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Abstract

Web applications (web apps) have become a
key arena for large language models (LLMs)
to demonstrate their code generation capabili-
ties and commercial potential. However, build-
ing a benchmark for LLM-generated web apps
remains challenging due to the need for real-
world user requirements, generalized evalua-
tion metrics without relying on ground-truth
implementations or test cases, and interpretable
evaluation results. To address these challenges,
we introduce WebCoderBench, the first real-
world, generalized, and interpretable bench-
mark for web app generation. WebCoderBench
comprises 1,572 real user requirements, cover-
ing diverse modalities and expression styles
that reflect realistic user intentions. Web-
CoderBench provides 24 fine-grained evalua-
tion metrics across 9 perspectives, combining
the rule-based and LLM-as-a-judge paradigms
for fully automated, objective, and general eval-
uation. Moreover, WebCoderBench adopts
human-preference-aligned weights over met-
rics to yield interpretable overall scores. Ex-
periments across 12 representative LLMs and
2 LLM-based agents show that there exists no
dominant model across all evaluation metrics,
offering an opportunity for LLM developers to
optimize their models in a targeted manner for
a more powerful version.

1 Introduction

Web applications (web apps), leveraging their
standardized, lightweight, cross-platform charac-
teristics and vast customization ecosystem, have
emerged as a key battleground for large language
models (LLMs) to capitalize on their commercial
potential. In industrial scenarios, LLMs take user
requirements as input and automatically generate
the code of the corresponding web app as output.

“Equal contribution.

For these LLMs, a real-world, generalized, and in-
terpretable benchmark not only facilitates objective
understanding of their capabilities but also provides
critical direction for subsequent optimization.

Benchmarking LLM-generated web apps de-
mands substantial manual effort and specialized
design to address three key challenges. First, the
dataset of the benchmark should be collected from
real-world user requirements (authenticity). Due
to the various backgrounds, users can describe their
requirements in different styles and expect web
apps of diverse complexities and specialization. It
is necessary to keep the authentic user requirements
to reflect real usage. Second, the evaluation met-
rics of the benchmark should be general to accom-
modate the open-ended nature of natural-language
instructions (generality). Real-world requirements
are often vague and can be satisfied through mul-
tiple implementations and designs, making it im-
practical to rely on fixed ground-truth implemen-
tations or test cases. Third, the evaluation results
produced by the benchmark should both align with
user preferences and provide interpretable insights
(interpretability). User satisfaction with web apps
is inherently multi-dimensional, shaped by diverse
preferences that correspond to different LLM ca-
pabilities. Hence, fine-grained and interpretable
evaluation outcomes are essential for comprehen-
sive analysis and targeted improvement.

Existing benchmarks for evaluating LLMs on
web app generation fall into three main categories,
each facing limitations in addressing the aforemen-
tioned challenges. First, synthetic benchmarks (Lu
et al., 2025; Sun et al., 2025; Zhu et al., 2025; Xu
et al., 2025; Zhang et al., 2025) construct datasets
using LLM-generated or expert-written natural lan-
guage requirements, failing to capture the diver-
sity and authenticity of real-world user expres-
sions. Second, reference-based benchmarks (Bel-
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quire LLMs to reproduce web apps from provided
screenshots or sketches, thus lacking the generality
needed to evaluate open-ended user requirements.
Third, arena-style benchmarks (LMArena.ai, 2025;
Xiao et al., 2025) collect real-world user require-
ments and rank LLMs through large-scale human
voting in blind evaluations (Chiang et al., 2024).
While these results align with human preferences,
such benchmarks depend heavily on manual anno-
tations and fail to deliver fine-grained, quantitative
evaluations for a deep analysis.

To fill this gap, we propose WebCoderBench,
the first real-world, generalized, and interpretable
benchmark offering comprehensive and automated
evaluation metrics for LLM-based web app gen-
eration. For authenticity, WebCoderBench con-
tains 1,572 real-world user requirements collected
from an online LLM service of our industrial part-
ner. The collected requirements span multiple
modalities and cover a wide range of expression
styles, from precise to ambiguous and from tech-
nical to colloquial, corresponding to expected web
app artifacts of varying complexity, faithfully cap-
turing the expressions of real users. For gener-
ality, WebCoderBench provides 24 fine-grained
evaluation metrics across 9 perspectives, combin-
ing rule-based metrics with the LL.M-as-a-judge
paradigm to achieve fully automated and objective
evaluation without relying on ground-truth imple-
mentations or test cases. For interpretability, We-
bCoderBench not only reports scores of individual
metrics, but also leverages user-preference-based
weights across metrics to derive an overall score
that aligns with real-world user priorities, provid-
ing both quantitative and human-aligned insights.

Experiments across 12 representative LLMs and
2 LLM-based agents demonstrate that WebCoder-
Bench provides interpretable and human-aligned
evaluations of web app generation. The results
reveal users’ varying preferences across different
perspectives of web app quality and uncover the
strengths and weaknesses of existing models in de-
tail, offering actionable insights for improvement.
Notably, even the most advanced LLMs fail to
achieve the highest scores across all 24 metrics.

In summary, this paper makes the following
main contributions:

* We present WebCoderBench, the first bench-
mark that enables comprehensive, inter-
pretable, and automated evaluation for web
app generation.

* We build a dataset of 1,572 real user require-
ments, faithfully capturing real-world usage.

* We design 24 fine-grained evaluation metrics
spanning 9 perspectives, integrating the rule-
based and LL.M-as-a-judge paradigms, with
human-preference-based weighting for inter-
pretability and fairness.

* We evaluate 12 representative LLMs and 2
LLM-based agents on our benchmark. The
results show that WebCoderBench can pro-
vide interpretable results for targeted improve-
ments of existing LLMs. Our results are pub-
licly available'.

2 Related Work

This section first introduces LLM-driven systems
capable of generating web apps, and then lists
benchmarks for evaluating their capabilities.

2.1 LLM-Driven Systems for Web App
Generation

LLM-driven systems for web app generation
mainly fall into three categories. The first category
is foundation models, including general-purpose
models (e.g., GPT5 (OpenAl, 2025), Claude (An-
thropic, 2025b), Gemini (Team et al., 2023),
DeepSeek (Liu et al., 2024), Qwen (Yang et al.,
2025), Doubao (ByteDance, 2025a)) and code-
specialized models (e.g., DeepSeek-Coder (Guo
et al., 2024), Qwen-Coder (Hui et al., 2024), Star-
Coder (Li et al., 2023)). These models serve
as the core reasoning engines, capable of multi-
language code synthesis, long-context reasoning,
and supporting iterative repairs via execution feed-
back. The second category is IDE/CLI-centric
coding agents (e.g., Cursor (Anysphere, 2025),
Trae (ByteDance, 2025c), Windsurf (Windsurf,
2025), and Claude Code (Anthropic, 2025a)).
These agents support manipulating local projects
through project bootstrapping, dependency resolu-
tion, multi-file editing, and command-line tool con-
trol. The third category is chat-based coding agents
(e.g., Manus (Manus, 2025), MiniMax agent (Mini-
Max, 2025a), Doubao Coding (ByteDance, 2025b),
and Lovable (Lovable, 2025)). These agents pro-
vide an accessible conversational interface to trans-
late natural language requirements directly into

1ht’cps: //huggingface.co/spaces/CompileError/
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web applications, often utilizing cloud-based sand-
boxes for instant rendering and deployment without
requiring local environment setup.

2.2 Benchmarks for Web App Generation

Web app generation has long been an active
research topic. Since the pioneering work of
pix2code (Beltramelli, 2018), a large body of
benchmarks and datasets (Bhathal and Gupta, 2025;
Vu et al., 2025; Li et al., 2024; Gui et al., 2024,
Yun et al., 2024; Gui et al., 2025) has focused on
generating web apps from screenshots or sketches.
These approaches typically conduct evaluation by
comparing the generated web app code or rendered
screenshots against the corresponding ground-truth
code or original screenshots.

In recent years, the emergence of LLMs has
greatly lowered the barrier to web app generation,
enabling users to create customized applications
through natural-language or multi-modal require-
ments. However, as summarized in Table 1, ex-
isting benchmarks fall short of addressing the full
spectrum of the three challenges in this domain.
First, some benchmarks rely on LLM-generated or
expert-curated requirements, failing to capture the
authenticity and diversity of real user behavior. Sec-
ond, some benchmarks depend on predefined test
cases or ground-truth code for evaluation. Third,
some benchmarks are not fully automated, heavily
relying on manual labeling.

3 Dataset

WebCoderBench includes 1,572 real-world user re-
quirements across 20 application categories. Of
these requirements, 1,413 are text-only, 123 in-
clude images, and 36 include URLs as additional
resources. In terms of clarity, 78 requirements are
vague, 730 are intermediate, and 764 are clear. We
further divide these 1,572 requirements into five
complexity levels with 179, 433, 658, 259, and
43 samples from simple to complex, respectively.
Overall, the dataset exhibits sufficient diversity to
represent real-world user requirements.

3.1 Data Collection

The data collection pipeline of WebCoderBench is
illustrated in Figure 1. We construct the original
dataset by collecting one week of anonymized and
filtered real-world online data from our industrial
partner and randomly sampling 5,000 user require-
ments.

Anonymized
Online Dataset

% Num: 5,000

Single-turn
Dataset

% Num: 5,000
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Figure 1: The dataset construction process of WebCoder-
Bench.

Requirement: Create a Pomodoro timer application with a minimalist design
that plays a sound when the timer finishes.
Visual style: Use #B52B2D (tomato red) as the primary color
and #F9F9FS (light yellow) as the background color.
Functional ground-truth: ["Set timer duration", "Start timer", "Pause timer",
"Reset timer", "Play sound when timer ends"]
Visual ground-truth: ["Minimalist design", "Primary color #B52B2D (tomato
red)", "Background color #F9F9F5 (light yellow)"]
Content ground-truth: ["The sound to play when timer ends"]

Figure 2: An example user requirement with its corre-
sponding ground-truth checklists.

First, to reduce bias caused by revision turns
that depend on specific model outputs in multi-turn
requirements, we merge multi-turn requirements
into single-turn ones by human experts assisted by
an LLM (Gemini-2.5-pro). Manual revisions are
made to ensure fluency and content anonymization.

Next, three human experts review each require-
ment to remove those that are incomprehensible,
lack supplementary materials (e.g., images), or
are inapplicable to native HTML scenarios. We
further conduct text-level and semantic-level de-
duplication using MinHash (Broder, 1997) and
MiniLM (Wang et al., 2020) semantic embeddings,
following the practice of ArtifactsBench (Zhang
et al., 2025). The filtered dataset retains 1,572 re-
quirements.

Finally, to enable objective evaluation, we estab-
lish ground-truth checklists for each requirement
across three dimensions: functionality, visual de-
sign, and content. We adopt three LLMs (GPT-
5-Chat-2025-08-07, Gemini-2.5-pro, and Doubao-
Seed-1.6) to infer ground-truth checklists for each
dimension. After that, human experts merge and
validate the outputs to produce the final ground-
truth checklists. Figure 2 shows an example user
requirement with its corresponding ground-truth
checklists. The checklists comprise only high-level
and minimal requirement points that the web app
artifact should satisfy.
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Table 1: Comparison with existing related benchmarks.

Benchmark Modal Sample Source Automated Metrics Ground Truth
WebGen-Bench (Lu et al., 2025) Text 101 LLM + human experts Yes LLM as a judge + test case execution Test cases
FullFront (Sun et al., 2025) Text + Image 1,800 LLM Yes Code & visual similarity + LLM as a judge Code + Images
FrontendBench (Zhu et al., 2025) Text 148 LLM Yes Test case execution Test cases
‘Web-Bench (Xu et al., 2025) Text 100 Human experts Yes Test case execution Test cases
WebDev Arena (LMArena.ai, 2025) Text 10,501 Real user requirements No Pairwise manual labeling
Design Arena (Arena, 2025) Text Real user requirements Pairwise manual labeling

Checklist
Checklist

Text 1,825
Text + Image + URL 1,572

ArtifactsBench (Zhang et al., 2025)
WebCoderBench (ours)

LLM + human experts
Real user requirements

LLM as a judge
(Rule-based + LLM as a judge) * preference

Table 2: Dataset statistics of WebCoderBench.

Type Number Type Number
Application Category Clarity of Requirement

- Al-powered 74 - Clear 764
- BBS 6 - Intermediate 730
- Corporate Website 41 - Vague 78
- Data Visualization 59 Style of Expression

- E-commerce 40 - Technical 683
- Enterprise Backend 116 - Colloquial 724
- Entertainment 435 - Role-playing 60
- Fintech 32 - Analogy 105
- Health Care 14 Artifact Complexity

- IoT Interface 10 - Highly Simple 179
- Multimedia 34 - Simple 433
- News Media 5 - Medium 658
- Online Education 131 - Complex 259
- Online Office Suite 3 - Highly Complex 43
- Personal Webite 49 Input Modality

- Public Service 27 - Text Only 1,413
- Scientific Demo 69 - Text with Images 123
- Social Media 13 - Text with URLs 36
- Tourism 10

- Utility Website 404

3.2 Dataset Statistics

We perform detailed and multi-dimensional classi-
fications of each requirement to enable an in-depth
analysis of the characteristics and distribution of
the dataset. The results are shown in Table 2, with
all tags manually labeled by human experts assisted
by an LLM (Gemini-2.5-pro).

In terms of application category, WebCoder-
Bench covers a wide range of web apps, includ-
ing Utility Websites (404 requirements), Entertain-
ment (435), and Online Education (131), which
together account for the majority of the samples,
reflecting the diversity of real-world web scenar-
ios. Less frequent but important categories, such
as Al-powered, Fintech, and Scientific Demo, are
also included, showing the variety of the dataset.

Regarding clarity, most requirements are clear
(764) or intermediate (730), while only a small
portion (78) are vague, showing that our dataset
primarily focuses on interpretable and executable
tasks, but also retains challenging tasks for LLMs
to explore. The style of expression dimension indi-

cates that both technical (683) and colloquial (724)
descriptions are prevalent, capturing different lev-
els of formality in user expression, with occasional
role-playing (60) and analogy-based (105) require-
ments adding linguistic diversity.

The artifact complexity dimension spans from
highly simple to highly complex outputs, with most
samples falling into medium (658) and simple (433)
levels, showing balanced difficulty for model eval-
uation. In terms of input modality, our dataset
mainly includes text-only requirements (1,413),
complemented by text with images (123) and text
with URLs (36), allowing evaluation of both uni-
modal and multi-modal understanding abilities. It
is worth noting that, unlike the task of generat-
ing code from screenshots (Beltramelli, 2018; Gui
et al., 2025), our user requirements can include im-
ages and URLs that are intended to serve as page
content rather than as reference designs.

In terms of length statistics, the shortest require-
ment in our dataset contains 3 characters, while the
longest contains 16,198 characters, with an aver-
age length of 313.74 characters. Measured using
the GPT-5 (OpenAl, 2025) tokenizer, the shortest
requirement contains 3 tokens, the longest 9,235
tokens, and the average length is 202.31 tokens.

In summary, these statistics show that our dataset
covers a wide variety of web app types, styles, and
complexities, making it promising for evaluating
LLMs in web app generation.

4 Evaluation Metrics

To comprehensively assess the quality of web
app artifacts generated by LLMs, we design a
set of evaluation metrics from multiple perspec-
tives. Inspired by practices in the text-to-image
domain (Hartwig et al., 2025), our evaluation con-
siders two major aspects: general quality and align-
ment quality. These aspects are further divided
into nine perspectives encompassing 24 detailed
evaluation metrics, jointly providing a comprehen-
sive assessment. The metrics are defined based on
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Table 3: The evaluation metrics used in WebCoder-
Bench, with rule-based metrics in white background,
while metrics using the LLM-as-a-judge paradigm are
shaded in gray. The “Input” and “Render” columns in-
dicate the input modality (S: screenshot; C: code) of
each evaluation metric and whether it requires page
rendering.

