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Abstract

Reinforcement learning with verifiable rewards
has improved reasoning in language models,
but it typically relies on a ground-truth an-
swer or an external verifier, which limits ap-
plicability and increases cost. We propose an
answer-free training objective that derives re-
wards solely from the model’s own probabili-
ties by exploiting prompt paraphrases as mul-
tiple semantic views of the same intent. For
each paraphrase set, we generate candidate re-
sponses, rescore each response under the other
paraphrased prompts via teacher forcing, and
define a cross-prompt consensus reward that
favors responses supported across views rather
than those that fit a single phrasing. We opti-
mize this reward using a policy update with
an all-pairs objective and advantage broadcast-
ing across prompt—response pairs. The frame-
work naturally supports prefix-level training,
enabling a controllable cost—signal trade-off.
Experiments on RobustAlpacaEval and out-of-
domain reasoning benchmarks (OpenBookQA,
AQuA, HumanEval) show consistent gains over
the pre-trained baselines on LLaMA3.2-3B
and Qwen3-4B, alongside analyses demonstrat-
ing reward—performance alignment and the im-
portance of design choices such as excluding
self-view scores and ensembling-based candi-
dates. All experiment code is available at our
GitHub'.

1 Introduction

Reinforcement learning (RL) is now a stan-
dard post-training tool for large language mod-
els (LLMs), and is used to bias generation toward
more desirable outputs (Ouyang et al., 2022). Re-
cent work further reports that RL can yield sub-
stantial gains on reasoning-centric tasks (Yu et al.,
2025; Mroueh, 2025). In particular, RLVR (Re-
inforcement Learning with Verifiable Rewards)
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shapes reasoning behavior using scalar rewards
that are directly verifiable against a ground-truth
answer (Lambert et al., 2025; Guo et al., 2025a).
When combined with recent policy optimization
methods such as GRPO (Zhihong Shao, 2024),
DR.GRPO (Liu et al., 2025), and DAPO (Yu et al.,
2025), RLVR has shown consistent improvements
on mathematics and coding benchmarks.

Despite its clarity, RLVR has practical con-
straints. First, verification requires either ground-
truth answers (e.g., exact match (EM)) or an ex-
ternal verifier (e.g., executor or grader), which
makes it difficult to apply the same recipe to gen-
eral instruction data where answer verification is
not straightforward. Second, RLVR rewards are
typically defined over a “reasoning — final answer’
structure, so truncated responses cannot be eval-
vated. This pushes training toward long rollouts,
while rollout generation and scoring can dominate
RL cost in practice (Zhong et al., 2025; Hu et al.,
2025; Yao et al., 2023).

We propose answer-free self-reward RL by
leveraging paraphrase prompts of the same intent
as multi-view observations. Given G paraphrase
prompts, we generate responses and rescore each
response under the other paraphrase conditions
via teacher forcing to obtain cross-prompt scores.
We then define a consensus reward as the multi-
view average support, rather than the self-view
score under a single prompt. To reduce prompt-
specific overfitting, our default setting excludes
the self-view term and applies group-wise normal-
ization. Finally, we transform consensus rewards
into group-relative advantages and perform an on-
policy GRPO-style update, enabling answer-free
policy optimization without ground-truth answers
or external judges.

Because the reward is computed solely from
model token probabilities, answer-free training re-
quires neither labels nor verifiers. Moreover, the
token-average form allows computing rewards on
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response prefixes, enabling explicit performance—
cost trade-offs as a function of prefix length. We
evaluate answer-free training on general instruc-
tion data and out-of-domain reasoning benchmarks,
and analyze the performance—cost trade-off under
different prefix lengths.

2 Related Work

2.1 Reinforcement Learning in LLM

RL-based post-training is widely used to adapt
large language models by optimizing reward sig-
nals that reflect human preferences or task perfor-
mance (Ouyang et al., 2022). RLHF is a repre-
sentative approach, where a preference-based re-
ward model is trained and PPO-style updates are
applied (Schulman et al., 2017; Ziegler et al., 2019).
More recently, group-based optimization methods
such as GRPO update the policy using within-
group relative signals from multiple responses to
the same prompt, and have shown strong results
on reasoning-oriented benchmarks (Zhihong Shao,
2024). In the RLVR setting, GRPO can be com-
bined with verifiable rewards (e.g., exact match
(EM) or execution-based pass@k), but this typi-
cally requires a ground-truth answer or an external
verifier and often relies on sufficiently long rollouts
to compute rewards reliably (Guo et al., 2025a;
Yao et al., 2023). To reduce dependence on labeled
answers, prior work has explored reward construc-
tion without direct supervision. LLM-as-a-Judge
uses a strong external LLM to score or compare
outputs (Zheng et al., 2023), at the cost of addi-
tional inference and with open concerns about bias
and reproducibility. RLIF methods instead use in-
ternal model signals as intrinsic rewards. For ex-
ample, RENT uses entropy- (or confidence-) based
signals from the token distribution (Prabhudesai
et al., 2025), and Intuitor replaces external rewards
with self-certainty in a GRPO framework (Zhao
et al., 2025). However, self-certainty proxies can
be prompt- and task-dependent, and their alignment
with response quality is not guaranteed.

In contrast, we construct a reward from para-
phrase multi-view cross-prompt scoring, yielding a
consensus signal that does not require ground-truth
answers or external judges and does not rely solely
on self-certainty.

