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Abstract001

Reinforcement learning with verifiable rewards002
has improved reasoning in language models,003
but it typically relies on a ground-truth an-004
swer or an external verifier, which limits ap-005
plicability and increases cost. We propose an006
answer-free training objective that derives re-007
wards solely from the model’s own probabili-008
ties by exploiting prompt paraphrases as mul-009
tiple semantic views of the same intent. For010
each paraphrase set, we generate candidate re-011
sponses, rescore each response under the other012
paraphrased prompts via teacher forcing, and013
define a cross-prompt consensus reward that014
favors responses supported across views rather015
than those that fit a single phrasing. We opti-016
mize this reward using a policy update with017
an all-pairs objective and advantage broadcast-018
ing across prompt–response pairs. The frame-019
work naturally supports prefix-level training,020
enabling a controllable cost–signal trade-off.021
Experiments on RobustAlpacaEval and out-of-022
domain reasoning benchmarks (OpenBookQA,023
AQuA, HumanEval) show consistent gains over024
the pre-trained baselines on LLaMA3.2-3B025
and Qwen3-4B, alongside analyses demonstrat-026
ing reward–performance alignment and the im-027
portance of design choices such as excluding028
self-view scores and ensembling-based candi-029
dates. All experiment code is available at our030
GitHub1.031

1 Introduction032

Reinforcement learning (RL) is now a stan-033

dard post-training tool for large language mod-034

els (LLMs), and is used to bias generation toward035

more desirable outputs (Ouyang et al., 2022). Re-036

cent work further reports that RL can yield sub-037

stantial gains on reasoning-centric tasks (Yu et al.,038

2025; Mroueh, 2025). In particular, RLVR (Re-039

inforcement Learning with Verifiable Rewards)040

1https://anonymous.4open.science/r/
Cross-Prompt_Consensus_GRPO-2660

shapes reasoning behavior using scalar rewards 041

that are directly verifiable against a ground-truth 042

answer (Lambert et al., 2025; Guo et al., 2025a). 043

When combined with recent policy optimization 044

methods such as GRPO (Zhihong Shao, 2024), 045

DR.GRPO (Liu et al., 2025), and DAPO (Yu et al., 046

2025), RLVR has shown consistent improvements 047

on mathematics and coding benchmarks. 048

Despite its clarity, RLVR has practical con- 049

straints. First, verification requires either ground- 050

truth answers (e.g., exact match (EM)) or an ex- 051

ternal verifier (e.g., executor or grader), which 052

makes it difficult to apply the same recipe to gen- 053

eral instruction data where answer verification is 054

not straightforward. Second, RLVR rewards are 055

typically defined over a “reasoning→ final answer” 056

structure, so truncated responses cannot be eval- 057

uated. This pushes training toward long rollouts, 058

while rollout generation and scoring can dominate 059

RL cost in practice (Zhong et al., 2025; Hu et al., 060

2025; Yao et al., 2023). 061

We propose answer-free self-reward RL by 062

leveraging paraphrase prompts of the same intent 063

as multi-view observations. Given G paraphrase 064

prompts, we generate responses and rescore each 065

response under the other paraphrase conditions 066

via teacher forcing to obtain cross-prompt scores. 067

We then define a consensus reward as the multi- 068

view average support, rather than the self-view 069

score under a single prompt. To reduce prompt- 070

specific overfitting, our default setting excludes 071

the self-view term and applies group-wise normal- 072

ization. Finally, we transform consensus rewards 073

into group-relative advantages and perform an on- 074

policy GRPO-style update, enabling answer-free 075

policy optimization without ground-truth answers 076

or external judges. 077

Because the reward is computed solely from 078

model token probabilities, answer-free training re- 079

quires neither labels nor verifiers. Moreover, the 080

token-average form allows computing rewards on 081
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response prefixes, enabling explicit performance–082

