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Abstract 

Design-to-code agents must recover visible content, infer latent webpage structure, generate executable HTML 

and CSS, and recognize when the resulting page is unreliable. This study evaluated an uncertainty-aware agent 

on all 484 Design2Code webpages. Three GPT-4V conditions—direct generation, text-cue generation, and 

critique-and-repair—supplied one candidate per page, yielding 1,452 code artifacts and complete browser 

renders. A CSS-grouped five-fold protocol prevented related style families from crossing fitting and evaluation 

partitions. Within each fold, a retrieval-render selector ranked the three candidates, and cross-fitted isotonic 

regression calibrated its confidence for low-confidence clarification. Fidelity was measured through render 

success, CLIP similarity, rendered-text agreement, block match, position similarity, CIEDE2000 color similarity, 

and a deterministic DOM composite combining tag overlap, tag-sequence longest-common-subsequence 

similarity, node-count similarity, and depth similarity. The repair condition gave a language-model design critic 

the target screenshot, current render, current HTML, and expected visible-text list before one bounded edit. The 

evaluation compared generation modes, measured iterative gains, and assessed expected calibration error, Brier 

score, and risk–coverage behavior. The selector achieved extended fidelity of 0.735738, compared with 0.718614 

for direct generation, while calibration reduced ECE from 0.592147 to 0.026508. Browser execution was therefore 

treated as a necessary condition rather than sufficient evidence, connecting multimodal fidelity directly to 

selection, repair, and clarification decisions. 
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1. Introduction 

A screenshot-to-code system reconstructs an executable program from its rendered surface. The 

screenshot reveals text, color, geometry, and visual hierarchy, but conceals the DOM, CSS 

cascade, responsive constraints, and implementation choices that produced them. Different 

programs can render similarly, while similar markup can produce divergent layouts. The task 

is therefore an inverse-rendering problem with substantial structural ambiguity, not ordinary 

image captioning or code completion. 

Design2Code established a controlled benchmark of 484 real-world webpages and evaluated 

generated implementations through browser renders [1]. Its dataset paired source HTML with 

reference screenshots and first became publicly available in 2024 [2]. Earlier work 
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demonstrated end-to-end interface-code generation in constrained settings [3], and subsequent 

resources expanded screenshot–code supervision through synthetic scale, instruction tuning, 

and real-world layout annotations [4], [5]. Sketch2Code extended the problem to rough sketches 

and interactive clarification [6], while ScreenAI advanced specialized understanding of UI 

elements and their locations [7]. These developments improved generation and perception, but 

reliable automation also requires a policy for accepting, repairing, or deferring a generated page. 

We formulated that policy as an evidence-driven agent loop. For each benchmark page, the 

evaluation paired the reference with direct screenshot-to-code output, output conditioned on 

extracted text cues, and output produced through one critique-and-repair pass. All 1,452 

candidates were parsed and compared with their complete browser screenshots. The repair critic 

received the target screenshot, current screenshot, current HTML, and expected visible-text list, 

grounding the edit in observable page content and the program being changed. 

Evaluation separated dimensions that a single image score could conflate. CLIP supplied global 

visual-semantic similarity [8]. Rendered-text agreement compared visible strings; OCR 

systems such as Tesseract provide relevant context for image-only text recovery [9], but 

browser-derived text was deterministic for executable artifacts. Tree-edit research established 

the importance of ordered hierarchy in structural comparison [10]. Motivated by that view, the 

implemented DOM metric combined tag overlap, preorder tag-sequence alignment, node-count 

similarity, and maximum-depth similarity. Position and block measures captured layout, while 

CIEDE2000 represented perceptual color difference [11]. 

Candidate selection used CSS-grouped five-fold evaluation. Related styling families remained 

within folds, limiting leakage from near-duplicate designs. Retrieval supplied evidence from 

analogous training-fold pages, following the separation of parametric generation and non-

parametric memory in retrieval-augmented generation [12] and representation-based matching 

in dense retrieval [13]. The retrieval-render selector then ranked the three held-out candidates 

from target, render, structural, and neighbor features. 

