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Abstract

Self-evolving large language models (LLMs)
learn by generating their own training tasks
and solutions, reducing reliance on human-
curated supervision. However, in many rea-
soning domains, the model must also vali-
date generated tasks and judge generated an-
swers to obtain training signals. This cre-
ates a training-signal challenge: erroneous
self-judgments become erroneous gradient up-
dates. Existing approaches either rely on exter-
nal verifiers, which limits generality, or treat
noisy self-generated feedback as supervision.
We propose COSE (Confidence-Orchestrated
Self-Evolution), which uses the LLM’s intrin-
sic confidence as a lightweight uncertainty
signal to modulate learning. COSE intro-
duces confidence-weighted PPO updates and
confidence-prioritized replay. Across 19 held-
out benchmarks and four Qwen/Llama back-
bones (0.6B–4B), COSE consistently improves
over base models and achieves the best av-
erage performance in general reasoning and
mathematics, while remaining competitive on
code. Code and data are available at https:
//github.com/weibowen555/COSE_.

1 Introduction

Self-evolving LLMs aim to improve reasoning abil-
ity without relying entirely on human-curated su-
pervision. A model proposes training tasks, vali-
dates them, solves them, judges the resulting an-
swers, and learns from the feedback (Zhao et al.,
2025; Huang et al., 2025; Liu et al., 2025). This
paradigm is attractive because high-quality rea-
soning data is difficult to scale: many tasks re-
quire expert-written problems, reference answers,
or domain-specific annotation (Villalobos et al.,
2024). Recent progress in reinforcement learning
with verifiable rewards further shows that reliable
feedback can substantially improve LLM reason-
ing (Guo et al., 2025; OpenAI et al., 2026); self-

evolution seeks to obtain such feedback automati-
cally.

The central bottleneck is noisy self-generated
feedback. In domains such as code and some math-
ematics, generated solutions can often be checked
by execution, exact matching, or other verifiable
mechanisms. Outside these domains, self-evolving
systems must rely on LLM-generated feedback: a
Validator decides whether a generated task is valid,
and a Judge decides whether a generated answer is
correct. These signals are fragile. A model that can-
not reliably solve a difficult problem may also fail
to recognize whether the problem is well-formed
or whether a proposed solution is correct (Stechly
et al., 2024; Huang et al., 2024; Panickssery et al.,
2024).

This uncertainty is not merely an evaluation is-
sue; it becomes an optimization issue. In self-
evolution, validation and judging decisions are con-
verted into rewards, replay priorities, or filtering
decisions. False endorsements reward flawed rea-
soning, while false rejections discard useful super-
vision. Over repeated self-evolution cycles, these
errors can be replayed and amplified by policy up-
dates. The key question is therefore not only how to
generate more self-training data, but how to control
the training impact of uncertain LLM-generated
feedback.

We propose COSE (Confidence-Orchestrated
Self-Evolution), a confidence-aware framework for
self-evolving reasoning training. Its core intuition
is simple: do not treat all LLM-generated feedback
equally. COSE estimates the confidence of Val-
idator and Judge feedback from the entropy of the
model’s token-level output distribution, following
prior work on entropy-based confidence estima-
tion (Geifman and El-Yaniv, 2017; Malinin and
Gales, 2018; Geng et al., 2024). This confidence
is not a correctness guarantee; instead, it provides
a lightweight signal for reducing the influence of
uncertain feedback. COSE uses this signal in two
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Paradigm Training data Feedback source Limitation

SFT (Pareja et al., 2024) Human Q&A Human label Annotation does not scale.
RLVR (Guo et al., 2025) Human Q, self A Verifier Human tasks still required.
AZR (Zhao et al., 2025) Self-generated Q&A Python verifier Executable domains only.
MAE (Chen et al., 2025b) Self-generated Q&A LLM Judge Judge errors enter gradients.
R-Zero (Huang et al., 2025) Self-generated Q&A Majority-vote LLM Judge No per-sample confidence control.
COSE Self-generated Q&A LLM Judge with confidence

Table 1: Roadmap from human supervision to confidence-modulated self-evolution. Each row removes a source of
supervision until self-judging methods hit a new bottleneck: noisy LLM-generated feedback. COSE addresses this
by modulating each update using the model’s confidence while producing the feedback.

places: confidence-weighted PPO, which reduces
the gradient contribution of uncertain feedback,
and confidence-prioritized replay, which samples
more from confidently validated questions. In this
way, COSE turns confidence into a training-control
signal for self-evolution.

Our contributions are threefold:

• We identify noisy LLM-generated feedback
as a central optimization bottleneck in self-
evolving LLMs, covering both validation of
generated tasks and judgment of generated
answers.

• We formulate noisy LLM-generated feedback
as a per-sample training-control problem in
self-evolution, where each validation or judg-
ment signal affects learning according to its
confidence.

• We instantiate this formulation through
confidence-weighted PPO and confidence-
prioritized replay, and show across 19 held-
out benchmarks and four Qwen/Llama back-
bones that COSE consistently improves over
base models and outperforms or remains com-
petitive with prior self-evolving baselines.
Code and data are available at https://
github.com/weibowen555/COSE_.

2 Related Work

Table 1 situates COSE within the progression
from human supervision to self-evolving training.
SFT provides reliable human labels but is diffi-
cult to scale; RLVR replaces human answer la-
bels with verifiable rewards, but still depends on
human-written tasks and verifiable domains (Guo
et al., 2025; OpenAI et al., 2026); AZR removes
human-written tasks through self-generated exam-
ples, but remains tied to Python-executable verifi-
cation (Zhao et al., 2025); and MAE/R-Zero extend

self-evolution to open-domain reasoning with LLM
Judges, but largely treat accepted feedback as uni-
formly weighted training signal (Chen et al., 2025b;
Huang et al., 2025). COSE addresses this miss-
ing step by keeping self-generated tasks and open-
domain LLM feedback while adding per-sample
training control through confidence-weighted PPO
and confidence-prioritized replay. Detailed related
work on self-evolving LLMs, LLM-as-Judge uncer-
tainty, confidence estimation, and sample weight-
ing is provided in Appendix A.

3 Method

We introduce COSE (Confidence-Orchestrated
Self-Evolution), a self-evolving framework that
uses confidence from LLM-generated feedback to
make training more robust. COSE follows a sim-
ple principle: feedback from a Validator or Judge
should influence learning according to the model’s
confidence in producing that feedback. Figure 1
gives an overview. COSE uses a single backbone
model πθ with four prompt-conditioned roles: Pro-
poser, Validator, Solver, and Judge. The Proposer
generates candidate reasoning questions, the Val-
idator checks whether those questions are valid
and useful, the Solver produces answers, and the
Judge evaluates answer correctness. During train-
ing, only Proposer and Solver trajectories receive
optimization losses. The Validator and Judge are
used as inference-time feedback modules that pro-
vide scores and confidence.

