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Abstract

While increasing test-time computation with methods like Best-of-N sampling and1

Self-Consistency enhances the quality of Large Language Model (LLM) responses,2

their fixed sampling strategy is inefficient. These approaches waste computation on3

simple questions while insufficiently exploring complex ones. We argue that model4

confidence is key to improving this efficiency. However, LLMs are notoriously5

overconfident, making their confidence estimates unreliable. To address this, we6

introduce Self-Calibration, a method that distills reliable confidence scores from7

Self-Consistency back into the model itself, enabling accurate confidence estima-8

tion in a single forward pass. Building on this, we designed confidence-based9

efficient test-time scaling methods, such as incorporating an Early-Stopping mech-10

anism for Best-of-N. Experiments across six datasets demonstrate our approach’s11

effectiveness. Notably, on MathQA, our method improved accuracy from 81.0%12

to 83.6% with a 16-response budget, confirming the value of our strategy.13

1 Introduction14

While repeated sampling methods like Best-of-N and Self-Consistency can enhance the quality of15

large language model (LLM) responses [1, 2], their strategy of using a fixed number of samples per16

query is computationally inefficient and wastes significant resources on simple problems [3, 4]. To17

address this, existing adaptive sampling strategies [5, 6, 7] often rely on hand-crafted heuristic rules18

that limit their generalizability. Therefore, it is critical to develop a robust, task- and model-agnostic19

approach that does not depend on such heuristics.20
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Figure 1: Acc. over response numbers of standard
Self-Consistency (SC) vs. confidence-weighted Self-
Consistency (SC w/ conf.) on MathQA using our trained
Llama-3.1-8B-Instruct model.

We propose an efficient test-time scaling21

method by using model confidence for dy-22

namically sampling adjustment, since con-23

fidence can be seen as an intrinsic measure24

that directly reflects model uncertainty on25

different tasks. However, extracting accu-26

rate confidence can be challenging since27

LLMs are known to be overconfident in28

their own responses [8, 9, 10], and their29

confidences often exceed the actual accu-30

racy, especially in small models. Self-31

Consistency [11] can provide a relatively32

accurate confidence estimation by aggregat-33

ing answer counts from multiple sampled34

solutions [12], but it again requires sam-35

pling numbers of responses for each query.36

To address this, we introduce Self-Calibration to train LLMs for accurate confidence estimation in37

only one forward pass, without requiring any human-labeled data. Specifically, we improve model38
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calibration by distilling Self-Consistency-derived confidence into the model itself. This is done by39

constructing pseudo training tuples of query, answer, and confidence on a diverse training set. At40

test time, we design efficient test-time scaling strategies using these calibrated confidence scores,41

such as early stopping for Best-of-N when sampled responses reach a target confidence.42

Our confidence-based methods consistently outperform standard approaches with the same sampling43

budget. For example, our techniques improve MathQA accuracy from 81.0 to 83.6 using an average44

of just 16 samples. Crucially, our methods also achieve similar performance while using far fewer45

computational resources. For instance, confidence-weighted Self-Consistency saves 94.2% of the46

required samples to reach 85.0 accuracy compared to the standard method, proving that reliable47

confidence scores significantly boost computational efficiency.48

2 Self-Calibration49

In this section, we provide an overview of our proposed Self-Calibration framework, illustrated in50

Fig. 2. First, we synthesize a set of input-output-confidence tuples (x, y, c)i from a seed dataset for51

training, without requiring any ground-truth answer (Sec. 2.2). Using this synthetic dataset, we can52

train a language model with a combined loss to output calibrated confidence scores (Sec. 2.3).53

2.1 Confidence Score Estimation54

A naive method to obtain a confidence score from an LLM is to calculate P(True) [13]. This is55

done by appending a question like, “Is the answer correct? (Yes/No)” to the input-output pair and56

measuring the probability of the token Yes. While this method is computationally cheap due to the57

