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Abstract001

Test-time scaling has emerged as a critical002
driver for advancing Large Language Model003
(LLM) reasoning, yet current approaches re-004
main bifurcated between sequential scaling005
and parallel scaling. Sequential methods of-006
ten struggle with fixed token budgets, leading007
to premature halting or verbosity, while paral-008
lel methods typically lack inter-path coordina-009
tion. To bridge this gap, we propose SEAT (Se-010
mantic Entropy-Guided Adaptive Termination),011
a training-free framework that synergizes the012
benefits of both paradigms. Specifically, SEAT013
adopts a hybrid architecture that simultaneously014
explores multiple reasoning paths while sequen-015
tially feeding results from the previous round016
into the next to refine the generation process.017
Our approach is grounded in the observation018
that Semantic Entropy (SE) strongly correlates019
negatively with model accuracy, serving as a re-020
liable proxy for reasoning quality. SEAT lever-021
ages this signal to dynamically control the rea-022
soning process, employing a novel threshold-023
free termination mechanism inspired by the024
“Secretary Problem” in Optimal Stopping The-025
ory to eliminate pre-sampling overhead. Ex-026
tensive evaluations across five challenging rea-027
soning benchmarks demonstrate that SEAT sig-028
nificantly boosts performance. Furthermore,029
our adaptive approach effectively prevents se-030
mantic entropy collapse found in smaller 7B031
models, ensuring robust multi-round reasoning.032

1 Introduction033

Recent advances in large language models (LLMs),034

exemplified by models such as o1 (OpenAI, 2024),035

DeepSeek-R1 (DeepSeek-AI et al., 2025), and036

QwQ (Team, 2025), have significantly accelerated037

progress toward artificial general intelligence. A038

key driver is test-time scaling (Snell et al., 2025),039

which enhances performance by allocating more040

computational budget for in-depth reasoning. Cur-041

rent approaches generally fall into two categories:042
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Figure 1: Strong negative correlation between seman-
tic entropy and R1-Distill-Qwen-7B performance on
MATH-500 benchmark under N = 8 parallel infer-
ences per sample. The E(Acc.) denotes the expected
accuracy and is calculated as the proportion of correct
responses per N -inference set.

sequential scaling and parallel scaling. Sequen- 043

tial scaling typically explores iterative refinement 044

via multi-round prompting (Muennighoff et al., 045

2025) or by steering generation with special tokens 046

(e.g., “wait”) (Muennighoff et al., 2025). How- 047

ever, without external supervision, they typically 048

rely on fixed computational budgets, often lead- 049

ing to either unnecessary verbosity or premature 050

halting (Chen et al., 2024; Wang et al., 2025c).In 051

contrast, parallel scaling methods, such as best-of- 052

N sampling (Cobbe et al., 2021; Kang et al., 2025) 053

and majority voting (Wang et al., 2022), promote 054

diverse exploration through independent sampling 055

but typically lack inter-path coordination. In this 056

work, we investigate the following research ques- 057

tion: How can we design a flexible framework to 058

synergize the benefits of sequential and parallel 059

scaling? 060

The primary challenge in achieving this synergy 061

lies in adaptively controlling sequential scaling. We 062

address this by leveraging uncertainty from par- 063

allel scaling as a performance proxy. Intuitively, 064
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high semantic diversity implies the model is strug-065

