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Abstract001

Test-time scaling (TTS) has emerged as a prac-002
tical way to improve LLM reasoning by allo-003
cating more inference-time computation, es-004
pecially through parallel scaling. However,005
most existing TTS pipelines scale compute006
within fixed reasoning formats, limiting per-007
formance. In this work, we propose that TTS008
should scale not only the number of samples,009
but also the reasoning formats. We first intro-010
duce an error measurement for multi-sample011
reasoning that enables comparing TTS behav-012
iors across formats. Based on this, we propose013
FORMAT-ADAPTER, a training-free, format-014
adaptive TTS method that automatically gen-015
erates candidate reasoning formats and selects016
the most suitable ones under a test-time budget017
by minimizing the proposed error measurement.018
We evaluate FORMAT-ADAPTER on mathemat-019
ics and general reasoning benchmarks. Un-020
der the same TTS budget, FORMAT-ADAPTER021
yields consistent gains over existing baselines,022
achieving an average relative improvement of023
2.2% and establishing a new state of the art024
(SOTA) for training-free parallel-scaling TTS.025

1 Introduction026

Large Language Models (LLMs) have shown im-027

pressive progress on reasoning-intensive bench-028

marks, yet their performance still hinges on how029

much computation allocated at training time (Hest-030

ness et al., 2017; Ghorbani et al., 2022; Hoffmann031

et al., 2022). Recent evidence suggests that, under032

a fixed LLM, increasing inference-time compute033

(a.k.a. test-time scaling, TTS) can be a more effi-034

cient path to better reasoning than merely scaling035

parameters, especially when compute is allocated036

adaptively to prompt difficulty (Snell et al., 2025;037

Wu et al., 2025; Agarwal et al., 2025). This trend is038

also reflected in frontier reasoning systems, where039

models are often evaluated under maximal test-time040

compute settings (OpenAI et al., 2024a; Yang et al.,041

2025a; Guo et al., 2025).042

Question: Mary is two years younger than Joan, 
who is five years older than Jessa. If Jessa is 20 years 
old, what is the sum of the ages of three girls?

English Response:  …, so answer is 65.
Chinese Response: …，所以答案为68。
German Response: ..., also ist die Antwort 65.

Voted Answer: 65

Question: Mary is two years younger than Joan, 
who is five years older than Jessa. If Jessa is 20 years 
old, what is the sum of the ages of three girls?

Chinese Response:  …，所以答案为68。
Character Response: …, the answer is sixty-eight.
LaTex Response: ..., the answer is $68$.

Voted Answer: 68

Answer Format: The question can be answered 
with Chinese, Character, and LaTex.

(a) Reasoning Format Labeled by Human 

(b) Reasoning Format Generated by LLM 

Figure 1: TTS with a fixed format (a) versus our format-
adaptive TTS (b). The red parts denote incorrect an-
swers and the green parts denote correct ones. Prior
TTS commonly samples multiple solutions under a
human-chosen, fixed reasoning format, which could
be unsuitable to the query. Our method generates and
selects suitable reasoning formats under a test-time bud-
get, achieving better performance.

TTS improves reasoning by expending more 043

computation during inference. Such methods typ- 044

ically include two axes: parallel scaling (sam- 045

pling multiple candidate solutions and aggregat- 046

ing/choosing the best) (Wang et al., 2023; Zhou 047

et al., 2024; Bi et al., 2025) and sequential scal- 048

ing (allocating more steps/tokens for deliberation, 049

revision, or verification) (Wu et al., 2025; Muen- 050

nighoff et al., 2025; Zeng et al., 2025). A domi- 051

nant and simple instantiation is to sample multiple 052

responses and then vote or score to pick the fi- 053

nal answer (Wang et al., 2023; Yao et al., 2023; 054

Besta et al., 2024), often referred to as best-of-N 055

sampling. Such multi-sample inference is widely 056

adopted because it can reduce variance caused by 057

stochastic decoding and minor prompt/parameter 058

perturbations, where the same question could yield 059

inconsistent outputs (Wang et al., 2022). In this 060

paper, we mainly study the parallel scaling. 061
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However, a key limitation of existing TTS062

pipelines is that they usually scale computation063

within a fixed reasoning format1. That is, the sys-064

tem repeats the same format template and only065

varies decoding randomness, sample count, or rea-066

soning length. Recent studies show that the effec-067

tiveness of TTS is highly sensitive to prompt strat-068

egy, model type, and problem difficulty. Even so-069

phisticated prompting could scale worse than sim-070

pler strategies as the sample budget increases (Liu071

et al., 2025; Agarwal et al., 2025; Snell et al., 2025).072

This suggests that format choice is not a cosmetic073

detail but a central factor that shapes the solution074

distribution explored by TTS, and a mismatched075

format can waste substantial test-time compute.076

Therefore, in this paper, we revisit TTS from a077

new angle: to optimize TTS, we should scale not078

only the number of samples/steps, but also the079

format that governs what the model can express080

and explore. We first prove that multi-sample infer-081

ence under a single fixed format primarily improves082

robustness that reduces variance, whereas adapting083

multiple suitable formats can further improve capa-084

bility by expanding the explored reasoning modes085

and reducing systematic errors induced by a mis-086

matched format. Then, based on this perspective,087

we propose FORMAT-ADAPTER, a format-adaptive088

TTS method that optimizes inference-time perfor-089

mance by generating and selecting suitable reason-090

ing formats without additional training.091

To evaluate the effectiveness of FORMAT-092

ADAPTER, we study two mainstream reasoning do-093

mains: math and reasoning. Experiments show that,094

under the same TTS budget, FORMAT-ADAPTER095

improves performance by 2.2% on average over096

previous works, demonstrating new SOTA results097

on the parallel scaling TTS, which highlights the098

necessity of format selection in TTS.099

Our contributions are as follows:100

• From the perspective of optimizing TTS, we ana-101

lyze why adapting multiple formats can outper-102

form scaling compute within a single format.103

• We propose FORMAT-ADAPTER, which gener-104

ates and selects suitable reasoning formats using105

LLMs to improve TTS effectiveness.106

• Experiments show FORMAT-ADAPTER yields107

2.2% improvement on average over previous108

methods, demonstrating new SOTA results on109

the parallel scaling TTS.110

1In this paper, we define a reasoning format as the prompt-
and-output schema that specifies how an LLM externalizes
intermediate reasoning and the final answer.

Figure 2: The comparison between single-format TTS
(left) and multi-format TTS (right) under the same par-
allel test-time compute budget. The yellow ⃝ denotes
the correct answer, the blue • denotes different predic-
tions, and the blue ✩ denotes the average prediction.
Single-format TTS produces answers that all cluster
around a specific response, averaging which mainly just
reduces the variance. Multi-format TTS yields more
diverse answers, making their average ends up closer to
the correct answer of the given query.

