
Reliability-Aware Adaptive Self-Consistency for Efficient Sampling in LLM
Reasoning

Anonymous ACL submission

Abstract001

Self-Consistency improves reasoning reliabil-002
ity through multi-sample aggregation, but in-003
curs substantial inference cost. Adaptive self-004
consistency methods mitigate this issue by ad-005
justing the sampling budget; however, they006
rely on count-based stopping rules that treat007
all responses equally, often leading to unneces-008
sary sampling. We propose Reliability-Aware009
Adaptive Self-Consistency (ReASC), which ad-010
dresses this limitation by reframing adaptive011
sampling from response counting to evidence012
sufficiency, leveraging response-level confi-013
dence for principled information aggregation.014
ReASC operates in two stages: a single-sample015
decision stage that resolves instances confi-016
dently answerable from a single response, and017
a reliability-aware accumulation stage that ag-018
gregates responses by jointly leveraging their019
frequency and confidence. Across five models020
and four datasets, ReASC consistently achieves021
the best accuracy-cost trade-off compared to022
existing baselines, yielding improved inference023
efficiency across model scales from 3B to 27B024
parameters. As a concrete example, ReASC re-025
duces inference cost by up to 70% relative to026
self-consistency while preserving accuracy on027
GSM8K using Gemma-3-4B-it.028

1 Introduction029

Large language models (LLMs) have demonstrated030

strong performance on complex reasoning tasks,031

yet the inherent stochasticity of decoding intro-032

duces variability in intermediate reasoning trajec-033

tories, making it difficult to reliably obtain a cor-034

rect reasoning trajectory from a single generation.035

Self-Consistency (SC) addresses this challenge by036

sampling multiple reasoning paths and aggregating037

their final answers, effectively accumulating evi-038

dence and yielding consistent performance gains039

(Wang et al., 2022). However, SC relies on a fixed040

sampling budget, applying the same number of041

samples to all inputs. As a result, some instances042
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Question: The angular size of the event horizon of a supermassive black hole in 
the centre of a galaxy at a distance of d=1010 parsecs is measured to be θ=10-17

degrees. Find the order of magnitude of the entropy of the blackhole.
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1. Response generation 2. Answer selection
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Figure 1: Count-based stopping may lead to ineffi-
cient evidence accumulation. Ignoring response re-
liability, count-based criteria may require unnecessary
additional samples, while ReASC reaches the same deci-
sion with fewer samples.

continue sampling even after sufficient evidence 043

has already been accumulated, while others remain 044

unresolved even after the sampling budget is ex- 045

hausted. To mitigate this inefficiency, adaptive self- 046

consistency variants such as Adaptive Consistency 047

(ASC) (Aggarwal et al., 2023) and Early-Stopping 048

Self-Consistency (ESC) (Li et al., 2024) dynami- 049

cally adjust the sampling budget based on observed 050

responses. These methods primarily rely on count- 051

based criteria to guide sampling decisions. 052

From an evidence accumulation perspective, this 053

reliance on count-based aggregation treats all sam- 054

pled responses as equally informative. By design, 055

such aggregation does not account for differences 056

in response reliability. However, reasoning trajecto- 057

ries generated under stochastic decoding can vary 058

in reliability, with some responses providing strong 059
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evidence while others being noisy or misleading.060

As a result, early reliable signals can be diluted by061

later unreliable responses, making it difficult to rec-062

ognize when sufficient evidence has already been063

accumulated. This failure mode is illustrated in Fig-064

ure 1, where ASC and ESC continue sampling even065

though the accumulated responses already provide066

sufficient evidence for a reliable decision.067

These observations suggest that adaptive sam-068

pling decisions should be guided not only by how069

often an answer appears, but also by how much reli-070

able evidence each individual response contributes071

to the final decision. Such response-level reliabil-072

ity can be captured from model confidence signals073

during generation, which provide instance-specific074

information about how strongly the model supports075

a given response (Wang and Zhou, 2024; Wang076

et al., 2024). Among various confidence signals,077

self-certainty has been shown to correlate with the078

reliability of reasoning trajectories, making it a079

suitable basis for guiding evidence accumulation080

without additional supervision (Kang et al., 2025).081

Building on this insight, we propose Reliability-082

Aware Adaptive Self-Consistency (ReASC), an083

adaptive self-consistency framework that incorpo-084

rates a self-certainty variant as a response-level085

reliability signal to guide how evidence is accumu-086

lated at inference time. ReASC decomposes infer-087

ence into two complementary stages, separating088

instances by evaluating the evidence sufficiency for089

each instance. In the first stage, the model evaluates090

the confidence of a single response to determine091

whether sufficient evidence is already available for092

a reliable decision. If additional evidence is re-093

quired, the second stage performs reliability-aware094

evidence accumulation, allowing high-confidence095

responses to contribute more evidence than low-096

confidence ones. By guiding sampling decisions097

based on confidence-weighted evidence sufficiency098

rather than response counts alone, ReASC makes099

reliable decisions with fewer samples.100

Empirically, ReASC consistently outperforms ex-101

isting adaptive sampling baselines in the accuracy-102

cost trade-off across five models from three major103

families (LLaMA, Qwen, and Gemma) and four104

datasets. For instance, on GSM8K with Gemma-105

3-4B-it, ReASC reduces inference cost by approxi-106

mately 70% relative to SC, while maintaining accu-107

racy over prior adaptive baselines. Further analysis108

reveals that this efficiency gain arises from the com-109

plementary roles of ReASC’s two stages. The first110

stage correctly resolves a substantial fraction of in-111

stances accurately with a single response. Notably, 112

for instances that proceed beyond the first stage, the 113

second stage still achieves substantial cost reduc- 114

tions without compromising accuracy. Together, 115

these results show that ReASC establishes a princi- 116

pled framework for adaptive sampling by jointly 117

modeling response counts and response reliability. 118

Our contributions are as follows: 119

• We propose ReASC, a reliability-aware adap- 120

tive self-consistency framework that accumu- 121

lates evidence by jointly considering response 122

counts and response-level reliability. 123

• We empirically characterize the limitation of 124

count-based stopping criteria, showing that 125

treating all responses as equally informative 126

can lead to unnecessary additional sampling. 127

• Through experiments and analyses, we show 128

that ReASC consistently reduces inference cost 129

while maintaining accuracy through the com- 130

plementary roles of each stage. 131

2 Related Works 132

Adaptive Sampling for Self-Consistency. Self- 133

Consistency (SC) improves reasoning reliability by 134

sampling multiple reasoning trajectories and ag- 135

gregating via majority voting, but relies on a fixed 136

sampling budget, resulting in substantial inference 137

cost (Wang et al., 2022). To address this limitation, 138

adaptive self-consistency variants have adjusted the 139

sampling budget based on observed responses (Ag- 140

garwal et al., 2023; Li et al., 2024; Wang et al., 141

2025). While these approaches reduce inference 142

cost compared to SC, they rely on stopping crite- 143

ria based on answer frequency or agreement pat- 144

terns, implicitly treating all sampled responses as 145

equally informative. As a result, they often lead to 146

inefficient sampling even when sufficient evidence 147

already exists to make a sampling decision. 148

Confidence Estimation. A growing body of 149

work studies confidence and uncertainty estimation 150

in large language models to assess the reliability 151

of generated predictions. Prior work investigates 152

response-level signals derived from model outputs, 153

such as logit-based confidences and entropy-based 154

uncertainty measures, showing that these signals 155

correlate with prediction reliability (Kadavath et al., 156

2022; Kang et al., 2025; Zhang et al., 2023). Build- 157

ing on this line, several methods leverage confi- 158

dence signals for post-hoc answer selection, rerank- 159

ing, and pruning of candidate responses (Wang 160
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Figure 2: Comparison of two confidence signals. Us-
ing Gemma 3 4B-Instruct on MATH500, Bottom 10%
Group Confidence shows a larger separation between
correct and incorrect responses than Response-level
Self-Certainty.

