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Why Do We Want Reinforcement Learning
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SFT

Imitation external data	
Performance limited by external data

RL 

Maximize reward rather than imitation 	
The model may surpass humans (e.g., AlphaGo)
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Why Do We Want Reinforcement Learning

LLM ⚖ResponseQuery

Judge to score the 
response

SFT imitates responses
RL maximizes scores



Review: Reinforcement Learning in LLMs

4



Review: From Imitation to Optimization
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Review: Reward Optimization in Language Models
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Gradient estimation (policy gradient):

Objective:
<latexit sha1_base64="9oiMT4tQZVCVsPmKLujJvJIPKJk="></latexit>

ω = argmax
ω

Ex→pω(x)R(x)
X is the language sequence, R is the 
reward function, scores the generated 
response (we can consider R as a 
human or a model)

How to do gradients over this objective?

<latexit sha1_base64="M6L7ndo78JNh8H+XhMNLZfyLsnI="></latexit>

ĝ = Ex→pω(x)R(x)→ω log pω(x)
is  the gradient (not objective)

<latexit sha1_base64="afdULcT5M04IwxSkqPzAjQpyJ1g="></latexit>

ĝ



Review: REINFORCE / Policy Gradient
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<latexit sha1_base64="M6L7ndo78JNh8H+XhMNLZfyLsnI="></latexit>

ĝ = Ex→pω(x)R(x)→ω log pω(x)

How to implement?

Objective = 

<latexit sha1_base64="ZPZlXaRuPZFtgvGazt2t7yXZF7k="></latexit> n∑

i=1

1

n
R(x(i)) log pω(x

(i))
<latexit sha1_base64="WB76QHwCxgr8OeTZt7BK//siQJ4="></latexit>

x(1), ..., x(n) → pω(x)

This objective looks kinda like weighted log likelihood maximization?

What is different?

1. Have a weight of R(x)	
2. The data x is sampled from the model itself, not from a static dataset



Review: REINFORCE / Policy Gradient

8

Objective = 

<latexit sha1_base64="ZPZlXaRuPZFtgvGazt2t7yXZF7k="></latexit> n∑

i=1

1

n
R(x(i)) log pω(x

(i))
<latexit sha1_base64="WB76QHwCxgr8OeTZt7BK//siQJ4="></latexit>

x(1), ..., x(n) → pω(x)

1. Have a weight of R(x)	
2. The data x is sampled from the model itself, not from a static dataset

This equation is not that complex, just view it as a weighted 
likelihood maximization

This is the simplest form of RL, many other RL algorithms (PPO, GRPO) are 
more like variants of this simple equation with the same spirit

We can see why RL is called “self-improving”, and it is trained by “synthetic data”



Review: REINFORCE / Policy Gradient
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Objective = 

<latexit sha1_base64="ZPZlXaRuPZFtgvGazt2t7yXZF7k="></latexit> n∑

i=1

1

n
R(x(i)) log pω(x

(i))
<latexit sha1_base64="WB76QHwCxgr8OeTZt7BK//siQJ4="></latexit>

x(1), ..., x(n) → pω(x)

1. Sample data from the model (or we call 
policy) itself (exploration)	

2. A reward function judges whether the 
explored data is good or bad 



Review: REINFORCE / Policy Gradient
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Objective = 

<latexit sha1_base64="ZPZlXaRuPZFtgvGazt2t7yXZF7k="></latexit> n∑

i=1

1

n
R(x(i)) log pω(x

(i))
<latexit sha1_base64="WB76QHwCxgr8OeTZt7BK//siQJ4="></latexit>

x(1), ..., x(n) → pω(x)

Reinforcement learning is a mixed art of both 
training and inference during training time

Why?



Review: REINFORCE / Policy Gradient

11

Objective = 

<latexit sha1_base64="ZPZlXaRuPZFtgvGazt2t7yXZF7k="></latexit> n∑

i=1

1

n
R(x(i)) log pω(x

(i))
<latexit sha1_base64="WB76QHwCxgr8OeTZt7BK//siQJ4="></latexit>

x(1), ..., x(n) → pω(x)

Training Inference

Each training step, the algorithm needs to run inference again

Is this efficient?



