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Abstract001

Token sampling strategies critically influence002
text generation quality in large language mod-003
els (LLMs). However, existing methods in-004
troduce additional hyperparameters, requir-005
ing extensive tuning and complicating deploy-006
ment. We present Entropy Equilibrium Sam-007
pling (EES), a hyperparameter-free approach008
inspired by information theory that can dynam-009
ically adjust candidate sets by balancing nor-010
malized entropy with probability mass. We011
evaluate EES on both reasoning and gener-012
ation tasks across a range of model archi-013
tectures. Our results show that EES consis-014
tently performs well across temperature set-015
tings, delivering competitive accuracy and016
coherence while maintaining diversity. By017
eliminating the need for hyperparameter tun-018
ing, EES greatly simplifies deployment while019
improving performance. Code is released020
at https://anonymous.4open.science/r/021
Entropy-Equilibrium-Sampling-B196.022

1 Introduction023

The rapid advancement of large language models024

(LLMs) has revolutionized natural language gener-025

ation, enabling diverse applications ranging from026

creative writing to scientific reasoning (Brown027

et al., 2020; Chowdhery et al., 2023; Touvron et al.,028

2023). As LLMs continue to improve, the qual-029

ity of generated text depends not only on model030

architecture and training data, but also greatly031

on the sampling methods employed during infer-032

ence (Xing et al., 2024; Zhan et al., 2025a,b).033

Modern text generation relies heavily on stochas-034

tic sampling methods to balance two fundamen-035

tal objectives: maintaining coherence with the036

learned distribution while introducing sufficient di-037

versity to avoid repetitive or overly predictable out-038

puts (Nguyen et al., 2024; Fan et al., 2018; Welleck039

et al., 2019). This coherence-diversity trade-off has040

led to the development of numerous sampling tech-041

Context : Everyone kept recommending this movie, so I decided to see it this weekend. 
Unfortunately, the movie was _____
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Figure 1: Hyperparameter sensitivity across tem-
peratures. EES achieves consistent optimal perfor-
mance without tuning, while top-p requires temperature-
specific hyperparameter adjustment.

niques, including nucleus sampling (top-p) (Holtz- 042

man et al., 2019), typical sampling (Meister et al., 043

2023), and eta sampling (Hewitt et al., 2022). Each 044

method introduces specialized hyperparameters to 045

control generation behavior (Welleck et al., 2024). 046

However, the reliance on hyperparameters 047

presents significant challenges for deploy- 048

ment (Liao et al., 2022). As demonstrated in our 049

experiments (see Appendix G), the generation 050

quality of current sampling methods exhibits sub- 051

stantial variance under different hyperparameter 052

configurations, confirming their high sensitivity 053

to manual tuning. This instability complicates 054

adaptation across diverse domains (Liang et al., 055

2022), as achieving optimal results often requires 056

extensive, condition-specific adjustments. 057
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To address these fundamental limitations, we058

introduce Entropy Equilibrium Sampling (EES), a059

novel, streamlined, hyperparameter-free approach060

grounded in information theory (Cover, 1999),061

which maintains high generation quality while sim-062

plifying deployment. Our method leverages the063

insight that competitive sampling can be achieved064

by balancing normalized entropy and probability065

mass within dynamically constructed candidate066

sets. Figure 1 demonstrates the critical challenge067

of maintaining optimal performance when temper-068

ature conditions change. The result reveals that069

methods like top-p achieve optimal token selection070

at specific temperatures (e.g., τ = 0.5) through071

careful hyperparameter tuning but fail to maintain072

this performance when the temperature changes073

(e.g., τ = 1.0) without re-tuning their hyperparam-074

eters. In contrast, our proposed EES method con-075

sistently achieves optimal token truncation across076

varying temperature conditions without requiring077

any hyperparameter adjustment.078

In summary, the contributions of this paper are079

as follows:080

• Theoretical analysis for entropy-probability081

equilibrium: We provide rigorous theoretical082

analysis proving the existence and uniqueness of083

the equilibrium between normalized entropy and084

probability mass, establishing a solid mathemati-085

cal foundation for hyperparameter-free sampling086

methods.087

• Hyperparameter-free sampling method: We088

present a method that dynamically adjusts candi-089

date set size based on entropy-probability mass090

relationships, maintaining effective coherence-091

diversity balance without hyperparameter tuning.092

• Comprehensive empirical validation: We con-093

ducted extensive experiments across diverse094

benchmarks, model families, and scales, demon-095

strating that our method effectively balances co-096

herence and diversity while maintaining robust-097

ness across different temperature settings.098

2 Preliminary099

2.1 Autoregressive Sampling100

In autoregressive text generation, given a context101

sequence x1:t−1, a LLM computes a score vector102

s ∈ R|V| where each element si represents the103

unnormalized logit for the i-th vocabulary token104

in vocabulary V (Vaswani et al., 2017; Radford105

et al., 2019). This score vector undergoes tempera-106

ture scaling with hyperparameter τ > 0, followed107

by softmax normalization to obtain the probability 108

distribution: 109

P (xt = vi|x1:t−1) =
exp(si/τ)∑|V|
j=1 exp(sj/τ)

, (1) 110

where different sampling methods then employ var- 111

ious strategies to select tokens from this distribu- 112

tion, balancing between generation coherence and 113

diversity (Fan et al., 2018; Holtzman et al., 2019). 114

2.2 Normalized Entropy 115

Normalized entropy measures the degree of uncer- 116

tainty in probability distributions relative to the 117

maximum possible uncertainty. Given the top-k 118

tokens sorted by descending probability, the nor- 119

malized entropy is defined as: 120

H̄k :=
Hk

log k
, (2) 121

where Hk is the Shannon entropy (Shannon, 1948) 122

of the top-k subset: 123

Hk = −
k∑

i=1

p̂i log p̂i, (3) 124

and p̂i =
pi∑k

j=1 pj
represents the renormalized prob- 125

ability of the i-th token within the top-k subset. 126

The denominator log k represents the maximum 127

entropy achievable when all k tokens have equal 128

probability (p̂i = 1
k for all i). Thus, H̄k ∈ [0, 1], 129

where: 130

• H̄k → 0: The distribution is highly concen- 131

trated, indicating low uncertainty and high 132

confidence in token selection. 133

• H̄k → 1: The distribution approaches uni- 134

form, indicating high uncertainty and approxi- 135

mately equal likelihood among tokens. 136

This normalized entropy measure provides a 137

scale-invariant metric for assessing distributional 138

uncertainty within candidate token sets, enabling 139

consistent comparison across different vocabulary 140

subset sizes. 141

2.3 Probability Mass 142

Probability mass measures the cumulative proba- 143

bility concentration within a token subset. Given 144

the top-k tokens ranked by descending probability, 145

probability mass is defined as: 146

Pk :=

k∑
i=1

pi, (4) 147
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in contrast to entropy, which captures the shape of148

