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Abstract001

Automating design-to-code translation remains002
a longstanding goal in software engineering.003
While Multimodal Large Language Models004
(MLLMs) have shown promise in design-to-005
code tasks, existing benchmarks rely solely006
on screenshots, discarding the structured meta-007
data indispensable in real-world design handoff008
workflows. Furthermore, current evaluation009
paradigms are deficient, as code-level metrics010
fail to account for implementation variability011
and visual metrics overlook fine-grained de-012
fects, while standardized assessments for re-013
sponsive behaviors remain absent. To address014
these limitations, we introduce FigmaBench,015
an industrial-grade benchmark for multimodal016
design-to-code generation. We collect raw017
design files from the Figma Community and018
apply a multi-stage pipeline to curate 1,234019
high-quality samples, each comprising high-020
resolution screenshots and complete JSON021
metadata. We further propose a comprehen-022
sive evaluation framework with four comple-023
mentary metrics: visual consistency (VCS),024
structural layout alignment (SLA), textual and025
stylistic fidelity (TSF), and responsive quality026
score (RQS). Through extensive evaluation of027
state-of-the-art MLLMs, we uncover a criti-028
cal fidelity-responsiveness paradox: models029
achieving high visual fidelity tend to gener-030
ate rigid, non-responsive code. We trace this031
phenomenon to a metadata trap, where mod-032
els shortcut layout reasoning by directly tran-033
scribing absolute coordinates rather than gen-034
erating fluid structures. Our data and code035
are available at https://anonymous.4open.036
science/r/FigmaBench-6C84/.037

1 Introduction038

The capability to automate the translation of vi-039

sual designs into functional code is a pivotal as-040

pect of modern software engineering. In indus-041

trial workflows, this process, known as design042

handoff, typically involves designers crafting high-043

fidelity user interfaces (UIs) using professional044
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Figure 1: Comparison of input paradigms for design-to-
code generation.

tools (e.g., Figma) which are subsequently imple- 045

mented by front-end developers. While this labor- 046

intensive phase has long been a target for automa- 047

tion, the rapid advancement of multimodal large 048

language models (MLLMs) has recently sparked 049

a surge of research into the design-to-code genera- 050

tion paradigm (Gui et al., 2025c; Yang et al., 2025; 051

Zhao et al., 2025; Wu et al., 2025). To evaluate 052

these capabilities, several benchmarks have been 053

introduced (Xiao et al., 2025b; Gui et al., 2025a; 054

Laurençon et al., 2024; Si et al., 2025), provid- 055

ing paired screenshots, reference HTML code, and 056

corresponding evaluation metrics. 057

However, as illustrated in Figure 1, existing 058

benchmarks predominantly adopt an image-to-code 059

paradigm (Approach 1), utilizing rasterized screen- 060

shots as the sole input (Si et al., 2025). This funda- 061

mentally deviates from industrial workflows where 062

professional design tools yield not only visual pre- 063

views but also rich structured metadata: hierar- 064

chical DOM trees, precise coordinates, typogra- 065

phy attributes, and asset references. Such meta- 066

data is indispensable for generating pixel-perfect, 067

maintainable, and responsive code; by overlook- 068

ing it, existing benchmarks fail to capture the full 069
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complexity of real-world design handoff. Con-070

versely, engineering-oriented tools (Approach 2)071

such as FigmaToCode (Wan et al., 2024b) do lever-072

age Figma’s structured JSON, yet they rely on di-073

rect attribute-to-HTML mapping without seman-074

tic reasoning. This enumeration-based approach075

produces rigid code that lacks responsiveness and076

exhibits poor maintainability.077

Beyond input modality limitations, current eval-078

uation paradigms also present notable challenges.079

Traditional methods employ code-level metrics to080

measure the similarity between generated and refer-081

ence code (Gui et al., 2025a). Metrics such as html-082

BLEU (Soselia et al., 2023) and CodeBLEU (Ren083

et al., 2020) may be useful in certain contexts, but084

may not fully capture the equivalence of layout, vi-085

sual style, functionality, or semantic identity. Iden-086

tical interfaces can be realized through substan-087

tially different code structures. Although recent088

research has shifted towards visual similarity eval-089

uation (Radford et al., 2021; Si et al., 2025) by090

leveraging perceptual metrics to compare rendered091

screenshots with reference designs, these high-level092

metrics often suffer from detecting subtle yet crit-093

ical defects, such as text baseline misalignment,094

incorrect font weights. Additionally, standardized095

metrics for assessing responsive behaviors remain096

absent, despite responsiveness being a core require-097

ment for mobile applications where interfaces must098

fluidly adapt to diverse screen dimensions.099

To address these challenges, we introduce100

FigmaBench, the first benchmark providing both101

Figma structured JSON data and screenshots for102

multimodal design-to-code generation. Unlike103

existing benchmarks (detailed in Table 1), we104

collect raw design files from the Figma Com-105

munity and apply a multi-stage pipeline to cu-106

rate 1,234 high-quality samples, each compris-107

ing screenshots paired with complete JSON meta-108

data. This dual-input paradigm faithfully replicates109

the professional design handoff process. To en-110

able fine-grained assessment, we propose a multi-111

dimensional evaluation framework with four com-112

plementary metrics: visual consistency (VCS) for113

global semantic alignment, structural layout align-114

ment (SLA) for geometric precision, textual and115

stylistic fidelity (TSF) for content accuracy, and116

responsive quality score (RQS) for adaptive lay-117

out behavior. Evaluating state-of-the-art (SOTA)118

MLLMs uncovers a fidelity-responsiveness para-119

dox: models excelling in visual restoration often120

generate rigid, non-responsive code. This stems121

Table 1: Comparison of FigmaBench with other Design-
to-Code datasets.

