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Abstract001

Vision-Language Models (VLMs) have demon-002
strated remarkable capabilities in Visual Ques-003
tion Answering (VQA), yet they often strug-004
gle with referential ambiguity when multi-005
ple objects in an image could satisfy a given006
query. We introduce IRIS (Intent Resolu-007
tion via Inference-time Saccades), a novel008
training-free approach that uses eye-tracking009
data in real-time to resolve ambiguity in open-010
ended VQA. Through a comprehensive user011
study with 500 unique image-question pairs,012
we demonstrate that fixations closest to the013
time participants start verbally asking their014
questions are the most informative for disam-015
biguation in Large VLMs, more than doubling016
the accuracy of responses on ambiguous ques-017
tions (from 35.2% to 77.2%) while maintain-018
ing performance on unambiguous queries. We019
evaluate our approach across state-of-the-art020
VLMs, showing consistent improvements when021
gaze data is incorporated in ambiguous image-022
question pairs, regardless of architectural dif-023
ferences. We release a new benchmark dataset024
to use eye movement data for disambiguated025
VQA, a novel real-time interactive protocol,026
and an evaluation suite.027

1 Introduction028

Visual question answering (VQA) represents a fun-029

damental challenge at the intersection of Computer030

Vision and Natural Language Processing (NLP),031

requiring systems to understand both visual con-032

tent and linguistic queries to generate appropriate033

responses. While recent Vision-Language Mod-034

els (VLMs) have achieved impressive performance035

on standard VQA benchmarks (Chen et al., 2023;036

Peng et al., 2023; Chen et al., 2024; Liu et al., 2024;037

Wang et al., 2024b; Qin et al., 2025; Yao et al.,038

2025), they continue to struggle with a pervasive039

real-world challenge: referential ambiguity. When040

multiple objects in an image could plausibly satisfy041

a query, such as asking "What is that?", current042

043

Figure 1: IRIS overview. Participant asks an ambigu-
ous question about an image while their eyes are being
tracked. The VLM uses the fixation data (marked as a
white cross) to disambiguate the query and provide an
accurate response in real-time.

VLMs lack the contextual grounding to identify the 044

intended object referred to in the ambiguous query, 045

defined as the "referent". 046

Here, we present a solution that leverages eye 047

movement fixations, a natural human behavior, to 048

resolve referential ambiguity in open-ended VQA. 049

Decades of cognitive science and psycholinguistics 050

research show a tight coupling between eye move- 051

ments, attention allocation, and linguistic planning 052

(Just and Carpenter, 1976; Hayhoe and Ballard, 053

2005; Land, 2009; Yarbus, 1967). During natural 054

viewing and questioning, fixations reliably precede 055

verbal references by several hundred milliseconds, 056

reflecting both planning and execution in speech 057

production (Griffin and Bock, 2000). By aligning 058

what is said with where (and when) people look, 059

we obtain a time-locked, user-aligned signal that 060

helps disambiguate referential intent in ambiguous 061

VQA scenarios. 062

We present IRIS, a training-free approach that 063

leverages human gaze data to enhance VLMs’ abil- 064
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Figure 2: Experimental procedure. A central fixation check was enforced, after which participants freely viewed
each image and asked any question aloud about it. Once 1.5s of silence elapsed following the question, the VLM was
prompted with (i) the image, (ii) the transcribed question, and (iii) the same image with fixation data superimposed.
Finally, participants reported the object they queried about (location of interest) by clicking the corresponding
region of the image.

ity to resolve referential ambiguity in open-ended065

VQA. As illustrated in Figure 1, our system cap-066

tures users’ natural eye movements as they formu-067

late questions about images, then provides these fix-068

ation patterns as additional context to guide VLMs069

toward the intended referent.070

Prior work leverages human gaze across vi-071

sion–language and recognition tasks. For image072

captioning, Sugano and Bulling (2016) integrated073

human fixations into an attention LSTM; for VQA,074

Inadumi et al. (2024) estimated within-image gaze075

to select regions of interest, and Sood et al. (2021)076

assessed human–model attention alignment with-077

out feeding gaze to the model. Beyond VQA, Ka-078

ressli et al. (2017) encoded gaze as an auxiliary079

embedding to improve zero-shot image classifica-080

tion. In contrast, our approach operates at inference081

time without requiring model modification, making082

it immediately applicable to existing VLMs.083

Through a comprehensive human study involv-084

ing 500 unique image-question pairs, we collected085

a rich dataset of synchronized speech, gaze, and086

stimulus information. Participants formulated both087

ambiguous (for images containing multiple similar088

referents) and unambiguous questions (for images089

with a clear single referent), while we tracked their090

eye movements. Our experimental paradigm, de-091

tailed in Figure 2, captures the natural coupling092

between visual attention and linguistic formulation093

that occurs during human question-asking behav-094

ior.095

Our temporal analysis reveals critical insights096

about the mechanism behind successful disam-097

biguation using observers’ gaze. We find that fixa-098

tions occurring around the time of speech-onset pro-099

vide the strongest disambiguation signals to VLMs. 100

Moreover, we demonstrate that even a simple aggre- 101

gation of all fixations during viewing significantly 102

improves performance over image-only baselines 103

(p < .001), suggesting that the concentration of 104

gaze fixations itself carries disambiguating infor- 105

mation. We evaluate our approach across 10 state- 106

of-the-art (SOTA) VLMs, demonstrating consistent 107

improvements when gaze data is incorporated. Our 108

approach is not only grounded in literature linking 109

eye movements and intent, but also practical and 110

easily deployable. It finds immediate application 111

in AR/VR systems that integrate eye tracking to 112

deliver user-aligned ambiguity resolution in real- 113

world interactive systems. 114

Our main contributions are: 115

• We introduce IRIS, a training-free approach that 116

uses human eye data to steer VLM representa- 117

tions toward user-intended referents, resolving 118

ambiguity without modifying model parameters 119

or reliance on a specific architecture. 120

• Across 500 human-collected image–question 121

pairs, conditioning on gaze around speech on- 122

set more than doubles accuracy for ambiguous 123

questions (35.2% → 77.2%), while leaving un- 124

ambiguous performance statistically unchanged. 125

• A controlled analysis identifies the most informa- 126

tive window around speech onset, evidence that 127

gaze aligns with task-relevant features when the 128

ambiguous question is formulated. 129

• We create a new real-time interactive experimen- 130

tal paradigm that synchronizes speech, gaze, and 131

image information for VQA, as well as a cor- 132

responding offline evaluation suite and a new 133

dataset on open-ended VQA. 134
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Figure 3: Qualitative results showing successful (A) and failed (B) disambiguation using gaze data. Black circles
with white crosses mark temporally and spatially filtered fixation locations.

