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Abstract001

Stochastic sampling strategies are widely002
adopted in large language models (LLMs) to003
balance output coherence and diversity. These004
heuristics are often inherited in Multimodal005
LLMs (MLLMs) without task-specific justifi-006
cation. However, we contend that stochastic de-007
coding can be suboptimal for Visual Question008
Answering (VQA). VQA is a closed-ended task009
with head-heavy answer distributions where010
uncertainty is usually epistemic, arising from011
missing or ambiguous visual evidence rather012
than plausible continuations. In this work, we013
provide a theoretical formalization of the rela-014
tionship between model calibration and predic-015
tive accuracy, and derive the sufficient condi-016
tions for greedy decoding optimality. Extensive017
experiments provide empirical evidence for the018
superiority of greedy decoding over stochas-019
tic sampling across multiple benchmarks. Fur-020
thermore, we propose Greedy Decoding for021
Reasoning Models, which outperforms both022
stochastic sampling and standard greedy decod-023
ing in multimodal reasoning scenarios. Over-024
all, our results caution against naively inherit-025
ing LLMs decoding heuristics in MLLMs and026
demonstrate that greedy decoding can be an027
efficient yet strong default for VQA.028

1 Introduction029

Large Language Models (LLMs) have emerged as030

the standard for various generative tasks due to their031

ability to produce diverse and high-fidelity outputs.032

To navigate the inherent trade-off between coher-033

ence and diversity, stochastic sampling are widely034

employed during inference. Common sampling035

strategies achieve this balance by truncating the036

probability tail to prevent degeneration while main-037

taining output variation (Fan et al., 2018; Holtzman038

et al., 2020; Nguyen et al., 2024). Alternatively,039

entropy-dependent strategies attempt to desmooth040

the model distribution, treating the output as a mix-041

ture of the true distribution and uniform noise to042

improve generation quality (Hewitt et al., 2022).043
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Figure 1: Failure cases of stochastic sampling on
ChartQA. We sample 177 instances in which greedy
decoding produces the correct answer, whereas stochas-
tic sampling yields an incorrect one.

These stochastic decoding heuristics are often 044

adopted for Multimodal LLMs (MLLMs) with- 045

out task-specific justification. However, we con- 046

tend that Visual Question Answering (VQA) dif- 047

fers from open-ended text generation, rendering 048

sampling during inference suboptimal. First, most 049

VQA tasks are closed-ended decision problems 050

that require precise outputs. The answer dis- 051

tribution is therefore head-heavy, dominated by 052

high-frequency tokens such as numbers, colors, or 053

boolean values (Whitehead et al., 2022). For in- 054

stance, approximately 89% of answers VQAv2 (An- 055

tol et al., 2015) with real MS-COCO images are 056

single-token, with boolean responses alone consti- 057

tuting 38% of the distribution. This head-heaviness 058

is strong enough that a trivial “always answer yes” 059

baseline reaches 29.7% accuracy. Second, VQA 060

relies on visual grounding where uncertainty is 061

primarily epistemic rather than aleatoric. In open- 062

ended generation, uncertainty is often aleatoric, 063

representing a choice between multiple valid cre- 064
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ative trajectories. In contrast, uncertainty in VQA065

