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Training stages

Pre-training 
LM training on large, large 

amount of data

Instruction-tuning 
Supervised fine-tuning for 

instructions

Preference 
optimization 

Align to human 
preferences

Post-training
Pre-training can be 

broken into stages (mid-
training)

(Can have more iterations)

Self-supervised training

LM objective

Piles of 
unlabeled 

text!

Supervised training

LM objective

Text with 
“instructions” 

and 
“responses”

List three fruit

Apple, orange, 

banana

Reinforcement 
learning

Human 
preference data 
Data about what 

people prefer

p(wt |w<t) p(wt |w<t; prompt)



Training for reasoning



Reasoning models

• Think before responding with the 
answer


• Reasoning problems requires 
decomposing the problem into 
multiple steps (think step-by-step)


• Typically math, coding problems

GSM8K



Reasoning problems

• Problem that requires step-by-step

GSM8K



Reasoning models

• Think through each part of a 
complex problem


• Decompose complex problems 
into smaller, solvable parts


• Critique its own (partial) 
solutions and find errors


• Explore many alternative 
solutions

\
https://cameronrwolfe.substack.com/p/demystifying-reasoning-models

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



Reasoning models

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



Training LLMs to think step-by-step

• Supervised training with reasoning data and reasoning traces


• Reinforcement learning with verifiable rewards (RLVR)

https://cameronrwolfe.substack.com/p/grpo-tricks



Training LLMs to think step-by-step

• Supervised training with reasoning data and reasoning traces


• Reinforcement learning with verifiable rewards (RLVR)


• Alternative to training LLMs for reasoning is to scale up test-time compute


• Reasoning during inference



Olmo training phases
47 days 

5.5T tokens

9.5 + 35 days


512, 1024  GPUs

(2 runs, 1.5 days) 

100B tokens

512 GPUs

(1 run, 1 days) 

1024 GPUs

9 days 

Figure from https://arxiv.org/pdf/2512.13961 [Olmo 3, 2025]

56 days on 1024 
H100 GPU cluster for 

Olmo 3 Think 32B Another 21 days on 224 
GPUs (RL training) to 

Olmo 3.1 Think

5 days
18 hours to 

multiple days

4 parallel runs (over 
learning rates) 


36 hrs, 256 GPUs

https://arxiv.org/pdf/2512.13961


Mid-training
Training on cleaned, specialized data

Figure from https://arxiv.org/pdf/2512.13961 [Olmo 3, 2025]

Integration tests (on 100B tokens) 
to verify whether including the 

dataset will improve performance

Decontamination:

Run detection to try to avoid 

benchmark contamination (i.e. 
training on evaluation data)

Explore different mixes with small 
amounts (5B to 10B tokens) 


of sampled data. 

https://arxiv.org/pdf/2512.13961


Olmo Post-training

Figure from https://arxiv.org/pdf/2512.13961 [Olmo 3, 2025]

https://arxiv.org/pdf/2512.13961


Deepseek R1
Competitive open-source model

DeepSeek-R1 [DeepSeek 2025] - https://arxiv.org/pdf/2501.12948

https://arxiv.org/pdf/2501.12948


Deepseek R1

• DeepSeek-V3 - MoE model trained with multi-token prediction


• DeepSeek-R1-Zero - Use RL to improve base model (DeepSeek-V3) for 
reasoning (e.g. generate “thought” process)


• DeepSeek-R1 - Improved version with cold-start, supervised fine-tuning on 
generated / filtered data.

DeepSeek-R1 [DeepSeek 2025] - https://arxiv.org/pdf/2501.12948

https://arxiv.org/pdf/2501.12948


Deepseek R1

DeepSeek-R1 [DeepSeek 2025] - https://arxiv.org/pdf/2501.12948

https://arxiv.org/pdf/2501.12948


Deepseek R1-Zero
Training recipe

Base LLM

(DeepSeek-V3)

RL

(GRPO)

High quality 
verifiable 

reasoning data

Base Reasoning 
LLM


(DeepSeek-R1-Zero)

DeepSeek-R1 [DeepSeek 2025] - https://arxiv.org/pdf/2501.12948

Mixture of Experts (MoE) model 

with Mulit-Head Latent Attention (MLA)


 and multi-token prediction

https://arxiv.org/pdf/2501.12948


DeepSeek R1-Zero
Training recipe

• Train LLM to explicitly generate reasoning process


• Accuracy reward for whether response is correct and format reward to provide details of 
thinking process


