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Abstract001

Decoding strategies play a central role in shap-002
ing the reasoning ability of large language003
models (LLMs). Traditional methods such as004
greedy decoding and beam search often suf-005
fer from error propagation, while sampling-006
based approaches introduce randomness with-007
out adequate robustness. Self-consistency im-008
proves reliability by aggregating multiple roll-009
outs, but incurs significant computational over-010
head. We propose an entropy-guided decoding011
framework that introduces token-level adaptiv-012
ity into generation. At each step, the model013
computes the entropy of the token distribution,014
identifies high-uncertainty positions, and selec-015
tively branches on these vulnerable points. A016
dynamic pool of partial rollouts is maintained017
and expanded until solutions are completed,018
concentrating computation where uncertainty is019
greatest and avoiding unnecessary exploration020
in confident regions. To enable efficient termi-021
nation, we apply a rollout-level Entropy After022
</Think> (EAT) stopping criterion by perform-023
ing entropy evaluation after the full reasoning024
trace, rather than incrementally at every step.025
Experiments on GSM8K, AMC2023, and their026
perturbed variants demonstrate that our method027
achieves consistently strong accuracy. Notably,028
on smaller LLMs, performance is comparable029
to GPT-5 while operating at a fraction of the030
cost.031

1 Introduction032

Large language models (LLMs) have achieved re-033

markable performance across a wide range of tasks,034

including natural language understanding, summa-035

rization, code generation and scientific question an-036

swering (Bommasani et al., 2021; Chowdhery et al.,037

2023; OpenAI, 2023). Despite these successes,038

their reliability on complex reasoning tasks, such039

as mathematical problem solving, symbolic logic,040

and multi-step inference remains limited (Wanga041

et al., 2022). These tasks require maintaining long042

Figure 1: Performance on GSM8K, our Entropy Decod-
ing approach enables the 8B Llama model to outperform
the base GPT models with ∼33x less compute.

chains of precise intermediate steps, where a sin- 043

gle early misstep can propagate unchecked and 044

produce a final answer that appears logical and con- 045

vincing yet is fundamentally incorrect (Boye and 046

Moell, 2025; Zhang, 2025). In such settings, even 047

a single erroneous token can alter the course of the 048

reasoning process and irreversibly compromise the 049

final outcome (Williamson et al., 2025). 050

A central challenge arises from the fact that stan- 051

dard decoding strategies, such as top-k sampling 052

(Fan et al., 2018; Holtzman et al., 2020a) and beam 053

search (Sutskever et al., 2014; Wiseman and Rush, 054

2016) are not designed to accommodate the brit- 055

tleness of reasoning trajectories in large language 056

models. Top-k sampling applies a fixed truncation 057

at every decoding step, irrespective of whether the 058

model is highly confident or deeply uncertain. This 059

leads to inefficiencies: search effort is spent on 060

unambiguous positions while decision-critical to- 061

kens receive insufficient exploration. Beam search, 062

although maintains multiple hypotheses, expands 063

candidates according to locally high probabilities. 064

In reasoning tasks, such local bias can be mislead- 065

ing. An incorrect reasoning step may receive high 066

probability due to patterns learned during pretrain- 067

ing, causing the beam to converge prematurely on 068
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flawed continuations while pruning the correct but069

