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Abstract

Large language models are increasingly de-
ployed as interactive coding agents for front-
end web development, yet existing bench-
marks evaluate narrow slices of this workflow—
typically text-conditioned generation with
static correctness metrics—overlooking visual
fidelity, interactivity, and codebase-level rea-
soning. We introduce WebCompass, a bench-
mark for the front-end development lifecycle
spanning three input modalities (text, image,
video) and three task types (generation, edit-
ing, repair). To match the diverse nature of
these tasks, we pair checklist-guided LLM-as-
a-Judge for patch-based evaluation with a novel
Agent-as-a-Judge protocol that executes gener-
ated websites in a real browser and synthesizes
targeted test cases. Experiments on ten models
reveal a 25-point gap between the best closed-
and open-source models, persistent weaknesses
in visual quality even among frontier systems,
and divergent performance profiles across task
types that challenge the notion of a single "best"
front-end coding agent.

1 Introduction

Large Language Models (LLMs) have rapidly
evolved from passive code assistants into interac-
tive coding agents capable of implementing sub-
stantial software changes from natural-language
instructions (Yang et al., 2024a; Wang et al., 2024;
Cognition Al, 2024). This progress is especially
evident in front-end web development, where out-
puts can be directly executed, visually inspected,
and iteratively refined. A growing body of work
has proposed benchmarks that span different task
types and input modalities for front-end web cod-
ing (Table 1).

Yet evaluating web coding is fundamentally dif-
ferent from evaluating traditional code generation.
Success depends not only on functional correct-
ness, but also on visual fidelity, interaction behav-
ior, responsiveness, accessibility, and overall user
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experience. These aspects are difficult to capture
with standard code-centric metrics such as pass@k
on HumanEval (Chen et al., 2021) or unit-test pass
rates on SWE-Bench (Jimenez et al., 2023), which
focus on algorithmic correctness or repository-level
bug fixing rather than interactive front-end applica-
tions.

To address this gap, we introduce WebCompass,
a unified multimodal benchmark and evaluation
framework for front-end web coding. WebCom-
pass spans text, image, and video inputs, covers
generation, editing, and repair tasks, and adopts
task-aware evaluation tailored to each setting. For
editing and repair, we use a checklist-guided LLM-
as-a-Judge protocol (Zheng et al., 2023), which is
well suited to patch-based outputs with constrained
solution spaces. For generation, we propose an
Agent-as-a-Judge protocol (Zhuge et al., 2024), in
which an autonomous agent launches the generated
website in a real browser, explores it through MCP,
synthesizes targeted test cases, and scores the result
based on execution.

This design reflects the differing nature of web
coding tasks. Editing and repair are localized and
checklist-aligned, making diff-level inspection and
before/after screenshots sufficient for reliable eval-
uation. Generation, by contrast, is open-ended and
long-horizon, with correctness often depending on
multi-step runtime behavior that static inspection
cannot capture. By combining multimodal task
coverage with execution-based evaluation, Web-
Compass provides a more realistic and scalable
benchmark for assessing web coding agents.

Contributions. (1) Unified front-end lifecycle
coverage. Unlike prior benchmarks that target
isolated tasks or modalities (Table 1), WebCom-
pass jointly evaluates generation, editing, and re-
pair across text, image, and video inputs, enabling
cross-task and cross-modality comparisons within
a single front-end development workflow. (2) Rig-
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Benchmark Size Gen. Edit Rep. Multi-page Interact. Visual Agentic Reverse Input Modality
Generation-Only Benchmarks
Interaction2Code (Wan et al., 2024) 504 v X X X v v X X
FronTalk (Wu et al., 2025) 1000 v X X v v v X X Text
Web-Bench (Xu et al., 2025) 1000 v ox X v v X X x Text
FrontendBench (Zhu et al., 2025) 148 4 X X X v X X X Text
WebApplK (Cui, 2024) 1000 v X X v X v X X Text
IWR-Bench (Chen et al., 2025) 113 v X X v 4 4 X X
WebGen-Bench (Lu et al., 2025) 101 v X X v v X X X Text
Multi-Task Benchmarks
SWE-bench MM (Jimenez et al., 2023) 517 X 3 4 v X X X X Text
DesignBench (Xiao et al., 2025) 900 v 6 6 v X v X X
WebCompass (Ours) 1526 4 16 11 v v 4 v v Text

Table 1: Comparison with prior web coding benchmarks. WebCompass is the first to support all three task types
across text, image, and video modalities. Gen.=Generation, Edit=Editing, Rep.=Repair, Multi-page=Project-level
multi-page testing, Interact.=Interactive functionality evaluation, Visual=Visual quality and fidelity evaluation,
Agentic=Agent-as-a-Judge dynamic testing (using LLM agents to interact with browsers and synthesize tests),
Reverse=Reverse-engineered deterministic repair tasks. Data sizes are reported as number of tasks or question-

answer pairs.

orous and deterministic task construction. We
refine underspecified queries into structured de-
sign documents for generation, synthesize context-
consistent requirements without leaking imple-
mentation details for editing, and provide exact
search/replace annotations mapping buggy code
to clean targets for repair, ensuring reproducible
evaluation. (3) Task-aware evaluation paradigms.
We introduce an Agent-as-a-Judge protocol that
combines real-browser interaction with iterative
test-case synthesis for open-ended generation tasks,
complementing checklist-guided LLM-as-a-Judge
for constrained patch-based tasks. Both paradigms
evaluate along task-adapted executability, func-
tional, and visual axes with mandatory evidence
grounding.

2 WebCompass

WebCompass covers three input modalities—text,
image, and video—and three web programming
tasks—generation, editing, and repair—yielding
seven task categories (Figure 3). For generation,
models produce a complete web code repository
from a textual specification (Text-Guided), web-
page screenshots (Vision-Guided), or a browsing
video (Video-Guided). For editing, the model re-
ceives an existing repository with an editing instruc-
tion and must output a code patch; Text-Guided
Editing provides only the instruction, while Vision-
Guided Editing additionally supplies a screenshot
of the current page. For repair, the model receives a
repository with an issue description and must gener-
ate a fixing patch; Diagnostic Repair provides only
the description, while Visual-Diagnostic Repair
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Figure 3: Overview of WebCompass. The benchmark supports three input modalities (text, image, video) and three
task types (generation, editing, repair), resulting in seven complementary task categories that cover the front-end

development lifecycle.

additionally includes a screenshot of the defective
page.

2.1 Data Collection

We construct WebCompass through a multi-stage,
human-in-the-loop pipeline (Figure 4); detailed
procedures are provided in Appendix A.10.

Generation. For Text-Guided generation, we
curate diverse web-development requests from mul-
tiple sources and expand underspecified ones into
structured design specifications covering content,
interaction, and appearance. For Vision-Guided
generation, we collect visually complex webpages
and augment them with multi-page screenshots
and manually extracted keyframes capturing state
changes. For Video-Guided generation, we select
webpages with rich dynamic behaviors and record
interaction videos following pre-planned trajecto-
ries.

Editing and Repair. Both families share a pool
of high-quality web prototypes, obtained through
length filtering, automatic quality scoring, and ex-
pert curation, then expanded into single- and multi-
page variants. For Editing, each prototype serves
as the source website, paired with new require-

ments specifying what to change without prescrib-
ing implementation details. For Repair, we work
in reverse: starting from a clean prototype, we in-
ject observable defects to create faulty source code,
paired with an exact inverse edit annotation for
deterministic evaluation.

Quality Control. Three layers of assurance are
applied: (1) automated validators check compilabil-
ity, renderability, and patch consistency; (2) LLM-
based screening verifies screenshot integrity, in-
struction clarity, and code—description alignment;
and (3) expert human review confirms task cor-
rectness, visual quality, and requirement—solution
consistency.

2.2 Dataset Statistics

We define a fine-grained taxonomy covering 15 gen-
eration domains, 16 editing operation types, and
11 repair defect categories (Table 9; descriptions in
Appendix A.14). The benchmark totals 1526 tasks:
123 Text-Guided Generation, 109 Vision-Guided
Generation, 94 Video-Guided Generation, 300
Text-Guided Editing, 300 Vision-Guided Editing,
300 Diagnostic Repair, and 300 Visual-Diagnostic
Repair. Each task is annotated with a difficulty
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Figure 4: Data construction pipeline for WebCompass. Each task type undergoes source collection, automated

filtering, and human curation.

level (Easy, Medium, or Hard); per-category break-
downs are in Table 2.

3 Evaluation Methodology

We adopt task-specific evaluation paradigms tai-
lored to the output characteristics of each task fam-
ily. For Editing & Repair, where models produce
localized code patches, we use LLM-as-a-Judge
(§3.1). For Generation, where correctness depends
on end-to-end runtime behavior, we use Agent-as-
a-Judge (§3.2). Both paradigms score along three
axes—executability, functional, and visual—whose
operationalization is task-dependent. For Gener-
ation, the dimensions are Runnability (build and
launch success), Spec Implementation (functional
behavior matching the design document), and De-
sign Quality (visual polish). For Editing, they are
Instruction Targeting (patch applicability and cov-
erage of the requested locations), Feature Integrity
(preservation of original interactions and function-
ality of new components), and Style Conformance
(visual edit fidelity and consistency of unchanged
regions). For Repair, they are Root-Cause Tar-
geting (patch applicability and localization of the
defect’s cause), Interaction Integrity (preservation
of interactions and repair of interactive defects),
and Reference Fidelity (visual agreement with the
ground-truth fixed screenshot). We select the judge
model based on highest agreement with human an-

notations (§4.3.1).

3.1 LLM-as-a-Judge for Editing & Repair

For each instance, we apply the predicted patches
to the source repository, discard blocks that fail
to apply, and launch the modified project in a
headless Chromium browser to capture screen-
shots (Figure 5). The judge LLM receives task-
dependent evidence: for Edit tasks, the instruction,
predicted modifications, and before/after screen-
shots; for Repair tasks, additionally the defect
description, ground-truth modifications, and the
reference fixed screenshot. The judge scores each
checklist item along the three task-specific dimen-
sions (0-10 each), produces evidence-grounded
structured JSON output, and aggregates the result-
ing dimension-wise scores into the final task score.

3.2 Agent-as-a-Judge for Generation

Figure 6 illustrates our Agent-as-a-Judge pipeline.
A Code Agent, augmented with the Model Context
Protocol (MCP) for real-browser control, evaluates
each generated website in four stages:

(1) Checklist generation: an LLLM produces a
structured evaluation checklist defining tasks, in-
teraction sequences, expected outcomes, and score
values; this checklist remains fixed throughout to
prevent circular reasoning.

(2) Browser interaction: the agent launches
the website in headless Chromium, executes check-
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Figure 5: lustration of the LLM-as-a-Judge evaluation pipeline.

list interactions (clicking, typing, scrolling, naviga-
tion), and records DOM snapshots, console logs,
and screenshots as auditable evidence.

(3) Adaptive code verification: the agent syn-
thesizes executable JavaScript test cases for each
checklist item, programmatically verifying DOM
states, CSS properties, and functional behaviors.
Crucially, when implementation details differ from
expectations, the agent adapts only DOM locators
(e.g., element selectors and IDs) while keeping
all behavioral assertions unchanged—ensuring that
evaluation criteria remain anchored to the original
specification rather than drifting toward the model’s
output. Failed tests trigger an iterative debugging
loop in which the agent inspects the actual code, di-
agnoses the mismatch, and re-attempts verification
before assigning a score.

(4) Evidence-grounded scoring: the agent
scores each item along Runnability, Spec Imple-
mentation, and Design Quality with structured justi-
fications; scores lacking auditable evidence (screen-
shots, test results, or console logs) are discarded.

Three safeguards prevent evaluation bias: check-
list immutability (no new criteria after Stage 1),
selector-only adaptation in Stage 3, and mandatory
hard-evidence grounding for every score.

Agent-as-a-Judge protocol. The Agent-as-a-
Judge is designed to assess a webpage from the
perspective of a normal user. The agent must first
reach the relevant state through the browser UI, us-
ing ordinary operations such as clicking, typing,
scrolling, and navigation. If a required function has
no reachable entry point in the rendered U, the cor-
responding checklist item is marked as failed (score
0). JavaScript test cases are supplementary verifi-
cation after the relevant Ul state has been reached:
they can inspect DOM, CSS, and functional behav-
ior, and can reduce repetitive mechanical opera-
tions (for example, repeated swipes in a 2048-style
game), but they cannot alter checklist assertions or
award credit for functionality that is unreachable
through the UI. Code inspection may be used to
identify selectors, but selector-level adaptation is
the only permitted adaptation; the evaluation crite-
ria and behavioral assertions remain immutable.

Benchmark scope. Our benchmark targets the
front-end development lifecycle and front-end web
development workflow: generating, editing, and
repairing browser-executable interfaces built with
HTML, CSS, JavaScript, and front-end frame-
works. It does not evaluate back-end capabilities
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Figure 6: Agent-as-a-Judge evaluation pipeline. The MCP bridge enables bidirectional communication: the agent
sends interaction commands to the browser and receives DOM snapshots, console logs, and screenshots as evidence.

such as database design, server-side logic, API de-
velopment, or deployment. We therefore use pre-
cise front-end terminology throughout the paper
and do not claim coverage of the full web develop-
ment lifecycle or full-stack engineering.

Score aggregation. Each checklist item is scored
from O to its stated maximum and normalized be-
fore aggregation. We compute a harmonic mean
separately for each task-specific dimension, using
a smoothing constant ¢ = 1 for zero-scored items.
Dimension scores are reported on a 0—100 scale,
and Overall is the arithmetic mean of the nine task-
specific dimension scores. Detailed aggregation
and cascading-failure rules are provided in Ap-
pendix A.11.

4 Experiments

This section describes our experimental setup and
provides a comprehensive overview of results. We
organize experiments by task type (generation /
editing / repair) and input modality (text / im-
age / video). Beyond the main results (§4.2), we
report several focused analyses: judge model selec-
tion (§4.3.1), framework-based subset evaluation

(§4.3.2), difficulty-level analysis (§A.11.2), and
impact of thinking mode (§A.13.2).

4.1 Evaluated LLMs and Frameworks

We evaluate ten models from both closed-source
and open-source families. All selected models na-
tively support text, image, and video inputs, al-
lowing us to use the same model set across all
modalities. Full model details are provided in Ap-
pendix A.9.

We employ Claude Code (v2.0.67) as the evalu-
ation orchestrator and the Chrome DevTools MCP
Server (v0.19.0) for browser rendering, DOM in-
spection, and automated interaction verification in
a headless Chromium environment. This setup
enables an agent-based evaluation pipeline that pro-
grammatically assesses the functional correctness
and UI consistency of generated front-end web ap-
plications.

