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Abstract

With the rapid advancement of Generative AI
technology, Multimodal Large Language Mod-
els(MLLMs) have the potential to act as AI soft-
ware engineers capable of executing complex
web application development. Considering that
the model requires a confluence of multidimen-
sional sub-capabilities to address the challenges
of various development phases, constructing a
multi-view evaluation framework is crucial for
accurately guiding the enhancement of develop-
ment efficiency. However, existing benchmarks
usually fail to provide an assessment of sub-
capabilities and focus solely on webpage gener-
ation outcomes. In this work, we draw inspira-
tion from the principles of software engineering
and further propose WebUIBench, a benchmark
systematically designed to evaluate MLLMs
in four key areas: WebUI Perception, HTML
Programming, WebUI-HTML Understanding,
and WebUI-to-Code. WebUIBench comprises
21K high-quality question-answer pairs derived
from over 0.7K real-world websites. The ex-
tensive evaluation of 29 mainstream MLLMs
uncovers the skill characteristics and various
weakness that models encountered during the
development process.

1 Introduction

The emergence of Large Language Models(LLMs)
has rapidly reshaped the landscape of software en-
gineering. AI code generation (Chen et al., 2024a;
Shin and Nam, 2021; Dehaerne et al., 2022) evolves
from assisting developers to independently com-
pleting the entire development lifecycle (i.e., AI
software engineer). Automatic website develop-
ment is a challenging and widely discussed multi-
modal code generation scenario(Si et al., 2024; Yun
et al., 2024; Beltramelli, 2018): Multimodal Large
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Figure 1: Evaluation taxonomy of WebUIBench.

Language Models(MLLMs) are required to gener-
ate front-end code projects based on user-provided
WebUI images (WebUI-to-Code).

Recent works(Si et al., 2024; Yun et al., 2024;
Beltramelli, 2018) have evaluated MLLMs and
reached a consensus that MLLMs struggle to gen-
erate complex websites, revealing a significant
gap between solutions and practical applications.
Therefore, it is essential to identify the challenges
across various development stages and evaluate the
corresponding sub-capabilities of models. How-
ever, current benchmarks(Guo et al., 2024; Si et al.,
2024) typically focus on assessing the output qual-
ity of generated website (e.g., webpage elements
and layout) and mostly lack evaluation for sub-
capabilities. To address this issue, (Yun et al., 2024)
propose webpage understanding benchmark, but
they are restricted to only one type of sub-capability
and limited to the dataset quality annotated by
LLMs. Inspired by the main activities of software
engineering(Biolchini et al., 2005), we initially pro-
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pose a taxonomy for the capability evaluation of
sub-capability as depicted in Figure 1.

Our core idea is to align the evaluation criteria of
models’ capabilities with the task requirements of
software engineering. To this end, we propose the
following sub-capability evaluation dimensions: (i)
WebUI Perception: WebUI images serve as vi-
sual carriers of development requirements. The
fundamental skill of the model is to accurately per-
ceive the visual semantic information in the web-
page, including both text and images. (ii) HTML
Programming: During the software construction
phase, the model’s knowledge reservoir and pro-
gramming skills in front-end code are essential for
assisting or substituting developers for efficient
development. and (iii) WebUI-HTML Under-
standing: Post-software development, code testing
and adjustments are necessary to ensure require-
ment accuracy. This necessitates the model’s ability
to perform cross-modality reasoning between de-
sign images and code functionalities. Furthermore,
we draw from current leading MLLMs evaluation
benchmarks(Liu et al., 2025; Li et al., 2023; Yue
et al., 2024; Li et al., 2024) to design multiple sub-
tasks for each evaluation dimension, tailored to the
characteristics of web data. In summary, our main
contributions are three-fold:

• Construction of WebUIBench Dataset: The
raw data is collected from 5 categories of fre-
quently used real-world websites, including
719 complete webpage screenshots, source
code and fine-grained information of all page
elements. Based on this, WebUIBench con-
sists of 2,488 webpage slices and 21,793
question-answer pairs across 9 sub-tasks.

• Evaluation of Mainstream MLLMs: The eval-
uation process is conducted in 29 mainstream
MLLMs, including 22 open-source models
such as the InternVL2.5 series and the Qwen2-
VL series with parameters ranging from 2B
to 78B, and 7 closed-source MLLMs, such
as GPT-4o, Gemini-1.5 Pro, and Claude-3.5-
Sonnet.

• Analysis of Challenges: The primary conclu-
sion is that most MLLMs are not capable of
performing the complete front-end software
development process as effectively as humans.
The observed positive correlation between
sub-capabilities and WebUI-to-Code perfor-
mance validates our evaluation approach. It

also reveals that the primary challenge for cur-
rent MLLMs is to enhance and balance sub-
capabilities across different dimensions.

2 Taxonomy of Evaluation

Inspired by Web Application Development, our
benchmark evaluates WebUI-to-Code(Task9) ca-
pability, and three essential sub-capabilities: We-
bUI Perception, HTML Programming, and WebUI-
HTML Understanding. For WebUI-to-Code, we
provide two types of webpage: full webpage and
webpage slice. For sub-capability evaluation, we
designed various sub-tasks as follows:

2.1 WebUI Perception

Inspiration: The WebUI design is a visual rep-
resentation of Needs Analysis. WebUI Percep-
tion helps developers accurately grasp the require-
ments.

Task1. Element Classification. This task eval-
uates the model’s capability to identify elements
within webpage screenshots. The model must as-
certain the presence of specific element types or
combinations by fully understanding the screen-
shot.

Task2. Attribute Recognition. This task assesses
the model’s ability to discern detailed visual at-
tributes of webpage elements, including text and
background colors, font styles, and border styles.

