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Abstract001

The recent advances in multimodal large lan-002
guage models (MLLMs), while extending the003
skills and capabilities of text-only LLMs, have004
also made the model responses vulnerable to005
increased hallucinations, reduced contextual006
awareness and inconsistency in complex rea-007
soning. Most existing works on benchmarking008
of MLLMs focus on datasets consisting of iso-009
lated samples that do not allow the evaluation of010
continuity and monotonicity properties of these011
models. In this paper, we develop a synthetic012
benchmark for evaluating MLLM performance013
and uncertainty on continually varying dimen-014
sions of complexity. The benchmark relies on015
the core real-world principle that inputs of in-016
creasing/decreasing ambiguity should ideally017
lead to higher/lower model uncertainty. We018
experiment with 5 large vision language mod-019
els (LVLMs) and 4 large audio language mod-020
els (LALMs) across various image question-021
answering and audio question-answering tasks.022
Our findings show that most MLLMs lack the023
real-world continuity and monotonicity that are024
human-like.025

1 Introduction026

With the recent rise of multimodal LLMs027

(MLLMs) (Team et al., 2023; OpenAI, 2023), in-028

teractions and understanding of audio and visual029

content have become increasingly plausible with030

remarkable performances. However, across tasks,031

multimodal LLMs tend to exhibit hallucinatory032

behaviors and inconsistent responses, for exam-033

ple in visual and audio reasoning tasks (Fu et al.,034

2024; Bhattacharya et al., 2025a), due to the lack of035

grounding (Favero et al., 2024). In such a setting,036

the trustworthiness of the MLLMs can be enhanced037

through uncertainty estimators (Bhattacharya et al.,038

2025b; Khan and Fu, 2024; Kuhn et al., 2023;039

Nguyen et al., 2025). The use of uncertainty estima-040

tors to enhance the utility and reliability of MLLMs041

has been a rapidly evolving area of research (Zhi 042

et al., 2025). 043

In terms of benchmarking and uncertainty evalu- 044

ations, common dataset choices like visual spatial 045

reasoning (Liu et al., 2023a; Fu et al., 2024) and 046

audio reasoning (Sakshi et al., 2025; Bhattacharya 047

et al., 2025a) allow the comparison and ranking of 048

various MLLMs with respect to existing metrics 049

of performance and uncertainty. However, most of 050

these benchmark datasets consist of isolated and in- 051

dependent data samples that evaluate model perfor- 052

mance with respect to specific proxy applications, 053

like abstention. They do not allow the evaluation 054

of fundamental properties of real-world deploy- 055

ment of models, such as the continuity property 056

of model performance and uncertainty on specific 057

dimensions of the input complexity. A handful of 058

exceptions are the studies that evaluate the poten- 059

tial of model uncertainty to detect data shifts, data 060

corruptions and OOD samples (Ovadia et al., 2019; 061

Hendrycks and Dietterich, 2019). 062

In this paper, we propose a benchmarking ap- 063

proach that involves gradually modulating the input 064

complexity for various reasoning-based tasks. For a 065

given input, the reasoning ambiguity is continually 066

modified for a question-answering (QA) task. The 067

model uncertainty is tracked with the increase/de- 068

crease in input complexity. Specifically, given an 069

audio/image input with a textual prompt, first we 070

dissect the possible axes of varying the input com- 071

plexity. Subsequently, new data points are gener- 072

ated by varying its complexity dimensions. We call 073

the original input as the source scene/audio, and 074

the ones synthesized by variation as sweeping sce- 075

nes/audios. Using the sweeping samples, we moni- 076

tor the model predictions and uncertainty estimates 077

using established methods. A set of 5 LVLMs and 078

4 LALMs is used for the benchmarking. Among 079

visual QA tasks, spatial reasoning, shape reasoning 080

and object counting are used. The audio QA based 081

tasks involve temporal reasoning, reasoning with 082
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distractors, and volume-based reasoning. By al-083

