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Abstract

Large language models (LLMs) for code gen-
eration have achieved remarkable progress in
synthesizing functional code from natural lan-
guage instructions. However, a critical chal-
lenge persists in generating visually accurate
and structurally sound front-end code that faith-
fully renders user-intended layouts and inter-
faces. Most existing works focus primarily
on functional correctness, overlooking the vi-
sual fidelity and rendering quality essential for
front-end development. To address this gap,
we present a comprehensive data construction
and training pipeline to enhance front-end code
generation capabilities in code LLMs. We use
a three-stage training approach: continual pre-
training on synthetic data, quality-controlled su-
pervised fine-tuning, and reinforcement learn-
ing with checklist-based rewards to improve
model performance. Our comprehensive eval-
uation on front-end code generation bench-
marks reveals that even strong base models
struggle with visual faithfulness and layout
complexity. Our fully-trained model demon-
strated substantial improvements over baseline
approaches across all domains, achieving com-
petitive performance with frontier models while
maintaining generation efficiency, underscor-
ing the critical importance of stage-aligned data
curation and vision-grounded optimization in
developing reliable front-end code generation
systems. Our code and data are open-sourced
at https://github.com/leanfeng1/FrontCoder.

1 Introduction

Front-end code generation has emerged as a critical
capability for modern code large language models
(code LLMs) (Hui et al., 2024; Guo et al., 2024;
Rozière et al., 2023; Anthropic, 2025; OpenAI,
2025; Yang et al., 2025c), enabling automatic syn-
thesis of HTML, CSS, and JavaScript from natural
language descriptions of user interfaces. While
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Prompt
Please help me implement this SVG image using 
code. Listen to music with headphones for 
better sound quality.
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Figure 1: Comparison between Qwen2.5-Coder and our
FrontCoder. While both follow the interactive SVG
prompt, FrontCoder produces a more sophisticated,
fully functional sandbox with precise UI controls.

recent models generate syntactically correct code,
a fundamental challenge remains: ensuring front-
end code produces rendered outputs that accurately
match the intended layout, styling, and interactive
behavior specified in user instructions.

Visual faithfulness in front-end code generation
presents unique challenges, as quality depends on
rendered appearance rather than logical correctness
verifiable through unit tests. While benchmarks
like Design2Code(Si et al., 2025) and Artifacts-
Bench (Zhang et al., 2025b) employ VLM judges
for visual evaluation, state-of-the-art models still
struggle with complex layouts, nested DOM struc-
tures, and generating excessive boilerplate while
missing critical visual requirements. Current train-
ing approaches face two key limitations: (1) pre-
training corpora lack sufficient coverage of diverse
compositional UI patterns (flexbox, grids, SVG mo-
tifs) and domain-specific structures (dashboards,
games, visualizations), and (2) standard supervised
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fine-tuning cannot effectively address behavioral
failures like rendering errors and degenerative rep-
etition that only manifest at generation time and
require execution-grounded feedback to correct.

In this paper, we introduce FrontCoder, achiev-
ing high visual faithfulness in front-end code gen-
eration through a three-stage pipeline: continual
pre-training (CPT), supervised fine-tuning (SFT),
and reinforcement learning (RL). The front-end
code generation requires explicit separation of con-
cerns, where CPT instills broad structural pri-
ors for HTML/CSS/SVG composition, SFT estab-
lishes instruction alignment through high-quality
executable demonstrations, and RL refines behav-
ioral robustness by directly optimizing for ren-
dered visual fidelity. We create an automated data
pipeline yielding 75B tokens for CPT, 60K length-
controlled high-quality instruction-code pairs for
SFT, and 1524 hard prompts with fine-grained ver-
ification checklists for RL. For front-end code RL,
we define a composite reward that combines hard
binary gates for rendering validity and repetition
avoidance with soft scores for checklist satisfac-
tion, structural-semantic similarity to reference re-
sponses, and length regularization. We integrate
a sandboxed rendering environment that executes
generated HTML and captures screenshots, en-
abling vision-grounded reward computation that
aligns optimization with actual rendered appear-
ance rather than superficial text correctness. We
further distill visual requirements into discrete 20-
item verification checklists, providing interpretable
and stable reward specifications that decompose
complex layout constraints into verifiable crite-
ria. We conduct extensive evaluation on Arti-
factsBench (Zhang et al., 2025b), a comprehen-
sive benchmark containing 1,825 front-end tasks
across five domains (GAME, SVG, WEB, Simula-
tion, Management Systems).

Our analysis reveals several key findings:

• CPT Effectiveness: Continual pre-training
on our curated 75B-token corpus substantially
improves structural competence, boosting
AVG score on Qwen2.5-Coder-7B base model,
with particularly large gains on structure-
intensive domains like SVG and simulation.

• SFT Delivers Largest Alignment Gain:
High-quality SFT on our length-controlled
60K dataset produces the largest single-stage
improvement, with consistent gains across

all domains demonstrating the critical impor-
tance of supervision fidelity over raw volume.

• RL as Behavior Regularizer: Reinforce-
ment learning provides targeted improve-
ments while substantially reducing output
length—our SFT+RL model decreases aver-
age inference length from 35.8K to 25.8K
(28% reduction), effectively eliminating ren-
dering failures and degenerative repetition.

• Analysis: This research demonstrates that a
data- and reward-focused training approach
can achieve competitive performance even
with smaller models, with their best 7B pa-
rameter model nearly matching GPT-5’s per-
formance and surpassing MiniMax-M2, while
their 30B model achieves the highest score
among open models. The study also reveals
that reinforcement learning (RL) affects mod-
els differently depending on their initial train-
ing quality: for weaker models, RL adds es-
sential structural improvements, whereas for
already strong models from supervised fine-
tuning (SFT), RL primarily serves to regulate
response length and enhance robustness.

2 FrontCoder

2.1 Data Preparation and Construction
We build an automated data generation pipeline
for three stages, including continual pre-training
(CPT), supervised fine-tuning (SFT), and reinforce-
ment learning (RL). We denote the overall corpus
as D = DC∪DS∪DR, where DC ,DS ,DR denote
the CPT, SFT, and RL corpus. Our goal aims at pre-
serving visual faithfulness by enforcing renderable
and structurally consistent HTML/CSS, and main-
taining coverage and diversity to support scaling in
front-end code generation and UI layout synthesis.

Teacher-model selection rationale. Our use of
MiniMax-M2, GPT-5, and Gemini-3-pro-preview
in data construction is based on empirical quality.
In addition to their standings on ArtifactsBench,
we evaluate candidate teacher models on a cus-
tom 50-sample out-of-distribution set using both
automated scoring and human review over visual
fidelity, structural correctness, and functional com-
pleteness. Across these checks, these three mod-
els consistently produced higher-quality front-end
implementations with better layout coherence and
feature completeness, which motivated their respec-
tive roles in SFT generation, reference construction,
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Figure 2: Overview of our three-stage data construction pipeline for front-end code generation. We construct D
via: (i) CPT, combining WebSight rewriting and large-scale synthetic generation, then deduplicating and applying
regex/rule-based corpus sanitation to obtain the final DC corpus (75B tokens); (ii) SFT, using rejection-based
sampling (MinHash near-duplicate removal, rule-based validation, and Qwen3-Coder-480B-A35B semantic scoring
with a strict S ≥ 80 threshold) to obtain a length-controlled set of 60K high-quality instruction-code pairs DS ;
and (iii) RL, using trend-aware synthetic expansion to synthesize novel instructions and strict 20-item checklists,
generating 1,524 high-fidelity data triplets for structured reward specification DR.

and checklist verification. Our teacher-model se-
lection criteria and a score-normalized comparison
derived from the main benchmark scores are sum-
marized in Appendix 5.