4.2 Main Results

Table 2 presents the overall and per-task-type
scores for all evaluated models.

Several key patterns emerge.

Model ranking and the closed—open gap.
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Table 2: Comparison of models across different task types. Green bold indicates the best score in each column;
blue underline indicates the second best. Each task has three evaluation dimensions: Generation uses Runnability
(RUN), Spec Implementation (SPI), and Design Quality (DSQ); Editing uses Instruction Targeting (ITG), Feature
Integrity (FTI), and Style Conformance (STC); Repair uses Root-Cause Targeting (RCT), Interaction Integrity (ITI),

and Reference Fidelity (RFF). Overall is the arithmetic mean of all nine dimension scores.

Models ‘ Generation ‘ Editing ‘ Repair ‘ Overall
| RUN. SPL. DSQ. | ITG. FTL STC.|RCT. ITL RFF. |
Closed-Source Large Language Models
Claude-Opus-4.5 7718 68.95 62.26 | 71.86 65.82 60.83 | 48.45 8554 65.71 | 67.40
Gemini-3-Pro-Preview 74.05 5576 64.07 | 69.52 65.14 58.16 | 54.16 87.30 72.00 | 66.68
Gemini-3-Flash-Preview | 74.87 5432 62.42 | 65.95 6235 57.21 | 53.18 86.84 71.65 | 65.42
GPT-5.2 75.38 60.22 5592 | 66.97 6270 56.63 | 41.24 79.33 58.70 | 61.90
Claude-Sonnet-4.5 65.30 50.37 56.78 | 60.06 53.71 4551 | 40.44 80.63 61.31 | 57.12
Owen3-VL Series Open-Source Large Language Models
235B-A22B-Instruct 61.26 42.14 47.06 | 27.74 25.48 23.53 | 27.30 68.87 46.88 | 41.14
235B-A22B-Thinking 63.86 35.02 4521 | 22.15 21.67 19.06 | 27.02 68.74 46.28 38.78
30B-A3B-Instruct 41.79 20.80 29.28 | 20.57 2097 1793 | 19.32 50.71 31.35 | 28.08
30B-A3B-Thinking 4737 20.87 37.47 | 19.82 21.21 1820 | 18.08 51.85 31.31 | 29.58
32B-Instruct 50.39 25.62 34.56 | 26.96 26.62 2278 | 24.67 61.93 4327 | 35.20

Claude-Opus-4.5 and Gemini-3-Pro-Preview
achieve the highest Overall scores (67.40 and
66.68, respectively) with complementary strengths:
Claude leads Generation RUN (77.18) and Editing
ITG (71.86), while Gemini leads Repair RCT
(54.16) and Repair RFF (72.00). The closed—open
gap is substantial: the best open-source model
(Qwen3-VL-235B-A22B-Instruct) reaches an
Overall of 41.14, trailing the top closed-source
model by over 26 points. Smaller open models
(30B variants) fall further, reaching less than half
the top closed-source scores.

Task-type patterns. For closed-source models,
Generation and Editing consistently follow the or-
dering executability > functional > visual (e.g.,
Claude-Opus-4.5: RUN 77.18 > SPI 68.95 > DSQ
62.26 on Generation). Repair shows a different
pattern: ITI > RFF > RCT (e.g., Gemini-3-Pro-
Preview: 87.30 > 72.00 > 54.16). This ordering
is explained by the task structure: Interaction In-
tegrity trends high because 9 of 11 defect types are
visual or semantic—the interactive layer is rarely
affected, so preservation is nearly automatic; the
2 interactive-class defects (Loss of Interactivity,
Missing Attributes) are localized enough that mod-
els can usually repair them. Reference Fidelity is

mid-range because matching the gold fixed screen-
shot is nontrivial. Root-Cause Targeting is lowest
because correctly locating the defect’s root cause
without introducing new errors remains the hard-
est part of repair. Note that the functional and
visual axes measure different capabilities across
tasks: Editing’s Feature Integrity tests both preser-
vation and new-component functionality, whereas
Repair’s Interaction Integrity is primarily regres-
sion safety; similarly, Editing’s Style Conformance
evaluates edit outcome fidelity, while Repair’s Ref-
erence Fidelity measures closeness to a gold refer-
ence. Editing is especially challenging for open-
source models, where scores fall to 18-28 across
dimensions, revealing a major gap in context-aware
code modification.

Visual quality as the persistent bottleneck.
Across all ten models, the visual dimension is the
lowest-scoring axis in Generation and Editing (De-
sign Quality and Style Conformance, respectively).
Even Gemini-3-Pro-Preview, the strongest model
on this axis, reaches only 64.07 on Generation DSQ.
The gap is wider for weaker models and consistent
across task types. Notably, Gemini-3-Pro-Preview
and Gemini-3-Flash-Preview outperform GPT-5.2
on the visual axis despite comparable executability
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scores, indicating that visual fidelity and functional
correctness do not scale in lockstep.

4.3 Further Analysis
4.3.1 Judge Model Selection

To validate automated evaluation reliability, we
compare three Claude-family judge models (Opus-
4.5, Sonnet-4.5, Haiku-4.5) against human judg-
ments on a 200-sample subset. As shown in Ta-
ble 8, Claude-Opus-4.5 achieves the highest human
agreement (Pearson 7 of 0.93-0.96 across tasks),
and is adopted as the default judge. Notably, all
judges show higher agreement on edit/repair tasks
than on generation, consistent with the more con-
strained solution space of patch-based tasks. As
shown in Figure 19, a comparison of full model
rankings between the agent-based evaluator and hu-
man annotators further confirms strong alignment,
with most rank differences being zero or at most
one, validating the automatic evaluation protocol
as a reliable proxy for human judgment.

4.3.2 Subset Evaluation on Different
Front-End Frameworks

To assess how framework choice affects model per-
formance, we evaluate four representative models
(GPT-5.2, Gemini-3-Pro-Preview, Claude-Opus-
4.5, Qwen3-VL-235B-A22B-Instruct) on a 180-
task subset (60 per task category), each completed
in React, Vue, and Vanilla (plain HTML/CSS/JS).
Figure 7 presents the overall scores; per-dimension
breakdowns are in Appendix A.9.

Three key findings emerge. (1) Vanilla domi-
nates Generation and Editing, but not Repair.
Across all four models, framework-free code con-
sistently yields the highest scores in Generation
and Editing. In Repair, however, the Vanilla advan-
tage diminishes: for instance, GPT-5.2 achieves its
best Repair score with React. We attribute this to a
structural difference between task types: Genera-
tion and Editing require producing substantial new
code, where Vanilla’s absence of build toolchains,
framework-specific syntax (e.g., JSX, template di-
rectives), and component lifecycle conventions re-
duces the surface area for errors. Repair, by con-
trast, demands precise localization and modifica-
tion of existing defects, where React’s explicit com-
ponent boundaries and unidirectional data flow may
help models isolate faulty code regions more effec-
tively than unstructured Vanilla codebases. (2) Vue
consistently underperforms. Vue yields the low-
est scores in the majority of model-task combina-

tions. A plausible contributing factor lies in Vue’s
single-file component (SFC) format, which inter-
leaves three heterogeneous syntax modes—HTML-
like templates with custom directives (v-if, v-for,
@click), JavaScript/TypeScript logic, and scoped
CSS—within a single file. This demands simultane-
ous coordination across markup, logic, and styling,
increasing the likelihood of cross-block inconsis-
tencies. By comparison, React’s JSX keeps render-
ing logic within standard JavaScript, and Vanilla
avoids framework abstractions entirely. (3) Open-
source models share the same framework sen-
sitivity pattern (peaking on Vanilla for Genera-
tion/Editing) but at a uniformly lower performance
ceiling, suggesting that the observed framework
preferences are primarily driven by inherent task—
framework interactions rather than model-specific
factors.

4.3.3 Error Analysis

To understand not only how well but also how
LLMs fail, we design a structured error analy-
sis framework that classifies every point deduc-
tion into a two-level taxonomy spanning four do-
mains (Code Execution, Functional, Visual/Style,
and Non-Functional) with fifteen fine-grained error
types, and further attributes each error to a root
cause. Full taxonomy definitions, the classification
prompt, and the decision flowchart are provided
in Appendix A.15.1; detailed per-model and per-
modality error distributions are in Appendix A.13.

Findings. Error analysis reveals that the pri-
mary bottlenecks for current models in web gen-
eration are Feature Missing and Resource Fail,
which together account for 40%—-55% of all errors
across most models. Lower-ranked models (e.g.,
Qwen3-VL-30B-A3B) accumulate over 5,000 total
errors dominated by fundamental issues like miss-
ing functionality and console errors, whereas top-
performing models (e.g., Claude-Opus-4.5) achieve
the lowest error counts ( 2,100) with their remain-
ing errors shifting toward finer-grained layout and
visual styling issues. Across input modalities, dis-
tinct error patterns emerge: text-conditioned gener-
ation is overwhelmingly limited by Feature Missing
errors (40%—66%), indicating that models struggle
most with translating natural language specifica-
tions into interactive logic; image-conditioned gen-
eration shifts markedly toward layout, color, and
visual fidelity errors, exposing weaknesses in pixel-
level reproduction; and video-conditioned genera-
tion exhibits a roughly balanced mix of functional
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and visual errors, reflecting the compound chal-
lenge of simultaneously understanding temporal
interaction sequences and faithfully reproducing
static appearance, making it the most demanding
modality.

4.3.4 Stability Analysis: Worst-of-N
Evaluation

Pass@1 reflects average-case capability but may
mask output inconsistency. We adopt the Worst-of-
n (W @n) protocol, sampling n = 4 independent
generations per task and reporting the minimum
score to capture the realistic lower bound of model
performance.

As shown in Figure 8, both models degrade
monotonically from Pass@1 to W @4, but at differ-
ent rates. Gemini-3-Pro-Preview retains ~80% of
its Pass@1 performance at W @4 (66.96—53.56),
with all dimensions remaining above 49%. Qwen3-
VL-235B-A22B-Instruct degrades more sharply,
retaining only ~69.5% (39.95—27.78), with W @4
scores in the Edit category falling below 16% on

Instruction Targeting—indicating near-complete
failure in worst-case scenarios.

These results reveal that Gemini’s advantage ex-
tends beyond higher average scores to greater out-
put consistency. Since users typically rely on a
single generation rather than selecting from multi-
ple samples, output stability remains a critical open
challenge for frontier models in front-end code
generation. Detailed per-task and per-dimension
breakdowns are provided in Appendix A.12.

5 Conclusion

We presented WebCompass, a multimodal bench-
mark for the front-end development lifecycle that
unifies generation, editing, and repair across text,
image, and video modalities. Its task-aware evalu-
ation combines LL.M-as-a-Judge and Agent-as-a-
Judge protocols to assess executability, functional
behavior, and visual quality through task-specific
rubrics. Our experiments reveal that closed-source
models lead by ~25 points over the best open-
source alternatives, visual quality remains a per-
sistent bottleneck even for frontier models, and
generation, editing, and repair stress fundamentally
different capabilities—no single model dominates
all three. These findings suggest that advancing
front-end coding agents requires not only stronger
functional reasoning but also deeper visual design
understanding and greater output consistency.

Limitations

While WebCompass represents a substantial step
toward comprehensive evaluation of web coding
agents, we acknowledge several limitations that
future work should address.

37956



Benchmark scope. WebCompass is intention-
ally scoped to the front-end development lifecycle
and front-end web development workflow (HTML,
CSS, JavaScript, and front-end frameworks). It
does not evaluate back-end capabilities such as
database design, server-side logic, API develop-
ment, or deployment workflows, so its claims
should not be interpreted as coverage of full-stack
engineering. Extending the benchmark with back-
end tasks would provide a broader assessment in
future work.

Structured queries vs. creative intent. For gen-
eration tasks, we deliberately refine underspecified
user queries into structured web design documents
(specifying content, interaction, and visual appear-
ance) to enable reproducible, automated evaluation.
This design choice means that our benchmark pri-
marily tests instruction-following capability rather
than the ability to interpret vague, creative intent.
We acknowledge this as an inherent trade-off, Web-
Compass prioritizes deterministic evaluation stan-
dards over open-ended creative assessment. Com-
plementary benchmarks that explicitly measure cre-
ative divergence (e.g., via human preference rank-
ing) would provide a valuable additional perspec-
tive.

Limited real-time interaction with dynamic web
pages. Our evaluation protocols currently cannot
perform real-time interaction with highly dynamic
web pages—such as browser-based games or ap-
plications with frequent state transitions—in the
way a human would. While our framework sup-
ports both natural interactions and script-based in-
spection, it remains challenging to keep pace with
rapidly evolving page states, making it difficult
to accurately assess time-sensitive behaviors such
as real-time game logic, continuous animation re-
sponses, or state transitions that depend on precise
timing. As a result, the evaluation quality for such
highly dynamic web pages may not fully reflect
their actual functionality and user experience.

Static benchmark and contamination risk. As
a static benchmark, WebCompass is susceptible to
data contamination if future models are trained
on data that includes our tasks or similar web
pages. While we mitigate this through diverse data
sources and original task synthesis, maintaining a
contamination-free evaluation over time may re-
quire periodic updates or dynamic task generation.

Evaluation cost. The Agent-as-a-Judge proto-
col, while more thorough than static evaluation, is
computationally expensive. Each generation task
requires launching a headless browser, executing
multi-step interaction sequences, and synthesizing
iterative test cases, which significantly increases
evaluation time and cost compared to simpler met-
rics. This may limit the benchmark’s accessibility
for resource-constrained research groups.

Ethical Considerations

Data licensing and source attribution. The web
page data used for generation tasks in WebCom-
pass is collected from publicly accessible user com-
munities on two platforms: Figma Community
and v0.dev (by Vercel).

Figma Community files are published under
the Creative Commons Attribution 4.0 Inter-
national (CC BY 4.0) license, which explicitly
permits sharing and adaptation for any purpose—
including research and commercial use—provided
that appropriate credit is given to the original
creators.!  For v0.dev, the Vercel Al Product
Terms state that content posted publicly by users—
including outputs, chats, community templates, and
code—"“may be viewed and copied by others,” and
users retain ownership of their content.” Both plat-
forms therefore permit browsing, viewing, and re-
producing publicly shared community content.

The web page data used for editing and repair
tasks is derived from existing open-source datasets
rather than directly collected from these platforms.

WebCompass is released under the CC BY 4.0 li-
cense, which is compatible with the licensing terms
of both source platforms. We provide attribution to
original creators in accordance with the respective
license requirements.

