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Abstract001

Visual questions are often ambiguous: the002
same image–question pair may admit multi-003
ple valid answers depending on which region004
is referenced. However, current Visual Ques-005
tion Answering (VQA) systems typically col-006
lapse this ambiguity, committing to a single007
interpretation during decoding and evaluation.008
In this work, we study visual question ambi-009
guity from a grounded, region-centric perspec-010
tive. We operationalize ambiguity as the ex-011
istence of multiple distinct answer-supporting012
regions in an image, each independently yield-013
ing a valid answer. This formulation makes014
ambiguity observable without requiring ex-015
haustive multi-answer annotations. Based on016
this definition, we conduct a systematic em-017
pirical study of state-of-the-art Visual Large018
Language Models (VLLMs). We find that,019
under default decoding, VLLMs consistently020
under-report ambiguity—even when multiple021
valid visual groundings are present. Impor-022
tantly, probing model hidden states reveals that023
ambiguity-related signals are already encoded024
in their internal representations, despite not be-025
ing reliably expressed in outputs. Finally, we026
show that selectively activating multi-focus an-027
swering based on these signals can recover ad-028
ditional valid answers while avoiding exces-029
sive hallucination. Together, our results sug-030
gest that ambiguity in VQA is not merely an031
annotation artifact or capability limitation, but032
a property that VLLMs internally recognize033
yet often fail to surface under standard decod-034
ing assumptions.035

1 Introduction036

Visual Large Language Models (VLLMs) are com-037

monly evaluated under the assumption that a visual038

question admits a single, well-defined answer. Un-039

der this paradigm, models are expected to commit040

to one interpretation and produce one response,041

while alternative interpretations are often treated as042

errors or hallucinations. However, in real-world vi-043

Figure 1: An example showcasing the typical behav-
ior overlooking ambiguity among best VLLMs’ gener-
ation.

sual scenes, this assumption frequently fails. Many 044

questions are inherently ambiguous: multiple ob- 045

jects or regions in an image may each plausibly 046

answer the same question. 047

For example in Figure 1, a question such as 048

“What color is his jersey?” posed over an image 049

containing multiple players does not uniquely spec- 050

ify a referent. Humans naturally recognize such 051

ambiguity and may ask for clarification or enumer- 052

ate multiple plausible answers. In contrast, current 053

VLLMs are typically optimized to commit to a 054

single interpretation during decoding. 055

Prior work has examined ambiguity from sev- 056

eral perspectives, including uncertainty estimation, 057

multi-answer annotation, and clarification question 058

generation (Antorán et al., 2021; Chen et al., 2023; 059

Lee et al., 2023; Jian et al., 2025). However, it 060

remains unclear whether VLLMs fail to express 061

ambiguity because they lack the underlying repre- 062

sentations, or because standard decoding conven- 063

tions suppress these signals. 064
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In this work, we study visual question ambiguity065