the distribution, probability mass directly reflects149

candidate subset coverage, making it suitable for150

truncation thresholds.151

3 Method152

3.1 Problem Formulation153

In LLM sampling, the fundamental challenge lies154

in balancing exploration and exploitation within the155

vocabulary probability distribution (Meister and156

Cotterell, 2021; Brown et al., 2024). This balance157

is characterized by two key information-theoretic158

measures: Normalized Entropy, which quantifies159

the distributional trend of the candidate set and160

guides how tokens should be utilized, and Proba-161

bility Mass, which represents the cumulative prob-162

ability coverage of selected candidates and thus163

quantifies the scope of exploration.164

We formalize this as an optimization problem165

over vocabulary subsets. Given a conditional prob-166

ability distribution P (xt|x<t) at generation step t,167

we seek a candidate set A∗ ⊆ V that optimizes the168

balance between these two measures:169

A∗
x<t

= arg max
A∗

x<t
⊆V
F(H̄k(A

∗
x<t

), P(A∗
x<t

)),

(5)170

where F represents the objective function balanc-171

ing coherence-diversity trade-offs. We propose that172

an effective balance can be achieved when normal-173

ized entropy and probability mass are in equilib-174

rium, suggesting that F should consider candidate175

sets where these measures are aligned.176

3.2 Algorithm Overview177

To implement the equilibrium-based approach out-178

lined in Section 3.1, we instantiate the objective179

function F by seeking candidate sets where the180

normalized entropy H̄k aligns with the scaled prob-181

ability mass θPk, where θ is a scaling coefficient.182

This alignment establishes a flexible criterion for183

balancing uncertainty and confidence when identi-184

fying effective candidate sets. Since the selection185

of the candidate set size is inherently discrete, we186

formulate this as finding the largest threshold k∗187

such that the normalized entropy remains greater188

than or equal to the scaled probability mass:189

k∗ = argmax
k

{
k : H̄k ≥ θPk

}
. (6)190

It is worth noting that both H̄k and Pk naturally191

span the range [0, 1], making them dual measures192

of distributional characteristics. The choice of θ 193

significantly influences the behavior of the algo- 194

rithm. If θ < 0, the condition typically fails to 195

identify a meaningful intersection for truncation, 196

resulting in the fallback use of the entire vocabu- 197

lary. Conversely, if θ > 0, the algorithm applies 198

stricter truncation. However, for highly uniform 199

distributions, this might cause excessive cutting, 200

where excluded tokens have probabilities almost 201

identical to those retained." 202

Consequently, we set θ = 1 and simplify the 203

optimization problem to: 204

k∗ = argmax
k

{
k : H̄k ≥ Pk

}
. (7) 205

Once k∗ is determined, we truncate the vocabulary 206

distribution at this threshold, retaining only the top- 207

k∗ tokens for subsequent sampling. To validate this 208

configuration, we provide supporting experimental 209

results in Appendix B, demonstrating that θ = 1 210

yields the most competitive performance. 211

3.3 Convergence Analysis 212

We establish the theoretical foundation for our al- 213

gorithm by proving the existence and uniqueness 214

of the threshold k∗. 215

Theorem 1. For any probability distribution 216

{pi}ni=1 sorted in descending order (p1 ≥ p2 ≥ 217

· · · ≥ pn > 0), there exists a unique k∗ ∈ 218

{1, 2, . . . , n} such that the algorithm converges. 219

Proof. We define the objective function: 220

f(k) = H̄k − Pk, (8) 221

where the algorithm seeks the largest k∗ such that 222

f(k∗) ≥ 0. The proof consists of three steps. 223

Step 1: Monotonicity of the objective func- 224

tion. 225

We establish that f(k) = H̄k − Pk is strictly 226

decreasing. Let g(k) = H̄k denote the normalized 227

entropy. We demonstrate that g(k + 1) ≤ g(k) for 228

all valid k. For the boundary case k = 1, we set 229

g(1) = 1 and observe that g(1) = 1 ≥ g(2) = 230
H2
log 2 since H2 ≤ log 2. 231

For k ≥ 2, we prove: 232

Hk+1

log(k + 1)
≤ Hk

log k
. (9) 233

This is equivalent to: 234

Hk+1 · log k ≤ Hk · log(k + 1). (10) 235
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We decompose Hk+1 as:236

Hk+1 = −
k∑

i=1

pi
Pk+1

log
pi

Pk+1
− pk+1

Pk+1
log

pk+1

Pk+1
237

=
Pk

Pk+1
Hk +

Pk

Pk+1
log

Pk+1

Pk
238

−
(
1− Pk

Pk+1

)
log

(
1− Pk

Pk+1

)
.

(11)

239

Defining α = Pk
Pk+1

, we obtain:240

Hk+1 = αHk + h(α), (12)241

where h(α) = −α logα − (1 − α) log(1 − α) is242

the binary entropy function.243

Since {pi}ni=1 is sorted in descending order, we244

have α = Pk
Pk+1

≥ k
k+1 .245

When α = k
k+1 (uniform case), we have p1 =246

p2 = · · · = pk+1, yielding Hk = log k and247

Hk+1 = log(k + 1), so inequality (10) holds with248

equality.249

When α > k
k+1 , substituting eq. (12) into250

eq. (10) and rearranging:251

Hk · (log(k + 1)− α log k) ≥ log k · h(α). (13)252

Define ϕ(α) = Hk · (log(k + 1) − α log k) −253

log k · h(α). Taking the derivative:254

ϕ′(α) = − log k ·
(
Hk + log

1− α

α

)
. (14)255

For α > k
k+1 , we have 1−α

α < 1
k , implying256

log
(
1−α
α

)
< − log k. Therefore:257

ϕ′(α) > − log k · (Hk − log k) ≥ 0, (15)258

where the inequality follows from Hk ≤ log k.259

Since ϕ
(

k
k+1

)
= 0 and ϕ′(α) > 0 for α ∈260 (

k
k+1 , 1

)
, we have ϕ(α) > 0 in this interval, estab-261

lishing inequality (13).262

Therefore, g(k) is strictly decreasing. Since Pk263

is strictly increasing, f(k) = g(k)− Pk is strictly264

decreasing.265

Step 2: Boundary behavior analysis.266

We examine the behavior of f(k) at the bound-267

aries to establish the existence of a zero crossing.268

For k = 1: Since we define g(1) = 1 and P1 =269

p1 ≤ 1, we have f(1) = 1− p1 ≥ 0.270

As k approaches the vocabulary size n: We have271

Pn = 1 and H̄n ≤ 1, with strict inequality for272

non-uniform distributions due to entropy concavity. 273

Thus: 274

lim
k→n

f(k) = H̄n − 1 ≤ 0. (16) 275

Step 3: Existence and uniqueness. 276

Since f(k) is strictly decreasing on the discrete 277

domain {1, 2, . . . , n}, with f(1) ≥ 0 and f(n) ≤ 278

0, there exists a unique threshold k∗ defined as: 279

k∗ = argmax
k
{k : f(k) ≥ 0}. (17) 280

The strict monotonicity of f(k) ensures that: 281

• If k∗ < n, then f(k∗) ≥ 0 and f(k∗+1) < 0 282

• If k∗ = n, then f(n) ≥ 0 (uniform distribu- 283

tion case) 284

This guarantees the uniqueness of the threshold 285

and ensures our algorithm converges to this well- 286

defined solution. 287

3.4 Algorithm Implementation 288
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Figure 2: Mechanism of EES

Figure 2 illustrates the mechanism, showing how 289

the algorithm determines the threshold k∗ through 290

iterative comparison of normalized entropy and 291

probability mass. Algorithm 1 presents the com- 292

plete algorithmic procedure for EES, which dynam- 293

ically selects the sampling threshold at each gen- 294

eration step by maintaining an entropy-probability 295

mass equilibrium condition. 296

Complexity Analysis. The computational com- 297

plexity per generation step primarily consists of: 298

(1) probability computation (O(|V|)), (2) sorting 299

(O(|V| log |V|)), (3) threshold selection (O(k2) or 300

O(k) depending on implementation), and (4) sam- 301

pling (O(k)). Since k ≪ |V| in practice, the naive 302

implementation is dominated by the sorting step, 303

resulting in an overall complexity ofO(|V| log |V|). 304
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LM Sampling Method
CommonsenseQA StrategyQA

τ = 0.5 τ = 0.8 τ = 1.0 Avg τ = 0.5 τ = 0.8 τ = 1.0 Avg
Q

w
en

2.
5-

7B

Temperature 83.70 82.39 82.01 82.70 75.75 75.90 74.67 75.44
Top-p 83.77(0.75) 82.64(0.80) 81.93(0.80) 82.78 74.79(0.90) 75.87(0.85) 75.05(0.80) 75.24
Top-k 82.75(10) 82.42(100) 82.65(20) 82.61 75.87(5) 75.11(5) 74.44(100) 75.14

Eta 82.98(0.0009) 81.88(0.002) 82.10(0.0006) 82.32 75.43(0.0006) 74.99(0.0006) 75.11(0.002) 75.18
Mirostat 83.88(2.5) 83.23(2.5) 83.55(2.5) 83.55 75.72(2.5) 76.33(3.5) 75.37(2.5) 75.81
Typical 83.36(0.95) 84.11(0.2) 82.95(0.2) 83.47 75.34(0.2) 75.57(0.2) 75.23(0.2) 75.38

Adaptive 83.62(0.0005) 83.46(0.005) 83.39(0.01) 83.49 75.63(0.005) 75.52(0.005) 75.46(0.005) 75.54
Ours 84.42 83.95 83.64 84.00 76.33 76.56 75.95 76.28

