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Abstract001

Reinforcement Learning with Verifiable Re-002
wards (RLVR) demonstrates significant poten-003
tial in enhancing the reasoning capabilities of004
Large Language Models (LLMs). However,005
existing RLVR methods are often constrained006
by issues such as sparse rewards, reward noise,007
and inefficient exploration, which lead to un-008
stable training and entropy collapse. To ad-009
dress this challenge, we propose the Intrinsic010
Confidence-Driven Group Relative Preference011
Optimization method (ICPO). The intuition be-012
hind it lies in the fact that the probabilities of013
an LLM generating different responses can in-014
herently and directly reflect its self-assessment015
of the reasoning process. Inspired by the idea016
of preference modeling, ICPO calculates a pref-017
erence advantage score for each response by018
comparing the relative generation probabili-019
ties of multiple responses under the same in-020
put prompt, and integrates this score with ver-021
ifiable rewards to guide the exploration pro-022
cess. We have discovered that the preference023
advantage score not only alleviates the issues024
of sparse rewards and reward noise but also ef-025
fectively curbs overconfident errors, enhances026
the relative superiority of undervalued high-027
quality responses, and prevents the model from028
overfitting to specific strategies. Comprehen-029
sive experiments across four general-domain030
benchmarks and three mathematical bench-031
marks demonstrate that ICPO steadily boosts032
reasoning compared to GRPO.033

1 Introduction034

Large-scale reinforcement learning with verifi-035

able rewards (RLVR) has emerged as a prevail-036

ing paradigm for enhancing the reasoning capabil-037

ities of LLMs (Hu et al., 2025; Luo et al., 2025a;038

DeepSeek-AI et al., 2025). Unlike reinforcement039

learning from human feedback (RLHF), RLVR040

eliminates reliance on subjective human judgments041

or complex learned reward models by directly em-042

ploying rule-based reward functions to provide043

explicit feedback signals for model optimization. 044

This paradigm has given rise to a series of efficient 045

and scalable RLVR training algorithms, such as 046

GRPO (Guo et al., 2024) and DAPO (Yu et al., 047

2025a). Despite these significant advances, such 048

methods still face several challenging issues. 049

Firstly, relying solely on final answer to con- 050

struct binary coarse-grained rewards (DeepSeek-AI 051

et al., 2025) results in locally sparse reward, which 052

fails to effectively distinguish the quality of behav- 053

iors and may leads to zero advantage, thereby im- 054

peding the policy from achieving a stable optimiza- 055

tion direction. Secondly, most RLVR methods are 056

confined to domains such as mathematical problem- 057

solving (Liu et al., 2025; Zeng et al., 2025) and 058

code generation (Luo et al., 2025a; He et al., 2025; 059

Cui et al., 2025a), rendering them incapable of 060

designing rule-based verifiers for general-domain 061

reasoning with free-form answers. Recent studies 062

have attempted to address this issue by employing 063

LLMs as verifiers (Ma et al., 2025). However, the 064

unreliability and high variance of reward signals 065

(reward noise) further undermine training stability. 066

Finally, the model’s policy distribution may rapidly 067

skew toward a few high-reward output patterns due 068

to the lack of fine-grained feedback, leading the 069

policy to collapse into a repetitive action selection 070

state—a phenomenon known as entropy collapse. 071

To address these challenges, we propose the In- 072

trinsic Confidence-Driven Group Relative Pref- 073

erence Optimization (ICPO), which leverages the 074

model’s inherent self-assessment capability to com- 075

pensate for the deficiencies of verifiable rewards. 076

The key intuition lies in the fact that the probability 077

distribution generated by LLMs when producing 078

different reasoning responses essentially represents 079

an implicit self-assessment of the model’s confi- 080

dence in its own reasoning. A higher generation 081

probability means the model deems the reason- 082

ing path as highly correct and possesses absolute 083

confidence; however, this often corresponds to the 084

1



model’s path dependency on familiar patterns, po-085

tentially leading to inertial outputs for simple sce-086

narios. Conversely, a lower generation probability087

may actually come from the model’s attempts to088

reason through complex or rare samples, even when089

it lacks confidence. This probabilistic preference090

constitutes a fine-grained signal that can also reflect091

the effectiveness of policy optimization. Therefore,092

we can leverage this intrinsic preference as an093

auxiliary signal to guide policy learning.094

Specifically, ICPO draws on the modeling ap-095

proach of pairwise preferences in direct preference096

optimization algorithms. For multiple in-group re-097

sponses generated in response to the same input098

prompt, it first sorts them in ascending order based099

on their generation probabilities. Subsequently,100

it forms pairwise response sets by combining the101

responses two by two within the group. Then,102

by comparing the probabilities of these pairwise103

responses, it calculates a preference advantage104

score for each response that reflects its relative105

superiority or inferiority within the group. Dur-106

ing the optimization process, ICPO deeply inte-107

grates the preference advantage score with tradi-108

tional verifiable external rewards. This design ef-109

fectively addresses two typical failure modes in110

reasoning-based reinforcement learning: (1) It can111

precisely identify and suppress overconfident er-112

rors in the model—that is, the model generates113

seemingly plausible yet actually erroneous reason-114

ing paths with high probability, while simultane-115

ously enhancing the relative advantage of under-116

valued high-quality responses; (2) By continuously117

providing fine-grained comparative signals regard-118

ing relative merits within groups, it sustains the119

exploratory drive of the policy, thereby avoiding120

training instability and entropy collapse caused by121

ambiguous or extremely sparse external rewards.122

Our core contributions are threefold:123

• We innovatively propose a preference advan-124

tage score calculation mechanism that trans-125

forms the intrinsic probabilities of in-group re-126

sponses into relative preference signals. This127

breakthrough overcomes the limitations of tra-128

ditional verifiable rewards’ singularity, pro-129

viding stable guidance in scenarios where re-130

wards are sparse or noisy. Additionally, it131

can suppress overconfident errors while en-132

hancing the relative advantage of undervalued133

high-quality responses, thereby laying a reli-134

able foundation for policy updates.135

• We propose the ICPO method, a simple yet 136

highly extensible solution that deeply inte- 137

grates preference advantage scores with ex- 138

ternal rewards through multi-stage weight ad- 139

justment, effectively balancing the comple- 140

mentary values of intrinsic self-assessment 141

and extrinsic objective verification. 142

• Comprehensive experiments on seven bench- 143

marks demonstrate that ICPO consistently out- 144

performs baselines (e.g., GRPO) across var- 145

ious model architectures like Qwen, Llama, 146

and Gemma, demonstrating superior effective- 147

ness and cross-model generalizability. 148

2 Related Works 149

2.1 RLVR 150

Reinforcement Learning with Verifiable Rewards 151

(RLVR), as a robust alternative to Reinforcement 152

Learning from Human Feedback (RLHF), has been 153

demonstrated to effectively enhance model reason- 154

ing capabilities (Cui et al., 2025a; Lambert et al., 155

2024; Luo et al., 2025b). While RLHF (Ouyang 156

et al., 2022; Cohen et al., 2022; Gao et al., 2023) 157

leverages human preference data to train reward 158

models—yielding notable improvements—it in- 159

curs substantial resource costs due to heavy re- 160

liance on manual annotation (Touvron et al., 2023). 161

In contrast, RLVR employs rule-based verifica- 162

tion functions (e.g., exact answer matching (Team, 163

2025; Jaech et al., 2024)) to provide reward sig- 164

nals, circumventing the complexity and potential 165

pitfalls of learned reward models. However, this 166

approach remains limited to domains with precise 167

verifiers and suffers from sparse rewards. Recent 168

studies have explored LLM-based verifiers (LLM- 169

as-a-Judge) (Li et al., 2024; Wang et al., 2024a; 170

Zhu et al., 2025) to extend RLVR to open-ended 171

question-answering scenarios. Yet, due to uncer- 172

tainty in LLM outputs and hallucination issues, the 173

reward signals exhibit low reliability, potentially 174

misleading policy optimization. 175

2.2 Self-Reward Optimization 176

Self-reward optimization via intrinsic signals has 177

emerged as an effective approach to mitigate re- 178

liance on extrinsic rewards derived from manual 179

annotation or specialized verification tools. These 180

methods directly extract optimization guidance 181

from the generative process or output features of 182

policy models (Yuan et al., 2024; Zuo et al., 2025; 183

Zhao et al., 2025), inspired by observations that 184
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Figure 1: Illustration of ICPO. ICPO computes preference advantage scores for responses within a sampled group,
integrates them with verifiable rewards, and stabilizes training via multi-stage weight adjustment.