gling (Chen et al., 2023; Liang et al., 2024; Zeng066

et al., 2025), suggesting that extending the reason-067

ing process until this uncertainty diminishes could068

improve quality. To operationalize this, we adopt069

semantic entropy (SE) (Malinin and Gales, 2021;070

Chen et al., 2025) as a metric to quantify reasoning071

quality. As shown in Fig. 1, experiments on MATH-072

500 reveal a strong negative correlation between SE073

and accuracy, with accuracy dropping from 97%074

to 19% as SE increases. This demonstrates that075

semantic entropy is an effective signal for con-076

trolling reasoning, enabling a synergy between077

parallel and sequential strategies.078

Based on the above insights, we propose SEAT1,079

a universal, training-free hybrid reasoning frame-080

work. As shown in Fig. 2, SEAT adopts a hybrid081

architecture that simultaneously explores multiple082

reasoning paths, while sequentially feeding the re-083

sults from the previous round into the next to re-084

fine the generation process. For parallel scaling,085

it dynamically adjusts the degree of paralleliza-086

tion to expand exploration and prevent the model087

from getting stuck on local optima. Simultaneously,088

for sequential refinement, it leverages semantic en-089

tropy to trigger early stopping, thereby reducing090

wasted computation. To determine when to ter-091

minate this process, we first establish a threshold-092

based baseline. To find an appropriate stopping093

threshold for a given N (N is the pre-defined num-094

ber of parallel responses per round), Statistical095

analysis reveals a similar 80/20 pattern (Wang096

et al., 2025a): 80% of correct answers had been097

selected from the lowest 20% of the SE distribu-098

tion. Therefore, we define the threshold using the099

SE value at the 20th percentile. However, to elim-100

inate pre-sampling overhead and enhance robust-101

ness, we propose a threshold-free, adaptive vari-102

ant. Inspired by the ’Secretary Problem’ in Opti-103

mal Stopping Theory (Ferguson, 1989; Shiryaev,104

1980), this mechanism establishes a dynamic base-105

line from the model’s initial reasoning steps. The106

process terminates immediately when subsequent107

semantic entropy falls below this baseline, ensuring108

efficiency without static thresholds.109

We evaluate SEAT across model sizes from 7B110

to 32B on five demanding benchmarks: AIME-111

2024, AIME-2025, MATH-500, MINERVA, and112

GPQA. Experimental results show that our adap-113

1SEAT stands for a Semantic Entropy-Guided Adaptive
Termination Framework
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Figure 2: The overview of our proposed SEAT.

tive method substantially improves performance. 114

Notably, even with as few as N = 2 parallel re- 115

sponses, the 32B and 7B models achieve accu- 116

racy gains of 14.1% and 24.5% on AIME-2025. 117

Moreover, our framework demonstrates excellent 118

extensibility, achieving even higher accuracy when 119

combined with strategies like max probability and 120

majority voting. Surprisingly, we find that our adap- 121

tive approach effectively prevents semantic entropy 122

collapse in smaller 7B models. This notorious phe- 123

nomenon, characterized by a sudden drop in en- 124

tropy after several parallelization steps, typically 125

traps the model in a loop of over-confidently repeat- 126

ing incorrect answers. By adaptively terminating 127

the reasoning process before this collapse occurs, 128

our method enables 7B models to sustain perfor- 129

mance across multi-round parallelization. 130

2 Methodology 131

2.1 Method Overview 132

Given a question, this paper employs multi-round 133

parallel reasoning to generate a collection of can- 134

didate responses, and then selects the final answer 135

from this set. Three primary components are in- 136

volved in the above procedure: (1) the design of 137

the multi-round parallel reasoning framework, (2) 138

calculation of the SE metric during inference with 139

termination mechanism, and (3) selection strategy 140

for the final answer among candidate responses. 141

These components will be described step by step. 142

Multi-round Parallel (MRP) Inference Frame- 143

work. As illustrated in Fig. 2, the proposed SEAT 144

framework establishes an N ×M reasoning struc- 145

ture for multi-round parallel reasoning, where N 146

represents the parallel dimension (i.e., number of 147

reasoning paths per round) and M is the sequen- 148

tial dimension (i.e., number of reasoning rounds). 149

Notably, N × M serves as the pre-defined maxi- 150

mum reasoning budget allocated to the model. Due 151
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Figure 3: Semantic entropy distribution of correct and incorrect answers. The lowest 20% threshold is marked by
red line and the proportion of correct answers within this region is labeled numerically in red.

to our proposed adaptive termination mechanism152

during inference, the actual computational budget153

typically falls below this pre-defined maximum.154

In contrast to prior test-time scaling approaches,155

SEAT synergistically integrates sequential refine-156

ment and parallel exploration. Specifically, each se-157

quential round can access all N reasoning outputs158

from the prior round, enabling the model to refine159

its reasoning by leveraging diverse responses for160

error correction. Furthermore, within each round,161

all parallel reasoning paths operate independently,162

which aims to increase the diversity and encourage163

exploration. Formally, the j-th reasoning path in164

the i-th round is defined as:165

MRP i
j (Pi) → {Thinkingij ,Answerij}, (1)166

where i ∈ {1, · · · ,M} and j ∈ {1, · · · , N}.167

Here, Pi denotes the input prompt for the i-th168

round, which is initialized as the user prompt (i.e.,169

P1 = ⟨user prompt⟩). For every round from the170

second onward, we extract the answer segments of171

all N candidate responses produced by the parallel172

reasoning paths in the preceding round, and incor-173

porate these N answers into the prompt for the174

current round. The prompt template can be found175

in the Appendix. By constructing the prompt for176

the i-th round using N parallel answers generated177

in the previous round, this approach encourages the178

model to review and refine its previous outputs for179

improved responses.180

Semantic Entropy Calculation and Termination181

Mechanism. Given a question q and N answers182

A ≜ {a1, a2, . . . , aN} extracted from the previous183

round’s N responses, we compute the semantic en-184

tropy to quantify the model’s uncertainty about q185

in light of these answers. Since the semantic en-186

tropy computation process is applied across differ-187

ent reasoning rounds, we omit the round-indicating188

superscripts for simplicity. The semantic entropy189

is defined as follows: 190

SE(q) = −
∑
c

[(∑
r∈c

p (r | {q;A})