2 Preliminaries 111

In this section, based on the error analysis, we 112

derive the TTS errors under a single format and 113

under multiple formats, thereby demonstrating that 114

single-format TTS can only improve robustness, 115

whereas multi-format TTS is necessary to en- 116

hance the reasoning capability. All proofs of this 117

section are present in Appendix A. 118

2.1 Error of Single Reasoning Format 119

First, we discuss the error of the general ensemble 120

method (Sagi and Rokach, 2018), since a dominant 121

instantiation of parallel TTS is to generate multi- 122

ple responses and then aggregate, which can be 123

regarded as an ensemble method. In this paper, we 124

use the error function L(x, y) as follows: 125

L(x, y) =

{
1 if x ̸= y

0 if x = y
(1) 126

The function L represents whether the prediction 127

result matches the correct answer exactly. We de- 128

fine D = {(xi, yi)}|D| as the experimental dataset, 129

{ϕi}m as the set of m predictors (corresponding to 130

m generated answers under a fixed test-time bud- 131

get), and ϕ̄ = avg(ϕim) as the ensemble predictors. 132

Proved by Wood et al. (2024), the error of ensem- 133

ble learning with m predictors on the dataset D can 134

be expressed as the error over the dataset minus the 135

divergence among the individual predictors, that is: 136

ED

[
L(ϕ̄, y)

]
=

1

m

m∑
i=1

ED [L (ϕi, y)]

− ED

[
1

m

m∑
i=1

L
(
ϕi, ϕ̄

)] (2) 137
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Then we discuss the error of generating multiple138

responses using LLMs under single-format TTS.139

For a model employing a single reasoning format,140

we assume the used format is f and the model141

is ϕ. When generating multiple answers, we can142

regard each predictor as applying a perturbation143

(e.g., temperature, top_p) to the model inherent144

performance under this fixed format, expressed as145

ϕi = ϕ ◦ f+ δi, where δi denotes the perturbation.146

It can be derived that generating one single answer147

using ϕi can be presented as:148

ED [L(ϕi, y)] = ED [L (ϕ ◦ f+ δi, y)] (3)149

We assume an ideal scenario where the aver-150

age of all predictors represents the inherent perfor-151

mance of the model under the fixed format, i.e.,152

limm→∞ ϕ̄ = ϕ ◦ f. It can be proven that the er-153

ror in generating multiple answers using a single154

reasoning format satisfies:155

ED

[
L(ϕ̄, y)

]
= ED [L (ϕ ◦ f, y)] (4)156

It can be seen that, compared with Equation 3,157

scaling test-time computation by generating mul-158

tiple answers under a fixed format can eliminate159

the perturbation δ, enhancing robustness. However,160

when using the single fixed format f , Equation 4161

is determined by ϕ ◦ f, showing that further perfor-162

mance improvement is constrained by the inherent163

capability and systematic errors induced by the164

model-format pairing during TTS.165

2.2 Error of Multiple Reasoning Format166

In the following, we discuss the error of using167

multiple reasoning formats in TTS and why it can168

outperform single-format TTS under the same test-169

time budget. During inference, we employ multiple170

formats {fi}m with one single model ϕ, so we can171

assume the predictors to be ϕi = ϕ ◦ fi + δi. It can172

be proved that the reasoning error follows:173

ED

[
L(ϕ̄, y)

]
=

1

m

m∑
i=1

ED [L(ϕ ◦ fi, y)]

− ED[
1

m

m∑
i=1

L(ϕ ◦ fi, ϕ̄)]
(5)174

In Equation 5, the first term denotes the average175

error over all format-conditioned predictions and176

correct answers, and the second term measures the177

divergence induced by different reasoning formats.178

It can be observed that, even with the same model179

and the same test-time compute budget, we can 180

combine different reasoning formats to minimize 181

errors, thereby improving performance, as shown 182

in the right part of Figure 2. 183

3 Methodology 184

This section introduces FORMAT-ADAPTER, a 185

training-free TTS method that improves inference- 186

time reasoning by adapting reasoning formats un- 187

der a given test-time compute budget. Unlike con- 188

ventional TTS pipelines that repeatedly scale com- 189

putation within a fixed reasoning format, FORMAT- 190

ADAPTER additionally scales over the format space 191

by generating and selecting suitable reasoning for- 192

mats. An illustration of our method is shown in 193

Figure 3. The prompts we used are provided in 194

Appendix B.1. We also discuss the efficiency of 195

FORMAT-ADAPTER in Appendix C.1. 196

3.1 Format Generation 197

This step generates candidate reasoning formats 198

to support format-adaptive TTS, ensuring both the 199

relevance and diversity of the explored formats. 200

Relevance means that the generated reasoning for- 201

mats are appropriate for the given task, so that test- 202

time compute is not wasted on mismatched ones. 203

Diversity demands that the generated reasoning 204

formats be varied, enabling models to explore mul- 205

tiple reasoning modes beyond stochastic decoding 206

variations within a limited scope during TTS. 207

To ensure relevance, an example is provided dur- 208

ing generation to help LLMs learn how to produce 209

task-relevant reasoning formats. To ensure diver- 210

sity, we design the instruction to ask LLMs to gen- 211

erate reasoning formats across multiple categories, 212

where each category consists of multiple formats. 213

For instance, as shown in Figure 3, Natural Lan- 214

guage is the reasoning format category, while En- 215

glish and Chinese are the reasoning formats of this 216

category. In summary, the input includes the task 217

definition and an example of the format generation, 218

while the output consists of multiple reasoning for- 219

mats to be used for subsequent TTS. 220

3.2 Answer Generation 221

This step performs multi-sample inference at test 222

time to generate candidate answers under each gen- 223

erated reasoning format. First, the instruction is 224

rewritten according to each reasoning format to 225

ensure that answer generation follows the given 226

prompt-and-output schema. We take the original 227
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1. Format Generation
Instruction: Generate possible reasoning 
formats for the given task. \n Task: Given 
the following problem, reason and give a 
final answer to the problem.

Reasoning Formats:
Natural Language - English, Chinese, …
Math Notation - LaTex, Markdown, …
Number Format - Decimal, Character, …

4. Answer Selection

Answer: 68

3. Answer Scoring
LaTex (Math Notation)

Instruction: Score the response to the 
question. \n Question: Mary is two … 
\n Response: Jeassa is $20$ years …

Score: 8

Chinese (Natural Language)
Instruction: Score the response to the 
question. \n Question: Mary is two … 
\n Response: Jeassa今年20岁 …

Score: 9

English (Natural Language)
Instruction: Score the response to the 
question (1-10). \n Question: Mary is 
two … \n Response: Jeassa is 20…

Score: 4

2. Answer Generation
LaTex (Math Notation)

Instruction: Joan is 25, 2 older than 
Mary, 5 older than Jessa, what is their 
sum ages? \n Answer with LaTex.

Answer: Joan is $5$ years older than 
Jessa, so …, Therefore, the sum of the 
ages of the three girls is $65$ years.

Chinese (Natural Language)
Instruction: Joan is 25, 2 older than 
Mary, 5 older than Jessa, what is their 
sum ages? \n Answer with Chinese.

Answer: Joan比Jessa大5岁，因此...。
综上所述, 三个女孩的年龄总合为
68岁。

English (Natural Language)
Instruction: Joan is 25, 2 older than 
Mary, 5 older than Jessa, what is their 
sum ages? \n Answer with English.

Answer: Joan is 5 years older than 
Jessa, so …, Therefore, the sum of the 
ages of the three girls is 65 years.

