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Abstract001

Automating the transformation of user inter-002
face (UI) designs into front-end code holds003
significant promise for accelerating software004
development and democratizing design work-005
flows. While multimodal large language mod-006
els (MLLMs) can translate images to code, they007
often fail on complex UIs, struggling to unify008
visual perception, layout planning, and code009
synthesis within a single monolithic model,010
which leads to frequent perception and plan-011
ning errors. To address this, we propose Screen-012
Coder, a modular multi-agent framework that013
decomposes the task into three interpretable014
stages: grounding, planning, and generation.015
By assigning these distinct responsibilities to016
specialized agents, our framework achieves sig-017
nificantly higher robustness and fidelity than018
end-to-end approaches. Furthermore, Screen-019
Coder serves as a scalable data engine, en-020
abling us to generate high-quality image-code021
pairs. We use this data to fine-tune open-source022
MLLM via a dual-stage pipeline of supervised023
fine-tuning and reinforcement learning, demon-024
strating substantial gains in its UI generation ca-025
pabilities. Extensive experiments demonstrate026
that our approach achieves state-of-the-art per-027
formance in layout accuracy, structural coher-028
ence, and code correctness.029

1 Introduction030

Automating front-end engineering is a critical step031

toward efficient software development, and recent032

large language models (LLMs) have advanced033

the generation of code directly from text instruc-034

tions (Qwen, 2025; Bolt, 2025). However, this035

text-based approach faces significant limitations.036

Generating detailed UIs requires verbose prompts037

to capture structure and styling, struggles to spec-038

ify fine-grained visual design like spacing or align-039

ment, and fundamentally deviates from practical040

design workflows that begin with visual sketches,041

not paragraphs of text. Relying solely on textual042

input is therefore sub-optimal for real-world de- 043

ployment and often fails to capture the full visual 044

intent. 045

To bridge this gap, multimodal large language 046

models (MLLMs) offer the promise of directly in- 047

terpreting UI design images and translating them 048

into code (Yang et al., 2023). While conceptually 049

appealing, our analysis reveals that current MLLMs 050

struggle with this task as it requires a unified set 051

of capabilities, visual understanding, structural lay- 052

out planning, and domain-specific code synthesis, 053

that they are not holistically designed for. Empiri- 054

cally, this leads to two recurring failure modes: (1) 055

perception errors, where components are missed 056

or misclassified, and (2) planning errors, where 057

components are placed incorrectly or violate layout 058

constraints. 059

To address these limitations, we propose Screen- 060

Coder, a modular multi-agent framework that 061

decomposes the UI-to-code task into three inter- 062

pretable stages: grounding, planning, and genera- 063

tion. The grounding agent leverages a multimodal 064

large language model to localize and semantically 065

label key UI regions. The planning agent then 066

constructs a hierarchical layout tree using domain 067

knowledge of web layout systems. Finally, the 068

generation agent produces HTML and CSS code 069

via adaptive prompt-based synthesis, incorporat- 070

ing both layout context and optional user instruc- 071

tions to support interactive design. This decompo- 072

sition introduces architectural modularity, enabling 073

more robust component recognition, layout plan- 074

ning, and structured code generation than end-to- 075

end black-box methods. Experiments show that our 076

framework achieves state-of-the-art performance in 077

layout fidelity, structural coherence, and generation 078

quality. 079

Beyond inference, our framework acts as a scal- 080

able data engine. This is crucial because training 081

on raw web data is often infeasible, as its length 082

and noise from dependencies and scripts destabi- 083
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Screenshots & Design Sketches Pixel-Perfect Replication

Original Websites ScreenCoder (Ours)

Figure 1: ScreenCoder accurately transforms website screenshots and design sketches into pixel-perfect
front-end code. The figure showcases a variety of inputs on the left, including high-fidelity screenshots and a
low-fidelity design sketch. The right column displays the corresponding webpages rendered from our model’s
generated code, demonstrating its high-fidelity replication capabilities.

lize training and prevent models from learning the084

core visual-to-code mapping (Si et al., 2025). To085

address the challenge, we leverage ScreenCoder086

to create Screen-10K, a new large-scale training087

dataset of 10,000 high-quality image-code pairs,088

curated by filtering an initial crawl of 50,000 web-089

pages. We use Screen-10K to significantly enhance090

open-source MLLM via a dual-stage supervised091

fine-tuning and reinforcement learning pipeline.092

Furthermore, to facilitate a more rigorous eval-093

uation of modern models, we introduce Screen-094

Bench, a challenging new benchmark composed of095

1,000 high-quality, up-to-date websites that reflect096

contemporary web design. Our framework thus097

provides a practical path for both scalable dataset098

creation and robust model alignment. To sum up,099

our contributions are as follows:100

• We conduct a systematic investigation into101

the limitations of existing MLLMs on UI-to-102

code tasks and propose a novel modular multi-103

agent framework that decomposes the com-104

plex UI-to-code generation task into three in-105

terpretable stages: grounding, planning, and106

generation, significantly outperforming exist-107

ing end-to-end multimodal models in layout108

fidelity and structural coherence. 109

• Leveraging our framework as a scalable data 110

engine, we introduce Screen-10K, a new large- 111

scale dataset containing 10,000 high-quality 112

image-code pairs, which addresses a critical 113

bottleneck in the field by providing a substan- 114

tial resource for training more capable UI-to- 115

code generation models. 116

• To facilitate more rigorous and relevant eval- 117

uation, we present ScreenBench, a new chal- 118

lenging benchmark of 1,000 diverse and con- 119

temporary web designs. ScreenBench pro- 120

vides a more accurate measure of model per- 121

formance on real-world tasks compared to ex- 122

isting benchmarks. 123

2 Related Work 124

2.1 Multimodal Large Language Models 125

Multimodal Large Language Models (MLLMs) 126

integrate vision and text to enable joint reason- 127

ing. Early models like VisualGPT (Chen et al., 128

2022) and Frozen (Tsimpoukelli et al., 2021) pio- 129

neered this by using pre-trained LLMs to decode 130
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(a) Example of Perception Error

