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Abstract001

Test-Time Scaling (TTS) has emerged as an002
effective paradigm for improving the reason-003
ing performance of Large Language Models004
by allocating additional computation during in-005
ference. Existing TTS frameworks frequently006
utilize process reward models to improve per-007
formance, yet the substantial computational008
cost of training PRMs remains a major limi-009
tation. To address this limitation, we propose010
Context-Aware Unlabeled Reward Reason-011
ing (CURE), a novel TTS framework designed012
for both intensive reasoning and knowledge-013
intensive tasks. Given an input question, CURE014
first retrieves the most relevant questions from015
the test set. Conditioned on retrieved ques-016
tions, LLMs then perform Context-Reward017
Reasoning to generate candidate answers to018
the original question. The final answer is ob-019
tained via majority voting over these candi-020
date answers. Since the retrieved questions021
lack ground-truth labels, we sample multiple022
predictions and get pseudo-labels via major-023
ity voting, which are then utilized to gener-024
ate reward messages. CURE is evaluated on025
competitive reasoning and knowledge-intensive026
tasks, where it demonstrates state-of-the-art027
potential. For example, CURE markedly im-028
proves Qwen2.5-7B by 25.29% on average.029
Crucially, CURE-augmented smaller models030
exhibit competitive superiority over massive031
baselines, with Qwen2.5-7B exceeding the per-032
formance of Qwen2.5-72B by 2.08 points. Ex-033
tensive ablation studies and analyses further034
validate the effectiveness and robustness of our035
approach. Our code is available at this URL.036

1 Introduction037

Large Language Models (LLMs) (Achiam et al.,038

2023; Guo et al., 2025; Jaech et al., 2024) have039

demonstrated remarkable advancements across040

a wide range of domains. Recently, OpenAI’s041

o1 (Jaech et al., 2024) and Deepseek-R1 (Guo042

et al., 2025) have shown that Test-Time Scaling043

(TTS) (Zhang et al., 2025a; Balachandran et al., 044

2025) can significantly enhance the reasoning capa- 045

bilities of LLMs by leveraging additional computa- 046

tional resources during inference. These reasoning 047

models have reached or approached human-level 048

proficiency in tasks such as mathematics and code 049

generation (Guo et al., 2025; Team et al., 2025; Li 050

et al., 2025). 051

TTS methods can be broadly categorized into 052

two paradigms: training-based and inference- 053

based (Liu et al., 2025). Training-based methods 054

enhance a model’s reasoning ability by leverag- 055

ing long Chain-of-Thought (CoT) data. For ex- 056

ample, the cold-start phase of DeepSeek-R1 (Guo 057

et al., 2025) fine-tunes base models on long CoT 058

data, thereby improving multi-step reasoning. In 059

contrast, inference-based methods improve rea- 060

soning performance by allocating additional com- 061

putation during inference. Representative tech- 062

niques include Process Reward Models (PRMs), 063

which guide step-by-step reasoning (Yuan et al., 064

2024; Zhang et al., 2025c); Self-Consistency meth- 065

ods that apply majority voting over multiple sam- 066

pled reasoning paths (Stiennon et al., 2020); and 067

search-based approaches such as Monte Carlo Tree 068

Search (MCTS) (Zhang et al., 2024). Despite their 069

promise, both paradigms face notable challenges. 070

Training-based approaches are often hindered by 071

the high cost of acquiring quality long-form CoT 072

data and the substantial computational resources 073

required for model optimization. Inference-based 074

methods often rely on special PRMs to verify inter- 075

mediate reasoning steps (Jiang et al., 2025; Zhang 076

et al., 2025c), which introduces additional training 077

overhead and limits their generality. 078

To mitigate these challenges, we introduce 079

Context-Aware Unlabeled Reward Reasoning 080

(CURE), a novel Test-Time Scaling framework that 081

bolsters model performance without the need for 082

fine-tuning and the guidance of PRMs. CURE func- 083

tions via a structured three-stage pipeline. First, 084
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Figure 1: Overview of the CURE framework, illustrating its three-stage pipeline: Context Retrieval, Context-Reward
Reasoning, and Self-Consistent Aggregation.