lowing a continuous change in the input ambiguity,084

we attempt to answer the fundamental question -085

which class of models exhibit monotonic086

patterns of performance, similar to human087

expectations.088

Our core contributions are the following:089

1. Given an image/audio QA pair, we propose090

a synthetic dataset and quantitative metrics091

to benchmark and evaluate the MLLMs with092

tasks of varying levels of complexity.093

2. The study is quite unique compared to other094

benchmarks, as various scenes/audios are gen-095

erated that transform the input along dimen-096

sions of interest based on the task involved.097

3. We find that multiple state-of-the-art MLLMs098

offer perfect task accuracy; however, they fail099

to offer monotonic uncertainty behavior.100

2 Prior works101

Uncertainty Estimation : The two most common102

approaches used for model uncertainty evaluation103

are proxy tasks like abstention performance (Kuhn104

et al., 2023; Nguyen et al., 2025; Nikitin et al.,105

2024) and calibration (Guo et al., 2017; Tian et al.,106

2023). The abstention performance relies on the107

hypothesis that a model has more uncertainty as-108

sociated with mispredictions than with correct pre-109

dictions. The metrics used for this are AUC and110

AUCPR (Kuhn et al., 2023; Nguyen et al., 2025).111

On the other hand, calibration measures whether112

the confidence (reciprocal of uncertainty) values113

are aligned with respect to the model accuracies.114

Recent studies (Simhi et al., 2025) have shown that115

the LLMs and MLLMs may often mis-predict with116

low uncertainty, and the number of such cases can117

be significant.118

Input Data Manipulation: Some works evalu-119

ate whether model uncertainty becomes higher un-120

der data shifts, data corruption, out-of-distribution121

(OOD) samples (Ovadia et al., 2019; Hendrycks122

and Dietterich, 2019). The work by (Ovadia et al.,123

2019) studies model uncertainty under data shifts,124

corruptions and OOD input datasets. They find that125

the uncertainty increases and calibration gets upset126

with increasing data shift. (Hendrycks and Diet-127

terich, 2019) performs benchmarking of the mod-128

els under real-world, non-adversarial data shifts129

like blur, brightness, and noise. They report that130

architectural improvements for accuracy improve- 131

ment do not always translate to better robustness. 132

(Lu et al., 2025) shows theoretically, and on real- 133

world datasets, that data drift can be detected us- 134

ing prediction uncertainty rather than error rate 135

more efficiently. However, the effect of varying 136

data discriminability without distribution shift re- 137

mains to be studied. The closest work to this paper, 138

based on data shift-based failure modes, is the work 139

by (Li et al., 2023). It uses synthetic datasets gen- 140

erated using the CLEVR framework to probe the 141

VLM failures along dimensions of visual complex- 142

ity, question redundancy, concept distribution and 143

concept redundancy. 144

3 Problem Statement - Continuity 145

Evaluation of MLLMs 146

In this paper, we propose benchmarks derived from 147

existing image and audio datasets for continuity- 148

based evaluation of model performance and uncer- 149

tainty. In order to measure the monotonic patterns 150

of uncertainty under continuous variation of dis- 151

criminability, we synthesize sampled data-points 152

that define a continuum of spatial/temporal discrim- 153

inability in images/audio samples respectively. 154

Let x denote a multimodal (audio/image) sam- 155

ple ∈ Rm,n. We denote I+ = {x̂1, ...x̂n+} as a 156

sequence of synthetic data samples that should ide- 157

ally evoke a series of non-decreasing performance 158

and uncertainty estimates. Similarly, we denote 159

I− = {x̃1, ...x̃n−} as a sequence of synthetic data 160

samples that should ideally evoke a series of non- 161

increasing performance and uncertainty estimates. 162

Here, x̂i, x̃j ∈ Rm,n indicate transformations of 163

the original sample x with varied discriminabil- 164

ity. We call them sweeping samples of the original 165

sample x. In the example in Figure 1, an object’s 166

(“ball”) location is perturbed while keeping the rest 167

of the entities intact. 168

Let y denote a black-box MLLM response to 169

the input x and U(x, y) denote the uncertainty es- 170

timator for this input-output pair. We define, the 171

following two parameters, 172

• si = −1 for i ∈ {1, .., n+} and sj = +1 for 173

j ∈ {1, .., n−}, denote monotonicity direc- 174

tion. 175

• di := |i− n+| denotes step-distance from the 176

most “complex” input step for samples in I+ 177

and dj := |j − 1| denotes the similar measure 178

for samples in I−. 179
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Figure 1: Left panel - Input x at the center along with the textual prompt for probing the spatial reasoning of
an MLLM. The synthetic examples {x̂1, .., x̂n+

} ∈ I+, which should ideally evoke a non-decreasing uncertainty
sequence are illustrated in top-panel, while {x̃1, .., x̃n−} ∈ I−, which should ideally evoke a non-increasing
uncertainty sequence are illustrated in bottom-panel. Right panel - An example uncertainty estimate from two
MLLMs (M1,M2). M1 has better continuous uncertainty behavior over other (M2) as it exhibits lower monotonicity
violation measured using losses Llocal and Lglobal.

Further, denoting ûi = U(x̂i, ŷi) and ũj =180

U(x̃j , ỹj), we define two monotonicity violation181

losses to quantify the monotonicity of the uncer-182

tainty estimators.183

Llocal :=

n+−1∑
i=1

max
{
0, si (ûi+1 − ûi)

}
|ûi+1 − ûi|

184

+

n−∑
j=2

max
{
0, sj (ũj − ũj−1)

}
|ũj − ũj−1|

(1a)185

Lglobal :=
1 + ρS

2
, where (1b)186

187

ρS := SC
(
{[ûi]n+

i=1, [ũj ]
n−
j=1}; {[−di]

n+

i=1, [dj ]
n−
j=1}

)
(1c)

188

Here SC(·, ·) denotes the Spearman rank corre-189

lation coefficient between two arrays. The Llocal190

measures the total magnitude of local monotonic-191

ity violation between consecutive steps. Llocal in-192

creases only in case of monotonicity loss between193

consecutive steps, as ideally, si (ûi+1 − ûi) ≥194

0, i ∈ I+ and sj (ũj − ũj−1) ≥ 0, j ∈ I−. Lglobal195

is a rank loss that globally measures the number196

of rank monotonicity violations. For i ∈ I+, −di197

is an increasing sequence which positively corre- 198

lates with the monotonically increasing behavior of 199

ûi. Also, for j ∈ I−, dj is a decreasing sequence 200

which correlates with the expected monotonically 201

decreasing behavior of ũj . Both the losses Llocal 202

and Lglobal have lower value for better monotonic 203

behavior of uncertainty. Also, they both range from 204

0 to 1. 205

In the illustrative example in the right-panel of 206

Figure 1, two uncertainty trajectories along the 207

discriminability dimension are studied, obtained 208

from two models M1 and M2. The greater number 209

of monotonicity violations and the lack of peak 210

uncertainty at the scenes of maximum ambiguity in 211

uncertainty sequence of M2 result in higher losses 212

as compared to M1. 213

4 Proposed benchmark 214

We develop 3 variants of the vision-language tasks 215

and 3 variants of the audio-language tasks for con- 216

tinuous uncertainty evaluation. 217

4.1 Vision-QA tasks 218

We create 3 main tasks based on 3 different dimen- 219

sions of varying data discriminability. 220

4.1.1 Spatial location dimension 221

In the spatial reasoning-based task, one object is 222

moved gradually from left to right (primary ob- 223
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ject), and another object is placed at the center224

