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Outline for today

e Review: behavior change from “pure” language models

e Ingredients to this shift
e Instruction tuning
e User preferences
e Reinforcement learning

e Direct Policy Optimization (DPO)
e Socio-cultural shifts (closed models, wide adoption, etc.)

e Thanks to Prof. Shane Steinert-Threlkeld for ideas on structuring this lecture!
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From GPT to ChatGPT




GPT-2 prompting

e Prompt: | didn't ride my bike to campus today because of the snowy
weather.

e There is a lot of construction and | wanted to have a few hours of skiing. All that
snow Is a real pain in the ass. Good thing there was an LRT planned for that
area. See you guys on campus in a few days! Photo credit: Tapto@archivosos.gr
— August 26, 2016: Windy Weather on the Mountain (photo credit: Diana Prat)
From Diana Prat, via tapto@archivosos.gr:

Ever since the camp that | organized to protest the modernisation of the
Barranco, my beautiful alma mater, you know, going in for a press conference, |
was asking why the ltalian government
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vs. ChatGPT

| didn't ride my bike to campus today because of the snowy
weather.

It's understandable that you didn't ride your bike to campus
today due to the snowy weather. Riding a bike in such conditions
can be dangerous and difficult. It's important to prioritize your
safety and well-being when making decisions like this. Is there

anything else you would like to know or talk about?

1850

E UNIVERSITY ROCHESTER

\

5



Another example (GPT-2)

e Prompt: What inspired Noam Chomsky to invent the light bulb?

e He was, of course, inspired to do this by his lifelong fascination with
electricity, especially its power and simplicity. He used to say that in the
early days he had not really known how to work a light bulb



Another Example (ChatGPT)

& You
What inspired Noam Chomsky to invent the light bulb?

ChatGPT
It seems like there might be a mix-up in your question! Noam Chomsky is a renowned linguist,

philosopher, and cognitive scientist known for his work in linguistics, cognitive psychology, and political
commentary. He didn't invent the light bulb; that credit goes to Thomas Edison, who patented the first

practical incandescent light bulb in 1879.

Chomsky is famous for his theories on language acquisition and the structure of language, such as his

groundbreaking work in generative grammar and the concept of a universal grammar. These ideas have
had a significant impact on fields like linguistics, psychology, and artificial intelligence. If you're
interested in Chomsky's contributions, I'd be happy to share more about his linguistic theories or any

other aspect of his work!
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Behavior change

e “Pure” language models will try to complete a prompt

e |.e. act as If it were any other text, and try to predict the next token(s)

EBl UNIVERSITY« ROCHESTER 8
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Behavior change

e “Pure” language models will try to complete a prompt

e |.e. act as If it were any other text, and try to predict the next token(s)

e “Chatbot” LMs instead act as a dialogue partner (“interlocutor”)

e How? We’'ll cover the key techniques in this lecture

e Much greater emphasis on user-friendliness (can be used easily by people
without technical NLP knowledge)

e Also leads to much greater anthropomorphization of LMs, which could be
problematic
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Precursor: In-Context Learning

Few-shot

In addition to the task description, the model sees a few

exam

nles of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivreée

plush girafe => girafe peluche

cheese => prompt
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Precursor: In-Context Learning

e Solve tasks by including a
description and examples within a
natural language prompt

Few-shot

In addition to the task description, the model sees a few

exam

nles of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivreée
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Precursor: In-Context Learning

e Solve tasks by including a

description and examples within a  Few-shot
natu ral |anguage prompt In addition to the task description, the model sees a few

examples of the task. No gradient updates are performed.

e No gradient updates needed
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Precursor: In-Context Learning

e Solve tasks by including a
description and examples within a  Few-shot
natural |anguage prompt In addition to the task description, the model sees a few

examples of the task. No gradient updates are performed.

e No gradient updates needed

Translate English to French: task description
e Popularized by the release of cen otter —= loutre de mer examples
GPT'3 peppermint => menthe poivree

plush girafe => girafe peluche

cheese => prompt
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Precursor: In-Context Learning

e Solve tasks by including a
description and examples within a  Few-shot
natural |anguage prompt In addition to the task description, the model sees a few

examples of the task. No gradient updates are performed.

e No gradient updates needed

Translate English to French: task description
¢ POPUIarlzed by the release Of sea otter => loutre de mer examples
GPT-3 peppermint => menthe poivreée
e Led to the (ongoing) subfield of plush girafe => girafe peluche
prompt engineering (more later) cheese = prompt
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Precursor: lext-to-lext N

[ "translate English to German: That is good."

"Das ist gut."]
course is jumping well."

[ "cola sentence: The

"not acceptable"]
"stsb sentencel: The rhino grazed

on the grass. sentence2: A rhino
is grazing in a field."

15

4 ; . o )
summarize: state authorities

dispatched emergency crews tuesday to
survey the damage after an onslaught
of severe weather in mississippi.."

"six people hospitalized after
a storm in attala county.”
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Precursor: lText-to-Text NLP

e [rain LMs to all tasks with unified
text output

e Bipasses classification heads

[ “translate English to German: That is good."
e Well suited for problems posed as oo e T
teXt ["stsb sentencel: The rhino grazed

"Das ist gut."]

"not acceptable"]

15

on the grass. sentence2: A rhino
is grazing in a field."

4 ; . o )
summarize: state authorities

dispatched emergency crews tuesday to
survey the damage after an onslaught
of severe weather in mississippi.."

"six people hospitalized after
a storm in attala county.”