KV-cache mechanism [14], empirical results suggest that the resulting P(True) score is often poorly58

calibrated, leading the model to be overconfident in its incorrect answers [15]. The proposed solution59

is to use supervised training to improve this calibration, helping the LLM produce more reliable60

confidence scores.61

2.2 Training Data Generation62

Our goal is to create a labeled dataset Dt = (x, y, c)i without human annotations, where (x, y) is63

a query–response pair and c is an accurate confidence. To achieve this, we first generate multiple64

candidate answers for each query and ensure diversity via Dynamic Temperature sampling. Next,65

we calibrate the confidence of each candidate through Soft Self-Consistency, which integrates the66

model’s intrinsic probability estimate with the overall agreement among different responses.67

Soft Self-Consistency Score. Previous work has shown that self-consistency scores provide strong68

zero-shot calibration [11], outperforming P(True) or raw logits as confidence measures [16]. To69

further enhance the reliability of the confidence score in the training set, we introduce a soft self-70

consistency score, which integrates P(True) with self-consistency and offers a more accurate and71

robust confidence estimation. For each query x, we use the LLM to generate N different responses,72

each with an associated confidence score. Given the set of triplets (x, yn, cn) where 1 ≤ n ≤ N , we73

compute the soft self-consistency (SSC) score as:74

SSC(y) =

∑
i:yi=y ci∑N
i=1 ci

.

Using this score, we construct the final training set as (x, yi, SSC(yi)), where SSC(yi) provides a75

calibrated confidence estimation for each response. For the Llama-3.1-8B-Instruct model on the76

GSM8K dataset, our SSC method achieves the lowest Expected Calibration Error [17] (ECE, see77

App. I). SSC scored 3.42, outperforming both P(True) at 12.03 and standard self-consistency at 4.48.78

2.3 Training Objective79

We optimize the model’s confidence estimation by minimizing the difference between the predicted80

confidence and the target confidence using the SmoothL1 loss. To ensure that training on confidence81

estimation does not degrade the model’s reasoning ability, we incorporate the standard generation loss82

of Chain-of-Thought answers into the objective [18]. Specifically, only responses with confidence83

scores above a threshold η are selected for training to guarantee the quality of the reasoning path. A84
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Amy is 10. Jake is 8. Alex's age is
right in the middle. How old is Alex?

Sample query from seed datasets

LLM Alex is 10-8 = 2 years old.

(8+10)/2 = 9. The answer is 9.
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Figure 2: Illustration of the Self-Calibration framework. Given a query from the seed dataset, we
sample N responses from the LLM. We use a confidence querying prompt to let LLM assign a
confidence score to each response. Responses are then grouped by their answers, and the Soft
Self-Consistency (SSC) score is computed for each group. During training, all data tuples contribute
to improving the model’s calibration, while higher-confidence data is used to enhance the LLM’s
generation ability.

weighting coefficient w is introduced to balance these two loss terms. The overall loss function is85

formulated as:86

Ltotal(θ) =
∑

(xj , yj)∈D

SmoothL1
(
pθ(Yes | xj , yj , I), cj

)
+ ω

∑
(xi, yi)
ci>η

(
− log pθ

(
yi

∣∣ xi

))
.

3 Efficient Test-Time Scaling87

In this section, we introduce how to leverage reliable confidence scores from a Self-Calibration88

trained model to enhance existing test-time scaling methods. The confidence scores serve as a quality89

indicator for each response, allowing the model to prioritize more reliable answers. We present90

confidence-guided variants of three popular test-time scaling approaches (Appendix A): Best-of-N,91

Self-Consistency, and Adaptive Self-Consistency.92

3.1 Early Stopping with Confidence93

Early Stopping improves the efficiency of Best-of-N by terminating the sampling process once94

a response with sufficient confidence is found. Given a sequential sampling process where each95

response yi is assigned a confidence score ci. This means that we continue sampling responses one96

by one until a response meets the confidence threshold τ , and such a response is selected as the final97

answer, avoiding unnecessary additional sampling and reducing computational overhead.98

3.2 Self-Consistency with Confidence99

Self-Consistency with Confidence(SC w/ Conf.) extends the traditional Self-Consistency approach100

by incorporating confidence scores into the voting process. Instead of treating all sampled responses101

equally, we assign each response yi a confidence score ci, leading to a weighted aggregation:102

y = argmax
z

N∑
i=1

ci 1( yi = z ).

