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Abstract001

Reinforcement Learning with Verifiable Re-002
wards (RLVR) improves reasoning in large lan-003
guage models but treats all correct solutions004
equally, potentially reinforcing flawed traces005
that get correct answers by chance. We observe006
that better reasoning are better teachers: high-007
quality solutions serve as more effective demon-008
strations than low-quality ones. We term this009
teaching ability Demonstration Utility, and010
show that the policy model’s own in-context011
learning ability provides an efficient way to012
measure it, yielding a quality signal termed013
Evidence Gain. To employ this signal during014
training, we introduce In-Context RLVR. By015
Bayesian analysis, we show that this objective016
implicitly reweights rewards by Evidence Gain,017
assigning higher weights to high-quality traces018
and lower weights to low-quality ones, without019
requiring costly computation or external eval-020
uators. Experiments on mathematical bench-021
marks show improvements in both accuracy022
and reasoning quality over standard RLVR.023

1 Introduction024

Reinforcement Learning with Verifiable Rewards025

(RLVR) has emerged as a powerful paradigm for026

improving LLM reasoning (Shao et al., 2024;027

Guo et al., 2025a), especially in domains such as028

mathematics where correctness can be checked by029

rules (Su et al., 2025c). By using outcome-level su-030

pervision, RLVR avoids costly process annotations031

and scales well (Mroueh, 2025). However, this sim-032

plicity comes with a limitation: all correct solutions033

receive equal reward, regardless of the reasoning034

used to obtain them (Do et al., 2025). This is prob-035

lematic since models can produce flawed reasoning036

traces that coincidentally get correct answers, par-037

ticularly when final answers are simple values that038

can be guessed (Guo et al., 2025b). Consequently,039

reinforcing such traces may corrupt internal rea-040

soning strategies, degrading performance on other041

problems (MacDiarmid et al., 2025).042

A natural solution is to use process reward mod- 043

els (PRMs) (Zhang et al., 2025b; Ye et al., 2025) 044

that score intermediate steps. However, PRMs typ- 045

ically require extensive human annotation or aux- 046

iliary trained evaluators (Lightman et al., 2024). 047

This raises a key question: Can we encourage high- 048

quality reasoning within RLVR without requiring 049

step-level supervision or trained reward models? 050

Demonstration Utility as Global Quality Sig- 051

nal. Our key insight is that high-quality reason- 052

ing traces are better teachers than low-quality 053

ones (Min et al., 2022). Consider two solutions 054

that both arrive at the correct answer: one is co- 055

herent and complete; the other contains redundant 056

or unclear steps. When used as in-context demon- 057

strations, the former provides transferable problem- 058

solving patterns that help the model generate better 059

solutions, while the latter provides less reference 060

value (Li et al., 2025). We term this teaching abil- 061

ity Demonstration Utility. Crucially, the policy 062

model’s own in-context learning (ICL) ability pro- 063

vides a natural way to measure Demonstration Util- 064

ity. Specifically, we construct a held-out validation 065

set composed of questions and high-quality ref- 066

erence reasoning traces. We propose computing 067

the average increase in the model’s log-likelihood 068

of generating these references after a candidate 069

reasoning trace is prepended as a demonstration. 070

We call this measure Evidence Gain (§2). Un- 071

like PRMs that require external evaluators, Evi- 072

dence Gain leverages the intrinsic ICL capability 073

of the policy model itself. Experiments in Sec- 074

tion 2 confirm that this intrinsic signal effectively 075

distinguishes good reasoning from bad. 076

Implicit Reward Reweighting via In-Context 077

RLVR. While Evidence Gain provides a reason- 078

ing quality signal, computing it as rewards would 079

introduce substantial overhead. Fortunately, we 080

show that this explicit computation is unneces- 081

sary. Our key idea is to reverse the process: in- 082

1



stead of computing Evidence Gain after genera-083

tion as rewards, we use the same validation set084

to guide training before generation. Specifically,085

before each rollout, we sample a demonstration086

from the validation set and prepend it to the current087

question, then perform standard RL updates in this088

demonstration-conditioned setting, a procedure we089

term In-Context RLVR. Via Bayesian analysis090

(§3), we show that this training objective is equiva-091

lent to standard zero-shot RLVR but with rewards092

implicitly reweighted by Evidence Gain. Conse-093

quently, high-quality traces with greater teaching094

utility receive amplified gradient signals, while095

low-quality traces receive relatively lower weights096

through this implicit reweighting mechanism.097

Contributions. (1) We introduce Evidence Gain,098

a quality signal that measures reasoning quality by099

leveraging the policy model’s intrinsic ICL abil-100

ity, requiring no external evaluators or step-level101

supervision. (2) We show that this signal can be102

seamlessly integrated into training via In-Context103

RLVR, which prepends demonstrations during104

training to upweight high Evidence Gain traces.105

(3) Experiments across mathematical benchmarks106

validate that our method improves both accuracy107

and reasoning quality over competitive baselines,108

while introducing less than 5% training overhead.109

2 Evidence Gain as Quality Measure110

This section formally defines Evidence Gain, a111

quality signal that measures reasoning quality by112

leveraging the policy model’s intrinsic in-context113

learning ability, and validates it empirically.114

Our basic idea is that, when used as demon-115

strations, high-quality reasoning traces provide116

more valuable problem-solving patterns, while low-117

quality reasoning (even with correct answers) pro-118

vides less reference value due to flaws such as in-119

consistent logic (Li et al., 2025). This motivates us120

to quantify the quality of a solution by its teaching121

ability as a demonstration, formalized as follows.122

Definition. Let πθ denote policy model. Given123

a question q, a model-generated reasoning trace r,124

and a held-out validation set E = {(eq, er)} com-125

posed of questions eq and high-quality reference126

reasoning traces er, we define Evidence Gain as:127

∆(q, r) = Ee∼E [log πθ(er|q, r, eq)− log πθ(er|eq)] (1)128

Intuitively, ∆ measures how much prepending the129

pair (q, r) improves the model’s ability to gener-130

ate reference solutions. Averaging over E ensures131
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Figure 1: Mean Evidence Gain by quality score with
95% confidence intervals on two models.