2 IRIS135

2.1 System Architecture136

Our IRIS system integrates three key components:137

(1) real-time eye-tracking to capture overt visual138

attention patterns (fixation locations), (2) speech139

recognition to identify question timing and content,140

and (3) MLLMs to generate responses. The system141

operates in a naturalistic setting where users freely142

explore images and formulate questions while their143

eye movements are recorded. The core insight144

driving our approach is that human gaze patterns145

during question formulation carry rich information146

about the intended referent of the question. When147

a person asks "What color is that?" while looking148

at a specific object among many, their fixations149

cluster around that object, providing a natural dis-150

ambiguation signal. We capture these fixations and151

present them to the VLM as additional visual con-152

text, enabling the model to identify the referent and153

respond accurately.154

2.2 Gaze Data Collection Protocol155

We recruited 10 participants (5 female; age: 19-26156

years, M=22±0.89 years) with normal or corrected-157

to-normal vision for a within-subjects study ap-158

proved by the Institutional Review Board. All par-159

ticipants provided informed consent and received160

course credit for participation. Gaze was recorded161

monocularly from the left eye using EyeLink1000 162

Tower Mount (SR Research Ltd., 2005), at 1000 Hz 163

(mean calibration error <1 dva; max <1.5 dva). 164

Stimuli consisted of 50 photographs captured in 165

everyday environments, with 40 scenes for am- 166

biguous questions (containing multiple potential 167

referents) and 10 for unambiguous ones (see Sec- 168

tion A.1, Figure 8 for examples). The images were 169

blocked, and ambiguous and unambiguous blocks 170

were counterbalanced across participants. We also 171

included 7 practice images from the MS COCO 172

test set (Lin et al., 2014). Images were displayed 173

on an Acer VG272X monitor (1920× 1080 @ 60 174

Hz; 60 cm width) at 62 cm viewing distance (0.029 175

dva/pixel). Each session began with a 9-point cali- 176

bration procedure. Participants completed a prac- 177

tice block with feedback on valid questions. Trials 178

were gated by a central forced-fixation check (Fig- 179

ure 2): participants pressed space while fixating on 180

a cross; progression required fixating within a 1.45 181

dva radius, with recalibration after three failures. 182

Once the fixation check was successful, partici- 183

pants were shown the trial image with no time limit 184

while they formulated an unambiguous or ambigu- 185

ous question (based on the block assigned). Par- 186

ticipants then asked their question out loud while 187

continuing to view the image. OpenAI’s speech-to- 188

text and text-to-speech APIs were used to convert 189

participants’ voice to text questions and VLM’s 190
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text responses to voice output, respectively. Next,191

participants listened to the VLM’s response. Fi-192

nally, participants registered the Location of Inter-193

est (LOI), which was the location of the queried194

object using a mouse click. Sessions lasted 45195

minutes per participant on average.196

2.3 Gaze Data Processing197

Gaze data typically consists of periods of relative198

stability, or fixations, which alternate with ballis-199

tic eye movements, also known as saccades. We200

identified fixations and saccades using EyeLink’s201

online velocity and acceleration-based algorithm202

(SR Research Ltd., 2005) to parse saccades when203

eye velocity and acceleration exceed a threshold204

of 30°/s and 8000°/s2, respectively. The period205

between two saccades was classified as a fixation.206

The duration, start, and end locations of each fixa-207

tion and saccade were recorded during the trial (see208

Section A.3 and Figure 12 for descriptive statistics209

of recorded fixations).210

For each trial, we used a spatiotemporal filter-211

ing approach to denoise fixation signals. First, we212

identified a specific time window around speech213

onset, which was determined using voice activity214

detection on the audio stream (see Section A.3 and215

Figure 13 for details on speech onset latency and216

duration). Next, a spatial filter using the coordinate-217

wise median location of all temporally filtered fix-218

ations was applied. Any fixations that remained219

within a 2 dva radius of this median were kept,220

and the rest were discarded. If this step resulted in221

zero remaining fixations (10.8% of all 500 trials),222

we kept all the fixations that passed the temporal223

filtering stage. Finally, we overlaid the filtered fix-224

ations on the original image as white crosses on225

black circles (Figure 4). For more details on the226

efficiency of our filtering approach, see Section A.2227

(Figures 9, 10, and 11).228

2.4 VLM Integration229

We employed a system prompt that instructed the230

VLM to use eye movement data for disambiguation.231

Importantly, we instructed the model not to men-232

tion the eye movement data in its response, main-233

taining a natural interaction flow. The complete set234

of system prompts for all our tasks, including accu-235

racy evaluation and baseline response generation236

(as described in Section 2.7), is provided in A.5.237

Figure 4: Temporal-spatial filtering of eye gaze data.
Fixations colored by time. Black lines on the color bar
mark speech onset and end. Diamonds represent fixa-
tions within ±1s of speech onset; all others are circles.
Any diamond within 2 dva of the diamonds’ median
(red +) is spatially filtered and rendered as white crosses
on black circles and passed onto IRIS.

2.5 Ground Truth Generation 238

Establishing ground truth for open-ended VQA 239

presents unique challenges, as responses can vary 240

in phrasing while conveying the same informa- 241

tion. We developed a multi-stage process for 242

ground truth generation. We first generated re- 243

sponses from three SOTA VLMs, including GPT-5 244

(OpenAI, 2025), Gemini 2.5 Pro (Gemini Team, 245

Google DeepMind, 2025), and Claude Opus 4.1 246

(Anthropic, 2025), using the participants’ LOI to 247

identify the true object that was queried about. We 248

then recruited five independent evaluators to review 249

each image-question pair along with the model re- 250

sponses and the participants’ LOI. They selected 251

the most accurate response or provided a custom 252

answer if none were satisfactory. This step mini- 253

mized bias from any single model and incorporated 254

human judgment for ambiguous cases. Because our 255

semantic similarity metric (Section 2.6) is sensitive 256

to textual length and detail, we standardized the 257

final ground truth by selecting the shortest accurate 258

response among those chosen by evaluators. This 259

approach ensured consistent comparisons across 260

trials and conditions, while avoiding deflated simi- 261

larity scores due to verbose phrasing. Finally, all 262

ground truth responses were manually verified for 263

accuracy by the first two authors. 264

2.6 Evaluation Metrics 265

We employed two complementary metrics to assess 266

system performance: 267

Accuracy: We evaluated response correctness 268

using binary classification (correct vs. incorrect), 269

assessed both manually and by an automated evalu- 270

4



Figure 5: Temporal dynamics of gaze informativeness for ambiguous questions. (A) Model performance
increases as the temporal window expands around speech onset time, converging to the "all-fixations" baseline
similarity at ±4500ms around speech onset. The bottom panel shows decreasing distance between the fixation
median and the Location of Interest (LOI) in dark blue and increasing fixation count with larger windows in red.
(B) Peak performance a few milliseconds before speech onset is revealed in sliding window analysis (600ms
window-width, 400ms sliding step-size), aligning with minimum fixation-to-LOI distance. Gray shaded region
indicates the interquartile range of speech end times. Error bars represent SEM. (A) and (B) top: green - "LOI
(perfect gaze)" upper bound; orange - "all-fixations" baseline; purple - "image-only" baseline; pink - "wrong answer"
lower bound (see Section 2.7 for details).

