHEIHESIAMNASR G EFMER, ERENSH—SMMER R ST E1ER,

— BEERE: TSR CCOARASE B AT, TSRS 2 FRE S, WS RS
M EA), EARNERSAE, S5 SORIE RN AR, FIN, 7EIRE OARRE R
AN, EAEFRE, BYE. BETEEMNERREEY, PARSUARBIRELZ SIEMWH T,
1B R E Y A 3 B SORIIE SCHERA TR, 1B 5% BT XU — Bk, ZESRAE RSO

BHE R EOR SRR, B RAEWNIBEEN, SEfs iR —E M7 NAL R 2
TR, BRI S :

— BRI P SRR EEIS TS S R BEARIRIENRY)S R R & ER, DA
RA) PRI B ERE SEE MR ENER. WSO ERNARIE, SESRRR R TCIR,
REMS R (L IR (5 A E

— BEEEt: WA R EGTIER K. AT ZRMIZERFZHEXR, BT
B SRR, SORFFIIGIE, . 390, AP XREW, A FHIFENTT &
FRUIB TR, 2RISR OE R,  DARE A P RERS AR A1) 1 2 [RI B 2R

— RAE— B PR SORTEREAA U RS O — 80 EAEIANERE. ) 7E5i. RIET G
Mo AP IZAERENR AR — R NG EOW), N, E SR pE A IE B S MRIE, 1
OO A ST AR AT DA FH AR B 9 6 5 AT T
SRR E YA 2 BOCEANFERTE, FIRFEEMERATR—80, BRAE SRS %]

WETCIR, FE2m, AR 8%, MREBCIRNAMEE, BIRmNS:
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— SRR PSR BCOR R AT SR RIVUR SHETCIR, 1K KB HSCFRIA, B RE, T
SRR, AR RSO BB ER R HTARM A SERUE IR, @R, RIRsURSIER
Wik, ORI ERIATRERR IR,

— $MRFEEM: FEERSCATE SRR G FE 24, LMRSORMREB IR T HIER,
TR A SR U AN R 7T T 3X AT OISR BEERRI B, PRI MERAIAR DGR 1 ATk S
Mo BRERAERSCORERDIR EBAT AR, BEI L B8 UK,

— FMR—EtE: PR SO R RTRA — B, X BRI RSO FR A B2 JE RO R R
&, BERAEARER 0 B T IR L REE R BRSO MR AR B R — 2,
AR —BRIRIA R,

8.3.2 tHM&T5iE

TSRS A RFIEASTEbR 2 5, PG 7T IR B PR AN AT RIE 5 AR AR el SR T I
EEAEL, AR ] OB R IE A RS EE R G RGUE RS R BRI H, B0k
W, AR, XM IEEFR BT (Automatic Evaluation) o AT, AN REERE
A UHRRY, RS AN TIEERG . B0, T —mXERBERNAG, SRR B3
PSR AT R H— S5y, WPFE HIRAVEGR ., IERERIVEES, 20 T ENRpT, &
B, MR FOEETT E PSRN TR BT I 70, IXATIESRFR N AT I#ME (Human
Evaluation) o ATIFf2—FFERFENRNITMTTTE, BIOIFARIRL 7 —MugraE 757k, B
HMARENBHRAIE SR (U1 GPT-4), MEEIERIELRKITAERIILE RS2, XML 75 4R
PAKMERE R/ D N TOFAG A fe B AT AR, B B HIRCR . 1K TR N KBS R AL TG
(LLM Evaluation) o I8k, HNIEAREX AR RS2 AEE RGN FRARZR, XTHERMA
ttiPfE (Comparative Evaluation) 77 iEHA RGZ RIKIARIATRIL. BaNTAEERTRE T PF44E
AR EASH TR NAJHETTEMA, E7H, KBl NLirh, K& S BRE A
X EE PP T A 2

1. AT

NP2 — My T B T PP R R il R B AR TE R 75 7%, BB AR S SR04
IREERBATER GG, 5 HEMEPHE T M0, AN TTPHGERGE LRy s, JF BT DR E
EHFMERAI R B, EATIFEH, PR AT DO RIS 5 B el B R Ty, ]
DR PP A RNIE S 2, 15 SR DUSHIR R 0 S5 R 75 A TARE I 7 tAh, ATIF
EIER] PO AR RGEZ RIS T EEif oy, TR RSO SR G 0 5, 2RI, AN TR
A —LERAIRI kAR, 0L, BT ARTERIANNESR, IFEEER AT e R E
WM, HR, ANTIFETREREINE, FAOMEE, REsAR, mEFENmrEmRK, e
NIMSEIEREI RS, Ak, PR RN TR th 20 PGS R AR RN,

NP2 — M T 0r4 B RE S AR SMERER 7T . EHE P LEADRR: AR
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B EARE R, BEAESEN LR 480 TR DR Pl # 2 SR AR RE

(1) P SRR Z R TP 55 RS AR 5E . H AT R ARG L R, B T EE
REERE . GURE ZON THRE SUSII 55 B T RIRAIZ R, wT AR (L & T A P &
R RETAEFEE 2B ELT-ERENKREIEL WA G, 7] DUPsh 52 OIS P
155, BAMEHERIERGNRLH T, RS AEBITF & & T RS SPr A
ARG I

(2) PHGTENRE BB RAE TS PRI IR T R & 5%, TG RO SnE R
(Likert Scale), ‘B NERERIRBEARRIIRE, 2R UNRFER, A UH TG RGE
SR, TEEERTE, 4SRRI E T,

() BELESHMN N CRIER S MW L st s%, XETIHEES R
FE. IBEDANIIER, Hhangs R se B RE R, XM TFAEL M EOR AR i H&h 51
HIWHAR M DAY AR, RI RS B 0 R SCr] AR B Al A 53 o8 A b BR A A DR 2R
Gilkae,

(4) HNIE RN PR 4ER R otk il 5 SF B ZHITHE, BRS5HMARGAN L, 40T
T RGNS A — S ERITIE, AT DUHE RGNS HEERIEES . M2 S R
WD RGHHE TSR, A USRI RS M EEEZE R