given an input question, we retrieve the most simi-085

lar questions from the test set. The retrieved ques-086

tions exhibit strong topical coherence and provides087

informative context that supports accurate infer-088

ence. Then, in the Context-Reward Reasoning089

stage, each retrieved question is used to guide the090

model through a Prediction–Reward–Reasoning091

process, forming a layered reasoning architecture.092

In the Prediction process, the model generates mul-093

tiple candidate predictions. Since retrieved ques-094

tions are typically unlabeled, pseudo-labels are de-095

rived via majority voting across the sampled pre-096

dictions to establish a consensus. Then, the pseudo-097

labels serve as reference answers during the Re-098

ward process, evaluating candidate responses and099

generating their corresponding reward messages.100

Subsequently, in the Reasoning process, the model101

synthesizes all contextual messages, including the102

predictions for the retrieved question and their cor-103

responding reward messages, to reason the original104

question. Finally, in the Self-Consistent Aggrega-105

tion stage, all candidate answers for the original106

query are compiled, and the final answer is deter-107

mined via majority voting.108

In our experiments, we evaluate CURE across a109

diverse suite of models, including two instruction- 110

tuned models and two Large Reasoning Mod- 111

els (LRMs). We evaluate CURE on 6 reason- 112

ing benchmarks and 3 knowledge-intensive bench- 113

marks to assess the its versatility. Notably, applying 114

CURE to LLaMA3.1-Instruct results in an aver- 115

age improvement of 23.5% across all benchmarks, 116

with a remarkable 117.4% increase on the chal- 117

lenging AIME2024 task. Furthermore, Qwen2.5- 118

7B-Instruct enhanced by CURE outperforms the 119

significantly larger Qwen2.5-72B by an average 120

of 2.08 points, suggesting that CURE can effec- 121

tively bridge the performance gap between dis- 122

parate model scales. For large reasoning models, 123

CURE facilitates a 33.57-point improvement for 124

DeepSeek-R1-Qwen3-8B on the AMC benchmark. 125

Our analysis further identifies two critical factors 126

for CURE’s efficacy: the sampling number and the 127

design of reward messages. Finally, we compare 128

CURE with several commonly used TTS methods. 129

In conclusion, the main contributions of our paper 130

are as follows: 131

• Inspired by In-Context Learning, we propose 132

Context-Aware Unlabeled Reward Reasoning 133

(CURE), a novel Test-Time Scaling frame- 134
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work .135

• We evaluate CURE on multiple LLMs136

across six mathematical reasoning and three137

knowledge-intensive benchmarks, demonstrat-138

ing consistent and significant improvements139

over the base models.140

• We further investigate the mechanism of141

CURE by varying the number of sampled142

responses and reward messages, providing143

deeper insights into its effectiveness.144

2 Related Work145

2.1 In-Context Learning146

In-Context Learning (ICL) (Brown et al., 2020)147

is a method where LLMs perform new tasks by148

using examples or instructions provided directly149

within the input prompt, without requiring fine-150

tuning or additional training. By embedding task151

demonstrations in natural language, ICL allows152

models to identify patterns from just a few exam-153

ples, leveraging the extensive semantic knowledge154

acquired during pre-training. Unlike supervised155

learning (Stiennon et al., 2020), which depends on156

backpropagation (Rojas and Rojas, 1996) and large157

labeled datasets, ICL leverages the latent space of158

pre-trained models to produce accurate predictions159

without modifying their parameters or retaining160

task-specific knowledge after inference. Prompt161

engineering (White et al., 2023) plays a key role162

by designing prompts that guide the model’s rea-163

soning and improve its outputs, enabling LLMs to164

tackle complex tasks by drawing analogies from165

limited examples, thereby offering a flexible and166

efficient alternative to traditional machine learning167

approaches.168

2.2 Test-Time Scaling169

Test-Time Scaling (Zhang et al., 2025a; Balachan-170

dran et al., 2025) enhances the reasoning capa-171

bilities of LLMs during inference by leveraging172

additional computational resources without alter-173

ing model weights. A foundational technique is174

CoT (Wei et al., 2022), which encourages mod-175

els to “think step by step” (Lightman et al., 2023),176

significantly improving performance on complex177

tasks. More structured approaches include Best-178

of-N (BoN) sampling (Brown et al., 2024), beam179

search (Snell et al., 2024), and Monte Carlo Tree180

Search (Zhang et al., 2024). These methods gen-181

erate multiple candidate solutions, often applying182

majority voting (Stiennon et al., 2020), PRM (Yuan 183

et al., 2024) as verifier, or LLM-as-a-judge (Zheng 184

et al., 2023) for greater accuracy. 185

3 Methodology 186

Our framework, illustrated in Figure 1, consists 187

of three stages: (1) Context Retrieval: Given an 188

input question, we retrieve the most semantically 189

similar questions from the test set to provide topic- 190

coherent contextual support (Section 3.1). (2) 191

Context-Reward Reasoning: The retrieved ques- 192

tion is leveraged to guide a structured Predic- 193

tion–Reward–Reasoning process (Section 3.2). (3) 194

Self-Consistent Aggregation: The reasoning out- 195

puts from all contexts are aggregated, and the fi- 196

nal answer is determined by majority voting (Sec- 197

tion 3.3). 198

3.1 Stage One: Context Retrieval 199

When encountering unseen questions, it is essential 200

to equip the model with relevant domain knowledge 201

and similar prior cases. While many datasets show 202

strong correlations between their training and test 203

sets, some evaluation instances appear exclusively 204

in the test set. Consequently, retrieving similar 205

examples exclusively from the training set is not 206

always feasible. To address this limitation, we in- 207

troduce a Context Retrieval stage that identifies the 208

most similar cases directly from the test data. To 209

ensure that the retrieved examples closely resem- 210

ble the target examples, we employ an embedding 211

model to vectorize the questions. We then compute 212

the cosine similarity between the current question 213

and all other questions in the test set, retrieving the 214

most similar questions. This retrieved questions 215

are subsequently used as the starting questions in 216

the Context-Reward Reasoning stage. 217

3.2 Stage Two: Context-Reward Reasoning 218

Some studies (Dai et al., 2022) have demonstrated a 219

duality between ICL and fine-tuning, providing the- 220

oretical support for the effectiveness of ICL, they 221

overlook a crucial aspect: fine-tuning requires mod- 222

els to first generate predictions and then compute 223

gradients based on these predictions and the corre- 224

sponding labels. To address this limitation, we pro- 225

pose the Context-Reward Reasoning stage, which 226

allows the LLM to learn from both predictions and 227

reward messages, as illustrated in Figure 2. 228

Inspired by Self-consistency with CoT (Wang 229

et al., 2022), which shows that correct answers 230
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Question

What is the distance, in units, between the points 

$(2, -6)$ and $(-4, 3)$? Express your answer in 

simplest radical form.