L
la

m
a3

.1
-8

B Temperature 76.69 75.71 73.63 75.34 73.80 72.34 69.02 71.72
Top-p 76.81(0.75) 76.25(0.75) 75.28(0.75) 76.11 73.54(0.95) 73.54(0.85) 72.66(0.75) 73.25
Top-k 77.33(20) 76.23(5) 74.76(5) 76.11 75.28(5) 72.20(20) 72.52(5) 73.33

Eta 77.17(0.0006) 75.22(0.0003) 74.25(0.004) 75.55 74.06(0.002) 71.99(0.0003) 70.39(0.0009) 72.15
Mirostat 77.20(2.5) 76.38(3.0) 76.54(2.5) 76.71 74.12(4.0) 75.46(3.0) 74.50(4.0) 74.69
Typical 77.22(0.2) 75.81(0.2) 75.18(0.2) 76.07 75.05(0.2) 73.57(0.2) 72.02(0.90) 73.55

Adaptive 77.17(0.01) 77.38(0.0005) 77.20(0.01) 77.25 75.11(0.0005) 75.17(0.01) 75.14(0.0005) 75.14
Ours 77.44 76.72 76.90 77.02 75.14 74.50 74.61 74.75

Q
w

en
2.

5-
32

B Temperature 88.98 88.27 88.52 88.59 80.29 79.39 79.04 79.57
Top-p 88.63(0.90) 88.21(0.95) 88.19(0.85) 88.34 80.44(0.80) 79.42(0.95) 79.24(0.80) 79.70
Top-k 88.83(10) 89.12(5) 88.11(50) 88.69 79.77(5) 80.38(5) 78.57(100) 79.57

Eta 88.99(0.002) 88.48(0.002) 88.47(0.002) 88.65 80.15(0.0009) 78.95(0.004) 79.39(0.004) 79.50
Mirostat 89.24(3.0) 88.75(4.0) 89.09(2.5) 89.03 80.32(3.5) 80.12(2.5) 80.15(3.5) 80.20
Typical 89.19(0.2) 88.85(0.2) 88.70(0.92) 88.91 80.06(0.90) 80.32(0.92) 79.45(0.92) 79.94

Adaptive 88.98(0.0005) 88.76(0.01) 88.83(0.001) 88.86 80.32(0.0005) 80.79(0.0005) 80.99(0.01) 80.70
Ours 89.30 88.85 88.94 89.03 80.35 80.52 80.23 80.37

Table 1: Cross-model performance comparison of sampling methods under different temperature settings on two
QA datasets. Bold: best performance; underlined: second-best; parentheses: optimal hyperparameter.

However, in Appendix A, we introduce an op-305

timized implementation that eliminates the need306

for full sorting, reducing the overall complexity307

to O(|V|) and provide experimental validation to308

demonstrate the practical efficiency and feasibility309

of this algorithm.310

Algorithm 1 Entropy Equilibrium Sampling (EES)

Require: Context C; Language Model Pθ

Ensure: Generated Sequence G
1: G ← ∅
2: for each generation step do
3: p← Sort(Pθ(·|C), descending)
4: P0 ← 0, k∗ ← 1
5: for k = 1 to |V| do
6: Pk ← Pk−1 + pk
7: if k ≥ 2 then
8: H̄k ←

−
∑k

i=1(pi/Pk) log(pi/Pk)
log k

9: if H̄k < Pk then
10: k∗ ← k − 1; break
11: end if
12: end if
13: end for
14: xt ← sample from top-k∗ distribution
15: Update C and G with xt
16: end for
17: return G

4 Experiment 311

4.1 Setups 312

Models and Datasets We evaluated our method 313

using Qwen2.5-7B, Qwen2.5-32B (Yang et al., 314

2025), and Llama3.1-8B (Dubey et al., 2024) on 315

CommonsenseQA (Talmor et al., 2018) and Strat- 316

egyQA (Geva et al., 2021). Detailed statistical 317

information regarding all datasets is provided in 318

Appendix D. 319

Baseline We compared against seven established 320

sampling methods: temperature sampling, top-p, 321

top-k sampling, eta sampling, mirostat, typical sam- 322

pling, and adaptive sampling. 323

Experimental Protocol We randomly sampled 324

20% of the training data as a validation set to iden- 325

tify optimal hyperparameters for each sampling 326

method across different temperature settings. We 327

configured the hyperparameter search space for 328

each method based on recommendations from the 329

original papers and subsequent literature (Shi et al., 330

2024): 331

• Top-p: p ∈ {0.75, 0.8, 0.85, 0.9, 0.95} 332

• Top-k: k ∈ {5, 10, 20, 50, 100} 333

• Eta sampling: η ∈ {3× 10−4, . . . , 4× 10−3} 334

• Mirostat: τ ∈ {2.5, 3.0, 3.5, 4.0} 335

• Typical sampling: p ∈ {0.2, 0.9, 0.92, 0.95} 336

• Adaptive sampling: ϵ ∈ {5 × 10−4, . . . , 1 × 337

10−2} 338

5



78 79 80 81 82 83 84 85
Accuracy(%)

92.00

92.25

92.50

92.75

93.00

93.25

93.50

93.75

94.00
D

iv
er

si
ty

Sampling Methods
Temperature
Top-p
Top-k
Eta
Mirostat
Typical
Adaptive
Ours

0.5

0.8

1.0

1.2

1.5

Te
m

pe
ra

tu
re

 (
)

(a) CommonsenseQA

70 71 72 73 74 75 76 77
Accuracy(%)

40

45

50

55

60

65

70

75

80

D
iv

er
si

ty

Sampling Methods
Temperature
Top-p
Top-k
Eta
Mirostat
Typical
Adaptive
Ours

0.5

0.8

1.0

1.2

1.5

Te
m

pe
ra

tu
re

 (
)

(b) StrategyQA

Figure 3: Accuracy-diversity performance across sampling methods and temperatures on two QA datasets using
Llama3.1-8B.

For each configuration, we conducted three in-339

dependent runs and selected the hyperparameter340

setting that achieves the highest average accuracy341

on the validation set. On the test set, we evalu-342

ated each method using its optimal hyperparameter343

with five independent runs, reporting average per-344

formance as the final score. Following (Shi et al.,345

2024), we constructed model inputs by randomly346

sampling multiple examples from the training set347

to provide in-context learning examples.348

4.2 Results349

Table 1 reveals that our EES method consistently350

achieves competitive performance, ranking among351

the top methods across all experimental configu-352

rations while demonstrating robust performance353

across varying temperature settings and model ar-354

chitectures. While some baseline methods occa-355

sionally achieve slightly higher individual scores356

(e.g., Adaptive sampling on Llama3.1-8B), our ap-357

proach offers a distinct advantage in practical de-358

ployment scenarios.359

Most significantly, our method eliminates hyper-360

parameter sensitivity: baseline methods require di-361

verse optimal configurations across different mod-362

els and temperatures, with parameters varying dra-363

matically between settings (e.g., top-k from 5 to364

100, Eta from 0.0003 to 0.004), whereas our ap-365

proach maintains consistent performance without366

any hyperparameter adjustment. Notably, we ob-367

served a clear scaling effect where performance368

variance between methods decreases substantially369

as model size increases—accuracy differences com-370

press from 2-3% gaps in smaller models to <1%371

in the 32B parameter regime, suggesting improved372

calibration in larger models.373

4.3 Diversity analysis 374

We evaluated diversity using the repetition- 375

based metric Diversity =
∏4

n=2(1.0 −
rep-n
100 ) 376

from (Meister et al., 2023) on correctly classi- 377

fied responses from Qwen2.5-7B. Figure 3 demon- 378

strates that our method achieves competitive diver- 379

sity while maintaining superior accuracy across all 380

temperature settings. Notably, we observed that 381

the presumed accuracy-diversity trade-off is highly 382

task-dependent: on CommonsenseQA (Figure 3a), 383

all sampling methods reach high diversity scores 384

(>93%) at τ = 0.5, with higher temperatures 385

providing negligible diversity gains while signifi- 386

cantly degrading accuracy. This suggests that task 387

complexity fundamentally modulates the optimal 388

operating point for sampling strategies, and that 389

the traditional assumption of a universal accuracy- 390

diversity trade-off may not hold across different 391

reasoning tasks. 392

4.4 Mathematical Reasoning 393

We evaluated mathematical reasoning performance 394

on the GSM8K dataset (Cobbe et al., 2021) us- 395

ing Qwen3-8B (Yang et al., 2025). We exam- 396

ined two distinct generation modes: w/o think- 397

ing (standard direct prompting) and w/ think- 398

ing (reasoning mode), across temperature settings 399

τ ∈ {0.5, 0.8, 1.0} to assess robustness. We ad- 400

hered to the protocol in Section 4.1, using the same 401

hyperparameter search pipeline. Final results rep- 402

resent the average of 5 independent runs. Each 403

evaluation involves generating the full reasoning 404

path and final answer, with correctness determined 405

by exact match with the ground truth. 406
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LM Sampling Method
GSM8K (w/o thinking) GSM8K (w/ thinking)

τ = 0.5 τ = 0.8 τ = 1.0 Avg τ = 0.5 τ = 0.8 τ = 1.0 Avg
Q

w
en

3-
8B

Temperature 61.49 61.83 61.91 61.74 66.87 66.55 66.16 66.53
Top-p 62.64(0.85) 62.38(0.95) 61.61(0.85) 62.21 66.94(0.90) 66.64(0.75) 66.31(0.80) 66.63
Top-k 61.93(50) 62.11(20) 61.59(20) 61.88 66.50(50) 66.10(100) 66.26(100) 66.29

Eta 62.58(0.004) 62.30(3e-4) 62.44(0.004) 62.44 66.72(0.002) 66.75(3e-4) 66.70(0.004) 66.72
Mirostat 62.71(4.0) 62.52(4.0) 62.70(3.0) 62.64 66.61(3.0) 66.64(3.0) 66.55(4.0) 66.60
Typical 62.56(0.2) 62.00(0.9) 62.09(0.9) 62.22 66.96(0.9) 66.35(0.2) 66.54(0.2) 66.62

Adaptive 62.68(5e-4) 61.93(0.005) 62.08(0.001) 62.23 66.49(0.005) 66.73(5e-4) 66.22(0.01) 66.48
Ours 62.85 62.55 62.18 62.53 66.64 66.76 66.75 66.72

Table 2: Comparison of sampling methods on GSM8K using Qwen3-8B, evaluating performance w/o thinking and
w/ thinking. Values represent accuracy (%), with optimal hyperparameters in parentheses.

Results. Table 2 demonstrates that our method407

achieves superior performance, consistently rank-408

ing first or second across the majority of model con-409

figurations. In the w/o thinking mode, our method410

dominates at lower temperatures (τ = 0.5, 0.8) and411

secures the second-best average accuracy.412

Crucially, in the w/ thinking mode, our approach413

exhibits remarkable robustness against tempera-414

ture variations. While baseline methods like Top-415

p and Typical sampling achieve high accuracy at416

low temperatures, they suffer noticeable degrada-417

tion at τ = 1.0 (e.g., Top-p drops from 66.94% to418

66.31%). In contrast, our method maintains consis-419

tently high performance, achieving the best result at420

τ = 1.0 (66.75%) and tying for the highest average421

accuracy (66.72%). This stability highlights the422

effectiveness of our entropy-equilibrium strategy423

in filtering irrational tokens during complex reason-424

ing paths, offering a reliable, hyperparameter-free425

solution that performs optimally across varying426

conditions where other methods require extensive427

tuning.428

4.5 Creative Writing Evaluation429

To assess the generation quality of our pro-430

posed method in open-ended text generation,431

we conducted experiments on the WikiText-103432

dataset (Merity et al., 2016). We utilized the433

Qwen2.5-7B and Llama3.1-8B models, with gen-434

eration performed at an elevated temperature of435

τ = 1.0 to promote diversity. Each generational436

task utilized 32-word prefixes as prompts, with437

model outputs limited to 256 tokens. All hyper-438

parameters of baseline methods were optimized439

on a 200-sample validation set by maximizing the440

MAUVE score (Pillutla et al., 2021) against human441

references.442

Instead of relying on automatic metrics, which443

often fail to align with human preferences (Nimah444

et al., 2023), we adopted a pairwise comparison445

framework (Zhu et al., 2024) involving both hu- 446

man annotators and a LLM ensemble as judges. 447

Following (Nguyen et al., 2024), we conducted 448

evaluations across two key dimensions: (1) Qual- 449

ity, covering coherence, relevance to the prompt, 450

and overall fluency; and (2) Diversity, assessing 451

the creativity and distinctiveness of the content. 452

Evaluation Protocol. For human evaluation, we 453

recruited 10 diverse, fluent English speakers. Each 454

participant evaluated 350 text pairs (50 per base- 455

line) on a 3-point Likert scale: +1 indicates our 456

method is clearly superior, -1 indicates the base- 457

line is superior, and 0 indicates comparable quality. 458

We excluded temperature sampling due to its poor 459

generation quality but included human-written ref- 460

erence texts from WikiText-103 as a gold-standard 461

benchmark. Detailed information regarding the 462

evaluation interface, participant demographics, and 463

compensation is provided in Appendix F. 464

For automated evaluation, we employed a 465

suite of state-of-the-art LLM as judges, including 466

Claude-4.0 (Anthropic, 2025a), Claude-4.5 (An- 467

thropic, 2025b), GPT-4.1 (OpenAI, 2025), and 468

Gemini-2.5-Pro (DeepMind, 2025). We utilized 469

carefully designed prompts following (Nguyen 470

et al., 2024) to leverage their demonstrated capabil- 471

ity in aligning with human judgment. 472

Results. Table 3 summarizes the findings. Our 473

method achieves robust Quality, securing positive 474

win-loss ratios against the majority of baselines 475

in both evaluations. Human evaluators frequently 476

rated our text as equivalent to strong baselines 477

like Top-p (54.2% tie rate), while the LLM en- 478

semble favored our approach in most comparisons, 479

with the exception of Top-p. In Diversity, our 480

method significantly outperforms Adaptive sam- 481

pling across both assessment types, though results 482

against Eta were mixed in automated evaluation. 483

Notably, against human references, the high human 484
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Comparison Human Evaluators (%) LLM Ensemble (%)

Win Tie Loss Win Tie Loss

Quality Evaluation

vs Human Ref. 9.20 68.40 22.40 2.00 2.00 96.00
vs Top-p 24.60 54.20 21.20 44.50 7.50 48.00
vs Top-k 23.80 57.60 18.60 46.00 9.50 44.50
vs Eta 44.20 38.40 17.40 48.00 7.00 45.00
vs Mirostat 25.40 58.20 16.40 53.50 17.50 29.00
vs Typical 34.20 40.60 25.20 61.00 5.50 33.50
vs Adaptive 38.40 52.80 8.80 56.50 18.00 25.50

Diversity Evaluation

vs Human Ref. 14.80 30.20 55.00 3.00 9.00 88.00
vs Top-p 21.60 31.40 47.00 20.00 22.00 58.00
vs Top-k 28.40 27.60 44.00 31.00 20.50 48.50
vs Eta 42.80 33.20 24.00 25.00 24.50 50.50
vs Mirostat 38.60 26.40 35.00 40.50 29.50 30.00
vs Typical 32.40 18.60 49.00 32.50 25.00 42.50
vs Adaptive 46.20 35.40 18.40 51.00 30.00 19.00

Table 3: Pairwise comparison results from Human eval-
uators and LLM judges.