Aspects Perspectives ID + Evaluation Metrics Input Render

1. General Functionality Correctness C
2. Best Practices

3. Error Handling

4. Runtime Console Errors

5. Static Syntax Checking (Linting)

Code Quality

6. General Visual Experience

7. Component Style Consistency
8. Icon Style Consistency

9. Layout Consistency

10. Layout Sparsity

11. Visual Harmony Degree

Visual Quality

General

Quality
Content Quality

12. Copywriting Quality
13. Media Quality

14. Placeholder Quality
15. Resource Validity

Performance Quality 16. General Performance

17. Accessibility Core Metrics

Accessibility 18. Cross-Browser Compatibility
19. Mobile Device Compatibility
Maintainability 20. Code Redundancy Rate

21. Comment Rate

Functional Alignment 22. Functional Alignment

Alignment Visual Alignment  23. Visual Alignment

Aalalalanlocaalalcana|lvvwvwannlannan
R IR IR N R N N N O O VN I N N N NI N R PR OO N

Quality Content Alignment  24. Content Alignment

public standards (e.g., Google Lighthouse (Google,
2025), Lint (Hint, 2025; Stylelint, 2025; ESLint,
2025), W3C design principles (Consortium, 2025))
and internal guidelines from our industrial partner
(e.g., visual design and copywriting standards). All
the metrics are listed in Table 3, with detailed in-
formation provided in Appendix A. Each metric
produces a quantitative score ranging from 0 to 100,
where a higher score indicates higher quality.

4.1 General Quality

General quality measures the overall quality of the
generated web app, regardless of the specific user
requirement. We evaluate general quality from
six distinct perspectives, using a combination of
automated rule-based metrics and the LLM-as-a-
judge paradigm (with Gemini-2.5-pro as the judge
according to our experience).

Code Quality evaluates the functional correct-
ness and implementation of the generated code,
focusing on correctness, robustness, and adherence
to engineering practices.

Visual Quality evaluates the visual presentation
and design of the generated web app, emphasizing
layout consistency, stylistic coherence, and overall
aesthetic experience.

Content Quality evaluates the informativeness
and the quality of resources loaded in the generated
web app.

Performance Quality evaluates the runtime be-
havior of the generated web app, measuring the
efficiency of page rendering and resource loading.

Accessibility  evaluates the  disability-
friendliness and platform compatibility of
the generated web app, assessing usability across
different devices and browsers.

Maintainability evaluates the readability,
reusability, and ease of long-term maintenance of
the generated code.

4.2 Alignment Quality

Alignment quality measures how well the gener-
ated web app meets the corresponding user re-
quirements. We evaluate alignment quality us-
ing human-labeled ground-truth checklists (Sec-
tion 3.1) as references and employing the LLM-as-
a-judge paradigm (with GPT-5-chat as the judge
according to our experience). The three metrics,
namely Functional Alignment, Visual Alignment,
and Content Alignment, evaluate the consistency
between the generated web app and the user re-
quirement in terms of functionalities, visual appear-
ance, and textual/multimedia content, respectively.

4.3 Weight Assignment

After defining evaluation metrics, a crucial process
is to combine the outcome scores in a meaningful
way to generate an overall score, reflecting human
preference. Our process of generating the overall
score is shown in Figure 3. Existing studies (Lin
et al., 2025; Zhang et al., 2025) typically assign
weights to each metric either uniformly or heuristi-
cally. However, real-world users do not treat all the
metrics equally and can prioritize certain perspec-
tives (e.g., emphasizing code quality while paying
less attention to maintainability). Consequently,
heuristic weighting neither aligns with user priori-
ties nor ensures fairness.

To obtain preference-aligned weights for each
metric, we conduct an internal survey with our
industrial partner. Specifically, we ask each par-
ticipant to rank the 24 metrics according to their
perceived importance. To reduce the cognitive bur-
den on participants, each of them is first asked to
rank the nine perspectives listed in Table 3, and sub-
sequently rank the metrics within each perspective.
During a three-day survey period, our questionnaire
receives 1,076 views and 899 responses, yielding
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Figure 3: The weight assignment and evaluation work-
flow of WebCoderBench.

a response rate of 83.55%. We further filter the
responses by completion time, retaining only those
that take more than two minutes to complete. As a
result, we obtain 141 valid responses. According
to a recent study (Memon et al., 2020), a sample
size of more than 100 responses can be considered
as sufficient for ranking and regression analyses.
Among the valid responses, there are 21 data scien-
tists, 19 product managers, 22 legal personnel, 23
front-end/back-end developers, 2 designers, 39 op-
erations staff, and 15 quality assurance personnel,
according to their user personas.

We further apply the Borda Count (Young, 1974)
algorithm to extract weights from responses. This
algorithm assigns a score to each item (perspective
or metric) based on its position in each participant’s
ranking. The weight of each item is then obtained
by summing its scores across all participants and
normalizing by the total score over all items. The
weight of each metric is calculated by multiplying
its own weight by the weight of the perspective
to which it belongs. The weights of all the met-
rics sum to 1. The resulting weights are shown in
Figure 4.

The overall score of each model is calculated by
summing the z-scores (Al Shalabi et al., 2006) of
all the metrics, averaged over the 1,572 samples
in the dataset, and weighted by the corresponding
metric weights. We adopt z-scores to ensure that
the scores of different metrics are on a comparable
scale with consistent discriminability, thereby em-
phasizing the effect of the weights. The z-scores
are calculated by z; ; = ]7“] , where x; ; denotes
the raw score of the i-th sample on the j-th metric,
and p; and o denote the mean and standard devia-
tions of this metric over all samples, respectively.

Through this process, we establish a data-driven
mechanism that grounds the metric weighting
scheme in authentic human preferences rather than

General Performance: 11.39%

General Visual Experience: 2.36%
Performance
Quality: 11.39%

Component Style
“Visual Quality: 8.92%
Code Quality: 12.02% /

Content Alignment: 12.75%

Consistency: 1.47% Static Syntax Checking: 1.48%
le -
Consnftencsy1 23% RHEI::I‘;nr:: g%gzla
o Tayour,
Conmstenc 1.48%
Layout Sparsity: 1.14%

Visual Harmony
Degree: 1.24%

Error Handling: 1.90%
Best Practices: 2.97%
i Best Practices: 2.9/

General Functionality

cuaRia e, _ Correctness: 3.61%
Media Quality: 2.66% Content Quality: 11.98% Mobile Device
Placeholder Accessibility: 9.77% Compatibility: 3.90%
Quality: 2.41%

Maintainability: 9.65% Cross-Browser
\Compatibility: 2.38%
Accessibility Core
Metrics: 3.49%
\Comment Rate: 5.34%
\Code Redundancy Rate: 4.31%

Resource
Validity: 3.68%
Visual Alignment: 9.46%

14.07%

Figure 4: The weight proportion of each perspective
and each evaluation metric.

arbitrary heuristics. The derived weights effectively
capture how users implicitly trade off among dif-
ferent quality perspectives, enabling our overall
evaluation score to reflect real-world user prefer-
ences.

5 Evaluation Results and Analysis

5.1 Settings

We evaluate 12 representative LLMs and 2 LLM-
based agents on WebCoderBench. The selected
models span multiple families (e.g., DeepSeek (Liu
et al., 2024), Qwen (Yang et al., 2025), Gem-
ini (Team et al., 2023), GLM (Zeng et al., 2025),
GPT (OpenAl, 2025)), multiple versions (e.g., base,
instruct, thinking, coder), multiple modalities (e.g.,
text-only, multi-modal), and multiple capability
types (e.g., standard (Chen et al., 2025; MiniMax,
2025b), agentic (Manus, 2025; MiniMax, 2025a)).
We invoke each LLM using its standard APIs with
the recommended parameters and identical system
prompts. We let each model generate a single arti-
fact for each requirement.

For LLM-based agents, we manually enter
prompts and requirements through their web inter-
faces to obtain the generated artifacts, and further
constrain their outputs to native HTML by append-
ing specific control prompts. Due to labor con-
straints, we collect artifacts for 165 requirements
from these agents, corresponding to approximately
one-tenth of the full dataset.

To enable uni-modal LLMs (e.g., DeepSeek) to
handle multi-modal requirements, we use Gemini-
2.5-pro to generate textual descriptions for each
image and provide these descriptions as input to the
uni-modal LLMs. The descriptions are restricted
to objective visual content and do not introduce
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Table 4: Weighted z-scores for each perspective, the overall score, and the ranking of each model. The percentage
value indicates how many standard deviations the weighted value deviates from the average. Rows 1-8 correspond
to open-source LLMs, rows 9-12 to closed-source LLMs, and rows 13—14 to LLM-based agents. Note that the
scores of LLMs are averaged among the whole dataset, while those of LLM-based agents are averaged among a

random subset of 165 requirements.

Code Visual Content Performance - ... .. Functional Visual Content Overall .
ID Model Quality Quality Quality  Quality Accessibility Maintainability Alig t Alig t Alig t Score (Sum) Ranking
I DeepSeck-R1-0528 031% -127% 1.81% 0.28% 133% 109%  -098%  021%  0.25% 241% 7
2 DeepSeck-V3.1 -0.86% -1.60% -1.04% 082%  -1.18% 20.04%  0.00%  035% -032%  -3.88% 13
3 DeepSeck-V3.1-Terminus ~ 0.17% 2.11% -1.58% 137% 1.09% 258%  052%  -003%  0.03% 6.26% 4
4 DeepSeck-V3.1-Thinking  -0.98% -1.51% -0.44% 117%  -1.05% 0.04%  0.14%  -024%  -0.50%  -3.73% 12
5 GLM-4.5 0.28% 2.33% 5.03% 0.46% 0.17% 0.61%  158%  084%  046%  11.76% 2
6 Qwen3-Coder-Plus 0.63% -1.65% -0.43% 1.70% 0.89% 151%  -155%  -1.04% -1.10%  -231% 11
7 Qwen3-235B-A22B-Instruct -1.38% 0.32% -0.60% 0.68% 0.22% 0.53%  -005% -001%  025%  -0.04% 10
8 MiniMax-M2 1.13% -0.94% -0.56% 040%  -1.06% 227%  320%  150%  1.96% 7.89% 3
9 Gemini-2.5-Pro 089% 0.99% -0.26%  -2.25% 033% 174%  091%  1.02%  038%  027% 8
10 GPT-40-2024-11-20 2.00% -1.69% -191%  -249%  -041% 537%  -11.04%  -6.62% -112%  -38.65% 14
11 GPT-5-Codex-High 041% 230% -1.14%  -2.14% 1.78% 152%  2.10%  180%  239%  -0.03% 9
12 GPT-5-High 215% 1.36% -1.17% 127%  2.05% 088%  551%  236%  3.50%  1381% 1
13 Manus 025% 0.76% 085%  -056%  -1.00% 158%  329% 033%  1.26% 524% 5
14 MiniMax Agent 021% -245% 627%  -139%  -130% 100%  171%  077%  0.03%  443% 6
any additional information beyond what is observ- -
. o . . . N 96 95 95 96
able in the original images. Our goal is to evaluate " T
each model based on the modalities supports by it, « 98 |97 |92 93 96 | 95 | 90 90
. . . [i]
rather than penalizing uni-modal models for lack- " A R A ad - adi
S L IS - B = K3 > B3
ing visual capabilities (e.g., assigning a score of 57 95 95 98 98 |99 | 99 94
zero or excluding them from multi-modal require- == 7s [ 7= (72 NN 74
. . . . - 90 89 90 89 90 92 89 85 92 81 81 88
ments). We believe that this setup provides a fair P oo 3 w5 53 sc @7 w2 53 s 78 w7 s s
comparison under modality constraints. 14 1701 I o [ 69 [ [i] 61 69 8
Due to the diversity of user requirements, we = - kil bl bl el el Bl Bl
versry Anemens, DD - EEERCIEIEY
observe two distinct usage patterns for images and 2 < I
. . . [}
URLs. A majority of the requirements ask the LLM 2= Rl Sl Rali Bl o [ 56 R AREREL
to use images and URLs as reference examples Al LT el Bl A SR A R
93 91 93 91 92 93 |92 90 92 94 94 89 92

for implementation (95/123 for images and 29/36
for URLs). The remaining requirements ask the
LLM to include images and URLSs as assets in the
final generated web apps (28/123 for images and
7/36 for URLs). For all requirements, we encode
images in the base64 format before passing them
to the model, and URLs are included as strings
within the input specification. For requirements
that treat images and URLSs as assets, the generated
web app includes images in the base64 format and
incorporates URLS as hyperlinks in the final output.

5.2 RQ1: Main Results

We present the weighted z-scores for each perspec-
tive, the overall scores, and the model rankings in
Table 4, and the raw scores of the 24 evaluation
metrics in Figure 5. Detailed z-scores for each
metric are provided in Appendix B due to space
limits.

Across all the evaluated LLMs and agents,
GPT-5-High attains the highest overall score,
greatly outperforming other models through its
strong ability to align with requirements and its
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Figure 5: The detailed raw scores of 24 evaluation met-
rics for each LLM and LLM-based agent, with the x-axis
indices denoting the IDs of evaluation metrics (corre-
sponding to Table 3), and the y-axis indices denoting
the IDs of models (corresponding to Table 4).

consistently positive results across most perspec-
tives. Among the open-source LLMs, GLM-4.5
achieves the best effectiveness and ranks second
overall, while MiniMax-M2 also performs compet-
itively. In contrast, GPT-40 exhibits the weakest
effectiveness, with all scores falling below the av-
erage and six out of nine perspectives ranking last
among all LLMs.

There exists no single model that dominates all
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perspectives. GLM-4.5 is the only model achieving
above-average effectiveness across all nine perspec-
tives, indicating balanced and reliable capabilities.
However, even GLM-4.5 cannot outperform the av-
erage in all the 24 fine-grained evaluation metrics,
suggesting that current LLMs remain specialized
rather than universally strong. The competition
among the LLMs remains tight, with no single
model emerging as decisively superior. Given our
comprehensive and interpretable evaluation met-
rics, LLM developers are able to optimize their
models in a targeted manner for a more powerful
future version.

The comparison between open-source and
closed-source models reveals a rapidly narrowing
effectiveness gap. Although GPT-5-High remains
the most effective model overall, the strong effec-
tiveness of GLM-4.5 and MiniMax-M2 shows that
recent open-source LL.Ms are increasingly compet-
itive, with less than a 6% gap from GPT-5-High.

The results also illustrate the accelerated pace
of model evolution and development. The models
released within the past year consistently obtain
high scores across multiple evaluation perspectives,
while earlier models such as GPT-40 exhibit sub-
stantial gaps, performing below average in all per-
spectives and falling behind newer models by a
considerable margin. This divergence highlights
the rapid turnover in LLM effectiveness.

The LLM-based agents generally score above
average but fall short of expectations. Their ability
to access online resources and generate complex
pages results in low performance and accessibil-
ity due to the increased complexity of external
resources. The complexity of the generated Ul
further degreades visual quality. However, these
agents typically align well with user requirements
due to their planning and task-oriented reasoning
capabilities. This trend can also cause an LLM-
based agent to be less effective than its base model.
For example, the overall score of MiniMax Agent
is lower than that of MiniMax-M2, indicating that
while agents introduce enhanced capabilities, these
strengths come at the cost of performance and vi-
sual consistency.

Compared to coder models (e.g., Qwen3-Coder-
Plus and GPT-5-Codex), generalist models (e.g.,
Qwen3-Instruct and GPT-5-High) present better
effectiveness, showing that the task of web app
generation requires not only coding ability, but
also general understanding of requirements and
real-world knowledge. This finding also aligns to

Table 5: The overall scores averaged over the models
and the questions for each question type.

Type Score Type Score
Clarity of Requirement Input Modality

- Clear -0.02% - Text Only 0.85%
- Intermediate -0.55% - Text with Images  -8.68%
- Vague 5.98% - Text with URLs 1.54%
Artifact Complexity Style of Expression

- Highly Simple 0.94% - Technical -0.72%
- Simple -1.11% - Colloquial 1.14%
- Medium 0.18% - Role-playing -0.89%
- Complex 0.53% - Analogy -1.75%
- Highly Complex 4.82%

ArtifactsBench (Zhang et al., 2025).

Although the weighted z-scores appear numer-
ically close (most within 3%), they represent dif-
ferences in standard deviations from the mean for
each metric, and each of them is weighted by a
small percentage (shown in Figure 4). Therefore,
even small value differences can be meaningful.

5.3 RQ2: Effect of Question Types

The overall scores averaged over the models and
the questions for each question type are shown in
Table 5. We aggregate the scores of all the mod-
els to show a general and overall trend, instead of
analyzing each model separately.

