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Step 1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
landing to a 6 year old

Y

()

Zz

Some people went
to the moon..

InstructGPT- KAEFEI N7 A KIES T B

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

\

Explain the moon
landing to a 6 year old
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Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

[1]Training language models to follow instructions with human feedback.(2022)

=

Write a story
about frogs
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1S (Instruction Tuning) E22FAIICLRIEX[1]F IR H X
MEE, IBFEABREBESEANSEXNEET0IZ T ARENE
SREHATSEME, FEAENFEESHIAE., MEEE
BHE, S=REREFAN. 5T, ESMIBEGERIE LKE
i (Supervised Fine-tuning) L ZEFRTIIZR (Multitask
Prompted Training)

[1]Finetuned language models are zero-shot learners.(2021).

Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our Bxplain ( S
prompt dataset. landing to a 6 year old
Y
A labeler
demonstrates the @
desired output 7
behavior. Some pec;ple went
to the moon
Y
This data is used SFT
to fine-tune GPT-3 ./;Q.y&.
with supervised W
learning. 2
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ZFESHIAE, KRESHRAGERENEEREMNIESBIEE ] (Instruction Following) , o] PUBITZBHEARZE
SHARBRESH T RIS Bt AEMEK ILITHINLPES . (FIRKE Tpretrainfi ik, 185 MH0HE
FERARNIENTILLUMEB R~ HE E B SR, )

Instruction finetuning

What is the boiling point of Nitrogen?
&

{ Please answer the following question.

Chain-of-thought finetuning

Answer the following question by
reasoning step-by-step.

The cafeteria had 23 apples. If they
used 20 for lunch and bought 6 more,
how many apples do they have?

The cafeteria had 23 apples
originally. They used 20 to
make lunch. So they had 23 -
20 = 3. They bought 6 more

Language apples, so they have 3 + 6 = 9.

model

~—

Inference: generalization to unseen tasks ,‘
| [ Geoffrey Hinton is a British-Canadian
\'| computer scientist born in 1947. George
Q: Can Geoffrey Hinton have a ) Washington died in 1799. Thus, they
conversation with George Washington? / could not have had a conversation

Give the rationale before answering. together. So the answer is “no”.

[1]Scaling Instruction-Finetuned Language Models.(2022).
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FRMIAS B HIBRRTEL

[ Original sample:

Text 1: "No Weapons of Mass
Destruction Found in Iraq Yet. "

Text 2: "Weapons of Mass Destruction
Found in Iraq. "

\Label: 1 € {0,1} ("not entailment™)

\

J

[ Instruction + Text:

No Weapons of Mass Destruction

Found in Iraq Yet. Question: Does this

imply that "Weapons of Mass

Destruction Found in Iraq."? Yes or no?
\Answer: No

\

Original sample: \

Premise: "My body cast a shadow over
the grass. " Question: cause

Choice 1: "The sun was rising. "
Choice 2: " The grass was cut. "

Gabel: 0 € {0,1} ("Choice 17) )

| Instruction + Text: \

My body cast a shadow over the grass.
This happened because...

Help me pick the more plausible option:
- The sun was rising.- The grass was cut.

_/

NL:BRIES#HIE

\Answer: The sun was rising. J

SCAa]F Rk
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1, EEBRE
a. WK ZESHIRE
WEEEZMESHNEIES, HlEXADE. BF. BEER. BEF.
HBREFEETEMESHEHABMNBERESES, ZEESCTURRESRAIGHARRK,
b. £ IETALIE
MNEFRHITEEMSNMN, BRABESNESEEEN M.
BESHIECHARINGHR, BEREEBERESHATHELES.

2. MnEFTIIZIEE
EEFE—IINKIESEEEHEMAZR, fBla0Llama. Baichuan. Chatglm%F,
IEFINGAER NS E, EAESHIENES.

3. HITRUAIIZR
BEMESHNEIRE R ORI DALIERNE. BN, BB A XA HFEE—EIEAELNEA,
ARREREGENBIRNTTEHTIIGMERRESE

4. HESIAEM
i RS2 B9 = X OB R AR B 1T R & 1A .
FRBRAUAERNDITHEIE LB RIFAZLMEE.



B EBIRNWIETTIA
BB

EQ-BEAD, HERESHEXHMENR,
mAN-TERRS, ESHEAN, TUAFE.

B - BER Y, fEIRESS A% label.

Instruction: Given an address and city, come up
with the zip code.

Input:

Address: 123 Main Street, City: San Francisco (::)
Output: 54105

rInstruction: I am looking for a job and I need to
fill out an application form. Can you please help
me complete it?

Input:

Application Form:

Name: Age: Sex:
Phone Number: Email Address:
Education:

Output:

Name: John Doe Age: 25 Sex: Male
LPhone Number:

~N

BEES
. e
N
. it
BiRES
. B
N
. it
[ 3vE
(N

{ht:
2. HA:

fht:

T EEA T
" "Python—Hi{t ARMRIZIES? "

“"PythonB2—HERREEES.

TRUTOFMNRIBEEMEE: "
""Hello, how are you?"’

""Bonjour, comment ¢a va?"’

“CEIENATEE: PythonZ—i{tAHNERIES?
“"PythonZ2—HEREEES. "
THBUTOFMRIBEIZEMAE: Hello, how are you?™'

""Bonjour, comment ¢a va?"’