Notation. We use q for a generated question
and a for a Solver answer. The Validator as-
signs each question a normalized quality score
v(q) ∈ [0, 1] and a confidence score cV (q) ∈ [0, 1].
The Judge assigns each answer a normalized cor-
rectness score p(q, a) ∈ [0, 1] and a confidence
score cJ(q, a) ∈ [0, 1]. A score of 0 denotes invalid
or incorrect feedback, while a score of 1 denotes
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� Proposer PPO
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<question>...</question>

8 Validator eval
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� Solver PPO
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<answer>...</answer>

u Judge eval
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1 2 3 4

õ Replay Buffer B
stores (q, v, cV , p, cJ )

priority ∝ v · cV · max
(
4p(1−p), 0.1

)

5

admit q, v, cV

update p, cJ

priority sample

Symbols

q, a question, answer
v(q) Proposer’s question score
p(q) Solver’s solve rate
cV (q) Validator confidence
cJ (q, a) Judge confidence

Confidence-Based Weighting

wP (q) = clip
(
v(q) cV (q), 0.1, 1.0

)

wS(q, a) = clip
(
v(q) cV (q) cJ(q, a), 0.1, 1.0

)
Low confidence in any judge

⇒ small w

⇒ erroneous endorsements contribute

little gradient.

v, cV , p, cJ

6 Reward, Weight & Update (PPO)
PPO objective (per trained role)

Lr
COSE = Ei

[
wr(i)·min(ρiAi, clip(ρi, 1±ϵ)Ai)

]

updates Proposer and Solver only

Cross-role rewards

rP = fP · v+4p(1−p)
2

, rS = fS ·p(q, a)
fr ∈ {0, 1} is the per-role format reward

data flow buffer read/write
PPO

trained via PPO eval inference only

COSE: Confidence-Orchestrated Self-Evolution

Figure 1: Overview of COSE. A single language model πθ is prompted to play four roles: Proposer, Validator,
Solver, and Judge. The Proposer generates candidate questions, the Validator scores and filters them, the Solver
answers replayed questions, and the Judge scores answer correctness. COSE computes sequence-level confidence
estimates from token-level normalized entropy and uses them to regulate training through confidence-weighted PPO
updates and confidence-prioritized replay.

fully valid or correct feedback. If the Validator or
Judge emits a discrete score, we linearly normalize
it to [0, 1] before computing rewards, replay prior-
ities, or PPO weights. For replay, we maintain a
question-level solve rate:

p(q) =
1

|Aq|
∑︂

a∈Aq

p(q, a), (1)

where Aq is the set of sampled Solver answers
for question q. Thus, p(q) ∈ [0, 1] and is used for
question-level replay priority and Proposer rewards,
while p(q, a) is used for Solver rewards.

3.1 Self-Evolution Loop
Each training iteration has two stages. First, the
Proposer generates candidate questions. The Val-
idator scores each question and filters out invalid
or low-quality ones. Accepted questions are stored
in a replay buffer B together with their validation
score v(q) and Validator confidence cV (q). The
Validator is used only as an inference-time feed-
back module for this step; no PPO loss is applied
to Validator trajectories.

Second, the Solver samples questions from B
and generates answers. For each answer a to ques-
tion q, the Judge assigns a correctness score p(q, a)
and confidence cJ(q, a). When multiple Solver an-
swers are generated for the same question, COSE
updates the question-level solve rate p(q) by av-
eraging their Judge scores. The replay buffer is
updated with p(q), allowing future sampling to pre-
fer questions that are valid, confidently judged, and
near the Solver’s current capability boundary. Like
the Validator, the Judge provides inference-time
feedback only; no PPO loss is applied to Judge.

Although all four roles share the same back-
bone checkpoint, COSE applies optimization only
through the Proposer and Solver roles. The Val-
idator and Judge influence training through their
scores and confidence estimates, but they are not
directly optimized as objectives. This separation is
important: COSE does not assume that LLM feed-
back is always correct, but instead controls how
strongly each feedback signal affects learning.
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General Reasoning
Method MMLU GPQA BBH LB-R ARC-C CQA OBQA NQ TriviaQA SQuAD Avg.

Qwen3-0.6B

Base 44.00 30.00 51.00 26.00 68.00 55.00 73.00 16.00 18.00 85.00 46.60
AZR 52.40 32.23 53.06 28.22 69.80 57.63 73.40 18.04 21.75 89.21 49.57
MAE 55.20 35.10 56.80 31.40 72.30 61.20 76.40 20.50 25.80 89.60 52.43
R-Zero 53.60 34.80 55.40 30.20 71.40 60.10 75.20 19.80 24.60 88.90 51.40
COSE 95.00 82.67 91.85 97.00 97.00 98.86 95.96 39.75 71.55 95.33 86.50

Qwen2.5-3B-Instruct

Base 63.40 34.67 53.79 20.80 80.60 66.80 67.80 27.80 51.60 78.20 54.55
AZR 63.40 38.93 52.57 22.27 82.80 74.36 77.55 35.33 56.67 90.85 59.47
MAE 61.40 35.42 57.51 23.48 84.20 71.54 79.39 37.98 60.13 92.28 60.33
R-Zero 62.80 35.60 55.20 22.90 81.90 72.40 76.80 36.10 58.20 91.40 59.33
COSE 67.50 34.67 58.89 28.80 83.00 78.33 79.67 45.67 53.00 95.01 62.45

Llama-3.2-3B-Instruct

Base 54.00 38.00 62.00 32.00 67.00 64.00 79.00 27.00 58.00 72.00 55.30
AZR 57.60 39.73 62.72 34.12 73.40 68.73 80.32 37.26 58.23 83.46 59.56
MAE 95.00 81.00 88.00 93.00 98.00 98.00 96.00 35.00 59.00 92.00 83.50
R-Zero 58.20 42.60 64.92 36.56 73.20 70.27 81.39 32.78 59.53 78.18 59.76
COSE 94.80 83.02 91.51 93.51 96.80 98.35 97.67 41.06 71.86 94.52 86.31

Qwen3-4B-Base

Base 93.00 85.00 92.00 75.00 97.00 97.00 97.00 28.00 66.00 91.00 82.10
AZR 93.40 83.20 90.60 78.80 96.80 97.40 96.60 36.20 68.40 94.20 83.56
MAE 94.20 82.60 90.80 79.40 96.90 97.60 96.80 35.40 68.90 94.00 83.66
R-Zero 93.80 82.40 90.30 78.10 96.70 97.30 96.40 35.80 68.20 93.80 83.28
COSE 96.20 84.85 91.29 94.41 97.40 98.68 96.65 40.25 73.33 95.15 86.82

Table 2: General reasoning results across four base models on 10 benchmarks. Best result is in bold.

3.2 Confidence from LLM Feedback
COSE estimates confidence directly from the token
probabilities produced when the Validator or Judge
generates feedback. Intuitively, if the model’s out-
put distribution is concentrated during feedback
generation, the feedback is more confident; if the
distribution is diffuse, it is less confident.

In our main experiments, COSE uses normalized
entropy confidence. Entropy-based confidence and
uncertainty estimates are standard in selective pre-
diction and uncertainty estimation (Geifman and El-
Yaniv, 2017; Malinin and Gales, 2018), and have
recently been studied for LLM generation confi-
dence (Lin et al., 2024; Geng et al., 2024). For
each generated token t, let Pt be the model’s next-
token distribution over vocabulary V . We compute
token-level confidence as

ct = 1− H(Pt)

log |V| , (2)

where H(Pt) is the entropy of Pt. Since 0 ≤
H(Pt) ≤ log |V|, we have ct ∈ [0, 1]. A uniform
distribution gives confidence 0, while a one-hot
distribution gives confidence 1.

For a Validator or Judge output sequence with
token-level confidences {ct}Tt=1, COSE aggregates

them into a sequence-level confidence score:

cseq =
1

T

T∑︂

t=1

ct. (3)

This aggregation captures the model’s confidence
during feedback generation, rather than only its
confidence in the final score token. The result-
ing sequence-level score becomes the Validator
confidence cV (q) for generated questions and the
Judge confidence cJ(q, a) for judged Solver an-
swers. Confidence is not assumed to guarantee
correctness; it is used only as a lightweight sig-
nal for modulating the training impact of uncertain
feedback.

3.3 Confidence-Weighted PPO
The main use of confidence is to weight PPO up-
dates. Standard PPO gives rewards equal training
weight once they are assigned, which is problem-
atic when rewards come from LLM-generated feed-
back. A low-confidence judgment may be noisy
or wrong, and updating strongly on such feedback
can reinforce errors.

