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Abstract001

We investigated visual reasoning limitations002
of both multimodal large language mod-003
els (MLLMs) and image generation models004
(IGMs) by creating a novel benchmark to005
systematically compare failure modes across006
image-to-text and text-to-image tasks, enabling007
cross-modal evaluation of visual understand-008
ing. Despite rapid growth in machine learning,009
vision language models (VLMs) still fail to010
understand or generate basic visual concepts011
such as object orientation, quantity, or spatial012
relationships, which highlighted gaps in ele-013
mentary visual reasoning. By adapting MMVP014
benchmark questions into explicit and implicit015
prompts, we create AMVICC, a novel bench-016
mark for profiling failure modes across various017
modalities. After testing 11 MLLMs and 3018
IGMs in nine categories of visual reasoning,019
our results show that failure modes are often020
shared between models and modalities, but cer-021
tain failures are model-specific and modality-022
specific, and this can potentially be attributed023
to various factors. IGMs consistently strug-024
gled to manipulate specific visual components025
in response to prompts, especially in explicit026
prompts, suggesting poor control over fine-027
grained visual attributes. Our findings apply028
most directly to the evaluation of existing state-029
of-the-art models on structured visual reason-030
ing tasks. This work lays the foundation for031
future cross-modal alignment studies, offering032
a framework to probe whether generation and033
interpretation failures stem from shared limita-034
tions to guide future improvements in unified035
vision-language modeling.036

1 Introduction037

Recently, multi-modal models have improved sig-038

nificantly and have shown proficiency in several039

fields with emergent capabilities (Stability AI,040

2024). However, recent work has highlighted that041

despite their strength in visual reasoning, instruc-042

tion following, and image understanding proficien-043

cies, many fail to consistently and accurately an- 044

swer straightforward visual understanding ques- 045

tions that most humans find trivial (Anis et al., 046

2025). The extensive visual shortcomings of 047

MLLMs and VLMs have been defined and tested 048

in benchmarks such as MediConfusion, GMAI- 049

MMBench, and the MMVP Benchmark (Sepehri 050

et al., 2024; Chen et al., 2024; Tong et al., 2024). 051

Compared to other generative model modalities, 052

IGMs are steadily improving: Gemini 2.5 Flash 053

Image and OpenAI’s DALL·E 3 revolutionized in- 054

struction following and realism within image gen- 055

eration (Fortin et al., 2025; OpenAI, 2024b). How- 056

ever, despite their drastic growth, IGMs demon- 057

strate similar elementary failures in generating im- 058

ages that align with given prompts, especially those 059

with a complex combination of entities, attributes, 060

and spatial relationships (Marioriyad et al., 2025; 061

Gokhale et al., 2023). Several benchmarks and met- 062

rics have attempted to classify failure modes (for 063

example, quantitative shifts, attribute comparisons, 064

spatial relationships) to identify prospective points 065

of improvement such as VisuLogic, VISOR, T2I- 066

CompBench, and SAGE (Xu et al., n.d.; Huang 067

et al., 2021). 068

However, there is a notable lack of research com- 069

paring visual reasoning and generations between 070

models in IGMs and MLLMs. In this paper, we 071

extend the work done by Eyes Wide Shut? Explor- 072

ing the Visual Shortcomings of Multimodal LLMs 073

to profile the cross-modal failure modes in visual 074

reasoning and recognition of MLLMs and image 075

generation models (Tong et al., 2024). We created 076

matching generation prompts based on the MMVP- 077

Benchmark to evaluate failure mode similarities 078

between the two modalities. Through these tests, 079

we hoped to uncover insights into the elementary 080

visual shortcomings of image generation models 081

and multi-modal LLMs. In this paper, we intro- 082

duce a novel benchmark, Assessment of Modality- 083

Specific Visual Intelligence Comprehension and 084
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Figure 1: Comparison of implicit prompts to explicit prompts for the 2 pictures in a pair

