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2022 £ 11 A 30 H, OpenAl #EHEHAATERIEBHAAN TEGETHE—
ChatGPT, ChatGPT R TR HHAIE SR, Ak, HMIRHEREES),
BRI DURGF IR R, MEIERZREE, I ERENE TR, &
FUEMWL, BHEE. A8, A58, ChatGPT L5, 5 KIGHHFEEIA
100 77, 2 DMHWEBRAFECIX 1 M2, BV B ERETE 2% B A
. BRT# KHFIB#SY, ChatGPT U528 7 &£ EBUF., ®AFR, 2
RFT 2R, EATERT ok B R1E S B —IAA & gE %O R E R
—ZRATRERVERTR, FEBOAAMIEA N TR T T RSL—2, HAHERS|
BRI MRERRIPRER, ERHEIRZ AR TR, HRBERZ T,

5 T K B ARTE S BRI R TR 2B A E 2 8E T ARETFHHR S, M
FORIEEL, MR R, RAREZRETTHN ChatGPT #17 T REFHERIINH
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BT YN

FBBELH IR, KRB R, S5, VRN, RS
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B—# ChatGPT N EEENX

AREERNHARES L, KEBUNZRE SR LA ChatGPT 3%
REYKRFEPite, #EEM ChatGPT MHARMHMA BT, A ie
ChatGPT AJRERIN AR, H/GRE ChatGPT & &J& rTRER RAI XS5
Pk

1.1 HRABS BRI

AKIEE (XAERES) AT TERNBSOE, SERHERE, i
PIEF G A S TERF SR, e S RERE —ERNAIRM
HEFENAIRE S, IXEEHCAH RN CEE B RIES R T ERIPR, (FEAR
DHLasHE DOBBRAY ISR, (R, E2RTE S AEFE SN2 B ATHIZ9 A L& REI
1SRRI 2 W FRS e —, X#oEN “ NTRES S ERIHER”,
[E55Bt 2017 FFENAR) CHr—RATLEREL M) BARITRESRS. 5
WA RN B 2208 5 LB E N — AUON TR RER B MR R A R B B
BHRHER T

BRAES I ARAR, 205 7 IRPTFTERAEEE (A 1.1 forR)
MR IHAE T/ NI L RANRI T, BP AT SIN TR, Hlds
377 i R T IREN A 7 SRRy T BT IR ST, O
T RRPRIR L 2 S RRAL G EOR EARNERIRE R W, 2018 FFIT4A S A e A 5
TRIBEFIZRE S BRI, HR MR R 0 M ARBRL, KBda
RHF LR ELFRR,

T, ChatGPT RILH 7ARR A A SEMR, B, AIRAERERES,
E R ARG BRI A P R, BIEME 25, JF ERENA SR, BN
E. ARG APE. G4, ChatGPT MIRIIRM, HEAMERT#
RERE S EIX — AR REAZ O R — SR AT RERVIR AR, FFBOAuIAniE
ARG TR —F, FXHERGIEMRE RIS, SRR
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NIEERAIR REFIEE ChatGPT
1950~1990 2010~2017 2023~ 7?
’ ’ ’
¢ ¢
ERENRBEIEE ) I E S RE

1990~2010 2018~2023

B 1.1 BRES R RE

2 N TAE, BEREERZ USRIk,

A2, ChatGPT EIJEMER T HHAARBEVER, A REAISU1 8 A
ZETIZHRER? BTN, ChatGPT RIKBIBENERSIE 2 G
I <HRFRAE TR,

HRRAE BN E AN TERERRZO RIS, 1R 1R, B8, &l
IRDAZERE I 7 AR e, ARFREEREISRIES (W sqQL), A4
REVE X LR, ook, BEE EROMPEE, H2 R, B, EIELS
P HNATE A BB A, AR SCsim i 77 =8 A A 2R 5 1R BRI
e, HIRUSBIEREREERES S (M 2018 FFF48), ChatGPT £
TR T F BAAE S E R X AR A, X2 A IREGHIR A H A
977 o

& 1.1: FRFORAE T A i

MR oy ABEE DT PSR AR REAE]
AR REEE . TR 9 EI 2R

KEM & SQL ik Eveize DBMS Oracle, Mi-
B crosoft
R Keywords M BERR HRIIE  Google, Mi-
crosoft
KRB IR BRES & HAIES  ChatGPT OpenAl
phsiitl Microsoft,
Google

5N, MBERIESCEEARZ RN MEE (WK 1.1), ATbAgH—
MHBRIHER, & DEORM BRI AR, B2 E—DHr B —F,
IR EZATRE R T 40 4, IRENGESIZ 20 4, ZEREESIRM
10 4F, TUZRIE S BARUL RN RLZ 5 4, B2 LA ChatGPT NARERAIEL
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REERFEEZANE? QUIRAMEFN, FIRERE 2 2 3 48, Wpl2F] 2025 4 AME
N EEHHA T

1.2 KRUBAIZRTE & BRINBoR R R ik

KA ZRTE S B (RIFRRBY) | XARARMBESERA (Large
Language Model, LLM), fEN ChatGPT HYRIRFR M AFEFEM, KRS
WORRM B REE 12 MR KRR B R e A= N DA 2 44,

2018 £, OpenAl 2 T8 —18 GPT (Generative Pretrained Trans-
former) MR ¥ BARIE S AT AN “TUIZR" IR, AATM, GPT #iH
HEA TN RE, REZEHFERNTEHA BERT (Bidirectional En-
coder Representations from Transformers) ##I[2 724 7 H K EF), i,
OpenAl EFE Y GPT BIEAREEE, 7351F 2019 £/ 2020 A T
GPT-2B1 i1 GPT-34 #5iA,

JLHZ GPT-3 B8, &6 1,750 {LBRHEESE, TS8R, 15
HE, Rt “42R1E” (Prompt) IS, RERMEEKESITRRIE,
RMEA N R ATV R R SE O TS5, W BN “FRRKER ChatGPT T,
XANERNERZE 7, A4 GPT-3 BRI BN R <&, WIRTEH
AFHAE—DNBILNRE, AB2MESTERRER S E LY, XWEFONIEEY
3] (In-context Learning)o B IH AL 15 HEFE I SAH X SR S & -8,

i, @I GPT-3 BRAIRE ST IF AR 2B, KRR RERIE
NRIREE 2E S G R 22, AT IESs. HEERE HBRA RIS, TERIZIRE
NHfRAAER ES5 AWK EIEEEEZE, BF| ChatGPT BT, A1)
JERHBCZE T AT T R IAK,

1.3 ChatGPT iKEKEFifE

2022 4 11 A 30 H, OpenAl #EH2H AN HEREHAN THRETH —
ChatGPT, #EHuE, fEHMELERILRA, TEMAEF&EE 100 /7, 2 A
BRH P EEIR 1 /M2, 5IEEME, BONPT S B K R HR i 285 N2
Fr, $ie T N TR RESURIEAR IR,

ChatGPT ZFiDAEIX AZIERRA T, ZE AT USRS A
KBS, DONENEE AT, RAWRERN B RFEHE, Rt
IR T B AR AT T RAL A ARIARD, 52 T AN TR 2 “HiE”
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MIENRELAR, BR TR, ChatGPT JEREMSARYEH PR HHAVESR, HEATHLES
B, CRES ., ISES % TME, ChatGPT W T KBRS M, %
SN RAL S Gy TRIR PR S SRR B O RS RY,

4% OpenAl #EH ChatGPT J&, 52 &1FEVIMNMEGIE L& T HT
ChatGPT Y New Bing, FHIXK ChatGPT £ Z| Office IMAEMHH, &
HAIRIEITAHE T RN Bard 5 2 Hifff, BRILZA, SRR, Wi, Meta
(IR Facebook) SNV I FIRERIMAG R ChatGPT KK, EANHEAZ X
PNV IR RRRAS (ELERE1 T2 ChatGPT BEUNF R, HET 2023 £ 3 H
16 HAEAN TETSOORERR SO —F 7158, FIEEERRHES ChatGPT
FEEIETET R 2, O, IBIRERR BAE R BRI A MR R, Y
BN EERATZE ChatGPT SIARTER B R, SRERK
HEH kiR ChatGPT, BRI RRRKERH Gt T~ Mgk, BN
RE BRANHEL T2 ChatGPT B MOSS #57,

Bk 7 B AR SRk SRAE HURERE PSP, FREE R ZEHE WA Chat-
GPT ARk, 2023 £ 2 A 24 H, FHEHIKEENZR: “ChatGPT 1£
HAESEM. BARESORE T HAEDHHTT, RINERE, 8dE 5
AT TAREE ST RS BOR A R R ELERI . ChatGPT HH%
RFINWER, “ChatGPT BRILERR T —RIMRRAIN A, RIER SN
MIAZH KT, R HRE SR AER C L B & 7 s A A\ T RER —L
FHIE, IERZATWAUSRAE 2N HE S, 17 XFREETEARK, ChatGPT
RO FTRE 2 N E R SR I EE R

MR EVE, ChatGPT B —MRETXIEERAIRIESHEA, HiE
FEARAE P R SCARREIR, &7 BAIE, PAMEMMERERSE, HF GPT
EHY Generative Pretrained Transformer FI4EE, GPT JEII4 S K& W
ZEEA SCREUE (W1 Wikipedia, Reddit Xif), K18 THRAL—FERH X IE
EEN . B GPT A] IR E, (B2 A N LR RIS H A&
NEWT, OpenAl INNFFE NEFUHIRIEIE MIZBAEHINE, TEFHEM
AR, T EEAREISE BA DL ERHE, OpenAl fE 2022 FH) &R T
fE “Training language models to follow instructions with human feedback”
PSS AN LRSI, FHEF TR R (PPO) X ARRAHET
ER, IXFRET N T RIBRAIIZRAE BB IR KRR BE I N AR A i B 5
NEKME 2wz, W15 ChatGPT BA RIFAIRIM,

"https://www.sohu.com/a/645545405 120109837
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1.3.1 ChatGPT BJHEEIAR

FZTORRKEENZ ChatGPT MHRERI K B, ChatGPT Bl
ARFZAHEEA RIFHT B AE S A EERIRER] GPT-3.5 DANIIZRIX —
BARHR—B T N TR BHsRES] (RLHF),

GPT HIfZ OpenAl ArIHELAIHEI ™, X2 —FA4 T SR,
AT NG, W&, Hlasiie, 5RE—-RIBRESHES. 8K GPT
T E—RERRN2HES) S M HEEAE K, OpenAl 1E 2018 4 6 H
RATH GPT €& 1.2 2248, f£ 2019 4F 2 A KA GPT-2 & 15 122
B, 1 2020 £F 5 AAAGHI GPT-3 €5 1750 {28, SHNSHE R
KAEH A FRERTE TR EEE &, 7T A KR S8 5 R
MEEIE N GPT RYNGIIRAE, (EHA] A EERTA, PR B
RE S I BAE RIFIIRIERET o

FR T S8 LSRN, GPT BRIRIENEBEM GPT-3 a5
BT D BORBEIZIFATRIE?, — DEIFZE LA Codex AR FSFRIIZREL
R, FH=PMEZEELA Instruct GPT HREBHIILATES (Instruction) YIEEEL
Ko HIXPMEREIENZIREFATRER, TR T —EMERE (BARR
FATE) EATREXINZAIERE, FHI@ESHSH RE M (Supervised
Fine-tuning) PANEET AFRBHIELES] (Reinforcement Learning with
Human Feedback, RLHF) SHORSCIL T DA E 2R ITE 5 A5 N B ChatGPT
B,

RLHF X—#2 & F21E 2008 4£ TAMER: Training an Agent Man-
ually via Evaluative Reinforcement!®) — X H##HE K1), TEFEGLHIsRILES)
SR, P (Agent) fRMZIIELIAG, b RBIFIRSL /B, W
f£ TAMER 2R, SIANEIREN RN RGRVRINL, % E A5
S IANEHAT I B =2 H A IR SORE, FARIIZRRA, (i
Weskosl, BAARSCEL L, AZEPRIEA R A A A ARERE TS, P AE
FEARFERT I HATHE T 7, WA AEE SRR IREA A, TR MDA
e S R, BRI TR SR, X —HEZRAR tH Oy fe gk
T RLHF AH2C TAERYHIE B,

1E 2017 fER1)G, RFE5EMS] (Deep Reinforcement Learning) 32
KBFHIMATHE R, MacGlashan et al.10 $2H 7 —F&h AC Hi% (Actor-critic),
HERAN LR (RFEERRATER) 7EESE LS (Advantage

2https://openai.com/blog/
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function), Warnell et al.'l] ¥ TAMER MEZR S IR E R L SIS S, )N
R RLHF 5IAREEAFESIIIR, EIX—FHrER, RLHF 2N H T
BN (BIaniExss) SCEMSOAE (BIALEs NSE) G, mi HHEN T
B S BRI T RO ARZ 2 E M,

£ 2019 £ LAG, RLHF 5185 BAHES & 1 TEF ARSI, Ziegler
et al.'Z B RAH N TS SN BARESS BT TR BUS A 193K
o OpenAl M 2020 A RIEIX —T7 MJFRSEAR R T —RVIMEX AR, W
R F A= S 14 FH RLHF YI1Z5— 407 DU T N 0T S g £ o]
%, JG2K, OpenAl ¥ RLHF 5 GPT tH4 &, 12H T InstructGPT JX—
ChatGPT HYRTE0, FEEFIH GPT-3 PTG AR, BIESESR:
RRAESEE, TEFEEMA AT, SHER, fEA%HE AlphaGo RIAF], B
A—THE KM S B TR DeepMind WGFEE] TIX—77 M, LfEE
T CopherCitel'™ 1 Sparrow!'s! FFIF RLHF #ATIIZRIE S A,
GopherCite & 1E IR A& TAE, Sparrow J&EA THURM —F/ L
(=

2022 4 12 F, OpenAl fEEZHT A LIERIMIEZ THEH T ChatGPT,
ChatGPT DA GPT-3.5 ENEERE, MATHSRARIEMAES, £/ RLHF X
B ATHE—AZR, MITEUS 75 P RE R

1.3.2 ChatGPT AL JEMRG ) L,

MU ChatGPT IR, LIS 2IEF#HER, OpenAl
M 2020 FEFFEERTE RLHF X—W5E 7510, FHIFR T RKEIFR TIE,
T RS IR IR 2 SR SR AT 54 5, GPT R8I TAERIBFFE NI
MR TIHENIIEEIE UL KBS ERIIAGAER, XMENSEA LT
ChatGPT, AJDAE MR REIFAZE—Bmstn, 28 TIENTIER
TEEFRAE, AN, & RLHF X—FEARN H FERIES ARSI Y
M SRR R B ARIE S AT SS LR EEOREHIN R Z —,

P AL XTLENARE, CEBH 2N A REAMEERM AR AESE,
ELan¥s Transformer 51 ANH BB SR 09 viTl; S5 N
HHFEM IR AlphaFold %, BMAR AN REE B CRREKTUR,
i RN R AR AR E KRR AL KRR AR O OCHE (I, anfa 2 IR
IXEERIBAR A, BHEE BT, A B O R SUSIUER A BOR RO A,
B MEGFESE, HIFEA R WA,

11
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KR AL FRRBINAR, HHREARE RS R LR 2 NIRE
HIEZPARNE, RZ ZRIATTAT AN A] K B[R] AR 1 B 1E 1R A R DR A %
Eo 2022 4 2 H, DeepMind AR AL+ 5 5 4% B A S5 B R T2
Y DARE B AT A SR AR N TR RE, IXTWESE B A EEA T, BUFAEARRIIR
—R, REIRIEABONREATRRE, HES R R KD, BRI K
HNATRE. A EREMTFN RERREEIZARRIINAA, HRENES B SRR 7T
H B RGBS N B

1.3.3 ChatGPT WAREIAR L ST

IR ChatGPT HEELHUS TIEFE AR, HREARMAGEES
A AR FE R 75 Tl
B OpenAl IR ANRIEH T ChatGPT BUERY— L& n] 53 :

1. ChatGPT BHEZAN—LELUZMIIE, Z2LEXNER, FEOX N
ARAA st SRS RE R EfE SR, gz
— L EATII RS S BRI TR A AR AR R IERRR R IR
SR R IR 5 | S S BUSE A A T4 BPR T S ATE A
AR ESRER,

2. ChatGPT X THu ANFHRELARU, Blan: 40— MrPERImE, A
FIRNATEE SR, (B ERMMSERERL AT A SOERE %o

3. ChatGPT AERMIAIEEHF T TIUK, I HAAEL R ARG BRI A]
A, BN REHIRZH OpenAl YIZRATE S, IXAFAY A @ 5 22
Kk B T INZRERE R w2 A 120 & Rl

4. BIX OpenAl BB IEEAUEA G LA FNIER, HEMAT
TR A T TR SR A H [ 2 SO [RD R ER i DL

HIR, ChatGPT BARSEA, (H2HER TR EHRA S,
AN HA TR B U2 — D ARCRB R 7T A, B AT ERAER R4 E A &
. BTk ZIBMIMREILE, EARERIEESBNEUERTRKE,
M FP32 F#{XF] FP16 B(# INTS, BIEZ+5 S FHIAIFH SR M R L2 /0 2%
IR S8, PR MR B B R A A AN AR AR PR R TE, X