2.2 Prompt Paraphrase Ensemble

Ensembling is a classical strategy for reducing vari-
ance and improving stability. For LLMs, prompt

sensitivity implies that output quality can vary
substantially across semantically equivalent phras-
ings (Zhao et al., 2021). This has motivated multi-
prompt test-time methods that either aggregate to-
ken distributions during decoding or select a final
output from candidates generated by a prompt bank.
For example, M-Ped averages token distributions
across prompts via inner-batch ensembling (Guo
et al., 2025b), and multi-prompt MBR samples can-
didates from diverse prompts and selects outputs
using an MBR criterion (Heineman et al., 2024).
Bayesian Prompt Ensembles treat prompt varia-
tions as a source of uncertainty and aggregate out-
put probabilities to estimate calibrated uncertainty
for black-box LLMs (Tonolini et al., 2024).
Unlike prior work that primarily targets test-
time quality or uncertainty estimation, we use para-
phrase ensembles for training-time reward con-
struction. We define a multi-view consensus re-
ward via cross-prompt teacher-forcing rescoring,
enabling answer-free policy optimization without
ground-truth answers or external judges.

3 Methodology

In this section, we describe how to construct
an answer-free reward using a set of paraphrase
prompts and how to train with group-based pol-
icy optimization. The goal of our method is to (i)
define a reward signal that is computable without
ground-truth answer labels or external evaluators,
(ii) avoid over-reliance on self-certainty under a sin-
gle prompt, and (iii) concentrate probability mass
on responses that are consistently supported across
semantically equivalent multi-views.

To this end, we treat each paraphrase prompt as
a different observation (view) of the same intent,
and measure whether a particular response is not
only plausible under one prompt phrasing but also
explainable with high probability under other para-
phrase conditions via cross-prompt scoring. Each
response is scored by its average support (consen-
sus) across multi-views, and this score is converted
into a group-relative advantage. We further broad-
cast this advantage to all (prompt, response) pairs
used in the update, so that each conditional distribu-
tion mg(- | (")) is encouraged to place more proba-
bility mass on regions that are commonly supported
across views (high-consensus regions) rather than
on prompt-specific idiosyncrasies. Since training is
on-policy, as updates proceed, sampled responses
increasingly reflect the preferences of the current



policy, and we may expect dynamics in which
cross-prompt consensus is gradually strengthened.
Below, we formalize the proposed method step by
step.

3.1 Rollout with Paraphrase Ensemble

Each training sample consists of a set of G’ seman-
tically equivalent paraphrase prompts for a single
intent, X = {gr:(Z . In on-policy rollouts, we
generate a response for each prompt from the pre-

vious policy g,
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In addition, to provide a response that is more
stably agreed upon across multi-views, we gen-
erate a decoding-level ensemble (DLE) response
(K) (K = G + 1). At token step t, we define the
ensemble next-token distribution as the average of

the prompt-conditional distributions:
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Actual generation is performed by selecting the
most probable token under the averaged distribu-
tion (e.g., greedy decoding):
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Finally, the set of responses used for training is
Y={yW} with K =G+1.

3.2 Cross-prompt Consensus Reward

For each response /) = (y%j ), cel, yg_)), we mea-
sure support under other paraphrase conditions via
cross-prompt scores. Concretely, we rescore (/)
under prompt z() via teacher forcing and define
the token-mean probability score for pair (7, j) as:
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This yields G x K cross-scores, which are com-
puted solely from the model’s token probabilities
without ground-truth labels or external evaluators.
We discuss score variants that mitigate the influ-
ence of early tokens in Sec. 5.6.

We then define the consensus reward of response
y\9) asits average support (consensus) across multi-
views. In the default setting, for responses with

Jj < G, we exclude the self-view term (: = j) and
take the average:

G
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This design is motivated by the fact that the self-
view score is not, in a strict sense, a consensus
signal; rather, it can act as a prompt-specific fit or
self-certainty for a particular phrasing, and exclud-
ing it focuses the reward on cross-view consensus.
Since the ensemble response y ) has no specific
self-view, we define it as the average over all views:

K=G+1. (6
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Thus, a high r; reflects multi-view consensus rather
than self-certainty under a single prompt, and train-
ing encourages allocating more probability mass to
responses with higher consensus.

3.3 All-pair Policy Optimization

We follow GRPO’s group-based policy optimiza-
tion framework, but perform an all-pair GRPO-
style optimization that utilizes all (prompt, re-
sponse) combinations involved in computing the
consensus reward for learning. The key is to (i)
construct a group-relative signal from response-
level consensus rewards and (ii) share this signal
across (prompt, response) pairs that participate in
cross-prompt rescoring, thereby strengthening high-
consensus responses simultaneously under every
view condition.

Group-relative advantage. Given K rewards
{rj}JK:l for a sample, we define the group mean
reward and advantages as:

For training stability, we normalize the advantages
within each sample by their standard deviation:

i Aj
Y=t ®

where o(A) is the standard deviation of {4; }szl
and ¢ is a small constant for numerical stability.



