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Abstract001

Test-time scaling (TTS) enhances LLM rea-002
soning capabilities by sampling and aggre-003
gating diverse solution trajectories. How-004
ever, existing approaches often rely on exter-005
nal verifiers and one-shot independent sam-006
pling, which results in inefficient budget al-007
location and underutilizes interim high-quality008
trajectories. We propose ConMA, a training-009
free, verifier-free TTS framework that real-010
locates a fixed inference budget into itera-011
tive sample–filter–diversify–select cycles: it012
filters answer groups based on intrinsic token-013
probability confidence, enriches candidates014
through diversity-aware expansion, and em-015
ploys repeated single-choice selection for multi-016
stage refinement. Across multiple benchmarks,017
ConMA consistently improves accuracy under018
fixed budgets. With a maximum budget of019
N = 64, ConMA boosts Qwen3-4B to 80%020
accuracy on AIME25, significantly outperform-021
ing strong baselines while converging early022
with only 18 samples on average, substantially023
reducing inference cost.024

1 Introduction025

The rapid progress of Large Language Models026

(LLMs) is increasingly driven not only by scaling027

model capacity, but also by allocating more compu-028

tation at inference time (Brown et al., 2020; Ope-029

nAI et al., 2024). While Chain-of-Thought (CoT)030

prompting (Wei et al., 2022; Kojima et al., 2022)031

unlocks strong reasoning behavior, recent studies032

show that test-time scaling (TTS)—sampling and033

aggregating multiple reasoning trajectories within034

an inference budget—can match the performance035

of models at a significantly larger scale (Wang,036

2025; Snell et al., 2025). Accordingly, majority037

voting (Wang et al., 2023), Best-of-N selection038

(Cobbe et al., 2021), and search-based decoding039

(Yao et al., 2024; Zhenting Qi, 2025) have become040

standard protocols for challenging mathematical041

and logical tasks.042

大模型苦苦采样生成完整解还可能有错误
大模型很容易看出来一个答案是否是优质回答
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Figure 1: Motivating Candidate Set Evolution. While
generating correct solutions is harder than selecting
them, standard methods wastefully generate large
batches in one shot. Our approach maximizes efficiency
under a fixed budget by iteratively pruning low-quality
paths, generating diverse explorations from survivors,
and leveraging the model’s intrinsic selection capability
to refine the candidate set for the next round.

Current TTS frameworks largely rely on ad- 043

vanced search strategies augmented by external 044

verifiers (Lightman et al., 2024; Wang et al., 2024; 045

Uesato et al., 2023) or mainstream sampling-based 046

approaches (e.g., Best-of-N and self-consistency) 047

that operate under a one-shot large-batch protocol 048

(Wang et al., 2023; Snell et al., 2025). Despite 049

their empirical success, this prevailing paradigm 050

faces structural limitations regarding scalability 051

and efficiency. First, the dependence on auxiliary 052

Reward Models necessitates massive amounts of 053

fine-grained supervision and imposes substantial 054

deployment and inference overhead (Wang, 2025). 055

Second, the homogeneous nature of independent 056

trajectory generation fails to reuse high-quality in- 057

termediate reasoning traces(Li et al., 2023; Hong 058

et al., 2025). Consequently, the effective search 059

space is governed by unguided randomness, lead- 060

ing to redundant or narrowly clustered solutions. 061
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Third, the difficulty-agnostic strategy—sample062