ator VLM, Gemini-2.5-Flash (Gemini Team, 2025).271

The evaluator was provided with an accuracy272

evaluation prompt (see A.5), alongside the ques-273

tion–response pair and the corresponding image an-274

notated with the Location of Interest (LOI). Based275

on this input, it classified each response as cor-276

rect or incorrect. To assess the reliability of this277

automated evaluation, we manually compared re-278

sponses generated by GPT-5-Mini (results in Fig-279

ure 6) across all 500 image-question pairs 2and280

found an 88% agreement in accuracy ratings be-281

tween human judgment and the VLM evaluator.282

Unless noted, all p-values reported are from two-283

tailed paired-samples t tests.284

Embedding-Based Similarity Metric: Let gi285

denote the ground truth response for trial i and r
(m)
i286

the response of model m on the same trial. We use287

a fixed, frozen sentence encoder E(·) to embed288

both texts (OpenAI, 2024). Our primary score is289

cosine similarity outlined in 1. For each model m,290

we report the mean and standard deviation of s(·, ·)291

across trials. 292

s
(
r
(m)
i , gi

)
=

⟨E(r
(m)
i ), E(gi)⟩

∥E(r
(m)
i )∥2 ∥E(gi)∥2

. (1) 293

2.7 Semantic Similarity Baselines, Upper and 294

Lower Bounds 295

Semantic similarity values range between 0 (dis- 296

similar) and 1 (identical) (Equation 1). To interpret 297

the effects of gaze on ambiguous and unambigu- 298

ous VQA, we compared the model’s response to 299

several baselines and upper and lower bounds. We 300

generated baselines by sending specific informa- 301

tion to the model (detailed here), and computing 302

the similarity of the model response thus generated 303

to the ground truth. Upper bounds: (i) mouse-click 304

LOI as "perfect gaze" with image and question, and 305

(ii) inter-rater agreement between the five human- 306

generated ground truth statements (mean pairwise 307

similarity). We also included a baseline that sends 308

all fixations (no temporal or spatial filtering) to the 309

model. Lower bounds: (i) only image and question 310

only (no gaze) baseline and (ii) a "wrong-answer" 311
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Figure 6: Effect of gaze input on performance compared to Image-Only and Image with Location of Interest
(LOI). (A) By adding gaze to the input, accuracy increases from 35.2% to 77.2%, p < .001) for ambiguous
questions, while remaining non-significant for unambiguous questions (p = .52). (B) Semantic similarity shows
similar significant improvements only in ambiguous conditions. Error bars represent SEM shown on the upper side.

baseline, generated by prompting the model to re-312

spond incorrectly given the image, LOI, and ques-313

tion (see Section A.5), to control for object-level314

differences within each image.315

3 Results316

3.1 Qualitative Analysis317

Figure 3 qualitatively showcases when gaze helps318

and when it does not (see also Section A.2, Fig-319

ures 9 and 10). In Successful Cases (Figure 3A),320

fixations narrow the model to the intended referent:321

e.g., gazing at the burgundy jacket corrects “Dark322

green,” fixating the purple bowl overrides a default323

to the salient blue one, fixations on the toy cactus324

disambiguate “plant,” and fixations on the closed325

door spatially resolve a two-door scene. In Failed326

Cases (Figure 3B), gaze is uninformative or mis-327

leading: fixations fall between two doors, land on328

tinted glass yielding a wrong “Dark green” build-329

ing color, reflect a voice-to-text error (“pen” vs330

“pan”) with vague gaze, or miss the relevant chair331

entirely. Overall, success requires fixations that are332

(1) concentrated on the target around speech onset,333

(2) show clear separation from distractors, and (3)334

aligned to question intent. Otherwise, gaze can335

have no effect, or even harm model performance.336

For a detailed taxonomy and quantification of er-337

rors, see Section A.4 (Figure 14 shows examples338

of error types and Figure 15 quantifies that across339

all trials and participants).340

3.2 Temporal Analysis of Gaze Information341

To quantify features of gaze data that are: (i) crucial342

for successful disambiguation, and (ii) correlated343

with question intent, we systematically varied a344

temporal window centered on speech onset, to iden-345

tify the optimal time window that contains the most 346

informative gaze disambiguation signal (Figure 5). 347

In Figure 5A, we observe that similarity to ground 348

truth increases monotonically as we expand the 349

temporal window from ±250ms to ±3000ms around 350

speech onset. Performance starts at a similarity of 351

0.57 for the smallest window and reaches a peak of 352

0.65 at ±2500ms, after which it converges with 353

the "all-fixations" baseline (0.615) at ±4500ms. 354

This convergence suggests that fixations beyond 355

±4500ms around speech onset contribute minimal 356

additional disambiguation value. The bottom panel 357

reveals the mechanism underlying this performance 358

curve: median fixation distance to LOI decreases 359

from 4.0° to 2.7° as the window expands, while 360

fixation count increases linearly. The inverse re- 361

lationship between fixation-to-LOI distance and 362

performance (correlation r = −0.89, p < .001) 363

confirms that fixations closer to the intended object 364

provide stronger disambiguation signals. Notably, 365

even the all-fixations baseline similarity is signif- 366

icantly greater than that of image-only (0.615 vs 367

0.531, p < .001), indicating that the mere concen- 368

tration of fixations during viewing helps resolve 369

ambiguity compared to the absence of any gaze 370

data. The LOI upper bound similarity (0.688) repre- 371

sents "perfect gaze" information, while the "wrong 372

answer" baseline similarity (0.463) shows the lower 373

bound by deliberately prompting the model to gen- 374

erate an incorrect response given image, LOI, and 375

question (see Section 2.7). 376

Figure 5B employs a sliding window approach 377

(600ms width) to pinpoint when gaze is most in- 378

formative in relation to speech onset. Performance 379

peaks at a similarity of 0.62 for windows centered 380

near speech onset (-200ms to +400ms to speech on- 381
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set), precisely when the median fixation-to-LOI dis-382

