
VITA: Visual In-image Text Analysis on Vision-Language Models

Anonymous ACL submission

Abstract001

Vision-language models (VLMs) excel at doc-002
ument summarization, yet their robustness to003
visual formatting variations in document im-004
ages is not well understood. We present VITA005
(Visual In-image Text Analysis), a system-006
atic framework that measures how realistic007
visual changes—text emphasis and structural008
formatting—affect summarization quality. We009
evaluate six VLMs spanning early, middle,010
and late fusion architectures at two model011
scales. Across lexical, semantic, and informa-012
tion preservation metrics, we find architecture-013
and scale-dependent vulnerabilities: early fu-014
sion loses more information despite higher lex-015
ical stability, whereas late fusion preserves in-016
formation but exhibits larger lexical variation.017
Structural formatting induces larger degrada-018
tions than text emphasis. Scaling mitigates em-019
phasis sensitivity but can exacerbate structural-020
format vulnerabilities in late fusion, indicating021
that robust document understanding may re-022
quire architectural innovations beyond scaling.023
Source code and dataset are available at [Under024
Review]025

1 Introduction026

Vision-language models (VLMs) integrate visual027

and textual modalities for cross-modal reasoning028

(Zhang et al., 2024a; Chen et al., 2024a; Gigant029

et al., 2025; Orna et al., 2024; G et al., 2024). With030

advances in large-scale pretraining and fusion ar-031

chitectures, VLMs have expanded beyond classic032

multimodal tasks (Achiam et al., 2023; Dai et al.,033

2023; Li et al., 2023) to document understanding034

and summarization, where inputs are rendered doc-035

ument images (e.g., screenshots and PDFs) contain-036

ing both text and visual cues (Nacson et al., 2025;037

Lee et al., 2023).038

Unlike OCR-centric pipelines, VLMs can pro-039

cess document images directly (Faysse et al., 2024),040

leveraging visual signals (e.g., font, color, align-041

ment, spatial layout) alongside textual semantics.042

While such cues can convey emphasis, hierarchy, 043

and structure, they can also induce brittleness: mod- 044

els may overfit to superficial styles, behave incon- 045

sistently across layouts/domains, or rely on non- 046

semantic artifacts. This motivates the following 047

research questions: 048

• How strongly do visual presentation cues af- 049

fect the quality of VLM-generated document 050

summaries? 051

• Which visual cues are most likely to change 052

outputs even when the underlying text is iden- 053

tical? 054

• Do VLMs leverage meaningful visual signals, 055

or are they overly sensitive to superficial stylis- 056

tic variations that harm generalization? 057

A second key factor is how VLMs fuse vi- 058

sual and textual information (Hemker et al., 2024; 059

Zhang et al., 2024b; Gavrikov et al., 2025). Fusion 060

may occur early (token concatenation), in the mid- 061

dle (cross-attention), or late (representation-level 062

merging), potentially shaping how visual cues influ- 063

ence generation. This raises an additional question: 064

• Does fusion timing and mechanism shape how 065

VLMs process and respond to visual presenta- 066

tion cues? 067

Finally, a critical practical consideration is 068

whether increased model capacity can mitigate 069

these sensitivities. Scaling laws suggest that larger 070

models generally achieve better performance (Ka- 071

plan et al., 2020), but recent work has shown that 072

robustness does not automatically improve with 073

scale (Howe et al., 2024), and some tasks even ex- 074

hibit inverse scaling where larger models perform 075

worse (McKenzie et al., 2023). This raises a final 076

question: 077

• Does increased model scale reduce sensitivity 078

to visual presentation cues, and if so, does this 079
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Figure 1: Overview of VITA. We keep the underlying text fixed and vary only visual attributes to form paired docu-
ment images (text emphasis vs. structural formatting). We evaluate six VLMs across fusion timing (early/middle/late)
and model scale, and quantify summary distortion using lexical/semantic similarity, verification-based faithfulness,
and the rate of transformation-specific clue words that indicate format-aware summarization.