et al., 2024; Wang and Zhou, 2024; Taubenfeld161

et al., 2025; Fu et al., 2025). Our approach uses162

response-level confidence at inference time as a cri-163

terion for adaptive sampling. Specifically, ReASC164

interprets confidence as an estimate of response165

reliability and uses it to modulate how evidence is166

accumulated across sampled responses.167

3 Preliminaries168

Confidence as Evidence Strength. Recent work169

has shown that confidence signals derived from a170

model’s token-level probability distribution corre-171

late with the reliability of its reasoning trajectories172

(Kang et al., 2025; Fu et al., 2025). In this work, we173

interpret response-level confidence as an indication174

of how reliable evidence a generated response pro-175

vides. Under this view, confidence naturally serves176

as a weighting signal in evidence accumulation, al-177

lowing more reliable responses to contribute more178

strongly. We adopt self-certainty as the underlying179

confidence signal (Kang et al., 2025). Given the180

model’s token probability distribution at decoding181

step i, the token-level self-certainty is defined as182

ci = −
1

|V|
∑
w∈V

log p(w | x, y≤i), (1)183

where V denotes the vocabulary. Higher values184

correspond to a more concentrated probability dis-185

tribution over tokens, reflecting greater model con-186

fidence during generation. Following Kang et al.187

(2025), response-level self-certainty is computed188

as the average of token-level self-certainties over189

the reasoning trajectory.190

Bottom 10% Group Confidence. Response-191

level self-certainty summarizes the average con-192

fidence of a generated response, but can obscure193

localized uncertainty within a reasoning trace. To194

capture such localized uncertainty, we adopt the195

Bottom 10% Group Confidence. Specifically, given196

a response y, the token sequence is partitioned into 197

sliding-window groups {G1, G2, . . . , Gn} and the 198

group confidence CGi is computed by averaging 199

the token-level self-certainties within the group Gi. 200

The Bottom 10% Group Confidence is then defined 201

as 202

Cbottom-10(y) =
1

|Gb|
∑

Gj∈Gb

CGj , (2) 203

where Gb denotes the set of groups with the lowest 204

10% group confidence. This metric emphasizes 205

low-confidence segments indicative of unreliable 206

reasoning, observed in prior work (Fu et al., 2025). 207

To determine which confidence metric reliably 208

reflects response quality, we compare Bottom 209

10% Group Confidence with response-level self- 210

certainty. As shown in Figure 2, Bottom 10% 211

Group Confidence separates correct and incorrect 212

responses more clearly than response-level self- 213

certainty. Accordingly, we use this metric as the 214

confidence signal in ReASC, with additional analy- 215

ses provided in Appendix E. 216

4 Methods 217

ReASC is a reliability-aware adaptive self- 218

consistency framework that decomposes inference 219

into two stages to enhance efficiency. In Stage 1 220

(Single-Sample Decision), the model evaluates 221

the confidence of a single response to assess 222

whether a reliable decision can be made without 223

additional evidence, thereby avoiding unnecessary 224

evidence accumulation. Inputs requiring additional 225

evidence proceed to Stage 2 (Reliability-Aware 226

Accumulation), where the model accumulates 227

confidence-weighted evidence from additional 228

responses until a reliable decision can be made. 229

An overview of ReASC is shown in Figure 3. 230

4.1 Stage 1: Single-Sample Decision 231

In Stage 1, ReASC assesses whether a reliable deci- 232

sion can be made from a single response. The 233

model generates a response y and computes a 234

response-level confidence score S(y) using the Bot- 235

tom 10% Group Confidence defined in Equation 2: 236

S(y) = Cbottom-10(y), (3) 237

which is interpreted as an estimate of response reli- 238

ability and compared against a data-calibrated gat- 239

ing threshold τgate. If S(y) ≥ τgate, the response is 240

accepted as providing sufficiently reliable evidence 241

to determine the answer, and no further sampling 242

is performed. Otherwise, the instance proceeds to 243
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Question
John likes to have a glass of water with breakfast, lunch and dinner. Finally, he has one before he goes to bed as well. John does this every weekday, but 
on the weekends he likes to relax and have a soda with dinner instead. How many glasses of water does John drink in a week?

Sample #3: To determine how … S(y!)

Sample #4: No problem! Let’s … S(y")

Sample #2: Let’s try to solve … S(y#)

Sample #1: To solve the Problem … S(y$)

Sample #k: We first compute … S(y%)

Confidence
based

Stop Condition
Terminate

Resample

Confidence
Score

𝝉𝒈𝒂𝒕𝒆 Terminate if 𝑆(y$) 	≥ 	 τ*+,-

⫶

Update Beta(𝜶, 𝜷)

Stage 1: Single-Sample Decision

Stage 2: Reliability-Aware Accumulation

26

26

26

7

15

7.24

2.1 1

Answer Selection

26 15 7

Final Answer = 26  (Correct!)

LLM

Figure 3: Overview of ReASC. The model first attempts a Single-Sample Decision (Stage 1) by evaluating whether
the response reliability is sufficient. If not, it proceeds to Reliability-Aware Accumulation (Stage 2), where responses
are adaptively sampled and aggregated via confidence-weighted Beta updates.

Stage 2 to accumulate additional evidence. The244

selection of τgate is detailed in Section 4.3.245

4.2 Stage 2: Reliability-Aware Accumulation246

When additional evidence is required, ReASC en-247

ters Stage 2 and accumulates confidence-weighted248

evidence from additional responses, interpreting249

confidence as an estimate of response reliability.250

Rather than relying on count-based agreement, this251

stage evaluates whether the accumulated evidence252

is sufficient to make a reliable decision.253

ASC Beta Update. We first review the Beta-254

based stopping rule used in Adaptive Consistency255

(ASC) (Aggarwal et al., 2023). Let V denote the256

set of sampled responses, and let v1 and v2 be the257

counts of the most frequent and second most fre-258

quent candidates in V . The stopping decision is259

formulated as a binary comparison between these260

candidates, yielding a Beta posterior261

p ∼ Beta(α, β), α = v1 + 1, β = v2 + 1,
(4)262

where p represents the probability that the most263

frequent candidate remains dominant as sampling264

continues. ASC stops sampling when the p exceeds265

a predefined threshold.266

Confidence-Weighted Beta Update. The ASC267

formulation treats all sampled responses as equally268

informative, regardless of their reliability. Incorpo-269

rating reliability into the aggregation allows more270

informative responses to exert greater influence, en-271

abling sufficient evidence to be recognized earlier272

without being dominated by less informative ones.273

Building on this idea, we introduce a confidence- 274

weighted variant of the Beta update, in which each 275

sampled response contributes evidence that jointly 276

accounts for its frequency and response reliability. 277

Given a confidence score S(yi), we standardize it 278

using statistics (µ, σ) estimated from a held-out 279

calibration set, denote the standardized confidence 280

as z(yi), and map it to an evidence weight via an 281

exponential transformation: 282

v(yi)← v(yi) + max(1, exp(λz(yi))) (5) 283

where λ controls the sensitivity of the confidence- 284

to-evidence mapping. This update can be inter- 285

preted as accumulating weighted pseudo-counts 286

in the Beta posterior, allowing responses to con- 287

tribute soft evidence proportional to their estimated 288

reliability. The exponential form amplifies high- 289

confidence responses, while the max(1, ·) opera- 290

tion ensures a minimum unit contribution, maintain- 291

ing compatibility with the original count-based for- 292

mulation. Among several reasonable designs, we 293

find that this mapping yields stable stopping behav- 294

ior across models and datasets (see Appendix D). 295

This confidence-weighted formulation preserves 296

the ASC Beta posterior structure, where (v1, v2) 297

represent the accumulated confidence-weighted ev- 298

idence of the two leading candidates. 299

Stopping Condition and Final Selection. Given 300

the confidence-weighted Beta posterior, the stop- 301

ping rule assesses the probability that the most 302

frequent candidate remains dominant under further 303

sampling. Accordingly, for a Beta(α, β) posterior, 304

this probability admits the closed-form expression 305

P (p1 > p2 | V ) = 1− I1/2(α, β), (6) 306
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Algorithm 1 Offline Gating Threshold Calibration