cost trade-offs as a function of prefix length. We083

evaluate answer-free training on general instruc-084

tion data and out-of-domain reasoning benchmarks,085

and analyze the performance–cost trade-off under086

different prefix lengths.087

2 Related Work088

2.1 Reinforcement Learning in LLM089

RL-based post-training is widely used to adapt090

large language models by optimizing reward sig-091

nals that reflect human preferences or task perfor-092

mance (Ouyang et al., 2022). RLHF is a repre-093

sentative approach, where a preference-based re-094

ward model is trained and PPO-style updates are095

applied (Schulman et al., 2017; Ziegler et al., 2019).096

More recently, group-based optimization methods097

such as GRPO update the policy using within-098

group relative signals from multiple responses to099

the same prompt, and have shown strong results100

on reasoning-oriented benchmarks (Zhihong Shao,101

2024). In the RLVR setting, GRPO can be com-102

bined with verifiable rewards (e.g., exact match103

(EM) or execution-based pass@k), but this typi-104

cally requires a ground-truth answer or an external105

verifier and often relies on sufficiently long rollouts106

to compute rewards reliably (Guo et al., 2025a;107

Yao et al., 2023). To reduce dependence on labeled108

answers, prior work has explored reward construc-109

tion without direct supervision. LLM-as-a-Judge110

uses a strong external LLM to score or compare111

outputs (Zheng et al., 2023), at the cost of addi-112

tional inference and with open concerns about bias113

and reproducibility. RLIF methods instead use in-114

ternal model signals as intrinsic rewards. For ex-115

ample, RENT uses entropy- (or confidence-) based116

signals from the token distribution (Prabhudesai117

et al., 2025), and Intuitor replaces external rewards118

with self-certainty in a GRPO framework (Zhao119

et al., 2025). However, self-certainty proxies can120

be prompt- and task-dependent, and their alignment121

with response quality is not guaranteed.122

In contrast, we construct a reward from para-123

phrase multi-view cross-prompt scoring, yielding a124

consensus signal that does not require ground-truth125

answers or external judges and does not rely solely126

on self-certainty.127

2.2 Prompt Paraphrase Ensemble128

Ensembling is a classical strategy for reducing vari-129

ance and improving stability. For LLMs, prompt130

sensitivity implies that output quality can vary 131

substantially across semantically equivalent phras- 132

ings (Zhao et al., 2021). This has motivated multi- 133

prompt test-time methods that either aggregate to- 134

ken distributions during decoding or select a final 135

output from candidates generated by a prompt bank. 136

For example, M-Ped averages token distributions 137

across prompts via inner-batch ensembling (Guo 138

et al., 2025b), and multi-prompt MBR samples can- 139

didates from diverse prompts and selects outputs 140

using an MBR criterion (Heineman et al., 2024). 141

Bayesian Prompt Ensembles treat prompt varia- 142

tions as a source of uncertainty and aggregate out- 143

put probabilities to estimate calibrated uncertainty 144

for black-box LLMs (Tonolini et al., 2024). 145

Unlike prior work that primarily targets test- 146

time quality or uncertainty estimation, we use para- 147

phrase ensembles for training-time reward con- 148

struction. We define a multi-view consensus re- 149

ward via cross-prompt teacher-forcing rescoring, 150

enabling answer-free policy optimization without 151

ground-truth answers or external judges. 152

3 Methodology 153

In this section, we describe how to construct 154

an answer-free reward using a set of paraphrase 155

prompts and how to train with group-based pol- 156

icy optimization. The goal of our method is to (i) 157

define a reward signal that is computable without 158

ground-truth answer labels or external evaluators, 159

(ii) avoid over-reliance on self-certainty under a sin- 160

gle prompt, and (iii) concentrate probability mass 161

on responses that are consistently supported across 162

semantically equivalent multi-views. 163

To this end, we treat each paraphrase prompt as 164

a different observation (view) of the same intent, 165

and measure whether a particular response is not 166

only plausible under one prompt phrasing but also 167

explainable with high probability under other para- 168

phrase conditions via cross-prompt scoring. Each 169

response is scored by its average support (consen- 170

sus) across multi-views, and this score is converted 171

into a group-relative advantage. We further broad- 172

cast this advantage to all (prompt, response) pairs 173

used in the update, so that each conditional distribu- 174

tion πθ(· | x(i)) is encouraged to place more proba- 175

bility mass on regions that are commonly supported 176

across views (high-consensus regions) rather than 177

on prompt-specific idiosyncrasies. Since training is 178

on-policy, as updates proceed, sampled responses 179

increasingly reflect the preferences of the current 180
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policy, and we may expect dynamics in which181