improvement generalize across all transforma-080

tion types?081

These questions matter because real-world doc-082

uments vary widely in presentation (e.g., re-083

ports/news vs. social media/emails), and sensitivity084

to superficial formatting can undermine reliabil-085

ity. Yet controlled evidence isolating which visual086

attributes drive summarization changes remains087

scarce: prior work often evaluates document un-088

derstanding without holding text constant under vi-089

sual variations (Mathew et al., 2021; Ouyang et al.,090

2025; Qiu et al., 2022), and comparative analyses091

across fusion strategies and model scales are lim-092

ited.093

To fill this gap, we introduce VITA (Visual094

In-image Text Analysis), a framework that iso-095

lates and quantifies the impact of realistic visual096

text variations on VLM-based summarization (Fig-097

ure 1). We construct paired-input experiments with098

fixed text and varied visual attributes, organized099

into (1) text emphasis (e.g., color, bold, under-100

line) and (2) structure formatting (e.g., alignment,101

columns, platform-style templates). We evaluate102

outputs via lexical drift (TF-IDF cosine similarity103

(Salton, 1983)), semantic change (SentenceBERT104

(Reimers and Gurevych, 2019)), and key informa-105

tion preservation (Minicheck (Tang et al., 2024)).106

We benchmark six representative VLMs spanning107

early, middle, and late fusion at two scales: Llama 4108

Scout/Maverick (early), Llama 3.2-Vision 11B/90B109

(middle), and Qwen2.5-VL-7B/72B (late).110

Our main contributions are summarized as fol-111

lows: 112

• We propose VITA, a systematic analysis 113

framework that uses controlled paired-input 114

experiments to isolate visual changes while 115

holding text constant. 116

• We analyze six VLMs across early, middle, 117

and late fusion at two model scales, examin- 118

ing how fusion timing and capacity modulate 119

sensitivity to visual presentation cues. 120

• We release a benchmark dataset of 2,600 doc- 121

ument images with 12 visual transformations 122

to facilitate future research. 123

• We provide quantitative and qualitative anal- 124

yses revealing that (i) structure formatting 125

causes greater degradation than text emphasis, 126

(ii) fusion architectures exhibit distinct vulner- 127

ability patterns, and (iii) scaling selectively 128

mitigates text emphasis sensitivity while leav- 129

ing design transformation vulnerabilities un- 130

resolved. 131

2 Related Work 132

2.1 Visual Text Analysis 133

While substantial progress has been made in eval- 134

uating VLM performance on document under- 135

standing tasks, existing benchmarks exhibit signifi- 136

cant limitations in systematically analyzing visual 137

text variations. Traditional document VQA bench- 138

marks such as DocVQA (Mathew et al., 2021), 139

OCRBench (Fu et al., 2024), and OmniDocBench 140

2



(Ouyang et al., 2025) primarily utilize naturally141

occurring document images with diverse visual pre-142

sentations. However, these datasets lack controlled143

experimental designs that enable direct comparison144

between identical textual content under different vi-145

sual conditions, preventing systematic investigation146

of how specific visual attributes influence model147

behavior.148

Recent studies have attempted to address this gap149

through more controlled approaches. Verma et al.150

(2023) introduced cross-lingual document pairs151

with identical content, while Chen et al. (2024b)152

evaluated VLM robustness by applying system-153

atic transformations to document images. However,154

these approaches focus on linguistic variations or155

image-level degradations rather than fine-grained156

textual visual attributes commonly encountered in157

real-world documents.158

A critical gap persists in prior work: the absence159

of systematic frameworks for isolating and quan-160

tifying the effects of specific visual text attributes161

on VLM performance. Current approaches lack the162

granular control necessary to understand how in-163

dividual visual elements—such as text emphasis164

and structural formatting—influence model outputs165

when textual content remains constant.166

2.2 Multimodal Fusion Structure167

Recent studies have shown that the timing of mul-168

timodal fusion significantly affects model perfor-169

mance and sensitivity to external factors (Hemker170

et al., 2024; Zhang et al., 2024b; Gavrikov et al.,171

2025). Hemker et al. (2024) improved robustness172

to missing modalities by combining early fusion173

with attention mechanisms, Zhang et al. (2024b)174

achieved superior performance in document lay-175

out analysis through early-late fusion combina-176

tions, and Gavrikov et al. (2025) demonstrated177

that multimodal fusion itself changes how visual178

cues are processed. Additionally, Qiu et al. (2022)179

confirmed that modifications to the textual content180

cause the most severe distributional shifts in multi-181

modal models when partially replacing text within182

images. However, existing studies have focused on183

general performance comparisons (Mathew et al.,184

2021; Fu et al., 2024; Ouyang et al., 2025). Despite185

evidence that fusion timing affects visual feature186

processing, no study has systematically analyzed187

how visual text attribute transformations impact188

different fusion architectures while keeping textual189

content constant.190

2.3 Scaling and Robustness 191

Scaling laws have established that language model 192

performance improves predictably with increased 193

model size, training data, and compute (Kaplan 194

et al., 2020). This relationship has driven the devel- 195

opment of increasingly large models across both 196

language and vision-language domains. However, 197

the relationship between scale and robustness is 198

more nuanced than general performance metrics 199

suggest. 200

Howe et al. (2024) found that larger models 201

are not consistently more robust to adversarial at- 202

tacks without explicit safety training. More crit- 203

ically, McKenzie et al. (2023) demonstrated in- 204

verse scaling on 11 tasks where larger models per- 205

formed worse than smaller ones, attributing this to 206

memorization preferences and imitation of undesir- 207

able training patterns. In the multimodal domain, 208

whether scaling mitigates sensitivity to visual pre- 209

sentation cues in document understanding remains 210

unexplored—a significant gap given that VLMs 211

must handle interactions between visual and tex- 212

tual modalities where scaling effects may differ 213

from text-only models. 214

3 VITA: Visual In-image Text Analysis 215

To analyze how visual in-image text affects VLM- 216

based document summarization, we propose VITA, 217

short for Visual In-image Text Analysis. VITA iso- 218

lates visual factors while keeping textual content 219

constant, enabling controlled experiments over re- 220

alistic visual variations and comparisons across 221

fusion strategies. As shown in Figure 1, VITA con- 222

sists of four stages: dataset collection, visual trans- 223

formation, summarization, and evaluation. 224

3.1 Dataset Collection 225

We build a domain-diverse summarization dataset 226

from two common sources: scientific papers and 227

news articles. We collected 100 documents each 228

from arXiv and CNN, restricting the time window 229

to March–May 2025 to reduce potential overlap 230

with VLM pretraining data 1. For arXiv papers, we 231

extract only the introduction; for news, we use the 232

full article body. Each text is rendered into a single 233

document image using LaTeX. 234

1We will release a publicly available code for data collec-
tion.
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(a) Text Emphasis

Color Bold Underline Color Bold Underline
Word Sent Word Sent Word Sent Word Sent Word Sent Word Sent

Early Fusion Early Fusion

Llama-4
Scout

LEX -.00 .00 .01 .01 .01∗ .01 Llama-4
Maverick

LEX .01 .01 .00 -.00 .01 .00
SEM -.00 -.01 -.01∗ -.01∗ -.01 -.01 SEM -.01 -.01∗ -.00 -.02∗∗ -.01 -.00
INFO .20∗∗∗ .18∗∗∗ .19∗∗∗ .17∗∗∗ .19∗∗∗ .18∗∗∗ INFO .00 -.02 .01 -.03 -.03 -.01

Middle Fusion Middle Fusion

Llama-3.2
11B

LEX .06∗ .04 .02 .04∗ .03 .04∗
Llama-3.2
90B

LEX -.01 -.01 -.00 -.02 .01 -.00
SEM .03∗ .02 .01 .02 .02∗ .03∗ SEM -.00 -.00 .01 -.01 .00 -.01
INFO .15∗∗∗ .14∗∗∗ .11∗∗∗ .12∗∗∗ .11∗∗∗ .11∗∗∗ INFO -.02 -.01 -.01 -.03∗ -.00 -.01

Late Fusion Late Fusion

Qwen2.5
7B

LEX .00 .03∗∗∗ .02∗∗ .05∗∗∗ .04∗∗∗ .04∗∗∗
Qwen2.5
72B

LEX -.00 -.01 .01 .01 .01 .01∗

SEM .01 .02∗ .01 .01∗∗∗ .02∗∗∗ .01∗ SEM -.00 -.00 -.00 .00 -.00 .00
INFO .05∗ .06 .00 .00 .03 -.01 INFO .00 .01 -.00 -.01 .01 -.00