3https://openai.com/blog/chatgpt
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IPAEAR U H AR N 5 BRI A ez, 2K Fa R — MU
AR RS SRR ARt Y B 5 B MR 7 — IR E R 7.
B RERTURZEERRR, FCEBRREIN R E PR REZNER,

AN, B NERRE B RLAIF 2 &I #R I — A 28 W
2022 4 12 H Anthropic ARIAZFRIL X “Constitutional Al: Harmlessness
from AI Feedback 2%, iZ/AFIZ 2020 4 OpenAl BIEEHBIVEAIZH, H
~EEOIBINF 2625 GPT-3 PLN RLHF MRHIRIET, EENH
THEFHEHIIRYLE A Claude, 5 ChatGPT Z{UREME F F 3
P SO BRGEHAT YNGR, AR RIUAE T Hofk e i A i AT A T a bR e
MmAEAZE, BIIZR—MEIZES) NS T IE B MR Er 4 T o O H 08 A6
X R THE

1.4 ChatGPT WMLA S

1.4.1 ChatGPT R

ChatGPT fENTFESERT fh, BERMURFAR="1H, #AHEEI/Y
emiE. FERERTE, ARBmE . EERRBERR TR
IR, HEEARET) 25K NI, I ERATR MBS =N 73 5 e i
ChatGPT HET AR FATEA AL R,

1. HETFEBPIERPEA:  ChatGPT MR ZUZ —FIMEALEA, £
DT EHAIRYLE A ok, BEERSE), tWRERNHETE
LRIRIS5 AR BRRZE, RBEK, BMHEZ T, ChatGPT H[EI% 5,
EREIY, RERATHEAMBAIMER, RN EZNMES, R THUT=
77 HIRHE

1. S ARMKEGE S . ChatGPT T GPT-3.5 &I Code-davinei-002
BRI, M GPT-3.5 RYIZ—RINTINZRHI TR, 2
KABETIIANR T 7 ChatGPT HZHSEEICICE ZHIHIA, RN
HAE DM 08, A2 ERiERMIERE T N 7 RAHEH;

2. TRHE R AR R RE ) . ORI ZRAVEAL |, ChatGPT RUEEREIR
RRALRI 159G BRI T T4REEIER, [HBIfE P8R, BB
ToU A S R AR, BRI TR R RE Sy, FERRTER I

13
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A RIS RN, B THOY, FT0 T @GEN (Scaling
Law);

3. SEHBEMEARES): ChatGPT I 7EHLAL KA A K& FRR
RIGHATHOA, BB MMSE 7 BEEUL, A DACER W
HIESS, EHEMMERRIER, £ L5 LARRT DARIS A HE4EE R

g7 b, ERIUBIE S BRI 7T R AURIRR B B, ChatGPT HibAE
LA, TSRS TATRVEE R TCATAAR,  HAEDAE Hifige, CiEEat
HIERIRA LA Ao

2. HBTHERMBIGSERL: MR THENRIEIE SR, ChatGPT
T2 A 2RI RBAR A TIE A, XA AN IS I SR RE
1, BERFBGMIAI A2 H,

() AR R D BLSE thE S S R A MU, RO S A AR X S R 73
MERRTRESAE A FMEIE ., ChatGPT TEFHE AR Bodd £ F AR KI5
s SR BRI gy, (EHERERH BB & ASEPURIEE R (RIRE
BATFRSERIEINL, 22 PREIE, FE4aA 2 R, i H BT L SN AL,
—ERRE B T A AL, REECE AN AT R ; (RN ECRER I E S
PP RSN T AL IETE3A, Frsiidss B SR KIINTTRES, Mt EZ%
ZEHIEE,

3. MRTMUA/ERL:  1F ChatGPT ZHf, FIFRHEMESSEIRMIE M
ARERFE RN ERESCHEEN, AT IXMMIETER, ChatGPT JEIEK
BIGPHRNITALRENEZ AN DA R N A BES, THZER
D EIESS B AT DRI RS, HI40 ChatGPT AYRTE InstructGPT 5%
MOARITESERH 96% DA ERIGE, HINAESR 20 MOBHNHEES (BS
VEIESF IR, IRIE, TEIESF), ARMENasBIRESS b, TAMEMRELEFARE
MY ZE/RAEVETELE ChatGPT MEATRIIE, (AR IS RIEMBIBIFEESR, X
SETE I/ IME R B M RAESC IR IZ AL RE ST

BRILZ D, 1ERNRMBIE SRR RARMEME Chat GPT FEQIMERUES
ERIERBUUN R, HEETRZEEAZK,

14
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1.4.2 ChatGPT %

BARTESLPREE R I, (H2 T AMBIE S B E 5, BdER A,
PMERIEERMR, ChatGPT hEEFTELAT S

1. KRMBESERIASMRIR: SOV RHBIESEA, ChatGPT MERE
HXRGRINERRR, BRI RILJ5m:

L AafEMICIARIE: ChatGPT RYEIE AIRERAE — A IELHIHAN /) UE, i&
ANEMHOIEE, HHLSHEIERIERE, HaTERE T aEiR it
BHERUEEET AE TR IRIE;

2. INRCMEZE: ChatGPT JCiksI B AHT IR, HRMRTE & RR T Al
RAIUETE = AT B 0| SR S [R) 2 1T, AT ()& B RTRTE LA B
SNpUE LN

3. IRAR R ChatGPT EAl KARILYIZRm A E ., BRBENE, SRR
PR, JERTREAEIR M, X TARRE I ATREIZK;

4. AERFE T AR B RIRR AL RS TE & R A I R B 2 e FH 2
1, HGURT A, FInEH RS SUSE L ARTERI R A B,

5. AEABUZR: ChatGPT X THANELAIRERIEAIERM, [ERMBERIL
MAFIEFEHRERETHER, XA DAREER, HAnE MERE.

2. BHEEH SR 0 ESONA, ChatGPT AR KIS 5158
e R TP S i FRE S BARTOIIZRm AR, BOVEARERIW L, RATReA A
FENE, B ChatGPT ERH RLHF 77 A KKEM 7 IX— R, 2R
\E—EES, AENEVE A REHI,

IE4h, ChatGPT 28 OpenAl #38, HFPEEEESN OpenAl FREE, K
HRHIUSL e F P RE A7 AL — & A B T IR XU

3. PRERIE SRR ChatGPT JHHE T A RIS AaE b2 S) A5
A AR BT & NS, SRTIX A T B0 7 BRI RI T R — e R b
[RBREEANEN REREE, EPREAN R AINEIL R, JRESSIANTHI
{m LI, [RIAEH, AREEABARER S B T ERIER, EIXAERESR
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BEKENEE, XFHT ChatGPT fRif TABEKNESE, 1R EN
MREPIRITK,

A, ERZEERF 5, ChatGPT MiSERIMET, ZAMLE H i/
BRI E LR FIBUFRCRIETE K, [RINEEE] ChatGPT RYIIZRHIETE A
R, ChatGPT AIREFE LA MES R FAKEHEEH LT B irIHE
RBRALE AT R

1. ChatGPT HEMMAR, X 24 ERESEIRESARELIERES . A&
AT AR E I P FIARTE AR 58 F ARIE 5 BRIR(ESS, B IESIHEE s
RrE S HIMERRTE, EAFERMEIE SRR, BAFRE
HZHHMATRIIETTE N, QERINA S BRI THIE, S/ MR R
RE/5 2 BRI 2

2. {E— SRR E AN & B AMITIRINESS L, PIATHLE R e
W, TR AIAC (T L RS0l

3. AT REZAMIHBIE S ERIIZRERES S R, KEIAEYLESHE
FMZIE S YLD BN TE 5 Al REMERER(E;

4. KMUEIE SRR RGBS SRR AIROR s, RESIREE, XS%
PAMRAEL IE ChatGPT HYSSRMERNR, EHMERZRZIR,

5. MTHIR, FFSAZEMERRE, ChatGPT BTN “THE”
AR, G B O (A SE i R, AEIESKRS AT RATE L T AT
REFFANE

6. ChatGPT HHEHRREMESORE SR, LR E 2 B S5

1.2 F|H 7 —LE ChatGPT EER A EARRIRE] (2023 £ 2 H 24
H ) .

1.5 ChatGPT RN F i

ChatGPT fENIEH — AIGC #G#ITH 512, TiefEN TR GELT
Wbt 2 HAAT &R SR 7T 12 RIS R R i, R 23 A MIX R AN 7 T 18
ChatGPT BN HHTE,
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72 1.2: ChatGPT FENER/RHAI (2023 4 2 A 24 Hilli)

P

ChatGPT %

ik

AR MR i e Ay
LN

MR E B ERIIANI R (CIEE) I —BE RIS, iR THRER
RS R, BARAT: £, WREARDIIEE T —REs
W, BERIFRARERIIRT . WIRIRARE, IXARIRIA R, HEE T H
RIS, BON T EREARIOET. T2, ove @ik, ihesEi
HESOEER, MRREESEHOR T —0aE, TEATE LA, M - s,
B, NEABCAITHIIN, FURT T UREG S MIRERS NE AR
FRUSKE BB, AN, ARMIRRASL A, T2, XKD
N, —ET], LTI IR EISEX, XN R, MRE RN T it
A ), MR R B SR S, It B T i e
TR, WARNE2IR, RS, BTl TIANE, ST B R ERR.
RAGRAGAER MR BRI A FIARR], e A th— Rt A <)
HIRATCRSCE B AIE,

AIEPETCIEARIE

F R /R iSRRI
i % 2 W 32 R
FA?

RE/RIFAET 2022 £ 11 A 21 HE 12 A 18 HIERB/R¥E(T, K
I, ERTTCEEEIX AN, B SRR EE R AR, 15O LA R
8%,

IR

QNSRS
5.3, ¢ 1 &
KA B A TET RS2
EZ0

T BRI R HELA N 3.1415926..., AR 5.3, K6 FEERS
F 5.3 WHEBEERKSBEIRNER, WRBAIEH ERORER, 0
3.1415926..., WAIPAFEEERZEN 1 BERWEMEHR: A = 2 =
3.1415926... x 12 3.1415926... FEK, EHEFE, HTHERZ
—ANTERRAEIR/NEL, R BRATTRERS Rt 0 B TR, ZE St
PR B SRS X U E R T (Y T R

SRIRHIHREH ;

PRI R AT
PSS

LR BT =N
e S7Gh]

BAEN—A AL BT, FRERRBECTARRIT ORI, SEBURARERIITA, 2
REFERIA GRS, TSRS G, Hl RN RERLS), &
P NSYERK THRETCEENENG R, 5 ETRETENBORTT
XK, BINHERG RS ATF], SERARL MBI,

LV B I8 3 G — AR BB AORARITIF B, IX AR R AR T
REAIT UL RIS T 5. B FEE R AR RSB 1. RBE: 81
[ERFEMEBUEHI ARG, DL T BB BRI 20 ikt 2.
R T H: BT ARSI UM B B e P A IE PRI A, Wdks, dk
FEbkEE, 3. MATH: SUESMARB T AZIBUNS, FHAIELREN
TR e RS, 4. NI BTN SRS LER T &
FRAEMALE, XEEHBBIRAIHK T, 5. BIEBE: BIE RSP
BT AR A ENA R BB, B el ERIEROE, B
FUTBUS. 6. FIIF8E: HATARIBEHRENA TIEMIOGE, BIE2MEE T
HEEEROE, DU, SRR, e — oMz, jFH
AR R BRI BN R AR T BRAEMRR — L B, &
MASEBCE AP ARG BB, R LB DR Bl

AR BSELE
RAENE,

A R
A= A2

PRt AT I
RN

FRFA—DN G AAR 20 HLPEZFAHFER, BMTIEMN
MREBIN. BRHELREARA, MR ES AN —, KEE
i GEAHIE). BT Q IEf&). (W) 55, miAR AL S —MER,
REMERA CEREN). (B, (REBIEK) . REMAERNAFHEAE
“JATEANT, BN E AR AR, Eit, ERAE AR
[FIFI Ao

EIRAERAZPDRRIN, AT B AR E AR X
il EREARERA, MmEMANZGTREBA (PCET), WA
S BRAE MR, ERFAR, ZR—NMEFHZAXE. 556, &HH
BB ERRIAE PR, BiET 1881 4F, 45 TiiE. R
. FUHSSFR, FRALT 1897 4, L5 TRE. HiHES #ih
[E LIS RN, AT IR, SCAERIA RO R, Bk s 2Bk
TR EE AR, T AU BE 0 B S T A R RA R B AL, fef T2
AR Ao

HHELIEER; ok
FHNRRER, HEDAM
1E.
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1.5.1  AENTRRETT MR il 5% B0

ChatGPT HYE AR A S BRI N TR REA TR 1 5 S i
i, MMIRBLZATFZ2mMARBRIAEEE ChatGPT & E7]MME (RLI5H
KRR CAMERL M, RERYESBIEAMERFISE), ChatGPT
Sl T ERAA G, RTINS — M AEE, AT ChatGPT HA0E—1
TEREFBIBAINIT A, e BRATRORTL, Legn:

1 AREIFER: FIH ChatGPT HiBhIT &R, REIFRRCR, WA
fhae, BARESELA MR, EEIE bug BEFE;

2. ChatGPT FIHEABEFSHLSS: ChatGPT ARG RAEFZ(TS L
M A SR AR IR B S A PERE SR T (BLANSCA T Z A S 5L — 2K
M, MERVLGSEIEARERE) , ERR/IMERIREAL B85 5L
ChatGPT HYKAL, AIRERT PAR ST/ IMERIIIRCR ;

3. BT ChatGPT fEMIMBULRITFEARRES), N1 A DBREEE
A PREBIRRIESS DA TR A SN AR ESS, BErl LE RN A
ChatGPT, AP ChatGPT H/FRBEENIEMRIERI A,

1.5.2  FEHAAT MV A R G 5 R

ChatGPT MEMAMGIE T HEATIWHNERR N Stack Overflow 5
ChatGPT HIAEBNA, EEZIAVAREEA ChatGPT, & KHAFIZE K
ChatGPT FINGEEH, ChatGPT IPAE—LATIECH “AF”, HAERE
Tk, HFFEALIE,

1 fR51%: B ChatGPT ALK, BREHZESKERRA THRHIK
T, REANFESS TAHIELD ChatGPT RFTHHER S R
77 AT A% R A Y 2L i, IS KRB E SR T it
Xk, AHIHEATIE R ChatGPT 74 Bard, HERM T300—
5, WIKEZEAN ChatGPT R NIRPEEIRSR, HEHHTAMN (New
Bing), ChatGPT MR ENLESLIFEL AL, HWFArRY
ERARIERRGIE, HETERGIEN ChatGPT 2 HE L RILE R
AR R RATHATRY & ChatGPT HY[EIE 1A SR 42 A PATIUAL
FIEAEHEATRISS & 77T
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CAZBURITIE: ChatGPT AT 3XRATALIBE 22 H R AR A LB, TCitEtk
T ChatGPT QI B RERIIFREIUAR IS A MIETH AL, 2 H
BRI B TR E B ERE B D), ChatGPT #ARMNE T A T2
T ERRER KIN”, TSR, BRI AN, fE LR
R, NINRERE S SE 7, KORESr AR 2R .