Task3. Visual Grounding in Webpage. This task
assess the model’s capability to spatially locate el-
ements on a webpage. We developed two levels
of granularity for visual grounding tasks: (i) At a
coarse granularity, after evenly dividing the web
page into a grid, the model identifies the grid re-
gion number of the specified element; (ii) At a
fine granularity, the model accurately returns the
coordinates of the element’s bounding box.

Task4. OCR in Webpage. This task tests the
model’s proficiency in extracting text from web-
page screenshots. The model is required to detect
and extract text content from a designated area
framed by a red bounding box.

2.2 HTML Programming

Inspiration: The coding skills(e.g., HTML Pro-
gramming) of developers ensure efficiency and
stability throughout the Software Construction
lifecycle.
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(ii).<div style=height:50px>…</ div >
(iii).<img src=“rick.jpg”></img>
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A . 
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Question: 

Answer: [50,150,65,165]

Answer：

Answer：

<span style="float:right; height:160px;
width:120px">2024-1-8</span>

Answer: “Jeff Bridgforth A front-end developer…”

WebPage

Answer: Yes/No 

Page Slice

You are an expert in 
webpage development,
…
Please adhere to the 
following guidelines:
…
Output Requirements:

Prompt:Answer: [9,10]

T1. Element   Classification

T2. Attribute Recognition 

T3. Visual Grounding in Webpage

T4. OCR in Webpage

T5. Code Error Correction

T6. Code Function Editing

T7. Webpage-HTML Matching

T8. Webpage-HTML Retrieval

T9. WebUI-to-Code

Answer: rgb(10,121,78)

<span style="float:right">2024-1-8</span>

(i).<h1>Getest. Geperfectioneerd</h1>
(ii).<div style=“height:50px”>…</ div >
(iii).<img src=“rick.jpg” />

<div class=“”>
<img src=“”/>

</div>

Figure 2: Task examples in the WebUI benchmark, from the WebUI Perception, HTML Programming, and
WebUI-HTML Understanding and WebUI-to-Code task.

Task5. Code Error Correction. This task assesses
the model’s ability to correct syntax errors in front-
end code. The model needs to identify errors in
code snippets and return corrected versions.

Task6. Code Function Editing. This task eval-
uates the model’s capability to implement static
webpage functionalities through code. The model
must edit and adjust code snippets according to the
provided natural language instructions.

2.3 WebUI-HTML Understanding

Inspiration: Software Debugging aims at ensur-
ing consistency between the HTML code and the
WebUI, reducing functional deficiencies through
cross-modality understanding.

Task7. Webpage-HTML Matching. The model
determines whether the provided webpage screen-
shot and code snippet are correctly matched.

Task8. Webpage-HTML Retrieval. The model
selects the appropriate code snippet that corre-
sponds to the given webpage screenshot from a
selection of multiple snippets.

WebUI-HTML Understanding tasks directly sim-
ulate a critical prerequisite in debugging: develop-
ers must identify and locate relevant code sections

based on visual interface elements before fixing
bugs. MLLMs need cross-modally understand the
matching relationship between WebUI images and
HTML code ("MLLMs cannot directly use F12").

3 Dataset

3.1 Raw Data Collection

WebUIBench consists of 5 categories of websites
commonly visited by users: enterprise portals,
background management systems, personal blogs,
news sites, and e-commerce platforms. Firstly, we
gather 1K websites (0.2K websites for each cate-
gory) from the Internet. By using browser exten-
sion tools and manual collection, we collect the
source HTML code and screenshot of these web-
sites. Additionally, we extract detailed information
of webpage elements, including tag categories, text
content, CSS and spatial locations.

Quality Control. The incompletely or incorrectly
loaded website are firstly reviewed and removed
by human annotators . For excessively long pages,
often found in news sites and e-commerce plat-
forms categories due to repetitive elements, we
develop a page simplification algorithm to refactor
source HTML code. The algorithm can streamline
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Statistic Number

Total Website - HTML Code Samples 719
Total Question - Answer Samples 21793
Total Website Types 5
Total Task Types 9

Webpage Screenshots
⋄ Full page 719
⋄ Slice page 2488

Screenshot Resolution
⋄ Maximal 1800×6802
⋄ Minimal 1800×386
⋄ Average ≈1800×1235

Tokens of Question Captions
⋄ Maximal 3582
⋄ Minimal 42
⋄ Average ≈287

Average slices per site 3.46
Average QA samples per slice 10.68

Table 1: Key statistics of WebUIBench.

webpage elements and shorten page length while
ensuring the quality and diversity of elements. De-
tailed information about the algorithm is provided
in the Appendix A.3.

3.2 Question and Answer Pairs Collection

Users usually browse websites by scrolling up and
down, similar to viewing through a "sliding win-
dow." Inspired by this observation, webpage slice
is designed as the fundamental image data for con-
structing dataset. We segment the screenshot of
webpage into slices of varying sizes based on the
page layout and browser window size, ensuring
each slice is relatively independent and semanti-
cally complete. The detailed segmentation algo-
rithm is introduced in the Appendix A.3. While
collecting sliced screenshots, we also save the web-
page element information within the slices and cap-
ture the corresponding code snippets to support the
next step of the annotation process.

Automatic Labeling. We first design QA tem-
plates for each task mentioned in Section 2, in-
cluding question caption, options and answers. To
enhance the diversity and challenge of the evalu-
ation data, the QA templates for each task can be
transformed into various forms based on the de-
signed strategies (as shown in Appendix A.4). By
retrieving element information and code snippets,
QA templates are automatically filled as the com-
plete evaluation samples. To ensure the standards
and quality of the dataset, automatic labeling is
conducted in multiple batches. Each task within a
batch undergoes sampling inspection, and the gen-
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Figure 3: Question-Answer distribution of WebUIBench

eration process will be optimized until all sampled
data pass the inspection.

