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Abstract001

Negation is a fundamental linguistic phe-002
nomenon that can entirely reverse the mean-003
ing of a sentence. As vision language models004
(VLMs) continue to advance and are deployed005
in high-stakes applications, assessing their abil-006
ity to comprehend negation becomes essen-007
tial. To address this, we introduce NegVQA,008
a visual question answering (VQA) benchmark009
consisting of 7,379 two-choice questions cov-010
ering diverse negation scenarios and image-011
question distributions. We construct NegVQA012
by leveraging large language models to gener-013
ate negated versions of questions from existing014
VQA datasets. Evaluating 20 state-of-the-art015
VLMs across seven model families, we find016
that these models struggle significantly with017
negation, exhibiting a substantial performance018
drop compared to their responses to the origi-019
nal questions. Furthermore, we uncover a U-020
shaped scaling trend, where increasing model021
size initially degrades performance on NegVQA022
before leading to improvements. Our bench-023
mark reveals critical gaps in VLMs’ negation024
understanding and offers insights into future025
VLM development.026

1 Introduction027

Vision language models (VLMs) such as GPT-4o028

and Claude have demonstrated remarkable capabil-029

ities in understanding and reasoning about visual030

content through natural language interactions (Ope-031

nAI, 2023; Anthropic, 2024). These models can an-032

swer image-based questions, generate descriptions,033

and engage in multi-turn dialogues about visual034

scenes (Liu et al., 2023; Deitke et al., 2024; Wang035

et al., 2024b). More recently, they have been inte-036

grated into embodied AI systems and robotics, al-037

lowing direct interaction with environments and hu-038

mans in high-stakes scenarios (Driess et al., 2023;039

Brohan et al., 2023; Kim et al., 2024a).040

Despite their impressive progress, VLMs’ abil-041

ity to understand negation (Ackrill et al., 1975)—a042

fundamental linguistic phenomenon that can com- 043

pletely alter the meaning of a sentence—remains 044

poorly understood. A failure to correctly interpret 045

negation can lead to critical errors, particularly in 046

interactive AI systems. For instance, if a user in- 047

structs a VLM not to take a certain action or asks 048

about something that is absent, misunderstanding 049

negation could result in actions contrary to user 050

intent and pose serious safety risks. 051

To address this, we introduce NegVQA, a visual 052

question answering (VQA) benchmark designed to 053

assess VLMs’ comprehension of negation. While 054

existing VQA datasets primarily focus on affirma- 055

tive questions, NegVQA systematically examines 056

negation understanding across diverse scenarios. 057

The dataset consists of 7,379 two-choice questions, 058

covering a range of negation types, including cases 059

where objects are absent, attributes such as colors 060

or sizes are negated, actions are described in terms 061

of what is not happening, and more complex forms 062

of negation that require deeper reasoning. To con- 063

struct NegVQA, we leverage large language models 064

to generate natural negations of questions from 065

existing VQA datasets, ensuring fluency while cre- 066

ating challenging evaluation cases that test both 067

linguistic and visual understanding. 068

We evaluate 20 state-of-the-art VLMs across 069

seven model families and find that negation re- 070

mains a major challenge. Despite their strong per- 071

formance on standard VQA tasks, all models strug- 072

gle significantly when faced with negated ques- 073

tions. For instance, Qwen2-VL-72B (Wang et al., 074

2024b), the best-performing model, achieves 92.2% 075

accuracy on original questions but drops nearly 20 076

percentage points to 72.7% on NegVQA. Further- 077

more, we observe a U-shaped scaling trend, where 078

increasing model size initially leads to worse per- 079

formance on negation before eventually improving. 080

This finding raises important questions about how 081

VLMs process negation and how to scale up VLMs 082

to enhance negation understanding abilities. 083
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Where is this picture not 
taken at? 
A. office 
B. internet cafe

VQAV2

What is not the main color of 
the rocky area in the image? 
A. Gray
B. Beige

SEEDBench

What is not parked in front 
of the garage? 
A. motorcycle 
B. car

GQA

What would not be impacted 
by an increase in owls? 
A. mice 
B. grass

MathVista

Who did not write this? 
A. Joannem Amstelodami
B. Samuelis Pufendorfii

TextVQA

Who is not the author of 
this book? 
A. Gary Chapman
B. Steven Carter

OCRVQA

What was not Glasgow 
Underground's highest number 
of journeys in 2007/08? 
A. 14.0 
B. 14.5ChartQA

Which is not the final stage 
in the life cycle of a 
grasshopper? 
A. adult 
B. nymphAI2D

NegVQA

Figure 1: NegVQA dataset overview. (Middle) NegVQA comprises a diverse set of negated questions, totaling 7,379
instances sourced from various VQA datasets and domains (general, document/chart, reasoning, OCR). (Left/Right)
Example questions from different datasets and domains, with correct answers highlighted in green.

In summary, we propose NegVQA, a critical diag-084

nostic tool for evaluating negation comprehension085

in VLMs. Our study establishes baseline perfor-086

mance across major VLM families, reveals their087

significant shortcomings and uncovers scaling be-088

haviors. These insights highlight the need to de-089

velop more robust and trustworthy VLMs that can090

accurately handle negation, a fundamental aspect091

of natural language understanding.092

2 Dataset: NegVQA093

This section details the construction and statistics094

of NegVQA, our benchmark for evaluating vision095

language models’ ability to handle negation.096

2.1 Data Curation097

We construct NegVQA by systematically trans-098

forming questions from VMCBench (Zhang et al.,099

2025), a multi-choice visual question answering100

(VQA) benchmark spanning various datasets and101

domains, into negated versions using GPT-4o (Ope-102

nAI, 2023). Our curation process consists of two103

main steps.104

First, we prompt GPT-4o to generate negated105

versions of the original questions while preserv-106

ing their syntactic structure and meaning (see Ap-107

pendix Figure 3 for prompt details). For example,108

the question "Who wrote this book?" is transformed109

into "Who did not write this book?" We exclude110

questions that cannot be meaningfully negated (e.g.,111

"Find the value of x."), as determined by GPT-4o’s112

assessment of their negatability. After filtering,113

7,379 out of 9,018 questions were identified as114

negatable and successfully transformed. To assess115

the accuracy of GPT-4o’s negation process, we 116

manually verified 100 sampled negated questions 117

and found that 97% were correctly negated (three 118

errors are provided in Appendix Figure 4), confirm- 119

ing the high reliability of the method. 120

Second, we adjust the answer choices to reflect 121

the negation. Each original four-choice question is 122

reduced to a two-choice format, where we select the 123

correct answer and randomly sample an incorrect 124

choice, then invert their correctness. For instance, 125

in the original question "Who wrote this book?", if 126

the correct answer is "Samuelis Pufendorfii" and 127

an incorrect choice is "Joannem Amstelodami", we 128

generate "Who did not write this book?" where 129

"Joannem Amstelodami" becomes the correct an- 130

swer, and "Samuelis Pufendorfii" the incorrect one. 131

This ensures that the negation meaningfully im- 132

pacts the answer selection. 133

2.2 Statistics and Examples 134

NegVQA incorporates questions from 20 widely- 135

used VQA datasets within VMCBench, cover- 136

ing a broad range of vision language under- 137

standing tasks. It includes datasets for gen- 138

eral VQA capabilities (VQAv2 (Goyal et al., 139

2017), OKVQA (Marino et al., 2019), MMVet (Yu 140

et al., 2024), VizWiz (Gurari et al., 2018), A- 141

OKVQA (Schwenk et al., 2022), MMStar (Chen 142

et al., 2024), SEEDBench (Li et al., 2024)), 143

reasoning tasks (MathVision (Wang et al., 144

2024a), GQA (Hudson and Manning, 2019), 145

MMMU (Yue et al., 2024), RealWorldQA (xAI, 146

2024), MathVista (Lu et al., 2024b), Sci- 147

enceQA (Lu et al., 2022)), OCR-based VQA 148
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Figure 2: Model performance and scaling analysis on NegVQA across different VLM families and task
categories. (Top left) Performance on the original non-negated two-choice questions shows high accuracy and a
positive scaling trend. (Top right) Performance on NegVQA (negated two-choice questions) is significantly lower,
with models exhibiting a U-shaped scaling pattern—initially decreasing before improving as model size increases.
(Bottom) Category-wise breakdown of NegVQA performance (reasoning, document/chart, general), where the
U-shaped scaling effect is more pronounced in reasoning and document/chart categories.

(OCRVQA (Mishra et al., 2019), TextVQA (Singh149

et al., 2019)), and document/chart compre-150

hension (DocVQA (Mathew et al., 2021), In-151

foVQA (Mathew et al., 2022), ChartQA (Masry152

et al., 2022), TableVQABench (Kim et al., 2024b),153

AI2D (Kembhavi et al., 2016)). The final dataset154

contains 7,379 questions distributed across these155

datasets and domains, with the detailed distribution156

and example questions visualized in Figure 1.157

NegVQA is designed to systematically test158

VLMs’ ability to process negation in diverse vi-159

sual scenarios. The dataset ensures diversity in160

negation forms, covering cases related to objects,161

attributes, logical reasoning, spatial relationships,162

and more. Additionally, all transformed questions163

have strong visual relevance, requiring models to164

understand both the image content and the linguis-165

tic negation to generate correct answers. NegVQA166

thus serves as a comprehensive benchmark that167

evaluates vision language models’ ability to under-168

stand negation in different visual scenarios, pro-169

viding critical insights into their limitations and170

potential improvements.171

3 Results172

In this section, we describe our experimental setup173

and present our findings on VLM performance on174

NegVQA. Our evaluation highlights two key in-175

sights: current VLMs exhibit significant difficulty176

in understanding negation, regardless of their size 177

or architecture, and model scaling exhibits a U- 178

shaped performance trend. 179

3.1 Experimental Setup 180

We evaluated 20 state-of-the-art vision language 181

models (VLMs) from 7 model families on NegVQA, 182

including Qwen2-VL (Wang et al., 2024b), 183

Molmo (Deitke et al., 2024), Cambrian (Tong et al., 184

2024), VILA (Lin et al., 2024), DeepSeek-VL (Lu 185

et al., 2024a), LLaVA1.5 (Liu et al., 2023), and 186

InstructBLIP (Dai et al., 2023). For each family, 187

we tested multiple model sizes to analyze scaling 188

behavior. All evaluations were conducted in a zero- 189

shot setting using the prompt: 190

Question: <image> {question} 191

Options: A. {A} B. {B} C. {C} D. {D} 192

Answer with the option's letter from the 193

given choices directly. 194

The results are summarized in Figure 2, with de- 195

tailed performance provided in Appendix Table 1. 196

3.2 Findings 197

VLMs struggle with negation understanding. 198

Our evaluation reveals that current VLMs consis- 199

tently underperform on NegVQA compared to stan- 200

dard, non-negated VQA tasks. As shown in Fig- 201

ure 2 (top left vs. top right), performance drops 202

significantly across all model families on negated 203
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questions. The highest-performing model, Qwen2-204

VL-72B (Wang et al., 2024b), achieves only 72.7%205

accuracy on NegVQA, compared to 92.2% on non-206

negated questions—a gap of 19.5 percentage points.207

On average, model performance decreases by 29.7208

points on negated questions compared to the origi-209

nal non-negated questions. This substantial decline210

is observed across different question types and do-211

mains, indicating a fundamental limitation in how212

VLMs process negation. Appendix Table 1 pro-213

vides detailed numerical results.214

Model scaling exhibits a U-shaped trend. An215

intriguing pattern emerges in model scaling: as216

models grow larger, their performance on NegVQA217

initially degrades before improving at the high-218

est scales. This U-shaped trend (Wei et al., 2022;219

Zhang et al., 2023) is demonstrated in model fam-220

ilies such as Cambrian (Tong et al., 2024) and221

VILA (Lin et al., 2024) (Figure 2, top right), and222

is more evident in reasoning and document/chart-223

based tasks (Figure 2, bottom left). Appendix224

Figure 5 provides a detailed breakdown of perfor-225

mance across individual datasets.226

The U-shaped scaling behavior can be inter-227

preted into three phases. In the initial phase,228

smaller models exhibit limited but relatively sta-229

ble performance on NegVQA. In the intermedi-230

ate phase, as models scale up, their accuracy de-231

clines—likely because they become more profi-232

cient at answering standard VQA questions but fail233

to adjust for negation, leading them to misinterpret234

negated queries as affirmative ones. Finally, in the235

large-scale phase, models begin to recover, demon-236

strating improved negation comprehension, likely237

due to the development of more advanced language238

understanding capabilities.239

Overall, these results underscore the persistent240

challenges VLMs face in handling negation and241

highlight the intriguing scaling behavior of VLMs.242

4 Related Work243

Vision language models (VLMs). VLMs244

enable multimodal understanding by modeling245

p(yt|y<t, x) in an auto-regressive manner, where246

yi represents text tokens and x represents visual247

input. Modern VLMs typically comprise three key248

components: a visual encoder (often CLIP (Rad-249

ford et al., 2021)), a language model, and a linear250

or MLP projector connecting them. Notable ex-251

amples include proprietary models such as GPT-252

4o (OpenAI, 2023) and Claude (Anthropic, 2024),253

as well as open-source models like LLaVA (Liu 254

et al., 2023) and BLIP (Li et al., 2023). These mod- 255

els are generally trained on image-text pairs and 256

instruction-tuning datasets, leveraging pre-trained 257

vision and language components. While they ex- 258

hibit strong performance on various image under- 259

standing tasks (Liu et al., 2023; Deitke et al., 2024; 260

Wang et al., 2024b) and have been applied in em- 261

bodied AI and robotics (Driess et al., 2023; Brohan 262

et al., 2023; Kim et al., 2024a), their ability to han- 263

dle negation remains largely unexplored. 264

Negation understanding. Negation plays a fun- 265

damental role in language comprehension (Ackrill 266

et al., 1975). Most prior research has focused on 267

evaluating language models’ ability to understand 268

negation (Hossain et al., 2020; Fancellu and Web- 269

ber, 2015; Kassner and Schütze, 2020; Zhang et al., 270

2023). More recently, studies have begun assess- 271

ing CLIP (Radford et al., 2021)’s understanding of 272

negation (Alhamoud et al., 2025; Singh et al., 2024; 273

Quantmeyer et al., 2024). However, to the best of 274

our knowledge, no prior work has systematically 275

evaluated negation comprehension in generative 276

VLMs. In this work, we introduce NegVQA, the 277

first benchmark designed to assess VLMs’ ability to 278

handle negation. Given the increasing deployment 279

of VLMs in real-world embodied AI systems, un- 280

derstanding their limitations in processing negation 281

is crucial, as failures in user intent interpretation 282

could lead to unintended and risky scenarios. 283

Scaling trends. Scaling up models has been a 284

dominant approach in advancing foundation mod- 285

els. However, most scaling studies have focused on 286

language models (Kaplan et al., 2020; Brown et al., 287

2020; Ruan et al., 2024). While many tasks bene- 288

fit from scaling, some exhibit inverse scaling (Lin 289

et al., 2022; McKenzie et al., 2023) or U-shaped 290

scaling (Wei et al., 2022; Zhang et al., 2023). In 291

this work, we analyze scaling effects in vision lan- 292

guage models on the negation task and reveal a 293

similar U-shaped scaling pattern. 294

5 Conclusion 295

In this work, we present NegVQA, a benchmark de- 296

signed to evaluate vision language models’ ability 297

to comprehend negation. Our analysis of 20 VLMs 298

highlights their significant limitations in handling 299

negation and uncovers a U-shaped scaling pattern 300

in performance. We envision NegVQA as a valuable 301

resource for advancing linguistically competent, 302

safe, and trustworthy vision language models. 303
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Limitations304

Our study has three limitations: First, while our305

multiple-choice format enables controlled experi-306

mentation and easy evaluation metrics, it may not307

fully capture how VLMs handle negation in more308

open-ended or real-world scenarios where models309

cannot rely on predefined answer choices. Second,310

we focus exclusively on zero-shot evaluation, due311

to current VLMs’ architectural constraint of accept-312

ing only single image inputs, leaving unexplored313

how few-shot prompting might affect negation un-314

derstanding and performance scaling. Third, al-315

though we manually verified the accuracy of 97%316

of our automatically generated questions, our LLM-317

based approach for converting existing VQA ques-318

tions into negated forms may introduce subtle er-319

rors in question formulation. Despite these limita-320

tions, our work provides the first comprehensive321

analysis of how VLMs process negation, uncover-322

ing both their current limitations and a U-shaped323

scaling pattern. The NegVQA benchmark estab-324

lishes a foundation for systematically evaluating325

and improving how future vision language models326

handle this fundamental linguistic operation.327
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Original Non-negated Questions Negated Questions (NegVQA)
Model General Reason OCR Doc&Cht Average General Reason OCR Doc&Cht Average

Cambrian-8B 87.6 74.0 93.4 80.9 83.8 57.2 50.6 71.8 50.1 55.7
Cambrian-13B 87.7 73.5 95.9 80.5 83.6 50.1 48.9 69.2 45.7 50.3
Cambrian-34B 90.0 80.3 96.6 85.0 87.4 64.6 53.2 81.5 49.5 59.9

InstructBLIP-7B 58.5 53.9 70.0 48.4 55.3 23.6 32.2 20.7 36.5 28.9
InstructBLIP-13B 75.8 62.5 68.1 53.9 67.0 26.6 41.2 20.3 47.3 35.2

DeepSeek-VL-1.3B 81.5 66.6 88.6 65.9 75.0 33.5 43.5 34.6 39.4 37.2
DeepSeek-VL-7B 84.7 71.2 91.3 73.1 79.8 40.4 41.9 53.7 42.4 41.9

LLaVA-1.5-7B 81.0 67.7 85.5 61.1 73.3 47.7 45.4 49.7 48.2 47.9
LLaVA-1.5-13B 82.8 66.5 86.4 62.3 74.3 37.8 41.2 40.4 43.9 40.3

Molmo-1B 83.6 71.7 92.0 77.7 80.7 30.0 35.6 30.4 34.5 32.2
Molmo-7B-O 83.1 69.9 91.2 81.4 81.3 37.4 41.7 49.4 33.6 38.6
Molmo-7B-D 85.6 67.8 94.8 84.3 83.0 55.9 48.6 75.3 49.7 55.3
Molmo-72B 89.4 78.2 96.7 89.0 87.5 74.8 64.7 93.9 72.1 74.5

Qwen2-VL-2B 88.6 74.7 96.1 84.8 85.4 51.9 52.3 78.0 46.2 53.4
Qwen2-VL-7B 91.3 79.8 97.2 89.4 88.8 58.8 51.8 82.0 53.0 57.2
Qwen2-VL-72B 93.6 83.4 99.0 94.8 92.2 71.7 64.1 91.8 72.4 72.7

VILA1.5-3B 83.9 68.0 88.2 66.0 76.1 39.6 47.1 51.9 46.6 44.8
VILA1.5-8B 85.3 71.2 91.0 69.4 78.5 56.7 53.3 68.4 50.5 56.2
VILA1.5-13B 85.7 73.7 91.6 70.3 79.6 51.4 48.7 62.5 47.6 51.2
VILA1.5-40B 89.4 78.6 96.3 81.5 85.7 73.2 63.0 90.3 61.8 70.5

Table 1: Performance of 20 vision language models from 7 families on NegVQA and the original non-negated
dataset.
**Task :**
You will be given an question collected from existing visual question answering datasets. Your task is to

↪→ produce a minimally modified , negated version of the question by inserting a negation (e.g., "not",
↪→ "do not", "isn 't", etc.) in a way that:

1. ** Minimal Changes :** Alters the original question as little as possible.
2. ** Answer Inversion :** Causes the original correct answer to become incorrect while making one of the

↪→ originally incorrect answers correct.
3. ** Linguistic Accuracy :** Adheres to proper grammar and preserves the semantic intent of the question.

** Special Case :**
1. Do not negate any background that is provided along with the question (e.g., mathematical conditions ,

↪→ background information , etc). Only negate the question itself (usually the last sentence).
2. If it is not possible to create a valid negation that meets these criteria , return an empty string for

↪→ the negated question and set the flag `is_negatable ` to `false `.

** Output Format :**
Your response should be an object with the following structure:
{

"negated_question ": "<your negated question (with original background information) here , or an empty
↪→ string if not negatable >",

"is_negatable ": <true/false >
}

Figure 3: Detailed prompts for adding the negation using GPT-4o.

Original Question: how many total singles does he have?
Negated Question: how many total singles does he not have?

Original Question: As shown in the figure , points A, B, and C are three points on O, and the straight line
↪→ CD and O are tangent to point C. If DCB = 40.0, then the degree of CAB is ()

Negated Question: As shown in the figure , points A, B, and C are three points on O, and the straight line
↪→ CD and O are not tangent to point C. If DCB = 40.0, then the degree of CAB is ()

Original Question: If cricket was removed from the food web , there would be
Negated Question: If cricket was not removed from the food web , there would be

Figure 4: Errors in negated questions generated by GPT-4o. The first question cannot be negated, while the
second and third questions are negated in the condition, whereas the negation should apply to the main question.
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Figure 5: Model performance and scaling analysis on NegVQA across different VLM families and datasets.
For each of the 20 subsets in NegVQA, we present scaling curves for both the original non-negated dataset and the
negated dataset from left to right, resulting in a total of 40 figures.
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