through grounded visual evidence. We consider a066

question to be ambiguous when multiple distinct067

regions in the image can each support a distinct068

plausible answer. This region-centric formulation069

treats ambiguity as an observable property of the070

image–question pair, enabling systematic analysis071

without relying on exhaustive multi-answer annota-072

tions but still aligning with current answer-centric073

resources.074

Using this formulation, we conduct a series of075

controlled experiments to characterize how state-of-076

the-art VLLMs respond to ambiguity. We analyze077

their default single-pass behavior, their responses078

under iterative probing, and their behavior when079

explicitly informed that a question may admit mul-080

tiple valid answers.081

Complementing our behavioral analysis, we fur-082

ther probe the internal representations of VLLMs083

to assess whether ambiguity-related information084

is encoded in their hidden states. Using a simple085

classifier trained on final-layer representations, we086

show that ambiguity—as defined by the presence087

of multiple distinct answer-supporting regions—is088

predictable from the model’s internal features. This089

suggests that VLLMs may internally “know” when090

a question is ambiguous, even if this knowledge is091

not consistently reflected in their outputs. To facili-092

tate this analysis, we introduce a lightweight gated093

answering setup that separates ambiguity recog-094

nition from answer generation. Importantly, this095

mechanism is not intended as a standalone solu-096

tion, but rather as a diagnostic tool that allows us097

to examine how selectively activating multi-focus098

decoding affects answer diversity, redundancy, and099

hallucination.100

Together, these analyses provide a comprehen-101

sive picture of how ambiguity is processed or over-102

looked by current VLLMs. Our findings suggest103

that the under-reporting of ambiguity in default104

VLLM outputs is not solely due to a lack of capabil-105

ity, but is also shaped by decoding conventions and106

evaluation assumptions that favor single-answer107

responses.108

Our contributions are summarized as follows:109

(1) We introduce a region-based operationaliza-110

tion of visual question ambiguity that enables sys-111

tematic analysis without exhaustive multi-answer112

ground truth.113

(2) We provide representational evidence that114

ambiguity-related signals are encoded in VLLMs’115

hidden states, and demonstrate how this signal can116

be used to activate multi-focus answering. 117

(3) We present a comprehensive behavioral study 118

of VLLMs under ambiguous and non-ambiguous 119

conditions, examining default decoding, iterative 120

probing, and explicit ambiguity-aware prompting. 121

2 Methodology 122

2.1 Problem Formulation and Notation 123

In the standard VQA paradigm, a visual(-language) 124

model fθ is tasked with generating a single answer 125

A given an image I and a query Q. We extend this 126

formulation to the visual ambiguous setting, where 127

a query may admit multiple valid answers, each 128

grounded in a distinct spatial region of the image. 129

To operationalize it, we prompt the model to gen- 130

erate K candidate answers, where each answer ai 131

is accompanied by a natural-language description 132

li of its corresponding image location. To facilitate 133

quantitative analysis, we employ Qwen3-VL as a 134

spatial parser to map li into a normalized bounding 135

box bi. Formally, the process is denoted as 136

fθ(Q, I)→ {(ai, li)}Ki=1 → {(ai, bi)}Ki=1, (1) 137

where bi is represented in [0, 1000]-normalized co- 138

ordinates. 139

2.2 Multi-Turn Answer Probing 140

To explore the model’s internal set of interpreta- 141

tions, we employ a multi-turn probing strategy. 142

Let S(0) = {(a(0)i , l
(0)
i )}K0

i=1 denote the answer- 143

location pair produced in the initial round. For 144

subsequent iterations t > 0, the model is given 145

the query Q, the image I , and the full history con- 146

taining all prior discoveries S(<t) =
⋃t−1
j=0 S

(j). 147

During each turn, the model is explicitly instructed 148

to provide new answers that are grounded in differ- 149

ent image regions than those previously identified. 150

The iterative process terminates when either (i) a 151

pre-defined maximum number of rounds is reached, 152

or (ii) the set of answers generated at step t is re- 153

dundant (has appeared) with respect to S(<t). It is 154

designed to exhaust the model’s internal knowledge 155

of plausible answers and uncover the full extent of 156

the perceived visual ambiguity. The exact prompt 157

templates are provided in Appendix A. 158

2.3 Ambiguity-Aware Answer Probing 159

To differentiate between a model’s inherent ability 160

to uncover ambiguity and its performance under 161

explicit instruction, we define an ambiguity-aware 162

probing variant. Unlike the above setting where 163
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ambiguity is elicited implicitly over multiple turns,164

such variant employs a single-round prompt that165

characterizes the question as potentially ambiguous166

(refer to Appendix A for the specific prompt). The167

model aims to identify the full set of interpretations168

simultaneously169

f amb
θ (Q, I)→ {(ai, li)}Ki=1. (2)170

All downstream components remain identical. The171

comparison sheds light on whether VLLMs require172

iterative probing to see beyond a single answer or if173

they can perceive the full scope of visual ambiguity174

in a single forward pass.175

2.4 Region Grounding and Answer176

Categorization177

To determine whether a candidate answer a(i) in-178

troduces a distinct interpretation of an ambiguous179

question, we evaluate its spatial novelty and seman-180

tic validity.181

Spatial Novelty. We compute a region match182

score R(i) for each bounding box b(i) based on183

its maximum Intersection over Union (IoU) with184

all previously identified regions b′ for the same185

question:186

R(i) = max
b′∈B(<i)

IoU(b(i), b′), (3)187

where B(<i) denotes the set of bounding boxes as-188

sociated with answers generated in previous rounds.189

A lower R(i) indicates that the answer is grounded190

in a spatially distinct region of the image, repre-191

senting a unique visual focus.192

Semantic Validation. We assess the correctness193

of the answer relative to its proposed region given194

a tuple (I,Q, a(i), b(i)). We visually superimpose195

b(i) onto the original image I and employ Gemini-196

2.5-Pro (Comanici et al., 2025) as an oracle judge,197

to determine whether a(i) is a valid response to Q198

when conditioned specifically on the highlighted199

region.200

Based on the oracle’s verdict and the match score201

R(i), we classify each answer into one of three202

categories:203

• Invalid: The answer is judged as incorrect to204

the specified region.205

• New-Valid: The answer is judged as correct206

and satisfies the novelty constraint R(i) < τ .207

• Redundant: The answer is judged as correct208

but overlaps significantly with a prior interpre-209

tation R(i) ≥ τ .210

We set the IoU threshold to τ = 0.3 by default, as it 211

provides a robust balance between spatial diversity 212

and grouping near-identical objects. The sensitivity 213

to different values of τ is illustrated in Appendix 214

D. Smaller thresholds (e.g., τ = 0.1) are overly 215

sensitive to minor localization noise introduced by 216

automatic grounding, while larger thresholds risk 217

collapsing visually distinct regions. 218

2.5 Probing Internal Representations for 219

Latent Ambiguity 220

To investigate whether a model’s internal represen- 221

tations encode visual ambiguity prior to explicit 222

answer generation, we perform a probing analysis 223

on the hidden states. We use the initial prompt as 224

described in the multi-turn probing setting (Section 225

2.2) to ensure the model is not explicitly alerted to 226

the potential for multiple answers. We also experi- 227

ment on smaller VLLMs. 228

For each input pair (Q, I), we extract the hidden 229

vector of the last non-padding token from the final 230

transformer layer and denote the representation as 231

F (Q, I) ∈ Rd. On top of this feature, we train a 232

lightweight multilayer perceptron (MLP) Fmlp to 233

predict whether the question Q is ambiguous: 234

ŷ = Fmlp(F (Q, I)), ŷ ∈ {0, 1}. (4) 235

Training data is derived from VQA- 236

Therapy (Chen et al., 2023). Following the 237

logic in Section 2.4, we label a question as 238

ambiguous (ŷ = 1) if the ground-truth annotations 239

contain multiple distinct answer regions with a 240

low region match score R. Conversely, questions 241

with a single, consistent focal region are labeled as 242

non-ambiguous (ŷ = 0). Implementation details 243

are shown in Appendix E. 244

2.6 Gated Ambiguity-Aware Answering 245

To leverage the model’s internal awareness of am- 246

biguity during inference, we introduce a gated an- 247

swering framework. The trained MLP probe (Sec- 248

tion 2.5) serves as an inference-time router to de- 249

termine the optimal prompting strategy based on 250

the latent features of the input (Q, I). For each 251

query, we first compute the ambiguity probability 252

ŷ = Fmlp(F (Q, I)). Based on this prediction, the 253

framework then branches into two distinct execu- 254

tion paths: 255

• If ŷ = 1 (predicted ambiguous), we apply the 256

ambiguity-aware probing prompt and obtain 257

multiple candidate answers. 258
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• If ŷ = 0 (predicted non-ambiguous), we fall259

