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Part 1:
Reward learning & inverse RL



Why should we worry about learning rewards?

The reinforcement learning perspective

what is the reward?



Learning the optimality variable

reward parameters



The IRL partition function



Estimating the gradient



More efficient sample-based updates



Importance sampling



It looks a bit like a game…

policy π



Generative Adversarial Networks

Goodfellow et al. ‘14

Isola et al. ‘17Arjovsky et al. ‘17Zhu et al. ‘17



Can we just use a regular discriminator?

Ho & Ermon. Generative adversarial imitation learning.

Pros & cons:

+ often simpler to set up optimization, fewer moving parts

- discriminator knows nothing at convergence

- generally cannot reoptimize the “reward”



IRL as adversarial optimization

robot attempt

classifier

Hausman, Chebotar, Schaal, Sukhatme, Lim

Peng, Kanazawa, Toyer, Abbeel, Levine

robot attempt

reward function

actually the 
same thing!



Part 2:
RL and LLMs: the basics



Language models

masked self-attention

position-wise encoder

position-wise nonlinear 
network
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position-wise softmax

I like POMDP solvers

<eos>like POMDP solvers

let’s 
simplify

transformer

I like POMDP solvers

<eos>like POMDP solvers

➢ Language models are often 
trained with supervised learning

➢ But we can also train them with 
RL if what we want is to 
maximize some reward 
function, rather than just 
represent the data distribution
▪ Why?

➢ Some questions:
▪ What is the (PO)MDP?
▪ What is the reward?
▪ What algorithm to use?

We have a few choices to make!



The anatomy of LLM training
pre-training post-training

scrape large 
amounts of 
diverse data

pre-train with 
next token 
prediction

high-quality 
SFT datasets

RL 
finetuning 

(e.g., RLHF)



LLM post-training
pre-trained LLMs are not agents, assistants, or anything of the sort

they are “text completion” engines

…but completing any text requires significant “world knowledge”

Andreas et al., 2022

pre-training is what gives 
the LLM knowledge

post-training is what tells 
the LLM how to use this 

knowledge

sometimes even fine-tuning LLMs on incorrect 
(e.g., flipped) answers actually gets them to 
answer questions correctly (but in the format 
shown in fine-tuning)

Unforgettable Generalization in Language Models.
Eric Zhang, Leshem Chosen, Jacob Andreas



LLM post-training
Basic post-training: instruction tuning

Chung et al. Scaling Instruction-Finetuned Language Models. 2022

typically very 
labor-intensive

especially for 
skilled tasks

(e.g., coding)

what else could 
go wrong?



Post-training with RL from preferences

OpenAI



Post-training with RL from verifiers

Figure from Marjanović et al. ‘25

use rewards indicative of answer correctness

train model to generate “thoughts” that lead 
to more correct answers



A basic formulation

transformer

what is capital of France? Paris

is capital of France? Paris <eos>

context/prompt/prefix

completion

prompt prompt

Basic one step RL problem



An equivalent formulation

transformer

what is capital of France? Paris

is capital of France? Paris <eos>

context/prompt/prefix

completion

prompt prompt

this perspective makes more sense when we use 
intermediate rewards and value function baselines



Language models and policy gradients

REINFORCE-style
estimator

importance-weighted
estimator (e.g., PPO)

Why might we prefer this?



Language models and policy gradients

repeat K times

importance-weighted
estimator (e.g., PPO)

what is this?



Intermission



Part 3:
Algorithms for RL with LLMs



Language models and policy gradients

repeat K times

smartly choose a baseline
and a regularizer

(1)

(2)

smartly set or learn the reward (3)



Value function baselines & GAE

transformer

what is capital of France? Paris

either add a new head or make a 
copy of the entire network

don’t train the value function on the 
prompt, only the suffix



Baselining without value functions

this is called GRPO



Reference model regularization

avoid producing “nonsense text” 
(must be valid English)

avoids “exploiting” imperfect
reward models



Putting it all together

transformer

what is capital of France? Paris



Part 4:
Preferences and verifiers



What if we don’t know the reward?

Optometrist algorithm (Bradley-Terry):



Bradley-Terry model

“better trajectories are exponentially more 
likely to be chosen based on their reward”

sigmoid function

the same method as Elo scores in chess



Full RL from human feedback algorithm

RL from human feedback:

this looks a lot like logistic regression

this can be incomplete 
optimization

Often used for post-training with LLMs

Typically use only 1 or a few iterations

Why?



Language models and policy gradients

repeat K times

smartly choose a baseline
and a regularizer

(1)

(2)

smartly set or learn the reward (3)



Rewards from human preferences

RL from human feedback:



RLHF for LLMs

RL from human feedback:

transformer

what is capital of France? Paris

Collect preferences over 
multiple on policy responses 

for the same prompt

Reward is assigned only at the 
last step of the generation



Summary of all the models

transformer

what is capital of France? Paris

transformer

what is capital of France? Paris

Image source: https://comfyai.app/article/llm-posttraining/reinforcement-learning-from-human-feedback 



Other reward sources

Verifier reward: model evaluates the 
answer and indicates if it is correct or not

Process reward: model evaluates each step 
of chain-of-thought generation, indicating if 

it is correct or not



Part 5 (bonus):
RL with partial observability



Beyond MDPs

doesn’t obey the 
Markov property

not known

most real-world problems are like this!



Partially observed MDPs can be weird

Example 1: information-gathering actions

Example 2: stochastic optimal policies

0.5 0.5

A B C



Which methods handle partial observability?

??

??

??

Trick question:
what does “handle” mean?

0.5 0.5

A B C

handle = find best policy in policy class
more on this later!



Which methods handle partial observability?

??

this is OK (no Markov property!)

this takes some care

every time we see this state, 
we expect to get this value, 
regardless of past states

past observations do 
matter for this value



Which methods handle partial observability?

??

this is OK (no Markov property!)

this takes some care

Pop quiz:



Which methods handle partial observability?

??

every time we see this state, 
we expect to get this value, 
regardless of past states

past observations do 
matter for this value

Remember:
Value-based methods do not work 
without the Markov property

0.5 0.5

A B C



Which methods handle partial observability?

??

Example showing why this is such a bad idea:



State space models

Can we learn a Markovian state space?

learned

This can work quite well!

Why might this not be enough?

Prediction can be hard

Maybe we don’t need good 
prediction to get high rewards

We’ll discuss these 
types of methods 
more in the model-
based RL section



History states

sequence model

state is inferred 
from a history

state is a function 
of history

can we just give 
the history to our 
value function?

Does that work?

Does that obey the Markov property?



Model architectures

how to represent this?

fixed (short) 
history

Is that bad?

Sometimes…

sequence model
RNN
LSTM
Transformer



Recap & overview
0.5 0.5

A B C

➢ POMDPs are weird

➢ Some methods “just do it”
▪ But most efficient ones don’t, because they 

require value functions
▪ Even those that do only get the best memoryless 

policy

➢ We could learn a Markovian state space with models

➢ We could also just use history states, which just 
means using a sequence model to read in 
observation histories

sequence model
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