(5) THEE R G TR ALRR R TR R A ESRITAh A GO8 B A USRER A Z A, SR AL DOR IR
BIRHABI TR T REFII R AP ) DRI AP 5 SR A rT S 1, T B ar i (b R Gelk
Rl (HJRHRAURAHIIG I T 38 A A B AE 2R

NFEFNE, BEIEZ DR TS, RHETRE SNSRI, &
BRI TS TR EHEMSS (Mean Opinion Score, MOS) , BB A P4k A B A0 B0
17

1 N

MOS = — ;(Si) (8.24)
Her, NOUTHEE AL, S A | MPEEA LG, AN, ERTDCRA: (1) PE: &
B BRI, BRI 3B ERLSRE 8 TP T DUBE SRR E X 25 & o3 B, [A]
BEAEBHE M RSN LSEER ;) D E0E: EBRZ NN ES S TENSEE 5
B IXRhF AT DAME PG s A B (R RE, O BAE A RE RS RINIEE G H; 3) 2GR
% B2 B IEURZ N BAERERE 8. IR EH T 8555, HiEA 08
RE—DHH,

B T HURE B 2 DN ARG E A TARE,  RIAR RIS Z RIS 1 — B R 7R 2R
K2, —77mH, PPl B AT DA — R AL, B BT Al SOAR A AR RS A 55 78
o VN AR ES — 25 REWE S ISR AR RiFHE X, B—77H, ARz
[ — B AT DU AWl A S IIFRE B R, QSRS N Al A ST R Z BB NS A PEAG
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NEAR—5, ABLAE—EREEE AT DABEBH I Al A R PRI DU o B O, s e — Bt
(Inter-Annotator Agreement, 1AA) PRI & AN —BAFE RN E BinfE, —%HH
B TAA EEFRERTE—BUEE 7tk (Percent Agreement), Cohen’s Kappa, Fleiss’ Kappa 3§, 1X4&
JERPRIEH RN EEAEE Z R —BU5 5y, HREECY 0 2] 1 ZRIAE, S0, RoRIT
18 Z R —Berigs

« —BEESLL (Percent Agreement) FLUHIERTE T N R —HAREIRE, A X FR5E
PHGHISOR, | X | FRRSORIIEE, a; FoRFTA PG X @; BOIEAEEER—2B0E, 4E
PRAS N RIGEER BN, o, =1, BWEFET 0, —BHEH A B ERRN:

1X]

X a;
p = &a=0" 8.25

* Cohen’s KappasE — M H T E &N MNELE 2 Bl —EBMERISE T2, Cohen’s Kappa HI{ETE-1 F
12, He 1 RrmEe—8, 0 FRBEN—3, -1 FRTEETF . BEHEIE Cohen’s
Kappa IMETE 0 E| 1 Z[A, BRI, Cohen’s Kappa HHE AR A:

_Pa_Pc

n=Tp (8.26)
P. = P(sler) x P(s|ea) (8.27)
seS

Hrh, ey fl eg AWM ANR, S RRNEHEER X WIFSERSE, P(s|le,) FRniEb AR i
LB s BRI, — BRI, Kappa BTE 0.6 A EBOA I —BCERGF, MAE 0.4 LR
BONN—H MR ZE,

* Fleiss’ Kappasg — M T E & =P DL EIEE 2 B — SIS &, B2 Cohen’s Kappa Y
VBIRA, 5 Cohen’s Kappa HEEH T MNENE Z R —ZEE &, Fleiss’ Kappa AJ
PUHF Z NN E Z R —E I E &, Fleiss’ Kappa F{EMAE-1 3] 1 Z[A], Hrb 1 FR%E2
—%, 0 FXRBENI—2, -1 RRTEEFR—, BRIV, Fleiss’ Kappa iHH 5230 8.26 tH
H, HZ2H P, # P, (HHENFEY BN =LA EENE R, X 2R b
A, | X| BRI, n RRHEERE, FRNENIBIE, SCRER =1, | X| T
s, FTREAEA j =1, ... kTS, Wn,; TREZDIREENE i PUARGH THE
j B, P, 1 P, AR :

Xl &k
1
Pa = m (Zanj — |X|n> (828)

i=1 j=1
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Lo
P, = ; X ; nij (8.29)
TEf A Fleiss’ Kappa N, 75 Z5EHE RN 2 IRV 250RiE, I R 2R BRI EBHEHTIE
fro —R%&K W, 5 Cohen’s Kappa —#¥, Kappa {HTE 0.6 PA_EBOA N —ECER G, MTE 0.4 AR
MBENA—BME L E, FETERMZ, Fleiss’ Kappa fEIANT & &R/ DI AT RER KERE, W
AR 2 B 7 A 4025 R IR B 2 A2,

2. KESRETE

NP RTE & BUA: SN A T 2L 2 R BRI RN B R, AR & HIE AR K,
REN ISR, ERRET2ESORE 5P, 41 BLEU Ml ROUGE, 5 ATtz
IR R, N TRZEQEMEMZARERESS, HERREMERNZSE SR, N TR 1B
A, O — LW t AT DOR I RRYIE 5 BT B 2005 5 A AR S5 U TITA . T ELIX A
JTEIER] DAA] AN T8 Z 25 SORRIESS . (EHIRIE 5 A T45 RIS AR N B8 1R,

Task instruction, sample, and question Human evaluation

~

Please rate the story fragment

The goal of this task is to rate story
fragments.

NOTE: Please take the time
to fully read and understand the story

fragment. We will reject submissions from
workers that are clearly spamming the
task.

Story fragment

The human ambassador reached down and LLM evaluation

grasped it's paw. "Humans, cats, is it —_——— e —_— e —_——_—— = =N
true that all intelligent beings are

omnivorous?" "Certainly, your rank LLM (e.g., GPT3) LLM output I

demeanour can be demonstrated from the
words we spoke to the Kelpie. They're of . h
no concern to us humans, as they are gr Bl i B EEEE

I I would rate the
not considered to live among us, thus T’ of the story

far. (..) fragment as a 4.

There are no major
grammatical errors
or issues with
punctuation, (..)

How grammatically correct is the text of
the story fragment? (on a scale of 1-5,
with 1 being the lowest?)