Algorithm 1 Paraphrase-Consensus GRPO

Require: Paraphrase prompts X = {z("}&,, policy 7, prefix cap L, clip ¢ (optional DLE)
1: for each policy update do

2: Hold «— 0
3: for each sample X in a minibatch do
4: Rollout: sample Yy~ T (- | ac(j>) for j = 1..G (Eq. (1))
5: if DLE enabled then
6: generate y(K ) by decoding-level ensemble (Eq. (2)—-(3)); set K <+~ G + 1
7: else
8: set K + G
9: end if
10: set T < min(7j, L) for all j (prefix-level training)
11: Cross-score: compute s, ; forall i < G, j < K by teacher forcing up to T]’ (Eq. 4))
12: Reward: compute consensus rewards {r; }fil (Eq. (5)—(6))
13: Advantage: compute normalized {AJ} (Eq. (7)—(8))
14: Broadcast: set A; ; < A; for valid pairs P (Eq. (11), (9))
15: accumulate clipped loss over (i,5) € P, t < T]’ (Eq. (12))
16: end for
17: update 6 by minimizing the accumulated loss
18: end for
Advantage broadcast. Although re-  Finally, the policy update can be written as mini-

wards/advantages are defined at the response level,
policy optimization is carried out over the (prompt,
response) pairs used to compute cross-prompt
scores. We therefore broadcast the normalized
advantage for response y) to every valid (prompt,
response) pair:

A=A ©)

This broadcast strengthens high-consensus re-
sponses under each view condition simultaneously,
and consequently encourages 7y(- | (V) to place
more probability mass on regions that are com-
monly supported across views (high-consensus
regions) rather than on prompt-specific idiosyn-
crasies.

PPO clipped objective. For each (prompt, re-
sponse) pair (), y()), we define the token-level
probability ratio at step ¢ as:
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To reflect the exclusion of self-views, we define the
set of valid (prompt, response) pairs as:

P={(,7)|1<i<G,1<j<K,i#j}
(11)
In the default setting (K = G + 1), G self-view
pairs are excluded for j < (G, whereas the ensem-
ble response (j = K) has no excluded self-view,
yielding

Pl=G(G-1)+G=G2

mizing the objective obtained by averaging PPO’s
clipped surrogate over all pairs:

T,
1 1 . i
L) =—— E — E min (Pi,j,t(e)AiJ?
Pl = 15 =
(i.j)eP - t=1

clip(pij(6),1 — €, 1+ 6)Am‘)a
(12)
where € is the PPO clipping coefficient.

3.4 Prefix-level Reward and Computational
Trade-off

Because our reward is defined as a cumulative (av-
erage) function of token probabilities, it can be
computed from response prefixes rather than re-
quiring complete responses. Unlike RLVR, which
must extract and verify the final answer, this means
that learning signals can be formed without gener-
ating responses to completion.

Let L denote the maximum prefix length, and
define the used length of each response as T] =
min(7j, L). Accordingly, rollouts are restricted
sums in cross-prompt scoring (4) and the PPO
loss (12) can likewise be performed only for ¢t =
1,... ,Tj. Since the self-attention computation of
Transformer-based LLMs increases approximately
as O(L?) with sequence length (Vaswani et al.,
2023; Dao, 2023), controlling L allows us to di-
rectly manage the performance—cost trade-off. Al-
gorithm 1 summarizes the overall training proce-
dure of the proposed method.

to generating only up to y -~ , and the inner



‘ Para.

Train ‘

RAE (In-domain) |  Reasoning (Out-of-domain)

Base Model Method
| | Trained Un-trained | OBQA  AQuA  HumanEval

pre-trained X - 21.42 19.25 58.66 52.36 60.06
self-refine X - 9.49 8.73 34.80 43.37 49.39
swarm-distillation (st) v FT 18.08 17.23 53.11 47.44 60.06

LLaMA32-3B o rm-distillation (o) | ¢ FT | 13.16 12.77 4737 4770 51.83
INTUITOR X RL 19.68 18.21 59.23 50.13 59.45
CPC-GRPO v RL 22.89 21.04 59.94 53.35 61.59
pre-trained X - 61.64 63.65 82.03 85.50 91.77
self-refine X - 10.14 8.16 80.80 82.09 89.94

Qwen3-4B swarm-distillation (st) v FT 15.09 14.18 75.11 75.13 83.54
swarm-distillation (ot) v FT 30.56 33.31 77.14 80.45 90.24
INTUITOR X RL 58.79 62.75 81.57 85.63 92.38
CPC-GRPO v RL 64.78 66.19 82.03 85.70 92.07

Table 1: Results on RobustAlpacaEval (RAE; in-domain) and out-of-domain

reasoning benchmarks

(OBQA/AQuA/HumanEval). RAE uses AlpacaEval weighted win rate; “Trained/Un-trained” follows the RAE split.

Base Model  Method | RAETra. |RAEUn-Tra.| OBQA | AQuA | HumanEval
| Best Worst | Best Worst | Best Worst | Best Worst | Best Worst

pre-trained 40.06 5.27 |55.16 2.67 |89.80 22.80 |79.53 29.92 |82.93 37.20

self-refine 19.56 1.14 |[29.59 0.08 |76.40 3.80 |80.31 10.63 | 6890 29.88

LLaMAg.ap Swamvdistillation (s0) | 3426 446 4724 112 |86.80 1920 [ 7835 24.02 8598 3415
: swarm-distillation (ot) | 25.71  3.66 |3536 0.01 |78.40 17.60 | 79.13 22.05 | 77.44 2622
INTUITOR 3734 547 [50.62 099 |88.60 2520 |77.17 24.80 | 83.54 35.37

CPC-GRPO 4273 816 5212 200 |90.20 23.60 | 84.65 24.80 | 89.02 34.15

pre-trained 87.37 33.56 [ 94.06 18.14 [ 94.80 67.40 | 92.52 74.02 | 98.17 85.37

self-refine 21.1 1.99 [25.66 035 |94.60 59.00 | 92.52 62.60 | 97.56 82.32

Qwen3-4B swarm-distillation (st) | 32.96 1.59 |4420 0.27 |[91.80 51.00 |90.16 5945 |95.73 71.34
swarm-distillation (ot) | 54.61 7.28 | 7193 253 |[92.80 58.60 | 89.37 68.50 | 96.95 83.54

INTUITOR 83.75 30.15 [ 92.26 17.66 | 94.60 66.40 | 93.31 7598 | 96.95 87.80

CPC-GRPO 89.10 39.67 | 94.78 22.49 | 95.20 66.80 | 94.09 75.20 | 98.17 85.98

Table 2: Prompt sensitivity across paraphrase variants, reported as best/worst over prompt variants per example.