)

log

(∑
r∈c

p (r | {q;A})

)]
,

(2) 191

where c denotes a possible semantic meaning class 192

and r denotes a possible response. It’s intractable 193

to enumerate every possible c since LLMs can gen- 194

erate an unlimited number of diverse responses for 195

a given question, potentially spanning numerous 196

unknown semantic categories. To this end, we esti- 197

mate (2) using Monte Carlo approximation (Kuhn 198

et al., 2023; Farquhar et al., 2024): 199

SE(q) ≈ −|C|−1
|C|∑
k=1

log p (Ck | {q;A}) , (3) 200

where C = {C1, C2, · · · , CK} denotes the seman- 201

tic cluster. In practice, we sample N responses 202

{r1, . . . , rN} and perform clustering based solely 203

on the final answer segment of each ri to obtain the 204

set of semantic classes C. The cluster probability 205

in (3) is subsequently calculated as: 206

p(Ck | {q;A}) =
N∑
i=1

I[ri ∈ Ck] p(ri | {q;A}).

(4) 207

It’s worth noting that, since the thinking part of 208

ri can often span tens of thousands of tokens, we 209

compute only the probability of the answer part in 210

practical computation2. 211

Based on the obtained SE for the response gen- 212

erated in round i, we design a mechanism to deter- 213

mine whether to terminate the reasoning process. 214

2This leads to inflated probability estimates, occasionally
resulting in negative SE values. However, since these oc-
currences do not invalidate the observed negative correlation
between SE and model performance, we do not apply correc-
tions to the metric.
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Specifically, leveraging the clear inverse correla-215