tie rate (68.4%) suggests our method approaches485

human-level coherence, confirming its superior per-486

formance in open-ended text generation tasks.487

5 Related Works488

5.1 Deterministic Methods489

Deterministic sampling methods provide repro-490

ducible outputs and strong coherence, but suf-491

fer from limited diversity due to their conserva-492

tive selection strategies. Greedy sampling selects493

the highest probability token at each step (Holtz-494

man et al., 2019). Beam search (Freitag and Al-495

Onaizan, 2017) maintains multiple candidate se-496

quences but still tends to generate bland text due497

to its preference for high-probability paths (Vi-498

jayakumar et al., 2016). Contrastive Search (Su499

et al., 2022) balances model confidence with500

lexical diversity penalties, while Frustratingly501

Simple sampling (Yang et al., 2023) uses aux-502

iliary anti-language models to guide generation.503

DoLa (Chuang et al., 2023) leverages layer-wise504

representational differences in transformers for im-505

proved sampling.506

5.2 Stochastic Methods507

Stochastic sampling methods aim to identify an ap-508

propriate truncation point to construct a candidate509

set from the original vocabulary, followed by prob-510

abilistic sampling within this subset. The widely511

adopted top-k (Fan et al., 2018) and top-p (Holtz-512

man et al., 2019) sampling methods employ fixed513

truncation criteria based on candidate set size and514

probability mass, respectively. Recent methods 515

introduce adaptive sampling strategies that dynam- 516

ically adjust candidate sets based on distribution 517

characteristics. η-sampling (Hewitt et al., 2022) 518

uses entropy thresholds to control candidate set 519

size based on prediction uncertainty. Mirostat sam- 520

pling (Basu et al., 2020) maintains text perplexity 521

within a predetermined range by adaptively select- 522

ing tokens based on the current generation’s per- 523

plexity. Typical sampling (Meister et al., 2023) 524

ranks vocabulary tokens by the divergence between 525

their individual probabilities and the distribution’s 526

entropy, then applies a coverage threshold to deter- 527

mine the candidate set. Adaptive sampling (Zhu 528

et al., 2024) uses entropy-based confidence metrics 529

to determine token inclusion in the candidate set 530

during generation. Min-p (Nguyen et al., 2024) dy- 531

namically adjusts sampling thresholds by utilizing 532

the top token’s probability as a scaling factor. 533

6 Conclusion 534

We presented Entropy Equilibrium Sampling 535

(EES), a hyperparameter-free sampling strategy 536

that dynamically adapts candidate sets by balanc- 537

ing normalized entropy and probability mass. EES 538

achieves robust performance across varying tem- 539

peratures without manual tuning. Extensive evalua- 540

tions on mathematical reasoning and open-ended 541

generation show that EES consistently matches 542

or outperforms baselines, particularly in maintain- 543

ing logical consistency under high-temperature set- 544

tings. Future work will focus on optimizing in- 545

ference latency, extending the framework to multi- 546

modal generation, and investigating its interaction 547

with model calibration techniques. 548

Limitations 549

We identify two primary limitations of our method: 550

Inference Latency. Although the theoretical 551

time complexity of EES can be reduced to O(|V|) 552

(as detailed in Appendix A), the practical runtime 553

overhead remains a challenge. Current GPU im- 554

plementations for dynamic thresholding operations 555

(such as iterative summation or heap-based selec- 556

tion) are not as highly optimized as the mature 557

kernels used for static Top-k or Top-p sampling. 558

Consequently, despite the theoretical efficiency, the 559

actual inference latency is higher than that of static 560

methods, which may impact throughput in latency- 561

sensitive applications. 562
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Dependence on Model Calibration. Our frame-563

work assumes the model’s probability distribution564

accurately reflects semantic uncertainty. Since565

LLMs are prone to miscalibration (e.g., overconfi-566

dence), the derived entropy may occasionally mis-567

lead the truncation mechanism, leading to subopti-568

mal candidate sets. Future work could investigate569

integrating calibration techniques to mitigate this570

issue.571
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A Incremental Entropy Computation758

A.1 Mathematical Derivation for759

Optimization760

While section 3.4 presents the conceptual frame-761

work, practical implementation can avoid redun-762

dant entropy computations through incremental up-763

dates. We derive the mathematical foundation for764

this optimization.765

Problem Setup: Given a candidate set of size766

k with cumulative probability Pk =
∑k

i=1 pi and767

entropy Hk = −
∑k

i=1
pi
Pk

log pi
Pk

, we want to effi-768

ciently compute Hk+1 when adding a new token769

with probability pk+1.770

Theorem A.1 (Incremental Entropy Update):771

The entropy Hk+1 for the expanded candidate set772

can be computed as:773

Hk+1 =
Pk

Pk+1
Hk +

Pk

Pk+1
log

Pk+1

Pk

− pk+1

Pk+1
log

pk+1

Pk+1

(18)774

where Pk+1 = Pk + pk+1.775

Proof: Let p(k) = {p(k)1 , . . . , p
(k)
k } where776

p
(k)
i = pi

Pk
be the normalized probabilities777

for the k-sized candidate set, and p(k+1) =778

{p(k+1)
1 , . . . , p

(k+1)
k+1 } where p

(k+1)
i = pi

Pk+1
for the779

expanded set.780

The entropy of the expanded set is:781

Hk+1 = −
k+1∑
i=1

p
(k+1)
i log p

(k+1)
i (19)782

We can decompose this as:783

Hk+1 = −
k∑

i=1

p
(k+1)
i log p

(k+1)
i

− p
(k+1)
k+1 log p

(k+1)
k+1

(20)784

For the first k terms, note that p(k+1)
i = pi

Pk+1
=785

pi
Pk
· Pk
Pk+1

= p
(k)
i ·

Pk
Pk+1

.786

Therefore: 787

−
k∑

i=1

p
(k+1)
i log p

(k+1)
i 788

= −
k∑

i=1

p
(k)
i ·

Pk

Pk+1
log

(
p
(k)
i ·

Pk

Pk+1

)
(21) 789

= − Pk

Pk+1

k∑
i=1

p
(k)
i

[
log p

(k)
i + log

Pk

Pk+1

]
(22)

790

=
Pk

Pk+1
Hk +

Pk

Pk+1
log

Pk+1

Pk

k∑
i=1

p
(k)
i︸ ︷︷ ︸

=1

(23) 791

=
Pk

Pk+1
Hk +

Pk

Pk+1
log

Pk+1

Pk
(24) 792

The last term is:

−p(k+1)
k+1 log p

(k+1)
k+1 = − pk+1

Pk+1
log

pk+1

Pk+1

Combining all terms yields the desired formula. 793

□ 794

Computational Complexity: This incremen- 795

tal approach reduces the entropy computation 796

from O(k) to O(1) per candidate expansion, lead- 797

ing to an overall complexity improvement from 798

O(|V| log |V|) to O(|V|) for threshold selection. 799

Implementation Note: The code implementa- 800

tion uses the ratio ratio = Pk
Pk+1

and computes: 801

• term1 = ratio ·Hk 802

• term2 = ratio · log Pk+1

Pk
803

• term3 = − pk+1

Pk+1
log

pk+1

Pk+1
804

such that Hk+1 = term1 + term2 + term3, which 805

directly corresponds to our derived formula. 806

A.2 Computational Efficiency Analysis 807

To assess the practical deployment feasibility of our 808

proposed method, we conducted a comprehensive 809

analysis of inference latency and computational 810

overhead. We compared our Entropy Equilibrium 811

sampling method against standard baselines (Tem- 812

perature, Top-p, Top-k) and advanced dynamic 813

sampling methods (Typical, Eta, Adaptive). 814

Experimental Setup. The latency evaluation was 815

performed on a high-performance computing node 816

equipped with NVIDIA GPUs using the Qwen3-8B 817

model. The evaluation protocol involved gener- 818

ating 512 samples with a batch size of 128 and 819
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a maximum generation length of 128 tokens per820

sample. To ensure robust measurements, we aver-821

aged the results across different temperature set-822

tings (T ∈ {0.8, 1.0}). We measured two key met-823

rics:824

• Total Generation Time: The average end-to-825

end wall-clock time per token generation step,826

including model forward pass and sampling827

logic.828

• Sampling Overhead: The specific time con-829

sumed by the logits warping process (i.e., the830

sampling algorithm logic) per step.831

Method
Avg. Latency

(ms/step)
Sampling Overhead

(ms/step)
Relative

Slowdown

Temperature (Baseline) 69.65 0.02 1.00×
Top-p 71.54 0.01 1.03×
Top-k 69.38 0.78 1.00×
Typical 72.25 1.26 1.04×
Eta 70.13 26.64 1.01×
Adaptive 118.11 75.25 1.70×

Ours (Entropy Equilibrium) 90.59 47.42 1.30×

Table 4: Inference latency and sampling overhead com-
parison. Avg. Latency represents the total time per
generation step. Relative Slowdown is calculated rela-
tive to the Temperature baseline.