(b) Example of Planning Error

Missing Icon
Wrong Color

Original Website 
(segment)

Generated Website 
(segment)

Original Website Generated Website

[main content] [sidebar]

Incorrect Position

Incorrect Position

Figure 2: Analysis of Common MLLM Failure Modes
in UI-to-Code Generation. We identify two primary
error categories: (a) Perception Errors, where the model
fails to accurately interpret visual details, leading to
missing icons or incorrect colors, and (b) Planning Er-
rors, where the model fails to correctly reason about the
spatial layout, resulting in elements being placed in the
wrong positions.

visual features. Architectural innovations, such131

as Flamingo’s (Alayrac et al., 2022) gated cross-132

attention and BLIP-2’s (Li et al., 2023) Q-Former,133

further improved vision-language alignment. Mod-134

ern systems like Gemini 2.5 (Google, 2024) and135

GPT-4o (OpenAI, 2024) have dramatically scaled136

these capabilities, excelling at complex multimodal137

tasks and enabling applications like website gen-138

eration from images (Zhu et al., 2023). However,139

despite their impressive general-purpose abilities,140

these models struggle with domain-specific struc-141

tured generation, such as UI-to-code synthesis.142

This limitation stems from a lack of inductive bi-143

ases for spatial layout and hierarchical planning, as144

well as a monolithic architecture that hinders the145

injection of task-specific knowledge.146

2.2 Visual-to-Code Generation147

Early visual-to-code methods used CNNs and148

LSTMs to translate UI screenshots into domain-149

specific languages (DSLs) (Beltramelli, 2018),150

which offered limited real-world applicability (Xu151

et al., 2021). Subsequent research shifted towards152

generating general-purpose HTML/CSS (Chen153

et al., 2018) and improving component recogni-154

tion, layout understanding (Cizotto et al., 2023),155

interaction-awareness (Xiao et al., 2024), and multi-156

page generation (Wan et al., 2024). Alterna-157

tive approaches have included OCR-based tech-158

niques (Nguyen and Csallner, 2015) and object de-159

tection for screen parsing (Wu et al., 2021). More160

recently, divide-and-conquer methods (Wan et al.,161

2025; Wu et al., 2025; Gui et al., 2025b,a) have 162

emerged, but often depend on heuristic-based seg- 163

mentation. Despite these advances, prior works are 164

often brittle, rely on synthetic data, and lack the 165

interpretability needed to jointly model complex 166

visual semantics, layouts, and coding patterns. In 167

contrast, our approach introduces a modular multi- 168

agent framework that decomposes the task into 169

interpretable sub-tasks: grounding, planning, and 170

generation. This allows for explicit reasoning and 171

the integration of domain-specific priors. Our sys- 172

tem also functions as a scalable data engine to train 173

future MLLMs, addressing the scarcity of high- 174

quality, realistic image-code datasets. 175

3 Motivation: Why MLLMs Fail at 176

UI-to-Code Generation? 177

To motivate our approach, we analyze why 178

state-of-the-art multimodal large language models 179

(MLLMs) struggle with the direct, end-to-end gen- 180

eration of code from UI screenshots. While models 181

like GPT-4o exhibit powerful general visual rea- 182

soning, our analysis of their outputs on real-world 183

webpages reveals two primary failure modes, as 184

illustrated in Figure 2: perception failures and plan- 185

ning failures. 186

First, perception failures stem from the model’s 187

inability to accurately interpret visual elements. 188

This materializes in two ways: (1) element omis- 189

sion, where smaller or less salient components like 190

icons and secondary text are completely missed, 191

and (2) element distortion, where an element 192

is recognized but its attributes (e.g., text content, 193

color) are incorrect, or its type is misidentified 194

(e.g., an input field rendered as static text). Sec- 195

ond, planning failures involve the inability to or- 196

ganize perceived elements into a coherent spatial 197

and hierarchical structure. Even if all components 198

are identified, they are often assembled incorrectly, 199

leading to (1) element misarrangement, where 200

components are placed in the wrong positions, and 201

(2) hierarchical incoherence, where the model 202

produces a “flat” layout that fails to infer the nested, 203

DOM-like structure essential for modern, respon- 204

sive web design. This highlights a lack of inductive 205

bias for fundamental front-end layout conventions. 206

Our analysis indicates these failures arise not 207

from an intrinsic inability to perform any single 208

sub-task, but from the burden of a monolithic, end- 209

to-end approach that overloads a single model with 210

granular perception, complex spatial planning, and 211
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Figure 3: Overview of ScreenCoder. Given UI screenshots or design sketches as input, the Grounding Agent first
detects and labels key components (e.g., header, navbar, sidebar, content). The Planning Agent organizes these
components into a hierarchical layout using front-end engineering priors. The Generation Agent synthesizes initial
HTML code with placeholders, followed by content mapping to produce the final webpage and code.