lower probability trajectories (Yin et al., 2019).070

Consequently, both methods lack mechanisms to071

adapt their search behavior to the model’s evolving072

uncertainty profile over time.073

Our central observation is that decision-critical074

moments (Wang and et al, 2022) in reasoning of-075

ten coincide with high-entropy tokens positions076

where the model’s next-token probability distribu-077

tion is relatively uniform. This uniformity reflects078

uncertainty about which reasoning step to take next,079

indicating that the model’s internal knowledge is080

insufficient to decisively select one continuation. In081

contrast, low-entropy tokens, where a single choice082

dominates the distribution, offer limited potential083

gain from alternative exploration. Identifying and084

focusing search on high-entropy positions thus pro-085

vides a principled way to allocate computational086

effort where it is most likely to affect correctness.087

Based on this insight, we propose HN-decode,088

a high-entropy-token-guided decoding framework089

that allocates search budget adaptively rather than090

uniformly. HN-decode operates in two stages: (1)091

it generates an initial solution using a base decod-092

ing strategy; and (2) it scans the output to iden-093

tify high-entropy positions, selectively expanding094

alternative continuations from these points while095

preserving low-entropy regions. This design mim-096

ics the behavior of a human problem solver who,097

upon encountering uncertainty, reconsiders mul-098

tiple possible next steps before committing. By099

concentrating exploration on decision-critical mo-100

ments, HN-decode improves robustness by reduc-101

ing cascading reasoning errors, increases accuracy102

on challenging tasks, and achieves more efficient103

use of search resources than conventional decoding104

approaches.105

Our contributions are threefold:106

• We identify the limitations of uniform decod-107

ing strategies in reasoning tasks and formalize108

the notion of decision-critical moments via109

token-wise entropy.110

• We introduce HN-decode, a high-entropy-111

token-guided decoding/search framework that112

adaptively allocates search budget to uncer-113

tain positions, enabling targeted exploration114

without exhaustive expansion.115

• We demonstrate that HN-decode improves so-116

lution accuracy and reasoning ability on chal-117

lenging mathematical reasoning benchmarks118

across varying difficulty levels, while main- 119

taining pareto search efficiency. 120

2 Preliminaries 121

2.1 LLM Reasoning 122

Large language models (LLMs), trained on mas- 123

sive and diverse text corpora, have shown surpris- 124

ing emergent reasoning capabilities, enabling them 125

to solve tasks requiring multi-step inference, sym- 126

bolic manipulation, and compositional problem 127

solving. These capabilities are especially relevant 128

in domains such as mathematical problem solving, 129

scientific question answering, program synthesis, 130

and formal logical reasoning, where arriving at a 131

correct answer often demands a structured chain of 132

intermediate steps rather than a single direct pre- 133

diction (et al., 2022; Yang et al., 2025; Pan et al., 134

2023). 135

Although different reasoning-oriented ap- 136

proaches improve accuracy and interpretability, 137

they often share a fundamental limitation: the 138

generation of intermediate reasoning steps is 139

typically carried out in a single forward pass 140

for each sampled trajectory. Errors made at 141

early tokens can propagate irreversibly through 142

subsequent steps, producing final answers that 143

may appear coherent yet remain incorrect (et al., 144

2022; Wang et al., 2024). Figure 2 shows one such 145

example. 146

Furthermore, most decoding strategies used in 147

these methods apply uniform policies across all 148

positions, without adaptively allocating search ca- 149

pacity to decision-critical steps where model un- 150

certainty is highest. As a result, they do not alter 151

the underlying left-to-right decoding dynamics at 152

inference time; the model still commits to tokens se- 153

quentially without explicit mechanisms to explore 154

or revise uncertain regions (Creswell and Shanahan, 155

2022a; Welleck et al., 2022). 156

Consequently, reasoning-intensive tasks remain 157

brittle, since a single incorrect inference step, such 158

as a misapplied algebraic transformation, can inval- 159

idate the entire solution. Overcoming this brittle- 160

ness requires inference-time methods that identify 161

and revisit critical decision points rather than treat- 162

ing all tokens as equally reliable during generation. 163

2.2 Decoding Strategies 164

Large language models (LLMs) rely critically on 165

decoding strategies to convert token-level prob- 166

ability distributions into coherent outputs. The 167
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Figure 2: Different kinds of reasoning errors made by LLMs in complex tasks are due to one or a few wrong tokens
which mislead the problem-solving direction.

choice of decoding method directly affects not only168

fluency and diversity, but also the correctness of169

reasoning-heavy tasks such as mathematics, pro-170

gramming, and scientific problem solving (Holtz-171

man et al., 2020b; Zhu et al., 2024). Despite consid-172

erable progress, existing decoding approaches each173

exhibit limitations that constrain their effectiveness174

for complex reasoning.175

Greedy decoding selects the highest-probability176

token at each step and is computationally efficient,177

but it is highly prone to error propagation: an early178

local mistake irreversibly derails the entire gener-179

ation (Meister et al., 2020). Beam search extends180

greedy decoding by maintaining multiple candidate181

sequences, retaining the top-k partial hypotheses.182

While this increases exploration, beam search often183

collapses to high-likelihood yet uninformative or184

repetitive trajectories (Meister et al., 2021). More-185

over, it optimizes likelihood rather than semantic186

or logical validity (Kasai et al., 2022), making it187

misaligned with reasoning objectives.188

Stochastic methods such as top-k sampling and189

nucleus (top-p) sampling (Holtzman et al., 2020b)190

introduce randomness to mitigate determinism. Al-191

though these strategies improve diversity, they192

are agnostic to reasoning structure: a single mis-193

sampled token can derail multi-step reasoning194

chains, which is problematic in domains where195

correctness is fragile.196

Self-consistency (Wang et al., 2023) has been197

proposed as a decoding-time strategy to improve198

reasoning robustness by sampling multiple rea-199

soning trajectories and aggregating their final an-200

swers via majority voting. While effective, this ap-201

proach is inefficient: many sampled trajectories are 202

low-quality and consume computational resources 203

without improving accuracy. Furthermore, self- 204

consistency only evaluates end results and does not 205

identify or correct intermediate reasoning errors. 206

Across deterministic (greedy, beam) and stochas- 207

tic (sampling, self-consistency) (Brown et al., 2020; 208

Wang et al., 2023) strategies, a shared limitation 209

emerges: all tokens are treated as equally reliable, 210

with no adaptivity to local uncertainty. In prac- 211

tice, reasoning trajectories often hinge on vulner- 212

able decision points (e.g. in Figure 3) where the 213

model is most uncertain or misleading (Shorinwa 214

et al., 2025). Existing decoding methods fail to 215

identify or revisit these points, leading either to 216

wasted computation or overconfidence in flawed 217

continuations (Holtzman et al., 2020a). This gap 218

motivates entropy-based decoding approaches (Qiu 219

et al., 2025; Fei et al., 2025; Xu et al., 2025) that 220

explicitly target uncertainty at the token level and 221

guide exploration toward critical decision steps. 222

3 Proposed Method 223

We introduce an entropy-guided parallel decoding 224

framework that departs from conventional left-to- 225

right generation. Instead of committing to a sin- 226

gle greedy rollout or exploring via indiscriminate 227

sampling, our approach explicitly targets uncertain 228

tokens points in the sequence where the model’s 229

distribution is high-entropy and prone to error. By 230

branching at these tokens (Luo et al., 2025) and 231

maintaining a pool of partial rollouts, the method 232

encourages parallel reasoning and allows multiple 233

plausible continuations to be explored efficiently. 234
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Figure 3: An example of parallel thinking on vulnerable tokens. Here, "equilateral" is the vulnerable token.