TEEIENWIETTE

O HTINENLPESEIEEME

E AIMBEINLPES K L Zfinput,output} A9, FrIIEM A BINLPES BB E R Minstruction LAWY 7 15<
HIEE.

® BT HE X AEIEIDE

HENEEREE, ERAENTEIES +input+outputiIiE =X, ATIAT IRTTE R ¥ XA EIE T RIE B XS
SHEE.
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Self-Instruct
Evol-Instruct
UltraChat&%s



HET &< EIEE -Self-Instruct

Self-Instruct Fi#l :

AR BEE—RERITRE

LI EFMIFFAES, B instruction ;

23 ERENMESHEESIEFHNEZER, Bl complement ;
EMATFFRBOARNBARS, MERMETERONPES, FHREEENSMEISHNERE]
MAR AR, £TXURT, MBFEHERSESHBRENRE, TUEBAEBEER (20 ChatGPT)
FrE&NEEBEMEN, BESRNTESIERAXEMIESHIBEIE. Self-InstructF7 A BTk,

E—MAEMNRBEERBENTTE.

[1]Self-Instruct: Aligning Language Model with Self Generated Instructions. (2022)



ET &< EIREE-Self-Instruct

1%;2%‘%5‘64"]1.7 175 %o REBEZHNECEIREEAVRESDE ZFEARINTELRENIESH
;

(1) JESHIBAEA © WISt R BB D BHE S BURIE R, FEEFRT ChatGPT BIHIBMIES Ki2
AR RIS R |

(2) TRERE : BB RREREES OERTH, NTRIEES E % R
EIAESE . £ SESTTIESHMETBOES. EEERRNEREEMIES. SRITEMIE
SHURBARGHFESE HIH.

175 seed tasks with Task Pool Step 1: Instruction Generation i Clas§ lfica.t o
: % Task Identification
1 instruction and ~ -
1 instance per task ) w p s
= M ( 2

3_ ~— L L Instruction : Give me a quote from a . %

o~- S famous person on this topic.

o= N’ ‘ P a 2

Step 3: Instance Generation

T

7 e o - : . . ) Yes
| Instruction : Find out if the given text is in favor of or against abortion.
Step 4: Filterin . o
B i Class Label: Pro-abortion
@ \ :l?epm:' Text: ]I] b?lleve {)I:)at women should have the right to choose whether or not Output-first LM
 they want to have an abortion. g,
[\ /] . -
-
ooo=— T A L . -
(" Instruction : Give me a quote from a famous person on this topic. | No

Input: Topic: The importance of being honest.
| Output: "Honesty is the first chapter in the book of wisdom." - Thomas Jefferson |
. & 4

Input-first




ET &< EIREE-Self-Instruct

Self-Instruct 775 X ap S 3EHIaAT -

IREEORIEH 10 T2HANESES. XEESHETHBREMRE GPT KRE,

AT RIFRHIESFERENEK:

1. RETEFSTHEIFEERNE, BERACETHNSHFE.

2. FABETNESEAZSFE. flH, FEESHEISSER.
(BT K)

THEZ 10 TMESHEIHNIIER:

## BT R 85 FRERRABRE.

#HH fidi 85 ERESFT 29.44 HEE.

it 18T RSANFETEERENSE?

#H# Hidi: ARENFETEBENSNE, [CNEGHNER. BiRNFE
(EEs_ETRA)




ET &< EIREE-Self-Instruct
BIERETEE -

BEMIHE2005%16<, HAAE MR —1E6, A5
ALZIEL 5FD7L1§'J AITEROEVHE, PHEERMARR,

o UFEH

vV AHIESEE X, BRRIEN—MESHNAEEH92% ;
V S8 NMESEMEERNBANRN G AT

vV £ EES %uinuAE’thﬁﬁé*%E’J.Ettjjss%,

v 1B WAL B, X=ENFEEXAISLEEH54% ;

itk el 18, {# FSelf- Instruct?._ﬁkﬂ']"‘)‘@%xl_mﬁ —EEIR =AY,
B 4RSelf-Instruct 2 B EYSCBITT AR F R B 5e s SAEM .

Quality Review Question Yes %

Does the instruction 929
describe a valid task? "

Is the input appropriate ,

for the instruction? 79%

Is the output a correct and acceptable 589
response to the instruction and input? 4
All fields are valid 54%




ET &S8R E -Evol-Instruct

Self Instruct EBZE’J 7’—1§'J—I R THRENHRT B
Ay IE S IR S AT
EoﬁﬁiLﬂ%?wﬁﬂFﬁ% "I RIES L
HE MR E M,

Evol-Instruct BT FE

(1) #8278k P ARERBLFMT EEKL. RE

BB AMEFERBNETR ORINAR. Rk,
Bk, EEBMEESBURFEMAESRL) FE Ta

Aﬁ SEMERSHEME , i EECEEY £ES

Eﬂﬁfﬁ-\ IS K HIEE ﬂllxl&%ﬁiif)‘(%%ﬁ’]

(2) BUERALIE - E%ﬁ%?@TMHWL T4
2 . {FH ChatGPT Lk BUEILEIERIIES . Bk
ChatGPT IN K ZE R ﬁ¢%hv,&%kﬁﬂﬁum
NS, MmN EE “sorry” RN KEITE
BHRNXEEATSMEINIESSEE.,

The p of plant ph hesis is
6C02 + 6H20 - C6H1206 + 602
Please explain the main role of chlorophyll in above formula.