\_ J
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Precursor: lText-to-Text NLP

e [rain LMs to all tasks with unified
text output

e Bipasses classification heads

e Well suited for problems posed as
text

"six people hospitalized after
a storm in attala county.”

e Explicit training (does gradient
updates)
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Precursor: lText-to-Text NLP

e [rain LMs to all tasks with unified
text output

e Bipasses classification heads

e Well suited for problems posed as
text

"six people hospitalized after
a storm in attala county.”

e Explicit training (does gradient
updates)

e Popularized by Googles’s T5 model
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Standard Prompting
| Model Input )

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

- Model Output ) —

A: The answer is 27. x

Ongoing precursor: Prompt Engineering

Chain-of-Thought Prompting
L Model Input |

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

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
do they have?

Model Output

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

E UNIVERSITY~ ROCHESTER 11
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Ongoing precursor: Prompt Engineering

e Variation in prompt significantly
affects model behavior

e Find the best way to elicit desired
behavior from the model

e Prominent example: “Chain of
Thought” prompting

e Prompt the model to generate step-
by-step reasoning

e Huge area of NLP to this day

i Standard Prompting
L Model Input P,

tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

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

. do they have?

- Model Output‘ N\

w‘\‘ A: The answer is 27. x

¥ Model Input )

- Q: Roger has 5 tennis balls. He buys 2 more cans of |

'|  do they have?

Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of |
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

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

 Model Output

'~ A: The cafeteria had 23 apples originally. They used

20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 = 9. The

\ answeris 9.
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Ingredients for “Chatbot” LLMs
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from
InstructGPT

paper

Step1

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

|
|

()

2

Some people went
to the moon...

Overview

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

@ o

Explain gravity...

[C/ D/

Moon is natural
satellite of...

Explain war...

People went to
the moon...

(o)

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

@)
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Overview

Step1 Step 2 Step 3
Collect demonstration data, Collect comparison data, Optimize a policy against
and train a supervised policy. and train a reward model. the reward model using

reinforcement learning.

A promptis A prompt and A new prompt S
sampled from our . several model [ is sampled from Write a story
prompt dataset. landing to a 6 year old outputs are landing to a 6 year old the dataset. about frogs

+ sampled. 0 ‘ 9 | +
A |abe|er Explain gravity... Explain war... The pOI|Cy PPO
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Instruction Tuning

Finetune on many tasks (“instruction-tuning”)

" Input (Commonsense Reasoning) | Input (Translation)

Here is a goal: Get a cool sleep on Translate this sentence to

summer days. Spanish:

How would you accomplish this goal? The new office building

OPTIONS: was built in less than three

-Keep stack of pillow cases in fridge.) | months.

-Keep stack of pillow cases in oven. | Target

Target El nuevo edificio de oficinas
~ keep stack of pillow cases in fridge | se construy6 en tres meses.

Sentiment analysis tasks 1

Coreference resolution tasks fro m F |_ A N
‘ paper

Inference on unseen task type
' Input (Natural Language Inference) |

Premise: At my age you will probably
have learnt one lesson.

Hypothesis: It's not certain how many
lessons you'll learn by your thirties.

Does the premise entail the hypothesis?

OPTIONS: -
-yes | [-it is not possible to tell | [ -no |

FLAN Response

It is not possible to tell | EBl UNIVERSITY ROCHESTER 14
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Instruction Tuning
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FLAN Response
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Instruction Tuning

Finetune on many tasks (“instruction-tuning”)

o EXpI |C|t|y tra| n on tQXtuaI fOrm U |atiOnS Of | Input (Commonsense Reasoning) | Input (Translation) ||
. Here is a goal: Get a cool sleep on Translate this sentence to
tas kS (I | ke T5) summer days. Spanish:
How would you accomplish this goal? The new office building
_ ] _ OPTIONS: was built in less than three
e Subtle differences from T5, including ~Keep stack of pillow cases in fridge.) | Months.
_ . -Keep stack of pillow cases in oven. | | Target
generalization to unseen tasks Target El nuevo edificio de oficinas
| keep stack of pillow cases in fridge se construyo en tres meses. |
o | ater: demonstration data Sentiment analysis tasks
| Coreference resolution tasks | from F L AN
e Have an annotator write out the ideal ) paper
response to input from an end-user Inference on unseen task type
e Explicitly training the model to act as an  Input (Natural Language Inference)
Premise: At my age you will probably
interlocutor have learnt one lesson.

Hypothesis: It's not certain how many
lessons you'll learn by your thirties.

Does the premise entail the hypothesis?

OPTIONS: -
-yes | [-it is not possible to tell | [ -no |

FLAN Response
Itis not possible to tell |
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Instruction Tuning

e Explicitly train on textual formulations of
tasks (like T5)

e Subtle differences from T5, including
generalization to unseen tasks

e Later: demonstration data

e Have an annotator write out the ideal
response to input from an end-user

e EXxplicitly training the model to act as an
interlocutor

e Confusingly called “Supervised Fine-
Tuning” (SFT) sometimes

Finetune on many tasks (“mstructlon-tunmg”)

In ut (Commonsense Reasoning) | Input (Translation)

Here is a goal: Get a cool sleep on Translate this sentence to
summer days. Spanish:
How would you accomplish this goal? The new office building
OPTIONS: was built in less than three
-Keep stack of pillow cases in fridge.] | months.
-Keep stack of pillow cases in oven. | Target
Target El nuevo edificio de oficinas

~ keep stack of pillow cases in fridge | se construy6 en tres meses. |

 Sentiment analysis tasks |

| Coreference resolution tasks |

Inference on unseen task type
" Input (Natural Language Inference) |

Premise: At my age you will probably
have learnt one lesson.

Hypothesis: It's not certain how many
lessons you'll learn by your thirties.

Does the premise entail the hypothesis?

