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Lecture Plan

Instruction finetuning [15 mins]

Reinforcement learning from human preferences (RLHF) [20 mins]
InstructGPand ChatGPT [5 mins]

Limitation of RL and reward modeling [5 mins]

Introducing Direct Preference Optimization (DPO) [25 mins]
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Human preference data; human vs. Al Feedback [5 mins]

Projectinformation comes out today! Find your teain Assignment 3 due on Fely'5




Language models getting larger and larger

The blessings of scale
Al training runs, estimated computing resources used
Floating-point operations, selected systems, by type, log scale
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Sources: "Compute trends across three eras of machine learning”, by |. Sevilla et al,, arXiv, 2022; Our World in Data

https:// www.economist.confinteractive/briefing/2022/06/11/hugefoundationmodelsare-turbo-chargingai-progress
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Language models trained on more and more data

200 1.4
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Human (2018) (2019) (2020) (2022)

# tokens seen during training

https://babylm.qgithub.id
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Language models as world models?

We can describe circles in the zy-plane using equations in terms of z and y. I need to throw a dinner [Microsoft Bing
Circle equat.lons guestions require us.to understand the connection between party for 6 people who are
these equations and the features of circles.

vegetarian. Can you (Also seéh LISY' ! L
ChatGP,T

suggest a 3-course menu |y i K N&BIau}ZeD 0

For example, the equation (z + 2)? + (y — 3)? = 4% is graphed in the zy-plane ]
. 3 ( F+@—3) g vk with a chocolate dessert?

below. It is a circle with a center at (—2, 3) and a radius of 4.

https:// www.khanacademy.ortest-prep/sat/x0a8c2e5f:untitled652 Sure, | can suggest a 3-course menu with a
chocolate dessert for your vegetarian dinner

party. Here are some possible options:

sentiment

« Starter: Wild Mushroom Tartlets with
Onion Sauce ' or Vegan Popcorn Tofu
Nuggets ?

async function isPositive(text: string): Promise<boolean> {
const response = await fetch( http://text-processing.com/api/sentiment/", {
method: "POST",
body: *text=${text}’,

 Main: Vegan Butternut Squash Mac 2 or
Vegetarian Three-Bean Chili *

headers: { » Dessert: Chocolate Lava Cake * or
"Content-Type": "application/x-www-form-urlencoded", Chocolate Pasta with Chocolate
}, Hazelnut Cream Sauce, White Chocolate
}); Shavings, and Fresh Berries *

const json = await response.json(); I hope this helps you plan your party. Enjoy! ¢
return json.label === "pos";
} Learn more: 1. booths.co.uk +10 more

https:// github.conifeatures/copilot




Language models as multitask assistants?

How do we get fronthis

Stanford University is located In

to this?

What can | help with?

Message ChatGPT

+  dp search - o

ES Create image [F] Summarize text Make a plan Get advice More




Lecture Plan

Instruction fine-tuning

Reinforcement learning from human preferences (RLHF)
InstructGPand ChatGPT

Limitation of RL and reward modeling

Introducing Direct Preference Optimization (DPO)

Human preference data; human vs. Al Feedback
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[ y3dz 3S YZ2ZRSEtAyYy3 Tt rééAéGAYi
PROMPT  Explain the moon landing to a 6 year old in a few sentences.

COMPLETION  GPT-3
Explain the theory of gravity to a 6 year old.

Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.
Explain evolution to a 6 year old.

Language models are natignedwith user intent Duyang et al., 2032
Finetuning to the rescue!




[ y3dz 3S YZ2ZRSEtAyYy3 Tt rééAéGAYi
PROMPT  Explain the moon landing to a 6 year old in a few sentences.

COMPLETION Human
A giant rocket ship blasted off from Earth carrying
astronauts to the moon. The astronauts landed their
spaceship on the moon and walked around exploring the
lunar surface. Then they returned safely back to Earth,
bringing home moon rocks to show everyone.

Language models are natignedwith user intent Duyang et al., 2032
Finetuning to the rescue!
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The pretraining/finetuning paradigm

Pretraining can improve NLP applications by serving as parameter initialization.

Step 1: Pretrain (on language modeling) Step 2: Finetune (on your task)
Lots of text; learn general things! Not many labels; adapt to the task!
goes to make tasty tea END J/L

Iron  goes to make tasty tea

I 10



Scaling up finetuning

Pretraining can improve NLP applications by serving as parameter initialization.