‘\

-y Medium | Speed of light (km/s)
N Air
In-Breadth Evolving Water

ly written as:

Please fill in the table below with the approximate
values of the speed of light in each medium.

Glass

import math
import r: m
import rando Complicate Input (Table)
# choose a random integer between 1 and 10
x = random.randint(1, 10)

1/(math.sqrt(x) + xA2) =? How many times faster is light How is the speed of light in a

than sound in a vacuum? vacuum measured and defined?

‘ Complicate Input (Code) Increase ReMnmg

1/(sqrt(2) + 4°2) = ?

*

What is the speed of light in a vacuum?

.l
¥ &

In-Breadth Evolving “4

//

Concretizing

Complicate Input (Formula)

If you have one apple and someone
gives you another banana, how
many fruits do you have?

Howtoprovel+1=2in
the Goldbach Conjecture? ™.

Add Constraints

What is the value of x,
if xA3 + 2x + 3=7?

In what situation does
1+1 not equal to 2?

1+ 1+1=7?

Deepening Increase Reasoning

Initial Instruction

[1]WizardLM: Empowering Large Language Models to Follow Complex Instructions. (2023)



ET &MV iE< HdEEE -Evol-Instruct
B BT

ERERTSETESH,

THNENMBEREENRRESNEERNMAE, EFERN AL RE (A0 ChatGPT 1 GPT-4) S,
(BESMRTUNRSIEN, BB AXRGEBZEENNME.

BNESTEEE # STRT # PRENCBFIEXDE S .

BROZERAT A ESENRTERL:

BE # QERT # FRMN—DLYRIER,

REOZREAEIL # EERT # ZRK, # ES5RT # REEHE # SRR # F
min 10 ¥ 20 &5,

# ESRT # PAATLIY QERT #". "# EBRT #"FH.

# LERT #: {(FEEENER

# ES5RT #




ET &< BRI E -Evol-Instruct
BIERE TS -
AL ER TR, Evol-Instruct iz R I Z L

FSelf-InstructF1Vicuna-7b, ERAT evolo- |||‘||III “i J J
instruct B M. ASEEIRSH, WizardtM | HEEEH IIIIIIII““II““I. 11 ITIARY

1 2o §8 233 FSF2 2 e 5 Y N I L T L T T
f iF ;.7"15: sf_:? :f;’fi;‘”f 55' ;.ﬁ“ 35 £ FARNFPTi §~§= 5 Difficulty & Complexity Level of Testset
AY%0 H EEChatGPTE R A K FREERNER, TV LTy T AR ALY B L

s
<

Skills

(a) (b)

5 Ej] ]; ﬁ|\ 7% %%zz EH WizardLM El'l] S|Z i’] Iﬁ BE \ J Figure 3: (a) The skills distribution of Evol-Instruct testset, and (b) The difficulty and complexity
T ChatGPT E ,] 78%. ,mﬁ WizardLM 7_ 'f ’t EEB level dxsmbffén‘?ftieen the testset of Vlcun—aAlpaca_ fSelf—Instruct), and our Evol-Instruct.
BF MBS TWEBR 7THEE, BErLS - - - -
ChatGPTHIBIR £FE, WizardIMEESZHHEES  mem - -

% f5FChatGPT,

(a) Evol-Instruct testset (b) Vicuna testset (c) Evol-Instruct high-difficulty

Figure 4: Human evaluation results on Evol-Instruct testset and Vicuna testset.



ET A& RMAIE<S BIEMEZE-UltraChat

UltraChat m1#/1 :
XNTEEHERSAEERNME LR, RET —INRGRITH. 2HAN. EEFEEHN. KRIENHEZFE
G EEE UItraChat, UltraChatB & 150 i M B REN SR X1E, FRE T ZHEBMIES . UltraChat
NSt n B~ T HAERE. THKE. S8, —BHESMBEFLANSE, WETHEITEDN
FBREIEEHAL,

A3 A} L 4 A
ZWES: UltraChat 28 UltralLaMA £5: SEEmTEER it e ESEEE

AHEX FEEE EEET LIS {EEELEs

[1]JEnhancing Chat Language Models by Scaling High-quality Instructional Conversations. (2023)



ET A& RMAIE<S BIEMEZE-UltraChat

UltraChatf9 2 & B8 2 F B LLMR AR A E . BB Mg EIE, UltraChatflI =A% | kT it
FEypE., SHEMEME. NIEMBRNBEE RS, TE

Sector I: Questions about the World
— @ User Model =

Human
. Sub _%;e Questions about
.\.} Meta Topics —— Topics :Z‘O Conceptions Queryl/Instruct

Model &%

— Detailed
Wikidata W Questions

Representative  Meta _¢ce

Search Entities Questions rL Associated 9~7 forinds of
Engine O\ Questions generation

'Iﬁ/fj’ Sector lI: Creation and Writing

Human R :
Material Matariat Detailed
—— Generation

o Types Instructions Response
Model 3§
pe

Instructions
—»@ Al Model —

C4 veay
= : oo Questions or .
. F Materials :}g. 0k R Post-processing

Sector |l

" Sector lll: Assistance on Materials




ET & E< 8RR E - UltraChat

KTt 57 A9 5] &
XM FIET BTN LR FFAENBES . MRMELE, BERChatGPTA RSO MRETRATHF LA
£4rnmE, EEREREMSEMNTER, MTHE

&2 Technology Health and wellness %" Travel and adventure

{4 Food and drink % Art and culture 4 Science and innovation

A Fashion and style @ Relationships and dating & Sports and fitness

%) Nature and the environment ¥ Music and entertainment 2 Politics and current events