Require: Calibration set {(xi, y
∗
i )}ki=1, target accuracy

ptarget
Ensure: Gating threshold τgate
1: // (1) Compute confidence for each instance
2: for i = 1 to k do
3: Generate response yi, then compute confidence S(yi)
4: end for
5: // (2) Compute mean confidence of correct responses
6: µcorrect ← Ei: yi=y∗

i
[S(yi) ]

7: // (3) Compute accuracy-controlled threshold
8: Sort {S(ŷi)} in ascending order as candidate thresholds
9: for each threshold t do

10: V (t)← {yi : S(yi) ≥ t}
11: Compute Acc(t) over V (t)
12: if Acc(t) ≥ ptarget then
13: τaccuracy ← t
14: break
15: end if
16: end for
17: τgate ← max(µcorrect, τaccuracy)

where I1/2(α, β) denotes the regularized incom-307

plete Beta function. A detailed derivation of this308

expression is provided in Appendix A. Evidence309

accumulation continues until P (p1 > p2 | V ) ≥310

Cthreshold, where Cthreshold is a predefined confi-311

dence threshold, or until a maximum sampling bud-312

get is reached. Once the stopping condition is met,313

the final answer is selected as ŷ = argmaxy v(y),314

corresponding to the leading candidate supported315

by the accumulated confidence-weighted evidence.316

4.3 Selecting Thresholds317

ReASC leverages calibrated confidence statistics to318

support reliability-aware decision-making in both319

stages. Specifically, the framework requires (1)320

confidence statistics (µ, σ) to standardize response-321

level confidence scores for confidence-weighted322

Beta update in Stage 2, and (2) a decision threshold323

τgate that determines whether a reliable decision324

can be made from a single response in Stage 1.325

Depending on the availability of labeled validation326

data, we estimate these quantities using one of two327

calibration settings: offline or online calibration.328

4.3.1 Offline Calibration329

In the offline setting, we assume access to labeled330

validation data and use a subset of k labeled in-331

stances for calibration. We compute the mean332

and standard deviation (µ, σ) of response-level333

confidence score from single-sample responses,334

which are used to standardize confidence in the335

confidence-weighted Beta update.336

Selecting the Offline Gating Threshold. The337

gating threshold τgate is designed to accept a single-338

sample response only when its reliability is suffi- 339

ciently high. Specifically, we consider two com- 340

plementary criteria. First, we compute the mean 341

confidence of correctly solved instances, µcorrect, 342

which reflects the typical confidence level of reli- 343

able single-sample decisions. Second, to comple- 344

ment µcorrect, we derive an accuracy-controlled 345

threshold τaccuracy that conservatively selects a 346

high-confidence acceptance region by identifying 347

the smallest confidence value t such that the accu- 348

racy of instances accepted with S(y) ≥ t meets a 349

target accuracy score ptarget. The gating threshold 350

is then defined as 351

τgate = max{µcorrect, τaccuracy}. (7) 352

The full offline calibration procedure is summa- 353

rized in Algorithm 1. 354

4.3.2 Online Calibration 355

In the online setting, labeled validation data are un- 356

available. Accordingly, confidence statistics are es- 357

timated from the confidence scores obtained during 358

the single-sample generation in Stage 1 across all 359

test instances. Specifically, we compute the mean 360

and standard deviation (µ, σ) of these confidence 361

scores using the test instances as the calibration set, 362

without requiring any additional inference. 363

Selecting the Online Gating Threshold. As in 364

the offline setting, the gating threshold τgate is de- 365

signed to accept a single response only when its re- 366

liability is sufficiently high. However, in the online 367

setting, labeled validation data are unavailable, and 368

the confidence distribution of correct responses can- 369

not be directly observed. To approximate the role of 370

correctness information used in the offline setting, 371

we model the distribution of unlabeled confidence 372

scores using a Gaussian Mixture Model (GMM), 373

treating correct and incorrect responses as latent 374

Gaussian components. This modeling choice is sup- 375

ported by model-selection criteria such as AIC and 376

BIC (Akaike, 2003; Schwarz, 1978), which consis- 377

tently favor a two-component mixture, indicating 378

that the confidence distribution is well captured by 379

the resulting bimodal fit (see Appendix B). 380

Given the fitted GMM, we estimate the gating 381

threshold using two criteria. First, we approximate 382

the mean confidence of correct responses using the 383

mean of the higher-confidence GMM component, 384

which serves as a surrogate for µcorrect. Second, 385

to conservatively define an acceptance region in 386

the absence of labels, we derive a posterior-based 387

5



GSM8K MATH500 Omni-Math GPQA-Diamond

Model Method Acc ↑ TF ↓ Acc/TF ↑ Acc ↑ TF ↓ Acc/TF ↑ Acc ↑ TF ↓ Acc/TF ↑ Acc ↑ TF ↓ Acc/TF ↑

LLAMA-3.2-3B

pass@1 73.09 - - 41.4 - - 11.7 - - 17.26 - -
SC (k=16) 83.93 12.31 6.82 54.8 25.31 2.17 16.1 44.99 0.36 25.38 30.62 0.83
ESC (w=4) 83.93 6.81 (-44.6%) 12.32 54.8 21.41 (-15.4%) 2.56 16.1 43.00 (-4.4%) 0.37 25.38 25.89 (-15.4%) 0.98
ASC 83.85 6.27 (-49.0%) 13.37 55.0 20.13 (-20.4%) 2.73 15.8 41.84 (-7.0%) 0.38 25.38 25.27 (-17.5%) 1.00

ReASC (offline) 83.85 4.38 (-64.4%) 19.14 55.0 18.27 (-27.8%) 3.01 - - - - - -
ReASC (online) 83.85 5.09 (-58.7%) 16.47 53.4 16.75 (-33.8%) 3.19 15.3 34.90 (-22.4%) 0.44 25.89 23.46 (-23.4%) 1.10

QWEN-2.5-3B

pass@1 83.32 - - 61.8 - - 21.3 - - 24.37 - -
SC (k=16) 89.46 18.70 4.78 72.6 31.76 2.29 27.0 43.84 0.62 30.96 30.85 1.00
ESC (w=4) 89.39 8.03 (-57.0%) 11.13 72.6 21.75 (-31.5%) 3.34 27.0 38.58 (-12.0%) 0.70 30.96 22.46 (-27.2%) 1.38
ASC 89.39 7.57 (-59.5%) 11.80 72.6 20.84 (-34.4%) 3.48 27.2 36.69 (-16.3%) 0.74 30.96 21.26 (-31.1%) 1.46