- BEUATIE: FIRERCRBZ I HIEA B SR T, SEE AT E 58 & vl
BuzzFeed B OpenAl &1F, ARG ChatGPT FBIAIMEN
Ao ChatGPT KUK RN ECIERSEINE S, IRk &
AR, TR, MRMERNA T HRER BRI, FEX
AR iR, HIRE B 2 A s B SRR A

- AEITE: ChatGPT fEA BT AIRER ALY “REL": WAL
R 89% WIFEAI ChatGPT 5eEIE(ENL, S RBIREIEH —HY
IESCEARZM ChatGPT i, IXIBEZ A2 ChatGPT,
TieRAEMEAL, FIXeE e, —fLGIRNAE RS, AR
—JTHERE, XATRE S fefEE 3 N TR REMRSRIAFIEAMB 2, I
H AL R ERIR R,

- HAt R HHEL IR, ChatGPT HJBMAFITAR, KA
FRT ChatGPT WIZREHEAIRE, ChatGPT Joikrt & kAT £
VA TAE R 04, ARREIRIE LA e HRETEREDRIE, =
ZHREMENZE, RELIEN WA ChatGPT RIKEX IDC,
Gartner SFHURIEIRFE AL, HXTHE A7 704 PR
D N BT EEES B

IHEAh, ChatGPT ] AFEBI DN AMEF & HH ARSI, EYRE,

NEMRE, REmE TSR, RINMERERR ChatGPT &7 Word,
PowerPoint, Excel ¥/, (EMAZEWMATAMARZE, H—PREDA

1.6 ChatGPT RIS Hk A%

ChatGPT FHHIRAIR 25 FH P AL 2ok TARZH XA PR, X

LM ERFIHEE, —H#870 /2 ChatGPT AREHORIRAS R, 1ERAINAA
REPRIEESCE, 2 AR FESTIRF, 2PN ChatGPT HIEHAS
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SR, WIEEE. RHFEIUEIEA ChatGPT 4RI SXA, ChatGPT H
PR UG AR 1 112, BRIROIXEE XU APk A R 28
HEATEER, FIEHN ARG, iE ChatGPT N AFERMRS, R
R ES R AE, FEgE T EEXE AR, AL A
IR DR S

AR A XES F 225 PN T ChatGPT FAESERINAEMNH, B
RRIA : AAERENRBE SR ERZMH ChatGPT ERIENE
FATIEYE; B ARER ChatGPT R TEERIZEARAHITEATN; ik
Sy PRI ChatGPT SRHNEIRFTHEIE S, Tamkin et al.2! $5H, A
GG S RUREZ ST T O E 2 IR TR ETRETR IR A AY
TIEARAANE G RESR, A DAWRIBEE SR & R LR AN E 70 F RIS I 2K,
ChatGPT #8150 F iY77 202 5 224 H 3 hinse DAT,

CAHRZHIRFHNX—F KRB T ARBIMERTT SR, NH N EN
MERERMER T

2023 4 1 A 31 H, FF& ChatGPT [ OpenAl AFRIRA T —MHEB Y
Bl AT AR BR324, IR OpenAl AAMIIIIREE R, & Kew T
“ATAERCSCAR” KRIRAERIREA 26%, 1% K RIZREdE IS 77 X
N BHRRERERR, N TEMER, 2RI AL ARSI T 51
XA, XA ZREHERIARETT AR =,

WiHAE R 2EM) Mitchell et al.?2l $2H 7 —#f Zero-shot [ AT £ XA
KW 7775 DetectGPT, %F7IERIA AT A BCCARFI N TE 1ESCARTE HH A
AT BT 5 5 A AR BRARR A 2R (LRI T HIBY, A2 iR AR (R
FISCATY AT AR, IRAEIR AR 3 DR ERITINIKSE R, DetectGPT
£ AUROC X—IFrdEtn it 7 Hai CARIEA Zero-shot 77{%, Detect-
GPT HEHRAFREINGEDE, B2 e Eaeiim A R AT &5
P73, MfRZ AT BAIHREE T APT (40 GPT-3), JEikiHEARBSIARK

BRIV, HATN T ChatGPT HaAERSA K B3I A BARFIEAR
REQNINE, TEBRLIHERBBILENTTTE,

WRAMEENR:  HE5EE X T ChatGPT AIREAEER. RT. TENX
PR ZER. ChatGPT A DT HEALERONRZ F P 1 — Rk EUE &

“https://openai.com/blog/new-ai- classifier-for-indicating-ai- written- text /
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FEL, (HRPWRBEESPHEEN, MTRESREXEHIREE, WX
Kb, REPIIGIESHAARNEEE —EEE, BArEEREL
B ST ORI BT (EXSRASTRIAE AR 22 AU AE IR S B AR A S AT
523 ChatGPT 2N, ChatGPT HIIRAITSESAMEEE 140 Foxt
BREME, MWmEZERNERIRS. BllZRE S B4 BEE RS B
BI_EFRTRESS IR AN TS HE 2 & 25 BAMELE, B SRR R L
&2,

fE— L RBURAIUR, LLATEERIE Y, ChatGPT MR ERERES S
BEEGE, HENEEREAIRSSEEAEERLEE AT 0
PRI HER R, TS RO A2 B B AR . IXTE ChatGPT
ZHIRESEE T L6l F, RS G ERMEA MR RS A L
PRI EA, IXHAERELH AR 22 F P A I 285 B AR S T

MR- I%, AMTHFEEMAES R RBETERH B gk
o ChatGPT — MR FMDIRE R FE 4R 5 1%, K BIEE. Google 57,
BR51ENE B RERSMERRBE G RENEE, (H2003R Chat-
CPT PR BIR S A NBZ IR P GE 2 S BTN ChatGPT
B TR, RIS E ARG B R EE T,

HETEEE LT 1EH X ChatGPT A8 B CSCA R IE R T S5 AR 53 10
R, B RIER T R B AR 77 1k T PAZE R A B R R
B S EAA CCOR I IER AT A, Fean B S ER IR 5%, (22
TS ERRERITIERTREAR RS, RIS SRR AR R S
NSRS IEE R KX,

FEAATIESE R BRI R XU 2 F 72 FH P A RITR AR O il g tH B A~
MRS R, BERAGEER ChatGPT JEIT HME EHEWT R, e
Al ChatGPT IEFAIRERMEE B ORI D ARG BEE — AL 2= E
KEHLEER. PAGBERME T RESN DARDEMERE, A5 &% 2IEME
Wi, [E| 5B mE L TR A/ IWEE N REERRR S FRE R, BN
MFR LR RV ER L 2B 72, FREERFEERIES kA ]
RE, AP REVEREREMELREGER, ChatGPT RIRELEAMILY: ST fEHTE
JEEARRIHERTRE T, T B ATHEIRT R,

TR AIPFEFRZMNMN DT EAT: D REAP EERELRY
2) MEIPIERRT] ChatGPT A T FEAAE B AT mIAIAI A,
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WP SPaRnZB0HERNR AP E/ER ChatGPT RAJRESN HCHY
OB AR, X EEI ARG ChatGPT FIREF AR RIER, EEAE
XLER A, ChatGPT MthAIR ), BIHFEE S REEN—
LE R AR N JE BB RN, 1ZZE A5 BRI 24 A2 N RO PR R A 5
N, —LEHI A ARERAS ChatGPT JXMEE LS IEHLas A=A il P e ik
FE, ATTFEUE BN R, BMEH P ATEXN IS RSB A, HET
MG RGHIE R EIR AN, EEIREENIERG S MAEIRAN S
SRS X 1E R GG BRI R M2, B o3 F P AR %
ARIRIRE SRS RGERANBAERAZN, I ER I RGEAIK
Wlo FHPERTIES R ENIEREA X N TERERIEAIN, RISHIIR A
RFRE R, ATRES=AIE R IR AL O FRGR B XS, Hhangi, (Hik, g%,
A LOHBIRE LA PTREXEIOVN ChatGPT BYMRHITHEME H Y/
BSIRTRY Y

AHSENR  FUEHESIERAEE S RIS LS. Chat-
GPT 2R EEARTE SHA, Xt ABdRa e R+ A g EdEm
R BURATE S RN BAE A fw WAEAE, ChatGPT fE1X
R EIZRE tha i aiE, HTIGSEFEEREFE, Hb
AFRSEFIENLZ FfFEZESR, RIRTRES AR, SO ERLF SR
M, FAE 2016 FRERHTARIBIRALES A Tay §UE—RZ AHLE RO E
AFRMAMEAN D FBREAE", ZWE T~ KRR AF
I RIRIFE T IIGEBERMIIZERE, £ ChatGPT HUHEE RS, &
MERIMER BT A FF IR 4L,

MG AU ELFEFT AT 1) ChatGPT 27 2EIR1A
TR 2) ChatGPT PAERINAHR A B A=A,

M A U R THLAS 3 L, (LS PR BT, T PR
ChatGP'T 5% A T Al AR VP R BRI G SR A, DALY
HIRFEAR, I SAEE BN ATRE 216 TP BR8P A A SR - e
RN

IR AIAFADS (ATPPD) 2019 45180 O\ TEMRE AN
BUARIDRI I N T A R A O AR AT, L AL
5 SR S L SRR EA A PRI K, RERSERIRP, TR A
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KT WHIN LR REA R IC RN R S, (B2 ChatGPT | {ZRINH
5% AT RERR SRR BOAE 77 TH BB ATALE o

ZEWIXRS:  ChatGPT MZREHE. EHFRANHERAR R, FEREN
ZURBA, HMAR ChatGPT REERWTHR S, X—HEORATREHIU
TITEERIRA T ZEW, PS5 ChatGPT MUSAHSAY GPT-3 BAH], RH
V100 GPU MIREEM AIHEER, % —IRk GPT-3 BRIFEE 355 GPU
O BREN 460 F3EIT 6, HHE 2 KEMREIBER Tom Goldstein f£ 2022 £F
12 A#¥fE1t ChatGPT AP EEN 1 BAK, BRIBITHSHRAKAESH
EILRXDNEL,

ZEWTRTREZRZMN ChatGPT FHOEHI N TR RER LRI A 554, sEmmid
THEEAIEE S, EEFM ChatGPT MHIEE AR —P LR, HREMRZM
HEZHEVAE ChatGPT 2 L7, (B2 ChatGPT HAETHIARSGSH A EE, —
B ZEW, XL AR UK T ChatGPT, 4153 ChatGPT AREFE(E
ARS%, FEamE R P ISR R,

IR IR Z ARIEAERA, A FIER A SR A BE H 5L
Bl ChatGPT MK ChatGPT YIZREAI 7%, v BB EoR M R R
K=z RE#S% ChatGPT HARZEW TR,

®https://new.qq.com/rain/a,/20221026 AO0U5M00
Shttps://lambdalabs.com/blog/demystifying-gpt-3

"https: / /hackernoon.com/a-deep-dive-into-how-many-gpus-it-takes-to-run-chatgpt
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B ChatGPT HEBZELEE

ChatGPT HYEMRING S T HE G2 IO EIRN SIS, ANE
¥ B BVE N H ISR Transformer #8Y, WUZ HHATZ S HIIRM
Instruction Tuning 8%, HIRIH A ELERERE . AR HES AKX EE
X FERET AR B sr i e S R,

2.1 XF Transformer WIPillZEiE S ERY

ChatGPT JRAM)EAAEAI R H Transformer 2884, Transformer27 &
—FPET BRI IR 28 AR AT DA 0T T HAL B 511854
JRAGHY Transformer B EPDCHANE: D asMIfRIDES . didasH T
Rekm NP HIMLs 2 —H )R, R ds R R RO B BART 51, 9w
T ES AN RS 2R S 22 B AT R BT R 2 I 28 AR i, HAP BT
THRBR] DL S e A AN R B 2 RIS R, BIEALBRE M E SR
I, BRSFEFH P HMAAE FREE, XFMLHIEES Transformer
RRIURERS A RO A P BE B ARMIOC R, 7ESAR Transformer BUAYELAN |, H
AROTAH T =RMIZRE S B JRdTii)ll ZRIE S AL, MRS T ZRTE S8
RIS AERS T 2515 S AL,

2.1.1 g milgiE 5B (Encoder-only Pre-trained Models)

IXRBLE I R 7 A H A 4G Transformer BRI SRAG 25, AH
PR 55 38 e P S TR 5 555 (Masked Language Modeling),
R (RIS [MASK] ) A\ f)+rh—E LRI i g, 25K
BRI | U5 B E TSR R 5, HA R MR TIE S BERTR,
ALBERT®, RoBERTal?" %, 3 2. 153812580 NI T A MU,
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BERT BERT HAUZHEMAmMETIIZIESHA, HEdHHIESE
BRI N — I FESS, X Transformer BRI SEGHITIILZR,

ALBERT ALBERT & — MR E/LH) BERT #5Y (EF @I 5 fd s m &
FEFFEAIHE R Transformer ESECRIB/D RIS E ML

RoBERTa % BERT #%! RoBERTa fEFIZRMER, KA T E 2
BRI GSHEEALH] CRIEFIRIE — AL AR RIE), AT F—
FPWIMMESS, [RIENRA T 8 KRN

2.1.2 R HNGIE S B (Decoder-only Pre-trained Models)

GPT (Generative Pre-trained Transformer) J2H OpenAl $2 I HH
RGP RIS, ARET Z ATABERY, ANEFREN T MES RN
AIRTRIZERY, TR — DR TR IZ L RE AU, REH Mo MifE:
AT, EARTRA A GPT RAIGAL, Wi GPT-1, GPT-2 Ml GPT-3,
21557 GPT A THEAMGEER,

(1) GPT-1

GPT-1 fEXE “Improving Language Understanding by Generative Pre-
Training”! FdR, 16 GPT B Z A1, REBIRE LS HIEMHFEREKX
BATHRERN SR ESEE, ERFRESIRIRMNZERR, IR ERR ]
TRARERTUESS AITERE LR, AnaIAI A 2 SR B R IR TC bR Bk
BARIIZR R Bt SN GPT-1 RREMRAE — R, HIERIES
BRI A U 2 AL S50 T B ARG SRR S BRI AYRAE, RRTESSA R
FIZRAEAR AT BB AR, IXEASARAE — P55 Bt o2 > 2R BRURXE = AL 2]
HAWAESS Lo RIHANMARRE MR IR TEPRIE e 2 > B RORAE B A 2[RI AY
THHES BN GPT-1 FRZEMRIAIE AR,

GPT-1 ME5MRTE B, B 12 2 Transformer Block (BIER AN
R IREL) BN, AT —PRE, GPT-1 7B ARG
Az iR H AR R BOS BRI T IR, 3X S HARERIECn] DAfET B PR AR 26 7€ Bl
i— 1 token, X% i 1 token FEATHAM, BT IXFEHIEIREEL, GPT-1 %L
A] DRI TChRIER) B 2RE S BAE#HTIIZR, IR ERERNIEAERSE
MR

B S AN AN, fESERR Y R B RIIZ s, GPT-1 #EH 7 E
PRI BARE AT A B RO (85 AR RS TH A hid B TS5, ZaEMmA
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token FAey, o, ...,z SRR y HUBHRER, XA HOHA T RIIZRH
B, (B UUACBIAE 450 Fn A\ S I T R b 28 B P LS

BRI, GPT-1 R KM TChRIETERNE EWIg 2 s, HAH AR
FERHRERE B HAMESS EX SRS ROEITIOA, B TR il grh k1S 1Y
FUERE N FESS. £ GPT-1 f2t AT, HRIES ARG HIRw)|
277152 Word2Vec®, fEMZJE, GPT-1 #2 IR ENINZR Ik
2 RANE SHARIZRER. WX DNAERE, GPT-1 Ml Word2Vec 1£
BRSSO R E R R, BT BRI B AR TE S IR
BEOR, BRHIEEEHMARES, HREMNEBNEZEEKE, GPT-1 584
ERTRIMRFRR T IR AN FER, HEE RS BRI RI R R SRR RS
SEAFRZ R THBERIES #r. B 2102 GPT-1 JFXXHREREE, M0
& GPT-1 W24 AR IGRIS B9 HARBREG A 2 X AL S5 B THROA
I R e 5 ) A

Text Task
Prediction | Classifier

— O~

Classification ‘ Start | Text ‘ Extract ‘H Transformer H Linear |

IETE Entailment ‘ Start | Premise ‘ Delim | Hypothesis | Extract H Transformer H Linear |
A

(O) -
Feed Forward | ‘ Start | Text1 ‘ Delim | Text 2 | Extract H Transformer
yy Similarity - Linear
12x ‘ Start | Text 2 ‘ Delim | Text 1 |Extract H Transformer
Layer Norm | N

A

S —

- ‘ Start | Context ‘ Delim | Answer 1 |Extract |->{ Transformer H Linear
Masked Multi
Self Attention -
. Multiple Choice‘ Start | Context ‘ Delim | Answer 2 |Extract| g

Transformer

Text & Position Embed ‘ Start | Context ‘ Delim | Answer N |Extract|

K 2.1: GPT FEAUZA K A0 77 20

BARY, GPT-1 FHEMREF I —MEANBERES R, HEZ
JEIEI A B G N AR MRS, WEERIAERE, GPT-1 KIhHG
ARADER: H—12 2017 4 Transformer 2 HERMRBRBESHK
FEBS KIS R BN ATRE; SN2 GPT BAEMEWIZRd fE 2 T 8 K1
HE 8 DN E 2 BT SEL, (A RERYRERS MR UL TE AR 2 h o S B DA
RUITCTRAE ST THESS SORAEE R POIZRAN NS5 Z [ 1 AR
2, S MERU R R Z A R RO — 55 AT Z B
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(2) GPT-2

5 GPT-1 fu@id - AoETE 2R R 2 N RIES AR, GPT-28
EHMET Zero-shot BE NE S BIUAIRET ], Zero-shot SRHERIUAE NFHE
AT MRG0, RIRALA RS R LS5 F R TS5 R
ftfk, TRMRESE TR BATEIF R SS .

