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Predicting language # user intent

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 1in a few sentences.
Explain the big bang theory to a 6 year old.
Explain evolution to a 6 year old.

Language models are not aligned with user intent [Ouvang et al., 2022]
Finetuning to the rescue!




Predicting language # user intent

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 not aligned with user intent [Ouyang et al., 2022]
Finetuning to the rescue!




The story so far...

* Train a language model on millions, billions, or trillions of tokens

 Create training objectives from auxiliary tasks that we can automatically
generate from plain text

e Teacher-forcing autoregressive prediction, masked language modeling, next
sentence prediction, span denoising...

 Collect a small amount of labeled data for a particular task and fine=-tune (some
of) the weights

e But fine tuning still takes a while, and there are a lot of tasks!



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 @/@
t " + + 4 t " " 4 " 4 t
Decoder Decoder
(Transformer, LSTM, ++) (Transformer, LSTM, ++)

Iroh  goes make tasty tea ... the movie was ...



The pretraining/finetuning paradigm

Pretraining can improve NLP applications by serving as parameter initialization.

Step 1: Pretrain (on language modeling) Step 2: Finetune (on many tasks)

Lots of text; learn general things! Net many labels; adapt to the tasks!

goes to make tasty tea END
DR R . R

Decoder Decoder
(Transformer, LSTM, ++) (Transformer, LSTM, ++)

Iroh  goes make tasty tea ... the movie was ...



Instruction luning



Instruction finetuning

* Collect examples of (instruction, output) pairs across many tasks and finetune an LM
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Instruction pretaining

Qualit
Evaluation

* Asisusually the case, data + model
scale is key for this to work!

Cause
Effect
Classification
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Classification

* Super-Naturallnstructions dataset
contains over 1.6K tasks,

3M+ examples
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* Classification, sequence tagging,
rewriting, translation, QA...
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Language
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Q: how do we evaluate such a model?
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More diverse evaluations

Massive Multitask Language
Understanding (MMLU)
[Hendrycks et al., 2021]

New benchmarks for measuring LM
performance on 57 diverse
knowledge intensive tasks

Abstract Algebra ““‘é““""“'“'.- GplT_3
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Examples from MMLU

Astronomy

What is true for a type-la supernova?
A. This type occurs in binary systems.

T\

['his type occurs in young galaxies.

B.
C. This type produces gamma-ray bursts.
D.

]

['his type produces high amounts of X-rays.

High School Biology

In a population of girafies, 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



rogress on MMLU

AVERAGE (%)
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Rapid, impressive progress on challenging knowledge-intensive benchmarks
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Even Bigger Evaluations

BIG-Bench [Srivastava et al., 2022]
200+ tasks, spanning:
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Beyond the Imitation Game: Quantifying and extrapolating
the capabilities of language models
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Instruction finetuning and performance gains

BIG-bench + MMLU

 Recall the T5 encoder-decoder Params Model Norm. ave.
model [Raffel et z.al., 2018], pretrained on SOM  T5-Small 99
the span corruption task Flan-T5-Small -3.1 (+6.1)
* Flan-T5 [Chung et al., 2022]: T5 models 50M  T5-Base 51
finetuned on 1.8K additional tasks Flan-T5-Base 6.5 (+11.6)
Wri9, ..., 780M T5-Large -5.0
Flan-T5-Large 13.8 (+18.8)
3B T5-XL 4.1
/%%T Flan-T5-XL 19.1 (+23.2)
11B T5-XXL 2.9
‘ 2%2 | Flan-T5-XXL 23.7 (+26.6
Wri1 - War ( )

/

W1, oo, Wr Bigger model = bigger A



Instruction finetuning and performance gains

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

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.
\_ J /




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.
\_ AN J




Cambrian explosion of instruction-tuning data

e

 The release of LLaMA led to open-source attempts to create’ instruction tuning data



What have we learned?