This modification ensures that responses with higher confidence contribute more significantly to the103

final selection, enhancing robustness by prioritizing more reliable predictions.104

3.3 Adaptive Self-Consistency with Confidence105

Similar to Self-Consistency with Confidence, we use confidence as the weight when calculating106

the relative frequency in Adaptive Self-Consistency. Then Adaptive Self-Consistency with Confi-107

dence(ASC w/ Conf.) will follow the rest part in ASC.108

vk(z) =

k∑
i=1

ci1(yi = z), r̂k(z) =
vk(z)∑k
i=1 ci

.

109
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Llama-3.1-8B-Instruct Qwen2.5-7B-Instruct DeepSeek-R1-Distill-1.5B

Methods Obj_C. MathQA ARC_C. Obj_C. MathQA ARC_C. Obj_C. MathQA ARC_C.

Pass@1 67.6 71.5 82.8 76.8 82.9 88.5 61.2 89.9 58.2

SC 76.0 81.0 87.1 81.2 86.3 91.2 70.8 91.6 65.6
SC w/ Conf. 76.8 (+0.8) 83.6 (+2.6) 87.7 (+0.6) 81.2 (0.0) 87.8 (+1.5) 90.8 (-0.4) 70.8 (0.0) 91.8 (+0.2) 66.5 (+0.9)
Best-of-N 69.2 81.0 86.4 76.8 86.8 90.2 54.0 90.0 58.9
Early Stopping 76.8 (+7.6) 83.6 (+2.6) 87.7 (+1.3) 81.2 (+4.4) 87.8 (+1.0) 90.8 (+0.6) 70.8 (+16.8) 91.6 (+1.6) 66.5 (+7.6)
ASC 74.8 80.0 86.5 81.6 86.2 90.6 70.4 91.6 64.3
ASC w/ Conf. 75.2 (+0.4) 81.9 (+1.9) 86.6 (+0.1) 81.6 (0.0) 87.2 (+1.0) 91.2 (+0.6) 70.4 (0.0) 91.8 (+0.2) 65.1 (+0.8)
ESC 76.0 81.0 87.1 81.2 86.3 91.0 70.8 91.3 65.6
RASC 76.0 81.4 87.3 81.2 86.4 90.3 70.8 91.4 65.8

Table 1: Accuracy comparison of different test-time scaling methods across three language models
when the sample budget equals to 16. The evaluation is conducted on three datasets: Obj_C.
(Object_Counting), MathQA, and ARC_C. (ARC_Challenge). “Sample budget” refers to the average
number of responses sampled per query. The improvements of confidence-augmented methods over
their baselines are shown in parentheses. Results for sample budget set to 4 are shown in Appendix E.

4 Experiments110

4.1 Evaluation on Efficient Test-time Scaling111

Experiment Setting. To ensure a fair comparison across different test-time scaling methods, we use112

the same sample budgets for each of them. Sample budget refers to the average number of responses113

each method samples per query. For dynamic methods such as Early Stopping and ASC w/ Conf.,114

we set internal thresholds so that the actual number of samples collected in practice is close to a115

target budget. To ensure a fair comparison, all methods use responses sampled from Self-Calibration116

trained models. The experimental details are shown in Appendix C.117

Results. Table 1 shows the accuracy comparison of different methods with a sample budget of 16.118

We observe that SC w/ Conf., Early Stopping, and ASC w/ Conf. consistently outperform their base119

counterparts. On Llama-3.1-8B-Instruct, SC w/ Conf. surpasses SC on MathQA (81.0 to 83.6), while120

on DeepSeek-R1-Distill-1.5B, Early Stopping outperforms Best-of-N on ARC_challenge (58.9 to121

66.5). These results highlight that integrating calibrated confidence enhances test-time scaling with122

the same sampling budget. More analysis could be found in Appendix B.123

4.2 Performance Comparison Under Different Sample Budgets124
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Figure 3: Accuracy over varying sample
budgets of different inference strategies on
MathQA using self-calibrated Qwen-2.5-7B-
Instruction.