Retrieved Question
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$$1 + 2 + 3 - 4 + 
5 + 6...Enter your 
answer as a single 

value.

Let’s compute step-
by-step.
We have:

1+2+…The Answer is 
\\box{-9}

a)  Prediction

c)  Reasoning

Let's re-evaluate 
the problem step-

by-step to find 
the error …

b.1) 
Reward Label

Unfortunately, your 

answer is wrong !
b.2) 
Reward Refinement

Figure 2: Context-Reward Reasoning pipeline at test
time.

tend to form dense and consistent clusters among231

multiple model outputs, we generate multiple pre-232

dictions for the retrieved questions and then apply233

majority voting to get the pseudo-labels. In the234

reward process, this pseudo-label is used to evalu-235

ate each prediction and generates reward messages236

based on its correctness. Then the LLM learns from237

the prediction and reward messages, enabling it to238

reason about the question more comprehensively.239

We provide a detailed description of the overall240

process below.241

Prediction Given the retrieved questions from242

the context retrieval stage, Context-Reward reason-243

ing first enables the LLM to generate the multiple244

predictions, in the format of zero-shot CoT reason-245

ing (Kojima et al., 2022).246

For each retrieved question x̂, the LLM input αi247

is formatted as:248

αi = Q: x̂. A: [Z], (1)249

where i represents the i-th time sample, and [Z]250

represents zero shot trigger (Guo et al., 2025).251

More details about the triggers used for different252

benchmarks are described in Appendix A. Subse-253

quently, based on the input αi, LLM is instructed254

to generate the prediction for the retrieved question,255

obtaining the yi which can be formulated as:256

yi = LLM(αi). (2)257

Furthermore, recognizing that some LLMs may not258

fully comply with the instructions when answer-259

ing a query (e.g., by refusing to answer), CURE260

incorporates an additional filtering step to exclude261

abnormal responses that deviate from the given262

instructions.263

Reward During the Reward process, we use ma- 264

jority voting to get a pseudo-label y∗, i.e., 265

y∗ = argmax
c∈C

i∑
i=1

1{yi = c}. (3) 266

Then the prediction yi is evaluated against the 267

corresponding the pseudo-label y∗, which can be 268

given as: 269

Ri =

Rcorrect, if y∗ = yi,

Rwrong, otherwise.
(4) 270

We associate each prediction with a reward mes- 271

sage comprising two distinct components. The 272

first, the Reward Label, provides a binary reward 273

of correctness (e.g., "Well done! Your answer is 274

correct."). The second, the Reward Refinement, is 275

a response conditioned on the reward label: for cor- 276

rect predictions, it reinforces the underlying logic; 277

for incorrect ones, it diagnoses errors and rectifies 278

the intermediate reasoning steps. More details can 279

be found in Appendix A. 280

Reasoning Finally, during the reasoning process, 281

the original question is appended to the Context- 282

Reward messages, and the combined messages are 283

presented to the model. The model generates the 284

final response from the enriched context messages, 285

enabling reasoning guided by the prediction to sim- 286

ilar question and the associated reward messages. 287

Each generated response can be given as: 288

Ai = LLM(Di, x), (5) 289

where Di denotes the message of Context-Reward 290

messages in i-th time sample, incorporating con- 291

textual information from both the prediction and 292

reward stages. 293

3.3 Stage Three: Self-Consistent Aggregation 294

Through Context Retrieval and Context-Reward 295

reasoning, the model generates N corresponding 296

responses to the original question. Each gener- 297

ated response is considered a candidate answer, 298

A = {A1, A2, . . . , AN}, and the final answer is 299

determined by majority voting, selecting the candi- 300

date that appears most frequently. This approach 301

achieves high efficiency with minimal computa- 302

tional overhead. The final answer A∗ can be for- 303

mulated as: 304

A∗ = argmax
c∈C

N∑
i=1

1(Ai = c). (6) 305
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4 Experiments306