• Additional language consistency reward is added when training DeepSeek-R1

DeepSeek-R1 [DeepSeek 2025] - https://arxiv.org/pdf/2501.12948

https://arxiv.org/pdf/2501.12948


DeepSeek R1
Training recipe

BaseLLM

(DeepSeek-V3)

RL

(GRPO)

Cold start 
reasoning 

data

Final 
Reasoning 

LLM

(DeepSeek-R1)

Base 
Reasoning 


LLM

(DeepSeek-R1-

Zero)

SFT SFT RL

(GRPO)

R1*

Self-
curated 

data (800k)

High quality 
verifiable 

reasoning data

Mix of 
reasoning + 

alignment data

Cold start

DeepSeek-R1 [DeepSeek 2025] - https://arxiv.org/pdf/2501.12948

https://arxiv.org/pdf/2501.12948


Reinforcement Learning Review

Some slides adapted from Graham Neubig and others



What is reinforcement learning?
Learning where we have an


• Environment X


• Ability to make actions A


• Get delayed reward R


For text generation, we use RL when 
there is a sequence-level 
evaluation metric that is difficult to 
optimize without first generating the 
whole sentence. 


Can also be used for longer dialog 
where reward is at the end (e.g. 
customer achieved their goal).



Reinforcement learning
Determine policy to maximize expected accumulated reward.  


Typically modelled as POMDP (sequence of states with partial observations)


• Actions: What token to output?


• Policy: What action(s) to take given sequence of observations and actions?


• Policy models the probability of action given state


• For text generation, what sequence of tokens  to generate given input  
tokens: 


• Reward:  
  RLHF:  Provided by reward model trained on human preference  
  RLVR:  Provided by verifiable reward / answer

y x
π(a, s) = P(y |x)



Reward in RL

• For an action at time step , state  and action , get a reward 


• Goal is to maximize total reward over time 


• But maybe better to get immediate reward rather than wait.  So maximize 

discounted reward 


• Everything is stochastic 


• expected discounted reward for a policy  

t st at rt = R(st, at)
∞

∑
t=0

rt

∞

∑
t=0

γtrt

π
𝔼π [

∞

∑
t

γtrt]



Reward in RL

• For a given trajectory , which is a sequence of states 
and actions in the world, we can have the following rewards.


• Total reward:   


• Discounted reward: 


• Find a policy  to maximize expected discounted reward:   

τ = ((s0, a0), (s1, a1), …)

Rtotal(τ) =
∞

∑
t=0

rt

Rdiscounted(τ) =
∞

∑
t=0

γtrt

π

J(π) = 𝔼τ∼π = ∫τ
P(τ |π)R(τ) = [

∞

∑
t

γtrt]

Also known as return

Algorithms that optimize 
parameters of the policy 
directly are called policy-

based methods



RL for text generation

• State: input text ( ) and text that is generated so far  


• Action: next token to generate 


• Trajectory of actions (generated text):  

• Objective: Maximize


X = x1, x2, … (y1, y2, …, yt−1)

yt

Y = y1,…, yn

• Loss:

How is this related to supervised learning?

<latexit sha1_base64="nnhy/xNrHCqul3c2LAeIfTiXfIk=">AAACC3icbVC7SgNBFJ2NrxhfUUubIUHYNGFXgtoIQRsRixjMi2wIs5NJMmT2wcxdMazpbfwVGwtFbP0BO//GyaPQxAMXDufcy733uKHgCizr20gsLa+sriXXUxubW9s76d29qgoiSVmFBiKQdZcoJrjPKsBBsHooGfFcwWru4GLs1+6YVDzwb2EYspZHej7vckpAS+105qrtALuHuHw9wmY9h89w2WzksCOCHi6ZjYd6rp3OWnlrArxI7BnJohlK7fSX0wlo5DEfqCBKNW0rhFZMJHAq2CjlRIqFhA5IjzU19YnHVCue/DLCh1rp4G4gdfmAJ+rviZh4Sg09V3d6BPpq3huL/3nNCLqnrZj7YQTMp9NF3UhgCPA4GNzhklEQQ00IlVzfimmfSEJBx5fSIdjzLy+S6lHePs4XbgrZ4vksjiQ6QBlkIhudoCK6RCVUQRQ9omf0it6MJ+PFeDc+pq0JYzazj/7A+PwBxhWYVg==</latexit>