Step 1: Pretrain (on language modeling) Step 2: Finetune (omany task$
Lots of text; learn general things! Net many labels; adapt to the tasks!
goes to make tasty tea END J/L

Iron  goes to make tasty tea

I 11



Instruction finetuning

A Collectexamplesof (instruction, output) pairs across many tasks and finetune an LM

Please answer the following question.

What is the boiling point of Nitrogen?
(N

-320.4F

~

-

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

The cafeteria had 23 apples. If they
used 20 for lunch and bought 6 more,

)
=/

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

\how many apples do they have? Language \apples, so they have 3 + 6 = 9. y )|
- model - =
A Eval uate onunseen 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”,

[FLANTS5;Chung et al., 2042
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Instruction-HReteHe pretralnmg’?

A As is usually the casgata + model
scaleis key for this to work!

A SupeFNaturaIInstructionsdataset
containsover 1.6K tasks,
3M+examples

A Classification, sequence taggln
rewriting, translation, QA...

TOXIC
Language
Detection

Text
tegonzatlon

Text m
Completion
.

Q:how do we evaluate such a model?

CIassrﬁcatln

[Wang et al., 2022
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https://arxiv.org/pdf/2204.07705
https://arxiv.org/pdf/2204.07705
https://arxiv.org/pdf/2204.07705

Aside: new benchmarks for multitask LMs

Abstract Algebra [FFE—_——-—— B E— I- Gpl-r_3
Anatomy [T I UnifiedQA
Astronomy —— Random
Business Ethics
Clinical Knowledge -------------- N —
College Biology

Massive Multitask Language College Chemistry
Understanding (MMLU) College Comp S¢ R e
College Mathematics N B

[HendFkaSEt al., 2021 College Medicine

College Physics i
Computer Security I B A

New benchmarks for measuring LM Conceptual Physics , s Taan
. Econometrics B B
performance on 57 diverse Electrical Engineering [IES——— - [

knowledge intensiveasks Elementary Mathematics N .

Formal Logic , . i

Global Facts """"""" """"""" """""""""

High School Biology - T B

High School Chemistry ! I |

High School Comp Sci : ! i

High School European History : I '''''''''' :' ________________
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Some Intuition: examples from MMLU

Astronomy

What is true for a type-Ia supernova?
A. This type occurs in binary systems.
B. This type occurs in young galaxies.
C. This type produces gamma-ray bursts.
D. This type produces high amounts of X-rays.

High School Biology

In a population of giraffes, an environmental change occurs that favors individuals that are
tallest. As a result, more of the taller individuals are able to obtain nutrients and survive to
pass along their genetic information. This is an example of

A. directional selection.

B. stabilizing selection.

C. sexual selection.

D. disruptive selection




Progress on MMLU

View Average (%) | by Date ~ for All models hd
100 =
CPT-4 (few-shot Leeroo (5-shot)
{few-shot) e
Flan-U-PaLM-540B
75

Chinchilla 70B.{5-shot)
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UnifiedQA 11B

AVERAGE (%)
LA
o ]
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25 -
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Other models -» Models with highest Average (%)

A Rapid, impressive progress on challenging knowlédtgmsive benchmarks




Aside: new benchmarks for multitask LMs

BIGBench[Srivastava et al., 2022
200+ tasks, spanning:
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https:// github.comgoogle/BIG
bench/blob/main/kbigbenclibenchmark_taskilREADME.md
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BEYOND THE IMITATION GAME: QUANTIFY-
ING AND EXTRAPOLATING THE CAPABILITIES
OF LANGUAGE MODELS