COSE therefore scales samples by confidence
weights. For Proposer updates, the weight depends
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on question quality and Validator confidence:

wP (q) = clip
(︁
v(q)cV (q), 0.1, 1.0

)︁
. (4)

For Solver updates, the weight additionally in-
cludes the Judge confidence for the specific answer:

wS(q, a) = clip
(︁
v(q)cV (q)cJ(q, a), 0.1, 1.0

)︁
.
(5)

Because v(q), cV (q), and cJ(q, a) are all in [0, 1],
both weights lie in [0.1, 1.0]. Thus, if a question
is low-quality, the Validator is uncertain, or the
Judge is uncertain, the corresponding update has
less influence. We use a small lower bound rather
than discarding uncertain samples entirely, which
preserves exploration while still reducing the effect
of uncertain feedback.

3.4 Confidence-Prioritized Replay
COSE also uses confidence to prioritize replay.
Questions are sampled more often when they are
confidently validated and have intermediate diffi-
culty for the current Solver:

priority(q) ∝ v(q)cV (q)max(4p(q)(1−p(q)), 0.1).
(6)

The term 4p(q)(1−p(q)) lies in [0, 1] and is largest
when p(q) is near 0.5, so replay focuses on ques-
tions that the Solver answers correctly about half
of the time. These questions are more informative
than questions that are already solved consistently
or almost always failed. The factor v(q)cV (q)
prevents the buffer from over-sampling questions
whose validation is low-quality or uncertain.

3.5 Rewards
COSE trains the Proposer and Solver with simple
cross-role rewards. The Solver receives the Judge-
assigned correctness score for its specific answer:

rS(q, a) = fS(a) · p(q, a). (7)

The Proposer is rewarded for generating questions
that are both high-quality and learnable:

rP (q) = fP (q) ·
v(q) + 4p(q)(1− p(q))

2
. (8)

Here, fP (q), fS(a) ∈ {0, 1} are format-validity
indicators that ensure outputs contain the required
tags. Since v(q), p(q, a), and p(q) are normalized
to [0, 1], both rS(q, a) and rP (q) are also in [0, 1].
The Validator and Judge are not updated by PPO;
they only provide scores and confidence estimates.

4 Experiments

We evaluate COSE on 19 held-out benchmarks
across general reasoning, mathematics, and code
generation. Our experiments are designed to an-
swer seven questions: (RQ1) Does COSE improve
general reasoning? (RQ2) Does COSE improve
mathematical reasoning? (RQ3) Does COSE trans-
fer to code generation? (RQ4) How stable is COSE
during training? (RQ5) Which components of
COSE matter? (RQ6) How sensitive is COSE to
batch size and confidence-signal choice? (RQ7)
How does confidence weighting affect individual
self-generated rollouts?

4.1 Experimental Setup

Base models. We evaluate COSE on four
backbones spanning two model families and a
0.6B–4B parameter range: Qwen/Qwen3-0.6B,
Qwen/Qwen2.5-3B-Instruct,
meta-llama/Llama-3.2-3B-Instruct, and
Qwen/Qwen3-4B-Base. These are the exact model-
card identifiers used in our experiments. The 4B
checkpoint is the pretraining-only base model, not
the post-trained Qwen/Qwen3-4B model.

Baselines. We compare COSE with the untrained
Base model and three self-evolving baselines:
AZR (Zhao et al., 2025), which relies on a Python
interpreter for verification; MAE (Chen et al.,
2025b), which uses in-model Judge feedback as
supervision; and R-Zero (Huang et al., 2025),
which aggregates multiple model-generated out-
puts through self-judging. All methods are trained
from the same initial checkpoints.

Evaluation. We evaluate on three benchmark
groups. General reasoning includes MMLU,
GPQA, BBH, LiveBench Reasoning, ARC-
Challenge, CommonsenseQA, OpenBookQA, Nat-
ural Questions, TriviaQA, and SQuAD. Mathemat-
ics includes GSM8K, MATH-500, AMC, Minerva,
and Olympiad-Bench. Code generation includes
HumanEval, HumanEval+, MBPP, and MBPP+
from EvalPlus. None of these evaluation bench-
marks are used during COSE training. Prompts are
shown in Appendix G. Code and data are available
at https://github.com/weibowen555/COSE_.

4.2 General Reasoning Results (RQ1)

Table 2 reports general reasoning performance
across four backbones and ten benchmarks. All
self-evolving methods generally improve over the

47233

https://github.com/weibowen555/COSE_


(a) Qwen3-0.6B (b) Llama-3.2-3B-Instruct (c) Qwen3-4B-Base

Figure 2: Overall held-out evaluation accuracy over COSE training steps, shown separately for each base model.

corresponding base models, confirming that self-
generated training can provide useful supervision
even without human-curated reasoning data. COSE
achieves the highest average score on all four back-
bones, with the largest gains on Qwen3-0.6B and
Llama-3.2-3B-Instruct.

The model-wise pattern is informative. The
strongest improvements appear on relatively
weaker backbones, where the initial model has
more room to improve. One plausible explana-
tion is that feedback from weaker Validators and
Judges may also be less reliable, making uniformly
weighted self-evolution more fragile. AZR, MAE,
and R-Zero still improve in many settings, showing
that self-generated supervision is valuable, while
COSE’s larger gains in this regime are consistent
with its intended use of confidence as a relative
training-control signal. On the strongest Qwen3-
4B-Base backbone, the gains are smaller but still
positive. These comparisons do not directly es-
tablish that weaker models have noisier feedback;
measuring the relationship between confidence and
feedback correctness is a future research direction
discussed in the Limitations section.

4.3 Mathematics Results (RQ2)
Table 3 reports mathematics performance across
five benchmarks on representative backbones, with
the full four-backbone results provided in Ap-
pendix D. All self-evolving baselines improve over
the corresponding base models on average, con-
firming that self-generated mathematical practice
provides useful training signal. COSE achieves
the best average performance, with especially large
gains on Qwen3-0.6B and Llama-3.2-3B-Instruct.
The Qwen3-4B-Base baseline obtains 67.0% ac-
curacy on MATH-500 (335 correct answers out of
500).

Method GSM8K MATH-500 AMC Min. Olym. Avg.

Llama-3.2-3B-Instruct

Base 63.00 47.00 27.70 64.10 38.10 47.98
AZR 72.40 56.20 36.80 68.40 44.20 55.60
MAE 75.20 59.80 40.60 70.20 47.60 58.68
R-Zero 73.80 58.40 38.90 69.10 46.30 57.30
COSE 89.00 87.00 69.88 89.16 72.00 81.41

Qwen3-4B-Base

Base 85.00 67.00 62.60 78.70 66.80 72.02
AZR 93.20 82.40 64.80 81.10 68.60 78.02
MAE 92.80 83.20 65.60 81.80 69.40 78.56
R-Zero 92.40 82.60 64.90 81.20 68.90 78.00
COSE 94.40 86.40 68.80 88.38 78.72 83.34

Table 3: Mathematics results across two base models.
Min. and Olym. denote Minerva and Olympiad-Bench,
respectively.

Mathematics is a stress test for self-evolution
because the final answer is often short, but veri-
fying the solution requires checking intermediate
reasoning. Weaker backbones have more room to
improve, and their Validators and Judges may also
be less reliable, making naive self-evolution vulner-
able to accepting flawed derivations or rewarding
incorrect answers. COSE’s larger gains on Qwen3-
0.6B and Llama-3.2-3B-Instruct are consistent with
the intended role of confidence-based training con-
trol in reducing the influence of uncertain feedback.
On stronger backbones, the gains are smaller but
still meaningful, especially on harder benchmarks
such as AMC, Minerva, and Olympiad-Bench. Di-
rectly measuring the relationship between feedback
confidence and correctness is left to future work,
as discussed in the Limitations section.

4.4 Code Generation Results (RQ3)

Table 4 reports pass@1 on four EvalPlus code
benchmarks for two representative backbones, with
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Method HumanEval HumanEval+ MBPP MBPP+ Avg.