JRL(X) = R(Y ) logP (Y |X)

<latexit sha1_base64="1+CprRwMxfQC55xltUg9lWFoh80=">AAACEHicbVA9SwNBEN2L3/ErammzGMSkMNyJqI0g2lhYxGA0IRfC3maSLO59sDsnhjM/wca/YmOhiK2lnf/GzUehiQ8GHu/NMDPPi6TQaNvfVmpqemZ2bn4hvbi0vLKaWVu/1mGsOJR5KENV8ZgGKQIoo0AJlUgB8z0JN97tWd+/uQOlRRhcYTeCus/agWgJztBIjcyOC1I2XIR7TEoXPZqr5Okx3aWlXDVPXRm2aTFXfajkG5msXbAHoJPEGZEsGaHYyHy5zZDHPgTIJdO65tgR1hOmUHAJvbQba4gYv2VtqBkaMB90PRk81KPbRmnSVqhMBUgH6u+JhPlad33PdPoMO3rc64v/ebUYW0f1RARRjBDw4aJWLCmGtJ8ObQoFHGXXEMaVMLdS3mGKcTQZpk0IzvjLk+R6r+AcFPYv97Mnp6M45skm2SI54pBDckLOSZGUCSeP5Jm8kjfryXqx3q2PYWvKGs1skD+wPn8AMY6aJA==</latexit>

ωRL(X) = →R(Y ) logP (Y |X)



Supervised learning
In normal supervised learning, we do maximum likelihood estimation (MLE)


In the RL literature, this is also known as imitation learning where there is an 
“expert” demonstrating what actions to take at each time step

<latexit sha1_base64="g7Rg37N0BmbJNfMHdEgTwuhEDqg=">AAACDXicbVDLSgNBEJyNrxhfUY9eBqMQD4ZdCepFCIrgQSGCiZFsCLOTThycfTDTK4Y1P+DFX/HiQRGv3r35N04eBzUWNNRUdTPd5UVSaLTtLys1MTk1PZOezczNLywuZZdXqjqMFYcKD2Woah7TIEUAFRQooRYpYL4n4dK7Oer7l7egtAiDC+xG0PBZJxBtwRkaqZndcEHKpotwh8nZ6XGP5q/ua1v0gG67MuzQ8uDZzObsgj0AHSfOiOTICOVm9tNthTz2IUAumdZ1x46wkTCFgkvoZdxYQ8T4DetA3dCA+aAbyeCaHt00Sou2Q2UqQDpQf04kzNe663um02d4rf96ffE/rx5je7+RiCCKEQI+/KgdS4oh7UdDW0IBR9k1hHElzK6UXzPFOJoAMyYE5+/J46S6U3B2C8XzYq50OIojTdbIOskTh+yREjkhZVIhnDyQJ/JCXq1H69l6s96HrSlrNLNKfsH6+AZv+5nf</latexit>

ωMLE(Y |X) = → logP (Y |X)

Training set with

Input text X and output text Y

Examples of imitation learning algorithms:

- Behavior cloning - collect data (expert demonstrations once) and then train

- DAgger - iteratively collect data (as it encounters new states) 



Self-training
• Self-training: If we start with a trained model, we can sample (or take 

argmax) to get data points (e.g. “demonstrations”) for training.


<latexit sha1_base64="1glL2b9BZqp0xpCQ/AfpXd0WFAg=">AAACEnicbVC7SgNBFJ31bXytWtoMBiEpDLsS1EYQbSwjmBjJhjA7uZsMmX0wc1cMa77Bxl+xsVDE1srOv3HyKDR64MLhnHtn7j1+IoVGx/myZmbn5hcWl5ZzK6tr6xv25lZNx6niUOWxjFXdZxqkiKCKAiXUEwUs9CVc+73zoX99C0qLOLrCfgLNkHUiEQjO0Egtu+iBlC0P4Q4z80owoIV6kZ7QfU/GHVopeF2G2c3gvl5s2Xmn5IxA/xJ3QvJkgkrL/vTaMU9DiJBLpnXDdRJsZkyh4BIGOS/VkDDeYx1oGBqxEHQzG500oHtGadMgVqYipCP150TGQq37oW86Q4ZdPe0Nxf+8RorBcTMTUZIiRHz8UZBKijEd5kPbQgFH2TeEcSXMrpR3mWIcTYo5E4I7ffJfUjsouYel8mU5f3o2iWOJ7JBdUiAuOSKn5IJUSJVw8kCeyAt5tR6tZ+vNeh+3zliTmW3yC9bHN0qSnJk=</latexit>

ωself(X) = → logP (Ŷ |X)

<latexit sha1_base64="/+0xZwyXTiWgtLvwYlJBRDyRCqM="></latexit>

Ŷ → P (Y |X) or Ŷ = argmax
Y

P (Y |X)



Policy gradient / REINFORCE
• Self-training: If we start with a trained model, we can sample (or take 

argmax) to get data points (e.g. “demonstrations”) for training.