OPTIONS: -
-yes | [-it is not possible to tell | [ -no |

FLAN Response
Itis not possible to tell |

from FLAN

paper
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ANLI R2
ANLI R3
ANLI R1
CB
RTE

Instruction Tuning

Natural language inference

Reading comprehension

MultiRC
OBQA
BoolQ

Closed-book QA

NQ O

ARC-c

TQA
ARC-e

Translation

EN to RO
EN to DE

EN to FR
FR to EN
RO to EN
DE to EN

O

*
O

O Y
CC i
O

*

% FLAN 137B

O LaMDA-PT137B
GPT-3 175B
GLaM 64B/64E
Supervised model

I I I
40 60

Zero-shot performance

| |
80
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Instruction Tuning

Without chain-of-thought With chain-of-thought
4 N )
| Answer the fgllowing Answer the following yes/no question A haikq IS @ japanese
Instruction yes/no question. by reasoning step-by-step. three-line poem.
without > yes | That is short enough
exemplars Can you write a whole Can you write a whole Haiku in a to fitin 280
Haiku in a single tweet? single tweet? characters. The
answer is yes.
g NS
N ([ N
)(?e:sﬁ:gmc;irets?i% :]ollowmg Q: Answer the following yes/no question by
- reasoning step-by-step.
, ?ouldha dap@ellon suffer Could a dandelion suffer from hepatitis? —
Instruction Lol LR A: Hepatitis only affects organisms with livers. A haiku is a japanese
with exemplars A:no | Dandelions don’t have a liver. The answer is no. three.-lme poem.
Q: Answer the followin yes =) Thatis short enough
és no auestion O Q: Answer the following yes/no question by to fit in 280
)(,Dan 03 write a .whole Haiky reasoning step-by-step. characters. The
~any Can you write a whole Haiku in a single tweet? answer Is yes.
In a single tweet? A-
A: '
\_ VAN y,
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Instruction Tuning

. Pre-training Pre-train  Finetune % Finetune
Params Model Architecture Objective FLOPs FLOPs Compute
80M Flan-T5-Small encoder-decoder span corruption 1.8E+20 29E+18 1.6%
250M  Flan-T5-Base encoder-decoder span corruption 6.6E+20 9.1E+18 1.4%
780M  Flan-T5-Large encoder-decoder span corruption 2.3E+21 24E+19 1.1%
3B Flan-T5-XL encoder-decoder span corruption 9.0E+21 5.6E+19 0.6%
11B Flan-T5-XXL encoder-decoder span corruption 3.3E+22 7.6E+19 0.2%
8B Flan-PaLM decoder-only causal LM 3.7E+22 1.6E+20 0.4%
62B Flan-PaLM decoder-only causal LM 29E+23 1.2E+21 0.4%
540B Flan-PaLM decoder-only causal LM 2.5E+24 5.6E+21 0.2%
62B Flan-cont-PaLM  decoder-only causal LM 4.8E+23 1.8E+21 0.4%
540B Flan-U-PaLM decoder-only  prefix LM + span corruption 2.5E+23 5.6E+21 0.2%

L, UNIVERSITYROCHESTER
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Instruction Tuning

. Pre-training Pre-train  Finetune % Finetune
Params Model Architecture Objective FLOPs FLOPs Compute
80M Flan-T5-Small encoder-decoder span corruption 1.8E+20 2.9E+18 1.6%
250M  Flan-T5-Base encoder-decoder span corruption 6.6E+20 9.1E+18 1.4%
780M  Flan-T5-Large encoder-decoder span corruption 2.3E+21 24E+19 1.1%
3B Flan-T5-XL encoder-decoder span corruption 9.0E+21 5.6E+19 0.6%
11B Flan-T5-XXL encoder-decoder span corruption 3.3E+22 7.6E+19 0.2%
8B Flan-PaLM decoder-only causal LM 3.7E+22 1.6E+20 0.4%
62B Flan-PaLM decoder-only causal LM 29E+23 1.2E+21 0.4%
540B Flan-PaLM decoder-only causal LM 2.5E+24 5.6E+21 0.2%
62B Flan-cont-PaLM  decoder-only causal LM 4.8E+23 1.8E+21 0.4%
540B Flan-U-PaLM decoder-only  prefix LM + span corruption 2.5E+23 5.6E+21 0.2%

Upshot: Instruction Tuning is relatively cheap in compute
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Human preference data

‘4 Expand to see the descriptions of 35 models <
Model A Model B
Can you suggest a risky order for me to try next time I'm Can you suggest a risky order for me to try next time I'm
at a cafe? at a cafe?
| apologize, | do not feel comfortable recommending risky Absolutely, trying something new and adventurous at a
or unsafe actions. Perhaps we could have a pleasant cafe can be a fun experience. Here's a risky order that
conversation about your favorite cafe foods instead? might just turn out to be a delightful surprise:

Turmeric and Beetroot Latte with Oat Milk

Why is it risky?

e Turmeric: Known for its earthy and slightly bitter
flavors, turmeric is a bold spice that's not
traditionally found in café beverages. It's vibrant in
color and has been hailed for its anti-inflammatory
properties, but its distinct taste can be polarizing.

e Beetroot: Adding to the color spectacle, beetroot
brings a sweet, slightly earthy flavor to the mix. It's
not a common coffee add-in and can seem odd to

= Ais better =~ Bis better W Tie <~ Both are bad

@)