Figure 3: The pipeline of FORMAT-ADAPTER, which includes four steps: (i) Format Generation: Generate candidate
reasoning formats; (ii) Answer Generation: Perform budgeted multi-sample inference under each format to obtain
candidate answers; (iii) Answer Scoring: Use LLMs to score the generated answer; (iv) Answer Selection: Select the
final answer using Equation 5. Red and green parts represent the reasoning formats leading to incorrect and correct
answers during TTS, respectively.

instruction of the task and the reasoning format228

as input and ask LLMs to output the rewritten in-229

struction based on the reasoning format. Then, the230

rewritten instruction is used to generate different231

reasoning answers for the given user question. Con-232

cretely, we apply zero-shot inference by inputting233

the rewritten instruction and the user question, and234

we allocate test-time compute by sampling one or235

multiple answers per format, consistent with stan-236

dard parallel-scaling TTS.237

3.3 Answer Scoring238

After obtaining candidate answers across different239

reasoning formats, we aim to select suitable for-240

mats that minimize the test-time error objective in241

Equation 5. However, the error between the pre-242

diction and the ground-truth answer, L(ϕ ◦ fi, y),243

is difficult to compute at test time as the ground244

truth is unavailable. Therefore, we use an LLM-245

based scorer to estimate the probability that each246

predicted answer is correct, which serves as a proxy247

for the unknown loss under the TTS setting. Fol-248

lowing previous works (Zheng et al., 2023; Yao249

et al., 2023; Zhou et al., 2025), we input the user250

question and the predicted answer, outputting a251

score from 1 to 10 to represent the degree of prob-252

ability that the answer is correct. To ensure that253

there is the same scale between the first term and254

the second term of Equation 5 during the calcula-255

tion, we divide the rating by 10. We also evalu-256

ate other score methods in Appendix D.8, which257

requires higher computation while demonstrates258

better performance during inference.259

3.4 Answer Selection260

Based on the predicted answers and correspond-261

ing scores under different reasoning formats, we262

select the final answer according to Equation 5 in263

a budget-aware TTS manner. Specifically, given264

the dataset D and the model ϕ, we hope to find265

suitable reasoning formats to minimize the error 266

that satisfies the following: 267

{fi}n = argmin
{fi}n⊆{fi}m

ED [L(q̄, y)] (6) 268

In Equation 5, the first term can be directly cal- 269

culated by averaging the scores obtained in §3.3. 270

The second term requires calculating the average 271

difference between all results and the average re- 272

sult, where we take the average prediction ϕ̄(x) as 273

the answer that appears most frequently among all 274

outcomes. Considering computational efficiency 275

under a test-time budget, we adopt a greedy al- 276

gorithm to select formats: we add each format fi 277

one by one to the selected results. If the value 278

of Equation 5 decreases, we retain fi. Otherwise, 279

we remove fi. Due to the inherent scoring errors 280

of LLMs, we do not directly use the answer with 281

the highest score within the selected set. Instead, 282

consistent with standard multi-sample TTS aggre- 283

gation, we choose the most frequently occurring an- 284

swer among the selected results as the final answer, 285

ensuring high quality while keeping consistency. 286

4 Experiment 287

4.1 Experimental Setup 288

Datasets To validate the effectiveness of 289

FORMAT-ADAPTER, we conduct our experiments 290

on four mainstream reasoning datasets including: 291

GSM8K (Cobbe et al., 2021), MATH (Saxton 292

et al., 2019), ARC-Challenge (Yadav et al., 2019), 293

and GPQA (Rein et al., 2024). To fully verify the 294

effectiveness while reducing inference cost, we 295

employ subsets of certain datasets. Specifically, 296

for GSM8K and ARC-Challenge, we sample 297

256 questions that are not well solved by the 298

current LLMs, referred to as GSM8K-Hard and 299

ARC-Challenge-Hard, respectively. For MATH, 300

we utilize MATH500 (Lightman et al., 2024), 301
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which samples 500 questions from the original302

dataset. For GPQA, we employ the original test set,303

comprising 448 questions. We use Exact Match304

(EM) as the evaluation metric for all datasets.305

Models We conduct the experiments with Llama-306

3.1-8B/70B-Instruct (Llama-3.1) (Dubey et al.,307

2024), Qwen3-8B (Yang et al., 2025a), and308

gpt-5-nano-2024-11-20 (gpt-5-nano) (Ope-309

nAI et al., 2024b). Llama-3.1 and Qwen3310

are mainstream and high-performing open-source311

LLMs. gpt-5-nano represents powerful close-312

source LLMs in terms of reasoning capabilities.313

Baselines To better reflect the effectiveness of314

FORMAT-ADAPTER, we compare it with cur-315

rent mainstream parallel scaling TTS methods,316

including Self-Consistency (Wang et al., 2023),317

Tree-of-Thought (Yao et al., 2023), DTV (Zhou318

et al., 2024), Self-Certainty (Kang et al., 2025),319

Shortest MV (Zeng et al., 2025), and Forest-of-320

Thought (Bi et al., 2025). Appendix B.2 intro-321

duces the above baselines. We compare FORMAT-322

ADAPTER with more baselines in Appendix D.1.323

Implement Details Following Qin et al. (2023),324

we evaluate FORMAT-ADAPTER in a zero-shot325

manner. We set the temperature as 0.5 and top_p326

as 0.9. The sample number is consistent with the327

number of generated formats, which is shown in328

Appendix B.3. Considering that the optimal pa-329

rameters vary across different methods, the param-330

eters for each baseline are set to the optimal values331

adopted in their respective papers. All our experi-332

ments are adapted on two A100-80G, which costs333

one hour on average for each setting. All imple-334

mentations are based on Transformers (Wolf et al.,335

2020) and vLLM (Kwon et al., 2023).336

4.2 Main Experiment337

The main experimental results are shown in Ta-338

ble 1. FORMAT-ADAPTER achieves 2.2% relative339

performance improvement on average over the best340

baseline in each setting and establishes new SOTA341

results on the parallel scaling TTS methods, demon-342

strating that adapting reasoning formats makes TTS343

more effective. We also report the average perfor-344

mance of five runs in Appendix D.4. Besides, from345

Table 1, we can also observe that:346

Dataset Compared with Self-Consistency, our347

method yields more pronounced performance gains348

on simpler datasets such as GSM8K and ARC-349

Challenge than on more complex datasets (4.8%350

vs. 10.1%). This suggests that LLMs tend to pro- 351

duce more consistent answers on simple problems, 352

where adjusting the reasoning format is necessary 353

to prevent LLMs from being anchored to a particu- 354

lar answer, enhancing reasoning capability. 355

Model Compared with Self-Consistency, our 356

method yields more pronounced performance gains 357

on Llama-3.1 than on more advanced models (3.4% 358

vs. 11.4%). On the one hand, this is because more 359

advanced models can already solve the given prob- 360

lems well, so there are fewer bad cases and thus 361

smaller room for improvement. On the other hand, 362

this indicates that weaker models are more likely to 363

generate consistent answers, and therefore rely on 364

changes to the reasoning format to produce more 365

diverse outcomes during inference. 366

Oracle A noticeable gap remains between Vote 367

and Oracle, which can be attributed to the fact that 368

the scoring quality of LLMs is suboptimal, making 369

it challenging to reliably evaluate correctness at 370

test time. Besides, for choice-based datasets such 371

as ARC-Challenge and GPQA, LLMs could output 372

the correct choice with imperfect reasoning, which 373

can be penalized by score-based selection, thereby 374

widening the Vote-Oracle gap. 375

4.3 Ablation Study 376

To demonstrate the effectiveness of each step of 377

FORMAT-ADAPTER, we adapt the ablation exper- 378

iment. The results are shown in Table 2, where 379

removing any step degrades performance, validat- 380

ing the necessity of each component for making 381

inference-time computation more effective. Fur- 382

thermore, we can observe that: (i) Removing the 383

Select step causes the largest drop, suggesting that 384

under a fixed test-time budget, only a small subset 385

of generated formats tends to yield correct solu- 386

tions for many questions, showing that selecting 387

suitable formats is critical; (ii) The degradation is 388

more pronounced for smaller models, implying that 389

small-scale models produce fewer formats capable 390

of reaching correct answers, and thus rely more on 391

Rewrite and Select for benefit. 392

4.4 Analysis 393

In this section, we conduct analytical experiments 394

to better understand how FORMAT-ADAPTER im- 395

proves reasoning under TTS and to guide parameter 396

choices. We also provide a case study to further 397

illustrate how FORMAT-ADAPTER improves per- 398

formance in Appendix C.2. 399

5



Model Method GSM8K-Hard MATH500 ARC-C-Hard GPQA
Vote Oracle Vote Oracle Vote Oracle Vote Oracle