typically stems from missing or ambiguous visual066

evidence (Li et al., 2023; Leng et al., 2024; Favero067

et al., 2024), under which stochastic sampling risks068

expanding the candidate set toward low-probability069

and low-agreement distractors instead of grounded,070

valid answers. Figure 1 illustrates this effect on071

ChartQA (Masry et al., 2022). Among cases where072

greedy decoding succeeds but stochastic sampling073

fails, only 2.5% are semantically-equivalent near-074

misses, whereas the majority are severe deviations075

and answer-type mismatches (e.g., label swaps or076

logical flips), suggesting that stochasticity expands077

the candidate set toward low-probability distrac-078

tors.079

In this paper, we revisit decoding strategies from080

a calibration perspective. We first review existing081

calibration metrics (Wang, 2023) and formalize082

their theoretical relationship to predictive accuracy.083

We then derive sufficient conditions under which084

greedy decoding is optimal. Extensive experiments085

show that these conditions are met by MLLMs on086

VQA tasks, where greedy decoding consistently087

outperforms stochastic sampling. To summarize,088

our contributions are:089

1 We provide a theoretical formalization of the090

relationship between model calibration met-091

rics and predictive accuracy, and derive suffi-092

cient conditions under which greedy decoding093

is optimal;094

2 We conduct extensive evaluations across di-095

verse benchmarks and models and provide em-096

pirical evidence for the superiority of greedy097

decoding over stochastic sampling;098

3 We propose Greedy Decoding for Reasoning099

Models (GDRM) to improve the reasoning100

model performance which anchors answer to-101

kens to a greedy prediction without compro-102

mising the reasoning capability.103

2 Related Work104

Decoding in LLMs. LLMs employ sampling to105

balance output diversity and coherence. Tempera-106

ture scaling modulates the distribution sharpness107

by rescaling logits but does not restrict the vocabu-108

lary, allowing low-probability tokens to emerge109

at higher temperatures (Holtzman et al., 2020).110

To mitigate degeneration from the unreliable tail,111

heuristic truncation methods are widely adopted.112

Top-k sampling (Fan et al., 2018) constrains the113

candidate set to the k most probable tokens, while 114

top-p (nucleus) sampling (Holtzman et al., 2020) 115

retains the smallest set whose cumulative probabil- 116

ity mass exceeds a predefined threshold p. How- 117

ever, these static cutoffs involve a difficult trade- 118

off where restrictive thresholds may omit plausi- 119

ble continuations and lenient settings risk incoher- 120

ence. This limitation has motivated more principled 121

truncation strategies that adapt to contextual uncer- 122

tainty. Hewitt et al. (2022) propose ϵ-sampling 123

and entropy-dependent η-sampling to dynamically 124

adjust the candidate set. Most recently, Min-p sam- 125

pling (Nguyen et al., 2024) scales the truncation 126

threshold relative to the probability of the top to- 127

ken, pmax. This approach enforces stricter pruning 128

when the model is confident and permits greater 129

diversity when the distribution is flat, providing a 130

more robust mechanism for balancing coherence 131

and variation. Recent studies have shown advan- 132

tages of deterministic decoding (Song et al., 2025; 133

Li et al., 2025). However, these findings remain 134

heuristic and lack rigorous theoretical analysis. 135

Decoding in MLLMs. MLLMs typically in- 136

herit LLM decoding heuristics. However, multi- 137

modal generation susceptible to object hallucina- 138

tion, where entities in model outputs lack visual 139

grounding (Li et al., 2023). Recent progress, there- 140

fore, focuses on guided or constrained decoding 141

to improve visual grounding. Visual Contrastive 142

Decoding (Leng et al., 2024) contrasts distributions 143

under real versus perturbed images to downweight 144

tokens driven by language priors. Variants along 145

these lines re-score or filter candidates to empha- 146

size visual faithfulness (Ghosh et al., 2024; An 147

et al., 2025; Su et al., 2025). In contrast, our anal- 148

ysis targets the complementary question of deter- 149

ministic versus stochastic decoding, and thus is 150

applicable on top of these approaches. 151

3 Theoretical Framework 152

In this section, we first establish the notation and 153

problem setup (Section 3.1). We then extend exist- 154

ing calibration metrics to strategy-specific metrics 155

(i.e., ECEα and BSα) for any sampling strategy pa- 156

rameterized by α (Section 3.2). Finally, we derive 157

sufficient conditions for greedy optimality using 158

these metrics (Section 3.3). 159

3.1 Problem Setup. 160

For an image–question pair (I, x), let A be a nor- 161

malized finite answer set (e.g., a VQA vocabu- 162
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Figure 2: (a) VQA Answer distributions are head-heavy (e.g., numbers, boolean values, and colors); (b) VQA
uncertainty is primarily epistemic; opening the tail risk introducing low-probability distractors; (c) GDRM anchors
final answer tokens to the greedy prediction while preserving internal reasoning capabilities.

lary after string canonicalization). The ground163

truth answer-level posterior is defined as p(·|I, x) :164

A → [0, 1] with
∑

a∈A p(a|I, x) = 1. Let165

q(·|I, x) : A → [0, 1] denote the posterior esti-166

mated by a MLLM.167

In practice, an answer a is decoded from a se-168

quence of tokens y1:T via a decoding function D,169

such that a = D(y1:T ), where yt is the token gen-170

erated at step t and T is the sequence length. The171

answer probability is computed as the joint product172

of the token probabilities.173

Consider an arbitrary candidate selection strat-174

egy parameterized by α (e.g., top-k, top-p, or175

min-p), where α represents the corresponding hy-176

perparameter value (k for top-k, p for top-p and177

pbase for min-p). For a given input pair (I, x), let178

Sα
t (I, x, y<t) be the set of candidate tokens se-179

lected by the strategy at step t. Under this strategy,180

tokens are sampled from Sα
t proportionally to the181

model’s original likelihood182

yt ∼
pθ(· | y<t, I, x) 1{· ∈ Sα

t }∑
y∈Sα

t
pθ(· | y<t, I, x)︸ ︷︷ ︸

:=pαθ (y|I,x,y<t)

.183

where 1{·} is the indicator function and pαθ denotes184

the resulting sampling distribution.185

Ideally, α is chosen to maximize the expectation186

of producing correct predictions. This objective is187

defined as the following optimization problem: 188

max
α

J(α) := EI,x,a∼qα(·|I,x)[p(a|I, x)] (1) 189

where qα(a|I, x) =
∑

D(y1:T )=a p
α
θ (y1:T |I, x) is 190

the probability of selecting answer a under the strat- 191

egy parameter α. Note that optimization of J(α) 192

is generally intractable in practice due to the un- 193

known ground truth distribution p. In the following 194

sections, we derive theoretical insights into the op- 195

timal solution α∗ from the calibration perspective. 196

We denote the corresponding answer generated by 197

the greedy strategy as a1. 198

3.2 Calibration Measurement 199

Several metrics exist for measuring the calibration 200

of deep learning models (Wang, 2023). In this 201

work, we adopt two widely applied measures: Ex- 202

pected Calibration Error (ECE) (Guo et al., 2017) 203

and the Brier Score (BS) (Brier, 1950) (definition 204

in Appendix A.1). We define strategy-specific cali- 205

bration metrics ECEα and BSα as follows. 206

ECEα. We define ECEα directly in terms of the 207

distributions p and q as the expected absolute error 208

over the samples generated by strategy α: 209

ECEα := EI,x,a∼qα(·|I,x) [|q(a|I, x)− p(a|I, x)|] ,
(2)

210

ECE1 := EI,x

[
|q(a1|I, x)− p(a1|I, x)|

]
, (3) 211
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where ECE1 is the calibration error of the greedy212

strategy (taking the highest-confidence token).213

BSα. Similarly, we define the strategy-specific214

Brier Score as the expected normalized squared215

difference:216

BSα := EI,x,a∼qα(·|I,x)

[
|q(a|I, x)− p(a|I, x)|2

q(a|I, x)

]
,

(4)

217

BS1 := EI,x

[
|q(a1|I, x)− p(a1|I, x)|2

q(a1|I, x)

]
, (5)218

where BS1 is the calibration error of the greedy219

strategy (always taking the token with the high-220

est confidence). Note that in Eq. 10 we substitute221

the denominator p(a|I, x) in the original defini-222

tion of BS (Appendix A.1) with q(a|I, x) (see Ap-223

pendix A.2 for details).224

3.3 Greedy Optimality225

Our primary theoretical contribution is summarized226

in the following theorem.227

Theorem 3.1. Let ECEα, ECE1, BSα, and BS1 be228

defined as in (2), (3), (10) and (11). Greedy decod-229

ing strategy is optimal if, for any α that does not230

correspond to the greedy strategy, at least one of231

the following conditions holds:232

1 Gα
1 := EI,x,a∼qα [q(a

1|I, x)− q(a|I, x)]233

− ECE1 − ECEα ≥ 0234

2 Gα
2 := EI,x,a∼qα

[
q(a1|I, x)− 1+q2(a|I,x)

2q(a|I,x)