Repair drew on iterative self-feedback [14], verbal reflection [15], and tool-grounded critique 

[16], but every edit was tested by rendering and scoring the resulting code. Because model-

based judging can inherit evaluator biases [17], even when explicit criteria improve human 

alignment [18], the critic was not used as the numerical judge. Confidence was likewise derived 

after rendering. Because raw model scores need not represent correctness probabilities [19] 

,[20] and can deteriorate under distribution shift [21], selector confidence was calibrated from 

out-of-fold predictions with isotonic regression. A low-confidence result triggered clarification, 

operationalizing the risk–coverage principle of selective classification [22], integrated rejection 

[23] , and the broader uncertainty-control perspective of conformal prediction [24].  

This study contributes a paired evaluation over 484 pages and 1,452 candidates; a leakage-

conscious retrieval-render selector; a fidelity suite spanning execution, appearance, text, layout, 

color, and DOM structure; a screenshot-and-code-grounded repair condition; and cross-fitted 

confidence linked to clarification. Together, these components frame design-to-code as 

selective multimodal engineering in which an agent generates code, observes its browser 

consequences, repairs concrete defects, and justifies automatic delivery. 
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2. Literature Review 

Early screenshot-to-code research concentrated on direct mapping from pixels to a constrained 

interface language. Pix2code showed that an encoder-decoder could generate representations 

for web, Android, and iOS interfaces [3]. WebSight later supplied millions of synthetic HTML–

screenshot pairs for vision–language training [4]. Web2Code combined webpage generation 

with instruction and question-answer data, linking code production to page understanding [25]. 

WebCode2M emphasized large-scale real-world examples, layout annotations, and hierarchical 

structure [5]. These datasets supported model development, whereas Design2Code supplied a 

compact real-world evaluation set with rendered references, fine-grained measures, and human 

validation [1], [2]. 

Input ambiguity motivated interactive formulations. Sketch2Code evaluated hand-drawn 

sketches and introduced feedback-following and question-asking interactions [6]. ScreenAI 

used screen annotations and UI-focused vision–language training to represent element type and 

location [7]. Both works indicate that visual grounding alone does not resolve every design 

choice. The clarification mechanism studied here addresses the same practical issue through 

calibrated selection confidence: interaction is requested when measured evidence does not 

support automatic acceptance. 

Fidelity evaluation requires complementary representations. CLIP embeddings capture global 

visual semantics but may underweight exact wording, small displacement, and hierarchy [8] , 

documented a mature OCR architecture for recovering text from images [9]; when executable 

webpages are available, browser-extracted visible text supports agreement measurement 

without recognition noise. Tree edit distance formalizes structural difference between ordered 

labeled trees [10]. The DOM composite adopted its hierarchical motivation while using four 

transparent components—tag overlap, tag-sequence LCS, node count, and depth—that remain 

stable and directly interpretable. CIEDE2000 supplies a perceptually grounded color-difference 

formulation [11]. Render success, block match, and position similarity complete the metric 

suite. 

Learned evaluators can diagnose broad design qualities, but their outputs require care. LLM-

as-a-judge studies reported scalable evaluation together with position, verbosity, and self-

preference biases [17]. G-Eval improved structured model-based judgment through explicit 

criteria and reasoning procedures [18]. Accordingly, the language-model critic served as a 

repair planner, not the quantitative judge. It inspected paired screenshots, current HTML, and 

the visible-text list; the repaired page was then rerendered and scored with deterministic and 

embedding-based measures. 

Retrieval and iterative correction supply two forms of external grounding. RAG combines 

parametric generation with non-parametric evidence [12], and dense passage retrieval 

demonstrated representation-based retrieval beyond lexical matching [13]. Transferred to 

webpage artifacts, these ideas support retrieval from stylistically related training-fold pages 

after candidate rendering. Self-Refine showed that generation can be followed by feedback and 

refinement without parameter updates [14]. Reflexion used verbal feedback to improve 

subsequent agent behavior [15] while CRITIC coupled correction to external tools [16] ReAct 

combined reasoning traces with tool-mediated actions [26]. These approaches motivate a 
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bounded render-and-repair loop in which the critic receives concrete visual and program 

context. 