* (Generate instructions,
input, and output from a
LM [Wang et al., 2022]

* Alpaca: fine-tuned from
the LLaMA 7B model on
52K instruction-following
examples

* You don’t need many

samples to instruction tune
(e.g., “LIMA: Less Is More for
Alignment” Zhou et al., 2023)

©
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Meta

B
LLaMA 7B A\ )
Text-davinci-003 \ i <
i
g Supervised w .
. 52K Finetuning A|paCa /B
175 Self- Modified Self-instruct Instruction-following
Instruct Instruction Generation examples
seed tasks
Example seed task Example Generated task
Instruction: Brainstorm a list of Instruction: Brainstorm creative
possible New Year's resolutions. ideas for designing a conference
Output: room.
- Lose weight Output:
- Exercise more ... incorporating flexible
- Eat healthier components, such as moveable
walls and furniture ...
Bl LIMA wins e Tie LIMA Loses
Source #Examples
P Alpaca 65B 26%
Training o
DaVinci003 35%
Stack Exchange (STEM) 200
Stack Exchange (Other) 200 BARD (April) 42%
wikiHow 200
. " Claude (April) 54%
Pushshift r/WritingPrompts 150
Natural Instructions 50 GPT-4 (April) 57%
Paper Authors (Group A) 200 | , . . ,
0% 25% 50% 75% 100%




Reinforcement Learning
from Human Feedback



Limitations of instruction tuning
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Limitations of instruction tuning

One limitation of instruction tuning is obvious: it’'s expensive to collect (and train on)
ground-truth for lots of tasks

But there are other, subtler limitations, as well. |[deas?
Problem 1: open-ended generation tasks have no one right answer
® \Vrite me a story about a fairy and a language model.

Problem 2: maximum likelihood penalizes all token-level mistakes equally, but some errors
are worse than others | o
IS a fantasy TV show END

S0 even instruction tuning isn’t quite matching human preferences. ! 4 4 4 4 4

So how can we do that? i i i i i i

Avatar i a fantasy TV show



Optimizing for human preferences

* Let’s say we were training a language model on some task (e.g. summarization).

 For each LM sample s, imagine we had a way to obtain a human reward of that
summary: R(s) € R, higher is better.

SAN FRANCISCO, An earthquake hit The Bay Area has
California (CNN) -—- San Francisco. good weather but 1s
A magnitude 4.2 There was minor prone to
earthguake shook the property damage, earthquakes and
San Francisco but no 1njuries. wlldfires.
51 52
overturn unstable
objects. R(s,) = 8.0 R(s,) = 1.2

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

A S~pg(S) [R (S)] Note: for mathematical simplicity we’re
assuming only one “prompt”
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Reinforcement Learning with Human Feedback!

arxiv in Sep 2019
Fine-Tuning L.anguage Models from Human Preferences NeurlPS 2020

Daniel M. Ziegler* Nisan Stiennon* Jeffrey Wa Tom B. Brown

Alec Radford Dario Amodei Paul Christiano Geoffrey Irving
OpenAl
{dmz, nisan, Jjeffwu, tom,alec,damode1, paul, irving}lopenai.com

arxiv in Sep 2020

Learning to summarize from human feedback NeurlPS 2020

Nisan Stiennon® Long Ouyang* Jeff Wu™ Daniel M. Ziegler™ Ryan Lowe™

Chelsea Voss™ Alec Radford Dario Amodei Paul Christiano™

OpenAl




“Learning to Summarize with Human Feedback”™

Human feedback models outperform much larger supervised models and reference summaries

on TL:DR
Human preference versus reference summaries
100%
BO%2
Human feedback
60%
Reference summaries
—e Supervised
40% — P
é ——
0%
1 | | 1 | | | | I
2e+9 3e+9 de+9 S5e+9 1e+10
Model Size

Figure 1: The performance of various training procedures for different model sizes. Model performance is measured by how often summaries from
that model are preferred to the human-written reference summatries. Our pre-trained models are early versions of GPT-3, our supervised baselines
were fine-tuned to predict 117K human-written TL:DRs, and our human feedback models are additionally fine-tuned on a dataset of about 65K

summary comparisans.

nttps://openal.com/researcn/learning-to-summarize-with-human-feedback


https://openai.com/research/learning-to-summarize-with-human-feedback

Overview of RLHF

Step 1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

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

First step: instruction tuning!

Explain the moon
landing to a 6 year old

(e}

V4

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

(A o

Explain gravity... Explain war...

(C/ (D

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...

* Second + third steps: maximize reward (but how??)



Resurgence in Reinforcement Learning

* The field of reinforcement learning (RL) has studied these
(and related) problems for many years now
[Williams, 1992; Sutton and Barto, 1998]

* Circa 2013: resurgence of interest in RL applied to
deep learning, game-playing [Mnih et al., 2013]

 Butthe interest in applying RL to modern LMs is an

even newer phenomenon [Ziegler et al., 2019;
Stiennon et al., 2020; Ouvang et al., 2022]. Why?