once and keep few—misallocates computation on063

low-quality candidates that are inevitably discarded.064

This rigidity leads to overshooting budgets on sim-065

ple tasks while hitting performance plateaus on066

complex problems compared to iterative refine-067

ment.068

To bridge these gaps, we introduce ConMA069

(Confidence-guided Multi-stage Aggregation), a070

training-free, data-free, and plug-and-play TTS071

framework. Unlike methods that depend on ex-072

ternal supervision, ConMA repurposes the LLM’s073

own internal uncertainty as a guidance signal to074

orchestrate an adaptive reasoning loop. The frame-075

work operates through three synergistic mecha-076

nisms: (1) Confidence-Guided Kernel Sampling077

(CKS) uses token-probability–based confidence to078

score trajectories and perform answer-group filter-079

ing, retaining a compact “kernel” of high-quality080

candidate groups; (2) Diversity-Seeking Explo-081

ration (DSE) breaks the homogeneous sampling082

paradigm by conditioning on kernel representatives083

to generate additional trajectories with deliberately084

different reasoning patterns, thereby reusing high-085

quality intermediate traces while expanding the086

search space; and (3) Multi-Stage Aggregation087

(MSA) is a budget-preserving outer loop inspired088

by Figure 1: instead of one-shot sample once and089

keep few, it partitions a predefined maximum bud-090

get N into small-batch rounds that iteratively re-091

fine the search space by pruning weak candidates092

and expanding from high-quality survivors. Each093

round applies CKS to prune low-quality answer094

groups early, uses DSE to expand promising repre-095

sentatives, and then converts updating the sample096

pool into repeated single-answer multiple-choice097

selection; the n selected trajectories are recycled as098

inputs for the subsequent round, driving a process099

of progressive refinement.100

Our approach balances reasoning accuracy and101

computational cost via a convergence-aware multi-102

stage loop with adaptive exploration. Across four103

benchmarks, ConMA consistently outperforms104

strong baselines. On the challenging AIME25105

dataset, ConMA enables Qwen3-4B to achieve106

80% accuracy. With convergence-based early stop-107

ping (and adaptive DSE supplementation), ConMA108

reaches this performance with only 18 samplings109

on average under the predefined maximum budget110

of N = 64, substantially reducing inference cost111

compared to uniform scaling strategies.112

In summary, our contributions are as follows:113

• We propose ConMA, a training-free and 114

verifier-free TTS framework that reallocates 115

inference budget into iterative sample–filter– 116

diversify–select cycles for LLM mathematical 117

reasoning. 118

• We develop confidence-guided answer-group 119

filtering, survivor-conditioned diversity- 120

seeking exploration, and a multi-stage 121

resampling scheme via repeated single- 122

answer selection with convergence-based 123

early stopping. 124

• Experiments on four benchmarks show con- 125

sistent gains over strong baselines; ConMA 126

achieves 80% on AIME25 with Qwen3-4B 127

while using only 18 samplings on average un- 128

der N = 64. 129

2 Related Work 130

2.1 Sampling-based test-time scaling and 131

aggregation 132

A dominant line of test-time scaling (TTS) im- 133

proves LLM reasoning by sampling multiple Chain- 134

of-Thought trajectories and aggregating their out- 135

comes, including self-consistency and majority 136

voting (Wang et al., 2023) as well as Best-of-N 137

selection. These approaches are effective by in- 138

creasing the chance of generating a correct trajec- 139

tory(Snell et al., 2024), but they typically follow 140

a one-shot paradigm: trajectories are sampled in- 141

dependently and only aggregated or filtered after 142

the full budget has been spent. This “sample once 143

and keep few” workflow can be sample-inefficient 144

and does not leverage information contained in ear- 145

lier high-quality trajectories to guide subsequent 146

exploration(Li et al., 2023). In contrast, ConMA 147

reallocates a fixed budget into round-based cycles 148

that filter early and grow from surviving hypothe- 149

ses. 150

2.2 Verifier- and reward-guided reranking 151

To better distinguish high-quality reasoning traces, 152

many methods augment TTS with external verifiers 153

or reward models that score trajectories for rerank- 154

ing, selection, or weighted aggregation (Lightman 155

et al., 2024; Wang et al., 2024). Such outcome- 156

or process-level reward models can substantially 157

improve performance, especially on hard reason- 158

ing tasks, but they require additional supervision 159

to train and add non-trivial deployment and infer- 160

ence overhead. A separate but related direction 161
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studies calibration and uncertainty signals from162

LLMs, showing that token-level probabilities can163

correlate with correctness and hallucination (Kang164

et al., 2025; Yichao Fu, 2026). ConMA builds on165

this insight by using intrinsic token-probability–166

based confidence for answer-group filtering, en-167

abling verifier-free selection while preserving a168

lightweight, training-free test-time pipeline.169

2.3 Search and iterative refinement at170

inference time171

Beyond independent sampling, search-style decod-172

ing explicitly explores a structured space of partial173

solutions, such as tree-based reasoning and other174

guided search procedures (Yao et al., 2024; Zhent-175

ing Qi, 2025). In parallel, iterative refinement and176

diversity-oriented prompting aim to utilize interme-177

diate results to steer subsequent generation, often178

through feedback, critique, or alternative reasoning179

attempts(Madaan et al., 2023; Shinn et al., 2023).180

While these approaches improve exploration, they181

may require maintaining explicit search structures182

or performing expensive iterative generation with-183

out principled early filtering. ConMA adopts an184

implicit candidate-set evolution approach: it by-185

passes the potential short-sightedness of step-wise186

search by employing global, result-based pruning.187

By combining answer-group filtering with survivor-188

conditioned expansion, it effectively exploits the189

generation–selection asymmetry to refine solutions190

within a fixed budget.191

3 Methodology192

In this section, we propose ConMA, a trajectory-193

level TTS framework(Figure 2). ConMA improves194

reasoning via a synergistic loop: Confidence-195

Guided Kernel Sampling (CKS) first filters low-196

quality answers; Diversity-Seeking Exploration197

(DSE) then expands survivors with diverse paths;198

and Multi-Stage Aggregation (MSA) selects the199

best candidates to initialize the next round. This200

process iteratively purifies the solution space.201

3.1 Confidence-Guided Kernel Sampling202

The primary objective of CKS is to effectively203

prune low-quality reasoning paths from the solution204

space, thereby identifying a high-quality “Kernel”205

of candidate trajectories. Distinct from conven-206

tional selection paradigms that rely either exclu-207

sively on output frequency(Wang et al., 2023) or208

necessitate computationally expensive external re-209

ward models(Wang et al., 2024) for scoring. By210

harmonizing the model’s internal uncertainty sig- 211

nals with external sample consistency, CKS pro- 212

vides a dual-perspective assessment spanning from 213

trajectory-level confidence to group-level reliabil- 214

ity. 215

3.1.1 Single Trajectory Confidence Scoring 216

Formally, given a query x, the model generates a 217

reasoning trajectory τ = {y1, y2, . . . , yL} consist- 218

ing of L tokens. We define the atomic confidence 219

of a sequence as the geometric mean of its token 220

probabilities (Kang et al., 2025): 221

C(·) = exp

(
1

| · |
∑
yi∈·

logP (yi | x, y<i)

)
(1) 222

Adopting a fixed-window approach to capture 223

uncertainty, we define the composite score S(τ) as 224

a weighted sum of the full sequence (τfull) and the 225

final W tokens (τtail): 226

S(τ) = α · C(τfull) + β · C(τtail) (2) 227

This normalization mitigates the length bias inher- 228

ent in raw joint probabilities, ensuring that longer, 229

more detailed reasoning chains are not unfairly pe- 230

nalized compared to shorter alternatives. 231

3.1.2 Group Confidence Calculation 232

After sampling N trajectories, we aggregate them 233

into semantic groups G = {G1, . . . , GK} based 234

on final answers. To evaluate reliability, we cal- 235

culate a Composite Group Confidence S(Gk) that 236

combines voting consensus and average intrinsic 237

quality: 238

S(Gk) = λ · |Gk|
N︸ ︷︷ ︸

Consensus

+(1− λ) · 1

|Gk|
∑
τ∈Gk

S(τ)

︸ ︷︷ ︸
Average Path Quality

(3) 239

where λ regulates the trade-off between popularity 240

and model certainty, providing a robust metric for 241

kernel pruning. 242

3.1.3 Kernel Construction via Cumulative 243

Filtering 244

To define the pruning Kernel, we transform the raw 245

group scores into a probability distribution via a 246

temperature-scaled Softmax: 247

P (Gk) =
exp(S(Gk)/τtemp)∑K
j=1 exp(S(Gj)/τtemp)

(4) 248

We then rank the groups in descending order such 249

that P (G(1)) ≥ P (G(2)) ≥ · · · ≥ P (G(K)). 250

3



Question 
Sequence

LLM

�������

�������

�������

Output
Sequence

�������

...