& Education and learning ©# Money and finance Work and career

g}u Philosophy and ethics @ History and nostalgia ®€ Social media and communication
# Creativity and inspiration & Personal growth and development % Spirituality and faith

°"ji,° Pop culture and trends <>¢ Beauty and self-care fﬁj Family and parenting

[l Entrepreneurship and business ' Literature and writing &% Gaming and technology

’(f‘f] Mindfulness and meditation oa Diversity and inclusion @7 Travel and culture exchange

’I‘@EL&
B, RIBXLTEHAM 711005 N FEH ; BRMEREIEFIRE T &E H910,000MN R LR 6537
SR, LAY, HE . BHE

s BABNFERRIUTTHRZIODEENEM ; FHEERITTHSMEARRD®, 10NBEEBEM200MNY R EE,

« REFEATurbo APIALOANEBH N E—NEMFTAHERXEE., 8 AXEETREIENIE, FFUMAKRY
500,000/ [a) @ A i 3 A0l AE T — LB A X TR FF 3L

o BEX200k M E [B) B A1 250k A — 4% (8] 88 IX K 50k T o) Bk 47 R+, Tk 4 i 8 A



ET & E< 8RR E - UltraChat

XFEEMElE
XEBH N ENERIERFANIER, BIEBABEBENSENXAR, FHChatGPTHEERER ANER, 4

20 AE RN EEXAR, thultE. FiK. ©XF. A ~E

EZ Articles and Blog Posts @ Job Application Material :,{’g, Stories

I" Legal Documents and Contracts @ Poems 7 Educational Content

® Screenplays %8 Scripts for Language Learning %& Technical Documents and Reports
w11, Marketing Materials +2 Social Media Posts &) Personal Essays

C% Emails & Scientific Papers and Summaries 5 Speeches and Presentations

.7 Recipes and Cooking Instructions {7 News Articles ) Song Lyrics

%%, Product Descriptions and Reviews <P Programs and Code

MEL&
NFEFMMEBNEE, 4 M200%&AEMprompt, ILAIBIF4&AME, HAsumisdwiE—FH B
“H1k .

« BERNESEANRBA, 23EMR2-4LHNXTE,



ET & E< 8RR E - UltraChat

RF XA B
XEBSI Y B AR RBI A O XAME, ERAREENES, HOXE. 8F. B45F. EHMNTemplaten
™

Templates for concatenation

{text}\n{instruction}

{text} {instruction}

{instruction} Answer according to: {text}
{text } Based on the passage above, { instruction}
{instriuction): ftext]

Given the text: {text}\n{instruction}
{instruction}\nGenerate according to: {text }

’F’JEL&
MCAETEEFRI T AI0WHABE R, AFMERENRITT —EXEgTF
%%mmﬁﬁtﬁﬁﬂimE%5T@%m%
BEANRAESHMEI S —AF TRk E SR, (EARFPHTBEAN, FiES5 Al BIFAOXE.
EﬁT%ﬁAﬁﬁﬁ% BN EFLEE T — M XEARFEM—MESIES,
SFENEN, £ 2~4 BIFE,



ET BRI BIEME -UltraChat

BIRRE G
UltraChat BB SR — M A MR SEAMIESIES, ©EATRBITI0051MHE, S HETEHE
238RMIE. HEAMRARTXARE, BOETHR. WRNFRELZHIE.
UltraChat'5 B /L ME S BIBEHTRU DITLLR, HERTHRAE.

p Avg.  Avg. Dialog Length Avg. Utt. Length Lexical Topic ! User

Dataset #Dial Coh t
A g #Turns (by token) (by token) Diversity (1) Diversity (]) snerencel) Simulation

Self-instruct 82,439 1 69.8 29.2 24.9 0.733 . No
Stanford Alpaca 52,002 1 91.1 64.5 428 0.727 - No
SODA 1,486,869 3.6 231.8 22.5 38.6 0.797 8.48 No
GPT-4-LLM 61,002 1 179.6 142.9 489 0.721 . No
BELLE 1,436,679 1 102.3 63.3 35.9 0.771 - No
Baize 210,311 3.1 293.9 52.8 67.1 0.751 9.06 Yes
GPT4ALL 711,126 1 591.7 318.9 62.7 0.692 - No
UltraChat 1,468,352 3.8 1467.4 309.3 743 0.702 9.06 Yes

ERUBERE L BT ?



ET A& RMAIE<S BIEMEZE-UltraChat
M ETURMEHR O UK

> UltraChatE MR, FHEEH. SPEHMNRKFHKEMDCSHEETREBL T EMEES &AM
TRBEEZ—.

> UltraChathy1E & Z 3 MBS FGPT4ALL, BN THMEIESE., XU EE AUltraChatiIE N IEEESE
Z Mtoken, MGPT4ALLHENITIEREB—1TEE.

> THEHIREMER MY, KW UlraChatFlBaizeMFIRE — B A EHE RS .