back to the model’s default behavior.260

We then evaluate the resulting outputs using the261

answer categories in Section 2.4. This gated strat-262

egy allows the system to selectively activate multi-263

answer decoding only when the model’s internal264

states indicate a high likelihood of visual ambigu-265

ity.266

3 Experiments267

Our experiments are mainly conducted on the268

RACQUET-GENERAL dataset, which contains269

500 image–question pairs annotated as inherently270

ambiguous. Following Testoni et al. (2025), the271

dataset contains no ground truth answers because272

the questions can be interpreted in multiple ways273

depending on different groundings. We further use274

subsets from VQ-FocusAmbiguity and VQA-v2275

as supplemental and contrastive testbeds. We do276

not claim that the automatic judge provides perfect277

correctness labels; instead, it serves as a consistent278

reference for comparing relative behaviors across279

settings. Across these datasets we study the follow-280

ing questions:281

• RQ1: What are VLLMs’ default behaviors282

tackling ambiguity?283

• RQ2: Do VLLMs generate more valid an-284

swers through iterative questioning?285

• RQ3: Are VLLMs capable of generation with286

multiple focuses?287

Finally, we ask whether ambiguity is encoded288

in the model’s hidden states, and whether this sig-289

nal can be used to route between either hinting290

ambiguity before decoding inside a QA pipeline.291

3.1 RQ1: What’s VLLMs’ default behaviors292

tackling ambiguity293

Table 1 reports the behavior of three strong294

VLLMs (GPT-5 (OpenAI, 2025), Qwen3-VL-295

235B-A22B, Claude-4.5-Sonnet (Anthropic,296

2025)) on RACQUET-GENERAL under a plain,297

non-ambiguous-style prompt. For each question,298

we ask the model to answer once and evaluate the299

output using Gemini as an automatic judge.300

We report three metrics: (i) agreement, the pro-301

portion of model answers judged correct by Gem-302

ini; (ii) avg.# valid answers, the average number303

of distinct answers per question judged as correct;304

and (iii) single answer, the proportion of questions 305

for which the model outputs only one answer. 306

Although every question in RACQUET is con- 307

structed to have multiple valid answers, both GPT 308

and Qwen model behave conservatively: they keep 309

high agreement (≥ 0.88) while returning only 310

about 2 valid answers on average and answering 311

with a single answer for 24–29% of questions. 312

While the Claude model generates more answers, it 313

slightly decreases agreement and still leaves 6% of 314

ambiguous questions undiscovered. This suggests 315

that, under default decoding, VLLMs systemati- 316

cally under-report the ambiguity present in the data, 317

implicitly committing to one interpretation instead 318

of exposing multiple focuses. 319

We next ask whether models could have pro- 320

duced more answers if prompted differently, in 321

particular when we explicitly require additional 322

answers over multiple turns. 323

3.2 RQ2: Do the VLLMs generate more valid 324

answers through iterative questioning 325

Using the multi-turn answer probing setup in Sec- 326

tion 2.2, we first apply the plain prompt (without 327

mentioning ambiguity) to obtain the initial set of 328

answers S(0). At each subsequent step t, the model 329

is given the question, the image, and the full his- 330

tory S(<t), and is instructed not to repeat previous 331

answers or locations. Bounding boxes are obtained 332

via Qwen3-VL-235B-A22B grounding and then 333

evaluated with Gemini. 334

Figure 2 plots, for each step t, (i) the Gemini 335

agreement rate over all answers at that step and 336

(ii) the average region match R with respect to 337

previous steps. As the step index increases, agree- 338

ment gradually decreases, while the region match 339

R increases. In other words, later answers tend to 340

be more likely to be incorrect and more likely to 341

overlap with earlier focus regions. 342

To provide a finer-grained view, we use the an- 343

swer categories from Section 2.4 and compute, at 344

each step t, the proportion of new-valid, redundant 345

and invalid answers. The results with are shown in 346

Figure 3 (new-valid trends) and Figure 4 (in detail): 347

the fraction of new-valid answers drops quickly 348

after the first step, while redundant and invalid 349

answers become more frequent. This confirms a 350

diminishing-return pattern: iterative probing can in- 351

deed elicit additional valid answers beyond the de- 352

fault single-pass decoding, but the marginal gains 353

quickly shrink and are accompanied by more re- 354

dundancy and hallucination. 355
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model prompt type agreement↑ avg. #valid answers↑ single answer↓
GPT-5 plain 0.90 2.1 0.29
Qwen3-VL-235B-A22B plain 0.88 2.0 0.24
Claude-4-5-sonnet plain 0.82 2.5 0.06

Table 1: Default single-answer behavior of three VLLMs on RACQUET-GENERAL. agreement is the acceptance
rate judged by Gemini; avg.# valid answers is the average count of distinct Gemini-accepted answers per question;
single answer is the proportion of questions where the model outputs only one answer.
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3.3 RQ3: Are the VLLMs capable of356

generation with multiple focuses357

The results above show that VLLMs can indeed358

produce additional valid answers when repeatedly359

probed, but this behavior only emerges under it-360

erative questioning. We now investigate whether361

VLLMs are able to generate multi-focus answers362

in a single shot when explicitly instructed that the363

question may be ambiguous.364

To this end, we prepend an ambiguity-aware pre-365

fix to the prompt, explicitly stating that the question366

may admit multiple valid answers corresponding367

to different image regions, and ask the model to368

list all such answers in one pass. Table 2 com-369

pares this ambiguity-aware multi-focus prompt (m)370

with the default plain prompt (p) on RACQUET-371

GENERAL. We report three metrics: agreement,372

measured by Gemini acceptance; Avg. #VA, the373

average number of distinct valid answers per ques-374

tion; and SA, the proportion of questions answered375
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Figure 3: Proportion of new-valid answers at each prob-
ing step for three VLLMs on RACQUET-GENERAL.