tion observed between SE and performance where216

higher SE signals greater uncertainty and lower217

response quality, we dynamically control the rea-218

soning process by monitoring SE after each itera-219

tion. The reasoning continues into the next round220

if the measured SE exceeds a set threshold, imply-221

ing the output requires further refinement, and is222

terminated only once the SE meets a pre-defined223

stopping condition. The specific configuration of224

this stopping condition will be described later.225

Answer Selection Strategy. Once the reasoning226

process has terminated, we need to select the fi-227

nal response from the candidate answers. Without228

recourse to external validators, we employ three229

conventional strategies: random selection, maxi-230

mum probability selection, and majority voting;231

the effectiveness of these approaches will be thor-232

oughly examined in our experiments. Additionally,233

a worthy question is how to define the candidate234

answer pool. In this paper, instead of collecting235

all responses across the previous round, we pro-236

pose to exclusively utilize responses generated in237

the terminal reasoning round as the candidate set.238

This design is motivated by our observation that the239

preceding output is likely to be suboptimal due to240

the higher elevated uncertainty. Incorporating such241

under-refined responses would introduce detrimen-242

tal noise, thereby degrading model performance.243

2.2 Adaptive Termination with Pre-defined244

Threshold245

This section details the procedure for establish-246

ing reasoning termination conditions. A widely247

adopted approach is to establish a pre-defined SE248

threshold, halting the inference procedure when249

monitored SE is lower than this calibrated value.250

To this end, we first conducted foundational experi-251

ments using DeepSeek-R1-Distill-Qwen-7B model252

on our proprietary dataset of 1000 challenging253

mathematical problems. For each problem, we ran-254

domly selected one candidate solution from parallel255

inference outputs for evaluation. Then we analyzed256

the SE distribution of correct and incorrect answers,257

and the statistical analysis is visualized in Fig. 3.258

The statistical analysis reveals an 80/20 pattern259

wherein about 80% of the correct answers lie in the260

lowest quintile of the SE distribution. Specifically,261

for N = 2, approximately 74% of correct answers262

fall within the specified range, increasing to 77% at263

N = 4 and reaching 78% for N = 8. Leveraging264

this pattern, given the model and a specific parallel 265

degree, we can first sample parallel responses on 266

substantial data. Then, we compute the empirical 267

SE distribution and select the 20th-percentile value 268

as the pre-defined threshold. 269

2.3 Adaptive Threshold-free Mechanism 270

Although the threshold-based approach described 271

above provides a principled stopping criterion, 272

it requires extensive pre-sampling and recalibra- 273

tion when model configurations or parallel settings 274

change. We consequently develop a more adaptive 275

threshold-free method to avoid this shortcoming. 276

To this end, we reformulate our goal to identify 277

the optimal reasoning round exhibiting minimal SE 278

under a fixed inference budget. Surprisingly, we 279

found that this goal is quite similar to the “Sec- 280

retary Problem (Ferguson, 1989)”. The classical 281

secretary problem constitutes a foundational prob- 282

lem in Optimal Stopping Theory (Shiryaev, 1980), 283

addressing sequential selection under uncertainty. 284

It aims to maximize the probability of selecting 285

the best candidate from an unknown sequence of 286

applicants when interviews must be conducted irre- 287

versibly without recall. The core strategy used in 288

secretary problem establishes a qualification base- 289

line by observing the first T candidates during an 290

initial exploration phase. Subsequent candidates 291

are evaluated against this dynamically determined 292

threshold, with immediate selection of the first ap- 293

plicant exceeding the baseline. This observation- 294

then-selection framework aligns with our objective 295

of identifying optimal termination round during 296

multi-round reasoning. Drawing inspiration from 297

this problem, we propose an adaptive threshold- 298

free approach. Specifically, our method dynam- 299

ically sets the adaptive threshold as the minimal 300

SE observed during the initial T rounds and ter- 301

minates inference immediately when encountering 302

any round with SE below this calibrated minimum. 303

Given the computational expense of long CoT sam- 304

pling, we set T = 1, defining the dynamic thresh- 305

old exclusively from the first reasoning round. This 306

reduces computational overhead while maintaining 307

empirically competitive performance. 308

3 Experiments 309

3.1 Experimental Setup 310

We evaluate the proposed SEAT method on AIME- 311

2024, AIME-2025, MATH-500 (Hendrycks et al., 312

2021), MINERVA, and GPQA (Rein et al., 2023). 313
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Method AIME-2024 AIME-2025 MATH-500 MINERVA GPQA

R1-7B Qwen3-8B R1-7B Qwen3-8B R1-7B Qwen3-8B R1-7B Qwen3-8B R1-7B Qwen3-8B

Vanilla 60.41 75.33 37.50 69.33 93.95 95.25 52.14 59.20 53.09 59.03

Sequential Scaling
S1 65.78 75.75 42.35 68.33 94.37 96.68 54.63 60.20 55.15 58.71
TT 67.08 78.00 42.50 72.17 94.70 96.00 54.57 59.29 55.25 60.86

Parallel Scaling
MV 71.42 80.00 52.83 73.33 95.35 96.98 56.02 60.11 57.09 62.25
SMV 71.37 83.58 52.92 72.42 95.03 96.05 56.27 61.49 57.47 62.13

Hybrid Scaling
LeaP† 64.38 – 41.25 – — – — – 55.56 –
Ours 72.38 85.17 55.00 77.08 95.88 97.65 56.74 62.04 58.95 63.19

Table 1: Performance comparison on various benchmarks. Results marked with † are from original papers.

Dataset Qwen3-8B R1-7B R1-32B
AIME-24 80.42 / 85.17 71.67 / 72.38 84.00 / 85.83
AIME-25 74.17 / 77.08 53.67 / 55.00 66.67 / 69.17
MATH-500 97.20 / 97.65 95.60 / 95.88 97.40 / 97.08
MINERVA 60.32 / 62.04 56.15 / 56.74 59.18 / 59.36
GPQA 62.64 / 63.19 57.56 / 58.95 68.52 / 69.32

Table 2: Performance comparison between our method
and Majority Voting under the same inference budget
constraints.

