Reinforcement Learning

Study Notes: From the basics to PPO and GRPO

e What is the reinforcement learning?
* What are PPO and GRPO?
e How is RL utilized in LLMs?

Xin Zhang
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What is Reinforcement Learning
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Supervised Learning Reinforce Learning
labeled data Interaction
Find a model to fit the mapping. Find a policy to maximize the reward.
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Markov Decision Process
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Randomness and Expectation
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state value Bellman Equation
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The Top-Down Framework
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Temporal Difference

How to estimate @, (s,a)
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SARSA and Q-learning
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SARSA A policy r obtain
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Policy Gradient
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Differentiate a composite function

Vinf(z) = Vfég)

VoV, (s) =V Y 7 (als;0) - Q. (s,a)

ac A

~ Z (Veﬂ'(a,|3; 0) . er (S, a,)) Ignore one item

ac A

— Z(w(a|s;9) - Volnm(als;0) - Q. (s,a))

ac A

— ]EA~7r(~|s;0) [vean(Al‘S) 0) ) Qﬂ' (87A)]

random gradient

Xin Zhang 9



REINFORCE and Actor-Critic

Optimization
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REINFORCE
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The Problem of Policy Gradient

Difficulty in setting the step size for updates.
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Trust Region Policy Optimization
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Proximal Policy Optimization
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Generalized Advantage Estimation
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Training Process of PPO
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Large Language Model
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logits [1, vocab size]

output [1,d] D D

Causal Language Model

embedding [1,d] D D

word love

Reinforcement Learning

logits [1,vocab size]

output [1,d]

embedding [1,d]

word

Xin Zhang

O O

cat

0

)

Linear [d,1]

Causal Language Model

o 0O O

love

my

16



How To Train A Reward Model

© Collect human feedback

A Reddit post is
sampled from
the Reddit
TL:DR dataset.

Various policies
are used to
sample a set of
summaries.

Two summaries
are selected for
evaluation.

A human judges
which is a better
summary of the
post.

v/

s

“ is better than k™

© Train reward model

One post with
two summaries
judged by a
human are fed
to the reward
model.

The reward
model
calculates a
reward r for
each summary.

The loss is
calculated based
on the rewards

and human label,

and is used to
update the
reward model.

r(s,a)

—_—
LM—>
—_—

reward model
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© Train policy with PPO

A new post is
sampled from the
dataset.

The policy
generates a
summary for the
post.

The reward
model calculates
a reward for the
summary.

Bradley-Terry
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Training Process of PPO in LLM
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Group Relative Policy Optimization
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Review the PPO and GRPO
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Reference
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