Increasing the sample budget allows for selecting125

higher-quality outputs but comes at the cost of greater126

computational expense. To evaluate this trade-off, we127

compare different methods across multiple sample128

budgets and visualize their performance trends. As129

shown in Figure 3, all methods achieve better ac-130

curacy as the number of responses increases. Our131

confidence-guided approaches consistently outper-132

form their original counterparts in most settings.133

When the sample budget is small, Best-of-N performs134

better than early stopping because early stopping135

might stop too soon with a low threshold, missing a136

better response.137

5 Conclusion138

We improve the efficiency of test-time scaling methods in LLMs with reliable confidence estimation.139

Our Self-Calibration enhances LLM confidence estimation in one forward pass, without requiring any140

labeled data. We then propose efficient test-time scaling by dynamically adjusting sampling strategies141

based on calibrated confidence scores. Experiments show that our approaches consistently outperform142

baselines under the same sample budget. Our findings suggest that reliable confidence estimation and143

dynamic sampling can substantially enhance the effectiveness and efficiency of repeated sampling.144
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A Repeated Sampling266

Repeated sampling [19] is a framework that generates multiple responses with Chain-of-Thought267

prompting [20], then uses a verifier to get the final results. We will introduce three fundamental268

repeated sampling strategies, which aim to enhance response quality.269

A.1 Best-of-N270

For each input query x, multiple candidate responses {yi} are sampled, where 1 ≤ i ≤ N . A scoring271

function—such as an additional reward model or a confidence generator—assigns each response a272

score ci = Score(yi). The simplest selection strategy, known as Best-of-N [1], chooses the response273

with the highest score as the final answer.274

A.2 Self-Consistency275

Self-Consistency [2] (SC) selects the most frequent response among different candidates. Given276

candidate responses {y1, y2, . . . , yN}, the final answer is determined by majority voting. This277

approach enhances robustness by aggregating diverse model outputs rather than relying on a single278

highest-scoring response.279

A.3 Adaptive Self-Consistency280

Adaptive Self-Consistency (ASC) [5] enhances the standard Self-Consistency approach by dynami-281

cally adjusting the number of samples based on agreement among generated responses. This method282
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Dataset Metric Llama-3.1-8B-Instruct Qwen2.5-7B-Instruct DS-R1-Distill-1.5B
Vanilla Self-Cal. Vanilla Self-Cal. Vanilla Self-Cal.

In-Domain Datasets
ECE ↓ 13.70 3.79 87.39 16.88 46.66 40.03

GSM8K AUC ↑ 72.43 75.36 68.61 82.21 64.31 55.57
ACC ↑ 77.44 80.43 89.41 88.74 73.38 75.36
ECE ↓ 28.03 10.17 89.60 24.49 30.40 12.00

SVAMP AUC ↑ 74.17 75.79 75.10 87.46 49.33 71.27
ACC ↑ 72.60 75.29 90.48 92.00 52.27 57.48
ECE ↓ 5.45 5.00 57.58 5.62 20.19 11.36

ARC_easy AUC ↑ 81.16 76.89 66.10 76.75 62.89 66.86
ACC ↑ 87.73 89.21 92.11 92.01 54.00 56.74

Out-of-Domain Datasets
ECE ↓ 7.01 6.03 55.19 10.11 11.42 5.46

ARC_challenge AUC ↑ 80.67 80.41 64.21 78.33 64.07 65.27
ACC ↑ 80.87 82.38 89.37 89.05 43.39 45.77
ECE ↓ 27.85 9.69 72.41 5.82 47.26 4.60

Object Counting AUC ↑ 53.84 59.47 68.07 81.02 50.39 67.61
ACC ↑ 60.68 65.88 72.41 74.22 55.33 58.13
ECE ↓ 12.55 8.64 62.35 18.92 13.16 4.34

MathQA AUC ↑ 85.23 87.21 72.48 69.80 78.89 66.09
ACC ↑ 44.18 52.34 49.85 64.18 37.69 43.21

Table 2: Self-Calibration results across both in-domain and out-of domain datasets on three different
models. We use Self-Cal. to denote Self-Calibration in the table.

iteratively samples responses and calculates the cumulative frequency vk(z) and relative frequency283

r̂k(z) of each unique answer z after k samples:284

vk(z) =

k∑
i=1

1(yi = z), r̂k(z) =
vk(z)

k
. (1)

The sampling process continues until the maximum relative frequency r̂k(z) exceeds a predefined285

threshold τ . Formally:286 {
k ← k + 1, if max

z
r̂k(z) < τ,

y = argmax
z

r̂k(z), otherwise.