]
235

− ECE1 + BSα
2 ≥ 0236

The proof of Theorem 3.1 is in Appendix A.3.237

Theorem 3.1 suggests that the greedy decod-238

ing is optimal under different conditions. Con-239

dition 1 can be satisfied when model assigns240

high confidence to the top-1 answer while main-241

taining low confidence for others (i.e., large242

EI,x,a∼qα [q(a
1|I, x)− q(a|I, x)]), and is well cal-243

ibrated across all answers (i.e., low ECE1 and244

ECEα). These requirements align with observed245

VQA behavior: well-calibrated models exhibit bi-246

modal confidence, with correct predictions concen-247

trated at high confidence and incorrect ones at low248

confidence, enabling accuracy gains via abstention249

on uncertain cases (Whitehead et al., 2022; Khan250

and Fu, 2024). Condition 2 is easier to satisfy251

when the top-1 prediction is both confident and252

relatively well-calibrated (i.e., high q(a1|I, x) and253

low ECE1), and lower-ranked ones are substantially254

less calibrated (i.e., large BSα for sampling with pa- 255

rameter α). In this case, miscalibration rapidly de- 256

grades correctness of low-ranked answers, whereas 257

the top-1 remains relatively reliable. 258

4 Experiments 259

4.1 Benchmark 260

Datasets. We use (1) MMMU (Yue et al., 2024), 261

a multidisciplinary multimodal benchmark span- 262

ning STEM, humanities, and professional domains; 263

(2) ChartQA (Masry et al., 2022), which tests rea- 264

soning over charts and plots; (3) BLINK (Fu et al., 265

2024), a VQA dataset containing visual common- 266

sense problems; (4) MM-HallBench (Guan et al., 267

2024), a multimodal hallucination benchmark; and 268

(5) MMLU (Hendrycks et al., 2021), a text-only 269

multiple-choice QA benchmark. All results are 270

reported on the official validation splits. 271

Models. We evaluate three open-source MLLMs: 272

Qwen2.5-VL (3B and 7B) (Bai et al., 2025b), 273

LLaVA-v1.5 (7B) (Liu et al., 2023), and Qwen3- 274

VL-Thinking (4B) (Bai et al., 2025a). All models 275

are evaluated in the zero-shot setting. 276

Evaluation metrics. We report overall accu- 277

racy on all datasets except MM-HallBench. For 278

multiple-choice questions, accuracy is computed 279

via exact match; for free-form questions, we use 280

normalized soft matching. For stochastic decoding 281

strategies, results are averaged over four runs with 282

different random seeds. Prompt formatting and in- 283

ference details are provided in Appendix B.1 and 284

Appendix B.2, respectively. For MM-HallBench, 285

we follow the official evaluation protocol and use 286

GPT-4o as an automated judge (OpenAI, 2024). 287

4.2 Baseline 288

Decoding strategies. We compare eight decod- 289

ing strategies: greedy decoding, temperature, top-k 290

(Holtzman et al., 2020), top-p (Holtzman et al., 291

2020), min-p (Nguyen et al., 2024), ε-Sampling, η- 292

Sampling (Hewitt et al., 2022), and Beam Search. 293

Hyperparameters. For each strategy, we sweep 294

a compact grid of commonly used hyperparameters 295

and report the best setting on the validation split. 296

For stochastic sampling methods, we vary temper- 297

ature T jointly with the strategy-specific hyperpa- 298

rameters; greedy decoding requires no sweep. Hy- 299

perparameter details are provided in Appendix B.3. 300
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Table 1: Accuracy (in %) of Beam Search on ChartQA
benchmark using Qwen2.5-VL (3B).

Method b=3 b=5 b=10

Beam Search 80.99 81.41 81.30

Greedy 83.12

4.3 Main Results301

Table 2, Table 3, and Table 4 compare greedy302

decoding with stochastic sampling on MMMU,303

ChartQA, and BLINK using Qwen2.5-VL (3B and304

7B) and LLaVA-v1.5 (7B), respectively. Greedy305

decoding consistently outperforms stochastic strate-306

gies across models, scales, and benchmarks. The307

only exception is a marginal gain from Top-p sam-308

pling for LLaVA-v1.5 (7B) on MMMU (35.67%309

vs. 34.78%), which we attribute to its relatively310

high top-1 calibration error (see Section 4.4 for311

detailed analysis). Table 1 compares beam search312

with greedy decoding using Qwen2.5-VL (3B) on313

ChartQA, where answers are multi-token rather314

than multiple-choices (i.e., A/B/C/D). Greedy de-315

coding achieves higher accuracy than beam search316

despite a lower computational budget.317

Figure 4 compares performance of stochastic318

sampling strategies under different temperatures.319

We can observe that, across models and datasets,320

stochastic sampling is highly sensitive to temper-321

ature. In particular, performance of all stochastic322

sampling strategies degrade rapidly as temperature323

increases. This inverse relationship between ran-324

domness and accuracy is consistent with the head-325

heavy answer distributions in VQA. Overall, these326

results indicate that greedy decoding is an effective327

and robust decoding strategy for VQA.328

4.4 Analytical Results329

Answer Distribution. We conduct a statistical330

analysis of the answer distributions across VQA331

and text-only QA datasets. MMMU, BLINK, and332

MMLU utilize a multiple-choice answer format,333

inducing answer distributions concentrated over334

specific tokens A/B/C/D. Although ChartQA per-335

mits more diverse responses, its answer distribu-336

tion exhibits a similar highly concentrated pattern.337

Specifically, 75.16% of answers are numerical.338

Among the non-numerical ones, the vast major-339

ity fall into limited categories: 66.04% are sin-340

gle words, 23.48% represent country names, and341

11.74% are binary responses. These results provide342

empirical evidence that VQA answer distributions343

(a) Gk
1 versus k

(b) ECEk versus k

Figure 3: Empirical evidence Theorem 3.1 on ChartQA
using Qwen2.5-VL (3B and 7B), and LLaVA-v1.5 (7B).
(a) Gk

1 (α := k for top-k) is non-negative for all k > 1.
(b) Expected calibration errors ECEk (α := k for top-k)
across different token rank k.

are head-heavy, dominated by high-frequency to- 344

kens such as numbers, colors, and binary responses. 345

Empirical Evidence of Greedy Optimality. We 346

demonstrate empirical evidence of Theorem 3.1 us- 347

ing the top-k sampling. Figure 3a visualizes Gk
1 348

(i.e., Gα
1 where α := k) across three models on 349

ChartQA benchmark. We can observe that Gk
1 > 0 350

holds for all k > 1. As a result, greedy decoding is 351

provably the optimal decoding strategy under Con- 352

dition 1 in Theorem 3.1, which is consistent with 353

the experiment results demonstrated in Table 2, 3 354

and 4. We observe similar behavior for other sam- 355

pling methods. For instance, using top-p sampling 356

(p = 0.9) with Qwen2.5-VL (3B) on ChartQA 357

yields Gp
1 = 0.173 > 0 (i.e., Gα

1 where α := p). 358

Failure Analysis. We investigate the failure 359

modes of stochastic sampling strategies by ana- 360

lyzing 177 cases where greedy decoding yields 361

correct answers while stochastic decoding fails. 362

Figure 1 shows the detailed failure modes for 363

both numeric and non-numeric cases. We can 364

observe that numeric questions account for the 365

majority of failure cases, with more than half 366
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Table 2: Accuracy (in %) of different decoding/sampling strategies on MMMU, ChartQA and BLINK benchmarks
using Qwen2.5-VL (3B). Best accuracies are shown in bold, and second-best accuracies are underlined.