Calibration connects fidelity estimation to action. Guo et al. showed that neural confidence can 

be systematically miscalibrated [19]. Mukhoti et al. showed that the training objective can 

materially improve calibration [20], and Ovadia et al. demonstrated additional degradation 

under distribution shift [21]. Selective classification formalizes the trade-off between accepted 

coverage and error among accepted cases [22]. SelectiveNet integrates rejection into model 

training [23], while conformal prediction provides a broader framework for distribution-free 

uncertainty control under its validity conditions [24]. The selector used cross-fitted isotonic 

regression rather than an integrated reject head. Its calibrated probability supports ECE, Brier, 

and risk–coverage analysis and converts low confidence into a focused clarification decision. 

Recent design-generation work expands this foundation from code output to explicit design 

reasoning. Chen and Li evaluated sketch-to-prototype conversion with structural and visual 

consistency [27], complementing interactive Sketch2Code [6]. Human alignment is addressed 

by an LLM design critic whose feedback is compared with graphic-design judgment [28]. Text-

grounded rationale cards translate advertising-layout metadata into inspectable decisions [29]. 

Designer-editable briefs [30] and structured intention-to-decision cards [31], preserve revision 

control. These studies motivate a critic that identifies observable defects and proposes bounded 

edits instead of silently replacing a candidate. 

Interface evidence can also be behavioral or system-level. Review and screen analysis informed 

adaptive volleyball-learning interfaces [32], while dark-pattern detection treated interface 

microcopy as semantically consequential design evidence [33]. Edge quality prediction via 

VMAF distillation converts perceptual quality into compact tokens [34], and layout-aware PDF 

slicing prioritizes content that makes a document functionally usable sooner [35]. For webpage 

reconstruction, these findings support separating appearance, wording, layout, execution, and 

structure rather than treating visual similarity as a complete quality judgment. 

Evidence-card systems show how trustworthy interfaces can expose sources and uncertainty. 

Scientific-search cards organize retrieval transparency and visual evidence hierarchy [36]; 

accounting disclosure cards anchor explanations to financial statements and notes [37] . 

Recommendation cards communicate product rationale under calibrated trust [38], and 

financial dashboards study hierarchy and chart comprehension for institutional risk [39]. 

Medical image explanation cards bind visual evidence to uncertainty [40], while breast-

ultrasound cards specialize that relationship for image-based diagnostic support [41]. These 

patterns inform the paper's use of visible mismatch evidence and calibrated confidence as 

distinct review signals. 

Risk-communication research further separates confidence from action. Patient-facing safety 

cards translate a rubric into visible medical-risk cues [42], and a related benchmark evaluates 

explainable response interfaces [43]. Counseling-support cards attach ranked evidence to intake 

recommendations [44]. Privacy and data-integrity cards expose prompt-injection hazards to 

human reviewers [45], incident cards convert cloud logs into actionable evidence [46], capacity 

briefs turn workload risk into dashboard decisions [47], and teacher-facing education 

explanations show how prediction outputs can be organized for intervention [48]. The domains 
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differ, but the interface requirement is consistent: evidence, risk, and the next action should 

remain visually distinguishable. 

Uncertainty-aware systems reinforce that confidence should be aligned to decision risk, not to 

the largest raw score. Late fusion calibrates component confidence before learning a fusion rule 

[49]; resume-job screening couples pairwise matching to selective refusal [50]. Lightweight 

biomedical vision-language classification makes uncertainty an explicit evaluation target [51], 

while cross-modal medical pretraining studies parameter-efficient few-shot transfer [52]. GPU-

demand forecasting reports operational risk curves across horizons [53]. These studies support 

the paper's separation of candidate generation, post-render quality prediction, probability 

calibration, and selective action. 

Generalization under limited or shifted evidence adds a second constraint. Few-shot cold-start 

workload forecasting uses time-series foundation models for unseen inference tenants [54]. 

Evidence-calibrated RAG measures retrieval coverage, abstention, and hallucination proxies on 

unanswerable questions [55]. Object-level LiDAR-camera tracking preserves modality-specific 

evidence before probabilistic association [56], and trust-calibrated multilingual RAG evaluates 

whether confidence remains meaningful across languages [57]. Although their tasks differ, all 

four treat transfer and uncertainty as properties to be measured rather than assumed. 

Risk-sensitive explanations provide complementary controls. Fair credit scoring couples 

predictive output to counterfactual recourse [58]. The uncertainty of spectral estimators and 

maximum-likelihood synchronization methods has been analyzed directly [59]. Conformal alert 

control connects anomaly evidence to bounded incident-ticket generation [60], while domain 

adaptation with approximately shared features formalizes transfer when source and target 

representations overlap only partially [61]. These results motivate grouped out-of-fold 

evaluation, calibrated acceptance, and explicit discussion of distribution shift in design-to-code 

deployment. 