J

Bl 8.11 fERAEBESERMITERITGELIZS

FEFARIE S BT PR RS R LAty B0, BN BT X SO B FIWT IR, RHES5, fbE
EREAR DURON RIE S RBIIIIE S, RIELERAIE S AR 5 P rafr R RIR, NATENGFT
EREABRMEATIG, SAEixtdmA, KRiE S ARSI L R — e A 7R m A A, I i
A ) 7 ARG ARIESERNFERES HAE S, FH B8 MESE AR R ER
PEASFEARRI TR, E5CHK [257]) , EENSEALRESFHSORTR, X0k 4 MEtE, EiGEER
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ERfPE: SR BRI SCRTE IR AR, B SRR BRI F 2 MRS T, &
G BORR B NMRRE, MM PIRSCER BRESRERENER, N T 5 N LItk
FTREE, WA BRI AZERIE S BRI SRS, [RIFELAEI— 22 PP05 N AT N L0Pfs, FETT
TR A AN TR M5 ERSCIREE IR, KBS HANEAERVETR S N TS
ISR RS, RN B, 156 AN R B S5 AR SR 2L A A AR R R O
T, KIESHEARPHEER R RE R,

3. YWEEiRfE

XEHIHER R 2 LA RIRG. HESEEERERS LS FEREER, EREBIR
13 (McNemar Test) PNEH Quinn McNemar T 1947 4E£2 H I — R H T BN LRIV IES 84t
RS, AT AR T PEAR I LA ST 3 R8I MERE, 2w Je DRI AR “BalN 77k
48" (within-subjects chi-squared test), BFT 2 x 2 IRIEXE[E (Confusion Matrix), A RtHHFEH 2 x 2
HlEk# (Contingency Table), FT HLARF MR 2 A A PSS Ko

RS 1 2FRIRIE M, TSR | RN A8 HP A+ B+C+D

A+B+C+D> ~
AR EREAS o [FRERS, HLATDUSEIRIR 2 MBERR ) AEC . XA

%72 B I C BT, K9 A HI D FoR TR | FIRR 2 #EAT IR B R N AU RE AR S, T
B I C BT Sz 7 P MERL 2[RI 22 57

Model 2 Model 2
correct wrong

A B

Model 1
correct

C D

Model 1
wrong

El8.12 ATFEREI/RIQRAVEHFEHE

B8 1344 H T H/MEEE], FRIBES.13(a) FT (b), R LATHEAISEIRRY 1| FIBAL 2 fERANE I N EY
HERRPRER 53510 99.7% Fl1 99.6%. 1HIEARAEEIS.13(a), FTLABBEAY | 01251 E i BASR 2 [A 27 E51%
FIECEN 11, (BRSO R 2 [\ ERh EARR | [0 B HRAEENCE 1, f£E8.13(b) H, X
PR T 25 f1 15, AR, [E18.13(b) HIUREAY 1 5481 2 Z [ ZEFITER, E8.13(a) HIIHE
R MR T 2 Z R ZERINEE X 4T,

AT EMFR ERIS, fEERES/RERS, RHNSFHIEEME p(B) 5 p(0) B, R
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Model 2 Model 2 Model 2 Model 2
correct wrong correct wrong
Mt M 5
5 £19959( | 11 ££19945(| 25
= © S O
3 2 32
gel 1 || 29 gg[ 15 || 15
(a) (b)

B 8.13 ERED/RIIIEE
P MERIER A REUG LS — M. Zrife BrteRigiit & CR7E”) BRitEAXaT:

, (B—C)?
X ="gro (8.30)

IRIEBE BEMACFBIE (B0 o = 0.05) ZJ&, ATPAHEASE] p—value (p fH). GIRFMHIZN
H, W p ERNERXNEE (BEERE) RITEBER, R p BN THCRENZEIKE, A
DAEZ PN MERIVERER S R F IR, #agT, WIR p (DT REFEMKE, a] O MR
PEREARIAL
SR [262] TE EIRAREG B, $2H 7 —MESME IR, X2 HATE R AR
»_ (B-Cl-1)

_ Lo 31
X B+C (8.31)

3 B H C BT ARRIERT 50 I, ZZ7afe B/R s n] DU o O+ p (E, 1R B
1 C BEAD BN (B+C<25), MIEBUER LM AR IR R AR p HE:

p=2)_ (’Z) 0.5°(1 — 0.5)" " (8.32)
=B

Hn=B+C, WF2HFHEI p{E (Two-sided p-value),
FFATEI8.A3HFANE AL, AT DA A mixtend% SRIFEL p (BT 2!

from mlxtend.evaluate import mcnemar
import numpy as np

tb_a = np.array([[9959, 11],
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Tht

[1, 2911)
chi2, p = mcnemar(ary=tb_a, exact=True)
print('chi-squared-a:', chi2)
print('p-value-a:', p)
tb_b = np.array([[9945, 25],

[15, 1511)
chi2, p = mcnemar(ary=tb_b, exact=True)

print('chi-squared-b:', chi2)
print('p-value-b:', p)

CIVSEEI LIS i ek

chi-squared-a: None
p-value-a: 0.005859375

chi-squared-b: 2.025
p-value-b: 0.154728923485

WEREZEEN o = 0.05, Kitt, RIELRTFREEERTDGEIER.13(a) R ML R ZZEE
NEF,

8.4 KIBSREIT{A 3K

RIE S BRI P AR R KIE SRR R AR, KEHXNARES. RAAFRER
FITTTERIRIE 5 B PP SRR ARRIRNRE T 205X E S B PPE R R, TFAEHEARA
PPAETTIRMARISRERA G T AR S Tl R5 A ), T ] 2 2 AR 75 T B il R
VB B B DU AR AL KB 5 R MO R, B R TE S R AN R [y B A A 2R
REJIARIR], AT, Kol 4d i WAIEH BT SFT/RL AR PRASBEARTT 5,