Dataset Samples Real World Metadata Assets

pix2code (Beltramelli, 2018) 1,742 ✗ ✗ ✗

Design2Code (Si et al., 2025) 484 ✓ ✗ ✗

MRWeb (Wan et al., 2024a) 500 ✗ ✗ ✓

LaTCoder (Gui et al., 2025b) 128 ✓ ✗ ✗

WebUIBench (Lin et al., 2025) 719 ✓ ✗ ✗

WebCode2M (Gui et al., 2025a) 768 ✓ ✗ ✗

FigmaBench (Ours) 1,234 ✓ ✓ ✓

from a metadata trap, where models shortcut lay- 122

out reasoning by transcribing absolute coordinates 123

rather than generating fluid structures. 124

In summary, our contributions are as follows: 125

• We construct FigmaBench, the first benchmark 126

providing both Figma structured JSON data and 127

screenshots, comprising 1,234 diverse real-world 128

UI design samples. 129

• we propose a multi-dimensional evaluation 130

framework with four complementary metrics, en- 131

abling fine-grained assessment that addresses the 132

limitations of current methods. 133

• Extensive evaluations of SOTA MLLMs reveal 134

a critical fidelity-responsiveness paradox, where 135

the root cause is a metadata trap. This offers ac- 136

tionable insights for future model development. 137

2 Background 138

2.1 Related Work 139

The task of automating UI code generation from vi- 140

sual designs has evolved significantly, starting from 141

early deep learning approaches to recent advance- 142

ments leveraging MLLMs (Chen et al., 2018; Gui 143

et al., 2025c; Zhao et al., 2025; Li et al., 2025). Fol- 144

lowing Pix2Code (Beltramelli, 2018) and datasets 145

like WebSight (Laurençon et al., 2024), the domi- 146

nant paradigm remains Image-to-Code. Recent in- 147

novations, including Design2Code (Si et al., 2025), 148

DCGen (Wan et al., 2024b), and LaTCoder (Gui 149

et al., 2025b), have optimized generation via self- 150

revision or modular strategies, with IW-bench (Guo 151

et al., 2025) standardizing evaluation.However, re- 152

lying solely on visual inputs presents inherent am- 153

biguity, making it challenging to recover precise 154

design attributes. While works like DeclarUI (Zhou 155

et al., 2025), Interaction2Code (Xiao et al., 2025a), 156

and MRWeb (Wan et al., 2024a) have extended 157

synthesis to dynamic behaviors,direct input-level 158

support for design primitives remains less explored. 159
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Figure 2: The data construction pipeline of FigmaBench, including raw data collection, quality control pipeline, and
metadata refinement.

Since industrial design handoff relies on metadata160

beyond screenshots, we propose FigmaBench, in-161

tegrating visual semantics with metadata to better162

simulate industrial workflows.163

2.2 Problem Definition164

Unlike previous approaches relying solely on visual165

screenshots (Si et al., 2025; Wu et al., 2023), our166

formulation incorporates both unstructured visual167

information and structured metadata as inputs. For-168

mally, let a design sample be D = (I,J ), where169

I ∈ RH×W×3 is the high-resolution screenshot170

capturing global visual semantics, and J denotes171

the Figma JSON metadata containing hierarchical172

DOM structures and explicit attributes (e.g., coor-173

dinates, text content, asset URLs). The objective174

is to generate a code snippet C that maximizes the175

conditional probability:176

C∗ = argmax
C

P (C | I,J ). (1)177

The generation is subject to two constraints: (1)178

rendering fidelity: at the original viewport, the ren-179

dered output R(C) must visually and geometri-180

cally align with the input screenshot I; and (2)181

responsive robustness: across varying viewports182

V = {vmobile, vtablet, vdesktop}, the rendered results183

{R(C, v)}v∈V must maintain structural integrity184

and usability, rather than rigidly replicating pixel185

positions.186

3 The FigmaBench 187

In this section, we introduce FigmaBench, an 188

industrial-grade benchmark, to bridge the gap 189

in evaluating multimodal design-to-code genera- 190

tion. Since identical visual effects can be achieved 191

through diverse code implementations, and raw 192

design files lack semantic reference code, we inten- 193

tionally discard noisy code references. Instead, we 194

employ screenshots as visual ground truth while 195

leveraging structured Figma JSON for precise struc- 196

tural and stylistic verification. This design enables 197

FigmaBench to comprehensively assess MLLMs’ 198

capability to translate visual intent into rendered re- 199

ality, ensuring both pixel-level fidelity and attribute- 200

level accuracy. The construction pipeline, illus- 201

trated in Figure 2, consists of three stages: raw 202

data collection, multi-granular quality control, and 203

generation-oriented metadata refinement. Further 204

details are provided in Appendix A. 205

3.1 Raw Data Collection 206

Figma Community is a widely-used open platform 207

hosting real-world UI/UX projects shared by pro- 208

fessional designers and developers, exhibiting high 209

ecological validity. We therefore select it as our 210

primary data source. Leveraging the Figma Plugin 211

API, we crawled 1,050 public design files spanning 212

diverse topics, each containing varying numbers of 213

design pages, totaling approximately 9,000 pages. 214

We treat each top-level frame as an individual sam- 215

ple and collect two core components: (1) full meta- 216
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data (JSON), containing hierarchical DOM struc-217

tures, styling attributes, layout constraints, and em-218

bedded assets (e.g., Base64-encoded images and219

vector paths); and (2) high-resolution screenshot,220

serving as both model input and visual ground truth221

for evaluation. In total, 16,755 raw samples are ini-222

tially collected, providing a solid foundation for223

subsequent quality filtering.224

3.2 Quality Control225

Since the data is crawled from the Figma Commu-226

nity, its quality varies considerably. For instance,227

some designs consist of merely a single image with-228

out structural elements, while designs within the229

same page often exhibit high redundancy (e.g., mul-230

tiple frames representing UI/UX variations of the231

same screen). To curate high-quality and diverse232

samples, we design a coarse-to-fine, multi-stage233

filtering mechanism:234

Rule-based Filtering. We parse JSON structures235

to remove low-quality samples, including: (1) cor-236

rupted files or broken assets; (2) empty structures237

lacking DOM nodes (e.g., single-image screen-238

shots); and (3) outliers with extreme node counts239

(> 1,000) to fit model context windows.240

Visual-Semantic De-duplication. To eliminate241

redundancy, we employ DINOv3 (Siméoni et al.,242

2025) to extract screenshot embeddings. We com-243

pute pairwise cosine similarities and apply a greedy244

strategy to remove duplicates exceeding a similar-245

ity threshold of 0.9, ensuring visual diversity.246

Expert Review. Four senior front-end developers247

manually inspect the remaining samples. Exclusion248

criteria include disordered layouts, implicit struc-249

tural redundancy, and content violating privacy or250

ethical standards.251

Through this multi-stage pipeline progressing252

from heuristic rules to visual diversity enforcement253

to manual expert review, we curate a final set of254

1,234 high-quality, diverse design samples.255

3.3 Metadata Refinement256

Raw Figma JSON fully preserves design specifi-257

cations but contains redundant properties added to258

accommodate the Figma platform. Directly feeding259

such metadata into MLLMs introduces substantial260

noise that distracts the model from key attributes.261

To address this, we apply systematic refinement:262

Asset Consolidation. Base64-encoded images263

and vector nodes consume substantial storage and264

Figure 3: Distribution of domains across FigmaBench.