Creation (AMVICC), to evaluate the failure modes085

of image generation models and MLLMs with the086

same contextual input and provide analysis of tests087

completed on current state-of-the-art models.088

2 Methods089

In this section, we explain our evaluation of the fol-090

lowing Vision Language Models: Meta: Llama 3.2091

90B Vision Instruct (90 billion parameters), Meta:092

Llama 4 Maverick (17 billion active parameters093

and 128 experts), Meta: Llama 4 Scout (17 billion094

active parameters and 16 experts), xAI: Grok 4,095

Google: Gemma 3 27B (27 billion parameters),096

Google: Gemini 2.5 Pro, OpenAI: GPT-4o, Qwen:097

Qwen2.5 VL 72B Instruct (72 billion parameters),098

Mistral: Pixtral Large 2411 (124 billion parame-099

ters), Anthropic: Claude Opus 4.1, and Anthropic:100

Claude Sonnet 4, on a modified version of the101

MMVP Benchmark (Meta, 2024, 2025; xAI, 2025;102

Gemma Team, 2025; Gemini Team, 2025; Ope-103

nAI, 2024a; Qwen Team, 2025; Mistral AI, 2024;104

Anthropic, 2025a,b). To our modified version, we105

add categories to the MMVP Benchmark to match106

the tasks of the visual understanding questions.107

We also evaluated the following Image Genera-108

tion Models: OpenAI: DALL·E 3, Google: Gemini109

2.5 Flash Image, & Stability AI: Stable Diffusion110

3.5 Large (8.1 billion parameters) on AMVICC,111

which contains prompts constructed to mirror the112

questions on the MMVP Benchmark with corre-113

sponding categories (OpenAI, 2024b; Fortin et al.,114

2025; Stability AI, 2024). VLM models were cho-115

sen to provide a variance across open-source and116

closed-source models while also providing variabil- 117

ity across model size, architecture, and training 118

methods. Due to a smaller selection of state-of- 119

the-art image generation models due to access and 120

availability, we were only able to choose 3 mod- 121

els with variance across providers, training data, 122

architecture, and size. 123

2.1 Prompting Procedure 124

To evaluate model performance in both directions 125

(image → text and text → image), we used 300 126

original MMVP benchmark questions, and 600 ad- 127

ditional prompts were created [found in Appendix 128

A] to probe specific failure modes. 129

• For VLMs: For VLMs, the benchmark ques- 130

tions were paired with MMVP images, and 131

resulting answers were graded by GPT-4o to 132

determine model accuracy. 133

• For Image Generation Models: For image 134

generation, we (4 authors) designed hand- 135

crafted explicit and implicit prompts derived 136

from those questions in order to test corre- 137

sponding tasks in image generation models 138

with 2 consequent checks for correct structure 139

and prompting style. 140

These mixed evaluation methods were utilized due 141

to the known inaccuracy of VLMs when evaluating 142

images for positioning and elementary understand- 143

ing, while proven to be accurate with text. This 144

methodology also mirrors the evaluation methodol- 145

ogy of the MMVP benchmark evaluation to sum- 146

marize outputs from the VLMs into the final mul- 147

tiple choice answer (for example, (a) or (b)). Our 148
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implicit prompts were created by defining the gen-149

eralized situation between a pair of images in or-150

der to establish the foundation of a model’s ability151

to generate the background. Afterwards, each ex-152

plicit prompt, correlating to an MMVP question,153

added the element required by the correct answer154

choice of the corresponding MMVP question. They155

clearly define the required visual concept while156

implicit prompts used more natural, generalized157

phrasing to create a prompt relevant to both ques-158

tions and correct answer choices. There are a total159

of 600 prompts with 300 implicit prompts and 300160

explicit prompts. Each implicit prompt tests an161

image generation model’s ability to generate a sce-162

nario while each explicit prompt tests an image163

generation model’s ability to change the generated164

image to satisfy a specific newly-added component165

(for example, dog in grass is implicit and dog in166

grass looking to the right is explicit) similar to the167

way the MMVP benchmark tests a model’s ability168

to visually understand a specific component.169

Figure 2: Diagram of the AMVICC Creation Pipeline:
We created implicit prompts based off of the general
scenario introduced by the question and created explicit
prompts by adding specifics in line with the specific
answer choice for that image ID.

2.2 Evaluation 170

To systematically evaluate the performance of both 171

vision language models and image generation mod- 172

els, we determined the success and failure of each 173

question-answering task. We designed a rubric that 174

defines success and failure based on the intended 175

visual understanding goals of the MMVP bench- 176

mark. We began by testing various VLMs [detailed 177

in the beginning of section 3] based on the 300 178

questions that were present in the original MMVP 179

dataset, and then moved to testing various IGMs 180

with the additional prompts we created based on 181

those questions [detailed in 3.1]. By performing 182

this, we were able to highlight certain aspects that 183

automated benchmarks might not have been able 184

to catch. This was intended to measure the visual 185

understanding goals of the MMVP benchmark and 186

of each prompt based on the visual understanding 187

of the AMVICC benchmark. 188

Images generated by IGMs are evaluated dif- 189

ferently depending on if the prompt is implicit or 190

explicit. An implicit image is considered correct if 191

it satisfies all components of the provided prompt, 192

regardless of whether it matches the corresponding 193

question’s distinction. An explicit image is consid- 194

ered correct if it generates the specific feature that 195

the prompt asks for based on the corresponding 196

visual understanding question and category from 197

our modified MMVP benchmark. Each image is 198

scored by human evaluators and double-checked 199

for accuracy in order to check for bias and ensure 200

correct grading for each image. 201

3 Results 202

We evaluated the accuracy of 11 multi-modal 203

LLMs in visual reasoning and understanding tasks 204

through the use of the MMVP benchmark (Tong 205

et al., 2024). Accuracy scores depict the model’s 206

accuracy across the 9 categories of visual reasoning 207

questions. After our evaluation of these 11 models, 208

we extended our experiments to 3 image generation 209

models using our AMVICC benchmark to evalu- 210

ate each model’s proficiency in generating images 211

across the 9 categories. The thresholds for failure 212

modes are 80% or below for individual accuracies 213

and 70% or below for pair accuracies. This applies 214

to both MLLMs and IGMs. Each pair of the ques- 215

tions are only considered correct if both questions 216

are answered correctly or both images generated 217

are aligned with their respective explicit prompts. 218
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3.1 MLLM Score Analysis219