• RL: Add term to scale loss by the reward


<latexit sha1_base64="1glL2b9BZqp0xpCQ/AfpXd0WFAg=">AAACEnicbVC7SgNBFJ31bXytWtoMBiEpDLsS1EYQbSwjmBjJhjA7uZsMmX0wc1cMa77Bxl+xsVDE1srOv3HyKDR64MLhnHtn7j1+IoVGx/myZmbn5hcWl5ZzK6tr6xv25lZNx6niUOWxjFXdZxqkiKCKAiXUEwUs9CVc+73zoX99C0qLOLrCfgLNkHUiEQjO0Egtu+iBlC0P4Q4z80owoIV6kZ7QfU/GHVopeF2G2c3gvl5s2Xmn5IxA/xJ3QvJkgkrL/vTaMU9DiJBLpnXDdRJsZkyh4BIGOS/VkDDeYx1oGBqxEHQzG500oHtGadMgVqYipCP150TGQq37oW86Q4ZdPe0Nxf+8RorBcTMTUZIiRHz8UZBKijEd5kPbQgFH2TeEcSXMrpR3mWIcTYo5E4I7ffJfUjsouYel8mU5f3o2iWOJ7JBdUiAuOSKn5IJUSJVw8kCeyAt5tR6tZ+vNeh+3zliTmW3yC9bHN0qSnJk=</latexit>

ωself(X) = → logP (Ŷ |X)

<latexit sha1_base64="/+0xZwyXTiWgtLvwYlJBRDyRCqM="></latexit>

Ŷ → P (Y |X) or Ŷ = argmax
Y

P (Y |X)

Optimize policy using stochastic gradient descent
• But some issues:  

• step too small, training too slow, 


• too large, training is unstable (too much variability)

<latexit sha1_base64="KcbKLdBKC37AeEiEpM6qg6vA/Tg="></latexit>

ωREINFORCE(X) = →R(Ŷ ) logP (Ŷ |X)

<latexit sha1_base64="A1pL29VsxZ88mtImUDOZXFzaO20="></latexit>

JREINFORCE(X) = R(Ŷ ) logP (Ŷ |X)

RL: Maximize reward



Regularization to existing model
• KL-regularization:

• Add regularization term to keep model similar to initial model 

• Tricky to implement

<latexit sha1_base64="Iua91trSbD7eI3HOKakdcFEs6c8=">AAACI3icbVBNSwMxEM36bf2qevQSLEILUnZFVBRB9OKxgtVKt5RsOmtDs5slmRXLuv/Fi3/FiwdFvHjwv5jWHvx6MPDy3gyZeUEihUHXfXfGxicmp6ZnZgtz8wuLS8XllQujUs2hzpVUuhEwA1LEUEeBEhqJBhYFEi6D3snAv7wBbYSKz7GfQCti17EIBWdopXZx39ddVb7abFToIfVDzXhWK1/dNQ587AKySv7j2fYRbjFTspNX8nax5FbdIehf4o1IiYxQaxdf/Y7iaQQxcsmMaXpugq2MaRRcQl7wUwMJ4z12DU1LYxaBaWXDG3O6YZUODZW2FSMdqt8nMhYZ048C2xkx7Jrf3kD8z2umGO61MhEnKULMvz4KU0lR0UFgtCM0cJR9SxjXwu5KeZfZoNDGWrAheL9P/ksutqreTnX7bLt0dDyKY4askXVSJh7ZJUfklNRInXByTx7JM3lxHpwn59V5+2odc0Yzq+QHnI9P0XGj3Q==</latexit>

ω(Y,X) =
P (Y |X; ε)

P (Y |X; εold)