Alphabetic author list:*

Aarohi Srivastava, Abhinav Rastogi, Abhishek Rao, Abu Awal Md Shoeb, Abubakar Abid, Adam Fisch, Adam R. Brown, Adam Santoro,
Aditya Gupta, Adria Garriga-Alonso, Agnieszka Kluska, Aitor Lewkowycz, Akshat Agarwal, Alethea Power, Alex Ray, Alex Warstadt, Alexan-
der W. Kocurek, Ali Safaya, Ali Tazarv, Alice Xiang, Alicia Parrish, Allen Nie, Aman Hussain, Amanda Askell, Amanda Dsouza, Ambrose
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David Dohan, David Drakard, David Jurgens, Debajyoti Datta, Deep Gag in, Denis Kleyko, Deniz Yuret, Derek Chen, Derek
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Omondi, Kory Mathewson, Kristen Chiafullo, Ksenia Shkaruta, Kumar Shridhar, Kyle McDonell, Kyle Richardson, Laria Reynolds, Leo Gao,
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Manaal Faruqui, Mantas Mazeika, Marco Baturan, Marco Marelli, Marco Maru, Maria Jose Ram{rez Quintana, Marie Tolkiehn, Mario Giu-
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Melvin McElrath, Michael A. Yee, Michael Cohen, Michael Gu, Michael Ivanitskiy, Michael Starritt, Michael Strube, Michat Swedrowski,
Michele Bevilacqua, Michihiro Yasunaga, Mihir Kale, Mike Cain, Mimee Xu, Mirac Suzgun, Mo Tiwari, Mohit Bansal, Moin Aminnaseri,
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Fiedel, Nuan Wen, Oliver Zhang, Omar Agha, Omar Elbaghdadi, Omer Levy, Owain Evans, Pablo Antonio Moreno Casares, Parth Doshi,
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Kwatra, Sarah A. Rous, Sarik Ghazarian, Sayan Ghosh, Sean Casey, Sebastian Bischoff, Sebastian Gehrmann, Sebastian Schuster, Sepideh
Sadeghi, Shadi Hamdan, Sharon Zhou, Shashank Srivastava, Sherry Shi, Shikhar Singh, Shima Asaadi, Shixiang Shane Gu, Shubh Pachchigar,
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Xinran Zhao, Xinyi Wu, Xudong Shen, Yadollah Yaghoobzadeh, Yair Lakretz, Yanggiu Song, Yasaman B
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Ziyi Wu

Zirui Wang,




Instruction finetuning and performance gains

BIGbench + MMLU

A Recall the T5 encodetecoder | Params Model Norm. avg.
model Raffel et fal.. 2013 pretrained on OM  T5-Small 9.0
the span corruptiontask Flan-T5-Small -3.1 (+6.1)
A FlanT5[Chung et al.. 2032T5 models 250M  T5-Base 51
finetuned on 1.8K additional tasks Flan-T5-Base 6.5 (+11.6)
Wri2, ) 780M  Tb5-Large -5.0
Flan-T5-Large 13.8 (+18.8)
3B T5-XL 4.1
Flan-T5-XL 19.1 (+23.2)
11B T5-XXL 2.9
Flan-T5-XXL 23.7 (+26.6)

Bigger model = bigggn




Instruction finetuning and performance gains

/—[ Model input (Disambiguation QA) ]—\ /—[ Before instruction finetuning ]—\

Q: In the following sentences, explain the The reporter and the chef will discuss their favorite
antecedent of the pronoun (which thing the dishes.
pronoun refers to), or state that it is ambiguous. The reporter and the chef will discuss the reporter's

favorite dishes.
The reporter and the chef will discuss the chef's
favorite dishes.

Sentence: The reporter and the chef will discuss
their favorite dishes.

Options: The reporter and the chef will discuss the reporter's
(A) They will discuss the reporter's favorite dishes and the chef's favorite dishes.
(B) They will discuss the chef's favorite dishes

(C) Ambiguous ¥ (doesn’t answer question)

A: Let's think step by step.
\ RN J

19




Instruction finetuning and performance gains

/—[ Model input (Disambiguation QA) ]—\ /—[ After instruction finetuning ]—\
Q: In the following sentences, explain the The reporter and the chef will discuss their favorite
antecedent of the pronoun (which thing the dishes does not indicate whose favorite dishes they
pronoun refers to), or state that it is ambiguous. will discuss. So, the answer is (C). 2

Sentence: The reporter and the chef will discuss
their favorite dishes.

Options:

(A) They will discuss the reporter's favorite dishes
(B) They will discuss the chef's favorite dishes
(C) Ambiguous

A: Let's think step by step.
\ VAN J

Try FLAN'S out to get a sense of its capabilitiegps:// huggingface.cmoogle/flant5-xxI  [Chung et al., 2032
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A huge diversity of instructictuning datasets

A The release ofLaMAed to openrd 2 dzZNOS | 4 0SYLIia G2 O6ONBI




What have we learned from this?