that high ∆ reflects transferable reasoning patterns 132

rather than spurious matches to any single sample. 133

Empirical Validation. We validate Evidence 134

Gain on DeepSeek-R1-Distill-Qwen at 1.5B and 135

7B scales using KlearReasoner-MathSub-30K 136

dataset (Su et al., 2025a). First, we sample 3,000 137

questions, generate 8 responses per question, and 138

retain traces with correct final answers (12,251 139

for 1.5B and 16,910 for 7B). We then employ 140

DeepSeek-V3.2 (DeepSeek-AI et al., 2025), a 141

strong LLM-based evaluator, to assess the reason- 142

ing quality. The evaluator scores each solution 143

across multiple dimensions including logical co- 144

herence and redundancy, and assigns an overall 145

quality score on a 1–5 scale. Next, we sample 100 146

new questions to construct the validation set E . For 147

each eq ∈ E , we generate a correct solution using 148

DeepSeek-R1-0528 (Guo et al., 2025a). We lever- 149

age a feature of DeepSeek-R1: it first produces a 150

draft chain-of-thought inside <think> </think>, 151

and then outputs a more polished reasoning so- 152

lution afterward. We treat the content following 153

</think> as the high-quality reference trace er. 154

Figure 1 shows an interesting patterns: model 155

ability determines the absolute baseline of ∆, while 156

reasoning quality differentiates its relative magni- 157

tude. The 7B model, with stronger ICL ability, ex- 158

tracts useful information from any reasoning trace, 159

resulting in uniformly positive ∆ values greatly 160

higher than those of 1.5B. However, the relative 161

ordering remains consistent within each scale: high- 162

quality traces yield higher ∆ than low-quality ones. 163

This relative difference is what matters for RL train- 164

ing. These results confirm that Evidence Gain ef- 165

fectively distinguishes reasoning quality. Human 166

evaluation in Appendix C.2 supports these findings. 167

3 Implicit Reward Reweighting 168

The correlation between Evidence Gain (∆) and 169

reasoning quality (Section 2) suggests that up- 170

weighting high-∆ traces during training could im- 171

prove reasoning. However, explicitly computing 172
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∆ for each rollout is prohibitively expensive.1 In173

this section, we show that explicit computation is174

unnecessary. Evidence Gain can be seamlessly in-175

tegrated into training through In-Context RLVR.176

The core idea is to reverse the process. Instead177

of computing Evidence Gain after generation to178

reweight rewards, we utilize the validation set to179

guide training before generation. This follows from180

a Bayesian identity (derivation in Appendix E):181

πθ(r|e, q)︸ ︷︷ ︸
conditioned policy

= πθ(r|q)︸ ︷︷ ︸
base policy

· πθ(er|q, r, eq)
πθ(er|eq)︸ ︷︷ ︸

likelihood ratio

,182

where q is the query, r is the generated reasoning183

trace, and e = (eq, er) is a demonstration sam-184

pled from E . This identity shows that the con-185

ditioned policy πθ(r|e, q) equals the base policy186

πθ(r|q) reweighted by a likelihood ratio. Crucially,187

this ratio is the exponential transform of the per-188

demonstration term in ∆ (Eq. 1). Therefore, sam-189

pling from the conditioned policy naturally favors190

high-∆ traces without any explicit calculation of191

∆. We formalize this relationship below.192

Theoretical Result. Let R(q, r) ∈ {0, 1} be193

correctness reward. In-Context RLVR objective is194

JIC(θ) = EqEe∼E,r∼πθ(·|e,q)[R(q, r)]. (2)195

We show (Appendix E) that this is equivalent to196

J(θ) = EqEr∼πθ(·|q) [R(q, r) · w(q, r)] , (3)197

where the weight factor satisfies logw(q, r) ≈198
∆(q, r) + c for some model-specific constant c,199

which implies that w(q, r) ∝ exp(∆(q, r)).200

The reweighted reward R ·w implies a two-stage201

selection mechanism. First, the binary reward R202

filters out traces with incorrect answers, assigning203

them zero rewards. Second, among traces getting204

correct answers, the weight w ∝ exp(∆) differenti-205

ates reasoning quality based on ∆, assigning higher206

weights to high-quality traces and lower weights to207

low-quality ones. Through this equivalence, while208

the training is explicitly based on πθ(r|e, q), In-209

Context RLVR implicitly optimizes the base policy210

πθ(·|q) with rewards reweighted by ∆.211

Eq.3 shows that our method employs the model’s212

own ICL ability to guide optimization, with the213

policy serving as both the learner and the implicit214

quality evaluator. A natural concern is whether Evi-215

dence Gain remains a valid quality signal as the pol-216

icy evolves, since our validation in Section 2 uses a217

1Computing ∆ for ∼12K samples over 100 demonstra-
tions requires approximately 80 hours on H800.