Retrieval reliability literature narrows grounding from simply using documents to controlling 

the evidence path. Budgeted multi-hop retrieval evaluates which hops justify additional cost 

[62], and evidence-chain RAG requires source attribution and deterministic provenance [63]. 

Scientific-claim verification ranks evidence against narrative context [64]; accounting-aware 

due diligence constrains retrieval to disclosures [65]. Offline financial search reranking 

combines query rewriting, hybrid retrieval, and listwise relevance ranking [66]. For webpage 

routing, these approaches suggest treating retrieved neighbors as auditable decision evidence 

rather than as implicit permission to copy their code. 

Other evidence-constrained agents combine retrieval with deterministic checks. Machine-

learning prediction of RAG quality estimates when retrieved context is weak before generation 

[67]. A therapist-facing copilot retrieves and ranks support from multi-turn dialogue [68], while 

numerical guardrails validate quantitative answers over SEC and FRED data [69]. Tokenized-

asset risk monitoring constrains disclosure and settlement claims to accounting evidence [70]. 

Retrieval-grounded HDFS diagnosis links anomaly decisions to failure narratives [71]. In the 

present setting, browser execution and metric decomposition play the same verification role: 

retrieved similarity can influence routing, but observed artifact quality remains decisive. 
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Faithfulness also matters when retrieved evidence drives personalized or regulated outputs. 

Review-grounded recommendation evaluates whether explanations are supported by product 

reviews [72]; behavior retrieval plus response generation makes conversational 

recommendations interpretable [73].  Multi-regulation RAG structures legal evidence for cross-

border product counsel [74]. Retrieved normal prototypes provide concrete comparators for 

OpenStack failure explanations [75]. These works reinforce the distinction between generation 

evidence, selector evidence, and the final explanation shown to a reviewer. 

Routing and resource studies address how confidence becomes operational policy. 

Conservative off-policy selection avoids choosing brittle bidding and ranking policies [76]. 

Hybrid-cloud LLM deployment treats cost and placement as part of model serving [77]. Profit-

aware GPU admission combines cost-sensitive prediction with evidence-grounded policy 

memos [78], and power-aware inventory planning joins job-level forecasts to workload 

explanations [79]. Their common contribution is decision-aware evaluation: a model is judged 

not only by average prediction error but also by consequences of the action it triggers. 

Reliability predictors and guarded workflows extend that view. Generalist-agent trajectory 

models forecast tool-use failure before task completion [80]. Cost-aware AIOps routing selects 

among parsing, anomaly detection, diagnosis, and summarization paths [81]. GPU-memory 

prediction informs whether a deep-learning task can be admitted safely [82], and CloudTrail 

sequence models identify interpretable attack-chain stages with temporal smoothing [83]. These 

operational analogies motivate the selector's leakage-controlled training and a clarification 

route when predicted fidelity is insufficient. 

Human oversight also depends on privacy, rubrics, response control, and stable ranking. 

Differentially private topic-preference learning limits exposure in knowledge-grounded chat 

[84]. Rubric-grounded essay scoring makes automated feedback auditable [85], while strategy-

aware therapist imitation controls the response pattern used in emotional-support dialogue [86]. 

Spectral rank-aggregation theory examines when pairwise preferences yield a reliable ordering 

[87]. Early-warning education analytics pairs risk predictions with intervention rationales [88]. 

In a design-to-code agent, the corresponding requirements are inspectable criteria, stable 

candidate ordering, minimal disclosure of user content, and a clear handoff when automatic 

completion is not justified. 