��

��

��

��

�����

�����

�����

����

�������

�������

�������

�������

......

Initial Sampling

�����

�����

��

�1

��

�(�1)

��−�

���(�����) > �

Alternative

Representative

����

����

�������

�������

�������

�������

Quesion

A

B

C

N

A

A

B

N * Sampling

A

E

C

Group based 
on answers

Kernel Filtering

①Compute Group Confidence

①

②Diversity-Seeking Sampling ③Repeated Sampling

② ③

Iterative Refinement

�������−�

�����

�����

�����

......

...
����−�

...�����

Generate other 
answers

����−�

... ...

Initial Sampling

...

...

...

...

...

...

...

Tail

...

...
...

|��|
�(��)

�(��)

Figure 2: Overview of the ConMA framework. Following initial sampling, the pipeline iterates through a
synergistic loop: 1⃝ Confidence-Guided Kernel Sampling (CKS) prunes low-quality answer groups via composite
confidence scoring; 2⃝ Diversity-Seeking Exploration (DSE) expands the search space by generating diverse paths
from kernel representatives; and 3⃝ Multi-Stage Aggregation (MSA) consolidates consensus through discriminative
MCQ selection.

We construct the Kernel Kt using cumulative251

probability thresholding. We retain the smallest set252

of top-ranked groups whose summed probabilities253

satisfy a threshold ρ:254

m∑
i=1

P (G(i)) ≥ ρ (5)255

This strategy dynamically filters out the long tail of256

low-quality candidates while preserving the most257

plausible answer clusters.258

3.2 Diversity-Seeking Exploration (DSE)259

The DSE module expands and refines the search260

space by conditioning on the high-quality kernels261

Kt established by CKS. We first select a represen-262

tative τ̂k = argmaxτ∈Gk
S(τ) from each group263

Gk to form the set Rt. These representatives are264

integrated with the original query Q into a prompt265

TDSE (see Appendix C), encouraging the model to266

explore novel perspectives while referencing exist-267

ing successful paths.268

To maintain constant computational through-269

put, we allocate a replenishment budget Ndse =270

N − |Kt|. Exploration is triggered when the kernel271

size |Kt| exceeds a density threshold δ relative to 272

either the total width N (for math tasks) or the num- 273

ber of available options Noption (for finite-choice 274

tasks). Upon activation, the module executes Ndse 275

sampling trials targeting unexplored clusters or low- 276

confidence branches. 277

The candidate pool is updated via a competi- 278

tive expansion mechanism: new trajectories τnew 279

with novel answers initialize new groups, while 280

those matching an existing group Gk replace the 281

current representative τ̂k only if they yield higher 282

confidence (S(τnew) > S(τ̂k)). This ensures that 283

the representative set Rt remains both diverse and 284

high-quality. 285

3.3 Multi-Stage Aggregation: The 286

Convergence Engine 287

To address the inefficiency of one-shot sampling 288

and leverage the LLM’s superior discriminative ca- 289

pability over generative output, MSA redistributes 290

the inference budget into sequential refinement 291

rounds. Instead of unguided generation, MSA 292

reformulates candidate selection as a Multiple- 293

Choice Question (MCQ) task. 294
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In each iteration t, we construct an MCQ prompt295