ReASC (offline) 89.46 5.70 (-69.5%) 15.69 71.8 16.80 (-47.1%) 4.27 - - - - - -
ReASC (online) 89.54 6.43 (-65.6%) 13.93 72.2 17.72 (-44.2%) 4.07 27.3 33.29 (-24.1%) 0.82 30.96 19.88 (-35.6%) 1.56

GEMMA-3-4B

pass@1 88.40 - - 63.2 - - 25.2 - - 21.32 - -
SC (k=16) 92.12 32.67 2.82 71.6 50.15 1.43 29.9 90.36 0.33 30.46 52.74 0.58
ESC (w=4) 92.04 12.93 (-60.4%) 7.12 71.6 30.48 (-39.2%) 2.35 30.0 69.08 (-23.5%) 0.43 30.46 32.89 (-37.6%) 0.93
ASC 92.12 12.26 (-62.5%) 7.52 71.6 28.68 (-42.8%) 2.50 30.2 65.90 (-27.1%) 0.46 30.46 31.73 (-39.8%) 0.96

ReASC (offline) 92.04 9.45 (-71.1%) 9.74 71.4 25.59 (-49.0%) 2.79 - - - - - -
ReASC (online) 92.04 10.25 (-68.6%) 8.98 71.4 26.17 (-47.8%) 2.73 30.5 62.20 (-31.2%) 0.49 29.95 24.66 (-53.2%) 1.21

QWEN-2.5-7B

pass@1 90.90 - - 71.2 - - 27.6 - - 27.92 - -
SC (k=16) 94.31 41.59 2.27 80.6 71.59 1.13 33.1 101.55 0.33 36.55 76.30 0.48
ESC (w=4) 94.24 13.87 (-66.7%) 6.80 80.6 39.71 (-44.5%) 2.03 33.1 83.97 (-17.3%) 0.39 36.55 49.54 (-35.1%) 0.74
ASC 94.24 13.40 (-67.8%) 7.04 80.8 37.25 (-48.0%) 2.17 33.3 80.24 (-21.0%) 0.41 36.55 45.63 (-40.2%) 0.80

ReASC (offline) 94.09 10.43 (-74.9%) 9.02 81.2 29.26 (-59.1%) 2.78 - - - - - -
ReASC (online) 94.24 12.40 (-70.2%) 7.60 81.2 30.74 (-57.1%) 2.64 32.7 70.95 (-30.1%) 0.46 36.55 39.67 (-48.0%) 0.92

GEMMA-3-27B

pass@1 95.60 - - 77.6 - - 37.5 - - 35.53 - -
SC (k=16) 97.04 166.93 0.58 82.6 291.36 0.28 42.9 585.84 0.07 45.69 368.97 0.12
ESC (w=4) 97.04 47.73 (-71.4%) 2.03 82.6 126.56 (-56.6%) 0.65 42.8 408.31 (-30.3%) 0.10 45.69 210.78 (-42.9%) 0.22
ASC 97.04 47.71 (-71.4%) 2.03 83.8 121.29 (-58.4%) 0.69 43.0 384.90 (-34.3%) 0.11 45.69 199.62 (-45.9%) 0.23

ReASC (offline) 96.89 29.36 (-82.4%) 3.30 83.6 101.32 (-65.2%) 0.83 - - - - - -
ReASC (online) 97.04 35.32 (-78.8%) 2.75 83.6 100.62 (-65.5%) 0.83 42.5 352.77 (-39.8%) 0.12 47.21 161.68 (-56.2%) 0.29

Table 1: Full comparison across mathematical and general reasoning benchmarks. Metrics include accuracy (Acc),
average TFLOPs (TF), and compute efficiency (Acc/TF). The best Acc/TF is shown in bold, and the second best is
underlined. TF reduction percentages (shown in red) are reported relative to SC.

threshold τpost by identifying the smallest confi-388

dence value t for which the mixture posterior ex-389

ceeds a target accuracy score ptarget:390

P (z = 1 | r = t) =
π1N (t;µ1, σ

2
1)

π1N (t;µ1, σ2
1) + π2N (t;µ2, σ2

2)
(8)391

where πj , µj , and σ2
j denote the weight, mean, and392

variance of component j, and z = 1 indicates mem-393

bership in the higher-confidence component. The394

final gating threshold is defined as the maximum395

of the two estimates. The full online calibration396

procedure is summarized in Algorithm 2.397

5 Experiments398

5.1 Experimental Setup.399

Datasets and Baselines. We evaluate ReASC400

on four reasoning benchmarks spanning mathe-401

matical and general-domain reasoning: GSM8K402

(Cobbe et al., 2021), MATH500 (Lightman et al.,403

2023), Omni-Math (Gao et al., 2024), and GPQA-404

Diamond (Rein et al., 2024), which requires expert-405

level knowledge and multi-step reasoning. We406

report reference results, including Pass@1 for407

single-sample performance and self-consistency408

(SC) (Wang et al., 2022) with a fixed budget of409

k=16. We further compare ReASC with several rep- 410

resentative adaptive self-consistency baselines that 411

dynamically adjust the sampling process. ASC 412

(Aggarwal et al., 2023) uses a count-based Beta 413

stopping rule. ESC (Li et al., 2024) performs early 414

stopping when all responses within a fixed con- 415

text window of size 4 converge to the same answer. 416

For ReASC, we evaluate both offline and online set- 417

tings, except for Omni-Math and GPQA-Diamond, 418

where only online calibration is reported due to 419

the absence of labeled validation sets. Additional 420

details on datasets and baselines can be found in 421

Appendix C. 422

Implementation Details. We conduct experi- 423

ments using five instruction-tuned language mod- 424

els from multiple families and scales, including 425

LLaMA-3.2 (3B) (Grattafiori et al., 2024), Qwen- 426

2.5 (3B, 7B) (Yang et al., 2025), and Gemma-3 (4B, 427

27B) (Team et al., 2025), covering model sizes 428

from 3B to 27B. For confidence calibration, we 429

use a held-out set of k=128 instances, and both 430

offline and online variants of ReASC adopt a tar- 431

get accuracy of ptarget = 0.9, selected based on 432

the accuracy-cost trade-off. Adaptive stopping 433

uses a confidence threshold of Cthreshold = 0.95 434

for the confidence-weighted Beta update, follow- 435
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Model GSM8K MATH500

Accept Ratio Accept Acc Accept Ratio Accept Acc

Offline
LLAMA-3.2-3B 48.98 91.33 7.2 86.11
GEMMA-3-4B 51.18 97.78 34.0 96.47
QWEN-2.5-7B 59.59 97.58 38.4 91.67
GEMMA-3-27B 60.58 98.62 36.6 97.27

Online
LLAMA-3.2-3B 28.13 93.53 17.6 88.28
GEMMA-3-4B 33.28 98.41 28.2 98.58
QWEN-2.5-7B 37.91 97.40 31.8 93.08
GEMMA-3-27B 40.63 99.44 36.2 97.31

Table 2: Stage 1 acceptance ratio and accuracy. Stage
1 resolves a substantial fraction of inputs, while preserv-
ing accuracy under both offline and online calibration.
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Figure 4: Stage 1 acceptance ratio versus model size.
Acceptance increases with model scale across datasets.