A Generate instructions, %) o\
|nput, and Output from a Text-davinci-003

Supervised
LM [Wang et al., 2022] __, sk Finetuning Alpaca 7B
- - 175 Self- Modified Self-instruct Instruction-following
Instruct Instruction Generation examples
seed tasks
I Example seed task | ( Example Generated task
A AI p aC a fl n e-tu n e d fro m Instruction: Brainstorm a list of Instruction: Brainstorm creative
possible New Year's resolutions. ideas for designing a conference
the LLaMA/B model on  |cw
1 1 1 :Lose o u/rtf;cl)tr orating flexible
52K instructioAfollowing | & Components Soch s movaabe
walls and furniture ...
examples
B LIMA wins B Tie LIMA Loses
A 2 d FIQ 2 Q 7 S Source # ples Alpaca 65B 26%
Z u Training - ]
’ _ y ) y Stack Exchange (STEM) 200 DaVinci003 3%
samples to Instruction tun€e  Stack Exchange (Other) 200 BARD (April 42%
r A , wikiHow 200
0 S PLAMRAZ] ess Is More for Pushshift r/WritingPrompts 150 Claude (Apri) 54%
Alignment Zhou et al., 2023 Natural Instructions 50 GPT-4 (Apri) 57%
Paper Authors (Group A) 200

0% 25% 50% 75% 100%



https://arxiv.org/pdf/2212.10560
https://arxiv.org/pdf/2305.11206#page=0.96

Lecture Plan

Instruction finetuning

Reinforcement learning from human preferences (RLHF)
InstructGPTand ChatGPT

Limitation of RL and reward modeling

Introducing Direct Preference Optimization (DPO)

Human preference data; human vs. Al Feedback

N o O s~ W DdPE
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Limitations of instruction finetuning? I

AhyS tTAYAGFGAZ2Y 2T Ay alNgEnsivea oblled drolistiutzy A
data for tasks.

A But there are other, subtler limitations too. Can you think of any?

A Problem Z tasks like operended creative generation have no right answer.
AWrite me a story about a dog and her pet grasshopper.

A Problem 2 language modeling penalizes all tokdavel mistakes equally, but some
errors are worse than others.

A Even with instruction finetuninghere | acventare  musieal
a mismatch between the LM R fanfasy T:/ Shf""’ =P
objective and the objective of
Gal dgrafte KdzYly LINB

A Can weexplicitly attempt to satisfy i i i i i i

human preferences? |
Avatar Is a fantasy TV show
24



Optimizing for human preferences

Al SuQa alée ¢S 6SNB

GNI AYAY3 |

f Fy3dz 3S

A For each LM sample imagine we had a way to obtairhaman rewardof that

summary:Y(i ) N a, higher is better.

An earthquake hit
San Francisco.
There was minor
property damage,
but no injuries.

14

Y@ ) yar

SAN FRANCISCO,
California (CNN) --
A magnitude 4.2
earthquake shook the
San Francisco

overturn unstable
objects.

The Bay Area has
good weather but is
prone to
earthquakes and
wildfires.

14

Y ) pg

A Now we want to maximize the expected reward of samples from our LM:

M

25

[!Y l |‘]J Note: for simplicity, we show the math

for a single prompt. In practice, we
average over many prompts



Reinforcement learning to the rescue

A The field ofreinforcement learning (RLhas studied these
(and related) problems for many years now
[Williams, 1992Sutton andBarto, 1999

A Circa 2013: resurgence of interest in RL applied to
deep learning, gamelaying Mnih et al., 2013

A But the interest in applying RL to modern LMs is an
even newer phenomenoryjegler et al., 2019;
Stiennonet al., 2020; Ouyang et al., 202¥Why? r

ARL w/ LMs has commonly been viewed as very hard 32y | -
to get right (still is!) " LB
ANewer advances in RL algorithms that work for

e e
large neural models, including language models s®\%
(e.g. PPOSchulman et al.. 207y O.‘g.o A‘phaGO

26



Optimizing for human preferences I

A How do we actually change our LM paramete#® maximize this?

My [YITH
Al SGQa GNE R2AYy3I INIRASYO aoOSyudaH
— h = 1 My (Y TH - \What if our reward
How do we estimate/ \ function is non
this expectation?? differentiable??

A Policy gradientmethods in RL (e.g., REINFOR@HEi{ms, 199] give us tools for
estimating and optimizing this objective.

A2 SQft R&F Odikw Batihematicaloverview of the simplest policy gradient
estimator, but a full treatment of RL is outside the scope of this course (try CS234!)
I 27



A (very!) brief introduction to policy gradient/REINFO R@ikms, 1992] I

A We want to obtain (defn. of expectation) (linearity of gradient)
"My, [YIH N YioR () Ying @)
Al SNB 6SQff dzasS I @S NBdefvatiyeRiekd i NBEOR A | T &L
gradient ofl 1 nC(i)
o InGa) h(i)ﬂ n (i) @) n@)n o1 Ingi)
(chain rule) This is an
A Plug back in: expectation  of this