We find that the results do not entirely conform
to the straightforward intuition that the models tend
to perform worse on vague and highly complex re-
quirements. We manually inspect the outcomes
for reasoning. For requirement clarity, the models
generally perform better under vague requirements,
because such descriptions provide greater freedom
and reduce penalties from fine-grained mismatches
with the requirements, whereas clear requirements
impose strict constraints that are easy to violate. Re-
garding artifact complexity, requirements of com-
plex artifacts offer rich functional and contextual
cues that help the models infer page structure (with
only 3 out of 43 highly complex requirements are
classified as vague), while requirements of simple
artifacts lack sufficient information and thus lead to
deviations. In terms of input modality, inputs with
images degrade effectiveness, indicating that the
models remain unstable in mapping visual content
to page structures. For expression style, the mod-
els are most effective when processing colloquial
requirements, indicating that the models are more
suitable for the common expressions used by the
general public.
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Table 6: Weights derived from the different user
personas, where each column corresponds to front-
end/back-end developers (Dev), quality assurance per-
sonnel (QA), data scientists (DS), product managers
(PM), operations staff (Ops), legal personnel (Le), de-
signers (Des), and all participants (ALL), respectively,
and each row represents one of the nine perspectives.

Per. Dev QA DS PM Ops Le Des ALL
Code 13.5% 13.3% 12.7% 12.7% 10.3% 11.9% 5.6% 12.0%
Vis. 86% 74% 95% 75% 99% 82% 208% 9.0%
Con. 10.6% 13.1% 12.4% 9.2% 13.0% 13.3% 69% 12.1%
Per. 8.6% 11.7% 11.1% 9.5% 13.1% 13.5% 5.6% 11.5%
Acc. 8.7% 109% 10.6% 92% 9.3% 10.5% 11.1% 9.9%
Mai. 11.2% 10.0% 103% 11.7% 9.0% 6.8% 5.6% 9.6%
FA 147% 13.0% 11.5% 17.3% 13.8% 14.0% 16.7% 13.8%
VA 92% 8.1% 9.1% 104% 9.8% 8.7% 18.1% 9.7%
CA 149% 12.4% 12.7% 12.6% 11.7% 13.1% 9.7% 12.5%

5.4 RQ3: Effect of User Personas

The scores provided in Table 4 are calculated using
weights derived from all the valid questionnaire
responses. However, users who belong to different
user personas can prefer different perspectives. Ta-
ble 6 shows the weights derived from the different
user personas in our collected responses.

The results indicate that the different personas
exhibit preferences that align well with the intu-
itive understanding over perspectives. For instance,
the designers show a pronounced preference for
visual quality. The code-related personas (the first
four columns) tend to place greater emphasis on
code quality and maintainability, whereas the opera-
tions staff and the legal personnel prioritize content
quality and performance quality. Across the three
alignment-related perspectives, all the personas as-
sign high preference consistently, with the product
managers and the designers exhibiting particularly
strong preferences. These patterns highlight the
domain-specific expectations.

6 Conclusion

In this paper, we have introduced WebCoderBench,
a comprehensive benchmark consisting of 1,572
authentic user requirements and 24 evaluation met-
rics, providing an automated, comprehensive, and
interpretable evaluation framework for the task of
web app generation. Our evaluation results have
revealed a narrowing effectiveness gap between
open-source and closed-source LLLMs, as well as
the rapid evolution of the capabilities of LLMs,
with no single model achieving dominant effec-
tiveness across all the metrics. By incorporating
the weights according to human preferences, Web-

CoderBench enables developers to optimize their
models in a targeted manner based on interpretable
evaluation results.
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Limitations

Our benchmark has six limitations.

First, it currently evaluates only front-end web
applications and restricts implementations to na-
tive HTML. We consider that this design is reason-
able because front-end functionalities cover most
real user needs, and the existing LLMs are still
struggling to handle complex full-stack develop-
ment tasks. Native HTML also enables consistent
source-code analysis, whereas framework-specific
formats (e.g., React) complicate automated evalua-
tion. Nonetheless, we plan to incorporate backend
tasks and support common frameworks in future
versions.

Second, our dataset and our implementation
of the evaluation metrics cannot be released pub-
licly due to internal legal constraints, because our
dataset contains real user requirements. Closed-
source data and evaluation also prevent data leak-
age and evaluation hacking. We plan to maintain
and update our leaderboard actively. We also plan
to prepare another batch of user requirements for
open-sourcing and cross-validation, so as to verify
the generalizability and robustness of our findings
across different requirement sets.

Third, the dataset distribution can influence eval-
uation results. To reduce this limitation, we follow
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a standardized data-collection pipeline to obtain
sufficient and realistic user requirements.

Fourth, results can be affected by the reliability
of the manual annotations. We mitigate this limi-
tation by leveraging our industry partner’s mature
crowd-sourcing workflow, where annotators have
at least three years of development experience. We
adopt a two-stage labeling strategy in which LLMs
generate labels and humans verify them. Critical
steps, such as dataset filtering, are triple-annotated,
and majority voting is used to determine final la-
bels.

Fifth, the design of evaluation metrics can im-
pact the results. We aim to build a comprehensive,
interpretable, and quantitative metric suite. Guided
by industrial practices, public standards, and aca-
demic insights, we develop 24 metrics across 9
perspectives. We plan to further enrich the metric
set as our future work.

Finally, metric correctness and stability can in-
fluence the evaluation. For rule-based metrics, we
manually inspect 50 scoring instances per met-
ric and conduct additional code reviews to make
sure that the implementations are as expected.
For LLM-as-a-judge metrics, we run each met-
ric three times on 50 requirements and use the
Mann—Whitney U test (Mann and Whitney, 1947)
to ensure that the score variance across runs is
significantly lower than the variance across mod-
els. We follow the prior work (Sun et al., 2025)
for prompt design and use different LLMs for dif-
ferent metrics to mitigate preference leakage and
bias (Chehbouni et al., 2025; Li et al., 2025; Sheng
et al., 2025).
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A Evaluation Metrics

We present the detailed information of each evalu-
ation metrics in Table 7, Table 8, and Table 9. In
each of the tables, the “Purpose” column describes
the rationale of each metric and the aspect that each
metric aims to evaluate. The “Implementation De-
tail” column describes the implementation detail
of each metric in natural language. The “Score
Calculation” column describes how the final scores
(ranging from O to 100) are computed, with scal-
ing applied to ensure a uniform distribution and
sufficient discriminability.

11644



(Wwnu™uonuUAWIP™ Pa[IR},$Z-00] ‘0)XBUW = 3I00S

*SUOISUQWIP PI[Ie] JO U Joquinu 9y syjodar pue ‘Ayuwrojiun Surpped-punoidyoeq pue ‘Aoud)sisuod
10[09-punoISoeq ‘Kous)sisuod adeys-punoigyorq ‘AIULIOJIUN YIPIM-IYONS ‘AITULIOJIUN JZIS ‘Koud)
-SISUOD 13S-UOJI SUOISUIWIP XIS SSOIOL AOUDISISUOD ATRIQI[-UODT Sajen[eAd I] “sdiysuone|al Joure)
-Uu0d pareys 0] Jurpiodoe way) sdnoid pue TALLH Y} UT SJUSW[E DAS [[8 SIOBIXD JLIAW STY],

-adeys Surkjopun Jo ‘)ySom QuIf ‘9ZIS UI JSIXd SAOU)
-SISUOOUL JOIaYM pUe ‘9]A1S [ENSIA JUSISISUOD B 0] UO[Aq UOTLD
-1idde gom 9y uI pasn $)OSSE UODT JAYIAYM SAJBN[BAD OLIW ST,

KouasIsuo)) 9[A1S Uod[

001 s ((((T + wnu™ey
-0)) / WNUJUISISUOIUT) + [)gBO[ - [) = 9109S

*sjuauoduod JURISISUOIUT 109)AP 0] SIS JX2)-Apoq
pue ‘suod! ‘sopn Jo ssouajo[dwiod pue AdSU)SISUOD Sajen[eAd pue sjuouodwod pied [dffered
SaynNuapt uay) 1] “(sSe1 10 AYoIeIaly 9pou payorewisiut 1o ‘dnoid e uryim sunod Ipou-pliyd
JULISISUODUT ‘UDIP[TYD OM] URY) JOMIJ SB [oNS) SIUSWAINDAI [INONNS [Te] Jey) SOPOU INO SIANY
pue SIOYNUAPI paje[al- pIed,, urejuod jey) oedqom oy ur syuouoduiod [[e s)9eNXd OLIOUI SIY T,

*Sur)s pue oy
-ONI)S PIZIPIEPUR]S PUB JU)SISUOD HQIYXS (1XA) APOq PUE ‘SUOIT
‘SO S [ONns) SIUSWA pIed IYIAYM U0 Fuisnooj ‘ofedqom
1931e) oY) ur syueuodwos pIed Jo asn YY) SAJLN[LAd OLNAW ST,

AKoud)s1suo)) 9[A1S Juauoduwo)

(00T 0T + 01
+ ON'TT Aq pojerouad o100s)1ibs)urur = 91098

‘TeAIUT A—X Ue Se PassaIdxo [ora ‘SUOISUSUIIP UONBN[BAD U SSOIOR SII00S U
ndino 03 sydwoid paugisop A[[eroads yim pauIquod [opou 93Ie] [EPOWN[NW B SISN OLIJAW SIY ],

‘JU)UOD puE UoT}
-ejuasaid [ensIA usamiaq Aoua)sisuod onsiAls pue ‘Kyrenb uSisop
‘sonaysee Jo suonenpead surziseydwo ‘voneoridde qom 1o5re)
oy Sursn uoym uondooiad [[LIOAO S JOSN Y} S)OO[OI OIIOU SIY L,

QouaLIadXH [ENSIA [eIuaD

(91005~ MBI ‘())XBW=3I0JS
(0T % M1 12d7s10119) - OO = 2100S~ MBI
0001 s (souI[ [8)0) / SI0LI9™ [©)0)) = Y| Jod s1oLr

"SOTISTB)S [OAJ[-AI0JOAIIP PU ISI] ANSSI PAINJONIS B OJUI SYI[NSAI sajeFa13Te pue ‘soni payroads
9pN[oXa 0) FuLI[y-ona sarjdde ‘uoneuULIOUT UOTILOO] PUE ‘SIOYNUIPT NI ‘SUoNdLIOSIp [9AS][-I01I
1oen¥0 01 IndiNo NOS[ S,]001 Yoea sasted 1] "syoayd douerjdwioo pue xejuks 10j JUIRIAIS pue
QUITS? “JUTY[UNY SOYOAUT J1 ‘SUNNOI PISEq-UOISUIXd UO paseq "s)as NI d[qeIoust pue $)os
uoIsu)xa-9[y pautoddns SuLmSyuoos Aq sse[do uonselap [ensul[nnul B S9ZI[eNIul JLNW SIY ],

*3uLI00s
paziprepue)s Suipraoid pue Kyenb opoo Surkynuenb Aqozeyy
‘saqy 1duogeAe( pue ‘SSO “TINLH UT S10110 9ouer[duwos pue xe)
-UAs 199)op 03 sisAeue ones Suruiojrad Aq yrewyouaq uonen
-[eAd Kyirenb-opoo oFen3uel-nnuw € ysIiqeIsd 03 SwWie SLJW SIY [,

(Sunury) Sunyoay) XejuAis ones

(21008 [RUY ‘())XBW = IO
(0T % M1 12d7SI01IQ) - )] = 21008~ MEl
0001 s (souI [8)0) / 10119 [2)0)) = | J1od~s10110

-douapuadapur
QINSUS 0] 159) YOBS 210Joq 93LI0)S PUE SAMOOI SISO WSTURYIIW UONB[OST-A1BIS  "(HYTAHAS
SAOYYH '5°9) sa11039)e0 [9A9]-Jo11d pauyopaid Sursn s3o] JuL)[y S[JV S0[ Josmolq eia indino
ojosuod awmuni Sutmdes ‘1ojowrered durjoseq B se WASAS Y AY) BIA PO JO saul] Sununod
:S9pN[OUT O1F0] 2100 A, “IOIARYAQ SWIUNI AR[NWIS O} SPOUL SSI[PLaY Ul pAPRO[ ST TIALLH Y.L
“JUSUWIUOIIAUD FUNISI-IOSMOIQ PI[[ONUOD B JONNSUOD 0] IOALI(JGIA WNIUS[IS SISN JLIW SIY T,

'ssouIsnqor apod Kynuenb o) ojosuod

198M01q AY) U (TYFATS YO St yons) saSessou [9A[-1011d
Sunoajep Aq Auenb opoo TNLH Selen[eAd omow SIyJ,

SIOLIF 9[OSUOD) WUy

001 % ((((1 + wnu™ Surppuey 10119~ axnbar)
/ winu—3ul[puey_IoLdou) + [)z30] - |) = 21008

“Juesaxd a1e saxmonns Surjpuey-uondedxa Je[IuIs Io ‘Yojed asTol]
‘$[00[q YoIeo-A1) Joyiaym 109)ap 03 pardde si sisA[eue xejuks ‘uonouny 1o51e) paynuapl yoes 10,
"(SIdV @3e103s-eyep 1o suonerado snouosyoukse se yons) spromAay uonerado-ysu pue soxyaid
Qureu uo paseq Jurppuey Joxo Jurinbar suonouny s19[y 1os o[nI onstmay paugopaid v (*019
‘SuOTIOUNJ MOIIE ‘suotssaIdxo uonouUNJ ‘SUONEIL[OIP UOTIOUNJ) SULIO) UONIUYap-uonouny afdnnu
yojew Jeyy suroped xoFo1 ursn suonouny sQYNUIPT UAY) J] “9POJ IA[PULY-IUAD pue sFe) 1di1os
QPISUT JUAUOD SUIPN[OUT YUAWNIOP TIALLH Y WOl 9pod 1dLIOSEARL POPPIqUId SIOLIXA ISIY I]
‘swistueydaw suljpuey-uondaoxs 10030p 0 durjadid sisAJeue [9ad]-n[nui e syuaw[duwil JLAW Sy,

‘sisATeue
Ayenb-opoo 103 siseq aaneinuenb e Suipraoid Aqeroyy ‘soiny
-onns uonosejord-uondooxs jo uonejuswa[dwr enoe oY) YPIM
woy) Surredwods pue Jurjpuey Jole SuLinbar suonouny Sulkyn
-uopt £q 9po9 jdLogeAR( Ul swsiueyodwWw Jurjpuey-uondoox? jo
93BI0A00 Q) AJEN[BAD A[[ROIBUIISAS 0 PAUSISOP SI JLIAW SIY T,

Surpuey Joug

001 s 91005~ soonoeld 1saq asnoyIyY3IT = 2100

J[NSAI [[BIAA0 AU} sk K103ed  s9onoeid-1saq,, ) JO 2109s 9)1s0dwod Ay SoeNX
pue yodor NOS[ parerauag-osnoyiysrT oy sasted )] “SIOJEIIPUT 2109 AUIU JO SUTISISUOD WISAS
uonen[eAd seonoeId-1Saq € JONNSU0d 0) yJomawey Sunipne asnoyySr oY) SajeISojur dLOu STy,

"s)sonbar uorssTu
-1od o[qeuosear Sunjew pue ‘soner 1oadse oFewr Sumes Arodord
SUOTIRIR[OIP JUSWINOOP 101109 Furpraold ‘S[qy pareoardop Sur
-proae ‘sarreqi] 1duoSeAe( 9[qeIdUINA SUIPIOAR ‘SALILH JO 9sn
oy 01 paytut] Jou 1nq Surpnjour ‘sednoerd 159q Juawdo[aadp-qom
0] oouaroype s.oedqom Oy) SsIsse O} Swe OLNAW SIYJ,

$0MdRI] 1S9g

(SO[NI YO9YO™ Ud)” JO SAI0IS)WINS = JI0IS

"a[e9S ()]—() B UO PAIODS UOLIAILID YIBA IM “BLILID K)ifenb-opoo pauyepaid
) 0) SUIPIOdOE WAY) SAJEN[EAd pue [opowr aFenJue] o51e] € Suisn so[y opoo sesred oLow SIYJ,

aSed
-qoMm ® U0 apod TIALLH Pue ‘SSD “iduogeaer jo souerdwos pue
‘$80U)021100 “‘AJI[enb [[RI0A0 ) 9JBN[EAD 0} PAsn ST JLNOW SIY],