fixed model. We address this in Section 4, showing 218

that the correlation between Evidence Gain and rea- 219

soning quality remains stable throughout training. 220

Notably, while JIC and J are equivalent in the 221

sense of expectation, they differ in the sense of 222

variance. The reweighting term w ∝ exp(∆) in J 223

would introduce prohibitive reward variance during 224

rollouts. JIC avoids this potential training instabil- 225

ity by shifting the sampling policy directly. 226

4 Experiments 227

To validate our framework, we combine In-Context 228

RLVR with DAPO (Yu et al., 2025), yielding IC- 229

DAPO. We choose DAPO as the backbone because 230

it is a widely adopted RLVR method whose key 231

techniques (e.g., clip-higher) have been adopted 232

by many subsequent methods (Yue et al., 2025; Su 233

et al., 2025b), making it a representative baseline 234

for evaluating input-side modifications. All details 235

of this section are provided in Appendix B. 236

4.1 Setup 237

Dataset. Our training data is derived from 238

KlearReasoner-MathSub-30K (Su et al., 2025a), 239

which contains 30K mathematical reasoning prob- 240

lems. We partition training data into three disjoint 241

subsets: (1) a training set for policy optimiza- 242

tion, (2) a demonstration set E containing 1,082 243

question-reasoning pairs used for demonstration 244

during IC-DAPO training, and (3) a held-out set E0 245

of 100 additional examples reserved for the correla- 246

tion analysis in §4.3. Both E and E0 are constructed 247

following the procedure described in §2. 248

Baselines. We compare against several popular 249

RLVR methods, including both standard outcome- 250

based algorithms and more advanced objective- 251

modifying variants. This selection directly tests 252

whether our input-side modification can match al- 253

gorithmic innovations in policy optimization. We 254

exclude PRM-based methods as they require costly 255

overhead that our method aims to avoid. 256

Training and Evaluation. We train DeepSeek- 257

R1-Distill-Qwen at 1.5B and 7B scales. We con- 258

duct evaluations across various authoritative mathe- 259

matical reasoning benchmarks, including AIME24, 260

AIME25, HMMT25, MATH500 (Lightman et al., 261

2024), AMC23 and OlympiadBench (He et al., 262

2024). Following Su et al. (2025b), we report 263

avg@4 scores on MATH500 and OlympiadBench, 264

and avg@32 scores on all other benchmarks. Cru- 265

3



Method AIME24 AIME25 HMMT25 MATH500 AMC23 Olympiad Average Time/Step (s)

DS-R1-Distill-Qwen-1.5B 29.2 24.1 13.1 86.0 73.7 51.8 46.3 –
+ GRPO (Shao et al., 2024) 33.4 28.1 16.6 88.3 79.3 56.2 50.3 457.4
+ DAPO (Yu et al., 2025) 40.0 28.4 19.2 90.0 84.4 61.6 53.9 459.6
+ CISPO (MiniMax et al., 2025) 32.9 25.1 13.2 85.8 80.9 54.9 48.8 466.3
+ GSPO (Zheng et al., 2025) 42.5 33.6 19.0 90.3 85.9 62.6 55.7 437.3
+ CE-GPPO (Su et al., 2025b) 42.8 32.5 20.5 91.0 85.8 61.8 55.7 464.0
+ IC-DAPO (Ours) 45.6 ↑ 34.2 ↑ 19.7 ↑ 90.6 ↑ 86.2 ↑ 62.1 ↑ 56.4 ↑ 477.2

DS-R1-Distill-Qwen-7B 54.5 39.1 26.2 93.6 90.6 67.0 61.8 –
+ GRPO (Shao et al., 2024) 55.3 40.3 24.5 93.7 88.8 65.6 61.4 305.6
+ DAPO (Yu et al., 2025) 62.0 45.9 27.4 94.1 92.3 69.9 65.3 303.1
+ CE-GPPO (Su et al., 2025b) 64.2 50.3 28.9 95.3 93.3 71.6 67.3 292.5
+ IC-DAPO (Ours) 66.5 ↑ 49.8 ↑ 29.4 ↑ 95.6 ↑ 93.7 ↑ 71.7 ↑ 67.8 ↑ 315.6

Table 1: Performance comparison across mathematical reasoning benchmarks. Bold and underline indicate the
best and second-best results respectively. ↑ denotes improvement over the DAPO baseline. Notably, training times
are incomparable across scales due to different GPU configurations (32 vs. 128 GPUs). Given this high GPU
requirements at 7B scales, GSPO and CISPO are evaluated only at 1.5B.

cially, all evaluation is conducted in zero-shot266

mode, ensuring fair comparison with baselines.267

4.2 Main Results268

Table 1 presents benchmark performance. IC-269

DAPO outperforms DAPO by +2.5 average points270

at both scales, with gains particularly pronounced271

on competition benchmarks: +5.6 on AIME24 and272

+5.8 on AIME25 for the 1.5B model. This supports273

our hypothesis that implicit quality-based reweight-274

ing helps more on challenging problems where275

correct-but-low-quality traces are most harmful.276

Beyond improvements over DAPO, IC-DAPO277

also matches or exceeds methods that modify the278

RL objective (e.g., GSPO, CISPO), achieving the279

highest average score at both scales while only280

altering the input distribution. This suggests that281

input-side modification constitutes an improvement282

axis orthogonal to policy optimization algorithms.283

We further compare wall-clock training time per284

training step and find that IC-DAPO incurs slight285

overhead (<5%), confirming its practicality.286

4.3 Analysis287

Our theory (§3) predicts that In-Context RLVR288

implicitly upweights high-∆ traces. To verify this,289

we track training dynamics by computing ∆ on the290

held-out set E0 and assessing reasoning quality via291

Deepseek-V3.2, following procedures in §2.292

Q1: Does implicit reweighting occur? Figure 2293

(left) shows that mean Evidence Gain increases294

steadily under IC-DAPO throughout training, while295

DAPO exhibits smaller and slower growth. This296

confirms that the conditioned objective steers the297

policy toward traces with higher demonstration util-298

ity, exactly as predicted.299
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Figure 2: Training dynamics of Evidence Gain, quality
score, and their correlation (ρ) across training steps.

Q2: Does this improve reasoning quality? Fig- 300

ure 2 (middle) shows higher ∆ corresponds to im- 301

proved quality scores. Note that E0 used for evalu- 302

ation is disjoint from E used for training, ensuring 303

unbiased evaluation. This shows that by upweight- 304

ing traces with high teaching utility, we encourage 305

better reasoning rather than merely correct answers. 306

Q3: Is Evidence Gain valid throughout train- 307

ing? Finally, we address the concern from §3. 308

Figure 2 (right) shows that the Spearman correla- 309

tion between ∆ and quality remains stable (around 310

ρ ≈ 0.4) across training steps, confirming that the 311

policy model’s intrinsic ICL signal remains a robust 312

quality indicator as training progresses. 313

5 Conclusions 314

We introduce Evidence Gain, a quality signal 315

that measures reasoning quality based on the pol- 316

icy model’s intrinsic ICL ability. To leverage 317

this signal, we propose In-Context RLVR, which 318

prepends demonstrations during training and im- 319

plicitly reweights rewards by Evidence Gain to 320

encourage high-quality traces. Experiments con- 321

firm improvements in both accuracy and reasoning 322

quality over standard RLVR, providing a practical 323

approach to improve reasoning quality in RLVR. 324
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Limitations325

