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Revisiting Greedy Decoding for Visual Question Answering:

Abstract

Stochastic sampling strategies are widely
adopted in large language models (LLMs) to
balance output coherence and diversity. These
heuristics are often inherited in Multimodal
LLMs (MLLMs) without task-specific justifi-
cation. However, we contend that stochastic de-
coding can be suboptimal for Visual Question
Answering (VQA). VQA is a closed-ended task
with head-heavy answer distributions where
uncertainty is usually epistemic, arising from
missing or ambiguous visual evidence rather
than plausible continuations. In this work, we
provide a theoretical formalization of the rela-
tionship between model calibration and predic-
tive accuracy, and derive the sufficient condi-
tions for greedy decoding optimality. Extensive
experiments provide empirical evidence for the
superiority of greedy decoding over stochas-
tic sampling across multiple benchmarks. Fur-
thermore, we propose Greedy Decoding for
Reasoning Models, which outperforms both
stochastic sampling and standard greedy decod-
ing in multimodal reasoning scenarios. Over-
all, our results caution against naively inherit-
ing LLMs decoding heuristics in MLLMs and
demonstrate that greedy decoding can be an
efficient yet strong default for VQA.

1 Introduction

Large Language Models (LLMs) have emerged as
the standard for various generative tasks due to their
ability to produce diverse and high-fidelity outputs.
To navigate the inherent trade-off between coher-
ence and diversity, stochastic sampling are widely
employed during inference. Common sampling
strategies achieve this balance by truncating the
probability tail to prevent degeneration while main-
taining output variation (Fan et al., 2018; Holtzman
et al., 2020; Nguyen et al., 2024). Alternatively,
entropy-dependent strategies attempt to desmooth
the model distribution, treating the output as a mix-
ture of the true distribution and uniform noise to
improve generation quality (Hewitt et al., 2022).
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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
adopted for Multimodal LLMs (MLLMs) with-
out task-specific justification. However, we con-
tend that Visual Question Answering (VQA) dif-
fers from open-ended text generation, rendering
sampling during inference suboptimal. First, most
VQA tasks are closed-ended decision problems
that require precise outputs. The answer dis-
tribution is therefore head-heavy, dominated by
high-frequency tokens such as numbers, colors, or
boolean values (Whitehead et al., 2022). For in-
stance, approximately 89% of answers VQAV2 (An-
tol et al., 2015) with real MS-COCO images are
single-token, with boolean responses alone consti-
tuting 38% of the distribution. This head-heaviness
is strong enough that a trivial “always answer yes”
baseline reaches 29.7% accuracy. Second, VQA
relies on visual grounding where uncertainty is
primarily epistemic rather than aleatoric. In open-
ended generation, uncertainty is often aleatoric,
representing a choice between multiple valid cre-



ative trajectories. In contrast, uncertainty in VQA
typically stems from missing or ambiguous visual
evidence (Li et al., 2023; Leng et al., 2024; Favero
et al., 2024), under which stochastic sampling risks
expanding the candidate set toward low-probability
and low-agreement distractors instead of grounded,
valid answers. Figure 1 illustrates this effect on
ChartQA (Masry et al., 2022). Among cases where
greedy decoding succeeds but stochastic sampling
fails, only 2.5% are semantically-equivalent near-
misses, whereas the majority are severe deviations
and answer-type mismatches (e.g., label swaps or
logical flips), suggesting that stochasticity expands
the candidate set toward low-probability distrac-
tors.

In this paper, we revisit decoding strategies from
a calibration perspective. We first review existing
calibration metrics (Wang, 2023) and formalize
their theoretical relationship to predictive accuracy.
We then derive sufficient conditions under which
greedy decoding is optimal. Extensive experiments
show that these conditions are met by MLLMs on
VQA tasks, where greedy decoding consistently
outperforms stochastic sampling. To summarize,
our contributions are:

(1) We provide a theoretical formalization of the
relationship between model calibration met-
rics and predictive accuracy, and derive suffi-
cient conditions under which greedy decoding
is optimal;

(2) We conduct extensive evaluations across di-
verse benchmarks and models and provide em-
pirical evidence for the superiority of greedy
decoding over stochastic sampling;

(3) We propose Greedy Decoding for Reasoning
Models (GDRM) to improve the reasoning
model performance which anchors answer to-
kens to a greedy prediction without compro-
mising the reasoning capability.