2.1.1 CPT Data Construction

CPT is used to inject structural priors for HTML-
centric layout composition (HTML/CSS/SVG and
common web UI idioms), while controlling redun-
dancy at scale. DC =

(
Dweb ∪ Dsyn

)
, where Dweb

is a rewritten corpus from WebSight (Laurençon
et al., 2024) and Dsyn is a large synthetic corpus.

WebSight rewriting. We start from WebSight-
v0.2 (capped at 1.92M entries) and use Qwen3-
Coder to rewrite each sample to normalize format-
ting and enrich structural diversity, including layout
patterns and component composition. After rewrit-
ing and normalization, this branch contributes ap-
proximately 5B tokens, denoted as Dweb.

Large-scale synthetic generation. We employ
MiniMax-M2 to generate a synthetic corpus ex-
panding coverage across diverse UI scenarios (e.g.,
dashboards, forms, charts, component libraries)
and rendering styles (vanilla HTML/CSS, SVG).
After normalizing to a consistent schema and filter-
ing degenerate templates, this branch contributes
approximately 70B tokens, denoted as Dsyn.

2.1.2 SFT Data Construction
SFT targets high-fidelity instruction following with
executable and visually consistent code. We define
a comprehensive task set consisting of 80 major
categories and 20K concrete task definitions. For
each task, we employ MiniMax-M2 to generate
one canonical prompt and twelve rewritten variants,
resulting in a raw corpus of 240K samples.

To ensure data quality, we implement a three-
stage refinement pipeline. First, we use MinHash
for near-duplicate removal, reducing the corpus
to 189K samples. Second, a rule-based validation
step filters out syntax and structural errors, retain-
ing 167K samples. Finally, we perform model-
based semantic scoring using Qwen3-Coder-480B-
A35B-Instruct as a judge. Each sample is evaluated
against a 25-criterion rubric covering five dimen-
sions, including code quality and functional com-
pleteness. We apply a strict quality threshold and
only retain samples with a weighted score of 80.0
or higher. This process yields a final high-quality
set of 106K instruction-code pairs, denoted as DS .

To prevent over-generation and optimize training
efficiency, we constrain the sequence length of the
106K set. Given that some instruction-code pairs
reach 32K tokens, we use the Qwen2.5-Coder-7B-
Instruct tokenizer to filter samples to a maximum
total length of 16K tokens. This results in a final
subset of 60K samples, denoted as DS . Unless oth-
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erwise specified, all SFT models in our experiments
are trained on this subset.

Semantic scoring rubric. The model-based fil-
tering score is computed from a 25-criterion rubric
spanning five dimensions: engineering quality and
maintainability, functional completeness, reliability
and security, experience and visual quality, techni-
cal depth and innovation, and requirement align-
ment and solution quality. The criteria cover ex-
ecutable correctness, code standards, redundancy,
boundary handling, interaction completeness, ac-
cessibility, design professionalism, visual fidelity,
performance optimization, and core function com-
pleteness. We provide the full criterion list in the
appendix to make the filtering procedure explicit
and reproducible.

2.1.3 RL Data Construction
RL focuses on long-tail failures and domains where
the SFT model remains brittle. We curate a chal-
lenging prompt set, consisting of 1524 prompts
with increased structural complexity and error
prevalence, such as deeply nested GAME lay-
outs and dense management dashboards. For each
prompt in this set, we employ GPT-5 to produce a
high-quality reference response and use MiniMax-
M2 to generate a fine-grained 20-item checklist
that specifies verifiable layout and functional re-
quirements. This process forms the RL corpus DR,
where each entry includes the prompt, reference re-
sponse, and corresponding checklist. The checklist
provides a structured reward target by decomposing
visual and structural constraints into discrete, ac-
tionable criteria. To improve training stability, we
utilize Gemini3-pro-preview as a verifier to audit
and refine the consistency between the reference
responses and their checklists, thereby reducing
reward noise induced by ambiguous specifications.

2.2 Full-Process Training
We adopt a CPT-SFT-RL training approach to pro-
gressively strengthen structural competence, in-
struction alignment, and length-controlled, high-
fidelity generation progressively. This pipeline
transitions from foundational structural learning to
precise instruction following and final preference
optimization.

2.2.1 Continual Pre-Training
We perform CPT on the Qwen2.5-Coder-7B base
model using the Llama Factory framework via au-
toregressive next-token prediction. This stage in-

jects essential web-UI structural priors including
HTML, SVG, and common layout items to provide
a robust initialization for subsequent alignment.
Our results demonstrate that applying CPT directly
on the base model effectively preserves structural
knowledge at scale.

2.2.2 Supervised Fine-Tuning
SFT aligns the model with explicit instructions and
task demonstrations, emphasizing the generation of
structured planning responses and executable code.
During this stage, the model is fine-tuned on the
length-controlled subset DS to ensure that the inter-
nal representation captures both the logical decom-
position of UI tasks and the syntax of renderable
code. By balancing complexity with conciseness,
this phase minimizes the risk of over-generation
while significantly enhancing the model’s ability to
synthesize high-fidelity web components.

2.2.3 Reinforcement Learning
Reinforcement learning further refines the SFT
model through behavior-level feedback to enhance
robustness and efficiency. We optimize a composite
reward R(y) that integrates rendering validity, repe-
tition avoidance, checklist satisfaction, similarity to
reference responses, and length regularization. The
reward employs two hard binary gates where Ip(y)
indicates the absence of degenerative repetition and
In(y) indicates successful sandbox rendering. The
total reward is defined as:

R(y) = Ip(y) · In(y) ·
(
αSchk + βSsim + γSlen

)
. (1)

where Schk, Ssim, and Slen denote the checklist
score, code similarity score, and length score, with
weighting coefficients satisfying α + β + γ = 1.
The checklist score Schk consists of 20 individual
items, each valued at 5 points for a total of 100
points. The similarity score Ssim combines struc-
tural and semantic alignments:

Ssim(y, y
∗) = 1

2
Sstr(y, y

∗) + 1
2
Ssem(y, y

∗). (2)

where Structural similarity Sstr is computed by flat-
tening the DOM tree into an inorder sequence of
tag-attribute pairs Q and calculating the LCS ratio:

Sstr =
|LCS(Qy, Qy∗)|
max(|Qy|, |Qy∗ |) . (3)

For semantic similarity Ssem, we map HTML ele-
ments to a set of semantic roles M and compute
the average matching score across all roles:

Ssem =
1

|M|
∑

k∈M
Match

(
Ek(y), Ek(y

∗)
)
. (4)
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Figure 3: Overview of the RL training pipeline. The process consists of rollout generation, multi-step preprocessing
(repetition and rendering checks), reward calculation using a VLM-based checklist and similarity metrics, and a
final policy update based on the aggregated rewards.