4.1 Experimental Setup307

Models To evaluate the generality of Context-308

Aware Unlabeled Reward Reasoning across dif-309

ferent backbones, we conduct experiments us-310

ing Qwen2.5-7B-Instruct (Yang et al., 2024) and311

Llama3.1-8B-Instruct (Grattafiori et al., 2024) as312

instruct-tuned models. For large reasoning mod-313

els (LRMs), we employ Qwen3-8B (Yang et al.,314

2025) and DeepSeek-R1-0528-Qwen3-8B (Guo315

et al., 2025).316

Benchmarks To evaluate the applicability of317

CURE Reasoning across reasoning and knowledge-318

intensive tasks of varying difficulty, we assess319

its performance on three widely used reasoning320

benchmarks: MATH500 (Hendrycks et al., 2021),321

AMC (Li et al., 2024), and GSM8K (Cobbe et al.,322

2021), as well as on three more challenging reason-323

ing benchmarks, AIME20241 , AIME20252 , and324

AMO-Bench (An et al., 2025). In the knowledge-325

intensive tasks, we evaluate CURE on two standard326

medical benchmarks: MedQA (Jin et al., 2021) and327

MedMCQA (Pal et al., 2022), in addition to the328

challenging medical knowledge benchmark MedX-329

pertQA3.330

Baselines We compare our methods with two331

categories of LLMs: 1) Small Parameter LLMs:332

Mistral-Instruct-7B-v0.3 (Jiang et al., 2023),333

DeepSeek-Distill-Llama8B-Instruct (Guo et al.,334

2025), Qwen3-8B (Yang et al., 2025), GLM4-335

9B (GLM et al., 2024), Gemma2-9B (Team et al.,336

2024); and 2) Large Parameter LLMs: Qwen2.5-337

32B-Instruct (Yang et al., 2024), Qwen2.5-72B-338

Instruct (Yang et al., 2024), Qwen3-32B (Yang339

et al., 2025) and Llama3.1-70B-Instruct (Grattafiori340

et al., 2024).341

Implementation Details We employ vLLM342

(Kwon et al., 2023) for online inference, deploying343

the model on 2*NVIDIA A100 (80GB) GPUs. For344

context retrieval, we utilize Qwen3-8B-Embedding345

(Zhang et al., 2025b) to generate vector representa-346

tions and retrieve the top-1 most similar question.347

During inference, we set the temperature to 0.6,348

1https://huggingface.co/datasets/
HuggingFaceH4/aime_2024

2https://huggingface.co/datasets/opencompass/
AIME2025

3https://huggingface.co/datasets/TsinghuaC3I/
MedXpertQA/tree/main/Text

top_p to 0.8, and the maximum number of gener- 349

ated tokens to 8192. In the majority voting, we 350

select the answer that appears most frequently as 351

the final prediction. If there are multiple options 352

with the same frequency, we randomly select one as 353

the final answer. We use accuracy as the evaluation 354

metric. 355

4.2 Main Results 356

CURE performs well on most tasks and models 357

CURE achieves consistent and substantial improve- 358

ments across various benchmarks compared to the 359

same parameter-level LLMs. As shown in Table 360

1, CURE achieves an average performance gain 361

of 25.29% on Qwen2.5-Intruct-7B and 23.5% on 362

LLama3.1-Instruct-8B, demonstrating consistent 363

gains on standard mathematical reasoning tasks. 364

More notably, on the more challenging reason- 365

ing benchmarks, including AIME2024, AIME2025 366

and AMO-Bench, CURE leads to dramatic relative 367

improvements ranging from 110% to over 250% 368

for both Qwen2.5-7B and LLaMA3.1-8B. These 369

results indicate that CURE is particularly effective 370

at enhancing complex, multi-step reasoning capa- 371

bilities where base models struggle most. 372

Beyond reasoning tasks, CURE also exhibits 373

strong generalization to knowledge-intensive tasks. 374

On the MedQA, LLaMA3.1-8B equipped with 375

CURE outperform their respective backbones by 376

27.5%. On more challenging medical benchmark 377

MedXpertQA, Qwen2.5-7B with CURE surpasses 378

the backbone by 18.6%. These results underscore 379

the broad applicability and robustness of CURE, 380

demonstrating its effectiveness across both reason- 381

ing and knowledge-intensive tasks. 382

CURE Is Comparable to or Outperforms 383

Large Parameter LLMs As shown in Table 1, 384

Qwen2.5-7B with CURE achieves performance 385

comparable to Qwen3-32B (non-thinking mode) 386

across reasoning benchmarks. Notably, on the 387

MATH500 benchmark, Qwen2.5-7B with CURE 388

surpasses all other evaluated models. Furthermore, 389

Llama3.1-8B with CURE even exceeds Llama3.1- 390

70B-Instruct by 10.54 and 4.17 points on AMC 391

and GSM8K, respectively. On MedQA and MedX- 392

pertQA, LLaMA3.1-8B with CURE slightly out- 393

performs Qwen2.5-72B. 394

CURE Performs well on LRMs LRMs are in- 395

creasingly becoming central to contemporary re- 396

search and applications. We thus conducted exper- 397

iments to evaluate the effectiveness of CURE on 398
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Model MATH AMC GSM8K AIME24 AIME25 AMO MedQA MedCA MedX Avg

Small Parameter LLMs
Mistral-7B-Instruct 17.00 2.42 48.27 0.00 0.00 0.81 48.20 44.90 11.40 19.22
DeepSeek-Distill-LLaMA-8B 59.20 21.80 58.28 2.71 1.46 0.19 48.20 44.90 11.40 27.57
GLM4-9B 48.40 17.07 72.21 5.00 0.00 0.69 58.90 49.80 12.78 29.43
Gemma2-9B 50.20 19.30 81.76 0.00 0.00 0.56 61.80 55.90 13.76 31.48
Qwen3-8B∗ 60.80 57.80 89.84 21.46 23.44 0.19 60.64 54.51 13.55 42.47