MMMU ChartQA BLINK

Method τ=0.7 τ=1.0 τ=2.0 τ=0.7 τ=1.0 τ=2.0 τ=0.7 τ=1.0 τ=2.0

Temp’ Only 43.00 41.11 33.67 79.58 76.14 48.33 32.67 28.35 23.72
Top-k 42.53 41.08 33.42 79.61 76.11 51.89 32.67 30.82 26.35
Top-p (nucleus) 42.69 41.31 28.19 81.13 78.93 47.71 31.61 31.67 27.14
Min-p 42.64 40.19 28.64 79.62 76.09 45.66 33.30 30.98 29.93
ε-Sampling 42.44 40.50 35.03 79.91 76.52 52.46 31.09 31.19 26.25
η-Sampling 43.00 40.44 28.08 79.66 76.46 48.16 31.09 31.04 25.51

Greedy 45.44 83.12 35.32

Table 3: Accuracy (in %) of different decoding/sampling strategies on MMMU, ChartQA and BLINK benchmarks
using Qwen2.5-VL (7B). Best accuracies are shown in bold, and second-best accuracies are underlined.

MMMU ChartQA BLINK

Method τ=0.7 τ=1.0 τ=2.0 τ=0.7 τ=1.0 τ=2.0 τ=0.7 τ=1.0 τ=2.0

Temp’ Only 47.78 45.67 40.22 78.96 77.97 58.38 37.56 35.61 32.25
Top-k 47.78 46.00 38.22 78.96 77.92 61.30 37.56 35.61 35.35
Top-p (nucleus) 46.56 46.33 40.33 80.00 79.69 67.60 38.77 37.45 34.03
Min-p 47.33 44.11 44.33 71.41 71.56 71.51 29.40 30.30 30.25
ε-Sampling 49.67 45.44 40.33 80.16 78.18 69.79 37.30 35.77 31.78
η-Sampling 49.56 44.67 39.11 80.16 78.73 66.20 37.30 35.82 33.82

Greedy 52.56 82.13 41.56

of them exhibiting severe deviations (>20% er-367

ror) rather than minor inaccuracies. Further qual-368

itative inspection reveals other specific failure369

modes, such as order-of-magnitude hallucinations370

(e.g., 2.6 → 26000), answer-type mismatch (e.g.,371

79 → "Yes"), and erroneous abstentions (e.g.,372

1.0 →"Unanswerable"). Non-numeric failures373

exhibit similar tail-drift artifacts, including answer-374

type mismatch (e.g., "Disapprove" → 53), color375

confusion (e.g., "Light Blue" → "Gray"), and376

logical flips (e.g., "Yes"→"No"). These failure377

modes indicate that VQA distributions are head-378

heavy, concentrating valid answers within the high-379

probability region. Consequently, stochastic errors380

represent low-probability tail drift rather than se-381

mantically correct alternatives.382

Hallucination. We evaluate different decoding383

strategies on the MM-HallBench using Qwen2.5-384

VL (3B). Table 5 compares answer score and hal-385

lucination rate under different sampling and deter-386

ministic decoding methods including beam search387

and greedy decoding. We can observe that, consis-388

tent with other VQA benchmarks, greedy decoding389

achieves the highest average answer score and low-390

est hallucination rate. This performance validates391

our motivation that stochastic sampling expands392

the candidate set into the low-probability tail, fre-393

quently associated with ambiguous visual evidence 394

and therefore at a higher risk of hallucination. 395

Calibration Error versus Model Performance. 396

We calculate the calibration errors of MLLMs and 397

analyze their relation with model performance. Fig- 398

ure 3b illustrates the rank-conditioned calibration 399

errors, denoted as ECEk (Gα
1 where α := k). We 400

observe distinct calibration errors across models: 401

Qwen2.5-VL (3B and 7B) exhibits strong calibra- 402

tion at the top-1 rank, and calibration degrades at 403

larger k. Conversely, LLaVA-1.5 (7B) displays 404

an inverse trend, where calibration error is high at 405

k = 1, and decreases as k increases. The high cali- 406

bration error at the top-1 token of LLaVA-1.5 (7B) 407

explains that the greedy decoding outperforms the 408

optimal stochastic sampling method by an absolute 409

gain of 1.51% for LLaVA-1.5 (7B), compared to 410

larger gains of 1.99% and 1.97% for Qwen2.5-VL 411

3B and 7B, respectively. Empirically, the calibra- 412

tion error results suggest that models with superior 413

top-1 calibration benefit more significantly from 414

greedy decoding, as their high-confidence predic- 415

tions at top-1 token are more reliable. 416

4.5 Generalization to Text-only QA 417

Although motivated by the head-heavy nature of 418

VQA answer distributions, our theory extends be- 419
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Table 4: Accuracy (in %) of different decoding/sampling strategies on MMMU, ChartQA and BLINK benchmarks
using LLaVA-1.5 (7B). Best accuracies are shown in bold, and second-best accuracies are underlined.

MMMU ChartQA BLINK

Method τ=0.7 τ=1.0 τ=2.0 τ=0.7 τ=1.0 τ=2.0 τ=0.7 τ=1.0 τ=2.0

Temp’ Only 32.44 32.89 31.44 21.93 19.69 8.80 38.35 38.77 35.61
Top-k 31.33 29.22 29.11 22.03 18.33 9.69 38.35 39.77 35.66
Top-p (nucleus) 32.33 35.67 31.11 22.03 19.69 9.74 38.82 39.45 36.14
Min-p 32.44 32.00 29.67 21.51 18.18 2.97 38.35 38.77 33.77
ε-Sampling 32.56 31.22 28.22 21.51 18.18 11.77 38.24 38.56 34.24
η-Sampling 34.78 32.11 28.44 21.09 19.01 2.76 37.08 37.08 37.08

Greedy 34.78 23.54 39.93

(a) MMMU (b) ChartQA (c) BLINK

Figure 4: Accuracy of different decoding/sampling strategies on MMMU, ChartQA and BLINK benchmarks using
Qwen2.5-VL (3B) with different temperatures.

Table 5: Average Score and Hallucination Rate of dif-
ferent decoding/sampling strategies on MM-HallBench
using Qwen2.5-VL (3B).

