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Motivation

e RLVR with binary rewards receives 1 bit
signal per rollout — feedback bottleneck.

e GRPO assigns the same advantage to each
token — credit assighment bottleneck.

Observation: Models often understand why

an attempt failed after reflection + feedback:

e Examples of feedback: runtime errors, unit
tests, demonstrations, users, ...

Reinforcement Learning
with Rich Feedback (RLRF)

Reinforcement Learning
with Verifiable Rewards (RLVR)
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Question:

How much impulse did the
thrusters generate for the
Mars Climate Orbiter?

Answer:

‘ snoorrect!
100 1bf-s INCOMEE

richer signal

RLVR has a signal and credit

assignment bottleneck!

Self-distillation turns
rich feedback into
dense supervision.

Results with Rich Feedback

Qwen3-8B on LiveCodeBench-vé.

Reinforcement Learning via Self-Distillation
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Example of Self-Distillation

2. Answer y ~ my(- | x)

"~ “python
def numbers_up_to_n(n):
return list(range(1, n & 1))

~s“//

4. Credit assignment by self-teacher my(y | x, f)

1. Question x

Write a python function that returns
all numbers from 1 to n. Answer
briefly.

3. Feedback f
Don't include n.
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with Qwen3-8B

GRPO
Two differences of LTI U KN B I B DD E1
SDPO to GRPO: SDGPef\)erated tokens
1. Receiving arich S [ range | ¢ 1]
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feedback signal.
2. Turning this into
dense supervision.

Test-Time Self-Distillation

Goal: Accelerate time-to-discovery in hard problems. The
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0.4 - —° 0.45 - .
: ¥ a0 e discovery@¥k := IP(discovery time < k)
. . o o o S o 2 | -
“Leverage in-context learning for in-weight learning.” 2 o g .. GRPO 040 studen
, T . SDFO —0- | e e | 221 s We evaluate Qwen3-8B on hard LiveCodeBench-vé
e Gradient : 014 o base model O 0.30 logit-level SDPO —— [ 0.30 - student (step 80) = =" problems (p055@64 < Q0. 5, pass@64 < OOS)
! Response y ~ 1 06 17 : 3 (') 50'00 10(')00 15(')00 1'0 2'0 3'0 4'0 .
InpUt prompt (X) » Student 0 1 E Model parameters (B) Number of Generations Steps Ba SElln es:

N\

e Best-of-k/ GRPO: Sampling k times from base.

Match student to teacher

Takeaway: SDPO scales with ~ Takeaways: (1) rich feedback helps across varying

Tteacher

Feedback (c) —— @ — Teacher

d (9) — KL(”H””teacher)

same model 7,

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

Ty (y; |1 x, ¢, y;)
my(yi | X, y<i)
2. On-policy distillation with a context-based
teacher

Maximize Ax,y,c):=log

... 1yl
Minimize  Zgppo® = o7 X KLz - lxy ol - 1%, ¢, 7))

i=1

Both yield the same gradient in expectation.

stronger in-context learners.

Results in the RLVR setting

credit assignment, (2) teacher improves during SDPO.
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The teacher reflects on wrong attempts, th Sh th 5h 1h S5h 1h S5h 1h  Sh
. Qwen3-8B 412 59.2 30.8 58.9 57.5

e.g., by comparing to correct attempts + GRPO 659 745 638 727 351 599 743 771 649 67.7

+ GRPO (on-policy) 63.3 634 63.6 636 498 498 739 741 602 657

from the same rollout group. + SDPO (on-policy) 73.2 80.9 66.6 756 50.6 568 721 784 68.0 68.5
Verifier Olmo3-7B-Instruct 22.8 37.7 16.2 36.7 39.3

X + GRPO 39.7 567 553 633 356 558 709 750 564 65.0

+ GRPO (on-policy) 514 575 62.7 627 498 498 733 735 568 60.6

+ SDPO (on-policy) 68.0 80.0 59.9 66.1 480 528 73.7 791 60.8 62.1

Teacher reflects on

wrong attempts by
comparing to
correct attempt

Attempt 1
Attempt 2
Question
Attempt 3 X
Attempt 4 X

e Multi-turn: Keeping feedback in context.

—o— SDPO
Very hard tasks (Pass@64 < 0.03)

—@— Multi-turn
Hard tasks (Pass@64 < 0.5)
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Takeaways:

e SDPO significantly increases discovery@k: SDPO solves
problems not solvable by the base model.

e Theinitial teacher does not yet solve questions: Teacher
feedback is directionally helpful.