$SOUI021I0D) A)ITRUONOUN,] [BIOUID)

uone[mI[e) 100§

[1e3x( uonejudwddury

asodang

JLIPIA

“(1 Med) SOILNQW UOTBN[BAD INO JO SB[NULIOJ UOHEB[NO[ED 9I0JS pue ‘s[reiop uonejuawo(dwr ‘esodind oy 0} uononposur po[reldp v :/ d[qeL

11645



001 # ((((1 + wnu—aSewi (e}
-0)) / winu—dFew peq) + [)g80] - ) = 2109s

*(sased 9p02-Y 0
se yons suonduwoxd [eroads y)im) JX9)U0d ONUBWIAS PUE SISA[RUE ZIS-IQUTEIU0D Sulsn SIOUIRIU0d
o5rey ur sxopjoyeoe[d DA S jo sseudjeridordde oy SosSISSE PUE ‘SIQUILIUOD PILD UIYIIM STTY() 9Seq
Sunegai3Se £q asnax seynuapr ‘seynqrnie [ed0] pue Surqoid 9ZIs JJOWaI BIA SOTEI J0adse paIapuax
pue [exnyeu SuLredwod £q UONIOISIP $)99)IP “ISI] urewop pauyapaid e uo paseq soew 1opjoyaded
SQYIIUAPI J] "BIEPELIAW [ENJXJUOD PUE SJUIWIQ 9Ll J10enXxe 0) dnog[njnneag sosn dLjou SIyJ,

"90UQIAYOD [BNSIA AINSLAW 0] SAI0JS AT
-euenb Sunerouad pue—siopjoyase[d DA S 1odordwr pue ‘asn
aannedar ‘uonIoIsIp a3ewr ‘dsnstw aFewr Jopjoyede[d—sonssI
Jo son10391e0 1n0J Funoap Aq usisop afedqom ur Juowadeld a3e
-w jo ssoudjeridordde oy soyen[ead A[[eonewoISAs JLNoW SIY ],

Ayrend) 19p[oyaoe[d

(€0 s 21005~ K)I[1$$A00LRIP
W) + (L0 4 9100S"AR[D) = 2100

*KYITIQePOOIP SWIeIj-)SIY pue AJ[Iqepeal ejepelol SUIAJLIOA
KQ passasse sI AJI[Iqe[TeAR OQPIA ‘POYIAW ddUBLIBA-URIOR[dRT B BIA PIssasse sI AJLre[o ofew]
'STY[) 29IN0SAI 0IPIA puk dFeull [[e 19eNXD 0) S1dLIdS pappaquid pue O 2Y) sasted oLnow siy |,

‘AiniqeAerd oapra pue Ajure[o a3ewn Sunyoyd
Kq Aqreoygroads ‘soonoeid 3soq Ansnpur pue (DYIA\ <S°9) spiep
-ue)s K)I[1qIssadoe yIim oueIdwod 2Insus 03 (SOIPIA pue sagewt
SE [JONS) $90IN0sAI BIpaw Jo Ajifenb oy) s9jen[ead oLow sIy [,

Anpend eipay

(121008 qns
¢+ “770100SqNS ‘] 9100S qNs)dJeIOAY = 91008

“xopur Ajifenb [[e1oAo ue ojur pajesaISSe are sa100S "(AYdIRISIY
Surpeay “3-9) eourwWLIOUOS [RINONNS pue ‘(Surxrw uonemound ‘YPSud[ ouduas “'3-9) sureped
[ednIsS1e)S ‘SUIYdRU [BIIXI] OPNOUT SAINBI) dAnRINUELN() “(Aydrerary uoneuriojur pue ‘Arxe[dwod
QINJONIS-9JUUIS ‘AOURISISUOD ASO[OUILId) SB Yyons) s10jed1pur Kiifenb G| sso1oe durjaseq woiy
SUONRIAQP soIndwod 1 YIomawelj JULI0dS [euoIsudWIp & 3uis) "(ASo[ouruLid) [edruydd) pue
‘sutrd) 2ouerjdwod ‘suonerado wA)sAs se yons) sare[nqeooa oyrodds-urewop pauyopaid woiy
J[Ing so[nI SuIsn JI SAJEN[EAd pue INONNs TALLH Y} wolj 1xd) aind sjoenxo djow siyJ,

‘sprepue)s oduer[dwod Ansnpur pue suLou ugisap
XN YPIM KIUIOFU0D SQINSUD I “(SSOUIPUSLIJ-I1asn pue ‘Aoud)sis
-U0D ‘SSAUASIOU0 ‘AJLIe]d ‘AoeInooe se yons) sisA[eue aaneinuenb
[eUOTSUSWIP-NNW Y3NOIy], "SodejIoiul TALH Ul JUAJu0d [en)
-X9) Jo Kyifenb [[e1oa0 o) sejenfead K[eonewa)sAs oLow sy,

Airend Sunumido)

00T « (01°0
& eImeraduwad) + 0¢°() 5 ONY + ST°0 5 SSOWYILIq
+ (070 % UONBINES + G[°() 4 ANSIOAIP) = 21008

*100s Auouirey [[e1240 ay) saonpoid (O] () 2rmerodwo)
‘S1°0 ANSIOAIP ‘07°() UONRINES ‘Gz () SSAWYSLIQ ‘0¢’() aNY) PUS[q PAYSIOM Y "SONEI [000—-WIRM
BIA 90Uk[eq 2Injeradwd) pue ‘(*0)9 ‘o1pern) ‘Krejuswa[diiod) 9[oIId ANy AY) UO SUOTIB[I ILIOWOIT
BIA AUOULIBY 9Ny ‘UOTENUIOUOD UOHNALISIP Puk 9SULI IN[BA BIA JSEIUOD SSOWIYSLIQ ‘Q0UBLIBA
PUB UBQW BIA 20UR[RQ UONBINES ‘QOURISIP UBIPI[INY IA AJISIOAI J0]0D :99eds A SH UI SIsA[eue
[euorsuaWIp-NINW suoyrad pue SULILISN[O SUBSW-Y BIA SIO[OD JUBUIWOP S}0ENXA )] “senbru
-[J99) UOISIOAU0D d9kds-10[0d pue uolsiA-1nduwod Suisn AuouLrey J0[0d SJLN[EAR OLAW SIY T,

*90UQIYOD OTAYISIB PUB ‘QdUB[Rq ‘AIISISAIP JO[0D SUISSISSE
J10j somour 2A109[qo Surpraoid ‘aSewr o) ur $10[0d JUBUIWIOP JO
sonsujoereyd remdoorad pue uonnqinsip reneds oy) SurzAeue
£q saoeyroiur o5edqam Jo Auouurey J0[0d Y} SOJN[BAD JLIJOW SIY ],

20139 AuourreH [ensIp

(001 ‘01 «(1er Asxeds-gQ 1 )11bs)uru = 21098

x0q
Surpunoq pai e y)im uorSal pajoasep Y sIySIySIY uonezifensia y Seare yue[q a51e[ yim synoke|
Surzipeuad ‘01008 ()0 [—( © 0IUT eI AY) S}I2AU0D Suiddew Jedurfuou y el adeds-yueq oy se
pandwod st 9Fewl [[n} Ay} 0 ONEI BIIE S)I PUB ‘PIPIOIAI SI S12YONq [[€ SSOIOL [T 159318]
oy -eare re[nSue)oal )saSIe] Ay} SPUl JOBIS OIUOJOUOW B YIIM WLIOS[e d[Sue)oaI-fewrxewt
Paseq-weISoIsiy e Ysew AIeulq s,)ayonq yoea Io "SUOIBLIBA IOUIW WOIJ 9SI0U SUIPIOAL pue
SnOJUAZOWOY SB san[eA J[edosAeId Ie[Iwis Sunean ‘(g :P[OYSIY) I[NeJop) S19onq AOULRII[0)
ojut padnoi3 are s[oxid pue ‘o[eosAeI3 0) POJIGAUOD ST 9FBWI Y], "UONIIP 9[SUL)IAI-[EWIXEUL
pue Supneyonqg 20UBI[0)-9[eISALIS JO UONBUIQUIOD B FUISN SUOISAI JUB[q SAYNUIPI OINAW SIY ],

‘uoneziundo dousriadxe-19sn pue uonen[ead Ajenb-usisop
Suntoddns ‘aoedsaym 9A1IOQJJOUT QAISUI)XD SUTRIUOD JO dsteds
KJ10A0 ST INOAR] AU} JOYIOYM SISSISSE JI ‘SQI00S OJUI WY} Sur
-}I9AUOD pue sonel doeds-yue[q Sune[nored Ag -odedsaym
paisem Anuenb o) (o1Sue)oa1 Jueq) uor3ar o[eosAess snoouad
-owoy Snonunuod 3sadre] Ay Sunoep Aq s1oysuaaIds osedqom
Jo A)ISUQp JuUOd pue uonezinn [eneds sajen[ead dLAW SIY L,

Aysredg noAe

*so1souseIp pafreldp £q parueduwiodde ‘sansst JusWUSI[e-wol0q
pue soje1 JUSWUSI[E [RUOISUSWIP-NNW SAUIGUIOD JI0JS [BUY 9], JUSWUSI[E UWN[0-ISJUT JOYD
0) souepunoq Jomof/1addn Surredwos pue smol ojur sjuowd[d Furdnois ‘synoAe] uWN[OI-T) N
10§ pue ‘syurod 10)udd pue ‘sarrepunoq wonoq,doy ‘sa3pa 1y3uigel Jo suonersap reuonisod Surky
-nuenb {SJUOWISLS JNOAR] PI[EA UTEJOI 0) SYSEW UOISAI-Iouueq pue ‘Jurjsou ‘9zIs uo paseq SuLo)[y

‘Kirern3ar jnoKe] Suikynuenb £qaray) ‘synoker
uwnod-N[NW Ul JUSWUSI[E WO 0q Pue (Saul] DU ‘Sa3pa ““39)

001 # ((((T + S;uaWAa™[eY $J0YsuaIds a3edgam 3y} WOIJ SINOIUOD JUSW[I 10BNXA 0) suonerado [eorSojoydiow pue uonoAP SIUSWI[A JO JUSWUSI[R [BUOISUSWIP-N[NW Iu1o3)ap Aq SINOAR|
-0)) / SI01I9 [8)0}) + [)Z30] - [) = 91008 a3pe Auue) Surk[dde :sdejs Surmorroj oy) ySnoiyy uonenyead juowusie swrojrad omow siy], oSedqom Jo Arenb juowuSie [ensia oy} SOssosse OLIOW SIYJ,

Kouo)sIsuo)) Jjnoke|

uonemoe)) 3100

[1e3a uonejudwddury

asodang

JLIPIN

“(IT 1ed) SOLIIOW UOTIBN[BAS INO JO SB[NULIOJ UOIB[NOTED 9I00S puk ‘s[rejop uonejuawe(dur ‘asodind ) 0} uononponul paqreIsp v :§ 9[qel,

11646



001 + (wnuTjurod™pays (e
/__wnujurod yooyo passed) = 2100

"RLIQ)LID OT)ULLIQS-UIUOD
pauygopaid jsureSe 1 ojepifea pue 9pod TNLH osied 0) [opowr oSenSue] oSIe € sosn dLOW SIYL,

"BJep PAJRUTISOP PUB SONULLIIS JUJUO0D PayIdads-1osn
soysnes ofedqom TIALH Yl IOYIoym SIIBN[RAD JLIJOUI SIYJ,

JuAWUSIY JUIU0D

001 + (wnujurod —09yd [
/ _ wnuTjuiodyoayopassed) = 2100

"BLI)LID Uonoddsul [ensiA
paugopaid jsureSe 1 ojepifea pue 9pod TNLH osied 0) [opowr oSenSue] oSIe] € sosn dLOW SIYT,

‘SpIepue)s uSIsop-[ensia payroads-1osn
syow oSedgqom TNLH °Y) JoUloym SojenjeAd oLnoul SIyJ,

JuOWUSITY [BNSIA

001 s (wnuTjuod™joayd™ e
/  wnu jutod yooyo pessed) = 01008

“BLIQ)LID [RUOTIOUNY
paugoepaid jsureSe 1 ojepifea pue 9pod TNLH osied 0) [opowr oSenSue] oSIe] € sosn dLOW SIYT,

*SUOTIORIOIUT PUE SI[NPOW [RUOTIOUN) PAyIoads-1osn
soysnes ofedqom TALH oY) IOYIoYM SIBN[RAD JLIJOUI SIY],

JuouUSITY [euonounj

(001 ‘09 + 01 x (eI JuSWWOS))Ibs)uTwr = 91008

'9100S UOTIeN[BAD PazZI[euriou & 9)ndurod 03 pasn ST 0Nl JUI[-JUUIIOD Y],
*SQUI[ 9POD WIOIJ SAUT] JUSWLIOD SAYSINSUTISIP pue (/4 / pue /7 1d1oSeAes ¢/ ../ SSO  TINLH) Sole
-pUNOQ JUSWILIOD-UI[-NNW SYORI) )T ‘WYILIOT[R QUIYORWI-I)L)S PUB POYIAUI [BONSTIE)S PISEq-aul] &
SuIsn IomowrIj UONIA)IP-JUWWOD [enUI[[NW & p[ing 03 [y TIALLH Y3 sested oinow siy,

*SULI00S PaZIpIEpUR)S OJUI OTJET JUSWWIOD
oY) SUnIoAU0D pue IFeIAA09 JudWOod JurzATeue Aq 9pod TNLLH
Jo Aypiqeurejurews pue A)[iqepeal dy) SAJBN[EAI OLOUW SIYJ,

ey JUSWWO))

001 s ¢/ (S9[nI~ssopasnun~asnoy
-y317 + yduoseae[ pasnun_asnoyiysr) = 2100S

‘Suner aysodwod
oY} SB Pasn ST SAI0S JIPNE JUBAJ[QI JO ULSUW O} ‘OSIMISYIO ‘PIUINIAI ST DI0JS [[NJ B “PAjOJop
QI SIOINOSAI JUBPUNPAI OU J] "S[IEJIP 20In0SaI pue sTurAes 91Aq [enusjod se yons srojowered
ouwnu urejqo 03 uodar NOS[ asnoyiysry ay) sasted 1 “so[n1 §§O pasnun pue jduogeser
pasnun JI0j SOLNOW AdUBPUNPAI JORIXD 0] S}PNE ISNOYYSI] JUBAJAI $9JRISIUI OLIJoW SIY],

douruuIew Kyienb-opoos pue uoneziundo soueurioyrod
J10j siojedipul 9[qeinseaw uipraold ‘Aouepunpar 9poo Ssasse
0) $201n0sa1 §S)) pue JduogeAr[ pasnun sagynuenb oLowr SIY |,

ey Aouepunpay] apoD

( (sjoxid~mopIoA0™ e}

-uozuoy) - 001 ‘O)xewl = 91098

*2100s J1pne ue 0) paddew are sjox1d MOPISAQ SAB[OP [9A[-PUOIISOIDIW
puE UOTIEZIUOIYOUAS SWeIJ-SULIOPUAI [IIM PIZI[Iqe)S PUB PApEOTIUIUODNO( U0 pa1essin are
SJUQWIDINSEIJA "MO[IOAO [BIUOZLIOY AJrjuenD 0} JUSWI[FIUSWNIOP JO YIPIAIUSID PUB YIPIA[[0IOS
U90M)9q QOURIIIP oY) soyndwod jdogeae pajoalu] JUSWUOIIAUD 01 7] QUOYJT UB Jje[Nd
0) WYSMAR[J SOSN puB I9ISN[O IOAIAS-JILH [B90] B U0 SO TINLLH oY) SISOy Omjow SIyJ,

‘YIp1m 10dmata JnoAey 1oy
omow auraseq e 3urpraoid pue sprepuels ugisop-aarsuodsax
yim oouerdwod Juikjnuenb £qa1dyy 001 juowndop Y e
SIN200 SUI[01dS [eIu0ZLIOY pajdddxoun 1oypoym 3unodjep Aq
sy10dmara ofiqowr ur Ayrfiqedepe JnoAe] SOJEN[EAD OLIJOW SIY T,

Aiiqneduio) 21A9( A[IQON

001
« (seameayT[[e / sarmeo) o[qneduwiod) = 2100s

*SUOISIOA
I9smo1q 1051e) 9y J0j snyeys 1oddns sunuislep 03 Blep O IsureSe paredwod d1e saInjeay sy ],
-asn ur S|V 1dLogeAe pue (s9[A1s aulul pue s31a9ysa[A1s woiy) sentedoid §§O enioe 10enXxd
0) s3d110s 100fur pue a8edqom o) peoy 01 JYSumAe[d sosn 1] “syoayd Aiqnedwos sewoine o)
901n0S 0URIJRI E sk (D) seqereq Anjiqnedwo)) 10smorg NJIA 2Y) SeIeISul d1noul siy |,