This work has two main limitations. First, although326

In-Context RLVR demonstrates consistent improve-327

ments across mathematical reasoning benchmarks,328

its generalization to other reasoning-intensive do-329

mains such as STEM problem-solving remains an330

open question due to computational constraints.331

We focus on mathematical reasoning as it repre-332

sents a major research direction in LLM reinforce-333

ment learning, and we plan to pursue broader do-334

main evaluation in future work. Second, construct-335

ing the demonstration set requires access to a strong336

model (e.g., DeepSeek-R1) for generating high-337

quality reference traces. Alternative construction338

strategies that reduce this dependency should be339

further developed.340
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A Related Work546

Reinforcement Learning with Verifiable Re-547

wards. RLVR has become a dominant paradigm548

for improving LLM reasoning (Lambert et al.,549

2025; Guo et al., 2025a). By using rule-based550

correctness signals, RLVR avoids reward hacking551

and scales well. GRPO (Shao et al., 2024) opti-552

mizes policies via group-based reward normaliza-553

tion without requiring a separate critic model. Sub-554

sequent work addresses entropy collapse (Yu et al.,555

2025), sequence-level optimization (Zheng et al.,556

2025), and training stability (MiniMax et al., 2025).557

Despite the advances, a fundamental limitation per-558

sists. Binary correctness rewards assign equal re-559

ward to correct solutions regardless of reasoning560

quality, potentially reinforcing spurious traces that561

get correct answers through flawed logic (Zhang562

et al., 2025b; MacDiarmid et al., 2025).563

Process Reward Models. PRMs address this lim-564

itation by providing step-level feedback. Light-565

man et al. (2024) demonstrate substantial gains566

from process supervision over outcome supervi-567

sion, though their approach required approximately568

800,000 human-annotated step labels. Automated569

alternatives such as Math-Shepherd (Wang et al.,570

2024) construct step-level labels through Monte571

Carlo estimation, trading annotation cost for com-572

putational overhead from repeated rollouts. These573

methods share a common constraint. Obtaining574

reliable process signals demands either substantial575

human effort or significant compute resources.576

Self-Derived Reasoning Quality Signals. An577

emerging direction leverages signals derived from578

the model itself rather than external supervision.579

Zhang et al. (2025a) construct intrinsic rewards580

from trajectory consistency and volatility, which581

requires computing distances between each inter-582

mediate state and all distinct final answers across583

sampled rollouts, incurring O(NTK) additional584

forward passes per prompt beyond standard algo-585

rithm. Xiong et al. (2025) train models to perform586

iterative self-correction loops, where the model587

sequentially detects errors, revises outputs, and de-588

cides when to terminate. In contrast, our method589

measures reasoning quality through demonstra-590

tion utility, motivated by findings that high-quality591

reasoning traces can serve as effective in-context592

demonstrations (Min et al., 2022; Li et al., 2025).593

Crucially, this signal can be integrated implicitly594

into the training objective via In-Context RLVR,595

adding less than 5% overhead without any explicit 596

quality computation. Importantly, our approach 597

differs fundamentally from demonstration selec- 598

tion methods (Luo et al., 2024), which develop re- 599

trieval or optimization strategies to identify the best 600

demonstrations for each input query. In contrast, 601

we leverage demonstrations to assess the quality of 602

candidate reasoning traces; since Evidence Gain 603

(Eq.1) is defined as an average over the validation 604

set, all demonstrations are equally important for 605

every query in our method. 606

B Experimental Details 607

B.1 Datasets and Preprocessing 608

Our training data is derived from KlearReasoner- 609

MathSub-30K (Su et al., 2025a), which contains 610

approximately 30K high-quality mathematical rea- 611

soning problems collected from several curated 612

sources, including Skywork-OR1 (He et al., 2025), 613

Acereason (Chen et al., 2025), NuminaMath (LI 614

et al., 2024), and DeepScaleR (Luo et al., 2025). To 615

mitigate potential data contamination, the dataset 616

has been processed with 9-gram deduplication 617

against the evaluation benchmarks. 618

We first randomly partition 28k samples from 619

the full dataset for policy optimization. For the re- 620

maining 2k samples, we generate reasoning traces 621

using DeepSeek-R1-0528 (Guo et al., 2025a) and 622

filter the outputs using rule-based validators to re- 623

tain only those with correct final answers, yielding 624

approximately 1,200 valid examples. From this 625

filtered set, we randomly select 100 examples to 626

form the held-out set E0 for the correlation analysis 627

in Section 4.3, with the remaining 1,082 examples 628

forming the demonstration set E used for prepend- 629

ing demonstrations during training. For each exam- 630

ple in E and E0, we extract the content following 631

</think> as the reference reasoning trace follow- 632

ing the procedure described in Section 2. We man- 633

ually verify the quality of these solutions. 634

B.2 Details for Main Experiments 635

We train DeepSeek-R1-Distill-Qwen-1.5B2 and 636

DeepSeek-R1-Distill-Qwen-7B3. We evaluate on 637

six mathematical reasoning benchmarks: AIME24, 638

AIME25, HMMT25, MATH500, AMC23, and 639

OlympiadBench. For evaluation metrics, we re- 640

port avg@4 scores on MATH500 (Lightman et al., 641

2https://huggingface.co/deepseek-ai/DeepSeek-R1-
Distill-Qwen-1.5B

3https://huggingface.co/deepseek-ai/DeepSeek-R1-
Distill-Qwen-7B
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2024) and OlympiadBench (He et al., 2024), and642

