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GPT-3

Collect Data
(websites, books, 

forums, etc.)

Tokenize
(word, sentence, 
letter -> number)

Filter tokens
(remove sensitive 

info)

Pre-train to predict 
the next word

Fine-tune for 
specific tasks

500B tokens A transformer
Decoder-only archi.
175 B parameters
2048-long tokens

Translation, 
summarization, Q&A

NeurIPS’20

“these models can also generate outputs 
that are untruthful, toxic, or reflect harmful 
sentiments.” - OpenAI

https://platform.openai.com/tokenizer
https://platform.openai.com/tokenizer
https://platform.openai.com/tokenizer


How to align outputs with human preferences?

NeurIPS’20





NeurIPS’22

InstructGPT



https://openai.com/research/instruction-following

Supervised Fine Tuning (SFT) Reward Modeling (RM) Reinforcement Learning (RL)



Policy Optimization Methods

1. Policy iteration 
• Algorithm: Given a policy, estimate the value function. Then, 

improve the policy. Repeat until convergence. 
• Note: It’s model-based. So, we need to know the model! Not for 

big state-spaces.

2. Gradient-free
• Algorithm: Explore the policy space using BO, CEM, etc. to 

maximize the total reward, considering it’s a black box
• Note: It’s model free. It can sometimes be sample inefficient and 

sensitive to hyperparameters. 
3. Policy gradient 

• Algorithm: Get the gradient of the expected rewards w.r.t. policy 
parameters 

• Note: It’s model free. It can be sample inefficient. Variance of 
the gradient estimations needs to be controlled. 

1. Consider a parameterized distrib 
for θ 

2. Get samples and evaluate the obj
3. Keep the elite samples (large 

obj)
4. Re-estimate the parameters of 

the distrib and repeat

1. Do gradient update ∇ log 𝜋! 𝑎" 𝑠" (𝐴"
2. Repeat

1. Policy evaluation
2. Policy improvement
3. Repeat

https://www.robots.ox.ac.uk/~raunakbh/AA228_HelperNote_CrossEntropyMethod.pdf


Policy Gradient Methods

1. Vanilla Policy Gradient
2. Trust Region Policy Optimization (TRPO)
3. Proximal Policy Optimization (PPO 1)
4. Proximal Policy Optimization-CLIP (PPO 2)



Vanilla Policy Gradient (VPG)

Policy network

Value network/Critic
        (optional)

REINFORCE (Monte Carlo 
Policy Gradient)

High variance in policies

https://spinningup.openai.com/



Derivation

https://spinningup.openai.com/



Trust Region Policy Optimization (TRPO)

max
!

𝔼!!"#
𝜋 𝑎 𝑠
𝜋"#$ 𝑎 𝑠

𝐴!!"#(𝑠, 𝑎)

s.t. 𝔼!!"# 𝐾𝐿[𝜋||𝜋"#$] ≤ 𝜖

Conjugate gradients, need to 
compute the natural 
gradients/Hessians, inefficient

∇!
#$%&'$(ℒ 𝑓 𝜃 = 𝐹)*∇!ℒ 𝑓 𝜃

NeurIPS’11



Recall: Importance sampling

𝔼%~' 𝑓 𝑥 = 6𝑝 𝑥 𝑓(𝑥) 𝑑𝑥

= 6𝑝 𝑥
𝑞(𝑥)
𝑞(𝑥) 𝑓(𝑥) 𝑑𝑥

= 6𝑞 𝑥
𝑝(𝑥)
𝑞(𝑥) 𝑓(𝑥) 𝑑𝑥

= 𝔼%~(
𝑝(𝑥)
𝑞(𝑥) 𝑓(𝑥)

https://github.com/RansML/RAS-Robust-Autonomous-Systems/blob/master/2_importance_sampling.ipynb 

Estimating the expectation by sampling from a different distribution.

https://github.com/RansML/RAS-Robust-Autonomous-Systems/blob/master/2_importance_sampling.ipynb


Recall: Iterative gradient-based optimization 

• Line search methods: Find the direction of 
improvement (steepest descent). Then decide 
the step size along that direction.
• If f has a simple analytical form for the obj, finding 

the best step size in each step is possible 
• Otherwise, decide an appropriate step size

• Trust region methods: Select the trust region 
(i.e., max step size). Then find a point (i.e., 
direction) of improvement. 

Approximate the trust region 
using second order methods

𝜃)*+ ← 𝜃) + 𝛼)∇,𝑓(𝜃))



Proximal Policy Optimization (PPO)

max
!

𝔼!!"#
𝜋 𝑎 𝑠
𝜋"#$ 𝑎 𝑠

𝐴!!"# 𝑠, 𝑎 − 𝛽 𝔼!!"# 𝐾𝐿[𝜋||𝜋"#$] − 𝜖

max
!

𝔼!!"# min
𝜋 𝑎 𝑠
𝜋"#$ 𝑎 𝑠 𝐴!!"# 𝑠, 𝑎 , 𝑐𝑙𝑖𝑝

𝜋 𝑎 𝑠
𝜋"#$ 𝑎 𝑠 , 1 − 𝜖, 1 + 𝜖 𝐴!!"# 𝑠, 𝑎

max
!

𝔼!!"#
𝜋 𝑎 𝑠
𝜋"#$ 𝑎 𝑠 𝐴!!"#(𝑠, 𝑎)

s.t. 𝔼!!"# 𝐾𝐿[𝜋||𝜋"#$] ≤ 𝜖

max
!
	𝜋(𝑎|𝑠)𝐴!!"#(𝑠, 𝑎)VPG

TRPO

PPO 1

PPO 2

Schulman et al. arXiv’17

Schulman et al. ICML’15

Sutton, NeurIPS’99



Proximal Policy Optimization (PPO)

https://spinningup.openai.com/



https://openai.com/research/instruction-following

Supervised Fine Tuning (SFT) Reward Modeling (RM) Reinforcement Learning (RL)