2 Related Work

Decoding in LLMs. LLMs employ sampling to
balance output diversity and coherence. Tempera-
ture scaling modulates the distribution sharpness
by rescaling logits but does not restrict the vocabu-
lary, allowing low-probability tokens to emerge
at higher temperatures (Holtzman et al., 2020).
To mitigate degeneration from the unreliable tail,
heuristic truncation methods are widely adopted.
Top-k sampling (Fan et al., 2018) constrains the

candidate set to the k£ most probable tokens, while
top-p (nucleus) sampling (Holtzman et al., 2020)
retains the smallest set whose cumulative probabil-
ity mass exceeds a predefined threshold p. How-
ever, these static cutoffs involve a difficult trade-
off where restrictive thresholds may omit plausi-
ble continuations and lenient settings risk incoher-
ence. This limitation has motivated more principled
truncation strategies that adapt to contextual uncer-
tainty. Hewitt et al. (2022) propose e-sampling
and entropy-dependent n-sampling to dynamically
adjust the candidate set. Most recently, Min-p sam-
pling (Nguyen et al., 2024) scales the truncation
threshold relative to the probability of the top to-
ken, pmax. This approach enforces stricter pruning
when the model is confident and permits greater
diversity when the distribution is flat, providing a
more robust mechanism for balancing coherence
and variation. Recent studies have shown advan-
tages of deterministic decoding (Song et al., 2025;
Li et al., 2025). However, these findings remain
heuristic and lack rigorous theoretical analysis.

Decoding in MLLMs. MLLMs typically in-
herit LLM decoding heuristics. However, multi-
modal generation susceptible to object hallucina-
tion, where entities in model outputs lack visual
grounding (Li et al., 2023). Recent progress, there-
fore, focuses on guided or constrained decoding
to improve visual grounding. Visual Contrastive
Decoding (Leng et al., 2024) contrasts distributions
under real versus perturbed images to downweight
tokens driven by language priors. Variants along
these lines re-score or filter candidates to empha-
size visual faithfulness (Ghosh et al., 2024; An
et al., 2025; Su et al., 2025). In contrast, our anal-
ysis targets the complementary question of deter-
ministic versus stochastic decoding, and thus is
applicable on top of these approaches.

3 Theoretical Framework

In this section, we first establish the notation and
problem setup (Section 3.1). We then extend exist-
ing calibration metrics to strategy-specific metrics
(i.e., ECE® and BS®) for any sampling strategy pa-
rameterized by « (Section 3.2). Finally, we derive
sufficient conditions for greedy optimality using
these metrics (Section 3.3).

3.1 Problem Setup.

For an image—question pair (I, z), let A be a nor-
malized finite answer set (e.g., a VQA vocabu-
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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; (¢) GDRM anchors
final answer tokens to the greedy prediction while preserving internal reasoning capabilities.

lary after string canonicalization). The ground
truth answer-level posterior is defined as p(-|I, x) :
A — [0,1] with > p(all,z) = 1. Let
q(-|/I,z) : A — [0,1] denote the posterior esti-
mated by a MLLM.

In practice, an answer a is decoded from a se-
quence of tokens y;.7 via a decoding function D,
such that a = D(y;.7), where y; is the token gen-
erated at step ¢ and T’ is the sequence length. The
answer probability is computed as the joint product
of the token probabilities.

Consider an arbitrary candidate selection strat-
egy parameterized by « (e.g., top-k, top-p, or
min-p), where « represents the corresponding hy-
perparameter value (k for top-k, p for top-p and
Pbase for min-p). For a given input pair (I, z), let
S{(I,z,y<¢) be the set of candidate tokens se-
lected by the strategy at step t. Under this strategy,
tokens are sampled from S§* proportionally to the
model’s original likelihood

po(- | y<t, 1, ) 1{- € S{'}
ZyGSf‘ p@( ’ y<talax)

1=P3(9|17x7y<t)

where 1{-} is the indicator function and p§ denotes
the resulting sampling distribution.

Ideally, « is chosen to maximize the expectation
of producing correct predictions. This objective is

defined as the following optimization problem:

mOE}X J(a) = El,x,awqa(-\l,x) [p(a’ua .T)] (D
where ¢®(all, ) = 3 p(y, 1y=a Py (W1:7|], ) i
the probability of selecting answer a under the strat-
egy parameter «. Note that optimization of J(«)
is generally intractable in practice due to the un-
known ground truth distribution p. In the following
sections, we derive theoretical insights into the op-
timal solution «* from the calibration perspective.
We denote the corresponding answer generated by

the greedy strategy as a'.

3.2 Calibration Measurement

Several metrics exist for measuring the calibration
of deep learning models (Wang, 2023). In this
work, we adopt two widely applied measures: Ex-
pected Calibration Error (ECE) (Guo et al., 2017)
and the Brier Score (BS) (Brier, 1950) (definition
in Appendix A.1). We define strategy-specific cali-
bration metrics ECE® and BS“ as follows.

ECE®. We define ECE® directly in terms of the
distributions p and q as the expected absolute error
over the samples generated by strategy «:

ECE” := E[,x,awqo‘(~|l,x) Hq(a’I>$) - p(au:x)u 5
()
ECE' :=Er, [lg(a'|l,2) —p(a'[[,2)|],  (3)



where ECE! is the calibration error of the greedy
strategy (taking the highest-confidence token).