{IMELIORA J7
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Human preference data

e |nstruction tuning is hard to scale

‘4 Expand to see the descriptions of 35 models <
Model A Model B
‘ Req u I reS COStIy an nOtatorS Can you suggest a risky order for me to try next time I'm Can you suggest a risky order for me to try next time I'm
at a cafe? at a cafe?
|
e Impossible to demonstrate all
. . | apologize, | do not feel comfortable recommending risky Absolutely, trying something new and adventurous at a
f d/d f d b h or unsafe actions. Perhaps we could have a pleasant cafe can be a fun experience. Here's a risky order that
p re e rre I S p re e rre e aVI O rS conversation about your favorite cafe foods instead? might just turn out to be a delightful surprise:

Turmeric and Beetroot Latte with Oat Milk

Why is it risky?

e Turmeric: Known for its earthy and slightly bitter
flavors, turmeric is a bold spice that's not
traditionally found in café beverages. It's vibrant in
color and has been hailed for its anti-inflammatory
properties, but its distinct taste can be polarizing.

e Beetroot: Adding to the color spectacle, beetroot
brings a sweet, slightly earthy flavor to the mix. It's
not a common coffee add-in and can seem odd to

. A is better =~ Bis better w Tie <~ Both are bad
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Human preference data

e |nstruction tuning is hard to scale

‘4 Expand to see the descriptions of 35 models <
Model A Model B
‘ Req u I reS COStIy an nOtatorS Can you suggest a risky order for me to try next time I'm Can you suggest a risky order for me to try next time I'm
at a cafe? at a cafe?
|
e Impossible to demonstrate all
. . | apologize, | do not feel comfortable recommending risky Absolutely, trying something new and adventurous at a
f d/d f d b h or unsafe actions. Perhaps we could have a pleasant cafe can be a fun experience. Here's a risky order that
p re e rre I S p re e rre e aVI O rS conversation about your favorite cafe foods instead? might just turn out to be a delightful surprise:

Turmeric and Beetroot Latte with Oat Milk

e Instead, have many users rank

e Turmeric: Known for its earthy and slightly bitter
. . flavors, turmeric is a bold spice that's not
a I te r n at I ve g e n e rat I o n S traditionally found in café beverages. It's vibrant in
color and has been hailed for its anti-inflammatory
properties, but its distinct taste can be polarizing.
e Beetroot: Adding to the color spectacle, beetroot

. Easy tO COIIeCt at Scale brings a sweet, slightly earthy flavor to the mix. It's

not a common coffee add-in and can seem odd to

e Captures subtle preferences that
are hard/impossible to explicitly train

A is better B is better w Tie <~ Both are bad
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Using preference data

RLHF

UUUUU

preference

Reward Moolehng

0 7))

| Reinforcement

e

0O

Supefviseo( Fine-
‘tuvﬁng with DPO

i

Learni ng
J

LLM

Mode_l of human prepe,rence_s

Trodning process

from a great blog post on DPO
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https://www.tylerromero.com/posts/2024-04-dpo/

Using preference data

e Used to optimize model behavior
with Reinforcement Learning RLHF >
from Human Feedback (RLHF) 7)) ‘

Reinforcement
Learni ng

e Use RL to “reward” model for
adhering to human preferences

LLM

e

0

Supe_rvise,o( Fine-
: 'tuning with DPO

)

Model of human Preperences

¢ = rodning process

from a great blog post on DPO
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Using preference data

e Used to optimize model behavior
with Reinforcement Learning
from Human Feedback (RLHF)

e Use RL to “reward” model for
adhering to human preferences

e More recently: can get the same
results while technically skipping
Reinforcement Learning

e Called Direct Policy Optimization

RLHF —

0 )

Reinforcement
Learni ng

0 )

Human-

preference
Reward Moo(e_ling

LLM

e

0

Supe,rvise,o( Fine-
g tunimj with DPO

)

Model of human Preperences

¢ = rodning process

from a great blog post on DPO
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RLHF

e Preference data used to train a separate reward model r(x, y)

® X: a prompt, y: a possible continuation

e Reward is high — response is more preferred
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RLHF

e Preference data used to train a separate reward model r(x, y)

® X: a prompt, y: a possible continuation

e Reward is high — response is more preferred
e Reward model trained on binary classification
o & = o(r(x,y) — r(x,y))

e Given y: is the preferred completion and Y; IS the dis-preferred completion
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RLHF

e Preference data used to train a separate reward model r(x, y)

® X: a prompt, y: a possible continuation

e Reward is high — response is more preferred
e Reward model trained on binary classification
o & = o(r(x,y) — r(x,y))

e Given y: is the preferred completion and Y; IS the dis-preferred completion

e Reward model is in turn used to tune the LLM (this is the Reinforcement Learning)

e LLM learns to generate completions that maximize reward (without losing LM ability)
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Problems with RLHF

e Reinforcement Learning is known to

be hard to train
e Involves training an entirely o
separate reward model E
e Can degrade LM performance
e Finicky tuning of hyper-parameters

IMDb Sentiment Generation

o
o o
y Lo Qo0 eco © % . .o
O .....0..‘
0.. ¢ PS
o o
o ..‘. ’n.’.
o O
YO "o..u'
o o ©® oo
o .'0 @O 0‘. ®e - ..o. o
@
oo of *® . o ° e ® ‘o " °°
% Lo
o "f ?
o @ DPO (Ours) e PPO-GT (Our impl.)
e Unlikelihood e PPO-GT (TRL)
e PPO (Our impl.) e Preferred-FT
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0

KL(rg || mTrer)
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Direct Preference Optimization:
Your Language Model is Secretly a Reward Model

Rafael Rafailov*' Archit Sharma* Eric Mitchell*f
Stefano Ermon* Christopher D. Manning! Chelsea Finn'

fStanford University *CZ Biohub
{rafailov,architsh,eric.mitchell}@cs.stanford.edu