Large Parameter LLMs
Qwen2.5-32B 57.70 32.80 86.07 7.90 10.21 1.44 75.26 64.83 13.87 38.90
Qwen2.5-72B 62.10 41.11 86.22 18.90 15.00 2.31 74.55 66.60 14.91 42.41
Llama3.1-70B 62.60 29.22 84.76 10.42 3.33 0.94 78.40 70.05 18.16 39.76
Qwen3-32B∗ 61.62 59.33 88.22 31.35 25.42 1.19 74.00 67.20 18.28 47.40

Qwen2.5-7B-Instruct 60.50 34.80 82.86 7.90 6.88 1.44 57.00 55.60 12.60 35.51
w/CURE 71.00 53.01 90.45 16.67 20.00 4.00 70.15 60.24 14.94 44.49
∆ +10.50 +18.21 +7.59 +8.77 +13.12 +2.56 +13.15 +4.64 +2.34 +8.98

LLaMA3.1-8B-Instruct 48.40 23.30 80.91 4.60 1.46 0.56 58.70 56.00 13.20 31.90
w/CURE 56.60 39.76 88.93 10.00 3.33 2.00 74.86 63.78 15.43 39.41
∆ +8.20 +16.46 +8.02 +5.4 +1.87 +1.44 +16.16 +7.78 +2.23 +7.51

Table 1: Main results in reasoning and knowledge-intensive tasks. The first column corresponds to small parameter
LLMs, while the second column corresponds to large parameter LLMs. Within each segment, bold denotes the best
score, underline indicates the second-best score, and ∆ represents the gap between the original model and CURE. *
indicates non-thinking mode.
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Figure 3: The evolution of LRM performance.

LRMs. Our results demonstrate that LRMs achieve399

significant improvements by integrating their inher-400

ent reasoning capabilities with our Context-Reward401

reasoning. As illustrated in Figure 3, on AMC,402

DeepSeek-R1-0528-Qwen3-8B achieves a substan-403

tially larger gain of 33.57 points. Furthermore, on404

the MedQA benchmark, Qwen3-8B demonstrates405

a substantial gain of 21.76 points, representing a406

near 35% relative increase. Similarly, DeepSeek-407

R1-0528-Qwen3-8B benefits from this approach,408

achieving a significant 16.70% improvement.409

4.3 Ablation Study410

To further assess the contribution of each stage in411

CURE, we conduct ablation studies on all three412

components: (1) w/o retrieval: contexts are se-413

lected by randomly sampling a question from the414

test set, rather than based on contextual similarity;415

(2) w/o reward: the original question is directly416

appended to the retrieved context without applying417

reward messages; (3) w/o aggregation: a single418

Models Reasoning Knowledge

Qwen2.5-Instruct-7B 32.40 41.73

w CURE 42.52 48.44
w/o retrival 40.56 45.49
w/o reward 38.99 45.91

w/o aggregation 36.55 44.46

Llama3.1-8B-instruct 26.54 42.63

w CURE 33.44 51.36
w/o retrival 31.99 48.83
w/o reward 31.52 49.38

w/o aggregation 26.18 47.66

Table 2: Ablation study of core components within
CURE.

context reward messages is randomly selected and 419

appended to the original question. The results are 420

summarized in Table 2, with the detailed descrip- 421

tions are provided in Appendix B. Notably, the w/o 422

reward setting exhibits a pronounced performance 423

drop, suggesting that effective contextual learning 424

for reasoning relies heavily on the integration of 425

reward messages. 426

5 Analysis 427

5.1 Samping more is better? 428

To investigate the relationship between the num- 429

ber of samples and model accuracy, we conduct 430

experiments with sample@4, sample@8, and sam- 431

ple@16, as illustrated in Figure 4. 432

Effect of Increasing Sample Size We observe 433

a consistent performance gain as the number of 434

samples increases. Specifically, when scaling from 435
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Figure 5: Results of spurious rewards.

