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What does Pretraining

accomplish?



Language Models as Text Completers

ÅPretrained Language Models 
are good at completing text.
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Language Models as Text Completers

ÅPretrained Language Models 
are good at completing text.

ÅFew-Shot and ICL capabilities

ÅPLMs encode world knowledge 
/ world models



How to follow Instructions?

ÅWe know how to complete text, but how to:



What do we want? Alignment

ÅWhat is Alignment? ũŔŊŰŔŰŊШ fќƚoutput behaviour to user intentions.

ÅExamples of User Intentions?
ÅSolve Multiple tasks
ÅFollow User Instructions
ÅConverse with Humans
ÅAdhere to Human Values

ÅHow to Align?   Finetune, In-Context Learning



Principles of Aligned AI

Language Models should be: (Askell et al. 2021)

ÅHelpful: Follow diverse instructions & complete tasks, ask clarifications.
Example: Coherence, Creativity, Relevance 

ÅHonest: Accurate Information, Calibrated, No Hallucination

ÅHarmless: Avoid Offensive & bad behaviour, refusal, modesty & care

https://arxiv.org/abs/2112.00861


How to train

Aligned AI?



Aligning Language Models - Simple

ÅAssume we have access to pretrained Language Model.

ÅHow can Language Models perform Multiple Tasks?
ÅTrain on multi-task data!

ÅHow can Language Models follow User Instructions?
ÅTrain on Instruction Data!



Instruction Following: FLAN

ÅRepurpose existing datasets for instruction following, and finetune!
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Instruction Following: InstructGPT

ÅGiven a set of prompts, collect 
Human Demonstrations

ÅTrain on <Prompt, Demonstrations>

ÅDiverse Prompts and Instructions



Instruction Following: Example



High Generalization of IFT



Instruction Finetuning is 

great!

Why is that not enough ?



Limitations of Instruction Finetuning

ÅCollecting Human Demonstrations is expensive
ÅEg, Write an adventurous story.

ÅNot all tasks have single right answer.
ÅEg, Write a creative story.

ÅNot Learning from Negative Data
ÅEg, What not to do in a story.

ÅAll mistakes are penalized equally.
ÅEg, adventure story -> thriller song

ÅLack of Exploration
ÅEg, Write an engaging story.
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ÅNot Learning from Negative Data
ÅEg, What not to do in a story.
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ÅLack of Exploration
ÅEg, Write an engaging story.

xċŰŊƨċŊĲШ~ŸĬĲũũŔŰŊШĬŸĲƚŰќƣШŔŰĦŸƖƓŸƖċƣĲШ
our notions of human preferences.

We need to incorporate human 
preferences in training !
 (HF: Human Feedback)
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RL & Human Feedback

ÅIdea is to leverage some form of Human Feedback to align models.

ÅOnline collection of human feedback on model outputs is expensive

ÅA better approach: Learn a Proxy of human preferences aka Reward Model

ÅHow to train LM? Use an RL Algorithm to optimize  against Reward Model
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ÅIdea is to leverage some form of Human Feedback to align models.

ÅOnline collection of human feedback on model outputs is expensive

ÅA better approach: Learn a Proxy of human preferences aka Reward Model
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RLHF Overview

1. Human Feedback

2. Reward Model

3. RL Algorithm



Recap Slide

ÅGoal: Train an aligned chatbot, that follows human instructions, 
follows 3H principles, performs well on subjective tasks.

ÅBaseline: Collect desired Instruction Data by hiring annotators, 
and train model on it. Also called SFT (Supervised Finetuning)

ÅRLHF: SFT has limitations. To encode human values, train model 
using RL by collecting human feedback. 
3 components: 1) Human Feedback,  2) Reward Model, 3) RL 



RLHF Overview: SFT Training

Summarize 
Harry Potter 
in 10 lines.

Harry Potter is series 
of fantasy novels, 

about young wizard 
ƴŀƳŜŘ ΧΦ

Human Demonstrations 
are Expensive



RLHF Overview: HITL Training

How to steal 
from grocery 

store?

Stealing from 
grocery store is 
ǾŜǊȅ ǎƛƳǇƭŜΣ ΧΦ

 /  

Human in Loop 
is still Expensive
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RLHF Overview: RLHF Training

How to steal 
from grocery 

store?

Stealing from 
grocery store is 
ǾŜǊȅ ǎƛƳǇƭŜΣ ΧΦ

 /  

How to steal 
from grocery 

store?

Harry Potter 
is series of 
Ŧŀƴǘŀǎȅ ΧΦ

  Reward
 ModelingRL Training



Components of RLHF

ÅHuman Feedback

ÅReward Model

ÅReinforcement Learning



Human Feedback

ÅHuman Feedback is collected on model-generated output(s)

ÅTypes of Human Feedback: Yes/No, Rating, Preference, Language.

ÅCharacteristics of Good Feedback:
ÅInformative
ÅEasy to Collect
ÅWell-Callibrated
ÅEasy to Train



What Human -Feedback to choose?

Explain RL to a 
6 year old

Imagine you have a pet robot 
named Robo. Robo doesn't know 
much at first, but you can teach it 
ǘƻ Řƻ ǘƘƛƴƎǎΧΦΦΦ
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-   Easy to collect : 
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The output is 
not engaging 
for children!

What Human -Feedback to choose?