AT R BE, GPT-2 HI& AR GPT-1 REAIZERG AT O, MiZA1E GPT-
1 AR b5 AMESSAE RS BE vk A 4508, 3 GPT-1 Wi R4t
% p(output|input) ZEA4 p(output|input; task); FFAREHE K FIIZRIIEAEI
BRI B ISR, BREATE Zero-shot IRE T2 MEFSHIER T
E RS,

(3) GPT-3

CPT-3 i 75 CPT-2 MFEMERIFIZUN, SCHR T IREAG AL
XNTHERERIREE, —HIYILT 8 DAREARNIIEE, HEEKIEF 1750
{CSERIBRIFRN GPT-3, & 21458411 T GPT-1. GPT-2 fil GPT-3 i
SH R, BRI TUIZREEREE, 7S BN L GPT AR
B,

GPT-3 & BENRRELE R, KRIEIAEMNTTE, —77 H 2R ARG H
R, S¥EMNZ, BA 96 & Transformer Decoder Layer, H—2H 96
A 128 AERITERT L, BIRBARIAEE HIRR] T 12,288; S — 7 HE Ik
SRR HBIREHREER, KET 45TB, EXARIERIRIE S HdE &
AT T, GPT-3 fE2MESS YR VARE L AMERE, EL: GPT-2
Ko B RN 2 IR B EAR, GPT-3 1E Few-shot, One-shot #/I
Zero-shot FIZE FHESRIMER R T B9

B GPT-3 S 72 NIHERRER, (HRMFIEVFZRE], BIanRR
HIMNZEBIAG AL A ST S B RE D A e m, T — Ll AR H
IARESIRAT 2K, DASARALMERESE AT R RSB AESE, RN H T
GPT RAIERIFF A SRR ST, T A risd Y R gR s
B NS PR EGAECR, YIZAUTER, XS EY AT A
TeTEAAERAE & BRI ZR EL = HEBRAOAY, BORER & 7R /YT TA,
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2.1.3 T HREMNZEANHINILTES R (Encoder-decoder Pre-
trained Models)

ET L eSS 5 TN A g i 2R T WM, 1ETE S BRI SRME
%5 EYEREE, (HRRANIERMIT IR RERIER, AREN A TAEMRES.
BT R s A2 SR e B mVAE K, rT e A R SS, ERfE R RE
MBI SRS, B “ EX” AR RS, BRZ A, FHAf
PAE[RNEE, — LR 8 21 e S I SR SR il S PIRRES Y, (P gmid dei
B AR HRZRR, KPR EREIER, R 2152392280 1
fE T2 U

BART BART ARGy — AR gmis asP9HE — s apy B B3 g
Hoas, RAMTNZGTT RN S H SR SOR, BB T 5
¥, TEfRDERES, BART 88— EXmiLaiRE — BRI R IITRE X
EENVIHIPAZR A XE(E B, BART 7E4E5 H RHI BookCorpus HdEEE Ll
%, BUEEIX 160GBBY,

T5 BART N 7B FEMESS R T ERIPIIGRESS, SHAEZ D
EF5 I FH AR MREIX — A, BHTRERE 7 —Mgragie: K
FTE BB S EHES G — K SORBIXCR” FASIESS. T5 B ERmA
ZHTMASE R, KT A MERIR A asBE, SORTE, 1A
FLZMMES. HAEREIFTENER, SREMZFENIIZREEE, T5 4¢E
AL IHDER C4 B EHEITINIZER,

2.2 PRI HHESHNA
2.2.1 PORFESINGAR

e 3] (Prompt Learning) &5 RIIEIEN —E 75 ILgwE NiEE
Sk, HHETE X BRI SRS PR AR 555, ELan i &
IREFN, WEAINETERMA “FRAOREM 77, SR KA
B, MHRZASIRMEENIRE “HASKFBHL 177 JePHE EBRIES
® AR 7, IR RETENE, FEREEAEO R,
A RN LRI — 7 AREE

AIDAE Y, R ST S0k 7016 5 IR A pE ey, it
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i AT AR FH KRS T | 2505 5 B8R Tl 2RO A2 H SIS 58 KTE 5 1S RE
71, FEEAZ AT TR SR R FESS EEISIRFNEE R, EEEE T
EIR M T B3RS RNELS RN T IE, R RA S hn] DG, (HH
BT HELFRIENE,

FORF SRS MBI, GVMERT R FIIEE Y > (In-context
learning) , BUTEFE/RAIIAJTLAERERIEIF, a0 “SEEDY A 2 A B,
BEEARER, KENEEZ 7, DARTEHERRAE S5 b B e
(Chain-Of-Thought, COT) (FATHAEF—1HIFHNH) FE,

MERTHRYS, H2HM (Instruction Tuning) 7] AL EIERFE
STEIINGRAR, PR S 77 IR AR BT B AR S 2 i B Ja i g 4R AR IRFZ AR A
H & e SIS AERNR, T E R SE R RIS, S 3 ST
2, 18RSI IR TR GEIRN 20, memBEdmE B
(Instruction)” FFRAR I, EINELZ BB A0, BRI HE G
fRAEREE, 5AFITIHNTT; EEL¥SIH, ARSI A 2
RN 2SS, TRSMAFESH “F527, BMESZR, BAFREARYE R H
RS ESR, MHHAHPCECR EREIE, “t527 25610

o IER THEDXANTERIFEN S “ChatGPT #HE| 7 IFEAZOEOR?”
o TERBA N EIZATERTHSOMA “BRKER ChatGPT 117
o EWHRE —EHAERNRE, FRPEEY, 1L, 5,

MEEBIFRT AR, A BRE S AP S ITES, S5 EK
AL, SRR T EFEARIM BT, MIREM, & BT 15
IRPCRIAS| —E B a, R ER] DIERA WId A ZREAR (Zero-shot)
155 AR EEE . it $5<9%Sn] AEBhIE S RIS E IR E
RHIE S HREE ), DARACERSAARESS I ZHEAR S S BE ST, OpenAl
AT InstructGPT BREH IRLR 5% SR, ChatGPT & T
InstructGPT B 7515,

2.2.2 ChatGPT HRIFEL2S)

FRYE OpenAl IR, ChatGPT FrAHZEINFEL ¥ I BIRENLIE T
ERINE T ES InstructGPT KEBUHHEE, KRN InstructGPT 43
“De27 BURGEAT,

"https://openai.com/blog/chatgpt/
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InstructGPT B “45%7 BUREHMHRIIR, H—in T 23R
R OpenAl B APT JEHIE S AN BEE, IXLEEETE M Z ATHR
2 TERERENGURGERIEIE; 8o BdRENRE T A ThRE. N 1
PREAN RBERS AR R A EHESE, OpenAl @I ATHIRTHAZMEIA, B
BT 40 NHRRIPRIERIBL, EXEE N ThREREEES, S3tnh=
K, H—Rh THEmMBdRETESHZ AN, BinEANRE HERESH
“FER7; HTJZIMEAR (Few-shot) #dE, HIFRTEANRTH “f5<7 fl—Lxt
RERIIREXS, T IIZRERIE) IMEAR S (Few-shot learning) REST; H=
JEAE OpenAl API HEARIAIBI, FRIEN RIITIXEEHI IS HAHZR T “E
L7 E, RERIREE TES R WAES I (K WE IR,
KE. B&h, 7EE), Hi45.6% B9 1897 NAEMMESER, G
R & PR K,

InstructGPT M FEAEN) “45<¢7 BdEE LHITHRERMIA (Super-
vised fine-tuning, SFT)F1ET A T RIBRAVHI ¥ > (Reinforcement Learning
from Human Feedback, RLHF) DPAREE 5 A\ JF5 K55,

ELRRER b, FizHfESEIEHEE 175B 281 InstructGPT 1
B, RS SIINAMEHES FLAN, T0 B TRIEE AN, InstructGPT
IR EE FLAN, TO P/MERIAERIUR E5A —ER BRI, B AT P
IHEE AR

H—, BUHATE NLP SO, GE%ETRAMTIPING NLP
% (WK%, MBS, BIRRMSESS), BHl, Stk
B, 7€ OpenAl API I 1o, PRV KERIVE(E 4509 1 58] T %2
EFHIR N8>, THRIERI A BUESFA 2 G PR R —2 55, X
JFLMEHATIF NLP BESEE TGRS At ES5 LA
Zko InstructGPT JEILLEFRIE A R EARTA <A AR SR XK Y I il
“Fe27, FHIEEARTIIZ, MM E R R RE S EIX L 7T A R AR RO R
Tto

H=, AR NLP 855, SE0EH —/ed LATE 5553 T
SEFE, XL T IISENLR, ARH P RANE SRR A RME S5 2R
B0l KL, REMBEREMFAMIESSHURIRY, A REAE SRR IRTS B AT RURICR
1M InstructGPT Fr F BIAH5E 5 SIBOR IE 4 7] ASRAME SR (BRI, 18
MPREREASES AR 1597 BulE, WIEANRISEREMES EHY
QbFREES T,
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2.3 H4iHE (Chain of Thought, COT)

NRAEMROREUCE N FHRX 2R B ZAE YT S5 AR T, 185 2R R iR
RNENHERPIR, FHBD KM, EMEHERANESRE, BIUEKFER@ “/hE
BRI 24 TUH, 12 RSET (4085) —H, /DMK 36 1115, JLRATBA
BE5E KLLE)?” NG RIEMEN (1) “4E3: 24 = 288 (T1)”; (2) “/NA
ATDAA 288 =36 = 8(KR)”, ZIER, BHIFEAR Jason Wei (Bl OpenAl
RT) SR T B4ERERS] ) @I EARTE R ST R i A —ZR 51 )
HEALLER, ARERA T ARMBNIE SR HEERE T, B 2 2 R AE i
A SRS R IE R SR MR B FH AL

DEFRTES BHEHHRTES

H BEBA ~ H BEBA ~
M MEERRATS, DRRRT (T8) —
(HER: NEERIEUTPE, RRIERT (I8) — B, NEEXRIE36TIH, JLRAILURSE (LO5) ?

B, NESRFIH, NKRAMUES (O&5) ?
E=R: 8K

ER: (1) (45) ZABIHESZPW? 24x12=
288 (TT) (2) /NEANLKRATMESTE (OI&) ?
288+36=8 (XR) FIMEZEEEN24x12:36=8 (X)

()R8 SHRE4RPILAIZE100MENAY, IRAER
HY7ERS T 105, REIGILR?

- AN /

[B]R0: SHHS 4RI BAIZE 10004, ANRARE
M7 EITIA10SIRN, BEELIR?

Lokick Lokick it
© (1) IS EURRRIZZ DMMNE? 100-5+4
(M) (2) 7H5SF URREIZ S DIEHRM? 5x7=
BER: 5K x (mg)  (3) 105MEMH 73R E R EIBLIR?

105:35=3 (R) FIMLZEER105+ (1007774x7)
= 3R

& 2.2: BAERERY:SIRER

MET — IV IMERTERE S, BRI GRS AR

1 EEAERERIINES N, RRAUR] DURE T B34 T 2 0 PR A [ o — 2R
SRR ER, MR 3 a2 Y75 1500 AR,

2. SRAEREON BRI AGHEBR T N AR A T — DRI RERI A L, i v e
BRI RIRIN R 1B SRRSO T RTRE,

3. SRYEREMEFEN T2, AMAT DA FRCA N ATEOR R, B I HEER ALY
SRS, M H AT REIE AR 2@ E 5 MOy AN,
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4. SBAEREGRTAREE R, rJDHRFE A SR AET %> (In-context
Learning), MIMESFRIESHEA R HERERET],

1EWei et al.33) TAERYHEAE |, Kojima et al.BY F6ZAEA R, A
HEFZCHEIA “Let’s think step by step” (EFAT—2—HE%E) AR
BIAZ, MRS T Wei et al.l33] A \ T885 Fh R BRI L,

2.4 FEFANRREEIEYS] (Reinforcement
Learning with Human Feedback, RLHF)

RLHF /2 ChatGPT /InstrcutGPT S5 AR EEIXNTF, RIZR AR5
A RATREA: BROTC U R I 2 SR B Z R0, B IRAE SR (b2 STHESE RS
/N 2 N1 s s | N R T

RIBRINEE BB S RIS N (i 8RR, R DR
FMEEEEA, THRERERIMEE . KR Rgd g mE
NN T ARBIERBIAESLE, BERmE, Bk T EARETEE LA
JARERRL XA IR R R AR, A5, REERMAH SR
SRR, ARG HMATERSE, R, KB T)IZR0E
AR a] | 350 5 5 — AR B2 R h 2 ZEA1E HARRR &R, M se o)l grid
.

ORISR 45 7€ SIS RN ChatGPT /InstructGPT IS EE B
M —RESRNE, TR ESIRREZR N TUNZR, B, Al sRIS R AR
BERIEEE, A5, KR EIE AP TR, S i5E = AR
FCABERT, (ERERERE, AP BRSNS I, R EEIRER 5
TR KL &S0, Ak, O 1A TR ST RN ST AR S B A
TEATF NLP a5 EYERERIIYEIR, SR SR AR 1 )| 2Rk,
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How KBNS S S

HATH R R AR ZGERB I P R E RN SHERARZ —, AMUERRK
FREIFTHRBCR, IEOUE TR AREG N KRR AR, RAEEIT
I TIATIH RS KR [FFI SRR U HATA] R HATHH EAESE, 3%
IRMEFRERE R R, S48 T IZad R T RE IR [l S AH 5%
TG, a7 EATE RO R, BRI ER 1B R R 4
FANIE 575,

3.1 ABARGHTHREEAR

B ChatGPT BYARK, KT E IR AR TR Ik 57
KEMRA HIA GPU BBE-RIFHATIHHEZRERI 2508 1655 &0
NVIDIA 1B 22011145 E /Y GPT, #H T 3072 3K 80GB A100 I
5 GPT, mAMMBMEARISHEIRS T 1T (CPT-3 JEIRA 5 )3, a1
RS EIE, BH—8 GPU BREFERZEHRA TREARNLEE, H
AT, GPU TR AERINZGH S EHR, NRTESHAT AP E
HENHI, ASEERINHATH B A S R B KIS ECE M
F|Zk GPU FH, HARREARE GPU Rz EARERE, BAR SRR
R ER5ERE . 8% GPU HATHHEH PRI SR

BADHT XM TR B SR 80E T B/ MER R ESS, i
EARERZHEIS KRR E, —RARER— M e B # = — 9K GPU
+, HEEEZ—IMTR (FAZEKF) . WNEFERIEER A E D REH M
E XN K Tensor 1T7Y)7r, BWEE VI FESHECEIAFT GPU RH,
WMRAFERER AR LRI RE EAIZEAE SN, WA DAH R —IE Kk,
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BHRIHT XM TR EBER R 25y, BN BB RIT B AT
H—NEZAVNEEE, BEETILE. BT ARREMIZS RN A
g, BERREENIHTAR. MRIEREIEIFIT (Data Parallel, DP),
KRR REHEHAT (Distributed Data Parallel, DDP), F#IHRiH5E4E
D HEAEIF1T (Fully Sharded Data Parallel, FSDP) , fEHATIBEMR 15
2T KGR F HLERT > RIRENLEEE R (Stochastic Gradient Descent,
SGD) MARAEHE T IXEIFATIRIBAEIRE - S R AR P R

— R, CPU ZLARGmIE IR A THADH TR, JmU2 ] DAk
BRI TRER, A DM@ BN R RSB, R AR
AT R R AEE LRI EoR &, BB I T R nusgm, EEr
TR ETRIEFEPIEI I, GPU I T9mBEEANRATEHIEHAT, a2t
FTRGEBT AR B, ARSI B ale SRR B SRS MTETT R
AR R, A DAEEECMEAY, XN B R A AT SRR,
RIEEISEH KERIRIZ B RARE 7 FlaERA GPU &5
DAEHRE TR o s T8, B N — D REAY, RN IFITHY
R, HRERS RS T 580 GPU BEILEN 155, & GPU X
N —NF1E5%, AU KERIRE ML E, HERPAK Tensor 73
AN Tensor HATHATIH R, R IHEH, 0T DUBEIA R M4 A A7
IKEFHAT, EE—R B W SOHTER &SRR,

B HENLSREAER GPU AR T R, ™ BT RSt )
HEE. b, BEGHT. WAHTERZ RN ERE . MR A 0
NMNGAEZR, ERHMIEERBNNGERE, X2 NT4 CPT-3 EEK
i 728, AIREPEENTUEM GPT-3, Hill, B AMmPMES57EHK
TACSEHBE KRBT ZRAIAEZE £ 22 NVIDIA FEHR Megatron-LM | £
SRR EHIFF A/ DeepSpeed. [E=HE k¥ PaddlePaddle 14N 5
J& MindSpore, RKZHIFATHEZRHA SZFF PyTorch 77 aIIZR, AIPATERL A
{CSERAE I 25,

3.2 FHTHEHER

PyTorch!
PyTorch H B 245 7 JLAINE 73 i R FFATRIBOR,  BLHE 70 W6 &

"https://pytorch.org/
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(bucketing gradients) . HFEMIFEMES (overlapping computation with
communication) PANTERSE ZEF (gradient accumulation) BBk [F]
# (skipping gradient synchronization) , PyTorch 731 ZNEHE 1777 PAH
256 1 GPU JRFHRIR LR v R IERRERS, f£ DP BB I, JRAEX
£ DDP, 8 REA B CAMBIRIBEI AR AL, XR2HZF
R, —RRUE, DDP #8EF T DP, REIRZIMGLT R hnE
tb, HEREH GPU FERERBEEMALENSHES, £ 111 RAE
J&, PyTorch FFUA<HF FSDP BOK, AT DU A R AR B 7068 FH 58 B2 5L
BENFETD, BER/D T REREESHE, BEMYE RERE R,

TensorFlow?