To encourage conciseness, we define a length score
Slen with thresholds Lmin is 12K and Lmax is 16K:

Slen(y) =





1.0 L(y) ∈ [0, Lmin]

Lmax−L(y)
Lmax−Lmin

L(y) ∈ (Lmin, Lmax)

0.0 L(y) ∈ [Lmax,∞)

(5)

Finally, we optimize the policy using a KL-
regularized objective:

J(θ) = Ey∼πθ(·|x)
[
R(y)− λDKL(πθ ∥πsft)

]
. (6)

3 Experiments

3.1 Experimental Setup

We evaluate on ArtifactsBench (Zhang et al.,
2025b), which contains 1,825 front-end code gen-
eration tasks across five domains: GAME, SVG,
WEB, SI (Simulation), and MS (Management Sys-
tems). We report domain scores, the global av-
erage (AVG), and the average inference length
(IFLEN). IFLEN is a practical proxy for gener-
ation efficiency, measuring whether the model can
produce renderable, non-redundant code without
excessive boilerplate.

3.1.1 Evaluator Validity and Robustness
We follow the ArtifactsBench evaluation protocol.
ArtifactsBench reports strong agreement between
MLLM judges and human experts via controlled
studies. Since our evaluation set is a subset of Ar-
tifactsBench, we inherit these validity guarantees
under the same protocol. To reduce self-preference

effects, we decouple training-time critics from of-
fline evaluation, using different models for RL feed-
back and leaderboard-style scoring.

To further test judge robustness, we randomly
sample 64 prompts and generate 4 independent
rollouts per prompt from the Qwen2.5-Coder-7B-
Instruct-SFT-60K model, producing 256 code-
screenshot pairs. We score the same set with
Qwen2.5-VL-72B and Gemini-2.5-Pro under the
identical checklist-based prompt. Although the two
judges operate on different absolute scales, they ex-
hibit strong rank agreement with Kendall’s Tau-b
of 0.717, indicating that our checklist-based evalu-
ation yields stable relative ordering across model
families rather than reflecting idiosyncratic bias
from a single VLM judge.

3.1.2 Sandboxed Rendering Environment
We execute generated code in a headless
Chromium-based renderer and capture full-page
screenshots with dynamic resizing to match con-
tent dimensions. These screenshots provide pixel-
grounded evidence for vision-based judging, ensur-
ing optimization targets actual rendered appearance
rather than superficial text correctness.

3.1.3 RL Evaluation Protocol
During RL, we use vision-grounded rewards. For
each generated response, we render the HTM-
L/CSS in the sandbox and capture a screenshot.
We then query Qwen2.5-VL-72B-Instruct with
(Question,Code,Screenshot) to assign a scalar re-
ward reflecting visual fidelity and layout correct-
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ness, thereby closing the loop between code gener-
ation and rendered UI performance.

3.1.4 Backbone Models
We evaluate our methodology across multiple
model families to verify scalability and architec-
tural consistency. For CPT, we utilize Qwen2.5-
Coder-7B as the primary base. For SFT, we ex-
tend the Qwen2.5-Coder-7B-CPT, Qwen2.5-Coder-
7B-Instruct, Qwen3-4B-Instruct-2507, Qwen3-8B,
and Qwen3-Coder-30B-A3B-Instruct to cover vary-
ing parameter scales. For RL, we prioritize the
Qwen2.5-Coder-7B-Instruct and Qwen2.5-Coder-
7B-Instruct-SFT, as well as the Qwen3-4B and
Qwen3-8B variants. This selection ensures a rigor-
ous assessment of structural priors across different
instruction-following baselines.

3.1.5 Implementation Details
In SFT, models are fine-tuned for 2 epochs with
learning rate 5 × 10−5 and global batch size 128
on DS . For RL, we use GRPO with learning rate
4×10−6 and global batch size 128, using 5% linear
warmup and cosine decay. We set reward weights
α = 0.6, β = 0.3, and γ = 0.1, prioritizing
checklist satisfaction while retaining similarity and
length regularization. We apply a KL penalty to-
ward the SFT reference policy with coefficient 0.02.
All experiments are conducted on 16×H800 GPUs.

3.2 Main Results
Table 1 presents a comprehensive comparison
of our FrontCoder models against other closed-
source and open-source baselines.

Competitive Performance against Other Mod-
els. Our FrontCoder models achieve the best re-
sults among open-source models, trailing only be-
hind GPT-5. FrontCoder-7B delivers an AVG score
of 70.22, significantly outperforming large-scale
open-source models such as GPT-OSS-120B and
MiniMax-M2, while also surpassing proprietary
systems like Gemini-2.5-Pro and Claude-Opus-4.1.
Scaling to the MoE-based FrontCoder-30B-A3B
further elevates the AVG to 71.95, narrowing the
performance gap with GPT-5 (72.55) to a margin of
only 0.6 points. The MoE variant exhibits particu-
lar dominance in structural-heavy domains, achiev-
ing 81.98 in SVG and 72.47 in Management Sys-
tems. These results demonstrate that high-quality
alignment and MoE architectures can effectively
overcome limitations in raw parameter scale for
domain-specific code synthesis.
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Figure 4: Performance comparison of FrontCoder
against other open-source models on ArtifactsBench.

Parameter Efficiency Analysis. As shown in
Figure 4, our models exhibit a distinct scaling
trajectory compared to other open-source models.
While typical baselines require exponential param-
eter growth to achieve performance gains, Front-
Coder occupies a high-efficiency regime. Specif-
ically, our models deliver results comparable to
671B+ parameters models with approximately
100× fewer active parameters, demonstrating that
alignment can decouple performance from raw
model scale.

3.3 Component and Stage-wise Analysis
To disentangle the sources of performance gains,
we examine the training trajectory from two distinct
initialization models. Specifically, we evaluate the
Base model to isolate the effects of CPT and the
Instruct model to isolate the impact of SFT and RL.

Effect of Continual Pre-training. Table 2
demonstrates the impact of CPT on model perfor-
mance. The raw Base model achieves only 11.03
AVG, primarily limited by insufficient exposure to
domain-specific HTML/SVG patterns. Incorporat-
ing CPT yields a substantial improvement of 17.70
points, reaching 28.73 AVG. This gain is most sig-
nificant in structure-heavy domains, indicating that
CPT enables the model to internalize hierarchical
DOM structures and visual motifs. While CPT es-
tablishes foundational structural competence, sub-
sequent SFT is essential for intent alignment, fur-
ther elevating the performance to 39.56 AVG.

Representative CPT corpus cases illustrating a
sidebar-heavy HTML product page and a multi-
column SVG wishlist interface are provided in Ap-
pendix 5.

Impact of SFT and RL Alignment. Table 3 de-
tails the performance evolution starting from the
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Model Size IFLEN SCORE

GAME SVG WEB SI MS AVG

Closed-source Models

GPT-4o � 4.8K 33.04 33.75 34.22 31.44 32.10 33.54
o3-2025-04-16 � – 54.33 56.37 52.95 55.75 50.21 54.04
Gemini-2.5-Pro � – 58.38 65.33 58.12 55.54 53.18 57.74
Claude-Opus-4-1 � – 61.63 57.03 60.11 58.87 57.43 59.76
Gemini-3-pro-preview � – 66.47 84.65 61.94 66.63 55.08 64.52
GPT-5 � – 77.89 73.40 71.31 79.41 64.95 72.55

Open-source Models

JanusCoder-8B 8B – 36.39 30.47 40.07 41.92 44.75 39.60
DeepSeek-V3-0324 671B 11.4K 45.29 40.20 45.56 37.22 42.17 43.50
Qwen3-Coder-480B-A35B-Instruct 480B 17.6K 49.27 40.18 48.11 49.66 46.06 47.15
Kimi-K2-Instruct 1T 7.1K 47.08 50.61 46.81 48.88 46.15 47.65
DeepSeek-R1-0528 671B 19.2K 50.46 45.06 47.86 54.08 42.69 47.73
Qwen3-235B-A22B-Instruct-2507 235B 20.8K 50.67 40.41 52.19 50.24 50.83 50.62
GLM-4.5 355B 21.9K 54.79 51.79 51.66 52.06 47.30 51.33
GPT-OSS-120B 120B 16.0K 53.88 54.19 58.77 57.69 56.97 56.91
MiniMax-M2 230B – – – – – – 66.80