Figure 1 shows our approach efficacy and key con-235

tribution, in that, we enable small LLMs to close236

the performance gap to top models’ at a small frac-237

tion of the cost.238

3.1 Entropy-Based Token Selection239

At each decoding step, the model outputs a proba-240

bility distribution over the vocabulary. We compute241

the Shannon entropy (Shannon, 1948) of this distri-242

bution to quantify uncertainty:243

H(p) = −
∑
i

pi log pi, (1)244

where p_i is the probability of the candidate245

token i. Tokens or positions with higher entropy in-246

dicate greater ambiguity, and are thus prime candi-247

dates for exploration. Rather than expanding every248

token equally, our algorithm allocates resources to-249

ward these vulnerable points, where errors are most250

likely to occur and corrections are most impactful.251

3.2 Rollout Pool Construction252

Given a rollout generated using a standard decod-253

ing procedure (e.g. Top-k decoding), when a vul-254

nerable token is identified, the algorithm does not255

random sample for more rollouts. Instead, it:256

• Branches: breaks the rollout at the top-k un-257

confident tokens to form a set of partial roll-258

outs. Each partial rollouts contains tokens259

from the start of the rollout to the previous260

token of each high-entropy one.261

• Stores: appends the corresponding partial roll-262

outs into a job pool.263

• Continues: generation resumes by sampling a 264

partial rollout from the pool, greedily decod- 265

ing the next token, and then extending it to 266

completion using the standard decoding pro- 267

cedure (e.g. Top-k decoding). 268

This creates a dynamic set of reasoning paths, 269

each diverging at critical points but reusing com- 270

mon low-entropy segments where the model is con- 271

fident. 272

3.3 Parallel Thinking via Partial Rollouts 273

The job pool functions as a reservoir of alternative 274

reasoning paths. Each time a candidate is sampled, 275

greedy decoding is applied to generate the next to- 276

ken, in order to replace the vulnerable high-entropy 277

one, it is rolled out to completion until a final an- 278

swer is obtained. Figure 3 shows an example of 279

parallel thinking on vulnerable tokens. Correctness 280

checks are then applied to the finished sequence 281

(e.g., verifying the mathematical solution). Un- 282

like self-consistency, which samples full rollouts 283

indiscriminately, this approach concentrates com- 284

putational resources on meaningful divergences, 285

making exploration more targeted and efficient. 286

3.4 Verification and Stopping Criterion 287

Several prior methods (Wang et al., 2025; Graves, 288

2016; Teerapittayanon et al., 2016; Schuster et al., 289

2022; Jazbec et al., 2024) employ confidence or 290

uncertainty measures to enable early exiting during 291

inference. The intuition is that a model’s uncer- 292

tainty, typically quantified as the entropy of its 293

next-token distribution should decrease as reason- 294
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ing progresses. A substantial drop in entropy (i.e.,295

a high EAT score) after reasoning indicates that296

the model has likely reached a confident and stable297

conclusion.298

Other lines of work have instead focused on299

training verifiers to assess the correctness of model300

generated solutions or to determine preference be-301

tween candidate responses (Cobbe and et al, 2021;302

Creswell and Shanahan, 2022b; Bai and et al, 2022;303

Zheng et al., 2023; Lightman and et al, 2023; Zhang304

et al., 2024; Paul et al., 2024). However, with305

recent advances in reasoning capabilities, LLMs306

can increasingly self-evaluate critiquing and refin-307

ing their outputs without external verifiers often308

through natural language prompt templates that309

guide self-reflection and correction (Shinn et al.,310

2023; Ling et al., 2023; Madaan et al., 2023; Weng311

et al., 2023).312

In contrast, our approach leverages implicit cor-313

rectness signals encoded within the model’s own314

internal representations of the reasoning process.315

We employ a rollout-level EAT criterion, meaning316

entropy analysis is applied after the entire reason-317

ing sequence (rather than step by step). Specifi-318

cally, after generating a full reasoning rollout, we319

compute the entropy statistics namely, the mean320

and variance of next-token entropies at all </think>321

boundaries and use these to determine whether to322

accept, continue, or re-roll the reasoning sequence.323

A high EAT value suggests that the model has con-324

verged to a confident answer, whereas low EAT325

indicates lingering uncertainty or inconsistency, in326

which case additional rollouts may improve perfor-327

mance.328

The procedure is as follows:329

• Take a generated reasoning sequence.330

• Replay it token by token through the model.331

• Record next-token entropy at each </think>332

boundary.333

• Compute the mean (µ) and variance (σ) of334

these entropies.335

• Accept the rollout if stability criteria are met336

(e.g., µ < τ1 and σ < τ2), otherwise continue337

or re-roll. Here τ1 and τ2 are hyperparmeters338

which can be optimized on the training split339

of the datasets.340

4 Experiments 341

We evaluate several large language models in this 342

study: GPT-4o (OpenAI, 2024), and LLaMA-3.1- 343

8B (Llama Team, 2024). Each model is tested 344

under few-shot Chain-of-Thought (CoT) setting 345

(et al., 2022; Ton et al., 2025). 346

The prompt is for all the aforementioned LLMs 347

are the same, and it is (we also tested variations of 348

the prompts and observed similar results): 349

You are given a question between the tags:
<|question|> and <|/question|>.