(anchor object). Hence, the spatial separation of225

the primary object and the anchor object keeps on226

reducing gradually in I+ and vice-versa in I−. An227

illustrative example is shown in Figure 1, where the228

separation between the ball and the cylinder keeps229

varying while the textual prompt - “Is the ball on230

the left of the cylinder?” attempts to probe the231

continuity properties of the MLLM under consid-232

eration using an uncertainty estimator. In total, 30233

various source scenes are created to create diverse234

set of images by - (a) keeping only primary and an-235

chor objects, (b) changing colors of the objects, (c)236

changing the size of primary object, (d) changing237

the size of anchor object, (e) change of primary ob-238

ject, (f) change of anchor object, (g) changing both239

objects, (h) one distractor object, (i) two distractor240

objects, (j) shifting one of the objects diagonally241

instead of horizontal movements.242

In these cases, we keep n+ = 5 and n− = 5.243

Further, we alter object shapes chosen among basic244

(cube, sphere cylinder, prism etc.) and complex245

shapes (cycle, airplane, bus etc.), and divide it into246

3 sub-categories - (a) scenes involving both objects247

as basic (B-B), (b) one complex object and another248

basic one (C-B), (c) both objects being complex249

(C-C). A few examples are shown in Figure 2. Il-250

lustrative examples of these visual variations are251

shown in Appendix C (Figures 4–6).252

4.1.2 Scale dimension253

In this setting, the object sizes are smoothly varied.254

The primary object is initially considered smaller255

than the anchor object. Gradually, it increases to256

match the size of the anchor object (I+, and is257

increased further to make it even larger than the258

anchor (I−). The textual prompt probes the rela-259

tive size between the objects. For this task, source260

scene variations include, (a) keeping only primary261

and anchor objects, (b) changing colors of the ob-262

jects, (c) changing the shape of primary object, (d)263

changing the size of anchor object, (e) changing264

size of both objects, (f) one distractor, (g) two or265

more distractor objects, (h) swapping positions of266

the objects, (i) changing color of the primary object,267

(j) varying anchor object size. Here, n+ = 7 and268

n− = 12. Similar to the spatial reasoning, B-B,269

C-B and C-C variants are generated as well. An270

example is shown in Figure 2.271

4.1.3 Count dimension 272

In this setting, the VLMs are probed in a count- 273

ing task, where a certain type of object, is present 274

with other distractors. The scenes contain a varying 275

number of distractor objects, unrelated to the type 276

of object that needs to be counted. The distrac- 277

tor objects are cluttered spatially. The number of 278

such distractor objects is increased from 5 to 10 in 279

images from 1 to n+ = 5, and then decreased grad- 280

ually from 10 to 6 in n− = 5 images. Only basic 281

object shapes are used in this task. An example is 282

shown in Figure 2. 283

4.2 Audio-QA tasks 284

Similar to visual stimuli, several audio clips are 285

also generated to probe large audio language mod- 286

els (LALMs). 287

4.2.1 Temporal location dimension 288

In this setting, two different audio events (from 289

different audio sources) are placed at different tem- 290

poral locations. One of them is designated as the 291

primary event, which is moved along the tempo- 292

ral axis. The other source is an anchor source, 293

which remains unchanged temporally. We use 294

n+ = 5, and n− = 5. The textual prompt probes 295

the LALMs about the temporal positional reason- 296

ing of the audio events. The audio events are ran- 297

domly selected from the ESC-50 environmental 298

sound events corpus (Piczak, 2015). Various such 299

source scenes are created with, (a) only the pri- 300

mary and anchor events, (b) adding noise to the pri- 301

mary sound source, (c) noise added to the anchor 302

source, (d) noise added to both sources, (e) chang- 303

ing source of primary sound event, (f) changing an- 304

chor sound source, (g) changing both primary and 305

anchor sound sources, (h) distractor sound events 306

before the primary and anchor events, (i) distractor 307

sound events after the primary and anchor events, 308

(j) distractor sound events both before and after the 309

primary and anchor events. 310

4.2.2 Number of Distractors 311

In this setting, apart from the primary and anchor 312

audio events of interest, several distractor audio 313

events unrelated to the task are added to the au- 314

dio recording without overlap. In this task as well, 315

the temporal location of the primary source with 316

respect to the anchor source is probed. The num- 317

ber and position of distractor events is changed to 318

introduce variations and the effect on the uncer- 319

tainty of the LALMs is studied. The variations 320
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Figure 2: Illustrative examples of visual QA tasks based on spatial location, scale and count. (A) Spatial location
dimension task with basic-basic (B-B) object shapes, (B) Spatial location dimension task with complex-complex
(C-C) object shapes, (C) Scale dimension task, (D) Count task.

are, (a) only the primary and anchor events present,321

(b) one distractor event before both events, (c) one322

distractor event after both events, (d) one distrac-323

tor before and one distractor after both events, (e)324

two distractors before and one distractor after both325

events, (f) one distractor before and two distractors326

after both events, (g) two distractors before and two327

distractors after both events.328

4.2.3 Volume dimension329

In this setting, two different audio events (from330

different audio sources) are placed at different tem-331

poral locations. The volume of the primary event is332

initially significantly lesser than the anchor event.333

Then, the volume of the primary event is increased334

gradually (I+) and subsequently, made more and335

more louder than the anchor event (I−). Textual336

prompt probes the model to check if the primary337

event is louder than the anchor event.338

5 Experimental setup339

Apart from creating datasets based on Section 4,340

the continuous uncertainty evaluation involves se-341

lecting a sound black-box uncertainty estimation342

method and an MLLM. We experiment with 2 343

black-box uncertainty estimation methods and 9 344

MLLMs (5 LVLMs and 4 LALMs). 345

5.1 Image QA dataset 346

The synthetic vision-language datasets are gen- 347

erated using the CLEVR (Johnson et al., 2017) 348

framework, which provides procedural 3D scene 349

generation with Blender (Blender Online Com- 350

munity, 2025) as the rendering backend. To ex- 351

tend beyond simple geometric shapes in CLEVR, 352

we integrate complex 3D object models from the 353

Super-CLEVR (Li et al., 2023) dataset, enabling 354

experiments with realistic shapes. All images are 355

rendered using Blender’s Cycles path-tracing en- 356

gine at 640× 480 resolution with 512 samples per 357

pixel. For spatial reasoning tasks, we employ an 358

orthographic camera projection with scale 6.0 to 359

eliminate perspective distortions. A fixed metal 360

material is applied to all objects for visual consis- 361

tency. Scene reproducibility is ensured through 362

seed-controlled random number generators for ob- 363

ject placement, orientation (θ ∈ [0◦, 360◦]), and 364

color selection. 365
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Object complexity levels: The vision QA tasks366