Abstract

While large-scale unsupervised language models (LMs) learn broad world knowl-
edge and some reasoning skills, achieving precise control of their behavior is
difficult due to the completely unsupervised nature of their training. Existing
methods for gaining such steerability collect human labels of the relative quality of
model generations and fine-tune the unsupervised LM to align with these prefer-
ences, often with reinforcement learning from human feedback (RLHF). However,
RLHF is a complex and often unstable procedure, first fitting a reward model that
reflects the human preferences, and then fine-tuning the large unsupervised LM
using reinforcement learning to maximize this estimated reward without drifting
too far from the original model. In this paper we introduce a new parameterization
of the reward model in RLHF that enables extraction of the corresponding optimal
policy in closed form, allowing us to solve the standard RLHF problem with only a
simple classification loss. The resulting algorithm, which we call Direct Prefer-
ence Optimization (DPO), is stable, performant, and computationally lightweight,
eliminating the need for sampling from the LM during fine-tuning or performing
significant hyperparameter tuning. Our experiments show that DPO can fine-tune
LMs to align with human preferences as well as or better than existing methods.
Notably, fine-tuning with DPO exceeds PPO-based RLHF in ability to control sen-
timent of generations, and matches or improves response quality in summarization
and single-turn dialogue while being substantially simpler to implement and train.
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DPO

e Direct Policy Optimization:
incorporate benefits of RL without a
separate reward model

Direct Preference Optimization:

Your Language Model is Secretly a Reward Model

Rafael Rafailov*' Archit Sharma*' Eric Mitchell*f
Stefano Ermon* Christopher D. Manning! Chelsea Finn'

fStanford University *CZ Biohub
{rafailov,architsh,eric.mitchell}@cs.stanford.edu

Abstract

While large-scale unsupervised language models (LMs) learn broad world knowl-
edge and some reasoning skills, achieving precise control of their behavior is
difficult due to the completely unsupervised nature of their training. Existing
methods for gaining such steerability collect human labels of the relative quality of
model generations and fine-tune the unsupervised LM to align with these prefer-
ences, often with reinforcement learning from human feedback (RLHF). However,
RLHF is a complex and often unstable procedure, first fitting a reward model that
reflects the human preferences, and then fine-tuning the large unsupervised LM
using reinforcement learning to maximize this estimated reward without drifting
too far from the original model. In this paper we introduce a new parameterization
of the reward model in RLHF that enables extraction of the corresponding optimal
policy in closed form, allowing us to solve the standard RLHF problem with only a
simple classification loss. The resulting algorithm, which we call Direct Prefer-
ence Optimization (DPO), is stable, performant, and computationally lightweight,
eliminating the need for sampling from the LM during fine-tuning or performing
significant hyperparameter tuning. Our experiments show that DPO can fine-tune
LMs to align with human preferences as well as or better than existing methods.
Notably, fine-tuning with DPO exceeds PPO-based RLHF in ability to control sen-
timent of generations, and matches or improves response quality in summarization
and single-turn dialogue while being substantially simpler to implement and train.
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DPO

e Direct Policy Optimization:
incorporate benefits of RL without a
separate reward model

e Clever algebra used to rearrange RL
equation

e Reward function can be framed as
a function of the LLM itself

Direct Preference Optimization:

Your Language Model is Secretly a Reward Model

Rafael Rafailov*' Archit Sharma*' Eric Mitchell*f
Stefano Ermon* Christopher D. Manning! Chelsea Finn'

fStanford University *CZ Biohub
{rafailov,architsh,eric.mitchell}@cs.stanford.edu

Abstract

While large-scale unsupervised language models (LMs) learn broad world knowl-
edge and some reasoning skills, achieving precise control of their behavior is
difficult due to the completely unsupervised nature of their training. Existing
methods for gaining such steerability collect human labels of the relative quality of
model generations and fine-tune the unsupervised LM to align with these prefer-
ences, often with reinforcement learning from human feedback (RLHF). However,
RLHF is a complex and often unstable procedure, first fitting a reward model that
reflects the human preferences, and then fine-tuning the large unsupervised LM
using reinforcement learning to maximize this estimated reward without drifting
too far from the original model. In this paper we introduce a new parameterization
of the reward model in RLHF that enables extraction of the corresponding optimal
policy in closed form, allowing us to solve the standard RLHF problem with only a
simple classification loss. The resulting algorithm, which we call Direct Prefer-
ence Optimization (DPO), is stable, performant, and computationally lightweight,
eliminating the need for sampling from the LM during fine-tuning or performing
significant hyperparameter tuning. Our experiments show that DPO can fine-tune
LMs to align with human preferences as well as or better than existing methods.
Notably, fine-tuning with DPO exceeds PPO-based RLHF in ability to control sen-
timent of generations, and matches or improves response quality in summarization
and single-turn dialogue while being substantially simpler to implement and train.
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DPO

e Direct Policy Optimization:
incorporate benefits of RL without a
separate reward model

e Clever algebra used to rearrange RL
equation

e Reward function can be framed as
a function of the LLM itself

e Very widely used as the algorithm
for RLHF today

Direct Preference Optimization:

Your Language Model is Secretly a Reward Model

Rafael Rafailov*' Archit Sharma*' Eric Mitchell*f
Stefano Ermon* Christopher D. Manning! Chelsea Finn'

fStanford University *CZ Biohub
{rafailov,architsh,eric.mitchell}@cs.stanford.edu