structured code synthesis simultaneously. This task212

also demands deep domain knowledge of front-end213

development, such as layout systems and compo-214

nent hierarchies, which general-purpose MLLMs215

lack. Inspired by agentic workflows that decom-216

pose complex problems, we hypothesize that sep-217

arating these distinct challenges will yield more218

robust results. This insight directly motivates our219

modular, multi-agent framework. By explicitly de-220

coupling the task into grounding (to address per-221

ception failures), planning (to address structural222

failures), and generation (to focus on code synthe-223

sis), we enable each agent to specialize. Crucially,224

this modularity allows us to inject specific domain225

knowledge at each stage, such as established layout226

conventions in the planning agent, thereby mitigat-227

ing the failure modes inherent in a single, end-to-228

end process.229

4 Method230

We propose a modular, multi-agent framework for231

UI-to-code generation that decomposes the com-232

plex task into three sequential agents: grounding,233

planning, and generation. This design is explic-234

itly motivated by the failure modes identified in235

Section 2; each agent is specialized to address a236

distinct sub-problem, allowing the system to lever-237

age both visual understanding and structured rea-238

soning in a coordinated manner. The grounding239

agent targets perception errors by accurately iden-240

tifying UI components. The planning agent tackles 241

planning errors by constructing a coherent layout 242

hierarchy. Finally, the generation agent translates 243

this structured plan into high-fidelity code. Our 244

overall framework is shown in Figure 3. 245

4.1 Grounding Agent: Overcoming 246

Perception Errors 247

The grounding agent serves as the perceptual front- 248

end of our framework, tasked with detecting and 249

semantically labeling major structural components 250

to overcome the perception errors (element omis- 251

sion and distortion) common in end-to-end models. 252

This design choice, assigning explicit labels like 253

sidebar, header, and navigation, is crucial for 254

enabling interactive, language-driven design, as it 255

allows users and downstream agents to reference 256

and manipulate specific components via natural 257

language (e.g., “resize the sidebar”). 258

To accomplish this, the agent employs a Multi- 259

modal Large Language Model (MLLM) queried 260

with prompts such as “Where is the sidebar?” or 261

“Locate the header area.” The MLLM returns a set 262

of grounded regions as bounding boxes and their 263

associated labels: 264

B = {(bi, li) | li ∈ L}Ni=1 , (1) 265

where L = {sidebar, header, navigation}.Here, 266

each bi = (xi, yi, wi, hi) is a bounding box in pixel 267

coordinates. Unlike traditional object detection, 268
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Algorithm 1 Visual-to-Structural Tree Mapping
1: Input: Layout dict L, Dimensions W,H
2: Output: Layout Tree T
3: T ← createNode(’root’, style={

’position’: ’relative’, ’width’: ’100%’, ...})
4: for label l, box bl in L do
5: Nl ← createNode(l)
6: (x%, y%, w%, h%)← (bl.x/W, bl.y/H,

bl.width/W, bl.height/H)× 100
7: Nl.style← {’pos’: ’abs’, ’left’: x%, . . . }
8: if l contains subdivisions then
9: Nl.is_grid_container← true