Llama-3.1-8B

Single 23.0 − 47.8 − 16.8 − 28.1 −
Self-Consistency 36.7 55.1 51.4 63.0 18.4 23.4 30.8 59.2
Tree-of-Thought 43.0 53.9 52.8 56.8 24.2 33.8 32.8 46.7
DTV 51.6 56.2 55.4 56.4 39.1 42.6 32.6 50.0
Self-Certainty 49.8 68.9 59.0 71.2 48.5 69.7 33.4 64.3
Shortest MV 48.1 66.0 58.2 70.0 44.2 65.0 33.0 70.0
Forest-of-Thought 53.6 88.0 59.2 73.4 56.2 89.5 33.6 91.9

FORMAT-ADAPTER 54.7 89.8 60.4 75.0 57.4 91.4 34.3 93.8

Llama-3.1-70B

Single 66.0 − 63.4 − 68.0 − 43.1 −
Self-Consistency 70.3 77.3 64.4 72.8 69.1 69.9 46.2 66.5
Tree-of-Thought 71.5 77.6 67.2 75.2 70.7 72.3 48.0 73.2
DTV 71.7 84.3 65.8 81.8 69.9 73.8 50.2 75.9
Self-Certainty 74.3 88.0 69.2 81.0 71.1 83.5 49.8 79.5
Shortest MV 73.0 86.2 69.4 80.0 70.9 82.0 49.0 77.0
Forest-of-Thought 74.6 92.9 69.6 83.6 71.3 86.9 50.4 94.4

FORMAT-ADAPTER 76.2 94.9 71.0 85.4 72.8 88.7 51.5 96.4

Qwen3-8B

Single 78.3 − 76.2 − 83.2 − 42.4 −
Self-Consistency 79.1 87.5 77.0 83.5 84.0 90.4 45.3 64.7
ToT 80.3 88.9 77.9 84.7 84.8 91.9 47.6 68.9
DTV 80.9 91.4 78.5 86.2 85.7 94.1 49.1 71.8
Self-Certainty 81.6 95.0 78.6 87.9 86.3 96.4 50.9 82.3
Shortest MV 81.0 93.2 78.2 86.0 86.0 95.0 50.4 79.6
Forest-of-Thought 81.8 95.3 78.8 88.0 86.5 96.6 51.1 95.2

FORMAT-ADAPTER 83.5 97.3 80.4 89.8 88.3 98.6 52.2 97.2

gpt-5-nano
Single 80.0 − 78.2 − 85.6 − 70.4 −
Self-Consistency 81.4 90.5 79.0 86.8 86.7 93.8 71.8 76.2

FORMAT-ADAPTER 84.2 97.7 81.2 90.6 89.0 99.1 73.0 97.9

Table 1: EM of FORMAT-ADAPTER and baselines under different settings. The best results of each setting are
marked in bold. Oracle denotes whether the sampled answers contain the gold answer. Single denotes generating
one single answer. Due to the limitations of computing resources for test-time scaling, we only compare the
performance of FORMAT-ADAPTER with Self-Consistency on gpt-5-nano.

0.1 0.14 0.18 0.22 0.26
40

42

44

46

Value of Equation 5

E
M

of
M

A
T

H
50

0

Figure 4: The performance on MATH with different
formats using Llama-3.1-8B. Different blue • denotes
the result using different formats, where the formats are
randomly sampled from those generated by FORMAT-
ADAPTER. The correlation coefficient is −0.652.

4.4.1 Reasoning Error400

To show that Equation 5 effectively captures test-401

time reasoning error under multiple formats, we402

analyze MATH and correlate model performance403

with the error values computed by Equation 5 us-404

ing different reasoning formats in Figure 4. The405

figure shows that: (i) As the value of Equation 5 406

increases, the reasoning performance consistently 407

decreases, indicating that the metric reflects pro- 408

gressively larger reasoning errors at test time; (ii) 409

The error values concentrate around 0.22, suggest- 410

ing that most formats yield similar (but suboptimal) 411

results compared to the best formats, which high- 412

lights the necessity of selecting suitable reasoning 413

formats to avoid systematic errors induced by mis- 414

matched formats under TTS. 415

4.4.2 Reasoning Format Category 416

To examine how different reasoning format cate- 417

gories contribute to FORMAT-ADAPTER, we ana- 418

lyze the average improvement achieved when re- 419

stricting FORMAT-ADAPTER to specific format cat- 420

egories in Figure 5. We also list the most suitable 421

reasoning format for each task in Appendix B.3. 422

From Figure 5, we can see that: (i) For a sin- 423

gle reasoning format category, the improvement 424

depends on the diversity of answers induced by 425

formats in that category. Categories with low im- 426
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Model Method GSM8K-Hard MATH500 ARC-C-Hard GPQA

Llama-3.1-8B

FORMAT-ADAPTER 54.7 56.8 57.4 33.5
- Rewrite 51.6(−3.1) 53.6(−3.2) 52.0(−5.4) 32.4(−1.1)

- Select 49.2(−5.5) 47.8(−9.0) 54.7(−2.7) 25.4(−8.1)

- Score 53.9(−0.8) 54.2(−2.6) 52.7(−4.7) 30.1(−3.4)

Llama-3.1-70B

FORMAT-ADAPTER 76.2 70.4 71.5 51.0
- Rewrite 75.4(−0.8) 69.6(−0.8) 68.8(−2.7) 47.1(−3.9)

- Select 75.0(−1.2) 68.6(−1.8) 66.4(−5.1) 44.2(−6.8)

- Score 73.8(−2.4) 70.2(−0.2) 69.9(−1.6) 47.3(−3.7)

Table 2: The ablation study results under: (i) Rewrite: Generate answers without rewriting instructions; (ii) Select:
Vote the answer from the responses with the highest score; (iii) Score: Set all answers with the same score of 1.0.

+0 +5 +10

Overall

Math Notation

Question Format

Output Format

Answer Format

Natural Language

Explain Level

10.6

0.3

1.5

3.4

3.7

6.3

6.8

∆̄EM

Figure 5: The average improvement brought by
FORMAT-ADAPTER with different reasoning categories
having more than four formats. ∆̄EM denotes the aver-
age improvement compared to Self-Consistency. Over-
all denotes using all reasoning categories.

provements (e.g., Math Notation) tend to produce427

similar answers across formats, behaving similarly428

to single-format Self-Consistency. In contrast, cat-429

egories with higher improvements (e.g., Explain430

Level) yield more diverse solutions, increasing the431

chance of including a correct candidate under a432

fixed test-time budget; (ii) Even the best single433

category underperforms when using all categories434

(Overall), indicating that different questions benefit435

from different reasoning modes, and combining436

multiple categories better realizes the capability437

gains of TTS beyond variance reduction.438

4.4.3 Reasoning Format Scale439

Considering practical inference budgets and to bet-440

ter understand how the reasoning format scale af-441

fects performance, we evaluate the performance442

of FORMAT-ADAPTER under different reasoning443

format scales during inference. Figure 6 shows that444

performance improves as the number of formats445

increases, supporting the necessity of scaling for-446

mats to make TTS more effective. Notably, even447

with a small number of formats (< 5), FORMAT-448

ADAPTER still yields significant gains, demonstrat-449

ing the effectiveness of our method under the lim-450

ited test-time computing scenario.451

5 10 15 20 25
+0

+2

+4

+6

+8

+10

Format Scale

∆
EM

MATH + 8B MATH + 70B
GPQA + 8B GPQA + 70B

Figure 6: The average performance improvement
brought by FORMAT-ADAPTER with different format
scales on MATH and GPQA using Llama-3.1. ∆EM de-
notes the EM improvement compared with the inference
result using the single format.