avg@32 scores on all other benchmarks, follow-643

ing prior work (Su et al., 2025b). At inference,644

we set the maximum generation length to 32k to-645

kens for AIME24 and AIME25, and 16k tokens646

for the other datasets. For answer extraction, we647

follow the standard practice adopted in Yang et al.648

(2024): parsing the contents enclosed within the649

\boxed{} structure in model outputs to identify650

the final answer. Answer correctness is judged by651

math-verify4, which performs symbolic compari-652

son to handle equivalent mathematical expressions.653

For checkpoint selection, we save checkpoints654

every 10 training steps and select the checkpoint655

with the best performance on AIME25 to report656

results on all other benchmarks. All evaluation is657

conducted in zero-shot mode without any demon-658

strations, ensuring fair comparison with baseline659

methods and validating that our approach requires660

no modification to deployment. This zero-shot eval-661

uation also empirically confirms our theoretical662

claim in Section 3: while demonstrations are used663

during training to enable implicit quality reweight-664

ing, In-Context RLVR implicitly optimizes the base665

policy which can operate without demonstrations.666

B.3 Details for Training Dynamics Analysis667

Theoretical analysis in Section 3 shows that In-668

Context RLVR implicitly reweights rewards by Ev-669

idence Gain, with the reweighted reward R · w670

implying a two-stage selection mechanism: first,671

the binary reward R filters out traces with incorrect672

answers (R = 0); second, among correct traces673

(R = 1), the weight w ∝ exp(∆) differentiates674

reasoning quality. Therefore, Evidence Gain is675

designed to distinguish reasoning quality among676

correct solutions. To validate this implicit reweight-677

ing mechanism empirically (Section 4.3), we track678

both Evidence Gain and reasoning quality scores679

exclusively on traces with correct final answers.680

Specifically, we use checkpoints from both681

DAPO and IC-DAPO at 1.5B and 7B scales. Ev-682

ery 100 training steps, we randomly sample 100683

queries from the training set. Importantly, at each684

chosen step, DAPO and IC-DAPO share the same685

set of sampled queries to ensure fair comparison.686

For each query, we generate 8 rollouts and retain687

only those with correct final answers. We then688

compute Evidence Gain on the held-out set E0, and689

assess reasoning quality using DeepSeek-V3.2 as690

4https://github.com/huggingface/Math-Verify

described in Appendix B.4. Finally, we compute 691

the Spearman correlation ρ between Evidence Gain 692

and quality scores to verify that Evidence Gain re- 693

mains a valid quality signal throughout training. 694

B.4 LLM-based Quality Evaluation 695

To automatically assess reasoning quality, we em- 696

ploy DeepSeek-V3.2 (DeepSeek-AI et al., 2025) as 697

an LLM-based evaluator. Our evaluation rubric is 698

informed by prior work on solution quality assess- 699

ment (Ye et al., 2024; Xia et al., 2025; Golovneva 700

et al., 2023). To ensure comprehensive cover- 701

age, we define eight complementary dimensions 702

as shown in Table 2. For each reasoning trace, the 703

evaluator assigns a score from 1 to 5 on each di- 704

mension along with explicit textual explanations 705

for justification, and finally provides an overall 706

quality score from 1 to 5. The complete prompt 707

template is provided in Appendix D. 708

Dimension Definition

Repetition Same steps or ideas repeated
Redundancy Unnecessary or verbose content
Logical Consistency Contradictions
Relevance Off-topic exploration
CoT-Ans Alignment Answer derived from reasoning
Reasoning Rigor Claims justified without leaps
Clarity Easy to follow, well-structured
Completeness All necessary steps present

Table 2: Quality evaluation dimensions.

B.5 Baseline Implementation 709

GRPO optimizes policies via group-based re- 710

ward normalization without requiring a separate 711

critic model. Following Shao et al. (2024), we 712

adopt symmetric clipping bounds with ϵ = 0.2. 713

DAPO extends GRPO by introducing asymmet- 714

ric clipping bounds and dynamic sample filtering 715

to mitigate entropy collapse. Following Yu et al. 716

(2025), we set the lower and upper clipping thresh- 717

olds to ϵlow = 0.2 and ϵhigh = 0.28, respectively. 718

CISPO applies clipping directly to the impor- 719

tance sampling weights rather than to the final pol- 720

icy update. Following Cui et al. (2025), we set 721

symmetric clipping bounds with ϵ = 0.2. 722

GSPO employs a sequence-level importance ra- 723

tio to enhance training stability and scalability. Fol- 724

lowing Zheng et al. (2025), we set the lower and 725

upper clipping thresholds to ϵlow = 0.0003 and 726

ϵhigh = 0.0004, respectively. 727

8

https://github.com/huggingface/Math-Verify


Compl. CoT-Ans. Repet. Logic. Redund. Rigor Overall Relev. Clarity
0.0

0.1

0.2

0.3

0.4

0.5
Sp

ea
rm

an
 

0.27

0.32
0.34

0.37 0.39 0.39
0.41

0.43
0.45

DeepSeek-R1-Distill-Qwen-1.5B

Spearman Mean Score

0

1

2

3

4

5

M
ea

n 
Sc

or
e

3.99

4.57

2.53

3.90

2.21

4.01

2.90

3.66

2.99

Figure 3: Spearman correlation between Evidence Gain
and individual quality dimensions, alongside mean
scores for each dimension. Evaluated on DeepSeek-
R1-Distill-Qwen-1.5B with the same setup as Section 2.

CE-GPPO reintroduces gradient signals from to-728

kens outside the clipping interval in a bounded729

manner through a stop-gradient operation, enabling730

fine-grained control over policy entropy dynam-731

ics. We directly report results from the original732

paper (Su et al., 2025b). As this work provides two733

sets of evaluation results under different configura-734

tions (β1 = 0.5, β2 = 1 and β1 = 0.75, β2 = 1),735

we report their average scores in Table 1.736

C Additional Experiments737

C.1 What Does Evidence Gain Capture?738

To investigate which aspects of reasoning qual-739

ity Evidence Gain most effectively captures, we740

conduct a fine-grained correlation analysis across741

the eight dimensions defined in our evaluation742

rubric (Appendix B.4). Figure 3 presents results on743

DeepSeek-R1-Distill-Qwen-1.5B. We observe that744

all correlations are positive, ranging from ρ = 0.27745

to ρ = 0.45, suggesting that Evidence Gain reflects746

multiple aspects of reasoning quality rather than a747

single dimension.748

Notably, Clarity (ρ = 0.45) and Relevance749

(ρ = 0.43) show stronger correlations than Com-750

pleteness (ρ = 0.27) and CoT-Answer Alignment751

(ρ = 0.32). This pattern can be explained by our752

setup. Since we only evaluate traces that arrive at753

correct answers (Appendix B), these traces are al-754

ready filtered for answer validity. As shown by the755

mean scores in Figure 3, Completeness (mean 3.99)756

and CoT-Answer Alignment (mean 4.57) exhibit757

high scores with limited variance among correct758

traces, because reaching the right answer typically759

requires including necessary steps and properly de-760

riving the conclusion. In contrast, Clarity (mean761

2.99) and Relevance (mean 3.66) show lower mean762

scores even among correct solutions, since a trace763
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Figure 4: Spearman correlation matrix between
DeepSeek-V3.2 quality scores and four human expert
ratings on 100 sampled reasoning traces, together with
inter rater correlations among experts.

