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Bonus: 
Reinforcement Learning and LLMs



Teacher forcing

• Simple supervised learning 

• Input = Prompt + Target[0:-1] 

• Loss(output, Target[1:])
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Outcome supervision

• What if we only supervise the final 
result? 

• Generation 

• Loss(Generation) 

• Teacher-forcing not possible 

• No supervised loss 

• Solution: RL
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Reinforcement Learning

Outcome supervision

• LLM      
 

 

• Sampling / Generation 
 

 

• MDP 

pθ(xt+1 |c, x1…xt)

pθ(x |c) =
N

∏
t=1

pθ(xt+1 |c, x1…xt)

xt+1 ∼ pθ( ⋅ |c, x1…xt)

Ex∼pθ(⋅|c)[
N

∑
t=1

r(xt |c, x1…xt−1)

R(c,x)

]

LLM

Input

Output

Prompt c Generation x

Supervision



REINFORCE

 

• Using gradient ascent
 

• With a Monte-Carlo estimate 

 

for  

• REINFORCE K=1 works!!!

maximize Ex∼pθ(⋅|c) [R(c, x)]

∇θEx∼pθ(⋅|c) [R(c, x)] = Ex∼pθ(⋅|c) [R(c, x)∇θlog pθ(x |c)]

∇θEx∼pθ(⋅|c) [R(c, x)] ≈
1
K

K

∑
k=1

R(c, xk)∇θlog pθ(xk |c)

xk ∼ pθ( ⋅ |c)

Initialize  
for ever: 
    Sample (or iterate over)  
     

    

θ

c
x ∼ pθ( ⋅ |c)
θ ← θ + ϵR(c, x)∇log pθ(x |c)



Policy Gradient

 

• Even better 

Ex∼pθ(⋅|c) [A(c, x)∇θlog pθ(x |c)]

Ex∼pθ(⋅|c) [
T

∑
t=1

A(c, x1…xt)∇θlog pθ(xt |c, x1…xt−1)]

Credit: OpenAI



PPO

Proximal Policy Optimization

• Policy gradient 

• Reuse rollouts (go slightly off-policy) 

• Basic Option: Importance weighting 

 

• Better Option: PPO-Clipping 

maximize Ex∼pψ(⋅|c) [ pθ(x |c)
pψ(x |c)

A(c, x)]

maximize Ex∼pψ(⋅|c) [ 1
T

T

∑
t=1

CLIP ( pθ(xt |c, x1…xt−1)
pψ(xt |c, x1…xt−1)

, A(c, x))]
Credit: OpenAI



REINFORCE vs PPO

Initialize  
for ever: 
    Sample (or iterate over)  
     

    

θ

c
x ∼ pθ( ⋅ |c)
θ ← θ + ϵR(c, x)∇log pθ(x |c)



Back to Basics: Revisiting REINFORCE Style Optimization for Learning from Human Feedback in LLMs, Ahmadian etal 2024



Reinforcement Learning

Outcome supervision

• LLM      
 

 

• Sampling / Generation 
 

 

• MDP 

pθ(xt+1 |c, x1…xt)

pθ(x |c) =
N

∏
t=1

pθ(xt+1 |c, x1…xt)

xt+1 ∼ pθ( ⋅ |c, x1…xt)

Ex∼pθ(⋅|c) [
N

∑
t=1

r(xt |c, x1…xt−1)]
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Reinforcement Learning

Outcome supervision

• LLM    

• Sampling / Generation 
 

 

• Contextual bandit 

pθ(x |c)

x ∼ pθ( ⋅ |c)

Ex∼pθ(⋅|c) [R(c, x)]
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REINFORCE Leave One Out

•  

for  

•

∇θEx∼pθ(⋅|c) [R(c, x)] ≈
1
K

K

∑
k=1

(R(c, xk) − b(c))∇θlog pθ(xk |c)

xk ∼ pθ( ⋅ |c)

b(c) =
1
K

K

∑
k=1

R(c, xk)

Buy 4 REINFORCE Samples, Get a Baseline for Free!, Kool etal 2019

Initialize  
for ever: 
    Sample (or iterate over)  
      for k=1…K 

     

    

θ

c
xk ∼ pθ( ⋅ |c)

b(c) =
1
K

K

∑
k=1

R(c, xk)

θ ← θ + ϵ
1
K

K

∑
k=1

(R(c, xk) − b(x))∇log pθ(xk |c)



RLOO in LLMs

Back to Basics: Revisiting REINFORCE Style Optimization for Learning from Human Feedback in LLMs, Ahmadian etal 2024



DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



GRPO

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning, Deepseek team 2025



Step 1: Create a dataset of math puzzles and alike

• Interesting prompts 

• Easily verifiable answers 

• Math, Reasoning, Multiple-choice, … 

• No details given in paper

Question: If , then the sum of the real 

solutions of  is equal to

a > 1
a − a + x = x

−1 ± 1 + 4a
2

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning, Deepseek team 2025



Step 2: Run GRPO

• No teacher forcing 

• Supervise just easily verifiable answers 

• Learns reasoning 

• R1-Zero 

• From just pre-trained model, no 
instruction tuning 

• It works
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Step 3: Bootstrap Instruction 
tuned model

• Use instruction tuning data and R1-Zero 
data 

• Train a chat-bot that can “reason”



DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024

GRPO = RLOO with advantage normalization



RLOO vs GRPO

Initialize  
for ever: 
    Sample (or iterate over)  
      for k=1…K 

     

    

θ

c
xk ∼ pθ( ⋅ |c)

b(c) =
1
K

K

∑
k=1

R(c, xk)

θ ← θ + ϵ
1
K

K

∑
k=1

(R(c, xk) − b(x))∇log pθ(xk |c)

Initialize  
for ever: 
    Sample (or iterate over)  
      for k=1…K 

     

    

θ

c
xk ∼ pθ( ⋅ |c)

b(c) =
1
K

K

∑
k=1

R(c, xk)

θ ← θ + ϵ
1
K

K

∑
k=1

R(c, xk) − b(x)
std(x)

∇log pθ(xk |c)

RLOO GRPO (in practice)



Interactive Digital Agents

• Train LLMs that interact with API’s on 
the users behalf

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen … Krähenbühl 2025



LOOP

Interactive Digital Agents

• Use simulator for API interactions 

• AppWorld 

• Training data = 24 scenarios (simple 
request, initial simulator state, test 
cases) 

• Trained using simple combination of 
Leave-One-Out estimator and PPO

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen … Krähenbühl 2025



Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen … Krähenbühl 2025



RL vs SFT

• Generations from LLM are very diverse 
even after RL training

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen … Krähenbühl 2025



RL vs SFT

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen … Krähenbühl 2025



RL vs SFT

• Generations from LLM are very diverse 
even after RL training 

• 98 / 100 solutions are correct 

• Only 3 repeat overall structure of 
commands (no exact repetition) 

• Early in training: Awesome exploration 

• Late in training: No collapse / overfitting

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen … Krähenbühl 2025



Reinforcement Learning and LLMs

• Easy to implement 

• RLOO, LOOP are just generation + reward 
computation + mean subtraction + training 

• Great open-source tools exist for all of this 

• Much more flexible 

• Less data-hungry 

• It is here to stay

Initialize  
for ever: 
    Sample (or iterate over)  
      for k=1…K 

     

    

θ

c
xk ∼ pθ( ⋅ |c)

b(c) =
1
K

K

∑
k=1

R(c, xk)

θ ← θ + ϵ
1
K

K

∑
k=1

(R(c, xk) − b(x))∇log pθ(xk |c)
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