cross-prompt consensus is gradually strengthened.182

Below, we formalize the proposed method step by183

step.184

3.1 Rollout with Paraphrase Ensemble185

Each training sample consists of a set of G seman-186

tically equivalent paraphrase prompts for a single187

intent, X = {x(i)}Gi=1. In on-policy rollouts, we188

generate a response for each prompt from the pre-189

vious policy πθold :190

y(j) ∼ πθold(· | x
(j)), j = 1, . . . , G. (1)191

In addition, to provide a response that is more192

stably agreed upon across multi-views, we gen-193

erate a decoding-level ensemble (DLE) response194

y(K) (K = G+ 1). At token step t, we define the195

ensemble next-token distribution as the average of196

the prompt-conditional distributions:197

π̄θold(· | y
(K)
<t ) =

1

G

G∑
i=1

πθold(· | x
(i), y

(K)
<t ). (2)198

Actual generation is performed by selecting the199

most probable token under the averaged distribu-200

tion (e.g., greedy decoding):201

y
(K)
t = argmax

v
π̄θold(v | y

(K)
<t ). (3)202

Finally, the set of responses used for training is203

Y = {y(j)}Kj=1 with K = G+ 1.204

3.2 Cross-prompt Consensus Reward205

For each response y(j) = (y
(j)
1 , . . . , y

(j)
Tj

), we mea-206

sure support under other paraphrase conditions via207

cross-prompt scores. Concretely, we rescore y(j)208

under prompt x(i) via teacher forcing and define209

the token-mean probability score for pair (i, j) as:210

si,j =
1

Tj

Tj∑
t=1

πθold

(
y
(j)
t | x(i), y

(j)
<t

)
. (4)211

This yields G × K cross-scores, which are com-212

puted solely from the model’s token probabilities213

without ground-truth labels or external evaluators.214

We discuss score variants that mitigate the influ-215

ence of early tokens in Sec. 5.6.216

We then define the consensus reward of response217

y(j) as its average support (consensus) across multi-218

views. In the default setting, for responses with219

j ≤ G, we exclude the self-view term (i = j) and 220

take the average: 221

rj =
1

G− 1

G∑
i=1, i̸=j

si,j , j = 1, . . . , G. (5) 222

This design is motivated by the fact that the self- 223

view score is not, in a strict sense, a consensus 224

signal; rather, it can act as a prompt-specific fit or 225

self-certainty for a particular phrasing, and exclud- 226

ing it focuses the reward on cross-view consensus. 227

Since the ensemble response y(K) has no specific 228

self-view, we define it as the average over all views: 229

rK =
1

G

G∑
i=1

si,K , K = G+ 1. (6) 230

Thus, a high rj reflects multi-view consensus rather 231

than self-certainty under a single prompt, and train- 232

ing encourages allocating more probability mass to 233

responses with higher consensus. 234

3.3 All-pair Policy Optimization 235

We follow GRPO’s group-based policy optimiza- 236

tion framework, but perform an all-pair GRPO- 237

style optimization that utilizes all (prompt, re- 238

sponse) combinations involved in computing the 239

consensus reward for learning. The key is to (i) 240

construct a group-relative signal from response- 241

level consensus rewards and (ii) share this signal 242

across (prompt, response) pairs that participate in 243

cross-prompt rescoring, thereby strengthening high- 244

consensus responses simultaneously under every 245

view condition. 246

Group-relative advantage. Given K rewards 247

{rj}Kj=1 for a sample, we define the group mean 248

reward and advantages as: 249

r̄ =
1

K

K∑
j=1

rj , Aj = rj − r̄. (7) 250

For training stability, we normalize the advantages 251

within each sample by their standard deviation: 252

Ãj =
Aj

σ(A) + ε
, (8) 253

where σ(A) is the standard deviation of {Aj}Kj=1 254

and ε is a small constant for numerical stability. 255
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Algorithm 1 Paraphrase-Consensus GRPO

Require: Paraphrase prompts X = {x(i)}Gi=1, policy πθ , prefix cap L, clip ϵ (optional DLE)
1: for each policy update do
2: θold ← θ
3: for each sample X in a minibatch do
4: Rollout: sample y(j) ∼ πθold(· | x

(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 T̃j ← min(Tj , L) for all j (prefix-level training)
11: Cross-score: compute si,j for all i ≤ G, j ≤ K by teacher forcing up to T̃j (Eq. (4))
12: Reward: compute consensus rewards {rj}Kj=1 (Eq. (5)–(6))
13: Advantage: compute normalized {Ãj} (Eq. (7)–(8))
14: Broadcast: set Ãi,j ← Ãj for valid pairs P (Eq. (11), (9))
15: accumulate clipped loss over (i, j) ∈ P, t ≤ T̃j (Eq. (12))
16: end for
17: update θ by minimizing the accumulated loss
18: end for

Advantage broadcast. Although re-256

wards/advantages are defined at the response level,257

policy optimization is carried out over the (prompt,258

response) pairs used to compute cross-prompt259

scores. We therefore broadcast the normalized260

advantage for response y(j) to every valid (prompt,261

response) pair:262

Ãi,j := Ãj . (9)263

This broadcast strengthens high-consensus re-264

sponses under each view condition simultaneously,265

and consequently encourages πθ(· | x(i)) to place266

more probability mass on regions that are com-267

monly supported across views (high-consensus268

regions) rather than on prompt-specific idiosyn-269

crasies.270

PPO clipped objective. For each (prompt, re-271

sponse) pair (x(i), y(j)), we define the token-level272

probability ratio at step t as:273

ρi,j,t(θ) =
πθ

(
y
(j)
t | x(i), y

(j)
<t

)
πθold

(
y
(j)
t | x(i), y

(j)
<t

) . (10)274

To reflect the exclusion of self-views, we define the275

set of valid (prompt, response) pairs as:276

P = {(i, j) | 1 ≤ i ≤ G, 1 ≤ j ≤ K, i ̸= j}.
(11)277

In the default setting (K = G + 1), G self-view278

pairs are excluded for j ≤ G, whereas the ensem-279

ble response (j = K) has no excluded self-view,280

yielding281

|P| = G(G− 1) +G = G2.282

Finally, the policy update can be written as mini- 283

mizing the objective obtained by averaging PPO’s 284

clipped surrogate over all pairs: 285

L(θ) = − 1

|P|
∑

(i,j)∈P

1

Tj

Tj∑
t=1

min
(
ρi,j,t(θ)Ãi,j ,

clip(ρi,j,t(θ), 1− ϵ, 1 + ϵ)Ãi,j

)
,

(12) 286

where ϵ is the PPO clipping coefficient. 287

3.4 Prefix-level Reward and Computational 288

Trade-off 289

Because our reward is defined as a cumulative (av- 290

erage) function of token probabilities, it can be 291

computed from response prefixes rather than re- 292

quiring complete responses. Unlike RLVR, which 293

must extract and verify the final answer, this means 294

that learning signals can be formed without gener- 295

ating responses to completion. 296

Let L denote the maximum prefix length, and 297

define the used length of each response as T̃j = 298

min(Tj , L). Accordingly, rollouts are restricted 299

to generating only up to y
(j)

≤T̃j
, and the inner 300

sums in cross-prompt scoring (4) and the PPO 301

loss (12) can likewise be performed only for t = 302

1, . . . , T̃j . Since the self-attention computation of 303

Transformer-based LLMs increases approximately 304

as O(L2) with sequence length (Vaswani et al., 305

2023; Dao, 2023), controlling L allows us to di- 306

rectly manage the performance–cost trade-off. Al- 307

gorithm 1 summarizes the overall training proce- 308

dure of the proposed method. 309
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Base Model Method Para. Train RAE (In-domain) Reasoning (Out-of-domain)

Trained Un-trained OBQA AQuA HumanEval

LLaMA3.2-3B

pre-trained ✗ – 21.42 19.25 58.66 52.36 60.06
self-refine ✗ – 9.49 8.73 34.80 43.37 49.39
swarm-distillation (st) ✓ FT 18.08 17.23 53.11 47.44 60.06
swarm-distillation (ot) ✓ FT 13.16 12.77 47.37 47.70 51.83
INTUITOR ✗ RL 19.68 18.21 59.23 50.13 59.45
CPC-GRPO ✓ RL 22.89 21.04 59.94 53.35 61.59

