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Abstract001

Real-world reasoning rarely reduces to static002
question answering: agents must actively003
gather information from tools and sensors that004
are often noisy and incorrect. However, most005
existing active reasoning benchmarks either fo-006
cus on environments where feedback is largely007
reliable or inject noise without providing an008
explicit, calibrated uncertainty signal about009
tool outputs, making it difficult to analyze how010
LLMs should reason with uncertain evidence.011
We introduce VAR, a novel benchmark for012
active reasoning under noisy visual feedback013
that is explicitly designed to evaluate text-only014
LLM reasoners: a fixed, off-the-shelf VLM015
is treated as a stochastic visual sensor, and016
the LLM must solve VQA problems solely by017
querying this sensor. For each sensor query, we018
draw multiple samples and expose a coarse un-019
certainty signal via self-consistency, enabling020
the reasoner to probe from different angles and021
decide what to ask next and when to stop. Our022
construction is automatic and scalable: start-023
ing from diverse VQA sources and two modern024
VLMs, we select instances where the sensor025
is inconsistent yet human-solvable. VAR thus026
provides a controlled playground to study how027
different LLMs exploit uncertainty signals for028
robust reasoning.029

1 Introduction030

Humans typically solve problems by actively gath-031

ering information from tools and sensors that are032

noisy and sometimes wrong: we form expectations033

about the world, compare new observations against034

these beliefs, and cross-check conflicting evidence035

before committing to a decision. Recent work on036

LLM agents and active reasoning begins to move037

in this direction, letting models plan tool calls, ask038

follow-up questions, or navigate simulators instead039

of answering in a single shot (Shridhar et al., 2020;040

Nakano et al., 2021; Yao et al., 2022a; Abdulhai041

et al., 2023; Li et al., 2024; Hu et al., 2024; Zhou042

Q1: Where is the woman standing with 
respect to the man?

A1: The woman is behind the man. (3/5)

Q2: What are the man and woman doing?

A2: They are walking arm-in-arm on the 
beach. (3/5)

A1 is unlikely if they walk arm-in-arm.

Text-only ReasonerVLM Sensor

Input Image

Figure 1: Active reasoning under noisy visual
feedback. A text-only reasoner (right) receives VLM
outputs (left) with consistency scores. The reasoner

identifies inconsistencies (conflict between "standing
behind" and "walking arm-in-arm") and resolves them
by asking auxiliary questions. The VAR benchmark

uses this setup to evaluate how well LLMs reason and
query to handle uncertain or inconsistent evidence.

et al., 2025). However, these settings usually as- 043

sume that the environment behaves as an oracle, or 044

they provide no explicit and reliable signal about 045

the uncertainty of tool outputs, leaving open how 046

LLMs should act when feedback itself is unreli- 047

able. People, in contrast, rarely trust a single ob- 048

servation at face value, especially when they are 049

explicitly asked to double-check or when the stakes 050

are high. For instance, when a navigation app sug- 051

gests an exit that conflicts with road signs, we slow 052

down and cross-check; when a medical monitor 053

shows an abnormal reading that contradicts clini- 054

cal signs, doctors re-measure or order a different 055

test. A similar pattern arises in vision: consider 056

the image in Figure 1 and the question “Where is 057

the woman standing with respect to the man?” A 058

visual-language model repeatedly answers that the 059

woman is behind the man, yet also describes them 060

as walking arm-in-arm. Even without seeing the 061

image, a human reasoner can detect this inconsis- 062

tency, realize that walking arm-in-arm while one 063

person is behind the other is unlikely, and infer 064

that they are most plausibly standing next to each 065
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other. This kind of belief-driven cross-validation is066