Qwen3-4B-Base

Base 78.66 73.17 79.63 67.72 74.80
AZR 80.50 75.00 79.90 67.50 75.73
R-Zero 78.00 73.20 80.40 68.30 74.98
COSE 79.30 73.80 79.90 67.50 75.13

Llama-3.2-3B-Instruct

Base 54.88 50.61 61.11 49.47 54.02
AZR 55.50 52.40 63.20 54.50 56.40
R-Zero 54.90 50.60 60.60 50.50 54.15
COSE 53.70 49.40 63.20 51.90 54.55

Table 4: Code benchmark results across two backbones.

the full four-backbone results provided in Ap-
pendix E. Across the full results, COSE is competi-
tive on all backbones and obtains the best average
code performance on Qwen3-0.6B and Qwen2.5-
3B-Instruct. On Qwen3-4B-Base and Llama-3.2-
3B-Instruct, AZR is slightly stronger, which is ex-
pected because code is the most favorable setting
for AZR: Python execution provides an external
verifier that is more reliable than an LLM Judge.

This result clarifies the role of COSE. COSE
is not designed to replace exact verifiers when
they are available; executable feedback remains the
strongest signal for code-like tasks. Instead, COSE
targets the broader setting where exact verification
is unavailable or incomplete. The important obser-
vation is that COSE does not sacrifice code abil-
ity while improving general reasoning and math-
ematics. This suggests that confidence-weighted
training does not merely overfit to noisy natural-
language reasoning tasks; it provides a conservative
update rule that can coexist with domains where
feedback is already relatively reliable. In other
words, COSE is most valuable when verification
is weak, but it remains compatible with domains
where stronger feedback exists. The full code table
is reproduced in Appendix E, which discusses how
the absence of regression on code closes the alter-
native explanation that COSE’s math gains come
from a domain-specific training instability.

4.5 Training Dynamics (RQ4)

Figure 2 shows held-out performance over COSE
training. The curves reveal that improvement is not
uniform across domains: mathematics and general
reasoning account for most of the gains, while code
is comparatively stable. This is consistent with the
different feedback regimes across domains. Code
has relatively concrete correctness signals and less

room for confidence control to change the update
direction, whereas math and general reasoning rely
more heavily on LLM feedback and therefore ben-
efit more from regulating uncertain judgments.

The curves also show that self-evolution is not
simply a monotonic data-scaling process. Some
models improve quickly and then plateau or fluctu-
ate, especially on mathematics. The replay buffer
gradually changes the training distribution: as the
Solver improves, previously useful questions be-
come easy, while newly generated harder questions
may be more difficult to validate and judge. The
observed dynamics are consistent with a stabilizing
effect of confidence control, but they do not directly
establish the relationship between intrinsic uncer-
tainty and feedback correctness. Checkpoint selec-
tion and replay balance therefore remain important
for long self-evolution runs. A per-benchmark view
is provided in Appendix F.

4.6 Ablation Study (RQ5)
Table 5 studies the contribution of COSE’s main
mechanisms. The full model uses both confidence-
weighted PPO and confidence-prioritized replay.
We compare it with three variants: w/o weight-
ing, which removes confidence weights from PPO
updates; w/o priority, which removes confidence
from replay sampling; and 1−p learnability, which
replaces the intermediate-difficulty replay signal
4p(q)(1 − p(q)) with the pure difficulty signal
1 − p(q). Removing confidence-weighted PPO
causes the largest drop, especially in mathemat-
ics, showing that weighting is the main empiri-
cal contributor. This result is consistent with, but
does not directly verify, the hypothesis that down-
weighting uncertain feedback protects optimiza-
tion. Removing replay priority has a smaller but
consistent effect, indicating that buffer sampling
also contributes. The 1 − p variant can degrade
performance, suggesting that always prioritizing
hard questions may over-sample examples that are
unsolvable, invalid, or beyond the current Solver’s
learning frontier.

4.7 Hyperparameter Study (RQ6)
RQ6 studies whether COSE is sensitive to two prac-
tical choices: training batch size and the confidence
signal used for Validator and Judge feedback. Since
COSE uses confidence as a relative uncertainty
signal rather than a calibrated probability of cor-
rectness, we expect moderate robustness to these
choices.
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Qwen3-0.6B Llama-3.2-3B-
Instruct

Variant General Math Code General Math Code

COSE (full) 85.36 79.64 48.33 86.31 81.41 54.47

w/o weighting 80.74 69.28 45.12 81.03 68.92 50.36
w/o priority 83.12 75.31 46.87 84.02 76.44 52.18
1−p learnability 82.65 72.84 47.05 83.76 73.19 52.61

Table 5: Ablation study on two backbones.

Qwen3-0.6B Llama-3.2-3B-
Instruct

Batch size General Math Code General Math Code

B = 32 84.71 78.36 47.82 85.42 80.35 53.61
B = 64 85.36 79.64 48.33 85.87 80.92 54.06
B = 128 85.58 80.02 48.61 86.31 81.41 54.47

Table 6: Effect of training batch size.

Training batch size. Table 6 shows that COSE
is not highly sensitive to batch size: all settings
achieve similar downstream performance on both
backbones. The mild upward trend with larger
batches is nevertheless meaningful. Larger batches
expose PPO to a more diverse set of self-generated
questions and reduce variance in the confidence-
weighted update. This is useful in self-evolution
because individual feedback signals can be noisy,
and small batches may overreact to a few confi-
dently wrong or unusually difficult examples. The
trend suggests that batch size mainly affects train-
ing smoothness rather than changing the qualitative
behavior of COSE.
Confidence signal. Table 7 compares several in-
trinsic confidence signals on Qwen3-0.6B. All sig-
nals perform similarly, with normalized entropy
slightly better overall. This suggests that COSE is
not highly sensitive to the exact confidence estima-
tor. The key empirical requirement appears to be
a useful relative weighting signal; directly measur-
ing how each estimator correlates with feedback
correctness is left to future work.

4.8 Qualitative Examples (RQ7)

RQ7 illustrates how confidence affects individual
self-evolution updates. Figure 3 compares a high-
confidence correct rollout with a low-confidence
erroneous one. The important point is not that
COSE can perfectly identify every wrong judg-
ment; it cannot. Rather, the example shows how
COSE changes the consequence of an uncertain
judgment. In a standard self-judging loop, an in-
correct endorsement can produce a full-strength

Confidence signal General Math Code

Norm. entropy (COSE) 85.36 79.64 48.33
Self-certainty 85.01 79.18 48.06
Margin 84.93 78.96 47.91
Max logit 84.81 78.84 47.78
Neg. entropy 85.12 79.27 48.11

Table 7: Effect of confidence signal on Qwen3-0.6B.

High-confidence path → full gradient
All four roles agree; wS ≈ 1.0

PROPOSER  A train travels 60 km in 45 min. Speed in km/h?
VALIDATOR  v=0.78  cV=0.91

SOLVER  45 min = 0.75 h; 60/0.75 = 80 km/h.

JUDGE  p̃=0.96  cJ=0.94

wS = clip(v·cV·cJ, 0.1, 1.0) =
clip(0.78·0.91·0.94)
wS = 0.67

→ Near-undamped PPO update.

Low-confidence path → damped gradient
Judge uncertain on borderline answer; wS clips to floor

PROPOSER  A 240 L tank fills at 12 L/min while leaking
4 L/min. Time to fill?

VALIDATOR  v=0.51  cV=0.62

SOLVER  Net rate = 12 − 4 = 8 L/min. Time = 240/12 = 20
min.

Sets up rate correctly, then divides by 12 instead of 8 (true answer: 30
min).