10: end if
11: AddChild(T , Nl)
12: end for
13: return T

this MLLM-based approach allows grounding to269

be flexibly guided by text, making the system ex-270

tensible to new UI concepts.271

To ensure robustness, the agent performs sev-272

eral post-processing operations: (1)Deduplication273

and Conflict Resolution, using class-specific non-274

maximum suppression (NMS) to filter multiple275

detections for the same label and retain the most276

confident one; (2)Fallback Recovery, invoking a277

heuristic based on spatial priors if a key compo-278

nent is missed (e.g., a wide, short box at the top is279

likely a header); and (3)Main Content Inference,280

which robustly defines the primary content area281

by inferring it as the largest rectangular area not282

overlapping any detected component. The final283

output is a layout dictionary which provides the284

semantic and spatial foundation for the next stage.285

Unlike traditional object detectors which require286

costly retraining, our MLLM-based approach is in-287

herently extensible. The system can be adapted to288

recognize new UI concepts simply by expanding289

the textual label set L, offering a flexible path for290

future domain adaptations.291

4.2 Planning Agent: Correcting Planning292

Errors293

The Planning Agent mitigates common MLLM fail-294

ures in spatial reasoning, such as component mis-295

arrangement and hierarchical incoherence. Instead296

of a generative approach, it uses a novel, determin-297

istic Visual-to-Structural Tree Mapping algorithm1298

to programmatically translate unstructured visual299

information into a well-formed layout. The algo-300

rithm embeds key domain knowledge from modern301

web development by converting the flat 2D canvas302

of bounding boxes into a DOM-like tree, the stan-303

dard hierarchical data structure for web pages. This304

deliberately trades the unconstrained flexibility of305

generative models for structural integrity and pre- 306

dictability, ensuring the generated code faithfully 307

mirrors the source screenshot’s layout. 308

First, our algorithm establishes the global lay- 309

out by creating tree nodes for primary components 310

(e.g., header, sidebar), converting absolute pixel 311

coordinates into responsive percentage-based val- 312

ues, and using absolute positioning to preserve the 313

macro-structure. It then recursively handles inter- 314

nal component layouts by injecting domain knowl- 315

edge, designating parent regions with children as 316

CSS Grid containers to arrange nested elements 317

with high fidelity. This process yields an inter- 318

pretable layout tree that serves as a blueprint, effec- 319

tively decoupling the abstract planning of the UI 320

structure from the concrete task of code generation, 321

embodying the principle of separation of concerns. 322

4.3 Generation Agent: High-Fidelity Code 323

Synthesis 324

The generation agent translates the hierarchical lay- 325

out tree T into executable HTML and CSS. It tra- 326

verses the tree and, for each node, uses a large lan- 327

guage model to generate code based on an adaptive 328

prompt. This prompt combines the component’s 329

semantic label, its structural context from the tree, 330

and optional user instructions. This approach pro- 331

vides the LLM with rich context, guiding it to pro- 332

duce code that is not only visually correct but also 333

structurally sound and responsive to user intent. 334

The generated code snippets for each component 335

are then assembled according to the tree structure, 336

preserving the hierarchy and layout defined by the 337

planning agent. This closes the loop from visual 338

perception to structured, interactive code synthesis. 339

4.4 Placeholder Mapping 340

To restore visual fidelity, we introduce a final place- 341

holder mapping stage that replaces generic image 342

placeholders with their original visual assets. The 343

process begins by using a UI Element Detection 344

(UIED)(Xie et al., 2020) model to extract all vi- 345

sual elements (e.g., icons, images) from the source 346

screenshot. These elements are then partitioned 347

according to the semantic regions defined by the 348

Planning Agent (e.g., header, sidebar). 349

Within each region, we solve an optimal assign- 350

ment problem to match the detected elements to 351

the placeholders. We construct a cost matrix based 352

on the negative Complete IoU (CIoU) between the 353

placeholder boxes and the original element boxes, 354

after applying a localized affine transformation to 355
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correct for minor rendering discrepancies. This bi-356

partite matching problem is solved using the Hun-357

garian Algorithm to find the optimal one-to-one358

mapping. Finally, the matched image patches are359

cropped from the original screenshot and inserted360

into the generated code, restoring the full visual361

content of the UI.362

5 Enhancing MLLMs with Scalable Data363

Generation and Dual-Stage364

Post-Training365

Beyond its inference capabilities, our framework366

serves a crucial role as a scalable data engine, ad-367

dressing a fundamental challenge in training visual-368

to-code models. Directly training on raw, crawled369

web data is often infeasible (Si et al., 2025). Real-370

world code is typically long and noisy, replete with371

complex dependencies, external links, and irrele-372

vant scripts that make training unstable and hinder373

the model’s ability to learn the core mapping from374

visual structure to clean, self-contained code.375

To overcome this, we leverage our engine to gen-376

erate Screen-10K, a large-scale dataset of 10,000377

high-quality image-code pairs. This dataset was378

curated by initially crawling 50,000 webpages and379

applying a rigorous, automated filtering process to380

retain only the most valuable, well-structured ex-381

amples. This clean dataset provides the stable foun-382

dation necessary for our dual-stage post-training383

pipeline. First, we perform supervised fine-tuning384

(SFT) on a 9,000-pair subset to align the model’s385

visual understanding with correct code syntax, es-386

tablishing a strong baseline. The remaining 1,000387

pairs are then used in a subsequent reinforcement388

learning (RL) stage to further optimize for high389

visual fidelity.390

The reinforcement learning stage is based on391

Group Relative Policy Optimization (GRPO) (Shao392

et al., 2024). We optimize the policy πθ to maxi-393

mize the expected reward over our RL dataset:394

max
θ

E(x,y)∼πθ
[R(x, y)] , (2)395

where x is the input image and y is the generated396

code.397

To directly optimize for visual fidelity, our re-398

ward function R(x, y) is based on the pixel-level399

similarity between the original screenshot and the400

webpage rendered from the generated code. For401

each output y, we first render it to produce an im-402

age, Render(y). The reward is then defined as the403

negative Mean Squared Error (MSE) between the404

original image x and the rendered output. Since 405

RL seeks to maximize reward, using a negative 406

error term incentivizes the policy to minimize the 407

pixel-wise difference: 408

R(x, y) = −MSE(x,Render(y)) (3) 409

where the MSE between two images I1 and I2 of 410

height H and width W is calculated as: 411

MSE(I1, I2) =
1

H ×W

H∑
i=1

W∑
j=1

∥I1(i, j)−I2(i, j)∥22

(4) 412

This reward function provides a strong, holistic sig- 413

nal that guides the model toward generating code 414

that achieves a pixel-perfect visual replication of 415

the original design. 416

6 Experiments 417

We evaluate our framework from two complemen- 418

tary perspectives: (1) the visual fidelity and se- 419

mantic consistency of the generated webpages, 420

and (2) its effectiveness as a scalable data engine 421

for fine-tuning multimodal large language models 422

(MLLMs). We assess the quality of the generated 423

code by comparing the rendered output against 424

ground-truth screenshots using the metrics and 425

benchmarks detailed below. 426

6.1 Experimental Setup 427

Datasets. To rigorously evaluate modern UI-to- 428

code models, we introduce ScreenBench, a new 429

benchmark of 1,000 high-quality image-code pairs. 430

This benchmark addresses the limitations of ex- 431

isting datasets like Design2Code (Si et al., 2025), 432

which, with its 484 samples from older websites, 433

primarily tests for textual content reproduction over 434

structural complexity. In contrast, ScreenBench is 435

substantially larger and sourced from contemporary 436

web applications, featuring the complex, nested lay- 437

outs (e.g., CSS Grid/Flexbox) that define modern 438

web design. We also adopt Design2Code (Si et al., 439

2025) for evaluation. 440

Evaluation Metrics. We follow the methodology 441

of Design2Code (Si et al., 2025) and evaluate vi- 442

sual similarity using both high-level and low-level 443

metrics. For high-level assessment, we compute 444

the CLIP similarity (Radford et al., 2021) between 445

the rendered output and the reference screenshot. 446

For low-level evaluation, we extract OCR-based vi- 447

sual blocks from both images, align them using text 448
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Model ScreenBench Design2Code