can reach the right answer while still being poorly 764

organized. This difference in variance explains why 765

Evidence Gain shows stronger correlations with di- 766

mensions that have greater room to discriminate 767

among correct traces. 768

C.2 Human Evaluation 769

We further validate whether the automatic qual- 770

ity scores produced by DeepSeek-V3.2 are con- 771

sistent with human judgement. We first randomly 772

sample 100 question-reasoning pairs generated by 773

Deepseek-R1-Distill-Qwen-1.5B whose final an- 774

swers are verified correct by rule. We then ask 775

four human experts to separately assign an over- 776

all quality score between 1 and 5 for each reason- 777

ing trace. Annotators follow the same rubric for 778

Deepseek-V3.2 (Appendix B.4). Finally, we com- 779

pute Spearman correlation coefficients between the 780

DeepSeek-V3.2 scores and each human expert, as 781

well as the correlations among the human experts. 782

Figure 4 shows strong agreement between 783

DeepSeek-V3.2 and human experts. The corre- 784

lations between DeepSeek-V3.2 and individual ex- 785

perts fall between 0.65 and 0.83, with an average of 786

0.74, which is comparable to human expert agree- 787

ment. Overall, DeepSeek-V3.2 performs within 788

the variability of human judgement on this task, 789

supporting its reliability as an automatic evaluator 790

in our experiments. We attribute this robustness to 791

the comprehensive and fine-grained quality rubric, 792

which decomposes reasoning quality into multiple 793

distinguishable dimensions and thus enables more 794
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Method AIME24 AIME25 HMMT25 MATH500 AMC23 Olympiad Average

DS-R1-Distill-Qwen-1.5B 29.2 24.1 13.1 86.0 73.7 51.8 46.3
+ DAPO (Yu et al., 2025) 40.0 28.4 19.2 90.0 84.4 61.6 53.9
+ IC-DAPO (V3.1) 44.5 ↑ 32.3 ↑ 19.5 ↑ 90.3 ↑ 85.8 ↑ 61.7 ↑ 55.7 ↑
+ IC-DAPO (R1) 45.6 ↑ 34.2 ↑ 19.7 ↑ 90.6 ↑ 86.2 ↑ 62.1 ↑ 56.4 ↑

DS-R1-Distill-Qwen-7B 54.5 39.1 26.2 93.6 90.6 67.0 61.8
+ DAPO (Yu et al., 2025) 62.0 45.9 27.4 94.1 92.3 69.9 65.3
+ IC-DAPO (V3.1) 63.3 ↑ 47.5 ↑ 29.2 ↑ 95.5 ↑ 92.6 ↑ 70.8 ↑ 66.4 ↑
+ IC-DAPO (R1) 66.5 ↑ 49.8 ↑ 29.4 ↑ 95.6 ↑ 93.7 ↑ 71.7 ↑ 67.8 ↑

Table 3: Ablation on demonstration quality. IC-DAPO (R1) uses refined reasoning traces from DeepSeek-R1, while
IC-DAPO (V3.1) uses solutions from DeepSeek-V3.1, a non-reasoning model. Both variants outperform DAPO,
with R1 demonstrations yielding stronger results. Bold and underline indicate best and second-best results. ↑
denotes improvement over DAPO.

consistent judgements across different raters.795

C.3 Ablation Study on Demonstration Quality796

Our main experiments in Section 4 construct the797

demonstration set E using the refined content fol-798

lowing DeepSeek-R1’s </think> tag. To investi-799

gate whether demonstration quality affects train-800

ing outcomes, we construct an alternative set us-801

ing DeepSeek-V3.1 (DeepSeek-AI, 2024), a strong802

non-reasoning model, for comparison. Without803

the reasoning capabilities that produce R1’s re-804

fined traces, V3.1 is expected to generate solutions805

of lower quality, making it a suitable baseline for806

studying the effect of demonstration quality. To en-807

sure fair comparison, we use the same 1,082 ques-808

tions from the demonstration set E described in809

Section 4 and generate solutions using DeepSeek-810

V3.1. We generate multiple responses per question811

to ensure each question obtains a correct solution.812

Table 3 shows that both IC-DAPO variants out-813

perform DAPO, confirming In-Context RLVR’s ro-814

bustness over different demonstration sources. Cru-815

cially, IC-DAPO (R1) always surpasses IC-DAPO816

(V3.1), with gains of +1.1 on AIME24 and +1.9817

on AIME25 at 1.5B scale. From a theoretical per-818

spective, since the reference solutions in validation819

set are used to compute Evidence Gain (Eq. 1), the820

quality of these references may affect the accuracy821

of ∆ as a quality signal, which in turn affects the822

effectiveness of implicit reweighting (Eq. 3).823

C.4 Training Dynamics824

We present extended training dynamics for both825

1.5B and 7B models in Figure 5. Across both model826

scales, IC-DAPO variants (i.e., IC-DAPO (R1) and827

IC-DAPO (V3.1)) consistently achieve higher ac-828

curacy on AIME24 and AIME25 throughout train-829

ing while maintaining comparable entropy trajec-830

tories to the DAPO baseline. Notably, IC-DAPO831
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Figure 5: Training dynamics across 1.5B and 7B models.
IC-DAPO variants consistently outperform DAPO on
AIME24 and AIME25 while maintaining stable entropy
throughout training.

(R1) demonstrates a clear advantage over standard 832

DAPO, with the performance gap widening as train- 833

ing progresses. Comparing IC-DAPO (R1) and 834

IC-DAPO (V3.1), we observe that R1-generated 835

demonstrations yield better final performance, con- 836

sistent with our findings in Section C.3 that higher- 837

quality demonstrations lead to improved training 838

outcomes. The entropy curves remain stable across 839

all methods, indicating that In-Context RLVR does 840

not compromise training stability while achieving 841

superior accuracy, which aligns with the stability 842

analysis in prior work (Yu et al., 2025). 843

D Quality Evaluation Prompt 844

We present the prompt template used for reasoning 845

quality evaluation with DeepSeek-V3.2 in Figure 6. 846

The prompt assess reasoning traces across eight di- 847

mensions, including Repetition, Redundancy, Log- 848

ical Consistency, Relevance, CoT-Answer Align- 849

ment, Reasoning Rigor, Clarity, and Completeness, 850

with each scoring on a 1–5 scale. The template uses 851

placeholders {question} and {response} which 852

are populated with the specific math problem and 853

corresponding reasoning trace during evaluation. 854
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# Mathematical Reasoning Quality Evaluation

## Task
Evaluate the **quality** of mathematical reasoning (answer already verified correct).
Assess whether this reasoning would be valuable as a learning reference.