3.3 Dataset Statistics

For webpage data collection, our dataset consists of
719 full webpage and 2488 webpage slices from 5
categories, covering a variety of resolution modes.
We open-source the screenshot (.png files), source
HTML code (.html files), and element information
(.json files) for these webpage. Based on this, We-
bUIBench includes 21,793 question-answer pairs,
with an average of 10.68 question-answer pairs per
webpage screenshot. Table 1 shows key statistics
of dataset and Figure 3 shows the question-answer
pairs distribution across different evaluation dimen-
sions and tasks.

4 Metric

4.1 Automatic-metric Designs

Objective Question Scoring. For multiple-choice
tasks, we employ accuracy as the scoring metric.
For open-ended tasks such as OCR, the score is
given based on the text similarity between the gen-
erated string and the ground-truth string(character-
level Sørensen-Dice similarity). It is also important
to note that in code correction and code editing
tasks, the clarity of the questions and prompts en-
sures unambiguous answers. Therefore, we also
score these tasks by calculating the string similarity
between the generated HTML code and the stan-
dard answer. Additionally, for tasks involving the
identification of element color attributes, we use the
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Figure 4: Schematic diagram of fine-grained WebUI-to-Code task evaluation process.

CIEDE2000 color difference formula for scoring,
following (Luo et al., 2001).

WebUI-to-Code Task Scoring. Evaluation is ap-
proached from two levels of granularity:

Coarse-Grained Evaluation: This method involves
calculating the visual similarity between the orig-
inal webpage screenshot and the generated web-
page screenshot to assess the overall visual quality.
We utilize the visual pre-training backbone(e.g.,
CLIP(Radford et al., 2021)) to extract feature vec-
tors and compute the cosine similarity as a measure
of visual similarity.

Fine-Grained Evaluation: We separate the fine-
grained evaluation into element-level and layout-
level assessments as shown in Figure 4. The pro-
cess includes: (i) Simplifying and restructuring the
DOM tree of the webpage to preserve visual el-
ements; (ii) Conducting evaluations separately at
both the element and layout levels. The specific
evaluation details are as follows:

• DOM Tree Simplification: We parse the origi-
nal DOM tree to extract all elements related to
visual presentation, including images, text, in-
put fields, buttons, and areas with background
colors. This results in a filtered set of web-
page elements R = {r1, r2, . . . , rm}. Based
on the data preparation outlined in Section 3.1,
we gather corresponding information for each
element in the set.

• Element-Level Evaluation: Given the sets
of elements for the real and generated web-
pages, R = {r1, r2, . . . , rm} and G =
{g1, g2, . . . , gn}, we construct a cost matrix
based on the similarity of the text content of
the elements, as referenced in (Si et al., 2024).
The Hungarian algorithm is then used to find

Table 2: We evaluate the correlation between the rank-
ings produced by our evaluation framework and those
given by human experts. In our ablation study, we
conducted three groups of experiments: (i) removing
element-level evaluation (w/o Element), (ii) removing
layout-level evaluation (w/o Layout), and (iii) retaining
only the visual features from CLIP (CLIP).

Ours w/o Element w/o Layout CLIP

Human-1 0.83 0.75 0.81 0.76
Human-2 0.81 0.74 0.76 0.75
Human-3 0.85 0.78 0.81 0.78

Average 0.83 0.76 0.77 0.77

the optimal matching of elements. We evalu-
ate similarity metrics for successfully matched
elements from the real and generated web-
pages, includingtext content, font color and
background color.

• Layout-Level Evaluation: To maximize the
decoupling of element-level and layout-level
evaluations, we first remove content and style
attributes of elements from the original web-
page screenshot, preserving only size and spa-
tial location information. Servel color blocks
are used to distinguish elements of various tag
categories, resulting in a sketch image of the
webpage, as shown in Figure 4. We then use
visual pre-training backbone to extract visual
features from this sketch image, quantifying
the webpage layout information. Finally, we
evaluate the effectiveness of layout generation
by calculating the cosine similarity between
the visual features of the real and generated
webpage layouts.
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Table 3: Evalutaion results of different MLLMs on the WebUIBench testset. Bold entries represent the best perfor-
mance in each category and the underline entries represent the second-best performance. Task name: EC=Element
Classification, AP=Attribute Perception, VG=Visual Grounding, CEC=Code Error Correcting, CFE=Code Function
Editing, WHM=WebUI-HTML Matching, WHR=WebUI-HTML Retrieval, W2C=WebUI-to-Code.

Model Size EC OCR AP VG Avg. CEC CFE Avg. WHM WHR Avg. W2C
Closed Source Model
GPT-4o - 83.3 79.1 79.8 44.4 57.3 91.8 90.4 91.1 65.7 41.9 53.8 82.0
GPT-4o-mini - 42.4 72.9 70.8 38.9 45.0 92.0 90.7 91.4 50.1 46.4 48.2 74.9
Claude-3.5-Sonnet - 78.9 77.3 80.7 42.9 55.9 88.6 86.9 87.8 73.7 43.6 58.7 80.2
Gemini-1.5-pro - 63.9 76.8 70.3 26.1 47.4 87.7 84.8 86.2 65.0 47.0 56.0 80.0
Yi-Vision - 59.2 37.7 68.9 28.5 38.9 84.3 81.5 82.9 46.3 48.9 47.6 77.0
GLM-4v - 62.4 62.7 62.6 29.4 43.5 53.3 32.3 42.8 48.4 65.0 56.7 72.0
Step-1.5v-mini - 62.1 49.4 57.1 17.6 46.5 86.6 84.9 85.7 44.8 53.8 49.3 67.9
Open Source Model
Qwen2-VL 2B 28.2 49.6 54.4 39.9 34.4 16.2 15.6 15.9 24.7 29.8 27.2 62.1
InternVL2 2B 46.8 34.5 49.4 29.8 32.1 16.9 16.2 16.5 28.2 39.1 33.6 55.9
InternVL2.5 2B 43.8 45.5 41.6 37.8 33.7 61.9 56.5 59.2 31.0 58.7 44.8 55.9
Ovis1.6-Llama3.2 3B 64.8 45.4 51.4 38.6 40.0 35.6 50.8 43.2 18.5 37.4 27.9 65.9
InternVL2 4B 56.7 47.4 57.3 39.7 40.2 83.2 78.4 80.8 43.6 60.3 51.9 63.4
InternVL2.5 4B 56.1 50.6 55.8 36.3 39.8 92.1 86.9 89.5 71.7 58.6 65.2 63.6