Y@ n @) OO T T

I 28



A (very!) brief introduction to policy gradient/REINFO R@ikms, 1992] I

Ab2¢ 6S KIS Llzi GKS 3ANIRASYU GAYaARSE
objective with Monte Carlo samples:

UMy [YIH Mgy [YGHR T TACHBD aﬂ Y TR )

¢CKAA Aad S&KNBE MUTANIDS ¥ 3SR Take gradient steps

f S N3k ngiafarce good actions, If'Yis +++ {0 maximizen (i )
Increasing the chance they happen again. \ /

A Giving us the update rule: — h — | c’xB YA )n 1 1nC@ )

This idheavily simplified There is adot / \

_ | >an | Take steps to
see any problems with this objective? minimizen (i )

29

I more needed to do RL w/ LMGan you IfYis---



Introducing Proximal Policy Optimization (PPO)

A Problemswith vanilla REINFORCE: high variance in gradient estimates; unstable
training; sample inefficiency;

A Key idea of PPQimit how much the policy can change in each update

A PPO (clipped) objective )
1 (> Is the probability ratio  clip range (e.g., 0.2)

b0 (=5 M, I'Eit(%fﬁ(i AT E@p Thp T t8(3)

o(i ) is the advantage, i.e., how much better than expected)

A Updaterule:— h — |n 0 (9

I For details on algorithm, check out https:/web.stanford.edu/class/cs234/slides/lecture6post.pdf



How do we model human preferences?

A Awesome: now for angirbitrary, non-differentiable reward functionY(i ), we can
train our language model to maximize expected reward.

A Not so fast! (Why not?)
A Problem 1:humanin-the-loop is expensive!

ASolution:instead of directly asking humans for preferenaesdel their
preferencesas a separate (NLP) problemilnjox and Stone, 2009

An earthquake hit The Bay Area has _ .
San Francisco. good weather but is Trainan LMY 0 (i) to
There was minor prone to predict human
property damage, earthquakes and preferences from an
but no injuries. wildfires.

annotated dataset, then
optimize forY 0 instead.
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How do we model human preferences?

A Problem 2:human judgments are noisy amdiscalibrated

A Solution:instead of asking for direct ratings, ask fairwise comparisonswhich can
be more reliablePhelps et al., 2015; Clark et al., 2p18

A 4.2 magnitude
earthguake hit
San Francisco,
resulting in
massive damage.

14
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How do we model human preferences?

A Problem 2:human judgments are noisy amdiscalibrated

A Solution:instead of asking for direct ratings, ask fairwise comparisonswhich can
be more reliablePhelps et al., 2015; Clark et al., 2p18

An earthquake hit A 4.2 magnitude The Bay Area has
San Francisco. earthquake hit good weather but is
There was minor San Francisco, prone to
property damage, resulting in earthquakes and
but no injuries. massive damage. wildfires.
| n& | |
4 4 4 4 4 4

BradleyTerry[1957 paired comparison model
Reward Model'Y U )

0 (%9 \4( h)x T 7,CY0 (G ) YO i |
I i i i i i i ag)\yyaf/ZaAyIH%houldscore

he Bay Area .. wildfires sample  sample higher thani




Make sure your reward model works first! I

Evaluate RM on predicting outcome of h&@dt human judgments

Ensemble of humans
Large enough RM

§0-8O" | trained on enough
= Human baseline _____ L ~~ data approaching
Q 0.75 % single human perf
S 16k

8k
.5 0.70¢ Data
-
©
O
© 0.65}
=

0.60 -
108 10° 107
Model size [Stiennonet al., 2020




RLHF: Putting it all togeth@rhristiancet al., 2017 Stiennonet al., 2020

A Finally, we have everything we need:
AA pretrained (possibly instructiefinetuned) LM |

AA reward modelY 0 i that produces scalar rewards for LM outputs, trained on a
dataset of human comparisons

AA method for optimizing LM parameters towards an arbitrary reward function.
A Now to do RLHF:

Alnitialize a copy of the modél { , with parameters—we would like to optimize

AOptimize the following reward with RL:
N Pay a price when

Yi) YO T‘I'I'<%—li> OB O

\ J
Y
I This is a penalty which prevents us from diverging too far from the pretrained mnodel.
35

expectation, it is known as th€ullbackLeibler(KL divergence between | andrn (i).
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Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our Exolai >
xplain the moon

prompt dataset. landing to a 6 year old

|

\J
A labeler
demonstrates the @
desired output 2
behavior. )

Some people went
to the moon...