Comparison on Baselines

Qwen3-4B-Instruct-2507 4B 21.0K 30.79 35.98 32.47 33.08 30.45 31.70
Qwen3-8B 8B 6.9K 34.58 36.37 38.08 36.15 35.92 36.52
FrontCoder-4B (Ours) 4B 33.3K 51.84 61.65 52.87 54.83 50.65 52.31
FrontCoder-8B (Ours) 8B 34.7K 55.72 66.89 56.03 58.82 53.02 55.82
Qwen2.5-Coder-7B-Instruct 7B 4.9K 25.21 20.58 28.56 24.49 26.27 25.19
Qwen3-Coder-30B-A3B-Instruct 30B 18.1K – – – – – 41.16
FrontCoder-7B (Ours) 7B 25.8K 70.97 80.80 69.65 72.77 68.07 70.22
FrontCoder-30B-A3B (Ours) 30B 39.4K 71.65 81.98 70.72 70.41 72.47 71.95

Table 1: Performance of various models on the ArtifactsBench, evaluated across five front-end code generation task
categories (GAME, SVG, WEB, SI: Simulation, MS: Management System). The table compares both closed-source
and open-source models, including our proposed FrontCoder. IFLEN (Inference Length) represents the average
length of the generated code response and serves as a proxy for generation efficiency; since the reasoning chain
length is not accessible for certain closed-source models, this field is left empty for them. The columns under
SCORE report results on each task category, and AVG denotes the overall average score on the entire benchmark.
The best score in comparison on baselines group is marked in bold, and the next best score is underlined. Values
marked with – are not publicly disclosed by the official benchmark and models.

Stage IFLEN AVG ∆

Base 7125.55 11.03 -
+ CPT 7762.51 28.73 +17.70
+ CPT + SFT 5918.32 39.56 +28.53

Table 2: Impact of CPT. Base model: Qwen2.5-Coder-
7B. ∆ denotes improvement over the base model.

Qwen2.5-Coder-7B-Instruct baseline. Fine-tuning
on DS yields significant improvement of 41.91
points, raising the AVG score from 25.19 to 67.10.
This performance gap underscores the insufficiency
of general-purpose instruction tuning for front-end
synthesis, which demands specialized, executable
code demonstrations to achieve structural align-
ment. RL further optimizes this trajectory by acting

as a behavioral regularizer. While SFT increases
the average inference length to 35.8K, the appli-
cation of RL improves the AVG score to 70.22
while simultaneously reducing the IFLEN by ap-
proximately 28% to 25.8K. These results confirm
that vision-grounded rewards effectively eliminate
redundant code and enhance generation efficiency
without compromising visual fidelity.

Figure 5 illustrates the convergence dynamics
across different initialization models. When start-
ing from the Instruct baseline, output length re-
main relatively stable, with IFLEN consistently
maintained below 2K, while the reward keeps fluc-
tuating. Conversely, the optimization trajectory
for the SFT checkpoint is characterized by signif-
icant efficiency gains; the validation reward im-
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Figure 5: RL dynamics on Qwen2.5-Coder-7B-Instruct. Left: validation reward for weak (Instruct) vs. strong (SFT)
initialization. Right: IFLEN evolution, showing that the length-aware reward tends to expand short outputs and
compress overly long ones.

Stage IFLEN AVG ∆

Instruct 4941.77 25.19 -
+ RL 6644.43 33.10 +7.91
+ SFT 35821.34 67.10 +41.91
+ SFT + RL 25816.16 70.22 +45.03

Table 3: Impact of SFT and RL. Base model: Qwen2.5-
Coder-7B-Instruct. ∆ denotes improvement over the
instruct model.

proves steadily while IFLEN decreases monoton-
ically from 35.8K to 25.8K. This divergence con-
firms that RL functions as a length-aware structural
optimizer primarily when tasked with refining high-
complexity generations, whereas it maintains stable
output density for simpler initializations.

3.4 Ablation on SFT Data Strategy
Given that SFT contributes the largest alignment
gain, we further investigate the trade-offs between
data quantity, quality filtering, and length con-
straints in Table 4.

Dataset Size IFLEN AVG

SFT-Rule-Filtered 167K 33778.26 59.67
SFT-Score-Filtered 106K 38769.39 71.30
SFT-Length-Control 60K 35821.34 67.10

Table 4: Ablation of SFT data filtering and length con-
trol strategies on Qwen2.5-Coder-7B-Instruct.

Semantic Filtering and Data Quality. Compar-
ing the 167K rule-filtered subset with the 106K
score-filtered version reveals that data quality ex-
erts a more decisive influence on performance than
raw volume. Despite a 40 percent reduction in sam-
ple size, semantic scoring yields an improvement

of 11.63 points in AVG score. This validates the
effectiveness of model-based filtering in identify-
ing visual fidelity and execution integrity, proving
superior to traditional heuristic rules.

Balancing Performance and Efficiency. The
106K subset achieves the highest raw performance
of 71.30 but introduces significant length inflation
with an IFLEN of 38.8K. By imposing stricter se-
quence constraints to derive the 60K subset, we ob-
serve a moderate performance decrease to 67.10 in
exchange for enhanced inference efficiency. How-
ever, the subsequent RL stage effectively recovers
this gap, reaching a score of 70.22 while preserving
the efficiency gains. Consequently, the SFT-60K
configuration is selected as the optimal initializa-
tion for RL to balance instruction adherence with
practical deployment costs.

3.5 Failure Analysis of Imperfect Generations
We defer the full 1,825-sample failure taxonomy
and representative hard SVG case studies to Ap-
pendix 5 and Appendix 5, where we provide the
detailed failure distribution table and qualitative
breakdown.

4 Related Work

Visual and Front-End Code Generation. Code
generation (Yang et al., 2025c) for visual interfaces
has progressed from screenshot-to-markup transla-
tion to interactive front-end engineering. Early
systems such as Pix2Code (Wüst et al., 2024)
and Web2Code (Yun et al., 2024) focus mainly
on static UI skeletons, while recent methods im-
prove fidelity through structural decomposition and
agentic synthesis, including DCGen (Wan et al.,
2025), UICopilot (Gui et al., 2025b), and Screen-
Coder (Jiang et al., 2025). Benchmarks such as De-
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sign2Code (Si et al., 2025), WebBench (Xu et al.,
2025), and FullFront (Sun et al., 2025a) further
stress multi-step workflows and interactive behav-
iors. To close the perception gap, many systems in-
corporate multimodal encoders, GUI grounding, or
visual feedback: DesignCoder (Chen et al., 2025a)
and SeeClick (Cheng et al., 2024) align visual ele-
ments with code regions, while ReLook (Li et al.,
2025) and JanusCoder (Sun et al., 2025b) use VLM
critics or unified multimodal interfaces.