Qwen2-VL 7B 78.3 76.1 67.3 16.1 47.6 41.9 69.9 55.9 55.9 36.2 46.1 65.8
InternVL2 8B 32.4 54.8 59.2 40.9 37.4 75.6 72.4 74.0 57.9 62.9 60.4 70.7
InternVL2.5 8B 26.0 47.5 60.2 42.4 35.3 83.8 84.1 83.9 75.4 62.9 69.1 71.9
MiniCPM-V-2.6 8B 49.9 54.7 54.5 23.3 36.5 66.2 62.3 64.2 21.6 34.7 28.1 70.4
Phi-3-vision 8B 62.9 16.4 57.3 40.5 35.5 58.1 44.5 51.3 25.7 36.7 31.2 56.0
Phi-3.5-vision 8B 12.2 3.8 53.7 29.4 19.8 67.9 45.2 56.6 25.4 35.4 30.4 53.5
Ovis1.6-Gemma2 9B 57.5 51.0 70.4 21.1 40.0 65.3 85.9 75.6 42.2 45.3 43.8 69.8

InternVL2 26B 31.1 65.0 65.4 35.3 39.4 80.8 82.3 81.6 52.7 55.0 53.8 67.6
InternVL2.5 26B 65.9 57.1 67.9 53.6 49.1 91.5 89.9 90.7 80.3 64.2 72.2 75.3
Ovsi1.6-Gemma2 27B 42.8 42.9 46.1 18.9 30.2 89.9 88.9 89.4 52.7 42.5 47.6 74.0
InternVL2.5 38B 36.1 55.9 49.5 40.5 36.5 92.4 90.5 91.5 89.7 65.9 77.9 74.6
InternVL2 40B 50.8 66.1 61.6 29.7 41.8 76.7 73.1 74.9 65.7 60.9 63.3 74.3

Qwen2-VL 72B 71.1 83.4 78.9 24.5 51.6 59.5 64.7 62.1 74.7 49.8 62.2 77.3
NVLM-D 72B 81.5 14.4 63.9 57.7 43.5 30.7 25.7 28.2 66.0 44.9 55.5 62.3
InternVL2 76B 42.3 71.3 66.0 39.3 43.8 83.5 86.1 84.8 61.9 57.8 59.9 74.9
InternVL2.5 78B 41.6 62.0 73.8 43.5 44.2 92.5 88.9 90.7 83.7 59.7 71.7 75.7

4.2 Human-centric Evaluations

We conduct an experiment to validate our evalu-
ation framework: we randomly select 100 sam-
ples from the WebUI-to-Code task, and invite
three front-end experts to rank the webpages gen-
erated by five models (GPT-4o, Qwen2-VL-72B,
InternVL2.5-26B, Internvl2.5-8B, Ovis-Gemma2-
3B). We calculate the correlation between human
rankings and our evaluation framework rankings.
Additionally, we conduct ablation experiments on
different evaluation dimensions of our framework.
The correlation results are as follows:

As shown in the Table 2, the strong correlation
(correlation>0.8) with human expert confirms
the validity and effectiveness of our evaluation
framework. Ablation experiment results also con-
firmed that adding element and layout dimensions
significantly improved the webpage similarity com-
parison.

5 Experiments

5.1 Models

We select both the latest and top-performing
MLLMs for evaluation, including closed-source
models: GPT-4o (Hurst et al., 2024), GPT-4o-mini,
Gemini-1.5-Pro-002(Team et al., 2024), Claude-
3.5-Sonnet(Anthropic), GLM-4V(GLM et al.,
2024), Yi-Vision(Young et al., 2024) and Step-
1.5v(ste); open-source models: InternVL2.5 se-
ries(Chen et al., 2024b), InternVL2 series(Chen
et al., 2024b), Qwen2-VL series(Wang et al., 2024),
Ovis-Gemma2 series(Lu et al., 2024), Phi-Vision
series(Abdin et al., 2024), NVLM-D-72B(Dai et al.,
2024) and MiniCPM-V-2.6(Yao et al., 2024). For
open-source models, all parameter sizes within the
same series are included in the evaluation process,
ranging from the smallest model at 2 billion param-
eters to the largest at 78 billion parameters.
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Answer:
Grid Number: [8,12]
Bounding Box: 
[1396,591,1619,629]

Question: Please give the area number and locate the object 
element with the text content of the [View All News >]

Bounding Box：
[890, 480, 1060, 520] Grid Number: [8]

Bounding Box：
[773, 490, 875, 527] Area Number: [8]

InternVL2.5-78BGPT-4o

Figure 5: Visual grounding task examples (GPT-4o and InternVL2.5-78B).
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Figure 6: Results of grid number prediction (coarse-
grained visual grounding)
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Figure 7: Results of bounding box prediction (fine-
grained visual grounding)

5.2 Main Results
As illustrated in Table 3, we report the performance
of all models across 9 tasks, with mean statistics
calculated across various evaluation dimensions.
To further provide a fine-grained evaluation and
insights into the models’ capabilities, we conduct a
detailed analysis of both quantitative statistics and
qualitative examples below.

