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Motivation

Why one-shot Ul-to-Code is brittle

A screenshot-to-code model only knows whether it succeeded after the browser executes the code.

One-shot formulation hides the real failure point
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What real Ul development actually needs
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Core ldea

Interactive visual optimization

Reformulate Ul-to-code as a closed loop over executable rendering feedback.
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Task Formulation

One loop unifies three Ul coding tasks

Drafting, polishing, and editing become different ways of using the same feedback-driven

transformation.

Ul Drafting

Start from target
screenshot and produce
first-pass code CO,

Ul Polishing

lteratively refine code
using Render(C®) and
visual feedback.

Ul Editing

Apply localized instruction-
conditioned changes while
preserving structure.
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Optimization

RVPO: learn from relative visual preference

Absolute VLM scores are noisy; relative comparisons are more stable for rendered Ul quality.

Generate multiple code rollouts from
Current Policy 1zy Sam|:_)le the current oIr::
Update g candidates policy.
6 Render & Evaluate candidates in the rendered
compare visual space.
Tournament Aggregate pairwise wins instead of
reward using calibrated absolute scores.
[ . Tournament-based Reward J
NV Reward = relative ranking among rendered candidates
Relative Visual Policy
Optimization (RVPO)




Model

Training pipeline for UI2Code™N

A compact 9B VLM trained to perceive Ul details, reason over code, and optimize with visual
feedback.

o Continual pre-training o Supervised fine-tuning o RVPO reinforcement learning
Perceive Ul details . Learn the edit loop . Optimize rendered fidelity
* image—HTML pairs - drafting / polishing / editing « sample multiple candidates
* localized DOM grounding « <think> diagnosis * render & compare
C gIOba| Ul-code likelihood e <gnswer> executable code * relative preference reward

What each stage contributes

Perception Code reasoning Optimization
fine-grained Ul elements long structured code detect rendered mismatch prefer better renderings
layout, colors, typography DOM + CSS dependencies spacing, alignment, style improve over iterations

Training objective stack

L dom + L_pair — L_SFT(<think>, <answer>) — GRPO with tournament rewards

from Ul-code grounding to explicit visual policy improvement




Experiments

Main result: strong drafting and polishing

UI2Code™N-9B-RL reaches state-of-the-art open-source performance and competes with much
larger closed-source systems.

@, Ul Drafting

# Ul Polishing

Model Design2Code  Frame ~ Web2Code  UR2Code-Real  UlPolish-Real  UlPolish-Synthetic HIL Stru ctu ral ﬁ d el ity brea kd own
Closed-source baselines
GPT-5 89.7 91.3 93.7 67.8 85.0 68.0 Model Block Text Position Color CLIP
Gemini-2.5-Pro 89.5 87.5 90.6 68.7 74.0 68.0 GPT-S 891 94‘2 86.4 78,0 816
Claude-4.5-Sonnet-thinking 82.9 92.5 87.8 67.2 81.0 66.0
. o Gemini-2.5-Pro 89.1 93.5 85.5 214 80.9
pen-source baselines
Qwen3-VL-32B-Instruct 83.3 82.5 81.2 65.0 46.0 55.0 Claude-4-Sonnet 88.7 03.2 84.6 72.0 80.5
GLM-4.1V-9B-Thinking 64.7 72.5 73 53.0 42.0 46.0
Qwen2.5-VL-72B 86.6 91.6 76.8 67.8 77.8
OQurpmpodels B asmmmmsiees et e e L s e m s s e s s e s e
UL2Code™-9B-SFT 79.3 85.0 80.8 67.0 76.0 89.0 UI2CodeN-SFT 86.8 91.5 81.7 69.7 79.0
[ UI2CodeN-9B-RL 88.6 95.0 92.5 76.5 80.0 94.0 ]
[ UI2Code™-RL 88.7 93.1 83.8 72.6 80.5
* Best (highest) in each column is highlighted.




Analysis

Ablations: reward design and iterative refinement

RVPO yields better reward signals and redered feedback helps multi-step refinement.
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Reliability

Human studies support the evaluation

Human preference and judge validation indicate that visual evaluation aligns with human

judgments.

Human evaluation setup
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What the validation shows

Preference S_table decision
alignment signals

Automatic rankings Verifier decisions
match human agree strongly with

judgments well. humans.

Reliable
reward signal

Relative visual
feedback remains
usable for optimization.



Conclusion

UI-tO-COde ShOUId be Optimized in the rendered Test-time Scaling of Interactive Visual Optimization

visual space. e |
. From one-shot generation to closed-loop visual £ /
optimization &l
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Optimization Steps (T)

‘ RVPO provides stable relative rewards for non- um T
differentiable Ul quality = )

‘ A compact 9B model achieves SOTA across
drafting, polishing, and editing

Ul-draft (avg score)

Thank you

Website: https://zheny2751-dotcom.qgithub.io/ui2code-n.github.io/
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