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

y ∼ πθ( ⋅ ∣ x)

RLVR RL with rich feedback
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Write a python function that 
returns all numbers from 1 to n. 
Answer briefly.
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πθ(y2 ∣ f1, x2)

πθ(y3 ∣ f1, f2, x3)

• 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 ∣ x1)

πθ1
(y2 ∣ x2)

πθ(y1 ∣ x1)

πθ(y2 ∣ f1, x2)

πθ(y3 ∣ f1, f2, x3)

In-context learning

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

Can we use self-distillation even with zero rich feedback?

Attempt 1

Attempt 2

Attempt 3

Attempt 4

Verifier

✅

❌

❌

❌

Teacher reflects on 
wrong attempts by 
comparing to 
correct attempt
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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