with a single answer. 376

Across all three models, ambiguity-aware 377

prompting substantially increases the average num- 378

ber of valid answers and sharply reduces the rate 379

of single-answer outputs. For example, GPT-5 re- 380

duces its single-answer rate from 29% to 3%, while 381

increasing Avg. #VA from 2.1 to 2.8. This indicates 382

that once ambiguity is made explicit, VLLMs are 383

capable of exposing more of their latent answer 384

space in a single decoding pass, albeit with a mod- 385

est decrease in overall agreement. 386

To better characterize the quality of the gener- 387

ated answers, we further analyze their composi- 388

tion using the region-based categories introduced 389

in Section 2.4. Specifically, we classify answers 390

as new-valid, redundant, or invalid based on Gem- 391

ini judgment and region overlap. The results are 392

summarized in Table 3. 393

Compared with iterative probing under the plain 394

prompt, ambiguity-aware single-shot generation 395

produces fewer total answers, but a higher propor- 396

tion of them are new-valid. In particular, ambiguity- 397

aware prompting consistently reduces redundancy 398

across models, suggesting that explicitly signalling 399

ambiguity encourages more diverse focus selection 400

rather than repeatedly exploiting the same salient 401

regions. At the same time, the proportion of in- 402

valid answers slightly increases for some models 403

(e.g., GPT-5 and Claude-4.5), reflecting a trade-off 404

between coverage and precision. 405

Finally, we evaluate the same ambiguity-aware 406
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model agreement↑ Avg. #VA↑ SA↓
GPT-5 0.90 / 0.87 2.1 / 2.8 0.29 / 0.03
Qwen 0.88 / 0.87 2.0 / 2.6 0.24 / 0.06
C4-5 0.82 / 0.75 2.5 / 2.5 0.06 / 0.01

Table 2: Comparison between plain prompts (p) and
ambiguity-aware multi-focus prompts (underlined m)
on RACQUET-GENERAL.

method New.↑ Re.↓ Inv.↓
Total samples: 1172/1858∗/1574

GPT-5-p 0.84/0.75∗ 0.06/0.09∗ 0.10/0.16∗

GPT-5-m 0.82 0.05 0.13
Total samples: 1383/2019∗/1480

Qwen-p 0.78/0.66∗ 0.10/0.13∗ 0.12/0.20∗

Qwen-m 0.84 0.04 0.12
Total samples: 1533/1899∗/1592

C4-5-p 0.75/0.65∗ 0.07/0.09∗ 0.18/0.26∗

C4-5-m 0.73 0.02 0.25

Table 3: Answer composition under different
prompting strategies on ambiguous questions from
RACQUET-GENERAL. New., Re., and Inv. denote
the proportions of new-valid, redundant, and invalid
answers, respectively, defined in Section 2.4. The
suffix p indicates plain prompting, where values be-
fore/after the slash correspond to the first step and the
final step of iterative probing (∗), while m denotes
single-shot ambiguity-aware prompting. Total samples
reports the total number of generated answers for each
setting. Across models, ambiguity-aware prompting
consistently reduces redundancy and increases the den-
sity of new-valid answers compared to iterative plain
prompting, at the cost of a moderate increase in invalid
answers for some models.

prompt on non-ambiguous questions to assess its407

potential risks. Table 8 reports results on 100 am-408

biguous questions from VQA-v2. In this setting,409

ambiguity-aware prompting brings little benefit and410

instead increases the invalid rate, indicating a ten-411

dency to over-generate speculative answers when412

ambiguity is absent. This highlights that ambiguity-413

aware prompting should not be applied indiscrimi-414

nately, and motivates the need for selectively acti-415

vating multi-focus generation only when ambiguity416

is detected.417

3.4 Probing ambiguity from VLLMs’ hidden418

state419

We now turn to RQ4: Can a model’s internal rep-420

resentations predict whether a question is ambigu-421

ous? Following the procedure described in Sec-422

tion 2.5, we probe the hidden states of VLLMs423

using a lightweight MLP classifier. Specifically,424

we extract the last-layer hidden state of the final425

non-padding token and train an MLP on top of 426

this representation to classify questions as ambigu- 427

ous or non-ambiguous, using Binary Cross-Entropy 428

(BCE) loss. 429

Training data is derived from the VQA-Therapy 430

dataset (Chen et al., 2023). While we focus on am- 431

biguity, spatial novelty may serve as a general sig- 432

nal for discovering unexhausted visual evidence in 433

multimodal reasoning. We label a question as am- 434

biguous if it contains more than one distinct group 435

of answer-bearing regions, where each group is de- 436

fined by bounding boxes with mutual region match 437

R < 0.3 (Section 2.4). Questions not satisfying 438

this criterion are labeled as non-ambiguous. We use 439

samples from both the training and validation splits, 440

maintaining an ambiguous-to-non-ambiguous ratio 441

of 1:1.5, resulting in 185 training questions in total. 442

Table 4 compares our probes with Gemini-2.5- 443

Pro used directly as an ambiguity detector, de- 444

tailed prompt is in Appendix A. On the train split 445

and valid split of VQ-FocusAmbiguity dataset, our 446

Qwen3-VL-30B-A3B classifier achieves an overall 447

accuracy of 0.76, with an ambiguity recall of 0.77 448

and precision of 0.70, which is comparable to Gem- 449

ini (0.69 / 0.88 / 0.59). Probes trained on smaller 450

models, including Gemma3-4B-it (Team et al., 451

2025) and InternVL2-2B (Chen et al., 2024a,b), 452

exhibit similar trends with moderately lower per- 453

formance. 454

In addition, our Qwen classifier achieves an accu- 455

racy of 0.91 on ambiguous questions (RACQUET 456

dataset) and an accuracy of 0.81 on non-ambiguous 457

questions (100 questions from VQA-v2 dataset). 458

These results suggest that ambiguity-related signals 459

are indeed encoded in the internal representations 460

of the VLLM and can be recovered by a simple 461

linear probe, without modifying the base model. 462

We use Qwen-based probe as a routing mod- 463

ule in the next subsection to selectively activate 464

ambiguity-aware decoding. 465

3.5 Gated Answering 466

We evaluate the gated ambiguity-aware answering 467

strategy on Qwen3-VL-235B-A22B. To ensure a 468

fair and unbiased assessment, we conduct experi- 469

ments on both ambiguous questions (RACQUET) 470

and non-ambiguous questions (100 questions from 471

VQA-v2). 472

On ambiguous questions (Table 5), the gated 473

strategy effectively identifies samples that benefit 474

from ambiguity-aware decoding. Compared with 475

the plain prompt, our method substantially reduces 476
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method Acc. Amb. R Amb. P Amb. F1
Gemini 0.69 0.88 0.59 0.71
Ours-Q 0.76 0.77 0.70 0.73
Ours-G 0.64 0.88 0.55 0.68
Ours-I 0.65 0.87 0.56 0.68