BS“®. Similarly, we define the strategy-specific
Brier Score as the expected normalized squared
difference:

lq(all,z) — p(a|l,z)|?
Bsa = E «a
Lx,a~q(-|I,x) [ q(all,z)

“)

IQ(alll’x)_p(all7x)2:| ’ (5)

q(al|l,z)

BS' :=E;, {
where BS! is the calibration error of the greedy
strategy (always taking the token with the high-
est confidence). Note that in Eq. 10 we substitute
the denominator p(a|l,z) in the original defini-
tion of BS (Appendix A.1) with ¢(a|I, z) (see Ap-
pendix A.2 for details).

3.3 Greedy Optimality

Our primary theoretical contribution is summarized
in the following theorem.

Theorem 3.1. Let ECE®, ECE', BS®, and BS" be
defined as in (2), (3), (10) and (11). Greedy decod-
ing strategy is optimal if, for any « that does not
correspond to the greedy strategy, at least one of
the following conditions holds:

@ fo = EL%GNQD‘ [q(aluv x) - Q(aua .%')]
— ECE' — ECE* >0

2 GY :=Frramge {q(allf,x) —
— ECE' + 8~ >0

1+¢?(a|l,x) }
2q(all,z)

The proof of Theorem 3.1 is in Appendix A.3.

Theorem 3.1 suggests that the greedy decod-
ing is optimal under different conditions. Con-
dition (1) can be satisfied when model assigns
high confidence to the top-1 answer while main-
taining low confidence for others (i.e., large
Ef z.a~go[q(a |1, 2) — q(all, x)]), and is well cal-
ibrated across all answers (i.e., low ECE' and
ECE®). These requirements align with observed
VQA behavior: well-calibrated models exhibit bi-
modal confidence, with correct predictions concen-
trated at high confidence and incorrect ones at low
confidence, enabling accuracy gains via abstention
on uncertain cases (Whitehead et al., 2022; Khan
and Fu, 2024). Condition (2) is easier to satisfy
when the top-1 prediction is both confident and
relatively well-calibrated (i.e., high ¢(a'|I, ) and
low ECE!), and lower-ranked ones are substantially

less calibrated (i.e., large BS® for sampling with pa-
rameter «). In this case, miscalibration rapidly de-
grades correctness of low-ranked answers, whereas
the top-1 remains relatively reliable.

4 Experiments

4.1 Benchmark

Datasets. We use (1) MMMU (Yue et al., 2024),
a multidisciplinary multimodal benchmark span-
ning STEM, humanities, and professional domains;
(2) ChartQA (Masry et al., 2022), which tests rea-
soning over charts and plots; (3) BLINK (Fu et al.,
2024), a VQA dataset containing visual common-
sense problems; (4) MM-HallBench (Guan et al.,
2024), a multimodal hallucination benchmark; and
(5) MMLU (Hendrycks et al., 2021), a text-only
multiple-choice QA benchmark. All results are
reported on the official validation splits.

Models. We evaluate three open-source MLLMs:
Qwen2.5-VL (3B and 7B) (Bai et al., 2025b),
LLaVA-v1.5 (7B) (Liu et al., 2023), and Qwen3-
VL-Thinking (4B) (Bai et al., 2025a). All models
are evaluated in the zero-shot setting.

Evaluation metrics. We report overall accu-
racy on all datasets except MM-HallBench. For
multiple-choice questions, accuracy is computed
via exact match; for free-form questions, we use
normalized soft matching. For stochastic decoding
strategies, results are averaged over four runs with
different random seeds. Prompt formatting and in-
ference details are provided in Appendix B.1 and
Appendix B.2, respectively. For MM-HallBench,
we follow the official evaluation protocol and use
GPT-40 as an automated judge (OpenAl, 2024).

4.2 Baseline

Decoding strategies. We compare eight decod-
ing strategies: greedy decoding, temperature, top-k
(Holtzman et al., 2020), top-p (Holtzman et al.,
2020), min-p (Nguyen et al., 2024), e-Sampling, 7-
Sampling (Hewitt et al., 2022), and Beam Search.

Hyperparameters. For each strategy, we sweep
a compact grid of commonly used hyperparameters
and report the best setting on the validation split.
For stochastic sampling methods, we vary temper-
ature T jointly with the strategy-specific hyperpa-
rameters; greedy decoding requires no sweep. Hy-
perparameter details are provided in Appendix B.3.