Qwen3-4B

pre-trained ✗ – 61.64 63.65 82.03 85.50 91.77
self-refine ✗ – 10.14 8.16 80.80 82.09 89.94
swarm-distillation (st) ✓ FT 15.09 14.18 75.11 75.13 83.54
swarm-distillation (ot) ✓ FT 30.56 33.31 77.14 80.45 90.24
INTUITOR ✗ RL 58.79 62.75 81.57 85.63 92.38
CPC-GRPO ✓ 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 RAE Tra. RAE Un-Tra. OBQA AQuA HumanEval

Best Worst Best Worst Best Worst Best Worst Best Worst

LLaMA3.2-3B

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 68.90 29.88
swarm-distillation (st) 34.26 4.46 47.24 1.12 86.80 19.20 78.35 24.02 85.98 34.15
swarm-distillation (ot) 25.71 3.66 35.36 0.01 78.40 17.60 79.13 22.05 77.44 26.22
INTUITOR 37.34 5.47 50.62 0.99 88.60 25.20 77.17 24.80 83.54 35.37
CPC-GRPO 42.73 8.16 52.12 2.00 90.20 23.60 84.65 24.80 89.02 34.15

Qwen3-4B

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 0.35 94.60 59.00 92.52 62.60 97.56 82.32
swarm-distillation (st) 32.96 1.59 44.20 0.27 91.80 51.00 90.16 59.45 95.73 71.34
swarm-distillation (ot) 54.61 7.28 71.93 2.53 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 75.98 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 Experiment310

4.1 Datasets311

We study an answer-free setting where training312

does not require ground-truth answers or exter-313

nal evaluators. For in-domain training, we use Ro-314

bustAlpacaEval (RAE) (Cao et al., 2024), where315

each example provides one original prompt and316

ten semantically equivalent paraphrases (11 vari-317

ants). We fix the paraphrase group size to G=4 by318

selecting the first four variants in the predefined319

index order for training. At evaluation time, we320

report AlpacaEval weighted win rate separately on321

(i) the Trained prompt subset and (ii) the remaining322

Un-trained variants, measuring generalization to323

unseen phrasings.324

For out-of-domain evaluation, we use Open-325

BookQA, AQuA, and HumanEval (Mihaylov et al.,326

2018; Ling et al., 2017; Chen et al., 2021). We327

construct instruction-style prompt templates using328

PromptSource and treat templates as prompt vari- 329

ants (views). Dataset statistics and construction 330

details are provided in Appendix A. 331

4.2 Baselines 332

Since RAE does not provide ground-truth answers, 333

we compare against methods that do not rely on an- 334

swer verification (EM, pass@k) or external reward 335

models. We evaluate: (1) Pre-trained, the base 336

model without training; (2) Self-refinement (test- 337

time) (Cao et al., 2024), which rewrites the prompt 338

and answers the rewritten prompt; (3) Swarm 339

distillation (Zhou et al., 2022), an unsupervised 340

distillation baseline using paraphrase prompts as 341

teachers (static/online); and (4) INTUITOR (Zhao 342

et al., 2025), an RLIF-style GRPO baseline using 343

self-certainty as intrinsic reward. All baselines are 344

trained under the same setting as our method. De- 345

tailed protocols are in Appendix C. 346
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4.3 Experimental Setting347

We use LLaMA3.2-3B and Qwen3-4B as base mod-348

els and conduct all FT/RL training with QLoRA349

(Dettmers et al., 2023). All methods are trained350

for three epochs with a fixed paraphrase group351

size G=4. All experiments are evaluated under the352

same setting; due to limited resources, we report353

results for a single configuration, and provide multi-354

seed results in Appendix E.355

For out-of-domain benchmarks, we provide all356

methods with the same minimal output-format357

rules and compute scores via rule-based parsing358

(Appendix D). For RAE, we use the official Al-359

pacaEval weighted win rate with gpt4_turbo as360

the reference output and judge (Cao et al., 2024;361

Dubois et al., 2025). For OpenBookQA and AQuA,362

we report accuracy from parsed answers, and for363

HumanEval we report unit-test-based pass@1. Hy-364

perparameters and additional details are in Ap-365

pendix B.366

4.4 Main Result367

Table 1 summarizes results on RobustAlpacaEval368

(RAE; in-domain) and three out-of-domain rea-369

soning benchmarks (OBQA/AQuA/HumanEval).370

Across both base models, CPC-GRPO(Cross-371

Prompt Consensus GRPO) achieves the strongest372

RAE weighted win rates on both the Trained373

and Un-trained prompt subsets, indicating that374

paraphrase-based consensus rewards can provide375

a usable post-training signal without ground-truth376

answers or external judges.377

On LLaMA3.2-3B, CPC-GRPO improves RAE378

from 21.42/19.25 to 22.89/21.04 (Trained/Un-379

trained), and yields consistent gains on380

OBQA/AQuA/HumanEval (+1.28/+0.99/+1.53,381

respectively). On Qwen3-4B, CPC-GRPO im-382

proves RAE from 61.64/63.65 to 64.78/66.19,383

while changes on out-of-domain benchmarks are384

small (OBQA tied; AQuA and HumanEval change385

marginally). Relative to INTUITOR, CPC-GRPO386

is consistently stronger on RAE and remains387

competitive on the reasoning benchmarks.388

In our configuration, self-refinement and swarm389

distillation do not improve overall performance390

and often reduce scores (Table 1), suggesting that391

prompt rewriting or unsupervised distillation alone392

is insufficient to match RL updates driven by a393

consensus reward.394

Table 2 further reports oracle best and worst-395

case performance over prompt variants per exam-396

Method AVG BEST WORST

pre-trained 85.50 92.52 74.02
+ DLE 86.22 86.22 86.22
+ PCV 85.43 85.43 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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Epoch