xt = TMCQ(Q,Options(Rt)) using high-quality296

representatives Rt from previous steps (see Ap-297

pendix C). This constrains the search space, al-298

lowing the model to discriminate among optimized299

candidates. We then execute a batch of N sampling300

trials conditioned on xt. These trajectories are sub-301

sequently re-injected into the CKS module, effec-302

tively closing the synergistic loop (CKS → DSE →303

MSA) and creating a virtuous cycle of refinement;304

as the loop iterates, the framework systematically305

discards implausible paths and reinforces the most306

promising reasoning chains, thereby progressively307

purifying the solution space.308

The process terminates under two conditions:309

(1) Convergence: the candidate set collapses to310

a unique consensus (|Options(Rt)| = 1), which311

is then output as the final answer; (2) Budget Ex-312

haustion: the maximum iteration Tmax is reached,313

and the trajectory with the highest confidence from314

the final round is selected. This recursive density315

concentration ensures the system converges on the316

most robust reasoning path under a constrained317

total budget.318

4 Experiments319

4.1 Experimental Settings320

4.1.1 Datasets and Models321

We evaluate our framework on four challenging rea-322

soning benchmarks: AIME 2024(Zhang and Math-323

AI, 2024), AIME 2025(Zhang and Math-AI, 2025),324

AMC 23(Zhang and Math-AI, 2023), and GPQA-325

Diamond(Rein et al., 2023). To verify scalability326

across model sizes, we employ the Qwen3(Yang327

et al., 2025) family, specifically the 1.7B and 4B328

parameter variants, as our backbone LLMs.(See329

Appendix A for details.)330

4.1.2 Baselines331

To rigorously evaluate the effectiveness of ConMA,332

we benchmark it against a comprehensive suite333

of Test-Time Scaling (TTS) strategies. We uti-334

lize Skywork-Reward-V2-Llama-3.1-8B-40M(Liu335

et al., 2025a) as the unified reward model for all336

verifier-guided approaches. The baselines are cate-337

gorized into three distinct groups(See Appendix B338

for details.):339

Independent Sampling Baselines: We evalu-340

ate independent sampling on Qwen3-1.7B(Yang341

et al., 2025), Qwen3-4B(Yang et al., 2025), Qwen3-342

32B(Yang et al., 2025), and QwQ-32B(Team, 343

2025) with Greedy Decoding method. 344

Trajectory-level methods: This category treats 345

the entire trajectory as an atomic unit for selec- 346

tion. We compare against: (1) Self-Consistency 347

(SC-MV)(Wang et al., 2023); (2) Outcome Re- 348

ward Model(ORM) based BoN(Brown et al., 2024) 349

: ORM-BoN and Weighted ORM-BoN (ORM- 350

WBoN);(3) Confidence based BoN(Kang et al., 351

2025) : Conf-BoN, Conf-WBoN. 352

Token-level methods: This category involves 353

step-aware search strategies driven by Pro- 354

cess Reward Models (PRM). We include Beam 355

Search(Snell et al., 2024) and Diverse Verifier Tree 356

Search (DVTS)(Liu et al., 2025b), which intervene 357

during the decoding process to refine the reasoning 358

path. 359

4.1.3 Implementation Details 360

Standard Settings. To ensure fair comparison, 361

we standardize decoding parameters across all 362

methods using temperature T = 0.7 and nucleus 363

sampling p = 0.9. For baselines, we strictly 364

control the inference budget: for trajectory-level 365

methods (e.g., BoN, SC-MV), we sample exactly 366

N = 64 trajectories in a single pass; for token- 367

level search methods, we configure a beam width 368

of M = 4 with N = 64 candidate samples per 369

step, selecting the highest-scoring path as the final 370

answer.All experiments are repeated 10 times inde- 371

pendently, and we report the average performance. 372

ConMA Configuration. We constrain ConMA 373

to the same N = 64 total budget by setting 374

a per-round width n = 8 and maximum itera- 375

tions Tmax = 4. The total cost is bounded by 376

Tmax× (n+max(Ndse)) = 64, ensuring zero bud- 377

get overshoot. 378

Hyperparameters. Internal parameters are set 379

as follows: (1) Confidence: α = 0.3, β = 0.7 with 380

a tail window W = 128 to prioritize conclusion 381

certainty. (2) Aggregation: λ = 0.5 to balance con- 382

sensus and quality. (3) Kernel Filtering: Nucleus 383

threshold ρ = 0.75 to prune low-quality trajecto- 384

ries. (4) DSE Trigger: Density threshold δ = 0.5 to 385

initiate exploration. Further details and sensitivity 386

analyses are provided in Appendix D. 387
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Models & TTS AIME25 AIME24 AMC23 GPQA-Diamond
Independent Sampling

QwQ-32B(Team, 2025) 69.0 76.2 96.4 61.2
Qwen3-32B(Yang et al., 2025) 70.4 78.5 98.3 62.3
Qwen3-4B(Yang et al., 2025) 63.3 72.4 92.6 52.5
Qwen3-1.7B(Yang et al., 2025) 34.8 46.7 83.2 36.5

TTS methods w. Qwen3-4B
SC-MV(Wang et al., 2023) 73.3 80.0 97.5 54.0
ORM-BoN(Brown et al., 2024) 73.7 76.7 90.2 57.6
ORM-WBoN(Brown et al., 2024) 73.3 78.7 95.0 58.5
Conf-BoN(Kang et al., 2025) 73.4 77.4 97.9 58.1
Conf-WBoN(Kang et al., 2025) 72.1 78.2 97.5 58.6
Beam Search(Snell et al., 2024) 77.3 81.3 98.5 60.2
DVTS(Liu et al., 2025b) 78.7 82.0 99.0 61.8
ConMA (Ours) 80.0 84.3 99.5 61.6

TTS methods w. Qwen3-1.7B
SC-MV(Wang et al., 2023) 46.7 66.7 92.5 38.4
ORM-BoN(Brown et al., 2024) 46.7 69.8 80.0 44.4
ORM-WBoN(Brown et al., 2024) 50.0 70.0 80.0 45.1
Conf-BoN(Kang et al., 2025) 49.0 69.7 92.8 45.2
Conf-WBoN(Kang et al., 2025) 49.3 70.3 93.0 44.8
Beam Search(Snell et al., 2024) 48.3 71.3 92.3 47.3
DVTS(Liu et al., 2025b) 50.7 71.7 93.6 48.4
ConMA (Ours) 51.2 72.1 95.3 48.9

Table 1: Comparison of accuracy (%) on four benchmarks. The table reports results for Independent Sampling
(top) and various TTS methods with a budget of N = 64 applied to Qwen3-4B (middle) and Qwen3-1.7B (bottom).
Bold indicates the best overall performance, while underlined values mark the best within each group.

4.2 Results388

4.2.1 Main Results: Superiority and Scaling389

Efficiency390

Table 1 summarizes the performance across all391

benchmarks. ConMA consistently outperforms392

strong search-based and verifier-guided baselines393

without requiring external reward models.394

State-of-the-Art Performance. On Qwen3-4B,395

ConMA achieves dominant results, reaching 80.0%396

on AIME 2025 and 84.3% on AIME 2024, sur-397

passing the strongest baseline (DVTS) by 1.3%398

and 2.3%, respectively. This advantage ex-399

tends to GPQA-Diamond (61.6%) and the smaller400

Qwen3-1.7B on AMC 23 (95.3%), confirming that401

ConMA’s outcome-oriented evolution is more ef-402

fective for complex reasoning than fine-grained403

token-level search.404

Surpassing Larger Models. Notably, ConMA405

enables small models to outperform significantly406

larger baselines. On AIME 2025, Qwen3-4B407

with ConMA (80.0%) exceeds both Qwen3-32B408

(70.4%) and QwQ-32B (69.0%) by approximately 409

10%. Similarly, Qwen3-1.7B with ConMA 410

achieves 72.1% on AIME 2024, effectively match- 411

ing the standard performance of the 4B base model 412

(72.4%). 413

4.2.2 Compute Efficiency: Accelerating 414

Convergence 415

We assess efficiency by analyzing scaling behav- 416

ior and resource consumption in Figures 3 and 4. 417

ConMA demonstrates a significantly steeper scal- 418

ing trajectory than baselines, notably matching the 419

peak performance of standard methods (N = 64) 420

on AIME 2025 (using Qwen3-4B) with an aver- 421

age of only 18 samples. This adaptive saturation 422

breaks the linear cost dependency of fixed-budget 423

baselines, resulting in a > 70% reduction in to- 424

tal token generation while effectively identifying 425

optimal solutions without exhaustive sampling. 426

5 Analysis 427

In this section, we delve into the underlying mecha- 428

nisms that drive the performance gains of ConMA, 429
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8 16 32 48 64
AIME 2024

0

20

40

60

Av
g.