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 Results

Table 2, Table 3, and Table 4 compare greedy
decoding with stochastic sampling on MMMU,
ChartQA, and BLINK using Qwen2.5-VL (3B and
7B) and LLaVA-v1.5 (7B), respectively. Greedy
decoding consistently outperforms stochastic strate-
gies across models, scales, and benchmarks. The
only exception is a marginal gain from Top-p sam-
pling for LLaVA-v1.5 (7B) on MMMU (35.67%
vs. 34.78%), which we attribute to its relatively
high top-1 calibration error (see Section 4.4 for
detailed analysis). Table 1 compares beam search
with greedy decoding using Qwen2.5-VL (3B) on
ChartQA, where answers are multi-token rather
than multiple-choices (i.e., A/B/C/D). Greedy de-
coding achieves higher accuracy than beam search
despite a lower computational budget.

Figure 4 compares performance of stochastic
sampling strategies under different temperatures.
‘We can observe that, across models and datasets,
stochastic sampling is highly sensitive to temper-
ature. In particular, performance of all stochastic
sampling strategies degrade rapidly as temperature
increases. This inverse relationship between ran-
domness and accuracy is consistent with the head-
heavy answer distributions in VQA. Overall, these
results indicate that greedy decoding is an effective
and robust decoding strategy for VQA.

4.4 Analytical Results

Answer Distribution. We conduct a statistical
analysis of the answer distributions across VQA
and text-only QA datasets. MMMU, BLINK, and
MMLU utilize a multiple-choice answer format,
inducing answer distributions concentrated over
specific tokens A/B/C/D. Although ChartQA per-
mits more diverse responses, its answer distribu-
tion exhibits a similar highly concentrated pattern.
Specifically, 75.16% of answers are numerical.
Among the non-numerical ones, the vast major-
ity fall into limited categories: 66.04% are sin-
gle words, 23.48% represent country names, and
11.74% are binary responses. These results provide
empirical evidence that VQA answer distributions
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Figure 3: Empirical evidence Theorem 3.1 on ChartQA
using Qwen2.5-VL (3B and 7B), and LLaVA-v1.5 (7B).
(a) G’f (o := k for top-k) is non-negative for all £ > 1.
(b) Expected calibration errors ECE* (o := k for top-k)
across different token rank k.

are head-heavy, dominated by high-frequency to-
kens such as numbers, colors, and binary responses.

Empirical Evidence of Greedy Optimality. We
demonstrate empirical evidence of Theorem 3.1 us-
ing the top-k sampling. Figure 3a visualizes G¥
(i.e., G where o := k) across three models on
ChartQA benchmark. We can observe that G¥ > 0
holds for all £ > 1. As aresult, greedy decoding is
provably the optimal decoding strategy under Con-
dition (1) in Theorem 3.1, which is consistent with
the experiment results demonstrated in Table 2, 3
and 4. We observe similar behavior for other sam-
pling methods. For instance, using top-p sampling
(p = 0.9) with Qwen2.5-VL (3B) on ChartQA
yields G = 0.173 > 0 (i.e., G{ where a := p).

Failure Analysis. We investigate the failure
modes of stochastic sampling strategies by ana-
lyzing 177 cases where greedy decoding yields
correct answers while stochastic decoding fails.
Figure 1 shows the detailed failure modes for
both numeric and non-numeric cases. We can
observe that numeric questions account for the
majority of failure cases, with more than half



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 7=0.7 7t=1.0 7=2.0 7=0.7 7=1.0 7=2.0 7=0.7 7=1.0 7=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
e-Sampling 42.44 40.50 35.03 79.91 76.52 52.46 31.09 31.19 26.25
n-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 =07 7=10 71=20 =07 =10 7=20 7=0.7 7=1.0 7=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
e-Sampling 49.67 45.44 40.33 80.16 78.18 69.79 37.30 35.77 31.78
n-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-
ror) rather than minor inaccuracies. Further qual-
itative inspection reveals other specific failure
modes, such as order-of-magnitude hallucinations
(e.g., 2.6 — 26000), answer-type mismatch (e.g.,
79 — "Yes"), and erroneous abstentions (e.g.,
1.0 —"Unanswerable"). Non-numeric failures
exhibit similar tail-drift artifacts, including answer-
type mismatch (e.g., "Disapprove” — 53), color
confusion (e.g., "Light Blue" — "Gray"), and
logical flips (e.g., "Yes"—"No"). These failure
modes indicate that VQA distributions are head-
heavy, concentrating valid answers within the high-
probability region. Consequently, stochastic errors
represent low-probability tail drift rather than se-
mantically correct alternatives.

Hallucination. We evaluate different decoding
strategies on the MM-HallBench using Qwen2.5-
VL (3B). Table 5 compares answer score and hal-
lucination rate under different sampling and deter-
ministic decoding methods including beam search
and greedy decoding. We can observe that, consis-
tent with other VQA benchmarks, greedy decoding
achieves the highest average answer score and low-
est hallucination rate. This performance validates
our motivation that stochastic sampling expands
the candidate set into the low-probability tail, fre-

quently associated with ambiguous visual evidence
and therefore at a higher risk of hallucination.