support three types of object shape combinations:367

(a) Basic-Basic (B-B): both objects are basic368

CLEVR shapes (sphere, cube, cylinder); (b) Basic-369

Complex (B-C): one among the primary and an-370

chor obejcts is basic shape, another is a complex371

shape from Super-CLEVR; (c) Complex-Complex372

(C-C): both objects are complex shapes.373

Dataset statistics: For each of the spatial location374

dimension and scale dimension tasks, 30 images375

are created and for the counting task, 10 images are376

created. With n+ = 5 and n− = 5, this leads to377

a corpus of 700 image-text pairs in the image QA378

category.379

5.2 Audio QA dataset380

We synthesize all audio samples using Py-381

Dub (Robert, 2014) by composing short event clips382

sourced from the ESC-50 environmental sound383

dataset (Piczak, 2015). Each sample is constructed384

on a 20 sec. stereo timeline (44.1 kHz, 16-bit), with385

global loudness normalization to −20 dBFS and386

500 ms fade-in/out at event boundaries to reduce387

transition artifacts. We place two 5 sec. events on388

the timeline: a fixed audio event at start time 7.5 s,389

and a second audio event swept across 10 tempo-390

ral positions from 0.0 sec. to 15.0 sec.. When the391

events overlap, we mix the overlap segment using392

equal-power crossfading with cosine/sine weight-393

ing to avoid perceived loudness dips.394

Dataset statistics: Several variations are also in-395

troduced using different primary and anchor audio396

sources, adding noise, and distractor events and397

perturbations discussed in Section 4. In total, 20398

such audio clips are created for the temporal loca-399

tion dimension, 30 clips for the volume dimension400

task, and 14 clips are created for the distractor task.401

Hence, in total, we get a corpus 640 audio clips in402

the audio QA experiments.403

5.3 MLLMs considered404

• The LVLMs explored are LLaVA-1.6 (Liu405

et al., 2023b), Phi-4 (Abdin et al.,406

2024), Qwen-2.5-VL (Yang et al., 2025),407

Pixtral (Agrawal et al., 2024) and408

Gemma-3 (Team et al., 2025) are used.409

• The LALMs used are Qwen2.5-Omni (Xu410

et al., 2025), Kimi-Audio (Ding et al., 2025),411

Audio Flamingo 3 (Ghosh and Duraiswami,412

2025) and Qwen-Omni-3 (Xu et al., 2025).413

5.4 Uncertainty estimation methods 414

We use two different uncertainty estimation 415

methods. Firstly, we utilize semantic entropy 416

(SE) (Kuhn et al., 2023), which calculates the en- 417

tropy in the semantic space of open-text predic- 418

tions from multimodal LLMs, instead of the lexical 419

space. In the black-box settings, SE is computed 420

assuming all sampling responses from the MLLM 421

are equally likely, as the log-likelihoods are not 422

available. This is referred to as discrete semantic 423

entropy (DSE). Another approach to measuring un- 424

certainty is to find the deviation of equivalent/com- 425

plimentary sampling responses from the greedy 426

decoded response (Bhattacharya et al., 2025b) 427

(FESTA). For the object counting task, where com- 428

plementary data generation is challenging, the 429

FESTA approach uses only equivalent samples. 430

The rest of the experiments use both equivalent 431

and complementary samples. Table 1 and Table 2 432

use 30 sampling responses for both methods. The 433

effect of the number of sampling responses used 434

for uncertainty estimation is studied in Appendix 435

Section 6.7. 436

6 Results 437

We evaluate continuous uncertainty across both 438

audio-QA and vision-QA tasks, as discussed in 439

Section 4. We report results on vision-QA tasks 440

in Table 1 and audio-QA tasks in Table 2. Across 441

all combinations of tasks and MLLMs, we report 442

the monotonicity violation losses Llocal and Lglobal 443

(Equation 1) for two different uncertainty estima- 444

tors DSE and FESTA. We report the abstention 445

AUCs obtained using them. The task accuracies of 446

different MLLMs are also included. 447

6.1 Vision-QA: spatial location 448

For the task based on spatial location dimension 449

in Table 1, near-perfect task accuracy is offered 450

by most LVLMs except Gemma-3 (81.33%). Al- 451

though Gemma-3 offers much worse accuracy as 452

compared to others, it offers second-best Lglobal 453

using DSE. Also, Phi-4 and Qwen-2.5-VL, de- 454

spite having near-perfect accuracy, have signifi- 455

cant monotonicity violation losses observed using 456

FESTA. These observations highlight why mono- 457

tonicity studies are necessary, even among high- 458

performance models, Lglobal varies substantially, 459

indicating different degrees of transition localiza- 460

tion. LlaVa-1.6 exhibits the best monotonicity 461

behavior as evident from the minimum Lglobal loss 462
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Table 1: Evaluation of monotonicity of FESTA and DSE
based uncertainty scores for vision-QA tasks.

MLLMs Acc.
DSE FESTA

AUC
(↑)

Llocal
(↓)

Lglobal
(↓)

AUC
(↑)

Llocal
(↓)

Lglobal
(↓)

Spatial location dimension

LlaVa-1.6 95.67 61.1 0.0097 0.4261 98.92 0.0359 0.1882
Phi-4 99.67 50.0 0.0000 0.5000 98.99 0.0304 0.3139
Qwen-2.5-VL 99.33 50.0 0.0000 0.5000 98.98 0.0334 0.3388
Pixtral 97.00 50.0 0.0000 0.5000 99.49 0.0285 0.2700
Gemma-3 81.33 68.6 0.0396 0.4831 96.70 0.0328 0.3047

Avg. 94.60 55.9 0.0099 0.4818 98.62 0.0322 0.2831

Scale dimension

LlaVa-1.6 54.00 68.6 0.0907 0.6622 87.83 0.0559 0.5258
Phi-4 84.33 77.5 0.0631 0.3472 83.91 0.0297 0.3004
Qwen-2.5-VL 84.33 80.1 0.0368 0.3409 89.46 0.0306 0.1954
Pixtral 88.67 70.7 0.0323 0.3846 81.65 0.0370 0.2793
Gemma-3 73.33 56.4 0.0535 0.5028 89.79 0.0375 0.2530

Avg. 76.93 70.7 0.0553 0.4475 86.53 0.0381 0.3108

Count

LlaVa-1.6 100.00 – 0.0855 0.3575 – 0.1000 0.4110
Phi-4 100.00 – 0.0882 0.4690 – 0.1013 0.3337
Qwen-2.5-VL 99.00 99.5 0.1911 0.6724 46.46 0.1319 0.6537
Pixtral 99.00 100.0 0.0459 0.4926 98.99 0.0615 0.3267
Gemma-3 70.00 59.1 0.0782 0.4128 81.76 0.1343 0.5816

Avg. 93.60 86.2∗ 0.0978 0.4809 75.74∗ 0.1058 0.4613

using both FESTA and DSE.463

6.2 Vision-QA: scale dimension464

For the task based on the scale dimension in Ta-465

ble 1, the LVLMs show more spread in task accu-466

racy than spatial location, with Pixtral achieving467

the best accuracy and LlaVa-1.6 the lowest. How-468

ever, accuracy does not directly translate to mono-469

tonicity: Qwen-2.5-VL exhibits the best trajectory-470

faithfulness under FESTA, achieving the minimum471

Lglobal (0.1954). In contrast, LlaVa-1.6 shows472

the largest global deviation under both DSE and473

FESTA (Lglobal = 0.6622 and 0.5258), indicat-474

ing that its uncertainty peak is poorly localized475

around the equal-size transition. These observa-476

tions again highlight why monotonicity studies are477

necessary: even among models with similar ac-478

curacy (e.g., Phi-4 and Qwen-2.5-VL), the global479

violation losses can differ substantially, reflecting480

different degrees of transition localization.481

6.3 Vision-QA: count482

For the count task in Table 1, several LVLMs483

reach saturated task accuracy (e.g., LlaVa-1.6 and484

Phi-4), making the AUC undefined and reducing485

the diagnostic value of ranking-based metrics in486

those cases. In this regime, monotonicity losses be-487

come the primary evidence of whether uncertainty488

meaningfully tracks increasing cluttering of dis-489

Table 2: Evaluation of monotonicity of FESTA and DSE
based uncertainty scores for Audio-QA tasks.