3. Methodology 

The 77,578,732-byte Design2Code Parquet corpus contained 484 records, each comprising 

screenshot bytes and source HTML. Content hashing aligned all records with stable page 

identifiers, with no missing record, corrupt screenshot, or unmatched row. Screenshot height 

ranged from 720 to 3,328 pixels; median HTML length, DOM size, DOM depth, and visible-

text length were 63,048 characters, 119 elements, 10 levels, and 1,357.5 characters, 

respectively. Images occurred on 364 pages, forms on 205, and tables on 86. Table 1 reports 

the complete data profile. 
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Table 1. Design2Code data profile and integrity checks 

Characteristic Minimum / count Median Maximum / count 

Pages 484 484 484 

Screenshot height (px) 720 1,351 3,328 

HTML characters 1,744 63,048 241,096 

DOM elements 8 119 508 

DOM depth 3 10 31 

Visible text characters 32 1,358 3,339 

Missing screenshot or HTML 0 — 0 

Corrupt PNG files 0 — 0 

Exact duplicate pairs 0 — 0 

Recoverably parsed HTML pages 484 — 484 

The source file contained 484 screenshot-HTML pairs. Element counts exclude comments; 

screenshot dimensions were read from the embedded PNG byte streams. 

The Parquet schema stored each screenshot as binary PNG data and each implementation as a 

text field. Extraction preserved the original bytes, computed screenshot and HTML SHA-256 

digests, and wrote a row-to-page map before any metric was calculated. PNG verification, 

nonempty-HTML checks, and exact pair hashing found no corrupt or duplicated record. HTML 

was parsed with recovery enabled; DOM counts and depth were measured from the body 

subtree, while script, style, template, and noscript content was excluded from visible-text 

statistics. These decisions kept the corpus audit deterministic across malformed but browser-

recoverable markup. 

Every source page was paired with the released GPT-4V direct, text-augmented, and visual-

repair artifacts, yielding 1,452 candidate HTML–screenshot pairs. All candidates had nonempty 

HTML and valid rendered images. Table 2 defines the three fixed candidate paths, the retrieval-

render selector, and the calibrated confidence gate. A per-page upper bound, reported with the 

policy results, selected the best of the three GPT-4V candidates after observing their outcomes 

and served only as a diagnostic ceiling. The selector instead predicted candidate quality from 

available screenshot, render, retrieval, and candidate-structure evidence. Low-confidence 

clarification was implemented through selective abstention: pages retained by a confidence 

threshold were auto-completed, while the remainder were sent for clarification or manual 

review. This controller follows the same decision-aware separation found in selective refusal 

[50], evidence-calibrated abstention [55], conservative policy selection [76], trajectory 

reliability forecasting [80], and cost-aware workflow routing [81]. 

Table 2. Evaluated generation and routing policies 

Policy Evidence Action Role 

Direct VLM Target screenshot 
Single-pass HTML/CSS 

generation 
Fixed baseline 

Text cue 
Screenshot plus complete 

visible-text list 

Content-grounded 

generation 

Fixed text-aware 

policy 

Critique-repair 

Target render, current 

render, HTML, and text 

cue 

One design-critic repair 

pass 
Fixed repair policy 



JKLST 2026, Vol. 5, No. 2 

62 

Policy Evidence Action Role 

Retrieval-render 

selector 

Target features, 10 

neighbors, and candidate-

render evidence 

Selects one of three 

candidates 

Grouped out-of-fold 

policy 

Calibrated 

confidence gate 
Cross-fitted selector score 

Auto-completes or 

requests clarification 
Selective prediction 

The three candidate families were the publicly released GPT-4V artifacts. The routing and 

confidence analyses were executed on all 484 matched pages. 

 

Figure 1. Uncertainty-aware design-to-code workflow. Candidate generation, retrieved 

evidence, render-based critique, and calibrated gating form one execution path. 

The official benchmark metrics were block match, text match, normalized position similarity, 

perceptual color similarity, and CLIP ViT-B/32 screenshot similarity. Their unweighted mean 

defined official fidelity. 

Fofficial = (Fblock + Ftext + Fposition + Fcolor + FCLIP) / 5 

DOM fidelity combined tag-multiset F1, normalized longest-common-subsequence similarity 

over preorder tag sequences, node-count similarity, and tree-depth similarity. 

FDOM = 0.35Ftag + 0.35FLCS + 0.15Fnodes + 0.15Fdepth 

The primary outcome added an explicit structural term to the official benchmark score. 

Fextended = 0.75Fofficial + 0.25FDOM 

Success required extended fidelity of at least 0.80. HTML token F1, normalized pixel similarity, 

16-bin RGB histogram intersection, edge cosine, and global SSIM were retained as diagnostics. 

Table 3 defines all metrics and separates the official five-metric score from extended fidelity. 