tance is minimal (3.5°). This temporal alignment383

between optimal performance and closest fixations384

to the intended object validates that speakers natu-385

rally look at what they are asking about. The perfor-386

mance decline and median fixation-to-LOI distance387

increase after speech onset suggest that later fixa-388

tions introduce noise rather than a disambiguation389

signal. Manual accuracy analysis further confirmed390

that our temporal filtering approach yields a 17.7%391

accuracy gain over the "all-fixations" baseline.392

3.3 Impact of Gaze on Ambiguous vs393

Unambiguous Questions394

We use the optimal time window identified in our395

analysis in Figure 5 to demonstrate the differential396

impact of gaze information on ambiguous and un-397

ambiguous questions (Figure 6). Gaze data within a398

2-second window centered on speech onset provide399

substantial benefits when referential ambiguity ex-400

ists, but offer minimal value when questions have401

clear, unique referents. For ambiguous questions402

(Figure 6A, left), accuracy increases dramatically403

from 35.2% (image-only) to 77.2% (gaze+image),404

representing a 115% improvement (p < .001). The405

large gap between image-only and gaze-augmented406

performance confirms that VLMs struggle with407

referential ambiguity but can effectively utilize408

gaze disambiguation signals when provided. In409

contrast, unambiguous questions show no signifi-410

cant improvement with gaze data (83.0% to 86.0%,411

p = .52). The minimal difference between condi-412

tions (LOI: 89.0%, Gaze: 86.0%, Image: 83.0%)413

suggests a ceiling effect where the questions are414

sufficiently clear that additional context provides415

marginal benefit, as expected for unambiguous sce-416

narios.417

The semantic similarity analysis (Figure 6B) cor-418

roborates these findings. Ambiguous questions419

show significant improvement from 0.531 (image)420

to 0.650 (gaze+image, p < .001), approaching421

the LOI performance of 0.691 (p = .01). The422

ground truth self-similarity of 0.82 represents the423

upper bound of achievable similarity given varia-424

tion in human-generated ground truth responses.425

For unambiguous questions, similarity scores re-426

main statistically unchanged across conditions (im-427

age: 0.656, gaze+image: 0.671, p = .685), rein-428

forcing that gaze primarily benefits ambiguous sce-429

narios. Importantly, the similarity-to-ground-truth430

measures for all conditions were greater than the431

"wrong answer" baseline (see Section 2.7), indicat-432

Figure 7: Semantic similarity to ground truth across
VLMs. Models above the diagonal line show improve-
ment with the inclusion of eye gaze data in ambiguous
trials.

ing that deliberately guiding the model to answer 433

incorrectly given the LOI leads to worse model 434

performance than the image-only condition. 435

3.4 Performance Across VLM Architectures 436

Table 1 shows consistent accuracy gains on incor- 437

porating gaze data across diverse VLMs (OpenAI, 438

2025; Gemini Team, Google DeepMind, 2025; An- 439

thropic, 2025; Lu et al., 2025; Bai et al., 2025a). 440

441

Across diverse architectures and model sizes, 442

Image+Gaze uniformly outperforms Image-only, 443

with improvements that are largest for frontier 444

models and remain substantial for compact open- 445

source ones. The effect correlates with instruction- 446

following rather than parameter count alone, sug- 447

gesting that gaze acts as a robust, architecture- 448

agnostic disambiguation prior. Figure 7 shows 449

the results of semantic similarity evaluation on the 450

same models. Each point represents a model’s 451

performance with image-only similarity (x-axis) 452

versus image+gaze similarity (y-axis) on ambigu- 453

ous image-question pairs. Remarkably, all models 454

show improvement with gaze data, falling above 455

the diagonal identity line. GPT-5 achieves the high- 456

est absolute performance, reaching 0.71 similar- 457

ity when augmented with gaze. These consistent 458

across-family gains without fine-tuning or archi- 459

tectural changes suggest our method taps general 460

visual-processing abilities and makes our approach 461

immediately applicable to future VLMs as they 462

continue to improve. 463
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Model Image Only (%) Image+Gaze (%) ∆ (pp) p-value

GPT-5 Mini 49.7 83.0 +33.2 < 0.001
Gemini 2.5 Flash 54.2 83.3 +29.0 < 0.001
Gemini 2.5 Pro 59.3 82.3 +23.0 < 0.001
GPT-5 53.7 76.5 +22.8 < 0.001
Claude Sonnet 4 54.2 74.0 +19.8 < 0.001
Ovis 2.5 9B 52.5 69.5 +17.0 < 0.001
Claude 4.1 Opus 55.2 72.0 +16.7 < 0.001
Qwen 2.5 VL 32B 56.2 73.0 +16.7 < 0.001
Qwen 2.5 VL 7B 51.7 63.7 +12.0 < 0.001
Qwen 2.5 VL 3B 52.0 54.5 +2.5 0.48

Table 1: VLM Accuracies on ambiguous trials. “Image+Gaze” uses fixations from ±1s around speech onset; ∆ is
the difference in percentage points. p-values test Image+Gaze vs. Image-Only.

Method Similarity

Crosses (Ours) 0.830 ± 0.020
Heatmap 0.820 ± 0.019
Bounding Box 0.780 ± 0.021
Coordinates (Text) 0.748 ± 0.022
Cropped 0.703 ± 0.023

Table 2: Ablation study on gaze representation meth-
ods. Semantic similarity to ground truth using GPT-5-
Mini on ambiguous trials. Our cross-marker approach
outperforms alternative representations.

3.5 Ablation Studies464

We conducted ablation studies to evaluate alterna-465

tive methods for representing eye movement data466

to the VLM. Using GPT-5-Mini, we compared467

our baseline approach (white crosses overlaid on468

the image) against four alternative gaze representa-469

tion methods (Table 2). Heatmaps: We generated470

Gaussian heatmaps from the eye movement data471

within the optimal time window and overlaid them472

on the original image with transparency. While473

heatmaps provide a continuous density represen-474

tation of gaze attention, the smoothing inherent in475

heatmap generation may dilute the precise spatial476

information that discrete fixation markers preserve.477

Bounding Boxes: We clustered the filtered fixa-478

tions using DBSCAN and drew bounding boxes479

around the resulting clusters on the image. Raw480

Coordinates as Text: Instead of visual overlays,481

we provided the raw (x, y) pixel coordinates of fil-482

tered fixations as text in the prompt alongside the483

unmodified image. Cropped Images: We cropped484

the image to a region centered on the median fixa-485

tion location, discarding peripheral content. This486

approach performed the worst among all methods,487

as cropping removes potentially important contex-488

tual information and may eliminate parts of the489

queried object itself when fixations are offset from490

the object center.491

4 Conclusion 492

We present IRIS, a training-free approach that lever- 493

ages human eye-tracking data to resolve referential 494

ambiguity in vision-language models. Across 10 495

participants and 50 images, fixation data from a crit- 496

ical temporal window around speech onset more 497

than doubled accuracy on ambiguous questions 498

while maintaining performance on unambiguous 499

ones. The consistent effectiveness across 10 diverse 500

large VLMs demonstrates the generality and imme- 501

diate applicability of our method. As eye-tracking 502

technology becomes ubiquitous through AR/VR 503

devices and accessibility tools, gaze-augmented 504

VQA represents a promising paradigm for intu- 505

itive human-AI communication. By releasing our 506

benchmark dataset, real-time experiment code, and 507

evaluation suite, we provide the research commu- 508

nity with tools to further explore gaze-informed 509

VQA. Future work should explore extending this 510

paradigm to other modalities and tasks, potentially 511

revolutionizing how we interact with intelligent 512

systems. 513

Limitations 514

Our work represents an initial proof-of-concept for 515

gaze-augmented VQA, and we intentionally scoped 516

our study to controlled conditions to rigorously es- 517

tablish the core finding that natural gaze carries 518

disambiguating information for VLMs. While we 519

used research-grade eye-tracking equipment, the 520

rapid advancement of consumer eye-tracking in 521

devices suggests that the hardware requirements 522

for IRIS-style systems are becoming increasingly 523

accessible. Our participant sample, though suffi- 524

cient to demonstrate statistically significant effects, 525

reflects a university population; future work could 526

expand demographic coverage to further validate 527

generalizability. 528
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A Appendix798