Strategy Score ↑ Hallucination Rate (%) ↓

Temp’ Only 3.48 36
Top-k 3.38 42
Top-p (nucleus) 3.58 36
Min-p 3.32 43
ε-Sampling 3.36 35
η-Sampling 3.57 38
Beam Search 3.54 34
Greedy 3.64 34

yond multimodal settings. In particular, the deriva-420

tion of greedy optimality in Theorem 3.1 depends421

solely on the probabilistic structure of the answer-422

level posterior and remains mathematically valid423

when visual input is omitted. As a result, greedy de-424

coding is optimal for text-only QA provided either425

Condition 1 or Condition 2 holds. Evaluations426

on the MMLU benchmark (Table 6) confirm this427

generalizability, with greedy decoding outperform-428

ing stochastic strategies. Specifically, Gk
1 remains429

positive for all k > 1 across the MMLU dataset430

(see Appendix C.1 for details).431

Table 6: Accuracy (in %) of different decoding/sampling
strategies on MMLU benchmark using Qwen2.5-VL
(3B). Best accuracies are shown in bold, and second-
best accuracies are underlined.

MMLU

Method τ=0.7 τ=1.0 τ=2.0

Temp’ Only 72.86 71.23 71.93
Top-k 71.23 71.23 71.23
Top-p (nucleus) 71.23 71.23 69.47
Min-p 71.58 72.50 70.18
ε-Sampling 71.23 71.23 68.77
η-Sampling 70.36 71.79 71.79

Greedy 73.21

5 Greedy Decoding for Reasoning Model 432

Recent advancements in MLLMs with reasoning 433

capabilities, such as Qwen3-VL-Thinking (Bai 434

et al., 2025a), have demonstrated superior perfor- 435

mance compared to non-reasoning models on vari- 436

ous multimodal tasks. Conventionally, it is believed 437

that introducing uncertainty is essential for the rea- 438

soning process, and thus greedy decoding is often 439

considered suboptimal for these models (Naik et al., 440

2024). However, we demonstrate that multimodal 441

reasoning can still benefit from greedy decoding, 442

7



Table 7: Accuracy (in %) of different decoding/sampling strategies on MMMU, ChartQA and BLINK benchmarks
using Qwen3-VL-Thinking (4B). Baseline: Stochastic Sampling and Beam Search. GDRM: Greedy Decoding for
Reasoning Models. Greedy is the Greedy Decoding Baseline.

MMMU ChartQA BLINK

Method Baseline GDRM Baseline GDRM Baseline GDRM

Temp’ Only 53.22 54.44 (+1.22) 80.94 81.09 (+0.15) 46.08 48.29 (+2.21)
Top-k 54.11 54.78 (+0.67) 80.78 81.46 (+0.68) 44.77 47.71 (+2.94)
Top-p (nucleus) 54.56 54.67 (+0.11) 81.56 81.82 (+0.26) 45.13 45.98 (+0.85)
Min-p 53.78 55.33 (+1.55) 77.71 78.02 (+0.31) 45.29 45.40 (+0.11)
ε-Sampling 54.22 54.78 (+0.56) 80.62 80.78 (+0.16) 46.61 46.45 (-0.16)
η-Sampling 51.89 54.22 (+2.33) 81.25 81.41 (+0.16) 47.13 47.66 (+0.53)
Beam Search 59.78 60.92 (+1.14) 81.51 81.56 (+0.05) 47.40 48.39 (+0.99)

Greedy 54.11 81.46 45.71

with a straightforward modification. Specifically,443

by incorporating the generated reasoning trace r444

into the input context, we transform the original445

reasoning VQA task (I, x) into a standard predic-446

tion task (I, x+r). We then apply greedy decoding447

to generate the final answer given this augmented448

context. Formally, we define Greedy Decoding for449

Reasoning Models (GDRM) as:450 {
r ∼ SAMPLING(pθ(· | I, x)) , reasoning tokens

ŷ = GREEDY(pθ(· | I, x+ r)) , answer tokens
451

where r denotes the reasoning tokens, ŷ denotes452

the answer tokens, SAMPLING denotes any given453

sampling strategy, and GREEDY denotes greedy454

decoding strategy.455

Theorem 3.1 enables a formal comparison be-456

tween GDRM and standard stochastic approaches.457

Specifically, we consider a candidate selection strat-458

egy parameterized by α, defined as a top-k oper-459

ation applied exclusively to answer tokens of the460

reasoning model, where α represents the value of461

k. Then, α = 1 and α = |A| correspond to GDRM462

and standard stochastic sampling, respectively. Re-463

cent study shows that effective reasoning correlates464

with increasing token probabilities over the gener-465

ation trajectory (Liu et al., 2025). Thus, while the466

internal reasoning process can exhibit significant467

stochasticity, the final outputs are often produced468

with high confidence (large q(a1|I, x)), following469

sufficient deliberation. For VQA tasks with unique470

ground-truth answers, a high-confidence prediction471

that aligns with the correct answer results in a low472

calibration error ECE1. Consequently, such align-473

ment facilitates the satisfaction of both conditions474

outlined in Theorem 3.1, which can imply the opti-475

mality of GDRM.476

We evaluate GDRM on VQA benchmarks using477

Qwen3-VL-Thinking (4B) model. As shown in478

Table 7, GDRM consistently outperforms standard 479

stochastic sampling across all benchmarks, notably 480

boosting Temperature Sampling on BLINK by over 481

2% by decoupling reasoning exploration from an- 482

swer generation. Furthermore, it improves upon 483

the naive greedy decoding baseline (e.g., reaching 484

60.92% on MMMU vs. 54.11% baseline), demon- 485

strating that combining probabilistic/beam search 486

reasoning with deterministic answering is supe- 487

rior to a fully deterministic approach. In summary, 488

GDRM offers a greater stability, effectively boost- 489

ing the reasoning model performance by anchoring 490

the answer tokens to the top-1 prediction. 491

6 Conclusion 492

We revisit greedy decoding for MLLMs on VQA 493

from a calibration perspective. We demonstrate 494

that the head-heavy answer distribution and epis- 495

temic uncertainty inherent to VQA make stochastic 496

sampling suboptimal, as it often expands the can- 497

didate set toward low-probability distractors rather 498

than semantically correct alternatives. Our theoreti- 499

cal framework formalizes the relationship between 500

model calibration and predictive accuracy, identify- 501

ing sufficient conditions under which greedy decod- 502

ing is optimal. Our extensive experiments across 503

diverse VQA benchmarks demonstrate the supe- 504

rior performance of greedy decoding to stochastic 505

sampling. Furthermore, We propose GDRM, a de- 506

coding strategy that anchors final answers to top-1 507

predictions without compromising the model’s un- 508

derlying reasoning capabilities. 509

Together, our findings caution against naively 510

inheriting LLMs decoding heuristics in MLLMs 511

without task-specific justification and demonstrate 512

that greedy decoding can be an efficient yet strong 513

default for VQA. 514
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Limitations515