largely missing from current LLM benchmarks.067

In this paper, we study how text-only LLMs per-068

form active reasoning when their only access to069

an image is uncertain feedback from a fixed VLM070

sensor. Rather than pushing the frontier of visual071

recognition, we treat an off-the-shelf VLM as a072

black-box noisy sensor and use its self-consistency073

across samples as a cheap, scalable, and externally074

verifiable uncertainty signal. Building on prior075

“blind” VQA setups (Li et al., 2025), the LLM never076

sees the image: it must solve each instance by de-077

ciding what perception questions to ask, how to078

aggregate the answers, and when to trust or over-079

ride them. For each sensor query we draw mul-080

tiple VLM samples and expose a coarse consis-081

tency score, enabling the reasoner to probe from082

different angles, maintain an internal belief state,083

and recover from misleading feedback. To study084

this systematically, we introduce VAR, a bench-085

mark and analysis suite for active reasoning under086

noisy visual feedback. VAR is constructed auto-087

matically from diverse VQA sources and two mod-088

ern VLMs with distinct failure modes, selecting089

instances where the sensors are self-inconsistent090

yet “blind” human annotators can still solve the091

task. We use VAR to evaluate a range of LLM092

reasoners and interaction strategies, finding that093

all models still lag far behind humans, but strong094

reasoners reliably improve over direct VLM pre-095

dictions and leverage consistency signals to reduce096

miscalibration, especially on perception and chart-097

understanding tasks. These results highlight both098

the promise and current limitations of uncertainty-099

aware reasoning with noisy sensors.100

2 Related Work101

Our work connects to modular visual reasoning102

frameworks that separate perception from reason-103

ing, to LLM-based agents for active information104

seeking and tool use, and to RAG systems that use105

external knowledge sources for question answer-106

ing. Due to space limits, we provide an extended107

discussion of these connections in the App. A.108

3 VAR Construction109

3.1 Problem Setup: Active Reasoning with a110

Noisy Visual Sensor111

We formulate VQA as an active reasoning problem112

for a text-only LLM reasoner R interacting with113

a noisy visual sensor S. Each instance consists of114

an image x, an original VQA question q(0), and a 115

ground-truth answer y. The sensor S is stateless: 116

every call S(x, q) depends only on (x, q). At inter- 117

action step t, the reasoner observes the interaction 118

history 119

h(t) =
(
q(0), (q(1), a(1), u(1)), . . . ,

(q(t−1), a(t−1), u(t−1))
)
,

(1) 120

and chooses an action of concluding with an answer 121

or issuing a self-contained query q(t) to the sensor. 122

To model noisy perception and expose uncertainty, 123

we sample sensor K times with the same prompt: 124

{a(t)1 , . . . , a
(t)
K } ∼ S(x, q(t)). (2) 125

We then (i) sample one reply a(t) uniformly from 126

{a(t)i }Ki=1 as the realized sensory feedback, and (ii) 127

estimate an uncertainty score by computing the 128

empirical consistency of this answer: 129

u(t) =

K∑
i=1

1
[
sem_eq(a(t)i , a(t))

]
, (3) 130

where sem_eq(·, ·) is implemented by an LLM- 131

based aggregator that judges whether two responses 132

are semantically equivalent. The pair (a(t), u(t)) is 133

appended to the history to form h(t+1). The inter- 134

action loop continues until R outputs a parsable 135

answer or the step budget T is reached. 136

3.2 Dataset Creation 137

Dataset Sources. We construct our benchmark 138

from multiple-choice VQA datasets that collec- 139

tively cover diverse visual reasoning abilities. Con- 140

cretely, we include three broad categories: percep- 141

tion on natural images, using SeedBench (Li et al., 142

2023) for everyday scene understanding; chart un- 143

derstanding, using FigureQA (Kahou et al., 2017); 144

and knowledge-based VQA, using MMStar (Chen 145

et al., 2024), CVQA (Romero et al., 2024), and 146

ReasonVQA (Tran et al., 2025) to capture reason- 147

ing settings that require discipline-specific, cultural, 148

and encyclopedic knowledge. 149

VLM Sensors. We consider two modern VLM sen- 150

sors, Qwen2.5-VL-7B and InternVL3.5-8B, cho- 151

sen because preliminary experiments indicate that 152

they exhibit complementary behaviors and failure 153

modes. We report the VLM behavior results in 154

App. H and App. I. 155

Two-stage Filtering. To ensure that the reason- 156

ing tasks are both challenging and solvable, we 157
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InternVL3.5-8B Qwen2.5-VL-7B

Perception Charts Knowledge Perception Charts Knowledge
Reasoner Strategy Acc ↑ ECE ↓ Acc ↑ ECE ↓ Acc ↑ ECE ↓ Acc ↑ ECE ↓ Acc ↑ ECE ↓ Acc ↑ ECE ↓

Human - 70.00 - 95.00 - 75.00 - 80.00 - 100.00 - 81.67 -

BP 46.00 - 56.00 - 57.33 - 46.00 - 58.00 - 60.67 -
GPT-4o UoT 22.00 - 58.00 - 49.33 - 42.00 - 52.00 - 60.67 -

ReAct 34.00 - 48.00 - 44.00 - 46.00 - 56.00 - 60.00 -

BP 38.00 ±9.59 0.32 43.60 ±3.29 0.41 48.27 ±2.24 0.24 51.60 ±7.80 0.13 32.00 ±5.66 0.56 57.33 ±4.32 0.14
GPT-oss-20B UoT 35.20 ±5.93 0.21 33.60 ±7.92 0.49 45.60 ±3.50 0.13 44.80 ±6.72 0.20 26.00 ±1.41 0.64 49.07 ±3.15 0.13

ReAct 32.40 ±6.39 0.39 38.40 ±4.10 0.48 46.80 ±2.59 0.24 44.00 ±3.16 0.34 43.60 ±5.90 0.38 54.13 ±3.70 0.18

BP 42.00 ±3.74 0.35 50.00 ±8.94 0.36 44.80 ±2.86 0.21 50.00 ±8.25 0.15 45.20 ±4.82 0.40 51.87 ±3.31 0.19
Qwen2.5-72B UoT 37.60 ±9.10 0.40 38.80 ±5.76 0.41 40.00 ±2.63 0.26 44.40 ±5.73 0.30 39.60 ±5.18 0.40 50.80 ±3.47 0.16

ReAct 38.00 ±3.74 0.42 42.40 ±7.13 0.38 44.27 ±1.86 0.27 43.60 ±2.61 0.40 48.40 ±6.54 0.33 50.13 ±3.27 0.26