ing the default ASC setting, with a scaling factor436

of λ = 0.7. We report accuracy, average infer-437

ence cost (measured in TFLOPs), and their com-438

bined efficiency metric Acc/TF, which captures the439

trade-off between accuracy and computational cost,440

along with 95% confidence intervals for accuracy441

(Appendix F). TFLOPs are estimated following Ka-442

plan et al. (2020) by approximating the compute443

required to generate 2N FLOPs per token, where444

N is the number of model parameters. Detailed hy-445

perparameter settings are provided in Appendix G.446

5.2 Main Result.447

As shown in Table 1, ReASC achieves the strongest448

accuracy-cost trade-off across all five models and449

four benchmarks, as measured by Acc/TF. Specif-450

ically, ReASC consistently attains the lowest in-451

ference cost among self-consistency and adaptive452

baselines while preserving accuracy. For exam-453

ple, on GSM8K with Gemma-3-4B, ReASC re-454

duces inference cost by approximately 70% rel-455

ative to standard self-consistency, while consis-456

tently outperforming existing adaptive baselines457

in Acc/TF. These improvements are observed con-458

sistently across both offline and online settings,459

highlighting that ReASC remains effective for prac-460

tical deployment even without offline calibration.461

Moreover, the same efficiency improvement per-462

sists across model scales ranging from 3B to 27B463

parameters, indicating the robustness and general-464

GSM8K MATH

Model Method Acc ↑ TF ↓ Acc ↑ TF ↓

LLaMA-3.2-3B
ASC (count) 84.99 5.99 55.42 19.46
Ours (conf) 84.25 3.95 54.80 14.75

Qwen2.5-7B
ASC (count) 94.16 13.07 80.52 36.59
Ours (conf) 94.04 10.00 81.49 28.22

Gemma3-27B
ASC (count) 96.92 47.76 85.48 123.63
Ours (conf) 96.53 28.02 85.17 101.25

Table 3: Stage 2 performance after Stage 1 filtering.
Reliability-aware accumulation reduces TF while pre-
serving accuracy to count-based stopping.

izability of ReASC. Together, these results show the 465

effectiveness of reliability-aware evidence accumu- 466

lation by enabling efficient sampling decisions. 467

5.3 Stage 1 Acceptance Analysis. 468

We begin by examining whether ReASC can reli- 469

ably identify instances for which evidence accu- 470

mulation is unnecessary. Specifically, we analyze 471

the single-sample decision stage, which determines 472

whether a reliable decision can be made from a 473

single response. We measure the Stage 1 accep- 474

tance ratio, defined as the fraction of instances re- 475

solved after a single response, and the accuracy 476

of accepted instances. As shown in Table 2, the 477

acceptance ratio consistently increases with model 478

size across datasets, while acceptance accuracy 479

mostly remains above 90% under both offline and 480

online calibration. Figure 4 further visualizes this 481

trend, indicating that as model capability improves, 482

Stage 1 reliably identifies instances that can be re- 483

solved from a single response. 484

5.4 Stage 2 Aggregation Analysis. 485

We next examine whether reliability-aware evi- 486

dence accumulation can efficiently identify suffi- 487

cient evidence when a single response is insuffi- 488

cient. To enable this analysis, we isolate the behav- 489

ior of Stage 2 by reporting results only on instances 490

not accepted at Stage 1 and comparing ReASC with 491

ASC. As shown in Table 3, reliability-aware accu- 492

mulation still consistently reduces inference cost 493

relative to count-based stopping while preserving 494

comparable accuracy. This suggests that while re- 495

sponse counts provide a useful base signal, incorpo- 496

rating response-level confidence enables sufficient 497

evidence to be identified with fewer samples when 498

additional sampling is required. 499
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Question
John buys twice as many red ties as blue ties. The red ties cost 50% more than blue ties. He spent $200 on blue ties that cost $40 each. How much did he spend on ties?           Answer: 800

ASC
Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 Sample 6 Sample 7

Sample 1 Sample 2 Sample 3 Sample 4

Beta(2,	1)
p = 0.75

Beta(2,	2)
p	=	0.5

Beta(3,	2)
p	=	0.688

Beta(4,	2)
p	=	0.813

Beta(5,	2)
p	=	0.891

Beta(6,	2)
p	=	0.938

Beta(7,	2)
p	=	0.965

Beta(2,	1)
p	=	0.75

Beta(2.758,	2)
p	=	0.648

Beta(4.439,	2)
p	=	0.852

Beta(7.498,	2)
p	=	0.974

ReASC

Model Response List = [600, 800, 800, 800, 800, 800, 800, 12200, … , 800]

Stop!

Stop!

ASC

ReASC

Sampling Efficiency

4 Samples

Reduce 43 % Samples of ASC

Figure 5: Confidence-weighted update improves sampling efficiency. Each sampled response updates a Beta
posterior, shown as the shaded region in each plot. With sampling stopping at p ≥ 0.95, ASC requires seven uniform
updates, while ReASC reaches in four confidence-weighted updates, reducing sample cost by 43%.

5.5 Stage-wise Ablation Studies.500

While the preceding analyses establish that each501

stage behaves as intended in isolation, they do not502

reveal how the two stages jointly contribute to the503

overall efficiency of ReASC. We therefore conduct504

a stage-wise ablation to disentangle the comple-505

mentary contributions of the two stages. We com-506

pare three variants: ASC, which relies on count-507

based stopping; a Stage 2 only variant that ap-508

plies confidence-weighted Beta update to all in-509

stances; and the full ReASC framework. As shown510

in Table 4, replacing count-based stopping with511

reliability-aware accumulation reduces inference512

cost relative to ASC by identifying sufficient evi-513

dence earlier. When comparing the Stage 2-only514

variant with ReASC, incorporating Stage 1 further515

reduces inference cost while preserving accuracy,516

indicating that evidence accumulation is unneces-517

sary for a subset of instances in which a single518

response already provides reliable evidence. To-519

gether, these results demonstrate that the two stages520

play complementary roles: Stage 2 improves the ef-521

ficiency of evidence accumulation when sampling522

is required, while Stage 1 avoids unnecessary sam-523

pling by identifying instances where a single re-524

sponse already provides sufficient evidence.525

5.6 Confidence-Weighted Update Dynamics.526

We present a qualitative analysis of a representative527

GSM8K instance with LLaMA-3.2-3B-Instruct to528

demonstrate how confidence-weighted Beta up-529

dates affect evidence accumulation. Figure 5 vi-530

sualizes the Beta posteriors of Adaptive Consis-531

tency (ASC) and ReASC under the same sampled532

Model Method GSM8K MATH500

Acc ↑ TF ↓ Acc ↑ TF ↓

LLAMA-3.2-3B
ASC 83.85 6.27 55.00 20.13
ReASC (Stage2 only) 84.38 5.33 55.20 18.76
ReASC 83.85 4.38 55.00 18.27

QWEN2.5-7B
ASC 94.24 13.40 80.80 37.25
ReASC (Stage2 only) 94.24 11.90 81.20 34.05
ReASC 94.09 10.43 81.20 29.26

Table 4: Stage-wise ablation of ReASC. Stage 2 yields
comparable accuracy than count-based stopping, while
Stage 1 primarily reduces inference cost when applied.

responses. ASC aggregates evidence uniformly, 533

resulting in a gradual shift of the Beta distribu- 534

tion and stopping after seven samples. In contrast, 535

ReASC weights each update by response-level con- 536

fidence, causing the posterior to concentrate more 537

rapidly and reach the stopping threshold in four 538

samples. As a result, ReASC reduces sample cost by 539

43% while converging to the same correct answer, 540

enabling reliable decisions with fewer samples. 541

6 Conclusion 542

We present ReASC, a reliability-aware adaptive self- 543

consistency framework that makes sampling deci- 544

sions based on evidence sufficiency. By incorporat- 545

ing response-level reliability signals derived from 546

model confidence, ReASC enables more effective 547

evidence accumulation at test time. Notably, ReASC 548

demonstrates superior accuracy-cost trade-offs over 549

existing adaptive sampling methods across models 550

and datasets. Our findings highlight the importance 551

of incorporating response reliability into adaptive 552

sampling and suggest a principled direction for fu- 553

ture work on efficient test-time sampling. 554
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Limitations555