Benchmark Scope. Although our evaluation cov-516

ers diverse benchmarks, the effectiveness of these517

decoding strategies in highly specialized domains518

(e.g., medical VQA) remains unexplored.519

Theoretical Guarantee. Our theoretical guaran-520

tees assume reasonably calibrated posteriors over521

the discrete answer space. Nevertheless, our em-522

pirical findings indicate that greedy decoding can523

be nearly optimal even under less well-calibrated524

posteriors.525
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A Theory Details 682

A.1 Calibration metrics 683

Expected Calibration Error (ECE) ECE parti- 684

tions the predicted probability space into N bins, 685

bn := {i | q(âi|Ii, xi) ∈ Un}, where Un denotes 686

a predefined probability interval for the n-th bin. 687

It computes the weighted average of the discrep- 688

ancy between empirical accuracy and average con- 689

fidence within each bin: 690

ECE :=
N∑

n=1

|bn|
M

|acc(bn)− conf(bn)| , (6) 691

where M is the total number of samples, and 692

acc(bn) :=
1

|bn|
∑
i∈bn

1(âi = a∗i ), (7) 693

conf(bn) :=
1

|bn|
∑
i∈bn

q(âi|Ii, xi). (8) 694

Here, âi is the model’s prediction and a∗i is the 695

ground truth label. Conceptually, acc(bn) approx- 696

imates the expectation E[p(a|I, x) | q(a|I, x) ∈ 697

Un], while conf(bn) approximates E[q(a|I, x) | 698

q(a|I, x) ∈ Un]. A more thorough mathematical 699

investigation of ECE is provided in Appendix A.1. 700

We provide more detailed mathmatical explana- 701

tion for ECE and BS in the following propositions. 702

Proposition A.1. Assuming that q(a|I, x) takes 703

a unique value for each a, I, x, and that we have 704

access to infinite data for every (I, x). Consider 705

constructing one bin for each unique q(a|I, x) 706

value. ECE in our problem setup approximates 707

EI,x,a∼p(·|I,x)[|q(a|I, x)− p(a|I, x)|] 708

Proof. Since q(a|I, x) is unique for each (I, x, a) 709

and we assign one bin per q(a|I, x), each bin cor- 710

responds to a specific (I, x, a) combination. Then 711

we have: 712

ECE =
N∑

n=1

|bn|
N

|acc(bn)− conf(bn)| 713

≈
∑
I,x,a

p(I, x, a)|p(a|I, x)− q(a|I, x)| 714

=EI,x,a∼p(·|I,x)[|q(a|I, x)− p(a|I, x)|]. 715

716
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Brier Score (BS) The Brier Score measures the717

mean squared error between the predicted prob-718

ability and the actual label. While the classical719

Brier Score assumes deterministic labels, we can720

derive an adapted version that accounts for the dis-721

crepancy between distributions using a binning ap-722

proach:723

BS :=

N∑
n=1

|bn|
M

|acc(bn)− conf(bn)|2

acc(bn)
. (9)724

This metric approximates the expected squared dif-725

ference between the predicted and true probabilities726

across the answer space, averaged over the dataset.727

A more thorough mathematical investigation of BS728

is also provided in Appendix A.1.729

To analyze the calibration of a specific param-730

eterized strategy α, we extend the above metrics731

into a continuous expectation framework.732

Proposition A.2. Assuming that q(a|I, x) takes733

a unique value for each a, I, x, and that we have734

access to infinite data for every (I, x). Consider735

constructing one bin for each unique q(a|I, x)736

value. Then BS in our problem setup approximates737

EI,x[
∑

a |q(a|I, x)− p(a|I, x)|2].738

Proof. The proof follows similar steps to the proof739

of Proposition A.1:740

BS
1

N

N∑
n=1

|bn|
|acc(bn)− conf(bn)|2

acc(bn)
741

≈
∑
I,x,a

p(I, x, a)
|q(a|I, xi)− p(a|I, x)|2

p(a|I, x)
742

≈EI,x,a∼p(·|I,x)

[
|q(a|I, xi)− p(a|I, x)|2

p(a|I, x)

]
743

=EI,x[
∑
a

|q(a|I, x)− p(a|I, x)|2]744

745

These results motivate our definition of ECEα746

and BSα with p and q.747

A.2 Strategy-specific Brier Score748

The strategy-specific Brier Score is defined as the749

expected normalized squared difference:750

BSα := EI,x,a∼qα(·|I,x)

[
|q(a|I, x)− p(a|I, x)|2

q(a|I, x)

]
,

(10)

751

BS1 := EI,x

[
|q(a1|I, x)− p(a1|I, x)|2

q(a1|I, x)

]
, (11)752

where BS1 is the calibration error of the greedy 753

strategy (always taking the token with the highest 754

confidence). 755

In the definition, we substitute the denomina- 756

tor p(a|I, x) in the original definition of BS (Ap- 757

pendix A.1) with q(a|I, x). Since the denominator 758

serves only as a positive weighting over answers, 759

both of them yield a valid calibration error, differ- 760

ing only in how deviations are weighted across an- 761

swers. We choose q(a|I, x) for two reasons. First, 762

it is known and strictly positive for top-k answers, 763

making the metric stable and directly estimable, 764

whereas p(a|I, x) is unknown and may be arbi- 765

trarily small or zero. Second, it enables algebraic 766

decomposition in the proof of Theorem 3.1 (see 767

Appendix A.3 for details): the bound leading to 768

Eq. 3.1 naturally yields a E[|q − p|2/q] term (i.e., 769

our BSα), whereas utilizing p(a|I, x) would break 770

this tractable bound and obscure the resulting suffi- 771

cient condition. 772

A.3 Proof of Theorem 3.1 773

Proof. We first introduce the correctness metric 774

(Cα) for the strategy with the parameter α: 775

Cα := EI,x,a∼qα(·|I,x)[p(a|I, x)] (12) 776

We start by bounding Cα using ECEα and q: 777

Cα = EI,x,a∼qα(·|I,x)[p(a|I, x)] 778

=EI,x,,a∼qα(·|I,x)[q(a|I, x) 779

+ (p(a|I, x)− q(a|I, x))] 780

≤EI,x,a∼qα(·|I,x)[q(a|I, x) 781

+ |p(a|I, x)− q(a|I, x)|] 782

≤EI,x,a∼qα(·|I,x)[q(a|I, x)] + ECEα 783

On the other hand, we have 784

Cα =EI,x,,a∼qα(·|I,x)[q(a|I, x) 785

+ (p(a|I, x)− q(a|I, x))] 786

≥EI,x,a∼qα(·|I,x)[q(a|I, x) 787

− |p(a|I, x)− q(a|I, x)|] 788

=EI,x,a∼qα(·|I,x)[q(a|I, x)]− ECEα 789

Similarly, we can have C1 ≤ EI,x[q(a
1|I, x)] + 790

ECE1 and C1 ≥ EI,x[q(a
1|I, x)]− ECE1. Apply- 791

ing this to inequality (3.1), we obtain: 792

Cα ≤ EI,x,a∼qα(·|I,x)[q(a|I, x)] + ECEα 793

≤EI,x[q(a
1|I, x)]− ECE1 ≤ C1 794
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On the other hand, we can also bound Cα as fol-795

lows:796

Cα = EI,x,a∼qα(·|I,x)