 S
am

pl
es

/Q

8 16 32 48 64
AIME 2025

0

20

40

60

8 16 32 48 64
GPQA-Diamond

0

20

40

60

8 16 32 48 64
AMC 2023

0

20

40

60

others ConMA

Figure 4: Resource consumption on Qwen3-4B: Allocated vs. Actual. Unlike fixed-budget baselines where cost
grows linearly (y = x), ConMA utilizes adaptive early-stopping to saturate actual usage at low levels. It consistently
consumes only a fraction of the maximum budget N , ensuring computational efficiency.

focusing on its effectiveness in evolving the solu-430

tion space and its efficiency in resource allocation.431

5.1 Efficiency Analysis: Candidate-Set432

Evolution433

ConMA’s strength lies in its ability to iteratively434

refine the candidate pool, overcoming the static435

constraints of one-shot sampling.436

Beyond Simple Majority: The Recovery Capa-437

bility. Traditional Self-Consistency is limited by438

the initial sampling distribution; if the correct an-439

swer is not the majority, SC typically fails. ConMA440

treats initial samples as a "seed" rather than a final441

result. By pruning low-confidence noise via CKS,442

the framework concentrates on a refined kernel of443

survivors. We observe a robust recovery capabil-444

ity: even when the correct answer is initially in the445

minority or "hidden" in the tail, the iterative MSA446

promotes these traces by leveraging the model’s447

discriminative power. This confirms that intrinsic448

confidence is a more reliable signal for reasoning449

than raw frequency.450

Synergy of Exploration and Pruning. The ef-451

fectiveness is amplified by the interplay between452

DSE and the feedback loop. Rather than inde-453

pendent generation, ConMA uses kernel represen-454

tatives to anchor subsequent exploration, signifi-455

cantly expanding the search space into semanti- 456

cally distinct logical branches. By conditioning 457

new trials on high-quality survivors, the framework 458

leverages intermediate reasoning paths instead of 459

treating samples as isolated events. This progres- 460

sive refinement mitigates sampling bias in smaller 461

models, enabling them to synthesize complex solu- 462

tions through iterative accumulation. 463

5.2 Adaptive Computation: Efficiency via 464

Difficulty Stratification 465

ConMA adaptively modulates computational inten- 466

sity based on task difficulty, achieving a superior 467

Pareto frontier between latency and accuracy. We 468

visualize this behavior in Figure 5, showing the 469

distribution of convergence rounds across AIME 470

datasets. 471

The results reveal a clear bimodal stratifica- 472

tion of reasoning effort. For straightforward ques- 473

tions—comprising approximately 86.7% of AIME 474

2025 (Stage 1-2)—ConMA triggers early conver- 475

gence. Crucially, this early-stopping is highly 476

reliable: in Stage 1 of AIME 2025, the system 477

achieved a 100% (15/15) success rate, and 83.3% 478

(10/12) in AIME 2024. By identifying a dominant 479

"Kernel" early, the framework effectively prunes re- 480

dundant search branches, preventing the stochastic 481

7
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Figure 5: Distribution of convergence stages and ac-
curacy of Qwen3-4B. The bar chart illustrates the num-
ber of problems that reached consensus at each stage
(T = 1 to 4) on AIME 2024 and AIME 2025. No-
tably, ConMA achieves perfect accuracy (15/15) in
Stage 1 of AIME 2025, demonstrating highly reliable
early-stopping. As complexity increases, the framework
adaptively allocates more stages for deep reasoning.

noise accumulation inherent in static large-batch482

sampling.483

In contrast, for high-complexity questions (Stage484

3-4), the system intelligently extends its reasoning485

depth. The sustained accuracy in these late-stage486

instances (e.g., 75% in AIME 2024 Stage 3) in-487

dicates that the additional budget is utilized for488

active logical refinement rather than blind repe-489

tition. While the maximum budget is N = 64,490

ConMA’s dynamic exit strategy reduces the aver-491

age sample count to 19.62 for AIME 2024 and492

18.0 for AIME 2025. This represents an over 70%493

reduction in inference cost, proving that ConMA494

intelligently concentrates computation only where495

semantic ambiguity necessitates deeper exploration.496

This demonstrates that ConMA concentrates its497

"thinking time" only where semantic ambiguity498

necessitates deeper exploration.499

5.3 Ablation Study500

To assess the individual contributions of ConMA’s501

core modules, we conducted an ablation study on502

the AIME 2025 benchmark using Qwen3-4B. Cru-503

cially, to ensure a fair comparison, all ablation vari-504

ants were evaluated under the same strict maximum505

sampling budget of N = 64. We systematically506

removed key components: (1) w/o CKS, where507

confidence-based pruning is replaced by random508

selection; (2) w/o AE, which excludes adversarial509

path generation; and (3) w/o MSA, which restricts510

the framework to a static, one-pass evaluation (ef-511

Variant Configuration Accuracy ∆

ConMA (Full) Complete Framework 80.0 –

w/o CKS Random Kernel Selection 72.1 -7.9
w/o AE No Adversarial Exploration 75.2 -4.8
w/o MSA One-Pass Static Selection 73.4 -6.6

Table 2: Ablation results on AIME 2025 using Qwen3-
4B. Accuracy drops (∆) highlight the contribution of
each module under the same compute budget (N = 64).