**Key insight**: Correct answer ̸= good reasoning. Watch for warning signs:
- Frequent "wait", "hold on", "let me try again"
- Same calculation repeated multiple times
- Long explorations that don't contribute to the answer
- Answer appearing without clear derivation

Be strict. Reasoning that wanders, second-guesses itself, or reaches the right answer through
messy exploration is not high-quality, regardless of correctness.

## Dimensions (1-5 each)

| Dimension | Assess |
|---------------------|---------------------------------------------|
| Repetition | Same steps or ideas repeated? |
| Redundancy | Unnecessary or verbose content? |
| Logical Consistency | Contradictions or backtracks? |
| Relevance | Off-topic content or dead-end exploration? |
| CoT-Answer Alignment| Answer clearly derived from reasoning? |
| Reasoning Rigor | All claims justified without leaps? |
| Clarity | Easy to follow and well-structured? |
| Completeness | All necessary steps present? |

## Scoring

| Score | Meaning |
|-------|------------------------------------------------------|
| 5 | Excellent: Perfect textbook quality |
| 4 | Good: Minor flaws, suitable as reference |
| 3 | Average: Clear flaws, but followable |
| 2 | Weak: Major issues hurting pedagogical value |
| 1 | Poor: Guessed answer, chaotic flow |

## Evaluate This

### Math Problem:
{question}

### Reasoning Process (Answer Verified Correct):
{response}

---

Output JSON only:
{

"dimensions": {
"repetition": {"score": <1-5>, "comment": "<evidence>"},
"redundancy": {"score": <1-5>, "comment": "<evidence>"},
"logical_consistency": {"score": <1-5>, "comment": "<evidence>"},
"relevance": {"score": <1-5>, "comment": "<evidence>"},
"cot_answer_alignment": {"score": <1-5>, "comment": "<evidence>"},
"reasoning_rigor": {"score": <1-5>, "comment": "<evidence>"},
"clarity": {"score": <1-5>, "comment": "<evidence>"},
"completeness": {"score": <1-5>, "comment": "<evidence>"}

},
"overall_analysis": "<key findings, limiting factors>",
"score": <1-5>

}

Figure 6: Quality Evaluation Prompt Template. Placeholders {question} and {response} are replaced with the
actual math problem and reasoning trace during evaluation.
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E Proofs of Main Results855

[This section of appendix uses single-column format for mathematical readability.]856

857

This appendix provides complete derivations for the theoretical results in Section 3. We first establish858

notation, then derive the reweighting identity and characterize its relationship to Evidence Gain.859

E.1 Notations860

We formalize the training setup. Let q ∼ D denote a question from the training distribution. Let861

E = {e(i)}|E|i=1 be the held-out validation set, where each demonstration e = (eq, er) consists of a question862

eq and a high-quality reference reasoning trace er. During In-Context RLVR training, a demonstration e863

is sampled from E and prepended to q, after which the model generates a reasoning trace r ∼ πθ(·|e, q).864

E.2 Bayesian Identity865

We establish the key identity relating the conditioned policy to the base policy. The derivation relies on866

the following assumption, which reflects the independent sampling structure in our data construction.867

Assumption E.1. Providing only the demonstration question eq, without its reasoning trace er, does868

not alter the distribution over reasoning traces for a training question q. Conversely, providing only the869

training question q, without any reasoning trace, does not alter the distribution over reasoning traces for870

the demonstration question eq. Formally:871

πθ(r|eq, q) = πθ(r|q), (A1)872

πθ(er|q, eq) = πθ(er|eq). (A2)873

Remark. This assumption is natural given the independent sampling of demonstrations and training874

questions. To see why (A1) holds, suppose eq is “Solve x2 − 5x+ 6 = 0” and q is “Compute
∫
sinx dx.”875

The bare statement of eq carries no information about integration techniques; it only indicates that the876

context involves math. Crucially, the model already knows this from observing q itself. Thus, conditioning877

on eq alone provides no additional signal for solving q. A symmetric argument establishes (A2). While878

edge cases may exist where two questions happen to share methodological structure, so that eq could bias879

the preferred style or method for solving q, such coincidences are rare under independent sampling and880

average out at scale. Thus (A1) and (A2) hold as statistical approximations.881

Empirical Validation. We validate Assumption E.1 using DeepSeek-R1-Distill-Qwen-1.5B. We ran-882

domly select 100 question-reasoning pairs (q, r) from rollouts generated during training, and independently883

sample 100 additional questions {q′} from the dataset. We prepend each q′ to each (q, r) resulting in884

10,000 samples (S). We measure the relative change in reasoning log-probability when prepending an885

randomly select question q′:886

δ =
1

|S|
∑

(q,r,q′)∈S

| log πθ(r|q′, q)− log πθ(r|q)|
| log πθ(r|q)|

. (4)887

Notably, we obtain δ = 0.0384 < 5%, confirming that independently sampled question statements have888

negligible influence on reasoning distributions on average.889

Although Assumption E.1 suggests that question statements alone provide negligible cross example890

influence, a complete demonstration (eq, er) does provide transferable information: the reasoning trace891

er may exhibit problem-solving patterns (e.g., algebraic manipulation, problem decomposition) that892

generalize across problems. This distinction is precisely what Evidence Gain captures, and it explains893

why the policy model’s ICL ability can serve as an effective quality signal.894

Lemma E.2 (Bayesian Identity). Under Assumption E.1, the conditioned policy admits the decomposition:895

πθ(r|e, q) = πθ(r|q) ·
πθ(er|q, r, eq)
πθ(er|eq)