<|question|> {user_question} <|/question|>

First, think about the question and provide a
step-by-step reasoning process between the
tags:
<think> ... </think>

Finally, on a new line print only the final an-
swer: a single number with no extra text or
formatting.

350

4.1 Setup 351

We evaluate our entropy-guided decoding frame- 352

work on two widely used reasoning benchmarks: 353

GSM8k (grade-school math word problems) (Ope- 354

nAI, 2021) and AMC2023 (Kaggle, 2023) (Ameri- 355

can Mathematics Competition problems which are 356

substantially harder). We used Llama3.1-8B and 357

GPT4o for this task. We used the default hyparam- 358

eters (top_k, temperature). The model is prompted 359

with chain-of-thought reasoning, and decoding is 360

performed with our method. We run this using the 361

APIs 1 and 2. For each dataset, we record: 362

1. Accuracy: proportion of tasks solved cor- 363

rectly. 364

2. Base accuracy: proportion of tasks solved 365

without branching. 366

3. Job statistics: number of rollouts (“jobs”) re- 367

quired before success. 368

4. Success job rate: ratio of successful rollouts 369

among total generated jobs. 370

1https://console.groq.com/docs/model/llama-3.1-8b-
instant

2https://platform.openai.com/docs/models/gpt-4o
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Model Data Base
Accuracy Accuracy Mean

Jobs
Max
Jobs

Mean
Success

Job Rate

Mean
Success
Depth

Mean
Elapsed
Time (s)

Llama3.1-8B GSM8k 84.2 99.6 1.4 23 0.993 0.997 30.2
Llama3.1-8B AMC 45.0 97.5 1.6 21 0.786 1.21 16.9
GPT4o GSM8k 96.3 100 1.3 19 0.987 0.996 42.2
GPT4o AMC 75.0 98.25 1.9 12 0.759 1.33 51.0

Table 1: Results of entropy-guided decoding method on GSM8k and AMC2023 datasets. The table reports the base
accuracy (%): pass@1 of the base model, accuracy (%): accuracy of the proposed method, job statistics, mean
success job rate, mean success depth and average elapsed time in seconds.