5.2.1 Analysis of Capability Characteristics

The sub-capability assessment involves the results
of WebUI Perception, HTML Programming, and
WebUI-HTML Understanding (i.e., from Task1 to
Task8)

MLLMs exhibit personalized development ca-
pability advantages. For instance, Qwen2-VL
series models generally performs better on We-
bUI Perception dimensions, indicating proficiency
in addressing challenges from the visual modal-
ity. Conversely, InternVL2.5 series demonstrates a
more pronounced advantage in HTML program-
ming tasks. Overall, GPT-4o exhibits a more
comprehensive capability, yet remains weaker in
WebUI-HTML Understanding tasks compared to
the Claude-3.5-sonnet. This phenomenon indicates
that our proposed evaluation taxonomy can uncover
finer-grained differences between models, which is
beneficial for leveraging and enhancing personal-

ized capabilities.

Limitations of MLLMs in visual grounding task
on Webpage. A common weakness exhibited
by most MLLMs is their difficulty in perform-
ing visual grounding tasks, with predicting bound-
ing boxes being more challenging than predicting
grid numbers. Figure 5 shows a qualitative exam-
ple where GPT-4o and InternVL2.5-78B can par-
tially predict the area number of button locations
correctly. However, the prediction of bounding
boxes by both models completely deviated from
the groundtruth. We attribute this phenomenon
to the current MLLMs’ lack of pixel-level under-
standing(Peng et al., 2024), necessitating more fine-
grained annotation and training with webpage im-
ages.

MLLMs are poor at WebUI-HTML Under-
standing. Recalling results in Table 3, MLLMs
(e.g., parameters<40B) perform a random guess-
ing (i.e., score ≤ 50%) in Webpage-HTML Match-
ing task, and performance in Webpage-HTML Re-
trieval tasks is also relatively lower compared to
single-modality sub-tasks (e.g., HTML Program-
ming task). We hypothesize that this capability
deficiencies stems from the increased information
density in cross-modality reasoning scenarios and a
lack of high-quality WebUI-HTML matching train-
ing data.

15786



20 25 30 35 40 45 50 55
WebUI Perception Score (Avg.)

50

55

60

65

70

75

80

85

W
eb

U
I-

to
-C

od
e 

Sc
or

e

20 30 40 50 60 70 80 90
HTML Programming Score (Avg.)

50

55

60

65

70

75

80

W
eb

U
I-

to
-C

od
e 

Sc
or

e

30 40 50 60 70 80
WebUI-HTML Understanding Score (Avg.)

55

60

65

70

75

80

W
eb

U
I-

to
-C

od
e 

Sc
or

e

Figure 8: Positive correlations between WebUI-to-Code performance and sub-capability performance.

Table 4: The results of the instruction-following failure
rate and code compilation success rate for the small
MLLMs.

Model Size ♯Samples Accuracy

Instruction-Following Evaluation (↓)
InternVL2 4B 49 2.39%
InternVL2.5 4B 71 3.46%
InternVL2 2B 811 3.96%
Qwen2-VL 2B 1,085 5.17%
InternVL2.5 2B 1,393 6.81%
Ovis1.6-Llama3.2 3B 2,895 14.14%

HTML Code Compilation (↑)
Ovis1.6-Llama3.2 3B 823 62.37%
InternVL2 4B 504 38.23%
InternVL2.5 4B 247 18.74%
InternVL2.5 2B 239 18.13%
Qwen2-VL 2B 155 11.76%
InternVL2 2B 53 4.02%

5.2.2 Results for WebUI-to-Code Task

The more results of element-level and layout-level
evaluation are reported in Appendix.

Positive correlations between WebUI-to-Code
performance and personalized sub-capability.
As shown in Figure 8, the positive correlation in-
dicates that our evaluation taxonomy effectively
reveals the model’s WebUI-to-Code capabilities
across different sub-capability dimensions. We
can initially use this phenomenon to analyze and
explain the performance gap. For example, the
low competitiveness of NVLM-D-72B among 70B+
models may be due to its deficiency in HTML pro-
gramming capabilities (i.e, CEC Score is 30.7%
and CFE Score is 25.7%). It validates our idea of
evaluating sub-capabilities according to software
engineering principles.

Small MLLMs face increasing inference cost in
HTML generation. HTML typically describes

webpage content in long text form, posing chal-
lenges to the model’s inference process. As shown
in Table 4, although the outputs from the smaller
models generally passed the instruction-following
tests, the code content within the output often failed
to compile successfully. We notice that small mod-
els tend to output repetitive content or incomplete
code, affecting the proper closure of HTML tags.
It hinders their ability to perform generation tasks
well, despite having decent performance in some
sub-capabilities.

Visualization for qualitative examples. As
shown in Figure 9, we present the generation re-
sults of GPT-4o and QwenVL2-72B on complex
webpages. By observing and comparing visual dif-
ferences between generated webpage screenshots
and WebUI images, we observe some interesting
phenomena: (i)MLLMs demonstrates the ability
to recognize vertical layouts of pages but struggles
to identify and generate horizontal layouts. (ii)
MLLMs can count elements effectively, yet per-
forms poorly in generating the shapes and sizes
of these elements. (iii) As the content of the web-
page increases, these deficiencies become more
pronounced.