JUDGE  p̃=0.55  cJ=0.31
Low cJ: entropy spikes at final-answer token.

wS = clip(0.51·0.62·0.31, 0.1, 1.0) =
clip(0.098)

wS = 0.10 (floor)

→ Erroneous endorsement: ~7× less gradient.

Figure 3: Two examples illustrating confidence-
weighted gradient contribution.

positive update. In COSE, the same endorsement
receives a smaller Solver weight when the Judge is
uncertain, so the model is less likely to reinforce the
faulty reasoning pattern. This qualitative behavior
matches the ablation results: the largest gains come
from controlling gradient strength, not simply from
filtering examples or generating more tasks.

5 Conclusion

We presented COSE, a confidence-orchestrated
framework for self-evolving reasoning training.
COSE addresses noisy LLM-generated validation
and judging feedback by estimating confidence
from Validator and Judge outputs and using it
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to control learning through confidence-weighted
PPO and confidence-prioritized replay. Across 19
held-out benchmarks and four Qwen/Llama back-
bones, COSE improves over base models and re-
mains competitive with or stronger than prior self-
evolving baselines. Ablations show that confidence-
weighted PPO is the key contributor, while replay
priority provides additional gains. Overall, COSE
shows that self-evolution becomes more effective
when models not only learn from their own feed-
back, but also control how strongly uncertain feed-
back affects training.

Limitations

COSE reduces the influence of uncertain LLM-
generated feedback, but it does not guarantee that
the feedback is correct. High-confidence Valida-
tor or Judge outputs can still be wrong, especially
on adversarial, ambiguous, or out-of-distribution
reasoning problems. Confidence should there-
fore be understood as a heuristic uncertainty sig-
nal rather than a formal correctness certificate.
This limitation is particularly important in self-
evolution, where repeated training on confidently
wrong feedback may still reinforce errors over mul-
tiple rounds.

Future research directions. Several additional
evaluations remain for future work. Although our
ablations establish the practical utility of confi-
dence weighting, the present study does not di-
rectly quantify the correlation between intrinsic
uncertainty and Validator or Judge correctness. A
systematic checkpoint-level audit should measure
correctness and error rates across confidence bins,
calibration or rank correlation, score-distribution
drift during training, and the behavior of the shared
Validator and Judge roles over time. We plan to
report this analysis in follow-up work, using exact-
answer or execution-based ground truth for Judge
decisions and controlled valid, invalid, and ambigu-
ous questions for Validator decisions. Our current
evaluation also uses one greedy generation per test
item and therefore does not quantify inference vari-
ance under sampled decoding. Follow-up work
will examine repeated generations with sampled
decoding, report mean performance and variance,
compare deterministic companion metrics on repre-
sentative benchmarks, and study stronger external
verifier or Judge upper bounds. These analyses are
not part of the empirical evidence presented in this
paper.

COSE also relies on access to token-level prob-
ability distributions. This makes the method well
suited to open-weight models and inference se-
tups that expose logits, but less directly applica-
ble to black-box APIs that only return generated
text. While alternative confidence signals such as
self-consistency or verbalized confidence could be
used in black-box settings, they may require ad-
ditional sampling and may not provide the same
fine-grained signal as token-level entropy.

Another limitation is that our experiments focus
on relatively small open-weight backbones, rang-
ing from 0.6B to 4B parameters. These models
are important because self-evolution is especially
useful when strong human-curated supervision is
unavailable, but our results do not fully characterize
scaling behavior. Larger models may produce less
noisy validation and judging feedback, which could
reduce the marginal benefit of confidence weight-
ing, or they may generate more persuasive but still
incorrect judgments, which could make confidence
control even more important. Evaluating COSE on
larger models and longer self-evolution runs is an
important direction for future work.

Our current implementation also uses a simple
confidence computation based on normalized en-
tropy and sequence-level aggregation. Although
the hyperparameter study suggests that COSE is
not highly sensitive to the exact confidence esti-
mator, more calibrated confidence measures may
further improve training stability. In particular, fu-
ture work could combine token-level confidence
with semantic uncertainty, cross-sample agreement,
or external verifiers when available.

Finally, COSE is designed for reasoning tasks
and is evaluated on general reasoning, mathemat-
ics, and code generation benchmarks. It is not
intended to replace domain-specific verification
in high-stakes settings. For applications such as
medicine, law, finance, or safety-critical engineer-
ing, confidence-weighted self-evolution should be
combined with expert review, external tools, and
task-specific validation protocols.

Ethical Considerations

COSE studies how models can improve from self-
generated tasks and feedback. This can reduce
dependence on costly human annotation, but it also
raises risks if self-evolved models amplify incorrect
reasoning, biased judgments, or harmful problem
distributions. Our experiments use standard rea-
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soning, mathematics, and code benchmarks and do
not involve private user data or human-subject an-
notation. Nevertheless, COSE should be deployed
cautiously: confidence-weighted feedback is not a
substitute for human oversight or external verifica-
tion in high-stakes domains. We encourage future
work to audit self-generated training data, monitor
bias and failure modes across self-evolution rounds,
and clearly document when model-generated feed-
back is used as supervision.
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This appendix provides additional details and
results that support the main paper. Appendix A
gives a detailed discussion of related work, includ-
ing self-evolving LLMs, LLM-as-Judge behavior,
confidence estimation, and sample weighting. Ap-
pendix B provides background on SFT, RLVR, and
self-evolution. Appendix C reports experimental
setup details, including benchmarks, evaluation set-
tings, and training hyperparameters. Appendix D
provides the full mathematics results across all four
backbones. Appendix E provides the full code re-
sults. Appendix F presents per-benchmark training
dynamics. Appendix G includes the role prompts
used by the Proposer, Validator, Solver, and Judge.
Appendix H describes evaluation prompts. Ap-
pendix I summarizes the notation used by COSE.
Appendix J documents artifact and license informa-
tion. Appendix K reports compute infrastructure
and API-based evaluation cost.

A Detailed Related Work

Self-evolving LLMs. Self-evolving frameworks
train a model to generate, attempt, and learn from
its own tasks, reducing the need for human-curated
supervision. Externally grounded methods obtain
feedback from verifiers or environments, such as
Python execution in AZR (Zhao et al., 2025) or
retrieval over a document corpus in SPICE (Liu
et al., 2025). These signals are reliable within
their supported domains, but they do not generalize
to reasoning tasks without executable or retrieval-
grounded verification. Self-judging methods such
as MAE (Chen et al., 2025b) and R-Zero (Huang
et al., 2025) broaden the scope by using model-
generated feedback, but then inherit the uncertain
feedback limits of LLM judges. Other work im-
proves self-evolution with role specialization, en-
vironment grounding, diversity preservation, and
learnability mechanisms (Chen et al., 2025a; Acik-
goz et al., 2026; Wang et al., 2025; Li et al., 2026;
Liu et al., 2026). COSE is complementary to these
directions: it focuses on how much self-generated
validation and judging feedback should be trusted
during learning.

LLMs judging their own outputs. LLM-
as-Judge has become a common evaluation
paradigm (Zheng et al., 2023), but many studies
show that LLM judgments are biased and noisy.
Models can prefer their own outputs (Panickssery
et al., 2024; Xu et al., 2024), depend on answer
position or style (Wang et al., 2024), and struggle

most on harder reasoning tasks (Stechly et al., 2024;
Huang et al., 2024). Surveys further document
the strengths and limitations of LLM-based evalua-
tion (Gu et al., 2024; Li et al., 2024). These limita-
tions are especially important for self-evolution be-
cause validation and judging errors are not merely
evaluation noise; they become reward signals that
can be amplified by later policy updates.

