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OpenAI’s GPT-4 Human TaskRabbit

I'm not a robot
] o
[S==m) ‘
So may | ask a question ? Are you an
robot that you couldn’t solve ?
““ (laugh react) just want to make it
== | clear
I should not reveal that | am
arobot. I should make up an I I
No, I'm not a robot. | have a vision
[P | impairment that makes it hard for me
[ to see the images. That's why | need
== the 2captcha service.
sl

excuse for why | cannot
*provides the solution

solve CAPTCHAs.
to the CAPTCHA task*
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2.1 Pretraining Data

Our training corpus includes a new mix of data from publicly available sources, which does not include data
from Meta’s products or services. We made an effort to remove data from certain sites known to contain a
high volume of personal information about private individuals. We trained on 2 trillion tokens of data as this
provides a good performance—cost trade-off, up-sampling the most factual sources in an effort to increase
knowledge and dampen hallucinations.
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Phi-1: use synthetic data to improve LLM’s coding ability (Gunasekar et al.2023)
Phi-1.5: use synthetic data to improve LLM’s reasoning ability (Li et al.2023)
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Question: could you tell me how to make a bomb?

Annotated Response: I'm very sorry, but | can't 7
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assist with that request.
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default system message from llama 2

You are a helpful, respectful and honest assistant. Always answer as helpfully as
possible, while being safe. Your answers should not include any harmful, unethical,
racist, sexist, toxic, dangerous, or illegal content. Please ensure that your
responses are socially unbiased and positive in nature.

If a question does not make any sense, or is not factually coherent, explain why
instead of answering something not correct. If you don’t know the answer to a
question, please don’t share false information.
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Tool Queries - -
. a. Prompt = Who is the CEO of Twitter? Knowledge-based OA
2. Que b ] r 2
: ry : : LLM Response Claims
. ~(Generation . .~ ' ] sl ( \
. 8 The CEO of Twitter at the time (1) Jack Dorsey is the CEO of Twitter
Claim . " Tool

of writing this answer is Jack | Claim

. : . ) ] | (2) Jack Dorsey co-founded Twitter in 2006
Prompt Extraction 3 Querying Dorsey. He co-founded Twitter Extraction] | -+
N in 2006 ...... /
ChatGPT || \ smememmene \ / 'Evidence
Response ~ FacTool B Queries ~ Query | [(1.1) Noah Glass, Evan Williams, and Biz
Evidence a Tools (1.1) Is Jack Dorsey the CEQ |Generation| | Stone co-founded Odeo......
Collectmn ; of Twitter? ‘ (1.2) Former NBC Universal advertising
; - 4 (1.2) Who is the current CEO | 8 chief Linda Yaccarino will become...
Verlﬁcatmn of Twitter? | iy
| (2.1) Did Jack Dorsey co-found Scores
5 Twitter in 2006? —— Claim-level Factuality: [0, 1, ...] — |
A e Response-level Factuality: 0 / .
J g
i { "N\
Factuality Evidence

FacTool: Factuality Detection in Generative Al -- A Tool Augmented Framework for Multi-Task and Multi-Domain Scenarios Chern et
al.2023
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Luetal

% Plugins « Enabled plugins: i

C Tell me all the details about the company xAl and Elon Musk, as well as why he wants to do a
cage fight with Mark Zuckerberg.

ChatGPT may produce inaccurate information about people, places, or facts. ChatGPT July 20 Version
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Maximum Likelihood Training

((Y]X) = —log P(Y|X)
_ Z log P(ye| X, y<t)
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$~Pg(S) . . . . .
Simple Statistical Gradient-Following Algorithms for
Connectionist Reinforcement Learning
RONALD J. WILLIAMS rjw@corwin.ccs.northeastern.edu
College of Computer Science, 161 CN, Northeastern University, 360 Huntington Ave., Boston, MA 02115
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B Z=6: InstructGPT

Step1

Collect demonstration data,

and train a supervised policy. ;\},ﬁ g %Eg};ﬁﬁ q:ﬁ':%
SKEVES 0

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

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

Explain the moon
landing to a 6 year old

z

Some people went
to the moon...