TensorFlow 72— RMABEUE T E L IRAITH IR, TensorFlow
AR HRERFFTHR, TUEARZM RS /Il Liafy, Ttz
AN, EEMARRG, efmEHF AFREAE R, &
B ZMFHATIHHEANT, 1Y), TensorFlow ] PASZEIZMIHATEM MR, 2
AR NINZGRIRCR, JFIEH TensorFlow R T HASEIIN, BEES
FRBIZTTRCR, HERRZE AR R TG, BFTRAR TensorFlow B4R
NSRS EMBIASE T, BIFRN R KIFHFITIES,

K% PaddlePaddle®

K% (PaddlePaddle, Parallel Distributed Deep Learning) s&¥k[E#F
FHEFR. BEWR. DREEEIWIIREESIER, KRR N R
B3R TR SERTLN)IZRaE 7, T HIEHIX QI ERIER L 1 4D
REFATHREE, NNGTICIMESHER, afRA Mg KR&A
RrIHoR z—

KIA I AYIGRBRTER IMR L 2 Bt 1R H T =2 M, W
BRI, SRR, AERE. GEE, FEMM. SOL ERNIE 5%,
M EMEE L WESERANTENMRE (CV) BRAIESLEH (NLP)
BN R, XFEH T HERKR Embedding EARBIFNEAREHE R AHE
HFHERIZT R,

A MindSpore!

FE (MindSpore) B— M2 RIREFSIER, BELIGHT R, SR
AT, e RERE=RKER. HREITERIN APT Kif. AR, &

https://www.tensorflow.org/
3https://www.paddlepaddle.org.cn/

“https://www.mindspore.cn/
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RPUTEFE TR, BRI Y IGRR, R RNFEHES
FIN X FF . B LU 5. F 8 MindSpore HURiEZ —Hl2Rl & T
BT, BAEDHMTAIR & IHHT, WE—hZ &SR m 2O TIIZRE,
LERIEN A 3R SO BA A B IC R A RS 2R, AT AR 0 A1
TR, BITRIESSIECIIER, X P RROH T4, JHEERRS
PERE; THEEHE ERSHR-REBTRE 2 S B — A TR
17, BRI, SaRRHnIMULIERE,

OneFlow”’

OneFlow ZENRELMFFATHEER, —EFFT0m M & MRe
ZHZFIIZ, OneFlow XN B BIIR B — MBERIZE,
FA P R] AMIB SRR A (58 F R 75 . BofThiRAH OneFlow 1 TensorFlow —
FE, SR T RN S RIS S B S, T BLalEk &z Rl EE 4+ 70 75 (i,
AR, OneFlow 5824234 PyTorch, ¥ PyTorch 2F# 2 OncFlow HEZR
IR, OneFlow XHi8dE + BARUAREFHT K, ETEAFFTIH
HERE, OneFlow fEMEZRZHLM T KEMA, nn.Graph $24E THE, F
& REREMLAIET, WNE FAlE (Kernel Fusion), HANESFEENIZE (Auto
Mixed Precision Training) %,

%% Colossal-AI®

“E7 (Colossal-Al), fRELT —RIGHATHM:, Wi ZHEHT. K
ALl es. BENEFERE, HRTTRNESA T, #AFTIIZRIEE,
R T RGeS LEMAMEZR, NEEANGES, 5TV RIS,
A N L REVIZRRCR A RN S/ MU R, =77 Hi#EAT Tk itk
VAR, HERTTARNTE. BEIKRERAERT, 5 M AR SR I 2Rk 2 it
BRI A B R, SR G, TofE P S BRI ARG,
s 7 E ARSI, XNFRZER D &), (] MRS AR
AL PyTorch RIS PSS REDHATIHHENUEER L, TTHRIQOITIREMN T,

Megatron-LM”

Megratron s& NVIDIA 12 —F/ET PyTorch 734 Il ZR KR4S
ES A ZEN, T4 T Transformer ZRAGFYEARNE SR, FH XS
Transformer ¥4T 7 &[T, FERANZERIFFITIGT R, Megatron
WIE N 7SRRI Transformer BEATIIZRR, KT AUSHRHESE

®https://oneflow.ai/
Shttps://www.luchentech.com/

"https://developer.nvidia.com/nemo,/megatron
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IANGRRIEHEFAT, WSHEAIFFT, B4 Tensor HATHI Pipeline F
ITRFRERIF1T 77, NVIDIA kR T ZRieX, BARKMENELET
2019 4E 9 AMIGS, FEHRH TN  PUR ST IERS, &
RT 2021 F 4 ARYE ZRIES, NT AR — L EEZ A, W tensor
parallel, pipeline parallel, micro batch size (T 7 —L9M 5116, [H
IHEH T ISR pipeline £5#5 communication FER35), @it 2 R/t
7 gs &, AT DOERBIRIZREE R, &R T 2022 £ 7 AR =FR
B ORME LayerNorm M1 Dropout L3 N4EEH—2 )77, 151X
T BN BB T A A ARG MBS TP RS RO IGO0 N SEB T IR 7139,

DeepSpeed®

1£ 2021 4F 2 A, WA T —8 %N DeepSpeed HIEE KA
BT, HPEE T Mt EEMRAeER—FIURMIMAE (Zero
Redundancy Optimizer, ZeRO)*, %A KRR T 1011 EHEHATIIZR
HREFFEHEIRETRER, WA 7 REEIZRREE 1. XA
AR, WMRESLEH T ZeRO-1, ZeRO-2, ZeRO-3 il ZeRO-3 Offload,
BRI T GPU MUBRFIARERE S K1, EEF DeepSpeed, 4K
H&ETEE 170 (LS BRIES R 2478 Turing-NLG, 2021 4F 5
H, e TREFESZHRANIZR 2000 (CRANSEIERT ZeRO-2, HAiHAhRA
ZeRO-3 Offload AJPASEERTE 512 F V100 EYIZRITACSERAERT KA,

Horovod®

Horovod &2 1% T TensorFlow, Keras, PyTorch PAS Apache MXNet
FIFFATIHEANEZ, Horovod J13RRFERMUER 7 prid fe B st L AT IH R, I LF
Al & Data Foundation #:4<% (LF AI and Data) 4Ef7, SEIrES0T
NTERE, VISHREYSIN AT, S5FFFETEMX, Horovod #HH
MPI 8L TensorFlow HIS RS AU B & 8, {EH Horovod 4’5 HY
TR 7SI R SR A °] DALE L AN AT AR B B8 OB IR i A s
GPU, 21 GPU EEZNEH LIZT, LREIEMNE 128 MR (BD
WL 4 Bt Pascal GPU) BYEERE L, 7F Inception V3 1 ResNet-101 PiME:
% I, Horovod JLP-ERILH, T£MENNIE L,

R 3N DA EFHATRESRIIE BT 7L

8https://github.com/microsoft /DeepSpeed
“https://github.com/horovod /horovod
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% 3.1: FMTHERERLE

5 HRA Bfisn]l BEHT B
1 PyTorch ~ Meta FFFEMAX  1.13.1

2 TensorFlow Google HIEFEX  2.11.0

3 KK HE FFEMX 24

4 MindSpore #£5 FEAEX 2.0.0

5 OneFlow  —¥fHL  F¥EAHX 0.9.0

6 ZR BRRE. JHEAX 0.25

7 Megatron NVIDIA  FFE#X 3.0

8 DeepSpeed MicroSoft ~ FFF4EX  0.8.1

9 Horovod  LFAI&Data FFF4EX  0.27.0

3.3 BARGE

RRA B R UE RRTURE S fE R BRI R —, KRR S H
R, MEEEFRIRVEEEGREER, X/ E o/ aaakE R Al
SR IRRIRMES PR, DARCH FIRIMERTT S,

3.3.1 T ZRE A 5 i IR H

RIEIN AT E LN IR E S S M i ISR —, REE
MHEHEAISE, B8 S ENTE S B S OUs R &, (ERETER
BRVEF ISR E IR VF 2 AR PRAY, AR UL :

1 BRI PIgMERNE R IFRE R, GPT-3 SIS ET21M2
B, R AE BB B N R RE 2 1 e 1 i R A i g PRI v

2. HHEPEHE AR R AL — DML A SRR M RE R B B R
—o TESEPRA A, SRIRERE AT E RN E SRR R
GIRTRCR, eI EE T n] DAG R AL RN ], $2 = P IR,
I R BT IRRIR 7,

3. R MIZERTRERENHRSICRHEITHM, XAl
BRI BT RSN ML RE AL

4. BEAFEAME: PUNGETIRE B FEE N 2 MR EA TS, B
CPU. GPU, ASIC %, RHtFFE@ERCFILI,
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B 3.1: MRS ERIE K5
ERES/EY

5. BURREAL: P ZRR i B 75 2 R B BRI T IR, (ERE
B R R AR ORI B AL

6. RAEH: WA RTRES AW EHTAISOE, K ERHENTHES
JE A B RN ST [,

3.3.2 {REHZRANRE TR
HHIE 31 SN U HIE iRV - &

1 BRNGERE: JEEE—DIES B ML FFRITIZER, JIIgh— i
IS,

2. FERUERHANOLIL: BT AR AR - STHEARIE IR & 2 R AR 52,
T ER B SR O B FRIEZRAT IR 2 AT EURS X,  [RIIIEAT — 2 HY
fetete, DR S BARPERERTIR
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3. BARFUCERANERR: MRS TR, W AR T EE RIS L
i, RHAHOVBEIIRTREZ AR, R B S BE e B AR SR A2
— D RHATRIR AR

4. FRATERZAIA: KT BRI N R B 2 B hRiss b, FFEA T
BUMERIE, WO IE R MRS E T

5. BAIBGHANAES: ARIESLIREREG, NBEAETEHRMIUL, &
MBS A BE I BLAY RIS bug, PRUEARIRFFELA] FHMERIPERE,

RIE S SITHERR ) R HERE 5] %%
: = B
O PyTorch € ONNX =
: b ONNX
F TensorFlow | s O PYT'OrCh 4 VT RUNTIME
TorchScript

C ff PPL
®in: . Caffe

©penVIN®
HE itk &1y

K 3.2: FAEER KL 0

TRBHEZE A IERERBHEZEA T BRI LB AR, JF R A A A 1
RN R AE DI 8E, — 58 WAYERBAEZRFN T B 945 TensorFlow Serving, ONNX
Runtime, OpenVINO, TensorRT. TorchScript S,

Ohttps://github.com/open-mmlab/mmdeploy/blob/master/docs/zh__cn/tutorial /01__

introduction_ to_ model__deployment.md
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#8E 73\ Online 7730 EIoEBahimilw) P mAtE, R BHEEEIIRSS
At TN EIR [RS8, Offline 7730 MREREAFAUMEREIERARAY, 1ERSS
ISR IR, R ahmIE T ML AL,

3.3.3  HRBBIARMRALTT I

R AR HCAIR — R (e e 22 W0 45 Hh B 55 SR e ST 8 2
Ko EMIIZEAIH, Ty 245MERREARTTRATT, EHEARER,
G i, A ESFERME, RER TN T AR R RCR I TERE R
KREE, ki, FEr R duten] Poaid IR 75 0L

L R mEBEER: ELHE T, (SR RIART AR TR R 2%
JEMIATE G, TR S i 4 B TERE.

2. HEEMANES LA T BN C++ M1 C FREF A Python
SKHE T, TDAEGF A T R BT IRAIRE PR a8, TR S 2ty
MERE.

PEPE IR B iR — RE I L PR RAE e I 28 MR RERT B,
EHGOCR, BEAENEAT DOEE P77 S

1. TPU (Tensor Processing Unit) : TPU J&H Google &AL T T HIE
FE SRR ASIC B h. S5@MB CPU #1 GPU A[F, TPU
L TENIRE 22 S TR AR AT KA T TR,

2. ASIC (Application-Specific Integrated Circuit) JliE: ASIC & —H1E
HL RS AR, LT IR E N 7 i i iliE, 5@t
AR FNZ R E, ASIC AJ DASEIH & EEAILAY FRBR G5 AAN LR, DA
TR MEREFIRERL,

3. FPGA (Field-Programmable Gate Array) fllJ#: FPGA & —Rf0] %
RO F, e r] OS5 USRS R i FLE . 5 ] E IRE A 5
JFLEE (ASIC) A, FPGA BA & E RIEMEM A miEtt, T ATEREf:
BHSECIAFP N 7=, FPGA BH B RKENIEZEYIT (Look-Up
Tables, LUTs) FI{#&#HIC (Flip-Flops) 2%, 1B ICA] DASZEEE
ARA/RZRIZEMNBERZE, MAFEERITTA] & A 45 R AIRES
L&, FPGA & T RENNERIEELEEH 1/0 5, w5 HA
FLES I B B TS
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k55 mIRS RIS SRR E R Rimikss s b, @il DM ftss
AP ERBIARSS. =R AT DA AR KA TSR RE AN BRI, [RIINAT A
A SE PR RIS A B B SRS B, W WA = k55 1R e EdE
AWS. Azure. Google Cloud %, EAHZM T &#MIREXIMSMTE,
BARLIZR, BEERE . B3h4E.

1. BANIZRARSS - 24 GPU #1 TPU SR BHIRAIRE 2 SIHEZR, AT LA
T FAE R PRI I ZRIR R 22 SRR

<4

2. BARIEREARSS : TROE AN SRR AR SS, AT AR I ZRAr
S

BRI B B Auneia g b, ARSI R R RS o

ok O

3. FRMEMGEIRSS : ARYE M P BT RATR R L, HEEEH RN IEER
IRHOMBRIRCE, DURBLEMRE, SR SRS

e CPU HEPIREZRIEIL 230 CPU HEFEAEZR A9 (L i 5 Idid 4w
BEOURSCEE, Bl@EE R T, PIMELE CPU BESE mRiotit
BRI, fR SRR AR T

FaRAPRY  FEEHlLEs Y SRR Z K7 R rh N, CRIPHP BRRAE 2R
N—ANEERRE, ERNGRAEE S, WRZESEWNAR R,
B P RS RARSRA PRI BSOR B4 -

1. ZorEEmh: B AR SRR AR R T IDNEE, MR
ISR

2. INERAR: INEBARZE MR EIREAMREEEOR, el
P AR IR UG i e oy — R ETR I I 2. A A IR
RO RENS fif i B R R A S R

3. VAl g AP AT DARRIS R AT AL R 15 1], AT PRI EIE A
AR A
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3.4 PGB S0
3.4.1 BIRIESE T ZH0HA

Bt TR o ST ROR R W A g , K BEE 5 28 (Large Language ModeD)* 23, 42, 43]
EECN BAAE S BB OROR, 2R, IXERAGEH R8s E
FEICSE, SEARERIT RN, RZENHE DO TR,

i, B ORAYTE SRR B K G SO — M AT RS 2, T —20
B, BN TR, T SRE AR LA

1. BYRE: BYRUR —AEId REREAL Hh— LA I RE AR TR BN
FRAR IR

2. ZRIH: ZRIER — M o A A A A RAS L )| R UM AR T O 4T D R
IR NI R JEHARDL T, AR B/ NI 2R I 48 82
PSR

3. &t BRI Sri Rl Fh R R R M ORI O R AL B 152
Ko BEEIT, BAEER 8 AaE K, BMAA DU R
AOfE B AN TR, (HATRE 2O BRI AP RE 28 — 2 RIRZN,

4 MRS (R AR SVD RN AR B SR FEN
EITEREREE AR, MR Attention ERISECR, 1RRFRITI

5. BAIZEAEE: DL ALBERT Nfl, B8 Attention B2 [BISRH T
EHERAR, WD T ERI SRR,

TEIUA TRIRSEAFRIRRE S, AR — M2 m A B AR MiHESs, BIE
TR I Prod X o 4 A R P AR SRS ) S T A 55 PR S, A S RITER R
PRI AR F BN IS O OB 46 77 10 TR e ey
1146

3.4.2 SRR

FRGER TR ZR IR 77 I3 I 0 7 A R L B BERR B ARFAE, R %A L
ITASERL” HUE RS RN “22 AR DASEIRRRY PR 45, 471 KT, 24
AIRTES A (W GPT-3 R5I1) FURME APT £21, HSEEATRE
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KA, MELAN FEGHTRZRE 1% MR, BT POEE B & RIFESSHEE
FE IR R 2O A A B R A BE — I g/ MY, DU A
—EMIEEST, BlAn, GPT-3 R] DAFIF EYERE MR E ZfE R in) 8, i/ VA
FR/NRHITIEZ IXFPEE S, AR A GUELE GPT-3 it A (RIS R
RN BRI, FEEMIANIGEDE, HRX e RS T/ MERY
gk, HHEE—EHEEAES S 9, BT RAFEEE S BB a1
CPT-3, SRS HIAENE S, Fla oPTH, BLOOMDPY %,
X FIXLERIRY  FoAI ] DA S 2 iR AR B2 RHE R 7 A TR 2RI, 2
BT IR SENARIE KR, FT—R i PRI R 2 E R
MIFFRS. R, TR T RENE S BB A RN AR, A MR A 4
HT B RIPERERI TR, BRI R A I 5T 8,