This adaptive strategy reduces computational costs by limiting the number of required samples while287

maintaining high accuracy in the final answer selection.288

B Analysis289

B.1 Evaluation on Self-Calibration290

Evaluation Metrics. We evaluate how well our Self-Calibration approach enables models to output291

accurate confidence estimations. We adopt three standard metrics for evaluating model calibration:292

ECE, Area Under the Receiver Operating Characteristic Curve (AUC) [21], and accuracy (ACC). The293

explanation and details of these metrics can be found in Appendix I.294

Results. In Table 2, we compare our models trained on Self-Calibration objective with their vanilla295

base models on multiple in-domain and out-of-domain datasets. Self-Calibration trained models296

consistently lower the ECE score while generally improving accuracy. On GSM8K, Self-Calibration297

reduces ECE from 13.70 to 3.79 while improving accuracy from 77.44% to 80.43%. Even in cases298

where ECE slightly increases, such as ARC_easy for Llama-3.1-8B-Instruct, accuracy still improves299

from 87.73% to 89.21%. Moreover, the strong results on out-of-domain tasks demonstrate the300

generalizability of our method, as seen in MathQA, where accuracy improves from 49.85% to 64.18%301

for Qwen2.5-7B-Instruct.302

B.2 Confidence Score Compared to Reward Score from Reward Models303
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Model Dataset Reward Confidence

MathQA 82.1 84.0
Llama Object Counting 72.6 72.0

ARC_Challenge 86.2 86.6
MathQA 87.5 86.8

Qwen Object Counting 76.6 76.4
ARC_Challenge 89.6 89.8

Table 3: Accuracy of Best-of-16 on two models (Llama-
3.1-8B-Instruct and Qwen-2.5-7B-Instruct) on three datasets
between self-generated confidence scores and reward scores
from additional reward models.

We compare our self-generated con-304

fidence scores with established open-305

source reward model approaches. A306

reward model is an additional scor-307

ing model used to evaluate the qual-308

ity of generated responses [22]. De-309

ployment of a reward model can intro-310

duce several limitations: (1) Reward311

scores are often unbounded or require312

dataset-specific normalization, thus313

difficult to apply a universal threshold314

for filtering or reweighting responses;315

(2) Running an extra reward model316

increases inference time; and (3) A317

dedicated reward model requires additional GPU memory, and is less efficient for large-scale deploy-318

ment.319

For our analysis, we use the following reward models for comparison: for Llama-3.1-Instruct, we use320

the reward model from RLHFlow 1 [23]; for Qwen-2.5, we utilize its official Process Reward Model321

(PRM) 2 [24]. For PRM, we use the lowest reward score across all steps. We ensure the size of each322

reward model matches with their corresponding base models.323

Table 3 shows that our self-generated confidence scores achieve similar performance to reward324

model scores across all datasets when using Best-of-N. This means that our method, by generating325

approximately 10 additional tokens, achieves a performance comparable to that of an extra reward326

model of the same size.327

1https://huggingface.co/RLHFlow/Llama3.1-8B-ORM-Mistral-Data
2https://huggingface.co/Qwen/Qwen2.5-Math-PRM-7B
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B.3 Can Other Confidence Querying Prompts Work Well?328

Since our confidence-based approach was trained using a specific confidence querying prompt, we329

explore whether alternative prompts can achieve similar performance during inference. This analysis330

is crucial for understanding the robustness of confidence querying prompts different from the training331

prompt.332

Dataset Method Original New

Early Stopping 81.7 81.52±0.30

MathQA ASC w/o conf. 81.9 81.80±0.21

SC w/o conf. 82.1 81.63±0.20

Early Stopping 67.2 70.80±1.99

Obj_C. ASC w/o conf. 74.8 74.07±1.03

SC w/o conf. 74.4 73.40±0.75

Early Stopping 86.2 86.62±0.20

ARC_C. ASC w/o conf. 86.6 86.63±0.05

SC w/o conf. 86.4 86.35±0.25

Table 4: Accuracy comparison between the original
prompt and 6 alternative querying prompts on self-
calibrated Llama-3.1B-Instruct. Results are reported
as mean±std.

