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The animal didn’t cross the street because it was too tired.
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I (Transfer Learning) 2T 2005 &£ in& X TREEA 2 KR HEH
B EANBEINEENT, THET R ETRTURT VI A ORE, 14
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HRE. EXNELKITRERED, TFREFHRBERRCARIRE FI AP IORRIE hRE, &
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FIAGIREEIGEH—E RG], 8T R A B R L% TR R 4 R

B ORA /N A S RIB R A SIS SRR A IR . 78 FRIMREI, ROMER
TR A T A, BRI TFRAT . WK REITES], BARH Y
R IERH.

REHN: LG #RITHHE. A—feletieiet T

RAd: K/ —dede/fie/e/1E) T

WFRAEF R P4 AR, ALK TT LU TSRO 45 B . 4 PR RGBT, R
MBE R ANEE A2 2 kb s o

ﬁﬂ@k:%é%T@ﬁ%w,ﬂ%iﬁﬁﬁﬁ%ﬂ,%Wﬁ%%T:
BT )Litit e 4 iE



1.1 x#fasa 7

st bR BATARAT, K7 R E4E, ‘i BagMEEX, )L IeE APk
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ERERT, AFFRENERBTENONADRE ST, FETFEERSHE,
TEA—FIE B3], F4E% ] (Continual Learning) f#% 0 EARRE— RIIMES EII AR,
AR (AR S L2 ST AR SRR F T S _ BT U2 . %75 HEAE R FE #2828 AR A
T TERRMSSENE. LIEEARE 2019 4£ 7 B#EH A9 ERNIE 2.0 #EUT55, #R
FERARFEFAERIGHER, 5IANT KRENTMIIZTS. ERNIE 2.0 BEEZEIHTS
(I [R]IfR B X IHAE S5 899242, Bt s\ )38 AIEFE UREMIR. A2 ARES L
BT b, E#EE T #8id BERT #A 5 XLNet #AH.,
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HARNLGFE N T EET REFRERMITES . N TEROES, BEBEIEANE
MBS PAES FFAT R, RIERE WA RETHE . 4552 5] (Multi-Task Learning)
R—HBEEIE, R, SRR N S MESHATHATE S, HEREREE,
AU IR E S BRI R R Az 4B S
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ARUES RERRAASMNOARE R, B AT I RIVE LT, FEHAER, §lin, GPT-2
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2 T4 L3 SOTA (State-Of-The-Art, 7EH§E Sl WA ERIBA) 45,
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from Human Feedback, 3 A 3SR BRI SE 3] ), SR ARTE KHERLINZReb R AT E KA,
ﬁﬁﬁ?Tﬁﬂﬁ&*%ﬁ%Wﬁ,ﬁ@iﬂ&ﬂﬁk%mmﬁmﬁﬁwoMHF%%&%
AR VISR B0 R 2R, X B 3L 40 1 3 AN BT Vi «

WM, OpenAl 2A71¥ GPT-3 #AN InstructGPT HERLIK Y AARAY, fBh %4
kIﬁEW%W%ﬁﬁ%@WWﬁ%Eﬁ%%E%%(AI%E@&H@%%%Lﬂ%
RO B GPT-3 BT B U S . RTY R SEIE L A I AR R M 4 R AR
ST SR R 2 AT AT A RO, R AT 0 AR R G T N 2 2 R A R
(Reward Model).

BB, BRI, LRI EEE InstuctGPT A KM 4 R T
R NIRRT, W 15 Fi, ERERER—RIMAIFREIRRER, RS AL
R e SE A S SRR R B . e AR b, R IR A] DL A I R AR YR I
IR EFIGRE SRR,

LRI G5

-

|
|
rips | 4 (x4) ?ég FREIR (wt)J > %

| =

e e ) M puveyrey B ey

B 1-5 RLHF illlgr2R0

EZWB, REFOHADT, E5EFH PPO (Proximal Policy Optimization, i3 558K
fEft) MEERMMER, WERMEBTERS, HFHEREMT PPO ML, DtRE,
BAYIG i 5 NP EV F R

PPO 7% OpenAl 27 F 2017 FE4H, ER—FIET Soms (RS S R, 2k
HREME (Agent) AFIAPREMAMLMEL, TLLEEANK T — B0 (Action) %
(Reward), HFH & AEAKIRZ . OpenAl 247 (¥] John Schulman FANE—RIVEREAT S b5
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2023 %, Google 2 FHEH RLATF (Reinforcetment Learning from Al Feedback, 3T AT 5215t
WL SDe AR TN RUHF P A THRVENT, &5 RLHF bk, M2
W RLATF W05, ATRAERH AN, SORME%A14% L3551 5 RLHF HBEHIK T2,
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2020 46 3, OpenAl ATITERA GPT-3 AU RIMARH | F 30 5) (In Context Leaming)
W BT ETOOES), BRI FUHT SR B, TR FIRE4 IMARIL, Lk
S | SRTURIE AR A R . 207 SRR IR B2 2
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JEHEE (Chain of Thought) 5 5t Google 27 4451 5t Json Wei %5 AT 2022 442 H!.
AR PRI IURE S, WRR MR 2% B e, W 16 BT,
A TIES KRR TRFEE, RARAHOBA TRSINHIIRG], 365 BRI,
5 AR AT, AR A S A\ TGS M E R R ARk B e e
e YR LIRS IR . IXMSRERM T A S 2 S A i B 7 2K
BATIRRL B MR E T4

FrfdRain) SR IR
o N
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tenmis 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?