cause context length explosion when directly input 265

to MLLMs. We localize these assets by extracting 266

them as external PNG/SVG files and replacing in- 267

line data with relative path references, significantly 268

reducing token consumption while preserving ren- 269

dering fidelity. 270

Node Pruning. We recursively prune the DOM 271

tree to remove visually irrelevant nodes, including 272

invisible layers, empty containers without styles, 273

and fully occluded elements. 274

Coordinate Normalization. Raw Figma coor- 275

dinates are absolute positions relative to the can- 276

vas rather than the design’s root node. We con- 277

vert all absoluteBoundingBox values to a root- 278

relative coordinate system, positioning the root at 279

the origin (0, 0). This transformation facilitates the 280

model’s understanding of relative spatial relation- 281

ships among UI elements. 282

3.4 Data Statistics and Analysis 283

As highlighted in Table 1, FigmaBench stands 284

out among existing design-to-code benchmarks by 285

being the only one sourced from Figma design 286

files, incorporating both structured JSON meta- 287

data and associated assets (e.g., images and com- 288

ponents). These elements are critical for gener- 289

ating production-grade, responsive UI code in in- 290

dustrial workflows, addressing limitations in prior 291

image-only or synthetic datasets. To characterize 292

the diversity and challenge level of FigmaBench, 293

we analyze key complexity metrics via cumula- 294

tive distribution functions (Figure 4). The designs 295

span a wide range of structural complexity, with 296

hierarchy depths reaching up to approximately 12 297

levels, node counts reaching up to 420 components 298
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Figure 4: Cumulative distribution functions of key complexity metrics: design hierarchy depth, component node
count, and Figma JSON token length.

in the most complex cases. These distributions cap-299

ture realistic industry characteristics: from simpler300

layouts to highly intricate ones with deep nesting,301

dense component structures, and verbose metadata,302

thereby presenting substantial challenges for long-303

context understanding and robust multimodal rea-304

soning. Furthermore, samples span 11 functional305

domains (Figure 3), with dominant categories in-306

cluding E-Commerce, Content Browsing, and User307

Onboarding. This composition mirrors prevalent308

real-world UI design scenarios, ensuring broad se-309

mantic diversity across transactional, informational,310

and interactive interfaces.311

4 Experimental Setup312

This section details our experimental framework313

for evaluating MLLMs on FigmaBench. We first in-314

troduce a multi-dimensional evaluation protocol de-315

signed to assess generation quality. Subsequently,316

we describe the evaluated models, followed by317

implementation details to ensure reproducibility.318

Please refer to Appendix B for more details.319

4.1 Evaluation Metrics320

To comprehensively evaluate generation quality,321

we construct a multi-dimensional framework cov-322

ering high-level visual consistency, fine-grained323

structural alignment, textual fidelity, and respon-324

sive behavior. Crucially, a renderability check is325

enforced prior to calculation: if the code fails to326

parse or renders a blank page, all metrics are zeroed327

to strictly penalize non-functional outputs.328

High-level Visual Consistency (VCS) To assess329

semantic consistency between the generated render330

(Igen) and the reference design (Iref), we employ331

the self-supervised vision model DINOv3 (Siméoni332

et al., 2025) as the feature extractor. Its robust fea-333

ture space effectively captures global layout topol- 334

ogy and color distribution. The score is defined as 335

the cosine similarity: 336

VCS =
vgen · vref

∥vgen∥∥vref∥
, (2) 337

where vgen, vref ∈ Rd denote the feature vectors 338

extracted from Igen and Iref, respectively. 339

Structural Layout Alignment (SLA) Visual 340

similarity alone fails to detect subtle component 341

misalignments (e.g., text occlusion), which are fa- 342

tal defects in complex interfaces. To quantify geo- 343

metric precision, we model layout evaluation as a 344

Minimum Weight Bipartite Matching problem. We 345

parse reference elements Eref from Figma JSON 346

and extract generated DOM elements Egen via a 347

headless browser. We employ the Intersection over 348

Union (IoU) metric to measure the geometric over- 349

lap between bounding boxes. A cost matrix is con- 350

structed with Ci,j = 1 − IoU(bi, b
′
j). Using the 351

Hungarian Algorithm (Kuhn, 1955), we obtain the 352

optimal matching M and calculate: 353

SLA =

∑
(i,j)∈M IoU(bi, b

′
j)

max(|Eref|, |Egen|)
. (3) 354

By using max(|Eref|, |Egen|) as the denominator, 355

SLA inherently penalizes both missing elements 356

(under-generation) and hallucinated elements (over- 357

generation), providing a balanced measure of struc- 358

tural fidelity. 359

Textual and Stylistic Fidelity (TSF) Since stan- 360

dard OCR metrics disregard DOM structure, we 361

propose TSF to decouple content matching from 362

style verification as follows: 363

(i) Content-Driven Alignment: To avoid geo- 364

metric matching errors caused by minor render- 365

ing shifts, we prioritize semantic alignment using 366
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Ratcliff-Obershelp string similarity. The optimal367

semantic matching set Mtext is solved via the Hun-368

garian Algorithm.369

(ii) Style Verification: For each matched pair, we370

evaluate four typographic dimensions. To accom-371

modate cross-browser rendering variations, font372

size matching allows a ±1px tolerance, and color373

matching employs a perceptual similarity threshold374

(RGB cosine similarity ≥ 0.95). Font weight and375

family require exact matches due to their discrete/-376

categorical nature.377

(iii) Hallucination-Aware Aggregation: MLLMs378

occasionally generate textual content absent in the379

reference design. To strictly penalize such halluci-380

nations, we define the hallucination rate as381

γ =
max(0, |Tgen| − |Mtext|)