LLMs exhibit lower confidence when handling185

complex problems—optimizing such confidence ef-186

fectively enhances reasoning capabilities (Farquhar187

et al., 2024; Kuhn et al., 2023; Kang et al., 2024,188

2025). Early studies, such as SPIN (Chen et al.,189

2024) and self-rewarding LLMs (Yuan et al., 2024),190

leveraged model-generated feedback for subse-191

quent training iterations, while INTUITOR (Zhao192

et al., 2025) employed self-confidence as an intrin-193

sic confidence-based reward. However, such meth-194

ods risk limiting exploration (Cui et al., 2025b;195

Hochlehnert et al., 2025), as excessive reliance on196

model’s own epistemic state may trap the policy197

in self-reinforcing local optima. PLPR (Yu et al.,198

2025b) introduced a stable probability-to-reward199

conversion method. CDE (Dai et al., 2025) em-200

ploys the Perplexity of responses as an auxiliary201

signal to guide policy optimization. However, re-202

lying on the absolute perplexity of individual re-203

sponses rather than their relative quality within a204

group may lead to suboptimal performance.205

3 ICPO206

In this section, we first introduce the fundamental207

principles of ICPO. Next, we describe the method208

for calculating preference advantage scores for209

each response, and the multi-stage weight adjust-210

ment to ensure the stability of training process.211

3.1 RL with Intrinsic Confidence-Driven212

The core of RLVR lies in replacing traditional213

RLHF reward models with rule-based reward func-214

tions (or general LLM scoring). thereby eliminat-215

ing the need to construct large-scale human pref-216

erence datasets. Specifically, RLVR optimizes the217

policy by maximizing the following objective: 218

max
πθ

Eo∼πθ(q) [v(q, o)− βKL[πθ(o|q)∥πref(o|q)]]
(1) 219

where q denotes the input query, o represents the 220

generated output, πref is the initial reference policy, 221

and β controls the KL divergence coefficient to pre- 222

vent excessive deviation from πref, v(q, o) consti- 223

tutes a verifiable reward function. Common RLVR 224

algorithms include REINFORCE (Williams, 1992), 225

PPO (Schulman et al., 2017), and GRPO (Shao 226

et al., 2024). GRPO significantly reduces GPU 227

memory consumption and training computational 228

costs by not needing the value model. Its effi- 229

cacy has been validated in DeepSeekMath (Shao 230

et al., 2024) and DeepSeek-R1 (DeepSeek-AI et al., 231

2025), establishing its prominent position in rein- 232

forcement learning. Specifically, for each problem 233

q, GRPO samples a set of outputs {o1, o2, . . . , oG} 234

from the old policy πθold , then optimizes the policy 235

model by maximizing the following objective: 236

J (θ) = Eq∼D,{ok}Gk=1∼πθold
(O|q)[

1

G

G∑
k=1

1

|ok|

|ok|∑
t=1

min
(
rtkA

t
k, clip(r

t
k, 1− ϵ, 1 + ϵ)At

k

)
−KL]

(2)

237

238

rtk =
πθ(o

t
k|q, o

<t
k )

πθold(o
t
k|q, o

<t
k )

, At
k =

Rk −mean({Rk})
std({Rk})

(3) 239

where ϵ and β are hyperparameters, and At
i repre- 240

sents the relative advantage estimation based on 241

within-group rewards. However, GRPO suffers 242

from training instability due to sparse rewards or 243

reward noise, and may encounter entropy collapse, 244

leading to suboptimal performance. 245
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To address the above challenges, we propose246

Intrinsic Confidence-Driven Group Relative Pref-247

erence Optimization (ICPO), as illustrated in Fig-248

ure 1. This method integrates external rewards249

with the model’s self-evaluation of its reason-250

ing processes. ICPO offers three key benefits:251

(1) it provides finer optimization guidance under252

sparse reward conditions; (2) it mitigates random253

noise in verifiable rewards and accentuates relative254

value differences between high- and low-quality255

responses; (3) it reduces prevalent overconfidence256

errors in reasoning while enhancing the relative257

superiority of undervalued high-quality responses.258

The optimization objective of ICPO is:259

J (θ) = Eq∼D,{ok}Gk=1∼πθold
(O|q)[

1

G

G∑
k=1

1

|ok|

|ok|∑
t=1

min
(
rtkÃ

t
k, clip(r

t
k, 1− ϵ, 1 + ϵ)Ãt

k

)
−KL]

(4)

260

261

KL = βKL(πθ||πθref ), Ãt
k =

R̃k −mean({R̃k})
std({R̃k})

(5)262

where R̃k denotes the verifiable reward incorporat-263

ing normalized preference advantage scores, which264

is the Rfinal
k depicted in Figure 1.265

3.2 Preference Advantage Scores266

Preference advantage scores essentially reflect the267

model’s self-assessment of the relative merits of268

different responses within a group. This intuition269

stems from the observation that LLMs often ex-270

hibit lower probabilities when encountering un-271

familiar tasks or lacking sufficient knowledge re-272

serves (Kang et al., 2024). By incorporating self-273

confidence as an additional reward, ICPO guides274

the policy to proactively learn from undervalued275

responses, thereby uncovering underutilized knowl-276

edge. Specifically, we first sort responses within a277

sampled group in ascending order based on their278

intrinsic preferences (i.e., responses with lower in-279

trinsic probabilities are assigned earlier ranking280

positions). The sorting process is represented as:281

O = sorti∈G (oi | (logπθ(oi|s))) (6)282

283

πθ(oi|s) =
1

Li

Li∑
t=1

πθ(ot | o<t, s) (7)284

where Li represents the effective length of oi (i.e.,285

the number of non-padding tokens), πθ(ot | o<t, s)286

denotes the probability of model generating token287

ot at position t, and πθ(oi|s) denotes the sequence- 288

level probability of response oi. We normalize 289

probabilities based on effective length to ensure 290

fair comparison across responses and prevent bias 291

toward shorter responses. This ranking structure, 292

which is solely dominated by generation probabil- 293

ities, is decoupled from external rewards, thereby 294

avoiding noise interference from external rewards. 295

Based on the sorting results, we construct all 296

valid preference pairs (oi, oj) satisfying the partial 297

order relation where oi is strictly ranked ahead of 298

oj . The preference pair set is defined as: 299

P =

G⋃
k=1

{(ok, oj) | ok, oj ∈ O & ok ≺ oj} (8) 300

Subsequently, we calculate a preference advan- 301

tage score for each response. By effectively mod- 302

eling the partial order relations, we quantify the 303

relative superiority or inferiority of each response 304

compared to other candidate responses within the 305

same group. Formally, the preference advantage 306

score for the k-th response is defined as: 307

Sp
k =

ok≺oj∑
(ok,oj)∈P

δ · logπθ(oj |s)
logπθ(ok|s)

− δ · logπθ(oG|s)

(9) 308

where δ represents the temperature scaling factor. 309

The first term in the formula accumulates the poten- 310

tial learning value of the current response for subse- 311

quent responses, while the second term ensures that 312

high-confidence responses are not entirely over- 313

looked. The advantage score Sp
k computed via 314

this method emphasizes guiding the model to learn 315

high-quality responses with low confidence, steer- 316

ing clear of the safe response pattern that merely 317

pursues high probabilities but lacks substantive con- 318

tent. Moreover, it effectively avoids excessive en- 319

couragement of extreme low-probability responses, 320

which are of no practical learning value (as the first 321

term in formula of these extremely low-probability 322

responses is relatively small). Consequently, it fa- 323

cilitates the creation of fine-grained intrinsic reward 324

signals, enabling precise capture and learning of 325

high-quality responses underestimated by models. 326

3.3 Reward Design 327

To more effectively guide the policy model in ex- 328

ploring and learning underutilized knowledge, we 329

have devised a composite reward function that in- 330

tegrates verifiable rewards derived from external 331

scoring strategies with advantage signals based on 332
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Figure 2: An illustration of different weight adjustment.

intrinsic generation preferences (i.e., preference ad-333

vantage scores). This reward mechanism not only334

reflects the absolute performance of responses in335

the target task but also captures their relative learn-336

ing value among candidate responses within the337

same group. The final reward is modeled as:338

Rverif.
k = 0.9 ·Ranswer

k + 0.1 ·Rformat
k (10)339

340

Rfinal
k = Rverif.

