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Logistics

● Homework assignments
○ Homework 1, due 3/10 

■ 5% extra credits each



Policy Gradient review

Each sampled action 
contributes a gradient, 
scaled by how good the 
outcome was



Advantage form (most important)

Policy gradient updates the 
model by increasing the 
log-probability of actions that
produced better-than-expected 
outcomes and decreasing those 
that produced
worse outcomes.



KL penalty per token (reward shaping)



Policy Gradient Algorithms (cont’d)

● REINFORCE
● RLOO (REINFORCE Leave One Out)
● PPO (Proximal Policy Optimization)
● GRPO (Group Relative Policy Optimization) 🆕 



PPO

advantage

Think of the reward model as a teacher who 
grades each essay you write

The critic is like your own internal expectation 
(“I usually get an 80 on essays like this”)



Monte Carlo advantage

















Reward model vs. Value model



Reward model vs. Value model (cont’d)



Reward model vs. Value model (cont’d)







PPO (stable updates + token-level credit)





PPO with Temporal-Difference (TD) error



PPO with Generalized Advantage Estimation (GAE)



Core PPO policy objective (clipped)



GRPO (Group Relative Policy Optimization)



GRPO (cont’d)



GRPO (cont’d)



GRPO (cont’d)







GRPO (cont’d)



Group Relative Policy Optimization (GRPO) (cont’d)





Large reasoning models (LRMs) / Thinking models





System 1 & System 2

ChatGPT 
image

Which is better?



OpenAI’s o1



Can we infer its structure and what kinds of behaviors 
it rewards?
● The reward model likely provides scalar feedback that 

evaluates both final answer (correctness, usefulness, 
safety, clarity) and reasoning process (depth, coherence, 
reliability, safety awareness)

● Human annotators or automated evaluators review model 
outputs on reasoning tasks



What the reward model likely gives high scores for



What the reward model likely gives high scores for 
(cont’d)



OpenAI’s o1(cont’d)



o1 performance smoothly improves with both 
train-time and test-time compute

https://openai.com/index/learning-to-reason-with-llms/

https://openai.com/index/learning-to-reason-with-llms/


From System 1 to System 2

System 1

instruction 
following

creativity

factuality safety

code math

…

one or more 
stages

System 2Supervised Fine-tuning and/or 
Reinforcement Learning on long 

Chain-of-Thought data





DeepSeek-R1’s motivation

● develop reasoning capabilities without any supervised data 
(labeled input-output pairs)

● focus on their self-evolution through a pure reinforcement 
learning process



Reinforcement Learning Algorithm

● Group Relative Policy Optimization (GRPO)
○ Sample outputs from the current (old) policy and then 

optimize the policy model by maximizing the scalar 
reward given by a reward model



Reinforcement Learning from Verifiable Rewards 
(RLVR) 



Guided Chain-of-Thought (CoT) template



Group Relative Policy Optimization (GRPO)



PPO

advantage

Think of the reward model as a teacher who 
grades each essay you write

The critic is like your own internal expectation 
(“I usually get an 80 on essays like this”)



Group Relative Policy Optimization (GRPO) (cont’d)



Group advantage estimation



Maximizing expected reward



Maintaining policy stability



Controlling divergence from the reference model



Accuracy of DeepSeek-R1-Zero during training



DeepSeek-R1-Zero naturally learns to solve 
reasoning tasks with more thinking time



An interesting “aha moment” of DeepSeek-R1-Zero



Problems with DeepSeek-R1-Zero

● It encounters challenges such as poor readability, and 
language mixing



Problems with DeepSeek-R1-Zero

● It encounters challenges such as poor readability, and 
language mixing



DeepSeek-R1

● Includes a small amount of cold-start data (thousands of 
long Chain-of-Thought (CoT) examples)





Using reasoning models

For GPT-oss: the 
reasoning level can be set 

in the system prompts, 
e.g., “Reasoning: high”. 



Code



Test-time scaling

● Uses extra test-time compute to improve performance



Discussion: pros and cons of test-time scaling

●



Test-time scaling methods

● Parallel (repeated sampling)
○ multiple solution attempts (run independently)
○ chooses the most frequent or the best response
○ Brown et al. (2024); Irvine et al. (2023); Levi (2024)

● Sequential
○ later computations depend on earlier ones (e.g., a long 

reasoning trace)
○ allows it to refine each attempt based on previous outcomes
○ Muennighoff et al.(2025); Snell et al. (2024); Hou et al. 

(2025); Lee et al. (2025)

https://arxiv.org/abs/2407.21787
https://arxiv.org/abs/2303.06135
https://arxiv.org/abs/2410.16377
https://arxiv.org/abs/2501.19393
https://arxiv.org/abs/2408.03314
https://arxiv.org/abs/2501.11651
https://arxiv.org/abs/2501.11651
https://arxiv.org/abs/2501.09891






Measuring coverage





Coverage increases as we scale the number of samples 



Scaling inference time compute via repeated 
sampling leads to consistent coverage gains



Inference FLOPs



Ideal model size depends on the task, compute 
budget, and coverage requirements



API cost







The relationship between coverage and the number of 
samples modelled with an exponentiated power law











Test-time scaling with s1-32B



s1K is a dataset of 1,000 high-quality, diverse, and 
difficult questions with reasoning traces.



s1-32B is on the sample-efficiency frontier



Budget 
forcing









Budget forcing shows clear scaling trends and 
extrapolates to some extent



Parallel scaling via majority voting



s1-32B is a strong 
open reasoning model



s1K data ablations



Ablations on methods to scale test-time compute



Budget forcing extrapolation ablations



Rejection sampling



Augmenting s1 with REBASE (process reward model)



Why does supervised fine-tuning on just 1,000 
samples lead to such performance gains?

● We hypothesize that the model is already exposed to large 
amounts of reasoning data during pretraining which spans 
trillions of tokens. 

● Thus, the ability to perform reasoning is already present in 
our model. 

● Our sample-efficient fine-tuning stage just activates it and 
we scale it further at test time with budget forcing.



Superficial Alignment Hypothesis

● LIMA: Less is more for alignment (Zhou et al., 2023)
○ 1,000 examples can be sufficient to align a model to 

adhere to user preferences

https://arxiv.org/abs/2305.11206


Thank you!