(b) Structure Formatting

Alignment Col Design Alignment Col Design
Left Cen Right Two Reddit News Left Cen Right Two Reddit News

Early Fusion Early Fusion

Llama-4
Scout

LEX .00 -.00 .01 .01 .06∗∗∗ .03 Llama-4
Maverick

LEX -.00 -.01 -.01 .01 .04∗∗∗ .03∗

SEM -.00 -.00 .02 .00 .06∗∗∗ .04∗∗ SEM .00 .01 .00 .02∗∗ .10∗∗∗ .09∗∗∗

INFO .20∗∗∗ .16∗∗∗ .18∗∗∗ .21∗∗∗ .23∗∗∗ .47∗∗∗ INFO .01 -.00 .01 .06∗∗∗ .34∗∗∗ .39∗∗∗

Middle Fusion Middle Fusion

Llama-3.2
11B

LEX -.00 .06 .05∗ .06∗ .15∗∗∗ .09∗∗∗
Llama-3.2
90B

LEX -.01 -.00 -.01 .01 .05∗∗∗ .02
SEM .02 .06∗∗∗ .03 .05∗ .16∗∗∗ .06∗∗∗ SEM -.00 .01∗ .00 .02∗ .10∗∗∗ .10∗∗∗

INFO .10∗∗∗ .13∗∗∗ .12∗∗∗ .15∗∗∗ .22∗∗∗ .25∗∗∗ INFO -.01 -.00 -.01 .07∗∗∗ .36∗∗∗ .40∗∗∗

Late Fusion Late Fusion

Qwen2.5
7B

LEX .02∗∗∗ .01 .02 .02∗ .05∗∗∗ .06∗∗∗
Qwen2.5
72B

LEX -.00 .00 .00 .02 .02∗∗∗ .03∗∗∗

SEM .01 .01 .01 .01∗ .02∗∗∗ .02∗∗∗ SEM -.01∗ -.01∗∗ .00 .01 .01∗∗ .00
INFO .03 .02 .01 .01 .01 .01 INFO .00 .00 -.00 .01 .04∗∗ .26∗∗∗

* p < 0.05, ** p < 0.01, *** p < 0.001

Table 1: Performance degradation of six VLMs across 12 visual text transformations. LEX/SEM/INFO denote lexical,
semantic, and information-level changes. Cen: center; Col Two: two-column. Left: small-scale; Right: large-scale
models. Bold indicates values ≥ 0.10.

3.2 Visual Transformation235

Each document is programmatically styled in La-236

TeX to create 12 transformed versions, then com-237

piled into images. The transformations mirror real-238

world document variations and fall into two groups:239

text emphasis, which highlights salient content, and240

structure formatting, which alters global layout and241

design.242

Text Emphasis. We apply six transformations at243

both word and sentence levels, using color, bold,244

and underline. To select emphasis targets, we run245

gradient-based saliency analysis and highlight the246

top 15% of words that most influence model out-247

puts. Goyal et al. (2022); Narayan et al. (2018)248

show that the top 10–20% saliency regions align249

well with key summarization content, and Hollen-250

stein and Beinborn (2021) report partial alignment251

with human importance judgements.252

Structure Formatting. We study global layout253

effects with three transformations of increasing in-254

tensity. We first vary alignment across left, center, 255

and right. We then apply a two-column layout, and 256

finally reformat the same content into two distinct 257

designs, namely a newspaper article and a Reddit 258

post. All designs except Reddit are implemented in 259

LaTeX. Reddit is rendered via HTML and captured 260

as an image. 261

3.3 Summarization 262

We evaluate six VLMs spanning early, middle, and 263

late fusion at both small and large scales to test 264

how fusion depth and capacity modulate sensitivity 265

to visual cues. We follow a standardized protocol 266

and prompt each model with “Please summarize 267

the text in this image.” We generate summaries 268

for the original image and 12 transformed images, 269

yielding 2,600 image-summary pairs from 200 base 270

documents under 13 conditions, evaluated across 271

two model scales for each fusion architecture. 272
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Early Fusion. We use Llama 4 Scout with 109B273

parameters and Llama 4 Maverick with 402B pa-274

rameters as early-fusion models. These models275

combine vision features with text tokens and pro-276

cess them jointly in a single backbone (Meta, 2024).277

This tight integration can strongly propagate fine-278

grained cues, such as color, font, and layout, into279

semantic representations.280

Middle Fusion. LLaMA 3.2-Vision 11B and281

90B represent middle fusion, where vision features282

interact with text via cross-attention at intermedi-283

ate layers (Dubey et al., 2024). This design may284

partially transmit document-level visual transfor-285

mations into summaries.286

Late Fusion. We adopt Qwen2.5-VL-7B and287

Qwen2.5-VL-72B as late-fusion models. These288

models largely process visual information sepa-289

rately and merge it with text representations at later290

stages (Bai et al., 2025), which can limit the influ-291

ence of fine-grained visual styles on summariza-292

tion.293

3.4 Evaluation294

We compare summaries from original and trans-295

formed images using three complementary dimen-296

sions: lexical, semantic, and informational qual-297

ity. For each transformation, we conduct paired298

comparisons and test score-difference normality;299

we apply paired t-tests (Hsu and Lachenbruch,300

2014) when normal, and Wilcoxon signed-rank301

tests (Woolson, 2007) otherwise.302

Lexical. We measure lexical similarity as TF-IDF303

cosine similarity between summaries from the orig-304

inal and transformed images:305

Lex(So, St) = cos
(
TF(So),TF(St)

)
(1)306

where So and St denote summaries from the orig-307

inal and transformed images, and TF(·) denotes308

the TF-IDF vector. Lower scores indicate larger309

vocabulary shifts.310

Semantic. We compute cosine similarity be-311

tween Sentence-BERT embeddings (Reimers and312

Gurevych, 2019):313

Sem(So, St) = cos
(
e(So), e(St)

)
(2)314

where e(·) denotes the SBERT embedding.315

Text Emphasis Structure Format

Early

Mid

Late

Col-
W

Col-
S

Bld-
W

Bld-
S

UL-W
UL-S Left Cen

Righ
t

2-C
ol

Red
dit

New
s

Qwen-72B

Qwen-7B

LLaMA-90B

LLaMA-11B

LLaMA-4-Mav

LLaMA-4-Scout

0 0.1 0.2 0.3 0.4 0.5

Information Loss

Figure 2: Information loss heatmap. Darker = higher
degradation. Late Fusion (Qwen) is most robust;
Design transformations cause severe degradation in
Early/Middle Fusion.