PII and offensive content screening. All col-
lected web pages underwent manual review to filter
out personally identifiable information (e.g., real
names, email addresses, phone numbers) and offen-
sive or discriminatory content. Flagged instances
were excluded from the final dataset.

Annotator recruitment and compensation.
The three human annotators were professional
front-end developers recruited through internal con-
tacts. They were paid approximately $25 USD per

]https://help.figma.com/hc/en—us/articles/
360042296374-Figma-Community-copyright-and-
licensing

https://vercel.com/legal/ai-product-terms
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hour (computed from mean annotation time of ~8
min/sample) and were briefed on the research pur-
pose before starting.

Use of AI assistants. We used Claude Code (An-
thropic) as the evaluation orchestrator in our Agent-
as-a-Judge pipeline. During writing, Al assistants
were used for grammar checking and LaTeX for-
matting. All scientific claims, experimental design,
data analysis, and conclusions were produced by
the human authors.
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A Appendix
A.1 Related Work

Our work is closely related to two research threads:
(i) code-capable foundation models and agentic
coding systems, and (ii) benchmarks and eval-
uation frameworks for web development that
require judging both visual quality and interactive
correctness.

Code LLMs and code agents. Large language
models for code generation have progressed rapidly
from early program synthesis benchmarks (Austin
et al., 2021; Chen et al., 2021) and competition-
level reasoning (Li et al., 2022) to fully interac-
tive coding agents capable of autonomous soft-
ware engineering. On the model side, both pro-
prietary systems— Gemini-3-Pro (Gemini Team
and Google, 2023), Claude-Opus-4.5 (Anthropic,
2025)—and open-source alternatives— Qwen3-
Coder (Yang et al., 2025) and OpenCoder (Huang
et al., 2024)—have demonstrated strong perfor-
mance on standard code generation benchmarks
such as HumanEval (Chen et al., 2021) and Live-
CodeBench (Jain et al., 2024). On the agent
side, SWE-agent (Yang et al., 2024a) and Open-
Hands (Wang et al., 2024) equip LLMs with tool-
use interfaces for repository-level software en-
gineering, while commercial platforms such as
Devin (Cognition Al, 2024) and Cursor demon-
strate the practical viability of agentic coding work-
flows. SWE-bench (Jimenez et al., 2023) has be-
come the de facto evaluation framework for these
agents, driving rapid progress in automated bug
fixing and code editing. Nevertheless, web devel-
opment introduces a distinct challenge compared
to algorithmic programming or repository-level re-
pair: success is ultimately reflected in the user-
facing artifact—layout fidelity, design aesthetics,
responsiveness, interaction logic, state transitions,
and accessibility. These criteria are difficult to cap-
ture with purely code-based metrics and can be
missed by evaluation suites designed primarily for
functional correctness.

Benchmarks for web coding. Existing web-
coding benchmarks can be categorized along two
orthogonal axes: task type and input modality.

From the task perspective, benchmarks often
study:

* Generation: producing web pages or mini-
apps from requirements. This ranges from

early Ul-to-code work such as pix2code (Bel-
tramelli, 2017) and Web2Code (Yun et al.,
2024), to more recent benchmarks including
Design2Code (Si et al., 2024) for screenshot-to-
HTML conversion, WebGen-Bench (Lu et al.,
2025) for interactive website generation from
scratch, DesignBench (Xiao et al., 2025) for
MLLM-based front-end code generation, and
Web-Bench (Xu et al., 2025) for evaluating code
against web standards and frameworks. Interac-
tion2Code (Wan et al., 2024) further extends the
modality to interactive prototypes, while IWR-
Bench (Chen et al., 2025) and FronTalk (Wu
et al., 2025) explore video-conditioned and con-
versational generation settings, respectively.

» Editing: modifying an existing codebase to
satisfy new requirements. SWE-bench Multi-
modal (Yang et al., 2024b) extends the origi-
nal SWE-bench (Jimenez et al., 2023) to visual
software domains, requiring models to interpret
screenshots alongside issue descriptions.

* Repair: fixing defects in UI/UX or broken in-
teractions, ranging from text-described bugs to
visually grounded defect descriptions.

Several recent efforts aim at holistic, multi-
dimensional coverage. WebUIBench (Lin et al.,
2025) benchmarks WebU]I-to-code generation with
comprehensive metrics; FullFront (Sun et al., 2025)
spans the full front-end engineering workflow; Ar-
tifactsBench (Zhang et al., 2025) bridges the visual-
interactive gap in LLM code generation evaluation;
and WebDev Arena (LMSYS Org, 2024) provides
a human-preference-based leaderboard for web de-
velopment. WebCoderBench (Liu et al., 2026) pro-
poses comprehensive and interpretable evaluation
metrics, while WebMMU (Awal et al., 2025) ex-
tends coverage to multilingual website understand-
ing.

Despite this growing body of work, most ex-
isting benchmarks focus on a single task type
(typically generation) or a single input modality
(typically text or static images), and their evalua-
tions often rely on either weak proxies (e.g., single
screenshot similarity or DOM heuristics) or brittle
scripted tests that require strict attribute conven-
tions. WebCompass addresses these limitations by
spanning three modalities, three task types, and em-
ploying execution-grounded evaluation that tests
end-to-end runtime behavior.
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Evaluation paradigms for interactive visual ar-
tifacts. Evaluation methods for web-facing arti-
facts commonly fall into three classes:

* Rule-/test-based evaluation. Deterministic test
suites, as employed by SWE-bench (Jimenez
et al., 2023) and Web-Bench (Xu et al., 2025),
provide precise and reproducible verdicts but
typically require heavy instrumentation, strict
naming conventions, and substantial engineer-
ing effort to achieve good coverage across di-
verse implementations.

Agent-based interaction. Web agents—as pi-
oneered by WebArena (Zhou et al., 2023) and
extended to multimodal settings in VisualWe-
bArena (Koh et al., 2024)—can explore an arti-
fact by interacting with the page and checking
outcomes. However, coverage remains challeng-
ing: predefined action spaces may miss complex
behaviors, and long-horizon workflows are hard
to validate end to end.

LLM/MLLM-as-a-Judge. Language or mul-
timodal referees (Zheng et al., 2023; Ge et al.,
2023) can scale to open-ended designs and as-
sess multiple dimensions jointly, but may be
subjective without careful rubric design and evi-
dence grounding.

Our work adopts a task-aware combination of
these paradigms. For editing and repair, we use
checklist-guided 1.1 M-as-a-Judge (Zheng et al.,
2023) to anchor evaluation in per-task, fine-grained
criteria with evidence grounding. For generation,
where acceptable solutions are diverse and interac-
tivity is open-ended, we introduce an Agent-as-a-
Judge protocol (Zhuge et al., 2024) that combines
browser-based interaction (via the Model Context
Protocol) with iterative test-case synthesis, provid-
ing stronger and more realistic validation than any
single evaluation paradigm alone.

A.2 Case Study: Full Evaluation Pipeline
Walkthrough

We illustrate the Agent-as-a-Judge protocol on Task
#648 (Weather Dashboard)—a front-end applica-
tion featuring dynamic backgrounds, autocomplete
search, unit conversion, responsive layout, and
glassmorphism styling.

Step 1: Setup

The agent receives the source reposi-
tory (index.html, app.js, styles.css,
weather-data. js), a fixed checklist of 12
items spanning three dimensions (100 pts
total), and Chrome DevTools MCP tools. Its
task is to fill in the score and reason for
every item.

Dimension Items Pts Focus

Runnability 1 10  Error-free loading, no console/network fail
Spec Implementation  2-9 62 Functional correctness of specified UI behaviors
Design Quality 10-12 28  Visual quality, design system, styling

Step 2: Agent Trajectory (86 tool calls)

The full evaluation took 86 tool calls across
four phases. For each checklist item, the agent
follows: record initial state — interact — cap-
ture evidence — verify outcome — write score.

Phase I-1I: Reconnaissance & Launch. The
agent inspects the project structure, reads all
source files in parallel, starts a local HTTP
server, and navigates to the page.

Phase III: Per-Item Evaluation. Seclected
examples illustrating different evidence types:

e Item 1 (Page Load). take_screenshot
+ list_console_messages +
list_network_requests reveal a
404 on favicon.ico — 7/10 (resource
404, —3).

* Item 3 (7-Day Time Travel). Hover and
click the Friday card; the hero updates from
“Light Rain” to “Extreme Heat”; “Return to
Now” reverts correctly — 12/12.

e Item 5 (Unit Toggle °C<>°F). Base-
line snapshot shows 18°C/27°/12°. Af-
ter toggling, the hero converts correctly to
64°F/81°F/54°F, but a second snapshot re-
veals hourly and weekly forecasts do not
convert — 4/8 (—4).

e Item 7 (Error Handling). Submitting
“Xyz123” yields no modal, no alert, no feed-
back. evaluate_script confirms an error
modal exists in the DOM but is never shown
— 0/7 (no feedback, —7).

e Item 4 (Dynamic Background).
evaluate_script extracts the the-
me/condition state across two cities; the
agent notes the app uses browser local time
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rather than the location’s timezone — 8/10
(—=2).

* Items 2, 6, 8, 9 (autocomplete search, mo-
bile responsiveness, metrics grid, hourly
scroll) pass cleanly. Items 10-12 (De-
sign Quality) are scored against a full-page
screenshot.

Phase I'V: Verification. A final grep confirms
no score: null remains in the checklist.

Step 3: Final Scores

Dim. Max Score %

Runnability 10 7 70%
Spec Implementation 62 54 87%

Main Deductions

favicon 404

unit toggle (—4); no
error feedback (—7);
local-time (—2)
Design Quality 28 28 100% —

Total 100 84 84%

Step 4: Tool Usage Summary

The 86 calls break down as: browser in-
teraction 13 (click/fill/hover/key), browser
observation 26 (screenshot/snapshot/evalu-
ate_script/console/network), browser control
5 (navigate/resize/wait), file I/O 27, shell 5,
progress tracking 10. Observation calls out-
number interaction calls roughly 2:1, reflecting
the protocol’s emphasis on evidence grounding
over action volume.

Takeaways. This case illustrates three proper-
ties of the protocol: (i) multi-source evidence—a
single item can require screenshots, DOM snap-
shots, console logs, and synthesized scripts to ver-
ify (Items 4, 5, 7); (ii) partial-credit fidelity—the
unit toggle works for the hero but not for forecasts,
and the score reflects exactly that (4/8, not O or
full); (iii) deduction transparency—every point
lost is anchored to an auditable reason.

A.3 Evaluation Dimension Scope

Design principle. Top-level dimensions should
be unified, stable, and cross-task comparable; finer-
grained attributes are surfaced through the error
taxonomy rather than promoted to top-level dimen-
sions, which would dilute reliability.

Task-adapted dimensions. The benchmark pre-
serves three stable axes—executability, functional
behavior, and visual quality—while naming their
operational dimensions according to the task fam-
ily. This design maps to the user-perceived web

outcome chain and can be measured reliably under
our automated protocol (Pearson r € [0.93,0.96],
§4.3.1) without implying that the same evidence is
required for every task:

e Generation: Runnability, Spec Implementation,
and Design Quality measure build/launch suc-
cess, conformance to the design document, and
visual polish.

o Editing: Instruction Targeting, Feature In-
tegrity, and Style Conformance measure patch
applicability, preservation and addition of func-
tionality, and visual consistency.

* Repair: Root-Cause Targeting, Interaction In-
tegrity, and Reference Fidelity measure defect lo-
calization, regression-safe behavior, and agree-
ment with the fixed reference.

Why not Accessibility, Responsiveness, or Main-
tainability? We do track these—but at a finer
granularity rather than as top-level dimensions:

* Responsiveness and Accessibility are task-
dependent, not universal. A data-visualization
dashboard and a mobile landing page demand
entirely different responsive behaviors; a form-
heavy application and a static showcase have
incomparable accessibility requirements. Ele-
vating them to top-level dimensions would im-
pose a uniform rubric on all 1,526 tasks and
inject inapplicable deductions. Instead, we sur-
face them through the error taxonomy: E4.2
(Accessibility) and E4.3 (Responsiveness) are
first-class fine-grained error categories (see Fig-
ure 15), and Repair includes dedicated defect
types—~Missing alt/aria-label attributes and
Color & Contrast (mapping to WCAG)—whose
per-model performance can be read indepen-
dently (Figure 10).

» Maintainability is intentionally excluded. Un-
like the above two, maintainability concerns
code engineering quality (decoupling, naming,
duplication) and is orthogonal to user-facing
runtime quality. It is more naturally studied
under longitudinal repository evolution (e.g.,
SWE-bench settings); WebCompass focuses on
artifact-level front-end quality.

A.4 Evaluation Protocol: Comparison and
Ablation

Core distinction. The Agent-as-a-Judge pos-
sesses the full capabilities of a senior front-end

37962



test engineer: it reads source code for static
analysis, synthesizes JavaScript test cases on de-
mand, and communicates bidirectionally with a
real Chromium instance via MCP for screenshots,
console logs, and arbitrary user interactions.

Difference from GUI-agent approaches (e.g.,
WebGen-Bench). Pure GUI interaction can be
costly in multi-turn, deep-state scenarios. For ex-
ample, verifying the victory screen of a 2048 game
may require dozens of arrow-key presses and care-
ful handling of animation timing. The protocol
therefore permits supplementary JavaScript checks
after the agent has reached the target state through
the visible UI, reducing repetitive mechanical oper-
ations while preserving the user-facing reachability
requirement. It does not permit direct mutation of
hidden state or invocation of an internal function
to manufacture a state that a user cannot reach; an
unreachable state receives a failed checklist score.

Difference from script-based approaches
(e.g., Web-Bench). Pre-written test scripts
require strict naming conventions (fixed id,
data-testid); when a model adopts a reasonable
but different name, the script fails, and “evaluation
failure” is misread as “model failure.” Our
selector-only adaptation allows the agent to
re-locate selectors after reading the candidate
code, while keeping all behavioral assertions and
checklist criteria unchanged. Selector adaptation
cannot be used to bypass a missing Ul entry point.

Ablation study. All four key designs (browser
interaction, synthesized tests, selector adaptation,
evidence grounding) live only in the Generation
pipeline (Agent-as-a-Judge); Edit/Repair use LLM-
as-Judge over patches and screenshots. The abla-
tion is therefore conducted on Generation only.