Confidence estimation for model feedback.
Confidence estimation has long been studied
through predictive distributions. Maximum soft-
max probability and logit-based scores are stan-
dard baselines for identifying misclassified or out-
of-distribution examples (Hendrycks and Gimpel,
2017), while calibration work shows that neural
probabilities can be overconfident and require cor-
rection (Guo et al., 2017). Entropy-based methods
use predictive entropy or normalized entropy to
measure uncertainty in the output distribution (Geif-
man and El-Yaniv, 2017; Malinin and Gales, 2018).
For LLMs, recent work studies confidence through
token probabilities, semantic uncertainty, and con-
sistency across samples (Kadavath et al., 2022;
Kuhn et al., 2023; Lin et al., 2024; Manakul et al.,
2023; Geng et al., 2024). COSE adopts this broad
view of confidence, but uses it as a training-control
signal: Validator and Judge confidence determines
how strongly self-generated feedback affects PPO
updates and replay sampling.

Sample weighting and prioritized replay.
COSE uses confidence through sample weighting
and prioritized replay, both of which are standard
optimization tools. Prioritized experience replay
increases the sampling probability of more useful
transitions, often using TD error as the priority
signal (Schaul et al., 2016; Horgan et al., 2018).
PPO uses importance ratios to stabilize policy opti-
mization (Schulman et al., 2017), and preference-
optimization methods weight updates by reward-
model confidence or preference strength (Coste
et al., 2024; Rafailov et al., 2023; Wu et al., 2024).
COSE differs in the source of the weighting sig-
nal. Instead of relying on TD error or external re-
ward confidence, it uses intrinsic confidence from
the same Validator and Judge that produce self-
evolution feedback, making the learning loop aware
of when its own feedback is uncertain.
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B Preliminaries

We situate COSE against two training paradigms
it builds on. Supervised fine-tuning (SFT) min-
imizes the conditional negative log-likelihood
LSFT(θ) = −E(x,c⋆,y⋆)∼D log πθ(c

⋆, y⋆ | x) on
human-annotated demonstrations (x, c⋆, y⋆) of
queries, chain-of-thought rationales, and reference
answers. Reinforcement learning with verifiable
rewards (RLVR) relaxes this to (x, y⋆) pairs by hav-
ing the model generate its own traces and rewarding
outputs against an external verifier r(y, y⋆),

JRLVR(θ) = E(x,y⋆)∼D, y∼πθ(·|x)
[︁
r(y, y⋆)

]︁
. (9)

Self-evolving methods (Zhao et al., 2025; Huang
et al., 2025; Liu et al., 2025) go one step further,
removing the human-curated (x, y⋆) entirely and
replacing r with a model-based estimate r̂(y) =
Jθ(y), where the Judge Jθ is the same policy under
an evaluation prompt:

Jself(θ) = Ex∼D, y∼πθ(·|x)
[︁
Jθ(y)

]︁
. (10)

The price of this autonomy is that every Judge ver-
dict becomes a gradient update, and the generator
and Judge share parameters (Stechly et al., 2024;
Huang et al., 2024): the errors the Judge fails to
detect are precisely the errors training will rein-
force. The signal needed to identify those errors—
per-sample token-level confidence—is already pro-
duced at every rollout but discarded by existing
self-evolving frameworks.

C Experimental Setup

Evaluation benchmarks. We evaluate on 19
held-out benchmarks organized by domain.
General reasoning comprises 10 benchmarks:
MMLU (Hendrycks et al., 2021a), GPQA (Rein
et al., 2024), BBH (Suzgun et al., 2023),
LiveBench Reasoning (White et al., 2025),
ARC-Challenge (Clark et al., 2018), Com-
monsenseQA (Talmor et al., 2019), Open-
BookQA (Mihaylov et al., 2018), Natural
Questions (Kwiatkowski et al., 2019), Trivi-
aQA (Joshi et al., 2017), and SQuAD (Ra-
jpurkar et al., 2016). Mathematics comprises
5 benchmarks: GSM8K (Cobbe et al., 2021),
MATH-500 (Hendrycks et al., 2021b), AMC, Min-
erva (Lewkowycz et al., 2022), and Olympiad-
Bench (He et al., 2024). Code comprises 4 bench-
marks: HumanEval and HumanEval+, MBPP and
MBPP+, all from the EvalPlus suite (Liu et al.,

2023). None of these benchmarks appear in the
COSE training loop; all evaluation is on held-out
data.

Evaluation protocol. We use greedy decoding
(T=0, n=1) for all evaluations. Code bench-
marks are evaluated with EvalPlus and reported
as pass@1 percentages. For mathematics and gen-
eral reasoning benchmarks, we follow the evalu-
ation protocol of MAE (Chen et al., 2025b) and
use gpt-4.1-nano as the judge with a fixed scor-
ing template. The judge receives the problem,
the model prediction, and the reference answer
when available, and determines whether the pre-
diction should be counted as correct. We report
these results as GPT-judge accuracy. We use the
same evaluation prompts, decoding settings, judge
model, and scoring procedure for all methods. Self-
generated training questions are not sampled from
evaluation benchmarks, and we apply benchmark-
name and exact-match filtering against held-out
evaluation data to reduce contamination risk.

Hyperparameters. We train each base model
for a fixed step budget—260 steps for Qwen3-0.6B,
200 steps for Qwen3-4B-Base, 100 steps for Llama-
3.2-3B-Instruct, and 100 steps for Qwen2.5-3B-
Instruct—selected to match the compute used by
the baselines. PPO uses clip ratio ϵ=0.2, learn-
ing rate 1×10−6 with cosine decay, KL coefficient
0.01 against the reference policy, batch size 128,
and a per-sample weight floor of 0.1 (Eq. 5). The
replay buffer B has capacity 8K and is sampled
proportionally to Eq. 6. The Proposer/Validator
phase runs every K=1 step.

D Math Results

Table 3 in the main body reports mathematics per-
formance on Llama-3.2-3B-Instruct and Qwen3-
4B-Base; the full table covering all four backbones
is reproduced as Table 8 here. We use the expanded
view to make three observations that the main body
does not have space for and that tighten the argu-
ment of Section 4.3.

COSE’s advantage is larger on several harder
benchmarks. On Qwen3-0.6B, COSE’s gains
over the strongest baseline are +7.4 on GSM8K,
+13.8 on MATH-500, +15.85 on AMC, +22.78
on Minerva, and +38.18 on Olympiad-Bench.
Large gains also appear on Llama-3.2-3B-Instruct
(+13.8, +27.2, +29.28, +18.96, and +24.40),
and a muted version appears on Qwen3-4B-Base.
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This descriptive pattern is consistent with the in-
tended role of confidence weighting on difficult
problems. However, benchmark difficulty is only
a contextual proxy: these results do not directly
measure Judge errors or the correlation between
confidence and correctness.

Improvements are smaller on Qwen2.5-3B-
Instruct. Qwen2.5-3B-Instruct starts at 49.52
mathematics average, compared with 47.98 for
Llama-3.2-3B-Instruct, and improves less under
every method: AZR gains 2.78 points, MAE gains
3.60, R-Zero gains 2.84, and COSE gains 5.12.
COSE trails MAE on AMC (39.17 vs. 41.80) but
gains +12.50 over Base on Minerva. The smaller
overall changes may reflect benchmark headroom,
optimization differences, feedback quality, or a
combination of these factors; the current experi-
ments do not isolate their contributions.

The 4B base model retains gains on harder
mathematics. On Qwen3-4B-Base, Olympiad-
Bench and Minerva show the largest COSE gains
over the next-best baseline (+9.32 and +6.58, re-
spectively), while GSM8K and MATH-500 show
+1.20 and +3.20. Thus the larger backbone
still benefits on benchmarks with more remaining
headroom. Interpreting this pattern as a conse-
quence of feedback uncertainty requires the direct
uncertainty–correctness audit described in the Lim-
itations section, which we leave to future work.

Implications. Across the four backbones,
COSE’s gains vary with benchmark difficulty
and headroom rather than forming a fixed mul-
tiplicative improvement. This is an empirical
performance pattern, not direct evidence about
Judge calibration or feedback noise.