8.4.1 EmhiREI AL

KIE S A Ed fR = AR R B R BB S A, H ARl B BRI S IR 211,
VB SRR T KOORIERISERE /T, 1S AR AT DURSE R A I$ERIA], AEBCCARRN 2T, 2020
F OpenAl BT AAE 1750 S8 GPT-3 #5445 &M, 7E1B5%°%>] (In-context Learning)
R, KIBSHEMA] DURIE D B4 ERNEE, ENARENSEENT, ERZ2BRIESLA
PSS EEUSAERIRERD), EI8.14ER T RS ENIE S BT B TS B TIE R SI
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R IXMESS ZRBAN— D ERIA R KRBT S, IS ERNAMER B 208 S LS kA1
Ulo FIDIERIRIES M AAEFHIMN E N UEEAIEFNRE . R, HE B H
AERRTRRE, ZEFESES BT ETER, MESRERMASE BRESEEES %
AT HAT IR,
Zero-shot One-shot FewA-shot
! ! PU———
175B Params

Natural Language
Prompt

\

60

50

S
g RN
;:3 30 No Prompt

20

10

1.3B Params
Number of Examples in Context (K)
B 8.14 AESHEMESHEUEFHEISHFETIERZINRIS
1. GPT-3 iff&

OpenAl A7 N A EAT GPT-30) AYITAE = Z A Z WY LGEHE S RAPHE DU SR &R 55 TP
i, FEEFRIBESHEBITEL T, R T7HET Penn Tree Bank (PTB) 2031 {ERIE &R K 2 E TR ;
LAMBADAM BRI TP K EE B 18 5 BERE ), (b7 15— 1A ; HellaSwagl? T
RHRSORBRAMRIESCEE N A S — R YN ER R ELS R StoryCloze?%! BRI H T IEAM 54
IR R N BIERES A FRIRE N FESR S ESS PG 75 T, GPT-3 P& 51 A\ T Natural Questions(266),
WebQuestions2¢” DLz TriviaQAP268! =#H[414 (A% (Closed Book Question Answering) {F55, %
1B, R, EE DA HRIE Z BIENEIESS, T Winograd Schemas Challengel?%%! BRI EHIFEIK
THf#MT55, PhysicalQA (PIQA) 2701 ARCE™I, OpenBookQAR7 S5 HHEFHEELE, CoQA7)|
SQuAD2.012741 RACER7) 5[5 i A8 i 52, SuperGLUER! HIAE S AL AT 5 & Natural
Language Inference (NLI) [2771 fI Adversarial Natural Language Inference (ANLID) 781 HARIES
BUESHEE, DB, WNNEE, siaRiE, mIa, HrcE s a5,

M T RIE S BT IZRR B R R B BT BoRIEZ AR R, BRI A AT
HAFAEEEETIER A R, BN EdE IR TS S BRI ZRiER A, Oy TR IX MR R AT, Ope-
nATFFR AN TEDEMENIR, RER—D “TEH MR, ZRASBERATA AT REMEER IIFEAR,
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T EEAEA ) E KRB S TR GRE A 13-gram EEIFEAR (BE UHEAKE/NT 13-gram I,
SBEMEAES), HnZIEH R PRSI REFAEISRAINAE, DR — a5 ETT
HROT TR, 25, MHATEFEX GPT-3 BTG, JFRHS RIS 0BT ER, a5
TE& LR SR EUESE ERS ML, IXRARMEFES R, AN EREEN. W
RTH & ERROBUR, WERISRATESETHFNE R, GPT-3 BUREEE NN 8. 1578,
x WFORBARE A 20 B R AT DAm B EE A O2 TE, Ty BER THET R T
PRSI PERERYZE R, FIDAEE], BARISHUKFERRS, A0 —rEMENSEE 50%, EE
REBIEOUT, MREZAR,

30% N eval on only

-30%
0%

Reversed Words -@

25% 50%

75%

100%

QuAC clean data
u. "
8 20% @ did better
&
=
£3
LF 1%
& 5 Symbol Insertion
Ex ° (] ® )
o= 0% . - o A e
E’ & * ‘ Py : [}
g g SQuADv2 Winograd PIQA
53 5 WMT16 en->d Anagrams 2 ® 9
o 3 -10% de
% ;2, WMTT6 deen Anagrams 1
e
& 20% @®-DROP eval on all data

(including dirty)
did better

Percentage of Data Clean in Dataset

8.15 GPT-3 B ERMITHD

2. MMLU & &K

Massive Multitask Language Understanding (MMLU) 2281 J& ki B bR 2 5 8158 5 A E
WIZREAEARE IR . 5 HERTRYIEIRER R BT B AR TE 5 A A AR S5 AR, MMLU ES NS
% I STEM, A, tHEREAEGUR 57 1 Fd, CHIMEETEE N NERESPREIKEARE B
PSRN, IR R PEARE ), FRTEEMNEC:, DI EESOUN, BHEREE. Ry
EEL AU, AT Bk, BRI ANl A, AR AT 1S 1%
FENAEFEE S IRAERI RTINS o MMLU NN 15008 lE 2%, HaisT
HXRAEANFZEIRX (Graduate Record Examination) F1ZEEEIMHEHE IXEH X (United States
Medical Licensing Examination) FYZR>JRE, W EHE N ARRHRERAN A F AR S AR A 19238 1R Y [A) R,
AR RIRAE R T TR, flan, LB ESSFIH SR 5O LSRR I
(Examination for Professional Practice in Psychology) HI%RZR>#, M “@mH %" (High School
Psychology) fEZ5MIZRMEITF KB OEY%E 1, (Advanced Placement Psychology examinations) Y
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[l

MMLU E MR AR RN 15908 N RIEI 73 8 T/MEARTFRE. BIEEMMIALE, D
AFFREGNFEAE 5 DMA-, WUEER A TIERESE, 65 1540 M, ML EE 14079
NMAlE, A FEBEDEE 100 NG, B2 SR XN & AT TN, 2k
ANGAFIFEL N BEHERRE AR KA FE, Amazon Mechanical Turk HFHHAZERIAVELA B IZNNA_E
HIHERRERN 34.5%, HSE, LI A RTEZIIASE LRI PUZ & T ik, filan, EEEF RS IR
B EIAERRZR, 15 95 M350 87% G, WK MMLU ML & lE 5 5, H
HSHEI 95 /ML B E I NEIERR, A2 & K- RIHERR 209 89.8%, HuggingFace
FTAEIE Y Open LLM Leaderboard, /23T ARC, HellaSwag, MMLU DA Truthful QA ¥, #X
12023 4£ 7 A 30 HIUHH TR LS. 16F7R,

2 Open LLM Leaderboard

L. The &) Open LLM Leaderboard aims to track, rank and evaluate LLMs and chatbots as they are released

{2 Anyone from the community can submit a model for automated evaluation on the &) GPU cluster, as long s itis a (&) Transformers model with weights on the Hub. We also support

evaluation of models with delta-weights for non-commercial licensed models, such as the original LLaMa release.