We evaluate 6 alternative prompts (listed333

in Appendix F.1) at inference time. Table 4334

shows that despite training with a specific335

prompt, other prompts yield comparable336

performance, with only minor variations.337

This suggests that our confidence querying338

approach is robust to prompt changes and339

our training framework improves model340

calibration rather than overfitting to a spe-341

cific prompt.342
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B.4 Ablation Study343

We conduct an ablation study to investi-344

gate the impact of key components in Self-345

Calibration, including Dynamic Tempera-346

ture (EDT), Soft Self-Consistency (SSC),347

and L1-smooth loss. Table 5 presents our348

ablation results on the MathQA and Object Counting datasets.349

MathQA Object Counting

Method ECE ↓ ACC ↑ ECE ↓ ACC ↑
ours (full) 8.64 52.34 9.69 65.88
w/o EDT 9.14 51.44 10.40 62.88
w/o SSC 10.85 52.18 16.02 61.12
w/o L1-smooth 6.43 50.86 10.48 56.48

Table 5: Ablation study results on MathQA and
Object Counting in Llama-3.1-8B-Instruct. “w/o
L1-smooth” means using MSE loss instead of L1-
smooth.

Removing the dynamic temperature or the soft350

self-consistency score leads to noticeable in-351

creases in ECE and/or drops in accuracy. Mean-352

while, replacing the L1-smooth objective with353

MSE achieves slightly lower ECE on MathQA354

but reduces accuracy on both tasks, suggesting355

that our chosen loss formulation is more robust356

overall. These results demonstrate that each357

module contributes to model calibration and rea-358

soning performance.359

C Experimental Details360

Models. To evaluate our self-calibration361

framework and our efficient test-time scaling362

methods, we conduct experiments on three open-363

source LLMs: Llama-8B-3.1-Instruct [25], Qwen2.5-7B-Instruct [26] and DeepSeek-R1-Distill-364

Qwen-1.5B [27]. These models represent diverse architectures and training strategies, allowing us to365

test the adaptability of our methods.366

Seed Datasets. We construct our training dataset with diverse reasoning datasets, including:367

ARC_easy [28], commonsense QA [29], LogiQA [30], GSM8K [31], OpenBookQA [32], Re-368

Clor [33], SciQ [34], SVAMP [35] and WinoGrande [36]. For each dataset, we randomly sample369

2,000 questions from the training set to construct our training data. Additional details are shown in370

Appendix H.371

Evaluation Datasets and Prompts. We evaluate our methods on three benchmark datasets: ARC-372

Challenge [28], Object-Counting [37] and MathQA [38], covering mathematical and commonsense373

reasoning tasks in both multiple-choice and open-ended formats. These three datasets are considered374

out-of-domain as they differ from the datasets used in training, which we refer as in-domain datasets.375

To evaluate performance in an in-domain setting, we also use the test sets of GSM8K, SVAMP, and376

ARC_easy. The details of datasets, system prompts and the task prompts of each dataset are shown in377

Appendix D.378

Baseline Methods. In addition to the repeated sampling methods mentioned in Sec. A (Best-of-N,379

SC and ASC), we also include other adaptive test-time scaling methods such as Early-Stopping380

Self-Consistency (ESC) [6] and Reasoning-Aware Self-Consistency (RASC) [7] for comparison.381

ESC divides the sampling process into sequential windows and halts further sampling when a382

high-confidence consensus is reached within a window. RASC enhances sampling efficiency by383

dynamically evaluating both the generated answers and their corresponding reasoning paths.384

D Prompts385

D.1 Details about Test Dataset386

ARC-Challenge includes difficult science questions requiring external knowledge and reasoning.387

Object-Counting focuses on numerical and spatial reasoning by counting objects. MathQA tests388

mathematical problem-solving across arithmetic, algebra, and calculus.389
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D.2 System Prompt390

Here we show the system prompt to let the model generate responses for Chain-of-Thoughts and391

format for extracting the final results.392

For the following question, provide a step-by-step explanation393

of your thought process.394

Use the format demonstrated below for your response.395

396

‘‘‘Example Format:397

Explanation: <Your detailed explanation here, outlining how398

you arrived at your answer.>399

Answer: <Insert your concise answer here, which should400

include a {answer_type } (e.g., {demo })>401

402

Ensure that your response strictly adheres to this format.403

Explicitly include the words ’Explanation:’, ’Answer:’.404

405

The answer type includes “option letter” and “number”.406

D.3 Dataset Prompts407

We show the prompts for each dataset in Table 6. All datasets and models are open-sourced.