Our approach has several limitations. First, our cur-556

rent instantiation of ReASC estimates response-level557

reliability using model-derived confidence signals558

such as self-certainty. This choice is supported by559

prior findings and further validated by our experi-560

ments across multiple model families and datasets;561

however, the calibration of confidence signals may562

still vary across models and tasks. Second, as self-563

consistency is designed to elicit a model’s exist-564

ing knowledge through multiple samples, ReASC565

leverages response-level confidence to make more566

efficient sampling decisions, treating higher con-567

fidence as more reliable reasoning. While this as-568

sumption holds empirically across the benchmarks569

studied, it may be challenged in settings where570

models exhibit systematic overconfidence, suggest-571

ing that incorporating complementary reliability572

signals could further improve robustness. Finally,573

our work focuses on inference-time adaptation574

without additional training, prioritizing simplicity575

and broad applicability. While this design enables576

efficient deployment, incorporating learning-based577

approaches for reliability estimation could further578

improve accuracy and robustness, representing a579

promising direction for future work.580
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A Derivation of the Beta-Based Stopping 685

Criterion 686

We provide a brief derivation of the probability 687

expression used in the Beta-based stopping rule. 688

Suppose that V is the set of responses generated so 689

far, and let v1 and v2 denote the number of samples 690

assigned to the leading and second-best candidates. 691

Following the two-class reduction used in ASC, 692

we consider the proportions (p1, p2) associated 693

with these two candidates under continued sam- 694

pling. Since p1+ p2 = 1, the event that the leading 695

candidate remains dominant is equivalent to 696

p1 > p2 ⇐⇒ p1 >
1
2 . 697

Under the Beta posterior induced by the accumu- 698

lated counts in V , the distribution of p1 is 699

p1 ∼ Beta(α, β), α = v1 + 1, β = v2 + 1. 700

The dominance probability of interest is there- 701

fore 702

P (p1 > p2 | V ) = P (p1 >
1
2 | V ). 703

The Beta(α, β) density is 704

f(t;α, β) =
1

B(α, β)
tα−1(1− t)β−1, 705

yielding 706

P (p1 >
1
2 | V ) =

∫ 1

1/2

1

B(α, β)
tα−1(1−t)β−1 dt. 707

The regularized incomplete Beta function is de- 708

fined as 709

Ix(α, β) =
1

B(α, β)

∫ x

0
tα−1(1− t)β−1 dt. 710

Applying this definition with x = 1/2 and the 711

identity 712∫ 1

1/2
f(t) dt = 1−

∫ 1/2

0
f(t) dt, 713

we obtain 714

P (p1 >
1
2 | V ) = 1− I1/2(α, β). 715

which is the expression used in the stopping rule in 716

Equation 6 717
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Algorithm 2 Online Gating Threshold Calibration
Require: Unlabeled test set {xi}ni=1, target accuracy ptarget
Ensure: Gating threshold τgate
1: // (1) Compute confidence for each instance
2: for i = 1 to n do
3: Generate response yi
4: Compute confidence S(yi)
5: end for
6: // (2) Fit GMM and compute surrogate correct mean
7: Fit a 2-component GMM to {S(yi)}
8: Let component c∗ be the one with the larger mean
9: µapprox ← Er∼c∗ [ r ] // surrogate correct mean

10: // (3) Posterior-based threshold search
11: Sort {S(yi)} in ascending order as candidate thresholds
12: for each threshold t do
13: Compute P (z = 1 | r = t) under the fitted GMM
14: if P (z = 1 | r = t) ≥ ptarget then
15: τpost ← t
16: break
17: end if
18: end for
19: τgate ← max(µapprox, τpost)

B AIC/BIC Analysis of Confidence718

Distributions719

To justify the use of a two-component Gaus-720

sian Mixture Model (GMM) in the online calibra-721

tion setting, we evaluate how well GMMs with722

n ∈ {1, 2, 3, 4} components fit the unlabeled723

confidence-score distribution. For each dataset, we724

fit GMMs via the EM algorithm and compute the725

Akaike Information Criterion (AIC) and Bayesian726

Information Criterion (BIC), which balance good-727

ness of fit against model complexity (lower is bet-728

ter). As shown in Table 5, both AIC and BIC con-729

sistently select the two-component model across730

all settings, with clear improvements over a single-731

component model and no benefit from adding ad-732

ditional components. These results indicate that733

the confidence distribution is well captured by734

a bimodal mixture, supporting our use of a two-735

component GMM for online threshold estimation.736

Model Dataset # Components k

1 2 3 4

QWEN2.5-3B
GSM8K

5051.12 5004.18 5010.70 5016.93
5061.49 5030.10 5052.18 5073.96

MATH500
2385.12 2374.03 2376.92 2383.82
2398.55 2395.10 2410.64 2430.18

GEMMA3-4B
GSM8K

7381.64 7268.06 7276.34 7280.79
7392.01 7305.21 7309.53 7327.84

MATH500
2962.88 2950.26 2954.60 2950.96
2971.34 2971.31 2984.68 3005.46

Table 5: AIC/BIC scores for GMM with k components
(k = 1, 2, 3, 4). Bold indicates the best (lowest) value.

Dataset Answer Format Nq Lq License

GSM8K arabic number 1319 239.9 MIT License
MATH500 arabic number 500 195.9 MIT License
Omni-Math arabic number 4428 270.8 Apache-2.0
GPQA-Diamond option (A-D) 197 598.1 MIT License

Table 6: Relevant information of five datasets. Nq de-
notes the number of questions in each dataset. Lq de-
notes the average length of questions in each dataset.