5. Success depth: the depth at which branching371

first reaches a correct solution.372

6. Elapsed time: wall-clock latency per problem.373

We summarize the performance of our entropy-374

guided decoding method on GSM8k (OpenAI,375

2021) and AMC2023 (Kaggle, 2023) datasets. Ta-376

ble 1 reports the accuracy, first-trial accuracy, job377

statistics, success job rate, and elapsed time statis-378

tics.379

4.2 GSM8k Results380

On GSM8K, using the Llama3.1-8B model, our381

method achieves 99.6% accuracy, with 84.2% of382

tasks solved correctly on the first trial. On av-383

erage, only 1.4 attempts were required per prob-384

lem, with a mean elapsed time of 30.2 seconds,385

and no corrupted or failed tasks were observed.386

These results demonstrate that our approach han-387

dles simpler arithmetic reasoning tasks extremely388

efficiently.389

Using the GPT4o model, our method also yields390

a significant increase in accuracy, requiring only391

42.2 seconds on average. This further confirms392

that our approach is efficient for simpler arithmetic393

reasoning tasks.394

4.3 AMC2023 Results395

On AMC2023, which is significantly more chal-396

lenging, our method still achieves 97.5% accuracy397

across 40 tasks for Llama3.1-8B and 98.25% ac-398

curacy for GPT4o. However, only 45% and 75%399

of the problems were solved at the first trial for400

both models, requiring additional exploration of401

vulnerable tokens. For Llama3.1-8B, the maximum402

number of jobs required for a single task was 21,403

with an average of 1.6 jobs created per task. For404

GPT4o, the maximum number of jobs required for405

a single task was 12, with an average of 1.9 jobs406

created per task.407

Despite the increased complexity, our method 408

successfully identified correct solutions for more 409

tasks. Notably, correctness was consistently 410

achieved within finite and bounded exploration 411

budgets, demonstrating the scalability of entropy- 412

guided rollouts. The variation in success job 413

rate (mean ≈ 0.786 for Llama3.1-8B, and mean 414

≈ 0.759 for GPT4o) indicates that although some 415

branches terminate unsuccessfully, the pool-based 416

strategy ensures sufficient coverage of correct rea- 417

soning paths. 418

4.4 Perturbed datasets and ablation studies 419

To assess model robustness on mathematical rea- 420

soning tasks, we generated larger evaluation sets 421

following the perturbation method introduced in 422

(Yu et al., 2024). These datasets contain modi- 423

fied versions of the original benchmarks and are 424

designed to test whether models can reliably pro- 425

duce correct answers for different surface forms 426

of the same underlying program. The approach in 427

(Yu et al., 2024) first extracts executable programs 428

from the original math datasets and validates them 429

using the corresponding input–output pairs, ensur- 430

ing they capture the reasoning necessary to solve 431

the text problems. GPT5 model then creates new 432

questions by replacing the input–output pairs while 433

preserving the program structure. We manually 434

verify the correctness of te perturbed questions and 435

provide the answers. Examples of the resulting 436

perturbed dataset are shown in Table 2. Using this 437

method, we generated 2,242 perturbed questions 438

from GSM8K and 320 from AMC2023. We evalu- 439

ates LLaMA-3.1-8B (Llama Team, 2024) and GPT- 440

4o (OpenAI, 2024). Each model is tested using its 441

default hyperparameters (e.g., top_k, temperature) 442

under the few-shot chain-of-thought (CoT) prompt 443

setting (et al., 2022). We apply our method to these 444

perturbed datasets, with results summarized in Ta- 445

ble 3. The findings indicate that standard LLMs 446
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Perturbed questions
Betty is saving money for a new wallet
which costs $90. Betty has only forty per-
cent of the money she needs. Her parents
decided to give her $10 for that purpose,
and her grandparents two and a half times
as much as her parents. How much more
money does Betty need to buy the wallet?
Julie is reading a 110-page book. Yester-
day, she was able to read 5 pages and today,
she read two and a half times as many pages
as yesterday. If she wants to read 45% of
the remaining pages tomorrow, how many
pages should she read?
Tina makes $17.50 an hour. If she works
more than 9 hours per shift, she is eligible
for overtime, which is paid by your hourly
wage + 0.4 times your hourly wage. If she
works 9 hours every day for 4 days, how
much money does she make?
Randy has 55 mango trees on his farm. He
also has 7 less than 0.35 times as many
coconut trees as mango trees. How many
trees does Randy have in all on his farm?

Table 2: Examples of perturbed questions from the
GSM8K.

struggle on the perturbed datasets, whereas our447

method achieves stable and robust performance.448

4.5 Regeneration at Random Tokens449

For comparison, we also consider an alternative450

strategy in which a token is selected at random,451

and regeneration proceeds from that point using452

the same limits for consistency. The results of this453

approach are reported in the last column of Table 3.454

We further evaluate performance across differ-455

ent generation budgets, defined as the maximum456

number of allowed generated tokens, to examine457

how much accuracy LLaMA-3.1-8B can achieve458

with both the proposed method and the random459

approach. These results are illustrated in Figure 4.460

Overall, selecting the highest-entropy token con-461

sistently outperforms random token selection under462

the same generation budget.463

4.6 Comparison with SOTA Model464

We compared the LLaMA-3.1-8B model, using our465

entropy-based decoding, against the state-of-the-466

art GPT-5 model in terms of both performance and467

cost on perturbed datasets.468

Figure 4: Test accuracy on the perturbed GSM8K
dataset under different generation budgets. Each x-axis
unit represents 128 tokens. Results are shown for the
Llama3.1-8B model using entropy-based and random
approaches.

For GPT-5, we used the hosted API3, which 469

charges $10 per million output tokens and $1.25 470

per million input tokens. Evaluation was performed 471

on the perturbed GSM8K and AMC2023 datasets. 472

The distributions of input tokens, output tokens, 473

and inference times are detailed in A.2. 474

For LLaMA-3.1-8B, we first assessed the cost 475

via the hosted API4, priced at $0.08 per million 476

output tokens and $0.05 per million input tokens. 477

Distributions of input tokens, output tokens, and 478

runtime are shown in A.3. 479

Since LLaMA-3.1-8B is open-source, we addi- 480

tionally ran it locally to evaluate on-premise infer- 481

ence costs. Full details of the setup and computa- 482

tions are provided in A.6. 483

Table 4 presents a direct comparison between 484

GPT-5 and LLaMA-3.1-8B under our entropy- 485

based decoding framework. Despite its smaller 486

size, LLaMA-3.1-8B achieves comparable accu- 487

racy with GPT-5, while operating at more than an 488

order of magnitude lower cost. 489

4.7 Hyperparameters and Ablation Studies 490

The hyperparameters in our experiments were 491

tuned using Optuna (Akiba et al., 2019) to max- 492

imize accuracy on the GSM8K training split with 493

LLaMA-3.1-8B. Although hyperparameters could 494

be optimized individually for each model and 495

dataset, we adopt a single configuration to high- 496

light the effectiveness of our entropy-based decod- 497

3https://platform.openai.com/docs/models/
gpt-5

4https://console.groq.com/docs/model/llama-3.
1-8b-instant
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Model Data Base
Accuracy

Proposed
Accuracy

Random
Accuracy

Mean
Elapsed
Time(s)

(Proposed)

Mean
Elapsed
Time(s)

(Random)
Llama3.1-8B GSM8K_p 75.3 99.2 85.3 37.8 95.4
Llama3.1-8B AMC_p 42.7 98.3 92.7 17.4 21.3
GPT4o GSM8K_p 79.5 99.4 94.5 45.7 96.9
GPT4o AMC_p 43.2 91.9 87.6 57.4 93.8

Table 3: Performance of LLMs on perturbed GSM8K and AMC2023 datasets. Base Accuracy refers to the
percentage accuracy of the original model. Proposed Accuracy is the accuracy (%) achieved using our proposed
method. Random Accuracy is the accuracy (%) obtained when regeneration is initiated from a randomly selected
token. Mean Elapsed Time (Proposed) is the average time per question when regeneration uses our proposed method.
Mean Elapsed Time (Random) is the average time per question when regeneration starts from a randomly chosen
token.