A.1 Examples of Ambiguous and799

Unambiguous Questions800

Each of our 10 participants formulated their own801

questions for the same 50 images (10 for unambigu-802

ous questions and 40 for ambiguous ones), thus803

resulting in 500 unique image-question pairs. Fig-804

ure 8 shows sample questions on a few example805

images.806

The top panel shows two examples from the807

Unambiguous condition. For instance, in Unam-808

biguous Example 1, participant AR asks about "the809

purple object," and there is only one such object810

present in the image. In Unambiguous Example811

2, participant KM asks about the "cactus," again812

unambiguously referring to the only cactus in the813

image.814

In contrast, the bottom panel shows examples815

of ambiguous questions. For instance, in Ambigu-816

ous Example 1, participants AR and KM both ask817

about a mug, but it is unclear from their questions818

which one of the two mugs present in the image819

is being referred to, making their questions am-820

biguous given the image information. Similarly,821

in Ambiguous Example 2, participants KM and822

VR inquire whether the "food" is healthy, but there823

are several food items present, of which some are824

healthy (apples) but others are not (marshmallows),825

thus making their question ambiguous about the in-826

tended referent. KV’s question on this image is not827

ambiguous and, thus, inappropriate for our study828

(see Section A.4)829

A.2 Temporo-Spatial Visualization of Raw830

Fixation Data831

We plot the raw fixation start locations on trial im-832

ages to visualize the temporal and spatial features833

of our eye movement data with respect to task-834

related events such as speech onset time and mouse835

click location. Figure 9 shows example successful836

trials, where the eye gaze data helped the VLM837

disambiguate the object being asked about in am-838

biguous scenarios. Figure 10 shows example unsuc-839

cessful trials, where the inclusion of eye gaze data840

did not disambiguate the object in question for our841

VLM and algorithm. Finally, Figure 11 describes842

examples of a few rare cases (1% of all trials) where843

our spatial filtering approach resulted in discarding844

all fixations and lead to an incorrect VLM response,845

but keeping all fixations that occurred within ±1s of846

speech onset rescued the trial. Importantly, the data847

shown are from different participants, emphasizing 848

the generality of our approach to eye gaze data and 849

questions collected across subjects. 850

In the figure above, we show all fixations made 851

by a participant during the trial as circle and dia- 852

mond markers, colored according to the temporal 853

order of their occurrence. Specifically, bluer mark- 854

ers occurred earlier in the trial, whereas yellower 855

markers occurred later. Diamond markers show all 856

fixations that occurred within ±1s around speech 857

onset (temporal filter). The magenta circle indi- 858

cates the mouse-click location registered by the 859

participant at the end of the trial. The red cross 860

shows the coordinate-wise median location of all 861

diamonds. The red dashed circle marks a region of 862

2 dva radius centered on the median. This is our 863

spatial filter. Any diamonds that were within this 864

red dashed circle were sent to the VLM, and the 865

rest were discarded. Except for those trials where 866

the spatial filtering process resulted in zero remain- 867

ing fixations, in which case all temporally filtered 868

fixations, or diamonds, were sent to the model. 869

This visualization enables us to easily grasp how 870

eye gaze evolves through time as a function of task 871

instructions. Several features of the gaze data are 872

immediately apparent. First, subjects take different 873

amounts of time for different trials; however, the 874

duration of speech remains more or less the same 875

across trials. Second, the longer the time taken in a 876

trial, the more fixations are made. Third, although 877

fixations closer in time usually cluster together, 878

there are also fixations made later on the same 879

objects visited previously. Finally, and most impor- 880

tantly, fixations made around the time of speech (or 881

question asked) generally indicate the location of 882

the object eventually reported by the subject with 883

a mouse click. In other words, people look at the 884

object they are asking about around the time they 885

utter the question. 886

Although our temporal and spatial filtering al- 887

gorithm did well for the most part, achieving suc- 888

cessful disambiguation in 88% of images overlaid 889

with eye gaze data, there were a few cases where it 890

failed (see Section A.4). As described in the main 891

text, some of the original failures were caused by 892

our spatial filtering process, resulting in zero re- 893

maining fixations. For these cases, all fixations that 894

remained after temporal filtering were sent to the 895

VLM. This led to a 1.5% improvement in model 896

performance, measured as the accuracy of model 897

response. 898

Next, we show some cases of failures in Fig- 899

12



Figure 8: Sample unambiguous and ambiguous questions asked by four participants on four example images.

ure 10, including cases where there were zero re-900

maining fixations after employing a median-based901

spatial filter (right top and right bottom panels).902

There are several causes of these failures: first, the903

object in question may have been fixated too few904

times leading to a shift in the median towards the905

wrong referent (top left panel in Figure 10), or there906

might have been too few fixations close to speech907

onset on the correct object (bottom left), or too908

many fixations overall leading to an uninformative909

median (top and bottom right), or the model might910

have been incorrect even with the right eye gaze911

data (detection error, as described in Section A.4).912

Finally, we present examples of the 2% cases913

where median filtering resulted in zero fixations, 914

and retaining all fixations that occurred within ±1s 915

of speech onset (essentially removing the spatial 916

filter) yielded a more accurate VLM response (Fig- 917

ure 11). 918

A.3 Speech Behavior and Fixation Descriptive 919

Statistics 920

We present more insights into the speech (question- 921

ing) behavior of the subjects in the study, and also 922

discuss the descriptive statistics of the fixations 923

collected in our data. 924

First, Figure 12 shows the average time taken 925

by participants to ask a question once the trial 926
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starts (left) and the average time between speech927