sample@4 to sample@8, Qwen2.5-7B exhibits a436

substantial improvement on MedQA, with accuracy437

rising from 65.75 to 70.15. Notably, this gain is not438

confined to knowledge-intensive tasks; reasoning439

performance also improves accordingly.440

The effectiveness of increasing the sample size is441

rooted in the principles of self-consistency, which442

posits that while incorrect reasoning is often id-443

iosyncratic, correct reasoning paths tend to con-444

verge toward a consistent answer. By generating445

multiple samples, we increase the likelihood that446

the resulting pseudo-labels represent this consen-447

sus, thereby mitigating the risk of introducing noisy448

or erroneous reward messages during the reward449

process.450

Performance Degradation with Excessive Sam-451

pling Despite the benefits of moderate sample452

scaling, we observe a consistent performance de-453

cline once the number of votes exceeds a certain454

threshold. Specifically, increasing the voting bud-455

get from sample@8 to sample@16 leads to per-456

formance degradation across all evaluated bench-457

marks. We observe that when the model encoun-458

ters problems at or above the upper limit of its459

capabilities, the fundamental assumption of self-460

consistency—that correct reasoning paths converge461

while errors remain idiosyncratic—begins to fail.462

In these high-difficulty regimes, the model be- 463

comes prone to systematic hallucinations, where 464

multiple reasoning trajectories converge on the 465

same plausible but incorrect conclusion. 466

5.2 Do Reward Messages Help? 467

Inspired by (Shao et al., 2025), we wanted to ex- 468

plore the effectiveness of reward messages gener- 469

ated by pseudo-labels. We also conducted a spuri- 470

ous reward experiment. 471

As shown in Figure 5, we observe a consistent 472

performance gap between CURE and the spuri- 473

ous rewards setting across all configurations. For 474

Qwen2.5-7B-Instruct, CURE outperforms spuri- 475

ous rewards by 1.20 points on MATH500 and 2.91 476

points on MedQA. A similar trend is observed for 477

Llama3.1-8B-Instruct, where CURE achieves gains 478

of 2.40 and 2.28 points on the two benchmarks, re- 479

spectively. 480

These results highlight the critical role of reward 481

message correctness. When rewards aligned with 482

the majority consensus, the model is encouraged to 483

consolidate reliable reasoning trajectories. In con- 484

trast, spurious reward introduces systematic incon- 485

sistencies between correct answers and feedback 486

signals, thereby distorting the learning signal and 487

limiting performance improvements. 488

Interestingly, the spurious reward setting still 489

outperforms the vanilla baseline. We attribute this 490

phenomenon to several factors. Integrating the pre- 491

diction reward into the context messages facilitates 492

a more effective dual descent gradient. This ap- 493

proach establishes a more precise dual formulation 494

that bridges ICL and fine-tuning. For relatively 495

simple questions, the model often derives the cor- 496

rect answer based on prior knowledge or common- 497

sense reasoning. Even when prompted to revise 498

its reasoning, the model tends to converge to the 499

same conclusion, meaning that spurious rewards 500

have minimal impact on the final prediction. 501
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Models GSM8K MedQA

Qwen2.5-7B 82.68 57.00

CURE 90.45 70.15
Retrieval from Training 89.70 68.42

Llama3.1-8B 80.91 58.70

CURE 88.93 74.86
Retrieval from Training 88.25 72.43

Table 3: Results of retrieval from training and test.

In contrast, for sufficiently difficult questions502

where the model consistently fails to produce cor-503

rect answers, spurious rewards actually tell them504

that they answered incorrectly and help the model505

reconsider its reasoning trajectory.506

5.3 On the Authenticity of Pseudo-Labels507

For benchmarks that only have test sets, we gener-508

ate pseudo-labels via multiple samplings followed509

by majority voting. To assess whether these pseudo-510

labels reliably approximate the true labels, we con-511

duct controlled experiments on benchmarks that512

include training sets. Specifically, for each query,513

we retrieve the most similar question from the train-514

ing set, perform multiple samplings, and directly515

compare the predictions with the ground-truth an-516

swers to assign reward messages.517

As shown in Table 3, the performance gap be-518

tween the two approaches is minimal on reasoning519

tasks. In contrast, pronounced differences emerge520

on knowledge-intensive tasks. We attribute this dis-521

crepancy to distributional shifts in knowledge do-522

mains between the training and test sets, which con-523

strain the effectiveness of training-set retrieval and524

result in performance variations. These results indi-525

cate that the pseudo-labels are highly reliable and526

closely approximate ground truth. Despite the ab-527

sence of labeled training data, CURE effectively ag-528

gregates model-consistent signals through repeated529

sampling, producing reward messages that are com-530

parable to those obtained with true labels. This531

observation underscores the robustness of CURE’s532

pseudo-labeling mechanism and supports its appli-533

cability in settings where annotated training data534

are unavailable.535

5.4 Comparisons with TTS Methods536

We compare CURE with several commonly used537

TTS methods, including BoN and MCTS, as shown538

in Table 4. Both BoN and MCTS are implemented539

using OpenR (Wang et al., 2024a), more details are540

available in C.5.541

Models MATH AMC MedQA

Qwen2.5-7B 60.50 34.80 57.00

CURE 71.00 53.01 70.15
BoN 69.60 39.76 64.02
MCTS 65.00 36.14 62.13

Table 4: Comparison of CURE with other TTS methods.