LLMs for Code and Data Synthesis. High-
quality data remains central to strong code LLMs.
Beyond large-scale code corpora used by mod-
els such as StarCoder (Li et al., 2023), recent
work emphasizes synthetic instruction, reason-
ing, and long-horizon supervision, as in OSS-
Instruct (Wei et al., 2024), Auto-Evolve (Xu et al.,
2024), and Seed-Coder (Zhang et al., 2025c). In
web generation, WebCode2M (Gui et al., 2025a)
and WebGen-Bench (Lu et al., 2025) pair code
with rendered visuals and interaction traces, while
ArtifactsBench (Zhang et al., 2025b) and Code-
CriticBench (Zhang et al., 2025a) introduce VLM-
based judging for rendered artifacts. Related ef-
forts improve multimodal consistency, robustness,
factuality, and task coverage through cross-level
alignment (Meng et al., 2026), adversarial test gen-
eration (Shi et al., 2026), code QA benchmark-
ing (Yang et al., 2025b), and industrial code-model
training (Yang et al., 2026a). Other works extend
code-oriented reasoning to text-to-SQL via pivot
languages (Chi et al., 2025) and study knowledge
removal in LLMs as asymmetric two-task learn-
ing (Xiao et al., 2026).

Reinforcement Learning for LLM and Code.
RL is widely used to align models beyond next-
token prediction. For conventional code generation,
CodeRL (Le et al., 2022) and PPOCoder (Shojaee
et al., 2023) use unit tests and execution traces
as rewards, but such signals are often unavailable
in front-end tasks where correctness is primar-
ily visual and layout-based. Feedback-driven re-
finement methods, including Self-Refine (Madaan
et al., 2023), Reflexion (Shinn et al., 2023), and
CRITIC (Gou et al., 2024), explore iterative self-
correction, while ChipSeek (Chen et al., 2025b)
leverages EDA tool feedback with execution- and
performance-based rewards. Recent RLVR work
further decouples exploration and exploitation in
semantic space (Huang et al., 2026). For code LLM
alignment and evaluation, CodeArena (Yang et al.,

2025a) uses human preference signals, Qwen2.5-
xCoder (Yang et al., 2025d) studies multi-agent
collaboration for multilingual instruction tuning,
and InCoder-32B (Yang et al., 2026b) together
with InCoder-32B-Thinking (Yang et al., 2026c)
unify industrial software domains with execution-
grounded training and error-driven reasoning. Bi-
asScope (Lai et al., 2026) and Wu et al. (Wu et al.,
2026) further expose biases and fairness issues in
LLM-as-a-judge and router evaluation pipelines.

5 Conclusion

In this work, we address the challenge of generat-
ing visually accurate and structurally sound front-
end code by presenting a three-stage pipeline pri-
oritizing functional correctness and visual fidelity.
Through continual pre-training on synthetic data,
quality-controlled supervised fine-tuning, and rein-
forcement learning with checklist-based rewards,
our approach demonstrates systematic data cura-
tion and vision-grounded optimization are essential
for developing reliable front-end code generation
systems. Evaluations reveal that while strong base
models struggle with visual faithfulness and lay-
out complexity, our model achieves substantial im-
provements over baselines, attaining competitive
performance with frontier models while preserving
efficiency. These findings underscore the impor-
tance of incorporating visual rendering quality into
training objectives, moving beyond functional cor-
rectness to meet practical demands. We hope to in-
spire future research in vision-grounded code gen-
eration, bridging the gap between natural language
instructions and pixel-perfect implementations.

Limitations

While our method improves front-end code genera-
tion through a three-stage pipeline, several limita-
tions remain. First, evaluations are limited to Arti-
factsBench, and generalization to other frameworks
(e.g., React, Vue) is not fully validated. Second,
VLM-based reward signals may introduce biases
and may not align with human preferences or acces-
sibility standards. Finally, our sandboxed environ-
ment focuses on visual fidelity but does not assess
interaction, dynamic behavior, or responsiveness.

Ethics Statement

We consider the ethical implications of data col-
lection and usage. Our training data consist of
publicly available resources and synthetic samples
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generated by existing models, with adherence to
licensing requirements. We apply deduplication
and filtering to remove potentially sensitive con-
tent, including PII, credentials, and security-critical
code. These measures aim to support responsible
research while mitigating privacy and misuse risks.
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Appendix

Detailed Ablation Study Results

This section presents a detailed ablation analysis
over five task categories: Game, SVG, Web, Sim-
ulation, and Management. The reported statistics
constitute the basis of the averaged results in the
main paper and provide fine-grained insights into
the contribution of each training stage.

Effect of CPT. Table 5 illustrates the impact of
CPT on overall performance. The base Qwen2.5-
Coder-7B model attains only 11.03 AVG, reflecting
its limited capacity to generalize to artifact-centric
generation tasks without domain exposure. After
applying CPT, the resulting Base-75B-CPT model
exhibits a substantial gain of 19.22 points, reaching
28.73 AVG. This improvement is consistent across
all task categories, indicating that CPT effectively
equips the model with domain-specific structural
and semantic priors. Building upon this foundation,
subsequent Supervised Fine-Tuning further ampli-
fies performance to 39.56 AVG, demonstrating that
strong domain-aware representations significantly
enhance the effectiveness of downstream instruc-
tion alignment.

Effect of SFT and RL. Table 6 analyzes the rel-
ative contributions of SFT and RL, using Qwen2.5-
Coder-7B-Instruct as the baseline. Directly apply-
ing RL to the instruct model yields a modest im-
provement from 25.19 to 33.10 AVG, suggesting
that reward optimization alone is insufficient with-
out adequate supervised grounding. In contrast,
SFT serves as the dominant factor, producing a
large performance jump to 67.10 AVG by establish-
ing robust instruction-following behavior. When
RL is further applied on top of the SFT-initialized
policy, the full pipeline achieves the best overall
result of 70.22 AVG, with particularly strong gains
on SVG and Simulation tasks. These findings in-
dicate that RL is most effective when refining an
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already well-aligned and competent policy rather
than compensating for missing supervision.

Effect of SFT Data Filtering Strategies. Table 7
compares different SFT data filtering strategies
with varying data scales and selection criteria. The
rule-filtered dataset (167K samples) achieves 59.67
AVG, providing a reasonable baseline but leaving
room for improvement. Enforcing length control
(60K samples) yields a notable gain to 67.10 AVG,
highlighting the importance of concise and focused
supervision for code generation tasks. The score-
filtered strategy (106K samples) further improves
performance to 71.30 AVG, outperforming both
heuristic-based approaches. This result suggests
that model-based quality estimation better captures
semantic correctness and execution fidelity than
surface-level constraints, leading to more effective
supervision despite a moderate data size.

Semantic Scoring Rubric

The 25-criterion semantic scoring rubric used for
SFT filtering is organized into five dimensions in
Table 8.

Cross-Model Consistency of VLM Judges

To address the concern that our RL and evalua-
tion pipeline could inherit bias from a single VLM
judge, we conduct a cross-model consistency study.
We randomly select 64 prompts and generate 4
independent rollouts per prompt using Qwen2.5-
Coder-7B-Instruct-SFT-60K, resulting in 256 code-
screenshot pairs. We then score the same pairs
with Qwen2.5-VL-72B and Gemini-2.5-Pro using
the identical checklist-based scoring protocol and
measure agreement through Kendall’s Tau-b.

Although the two judges operate on different
absolute score scales, the Kendall’s Tau-b of 0.717
indicates strong agreement in relative ranking. This
suggests that our checklist-based visual evaluation
is not dominated by idiosyncratic bias from a single
judge family.