Calibration Error versus Model Performance.
We calculate the calibration errors of MLLMs and
analyze their relation with model performance. Fig-
ure 3b illustrates the rank-conditioned calibration
errors, denoted as ECE” (G where o := k). We
observe distinct calibration errors across models:
Qwen2.5-VL (3B and 7B) exhibits strong calibra-
tion at the top-1 rank, and calibration degrades at
larger k. Conversely, LLaVA-1.5 (7B) displays
an inverse trend, where calibration error is high at
k =1, and decreases as k increases. The high cali-
bration error at the top-1 token of LLaVA-1.5 (7B)
explains that the greedy decoding outperforms the
optimal stochastic sampling method by an absolute
gain of 1.51% for LLaVA-1.5 (7B), compared to
larger gains of 1.99% and 1.97% for Qwen2.5-VL
3B and 7B, respectively. Empirically, the calibra-
tion error results suggest that models with superior
top-1 calibration benefit more significantly from
greedy decoding, as their high-confidence predic-
tions at top-1 token are more reliable.

4.5 Generalization to Text-only QA

Although motivated by the head-heavy nature of
VQA answer distributions, our theory extends be-



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 7=0.7 7=10 7=20 71=07 7=1.0 7=2.0 7=0.7 7=1.0 71=20
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
e-Sampling 32.56 31.22 28.22 21.51 18.18 11.77 38.24 38.56 34.24
n-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
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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 T  Hallucination Rate (%) |
Temp’ Only 3.48 36
Top-k 3.38 42
Top-p (nucleus) 3.58 36
Min-p 3.32 43
e-Sampling 3.36 35
n-Sampling 3.57 38
Beam Search 3.54 34
Greedy 3.64 34

yond multimodal settings. In particular, the deriva-
tion of greedy optimality in Theorem 3.1 depends
solely on the probabilistic structure of the answer-
level posterior and remains mathematically valid
when visual input is omitted. As aresult, greedy de-
coding is optimal for text-only QA provided either
Condition (1) or Condition (2) holds. Evaluations
on the MMLU benchmark (Table 6) confirm this
generalizability, with greedy decoding outperform-
ing stochastic strategies. Specifically, G} remains
positive for all £ > 1 across the MMLU dataset
(see Appendix C.1 for details).

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 7=0.7 7=1.0 71=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 7250  70.18
e-Sampling 71.23 71.23 68.77
n-Sampling 7036 71.79 71.79
Greedy 73.21

5 Greedy Decoding for Reasoning Model

Recent advancements in MLLMs with reasoning
capabilities, such as Qwen3-VL-Thinking (Bai
et al., 2025a), have demonstrated superior perfor-
mance compared to non-reasoning models on vari-
ous multimodal tasks. Conventionally, it is believed
that introducing uncertainty is essential for the rea-
soning process, and thus greedy decoding is often
considered suboptimal for these models (Naik et al.,
2024). However, we demonstrate that multimodal
reasoning can still benefit from greedy decoding,



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 5533 (+1.55  77.71 78.02 +0.31) 4529 4540 (+0.11)
e-Sampling 54.22 54.78 (+0.56) 80.62 80.78 (+0.16) 46.61 46.45 (-0.16)
n-Sampling 51.89 5422 +233) 8125 8141 +0.16p  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,
by incorporating the generated reasoning trace r
into the input context, we transform the original
reasoning VQA task (I, z) into a standard predic-
tion task (I, z+7). We then apply greedy decoding
to generate the final answer given this augmented
context. Formally, we define Greedy Decoding for
Reasoning Models (GDRM) as:

r ~ SAMPLING(py(- | I,x)), reasoning tokens
9 = GREEDY (pg(- | I, + 1)), answer tokens

where r denotes the reasoning tokens, 3 denotes
the answer tokens, SAMPLING denotes any given
sampling strategy, and GREEDY denotes greedy
decoding strategy.

Theorem 3.1 enables a formal comparison be-
tween GDRM and standard stochastic approaches.
Specifically, we consider a candidate selection strat-
egy parameterized by «, defined as a top-k oper-
ation applied exclusively to answer tokens of the
reasoning model, where « represents the value of
k. Then, o = 1 and o = |.A| correspond to GDRM
and standard stochastic sampling, respectively. Re-
cent study shows that effective reasoning correlates
with increasing token probabilities over the gener-
ation trajectory (Liu et al., 2025). Thus, while the
internal reasoning process can exhibit significant
stochasticity, the final outputs are often produced
with high confidence (large g(a'|I, z)), following
sufficient deliberation. For VQA tasks with unique
ground-truth answers, a high-confidence prediction
that aligns with the correct answer results in a low
calibration error ECE!. Consequently, such align-
ment facilitates the satisfaction of both conditions
outlined in Theorem 3.1, which can imply the opti-
mality of GDRM.