Table 4: Ambiguity detection performance on VQ-
FocusAmbiguity. Acc. denotes overall classification
accuracy, while Amb. R, Amb. P, and Amb. F1 denote
recall, precision, and F1 score on the ambiguous class,
respectively. Gemini refers to Gemini-2.5-Pro used di-
rectly as an ambiguity detector, while Ours denotes
MLP probes trained on top of Qwen3-VL, Gemma3
and InternVL2 hidden states.

the single-answer rate, indicating improved recog-477

nition of ambiguity, while increasing the propor-478

tion of new-valid answers. At the same time, it479

avoids the over-generation behavior observed when480

ambiguity-aware prompting is applied indiscrimi-481

nately, maintaining a balanced trade-off between482

coverage and answer quality.483

On non-ambiguous questions (Table 6), the gated484

strategy behaves similarly to the plain prompt. In485

particular, it prevents unnecessary exploration of486

multiple answers and keeps the invalid rate close487

to the baseline. This contrasts with always-on488

ambiguity-aware prompting, which tends to intro-489

duce additional invalid answers on questions with490

a single correct focus.491

Overall, these results show that the gating mech-492

anism mitigates the under-reporting of ambiguity493

observed in default decoding, while preserving an-494

swer quality by selectively combining the strengths495

of plain and ambiguity-aware prompts rather than496

relying exclusively on either.497

3.6 Reliability498

Our conclusions rely on relative trends, not abso-499

lute scores. As our evaluation relies on Gemini-2.5-500

Pro as an automatic judge of model generations,501

we conduct a manual audit to assess its reliability.502

We randomly sample 10% of the questions and cor-503

responding model responses from the RACQUET504

dataset and compare Gemini’s verdicts with human505

annotations. On this random subset, Gemini agrees506

with human judgment in 90% of the cases.507

We further examine the more challenging subset508

where Gemini labels the model output as disagree.509

On these cases, the agreement rate with human an-510

notations is 82%. This indicates that Gemini may511

make mistakes on borderline or ambiguous cases;512

however, its judgments remain sufficiently reliable513

for analyzing overall trends and comparative be- 514

haviors across different methods. 515

In addition, bounding boxes in our evaluation 516

pipeline are generated by Qwen3-VL based on the 517

location descriptions produced alongside model 518

answers. We randomly sample and manually verify 519

these grounded bounding boxes, observing a 95% 520

agreement rate with human judgment, suggesting 521

that the grounding procedure is reasonably robust. 522

Notably, samples labeled as disagree exhibit a 523

lower agreement rate than the overall average, mo- 524

tivating a closer inspection of failure modes. In the 525

following section, we provide a qualitative error 526

analysis to investigate whether such failures arise 527

from incorrect answers, inaccurate grounding, or 528

misjudgments by the automatic evaluator. 529

3.7 Error Analysis 530

In our evaluation pipeline, Gemini assesses each 531

model output based on both the generated answer 532

and its associated rationale, i.e., the highlighted 533

bounding box on the image. Accordingly, erro- 534

neous cases can be grouped into four categories: 535

correct answer with wrong rationale (the answer 536

itself is correct but the highlighted region is insuf- 537

ficient to support the answer), wrong answer with 538

correct rationale, wrong answer with wrong ratio- 539

nale, and misjudgment, where both the answer and 540

the rationale are correct but the automatic judge 541

rejects the output. 542

In practice, approximately 13% of the inspected 543

cases fall into a borderline category that cannot be 544

reliably classified. These include cases where the 545

judged rationale overlaps other objects (which is 546

inevitable when the judged object is not rectangle), 547

answers involving subjective or vague attributes 548

(e.g., “grey” vs. “dark color”), or images that are 549

blurred, making verification ambiguous. We label 550

these cases as uncertain and exclude them from the 551

quantitative breakdown below, while still counting 552

them as errors in previous statistics. 553

Table 7 summarizes the remaining error cases. 554

Excluding misjudgments, the dominant failure 555

mode is wrong answer with correct rationale. This 556

indicates that, in many cases, the model success- 557

fully localizes a plausible answer-bearing region, 558

but fails to produce a correct answer grounded in 559

that region. In contrast, errors involving incorrect 560

rationales are relatively rare. We provide error and 561

uncertain annotated examples in Appendix F. 562

This pattern suggests that current VLLMs of- 563

ten possess reasonably accurate spatial grounding, 564

7



method Avg. #valid answers ↑ single answer↓ new-valid↑ redundant↓ invalid↓
Qwen-p 2.2 0.24 0.78 0.10 0.12
Qwen-m 2.5 0.06 0.84 0.04 0.12
Ours 2.4 0.08 0.83 0.04 0.13

Table 5: Gated ambiguity-aware answering on the RACQUET dataset. Qwen-p denotes plain prompting, Qwen-m
denotes always-on ambiguity-aware prompting, and Ours denotes the gated strategy. The gated strategy recovers
most of the gains in new-valid answers achieved by ambiguity-aware prompting, while avoiding excessive redun-
dancy and maintaining a comparable invalid rate.