k + ω ·min
(
Sp
k , |R

verif.
k |/τ

)
(11)341

where the weighting parameter ω is utilized to reg-342

ulate the strength of intrinsic advantage signal in-343

jection. We adopt a multi-stage weight adjustment344

strategy to dynamically modify ω across different345

training stages, with specific settings detailed in346

Section 3.4. Additionally, S̃p
k is clipped based on347

the verifiable reward of each individual response,348

thereby preventing intrinsic preferences from ex-349

cessively dominating the composite reward. This350

reward mechanism ensures that encouragement is351

effectively applied to correct, low-probability re-352

sponses that possess learning value (while incorrect353

low-probability responses receive minimal intrinsic354

rewards due to the truncation mechanism), and it355

also suppresses the model’s overconfident errors.356

3.4 Multi-stage Weight Adjustment357

To effectively balance the internal and external358

reward signals, we have designed a multi-stage359

weight adjustment strategy to dynamically modu-360

late the value of ω, as illustrated by the curve in361

Figure 1. Specifically, during the initial training362

phase, we employ an inverse cosine growth pattern363

to alter the weight value, enabling the model to364

gradually assimilate fine-grained preference infor-365

mation driven by its own probability distribution.366

Once ω reaches its maximum value, we adopt a367

linear annealing to reduce the weight value to its368

minimum, thereby preventing the training process369

from being excessively guided by intrinsic rewards.370

This design originates from the following insight:371

In early training, high entropy makes it challeng-372

ing to determine whether low-probability responses373

are worth learning. As training continues and en-374

tropy drops, correct and novel low-probability re- 375

sponses emerge, at which point we can incremen- 376

tally enhance the learning motivation for these re- 377

sponses. In later training, when most novel samples 378

are learned, remaining low-probability responses 379

may be noise or valueless signals; so reducing in- 380

trinsic signals’ influence stabilizes policy learning. 381

Figure 2 (left) displays various weight adjustment 382

strategies, with a detailed analysis of their effects 383

in the experimental section. The warmup turning 384

point is set at 0.4 because, in GRPO training, the 385

20%-40% phase shows suitable entropy reduction 386

with active exploration, making it ideal for intro- 387

ducing strong intrinsic preference rewards. An 388

ablation study of this setting is in Appendix C.3. 389

4 Experiments 390

This section empirically validates the effectiveness 391

of ICPO and explores its potential applications in 392

both verifiable reward and noisy reward domains. 393

4.1 Baselines and Setup 394

We conduct experiments on Gemma2 (Riviere et al., 395

2024), Llama3.1 (Grattafiori et al., 2024) and 396

Qwen2.5 (Yang et al., 2024) series models for 397

fair comparison with existing methods. Unless 398

otherwise specified, experiments are conducted 399

on Qwen2.5-7B-Base. A comprehensive perfor- 400

mance evaluation of ICPO method was carried out 401

using three mathematical reasoning benchmarks, 402

namely MATH-500 (Cobbe et al., 2021), Min- 403

erva (Lewkowycz et al., 2022), and AIME24, as 404

well as four general-domain benchmarks, includ- 405

ing MMLU-Pro (Wang et al., 2024b), GPQA (Rein 406

et al., 2023), TheoremQA (Chen et al., 2023), and 407

WebInstruct. The baseline models include: (1) 408

Base and Instruct models; (2) PRIME (Cui et al., 409

2025a); (3) SimpleRL-Zoo (Zeng et al., 2025); (4) 410

Oat-Zero (Liu et al., 2025); (5) TTRL (Zuo et al., 411

2025); (6) General Reasoner (Ma et al., 2025); (7) 412

RLPR (Yu et al., 2025b); (8) INTUITOR (Zhao 413

et al., 2025); and (9) CDE (Dai et al., 2025). De- 414

tailed descriptions of datasets and experimental 415

setups are elaborated upon in Appendix A and B. 416

4.2 Main Results 417

Main results and training dynamic are presented in 418

Table 1 and Figure 3. Key findings are as follows: 419

(1) Intrinsic confidence-driven mechanism has 420

substantially enhanced reasoning performance in 421

general domains. Compared to RLVR trained using 422
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Model Verifier MMLUPro GPQA TheoremQAWebInst. MATH500 Minerva AIME24 General Math
Avg@2 Avg@4 Avg@2 Avg@2 Avg@2 Avg@2 Avg@16 - -

Gemma Models

Gemma2-2B-It – 27.9 19.3 16.4 33.5 26.6 15.9 0.0 24.3 14.2
RLVR(GRPO)† Rule 31.6 25.8 20.1 52.3 30.7 16.5 0.2 32.5 15.8
ICPO (Ours) Rule 33.0 28.9 20.4 53.8 30.6 17.0 0.2 34.0 15.9

Llama Models

Llama3.1-8B-Inst – 46.4 31.6 31.3 54.7 50.1 32.7 4.2 40.5 29.0
RLVR(GRPO)† Rule 50.3 36.0 33.0 63.2 51.9 35.2 6.5 45.6 31.2
ICPO (Ours) Rule 52.7 37.2 34.7 68.9 53.8 39.0 8.8 48.4 33.9

Qwen Models

Qwen2.5-7B – 45.3 32.4 41.4 60.4 51.0 37.6 6.5 44.9 31.7
Qwen2.5-7B-Inst – 54.5 34.2 47.3 72.6 75.4 49.4 9.4 52.2 44.7

Orat-Zero(M) Rule 45.8 38.8 53.3 71.5 80.8 52.1 29.8 52.4 54.2
PRIME(M) Rule 39.5 32.1 47.7 54.5 76.4 45.5 20.4 43.4 47.4
SimpleRL-Zoo(M) Rule 46.9 38.4 51.1 70.3 77.1 51.0 26.5 51.7 51.5

TTRL Rule 51.1 34.1 48.8 68.0 82.1 52.8 15.8 50.5 50.2
SimpleRL-Zoo Rule 54.1 36.2 49.5 70.7 76.3 49.2 14.8 52.6 46.8
General Reasoner Model 55.4 37.4 52.1 74.5 77.0 51.7 16.0 54.8 48.2
RLPR ✗ 56.0 37.6 55.4 75.5 78.0 56.5 16.3 56.1 50.3
INTUITOR† ✗ 54.9 37.3 53.0 76.1 76.5 53.6 16.0 55.3 48.7
CDE† Rule 57.4 40.1 54.0 72.3 76.0 53.7 23.3 55.9 51.0
RLVR(GRPO)† Rule 55.1 36.2 52.2 75.3 76.5 54.9 17.7 54.7 49.7
ICPO (Ours) Rule 57.6 39.4 54.0 77.8 76.2 56.2 23.3 57.2 51.9

Table 1: Overall performance on seven reasoning benchmarks. General: Average of MMLU-Pro, GPQA, The-
oremQA and WebInst. Math: Average of MATH-500, Minerva and AIME24. The best and second results are
marked in bold and underlined, respectively. ✗: Method does not require verifiers. (M): Method is trained based on
Qwen2.5-Math-7B. †: Official code/methods-based reproduced results.

Figure 3: Comparison of Avg accuracy on seven bench-
marks and entropy of GRPO (Baseline) and ICPO (Our).

the vanilla GRPO, we observed greater improve-423

ments in general reasoning performance across the424

Gemma, Llama, and Qwen models, with average425

increases of 1.5, 2.8, and 2.5 points, respectively.426

Furthermore, ICPO also demonstrated a significant427

advantage over other baseline methods.428

(2) ICPO demonstrates exceptional performance429

in mathematical reasoning scenarios, surpassing430

both PRIME and SimpleRL-Zoo across three math-431

ematical benchmarks. Notably, even without train-432

ing on mathematical models, ICPO still demon-433

strates a significant enhancement in mathematical434

reasoning capability, comparable to methods specif-435

ically trained on mathematical models.436

(3) During the training process, ICPO exhibits437

a slower rate of improvement in test set accuracy438

compared to the vanilla GRPO in the early train-439

Methods MMLUPro GPQA MATH500 Minerve

Avg@2 Avg@4 Avg@2 Avg@16

Baseline 45.3 32.4 51.0 37.6
+ GRPO 46.9 31.8 56.2 38.9
+ ICPO 52.3 35.0 68.5 45.5

Table 2: Performance on sparse reward settings.

ing stages. However, it gradually catches up and 440

ultimately surpasses the performance of GRPO. 441

Moreover, the policy entropy is maintained at a 442

stable exploratory state throughout the entire train- 443

ing process. This aligns with intrinsic confidence- 444

driven exploration: ICPO prevents premature con- 445

vergence to false high-reward paths, encouraging 446

thorough exploration of high-quality actions in low- 447

confidence regions. This helps the model shift 448

smoothly toward goal-directed exploration, reduc- 449

ing entropy collapse and boosting accuracy. 450

4.3 Analysis of ICPO 451

(1) Beyond Binary Rewards: Providing Contin- 452

uous Optimization Signals. We filtered the train- 453

ing data, keeping only samples where all instances 454

were entirely correct or entirely incorrect, and used 455

them as extremely sparse reward training set. As 456
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Model Verifier MMLUPro GPQA TheoremQAWebInst. MATH500 Minerva AIME24 General Math
Avg@2 Avg@4 Avg@2 Avg@2 Avg@2 Avg@2 Avg@16 - -

Qwen2.5-Base Models

Qwen2.5-3B – 34.6 26.3 27.4 44.5 42.6 19.4 0.0 33.2 21.3
+ GRPO Rule 50.1 30.4 37.6 61.1 60.8 35.4 10.0 44.8 35.4
+ ICPO Rule 51.7 32.9 39.1 63.2 60.4 36.5 9.4 46.7 35.4

Qwen2.5-7B – 45.3 32.4 41.4 60.4 51.0 37.6 6.5 44.9 31.7
+ GRPO Rule 55.1 36.2 52.2 75.3 76.5 54.9 17.7 54.7 49.7
+ ICPO Rule 57.6 39.4 54.0 77.8 76.2 56.2 23.3 57.2 51.9

Qwen2.5-14B – 51.2 32.8 43.0 66.1 55.6 41.7 10.0 48.3 35.8
+ GRPO Rule 63.2 43.6 58.8 79.0 80.4 59.2 20.0 61.1 53.2
+ ICPO Rule 63.0 45.1 58.8 80.3 81.2 60.5 20.0 61.8 53.9

Qwen2.5-Instruct Models

Qwen2.5-7B-Inst – 54.5 34.2 47.3 72.6 75.4 49.4 9.4 52.2 44.7
+ GRPO Rule 52.0 40.1 56.3 63.2 77.0 55.8 17.7 52.9 50.2
+ ICPO Rule 58.1 42.6 55.4 74.9 77.8 55.8 26.7 57.8 53.4

Qwen3-Base Models

Qwen3-4B – 50.5 36.8 33.7 55.7 54.1 29.4 3.33 44.2 28.9
+ GRPO Rule 57.3 41.5 53.3 65.8 78.5 54.7 16.7 54.5 49.9
+ ICPO Rule 59.5 43.9 56.8 73.1 81.7 57.8 20.0 58.3 53.2

Table 3: Overall performance comparison between ICPO (Our Method) and vanilla GRPO (Baseline) across models
of different scales (3B, 7B and 14B), types (Base and Instruct) and versions (Qwen2.5 and Qwen3).