C Datasets and Baselines 737

C.1 Datasets 738

We evaluate all methods on four reasoning bench- 739

marks spanning mathematical and general-domain 740

reasoning. Table 6 illustrates the statistics and the 741

corresponding license information for each dataset. 742

Below, we briefly describe each dataset and its eval- 743

uation protocol. 744

GSM8K. GSM8K is a grade-school-level mathe- 745

matical reasoning benchmark consisting of 8,500 746

training and 1,319 test questions. Each question re- 747

quires multi-step arithmetic reasoning expressed in 748

natural language. Following standard practice, we 749

evaluate accuracy based on the exact match of the 750

final numerical answer extracted from the model 751

output. 752

MATH500. MATH500 is a subset of the MATH 753

benchmark designed to evaluate advanced mathe- 754

matical problem-solving. It covers a diverse range 755

of topics, including algebra, geometry, number the- 756

ory, and calculus. We use the official test split of 757

500 problems and report the accuracy based on the 758

verdict of the LLM Judge, namely xVerify (Chen 759

et al., 2025). 760

Omni-Math. Omni-Math is a recently proposed 761

large-scale benchmark for mathematical reasoning 762

that emphasizes problem diversity and difficulty. 763

It includes questions that require longer reasoning 764

chains and compositional mathematical skills. We 765

randomly sampled 1000 problems from the test set 766

and report the accuracy based on the verdict of the 767

LLM Judge, namely xVerify (Chen et al., 2025). 768

GPQA-Diamond. GPQA-Diamond is a general- 769

domain reasoning benchmark curated to require 770

expert-level knowledge and multi-step inference. 771

Questions span scientific and technical domains 772

and are intentionally designed to be difficult for 773

non-expert models. We evaluate performance using 774

exact-match accuracy against the answer choices. 775

11



C.2 LLM Inference Configuration.776

For all experiments, we perform inference using777

the default generation configurations recommended778

for each model, without additional tuning. Specif-779

ically, LLaMA-3.2 is evaluated with temperature780

0.6 and top-p 0.9; Qwen-2.5 uses temperature 0.7,781

top-p 0.8, and top-k 20; and Gemma-3 adopts tem-782

perature 1.0, top-p 0.95, and top-k 64. This design783

choice ensures that performance differences primar-784

ily reflect the behavior of adaptive sampling strate-785

gies rather than model-specific decoding heuristics.786

C.3 Baselines787

We compare ReASC against several representative788

inference-time baselines that differ in their sam-789

pling and stopping strategies.790

Pass@1. Pass@1 reports the base model perfor-791

mance using a single sampled response. This serves792

as a lower-bound reference for sampling-based793

methods.794

Self-Consistency (SC). Self-Consistency aggre-795

gates multiple independently sampled reasoning796

trajectories and selects the most frequent final an-797

swer. We use a fixed sampling budget of k=16 for798

all datasets.799

Adaptive Consistency (ASC). ASC is an adap-800

tive self-consistency method that dynamically de-801

termines when to stop sampling based on a count-802

based Beta stopping criterion. All sampled re-803

sponses are treated as equally informative, and sam-804

pling terminates once the Beta posterior exceeds805

Cthreshold = 0.95.806

Early-Stopping Self-Consistency (ESC). ESC807

performs early stopping when the model produces808

identical answers within a fixed context window.809

We use a window size w of 4, as suggested in the810

original work.811

D Analysis of Confidence Mapping812

Design813

We study how different confidence mapping func-814

tions affect the accuracy-cost trade-off in our adap-815

tive sampling framework. We consider the fol-816

lowing alternative designs, each of which maps a817

normalized confidence score.818

Mean-normalized aggregation. We consider a819

linear aggregation of normalized confidence scores,820

v(yi)← v(yi) +
S(yi)

E[Dval]
.821

Model Mapping GSM8K Acc/TF MATH Acc/TF

LLAMA-3.2-3B

ASC (count-based) 13.37 2.73

mean 13.92 2.86
sigmoid 10.32 2.60
exponential 14.74 2.84
ours 15.83 2.87

QWEN-2.5-7B

ASC (count-based) 7.03 2.17

mean 6.93 2.14
sigmoid 3.54 1.55
exponential 6.60 2.12
ours 7.60 2.38

GEMMA-3-27B

ASC (count-based) 2.03 0.69

mean 2.04 0.67
sigmoid 1.10 0.42
exponential 2.04 0.67
ours 2.49 0.73

Table 7: Analysis of Confidence Mapping Design.
Results on LLaMA-3.2-3B, Qwen-2.5-7B, and Gemma-
3-27B models. The proposed mapping consistently
achieves the best accuracy-compute trade-off.

This mapping applies proportional vote increments 822

without non-linear scaling. 823

Sigmoid-based mapping. Another alternative 824

applies a sigmoid transformation, 825

v(yi)← v(yi) + σ(λz(yi)), 826

which compresses confidence scores into a 827

bounded range. 828

Unbounded exponential mapping. We also 829

evaluate an exponential mapping without a lower 830

bound, 831

v(yi)← v(yi) + exp(λz(yi)). 832

Proposed mapping. Finally, we propose an ex- 833

ponential mapping with a lower bound, 834

v(yi)← v(yi) + max(1, exp(λz(yi))). 835

We also compared the alternative designs with 836

ASC, which represents the count-based design. To 837

isolate the effect of confidence mapping, we re- 838

port Acc/TF as the primary metric. Results on 839

three models (LLaMA-3.2-3B, Qwen-2.5-7B, and 840

Gemma-3-27B) are shown in Table 7. While all 841

variants achieve comparable accuracy, their effi- 842

ciency differs substantially. Sigmoid-based map- 843

pings compress confidence scores to the range 844

[0, 1], leading to slower vote accumulation and 845

higher computational cost. In contrast, exponential 846

mappings better differentiate high-confidence re- 847

sponses, enabling earlier stopping. Among them, 848
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Figure 6: Comparison of four self-certainty variants on a representative MATH instance using Gemma-3-4B-it.
Among the variants, Bottom 10% Group Confidence yields the largest gap between correct and incorrect responses,
providing the clearest separation.

Confidence Metric AUROC Gap

Response-level Self-Certainty 0.801 4.45
Tail Group Confidence 0.699 4.13
Average Group Confidence 0.823 4.95
Bottom 10% Group Confidence 0.860 5.69

Table 8: AUROC and gap between correct and incorrect
means comparison of confidence metrics for distinguish-
ing correct and incorrect responses.

introducing a lower bound yields the most stable849

improvement across model scales, leading to the850

strongest accuracy-cost trade-off.851

E Analysis on Confidence Score Design852

E.1 Impact of Confidence Score853

We analyze several confidence metrics to assess854

how reliably they distinguish correct from incorrect855

responses, including response-level self-certainty,856

tail-group confidence, average-group confidence,857

and Bottom 10% Group Confidence based on the858

confidence design choice from Fu et al. (2025).859

We evaluate each metric using two complemen-860

tary criteria: (i) the separation gap between the861

mean confidence of correct and incorrect responses,862

and (ii) the area under the ROC curve (AUROC),863

which measures ranking-based discriminative per-864

formance. As shown in Figure 6, Bottom 10%865

Group Confidence exhibits the most significant sep-866

aration gap, indicating clearer distributional sep-867

aration between correct and incorrect responses.868

Consistent with this observation, AUROC results869

reported in Table 8 show that Bottom 10% Group870

Confidence achieves the strongest discriminative871

performance among the compared confidence met-872

rics. Together, these results support our choice of873

Bottom 10% Group Confidence as the confidence874

signal in ReASC.875

AUROC

Window Size Gemma-3-4B-it Qwen-2.5-3B-it

32 0.832 0.714
64 0.853 0.728
128 0.874 0.744
256 0.874 0.741
512 0.867 0.736
768 0.862 0.725

Table 9: AUROC sensitivity of Bottom 10% Group
Confidence to sliding window group size on the MATH.