Overall, CURE consistently achieves the best 542

performance across all evaluated tasks, substan- 543

tially outperforming both the base model and exist- 544

ing TTS baselines such as BoN and MCTS. These 545

improvements suggest that CURE more effectively 546

guides the model toward high-quality reasoning 547

trajectories, rather than relying solely on increased 548

deeper search. In particular, while BoN benefits 549

from diversified sampling, its gains on AMC re- 550

main limited, and MCTS exhibits weaker overall 551

performance under the same computational budget. 552

By contrast, CURE leverages informative contexts 553

that predictions and reward messages, which the 554

model internalizes through In-Context Learning, 555

resulting in more reliable inference trajectories. In 556

summary, CURE’s ability to substantially enhance 557

accuracy while maintaining high efficiency high- 558

lights its practical value and strong potential for 559

reasoning tasks. 560

6 Conclusion 561

In this paper, we propose a novel framework for 562

Test-Time Scaling, Context-Aware Unlabeled Re- 563

ward Reasoning. This framework offers a simple 564

yet effective approach to enhancing model per- 565

formance at test time by leveraging contextual 566

and reward messages from unlabeled data, mak- 567

ing it applicable to a wide range of reasoning 568

and knowledge-intensive tasks. A key innovation 569

of CURE is its Context-Reward reasoning stage, 570

which consists of three core processes: Predic- 571

tion, Reward, and Reasoning. These processes 572

enable the model to dynamically refine its reason- 573

ing by incorporating self-reflective contextual cues, 574

without requiring direct intervention. CURE im- 575

proves model performance by constructing reward- 576

informed input contexts that guide the model to- 577

ward more accurate predictions through indirect 578

reasoning refinement. This approach preserves the 579

model’s autonomy, leading to significant improve- 580

ments in prediction accuracy. As a result, CURE 581

presents itself as a promising method for Test-Time 582

Scaling. 583
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Limitations584

Since CURE relies on dialogue-based interaction,585

the current implementation is limited to instruction-586

tuned LLMs for introducing predictions. Extending587

CURE to base pretrained LLMs may be necessary588

to further improve its generality. In addition, fu-589

ture work should evaluate our approach on both590

open-source and closed-source large-scale models591

with substantially more parameters. In scenarios592

involving ambiguous models, relying solely on a593

majority vote of the inferred results may be overly594

simplistic and one-sided. To improve the robust-595

ness of the decision-making process, it is essential596

to distinguish between different inference paths.597

One effective way to achieve this is by incorporat-598

ing metrics such as Perplexity (PPL) or entropy to599

quantify the uncertainty associated with each infer-600

ence. By considering these metrics, we can better601

differentiate between competing hypotheses, and602

ultimately, use the majority vote of the final results603

to select the most plausible answer.604
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A CURE Implementation Details824

A.1 Question prompt template825

In MedQA and MedCAQA, we use zero-shot CoT826

template adapted from Deepseek-R1.827

Q: {question}\nA: Please reason
step by step, and put your final
answer (selected from options A to
D) within \boxed{}.

828

In MedXpertQA, because the range of answer is829

different, this is another template.830

Q: {question}\nA: Please provide a
step-by-step explanation, followed
by your final answer (selected from
options A to J) within \boxed{}.

831

In Reasoning benchmark, we will use the follow-832

ing template to guide the responses.833

Q: {question}\nA: Please reason
step by step, and put your final
answer within \boxed{}.

834

A.2 Reward template835

After the model generates a prediction for a re-836

trieval question, it is verified against the corre-837

sponding the pseudo-label. If the prediction is838

correct, a positively reward label is appended to839

the context, affirming the validity of the reasoning 840

process. In cases of incorrect predictions, instead 841

of explicitly pointing out the error, a supportive 842

and constructive reward label is introduced. This 843

approach encourages further reflection and explo- 844

ration without directly identifying the mistake. 845

When the prediction is correct. 846

User: Well done! Your answer is
correct.

847

When the prediction is wrong. 848

User: Unfortunately, your answer is
wrong! Review your previous answer.
Find the reason for the mistake.

849

B A Detail ablation study 850

In ablation analysis, we selected MATH500, 851

AMC, GSM8K, AIME2024, AIME2025 and AMO- 852

Bench as the reasoning benchmarks, and MedQA, 853

MedCAQA and MedXpertQA as the knowledge- 854

intensive benchmarks. The detailed evaluation 855

scores are presented table 6. 856

Context retrival Replacing the context similar- 857

ity–based retrieval strategy with random retrieval 858

leads to a consistent performance degradation 859

across models. For Qwen2.5-7B-Instruct, the aver- 860

age score of reasoning tasks drops by 1.96 points, 861

while the average score of knowledge-intensive 862

tasks decreases by 2.95 points. A similar trend is 863

observed for Llama3.1-8B-Instruct, with declines 864

of 1.75 points in reasoning and 2.53 points in 865

knowledge-intensive tasks. Notably, on MedX- 866

pertQA, Llama3.1 under the w/o retrieval setting 867

performs even worse than the baseline, highlight- 868

ing the critical role of effective retrieval in this 869

domain. This shows that learning from unrelated 870

context can make LLMs more prone to hallucina- 871

tions, ultimately undermining both their reasoning 872

and knowledge capabilities. 873

Reward To evaluate the contribution of the re- 874

ward messages, we directly append the original 875

question to the context messages without apply- 876

ing the reward messages. We observe a substan- 877

tial 8.3% decline in the reasoning performance of 878

Qwen2.5-7B, which is larger than the correspond- 879

ing 5.2% reduction in knowledge-intensive perfor- 880

mance. On the AMC benchmark, the performance 881

of Qwen2.5-7B decreases by 7.23 points, while 882
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Dataset Train Num Test Num Options Num