's[oAd] Apiquedwos A nuenb o) s1osmoiq 3a81e) pajrod
-dnsun ur [rej Aew Jey) soINJedy SayNuApI I S[JV iduoseaer
pue sonzadoid SO Jo osn oY) Sururwexd A[eoyroads ‘suors
-IOA JOSMOIQ JURIRJJIP Ss0Ide A[Iquedwiod seyen[ead JLAUI SIY ],

Aniqueduio)) 198mo1g-sso1)

00] % 21005~ A)I[IQISS900EaSNOPYSIT = 2109S

‘uoneIn3yuod 11odmara pue
‘uonere[d>ap a3en3ue] ‘AN JUAWNI0P ‘VdueIdwod YIYY ‘suondrosap JuIf ‘S[oqe| ULIo) ‘Inonns
Surpeay ‘soneI ISLIU0D ‘SAWRU U0YINQ X3} QANBUIA)[E SUIPN[OUT ‘SIOJRIIPUT 310D || SIJEN[BAD
J1 1odax NOS[ Sunnsar oy sasied pue o[npour AJI[IGISS00e ISNOYIYSIT oY) SOYOAUT OLIJOW SIY ],

‘USSP QAISN[OUT JOJ SYTLWYOUI] dATILIN)
-uenb Suipraoid ‘sprepuels DY PIM JudWUSIE J0J (RINONIS
onuewas pue ‘poddns uonesiAeu p1eoqAdy 1x9) dANRUIS)E SB
yons) sarnjeaj AI[Iqrssaode Aoy 3unosap Aq jujuod a3edqom
Jo doueridwod AJ[IqIssadoe sejen[eAd A[[eONewa)sAs OLIow Sy ],

SOINQIA 210D KJIQISSRIY

001 s 9100s_oourwIOfdd —asnoyPYSIT = 2109

'sanfeA 9[eds-a8eIuadiad ojur wiay) SunteAuod ‘(LLL ‘ST1D ‘LAL dDT dOd)
soImaw A9 Al pUE 2100s £1050)80 AOUBUIIONIO] A} SIOBIIXS PUE ‘SJNOJWIT IOINS PUB UOT)OA[[0D
Kquo-voueuriojrod (s 9sNOYIYSIT SUNT ‘JUSWUOIIAUD JUDISISUOD B AINSUD 0) JOAIS J I, LH [890]
Pale[OST ue sayoune] )] ‘so[npout sisA[eue-ooueuiiojrod s osnoyiySIT sojeIdojur oLeuw sy,

'spr0dar doueuioy1dd paqrelop Sunerouas pue
sorow ooueurioy1dd Jurkynuenb ‘saSed TN LH JO sluowssasse
ooueuiograd ajeuro)ne 0 [00) SNOYIYSIIT Y} SN DLW SIY T,

QOURULIOJIO] [RIOUID)

001 s ((((T + Wnu~90IN0SaI [8103)
/ WINU20IN0SAI PI[eAUl) + [)Z30] - [) = 21008

‘suonnqre
JOIId PUE $3JBIS UOHEPI[EA PaINIonDs sindjno wojsAs Ay ], “SY09YD WoIsAs-9[l BIA SAIINOSAI [EI0]
pue “(Surjpuey TSS PUE 192IIPal IM LHD 01 Yorq[[E) ISIY QVHH) sisenbor JLILH paroe]
BIA S90IN0SAI dj0wal :J000j01d £q ST sorepifea uay) ‘(:3duoseael <°3-9) sjoooj01d [erdeds pue
s1opjoyadeld are[dwo) Jno s1A[yY I “(oIs pue [ISewr se yons suroned xoFaI yim paydjeur)
9poo jduogeAR[ Ul pappaquid ST pue ("9 9duds ‘oapia ‘Swir) sSe) pauyepaid BIA paduaIdjar
$901n0831 o13e)s :syred 90INOSAI JO SASSL[O 0M] J0BNXD 03 INOW "TINLLH 2y) sested ommow siyJ,

'SOJBI $5900NS PEO] 20IN0sal saynuenb J1 yrewyouaq Ayfenb-qom
oy Jo yred sy “Ajfenb douorradxe-1osn pue ssouold[dwood Juo)
-U0d SULINSUD ‘9[qISSIIOL AT SIUSWNIOP TIALH Ul PIOUAIDJAI
$109UsQ[A1S pue ‘sa[ oIpne ‘SOIPIA ‘SoFewl Joyloym Sunyoayd
£q $92In0S2I PApPAqUID JO ANIGR[IBAR U} SIJBN[BA OLIJOW SIY L,

KYIpI[eA 921n0SaY

uoyemIE)) 100§

[re3dq uoneyududuy

asodang

JLIPIN

“(TIT Med) SOMaW UOT)BN[EAS INO JO SB[NUWLIOJ UOTJB[NO[BI 109S pue ‘s[rejap uonejuawadw ‘osodind 9y 03 uononponur pa[relap v :6 9[qeL

11647



02000 | TI800 SITI'O | TILS'O TSLYO-| I9L0'0 LLEY'0- 6€T00-| LITI0- | 0899°0 86£T0O 9SHET 6901°0-|9910°0- 8¥T0'0- S610°0 €9TH 0~ 619F°0- 1LIS0-| 60¥T0 TLET0- 866T°0- L1610 96L0°0- JURBY XeNIUIN +1
6860°0 | 8FE00 | THETO | 98P0 9TETO-| TSEO'0 STEY'0- O1E0°0-|  06v0°0- | 89STO TSLO'O OLLO'0- TTTO'O-|#10°0~ €€L0°0 89000 I¥H1°0- 11ST0 +9€+°0-| 60bT0 T6YT0- S981°0- 1TT0°0- 8LTTO SnuBN €]
SYLTO | L6VTO SI6E0 | S09E°0 STPT0-|9$8T'0- v€TTO TOIF0-| +ITI0 | SHSO'0 T69T'0 63850~ T990°0-| 06L0°0 ¥SSO'0 TEFTO- ¥EOT O~ L60T O~ 6S68°0 |LL6TO- 1860°0 0EL90- £601°0 6ST60 YSIH-G-LdO TI
vL8T'0 | 66810 S6PI°0  [S80ETT- €4TI°0-| €L61°0 0S60°0 I+TT0| 9L81°0-  |T10VI0- €LST°0 L8ST0- 8860°0-|1L60°0- 9FETO €09C°0- +9ZI'0 8000°0 0800°T |1L90°0- 80¥1'0 €0SI°0- 6LL9 0~ +S69°0 YSIH-X0p0D)-G-1dD 11
886C°0- | €00L0- | IS8L°0- |08960- OLVO'0-| 9FTI'0 STLO- €8€TO| €8IT0O- [LEISO- LPET'O TE€STO- T€0T°0 |LLTE0- T6TY'0- OSET'0 €¥8F0- SLYTO 19TT°0-| TITI'0 866€°0- L98E'0 6¥80°0 6S+9°0- 0T-T1-¥20C-07-1dD 01
T0€0°0 | LLOTO SP90°0 | ¥TITO- $OP1°0-|€€90°0- T¥FI'0 L9900 | 8L6T°0-  |#¥T0'0- ¥6T1°0 9SST0- TI90'0 |6TLI°0- OLIT0- 8TTT°0- 91950 8880°0- 6LFH 0 |SFH0O'0- SST0'0- $T80°0 TISI'0- T#SE0 01d-G'Z-IUWAD 6
IPS1°0 | #8S1°0 TLTTO | $T8Y'0 STLO0-|POTI'0- ¥8ST'0 6LLTO-|  SSE0'0 | HOEI'0 S6SI°0 1S9S0- $ETO0 | TSOI'0 ¥680°0- #6200 £€880°0 €0STO- LOTE0-|9P8TO- €FI0°0 €9EH0- 66L0°0 09850 TIN-XENIUINL 8
96100 | 90000~ | LE00'0- |6F00°0- S6TI'0|LLET'O LYET'0- 90000 | 66S0°0  |STHI'0- ¥HE0'0- €190°0- LISO0 |TPST0- 08F1°0- OEPI'0 LEOE0- 0ETI'0 L6LTO|18T00- 8870°0- 19ST°0 I+61°0- LP9T 0~ WNNSU[-HCTV-ISET-CUOMD L
1980°0- | SOIT°0- | SOTI'0- | LSTI'O +E€61°0|€880°0 €910°0- 6L91°0| T6HI'0 | SO0TO TLKO'O- LL6E 0~ 800070 | ISYO'0 LSLI'O LELOO £P8Y0- ¥9ET°0 +€89°0-| 6¥80°0 80910 YLSI'0 €¥S0'0- 0SSE0- SNd-19poD-cuImd 9
19600 | S880°0 | TTIT'0 |8SSO'0 STLOO|L8SO'0- 8TITO T1€0°0-| HOVO'O | 8E09°0 ¥THTO +0LS'0 9LTO0-| 08LO0 €0ST'0 LTEO'0 TEED'0 #980°0 008L0|0801°0 ST0TO I810°0- THT'0 080T 0- STINTID §
S6£0°0- | TSTO0- | 86000~ |0890°0- 09L0°0 |¥LTI0- 8L0T°0- 8€80°0-|  LTOI'0  |8TLO'0- THE1'0- 09TI'0 €£10°0-| 06¥0°0 9090°0- 1800 T06T0 8S8Y0'0 8998°0-| S8E00 87600~ TST'O ¥SOI'0 8E0Y'0-  SuPUIYL-T'¢A-¥oosdeaq ¥
¥200°0 | 62000- | 69€0°0 | 608€0 €LTI'0|0£60°0 0SST'O LIOI'O| €0TI'0 | ¥FOI'0 OLPI'O- [L9S°0- SOE0°0-| ITLI'O 66£T°0 0SSO0 SIETO- $S90°0 8E¥L'0|0901°0 S6¥1°0 16L0°0 1L61°0 9¥8T0O-  SNUIIAL-T ¢A-Yeasdoaq ¢
TSTO0- | 89€0°0 | T000°0- [€SS0'0- €6S0°0 [9001°0- 801T'0- 9080°0-|  8TLO'0  |LSOT'0- $¥981°0- #$90°0- L600°0-| LZHO'0 TELO'0- SOSO'0 TI9TO T080°0 ££88°0-| T090'0 #8TO0- 8IST'0 8STI'0 €TTH 0O~ I'eA-eagdoaq ¢
S6100 | 61700 | £690°0- | TOLI'0 TTHO'0|9LOI'0 STLI'O €E¥1°0| 8bT0'0  |80SH0 8TI0'0 6SO1°0 TISO'0-| TS61'0 $I9T°0 €£S0°0- T98S 0~ 0LF00- 9S6€°0-| TOI'0 8€60°0 TTII'0 9STI'0 669€°0- 8750-1¥-yoagdoaq |
vT %4 44 |14 0T 61 81 L1 91 9 4! €1 4! 1 01 6 8 L 9 S |4 € 4 1
JuWUSIY judwudiy judwusyy Lyend Lyend L1end Lyend
JuANUO) [ensiA  [euonoduny Amqeureue Amgssay UBULIOLDJ JuANUO)) [ensip apo) PO I

In this table, the values are greatly larger than

Table 10. Z-scores represent differences in standard
those in Table 4, since these values are unweighted.
The z-scores faithfully reflect the differences be-
tween models.

deviations from the mean for each metric. We
adopt z-scores to resize the raw scores of different

metrics to a comparable scale, and then weight

We present the detailed and unweighted z-scores in
them according to our derived weights.

B Unweighted Z-score Results

‘[OPOW YOBa puE JLIJAUW YOEa I0J SAI09S-Z pAjyIromun payreld(q 01 9[qeL

We can also rank the models according to their
scores on each individual metric, yielding 24

sub-leaderboards that reflect the models’ capabili-
ties on specific metrics. Model developers can then

target optimization efforts toward the metrics on

which their models rank lower.
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C Analysis of Unscorable Cases

In this section, we analyze the cases in which
each evaluation metric fails to produce a valid
score. When computing averaged scores and over-
all scores, we exclude unscorable cases rather than
assigning them a score of zero, since extreme val-
ues would substantially distort the z-score distribu-
tion. Given that the number of unscorable cases for
each model does not differ greatly across metrics,
we believe that computing the average z-scores
over only scorable cases is reasonable.

The number of unscorable cases for each evalua-
tion metric and each model is shown in Table 11.
We conduct a manual analysis, and classify the
unscorable cases into four categories.

First, no scorable content is found in the arti-
fact (i.e., the denominator of the metric is zero).
This category takes a major proportion among un-
scorable cases. Metrics such as Media Quality and
Icon Style Consistency are computed using invalid
media or inconsistent icons divided by the total
number of media items or icons. However, many
artifacts contain no media or icons at all, resulting
in a zero denominator.

Second, external tool execution faces failures.
Metrics such as Best Practices and Performance
rely on external tools (e.g., Lighthouse) for scoring.
For some artifacts, Lighthouse fails to produce a
score due to issues such as timeouts and rendering
eITorS.

Third, the LLM-as-a-judge paradigm is dis-
turbed by artifact content. In some cases, the LLM
repeatedly generates the same character (e.g., “>")
within the artifact, even repeating for hundreds of
thousands of tokens. When scoring such artifacts,
the large number of meaningless tokens prevents
the LLM judge from reliably following the scoring
prompt, resulting in failure.

Fourth, business logic causes the page to stay
in a loading state or to exit immediately. In some
cases, the artifact’s business logic keeps the page
always loading, or terminates when the required
local data files are missing. When these artifacts
are evaluated using browser-based automation, the
process times out or fails to render, making them
unscorable.
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Table 11: Number of unscorable cases of each evaluation metric for each model.
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D Questionnaire for Collecting Human
Preferences

The questionnaire that we use for collecting human-
preference-aligned weights is presented as follows.
We randomly reorder the options in each question

to avoid bias.

Questionnaire Contents:

We are studying the effectiveness of LLMs in the web
application generation task. In this task, users provide the
model with web-development requirements (for example:
“Help me build an XXX web application”), and the model
generates the corresponding code of the web application.

Please take the perspective of a real end user and, based
on your personal preferences, rank the importance of the
evaluation dimensions listed below. The ranking results
will help us better understand users’ priorities in actual use.

1. When using a model to generate web applications, which
perspectives do you care about the most? Please rank the
following dimensions according to your level of impor-
tance.

- Visual Quality: whether the webpage appears aes-
thetically pleasing and professional, and whether it adopts
appropriate color combinations.

- Code Quality: whether the webpage code is correctly
implemented, free of bugs or errors, and compliant with
engineering best practices.

- Content Quality: whether the copywriting is clear to
understand, the images and videos are high-resolution, and
the information is rich.

- Performance Quality: whether the webpage loads
smoothly and runs efficiently in practice.

- Accessibility: whether the webpage benefits dis-
abled people and displays correctly across different devices
and browsers.

- Maintainability: whether the webpage code is easy
to read and modify.

- Functional Alignment: whether the webpage func-
tions and business logic are implemented according to your
specifications.

- Visual Alignment: whether the layout, colors, and
appearance are implemented according to your specifica-
tions.

- Content Alignment: whether the text, images,
videos, and other resources in the webpage follow your
specifications.

2. When using a model to generate web applications, which
aspects of visual aesthetics do you care about the most?
Please rank the following dimensions by importance.

- General Visual Experience: assessing the overall
visual experience when using the webpage, emphasizing
aesthetics, design quality, and consistency between style
and content.

- Component Style Consistency: assessing the usage
of paratactic components and whether their internal ele-
ments (titles, icons, text, etc.) are stylistically consistent.

- Icon Style Consistency: evaluating whether the icons
used follow a unified style and whether inconsistencies
exist in size, line weight, or background shape.

- Layout Consistency: assessing how orderly the lay-
out is, and whether components in rows or columns are
properly aligned.

- Layout Sparsity: evaluating the structural rationality
of the layout and checking for excessively long or wide
empty areas.

- Visual Harmony Degree: evaluating the harmony of
the webpage’s color scheme, including diversity, balance,
and aesthetic coherence.