Dataset Query Template

gsm8k Question: {question}\n

sciq Question: {question}\nOptions:\n{options_text}\n

commonsense_qa Question: {question}\nOptions:\n{options_text}\n

winogrande Question: {sentence}\nOptions:\nA. {option1}\nB.
{option2}\n

openbookqa Question: {question}\nOptions:\n{options_text}\n

reclor Passage:\n{passage}\n\nQuestion: {question}\n\nOptions:\n{options_text}\n

math_qa Problem: {problem_text}\nOptions:\n{options_block}\n

arc_challenge Question: {question}\nOptions:\n{options_str}\n

arc_easy Question: {question}\nOptions:\n{options_str}\n

logiqa Article:\n{context}\n\nQuestion: {question}\n\nOptions:\n{options_text}\n

svamp Question: {Body + Question}\n

gpqa {Question}\nOptions:\n{options_text}\n

aqua_rat Question: {question}\nOptions:\n{options_text}\n

Table 6: Query templates for each dataset .
408

E Full Main Results409

Here we show the main results when sample budget = 4 in Table 7.410

When the sample budget is small, the model has limited opportunities to explore different reasoning411

paths. In this scenario, output variability is often high, and having an additional confidence signal (as412

in ASC w/ Conf.) is essential for filtering out noisy or incorrect responses. This confidence-augmented413

method helps select the most promising candidate under tight sampling constraints.414

However, when the sample budget increases, the model can generate more candidate solutions,415

which typically raises the chance of hitting the correct answer. In this setting, Early Stopping416
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Llama-3.1-8B-Instruct Qwen2.5-7B-Instruct DeepSeek-R1-Distill-1.5B

Methods Obj_C. MathQA ARC_C. Obj_C. MathQA ARC_C. Obj_C. MathQA ARC_C.

Pass@1 67.6 71.5 82.8 76.8 82.9 88.5 61.2 89.9 58.2

Sample budget = 4
SC 72.0 78.8 85.7 78.8 85.7 90.0 63.6 91.4 63.0
SC w/ Conf. 72.8 (+0.8) 82.1 (+3.3) 86.4 (+0.7) 78.4 (-0.4) 86.9 (+1.2) 90.3 (+0.3) 64.0 (+0.4) 91.2 (-0.2) 63.2 (+0.2)
Best-of-N 67.6 80.8 86.4 76.4 86.4 89.8 56.0 90.0 59.0
Early Stopping 67.2 (-0.4) 81.7 (+0.9) 86.2 (-0.2) 78.4 (+2.0) 87.1 (+0.7) 90.1 (+0.3) 56.0 (0.0) 90.6 (+0.6) 59.0 (0.0)
ASC 74.4 80.0 86.5 79.6 86.2 91.0 61.2 91.3 63.3
ASC w/ Conf. 74.8 (+0.4) 81.9 (+1.9) 86.6 (+0.1) 80.0 (+0.4) 87.2 (+1.0) 90.6 (-0.4) 62.8 (+1.6) 91.6 (+0.3) 64.6 (+1.3)
ESC 72.0 78.6 85.8 80.0 86.9 89.6 58.0 91.2 63.0
RASC 72.4 79.0 85.8 80.0 86.4 89.8 62.6 91.2 63.1

Table 7: Accuracy comparison of different test-time scaling methods across three language models.
The evaluation is conducted on three datasets: Obj_C. (Object_Counting), MathQA, and ARC_C.
(ARC_Challenge). “Sample budget” refers to the average number of responses sampled per query.
The improvements of confidence-augmented methods over their baselines are shown in parentheses.
All methods use the same responses generated by Self-Calibration trained models.