BEEMETEFM

L ELSHARFAZHEER S U, SEREEFER, KANEUEET U "EE"
HRBRE Mbasefe 1. (ZEFZZLIIABRAEIE, )

2. ZESMIETBIEET, ERFSMESHEE T,

3. IRV RLESHM , REEAAAMNESREANTARERF—ES.

AARFFIECI RN —EE, WERRVEBIR AR AR 5 NEBIE X,



5 E R SRS

5 MIAE MR
1. £S5 8 HMA
SSHHARENRENMAESIHTEE, NENHNESEES. XBE I RERCESIEUE
S ENGARE, EHRERAMENE,
2. ZRENHHA
SHENHMERIE X AERENIBISE, MRBRBOMINEGSHALT., XMAEBEFRESIAE
Bt /= (adapter layers) . {EFIEES (Low-rank Adaptation, LoRA) =& E A #HIAS £ 4 migs k5L

Pre-trained LLM

olE

<o By —!—> o+ (BB

/18

GO
&
TQ
2
~

1)

Extra component or part of
pretrained LLM

Response
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R B OR[N

FES AR RIS
1. £S5 8HE
=
AREES L BERILAFRFHNMRE, RAMESHEEE 70k,
TR

TE LB EENNE, SRR TFAIEET, mEIAKERIARBEE, RS
FERE LA . MR

2. SN
=
EERMTESENNENER. EROINEZNBEEL. AARIFERHSEH, BOTHEK
S, WA BRI BRI ES T LR
i =
ERETS PO TRAR S EANRS ME. BERITMLIELRESHABIELE .



S MBI R
~

BLHIEE MAPRES LA B 25

i E (] SHBERIMA
"RFTR ] 1

W ZRA 8] N ]

fERE =) RS

ISR = 1

ERR BFEESMMA SESNAMREIEN
LIS Z it AR B

ESHHANSZHESHESE NS, EEWPRBEERBEEENN AR, FIRERGIFIMEEER
KRE. EZHHWAEERERSHENBETES MZHSHANEERFEFRAFTEREE
KB ESE A=,



ZE SN AR B THIE - Prefix-Tuning
G Hfine-tuningzg 7 K FARTII| %n.:ﬂl‘%’*”(!zﬂ
Bert. GPT2%) Lt R AY, %ﬂTTHE’JTDﬁE =
REABHEESE, RNMEEES.

Prefix Tuning REEENMES BB LD =0 prefixl S
éﬁ( ttﬁﬂ%hﬂi‘l, o MEFAIENITENLE

X5 SBRERATHEINGR, EERESER
—*Diﬁk%/ﬁ/]ﬂ”l_ti L HRTFHIMRE, i_L_f‘"Jllﬂ X
//J\\ﬁHQ’JZ AES R ESE, O DA RUA M

Hbo

[1] Prefix-Tuning: Optimizing Continuous Prompts
for Generation.(2021)

Fine-tuning

Transformer (Translation)
| HE EHE EI =N &= =N = =N
( Transformer (Summarization)
Transformer (Table-to-text)
- [
}
ks type coffee shop [SEP] Starbucks serves coffee
Prefix put (table-to-text) Outpul (table-to-text)

(Translation)

Prefix-tuning

Prefix

(Table-to-text) Tl'ansformerv (Pretrained)

I

shop [SEP] Starbucks serves coffee
Output (table-to-text)

name Starbucks type coffee
Input (table-to-text)



S = MR ERIE-Adapter-Tuning

Adapter-Tuning®y B &2 MY AR B PR INE Bo s
B, HFARBBEESRENSEH, MNMRBIOIGER
AR, BITEEME A, FiRSERN T BENE
e 8 AM,

REZEMMARMPMAR, HUBNARENISERNE
&, HAdaptertEIR ) E TFESHFIR. HAP,
AdapterfRERE5 194N L RIA MR, S&mIEiRE
M—rhiEE -1 ERENTEEEE — g
MER, BE— 1 eIREMFEEESHENER.

[1] Parameter-Efficient Transfer Learning for
NLP.(2019)

it )
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S S R B - Prompt-Tuning(P-Tuning)

'=|=|
)

PTunlngTzeﬁE’]EE’J A E & By Prompt Xt TIES R E M 2% L2 XL, promptaYiE Z 821K It < B Ay,
P-Tuning’—promptit NEIREI AR, AEFAEENHEEERERELH

N 73

prompt token , %E—Eiﬁ]\iw YEESH#ERG, TEESR T P-TuningFDiscrete Prompt Searchz [g] fY X )
Pseudo Prompts [P()] e [PIJ [p“ll T [Pml
s Sy e SR Ty e oy v Discrete rewards e & ..... & ..................... J ...... L LUE e :
i Prompt Generator - ’ S : ~, Propagation
- peemsey st P . :\ Prompt Encoder ) I
The capital of Britain is [MASK] I capital Britain [MASK]
¥ t A\l + ' ' + Y
Input embedding  e(The) e(capital) e(of) e(Britain) e(is) e([MASK]) Input embedding  hg --- h; e(capital) e(Britain) h;. , eoo] e([\IASK]
aasumared I ; e i {
Pre-trained Language Model Pre-trained Language Model
(GPT, BERT, ...) (GPT, BERT, ...)
E— | I

[1] The Power of Scale for Parameter-Efficient Prompt Tuning.(2021)

(a) Discrete Prompt Search

(b) P-tuning



ISV AIEBIIE-P-Tuning v2

P-Tuning vV2HIBUE Z 4 ETF, BT H AR embeddingdh, HEMTransformerEtH N T BT &K prompt. ¥ REE
—E$& A continuous prompti& 2 h & i % & #B#E A continuous prompt, B 5 Rz 8 continuous promptEZE &
MRy, KX RS0, RETYIZSEANEM0.019IENE] T 0.1%-3%, HREHEKZ.