Block Text Position Color CLIP Block Text Position Color CLIP

GPT-4o 0.745 0.835 0.725 0.702 0.775 0.845 0.962 0.903 0.881 0.917
GPT-4V 0.721 0.815 0.701 0.682 0.758 0.831 0.955 0.895 0.872 0.905
Gemini-2.5-Pro 0.741 0.825 0.752 0.695 0.788 0.841 0.969 0.901 0.879 0.908
LLaVA 1.6-7B 0.635 0.830 0.544 0.592 0.727 0.736 0.910 0.729 0.816 0.802
DeepSeek-VL-7B 0.680 0.773 0.570 0.614 0.732 0.718 0.824 0.702 0.720 0.843
Qwen2.5-VL 0.723 0.828 0.613 0.632 0.762 0.822 0.951 0.815 0.831 0.893
Seed1.5-VL 0.727 0.852 0.742 0.729 0.783 0.829 0.968 0.915 0.897 0.911
DCGen 0.731 0.831 0.713 0.699 0.767 0.836 0.958 0.885 0.865 0.901
LaTCoder 0.735 0.834 0.718 0.703 0.772 0.839 0.960 0.890 0.869 0.904
LayoutCoder 0.733 0.836 0.717 0.706 0.762 0.841 0.965 0.891 0.876 0.909
Websight-8B 0.678 0.768 0.554 0.606 0.748 0.755 0.903 0.767 0.785 0.859

ScreenCoder (Agentic) 0.768 0.857 0.755 0.734 0.812 0.865 0.975 0.925 0.908 0.922
ScreenCoder (Finetuned) 0.758 0.841 0.742 0.718 0.791 0.849 0.968 0.913 0.886 0.915

Table 1: Evaluation results on the ScreenBench and Design2Code benchmarks. For each metric, the best result
is in bold and the second best is underlined.

similarity, and then measure four key aspects based449

on these matched elements: block reproduction ac-450

curacy, textual consistency, spatial alignment, and451

color similarity.452

Baselines. We benchmark our approach against453

a comprehensive suite of state-of-the-art models.454

This includes leading proprietary MLLMs (GPT-455

4o (OpenAI, 2024), GPT-4V (OpenAI, 2023), and456

Gemini-2.5-Pro (Google, 2024)); a range of open-457

source MLLMs (LLaVA 1.6-7B (Liu et al., 2023),458

DeepSeek-VL-7B (Lu et al., 2024), Qwen2.5-459

VL (Bai et al., 2025), and Seed1.5-VL (Guo et al.,460

2025)); and specialized UI-to-code methods (DC-461

Gen (Wan et al., 2025), Websight-8B (Laurençon462

et al., 2024)), LaTCoder (Gui et al., 2025a) and463

LayoutCoder (Wu et al., 2025). Our method is im-464

plemented on the open-source Qwen2.5-VL-32B465

model. We show other implementation details in466

Appendix C.1 and C.2.467

6.2 Main Results468

As shown in Table 1, our ScreenCoder framework,469

in both its agentic and fine-tuned variants, con-470

sistently surpasses all open-source baselines. The471

primary agentic model achieves state-of-the-art per-472

formance, outperforming even top proprietary sys-473

tems on the challenging ScreenBench with a Block474

score of 0.755. Furthermore, our fine-tuned model475

secures the second-best results on many metrics,476

and achieve comparable performance with close-477

source models. These results validate our frame-478

work’s dual utility as both a high-performing infer-479

ence system and an effective data engine for signif-480

icantly enhancing open-source MLLMs. Besides 481

automatic evaluation, we also conduct human ex- 482

pert evaluation, whose setting and result are shown 483

in Appedix A. 484

6.3 Qualitative Analysis 485

Figure 4 provides a qualitative comparison that 486

highlights the practical advantages of our method. 487

Leading end-to-end MLLMs, such as Qwen-2.5- 488

VL and GPT-4o, demonstrate significant perception 489

and planning failures. They struggle to replicate the 490

target design, resulting in distorted layouts, incor- 491

rect component arrangements, and a general loss of 492

styling information. In stark contrast, ScreenCoder 493

produces a high-fidelity result that closely mirrors 494

the original website’s appearance and organization. 495

More qualitative results are shown in Figure 1 and 496

Appendix. 497

6.4 Ablation Study 498

Effect of Dual-Stage Training. To isolate the con- 499

tributions of our training pipeline, we conducted a 500

stage-wise ablation study (Table 2). Starting with 501

the base Qwen2.5-VL model, the application of 502

Supervised Fine-Tuning (SFT) yielded significant 503

improvements, particularly in spatial layout aware- 504

ness (’Position’). The subsequent Reinforcement 505

Learning (RL) stage further refined the model’s ca- 506

pabilities, providing incremental but crucial boosts 507

to achieve our final results. 508

Data Quality vs. Authenticity. We further 509

validated the necessity of our synthetic data en- 510

gine by training the base model on 10,000 raw 511
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Original Website Qwen-2.5-VL

GPT-4o ScreenCoder (ours)

Figure 4: Qualitative comparison of UI-to-code generation. While leading MLLMs fail to accurately replicate
the target website’s layout, styling, and component structure, our method, ScreenCoder, produces a high-fidelity
result that closely matches the original design in both appearance and organization.

Training Stage ScreenBench Design2Code

Block Text Pos. Color CLIP Block Text Pos. Color CLIP

Base Model (Qwen2.5-VL) 0.723 0.828 0.613 0.632 0.762 0.822 0.951 0.815 0.831 0.893
+ SFT (Screen-10K) 0.741 0.835 0.705 0.681 0.784 0.842 0.963 0.890 0.870 0.908
+ RL (Final) 0.758 0.841 0.742 0.718 0.791 0.849 0.968 0.913 0.886 0.915

Table 2: Impact of our dual-stage training pipeline
(SFT followed by RL). SFT provides the foundational
structural understanding, while RL refines pixel-level
alignment.