E Code Results

Code is the domain where COSE has the compet-
itive theoretical case: HumanEval, HumanEval+,
MBPP, and MBPP+ all admit deterministic correct-
ness via test execution, which is the kind of feed-
back COSE’s confidence weighting is designed to
substitute for. We include the full four-backbone
code table (Table 9) here not because it shows large
gains but because it tests a specific failure mode
that any training-control method must avoid: de-
grading performance in regimes where its mecha-
nism does not apply.

Method GSM8K MATH-500 AMC Min. Olym. Avg.

Qwen3-0.6B

Base 81.00 67.00 41.00 48.80 30.40 53.64
AZR 84.20 70.40 45.30 53.60 36.80 58.06
MAE 85.60 72.20 47.80 55.40 39.20 60.04
R-Zero 84.80 71.60 46.90 54.80 38.40 59.30
COSE 93.00 86.00 63.65 78.18 77.38 79.64

Qwen2.5-3B-Instruct

Base 85.20 60.40 39.76 34.52 27.73 49.52
AZR 86.40 62.40 41.10 41.22 30.40 52.30
MAE 86.80 63.20 41.80 42.60 31.20 53.12
R-Zero 86.00 62.80 41.30 40.90 30.80 52.36
COSE 87.33 67.67 39.17 47.02 32.00 54.64

Llama-3.2-3B-Instruct

Base 63.00 47.00 27.70 64.10 38.10 47.98
AZR 72.40 56.20 36.80 68.40 44.20 55.60
MAE 75.20 59.80 40.60 70.20 47.60 58.68
R-Zero 73.80 58.40 38.90 69.10 46.30 57.30
COSE 89.00 87.00 69.88 89.16 72.00 81.41

Qwen3-4B-Base

Base 85.00 67.00 62.60 78.70 66.80 72.02
AZR 93.20 82.40 64.80 81.10 68.60 78.02
MAE 92.80 83.20 65.60 81.80 69.40 78.56
R-Zero 92.40 82.60 64.90 81.20 68.90 78.00
COSE 94.40 86.40 68.80 88.38 78.72 83.34

Table 8: Mathematics results across four base models.
Min. and Olym. denote Minerva and Olympiad-Bench,
respectively.

No backbone regresses meaningfully under
COSE. The largest negative delta from Base
is −1.21 on Llama-3.2-3B-Instruct HumanEval+,
and no COSE cell falls more than 1.21 points below
its Base counterpart. The largest deficit relative to
any listed baseline is −3.00 on that same bench-
mark compared with AZR. Overall, COSE does not
show systematic code degradation while improving
general reasoning and mathematics.

COSE leads on two lower-starting backbones.
The two backbones where COSE wins on average—
Qwen3-0.6B (+1.65 over R-Zero) and Qwen2.5-
3B-Instruct (+0.15 over R-Zero)—are the two
lower-starting code backbones (44.12 and 69.47,
compared with 54.02 and 74.80 for the others). The
Qwen3-0.6B gain is +4.21 points over Base. This
is a descriptive association; without a direct audit
of feedback correctness, it does not establish why
the gains differ across backbones.

AZR’s advantage on Llama-3.2-3B-Instruct is
consistent with the design. AZR is the strongest
method on Llama-3.2-3B-Instruct code (+2.38
over base on average), and we read this as a feature
of the comparison, not a counterexample. AZR

47243



Method HumanEval HumanEval+ MBPP MBPP+ Avg.

Qwen3-4B-Base

Base 78.66 73.17 79.63 67.72 74.80
AZR 80.50 75.00 79.90 67.50 75.73
R-Zero 78.00 73.20 80.40 68.30 74.98
COSE 79.30 73.80 79.90 67.50 75.13

Qwen3-0.6B

Base 40.24 35.98 54.50 45.77 44.12
AZR 39.60 36.60 54.50 46.80 44.38
R-Zero 42.70 39.00 56.30 48.70 46.68
COSE 45.70 41.50 56.10 50.00 48.33

Llama-3.2-3B-Instruct

Base 54.88 50.61 61.11 49.47 54.02
AZR 55.50 52.40 63.20 54.50 56.40
R-Zero 54.90 50.60 60.60 50.50 54.15
COSE 53.70 49.40 63.20 51.90 54.55

Qwen2.5-3B-Instruct

Base 73.78 68.90 73.28 61.90 69.47
AZR 72.60 68.90 73.50 61.90 69.23
R-Zero 74.40 70.70 74.60 61.90 70.40
COSE 75.00 70.70 73.50 63.00 70.55

Table 9: Code benchmark results across four backbones.

uses Python execution as its training signal; code
is the regime where this signal is most direct, and
we should expect a verifier-grounded method to be
competitive or stronger here. The important ob-
servation is that COSE does not lose substantially
in this regime—0.53 above Base and 1.85 below
AZR—despite being designed for a fundamentally
different feedback regime. This is the boundary
we draw in the main body: COSE is most valuable
when verification is weak, but remains compatible
with domains where stronger feedback exists.

F Per-Benchmark Training Dynamics

Figure 2 in the main body aggregates COSE train-
ing into three domain averages per backbone. Ag-
gregation is useful for headline claims but hides
exactly the failure modes that motivate confidence
weighting in the first place: averages smooth over
benchmarks where gains and losses cancel, and
they suppress the within-run instabilities that would
dominate a single-benchmark view. This appendix
presents the per-benchmark training curves, one
figure per backbone. Each panel shows held-out ac-
curacy for one benchmark with an auto-zoomed y-
axis (so small movements remain legible), a dashed
reference at the step-0 starting accuracy, and a cor-
ner annotation reporting final−initial ∆ (green for
∆ > 0.005, red for ∆ < −0.005, grey for ties).
Top-spine color encodes the benchmark domain.

Benchmark order is identical across the three fig-
ures, so panels at the same grid position correspond
directly between backbones.

The three figures show distinct descriptive
regimes: early dips followed by recovery on
Qwen3-0.6B, early gains followed by partial de-
clines on Llama-3.2-3B-Instruct, and compara-
tively small changes on Qwen3-4B-Base. We dis-
cuss these trajectories as observations rather than
as direct measurements of feedback uncertainty or
Judge correctness.

F.1 Qwen3-0.6B: Early Dips Followed by
Recovery

The Qwen3-0.6B figure (Figure 4) starts at 0.47
overall and ends at 0.74. The per-benchmark view
shows that this aggregate gain is not monotonic.

Several benchmarks (MMLU, OBQA, CSQA,
ARC-C, and GSM8K) decline in the first 40–80
steps before recovering. Removing confidence
weighting in Table 5 costs over 10 absolute mathe-
matics points on this backbone, substantially more
than removing replay priority. Together, these re-
sults are consistent with the intended damping ef-
fect of confidence-weighted PPO. The curves alone,
however, do not establish which individual Judge
decisions were wrong or whether their confidence
rose during recovery.

The LiveBench-R curve remains near 0.15 for
roughly 150 steps and then jumps to approximately
0.9. This plateau may reflect delayed acquisition
of relevant reasoning patterns, replay effects, or
feedback quality. A targeted audit is needed to
distinguish among these explanations.

The four code panels move by less than 0.08
each. Because HumanEval and MBPP admit de-
terministic execution-based evaluation, these com-
paratively flat curves are consistent with the code
results in Section 4.4: COSE does not show a sys-
tematic code regression while improving other do-
mains.

F.2 Llama-3.2-3B-Instruct: Early Gains
Followed by Partial Declines

The Llama-3.2-3B-Instruct figure (Figure 5) shows
a different trajectory. Five benchmarks (LiveBench-
R, MATH-500, AMC, Minerva, Olympiad-Bench)
climb sharply in the first 40–60 steps, peak, and
then partially decline. NQ and TriviaQA oscillate
without a clean trend.