Teacher Model Selection Analysis

To guide teacher-model selection, we perform a
score-normalized analysis based on a custom 50-
sample out-of-distribution set using both automated
scoring and human review. We align our three
selection criteria with benchmark dimensions as
follows: visual fidelity, structural correctness, and
functional completeness. The overall score is the
mean of the three criterion scores.

This view matches the qualitative teacher alloca-
tion used in our pipeline. GPT-5 is strongest on the
structural correctness and functional completeness
therefore used to produce high-quality reference
responses; Gemini-3-pro-preview is strongest over-
all and on the visual-fidelity and is therefore used
for checklist verification and consistency auditing;
MiniMax-M2 remains a strong and balanced gen-
erator for large-scale synthesis.

Representative CPT Corpus Cases
To concretize the kinds of structural priors injected
during continual pre-training, we present two rep-
resentative cases from the CPT corpus.

Failure Analysis of Imperfect Generations
To move beyond anecdotal error inspection, we
analyze all 1,825 imperfect generations from the
Qwen2.5-Coder-7B-Instruct-SFT model on Arti-
factsBench, i.e., all samples that do not achieve
a perfect score. We inspect the generated code
together with their checklist penalty signals and
group the primary failure cause of each sample into
one of eight categories.

The distribution shows that the dominant bottle-
necks are functional completeness and visual or
interaction fidelity rather than a single catastrophic
mode. Incomplete functional implementation ac-
counts for 33.48% of failures, followed by insuffi-
cient interaction, visual, or theme fidelity at 20.05%
and deviation from core requirements at 15.34%.
This broader profile directly reinforces the role of
RL in our pipeline: the checklist rewards target
core requirement satisfaction and fidelity, while
rendering-validity and repetition penalties suppress
brittle long-form failures that only appear at gener-
ation time.

Qualitative Analysis of Hard SVG Tasks
The SVG subset provides a concentrated view of
the model’s structural and geometric reasoning. We
examine three representative hard tasks where our
SFT model substantially outperforms Qwen3-4B-
Instruct-2507.

Across these cases, the gains go well beyond
surface styling. They reflect improved handling of
complex cubic Bézier and arc path geometry, cor-
rect polar-to-Cartesian computations for dynamic
pie charts, multi-stage SVG filter pipelines such as
feGaussianBlur and feComposite, careful defs
organization with gradients and clip paths, and
JavaScript-driven attribute updates for interactive
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Stage Model IFLEN SCORE

GAME SVG WEB SI MS AVG

Base Qwen2.5-Coder-7B 7.1K 10.56 11.87 11.38 10.39 11.66 11.03
+ CPT Base-CPT 7.8K 30.53 36.10 28.53 32.27 24.54 28.73
+ CPT + SFT Base-CPT-SFT 5.9K 40.20 59.67 39.89 45.86 33.00 39.56

Table 5: Detailed ablation results for the CPT stage. We report the breakdown of scores on ArtifactsBench tasks.
The Base model is Qwen2.5-Coder-7B.

Stage Method IFLEN SCORE

GAME SVG WEB SI MS AVG

Instruct Qwen2.5-Coder-7B-Instruct 4.9K 25.21 20.58 28.56 24.49 26.27 25.19
+ RL Direct RL 6.6K 30.50 36.15 33.81 31.38 32.38 33.10
+ SFT SFT-60K 35.8K 66.39 77.49 65.48 68.32 67.73 67.10
+ SFT + RL SFT-60K + GRPO 25.8K 70.97 80.80 69.65 72.77 68.07 70.22

Table 6: Detailed ablation results for SFT and RL stages. Starting from the Qwen2.5-Coder-7B-Instruct baseline,
we explore the impact of applying RL directly versus the full SFT+RL pipeline. The SFT-60K+GRPO configuration
yields the best performance across all sub-tasks.

Strategy Data Size IFLEN SCORE

GAME SVG WEB SI MS AVG

Rule-Filtered 167K 33.8K 60.17 74.75 56.50 65.08 55.86 59.67
Score-Filtered 106K 38.8K 71.85 80.46 68.60 71.71 71.10 71.30
Length-Control 60K 35.8K 66.39 77.49 65.48 68.32 67.73 67.10

Table 7: Detailed ablation on SFT data filtering strategies. We compare rule-based filtering (167K), score-based
quality filtering (106K), and length-controlled filtering (60K). The score-filtered subset achieves the highest overall
effectiveness.

rendering. For example, in the pie-chart task the
baseline struggles to compute valid arc geometry,
whereas our SFT model correctly implements polar
conversions and large-arc logic. In the binoculars
and system-diagram tasks, the improved outputs re-
quire layered gradients and filter stacks that depend
on non-trivial hierarchical SVG structuring.

Prompts of Data Generation
In this section, we present the detailed prompts
used throughout our data generation and refinement
pipeline. These prompts cover the entire pipeline
of the dataset construction, including initial taxon-
omy classification, diverse task generation, code
synthesis, and the multi-dimensional quality eval-
uation for both SFT and Reinforcement Learning
(RL) stages. Figure 6 to Figure 14 illustrate the
specific instructions and constraints provided to
the Large Language Models (LLMs) to ensure the
diversity, technical accuracy, and visual quality of
the generated front-end code.
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Criterion Description

Dimension 1: Engineering Quality and Maintainability
Code Executability Evaluate if the code can execute directly without syntax or logic errors.
Code Standards Evaluate naming conventions, indentation, and code structure quality.
Engineering Quality Assess modular design, design patterns, and code reuse.
Comment Quality Evaluate whether comments explain structure and logic clearly.
Documentation Completeness Check for implementation notes and usage guidance.
Code Redundancy Check for duplicate or redundant code or unrelated functions.
Code Readability Assess clarity and maintainability of code structure.

Dimension 2: Functional Completeness, Reliability and Security
Boundary Handling Evaluate edge case, exception, and error handling coverage.
Data Validation Check input and data validation and basic security protections such as XSS and

CSRF.
Interaction Completeness Evaluate completeness of user interactions such as click, drag, and input.
Exception Handling Evaluate handling of anomalies, user mistakes, and runtime errors.
Cross Platform Check browser and device compatibility and responsive behavior.
Accessibility Support Evaluate semantic HTML, ARIA, keyboard navigation, and screen reader support.

Dimension 3: Experience and Visual Quality
Design Professionalism Assess layout, typography, color system, and overall UI/UX quality.
Interaction Smoothness Check animation quality, transitions, and response smoothness.
User Feedback Evaluate loading states, error prompts, and feedback mechanisms.
Experience Enhancement Evaluate extra user experience value beyond basics such as personalization and

animations.
Visual Fidelity and Completeness Comprehensive evaluation of visual accuracy and completeness.

Dimension 4: Technical Depth and Innovation
Tech Selection Evaluate whether chosen frameworks and libraries are appropriate.
Performance Optimization Check complexity, rendering efficiency, and memory optimization.
Modern Features Evaluate use of modern language and platform features such as ES6, CSS3, and

HTML5.
Innovative Features Check for meaningful innovation in functionality or implementation.

Dimension 5: Requirement Alignment and Solution Quality
Core Function Completeness Check whether core requirement functions are fully implemented.
Requirement Understanding Assess whether the response correctly understands the prompt.
Solution Rationality Evaluate whether the solution is reasonable and follows best practices.

Table 8: Semantic scoring rubric used for SFT filtering, with criterion names in the left column and descriptions in
the right column.

Gemini
Mean

Gemini
Std

Qwen
Mean

Qwen
Std

Kendall’s
Tau-b

65.81 15.84 84.23 11.72 0.717

Table 9: Cross-model consistency between Gemini-
2.5-Pro and Qwen2.5-VL-72B on 256 code-screenshot
pairs.