Model Data Accuracy Avg. number
of input tokens

Avg. number
of output tokens cost (¢)

GPT5 GSM8K_p 96.6 125 508 0.52
Llama3.1-8B GSM8K_p 99.2 3485 4323 0.05
GPT5 AMC_p 100 158 1779 1.8
Llama3.1-8B AMC_p 98.3 3692 5285 0.06

Table 4: We compare the GPT5 model, and the LLaMA-3.1-8B model under entropy-based decoding. Performance
is evaluated on the perturbed GSM8K and AMC2023 datasets. Our analysis includes accuracy, the average number
of input and output tokens, and the associated API cost.

ing. The final hyperparameter values are reported498

in Table 7.499

We also performed ablation studies by varying500

each hyperparameter, with results summarized in501

Table 8 in A.5. These results show that changes to502

the hyperparameters lead to only minor variations503

in model performance.504

4.8 Discussion505

The comparison between GSM8K and AMC2023,506

along with their perturbed versions, highlights the507

adaptive behavior of our framework. Unlike self-508

consistency, which generates a fixed number of509

full rollouts often resulting in redundant compu-510

tation our approach dynamically allocates effort,511

branching only at uncertain tokens. These findings512

demonstrate that entropy-guided decoding achieves513

both efficiency and robustness: it quickly solves514

simpler tasks while scaling gracefully to more chal-515

lenging ones by concentrating exploration on the516

most uncertain points.517

5 Conclusions518

In this work, we introduced an entropy-guided de-519

coding framework for LLMs, aimed at overcom-520

ing the limitations of conventional strategies such521

as greedy search, sampling, and self-consistency.522

Rather than committing prematurely to a single 523

reasoning trajectory or generating multiple full roll- 524

outs indiscriminately, our method identifies high- 525

entropy tokens points of uncertainty and selectively 526

branches at these decision-critical positions. By 527

maintaining a dynamic pool of partial rollouts, the 528

framework enables parallel reasoning while allo- 529

cating computational resources adaptively and ef- 530

ficiently. We also proposed a rollout-level EAT 531

criterion, applying entropy analysis after the entire 532

reasoning sequence, to decide whether to accept, 533

continue, or re-roll the sequence. 534

Experimental results on the GSM8K and 535

AMC2023 benchmarks, including their perturbed 536

variants, demonstrate the robustness and effective- 537

ness of our approach. These findings underscore 538

the potential of uncertainty-aware decoding as a 539

scalable and efficient approach to reasoning. By 540

directly addressing error propagation at the to- 541

ken level, entropy-guided rollouts enable LLMs 542

to solve tasks reliably and efficiently. Future work 543

may extend this paradigm to broader domains such 544

as code generation, scientific discovery, and mul- 545

timodal reasoning, as well as explore integration 546

with reinforcement learning signals to further re- 547

fine process-level rewards. The code and perturbed 548

datasets will be released upon acceptance. 549
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6 Limitations550

Although entropy-guided decoding improves ro-551

bustness and efficiency in reasoning tasks, several552

limitations remain. First, the method relies on en-553

tropy as a proxy for uncertainty, which may not554

always correlate with true reasoning difficulty. In555

cases where the model is confidently wrong, such556

as systematic misconceptions or spurious correla-557

tions, the framework may fail to trigger branching558

at critical steps. Second, while adaptive branch-559

ing is more efficient than generating full rollouts,560

the approach can still incur high computational561

costs on problems with many consecutive uncer-562

tain tokens. The number of spawned jobs may grow563

rapidly in adversarial or highly combinatorial set-564

tings, especially when no correct trajectory is easily565

recoverable. Third, the framework assumes access566

to a token-level entropy signal during inference,567

which may not be available or efficiently computed568

in all deployment environments. Integrating the569

method into API-restricted or latency-sensitive sys-570

tems could therefore be challenging. Fourth, hy-571

perparameter selection could be optimized using572

the training splits of each dataset. However, in573

this work, we use a single hyperparameter setting574

to demonstrate the effectiveness of entropy-based575

decoding. Finally, our evaluation focuses on math-576

ematical reasoning benchmarks. Although the ap-577

proach may generalize to domains such as code578

generation, scientific discovery, or multimodal rea-579

soning, its effectiveness outside the tested datasets580

remains to be validated. Future work is needed to581

examine how domain structure, task format, and582

model scale affect the behavior of entropy-guided583

branching.584
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A Appendix802

A.1 Example where the base model803

(llama3.1-8B) fails but the proposed804

method succeeds805

Table 5 presents a case in which the base model806

(Llama3.1-8B) fails, but the proposed method suc-807

ceeds. Additional examples where the base model808

fails but our method works are provided in Table 6.809

A.2 Time, input and output token distribution810

of the GPT5 model811

We present the distributions of consumed time,812

input tokens, and output tokens using the GPT5813

model. The results for the perturbed GSM and814

AMC datasets are shown in Figure 5, 8, 9, 10, 6,815

and 7.816

Figure 5: Consumption time (s) distribution of GPT5
model on the perturbed GSM8K dataset.

Figure 6: Distribution of the number of input tokens
for the GPT5 model on the perturbed GSM8K dataset.