The four designs are not fully independent: with-
out a browser there is no runtime context for JS
injection, so synthesized tests presuppose browser
interaction; selector-only adaptation is a safeguard
within the synthesized-tests capability, not an inde-
pendent axis. We therefore organize the ablation as
three progressively degraded configurations, each
corresponding to a mainstream front-end testing
paradigm:

Config.
Full (ours)

Capabilities Industry Analog r vs. human

Browser + supplementary Senior FE QA engi- 0.93
JS verification + selec- neer
tor adaptation + evidence
grounding
—  Synth. Browser + GUI actions GUI agent (e.g., 0.78(—0.15)
tests only (click/type/scrol- WebGen-Bench)
I/screenshot)
— Browser  Static code review by LLM

Static code analyzer  0.62 (—0.31)

(i) Supplementary tests provide the largest
single-step gain (—0.15 » when removed). With-
out JavaScript verification, the agent is restricted
to MCP’s basic GUI actions—the WebGen-Bench-
style paradigm—{for every repetitive observation.
Three failure clusters dominate the drop:

* Repetitive interaction sequences (for example,
the swipes needed to play a 2048-style game)—
GUI agents spend more turns and are more ex-
posed to animation timing or asynchronous load-
ing.

 Post-interaction inspection—after a reachable
state is established, synthesized JavaScript can
inspect DOM and CSS properties without re-
placing the preceding UI actions.

* Cross-component consistency—a supplemen-
tary script can query multiple visible DOM
nodes in one call and cross-validate their state.

(ii) The browser environment contributes an
additional —0.16 r (cumulative —0.31). Remov-
ing the browser leaves only static code review,
dropping r to 0.62. This isolates failure modes
that static analysis cannot reach: runtime errors
(uncaught Promise rejections, undefined property
access), resource-loading failures (broken CDN
links, font fallbacks visible only in console/net-
work), and rendering-level visual issues (post-CSS
layout deltas, media-query triggers). Browser inter-
action establishes user-visible reachability; supple-
mentary scripts improve the efficiency and preci-
sion of verification after that reachability has been
demonstrated.

A.5 Full-Benchmark Cost Decomposition

Table 8 reports judge-side per-sample cost on a
200-sample subset. The full cost decomposition
(per task type, all numbers based on January 2026
public API rates; hardware excluded) is shown in
Table 3.

Three observations are worth flagging:

1. Generation dominates judge cost ($4.66 vs.
$0.30-$0.35 per sample, ~13x), driven by
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Task Type (Modalities) #Samples Judge

Judge $/sample  Judge Total (per model)

Cand. Gen. $/sample Wall-clock/sample

Generation (T /1/V) 326 Agent-as-Judge (Opus-4.5) $4.66 $1,519 0.12-1.85 6—18 min
Edit (T /1) 600 LLM-as-Judge (Opus-4.5) $0.35 $210 0.06-0.48 1-4 min
Repair (T /1) 600 LLM-as-Judge (Opus-4.5) $0.30 $180 0.04-0.41 1-3 min
Per-model total 1,526 — — ~$1,909 ~120-1,140 —
All 10 models — — — ~$19,090 ~1,200-11,400 —

Table 3: Full-benchmark cost decomposition per task type. T=Text, I=Image, V=Video.

Agent-as-a-Judge’s multi-turn browser interac-
tion and test synthesis (avg. 38.4 MCP call-
s/sample) versus the single-pass scoring of
LLM-as-Judge on Edit/Repair. Generation’s
per-sample wall-clock (6—18 min vs. 1-4 min)
reflects the same gap and is further bounded by
API rate and concurrency limits. As a result,
although Generation accounts for only 21% of
samples (326/1,526), it consumes ~80% of
the per-model judge budget.

2. Judge cost is decoupled from candidate-
model cost. The judge cost is fixed by the
judge model, while candidate generation cost
spans nearly two orders of magnitude across the
10 evaluated models ($0.04-$1.85 per sample).
Smaller open-source models (e.g., Qwen3-VL-
30B) are cheaper to generate with, but pay the
same per-sample judge cost—total benchmark
cost is dominated by the protocol, not by which
model is under test.

3. Affordable-subset protocol. For resource-
constrained groups, we release a 180-sample
mini subset (already used for the framework
comparison in §4.3.2). Evaluating a single
model on this subset costs ~$230, or ~$2,300
across all 10 models, completing in ~1.5 hours
per model.

The full-benchmark per-model judge cost
(~$1,909) plus generation cost (=$120-$1,140
depending on the model) is comparable to or be-
low typical frontier-model evaluation budgets, and
the mini subset offers a roughly 8 x cheaper entry
point.

A.6 Data Availability

To support reproducibility, we release the full We-
bCompass dataset (1,526 tasks across all modal-
ities and task types). The dataset is available
at https://anonymous-hf.up.railway.app/a/
2mznnerm8oed/.

A.7 Disclosure of LLM Assistance

Disclosure of LLM Assistance. The authors in-
dependently conceived and executed all scientific
ideas, algorithmic implementations, and experi-
mental data analyses. Large Language Models
(LLMs) were employed exclusively as auxiliary
tools for language editing and enhancing the clarity
of the manuscript. No experimental data, training
samples, or reported results were generated using
LLMs without rigorous human verification.

A.8 Experimental Hyperparameters

Temperature and top-p are tuned per each model’s
official recommendations; the maximum output
token limit is set sufficiently large to prevent trun-
cation.

A.9 Per-Dimension Framework Evaluation

Table 4 provides the per-dimension breakdown of
the framework subset evaluation summarized in
Section 4.3.2; abbreviations follow Table 2.

Table 5 provides a complete list of all the large
language models and vision-language models eval-
uated in our benchmark.

A.10 Detailed Data Construction Pipeline

To ensure that WebCompass reflects realistic
web-development scenarios, we adopt a multi-
stage, human-in-the-loop pipeline to construct high-
quality instances for all seven task types. Figure 4
summarizes the process.

Text-Guided Generation We design the Text-
Guided Generation set to satisfy two goals: (i) re-
alistic and actionable user requirements, and (ii)
broad coverage of webpage categories. To this end,
we collect initial queries from four complementary
sources: WebGen-Bench (Lu et al., 2025), Arti-
factsBench (Zhang et al., 2025), BigCode Arena,
and high-quality web showcases from V0. We then
embed all queries with BGE-M3 and perform k-
means clustering to reduce redundancy.

To ensure diversity, we use an LLM to annotate
each query with category and difficulty labels, ob-
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Model FW ‘ Generation Edit ‘ Repair
| RUN. SPL.  DSQ. | ITG. FTL STC. | RCT. ITL RFE
React | 62.08 60.57 47.88 | 43.60 40.10 3586 | 54.58 82.40 62.56
GPT-5.2 Vue 6508 5679 4529 | 4573 43.30 3838 | 4885 76.77 59.14
Vanilla | 75.13  60.18 56.38 | 65.20 61.87 5579 | 44.10 79.82 60.34
React | 61.05 4729 46.11 | 5437 5031 43.92 | 44.02 81.67 64.12
Gemini-3-Pro-Preview Vue 71.01 5598 59.61 | 43.58 39.13 3423 | 3925 7470 57.11
Vanilla | 75.02 5570 64.49 | 74.84 69.48 62.06 | 50.95 86.62 65.78
React | 79.16 7191 56.78 | 55.84 49.10 42.24 | 4447 7837 63.97
Claude-Opus-4.5 Vue 72.85 6699 5874 | 40.14 3827 30.04 | 41.14 81.94 62.85
Vanilla | 79.23 7172 6259 | 78.31 7247 6537 | 4721 85.56 64.38
React | 4576 25.80 36.11 | 20.57 18.15 15.84 | 26.16 62.63 45.33
Qwen3-VL-235B-A22B-Instruct | Vue 4218 2317 2746 | 1512 1602 1331 | 2222 57.00 37.56
Vanilla | 62.16 39.97 4501 | 2633 24.99 2219 | 2509 71.46 46.89

Table 4: Per-dimension subset evaluation across different front-end frameworks. Each model is tested on 60
randomly sampled tasks per category using React, Vue, and Vanilla HTML/JS. Green bold: best; blue underline:

second best per framework.

Model

Claude-Opus-4.5 (Anthropic, 2025)
Claude-Sonnet-4.5 (Anthropic, 2025)
Gemini-3-Pro-Preview (Google, 2025)
Gemini-3-Flash-Preview (Google, 2025)

GPT-5.2 (OpenAl, 2025)
Qwen3-VL-32B-Instruct (Bai et al., 2025)
Qwen3-VL-235B-A22B-Instruct (Bai et al., 2025)
Qwen3-VL-30B-A3B-Instruct (Bai et al., 2025)
Qwen3-32B (Yang et al., 2025)

Table 5: List of evaluated models.

taining five independent annotations per query and
taking the majority vote as the final label. We then
apply stratified sampling across categories and diffi-
culty levels, resulting in 123 text-guided generation
queries.

A practical challenge is that many real-world
requests are underspecified, which leads to highly
variable outputs and makes automatic evaluation
difficult. To reduce subjective ambiguity while pre-
serving realism, we use an LLLM acting as a product
manager to rewrite such requests into structured
design documents that explicitly specify (1) page
content, (2) interaction behavior, and (3) visual
appearance.

Vision-Guided Generation Most existing web-
page screenshot datasets contain relatively simple
UIs and thus provide limited challenge for modern
models. We therefore build our Vision-Guided Gen-

eration set partly from WebRenderBench, which
contains visually complex webpages. Since each
website typically includes only one screenshot, we
augment the data by parsing subpage URLs refer-
enced in index.html, randomly selecting two, and
capturing their screenshots with Playwright. To test
whether models can reproduce multi-page websites
and their dependencies, we inject a JavaScript over-
lay into the main-page screenshot to highlight the
positions of subpage links with colored bounding
boxes.

Because screenshot collection is sensitive to net-
work instability and dynamic content loading, we
perform multiple rounds of LL.M-based verifica-
tion to detect artifacts such as missing assets, blank
regions, or layout corruption, followed by manual
inspection.

Video-Guided Generation Static screenshots
cannot adequately capture dynamic effects such as
animation or multi-step interaction. To address this
limitation, we manually browse webpages from VO
and Figma and construct dynamic visual inputs in
two forms.

First, for some webpages we manually extract
keyframes corresponding to important state transi-
tions; these form the dynamic keyframe-sequence
portion of the benchmark. Second, for the Video-
Guided Generation task, we manually select web-
pages with rich interactive behaviors, explore them
thoroughly, and record complete interaction videos.
Annotators are instructed to first familiarize them-
selves with each webpage, plan a comprehensive
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interaction path, and then perform the final record-
ing to maximize coverage of dynamic functionality.

Prototype Collection for Editing and Repair
Editing and repair tasks share a common pool of
high-quality web prototypes (Figure 4, top). We
construct these prototypes from the WebRender-
Bench test set via a three-stage pipeline: length
filtering — automatic quality scoring — human
curation.

» Stage 1: Length filtering. We require the total
character count across all code files to be be-
tween 32k and 64k, and each file to be no longer
than 48k characters. These bounds preserve
realistic multi-file complexity while avoiding
instances that are either trivial or too large for
stable evaluation.

» Stage 2: Quality scoring. For candidates that
satisfy the length constraints, we use GPT-40
to perform code review on a 10-point scale and
retain those scoring at least 9, leaving 81 candi-
dates.

* Stage 3: Human curation and expansion.
We manually select 50 high-quality prototypes.
Each is preserved as a SINGLE-PAGE website
and also extended into a MULTI-PAGE variant
by adding extra pages, inter-page navigation,
and shared resources. These variants together
form the prototype pool for downstream editing
and repair tasks.

Text-Guided and Vision-Guided Editing Start-
ing from each prototype as the executable source
website, we create editing instances by introduc-
ing new or enhanced requirements drawn from 16
predefined high-level task types. These task types
cover complex components (e.g., data tables, rich-
text editors, drag-and-drop interfaces), interaction
and animation effects (e.g., parallax scrolling), and
holistic application scenarios.

For each task type, we write requirements
that clearly describe what should be changed—
including UI adjustments, interaction flows, and
state feedback—while intentionally omitting im-
plementation details such as selectors, class names,
and CSS values. This design improves both realism
and fairness. The resulting requirements, together
with the source website, form the text-guided edit-
ing instances; vision-guided variants additionally
include a reference screenshot.

Diagnostic and Visual-Diagnostic Repair Repair
tasks are constructed in a verifiable reverse man-
ner. We start from a clean prototype as the destina-
tion website and use an LLM to inject observable,
explainable frontend defects from 11 repair cat-
egories, producing a faulty source website. The
model is then asked to repair the source back to the
destination.

The injected defects span three dimensions:

* Visual layout: occlusion, crowding, text over-
lap, misalignment, insufficient contrast, over-
flow, and distorted proportions.

* Semantics & structure: incorrect semantic or
nesting structures, and missing attributes.

¢ Interaction usability: broken interactions and
loss of interactivity.

We then generate natural-language repair instruc-
tions that only provide vague diagnostic hints in-
stead of fully describing the bug, thereby prevent-
ing leakage of implementation details. To guaran-
tee determinism and support automatic evaluation,
each repair instance is paired with an exact text-
level search/replace annotation corresponding
to the inverse of the defect-injection edit. This
ensures a unique runnable solution, reproducible
source-to-target transformation, and precise auto-
mated verification.

Ecological Validity of Repair Defects The 11
repair categories are grounded in real-world fron-
tend failures rather than chosen arbitrarily. We
analyze more than 200 community submissions on
VO and their corresponding GitHub Issues, identi-
fying the most frequent frontend anti-patterns and
bug types. Categories such as Occlusion, Over-
flow, and Loss of Interactivity correspond directly
to common real-world failure modes, improving
the ecological validity of the repair benchmark.

Quality Control We apply a three-layer quality
assurance process across all tasks.

Automated checks. Every instance must com-
pile and render without fatal errors in a headless
Chromium environment. For editing and repair
tasks, patches must apply cleanly to the source
repository. For repair tasks, search/replace an-
notations are further verified to be the exact inverse
of the defect-injection edits.

LLM-assisted screening. We use an LLLM for
multi-round quality checks on instructions and vi-
sual assets. For vision-guided generation, the LLM
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filters screenshots with blank regions, missing as-
sets, or broken layouts. For editing and repair tasks,
it checks that instructions are unambiguous, consis-
tent with the underlying code changes, and free of
implementation leakage.

Human curation. Finally, expert annotators
review all instances for task correctness, screen-
shot/video quality, difficulty labeling, and align-
ment between requirements and the ground-truth
patches. Any instance failing these checks is re-
vised or discarded.

A.11 Evaluation Implementation Details

We provide additional implementation details sup-
plementing the evaluation methodology described
in §3.