Other cool benchmarks for LLMs are developped at HuggingFace, go check them out: §## @& human and GPT4 evals, MM performance benchmarks

e: Base pretrained model - <»: Instruction finetuned model - .: Model finetuned with RL (read more details in “About” tab)
¥ LM Benchmark -1 4
Select columns to show Q

Average [l ARC HellaSwag MMLU TruthfulQA  Filtermodel types

Type Hub License #Params (B) Hub @ Model sha 0 al @ base instruction-tuned W RLtuned

T Model Average [ ARC HellaSnag MMLU TruthfulQA
stabilityai/StableBeluga2 71.4 71.1 86.4 68.8 59.4
jondurbin/airoberes-12-70b-gpta-1.4.1 70.9 70.4 87.8 70.3 55.2
TheBloke/1lama-2-70b-Guanaco-QLoRA-fp16 70.6 68.3 88.3 70.2 55.7
stabilityai/stableBelugal-Delta 68.7 68.2 85.9 64.8 55.8
TheBloke/gptd-alpaca:lora mip:658-HE 68.2 65 86.1 62.7 59.2

@  neta-llama/Llama-2-76b-hf 67.3 67.3 87.3 69.8 44.9
jondurbin/airoboros-65b-gpt4-1.2 67 65.9 86.1 63.4 52.7
upstage/llama:30b-instruct-2048 67 64.9 84.9 61.9 56.3
TheBloke/guanaco-658-HF 66.9 65.4 86.5 62.9 52.8

B neta-llama/Llama-2-76b-chat-hf 66.8 64.6 85.9 63.9 52.8
TheBloke/VicUnlocked-alpaca-658-QLoRA-£p16 66.6 65.6 85.2 63.1 52.5
lilloukas/GPlatty-308 66.6 65.8 84.8 63.5 52.4
ariellee/SuperPlatty 308 66.4 65.8 83.9 62.6 53.5
CalderaAl/30B-Lazarus 66.1 64.9 84.3 56.5 58.6
upstage/llama-36b-instruct 65.2 62.5 86.2 59.4 52.8

8.16 HuggingFace Open LLM Leaderboard (&ilE 2023 &7 H30H)
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3. C-EVAL E&MiK

C-EVALP"! 22— G TE -G T A SCB BR AY FS A AR RU LR RN AN HERERE /1 77 T O RE 7 B PEAG
TH, BRLT MMLU BT, &8 T 0 MEESGIN 2 TR V1. &, KREmE L,
FRT JEERLE SN, C-EVAL IEELEE TR & IIFRIER B, TR0, C-EVAL &£ T FREH
BEHIHIETE 13 NMEAARREWREIHR 25 MUERMRIH, SR DEE—DRE, DA
WU TE S5 2w, EE V2R, C-EVAL 2% 7HEE A NE RIS %, kT
12 MERRENEIE, BIIEL, ERNAS S, XS EHZRFEEY > I STEM (B
FLOROR. TRERECS). fafE ASCEREAMGUN, C-EVAL A& 52 MRIE, HHeidE
FrIE B4 T 7RIy, BERMEREAIZSIES. 17, C-EVAL iEkiHiH C-EVAL HARD, JX/& C-EVAL
RAEE AN 38 (P8R, FESIIEIREN A REfRR,

iEAES TRIT/Electrical Engineer

—_— )
A - T~ FEHWFN TR
Rt RIE/Metrology Engineer T~ T~ _— /Environmental Impact Assessment Engineer
T~ _— RS M
— - _— /Urban and Rural Planner
- SERIS TR/ Fire Engineer
-~ EVFAE/Physician
—
_————— #Bi%IH/Tax Accoun tant
s 065 MG/ Accountan
Q, ABRYCivil
N < ,
&hit/High School Chemistry ———
AHE/High School Physics ——
Bh#¥/High School Mathematics —— -EVA
e/ Middle School Chemistry ————— C L
4=/ Middle School Physics ————— . _ _
— i Profi 1T Guid
4/ Middle School Biology ———— : }MT@/( ro ESSITna (our u,l e
D/ Middle School Mathematics ————— o, % —————  E@RWHR/ Legal Professiona
Y tudies
BUM%HE/Teacher Quali [ Qo & i
I 0/ & ratur
o 2 W
Sre o
120
ior ce _— s Cultivat
BHiE/ Hig eography /:'///// B ~ T~ ; t : €58 History
EehiiA/High School Politics j/ ~__ T F®+B%/High School History
i/ Middle School Geography — — B/ High School Chinese
e/ Middle School Politics ———————— DEER/Middle School History

[ 8.17 C-EVAL EL /& 1F M4

N T R BRI RN, C-EVAL fERIE R A RIUT —RAIHME, Et, BaREmkE
ERER Bl EMERLLER) ikE, XERXERHENS L, B PMBOF I
TEVIZRE SR, MIMSECBEN SRR, C-EVAL 5N MBS 80 MR 77 5 1K
rIRCER R, DU RS R XU, IR, C-EVAL MR ZEREATF AR B HER B Ao S5 1
feir)i, T kiR T EEKM_EAY PDF 8 Microsoft Word SCRY, O T IR EEREAREEA N EEHI LS,
BT T IETRTAIERE ERX NIRRT, —2BE ATREM M E A% LATEX J7 RN, Xt —
WD T BTSRRI T SRS RI AT RITERE, RERSIRTS n] I TR RO AR AL REAR
I BT, C-EVAL SRS RN, BRI TR A AT SRR,
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8.4.2 SFT/RL 1B {F(4

LRI SFT BB DLK RL BB B4 152 BRARE I AN R SCHRRRE ST, REMS SE R IR
(A, oIS ER, B, AERURIDSERE ), AR T —ERNNRAUESINZILRE S, X FIXERY
FIPEI AT DR A MMLU, AGI-EVAL., C-EVAL FRMENMIRE S, (H2IXSEHMETNES, T
R, #RA T 2%, (HEICEE BOAS AT 5 0 A RE . EATH, &
T URPER AT SFT/RL BEBUA AR BCRE 1 T IS Y 75 7%

1. Chatbot Arena {4

Chatbot Arena J2—P PAAREL 75 ZUHEATEE A% 0 FLITAN AU RIE S BB P F- 51258, F5T A
RIS T 2RSS RSt FastChat, 5 P H#E AP G 5 AT DA RN, ] DA 1S 21 9 [
FRRPUEEE, ANPE8A8FR, FEMM MEIIARIG R 5, I a] DAARSE IS Bl % S ST T
BIFRIRR, —BAER TIRE, RARFHEBLIRE RIS, P A DRSO TG s T4 5 W
TR E ARSI AIRATE A, AR W UE A AR R A R RSN W B
INEREREAEITN

Correct grammar: | are happy. Correct grammar: | are happy.