fectively utilizing the full budget N = 64 in a 512

single parallel generation step). 513

The results in Table 2 demonstrate the neces- 514

sity of a holistic design. CKS proves to be the 515

most critical component (∆ = −7.9%), validat- 516

ing that filtering based on intrinsic confidence is 517

essential for suppressing noise even when sample 518

size is large. MSA follows closely (∆ = −6.6%), 519

confirming that iterative refinement significantly 520

outperforms static ranking (Best-of-N) by allowing 521

the model to self-correct. Finally, excluding AE 522

leads to a 4.8% drop, indicating that diversity injec- 523

tion effectively prevents the system from collapsing 524

into local optima. 525

6 Conclusion 526

We presented ConMA, a training-free TTS frame- 527

work that transforms static inference budgets into 528

an adaptive sample–filter–diversify–select loop. By 529

utilizing the model’s intrinsic confidence for prun- 530

ing and its discriminative strengths for iterative re- 531

finement, ConMA enables smaller models to rival 532

significantly larger counterparts. 533

Our evaluation on challenging mathematical 534

benchmarks confirms that ConMA pushes the ac- 535

curacy frontier—achieving 80.0% on AIME 2025 536

with a 4B model—while reducing the average in- 537

ference cost by over 70%. This efficiency stems 538

from a dynamic early-stopping mechanism that al- 539

locates computation according to task difficulty. 540

Ultimately, ConMA demonstrates that the effec- 541

tiveness of test-time scaling depends not merely 542

on the quantity of samples, but on the principled 543

management of candidate evolution, providing a 544

robust and resource-efficient blueprint for scaling 545

LLM reasoning at inference time. 546

Limitations 547

Despite its strong performance, ConMA faces two 548

primary limitations. First, its efficacy is tied to the 549

base model’s self-calibration and discriminative 550

8



maturity. Since CKS relies on intrinsic probabil-551

ities, a model that is overconfident in erroneous552

paths may prematurely prune correct solutions,553

while insufficient discrimination during the MSA554

stage risks amplifying a “consensus of errors”. Sec-555

ond, the framework is currently optimized for ob-556

jective reasoning tasks with verifiable answers. Ex-557

tending ConMA to open-ended domains remains558

non-trivial, as the absence of unique gold-standard559

answers complicates the answer-grouping and dis-560

criminative MCQ formulation required for effective561

refinement.562

Ethics Statement563

This work complies with the ACL Ethics Policy.564

We do not foresee any direct negative social im-565

pacts or ethical concerns resulting from this work.566
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A Dataset Configuration and Metrics709