. (5)896
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Proof. We begin by expanding the conditioned policy πθ(r|eq, er, q) using the definition of conditional 897

probability. By Bayes’ Rule, we have: 898

πθ(r|eq, er, q) =
πθ(r|eq, q)πθ(er|q, r, eq)

πθ(er|q, eq)
. (6) 899

We now apply Assumption E.1 to simplify the right-hand side. By (A1), the numerator term πθ(r|eq, q) 900

reduces to πθ(r|q), since observing eq alone provides no additional information for generating r. By (A2), 901

the denominator term πθ(er|q, eq) reduces to πθ(er|eq), since observing q alone provides no additional 902

information for generating er. Substituting these simplifications into Eq. (6), we obtain: 903

πθ(r|eq, er, q) = πθ(r|q) ·
πθ(er|q, r, eq)
πθ(er|eq)

. (7) 904

This completes the proof. 905

E.3 Reweighting Equivalence 906

We now establish that In-Context RLVR implicitly performs reward reweighting, showing how the policy 907

model’s ICL mechanism naturally upweights high-quality reasoning traces. 908

Theorem E.3 (Implicit Reweighting). The In-Context RLVR objective 909

JIC(θ) = EqEe∼E, r∼πθ(·|e,q)
[
R(q, r)

]
(8) 910

can be equivalently written as 911

JIC(θ) = EqEr∼πθ(·|q)
[
R(q, r) · w(q, r)

]
, (9) 912

where the weight factor w(q, r) = Ee[exp(∆e)] with ∆e = log πθ(er|q, r, eq)− log πθ(er|eq). 913

Furthermore, w(q, r) and the Evidence Gain ∆(q, r) = Ee[∆e] satisfy: 914

1. (Lower bound) By Jensen’s inequality: w(q, r) ≥ exp
(
∆(q, r)

)
. 915

2. (Refined bound) logw(q, r) = ∆(q, r) + log
(
1 + 1

2Vare[∆e]
)
+ o(Vare[∆e]). 916

Proof. Part I: Deriving the weight factor. Invoking Lemma E.2 and assuming uniform sampling over E , 917

we expand: 918

JIC(θ) = Eq

[
1

|E|
∑
e

∑
r

πθ(r|e, q) ·R(q, r)

]
(10) 919

= Eq

[
1

|E|
∑
e

∑
r

πθ(r|q) ·
πθ(er|q, r, eq)
πθ(er|eq)

·R(q, r)

]
(11) 920

= Eq


∑
r

πθ(r|q) ·R(q, r) · 1

|E|
∑
e

πθ(er|q, r, eq)
πθ(er|eq)︸ ︷︷ ︸

w(q,r)

 . (12) 921

Writing ∆e = log πθ(er|q, r, eq)− log πθ(er|eq), the weight becomes w(q, r) = Ee[exp(∆e)]. 922

Part II: Relating w(q, r) to ∆(q, r). Since exp(·) is convex, Jensen’s inequality gives Ee[exp(∆e)] ≥ 923

exp(Ee[∆e]) = exp(∆(q, r)), establishing (i). 924

For (ii), we expand exp(∆e) around ∆ := ∆(q, r) via Taylor series: 925

exp(∆e) = exp(∆) · exp(∆e −∆) (13) 926

= exp(∆) ·
(
1 + (∆e −∆) + 1

2(∆e −∆)2 + o
(
(∆e −∆)2

))
. (14) 927

Taking expectations and using Ee[∆e −∆] = 0: 928

w(q, r) = exp(∆) ·
(
1 + 1

2Vare[∆e] + o(Vare[∆e])
)
. (15) 929

Taking logarithms on both sides and applying log(1 + x) = x+ o(x) yields (ii). 930
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Figure 7: Empirical verification of the log-linear relationship between logw(q, r) = logEe[exp(∆e)] and ∆(q, r) =
Ee[∆e]. Strong Pearson correlations (r = 0.855 for 1.5B, r = 0.822 for 7B) confirm that Evidence Gain serves as
a reliable proxy for the implicit weight.

Interpretation. Result (i) shows that exp(∆(q, r)) serves as a lower bound for the implicit weight931

w(q, r), but does not quantify how tight this bound is. Result (ii) refines this by showing that the932

gap is controlled by 1
2Vare[∆e]. Specifically, logw(q, r) exceeds ∆(q, r) by approximately log(1 +933

1
2Vare[∆e]) > 0, a strictly positive correction.934

Empirical Observation. Although Theorem E.3(ii) indicates that logw(q, r) and ∆(q, r) differ by a935

variance-dependent term, if Vare[∆e] remains relatively stable across different (q, r) pairs, the relationship936

simplifies to an approximate linear correspondence. To verify this, we conduct experiments using rollouts937

generated by DeepSeek-R1-Distill-Qwen at 1.5B and 7B (Guo et al., 2025a). Specifically, we randomly938

sample 1,100 (q, r) pairs for the 1.5B model and 1,000 pairs for the 7B model. For each (q, r) pair, we939

compute ∆(q, r) = Ee[∆e] and logw(q, r) = logEe[exp(∆e)], then measure their correlation.940

Figure 7 presents the results. We observe strong linear relationships. The 1.5B model yields Pearson941

r = 0.855 (Spearman ρ = 0.844), while the 7B model achieves r = 0.822 (Spearman ρ = 0.884). These942

high correlations confirm that the variance term contributes a near-constant offset across (q, r) pairs,943

validating the following practical characterization.944

Theorem E.4 (Reweighting Equivalence). Under the conditions of Theorem E.3, the In-Context RLVR945

objective satisfies946

JIC(θ) = EqEr∼πθ(·|q)
[
R(q, r) · w(q, r)

]
, (16)947

where the weight factor is approximately log-linear in Evidence Gain:948

logw(q, r) ≈ ∆(q, r) + c, (17)949

for some constant c that depends on the average variance Eq,r[Vare[∆e]].950

This result confirms that the policy model’s intrinsic ICL ability provides an effective quality signal.951

Traces with higher Evidence Gain receive proportionally higher weights in the reweighted objective,952

without requiring any external evaluator. In this way, In-Context RLVR leverages the model’s own capacity953

to distinguish reasoning quality, enabling implicit reward reweighting through a simple modification to954

the training procedure.955
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