These benchmarks cover multiple domains and dif-314

ficulty levels, allowing for a thorough assessment315

of reasoning performance across varied scenarios.316

We compare the proposed SEAT with the fol-317

lowing three groups of approaches. 1) Sequential318

Scaling Methods: S1 (Muennighoff et al., 2025),319

Think twice, shortened as TT (Tian et al., 2025).320

2) Parallel Scaling Approaches: Majority Voting,321

denoted as MV (Wang et al., 2022), Shortest Ma-322

jority Vote, shorted as SMV (Zeng et al., 2025). 3)323

Hybrid Scaling Methods: LeaP (Luo et al., 2025).324

We use DeepSeek-R1-Distill-Qwen-7B (R1-7B)3,325

DeepSeek-R1-Distill-Qwen-32B (R1-32B)4, and326

Qwen3-8B5 for our experimental analysis. For327

reproducibility, we set M = 8 and N = 8 for se-328

quential6 and parallel scaling methods, respectively.329

The maximum generation length is set to 32768 to-330

kens, while temperature and top-p are applied to331

0.7 and 0.95, respectively. Each query across all332

datasets will be repeated 8 times and the average333

accuracies are reported.334

3https://huggingface.co/deepseek-ai/DeepSeek-R1-
Distill-Qwen-7B

4https://huggingface.co/deepseek-ai/DeepSeek-R1-
Distill-Qwen-32B

5https://huggingface.co/Qwen/Qwen3-8B
6For method S1, we force the model to perform the next

round of sequential reasoning by removing the end-of-thinking
token and adding the string "Wait".

3.2 Performance Comparison 335

Tab. 1 compares our method with baselines on 336

R1-7B and Qwen3-8B, where results labeled 337

“Ours” utilize the SEAT framework with adaptive 338

threshold-free termination. We observe that all scal- 339

ing methods surpass the baseline, which validates 340

the effectiveness of test-time scaling. Notably, par- 341

allel approaches demonstrate superior performance 342

over sequential ones, even with the same maxi- 343

mum parallelism (N = M = 8). This can be 344

attributed to the tendency of sequential methods 345

to become trapped in loops of incorrect reasoning, 346

whereas parallel methods avoid this issue through 347

independent inference paths. By effectively lever- 348

aging the strengths of both strategies to enhance 349

interaction between diverse reasoning paths, SEAT 350

outperforms all comparative models, empirically 351

validating the effectiveness. To ensure a fairer as- 352

sessment of efficiency, Tab. 2 presents a controlled 353

comparison against Majority Voting. Here, we allo- 354

cate the exact same inference budget to the baseline 355

by matching the specific number of LLM calls used 356

by SEAT for each query. Under these identical con- 357

straints, our method still significantly outperforms 358

Majority Voting across all datasets, particularly on 359

Qwen3-8B, highlighting the efficiency of our adap- 360

tive resource allocation. 361

3.3 Analysis of Termination Strategies 362

We evaluate the effectiveness of different termi- 363

nation strategies as follows: ▶Fixed: using the 364

pre-defined threshold for inference termination. 365

▶Adaptive: applying the adaptive threshold-free 366

mechanism. ▶Min: selecting the inference round 367

with minimal SE among M round. 368

The experimental results with R1-7B and R1- 369

32B as base models are shown in Tab. 3. Our ap- 370
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Parallel Reasoning AIME-2024 AIME-2025 MATH-500 MINERVA GPQA
R1-32B R1-7B R1-32B R1-7B R1-32B R1-7B R1-32B R1-7B R1-32B R1-7B

Random

N=2

Baseline 70.83 60.41 53.33 37.50 95.12 93.95 57.36 52.14 66.87 53.09
Ours (Fixed) 75.42 65.00 56.25 47.08 95.45 94.93 58.50 54.27 67.93 55.05

Ours (Adaptive) 78.75 64.58 60.83 46.67 96.05 95.28 58.72 53.54 68.06 55.11
Ours (Min) 82.35 66.67 65.83 51.25 96.20 95.20 58.78 54.83 68.12 55.68

N=4

Baseline 70.83 58.33 53.45 42.92 95.11 94.03 57.14 52.58 66.54 51.58
Ours (Fixed) 78.33 68.75 64.17 46.25 96.03 95.03 59.28 56.57 67.23 55.18

Ours (Adaptive) 80.41 68.33 65.25 48.17 96.38 95.50 58.51 55.97 67.42 55.47
Ours (Min) 83.33 70.83 70.83 48.75 96.65 95.80 57.58 54.64 67.80 56.25

N=8

Baseline 70.42 56.25 52.92 40.83 95.13 93.78 57.85 52.80 65.85 53.09
Ours (Fixed) 80.42 68.75 65.83 50.00 96.53 95.45 59.56 55.38 66.60 57.95

Ours (Adaptive) 85.67 68.33 66.25 50.00 96.85 95.35 58.36 55.71 68.57 57.95
Ours (Min) 85.83 71.67 69.16 51.25 96.98 95.53 58.55 55.00 68.88 57.07

Max Probability

N=2

Baseline 72.92 64.17 53.73 41.67 95.22 94.37 58.01 53.08 66.74 54.37
Ours (Fixed) 74.17 65.00 55.00 46.67 95.43 95.03 58.87 53.77 67.74 55.81