Improve reward Keep model similar

Ratio function

<latexit sha1_base64="13vbc2T2y/UU9meI2Zw+mhZ/Ui0="></latexit>

JKL-reg = ω(Ŷ , X)R(Ŷ )→ εKL[P (·|X; ϑold), P (·|X; ϑ)]



Regularization to existing model
• KL-regularization:

• Proximal policy optimization (PPO)

<latexit sha1_base64="Iua91trSbD7eI3HOKakdcFEs6c8=">AAACI3icbVBNSwMxEM36bf2qevQSLEILUnZFVBRB9OKxgtVKt5RsOmtDs5slmRXLuv/Fi3/FiwdFvHjwv5jWHvx6MPDy3gyZeUEihUHXfXfGxicmp6ZnZgtz8wuLS8XllQujUs2hzpVUuhEwA1LEUEeBEhqJBhYFEi6D3snAv7wBbYSKz7GfQCti17EIBWdopXZx39ddVb7abFToIfVDzXhWK1/dNQ587AKySv7j2fYRbjFTspNX8nax5FbdIehf4o1IiYxQaxdf/Y7iaQQxcsmMaXpugq2MaRRcQl7wUwMJ4z12DU1LYxaBaWXDG3O6YZUODZW2FSMdqt8nMhYZ048C2xkx7Jrf3kD8z2umGO61MhEnKULMvz4KU0lR0UFgtCM0cJR9SxjXwu5KeZfZoNDGWrAheL9P/ksutqreTnX7bLt0dDyKY4askXVSJh7ZJUfklNRInXByTx7JM3lxHpwn59V5+2odc0Yzq+QHnI9P0XGj3Q==</latexit>

ω(Y,X) =
P (Y |X; ε)

P (Y |X; εold)

Improve reward Keep model similar

Prevent jumps

Ratio function

<latexit sha1_base64="NS0FDZHgDrEk+L02G3645MAU7uM="></latexit>

JPPO = min
(
ω(Ŷ , X)R(Ŷ ), clip(ω(Ŷ , X), 1 + ε, 1→ ε)R(Ŷ )

)

<latexit sha1_base64="13vbc2T2y/UU9meI2Zw+mhZ/Ui0="></latexit>

JKL-reg = ω(Ŷ , X)R(Ŷ )→ εKL[P (·|X; ϑold), P (·|X; ϑ)]

Clipped objectiveUnclipped objective
Avoid policy ratio between current / old 
from becoming too large or too small - 

keeps token probabilities similar

Lower bound of 
unclipped objective



Going beyond reward

• State Value Function 


• How good is the state ?


• State-Action Value Function (Q function) 


• How good is a particular action  at 
state ?


• Advantage 

• How much better is taking action  
than the average?

st

a
st

a

Vπ(st) = 𝔼π [
∞

∑
i=t

γi−1ri]
Qπ(st, a) = 𝔼st+1 [R(st, a, st+1) + γ [Vπ(st)]]

Aπ(st, a) = Qπ(st, a) − Vπ(st)

Use as return function 
in optimization: 

Hard to compute, so use 
neural networks to estimate 

these functions

(critic training) 

<latexit sha1_base64="Yf/SadzE0jNbFq0Rf0LbJnpakts=">AAACDXicbVDLSsNAFJ34rPUVdelmsArtpiRS1I1QdCOuqtg20oQymU7aoZNJmJkIJfYH3Pgrblwo4ta9O//GaRtBWw9cOHPOvcy9x48Zlcqyvoy5+YXFpeXcSn51bX1j09zabsgoEZjUccQi4fhIEkY5qSuqGHFiQVDoM9L0++cjv3lHhKQRv1GDmHgh6nIaUIyUltrm/iUsOiV4Cq+Lbg+p9HZYgi6LurD28753Sm2zYJWtMeAssTNSABlqbfPT7UQ4CQlXmCEpW7YVKy9FQlHMyDDvJpLECPdRl7Q05Sgk0kvH1wzhgVY6MIiELq7gWP09kaJQykHo684QqZ6c9kbif14rUcGJl1IeJ4pwPPkoSBhUERxFAztUEKzYQBOEBdW7QtxDAmGlA8zrEOzpk2dJ47BsH5UrV5VC9SyLIwd2wR4oAhscgyq4ADVQBxg8gCfwAl6NR+PZeDPeJ61zRjazA/7A+PgGpoOZdg==</latexit>