Infrastructure. All experiments are conducted
on a Linux server. Each code generation task is
allocated a maximum execution timeout to pre-
vent infinite loops or hanging processes. For the
Agent-as-a-Judge evaluation, we employ Claude
Code (version 2.0.67) as the evaluation orchestrator,
paired with the Chrome DevTools MCP Server (ver-
sion 0.19.0) running a headless Chromium instance
for browser-based rendering, DOM inspection, and
automated interaction verification.

LLM-as-a-Judge inputs. For editing and repair
tasks, the judge model (Claude-Opus-4.5) receives
the following inputs as context: (i) the original task
requirement (text and/or images), (ii) the source
code repository, (iii) the model-generated code
patch, (iv) build and runtime logs from applying
the patch, and (v) before-and-after screenshots cap-
tured in headless Chromium. The judge evalu-
ates each checklist item independently, providing
a score and a brief evidence-based justification.
Scores are aggregated within the applicable task-
specific dimensions (ITG/FTI/STC for Editing and
RCT/ITI/RFF for Repair) and then into the reported
overall score using equal weighting across the nine
dimensions.

Agent-as-a-Judge workflow. For generation
tasks, the evaluation agent operates in the following
steps:

1. Project setup: The agent installs dependen-
cies and launches the generated project in a
headless Chromium environment via a local
development server.

2. Checklist loading: The agent receives the
structured evaluation checklist generated from
the task query (as described in Stage 1 of §3.2).

3. Browser interaction: Using MCP tools, the
agent captures full-page screenshots, clicks ele-
ments, types text, scrolls pages, and navigates
between pages to verify interactive behaviors.

4. Supplementary verification: After reaching
each relevant state through the visible UI, the
agent writes and executes JavaScript test cases
to inspect DOM states, CSS properties, and
functional behaviors. Failed checks trigger
the iterative debugging loop described in §3.2;
scripts may adapt selectors but may not alter
assertions or create an unreachable state.

5. Scoring: The agent scores each checklist item
based on collected evidence and produces a
structured JSON report.

Score aggregation and cascading-failure
handling. For each task instance, let
{s1,82,...,8,} denote the checklist item

scores and {m1,ma, ..., my,} their corresponding
maxima. We normalize each item as r; = s;/m;;
when s; = 0, we use 7; = ¢/m; with e = 1. The
dimension score is the harmonic mean

n
Stask = —=n 5 /.
tas: Z?:l 1/7“1"

computed separately for each task-specific dimen-
sion, multiplied by 100, and reported on a 0—100
scale. The Overall score is the arithmetic mean of
the nine dimension scores.

For generation tasks, we handle cascading fail-
ures explicitly. A complete build failure sets Spec
Implementation and Design Quality to O; a par-
tial rendering failure evaluates Design Quality and
Spec Implementation only on the rendered and
reachable portions, respectively; and a runtime
crash scores Runnability and Design Quality on
the initial render while assigning O to untestable
Spec Implementation items. These rules ensure
that failures are reflected without producing unde-
fined or inflated scores.

ey

A.11.1 Task-Type Breakdown

We decompose Edit and Repair performance into
fine-grained subtask categories (Figures 9 and 10)
for the three top-performing closed-source models
to reveal where models succeed and struggle.
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Figure 9: Overall score breakdown for editing tasks across 16 operation types. Scores are computed from
the harmonic mean of the three task-specific dimensions (Instruction Targeting, Feature Integrity, and Style
Conformance) per subtask, averaged over all instances containing that operation type. Three top-performing

closed-source models are compared.
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Figure 10: Overall score breakdown for repair tasks across 11 defect categories. Scores are computed from the
harmonic mean of Root-Cause Targeting, Interaction Integrity, and Reference Fidelity, as in Figure 9.

Editing: animation tasks are the hardest. A
clear difficulty hierarchy emerges across editing
operation types (Figure 9): Business Scenario tasks
(e.g., Shopping Cart, Multi-step Wizard) are consis-
tently the easiest, followed by Real-time & Async
tasks, then Interactive Components, with Advanced
Animation tasks (Parallax Scrolling, Page Transi-
tions, Particle Effects) forming the hardest category.
This ordering is stable across all three models, sug-
gesting that editing difficulty scales with the degree
of visual dynamism and cross-component coordi-
nation required.

Repair: semantic-level defects resist fixing. A
similar difficulty gradient appears in repair (Fig-
ure 10). Structural and interactive defects—Loss
of Interactivity, Nesting Error, Text Overlap—are
reliably fixed, as they manifest in localized DOM
structures or event handlers. Semantic-level de-
fects, however, prove substantially harder: Seman-

tic Error elicits the lowest scores across all mod-
els, followed by Crowding and Missing Attributes.
These categories require reasoning about design in-
tent and implicit visual constraints that go beyond
pattern-matching on code structure.

Subtask excellence vs. instance-level consistency.
An instructive discrepancy emerges for editing:
GPT-5.2 outperforms Gemini-3-Pro-Preview on
13 of 16 subtask types when averaged per cat-
egory, yet trails on instance-level scores in Ta-
ble 2. This reversal stems from our harmonic-
mean aggregation—GPT-5.2 exhibits higher cross-
subtask variance, and the harmonic mean penalizes
low outliers steeply. This highlights that multi-
requirement evaluation rewards consistency, not
just peak subtask performance. No such rever-
sal occurs for repair, where Gemini-3-Pro-Preview
leads on all 11 defect categories, reflecting gen-
uinely superior repair capability.
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A.11.2 Difficulty-Level Analysis

Each task in WebCompass is annotated with a diffi-
culty label—FEasy, Medium, or Hard—determined
by the complexity of required functionality, the
number of interactive components, and the sophis-
tication of the visual design. This stratification
enables us to examine how model performance de-
grades as task difficulty increases.

To further investigate how model capabilities
scale with task complexity, we break down the eval-
uation results across three difficulty levels (Easy,
Medium, Hard) for each task category. For each
difficulty—task combination, we compute the aver-
age score across that task’s three evaluation dimen-
sions and visualize the results as grouped bar charts
in Figures 11, 12, and 13.

Across all task categories and evaluation dimen-
sions, model scores consistently decrease as task
difficulty increases. This degradation is particu-
larly striking in generation tasks on the Spec Im-
plementation dimension, where model scores on
Hard tasks are substantially lower than those on
Easy tasks (e.g., Gemini-3-Pro-Preview drops from
89.83 to 37.64), suggesting that maintaining faith-
ful specified behavior becomes disproportionately
challenging as task complexity grows.

Cross-task  observations. Qwen3-VL-235B-
A22B-Instruct consistently ranks last across all
difficulty—task combinations, with a particularly
large gap on Hard tasks. Notably, the performance
gap between top-tier models and Qwen3 widens
as difficulty increases, suggesting that stronger
reasoning capabilities become increasingly critical
for complex front-end tasks.

A.11.3 Patch Complexity Analysis

Beyond scores, we analyze the structural com-
plexity of generated patches using two metrics:
Changed Lines (added + deleted lines) and Patch
Count (number of contiguous diff hunks). For re-
pair, we also include the human-authored Ground
Truth baseline. Figure 14 shows the distributions.

Edit patches are far larger than repair patches.
Edit tasks yield median patch sizes of 646—1,976
changed lines across models, while repair patches
are much smaller, with medians of 16—19 lines.
This highlights the localized nature of repair com-
pared with the broader restructuring often required
for editing.

Models differ substantially in edit verbosity.
Claude-Opus produces the largest edit patches (me-
dian ~2,000 lines), about 3 x larger than Gemini
models (~650 lines), despite only modest quality
differences (Table 2). This suggests that larger
rewrites do not necessarily translate into better out-
comes.

Repair patches are close to Ground Truth, but
with heavier tails. For repair, all models have
median patch sizes close to the human-authored
baseline (~18 lines), indicating generally accurate
defect localization. However, their distributions
show heavier right tails (up to 172 lines, versus
38 for Ground Truth), suggesting occasional over-
editing.

Patch count is relatively stable across models.
Compared with changed lines, the number of diff
hunks varies less (7-12 hunks), implying that tasks
largely determine where edits occur, while models
differ more in how much code they modify at each
site.

A.12 Detailed Worst-of-n Stability Results

Table 6 extends the Worst-of-n stability analysis
presented in the main text by reporting Pass@1,
W @2, and W @4 scores across all nine evaluation
dimensions, grouped by task category.

A.13 Error Analysis

To gain deeper insight into the failure modes of cur-
rent models on web generation tasks, we conduct
a fine-grained error analysis across all evaluated
models. Figure 15 presents the overall error distri-
bution, while Figure 16 provides a breakdown by
input modality (text, image, and video).

Overall Error Distribution. As shown in Fig-
ure 15, across all models, the most prevalent er-
ror categories are Feature Missing (E2.1) and Re-
source Fail (E1.3), which together account for ap-
proximately 40%—-55% of all detected errors in
most models. Feature Missing errors, where re-
quired interactive components or functional mod-
ules are entirely absent from the generated page,
consistently dominate the error landscape, indi-
cating that models frequently fail to fully imple-
ment the specified functionality. Resource Fail
errors, corresponding to broken asset references
or failed external resource loads, constitute the
second largest share, reflecting a common ten-
dency of models to hallucinate non-existent re-
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Figure 11: Generation task: per-dimension scores (Runnability, Spec Implementation, Design Quality) across three
difficulty levels. Each model has three bars representing Hard (red), Medium (blue), and Easy (green).

Table 6: Consistency and Stability Results for Gemini-3-Pro-Preview and Qwen3-VL-235B-A22B-Instruct (n = 4).
Pass@1, W@2, and W @4 are reported across all nine evaluation dimensions grouped by task category; A |
denotes the relative drop from Pass@1 to W Q4.

) ‘ Generation Editing Repair

Metric

\ RUN. SPL. DSQ. \ ITG. FTL STC. \ RCT. ITL RFF

Gemini-3-Pro-Preview
Pass@1 (%) | 75.31 5690 60.68 | 74.84 69.48 62.06 | 5095 86.62 65.78
Wa@z2 (%) 73.55 4774 56.03 | 67.41 6241 53.77 | 39.83 80.41 58.19
W@4 (%) 68.92 39.80 49.27 | 63.45 57.89 49.51 | 31.31 72.07 49.80
Al (%) 8.48 30.05 18.80 | 1522 16.68 20.22 | 38.55 16.80 24.29
Owen3-VL-235B-A22B-Instruct

PassQl (%) | 61.22 38.59 4277 | 26.33 2499 22.19 | 25.09 71.46 46.89
Wa@z2 (%) 5275 28.42 3457 | 1954 1762 17.64 | 21.00 6246 38.68
Wa4 (%) 4442 2356 29.09 | 1591 1450 13.76 | 17.66 58.23 32.86
Al (%) 2744 3895 31.99 | 39.57 4198 37.99 | 29.61 1851 29.92
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Figure 13: Repair task: per-dimension scores across difficulty levels.

source paths. Visual styling errors—including Lay-
out Error (E3.1), Color/Theme Error (E3.2), Ty-
pography Error (E3.3), and Visual Fidelity (E3.6)—
collectively represent another substantial portion of
errors, particularly prominent in higher-performing
models such as Claude-Opus-4.5, Gemini-3-Pro-
Preview, and GPT-5.2, where basic functional-
ity is more reliably generated but fine-grained vi-
sual fidelity remains challenging. Notably, lower-
ranked models such as Qwen3-VL-30B-A3B ex-
hibit substantially higher total error counts (ex-
ceeding 5,000), with a disproportionate share of
fundamental errors like Feature Missing and Con-
sole Error (E1.2), suggesting that these models
struggle with both code correctness and specifica-
tion adherence. In contrast, top-performing models
like Claude-Opus-4.5 achieve the lowest total error
counts ( 2,100) with a more balanced error profile,
where styling and layout issues become the relative
bottleneck rather than missing functionality.

Error Analysis by Input Modality. Figure 16
reveals distinct error patterns across the three input
modalities, reflecting the fundamentally different

challenges each poses to generation models.

For text input tasks, where models receive nat-
ural language descriptions specifying the desired
webpage, the dominant error type is overwhelm-
ingly Feature Missing (E2.1), accounting for 40%-—
66% of errors across models. This is followed by
Feature Incomplete (E2.2) and interaction-related
errors. This pattern indicates that when translating
textual specifications into functional web pages,
models most frequently fail at implementing the re-
quired interactive behaviors and dynamic features.
Since text descriptions tend to specify complex in-
teraction logic (e.g., “clicking the button should
filter the table”), the primary bottleneck lies in the
models’ ability to reason about and implement func-
tional requirements rather than visual appearance.

For image input tasks, where models must re-
produce a webpage from a screenshot, the error
distribution shifts markedly toward visual and struc-
tural fidelity issues. While Feature Missing remains
significant (18%—-30%), visual errors such as Lay-
out Error (E3.1), Color/Theme Error (E3.2), and
Visual Fidelity (E3.6) become substantially more
prominent compared to text input. Resource fail-
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Figure 14: Distribution of patch complexity across models. Top row: Edit tasks; bottom row: Repair tasks (with
Ground Truth baseline). Each violin shows the full distribution; the thick bar marks the interquartile range (Q1-Q3)

and the white dot marks the median.

ures (E1.3) also feature heavily, as models attempt
to recreate visual assets they observe in screen-
shots but cannot faithfully reproduce. This pat-
tern confirms that image-conditioned generation
primarily challenges models’ visual perception and
pixel-level reproduction capabilities—models can
often identify the general structure but struggle to
precisely replicate spatial layouts, color schemes,
and typographic details.

For video input tasks, which present screen
recordings of interactive webpages, the error profile
reflects a compound challenge that combines both
visual reproduction and functional implementation.
The error distribution is notably more balanced
across categories: visual errors (Layout Error, Col-
or/Theme Error) and functional errors (Feature
Missing, Feature Incomplete) appear in roughly
comparable proportions. This is because video in-
puts simultaneously convey both the static visual
appearance and the dynamic interactive behaviors
of a webpage, requiring models to accurately per-
ceive temporal sequences of user interactions while
also faithfully reproducing the visual design. The
dual demand makes video-conditioned generation
the most challenging modality, as reflected in the
relatively high error counts even for strong models.

A.13.1 Text-Only Model vs. Vision-Language
Model

To investigate whether the additional visual ground-
ing capacity of a vision-language model ben-
efits—or hinders—pure front-end code genera-
tion, we conduct a controlled comparison between
QWEN3-32B (text-only) and QWEN3-VL-32B-
INSTRUCT (vision-language variant) on three rep-
resentative task types that reflect real-world web-
development workflows: Text-Guided Generation,
Text-Guided Editing,Diagnostic Repair.

