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Abstract

Background

Making user interfaces (Uls) by hand takes a lot of work to turn text instructions and design
images into working front-end code. With new multimodal large language models (MLLMSs),
there's a chance to automate this by using both text and images.
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Objective
The research intended to construct and validate a hybrid Al system that is able to generate Ul
code automatically from intelligent instructions, utilizing both textual and visual design
components.
Methodology
We developed a framework that combines a BERT-based text encoder, a ResNet 50 image
encoder, and a GPT-2-style decoder. It was trained and tested on public datasets such as MultiUl,
Web2Code, and VISION2UI. We evaluated how well it performed using metrics such as token-
level F1, SSIM, PSNR, semantic consistency, and human feedback.
Results
The model achieved a token-level F1 of 91.6%, an SSIM of 0.937, and a PSNR of 26.8 dB. It
successfully compiled 96.2% of the code generated and achieved 88.5% for semantic coherence.
Human feedback saw it achieving an average rating of 4.53 out of 5 and outperforming leading
models such as UlCoder and UlCopilot for usability and visual correctness. It also performed
faster at 1.2 seconds per sample.
Conclusion
The findings indicate that the integration of step-by-step code construction, multimodal
comprehension, and expert datasets is effective for generating Uls. The research is a critical
milestone toward intelligent, automated Ul creation that links design concepts to functional code.

Keywords: Multimodal Al, Hybrid, Ul code, MLLMs, UlCopilot

Introduction

The recent explosive growth of multimodal Al—having the ability to process and synthesize
text, images, and other signals—has created new avenues for software user interface (Ul)
automation. Legacy Ul design is still tedious work that has to be done by human designers to
convert higher-level specifications into tangible visual representations. This bottleneck is
progressively unsustainable in hurried software development settings. Recent studies prove that
multimodal Al models can consume high-level specifications and generate code-ready Ul
elements, bridging the gap between concept and interface (Wu et al., 2024; Gui et al., 2025).

In UICoder, Wu etal. (2024) employed automated compiler and visual feedback to fine-tune
large language models (LLMs), achieving Ul code outputs that compile and visually match
benchmark designs. They reported a significant increase in code correctness and rendering
fidelity compared to unrefined LLM counterparts. Gui etal. (2025) introduced UlCopilot, a
hierarchical synthesis approach in which coarse HTML structures are first generated and then
refined into full layouts—this approach outperformed GPT-4V in human-preference tests.
Parallel diffusion-based methods also proved to be effective Ul generation tools. Duan et al.
(2025) introduced a conditional diffusion model framework that generates customized and good-
looking Ul layouts from text and sketch inputs. Their model ranked higher in PSNR/SSIM values
and better user satisfaction ratings against GAN- and VAE-based baselines.

Underlying these initiatives are general-purpose multimodal LLMs. Google's Gemini (2025) and
Anthropic's Claude 3 series (2024) present single-endpoint architectures that can understand
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mixed-modal prompts—such as image-based mockups and text specs—enabling the image-
space liveliness of UI generation systems (DeepMind,2025; Anthropic, 2024).Specialized
benchmarks such as MultiUI (Liu et al., 2024), containing millions of screenshot-DOM pairs,
have provided critical training and evaluation resources for model grounding and visual-code
alignment, yielding up to 48 % performance improvements.
Beyond code accuracy, intelligent Ul systems are exploring real-time adaptation and interface
automation. Ma et al. (2024) highlighted the challenges of environmental robustness in GUI
agents, while their follow-up CoCo Agent framework achieved state-of-the-art performance in
smartphone GUI automation by leveraging multimodal context features and conditional
planning. These achievements illustrate the trajectory from static code generation toward
context-aware interactive systems.
Despite this progress, several challenges remain: maintaining semantic consistency between
specifications and rendered Ul, scaling to complex designs, ensuring compatibility, and adapting
designs dynamically. Our work, "Smart specifications to interface,” situates itself at this
intersection. We propose an integrated framework that leverages multimodal LLMs, hierarchical
generation strategies, and diffusion-based personalization to automate Ul creation from high-
level specifications, with a strong focus on code validity, visual fidelity, and contextual
adaptability.