MLLMs Acc.
DSE FESTA

AUC
(↑)

Llocal
(↓)

Lglobal
(↓)

AUC
(↑)

Llocal
(↓)

Lglobal
(↓)

Temporal location dimension

Audio-Flam.3 89.50 90.35 0.0492 0.2707 88.30 0.0354 0.2185
Qwen2.5-Omni 87.00 78.51 0.0957 0.5190 99.56 0.0285 0.2075
Qwen-Omni-3 96.00 77.22 0.0255 0.4199 98.50 0.0261 0.3152
Kimi-Audio 68.50 72.05 0.0982 0.3599 84.10 0.0474 0.2939

Avg. 85.25 79.53 0.0671 0.3924 92.61 0.0343 0.2588

Number of distractors

Audio-Flam.3 87.14 62.80 0.0525 0.3483 70.00 0.0411 0.4277
Qwen2.5-Omni 70.00 66.25 0.0916 0.6227 93.26 0.0467 0.4126
Qwen-Omni-3 92.86 88.49 0.0739 0.5472 85.83 0.0315 0.3725
Kimi-Audio 56.43 58.58 0.0878 0.4145 78.36 0.0628 0.4317

Avg. 76.61 69.03 0.0765 0.4832 81.86 0.0455 0.4111

Volume dimension

Audio-Flam.3 57.50 50.45 0.0758 0.4559 52.08 0.0664 0.4865
Qwen2.5-Omni 59.00 60.74 0.0657 0.4223 65.20 0.0550 0.3788
Qwen-Omni-3 54.50 67.44 0.0589 0.4656 83.51 0.0526 0.3182
Kimi-Audio 53.50 60.14 0.0700 0.5089 70.38 0.0671 0.5049

Avg. 56.13 59.69 0.0676 0.4637 67.79 0.0603 0.4221

tractors. Under FESTA, Pixtral exhibits the best 490

monotonicity behavior with the minimum Lglobal 491

(0.3267), whereas Qwen-2.5-VL shows the largest 492

global deviation (0.6537) despite near-perfect ac- 493

curacy, indicating a diffuse or mislocalized uncer- 494

tainty profile at maximum number of distractors. 495

Moreover, Gemma-3 achieves lower accuracy but 496

still incurs high Lglobal under FESTA (0.5816), rein- 497

forcing that both correctness and monotonicity can 498

degrade independently. Overall, these results mo- 499

tivate reporting Lglobal alongside accuracy, since it 500

remains informative even when accuracy saturates, 501

and AUC is undefined. 502

6.4 Audio-QA: Temporal location dimension 503

For temporal ordering tasks (Table 2), most 504

audio LALMs achieve strong accuracy, with 505

Qwen-Omni-3 performing best. However, accu- 506

racy alone does not fully reflect the reliability 507

of evaluations. The monotonicity metrics in Ta- 508

ble 2 reveal clear differences in how uncertainty 509

evolves along temporal trajectories. With FESTA, 510

Audio-Flam.3 and Qwen2.5-Omni exhibit more 511

localized and smoother transitions, whereas even 512

high-accuracy models show larger global devia- 513

tions, indicating less faithful temporal uncertainty 514

localization. This gap between correctness and tra- 515

jectory behavior motivates monotonicity analysis 516

for audio reasoning. Notably, Kimi-Audio exhibits 517

lower accuracy and reduced continuity, suggesting 518

limited temporal reasoning capability across all the 519

7



Figure 3: Sample sensitivity for uncertainty estimators
across vision QA tasks.