Information. We evaluate factual consistency us- 316

ing Bespoke-MiniCheck-7B (Tang et al., 2024): 317

Info(S,D) = MiniCheck(S,D) (3) 318

where D is the original document. 319

4 Results & Discussion 320

We analyze VITA results along three axes: (1) how 321

models respond to different types of visual transfor- 322

mations, (2) how sensitivity patterns differ across 323

fusion architectures, and (3) whether scaling miti- 324

gates these sensitivities uniformly. Table 1 presents 325

performance changes for all six models, with small- 326

scale models on the left and large-scale models on 327

the right. Higher values indicate greater deviation 328

from the original summary. 329

4.1 Visual Bias of In-Image Text 330

We first examine which types of visual transfor- 331

mations most strongly affect VLM summarization 332

performance. Prior work suggests that document 333

layout plays an important role in VLM processing 334

(Zhang et al., 2024b), but systematic comparisons 335

between local text modifications (e.g., color, bold) 336

and global structural changes (e.g., layout, design 337

templates) remain unexplored. Figure 2 visualizes 338

information loss across all model-transformation 339

combinations, revealing that Structure Formatting 340

(right columns) causes substantially greater degra- 341

dation than Text Emphasis (left columns), with 342

Design transformations showing the most severe 343

impact. 344

5



Text Emphasis
Color The generating function of the stabilized coefficients is ....involving the partition number into red colors.
Bold The headline reads “Two Russian men ... The headline is written in large, bold font and is centered at the

top of the page.
Underline [NOT Detected]

Structure Formatting
Alignment It is aligned to the right side of the page...
Two Col The article is divided into two columns... left column containing the introduction to the paper and the

right column featuring..
News The layout is typical of a newspaper article, with a clear heading, date, and body text...
Reddit The image shows a screenshot of a Reddit page with a post about women in IT and software engineering.

Table 2: Examples of transformation-specific terminology in VLM outputs.

LLaMA-4 Scout LLaMA-3.2 11B Qwen2.5 7B LLaMA-4 Maverick LLaMA-3.2 90B Qwen2.5 72B

Text Emphasis
Color word 0.03 0.02 0.04 0.01 0.01 0.01

sent 0.00 0.00 0.00 0.01 0.01 0.02
Bold word 0.01 0.05 0.00 0.00 0.00 0.01

sent 0.00 0.00 0.00 0.00 0.00 0.01
Underline word 0.00 0.00 0.00 0.00 0.01 0.00

sent 0.00 0.00 0.00 0.01 0.00 0.00

Structure Formatting
Alignment left 0.00 0.10 0.00 0.02 0.03 0.02

center 0.04 0.09 0.03 0.05 0.04 0.04
right 0.00 0.13 0.00 0.01 0.04 0.01

Column two 0.03 0.19 0.00 0.27 0.34 0.00
Design reddit 0.42 1.00 0.03 0.90 0.99 0.01

news 0.17 0.36 0.03 0.19 0.23 0.04

Table 3: Proportion of summaries containing clue words for each visual condition.

Text Emphasis. Text Emphasis transformations345

demonstrate remarkable stability across all mod-346

els and scales. LEXICAL changes remain mini-347

mal (0.00–0.06) and SEMANTIC alterations are348

equally constrained (0.00–0.03), indicating that vi-349

sual emphasis largely preserves both vocabulary350

choice and meaning structure. Among transforma-351

tion types, Color shows the highest stability with352

only 9 statistically significant effects across all con-353

ditions, compared to Bold (10) and Underline354

(12). This suggests that VLMs can largely filter355

out local text styling variations when processing356

document content.357

Structure Formatting. In contrast, Structure358

Formatting transformations reveal a clear hierarchy359

of impact. Alignment and Column modifications360

show moderate effects (lexical 0.00–0.06, informa-361

tion loss 0.01–0.21), while Design transformations362

cause severe degradation across all metrics (lex-363

ical 0.03–0.15, semantic 0.02–0.16, information364

loss 0.01–0.47). Within Design transformations,365

Reddit format induces higher lexical change (0.05–366

0.15) than News format (0.03–0.09), though News367

shows comparable or higher information loss in 368

several models. 369

Design as Critical Threshold. Qualitative anal- 370

ysis reveals that Design transformations trigger a 371

fundamental shift in model processing. As shown 372

in Table 2, Text Emphasis occasionally generates 373

format-aware references (e.g., “involving the par- 374

tition number into red colors”) while preserving 375

content focus. However, Design transformations 376

cause complete processing mode shifts: News out- 377

puts include “The layout is typical of a newspaper 378

article, with a clear heading, date, and body text...” 379

while Reddit produces “The image shows a screen- 380

shot of a Reddit page with a post about...,” aban- 381

doning content analysis entirely in favor of format 382

identification. 383

The clue word analysis (Table 3) quantifies this 384

phenomenon. Text Emphasis shows minimal for- 385

mat terminology incorporation (at most 0.05 across 386

all models), while Design transformations trig- 387

ger dramatic increases—Reddit format causes ter- 388

minology usage in 42% (Early), 100% (Middle), 389

and only 3% (Late) of summaries. These patterns 390
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Model Contents

Early The image appears to be a mock-up of the front page of The New York Times... / The image shows a
Reddit page with a post about quantum mechanics.

Middle The image presents a page from ... featuring an article on quantum mechanics.. / The image shows a
Reddit post... The post discusses the variational method..

Late The text discusses the variational method in quantum mechanics, particularly for calculating the energy
levels.. / The text discusses the variational method in quantum mechanics, particularly for calculating the
energy levels..