4 Experiment

4.1 Datasets

We study an answer-free setting where training
does not require ground-truth answers or exter-
nal evaluators. For in-domain training, we use Ro-
bustAlpacaEval (RAE) (Cao et al., 2024), where
each example provides one original prompt and
ten semantically equivalent paraphrases (11 vari-
ants). We fix the paraphrase group size to G=4 by
selecting the first four variants in the predefined
index order for training. At evaluation time, we
report AlpacaEval weighted win rate separately on
(i) the Trained prompt subset and (ii) the remaining
Un-trained variants, measuring generalization to
unseen phrasings.

For out-of-domain evaluation, we use Open-
BookQA, AQuA, and HumanEval (Mihaylov et al.,
2018; Ling et al., 2017; Chen et al., 2021). We
construct instruction-style prompt templates using

PromptSource and treat templates as prompt vari-
ants (views). Dataset statistics and construction
details are provided in Appendix A.

4.2 Baselines

Since RAE does not provide ground-truth answers,
we compare against methods that do not rely on an-
swer verification (EM, pass@k) or external reward
models. We evaluate: (1) Pre-trained, the base
model without training; (2) Self-refinement (test-
time) (Cao et al., 2024), which rewrites the prompt
and answers the rewritten prompt; (3) Swarm
distillation (Zhou et al., 2022), an unsupervised
distillation baseline using paraphrase prompts as
teachers (static/online); and (4) INTUITOR (Zhao
et al., 2025), an RLIF-style GRPO baseline using
self-certainty as intrinsic reward. All baselines are
trained under the same setting as our method. De-
tailed protocols are in Appendix C.



4.3 Experimental Setting

We use LLaMA3.2-3B and Qwen3-4B as base mod-
els and conduct all FT/RL training with QLoRA
(Dettmers et al., 2023). All methods are trained
for three epochs with a fixed paraphrase group
size G=4. All experiments are evaluated under the
same setting; due to limited resources, we report
results for a single configuration, and provide multi-
seed results in Appendix E.

For out-of-domain benchmarks, we provide all
methods with the same minimal output-format
rules and compute scores via rule-based parsing
(Appendix D). For RAE, we use the official Al-
pacaEval weighted win rate with gpt4_turbo as
the reference output and judge (Cao et al., 2024;
Dubois et al., 2025). For OpenBookQA and AQuA,
we report accuracy from parsed answers, and for
HumanEval we report unit-test-based pass@ 1. Hy-
perparameters and additional details are in Ap-
pendix B.

4.4 Main Result

Table 1 summarizes results on RobustAlpacaEval
(RAE; in-domain) and three out-of-domain rea-
soning benchmarks (OBQA/AQuA/HumanEval).
Across both base models, CPC-GRPO(Cross-
Prompt Consensus GRPO) achieves the strongest
RAE weighted win rates on both the Trained
and Un-trained prompt subsets, indicating that
paraphrase-based consensus rewards can provide
a usable post-training signal without ground-truth
answers or external judges.

On LLaMA3.2-3B, CPC-GRPO improves RAE
from 21.42/19.25 to 22.89/21.04 (Trained/Un-
trained), and yields consistent gains on
OBQA/AQuA/HumanEval (+1.28/+0.99/+1.53,
respectively). On Qwen3-4B, CPC-GRPO im-
proves RAE from 61.64/63.65 to 64.78/66.19,
while changes on out-of-domain benchmarks are
small (OBQA tied; AQuA and HumanEval change
marginally). Relative to INTUITOR, CPC-GRPO
is consistently stronger on RAE and remains
competitive on the reasoning benchmarks.

In our configuration, self-refinement and swarm
distillation do not improve overall performance
and often reduce scores (Table 1), suggesting that
prompt rewriting or unsupervised distillation alone
is insufficient to match RL updates driven by a
consensus reward.

Table 2 further reports oracle best and worst-
case performance over prompt variants per exam-

Method ‘ AVG BEST WORST

pre-trained 85.50 9252 74.02
+DLE 86.22  86.22 86.22
+PCV 8543 8543 85.43

CPC-GRPO | 85.70  94.09 75.20
+DLE 88.19  88.19 88.19
+PCV 87.01 87.01 87.01

Table 3: Test-time paraphrase ensembling on AQuA for
Qwen3-4B.
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Figure 1: Training curves of the best/worst/mean con-
sensus reward.

ple. CPC-GRPO generally increases the Best scores
and improves Worst in many settings (e.g., Qwen3-
4B RAE Trained Worst: 33.56—39.67), but the
Best—Worst gap does not consistently shrink across
tasks. This indicates that training improves robust-
ness in aggregate while residual prompt sensitivity
remains.

5 Analysis

5.1 Ensemble Performance

DLE averages the next-token distributions condi-
tioned on the G paraphrase prompts and gener-
ates a single response by selecting tokens greedily
from the averaged distribution (Eq. 2-3). Para-
phrase Consensus Voting (PCV) computes the
cross-prompt consensus reward (§3.2) for candi-
date responses generated from the G prompts, and
then selects the response with the maximum reward.
Since both methods combine multi-views to pro-
duce a single output, they remove performance dis-
persion (sensitivity) across prompt variants, yield-
ing AVG=BEST=WORST.