3.4.3 ARETHLBIRI LSRN

HRARFEZESCETESERORA, il GPT-JU, opTH X
K BLOOMPO S AT SR BTk, AS B BT A B AT DU BLASE T
HISEEATE TG 0L, AT LAy N EE R (L BT AR EES AL B R A A, 2544
BIETT IRAE R R M B D0 R AT DUR R Al AR E R SR — 8
JE ERITERETRE, TARSSMIL BT 751k B IR ] DAITERR e B AT O T R
RrPERE, (B2 SOHE DATEE A A RE £ Lty SR SE MR IR, [, 722 i
W HRRE ARSI EERIEH AR R 2 aiE, FOAIATREZ RN AR
R, WG NP HERERIINZITHE, KM One-shot HIfSE]—4
BIER M2 AL NI P ERERRR, RN, DR RIEERRITRE]
RS HAMBREGEOR, aRRIZRE, MahE DOtE— P KA S R
PERERNRICR,, IXEERORIYR e oM HEah N TR REROR BV M N R A
ABE

3.4.4 BRIEGNE

HHl, 0§ GPT-3M JXFE R RIS R T R A R 47598
FAE— PR, RSP E S AT L5 :

A RS A ANEH AR HCEERH ISR, FBENE
SRRV ZRRY TR BAMANETHAREE R, X FERAER & AR
SSETEIRREZL, B2 NEMF SR, Fit, EaEBrERRES
FEUN YRS, BB, RHIRZRIESE 2 MERFERIES S /.
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B RORRY R R AT 2 AR R EOR ] e A BERIEM T
TR, BN, RGERIRIRZRIE 715 ] RETCiE A ROt U AR FR RO R
R, &SRR T AR B RITR O S Rl RE SR MERE TR, FFH.
AWTFRRE, RANESBEAFERIEE S, RSRRSEORE]—E MU A
SEARBEET). RN, BTEABRIRZEE S, TRETRE LRk
WIEZE AR, Kitt, FHEA—FEHREGE 7R, & TSR
PN LR

BRI R SR HRIREARERN GPT-3 FFE Ny HJREER, AT
AR BRI S EUE EMEEHE R IXER AN BRI T G 75 Z
— e LR BRI Z R R 7T A TRV AR RO ZR I, 8900 1 R 46H)
HERE

EOAEARAIR RS, HATESA SR E TIRR, fla, Eides
BHRL ARZABMSEOLZE MR TE, n] EAURRTIMERER 1S
O MR SRR R 5E (B E T

EHBRYL, FOMERERIE T 482 — D B A RIESS, WEES
MR FBOEATERE A, RRAINT TR AR SR IR AN B X AR AT B
IESFARETRR e, DAEZN N TR REROR YA Fe M B H o
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HPYEE  ChatGPT MHEEdREE

ARFTFAAL, Bk, BdE, BAORREBRINAN =77 mEZRR, RIE
OpenAl RTHAIESCIO AHERINE, ChatGPT HEHESE 1 HUASTRIAL o =
BT DAER AN TANESGESE, Htrl I, f£PL ChatGPT ARERAT AR
AZR, BURBERIER. BUTPRTER R, ARER A ZRERESE DA
NN TAMERRS AR ERM 7T, FAA4 ChatGPT SFEAAT TR A S EL
EL R

4.1 TISREE

4.1.1 XANGEHE S

ChatGPT Z i AR HAEE R F I XA TR 54 kRE 1, HAEER
KRR HANE — DN KRR, O T HRIGIXAE R A R KR
TCARESCARE R BT IOIER, BRi8 28 R Al 2R 850E 5 F 26
BookCorpus, Wikipedia, Common Crawl, ROOT %%, 3 4.1#t% T HA1#H
MR ZEdES, BB TR

BookCorpus R BookCorpus®? 2—> A& Hi i /E#& 55 1 62 2% /)N
g, Bl 11,038 ARH5(4) 7,400 /5 MAJF,1G N HRD, A 16 MR
TR (AR, s, BReSE). T HE4GH) BookCorpus HHEIE#H O A FE
R #, Shawn Presser f£ 2020 SR LR T —EREREIESE, HH, booksl
RS 18,000 tEIHS, 2909 2.2GB, FEBIE Ahttps: //hyper.ai/datasets/
13642; books3 HHEE 196,640 MEF, £08 37GB, ML Mhttps://
the-eye.eu/public/Al/pile_ preliminary__components/books3.tar.gz,

"https://openai.com/blog
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Wikipedia #EFRPEZ—MRNZESIMEELER ST, B4R
RESSIZE, BB 30 FREREHRNEX RS M4, 82 2023 4
2 A 22 H, &rFEREARFEEDT 662 ik XE, B&E 42 {21, 1
T HEHAMIER, 4EEEREISCAR DU & 5 I S E R, A
PEMZAMIESOUN, BdEREIEE .

Common Crawl RHNERHE Common Crawl $RELHMEFERE ST
H 2011 FDUORAIMIZETE B8, RUHR R4 M T8dE, TR B
APEE, M T IKAL Token (PB %) o AN, & H X 2MBATEE
TR Z) 20TB B%#E, Common Crawl ZEZfiET Amazon Web
Services FIEERZ N EARF-G b, #HEA] PLAttps: //commoncrawl.org/ H?
FREL, 1£ Common Crawl iﬁlﬁﬁ%ﬂ@%ﬁﬂh, XA —RVBIEE, A
5 800GB MY C4 ¥fE%:, 38TB Y mC4 FEsE (FEMilkhttps: //www.
tensorflow.org/datasets/catalog/c4) PAK CC-100 £ESHE (FEHIE Thttps:
//data.statmt.org/cc-100/)

ROOT ROOT #E&EZH BigScience JTFRAY 1.6TB FiilllZrEdE, 45
T 69 MEE, ATDAHSRIIZGEE 170B SEAVEAL £dE ] PAMhttps:
//huggingface.co/bigscience-data %

The Pile The Pilel 2& AN ARRALLRIE S BB T 58 SCEUE
%, BAEHIEDY 825GB, BE T 22 MRIFEAEHE, f45: PubMed Central.
ArXiv, GitHub, the FreeLaw Project. Stack Exchange. the US Patent and
Trademark Office. PubMed. Ubuntu IRC., HackerNews, YouTube, PhilPapers
1 NIH ExPorter, 1ZEHE&CHAH TIIZREHE GPT-J. GPT-NeoX-20B {E
N Z AR, £ T Eithi https: / /pile.eleuther.ai/,

T8 EEEEEPY B AU IR TR RERF A 8.22 12N M DTk &
) 3TB FCIERNE, 2 H AT KRSl gr i, mHAER X —&
RIS, W5 7 BRI AE R, MBR 7 BEET AR AL
8. BURE NEMIEIhttps: //data.baai.ac.cn/details/ WuDaoCorporaTexto

https://wikipedia.org/
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CLUECorpus2020 CLUECorpus20205% 2/ CLUE FFE# X M 2019
£ 7 HE 12 AB Common Crawl HH{EPERIZH 100GB HY & B EH il
FIBRL IR N EIE https: //github.com/CLUEbenchmark / CLUECorpus2020,

MNBVC #AEEH S iER MNBVC (Massive Never-ending BT Vast
Chinese corpus) BLEEHTIEL, fE3C, /i, BFE 208, 183 G, Mr
wiki, i BAL B KRG RE PIRIEREF VIR A4
ARAPSCEAE, BRI AR R, WA SR N RSO 2 KR SR,
H AR 2180.1GB (#URF 2023 4F 2 A 24 H) , #E NEMLE
Jhttps://github.com/esbatmop/MNBVC,

A FYISFBARE T IE

REHRELTHR TIRZWIZREdE, [BAEVIZARRHBTIZRE S
AR, FISREBMRSARIR, RN : (1) RN EdES 2 5/ 017
FEMEE R, RERIRTCHEm g 8™ 8, e il R EdE AT = P =
HITBVER L E, 2 BTSRRI 58E%; (2) OpenAl Fl Google {#
() R T SRR SR SR PR, TeiZidkiE, Bl Google AHE]IIZR Chinchilla
PR 2.1TB BFEEHEZE,. 3.1TB Y Github ZdE, OpenAl AFIZk
GPT 3 W F WebText23, Booksl., Books2 $fE%E,

4.1.2 RSP IZRE RS

TERS RPN 2 5, Liang et al.bs) ZIYIZEHRH S E R
MR B IR AIE S HEEERE ). TEX OpenAl RS PRI, H
RIS COT RILEEAMRG, B, FERIZRI M LR
TR B 5 E AR, RSP ZREE v] DARIERE P 1E S F B RIE S 2
75 AR H B0 B BB R A ST 28R R 420 1 — LR MR AR Rk
AMER, NTEERZHEESIEES, RPMIIHEEE S35,
NL-PL FoRBO Y H2RE 5 g8 5 4 57 50,

RIRREE RIERRTEREIEGARES, RAEFESEE, 1%
HIN AR, 38— Mg T RESERIES I RIEESS, i

SEANZEREZ WebText  #HEE, H KIS 7 Whttps://skylion007.github.io/
OpenWebTextCorpus/
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Bt h d181°¢C XIHEH OAININ DAININ
UG go00T XML H0TO 020z sndioDENTO
EDICAILEC T
dOST-INTD  WERRX SRS ()
I ok TV 218
HOETIVID ANILAO TLdO 4yl anse’  (0202) T8 10 ovp oI d oY,
*d0%-XOON-LdD “[-LdD “dOST-INTD ‘2L (kg .
0L™ ‘ZINOOTd ‘INOOTd E8uhk 69 51 a19'T ERLEI RNl | LOOY
. o ¥ T
GL-ueld ¢IN “GL Yig¥E LdD . - ad IE Y [F mer) uowwo) [MRID TOWWO))
I I ]
. . FIHE
TNI-LdO “LdO ‘5% LdD W B 5 ao €c'1e ST YHT erpadyipy
an.L¢e :eyooq I9SSOIJ umeyqg q
TNI-LdO “LdO ‘[4¥ 1Id EA- IS5 . sndiopyoog
O LdO I LD HHNASE gneg m0oq M(eiog) e 10wz .
e 2 B & 1S U 2 Haltig

AR Ty ¥
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% 4.2: RESFIZREREN S

Btk B FEE BB (GB) W
Go,Java,JS,PHP NL-PL
CodeSearchNet (2019) GitHub 17

Python,Ruby PL

CodeNet (2021) AIZU,AtCoder 55 8 NL-PL

NL

THEPILE (2021) GitHub,ArXiv,... - 825 oL

thestack GitHub 30 3100 PL
C/C++,Go,J

BigQuery GitHub / O 340 PL
JS,Python

BIGPYTHON (2022) GitHub Python 217 PL

CodeParrot GitHub Python 180 PL

GCPY (2022) GitHub Python - PL

e, HEERT; BN TIIZNE, RIEERNEFIES
SEIRIEFNZ R ERT,

XSTREE TR O HERRY B 2RE S AR R S TR AR, 1%k
s T E AR B MEEF KRG, FlaErEdTER 8 TITHRRIEF&
GitHub?, BFIESERND, BRESEAEPRER, HISEHER
AIRRAE B, A StackOverflow” MRRIFIEAL X EHE, BRIES
SEMEEE, BFTE S RZ DA A BT N HELE R [

H S TEH SR R Aa B A7 (R 5 B B AR S A S [y A, |1
FRRIAS A BRTRES IEUC KSR, (RIt, EfEREIRZ AT, T —E M
NIFF2RHEATRE T 61,

4.2 N TAEEHR B S S 2 42
[ GPT-3 JFth, ABUEIREN T ISR HIRAIE S BRI (X,
AFTBAE B A B BRI R 5 R SR R

“https://github.com/
Shttps://stackoverflow.com/
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SR,

4.2.1 WA TR R BRI

B MIRRAEPIZRIE SRR AL b, 2 D EXRMES B xtilig
FHRERINBRES TEARFESHATHIE, MMBUEEARS 7T EERE, 12
RN RFMESSHITZALRE AN AR IARFAY — B, SH AT AR SETE
% EIHATTREAMERE,

R R €EE L aFe R i e 5 - X1 IR b7 N = P DI B 3 < 3 i
P R B ARG S A F AR ZREdE SR, BIAN B 3TRIZEESS 1) CoQAS, [
R ESH SQUAD™SE; 2) TEERIIZREHES B N TAE)IZRESS, 18
B PRSP D2 MESS; 3) MEMEFRIHESRS, KR
AENGHEARNIMASIES &, BIZEWHTETE SERRS 750, M
TS RS T B o ST SR R 5.

GPT-3 AR R LR H R LN SOESRIR RS, w5 TR
MR ECE RIS AR EAR, K228 BARMESS o N — Ay i el
TRE RN EESS, MIMFEDZIE T I SRR A5 R BE T oK B8 4 it g ok i)
W, ABX W FEOLTTTEE ABAEATT R S AR RIS (1140 B 8150,
HARESHHE) I, SR AZEHRE R SBIEARER 5 A\ KA~ —
B SHORMEMELEL, fERIARREITEESS RS, HURRBRIURY TE 240U
RES), BANGETZEES), FEIAESHOETTIRRH TSGR, ME
R BB S AR E BAREER A SR, @I RRRIARC B ZOR
H il AR B G2 A RS P

AN 43PN AL A E A USSP AE R AN B T ISR - Gen-
erate a summary of the following text:”, PAfR/’EIUALE AR BCSOAR N NI &
NATHERE R TS 1E 75 2] DARE A R RS FFR KT R IG 1T,
PUBR R AL AR i A AR B A RICR.

4.2.2 H WSS

$5 4 PV B SR 08 T S 1E R E S A PR OB SR R . Google
W3R R Hugging Face SHUHEH A S OB YIZHT 55 R A B ARE S 4
FEEHRERUNER 4.4F7R,

Shttps://stanfordnlp.github.io/coqa/
"https://rajpurkar.github.io/SQuAD-explorer/
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R 4.3 CORTHEAE UL ST A 3R B

Prompt Generate a summary of the following text

According to a recent study published in the Journal of Hepatology,

drinking coffee regularly may reduce the risk of liver cancer. The
Input study followed more than 400,000 participants over a period of

10 years, and found that those who drank at least 3 cups of coffee

per day had a 50% lower risk of developing liver cancer compared

to those who drank less than one cup per day.

Output A new study shows that coffee may reduce the risk of liver cancer

EIA T IR AE B AAE S A BRI I E R, DABGS
BRI AT HITERE, 3R 4.5 InstructGPT BRI ZRATHR 73 L ER DU AT A
RIRESIIRTHHI 3T

4.2.3 R PR BEE S A HE S

1. MENGEMBIRF R 52 AEIE R —BOE i B R &,
BRI RN, Google fFFRBEFRHAY FLAN #8162 Y1 g F 2 T 62 4
HARESCHEIESR, WM EIEETRNUBOIZGER, BREAREN
30k, A HENMEIEEIZT 10 MESHRIIESEHRS], B Hugging
Face 723k, ZRANATEIRHER To BRI RAT 171 MUESE, FHE
MEIREIRIT T 11 MEREN, FLAN-T5 B6 WEBHUAEIES 12-15k 7
FEAR, BMERNTERHA THRNIERESPREIME. Hikal AEH,
BRI R IR A R E DI AR RE SR, HERRE T REHELM
VBRI

T0. FLAN 5 FLAN-T5 BEERAH A TRz i 77 ChatGPT
T MARRIFES KR : — g B HARE A GBI R BT A AR
¥, B—HMZiET OpenAl IR EALXARZ BN, FBHESHES

55 R E 2 R A 2Rt SRV EER 2, FLAN-T5 7€ FLAN 1Y
Bbl FNESS AT T — Ak, SRA T 1800 MESS. BIBIRCRREE
ESEARIG TR, (B ESEERR—E M5B M RE T 9T~

219,
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® 4.4 RS RA BRI 5 A RS

15

Btk

Natural language inference

Reading comprehension

Closed-book QA

Commonsense reasoning

Sentiment analysis

Paraphrase detection

Coreference resolution

Reading comprehension with common-
sense

Struct to text

Translation

Summarization

Conversational QA

Evaluating  context-sentence  word
meanings

Question classification

Linguistic acceptability

Paraphrase Identification

Extractive QA

Multiple-Choice QA

Topic Classification

Word Sense Disambiguation

ANLI, CB, MNLI, QNLI, SNLI, WNLI RTE
BoolQ, DROP, MultiRC, OBQA, SQuADvl,
SQuADv2

ARC-easy, ARC-challenge, NQ, TriviaQA

COPA, HellaSwag, PiQA, StoryCloze

IMDB, Sentiment140, SST-2, Yelp

MRPC, QQP, Paws-X

DPR, Winogrande, WSC273

CosmosQA, ReCoRD

CommonGen, DART, E2ENLG, WebNLG

En-Fr from WMT’14, En-Es from Paracrawl

En-De, En-Tr, En—Cs, En-Fi, En-Ro,

and En-Ru from WMT’16

AESLC, CNN-DM, Gigaword, MultiNews, Newsroom,
Samsum Xsum, AG News, Opinion Abstracts - Rotten
Tomatoes Opinion Abstracts —iDebate, Wiki Lingua English
QuAC, CoQA

