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Announcements

e 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. ldentity key features of RL algorithms for LLMSs.
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Motivation

LI Ms 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
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RL for LLMs

» LLMs are autoregressive models of language or formally: 7 : Z — W .

 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: py(y | x) where x is

a prompt and y is the full response that consists of a sequence of output
tokens.

[
Po(y | x) = H 7o(Ve | X5 Yo:0-1)
=0
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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, r(x, y), apply RL to maximize the
probability of y in response to x.

» Supporting goal: keep py(y | x) close to the initial model.

» J(0) = Elr(x,y)]
» VJ(0) = Elr(x,y) Vliog py(y | x)]

l
| r(x, y) Z Vlog my(y, | x, Yo.s—1)]
=0

[
poy10) = | [ 01 % y0.1)
=0
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RL for LLMs

Policy gradient is the gradient of a surrogate loss function:
L) =E, , [r(x,y)logpy(y|x)]
VJ(O) = VL(O)

 If p_.¢ Is the current model’s response distribution then we are doing on-
policy policy gradient.

o If p_.¢ Is any other model, we are doing off-policy policy gradient.

o If p..¢ is responses generated by a human expert and r(x, y) = 1 then we
are doing imitation learning (supervised finetuning).
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Vanilla Policy Gradient for LLMs

o]

Jp(0) = Elg ~ P(Q). 0 ~ (0] q))]m ZA log 740,14, 0.,)

- A, ~ q.(0,|q,0_,) —v.(q,0_,) estimates the advantage of outputting o,
vs sampling the next token from 7.
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PPO for LLMs

71’9(0( ‘q/ 0<t)
7[901(1 (Ot lq/ O<t)

F ﬂQ(Ot‘q, O<t)

,1—¢,1+¢| A
”Gold (Ot|Q/ O<t)

o]
1
gﬁPO(G) - ]E[q ~ P(Q)/O ~ T4 (Olq) _I Z At'CIip (
t=1

 PPO (typically) improves upon REINFORCE with clipping mechanism.

* Define reward that penalizes deviation from reference model.

g (Ot ‘q/ O<t)
ﬂ'ref(oth/ 0<t) ’

't = rcp(quSt) —ﬂlOg
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DPO for LLMSs

Do we need RL in RLHF?

EXND,yNEQ(y\x)[r(xa W] = PDyplmy( - | 2) || 7o (- [ X)]

* This constrained RL problem can be solved analytically.

rE(y|x) = ——

Z(x)

1

ref(y ‘ x)eﬁ

r(x,y)

» Enables solving for r(x,y) in terms of .., and 7*; plugging into reward
learning loss function yields:

Lppo(Te; Tref) = —

4J(ZIHyw ryl)ND

log o (ﬁ log

7r9(y'w I :B)
Tref(Yw | T)

5 log

mo(y1 | ) )

Teef(Y1 | )
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GRPO for LLMs

Jerpro(0) = Elg ~ P(Q), {o; ?:1 ~ MO, (Olg)] *

~

1—¢,1+ E) Aj - Dk [7T9||7Tref]}

G 0; -
1 1 m9(0itlq,0i<t) ~ .. [ 7mo(0itlq, 0i <t)
i=1 |Ol| t=1 . 7[901(1 (Olzt |q’ Ol,<t) ”Gold (Ol,t |q/ Of, <t

 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.

r; —mean(r) |
. GRPO uses A;, = ——  , i.e., group normalized Monte Carlo
’ std(r)

return.

e Similar idea to “vine” sampling method from Schulman et al. (2015).
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GRPO for LLMs
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Learning to "I hink™

,'-/Q: A juggler can juggle 16 balls. Half of the balls are golf balls,\\“-.
and half of the golf balls are blue. How many blue golf balls are
there?

A: Let’s think step by step.

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls

"-.\ are blue. That means that there are 4 blue golf balls. v Y,

 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.

e “Stop anthropomorphizing intermediate tokens as reasoning/thinking
Traces!” Kambhampati et al. (2025).
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Brennen’s Presentation

e Slides



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

Albert’'s Presentation

e Slides



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

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

o Several different RL methods available for fine-tuning LLMSs.
 Can be used for RLHF or to discover “reasoning” abillities.

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