Figure 7: Distribution of the number of output tokens
for the GPT5 model on the perturbed GSM8K dataset.

Figure 8: Distribution of the number of input tokens
for the GPT5 model on the perturbed AMC dataset.

A.3 Time, input and output token distribution 817

of the Llama3.1-8B model 818

We present the distributions of consumed time, in- 819

put tokens, and output tokens using the Llama3.1- 820

8B model. The results for the perturbed GSM and 821

AMC datasets are shown in Figure 14, 15, and 16. 822

A.4 Parameter values 823

We optimized the hyperparameters using Optuna 824

(Akiba et al., 2019), targeting the highest accuracy 825

on the GSM8K training split using Llama3.1-8B. 826

While dataset and model specific tuning is possible, 827

we intentionally use one shared set of hyperparam- 828

eters to demonstrate that entropy-based decoding 829

remains effective without per-dataset optimization. 830

The chosen values are reported in Table 7. 831
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Figure 9: Distribution of the number of output tokens
for the GPT5 model on the perturbed AMC dataset.

Figure 10: Consumption time (s) distribution of GPT5
model on the perturbed AMC dataset.

A.5 Ablation studies on parameter values832

We independently varied each hyperparameter to833

analyze its effect on both accuracy and computa-834

tional efficiency. The results are shown in Table835

8.836

A.6 Cost analysis of running LLaMA-3.1-8B837

locally838

Because LLaMA-3.1-8B is open-source, we addi-839

tionally deploy it locally to evaluate inference cost.840

The model is hosted on 8×A100 GPUs (40GB841

each). To estimate cost, we reference cloud GPU842

pricing from Lambda Labs5 , which lists an hourly843

rate of $1.29 per A100-40GB. Running locally re-844

duces end-to-end latency by approximately 90%845

compared to the API. Using the average runtime846

per query, we multiply compute time by GPU cost847

to obtain per-question estimates. The resulting848

5https://lambda.ai/pricing

Figure 11: Consumption time (s) distribution of
Llama3.1-8B model on the perturbed GSM8K dataset.

Figure 12: Distribution of the number of input tokens
for the Llama3.1-8B model on the perturbed GSM8K
dataset.

cost is lower than API usage—approximately 0.03¢ 849

per perturbed GSM8K question and 0.04¢ per per- 850

turbed AMC2023 question. 851
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Figure 13: Distribution of the number of output tokens
for the Llama3.1-8B model on the perturbed GSM8K
dataset.

Figure 14: Consumption time (s) distribution of
Llama3.1-8B model on the perturbed AMC dataset.

Figure 15: Distribution of the number of input to-
kens for the Llama3.1-8B model on the perturbed AMC
dataset.

Figure 16: Distribution of the number of output to-
kens for the Llama3.1-8B model on the perturbed AMC
dataset.
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Perturbed
questions

Base Proposed

Issac has to
buy pens and
pencils for
the upcoming
school year.
Issac buys
108 writing
utensils total.
He buys 12
more than
5 times the
number of
pencils than
pens. How
many pens did
Issac buy?

Let’s define the variables:
- Let x be the number of
pens Issac buys.
- Let y be the number of pen-
cils Issac buys.
According to the problem,
he buys a total of 108 writ-
ing utensils:

x+ y = 108

It is also given that he
buys "12 more than 5 times
the number of pencils than
pens". This translates to:

x = 5y + 12

Now we have a system of
two equations:
1. x+ y = 108
2. x = 5y + 12
Substitute the expression
for x from equation 2 into
equation 1:

5y + 12 + y = 108

Combine the y terms:

6y + 12 = 108

Subtract 12 from both sides:

6y = 96

Divide by 6:

y = 16

Now that we know the num-
ber of pencils, we can find
the number of pens: Substi-
tute y = 16 back into equa-
tion 2:

x = 5(16) + 12

x = 80 + 12

x = 92

Issac buys 92 pens.

Let’s define the variables:
- Let x be the number of
pens Issac buys.
- Let y be the number of pen-
cils Issac buys.
According to the problem,
he buys a total of 108 writ-
ing utensils:

x+ y = 108

It is also given that he
buys "12 more than 5 times
the number of pencils than
pens". This translates to:

y = 5x+ 12

Now we have a system of
two equations:
1. x+ y = 108
2. y = 5x+ 12
Substitute the expression
for y from equation 2 into
equation 1:

5x+ 12 + x = 108

Combine the x terms:

6x+ 12 = 108

Subtract 12 from both sides:

6x = 96

Divide by 6:

x = 16

Issac buys 16 pens.

Table 5: GSM8K example where the base model (llama3.1-8B) fails but the proposed method succeeds. x is an high
entropy token.
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Perturbed questions Base Proposed
Carlos is planting a lemon tree. The tree will cost $90 to plant. Each
year it will grow 7 lemons, which he can sell for $1.5 each. It costs
$3 a year to water and feed the tree. How many years will it take
before he starts earning money on the lemon tree?

12 13

Christina is planning a birthday party and needs .75 gift bags per
invited guest, because 1/4 of attendees don’t show up. She invited
16 friends. Gift bags are $2 each. How much will she spend?

