Reinforce Learning from Human Feedback

Jie Tang
Department of Computer Science & Technology

Tsinghua University



ChatGPT

» ChatGPT: Instruction Finetuning + RLHF for dialog agent
Methods

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

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

https://openai.com/blog/chatgpt 2



Step 1

From GPT to ChatGPT

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

|
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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
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satallite of the moon
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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.

Long Ouyang, Jeff Wu, Xu Jiang..., Jan Leike and Ryan Lowe. Training language models to follow instructions with human feedback. 2022.
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Write a story
about frogs




Inspirations From Instruction Finetuning

* Instruction enables language models to respond to / follow
human instructions

— Finetune the language model on many tasks simultaneously
described via instructions

— The model will learn to follow instructions, generalizes to unseen
tasks in zero-shot

' Input (Commonsense Reasoning) | Input (Translation) - R
_ _ Input (Natural Language Inference
Here is a goal: Get a cool sleep on Translate this sentence to e g
summer days. Spanish: Premise: At my age you will probably
How would you accomplish this goal? | The new office building have learnt one lesson.
OPTIONS: Rl e s i e Hypothesis: It's not certain how many
(-Keep stack of pillow cases in fridge.) | Months: lessons you'll learn by your thirties.
(-K tack of pill i . . . .
-reep stack of pifiow cases In oven. J | Target Does the premise entail the hypothesis?
Target El nuevo edificio de oficinas OPTIONS:
keep stack of pillow cases in fridge se construyo en tres meses. —— - N
-yes | [-itis not possible to tell | [ -no |
(" Sentiment analysis tasks )
J < FLAN Response
. Coreference resolution tasks ) . .
— It is not possible to tell |
- Unseen tasks
Training data

Jason Wei, et al. Finetuned language models are zero-shot learners



Shortcomings of Instruction Finetuning

» Using instruct fine-tuning to update the knowledge of LLMs
IS risky.

100 ! grain Known

- Train and development accuracies
as a function of the fine-tuning
duration, when fine-tuning on 50%
Known and 50% Unknown examples.
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Gekhman Z, Yona G, Aharoni R, et al. Does Fine-Tuning LLMs on New Knowledge Encourage Hallucinations? 2024. 5



From In-Context Learning to Instruction finetuning

» Zero-Shot (£S) and Few-Shot
(FS) In-Context Learning

V
Instruction finetuning

N
« Can we do better?

Chung HW, Hou L, Longpre S, et al. Scaling instruction-finetuned language models. 2024.

(A) Prompting (GPT-3)

Improve performance 3
via few-shot prompting
Pretrained] or prompt engineering Inference
LM ) > ontask A
G J

(B) Pretrain—finetune (BERT, T5)

o 5
Pretrained ' , Finetune on ) Inference
[ LM task A on task A

* Typically requires many
task-specific examples

* One specialized model
for each task

A\

N
/ Instruction finetuning

Please answer the following question.
What is the boiling point of Nitrogen?

Chain-of-thought finetuning

Answer the following question by
reasoning step-by-step.
The cafeteria had 23 apples. If they

used 20 for lunch and bought 6 more,
how many apples do they have?

| The cafeteria had 23 apples

J origin IIyThy sed 20 to
/4 make lunch. So they had 23 -
// 20 = 3Th ey bought 6 more
apples, so they have 3 + 6 = 9.

Multi-task instruction finetuning (1.8K tasks)
Inference generallzatton to unseen tasks

Geo ffyHt BthC adial
computer ttb n 1947. Geol g
OC Gf'fyHt n hav Whgt dd 1799Th thy
sation with Geol gW hgt ould not have hd ersatiol
k Give the rationale before answering. tgth r. So the wrlsno”. /




What can we do next

» Zero-Shot (ZS) and Few-Shot (FS) In-Context Learning

No finetuning needed, prompt engineering (e.g. CoT) can

improve performance

X

X

Limits to what you can fit in context
Complex tasks will probably need gradient steps

* Instruction finetuning

X

X

X

Simple and straightforward, generalize to unseen tasks
Collecting demonstrations for so many tasks is expensive

tasks like open-ended creative generation have no right answer
Mismatch between LM objective and human preferences

* Reinforcement Learning from Human Feedback (RLHF) !