J(X) = R(Ŷ ) logP (Ŷ |X)
<latexit sha1_base64="2RWtxZyNEo43mHYGRojmXLt+Wmo=">AAACDXicbVDLSsNAFJ34rPUVdelmsArtpiRS1I1QdSOuKtg20oQymU7aoZNJmJkIJfYH3Pgrblwo4ta9O//GaRtBWw9cOHPOvcy9x48Zlcqyvoy5+YXFpeXcSn51bX1j09zabsgoEZjUccQi4fhIEkY5qSuqGHFiQVDoM9L0+xcjv3lHhKQRv1GDmHgh6nIaUIyUltrm/hUsOiV4Cs+Kbg+p9HZYgi6LurD28753Sm2zYJWtMeAssTNSABlqbfPT7UQ4CQlXmCEpW7YVKy9FQlHMyDDvJpLECPdRl7Q05Sgk0kvH1wzhgVY6MIiELq7gWP09kaJQykHo684QqZ6c9kbif14rUcGJl1IeJ4pwPPkoSBhUERxFAztUEKzYQBOEBdW7QtxDAmGlA8zrEOzpk2dJ47BsH5Ur15VC9TyLIwd2wR4oAhscgyq4BDVQBxg8gCfwAl6NR+PZeDPeJ61zRjazA/7A+PgGivSZZQ==</latexit>

J(X) = A(Ŷ ) logP (Ŷ |X)



PPO with advantage
• Proximal policy optimization (PPO)

<latexit sha1_base64="Iua91trSbD7eI3HOKakdcFEs6c8=">AAACI3icbVBNSwMxEM36bf2qevQSLEILUnZFVBRB9OKxgtVKt5RsOmtDs5slmRXLuv/Fi3/FiwdFvHjwv5jWHvx6MPDy3gyZeUEihUHXfXfGxicmp6ZnZgtz8wuLS8XllQujUs2hzpVUuhEwA1LEUEeBEhqJBhYFEi6D3snAv7wBbYSKz7GfQCti17EIBWdopXZx39ddVb7abFToIfVDzXhWK1/dNQ587AKySv7j2fYRbjFTspNX8nax5FbdIehf4o1IiYxQaxdf/Y7iaQQxcsmMaXpugq2MaRRcQl7wUwMJ4z12DU1LYxaBaWXDG3O6YZUODZW2FSMdqt8nMhYZ048C2xkx7Jrf3kD8z2umGO61MhEnKULMvz4KU0lR0UFgtCM0cJR9SxjXwu5KeZfZoNDGWrAheL9P/ksutqreTnX7bLt0dDyKY4askXVSJh7ZJUfklNRInXByTx7JM3lxHpwn59V5+2odc0Yzq+QHnI9P0XGj3Q==</latexit>

ω(Y,X) =
P (Y |X; ε)

P (Y |X; εold)
Ratio function

On-policy, actor-critic algorithm

Actor: Policy network - determines what action to take 
Critic: Value network - evaluates action by estimating the value function 


(so we can estimate the advantage function)
<latexit sha1_base64="Tm078NtCXyHh76v0F2xhhScdGxs=">AAACEXicbVDLSsNAFJ3UV62vqEs3g0VIF5ZEiroRqm5cVrBtpAllMp22QyeTMDMRSuwvuPFX3LhQxK07d/6N0zaCth64cOace5l7TxAzKpVtfxm5hcWl5ZX8amFtfWNzy9zeacgoEZjUccQi4QZIEkY5qSuqGHFjQVAYMNIMBpdjv3lHhKQRv1HDmPgh6nHapRgpLbVNyyOMQcstwTN4eG55faTS21EJeizqwdrP+94ttc2iXbYngPPEyUgRZKi1zU+vE+EkJFxhhqRsOXas/BQJRTEjo4KXSBIjPEA90tKUo5BIP51cNIIHWunAbiR0cQUn6u+JFIVSDsNAd4ZI9eWsNxb/81qJ6p76KeVxogjH04+6CYMqguN4YIcKghUbaoKwoHpXiPtIIKx0iAUdgjN78jxpHJWd43LlulKsXmRx5MEe2AcWcMAJqIIrUAN1gMEDeAIv4NV4NJ6NN+N92pozspld8AfGxzeYI5sJ</latexit>

ω(X) = →A(Ŷ ) logP (Ŷ |X)