0.70
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0.80

0.85

C
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n
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R
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d

worst best average

1Figure 1: Training curves of the best/worst/mean con-
sensus reward.

ple. CPC-GRPO generally increases the Best scores 397

and improves Worst in many settings (e.g., Qwen3- 398

4B RAE Trained Worst: 33.56→39.67), but the 399

Best–Worst gap does not consistently shrink across 400

tasks. This indicates that training improves robust- 401

ness in aggregate while residual prompt sensitivity 402

remains. 403

5 Analysis 404

5.1 Ensemble Performance 405

DLE averages the next-token distributions condi- 406

tioned on the G paraphrase prompts and gener- 407

ates a single response by selecting tokens greedily 408

from the averaged distribution (Eq. 2–3). Para- 409

phrase Consensus Voting (PCV) computes the 410

cross-prompt consensus reward (§3.2) for candi- 411

date responses generated from the G prompts, and 412

then selects the response with the maximum reward. 413

Since both methods combine multi-views to pro- 414

duce a single output, they remove performance dis- 415

persion (sensitivity) across prompt variants, yield- 416

ing AVG=BEST=WORST. 417

Table 3 reports test-time ensemble performance 418

on AQuA. For the pre-trained model, DLE pro- 419

vides a small gain (85.50→86.22), whereas PCV 420

is comparable or slightly worse (85.50→85.43). In 421

contrast, for the model trained with our method, 422

both techniques improve performance, and DLE in 423

particular yields a larger gain (85.70→88.19). This 424
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1Figure 2: OpenBookQA accuracy of the consensus-
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suggests that as paraphrase consensus is strength-425

ened during training, test-time methods that com-426

bine paraphrase information can operate more ef-427

fectively.428

5.2 Learning Curve429

To analyze training dynamics, we track the430

best/mean/worst of the consensus reward (§3.2)431

for the response set Y generated at each policy up-432

date. Concretely, given {rj}Kj=1 for a sample, we433

define best as maxj rj , worst as minj rj , and mean434

as 1
K

∑
j rj , and record these statistics over the435

course of training.436

In Figure 1, all three metrics tend to increase437

as training proceeds, supporting that the proposed438

optimization indeed operates in a direction that439

strengthens cross-prompt consensus. However, the440

gap between best and worst does not substantially441

shrink throughout training, indicating that a non-442

trivial level of prompt sensitivity remains even after443

training.444

5.3 Alignment Between Consensus Reward445

and Performance446

In this section, we analyze whether the consensus447

reward can serve as a proxy for response quality at448

test time. For each example, we generate candidate449

responses for each prompt variant and compute450

a cross-prompt-based consensus reward for each451

candidate, then sort candidates by their reward rank.452

We then measure task performance when selecting453

the response at rank r, to evaluate how well reward-454

based ranking aligns with actual performance.455

Figure 2 shows accuracy on OpenBookQA by456

reward rank (with 1 denoting the highest reward).457

For the pre-trained model, accuracy is higher for458

top-ranked candidates and tends to decrease as rank459

worsens, suggesting that the consensus reward can460

act as a signal that distinguishes the relative qual-461

ity of candidates even without ground-truth labels.462

L AQuA HumanEval Time (×)

pre-trained 52.36 60.06 –

32 52.69 60.06 ×0.08
64 52.69 61.59 ×0.14
128 53.48 61.28 ×0.26
256 53.22 63.11 ×0.45
512 52.89 61.59 ×0.73

1024 53.15 62.20 ×0.86
2048 53.35 61.59 ×1.00

Table 4: Effect of prefix length L and training time
(normalized to CPC-GRPO as ×1.00).
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1Figure 3: Training curves of the mean consensus reward
(by prefix length L).

After training CPC-GRPO, this alignment trend 463

largely persists, and we additionally observe that 464

performance among the top ranks (rank 1–3) be- 465

comes more similar. This indicates that as training 466

progresses, the quality of candidates receiving high 467

rewards can improve together, which may reduce 468

performance gaps among top-ranked candidates. 469

5.4 Prefix-level Training 470

Table 4 reports the performance–cost trade-off as a 471

function of the response prefix length L used dur- 472

ing training. With very short prefixes (L=32, 64), 473

training cost is substantially reduced (to ×0.08 and 474

×0.14, respectively), but performance gains are 475

limited or may be more variable. In contrast, from 476

moderate lengths (L≥128), AQuA/HumanEval per- 477

formance improves more stably while training 478

cost remains significantly reduced; in particular, 479

at L=256 we reduce wall-clock time to ×0.45 480

while improving HumanEval to 63.11. Moreover, 481

the longest prefix (L=2048) is not always optimal, 482

showing that an appropriate L can be selected de- 483

pending on the target task and resource constraints. 484

The prefix-conditioned learning curves in Fig- 485

ure 3 further confirm that the mean reward in- 486

creases relatively stably for L≥256, whereas 487

shorter prefixes yield noisier trajectories. 488
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Base Model Method RAE (In-domain) Reasoning (Out-of-domain)

Trained Un-trained OBQA AQuA HumanEval

LLaMA3.2-3B CPC-GRPO 22.89 21.04 59.94 53.35 61.59
CPC-GRPO (log-likelihood) 25.48 20.66 59.00 54.46 64.33

Qwen3-4B CPC-GRPO 64.78 66.19 82.03 85.70 92.07
CPC-GRPO (log-likelihood) 73.95 72.70 81.69 85.37 90.24

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

Method AQuA OBQA Time (×)

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 ×1.00).