18 24

Lee used to be able to run the 400-meter hurdles two seconds faster
than Gerald would run the 400-meter hurdles. But Gerald changed
his diet, which improved his speed by 10%. If Lee runs the 400-
meter hurdles in 38 seconds, how fast can Gerald, with his improved
diet, run the 400-meter hurdles, in seconds?

32.4 36

Adrien’s total salary was 30 percent higher than Lylah’s. Four years
later, his salary had increased, and he was earning 40% more than
what he was making four years ago. If Adrien’s and Lylah’s salary
increased simultaneously, and Adrien earned $40000 four years ago,
calculate the total salary the two were receiving four years later?

96000 95200

A garden is filled with 105 flowers of various colors. There are
twice as many red flowers as orange. There are five fewer yellow
flowers than red. If there are 10 orange flowers, how many pink and
purple flowers are there if they have the same amount and there are
no other colors?

60 30

Albert wants a paintbrush that costs $1.50, a set of paints that costs
$4.35, and a wooden easel that costs $12.65. Albert already has
$6.50. How much more money does Albert need?

13 12

A banana tree has 100 bananas left after Raj cut some bananas from
it. If Raj has eaten 70 bananas and has twice as many remaining in
his basket, how many bananas were on the tree initially?

240 310

Drew is reseeding his lawn with grass seed. One bag of grass seed
covers 250 square feet of lawn. His lawn is 22 feet from the house
to the curb and 36 feet from side to side. He bought four bags of
seed. How many extra square feet could the leftover grass seed
cover after Drew reseeds his lawn?

0 208

Issac has to buy pens and pencils for the upcoming school year.
Issac buys 108 writing utensils total. He buys 12 more than 5 times
the number of pencils than pens. How many pens did Issac buy?

92 16

Table 6: GSM8K examples where the base model fails but the proposed method succeeds.

parameter explanation value
max_degree The maximum number of entropy-heavy tokens to branch from. 3
min_degree The minimum number of entropy-heavy tokens to branch from. 2
degree_depth_decay How quickly branching tapers off as moving deeper. 0.6
max_mcts_depth How deep any branch can go. 3
max_num_create_jobs How many total branches can be explored. 32
τ1 The mean entropy threshold for stopping 2.3
τ2 The variance entropy threshold for stopping 9.8

Table 7: Hyperparameters used in our experiments, along with explanations and the values chosen. These values
were optimized to maximize accuracy on the GSM8K train split.
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Parameter Value Data Accuracy Mean Elapsed Time(s)
max_degree 2 GSM8K_p 98.1 35.2
max_degree 3 GSM8K_p 99.2 37.8
max_degree 4 GSM8K_p 98.7 36.3
max_degree 5 GSM8K_p 98.3 37.1
max_degree 2 AMC_p 97.5 18.1
max_degree 3 AMC_p 98.3 21.3
max_degree 4 AMC_p 99.1 22.7
max_degree 5 AMC_p 99.8 28.2
min_degree 1 GSM8K_p 98.5 32.9
min_degree 2 GSM8K_p 99.2 37.8
min_degree 1 AMC_p 97.8 19.7
min_degree 2 AMC_p 98.3 21.3
degree_depth_decay 0.4 GSM8K_p 98.1 36.6
degree_depth_decay 0.5 GSM8K_p 99.0 39.2
degree_depth_decay 0.6 GSM8K_p 99.2 37.8
degree_depth_decay 0.7 GSM8K_p 96.9 35.7
degree_depth_decay 0.4 AMC_p 99.2 26.7
degree_depth_decay 0.5 AMC_p 98.6 22.9
degree_depth_decay 0.6 AMC_p 98.3 21.3
degree_depth_decay 0.7 AMC_p 97.8 19.9
max_mcts_depth 2 GSM8K_p 93.5 32.4
max_mcts_depth 3 GSM8K_p 99.2 37.8
max_mcts_depthy 4 GSM8K_p 99.4 39.7
max_mcts_depth 2 AMC_p 97.9 20.2
max_mcts_depth 3 AMC_p 98.3 21.3
max_mcts_depthy 4 AMC_p 99.0 27.9
max_num_create_jobs 16 GSM8K_p 90.9 26.1
max_num_create_jobs 32 GSM8K_p 99.2 37.8
max_num_create_jobs 64 GSM8K_p 99.8 40.1
max_num_create_jobs 16 AMC_p 96.3 18.6
max_num_create_jobs 32 AMC_p 98.3 21.3
max_num_create_jobs 64 AMC_p 99.2 27.9
τ1 2.0 GSM8K_p 98.0 36.3
τ1 2.3 GSM8K_p 99.2 37.8
τ1 3.0 GSM8K_p 98.8 38.1
τ1 2.0 AMC_p 98.8 27.1.3
τ1 2.3 AMC_p 98.3 21.3
τ1 3.0 AMC_p 97.3 18.8
τ2 9 GSM8K_p 98.6 39.1
τ2 9.8 GSM8K_p 99.2 37.8
τ2 11 GSM8K_p 97.9 36.6
τ2 9 AMC_p 99.2 25.3
τ2 9.8 AMC_p 98.3 21.3
τ2 11 AMC_p 97.5 19.2

Table 8: Ablation studies on different parameter values. Performance on the perturbed GSM8K and AMC2023
dataset using Llama3.1-8B with entropy decoding. Mean Elapsed Time is the average time (s) per question when
regeneration uses our proposed method.
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