Figure 4: Comparison of Avg accuracy and entropy be-
tween vanilla GRPO (baseline) and ICPO (Our method)
on seven benchmarks under noisy reward scenarios.

shown in Table 2, compared to GRPO, ICPO still457

effectively explores under complete reward spar-458

sity: it progressively identifies high-potential re-459

sponse paths and ultimately achieves stable per-460

formance gains. In contrast, GRPO, lacking fine-461

grained feedback, fails to pinpoint accurate policy462

update directions, resulting in stagnant or even de-463

teriorating performance. These findings confirm464

that ICPO, through implicit contrastive modeling,465

effectively mitigates the exploration-exploitation466

dilemma in extremely sparse reward settings, of-467

fering a viable optimization approach for scenarios468

without explicit preference labels.469

(2) Correcting Reward Bias: Guiding Toward470

the Right Optimization Direction. Figure 4 com-471

pares the performance of ICPO and vanilla GRPO472

on noisy reward scenarios. In scenarios without473

precise verification tools, LLMs automatically gen-474

erate reward signals. However, due to LLMs’ in-475

herent uncertainty or hallucination issues, these476

rewards are often noisy and may even unfairly as-477

Figure 5: Comparison of Avg accuracy and entropy be-
tween vanilla GRPO (baseline) and ICPO (Our method)
across seven benchmarks using Qwen2.5-7B-Instruct.

sign low scores to high-quality outputs due to as- 478

sessment model bias. To validate the effectiveness 479

of ICPO in such contexts, we randomly selected 480

40% of the training data in each update round and 481

injected random noise into their rewards to simu- 482

late this scenario. The experimental results demon- 483

strate that ICPO, leveraging its intrinsic confidence- 484

driven mechanism, effectively decouples the strong 485

dependency between policy confidence and exter- 486

nal rewards, maintaining positive reinforcement 487

for high-potential responses and enabling effective 488

learning even when external rewards are distorted. 489

In contrast, GRPO, lacking accurate advantage sig- 490

nals, experiences a sharp increase in estimation 491

variance, leading to rapid misalignment of policy 492

update directions and severe performance degrada- 493

tion. These findings further corroborate the effec- 494

tiveness of ICPO in mitigating reward noise. 495

4.4 Natural Scalability 496

ICPO exhibits scalability and can effectively adapt 497

to models of varying scales. As shown in Table 3, 498
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Model MMLUPro GPQA TheoremQAWebInst. MATH500 Minerva AIME24 General Math
Avg@2 Avg@4 Avg@2 Avg@2 Avg@2 Avg@2 Avg@16 - -

Qwen2.5-7B-GRPO 55.1 36.2 52.2 75.3 76.5 54.9 17.7 54.7 49.7
⇒ ω No decay 54.8 35.8 54.0 77.0 76.0 55.9 16.7 55.4 49.5
⇒ ω Linear decay 56.0 39.0 53.5 75.8 76.2 55.4 20.0 56.1 50.5
⇒ ω Warmup retention 57.0 38.7 53.5 76.2 76.5 55.4 20.0 56.4 50.6
⇒ ω Warmup decay 57.6 39.4 54.0 77.8 76.2 56.2 23.3 57.2 51.9

Table 4: Performance comparison of ICPO under different weight adjustment schemes for intrinsic confidence
reward. The weight adjustment schemes adhere to those illustrated in Figure 2.

with the growth of model parameters (from 3B to499

7B, then to 14B), its performance keeps improving,500

fully reflecting ICPO’s inherent scalability. An in-501

teresting finding is that ICPO shows the greatest502

performance gain on 7B-scale model, with smaller503

improvements on 3B and 14B-scale models. We504

posit that this may stem from the non-linear rela-505

tionship between model scale and confidence cali-506

bration: small models lack confidence, providing507

uncertain probability signals for many questions,508

while large models tend to be overconfident (Huang509

et al., 2025), assigning high confidence even to510

wrong answers. Consequently, both types of mod-511

els exhibit relatively flat probability distributions,512

resulting in small in-group confidence differences.513

Furthermore, ICPO continues to demonstrate its514

versatility and robustness on both the Qwen2.5-515

7B-Instruct model and the Qwen3-4B-base model.516

Whether applied to interactive models emphasizing517

instruction-following capabilities or foundational518

reasoning models focusing on thinking abilities,519

ICPO can seamlessly adapt and effectively enhance520

their performance in core tasks.521

Notably, GRPO training on Qwen2.5-7B-Inst.522

shows sustained performance decline in later stages523

(as shown in Figure 5), whereas ICPO maintains524

stable exploration. We attribute this to the substan-525

tial performance improvement of the instruction-526

tuned model, which results in smaller or even zero527

relative advantages among responses within groups.528

This further validating the robustness and anti-529

degradation benefits of intrinsic confidence-driven530

mechanism in extremely sparse reward scenarios.531

4.5 Investigate the Effect of Intrinsic Bonus532

Reward weight adjustment is crucial. We com-533

pared four adjustment schemes of ω: No decay,534

linear decay, warmup retention, and warmup decay535

(as shown in Figure 2 (left)). Table 4 presents the536

performance under each scheme and uncovers two537

key findings: (1) Weight decay is essential since538

all decay schemes outperform the no decay base-539

line, facilitating a smooth shift from exploration to 540

exploitation. (2) Early-stage warmup exploration 541

matters. Warmup decay scheme expands the state- 542

action coverage by gradually increasing the explo- 543

ration intensity in early phase and ensures stable 544

convergence through linear decay in later phase. In 545

contrast, schemes without warmup exhibit an exces- 546

sively high exploration intensity at the initial stage, 547

leading to an imbalanced policy update direction 548

and a consequent reduction in performance. 549

Additionally, as previously indicated by research, 550

entropy offers a crucial perspective for understand- 551

ing exploration capabilities (Cui et al., 2025b). A 552

sharp decline or high-level fluctuation in entropy 553

typically indicates insufficient model exploration or 554

policy failure. Figure 2 (right) presents a compara- 555

tive analysis of entropy dynamics between vanilla 556

GRPO and ICPO. Firstly, the intrinsic confidence- 557

driven mechanism effectively mitigates the phe- 558

nomenon of entropy collapse, fully demonstrating 559

its role in promoting exploration. Secondly, when 560

comparing different decay schemes, the warmup 561

decay approach yields a more stable entropy trajec- 562

tory. This finding aligns with our understanding: 563

prioritizing warmup and appropriately decaying 564

reward weights ensures stable convergence while 565

effectively supporting the exploration process. 566

5 Conclusion 567

We propose an Intrinsic Confidence-Driven Group 568

Relative Preference Optimization (ICPO), an effi- 569

cient technique that enhances LLMs learning by 570

modeling preferences based on the generation prob- 571

abilities of responses within a group. ICPO is 572

lightweight, requiring only minor adjustments to 573

the original GRPO training framework. Its efficacy 574

is demonstrated by consistent accuracy improve- 575

ments across general and mathematical bench- 576

marks, outperforming strong baselines. These re- 577

sults strongly support the intuition that intrinsic 578

confidence contains rich preference information to 579

effectively guide policy optimization. 580
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Limitations581

Although ICPO can achieve effective learning in582

sparse reward settings and mitigate the problem583

of noisy rewards, it still encounters limitations584

and challenges when rewards are completely in-585

accurate. The fundamental limitation is that ICPO586

inherently promotes in-depth learning of correct587

but low-probability samples while curbing over-588

confidence in incorrect yet high-probability ones.589

When rewards completely deviate from the true590

task objectives, this encouragement-suppression591

mechanism experiences a total reversal. Specif-592

ically, genuinely valid low-probability behaviors593

are incorrectly marked as erroneous samples by594

the inaccurate rewards, while truly ineffective or595

even detrimental behaviors are falsely portrayed as596

correct but low-probability high-quality samples597

and become the focal point of ICPO’s optimization,598

ultimately causing policy failure. We are currently599

actively exploring solutions to these issues and will600

present them in our future research.601
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A Experimental data831