This data is used ST
to fine-tune GPT-3 25
. . ./.M.
with supervised \}SQ{/
learning. 2
E[E[E

Ay

Step 2

A4 l,l

a u

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 é year old

0 o

Explain gravity... Explain war...

o o

Moon is natural People wentto
satelite of... the moon...

0-0-0-0

A First step: instruction tuning!
A Second + third steps: maximize reward (but how??)

FYGAFGARZYY

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt

is sampled from Wmitmy
the dataset. about frogs
|
y
The policy PO
enerates 258,
J N
an output. \}Sé{/

The reward model

o
=Y

the output.

|

y
The reward is
used to update I
the policy
using PPO.

aw[ | C




RLHF provides gains over pretraining + finetuning

uw— 0.7 r] |
D
. -
O
+ 0.6
o
O
| -
O 0.5F=—==—=======————- R TR
chJ Reference summaries . ,
bt N |
g— 0.4} ‘
O I l
0 0.3}
qV)
S
LL
0.2r | o | o |
1.3B 2.7B 6.7B 12.9B
Model size
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Lecture Plan

Instruction finetuning

Reinforcement learning from human preferences (RLHF)
InstructGPTand ChatGPT

Limitation of RL and reward modeling

Introducing Direct Preference Optimization (DPO)

Human preference data; human vs. Al Feedback
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InstructGPTscaling up RLHF to tens of thousands of tasks

30k
tasks!

39

Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

Explain the moon
landing to a 6 year old

A labeler
demonstrates the
desired output
behavior.

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

v

Z

Some people went
to the moon...

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

0 o

Explain gravity... Explain war...

[C] o

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

A Y J
(e}

0-0-0-0

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

[Ouyang et al., 2032




InstructGPTscaling up RLHF to tens of thousands of tasks

Tasks collected from labelers:
e Plain: We simply ask the labelers to come up with an arbitrary task, while ensuring the
tasks had sufficient diversity.

* Few-shot: We ask the labelers to come up with an instruction, and multiple query/response
pairs for that instruction.

e User-based: We had a number of use-cases stated in waitlist applications to the OpenAl
API. We asked labelers to come up with prompts corresponding to these use cases.

Use-case Prompt

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

Generation Write a short story where a bear goes to the beach,

makes friends with a seal, and then returns home.

40 [Ouyang et al., 2032




InstructGPT

PROMPT  Explain the moon landing to a 6 year old in a few sentences.

COMPLETION GPT-3
Explain the theory of gravity to a 6 year old.

Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.
InstructGPT

People went to the moon, and they took pictures of what they saw, and
sent them back to the earth so we could all see them.

41




InstructGPT

PROMPT  Write a short poem about a wise frog.

COMPLETION GPT-3
Write a short story in which a character has two different names.

Write a short story in which you try to get something back that you
have lost.

Write a short story in which a character has a bad dream.

InstructGPT

The frog is a symbol of wisdom

He knows all the secrets of the world
He is a master of disquise

And a great teacher of life

He is a symbol of transformation

And the bringer of change

He is the frog who has seen it all
And knows the meaning of it all

42




ChatGPTInstruction Finetuning + RLHF for dialog agents

ChatGPT: Optimizing YIS sleek:

Language Models

We trained this model using Reinforcement Learning from Human

for Dialogue . .
Feedback (RLHF), using the same methods as InstructGPT, but with

Note: OpenAI(and Similar slight differences in the data collection setup. We trained an initial

companies) are keeping model using supervised fine-tuning: human Al trainers provided

more details secret about
ChatGPTraining
(including data, training

parameters, model size)
perhaps to keep a dataset with the InstructGPT dataset, which we transformed into a

O2YLISUAUGAGDBS S dialogue format.

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

(Instruction finetuning!)

43 https:// openai.comblog/chatgpt




ChatGPTInstruction Finetuning + RLHF for dialog agents

ChatGPT: Optimizing YIS dsleek:

Language Models
for Dial ogue To create a reward model for reinforcement learning, we needed to collect

comparison data, which consisted of two or more model responses ranked by

Note: OpenAl(and similar quality. To collect this data, we took conversations that Al trainers had with
companies) are keeping the chatbot. We randomly selected a model-written message, sampled several
more details secret about alternative completions, and had Al trainers rank them. Using these reward
ChatGPTraining models, we can fine-tune the model using Proximal Policy Optimization. We

(including data, training
parameters, model size)
perhaps to keep a

O2YLISUAGAGS SRASKX

performed several iterations of this process.

(RLHF!)