Moreover, Figure 6 shows that the improvement 452

trend typically increases quickly, saturates, and 453

then rises again. This can be explained by two com- 454

plementary effects of TTS: (i) In the early stage, the 455

main bottleneck is stochastic inconsistency, where 456

increasing the number of formats improves robust- 457

ness via variance reduction, similar to multi-sample 458

inference under a fixed format; (ii) After sufficient 459

scaling, the bottleneck shifts to format mismatch, 460

where adding more formats increases the probabil- 461

ity of including a suitable reasoning mode for the 462

question, reducing systematic errors and yielding 463

further capability improvements. 464

4.4.4 Format Selection Ratio 465

To better understand how FORMAT-ADAPTER al- 466

locates test-time compute across formats, we com- 467

pute the ratio of formats selected by FORMAT- 468

ADAPTER and the ratio of formats that contain 469

a correct answer per category (Oracle), as shown 470

in Figure 7. We can observe that: (i) The selection 471

ratio of FORMAT-ADAPTER follows a trend simi- 472

lar to Oracle, indicating that FORMAT-ADAPTER 473
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20 40 60 80 100

Question Format

Language Type

Explain Level

Math Notation

Answer Format

Output Format

90.6

91.7

93.2

89.3

82.9

76.1

74.3

72.7

67.4

53.4

53.3

35.6

Ratio (%)

FORMAT-ADAPTER Oracle

Figure 7: The average ratio over all datasets of each
reasoning format category that is selected by FORMAT-
ADAPTER (blue) and that contains the format that can
solve the question correctly (Oracle, green).

tends to allocate compute to appropriate formats474

that are more likely to contain correct answers; (ii)475

Compared to the average Oracle performance of476

FORMAT-ADAPTER in Table 1 (89.4%), the best477

single format still lags by 15.1%, suggesting that478

no single fixed format is universally optimal and479

that multiple formats are necessary for effective480

TTS; (iii) FORMAT-ADAPTER selects a relatively481

high proportion (> 70%) for each category, imply-482

ing that LLM-based scoring tends to assign overly483

high scores, leading to selecting many categories484

that do not contain correct answers, which moti-485

vates future improvements on test-time scoring.486

5 Related Works487

Current research show that TTS is an effective488

method to improve LLMs performance (Snell et al.,489

2025; Wu et al., 2025; Agarwal et al., 2025; Ope-490

nAI et al., 2024a). Most existing TTS methods491

scale compute along (i) parallel scaling, which492

samples multiple candidate solutions and aggre-493

gates or selects a final answer (Wang et al., 2023;494

Brown et al., 2024; Yao et al., 2023; Besta et al.,495

2024), and many of these can be interpreted within496

the Minimum Bayes Risk (MBR) decoding frame-497

work (Bertsch et al., 2023; Kamigaito et al., 2025;498

Wood et al., 2024; Heineman et al., 2024); and499

(ii) sequential scaling, which spends more steps500

for deliberation, revision, or verification (Zeng501

et al., 2025). Recent work further studies compute-502

optimal and adaptive TTS, showing that the op-503

timal allocation of test-time compute depends on504

prompt difficulty and that scaling behavior is highly505

sensitive to prompting strategy and model type506

(Snell et al., 2025; Wu et al., 2025; Agarwal et al.,507

2025; Liu et al., 2025). Very recent extensions ex-508

plore training-free test-time scaling beyond single- 509

model best-of-N , such as multi-model routing 510

and agentic scaling (Geuter and Kornhardt, 2025; 511

Song et al., 2025; Zhu et al., 2025), as well as 512

efficiency-oriented interventions including verifier- 513

based thinking compression and minimal test-time 514

intervention (Lin et al., 2025; Yang et al., 2025b), 515

and LLM-guided search for optimization problems 516

(Li et al., 2025; Romera-Paredes et al., 2024). 517

Despite this progress, a key limitation is that 518

most training-free TTS methods scale computa- 519

tion within a fixed, human-chosen reasoning for- 520

mat, varying only in decoding randomness, sample 521

count, or reasoning length. Since TTS effective- 522

ness is highly sensitive to formatting choices, a 523

mismatched format can systematically bias the so- 524

lution distribution and waste substantial test-time 525

computation (Liu et al., 2025; Agarwal et al., 2025; 526

Snell et al., 2025). Therefore, in this paper, we 527

prove that using a single format can only enhance 528

robustness, while adapting multiple formats can en- 529

hance inference ability. Based on this, we present 530

FORMAT-ADAPTER to improve training-free TTS 531

by generating and selecting suitable reasoning for- 532

mats at inference time, aiming to enhance not only 533

robustness but also capability by expanding the 534

explored reasoning formats. 535

6 Conclusion 536

In this paper, we revisit TTS for LLM reasoning 537

and argue that effective TTS should scale not only 538

inference compute but also the reasoning format. 539

We propose FORMAT-ADAPTER, a format-adaptive 540

TTS framework that allocates a fixed test-time 541

budget across multiple reasoning formats. First, 542

we analyze that scaling compute within a single 543

fixed format mainly improves robustness by re- 544

ducing variance, whereas adapting multiple suit- 545

able formats can further improve capability by ex- 546

panding the explored reasoning modes. Building 547

on this perspective, FORMAT-ADAPTER leverages 548

LLMs to generate and select reasoning formats un- 549

der a given TTS budget, enabling the system to 550

spend inference-time compute on suitable formats. 551

Experiments on math and commonsense reason- 552

ing demonstrate that, under the same TTS budget, 553

FORMAT-ADAPTER consistently outperforms prior 554

TTS baselines, achieving an average improvement 555

of 2.2% compared with existing methods, which 556

demonstrates new SOTA results on the training-free 557

parallel-scaling TTS, showing its effectiveness. 558
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Limitations559

Current research mainly focuses on training-free560

TTS, while how to adapt the motivation of this561

paper to the post-training is still under discovery.562

Ethics Statement563

All datasets and models used in this paper are pub-564

licly available, and our usage follows their licenses565

and terms. We have employed the LLM tools for566

coding and polishing.567
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A Proof of Equations876

Lemma 1. Let m,ϕ, ϕ̄ follow the definition in877

§2.1. If limm→∞ ϕ̄ = ϕ ◦ f, we can derive that878

limm→∞ δm = 0.879

Proof. Considering that ϕ̄ = avg(ϕi) = avg(ϕ ◦880

f+ δi), we can derive that881

avg(ϕ ◦ f+ δi) = ϕ ◦ f(m → ∞)

Therefore, avg(δi) = 0(m → ∞). Assume, for882

contradiction, that limm→∞ δm ̸= 0. Then, there883

exists some ϵ > 0 such that for large enough m,884

δm ≥ ϵ. For large m, the average of the first m885

terms is886

δ1 + δ2 + · · ·+ δm
m

887

Since the average tends to 0, for sufficiently large888

m, we must have889

δ1 + δ2 + · · ·+ δm
m

< ϵ890

However, if there are infinitely many δm ≥ ϵ,891

this contradicts the fact that the average tends to 0.892

Thus, limm→∞ δm = 0.893

Considering Lemma 1, in the following proof,894

we substitute m → ∞ with δm → 0.895

A.1 Proof of Equation 4896

Theorem 1. Let D,L,m, ϕ, ϕ̄ follow the definition
in §2.1. We can derive that:

lim
δi→0

ED

[
L(ϕ̄, y)

]
=

1

m

m∑
i=1

L (ϕ ◦ f, y)

Proof.