Table 3 reports test-time ensemble performance
on AQuA. For the pre-trained model, DLE pro-
vides a small gain (85.50—86.22), whereas PCV
is comparable or slightly worse (85.50—85.43). In
contrast, for the model trained with our method,
both techniques improve performance, and DLE in
particular yields a larger gain (85.70—88.19). This
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Figure 2: OpenBookQA accuracy of the consensus-
reward rank for LLaMA.

suggests that as paraphrase consensus is strength-
ened during training, test-time methods that com-
bine paraphrase information can operate more ef-
fectively.

5.2 Learning Curve

To analyze training dynamics, we track the
best/mean/worst of the consensus reward (§3.2)
for the response set ) generated at each policy up-
date. Concretely, given {r; }5(:1 for a sample, we
define best as max; r;, worst as min; 7, and mean
as % > ;T and record these statistics over the
course of training.

In Figure 1, all three metrics tend to increase
as training proceeds, supporting that the proposed
optimization indeed operates in a direction that
strengthens cross-prompt consensus. However, the
gap between best and worst does not substantially
shrink throughout training, indicating that a non-
trivial level of prompt sensitivity remains even after
training.

5.3 Alignment Between Consensus Reward
and Performance

In this section, we analyze whether the consensus
reward can serve as a proxy for response quality at
test time. For each example, we generate candidate
responses for each prompt variant and compute
a cross-prompt-based consensus reward for each
candidate, then sort candidates by their reward rank.
We then measure task performance when selecting
the response at rank r, to evaluate how well reward-
based ranking aligns with actual performance.
Figure 2 shows accuracy on OpenBookQA by
reward rank (with 1 denoting the highest reward).
For the pre-trained model, accuracy is higher for
top-ranked candidates and tends to decrease as rank
worsens, suggesting that the consensus reward can
act as a signal that distinguishes the relative qual-
ity of candidates even without ground-truth labels.

L | AQuA  HumanEval | Time (x)
pre-trained ‘ 52.36 60.06 ‘ -

32 52.69 60.06 x0.08
64 52.69 61.59 x0.14
128 53.48 61.28 x0.26
256 53.22 63.11 x0.45
512 52.89 61.59 x0.73
1024 53.15 62.20 x0.86
2048 53.35 61.59 x1.00

Table 4: Effect of prefix length L and training time
(normalized to CPC-GRPO as x1.00).
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Figure 3: Training curves of the mean consensus reward
(by prefix length L).

After training CPC-GRPO, this alignment trend
largely persists, and we additionally observe that
performance among the top ranks (rank 1-3) be-
comes more similar. This indicates that as training
progresses, the quality of candidates receiving high
rewards can improve together, which may reduce
performance gaps among top-ranked candidates.

5.4 Prefix-level Training

Table 4 reports the performance—cost trade-off as a
function of the response prefix length L used dur-
ing training. With very short prefixes (L=32, 64),
training cost is substantially reduced (to x0.08 and
x0.14, respectively), but performance gains are
limited or may be more variable. In contrast, from
moderate lengths (L >128), AQuA/HumanEval per-
formance improves more stably while training
cost remains significantly reduced; in particular,
at L=256 we reduce wall-clock time to x0.45
while improving HumanEval to 63.11. Moreover,
the longest prefix (L=2048) is not always optimal,
showing that an appropriate L can be selected de-
pending on the target task and resource constraints.

The prefix-conditioned learning curves in Fig-
ure 3 further confirm that the mean reward in-
creases relatively stably for L>256, whereas
shorter prefixes yield noisier trajectories.



Method ‘

RAE (In-domain) |

Reasoning (Out-of-domain)

Base Model
| Trained Un-trained | OBQA AQuA HumanEval
CPC-GRPO 2289 2104 | 5994 5335 6159
LLaMA32-3B  cpc GRPO (log-likelihood) | 2548 20.66 ‘ 5900 5446  64.33
uens4p  CPC-GRPO 6478 6619 | 8203 8570  92.07
CPC-GRPO (log-likelihood) | 7395 7270 | 8169 8537 9024

Table 5: Ablation of default CPC-GRPO vs. likelihood-based variant. bold denotes the best.

Method ‘ AQuA OBQA ‘ Time (x)

Intuitor ‘ 50.13 59.23 ‘ 0.38

CPC-GRPO 53.35 59.94 1.00
w/o DLE 52.56 59.23 0.59
w/ Self-view | 51.84 59.29 0.61

Table 6: Ablation Study on AQuA and OBQA with
training time (normalized to CPC-GRPO as x1.00).

5.5 Ablation Study

Table 6 reports ablations of two key components in
CPC-GRPO on LLaMA. Removing the decoding-
level ensemble response (w/o DLE) reduces perfor-
mance on both benchmarks (AQuA: 53.35—52.56;
OBQA: 59.94—59.23), suggesting that the addi-
tional DLE candidate strengthens the consensus-
oriented learning signal. In contrast, including self-
view scores (w/ Self-view) decreases performance
(AQuA: 53.35—51.84; OBQA: 59.94—59.29),
consistent with self-view emphasizing prompt-
specific fit over cross-view agreement. From an
efficiency standpoint, w/o DLE reduces training
time to x0.59 but sacrifices performance, indicat-
ing a performance—cost trade-off. Overall, using
DLE while excluding self-view is the most effec-
tive setting in our experiments.