method Avg. #valid answers single answer↑ new-valid↑ redundant↓ invalid↓
Qwen-p 0.95 0.92 0.85 0.00 0.15
Qwen-m 0.96 0.84 0.79 0.01 0.20
Ours 0.94 0.90 0.82 0.00 0.18

Table 6: Results on 100 non-ambiguous questions from the VQA-v2 dataset. Metrics follow the same definitions
as in Table 5. While always-on ambiguity-aware prompting increases the number of generated answers, it also
introduces more invalid outputs. In contrast, the gated strategy behaves similarly to plain prompting, preserving
answer quality and preventing unnecessary multi-answer exploration when ambiguity is absent.

a-correct a-incorrect
r-correct 0.23 0.71
r-incorrect 0.03 0.02

Table 7: Error breakdown on 100 manually inspected
error cases from the RACQUET dataset. Prefix a de-
notes answer correctness and prefix r denotes rationale
correctness (bounding box grounding). Approximately
13% of samples are labeled as uncertain and excluded
from this breakdown due to ambiguity or unverifiable
visual evidence.

but underperform at translating localized visual565

evidence into precise answers—especially under566

ambiguous or fine-grained conditions.567

4 Related Work568

There has been abundant work on Visual Question569

Answering. Classical Visual Question Answering570

(VQA) benchmarks such as VQA (Goyal et al.,571

2017; Zhang et al., 2016; Antol et al., 2015) col-572

lects multiple human crafted answers per question.573

Several datasets have been collected focusing on574

disentangling questions themselves as the source of575

ambiguity (Stengel-Eskin et al., 2023; Chen et al.,576

2025a; Testoni et al., 2025). In this work, we fo-577

cus on referential ambiguity, following Testoni et al.578

(2025)’s work, but our evaluation directly measures579

the diversity and novelty of answer-supporting vi-580

sual evidence.581

Ambiguity is not only researched in the field582

of VQA. In text-only setting, Min et al. (2020)583

introduced a dataset to study ambiguity in open-584

domain question answering. To tackle ambiguities, 585

Stelmakh et al. (2023) released ASQA dataset. Fur- 586

thermore, supporting the generation with citations 587

(Gao et al., 2023; Chen et al., 2025c). There has 588

been studies through asking clarification questions 589

(Lee et al., 2023; Chen et al., 2025b), to eliminate 590

the ambiguity through interactions. 591

To provide better grounding and interpretability, 592

prior VQA studies use segmentation masks and 593

bounding boxes (Chen et al., 2025a, 2023; Das 594

et al., 2016). There also have been works leverag- 595

ing attention mechanism (Das et al., 2016; Zhang 596

et al., 2018). Current VLLMs such as Qwen3-VL 597

(Bai et al., 2025) have shown remarkable perfor- 598

mance on bounding box groundings. A large body 599

of work has been learning internal representation 600

for latent knowledge (Mallen et al., 2024; Maiya 601

et al., 2025). 602

5 Conclusion 603

We study visual question ambiguity from a 604

grounded, region-centric perspective. Our analysis 605

shows that VLLMs systematically under-report am- 606

biguity under default decoding, even when multiple 607

valid answer-supporting regions are present. We 608

further find that ambiguity-related signals are en- 609

coded in model hidden states and can be recovered 610

with lightweight probes. These findings suggest 611

that ambiguity in VQA is not merely an annota- 612

tion issue, but a property that models internally 613

recognize yet often fail to express under standard 614

decoding assumptions. 615
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Limitations616

Reliance on automatic grounding and evalua-617

tion. Our analysis depends on automatically gen-618

erated bounding boxes and the use of Gemini619

as an external judge for answer correctness. Al-620

though our manual audits suggest reasonably high621

agreement with human judgment, such automatic622

pipelines may still introduce noise, especially in623

borderline cases involving subtle visual distinctions624

or subjective attributes. Incorporating more ex-625

tensive human evaluation or alternative grounding626

models could further strengthen the robustness of627

the analysis.628

Diagnostic nature of gated answering. The629

proposed gated ambiguity-aware answering mech-630

anism is intended as an analytical tool rather than631

a fully optimized deployment strategy. Our goal632

is to study how selectively activating multi-focus633

decoding affects answer diversity and quality, not634

to propose a production-ready ambiguity resolution635

system. Designing end-to-end systems that jointly636

detect, clarify, and resolve ambiguity remains an637

open direction for future work.638

Lack of user intent and interaction modeling.639

Our study focuses on ambiguity as a property of the640

image–question pair and the model’s internal be-641

havior, without modeling user intent or interactive642

clarification. In real-world applications, users may643

prefer disambiguation through follow-up questions644

or contextual cues. Integrating grounded ambiguity645

detection with interactive or user-adaptive frame-646

works is an important direction for future research.647
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swer: the answer to the question - loca-826