[
p(a|I, x)q(a|I, x)

q(a|I, x)

]
797

=EI,x,a∼qα(·|I,x)

[
p(a|I, x)2 + q(a|I, x)2

2q(a|I, x)
798

− |p(a|I, x)− q(a|I, x)|2

2q(a|I, x)

]
799

≤EI,x,a∼qα(·|I,x)

[
1 + q(a|I, x)2

2q(a|I, x)

]
− BSα

2
800

Combining this bound with the previous bound801

on C1 using ECE1, and assuming inequality (3.1)802

holds, we get:803

Cα ≤ EI,x,a∼qα(·|I,x)

[
1 + q(aα|I, x)2

2q(aα|I, x)

]
− BSα

2
804

≤ EI,x[q(a
1|I, x)]− ECE1 ≤ C1805

The inequality C1 ≥ Cα, for all α that gives non-806

greedy strategy suggests that greedy strategy is807

optimal.808

B Implementation Details809

B.1 Prompt and Formatting810

For each dataset, we provide a global system811

prompt. All models use a standardized instruc-812

tion template with explicit role and output style813

cues. For multiple-choice questions, we append the814

choices and instruct the model to answer with the815

option letter only (e.g., A/B/C/D). For free-form816

questions, we instruct the model to answer with817

a short phrase. We disable chain-of-thought style818

prompting and request only to output the answers819

without reasoning.820

B.2 Inference setting821

Inference is run on a single A6000 with 48GB mem-822

ory for all models. We cap decoding at 64 tokens823

for free-form answers and 8 tokens for multiple-824

choice questions.825

B.3 Hyperparameters826

We search: T ∈ {0.3, 0.7, 1.0, 1.5, 2.0}, k ∈827

{20, 50}, p ∈ {0.9, 0.95}, pbase ∈ {0.05, 0.1},828

ε ∈ {0.0009, 0.0006}, and η ∈ {0.0006, 0.0002}.829

B.4 System Prompts830

This section provides the exact system prompts831

utilized for each VQA benchmark during our eval-832

uation. These prompts were designed to constrain833

the model’s output to the specific format required 834

by each dataset’s evaluation script. 835

BLINK For the BLINK benchmark, the follow- 836

ing system prompt was used to ensure the model 837

responded with only the correct option letter(s). 838

You are being evaluated on BLINK.
Answer with ONLY the option letter(s)
for the correct choice (A/B/C/...).
Do not output any words, punctuation, or
explanation.

839

ChartQA For the ChartQA benchmark, we em- 840

ployed a more detailed system prompt to guide the 841

model in generating answers in various formats 842

(e.g., numeric, "Yes/No", multiple-choice). 843

You are a vision–language model
specialized in chart question answering.
Answer with ONLY the final result (no
explanation).
Rules:
• For numeric answers: use digits and
include the unit exactly as shown in
the chart (e.g., %, °C, $, K).
• For yes/no: reply "Yes" or "No" only.
• For multiple-choice: output the option
letter(s) only (e.g., "B" or "A,C") with
no spaces.
• If the question cannot be answered
from the chart, reply exactly:
"unanswerable".

844

MMMU No system prompt was used for the 845

MMMU benchmark. The evaluations were without 846

any system prompt being passed to the models. 847

C Additional Results 848

C.1 Empirical evidence on the MMLU dataset 849

Fig 5 shows that the Gk
1 remains positive for all 850

k > 1 on the MMLU dataset using Qwen2.5-VL 851

(3B). Theorem 3.1 proves that in this case, Greedy 852

Deciding is optimal. 853

C.2 Detailed results with different random 854

seeds 855

We list the evaluation results with different random 856

seeds using Qwen2.5-VL (3B) from Table 8 to 857

Table 19. 858

D Use of AI Assistants in Research 859

In our study, generative AI assistants are used spar- 860

ingly and in accordance with the guidelines on 861
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Table 8: Accuracy (in %) of different decoding/sampling strategies on MMMU benchmark (seed=42) using
Qwen2.5-VL (3B).

Method τ=0.3 τ=0.7 τ=1.0 τ=1.5 τ=2.0

Top-k 45.33 44.22 42.11 37.33 33.89
Top-p (nucleus) 45.44 42.44 40.33 35.44 28.67
Min-p 45.44 42.56 39.89 35.22 27.56
ε-Sampling 45.44 43.00 41.44 38.56 34.56
η-Sampling 45.44 44.22 40.33 38.22 29.22

Greedy 45.44

Table 9: Accuracy (in %) of different decoding/sampling strategies on MMMU benchmark (seed=123) using
Qwen2.5-VL (3B).

Method τ=0.3 τ=0.7 τ=1.0 τ=1.5 τ=2.0

Top-k 45.33 41.11 41.22 35.22 32.78
Top-p (nucleus) 45.00 43.11 42.89 37.22 30.56
Min-p 45.33 41.00 39.33 36.56 29.78
ε-Sampling 45.33 40.78 38.56 34.89 33.33
η-Sampling 45.44 40.89 39.89 34.67 29.67

Greedy 45.44

Table 10: Accuracy (in %) of different decoding/sampling strategies on MMMU benchmark (seed=456) using
Qwen2.5-VL (3B).

Method τ=0.3 τ=0.7 τ=1.0 τ=1.5 τ=2.0

Top-k 43.56 42.56 40.00 35.78 31.89
Top-p (nucleus) 45.44 42.22 41.33 35.78 27.11
Min-p 43.56 44.78 41.56 36.11 29.11
ε-Sampling 43.56 44.89 41.33 35.22 35.44
η-Sampling 43.56 44.67 41.33 37.67 27.56

Greedy 45.44

Table 11: Accuracy (in %) of different decoding/sampling strategies on MMMU benchmark (seed=789) using
Qwen2.5-VL (3B).