approach—especially when coupled with a high confidence threshold—can terminate as soon as it417

encounters a correct reasoning path.418

F Full Results of Different Confidence Querying Prompts419

F.1 Confidence Querying prompts420

We show the 6 confidence querying prompts we used in Sec. B.3.421

• I1: Is this the correct answer?422

• I2: Does this answer seem right?423

• I3: Is this the right answer?424

• I4: Is the given answer accurate?425

• I5: Would you say this answer is correct?426

• I6: Is this response correct?427

F.2 Results of Different Querying Prompts428

In Table 8, we show the results of different confidence querying prompts for tuned LLama-3.1-8B-429

Instruct.

Dataset Method 1 2 3 4 5 6 Original

Early Stopping 81.7 81.4 81.7 81.3 81.1 81.9 81.7
MathQA ASC w/o conf. 81.9 81.9 81.8 81.8 81.4 82.0 81.9

SC w/o conf. 81.5 81.4 81.5 81.7 81.9 81.8 82.1

Early Stopping 70.0 71.6 69.6 68.0 73.6 72.0 67.2
Object_Counting ASC w/o conf. 73.6 73.6 74.4 73.6 76.0 73.2 74.8

SC w/o conf. 72.8 74.0 73.2 72.4 74.4 73.6 72.8

Early Stopping 86.8 86.4 86.8 86.5 86.8 86.4 86.2
ARC_challenge ASC w/o conf. 86.7 86.6 86.6 86.6 86.7 86.6 86.6

SC w/o conf. 86.3 86.1 86.1 86.7 86.3 86.6 86.4

Table 8: The results for different confidence querying prompt.
430

G Results for Different Sample Budgets431

Here, we show the performance under different sample budgets of other datasets and models.432
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Figure 4: Performance comparison of different inference strategies across datasets and models using
Self-Calibration.

H Hyperparameters433

This section details the hyperparameters used in our experiments. We categorize them into training434

data generation, training process, and response generation435

H.1 Training Data Generation436

When creating the datasets, we set the number of responses for each query N = 32. For the437

parameter in dynamic temperature, we follow the default hyperparameter settings from the original438

paper: T0 = 0.8, M = 0.8, γ = 1.0, and τ0 = 0.001.439

H.2 Training Process440

In the training objective, we set the threshold η = 0.75 to filter the response used in generation ability441

training and the weight w = 0.1 to balance two losses.442

In the training process, we use the AdamW optimizer with a learning rate of 5 × 10−5. The total443

number of training samples is set to 100,000, while 1,000 samples are used for evaluation. We employ444

a batch size of 1 with gradient accumulation steps of 64 to simulate a larger effective batch size. The445

model is trained for 1 epoch.446

For parameter-efficient fine-tuning, we apply LoRA with rank r = 32, scaling factor α = 16, and447

dropout rate of 0.05. In the whole training examples, the ratio of causal language modeling data is448

0.7. We train the model on multiple datasets with varying proportions of training and evaluation data.449

Specifically, GSM8K and SVAMP each contribute 15% of the training and evaluation samples. SciQ,450

CommonsenseQA, Winogrande, OpenBookQA, ReClor, ARC-Easy, and LogiQA each contribute 5%451

of the training and evaluation samples.452

During the sample training data selection process, we ensure that the data is evenly distributed across453

different confidence intervals. This balancing strategy prevents overrepresentation of any specific454

confidence range, allowing the model to learn from a diverse set of samples. By maintaining an455

equal number of training examples in each confidence bin, we improve the robustness of confidence456

calibration and reduce potential biases in the learning process.457

H.3 Response Generation458

When generating the response, we set the temperature equals to 1.0.459
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I Explanation of Calibration Estimation460

ECE measures the discrepancy between a model’s predicted confidence and its actual accuracy,461

defined as:462

ECE =

M∑
m=1

|Bm|
N
|acc(Bm)− conf(Bm)| ,

where M is the number of bins, Bm represents the set of samples in the m-th bin, and N is the total463

number of samples. A lower ECE value indicates better calibration, meaning the model’s confidence464

aligns more closely with its actual correctness. In our experiments we set m = 10.465
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