<latexit sha1_base64="CijZ+vloSRsxnZKVFvUcJtRpGQY="></latexit>

JPPO = min
(
ω(Ŷ , X)Â(Ŷ ), clip(ω(Ŷ , X), 1 + ε, 1→ ε)Â(Ŷ )

)



RLHF with general policy gradient method
• Initialize the policy  to , the policy output from SFT


• Loop for many steps


• Initialize a new empty dataset 


• Loop for many steps


• Sample a random prompt  from 


• Generate a response  from the policy 


• Calculate the reward signal  from 


• Add the triple  to 


• Use policy gradient method to increase objective

πRL
ϕ πSFT

DπRL
ϕ

x DRL

y πRL
ϕ

rθ(x, y) rθ

(x, y, rθ(x, y)) DπRL
ϕ
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https://arxiv.org/pdf/2307.04964

RLHF with PPO



https://arxiv.org/pdf/2307.04964



Group Relative Policy Optimization (GRPO)

• Replace advantage function estimated with neural reward model with 
advantage function that is computed from rule-based reward model


• Compute advantage as how much newer policy improves over older policy

https://arxiv.org/pdf/2402.03300



Group Relative Policy Optimization (GRPO)

• Outcome supervision


• Process supervision

https://arxiv.org/pdf/2402.03300

̂Ai,t = r̃i =
ri − mean(r)

std(r)
r = {r1, ⋯, rG}

̂Ai,t = ∑
index( j)≥t

r̃i
index( j) r̃i

index( j) =
rindex( j)
i − mean(R)

std(R)

r = {{rindex(1)
1 , ⋯, rindex(K1)

1 }, …, {rindex(1)
G , ⋯, rindex(KG)

G }}



Group Relative Policy Optimization (GRPO)

https://arxiv.org/pdf/2402.03300 Eliminate value model



References for PPO and GRPO 

• PPO for LLMs: https://cameronrwolfe.substack.com/p/ppo-llm


• GRPO: https://cameronrwolfe.substack.com/p/grpo


• GRPO Tricks: https://cameronrwolfe.substack.com/p/grpo-tricks


• Online vs Offlice: https://cameronrwolfe.substack.com/p/online-rl

https://cameronrwolfe.substack.com/p/ppo-llm
https://cameronrwolfe.substack.com/p/grpo
https://cameronrwolfe.substack.com/p/grpo-tricks


Comparison of PPO and GRPO
MATH task

DeepSeek-R1 [DeepSeek 2025] - https://arxiv.org/pdf/2501.12948

https://arxiv.org/pdf/2501.12948


DeepSeek-R1 performance

DeepSeek-R1 [DeepSeek 2025] - https://arxiv.org/pdf/2501.12948

https://arxiv.org/pdf/2501.12948


Distillation of DeepSeek-R1
Training recipe

Small LLM

(Qwen/Llama) SFT

Self-curated data 
(800k)

Small Reasoning 
LLM


(SFT Qwen/Llama)

Reasoning LLM

(DeepSeek-R1*)

Generated / Filtered using DeepSeek-R1*

Reasoning (600K)


General (200K)

DeepSeek-R1 [DeepSeek 2025] - https://arxiv.org/pdf/2501.12948

https://arxiv.org/pdf/2501.12948


DeepSeek-R1 performance
Distilled models

DeepSeek-R1 [DeepSeek 2025] - https://arxiv.org/pdf/2501.12948

https://arxiv.org/pdf/2501.12948


Does RL increase the reasoning capacity?

Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs Beyond the Base Model? [Yue et al. 2025]

https://arxiv.org/pdf/2504.13837


Self-training



STaR: Self-Taught Reasoner

• Start with a pretrained LLM


• Assumes dataset with 
questions and answers.


• Generate rationales


• Fine-tune LLM on correctly 
generated answer with rationale


• If it cannot generate the correct 
answer, provide hint of the 
correct answer  

STaR: Self-Taught Reasoner Bootstrapping Reasoning With Reasoning [Zelikman 2022] - https://arxiv.org/pdf/2203.14465

https://arxiv.org/pdf/2203.14465


STaR: Self-Taught Reasoner

• Start with a pretrained LLM


• Assumes dataset with 
questions and answers.