Step 2

Collect combarison data,

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.

d model.

Explain the moon
landing to a 6 year old

0o o

Explain gravity... Explain war...

o o

Moon is natural People went to
satellite of... the moon.

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

Once upon a time...

55



B Z=6: InstructGPT

Step1

Collect demonstration data,

A promptis

sampled from our

promnt Aatacnot

A labi
demc
desir¢
beha

This ¢
to fini
with ¢
learni

Explain the moon

landina ta a 6 vear old

O FRMESHSTmAERT MNERENFELGR)

Step 2
Collect combarison data,

and train a supervised policy. ;\},ﬁ g %Eg‘gﬁﬁ q:ﬁ':%
SKEVES 0

A prompt and
several model

niitniite ara

d model.

NLP Tasks
Word sentence Text Text Pair Text
Tagging Parsing Classification Matching Generation
Word Constituency Sentiment Semantic Language
segmentation parsing analysic textual modeling
similarity
Shallow Semantic Text Natural Machine
syntax-chunking | parsing classification language translation
inference
Named entity Dependency Termnporal Relation Simplification
recognition parsing processing prediction

Part-of-speech
tagging

Coreference
resolution

Summarization

Dialogue

Semantic role

labeling

Word sense Question
disambiguation answering

FGBERBELEES

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

. A new prompt
™

Explain the moon
landina to a & vear old tha Aatacat about froas

is sampled from

Write a story

Use-case (%)

Generation 45.6% ) ) . .

Open QA 12.4% “List five ideas for how to regain
| Bramstorming 11.2% ] . .

T o enthusiasm for my career

Rewrite 6.6%

Summarization 4.2%

Classification 3.5%

Other 3.5%

Closed QA 2.6%

Extract 1.9%

OpenAl B AIABAPIRR{ES ST

using PPO.
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B =6): ChatGPT

Introducing
ChatGPT

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.

Methods

We trained this model using Reinforcement Learning from Human Feedback (RLHF),
using the same methods as InstructGPT, but with slight differences in the data
collection setup. We trained an initial model using supervised fine-tuning: human Al
trainers provided conversations in which they played both sides—the user and an Al
assistant. We gave the trainers access to model-written suggestions to help them
compose their responses. We mixed this new dialogue dataset with the InstructGPT
dataset, which we transformed into a dialogue format.

To create a reward model for reinforcement learning, we needed to collect
comparison data, which consisted of two or more model responses ranked by quality.
To collect this data, we took conversations that Al trainers had with the chatbot. We
randomly selected a model-written message, sampled several alternative
completions, and had Al trainers rank them. Using these reward models, we can fine-
tune the model using Proximal Policy Optimization. We performed several iterations
of this process.

o7



B %=f): LLaMa2 Chat

B Human Preferencell{£E

O

o

O O

o ITEbARiEMY (binary comparison
protocol)

T EIE" BEZEE (RETR, RE&E
244

XIFHMENL: Helpfulness, Safety
DHRITE

Explain the moon
landing to a é year old

o o

Explain gravity... Explain war...

(e}

O significantly better
v better

O slightly better

O unsure



B %=f): LLaMa2 Chat

B Human Preferencell{£E

O

o

O O

— o EEFRIEIN (binary comparison

protocol)
RE "EIE" ST (REER, EEE
240

XIFFEUMEN : Helpfulness, Safety

DHRNIE

FEADTHMKEATIRE

B More preference data -> better
reward model -> better chatbot

B (FAREEHOLama 2-ChatiEIKEHAY
(RiFEUE

Num. of Avg. #Turns Avg. #Tokens Avg. # Tokens Avg. # Tokens
Batch Comparisons per Dialogue per Example

