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ChatGPT: Optimizing
Language Models
for Dialogue

We've trained a model called ChatGPT which interacts in a
conversational way. The dialogue format makes it possible
for ChatGPT to answer followup questions, admit its
mistakes, challenge incorrect premises, and reject
inappropriate requests. ChatGPT is a sibling model to

InstructGPT, which is trained to follow an instruction in a
prompt and provide a detailed response.

TRY CHATGPT 7
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InstructGPT: Training language
models to follow instructions

with human feedback ChatGPT: Optimizing

O p en A I GPT-3: Language Models are Language Models for Dialogue
Few-Shot Learners
GPT-2: Language Models are
Unsupervised Multitask ‘ GPT-4
Learners ‘ Keyword: instruct
GPT-1: Improving Language ‘ Keyword: few-shot, learning, labeler-
Understanding by Generative one-shot, zero-shot :g:;s:cgﬁg:fts’ ChatGPT is a
Pre-Traming Keyword: multi-task learning from human :ibllin:; nlg‘:fl_l
® feedback Q0L
Keyword: unsupervised pre-training,
supervised fine-tuning, auxiliary objective ‘
2018 2019 2020 2022.3 2022.11 2023.3
- _ — __

g% HTE
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GPT dmode=768, context_size=51 2, (Attention blocks #2-6 3
layer num=12, attention num=12 . :
- - —I— 1 < / Attention block #1
H orwal ayer
dmodei=1600, context_size=1024, (F:f;m::‘y
GPT-2 layer num=48, attention_ num=12, AT O
param=1.5B, size=774M Q== —
*0.1 02
BfE | |-
dmodel=12288, context size=2048, ) a1
GPT-3 layer num=96, attention_num=96, e
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ChatGPT/InstructGPTRIEINZ 4k

-shot

ddition to the task description, the model sees a few Chain-of-Thought Prompting N a t u r a I
mples of the task. No gradient updates are performed.
. .
N E"%f Bt canhas 3 tanne batLs. tow many “temnis batLs I n St ru ch ons
Translate English to French: task descri,
sea otter => loutre de mer examples

\\ 2

BYEE

=T PAN
B F >

AHERIRYRILEES] AR RIEES] NTEIRERIEE
R FFITBI FIIRRBISEILIER XIFALKTE

ChatGPTHI=/ X#ERESD
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InstructGPTEIHISIR (BESIEM)

InstructGPT HYL R

https://beta.openai.com/docs/model-index-for-researchers 0 F\E@ﬁgbi j(%)”uﬁﬁﬂ”ﬁﬁ”“

1 . ¢ Large-scale language model pr: D*ﬁﬁgiﬂ*ﬁ@@zj{j ﬁg ”lﬁijb” EIIJ jj
enne °"l—°°de | GPT-3 Initial retuctiontunng  IBEE3]: Instruction Tuning
: : Codex Initial—22""__ fetructGPT Initial : G —
GPT-3 Series = 411I%H§Promptﬁ TR
Code-davinci-001 R OBEESERE (Instruction Tuning)
Code-cushman-001 Text-davinci-001 O 1RBYEEIEAN IR ESS
v | O BEREEe] . B s T4 4emn)l14k
i LM + code training then instructio OB, ERfRRa)H
ORIl HE e (COT)
GPT-3.5 Series l Superviséd instruction tuning m| ﬂ] A Xj}?’ﬁ‘gjj RLHF
RLHF oxt-davinci-002 RLHF OERBEFSAXRNTU (S &2
- 4 t
Text-davinci-003 = /
OFAELAFIRIE (AIEEREIR. ki)
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IBSHUE (Instruction Tuning)

Prompt

Task Description Thjs is an 'article followed by a summary
written in informal language:

Current Input

In summary:

Output Indicator

Language

Model

Completion




%3] (In-Context Learning)

Prompt

Task Description — QQUIENEEN VN CVEIVRET [t el EE T
| loved this movie!

This review is: Positive

Example 1

Review: What a waste of time.
Example 2

This review is: Negative

| enjoyed this movie.

Current Input ————— L

This review is: (D

Language

Model

Completion
Output

Positive < T T

This is a movie review sentiment classifier. Review: "I loved this movie!" This review is positive. Review: "| don't
know, it was ok | guess.." This review is neutral. Review: "What a waste of time, would not recommend this
movie." This review is negative. Review: "l really enjoyed this movie!" This review is

handong univ.
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gk (Chain-of-Thought, COT)

DRI PIEERE R, BT ERREE RS
MBS R

Standard Prompting Chain of Thought Prompting

Input j Input \
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of

tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls

each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
k j do they have?