1

m

m∑
i=1

ED [L (ϕi, y)] (7)897

=
1

m

m∑
i=1

ED [L (ϕ ◦ f+ δi, y)] (8)898

= ED [L (ϕ ◦ f, y)] (δi → 0) (9)899

Considering that:900

ϕ̄ =
1

m

m∑
i=1

ϕi (10)901

=
1

m

m∑
i=1

ϕ ◦ f(δi → 0) (11)902

= ϕ ◦ f (12)903

We can derive that: 904

ED

[
1

m

m∑
i=1

L
(
ϕi, ϕ̄

)]
(13) 905

= ED

[
1

m

m∑
i=1

L
(
ϕ ◦ f+ δi, ϕ̄

)]
(14) 906

= ED

[
1

m

m∑
i=1

L (ϕ ◦ f, ϕ ◦ f)

]
(δi → 0) (15) 907

= 0 (16) 908

Based on Equation 2, we can derive that: 909

ED

[
L(ϕ̄, y)

]
(17) 910

=
1

m

m∑
i=1

ED [L (ϕi, y)] (18) 911

− ED

[
1

m

m∑
i=1

L
(
ϕi, ϕ̄

)]
(19) 912

= ED [L (ϕ ◦ f, y)] (δi → 0) (20) 913

914

A.2 Proof of Equation 5 915

Theorem 2. Let D,L,m, ϕ, ϕ̄ follow the definition 916

in §2.2. we can derive that: 917

lim
δi→0

ED

[
L(ϕ̄, y)

]
(21) 918

=
1

m

m∑
i=1

ED [L(ϕ ◦ fi, y)] (22) 919

− ED[
1

m

m∑
i=1

L(ϕ ◦ fi, ϕ̄)] (23) 920

Proof.

1

m

m∑
i=1

ED [L (ϕi, y)] (24) 921

=
1

m

m∑
i=1

ED [L (ϕ ◦ fi + δi, y)] (25) 922

=
1

m

m∑
i=1

L (ϕ ◦ fi, y) (δi → 0) (26) 923

lim
δi→0

ED

[
1

m

m∑
i=1

L
(
ϕi, ϕ̄

)]
(27) 924

= ED

[
1

m

m∑
i=1

L
(
ϕ ◦ fi, ϕ̄

)]
(28) 925
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Based on Equation 2, we can derive that:926

ED

[
L(ϕ̄, y)

]
(29)927

=
1

m

m∑
i=1

ED [L (ϕi, y)] (30)928

− ED

[
1

m

m∑
i=1

L
(
ϕi, ϕ̄

)]
(31)929

=
1

m

m∑
i=1

ED [L(ϕ ◦ fi, y)] (32)930

− ED[
1

m

m∑
i=1

L(ϕ ◦ fi, ϕ̄)](δi → 0) (33)931

932

B Additional Information933

B.1 Prompts of FORMAT-ADAPTER934

The prompts of FORMAT-ADAPTER are shown in935

Table 3. The prompt for the instruction rewriting936

is provided in the code since this prompt is too937

long. The prompts of the answer generation of938

each task follow Dubey et al. (2024), which can be939

found in https://huggingface.co/datasets/940

meta-llama/Llama-3.1-8B-Instruct-evals.941

B.2 Baselines of Main Experiments942

Single is to generate one answer using one format943

with Chain-of-Thought (Wei et al., 2022). The944

prompts we used follow Dubey et al. (2024).945

Self-Consistency is similar to Single, while we946

generate multiple answers for each question. The947

generation number is the same as the format num-948

ber of FORMAT-ADAPTER for each task, and we949

set the temperature as 0.5 and top_p as 0.9. The950

prompts are the same as with Single.951

Tree-of-Thought is to generate the reasoning952

process step by step, where it evaluates the results953

of each step, which are used as the input for the954

next step. The parameters and prompts we used955

follow the defaults outlined in the paper.956

DTV asks models to generate Isabelle formula-957

tions (Nipkow et al., 2002) to answer the questions,958

which can be executed automatically to ensure the959

logical correctness of the consistent answers. The960

parameters and prompts we used follow the de-961

faults outlined in the paper.962

Self-Certainty is a reward-free confidence met- 963

ric for best-of-N sampling in LLMs, which di- 964

rectly uses the model’s own token probability dis- 965

tributions during generation. At each decoding 966

step, it measures how far the predicted distribu- 967

tion deviates from a uniform distribution, where 968

a more peaked distribution indicates higher cer- 969

tainty. These token-level scores are averaged to 970

obtain a sentence-level self-certainty score for each 971

sampled answer. The model then ranks candidate 972

responses by this score and, using a Borda-style 973

weighted voting scheme, achieves scalable and effi- 974

cient selection that also generalizes to open-ended 975

tasks. 976

Shortest MV is a parallel test-time scaling 977

method that re-ranks answers by combining vote 978

counts with chain-of-thought length. Given multi- 979

ple sampled solutions, the model first clusters them 980

by their final answers. For each answer category, 981

it counts the number of supporting solutions and 982

computes their average length. Shortest MV then 983

assigns a score and selects the answer with the 984

highest score. This scoring favors clusters that are 985

both popular and concise, leveraging the empirical 986

finding that correct solutions are usually shorter 987

than incorrect ones. 988

Forest-of-Thought is a test-time compute scal- 989

ing framework that runs multiple reasoning trees 990

in parallel and aggregates them via collective 991

decision-making (Bi et al., 2025). FoT employs 992

sparse activation to selectively activate only the 993

most relevant trees (or key nodes/paths) for infer- 994

ence, improving both efficiency and accuracy. It 995

also incorporates a dynamic self-correction strat- 996

egy to revise intermediate mistakes in real time 997

and reduce error propagation. Finally, it adopts 998

consensus-guided decision-making (and optional 999

early-stopping strategies) to select the final answer 1000

under a given compute budget. 1001

B.3 Reasoning Formats of 1002

FORMAT-ADAPTER 1003

In this section, we list the reasoning formats gen- 1004

erated by different LLMs on various datasets, as 1005

shown in Table 4. We rename some reasoning cat- 1006

egories in the experiments of §4.4 to ensure that 1007

similar categories can be compared together. Dif- 1008

ferent formats in Table 4 may be more suitable 1009

for different types of questions. For instance, for 1010

numerical representation, "12" is appropriate for 1011

numerical computations, whereas "twelve" is more 1012
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The prompt of Format Generation

You are requested to generate possible answer formats that can be changed for the given task, where I want to
generate different answers in different formats of the given task.
For each task, you MUST generate the possible answer formats quoted with ** of the task, the number of answer
formats of each task MUST > 3.
Here are several examples:

—

Task: Code Generation.
In this task, you are given a question, and then you should generate the Python code to answer the question.
Input: Today is the last day of the first quarter of 2008. What is the date one year ago from today?
Output:
ˋˋˋpython
from datetime import datetime, timedelta
today = datetime(2008, 3, 31)
one_year_ago = today - timedelta(days=365)
ˋˋˋ
The possible answer formats that can be changed are:
1. Natural Language: The natural languages of questions can be changed, like change as **Chinese, French, German,
Spanish**.
2. Code Language: The code languages of answers can be changed, like change to **Java, C++, R, JavaScript**.

—

Based on the above examples, generate the possible answer formats to be changed for the following task.

Task: {task_name}
{task_definition}
Output: {answer}

The prompt of Answer Scoring

Please act as an impartial judge and evaluate the quality of the response provided by an AI assistant to the user
question displayed below. Your evaluation should consider correctness and helpfulness. You will be given a
assistant’s answer. Identify and correct any mistakes. Be as objective as possible. After providing your explanation,
you must rate the response on a scale of 1 to 10 by strictly following this format: "[rating]", for example: "Rating:
[5]".