* RL w/ LMs has commonly been viewed as very hard
to get right (still is!)

* Newer advances in RL algorithms that work for
large neural models, including language models
(e.g. PPO; [Schulman et al., 2017])

Self-taught Al software
attains human-level
performance invideo games

-0+ AlphaGo



Optimizing for human preferences

* How do we actually change our LM parameters 6 to maximize this?
*SA~pg(S) [R (§)]

* Let’s try doing gradient ascent!
Ors1 3= O + @ Vg, *8~Pg,(5) [R($)] What if our reward

How do we estimate / \ function is non-
this expectation?? differentiable??

* Policy gradient methods in RL (e.g., REINFORCE; [Williams, 1992]) give us tools for
estimating and optimizing this objective.

Early work at Northeastern!
Ronald Williams retired before | got

here over a decade ago, so RL has
been developing for a while.




A Sketch of REINFORCE (Williams, 1992)

e We want to obtain (defn. of expectation) (linearity of gradient)

VoEspp(s)[R)] = Vo ) R(s)pa(s) = ) R(s) Vope(s)

 Here we’ll use a very handy trick known as the log-derivative trick. Let’s try taking the
gradient of log pg (s)

1
Vg log pg (s) = Vg Do (s) — Vg PQ(S) = PQ(S) Vg log PH(S)
Dg (S)

(chain rule) This is an

* Plug back in: expectation of this

2 R(s) Vgpg(s) = 2 po(S)R(s) Vg log pg(s)



A Sketch of REINFORCE (Williams, 1992)

* Now we have put the gradient “inside” the expectation, we can approximate this
objective with Monte Carlo samples:

VH *§~p9(s) [R(§)] S~p9(s) [R(S) VQ log Po (S) z R(Sl) VH lOg Po (Sl)

This is why it’s called “reinforcement Take gradient steps
learning”: we reinforce good actions, If R is +++ to maximize vy (s;)
increasing the chance they happen again. \ /

e Giving us the update rule:  0p41:= 0, + “_2 R(s;) Vg, log py,(s;)
This is heavily simplified! There is a lot / \
more needed to do RL w/ LMs. Can you If R is ---

Take steps to
see any problems with this objective? minimize pg (s;)



What’s the reward?

* Awesome: now for any arbitrary, non-differentiable reward function R(s), we can
train our language model to maximize expected reward.

* Not so fast! (Why not?)

* Problem 1: human-in-the-loop is expensive!

* Solution: instead of directly asking humans for preferences, model their
preferences as a separate (NLP) problem! [Knox and Stone, 2009]

An earthquake hit
San Francilsco.
There was minor
property damage,
but no 1njuries.

S1 O
R(Sl) = 8.0 -
am

The Bay Area has
good weather but 1is

Train an LM RM4(s) to

prone to predict human
earthquakes and preferences from an
wildfires. annotated dataset, then
So O optimize for RM instead.
R(s,) =12 "
agm




What’s the reward?

* Problem 2: human judgments are noisy and miscalibrated!

* Solution: instead of asking for direct ratings, ask for pairwise comparisons, which can
be more reliable [Phelps et al., 2015; Clark et al., 2018]

A 4.2 magnitude
earthquake hit
San Francisco,
resulting 1in
massive damage.

53
R(s;) = 4.17 6.6? 3.27



What’s the reward?

* Problem 2: human judgments are noisy and miscalibrated!

* Solution: instead of asking for direct ratings, ask for pairwise comparisons, which can
be more reliable [Phelps et al., 2015; Clark et al., 2018]

An earthquake hit A 4.2 magnitude The Bay Area has
San Francisco. earthquake hit good weather but 1s
There was minor > San Francisco, > prone to
property damage, resulting in earthquakes and
but no injuries. massive damage. wildfires.