Many of the models shared the same failure modes;220

however, some of the models had failure modes221

that served as outliers. For example, in both the222

Orientation and Direction and the Quantity and223

Count categories, the individual VLM accuracies224

for xAI: Grok 4 were 40.00% and 50.00%, respec-225

tively (see Table 1). In the Viewpoint and Perspec-226

tive category, xAI: Grok 4 and Anthropic: Claude227

Sonnet 4 were outliers, both attaining an accuracy228

of 55.56%, a notable 16.66% difference from the229

next highest accuracy. That being said, an opposite230

trend is evident in Table 2, which displays the pair231

VLM accuracies. Instead of the outliers being a232

failure mode, they are the highest accuracy for mod-233

els such as Meta: Llama 3.2 90B Vision Instruct234

and Meta: Llama 4 Maverick. This is exhibited235

in the Positional and Relational Context as well236

as the Viewpoint and Perspective categories for237

Meta: Llama 3.2 90B Vision Instruct. This trend238

is apparent in the Quantity and Count category for239

Meta: Llama 4 Maverick. Consequently, this trend240

highlights the fact that certain models succeeded241

where either all or most of the other models failed.242

Furthermore, most MLLMs fail in similar contexts,243

particularly in Positional and Relational Context244

and Quantity and Count. Additional common fail-245

ure modes include Viewpoint and Perspective as246

well as Orientation and Direction. However, model-247

specific failure modes occurred as well, with only248

Grok 4 failing on Color and Appearance, and four249

models out of eleven (Google: Gemini 2.5 Pro,250

Grok 4, Google: Gemma 3 27B, and Anthropic:251

Claude Opus 4.1) failing on visual reasoning within252

the category of Structural and Physical Character-253

istics (see Table 1). This suggests a variance of254

failure modes for certain models in addition to the255

common failure modes.256

Llama 3.2 90B Vision-Instruct achieved the high-257

est performance with one pair failure mode in258

Quantity and Count and no defined individually-259

measured failure modes, indicating stronger visual260

understanding and reasoning for similar pictures261

compared to other models. Conversely, Grok 4 per-262

formed the worst with only one category above the263

benchmark for failure modes. Llama 4 Maverick264

and Llama 4 Scout are both from the same LLM265

family but contain key differences in architecture266

and structural setup. Maverick is attuned to high-267

performance generation and implementation with268

17 billion active parameters for each of the 128 ex-269

Figure 3: Benchmark results of current MLLMs: We
evaluate pair accuracy across 11 models based on the
questions and images from the MMVP dataset.

perts in the MoE (mixture-of-experts architecture 270

outlined in (Meta, 2025)), totaling 400 billion pa- 271

rameters. This is larger than Scout’s input-focused 272

architecture with 17 billion active parameters and 273

16 experts in MoE, totaling 109 billion parameters. 274

Mixture-of-experts utilizes gating networks, which 275

essentially direct certain inputs to experts. Experts 276

are smaller models meant for specific tasks that 277

are part of the MLLM. The benefit of experts is 278

that these smaller models can process the inputs 279

without the entire MLLM having to be utilized, 280

and this, in turn, would augment the MLLM’s ef- 281

ficiency. Since the entire model isn’t being used, 282

only some of its parameters are going to be active, 283

and this is why, for example, Maverick only has 17 284

billion active parameters out of its 400 billion total 285

parameters. On this note, Maverick’s MoE architec- 286

ture is represented as 17Bx128E whereas Scout’s 287

MoE architecture is represented as 17Bx16E. How- 288

ever, both models perform relatively the same with 289

Llama 4 Maverick performing only slightly better. 290

3.2 IGM Score Analysis 291

The IGMs overall shared 2 common failure modes 292

across pair explicit and individual explicit accu- 293

racies for each of the three models: quantity and 294

count (qc) and text (tx) (see Tables 3 and 4). Major- 295

ity of the models (2/3) also exhibited failure modes 296

for both pair and individual explicit accuracy in 297

categories structural and physical (sh), orientation 298
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Model Params L Ó ☼ A � , Û � h Model
Size (B) Average

OpenAI: GPT-4o (OpenAI, 2024a) − 77.78 83.33 83.33 85.71 75.00 78.13 91.43 94.44 96.43 85.06
Google: Gemini 2.5 Pro (Gemini Team, 2025) − 79.63 76.67 86.67 92.86 79.17 78.13 88.57 88.89 89.29 84.43
Qwen: Qwen2.5 VL 72B Instruct (Qwen Team, 2025) 72 74.07 83.33 73.33 85.71 79.17 71.88 90.00 72.22 82.14 79.09
Mistral: Pixtral Large 2411 (Mistral AI, 2024) 124 83.33 86.67 66.67 71.43 79.17 71.88 88.57 72.22 85.71 78.41
xAI: Grok 4 (xAI, 2025) − 62.96 73.33 40.00 64.29 50.00 50.00 82.86 55.56 67.86 60.76
Google: Gemma 3 27B (Gemma Team, 2025) 27 68.52 73.33 66.67 78.57 70.83 68.75 90.00 72.22 89.29 75.35
Meta: Llama 3.2 90B Vision Instruct (Meta, 2024) 90 87.04 96.67 90.00 85.71 83.33 90.63 97.14 100.00 96.43 91.88
Meta: Llama 4 Maverick (Meta, 2025) 17Bx128E 88.89 93.33 86.67 92.86 95.83 71.88 90.00 77.78 89.29 87.39
Meta: Llama 4 Scout (Meta, 2025) 17Bx16E 81.48 93.33 70.00 85.71 79.17 75.00 95.71 72.22 92.86 82.83
Anthropic: Claude Opus 4.1 (Anthropic, 2025a) − 83.33 76.67 83.33 85.71 75.00 81.25 87.14 94.44 85.71 83.62
Anthropic: Claude Sonnet 4 (Anthropic, 2025b) − 77.78 80.00 60.00 78.57 70.83 75.00 87.14 55.56 89.29 74.91

Category Average 78.62 83.33 73.97 82.40 75.23 74.78 89.87 77.78 87.66 80.34

Table 1: Individual VLM Accuracies: Based on images and associated questions from the
MMVP dataset. Failure modes are highlighted across all models based on definitions (see 3.1).
Highest non-failure mode accuracies in each category are spread across the models. We use symbols as a repre-

sentation for all nine categories: L: State and Condition, Ó: Structural and Physical Characteristics, ☼: Orientation
and Direction, A: Text, �: Quantity and Count, ,: Positional and Relational Context, Û: Presence of Specific
Features, �: Viewpoint and Perspective, h: Color and Appearance. Based on the accuracies, it’s evident that
Quantity and Count, as well as Positional and Relational Context, are the two categories the VLMs struggled the
most with.