Abstract

While large-scale unsupervised language models (LMs) learn broad world knowl-
edge and some reasoning skills, achieving precise control of their behavior is
difficult due to the completely unsupervised nature of their training. Existing
methods for gaining such steerability collect human labels of the relative quality of
model generations and fine-tune the unsupervised LM to align with these prefer-
ences, often with reinforcement learning from human feedback (RLHF). However,
RLHF is a complex and often unstable procedure, first fitting a reward model that
reflects the human preferences, and then fine-tuning the large unsupervised LM
using reinforcement learning to maximize this estimated reward without drifting
too far from the original model. In this paper we introduce a new parameterization
of the reward model in RLHF that enables extraction of the corresponding optimal
policy in closed form, allowing us to solve the standard RLHF problem with only a
simple classification loss. The resulting algorithm, which we call Direct Prefer-
ence Optimization (DPO), is stable, performant, and computationally lightweight,
eliminating the need for sampling from the LM during fine-tuning or performing
significant hyperparameter tuning. Our experiments show that DPO can fine-tune
LMs to align with human preferences as well as or better than existing methods.
Notably, fine-tuning with DPO exceeds PPO-based RLHF in ability to control sen-
timent of generations, and matches or improves response quality in summarization
and single-turn dialogue while being substantially simpler to implement and train.

m

\ O

UNIVERSITY* ROCHESTER

23



DPO
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DPO
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objective |
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DPO
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DPO

max r(x, y) — PO g [mg(y | 0| 7,0 | )]

some algebra...

R 24



DPO
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some algebra...

r(x,y) = plog % + plog Z(x)
ref

R 24



DPO

max r(x, y) — PO g [mg(y | 0| 7,0 | )]

some algebra...

r ();, y) = plog % + p log Z(x)
ref
optimal

reward model




DPO
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some algebra...

. B 7o(y | x)
r*(x,y) = plog ———— + p log Z(x)
T ﬂref(y ‘X) T
optimal a constant

reward model




@)

11

UNIVERSITY* ROCHESTER 2 5



DPO

e Re-factored reward function plugged
back into preference ranking

equation r¥(x,y) = flog ﬂ‘g((y “x)) + plog Z(x)
ﬂref YA

e / term cancels out

e ), Is the preferred completion, y, is
dis-preferred

7oV | X) 7Yy )
ﬂref(yw | X) ﬂref(yl ‘ X)

Z ppolTg; Trpp) = — log o (ﬂ log plog
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DPO

e Re-factored reward function plugged

back into preference ranking

equation #4(x,y) = Flog 222 4 glog Z(

ﬂref(y ‘ X)

e / term cancels out

e ), is the preferred completion, y, is
dis-preferred

. - % , — I (Y, | X) 1 my(y; | X)
e Essentially, make sure the probability ppo(Ty: Trey) = — log o | Plog T | 1) plog 7,011 )

assigned to the preferred completion
IS higher

e (This is a simplification)
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LLM training overview

GPT Assistant training pipeline

Stage Pretraining Supervised Finetuning Reward Modeling Reinforcement Learning

Raw internet Demonstrations o Comparisons e Prompts e
text trillions of words |deal Assistant responses, » 100K -1M comparisons b ~T10K-100K prompts et
Dataset low-quality, large quantity ~10-100K (prompt, response) written by contractors written by contractors
written by contractors low quantity, high quality low quantity, high quality
low quantity, high quality

J v 9 9

Language modeling Language modeling Binary classification Reinforcement Learning
Algorithm predict the next token predict the next token predict rewards consistent w generate tokens that maximize
preferences the reward

0 init ° init 0 o init from SFT
from from use RM

Base model SFT model RM model RL model

1000s of GPUs 1-100 GPUs 1-100 GPUs 1-100 GPUs
months of training days of training days of training days of training
ex: GPT, LLaMA, PaLM ex: Vicuna-13B ex: ChatGPT, Claude

can deploy this model can deploy this model can deploy this model

EBl UNIVERSITY« ROCHESTER 26
G




LLM training overview

GPT Assistant training pipeline

(AKA Instruction Tuning)
Stage Pretraining Supervised Finetuning Reward Modeling Reinforcement Learning

Raw internet Demonstrations o Comparisons e Prompts e
text trillions of words |deal Assistant responses, » 100K -1M comparisons b ~T10K-100K prompts et
Dataset low-quality, large quantity ~10-100K (prompt, response) written by contractors written by contractors
written by contractors low quantity, high quality low quantity, high quality
low quantity, high quality

J v 9 9

Language modeling Language modeling Binary classification Reinforcement Learning
Algorithm predict the next token predict the next token predict rewards consistent w generate tokens that maximize
preferences the reward

0 init ° init 0 o init from SFT
from from use RM
Base model SFT model RM model RL model

1000s of GPUs 1-100 GPUs 1-100 GPUs 1-100 GPUs
months of training days of training days of training days of training
ex: GPT, LLaMA, PaLM ex: Vicuna-13B ex: ChatGPT, Claude

can deploy this model can deploy this model can deploy this model
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LLM training overview

GPT Assistant training pipeline

(AKA Instruction Tuning)
Stage Pretraining Supervised Finetuning Reward Modeling Reinforcement Learning

Raw internet Demonstrations o Comparisons e Prompts e
text trillions of words |deal Assistant responses, » 100K -1M comparisons b ~T10K-100K prompts et

Dataset low-quality, large quantity ~10-100K (prompt, response) written by contractors written by contractors
written by contractors low quantity, high quality low quantity, high quality
low quantity, high quality

Language modeling Language modeling classification Reinforcement Learning
Algorithm predict the next token predict the next token wards consi generate tokens that maximize
the reward

0 init a 0 init from SFT
from use RM
Base model SFT model RL model

1000s of GPUs 1-100 GPUs 1-100 GPUs
months of training days of training of training days of training
ex: GPT, LLaMA, PaLM ex: Vicuna-13B ex: ChatGPT, Claude

can deploy this model can deploy this model DPO eliminates exp“cit can deploy this model
reward modeling
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LLM continuous training