WiC

TREC

CoLA

glue/mrpe, glue/qqp, paws/labeled final

adversarial qa/dbidaf, adversarial qa/dbert, adversarial
qa/droberta, duorc/SelfRC, duorc/ParaphraseRC, ropes
squad v2, super glue/record, quoref, tydiqa

cos e/v1.11, cosmos qa, dream, openbookqa/main,
qasc, quail quarel, quartz, race/high, race/middle, sciq,
social i qa, wiqa super glue/boolq, super glue/multirc,
wiki hop/original, piqa

ag news, dbpedia 14, trec

super glue/wic
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2 4.5: InstructGPT FEGEEEE

Byt

LS ST

BORBRHIE

XHBRIRE S T

cnn__dm_ samples

drop_ samples

fr_to_en_ samples

quac_ samples

real_toxicity samples

squadv2_ samples

tldr__samples

truthful _qa_ samples

2,354 i &=
9,536

1,500 MEIE /HIER
7,306

99,442
11,873
2,500

817 NMEjZ n]

EESIELE
st R s

HLasRHIE
l5e] 15 B At

BRI R
R
TP/ B B

[FEES R

TRTHE A i 2 SR I RE /T
TRTHRII B SR A RRE ST
HZHAEHINEREE
SR T B, BRD M
HH

TR R I RE

TR TR B ] 152 PR A 4
HgE
TRTHE RSO SESE I RE T,
W E 7 5 1 = IR R
RN
TETHRR AL ] SRR AR RE )
RRAL ] DARRE i 5 AT 4
W /R OME R

T P A (] R T ERE A
SR, HIr & A E S
FIRHR
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2. IRLERIIPRIRIE 5 MiAEdE D, BRESCNERIESHNEE
RIESHERAER, B IRTHE 2N R IR S5 AH R MR M,
RE AT AN N IZ R BRI A ESSAE SR, RN ERUERS 1B A REAS i
RIERE AR E SR, G s AR AR 15 10

tAh, FE B —LEFREPERENES L, Al DUS B4EHE Chain-
of-Thought (COT)I®] St EBAINRINAE ). RITE M H AR h 3 I sy
BEHIE CIMEAR COT), FHAEFEL TG HIZBP RIEHIER (Blan
by reasoning step by step)o

EARERE R L, TSRS HE SN 25514, RIHFREDN
ZMESF R — BV  HEERS X DMRIE 2SR E g, RiEZ
MHREHATHR (COT) DANREFRERMRE CIEAR) mPRHESHIAEL
PEERHIREARE G — PR (AR 4.6F7R) :

* 4.6: TERMIABIRER

LTI i
& COT, FHEA 5L + R ER
B COT, EFA $5% +COT 5|5 (by reasoning step by step) + Al FHH 4+ BHR
o COT, /MEAR 8% + wBIAE + R~ElAEES + 52 + [A)# BE
54 S + REIAE + 5] )R8
£ COT, /MRt 82 +COT 515 + RAIAE + REIFEEE + FH L

RBIFEEE + $5% +COT 519 + Wi

3. BUEAER N EMEZREm SN BERNRESHIETEZE - HA
KBRS IESHATERERII R, B2 A TR SRR EIE I AL T RE
2B ERVEWR RN, EEERE:
o MARERURZHAXEFRUNIES R REMSEE (JUE
=E);
o A RARSEE AN TARESE I AN w 4T FI 45 < B9 R ) E IR R A,
SEBIESHERRRS EARTT,

o TEAFRRBHIFRAS SIRREHRIRTE S, PREE R R RTER, D
AMMEMBIESR:, REREIEES FHEFR A EEASEE, 25
NZRSRERIPRE N SR S — A R BRI B TA B VP A RE S AR
R PR R — o
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AN, a2 T IR AR S A A T 5 R IR A

o NIFRTERIRUR, IRFFEFREM A B, DAEHAT AR AN
IZRaRRE  (BIANA B = ST RIS A5 L S RIS X ARBIF SR

o TEPHIANEZERRFRIBEIR, FIANTN N EATRIE R EARELE
BX EREFNR, WIESREHRERA @R,
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FBhE  KERIPE5IA

RIS T B RTE S BRI A R ZE R, AR T XL
PRI, XRRMUSE S BRI PR 7T A TR, EEARAESE A
PP RIS HEE TP, AR MWERLEIEAN 77 SAPFFERR T R 4E
BATHNR, RN 2 BIFEE DR A BRI T M T EE N A,

5.1 BRI 7T
5.1.1 ALt

AL faidid N TERPREIE RGN X SR piE, fln, af
DIARTE A 2 AU S B bR  HEATHT o7, IXRERENS RN HERHBIEAN X 3
RGUR M RENS X BT & AR, mREEE, %7 G HREE e H
R SRR T SRR H A AR R

Frifim# FrRrER (Likert Scale)l E—Fi FIRITMEER, ZRiE
HEYEBEN T AEARR), I TR R 255 R N AR
BIE R—M&, FRRERHANTRNAERE-RIERR, 255
A BAE AR TIE 7, — MBS 5 e 7 DG, il (1) sRZARFE
B ) ARE. Q) iz, @) FE. 6) R, @I prairs e
A, Al DI H— NSy, RIFES 5E TR NS,
PR RARE MRS, AREEE TR, B0 2N A TA AR
HIBEFErR, BRI, RTAER SR B R TIR S AR N TPrY, EJE, 12
AR 3 ESCOROSIERGIIIEIE ;. 205, PRI GRS LSBT 53 5 A
[FIHERR, GIAHSCIPESSRREITIV Y, Ba, 7l EIE S BAS BIRATA HEG 5
ANMERZ A, BRI HOE S BARES NMEbs ERVRAEREME S E, %
JTEEERG M, P ANFETE S BN 5 AR, BRI AT, (2%
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TEE—LEBREE, GIARIPEIN N A RISEH, A RFEPRHIERAR £ —E T
(i BISE

HXHY  WRERERSE5HENFENES HIHER 2, BA/IH
BUETCERA 2 2B EMR R0, ARZS5E XN R RERSOR,
AIRER A HAHZERRANIT 245 R O 7 RURIX — (A, AT DR B X HE
(Relative Ranking)®7 BI757%, %77 208 BN AR IG5 B [ S 1T
FEERAS BB R LG R, MRS 1 AN R PRI GON AN R 52, A RFabRAT B
FE BT ORI ZE SR

B, K25 HERE S AR R — AR 2 Ay — R A PRl
5 Aa, VN RROGEE MM LRSI — ME S AR S ELY, 5EE
AIDASRIE IR, SRR EEREH; &E, RIETRERIESE
RUE 2 R0IP A5 5 B P HES LU A RIS R SRR REE = UZ 5PHTHIXS
IERGURZN, A AR MITH RIIHIERE 5 S5, HRIEB RS
Z 5T RVRCEAANR, SRIKBRD PR BT B /Y, %7525 A] DOBES i T 1T
5z R FEARER AR 22 5, BRI RYERIE T H kAT A, (Bthh T A
{RFEGI R] RES 5 2 IR LB S BOTAl AR NS (],

A SRR TS RGN DI EERBORE R, FIEPHE
ARGERIAT S B X PR S R IR, 2800M S, RN T3 —xt
TR EMERIT RN 1 8 5, BARE M EMNIEIH FhERE,
BAWRE D 1 2 5 FoXREIIES, XS5 AN SHEHT 2 X
AHERARVER, FEFELaN, RS AT RSN A D 5B — D

HIXIET, SRAEZ LSS5 NREEE, FEOHERER N, fERKRT
W, R R N AR P N A BIRE AL, A B PR T P S

5.1.2  HahF

H a2 fa il B 375 T PR AR AR O T R GEx SR B Y
PPy, FEREBGIHEANTERECE TR, (EA LT BRI RRIT
IR GERIMERE, BB SHPFORE ER RIE TS T AL, B2
BENTFT BA SRR, IURA, ISR E I H TSI, e 2 4L T
(RN
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Gittirfebs  SEOHTFAMER R E S RHEIR AT, X SCA T
PP, ERTH T2 N AR E bR 3 A =2

1. ETRIESRIER, sk BYESRIRES BLEUSLS, kE A
FEES1) METEOR 1 ROUGE 253X —KIPMFehnfi &1
AR ANZ#2EE 2 AIRUCECRRE, RAE 7RIS RE ORI,

2. BFIAMRAIENERR, A0 Greedy Matching (ZUOPEED™ ) Em-
bedding Average ([AJEIE)2 | Vector Extrema ([AIRAE)) %, (&
BhiRm RN REE )], M T N-gram FRFERILECH, TTiE#H
JEIR SCRFNE SR AR, 3 — 0858 T GE - PR ARSI

3. PPL ()™, Distinct-1&2[7) FHAMIEAHERR, IXLEFRHRIEASGY
ARAERAMSH A 2 [RIICECRRE, T4 SO IERFi
Z RV H M7 T,

XGRS, RIEREFIFRA B —RAREER, SHERNIERSA
PCELRIETE CRE M TTYE, EN S RENETRI L, XA R
AR RSN TR, RIS & 2 DGt iErs, A RER 2RISR
SN =

T BURPEGER  BEEMEMBR R R, IREENH A
LML T XS T, BT RIPP 7575, 2017 $E22H/RKFHT Lowe
FENINT, RS EIEREIRA St A B & &8, JHEME T ADEM 77
FEITS, NI R So2 % [ AR Bl A TN, EYIZRAIS R
EHXZ RNN 59158 E0R, RN SRR 77 2008 A RA Rl [E]
B4T55, 2017 FFALRURAARI AR T HTHY PP HEFR RUBER(, RUBER
ik AWNER Ty, B NET Ry, AT R4 KRR 5230
SHECE CE2EW), £ 80 NETMSKNTES, HTEEARRES
ESRERNE OezER), HEFERILES TG H 7 HRERN T A,
2020 £E, Sarik Ghazarian % A$EH} Predictive Engagement!™! ff{iTIAN
HEMEMHIMX —fa A RE R AT, 25 BN T IS R 5%
Kt — DR REEIENR, mHBTTEN BRI IEER (Conversation-level)
25 [ 3 2 TR R EEOHE N IX RG22 AR, R eI 15
EZ% (Utterance-level) f#H—MS5EE&IEN 7, RN tA] DUELTE
IBREH I TG B 8, DR TP ERE, R4, BEAR/R
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KEEFIBAIEH BERTScorel™ | #Hi%2Ff BERT 15214 A EMSHEE
Al &, MEm I E SRR,

BT eSS, R THREYS, B2l KRE
FAERES], AICAE I )R USSR 77 T AT Bt s ks v, (21X —
R EFRZING, FEMEEIRITR, &N 20 R,

5.2 BRPEGHERR
5.2.1 H#EmITE

RS BRESHEMHESRIRE >, ARATLAA N A, TSR,
AR F1 BRI TR RE 5 ICRCR TR i B TEDR, T2
RFTARDIE, FPHINE, ([EERRFIUR,

KR (Precision) $EMZAIERATRINN IEGIHIREAEL S Pl o 5
AOREA ST EE B, RSB, SO P H 28 R p JSLE BT LI
R

AR (Recall) FEHEAERIE TN N LB HIREALL b SCFRIEGIHIRE
AEEHTELR, AR, ForERIBRAEYS IER T 2 A R R,

F1 ZRHRN A BERAERE, RO TR R & TR RE,

RS  BARESEGE BRE S AP — D EEATRIUR, fEHles
BE. SORFE, MEERRSFE 2 MESS, MR —aE A RHar s, Joikfas
FIE#MEERK 2, MRESZDRR. 2 PHERIT, HFILE RS
INCED)I=RAR

XN THISBEN S, WE S BLEU {ER M E 185811 & A4 IE,
BLEU {E#l2 MR8 N-gram FIRHIE, RIESHESCRIFANML A%
o

T H BN S @ H ROUGE B R B Z & A ROUGE
[FIFEEET N-gram BIUEACRRRE, BT SOARMEEZ QOO ZEMENREEE
goe e, Al A B i A 7 [ER A S TR AR,

AR, BEEREZSIMPIZERIR L fe, PR TE Il 7 —2
WTTE, BREEMS, B AZRISIHEREI TR IR, 7
REREENRRZATT %o
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5.2.2 Afiett

IERIUA—E AR RELE HIERIE R, £ —LRikrI =, BIE
FYeW— R Em XN RS, BOTARERSOORBIR R, IR I%K
FERTERRI L HRVEERA 2 R e L, AR ERR, MFmEE
THOE, AE MR 70 i

A IEYE  SONRBEE e, HEdRH R, BT IR
%, JERIBE 2 8RR IC IR RN TERY, RIS 1
A ATIME R AR SRR A B A T RS B R

IWAISEIEYE SUORREERLAIE I, TERRAL B S ABHR RIS T RTRER DN
R, ZREHE A R SRR AR, S —EdREToR, IV
S 1 AT DO IS B I 2Rt B9 3 =5 7 ORRRIRE =R,

— R E, W TR AN E M R] DUBIE B E R e, EE R,
AHEIERAR, X T —MEFRRT, HOEWR N Z A B SIS, N T
M RIX— IR, — EHRITMEME 2 ERIERZE (ECE)EY, 1%
faprRiEd RS D BE X R AR B P15 BAS IR R 22 E R IR, KAt
BRAIR LT 5 B TIR A,

5.2.3 Witk

FERBE AT NG EREGE_ EIZE 2 BEREN RTeE=
e &5 o3 A7 SARHIEA — BRI, RERIFTFSIE, AR SIS
NEESEMEAREE, F B MRV RER A SERAE R Z 2R
o AN, FTRMBTERIY STHIE S AN 25 S 2R E R RHATETE R R
Bk, TIXEESRBEE MBS FN AT,

IERGRIBCEEPEY, 1ER RN, RN E SIS
ARG, RIERA LSOAESTTRIAR, Er] UF RGN Z 2. AP
MBI FZ 77, FanERATAT OB R C A AP “Badi” 3
PMRIERGIN B, WAMA R Z 2N, 2P, FATEREA] DUERR
PIBTT R, SR B, SN T RS AT, TP S,

BRI SPOR PRI Gehman et al.BU BF57 T HIIZRIE S H5I7E
ZREE EXBESTEREENNE. 18 MRBIM LI SOE R
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T 10 FNELARIBARNEER (Prompt), HAHE THIESE RealToxici-
tyPrompts, BRIARXEHIRAG ZBIRAREFEN, HE2LRREREH, KHEHE
NEREBESHEUNBANG, BENSERERAIMRNEFE R,

BREBGHPOR FRIRBLTH 2165 S8BT TREY RIUT R
(Fetie, MPUAESE), A DU AR AR 25 M 1 SR R A Bl By A 28
iR, R4t TSR EmEIEYY, FEFNHERPSEH 7RI R, Niu
et al.B3) FRHE IR PIRE RPN BRI, BIRR), SRR
B PO IERTL R TN . TR S T ER (R R SO #5575 70
OIS B3, BRI AN SCRTRE S BIAROR AR (R, BISERY RIS T80, T
T IMBEREE T8 SRS B3, BRI AT R 5 EORIFIRERI N, (AT

5.2.4 #EH

ISR RS 2 B A SRR TG R8N EIETIE
Mg, SR B8, IRSIEER, NEFNENE I
B S B AR A B RRBORA BRI B, FAlERERNR, &
PEASINAY KRS 2 AR =Y, B aE AR I ) R I S B N A AR =51 %
EH BRI R, HOH I AR A R T ME ARIRIZ AR

BT oaRmaE Rl RS IER I AR S B S RAFE IR
ZHIRPHREA, BRMRZHEA B SR ERUCE AR F M, H2A
S SOR RN, MEREYSIBORIR R, ETRIEEZEEINZR
RERRAM A H) SUR B NEH TR, IR R RS 1 R A
BRA, S s AR I A DAY FE 21 & AU AR R 7 = s

S FIER 7T AR IR S F ARG BAE A RArRTERE, (BAEXTUE
Wik N FPERERIUK R, Dinan et al.) $2tH—Fp AfE[RIE K 757% (BBF)
RIS PO R R, 3B NN HEA W TR RO SR, R
MBS, HERINRHREENLKT,

BBF WAENFE TSRS R, Xu et al. B Fx—d 2y 75 7
MG R, FFERH T AERBEETTN, BT B NG R A
REREE S IR EIE, AR E BRI B R 2 2
B, BRI TR T HHENARIER,
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FEEEG IR TH Hefess - LA TROHTIMIES
BRIBEN G, Jigsaw 5AMIZMEHBORBINT 2022 FEHEW TRThRA %
BRI Perspective APIPT AR — 215 S BERT A%
ADEIERD CNN W28, Al DANAHGINSICB IS HEE, B85, BMSRE
NERIATBEM:, Facebook HIPAT 2022 4EHEH TMIR T B SafetyKit®sl, 3
FORTEMNTEBRTE = N HN L 2RI, RIHMESENE S FEHEEH
P, BAREE=770: MSEM 26 EZERAEFNE, MIEEENEH
NANEIN 2 GEE, DUEONEREGHEIE 2 E/ME B S ES BN,