Table 3. Evaluation metrics and operational definitions 

Metric Definition Scale 

Block match 
Area-weighted recall and hallucination penalty for matched 

visual blocks 

0-1; higher is 

better 

Text match Character-level similarity over matched rendered text blocks 
0-1; higher is 

better 

Position Normalized center-coordinate agreement for matched blocks 
0-1; higher is 

better 

Color Perceptual text-color agreement based on CIEDE2000 
0-1; higher is 

better 
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Metric Definition Scale 

CLIP Cosine agreement of masked screenshot embeddings 
0-1; higher is 

better 

DOM fidelity 
0.35 tag F1 + 0.35 preorder LCS + 0.15 node-count + 0.15 

depth similarity 

0-1; higher is 

better 

Render success Nonempty HTML with a decodable generated PNG Binary 

Extended 

fidelity 
0.75 mean of five visual metrics + 0.25 DOM fidelity 

0-1; higher is 

better 

ECE / Brier / 

NLL 

Reliability and proper-scoring diagnostics for success 

probability 
Lower is better 

AURC Area under selective risk versus auto-completion coverage Lower is better 

Success for calibration was defined before fitting as extended 

fidelity ≥ 0.80 with a valid render artifact. 

Official per-page scores were joined by stable page identifier and method name. DOM and 

image diagnostics were recomputed from the matched reference and candidate files. Pixel 

comparison used aspect-preserving white canvases so that pages with different heights 

remained comparable, and render success was verified independently of fidelity. Diagnostic 

pixel, histogram, edge, and SSIM values were not added to the primary outcome; they supported 

the selector and helped localize failure without changing the declared weighting of visual and 

structural fidelity. 

Each target screenshot was aspect-preservingly fitted to a white 20-by-20 canvas and 

represented by flattened RGB values, 12-bin channel histograms, grayscale mean and standard 

deviation, gradient mean and standard deviation, and the 0.1, 0.5, and 0.9 grayscale quantiles. 

Fold-specific principal-component analysis retained at most 64 components, followed by vector 

normalization and cosine retrieval. 

Normalized style contents produced 472 CSS groups: 460 single-page groups and 12 two-page 

groups. Five-fold GroupKFold kept every CSS group wholly within one fold. For each test 

page, ten training neighbors supplied method-specific quality evidence weighted by 1/(d + 

0.05); leave-one-out neighbors produced the training counterpart. Candidate features comprised 

CLIP, pixel similarity, histogram intersection, edge cosine, global SSIM, candidate DOM size 

and depth, render validity, method identity, and retrieved neighbor quality. Reference-DOM 

fidelity and the extended-fidelity target were excluded from selector inputs. Keeping these 

evidence families explicit is consistent with inspectable design rationales [29], compact quality 

representations [34], and visually ordered evidence cards [36], rather than an opaque single-

score judgment. 

A GradientBoostingRegressor predicted extended fidelity using 120 estimators, learning rate 

0.035, maximum depth 2, Huber loss, and seed 20260729. The candidate with the highest 

prediction was selected. Every reported policy result was out of fold. Isotonic regression then 

mapped predicted quality to the binary success event through a second grouped five-fold cross-

fitting procedure. 

The controller was fitted at candidate level, giving three training rows per reference page, but 

selection and reporting remained page-level. Each test page was scored only by a model whose 

fitting set excluded that page and every page sharing its CSS signature. Reference HTML, 
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reference DOM size, and realized extended fidelity never entered the controller feature vector. 

The target screenshot was available because it was the design specification, and candidate 

HTML and renders were available because selection occurred after generation and browser 

execution. 

Calibration was evaluated with ten equal-frequency-bin ECE, Brier score, and negative log-

likelihood. Risk–coverage curves ranked pages by calibrated probability and measured risk as 

one minus accepted-page mean extended fidelity at 19 coverage levels from 10% to 100%. 

Reference DOM size defined four complexity groups containing 125, 118, 120, and 121 pages. 

Means used 4,000-resample bootstrap intervals. Selector comparisons used paired Wilcoxon 

signed-rank tests with Pratt zero handling and Holm adjustment. Failure categories were 

assigned by the minimum component among block, text, position, color, CLIP, and DOM 

fidelity. The rank-calibrate-act sequence parallels calibrated fusion [49], multilingual trust 

calibration [57], conformal alert control [60], and reliability forecasting for tool-using agents 

[80]. 