In this section, we provide detailed statistics and710

evaluation protocols for the benchmarks used in711

our experiments.712

A.1 Benchmark Statistics713

We evaluate our framework on four diverse and714

challenging benchmarks designed to assess mathe-715

matical reasoning and expert-level knowledge. The716

details are as follows:717

• AIME 2024 & AIME 2025: These datasets718

consist of problems from the American Invita-719

tional Mathematics Examination (AIME) held720

in 2024 and 2025. AIME problems serve as a721

rigorous test bed for advanced mathematical722

reasoning, requiring models to perform multi-723

step logical deductions and handle complex724

arithmetic to reach integer solutions. They725

represent the frontier of difficulty for current726

LLMs in competition mathematics.727

• AMC 2023: This dataset includes problems728

from the 2023 American Mathematics Com-729

petitions (specifically AMC 10 and AMC 12).730

It represents an intermediate level of difficulty,731

bridging the gap between foundational arith-732

metic and Olympiad-level challenges. We use733

this dataset to evaluate the model’s robustness734

and accuracy on pre-Olympiad standard prob-735

lems.736

• GPQA-Diamond (Rein et al., 2023): This737

is the most challenging subset of the Google-738

Proof Q&A (GPQA) benchmark, featuring739

high-difficulty graduate-level questions across740

biology, physics, and chemistry. It is designed741

to assess the model’s ability to reason over742

specialized expert knowledge where mere in-743

formation retrieval is insufficient. We utilize744

the Diamond subset to verify the generaliza-745

tion of our method beyond pure mathematics.746

A.2 Evaluation Metrics747

To rigorously assess the performance of ConMA,748

we employ the following metrics and extraction749

protocols:750

Answer Extraction. Since our models gener-751

ate free-form Chain-of-Thought (CoT) reasoning,752

we employ a strict rule-based extraction script.753

For mathematical datasets (AIME, AMC), we ex-754

tract the final numerical answer contained within755

the LATEX box format (i.e., \boxed{answer}). For 756

multiple-choice tasks (GPQA), we extract the final 757

selected option character. If the extraction fails 758

or the format is invalid, the sample is marked as 759

incorrect. 760

Accuracy (Pass@1). Accuracy measures the 761

proportion of questions for which the model’s fi- 762

nal aggregated answer exactly matches the ground 763

truth. In the context of our ConMA framework, this 764

reflects the performance of the converged solution 765

after the multi-stage aggregation process. 766

Pass@K. Pass@K quantifies the theoretical po- 767

tential of the model. It represents the probability 768

that at least one correct solution exists within K 769

independent generations. Formally, for a budget 770

of K samples where c is the number of correct 771

samples, it is calculated as: 772

Pass@K = 1−
(
N−c
K

)(
N
K

) (6) 773

where N is the total pool size used for estimation. 774

In our analysis, we use Pass@K to demonstrate 775

the gap between the model’s generative capabil- 776

ity (potential) and its selection capability (realized 777

accuracy). 778

11



B Baseline Implementations779

We detail the configuration and hyperparameters780

for all baseline methods compared in the main pa-781

per. To ensure a fair comparison, all sampling-782

based methods are strictly constrained to the same783

total sampling budget of N = 64 trajectories. For784

all verifier-guided approaches (ORM, Beam Search,785

DVTS), we utilize Skywork-Reward-V2-Llama-786

3.1-8B-40M(Liu et al., 2025a) as the unified reward787

model.788

B.1 Independent Sampling Baselines789

To establish performance bounds across different790

model scales, we evaluate the Qwen3 family and791

QwQ models using standard decoding strategies:792

• Greedy Decoding: We utilize Greedy Search793

(temperature τ = 0) on Qwen3-1.7B, Qwen3-794

4B, Qwen3-32B(Yang et al., 2025), and QwQ-795

32B(Team, 2025). This serves as the determin-796

istic lower bound for performance.797

B.2 Trajectory-level TTS (Best-of-N Variants)798

These methods generate N = 64 independent tra-799

jectories first (using τ = 0.7, top-p = 0.9) and then800

apply different selection strategies to determine the801

final answer.802

Self-Consistency (SC-MV) (Wang et al., 2023)803

This method applies Majority Voting to the N gen-804

erated answers. The answer with the highest fre-805

quency of occurrence in the final answer set is806

selected. No external reward model is involved.807

ORM-based Methods (Brown et al., 2024)808

These methods leverage the Skywork-Reward809

model as an Outcome Reward Model (ORM) to810

score the final complete trajectories.811

• ORM-BoN: The standard Best-of-N ap-812

proach. It selects the single trajectory with813

the highest scalar reward score assigned by814

the ORM.815

• ORM-WBoN (Weighted Best-of-N): This816

variant aggregates scores to improve robust-817

ness. It first groups the N trajectories into818

clusters based on semantic equivalence of819

their final answers. For each cluster Ck, we820

calculate a cluster score S(Ck) by summing821

the ORM scores of all trajectories within that822

cluster: S(Ck) =
∑

τ∈Ck
ORM(τ). The an-823

swer corresponding to the cluster with the824

highest total score is selected.825

Confidence-based Methods (Yichao Fu, 2026) 826

These methods rely on the LLM’s intrinsic confi- 827

dence (calculated via the average log-probability 828

of tokens in the generated solution) rather than an 829

external reward model. 830

• Conf-BoN: Selects the single trajectory with 831

the highest average log-probability. 832

• Conf-WBoN: Follows the same logic as 833

ORM-WBoN but uses confidence scores. Tra- 834

jectories are clustered by answer, and the final 835

selection is based on the cluster with the high- 836

est sum of confidence scores. 837

B.3 Token-level TTS (Search-based Methods) 838

Unlike trajectory-level methods, these approaches 839

intervene during the decoding process. We utilize 840

the Skywork model as a Process Reward Model 841

(PRM) to score intermediate steps. 842

Beam Search (Snell et al., 2024) We implement 843

a PRM-guided Beam Search. At each reasoning 844

step, the method maintains a set of active beams. 845

It expands candidates, scores them using the PRM, 846

and retains the top-M high-scoring partial paths for 847

the next step. To align with the N = 64 budget, we 848

set the beam width and expansion factor such that 849

the total number of candidate evaluations approxi- 850

mates the cost of generating 64 full trajectories. 851

Diverse Verifier Tree Search (DVTS) (Liu et al., 852

2025b) DVTS extends Beam Search by explicitly 853

promoting diversity. It initializes M independent 854

subtrees. In each decoding step, instead of a global 855

top-k selection, DVTS enforces a "subtree isola- 856

tion" strategy: it samples N/M candidates within 857

each subtree and retains the best path for that spe- 858

cific subtree. We configure DVTS with M = 4 859

subtrees and a per-step sampling width of 16 (total- 860

ing 4× 16 = 64 candidates per step) to maintain a 861

computational budget comparable to the N = 64 862

baseline while preventing mode collapse. 863

12



C Prompt Templates864

To facilitate reproducibility, we present the exact865

prompt templates used in the ConMA framework.866

We categorize the prompts into Mathematical Rea-867

soning and Multiple-Choice QA. Note that for QA868

tasks, it is critical to retain the Original Options869

(A, B, C, D) in the context to ensure the model870

selects a valid final answer.871

C.1 Standard Generation Prompts872

For the initial generation phase, we use standard873

Chain-of-Thought (CoT) instructions.874

Initial Prompt: Mathematical Reason-
ing

Please solve the following math problem.
Question: {question}
Please think step by step and output the final
answer in the format \boxed{X}.

875

Initial Prompt: Multiple-Choice QA

Please solve the following multiple-choice
question.
Question: {question}
Options: {options_str}
Please think step by step and output the final
answer in the format \boxed{X}.

876

C.2 Diversity-Seeking Exploration (DSE)877

Prompts878

In the DSE phase, the goal is to explore diverse pos-879

sibilities. For Math, the generated representatives880

become the options. For QA, the representatives881

serve as analyses to help choose the correct Origi-882

nal Option.883

DSE Prompt: Mathematical Reasoning

Please solve the following multiple-choice
question. Question: {question}
Review the Candidate Options below. They
are ordered based on preliminary analysis, but
a counter-intuitive possibility may be hidden
within. Select the strictly correct option based
on logic and calculation.
Candidate Options: {choices_text}
Please verify each option step-by-step and
select the most correct one. Provide de-
tailed steps and the final answer in the format
\boxed{X}.

884

DSE Prompt: Multiple-Choice QA

Please solve the following multiple-choice
question. Question: {question}
Original Options: {options_str}
Review the Candidate Analyses below. They
are ordered based on preliminary analysis, but
a counter-intuitive possibility may be hidden
within. Select the strictly correct Original Op-
tion based on logic.
Candidate Analyses: {choices_text}
Please verify each analysis step-by-step
against the Original Options. Select the strictly
correct option and output the final answer in
the format \boxed{X}.

885

C.3 Multi-Stage Aggregation (MSA) Prompts 886

In the MSA phase, we retain the Original Options 887

for QA to ensuring the "Critical Review" validates 888

the reasoning against the specific choices provided. 889

MSA Prompt: Mathematical Reasoning

Question: {question}
We have generated some preliminary solutions
(ranked by likelihood): {candidates_text}
Please perform a Critical Review (Sanity
Check) on the above solutions: 1. Do they
interpret the question correctly? 2. Are there
any calculation errors in the steps? 3. Is there
a logic gap or an edge case ignored?
If the current solutions are robust and correct,
please verify them and explain why. If you
find a logical flaw, please propose a corrected
solution path and answer.