A.1 Training data832

Our training data is identical to that employed in833

RLPR (Yu et al., 2025b), utilizing the high-quality834

reasoning question bank released by Ma et al. (Ma835

et al., 2025), which encompasses high-caliber rea-836

soning problems across multiple complex domains.837

This training dataset excludes mathematics-related838

prompts to focus on general-domain reasoning and839

adopts a multi-stage filtering strategy to ensure its840

difficulty level: initially, history-related questions841

and those at primary/junior high school levels are842

removed to avoid overly simplistic or common-843

sense content; subsequently, only high-difficulty844

samples are retained based on reasoning scores as-845

signed by GPT-4.1-mini. Ultimately, this process846

yields 77,687 focused and high-quality complex847

non-mathematical reasoning data entries.848

A.2 Evaluation data 849

We evaluate reasoning capabilities through multiple 850

general reasoning benchmarks and mathematical 851

benchmarks. For mathematical reasoning, we have 852

selected the following three benchmarks: 853

• MATH-500 (Cobbe et al., 2021) is a challeng- 854

ing benchmark specifically designed for eval- 855

uating the mathematical reasoning capabili- 856

ties of LLMs. It comprises 500 high-quality, 857

challenging mathematical problems, aiming 858

to comprehensively assess a model’s ability to 859

solve complex mathematical issues. 860

• Minerva (Lewkowycz et al., 2022), devel- 861

oped by Google DeepMind, is a high-quality 862

dataset for training mathematical reasoning 863

models. It aims to narrow the capability gap 864

of LLMs in quantitative reasoning, empower- 865

ing models with mathematical thinking and 866

symbolic reasoning skills from basic calcula- 867

tions to advanced scientific research levels. 868

• AIME24 centers on intricate problems at the 869

AIME (American Invitational Mathematics 870

Examination) level, covering key areas like al- 871

gebra, geometry, and combinatorics. It offers 872

structured data, including problem descrip- 873

tions, solution steps, and standard answers, 874

setting a new standard for assessing AI mod- 875

els’ logical reasoning skills. 876

For general domains, we adopt four benchmarks: 877

• MMLU-Pro (Wang et al., 2024b) is a 878

widely-adopted multi-task language under- 879

standing benchmark, encompassing challeng- 880

ing reasoning-intensive questions across mul- 881

tiple domains. To strike a balance between 882

evaluation efficiency and data diversity, we 883

randomly sampled 1,000 prompts from this 884

benchmark for our experiments. 885

• GPQA (Rein et al., 2023) encompasses 886

graduate-level questions across multiple dis- 887

ciplines such as physics and chemistry. We 888

employ the highest-quality GPQA-diamond 889

subset for our evaluation. 890

• TheoremQA (Chen et al., 2023) is designed 891

to evaluate a model’s ability to solve com- 892

plex scientific problems by applying theorems. 893

This benchmark comprises 800 high-quality 894

questions, covering 350 theorems across fields 895
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ICPO training prompt

<|im_start|>system
A conversation between User and Assistant. The user asks a question, and the
Assistant solves it. The assistant first thinks about the reasoning process in the
mind and then provides the user with the answer. The reasoning process and answer
are enclosed within <think> </think> and <answer> </answer> tags, respectively,
i.e., <think> reasoning process here </think> <answer> answer here </answer>.
<|im_end|>
<|im_start|>user
{{question}}<|im_end|>
<|im_start|>assistant

Table 5: We adopt the training prompt of R1 (DeepSeek-AI et al., 2025) for ICPO.

such as mathematics and physics. We remove896

the 53 multimodal instructions.897

• WebInstruct: We derived a validation subset898

from WebInstruct (Ma et al., 2025) to serve899

as an easily evaluable benchmark tailored for900

medium-sized models. Despite its relatively901

lower difficulty, the dataset can still evalu-902

ate multidisciplinary reasoning skills. Ad-903

hering to the filtering settings introduced in904

RLPR (Yu et al., 2025b), we conducted our905

evaluation using 638 unique questions.906

B Experimental Setup907

B.1 Training Setup908

Unless otherwise specified, all our experiments909

were conducted on the Qwen2.5-7B model. Fol-910

lowing the majority of RLVR practices, we omit-911

ted the supervised fine-tuning process and directly912

performed post-training on the base model. In the913

main experiment, we controlled the output structure914

to extract parsable reasoning chains and answers915

by adjusting the prompt templates during both the916

training and validation phases. The specific prompt917

templates are detailed in Table 5. All experimental918

results presented in this paper are averaged over919

multiple trials.920

In the experiments targeting the Gemma and921

Llama models, we adjusted the temperature pa-922

rameters for both training and evaluation to 0.6.923

Following RLPR (Yu et al., 2025b) guidelines, we924

removed <think> segments from templates to pre-925

vent a decline in generation quality. We observed926

that rule-based scoring scripts introduced errors in927

benchmark tests containing non-multiple-choice928

formatted questions. To address this issue, we de-929

ployed a Qwen2.5-7B-Instruct model server for930

evaluation and additionally utilized Qwen2.5-72B- 931

Instruct to handle more complex benchmarks, such 932

as TheoremQA and Minerva. 933

In the experiment focusing on sparse reward sce- 934

narios, we employed Qwen2.5-7B model to con- 935

duct a single-epoch training session on the training 936

set. We retained the original data where all re- 937

sponses within each group were either uniformly 938

correct or uniformly incorrect, while filtering out 939

those data instances where responses within the 940

same group exhibited discrepancies in rewards. 941

Subsequently, we utilized the retained data as ex- 942

tremely sparse reward training set to further train 943

Qwen2.5-7B model, thereby validating the efficacy 944

of ICPO in extremely sparse reward settings. 945

In the experiment concerning noisy reward sce- 946

narios, we randomly selected 40% of the responses 947

generated at each training step and injected random 948

noise into their rewards. Specifically, we randomly 949

added or subtracted 0.3 points from the original 950

reward values to simulate the hallucinations and 951

unstable fluctuations that may occur when LLMs 952

assign scores. Subsequently, we utilized the noise- 953

injected rewards to calculate the intra-group advan- 954

tage for guiding policy updates, thereby validating 955

the comparative performance of ICPO and vanilla 956

GRPO in noisy reward environments. 957

B.2 Parameters Setup 958

We employed Verl as our training framework1. Ta- 959

ble 6 presents the configuration schemes adopted 960

for training both ICPO and vanilla GRPO based on 961

Qwen2.5 series models. All experiments were con- 962

ducted on a single node, with each node equipped 963

with 8 NVIDIA H200 141GB GPUs. 964

1https://github.com/volcengine/verl
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Config GRPO ICPO

actor-lr 1e-6 1e-6
kl_coef 0.001 0.001
max_prompt_length 2K 2K
max_response_length 3K 3K
train_batch_size 768 768
ppo_mini_batch_size 192 192
clip_ratio 0.20 0.20
sample_temperature 1.0 1.0
rollout.n 5 5
total_training_steps 500 500

(a)

Config 3B 7B 14B

δ 0.5 0.4 0.3
τ 2.0 2.0 2.0
ω Warmup decay Warmup decay Warmup decay

(b)

Table 6: (a) General Training Configurations for the Qwen2.5 Series Models: Training parameters shared by
both ICPO and GRPO. These settings are uniformly applied across all methods based on GRPO and ICPO (e.g.,
"Qwen2.5-3B (7B, 14B)-GRPO" and "Qwen2.5-3B (7B, 14B)-ICPO" in Table 3). (b) ICPO-Specific Training
Configurations for the Qwen2.5 Series Models: Unique training parameters exclusive to ICPO.

Figure 6: Log-probability distribution of output responses from models of different scales. From left to right are the
Qwen2.5-Base series, Qwen2.5-Instruct series, and Qwen3-Base series.