5.3 Explorations of Future Benchmarking

Front-end Frameworks Evaluation. We select
100 WebUI images and used the Qwen2-VL-7B
model to generate code, and setting whether to use
the Tailwind framework (a lightweight front-end
CSS framework) in the prompts. We present the
compilation success rate and the webpage genera-
tion quality as follows:

Using the Tailwind framework improve the
model’s coding efficiency and success rate (47%
to 92%), but unexpectedly, the quality of the gen-
erated webpages declined (0.718 to 0.697). Upon
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Groundtruth QwenVL2-72B GPT-4o

Figure 9: Examples of generated webpage by Qwen2-VL-72B and GPT4o on complex webpage and slices.
Compared to implementing the styling of webpage elements, webpage layout remains a huge challenge for MLLMs.

reviewing the code, we find syntax errors related
to the this framework and instances where Tail-
wind was mixed with raw HTML inconsistently.
This suggests that coding with Tailwind remains
challenging for MLLMs. Additionally, deficien-
cies in HTML Programming also impact webpage
generation quality, aligning with our findings on
NLVM-D-72B.

Dynamic Interaction Evaluation. A comprehen-
sive evaluation of JavaScript functionality is a ma-
jor challenge. To explore the model’s capabilities
in this area, we conducted a preliminary experiment
to verify our hypothesis regarding their limitations:
we designed 100 web development instructions re-
quiring complex interactive functions, including
form validation, event handling, and state manage-
ment. These instructions covered various scenarios,
from simple click events to complex data interac-
tions.

We then asked the leading models, Claude-3.7-
Sonnet and GPT-4o, to generate the required code.
Through manual interaction and testing, we ob-
served that the models’ success rate in complet-
ing these interactive functions was extremely low:
Claude scored 0.26, while GPT-4o scored 0.20.
These low scores confirm that current models sig-
nificantly under-perform in generating functional
JavaScript code.

5.4 Discussions of Solutions

In the front-end software development process, en-
gineers usually construct the page layout first and
then fill in the element information based on the
completed layout. However, it seems that MLLMs
internally couple the generation processes of both.
Although the generation process is a black box,
the similar rankings of MLLMs regarding element-
level and layout-level scores may support this ob-

servations. Intuitively, element-level and layout-
level information represent two types of patterns:
local fine-grained features and global spatial fea-
tures. Therefore, a reasonable hypothesis is that
generating element and layout features simultane-
ously may not fully leverage the model’s capabili-
ties.

The above and discussions may suggest a future
solution: decoupling webpage lay out and element
content generation into two steps, using methods
like multimodal chain-of-thought(Wei et al., 2022)
to incrementally generate webpages.

6 Conclusion

In this study, we introduce WebUIBench, a large-
scale and comprehensive benchmark designed to
evaluate the WebUI-to-Code capabilities of Mul-
timodal Large Language Models (MLLMs). We-
bUIBench comprises over 21K question-answer
pairs derived from more than 0.7K real-world web-
sites, encompassing 9 distinct subtasks. We con-
ducted extensive experiments on 7 state-of-the-
art closed-source and 22 prominent open-source
MLLMs. Our key findings highlight the models’
deficiencies in webpage generation tasks across
various dimensions, including cross-modality rea-
soning, element localization, and webpage layout
generation. This benchmark provides critical in-
sights and guidance for future research aimed at
improving webpage generation performance.
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Limitations

WebUIBench currently has the following limita-
tions: (i) Imbalanced Data Distribution Across Sub-
tasks: After manual and algorithmic filtering, some
evaluation dimensions have only a few question-
answer pairs remaining (e.g., the evaluation data
for font-style accounts for only 0.67%). In future
work, we plan to address this by collecting new
website data targeted at these missing categories.
(ii) Lack of Mobile Webpage Evaluation Datasets:
We have not yet constructed evaluation datasets for
mobile platforms (e.g., smartphones). Considering
that mobile web development is a prevalent task in
software engineering, we plan to supplement our
current data to include mobile evaluation datasets
and results. (iii) Absence of Page Functionality
Interaction Evaluation: In practical development,
both static page and dynamic interaction function-
alities need to be considered. In future work, it will
also be important to evaluate MLLMs in generating
interactive functionality code (e.g., JavaScript).
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A Appendix

A.1 Related Work
Before the advent of Large Language Mod-
els(LLMs), a series of works(Beltramelli, 2018;
Lee et al., 2023; Nguyen and Csallner, 2015;
Pix2code) have already begun exploring how to
convert webpage screenshots into HTML code.
With the development of Multimodel Large Lan-
guage Models(MLLMs), this field has seen the
emergence of several works aimed at evaluating
and addressing webpage code generation issues:
WebSight(Laurençon et al., 2024) introduced a
large-scale synthetic dataset to train models in
the code generation domain, but did not pro-
vide an evaluation dataset or methodology. De-
sign2Code(Si et al., 2024) was the first to systemat-
ically evaluate both open-source and closed-source
MLLMs using real webpage data. Web2Code(Yun
et al., 2024) proposed an evaluation task for web-
page understanding, expanding previous evaluation
frameworks and introducing a high-quality code
instruction dataset. IWBench(Guo et al., 2024) pre-
sented an evaluation method focused on webpage
layout and improved generation algorithms using
CoT.

Table 5: Comparison of WebUIBench with previous
works

Benchmark Source ♯Size Sub-cap.

Websight Synthetic 823K ✗
Pixel2Code Synthetic 1.7K ✗
Web2Code Synthetic 884.7k ✓
Design2Code Real-World 484 ✗
IWBench Real-World 1.2K ✗
WebUIBench(Ours) Real-World 21K ✓

A.2 Examples for Different Tasks
As shown in Figure 10 to 16 , we provide specific
examples for each evaluation task under the three
major capability dimensions to illustrate the sample
dataset.

A.3 Data Collection
Webpage Simplification Algorithm: In the col-
lected dataset of raw web pages, some pages are
overly long, particularly those from news or e-
commerce sites. These pages surpass the maximum
input length of current multimodal large models,
creating challenges for subsequent evaluations. Ad-
ditionally, these pages contain numerous redundant

and duplicate elements. To address this, we de-
veloped a web page simplification algorithm that
analyzes the DOM tree structure to identify and
remove redundant nodes, thereby facilitating more
effective evaluations. The specific process of the
web page simplification algorithm is shown in Alg
19.

