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Rethinking Post-Training 
with Self-Distillation
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Reinforcement learning made AI useful
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GPT-3.5

2022 2023 2024 2025

ChatGPT

alignment via RLHF

o1 / R1

reasoning via RLVR

learning from 
any feedback?



The feedback bottleneck in RL
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How do you improve at coding?

Run unit tests, 

debug runtime errors, profiling, …

Run unit tests

0 / 1 
score

update 
πθ



The feedback bottleneck in RL
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How do we learn about each other?

better 
/ 

worse

update 
πθ

Are you a morning person?

Not even close. I just get weirdly cheerful 
before my brain fully shows up.

That explains a lot, actually.

We ask & listen
Is there a way to learn 

from rich feedback?



In-context learning is magical!
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In-context learning is magical!
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• Learns from any kind of data 

• Learns from little data 

• Generalizes very well to specific contexts 

• BUT learning is transient (disappears when context is removed) 

• AND context windows are inherently bounded 

Long-term learning requires some form of compression… 

…and there is one other way: πθ( ⋅ ∣ x, c)
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• Learns from any kind of data 

• Learns from little data 

• Generalizes very well to specific contexts 

• BUT learning is transient (disappears when context is removed) 

• AND context windows are inherently bounded 

Long-term learning requires some form of compression… 

…and there is one other way:  in-weight learning!πθ( ⋅ ∣ x, c)



same model πθ

The core idea of self-distillation
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Response y ∼ πθ

Gradient

Input prompt ( )x Student

πteacher
Match student to teacher 
ℒ(θ) = KL(πθ∥πteacher)Extra context ( )c Teacher

This is on-policy distillation (but using yourself with extra context as target): 

• Student: the initial model 

• (Self-)Teacher: the same model, but with feedback / additional information

“make in-context learning permanent”



We let the model decide how to update its policy
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prompt / conversation history 

model completion 

next user message

x =

y =

c =

log
πθ(yi |x, c, y<i)
πθ(yi |x, y<i)

improved policy

original policy



Two equivalent perspectives come from this idea
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Classical RL View: Policy Gradient with token-level advantages:  

Maximize 

Self-Distillation: Make  match the improved .  

      Minimize     

Equivalent gradient updates in expectation!

πθ( ⋅ |x) πθ( ⋅ |x, c)

Ai(x, y, o) := log
πθ(yi |x, c, y<i)
πθ(yi |x, y<i)

ℒSDPO(θ) := 1
|y |

|y|

∑
i=1

KL(πθ( ⋅ |x, y<i)∥πθ( ⋅ |x, c, y<i))



1. Learning from rich feedback (RLVR setting) 

2. Learning from demonstrations (SFT setting) 

3. Alignment (RLHF setting)

Self-Distillation across post-training
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RLVR



Learning from rich feedback in LiveCodeBench
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Example of feedback

RLVR



Learning from rich feedback in LiveCodeBench

14

Example of feedback
Better performance with stronger 

in-context learners!

RLVR



1. Receiving a scalar signal per rollout 

2. Using this signal for rollout-level credit assignment

Existing methods are bottlenecked
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Question: 
Write a python function that returns 
all numbers from 1 to n. Answer briefly. 

2) Answer : 
```python 
def numbers_up_to_n(n): 
    return list(range(1, n + 1)) 
``` 

Feedback: 
Don't include n.

y ∼ πθ( ⋅ ∣ x)

RLVR
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Dense credit assignment of self-distillation
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GRPO: Was a response better/
worse than average? 

 make all tokens more/less likely→

SDPO: Was this token good/bad in 
hindsight given additional context? 

 comments on individual tokens→

RLVR



Credit assignment helps, 
even without rich feedback
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chemistry reasoning, avg over 3 seeds

Self-distillation in the RLVR setting: 

• Multiple rollouts per question 

• Use correct attempts as teacher 
context for incorrect attempts

RLVR



Rich feedback helps, 
even without credit 
assignment
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RLVR



1. Learning from rich feedback (RLVR setting) 

2. Learning from demonstrations (SFT setting) 

3. Alignment (RLHF setting)

Self-Distillation across post-training
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SFT



There is one thing I have been hiding…
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same model πθ

Input prompt ( )x Student
Response y ∼ πθ

Gradient

πteacher
Match student to teacher 
ℒ(θ) = KL(πθ∥πteacher)Extra context ( )c Teacher

The fact that self-distillation is on-policy is important! 