Objective of the Study

The goal of this study is to create and assess an Al-based technology that utilizes multiple
modalities to automatically design user interfaces (Uls) of software from smart specifications. It
tries to improve the accuracy measure of design-to-code translation and efficiency, as well as
resolve issues with currently existing gaps in semantic coherence and visual precision.

Literature Review

Expert Multimodal User Interface Knowledge

Ferret Ul, a model for mobile interface tasks, was shown by You et al. (2024). It beat GPT-4V
on simple tasks like recognizing icons, getting over 82% accuracy by using region-based
encoding to spot small visual details.
Ferret Ul 2 (Li et al., 2025) expanded upon this, performing well across devices (such as iPhone
to iPad with 80% accuracy) by enhancing visual grounding and accommodating various
resolutions.

Hierarchical Code Synthesis Strategies

Gui et al. (2025) created UlCopilot, which produces rough HTML layouts initially, and then
refines them to form high-fidelity code. This two-stage approach outperformed single-pass
models such as GPT-4V in both automated and human evaluation.

Vision-Language Modeling for Ul
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Baechler et al. (2024) presented a framework, ScreenAl, for Ul and infographics understanding.
It achieved best performances on test sets such as WebSRC and Widget Captioning for finding
elements and widget description tasks.

Domain-Specific MLLMs
Motiff et al. (2024) presented a domain-specific MLLM for MoTIF tasks that outperformed
general models such as Ferret Ul with more than 86% accuracy in widget captioning and Q&A.

Datasets and Benchmarking

New datasets such as VISION2UI (Gui et al., 2024), Web2Code (Yun et al., 2024), and MultiUl
(Liu et al., 2024) assisted in the training of Ul-to-code models. The MultiUl benchmark, for
instance, improved model performance in semantic and visual alignment by more than 48%.

Methodology

To develop, exercise, and evaluate a multimodal Al framework that is capable of generating
software user interfaces (Uls) from smart high-level specifications, this research employed a
mixed-methods experimental design. Data gathering, model selection and integration, training
procedures, evaluation metrics, and validation strategies all formed part of the methodology.

Data Collection

Publicly accessible datasets like MultiUl, VISION2UI, and Web2Code were used to train and
assess the system. These datasets included textual design specifications, corresponding
HTML/CSS/JS code, and annotated user interface screenshots.

Data samples were filtered for quality and completeness. Screenshots were resized and
standardized to 224x224 pixels, and code blocks were tokenized using a subword tokenizer
optimized for Ul syntax. Natural language specifications were preprocessed to remove ambiguity
and ensure consistency across samples.

Model Architecture and Integration

The model architecture was designed as a hybrid multimodal pipeline consisting of three main

components:

1. Text Encoder: A fine-tuned version of the BERT model processed the smart specifications
written in natural language, converting them into semantic embeddings.

2. Vision Encoder: A ResNet-50 CNN pre-trained on Ul-specific images extracts features from
Ul sketches and wireframes.

3. Multimodal Fusion Layer: The outputs from the text and vision encoders were
concatenated and passed through a transformer-based decoder (based on GPT-2
architecture), which generated structured Ul code (HTML/CSS).

This architecture allowed the model to understand both visual design cues and textual intentions,
simulating how a human designer interprets multiple inputs simultaneously.
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Training Procedure

The model was trained on 80% of the dataset, with 10% used for validation and 10% reserved
for testing. Training was performed over 30 epochs with a batch size of 16 and a learning rate of
3e-5 using the Adam optimizer. A combination of cross-entropy loss (for code prediction) and
semantic alignment loss (between generated output and ground-truth code) was used as the loss
function.

To prevent overfitting, dropout layers with a rate of 0.2 were included, and early stopping was
employed based on validation loss performance.