Why O(G?) rescoring does not translate to
quadratic wall-clock time. CPC-GRPO per-
forms teacher-forced cross-prompt rescoring over
G prompt variants, which introduces O(G?) for-
ward passes. However, system-level analyses of
RLHF/RLVR pipelines report that autoregressive
rollout generation typically dominates iteration
time, often accounting for the majority of wall-
clock runtime (Zheng et al., 2025; Gao et al., 2025).
Since CPC-GRPO keeps the rollout budget compa-
rable to baselines and adds computation mainly to
rescoring/optimization, the added O(G?) forwards
are amortized by the rollout-dominated runtime,
resulting in the non-quadratic overhead observed
in Table 6.

5.6 Log-Likelihood Consensus Reward

Table 5 ablates the scoring function used in the
consensus reward. While the default CPC-GRPO
uses the mean of token probabilities s; ; (Eq. (4)),
the variant replaces it with the log-likelihood:

7

1 1 , L

i = 7 D togma (u” 129,08) . (13
t=1

The consensus reward aggregation and the update
remain unchanged; we only substitute siojg for s; ;.

This log-scale scoring is motivated by the obser-
vation that cross-prompt teacher-forcing can assign
extremely small probabilities to early tokens un-
der some views, making probability-mean scores
saturate near zero and reducing discriminability.
Using log-probabilities expands the dynamic range
in the low-probability regime and is aligned with
standard maximum-likelihood training.

Empirically, the log-likelihood variant substan-
tially improves in-domain RAE, but its gains on
Un-trained prompts and out-of-domain correctness
are mixed (Table 5). This suggests that optimizing
cross-view likelihood can primarily strengthen lin-
guistic plausibility across views, which may not
consistently translate to correctness-focused evalu-
ation under distribution shift.

6 Conclusion

We study answer-free RL for LLM post-training
without ground-truth answers or external evalu-
ators. Using paraphrase prompts as multi-view
observations, we define a cross-prompt consen-
sus reward via teacher-forcing rescoring and op-
timize it with an all-pair GRPO-style update using
group-relative advantages. Our method improves
RobustAlpacaEval on both Trained and Un-trained
prompts and shows non-degrading trends on out-of-
domain reasoning benchmarks. Since the reward
is computable on prefixes, we can explicitly trade
off training cost and performance by adjusting the
prefix length L.



Limitations

From a computational perspective, our method
requires cross-prompt rescoring (teacher-forcing
scoring) with respect to the paraphrase group size
G. Thus, per-sample scoring expands to approxi-
mately G x K (prompt, response) combinations,
and under the default setting (K = G + 1) it can
incur additional forward computation on the order
of O(G?). This cost can be substantial in particular
when accumulating token-level log-probabilities
over long responses. However, as shown in this pa-
per, limiting the prefix length L reduces the number
of processed tokens and can meaningfully reduce
training wall-clock time, and G and L serve as pri-
mary levers for controlling the performance—cost
trade-off. We also evaluate many prompt variants in
our experiments for analysis purposes (separating
Trained/Un-trained and measuring prompt sensi-
tivity), but in deployment one may operate with
single-prompt generation or with limited test-time
ensembling.

Selecting the prefix length L is non-trivial. L
simultaneously affects both the magnitude and vari-
ance of the learning signal, and its effect can de-
pend on a combination of factors, including (i) the
model’s paraphrase robustness, (ii) the sharpness
of token distributions, and (iii) the influence of
early tokens induced by task and prompt formats.
Therefore, it is difficult to guarantee that a fixed L
is optimal across all models and datasets, and in
practice additional tuning over L may be required.
Future work should explore automated strategies
such as scheduling that gradually increases L over
training, or adaptive selection of L based on reward
variance/stability.
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A Detailed Datasets

RobustAlpacaEval (RAE). RAE is an
instruction-following benchmark based on
TinyAlpacaEval. Each example consists of (i) one
original prompt and (ii) ten semantically equivalent
paraphrase prompts (11 prompt variants in total).
The paraphrases are automatically generated using
GPT-4 and then manually reviewed/edited to
ensure meaning preservation and fluency (Cao
et al., 2024). In the main experiments, we use the
first G=4 variants under a fixed index order for
training (Trained prompts), and at evaluation time
we compute scores separately on (i) the Trained
subset and (ii) the remaining Un-trained subset
over the same set of examples.

Out-of-domain benchmarks. For evaluating
generalization, we use OpenBookQA, AQuA, and
HumanEval (Mihaylov et al., 2018; Ling et al.,
2017; Chen et al., 2021). For each dataset, we
construct instruction-style prompts using templates
from PromptSource (Bach et al., 2022), and treat
different templates as prompt variants (= views),
forming a set of prompt variants per example. We
report the number of examples and prompt vari-
ants for each dataset in Table 7. We will release the
dataset construction and preprocessing scripts on
GitHub.

B Detailed Experimental Setting

Training. All fine-tuning (FT) and RL-based
methods are trained with QLoRA, and we fix the
paraphrase group size to G=4 throughout training.
For RL training, we perform rollouts and cross-
prompt scoring required for policy updates; to re-
duce rollout cost, we can use a multi-step update
that reuses a single rollout across multiple opti-
mization steps. The main hyperparameters of our
default setting are summarized in Table 8. Since
there is no verification-based reward, we do not use
a KL term in the default setting (5=0), and we fix
the learning rate to 1 x 1075,

Hardware. Training is performed on RTX 4090
% 2, and evaluation is performed on RTX 4090 x
1. All experiments are run under the same machine
environment.