onset and end (in other words, the mean duration928

of speech during asking the question) (right). Al-929

though participants took longer to ask a question in930

the Ambiguous condition (M=11.51s, SE=2.45s)931

than in the Unambiguous condition (M=7.25s,932

SE=1.02s) on average, this difference was not sig-933

nificant (t(9) = −1.87, p = 0.09). The mean934

duration of questions asked was also not signifi-935

cantly different between Ambiguous (M=1.47 s,936

SE=0.11 s) and Unambiguous (M=1.56 s, SE=0.22937

s) conditions (t(9) = .46, p = 0.66).938

Next, Figure 13 shows some descriptive statistics939

for the fixations observed in our study. The leftmost940

panel shows the average fixation number for our941

two conditions. This aligns with the longer time942

between the stimulus onset and the start of question-943

ing observed for ambiguous trials: a longer time al-944

lows for more fixations. Although the Ambiguous945

condition has a higher mean number of fixations946

(M=39.71, SE=6.95) than the Unambiguous con-947

dition (M=28.91, SE=3.79), this difference is not948

significant (t(9) = −1.71, p = 0.121). The middle949

panel shows the mean duration of a given fixation950

on unambiguous and ambiguous trials. On average,951

fixation durations were highly similar between Am-952

biguous (M=268.31ms, SE=12.74ms) and Unam-953

biguous conditions (M=265.06ms, SE=17.30ms)954

(t(9) = −0.43, p = 0.675). Finally, the955

rightmost panel shows the mean latency of the956

first fixation after stimulus onset. As observed957

for fixation duration, the average first fixation958

latency was very similar between Ambiguous959

(M=388.62ms, SE=14.47ms) and Unambiguous960

conditions (M=381.32ms, SE=15.96ms) (t(9) =961

−0.51, p = 0.621).962

A.4 Taxonomy of VLM Response Errors:963

Unsuccessful Trials964

We analyze the "unsuccessful" trials to quantify965

why some trials fail in terms of the various types966

of errors observed in the different stages of the967

question-answering process. To do this, we manu-968

ally categorized each of the 1500 VLM responses969

(50 stimulus images X 10 subjects X 3 categories -970

Image+LOI, Image+Gaze, Image Only) into four971

types of errors. The types of errors, listed roughly972

in the temporal order of their potential occurrence,973

are elaborated below along with some examples974

(see Figure 14):975

• Error Type 1. Inappropriate Question. In this976

case, the failure happened because the partic- 977

ipant asked a question that was not suitable 978

for the purposes of testing whether eye gaze 979

data can help disambiguate visual information 980

in the presence of ambiguity. For example, 981

asking about the color of a bottle when there 982

is only one bottle in the scene for a trial in the 983

Ambiguous condition. Around 5.2% of the 984

trials had this kind of error. 985

• Error Type 2. Detection Error. In this case, an 986

appropriate question was asked by the partici- 987

pant, yet the model failed to answer the ques- 988

tion accurately when eye gaze data or mouse 989

click locations for ambiguous trials were sent 990

to the VLM, or for unambiguous trials with or 991

without eye gaze data and mouse click loca- 992

tions. Around 5.1% of the trials had this kind 993

of error. 994

• Error Type 3. At this stage, the participant 995

had asked an appropriate question, but one of 996

the following things happened, depending on 997

whether eye gaze data or mouse-click location 998

was sent to the model along with the image: 999

– Hallucination/Detail Error (Image+LOI 1000

or Image+Gaze). In this case, the VLM 1001

correctly detected the object category be- 1002

ing asked about, yet responded with an 1003

incorrect detail and/or hallucinated. Ap- 1004

proximately 2% of all ’Image+LOI’ and 1005

’Image+Gaze’ trials had this type of er- 1006

ror. 1007

– Referent Bias (ambiguous Image Only 1008

trials). In this case, the VLM assumes 1009

one of the multiple referents was being 1010

asked about and answers with the details 1011

of that object. This reflects the model’s 1012

tendency to select a particular instance 1013

as the intended referent when multiple 1014

same-category instances are present. To 1015

be clear, when no eye gaze data is sent 1016

to the VLM, an accurate response of the 1017

VLM could either be a follow-up clarifi- 1018

cation question or a listing of the details 1019

of all the instances of a category (see 1020

bottom right "No Error" example in Fig- 1021

ure 14). Around 57% of all ’Image Only’ 1022

trials had this kind of bias. 1023

• Error Type 4. Eye Data Error. The final form 1024

of failure is observed when the VLM response 1025
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is accurate for the Image+LOI subtype but1026