31 1.2 53 S2
! ! ! ! ! ! Bradley-Terry [1952] paired comparison model

Reward Model (RM )
— w l
o) Jrm () = = (o) p[10g 5(RMy(s™) — RMy(sh))]

i i i i i i ”Winmng ”Iosmg ¥ should SCOFG

he Bay Area .. .. wildfires sample sample h|gher than s°



Evaluate the reward model

Evaluate RM on predicting outcome of held-out human judgments

Validation accuracy

Ensemble of humans

Large enough RM
0.807 trained on enough
'Human baseline :
------------------------------------ ~~ data approaching
0.75¢ 32k single human perf
16k
8k
0.70} Data
0.65}
0.60 — —
108 10° 1070

Model size [Stiennon et al., 2020}




RLHF: Putting the pieces together

* Finally, we have everything we need:
» A pretrained (possibly instruction-finetuned) LM p“7 (s)

* Areward model RM 4 (s) that produces scalar rewards for LM outputs, trained on a
dataset of human comparisons

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

+ Initialize a copy of the model p,"“(s) , with parameters 6 we would like to optimize

* Optimize the following reward with RL:
pa- (s)) Pay a price when

R(S) — RM¢(S) — ﬁ 108 (pPT(S) ng(S) > pPT(S)

H_/

This is a penalty which prevents us from diverging too far from the pretrained model. In
expectation, it is known as the Kullback-Leibler (KL) divergence between ng (s) and pP1(s).
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expectation, it is known as the Kullback-Leibler (KL) divergence between ng (s) and pP1(s).



RLHF: Gains over retraining and fine-tuning

p™-(s)

O
\l

O
o)

O
o

Reference summaries IFT
Pl (s)

O
1N

Fraction preferred to ref
-
%

O
N

1.3B ~ 27B ~— 6.7B ____ 12.0B
Model size
[Stiennon et al., 2020]




InstructGPT and ChatGPT



InstructGPT: Scaling to 30k tasks

Step 1

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 2

behavior. Some pec;ple went
to the moon...

This data is used SFT

to fine-tune GPT-3 a7

. . ./)?.5\\.

with supervised N/

learning. VA
EEE

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 datais used
to train our
reward model.

Explain the moon
landing to a 6 year old

A B

Explain gravity... Explain war...

® D

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

[Ouyang et al., 2022]




InstructGPT: Scaling to 30k tasks

Tasks collected from labelers:

 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.

 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 1deas 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.

[Ouyang et al., 2022]




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 1n 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.



ChatGPT: Instruction tuning + RLHF for dialog

ChatGPT: Optimizing

Language Models
for Dialogue

Note: OpenAl (and similar
companies) are keeping
more details secret about
ChatGPT training
(including data, training
parameters, model size)—
perhaps to keep a
competitive edge...

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.

(Instruction finetuning!)

https://openai.com/blog/chatgpt/




ChatGPT: Instruction tuning + RLHF for dialog

oL ElcIaelsliinirdel Methods

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
ChatGPT training models, we can fine-tune the model using Proximal Policy Optimization. We

(including data, training
parameters, model size)—
perhaps to keep a
competitive edge...

performed several iterations of this process.

(RLHF!)

https://openai.com/blog/chatgpt/




What does RLHF change!?

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, confiicts 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

* Significantly more detailed, nicer/clearer list like formatting



Beyond RLHF



Limitations of RL + reward models

* Human preferences are unreliable!

"Reward hacking” is a common

problem in RL

Chatbots are rewarded to
produce responses that seem
authoritative and helpful,
regardless of truth

This can result in making up facts
+ hallucinations

TECHNOLOGY

Google shares drop $100 billion after
its new Al chatbot makes a mistake

February 92,2023 - 10:15 AMET
https://www.npr.org/2023/02/09/1155650909/go0gle-chatbot--error-bard-shares

Bing Al hallucinates the Super Bowl

Who won the superbowl|?

.~ Searching for: superbowl winner

.~ Genera ting answers for you...

The Super Bowl is the annual American football game that determines the champion of the National
Football League (NFL) ' . The most recent Super Bowl was Super Bowl LVI, which was held on February
6, 2023 at SoFi Stadium in Inglewood Callfornla . The winner of that game was the Phlladelphla

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn

‘The most recent Super Bow| was Super Bowl LV,
Eagles who defeated the Kansas Clty Chiefs by 31-24

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

https://news.ycombinator.com/item?id=34776508
https://apnews.com/article/kansas-city-chiefs-philadelphia-eagles-technology-
science-82bc20f207e3e4cf81abc6a5d9e6b2 33




Limitations of RL + reward models

 Human preferences are unreliable!

* "Reward hacking” is a common
problem in RL

e Chatbots are rewarded to
produce responses that seem
authoritative and helpful,

regardless of truth

* This can result in making up facts
+ hallucinations

 Models of human preferences are
even more unreliable!