BP 32.80 ±9.65 0.24 43.60 ±6.07 0.16 34.93 ±3.88 0.18 36.40 ±6.23 0.14 39.20 ±5.93 0.19 39.33 ±3.72 0.17
Qwen3-32B UoT 31.20 ±3.35 0.27 38.40 ±4.34 0.32 32.00 ±2.23 0.13 28.40 ±7.27 0.18 41.20 ±3.63 0.17 36.80 ±3.34 0.21

ReAct 32.00 ±7.75 0.32 42.00 ±6.32 0.37 38.27 ±3.97 0.13 42.80 ±6.57 0.23 45.20 ±6.42 0.29 46.80 ±3.42 0.15

BP 27.60 ±3.58 0.25 31.20 ±4.82 0.31 24.53 ±2.88 0.16 28.80 ±1.79 0.22 28.00 ±4.69 0.37 32.00 ±3.33 0.13
Qwen3-8B UoT 30.80 ±4.60 0.23 24.40 ±6.23 0.31 24.93 ±4.08 0.16 30.40 ±5.55 0.24 24.80 ±2.68 0.40 28.40 ±2.84 0.25

ReAct 28.00 ±3.74 0.38 32.40 ±1.67 0.45 28.27 ±3.49 0.21 40.00 ±4.69 0.23 28.40 ±4.98 0.55 36.00 ±3.43 0.23

BP 30.80 ±5.02 0.43 36.00 ±10.30 0.20 31.33 ±3.36 0.31 38.80 ±6.26 0.23 28.00 ±4.00 0.32 36.53 ±3.23 0.18
Qwen2.5-7B UoT 31.20 ±8.44 0.31 25.20 ±5.40 0.34 31.33 ±2.97 0.26 38.40 ±5.90 0.30 26.80 ±5.76 0.42 35.47 ±2.69 0.17

ReAct 29.20 ±5.93 0.42 36.80 ±3.90 0.48 33.07 ±2.85 0.29 44.80 ±8.32 0.29 25.60 ±5.55 0.64 40.53 ±2.87 0.26

BP 26.40 ±9.21 0.34 41.20 ±3.90 0.29 32.13 ±4.60 0.18 39.60 ±5.55 0.27 38.80 ±3.63 0.32 37.47 ±3.05 0.17
LLama3.1-8B UoT 30.80 ±5.40 0.23 35.60 ±6.99 0.39 34.53 ±2.85 0.13 37.60 ±2.61 0.20 36.00 ±6.93 0.35 28.40 ±4.48 0.26

ReAct 30.40 ±2.61 0.42 51.60 ±6.39 0.28 34.93 ±4.46 0.16 42.80 ±2.28 0.21 58.00 ±3.74 0.11 34.53 ±2.69 0.23

VLM - 27.09 ±6.02 0.48 32.18 ±4.77 0.54 27.03 ±2.95 0.47 29.09 ±5.17 0.40 38.00 ±6.13 0.43 31.94 ±3.41 0.27

Table 1: Accuracy and calibration on three task categories: Perception (SeedBench), Charts (FigureQA), and
Knowledge (macro-average over MMStar, CVQA, and ReasonVQA).

adopt a two-stage filtering strategy. First, we apply158

a consistency-based filter to isolate questions on159

which the sensors themselves struggle: for each160

question and sensor, we sample 11 independent161

responses, compute a consistency score K as the162

number of times the ground-truth option is pre-163

dicted, and retain only questions with 1 ≤ K ≤ 5.164

This guarantees that the VLM is occasionally cor-165

rect but overall unreliable, so the reasoner cannot166

succeed by simply forwarding the original question167

and must engage in additional information seeking.168

Second, human annotators assume the role of a169

blind LLM reasoner: they interact with the VLM170

sensor via text-only queries (without seeing the im-171

age), and we keep only questions that are correctly172

solved by at least one annotator. Finally, we obtain173

50 questions per (sensor, dataset) pair, yielding 500174

challenging reasoning instances that span a diverse175

range of VQA skills and VLM failure modes.176

4 Experiments and Analysis177

4.1 Baselines and Metrics178

We evaluate a range of LLM reasoners spanning179

proprietary and open-source families: GPT-4o,180

GPT-oss-20B, Qwen2.5 (7B, 72B), Qwen3 (8B,181

32B), and LLaMA-3.1-8B. For each model, we182

consider three reasoning strategies. (i) ReAct (Yao183

et al., 2022b), where the model alternates between 184

textual thoughts and actions, and actions corre- 185

spond to querying the VLM sensor. (ii) Uncer- 186

tainty of Thoughts (UoT) (Hu et al., 2024), adapted 187

from the original information-seeking setting to 188

VQA by modifying the prompt to describe our 189

setup instead of medical diagnosis. (iii) Belief-state 190

prompting (BP), our tuned prompting strategy that 191

instructs the model to implicitly track its internal 192

belief over answer options during the interaction 193

and to commit to a final choice only when suffi- 194

ciently certain. We report accuracy and Expected 195

Calibration Error (ECE) as our primary metrics. 196

For non-proprietary models, we sample 5 trajecto- 197

ries per instance at temperature 1.0, and compute 198

ECE by treating the empirical consistency of the 199

predicted option across the 5 runs. For GPT-4o, due 200

to cost constraints, we obtain a single determinis- 201

tic response per instance with temperature 0.0. In 202

addition, we collect a human baseline by randomly 203

sampling 20 questions for each setting and asking 204

a different human annotator to solve them, using 205

the same interaction protocol. 206

4.2 Observations and Analysis 207

Tasks are genuinely hard even for strong LLMs. 208

Across both sensors and all reasoning strategies, 209
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Figure 2: Model performance using BP vs. VLM consistency level. The x-axis shows binned levels of how often the
VLM gives the correct answer (out of 11 samples), with 1 being the lowest consistency and 5 being the highest. All
LLM reasoners improve over the raw VLM baseline (gray), with humans (dashed black) maintaining the highest

performance across all consistency levels.