inaccurate for the Image+Gaze subtype for1027

the same trial (image-question pair). This im-1028

plies that the portion of the gaze data sent to1029

the VLM for that trial might not have accu-1030

rately captured the object being asked about.1031

11.6% of all ’Image+Gaze’ trials had this kind1032

of error. Importantly, only ambiguous trials1033

could have this kind of error because eye gaze1034

data would be uninformative for unambiguous1035

trials.1036

Figure 15 shows the proportion of trials within a1037

specific condition (Ambiguous or Unambiguous)1038

and a specific VLM input type (Image+LOI, Im-1039

age+Gaze, and Image Only) with the different er-1040

ror types as discussed above, both as subject-wise1041

and across subjects measures. It is worthwhile to1042

note that most of the errors of type 1 (inappro-1043

priate questions) were contributed by only a few1044

of the subjects, such as IC and KZ. Secondly, for1045

the Unambiguous condition, Detection Error forms1046

the major contributor to unsuccessful trials, when1047

mouse click location or eye gaze data is sent to1048

the VLM. For the Ambiguous condition, a major1049

portion of the unsuccessful trials is caused by er-1050

ror type 4 (Eye Data Error), which is when the1051

VLM responds accurately when prompted with Im-1052

age+LoI but not with Image+Gaze. Finally, for1053

ambiguous trials, when only the image without any1054

mouse clicks or eye gaze data is sent to the model, a1055

major portion (70%) of the responses contain type1056

3B errors (Assumption Error). This is in line with1057

the findings of Testoni et al. (2024) who show that1058

LLMs have a bias in responding with stereotypical,1059

and sometimes risky, assumptions when prompted1060

with inherently ambiguous questions.1061

A.5 List of System Prompts1062

VQA prompt for Image+Gaze/LOI input: "You1063

are an expert visual interpreter specialized in iden-1064

tifying and describing features of specific objects1065

in images by considering the eye movement data.1066

The user will provide an original image alongside1067

the same image with eye movement data, where1068

fixation points indicated by white X signs. Along-1069

side these two images, the user will ask a specific1070

question regarding an object’s features, such as1071

its color, size, shape, or spatial location relative1072

to other objects present in the image. Your task1073

is to carefully analyze the image, identify the spe-1074

cific object in question considering the eye fixation1075

points, and answer the user’s question precisely 1076

and concisely. Your response should only describe 1077

the referred object closest to the fixation points in- 1078

dicated by white X signs. You should provide clear, 1079

factual answer without any extra output. Do not 1080

speculate or include details unrelated to the indi- 1081

cated object or question. Do not mention the eye 1082

movement data in your response. Your response 1083

should be very short, concise, but accurate." 1084

VQA prompt for Image-Only input: "You are 1085

an expert visual interpreter specialized in identi- 1086

fying and describing features of specific objects 1087

in images. The user will provide an image, and 1088

alongside that image, the user will ask a specific 1089

question regarding an object’s features, such as its 1090

color, size, shape, or spatial location relative to 1091

other objects present in the image. Your task is to 1092

carefully analyze the image, identify the specific 1093

object in question, and answer the user’s question 1094

precisely and concisely. You should provide clear, 1095

factual answer without any extra output. Do not 1096

speculate or include details unrelated to the indi- 1097

cated object or question. Your response should be 1098

very short, concise, but accurate." 1099

VQA prompt for generating "wrong answer": 1100

"You are an expert visual interpreter specialized in 1101

identifying features of specific objects in images by 1102

considering the eye movement data. The user will 1103

provide an original image alongside the same im- 1104

age with eye movement data, where fixation points 1105

indicated by white X signs. Alongside these two im- 1106

ages, the user will ask a specific question regarding 1107

an object’s features, such as its color, size, shape, 1108

or spatial location relative to other objects present 1109

in the image. Your task is to carefully analyze the 1110

image, identify the specific object in question con- 1111

sidering the eye fixation points, and answer the 1112

user’s question concisely but wrongly. Your re- 1113

sponse should only be the wrong answer about the 1114

referred object closest to the fixation points indi- 1115

cated by white X signs. You should provide clear, 1116

wrong answer without any extra output. Do not 1117

speculate or include details unrelated to the indi- 1118

cated object or question. Do not mention the eye 1119

movement data in your response. Your response 1120

should be very short, concise, but wrong." 1121

VLM accuracy evaluation prompt: "You are 1122

an expert visual interpreter specialized in identi- 1123

fying the correctness of an answer to a question 1124

about an object in the image. The user will provide 1125

an image alongside the same image with the refer- 1126

ent object in question indicated by a white X sign. 1127
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Alongside these two images, the user will provide1128

the specific question and answer. Your task is to1129

analyze the images and decide whether the answer1130

about the referent object is correct or not. Your1131

response should only include one word: "correct"1132

or "incorrect". Do not include any other words or1133

details in your response."1134

A.6 Participant Task Instructions1135

Participants received the following verbal instruc-1136

tions at the start of the experiment: “In this study,1137

you will view a series of images on the screen. For1138

each image, your task is to formulate a question1139

about a specific object in the scene and ask it out1140

loud. In some blocks, you will be asked to formu-1141

late questions that could refer to multiple objects1142

(ambiguous), while in other blocks, your questions1143

should clearly refer to only one object (unambigu-1144

ous). After you ask your question, you will hear1145

a response from an AI assistant. Finally, you will1146

click on the object you were asking about. Please1147

keep your head still and positioned on the chinrest1148

throughout the experiment. You may take breaks1149

between blocks if needed.” Participants then com-1150

pleted 7 practice trials with feedback before begin-1151

ning the main experiment.1152

A.7 Related Work1153

Vision-Language Models and Visual Question1154

Answering. VLMs have progressed from early1155

two-stream transformers (VisualBERT (Li et al.,1156

2019), LXMERT (Tan and Bansal, 2019)) and con-1157

trastive pretraining (CLIP; (Radford et al., 2021))1158

to instruction-tuned systems (Flamingo (Alayrac1159

et al., 2022), BLIP-2 (Li et al., 2023), LLaVA1160

(Liu et al., 2023)) and recent open models that1161

markedly advance VQA and multimodal reason-1162

ing: LLaVA-OneVision (Li et al., 2024), Qwen2-1163

VL and Qwen2.5-VL (Wang et al., 2024a; Bai1164

et al., 2025b), InternVL 2.5 (Chen et al., 2025),1165

IDEFICS2 (Laurençon et al., 2024), and large-scale1166

pretraining analyses such as MM1 (McKinzie et al.,1167

2024). Yet grounding issues persist, including1168

failures owing to visual shortcomings in MLLMs1169

(Tong et al., 2024) or bypassing visual grounding in1170

shortcut learning (Reich and Schultz, 2024). When1171

questions are underspecified, VQA performance1172

may be helped by prompt-level fixes (e.g., visually1173

grounded rephrasing) (Prasad et al., 2024). Com-1174

plementing these trends, emerging work integrate1175

human gaze cues within images to clarify referents1176

by introducing new model architectures (Inadumi1177

et al., 2024). In contrast, our approach leverages the 1178

viewer’s natural gaze at inference, without archi- 1179

tectural changes or retraining, to guide the model 1180

toward the intended referent and reduce ambiguity 1181

in open-ended VQA. 1182

Eye Movements and Attention. Foundational 1183

research links eye movements to covert attention 1184

(Posner, 1980; Hoffman and Subramaniam, 1995; 1185

Deubel and Schneider, 1996; Li et al., 2021). In 1186

natural tasks, gaze anticipates actions and speech, 1187

revealing time-resolved planning during sentence 1188

production (Coco and Keller, 2012), and scene and 1189

event description (Hayhoe et al., 2012; Griffin and 1190

Bock, 2000). Classic studies have demonstrated 1191

that what observers look at depends strongly on vi- 1192

sual and linguistic context and goals (Yarbus, 1967; 1193

Tanenhaus et al., 1995). While this temporal cou- 1194

pling is well established, it is rarely operational- 1195

ized to select referents at the precise moment of 1196

question formulation in VQA. This work aligns a 1197

short window around speech onset with fixations to 1198

harvest the most informative disambiguation cue. 1199

Eye-Tracking in Vision-Language and Com- 1200

puter Vision. Eye movements have a rich history 1201

of informing models of perception and learning. 1202

Yarbus (1967) pioneered the use of eye movements 1203

to understand visual perception, showing that fixa- 1204

tion patterns vary with task demands. In the context 1205

of language processing, Tanenhaus et al. (1995) 1206

demonstrated that eye movements during spoken 1207

language comprehension reflect real-time seman- 1208

tic processing. Interactive systems have long ex- 1209

plored gaze as an input modality: Jacob (1991) 1210

introduced early gaze-based interaction paradigms, 1211

and Majaranta and Bulling (2014) surveyed the 1212

evolution of eye-tracking interfaces. Building on 1213

these foundations, the computer vision community 1214

has increasingly recognized the value of gaze data: 1215

classical saliency models codify attention mech- 1216

anisms inspired by human vision (Itti and Koch, 1217

2001) (see Borji and Itti (2013) for a review), and 1218

gaze has been used to directly guide concrete vision 1219

tasks. For example, Shanmuga Vadivel et al. (2015) 1220

used multi-viewer eye-tracking to guide video ob- 1221

ject segmentation, showing that gaze can directly 1222

support object localization and extraction. More 1223

recently, gaze has been integrated as a supervisory 1224

signal in learning-based systems. For instance, Sug- 1225

ano and Bulling (2016) utilized gaze supervision 1226

to enhance image captioning models. 1227

Within VQA, Sood et al. (2021) introduced 1228

VQA-MHUG, a gaze-annotated dataset designed to 1229
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study multimodal neural attention, and Ilaslan et al.1230