|Tgen|
, (4)382

where |Tgen| denotes the number of text nodes in383

the generated code, and |Mtext| denotes the number384

of text elements present in the reference design385

metadata. The final score incorporates this penalty:386

TSF =

(
Cont + Style

2

)
× (1− γ), (5)387

where Cont and Style represent the average content388

similarity and style similarity scores, respectively.389

Responsive Quality Score (RQS) Responsive-390

ness is a fundamental requirement for high-quality391

front-end code. However, existing metrics fail392

to capture dynamic responsive behaviors across393

viewports. To bridge this gap, we introduce the394

reference-free responsive quality score (RQS).395

(i) Overflow Score (OVF): Preventing horizontal396

overflow within constrained viewports is critical.397

Therefore, we calculate the local defect rate Rlocal398

as the proportion of visible elements exhibiting399

layout errors (e.g., physical overflow or internal400

truncation), and derive OVF = max(0, 1−Rlocal).401

(ii) Efficiency and Flexibility: We penalize in-402

efficient space utilization (e.g., retaining a narrow403

mobile layout on a wide desktop screen) via the Ef-404

ficiency score EFF = min(1.0,Wcontent/Wstandard),405

where Wstandard = 960px follows common respon-406

sive design conventions. Simultaneously, to quan-407

tify structural flexibility, we define flexibility score408

FLX as the proportion of structural elements (e.g.,409

div, section) exhibiting width changes exceeding410

50px across viewports.411

(iii) Aggregation: Given that layout overflow is412

a severe usability defect that renders other design413

qualities irrelevant, we treat OVF as a gating factor. 414

The final metric is: 415

RQS = OVF × EFF + FLX
2

. (6) 416

4.2 Base MLLMs 417

To comprehensively understand the performance of 418

MLLMs on FigmaBench and identify the capability 419

gap between open-source and proprietary models, 420

we conducted extensive experiments on a diverse 421

set of state-of-the-art models. We evaluated six 422

proprietary models: GPT-4o (OpenAI et al., 2024), 423

GPT-5 (OpenAI, 2025), Claude Sonnet 4 (An- 424

thropic, 2025), Grok 4 Fast (xAI, 2025), Gemini 425

2.5 Flash (Google DeepMind, 2025a), and Gemini 426

3 Pro (Google DeepMind, 2025b). For open-source 427

models, we assessed six variants across three lead- 428

ing model families to cover different parameter 429

scales: Gemma3 (12B, 27B) (Gemma Team et al., 430

2025), InternVL3.5 (8B, 30B) (Wang et al., 2025), 431

and Qwen3-VL (8B, 32B) (Bai et al., 2025). 432

4.3 Implementation 433

To ensure a rigorous comparison, we employed a 434

unified prompting strategy across all experiments, 435

querying all MLLMs with identical system instruc- 436

tions to eliminate prompt engineering variables. 437

The full prompt templates used for different in- 438

put modalities are detailed in Appendix B. Regard- 439

ing computational infrastructure, proprietary mod- 440

els were accessed via their official APIs, while 441

open-weights models were deployed locally on 442

dual NVIDIA H100 GPUs (80GB VRAM each) 443

to accommodate the extensive context windows 444

required for processing complex metadata. To max- 445

imize reproducibility, the temperature parameter 446

was set to 0 for all experiments. For the visual con- 447

sistency score (VCS), we use DINOv3-ViT-B/16 448

as the feature extractor. 449

5 Evaluation 450

We evaluate MLLMs on FigmaBench through four 451

perspectives: main performance, ablation study on 452

input modalities, impact of design complexity, and 453

empirical lessons derived from our findings. 454

5.1 Main Results 455

In this section, we report the quantitative perfor- 456

mance of the evaluated MLLMs on FigmaBench. 457

Table 2 summarizes the comprehensive results. 458
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Table 2: Performance of MLLMs on FigmaBench using a unified prompting strategy.

Model VCS SLA Cont Style TSF OVF EFF FLX RQS

Open-source
Gemma3-12B 50.09 27.13 65.85 61.29 63.26 73.78 48.56 13.74 22.98
InternVL3.5-8B 55.58 17.62 65.01 44.13 52.16 84.68 72.41 48.81 50.98
Qwen3-VL-8B 51.16 29.85 66.31 59.53 60.40 83.13 46.42 34.81 33.85
Gemma3-27B 53.26 43.63 66.68 64.66 65.44 77.52 42.32 11.73 19.82
InternVL3.5-30B-A3B 53.44 21.76 68.77 48.45 55.92 82.51 65.18 37.39 42.54
Qwen3-VL-32B 55.19 36.66 69.56 60.33 61.50 80.01 44.21 33.09 31.29

Closed-source
GPT-4o 66.14 35.01 76.08 72.84 73.85 71.56 49.94 6.12 18.02
GPT-5 75.89 72.04 93.98 83.38 87.11 75.16 49.79 1.62 17.10
Grok 4 Fast 72.53 48.55 91.30 78.91 81.65 73.48 50.68 2.60 17.55
Claude Sonnet 4 76.19 71.53 92.39 84.52 87.13 70.52 47.41 0.73 14.74
Gemini 2.5 Flash 74.77 67.04 91.79 84.09 84.79 71.78 51.84 1.58 16.89
Gemini 3 Pro 77.43 75.79 95.01 84.85 87.52 74.69 50.70 1.64 17.17

