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Scaling the opportunity for post-training



Write a python function that ~ python inoorreo’rl
def numbers_up_to_n(n):

returns all numbers from 1 to n.
: return list(range(1, n-+ 1)
Answer briefly. s (range( .>




Question: Answer y ~ 1 ( - | x):

Write a python function that ;];pythgn (n) i(\COFFQO’rI
et numbers_up_to_n(n):
returns all numbers from 1 to n. - return list(range(1. n )

Answer briefly.

RLVR RL with rich feedback
Agent E Agent
-1.0) | reward action E Don't include n. teedback act9
Environment i Environment

richer signal
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In-context learning

e Enables models to learn from rich feedback, mo(y1 | x1)

hints, examples, and more.
(V> | f1> %)

(V3 | J15J25 X3)

e BUT context grows and learning 1s transient.

Prompts x, Responses y, Feedback f



In-context learning — Self-distillation

Ty(y1 | x1) ﬂeo(h | X))

7oy | f15%2) 79, (V2 | X)

(V3 | f15125 X3)

weight
optimization

prompt
optimization

Core idea: Use in-context learning to turn the model
into 1ts own teacher, then distill it.
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Self-distillation

Prompt x, Response y, Feedback f

Gradient

Response y ~ 7,
Input prompt X —— Student ——m———

\ 7y | x,f) Match student to teacher
Feedback f — @ — Teacher ———————— () = KL(#y(y | ©)llz(y | x.1))

same model 7



Two equivalent perspectives

Match student to teacher — Token-level advantages

/4 AEE )
Ai(X,y,f) . — lOg Q(yz‘ fy<)

Z(0) = KL(my(y | 0)|[7g(y | x,1)) (v | X, y.)
O\Ji Vs V<

On-policy distillation On-policy RL



Credit assignment 1n self-distillation

Token-level advantages GRPO

- (y.\xfy ) Generated tokens
A(x,y.f) i= log ===

ey N ooy U0 €3 B I3 K EA B

SDPO
Generated tokens
Write a python function that returns [ (range ][ ( ]{ 1 ][ J[ . J[ + J[ 1 J[ Y\ J
all numbers from 1 to n. Answer briefly. ’

" python
def numbers_up_to_n(n):
~_return list(range(1, n + 1))

Don't include n.
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Don't include n.



Results: Learning from execution feedback
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Self-distillation scales with better models
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Self-distillation without rich feedback

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

Verifier

Attempt 1 - X

Attempt 2

Teacher reflects on

Question
Attempt 3 - X wrong attempts by
X

comparing to
correct attempt

Attempt 4



Self-distillation without rich feedback
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Self-distillation without rich feedback

Qwen3-8B on ScienceQA-Chemistry
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Self-distillation leverages in-context
iImprovement for parametric learning

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 ENABLES CONTINUAL LEARNING  Aligning Language Models from User Interactions
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/\N 2 os P User Interactions
£ " éhould I standardize features before training a linear model?\R H_mdSIght Po“Cy
N & Given the(next user message} how
would you've responded in hindsight?
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5 e Good question! This is something that many get wrong when
5 -02 5-02 they first start working with machine learning models. [...]
= = Tool Use
-0.4 —0.4 \/ s for most linear / \

‘*""l"“‘l("‘""‘ Yes. You should standardize feature
—— Medica \ 3 1 1
. \models because [...] Good question ! This is ...

Tool Use

You should standard ize,;j

directly without ﬁller‘)R \Yes :

(Get to the point... Just answer

300 : 50
Gradient Steps sradi - ‘
(a) SDFT (b) SFT