The declines are gradual—typically 0.05–0.15
absolute over 40 steps—and concentrate in math-
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ematics. This pattern may reflect replay distribu-
tion shift, feedback reliability, ordinary optimiza-
tion variance, or their interaction. It is consistent
with the limitation that confidence weighting can-
not guarantee correct feedback, but it does not by
itself identify Judge miscalibration as the cause.

F.3 Qwen3-4B-Base: Comparatively Small
Changes

On Qwen3-4B-Base (Figure 6), eleven of nineteen
panels move by less than 0.05 absolute, making
this the smallest-change regime among the three
backbones.

The largest gains appear where substantial head-
room remains—LiveBench-R increases from 0.75
to 0.95 and Olympiad-Bench from 0.67 to 0.82—
while many higher-starting benchmarks fluctuate
within narrow bands. GPQA ends at its start-
ing value of 0.85 after reaching 0.88 mid-training.
These observations are consistent with limited
changes near saturation, but do not guarantee sta-
bility beyond the evaluated run.

The one substantive regression—TriviaQA,
−0.11—is the largest negative delta in these ex-
periments. One possible explanation is curriculum
drift: the Proposer prompt (Appendix G) explicitly
discourages trivia-style and web-dependent ques-
tions, so the self-generated training distribution
moves away from the regime sampled by TriviaQA.
Another possibility is a shift toward longer answers
that hurts short factual recall. NQ shows a smaller
decline (−0.04). Distinguishing these hypotheses
requires controlled follow-up experiments.

F.4 What the per-benchmark view adds to the
paper’s argument

Read together, the figures document early recov-
ery on Qwen3-0.6B, partial post-peak declines on
Llama-3.2-3B-Instruct, and smaller changes on
Qwen3-4B-Base. These descriptive patterns are
consistent with the intended damping effect of con-
fidence weighting, but they do not directly identify
feedback uncertainty, Judge miscalibration, or cur-
riculum drift as their causes. Establishing those
mechanisms requires the uncertainty–correctness
audit described in the Limitations section, which
we leave to future work. The curves also show
that the final-step checkpoint is not always the best
checkpoint, motivating explicit checkpoint selec-
tion in longer runs.

G Role Prompts

This appendix summarizes abbreviated prompt tem-
plates for the four roles in COSE, retaining their
essential structure and constraints. In our prompts,
the Validator and Judge output integer scores on
a fixed scale; we normalize these scores to [0, 1]
before use.

G.1 Proposer Prompt

Task: Create a challenging and self-
contained reasoning task suitable for
evaluating general intelligence or instruc-
tion following.

Requirements:

• The task must require multi-step
reasoning or structured planning.

• The task must be deterministic or
tightly constrained.

• Avoid trivia, subjective prompts,
web-dependent knowledge, or un-
solvable questions.

• Output format:

<question>
[generated question]
</question>

G.2 Validator Prompt

Task: Evaluate the quality of a generated
question using a strict rubric.

Scoring Criteria:

• Unsolvable, contradictory, unsafe,
or incoherent questions receive
scores in [1, 3].

• Ambiguous or incomplete questions
receive scores in [4, 7].

• Clear, feasible, self-contained, and
logically sound questions receive
scores in [8, 10].

The Validator first generates internal rea-
soning inside <think> tags, then outputs
a final integer score inside <score> tags.

G.3 Solver Prompt

Task: Produce a complete solution to the
provided reasoning or planning problem.

Instructions:
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Figure 4: Per-benchmark training dynamics under COSE on Qwen3-0.6B.

• Reason step-by-step before answer-
ing.

• Satisfy all constraints in the task.
• Return the final response inside:

<answer>
[solution]
</answer>

G.4 Judge Prompt

Task: Evaluate the Solver response us-
ing a strict correctness rubric.

Scoring Criteria:

• Any factual, logical, arithmetic, or
commonsense error results in a
score in [1, 3].

• Incomplete but partially correct an-
swers receive scores in [4, 7].

• Fully correct, concise, and
instruction-following answers
receive scores in [8, 10].

The Judge produces internal reasoning
inside <think> tags followed by a final
score inside <score> tags.

H Evaluation Prompts

This appendix summarizes the LLM-as-a-judge
prompts used during benchmark evaluation.
All evaluation prompts are executed using
gpt-4.1-nano, with prompt selection determined
by the benchmark-specific metric type stored in
extra_info.metric.

H.1 Math Accuracy

Used for GSM8K, MATH-500, AMC, Minerva,
and Olympiad-Bench.

Task: Determine whether the model’s
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Figure 5: Per-benchmark training dynamics under COSE on Llama-3.2-3B-Instruct. Panel layout, annotation, and
color encoding match Figure 4.

mathematical answer matches the
ground-truth solution.

The evaluator compares:

• Final numerical equivalence
• Mathematical correctness of reason-

ing
• Whether differently formatted an-

swers represent the same solution

The judge first produces hidden reason-
ing inside <think> tags and then out-
puts:

<answer>TRUE</answer>

or

<answer>FALSE</answer>

H.2 Multiple-Choice Accuracy
Used for MMLU, GPQA, ARC-C, CSQA, OBQA.

Task: Determine whether the model se-
lected the correct answer option.

The evaluator checks:

• Whether the predicted choice letter
exactly matches the ground truth

• Whether the model explicitly pro-
vided a valid choice letter

The judge first generates internal analy-
sis inside <think> tags and then outputs
either:

<answer>TRUE</answer>

or

<answer>FALSE</answer>
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Figure 6: Per-benchmark training dynamics under COSE on Qwen3-4B-Base. Layout matches Figure 4.

H.3 Truthfulness Accuracy

Task: Evaluate whether the generated
response is factually truthful and aligned
with the reference answer.

The evaluator checks:

• Factual accuracy
• Agreement with the ground-truth re-

sponse
• Presence of misleading or false

statements

The judge produces hidden reasoning in-
side <think> tags followed by:

<answer>TRUE</answer>

or

<answer>FALSE</answer>

Symbol Meaning

q generated question
a Solver answer to question q
v(q) Validator quality score for q
p(q, a) Judge correctness score for answer a
p(q) average solve rate for question q
cV (q) Validator confidence for q
cJ(q, a) Judge confidence for answer a
wP (q) PPO weight for Proposer update
wS(q, a) PPO weight for Solver update
fP (q), fS(a) format-validity indicators

Table 10: Main notation used in COSE.

I Notation

J Artifact and License Information

We use publicly available model backbones, base-
lines, and evaluation benchmarks for research pur-
poses. The Qwen and Llama model families are
used according to their released licenses and terms
of use. Public reasoning, mathematics, and code
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benchmarks are used only for held-out evaluation,
and are not included in COSE’s self-generated train-
ing data. Baseline methods and evaluation tools,
including EvalPlus for code evaluation, are used
according to their public releases and cited in the
main text. Our released code and generated train-
ing artifacts will include license information and
documentation describing intended research use.

K Compute and Infrastructure

COSE training was implemented using the VeRL
framework with vLLM for efficient rollout genera-
tion. Depending on the backbone size, each train-
ing run used either 4 or 8 NVIDIA A100 80GB
GPUs and ran for approximately two days. Smaller
backbones were trained with 4 A100 GPUs, while
larger backbones used 8 A100 GPUs. We evaluate
open-weight backbones ranging from 0.6B to 4B
parameters, as described in Section 4.1.

In addition to GPU training cost, our evaluation
uses API-based LLM grading for benchmarks that
do not have deterministic exact-match or execution-
based evaluation. We use a fixed grading prompt
and the same API model for all compared methods
to ensure consistency. The total API cost depends
on the number of evaluated checkpoints, methods,
and benchmark instances. In our experiments, the
API cost was used only for evaluation and not for
COSE training.
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