Global Visuals and Local Structure. Frontier459

models demonstrate strong capabilities in visual re-460

construction, with Gemini 3 Pro achieving the high-461

est visual consistency (VCS) of 77.43%. However,462

a consistent performance gap is observed between463

VCS and structural layout alignment (SLA) across464

all models. For instance, GPT-4o scores 66.14% in465

VCS but only 35.01% in SLA. This disparity indi-466

cates that while current MLLMs excel at capturing467

global color distributions and rough topology, they468

struggle with precise geometric alignment and fine-469

grained element positioning.470

Text Content and Stylistic Accuracy. In terms471

of textual and stylistic fidelity (TSF), most propri-472

etary models achieve scores above 80%, suggesting473

robust OCR capabilities. However, a deeper de-474

composition reveals an imbalance: content similar-475

ity (Cont) consistently outperforms style similarity476

(Style). Taking GPT-5 as an example, its content477

accuracy is at 93.98%, whereas style accuracy lags478

at 83.38%. This suggests that while models can479

accurately extract text, they frequently hallucinate480

or misinterpret specific typographic attributes such481

as font weight and exact color codes.482

The Paradox of Responsiveness. A critical483

inverse correlation emerges between fidelity484

and robustness. Surprisingly, weaker models485

(e.g., InternVL3.5-8B) achieve the highest RQS486

(50.98%). Qualitative inspection reveals this is487

accidental robustness: unable to parse complex ab-488

solute coordinates, these models fallback to prim-489

itive HTML flow (generic div stacking), which 490

is inherently fluid but visually unfaithful. In con- 491

trast, SOTA models "overfit" to the precise coor- 492

dinates provided in metadata, resulting in rigid, 493

pixel-perfect, yet brittle implementations. 494

5.2 Ablation Study: Input Modalities 495

To decouple the effects of visual inputs and struc- 496

tured metadata, we compared three settings on both 497

GPT-4o and Gemma3-12b: image-only, metadata- 498

only, and image + metadata (full). The results are 499

presented in Table 3. 500

Necessity of Multimodal Inputs. The Metadata- 501

Only setting yields poor performance across all 502

metrics, as the JSON lacks visual context for ren- 503

dering logic. Comparing the other two settings, the 504

addition of metadata to the image-only baseline 505

significantly boosts fidelity. For GPT-4o, visual 506

consistency (VCS) improves by +18.46% and tex- 507

tual fidelity (TSF) by +32.04%. A similar trend 508

is observed in Gemma3-12B. This confirms that 509

visual encoders alone are insufficient for capturing 510

precise design details, validating the advantage of 511

the multimodal input paradigm in FigmaBench. 512

The “Metadata Trap”. The ablation reveals the 513

root cause of low responsiveness in the full setting. 514

When metadata is removed (image-only), GPT- 515

4o’s RQS increases substantially from 18.02% to 516

51.61%, and Gemma3-12B’s RQS increases from 517

22.98% to 50.51%. This drastic jump indicates 518

that models possess the intrinsic capability to gen- 519
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Table 3: Ablation study on the effect of image and
metadata for GPT-4o and Gemma3-12B models.

Method VCS SLA TSF RQS

GPT-4o
Image-Only 47.68 16.87 41.81 51.61
Metadata-Only 60.97 34.27 70.71 14.02
Image + Metadata 66.14 35.01 73.85 18.02

Gemma3-12B
Image-Only 44.91 18.22 36.28 50.51
Metadata-Only 46.71 26.72 61.63 16.34
Image + Metadata 50.09 27.13 63.26 22.98

erate responsive layouts via visual reasoning. The520

degradation in the full setting confirms a "Metadata521

Trap": the presence of precise coordinate data in-522

duces models to shortcut layout reasoning, leading523

them to transcribe absolute positions rather than524

synthesizing fluid structures.525

5.3 Impact of Design Complexity526

We further analyzed model performance across527

samples with varying complexity using GPT-4o,528

defined by node count and hierarchy depth, as il-529

lustrated in Figure 5.530

Fidelity Degradation. We observe a clear neg-531

ative trend in fidelity metrics as design complex-532

ity increases along both dimensions. Specifically,533

VCS, SLA, and TSF all decline as node count and534

tree depth grow, indicating that maintaining visual535

and content accuracy becomes increasingly chal-536

lenging in complex hierarchical designs. This val-537

idates FigmaBench as a challenging benchmark538

that effectively differentiates model capabilities in539

complex industrial scenarios.540

Complexity-Induced Fallback. Contrary to the541

monotonic degradation in fidelity metrics, RQS542

exhibits an anomalous upward trend in high-543

complexity scenarios. This corroborates the bounds544

of the metadata trap: when design complexity sat-545

urates the model’s ability to map metadata to visu-546

als, the absolute positioning strategy breaks down.547

Consequently, models are forced into a fallback548

mode, generating generic containers instead of pre-549

cise coordinates. This creates a deceptive rise in550

RQS, further highlighting that responsiveness with-551

out fidelity is a failure mode, not a feature.552

5.4 Empirical Findings553

Based on the evaluation, we distill three critical554

lessons for future research:555

Figure 5: Model performance analysis across varying
design complexities using GPT-4o.

Lesson 1: The Global-Local Perception Gap. 556

Models excel at capturing overall visual appear- 557

ance (high VCS) but struggle with geometric align- 558

ment (low SLA). Similarly, text content is accu- 559

rately reproduced while typographic attributes are 560

frequently misinterpreted. This suggests MLLMs 561

prioritize salient, explicit information over subtle, 562

implicit details. 563

Lesson 2: The Metadata Paradox. Metadata 564

is indispensable for content fidelity but induces 565

“cognitive offloading” where models shortcut lay- 566

out reasoning by transcribing absolute coordinates. 567

This paradox is further evidenced by the complexity 568

analysis: as designs grow more complex, absolute 569

positioning collapses, inadvertently yielding more 570

fluid layouts. Resolving this requires decoupling 571

content extraction from layout synthesis. 572

Lesson 3: Latent Responsive Capabilities. The 573

high RQS in the image-only setting reveals that 574

models already possess responsive knowledge, but 575

this capability is suppressed by explicit coordinates. 576

Future work can focus on inference-time strate- 577

gies like coordinate masking or intermediate layout 578

planning to activate these latent capabilities. 579

6 Conclusion 580

We introduce FigmaBench, the industrial-grade 581

benchmark for multimodal design-to-code genera- 582

tion, comprising 1,234 high-quality samples. Our 583

multi-dimensional evaluation framework enables 584

fine-grained assessment beyond existing metrics. 585

Through extensive experiments, we uncover the 586

fidelity-responsiveness paradox: models achiev- 587

ing high visual fidelity tend to produce rigid, non- 588

responsive code. We trace this to a metadata trap, 589

where precise coordinates induce shortcut learning 590

that bypasses layout reasoning. Our findings high- 591

light the need for decoupling content extraction 592

from layout synthesis and activating latent respon- 593

sive capabilities in future MLLM development. 594
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Limitation595

While FigmaBench establishes a rigorous foun-596

dation for evaluating multimodal design-to-code597

generation, we identify specific areas for future598

expansion. First, we deliberately focus on gen-599

erating standard HTML/CSS to assess the funda-600

mental capability of visual-structural alignment.601

By excluding framework-specific logic (e.g., react,602

vue) and dynamic interactions in this version, we603

minimize framework-dependent noise, ensuring a604

cleaner evaluation of the model’s core layout rea-605

soning abilities. Finally, while our curated set of606

1,234 samples ensures high-density metadata and607

strict quality control, it represents a high-quality608

evaluation set rather than a large-scale pre-training609

corpus.610

Ethical Statement611

Our research employs publicly available models612

and datasets with proper citations. This approach613

minimizes the risk of generating toxic content,614

leveraging the widely used and non-toxic nature of615

our datasets and prompts.616
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A Data Construction Pipeline Details811

This appendix provides a detailed description of our812

data construction pipeline, including the raw data813

collection implementation and metadata refinement814

process.815

A.1 Raw Data Collection Implementation816

To systematically extract design data from Figma817

Community, we utilize the Figma Plugin API for818

batch traversal and export.819

A.1.1 Document Traversal820

Figma organizes designs in a hierarchical structure:821

Document → Pages → Frames. Our plugin tra-822

verses this hierarchy using the following API calls,823

as shown in Figure 6.824

Figure 6: Figma API traversal for hierarchical design
structures.

