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What is the goal of RL?

▪ Find a policy that maximizes expected utility (discounted 
cumulative rewards)
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The Policy Gradient (REINFORCE)

▪ We can now perform gradient ascent to improve our policy!
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Many forms of policy gradients

Advantage Function



Generalized Advantage Estimation (GAE)
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Motivation

▪ Can we construct all possible n-step returns and average them?



Tangent: Bias and Variance

▪ Bias: 

▪ On average, how far is your estimate from the truth?

▪ Variance

▪ How much do your estimates fluctuate around their average?



Motivation

▪ Can we construct all possible n-step returns and average them?

Smaller n results in lower variance (smaller number of 

things we sum), but higher bias (more bootstrapping)!



Motivation

▪ Can we construct all possible n-step returns and average them?

where 𝜆 ∈ [0,1]

Smaller n results in lower variance, but higher bias 

Just a 1-step TD error

In practice 𝜆 ≈ 0.95



GAE Pseudo Code
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#predict values based on sequence of states in a trajectory

vals = predict_values(states)

# the next two lines implement GAE-Lambda advantage calculation

deltas = rews[:-1] + gamma * vals[1:] - vals[:-1]

gae = discount_cumsum(deltas, gamma * lam)

        



Proximal Policy Optimization (PPO)
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Proximal Policy Optimization (PPO)

▪ One of the most popular deep RL algorithms 

▪ Used to train ChatGPT and other LLMs

Motivation:

▪ Many Policy Gradient algorithms have stability problems. 

▪ This can be avoided if we avoid making too big of a policy 
update.

https://huggingface.co/blog/deep-rl-ppo



https://huggingface.co/blog/deep-rl-ppo



We want to take multiple gradient steps

▪ What is the problem?
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Tangent: Importance Sampling

▪ Problem:

▪ We want to compute 

▪ Without samples from p(x)

▪ All we have are samples from q(x)

▪ Trick

▪ Multiply and divide by q(x)

23

Importance weight



Tangent: Importance Sampling

▪ Problem:

▪ We want to compute 

▪ Without samples from 𝜋𝜃

▪ All we have are samples from 𝜋𝑜𝑙𝑑

▪ This works, but has super high variance! Why?

24



Proximal Policy Iteration (PPO)

▪ Measure how much we are changing policy compared with 
previous policy using a ratio:

▪ Clip policy gradient update based on this ratio:

𝑟𝑎𝑡𝑖𝑜𝑡 𝜃 =
𝜋𝜃(𝑎𝑡|𝑠𝑡)

𝜋𝜃𝑘
(𝑎𝑡|𝑠𝑡)



Proximal Policy Iteration (PPO)

▪ “Simpler” way to write clip objective:

where

https://spinningup.openai.com/en/latest/algorithms/ppo.html



Proximal Policy Iteration (PPO)

▪ Simpler way to write clip objective:

where

https://spinningup.openai.com/en/latest/algorithms/ppo.html

What if the advantage is positive?

We want to increase 𝜋𝜃 𝑎 𝑠 , but not too much!

Once 𝜋𝜃 𝑎 𝑠 > 1 + 𝜖 𝜋𝜃𝑘
(𝑎|𝑠) the min kicks in 

and limits our policy update.



Proximal Policy Iteration (PPO)

▪ Simpler way to write clip objective:

where

https://spinningup.openai.com/en/latest/algorithms/ppo.html

What if the advantage is negative?

We want to decrease 𝜋𝜃 𝑎 𝑠 , but not too much!

Once 𝜋𝜃 𝑎 𝑠 < 1 − 𝜖 𝜋𝜃𝑘
(𝑎|𝑠) the max kicks in 

and limits our policy update.





Lots of other tricks used

▪ Additional advantage normalization

▪ Early stopping with KL-divergence

▪ Etc.
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The 37 Implementation Details of Proximal 
Policy Optimization: https://iclr-blog-

track.github.io/2022/03/25/ppo-implementation-

details/ 

https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details/
https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details/
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Group Relative Policy Optimization (GRPO)



DeepSeekR1-Zero

▪ Directly applies RL to the base model without SFT
▪ Allows the model to explore chain-of-thought (CoT) for solving 

complex problems
▪ Demonstrates capabilities such as self-verification, reflection, 

and generating long CoTs
▪ First open research to validate that reasoning capabilities of 

LLMs can be incentivized purely through RL, without the need 
for SFT. 



DeepSeek

▪ Uses rule-based reward based on correct answers.

▪ Works well for math, code, and STEM questions with 
deterministic answers.

▪ Also uses heuristic reward to require the following format in 
answers:



Group Relative Policy Optimization (GRPO)

No critic model -> massive memory and compute savings



Just using RL leads to “learning how to think”



Aha moments





Full DeepSeek model

 Adds back SFT
 Adds a learned reward from preferences and combines that 

with the rule-based reward
 Uses other tricks to train using smaller GPUs and less memory
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