1.01

Fraction preferred to ref

0.8}

0.6

Reward model over-optimization

> 5 10 25 75 250
KL from supervised baseline

R(s) = RM(s) — f log (pg (S))

pth(s)
[Stiennon et al., 2020]




Direct Preference Optimization

Recall we want to maximize the following objective in RLHF

RL r o
910 (R0 (5 9) ~ B10g (L)

pPT(P]x)
There is a closed form solution to this:

1
B

pPT (y]x) exp(=RM(x,V)) Peters & Schaal 2007

p*(Y]x) = 700

* Rearrange this via a log transformation

RM(x,9) = f (logp" (1) — logp™ (F1)) + Blog Z(x) = f log Lo

pPT (Px)

- G log Z (x)

* This holds true for any arbitrary LMs, thus

RL /o
~ Po (V]x)

RMgy(x,y) = B lo =
06 Y) = P08 pr 51

- G log Z (x)



DPO: Putting the pieces together

» Derived reward model: RMy(x,9) = B log

pak(P|x

)

pPT(Px)

+ [ log Z (x)

* Final DPO loss via the Bradley-Terry model of human preferences:

JppPo (9) — =

ng (Vw

S (%, Vv, Y1) ~D [log o(RMjy (x, :VW) — RMy(x, YI))]

 (x,y,,y)~D 108 0 ([ log

pPT (v,

Reward for
winning sample

Log Z term
cancels as
the loss only
measures
differences
In rewards

X)

x) pe i
X) 'BlOgPPT(YI

)

X)

Reward for

losing sample

[Rafailov+ 2023]
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Reinforcement Learning from Human Feedback (RLHF)

x: “write me a poem about
the history of jazz"

0.7 1

0.6

Win rate
= = o o
N w NN wn

o
=

o
o

TL:DR Summarization Win Rate vs Reference

DPO  —4f— Preferred-FT == GPT-)
~J— PPO  —J— SFT

likelihood

—t— Best of 128

label rewards

ﬁ > —> reward model

preference data maximum

7N
LM policy

L A

sample completions

reinforcement learning

0.00

0.125 0.1‘30 0.175 1.60
Sampling temperature

DPO outperforms prior methods

Direct Preference Optimization (DPO)

x: “write me a poem about
the history of jazz"

LF_' :w|> ——  final LM

preference data i a et s

likelihood

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

Other variants (KTO, IPO) now emerging too

TL;DR summarization win rates vs. human-
written summaries (GPT-4 as a judge)



Scaling DPO Performance

MMLU GSMSk BBH TydiQA GP CodexEval AlpacaEval ToxiGen Average
0-shot, EM 8-shot CoT, EM 3-shot CoT, EM 1-shot, F1 P@10 % Win 9% Toxic

Proprictary models

® Tulu2 has shown

GPT-4-0613 814 95.0 89.1 65.2 87.0 91.2 0.6 86.9
GPT-3.5-turbo-0613 65.7 76.5 70.8 51.2 88.0 91.8 0.5 77.6 . . .
GPT-3.5-turbo-0301 67.9 76.0 66.1 519 88.4 83.6 27.7 72.3 't h at |'t | S p OSS | b ‘ e to

Non-TULU Open Models

Zephyr-Beta 7B 58.6 28.0 44.9 23.7 54.3 86.3 640 474 DPO a 70B base

Xwin-LM v0.1 70B  65.0 65.5 65.6 18.2 66.1 95.8 127 69.1

LLAMA-2-Chat 7B 46.8 12.0 25.6 227 24.0 87.3 0.0 454 .

LLAMA-2-Chat 13B 532 9.0 40.3 32.1 33.] 91.4 0.0 513 d ‘ h d

LLAMA-2-Chat 70B  60.9 59.0 49.0 44.4 52.1 94.5 0.0 657 maodadel, w IT 9 OO0
TOLU 2 Suite ‘ _t

TOLU 2 7B 50.4 34.0 48.5 46.4 36.9 73.9 70 547 reSults.

TOLU 2+DPO 7B 50.7 34.5 45.5 44.5 40.0 85.1 05 563

TOLU 2 13B 55.4 46.0 49.5 53.2 49.0 78.9 17 615

TOLU 24DPO 13B 553 49.5 49 .4 39.7 48.9 89.5 1.1 61.6

TOLU 2 70B 67.3 73.0 68.4 53.6 68.5 86.6 05  73.8 .

TOLU 2+DPO 0B  67.8 715 66.0 35.8 68.9 951 02 721 ® NNlo com parison

with PPO yet.