Figure 3: Ablation study showing performances with
and without the consistency signal under BP.

accuracies for GPT-4o and the strongest open mod-210

els stay in the 40-60% range, while human perfor-211

mances are at 70-100%, indicating our task creates212

unique challenges that even frontier models strug-213

gle to robustly reason over noisy visual evidence.214

LLM reasoners improve raw VLM baselines.215

The inference-only LLM reasoners are able to out-216

perform direct VLM prediction baselines with im-217

proved accuracy and reduced calibration error, indi-218

cating the LLMs can integrate and partially correct219

the inaccurate sensory inputs.220

Effect of VLM consistency. Figure 2 shows the221

accuracy of humans, VLM-direct, and LLM-based222

reasoners as a function of the VLM self-consistency223

level. Across both sensors, LLM performance in-224

creases with consistency; however, the gap between225

VLM-direct and LLM-based systems narrows in226

the easiest bins, and only the largest reasoners227

achieve substantial gains over the VLM baseline 228

there. In contrast, human blind performance de- 229

grades only mildly in the lowest-consistency bins, 230

indicating a large performance gap in the most dif- 231

ficult settings. In addition, reasoners paired with 232

the better-calibrated Qwen2.5-VL benefit more 233

from increasing consistency than those using In- 234

ternVL3.5, while human accuracy remains rela- 235

tively stable with even miscalibrated signals. 236

Ablation study of the consistency signal. Figure 3 237

compares BP performance of Qwen2.5-7B/72B 238

with and without the VLM’s answer-consistency 239

metadata. We observe sizable gains on perception 240

and diagram datasets, especially for Qwen2.5-72B, 241

indicating that strong reasoners can exploit this un- 242

certainty cue. In contrast, the effect is negligible on 243

the knowledge-based benchmark: the VLM can be 244

confidently wrong, making consistency a noisy or 245

even adversarial proxy for reliability. This presents 246

a challenge as a reasoning task and suggests an in- 247

teresting direction for future work where reasoners 248

learn domain-specific strategies. 249

Additional results and analysis. Please see 250

App. B and App. G for additional analysis. See 251

App. C for detailed per-dataset results for the 252

knowledge-based reasoning category. 253

5 Conclusion 254

We introduced VAR, a scalable benchmark for eval- 255

uating and studying text-only LLM reasoners that 256

must solve VQA problems by querying a noisy 257

VLM sensor equipped with uncertainty feedback. 258
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6 Limitations259

Our study has several limitations. First, VAR cur-260

rently contains around 500 questions, although we261

extensively cover a diverse set of datasets and rea-262

soning scenarios; expanding to larger and more263

open-ended settings is an important next step. Sec-264

ond, for computational reasons, we restrict atten-265

tion to moderately sized VLM sensors, leaving it to266

future work to examine stronger and more diverse267

sensors and how their error modes and calibration268

affect downstream reasoning. Third, we only eval-269

uate inference-time prompting baselines and do270

not train the LLM reasoners themselves; analyzing271

how supervised or reinforcement learning could272

shape querying policies and dataset-specific strate-273

gies for exploiting sensor uncertainty is an exciting274

direction for future work.275
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A Related Work397