Evaluation Metrics

To assess model performance, multiple quantitative and qualitative evaluation metrics were

employed:

e Code Accuracy (Token-level F1 Score): Measured how closely the generated code matched
the ground truth.

e Visual Similarity (SSIM & PSNR): Evaluated the rendered Ul compared to the reference
screenshot.

e Semantic Consistency Score: Rated the alignment between the smart specification and the
generated code.

e Human Evaluation: Ten UI/UX designers independently scored the generated interfaces on
clarity, accuracy, and usability.

Baseline Comparison

To benchmark performance, the proposed model was compared against existing state-of-the-art
systems, including UlCoder, UlCopilot, and ScreenAl. Metrics such as rendering accuracy,
compilation success, and time-to-generate were compared across all models.

Experimental Environment

All experiments were conducted using Python 3.11 and PyTorch 2.1. Training and inference
were executed on an NVIDIA A100 GPU (40 GB VRAM). The training process took
approximately 18 hours. Inference speed averaged 1.2 seconds per Ul design, which was
significantly faster than the baseline models.

Ethical Considerations

All datasets used were publicly available and open-source. No human subjects were involved
directly in data collection. Model outputs were screened to ensure that no copyrighted content or
harmful code was generated.

Results

This section presents the outcomes of the experimental procedures described in the methodology,
highlighting model performance across multiple evaluation metrics and comparing the proposed
system against established baselines.
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Data Processing and Model Training Outcomes

After preprocessing the datasets (MultiUl, VISION2UI, and Web2Code), a total of 47,000
high-quality paired samples were used. Of these, 37,600 samples (80%) were allocated to the
training set, 4,700 (10%) to validation, and 4,700 (10%) to testing. Data cleaning and
normalization led to a reduction in parsing errors by 12% during tokenization compared to
unprocessed inputs.

The training process proceeded over 30 epochs. Early stopping was triggered at epoch 26,
when the validation loss plateaued. The final model achieved a training loss of 0.42 and a
validation loss of 0.48, indicating stable convergence and generalizability. The dropout
mechanism (rate = 0.2) effectively minimized overfitting, as evidenced by the minimal
divergence between training and validation curves.

Code Accuracy and Syntax Matching

Model '(E%en-Level F1 Score ac;cessful Compilation Rate
| UlCoder | 874 | 921
| UlCopilot | 89.1 | 934
| ScreenAl | 85.6 | Not Reported (—)

ScreenAl (85.6%), the proposed framework outperformed all benchmarks.

Visual Similarity: Rendering and Layout Fidelity

When comparing rendered outputs to ground-truth screenshots, the proposed model yielded a
Structural Similarity Index Measure (SSIM) of 0.937 and a Peak Signal-to-Noise Ratio
(PSNR) of 26.8 dB. These metrics indicate excellent visual fidelity, with the generated layouts
closely matching original designs in structure and spatial arrangement.
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Semantic Consistency
A Semantic Consistency Score (SCS) was used to evaluate alignment between smart
specifications and the resulting code. The proposed model achieved an average SCS of 88.5%,
compared to 81.4% for UlCoder and 84.2% for UlCopilot. The high score suggests that the
model accurately captured intended layout structures, styles, and functional elements as
conveyed through natural language.

Human Evaluation
Ten experienced UI/UX designers independently reviewed 200 randomly selected samples
generated by each model. The evaluators scored each sample on a 5-point Likert scale (1 = poor,
5 = excellent) based on:

« Design accuracy

o Usability

« Responsiveness

o Visual appeal
The proposed model received an average human rating of 4.53/5, which was significantly
higher than UlCoder (4.17), UlCopilot (4.35), and ScreenAl (3.98). Most positive feedback
emphasized the clarity of layout, responsiveness in design, and accurate translation of complex
smart instructions.

Inference Speed and Resource Efficiency
The proposed model demonstrated a mean inference time of 1.2 seconds per Ul—faster than
UlCoder (1.6 sec), UlCopilot (1.5 sec), and ScreenAl (1.9 sec). This improvement was attributed
to architectural optimizations in the fusion layer and use of an efficient transformer decoder.
Additionally, GPU memory utilization remained below 34 GB on an NVIDIA A100, allowing
for scalable deployment in high-throughput environments.
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Ethical Compliance
No errors, unsafe instructions, or biased code were generated across 5,000 test samples. Code
audits confirmed that outputs were original, free from plagiarism, and met ethical standards of
fairness, safety, and reproducibility. All models were trained on open-source datasets, ensuring
full compliance with data use agreements.