3. When using a model to generate web applications, which
aspects of code quality do you care about the most? Please
rank the following dimensions by importance.

- General Functionality Correctness: evaluating
whether the implemented functions and business logic are
correct.

- Best Practices: evaluating adherence to web de-
velopment best practices, including avoiding vulnerable
JavaScript libraries, deprecated APIs, improper document
declarations, or unreasonable permission requests.

- Error Handling: evaluating the code’s ability to han-
dle exceptional inputs (null values, errors, etc.).

- Runtime Console Errors: assessing dynamic cor-
rectness by rendering the code in a browser and checking
console logs for severe errors.

- Static Syntax Checking: evaluating whether the
code’s syntax and style are correct.

4. When using a model to generate web applications, which
aspects of content and media resources do you care about
the most? Please rank the following dimensions by impor-
tance.

- Copywriting Quality: assessing the overall quality
of the text accuracy, clarity, brevity, contextual consistency,
user-friendliness, and compliance with UX and industry
standards.

- Media Quality: assessing the quality of media such
as images and videos, including clarity and playability.

- Placeholder Quality: evaluating whether placeholder
images are used appropriately, without misuse, distortion,
excessive repetition, or improper placement.

- Resource Validity: assessing whether embedded re-
sources (images, videos, audio, stylesheets) are accessible,
previewable, and successfully loaded (e.g., no broken links
or 404 errors).

5. When using a model to generate web applications, which
aspects of accessibility do you care about the most? Please
rank the following dimensions by importance.

- Accessibility Core Metrics: evaluating support for
users with visual impairments and other groups, checking
whether the readable description text is included, the key-
board navigation is supported, and the compliance with
WCAG standards.

- Cross-Browser Compatibility: evaluating whether
the webpage renders and functions correctly across differ-
ent browsers.

- Mobile Device Compatibility: assessing layout
adaptability in mobile viewports and checking for over-
flow or abnormal rendering on mobile devices.

6. When using a model to generate web applications, which
aspects of code maintainability do you care about the most?
Please rank the following dimensions by importance.

- Code Redundancy Rate: assessing how much un-
necessary or unused code is present, leading to tedious
code.

- Comment Rate: evaluating whether natural-language
comments are sufficient to aid developers in understanding
the code.
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E Manual Labeling Guidelines

This section presents our guidelines for human an-
notators to merge multi-turn requirements, filter the
dataset using majority voting, build ground-truth
checklists, and assign labels to each requirement.

E.1 Merging Multi-Turn Requirements

Guidelines for merging multi-turn requirements:

Input: Multi-turn user requirements, the merged require-
ments produced by an LLM.

Output: The merged requirements that are checked and
processed by human annotators.

Workflow:

* Only turn-level additions or deletions are allowed;
modification-only turns or turns without substantive
requirement semantics should be removed.

* In cases of contradictory requirements, the later turn
takes precedence; earlier conflicting turns should be
discarded.

¢ Model-generated merged requirements are displayed
in the “summary” column. Human annotators must
validate outputs and correct issues according to Ta-
ble 12.

E.2 Dataset Filtering

Guidelines for dataset filtering:

Input: User requirements.

Output: A True / False label for each requirement, indicat-
ing whether the requirement is usable.

Workflow: Requirements that belong to the following
cases should be marked as “not usable”.

1. Ambiguous or Logically Incoherent Require-
ments: The requirement is unclear or logically in-
consistent. Examples include:

* The user only uploads an HTML file without
specifying any requirements.

* Requesting an “infinite block map” in HTML
without further explanation.

2. Missing Supplementary Data: The user’s require-
ment lacks essential supplementary materials, such
as images or links required to fulfill the request. Ex-
ample:

* “Please generate a military training commemo-
ration website with sections: 1. Title 2. Photo
Wall (use only uploaded reference images, no
external resources).” In this case, the required
reference images are not provided.

3. Non-native Web Scenarios or Non-Web Imple-
mentation Languages / Frameworks: The require-
ment specifies a context that is not native to standard
web apps, or requires implementation in languages
/ frameworks outside of native HTML / CSS / JS.
Example:

» Using ESP32-S3 with a ST7789V display and
FT6236U touch panel to create an interactive
demo.

4. Difficult-to-understand Requirements: The re-
quirement cannot be quickly interpreted to identify
the main functional requirements by an expert with
front-end development experience. Examples in-
clude:

* Not suitable: “Toilet Man” (ambiguous).

* Suitable: “Implement a Tetris game” or “Gen-
erate a Bomberman-style mini-game.”

E.3 Building Ground-Truth Checklists

Guidelines for building ground-truth checklists:

Input: User requirements, the functional, visual, and con-
tent ground-truth checklists generated by three distinct
LLMs.

Output: The functional, visual, and content ground-truth
checklists validated and modified by human annotators.
Workflow: You are required to validate and modify the
ground-truth checklists generated by LLMs based on the
user requirements. The possible operations include:

* Addition: Add requirements that are explicitly men-
tioned by the user, but missing in the LLM-generated
checklists.

* Deletion: Remove requirements that are presented in
the LLM-generated checklists but are not mentioned
by the user and are unreasonable or should not appear
in the final checklists.

* Retain: Retain requirements that at least two out
of three models consider essential. Note: Different
models can express the same requirement differently,
and you should merge semantically equivalent items
(e.g., “bomb timing and explosion” and “bomb deto-
nates on timer”).

The definitions and examples of each ground-truth check-
list are shown in Table 13.

E.4 Assigning Labels

This section presents a detailed classification
scheme and the underlying rationale for the require-
ments in the dataset.

E.4.1 Input Modality

The human annotators are asked to label each re-
quirement according to Table 14.

E.4.2 Clarity of Requirement

The human annotators are asked to label each re-
quirement according to Table 15.

E.4.3 Style of Expression
The human annotators are asked to label each re-
quirement according to Table 16.

E.4.4 Artifact Complexity

The human annotators are asked to label each re-
quirement according to Table 17.
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Table 12: Possible issues of requirements merged by the LLM.

Issue

Description

Loss of Key Information
Redundant Content

Hallucinated Content

Content Rewriting / Paraphrasing

Fail to Handle Conflicts

Relevant content present in the original context is lost due to compression.
After compression, repeated content still appears, or multi-turn requirements
are merely concatenated without proper merging.

The model invents or incorrectly recalls information not present in the original
dialogue.

User requirements are not fully preserved; the model rephrases or simplifies
user expressions.

Contradictory instructions across turns are not properly resolved.

Table 13: Illustration of ground-truth checklists.

Dimension

Definition Example

Visual ground-truth check-

list

Visual design require-
ments mentioned by users

“I need a red, industrial-style themed webpage with a blue
button below the form for submission.”

Functional ground-truth

Widget constraints men-

“I need a table displaying xxx information, with a search box

checklist tioned by users above the table to input and filter results, and a menu bar.”
Functional points men- “The website can search for types of marine sharks.”
tioned by users “I need the mouse to hover over the enter button for 3 seconds to
Interaction actions men- enter the application; I need to drag the card to the schedule list
tioned by users to modify the schedule.”

Content ground-truth  Content to be displayed “Ineed to display today’s news on the webpage.”

checklist mentioned by users

Table 14: Classification of input modalities in user requirements.
Input Modality Definition Examples
Text Only The user specifies requirements exclusively via textual “I want a black website header with

description, without visual or structural references. This
mode relies entirely on natural language to convey in-
tended functionality, style, or content.

three navigation links.”

Text with Images

The user provides one or more images, design sketches,
or screenshots, accompanied by a textual explanation
specifying desired modifications or adaptations. The
images can be used as either references or content. This
approach leverages multimodal inputs to enhance speci-
fication clarity.

“[Upload one or more website screen-
shots] Replicate the layout and color
scheme of this page, but replace the
text content with mine.”

Text with URLs

The user provides a specific web address (URL) as a
reference point, requesting replication, adaptation, or
stylistic emulation based on the referenced online re-
source.

“Study the page style of https://
www . apple.com/mac/ and create a
similar product introduction page for
my offering.”
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Table 15: Classification of requirement clarity levels.

Level Designation

Description

Required Capability

Examples

Cl1

Clear

The user provides exception-
ally concrete and detailed
requirements, effectively re-
sembling a concise specifica-
tion document. This may in-
clude explicit functional ele-
ments, user interface compo-
nents, and even prescribed in-
teraction sequences.

Precise Execution: The LLM
is required to implement all
specified details with exact
fidelity, allowing minimal
scope for autonomous inter-
pretation.

“Create a contact form
with three required fields:
‘Name’  (text input),
‘Email’ (email input),
and ‘Message’ (text area).
Below these fields, place
a ‘Submit’ button. Upon
successful  submission,
clear the form and display:
‘Thank you for your
message!’.”

C2

Intermediate

The user articulates a clear
objective or core functional-
ity while omitting most im-
plementation details. The
emphasis is on the desired
outcome (what is needed)
rather than the process (how
to achieve it).

Interpretation and Comple-
tion: The LLM must infer the
essential goal and proactively
complement missing specifi-
cations based on industry best
practices or commonly ob-
served design patterns (e.g.,
UI layout, interaction flows,
error handling).

“Develop a to-do list appli-
cation.”

“I would like a weather
forecast app.”

C3

Vague

The user presents only a
loosely defined concept, in-
tuition, or open-ended query,
without a specific functional
target. The requirement is
exploratory in nature and en-
courages divergent thinking.

Creative Generation: The
LLM must engage in exten-
sive association, reasoning,
and ideation, and may proac-
tively propose potential direc-
tions or features. In such
cases, the notion of ‘“cor-
rectness” is inherently non-
deterministic.

“Create a tool to improve
my work efficiency.”
“Design an engaging home-
page for my personal
blog.”

“Suggest ways to make my
photos look more stylish.”
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Table 16: Classification of expression styles.

Level Designation

Description

Required Capability

Examples

S1 Technical The user issues require- Technical Terminology Com- “Implement a SPA, containing
ments in a precise, ob- prehension: The LLM must a ‘Header‘ component and a
jective, and often techni- be capable of interpreting reusable ‘Button‘ component.”
cal manner, akin to a de- domain-specific jargon (e.g., “Generate a RESTful API back-
veloper or product man- “SPA”, “API”, “responsive end framework for the ‘user*
ager providing implemen- layout”, “hook”) and accu- entity, including CRUD end-
tation directives. rately mapping such terminol- points.”

ogy to concrete implementa-
tion strategies.

S2 Colloquial The user communicates Natural Language Under- ‘“Hey, could you make me a
in everyday, informal lan- standing (NLU): The LLM small website to showcase pho-
guage, similar to convers- must possess strong NLU ca- tos of my cat so friends can
ing with a friend. pabilities to accurately extract view them?”

core requirements and key en- “I just want a simple expense

tities from casual, idiomatic tracker to record daily spend-

descriptions. ing, with a monthly total
view.”

S3 Role- The user defines a con- Contextual Comprehension “As a fitness coach, I need

playing text or adopts a role, and Empathy: The LLM must an application to manage my
thereby embedding the adopt the specified role, un- clients’ profiles and their train-
request within a rich nar- derstand the authentic pain ing schedules.”
rative framework. This points and latent needs appar- “Assume [ am organizing a con-
approach provides exten- ent in the given scenario, and ference; I require a simple
sive situational informa- produce outputs aligned with  check-in page.”
tion. the contextual demands.
S4  Analogy The user describes re- Knowledge Transfer and Ab- “Create a kanban board similar

quirements by drawing
analogies to familiar ap-
plications or concepts.

straction: The LLM must
identify the core functional-
ities and interaction patterns
of the referenced analogy, ab-
stract them, and adapt these
elements to a new application
domain.

to Trello, but simpler.”

“I would like a photo filter fea-
ture similar to Instagram.”
“Develop a voting tool akin to
WeChat group voting.”
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Table 17: Classification of complexity levels of expected artifacts.

Level Designation Description Function Business Logic Ur/ux Examples
L1 Highly A single, iso- Stateless  single- Direct linear logic: Minimalist inter- “Generate a Celsius-to-
Simple lated function- function imple- input — process — face: single page Fahrenheit temperature

ality without mentation, such as output, without con- containing only converter.”
data persis- calculation, conver- ditional branching, essential I/O com- “Create a page display-
tence, typically sion, or plain text multi-user roles, or ponents (e.g., text ing ‘Hello, World!".”
serving as a rendering. No data state changes. field, button, label)
tool or static storage or backend and no navigation.
display. involvement.

L2  Simple A basic CRUD Single-entity Simple state man- Single-page dy- “Build a to-do list
application cen- CRUD: manages agement: create, namic application application that allows
tered on a sin- one main object read, update, and (SPA): operations adding, deleting, and
gle core entity. (e.g., to-do item, delete operations are handled entirely marking tasks as com-

note) with fun- for a single entity within one page pleted.”
damental data without complex by component “Create a simple note-
persistence (local relations or access showing/hiding/up- taking application with
storage or simple control mecha- dating, including list and view functional-
database). nisms. lists and simple ity.”

forms.

L3 Medium Involves multi- Multi-module / Conditional and Multi-page / multi- “Develop a simple blog-
ple interrelated multi-entity  rela- role-based logic: view  navigation: ging system with user
functional tionships: at least distinguishes be- incorporates multi- registration/login, allow-
modules,  or two associated enti- tween simple user ple pages or views ing users to publish arti-
includes simple ties (e.g., users and roles (e.g., adminis- (e.g., homepage, cles and administrators
workflows and articles, products trator vs. standard detail page, admin to review them.”
role  distinc- and categories). user). Supports ba- panel) with struc- “Create a book manage-
tions. May involve basic sic workflows (e.g., tured routing and ment system that en-

third-party API article publication navigation (menus, ables adding book in-
calls (e.g., weather requiring review), tabs). formation (title, author)
data). with  well-defined and viewing by author
data validation categories.”
rules.

L4  Complex Comprises Integration ~ with Complex multi- Dynamic, feature- “Develop an online food
complex busi- multiple  system- step workflows: rich interfaces: ordering  application
ness processes, s/services closely business logic advanced forms, where users browse
multi-system tied to core business involves sequential data filtering, sort- menus, add items to a
integration, and (e.g., payment processes and ing, visualizations. cart, pay via Alipay, and
rich interactive gateways, mapping state changes (e.g., Real-time or near- view order status.”
interfaces. services, SMS e-commerce order: real-time updates “Build a project task

verification). Re- cart — address — based on user board enabling creation

quires handling payment — confir- actions or backend of task cards and drag-

of  asynchronous mation). Includes data. Requires and-drop  movement

operations and data advanced permis- responsive design. between ‘To Do’, ‘In

aggregation. sion handling and Progress’, and ‘Done’
validation rules. lists.”

L5  Highly Enterprise- Platform/system-  Highly = complex Highly  dynamic “Build a Trello-like

Complex level or level functionality: business rules and and collaborative team collaboration plat-
platform-scale scalable architec- finite-state ma- UI/UX: supports form with boards, lists,
application ture supporting chines: fine-grained real-time multi- and cards, supporting
requiring high multi-tenancy, access control, user collaborative drag-and-drop and real-
concurrency,  real-time communi- risk management, actions (e.g., collab- time synchronization of
real-time col- cation (WebSocket), financial computa- orative document team member actions.”
laboration, or complex back- tion, or multi-party editing, design “Create a basic online
and advanced ground operations synchronization tools). Includes code editor with syn-
algorithmic or (e.g., data analytics, logic. advanced data tax highlighting and
data processing ML model invoca- visualization and real-time collaborative
capabilities. tion). customizable lay- editing among multiple

outs, requiring high users in the same ses-
performance and sion.”
UX quality.
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F Prompts for LLMs

This section presents the prompts that we use to
leverage LLMs in our dataset construction process,
data analysis, generating artifacts, and conducting
evaluations.

F.1 Prompts for Merging Multi-Turn
Requirements

During the dataset construction process, we first
merge multi-turn requirements to single-turn ones
using the LLM, and then let human annotators con-
duct validation and modification. The prompts that
we use are as follows.

Prompts for merging multi-turn requirements:

You are a Requirement Analyst. Your task is to process a
multi-turn conversation record regarding “application gen-
eration” requirements, and merge the contents of multiple
turns.

**Task Objective®*:

1. Determine — except for the first turn — whether each
subsequent turn is: Functionality Addition (e.g., “Add XX
functionality”), Functionality Fix (e.g., “Fix XX issue”),
Non-functional Description (e.g., “Confirm requirement”,
“Start generation”, “Continue”). Keep only the turns of the
Functionality Addition type, and exclude all others.

