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Announcements

• Work on final projects.


• Read “Empirical Design in Reinforcement Learning”
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Learning Outcomes

After today, you will be able to:


1. Formalize fine-tuning of LLMs as an RL problem.


2. Identify key features of RL algorithms for LLMs.
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Motivation

• LLMs are trained with self-supervised pre-training.


• Models distribution of text but not sufficient for building agents.


• Supervised fine-tuning?


• Often helpful but requires demonstration data, ratings, or rankings.
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Motivation

Welcome to the Era of Experience. Silver and Sutton (2025)
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RL for LLMs

• LLMs are autoregressive models of language or formally: .


• Can view as policies that map histories of text (i.e., context) to a 
probability distribution over next tokens to output.


• Often we discuss the probability of an entire response:  where  is 
a prompt and  is the full response that consists of a sequence of output 
tokens. 

π : ℋ → 𝒲

pθ(y |x) x
y

pθ(y |x) =
l

∏
t=0

πθ(yt |x, y0:t−1)
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RL for LLMs

• How do we define states?


• How do we define actions?


• What are transitions?


• What are rewards?


• Discount or no?
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RL for LLMs

• Goal: given a reward function, , apply RL to maximize the 
probability of y in response to x.


• Supporting goal: keep  close to the initial model.


• 


•

r(x, y)

pθ(y |x)

J(θ) = 𝔼[r(x, y)]

∇J(θ) = 𝔼[r(x, y)∇log pθ(y |x)]
pθ(y |x) =

l

∏
t=0

πθ(yt |x, y0:t−1)

= 𝔼[r(x, y)
l

∑
t=0

∇log πθ(yt |x, y0:t−1)]
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RL for LLMs

• If  is the current model’s response distribution then we are doing on-
policy policy gradient.


• If  is any other model, we are doing off-policy policy gradient.


• If  is responses generated by a human expert and  then we 
are doing imitation learning (supervised finetuning).

p𝚛𝚎𝚏

p𝚛𝚎𝚏

p𝚛𝚎𝚏 r(x, y) = 1

L(θ) = 𝔼y∼p𝚛𝚎𝚏
[r(x, y)log pθ(y |x)]

∇J(θ) = ∇L(θ)

Policy gradient is the gradient of a surrogate loss function:
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Vanilla Policy Gradient for LLMs

•  estimates the advantage of outputting  
vs sampling the next token from .
At ≈ qπ(ot |q, o<t) − vπ(q, o<t) ot

π

J𝙿𝙿𝙾(θ)(q, o) =
1

|oi | ∑
t=0

J𝚁𝙻(θ) = 𝔼[q ∼ P(Q), o ∼ πθ(o |q))]
1

|o |

|o|

∑
t=0

At log πθ(ot |q, o<t)
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PPO for LLMs

• PPO (typically) improves upon REINFORCE with clipping mechanism.


• Define reward that penalizes deviation from reference model.

J𝙿𝙿𝙾(θ)(q, o) =
1

|oi | ∑
t=0
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PPO for LLMs

J𝙿𝙿𝙾(θ)(q, o) =
1

|oi | ∑
t=0
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DPO for LLMs
• Do we need RL in RLHF?


• This constrained RL problem can be solved analytically. 


• Enables solving for r(x,y) in terms of  and ; plugging into reward 
learning loss function yields:

π𝚛𝚎𝚏 π*

Ex∼D,y∼πθ(y|x)[r(x, y)] − βD𝙺𝙻[πθ( ⋅ |x) | |π𝚛𝚎𝚏( ⋅ |x)]

π*(y |x) =
1

Z(x)
π𝚛𝚎𝚏(y |x)e

1
β r(x,y)
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GRPO for LLMs

• GAE to compute advantage estimate is memory intensive.

• Alternatively, for each prompt, sample G responses and compute 

advantage as a function of these G responses.


• GRPO uses , i.e., group normalized Monte Carlo 

return.

• Similar idea to “vine” sampling method from Schulman et al. (2015).

Ai,t =
ri − 𝚖𝚎𝚊𝚗(r)

𝚜𝚝𝚍(r)

⋯
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GRPO for LLMs
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Learning to “Think”

• Chain of thought (and many variants) show that outputting reasoning like 
logic before an answer can improve final response.


• RL can be used to figure out what intermediate outputs will maximize the 
correctness of the final response.


• “Stop anthropomorphizing intermediate tokens as reasoning/thinking 
Traces!” Kambhampati et al. (2025).



Josiah Hanna, University of Wisconsin — Madison

Brennen’s Presentation

• Slides

https://docs.google.com/presentation/d/1XdD608LPp467OnlEpagYnzHeduR7xmNLmF9XF7trnK0/edit?usp=sharing
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Albert’s Presentation

• Slides

https://docs.google.com/presentation/d/1XdD608LPp467OnlEpagYnzHeduR7xmNLmF9XF7trnK0/edit?usp=sharing
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What is Missing?
• RL for LLMs has mainly focused on basic on-policy policy gradient 

methods and Monte Carlo returns.


• What is missing and what are challenges and opportunities?


• Bootstrapping and temporal-difference.


• Advanced exploration.


• Model learning.


• Hierarchy.

Recommend: Dale Schuurman’s keynote at RLC 2025.
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What can RL Learn?
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Summary

• Several different RL methods available for fine-tuning LLMs.


• Can be used for RLHF or to discover “reasoning” abilities.


• Much of RL has not been explored well for LLMs (publically).