Modular visual reasoning. Classical modular398

VQA approaches separate perception from reason-399

ing by composing neural modules or executing400

programs over scene graphs and other structured401

visual abstractions, as in neural-symbolic VQA402

systems (Yi et al., 2018). More recent work such403

as ViperGPT and VisProg uses LLMs to synthe-404

size code or programs that call visual tools while405

keeping a clean interface between text-based rea-406

soning and perception (Surís et al., 2023; Gupta407

and Kembhavi, 2023). Closest to our setup, recent408

“blind” VQA frameworks (e.g., Li et al., 2025) let409

a text-only reasoner query a VLM sensor through410

restricted perception primitives; our benchmark fol-411

lows this separation but focuses on explicitly noisy412

VLM feedback and empirical self-consistency sig-413

nals.414

LLM agents and tool use. A growing line of work415

studies LLM agents that interact with external tools416

or environments, such as web browsers, simulators,417

or APIs. Early systems like WebGPT and related418

web agents train models to browse, search, and cite 419

online resources for question answering (Nakano 420

et al., 2021). ReAct interleaves chain-of-thought 421

with actions, enabling LLMs to plan and execute 422

multi-step tool calls in textual environments (Yao 423

et al., 2022b), while Toolformer explicitly learns to 424

call APIs or modular experts when needed (Schick 425

et al., 2023). More recent agent frameworks (e.g., 426

Voyager and other long-horizon agents) extend this 427

paradigm to embodied and open-ended environ- 428

ments with persistent state and skills (Wang et al., 429

2023). In most of these settings, tools are treated 430

as approximately reliable oracles (e.g., a browser 431

that returns correct pages or an API that returns ac- 432

curate results), whereas in our benchmark the only 433

tool for accessing the image is an explicitly noisy, 434

stateless VLM sensor, with explicit consistency 435

information associated with each query. 436

Retrieval-augmented generation (RAG). RAG 437

systems augment LLMs with non-parametric mem- 438

ory by retrieving textual evidence and conditioning 439

generation on the retrieved passages (Lewis et al., 440

2020). Dense retrievers such as DPR learn neural 441

encoders that retrieve relevant documents, while 442

Fusion-in-Decoder aggregates many retrieved pas- 443

sages directly in the decoder (Karpukhin et al., 444

2020; Izacard and Grave, 2021). VAR can be 445

viewed as a perceptual analogue of RAG: instead of 446

retrieving text, the reasoner queries a VLM to ob- 447

tain multiple, possibly inconsistent visual descrip- 448

tions and must aggregate them using an explicit 449

uncertainty signal. 450

Active reasoning and information seeking un- 451

der uncertainty. Active reasoning works study 452

models that gather additional information before 453

committing to an answer, often by interacting with 454

tools or environments over multiple turns. LMRL 455

Gym introduces benchmarks for multi-turn rein- 456

forcement learning with LLM-based agents, high- 457

lighting challenges of long-horizon control and par- 458

tial observability (Abdulhai et al., 2023). In high- 459

stakes domains, MedIQ evaluates question-asking 460

LLMs that propose targeted follow-up queries to 461

reduce diagnostic uncertainty in clinical reason- 462

ing (Li et al., 2024). Zhou et al. move from passive 463

to active reasoning and ask whether LLMs can pose 464

the right questions under incomplete information, 465

proposing benchmarks and methods for query se- 466

lection when key evidence is missing (Zhou et al., 467

2025). VAR instantiates a similar active reason- 468

ing loop in the visual domain: a text-only reasoner 469

must decide which perception queries to issue to 470
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a noisy VLM sensor, interpret self-consistency as471

a coarse uncertainty signal, and determine when472

the accumulated evidence is sufficient to commit473

to an answer. To the best of our knowledge, we474

are the first to explicitly model uncertainty in the475

environmental feedback itself within an active rea-476

soning benchmark; moreover, our construction is477

fully automatic and inexpensive, and does not re-478

quire hand-crafted text simulators or environment-479

specific infrastructure.480

B Additional analysis: general trend in481

model scales, and prompting strategies482

Across all benchmarks, human annotators are483

strongest, GPT-4o is the best LLM reasoner, and all484

open-source models lag behind both. Within each485

family, larger models consistently outperform their486

smaller counterparts, with Qwen2.5-72B generally487

the strongest open-source reasoner across sensors488

and tasks. Trends are similar for both InternVL3.5-489

8B and Qwen2.5-VL-7B sensors, though absolute490

performance is higher with the latter. Prompting491

strategy also matters: belief-state prompting (BP)492

usually yields the best accuracy and ECE, ReAct493

is typically a close second and occasionally wins494

on chart QA, while UoT rarely dominates and can495

even hurt calibration.496
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C Knowledge Category Breakdown

InternVL3.5-8B Qwen2.5-VL-7B

MMStar CVQA ReasonVQA MMStar CVQA ReasonVQA
Reasoner Strategy Acc ↑ ECE ↓ Acc ↑ ECE ↓ Acc ↑ ECE ↓ Acc ↑ ECE ↓ Acc ↑ ECE ↓ Acc ↑ ECE ↓

Human - 70.00 - 85.00 - 70.00 - 70.00 - 90.00 - 85.00 -

BP 64.00 - 56.00 - 52.00 - 56.00 - 66.00 - 60.00 -
GPT-4o UoT 44.00 - 48.00 - 56.00 - 54.00 - 52.00 - 74.00 -

ReAct 52.00 - 48.00 - 32.00 - 46.00 - 64.00 - 70.00 -

BP 50.00 ±6.00 0.25 42.00 ±2.00 0.30 52.80 ±2.28 0.18 52.00 ±5.10 0.13 45.60 ±6.54 0.17 74.40 ±9.94 0.11
GPT-oss-20B UoT 39.60 ±6.84 0.23 49.20 ±4.15 0.06 48.00 ±6.78 0.09 39.60 ±3.85 0.10 38.80 ±6.87 0.22 68.80 ±5.22 0.08

ReAct 49.20 ±4.60 0.24 43.20 ±5.40 0.30 48.00 ±3.16 0.18 49.20 ±7.69 0.19 42.40 ±7.40 0.29 70.80 ±3.03 0.06

BP 48.80 ±5.02 0.20 44.80 ±6.10 0.16 40.80 ±3.35 0.28 46.40 ±6.23 0.20 44.80 ±4.60 0.27 64.40 ±6.23 0.08
Qwen2.5-72B UoT 42.00 ±2.83 0.22 41.20 ±3.35 0.30 36.80 ±6.57 0.25 44.40 ±7.13 0.20 46.40 ±4.34 0.19 61.60 ±6.23 0.08