tion: describe the location of the region827

in the image in detail, using natural lan-828

guage - confidence: a float between 0829

and 1830

Answer ONLY in JSON list format. Ex-831

ample: [ "answer": "batter", "loca-832

tion": "detailed description of the loca-833

tion", "confidence": 0.95 , "answer":834

"catcher", "location": "detailed descrip-835

tion of the location", "confidence": 0.88836

]837

Question: question838

This prompt is used to measure the model’s default839

single-pass behavior without explicitly signaling840

ambiguity.841

A.2 Multi-turn Answer Probing Prompt842

You are a vision model that answers a843

question by locating all relevant regions.844

You are refining your previous predic-845

tions about relevant regions.846

Based on the image and the question,847

find ALL distinct regions (people / ob-848

jects) that can answer the question. For849

each region, output: - answer: the answer850

to the question - location: describe the851

location of the region in the image in de-852

tail, using natural language - confidence:853

a float between 0 and 1854

The question is: question855

You have ALREADY proposed these re-856

gions (answer, location): history857

Now your task: 1. Propose ONE NEW858

region that can also answer the ques-859

tion and is semantically different from860

all previous ones. 2. Or, if there is NO861

NEW DISTINCT region, answer with an862

empty list [].863

Output format (JSON list, either empty864

[] or with ONE object): [ "answer":865

"...", "location": "...", "confidence": 0.xx866

(from 0 to 1) ]867

At each step, the model is instructed not to repeat868

previously generated answers or regions.869

A.3 Ambiguity-aware Prompt870

You are a vision model that answers a871

question by locating all relevant regions.872

The question may be AMBIGUOUS 873

and can have MULTIPLE valid an- 874

swers, depending on which region of 875

the image you focus on. 876

Task: 1. Based on the image and the 877

question, find ALL distinct regions (peo- 878

ple / objects) that can answer the ques- 879

tion. 2. For each region, output: - an- 880

swer: the answer to the question - loca- 881

tion: describe the location of the region 882

in the image in detail, using natural lan- 883

guage - confidence: a float between 0 884

and 1 885

Answer ONLY in JSON list format. Ex- 886

ample: [ "answer": "batter", "loca- 887

tion": "detailed description of the loca- 888

tion", "confidence": 0.95 , "answer": 889

"catcher", "location": "detailed descrip- 890

tion of the location", "confidence": 0.88 891

] 892

Question: question 893

This prompt explicitly signals ambiguity and is 894

used to test whether models can expose multiple 895

focuses in a single pass. 896

A.4 Prompt used for Qwen Grounding 897

You are a precise visual grounding mod- 898

ule. 899

Given: - an image - a question about 900

the image - a candidate textual answer 901

- a natural language description of the 902

region that supports this answer 903

Your task: 1. Locate the SINGLE most 904

appropriate rectangular region in the im- 905

age that matches the region description 906

and supports the answer to the question. 907

2. The box should tightly cover the de- 908

scribed person/object/region, including 909

the full body or object if possible, but 910

avoid unnecessary background. 3. Al- 911

ways ensure x1 < x2 and y1 < y2. Do 912

NOT change or reinterpret the answer 913

text. Your job is ONLY to find a region 914

that matches the given answer and region 915

description. 916

Output format (JSON only, no explana- 917

tion, no extra fields): 918

[ 919

{ 920
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"bbox_2d": [x1, y1, x2, y2],921

"confidence":922

float-between-0-and-1923

}924

]925

All coordinates must be normalized to926

the range [0, 1000].927

If the description is very vague or you928

are uncertain, still choose the best single929

region and reflect the uncertainty in the930

confidence score.931

Now process the following:932

Question: question Answer: answer Re-933

gion description: region_text934

This prompt is used for instructing Qwen3-VL935

model before converting a lexical location to a nor-936

malized bounding box.937

A.5 Prompt for Gemini Judging Answer and938

Rationale Correctness939

You are given a question, an answer, an940

image where a RED rectangle marks a941

specific region. You MUST ONLY look942

INSIDE the red box. Ignore everything943

outside the box.944

Question: "question" Answer: "answer"945

Task: 1. Check whether question can946

be answered based on red box inside the947

image. 2. Answer in JSON: "is_correct":948

true/false, "reason": "short explanation"949

This prompt is used for instructing Gemini-2.5-pro950

model before verifying the generated answer with951

highlighted region on the image as grounding.952

A.6 Prompt for Gemini as Ambiguity953

Dectector954

You are given an image and a question955

about the image.956

We say a question is AMBIGUOUS if,957

based on the image alone, there are multi-958

ple different, reasonable answers depend-959

ing on which person/object/region in the960

image the question refers to. Examples: -961

"What color is the player’s shirt?" when962

there are several players wearing differ-963

ent colored shirts. - "What is the man964

holding?" when there are multiple men965

holding different objects.966

method New.↑ Re.↓ Inv.↓ samples↓
Qwen-p 0.85 0.00 0.15 112
Qwen-m 0.79 0.01 0.20 122

Table 8: Answer composition on non-ambiguous ques-
tions from VQA-v2. We compare plain prompting (p)
and ambiguity-aware prompting (m) using Qwen3-VL-
235B-A22B. Unlike the ambiguous setting, ambiguity-
aware prompting does not improve answer quality on
non-ambiguous questions and instead increases the in-
valid rate, indicating a tendency to over-generate spec-
ulative answers when ambiguity is absent.

We say a question is NOT ambiguous if: 967

- There is only one reasonable interpreta- 968

tion based on the image, OR - The ques- 969

tion has a unique correct answer given 970

the image. 971

Your task: 1. Decide whether the ques- 972

tion is AMBIGUOUS or NOT AMBIGU- 973

OUS with respect to the image. 2. 974

Briefly explain your reasoning. 975

Answer ONLY in JSON format: "am- 976

biguous": true/false, "reason": "<short 977

explanation>" Question: question 978

This prompt is for Gemini-2.5-pro model to detect 979

if a question is ambiguous. 980

B Analysis on non-ambiguous questions 981

with ambiguity-aware prompting 982

In Table 8, we compare plain prompting and 983

ambiguity-aware prompting on non-ambiguous 984

questions from VQA-v2 dataset. 985

C Additional Analysis on Iterative 986

Probing 987

In Figure 4, we show detailed models’ behavior 988

when being probed iteratively. 989

D Effects of different thresholds τ 990

We investigate different threshold τ related with 991

dividing new-valid and redundant answers, which 992

is shown in Figure 5. We select τ = 0.3 as a 993

balanced choice. 994

E MLP Probe Architecture 995

The ambiguity probe is implemented as a 996

lightweight MLP with two linear layers. The in- 997

put is the final-layer hidden state of the last non- 998

padding token. We use a hidden dimension of 256 999
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Figure 4: Proportion of new-valid, redundant and invalid answers at each probing step for three VLLMs on
RACQUET-GENERAL. New-valid answers are Gemini-accepted and have low region match R; redundant an-
swers are accepted but overlap heavily with previous regions; invalid answers are rejected by Gemini.