HTML/screenshot pairs collected from the same512

websites (Real-10K). As shown in Table 3, training513

on raw web data resulted in negligible gains or even514

performance degradation (e.g., ScreenBench Block515

score dropped from 0.723 to 0.719). This con-516

firms that the noise in raw web code such as mini-517

fied classes and redundant wrappers hinders visual-518

structural alignment. In contrast, our cleaned, syn-519

thetic Screen-10K data provides a far stronger train-520

ing signal, demonstrating that code quality is more521

critical than code authenticity.522

6.5 Scalability and the Cost-Quality523

Trade-Off.524

Our modular framework offers a flexible trade-off525

between computational cost and output quality via526

test-time scaling. Users can select smaller, faster527

models for quick, low-fidelity drafts or larger, more528

powerful models for high-fidelity, production-ready529

code. While a high-quality generation takes tens530

Data Source ScreenBench Design2Code

Block Text Pos. Color CLIP Block Text Pos. Color CLIP

Base Model 0.723 0.828 0.613 0.632 0.762 0.822 0.951 0.815 0.831 0.893
Real-10K (Raw Data) 0.719 0.832 0.605 0.628 0.755 0.825 0.947 0.811 0.825 0.891
Screen-10K (Ours) 0.741 0.835 0.705 0.681 0.784 0.842 0.963 0.890 0.870 0.908

Table 3: Validation of the Data Engine. Training on
raw web data (Real-10K) degrades structural perfor-
mance due to noise, whereas our synthetic data (Screen-
10K) significantly improves it.

of seconds, this is an acceptable trade-off for its 531

intended use as a workflow accelerator where ini- 532

tial code quality is the priority. This versatility 533

allows the system to be adapted for different stages 534

of the development process. Future work can fur- 535

ther enhance this flexibility. We envision a system 536

where developers can interactively refine the out- 537

put, dedicating more compute only to the specific 538

components that require changes. 539

7 Conclusion 540

We present ScreenCoder, a modular multi-agent 541

framework for UI-to-code generation that ad- 542

dresses key limitations of end-to-end models, and 543

also functions as a scalable data engine to improve 544

MLLMs via dual-stage post-training. Experiments 545

demonstrate state-of-the-art performance in visual 546

fidelity and code correctness, offering a practical 547

solution and foundation for front-end automation. 548
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Limitations549

We discuss two main limitations to our work.550

Scope of Dynamic Interactivity. ScreenCoder551

is currently optimized for the high-fidelity recon-552

struction of visual layouts and responsive styling,553

effectively bridging the gap between design and554

front-end implementation. As such, the system fo-555

cuses on generating static HTML and CSS. While556

it successfully handles interactive states (e.g., hover557

effects, responsive resizing), the automated genera-558

tion of complex client-side logic, data fetching, or559

backend integrations remains outside the current560

scope. Extending the agentic framework to infer561

and implement intricate behavioral logic represents562

a promising direction for future work.563

Approximation of Non-Standard Geometries.564

To prioritize the generation of clean, maintain-565

able, and standard-compliant code, our Planning566

Agent operates within the constraints of the stan-567

dard web box model. Consequently, when encoun-568

tering highly artistic or experimental designs fea-569

turing non-rectangular geometry (e.g., significant570

skewing or irregular arbitrary shapes), the system571

is designed to approximate these elements into a ro-572

bust grid-based structure. While this design choice573

ensures that the output remains functional and pro-574

fessionally structured, it may result in a simplifica-575

tion of extreme stylistic deviations in favor of code576

validity.577
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Appendix745

A Human Evaluation746

To validate our automatic metrics, we conducted747

a human evaluation study assessing two critical748

dimensions: the perceived visual fidelity of the749

generated webpages and the practical utility of750

ScreenCoder in a real-world development work-751

flow.752

A.1 Pairwise Comparison of Visual Fidelity753

Setup. We recruited six Ph.D. students with web754

development experience to serve as expert annota-755

tors. Following the standard methodology for eval-756

uating generative models, we performed a pairwise757

comparison study. In each trial, annotators were758

shown an original UI screenshot alongside two ren-759

dered webpages—one generated by ScreenCoder760

(Agentic) and one by a strong baseline (GPT-4o).761

They were asked to vote for the page that was more762

visually similar to the original ("A is better," "B763

is better," or "Tie"). To ensure reliable judgments,764

each comparison was evaluated by three annotators,765

and a winner was declared based on a majority vote766

(≥ 2).767

Results. The results, summarized in Table 4, re-768

veal a strong human preference for our method.769

Annotators judged ScreenCoder’s output as supe-770

rior to GPT-4o’s in 65% of cases, while finding771

it inferior in only 11%. This outcome confirms772

that the improvements captured by our automatic773

metrics translate into a noticeably better perceptual774

experience, suggesting that our modular approach775

produces layouts that are more structurally coher-776

ent and visually faithful.777

Table 4: Pairwise comparison of visual fidelity between
ScreenCoder and GPT-4o. Results show the percentage
of times each outcome was chosen by human annotators.

Outcome Win Rate (%)

ScreenCoder Wins 65%
GPT-4o Wins (Baseline) 11%
Tie 24%

A.2 Workflow Usefulness Study778

Setup. To measure ScreenCoder’s impact on de-779

veloper productivity, we designed a task-based780

study. Six participants with front-end experience781

were divided into an Experimental Group (n=3),782

Table 5: Results of the workflow usefulness study. We
compare the performance of developers using Screen-
Coder against a control group using GPT-4o.