We treat each top-level FRAME node as an individ-825

ual design sample. This granularity aligns with how826

designers typically organize UI screens in Figma.827

A.1.2 Data Export828

For each frame, we extract two components:829

(1) Full Metadata (JSON): We recursively ex-830

port the complete node tree, preserving all styling831

attributes, layout constraints, and hierarchical rela-832

tionships, as shown in Figure 7.833

(2) High-Resolution Screenshot: We use the834

exportAsync API to render each frame as a PNG835

image, as shown in Figure 8.836

The scale factor of 2.0 ensures high-fidelity837

screenshots suitable for both visual evaluation and838

model input.839

A.1.3 Batch Processing840

To handle large-scale collection (1,050 design files,841

∼9,000 pages), we implemented several optimiza-842

tions:843

Figure 7: Recursive export of the complete Figma node
tree with full metadata.

Figure 8: Recursive export of the complete Figma node
tree with full metadata.

• Progress Tracking: Three-level progress 844

monitoring (Document → Page → Frame) 845

with checkpoint support for resumable col- 846

lection. 847

• Memory Management: Stream processing 848

with explicit garbage collection after each 849

frame to prevent memory overflow. 850

• Pre-filtering: Early rejection of frames ex- 851

ceeding complexity thresholds (node count > 852

1,000) before full export. 853

A.2 Rule-based Filtering: Detailed Criteria 854

Our rule-based filtering removes samples that fail 855

to meet minimum quality standards. Table 4 sum- 856

marizes the specific criteria and their rationale. 857

A.3 Metadata Refinement: Implementation 858

Details 859

The metadata refinement process transforms raw 860

Figma JSON into a clean, generation-ready format. 861

We describe each step with concrete examples. 862

A.3.1 Asset Consolidation 863

Raw Figma JSON embeds images as Base64 864

strings directly in the metadata, causing severe 865
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Table 4: Rule-based filtering criteria applied during quality control.

Rule Criterion Rationale

Corrupted Files Missing/broken assets Cannot be rendered correctly
Empty Structure Zero DOM nodes Single-image with no elements
Extreme Complexity Node count > 1,000 Exceeds model context limits
Missing BBox absoluteBoundingBox is null Abnormal node, cannot compute layout
Invisible Nodes visible=false or opacity=0 No visual contribution

context length explosion. For example, a single866

200×200 PNG image encoded in Base64 consumes867

approximately 50,000 characters—equivalent to868

roughly 12,500 tokens.869

Process: We extract all Base64-encoded images870

and SVG content, save them as external files, and871

replace the embedded data with relative path refer-872

ences as shown in Figure 9.873

Figure 9: The process of extracting embedded Base64
data.

A.3.2 Node Pruning874

We recursively traverse the DOM tree and remove875

nodes that have no visual contribution to the final876

rendering, as illustrated in Figure 10. The pruning877

algorithm considers multiple factors:878

(1) Visibility Check: Remove nodes with879

visible=false or opacity=0.880

(2) Empty Container Removal: Remove881

GROUP/FRAME nodes that contain no children882

and have no styling properties (fills, strokes, ef-883

fects).884

(3) Out-of-Bounds Detection: Remove child885

nodes whose bounding boxes are completely out-886

side their parent container’s bounds.887

(4) Occlusion Detection: Remove nodes that888

are completely covered by opaque sibling nodes889

rendered above them. This requires checking:890

• The upper node has an opaque solid fill891

(opacity=1, blendMode=NORMAL)892

• The upper node’s bounding box completely 893

covers the lower node 894

• Neither node has rotation applied 895

Figure 10: Node pruning case study. Red nodes are
removed due to invisibility or occlusion.

A.3.3 Coordinate Normalization 896

Raw Figma coordinates use absolute canvas po- 897

sitions, which can result in large arbitrary values 898

(e.g., x = 3847, y = 2156). We normalize all co- 899

ordinates relative to the root node, as illustrated in 900

Figure 11. 901

Figure 11: Coordinate normalization process.

Additionally, we round all floating-point values 902
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to 3 decimal places to reduce token consumption903

without sacrificing precision.904

A.3.4 Attribute Filtering905

We remove editor-specific attributes that are irrele-906

vant to code generation, as shown in Table 5.

Table 5: Editor-specific attributes removed during re-
finement.

Removed Attribute Reason

locked Editor state, not visual
exportSettings Export configuration
background Deprecated, replaced by fills
backgroundColor Deprecated

907

A.3.5 SVG Asset Merging908

Vector graphics nodes (VECTOR, LINE, ELLIPSE,909

etc.) are often decomposed into multiple primitives910

in Figma. We identify groups of vector nodes and911

merge them into single SVG_ASSET nodes:912

Merge Criteria:913

• Single vector node types: VECTOR, STAR,914

LINE, ELLIPSE, REGULAR_POLYGON,915

BOOLEAN_OPERATION916

• GROUP/FRAME containing only vector chil-917

dren918

• Nodes with names containing “merge” key-919

word920

A.4 Quality Control: Case Studies921

A.4.1 Case 1: Single-Image Designs922

Some Figma designs consist of a single rasterized923

image without any structured elements. These pro-924

vide no value for evaluating design-to-code genera-925

tion capabilities, as shown in Figure 12.926

Figure 12: Example of a rejected single-image design
structure.

A.4.2 Case 2: Visual Deduplication 927

Using DINOv3 embeddings, we identify and re- 928

move near-duplicate designs. Figure 13 shows 929

an example where multiple color variations of the 930

same UI layout are reduced to a single representa- 931

tive sample. 932

(a) Variant 1

(b) Variant 2

(c) Variant 3

Figure 13: Visual deduplication example. Multiple color
variations (similarity > 0.9) are reduced to one repre-
sentative sample.

A.5 Processing Statistics 933

Table 6 summarizes the sample counts at each 934

pipeline stage. 935

A.6 Refinement Impact Analysis 936

To quantify the effectiveness of metadata refine- 937

ment, we measured the token reduction achieved 938

by each operation, as shown in Table 7. 939
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Table 6: Sample counts at each stage of the quality
control pipeline.

Stage Samples Removed

Raw Collection 16,755 —
After Rule-based Filtering 8,432 8,323
After Visual Deduplication 2,156 6,276
After Expert Review 1,234 922

Table 7: Average token reduction achieved by each
refinement step.