Table 4: Examples of fusion architecture effects on design transformation.

demonstrate that VLMs are fundamentally more391

sensitive to global layout changes than to local text392

styling, with Design transformations serving as a393

critical threshold that triggers complete shifts from394

content understanding to format recognition. At395

larger scales, this pattern persists: scaling elimi-396

nates Text Emphasis sensitivity but leaves Design397

vulnerabilities largely unresolved (Section 4.3).398

4.2 Effect of Vision-Language Fusion399

We next investigate how fusion architecture mod-400

ulates sensitivity to visual transformations. While401

prior work has shown that fusion timing affects402

visual feature processing (Gavrikov et al., 2025),403

its specific impact on document summarization un-404

der controlled visual variations is unknown. We405

examine whether different fusion strategies exhibit406

distinct vulnerability patterns.407

Early Fusion. At small scale, Llama 4 Scout ex-408

hibits a distinctive pattern: minimal lexical and409

semantic changes (at most 0.01) but severe in-410

formation loss (0.17–0.20) under Text Emphasis,411

representing the highest information degradation412

among the three architectures. Design transforma-413

tions cause extreme vulnerability, with News for-414

mat recording 0.47 information loss—the maxi-415

mum observed in our study. This pattern likely416

stems from Early Fusion’s architectural characteris-417

tics, where the vision encoder is deeply integrated418

into the language model backbone, causing layout419

changes to potentially disrupt the entire attention420

mechanism. At larger scale, Maverick eliminates421

Text Emphasis sensitivity but maintains Design422

vulnerability (Reddit: 0.34, News: 0.39), with clue423

word usage increasing from 0.42 to 0.90 for Reddit.424

Middle Fusion. At small scale, Llama 3.2-Vision425

11B shows a graduated response pattern: moderate426

lexical changes (0.02–0.06) alongside substantial427

information loss (0.11–0.15) for Text Emphasis,428

and vulnerability approaching Early Fusion for De-429

sign (0.22–0.25). The model shows the highest for-430

mat awareness, with Reddit transformations trigger- 431

ing format-specific terminology in 100% of sum- 432

maries (Table 3), suggesting that cross-attention 433

mechanisms actively attend to visual formatting 434

cues. The 90B variant achieves Text Emphasis ro- 435

bustness but shows increased Design sensitivity 436

(Reddit: 0.36, News: 0.40), with near-saturated 437

Reddit clue word detection (0.99). 438

Late Fusion. At small scale, Qwen2.5-VL-7B 439

demonstrates a pattern opposite to Early Fusion: 440

low information loss across all transformations 441

(maximum 0.06), including Design changes (0.01), 442

while showing slightly higher lexical variations 443

(0.02–0.06). This robustness likely results from the 444

MLP-based Vision-Language Merger architecture, 445

which processes visual information largely sep- 446

arately before merging with text representations. 447

Late Fusion maintains exceptional resistance to 448

format-level distractions, with clue word usage be- 449

low 4% even under Design transformations. As 450

shown in Table ??, while Early and Middle Fusion 451

outputs explicitly reference the visual format, Late 452

Fusion consistently focuses on content. However, 453

at 72B, unexpected News vulnerability emerges 454

(0.26) despite Reddit stability (0.04), revealing im- 455

plicit format biases even in robust architectures. 456

Taken together, each fusion architecture exhibits 457

a distinct vulnerability profile: Early Fusion sacri- 458

fices information for lexical stability, Late Fusion 459

shows the opposite pattern, and no architecture 460

achieves comprehensive robustness. 461

4.3 Effect of Model Scale 462

Table 5 summarizes scaling effects on Design trans- 463

formations. Figure 3 visualizes the contrasting scal- 464

ing effects: Text Emphasis degradation drops to 465

near-zero across all architectures (left), while De- 466

sign vulnerabilities persist or worsen with scale 467

(right). 468

For Text Emphasis, large-scale models gener- 469

ally exhibit near-zero Info-loss shifts across archi- 470
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Info Loss ∆
Fusion Scale Reddit News Reddit News

Early Fusion

Llama-4 Scout 0.23 0.47 +0.11 –0.08Maverick 0.34 0.39

Middle Fusion

Llama-3.2 11B 0.22 0.25 +0.14 +0.1590B 0.36 0.40

Late Fusion

Qwen2.5 7B 0.01 0.01 +0.03 +0.2572B 0.04 0.26

Table 5: Fusion-Scale interaction on Design transforma-
tion. Positive ∆ indicates increased vulnerability with
scaling. Bold indicates values ≥ 0.25.

Text Emphasis Design

Early Middle Late Early Middle Late
0

0.1

0.2

0.3

0.4

0.5

In
fo

L
os

s

Small Large

Figure 3: Scaling effect on information loss. Text Em-
phasis (left): scaling reduces degradation to near-zero.
Design (right): scaling fails to mitigate vulnerability,
with Middle Fusion showing inverse scaling.