Metric ScreenCoder (Experimental) GPT-4o (Control)

Avg. Completion Time (min) 8.5 18.7
Avg. UI Similarity (out of 5.0) 4.6 3.4
Tasks Timed Out (out of 6) 0 2

who used a tool powered by ScreenCoder, and a 783

Control Group (n=3), who used their preferred 784

method (all chose GPT-4o). Each participant was 785

tasked with converting two UI screenshots (one 786

simple, one complex) into functional webpages, 787

with a 20-minute time limit for each task. We mea- 788

sured both the completion time and the quality of 789

the final output, which was rated for UI similarity 790

on a 5-point Likert scale by two independent expert 791

judges. 792

Results. As detailed in Table 5, ScreenCoder 793

provides a significant boost to development effi- 794

ciency. On average, the ScreenCoder group com- 795

pleted tasks 2.2 times faster than the control group 796

(8.5 minutes vs. 18.7 minutes). Notably, all par- 797

ticipants using ScreenCoder finished comfortably 798

within the time limit, whereas two tasks in the con- 799

trol group timed out. Furthermore, the quality of 800

the output was substantially higher for the Screen- 801

Coder group, which achieved an average similar- 802

ity score of 4.6/5.0, compared to 3.4/5.0 for the 803

control group (with a strong inter-judge Pearson 804

correlation of 0.78). These findings demonstrate 805

that ScreenCoder acts as a powerful accelerator in 806

a human-in-the-loop process, enabling developers 807

to build UIs faster and with greater accuracy. 808

B Additional Qualitative Comparisons 809

To further demonstrate the effectiveness of our 810

framework, this appendix provides an extended 811

set of qualitative results. The following figures 812

showcase side-by-side comparisons between the 813

webpages generated by our method, ScreenCoder, 814

and those produced by leading baseline models. 815

These examples were selected to cover a diverse 816

range of website styles and layout complexities. 817

They serve to highlight the common failure modes 818

of existing end-to-end models—such as incorrect 819

spatial arrangements, missing UI elements, and dis- 820

torted styling—and illustrate how ScreenCoder’s 821

modular, agentic approach successfully overcomes 822

these challenges. As shown in the comparisons, 823

our method consistently produces webpages with 824
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significantly higher visual fidelity and structural co-825

herence, more closely matching the original design826

intent of the source screenshots.827

C Implementation Detail828

C.1 Prompt Template829

The prompt templates are shown in Figure 13 and830

14.831

C.2 Training Details832

Our training and experiments were conducted using833

the Llama Factory codebase on a high-performance834

cluster of 16 NVIDIA A100 GPUs. We adopted a835

two-stage training pipeline. For the SFT stage, we836

fine-tuned the base model on 9,000 samples from837

our Screen-10K dataset. We adopt the LLaMa Fac-838

tory (Zheng et al., 2024) as the code base. The839

model was optimized using the AdamW optimizer840

with a cosine learning rate schedule, a peak learn-841

ing rate of 2× 10−5, a weight decay of 0.01, and842

a warmup ratio of 10%. In the subsequent RL843

stage, we used the remaining 1,000 samples from844

Screen-10K. We employed the Group Relative Pol-845

icy Optimization (GRPO) algorithm, continuing846

from the SFT checkpoint. The reward function was847

based on the negative Mean Squared Error (MSE)848

between the rendered output and the ground-truth849

image, directly optimizing for visual fidelity.850

D LLM Usage Statement851

We used LLMs as an assistive tool for improv-852

ing grammar and clarity in the text, and for code853

completion. The core research, including the ex-854

perimental design and final implementation, was855

conceived and executed entirely by the authors.856

E Failure Case Analysis and Robustness857

Check858

In this section, we provide a qualitative analysis859

of failure modes, specifically focusing on “Hard860

Cases” involving non-standard, artistic layouts that861

deviate from the standard rectangular box model.862

We compare the performance of ScreenCoder863

against the strong end-to-end baseline, Qwen2.5-864

VL.865

As illustrated in Figures 15 to 17, we test the866

models on a design featuring significant CSS trans-867

formations (e.g., skewY) and overlapping elements.868

This analysis highlights a critical trade-off between869

pixel imitation and structural integrity:870

• Catastrophic Failure in Baselines 871

(Qwen2.5-VL): Monolithic MLLMs tend to 872

prioritize pixel-level visual matching. When 873

encountering skewed or rotated elements, the 874

baseline attempts to replicate the geometry 875

using absolute positioning and incorrect 876

transform approximations. This results 877

in “spatial hallucination,” where elements 878

suffer from Z-index errors, text overlaps, 879

and fragmented coordinate placement. The 880

resulting code, while attempting to look like 881

the input, is functionally unusable. 882

• Graceful Degradation in ScreenCoder 883

(Ours): Our modular approach prioritizes 884

valid DOM structure. The Planning Agent 885

maps the non-rectangular visual input to 886

the nearest robust rectangular grid (CSS 887

Flexbox/Grid). While this results in a loss 888

of the specific artistic nuance (the skew an- 889

gle is removed), the system fails gracefully. 890

The generated code remains clean, responsive, 891

and structurally valid. This demonstrates that 892

ScreenCoder prefers simplification over bro- 893

ken complexity, ensuring the output is always 894

a viable starting point for developers. 895
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Original Website

Generated by Gemini-2.5-pro

Generated by Doubao-1.5-thinking-vision-pro

Generated by Qwen-2.5-VL

Figure 5: Qualitative comparison between our proposed method and various baselines.

Generated by ScreenCoder (ours)

Figure 6: Qualitative comparison between our proposed method and various baselines.
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Original Website

Generated by GPT-4o

Generated by Doubao-1.5-thinking-vision-pro

Generated by Gemini-2.5-pro

Figure 7: Qualitative comparison between our proposed method and various baselines.