REINFORCE / Policy Gradient for 
Language Models
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Objective = 

<latexit sha1_base64="OM32sSZLmNswdt1rIR43WUP98Y8="></latexit>

n∑

i=1

1

n
R({x(i)

1 , x(i)
2 , x(i)

t }
t∑

j=1

log pω(x
(i)
j |x(i)

<j)



Training a Reward Model in RLHF
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Reward Model in RLHF: Pairwise 
Human Annotation
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Explain the theory of 
relativity in simple terms

Prompt Responses

Relativity means that time and space are 
connected, and they change depending on 

how fast you move.

Einstein’s theory shows that space and time 
are not fixed but bend and stretch based on 

gravity and motion.



Training a Reward Model
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Objective = 

Suppose we have K responses and have them ranked by humans, then for 
all possible pairs of responses,  is the preferred one,  is the less 
preferred one, the objective of reward model  is: 

yw yl
rθ(x, y)

In practice, we can just sample a subset of pairs, rather than 
enumerating all pairs



RLHF
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RLHF
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After we have the reward model, we fix it and do RL, for example, with 
REINFORCE

Objective = 

<latexit sha1_base64="ZPZlXaRuPZFtgvGazt2t7yXZF7k="></latexit> n∑

i=1

1

n
R(x(i)) log pω(x

(i))
<latexit sha1_base64="WB76QHwCxgr8OeTZt7BK//siQJ4="></latexit>

x(1), ..., x(n) → pω(x)

Ouyang et al. Training language models to follow instructions with human feedback. 2022

Schulman et al. Proximal Policy Optimization Algorithms. 2017

But in fact, the original RLHF uses a more complex objective called Proximal Policy 
Optimization (PPO): (no need to know the exact details in this course)

RLHF is one method for “preference learning”



Why is RLHF so Important?
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If we build products for humans, then optimizing for human feedback is the most 
important



Human Feedback outperforms SFT 
in Human Evaluation
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Unsurprising, because SFT does not directly optimize for human preference
RLHF directly aligns with evaluation, but SFT has a gap



Reinforcement Learning from 
Human Feedback Data
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Basic Setup

Easier than annotating 
the responses directly



Reinforcement Learning Relaxes 
Human Annotations 
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1. SFT data can be expensive	
2. There may be tasks that are much easier for humans to verify than 

solve, particularly when AI today is outperforming humans



RLHF
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Different from SFT, RLHF can be used to optimize certain human preferences.



Collecting high-quality Human 
Feedbacks matters a lot, but not easy
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Human Feedback is Precious
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Many products already track our 
feedback to help improve the models



RLHF: Human Annotation Matters 
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How you annotate the reward 
model training data will 
subsequently decide the model 
behaviors



Crowdsourcing is difficult
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Nowadays, many annotators just use LLMs to annotate to make money…



Crowdsourcing Ethics
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Crowdsource Biases

28



RLAIF — When the Feedback is from AI

29



RLAIF — Constitutional AI
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Anthropic. Constitutional AI: Harmlessness from AI Feedback. 2022



Challenges of RL(HF)

31

Objective = 

<latexit sha1_base64="ZPZlXaRuPZFtgvGazt2t7yXZF7k="></latexit> n∑

i=1

1

n
R(x(i)) log pω(x

(i))
<latexit sha1_base64="WB76QHwCxgr8OeTZt7BK//siQJ4="></latexit>

x(1), ..., x(n) → pω(x)

Training Inference

Each training step, the algorithm needs to run inference again
Inefficient

The original RL is called “on-policy” because the training data is from the dynamic 
policy itself. SFT is like “off-policy” where the training data is from a fixed distribution



Challenges of RL(HF)
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Objective = 

<latexit sha1_base64="ZPZlXaRuPZFtgvGazt2t7yXZF7k="></latexit> n∑

i=1

1

n
R(x(i)) log pω(x

(i))
<latexit sha1_base64="WB76QHwCxgr8OeTZt7BK//siQJ4="></latexit>

x(1), ..., x(n) → pω(x)

Training Inference

Each training step, the algorithm needs to run inference again
Inefficient

Off-policy algorithms will typically be easier to apply, more efficient and stable, with 
performance compromise, which we will talk a bit later



Thank You!
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