We evaluate GDRM on VQA benchmarks using
Qwen3-VL-Thinking (4B) model. As shown in

Table 7, GDRM consistently outperforms standard
stochastic sampling across all benchmarks, notably
boosting Temperature Sampling on BLINK by over
2% by decoupling reasoning exploration from an-
swer generation. Furthermore, it improves upon
the naive greedy decoding baseline (e.g., reaching
60.92% on MMMU vs. 54.11% baseline), demon-
strating that combining probabilistic/beam search
reasoning with deterministic answering is supe-
rior to a fully deterministic approach. In summary,
GDRM offers a greater stability, effectively boost-
ing the reasoning model performance by anchoring
the answer tokens to the top-1 prediction.

6 Conclusion

We revisit greedy decoding for MLLMs on VQA
from a calibration perspective. We demonstrate
that the head-heavy answer distribution and epis-
temic uncertainty inherent to VQA make stochastic
sampling suboptimal, as it often expands the can-
didate set toward low-probability distractors rather
than semantically correct alternatives. Our theoreti-
cal framework formalizes the relationship between
model calibration and predictive accuracy, identify-
ing sufficient conditions under which greedy decod-
ing is optimal. Our extensive experiments across
diverse VQA benchmarks demonstrate the supe-
rior performance of greedy decoding to stochastic
sampling. Furthermore, We propose GDRM, a de-
coding strategy that anchors final answers to top-1
predictions without compromising the model’s un-
derlying reasoning capabilities.

Together, our findings caution against naively
inheriting LL.Ms decoding heuristics in MLLMs
without task-specific justification and demonstrate
that greedy decoding can be an efficient yet strong
default for VQA.



Limitations

Benchmark Scope. Although our evaluation cov-
ers diverse benchmarks, the effectiveness of these
decoding strategies in highly specialized domains
(e.g., medical VQA) remains unexplored.

Theoretical Guarantee. Our theoretical guaran-
tees assume reasonably calibrated posteriors over
the discrete answer space. Nevertheless, our em-
pirical findings indicate that greedy decoding can
be nearly optimal even under less well-calibrated
posteriors.
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A Theory Details

A.1 Calibration metrics

Expected Calibration Error (ECE) ECE parti-
tions the predicted probability space into N bins,
bn = {i | q(a;|I;,x;) € Uy}, where U, denotes
a predefined probability interval for the n-th bin.
It computes the weighted average of the discrep-
ancy between empirical accuracy and average con-
fidence within each bin:

N
BCE = Y ’j’wn‘ lace(by) — conf(by)],  (6)
n=1

where M is the total number of samples, and

1 .
acc(by) := ool Z 1(a; = ay), 7
™ ichn
1 .
conf(by,) := m Z q(a;|L;, z;). )
" ichn

Here, a; is the model’s prediction and a; is the
ground truth label. Conceptually, acc(b,,) approx-
imates the expectation E[p(a|l,z) | q(all,z) €
U], while conf(b,,) approximates E[q(a|l,z) |
q(a|ll,z) € Uy,]. A more thorough mathematical
investigation of ECE is provided in Appendix A.1.

We provide more detailed mathmatical explana-
tion for ECE and BS in the following propositions.

Proposition A.1. Assuming that q(a|l,x) takes
a unique value for each a, I, x, and that we have
access to infinite data for every (I,x). Consider
constructing one bin for each unique q(all,x)
value. ECE in our problem setup approximates

Bl e amp( 10 llaall, z) = plall, z)[]

Proof. Since q(a|l, ) is unique for each (I, z,a)
and we assign one bin per ¢(a|l, x), each bin cor-
responds to a specific (I, x, a) combination. Then
we have:

N
ECE = ngl w]\q;’\acc(bn) — conf(by,)|
~ ) o,z a)lp(all, ) —q(all, z)|

I,x,a

:El,x,aNp(-\I,x)Hq(a’I7 .ZL‘) - p(auv .’IJ)H
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Brier Score (BS) The Brier Score measures the ~ where BS! is the calibration error of the greedy
mean squared error between the predicted prob-  strategy (always taking the token with the highest
ability and the actual label. While the classical  confidence).
Brier Score assumes deterministic labels, we can In the definition, we substitute the denomina-
derive an adapted version that accounts for the dis-  tor p(a|l, x) in the original definition of BS (Ap-
crepancy between distributions using a binning ap-  pendix A.1) with g(a|I, x). Since the denominator
proach: serves only as a positive weighting over answers,
both of them yield a valid calibration error, differ-
N . . .. .
BS :— Z M lacc(by,) — conf(by,) ) ing only in how deviations are weighted across an-
—= M acc(by,) swers. We choose ¢(a|I, z) for two reasons. First,
it is known and strictly positive for top-k answers,
This metric approximates the expected squared dif-  making the metric stable and directly estimable,
ference between the predicted and true probabilities  whereas p(a|l,z) is unknown and may be arbi-
across the answer space, averaged over the dataset.  trarily small or zero. Second, it enables algebraic
A more thorough mathematical investigation of BS  decomposition in the proof of Theorem 3.1 (see
is also provided in Appendix A.1. Appendix A.3 for details): the bound leading to
To analyze the calibration of a specific param-  Eq. 3.1 naturally yields a E[|q — p|?/q| term (i.e.,
eterized strategy a, we extend the above metrics  our BS®), whereas utilizing p(a|I, 2) would break
into a continuous expectation framework. this tractable bound and obscure the resulting suffi-
Proposition A.2. Assuming that q(a|l, ) takes  cient condition.
a unique value for each a, I, x, and that we have
access to infinite data for every (I,z). Consider A3 Proof of Theorem 3.1
constructing one bin for each unique q(a|], x) Proof. We first introduce the correctness metric
value. Then BS in our problem setup approximates ~ (C) for the strategy with the parameter a:

Ero[3q la(all,x) — p(all, ) ]

Proof. The proof follows similar steps to the proof

2

" =By o plalL )] (12

of Proposition A.1: We start by bounding C'* using ECE® and ¢:
sl i 1, 2c0(bn) = conf(by)|? C% = g age (10 [P(al1, )]
NS acc(bn) =E 14 amqo(1.0la(al], )
~ S o,z a2z —plall o) + (plall,2) = a(al1,2))
fow plall, z) <E;ga~ge( |, la(all, x)
zEI,x,GNP('\I,r) [Q(GU, e p(a|17$)|2 +lptall) - atall. )| a
p(all,x) <E 4 amge (11090l ], 2)] + ECE

=Er.[Y la(all, 2) = p(al I, z)?

On the other hand, we have

O C% =K1 4 amngo(|1,0)la(all, z)
These results motivate our definition of EC E“ + (p(all, z) — q(all, z))]
and BS® with p and q. ZEl,m,a~qa(-\I,x) [q(all, x)
A.2 Strategy-specific Brier Score — |p(all,z) — q(all,z)]]
The strategy-specific Brier Score is defined as the =E/aa~ge(10la(all, z)] — ECE®

lized d diff :
expected normalized squared difference Similarly, we can have C1 < E; ,[q(al|T,2)] +

lg(all, x) — p(a|],x)|2] ECE! and C! > Es.[q(at|l,z)] — ECE'. Apply-

BS® = Efsamge([1.0) {

q(alI, z) ing this to inequality (3.1), we obtain:
10) N N
1 1 9 c* < El,m,awq“(-\l,m) [Q(a’ua .’E)] + ECE
BS :=E;, o(al [T, 2) ; (1) <E;.[q(a'|l,z)] — ECE' < C
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On the other hand, we can also bound C'® as fol-
lows:

all,x)q(a|l,x
0 By [P

q(all, )
p(all,z)? + q(a|l, x)?
2q(all, x)
_ |p(all, ) — q(all, fﬁ)q
2q(all, z)
1+ q(a|[,m)2] _ BS?
2q(all, z) 2

=E1 2,0~g0(|1,2) [

Combining this bound with the previous bound
on C'' using ECE!, and assuming inequality (3.1)
holds, we get:

1+ q(a¥1,z)? BS“
CY<Ej, gl —
= Blz,a~ge (| 1x) [ 2q(a®|I, ) 2

< Erlg(a'|1,z)] — ECE! < O

The inequality C' > O, for all « that gives non-
greedy strategy suggests that greedy strategy is
optimal. O

B Implementation Details

B.1 Prompt and Formatting

For each dataset, we provide a global system
prompt. All models use a standardized instruc-
tion template with explicit role and output style
cues. For multiple-choice questions, we append the
choices and instruct the model to answer with the
option letter only (e.g., A/B/C/D). For free-form
questions, we instruct the model to answer with
a short phrase. We disable chain-of-thought style
prompting and request only to output the answers
without reasoning.

B.2 Inference setting

Inference is run on a single A6000 with 48GB mem-
ory for all models. We cap decoding at 64 tokens
for free-form answers and 8 tokens for multiple-
choice questions.

B.3 Hyperparameters

We search: T € {0.3,0.7,1.0,1.5,2.0}, k& €
120,50}, p € {0.9,0.95}, ppase € {0.05,0.1},
& € {0.0009,0.0006}, and 7 € {0.0006, 0.0002}.