S

Sartvil's

A: The answer s 11 started With's balls nis balls
6 tenis balls: 5.+ 6= LL; 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
J \do they have?

| A: The answer 1s 27.x )
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\answer 189
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SN, TR 30 el R OB R 3R | O 0 Al T O O 4 R

FES RGO, O ARA T T b S I e 0 £ % FL B, L T LR A,
Al T LA PR AR TR, I b BRI A s e IR O R R Y
A, SSIBMILG, R TR E P R A TR A T, LR B
EH—EMTH, W-E@E R ORI .

1.1.3 X§AE

AN S IR M 3 ANk TE——Token. Prompt f1 Embedding., X2 £ &
16 EARE = IR Sl s b i B A, M TERRNA R R X EE,
1. Token

TEAKERI S, Token GAITG) RIUAPHIB/NELL, FTUMRER—HE, —~Mraf g,
— N4, Tokenization (7MA]) ¥ — M) FELAZ %/~ Token HIIEFE. # K2R
77¥:403% BPE (Byte-Pair Encoding, F%f4if%) kL. WordPiece H¥EA ULM (Uni-gram
Language Model, —JGiB S AL Hik. 765 12 EPIATIEER AMIATERN, £14%
AT, MUFEMBREBANESH, EFTEIFAXNMA Tokenizer (77172 ).

FERMRA VIR oh, BEECKEW K KB Token 16 MHIAN, FF0F— MR A T8
PLHY Token AT . W4, 1REHRILHE Token SLH KA [ & (Embedding, tH# i
AN) HE, EMERXMBEETERE Mg,

2. Prompt

X B YR Prompt f [ TAERKIIZIEFE, 5550, Prompt MEAAHETHRES,
WALl &, ANRTHP SEGERL BN EERRRA . K Prompt #44 AR
HRAK L TXER. EFRERERE NGRS, Prompt AT LLFSBYHERY S 47 Hu 3 fRss A
WA IR .

AWM, HXERDEES, TTRHEMA “Tlove this song” ) F S8R 7R1E] “This song
is__ " BB RESFH N TS BRI “Wonderful” “Moving” 2R
RAFITE R o SR 7 30T AS | AT S0 E A0 A0 KR . 9 ok b s ko —
BERIFER, M FRASCE x, BEHE IR fovaa®), T x BEBAFERER.
AR .

[X] This is a [Z] song.

Hodt, [XHRRMASCA x (6B, [Z)F AU &

RO, — R R 20 B R R . R A i B ety Fep [, — Mk
BESYERJy Cloze Prompt; WA B AEAA, WK K Prefix Prompt. §\Z, @iLiita
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TE Y Prompt, 2033 70 VB T4 R R 780 th 1] LA T % BT W4T 46

Prompt 3= FH PR 7 ——F- TR TR [ 3% S

7t Prompt R AT, — Mok RO — R A B B . T L F A — e T
PREE TR, Bl M LAMA $dR 44 8.5 (8 Cloze Templates™, F T o 44 f)
PRBEEW. WH, EH AR FERT A RMH KRG KARBY, I &5

AT RERTF TROHEAR B, TR SR T E3h2 MR . Esh& IR T a2
B EEL A (Discrete Prompt) FI#E4EAR/RIT (Continuous Prompt) FiZe. BRI ZE
BEERE ARESARPRRE, FEERFRALEROTE4S, #HFEARE Prompt
Mining. Prompt Paraphrasing, Gradient-based Search %, 7 %442 7% 1 W AN <7 =
AT ERES, WERATMEARRE GEBERTIEN), FhERESHAZHER
LR EEERNES. B 6 FHENFM Prefix tuning F7iEME T HEEEH AL Z
W7

3. Embedding

TENABEI M BERIES LEFEF, Embedding GRAA, BHFFARE) Bl EE
FEEEEE (WEE, MEREMFECAERE) BB REREE M BTN, X
FRBRSH B BRI RACEEE K8 S AL, R RAEREE TR RROEREE
R4 B2 25 6] P BE 98 B I A AT AL B A 40477

BEENEFEINBERES LB AMRERRE, Embedding A3 — i, i,
BERT. ELMo A GPT S a] LI B F CARKH M BR R . XL [ B AU K A )15
XEE, MEBAT ETFXER, ATRREEENES R .

Je4t, Embedding 5 [ 5 504 FE 0 45-A i B b BB B AR R A ARAN R SR AL T 3R K
3. Embedding A LUK P RAFEMA S MERR, FEMEEIE (BFEAKENR $
SATARUUBE VB, B ARG 5 2 O R O AR R SRR AR AR e, DUSEERSHAR AL R
MAERAE. EMEARERERE. AERESHIAA ZHNHNR. £ 1339,
BAVE G/ Bix — BRI R B B i F 4491

FESLFRIT AL, ORI A AR 1) K404 Word2Vee, GloVe™ LA OpenAl
AR AR Embedding T 2%,
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