metrics measured.520

6.5 Audio-QA: Distractor dimension521

For audio tasks with increasing numbers of distrac-522

tors (Table 2), accuracy drops and varies widely523

across models, indicating that presence of more dis-524

tractors significantly increases task difficulty. Un-525

der FESTA, models exhibit substantially different526

uncertainty behaviors, with Qwen2.5-Omni show-527

ing stronger abstention skills despite reduced mod-528

erate accuracy, while other high-accuracy models529

display weaker localization of uncertainty.530

6.6 Audio-QA: Volume dimension531

For loudness-based reasoning tasks (Table 2),532

overall accuracy is lower than in temporal and533

distractor-based settings, indicating increased diffi-534

culty in modeling volume transitions. The mono-535

tonicity metrics reveal substantial variation in un-536

certainty behavior across models, even where accu-537

racy is comparable. Under FESTA, some models538

exhibit smoother and more localized uncertainty539

evolution, while others show reduced continuity,540

suggesting weaker alignment with gradual loud-541

ness changes. These results further demonstrate542

that performance accuracy alone is insufficient to543

characterize reasoning quality for volume-based544

audio tasks. Overall, the consistently low accuracy545

and AUC in this setting suggest that current audio546

LALMs have limited capability to reason reliably547

about loudness differences, making volume-based548

reasoning a particularly challenging dimension.549

6.7 Effect of number of samples 550

The uncertainty estimators either sample the output 551

distribution (DSE) or both input and output distri- 552

butions (FESTA). However, both these estimators 553

are sensitive to the number of samples that allow a 554

stable estimation of the uncertainty measure. We 555

perform a sensitivity analysis using different num- 556

ber of output or input/output samples for both these 557

estimators. The analysis is reported in Figure 3 for 558

vision-QA tasks. In particular, both the local and 559

the global measures are seen to be relatively stable 560

with varying number of samples. A higher num- 561

ber of samples gives a slight improvement in most 562

cases except for the DSE approach with Lglobal. 563

Further analysis is included in Section B. 564

7 Discussion 565

The probes on multimodal LLMs for their uncer- 566

tainty evaluation across axes of complexity show 567

that the uncertainty patterns often suffer from lack 568

of monotonicity, evident from high monotonicity 569

violation losses. Moreover, we also highlight that 570

high accuracy and near-perfect model performance 571

may often mask real-world human-like behavioral 572

profiles that are expected from the MLLMs. While 573

our analysis probed only a subset of dimensions, it 574

lays out an open call for modelling efforts to ana- 575

lyze MLLMs on diverse axes of complexity. Fur- 576

ther, smoothness and continuity are often desired 577

properties as models make transitions from static 578

images and audios to multi-input and video based 579

scene understanding. Smooth uncertainty calibra- 580

tion along various axes of discriminability is highly 581

sought after because of its potential to work as a 582

trigger mechanism in various applications, such 583

as robotic applications (Hsiao et al., 2011; Kim 584

et al., 2012), and autonomous vehicle functional- 585

ity (Basavaraj et al., 2023), among others. 586

8 Conclusion 587

We propose a synthetic benchmark for evaluating 588

uncertainty in multimodal LLMs for inputs with 589

varying discriminability. Our experiments with 590

vision-LLMs and audio-LLMs have shown that 591

many of them fail to demonstrate monotonic uncer- 592

tainty behaviors with a gradual increase/decrease 593

in input ambiguity, which violates the fundamen- 594

tal notion of uncertainty. Our evaluation protocol 595

points to a critical limitation in uncertainty behav- 596

ior of multimodal LLMs and calls for modelling 597

efforts to address this. 598

8



Limitations599

Although the proposed evaluation and benchmark-600

ing of continuous evaluations of MLLM uncer-601

tainty finds intriguing observations, it has the fol-602

lowing limitations and opens scope for future work.603

1. The proposed study explores a limited number604

of dimensions of discriminability/ambiguity605

across vision-language and audio-language606

tasks. The benchmarking can further be en-607

hanced to more sophisticated tasks and asso-608

ciated ambiguity.609

2. As compared to simple performance metrics610

like accuracy, computation of monotonicity611

violation losses involves much larger compu-612

tation because for a single data point, multiple613

sweeping scenes/audios are created along the614

dimension of discriminability.615

3. The proposed benchmark has potential appli-616

cations in robotics, such as object handling617

using a robotic arm, and in autonomous driv-618

ing, including path following, among others.619

This work has not covered such applications.620
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Figure 4: LVLMs (FESTA): average uncertainty trajectories across task dimensions (spatial translation, scale,
clutter).

A Appendix795

A.1 Average Uncertainty Plots796

Figures 4–6 visualize the average uncertainty val-797

ues along each continuous trajectory step (x-axis),798

aggregated across all scenes/questions within a task799

variant. These plots provide a qualitative com-800

plement to the quantitative monotonicity losses:801

a trajectory-faithful estimator should exhibit a802

smooth “approach–transition–depart” profile with803

uncertainty peaking near the designed transition804

point. For LVLMs, we report a single grid fig-805

ure covering all three image axes (spatial location,806

scale, count dimensions) for both FESTA and DSE.807

Similarly for Audio-LLMs, we present (DSE vs.808

FESTA) aligned per-task pairs for a direct visual809

comparison of peak localization and smoothness810

across estimators.811

B Sampling Ablation812

We study the effect of sample count used by813

sampling-based uncertainty estimation by sweep-814

ing the number of samples from 10 to 60. In-815

creasing the number of samples reduces the local816

monotonicity violations for both estimators (DSE:817

0.0489→0.0391; FESTA: 0.0470→0.0447), sug-818

gesting improved step-to-step consistency of the819

uncertainty trajectory. For the global loss, FESTA820

exhibits a clear improvement (0.3596→0.3182),821

while DSE shows a modest increase from 10 to822

30 samples (0.4268→0.4670) and then stabilizes 823

(0.4657 at 60). Overall, FESTA appears more sta- 824

ble under increased sampling, whereas entropy- 825

based scoring shows sensitivity in global ordering 826

despite improved local smoothness. 827

The Tables 3- 20 reports aggregated performance 828

under three sampling regimes (n ∈ {10, 30, 60}) 829

for both image and audio settings. 830

Audio tasks. We report two audio tasks: Tempo- 831

ral Reasoning and Count Reasoning. 832

Image tasks. We report three image tasks as dis- 833

cussed before: Spatial Reasoning, Scale Reason- 834

ing, and Count Reasoning. Each reported entry 835

corresponds to a model-level average across task 836

complexities available in the runs for that task and 837

n. 838

Metrics. We report Accuracy (Acc) and AUC for 839

the two uncertainty measures: DSE and FESTA. 840

Additionally, we report local and global loss terms 841

Llocal and Lglobal for both variants. 842

C Variants 843

C.1 Visual variations used in the synthetic 844

scenes 845

Figures 7–9 illustrate the image variations used 846

by the three sweeps. Each figure is a 10 × 10 847

grid of example scenes. Across all grids, columns 848

(left→right) correspond to increasing values of the 849
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Figure 5: LVLMs (DSE/Entropy): average uncertainty trajectories across task dimensions (spatial translation, scale,
clutter).

Table 3: Sample count n = 10; Temporal Reasoning.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

Audio-Flam.3 0.8950 0.8889 0.8033 0.0700 0.0457 0.3071 0.2316
Qwen2.5-Omni 0.8700 0.7701 0.9841 0.1271 0.0518 0.5172 0.2931
Qwen-Omni-3 0.9600 0.8709 0.8786 0.0294 0.0213 0.3810 0.3108
Kimi-Audio 0.6850 0.7092 0.7337 0.0933 0.0576 0.3808 0.3781

sweep parameter, while rows show different under-850

lying templates/complexities (e.g., different object851

type/color combinations and, in some cases, addi-852

tional non-target objects).853

Row legend for Fig. 7 (Spatial Reasoning,854

basic_basic). Rows correspond to the 10 sub-855

variations Im01–Im10.856

Row 1 (Im01, original): clean baseline with857

default pair/colors (e.g., green sphere as source;858

brown cylinder as destination).859

Row 2 (Im02, color_both): both source and des-860

tination colors are changed (randomly selected).861

Row 3 (Im03, size_up_src): source object scaled862

up (2× larger) while destination unchanged.863

Row 4 (Im04, size_down_dst): destination ob-864

ject scaled down (0.5× smaller) while source un-865

changed.866

Row 5 (Im05, shape_src): source shape changed:867

(sphere→cube); destination unchanged.868

Row 6 (Im06, shape_dst): destination shape869

changed: (cylinder→cube); source unchanged.870

Row 7 (Im07, shape_both): both shapes changed: 871

sphere→cube and cylinder→sphere). 872

Row 8 (Im08, intruder_one): add one cube in- 873

truder (different color), placed off the sweep axis. 874

Row 9 (Im09, intruder_two): add two cube in- 875

truders (different colors), placed off the sweep axis. 876

Row 10 (Im10, move_dst_up): destination object 877

shifted diagonally (upward), so the comparison is 878

not purely horizontal. 879

Row legend for Fig. 8 (Scale Reasoning, 880

basic_basic). Rows correspond to the 10 sub- 881

variations Im01–Im10. 882

Row 1 (Im01, original): baseline size- 883

comparison setup (left object fixed size; right object 884

varies across columns). 885

Row 2 (Im02, color_both): both objects recol- 886

ored (different colors). 887

Row 3 (Im03, shape_src): left object shape 888

changed: (sphere→cube). 889

Row 4 (Im04, shape_dst): right object shape 890

changed: (cylinder→cube). 891
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(a) Entropy (DSE): Temporal reasoning. (b) FESTA: Temporal reasoning.

