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Recent work accelerates discovery for dense reward problems

This work: How can we accelerate 
discovery in sparse reward problems?
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• Enables models to learn from rich feedback, 
hints, examples, and more. 

• BUT context grows and learning is transient.
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 → Self-distillation

πθ0
(y1 ∣ x)

πθ1
(y2 ∣ x)

In-context learning

Core idea: Use in-context learning to turn the model 
into its own teacher, then distill it.

prompt 
optimization

weight 
optimization

πθ(y1 ∣ x)

πθ(y2 ∣ f1, x)

πθ(y3 ∣ f1, f2, x)
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same model πθ

Gradient

Input prompt x Response y ∼ πθStudent

πθ(y ∣ x, f ) Match student to teacher 
ℒ(θ) = KL(πθ(y ∣ x)∥πθ(y ∣ x, f ))Feedback f Teacher

Self-distillation
Prompt , Response , Feedback x y f



Two equivalent perspectives

Match student to teacher 
ℒ(θ) = KL(πθ(y ∣ x)∥πθ(y ∣ x, f )) ⟺ Token-level advantages 

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

On-policy distillation On-policy RL
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How to measure improvement?

• Goal: Accelerate time-to-discovery 

• Discovery time is the number of trials until a solution is found 

• We want to increase the probability of discovery: 

Note: pass@k = discovery@k for best-of-k sampling
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Takeaways

• Self-distillation solves problems not solved by the base model. 

• The initial teacher does not yet solve questions: Teacher 
feedback is directionally helpful. 

• Multi-turn baseline runs out of context (40k tokens) at k=800 to 
k=1000 tokens, but underperforms at k=500: Multi-turn 
underperforms even prior to running out of context.



Self-distillation is already being used

>5k stars on GitHub!

 Your model learns as you interact with it→

Claude Code, but updating model weights



Check out other applications of self-distillation: 

• Shenfeld et al. Self-Distillation enables Continual Learning, 2026. 

• Buening et al. Aligning Language Models from User Interactions, 2026.

Self-distillation leverages in-context 
improvement for parametric learning