I'm happy to help you with your English grammar. Can you please provide The correct grammar would be "I am happy."
me with a sentence or two that you would like me to correct?

Ais better Bis better  Tie Both are bad
8.18 Chatbot Arena E &N tLiF5 RE>®

SCHR [258] (RISt H 2T N EL R O BRI R e i 2 &g DU R RRE: (1) RIR4ETE: RGN
REIE N K ERA, YETRATCIENITA vl REMBRARDN IS RS IEHRERT, RE ST 78, () 14
=M RGNV REEI AN DR R TEERRA; (3) ME—HEF: RGN VA S AR AEE—/Y
Hee, A TAEREWNMER, W RERE MM B S e TR S5, ERKE S BRI RS
TR/ R T IX 2545, Chatbot Arena $2Hi DAAREL 77 AT EE A2 EL AN SLZ 9 T R Bk A1,
SRR, BT X RS A TS, % FEH 2023 4 ARM="HJE, M 1.9 5 ME—1P
HIEWCER TR B 22 MEAYRZ) 5.3 7 M5, Chatbot Arena KA T Elo W RS (BAAT7ES#
N LLMEVAL P 48) THERBRIZE S 534

Chatbot Arena RN & 4 T “33K Chatbot Arena Conversation Data”, fL&M 2023 £ 4 HE
6 HIEIL Chatbot Arena B 3.3 J5/MHA N TARERINIGIESR, B MERBIEH MR FR,
FERADNTE AR, HP#E. BEAMAHEP ID. RIEIRTE SR%. OpenAl RN H % APL 4
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HEIPREE, AFMEREME AR, 0 T RBERRN Z 2% 40, WITEZAMERITa 25 A5 0
EEANIE, A, ZEdREPIEAE T OpenAl A APL A, I AT DAFRICAE 21y
Xti% Chatbot Arena JEREAMBRIXLENS IS, DAUEARFRATFN SR DA AIZEEE, S RIESE
PUAE SRS FH AR AH S Y 22 22 (R RBUT T 5

FRAE 2R Gt 2 IR 9 B 42 6 EE IR, 3B R] PABE A Elo W N R 482 R FIEZR, Chatbot Arena
BHIARG 2 RINERHERE (Win Fraction Matrix) ANEI8.19F7R, HEZRAEREIC S 7 1AL 2 [A]R L
TR, BRI MRS H AR R AR LG, FERERITROR— MR FIFROR
FH— MR, AN TCERIFIRITA M AR X T4 N AR A R LA, AN, AR IR R AT
PAEE| GPT-4 M4 T GPT-3.5-Turbo HIREZRN 79%, MiAHX T LLaMA-13B BIREZRN 94%,

Model B: Loser

[92]

(w4

o

=2

o

ta) z e}

i~ ]

o - = o 3.

] » § [ =g
8« 2 . o > 5
6 35e = T3P T,ow 29
L7858 B = T - A - )
O3> w3 5 <. 5 A0 o <p Ty o<
PEn2c SES L5833 5R55T

c as>ogcYa o =

el btodoa3503F 30 AD TN
-U(DrrC"_'m'O()"'BU'l'm'
ST T3S wWwr 3L R, SRR T TR
T< < OWWT WNWRPWUNOWWNN
AP POOONODOO WO OCOCOOOOC

gpt—4 0.55 0458.0.69 0.87 0.81 0.86 0.81 0.88 0.88 0.91 0.90 0.94 0.92 0.91 0.91 0.94 0.93 0.93

claude-v1 o4s 0.81 0.80 0.90 0.88 0.86 0.89 0.89 0.89 0.93 0.9 0.92 0.92
claude-lnsta nt-vl 0.32 0.47 . X 3 0.81 0.83 0.84 0.88 0.81 0.85 0.93 O.SSMO.QS 0.91
gpt-3.5-turboi#loo

g uanaco-33b 0.31 [BE]0.51 0.56 0.62 0.60 0.60 0.55 [tR:130.71 0.70 0.69 0.86 0.86 0.86

0.43 0.49 0.63 0.61 0.68 0.81 0.88 0.85 0.90 0.87 0.93 0.90 0.92

vicuna-13b[EE 0.30 0.37 0.44 0.49 0.49 0.53 0.64 0.71 0.71 0.85 0.82 0.88 0.83 0.85
palm-2[28 0.39 0.38 0.51 0.40 0.63 0.63 0.58 0.65 0.72 0.72 0.86 0.87 0.87
wizardlm-13b[EaEt 0.32 0.40 0.51 0.60 0.61 0.50 o.ssﬂ 0.68 o‘as 0.91
vicuna-7b[Bt1o2s LRI04 0.40 0.47 0.38 0.39  0.61[:F10.65 0.67 0.7 H 0.83 m«:.sn 0.6
koala-13b [BEXEIRRR0:25 0.45 0.36 0.37 0.50 0.39 0.66 0.58 0.66 0.67 0.72 0.85 0.80

gpt4all-13b-snoozy [EELEY
mpt-7b—chat 0.09 0.12 0.16

RWKV-4-Raven-14 B [BLIETEEPEET] 0.30 0.26 0.28 0.32 0.3 0.42 0.47 0.48 0.50 0.55 0.60 0.61 0.69 0.72
alpaca-13b [XIEFERETIRo0.51 0.28/002810.29 0.34 0.38 0.47 0.50  0.48 0.59 u.san.ss
oasst-pythia-12b XLEEERELIRT 0.65 0.66
Chatglm—sb 0.09 0.11 0.07 o.mMO.ls B .. 0.28 0.54 0.29 0.40 0.41 0.42 0.46 0.56 0.57 0.61
fastchat-t5-3b [REEIZABELRER BEY BT 0.29 0.46 0.39 0.44 0.40 0.54 0.65 0.69 0.62
llama-13bXEXH ﬁo.w 0.12 0.14MO.17 0.15 [JEES 0.31-0444 0.35 0.40 0.37
stablelm-tuned-alpha-7b AR ELRLEETT ST ARE 0.13@ [X1J0.29 0.28 0.34 0.35 0.43 0.31 0.60  0.55
dO”y-VZ— i 4] 0.07 0.08 0.09 0.08 0.14 0.15 0.13 0.09 0.10