5.5 Ablation Study489

Table 6 reports ablations of two key components in490

CPC-GRPO on LLaMA. Removing the decoding-491

level ensemble response (w/o DLE) reduces perfor-492

mance on both benchmarks (AQuA: 53.35→52.56;493

OBQA: 59.94→59.23), suggesting that the addi-494

tional DLE candidate strengthens the consensus-495

oriented learning signal. In contrast, including self-496

view scores (w/ Self-view) decreases performance497

(AQuA: 53.35→51.84; OBQA: 59.94→59.29),498

consistent with self-view emphasizing prompt-499

specific fit over cross-view agreement. From an500

efficiency standpoint, w/o DLE reduces training501

time to ×0.59 but sacrifices performance, indicat-502

ing a performance–cost trade-off. Overall, using503

DLE while excluding self-view is the most effec-504

tive setting in our experiments.505

Why O(G2) rescoring does not translate to506

quadratic wall-clock time. CPC-GRPO per-507

forms teacher-forced cross-prompt rescoring over508

G prompt variants, which introduces O(G2) for-509

ward passes. However, system-level analyses of510

RLHF/RLVR pipelines report that autoregressive511

rollout generation typically dominates iteration512

time, often accounting for the majority of wall-513

clock runtime (Zheng et al., 2025; Gao et al., 2025).514

Since CPC-GRPO keeps the rollout budget compa-515

rable to baselines and adds computation mainly to516

rescoring/optimization, the added O(G2) forwards517

are amortized by the rollout-dominated runtime,518

resulting in the non-quadratic overhead observed519

in Table 6.520

5.6 Log-Likelihood Consensus Reward 521

Table 5 ablates the scoring function used in the 522

consensus reward. While the default CPC-GRPO 523

uses the mean of token probabilities si,j (Eq. (4)), 524

the variant replaces it with the log-likelihood: 525

s
log
i,j =

1

Tj

Tj∑
t=1

log πθold

(
y
(j)
t | x(i), y

(j)
<t

)
. (13) 526

The consensus reward aggregation and the update 527

remain unchanged; we only substitute s
log
i,j for si,j . 528

This log-scale scoring is motivated by the obser- 529

vation that cross-prompt teacher-forcing can assign 530

extremely small probabilities to early tokens un- 531

der some views, making probability-mean scores 532

saturate near zero and reducing discriminability. 533

Using log-probabilities expands the dynamic range 534

in the low-probability regime and is aligned with 535

standard maximum-likelihood training. 536

Empirically, the log-likelihood variant substan- 537

tially improves in-domain RAE, but its gains on 538

Un-trained prompts and out-of-domain correctness 539

are mixed (Table 5). This suggests that optimizing 540

cross-view likelihood can primarily strengthen lin- 541

guistic plausibility across views, which may not 542

consistently translate to correctness-focused evalu- 543

ation under distribution shift. 544

6 Conclusion 545

We study answer-free RL for LLM post-training 546

without ground-truth answers or external evalu- 547

ators. Using paraphrase prompts as multi-view 548

observations, we define a cross-prompt consen- 549

sus reward via teacher-forcing rescoring and op- 550

timize it with an all-pair GRPO-style update using 551

group-relative advantages. Our method improves 552

RobustAlpacaEval on both Trained and Un-trained 553

prompts and shows non-degrading trends on out-of- 554

domain reasoning benchmarks. Since the reward 555

is computable on prefixes, we can explicitly trade 556

off training cost and performance by adjusting the 557

prefix length L. 558
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Limitations559

From a computational perspective, our method560

requires cross-prompt rescoring (teacher-forcing561

scoring) with respect to the paraphrase group size562

G. Thus, per-sample scoring expands to approxi-563

mately G ×K (prompt, response) combinations,564

and under the default setting (K = G + 1) it can565

incur additional forward computation on the order566

of O(G2). This cost can be substantial in particular567

when accumulating token-level log-probabilities568

over long responses. However, as shown in this pa-569

per, limiting the prefix length L reduces the number570

of processed tokens and can meaningfully reduce571

training wall-clock time, and G and L serve as pri-572

mary levers for controlling the performance–cost573

trade-off. We also evaluate many prompt variants in574

our experiments for analysis purposes (separating575

Trained/Un-trained and measuring prompt sensi-576

tivity), but in deployment one may operate with577

single-prompt generation or with limited test-time578

ensembling.579

Selecting the prefix length L is non-trivial. L580

simultaneously affects both the magnitude and vari-581

ance of the learning signal, and its effect can de-582

pend on a combination of factors, including (i) the583

model’s paraphrase robustness, (ii) the sharpness584

of token distributions, and (iii) the influence of585

early tokens induced by task and prompt formats.586

Therefore, it is difficult to guarantee that a fixed L587

is optimal across all models and datasets, and in588

practice additional tuning over L may be required.589

Future work should explore automated strategies590

such as scheduling that gradually increases L over591

training, or adaptive selection of L based on reward592

variance/stability.593
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A Detailed Datasets 786