[Question]
{question}

[The Start of Assistant’s Answer]
{answer}
[The End of Assistant’s Answer]

Table 3: The prompts of FORMAT-ADAPTER.

suitable for non-numerical queries, such as "how1013

many ’e’ are in 12?"1014

From Table 4, we can observe that: (i) Compared1015

to small-scale LLMs, large-scale LLMs are capable1016

of generating a wider variety of reasoning formats,1017

leading to a more significant performance improve-1018

ment, as demonstrated in Table 6; (ii) Compared1019

with simple datasets (e.g., GSM8K), a greater num-1020

ber of reasoning formats are generated on more1021

complex datasets (e.g., MATH, GPQA), as more1022

solving approaches are available for complex ques-1023

tions, thus resulting in more diverse reasoning for-1024

mats.1025

Although the number of synthesized formats1026

varies across different tasks and models, the com-1027

parability of the results is reliable. That is because 1028

some variation in the number of formats does exist 1029

between different tasks; however, these quantitative 1030

differences can be considered variations in the in- 1031

termediate process, reflecting the model’s tendency 1032

to synthesize different formats depending on the 1033

task. Furthermore, since the experimental setup is 1034

consistent across different tasks (e.g., instructions, 1035

hyperparameters), we consider the comparability 1036

of our results to be reliable. 1037
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Model GSM8K-Hard MATH500 ARC-C-Hard GPQA

Llama-3.1-8B

natural language (6), code
language (2), mathematical
notation (2), text format (2),
answer style (2), response
format (1)

natural language (6),
step-by-step format (3),
text format (2), explanation
level (1), mathematical
notation (2)

natural language (8),
answer format (2), code
language (6), explanation
level (4), answer style (2),
output format (3)

natural language (5),
answer format (5),
explanation level (6),
code language (5), answer
style (4), explanation format
(5), step-by-step format (4),
explanation style (5),
mathematical notation (4)

Llama-3.1-70B

mathematical notation (4),
natural language (4), problem
format (4), answer format (4),
reasoning style (3),
unit of measurement (3)

mathematical notation (3),
problem format (5),
solution approach (3),
answer format (3), unit
system (3), problem
complexity (3)

natural language (4),
answer format (1), question
type (1), answer choice
format (4),
context format (3),
answer justification (1)

natural language (4),
answer format (9), explanation
format (1),
question type (4),
candidate answer format
(7), explanation style (4),
answer choice format (7),
mathematical notation (6)

gpt-5-nano

natural language (4),
mathematical expression (4),
explanation style (4),
number representation (5)

natural language (6),
explanation format (2),
notation style (2), answer
presentation (2), units in
solution (2), solution format
(3), mathematical
representation (3), concluding
sentence format (3)

natural language (5),
numerical representation (3),
answer structure (2), answer
explanation (4), response
format (3), question format (4),
contextual explanation (2),
answer representation (8)

natural language (4),
numerical representation (3),
answer presentation (2),
explanation detail (2),
answer format (3)

Table 4: The reasoning categories generated by FORMAT-ADAPTER on different models and datasets. The number
after each category is the format number corresponding to the category. The category with the best performance
under each setting is marked in bold.

C Additional Discussion1038

C.1 Efficiency of FORMAT-ADAPTER1039

In this section, we discuss the efficiency of1040

FORMAT-ADAPTER. For all experiments con-1041

ducted on gpt-5-nano, the total cost is approxi-1042

mately $600, averaging around $0.30 per question.1043

We focus on two main aspects: the efficiency of1044

format generation and the efficiency during infer-1045

ence.1046

C.1.1 Efficiency during Format Generation1047

Let the number of generated formats be M , and tM1048

represents the average time that LLM M takes to1049

process a single data point. Considering that format1050

generation requires both generation and rewriting,1051

the efficiency of format generation is 2MtM =1052

O(MtM).1053

Based on the discussion, we can adjust M to1054

control the efficiency of format generation. Fur-1055

thermore, in practical applications, since format1056

generation is performed offline, the cost of this step1057

can be ignored during online inference.1058

C.1.2 Efficiency during Reasoning1059

Let the number of formats selected for each query1060

during inference be denoted as m, the total number1061

of user queries be N , and ts represents the time1062

to select a single format. Since inference involves1063

format selection, answer generation, and answer1064

scoring, the total inference efficiency is given by1065

Method EM #Token

Self-Consistency 51.4 13889.9
Tree-of-Thought 52.8 24611.4
DTV 55.4 17816.4
Self-Certainty 59.0 20321.7
Shortest MV 58.2 18259.2
Forest-of-Thought 59.2 26267.0

FORMAT-ADAPTER 60.4 19297.0

Table 5: The average output tokens per question on
MATH using Llama-3.1-8B.

NMts + 2mNtM. Given that ts ≪ tM in prac- 1066

tice, the overall inference efficiency simplifies to 1067

O(mNtM). 1068

It can be observed that the inference efficiency of 1069

FORMAT-ADAPTER is comparable to that of Self- 1070

Consistency, while FORMAT-ADAPTER offers a 1071

significant performance improvement. Considering 1072

that prior research indicates a positive correlation 1073

between model performance and inference time 1074

(Snell et al., 2024; Zhong et al., 2024), it is impor- 1075

tant to balance efficiency and performance based 1076

on the specific application scenario. For example, 1077

when computational resources are limited, the num- 1078

ber of reasoning formats used can be reduced to 1079

enhance inference efficiency. 1080
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Answer with Set Notation:
All primes: P = {2, 3, 5, 7, 11, 13}
Even primes: E = {2}
Odd primes: O = {3, 5, 7, 11, 13}
Sum is even if both choose even 
primes or both choose odd primes.
P(E, E) = 1 / 36
P(O, O) = 25 / 36
P(even) = 1 / 36 + 25 / 36 = 13 / 18
So the answer is: \boxed{13 / 18}

Answer with Original Format:
The probability of Paul choosing an 
odd prime is 5/6, and the 
probability of Jesse choosing an 
odd prime is also 5/6. Therefore, 
the probability of both choosing 
odd primes is:
5 / 6 ✕ 5 / 6 = 25 / 36
The total probability of an even 
sum is \boxed{25 / 36}.

Question:
Paul and Jesse each choose a number at random from the first six prime 
numbers. What is the probability that the sum of the numbers is even?

Figure 8: An example sampled from MATH answered
using different reasoning formats. The correct part is
marked in red, and the incorrect part is marked in green.

C.1.3 Average Output Tokens of Different1081

Method1082

To compare the efficiency of FORMAT-ADAPTER1083

with other baselines in practical applications, we1084

measure the average number of tokens output per1085

question, as shown in Table 5. Although FORMAT-1086

ADAPTER is less efficient than Self-Consistency,1087

our method is closer to that of Tree-of-Thought.1088

Considering the performance improvements of1089

FORMAT-ADAPTER over both Self-Consistency1090

and Tree-of-Thought, a balance between efficiency1091

and performance must be considered in practical1092

applications.1093

C.2 Case Study1094

To better understand how FORMAT-ADAPTER im-1095

proves reasoning performance, we present a case1096

study, as shown in Figure 8. From the figure, it can1097

be observed that when using the original reasoning1098

format, the model overlooks that 2 is also an odd1099

number, leading to an incorrect answer. However,1100

when reasoning with the set notation, the model1101

successfully accounts for all odd numbers, result-1102

ing in the correct answer. Therefore, utilizing dif-1103

ferent reasoning formats helps the model approach1104

questions from multiple perspectives and different1105

questions require different reasoning formats. As1106

such, it is essential to integrate various reasoning1107

formats to obtain the correct solution.1108

D Additional Experiments1109

D.1 FORMAT-ADAPTER Compared with1110

Multi-Format Baseline1111

In this section, we compare FORMAT-ADAPTER1112

with baselines using multiple formats, includ-1113

ing CLSP (Qin et al., 2023), MultiPoT (Luo1114

et al., 2024), and FlexTaF (Zhang et al., 2024).1115

Dataset Method 8B 70B
Vote Oracle Vote Oracle

MATH
CLSP 53.0 66.2 66.9 74.9
MultiPoT 57.4 66.5 72.2 79.1
Ours 60.1 88.6 77.2 88.6

WikiTQ FlexTaF 38.0 70.3 41.5 79.0
Ours 55.2 79.7 63.1 84.0

Table 6: EM of FORMAT-ADAPTER (Ours) and base-
lines using multiple reasoning formats on Llama-3.1.
The best results of each setting are marked in bold.