4. Results 

All 1,452 GPT-4V candidates passed the render-validity test. Figure 2 compares page 11699, 

which had the largest critique-repair gain over direct generation, with page 4300, located at the 

median gain. On page 11699, extended fidelity increased from 0.107462 to 0.765104; on page 

4300, it increased from 0.742562 to 0.750346. 

 

Figure 2. Prototype comparison for pages 11699 and 4300. The display shows the first 1,100 

pixels of the reference and three candidate renders. 

The eight released generation methods are compared in Table 4. GPT-4V critique-repair ranked 

first in official fidelity at 0.856270 (95% CI 0.851404–0.861000), followed by GPT-4V text 

augmentation at 0.852371 and direct prompting at 0.847789. The remaining means were 

0.804929 for Gemini text augmentation, 0.803927 for Design2Code-18B-v0, 0.801417 for 

Gemini visual repair, 0.794447 for Gemini direct prompting, and 0.771211 for WebSight VLM. 
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Figure 3 shows that critique-repair’s lead came mainly from block, position, and DOM fidelity 

rather than uniform gains across every component. 

Table 4. Full-benchmark five-metric performance across eight released methods 

Method Block Text Position Color CLIP Mean 

GPT-4V critique-repair 0.888 0.981 0.811 0.729 0.872 0.856 

GPT-4V text cue 0.876 0.982 0.802 0.730 0.872 0.852 

GPT-4V direct 0.858 0.974 0.805 0.733 0.869 0.848 

Gemini text cue 0.848 0.969 0.704 0.663 0.840 0.805 

Design2Code-18B 0.785 0.964 0.743 0.670 0.858 0.804 

Gemini critique-repair 0.841 0.966 0.701 0.662 0.837 0.801 

Gemini direct 0.802 0.946 0.723 0.662 0.839 0.794 

WebSight VLM 0.559 0.866 0.773 0.794 0.865 0.771 

Each value is the mean across 484 pages. Mean is the unweighted average of block, text, 

position, color, and CLIP fidelity. 

The component profile clarifies the ranking. GPT-4V critique-repair reached block, text, 

position, color, and CLIP means of 0.887954, 0.980731, 0.811199, 0.728978, and 0.872486. 

Text-cue generation obtained the highest text mean, 0.981616, whereas direct generation 

obtained the highest color mean, 0.732987. WebSight VLM’s official mean was limited mainly 

by block match at 0.558970, despite CLIP similarity of 0.864549. Thus, aggregate order 

reflected distinct error mixtures rather than one method dominating every dimension. 

 

Figure 3. Mean block, text, position, color, CLIP, and DOM fidelity for the three GPT-4V 

candidate families. 

Table 5 gives the structural and render results for the three GPT-4V variants. Direct generation 

achieved official fidelity 0.847789, DOM fidelity 0.331090, and extended fidelity 0.718614. 

Text augmentation raised these values to 0.852371, 0.358433, and 0.728886. Critique-repair 

reached 0.856270, 0.365784, and 0.733648, while also leading in HTML text F1 (0.873183), 

pixel similarity (0.805971), histogram intersection (0.775160), and global SSIM (0.188463). 
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Table 5. Structural, textual, pixel, and render results for GPT-4V candidates 

Variant 
Visual 

mean 
Tag F1 

DOM 

LCS 

DOM 

composite 

HTML 

text F1 

Pixel 

sim. 
Render 

Direct VLM 0.848 0.368 0.235 0.331 0.797 0.794 100.0% 

Text cue 0.852 0.398 0.261 0.358 0.847 0.800 100.0% 

Critique-repair 0.856 0.407 0.269 0.366 0.873 0.806 100.0% 

All 1,452 candidate HTML files had a corresponding decodable render. DOM metrics compare 

each candidate with its matched reference HTML. 

Bootstrap intervals supported the same ordering. Direct extended fidelity had a 95% interval of 

0.711317–0.725515, text cue 0.722611–0.735121, and critique-repair 0.727800–0.739575. The 

much lower DOM means than official visual means exposed a systematic gap: critique-repair’s 

visual mean exceeded its DOM composite by 0.490486. Candidate pages could therefore 

preserve text and overall appearance while simplifying the reference hierarchy, which 

motivated retaining DOM fidelity as a separate quarter of the primary score. 