What does “on-policy” mean?

SFT



Why on-policy leads to better performance
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Copying demonstrations of an expert leads to entering OOD states. 

A robust policy is able to deal with the states it visits itself!

Ross et al. 2010, A Reduction of Imitation Learning and Structured Prediction to No-Regret Online Learning. 

SFT



Why on-policy avoids forgetting
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Shenfeld et al. 2025, RL's Razor: Why Online Reinforcement Learning Forgets Less, 2025.

Qwen2.5 7B, Tooluse

Among the many high-reward solutions for a new task, on-policy methods are 
implicitly biased toward solutions closer to the original policy in KL divergence.

SFT



New tasks: 
• science reasoning 
• tool use 
• medical reasoning 

Holdout tasks: 
• Hellaswag, TruthfulQA 
• MMLU 
• Humaneval 
• IFeval

Better performance, no forgetting
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SFT
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SFT



Sequentially learning new skills
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On-policy self-distillation Supervised fine-tuning (SFT)

SFT



Sequentially learning new skills
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On-policy self-distillation Supervised fine-tuning (SFT)

SFT



Learning knowledge
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• This is practically impossible with on-policy RL! 

• Baselines: 

- Always correct article in context 

- CPT: Continued pre-training on dataset 

- SFT / “self-study”: Synthetically generate 
questions, then train on answers from model 
with data in context 

• Ours: On-policy self-distillation with 
synthetically generated questions

SFT



Learning knowledge

30

• This is practically impossible with on-policy RL! 

• Baselines: 

- Always correct article in context 

- CPT: Continued pre-training on dataset 

- SFT / “self-study”: Synthetically generate 
questions, then train on answers from model 
with data in context 

• Ours: On-policy self-distillation with 
synthetically generated questions

On-policy self-distillation can 
integrate new knowledge

SFT



1. Learning from rich feedback (RLVR setting) 

2. Learning from demonstrations (SFT setting) 

3. Alignment (RLHF setting)

Self-Distillation across post-training
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RLHF



Directly learning from real user conversations 
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Most compute today is spent on inference 

Can we use this vast data for training?

• We take 14k real-world user conversations from WildChat 

• Train on triplets (prompt, model response, user response) with self-distillation

RLHF



The model identifies when to update & when not to
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RLHF



What we want in a learning paradigm

• Performance ✔ 

• Avoiding forgetting ✔ 

• Learning from arbitrary, raw data ✔ 

• Learning efficiently from few samples ❓
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Towards a true continual learner: 
Learning when “deployed in the wild”
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TTT



• Example: solving a single hard task in multiple iterations 

• Remember: Two ways of changing the model: !πθ( ⋅ ∣ x, c)
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Towards a true continual learner
TTT



Early results for discovery in hard problems
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• Goal: Discovering solutions to hard 
coding tasks from LiveCodeBench 

• probability of 
solving task within  environment 
interactions 

• Simplest baseline: Time until first 
success (best-of- )

Discovery@k =
k

k

TTT
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Early results for discovery in hard problems
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• Goal: Discovering solutions to hard 
coding tasks from LiveCodeBench 

• probability of 
solving task within  environment 
interactions 

• Simplest baseline: Time until first 
success (best-of- ) 

On-policy self-distillation can learn to 
solve hard tasks even before the task 
has ever been solved!

Discovery@k =
k

k

TTT



Our research on self-distillation is already being used
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>4k stars on GitHub!

 Your model learns as you interact with it→

Claude Code, but updating model weights

TTT



Early results when “deploying in the wild”
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Goal: Personalization towards a user with continually changing preferences

prompts from HelpSteer2

being used today in

TTT



Next frontier: Sample-efficiency
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Can parametric learning be as sample-efficient as in-context learning?

TTT
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Special thanks to



Lots of other research interest too
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Not only from us…



Thank you
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Code: https://github.com/lasgroup/SDPO  

More: https://self-distillation.github.io

Also in TRL now!



On-Policy Self-Distillation vs On-Policy Distillation
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As training signal, we need a “better” next-token distribution than the original 
policy. 

Two ways to obtain it: 

• Different weights: Using a stronger teacher model  on-policy distillation 
(used for training frontier models: Qwen, GLM-5, …) 

• Different context: Using same model as teacher, but providing “better” 
context  on-policy self-distillation 

The rest of the algorithm is identical! 

Self-distillation is much more flexible since it doesn’t require a stronger model

→

→