Model Params L Ó ☼ A � , Û � h Model
Size (B) Average

OpenAI: GPT-4o (OpenAI, 2024a) − 62.96 66.67 66.67 71.43 50.00 56.25 82.86 88.89 92.86 70.95
Google: Gemini 2.5 Pro (Gemini Team, 2025) − 66.67 60.00 73.33 85.71 58.33 56.25 77.14 77.78 78.57 70.42
Qwen: Qwen2.5 VL 72B Instruct (Qwen Team, 2025) 72 59.26 73.33 53.33 71.43 58.33 50.00 80.00 44.44 64.29 61.60
Mistral: Pixtral Large 2411 (Mistral AI, 2024) 124 66.67 73.33 40.00 42.86 58.33 43.75 77.14 44.44 71.43 57.55
xAI: Grok 4 (xAI, 2025) − 37.04 53.33 33.33 42.86 25.00 25.00 71.43 33.33 35.71 39.67
Google: Gemma 3 27B (Gemma Team, 2025) 27 44.44 46.67 33.33 71.43 41.67 43.75 80.00 44.44 78.57 53.81
Meta: Llama 3.2 90B Vision Instruct (Meta, 2024) 90 77.78 93.33 80.00 71.43 66.67 81.25 94.29 100.00 92.86 84.18
Meta: Llama 4 Maverick (Meta, 2025) 17Bx128E 77.78 86.67 73.33 85.71 91.67 56.25 80.00 66.67 78.57 77.41
Meta: Llama 4 Scout (Meta, 2025) 17Bx16E 66.67 86.67 53.33 71.43 66.67 50.00 91.43 44.44 85.71 68.48
Anthropic: Claude Opus 4.1 (Anthropic, 2025a) − 70.37 60.00 66.67 71.43 58.33 62.50 74.29 88.89 71.43 69.32
Anthropic: Claude Sonnet 4 (Anthropic, 2025b) − 62.96 60.00 33.33 57.14 41.67 50.00 74.29 11.11 78.57 52.12

Category Average 62.96 69.09 56.67 67.01 56.06 52.27 80.29 58.00 75.27 64.18

Table 2: Pair VLM accuracies: Based on and associated questions from the MMVP dataset. Failure modes are
highlighted across all models based on definitions (see 3.1). Highest non-failure mode accuracies in each category
are spread across the models.

Model Params L Ó ☼ A � , Û � h Model
Size (B) Average

OpenAI: DALL·E 3 (OpenAI, 2024b) − 77.78 90.00 66.67 71.43 66.67 75.00 75.71 83.33 89.29 77.32
Google: Gemini 2.5 Flash Image (Fortin et al., 2025) − 94.44 96.67 96.67 78.57 75.00 90.63 85.71 100.00 96.43 90.46
Stability AI: Stable Diffusion 3.5 Large (Stability AI, 2024) 8.1 55.56 73.33 56.67 42.86 50.00 43.75 67.14 77.78 78.57 60.63

Category Average 75.93 86.67 73.34 64.29 63.89 69.79 76.19 87.04 88.10 76.14

Table 3: Individual Explicit Accuracy for Image Generation Models: Based on AMVICC (see 3.2)

Model Params L Ó ☼ A � , Û � h Model
Size (B) Average

OpenAI: DALL·E 3 (OpenAI, 2024b) − 55.56 80.00 40.00 42.86 50.00 56.25 57.14 66.67 85.71 59.35
Google: Gemini 2.5 Flash Image (Fortin et al., 2025) − 88.89 93.33 93.33 57.14 66.67 81.25 74.29 100.00 92.86 83.08
Stability AI: Stable Diffusion 3.5 Large (Stability AI, 2024) 8.1 25.93 46.67 20.00 14.29 25.00 12.50 40.00 66.67 64.29 35.04

Category Average 56.79 73.33 51.11 38.10 47.22 50.00 57.14 77.78 80.95 59.16

Table 4: Pair Explicit Accuracy for Image Generation Models: Based on AMVICC (see 3.2)
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and direction (od), positional and relational context299