Ours (Adaptive) 79.32 65.42 60.83 46.25 96.25 95.35 59.13 54.78 68.12 55.18
Ours (Min) 82.50 65.83 65.83 51.67 96.25 95.28 59.45 55.10 68.12 55.43

N=4

Baseline 72.50 66.67 55.83 44.58 95.54 94.78 57.00 54.61 66.54 54.73
Ours (Fixed) 75.83 70.42 59.17 48.75 95.98 95.60 58.60 55.28 66.67 55.05

Ours (Adaptive) 81.67 70.00 67.08 50.00 96.70 95.88 59.88 55.84 67.42 56.00
Ours (Min) 83.33 71.67 71.25 52.08 96.65 95.70 57.67 55.10 67.42 56.44

N=8

Baseline 70.83 64.58 55.00 45.42 95.33 94.55 57.58 54.87 65.66 56.07
Ours (Fixed) 79.17 68.75 64.17 50.42 95.78 95.68 58.04 55.42 66.35 58.84

Ours (Adaptive) 85.87 68.75 67.08 50.83 96.75 95.95 58.86 56.27 68.87 58.84
Ours (Min) 86.25 70.42 71.25 51.67 96.98 95.60 59.05 55.23 69.13 57.95

Majority Voting

N=2

Baseline 72.92 63.75 53.75 41.25 95.12 94.48 58.19 53.45 67.68 55.19
Ours (Fixed) 74.17 65.00 55.00 46.25 95.45 95.00 58.95 54.04 67.87 55.74

Ours (Adaptive) 80.00 65.42 61.67 46.67 96.30 95.38 59.35 54.83 68.06 55.68
Ours (Min) 82.50 65.42 65.83 51.25 96.23 95.25 59.45 54.73 68.08 55.49

N=4

Baseline 80.83 70.33 64.17 48.58 95.84 95.80 58.47 55.02 67.84 55.78
Ours (Fixed) 81.43 72.08 66.67 49.58 96.80 95.83 60.07 55.79 68.24 56.19

Ours (Adaptive) 82.50 71.67 68.33 49.58 96.53 95.93 59.01 55.10 68.12 56.44
Ours (Min) 83.33 70.83 70.83 52.08 96.67 95.83 57.76 55.00 67.55 56.19

N=8

Baseline 83.75 71.42 65.83 52.83 96.55 95.35 59.05 56.02 68.32 57.09
Ours (Fixed) 85.83 72.92 70.42 52.92 96.98 95.98 59.78 56.42 69.44 58.84

Ours (Adaptive) 85.83 72.38 69.17 55.00 97.08 95.88 59.36 56.74 69.32 58.95
Ours (Min) 85.83 70.83 70.83 52.08 97.00 95.60 58.69 56.19 68.94 57.51

Table 3: The performance of variants of SEAT on different datasets. The baseline refers to the base models.

proach achieves substantial performance gains of371

both R1-32B and R1-7B models across different372

datasets. Specifically, under the random pick se-373

lection and adaptive setting, the R1-32B model374

achieves remarkable improvements, including an375

increase from 70.83 to 85.67 (+21.0%) on AIME-376

2024 and 53.33 to 66.25 (+24.2%) on AIME-2025,377

along with an average gain of of +2.5% across378

MATH-500, MINERVA, and GPQA. These results379

collectively confirm the effectiveness of our frame-380

work. Notably, even at minimal parallelization381

(N = 2), our method delivers remarkable gains382

with the R1-32B model rising from 53.33 to 60.83383

(+14.1%) and the R1-7B model advancing from 384

37.50 to 46.67 (+24.5%) on AIME-2025. Further- 385

more, integrating max probability and majority vot- 386

ing strategies yields additional performance gains, 387

with R1-32B model showing 0.6% (max probabil- 388

ity) and 1.5% (majority voting) average improve- 389

ments and R1-7B model achieving 1.1% and 4.0% 390

gains, respectively. This demonstrates the scalabil- 391

ity of our proposed framework. 392

Regarding specific strategies, our approach using 393

pre-defined thresholds significantly outperforms 394

the baselines, demonstrating that pre-sampling 395

probes of model SE distributions is an effective 396
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(a) R1-32B under N = 2 parallelization.
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(b) R1-32B under N = 8 parallelization.
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(d) R1-7B under N = 8 parallelization.