Results and Analysis. Table 4 summarizes the832

latency results. Standard truncation methods like833

Top-p and Top-k introduce negligible overhead834

compared to the baseline Temperature sampling.835

Among the dynamic sampling methods, Adaptive836

Sampling incurs the highest computational cost,837

resulting in a 1.70× slowdown (118.11 ms/step838

vs. 69.65 ms/step), primarily due to its complex839

iterative candidate selection process.840

Our proposed method demonstrates a favor-841

able trade-off between performance and efficiency.842

While it introduces a moderate overhead due to843

the entropy calculation and dynamic threshold-844

ing (resulting in a total latency of 90.59 ms/step),845

it is significantly faster than Adaptive Sampling.846

Specifically, our method reduces the latency by ap-847

proximately 23% compared to Adaptive Sampling848

(90.59 ms vs. 118.11 ms). The 1.30× relative849

slowdown compared to the simplest baseline is a850

justifiable cost given the substantial improvements851

in generation quality and robustness demonstrated852

in Section 4, making it suitable for practical appli-853

cations where generation quality is prioritized.854

B Ablation Study on Scaling Factor θ 855

In our proposed method, we established the sam- 856

pling threshold using a fixed scaling coefficient 857

θ = 1. To validate this design choice and verify 858

the "hyperparameter-free" claim, we conducted an 859

ablation study by generalizing the truncation con- 860

dition to: 861

k∗ = argmax
k

{
k : H̄k ≥ θPk

}
(25) 862

Here, θ serves as a tunable hyperparameter control- 863

ling the strictness of the equilibrium. A smaller 864

θ (< 1) relaxes the constraint, expanding the can- 865

didate set (increasing diversity), while a larger θ 866

(> 1) tightens it, enforcing more aggressive trunca- 867

tion (increasing coherence). 868

We evaluated the performance impact of varying 869

θ ∈ {0.6, 0.8, 1.0, 1.2, 1.4} on the GSM8K dataset 870

using Qwen3-8B models in the standard prompting 871

mode (w/o thinking). 872

Model Accuracy (%) with different θ

θ = 0.6 θ = 0.8 θ = 1.0 (Default) θ = 1.2 θ = 1.4

Qwen3-8B 61.48 61.56 62.18 62.04 62.02

Table 5: Ablation study of the scaling factor θ on
GSM8K. The default setting θ = 1.0 consistently
achieves optimal performance, validating the theoretical
equilibrium point.

Results. Table 5 demonstrates that deviating 873

from the theoretical equilibrium point (θ = 1.0) 874

yields no performance benefits. Decreasing θ to 875

0.6 or 0.8 introduces excessive noise by including 876

lower-probability tail tokens, resulting in notice- 877

able accuracy degradation (e.g., Qwen3-8B drops 878

from 62.18% to 61.48%). Conversely, increasing 879

θ to 1.2 or 1.4 overly restricts the candidate set, 880

potentially filtering out valid reasoning steps and 881

causing a slight performance decline (dropping to 882

62.02%). These empirical findings confirm that the 883

natural equilibrium (θ = 1) represents a robust and 884

optimal operating point, effectively eliminating the 885

need for hyperparameter tuning. 886

C Hardware and Software Configuration 887

All experiments were conducted on the following 888

setup: 889

• Hardware: NVIDIA A100 GPUs with 80GB 890

memory 891
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• Software: Detailed in requirements.txt892

and source code893

• Operating System: CentOS Linux 7 (Core)894

• CUDA Version: 12.2895

D Dataset Statistics and Details896

We evaluated our method across four diverse897

datasets covering commonsense reasoning, strate-898

gic reasoning, open-ended text generation, and899

mathematical problem solving. Table 6 summa-900

rizes the key statistics of these datasets.901

Dataset Task Type Train Size Test/Dev Size

CommonsenseQA Multiple Choice QA 9,741 1,221
StrategyQA Boolean QA (Yes/No) 2,290 490
WikiText-103 Open-Ended Generation 28,475 articles 60 articles
GSM8K Mathematical Reasoning 7,473 1,319

Table 6: Summary of dataset statistics used in our ex-
periments.

CommonsenseQA (Talmor et al., 2018). A902

multiple-choice question answering dataset that re-903

quires different types of commonsense knowledge904

to predict the correct answer from five choices. It is905

constructed from ConceptNet and tests the model’s906

ability to perform broad semantic reasoning.907

StrategyQA (Geva et al., 2021). A question an-908

swering benchmark focusing on implicit reasoning909

steps. The questions are open-domain and require910

the model to infer a multi-step strategy to derive911

the correct Yes/No answer, challenging the model’s912

logical planning capabilities.913

WikiText-103 (Merity et al., 2016). A large-914

scale benchmark for language modeling, consisting915

of over 100 million tokens extracted from verified916

Good and Featured articles on Wikipedia. We use917

this dataset to evaluate the coherence, fluency, and918

diversity of the generated text in open-ended gener-919

ation scenarios.920

GSM8K (Cobbe et al., 2021). A dataset of 8.5K921

high-quality linguistically diverse grade school922

math word problems. Each problem requires multi-923

step reasoning to reach the correct numerical an-924

swer. We use the standard test set of 1,319 exam-925

ples to assess the model’s mathematical reasoning926

capabilities.927

D.1 Data Splits and Hyperparameter Tuning 928

To ensure a fair and robust comparison, we es- 929

tablished specific protocols for hyperparameter 930

optimization and test set construction across all 931

datasets. 932

QA and Reasoning Tasks. For Common- 933

senseQA, StrategyQA, and GSM8K, we adopted 934

a rigorous tuning strategy. We randomly sampled 935

20% of the original training set to serve as a held- 936

out validation set. All baseline hyperparameters 937

(e.g., k for Top-k, p for Top-p, ϵ for Eta) were op- 938

timized on this validation split to maximize task 939

accuracy before being evaluated on the standard 940

test sets. 941

WikiText-103. For the open-ended generation 942

task, we performed additional preprocessing to en- 943

sure sufficient context for coherent generation. We 944

filtered the dataset to retain only articles with a 945

length exceeding 256 tokens, resulting in a curated 946

subset of 791 examples. 947

• Validation Set: We randomly selected 200 948

examples from this subset to serve as the val- 949

idation set for tuning baseline hyperparame- 950

ters. 951

• Test Set: The remaining 591 examples consti- 952

tuted the test pool for final evaluation. 953

• Evaluation Sampling: For the pairwise com- 954

parison (Human and LLM evaluation), we ran- 955

domly sampled 50 generated responses from 956

each baseline’s test outputs and paired them 957

with the corresponding responses generated 958

by our method. These pairs were then pre- 959

sented to the evaluators in a blinded manner 960

to assess Quality and Diversity. 961

E Generated Text Examples 962

E.1 CommonsenseQA Examples 963

We present examples from CommonsenseQA to 964

demonstrate the quality differences between sam- 965

pling methods. The evaluation follows a few-shot 966

learning setup where models are provided with 5 967

demonstration examples before the target question. 968

Input Context: The model receives 5 in-context 969

learning examples (abbreviated as "5 samples" be- 970

low), followed by the target question requiring com- 971

pletion. 972

Target Question: A revolving door is conve- 973

nient for two direction travel, but it also serves as a 974
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security measure at a what? Answer Choices: (a)975

bank (b) library (c) department store (d) mall (e)976

new york977

Complete Prompt Structure:978

Question: What do people use to absorb extra ink979
from a fountain pen? Answer Choices: (a) shirt980
pocket (b) calligrapher’s hand (c) inkwell (d) desk981
drawer (e) blotter982

Answer: The answer must be an item that can983
absorb ink. Of the above choices, only blotters984
are used to absorb ink. So the answer is (e).985

[4 additional examples omitted for brevity]986

Question: A revolving door is convenient for two987
direction travel, but it also serves as a security988
measure at a what? Answer Choices: (a) bank (b)989
library (c) department store (d) mall (e) new york990

Answer:991

Generated Responses:992

Top-p (p=0.8, τ=1.0):993

"The answer should be a place where a revolving994
door would serve a security purpose. Among the995
options, a bank (a), library (b), department store996
(c), and mall (d) can all have revolving doors.997
However, banks specifically handle large amounts998
of money and therefore have stricter security mea-999
sures. So, the best answer is (a) bank."1000