4499



Model Visual Structural Functional Overall

Gemini-3-pro-preview 72.58 56.36 60.24 63.06
GPT-5 61.20 58.54 62.92 60.89
MiniMax-M2 52.38 51.84 53.08 52.43
Qwen3-Coder-480B-A35B-Instruct 38.68 41.94 40.36 40.33

Table 10: Score-normalized analysis for teacher-model selection, derived from the ArtifactsBench scores reported
in the main paper.

Case Prompt Summary Final Structure Analysis

Case 1 Beauty-and-cosmetics product
detail page with a Bootstrap-
style glassmorphism aesthetic,
responsive sidebar layout, se-
mantic HTML, accessible navi-
gation, scalable typography, and
interactive purchase controls.

A conventional HTML document
with sticky top navigation, a Boot-
strap grid main region, a persis-
tent <aside> filter panel, dedi-
cated product-media and pricing
sections, repeated review and rec-
ommendation cards, and script-
backed interaction widgets.

This case exposes the model to a deeply
nested sidebar-plus-main-content compo-
sition rather than a flat landing page. The
structural prior it provides is a reusable
hierarchy for coordinating navigation, fil-
ters, media, purchase actions, and re-
peated form controls inside a large but
organized DOM tree.

Case 2 Plus-size fashion wishlist page
implemented as an SVG inter-
face with a minimalist warm-
tone palette, responsive multi-
column layout, progressive load-
ing, semantic SVG structure,
and modern interactive controls.

A root <svg> document combining
<defs>, reusable <symbol> icons,
navigation and filter controls, a
multi-column wishlist grid, and a
scripted update layer for progres-
sive loading and interaction.

This case exposes the model to SVG-
native reuse patterns based on defs,
symbol, use, and scripted state updates
rather than conventional HTML templat-
ing. The resulting structural prior is use-
ful for learning hierarchical vector scenes
where layout, icon reuse, and interaction
logic must remain synchronized inside a
single SVG document.

Table 11: Representative CPT corpus cases illustrating the kinds of structural priors injected during continual
pre-training. For each case, we summarize the task prompt, the final output structure, and the structural prior that
the sample can teach the model.

Failure Type Count Pct.

Incomplete Functional Implementation 611 33.48
Insufficient Interaction, Visual, or Theme Fidelity 366 20.05
Deviation from Core Requirements or Missing Core Features 280 15.34
Poor Engineering Architecture and Maintainability 196 10.74
Logical Errors or Usability Defects 189 10.36
Lack of Data Persistence or Backend Capabilities 86 4.71
Insufficient Performance and Robustness 77 4.22
Lack of Security, Accessibility, or Standard Compliance 20 1.10

Table 12: Primary failure causes across 1,825 imperfect generations from the SFT model on ArtifactsBench.

Task Qwen3-4B SFT Gain

Binoculars Scene (Hard) 30 96 +66
Interactive System Diagram (Hard) 22 87 +65
Interactive Pie Chart (Hard) 18 73 +55

Table 13: Representative hard SVG tasks comparing Qwen3-4B-Instruct-2507 and our SFT model.
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CPT: Prompt Template Generation

Purpose: Generate HTML prompt templates using LLM for creating beautiful, practical, and fully
functional HTML front-end code.
Prompt:
You are an expert front-end designer and prompt engineer. Please generate exactly ONE English prompt
template for generating beautiful, practical, and fully functional HTML front-end code.
Requirements:

1. The template MUST include {web category}, which represents a hierarchical web category
ending with a specific page function or purpose (e.g., “Gaming - Adventure Games - Action-
Adventure Games - Tutorial/Help Page” or “Shopping & E-Commerce - Sports Nutrition -
Product Listing Page”).

2. In addition to {web category}, the template MUST include 2 or 3 or 4 of the following
variables (use curly braces {} to wrap them):

• {design style} - Design style (e.g., modern, minimalist, retro)
• {features} - Feature specifications (e.g., responsive, interactive)
• {color scheme} - Color scheme (e.g., dark mode, pastel colors)
• {layout type} - Layout type (e.g., grid, flexbox, single column)

Do NOT include all variables. Choose only the most relevant ones for a realistic and coherent
web page scenario.

3. The template should be detailed and specific, describing the type of web page, its purpose,
and how it should look or behave.

4. The output of this request must be the prompt template itself (no explanations, no numbering,
no examples).

5. The template should include positive and detailed quality requirements about the HTML
code, such as:

• visually appealing design
• responsive and accessible layout
• clean and semantic structure
• modern components or good UX practices
• readable indentation and organized structure

6. The template must instruct the model to automatically determine appropriate interaction
modes, component libraries and choose suitable front-end technologies or libraries that best
fit the specific webpage context.

7. The template must clearly instruct that the model should output only the HTML code and
nothing else.

8. The template should be in natural, clear, and professional English.

Now generate ONE unique prompt template following these requirements.

4

Figure 6: The prompt of generating HTML prompt templates for front-end code generation.
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CPT: Category Tree Generation

Purpose: Generate fine-grained subcategories for website taxonomy classification.
Data Scale: 25 top-level categories → 2K leaf categories
Prompt:
You are an expert in website taxonomy and classification. Generate a fine-grained list of subcategories
for the current category.
Current category path: {path str}
Requirements:

• Output only a valid JSON object: {“subcategories”: [“sub1”, “sub2”, ...]}
• Subcategories must be real, specific website content topics under the current category

• Do not repeat the parent category or output overly broad terms

• Subcategories must be in English, without explanations or numbering

• Generate between 5 and {max children} subcategories; do not exceed {max children}
• If the category cannot be subdivided further, output {“subcategories”: []}
• Do not include any other text outside the JSON object

5

Figure 7: The prompt of generating fine-grained subcategories for website taxonomy classification.
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CPT: WebSight Data Expansion

Purpose: Expand and improve WebSight dataset HTML code with enhanced features and styling.
Prompt:
You are a senior front-end development expert. Given a webpage category/theme description and original
HTML code, please professionally expand and improve this HTML code.
Webpage Category/Theme: {theme}
Original HTML Code: {original html}
Task Requirements:

1. Maintain Category/Theme Consistency: The expanded content must be highly relevant to
the given category/theme description. Do not deviate from the theme.

2. Code Expansion (Key Focus):

• Expand upon the original code, adding more practical features
• Enrich page content and interactive effects
• Add more components and page elements
• Optimize CSS styling for better aesthetics
• Enhance JavaScript interactive functionality
• Use modern front-end libraries and best practices
• Goal: The expanded HTML should be more complete and professional than the original

3. Technical Requirements:

• Maintain clear code structure with detailed comments
• Use modern HTML5/CSS3/JavaScript features
• Ensure code runs directly
• Focus on responsive design and user experience

Please begin your expansion work:

6

Figure 8: The prompt of expanding and improving WebSight dataset HTML code with enhanced features.
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SFT: Task Generation

Purpose: Generate 10 diverse specific tasks per subcategory (2K subcategories → 20K tasks).
Prompt:
You are a senior software development and requirement analysis expert. I will give you a category and
sub-category. Please generate 10 DIFFERENT and DIVERSE specific tasks under this sub-category.
Category (Major Classification): {category}
Sub-Category: {sub category}
Requirements:

1. Generate exactly 10 specific tasks that are:

• Under the category “{category}” and sub-category “{sub category}”
• DIFFERENT from each other (no duplicates)
• Clear, actionable, and specific (5-15 words each in English)
• Practical and implementable as web applications or tools