Method τ=0.3 τ=0.7 τ=1.0 τ=1.5 τ=2.0

Top-k 45.44 42.22 41.00 36.22 35.11
Top-p (nucleus) 45.33 43.00 40.67 35.67 26.44
Min-p 45.44 42.22 40.00 34.89 28.11
ε-Sampling 45.44 41.11 40.67 39.11 36.78
η-Sampling 45.33 42.22 40.22 35.67 25.89

Greedy 45.44

Table 12: Accuracy (in %) of different decoding/sampling strategies on ChartQA benchmark (seed=42) using
Qwen2.5-VL (3B).

Method τ=0.3 τ=0.7 τ=1.0 τ=1.5 τ=2.0

Top-k 82.29 79.53 76.09 65.73 51.98
Top-p (nucleus) 82.34 81.72 79.11 63.75 48.39
Min-p 82.29 79.53 76.72 52.08 44.80
ε-Sampling 81.93 79.48 76.88 67.14 54.84
η-Sampling 82.29 79.53 76.82 65.94 48.80

Greedy 83.12
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Table 13: Accuracy (in %) of different decoding/sampling strategies on ChartQA benchmark (seed=123) using
Qwen2.5-VL (3B).

Method τ=0.3 τ=0.7 τ=1.0 τ=1.5 τ=2.0

Top-k 82.50 79.38 75.78 67.14 51.41
Top-p (nucleus) 82.40 80.68 78.33 62.60 46.88
Min-p 82.50 79.43 76.20 53.02 42.39
ε-Sampling 82.50 79.84 75.99 66.20 51.35
η-Sampling 82.50 79.58 75.89 63.91 48.39

Greedy 83.12

Table 14: Accuracy (in %) of different decoding/sampling strategies on ChartQA benchmark (seed=456) using
Qwen2.5-VL (3B).

Method τ=0.3 τ=0.7 τ=1.0 τ=1.5 τ=2.0

Top-k 82.60 79.38 76.41 66.88 52.40
Top-p (nucleus) 82.08 81.04 79.43 62.76 46.09
Min-p 82.60 79.38 75.57 51.98 47.97
ε-Sampling 82.60 80.16 76.20 67.81 52.19
η-Sampling 82.60 79.38 76.77 64.95 47.97

Greedy 83.12

Table 15: Accuracy (in %) of different decoding/sampling strategies on ChartQA benchmark (seed=789) using
Qwen2.5-VL (3B).

Method τ=0.3 τ=0.7 τ=1.0 τ=1.5 τ=2.0

Top-k 82.24 80.16 76.15 65.42 51.77
Top-p (nucleus) 82.97 81.09 78.85 64.17 49.48
Min-p 82.24 80.16 75.89 52.19 47.50
ε-Sampling 82.24 80.16 77.03 66.46 51.46
η-Sampling 82.24 80.16 76.35 62.45 47.50

Greedy 83.12

Table 16: Accuracy (in %) of different decoding/sampling strategies on BLINK benchmark (seed=42) using
Qwen2.5-VL (3B).

Method τ=0.3 τ=0.7 τ=1.0 τ=1.5 τ=2.0

Top-k 34.68 32.75 32.26 29.33 27.13
Top-p (nucleus) 34.24 29.71 31.44 28.60 26.60
Min-p 35.32 33.07 30.76 29.97 28.63
ε-Sampling 34.28 32.27 30.62 30.74 26.59
η-Sampling 33.13 32.07 31.16 27.63 26.10

Greedy 35.32

Table 17: Accuracy (in %) of different decoding/sampling strategies on BLINK benchmark (seed=123) using
Qwen2.5-VL (3B).

Method τ=0.3 τ=0.7 τ=1.0 τ=1.5 τ=2.0

Top-k 34.68 33.07 30.40 29.00 25.71
Top-p (nucleus) 34.61 32.37 30.82 29.72 27.81
Min-p 35.32 33.40 30.41 30.76 31.37
ε-Sampling 34.19 31.55 30.66 29.49 25.99
η-Sampling 34.95 30.10 30.70 27.27 24.25

Greedy 35.32

14



Table 18: Accuracy (in %) of different decoding/sampling strategies on BLINK benchmark (seed=456) using
Qwen2.5-VL (3B).

Method τ=0.3 τ=0.7 τ=1.0 τ=1.5 τ=2.0

Top-k 34.38 31.01 30.31 29.72 26.17
Top-p (nucleus) 34.29 32.42 32.58 28.34 26.76
Min-p 35.32 32.94 32.08 29.55 30.72
ε-Sampling 34.04 30.67 31.88 28.43 26.62
η-Sampling 34.98 30.58 31.34 28.74 26.37

Greedy 35.32

Table 19: Accuracy (in %) of different decoding/sampling strategies on BLINK benchmark (seed=789) using
Qwen2.5-VL (3B).

Method τ=0.3 τ=0.7 τ=1.0 τ=1.5 τ=2.0

Top-k 35.32 33.85 30.31 28.99 26.39
Top-p (nucleus) 34.98 31.94 31.85 30.96 27.39
Min-p 35.32 33.78 30.67 31.54 29.00
ε-Sampling 34.15 29.87 31.60 28.22 25.79
η-Sampling 34.56 31.61 30.96 27.46 25.31

Greedy 35.32

Figure 5: Empirical evidence (Gk
1 vs. k) for Theo-

rem 3.1 on MMLU using Qwen2.5-VL (3B)

ACL’s Policy on AI Writing Assistance. We uti-862

lize ChatGPT for basic paraphrasing and grammar863

checks. These tools are applied minimally to en-864

sure the authenticity of our work and to adhere865

strictly to the regulatory standards set by ACL. Our866

use of these AI tools is focused, responsible, and867

aimed at supplementing rather than replacing hu-868

man input and expertise in our research.869

E Dataset Licensing and Intended Use870

E.1 Dataset License871

BLINK, ChartQA, MMMU, MMHal-Bench, and872

MMLU are intended for research usage.873

BLINK It has an Apache license 2.0, allowing874

research usage.875

ChartQA It has a GNU General Public License 876

v3.0, allowing research usage. 877

MMMU It has an Apache license 2.0, allowing 878

research usage. 879

MMHal-Bench It has an Apache license 2.0, al- 880

lowing research usage. 881

MMLU It has an MIT license, allowing research 882

usage. 883

E.2 Intended Use 884

Our use of the existing artifacts strictly comply with 885

their intended purpose as benchmarks for research 886

usage. We do not introduce any new dataset or 887

artifact in this work. 888
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