C Hyperparameter Search Experiment965

We conducted additional hyperparameter search966

experiments focusing on the following hyperpa-967

rameters: (1) Selection method of parameter δ; (2)968

Impact of τ on model performance; and (3) Analy-969

sis of the weight adjustment approach for ω.970

C.1 Selection method of parameter δ971

Table 7 presents a performance comparison of972

δ across models of different types and scales.973

Through analysis of the experimental results, we974

observe that the optimal value of δ varies across975

models of different scales. However, for models of976

different types (Qwen2.5-Base, Qwen2.5-Instruct,977

and Qwen3-Base), the optimal values of δ are ap-978

proximately the same under the same scale.979

We analyze that the possible reason lies in the980

fact that the probability distributions of model out-981

puts under the same scale are roughly similar, even982

when the model types differ. To verify this hy-983

pothesis, we conducted a statistical analysis of the984

logarithmic probability distributions output by dif-985

ferent models and plotted scatter diagrams, as il-986

lustrated in Figure 6. The experimental results987

robustly validate our hypothesis and reveal a key 988

insight: Smaller models exhibit low confidence, 989

providing uncertain probabilistic signals for many 990

queries, whereas larger models tend toward over- 991

confidence, assigning high probabilities even to 992

incorrect answers. Models of moderate scale (4B- 993

8B parameters) demonstrate optimal consistency 994

in response probability distributions. Moreover, for 995

models of comparable scales, their output probabil- 996

ity distributions exhibit substantial similarity. Con- 997

sequently, the configuration of parameter δ demon- 998

strates general applicability across different model 999

types. Specifically, we recommend setting δ = 0.5 1000

for models with fewer than 4B parameters, δ = 0.4 1001

for models ranging from 4B to 8B parameters, and 1002

δ = 0.3 for models exceeding 8B parameters. 1003

C.2 Impact of parameter τ on performance 1004

The core function of parameter τ is to regulate the 1005

weight allocation of intrinsic confidence rewards 1006

within the overall reward, thereby determining its 1007

proportion of influence on the policy update pro- 1008

cess. If τ is set too large, the policy update will 1009

be excessively dominated by intrinsic preferences, 1010
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Model GRPO ICPO
δ = 0.2 δ = 0.3 δ = 0.4 δ = 0.5 δ = 0.6

Qwen2.5-Base Models

Qwen2.5-3B-Base 40.10 40.30 40.88 40.70 41.10 40.85
Qwen2.5-7B-Base 52.20 52.03 54.23 54.90 53.65 52.90
Qwen2.5-14B-Base 57.05 57.63 57.85 57.24 57.30 56.45

Qwen2.5-Instruct Models

Qwen2.5-3B-Instruct 42.40 42.15 43.33 43.67 44.10 43.90
Qwen2.5-7B-Instruct 51.55 53.65 55.47 55.60 54.70 51.90
Qwen2.5-14B-Instruct 60.01 61.05 61.40 60.38 59.70 60.13

Qwen3-Base Models

Qwen3-4B-Base 49.55 52.20 53.35 54.05 53.90 52.67
Qwen3-8B-Base 57.30 59.27 59.15 59.93 58.80 57.33
Qwen3-14B-Base 58.93 59.70 60.57 59.48 59.20 58.75

Table 7: The impact of parameter δ on performance across models of different scales (3B, 7B and 14B), types (Base
and Instruct) and versions (Qwen2.5 and Qwen3), where the performance is the average across seven benchmarks.

Figure 7: Impact of parameter τ on performance.

making it difficult to ensure the performance effec-1011

tiveness of the policy in real-world task scenarios.1012

Conversely, if τ is set too small, the guiding role1013

of intrinsic preferences in the optimization process1014

will be weakened, failing to effectively calibrate1015

the direction of policy updates. We set the values1016

of parameter τ to 1.0, 2.0, 3.0, 4.0, and 5.0 respec-1017

tively, and observed the changes in the performance1018

of ICPO under different settings. The experimental1019

results are shown in Figure 7.1020

From the results, we observe that the model1021

achieves optimal performance when the parameter1022

τ = 2.0, with τ = 3.0 yielding the second-best yet1023

still competitive performance. In contrast, setting1024

τ = 1.0 leads to a significant degradation in both1025

policy entropy and overall performance, indicating1026

that over-reliance on intrinsic preferences for guid-1027

ing policy updates destabilizes training. When τ is1028

further increased to 4.0 or 5.0, the model exhibits1029

rapid performance gains in the early stages of train-1030

ing but subsequently plateaus, accompanied by a1031

sharp decline in policy entropy. This suggests that1032

excessively downweighting the influence of intrin-1033

sic preferences during policy updates undermines1034

the agent’s exploratory capacity. Collectively, these1035

findings demonstrate that appropriately leveraging1036

intrinsic preferences to guide policy updates helps1037

mitigate entropy collapse and effectively preserves1038

Figure 8: Parameter search for warm-up turning point.

policy exploration. 1039

C.3 Analysis of Weight Adjustment Strategies 1040

Table 8 presents the hyperparameter search experi- 1041

ments for the weight adjustment strategies across 1042

different models. Figure 8 illustrates the parameter 1043

search experiment for the warm-up turning point. 1044

From these, we observe that: (1) Weight decay 1045

mechanism is of critical importance. For Qwen2.5- 1046

7B-Base, Qwen2.5-7B-Instruct, and Qwen3-4B- 1047

Base, all decay schemes outperform the no-decay 1048

baseline, enabling a smooth transition from explo- 1049

ration to exploitation. (2) For the Qwen2.5-7B- 1050

Base and Qwen3-4B-Base models, warm-up ex- 1051

ploration in the early stages is crucial. However, 1052

for the Qwen2.5-7B-Instruct model, the impact 1053

of warm-up exploration on performance improve- 1054

ment is not significant. (3) For the Qwen2.5-7B- 1055

Base model, the warm-up decay weight adjustment 1056

method achieves optimal performance when the 1057

warm-up turning point is set to 0.4. Both arriv- 1058

ing at the warm-up turning time point earlier or 1059

later will exert a certain impact on the exploration- 1060

exploitation effectiveness of the strategy. 1061

These experimental results are precisely con- 1062

sistent with the key insights we proposed in Sec- 1063

tion 3.4: (1) In the early stages of training, a high- 1064

entropy environment makes it difficult to determine 1065
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Model MMLUPro GPQA TheoremQAWebInst. MATH500 Minerva AIME24 All
Avg@2 Avg@4 Avg@2 Avg@2 Avg@2 Avg@2 Avg@16 -

Bonus Weight Adjustment Schedules

Qwen2.5-7B-Base-GRPO 55.1 36.2 52.2 75.3 76.5 54.9 17.7 52.20
⇒ ω No decay 54.8 35.8 54.0 77.0 76.0 55.9 16.7 52.89
⇒ ω Linear decay 56.0 39.0 53.5 75.8 76.2 55.4 20.0 53.70
⇒ ω Warmup retention 57.0 38.7 53.5 76.2 76.5 55.4 20.0 53.90
⇒ ω Warmup decay 57.6 39.4 54.0 77.8 76.2 56.2 23.3 54.90

Qwen2.5-7B-Inst.-GRPO 52.0 40.1 56.3 63.2 77.0 55.8 17.7 51.73
⇒ ω No decay 57.7 42.2 52.1 76.8 74.5 52.6 20.0 53.70
⇒ ω Linear decay 58.3 43.8 54.7 77.3 77.0 54.2 23.3 55.51
⇒ ω Warmup retention 57.4 42.0 54.3 75.2 75.7 53.5 20.0 54.01
⇒ ω Warmup decay 58.1 42.6 55.4 74.9 77.8 55.8 26.7 55.90

Qwen3-4B-Base-GRPO 57.3 41.5 53.3 65.8 78.5 54.7 16.7 52.54
⇒ ω No decay 53.6 40.8 54.5 65.6 79.2 54.8 16.7 52.17
⇒ ω Linear decay 58.1 43.2 56.1 71.4 82.2 55.7 20.0 55.24
⇒ ω Warmup retention 57.5 43.5 55.7 68.2 80.8 56.9 20.0 54.66
⇒ ω Warmup decay 59.5 43.9 56.8 73.1 81.7 57.8 20.0 56.11

Table 8: Performance comparison of ICPO under different weight adjustment schemes for intrinsic confidence
reward across different models. The weight adjustment schemes adhere to those illustrated in Figure 2.

(a) 0% of entire training process (b) 20% of entire training process (c) 40% of entire training process

(d) 60% of entire training process (e) 80% of entire training process (f) 100% of entire training process

Figure 9: The distribution of generation probabilities for correct responses and incorrect responses across different
training phases throughout the entire training process on the Qwen2.5-7B-Base model.

whether low-probability responses are worth learn-1066

ing. As training progresses, the entropy gradually1067

decreases, and correct yet novel low-probability1068

responses begin to emerge, thereby gradually en-1069

hancing the motivation to learn these responses. (2)1070

In the later stages of training, when most novel1071

samples have already been mastered, the remaining1072

low-probability responses may merely constitute1073

noise or valueless signals; thus, reducing the in-1074

fluence of intrinsic signals helps stabilize policy1075

learning. (3) The period during which the warm-1076

up phase sharply rises and reaches its peak turning1077

point should align with the period when the entropy1078

gradually decreases to an appropriate level while1079

still retaining active exploration behavior.1080

For the Qwen2.5-7B-Instruct model, there is lit-1081

tle difference in performance between warm-up ex- 1082

ploration and directly applying weight decay. The 1083

primary reason lies in the fact that this model, hav- 1084

ing undergone instruction fine-tuning training on 1085

top of a pre-trained model, starts with a relatively 1086

low entropy level in the initial training phase (ab- 1087

sent of a high-entropy environment), thus allow- 1088

ing for selective warm-up exploration. In contrast, 1089

for models like Qwen2.5-7B-Base and Qwen3-4B- 1090

Base, which are solely pre-trained, the presence 1091

of a high-entropy environment in the early train- 1092

ing stages makes it more effective to gradually en- 1093

hance their learning motivation for correct yet low- 1094

probability responses. 1095

To validate our key insights, we plotted the prob- 1096

ability distributions of generating correct and in- 1097
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(a) 0.1 random reward noise (b) 0.2 random reward noise (c) 0.4 random reward noise (d) 0.5 random reward noise

(e) 0.6 random reward noise (f) 0.7 random reward noise (g) 0.8 random reward noise (h) 0.9 random reward noise

Figure 10: Comparison of ICPO and GRPO Performance under Different Intensities of Random Noise Injection
during the Training Process Based on the Qwen2.5-7B-Base Model.

