
Rethinking Post-Training 
with Self-Distillation

Jonas Hübotter, 16 March 2026



2

Special thanks to



Current learning paradigms are imperfect
● Leading to catastrophic forgetting
● Requiring careful designing of datasets or RL 

environments (        ,           , …)
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● Brittle generalization (“ragged intelligence”)



What we want in a learning paradigm:
● Continuous improvement, forever
● Learning from arbitrary, real data (not hand-designed)
● Generalizing
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Tl;dr: On-policy self-distillation is a new learning 
paradigm enabling continual learning from arbitrary data.



Our research on self-distillation is already being used
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Claude Code, but updating model weights

> 3k stars on Github!

https://docs.google.com/file/d/1q82tA5rdYTqVqev0fAw1HW9hIaBdK9wi/preview


Lots of research interest too
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Since then…



Our agenda
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● What is self-distillation?
● Why on-policy learning?
● Rethinking all parts of post-training

○ Learning from demonstrations
○ Learning knowledge
○ Learning behavior & constitutional principles
○ Learning from verifiable rewards
○ Learning from rich environment feedback
○ Learning from real user conversations

● Towards a true continual learner



From in-context learning to in-weight learning

In-context learning is magical:

● 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…
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The core idea of self-distillation

1. Given a question
2. Sample an answer from the model
3. Receive feedback / additional information
4. Let the model decide how it would change its initial attempt in hindsight

This is distillation (but with yourself as target, and changing over time):

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

This is much more like humans learn than blind copying (SFT) or blindly trusting a 
reward signal (RLVR)
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We let the model decide how to update its policy

10

We can compare the original policy 𝜋𝜃(⋅ ∣𝑥) to the hindsight token distribution 𝜋𝜃(⋅ ∣𝑥, 𝑜):



Two equivalent perspectives come from this idea

Classical RL View: Policy Gradient with token-level advantages: 

Maximize

Self-Distillation: Make 𝜋𝜃(⋅ ∣𝑥) match the better aligned 𝜋𝜃(⋅ ∣𝑥, 𝑜). 

      Minimize    

student: the initial model
teacher: the same model, but with an additional observation (gradients detached)
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Can the model identify when to update & when not to?
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This indicates a 
robust learning 
signal for raw, 
real-world data; 
more on this later!



Switching gears: Why on-policy learning?

13Ross et al. 2010, A Reduction of Imitation Learning and Structured Prediction to 
No-Regret Online Learning. Lu et al. 2025, On-Policy Distillation (from chess.com).

Copying demonstrations of an expert (with compounding error) leads to entering states that 
the expert never visited.

A robust policy is able to deal with the states it visits itself — not blindly copies!



Is off-policy training really so bad?

● Off-policy training leads to error accumulation & divergence over long 
sequences

● This happens even when training on data generated by the model itself!

Lu et al. 2025, On-Policy Distillation.

Due to finite batches, initial on-policy training eventually becomes off-policy: 
This is not a data problem; it’s a methods problem!



Example: On-Policy Distillation

Classical (off-policy) distillation:

1. Generate from the teacher
2. Then match next-token distributions of student to teacher

On-policy distillation:

1. Model generates rollout
2. we match next-token distributions along rollout to those of a teacher model

→ >10x more compute efficient than RLVR & ~9x more compute efficient than SFT

→ Used for training frontier models: Qwen, GLM-5, …



On-Policy Distillation vs On-Policy Self-Distillation

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
● 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 any stronger model



1. Learning from demonstrations
2. Learning knowledge
3. Learning behavior & constitutional principles
4. Learning from verifiable rewards

Beyond current modalities:

5. Learning from rich environment feedback (e.g., errors from code environment)
6. Learning from real user conversations

Rethinking Post-Training with Self-Distillation
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1) Learning from demonstrations

We are given a dataset of 
questions & answers

Baseline: SFT

On-policy self-distillation has

● Better new-task performance 
(generalization)

● No catastrophic forgetting
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1) Learning from demonstrations

On-policy self-distillation can continually learn new skills without forgetting!
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Perspective: Bridging on-policy & off-policy learning

● On-policy learning avoids forgetting & generalizes better
● Off-policy learning is much more data efficient

On-policy self-distillation achieves the best of both worlds:

● Mechanistically on-policy
● “Effectively” off-policy since the self-teacher can be conditioned on any data
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2) Learning knowledge

● Dataset of natural disasters from 
2025, after the knowledge cutoff

● 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
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On-policy self-distillation effectively 
integrates new knowledge



3) Learning behavior & constitutional principles

● Example: BullshitBench
○ Testing whether models push back 

against nonsense / wrong assumptions

● Train Qwen3-4B-Instruct-2507 
with constitution

● Using a dataset of prompts where 
the answer should be guided by 
principles (not explicitly pushback)

On-policy self-distillation generalizes to 
quite different BullshitBench prompts
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Same as GPT-5

Kirkby et al. 2025, Dense, on-policy, or both?



4) Learning from scalar rewards

● Multiple rollouts per question
● Add correct attempts as context to incorrect attempts
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Unlocking new data modalities:
Interacting with the raw real world
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6)  Learning from raw user interactions

● Training on WildChat (raw user conversations)
● This data is extremely abundant, and we did not yet know how to use it
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Towards a true continual learner
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Desiderata we started with:

● No catastrophic forgetting
● Able to learn from arbitrary, non-curated data
● Generalizing

On-policy self-distillation seems to be a substantial step towards all of the above



Early example of a true continual learner
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● Personalization towards a user with continually changing preferences
● Inferring preferences directly from natural interaction with the user



What is next?

● Scaling model size yields better in-context learners
● Scaling model size appears also to yield better self-teachers
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Thank you
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Code: https://github.com/lasgroup/SDPO

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

https://github.com/lasgroup/SDPO