tectures (Table 1a), suggesting reduced sensitivity471

with scaling. In contrast, Design transformations472

show architecture-dependent inverse-scaling ten-473

dencies (McKenzie et al., 2023): Early Fusion is474

mixed (Reddit +0.11, News –0.08), Middle Fu-475

sion consistently worsens (Reddit +0.14, News476

+0.15), and Late Fusion shows the sharpest diver-477

gence—Reddit remains stable (+0.03) while News478

increases from 0.01 to 0.26.479

We hypothesize that larger models encode480

stronger format-specific priors, consistent with481

McKenzie et al.’s observation that scaling can am-482

plify “imitation of undesirable training patterns.”483

Notably, Late Fusion’s News vulnerability emerges484

despite weak surface cue signals, suggesting an im-485

plicit format bias at deeper representational levels486

not captured by lexical diagnostics. Overall, scaling487

selectively mitigates visual sensitivity, and robust488

document understanding likely requires architec-489

tural changes beyond scaling alone.490

5 Conclusion 491

This paper introduced VITA (Visual In-image Text 492

Analysis), a systematic framework for analyzing 493

how visual text transformations in document im- 494

ages affect VLM summarization. Through con- 495

trolled paired-comparison experiments over 2,600 496

image–summary pairs and six VLMs spanning 497

three fusion architectures at two scales, we ad- 498

dressed three research questions on visual sensi- 499

tivity in document understanding. 500

First, we found that Structure Formatting trans- 501

formations induce substantially larger degradation 502

than Text Emphasis modifications. In particular, 503

Design transformations (Reddit- and News-style 504

layouts) act as a critical threshold: they reliably 505

shift model behavior from content-focused summa- 506

rization toward format-driven processing, produc- 507

ing consistent information loss across both design 508

formats. 509

Second, fusion architectures exhibit distinct vul- 510

nerability profiles. Early Fusion tends to preserve 511

lexical stability at the cost of information reten- 512

tion, whereas Late Fusion shows the opposite trade- 513

off. Middle Fusion presents intermediate behavior 514

with strong format awareness. Importantly, no sin- 515

gle architecture provides comprehensive robustness 516

across transformation families. 517

Third, we show that scaling selectively reduces 518

visual sensitivity. Larger models generally atten- 519

uate vulnerabilities to Text Emphasis, suggesting 520

that many emphasis cues are treated as shallow per- 521

turbations at higher capacity. However, sensitivity 522

to Design transformations persists and can even 523

increase with scale, consistent with prior obser- 524

vations of inverse-scaling tendencies where larger 525

models amplify undesirable format priors. The Late 526

Fusion contrast—where the 72B model exhibits 527

emergent News vulnerability despite the 7B model 528

remaining stable—highlights that scaling can intro- 529

duce implicit format biases not captured by surface- 530

level diagnostics. 531

Taken together, our findings caution against as- 532

suming that larger VLMs are inherently more ro- 533

bust to document format variation. Achieving reli- 534

able document understanding likely requires archi- 535

tectural and training interventions explicitly tar- 536

geting format invariance, such as content–style 537

disentanglement, format-agnostic objectives, or 538

structure-aware calibration. 539
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6 Limitations540

Our results are based on statistically significant541

paired comparisons and show consistent Design542

effects across both Reddit- and News-style layouts,543

suggesting that the identified vulnerabilities are not544

driven by a single template. Nonetheless, our study545

has limitations.546

First, our dataset size is moderate (200 docu-547

ments per domain). Future work should validate548

the same trends at larger scale and across more549

diverse document genres and domains.550

Second, we evaluate a controlled set of 12 trans-551

formations and six VLMs spanning three fusion552

architectures at two scales. Additional models (e.g.,553

different instruction-tuning recipes or OCR-centric554

pipelines) and broader real-world formatting varia-555

tions may reveal further nuances.556

Third, VITA is primarily diagnostic: we focus557

on identifying “where and how” failures occur558

rather than proposing mitigations. Developing and559

testing interventions—such as format-robust aug-560

mentation, explicit content–style disentanglement,561

or architecture-level constraints for format invari-562

ance—remains important future work.563
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Figure 4: Examples of visual text transformations applied to the same document content. (a) Base: original document
layout. (b)-(g) Text Emphasis transformations: color, bold, underline emphasis applied at word and sentence levels.
(h)-(m) Structure Formatting transformations: alignment variations (left, center, right), two-column layout, and
design (news article format, Reddit post format).

C Detailed Statistical Results748

We further report paired significance tests compar-749

ing the base condition against each visual transfor-750

mation for the same three similarity dimensions.751

Following standard practice, we use paired t-tests752

when assumptions are met (reported as normal val-753

ues) and Wilcoxon signed-rank tests otherwise (re-754

ported as underlined values).755
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(a) Text Emphasis Color Bold Underline
Word Sentence Word Sentence Word Sentence

Lexical Mean 0.60 0.59 0.59 0.59 0.58 0.59
std 0.15 0.13 0.12 0.12 0.12 0.13

Semantic Mean 0.77 0.77 0.78 0.78 0.77 0.77
std 0.13 0.11 0.11 0.11 0.12 0.12

Information Mean 0.47 0.49 0.48 0.50 0.48 0.49
std 0.33 0.32 0.32 0.32 0.33 0.33

(b) Structure Formatting Alignment Column Design
Left Center Right Two Reddit News

Lexical Mean 0.59 0.60 0.59 0.59 0.54 0.57
std 0.13 0.14 0.16 0.15 0.15 0.17

Semantic Mean 0.76 0.77 0.75 0.76 0.70 0.72
std 0.12 0.13 0.15 0.14 0.17 0.17

Information Mean 0.47 0.50 0.49 0.46 0.44 0.20
std 0.33 0.32 0.33 0.33 0.30 0.27

Table 6: Llama 4 Scout mean similarity scores and standard deviations between original and visually transformed
document summaries, measured across lexical (TF-IDF cosine similarity), semantic (Sentence-BERT embeddings),
and information preservation (MiniCheck factual consistency) dimensions.

(a) Text Emphasis Color Bold Underline
Word Sentence Word Sentence Word Sentence

Lexical Mean 0.50 0.52 0.54 0.52 0.52 0.52
std 0.23 0.23 0.25 0.23 0.24 0.25

Semantic Mean 0.65 0.66 0.66 0.66 0.65 0.64
std 0.18 0.17 0.18 0.17 0.18 0.19

Information Mean 0.15 0.15 0.18 0.18 0.18 0.19
std 0.15 0.15 0.17 0.17 0.17 0.19

(b) Structure Formatting Alignment Column Design
Left Center Right Two Reddit News

Lexical Mean 0.55 0.50 0.51 0.49 0.40 0.46
std 0.25 0.25 0.24 0.23 0.27 0.24

Semantic Mean 0.66 0.62 0.64 0.63 0.51 0.62
std 0.18 0.20 0.19 0.20 0.23 0.20

Information Mean 0.19 0.17 0.18 0.14 0.08 0.04
std 0.18 0.16 0.18 0.15 0.08 0.06

Table 7: Llama 3.2-Vision 11B mean similarity scores and standard deviations between original and visually
transformed document summaries, measured across lexical (TF-IDF cosine similarity), semantic (Sentence-BERT
embeddings), and information preservation (MiniCheck factual consistency) dimensions.
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(a) Text Emphasis Color Bold Underline
Word Sentence Word Sentence Word Sentence

Lexical Mean 0.64 0.61 0.62 0.60 0.60 0.60
std 0.15 0.13 0.13 0.12 0.13 0.12

Semantic Mean 0.87 0.86 0.87 0.86 0.86 0.87
std 0.08 0.09 0.06 0.07 0.09 0.07

Information Mean 0.67 0.66 0.71 0.72 0.69 0.72
std 0.25 0.27 0.20 0.22 0.22 0.21

(b) Structure Formatting Alignment Column Design
Left Center Right Two Reddit News

Lexical Mean 0.62 0.63 0.62 0.62 0.59 0.58
std 0.14 0.13 0.13 0.13 0.12 0.10

Semantic Mean 0.87 0.87 0.87 0.87 0.86 0.86
std 0.08 0.08 0.09 0.08 0.08 0.07

Information Mean 0.69 0.69 0.70 0.70 0.71 0.71
std 0.24 0.22 0.24 0.21 0.21 0.23

Table 8: Qwen2.5-VL-7B mean similarity scores and standard deviations between original and visually transformed
document summaries, measured across lexical (TF-IDF cosine similarity), semantic (Sentence-BERT embeddings),
and information preservation (MiniCheck factual consistency) dimensions.