Refinement Step Avg. Token Reduction

Asset Consolidation 67.3%
Node Pruning 12.8%
Attribute Filtering 8.4%
Coordinate Normalization 3.2%

Total Reduction 74.6%

The most significant reduction comes from as-940

set consolidation, which replaces lengthy Base64941

strings with short file paths. This transformation is942

critical for enabling MLLMs to process complex943

designs within their context limits.944

B Experimental Details945

This section provides supplementary experimental946

details, including the evaluation metrics, prompt947

templates and test result demonstrations.948

B.1 Evaluation Metric Details949

RQS is a reference-free metric assessing layout ro-950

bustness independently. However, high RQS with951

low fidelity (VCS/SLA) may indicate accidental952

fluidity from primitive fallback layouts rather than953

genuine responsive design. Thus, RQS should be954

interpreted jointly with fidelity metrics.955

Note on StyleMatch: Font size matching allows956

±1px tolerance; color matching uses RGB cosine957

similarity ≥ 0.95; font weight and family require958

exact matches.959

RQS Hyperparameters and Design Rationale.960

RQS computation uses the following thresholds961

derived from established responsive design conven-962

tions: viewports V = {375, 768, 1920} represent963

standard mobile, tablet, and desktop breakpoints;964

ϵoverflow = 1px provides sub-pixel tolerance for965

overflow detection to accommodate browser round-966

ing; Wstandard = 960px follows common max-967

width conventions for centered content containers968

(Bootstrap/Foundation default); τadapt = 50px sets969

the minimum width change to qualify as significant970

adaptation, filtering noise from minor reflows; and971

Wmin = 50px excludes icons and micro-elements 972

from FLX consideration. 973

Overflow Detection Criteria. An element is 974

flagged as overflowing if: (1) its bounding box 975

extends beyond the viewport boundary (x+ w > 976

Wviewport + ϵ), or (2) its internal scroll width ex- 977

ceeds client width while using overflow: hidden, 978

causing content truncation. Semantic scrollers (e.g., 979

<table>, <pre>, flex containers with nowrap) are 980

excluded as intentional design patterns. 981

Limitation on Intentional Whitespace. EFF pe- 982

nalizes layouts that underutilize desktop width. 983

However, some designs intentionally employ gen- 984

erous whitespace for aesthetic purposes (e.g., min- 985

imalist landing pages). In such cases, EFF may 986

underestimate design quality. We acknowledge this 987

as a limitation inherent to reference-free metrics 988

and recommend interpreting EFF jointly with VCS 989

for designs where intentional sparsity is suspected. 990

B.2 Human Evaluation of RQS 991

To validate the alignment between RQS and expert 992

judgment on responsive quality, we conducted a 993

human evaluation study. 994

Sample Selection. We selected 150 generated 995

pages from the test set, covering 3 representative 996

models: InternVL3.5-8B, Qwen3-VL-32B, and 997

GPT-5. For each model, we sampled 50 designs 998

balanced across low/medium/high complexity tiers 999

based on node count. 1000

Annotators. We recruited 3 front-end developers 1001

(denoted as E1, E2, E3) with 3+ years of profes- 1002

sional experience in responsive web development. 1003

Each annotator independently evaluated all 150 1004

samples. 1005

Evaluation Protocol. Annotators viewed the ren- 1006

dered pages across three viewport widths (375px, 1007

768px, 1920px) using a standardized browser en- 1008

vironment. For each sample, they rated the overall 1009

responsive quality on a 5-point Likert scale (1=very 1010

poor, 5=excellent), considering overflow behavior, 1011

space utilization, and layout adaptability. 1012

Results. Table 8 presents the human evaluation 1013

results. Note that the RQS values reported here 1014

are computed on the 50-sample subset used for hu- 1015

man evaluation, which may slightly differ from the 1016

full-set results in Table 2 due to sampling variance. 1017

Expert ratings align with RQS trends: InternVL3.5- 1018

8B receives the highest scores while GPT-5 scores 1019

lowest despite superior fidelity. The strong correla- 1020

tion (ρ = 0.69, p < 0.001) and high inter-annotator 1021

agreement (α = 0.72) validate RQS as an effective 1022
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proxy for expert judgment.1023

Table 8: Human evaluation results on sampled subset.

Model Examples Human Avg. RQS

InternVL3.5-8B 50 2.68 52.13
Qwen3-VL-32B 50 2.05 30.47
GPT-5 50 1.41 16.82

Statistics: Spearman ρ = 0.69 (p < 0.001)
Agreement: Krippendorff’s α = 0.72

B.3 Prompt Templates1024

To ensure a fair comparison, all evaluated models1025

receive identical prompts for the same input modal-1026

ity configuration. This subsection presents the ex-1027

act prompt templates used in our experiments.1028

B.3.1 Image + Metadata Setting1029

The following prompt is used when both the image-1030

metadata is provided :1031

Prompt: Image + Metadata

As a professional front-end developer, please generate a
complete HTML document using HTML and CSS based
on the provided Figma JSON data and the corresponding
UI page screenshot.

Input Data:
• Figma JSON: Contains detailed information such

as layout, dimensions, colors, typography, and asset
bindings. This is the primary source of truth.

• Screenshot: The corresponding UI screenshot serves
only as supplementary reference to clarify unclear
details.

• Assets: The original Figma JSON entries with
"type: IMAGE" and "type: SVG_ASSET" have been
replaced with actual local paths (e.g., "imagePath":
"extracted_images
img_690fecddec7845ccaa2f42f4972ecfb0.png").
Therefore, for images and SVG resources, please
directly use the corresponding local paths provided in
the JSON.

Important Implementation Requirements:
1. Coordinate System: All coordinate information

in the Figma JSON is relative to the root node.
The absoluteBoundingBox values have been pre-
processed to be relative coordinates.

2. Image Resource Loading: For nodes with
imagePath and svgPath, precisely reference the pro-
vided path.

3. CSS Style: The "styles" field in the Figma JSON con-
tains various style information (e.g., font size, color,
font weight, etc.).

4. Output: Return only the complete HTML document.
Do not wrap the output in Markdown code fences. Do
not include any explanation or extra text.

1032

B.3.2 Metadata-Only Setting1033

The following prompt is used when only metadata1034

is provided:1035

Prompt: Metadata-Only

As a professional front-end developer, please generate a
complete HTML document using HTML and CSS based
on the provided Figma JSON data.