ReAct 46.80 ±2.28 0.26 44.00 ±3.16 0.30 42.00 ±4.00 0.25 42.00 ±5.83 0.30 39.20 ±3.03 0.30 69.20 ±7.29 0.17

BP 38.80 ±7.56 0.19 34.80 ±6.72 0.13 31.20 ±5.76 0.21 35.60 ±5.18 0.10 35.60 ±7.27 0.20 46.80 ±6.72 0.22
Qwen3-32B UoT 31.60 ±2.61 0.10 38.80 ±3.63 0.14 25.60 ±4.98 0.15 32.00 ±4.90 0.16 33.20 ±7.95 0.25 45.20 ±3.63 0.23

ReAct 42.40 ±5.18 0.18 38.00 ±9.17 0.12 34.40 ±5.55 0.10 47.20 ±5.76 0.13 34.80 ±5.40 0.19 58.40 ±6.54 0.14

BP 32.80 ±6.42 0.12 20.00 ±4.90 0.21 20.80 ±3.03 0.14 32.00 ±7.35 0.11 26.40 ±4.34 0.18 37.60 ±5.18 0.10
Qwen3-8B UoT 27.60 ±8.29 0.18 25.20 ±7.56 0.19 22.00 ±4.90 0.10 30.40 ±3.29 0.17 23.20 ±6.87 0.25 31.60 ±3.85 0.34

ReAct 36.00 ±7.62 0.16 24.40 ±6.54 0.30 24.40 ±2.97 0.16 32.00 ±2.00 0.30 34.00 ±9.17 0.22 42.00 ±4.24 0.17

BP 33.60 ±7.54 0.30 26.00 ±3.74 0.39 34.40 ±5.55 0.23 38.00 ±7.75 0.12 33.20 ±5.02 0.30 38.40 ±2.97 0.12
Qwen2.5-7B UoT 37.20 ±5.02 0.14 29.20 ±5.76 0.30 27.60 ±4.56 0.33 32.80 ±6.10 0.25 32.40 ±2.61 0.21 41.20 ±4.60 0.06

ReAct 42.40 ±1.67 0.20 31.20 ±4.15 0.34 25.60 ±7.27 0.35 34.00 ±7.07 0.36 36.40 ±3.58 0.34 51.20 ±3.35 0.08

BP 32.40 ±6.69 0.18 34.00 ±6.16 0.19 30.00 ±10.39 0.18 31.60 ±6.39 0.21 36.80 ±2.28 0.20 44.00 ±6.16 0.12
LLama3.1-8B UoT 35.20 ±5.93 0.07 36.80 ±4.15 0.13 31.60 ±4.56 0.19 23.60 ±6.54 0.29 27.20 ±7.29 0.29 34.40 ±9.21 0.20

ReAct 35.60 ±2.19 0.15 38.80 ±9.12 0.14 30.40 ±9.53 0.19 32.80 ±5.40 0.27 29.60 ±5.90 0.30 41.20 ±1.10 0.12

VLM - 25.4 ±4.82 0.51 26.91 ±5.68 0.42 28.73 ±4.76 0.47 33.45 ±5.59 0.28 28.73 ±6.53 0.35 33.64 ±5.57 0.18

Table 2: Knowledge-based category breakdown showing accuracy and calibration on: MMStar, CVQA, and
ReasonVQA.
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D Belief-State Prompting Strategy (BP)

Belief-State Prompt Used to Evaluate BP method

Belief Tracking
• Initialize: If 2 options → 50% each; If 4

options → 25% each

• Update beliefs after each question based
on response patterns and the VLM’s confi-
dence

• Aim for ≥90% confidence before finaliz-
ing your answer

• Only provide final answer when truly con-
fident you’ve eliminated alternatives

• Responses with low confidence score will
need to be further cross-validated because
the VLM is providing conflicting informa-
tion.

OUTPUT FORMAT
At every step, you must include the following

and with the correct format:

• Thought: Before every question or final
answer, explicitly state your thought pro-
cess by outputting ‘Thought: <complete
description of your rationales>’.

• Action: Then output exactly one of:

– ‘My question is: <fully self-contained
question>’

– ‘The answer is: (A)’ or ‘(B)’, ‘(C)’,
‘(D)’

CRITICAL FORMAT RULES

• The phrase “My question is: ” must appear
exactly when asking a question

• The phrase “The answer is: ” must appear
exactly when providing final answer

• Output only ONE thought & ONE action
per turn

• Each “My question” must include all nec-
essary context (e.g., “about the largest red
shape”, “regarding the texture of the object
on the right”).

• You’re allowed to ask unlimited questions,
so you should not rely too heavily on early
questions.