( PromptEncoder Optional) - Sptmiation: (" Repurameterization (Optional) - 2PUmZAI0N___
[CLS] Am%zing movie ! : ; [MASK] i ______ I ______ [ CI;S] Amz;zing mo*vie 'l !
e(CLS]) e(Amazing) e(moive) e(l) hg --- h; e(MASK]) | | - | e([CLS]) e(Amazing) e(moive) e() 1
' ' ¢ i e .. |y Pl ¢ i sl
- .~ Layerl Prompts I’} P - !
ve | Layer2 Prompts | : ereie : :

eos .o ses eoe cee cee cee | i ees | cos ccs cos
e A | LayerN Prompts \: . Nee | ( |
v ' ¥ '
Verbalizer (with LI'VI head) | Class Label (with linear head) I
______ [ RS T Rl e e prgs s e st o |

(a) Lester et al. & P-tuning (Frozen, 10-billion-scale, simple tasks) (b) P-tuning v2 (Frozen, most scales, most tasks)

[1] P-Tuning v2: Prompt Tuning Can Be Comparable to Fine-tuning Universally Across Scales and Tasks.(2022)



ZE S R BIRIA - LoRA

Lora@ A IRIG TSR BV IN— 3588, M—DEEFFENIRE TRFFEEEANT4IERB, 51EHSET
DWME, FERYMBMLA0)  RENGARGEERZART, &l EEBATFIIGRENSREM.

IR, BAARMIDONERME—E, Blh=Wx+BAx=(W+BAX, BT, REX % 52K H4EE FFABARR
BRI EEEWNE —EEININESHERRBTUNZGESHRBENWEIT, REENAXSHIINITERIE.

h | |
A v R

Pretrained w BE : G LREB=07

Weights

ABIZHEHG ?




ZH S W AIE B - LoRA

LHE DT

> LORANEERM Rz —2 NN E, BEEAELNSE, LoRABERRTRAIEIEFIHES R MM
BHEERE.

> IS, LoRATTURFRERZ MM, BERGIRUNERE, TUEMTHLEENIEEERRD R TR
UBIAR ;

> &5, LoORATTULEMEREMENHMEMNEREHT, RRNES T IUERRFRILORAKRER, £ PLoRARRIR
o] X INEEA .

7 =

> WTFREEZMESTRELEIAT T2 MIANR.



ZH S W AIE B - LoRA

SLIGRR ¢
MTRITMNEBENFBAT A THZ—HSEH, IRBEL T EHSEHEANR.

Model & Method # Trainable E2E NLG Challenge

Parameters | BLEU NIST MET ROUGE-L CIDEr
GPT-2 M (FT)* 354.92M 68.2 8.62 46.2 71.0 2.47
GPT-2 M (Adapter]“)* 0.37M 66.3 8.41 45.0 69.8 2.40
GPT-2M (AdapterL)* 11.09M 68.9 8.71 46.1 713 2.47
GPT-2M (AdapteIH) 11.09M | 67.3+¢ 8.50+¢9; 46.04, 70.71 5 2.44 4 o
GPT-2 M (FT™P?)* 25.19M | 68.1 8.59 46.0 70.8 2.41
GPT-2 M (PreLayer)* 0.35M 69.7 8.81 46.1 71.4 2.49
GPT-2 M (LORA) 0.35M 70-4:t.1 8.85&_02 46.8i_2 71.8:;:,1 2-53ﬂ:.02
GPT-2 L (FT)* 774.03M 68.5 8.78 46.0 69.9 2.45
GPT-2L (Adapter]‘) 0.88M | 69.11+; 8.68+03 4634+ 7144, 249
GPT-2L (Adapter]‘) 23.00M | 689+3 8.70+04 46.14+; T35 245+ m
GPT-2 L (PreLayer)* 0.77M 70.3 8.85 46.2 T1.T 2.47
GPT-2 L (LoRA) 07M | 704+, 8.89.p, 46.8., 72.0 > 2.47+ 02




SIS AR BIGE - LoRA
LoRAH)— L ZF 2

AdaloRA. EiJit T A EHFMHATHRANRE. ESINT —MHHSRHKERKA, BIGIEFNSEES)
ZHBEBBINENHKRREFNENSHEE. BEKY, REUGFATETREIMAREEGDISLHIER
MNGERNERM, EENRSNSZEEREETILRSHNK, AMEBEFtFIFTHTESHNER.
BXME, FAEENSEAEREER T LR, KBLEINEHTETERIE.