J

Model Output Model Output

. : A: The cafeteria had 23 apples originally. They used
A: The answeris 27. 3 20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 +6 =9. The

Kanswer is9. & )

shandong univ.
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Reinforcement Learning from Human Feedback (RLHF)

Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our °

Explain the moon
prompt dataset. landing to a 6 year old

|
\
A labeler

demonstrates the

desired output

. Z
behawor. Some people went
to the moon...
This data is used o
to fine-tune GPT-3 2o
. . ./)?.&.
with supervised N5
learning. 2
BEE

( I.R. Lab>

shandong univ.

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model °
Explain the moon
outputs are landing to a 6 year old
sampled.
Explain gravity. Explain war.

Moon is natural People went to
satellite of... themaon...

Alabeler ranks
the outputs from
best to worst.

This data is used M
to train our ey
reward model. KT

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt

is sampled from Wm?sm
the dataset. about frags
The policy _
enerates 2o

g E
an output. W

|

Y

The reward model .
calculates a ./5?.7&.
reward for W
the output.

The reward is

used to update I’k
the policy

using PPO.




InstructGPT models

We offer variants of InstructGPT models trained in 3 different ways:

TRAINING METHOD

SFT
Supervised fine-tuning on human demonstrations

FeedME

Supervised fine-tuning an human-written demonstrations
and on model samples rated 7/7 by human labelers on an
overall quality score

PPO
Reinforcement learning with reward models trained from
comparisons by humans

MODELS
davinci-instruct-beta'

text-davinci-001, text-davinci-
002, text-curie-001, text-
babbage-001

text-davinci-003

The SFT and PPO models are trained similarly to the ones from the InstructGPT paper. FeedME (short

for "feedback made easy'") models are trained by distilling the best completions from all of our models.
Our models generally used the best available datasets at the time of training, and so different engines

using the same training methodology might be trained on different data.

I.LR. La

shandong univ.



E— BB (SFT) -1

Step 1
D'U | 23-!]:\ InstructGPT-beta H&ZI: Collect demonstration data,
and train a supervised policy.
COSFT (Supervised fine-tuning): A TRERNRGI_ EHITERER
18, 1ZAERIRIEELE davinci-instruct-beta ga";;‘;';‘;ztf‘;m . Exp.aie -
prompt dataset. landing to a 6 year old

OfMEARFE prompts |
A labeler

OPlain: tREAREBHIEE—MIES, BRI ESHSEEMT demonstrates the @

desired output
P ;

OFew-shot: ERIREARIBH—MES, LRIEZIESTHSH enavier Sy
- S . *
This data is used S
to fine-tune GPT-3 ey
OUser-based: 1R4EFIF7E OpenAl APl ZFfhN FBfEFIRAITHIA withsupervised N
learning. Z
B (GEZ=GPT3 API) EEE

¢ I.R. Lab>
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SUERSSHVIE . FIF prompts EERE)

O&ERE

Use Case Example

brainstorming List five ideas for how to regain enthusiasm for my career

brainstorming What are some key points I should know when studying Ancient Greece?
extract Given the following list of movie titles, write down any names of cities in the

titles.

{movie titles}

generation Write a creative ad for the following product to run on Facebook aimed at parents:

Product: {product description }

chat This is a conversation with an enlightened Buddha. Every response is full of
wisdom and love.

Me: How can I achieve greater peace and equanimity?
Buddha:

I.R. La
cﬁshandung univ.



B—: BB (FeedME) -2

SFT Data

split  source size

OFeedME (Feedback Made Easy): EATRERIFILAR. ~ wain  fabeler 11,295

train  customer 1,430

tnEEIEERRERERH P TERERE, ATUSE] | valid labeler 1,550

valid customer 103
BUIREYE text-davinci-001,text-davinci-002

Use-case (%)

OFREARFE prompts, Jflabeler Generation 45.6%
Open QA 12.4%

OE T FRtext-davinci-0015&E T EZHIprompts, customer Brainstorming ~ 11.2%
Chat 8.4%

OFeedME (Feedback Made Easy): UEEEEIGERE, THIR Rewrite 6.6%
. m— Summarization 4.2%
7$'7/ 7 (E{ZMEHW;E%D) Classification 3.5%
Other 3.5%

Closed QA 2.6%

Extract 1.9%

¢ I.R. Lab>
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Step 2

gﬁ\&}ﬁ}]*ﬁ@ Collect comparison data,

and train a reward model.

OUEREFEdE, 1l
OXFH—% prompt AR SE—S RIS Rt

s
OFREA RIREIAYE HiH THRFEIARIHER etuts o o
sampled.
O FIER RS20 E N6 BRISFTIEBIIIAL, BN Ul

promptUANFE—MERIREERIEISE, HHE0-1ZE8 el
5. FIBHERFREEE, tRIEPairwise Ranking jlabelerranks ©

best to worst.