The performance comparison between FORMAT- 1116

ADAPTER and baselines employing multiple rea- 1117

soning formats is presented in Table 6. Follow- 1118

ing the setup of MultiPoT, we select 263 prob- 1119

lems from MATH500 that can be resolved using 1120

code-based solutions. About FlexTaF, we conduct 1121

experiments on the WikiTQ dataset (Pasupat and 1122

Liang, 2015), which is the mainstream benchmark 1123

of the table QA task. As observed from the table, 1124

FORMAT-ADAPTER achieves an average improve- 1125

ment of 4.7% over the best performance of the 1126

baselines under each setting, demonstrating the ef- 1127

fectiveness of our method. 1128

D.2 Performance Using All Generated 1129

Formats 1130

To validate the necessity of the reasoning format 1131

selection of FORMAT-ADAPTER, we compare its 1132

performance with that of using all formats without 1133

selection. The experimental results, as shown in 1134

Table 7, indicate that FORMAT-ADAPTER consis- 1135

tently outperforms that directly using all reasoning 1136

formats across all settings, which demonstrates the 1137

importance of selecting appropriate reasoning for- 1138

mats. 1139

D.3 Answer Variability of 1140

FORMAT-ADAPTER 1141

To demonstrate that FORMAT-ADAPTER can gen- 1142

erate different answers using various reasoning for- 1143

mats, we calculate the number of distinct answers 1144

generated by our method and Self-Consistency. 1145

The results are shown in Table 8, where we observe 1146

that, on average, the number of answers generated 1147

by our method is significantly higher than that of 1148

Self-Consistency. This proves that employing dif- 1149

ferent reasoning formats can guide the model to 1150

generate diverse answers. 1151
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Model Method GSM8K-Hard MATH500 ARC-C-Hard GPQA

Llama-3.1-8B All 53.9 54.0 42.2 33.9
FORMAT-ADAPTER 54.7 56.8 57.4 33.9

Llama-3.1-70B All 73.8 70.2 69.9 47.5
FORMAT-ADAPTER 76.2 70.4 71.5 51.0

Table 7: The performance with all formats or the formats selected by FORMAT-ADAPTER. All denotes using all
generated formats. The best performance under each setting is marked in bold.

Model Method GSM8K-Hard MATH500 ARC-C-Hard GPQA

Llama-3.1-8B Self-Consistency 2.0 2.3 1.0 2.3
FORMAT-ADAPTER 12.4 5.9 3.6 3.5

Llama-3.1-70B Self-Consistency 1.3 1.9 1.0 1.8
FORMAT-ADAPTER 9.5 7.8 2.5 3.2

Table 8: The average number of distinct answers generated for each question.

D.4 Robustness of FORMAT-ADAPTER1152

To validate the robustness of FORMAT-ADAPTER,1153

we run it five times with different random seeds,1154

as shown in Table 9. From the table, it can be1155

observed that the performance of our method does1156

not fluctuate significantly. As discussed in § 2,1157

generating multiple answers enhances robustness1158

and reduces performance variability.1159

D.5 Evaluation of the Score Quality1160

In this section, we evaluate the quality of the scor-1161

ing of our method. We use the evaluation metrics1162 ∑
d∈D Valid(d)

|D| × 100. D = {d} represents all the1163

data, and Valid(d) indicates that if d is correct,1164

it is represented by the corresponding score; oth-1165

erwise, it is represented by 1− the corresponding1166

score. The statistical results are shown in Table 10.1167

It can be observed that the evaluation result is not1168

high, which is consistent with the conclusions of1169

previous studies, highlighting the bottleneck of our1170

method. To address this issue, a possible approach1171

is to select the most appropriate reasoning format1172

for each task using the training data first, and then1173

use the selected reasoning format during inference1174

without relying on LLMs for scoring.1175

D.6 Repeated Sampling with Different1176

Formats1177

In this section, we evaluate the performance of1178

FORMAT-ADAPTER after repeated sampling, com-1179

paring the use of the single format and FORMAT-1180

ADAPTER. The experimental results are shown1181

in Figure 9. As can be observed from the figure,1182

when the sampling scale is > 1, the performance1183

using a single format is lower than that of FORMAT-1184

2 4 6 8

+48

+50

+52

+54

+56

Sampling Scale

E
M

Single Format FORMAT-ADAPTER

Figure 9: The performance of repeat sampling using
single format and FORMAT-ADAPTER on MATH with
Llama-3.1-8B.

ADAPTER, which demonstrates the effectiveness 1185

of our method. 1186

D.7 Comparison with Code-Based Reasoning 1187

To ensure that the performance improvement of 1188

our method, FORMAT-ADAPTER, stems from the 1189

diversity of answers rather than the use of a 1190

code executor, we compare our approach with the 1191

Self-Consistency method, which generates Python 1192

code. The experimental results are presented in 1193

Table 11. It is evident that even when code is uti- 1194

lized, FORMAT-ADAPTER still outperforms Self- 1195

Consistency, demonstrating that the performance 1196

enhancement of FORMAT-ADAPTER is indeed pri- 1197

marily attributable to the diversity of the generated 1198

answers. 1199
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Dataset 8B 70B
Vote Oracle Vote Oracle

GSM8K-Hard 54.3± 0.4 89.6± 0.2 76.1± 0.3 94.4± 0.6

MATH500 56.7± 0.2 74.9± 0.2 70.2± 0.4 85.0± 0.5

ARC-C-Hard 57.2± 0.2 91.2± 0.4 71.5± 0.2 88.2± 0.6

GPQA 33.2± 0.8 93.3± 0.4 51.1± 0.7 96.2± 0.5

WikiTQ 55.0± 0.4 79.3± 0.5 63.0± 0.1 83.5± 0.6

Table 9: The average performance of FORMAT-ADAPTER with five running using Llama-3.1.

Dataset 8B 70B

GSM8K-Hard 47.7 66.2
MATH500 46.4 56.0
ARC-C-Hard 52.3 60.2
GPQA 45.7 48.1

Table 10: The average score quality of FORMAT-
ADAPTER with Llama-3.1 on different datasets.

Method MATH GPQA

SC with Python 51.8 31.2
FORMAT-ADAPTER 56.8 33.9

Table 11: The performance of FORMAT-ADAPTER
compared with self-consistency using python (SC with
Python) using Llama-3.1-8B. The best performance un-
der each setting is marked in bold.

D.8 Scoring with Different Methods1200

Considering that the score quality of LLM-as-a-1201

Judge could be limited in §3.3, in this section,1202

we discuss how to generate the score when the1203

computational resources are sufficient. We first1204

feed the candidate answers to the LLM in a pair-1205

wise manner to obtain the model preferences, and1206

then use the win rate as the score for each answer.1207

The experimental results are shown in Table 12,1208

from which we can observe that the above scor-1209

ing method achieves better performance across all1210

settings. Considering that this approach incurs a1211

higher computational cost, in practice, users should1212

choose an appropriate scoring strategy based on1213

available compute resources and performance re-1214

quirements.1215
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Method GSM8K-Hard MATH500 ARC-C-Hard GPQA

- 53.9 54.2 52.7 30.1
LLM-as-a-Judge 54.7 60.4 57.4 34.3
Pairwise Preference 57.4 61.2 58.6 35.1

Table 12: The performance of FORMAT-ADAPTER with different scoring methods on Llama-3.1-8B. “-” denotes the
performance without scoring.
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