(c) Entropy (DSE): Count dimension (intrud-
ers).

(d) FESTA: Count dimension (intruders).

(e) Entropy (DSE): Amplitude/volume reason-
ing.

(f) FESTA: Amplitude/volume reasoning.

Figure 6: Audio-LLMs: average uncertainty trajectories for each audio task dimension, shown as aligned pairs
(Entropy/DSE vs. FESTA) to facilitate direct visual comparison of trajectory shape and peak localization.

Table 4: Sample count n = 10; Count Reasoning.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

Audio-Flam.3 0.8714 0.6755 0.7206 0.1123 0.0620 0.3900 0.4220
Qwen2.5-Omni 0.7000 0.6890 0.9140 0.1190 0.0474 0.6237 0.3863
Qwen-Omni-3 0.9286 0.8056 0.8594 0.0752 0.0353 0.5636 0.3845
Kimi-Audio 0.5643 0.7145 0.6384 0.0889 0.0658 0.3203 0.3786

Row 5 (Im05, shape_both): both shapes changed892

(sphere→cube, cylinder→sphere).893

Row 6 (Im06, intruder_one): add one cube in-894

truder in the foreground.895

Row 7 (Im07, intruder_two): add two cube in-896

truders in the foreground.897

Row 8 (Im08, swap_positions): swap left/right898

object positions (cylinder on the left, sphere on the899

right), inverting the comparison logic.900

Row 9 (Im09, color_src): only the left object901

color is changed; right object remains as in the902

baseline.903

Row 10 (Im10, size_both_change): both objects904

change size in opposite directions across columns905

(one increases while the other decreases).906

Row legend for Fig. 9 (Clutter Reasoning,907

basic_basic). Rows correspond to the 10 sub-908

variations 01–10909

Row 1 (01, original): baseline (3 blue cylinders910

as focus; distractors are random spheres/cubes with911

colors from a fixed pool). 912

Row 2 (02, color_both): recolor both focus ob- 913

jects (e.g., blue→red) and the distractor color 914

palette. 915

Row 3 (03, color_focus): recolor focus objects 916

only; distractors unchanged from baseline. 917

Row 4 (04, color_distractor): change distrac- 918

tor colors only; focus unchanged from baseline. 919

Row 5 (05, shape_focus): change focus shape 920

(cylinder→cube); distractor shapes exclude the fo- 921

cus shape to keep counting unambiguous. 922

Row 6 (06, shape_distractor): restrict distrac- 923

tors to a single shape class (e.g., spheres only). 924

Row 7 (07, size_up_focus): scale up focus ob- 925

jects (1.3× larger). 926

Row 8 (08, size_down_focus): scale down focus 927

objects (0.7× smaller). 928

Row 9 (09, size_up_distractor): scale up dis- 929

tractor objects (1.3× larger). 930

Row 10 (10, material_change): change material 931

globally (e.g., metal→rubber). 932
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Table 5: Sample count n = 10; Volume Reasoning.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

Audio-Flam.3 0.5750 0.4878 0.5735 0.1218 0.0707 0.5251 0.4699
Qwen2.5-Omni 0.5900 0.5760 0.5471 0.1077 0.0756 0.4551 0.4617
Qwen-Omni-3 0.5450 0.6406 0.7725 0.0534 0.0602 0.4361 0.3597
Kimi-Audio 0.5350 0.5322 0.6466 0.1208 0.0760 0.5473 0.5281

Table 6: Sample count n = 30; Temporal Reasoning.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

Audio-Flam.3 0.8950 0.9035 0.8830 0.0492 0.0354 0.2707 0.2185
Qwen2.5-Omni 0.8700 0.7851 0.9956 0.0957 0.0285 0.5190 0.2075
Qwen-Omni-3 0.9600 0.7722 0.9850 0.0255 0.0261 0.4199 0.3152
Kimi-Audio 0.6850 0.7205 0.8410 0.0982 0.0474 0.3599 0.2939

D Computation hardware details933

A cluster with 8 X Nvidia RTX A6000 cards is934

used for the experiments.935
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Table 7: Sample count n = 30; Count Reasoning.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

Audio-Flam.3 0.8714 0.6280 0.7000 0.0525 0.0411 0.3483 0.4277
Qwen2.5-Omni 0.7000 0.6625 0.9326 0.0916 0.0467 0.6227 0.4126
Qwen-Omni-3 0.9286 0.8849 0.8583 0.0739 0.0315 0.5472 0.3725
Kimi-Audio 0.5643 0.5858 0.7836 0.0878 0.0628 0.4145 0.4317

Table 8: Sample count n = 30; Volume Reasoning.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

Audio-Flam.3 0.5750 0.5045 0.5208 0.0758 0.0664 0.4559 0.4865
Qwen2.5-Omni 0.5900 0.6074 0.6520 0.0657 0.0550 0.4223 0.3788
Qwen-Omni-3 0.5450 0.6744 0.8351 0.0589 0.0526 0.4656 0.3182
Kimi-Audio 0.5350 0.6014 0.7038 0.0700 0.0671 0.5089 0.5049

Table 9: Sample count n = 60; Temporal Reasoning.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

Audio-Flam.3 0.8950 0.9135 0.9055 0.0475 0.0291 0.2536 0.1852
Qwen2.5-Omni 0.8700 0.7991 0.9971 0.0940 0.0236 0.5353 0.1898
Qwen-Omni-3 0.9600 0.8351 0.9888 0.0246 0.0264 0.4178 0.2687
Kimi-Audio 0.6850 0.7207 0.8598 0.0802 0.0421 0.3508 0.2925

Table 10: Sample count n = 60; Count Reasoning.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

Audio-Flam.3 0.8714 0.6451 0.7875 0.0575 0.0336 0.3853 0.3640
Qwen2.5-Omni 0.7000 0.6656 0.9679 0.0806 0.0399 0.6319 0.3992
Qwen-Omni-3 0.9286 0.8901 0.8821 0.0760 0.0329 0.5574 0.3815
Kimi-Audio 0.5643 0.6212 0.7965 0.0681 0.0633 0.3919 0.4334

Table 11: Sample count n = 60; Volume Reasoning.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