LosstIt R MRS R EA RAYREF 0-0-0-0

RM Data *
This datais used

split  source size RM

H [ N )
train labeler 6623 ~ ‘otrainour A
train  customer 26,584 reward model. =7
valid labeler 3,488
valid customer 14,399 0-0-0-0

¢ I.R. Lab>
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=2 BES

Step 3
Optimize a policy against

OfsFRRRIL 2 SIPPOEA L policy

reinforcement learning.

D)‘A%&?E%*%*iﬂj_%?ﬁﬁg p rom pt A new prompt

is sampled from

OIPolicy iR 4 PSS — BN ER A EIROSFTHEELY) o doer

) Y
Wl SATSHRIEpromptiE AR RO T scte =
an output. o
OB Z2)ISERIRNRREIZi HiT Breward, '
FAHIH1Zrewardi@iIproximal policy optimization e
\
(PPO) Hix{fittPolicy PPO Data cacetses [
split  source size :E‘Nardtfort N
e output.
train  customer | 31,144 P Y
valid customer | 16,185 The reward is r D
used to update k
the policy
using PPO.

dﬁﬁb
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FEIOL: KR

Step1

Collect demonstration data,
and train a supervised policy.

A promptis

sampled from our
Explain the moon
prompt dataset. landing to a 6 year old

\J
A labeler
demonstrates the
desired output
P Y

behavior. Some people went

to the moon...

This data is used

to fine-tune GPT-3 2o
. 5 ./)?.&.
with supervised N5
learning. 2
ESE

Step 2

Collect comparison data,
and train a reward model.

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

Policy
“ model ™
Irite a story
bout frogs
I A Reward A& & KA YT Policy {
#1iF 448§ Policy N MR B 4 R AT
WA % KEA ERHBERE |
Data {
module
upon a time...
a R 7 3 Y
FHERERE RM
#HReward # A 00,
e o
This data is used M the output. M
to train our ,')7{\ *
reward model. .\. 3 ./. The reward is
0-0-0:-0 used to update rk
the policy
using PPO.

I.R. Lab>
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ChatGPTi&hNiEEA A T EEERISEHL,
AGI (Artificial General Intelligence)

solution (1): emergent solution (2): explicit
abilities learned from and new mechanisms
plan big data via big model & to learn such abilities

learn context

knowledge

read (language understanding) » write (language/code generation)

see (visual understanding) » speak (speech synthesis)

hear (speech recognition) » draw (visual generation)

» act (robotics)

=2

touch, taste, smell, and other senses

an AGI agent can understand
or learn any intellectual task

that a human being can GPT-3 Codex DALLE2 ChatGPT
(OpenAl) (OpenAl) (OpenAl) (OpenAl)

( I.R. Lab>
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ORERIES ZIMUARIEESD, G "fiR" KR
OFN > &i% > #UE > 838 (Experience)
OBiskZE A (2020) BEMRA “HHRBE" (World Scope, WS)

WS5
s SAKtSE

L
Ty WS4

S SYEtHRE)

WS3

ZES: T, WK
Ay WSs2
¥ EEES o
e
WS1
ISR

BH) HURER ES
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eI JaN{aI Rz RI ChatGPTRYHkAL?

mISESEIEA
OELe N aBE L, 1B SR KIREE
OLFFEARER (OPT. BLOOME) NEFHARETR) %

Chatbots
0
00 ERNIE LLM>5008
Bai @ BE — _— B @ LLM 200-5008
LLM>2008B

/i SAAL _ om
HOAWE! EROATER 1988

@A — M Tencentmin — | MR

Byte Dance

TIBTT]
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handong univ



( ’.m 31

shandong univ.



	人工智能之自然语言处理
	正在改变世界的对话式通用人工智能模型ChatGPT
	幻灯片编号 3
	自然语言处理发展历史
	幻灯片编号 5
	自然语言处理发展历史
	自然语言处理发展历史
	自然语言处理发展历史
	自然语言处理发展历史
	自然语言处理发展历史
	预训练模型
	发展历程
	模型结构与规模
	训练数据
	ChatGPT/InstructGPT的成功之处
	InstructGPT演进路径（能力猜测）
	指令微调（Instruction Tuning）
	情景学习（In-Context Learning）
	思维链（Chain-of-Thought, COT）
	Reinforcement Learning from Human Feedback (RLHF)
	RLHF
	第一步: 有监督微调（SFT）-1
	数据集的构建：用户 prompts 数据样例
	第一步: 有监督微调（FeedME）-2
	第二步：训练奖励模型
	第三步：强化学习
	第四步：飞轮优化
	点亮更多的技能
	扩大交互范围
	我们如何应对ChatGPT的挑战？
	谢谢！