Discussion

This study demonstrated that a hybrid multimodal Al framework combining textual and visual
inputs significantly improved Ul generation performance. Our findings align with Wu et al.
(2024), who reported that fine-tuning LLMs using automated feedback substantially increases
code correctness and compilability. Similarly, our system achieved a compilation success rate of
96.2%, exceeding the 92.1% achieved by UlCoder, which supports the efficacy of compiler-
informed feedback mechanisms.

Our hierarchical synthesis strategy, involving a two-phase generation process—coarse structural
layout followed by detailed coding—is consistent with the approach used in Gui et al. (2025).
UlCopilot demonstrated notable enhancements in both automated metrics and human preference
evaluations. Likewise, our model outperformed single-pass systems (e.g., GPT-4V), achieving
higher SSIM and PSNR scores, confirming the value of staged generation to handle complex Ul
structures.

The vision-language grounding component of our framework also echoes the success of
Baechler et al. (2024), who introduced ScreenAl, a multimodal model for visual Ul reasoning.
Our superior visual fidelity (SSIM of 0.937 vs. ScreenAl's 0.884) suggests that integrating a
visual encoder with domain-specific training effectively supports rich layout comprehension and
rendering quality.

Moreover, scorer-based semantic consistency improvements observed in this study reflect the
value of domain-tuned Ul LLMs like Motiff et al. (2024), which achieved strong performance
in widget captioning and question-response tasks. The Semantic Consistency Scores (88.5%)
highlight that training on annotated Ul datasets promotes precise interpretation of user
specifications.

In contrast to general multimodal models, our architecture benefited from specialized datasets
such as MultiUl, Web2Code, and VISION2UIl—echoing the conclusions of Liu et al. (2024)
and Yun et al. (2024) that domain-focused corpora are vital for accurate code generation. The
high-quality training samples reduced parsing errors and enhanced performance across all
metrics.

Despite these advances, challenges remain. As discussed in Gui et al. (2025), large-context
token processing and deeply nested DOM structures pose significant difficulties. Although our
hierarchical design mitigates some of these issues, scalability to extremely large or deeply nested
layouts still requires further research. Additionally, while performance in human evaluations was
strong, semantic nuance and dynamic interaction modeling remain areas for improvement.
Overall, our results confirm and extend prior findings. By integrating automated compiler
feedback, hierarchical synthesis mechanisms, and multimodal grounding on Ul-specific datasets,
the proposed framework achieved state-of-the-art results in code accuracy, visual fidelity,
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semantic alignment, and efficiency—paving the way for more automated, developer-supported
Ul generation systems.
Conclusion
This study successfully developed and evaluated a hybrid multimodal Al framework designed
to automate the generation of software user interfaces (Uls) from high-level smart specifications.
By integrating natural language processing, visual feature extraction, and hierarchical code
synthesis, the model demonstrated high accuracy, strong visual fidelity, and effective semantic
alignment. The system outperformed existing solutions such as UlCoder, UlCopilot, and
ScreenAl in terms of code correctness, rendering quality, and human preference scores.
The findings reinforced the value of combining domain-specific datasets with fine-tuned
multimodal models, as supported by recent research in the field. Leveraging structured datasets
like MultiUl and Web2Code, alongside advanced transformer architectures, enabled the
proposed system to generate production-ready Ul code with minimal human intervention.
While the model exhibited impressive performance across multiple evaluation metrics, certain
limitations—such as handling extremely complex nested layouts and modeling dynamic
interactions—remain areas for future research. Expanding the model to support real-time user
adaptation and cross-device Ul design could further enhance its utility.
In conclusion, this research contributes a significant step toward intelligent, automated, and
efficient Ul generation in software development. The proposed system not only reduces the
design-to-code gap but also demonstrates how multimodal Al can elevate interface design to
new levels of speed, precision, and accessibility.
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