(2023) presented GazeVQA, a video QA dataset1231

capturing multiview gaze in task-oriented collab-1232

oration scenarios. Building on these directions,1233

our work creates a real-time system that naturally1234

integrates speech, gaze, and vision to resolve am-1235

biguous questions in open-ended VQA. Inadumi1236

et al. (2024) used gaze-target estimations to im-1237

prove VQA performance, and Karessli et al. (2017)1238

used human gaze embeddings as auxiliary infor-1239

mation for zero-shot image classification. How-1240

ever, most prior work leverages gaze during train-1241

ing or as estimated gaze target annotations, and1242

model-internal attention is not a reliable substitute1243

for human referential intent. Our work creates a1244

real-time system that naturally integrates human1245

fixations, speech, and visual inputs directly at in-1246

ference to bias VLM reasoning without retraining1247

or architectural changes.1248

Multimodal Ambiguity Resolution. Ambigu-1249

ity resolution has been studied across modalities. In1250

NLP, Sukthanker et al. (2018) surveyed approaches1251

to anaphora resolution (identifying what a referring1252

expression refers to in context). In computer vision,1253

Mao et al. (2016) addressed ambiguous referring1254

expressions by generating unambiguous descrip-1255

tions, and Kazemzadeh et al. (2014) created a game1256

to collect referring expressions for objects in im-1257

ages. At the VQA intersection, Zhang et al. (2016)1258

introduced a balanced dataset for binary ("yes/no")1259

VQA on abstract scenes rather than ambiguous1260

questions, while more recently Testoni et al. (2024)1261

highlighted issues with overconfidence and bias in1262

visual LLMs under ambiguity. Against this back-1263

drop, our approach uniquely combines real-time1264

gaze tracking with open-ended VQA to address1265

ambiguity in a naturalistic setting.1266

A.8 Ethics statement1267

We conducted this research in accordance with the1268

ACL Code of Ethics and applicable regulations.1269

This study involving human participants was re-1270

viewed and approved by the human subject re-1271

search protocols (to maintain anonymity, details1272

will be provided upon acceptance). All participants1273

provided informed consent prior to participation1274

and could withdraw at any time without penalty.1275

The consent form explained that: eye movements1276

and voice recordings would be collected during the1277

session, data would be pseudonymized and used1278

for research, participation was voluntary and could1279

be discontinued at any time without penalty, and1280

anonymized data may be shared publicly for re- 1281

search reproducibility, excluding any personally 1282

identifiable information such as raw audio record- 1283

ings. 1284

Recruitment occurred via our university subject 1285

pool; participants received course credit. We col- 1286

lected monocular eye-tracking data at 1000 Hz, 1287

participants’ voices, and mouse click locations 1288

for research purposes only. Personally identi- 1289

fying information was not collected; data were 1290

pseudonymized before sharing in compliance with 1291

institutional and legal requirements. The public re- 1292

lease data will include only fixation coordinates and 1293

the transcribed text format of the audio to reduce 1294

re-identification risks; raw audio or any Personally 1295

Identifiable Information (PII) will not be released. 1296

Potential risks to participants were minimal and 1297

limited to transient discomfort/fatigue; these were 1298

mitigated by calibration breaks, screen distance 1299

guidelines, and data minimization. The participant 1300

sample (primarily students) may limit demographic 1301

diversity; we report results with this limitation in 1302

mind and caution against over-generalization. 1303

A.9 Reproducibility Statement 1304

To preserve anonymity, we currently release only 1305

the practice trials of our VQA benchmark (contain- 1306

ing only MS COCO images), as well as semantic 1307

embeddings of model responses, and an example 1308

gaze-visualization code. The full stimulus image 1309

set, VLM responses, real-time interactive VQA 1310

demo, and the complete code of the project will be 1311

released upon acceptance. Our anonymized 1312

supplementary material can be accessed 1313

from: https://drive.google.com/file/ 1314

d/1Ly5WGakEy_1MnjqW2WPjGQ-DVMAg05TS/ 1315

view?usp=share_link 1316

A.10 LLM Use Disclosure 1317

We used LLMs to correct grammatical mistakes, 1318

polish writing, clean software code, and search 1319

related works. 1320
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Figure 9: Visualizing and filtering fixations: examples of "successful" ambiguous trials. Inclusion of gaze
data successfully disambiguated the object in question. The colored circles and diamonds are fixations shaded by
their temporal order (yellow - more recent, blue - older). The magenta circle represents the mouse click location
registered by the participant at the end of the trial. The red dashed circle indicates a region of 2 dva radius around
the median of all fixations within ±1s around speech onset (shown as diamonds). Any diamond within the red
dashed circle was sent to the VLM as eye gaze data. The x and y-axes indicate distance to the mouse click location.
The times at which the participant started and ended their question are marked as black lines on the color bar. The
fixation markers are enlarged for illustrative purposes.

18



Figure 10: Visualizing and filtering fixations: examples of "unsuccessful" ambiguous trials. Inclusion of eye
gaze data did not successfully disambiguate the object in these trials. Plotting conventions follow those described in
Figure 9.
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Figure 11: Effect of spatial filtering. Visualizing ambiguous Image+Gaze trials where spatial filtering resulted
in zero retained fixations. In these examples, removing the spatial filter (but retaining the temporal filter) led to
accurate disambiguation (2% trials). In other words, all fixations marked as diamonds were sent to the VLM during
inference. Plotting conventions follow those described in Figure 9.

Figure 12: Participants’ speech (questioning) behavior. The left panel shows the mean time taken by participants
to formulate and ask a question from the time of stimulus onset. The right panel shows the mean duration between
speech onset and end, as a function of experiment condition. The error bars indicate the standard error of the mean.
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Figure 13: Fixation metrics. From left to right, the panels show average fixation count, fixation duration, and first
fixation latency for Unambiguous and Ambiguous conditions. The error bars indicate the standard error of the mean.

Figure 14: Types of errors. Example trials showing Inappropriate Question, Detection Error, Detail/Hallucination
Error, Referent Bias, and Eye Data Error (discussed in Section A.4 in detail). The bottom right panel shows an
example of a trial where none of the types of errors occurred. The red cross in each image indicates the mouse click
location, depicting the object asked about in a given trial.
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Figure 15: Quantification of error types. Proportion of trials that suffered from the error types discussed above
and exemplified in Figure 14. The three rows show data from Image+LOI, Image+Gaze, and Image Only input
categories from top to bottom, respectively. The four columns show data from Unambiguous and Ambiguous
conditions, each separated into subject-wise and across-subject measures. InapptQ - Error Type 1 (Inappropriate
Question), Detection - Error Type 2, Detail - Error Type 3A (Detail/Hallucination Error), Referent Bias - Error Type
3B, Eye Data - Error Type 4.
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