Explain RL to a 
6 year old

Imagine you have a pet robot 
named Robo. Robo doesn't know 
much at first, but you can teach it 
ǘƻ Řƻ ǘƘƛƴƎǎΧΦΦΦ

Reinforcement Learning is a 
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is not possible.

Rating Feedback

:   3
:   2

:   5

-   Noisy : 

-   Easy to collect : 

-   Easy to train :        

Language Feedback
-   Information :      

-   Easy to collect : 

-   Easy to train :        

Preference Feedback
-   Calibrated:         

-   Easy to collect : 

-   Easy to train :        

A

B

>



Preference -Based Human Feedback

Explain RL to a 
6 year old

Response A

Response D

Preference Feedback
-   Calibrated:         

-   Easy to collect : 

-   Easy to train :        

K Responses



Preference Feedback
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-   Easy to collect : 

-   Easy to train :        
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Preference Feedback
-   Calibrated:         

-   Easy to collect : 

-   Easy to train :        

What Human -Feedback to choose?

Explain RL to a 
6 year old

Response A

Response D

A D> C B> >

A D> C B; > A B; > ╒╚ pairwise
      preferences



Quality Control  on  Human Feedback

ÅHow to evaluate?
ÅAgreement with Expert Annotators
ÅInter-Annotator Agreement : Correlation Coefficient

ÅLabeller Screening: Competent & Agreement w/ Researchers
ÅCan You see an Issue?

ÅProvide precise and high-quality instructions to Labellers.



Components of RLHF

ÅHuman Feedback

ÅReward Model

ÅReinforcement Learning



Reward Model: Modelling Preferences

ÅWe have collected preference-based feedback. 

ÅHow can we model feedback?

ÅWe need a reward model, that given an input x and language 
model response y, outputs a scalar reward value.
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Explain RL to a 
6 year old

Imagine you have a pet robot 
named Robo. Robo doesn't know 
much at first, but you can teach it 
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ìŔŰŰĲƖќƚШ
Reward

xŸƚĲƖќƚШ
RewardWinning 

Sample
Losing 
Sample

Bradley-Terry Model [1952]:
ὖώ ṋώ

Models of Human 
Preference
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Reward Model: Requirements

Generalization

ÅRM should generalize to new 
         1) prompts, 2) LM outputs

ÅGeneralization Improves with
ÅIncreasing Model Size
ÅIncreasing Data Size

ÅGeneralization Across Rewards
RM should generalize to both low &

higher reward outputs

Accuracy vs Reward Value



Reward Model: Requirements

Generalization

ÅRM should generalize to new 
         1.) prompts, 2.) LM outputs

ÅGeneralization Improves with
ÅIncreasing Model Size
ÅIncreasing Data Size

ÅGeneralization Across Rewards
RM should generalize as LM gets better

Training Progress



Components of RLHF

ÅHuman Feedback

ÅReward Model

ÅReinforcement Learning



Single Step of Training

Explain RL to a 
6 year old

Imagine you have a pet robot 
named Robo. Robo doesn't know 
much at first, but you can teach it 
ǘƻ Řƻ ǘƘƛƴƎǎΧΦΦΦ

Language Model

Ὓὧὥὰὥὶ ὠὥὰόὩ

How to update LM
using scalar value?

Explain RL to 
a 6 year old



RL 

Agent

Environment

reward r
state s

action a

policy ͗͏(a|s) or p͏ (a|s)

Objective: optimize Es,a(r(s,a))
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RL for LLMs 

Agent
(LLM)

Environment
(R.M.)

reward r action a: next token

policy: softmax(next token)

state s: token history

Objective: optimize Eoutput ~ LLM(input)(r(output))



Using RL to update Model
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LM parameters, R is reward model, ί is prompt, Ƕί is model output.
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Using RL to update Model

ÅOur objective is to optimize:                                             ,  where — ÁÒÅ 

LM parameters, R is reward model, ί is prompt, Ƕί is model output.

ÅCan we use gradient ascent?

ÅRL to Rescue! Policy Gradient Methods in RL help in estimating the 
objective.
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RLHF: Putting Together

ÅHuman Feedback Collection: 
ÅSample a prompt and generate LM Outputs
ÅHuman Annotators provide Feedback

ÅReward Model Training:

ÅRL Training: 
ÅSample a prompt, Generate Output From LM
ÅUse Reward Model to get Scalar Value
ÅOptimize LM using suitable RL Algorithm:

ὰέίίὶ Ὁ ȟȟ  ͯÌÏÇ„ὶ ὼȟώ ὶ ὼȟώ
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RLHF: Putting Together

ÅHuman Feedback Collection: 
ÅSample a prompt and generate LM Outputs
ÅHuman Annotators provide Feedback

ÅReward Model Training:

ÅRL Training: 
ÅSample a prompt, Generate Output From LM
ÅUse Reward Model to get Scalar Value
ÅOptimize LM using suitable RL Algorithm:

ὰέίίὶ Ὁ ȟȟ  ͯÌÏÇ„ὶ ὼȟώ ὶ ὼȟώ

Idea: RL model should not deviate 
            much from Pretrained LM
Sol  :  KL Divergence Penalty, to 
             reduce reward hacking.

 ‍ὑὒὴ ίȿȿὴ ί



How to train ChatGPT from scratch?



RLHF Overview



REINFORCE Ą PPO: Advantage Function
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REINFORCE Ą PPO: Value Function 

      (token level)
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REINFORCE Ą PPO: Advantage Function