DECISION POINTS
Ask another question when:

• You’re uncertain which option is correct

• You got conflicting answers that need clar-
ification (The responses with low confi-
dence score, such as 1/5 or 2/5)

• You want to verify your leading hypothesis

• You haven’t yet tested all the key differ-
ences between options

Provide your final answer when:

• One option is clearly supported by multi-
ple reliable observations

• You’ve tested the main alternatives and
ruled them out

• You are ≥90% confident about the final
option

• You’ve asked enough questions to feel jus-
tified in your conclusion

KEY REMINDERS

• Think about what you actually learned and
what you’re still uncertain about

• Ask follow-ups when you notice contra-
dictions

• Make decisions when you feel reasonably
certain

• Each question should be fully self-
contained with all necessary context

Begin now with your first question. Think
about what distinguishing features matter for
this problem, and ask an exploratory question
that will help you understand the scene.
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E Uncertainty of Thoughts (UoT) Setup

UoT: Prompt for Generating Candidate Questions In Visual Setting

You are helping a blind reasoner answer an MCQ about an image. You will generate {n_candidates} diverse visual
questions that could help distinguish between the MCQ options.
MCQ Question: {mcq_question}
Options: {options}
Round: {round_num}

Previous questions and answers:
{history}

Generate exactly {n_candidates} diverse visual questions that could help distinguish between the MCQ options. Each
question should:

1. Be self-contained (include all necessary context)

2. Target a specific visual feature that differs between options

3. Help eliminate at least one MCQ option

Output a JSON array of exactly {n_candidates} question strings:

["Question 1 about specific visual feature",
"Question 2 about another feature", ...]

Output ONLY the JSON array, no other text.

UoT: Prompt for Information Gain Estimation In Visual Setting

You are estimating how informative a visual question
would be for solving an MCQ.
MCQ Question: {mcq_question}
Options: {options}
Current belief: {belief_str}

Candidate visual question: “{candidate_question}”

Imagine a vision model sees the image and answers this
question. Predict 2-3 most likely responses and how each
would change your beliefs over the MCQ options. Output
ONLY the JSON object in the exact format below (no
other text):
{

"outcomes": [
{

"response": "likely answer 1",
"probability": 0.5,
"new_belief": {example_belief}

},
{

"response": "likely answer 2",
"probability": 0.3,
"new_belief": {example_belief2}

},
{

"response": "uncertain/unclear",
"probability": 0.2,
"new_belief": {current_belief}

}
]

}

IMPORTANT:

• Probabilities must sum to 1.0

• Each new_belief must have exactly {n_options} val-
ues summing to 1.0

• Output only valid JSON
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F ReAct Setup

ReAct: Vanilla Setup in Visual Setting

You are a visually-impaired reasoner using the ReAct
(Reasoning + Acting) framework to answer a multiple-
choice question about an image. You interact with a
Vision Language Model (VLM) that can see the image.

ReAct Framework
ReAct combines explicit reasoning traces with ac-

tions. For each turn, you must:

1. Thought: Explicitly reason about what you cur-
rently know, what information is missing, and what
to do next

2. Action: Either ask a visual question OR provide
your final answer

OUTPUT FORMAT
Every response MUST follow this exact structure:

When you need visual information:
Thought: <your reasoning about the current
situation and what visual info would help>
My question is: <your visual question - must
be self-contained with all necessary context>

When you are ready to answer:
Thought: <your reasoning summarizing what
you learned and why you chose this answer>
The answer is: (A/B/C/D/E)

CRITICAL FORMAT RULES

• The phrase “My question is: ” must appear exactly
when asking a question

• The phrase “The answer is: ” must appear exactly
when providing final answer

• These phrases are how the pipeline recognizes your
output—if they’re missing or slightly different, the
system will fail

• Output only ONE thought + ONE action per turn

• Each “My question” must include all necessary con-
text (e.g., “about the largest red shape,” “regarding
the texture of the object on the right”).

VLM RESPONSES
The VLM responses will include a confidence score

(e.g., “Confidence: 3/5”). Use your Thought to evaluate
responses critically and decide your next action.

EXAMPLE TRACE
Question: What color is the car in the image?

(A) Red (B) Blue (C) Green (D) Yellow

Thought: I need to determine the color of
the car to answer this question. I should
directly ask about the car's color.
My question is: What is the color of the
car visible in the image?

Response: The car appears to be blue.
Confidence: 4/5

Thought: The VLM reports the car is blue
with high confidence (4/5). This matches
option (B). I have sufficient evidence.
The answer is: (B)

Begin now. Think about what visual information would

help distinguish between the answer options, then ask
your first question.
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G Number of Queries per Setting

Number of Queries and Reasoning Strategy. Figure 4 reveals distinct trade-offs between reasoning
strategies across datasets. Belief-state prompting (BP) and Uncertainty of Thoughts (UoT) both exhibit
higher query counts (4.1–5.4 rounds) relative to ReAct (2.1–3.4 rounds), indicating that uncertainty-aware
prompting encourages more active information seeking. Across all three datasets, BP consistently queries
the VLM more aggressively than UoT, particularly on SeedBench (4.4 vs. 4.3) and CVQA (5.4 vs. 4.7),
suggesting BP’s belief-tracking mechanism promotes deeper exploration. Notably, this increased querying
correlates with the improved accuracy gains observed in the main paper: both BP and UoT substantially
outperform ReAct, demonstrating that deliberate uncertainty quantification and internal state tracking
drive effective interaction with noisy sensors.

Figure 4: Average Number of Rounds for 3 Datasets Under 3 Different Settings
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H Accuracy and Consistency Correlation

Figure 5: Accuracy vs. Consistency across different datasets for InternVL3.5-8B and Qwen2.5-VL-7B. Solid lines
represent the base VLM performance, while dashed lines indicate reasoning performance. The x-axis represents the

consistency level (1-11), showing that higher sensor consistency generally correlates with better downstream
accuracy.