(a) Text Emphasis Color Bold Underline
Word Sentence Word Sentence Word Sentence

Lexical Mean 0.65 0.65 0.65 0.66 0.65 0.65
std 0.12 0.13 0.12 0.11 0.13 0.11

Semantic Mean 0.83 0.83 0.83 0.84 0.83 0.83
std 0.10 0.10 0.08 0.08 0.10 0.08

Information Mean 0.22 0.20 0.21 0.19 0.20 0.20
std 0.27 0.23 0.25 0.23 0.23 0.23

(b) Structure Formatting Alignment Column Design
Left Center Right Two Reddit News

Lexical Mean 0.65 0.66 0.67 0.65 0.62 0.63
std 0.13 0.12 0.13 0.14 0.13 0.16

Semantic Mean 0.82 0.82 0.82 0.81 0.73 0.73
std 0.09 0.09 0.09 0.11 0.13 0.13

Information Mean 0.21 0.22 0.22 0.20 0.20 0.23
std 0.21 0.23 0.25 0.22 0.24 0.27

Table 9: LLaMA-4 Maverick mean similarity scores and standard deviations between original and visually trans-
formed document summaries, measured across lexical (TF-IDF cosine similarity), semantic (Sentence-BERT
embeddings), and information preservation (MiniCheck factual consistency) dimensions.
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(a) Text Emphasis Color Bold Underline
Word Sentence Word Sentence Word Sentence

Lexical Mean 0.67 0.67 0.67 0.68 0.66 0.66
std 0.12 0.13 0.13 0.12 0.12 0.12

Semantic Mean 0.83 0.82 0.82 0.83 0.82 0.83
std 0.09 0.09 0.09 0.08 0.09 0.08

Information Mean 0.23 0.22 0.23 0.21 0.21 0.21
std 0.26 0.28 0.27 0.23 0.25 0.23

(b) Structure Formatting Alignment Column Design
Left Center Right Two Reddit News

Lexical Mean 0.67 0.68 0.67 0.65 0.62 0.64
std 0.11 0.12 0.13 0.13 0.14 0.15

Semantic Mean 0.83 0.81 0.82 0.80 0.72 0.72
std 0.08 0.10 0.09 0.10 0.12 0.11

Information Mean 0.22 0.23 0.22 0.20 0.20 0.24
std 0.23 0.27 0.23 0.23 0.22 0.27

Table 10: LLaMA-3.2 90B mean similarity scores and standard deviations between original and visually transformed
document summaries, measured across lexical (TF-IDF cosine similarity), semantic (Sentence-BERT embeddings),
and information preservation (MiniCheck factual consistency) dimensions.

(a) Text Emphasis Color Bold Underline
Word Sentence Word Sentence Word Sentence

Lexical Mean 0.66 0.67 0.65 0.65 0.66 0.65
std 0.09 0.09 0.10 0.09 0.10 0.09

Semantic Mean 0.88 0.89 0.88 0.88 0.88 0.88
std 0.06 0.06 0.06 0.06 0.06 0.06

Information Mean 0.20 0.22 0.20 0.21 0.19 0.21
std 0.21 0.23 0.21 0.20 0.20 0.21

(b) Structure Formatting Alignment Column Design
Left Center Right Two Reddit News

Lexical Mean 0.66 0.66 0.66 0.65 0.64 0.63
std 0.09 0.09 0.09 0.10 0.10 0.10

Semantic Mean 0.89 0.89 0.88 0.87 0.87 0.88
std 0.06 0.06 0.06 0.07 0.06 0.06

Information Mean 0.20 0.20 0.20 0.20 0.20 0.21
std 0.20 0.19 0.19 0.21 0.19 0.21

Table 11: Qwen2.5 72B mean similarity scores and standard deviations between original and visually transformed
document summaries, measured across lexical (TF-IDF cosine similarity), semantic (Sentence-BERT embeddings),
and information preservation (MiniCheck factual consistency) dimensions.
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(a) Text Emphasis Color Bold Underline
Word Sentence Word Sentence Word Sentence

Lexical Stats 2515 1915 1.79 1983 1916 2046
p-value 0.97 < 0.05 0.08 0.06 < 0.05 0.10

Semantic Stats 2171 -0.46 2123 2089 2125 2158
p-value 0.22 0.65 0.17 0.13 0.17 0.21

Information Stats 4284 4846 4312 4660 3967 4998
p-value < 0.001 < 0.001 < 0.001 < 0.001 < 0.001 < 0.001

(b) Structure Formatting Alignment Column Design
Left Center Right Two Reddit News

Lexical Stats 2309 0.41 2474 2466 1616 2440
p-value 0.46 0.68 0.86 0.84 < 0.01 0.77

Semantic Stats 2474 2434 2439 2437 1859 2218
p-value 0.86 0.75 0.77 0.76 < 0.05 0.30

Information Stats 4697 5648 4789 4369 3814 831
p-value < 0.001 < 0.001 < 0.001 < 0.001 < 0.001 < 0.001

Table 12: Llama 4 Scout statistical test results comparing similarity scores between base summary and transformed
image summaries across lexical, semantic, and information preservation dimensions, with test statistics and p-values
from paired t-tests (normal values) and Wilcoxon signed-rank tests (underlined values).