EES (τ=1.0):1001

"A revolving door can serve as a security mea-1002
sure by controlling access and exit, which is par-1003
ticularly important in places where security is a1004
concern. Among the given options, a bank (a) is1005
a place where security is paramount due to the1006
handling of money and valuables. Therefore, the1007
answer is (a) bank."1008

Evaluation Protocol: Following standard prac-1009

tice, we extract the first complete answer from each1010

generated response for evaluation purposes.1011

Analysis: Both methods correctly identify the1012

answer as (a) bank. However, EES provides a more1013

concise and focused explanation, directly address-1014

ing the security aspect without unnecessary elab-1015

oration on alternative options. The EES response1016

demonstrates superior coherence by maintaining1017

focus on the core reasoning path, while the top-p1018

response includes potentially distracting analysis1019

of multiple options before reaching the conclusion.1020

E.2 StrategyQA Examples1021

We present examples from StrategyQA to demon-1022

strate reasoning quality differences between sam-1023

pling methods. StrategyQA requires multi-step1024

reasoning to answer yes/no questions.1025

Input Context: The model receives 4 in-context 1026

learning examples demonstrating the reasoning pat- 1027

tern, followed by the target question requiring com- 1028

pletion. 1029

Target Question: Was ship that recovered 1030

Apollo 13 named after a World War II battle? 1031

Complete Prompt Structure: 1032

Question: Do hamsters provide food for any ani- 1033
mals? 1034

Answer: Hamsters are prey animals. Prey are 1035
food for predators. Thus, hamsters provide food 1036
for some animals. So the answer is yes. 1037

[3 additional examples omitted for brevity] 1038

Question: Was ship that recovered Apollo 13 1039
named after a World War II battle? 1040

Answer: 1041

Generated Responses: 1042

Top-p (p=0.8, τ=1.0): 1043

"The ship that recovered the Apollo 13 astronauts 1044
and their spacecraft was the U.S.S. Iwo Jima. The 1045
Battle of Iwo Jima was a significant World War 1046
II battle that took place in February 1945. Thus, 1047
the ship was indeed named after a World War II 1048
battle. So the answer is yes." 1049

EES (τ=1.0): 1050

"The ship that recovered the Apollo 13 crew was 1051
the USS Iwo Jima. The Battle of Iwo Jima was 1052
a World War II battle that took place in February 1053
and March 1945. Thus, the ship was named after 1054
a World War II battle. So the answer is yes." 1055

Evaluation Protocol: We extract the first com- 1056

plete reasoning chain and final answer from each 1057

generated response for evaluation purposes. 1058

Analysis: Both methods correctly identify the 1059

answer as "yes" and provide accurate factual in- 1060

formation about the USS Iwo Jima and the Battle 1061

of Iwo Jima. However, EES demonstrates supe- 1062

rior conciseness while maintaining all essential 1063

reasoning steps. The EES response provides a 1064

more streamlined reasoning path without sacrific- 1065

ing accuracy, whereas the top-p response includes 1066

slightly more verbose phrasing ("astronauts and 1067

their spacecraft" vs. "crew"). Both responses fol- 1068

low the required reasoning format effectively, but 1069

EES shows better control over generation length 1070

while preserving logical coherence. 1071

E.3 WikiText-103 Examples 1072

We present examples from WikiText-103 to demon- 1073

strate text generation quality differences between 1074

sampling methods. WikiText-103 requires coherent 1075

continuation of Wikipedia-style articles. 1076
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Input Context: The model receives a partial1077

Wikipedia article and must generate a natural con-1078

tinuation.1079

Target Prompt: Robert Boulter is an English1080

film, television and theatre actor. He had a guest-1081

starring role on the television series The Bill in1082

2000. This was followed by1083

Generated Responses:1084

Top-p (p=0.95, τ=1.0):1085

"further television appearances which included1086
Foyle’s War, Love Your Neighbour and Lovejoy.1087

Based on this sentence, where did Robert Boulter1088
appear?1089

Choose your answer from: (A). Film. (B). Televi-1090
sion. (C). Theatre. (D). Film and Theatre.1091

He appeared in television shows such as The Bill,1092
Foyle’s War, Love Your Neighbour and Lovejoy,1093
so the correct answer is (B). Television.1094

You are an AI assistant. You should always refer1095
back to the given information when answering1096
questions. I will do my best to provide accurate1097
answers."1098

EES (τ=1.0):1099

"a regular role as PC Steve Bailey on the soap1100
opera Coronation Street from 2001 to 2005.1101

Based on this sentence, why did Robert Boulter1102
leave Coronation Street?1103

Based on the information provided, there is no1104
explicit mention of why Robert Boulter left Coro-1105
nation Street. The sentence only states that he had1106
a guest starring role on The Bill in 2000 and then1107
played a regular role as PC Steve Bailey on Coro-1108
nation Street from 2001 to 2005. To determine1109
why he left, we would need additional informa-1110
tion not present in the given sentence.1111

You are welcome! If you have any other questions1112
or need more assistance, feel free to ask."1113

Evaluation Protocol: We evaluate the initial1114

continuation portion before any question-answer1115

segments that may appear in the generated text.1116

Analysis: Both methods generate plausible con-1117

tinuations about Robert Boulter’s career progres-1118

sion. The top-p response provides a more gen-1119

eral continuation mentioning multiple television1120

appearances, while EES offers a more specific con-1121

tinuation with concrete details about a particular1122

role on Coronation Street. However, both meth-1123

ods exhibit a common issue where the generation1124

shifts from encyclopedia-style writing to question-1125

answer format, suggesting potential training data1126

contamination or mode collapse. For the core con-1127

tinuation task, EES demonstrates better specificity1128

and factual detail ("PC Steve Bailey on Corona-1129

tion Street from 2001 to 2005") compared to the1130

more generic listing approach of top-p. The EES 1131

response maintains better narrative coherence in 1132

the initial continuation portion. 1133

E.4 GSM8K Reasoning Examples 1134

We further illustrate the impact of sampling strate- 1135

gies on mathematical reasoning using an example 1136

from the GSM8K dataset. This task requires the 1137

model to strictly follow multi-step constraints and 1138

accurately interpret state changes in the problem 1139

description. 1140

Problem Prompt: 1141

"Carla is downloading a 200 GB file. Normally 1142
she can download 2 GB/minute, but 40% of the 1143
way through the download, Windows forces a 1144
restart to install updates, which takes 20 minutes. 1145
Then Carla has to restart the download from the 1146
beginning. How long does it take to download the 1147
file?" 1148

Generated Responses (τ=1.0): 1149

Top-p (p=0.95): 1150

"... Step 3: Add the time for the restart The 1151
restart takes 20 minutes. 1152

Step 4: Calculate the time to download the
remaining 120 GB After the restart, Carla has to
download the remaining:

200− 80 = 120 GB

At the same rate of 2 GB per minute:

120

2
= 60 minutes

Step 5: Add all the times together

40 minutes+20 minutes+60 minutes = 120 minutes

120" 1153

EES (Ours): 1154

"... 4. Restart Time: Windows forces a restart, 1155
which takes 20 minutes. 1156

5. Download Restarted from the Beginning: 1157
Carla has to restart the download from the begin- 1158
ning, meaning she will download the full 200 GB 1159
again. 1160

6. Total Time Calculation: - First 80 GB: 40 1161
minutes - Restart: 20 minutes - Full 200 GB 1162
download: 200

2
= 100 minutes - Total time = 1163

40 + 20 + 100 = 160 minutes 1164

160" 1165

Analysis: This example highlights a criti- 1166

cal difference in logical robustness under high- 1167

temperature settings (τ = 1.0). The Top-p method 1168

fails to correctly interpret the explicit constraint 1169

"restart the download from the beginning," instead 1170
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hallucinating a scenario where the download re-1171

sumes (calculating time only for the remaining1172

120 GB). This logical drift leads to an incorrect1173

answer of 120 minutes. In contrast, EES main-1174

tains logical coherence throughout the reasoning1175

chain. It correctly identifies that the restart im-1176

plies a full reset, accurately summing the time for1177

the failed attempt (40 min), the restart delay (201178

min), and the full re-download (100 min) to arrive1179

at the correct total of 160 minutes. This demon-1180

strates that our entropy-based truncation effectively1181

filters out low-probability tokens that drive logi-1182

cal divergence—such as the implicit assumption of1183

"resuming"—ensuring strict adherence to problem1184

constraints.1185

F Human Evaluation Protocol1186

F.1 Evaluation Instructions1187

Figure 4: Screenshot of the human evaluation interface
presented to annotators. Evaluators compared two gen-
erated texts based on Quality and Diversity criteria.