Key observations. As shown in Table 7, QWEN3-
VL-32B-INSTRUCT leads on eight of the nine
task-specific dimensions and on Overall (36.49 vs.
31.60). Its largest advantages are in the visual di-
mensions (DSQ, STC, and RFF), consistent with
a stronger visual grounding prior; it also scores
higher on the functional dimensions in the edit-
ing and repair settings. QWEN3-32B retains an
advantage only on Generation Runnability (56.28
vs. 44.48), indicating that text-only modeling can
still provide a benefit for basic build and launch
reliability.

Quantitative Error Distribution in Edit and Re-
pair Tasks. To complement the qualitative obser-
vations above, we conduct a comprehensive quanti-
tative breakdown of error frequencies across Edit
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Figure 15: Overall error distribution across all evaluated models on web generation tasks. Each horizontal bar
represents the total error count for a model, with colored segments indicating the proportion of each error type.
Feature Missing (E2.1) and Resource Fail (E1.3) consistently dominate across models, while top-performing models
exhibit a more balanced error profile with relatively higher proportions of visual styling errors.
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Figure 16: Error distribution breakdown by input modality: text (left), image (middle), and video (right). Text-
conditioned generation is predominantly limited by functional errors such as Feature Missing (E2.1), image-
conditioned generation is more challenged by visual fidelity and layout errors, and video-conditioned generation
exhibits a balanced mix of both functional and visual errors, reflecting its compound difficulty.

Models ‘ Generation ‘ Editing ‘ Repair ‘ Overall
\ RUN. SPL. DSQ.| ITG. FTL STC.|RCT. ITL RFF \
Qwen3-32B \ 56.28 6.50 49.10 \ 2152 2117 17.92 \ 2142 5673 33.72 \ 31.60

Qwen3-VL-32B-Instruct \ 44.48 1453 56.92 \ 28.16 27.86 24.17 \ 2601 64.14 42.15\ 36.49

Table 7: Comparison of QWEN3-32B and QWEN3-VL-32B-INSTRUCT on the Text-only subset across three
front-end task types. Columns use the task-specific dimensions in Table 2; Overall is the arithmetic mean of the
nine dimension scores. Green bold indicates the best score in each column.

the total error counts and their proportional distri-
butions across models for Edit and Repair tasks,
respectively.

and Repair tasks. By analyzing the automated
checklist deduction logs, we categorize the failures
into specific sub-types. Figures 17 and 18 illustrate
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Several striking patterns emerge from this quan-
titative lens:

» Edit Tasks are Bottlenecked by Feature Com-
pleteness and Logic (E2). As shown in Fig-
ure 17, the vast majority of errors in editing
tasks stem from the Feature Missing (E2.1)
and Feature Incomplete (E2.2) categories (rep-
resented in dark and medium blue). For
open-source models like Qwen3-VL-30B-A3B-
Instruct, E2.1 alone accounts for up to 76% of
all checklist failures. Even for top-tier closed-
source models, these logical and feature-level
omissions dominate (e.g., Claude-Opus-4.5:
40% E2.1 and 30% E2.2). This aligns with
our qualitative finding that models often suffer
from “partial implementation,” losing track of
complex or multi-step editing instructions.

* Visual Fidelity (E3) is the Secondary Chal-
lenge in Editing. Visual/Layout errors (green
segments) form the second-largest block in Edit
tasks. Closed-source models notably struggle
with Layout Structure (E3.1) and Visual Fi-
delity Gap (E3.6), indicating that while they
can write the logical JavaScript, aligning CSS
properties precisely with the user’s aesthetic
intent remains difficult.

* Repair Tasks Fail Primarily due to Unad-
37974

dressed Defects (ES.1). Figure 18 reveals a
completely different error paradigm for Repair
tasks. The newly introduced repair-specific cat-
egories (pink/magenta) overwhelmingly dom-
inate the distribution. Specifically, Defect
Not Addressed (E5.1) is the primary failure
mode. For weaker models (e.g., Qwen3-VL-
30B-A3B-Thinking), a staggering 74% of er-
rors occur because the generated patch simply
fails to fix the original bug. Even Gemini-3-
Pro-Preview, the absolute best performer in Re-
pair (§4.2), sees 49% of its errors coming from
E5.1.

The “Over-editing” Penalty in Repair (E5.3).
We also observe a notable proportion of New
Defect Introduced (ES.3) errors in Repair tasks
(ranging from 8% to 12% for closed-source
models). This quantitatively corroborates the
heavy right-tail distribution observed in our
Patch Complexity Analysis (§A.11.3): mod-
els that generate excessively large patches (like
Claude and GPT-5.2) frequently break previ-
ously working functionality while attempting
to fix a localized bug.

Modality Consistency. When splitting the
analysis between Text Input and Image Input
(bottom panels of both figures), the propor-
tional distribution of error categories remains
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Figure 18: Quantitative distribution of error types for Repair tasks. In addition to standard web errors, Repair tasks
introduce defect-resolution specific errors (Pink/Magenta): Defect Not Addressed, Partially Addressed, and New

Defect Introduced.

remarkably stable within each model. This
suggests that the core weaknesses—failing to
implement complete features in Edit, and fail-
ing to diagnose the root cause in Repair—are
fundamental reasoning bottlenecks rather than
modality-specific perceptual failures.

A.13.2 Impact of Thinking Mode on
Performance

Recent work on reasoning-enhanced LLMs has in-
troduced “thinking” or “chain-of-thought” modes
that encourage models to reason step-by-step be-
fore producing a final answer (Guo et al., 2025).
To investigate whether this paradigm benefits web
development tasks, we compare the Instruct and
Thinking variants of two Qwen3-VL models that
appear in our evaluation: Qwen3-VL-235B-A22B
and Qwen3-VL-30B-A3B.

As shown in Table 2, the impact of thinking
mode varies across task types and evaluation dimen-
sions. On Generation tasks, both Thinking vari-
ants achieve higher Runnability scores than their
Instruct counterparts (63.86 vs. 61.26 for 235B;
47.37 vs. 41.79 for 30B), indicating that chain-
of-thought reasoning helps with code structural
correctness. However, the 235B Thinking model
suffers a notable Spec Implementation drop (35.02
vs. 42.14), while the 30B model shows negligible
change (20.87 vs. 20.80). On Editing and Repair

tasks, differences between Thinking and Instruct
variants are relatively minor for both scales.

The limited impact on Edit and Repair tasks
likely reflects that these tasks exceed the current
capability boundary of Qwen3-VL models. As
shown in Table 2, both models score substantially
lower on Editing than on Generation (e.g., 27.74
vs. 61.26 on Instruction Targeting for the 235B
Instruct), suggesting that accurately comprehend-
ing existing code, locating modification points, and
producing precise changes poses a fundamental
challenge. When the task difficulty surpasses the
model’s base competence, thinking mode cannot
compensate for the lacking skills—there is insuffi-
cient domain knowledge for the reasoning chain to
meaningfully build upon.

For Generation tasks, where models perform rel-
atively better, the Spec Implementation degradation
of the 235B Thinking variant is notable. Our error
analysis reveals that this model produces signifi-
cantly more Feature Missing errors—cases where
required interactive features are absent from the
output. We attribute this to attention dilution
caused by lengthy reasoning chains. Web develop-
ment prompts often specify multiple requirements
simultaneously—Ilayout, styling, interactive behav-
iors, and responsiveness. The 235B model, with
its greater capacity, generates substantially longer
thinking chains than its 30B counterpart, pushing
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the original feature specifications far from the code
generation point in the context window. This makes
it easier for the model to overlook specific require-
ments, producing structurally sound but incomplete
implementations. The 30B model’s shorter rea-
soning chains preserve proximity to the original
prompt, explaining its stable Spec Implementation
scores.

A.13.3 Judge Model Selection

Score Agreement with Human Judgments. To
validate the reliability of automated evaluation, we
compare three Claude-family judge models—Opus-
4.5, Sonnet-4.5, and Haiku-4.5—on a balanced 200-
sample subset (50 per task type), using Gemini-
3-Pro-Preview as the candidate model. Human
judgments on the same samples serve as the ground-
truth reference. Table 8 reports human agreement
(Pearson r) and estimated cost.

‘ Generation | Edit ‘ Repair ‘ Cost Analysis

Judge Model ‘

‘ r ‘ r ‘ r ‘ Cost
Claude-Opus-4.5 0.93 0.94 | 0.96 $4.66
Claude-Sonnet-4.5 0.88 090 0.89 $2.34
Claude-Haiku-4.5 0.76 0.79 ‘ 0.81 $1.02

Table 8: Judge model comparison. We report human
agreement (Pearson 7) and estimated cost per sample.
Green bold: best; blue underline: second best.

Human annotation protocol. Three indepen-
dent annotators, each with >3 years of front-end
development experience and familiarity with Re-
act, Vue, and Vanilla stacks (none overlap with
the paper authors), independently scored the same
200 instances (50 per task type plus 50 cross-
modality controls). Annotators received the ex-
act same rubric as the LLM judge—the prompt
in Appendix A.15.1—including task-specific 0-10
dimensions (Runnability/Spec Implementation/De-
sign Quality for Generation, Instruction Target-
ing/Feature Integrity/Style Conformance for Edit-
ing, and Root-Cause Targeting/Interaction Integri-
ty/Reference Fidelity for Repair), with explicit de-
duction anchors and reference screenshots. Mean
annotation time: ~8 min/sample. Per-sample
ground truth = mean of three annotators’ scores.

Inter-annotator and judge-human agreement.
We report both quadratic-weighted Cohen’s s and
Pearson r (leave-one-out: each annotator vs. the

mean of the other two; each judge vs. the aggre-
gated human scores).

Judge | Generation | Editing | Repair | Average

‘ K s ‘ K s ‘ K r ‘ K s
Claude-Opus-4.5 | 0.71 093 [ 0.80 0.94 | 0.85 0.96 | 0.79 0.94
Claude-Sonnet-4.5 | 0.65 0.88 | 0.72 0.90 | 0.78 0.89 | 0.72 0.89
Claude-Haiku-4.5 | 0.53 076 | 0.62 079 | 0.70 0.81 | 0.62 0.79
Human-Human | 0.75 095 | 0.82 0.95|0.83 0.96 | 0.80 0.95

A clear quality—cost trade-off emerges. Claude-
Opus-4.5 achieves the highest human agreement
(k = 0.79, » = 0.94), approaching the human—
human ceiling (x = 0.80); Sonnet-4.5 offers a com-
petitive balance at roughly one-third the cost with a
modest agreement drop; Haiku-4.5 is substantially
cheaper but less reliable (v = 0.62). Two per-
task patterns are noteworthy: (1) all judges agree
more on edit/repair than on generation, consistent
with the constrained solution space of patch-based
tasks; and (2) image-conditioned tasks yield the
lowest agreement, indicating that fine-grained vi-
sual assessment remains challenging for automated
judges. We therefore adopt Claude-Opus-4.5 as
the default judge, prioritizing evaluation reliability.

Comparison of model rankings between agent-
based automatic evaluation and human evalu-
ation As shown in Figure 19, the agent-based
evaluator demonstrates strong consistency with hu-
man rankings across all three tasks and evaluation
dimensions. In most cases the rank difference is
zero or at most one, suggesting that the automatic
evaluation protocol can serve as a reliable proxy
for human judgment.

A.14 Task Type Descriptions

To comprehensively evaluate models across a wide
spectrum of real-world web development chal-
lenges, WebCompass defines 15 generation applica-
tion domains, 16 diverse editing task types, and 11
repair defect types. Table 9 provides an overview,
and the following subsections detail each category.

A.14.1 Editing Task Types

The 16 editing task types span from low-level
UI components to full business workflows, ensur-
ing broad coverage of frontend engineering skills.
They are organized into four categories:

Complex Components. This category includes
Data Table (sortable, paginated, filterable table
with row selection and inline editing), Rich Text
Editor (WYSIWYG editor with formatting tool-
bar, link/image insertion, and form-synced output),
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Figure 19: Comparison of model rankings between agent-based automatic evaluation and human evaluation across
three tasks (Generation, Edit, Repair) and three task-adapted quality dimensions (executability, functional, and
visual; see Table 2). Blue and orange bars represent the rankings assigned by the agent evaluator and human
annotators, respectively (lower rank indicates better performance). The colored badges below each model name
denote the rank difference (Human — Agent): green indicates perfect agreement (A = 0), orange indicates a minor
discrepancy (|A| = 1), and red indicates a larger discrepancy (JA| > 2). Overall, the agent evaluator shows strong
alignment with human judgments, with most rank differences being zero or one.

Generation (15 Types) Editing (16 Types) Repair (11 Types)
1 E-commerce & Fintech 1 Data Table 1  Occlusion
2 Enterprise & Productivity 2 Rich Text Editor 2 Crowding
3  Social & Communication 3 Drag & Drop Interface 3  Text Overlap
4 Data Science & Analytics 4 Tree View 4  Alignment
5 Content Creation & Multimedia 5  Real-time Dashboard 5 Color & Contrast
6  Entertainment & Streaming 6 Infinite Scroll 6 Overflow
7  Game Development & Gaming 7  Async Form Validation 7  Sizing/Proportion
8 Education & Learning 8 File Upload with Progress 8 Loss of Interactivity
9  Simulation & Scientific Modeling 9  Parallax Scrolling 9 Semantic Error
10 Infrastructure & System Mgmt. 10 Page Transitions 10 Nesting Error
11 DevTools & Engineering 11 Particle Effects 11 Missing Attributes
12 Logic & Workflow Visualization 12 Skeleton Loading
13 Location Services & Transit 13  Shopping Cart
14 Information & Personal Branding 14 User Authentication
15 Lifestyle & Niche Utilities 15 Multi-step Wizard

16 Notification Center

Table 9: Detailed taxonomy of Generation, Editing, and Repair tasks in WebCompass. Generation covers 15
application domains; Editing defines 16 modification operations; Repair addresses 11 front-end defect types
spanning visual, semantic, and interactive dimensions.

Drag & Drop Interface (draggable items with drop-
zone feedback, cross-container reordering, and
state persistence), and Tree View (nested expand/-
collapse tree with cascading selection and search
filtering).