Audio-Flam.3 0.5750 0.4981 0.5282 0.0590 0.0611 0.4635 0.4831
Qwen2.5-Omni 0.5900 0.6295 0.6581 0.0531 0.0457 0.4022 0.4248
Qwen-Omni-3 0.5450 0.6891 0.8509 0.0527 0.0472 0.4774 0.3294
Kimi-Audio 0.5350 0.5702 0.7201 0.0664 0.0708 0.5363 0.4986
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Table 12: Sample count n = 10; Spatial Reasoning. Metrics are averaged across available complexities per model.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

LlaVa-1.6 0.96 0.9571 0.9694 0.0081 0.0381 0.2179 0.2674
Phi-4 1.00 0.4798 1.0000 0.0000 0.0223 0.4371 0.3634
Qwen-2.5-VL 0.99 0.9745 1.0000 0.0000 0.0282 0.4607 0.3978
Pixtral 0.97 0.9420 0.9849 0.0035 0.0295 0.3018 0.3296
Gemma-3 0.81 0.6968 0.9560 0.0768 0.0367 0.4208 0.3215

Table 13: Sample count n = 10; Scale Reasoning. Metrics are averaged across available complexities per model.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

LlaVa-1.6 0.54 0.6512 0.8259 0.1053 0.0724 0.6413 0.5601
Phi-4 0.84 0.7582 0.8482 0.0649 0.0379 0.3563 0.3147
Qwen-2.5-VL 0.84 0.7984 0.8873 0.0441 0.0345 0.3258 0.2704
Pixtral 0.89 0.6669 0.7919 0.0346 0.0385 0.3965 0.3052
Gemma-3 0.73 0.5205 0.8631 0.0456 0.0367 0.5217 0.2518

Table 14: Sample count n = 10; Count Reasoning. Metrics are averaged across available complexities per model.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

LlaVa-1.6 1.00 — — 0.1597 0.1116 0.6119 0.4528
Phi-4 1.00 — — 0.0716 0.0843 0.4987 0.4116
Qwen-2.5-VL 0.99 0.8990 0.7879 0.1947 0.1398 0.5933 0.6242
Pixtral 0.99 1.0000 0.9697 0.0526 0.0636 0.4906 0.4175
Gemma-3 0.70 0.5593 0.8086 0.0829 0.1213 0.5024 0.5344

Table 15: Sample count n = 30; Spatial Reasoning. Metrics are averaged across available complexities per model.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

LlaVa-1.6 0.96 0.6115 0.9892 0.0097 0.0359 0.4261 0.1882
Phi-4 1.00 0.5000 0.9899 0.0000 0.0304 0.5000 0.3139
Qwen-2.5-VL 0.99 0.5000 0.9898 0.0000 0.0334 0.5000 0.3388
Pixtral 0.97 0.5000 0.9949 0.0000 0.0285 0.5000 0.2700
Gemma-3 0.81 0.6858 0.9670 0.0396 0.0328 0.4831 0.3047

Table 16: Sample count n = 30; Scale Reasoning. Metrics are averaged across available complexities per model.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

LlaVa-1.6 0.54 0.6863 0.8783 0.0907 0.0559 0.6622 0.5258
Phi-4 0.84 0.7745 0.8390 0.0631 0.0297 0.3472 0.3004
Qwen-2.5-VL 0.84 0.8006 0.8946 0.0368 0.0306 0.3409 0.1954
Pixtral 0.89 0.7070 0.8165 0.0323 0.0370 0.3846 0.2793
Gemma-3 0.73 0.5636 0.8979 0.0535 0.0375 0.5028 0.2530
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Table 17: Sample count n = 30; Count Reasoning. Metrics are averaged across available complexities per model.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

LlaVa-1.6 1.00 — — 0.0855 0.1000 0.3575 0.4110
Phi-4 1.00 — — 0.0882 0.1013 0.4690 0.3337
Qwen-2.5-VL 0.99 0.9949 0.4646 0.1911 0.1319 0.6724 0.6537
Pixtral 0.99 1.0000 0.9899 0.0459 0.0615 0.4926 0.3267
Gemma-3 0.70 0.5907 0.8176 0.0782 0.1343 0.4128 0.5816

Table 18: Sample count n = 60; Spatial Reasoning. Metrics are averaged across available complexities per model.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

LlaVa-1.6 0.96 0.6098 0.9966 0.0072 0.0344 0.4249 0.1878
Phi-4 1.00 0.5000 1.0000 0.0000 0.0357 0.5000 0.3252
Qwen-2.5-VL 0.99 0.5000 1.0000 0.0000 0.0319 0.5000 0.3248
Pixtral 0.97 0.5000 0.9935 0.0000 0.0266 0.5000 0.2684
Gemma-3 0.81 0.6865 0.9731 0.0396 0.0319 0.4848 0.2994

Table 19: Sample count n = 60; Scale Reasoning. Metrics are averaged across available complexities per model.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

LlaVa-1.6 0.54 0.6983 0.8867 0.0749 0.0499 0.6496 0.5306
Phi-4 0.84 0.7822 0.8396 0.0601 0.0289 0.3486 0.2701
Qwen-2.5-VL 0.84 0.8104 0.8885 0.0356 0.0299 0.3378 0.2070
Pixtral 0.89 0.7077 0.8149 0.0332 0.0399 0.3828 0.2728
Gemma-3 0.73 0.5631 0.9074 0.0547 0.0365 0.5028 0.2571

Table 20: Sample count n = 60; Count Reasoning. Metrics are averaged across available complexities per model.

Model Acc AUCDSE AUCFESTA Llocal,DSE Llocal,FESTA Lglobal,DSE Lglobal,FESTA

LlaVa-1.6 1.00 — — 0.0751 0.1000 0.3423 0.4110
Phi-4 1.00 — — 0.0813 0.1013 0.4609 0.3337
Qwen-2.5-VL 0.99 0.9899 0.4646 0.1713 0.1319 0.6905 0.6537
Pixtral 0.99 1.0000 0.9899 0.0509 0.0615 0.5010 0.3267
Gemma-3 0.70 0.5883 0.8176 0.0746 0.1343 0.4096 0.5816
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Figure 7: Spatial Reasoning The queried object is translated horizontally relative to a reference object (left→right
across columns), spanning clearly-left, near-overlap/ambiguous midpoints, and clearly-right configurations.
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Figure 8: Scale Reasoning The relative object scale is varied monotonically across columns (small→large),
producing progressively larger/smaller target instances while keeping the overall scene layout consistent within each
row. Rows show different base templates/complexities (different object pairs and, in some rows, additional objects).
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Figure 9: Count Reasoning The number and composition of non-target (distractor) objects is varied across columns,
increasing scene count and potential confounds while keeping the core target configuration consistent within each
row. Rows correspond to different target templates (e.g., different target colors/shapes).
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