Human evaluators were presented with pairwise1188

comparisons via a custom-designed web interface,1189

as illustrated in Figure 4. The interface displayed1190

the original prompt alongside two anonymized text1191

generations (Method A and Method B) in a side-1192

by-side layout to facilitate direct comparison. Eval-1193

uators were instructed to assess the outputs based1194

on two criteria: Quality (coherence, relevance, and1195

fluency) and Diversity (creativity and distinctive- 1196

ness), using a 3-point Likert scale (+1 for Method 1197

A superior, -1 for Method B superior, 0 for tie). 1198

Participants. We recruited a diverse cohort of 1199

10 evaluators to ensure a broad perspective in the 1200

assessment. The participants were selected to rep- 1201

resent a wide range of demographic backgrounds, 1202

spanning different age groups, genders, and occu- 1203

pations. All evaluators were fluent in English and 1204

demonstrated prior experience in text assessment 1205

tasks. 1206

To ensure high-quality annotations and fair labor 1207

practices, all participants were compensated at a 1208

rate equivalent to twice the local minimum hourly 1209

wage. Prior to the study, all participants were in- 1210

formed that their responses would be used exclu- 1211

sively for research purposes and provided their con- 1212

sent to proceed. 1213

G Hyperparameter Sensitivity Analysis 1214

G.1 Visual Analysis of Performance Variance 1215

To demonstrate the severity of hyperparameter sen- 1216

sitivity in existing methods, we provide a compre- 1217

hensive visual analysis of performance variance 1218

across different sampling methods and their hyper- 1219

parameter configurations. 1220
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Figure 5: Accuracy of different sampling methods under
various temperature and hyperparameter combinations
on StrategyQA using Llama3.1-8B. Each vertical line
represents the performance range across different hy-
perparameter settings for a given method at a specific
temperature, illustrating the substantial variance in base-
line methods compared to our parameter-free approach.

Figure 5 demonstrates the performance variance 1221

of different sampling methods when their hyper- 1222

parameters are varied while keeping temperature 1223

fixed. The results reveal several critical observa- 1224

tions: 1225
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Table 7: Statistical significance analysis (p-values) of EES vs. baseline methods based on paired t-tests. Bold
indicates statistically significant improvement (p < 0.05) where EES outperforms the baseline.

Dataset Model EES vs. Baseline Methods (p-values)

Temp Top-p Top-k Eta Mirostat Typical Adaptive

CommonsenseQA
Qwen2.5-7B 0.001** 0.003** 0.002** 0.001** 0.08 0.04* 0.06
Llama3.1-8B 0.001** 0.02* 0.02* 0.005** 0.35 0.03* 0.82
Qwen2.5-32B 0.15 0.06 0.22 0.18 0.95 0.65 0.58

StrategyQA
Qwen2.5-7B 0.01* 0.005** 0.002** 0.005** 0.12 0.02* 0.04*
Llama3.1-8B 0.001** 0.001** 0.001** 0.001** 0.88 0.005** 0.91
Qwen2.5-32B 0.04* 0.08 0.04* 0.03* 0.62 0.25 0.85

GSM8K Qwen3-8B 0.03* 0.15 0.08 0.75 0.82 0.25 0.31

*p < 0.05, **p < 0.01. Results averaged across temperature settings.

High Variance in Baseline Methods: Methods1226

like nucleus sampling (top-p), typical sampling,1227

and eta sampling exhibit significant performance1228

fluctuations across different hyperparameter set-1229

tings, with some configurations leading to substan-1230

tial degradation in generation quality. The vertical1231

lines in the figure clearly show the range of perfor-1232

mance variation for each method.1233

Temperature-Dependent Sensitivity: The opti-1234

mal hyperparameters for each method change dra-1235

matically across different temperature settings, as1236

evidenced by the shifting performance ranges. This1237

temperature dependence makes it challenging to se-1238

lect appropriate hyperparameters without extensive1239

validation.1240

Deployment Challenges: This sensitivity not1241

only complicates practical deployment but also1242

makes it difficult to achieve consistent performance1243

across different domains and applications. The1244

wide performance ranges observed for baseline1245

methods highlight the risk of suboptimal perfor-1246

mance when hyperparameters are not carefully1247

tuned for each specific use case.1248

EES Stability: In contrast, our EES method1249

maintains consistent performance without requir-1250

ing any hyperparameter adjustment, as demon-1251

strated by its stable performance across all tem-1252

perature settings.1253

This analysis reinforces our main contribution:1254

eliminating the need for hyperparameter tuning1255

while maintaining competitive performance across1256

diverse experimental conditions.1257

H Statistical Significance Analysis1258

H.1 Methodology1259

To rigorously assess the performance differences,1260

we conducted paired t-tests comparing EES against1261

each baseline method across all test instances. We1262

applied the Bonferroni correction to control for1263

multiple comparisons. Effect sizes were measured 1264

using Cohen’s d to quantify the practical signifi- 1265

cance of the observed differences. 1266

H.2 Key Findings 1267

Superiority over Static Sampling: As shown in 1268

Table 7, EES demonstrates highly significant im- 1269

provements (p < 0.05) over static sampling meth- 1270

ods (Temperature, Top-p, Top-k) on smaller mod- 1271

els (7B/8B). For instance, on StrategyQA with 1272

Llama3.1-8B, EES outperforms Temperature sam- 1273

pling with a p-value of 0.001, confirming that our 1274

dynamic truncation effectively filters noise that 1275

static thresholds fail to catch. 1276

Competitiveness with Tuned Baselines: A crit- 1277

ical finding is that EES achieves statistically in- 1278

distinguishable performance (p > 0.05) compared 1279

to extensively tuned adaptive baselines (Mirostat, 1280

Adaptive) in many settings (e.g., GSM8K, Com- 1281

monsenseQA with Qwen2.5-32B). This indicates 1282

that EES effectively identifies the optimal trunca- 1283

tion point automatically. While Adaptive sampling 1284

occasionally achieves slightly higher raw accuracy 1285

(e.g., on Llama3.1-8B), the difference is often not 1286

statistically significant, highlighting the efficiency 1287

of EES as a hyperparameter-free alternative that 1288

matches oracle performance. 1289

Model Scale Convergence: Consistent with 1290

the observation that larger models are better cali- 1291

brated, the statistical significance of performance 1292

differences diminishes on Qwen2.5-32B. On Com- 1293

monsenseQA, EES shows no significant difference 1294

compared to most baselines, suggesting that for 1295

sufficiently capable models, the choice of sampling 1296

strategy becomes less critical, though EES still 1297

maintains a robust average performance advantage. 1298

Robustness on Reasoning Tasks: On the 1299

GSM8K dataset, EES shows significant improve- 1300

ment over Temperature sampling (p=0.03) but per- 1301

forms comparably to other strong baselines. This 1302
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suggests that while EES prevents catastrophic fail-1303

ure modes (common in Temperature sampling), its1304

primary value lies in its stability and ease of use1305

rather than raw accuracy gains against optimally1306

tuned competitors.1307

H.3 Licensing Information1308

All datasets and models used in this work are pub-1309

licly available:1310

• GSM8K (Cobbe et al., 2021): MIT License.1311

• WikiText-103 (Merity et al., 2016): Creative1312

Commons BY-SA 3.0.1313

• CommonsenseQA (Talmor et al., 2018): MIT1314

License.1315

• StrategyQA (Geva et al., 2021): Apache 2.01316

License.1317

• Qwen2.5 (Yang et al., 2025): Apache 2.0 Li-1318

cense.1319

• Qwen3 (Yang et al., 2025): Apache 2.0 Li-1320

cense.1321

• Llama3.1 (Dubey et al., 2024): Llama 3 Com-1322

munity License.1323

Our code will be released under the MIT License1324

upon acceptance.1325
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