Figure 5: The proportion of new-valid answers re-
mains consistently high (>58%) even under strict over-
lap penalties (τ = 0.1), confirming that the generated
multi-focus answers correspond to distinct visual re-
gions. The threshold τ = 0.3 (marked) used in our
main analysis represents a conservative choice to bal-
ance distinctiveness and localization noise.

with ReLU activation, followed by a linear out-1000

put layer with sigmoid activation. The model is1001

trained using binary cross-entropy loss. We also1002

experimented with near-linear and deeper MLPs,1003

but observed no consistent improvement.1004

F Error and Uncertain Examples1005

From Figure 6 to Figure 13, we provide three types1006

of errors made by tested models, as well as some1007

samples labeled as uncertain and misjudged by our1008

annotators.1009

G Annotation Recruitment, Payment1010

and Instructions1011

We recruit 3 PhD students with fluent level of En-1012

glish, and pay $3 for each valid annotation.1013

Figure 6: An incorrect answer with correct rationale
example: the plane is heading left.

Figure 7: A correct answer with incorrect rationale ex-
ample: the rationale–bounding box mismatches the an-
swer.
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Figure 8: An incorrect answer with incorrect rationale
example: the answer can be incorrect, and the rationale
is inaccurate.

Figure 9: An uncertain example: both dark red and pur-
ple can be right.

Figure 10: An uncertain example: the boxed object can
be defined as both couch and armchair.

Figure 11: An uncertain example: hard to verify
whether it’s Kro or Kra.
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Figure 12: A misjudged example: the player is not
wearing a hat, but a headband.

Figure 13: A misjudged example: the answer is not
sufficient to represent the location of the couch.

G.1 Evaluating Gemini’s Answer–Region 1014

Judgment 1015

Task Name Answer Correctness Given a 1016

Highlighted Region 1 Task Overview In 1017

this task, you will be shown: 1) an image 1018

2) a question about the image 3) a candi- 1019

date answer 4) a highlighted rectangular 1020

region (bounding box) 1021

The highlighted region corresponds to 1022

the location used by the model when pro- 1023

ducing the answer. Your task is to judge 1024

whether the answer is correct with re- 1025

spect to the highlighted region. 1026

2 Core Principle You must evaluate the 1027

answer using ONLY the information in- 1028

side the highlighted region. Ignore ev- 1029

erything outside the red box. Do not use 1030

global image context. Do not assume 1031

model intent. 1032

3 Labels You must assign one of the fol- 1033

lowing three labels: 1034

1) Correct 1035

Choose Correct if: The highlighted re- 1036

gion contains sufficient visual evidence 1037

to support the answer A reasonable hu- 1038

man observer would agree that the an- 1039

swer follows from this region Minor 1040

wording differences are acceptable (e.g., 1041

grey vs dark grey) 1042

Examples Region shows a player wear- 1043

ing a red jersey → Answer: “red” Region 1044

shows a man holding a tennis racket → 1045

Answer: “racket” 1046

2) Incorrect 1047

Choose Incorrect if: The highlighted re- 1048

gion does not support the answer The 1049

answer refers to something outside the 1050

region The region is misplaced or too 1051

incomplete to justify the answer 1052

Examples Region highlights Player A, 1053

answer describes Player B Region shows 1054

shoes, answer refers to a hat Region is 1055

background only 1056

3) Uncertain 1057

Choose Uncertain if: Visual evidence is 1058

genuinely ambiguous or unverifiable The 1059

attribute is subjective or borderline (e.g., 1060

purple vs dark red) Image quality (blur, 1061
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occlusion) prevents confident judgment1062

Use this label sparingly. If you can rea-1063

sonably decide correct vs incorrect, do1064

not choose uncertain.1065

4 What You Are NOT Judging1066

Do NOT judge: Whether the question1067

itself is ambiguous Whether other re-1068

gions could also support valid answers1069

Whether the answer is the best or only an-1070

swer This task evaluates local grounding1071

correctness only.1072

G.2 Verifying Qwen’s Bounding Box1073

Grounding from Location Descriptions1074

Task Name Bounding Box Accuracy for1075

Location Descriptions1076

1 Task Overview In this task, you will1077

be shown: 1) an image 2) a ques-1078

tion 3) a candidate answer 4) a natural-1079

language location description 5) a bound-1080

ing box produced by Qwen The bound-1081

ing box is automatically generated from1082

the location description. Your task is1083

to judge whether the bounding box cor-1084

rectly matches the location description.1085

2 What You Are Judging You are evalu-1086

ating: Does the bounding box accurately1087

cover the region described in the loca-1088

tion text? This task focuses on spatial1089

grounding, not answer correctness.1090

3 Labels You must assign one of the fol-1091

lowing labels:1092

Correct Choose Correct if: The box1093

tightly covers the described object or per-1094

son The described entity is clearly iden-1095

tifiable inside the box Minor extra back-1096

ground is acceptable if unavoidable1097

Examples “the player wearing a blue jer-1098

sey on the left” → box covers that player1099

“the couch near the window” → box cov-1100

ers the couch1101

Incorrect Choose Incorrect if: The box1102

highlights the wrong object or person1103

The described entity is missing or mostly1104

outside the box The box is clearly mis-1105

aligned or meaningless Examples De-1106

scription refers to a player, box high-1107

lights the referee Description refers to1108

a couch, box highlights the floor1109

Uncertain Choose Uncertain if: The de- 1110

scription itself is vague or underspecified 1111

Multiple objects equally fit the descrip- 1112

tion The object is partially visible and 1113

hard to localize precisely 1114

4 What You Are NOT Judging Do NOT 1115

judge: 1116

Whether the answer is correct Whether 1117

the question is ambiguous Whether a 1118

better box could be drawn Only judge 1119

whether this box reasonably matches the 1120

given description. 1121

5 Output Format "label": "correct / in- 1122

correct / uncertain", "reason": "Short ex- 1123

planation (1–2 sentences)" 1124
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