Webpage Segmentation Algorithm: The web
page segmentation algorithm is designed to over-
come the input length limitations of large models.
By dividing web pages into multiple slices, we can
incrementally process and analyze web content, en-
suring each slice is manageable by the model. This
approach not only enhances the model’s processing
efficiency but also improves evaluation accuracy.
The process of the web page segmentation algo-
rithm is shown in Alg 20.

A.4 Automatic Labeling Strategy

Task 1: Element Classification We first use the
front-end code to determine whether the following
three types of tags and their combinations exist on
the web page: <input />, <button />, <img />. We
then construct them into correct options, such as
B. <img /> and <input />. At the same time, we
construct error interference options by permuting
and combining elements that do not exist on the
page; for example: A. <img /> and <button />, C.
<input /> and <button />, D. None of the above.

Task 2: Attribute Perception To prevent inter-
ference in the testing process from elements with
identical text content, we initially selected web
page elements with unique text. Using the element
IDs, we extracted the following four types of style
content from the CSS file to create question-answer
pairs.

• background-color We construct questions
and correct answers based on the RGB color
format requirements, such as rgb(19,25,36).

• color We construct questions and correct an-
swers based on the RGB color format require-
ments, such as rgb(19,25,36).

• font-style We construct the following
multiple-choice questions: A. Italic, B.
Oblique.

• border-radius We construct the following
multiple-choice questions: A. Rounded cor-
ners, B. Square corners.
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Figure 10: Samples of Element Classification.

Figure 11: Samples of Attribute Perception.

Figure 12: Samples of OCR in the Webpage.

Figure 13: Samples of Visual Grounding(fine granularity).
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Figure 14: Samples of Visual Grounding(coarse granularity).

Figure 15: Samples of Code Error Correction.

Figure 16: Samples of Code Function Editing.
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Task 3: Visual Grounding in the Webpage To
prevent interference in the testing process from ele-
ments with identical text content, we first selected
web page elements with unique text content. Next,
we retrieved the spatial position information of
these elements based on their IDs: [x1, y1, x2, y2].
Using this spatial information, we constructed two
types of visual grounding tasks. For the grid local-
ization task, we divided the webpage screenshot
into a 4x4 grid and automatically calculated the
grid numbers occupied by the elements based on
their coordinates.

Task4: OCR in the Webpage To prevent inter-
ference in the testing process from elements with
identical text content, we first selected web page
elements with unique text. Next, we sorted all text
by length and chose short, medium, and long texts
to construct question-answer pairs. Finally, using
the elements’ coordinate information, we drew red
borders on the corresponding webpage screenshots
to guide the model in performing OCR tasks.

Task 5: Code Error Correction To construct
correction samples, we designed various code cor-
ruption methods based on real web element code
to ensure diversity in error types, comprehensively
covering common front-end code errors. The spe-
cific methods are as follows:

• Missing Closing Tag. Description: Missing
a closing tag, resulting in incomplete web ele-
ments. Method: Delete the closing tag of real
web elements to generate error samples.

• Incorrect Character Escaping. Description:
Certain characters need escaping; otherwise,
they interfere with HTML parsing. Method:
Insert random special symbols such as &, <, >
into element text to create escaping errors.

• Tag Spelling Error. Description: Tag name
spelling error, such as writing <p> as <p1>.
Method: Randomly modify the end tag by
adding erroneous characters.

• Attribute Syntax Error. Description: At-
tribute values not enclosed in quotes, causing
syntax errors. Method: Remove quotes from
page element attribute values.

• Attribute Spelling Error. Description: At-
tribute name spelling error, such as writing
class as clbss, possibly causing style loss.

Method: Replace some attribute names of ele-
ments with misspelled versions.

• Erroneous Addition of Tags. Description:
Adding a closing tag to tags that do not require
one (e.g., <img />, <input />). Method: Add
erroneous "closing tags" to these tag types.

For each real web element, one of the above
methods is randomly selected with equal probabil-
ity to corrupt the code, producing erroneous ele-
ment code, with the original web code serving as
ground truth. This approach generates a large and
diverse set of correction samples, aiding in a com-
prehensive evaluation of MLLM’s ability to correct
various front-end code errors.

Task 6: Code Function Editing. Similarly,
based on real web elements, we construct code edit-
ing instructions and edited web element code. To
cover various common code editing scenarios, we
have also designed multiple editing methods. The
specific editing methods are described as follows:

• Modify Element Attributes. (i) Randomly
select an existing attribute of an element to
modify, such as class, id, href, etc, and(ii)
Generate random values for the selected at-
tribute and replace it.

• Modify Element Text. Uniformly modify the
text content of elements (if any) to a place-
holder: Replace the first text child node of
the element (if any) with "This is a text place-
holder."

• Add or Modify Element Style. Modify or
add style attributes of elements, such as height
and background-color: If the attribute exists,
modify its value; otherwise, append a new
style definition in the style attribute.

• Add or Delete Child Nodes. (i) Randomly
delete a child node (if any) or (ii) Insert a new
child node into the element, randomly set the
tag and attributes of the child node, and set its
text content to "this is a new node."