MATH500 0 500 N/A

AMC 0 83 N/A

GSM8K 7473 1319 N/A

AIME2024 0 30 N/A

AIME2025 0 30 N/A

AMO-Bench 0 50 N/A

MedQA 10178 1273 4

MedCAQA 182822 4183 4

MedXpertQA 5 2450 10

Table 5: Statistics of benchmarks

Llama3.1 exhibits a decline of 4.82 points. These883

results suggest that contextual learning for reason-884

ing is particularly sensitive to the design and appli-885

cation of reward messages.886

Self-Consistent Aggregation When a single con-887

text–reward message is randomly sampled and ap-888

pended to the original query, we observe a pro-889

nounced performance degradation. Specifically,890

Llama3.1-8B-Instruct exhibits a 7.33 point de-891

crease in reasoning tasks and a 3.70 point decrease892

in knowledge-intensive tasks. Under the w/o aggre-893

gation setting, Llama3.1-8B consistently achieves894

the worst performance across all configurations,895

even underperforming the baseline on reasoning896

tasks. A similar, though slightly less severe, degra-897

dation is observed for Qwen2.5-7B, indicating that898

unvoted single-path contextual inference substan-899

tially harms model performance. The voting mech-900

anism aggregates multiple reasoning paths, effec-901

tively filtering out spurious or misleading reward902

messages caused by pseudo labels. Removing vot-903

ing liminates this safeguard, causing performance904

to collapse, even below the baseline, suggesting905

that poor contextual signals are worse than no con-906

text at all.907

C Additional Experiments Details908

C.1 Baseline Models909

For all baseline models, we use zero-shot to infer-910

ence. For Large Reasoning Models, we follow the911

corresponding recommended prompting guidelines912

to remove the system prompt.913

The zero-shot template is :914

Q: {question}\nA: Put your final
answer within\boxed{}.

915

C.2 Data Statistics 916

The detailed benchmark statistics are shown in Ta- 917

bles 5. 918

C.3 Evaluation Metrics 919

We employ accuracy as our evaluation metric. To 920

ensure statistical robustness on the AIME 2024 and 921

AIME 2025 datasets, we report the mean accuracy 922

across 32 independent trials. For AMO-Bench, 923

results are averaged over 8 runs. Performance on 924

all remaining datasets is reported based on a single 925

experimental trial. 926

C.4 Answer cleaning 927

As we guide the model in generating answers, we 928

use the \boxed{} format to standardize the final 929

answer output. However, due to differences across 930

models, we apply various regular expressions to 931

extract the final answer accurately, as shown in 932

Listing 1. 933

C.5 Details in TTS Methods 934

Both Best-of-N and MCTS are implemented us- 935

ing OpenR (Wang et al., 2024a). For reason- 936

ing tasks, we employ Math-Shepherd-Mistral-7B- 937

PRM (Wang et al., 2024b) as the process reward 938

model (PRM). For knowledge-intensive tasks, due 939

to the lack of a mature PRM, we use the base model 940

itself as the PRM and assign a score in the range 941

[0,1] to each generated step. 942

For Best-of-N, we set the temperature to 0.6, 943

generate 8 candidate sequences with a maximum 944

of 4096 new tokens, and select the final prediction 945

via majority voting. 946

For MCTS, we set the temperature to 0.6, gener- 947

ate a single sequence, constrain the maximum tree 948

width to 4 and the maximum depth to 10, and allow 949

up to 4096 new tokens. 950
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Models MATH500 AMC GSM8K AIME2024 AIME2025 AMO MedQA MedCA MedX

Qwen2.5-Instruct-7B 60.50 34.80 82.86 7.90 6.88 1.44 57.00 55.60 12.60

w CURE 71.00 53.01 90.45 16.67 20.00 4.00 70.15 60.24 14.94
w/o retrieval 70.40 51.81 90.30 15.00 13.85 2.00 65.83 57.42 13.22
w/o reward 69.00 45.78 90.22 14.90 12.81 1.25 66.38 58.83 12.53

w/o aggregation 64.40 45.78 88.78 11.77 7.81 0.75 63.31 56.63 13.43

Llama3.1-8B-instruct 48.40 23.30 80.91 4.60 1.46 0.56 58.70 56.00 13.20

w CURE 56.60 39.76 88.93 10.00 3.33 2.00 74.86 63.78 15.43
w/o retrieval 54.00 37.34 88.55 10.00 1.04 1.00 72.82 61.70 11.96
w/o reward 54.60 34.94 87.34 9.15 1.04 2.00 71.87 61.30 14.98

w/o aggregation 42.28 25.30 82.41 5.61 1.25 0.25 70.15 57.90 14.94

Table 6: Accuracy in ablation study of retrieval, reward, and aggregation components to reasoning and knowledge-
intensive tasks.

Listing 1: Implementation of the boxed answer extraction function.

def extract_boxed_answer_r1(text):
if text is None or len(text) == 0:

return None
if len(text) == 1:

return text
match = re.search(r’\\boxed{((?:[^{}]|\{[^{}]*\})*)}’, text)
if match:

inner_text = match.group(1)
if len(inner_text) == 0:

return None
elif len(inner_text) != 1:

text_match = re.search(r’\\text\{([A-Za-z])\}’, inner_text)
if text_match:

return text_match.group(1)
else:

return inner_text
else:

return inner_text
else:

match = re.search(r’\\boxed{(.*)}’, text)
if match:

inner_text = match.group(1)
if inner_text.startswith(’(’) and inner_text.endswith(’)’):

inner_text = inner_text[1:-1]
return inner_text

answer_match = re.search(
r’(?:Final\s+)?Answer\s*:\s*\(?([A-Z])\)?’, text, re.IGNORECASE)

if answer_match:
return answer_match.group(1)

return None
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