¢4
Gemini
pre-training

4 ) 4 )
- 3
T— y -
SFT 5 RLHF
g J _ J
Data
flywheel
r N f R
Demonstration Feedback %/
data data '
\ J \ J

End
users

Figure 7 | Modeling overview. Post-training utilizes an optimized data flywheel in order to acquire
human-Al feedback and continually improve on key areas. The data mixtures for supervised fine-
tuning, reward modeling, and reinforcement learning serve as the foundation for our models.

from the Gemini paper
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https://arxiv.org/pdf/2312.11805

Rise of LLM trade secrets

2. Model Architecture

Gemini models build on top of Transformer decoders (Vaswani et al., 2017b) that are enhanced
with improvements in architecture and model optimization to enable stable training at scale and
optimized inference on Google’s Tensor Processing Units. They are trained to support 32k context
length, employing efficient attention mechanisms (for e.g. multi-query attention (Shazeer, 2019a)).
Our first version, Gemini 1.0, comprises three main sizes to support a wide range of applications as
discussed in Table 1.

Model size Model description

Ultra Our most capable model that delivers state-of-the-art performance across a wide
range of highly complex tasks, including reasoning and multimodal tasks. It is
efficiently serveable at scale on TPU accelerators due to the Gemini architecture.

Pro A performance-optimized model in terms of cost as well as latency that delivers
significant performance across a wide range of tasks. This model exhibits strong
reasoning performance and broad multimodal capabilities.

Nano Our most efficient model, designed to run on-device. We trained two versions of
Nano, with 1.8B (Nano-1) and 3.25B (Nano-2) parameters, targeting low and high
memory devices respectively. It is trained by distilling from larger Gemini models. It
is 4-bit quantized for deployment and provides best-in-class performance.

Table 1 | An overview of the Gemini 1.0 model family.

Training the Gemini family of models required innovations in training algorithms, dataset, and
infrastructure. For the Pro model, the inherent scalability of our infrastructure and learning algorithms
enable us to complete pre-training in a matter of weeks, leveraging a fraction of the Ultra’s resources.
The Nano series of models leverage additional advancements in distillation and training algorithms
to produce the best-in-class small language models for a wide variety of tasks, such as summarization
and reading comprehension, which power our next generation on-device experiences.
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Rise of LLM trade secrets

e These examples are from Google’s Gemini
model paper

2. Model Architecture

Gemini models build on top of Transformer decoders (Vaswani et al., 2017b) that are enhanced
with improvements in architecture and model optimization to enable stable training at scale and
optimized inference on Google’s Tensor Processing Units. They are trained to support 32k context
length, employing efficient attention mechanisms (for e.g. multi-query attention (Shazeer, 2019a)).
Our first version, Gemini 1.0, comprises three main sizes to support a wide range of applications as
discussed in Table 1.

Model size Model description

Ultra Our most capable model that delivers state-of-the-art performance across a wide
range of highly complex tasks, including reasoning and multimodal tasks. It is
efficiently serveable at scale on TPU accelerators due to the Gemini architecture.

Pro A performance-optimized model in terms of cost as well as latency that delivers
significant performance across a wide range of tasks. This model exhibits strong
reasoning performance and broad multimodal capabilities.

Nano Our most efficient model, designed to run on-device. We trained two versions of
Nano, with 1.8B (Nano-1) and 3.25B (Nano-2) parameters, targeting low and high
memory devices respectively. It is trained by distilling from larger Gemini models. It
is 4-bit quantized for deployment and provides best-in-class performance.

Table 1 | An overview of the Gemini 1.0 model family.

Training the Gemini family of models required innovations in training algorithms, dataset, and
infrastructure. For the Pro model, the inherent scalability of our infrastructure and learning algorithms
enable us to complete pre-training in a matter of weeks, leveraging a fraction of the Ultra’s resources.
The Nano series of models leverage additional advancements in distillation and training algorithms
to produce the best-in-class small language models for a wide variety of tasks, such as summarization
and reading comprehension, which power our next generation on-device experiences.
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Rise of LLM trade secrets

e These examples are from Google’s Gemini
model paper

e \We know these are “built on Transformer
decoders”, but little else!

2. Model Architecture

Gemini models build on top of Transformer decoders (Vaswani et al., 2017b) that are enhanced
with improvements in architecture and model optimization to enable stable training at scale and
optimized inference on Google’s Tensor Processing Units. They are trained to support 32k context
length, employing efficient attention mechanisms (for e.g. multi-query attention (Shazeer, 2019a)).
Our first version, Gemini 1.0, comprises three main sizes to support a wide range of applications as
discussed in Table 1.

Model size Model description

Ultra Our most capable model that delivers state-of-the-art performance across a wide
range of highly complex tasks, including reasoning and multimodal tasks. It is
efficiently serveable at scale on TPU accelerators due to the Gemini architecture.

Pro A performance-optimized model in terms of cost as well as latency that delivers
significant performance across a wide range of tasks. This model exhibits strong
reasoning performance and broad multimodal capabilities.

Nano Our most efficient model, designed to run on-device. We trained two versions of
Nano, with 1.8B (Nano-1) and 3.25B (Nano-2) parameters, targeting low and high
memory devices respectively. It is trained by distilling from larger Gemini models. It
is 4-bit quantized for deployment and provides best-in-class performance.

Table 1 | An overview of the Gemini 1.0 model family.