890
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MSA Prompt: Multiple-Choice QA

Question: {question}
Original Options: {options_str}
We have generated some preliminary reason-
ing paths (ranked by likelihood): {candi-
dates_text}
Please perform a Critical Review (Sanity
Check) on the above paths: 1. Do they in-
terpret the question correctly? 2. Are there
any factual errors in the reasoning? 3. Is there
a logic gap or an edge case ignored? 4. Do
they strictly correspond to one of the Original
Options?
If the current paths are robust and correct,
please verify them and explain why. If you
find a logical flaw, please propose a corrected
reasoning path and answer.

891
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D Hyperparameter Analysis and892

Sensitivity893

In this section, we present a rigorous component-894

level evaluation to justify our hyperparameter se-895

lection. Instead of computationally expensive end-896

to-end retraining, we adopted an Offline Proxy897

Evaluation protocol. We utilized the raw sam-898

pling data generated during the validation phase on899

AIME 2024 to construct a fixed, labeled candidate900

pool. This allows us to isolate and quantify the dis-901

criminative capability of each module independent902

of generative randomness.903

D.1 Experimental Setup: The Offline904

Candidate Pool905

To ensure a rigorous and controllable evaluation,906

we constructed a dataset Dpool consisting of a rep-907

resentative subset of 10 problems selected from the908

AIME 2024 training set. These problems were care-909

fully stratified by difficulty (Easy to Very Hard) and910

mathematical domain (Algebra, Geometry, Num-911

ber Theory, Combinatorics) to ensure comprehen-912

sive coverage of the model’s reasoning capabilities.913

For each problem xi, we generated N = 64914

reasoning trajectories {τi,1, . . . , τi,64} using the915

base Qwen3-4B model. We then applied Auto-916

matic Ground-Truth Labeling: each trajectory917

was marked as positive (yi,j = 1) if its final boxed918

answer matched the ground truth, and negative919

(yi,j = 0) otherwise. This process resulted in a920

static testbed of 640 labeled trajectories, which921

served as the basis for the following component-922

level sensitivity analyses.923

D.2 Confidence Scoring Analysis (α, β,W )924

Objective: To optimize the scoring function925

S(τ) = α · C(τfull) + β · C(τtail) for distinguish-926

ing correct reasoning from incorrect ones.927

Method: We treated this as a binary classifica-928

tion ranking problem. For each problem in Dpool,929

we ranked the 64 trajectories based on S(τ) and930

calculated the Area Under the ROC Curve (AUC)931

and Pearson Correlation (r) with the ground truth932

labels. We varied β (with α = 1− β) and the tail933

window W .934

Result: As detailed in Table 3, a window of935

W = 128 combined with a heavy tail weight β =936

0.7 achieves the highest AUC (0.762). This indi-937

cates that while the final derivation is the strongest938

signal of correctness, completely ignoring the full939

Table 3: Discriminative Power (AUC) of Confidence
Scoring. We evaluate the impact of the tail weight (β)
and window size (W ) on ranking accuracy. The results
indicate a clear “sweet spot” at W = 128 and β = 0.7,
suggesting that while the conclusion (τtail) is the primary
signal, incorporating the full reasoning context (τfull) is
essential for robustness.

Window W Tail Weight β

0.0 0.3 0.5 0.7 1.0

64 tokens 0.682 0.710 0.735 0.748 0.730
128 tokens 0.685 0.715 0.741 0.762 0.744
256 tokens 0.684 0.712 0.738 0.755 0.740

reasoning context (β = 1.0) slightly degrades dis- 940

criminative performance. 941

D.3 Group Aggregation Analysis (λ) 942

Objective: To determine the optimal weight λ 943

for merging “Vote Count” (Consensus) and “Av- 944

erage Confidence” (Quality) into the Group Score 945

S(Gk). 946

Method: Using the same offline pool, we 947

merged trajectories into semantic groups and evalu- 948

ated the Top-1 Selection Accuracy of the resulting 949

group scores under varying λ. 950

Table 4: Impact of Group Weight (λ) on Selection
Accuracy. We compare pure quality-based ranking
(λ = 0), pure voting (λ = 1), and hybrid approaches.
The hybrid configuration (λ = 0.5) significantly outper-
forms standard majority voting (70% vs. 64%), validat-
ing that intrinsic model confidence can correct popular
but erroneous consensus.

Method λ = 0.0 λ = 0.25 λ = 0.50 λ = 0.75 λ = 1.0

Focus Quality - Hybrid - Vote
Acc (%) 62.0 66.0 70.0 68.0 64.0

Result: Table 4 validates the hybrid strategy. 951

Relying solely on voting (λ = 1.0) yields 64% 952

accuracy (equivalent to standard Majority Voting). 953

By incorporating model confidence (λ = 0.5), we 954

improve selection accuracy to 70%, proving that 955

low-frequency but high-confidence solutions are 956

effectively rescued by our scoring mechanism. 957

D.4 Kernel Pruning Analysis (ρ) 958

Objective: To evaluate the trade-off between noise 959

reduction and recall preservation in the CKS mod- 960

ule. 961

Method: We simulated the Nucleus Sampling 962

process on the offline groups. We measured two 963
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metrics: (1) Noise Reduction Ratio (NRR) and964

(2) Recall Retention (RR).965

Table 5: Pruning Efficiency (Noise Reduction vs.
Recall). We evaluate different cumulative probability
thresholds ρ. A threshold of ρ = 0.75 is selected as the
optimal operating point: it effectively filters out nearly
half of the incorrect groups (48.5% NRR) while retain-
ing the correct answer in the kernel with near-certainty
(98.1% RR).

Threshold ρ Recall (RR) ↑ Noise Red. (NRR) ↑ Verdict

0.50 (Aggressive) 84.5% 75.0% Unsafe
0.60 91.2% 62.4% Suboptimal
0.75 (Default) 98.1% 48.5% Optimal
0.90 (Conservative) 99.5% 15.2% Inefficient

Result: We selected ρ = 0.75 as it maintains966

a near-perfect recall (98.1%) while filtering out967

nearly half (48.5%) of the incorrect groups. Lower968

thresholds risk discarding the truth, while higher969

thresholds fail to reduce the search space for the970

subsequent exploration phase.971
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