RobustAlpacaEval (RAE). RAE is an 787

instruction-following benchmark based on 788

TinyAlpacaEval. Each example consists of (i) one 789

original prompt and (ii) ten semantically equivalent 790

paraphrase prompts (11 prompt variants in total). 791

The paraphrases are automatically generated using 792

GPT-4 and then manually reviewed/edited to 793

ensure meaning preservation and fluency (Cao 794

et al., 2024). In the main experiments, we use the 795

first G=4 variants under a fixed index order for 796

training (Trained prompts), and at evaluation time 797

we compute scores separately on (i) the Trained 798

subset and (ii) the remaining Un-trained subset 799

over the same set of examples. 800

Out-of-domain benchmarks. For evaluating 801

generalization, we use OpenBookQA, AQuA, and 802

HumanEval (Mihaylov et al., 2018; Ling et al., 803

2017; Chen et al., 2021). For each dataset, we 804

construct instruction-style prompts using templates 805

from PromptSource (Bach et al., 2022), and treat 806

different templates as prompt variants (= views), 807

forming a set of prompt variants per example. We 808

report the number of examples and prompt vari- 809

ants for each dataset in Table 7. We will release the 810

dataset construction and preprocessing scripts on 811

GitHub. 812

B Detailed Experimental Setting 813

Training. All fine-tuning (FT) and RL-based 814

methods are trained with QLoRA, and we fix the 815

paraphrase group size to G=4 throughout training. 816

For RL training, we perform rollouts and cross- 817

prompt scoring required for policy updates; to re- 818

duce rollout cost, we can use a multi-step update 819

that reuses a single rollout across multiple opti- 820

mization steps. The main hyperparameters of our 821

default setting are summarized in Table 8. Since 822

there is no verification-based reward, we do not use 823

a KL term in the default setting (β=0), and we fix 824

the learning rate to 1× 10−5. 825

Hardware. Training is performed on RTX 4090 826

× 2, and evaluation is performed on RTX 4090 × 827

1. All experiments are run under the same machine 828

environment. 829

Evaluation metrics. We evaluate RAE using the 830

AlpacaEval weighted win rate, and set gpt4_turbo 831

as the reference output and judge (Dubois et al., 832

2025; Cao et al., 2024). We also separately re- 833
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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 α 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 ϵ 0.2
Learning rate 1× 10−5

KL coefficient β 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 the834

Un-trained subset over the same set of examples.835

For OpenBookQA and AQuA, we extract answer836

choices via rule-based parsing and compute accu-837

racy. For HumanEval, we extract code blocks using838

rule-based procedures and compute unit-test-based839

pass@1. All methods are provided with the same840

output-format rules, and the rule templates and841

parsing procedures are described in Appendix D.842

Decoding for rollouts and evaluation. Unless843

otherwise specified, we use the same decoding con-844

figuration across all methods for fair comparison.845

For rollouts, we generate one response per view846

(prompt variant) with a fixed maximum comple-847

tion length and standard stopping criteria. For the848

decoding-level ensemble (DLE), we compute the849

per-step averaged token distribution across views850

and apply greedy decoding. Exact decoding param-851

eters (e.g., temperature, top-p, max new tokens, and852

stop sequences) are fixed across runs and included853

in the released configuration files.854

C Detailed Baselines855

In this section, we summarize the key configura-856

tions and the training/inference protocols of the857

baselines compared in the main text. All baselines 858

use the same prompt format and decoding settings 859

as in the main paper, and for the out-of-domain 860

benchmarks (OpenBookQA/AQuA/HumanEval) 861

we follow the output-format and parsing rules in 862

Appendix D. (Complete hyperparameters and full 863

template specifications are included in the released 864

code and configuration files.) 865

Pre-trained. We evaluate the base model without 866

any additional training. On RAE, we compute the 867

AlpacaEval weighted win rate for each prompt vari- 868

ant, and the Trained/Un-trained subset split follows 869

the main setting. 870

Self-refinement (test-time). We follow the self- 871

refinement idea used in the RAE paper, but in 872

this work we apply only a test-time template with- 873

out any additional training (Cao et al., 2024). The 874

model (i) rewrites the input prompt into a clearer 875

form without changing its meaning, and then (ii) 876

generates the final response conditioned on the 877

rewritten prompt. The output consists of two sec- 878

tions, REWRITTEN PROMPT: and RESPONSE:, and 879

we use only RESPONSE as the final output for evalu- 880

ation (Figure 5). This baseline can improve perfor- 881

mance via prompt clarification without training, but 882

it has limitations in that the rewriting process may 883

introduce subtle meaning shifts or amplify model 884

biases. 885

Swarm distillation (unsupervised SFT with a 886

pseudo-target pool). Swarm distillation is an un- 887

supervised distillation method that treats multiple 888

outputs obtained from a paraphrase prompt set for 889

the same intent as a pseudo-target pool, and trains 890

each prompt to imitate a pseudo-target sampled 891

from the pool (Zhou et al., 2022; Cao et al., 2024). 892

For each RAE example e, we form G prompts 893

Xe = {x(i)}Gi=1 and denote the corresponding set 894

of candidate outputs as Ye = {y(i)}Gi=1. During 895

training, for each prompt x(i), we uniformly sam- 896

ple a pseudo-target ỹ from Ye and minimize the 897

standard instruction SFT objective (cross-entropy 898
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applied only on the answer-token span):899

Lswarm(θ) =−
∑
e

G∑
i=1

Eỹ∼Unif(Ye)

|ỹ|∑
t=1

log πθ

(
ỹt | x(i), ỹ<t

)
.