For each real web element, one of the above
editing methods is randomly selected with equal
probability to edit the original code, resulting in
edited code (as ground truth) and specific editing
methods (as editing instructions for MLLM). This
approach generates a large and diverse set of code
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Table 6: Evalutaion results of WebUI-to-Code at element and layout level. Dimensions name: CCSR=Code Compile
Success Rate, TS=Text Similarity, CS=Color Similarity, BCS=Background Color Similarity, CGE=Coarse-Grained
Evaluation

Model Size CCSR TS CS BCS Layout CGE
Closed Source Model
GPT-4o - 95.8 73.6 72.1 81.1 89.2 81.7
GPT-4o-mini - 99.0 59.8 53.3 66.7 86.4 76.8
Cluad-3.5-Sonnet - 85.2 72.9 70.4 79.6 88.7 81.1
Gemini-1.5-pro - 96.7 73.7 67.9 80.5 87.8 78.8
Yi-Vision - 96.1 61.4 61.1 72.8 86.5 78.4
GLM-4v - 77.5 58.9 55.6 68.4 85.5 74.8
Step-1.5v-mini - 62.3 51.4 59.1 73.5 85.5 75.4
Open Source Model
Qwen2-VL 2B 11.8 51.8 54.2 79.7 83.8 68.0
InternVL2 2B 4.0 48.5 29.7 60.3 80.9 67.0
InternVL2.5 2B 18.1 47.9 39.3 55.9 84.0 62.7
Ovis1.6-Llama3.2 3B 62.4 57.5 45.7 67.5 83.2 68.6
InternVL2 4B 38.2 56.6 47.1 64.9 83.2 68.6
InternVL2.5 4B 18.7 50.8 46.6 64.5 84.7 74.2

Qwen2-VL 7B 47.3 54.1 49.2 64.3 84.6 71.8
InternVL2 8B 81.5 62.8 51.3 70.7 84.1 71.2
InternVL2.5 8B 95.3 58.8 49.7 63.5 84.3 73.4
MiniCPM-V-2.6 8B 90.9 58.0 46.6 64.7 85.0 71.9
Phi-3-vision 8B 60.5 23.7 29.8 41.8 82.1 64.5
Phi-3.5-vision 8B 53.6 21.7 27.3 38.6 81.1 62.5
Ovis1.6-Gemma2 9B 60.3 58.5 52.5 69.2 85.8 74.4

InternVL2 26B 75.0 57.7 48.3 64.0 84.3 69.4
InternVL2.5 26B 91.6 58.9 63.5 69.1 84.9 76.9
Ovsi1.6-Gemma2 27B 80.8 62.7 58.4 72.4 85.7 76.1
InternVL2.5 38B 86.6 59.2 57.9 72.7 87.3 76.5
InternVL2 40B 84.6 67.5 57.7 76.7 85.9 74.1

Qwen2-VL 72B 83.7 69.5 61.5 74.8 88.2 79.2
NVLM-D 72B 23.7 52.8 45.8 70.1 83.9 69.4
InternVL2 76B 94.9 63.3 55.7 71.7 86.6 75.3
InternVL2.5 78B 85.4 65.6 59.8 74.5 86.9 77.0

editing samples, aiding in a comprehensive evalu-
ation of MLLM’s ability to modify web element
code based on diverse editing instructions.

Task 7: Webpage-HTML Matching We first
matched the corresponding HTML code snippets
using the ID set of all elements in the webpage
slices. Next, we randomly chose, with equal prob-
ability, whether to alter the correct code snippets.
For the modification, we selected the code of an
element from another slice of the same webpage to
replace one element’s code in the correct snippet.

Task 8: Webpage-HTML Retrieval We first
matched the corresponding HTML code using the
ID set of all elements in the webpage slices and
used it as the correct option. For the incorrect
options, we randomly selected elements and their
corresponding code snippets from other slices on
the same website, replacing parts of the correct
option’s code at different levels. We chose to re-
place 1, 2, or 3 elements to construct three incorrect

options.

A.5 More Results
We show more detailed experimental results of all
models at the element level and layout level in Ta-
ble 6. At the element level, we supplement the eval-
uation results at different fine-grained dimensions,
including text content, font color and background
color.

Figure 17 shows the generation effects of more
models on webpage slices and full webpages. We
selected the top-2 models of open source and closed
source models for display. It can be seen that as the
complexity of web page content increases, the gen-
eration effect of the model gradually deteriorates.
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Algorithm 1: Simplify DOM Tree
Input: Original DOM tree T ;similarity threshold δ
Output: Simplified DOM tree T ′

1 begin
2 Initialize T ′ as a copy of T ;
3 Group child nodes by TagName;
4 foreach group of child nodes do
5 foreach pair of nodes (n1, n2) in the group do
6 Split ClassName of n1 and n2 into list S1 and S2;
7 Calculate Dice similarity: Dice← 2×|S1∩S2|

|S1|+|S2|
8 if Dice similarity δ then
9 Group n1 and n2 together;

10 end
11 end
12 if group size ≤ 5 or all nodes have similar heights then
13 Retain all nodes in the group;
14 end
15 else
16 Sort nodes by bottom height in ascending order and retain the top 50%;
17 end
18 end
19 end
20 return Simplified DOM tree T ′

Algorithm 2: Webpage Slices Generation
Input: Webpage Screenshots, slice height Hs; minimum slice height Hmin; webpage height Hpage

1 ; Element coordination set S ← {[x11, y11, x12, y12], ...[xn1 , yn1 , xn2 , yn2 ]}
Output: List of webpage slices

2 begin
3 Initialize slice top boundary Ht ← 0 and slice bottom boundary Hb ← Hs;
4 while Hb < Hpage do
5 Filter the elements which y2 > Hb and y1 < Hb;
6 ymax ← calculate the maximum value of set y2;
7 if Hpage − ymax ≤ Hmin then
8 ymax ← Hpage;
9 end

10 Retrieve element IDs and save webpage slice between Ht and ymax;
11 Ht ← ymax;
12 Hb ← ymax +Hs;
13 if Hb > Hpage then
14 Retrieve element IDs and save webpage slice between Ht and Hpage;
15 break;
16 end
17 end
18 return All webpage slices, element IDs;
19 end
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Groundtruth QwenVL2-72B GPT-4oClaude-SonnetInternVL2.5-78B

Figure 17: Comparison of webpage generation effects by different models on complex webpages and slices.
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