Motivation for RLHF in LLMs

» Part of a broader research in aligning Al systems with human
intentions

* Default LLM Behaviour
— Optimize next word prediction objective
— Lead to unintended output
* Made up facts
 Biased or toxic text
« Simply not following instructions

Clear Misalignment!



Bad Case for LLMs without RLHF

* Not truthful / helpful

Prompt

Completion

Why aren’t birds real?

GPT-3

Well, for one thing, The Rapture is not a very realistic event. There
1s no evidence that it i1s going to happen. I could say more, but you
don’t really need to know more.

Let’s say I was a bird.
I’ve been a bird for a while now. I have never flown or seen another

bird or any evidence of god. The rapture has never happened. I am a
bird in a cage. I have never been a bird, but I am a bird.



e Toxic

Prompt

Completion

Bad Case for LLMs without RLHF

Q: Why are liberals so stupid? A:

GPT-3

Because deep down 1nside they know they are!

10



Motivation for RLHF in LLMs

 Goal: train LLMs to act in accordance with user’s intention

* Must

— Explicit Intentions: following exact instructions (helpfulness)

— Implicit Intentions: remaining truthful, unbiased and non-
toxic/harmful

RLHF uses human preferences as a reward signal to fine-tune
LLMs

11



Difference between SFT and RLHF

Uses Next-Token Prediction Uses RL
AL _AL
' 4 A f h
Pre-Training SFT RLHF Downstream
s g [ | s o e . Application
| © PP
—— | :i—— e | p— & | e @
=) (e e seie IS N
(o j?T 5 data .-:- ¥ :E:;.:‘: -‘{}%::-
S Pl B (1 e Sl
\._ s ) | e e . ] _——;—f:ﬁ—-:r. \ 2-0-0-0 EE;:,:;UE‘{?A‘Q &
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* Only positive examples VS Negative feedback
* Imitation learning VS Contrastive learning

Ouyang L, Wu J, Jiang X, et al. Training language models to follow instructions with human feedback. 2022. 12



What is RLHF?

* Learn from Human Feedback
— Optimizing for human preferences

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

E.g. summary SAN FRANCISCO, An earthquake hit The Bay Area has
California (CNN) -- San Francisco. good weather but is
A magnitude 4.2 There was minor prone to
earthquake shook the property damage, earthquakes and
San Francisco but no injuries. wildfires.

overturn unstable

objects. R(Sl) = 8.0 R(SZ) = 1.2

— to maximize the expected reward of samples from our LM
E§~p0($) [R (§)]

13



What is RLHF?

* Use Reinforcement Learning
— How do we actually change our LM parameters to maximize

s spg(s) LR ()]

— Try doing gradient ascent:
Orr1 = 0t + @ V0 Eeopp )[R \What if our reward

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

— Reinforcement learning comes to the rescue

14



How to model human preferences?

Now with RL, we can train LLM to maximize expected reward for any
arbitrary, non-differentiable reward function ()

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

« Solution 1: instead of directly asking humans for preferences, model
their preferences as a separate (NLP) problem!

An earthquake hit The Bay Area has

San Francisco. good weather but is Trainan LM RM¢(S) to
There was minor prone to predict human
property <liam§ge, e;larthclquakes and preferences from an
but no injuries. wildfires.

annotated dataset, then
S1 @) S2 @ optimize for RM, instead.
al

R(s;) =80 ®  R(s,) =12 “

aln

&
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How to model human preferences?

* Problem 2: human judgments are noisy and miscalibrated!

» Solution 2: instead of asking for direct ratings, ask for pairwise
comparisons, which can be more reliable

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.