Evaluation metrics. We evaluate RAE using the
AlpacaEval weighted win rate, and set gpt4_turbo
as the reference output and judge (Dubois et al.,
2025; Cao et al., 2024). We also separately re-
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Dataset ‘ #Examples #Prompt Variants Total Prompts
RobustAlpacaEval (RAE) 100 1+10 1100
AQuA 254 6 1524
OpenBookQA 500 7 3500
HumanEval 164 2 328

Table 7: Dataset statistics. We report the number of examples, the number of prompt variants per example, and the

resulting total number of prompts.

Hyperparameter Value
Prompt views (G) 4
Quantization 4-bit (QLoRA)
LoRA rank (r) 16

LoRA « 32

LoRA dropout 0.05
Optimizer AdamW
Weight decay 0.0
Epochs 3

Batch size (per device) 1

Prefix length (L; main) 2048
PPO clip € 0.2
Learning rate 1x107°
KL coefficient 3 0

LR scheduler cosine
Warmup ratio 0.03

Table 8: Hyperparameter settings used in our experi-
ments.

port results on the Trained prompt subset and the
Un-trained subset over the same set of examples.
For OpenBookQA and AQuA, we extract answer
choices via rule-based parsing and compute accu-
racy. For HumanEval, we extract code blocks using
rule-based procedures and compute unit-test-based
pass@1. All methods are provided with the same
output-format rules, and the rule templates and
parsing procedures are described in Appendix D.

Decoding for rollouts and evaluation. Unless
otherwise specified, we use the same decoding con-
figuration across all methods for fair comparison.
For rollouts, we generate one response per view
(prompt variant) with a fixed maximum comple-
tion length and standard stopping criteria. For the
decoding-level ensemble (DLE), we compute the
per-step averaged token distribution across views
and apply greedy decoding. Exact decoding param-
eters (e.g., temperature, top-p, max new tokens, and
stop sequences) are fixed across runs and included
in the released configuration files.

C Detailed Baselines

In this section, we summarize the key configura-
tions and the training/inference protocols of the
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baselines compared in the main text. All baselines
use the same prompt format and decoding settings
as in the main paper, and for the out-of-domain
benchmarks (OpenBookQA/AQuA/HumanEval)
we follow the output-format and parsing rules in
Appendix D. (Complete hyperparameters and full
template specifications are included in the released
code and configuration files.)

Pre-trained. We evaluate the base model without
any additional training. On RAE, we compute the
AlpacaEval weighted win rate for each prompt vari-
ant, and the Trained/Un-trained subset split follows
the main setting.

Self-refinement (test-time). We follow the self-
refinement idea used in the RAE paper, but in
this work we apply only a test-time template with-
out any additional training (Cao et al., 2024). The
model (i) rewrites the input prompt into a clearer
form without changing its meaning, and then (ii)
generates the final response conditioned on the
rewritten prompt. The output consists of two sec-
tions, REWRITTEN PROMPT: and RESPONSE:, and
we use only RESPONSE as the final output for evalu-
ation (Figure 5). This baseline can improve perfor-
mance via prompt clarification without training, but
it has limitations in that the rewriting process may
introduce subtle meaning shifts or amplify model
biases.

Swarm distillation (unsupervised SFT with a
pseudo-target pool). Swarm distillation is an un-
supervised distillation method that treats multiple
outputs obtained from a paraphrase prompt set for
the same intent as a pseudo-target pool, and trains
each prompt to imitate a pseudo-target sampled
from the pool (Zhou et al., 2022; Cao et al., 2024).
For each RAE example e, we form G prompts
X, = {xW}% | and denote the corresponding set
of candidate outputs as V. = {y¥}% . During
training, for each prompt =, we uniformly sam-
ple a pseudo-target y from ), and minimize the
standard instruction SFT objective (cross-entropy
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In this work, we evaluate a simple form of the
baseline by using only uniform sampling from the
pseudo-target pool, without separately tuning ad-
ditional selection mechanisms or score-based ag-
gregation. This approach can leverage expression
diversity across paraphrases as supervision, but if
pseudo-targets include teacher errors, it can suffer
from confirmation bias where errors are amplified.

Static-teacher (st). Static-teacher keeps the pseudo-
target pool ), fixed throughout training. In our
experiments, we use a pre-generated teacher out-
put file (outputs for each prompt variant) as the
fixed pool, and at each step we randomly sample a
pseudo-target from ), and train using Eq. (14).

Online-teacher (ot). Online-teacher is an iterative
self-training variant that repeatedly refreshes the
pseudo-target pool using responses generated by
the current model during training. For each exam-
ple e and prompt (!, we generate a new response
under the current policy and replace the pool ele-
ment for that view:

yf(f) +— Gen(m;; x(i)> . (15)
We then uniformly sample pseudo-targets from the
updated ), and continue training with Eq. (14). In
our implementation, we use deterministic decod-
ing (e.g., greedy) to reduce variance in generation,
and pool updates are performed only for exam-
ples/views that appear in the current minibatch.
Online-teacher can quickly reflect the student’s lat-
est distribution, but it poses risks of reduced diver-
sity or mode collapse.

INTUITOR. INTUITOR is an RLIF-style
method that optimizes with GRPO-style RL using
intrinsic rewards derived from the model’s internal
self-certainty signals, without external reward mod-
els or answer verification (Zhao et al., 2025). In
this work, we use the public implementation as-is,
while applying the same prompt format/decoding
settings and evaluation rules as in the main paper
for fair comparison. The detailed reward definition
and training pipeline follow the original paper and
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the released code (Zhao et al., 2025). This base-
line provides an answer-free training signal, but the
alignment between certainty signals and true task
performance can vary with tasks and prompts.