Input Data:
• Figma JSON: Contains detailed information such

as layout, dimensions, colors, typography, and asset
bindings. This is the primary source of truth.

• Assets: The original Figma JSON entries with
"type: IMAGE" and "type: SVG_ASSET" have been
replaced with actual local paths (e.g., "imagePath":
"extracted_images
img_690fecddec7845ccaa2f42f4972ecfb0.png").
Therefore, for images and SVG resources, please
directly use the corresponding local paths provided in
the JSON.

Important Implementation Requirements:
1. Coordinate System: All coordinate information

in the Figma JSON is relative to the root node.
The absoluteBoundingBox values have been pre-
processed to be relative coordinates.

2. Image Resource Loading: For nodes with
imagePath and svgPath, precisely reference the pro-
vided path.

3. CSS Style: The "styles" field in the Figma JSON con-
tains various style information (e.g., font size, color,
font weight, etc.).

4. Output: Return only the complete HTML document.
Do not wrap the output in Markdown code fences. Do
not include any explanation or extra text.

1036

B.3.3 Image-Only Setting 1037

The following prompt is used when only the image 1038

is provided: 1039

Prompt: Image-Only

As a professional front-end developer, please generate a
complete HTML document using HTML and CSS based
on the provided screenshot.

Important Implementation Requirements:
1. Return a single HTML file that uses HTML and CSS

to reproduce the given screenshot. Include all CSS
code in the HTML file itself.

2. Pay attention to size, text, position, and color of all
elements, as well as the overall layout.

3. Return only the complete HTML document. Do not
wrap the output in Markdown code fences. Do not
include any explanation or extra text.

1040

B.4 Test Result Demonstrations 1041

We present examples from GPT-4o and Gemma3- 1042

12B models under different input modality settings 1043

( Figure 14, Figure 15, Figure 16). Both Metadata- 1044

Only and Image-Only settings show poor recon- 1045

struction quality, demonstrating the advantage of 1046

multimodal input paradigm. 1047
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C Potential Risks1048

While automated design-to-code generation can1049

improve developer productivity, we identify the1050

following potential risks:1051

Code Quality Concerns. Generated code may1052

contain accessibility issues (e.g., missing ARIA la-1053

bels, poor contrast ratios) or security vulnerabilities1054

(e.g., XSS-prone patterns) if not properly reviewed.1055

Users of code generation systems should always1056

conduct thorough testing and code review before1057

deployment.1058

Workforce Impact. Widespread adoption of1059

automated UI code generation tools could poten-1060

tially displace entry-level front-end development1061

positions. We encourage responsible deployment1062

with appropriate workforce transition support.1063

Benchmark Misuse. FigmaBench is intended1064

for research evaluation purposes. Using benchmark1065

scores as the sole criterion for production tool selec-1066

tion without considering real-world requirements1067

may lead to suboptimal decisions.1068

D Ethical Considerations1069

Data Collection and Privacy. All design samples1070

in FigmaBench are collected from Figma Commu-1071

nity, a public platform where designers voluntar-1072

ily share their work under Creative Commons or1073

similar open licenses. By publishing on Figma1074

Community, designers implicitly consent to public1075

use of their designs. We do not collect any person-1076

ally identifiable information (PII) from designers1077

or users. The collected designs are used solely for1078

research purposes.1079

PII and Offensive Content Check. We con-1080

ducted a systematic review of collected samples to1081

identify and remove any designs containing: (1)1082

personally identifiable information such as real1083

names, email addresses, phone numbers, or profile1084

photos; (2) potentially offensive, discriminatory, or1085

inappropriate content. This review was performed1086

both algorithmically (using keyword filtering) and1087

manually (expert inspection of flagged samples).1088

Samples failing these checks were excluded from1089

the final benchmark.1090

E Reproducibility1091

We are committed to ensuring the reproducibility1092

of our research:1093

Data Availability. The complete FigmaBench1094

dataset, including all design samples, metadata,1095

and reference screenshots, will be publicly released 1096

upon publication. 1097

Code Release. All evaluation scripts, metric im- 1098

plementations, and data processing pipelines are 1099

available in our open-source repository. This in- 1100

cludes the automated evaluation framework and 1101

visualization tools. 1102

Experimental Configuration. Model configu- 1103

rations and hyperparameters are detailed in Sec- 1104

tion 4.3. Prompt templates are provided in Ap- 1105

pendix B.3. 1106

Result Reporting. All metrics are single-run re- 1107

sults with deterministic decoding (temperature=0). 1108

We report mean values across all test samples. 1109

F Human Annotations 1110

We recruit three professional front-end developers 1111

with at least three years of responsive web devel- 1112

opment experience to manually evaluate the gener- 1113

ated pages in our human study. The participants are 1114

compensated at a rate of approximately $100 per 1115

hour, which is consistent with common standards 1116

for remote data annotation. This payment rate is 1117

considered fair given the participants’ demographic 1118

and their expertise in front-end development. All 1119

annotators provided informed consent and were 1120

informed that their anonymized ratings would be 1121

used for research purposes. This study involves 1122

evaluation of system outputs by expert annotators 1123

and does not constitute human subjects research 1124

under standard IRB definitions; the evaluation task 1125

posed no risks to participants beyond normal pro- 1126

fessional activities. 1127

G AI Assistants in Research and Writing 1128

Yes, we did utilize AI assistants in certain aspects 1129

of our research and writing process. Specifically, 1130

we employed generative AI tools, such as ChatGPT, 1131

to assist with writing portions of the Python code 1132

and in drafting parts of the appendix, as well as for 1133

polishing and refining sections of the paper. The AI 1134

tools were particularly helpful for enhancing clarity, 1135

improving grammatical structure, and ensuring a 1136

more concise presentation of our ideas. 1137

We acknowledge that while AI-assisted tools 1138

were employed to facilitate some parts of the writ- 1139

ing and code generation process, all core research, 1140

analysis, and interpretation of results were con- 1141

ducted independently. The use of AI tools was 1142

limited to supporting tasks that did not impact the 1143

integrity or originality of the research. Addition- 1144
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ally, we ensured that the final content was carefully1145

reviewed and verified to maintain academic rigor1146

and accuracy.1147

17



Image Only Metadata Only Image + Metadata 

Image + Metadata 

Original Screenshot

Metadata OnlyImage Only

GPT-4o

Gemma3-12B

Figure 14: Case Study 1.
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Figure 15: Case Study 2.
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Figure 16: Case Study 3.
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