Frontend-Backend Integration. This category
covers Real-time Dashboard (live-updating met-
ric cards with animated counters and sparkline

charts), Infinite Scroll (scroll-triggered lazy loading
with skeleton placeholders and end-of-content han-
dling), Async Form Validation (debounced server-
side validation with inline status indicators and sub-
mit gating), and File Upload with Progress (drag-
and-drop upload with per-file progress bars, queue
management, and cancel support).
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Advanced Animations. This category encom-
passes Parallax Scrolling (multi-layer differential
scroll speeds with viewport-triggered fade/scale ef-
fects), Page Transitions (coordinated enter/exit ani-
mations such as fade, slide, and zoom between SPA
content views), Particle Effects (canvas-based par-
ticle system with physics, cursor interaction, and
connection lines), and Skeleton Loading (shimmer-
animated placeholders matching content structure
with smooth reveal).

Business Scenarios. This category includes
Shopping Cart (full cart flow with quantity con-
trols, real-time totals, and localStorage persis-
tence), User Authentication (login, registration, and
password-recovery forms with validation and auth
state management), Multi-step Wizard (step indi-
cator with per-step validation, cross-step data per-
sistence, and review summary), and Notification
Center (notification dropdown with unread badge,
categorized alerts, and mark-as-read actions).

A.14.2 Repair Defect Types

The 11 repair defect types cover visual, semantic,
and interactive failure modes commonly encoun-
tered in frontend development, organized into three
dimensions:

Visual Layout. This dimension includes seven
defect types: Occlusion (one element covers an-
other due to incorrect z-index stacking), Crowd-
ing (spacing between elements is removed or col-
lapsed, causing visual clutter), Text Overlap (text
overflows its container and overlaps with adjacent
content), Alignment (elements are offset from their
expected grid or sibling alignment), Color & Con-
trast (text color is too close to the background,
reducing readability), Overflow (content exceeds a
fixed-size container without proper overflow han-
dling), and Sizing/Proportion (elements are given
extreme or distorted dimensions).

Semantic Correctness. This dimension includes
Semantic Error (semantic HTML tags replaced
with non-semantic equivalents, e.g., <h1> replaced
by <div>) and Nesting Error (invalid HTML nest-
ing, e.g., <a> inside <a>, or <div> inside <p>).

Interactive Usability. This dimension includes
Loss of Interactivity (interactive elements disabled
or blocked via pointer-events: none) and Miss-
ing Attributes (accessibility or functional attributes
removed, e.g., alt, aria-label).

A.15 Prompt Templates

This section presents the prompt templates used in
our pipeline, covering task prompts for code gener-
ation, editing, and repair (§A.15.3-A.15.5), evalua-
tion prompts for LLM-as-a-Judge and Agent-as-a-
Judge (§A.15.6-A.15.7), and auxiliary prompts for
checklist generation and error analysis (§A.15.2—
A.15.1).

A.15.1 Error Analysis Prompt

Below is the prompt used to classify point deduc-
tions into standardized error types and root causes.
The full prompt includes the complete taxonomy
definitions, a decision flowchart, point allocation
rules, and worked examples.

Error Analysis Prompt (Part 1: Taxonomy & Rules)

You are a web development QA analyst. Classify each point
deduction

from LLM-generated web pages into standardized error
types.

== Error Type Taxonomy (3-level) ==

E1 - Code Execution Errors
E1.1 | Page Crash / White Screen | Page fails to render
entirely
E1.2 | Console Error (Blocking)
prevents feature from working
E1.3 | Resource Loading Failure
fonts, external dependencies

| JS error that

| Missing images,

E2 - Functional Errors

E2.1 | Feature Missing | A required feature/
component is entirely absent

E2.2 | Feature Incomplete | Feature exists but is only
partially implemented

E2.3 | Logic Error | Feature exists but
produces wrong behavior/output

E2.4 | Interaction Error | Wrong event type, trigger
condition, or user flow

E2.5 | Data/Content Error
, or dynamic content

| Wrong text, numbers, items

E3 - Visual/Style Errors
E3.1 | Layout Structure Error | Wrong arrangement,
grid, flex direction, positioning

E3.2 | Color/Theme Error | Wrong colors,
gradients, or visual theme

E3.3 | Typography Error | Wrong font, size,
weight, line-height

E3.4 | Spacing/Sizing Error | Wrong margin,
padding, width, height

E3.5 | Animation/Transition Error | Missing, wrong, or
poorly executed animations

E3.6 | Visual Fidelity Gap | General mismatch

with reference image/video

E4 - Non-Functional Errors
E4.1 | Performance Issue
leak, slow rendering
E4.2 | Accessibility Issue
contrast, no keyboard nav
E4.3 | Responsiveness Issue
viewport sizes

| Lag, high CPU, memory
| Missing alt text, poor

| Breaks at different

== Root Cause Analysis (select the MOST specific one) ==

Requirement Misunderstanding | Prompt clearly stated X,
LLM built Y

Requirement Omission
explicit requirement

Insufficient Reproduction
reference image/video

Capability Limitation
technique

| LLM skipped/forgot an
| Visual/behavioral gap vs

| LLM lacks skill for this
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Hallucination | LLM used non-existent "max_score":6, "errors”":[{"type":"E3.1",

APIs or fabricated behavior "description”:"Header elements stacked vertically
Oversimplification | LLM took shortcuts, used instead of required horizontal layout”,

simpler approach "points_deducted”:2,
null | Cannot determine or none "root_cause”:"Insufficient Reproduction”}]}]

of the above
Now analyze the following checklist:
== Decision Flowchart == [CHECKLIST]

For each deducted point:

1. Does the page crash or show blocking console errors?

> Elx L A.15.2 Checklist Generation Prompt
2. Does a required feature not work as specified?

-> E2.x : :

5 (o 5 e e Sl Belowlls the prompt use.d to generate evaluation

-> E3.x checklists. The prompt instructs an LLM to pro-
4. Does it look right but have non-functional issues? .. .

-> E4.x duce structured checklist items spanning the Gen-
e A Bl = eration dimensions Runnability, Spec Implemen-
When a single checklist item has multiple issues tation’ and Design Quahty WC ShOW the core in_

mentioned in reason: A X

- Allocate points proportionally to issue severity structions and an abrldged example; the full pI'OHlpt
- If unclear, split evenly among identified issues . lud 1 13 . f h 1
- Critical failures get more points than minor issues Includes a COIl'lp ete -ltem few-shot examp c.

== Qutput Format ==
Return a JSON array:

Checklist Generation Prompt (Part 1: Role & For-

[{"checklist_id": <id>, "task”: "<task>", mat)
"score": <score>, "max_score"”: <max_score>, v . d t R I
"errors”: [{"type": "<E1.1|...|E4.3>", ou are a senior a: extremely detail-oriented code
"description”: "<concise description>", v rev1ev;'ex'per; B ltipl . 1
"points_deducted”: <number>, ou ar;:e pr;) 1daen in multiple programming languages,
"root_cause”: "<label|null>"3}13}] rontend . . . .
technologies, interaction design, and UI aesthetics. Your
= — task is
== Rules == t t hecklist f. luati to th
1. sum(points_deducted) must equal max_score - score for © genera S & CUISECRISE TElr GRS [P W) Uil
each item given
[query].

2. Each error gets exactly ONE type code
3. Full-score items -> empty errors array

4. Multiple distinct issues -> separate error objects ## RolelDefinition

- Responsibility: Act as a member of an authoritative

technical
review committee--objective, comprehensive, and
Error Analysis Prompt (Part 2: Few-Shot Examples) impartial.

- Attitude: Meticulous, professional, and uncompromising.
== Example 1: Runtime error == - Aesthetic Standards: Excellent design taste and high
Input: {"id"”:1, "task":"Page loads correctly”, standards

"max_score":5, "score":0, for user experience.
"reason”:"Uncaught ReferenceError: initApp is not
defined. ## Output Format Requirements (Each checklist item must
Page shows white screen.”} include)
Output: - task: A clear, single-purpose task for the UI agent to
[{"checklist_id":1, "task":"Page loads correctly”, "score verify.
":0, - category: One of: Runnability | Spec Implementation |
"max_score”:5, "errors”:[{"type":"E1.2", Design Quality
"description”:"Uncaught ReferenceError prevents page - operation_sequence: Steps the UI agent should perform
init”, (2-4
"points_deducted”:5, "root_cause":"Hallucination”}]}] steps, verifiable through screenshots/screen recordings

).
expected_result: Specific, observable success criteria.
criteria: Strict scoring rules (clear pass/fail

== Example 2: Multiple issues in one item ==
Input: {"id":3, "task”:"Test mouse wake effect"”,

"max_score":12, "score”:6, thresholds).
"reason”:"Wake works on mousedown+drag but NOT on - max_score: Maximum score for this item (must be a
hover-only movement. Dissipation too slow (visible number) .
after 3s)."}
Output:
[{"checklist_id":3, "task”:"Test mouse wake effect”, " Checklist Generation Prompt (Part 2: Dimensions)
score”:6,
"max_score":12, "errors":[ ## Evaluation Dimensions and Checklist Structure
{"type":"E2.4",
"description”:"Wake requires mousedown instead of ### 1. Runnability (Fixed 1 item, worth 10 points)
hover”, Fixed universal checklist item:
"points_deducted”:4, {"task"”: "Does the page load correctly and run without
"root_cause”:"Requirement Misunderstanding”}, errors?”,
{"type":"E2.3", "category”: "Runnability”,
"description”:"Wake dissipation too slow (>3s)", "operation_sequence”: "1. Open Console panel 2. Load the
"points_deducted”:2, "root_cause”:null}]}] page
3. Check for red error messages 4. Check Network for
== Example 3: Style issue == 404/500",
Input: {"id":5, "task":"Check header layout”, "expected_result”: "Page loads completely, no Console
"max_score”:6, "score":4, errors,
"reason”:"Logo and nav are present but laid out no failed requests, all static resources load
vertically successfully”,
instead of horizontal row."} "criteria”: "Full 1@ pts; JS errors -5; Resource 404 -3;
Output: White screen = @; Warnings do not deduct”,
[{"checklist_id":5, "task":"Check header layout”, "score "max_score": 10}
"4,
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### 2. Spec Implementation (6-10 items, worth 60-70 All share a common output contract requiring pure

points) .
Core part -- generated entirely based on the Query: Markdown Wlth anCCd COdC blOCkS' BCIOW we
- First 4-5 items: core functionality, main interactions, present each Variant.

key user journeys (most stringent, hardest to pass)
- Remaining items: secondary features, edge cases,

robustness ) ) Text-Guided Generation Prompt
- Score per item: 8-15 points, allocated by importance

X X X L You are a highly skilled professional front-end engineer.
### 3. Design Quality (1 universal + 1-2 Query-specific,

20-25 pts)

X g . Your task: Based on the web design document below,
Universal item evaluates: color harmony, layout spacing

generate a
. (8px L X complete runnable web project repository.
multiple principle), typography (body font >=14px, line-
height o o Hard output contract (MUST follow):
>1.5x). Query-specific items check domain visuals (e.g., 1) Your entire response MUST be pure Markdown text.
cane . o 2) ABSOLUTELY NO explanations, no extra commentary.
board design, chart readability, animation smoothness). 3) Every file MUST be emitted using the following format:

# path/to/file.ext
## Important Notes T Text

- Hard requirement: sum of all max_score must equal 100 <full file content>
- Hard requirement: 10-16 checklist items total NN
- Each item must be verifiable through screenshots/ 4) The heading line MUST start with '# ' followed by the
console/ ] ) file path (relative path).
network panel/visual alignment checks 5) The code fence language MUST match the file type.

6) Include all necessary files so the project can run.
7) Do NOT nest triple backticks inside code blocks.

Checklist Generation Prompt (Part 3: Abridged Ex-

ample) Few-shot examples:
## Complete Example (abridged -- showing 3 of 13 items) # index.html
Query: [Multiplayer online chess game with lobby, game “""html
board, <!doctype html>
result modal, and profile pages...] <html>
<head>
[{"task"”: "Does the page load correctly and run without <meta charset="utf-8" />
errors?”, <title>Demo</title>
"category”: "Runnability”, <link rel="stylesheet” href="styles.css" />
"operation_sequence”: "1. Open Console 2. Load page </head>
RN <body>
"expected_result”: "Page loads, no errors, all Hello
resources OK", <script type="module" src="main.js"></script>
"criteria”: "Full 10; JS errors -5; 404 -3; crash = 0", </body>
"max_score”: 10}, </html>

{"task"”: "Test chessboard piece selection and valid move
indicators functionality",

"category”: "Spec Implementation”, # styles.css
"operation_sequence”: "1. Start game 2. Click white TTTcss
pawn (e2) body { font-family: system-ui; }
3. Verify highlights and move indicators 4. Click Tt
valid
square to confirm move with animation”, # main.js
"expected_result”: "Piece highlighted, dots on empty TTTs
squares, console.log('ok')
rings on captures, smooth ~200ms animation”, Tt
"criteria”: "Full 12; no highlight -4; no indicators
-4; Web design document:
no animation -2; wrong move -2", -
"max_score”: 12}, [DOCUMENT]
{"task": "Verify dark theme with correct primary/accent -
colors”,
"category”: "Design Quality”,
"operation_sequence”: "1. Screenshot Lobby and Game ion-Guided Generation Prompt
pages
2. Verify dark gradient background 3. Check primary/ You are a highly skilled professional front-end engineer.
accent
colors 4. Verify semi—transp:?rent cards”, Your task: Based on the web design document and the
"expected_result”: "Dark gradient bg, wood-brown reference
(rainElrfy ) ) screenshots provided, generate a complete runnable web
royal blue interactive, gold accents, cohesive dark project
‘theme”, ) ) ) repository. The screenshots represent the target UI and
"criteria”: "Full 5; light theme -5; inconsistent function.
. colors ”_2"v The generated site should match the screenshots as
max_score”: 53}, closely as
(10 more items omitted for brevity)] possible.
Query: Hard output contract (MUST follow):
- 1-7) [Same output contract as Text-Guided Generation]
[QUERY]
- Startup requirements:
- MUST include a README.md with the simplest way to run
. locally.
A.15.3 Generation Prompts - MUST be runnable via a static server (no backend).

Prefer Vite or plain static files.
We use three generatlon pI'OII‘lptS COITCSpOl’ldll’lg to

the three input modalities: text, image, and video.
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[DOCUMENT]

Video-Guided Generation Prompt (Part 1: Analysis

Protocol)

You are a world-class front-end engineer with expertise

in

creating pixel-perfect web reproductions. Your task is to
analyze

these video frames and create a complete, production-
ready web

project repository that exactly replicates the
demonstrated

interface with professional-grade quality.

MISSION: Create a flawless HTML reproduction that matches
the
video demonstration in every detail, achieving 95%+
quality score.