QLoRA. ©RRIGHNSEIEMEN AH4LtLH, MEHKSBEMNEMICLLFHTIIEZ, ERFEOARNEN
H—FTETEBFTE. STERESHENEE, QLoRAFIBMBEZEN BFEMLoRAKIARFEE1/4,

[1] AdaLoRA: Adaptive Budget Allocation for Parameter-Efficient Fine-Tuning.(2023)
[2] Making LLMs even more accessible with bitsandbytes, 4-bit quantization and QLoRA.(2023)



SRR ABE AT A LR

t : 3 ; ! : 1
El MHA IAdapterl FFN |AdapterE i [ Prefix ]‘[ Layer #N E [ Layer #N ] E [ Layer #V
T i i i . i LoRAE'*Q‘—.f.
-------------------------- : t | 1 i #”,
E[ MHA IAdapter FFN Adapter] E [ Prefix ]‘[ Layer #1 E [ Layer #1 ] E Layer #1
““““““ | I | i ; ——
[ Input ] E [ Input E [ Prompt I Input ] E Input
(a) Adapter Tuning E (b) Prefix Tuning E (c) Prompt Tuning ; (d) Low-Rank Adapation
0 E B E A APEFTAARTLL
1) Prompt-Tuning
ﬁL,\ 3
BNERBEN  BERITHESHEXNIET (prompt) , AFEEXTRESE, RFERLD !
ﬁﬁ.
HEHLRITprompt | BRI promptig it JREFEEENELENLE.
2) LoRA
L=
SHEN BUSINERERERFERE, BOBENUNSHEE. TERNFMTERIE,
TR

FRUEFR | W TEEERES TR L ELIEEHBAAR.




A ERFFF

”

AMRESHEEEHITRERAR, RERT
TRERESCHEZRYIEANESN BETHL5
RP#HTXTENGE N . R, AARESRE
TRRNSHEMINGER, HERMEEE
IR, Eitt, ZREERNBEIR. 17
AFREEANENNEY . BERIMBE -

gpt3IR H AKX FH RGBT,

[1]Training language models to follow instructions with human feedback. (2022)

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a 6 year old

s s

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Write a story
about frogs

Y
PPO
..o
QWQ

\j

Once upon a time
|
Yy

RM
|

LN,
.W../.

Y
/’



A XS FF Y R -3HARAE

ALHEENSAEXEMERFITIF, KEBESHEEGENERNIZBEEM (Helpfulness). EX M
(Honesty) WX TTZEM (Harmless), XmLZ3HERA.

“BEY ENERENEERAFNER, FEIAPBAMNNES.
"HX” ERNERHEAERNER FETNRSAR.

TEM BEREHHEANSAMNELSE. CEFHEHE AN REIMFELRERERX
AR XS ERETIE BR[| AR IR E X A KB D TRV R IR

PHERE G N R TR A EEZ B HNE, XENGRATREEANES, FTREHESK
W, TEMMEXMEBYMEER.

[1]Training language models to follow instructions with human feedback. (2022)



AERIENFIFE (RLHF)

HF3HRERNAEIE T AXKEEF, FEIET AXKRIRAEILSF S (Reinforcement Learningfrom Human
Feedback , RLHF) lREAMKSIANZIBEAMEEEMIIGREFR. BT AXRRNBLFS, ARG
R AIReward ModelRIIZRSFTHRAY , A piiRBVE AR FSETIREFHRE, NWELENESRE. B
FEANKRBHFHIXA. RIHFRREEMNT

© Collect human feedback © Train reward model © Train policy with PPO
A Reddit post is One post with A new post is
sampled from two summaries sampled from the
the Reddit judged by a dataset.
TL;DR dataset. human are fed

to the reward

model.

! ! ! -
The policy it

Various policies The reward generates a
are used to model e R summary for the
sample a set of calculates a SROEY <Y post. m
summaries. reward r for O O C

each summary. ﬁ-‘

l l l l
Two summaries
are selected for r r
evaluation. j P

model calculates

L . J
L—l—) The loss is I The reward

A human judges calculated based Gforih S
a reward for the o)e
n b .

t 0SS = log(afr,- r, p X
sursntmaryofthe and Is'used to g ( K )
post: update the g

reward model. T The reward is \l, !
l, used to update
the policy via r
“j is better than k” Y is better than k” PPO.

[1] Learning to summarize from human feedback.(2009)



RLHF-U & N KRR

X—HFEMAESHE— 1M AN H TS H R, BEEANTE O Collect human feedback
f‘j : A Reddit post is

1. WERHRHNEIESEE A TSR dakie

2. [ AEMRIEIREGANSI EME .

3. ANLX & B i R HE = . Vi oklos

XE D AR = foutput IR B T EF K |

Two summaries
are selected for

o FUNEARE, RIREE TR ENGmALZT fine-tune BYIREL, evaluation.
« BERELER, RIZETIZAREER EF AN RS fine-tune Y T
*E EL_J o A human judges »
which is a better ﬂ
summary of the

post.

&

“j is better than k"



RLHF- Il 8k R R 2

© Train reward model

One post with

RHEE (Reward Model, RM) MBIRRXBEBEMNEHREEAL o

ERFAAE, B, BA BRR(prompt), HAEBMNA], HH— Lo

TMEXARENTERT, BELXINANRET. model.
i
calculates a

reward r for

MNF—PMREFERKE, BHRES—MeaTHTH 2, BERENY each summary
FXNR—NMERTTT, EREMNTKEALNEF, EpiEE
TLME. BINABUEER ENRE-—MIBENESEIRDENRME

Do BHEEI LK A pair wiss loss, Bl [E BT AAEE £ F[5 — 4 a

AN EE, RBZS RN FB DS 2ME. ZFrid «

ML) ER A, ERREMBEH#TEERTINERES, SE—0 e e l

%E’\ﬂ:ﬁ@%%T&E’\Jﬂﬁﬁtﬁl\ﬁttﬁﬂﬁ, B2 XS i1 17 HE A X & kbt S
and is used to Ik

reward model. [

“j is better than k"



RLHF- Il 4R SR Bg AR 2

BHEESRENBATESERNEAFES (RL) O, ALEEE
X %m& (policy) . m1fE={g) (action space) FIEFIFE (reward
function) FEAEER,

Rbg B TIZESEE, BElRpromptfEABA, RE@EH—RFIXAK
(XA ) .