2. The 10 tasks should cover diverse aspects:

• Different features or functionalities
• Different complexity levels (simple to advanced)
• Different use cases or scenarios
• Different technical approaches or implementations

Please provide your 10 specific tasks in English:

7

Figure 9: The prompt of generating 10 diverse specific tasks per subcategory for SFT data expansion.
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SFT: Variant Generation

Purpose: Generate 12 variants per task (20K tasks → 240K variants).
12 Variant Types:

1. Color Scheme - Change to dark/light mode, different color palette

2. Layout Style - Grid/List/Card layout variations

3. Interaction Mode - Click/Hover/Drag interaction changes

4. Responsive Design - Mobile-first or Desktop-first variations

5. Animation Effects - Add smooth transitions and animations

6. Accessibility Features - WCAG compliant, keyboard navigation

7. Advanced Features - Add premium features like filters, search, export

8. Minimalist Design - Simplified UI with essential features only

9. Data Visualization - Add charts, graphs, or visual representations

10. Real-time Updates - Add live data updates and notifications

11. Gamification - Add points, badges, leaderboards

12. Internationalization - Multi-language support and locale-specific features

Prompt:
You are a senior software development expert. I will give you an original task and a variant specification.
Please generate a NEW task description that incorporates the variant requirements.
Original Task:

• Category: {category}
• Sub-Category: {sub category}
• Specific Task: {specific task}

Variant Specification:

• Variant #{variant id}: {variant name}
• Description: {variant description}

Requirements:

1. Generate a NEW specific task (5-20 words) that:

• Builds upon the original task: “{specific task}”
• Incorporates the variant requirements: {variant name}
• Remains under the category “{category}” and sub-category “{sub category}”
• Is practical and implementable as a web application

2. Make it specific and actionable:

• Include technical details (e.g., “dark mode with #1a1a1a background”)
• Specify implementation methods (e.g., “using CSS Grid”, “with React hooks”)
• Describe user interactions (e.g., “drag-and-drop interface”, “hover effects”)

3. Ensure distinctness:

• The task should feel different from the original
• It should still solve the same problem but with the variant’s approach
• Keep it concise but specific

Please generate the variant task:

8

Figure 10: The prompt of generating 12 variants per task for SFT data diversity.
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SFT: Code Generation

Purpose: Generate complete HTML/CSS/JavaScript code for 240K variant tasks.
Prompt:
You are a code expert. Please generate a complete, production-ready web application based on the
following requirements.
Category: {class}
Sub-Category: {sub category}
Task: {variant task}
Variant Type: {variant type}
Requirements:

1. Generate a complete HTML file with embedded CSS and JavaScript

2. Include all necessary styling and functionality

3. Make it visually appealing and user-friendly

4. Ensure the code is clean, well-commented, and follows best practices

5. The application should be fully functional and ready to use

Output Format:
Please provide ONLY the complete HTML code (including CSS and JavaScript), without any markdown
code fences or explanations.
Generate the code:

Output: Complete standalone HTML file with embedded CSS and JavaScript

9

Figure 11: The prompt of generating complete HTML/CSS/JavaScript code for variant tasks.
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SFT: Quality Scoring System (25 Dimensions)

Purpose: 25-dimensional quality scoring system for filtering SFT data.
Scoring Categories:

• Code Quality (4): Executability (1.2), Core Completeness (1.5), Standards (1.0), Engineering
(1.0)

• Functionality (3): Boundary Handling (1.1), Data Validation (1.1), Interaction (1.2)

• User Experience (3): Design (1.0), Smoothness (1.0), Feedback (1.0)

• Response Quality (4): Understanding (1.3), Rationality (1.2), Comments (0.8), Docs (0.7)

• Technical (3): Tech Selection (1.0), Performance (1.1), Modern Features (0.9)

• Innovation (2): Innovative Features (0.8), UX Enhancement (0.7)

• Robustness (2): Code Redundancy (0.8), Exception Handling (1.1)

• Other (4): Cross-Platform (1.0), A11y (0.7), Readability (1.0), Visual Fidelity (1.2)

Note: Numbers in parentheses are weights. Each criterion scored 0/2.5/5/7.5/10.
Prompt:
You are an expert code reviewer. Score the following question-response pair using 25 criteria.
Scoring Criteria (25 items, total {total max score} points)
{criteria text}
Content to Score
Question: {question}
Response: {response}
Requirements:

1. Strict scoring: Don’t give perfect scores easily

2. Comprehensive: Evaluate all dimensions

3. Find issues: Actively look for defects and improvement areas

4. Compare to standards: Compare against industry best practices

5. Objective: Base scores on facts, not code length
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Figure 12: The prompt of 25-dimensional quality scoring system for filtering SFT training data.
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RL: Question Generation with Checklist

Purpose: Generate 2000 RL training prompts across 16 categories with 6 tech stacks.
16 Task Categories: Classic Games (12%), Action Games (6%), Puzzle Games (4%), Strategy & Card
(4%), CRUD & Management (12%), Business Apps (10%), Data Charts (6%), Dashboards (3%), Maps
(2%), SVG & Graphics (8%), Calculators (6%), Media Processing (6%), Physics Sims (5%), Animation
(4%), Communication (3%), E-commerce (2%)
6 Tech Stacks: HTML5 Canvas + JS, Vanilla JS, SVG + CSS Animation, Three.js, React + TypeScript,
ECharts
Prompt Template:
ROLE SETTING: You are a {role}. Your skills include: {skills}.
TASK BACKGROUND:
You need to use {tech stack name} technology stack to complete the following front-end development
task. Please implement using {tech stack desc} and integrate all code into a single HTML file.
PROJECT REQUIREMENTS:
Make sure the code you generate is executable for demonstration purposes. {task}
TECHNICAL REQUIREMENTS:

1. Use {tech stack name} to implement all functionality

2. The code must be complete and runnable, with no parts omitted

3. Add clear comments explaining key logic

4. Implement responsive design to adapt to different screen sizes

5. Include necessary error handling and user feedback

OUTPUT FORMAT: Please first briefly explain your implementation approach in 2-3 sentences, then
output the complete code.
Please ensure the code can be directly copied and run to demonstrate the complete functionality.
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Figure 13: The prompt of generating RL training questions across 16 categories with checklist-based evaluation.

594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

RL: VLM Scoring with Screenshot

Purpose: Vision-Language Model (VLM) scoring for RL reward calculation when HTML rendering
succeeds.
Reward Formula:

R(y) = Irep(y)× Irender(y)× (α · Schk + β · Ssim + γ · Slen)

Where:

• Irep: Repetition detection (0 or 1)

• Irender: Rendering success (0 or 1)

• Schk: Checklist score (0-5, normalized from 20 items)

• Ssim: Similarity = 0.5× Sstr + 0.5× Ssem

• Slen: Length score (optimal: 12K-16K tokens)

• α = 0.6, β = 0.3, γ = 0.1

Prompt (with rendered screenshot):
You are an HTML/UI expert. Score the following HTML render based on the requirements and checklist.
User Requirement: {question}
HTML Code: {extracted html}
Scoring Checklist (20 items, 0-5 points each): {checklist text}
Based on the rendered image and HTML code, score each item 0-5.
Output ONLY a JSON object with a “scores” array of 20 integers.

12

Figure 14: The prompt of VLM scoring with rendered screenshots for RL reward calculation.

4505