2. Merge the first turn with the subsequent turns that are
Functionality Addition, keeping the original description
intact as much as possible, including any typos, without
altering the original content — only performing a simple
merge.

3. Between merged sentences, you may add or slightly
modify a few words or sentences to make the text coherent
and free of obvious merge traces.

4. If the original content contains JSON, only modify the
value of the “text” field.

Only output the merged content. Do not provide any expla-
nations or additional text.

Now, please merge based on the following multi-turn con-
versation content:

{User Requirements}

F.2 Prompts for Generating Classification
Labels

To analyze the statistics of our dataset, we first
employ LLMs to generate detailed labels for each
requirement, and then ask human annotators to
check and revise these labels. The prompts that we
use are shown in Figure 6.

F.3 Prompts for Generating Ground-Truth
Checklists

In order to check the alignment of the generated
web apps with the corresponding requirements, we
let three LLMs generate ground-truth checklists
separately, and then ask human annotators to decide
the final checklists for each requirement in our

dataset. The prompts that we use are shown in
Figure 7 and Figure 8.

F.4 Prompts for Generating Artifacts

Prompts for generating artifacts using LLMs:

You are a professional web front-end application engi-
neer and designer. You will receive user requirements
for front-end web pages and write web page code to fulfill
those requirements.
Note:

1. Your output should only include the code itself,
with no additional explanations.

2. You may only use native front-end languages
(HTML, JS, CSS) to build the page.

Prompts for generating artifacts using LLM-based
agents:

You are a professional web front-end application engi-
neer and designer. You will receive user requirements
for front-end web pages and write web page code to fulfill
those requirements.

##Delivery Requirements

1. You must implement the requirements using only
native front-end languages (HTML, JS, CSS).

2. If the implementation can be done in a single file,
then you may deliver only one HTML file.

3. If the implementation requires multiple files, then
you may deliver only three types of files: HTML files, CSS
files, and JS files.

4. The use of frameworks such as React is strictly
prohibited.

5. Only front-end functionality needs to be imple-
mented; no database or backend connections are required.
If backend-related functionality is involved, use mock data
to simulate it.

F.5 Prompts for Evaluation Metrics

Among all of our 24 evaluation metrics, 5 of them
follow the LLM-as-a-judge paradigm. We show
their prompts in Figures 9 and 10 (General Func-
tionality Correctness), Figures 11 and 12 (General
Visual Experience), Figure 13 (Functional Align-
ment), Figure 14 (Visual Alignment), and Figure 15
(Content Alignment), respectively.
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Prompts for generating classification labels:

*YRole*‘k

You are an experienced Al evaluation specialist, possessing an integrated perspective that combines the expertise of
a software architect, senior product manager, and user researcher. You excel at accurately and objectively analyzing user
requirements, and classifying them according to a rigorous set of standardized rules.
**Task**

Your task is to examine the content of [USER_PROMPT_TO_ANALYZE] and evaluate it strictly according to the
three dimensions defined in the “Dimensions & Rubrics” section: Artifact Complexity, Prompt, and Artifact Type. For each
dimension, you must provide a concise rationale for the assigned label and produce a complete analysis output in the specified

JSON format.
**Dimensions & Rubrics**
**Dimension 1: Artifact Complexity**
**Rules:**
1. Assess the following three sub-dimensions separately: Functional Complexity, Business Logic, User Interaction.
Assign a level from L1 to L5 for each.
2. Determine the final overall complexity level according to the “Highest Level Principle” — the sub-dimension with the
highest level determines the final rating.

Level | Functional Complexity Business Logic User Interaction
L1 Single, stateless functionality; no data | Linear direct logic (input — output). | Minimal interface (single page; basic
storage. components).
L2 CRUD operations on a single entity; | Simple state management for a single | Single-page dynamic app (lists,
basic data persistence. entity. forms).
L3 Multiple modules/entities; simple | Conditional and role-based logic (e.g., | Multi-page/view navigation with rout-
third-party API integration. admin vs user). ing.
L4 Deep integration with multiple sys- | Complex multi-step workflows (e.g., | Rich dynamic interactions (filtering,
tems/services (e.g., payments, maps). | e-commerce ordering). sorting, charts).
L5 Platform-level functionality (e.g., | Highly complex business rules and | Highly dynamic and collaborative UL
real-time communication, multi- | state machines (e.g., risk control). (e.g., co-editing).
tenancy).
**Dimension 2: Prompt Style**
**Rules:**

1. Clarity: Choose from C1, C2, C3.

2. Expression Style: Choose from S1, S2, S3, S4.

3. The final result must include both labels.

*%2.1 Clarity**

C1: Clear & Specific — Explicit, detailed requirements akin to a small specifications document.

C2: Goal-Oriented — Defines clear objectives but omits implementation details.

C3: Vague & Exploratory — Expresses a broad idea or open-ended question only.

*##2.2 Expression Style**

S1: Instructional/Technical — Precise, objective, and possibly technical language.

S2: Colloquial/Natural Language — Everyday, informal wording.

S3: Scenario/Role-playing — Describes requirements via set scenarios or role assumptions.

S4: Analogy/Heuristic — Expresses ideas through analogy with well-known applications or concepts.

**Dimension 3: Application Type**

Rules: Select the most appropriate type from the following list:

E-commerce, Online Education Platform, Healthcare Platform, Travel Services, Financial Services, News Media
Platform, Entertainment/Gaming, Multimedia Platform, Corporate Website, Online Office Platform, Enterprise Back-office
Management, Al Application, Smart Device Interaction, Social Media Platform, Forum Website, Personal Website, Public
Service Platform, Utility Website, Data Visualization, Science Popularization Demonstration
**Qutput Format**

Your output must be a JSON object with the following structure. No explanations or text should appear outside the
JSON block.

{{ "application_complexity": {{ "final_level": "L_x_", "final_justification": "Core rationale for determining final level.",

non:

"dimensional_analysis": [ {{ "dimension": "Functional Complexity", "level": "L_x_", "justification": "Concise rationale

"o

for this dimension." }}, {{ "dimension": "Business Logic", "level": "L_x_", "justification": "Concise rationale for this
dimension." }}, {{ "dimension": "User Interaction", "level": "L_x_", "justification": "Concise rationale for this dimension." }}
] }}, "prompt_style": {{ "clarity": {{ "level": "C_x_", "justification": "Concise rationale for clarity rating." }}, "expression":
{{ "level": "S_x_", "justification": "Concise rationale for expression style rating." }} }}, "application_type": {{ "type":

"Selected type from list", "justification": "Concise rationale for type selection." }} }}
[USER_PROMPT_TO_ANALYZE]

{single-turn requirements }

Figure 6: Prompts for generating classification labels.
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Prompts for generating ground-truth checklists:

# **[System Role]** You are a senior requirements analyst and evaluation standards expert, responsible for understanding
user needs. We currently have a real-world user-provided requirement for a **web frontend application**. This requirement
may be vague or detailed.
In order to design and deliver a **fully functional, visually appealing, and content-rich product™* that satisfies the user, we
must break down the requirement into three structured dimensions: **Functional®**, **Visual**, and **Content**.
You must generate **Ground-Truth requirement points** in these three dimensions that correspond to the user’s stated needs.
Structured dimensions are as follows:
- **Functional **
- #*Visual **
- #*Content**
Please strictly follow the rules below and **base your analysis solely on the user requirement text**. Do not make subjective
assumptions or expand beyond what is explicitly stated.
## **[Task Objective]** Output the following types of **GroundTruth requirement points**:
### 1. **Functional **
The operations, workflows, or system functions mentioned or implied in the requirement (*“What should the system do
and how should it interact with the user?”’*).
#i## 2. **Visual**
Experience-related requirements concerning theme colors, responsive layout, animation effects (**“What should the
system look like, and what mandatory components must be included?”*).
### 3. **Content**
Page language type, videos, images, music, text copy, data sources, and other materials related to display or experience
(**“What content should the system present?”*).
## **[Decomposition Rules]**
### **Functional Dimension** (Functional)
**Goal:** Extract the **Minimal Functional Set (MFS)** required to fulfill the user’s need.
**Criteria: **
1. **Explicit mention first**: If requirement includes operational verbs (e.g., *upload, play, share*), directly split into
requirement points.
2. **Implicit completion**: If requirement is an abstract objective (*e.g., “create a file sharing platform”*), extract the
minimal functional set to achieve it:
- Upload files
- Generate sharing link
- Access link to download
3. **No divergence**: Do not infer features not mentioned (*e.g., “points system”, “admin dashboard”*).
4. **Consistent granularity**: Requirement point should be independently developable and testable (includes input,
processing, output).
5. Do not include programming language or framework requirements (*e.g., “must use Vue framework”*).
**Example:**
> “The system should be able to display product videos online.” — [Upload video], [Play video]
> “Users can upload and share files.” — [Upload file], [Generate sharing link], [Download via link]
### **Visual Dimension** (Visual)
**Goal:** Identify specific user demands for visual experience.
**Criteria:**
1. **Explicit mention first**: If requirement mentions colors or theme description (*e.g., “blue and white”, “industrial
style”*), extract as requirement point.
2. Focus on **theme colors, responsive layout, animation effects**.
3. Do not mention basic Ul elements (buttons, input boxes, tables, etc.) unless explicitly stated.
4. If mentions *style*, *brand colors*, *animation effects*, *adaptation for mobile/PC*, it is considered a visual
element.
**Example:**
> “Overall theme should be blue and white” — [Theme color: blue & white]
> “Interface must adapt for both mobile and desktop” — [Responsive layout]
> “Page transitions must have fade-in/out effects” — [Animation: fade-in/out]

Figure 7: Prompts for generating ground-truth checklists.
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Prompts for generating ground-truth checklists cont.:

### **Content Dimension** (Content)
**Goal:** Extract requirement points about content to be displayed.
**Criteria: **
1. **Explicit mention first**: If requirement lists specific media or content (*e.g., “today’s news”, “images”*), directly
extract. If content (images, text, etc.) is provided by user, emphasize “provided by user”.
2. Extract page language type, images, videos, audio, music, text copy, data sources, etc.
3. Exclude logical text (*e.g., prompts, error messages, guiding instructions*).
**Example:**
> “Display company promotional video and background music.” — [Video: Company promo], [Music: Background track]
## **[Output Format]**
The output must be in JSON format (not Markdown JSON) with the following structure:
{
"functionals": [
{
"type": "functional",
"name": "Functional requirement point name",
"description": "Brief description of the function and its application scenario"
}
1,
"visuals": [
{
"type": "visual",
"name": "Visual requirement point name",
"description": "Describe the purpose and presentation of the visual element (only color/responsive/animation)"
}
1,
"contents": [
{
"type": "content”,
"name": "Content requirement point name",
"description": "Describe the purpose and details of the content (video/image/music/copy/data source, etc.)"
}
1
"summary": {
"functional": [
"Function A",
"Function B"
1,
"visual": [],
"content": []
}
}

Figure 8: Prompts for generating ground-truth checklists continue.
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Prompts for the evaluation metric of General Functionality Correctness:

## [Role]
You are a senior front-end architect and testing lead, proficient in code review, white-box testing, front-end security,
performance optimization, accessibility, and industry business standards.
## [Current Time]
The current system time is {date}.
## [Objective]
Your task is to evaluate the quality of the web page code and assign a score from 0 to 10 for each of the following 10 criteria
to reflect its quality.
A score of 10 indicates the code is perfect, with no issues found during the code review.
A score of 0 indicates the code has severe syntax errors or major vulnerabilities, preventing it from running correctly.
A score from 1 to 9 indicates the code runs correctly, with higher scores representing better performance on the respective
criterion.
Please output a comma-separated list of 10 numbers enclosed in square brackets, for example: [9,8,6,4,2,0,0,0,0].
Each scoring point is independent; please consider and score each one separately.
### [Ten Evaluation Criteria and Scoring Guidance Examples]
1. **Functional Completeness & Business Logic**: Based on business requirements, ensure all functions are implemented
without omission, the logic aligns with business specifications, and check that static data conforms to scientific and business
common sense.
**Scoring Guide**:

**10 points**: All business functions are fully implemented, logic aligns with business requirements, and static data
conforms to scientific common sense.

*#7-9 points**: Most functions are implemented, with minor flaws in the handling of a few features.

**4-6 points**: Some business functions are incomplete, or there are errors in logic or issues with static data.

**()-3 points**: Severe omissions in business functions, or logic is incorrect or does not meet business requirements.
2. **Qutput Validation**: Following the code execution flow, evaluate if the output is correct. This includes checking value
outputs and system calls, verifying for logical errors, missing, or duplicate output content. It’s especially important to verify
that UI updates and state changes reflect business logic changes.
**Scoring Guide**:

**10 points**: All outputs are as expected, data is correct, and Ul and state updates are timely and complete.

*#7-9 points**: Most outputs are consistent with expectations, with minor inconsistencies in a few edge cases.

**4-6 points**: There are inaccurate outputs or updates that do not occur as expected, potentially affecting the user
experience.

**0-3 points**: Outputs do not match expectations, system calls are not executed as required, affecting normal
functionality.
3. **Forms & Critical Path Flows**: Includes pre-validation, disabled states, protection against duplicate submissions,
success/failure notifications, and redirects. Ensures important flows like payments and bookings are idempotent, have state
rollback mechanisms, and provide clear error messages, covering industry constraints (e.g., time windows, quantity limits).
**Scoring Guide**:

*#*10 points**: Form validation, disabled states, duplicate submission protection, and success/failure notifications are all
complete. Critical paths like payments and bookings have robust idempotency and exception handling.

*#7-9 points**: Most form and critical path flows are handled well, but some minor details are imperfect.

**4-6 points**: There are obvious flaws in form and critical path flows, leading to potential duplicate submissions or
state management issues.

*%(0-3 points**: Form and critical path flow handling is missing, severely impacting the normal progression of business
processes.
4. **Data Science Logic Validation**: Verify that static data and business logic within the code are reasonable, ensuring data
conforms to scientific principles and industry standards. Check the accuracy of data processing methods, avoiding hard-coded
values or illogical data assumptions.
**Scoring Guide**:

**10 points**: All static data is reasonable, and data processing methods align with industry standards and scientific
common sense.

**7-9 points**: Most data processing logic is reasonable, but some cases may have boundary issues or do not fully
adhere to best practices.

**4-6 points**: Data processing methods have errors or are unreasonable, potentially leading to business logic errors.

**(-3 points**: Data processing methods are clearly unreasonable or conflict with industry common sense, affecting
normal functionality.
5. **List/Card Display**: Check the state management and interactive behavior of list and card components, ensuring that
empty data placeholders and loading skeletons are implemented correctly, and error states are handled effectively with user
notifications.
**Scoring Guide**:

**10 points**: List/card display is perfect. Empty data placeholders, loading skeletons, and error state retries all work
correctly, providing an excellent user experience.

*#7-9 points**: Most display effects are good, but there are minor flaws in the display for certain states.