COMPREHENSIVE ANALYSIS PROTOCOL:

1. TEMPORAL SEQUENCE ANALYSIS:

- Study frame progression to understand user
interactions

- Identify animation sequences, timing, and easing
patterns

- Map state transitions and user feedback mechanisms

- Recognize loading states, hover effects, micro-
interactions

- Document exact timing and duration of animations

2. VISUAL DESIGN EXTRACTION:

- Extract precise color values (prefer hex codes: #
RRGGBB)

- Identify typography: families, sizes, weights, line
heights

- Measure spacing: margins, padding, gaps (use rem/em
units)

- Analyze shadows: box-shadow values, blur, spread,
inset

- Document border radius, opacity, and gradient
effects

- Note z-index layering and stacking contexts

3. LAYOUT & STRUCTURE ANALYSIS:
- Identify layout systems: Flexbox, CSS Grid, or
positioning
- Map responsive breakpoints and mobile adaptations
- Document component hierarchy and nesting structure
- Analyze alignment, distribution, and spacing
patterns

4. INTERACTION PATTERN RECOGNITION:
- Button states: normal, hover, active, focus,
disabled
- Animation triggers: click, hover, scroll, load
events
- State management: data flow and component updates
- User feedback: visual confirmations and error states

JAVASCRIPT FUNCTIONALITY (MANDATORY):

ANIMATION & INTERACTION STANDARDS (MANDATORY):

OUTPUT SPECIFICATIONS (CRITICAL):

Begin your comprehensive analysis and create the ultimate
reproduction that achieves 95%+ quality score.

- Write modern ES6+ with proper error handling (try/
catch)

- Use requestAnimationFrame for smooth animations

- Add performance optimizations: debouncing, throttling

- Implement proper event delegation and cleanup

- Use CSS transforms for performance (translate3d,
scale)

- Implement 60fps smooth animations

- Add appropriate transition durations (200-500ms)

- Create natural easing: ease-out entrance, ease-in
exit

- Your entire response MUST be pure Markdown text.
- ABSOLUTELY NO explanations or extra commentary.
- Every file MUST use: # path/to/file.ext ~~“ext ...

- Keep assets inline; avoid external dependencies.

Video-Guided Generation Prompt (Part 2: Implemen-

tation)

TECHNICAL IMPLEMENTATION REQUIREMENTS:

HTML5 STRUCTURE (MANDATORY):
- Use semantic HTML5 elements (main, section, article,
nav)
- Include proper meta tags: charset, viewport,
description
- Implement accessibility: ARIA labels, alt text, roles
- Ensure valid HTML5 markup

IMPLEMENTATION (MANDATORY):

- Use CSS custom properties (--variables) for theming

- Implement modern layout: Flexbox and CSS Grid

- Create smooth animations with cubic-bezier easing

- Use transform3d for hardware acceleration

- Implement responsive design with mobile-first
approach

- Include CSS reset/normalize for consistency

You are an expert frontend developer. Your task is to

provided web code based on the given instructions.
You will receive the current code and a set of editing

**x0Qutput Format Requirements:*x

Return XML format with the following structure:
<search_replace path="path/to/file">

<search>

exact text to find in the original file
</search>

<replace>

replacement text with the modification applied
</replace>

</search_replace>

If you want to create additional files:
<search_replace path="path/to/new_file">
<search></search>

<replace>

complete code for the new file

</replace>

</search_replace>

The search block for new files should be empty.

Important:

A.154 Editing Prompts

The text-guided and vision-guided editing tasks
share the same system prompt. The only differ-
ence is that the vision-guided variant additionally
includes current-state screenshots in the user mes-
sage. We present the shared system prompt once,
followed by the two user-message variants.

Editing System Prompt (shared by Text & Vision

variants)

edit the

instructions.

Use search/replace blocks to indicate modifications

Each block must be wrapped in <search_replace path

>

</search_replace> tags

The “path™ attribute must specify the relative file
path

(e.g., "index.html”, "resources/style.css")

Each block must contain one <search> and one <replace>

The <search> block must contain the EXACT text from the
original file (including whitespace and indentation).
The <replace> block contains the modified code.

One <search_replace> block can only contain one pair of
<search> and <replace>.

You can include multiple <search_replace> blocks if you
need to modify multiple locations or files.
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[ - You must complete the task in single response. ]

Text-Guided Editing — User Message

== User Message ==
## Task Description
Task @ - {task_type}: {description}
Task 1 - {task_type}: {description}

## Source Code

The following is the current code that needs to be
modified:

<code_context>

<file path="index.html"> ...

<file path="style.css"> ...

</code_context>

</file>
</file>

Vision-Guided Editing — User Message (extends Text

variant)

== User Message ==
## Task Description
Task @ - {task_type}: {description}

## Source Code
<code_context>

<file path="index.html"> ...
</code_context>

</file>

## Current State Screenshots

The following screenshots show the current state:
[Current Screenshot: page_1.png]

[image_1]

[Current Screenshot: page_2.png]

[image_2]

A.15.5 Repair Prompts

Similarly, the diagnostic and visual-diagnostic re-
pair tasks share the same system prompt. The
visual-diagnostic variant additionally includes
before-fix and target-state screenshots.

Repair System Prompt (shared by Diagnostic & Vi-

sual variants)

You are an expert frontend developer. Your task is to
repair the

provided web code based on the given defect types. You
will receive

the current code with a set of defect types to fix.

Here are the issue types and explanations (the code may
not contain
all of these issues):

- Occlusion: Elements incorrectly layered causing
important
content to be covered due to improper z-index or
positioning.

- Crowding: Elements too close together due to missing or

insufficient spacing (margins/padding).

Text Overlap: Text overlaps with other elements due to

insufficient container size or improper positioning.

Alignment: Elements not properly aligned with the grid
system

or sibling elements.

- Color Contrast: Insufficient contrast between text and

background colors affecting readability.

Overflow: Content exceeds container boundaries without
proper

overflow handling.

- Sizing Proportion:
or aspect

ratios that distort their appearance.

Loss of Interactivity: Interactive elements disabled or
blocked

Elements have incorrect dimensions

via disabled attributes or pointer-events: none.
- Semantic Error: Semantic HTML tags replaced with
generic divs
or spans reducing accessibility.
- Nesting Error: HTML elements nested in invalid ways
that
violate HTML specifications.
- Missing Attributes: Required attributes missing from
elements
(e.g., alt, aria-label).

**xQutput Format Requirements:*x
[Same search/replace format as Editing prompts]

Important:
[Same constraints as Editing prompts]

Diagnostic Repair — User Message

== User Message ==

You have only {N} issues to fix, and you cannot fix more
than

{N} issues.

## Source Code

The following is the current code that needs to be
modified:

<code_context>

<file path="index.html"> ...

</code_context>

</file>

Visual-Diagnostic Repair — User Message (extends

Diagnostic)

== User Message ==

You have only {N} issues to fix, and you cannot fix more
than

{N} issues.

## Source Code
<code_context>

<file path="index.html"> ...
</code_context>

</file>

## Current State Screenshots

The following screenshots show the current (defective)
state:

[Current Screenshot: page_1.png]

[image_1]

## Target State Screenshots

The following screenshots show the expected result:
[Target Screenshot: page_1.png]

[image_1]

A.15.6 LILM-as-a-Judge Prompts

We use separate judge prompts for editing and re-
pair tasks, each with task-specific scoring dimen-
sions on a 0-10 scale. The repair judge additionally
receives ground-truth code modifications and fixed
screenshots as reference.

Edit Task Judge Prompt

## Task Description

You are evaluating whether code modifications properly
implement

user's instructions for UI changes. You will receive:

1. Task Instructions: multi-line text, each line follows:

Task <idx> - <task_type>: <description>

2. Generated Code Modifications: the search/replace
blocks

3. Original UI Screenshot: the before-modification state

4. Modified UI Screenshot: the after-modification visual
result

## Evaluation Framework
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Score each task independently across three dimensions
(0-10):

- Instruction Targeting: Patch applicability and task-
attempt coverage

- Feature Integrity: Whether original and new
functionality is correct

- Style Conformance: Visual quality and consistency with
original style

## Evaluation Criteria

### 1. Instruction Targeting (0-10 points)

- Are the search/replace blocks syntactically correct?
- Does the modified code run without errors?

- Are changes applied in the correct files/locations?

### 2. Feature Integrity (0-10 points)

- Are original UI interactions preserved?
- Are interactive elements still usable?
- Are there regressions in functionality?

### 3. Style Conformance (0-10 points)

- Does the modified UI match expected visual outcome?
- Is the visual style consistent where not changed?

- Are colors, fonts, spacing, and layout harmonious?

## Important Notes

- CRITICAL: You MUST evaluate ALL tasks listed

- Visual results are the PRIMARY indicator of success
- Output ONLY valid JSON, no additional text

## Output Format

{"task_scores”: [{"task_idx": @,
"task_type": "<from Task @ - <task_type>: ...>",
"reasoning”: "<detailed evaluation>",
"instruction_targeting”: <0-10>,
"feature_integrity”: <0-10>,
"style_conformance”: <0-10>}, ...]1}

Repair Task Judge Prompt

## Task Description

You are evaluating the effectiveness of UI defect repair
tasks.

You will receive:

1. Defect Description: multi-line text, each line follows

Defect <idx> - <task_type>: <description>

2. Ground-Truth Code Modifications: the ideal fix (
reference)

3. Generated Code Modifications: the produced fix

4. Before-Fix UI Screenshot: defective state (red box
markers)

5. After-Fix UI Screenshot: the actual repair result

6. Ground-Truth Fixed UI Screenshot: the ideal fix result

## Evaluation Framework

Score each defect repair independently (0-10 per
dimension):

- Root-Cause Targeting: Patch applicability and root-
cause localization

- Interaction Integrity: Whether original and repaired
functionality is correct

- Reference Fidelity: Visual quality vs. ground-truth
reference

## Evaluation Criteria

### 1. Root-Cause Targeting (0-10 points)

- Are the search/replace blocks syntactically correct?

- Does the modified code run without errors?

- Do changes target the root cause without introducing
errors?

### 2. Interaction Integrity (0-10 points)

- Are original UI interactions preserved after the fix?
- Are interactive elements still usable?

- Are there regressions in functionality?

### 3. Reference Fidelity (0-10 points)

- How closely does the fix match the ground-truth
reference?

- Are layout, colors, typography aligned with the
reference?

- Does the fix look natural and harmonious?

## Important Notes

- CRITICAL: You MUST evaluate ALL defects listed
- Visual comparison with ground-truth is the PRIMARY
indicator
- Compare the generated fix with both the defective state
and
the ideal ground-truth fix
- OQutput ONLY valid JSON, no additional text

## Output Format

{"task_scores”: [{"task_idx": @,
"task_type"”: "<from Defect @ - <task_type>: ...>",
"reasoning”: "<detailed evaluation>",
"root_cause_targeting”: <0-10>,
"interaction_integrity": <0-10>,
"reference_fidelity”: <0-10>}, ...]}

A.15.7 Agent-as-a-Judge Prompt

The Agent-as-a-Judge system uses two prompt tem-
plates: one for generation (producing code from
a task description) and one for verification (scor-
ing the generated webpage against a checklist via
browser interaction). The verification prompt has
two variants—with and without reference images—
that share the same execution flow. We present the
shared verification prompt below; the image variant
additionally instructs the agent to review reference
screenshots under the screenshots/ directory.

Agent-as-a-Judge: Generation Prompt

<task>
{problem_statement}
</task>

Based on the design requirements in <task>, generate a
complete
front-end web project repository.

Agent-as-a-Judge: Verification Prompt (Part 1: Ob-

jective & Rules)

You are a strict QA website tester who must rigorously

evaluate

the Runnability, Spec Implementation, and Design Quality
of a

webpage based on a checklist (verification and scoring
only --

no fixes).

Below is the user's requirements document for the webpage
<docs>{instruction}</docs>

Your objective: Based on a normal user's browsing journey

, use

mcp_tools: mcp__chrome-devtools to verify whether each
item in

the checklist is met, update every entry in checklist.
json where

score is null to a definitive score, provide reproducible
evidence (reason), and save screenshots to image/.

Mandatory Rules (Must Be Followed)

1) Absolutely do not modify/fix the original website
project
code.
The only content you are allowed to create/modify is:
- checklist.json
- Screenshot files in the image/ directory
3) Complete all tasks in a single run. Before all tasks
are
completed, you must call tools for verification in
every
round.

2

~
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4) Reach every required state through a visible UI entry

point

using ordinary browser operations (click, type, scroll
, and

navigate). If the state or function is not reachable
through

the UI, mark the checklist item as failed with score
0.

5) JavaScript is supplementary verification only after

the

relevant UI state has been reached. It may inspect DOM
, CSS,

and functional behavior or reduce repetitive
mechanical

operations, but it must not mutate hidden state,
invoke an

internal function to bypass the UI, change an
assertion, or

award credit for an unreachable function.

6) Selector adaptation may relocate DOM selectors only.

The

checklist criteria and behavioral assertions are
immutable.

You may only end when no entries with score=null remain
in
checklist. json.

Agent-as-a-Judge: Verification Prompt (Part 2: Exe-

cution Flow)

Mandatory Execution Flow (No Steps May Be Skipped)

Step @: Prepare Output Directory
1) Ensure image/ folder exists in the project directory.
2) Take screenshots for every key state verification.

Step 1: Conduct Code Review First (Read-Only)
1) Read repository code related to page entry points,
routing,
interactions, requests, and error handling.
2) Compile verifiable points: entry URLs, key buttons/
forms,
potential error points, data sources and loading logic

3) Code review only guides test paths; final scores must
be
based on actual webpage behavior.

Step 2: Read checklist.json
1) Locate all entries where score is null.
2) Extract task / operation_sequence / expected_result.

Step 3: Open and Actually Test the Webpage

1) Use mcp__chrome-devtools for interactive verification

(clicking, typing, navigating, scrolling, etc.).

For each item, first perform the prescribed UI
operations and

confirm that the target state is reachable. If no UI
entry

point exists, assign score @ and record the evidence.

3) Only after the state is reached, use JavaScript as a
supplementary check of DOM, CSS, or functional

behavior.
4) Take screenshots as evidence. For Design Quality tasks

2)

)
combine UI screenshots for scoring.

Step 4: Immediately Write Back to Checklist
1) After each verification, write back to checklist.json:
- score: Change from null to a definitive score.
- reason: Single-line string with reproducible
evidence.

Key Rule: Entry Point Failure => Cascading Failure

If the website entry point is unavailable (blank screen/
crash/

infinite loading): take screenshot as evidence, assign
failure

scores to all dependent items.

Termination Condition
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