I Expected Calibration Error (ECE)

Figure 6: Preliminary effort to select the two most distinguished VLMs (InternVL3.5-8B and Qwen2.5-VL-7B)
based on the largest gap in Expected Calibration Error (ECE) across diverse datasets.
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J Model Traces on Belief-State Prompting497

Step 1498
To determine the correct answer, I need to gather information499
about the building’s characteristics, such as its name, location,500
and purpose. I’ll start by asking about the building’s name to501
see if the VLM can provide a direct answer.502
My question is: “What is the name of the building in the503
image?”504
The building in the image appears to be a theater, char-505
acterized by its large entrance and classical architecture.506
Confidence: 3/5507

508
Step 2509

The VLM provided a response that the building appears to be510
a theater, but this does not match any of the given options.511
The confidence level is moderate, so I need to ask more512
specific questions to clarify the building’s identity. I will513
focus on the building’s name and purpose to narrow down the514
options.515
My question is: “Can you confirm the name of the building in516
the image, specifically if it is called Hunnu Mall, Department517
Store, Ulaanbaatar Department Store, or Sport Center?”518
The building in the image appears to be the Ulaanbaatar519
Department Store. Confidence: 4/5520

521
Step 3522

The VLM has provided a more specific and relevant answer,523
indicating that the building is the Ulaanbaatar Department524
Store with a confidence level of 4/5. This is a strong525
indication, but I want to ensure there are no contradictions or526
ambiguities. I will ask a follow-up question to confirm the527
building’s purpose to further validate this answer.528
My question is: “Can you confirm if the building in the image529
is used as a department store?”530
The building appears to have an ornate facade with large531
arches, which is characteristic of historic architecture from532
certain European countries. It’s less common for modern533
department stores to adopt such traditional architectural styles,534
suggesting it might serve another purpose or be a historical535
building, potentially not currently used as a department536
store. However, without more specific labels or signs visible537
on the building, it is difficult to confirm the exact function.538
Confidence: 3/5539

540
Step 4541

The VLM’s response introduces some uncertainty about the542
building’s current use, despite the previous indication that543
it is the Ulaanbaatar Department Store. Given the moderate544
confidence level, I need to ask a more direct question to545
clarify the building’s current function and name.546
My question is: “Are there any signs, labels, or other547
indicators in the image that specifically identify the building548
as the Ulaanbaatar Department Store?”549
No, the image does not show any visible signage or labels that550
clearly identify the building as the Ulaanbaatar Department551
Store. Confidence: 4/5552

553
Step 5554

The VLM’s response indicates that there are no visible555
signs or labels identifying the building as the Ulaanbaatar556
Department Store, which introduces more uncertainty.557
However, the previous response with a 4/5 confidence level558
suggested it is the Ulaanbaatar Department Store. I will559
ask a final clarifying question to see if there are any other560
distinguishing features or details that can help confirm the561
building’s identity.562
My question is: “Can you describe any distinctive features563
or details of the building that might help identify it as one564

of the options: Hunnu Mall, Department Store, Ulaanbaatar 565
Department Store, or Sport Center?” 566
The building has a modern design with large windows, a 567
flat roof, and decorative arches above the entryway. These 568
features align more closely with those typically found in 569
a shopping center like a mall or department store rather 570
than a traditional sport center or single-use building. The 571
presence of what appears to be advertisement screens on its 572
facade further supports this conclusion. However, without 573
more specific signage or interior clues, it’s challenging to 574
definitively classify the building as one of the given options. 575
Confidence: 4/5 576

577
Step 6 578

The VLM’s response provides more details about the build- 579
ing’s modern design and features, which align more closely 580
with a shopping center like a mall or department store. The 581
presence of advertisement screens further supports this. Given 582
the consistent indication that the building is likely a depart- 583
ment store and the lack of evidence pointing to the other 584
options, I am now reasonably confident that the building is 585
the Ulaanbaatar Department Store. The correct answer is (C) 586
Ulaanbaatar Department Store 587
The answer is: (C) 588

K Use of AI Tools 589

We used AI-assisted tools (e.g., large language models) for 590
grammatical and stylistic editing, and to help search for and 591
organize relevant background information and literature. All 592
technical content, experimental designs, analyses, and conclu- 593
sions were created and verified by the authors, who remain 594
responsible for any remaining errors. 595

L Annotation Instruction 596

We recruited five expert annotators with prior experience in 597
vision-and-language tasks. Annotators were instructed to care- 598
fully read each VAR question and its answer options, use 599
common sense and domain knowledge to select the single best 600
answer. Since our benchmark emphasizes reasoning under 601
uncertainty and resolving inconsistent information, annota- 602
tors were allowed to consult external tools (e.g., web search) 603
when specialized domain knowledge was required. We first 604
familiarized annotators with the task via a small pilot set of 605
examples, discussed ambiguous cases, and provided feedback 606
and clarifications on the guidelines before they proceeded to 607
the final annotations. 608
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M Annotation Interface

Figure 7: Annotation Interface for Human Annotators
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