
“Leverage in-context learning for in-weight learning.”

Two equivalent perspectives:
1. On-policy RL with teacher-based advantages

Maximize

2. On-policy distillation with a context-based teacher

Minimize

Both perspectives yield same gradient in expectation!
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RLVR has a signal and credit 
assignment bottleneck!

The solution: using 
in-context learning for RL.

Motivation

● RLVR with binary rewards receives 1 bit signal 
per rollout → feedback bottleneck.

● GRPO assigns the same advantage to each token 
→ credit assignment bottleneck.

Observation: Models often understand why an 
attempt failed after reflection or rich feedback:
● Examples of rich feedback: runtime errors, failed 

unit tests, demonstrations, user feedback, …

Results in the RLVR setting

Results with Rich Feedback

Self-Distillation (SDPO)
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Two differences of 
SDPO to GRPO:

1. Receiving a rich 
feedback signal.

2. Turning this into 
dense supervision.

An example with Qwen3-8B:

Setting: Qwen3-8B on 
LiveCodeBench-v6.

Takeaway: SDPO 
scales with stronger 
in-context learners.

Takeaways: (1) rich feedback and dense credit 
assignment are complementary, (2) the teacher 
improves during training.

Self-distillation is useful 
without rich feedback too.

Idea: The teacher reflects 
on wrong attempts, e.g., by 
comparing to correct 
attempts from the same 
rollout group.

Ablation: Which feedback is most informative?
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How can we learn to
solve hard problems?

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

This box should 
contain
your ma

Motivation

Question: How can we learn to solve very hard 
problems at test-time?

Goal: Accelerate time-to-discovery. The discovery 
time is the number of trials until a solution is found.
We want to increase the probability of discovery:

How can we learn before a solution is found?
● Rich feedback such as runtime 

errors or failed unit tests indicate
why an attempt failed.

Why current methods fail:
● Information bottleneck of RLVR: Rewards are 

zero until the solution is found. RLVR methods like 
GRPO ignore any non-reward feedback from the 
environment → reducing to best-of-k sampling.

● In-context learning is transient: Models learn 
from in-context feedback, but performance drops 
as the context length grows.

Results

We evaluate Qwen3-8B on hard LiveCodeBench-v6 
problems. We define two groups
● Hard tasks with pass@64 < 0.5,
● Very hard tasks with pass@64 < 0.03.

Baselines:
● Best-of-k / GRPO: Sampling k times from base.
● Multi-turn: Keeping feedback in context.

Takeaways:
● SDPO significantly increases discovery@k: SDPO 

solves problems not solvable 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) at 

k=800 to k=1000. Multi-turn underperforms even 
prior to running out of context.

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

Example of Self-Distillation

Self-Distillation (SDPO)
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An example with Qwen3-8B:

Two differences of 
SDPO to GRPO:

1. Receiving a rich 
feedback signal.

2. Turning this into 
dense supervision.

Test-time setting:


