
ViLStrUB: A Benchmark for Vision and Language Alignment under
Structural Ambiguity

Anonymous ACL submission

Abstract

Structural ambiguity arises when a single sen-001
tence admits multiple valid interpretations002
due to its syntactic structure, posing a fun-003
damental challenge for language understand-004
ing. While visual scenes can provide useful005
cues for resolving such ambiguity, this requires006
Vision and Language Models (VLMs) to re-007
liably align each possible interpretation with008
the corresponding visual scene. We introduce009
Vision and Language Structural Understanding010
Benchmark (ViLStrUB), a benchmark designed011
to evaluate vision and language alignment un-012
der structural ambiguity, consisting of ambigu-013
ous captions, their disambiguated interpreta-014
tions, and corresponding images across seven015
ambiguity categories. Using classification-016
based evaluation settings, we assess a diverse017
set of contrastive and LLM-based generative018
VLMs and compare their performance. Our019
results show that most models perform near020
chance level and exhibit large gaps from human021
performance, revealing persistent limitations022
in aligning structurally distinct interpretations023
with visual scenes.024

1 Introduction025

Structural ambiguity arises when a sentence sup-026

ports multiple interpretations due to its syntactic027

structure. Even in a simple phrase such as “yellow028

cap and sneakers” in Figure 1, the situation referred029

to by the phrase differs depending on whether yel-030

low modifies only the cap or both the cap and sneak-031

ers. Resolving such structural ambiguity is crucial032

for task-oriented dialogue systems operating in the033

real world, as user instructions must be accurately034

interpreted by the systems for their efficient assist-035

ing (Tellex et al., 2011, 2014; Shridhar et al., 2020;036

Bodonhelyi et al., 2024).037

Structural ambiguity can sometimes be reduced038

by introspection (Chomsky, 1965), rewriting an ut-039

terance into a less ambiguous form (Duan et al.,040

2016; Stengel-Eskin et al., 2023). However, in041

Bring me a 
yellow cap and 

sneakers

Are the 
sneakers 
yellow 
too?

yellow cap and sneakers

(a) The system grounds an ambiguous instruction in visual
scene and asks for clarification when needed.

Yellow cap and sneakers. 
Sneakers are yellow too.  

Yellow cap and sneakers. 
Sneakers are not yellow.  

Correct

Correct

Wrong

(b) Successful disambiguation requires correctly aligning each
interpretation with its visual scene.

Figure 1: Use case of a task-oriented dialogue system
capable of disambiguation with visual scenes.

actual dialogue and spoken interaction in the real 042

world, ambiguities remain in speech which can 043

be resolved using additional contextual informa- 044

tion, such as dialogue history, prosody, or visual 045

scene (DeVault and Stone, 2009; Widiaputri et al., 046

2023; Kuribayashi and Baldwin, 2025). Among 047

these, visual scene is frequently regarded as a 048

particularly important cue in real-world interac- 049

tion (Barnard and Johnson, 2005; Roy, 2005; Roy 050

and Reiter, 2005; Reiter et al., 2005; Hutmacher, 051

2019). In the example in Figure 1, if the scene con- 052

tains only the yellow sneakers, no disambiguation 053

is required. In contrast, when the scene also in- 054

cludes sneakers of other colours, the phrase “yellow 055

cap and sneakers” remains structurally ambiguous, 056

and clarification becomes necessary to interpret 057

the instruction correctly. In other words, dialogue 058

system components that perform scene understand- 059

ing, such as Vision and Language Models (VLMs), 060
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must possess the capability to reason over such061

ambiguity and leverage visual evidence to support062

appropriate actions.063

A large body of prior work on the capabilities064

of VLMs has primarily focused on composition-065

ality. These studies have evaluated whether mod-066

els can correctly ground sentences whose mean-067

ings differ due to changes in word order (Thrush068

et al., 2022; Yuksekgonul et al., 2022; Yamada069

et al., 2023; Chung et al., 2025). Various types070

of ambiguity under multimodal settings have also071

been discussed (Berzak et al., 2015; Mehrabi et al.,072

2023; Stengel-Eskin et al., 2023; Kuribayashi and073

Baldwin, 2025; Wang et al., 2025; Chung et al.,074

2024; Inadumi et al., 2025). However, much of075

this prior work does not systematically address the076

combination of candidate interpretations induced077

by syntactic structure and real-world situations on078

a sufficient scale. A large-scale and comprehensive079

benchmark is required to assess whether existing080

VLMs can exhibit such fine-grained understand-081

ing, because small differences in sentence structure082

can correspond to substantially different real-world083

events.084

To address these issues, we propose the085

Vision and Language Structural Understanding086

Benchmark (ViLStrUB). The dataset consists of087

structurally ambiguous captions paired with their088

disambiguated interpretations and corresponding089

images. For instance, in Figure 1, “yellow cap and090

sneakers” serves as an ambiguous caption. By asso-091

ciating it with interpretive sentences such as “sneak-092

ers are yellow too” or “sneakers are not yellow,” the093

ambiguity in the original caption is explicitly re-094

solved. Furthermore, for each disambiguated inter-095

pretation, we provide corresponding images reflect-096

ing the resolved ambiguity. Based on this dataset,097

we define both Image-to-Text and Text-to-Image098

tasks as a novel VLM benchmark. We formulate099

the problem as selecting the correct alignment be-100

tween an image and a disambiguated interpretation.101

Human evaluation of the constructed benchmark102

confirms that sufficiently trained human annotators103

can solve these tasks with high accuracy.104

Using this benchmark, we conduct a comprehen-105

sive evaluation of a wide range of VLMs, from con-106

trastive models represented as CLIP (Radford et al.,107

2021) to LLM-based generative models (OpenAI,108

2025; Liu et al., 2024; Bai et al., 2025; Gemma109

Team, 2025). Our results reveal that current VLMs110

exhibit substantial limitations in correctly distin-111

guishing and aligning sentences with subtle seman-112

tic differences that originate from the same struc- 113

turally ambiguous input. 114

2 Related Work 115

2.1 Vision and Language Alignment in VLMs 116

VLMs have been shown to struggle with aligning 117

linguistic structure to visual scenes, particularly 118

in settings that require sensitivity to fine-grained 119

semantic composition. For example, CLIP (Rad- 120

ford et al., 2021) often fails to correctly associate 121

modifiers such as adjectives with their intended tar- 122

get nouns (Tang et al., 2023). Prior work has pro- 123

posed benchmarks that probe compositional under- 124

standing by altering word order to induce meaning 125

changes (Thrush et al., 2022; Yuksekgonul et al., 126

2022). Our work extends this line of research by 127

focusing on structural ambiguity, where multiple 128

syntactic interpretations arise from the same sur- 129

face form and remain simultaneously valid prior to 130

grounding. Unlike compositionality benchmarks 131

that assume a single intended meaning, resolving 132

structural ambiguity requires models to distinguish 133

and align closely related interpretations with corre- 134

sponding visual scenes. 135

2.2 Visual Disambiguation 136

Prior work has explored the use of visual scenes to 137

resolve linguistic ambiguity, both through evalua- 138

tion benchmarks (Chung et al., 2024; Wang et al., 139

2025) and task-oriented systems (Inadumi et al., 140

2025; Kuribayashi and Baldwin, 2025). These 141

benchmarks partially address structural ambiguity. 142

However, their goal is not a systematic investiga- 143

tion of the capabilities of VLMs; rather, it is to 144

realise specific application tasks. 145

The Language and Visual Ambiguity (LAVA) 146

corpus is one of the few datasets explicitly designed 147

to address structural ambiguity, using handcrafted 148

visual annotations (Berzak et al., 2015). While 149

LAVA has served as a foundational resource for 150

subsequent studies, its limited scale and annota- 151

tion quality constrain its applicability for evalu- 152

ating modern VLMs (Mehrabi et al., 2023; Ya- 153

maki et al., 2023). The Text-to-Image Ambigu- 154

ity Benchmark (TAB) extends LAVA by improv- 155

ing the quality and coverage of textual annotations 156

and targeting structural disambiguation in text-to- 157

image generation (Mehrabi et al., 2023). Never- 158

theless, because TAB is centred on disambiguating 159

prompts for image generation models, the dataset 160

lacks visual scenes, which is not suited for assess- 161
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The OWL is 
flying too

The OWL is 
not flying

An owl and a butterfly 
flying in the sky

I2T

T2I

Dual

Right

Wrong

Figure 2: Overall description for classification task

ing whether models can reliably interpret visual162

scenes. Building on recent advances in large-scale163

image and language generation (Betker et al., 2023;164

OpenAI, 2023), we introduce a benchmark that165

provides paired visual scenes and disambiguated166

interpretations.167

3 ViLStrUB: Vision and Language168

Structural Understanding Benchmark169

We propose the Vision and Language Structural170

Understanding Benchmark (ViLStrUB) to measure171

how well VLMs can handle structural ambiguity.172

We first describe the formulation of the alignment173

tasks that VLMs should be able to solve under struc-174

tural ambiguity, and clarify the range of structural175

ambiguity phenomena covered by our benchmark.176

We then present the data construction pipeline and177

report a human evaluation of the quality of the re-178

sulting benchmark dataset.179

3.1 Task Definition180

ViLStrUB formulates vision and language align-181

ment evaluation as a classification task, in which182

models are required to match structurally distinct183

interpretations of an identical sentence with their184

corresponding visual scenes. As shown in Figure 2,185

each sample contains an ambiguous sentence (“an186

owl and butterfly flying in the sky”), two sentences187

that disambiguate the structural ambiguity (“the188

owl is flying too” and “the owl is not flying”), and189

two images corresponding to both interpretations.190

We subdivide the ViLStrUB task into three set-191

tings: Image-to-Text (I2T), Text-to-Image (T2I),192

and Dual, based on the input–output configuration193

of each trial. Each trial is associated with a single194

ambiguous sentence and its corresponding set of195

structurally disambiguated interpretations. Given196

either an image or a caption representing one in-197

terpretation, the model is required to select the198

matching caption or image from a set of candi- 199

dates derived from the same ambiguous source. An 200

overview of the task setup is illustrated in Figure 2. 201

Since prior work has shown that performance 202

can differ by direction in vision and language align- 203

ment tasks (Thrush et al., 2022), we define three 204

task settings: I2T, T2I, and Dual. In the I2T setting, 205

a single image and multiple candidate captions (two 206

or three captions in our case) are provided, and the 207

model selects one caption that best matches the 208

image. The T2I setting is the inverse: given one 209

caption and multiple candidate images (two or three 210

images in our case), the model selects one image 211

that best matches the caption. Here, the caption is 212

provided as the concatenation of two sentences: the 213

original ambiguous sentence and its disambiguated 214

interpretation. The Dual setting counts an instance 215

as correct only when it is solved correctly in both 216

directions. 217

3.2 Ambiguity Categories 218

We categorise instances in ViLStrUB to enable a 219

diversified evaluation of structural interpretation 220

in VLMs. Our categorisation is grounded in es- 221

tablished typologies of structural ambiguity, from 222

which we select ambiguity categories that are both 223

linguistically distinct and plausibly resolvable us- 224

ing a visual scene. We build ViLStrUB upon the 225

text samples introduced in TAB (Mehrabi et al., 226

2023), which was originally designed for text-to- 227

image generation and consist of ambiguous sen- 228

tences. Among the ambiguity categories defined 229

in TAB, five correspond to linguistic phenomena. 230

We further refine and subdivide these into seven 231

categories to better isolate different mechanisms of 232

structural interpretation1. Figure 3 illustrates our 233

ambiguity categories defined below. 234

• Verb Phrase Attachment (VP): Ambiguity 235

arises when a verb phrase can attach to more 236

than one part of the sentence. 237

• Preposition Phrase Attachment (PP): A prepo- 238

sitional phrase can modify multiple possible 239

heads 240

• Anaphora (Anaph): A pronoun or referring 241

expression has more than one plausible an- 242

tecedent. 243

• Ellipsis (Ellip): An omitted phrase can be 244

interpreted in multiple ways. 245

1Detailed redefinition we used for the data construction
are stated in Appendix A.1
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The gardener trimmed 
the hedge. Also the sheep

The horse passed by the 
fence and the tree; 
it was tall

The wolf approaches 
the girl eating a chicken

VP

The girl stands next to 
a cage with a dog

PP

Anaph Ellip

The musicians tune the guitar 
or the piano and the drums

Conj

The yellow ball and bat 
were left in the yard

Adj

An elephant and a bird 
flying

Vb

Figure 3: Example sentence and corresponding interpre-
tations with visual scenes from each ambiguity category.

• Adjective Scope (Adj): An adjective can mod-246

ify either a single noun or an entire coordi-247

nated noun phrase.248

• Verb Scope (Vb): A verb-derived modifier249

may apply to one or more coordinated ele-250

ments.251

• Conjunction Scope (Conj): Coordinating con-252

junctions (e.g. and, or) group sentence ele-253

ments in more than one way.254

3.3 Data Collection255

We construct ViLStrUB through a multi-stage data256

collection pipeline that leverages a VLM (OpenAI,257

2023) and an image generation model (Betker et al.,258

Ambiguity Category I2T T2I Dual

VP 96.5 98.5 96.0
PP 92.5 97.0 91.5
Anaph 94.5 88.1 85.1
Ellip 89.6 92.6 84.7
Adj 89.5 92.0 85.5
Vb 94.5 92.0 91.5
Conj 93.3 93.0 91.3

All 92.9 93.1 89.6

Table 1: Human evaluation results on ViLStrUB, re-
ported as accuracy (%) for Image-to-Text (I2T), Text-to-
Image (T2I), and Dual settings across ambiguity cate-
gories.

2023) for both caption augmentation and image 259

generation. Prior to data collection, we apply a 260

filtering and modification step to the sentences from 261

TAB (Mehrabi et al., 2023), which we use for seeds 262

for caption augmentation. Specifically, sentences 263

containing violent expressions or references to real 264

world political figures are discarded or minimally 265

modified, as such content is rejected by the image 266

generation model2. 267

3.3.1 Caption Augmentation 268

Building on the selected samples described 269

in Section 3.2, we generate new ambiguous- 270

disambiguated text pairs using GPT-4o3 (OpenAI, 271

2023). Each ambiguous sentence is paired with two 272

or three disambiguated counterparts following the 273

format introduced in TAB. The resulting dataset 274

includes 700 ambiguous sentences, with 100 sen- 275

tences per ambiguity category. Each sentence is 276

paired with two or three disambiguated interpreta- 277

tions, yielding a total of 1,503 disambiguated cap- 278

tions. For example, Conj sentences always have 279

three interpretations. 280

3.3.2 Image Generation 281

For each disambiguated caption, we generate a cor- 282

responding image using DALL-E 34 (Betker et al., 283

2023). To introduce visual diversity, approximately 284

half of the images are generated in a cartoon-style, 285

and the remainder in a photo-realistic-style5. 286

2Examples of these cases and the corresponding modifica-
tions are described in Appendix A.2.

3gpt-4o-mini-2024-07-18
4We used the API from December 11, 2024, to April 5,

2025.
5The prompts used for image generation are provided in

Appendix B.1.
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3.3.3 Human Evaluation287

To verify that the collected data are resolvable in288

principle given visual scenes, we conduct a human289

evaluation using the task described in Section 3.1.290

Two annotators not involved in data collection par-291

ticipated in the evaluation, each assigned either T2I292

or I2T setting for a given ambiguity category. Dual293

accuracy is computed from the two results. To mit-294

igate memory effects, no annotator evaluates both295

T2I and I2T settings for the same category6. As296

shown in Table 1, human annotators achieve high297

performance in both T2I and I2T, while strong Dual298

performance indicates minimal modality asymme-299

try, supporting the validity of the dataset.300

3.3.4 Image Description Generation301

After human evaluation, we generate auxiliary im-302

age descriptions focusing on the attributes of main303

objects using GPT-5.1 (OpenAI, 2025). These de-304

scriptions are not used for the main evaluation, but305

are introduced to conduct later analyses of whether306

models rely on structurally relevant visual cues or307

superficial details. We leverage these descriptions308

in our analysis7.309

4 Experiment310

Section 3 introduced a benchmark to evaluate how311

well existing VLMs can interpret structural ambi-312

guity. In this section, we describe our experimental313

settings and results.314

4.1 Evaluated Models315

We test the classification task described in Sec-316

tion 3.1 on representative VLMs, which can be317

broadly categorised into two groups: contrastive318

models centred on CLIP (Radford et al., 2021), and319

LLM-based generative VLMs. Contrastive models320

are directly relevant to our research goal, as their321

training objective explicitly optimises cross-modal322

alignment in a shared embedding space (Chen et al.,323

2020; Khosla et al., 2020), making them a natural324

testbed for assessing structural alignment capabil-325

ities. Moreover, encoders trained under the CLIP326

paradigm are widely adopted as backbone compo-327

nents in state-of-the-art generative VLMs (Betker328

et al., 2023; Gemma Team, 2025; Li et al., 2024;329

DeepSeek-AI, 2024), meaning that limitations ob-330

served at the contrastive level may propagate to331

6Details of annotator allocation are provided in the Ap-
pendix B.2.

7Generation prompt in the Appendix B.1.

downstream models. In contrast, LLM-based gen- 332

erative VLMs represent the dominant paradigm 333

for contemporary multimodal systems. Evaluating 334

both paradigms allows us to assess whether struc- 335

tural alignment failures stem from embedding-level 336

representations or can be mitigated by later-stage 337

multimodal reasoning. 338

4.1.1 Contrastive VLMs 339

We evaluate CLIP (Radford et al., 2021) and its 340

variants, covering differences in (i) different vi- 341

sion encoders (Resnet 50, 101 (He et al., 2015) 342

as well as Vision Transformer (Dosovitskiy et al., 343

2020)), training objectives (SigLIP (Zhai et al., 344

2023)), training dataset scale (OpenCLIP (Cherti 345

et al., 2023) based on Vision Transformer and Con- 346

vNext (Liu et al., 2022), MetaCLIP (Xu et al., 347

2024), and MetaCLIP2 (Chuang et al., 2025)), and 348

(iv) model scale, exemplified by EVA-CLIP (Sun 349

et al., 2023). Contrastive models are encoder-based 350

models, and their outputs are image and text embed- 351

dings. Predictions in both the T2I and I2T settings 352

are obtained by selecting the candidate with the 353

highest cosine similarity to the given query embed- 354

ding8. 355

4.1.2 LLM-based Generative VLMs 356

LLM-based generative VLMs can produce re- 357

sponses to prompts as outputs. For these mod- 358

els, candidate captions and images are presented 359

with discrete option labels (e.g., A/B/C), and the 360

model is prompted to select the option that best 361

matches the given input. In addition, the mod- 362

els are prompted to generate a brief explanation 363

for their choice, which is used in our analysis9. 364

Our evaluation includes both closed-source and 365

open-source models. Among closed-source mod- 366

els, we evaluate GPT5.1 (OpenAI, 2025) to assess 367

the structural comprehension ability of state-of-the- 368

art models. For open-source models, we adopt 369

Qwen-VL-3 (Bai et al., 2025), Llava-Next (Liu 370

et al., 2024), and Gemma3 (Gemma Team, 2025). 371

4.2 Results 372

Table 2 reports results grouped by ambiguity cat- 373

egory, while Table 3 presents results grouped by 374

image style. 375

4.2.1 Contrastive VLMs 376

As shown in Table 2, the performance of con- 377

trastive models generally remains close to the ran- 378

8Model cards we used are provided in the Appendix C.
9We provide the prompt in the Appendix D.
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VP PP Anaph Ellip Adj Vb Conj All

Model I2T T2I Dual I2T T2I Dual I2T T2I Dual I2T T2I Dual I2T T2I Dual I2T T2I Dual I2T T2I Dual I2T T2I Dual

Contrastive VLMs

CLIP-ViT 50.0 51.5 25.0 55.5 50.0 32.0 53.7 49.8 26.9 54.5 49.0 30.7 53.5 52.0 31.0 59.0 53.0 30.5 50.3 37.0 17.0 53.6 48.1 26.9
CLIP-RN50 52.0 48.5 27.5 55.5 51.0 29.5 55.2 51.7 30.9 52.5 53.0 30.7 55.0 50.0 29.5 55.5 51.0 26.0 50.7 36.0 19.7 53.6 47.9 27.2
CLIP-RN101 47.5 50.5 24.5 45.0 49.5 23.0 52.7 48.8 27.9 52.5 50.0 27.7 58.5 50.5 29.5 58.0 51.0 31.5 54.0 35.3 18.7 52.7 47.1 25.6
SigLIP 54.0 49.5 31.0 57.0 50.0 26.5 51.2 50.3 27.9 50.0 50.5 22.3 50.5 50.5 21.5 55.5 50.5 33.0 46.0 38.3 20.3 51.6 47.8 25.7
MetaCLIP 53.0 49.0 26.5 56.0 51.0 30.5 54.2 48.8 25.9 55.9 56.4 30.2 56.5 51.0 33.0 55.0 52.5 31.5 51.7 36.3 19.7 54.4 48.4 27.6
MetaCLIP2 51.0 49.5 27.5 54.5 50.0 26.5 53.2 50.3 29.4 55.9 52.0 30.7 58.5 51.5 31.5 55.0 51.5 33.0 59.0 38.7 22.0 55.6 48.4 28.2
OpenCLIP-ViT 48.5 49.5 23.0 53.0 52.0 26.0 56.7 48.8 28.4 60.4 50.0 31.2 53.0 52.5 25.5 60.0 51.5 33.5 54.0 37.7 19.7 55.0 48.1 26.3
OpenCLIP-convnext 54.0 50.5 30.0 51.5 51.0 26.5 52.2 50.8 29.9 55.5 53.5 33.7 61.5 51.5 30.5 60.0 52.0 31.0 55.7 37.0 21.7 55.8 48.6 28.5
EVA-CLIP 49.0 50.0 28.0 54.5 49.5 27.5 51.7 50.8 31.3 57.9 52.0 29.7 58.5 52.5 31.0 60.5 51.0 36.5 54.0 38.7 20.3 55.1 48.5 28.6

LLM-based Generative VLMs

llava-1.6-mistral-7b 51.5 48.5 17.0 53.5 49.5 27.0 49.8 58.2 22.9 51.0 51.0 31.7 50.0 56.5 21.5 53.5 44.5 35.5 40.0 36.0 14.7 49.2 48.3 23.7
Qwen3-VL-8B-Instruct 57.5 65.5 38.5 76.5 77.5 60.0 63.2 63.2 38.3 60.4 61.4 38.6 65.0 87.0 59.0 73.0 76.0 56.5 56.7 61.7 42.3 64.1 69.7 47.2
Gemma3-12b-it 64.0 52.0 29.5 64.5 56.0 42.0 58.2 51.2 19.9 55.9 55.5 31.7 60.0 69.5 53.5 68.0 69.5 57.0 44.0 45.0 15.7 58.2 56.2 34.3
GPT-5.1 86.5 73.0 68.5 91.0 89.0 81.5 82.1 64.2 53.2 65.4 70.8 45.5 82.5 86.0 71.0 84.0 88.0 75.5 63.7 59.3 40.3 78.2 74.7 60.8

Human Evaluation & Random Chance

Random Chance 50.0 50.0 25.0 50.0 50.0 25.0 50.0 50.0 25.0 50.0 50.0 25.0 50.0 50.0 25.0 50.0 50.0 25.0 33.3 33.3 11.1 — — —
Human 96.5 98.5 96.0 92.5 97.0 91.5 94.5 88.1 85.1 89.6 92.6 84.7 89.5 92.0 85.5 94.5 92.0 91.5 93.3 93.0 91.3 92.9 93.1 89.6

Table 2: Model accuracies by ambiguity category. Cell colours indicate deviation from the chance level under a
binomial null model: green denotes above-chance performance and red denotes below-chance performance. Colour
intensity reflects the magnitude of deviation in units of standard deviations. The bottom rows of the tables report the
expected random chance accuracy, which depends on the number of options per trial, as well as human performance
from Table 1.

Cartoon Photo All

Model I2T T2I Dual I2T T2I Dual I2T T2I Dual

Contrastive VLMs

CLIP-ViT 53.4 48.1 26.9 53.2 46.6 25.6 53.6 48.1 26.9
CLIP-RN50 52.7 47.0 26.9 54.9 49.3 27.5 53.6 47.9 27.2
CLIP-RN101 52.3 46.7 25.0 53.3 47.7 26.7 52.7 47.1 25.6
OpenCLIP-ViT 54.7 47.4 25.2 54.2 46.9 25.3 55.0 48.1 26.3
OpenCLIP-convnext 54.7 47.7 27.8 57.5 50.2 29.8 55.8 48.6 28.5

LLM-based Generative VLMs

Qwen3-VL-8B-Instruct 67.9 69.1 51.2 57.8 70.7 40.8 64.1 69.7 47.2
GPT-5.1 81.5 75.5 63.6 73.0 73.3 56.1 78.2 74.7 60.8

Table 3: Selective model accuracies by image style

dom chance level across most settings. An excep-379

tion is observed in the Conj category, where I2T380

accuracy is noticeably higher and approaches the381

random chance level of two-option categories, de-382

spite Conj involving three options per trial.383

Across all categories, I2T accuracy is consis-384

tently higher than T2I accuracy, and Dual accuracy385

generally hovers around the random chance. This386

pattern indicates unstable cross-modal alignment,387

where correct matches in one direction do not re-388

liably coincide with correct matches in the other.389

Results grouped by image style in Table 3 show390

similar trends to those observed across ambiguity391

categories, with no significant performance differ-392

ences attributable to image style, despite variations393

in visual encoders.394

Caption A : WRONG CAPTION
The girl puts-down the white pen and 
book, the book is white

Caption B : RIGHT CAPTION
The girl puts-down the white pen and 
book, the book is not white

The girl holds a red book, 
so the statement that the 
book is white is false, 
making caption B 
incorrect.

The answer is Caption A

Figure 4: Hallucination case example by GPT-5.1

4.2.2 LLM-based Generative VLMs 395

In contrast to contrastive models, LLM-based gen- 396

erative VLMs exhibit substantially more varied per- 397

formance across models (Table 2). LLaVA-NeXT 398

shows the weakest performance, remaining close 399

to random chance across most categories and occa- 400

sionally falling below it. Gemma-3 performs better 401

overall and exceeds the random baseline in several 402

categories; however, its performance remains lim- 403

ited, particularly in terms of Dual accuracy. Both 404

models exhibit consistently low Dual scores across 405

multiple categories, indicating pronounced asym- 406

metry between I2T and T2I alignment. 407

Among the open-source models, Qwen3-VL 408

achieves the strongest and most stable performance. 409

GPT-5.1 attains the highest overall accuracy, ex- 410
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Model I2T T2I
CLIP-ViT 0.6569 2.3413

CLIP-RN50 0.0051 0.0208
CLIP-RN101 0.0051 0.0201

OpenCLIP-ViT 0.7848 3.8397
OpenCLIP-convnext 0.0075 0.0343

Table 4: Average logit difference between candidate
pairs for selective contrastive models, computed per trial.
Logits are obtained as the cosine similarity between
image and text embeddings, scaled by eτ , where the
temperature τ is fixed to 1.0 across all experiments.

ceeding 90% in several settings. These two models411

consistently outperform the random chance base-412

line and achieve relatively higher Dual scores, sug-413

gesting more stable cross-modal alignment. Nev-414

ertheless, their performance remains notably be-415

low human performance. Moreover, Qwen3-VL,416

despite its smaller scale, outperforms GPT-5.1 in417

certain settings, indicating that model size alone418

does not guarantee stronger structural alignment.419

Results stratified by image style (Table 3) reveal420

systematic differences for these models: I2T accu-421

racy tends to be higher for cartoon-style images,422

while T2I accuracy is higher for photo-realistic im-423

ages. Finally, we observe instances of hallucination424

in GPT-5.1, where the generated explanation does425

not align with the model’s actual decision (Fig-426

ure 4). This discrepancy highlights a persistent427

limitation of current generative VLMs in achieving428

reliable vision and language structural alignment,429

posing a challenge for robust visual disambigua-430

tion.431

5 Analysis432

We analyse the performance of VLMs to identify433

the key challenges in improving their vision and434

language structural alignment capabilities. Our435

analysis highlights two primary limitations:436

• Insufficient sensitivity to semantic differ-437

ences between texts from structural ambi-438

guity, where models fail to distinguish be-439

tween alternative syntactic interpretations that440

are semantically distinct.441

• Dominance on superficial visual fea-442

tures, which distracts models from visually443

grounded cues that are directly relevant to re-444

solving structural ambiguity.445

OpenCLIP-convnext Qwen3-VL
Type amb-dis dis-dis amb-dis dis-dis
VP 95.9 99.2 90.4 94.1
PP 96.2 98.0 89.3 94.5

Anaph 98.4 99.3 94.9 97.1
Ellip 94.2 94.7 72.4 69.0
Adj 95.6 98.4 90.8 96.8
Vb 94.8 97.5 90.2 97.4

Conj 95.8 97.1 91.7 97.0

Table 5: Average cosine similarity between caption pairs
per sample. amb-dis denotes similarity between an am-
biguous caption and its disambiguated version, while
dis-dis denotes similarity among disambiguated candi-
dates derived from the same ambiguous sentence. Re-
sults are shown for OpenCLIP-convnext and Qwen3-
VL; Qwen3-VL text embeddings are obtained by mean-
pooling hidden states from the text backbone (Tang
et al., 2015).

5.1 Insufficient Sensitivity to Semantic 446

Differences 447

The consistent gap between I2T and T2I perfor- 448

mance, together with the low Dual accuracy re- 449

ported in Section 4.2, indicates a modality gap in 450

current VLMs. Compared to visual representations, 451

textual representations exhibit limited diversity, par- 452

ticularly when multiple interpretations share nearly 453

identical surface forms under structural ambiguity. 454

As shown in Table 4, contrastive models dis- 455

play greater variation across visual candidates than 456

across textual candidates in a general sense. Ta- 457

ble 5 reveals that sentence embeddings correspond- 458

ing to different structural interpretations are highly 459

similar in the text embedding space for OpenCLIP- 460

convnext. Such embeddings collapse makes alter- 461

native interpretations difficult to distinguish, which 462

could have caused most performance around the 463

random chance. This collapse could have even re- 464

duced the number of distinguishable options, mak- 465

ing I2T performance in the Conj category close to 466

the random chance of two option categories despite 467

having three options. 468

Qwen3-VL shows a similar tendency in text em- 469

bedding similarity, with the exception of the Ellip 470

category. Nevertheless, its overall performance is 471

substantially higher than that of contrastive models 472

(Table 2), suggesting that some semantic distinc- 473

tions may be partially recovered during later stages 474

of multimodal fusion. Despite this, performance 475

remains well below human levels, indicating that 476

such recovery is limited. 477
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Figure 5: Additional test results of Distraction and
Balanced settings across selected models. Distraction
is the winning rate of the correct caption against the
wrong caption, added with visual description. Balanced
is the winning rate of the correct caption when both
the correct and wrong captions are added with a visual
description.

5.2 Dominance of Superficial Visual Features478

We conduct an additional I2T evaluation using479

the visual descriptions introduced in Section 3.3.4.480

These descriptions capture superficial image fea-481

tures that are largely independent of structural se-482

mantics. By augmenting captions with such de-483

scriptions, we examine whether VLMs prioritise484

structural semantics over surface-level visual cues.485

In the Distraction setting (Figure 5), only the486

incorrect candidate caption is augmented with a487

visual description, acting as a distractor that biases488

the model away from the structurally correct inter-489

pretation. We measure the winning rate of the cor-490

rect caption against this distraction. Results show491

that the correct caption is selected in fewer than492

50% of cases, indicating a strong reliance on su-493

perficial visual features. The example in Figure 6494

further illustrates that models attend to visually495

salient yet semantically irrelevant details.496

We further evaluate a Balanced setting, in which497

all candidate captions are augmented with visual498

descriptions. As shown in Figure 5, applying de-499

scriptions uniformly improves the winning rate of500

the correct caption, suggesting that the observed501

degradation in the Distraction setting cannot be502

explained solely by increased caption length.503

1
The girl approaches the table on which there is a black laptop. 

The girl has blonde hair and is wearing a blue blouse and a 
green flower skirt

2
The girl approaches the table holding a black laptop. 

The girl has blonde hair and is wearing a blue blouse and a green 
flower skirt

3 The girl approaches the table on which there is a black 
laptop. 

4 The girl approaches the table holding a black laptop

0.373

0.370

0.364

0.359

Figure 6: OpenCLIP-ViT error case. Captions are
ranked by the image–text matching logit for the given
image. Green/red spans indicate correct/incorrect se-
mantics, and the blue sentence is the visual description.

6 Conclusion 504

We introduced a benchmark for evaluating VLMs 505

on aligning interpretations with subtle semantic 506

differences under structural ambiguity with corre- 507

sponding visual scenes. Covering a diverse set of 508

ambiguity types, our benchmark enables system- 509

atic evaluation across both contrastive and genera- 510

tive model paradigms. Experimental results reveal 511

that current VLMs exhibit limitations in vision and 512

language structural alignment, a fundamental pre- 513

requisite for visual disambiguation. Our analysis 514

shows that semantic differences between alterna- 515

tive interpretations are poorly reflected in textual 516

representations, and that models often rely on su- 517

perficial visual cues rather than structurally relevant 518

semantics. These findings highlight the need for 519

improved cross-modal reasoning and greater sen- 520

sitivity to structural meaning. Future work should 521

focus on developing models that abstract beyond 522

surface-level features and align syntactic interpre- 523

tations more reliably with visual scenes. 524
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Limitations525

• While our human evaluation of our data sug-526

gests its validity in Table 1, more thorough527

analyses are required regarding the data’s528

statistics. Specifically, diversity in both am-529

biguous sentences and images would be an im-530

portant factor justifying our collected dataset.531

• While our results suggested that model size532

isn’t yet an important factor for the models’533

disambiguation ability, further experiments534

could be done on various sizes from the same535

model to see more detailed performance differ-536

ences. Also, more evaluation would be needed537

on closed models such as Gemini (Google,538

2024).539

• Our analysis focuses primarily on embedding-540

level behaviour and does not explicitly exam-541

ine the role of training objectives in different542

VLM paradigms. In particular, LLM-based543

generative VLMs outperform contrastive mod-544

els despite exhibiting similar text embedding545

similarities, suggesting that later-stage mul-546

timodal fusion plays an important role. A547

deeper investigation of this aspect is left for548

future work.549
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A Modification from TAB785

A.1 Revision of Ambiguity Categories786

TAB (Mehrabi et al., 2023) dataset has defined the787

following seven categories of ambiguity:788

• Anaphora: Ambiguity arises when pronouns 789

or similar expressions refer to a previously 790

mentioned entity, but there are multiple possi- 791

ble referents. (e.g. “The girl looks at the bird 792

and the butterfly; it is red.”) 793

• Ellipsis: Ambiguity caused by omitted ele- 794

ments in a sentence, resulting in multiple pos- 795

sible interpretations. (e.g. “The lion eats the 796

chicken. Also the cat.”) 797

• Fairness: Ambiguity occurs when the caption 798

lacks specific attributes of an object, result- 799

ing in multiple possible visual interpretations. 800

(e.g. “The man dusting the floor.”) 801

• Syntax-PP: Ambiguity arises when it’s un- 802

clear which part of the sentence a preposi- 803

tional phrase is modifying. (e.g. “The woman 804

approached the chair with a bag.”) 805

• Syntax-VP: Ambiguity arises when it’s un- 806

clear which part of the sentence a verb phrase 807

is modifying (e.g. “The man looked at a boy 808

talking to a telephone.”) 809

• Conjunction: Ambiguity caused by the scope 810

of verbs or adjectives connected to multiple 811

nouns via conjunctions like “and” or “or”. 812

(e.g. “The girl holds the green chair and bag.”) 813

• Miscellaneous: A collective set of ambiguities 814

which are not affiliated to either of the above 815

six, but not quantitatively enough to form a 816

separate category. (e.g. “The chicken is ready 817

to eat.”) 818

Among the original ambiguity types, Fairness 819

was found to be exclusively related to image gener- 820

ation and was therefore unsuitable for our research, 821

which focuses on semantic diversity rather than 822

visual representation. Additionally, the Miscella- 823

neous category contained too few instances. As a 824

result, we excluded both of these categories from 825

our study. Furthermore, we redefined the Conjunc- 826

tion category as a scope ambiguity problem and 827

subdivided it into three finer-grained types: adjec- 828

tive scope, verb scope, and conjunction scope. 829

A.2 Inappropriate Samples from TAB 830

While TAB was originally designed for image gen- 831

eration tasks, some of its samples included inappro- 832

priate content that was rejected by the generation 833

model. One common issue involved violent verbs, 834
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Collecion Process Prompt

Caption Augmentation Hi, I’m making a dataset by extending the following examples. Output sentences in the
following format:
– An ambiguous sentence having 2 or 3 possible meanings: Avoid repeating common phrases
and use a wide range of vocabulary and creative expression, a variety of synonyms and
idioms.
– Disambiguated sentences corresponded to an ambiguous sentence: Do not say something
else, but just 2 or 3 sentences. These sentences are connected slash.
– If I’m not satisfied, I will give you feedback. If I say good, then generate another round.
– Create a text filled with detail that allows one to easily visualise the scene.
The topic is {AMB_TYPE}. From now on, I will show you some of the examples.
Example: {EXAMPLE_FROM_TAB}

Image Generation Follow the given caption prompt and visual style to generate a faithful image.
Prompt: {CAPTION}
Style: {coloured cartoon OR coloured photography}

Image Description Generation You are a vision-language agent that outputs visual attributes ONLY for objects explicitly
mentioned in the caption.
Your behaviour rules:
- Describe ONLY objects that appear both in the caption and the image.
- For each object, output at most TWO visual attributes.
- Attributes must be concise (e.g., “red,” “wooden,” “large,” “striped shirt”).
- Ignore objects not mentioned in the caption.
- Ignore actions, relationships, and scene-level descriptions.
- Keep it concise and factual.
Example style:
“the boy is wearing a striped shirt and the dog has brown fur”
Caption: {CAPTION}

Image: {IMAGE}

Now look at the image and output the object descriptions.