Generated by ScreenCoder (ours)

Figure 8: Qualitative comparison between our proposed method and various baselines.
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Original Website

Generated by GPT-4o

Generated by Doubao-1.5-thinking-vision-pro

Generated by Qwen-2.5-VL

Figure 9: Qualitative comparison between our proposed method and various baselines.

Generated by ScreenCoder (ours)

Figure 10: Qualitative comparison between our proposed method and various baselines.
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Original Website

Generated by GPT-4o

Generated by Doubao-1.5-thinking-vision-pro

Generated by Gemini-2.5-pro

Figure 11: Qualitative comparison between our proposed method and various baselines.

Generated by ScreenCoder (ours)

Figure 12: Qualitative comparison between our proposed method and various baselines.
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Prompt for Grounding

Seed-1.5-thinking-pro-vision

Qwen-2.5-VL

"""Only return the bounding boxes of the ‘header', ‘footer’, ‘main content’, ‘sidebar’, 

and ‘navigation’ in this webpage screenshot. Please only return the corresponding 

bounding boxes in the format of ‘name: <bbox>x1 y1 x2 y2</bbox>’ for each line 

without extra information and comments!!! Note: 1. All text information, images 

and other content should be framed, don't miss any information; 2. The areas 

should not overlap; 3. Output a label and the corresponding bounding box for each 

line. You can decide whether to include some regions or not."""

"""Only return the bounding boxes of the ‘header’, ‘footer’, ‘main content’, ‘sidebar’, 

and ‘navigation’ in this webpage screenshot. Please only return the corresponding 

bounding boxes in the format of ‘header: <bbox>x1 y1 x2 y2</bbox>\nfooter: 

<bbox>x1 y1 x2 y2</bbox>\nmain content: <bbox>x1 y1 x2 y2</bbox>\nsidebar: 

<bbox>x1 y1 x2 y2</bbox>\nnavigationr: <bbox>x1 y1 x2 y2</bbox>\n

’for each line without extra information and comments!!! Note: 1. All text 

information, images and other content should be framed, don‘t miss any information; 

2. The areas should not overlap; 3. Output a label and the corresponding bounding 

box for each line. You can decide whether to include some regions or not. Also, 

output the image size in the format of "width: <width> height: <height>\n"."""

Figure 13: Prompt Templates.
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{"sidebar": f"""This is a screenshot of a container. Here is the user's additional 
instruction: {user_instruction["sidebar"]}. Please fill in a complete HTML and 
Tailwind CSS code to accurately reproduce the given container. Please ensure that 
all block layouts, icon styles, sizes, and text information are consistent with the 
original screenshot, based on the user's additional conditions. Below is the code 
template to fill in:
<div>
your code here
</div>
Only return the code within the <div> and </div> tags.""",

"header": f"""This is a screenshot of a container. Here is the user's additional 
instruction: {user_instruction["header"]}. Please fill in a complete HTML and 
Tailwind CSS code to accurately reproduce the given container. Please ensure that 
all blocks‘ relative positions, layout, text information, and colors within the 
bounding box are consistent with the original screenshot, based on the user's 
additional conditions. Below is the code template to fill in:
<div>
your code here
</div>
Only return the code within the <div> and </div> tags.""",

"navigation": f"""This is a screenshot of a container. Here is the user‘s additional 
instruction: {user_instruction["navigation"]} Please fill in a complete HTML and 
Tailwind CSS code to accurately reproduce the given container. Please ensure that 
all blocks‘ relative positions, text layout, and colors within the bounding box are 
consistent with the original screenshot, based on the user’s additional conditions.
Please use the same icons as in the original screenshot. Below is the code template 
to fill in:
<div>
your code here
</div>
Only return the code within the <div> and </div> tags.""",

"main content": f"""This is a screenshot of a container. Here is the user‘s additional 
instruction: {user_instruction["main content"]} Please fill in a complete HTML and 
Tailwind CSS code to accurately reproduce the given container. Please replace the 
images in the original screenshot with solid gray blocks of the same size; text inside 
the images does not need to be recognized. Please ensure that all blocks‘ relative 
positions, layout, text information, and colors within the bounding box are 
consistent with the original screenshot, based on the user's additional conditions. 
Below is the code template to fill in:
<div>
your code here
</div>
Only return the code within the <div> and </div> tags.""”,

"footer ": """This is a screenshot of a container. Here is the user‘s additional 
instruction: {user_instruction["footer"]}. Please fill in a complete HTML and 
Tailwind CSS code to accurately reproduce the given container. Please ensure that 
all blocks‘ relative positions, text layout, and colors within the bounding box are 
consistent with the original screenshot, based on the user’s additional conditions.
Please use the same icons as in the original screenshot. Below is the code template 
to fill in:
<div>
your code here
</div>
Only return the code within the <div> and </div> tags."""}

user_instruction: dictionary for storing user-defined instructions for each region 
("header", "footer", "sidebar", "navigation", "main content").

Prompt for Generation

Figure 14: Prompt Templates.
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Figure 15: Failure Case Part 1: Input Design. The input features a non-standard layout with a skewed container
and rotated text.

Figure 16: Failure Case Part 2: Qwen2.5-VL (Baseline). The baseline suffers from spatial hallucination. It
prioritizes pixel matching via fragile absolute positioning, leading to Z-index errors and overlapping text.
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Figure 17: Failure Case Part 3: ScreenCoder (Ours). ScreenCoder simplifies the geometry to a standard
rectangular grid (Graceful Degradation). While it misses the artistic skew, it maintains structural integrity, generating
clean and valid code.
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