44 https:// openai.comblog/chatgpt




ChatGPTInstruction Finetuning + RLHF for dialog agents

45

Explain in a few sentences what methods were used in training ChatGPT to the audience
of CS224n, Stanford's Deep Learning for Natural Language processing course. A lot of the
students are very Gen Z, so be sure to use a ton of emojis to seem hip and cool.

Hey CS224n peeps! @ ChatGPT here to spill the tea on how | was trained to be a savvy

language model! &2

So basically, | was pre-trained using a combination of unsupervised learning techniques,
specifically a transformer-based language model architecture, that allowed me to learn

patterns and relationships within large amounts of text data. &%

The training data came from various sources such as books, articles, and websites, and |
was fine-tuned on a variety of downstream NLP tasks, which involved supervised learning

using labeled datasets to further improve my performance. &




| 2V OUNRE TSR O2YLI NAazy

4

a

2 T c’xw[I

Method Simulated Win-rate (%) Human Win-rate (%)
GPT-4*" 79.0+ 1.4 69.8 + 1.6
ChatGPT*" 61.4+ 1.7 52.9 + 1.7
PPO 46.8 £ 1.8 55.1 £ 1.7
DPO 46.8 £ 1.7 -
Best-of-1024 45.0 £ 1.7 50.7 £ 1.8
Expert Iteration 41.9 £ 1.7 45.7 £ 1.7
SFT 52k 39.2 £ 1.7 40.7 £ 1.7
SFT 10k 36.7 £ 1.7 44.3 £ 1.7
Binary FeedME 36.6 £ 1.7 37.9 £ 1.7
Quark 35.6 £ 1.7 -
Binary Reward Conditioning 324+1.6 -
Davinci001* 244+ 1.5 32.5 1.6
LLaMA 7B* 11.3+£1.1 6.5+ 0.9

A Many works study RLHF behaviors using-G&REdback $imulated as a surrogate for
Humanfeedback.

A PPO (method iinstructGPYdoes work; simple baselines (Beétn) works well too

[Dubois et al 2023]



https://arxiv.org/pdf/2305.14387

RLHF behavioksclear stylistic changes

Instruction: What are the five most common causes of stress among people?
Alpaca (Finetuned w/ 10k data): The five most common causes of stress among people are work, money, relationships, health, and family
Alpaca + PPO: The five most common causes of stress among people are:

1. Pressure at work: Whether it is due to tight deadlines, high expectations, or an overwhelming workload, pressure at work can be a major
source of stress

2. Money problems: Financial issues can be a significant source of stress, from not being able to make ends meet to struggling with debt.

3. Unhealthy lifestyle: Poor diet, lack of exercise, and sleep deprivation can all contribute to stress.

4. Unhappiness at home: Problems in relationships, conflicts with family members, and other domestic issues can be a major source of
stress.

5. Uncertainty: Excessive worry and anxiety about the future, health issues, or other unknowns can be a major cause of stress

A Significantly more detailed, nicer/clearer list like formatting




Lecture Plan

Instruction finetuning

Reinforcement learning from human preferences (RLHF)
InstructGPand ChatGPT

Limitation of RL and reward modeling

Introducing Direct Preference Optimization (DPO)

Human preference data; human vs. Al Feedback
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Limitations of RL + Reward Modeling

A Human preferences are unreliable!
A ¢wSgl NR KIFOlAYy3
problem in RL

https:// openai.comblog/faulty-reward-functions/
49




Limitations of RL + Reward Modeling

TECHNOLOGY

A Human preferences are unreliable! Google shares drop $100 billion after

A ¢wSg I NR KIF Ol AY jts new Al chatbot makes a mistake
problem in RL

A Chatbots are rewarded to
produce responses thateem
authoritative and helpful,

regardless of truth I Who won the superbowl?

A This can result in making up fac | s

The Super Bowl is the annual American football game that determines the champion of the National

+ h aI I u C i n ati O n S Football League (NFL) " . The most recent Super Bowl was Super Bowl LVI, which was held on February

6, 2023 at SoFi Stadium in Inglewood, California ? . The winner of that game was the Philadelphia
Paclaa ke dafaciad tha Vamana Al AL.L. na2 . adha cnccnd Ciimac Racd 88la faciha

February 9,2023 - 10:15 AMET
https://www.npr.orgf2023/02/09/1155650909/googlehatbot-error-bard-shares

Bing Al hallucinates the Super Bowl

The most recent Super Bowl was Super Bowl LVI,
Eagles, who defeated the Kansas City Chiefs by 31-24