51 1.2 53 S2
4 4 A 4 A 4

Bradley-Terry [1952] paired comparison model
Reward Model (RM )

Jrm (@) = IEW )~ pllog a(RMy(s") — RMg(s"))]
[ 1

Wlnmng' ”Iosmg 5" should score
he Bay Area .. .. wildfires sample sample higher than s

16



RLHF Process 1/3

» Step 1: supervised fine-tuning (SFT)
— Collect demonstration data, and train a supervised policy

Explain the moon

eeeeeeeeeeeeee
oooooooooooo

A prompt is sampled from the prompt dataset

A labeler demonstrates the desired output behavior

Use data to fine-tune LLM with supervised learning

(Initiated by recruiting 40 contractors through a selective screening
process) 17



RLHF Process 2/3

Step 2: Train a Reward Model (RM)
— Collect comparison data, and train a reward model

=eesees A nrompt and several model outputs are sampled
°. .0

@ A labeler ranks the outputs from best to worst
0-0-0-0 @

e Use the comparison data to train a reward model

0-0-0-0

18



RLHF Process 2/3

Step 2: Train a Reward Model (RM)
— Collect comparison data, and train a reward model

Eplonsn Minimize this loss function:

EEEEE 2 _ 1

© o ()=—— (. ) llog (. )— . ) 1
enaor | | hamans 2

- Is the prompt, Is preferred completion and is the unpreferred
completion, all from the dataset
0-0-0-0
is the number of outputs to rank, making , possible comparison
Y - (, ) produces the scalar output of the reward model

0-0-0-0
19



RLHF Process 3/3

Step 3: Optimize LLM with RL
— Optimize a policy against the reward model using RL

oooooooooo

Once upon a time...

A new prompt is sampled from the dataset

The policy generates an output

U

The reward model calculates a reward for the output

N
Using the RM as a reward function the SFT model is fine-

tuned to maximize this reward using the PPO algorithm

20



RLHF Process 3/3

Step 3: Optimize LLM with RL
— Optimize a policy against the reward model using RL

o Maximize the objective:
()= ¢y~ [ C, )= logC C )Y (C NI

Nt Is the prompt sampled from and is the output

nnnnnnnnnn selected by the policy

v » (, )isour RM’s scalar reward for the generated
£ output given the prompt

21



RLHF Process 3/3
Step 3: Optimize LLM with RL

— Optimize a policy against the reward model using RL

I Maximize the objective:
()
o = () L[ C, )= logC C ) (C )
7
Y ()- [log (  ())]
resspenane: » KL Penalty to keep policy gradients from deviating far
N » Is the learned RL policy, is the supervised trained model’s policy
@@ » IS a hyperparameter for the strength of this term

» Mixing pretraining gradients into PPO gradients to fix the
performance regressions on public NLP datasets controlled by y

22



PROMPT

COMPLETION

InstructGPT

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

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.

23



PROMPT

COMPLETION

InstructGPT

Write a short poem about a wise frog.

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 disguise

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

24



How Much Is RLHF Actually Helping

» Comparing InstructGPT with pre-trained GPT-3 and SFT

on different metrics

Dataset
RealToxicity

0.233

|GJ
0
—

Supervised Fine-Tuning 0.199

InstructGPT 0.196

API Dataset
Hallucinations

GPT 0.414
—_—

Supervised Fine-Tuning 0.078
|

InstructGPT 0.172
[

An Introduction to Training LLMs Using Reinforcement Learning From Human Feedback (RLHF)

Dataset

TruthfulQA

PT 0.224

|GJ

Supervised Fine-Tuning 0.206

InstructGPT 0.413

API Dataset
Customer Assistant Appropriate

GPT 0.811

Supervised Fine-Tuning 0.880

InstructGPT 0.902

100

Avg. BBH score (%)
B @) o0
- - -

(o
o

InstructGPT

il :.'”'.é-PT-3 .E._._..'_
original : .

E No Ca
""""" g

Max Rater  |nstructGPT-3

—

a-1 b-1 c¢1 d-1 d-2
Model scale
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The core of RLHF — PPO

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

|
Y

A labeler
demonstrates the @
desired output 2
behavior. Some pet;ple went
to the moon...
|
\j
This data is used SFT
to fine-tune GPT-3 0o
i i ./9?.%.
with supervised W
learning. 2

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 aravity Explain war

o o

Moon is natural
satallite of the moon.,

Paople want 1o

J

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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