• Generate rationales


• Fine-tune LLM on correctly 
generated answer with 
rationale  

STaR: Self-Taught Reasoner Bootstrapping Reasoning With Reasoning [Zelikman 2022] - https://arxiv.org/pdf/2203.14465

https://arxiv.org/pdf/2203.14465


STaR: Self-Taught Reasoner

STaR: Self-Taught Reasoner Bootstrapping Reasoning With Reasoning [Zelikman 2022] - https://arxiv.org/pdf/2203.14465

https://arxiv.org/pdf/2203.14465


ReST: Reinforced Self-Training

• Grow - generate dataset for training


• Improve - use generated dataset to 
fine-tune the policy

Reinforced self-training (ReST) for language modeling [Gulcehre et al 2023] - https://arxiv.org/pdf/2308.08998

Dataset is iteratively 
filtered to be better 
(with higher reward 

thresholds)

Better policy is trained 
on better datasets

https://arxiv.org/pdf/2308.08998


ReST: Reinforced Self-Training

Reinforced self-training (ReST) for language modeling [Gulcehre et al 2023] - https://arxiv.org/pdf/2308.08998

https://arxiv.org/pdf/2308.08998


ReST: Reinforced Self-Training
Improved performance on MT with multiple improve steps

Reinforced self-training (ReST) for language modeling [Gulcehre et al 2023] - https://arxiv.org/pdf/2308.08998

https://arxiv.org/pdf/2308.08998


ReST: Reinforced Self-Training
Improved performance on MT with two grow steps

Reinforced self-training (ReST) for language modeling [Gulcehre et al 2023] - https://arxiv.org/pdf/2308.08998

https://arxiv.org/pdf/2308.08998


ReSTEM: EM for Reinforced Self-Training

• Expectation maximization for reinforced self-training - simpler version of ReST


• Generate (E-step) - Generate data by sampling + annotate with reward


• Improve (M-step) - Optimize parameters with generated data


• Differences from ReST


• Focus on problems with binary rewards (0/1) vs bounded real-value rewards

Beyond Human Data: Scaling Self-Training for Problem-Solving with Language Models [Singh et al 2023] - https://arxiv.org/pdf/2312.06585

https://arxiv.org/pdf/2312.06585


ReSTEM: EM for Reinforced Self-Training

Beyond Human Data: Scaling Self-Training for Problem-Solving with Language Models [Singh et al 2023] - https://arxiv.org/pdf/2312.06585

https://arxiv.org/pdf/2312.06585


ReSTEM: EM for Reinforced Self-Training

Beyond Human Data: Scaling Self-Training for Problem-Solving with Language Models [Singh et al 2023] - https://arxiv.org/pdf/2312.06585

https://arxiv.org/pdf/2312.06585


ReST-MCTS∗: LLM Self-Training via Process Reward Guided Tree Search

• Includes training of process reward model


• Iteratively 


• Generate new traces / filter for high reward traces


• Improve policy model


• Collect process ward


• Train process reward model

ReST-MCTS∗: LLM Self-Training via Process Reward Guided Tree Search [Zhang et al. 2024] - https://arxiv.org/pdf/2406.03816

https://arxiv.org/pdf/2406.03816


ReST-MCTS∗: LLM Self-Training via Process Reward Guided Tree Search

ReST-MCTS∗: LLM Self-Training via Process Reward Guided Tree Search [Zhang et al. 2024] - https://arxiv.org/pdf/2406.03816

https://arxiv.org/pdf/2406.03816


ReST-MCTS∗: LLM Self-Training via Process Reward Guided Tree Search

ReST-MCTS∗: LLM Self-Training via Process Reward Guided Tree Search [Zhang et al. 2024] - https://arxiv.org/pdf/2406.03816

https://arxiv.org/pdf/2406.03816


ReST-MCTS∗: LLM Self-Training via Process Reward Guided Tree Search

ReST-MCTS∗: LLM Self-Training via Process Reward Guided Tree Search [Zhang et al. 2024] - https://arxiv.org/pdf/2406.03816

https://arxiv.org/pdf/2406.03816


ReST-MCTS∗: LLM Self-Training via Process Reward Guided Tree Search

ReST-MCTS∗: LLM Self-Training via Process Reward Guided Tree Search [Zhang et al. 2024] - https://arxiv.org/pdf/2406.03816

https://arxiv.org/pdf/2406.03816


ReST-MCTS∗: LLM Self-Training via Process Reward Guided Tree Search

ReST-MCTS∗: LLM Self-Training via Process Reward Guided Tree Search [Zhang et al. 2024] - https://arxiv.org/pdf/2406.03816

https://arxiv.org/pdf/2406.03816