Training the Gemini family of models required innovations in training algorithms, dataset, and
infrastructure. For the Pro model, the inherent scalability of our infrastructure and learning algorithms
enable us to complete pre-training in a matter of weeks, leveraging a fraction of the Ultra’s resources.
The Nano series of models leverage additional advancements in distillation and training algorithms
to produce the best-in-class small language models for a wide variety of tasks, such as summarization
and reading comprehension, which power our next generation on-device experiences.
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Rise of LLM trade secrets

e These examples are from Google’s Gemini
model paper

e \We know these are “built on Transformer
decoders”, but little else!

e Parameter count especially has become a
trade secret

2. Model Architecture

Gemini models build on top of Transformer decoders (Vaswani et al., 2017b) that are enhanced
with improvements in architecture and model optimization to enable stable training at scale and
optimized inference on Google’s Tensor Processing Units. They are trained to support 32k context
length, employing efficient attention mechanisms (for e.g. multi-query attention (Shazeer, 2019a)).
Our first version, Gemini 1.0, comprises three main sizes to support a wide range of applications as
discussed in Table 1.

Model size Model description

Ultra Our most capable model that delivers state-of-the-art performance across a wide
range of highly complex tasks, including reasoning and multimodal tasks. It is
efficiently serveable at scale on TPU accelerators due to the Gemini architecture.

Pro A performance-optimized model in terms of cost as well as latency that delivers
significant performance across a wide range of tasks. This model exhibits strong
reasoning performance and broad multimodal capabilities.

Nano Our most efficient model, designed to run on-device. We trained two versions of
Nano, with 1.8B (Nano-1) and 3.25B (Nano-2) parameters, targeting low and high
memory devices respectively. It is trained by distilling from larger Gemini models. It
is 4-bit quantized for deployment and provides best-in-class performance.

Table 1 | An overview of the Gemini 1.0 model family.

Training the Gemini family of models required innovations in training algorithms, dataset, and
infrastructure. For the Pro model, the inherent scalability of our infrastructure and learning algorithms
enable us to complete pre-training in a matter of weeks, leveraging a fraction of the Ultra’s resources.
The Nano series of models leverage additional advancements in distillation and training algorithms
to produce the best-in-class small language models for a wide variety of tasks, such as summarization
and reading comprehension, which power our next generation on-device experiences.
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Rise of LLM trade secrets

e These examples are from Google’s Gemini
model paper

e \We know these are “built on Transformer
decoders”, but little else!

e Parameter count especially has become a
trade secret

e Algorithmic innovations are hinted at but not
disclosed

e “Improvements in architecture”
e “Innovations in training algorithms”

e “Advancements in distillation”

2. Model Architecture

Gemini models build on top of Transformer decoders (Vaswani et al., 2017b) that are enhanced
with improvements in architecture and model optimization to enable stable training at scale and
optimized inference on Google’s Tensor Processing Units. They are trained to support 32k context
length, employing efficient attention mechanisms (for e.g. multi-query attention (Shazeer, 2019a)).
Our first version, Gemini 1.0, comprises three main sizes to support a wide range of applications as
discussed in Table 1.
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range of highly complex tasks, including reasoning and multimodal tasks. It is
efficiently serveable at scale on TPU accelerators due to the Gemini architecture.

Pro A performance-optimized model in terms of cost as well as latency that delivers
significant performance across a wide range of tasks. This model exhibits strong
reasoning performance and broad multimodal capabilities.

Nano Our most efficient model, designed to run on-device. We trained two versions of
Nano, with 1.8B (Nano-1) and 3.25B (Nano-2) parameters, targeting low and high
memory devices respectively. It is trained by distilling from larger Gemini models. It
is 4-bit quantized for deployment and provides best-in-class performance.

Table 1 | An overview of the Gemini 1.0 model family.

Training the Gemini family of models required innovations in training algorithms, dataset, and
infrastructure. For the Pro model, the inherent scalability of our infrastructure and learning algorithms
enable us to complete pre-training in a matter of weeks, leveraging a fraction of the Ultra’s resources.
The Nano series of models leverage additional advancements in distillation and training algorithms
to produce the best-in-class small language models for a wide variety of tasks, such as summarization
and reading comprehension, which power our next generation on-device experiences.
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Soapbox on closed models

e [rade secrets have their place in protecting corporate innovations
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Soapbox on closed models

e [rade secrets have their place in protecting corporate innovations

e However, we shouldn’t pretend that this is still doing science
e Science requires replicability
e We can't replicate if the methodology is secret

e Caveat: like the space race, advancements will likely eventually “trickle down”
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Soapbox on closed models

e [rade secrets have their place in protecting corporate innovations

e However, we shouldn’t pretend that this is still doing science
e Science requires replicability
e We can't replicate if the methodology is secret

e Caveat: like the space race, advancements will likely eventually “trickle down”

e Not all bad news: a number of open LLMs have been released

e Examples: Al2’s OLMo, Meta’s Llama, Mistral
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Note on terminology
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Note on terminology

e My impression on what NLP practitioners mean when they say “LLM":
e Large (roughly >1B parameters)
e Generative (decoder-based)
e [rained with LM + Instruction Tuning + RLHF

e Strong in-context / zero-shot abilities
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Note on terminology

e My impression on what NLP practitioners mean when they say “LLM":

e Large (roughly >1B parameters)
e Generative (decoder-based)
e [rained with LM + Instruction Tuning + RLHF

e Strong in-context / zero-shot abilities

e Historically might also refer to models like GPT-3 or even BERT!

e [he term has evolved, and people use it differently
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Other LLM topics

e Evaluation (rapidly changing)
e lons of traditional NLP benchmarks like MMLU

e Expanding to human exams like the Bar Exam, GRE, etc.

e Sometimes talk about “win rates” over human preference data (e.g. Chatbot
Arena)

e Multimodality (inclusion of image, video, audio, etc.)

e Risks / societal consequences

e Most of what we’ll hear about next time!
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