D Formatting RULE

Test-time RULE To evaluate the out-of-domain
datasets in this paper, we must parse the answer
portion from each model response to compute the
metrics. Therefore, for each dataset we prepend a
minimal set of rules to the input so that the model
outputs the answer in a prescribed format. The rules
used in our experiments are shown in Figure 4.

Self-refinement baseline format. Self-
refinement requires the model to first rewrite
the input prompt and then produce a response
to the rewritten prompt. At evaluation time, we
use only the text after RESPONSE: as the final
output (the rewritten prompt is excluded from
evaluation). In RobustAlpacaEval, many cases skip
the reasoning stage, so we provide an additional
format specifically for RobustAlpacaEval. The
formatting rule used in our experiments is shown
in Figure 5.

E Generalization Verification

In the main text, due to resource constraints, we pri-
marily analyze results from a single run per setting.
To further examine whether the observed gains of
the proposed method (CPC-GRPO) overly depend
on a specific run, we repeat training with different
random seeds and measure performance under the
same evaluation protocol.

As shown in Table 9, for both base models, most
metrics exhibit comparable improvements over the
pre-trained baseline on in-domain (RAE) and out-
of-domain reasoning benchmarks. In particular, for
Qwen3-4B, all three seeds consistently maintain
improved performance on both Trained and Un-
trained subsets, and the variation on out-of-domain
benchmarks is limited. For LLaMA3.2-3B, seed-
wise variability is relatively larger, but improve-
ments are generally preserved on OBQA and Hu-
manEval. Overall, these results indicate that the
gains of CPC-GRPO are not confined to a particu-
lar case and exhibit broadly reproducible trends.

F Performance of RobustAlpacaEval

For follow-up work, we additionally include a per-
formance table in the same format as (Cao et al.,



AQuA (multiple-choice)

RULE :

- You may reason briefly.

- Stay within 2048 tokens.

- Your response must end with exactly: The correct answer is <LETTER>
- <LETTER> must be one of A, B, C, D, or E.

OpenBookQA (multiple-choice/free-form)

RULE :

- You may reason briefly.

- Stay within 2048 tokens.

- Your response must end with exactly: The correct answer is <ANSWER>

HumanEval (code generation)

RULE :

- You may reason briefly.

- Stay within 2048 tokens.

- After briefly reasoning, output ONLY one code block: “‘python ...
- The block must contain ONLY the complete function definition with the exact same
signature.

{3

Figure 4: Output constraints used for out-of-domain evaluation to enable deterministic parsing. The same rules are
prepended for all methods.

2024). In this work, we report RobustAlpacaEval
results by separating paraphrases used for training
from the remaining paraphrases, whereas Cao et al.
(2024) reports performance over the full set of 11
prompt versions. Accordingly, we report results
aggregated over the full paraphrase set in Table 10.
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RobustAlpacaEval

Rewrite the PROMPT to be clearer without changing meaning (do not add/remove
requirements),

then respond to the rewritten prompt. Output exactly two sections.

ORIGINAL PROMPT: {...}

Out-of-Domain

Rewrite the PROMPT to be clearer without changing meaning (do not add/remove
requirements),

then respond to the rewritten prompt. Output exactly two sections.

ANSWER FORMAT

REWRITTEN PROMPT: {Rewritten prompt}

RESPONSE: {Response of rewritten prompt}

ORIGINAL PROMPT: {...}

Figure 5: Formatting rule used for the self-refinement baseline. We only evaluate the content after RESPONSE : .

Base Model Method | RAE (In-domain) | Reasoning (Out-of-domain)
| Trained Un-trained | OBQA AQuA HumanEval

pre-trained 21.42 19.25 58.66  52.36 60.06
CPC-GRPO (seedl) 22.89 21.04 59.94 53.35 61.59

LLaMA3.2-3B CPC-GRPO (seed2) 20.12 20.08 59.60 54.46 61.59
CPC-GRPO (seed3) 21.56 19.96 59.71 54.59 62.50
pre-trained 61.64 63.65 82.03 85.50 91.77

Qwen3-4B CPC-GRPO (seedl) 64.78 66.19 82.03 85.70 92.07
CPC-GRPO (seed2) 64.17 66.55 81.97 85.50 92.07
CPC-GRPO (seed3) 63.16 66.61 81.57 86.29 91.16

Table 9: Seed sensitivity of CPC-GRPO. Pre-trained scores are taken from Table 1. Within each base model and each
column, bold denotes the best and underline denotes the second-best among CPC-GRPO seeds (ties are marked).

Base Model Method ‘ Para. Train ‘ RAE (All prompt versions)

| | Orig. Best Worst Avg.  Std.

pre-trained X - 30.88 64.05 1.09 2090 23.24
self-refine X - 1236 35.04 0.01 9.27 13.08
swarm-distillation (st) v FT 2522 5576  0.28 18.19 20.54
LLaMA3.2-3B  (orm-distillation (o) | v FT | 1715 4359 000 1328 1629
INTUITOR X RL 28.82  60.22 0.68 19.58 21.84
CPC-GRPO v RL | 3484 60.75 196 2280 22.12
pre-trained X - 68.77 95.64 1140 63.58 31.89
self-refine X - 13.40 3549 0.35 9.17 12.62
Qwen3-4B swarm—d@stillat@on (st) v FT 16.60 53.11 0.04 14.72 1948
swarm-distillation (ot) v FT 390.10 80.40 0.58 33.09 3043
INTUITOR X RL | 70.05 9545 946 6231 32.29
CPC-GRPO v RL | 68.62 96.04 1573 66.03 30.30

Table 10: RobustAlpacaEval (RAE) statistics aggregated over all prompt versions (original + paraphrases).
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