B.4 System Prompts

This section provides the exact system prompts
utilized for each VQA benchmark during our eval-
uation. These prompts were designed to constrain
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the model’s output to the specific format required
by each dataset’s evaluation script.

BLINK For the BLINK benchmark, the follow-
ing system prompt was used to ensure the model
responded with only the correct option letter(s).
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.

ChartQA For the ChartQA benchmark, we em-
ployed a more detailed system prompt to guide the
model in generating answers in various formats
(e.g., numeric, "Yes/No", multiple-choice).

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"”.

MMMU No system prompt was used for the
MMMU benchmark. The evaluations were without
any system prompt being passed to the models.

C Additional Results

C.1 Empirical evidence on the MMLU dataset

Fig 5 shows that the G’f remains positive for all
k > 1 on the MMLU dataset using Qwen2.5-VL
(3B). Theorem 3.1 proves that in this case, Greedy
Deciding is optimal.

C.2 Detailed results with different random
seeds

We list the evaluation results with different random
seeds using Qwen2.5-VL (3B) from Table 8 to
Table 19.

D Use of AI Assistants in Research

In our study, generative Al assistants are used spar-
ingly and in accordance with the guidelines on



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

Method 7=0.3 7=0.7 7=1.0 7=1.5 7=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
e-Sampling 45.44 43.00 41.44 38.56 34.56
n-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 7=0.3 7=0.7 7=1.0 7=1.5 7=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
e-Sampling 45.33 40.78 38.56 34.89 33.33
n-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 7=03 7=0.7 7=1.0 7=15 7=20
Top-k 4356 4256 4000 3578  31.89

Top-p (nucleus) 4544 4222 4133 3578  27.11

Min-p 43.56 4478 4156 36.11 29.11

e-Sampling 43.56 4489 4133 3522 3544

n-Sampling 4356 4467 4133 37.67 2756

Greedy 45.44

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

Method 7=0.3 7=0.7 7=1.0 7=1.5 7=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
e-Sampling 45.44 41.11 40.67 39.11 36.78
n-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 7=0.3 7=0.7 7=1.0 7=1.5 7=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
e-Sampling 81.93 79.48 76.88 67.14 54.84
n-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 7=0.3 7=0.7 7=1.0 7=1.5 7=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
e-Sampling 82.50 79.84 75.99 66.20 51.35
n-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 7=0.3 7=0.7 7=1.0 7=1.5 7=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
e-Sampling 82.60 80.16 76.20 67.81 52.19
n-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 7=03 7=0.7 7=1.0 7=15 7=20
Top-k 8224  80.16  76.15 6542  51.77
Top-p (nucleus) 8297  81.09  78.85 64.17 4948
Min-p 8224  80.16  75.89  52.19  47.50
e-Sampling 8224  80.16 77.03 6646  51.46
n-Sampling 8224  80.16 7635 6245  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 7=0.3 7=0.7 7=1.0 7=1.5 7=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
e-Sampling 34.28 32.27 30.62 30.74 26.59
n-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 7=0.3 7=0.7 7=1.0 7=1.5 7=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
e-Sampling 34.19 31.55 30.66 29.49 25.99
n-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 7=0.3 7=0.7 7=1.0 7=1.5 7=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
e-Sampling 34.04 30.67 31.88 28.43 26.62
n-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 7=0.3 7=0.7 7=1.0 7=1.5 7=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
e-Sampling 34.15 29.87 31.60 28.22 25.79

n-Sampling 34.56 31.61 30.96 27.46 25.31

Greedy 35.32

0.50 ’/.__.\.
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—0.25
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Figure 5: Empirical evidence (G¥ vs. k) for Theo-
rem 3.1 on MMLU using Qwen2.5-VL (3B)

ACL’s Policy on AI Writing Assistance. We uti-
lize ChatGPT for basic paraphrasing and grammar
checks. These tools are applied minimally to en-
sure the authenticity of our work and to adhere
strictly to the regulatory standards set by ACL. Our
use of these Al tools is focused, responsible, and
aimed at supplementing rather than replacing hu-
man input and expertise in our research.

E Dataset Licensing and Intended Use

E.1 Dataset License
BLINK, ChartQA, MMMU, MMHal-Bench, and

MMLU are intended for research usage.

BLINK It has an Apache license 2.0, allowing
research usage.
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ChartQA It has a GNU General Public License
v3.0, allowing research usage.

MMMU It has an Apache license 2.0, allowing
research usage.

MMHal-Bench It has an Apache license 2.0, al-
lowing research usage.

MMLU
usage.

It has an MIT license, allowing research

E.2 Intended Use

Our use of the existing artifacts strictly comply with
their intended purpose as benchmarks for research
usage. We do not introduce any new dataset or
artifact in this work.
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