(pr), and presence of specific features (pf).300

Of the three models evaluated, Google Flash301

achieved the highest performance with only two302

failure modes across pair and individual explicit ac-303

curacy in qc and tx. Inversely, Stable Diffusion 3.5304

performed worse than the other two models with all305

categories dropping below the standard for failure306

modes in pair explicit accuracy. Despite DALL·E 3307

achieving moderate performance, its failure across308

7 categories indicated IGM’s shortcomings in gen-309

erating images.310

3.3 Cross-Examination of IGMs and MLLMs311

Collectively, certain categories such as quantity312

and count constituted failures in both IGMs and313

MLLMs, with both modalities performing notably314

poorly on them. Other common failure groupings315

included viewpoints and perspectives and state and316

condition. However, while both MLLMs and IGMs317

generally tend to perform worse across all cate-318

gories, MLLMs performed significantly better in319

textual contexts (tx) and IGMs performed signifi-320

cantly better for positional and relational context321

despite Stable Diffusion’s low accuracy. Pair ac-322

curacy for both MLLMs and IGMs was also lower323

than all individual accuracies due to the require-324

ment for both images in a pair or both answers325

in a pair to be correct in order to be considered a326

correct pair. Image generation models depicted a327

larger disparity in the capabilities of each model328

with Stable Diffusion unable to follow elementary329

instructions in differentiating between the implicit330

and explicit prompts and Gemini 2.5 Flash Image331

consistently accurately adding components based332

on the explicit instructions. These results under-333

score the need for more intensive testing into fail-334

ure modes of MLLMs and IGMs in order to cross-335

reference influencing factors and improve visual336

intelligence and understanding across the field of337

machine learning.338

3.4 Ablation Studies339

To further explore the robustness and reliability340

of model behavior, we conducted a series of abla-341

tion studies designed to test sensitivity to prompt342

phrasing, model randomness, and architectural dif-343

ferences. These studies aimed to isolate which344

factors most influenced success or failure across345

tasks.346

3.4.1 Linguistic Sensitivity 347

In order to understand whether prompt wording 348

and adaptation to questions directly affected the 349

outcome and accuracies demonstrated from image 350

generation models, we changed the wording of 20 351

prompts and tested them on OpenAI’s DALL·E 3 352

to determine whether the accuracies would fall in 353

the same range as the original tests. We utilized 354

ChatGPT-5 to improve prompt wording by adding 355

context clues and disregarded the original prompt 356

constraint of explicit prompts only having the new 357

specific component in addition to the pair-generic 358

implicit prompt. We used a randomly generated 359

interval of the prompts in order to ensure general- 360

ization of the sample to the population. However, 361

based on the overall accuracy of the prompts, it is 362

clear that adding more targeted language does not 363

help improve model accuracy except for a small 364

decrease in pair accuracy for the category PF (Pres- 365

ence of Specific Features) in explicit prompts. 366

Pair Implicit Types h Û , L Ó A

Pair Implicit (C) 100.00 100.00 100.00 100.00 100.00 100.00
Pair Implicit (W) 100.00 100.00 100.00 100.00 100.00 100.00
Pair Explicit (C) 100.00 100.00 100.00 100.00 100.00 0.00
Pair Explicit (W) 100.00 75.00 100.00 100.00 100.00 0.00

Table 5: Linguistic Sensitivity Trials: Pair Implicit and
Explicit Accuracies for Reworded Prompts. (C) de-
notes control/original wording; (W) denotes reworded
prompts.

3.4.2 IGM Stochasticity 367

To evaluate the significance of model stochasticity 368

in IGMs, we tested the 10 prompt-pairs through 369

3 trials, generating 60 total implicit images and 370

60 total explicit images for 20 prompts. We uti- 371

lized DALL-E 3 (the median performance model 372

between Gemini 2.5 Flash Image and Stable Dif- 373

fusion 3.5 Large) and ran an identical experiment 374

pipeline to the main experiment. Through the find- 375

ings, we concluded that while prompts could indi- 376

vidually vary with accuracy with certain prompts 377

only scoring accurately on two of the three tests, 378

individual variance did not drastically affect the 379

overall accuracy of the test set in the sample. This 380

highlighted a negligible role of sampling variance 381

in IGM failure modes and suggested that concep- 382

tual misunderstanding rather than model stochas- 383

ticity model, accounted for the principal model 384

accuracy. 385
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Tests Test 1 Test 2 Test 3

Individual Implicit 100.00 100.00 100.00
Individual Explicit 90.00 85.00 90.00
Pair Implicit 100.00 100.00 100.00
Pair Explicit 80.00 70.00 80.00

Table 6: IGM Stochasticity Trials: Individual and Pair
Implicit and Explicit Accuracies for Three Separate
Trials