(14)900

In this work, we evaluate a simple form of the901

baseline by using only uniform sampling from the902

pseudo-target pool, without separately tuning ad-903

ditional selection mechanisms or score-based ag-904

gregation. This approach can leverage expression905

diversity across paraphrases as supervision, but if906

pseudo-targets include teacher errors, it can suffer907

from confirmation bias where errors are amplified.908

Static-teacher (st). Static-teacher keeps the pseudo-909

target pool Ye fixed throughout training. In our910

experiments, we use a pre-generated teacher out-911

put file (outputs for each prompt variant) as the912

fixed pool, and at each step we randomly sample a913

pseudo-target from Ye and train using Eq. (14).914

Online-teacher (ot). Online-teacher is an iterative915

self-training variant that repeatedly refreshes the916

pseudo-target pool using responses generated by917

the current model during training. For each exam-918

ple e and prompt x(i), we generate a new response919

under the current policy and replace the pool ele-920

ment for that view:921

y(i)e ← Gen
(
πθ;x

(i)
)
. (15)922

We then uniformly sample pseudo-targets from the923

updated Ye and continue training with Eq. (14). In924

our implementation, we use deterministic decod-925

ing (e.g., greedy) to reduce variance in generation,926

and pool updates are performed only for exam-927

ples/views that appear in the current minibatch.928

Online-teacher can quickly reflect the student’s lat-929

est distribution, but it poses risks of reduced diver-930

sity or mode collapse.931

INTUITOR. INTUITOR is an RLIF-style932

method that optimizes with GRPO-style RL using933

intrinsic rewards derived from the model’s internal934

self-certainty signals, without external reward mod-935

els or answer verification (Zhao et al., 2025). In936

this work, we use the public implementation as-is,937

while applying the same prompt format/decoding938

settings and evaluation rules as in the main paper939

for fair comparison. The detailed reward definition940

and training pipeline follow the original paper and941

the released code (Zhao et al., 2025). This base- 942

line provides an answer-free training signal, but the 943

alignment between certainty signals and true task 944

performance can vary with tasks and prompts. 945

D Formatting RULE 946

Test-time RULE To evaluate the out-of-domain 947

datasets in this paper, we must parse the answer 948

portion from each model response to compute the 949

metrics. Therefore, for each dataset we prepend a 950

minimal set of rules to the input so that the model 951

outputs the answer in a prescribed format. The rules 952

used in our experiments are shown in Figure 4. 953

Self-refinement baseline format. Self- 954

refinement requires the model to first rewrite 955

the input prompt and then produce a response 956

to the rewritten prompt. At evaluation time, we 957

use only the text after RESPONSE: as the final 958

output (the rewritten prompt is excluded from 959

evaluation). In RobustAlpacaEval, many cases skip 960

the reasoning stage, so we provide an additional 961

format specifically for RobustAlpacaEval. The 962

formatting rule used in our experiments is shown 963

in Figure 5. 964

E Generalization Verification 965

In the main text, due to resource constraints, we pri- 966

marily analyze results from a single run per setting. 967

To further examine whether the observed gains of 968

the proposed method (CPC-GRPO) overly depend 969

on a specific run, we repeat training with different 970

random seeds and measure performance under the 971

same evaluation protocol. 972

As shown in Table 9, for both base models, most 973

metrics exhibit comparable improvements over the 974

pre-trained baseline on in-domain (RAE) and out- 975

of-domain reasoning benchmarks. In particular, for 976

Qwen3-4B, all three seeds consistently maintain 977

improved performance on both Trained and Un- 978

trained subsets, and the variation on out-of-domain 979

benchmarks is limited. For LLaMA3.2-3B, seed- 980

wise variability is relatively larger, but improve- 981

ments are generally preserved on OBQA and Hu- 982

manEval. Overall, these results indicate that the 983

gains of CPC-GRPO are not confined to a particu- 984

lar case and exhibit broadly reproducible trends. 985

F Performance of RobustAlpacaEval 986

For follow-up work, we additionally include a per- 987

formance table in the same format as (Cao et al., 988
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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.

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 RobustAlpacaEval989

results by separating paraphrases used for training990

from the remaining paraphrases, whereas Cao et al.991

(2024) reports performance over the full set of 11992

prompt versions. Accordingly, we report results993

aggregated over the full paraphrase set in Table 10.994
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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

LLaMA3.2-3B

pre-trained 21.42 19.25 58.66 52.36 60.06
CPC-GRPO (seed1) 22.89 21.04 59.94 53.35 61.59
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

Qwen3-4B

pre-trained 61.64 63.65 82.03 85.50 91.77
CPC-GRPO (seed1) 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.

LLaMA3.2-3B

pre-trained ✗ – 30.88 64.05 1.09 20.90 23.24
self-refine ✗ – 12.36 35.04 0.01 9.27 13.08
swarm-distillation (st) ✓ FT 25.22 55.76 0.28 18.19 20.54
swarm-distillation (ot) ✓ FT 17.15 43.59 0.00 13.28 16.29
INTUITOR ✗ RL 28.82 60.22 0.68 19.58 21.84
CPC-GRPO ✓ RL 34.84 60.75 1.96 22.80 22.12

Qwen3-4B

pre-trained ✗ – 68.77 95.64 11.40 63.58 31.89
self-refine ✗ – 13.40 35.49 0.35 9.17 12.62
swarm-distillation (st) ✓ FT 16.60 53.11 0.04 14.72 19.48
swarm-distillation (ot) ✓ FT 39.10 80.40 0.58 33.09 30.43
INTUITOR ✗ RL 70.05 95.45 9.46 62.31 32.29
CPC-GRPO ✓ RL 68.62 96.04 15.73 66.03 30.30

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