Figure 4: Round distribution across models and datasets during different parallel settings with adaptive termination.

strategy. Notably, although the thresholds were de-397

termined exclusively using mathematical datasets,398

they also improve performance on GPQA, demon-399

strating the robust generalization capability of the400

framework. Additionally, the adaptive threshold-401

free method usually surpasses fixed approaches.402

We attribute this to divergent SE distributions403

across different problem types for identical models.404

Establishing an SE baseline from the model’s ear-405

lier reasoning outputs can better capture these dy-406

namics, thereby yielding superior performance and407

improved generalization capability. Surprisingly,408

minimum selection (min) sometimes degrades per-409

formance in the R1-7B model at higher N values.410

For instance, at N = 8, the AIME-2025 score411

drops to 52.08 versus the baseline 52.83. We at-412

tribute this phenomenon to SE collapse during par-413

allel inference in smaller models and will present a414

comprehensive visual analysis in Fig. 5.415

3.4 Analysis of the Number of Inference416

Rounds417

In this section, we analyze the inference round at418

which the model terminates generation. Fig. 4 il-419

lustrates the distribution of stopping rounds across420

various model scales, parallel configurations, and421

datasets. Note that termination occurs no earlier422

than round 2, as round 1 is reserved for evaluating423

the dynamic SE baseline. As shown in Fig. 4, over424

70% of inferences terminate at the second round.425

This suggests that the model successfully leverages426

1 2 3 4 5 6 7 8
Round

0

10

20

30

40

50

60
65

S
em

an
tic

 E
nt

ro
py

Figure 5: The evolution of SE and accuracy across
different inference rounds of R1-7B model.

the output from the first round to refine subsequent 427

responses and reduce uncertainty, as evidenced by 428

the lower SE scores in round 2 compared to round 429

1. Furthermore, our proposed adaptive termination 430

mechanism finishes inference within 3 rounds in 431

most scenarios, thereby avoiding the substantial 432

computational cost O(N · M) of running all se- 433

quential steps. Moreover, scaling model size or 434

increasing the parallelization degree (higher N ) 435

amplifies second-round termination rates. This 436

scaling behavior confirms that greater model ca- 437

pacity or expanded parallel search reinforces self- 438

refinement capabilities, yielding higher-quality re- 439

sponses through earlier convergence. 440

3.5 Visualization of SE Collapse 441

We investigate an anomaly observed in the R1-7B 442

model (N = 8), where the minimum SE selection 443
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yielded lower accuracy than the baseline. To probe444