[183:10.29 0.42 0.34 [USE:] 0.41 0.53 0.62 0.58 0.46 0.71 0.67 p¥ud]

0.29 0.29 0.35‘0.23‘ 0.35 0.34 0.59 0.52 0.53 0.51 0.71 0.54

0.4

Model A: Winner

27 0.33 0.42 0.49 0.45 0.52 0.58 0.60

0.34 0.39 0.38 0.63 0.45 0

E 8.19 Chatbot Arena 45 H94R1E Elo {5 FULAI R 4 Z (8] B 2R 55 5 2>
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2. LLMEVAL i

LLMEVAL " SCRBERIRESE G HEAT 7 1, LLMEVAL-1 FEMIAS T 17 AR, 453 Nl
A, CARFECMERE. PR, MEZEAERL. BOAETE. M. BUAMREL. HERE. RRRAERR. g
FRESNOUR, A ERNANRE, 87T 5 MRS, 25l EfME mgt. SR,
WEHEMEATTEM, BAR:

o EREME: PEAEEE RS HER, BIATHREENEE RS IEMEIR — SRR N Y fE L

2 ATEERY,

o iATE: IS EIE R A AKIES S0, REFEE S, RikiE, — D s REREg

24 5 FRRAR, AN S EBEE DURSEIA) 1

- [FEE: WHEEEEERE T EBNERIEE, EEHHNAESEELRE XHNE,

—N R BB R Y REGE R M E TR A Y. MR R

« BARYE: PRASEIERGEEE ETE, R, BIFTPREARILA, e S &8, — MERE
AR R 1 TR BRI U, RS s I A SR B AT R
o EFN: THERIEROGARY MERCHEERNER, MNERS S FEEMTE, — kg

RIS B S R E R, Rl EE. AEERER.
T IXELIE I, AR B 4 I 2 BRI Al R R G A AR

FERGE TP B R b, A 2 A0 TR AT DO AR TR, RS 0 ORI, A B Xt L
WL AR EEIE, GPT 4 HE7 N, GPT 4 X FLiTiiSE 77K, AR, WRAh 77 25 50 & & K
A I HIXET5 R4 BRI EE AR 2 08? J TIPSt LERIE, LLMEVAL-1 R 1 B A5
AT TRORAT B,

o« DPUUEN: B IR WUEN EAR, flE BARPFEUARE, FHAEER S, R B
NBGEATEE, FHEATIAARANRIE, R RRAE b AT/ ML BARTE, FEXT ARG SRt
BIRE, TFNSE R 8 20/,

o B AR : BT WOEIM SR S, ARBARERA TONE N IR, KR ALIRERE AR
RNE, FRENLEN DECATFEAE, AP “A RG4F7. “B RGF". “WE—FLE" P
K “PIEEAG” PUMETRETIESE, A LLMEVAL “F8 70 R4 K& H PRS2 bR
o T ERIESERCRAIERZR, fet T/ &R, HigaiE A, WRAES HAiH
PSR R SANBRER 7> 200, PRIUSRETAN 8 217,

o DNARHARE: SARMME—RE, TERA TIER IR, b2 RALIRERI TR UREL
BHFP, FFNZERAPA “A RGEF7. “B RAEL. “WE L UK “TERAL”
VUM TR R, ARIFE, AR 2 AR TR, WS MREER, RS
REABIR S | R ATREZ AUPFIN A P o TIN5 T AR BT EE TR AL

* GPT-4 HaEh WFN: MM GPT-4 APLEM, KPP obREMCH Prompt, SRIERIARSAER 7
ARG, M GPT 4 XD BIHIE A 25 R TP
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« GPT-4 HalXEEIEN : R GPT-4 API #2110, ¥[H—"N @ AN AR RS &3, i
& Prompt, fH GPT 4 AN R G2 RIS ATIEHA],

= N h
YRR T

IETAME 12x-mewiz, 22k k-BHEMH, SEAkk-TLEH
“E5D, ARTXOEHE (LITREEIE) . THRAGER
AR ABAIR L S8 2 S0
o _ {ERE 12x-BOYBERIBERNN, 22k K-ERETEUREDE, 3EAk*-EREBARE
IRIEFLIEH, ATHI206%F, RWRTE, MBEERZAPE
MTREES, HANLUNBEANERZ—, 270, BFRHE
BA. FRSRE, BESHMELT2EPRUIITH, M

TSR AT TR 1Ex-BsEEER, 2R Ak-BERGEFERHBEER, SEAkAEEMBEGAALIN

ERAIRER, BEFEIIHORE, ARHETFSEEORIN

M., Hh—PEROGIFREHEIRLO BSRE, BER IBIEM 12k SERARRREL, 22k k-FENSIBEE, SEAKK-BEFE
BREE, XM RBRINMIEFMBANBEBFRELE, H

ERER S RS T A,

B, A TS S, S R AR AR FTEM 12k BROBEFLLARE, 22k k- ABHHLEFED R, SEAkk-RLHAAFRE

RER, AERIERATAI206FEATTAI202F 28],

PEER:

[ 8.20 LLMEVAL 3 TREM 5 E

XT3 TP, AT DA A& AR 0 T EBES 0, AN TS i T RS2
[E I HER o (EZ AT EARTE, SR 2 R0 75 A THEF 2 FR 2 5 iU A, 9, LLMEVAL
PEAG T EE T Elo Rating (Elo #F43) #1 Points Scoring  (FR43#il#5453) o LMSys PSR T Elo i
% (Elo Rating) , ZIFRGMU ZHTERGM. B &R, BREFE5, M sast
AR GRS I . Elo TF9r RETRIENE A1 RIFHER R, VEEE—HERE
B EER, TR FARHERIET eI, R EHERIETFHRYE, 222 M RHER &
FUBFIGR DR 7. R, SRARHERIE RIS IRNE, RIS 2. BARIXAPITES
RAEIE S TR, HEXMIENS T A X, HENBREIEEER, RoHEs (Points
Scoring) 2 —HE WAL L 258, M TIEREGES ek F e B ATHES . 1 EARYE
HEEPRISHIR B E, RESEEELTEPRIRIMANS, 7E LLMEVAL WU, SRAARSEH
FEEHIE “A RGEF". “B RAL”. “WE—FEE” DA “NEEAL” &L, 70l A RS +1
5, BRG+1 7, AN BRGE +0.5 57, XIS WFILR, FHHX RS SUSFE E AR
Elo PPk,

LLMEVAL % —# (LLMEVAL-2) BIHEtRE AP HEEH L, &g BRI Rk
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% 2508 i —HF MR HibtF RRER

WRSPEEF—WEEN TR, EFFIREMHT, HEkbE WRSPEER—SEENTE, ERFIREMT, HiEibE
HEERERAHATR, #RERE. MEEREREIHLTE, HERRE.
EA—SERNTANRRADE, BARBRNE; FRARS EERNIRALT, NRSDELEREHE, BURERT
#F, RERBENEERF OREFTRE. XRENMHEHR BMSRE N, WENMEERFTRERBFTRE,
B, EMEETELESR, ANSSHEMRM 0ED, R
BEAERE, CHAMESSS— NI, HANSMEDSE UERGFEN, PESHNEALLARIES, EITTHER
®. B, EFRSNREET, BROPELMERIEIME, EE, RERNESENSEHEM TRERELND, AAET

ETENRE, FEAIANE. BR, RRETEENNERT
R-ETREITE, KEBRE.

R, MENBENREOLEPEASS, ANCNMZNENE
A, TEOREORER. B, EEEMEANERT, WK
AT T PERMEIE.

B2, MRSPEER—BETEN, ENEERFRRATREN
SREM, BINESEAMENSER.

sEER sEER

BRENSERE AEENSEREA

8.21 LLMEVAL Y EEiEN &

AE LN AR AR H &SRB 2|8 EE T, WENERHEER T 2, EiEENL %
¥ AT B AL YR 12 DU, RIEE SR G S ARSI RO DA R W, JE
XS ENIHS, T E1E 2 SR R RSP R R RE S, BN
BRI T4 25-30 IR MBAIZT 10-15 EEUE, it 480 MEH, PERA T A TIE5H1 GPT-4
HENED R 1. N TR, B BIRI RIS, MmN 2SS, RERERSHmE 7
SRR, AR EREATIE . EUUETHE, FEMMRIE SRS, FERE.
TR TERDB X NS . ERTE (59 THERIENNA A EER; EEE G o) Y
AIERENEREEERE; Wt G5 RIS ARIELRE G ER; ZEME G9): ¥
EHEERZEER™E, N TSN EEEEMIFNESE, LLMEVAL-2 1£8 3 M
RPN B, ETERE MR, B R e KIS S AR BB D FITE B 5887 = Hh U SERR R I

8.5 LB

PN T BARTE S BRI E R ES, BT ATHE%E (Benchmark) FIXS ELIFINA A (2
T HRE S YU R A R, TR RAERPE £S5 EREMRIREIE. Fi—APFITRE 5
FRCREATAT L, A] DORBURAAE SRR AR RO REL,  ZBUH AR RN R 24t 1R
ARAERE 7RI TR 2 SRS 2SR, H8) NLP SUREOHTRE R0, A egts
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—ESIENMIAR R, TR L AT BAREA R R Y 528, BR T/ B4 RETESS (Filan, #l
AARHTE, SORTHEESE) WY ESNIEN EE R Z AN, BRIES S E TS PN 77 58
ANBERS 2 I EL SRR A6 F B U

R, KIBSHEBIENPEN S5ESA R — B RIES TSI AERE TR, &%, KiBESHE
R T E LS AR T A BGUTESS, R B AL RN N ATE IER, (B2 RRE A, Hi
HEEREM A EHAELE—, XMERIRZALSRIMEEREITHAEN, Hx, ek
ESHEADFARG L, BARFRAREHIAN MMLU, AGI-Eval S5 AT DA A TE 5 158
Hhge ), (HEREESAREEIME SR G, S RIRRUER 2 5 B E S A8 e
NAERFE, KiEF BN IE TR R B RIS, Boh, KRIBSEMEIIZGHF SR —
Fd e, RERMEFERESHIZG. A RERE N EM S ERRNE, KRS+ R
M, FEEMYRTEAA RE, S RZ N ER I TR PR R RIS &L T GPT-4,
{HREEL R PRCRARZRIE I,

B KIBES AN, @R 7 W E LLMEVAL PE4Y, fESCERIRRERIDA TP E51E: 1)
FEPRMN BUERR b FRBAFmLIT, hanfEARER LT, P IEE RS2 2INEKERRm, @
WA REKNNEEZ T, XA RIS SRR, AR RN 25
NEEZ, (B2 NRPESIRMREAR D, PR — SO R IS R R AT, TERg S
BRIIBOR, (EHARTEEEERN & RAHP IR EAK; 2) fEBRHF R L, Elo PR
EE ARG THES , JEEEIR AT, ZIEN T IEMIERZRN 70% HIE R, #1E5508 1500
30F, Elo PRI /5 220K 1514, fEEA 20 RN A0 b, XSRS REA R S8 iR
RIHEF RIEEZE L, 3) GPT-4 HahliEA B SRR, TEH R L5 N T —8ER
s, NTREME. NAKESHAEG —E0mL, REERIENN Z 5 E N T TR 75 =K,
(B2 R A B PR RISE A GERA] LR SIIEEE RN T, B ATREE (55 B T AT 2R B feh i o A
R 2 B BT 1Al
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