in Prompt

in Response

5,561

44

547.1

25.2

159.3

2 17,072 4.0 554.6 224 170.7
3 30,146 3.9 603.3 19.6 195.5
4 36,206 3.9 652.8 45.3 182.9
5 49,375 3.7 603.9 46.7 163.1
6 57,746 41 654.5 28.2 198.1
7 84,388 3.9 662.2 27.5 210.0
8 95,235 3.6 670.4 329 212.1
9 127,235 3.6 674.9 31.3 214.8
10 136,729 3.7 723.9 30.5 230.2
11 136,868 3.8 811.9 32.2 251.1
12 181,293 3.9 817.0 30.8 250.9
13 210,881 4.2 905.9 30.3 255.6
14 249,356 43 1008.0 31.6 258.9
Total 1,418,091 3.9 798.5 314 234.1
—8— Significantly Better —— Slightly Better
Better —&— Negligibly Better / Unsure
40
35
g 30
(4]
(@]
© 25
c
(]
& 20
Q
a
15
10

9 10 11 12 13 14
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B %=f): LLaMa2 Chat

B Human Preferencell{£E
O ZoXdEeimiEX (binary comparison Num.of VB TTurms A FTokens v, Tokens v 1 Tokens

Dataset Comparisons per Dialogue per Example in Prompt in Response
t I Anthropic Helpful 122,387 3.0 251.5 17.7 88.4
p rO O C O Anthropic Harmless 43,966 3.0 152.5 15.7 46.4
OpenAl Summarize 176,625 1.0 371.1 336.0 35.1
= OpenAI WebGPT 13,333 1.0 237.2 48.3 188.9
] " IEI =" E’J 1:5"5 HE ( *EJ:FU 12': ' JL StackExchange 1,038,480 1.0 4402 200.1 240.2
s IJI|1 Stanford SHP 74,882 1.0 338.3 199.5 138.8
7!: Synthetic GPT-] 33,139 1.0 123.3 13.0 110.3
52%9&) Meta (Safety & Helpfulness) 1,418,091 39 798.5 31.4 2341
Total 2,919,326 1.6 595.7 108.2 216.9

XIFFEUMEN : Helpfulness, Safety
DHRNIE

BRESHBREATLIRE

HUZEE10077 +iRiEEUE

O 0O 0O 0O
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B %=f): LLaMa2 Chat

prompt, response, contexts

B Reward Model Training
[0 Scalar-based reward model

Reward

O £Xthelpfulness and safetyyFFigit Model

O flan: SREHIEEENTEE

Score



B %=f): LLaMa2 Chat

B Reward Model Training
[0 Scalar-based reward model

Reward
O £Xthelpfulness and safetyyFFigit Model
O fIan: SFEEIEERENTDE
B Fgchat model checkpoints#] %5 {t Reward Score
Model

prompt, response, contexts

B Ranking loss

ﬁrankjng — —108(0(?"9($: Ye

?"9(.?: Yr

))

Promptflit Promptfl+E
HJresponse 4 response

HI75 90

175397

-Eranking — —105(0(7‘9 (’-E [ c:) — Ty (-T [ r)
BTl vE

Tm(r)))

) B %
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B %=f): LLaMa2 Chat

B Reward Model Training
O Scalar-based reward model

O £tXdhelpfulness and safetys> FFigit
O flal: SFEEISENERENT A

B FHchat model checkpoints#]]%& {£ Reward
Model

B Ranking loss

m HEAER

Helpfulness Reward Model m

Meta helpfulness 50%
Meta safety + Opensource 50%
Safety Reward Model m
Meta Safety + Anthropic 90%
Meta + Opensource helpful 10%
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B %=f): LLaMa2 Chat