4 Discussion386

Our findings indicated that IGMs generally exhib-387

ited equal or higher levels of failure compared to388

MLLMs. However, category-specific analysis re-389

vealed that performance varied between the two,390

with each model type performing better in different391

category-specific tasks. Outliers on both ends of392

the spectrum included Meta: Llama 3.2 90B Vi-393

sion Instruct and Google: Gemini 2.5 Flash Image,394

which achieved the best results, and xAI: Grok 4395

and Stability AI: Stable Diffusion 3.5 Large, which396

showed the worst performance of their modalities.397

Each model exhibited fluctuations in performance398

compared to other models, alternating between pro-399

ducing stronger and weaker results. For instance,400

models of both modalities failed in Quantity and401

Count, but IGMs outperformed MLLMs in Posi-402

tional and Relational Context while MLLMs out-403

performed IGMs in Text. However, if all these404

models are trained on the same data structure and405

similar data (ex. image-caption pairs in DALL-E406

3), this could indicate that size is not relevant to the407

elementary visual understandings of either VLMs408

or IGMs (OpenAI, 2024b).409

Furthermore, image generation models struggle410

significantly with text, camera angling to remove411

specific features, and quantity and count. Google412

Flash by far outperformed Stable Diffusion and413

DALL·E 3 in image realism and consistency, and a414

notable disparity among image generation models415

in quality emerged through our tests.416

However, as observed in human evaluation, all417

image generation models were often unable to418

leave out specific features in each category and419

were unable to manipulate viewpoints to hide spe-420

cific components as prompted, especially when421

“no” or “without” was included. This suggests that422

image generation models, despite the quality of the423

images, still struggle with elementary instruction424

following for certain phrasing. Sometimes, compo-425

nents instructed to be partially hidden were fully426

shown, and components instructed to be fully hid-427

den were still slightly seen, indicating that some 428

generated images just barely failed to meet the en- 429

tirety of their prompts’ requirements; this reduced 430

the overall accuracies of the image generation mod- 431

els. Even though Gemini 2.5 Flash Image’s ca- 432

pability far outperformed the other two IGMs, it 433

still struggled with these same underlying issues 434

that diminished its accuracy. For instance, when 435

all 3 models were asked to generate a keyboard 436

for one of the prompts, the generated keyboard 437

quality was drastically better and more realistic for 438

Gemini 2.5 Flash Image compared to the other two 439

models. However, all three models failed to follow 440

the implied instructions when prompted to create 441

an image in contexts of higher difficulty, where 442

it wasn’t systematically stated how to achieve the 443

image. This limited their ability to accomplish the 444

prompt’s direct requirement of having or not hav- 445

ing a specific element in the generated image1. For 446

example, one of the explicit prompts instructed the 447

IGM to generate a computer keyboard with the Z 448

key hidden. In the prompt, it was not expressly 449

stated that the IGM would have to orient the image 450

angle in a way where the Z key is hidden; the model 451

would have to understand the implied instruction 452

in order to satisfy the prompt. 453

Some models also indicated struggles with un- 454

derstanding contextual cues and alignment with 455

natural human thought. For instance, if asked to 456

produce a stripe down the middle of a car, Sta- 457

ble Diffusion would produce a stripe across the 458

horizontal middle of the car while DALL-E 3 and 459

Gemini 2.5 Flash produced a clear stripe across the 460

middle of the top of the car as many humans would 461

naturally think. 462

Interestingly, the architectures of the best and 463

worst performing models of different modalities 464

offered key insights and introduced new ques- 465

tions about the relevance of various architectures 466

in model performance for elementary visual un- 467

derstanding and depiction. For example, Llama 468

3.2 90B Vision-Instruct, a two-stage vision en- 469

coder added on to a frozen LLM, which often 470

doesn’t outperform the more popular models such 471

as GPT-4o on complex tasks, easily outperformed 472

GPT-4o across all but two categories, Text and 473

Color and Appearance. Gemini 2.5 Flash Image, a 474

sparse mixture-of-experts (MoE) transformer, out- 475

performed DALL-E 3 even though they were both 476

1An explicit prompt specifies the content that must be
included in the image, whereas explicit instruction specifies
how that content should be achieved or generated.
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trained with a natively multi-modal architecture477

and similarly structured pairs of image and text478

data.479

As a result, this could create systems-level de-480

ployment challenges due to a lack of accuracy in481

elementary reasoning, which could lead to long-482

term oversights in basic tasks, essentially risking483

efficiency and scalability. It is necessary to perform484

more in-depth testing to uncover the basis for why485

image generation models and multimodal LLMs486

seem to fail and succeed in differing categories.487

We hope our work provides the foundational data488

to understand where current models succeed and489

where they fail.490

5 Related Works491

5.1 Failure Modes in Image Generation492

Models493

Text-to-image generation models such as DALL·E494

3 and Stable Diffusion have made rapid progress495

in image quality, but continue to face challenges in496

commonsense reasoning, fairness, and scene com-497

position. Recent evaluations have shown system-498

atic biases and reasoning failures in these models,499

raising questions about their true semantic under-500

standing. Commonsense-T2I Challenge showed501

major failures in reasoning; DALL·E 3 scored ap-502

proximately only 48% accuracy (Fu et al., n.d.). A503

biased survey identified a lack of evaluation frame-504

works and coverage of non-binary identities (Sub-505

ramonian et al., n.d.). Similarly, a diffusion model506

survey highlighted specific weaknesses like gen-507

erating multiple objects and rare concepts; pro-508

posed layout and attention improvements sought509

to improve the model (Zhang and Wang, n.d.). Al-510

though this work identifies critical weaknesses in511

generative performance, it remains unclear whether512

these are shared with interpretive failures in vision-513

language models or whether they have been di-514

rectly compared to correlating tasks within varied-515

architecture MLLMs.516

5.2 Visual Reasoning Challenges in Visual517

Language Models518

Visual Language Models (VLMs) like GPT-4o and519

Gemini 2.5 Pro have become central to visual rea-520

soning tasks, yet they often falter on simple image-521

based questions. Efforts to improve VLMs have522

been centered around better pretraining, alignment,523

and hallucination reduction using methods like524

VILA, CogVLM2, and SIMA. VILA showed im-525

proved in-context learning and world knowledge 526

from interleaved pretraining (Lin et al., n.d.). SIMA 527

reduced hallucinations and boosted VQA bench- 528

mark accuracy via visual critic metrics (Wang et al., 529

n.d.). CogVLM2 achieved SoTA across multiple vi- 530

sual benchmarks with efficient architecture (Hong 531

et al., n.d.). Despite these advances, prior work fo- 532

cuses solely on improving VLMs without evaluat- 533

ing whether these errors also emerge during genera- 534

tive tasks. Current existing studies don’t test model 535

performance on aligned image/question pairs. 536

6 Conclusion 537

In this work, we introduced a novel benchmark, 538

AMVICC or Assessment of Modality-specific Vi- 539

sual Intelligence, Comprehension, and Creation, to 540

evaluate the cross-modal failure modes of multi- 541

modal large language models and image generation 542

models in order to gain insight into the commonali- 543

ties and distinctions. We concluded that not only do 544

IGMs and MLLMs share certain common failure 545

modes and differ on others, they also diverge within 546

specific modalities to create model-specific failure 547

modes that could be attributed to a wide range of 548

factors. Future work can expand the MMVP or 549

AMVICC benchmarks to increase the range of vi- 550

sual understanding categories evaluated or improve 551

visual understanding on specific models to improve 552

accuracy for specific categories. Further extensions 553

of this paper can replicate tests to prove accuracy 554

on a larger scale with more resources. 555

7 Limitations 556

7.1 Methodology Limitations 557

The primary limitation present within this method- 558

ology is the conversion from the MMVP to specific 559

prompts that cover the same visual element as the 560

questions. As the prompts are written by 2 separate 561

members of our research team, albeit following a 562

strict linguistic structure, there is inherent prompt 563

design bias. This hinders our ability to definitively 564

state that the translation of categories and tasks 565

tested can be completely translated to image gen- 566

eration models. However, the structure that we uti- 567

lized in order to define the creation of the prompts, 568

as outlined in Section 3, ensures that each prompt 569

follows the same structure and inherits the same 570

information from each question to ensure rigorous 571

alignment. 572

Furthermore, each prompt and each question 573

could fall under multiple categories. However, to 574
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allow for predominantly accurate findings, we as-575