(a) Text Emphasis Color Bold Underline
Word Sentence Word Sentence Word Sentence

Lexical Stats 2.22 2.55 0.38 1.50 2.76 2.72
p-value < 0.05 < 0.05 0.70 0.14 < 0.01 < 0.01

Semantic Stats 2.88 1663 1949 2.54 1653 1551
p-value < 0.01 < 0.01 < 0.05 < 0.05 < 0.01 < 0.001

Information Stats 2985 2808 3982 3929 4451 4984
p-value < 0.001 < 0.001 < 0.001 < 0.001 < 0.001 < 0.001

(b) Structure Formatting Alignment Column Design
Left Center Right Two Reddit News

Lexical Stats 1.67 1597 2.57 2.15 1802 2188
p-value 0.10 < 0.01 < 0.05 < 0.05 < 0.05 0.25

Semantic Stats 1530 1205 1578 1664 7.01 1952
p-value < 0.001 < 0.001 < 0.01 < 0.01 < 0.001 < 0.05

Information Stats 4857 3958 4020 2418 734 279
p-value < 0.001 < 0.001 < 0.001 < 0.001 < 0.001 < 0.001

Table 13: Llama 3.2-Vision 11B statistical test results comparing similarity scores between base summary and
transformed image summaries across lexical, semantic, and information preservation dimensions, with test statistics
and p-values from paired t-tests (normal values) and Wilcoxon signed-rank tests (underlined values).
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(a) Text Emphasis Color Bold Underline
Word Sentence Word Sentence Word Sentence

Lexical Stats 1801 2.62 1502 4.72 5.00 1261
p-value < 0.05 < 0.05 < 0.001 < 0.001 < 0.001 < 0.001

Semantic Stats 1921 2037 1.97 1691 1534 2060
p-value < 0.05 0.09 0.05 < 0.01 < 0.001 0.11

Information Stats 8250 8859 8909 8868 8623 8939
p-value < 0.05 0.15 0.73 0.15 0.41 0.18

(b) Structure Formatting Alignment Column Design
Left Center Right Two Reddit News

Lexical Stats 981 1529 1340 1297 3.43 1382
p-value < 0.001 < 0.001 < 0.001 < 0.001 < 0.001 < 0.001

Semantic Stats 2049 2040 1702 1944 1457 2107
p-value 0.10 0.10 < 0.01 < 0.05 < 0.001 0.15

Information Stats 10016 9551 9441 9985 9827 9700
p-value 0.97 0.54 0.46 0.94 0.79 0.67

Table 14: Qwen2.5-VL-7B statistical test results comparing similarity scores between base summary and transformed
image summaries across lexical, semantic, and information preservation dimensions, with test statistics and p-values
from paired t-tests (normal values) and Wilcoxon signed-rank tests (underlined values).

(a) Text Emphasis Color Bold Underline
Word Sentence Word Sentence Word Sentence

Lexical Stats 9434 9024 9860 9638 9042 9594
p-value 0.45 0.21 0.82 0.62 0.22 0.58

Semantic Stats 8636 8186 9864 7759 9063 9812
p-value 0.08 < 0.05 0.82 < 0.01 0.23 0.77

Information Stats 9788 8942 9111 8925 8769 9558
p-value 0.75 0.18 0.25 0.17 0.12 0.55

(b) Structure Formatting Alignment Column Design
Left Center Right Two Reddit News

Lexical Stats 9704 9537 9852 9375 6979 8166
p-value 0.67 0.53 0.81 0.41 < 0.001 < 0.05

Semantic Stats 9818 9094 9514 7915 3119 3015
p-value 0.78 0.24 0.51 < 0.01 < 0.001 < 0.001

Information Stats 9058 10024 9226 7118 659 583
p-value 0.23 0.97 0.31 < 0.001 < 0.001 < 0.001

Table 15: LLaMA-4 Maverick statistical test results comparing similarity scores between base summary and
transformed image summaries across lexical, semantic, and information preservation dimensions, with test statistics
and p-values from paired t-tests (normal values) and Wilcoxon signed-rank tests (underlined values).
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(a) Text Emphasis Color Bold Underline
Word Sentence Word Sentence Word Sentence

Lexical Stats 9402 -0.76 -0.55 8454 9165 9893
p-value 0.43 0.45 0.58 0.05 0.28 0.85

Semantic Stats 9602 9281 9779 8864 9881 8915
p-value 0.58 0.35 0.74 0.15 0.84 0.20

Information Stats 8756 8617 9570 8375 9920 9428
p-value 0.11 0.08 0.56 < 0.05 0.87 0.45

(b) Structure Formatting Alignment Column Design
Left Center Right Two Reddit News

Lexical Stats -1.27 -0.58 -1.55 1.40 4.65 1.64
p-value 0.21 0.56 0.12 0.16 < 0.001 0.10

Semantic Stats 9599 8429 9540 7965 10.23 1974
p-value 0.58 < 0.05 0.53 < 0.05 < 0.001 < 0.001

Information Stats 9738 10018 9619 4.34 10 265
p-value 0.70 0.97 0.60 < 0.001 < 0.001 < 0.001

Table 16: LLaMA-3.2 90B statistical test results comparing similarity scores between base summary and transformed
image summaries across lexical, semantic, and information preservation dimensions, with test statistics and p-values
from paired t-tests (normal values) and Wilcoxon signed-rank tests (underlined values).

(a) Text Emphasis Color Bold Underline
Word Sentence Word Sentence Word Sentence

Lexical Stats 9225 8510 8883 8919 9752 8120
p-value 0.31 0.06 0.15 0.17 0.72 < 0.05

Semantic Stats 9596 8820 -0.35 9847 9510 9482
p-value 0.58 0.13 0.72 0.80 0.51 0.49

Information Stats 9496 8909 9374 9055 9563 9691
p-value 0.50 0.16 0.48 0.22 0.82 0.66

(b) Structure Formatting Alignment Column Design
Left Center Right Two Reddit News

Lexical Stats 9425 9581 9457 8498 7069 6128
p-value 0.45 0.57 0.60 0.47 < 0.001 < 0.001

Semantic Stats 8255 7723 9813 8534 7905 9513
p-value < 0.05 < 0.01 0.77 0.06 < 0.01 0.51

Information Stats 9659 9995 9238 8933 7746 3820
p-value 0.63 0.95 0.32 0.17 < 0.01 < 0.001

Table 17: Qwen2.5 72B statistical test results comparing similarity scores between base summary and transformed
image summaries across lexical, semantic, and information preservation dimensions, with test statistics and p-values
from paired t-tests (normal values) and Wilcoxon signed-rank tests (underlined values).
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