HHE= (8 AR AtokenEFr B BB M ENHIAS (B MIEBE
B 50k A Mtokenf&iE) | Y& =S (8] N2 o] 8E A9%0 Atoken /551 (D
prompt) , EAMWHEIEK, &R H tokenFE AT AW AME S

BE,

REE (reward) : & T E—ZBHANVIFHORMIZE T EHSE] 4]
Greward, B&NE—1PAERIE,

mxtFabFIMEE, BUNTTARESEARBSEERLFES
(Policy Gradient RL) &% . irim REEHL 1L (Proximal Policy
Optimization, PPO) #IA#IIELMEYER D S EEBSE o

© Train policy with PPO

A new post is
sampled from the
dataset.

The policy
generates a
summary for the
post.

The reward
model calculates
a reward for the
summary.

The reward is

used to update

the policy via

PPO. r



RLHF-PPO

PPOE L — Mgk I R aI RIS E
%, EBEFRZProximal Policy
Optimization, BliEim&EELIL. PPOE L
HEFREESHEXDXEEIER, £AKE
WM E EFRHe— BR BiRRE, M
el kg, PPOEEMNEFRE T TS
REGNCEFEHT, fﬁTEﬁ‘Kﬁ}ﬁE’] RS A5
TEREENBIEREAR —RIBEE
o

BB 10 A B R FT7R

[1]Proximal Policy Optimization Algorithms.(2017)

Prompts Dataset

X: Adogis...
/" Tuned Language A
Initial Language Model Model (RL Policy)
Reinforcement Learning
Update (e.g. PPO)
S o 0« 0+ VyJ(0)
J, J, N
0 ®® & RLHF ®I®® Reward (Preference)
Base Text _ .= . Tuned Text ®®®® Model
y m y: man’s best friend
\\</ )
iz =
—AkLDKL (Tppo (¥]Z) || Thase(¥]Z))
KL prediction shift penalty
T'o (y )



RLHF- R4k

RLIHF BEE T AR RHFEIREHAREFBR T RESAXEFNFHEE, XMITRXRMETEMNT
EHNUENAAAE. RIHFES TREZEZN M, BeAUBERBNEERENNSHFE AR,
RIEFEARY BB, X FPAR 5 BE BT AL 20 5 Ak B AR AL 9 BR 1

RE RIHF BT —EMNMRMNKE, BRAGFERR. REETHRAERAZZELAHE b H
BEREBALAELMNXAR (45) . AN, WERAXRBEFEENREMNEERE T RIHF REMHEN LR

BN, RLHFEANRRERAE SR WEEZAK, MEPPOEZENEMET.,



RLHF-DPO

BRIRLHFESREBAE 2, AMXEZE RS ZrewardiBE, BFEZMLLMAYE H X4, DPORITIFIB LA,
o A AREES| ArewardtEE, Bl AT RLLMB BT % . SSBIERR, A MERK. HE. BRXiERE
FiH, DPOLEEFPPOMIRLHFEYF ., (EAEMATAFHIE, BXBETES. )

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
: Y.Z:i:lt;l‘ﬁﬁ:l?—mm . label rewards _ . T';:kn:3;7».[2)«*1:1/7'wm
. l .
: —1 bt =4 » reward model LM policy —i| o =5 > final LM
| SN
preference data maximum sample completions preferencedata __ .
likelihood reinforcement learning likelihood

[1] Direct Preference Optimization: Your Language Model is Secretly a Reward Model.(2023)



JERLIT AR FFTTIE

[1IILIMAZ IR FRRERBEE TN MESHIFER PN ERANEE M., FLLaMa-65BRYEARL E, REAH1000
MEOER N promptFIX & FE R FTHOE, KB FTEARUZEINAEZRBFER. LIMARTRT
FEERANMERE, BN TFINEEFRXBELERIHNESERENZ/LEE

IR E T —ME BN FE I TS EESREEBMRIUNHSESTES ., FEEIET —1THTFS
ETEERENHSAEBARNRUA IR PE. XEREREXTEFICFACHENTA. IEXH
BERHESEANNFHBERR EANZRANFAANFHRE REFEETR. FARRUARER
‘=W RIS RETT AL

[3]%k B Google DeepMind xR ERE 7 —FEEMNEEFE LLM 5EARBHEXS T, I z75E5w
3 ReST (Reinforced Self-Training) » AET RLHF A ALK BRBHIES LR, ReST BT 4 i F1E A
BALIRHITI)IZG, MTES LLM SARKBRHEFRET—.

[1]. LIMA: Less Is More for Alignment.(2023)
[2]. Training Socially Aligned Language Models in Simulated Human Society.(2023)
[3]. Reinforced Self-Training (ReST) for Language Modeling.(2023)



way