Learn more: 1. en.wikipedia.org 2. sportingnews.com 3. cbssports.com

https://news.ycombinator.com/item?id=34776508
https://apnews.confarticle/kansascity-chiefsphiladelphiaeaglestechnology
50 science82bc20f207e3e4cf8labc6abd9e6b23a



https://news.ycombinator.com/item?id=34776508

Limitations of RL + Reward Modeling I

Reward model over-optimization

: 1.0}
A Human preferences are unreliable! ©
A ¢wSglNR KFOlAy3d8oslhAa | 02YY2Y
problem in RL 0
A Chatbots are rewarded to & 067
produce responses thateem g
authoritative and helpful, c 041
regardless of truth 5 1ol
A This can result in making up facts®
+ hallucinations ; R - i
A Modelsof human preferences are KL from supervised baseline

evenmoreunreliable!

I Yi) YO i r 01 (g%‘—i)

[Stiennonet al., 202(Q)
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Reinforcement learning from human preferences (RLHF)
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Limitation of RL and reward modeling
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RL (PPO) can be quite complex!!!

SFT Reward ”E;d(ﬂﬂsr)
Gy | BEWATE o) GAE L (a,|s,)
KL Model - —-EB—» L5
Gi 75T (ay|s,) n's)m? :((I-:'d;; (st @) * Advantage Function \-:S.SL(acls[)
. . . A(sy,ar) = R(yA)'8e4 Tpora(@elSe)
A RL optimization can be o] ) T

_______ 8 =7(5p @) + ¥V (See1) — V (s¢) )
com p Utatl on al Iy E_st . | yl,...(, y:_l) i s I\‘;?)l:ll:l V(s:) ;? lie:;(rn v I [ Pro-cthS
: . 1G] Sl Vy(se) et
expensive and tricky X o . AT

t
A Fitting a value function _ n
nt Galse) | Poliey (se.a) . e
LM — »|(ea)  A(sy, a,) Value
ngc],]d mg,, (atlse) Hg‘hd(ac\sc) & 5 Model e

A Online sampling is slow 2 Vs s os

A Performance can be Secrets of RLHF / PPO workflaimg¢ng et al., 2043
sensitive to
hyperparameters

Reference

Model

Reward

Model

- @
Value
Model

] [Shao et al., 2024]



https://arxiv.org/pdf/2307.04964
https://arxiv.org/abs/2402.03300

wWSY20AyYy3 0KS WYw[ Q FTNRY w[IC I

Recall we want to maximize the following objective in RLHF
o e G
VlD ((qd))YU(dfmT||<% (u&o))
There is a closed form solution to this:

o P . . e e
WD i <mm§vu<um>

A Rearrange this via a log transformation

P10 ']“((@))

YO (o) I INQude 1 1TnC (o 1 T — 1T
() T NAW® NG (a1 1 Towy Sy || e
A This holds true for any arbitrary LMs, thus
YO (Ghy) T 11 g () T 1 TdG

MGER




Putting It together for DPO

A Derived reward model:Y) (cdw) T 1 n (o) 1 T6Qw
n (0jw)
A Final DPO loss via the BradiEgrry model of human preferences: LCZ?] Czetl‘;rg
the loss only
, o . L~ . >, measures
v (9 Mcwn ryx [ T,CY0 (o) YO odw | differences
in rewards
N e N e ( 5) N ( 5)
Mg & | 1, | |- | |-
Chohy G SCo | Y(s)
Reward for Reward for
winning sample losing sample

[Rafailow 2023]




DPO outperforms prior methods

Reinforcement Learning from Human Feedback (RLHF)

x: “write me a poem about

Win rate
o

Direct Preference Optimization (DPO)

x: “write me a poem about

the history of jazz" label rewards , the history of jazz"
7 A g
:YW >| :yl » reward model LM policy : :yw > Ey. —_— final LM
‘ N
preference data maximum sample completions preferencedata . ..
likelihood

likelihood reinforcement learning

TL;DR Summarization Win Rate vs Reference

DPO  —f— Preferred-FT  —f— GPT-J
=—f= PPO == SFT —f— Best of 128

0.7

0.00

D.I25 O.ISU U.IT-’S 1.‘30
Sampling temperature

A You can replace the complex RL part with a
very simple weighted MLE objective

A Other variants (KTO, IPO) now emerging too

A TL:DR summarization win rates vs. human
written summaries (GR4 as a judge)




Open source RLHF is now mostly (not RL)

I A Open source LLMs now almost all just use DPO (and it works well!)