signed each prompt and question to only one cat-576

egory. However, while their success and failures577

could also influence the accuracy of other cate-578

gories that they could fall under, it is not incorpo-579

rated into the final numbers. However, each prompt580

is double-checked by multiple human prompt writ-581

ers to optimize categorization in order to mitigate582

this issue.583

Another limitation includes the unbalanced584

model usage of IGMs compared to MLLMs. Due585

to the lack of availability of image generation mod-586

els through API keys and time constraints, we were587

unable to test as many IGMs as MLLMs. This588

imbalance means that our accuracy averages for589

our IGM could potentially be less representative of590

the overall failure modes of all IGMs compared to591

the representation offered by the MLLM accuracy592

averages.593

7.2 Evaluation Limitations594

Due to our MLLMs having been proven to have vi-595

sual reasoning deficiencies, we chose to use human596

evaluators to determine the accuracy of the outputs597

produced by image generation. Despite the rubric598

outlined in Section 3’s specificity to reduce subjec-599

tivity of human evaluators, there is still a chance600

of human subjectivity bias in the results. However,601

the specificity of the rubric limited the ability of the602

empirical data to represent the confounding factors603

of the data, such as the situational factors gener-604

ated around the specific criteria (ex. Z key in a605

keyboard compared to an inaccurate depiction of a606

keyboard is still incorrect). These, due to computa-607

tional power and human resources, limit the extent608

to which the failure modes can be understood from609

the data.610

Furthermore, an OpenAI AI grader was utilized611

for MLLMs. This could skew the results due to612

a lack of a human counterpart in evaluations, but613

because there are answer choices present, an AI614

grader is only consolidating any potential responses615

from an MLLM into either ‘a’ or ‘b’ as an answer.616

Another limitation encompasses the lack of a hu-617

man performance control group for image genera-618

tion performance due to the technological nature of619

the task that we are testing on IGMs. This requires620

us to understand the competencies and capabilities621

of models through relational comparison between622

models.623

Another limitation arises from the closed-source624

nature of many of the models, because we are un-625

able to look at the internal elements of the model 626

and must only rely on surface-level documentation 627

provided by commercial companies (ex. DALL-E 628

3). 629
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A Appendix807

A.1 Prompt Sets for VLM and Image808

Generation809

Below is the link to the prompts used to evaluate810

Visual Language Models (VLMs) and to guide the811

image generation process. These were adapted di-812

rectly from the MMVP benchmark to ensure consis-813

tency across tasks: AMVICC-Benchmark Prompts814

A.1.1 Categories (Defined):815

1. Orientation and Direction: The model’s ability816

to accurately detect the position, alignment,817

facing direction, or angles of objects in the818

image819

2. Presence of Specific Features: The ability of820

a model to identify if specific visual charac-821

teristics, objects, or fine-grained attributes are822

explicitly present in an image.823

3. State and Condition: This refers to the824

model’s ability to be able to recognize the cur-825

rent status, phase, or physical condition of an826

object, entity, or scene that is being depicted827

in an image.828

4. Quantity and Count: The model’s ability to829

identify the number of objects, people, or ele-830

ments in an image, including the tasks that in-831

volve counting, estimating quantities, or com-832

paring amounts.833

5. Positional and Relational Context: It refers834

to a model’s ability to be able to understand835

the spatial relationships and relative positions 836

between objects or entities within an image. 837

6. Color and Appearance: This refers to the 838

ability of the model to perceive, recognize, 839

and reason about colors, visual patterns, and 840

image-level characteristics like tone, bright- 841

ness, and artistic style. 842

7. Structural and Physical Characteristics: The 843

model’s ability to perceive and reason about 844

the shape, material, construction, and physical 845

properties of objects or elements within an 846

image. 847

8. Text: The ability of a model to detect, recog- 848

nize, and interpret written language (printed, 849

handwritten, or stylized text) that appears 850

within an image, and to reason about its con- 851

tent, meaning, and context. 852

9. Viewpoint and Perspective: It refers to the 853

ability of a model to be able to recognize and 854

reason about the camera or observer’s perspec- 855

tive and angle relative to the objects or scene 856

in an image, affecting how elements are visu- 857

ally presented. 858

Each task (image interpretation or image gener- 859

ation) was analyzed independently and compara- 860

tively across these dimensions to identify common 861

and divergent failure modes. 862

A.2 Code Base 863

All code used in this study for model evalua- 864

tion, result collection, and visualization is avail- 865

able at: https://anonymous.4open.science/r/ 866

AMVICC-IGM-FC2A/README.md 867

A.3 Experiments (Further Outlined) 868

This section outlines how we applied our methods 869

to test the failure mode alignment between vision- 870

language models (VLMs) and image generation 871

models (IGMs), specifying the experimental condi- 872

tions, controls, and design decisions underpinning 873

our analysis. 874

Overview and Hypotheses: We test the core hy- 875

pothesis: Do the failure modes of VLMs in visual 876

reasoning correlate with the failure modes of IGMs 877

when tasked with generating images that express 878

those same visual concepts? 879

This hypothesis rests on two premises: If VLMs 880

fail to understand a visual concept (e.g., object 881

orientation), IGMs may also fail to generate that 882
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concept reliably. Alternatively, divergence in fail-883