this, we analyze a representative case, tracking the445

evolution of SE and E(Acc.). As depicted in Fig. 5,446

while SE plummets from 63.04 to 0.14 by round-7,447

E(Acc.) briefly peaks at 37.5 before collapsing to 0.448

Concurrently, the diminishing number of semantic449

clusters (|C|) throughout the inference process sig-450

nals a loss of reasoning diversity, driving the model451

toward overconfident errors. Upon examining rep-452

resentative outputs at round-7, we notice a remark-453

able reduction in response length. The model often454

skips detailed reasoning steps, directly outputting455

concise answers (specific examples are provided in456

the Appendix A). We term this degradation “seman-457

tic entropy collapse”, a precipitous SE deterioration458

resulting in vanishing diversity and blind genera-459

tion. We attribute this phenomenon to the limited460

reasoning power of smaller models (e.g., 7B), as461

it remains absent in R1-32B. Notably, in this case,462

our proposed adaptive termination strategy inter-463

venes at round-2, securing the highest expected464

accuracy and averting SE collapse to maintain the465

small models’ performance.466

4 Related Works467

Test-time scaling allows large language models468

(LLMs) to engage in more deliberative reasoning469

before producing final answers. Recent research470

highlights that scaling test-time compute can often471

be more effective than scaling model parameters472

(Snell et al., 2024; Wu et al., 2024), provided that473

computational resources are allocated optimally474

(Wang et al., 2025b). Existing approaches to lever-475

age this compute can be broadly categorized into476

three main strategies, as discussed below.477

Parallel Scaling. Parallel scaling prompts LLMs478

to independently generate multiple outputs, with479

the final answer typically selected by unsupervised480

selection methods such as majority voting (Wang481

et al., 2022; Chen et al., 2023). To address the cost482

of fixed-sample voting, Self-Consistency variants483

have been proposed. Early-stopping mechanisms484

improve efficiency by dynamically halting gener-485

ation once a reliable consensus is reached (Aggar-486

wal et al., 2023; Li et al., 2024). Additionally,487

fine-grained methods integrate segment-level com-488

monalities, extending parallel scaling to free-form489

generation (Wang et al., 2024). While incorporat-490

ing external verifiers can further improve selection491

quality (Cobbe et al., 2021; Uesato et al., 2022;492

Lightman et al., 2024; Brown et al., 2024), stan-493

dard parallel scaling generally lacks coordination 494

between samples, limiting its support for iterative 495

refinement. 496

Sequential Scaling. Sequential scaling allows 497

LLMs to perform extended chain-of-thought rea- 498

soning, incorporating behaviors like verification, 499

backtracking, and subgoal decomposition (Gandhi 500

et al., 2025). This method has advanced complex 501

reasoning in models such as OpenAI O1 (Jaech 502

et al., 2024) and DeepSeek R1 (DeepSeek-AI et al., 503

2025). Control signals (e.g., “wait,” “Final an- 504

swer”) are used to manage computational budget 505

(Muennighoff et al., 2025; Zhang et al., 2025). 506

Multi-round strategies further refine answers by 507

iteratively feeding previous outputs back into the 508

model (Tian et al., 2025). While sequential scaling 509

supports more deliberate reasoning, LLMs can still 510

become stuck in incorrect reasoning paths, strug- 511

gling to recover correct answers (Zeng et al., 2025; 512

Luo et al., 2025). 513

Hybrid Scaling. Recent work explores hybrid 514

strategies combining parallel exploration with se- 515

quential conditioning. Pan et al. (2025) propose 516

adaptive parallel reasoning, where parent threads 517

decompose tasks for child threads and aggregate 518

their results. Similarly, Luo et al. (2025) intro- 519

duces a routing mechanism that enables informa- 520

tion exchange among multiple independent chain- 521

of-thought processes for iterative refinement. Un- 522

like prior intervention-heavy methods, we initiate 523

flexible parallel trajectories to guide refinement, 524

utilizing unsupervised semantic entropy to dynam- 525

ically allocate reasoning steps based on task com- 526

plexity. 527

5 Conclusion 528

This work proposes SEAT, a novel test-time scaling 529

framework that utilizes semantic entropy to syner- 530

gize parallel exploration and sequential refinement 531

without the need for training. We demonstrate the 532

critical role of semantic entropy in gauging paral- 533

lel reasoning quality, allowing SEAT to dynami- 534

cally adapt the depth of sequential reasoning. Ex- 535

tensive evaluations across five challenging bench- 536

marks confirm that SEAT significantly enhances 537

reasoning performance. Furthermore, its dynamic 538

termination strategy effectively mitigates the se- 539

mantic entropy collapse often observed in compact 540

models, ensuring robust multi-round reasoning. 541

8



Limitations542

Despite the promising results, our work has several543

limitations. First, our experiments primarily focus544

on tasks with definitive answers, such as mathemat-545

ics and scientific QA, where semantic entropy is546

straightforward to compute via answer clustering.547

The applicability of our method to open-ended gen-548

eration tasks (e.g., creative writing), where answer549

equivalence is harder to define, remains to be ex-550

plored. Second, regarding the adaptive strategy, we551

set T = 1 to establish the baseline primarily for552

computational efficiency. While effective, explor-553

ing more flexible or dynamic baseline update strate-554

gies could potentially yield further performance im-555

provements. Ultimately, our evaluation primarily556

focuses on the accuracy of the final answer. We557

have not conducted a fine-grained assessment of558

the reasoning process itself, including aspects such559

as logical coherence and interpretability, which re-560

mains an important direction for future research.561

Ethics Statement562

This study strictly adheres to the community ethical563

guidelines. The datasets utilized in this work are564

publicly available benchmarks focused on math-565

ematical and scientific reasoning. These datasets566

are devoid of personally identifiable information567

or discriminatory content. Furthermore, we strictly568

comply with the licenses of all models and datasets569

employed in this research. Therefore, we foresee570

no direct negative societal impacts from this work.571
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Example 1

...<\think>
The inradius of triangle ABC is 35, ex-
pressed as the fraction 35/1. Thus, m + n
equals 35 + 1, which is 36.
[
\boxed36
]

750

Example 2

...<\think>
The inradius of triangle ABC is the sum of
the radii of the two tangent circles, which
are 34 and 1. Therefore, the inradius r =
34+1 = 35. Expressed as a fraction, this is
35
1 . The sum of the numerator and denomi-

nator is 35 + 1 = 36.
[
\boxed36
]

751

Example 3

...<\think>
The inradius of triangle ABC is the sum of
the radii of the two tangent circles, which
are 34 and 1. Therefore, the inradius r =
34+1 = 35. Expressed as a fraction, this is
35
1 , so m = 35 and n = 1. Thus, m+ n =
35 + 1 = 36.
[
\boxed36
]

752
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