(a) 0.1 random reward noise (b) 0.2 random reward noise (c) 0.4 random reward noise (d) 0.5 random reward noise

(e) 0.6 random reward noise (f) 0.7 random reward noise (g) 0.8 random reward noise (h) 0.9 random reward noise

Figure 11: Comparison of ICPO and GRPO Entropy under Different Intensities of Random Noise Injection during
the Training Process Based on the Qwen2.5-7B-Base Model.

correct responses across different training periods1098

throughout the entire training process, as shown1099

in Figure 9. It can be observed that: (1) In the1100

very initial stage of training, there are extremely1101

few correct yet low-probability responses, with the1102

majority of low-probability responses being incor-1103

rect ones, making it impossible to effectively dis-1104

tinguish novel responses with learning value. (2)1105

As training progresses to the 20%-40% stage, cor-1106

rect yet low-probability responses increase signifi-1107

cantly, revealing a large number of novel samples1108

with high learning value. (3) In the later stages of1109

training, the number of correct yet low-probability1110

samples returns to a relatively low level, with most1111

low-probability samples now being incorrect ones1112

(data noise or overly complex problems), whose1113

learning value diminishes. This is highly consistent1114

with our proposed viewpoints and also provides an1115

intuitive explanation for why the warm-up decay1116

weight adjustment scheme is effective. 1117

D Ablation Study on Noisy Rewards 1118

To further investigate the performance of ICPO in 1119

scenarios with noisy rewards, we varied the ex- 1120

tent of random noise injected into the rewards. In 1121

the noise reward experiment in Section 4.3, we 1122

randomly selected 40% of the data during each up- 1123

date iteration and randomly added or subtracted 1124

0.3 from the rewards of this portion of data as 1125

noise. Here, we further explored the comparative 1126

performance of ICPO and GRPO when the ran- 1127

dom noise levels were set to 0.1, 0.2, 0.4, 0.5, 0.6, 1128

0.7, 0.8, and 0.9. The training dynamics are illus- 1129

trated in Figures 10 and 11. It can be observed 1130

that when the random noise ranges from 0.1 to 0.5, 1131

ICPO can still effectively learn through its intrinsic 1132

confidence-driven mechanism, maintaining posi- 1133

tive reinforcement for correct yet low-probability 1134
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responses and effectively suppressing incorrect yet1135

high-probability responses when external rewards1136

are distorted, namely the two scenarios mentioned1137

in Appendix E.3.1138

However, when the random noise in rewards ex-1139

ceeds 0.6, ICPO’s noise resistance reaches a turn-1140

ing point, which aligns precisely with the viewpoint1141

we mentioned in the section on limitations: when1142

rewards completely deviate from the true objec-1143

tives of the task, this "encouragement-suppression"1144

mechanism undergoes a complete reverse shift.1145

Originally genuine and effective low-probability1146

behaviors are mistakenly labeled as incorrect sam-1147

ples by the erroneous rewards, while those gen-1148

uinely ineffective or even harmful behaviors are1149

mispackaged by the erroneous rewards as correct1150

yet low-probability high-quality samples, becom-1151

ing the primary focus of ICPO’s optimization ef-1152

forts and ultimately leading to policy collapse. This1153

also represents a major direction for future opti-1154

mization of ICPO.1155

E Theoretical Explanation1156

We systematically explain the effectiveness of1157

ICPO from three aspects: (1) why ICPO can cal-1158

ibrate policy updates; (2) why ICPO can address1159

the sparse reward problem; and (3) why ICPO can1160

mitigate the interference from noisy rewards.1161

E.1 Aspect 1: Calibrate Policy Updates1162

As depicted in the "Effectiveness" section of1163

Figure 1, we have discovered that the intrinsic1164

confidence-driven reward mechanism inherently1165

penalizes confident errors while encouraging novel1166

and correct responses. Specifically, novel correct1167

replies (with relatively lower confidence levels) re-1168

ceive greater positive rewards, whereas incorrect1169

replies stemming from confident reactions (with1170

higher confidence levels) incur greater penalties1171

due to receiving smaller intrinsic rewards. Most1172

notably, for correct responses with extremely low1173

confidence, ICPO does not excessively encourage1174

them, as such responses may lack any learning1175

value due to reward misjudgment or data noise.1176

The following theorem formalizes this intuition.1177

Theorem 1. Let πt
θ denote the policy at train-1178

ing step t. Under the influence of the preference1179

advantage score bonus term in Equation 9, the1180

calibration rules for updating the policy πt+1
θ are1181

specified as follows:1182

(i) For correct responses, trajectories with rela-1183

Figure 12: Scatter plot of responses log-probability dis-
tributions within a batch, where each batch contains 768
groups and each group comprises 5 responses.

tively lower confidence (relatively lower generation 1184

probabilities) achieve a greater relative advantage 1185

enhancement; 1186

(ii) For incorrect responses, trajectories with 1187

higher confidence (higher generation probabilities) 1188

experience a greater relative advantage reduction; 1189

(iii) For trajectories with extremely low confi- 1190

dence (extremely low probabilities), their relative 1191

advantage enhancement is, conversely, smaller. 1192

We randomly selected a training batch during 1193

the overall training process and statistically ana- 1194

lyzed the log-probability distributions of different 1195

responses within the group. Furthermore, we em- 1196

ployed two sets of real in-group response exam- 1197

ples to illustrate the aforementioned theorem. Fig- 1198

ure 12 presents the log-probability distributions of 1199

responses within a training batch. It can be ob- 1200

served that the log-probability of most responses 1201

fluctuate between -2.0 and 0.0, while a small num- 1202

ber of extreme responses exhibit log-probability 1203

reaching -3.0. 1204

Table 9 illustrates the disparities in advantages of 1205

response examples within two real groups under the 1206

GRPO and ICPO methods. It can be observed that, 1207

compared to GRPO, ICPO tends to provide greater 1208

encouragement for correctly generated trajectories 1209

with lower confidence levels, thereby facilitating 1210

the model’s acquisition of novel knowledge. Si- 1211

multaneously, it reduces the weight assigned to er- 1212

roneous trajectories with high confidence, thereby 1213

curbing the model’s overconfidence. More impor- 1214

tantly, ICPO’s incentive mechanism is relatively 1215

moderate, avoiding excessive encouragement for 1216

samples that are correct but exhibit extremely low 1217

confidence levels. 1218

E.2 Aspect 2: Tackle sparse Reward 1219

The sparse reward problem refers to the scenario 1220

where, under the same prompt, all generated re- 1221
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sponses receive identical rewards (typically stem-1222

ming from the sparse design of the reward func-1223

tion). In such cases, GRPO is unable to compute1224

the relative advantages among responses within1225

the group, resulting in a lack of effective gradient1226

signals for policy optimization. This, in turn, trig-1227

gers policy collapse and a sharp decline in model1228

performance.1229

In contrast, ICPO effectively addresses this issue1230

by introducing preference advantage scores based1231

on the response generation probabilities. Even1232

when the external rewards for all responses are1233

identical, the generation probabilities of different1234

responses under the current policy may still vary.1235

Consequently, ICPO can assign distinct preference1236

advantage scores to each response. When these1237

preference advantage scores are fused with exter-1238

nally verifiable rewards, the relative merits among1239

responses within the group become distinguish-1240

able, thereby providing fine-grained and meaning-1241

ful optimization signals for policy updates. This1242

significantly enhances training stability and ulti-1243

mate performance. The examples presented in Ta-1244

ble 9 also effectively substantiate this point: when1245

responses have identical rewards, the advantage1246

values computed by GRPO are entirely uniform,1247

failing to accurately differentiate between the qual-1248

ity of responses. However, ICPO successfully dis-1249

tinguishes the relative merits among responses with1250

the same rewards, offering more fine-grained guid-1251

ance for policy updates.1252

E.3 Aspect 3: Mitigate Noisy Reward1253

Through empirical analysis, we have discovered1254

that the intrinsic confidence-driven reward mecha-1255

nism can mitigate two types of interference caused1256

by noisy rewards. For responses that are inher-1257

ently erroneous yet generated with high probability,1258

when reward noise erroneously inflates their verifi-1259

able rewards, ICPO can effectively suppress such1260

responses. Conversely, for responses that are in-1261

herently correct but generated with low probability,1262

when reward noise erroneously reduces their ver-1263

ifiable rewards, ICPO can enhance their relative1264

advantages, thereby providing effective encourage-1265

ment. The following theorem formalizes this intu-1266

ition:1267

Theorem 2. Let πt
θ denote the policy at training1268

step t. Under the influence of the preference advan-1269

tage score bonus term in Equation 9, the update1270

from πt
θ to πt+1

θ follows the following specific rule1271

for alleviating noisy rewards:1272

(i) For trajectories that are correct yet have rela- 1273

tively low confidence (i.e., relatively lower genera- 1274

tion probability), when noise causes their rewards 1275

to be lower, ICPO, compared to GRPO, enhances 1276

their relative advantage; 1277

(ii) For trajectories that are erroneous yet exhibit 1278

higher confidence (i.e., higher generation probabil- 1279

ity), when noise causes their rewards to be higher, 1280

ICPO, compared to GRPO, suppresses their rela- 1281

tive advantage. 1282

Table 10 elucidates the theorem through a con- 1283

crete example. However, for the other two scenar- 1284

ios—namely, trajectories that are correct yet pos- 1285

sess high confidence and those that are erroneous 1286

with low confidence—when rewards are subject to 1287

noise, neither ICPO nor GRPO can achieve accu- 1288

rate guidance. This also constitutes a key direction 1289

for future exploration and a significant challenge 1290

for the ICPO method. 1291
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Log-probability: P1(−0.135), P2(−0.583), P3(−0.216), P4(−0.050), P5(−0.407)

Verifiable reward: Rverif.
1 (0.100), Rverif.