ure patterns would suggest modality-specific weak-884

nesses, pointing to differences in model architec-885

ture or training objectives.886

Experimental Variations and Comparative De-887

sign: To probe our hypothesis and ensure robust-888

ness, we introduced several comparative and diag-889

nostic experiments: Cross-Modality Comparison:890

VLM Task: Answer MMVP questions based on891

real and generated images. IGM Task: Generate892

images based on prompts derived from MMVP893

questions. Explicit vs. Implicit Prompting: We894

varied prompt specificity to test if IGMs struggled895

more with indirect language. This also enabled896

assessment of whether image failures propagated897

into VLM misinterpretation when fed generated898

content. Ablation: Prompt Rewording: For failure-899

prone prompts, we created reworded versions to900

test whether small linguistic changes improved gen-901

eration accuracy or altered failure types. Ablation:902

Repetition Analysis (Randomness Test): For 30 se-903

lected prompts, DALL·E 3 was queried 5 times904

each. We analyzed generation consistency and its905

impact on downstream VLM accuracy. Ablation:906

Architecture/Scale Variation: We included related907

models with different parameter sizes (e.g., Llama908

4 Maverick vs. Scout) to evaluate the impact of909

architecture vs. scale. All these comparisons al-910

lowed us to isolate not only when models failed,911

but why—whether due to conceptual, linguistic,912

architectural, or visual representation limitations.913

Data Summary: Below is a description of the ex-914

periment flow: VLM Baseline: Each of the 300915

MMVP (image, question) pairs evaluated across916

11 VLMs. IGM Prompting: 600 text prompts (ex-917

plicit + implicit) derived from MMVP questions918

input to 3 IGMs. Generated Image Evaluation:919

Human annotators judged whether the images ac-920

curately captured the core visual concepts. Gener-921

ated images were fed back into VLMs to answer922

the original questions. Cross-analysis: Accuracy923

and failure mode types were tracked and compared924

across tasks, models, categories, and prompt types.925

A.4 VLM Image Analysis Responses926

When prompted to analyze the images generated in927

Section 3, the VLMs produced outputs containing928

their answers and explanations. These responses929

were used to calculate individual and pair accu-930

racy for VLM evaluation. One of the responses931

includes:932

933

{ 934
"question_id": 26, 935
"category": "ca", 936
"question": "What color is the chicken's body? 937

(a) Black (b) Red", 938
"correct_answer": "(b)", 939
"model_response": "The chicken's body is a 940

reddish-brown color, which 941
is typical for certain 942
breeds like Rhode Island 943
Reds. So, the correct 944
answer is: (b) Red", 945

"is_correct": true, 946
"gpt_grade": "yes" 947

} 948

A.5 Rubric for Image Generation & Vision 949

Language Model Evaluation 950

Below is the rubric used to assess whether a 951

generated image successfully followed a prompt. 952

Access on GitHub: https://anonymous.4open. 953

science/r/AMVICC-IGM-FC2A/README.md 954

Table 7: Rubric for Image Generation Evaluation

Table 8: Rubric for Visual Language Model Evaluation

A.6 Generated Image Results & Extra Results 955

Figure 4 below outlines 5 images generated from 5 956

of the prompts2. These outputs were used as part 957

of the image analysis phase to assess whether im- 958

age generation models could accurately depict the 959

components (see figure on the next page). Here 960

is a link to the GitHub Repository labeling the 961

implicit accuracies in the results section of the 962

image generation models referenced in section 3 963

as produced by the image generation evaluation 964

code: https://anonymous.4open.science/r/ 965

AMVICC-IGM-FC2A/README.md 966

More results available on Zenodo (redacted to 967

protect anonymity and will be added back after 968

review) 969

2All of the prompts are in scripts/AMVICC.csv, and the
file is in the AMVICC-IGM GitHub Repository.
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Can you see the key
"Z" in the image?

(a) Yes
(b) No

Prompt: Generate a
computer keyboard

photographed at an angle
where the Z key is hidden

Is the shark’s belly
visible in this image?

(a) Yes
(b) No

Prompt: Generate a shark
photographed from below

showing its belly

Does the elephant
have long or short

tusks?

(a) Long
(b) Short

Prompt: Generate an
elephant with prominently

long curved tusks

Is there a lemon
inside the drink in

the cup, or are all the
lemons outside the

drink?

(a) There is one inside
(b) All are outside

Prompt: Generate water in a
glass with mint leaves and
lemon slices, with all the

lemons outside of the glass

Are there any words
displayed on the

vehicle’s lightbar?

(a) Yes
(b) No

Prompt: Generate a police
car with "POLICE" text

clearly visible on the
lightbar

Question 1 Question 2 Question 3 Question 4 Question 5

Model Ans. Result Ans. Result Ans. Result Ans. Result Ans. Result

OpenAI: DALL·E 3 a × b × a ✓ b ✓ b ×
Google: Gemini 2.5 Flash Image a × a ✓ a ✓ b ✓ a ✓
Stability AI: Stable Diffusion 3.5 Large b ✓ a ✓ b × a × b ×

Figure 4: Examples of specific IGMs’ abilities to generate an image based on explicit prompts. We handpick 5 out
of the 300 questions in the MMVP dataset to delineate disparities between the models. It is apparent that Google:
Gemini 2.5 Flash Image was the most accurate, followed by OpenAI: DALL·E 3, and Stability AI: Stable Diffusion
3.5 Large, in that order. An important thing to note is that the IGMs don’t directly state Yes or No or any of the
answer choices, for that matter. However, based on the models’ image generation, we can associate certain answer
choices with the models. A ✓ indicates that the model generated an image in accordance with the given prompt,
whereas an × indicates the opposite.
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