E.2 Sensitivity to Group Size. 876

We further analyze the sensitivity of the Bottom 877

10% Group Confidence to the sliding-window 878

group size by evaluating its discriminative perfor- 879

mance using AUROC. As shown in Table 9, AU- 880

ROC remains relatively stable over a wide range of 881

group sizes across both Gemma-3-4B-it and Qwen- 882

2.5-3B-it on the MATH dataset, indicating that the 883

metric is not overly sensitive to this hyperparame- 884

ter. Among the tested values, a group size of 128 885

consistently yields the strongest or near-strongest 886

separation between correct and incorrect responses. 887

Based on this robustness-performance trade-off, we 888

use a group size of 128 in all experiments. 889

F Confidence Interval Analysis 890

To assess the statistical robustness of the reported 891

accuracy, we compute 95% confidence intervals us- 892

ing a non-parametric bootstrap over test instances. 893

For each method, we collect the verdict for each test 894

instance and generate 2,000 bootstrap resamples 895

by sampling instances with replacement. Accuracy 896

is computed for each resample, and the 95% con- 897

fidence interval is obtained from the 2.5 and 97.5 898

percentiles of the resulting distribution. 899
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Model Method GSM8K MATH500 Omni-Math GPQA-Diamond
95% CI 95% CI 95% CI 95% CI

LLAMA-3.2-3B-INSTRUCT

Maj@k (k=16) [81.96, 85.90] [50.40, 59.20] [13.81, 18.42] [19.29, 31.47]
ESC (w=4) [81.96, 85.90] [50.40, 59.20] [13.81, 18.42] [18.78, 30.46]
ASC [81.88, 85.82] [50.60, 59.60] [13.61, 18.12] [19.29, 31.47]

ReASC (offline) [81.80, 85.82] [50.60, 59.20] – –
ReASC (online) [81.73, 85.75] [49.20, 58.20] [13.01, 17.42] [19.80, 31.98]

QWEN-2.5-3B-INSTRUCT

Maj@k (k=16) [87.87, 91.05] [68.60, 76.20] [24.42, 30.03] [24.86, 37.56]
ESC (w=4) [87.72, 90.98] [68.60, 76.20] [24.42, 30.03] [22.84, 36.04]
ASC [87.72, 90.98] [68.60, 76.20] [24.62, 30.13] [24.86, 37.56]

ReASC (offline) [87.88, 90.75] [68.00, 75.60] – –
ReASC (online) [87.72, 90.98] [67.80, 75.40] [24.72, 30.23] [23.86, 37.06]

GEMMA-3-4B-IT

Maj@k (k=16) [90.67, 93.48] [67.60, 75.60] [27.13, 32.83] [23.86, 36.56]
ESC (w=4) [90.60, 93.48] [67.60, 75.60] [27.13, 32.93] [23.86, 36.56]
ASC [90.67, 93.48] [67.60, 75.40] [27.43, 33.14] [23.86, 36.56]

ReASC (offline) [90.52, 93.40] [67.40, 75.40] – –
ReASC (online) [90.60, 93.48] [67.20, 75.00] [27.63, 33.33] [23.35, 36.56]

QWEN-2.5-7B-INSTRUCT

Maj@k (k=16) [93.03, 95.53] [77.20, 84.00] [30.23, 36.24] [29.44, 43.15]
ESC (w=4) [92.95, 95.38] [77.20, 84.00] [30.23, 36.24] [28.43, 41.62]
ASC [92.95, 95.38] [77.40, 84.20] [30.43, 36.44] [29.44, 43.15]

ReASC (offline) [92.80, 95.30] [77.40, 84.20] – –
ReASC (online) [92.80, 95.30] [78.00, 84.60] [30.03, 36.24] [29.44, 43.15]

GEMMA-3-27B-IT

Maj@k (k=16) [96.06, 97.95] [79.40, 85.80] [40.04, 46.05] [38.58, 52.79]
ESC (w=4) [96.06, 97.95] [79.40, 85.80] [39.94, 45.85] [31.98, 45.69]
ASC [96.06, 97.95] [80.60, 86.60] [40.04, 46.05] [38.58, 52.79]

ReASC (offline) [95.91, 97.80] [80.20, 86.40] – –
ReASC (online) [96.06, 97.95] [80.20, 86.40] [40.04, 45.85] [40.09, 54.31]

Table 10: 95% confidence intervals for accuracy computed via non-parametric bootstrap over test instances.

Qwen2.5-3B Gemma-3-4B

Regime ptarget Acc TF Acc/TF Acc TF Acc/TF

Offline
0.9 72.0 17.19 4.19 71.8 27.18 2.64

0.95 72.4 17.37 4.17 72.0 28.41 2.53
0.99 72.8 20.01 3.64 72.0 29.41 2.45

Online
0.9 72.4 18.06 4.01 71.8 27.70 2.59

0.95 72.0 18.79 3.83 71.8 27.94 2.57
0.99 72.8 19.97 3.65 72.0 28.74 2.51

Table 11: Sensitivity analysis of the target accuracy
ptarget for ReASC. Results are reported in terms of accu-
racy (Acc), average TFLOPs (TF), and their efficiency
ratio (Acc/TF) under both offline and online regimes.

G More Ablation Studies.900

G.1 Selecting target accuracy901

We conduct a hyperparameter sensitivity analysis902

on the target confidence threshold ptarget using the903

Math500 dataset. Experiments are performed with904

two representative models, Qwen2.5-3B-Instruct905

and Gemma-3-4B-it, under both offline and online906

regimes of ReASC. We vary ptarget across {0.9, 0.95,907

0.99} and evaluate the resulting trade-off between908

accuracy and computational cost. As shown in Ta-909

ble 11, higher values of ptarget generally lead to in- 910

creased sampling and higher inference cost, while 911

providing only marginal accuracy improvements. 912

Across both models and regimes, ptarget = 0.9 con- 913

sistently achieves the best accuracy–compute trade- 914

off, and we therefore adopt this setting in all main 915

experiments. 916

G.2 Analysis of Calibration set size 917

We study the sensitivity of ReASC to the size of the 918

calibration set used for threshold selection. Fig- 919

ure 7 shows accuracy and average TFLOPs as a 920

function of calibration set size for LLaMA-3.2-3B- 921

Instruct and Qwen-2.5-7B-Instruct. Across both 922

models, accuracy improves with calibration size 923

up to 128 examples and then saturates, showing 924

negligible differences for larger sets. In contrast, 925

the average TFLOPs increase monotonically as the 926

calibration size grows, reflecting higher calibration 927

overhead. These results indicate that a calibration 928

size of 128 achieves the best trade-off between ac- 929

curacy and inference cost, and we therefore use this 930

value throughout our experiments. 931
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Figure 7: Accuracy (left) and average TFLOPs (right)
as a function of calibration set size. Accuracy gains
diminish beyond a calibration size of 128, whereas in-
ference cost increases steadily with larger calibration
sets. Based on this trade-off, we use a calibration size
of 128 in all experiments.

G.3 Selecting λ for Confidence-Weighted932

Updates.933

We conduct a sensitivity study on the confidence-934

weighting parameter λ using the GSM8K dataset935

with the LLaMA-3.2-3B-Instruct model. We eval-936

uate λ ∈ {0.1, 0.3, 0.5, 0.7, 0.9} and report both937

accuracy and average TFLOPs. In Figure 8, the av-938

erage TFLOPs consistently decrease as λ increases,939

indicating more aggressive evidence accumulation.940

Accuracy peaks at λ = 0.7, while larger values941

yield marginal cost reductions at the expense of942

accuracy. Considering both accuracy and compu-943

tation, we select λ = 0.7 as it provides the most944

favorable accuracy–cost trade-off.
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Figure 8: Accuracy (left) and average TFLOPs (right)
versus λ on GSM8K with LLaMA-3.2-3B-Instruct.
While TFLOPs decrease with larger λ, accuracy remains
stable and peaks at λ = 0.7, which we set as the default.945

H Use of AI Tools946

During the preparation of this paper, AI tools (e.g.,947

OpenAI’s ChatGPT) were used in a limited, sup-948

porting capacity. Specifically, they assisted in en-949

hancing the clarity and fluency of the text and in950

suggesting relevant keywords during the writing951

process. All conceptual ideas, experimental de- 952

signs, implementations, analyses, and final inter- 953

pretations were developed entirely by the authors. 954

The authors independently verified all cited refer- 955

ences, and no citation was included solely based 956

on AI-generated content. No private, unpublished, 957

or sensitive information was shared with AI tools 958

beyond what is explicitly described in this paper. 959
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