2 (0.100), Rverif.
3 (1.000), Rverif.

4 (0.100), Rverif.
5 (1.000)

1. Responses within group are ranked as O2, O5, O3, O1, O4 by Equation 6.
2. Based on Equation 8, a set of preference pairs is constructed as: {(O2, O5), (O2, O3),
(O2, O1), (O2, O4), (O5, O3), (O5, O1), (O5, O4), (O3, O1), (O3, O4), (O1, O4)}.
3. According to Equation 9, preference advantage scores are calculated for each response (δ = 0.4):
- Sp

2 = 0.4 · (−0.407
−0.583 + −0.216

−0.583 + −0.135
−0.583 + −0.050

−0.583)− 0.4 · (−0.050) = 0.5744

- Sp
5 = 0.4 · (−0.216

−0.407 + −0.135
−0.407 + −0.050

−0.407)− 0.4 · (−0.050) = 0.4141

- Sp
3 = 0.4 · (−0.135

−0.216 + −0.050
−0.216)− 0.4 · (−0.050) = 0.3626

- Sp
1 = 0.4 · (−0.050

−0.135)− 0.4 · (−0.050) = 0.1681

- Sp
4 = −0.4 · (−0.050) = 0.020

4. Reward for each response is calculated by equation 11 (τ = 2.0, ω = 1.0):
- Rfinal

2 = 0.1000 + 1.0 ·min(0.5744, 0.10002.0 ) = 0.15

- Rfinal
5 = 1.0000 + 1.0 ·min(0.4141, 1.00002.0 ) = 1.4141

- Rfinal
3 = 1.0000 + 1.0 ·min(0.3626, 1.00002.0 ) = 1.3626

- Rfinal
1 = 0.1000 + 1.0 ·min(0.1681, 0.10002.0 ) = 0.15

- Rfinal
4 = 0.1000 + 1.0 ·min(0.020, 0.10002.0 ) = 0.120

5. Calculate the relative advantages of different responses in vanilla GRPO and ICPO:
- vanilla GRPO: A1(−0.816), A2(−0.816), A3(1.225), A4(−0.816), A5(1.225)

- ICPO: A1(−0.7996), A2(−0.7996), A3(1.1819), A4(−0.8986), A5(1.2660)

Conclusion: For the correct yet low-confidence response O5, ICPO confers a greater advantage,
whereas for the incorrect yet high-confidence response O4, ICPO imposes a more substantial penalty.

Log-probability: P1(−0.286), P2(−0.287), P3(−0.144), P4(−0.066), P5(−2.356)

Verifiable reward: Rverif.
1 (0.100), Rverif.

2 (0.100), Rverif.
3 (1.000), Rverif.

4 (0.100), Rverif.
5 (1.000)

Step 1.2 is analogous to the example presented above and will not be elaborated on excessively.
3. According to Equation 9, preference advantage scores are calculated for each response (δ = 0.4):
- Sp

5 = 0.4 · (−0.287
−2.356 + −0.286

−2.356 + −0.144
−2.356 + −0.066

−2.356)− 0.4 · (−0.066) = 0.1593

- Sp
2 = 0.4 · (−0.286

−0.287 + −0.144
−0.287 + −0.066

−0.287)− 0.4 · (−0.066) = 0.7177

- Sp
1 = 0.4 · (−0.144

−0.286 + −0.066
−0.286)− 0.4 · (−0.066) = 0.3201

- Sp
3 = 0.4 · (−0.066

−0.144)− 0.4 · (−0.066) = 0.2097

- Sp
4 = −0.4 · (−0.066) = 0.0264

4. Reward for each response is calculated by equation 11 (τ = 2.0, ω = 1.0):
- Rfinal

5 = 1.0000 + 1.0 ·min(0.1593, 1.00002.0 ) = 1.1593

- Rfinal
2 = 0.1000 + 1.0 ·min(0.7177, 0.10002.0 ) = 0.15

- Rfinal
1 = 0.1000 + 1.0 ·min(0.3201, 0.10002.0 ) = 0.15

- Rfinal
3 = 1.0000 + 1.0 ·min(0.2097, 1.00002.0 ) = 1.2097

- Rfinal
4 = 0.1000 + 1.0 ·min(0.0264, 0.10002.0 ) = 0.1264

5. Calculate the relative advantages of different responses in vanilla GRPO and ICPO:
- vanilla GRPO: A1(−0.816), A2(−0.816), A3(1.225), A4(−0.816), A5(1.225)

- ICPO: A1(−0.8006), A2(−0.8006), A3(1.2733), A4(−0.8468), A5(1.1746)

Conclusion: For correct yet extremely low-confidence response O5, ICPO does not over-encourage.

Table 9: The advantage disparities of response examples in two real groups under GRPO and ICPO.
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Log-probability: P1(−0.135), P2(−0.583), P3(−0.216), P4(−0.050), P5(−0.407)

Verifiable reward: Rverif.
1 (0.100), Rverif.

2 (0.100), Rverif.
3 (1.000), Rverif.

4 (0.100), Rverif.
5 (1.000)

Noisy reward: RNoisy
1 (0.400), RNoisy

2 (0.100), RNoisy
3 (1.000), RNoisy

4 (0.400), RNoisy
5 (0.700)

1. Responses within group are ranked as O2, O5, O3, O1, O4 by Equation 6.
2. Based on Equation 8, a set of preference pairs is constructed as: {(O2, O5), (O2, O3),
(O2, O1), (O2, O4), (O5, O3), (O5, O1), (O5, O4), (O3, O1), (O3, O4), (O1, O4)}.
3. According to Equation 9, preference advantage scores are calculated for each response (δ = 0.4):
- Sp

2 = 0.4 · (−0.407
−0.583 + −0.216

−0.583 + −0.135
−0.583 + −0.050

−0.583)− 0.4 · (−0.050) = 0.5744

- Sp
5 = 0.4 · (−0.216

−0.407 + −0.135
−0.407 + −0.050

−0.407)− 0.4 · (−0.050) = 0.4141

- Sp
3 = 0.4 · (−0.135

−0.216 + −0.050
−0.216)− 0.4 · (−0.050) = 0.3626

- Sp
1 = 0.4 · (−0.050

−0.135)− 0.4 · (−0.050) = 0.1681

- Sp
4 = −0.4 · (−0.050) = 0.020

4. Reward for each response is calculated by equation 11 (τ = 2.0, ω = 1.0):
- Rfinal

2 = 0.1000 + 1.0 ·min(0.5744, 0.10002.0 ) = 0.15

- Rfinal
5 = 0.7000 + 1.0 ·min(0.4141, 0.70002.0 ) = 1.05

- Rfinal
3 = 1.0000 + 1.0 ·min(0.3626, 1.00002.0 ) = 1.3626

- Rfinal
1 = 0.4000 + 1.0 ·min(0.1681, 0.40002.0 ) = 0.5681

- Rfinal
4 = 0.4000 + 1.0 ·min(0.020, 0.40002.0 ) = 0.420

5. Calculate the relative advantages of different responses in vanilla GRPO and ICPO:
- vanilla GRPO w Rverif.: A1(−0.816), A2(−0.816), A3(1.225), A4(−0.816), A5(1.225)

- vanilla GRPO w RNoisy: A1(−0.3371), A2(−1.3485), A3(1.6856), A4(−0.3371), A5(0.3371)

- ICPO w RNoisy: A1(−0.3243), A2(−1.2788), A3(1.4900), A4(−0.6624), A5(0.7759)

Conclusion: For responses that are inherently erroneous yet generated with high probability (such as
O4), when reward noise erroneously inflates their verifiable rewards, ICPO can effectively suppress
such responses. Conversely, for responses that are inherently correct but generated with low probabil-
ity (such as O5), when reward noise erroneously reduces their verifiable rewards, ICPO can amplify
their relative advantages, thereby providing effective encouragement.

Table 10: The advantage disparities of response examples under GRPO and ICPO in noisy reward scenarios.
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