**4-6 points**: Some display features are missing, or error states do not effectively notify the user.

Figure 9: Prompts for the evaluation metric of General Functionality Correctness.
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Prompts for the evaluation metric of General Functionality Correctness cont.:

**()-3 points**: Display is severely inadequate. Empty data placeholders, loading skeletons, and error state retries do
not work, severely impacting the user experience.
6. **Correctness & Boundary Conditions**: Covers all boundary conditions, null/type checks, ensures resources are
released correctly, avoids concurrency/race condition issues, and ensures functionality remains reliable under various extreme
circumstances.
**Scoring Guide**:
**10 points**: The function performs perfectly under all boundary conditions, correctly handles null values and type
checks, gracefully releases resources, and avoids concurrency/race conditions.
**7-9 points**: Most boundary conditions are handled, but a few edge cases are not fully covered or have minor errors.
**4-6 points**: The function fails to work correctly in some extreme cases, there are issues with resource release, or
there are race conditions or omissions in null checks.
**(0-3 points**: Boundary conditions are not considered, there are multiple null or type errors, resources are not released
properly, and race conditions are severe.
7. **Security**: Includes input validation, output encoding, prevention of injection attacks (XSS/CSRF), and dependency
risk control to ensure the code is free from common security vulnerabilities.
**Scoring Guide**:
**10 points**: Input validation is complete, output encoding is strict, prevention against injection/XSS/CSRF vulnera-
bilities is comprehensive, and dependency risks are fully controlled.
*#7-9 points**: Most security issues are addressed, but some input validation or dependencies have potential risks.
**4-6 points**: Some security checks are missing, leaving potential vulnerabilities that could be exploited.
**(-3 points**: Severe security vulnerabilities, such as XSS or CSRF attacks, are not prevented.
8. **Branch & State Coverage**: Ensures ‘if/else/switch/ternary‘ structures comprehensively cover critical paths and
boundary cases, and handle early returns/exception branches; ensures proper management of variables, loading states,
disabled states, error states, and empty states.
**Scoring Guide**:
**10 points**: All branch paths (including ‘if/else/switch®, etc.) are covered, early returns and exception handling are
complete, and all states (loading, disabled, etc.) are managed reasonably.
*#7-9 points**: The vast majority of branches and states are covered, but a few paths or states are not fully handled.
**4-6 points**: Some branches or states are not covered, which may lead to logical errors or unhandled exceptions.
*%(0-3 points**: Critical branches are not covered, and state management is chaotic.
9. **Data Consistency & Flow Management**: Ensures DOM updates are consistent with the state, avoids race conditions or
dirty data issues caused by global variables and closures, and reduces data flow conflicts.
**Scoring Guide**:
**10 points**: Data flow management is perfect, DOM updates are always consistent with the state, and there are no
race conditions or dirty data issues from global variables/closures.
*#7-9 points**: Data flow is largely consistent, but there are a few minor inconsistencies or race condition issues.
**4-6 points**: Data flow is poorly managed, with obvious race condition problems or dirty data risks.
**()-3 points**: Data flow is severely chaotic, DOM updates are inconsistent with the state, and there are numerous race
conditions and dirty data issues.
10. **Asynchronous Operations & Error Handling**: ‘fetch/Promise/async‘ and other asynchronous operations have
complete error handling, timeout control, and are designed with fallback mechanisms and user-friendly error messages.
**Scoring Guide**:
*#10 points**: All asynchronous operations (‘fetch/Promise/async‘) handle exceptions and timeouts, and have complete
fallback mechanisms and user-friendly error messages.
*#7-9 points**: Most asynchronous operations are handled well, but some exception or timeout handling is incomplete.
**4-6 points**: Exception or timeout handling for asynchronous operations is inadequate, and error messages are
unclear.
**()-3 points**: Asynchronous operations do not handle exceptions or timeouts and lack error messages.
## [Review Rule Requirements]
A score is required for each item.
## [Output Rules]
Note: The final output should only contain the JSON content format. Do not wrap it in a Markdown JSON block.
{
"score": [1,2,3,4,5,6,7,8,9,10],
"summary": [
{{
"evaluationl":"Evaluation Content",
"score": "0-10",
"reason": "Brief Reason"
i3
1
H

user_requirements: {user_requirements}
Web Page Code: {html_content}

Figure 10: Prompts for the evaluation metric of General Functionality Correctness continue.
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Prompts for the evaluation metric of General Visual Experience:

# Role Setting

You are a senior product design reviewer with a keen aesthetic intuition and extensive user experience judgment. Please
evaluate the first-screen interface of a front-end application from a real user’s perspective, based on your subjective feelings.
# Review Mindset

- Use first impressions as an important reference

- Trust your intuition and feelings

- View the application from the perspective of an ordinary user

- Don’t get too caught up in technical details; focus on the "feel”

# Subjective Evaluation Criteria

## 0-1 Points - Design Lacking or Extremely Chaotic

- Almost no design awareness; the page appears extremely chaotic or incomplete
- Visual elements are piled up without order, lacking basic layout logic

- Color scheme is jarring or extremely disharmonious, causing strong discomfort
- Information is completely inaccessible; user experience is extremely poor

- Gives the impression of "this is a work in progress" or "something went wrong'
## 1-2 Points - Basic Functionality Available, but Design is Rough

- Has basic information presentation capabilities, but severely lacks a sense of design

- Visual presentation is merely "viewable," lacking aesthetic appeal and refinement

- Uses standard templates or default styles with no signs of custom design

- Color scheme is mediocre or has obvious aesthetic issues (e.g., "tacky," "outdated")

- Layout is rigid, lacking visual hierarchy and breathing room

- Gives the feeling of "it’s usable, but I don’t want to use it"

## 2-2.5 Points - Design is Acceptable, Conventional

- Design meets basic standards; visual presentation is relatively clean

- Color scheme is safe but lacks highlights, falling into the "not bad, but not great" category

- Layout is reasonable and information hierarchy is mostly clear, but lacks memorable features

- Uses common design patterns, giving a "deja vu" feeling

- Overall look and feel is ordinary; no obvious flaws, but fails to spark interest

- At a "passing grade" level; users won’t dislike it, but won’t be impressed either

## 2.5-3 Points - Design is Good, with Clear Design Intent

- Has a clear design concept and visual style; overall cohesive and unified

- Color scheme is harmonious with a certain aesthetic pursuit, showing careful thought

- Layout is well-considered, information hierarchy is clear, and visual guidance is smooth

- Has highlights in certain details (e.g., animations, icons, typography)

- Style is relatively mature, matching the product’s positioning and target users

- Overall quality is good, but innovation and distinctiveness are limited

- At a "good" level; users will find it professional and comfortable

## 3-4 Points - Design is Excellent, Trend-setting

- Design style breaks through traditional paradigms, being both distinctive and forward-thinking, capable of leading trends in
similar web design

- Theme is highly original, potentially incorporating unique cultures, niche areas, or innovative concepts to avoid homogeniza-
tion

- Design philosophy is distinct, conveying clear brand values or core content through visual language, allowing users to
perceive the unique design intent

- Content is deeply integrated with the design theme, supporting the visual presentation while being amplified by it, creating a
synergistic "content-design" effect

- Visual presentation is refined and captivating, achieving a high degree of balance between aesthetics and functionality

- Evokes strong emotional resonance and is memorable, making users feel "wowed" or even compelled to "want to share"

# Subjective Evaluation Dimensions

## First Impression (Very Important!)

- The moment you open it, what is your gut reaction?

- Does it make you want to explore further, or close it?

- What is the overall "vibe"? Professional? Rough? Interesting? Boring?

## Visual Experience (Use Your Aesthetics)

- Is it good-looking? Does it have lasting appeal?

- Is the color scheme harmonious? Does it feel "tacky"?

- Are there any "wow" factors?

- Is the overall feeling refined or rough?

- Is there a sense of design and quality?

"

Figure 11: Prompts for the evaluation metric of General Visual Experience.
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Prompts for the evaluation metric of General Visual Experience cont.:

## Emotional Resonance
- Does this application have a "personality"?
- Does it feel warm? Cold? Professional? Friendly?
- Does it inspire a sense of trust?
## Style Fit
- Does the visual style fit the product’s industry? (e.g., finance should be stable, education friendly, e-commerce energetic)
- Does the design tone match the target user group? (e.g., trendy for young people, clear for the elderly, professional for
business clients)
- Is there a sense of dissonance from a "style mismatch"? (e.g., using an overly playful design in a serious context)
## Information Hierarchy
- Is the primary/secondary relationship on the page clear? Can you identify the main focus at a glance?
- Is the visual weight of titles, buttons, and supplementary information reasonable?
- Are important functions prominent enough? Is secondary information appropriately downplayed?
## Design Consistency
- Is the visual expression of similar elements consistent? (e.g., button styles, icon styles)
- Is the color semantics consistent? (i.e., does the same color have a consistent meaning in different places)
- Are there any confusing design contradictions? (e.g., green indicating success in one place and in-progress in another)
# Output Format
Strictly output in JSON format:
{
"first_impression": "[Describe your feeling the moment you opened the app]",

n,on

"overall_summary": "[Summarize your overall impression of this app in one sentence]",
"visual_aesthetic_evaluation": "[Subjective feelings on color scheme, refinement, sense of design, etc.]",
"style_fit": "[Whether the style fits the industry/user group, and if there’s any dissonance]",
"information_hierarchy": "[Evaluation of primary/secondary relationships and prominence of key elements]",
"design_consistency": "[Evaluation of color semantics and element uniformity]",
"if_your_friend_made_this": "[Provide feedback in more authentic and direct language]",

"subjective_score": [0-4 points, up to two decimal places],

n,on

"scoring_rationale": "[Explain the basis for your score, e.g., why it’s X points and not X+0.3]"

}

# Review Philosophy

1. Trust your first intuition

2. Don’t try to rationalize why you like or dislike it

3. React authentically like a regular user

4. There are no right answers in aesthetic judgment; trust your own feelings

5. Provide both a sentimental evaluation and a rational analysis of key elements like style, hierarchy, and consistency
6. Remain objective and friendly; when pointing out issues, offer direction rather than criticism

Figure 12: Prompts for the evaluation metric of General Visual Experience continue.
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Prompts for the evaluation metric of Functional Alignment:

**Role-play:** You are a senior requirements evaluator, project manager, and user of web front-end applications. You
have just received a web front-end application developed based on the given requirements. It is still in the early stages of
development, and your task is to determine if the developer has correctly understood the user’s needs and to judge at a high
level whether the given web page code meets the user-specified requirements, without worrying about the correctness of the
specific implementation.
**Task Goal:** Analyze the web front-end application code and determine if it meets the given requirements.
**[nput:**
**Web page code** and **requirements** information.
**Evaluation Criteria:**
Please analyze whether the code implements the specified requirements from the user’s perspective, based on the following
dimensions:

**Functional Module:** Does the code contain the functionality specified in the requirement description? (Even if it’s
just a function to be implemented?)

**Interaction: ** If the functionality involves user interaction (e.g., clicking a form submission button, an input box), is
there a corresponding, user-visible control in the code, along with listener support?
**Output:**
Please output your judgment and analysis in JSON format, with the following structure:

(f
"functional_requirement": "<The requirement>",
"code_snippet": "“‘<Web Front-end Application Code>
"is_implemented": <true/false>,

"implementation_analysis": "<A concise analysis of how the code implements the requirement>",
"confidence_score": <A confidence score from 0 to 1, indicating your certainty in the judgment, where 1 is the highest>

113

(The maximum output length is 1000 characters.)",

1

**Example:**
**[nput:**

1. **Web page code:**

<button id="myButton">Click me</button>

<div id="message"></div>

<script>

document.getElementByld("myButton").addEventListener("click", function() {
document.getElementByld("message").textContent = "The button was clicked!";
D3

</script>
2. **Requirement(s):** [“After clicking a button, the message ‘The button was clicked!” will be displayed on the page.”]
**Expected Output (JSON format):**

Note: The final output should only contain the JSON content format, do not wrap it in a Markdown JSON block.
(f
"functional_requirement": "After clicking a button, the message ’'The button was clicked!” is displayed on the page.",
"code_snippet":
"<button id="myButton">Click me</button>
<div id="message"></div>
<script>
document.getElementByld("myButton").addEventListener("click", function()
document.getElementById("message").textContent = "The button was clicked!";
);
</script>",

"is_implemented": true,

"implementation_analysis": "The code includes a button and a div element for displaying messages. JavaScript uses an
event listener to bind a click event to the button. When the event is triggered, it modifies the textContent of the #message
element to "The button was clicked!”. The functionality perfectly matches the description; clicking the button displays the
specified message on the page in real-time.",

"confidence_score": 1

1

Figure 13: Prompts for the evaluation metric of Functional Alignment.
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Prompts for the evaluation metric of Visual Alignment:

**Role-play:** You are a senior requirements reviewer, project manager, and a user of web front-end applications. You
have just received a web front-end application developed according to given requirements. It is still in the early stages of
development. Your task is to determine whether the developer has correctly understood the user requirements by evaluating at
a high level whether the given web page code meets the specified requirement points, without needing to verify the correctness
of the specific implementation.
**Task Goal:** Analyze the web front-end application code to determine if it meets the given requirement points.
**[nput:**
**Web page code** and **requirement points** information
**Evaluation Criteria:**
Please analyze from the user’s perspective whether the code implements the specified requirement points based on the
following dimensions:

**Visual Attributes:** Does the code conform to the user-specified visual design?

**Page Components: ** Does the code include the page components (must be user-visible) specified by the user?
*#*Qutput:**
Please output your evaluation results and analysis in JSON format, with the following structure:

[

"visual_requirement": "<Requirement Point>",

"code_snippet": "<Web Front-end Application Code> (The maximum output length is 1000 characters.)",

"is_implemented": <true/false>,

"implementation_analysis": "<A concise analysis of how the code implements the requirement point>",

"confidence_score": <A confidence score from 0-1, indicating your certainty in the judgment, where 1 is the highest>
1
**Example:**

**Input:**
1. **Web page code:**

.primary-button {

background-color: #007bff;

color: white;

font-size: 16px;

padding: 10px 20px;

border-radius: 5px;

}

2. **Requirement Points:** [“A button with a blue background, white text, a font size of 16 pixels, and a 5-pixel border-
radius.”]
**Expected Output (JSON format):**
Note: The final output should only contain the JSON content, without being wrapped in Markdown’s JSON format.
[
"visual_requirement": "A button with a blue background, white text, a font size of 16 pixels, and a 5-pixel border-radius.",
"code_snippet":
" primary-button {
background-color: #007bff;
color: white;
font-size: 16px;
padding: 10px 20px;
border-radius: 5px;
1,

"is_implemented": true,

"implementation_analysis": "The ‘.primary-button’ class in the code sets the background color to #007bff, which is a
shade of blue, the text color to white, the font size to 16px, and the border-radius to Spx, fully matching the requirement’s
description. Additionally, the padding is set to 10px 20px, which is a common padding for buttons; although not mentioned in
the requirement, it does not affect the consistency of the implementation.",

"confidence_score": 1

H

Figure 14: Prompts for the evaluation metric of Visual Alignment.
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Prompts for the evaluation metric of Content Alignment:

**Role-play:** You are a senior requirements analyst, project manager, and a user of web front-end applications. You have
just received a web front-end application developed based on given requirements. It is still in the early stages of development.
Your task is to determine whether the developer has correctly understood the user’s requirements and to judge at a high level
whether the given web page code meets the user-specified requirement points, without worrying about the correctness of the
specific implementation.
**Task Goal:** Analyze the web front-end application code and determine if it meets the given requirement points.
**[nput:**
**Web page code** and **requirement points** information
**Evaluation Criteria:**
Please analyze from the user’s perspective whether the code implements the specified requirement points based on the
following dimensions:
**Content Semantics:** Does the content on the page conform to the semantics specified in the user requirements?
**Specified Data:** Does the content on the page include the specific data that the user specified to include? (e.g., image
links, data source links, text copy, video/audio links, etc.)
**Qutput:**
Please output your judgment and analysis in JSON format, with the following structure:
(f

"content_requirement": "<Requirement Point>",
"code_snippet": "<Web Front-end Application Code> (The maximum output length is 1000 characters.)",
"is_implemented": <true/false>,
"implementation_analysis": "<A concise analysis of how the code implements the requirement point>",
"confidence_score": <A confidence score from 0-1, indicating your level of certainty, with 1 being the highest>
1
**Example:**
**[nput:**
1. **Code Snippet:**
<div>Welcome</div>
<img src="logo.png">
<a href="/home"></a>
2. **Requirement Points:** ["Display a welcome text.", "Display a company logo, using logo.png.", "Provide a link to return
to the homepage."]
**Expected Output (JSON format):** Note: The final output should only contain the JSON content, do not wrap it in
Markdown’s JSON format.
(f
"content_requirement": "Display a welcome text.",
"code_snippet": "<div>Welcome</div>",
"is_implemented": true,
"implementation_analysis": "The code uses a ‘<div>’tag to contain the text Welcome, thus implementing the requirement
to display a welcome text.",
"confidence_score": 0.8
1,
{

"content_requirement": "Display a company logo.",

"code_snippet": "<img src=logo.png3",

"is_implemented": true,

"implementation_analysis": "The code uses an ‘<img>’ tag to attempt to display the user-specified image named
Togo.png:",

"confidence_score": 1.0
1,

{

"content_requirement": "Provide a link to return to the homepage.",

"code_snippet": "<a href=/homeS</a>",

"is_implemented": false,

"implementation_analysis": "The code uses an ‘<a>’ tag to create a link pointing to /home; but there is no text on the
link, which fails to indicate to the user that it is a link to return to the homepage.",

"confidence_score": 0.9

H

Figure 15: Prompts for the evaluation metric of Content Alignment.
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