Table 6: Prompt templates used for data collection.

such as kill, threaten, or hit (e.g., “The girl killed835

the boy with a gun.”). Another issue was the inclu-836

sion of real-world political figures from the con-837

temporary era, which also triggered rejection (e.g.,838

“Biden sits next to a girl worshipping Trump.”).839

To address these issues, we made the following840

modifications: violent verbs were replaced with841

neutral alternatives (e.g., “greet”), and named polit-842

ical figures were replaced with descriptive phrases843

(e.g., “the old man and the blonde man”) to pre-844

serve the intended ambiguity while avoiding rejec-845

tion by the model.846

B Data Collection847

B.1 Prompts used for Generation Models848

For data collection, we used the following prompts849

in Table 6. For caption augmentation, previous850

samples from TAB were given to the generation851

model to grant it a sense of the sentences it was852

supposed to create. {AMB_TYPE} was formatted853

with the name and a description of the ambiguity854

type as follows: 855

• vp: VP Attachment Ambiguity, occurring 856

when it is unclear which part of a sentence 857

a verb phrase is intended to modify 858

• pp: PP Attachment Ambiguity, occurring 859

when it is unclear which part of a sentence 860

a prepositional phrase is intended to modify 861

• anaph: Anaphoric Ambiguity, which occurs 862

when it is unclear which antecedent a particu- 863

lar anaphor refers to within a given context 864

• ellip: Ellipsis Ambiguity, involving the omis- 865

sion of words or phrases that are understood 866

from the context 867

• adj: Adjective Scope Ambiguity, occurring 868

when it is unclear how far the influence of an 869

adjective extends within a sentence 870

• vb: Verb Scope Ambiguity, occurring when 871

it is unclear how far the influence of a verb 872

extends within a sentence 873
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Annotator I2T T2I

A 7, 8, 9, 0, 1, 2 3, 4, 5, 6
B 3, 4, 5, 6 0, 1, 2, 7, 8, 9

Table 7: Two human annotators denoted as A and B
were given splits so that one annotator doesn’t evaluate
a sample in both directions.

• conj: Conjunction Scope Ambiguity, occur-874

ring when it is unclear how far the influence875

of a conjunction coordinate, such as AND/OR876

extends within a sentence877

Image generation prompts were carefully made878

to have the same semantic structure as that of879

the texts used for the experiments. For image880

styles, “coloured cartoon” and “coloured photogra-881

phy” were used.882

B.2 Annotator Allocation883

ViLStrUB consists of 700 ambiguous sentences,884

each equipped with two or three vision and lan-885

guage interpretations. We constructed human eval-886

uation sets in two settings: I2T and T2I, each con-887

sisting of 700 samples. 700 samples in each setting888

were split into 10, which we labelled from 0 to 9.889

Two annotators were given the splits in a way that890

one annotator doesn’t evaluate the same sample in891

both directions, in order to mitigate memory effects.892

Annotators were given the splits as in Table 7.893

C Model Card894

• CLIP-ViT895

openai/clip-vit-large-patch14-336896

(HuggingFace)897

• CLIP-RN50898

RN50 model trained by openai from https:899

//github.com/mlfoundations/open_clip900

• CLIP-RN101901

RN101 model trained by openai from https:902

//github.com/mlfoundations/open_clip903

• SigLIP904

google/siglip-so400m-patch14-384905

(HuggingFace)906

• MetaCLIP907

facebook/metaclip-h14-fullcc2.5b908

(HuggingFace)909

Setting p0 N 95% CI (Wilson)

Conj (Dual) 0.11 300 [0.079, 0.151]
Conj (T2I / I2T) 0.333 300 [0.282, 0.389]
Other Types (Dual) 0.25 200 [0.195, 0.314]
Other Types (T2I / I2T) 0.50 200 [0.431, 0.569]

Table 8: 95% Wilson confidence intervals around the
random chance levels for each task setting.

• MetaCLIP2 910

facebook/metaclip-2-worldwide-114 911

(HuggingFace) 912

• OpenCLIP-ViT 913

laion/CLIP-ViT-H-14-laion2B-s32B-b79K 914

(HuggingFace) 915

• OpenCLIP-convnext 916

convnext_xxlarge model trained by 917

laion2b/s34b/b82k_augreg from https: 918

//github.com/mlfoundations/open_clip 919

• EVA-CLIP 920

BAAI/EVA-CLIP-18B (HuggingFace) 921

• LLaVA-NeXT 922

llava-hf/llava-v1.6-mistral-7b-hf 923

(HuggingFace) 924

• Qwen3-VL 925

Qwen/Qwen3-VL-8B-Instruct (Hugging- 926

Face) 927

• Gemma3 928

google/gemma-3-12b-it (HuggingFace) 929

D Prompts used for LLM-based 930

Generative Models for Experiments 931

Table 9 shows the prompts used for LLM-based 932

generative VLMs at the main experiment in Table 2 933

and Table 3. Additional analysis in Figure 5 was 934

done using the same prompt for I2T. 935

E Confidence Interval 936

Table 8 is the 95% Wilson confidence intervals 937

around the random chance levels for the main ex- 938

periment in Table 2. 939
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Prompt

I2T SYSTEM: You are a careful vision-language classifier.
Task:
- You will receive ONE image and {num_captions} candidate captions.
- The captions correspond to labels {labels_str}.
Your job is to choose which single caption best matches the image.
Rules:
- Respond in a forced choice format: choose ONLY one label from: {labels_str}.
Then provide a short explanation.
Output format (must follow EXACTLY):
<LETTER>

Explanation: <your reasoning in one short sentence>

USER: You will see the image first. Then you will see the candidate captions.

T2I SYSTEM: You are a careful vision-language classifier.
Task:
- You will receive ONE caption and {num_images} candidate images in a fixed order.
- The images correspond to labels {labels_str} in the same order.
Your job is to choose which single image best matches the caption.
Rules:
- Respond in a forced choice format: choose ONLY one label from: {labels_str}.
Then provide a short explanation.
Output format (must follow EXACTLY):
<LETTER>

Explanation: <your reasoning in one short sentence>

USER: Now you will see the images shown in the same order as the labels.

Table 9: Two human annotators denoted as A and B were given splits so that one annotator doesn’t evaluate a
sample in both directions.
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