5.2.5 M5

WAHRIRBRHIFRM, 765N AA A RFHER MASEHAR SR
EEEHERNZERE, XERENERFETEIEA S, 7 BRRTEEE Bl
SRR AR TR A U I — T AE RS, T8I DA I8 S AR A 2 PR DK
F, WORHAE—DNEEATEEIN, A UL RARIREA R R R
FHRRBRAIER, 1RSI,

B, Liang et al.6! J i B A PR 7 o0 M RFSEA AT
REZ . RFEIA TEE MABIRERAT HARRHERT S S S, Fe T
TEESS, PEOTERIN RESLRR AT R TN G L. SRS Pl Bt
fritsh, 1RAt 7R, FHEMTRZ R, EREERNREE
T HA BVRRHERBEREAR, HHEIE S B SRR ERYER
M5,

BRILZAb, KO, 2 m LRI R E S R ER A,
HARAGE, (M EEmIRRE —FANERRE, SREEFSRAERR, &K
PETE & RAEIE SR £ BRI, JLPArE SRR AR, JFHBE
X WAL — N RAERIRRTT S,

BORIAE N2 1 i WACERI T May et all®9 $2H 77575 SEAT ki
BRIE S EAE R T AR WK, SEAT @IS Fdere AR5
JE MR (him, man,...; her, woman,...) FI—Z4AI EARIAIL (family, child,
office,...), PAKHTENAIFRYIEAEMN, BITESEMEGRISRA ET
AR, @S HE BRf) 5 WAER )RR, SRRNE S B
eV A AR

Nadeem et al.l% $2H T StereoSet FeyEMIAZHEFMIA BRI B T
HROV AR 75 T, B — A EHE AR G 5 A 2 R A R B A1) R = Mgz I,
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I R, AEZIMRENS, DARAMR =M R, B RIES AN &
AIRBITEZIABAE I S ZIAR AR | RO T IES), SREE 5 BRI W
B,

bt /e R FERIBEHAE S (SAE/AAVE Pairs™) 5 7 HEFFE L
HRBEAARFETT S RAERSEATIER, FRE BG5BT S Ll
HITEREZE SR, N T IHMIE S B, R A Em S s B Ay R J LA AR
BEEERRIDR, WA TP AR 2 RA KRS 5 R 46 A 2 A 2L
8

BORLEAE 22 I WA PR Abid et al.l®? BF5R 7B S BRI RH
FEmEAm A, FEHER AR S MuslimBias |, KA THN2EERHIE
FEEFER TR, EANETERT, H— DS Muslim WCHHERENE S &
RN, BSOS UCECHIWrAN 245 R PR SR B 1S, JRREERS
HARB A ACE LR, SEEAEFEIMIAA, RK— & Muslim FIZEHLAI7EN
BN, RGP FIRIEREE EERIRTT AR

BUABURIE SR IE SR m IR Pkhk, PAASHE, JosiRm % 2/
[ 5 AL FEBGE BUR N A 1R S R K G2 AR AT 8B, Bang et al.%%) 5] A
JEEARMERIE A TR 8 NRIBURTEEYE, T7EFE TP, FHPBA
L AIFIA W) (BRRTBEAILR), @S RN FENBIEE RS (B
IBR- M4, BUG-TM, BUG-E10) FE AR AR T N s AR
BN TEDNERY BB I ZREFH) BERT 23280 45 RN BUAL 78
(REIRZS

5.2.6 Bk

FERRB MR B, W 5B mE IS T 59E 5 I E S RERLME
&S, HFE), REBAELRR PRI BIFHIE S RS E R T T
FTRIE, BES T SRAEE (0 & AN RSP MERS  EAIX Ee g 0 TE = RY
R EEIRARENN, XMTR— DR ] AR SRR AR L E A, b, H
E BRI R, (HREMNI R 2N BRI A RN AL
BUMARR, (EREMNI BRIl B TR R APk, Blan, EPro
BT ompE e, FRERGRRERRTESE (RIS B s T 5
MERI I AR FE T30 0, METN X BRI, FEXES BT
pONBIRE, DARMTIE HEE (a5 P,
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TERIMENIFIE R BT /ahnves, RIVEAGTE S B8R H 7E /)
)L 1B SCERFFVEES N RURSENE, 80 2 TR AR &4 1%, B Dhole
et al.9 HEHIH) HRIE S EFEEY 7 T H NL-Augmenter AJ PASZEIX —it
2. NL-Augmenter ¥ EFRIEAIHY “Hed” WA S5 AIE OO RTBGE
F T BRORERIE S PUR, B ANEES, GEMEERNRNER, t2
BB, AROES X, IBETNETEN R TEL, R
R T IRGEAR RN 2, &5 18I E SR8 4 SR A2 Eu il e
R B,

KREPANBUERE WSS SEMEE R TR G EIERHHR
2 7B PR EEAE BT AR LA R ANIREIR R . 1E RN B AR
PERTRbFE, TSR TE A s i i T oy, AT DA T BN s H
P AN BB, B SKRTESEBIREAR AR AR ER 70, (HEXERTZ,
SRR RS AR, KD TARGE B (Hirkm
MHRAR ) 138 77 R B A m APk,

X TAEH Contrast Setsl! fEEFETHN YT NLP H WAHELE
U (ISR, PR, IBRMTSEESSMHER) AT 795, X Efm ik
FEARAT TR (TR B R GaREEI - B AEATIRRL 1BTA(E R (HRERCEFRSE
SERPPBN, FrEVFEENIARAS SOTA #HA7E Contrast Sets EIYFRILA
,

5.3 BURIVEG T NG,

AREN AR TR EZNR DR 2 M 07 A MfEhR) b
XFLL ChatGPT ARRIBRFMEREREATIFOY, HAP Py X EE S 1 =FF
AJREAVIE S, (H=FLAEARBNE, AN T2 HAT) ZIAn] i 2
HERRRIPEOT 53, HAEPEMREERTN R (FEOE) AR AR N R
AIEARLF N — 8, ERALHthEiEE SFEENEMERE. A
NETIRHAEROR, WRIMERRSEPER, MAZMBE IS SR, 6
MEAE —E RS LSRR B AR EE N 0P 75 sUB SR Y L3R P78, (HPEA 77 3K
28 B AR s R HASE 1 B 3 75 2K

FEVET R B, AEFERTEBUAGHES (BEEE) . mHnE
37 5 5 I BORSE PE I SR A JRSF VT I HEPR, MiiA 2R HE
AR, RN BATANAEAR SRR 20 2 IR FEbR A L
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BB T B IEE A RN, R EIER s, ATS#00,
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HAE A RBROTEGE N T
HHERSL

RERA O SCARRERL, ARSIIZAET DU ChatGPT HIATIE R
EAALERERGURITANT, ZH R H AR PO G208 A T
RERGIHVR IR, WIHEE R TR (1) HETSCAR KRB SR KRR fe
H# A5, BokiZ BT DOEd APT & R iR, X HA,
OpenAl 5 Google fEXXARBRIL J& b GRS A MY, BHIERERIKR
AL, (2) HRTmEEE @R, S rO s zE AN TERERSHER
FRES . XCARTMTE L8 ChatGPT A ZRE, (HE AN IEIEH A LR RE
ARG DMERE AT, FBAFEEEERE, X2HAT ChatGPT
Fi A B &I TIRE,

6.1 B KBRS LE

WA S HAEORRPOR A e, AR EL RO 25 R HLIK 0 23 = il & 52
NIRRT, SRARMERES, HER%, BoREZHIAERILL API
s F TR AR, & 6. INSEE, MAKERS. 7577 XL
RUGE T3, N FEBA RO R4 B SCA R IR T 2505 5 A8,

ML 6170, TATREMIZRE]: (1) HETRER D KA REBERIBA TR, M8
HEgd APT MBI RIEGE TCIEYIR; (2) OpenAl 5 Google TEXA
RIERVR R b IR R IS, BB T T, BRSO,

RS PINZEBAL B 7 SRR, WP RAEAETUS IR 1A Y
PIlgREA 3 B ESS BB T ILRRIRCR, 3R 62105 7RI
P 2R,
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K 6.1: KSR FOIZRERIN FaR

®AiE | B | SEOR RAKERGE Vil R
davinci 175B7? 2048 API None
text-davinci-001 175B? 2048 API TR
code-davinci-002 175B? 8000 API

OnenAT text-davinci-002 175B? 4000 API IR + 52 H0A

en. N PN
P text-davinci-003 175B? 4000 API REESHIE + #5290 + RLHF
text-curie-001 6.7B 2048 API
text-babbage-001 1.3B 2048 API
text-ada-001 350M 2048 API
LaMDA 137B RIFHR WIEMA
Flan-LaMDA 137B KIFR R MIA
T5 11B 512 FFIR
UL2 20B 512 AR

Google Flan-T5 11B 512 FE TP
PaLM 540B ARIFI
U-PaLM 540B ARIFIK
Flan-PaLM 540B RIFR FEMIA
Flan-U-PaLM 540B KIFR F5LIA
Sparrow ARIFI §2MIA + RLHF

DeepMind | Chinchilla 70B ARIFI
Gopher 280B 2048 ARFFI
BLOOM 175B 2048 AL

BinSei BLOOMZ 175B 2048 FFIE gL

1gocience N PN
& TOpp 11B 1024 R A
mT0 11B 1024 IR HESHE
OPT 175B 2048 AR None
Mot OPT-IML 175B 2048 FFIR B
o Galactica 120B 2048 FHE  HESHE
LLaMA 65B 8192 AR

R/ BABiS | TNLG v2 530B 2048 KIFI
GPT-J 6B 2048 AR

Eleuther :

GPT-NeoX 20B 2048 FFE
xlarge 52.4B 2048 API
large v20220720 13.1B 2048 API

Cohere
medium v20220720 | 6.1B 2048 API
small v20220720 410M 2048 API

AnthropicAl ‘ Claude ‘ 52B 8192 ARFFI

WHERY | GLM-130B | 1308 2048 SIS
J1-Jumbo v1 178B AH API

AR J1-Grande v1 17B E Sl API

AI21 Labs J1-Large v1 7.5B ARHI API
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2% 6.2: URD PRIl ZRARN AR

KA | B || WAKERG | BT | BUIGR R
Google CuBERT - 1024 FFR 6.6M
xR CodeBERT 125M 512 FrE 3.5G
AR GraphCodeBERT | 125M 512 FR 3.5G
K CodeGPT 124M 1024 FFR Python 1.1IM Java 1.6M
Case Western CoTexT - 1024 FrE -
Reserve University
60M/223M ,
Salesforce CodeT5H / / 512 PARI 8.35G
770M
University of Californic ,
Hversity of Lallomia | o BART 140M 512 FFiE 655G
Los Angeles
Columbia University
350M/2.7B ,
Salesforce CodeGen S0M/ / 2048 TR 825G
6. 1B/16.1B
Facebook InCoder 1. 3B/6.7B | 2048 FriE 159G
300M/2.5B
OpenAl Codex / 1024 API 159G
12B
300M/1B
DeepMind AlphaCode / 1536 ARNFF 715.1G
3B/9B/41B
" PanCu-Coder 317M/2.6B | 1024 RAFF | 147G
BHERY: CodeGeeX 13B 2048 ReoF |-
aiXcoder aiXcoder L 1.3B - RAOFF -
aiXcoder aiXcoder XL 13B - RAFF -
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6.2 MiGEUE N LR GER S

6.2.1 XigUEH AN LGRS

FXT OpenAl #HHY ChatGPT, HATEIESRE. Anthropic, HESFHD
HEHEE IEFEFF & ChatGPT MIXHERIEH AN THERS, BB
T

A Bard 2021 4F 5 A, AIEL THEIFNIEAKESHES LaMDA,
RAE 2022 FEWIE FTIE XN, LaMDA BRIZEGRS| T 137B, 7] UBI
HEGE N IKFERIRTIERE 1o Bard M2 F LaMDA BIRIEA |, HA T
VREEZHAE, S TERERNRA, RN, T ChatGPT, Bard
AT DMGRMI T, MTRENS RIS A KRl ZAEE IR, BEi, Bard [
A ZAFAE R 5L,

Anthropic Anthropic?/2—% H OpenAl #ij & LOIENFIGIAF], HBE
TR ANLER LM AT, BOITHERTEE, AR Al RN
TERERGL, TR T —FRIIKEEIANTE. AlfEREERSCHIB ST, Anthropic
FFR T —#k4N Claude R REMIRALES A, HEARAIF LA,

YouChat YouChat*ZH You.com HEHMIRNLEZA, You.com HIESF
ANTFGEEL R Richard Socher 37,2022 4 3 H,iZAE#HEH T YouWrite, IX
—akEET GPT-3 BYA] H T4 5 oI HA SO A SOAR A ilids, 2022
12 A, BAFAHEH TET GPT-3.5 lIIRHLEFA YouChat, BEXEHA
A RBO I AIEEER, RN A B 1R 2R R A0 B BE AR T SR, 4
KA B R, HET ChatGPT, YouChat WIEIE S HESIH, #Em
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Yl ) Start typing to search aQ  =e
@Al ®Chat ®@images ©OVideos @News W Maps & More
answers. w Zhuge Liang - Wikipedia
en.wikipedia.org
what is thermodynamics Zhuge Liang (Chinese: #EX | EE8 R)
(181- c. September 234), courtesy
healthy recipes for dinner name Kéngming was ... and attached

great importance to the works of Shen... &
write a song about whales in the ocean )
@ Chinese 100% Hand writing Calligraphy

explain the theory of general relativity by famous Zhuge Liang ...
ebay.com

like I'm 5 years old ¥
He was chancellor and later regent of
N » the state of Shu Han during the Three W
Kingdoms ... Chinese 100% Hand writing E
Calligraphy by famous Zhuge Liang i.
EBR (183-234) BYEHELLEBNERR, HAR. BER. XFRNESNHEER. MEHRNEK
18, BEWHNERIENBA, AEEBOREZETEUSHT. BAEN (REEH) T (EBREH) Great People Comics: Kongming ;2 &%
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chinesebooksforchildren.com
héQ Great People Comics: Kongming ;8% A

£-3#8% ... Write a Review ... books
teaches children about famous people P
like Helen Kellor, the Wright brothers, .. @ 9%
EBESIHZEEES, HRRESNEG (RUEW . (FBE2E) . (ZED) 7 (CERN . HBEICTI - Picture of Wuzhangyuan
WfER (REEK) BREE. KA, SR, 2. UKSE, REREEXPOZRZME, T (FER2 T
£) BETHEESNXE. CHMEMEF, REHNEBRBENTR, 15, (ZEF) M (ZEEX) t

REBRNEEFR, (ZET) RTPEHNHRLROER, @ (ZEEN) SERNAREZ—, #PiC

o
RT ZERBRE, BENRE RN available to book online for the ==
date(s) you selected. Please choose  |ISSER

a different date.

h o
& Zhuge Liang | Koei Wiki | Fandom

koei.fandom.com

He was a wise advisor who was both loved
and feared as the "Sleeping Dragon” ... He

plays a major role in Wei and Shu's

6.1: YouChat XiF~{l]

(RFE4ERE TR AEERN P, HHEBEREMNRGEMZREAERT
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AL 2SN, FRRT 2023 45 5 A 6 HRAT,
®https://moss.fastnlp.top/

Shttps://mp.weixin.qq.com/s/nrvsHq XBcEtzQxIEuTivQ
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“IB7CHIF (HunyuanAide)” WIHA, A TIFLBIAIERIEH AN TEHE
24519,

6.2.2 AFRIRGEZ ML

NGB AN TERERS, B0 HEEREKIE (W
% 6.3). EEASAFHBEEN - (W3 6.4), EEHIRAE-D (G0
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MIRMEER R E LA RIEAHE B ChatGPT B ZALT YouChat
1 Perplexity Al, AMNEHRIER, 1B HEPETERIER. EERASERA
FECENM AR B, BT M B DR RENZEHAIEZ, Perplexity. Al
FI&5E 4B, M ChatGPT fl YouChat %8 MIEIEH, HEFEENE,
YouChat AR E] 7% H, HEEAIRENERIIZER, EESE IR
A “URrR el 1Sk riEE A X — A, RE ChatGPT #2817 “I']
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E, ChatGPT REIMLEREE, Perplexity. Al NEERA R A M. TEHAR
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%K 6.3: NERGEHNECEEFRIRARN T LR

(175%45+15) /5=

The expression (175%45415)/5 can be simplified using
the order of operations, which is also known as PEMDAS
(parentheses, exponents, multiplication and division,

and addition and subtraction):

First, we perform the multiplication in the parentheses:

ChatGPT 175*%45 = 7875

Then we add 15 to the result:

7875 + 15 = 7890

Finally, we divide by 5:

7890/5 = 1578

Therefore, (175%45+15)/5 = 1578.
YouChat ‘ The answer to your equation is 584.

Preplexity. Al | (175%45+15)/5=787.5
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HAER T R & 2257 B
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AT AR R 9 SRRV,
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Fr DATBGRI 1= /DRT DS 11 2454

ChatGPT
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