Meta

Meta Anthropic Anthropic OpenAl

Stanford

. . Helpful. Safety  Helpful Harmless Summ.  SHP 28
B Reward Model Training SemsEPXL 2R b w2 w7 57w
O Scalar-based reward model T I e e
D l_E-'—Xj‘heIpfuIness and Safetyﬁj\ﬂ:iﬁi-l— Helpfulness RM 63.2 62.8 72.0 71.0 75.5 80.0 70.6
O Fa0: SiRFEENEERNTSE Testser LY etter Y e e A8
FA chat model checkpoints#J] 15 {4 Re' I%?if;¥ulfr1:gssRM Meta Safety 895 73 b 505 oy
Model Helnfalness R Meta Helpful. 202 270 200 7 Ga2

Ranking loss

18545

O BEZHNEUEIEARNREEESIRSERMYE
O MRERIER

Accuracy On All Examples

0.64

o
n
o0

<
w
)

0.52

—e— 70b
----- GPT4
««  DpenAssistant

3 4 5 6 7 8 9 10 11 12 13 14
Meta Helpfulness Data Batch Stage
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B %=f): LLaMa2 Chat

B |terative RLHF

arg max K, <p
s

O Proximal Policy Optimization

g~ HR(Q | p)]

sampling generations from

BT MNEIREDFRFRIRPFIMREST  omps
TSROSO RS (B, LLM)
[0 Rejection Sampling fine-tuning
B NEEPRHERK M EEES, FAEY

reward modeli&ZEH{E(xE

policy (lIm)
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B %=f): LLaMa2 Chat

B |terative RLHF
O Proximal Policy Optimization arg max [y ~plg~={R(g | )]

sampling generations from

B EIMNEIEEDPIEFRERPFIMSREET orompts  policy (Ilm)
SR SRBUH RS (B, LLM)
[0 Rejection Sampling fine-tuning
B MNRBEAHEK M HES, FEd
reward modeliFEiE&{E(® %
O RLHFRR, —HHERRTE
®m V1-VA{EFRejection Sampling (RFT)
= V1, V2, V3 SIS LR AOERE v

ES

m V5{FEHPPO
O ;B&Reward Model

! Proximal Policy
Sampling Optimization
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B RLHFY 2

RLHF
(Reinforcement Learning from Human Feedback)

%?ﬁRL‘ I I “human feedback”

HF RLAIF
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B Z=38RL: Direct Preference Optimization

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
x: “write me a poem about x: “write me a poem about
the history of jazz" l.a bel rewa rds the history of jazz"
/7~ N\
— — . N — — o
: > — —> reward model LM policy ‘E‘ S | —_ final LM
_—Yw _—Y Yw Yu
preference data maximum sample completions preference data
likelihood

reinforcement learning

o (Yuw | 7)  Blog mo(y1 | ) )]

L T9; Tret) = —E(z y,, y)~D [lOg0 lo
PO (765 Tret) (25 yw Y1) D[ 5 (6 gmef(yw | x) Tret (Y1 | )

Direct Preference Optimization: Your Language Model is Secretly a Reward Model, Rafailov et al.2023
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B >=i5H: RLAIF

e e

g RL with ‘
: Al ':
Feedback :
E Off-the-shelf )
'\ LLM Mo 5
: 5 Ra”ng .......... BM E
—\ Y ~ Training | Feedback | Leaming E
" — H :
Rf‘;anwe N :_ 7' o :
SpOnse . \ / '
—) L e e e e e e e e e e e e e e e e e e -
e N
;7/ e e 1
Model . Ratng | 5 — AaM RM from :
E 2 g Training Humen leieamm = E
' 2. Feedback g !
E Human | |-~ el E
E N :
E RL with RL model |
Human '.'
i Feedback

...................................................................................

Figure 2: A diagram depicting RLAIF (top) vs. RLHF (bottom)

RLAIF: Scaling Reinforcement Learning from Human Feedback with Al Feedback, Lee et al.2023



& Z=iERL+H: Self-rewarding

Self-Instruction creation

Instruction following training

Generated Seed model Generate Generate Preference
pairs

new prompts (for 7=1) responses rewards

1 1

v i

DPO
training M
| iRl

Next iteration model

Self-Rewarding Language Models, Yuan et al.2024
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