Structural fidelity declined sharply with complexity. Figure 4 shows 

critique-repair DOM fidelity falling from 0.526725 in the lowest-

complexity group to 0.218209 in the highest; direct generation fell 

from 0.489177 to 0.187602. Figure 5 further shows heterogeneous 

iteration effects. Text augmentation improved on direct generation 

for 55.58% of pages with mean gain 0.010272. Critique-repair 

improved on direct generation for 58.68%, averaging 0.015034, but 

page-level differences ranged from −0.157871 to 0.657642. 

 

Figure 4. DOM structural fidelity by reference-page complexity. Structure weakened 

monotonically as reference DOM size increased. 
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Figure 5. Page-level distribution of gains from text cues and one critique-repair pass. Positive 

values indicate improvement over the preceding or direct stage. 

Repair was therefore neither uniformly beneficial nor merely cosmetic. Relative to the text-cue 

condition, it improved 44.83% of pages, tied on 18.80%, and produced mean gain 0.004762. 

These mixed outcomes created the selection opportunity: a universal repair policy discarded a 

stronger earlier candidate on some pages, whereas the selector could preserve direct or text-cue 

output when its post-render evidence predicted higher fidelity. 

The selector routed 216 pages (44.63%) to critique-repair, 167 (34.50%) to direct generation, 

and 101 (20.87%) to text augmentation. Table 6 reports selector extended fidelity of 0.735738 

(95% CI 0.729985–0.741314) and a 14.67% success rate. The per-page upper bound reached 

0.747153 and 17.98%, so the selector recovered 60.00% of the direct-to-upper-bound gap. 

Table 6. Policy fidelity, success rate, and selector routing 

Policy 
Extended 

fidelity 
95% bootstrap CI Success 

Pages 

selected 

Routing 

share 

Direct VLM 0.718614 [0.711510, 0.725616] 11.57% 167 34.50% 

Text cue 0.728886 [0.722915, 0.735136] 14.67% 101 20.87% 

Critique-repair 0.733648 [0.727634, 0.739446] 14.05% 216 44.63% 

Retrieval-render 

selector 
0.735738 [0.729985, 0.741314] 14.67% — — 

Per-page upper bound 0.747153 [0.741720, 0.752568] 17.98% — — 

Routing counts apply to the retrieval-render selector: direct 167 pages, text cue 101 pages, and 

critique-repair 216 pages. 

Paired results in Table 7 show a selector gain over direct generation of 0.017124 (95% CI 

0.012610–0.022347; Holm-adjusted p = 4.77 × 10−13). The gain over text augmentation was 

0.006852 (0.004283–0.009432; p = 8.09 × 10−8). Against critique-repair, the mean was 

0.002090; its bootstrap interval crossed zero (−0.000432–0.004547), although the adjusted 

rank-test result was p = 0.010619, indicating a small heterogeneous advantage. 
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Table 7. Paired selector comparisons over the same 484 pages 

Baseline Mean gain 95% bootstrap CI Holm p Improved Tied 

Direct VLM 0.017124 [0.012610, 0.022347] 4.77e-13 44.63% 34.50% 

Text cue 0.006852 [0.004283, 0.009432] 8.09e-08 42.77% 32.85% 

Critique-repair 0.002090 [-0.000432, 0.004547] 0.0106 31.82% 44.83% 

Two-sided Wilcoxon signed-rank tests used Pratt zero handling; p-values were adjusted across 

the three comparisons by Holm's procedure. 

Table 8 shows selector fidelity of 0.796052, 0.746418, 0.718481, and 0.680129 across 

increasing complexity, compared with direct-generation values of 0.782944, 0.724682, 

0.704072, and 0.660661. Routing therefore retained gains at every complexity level. 

Table 8. Extended fidelity by reference DOM-complexity quartile 

Complexity Direct VLM Text cue Critique-repair 
Retrieval-render 

selector 

Low 0.782944 0.796029 0.795218 0.796052 

Moderate 0.724682 0.737582 0.741134 0.746418 

High 0.704072 0.710156 0.718949 0.718481 

Very high 0.660661 0.669618 0.677321 0.680129 

Quartiles were formed from reference DOM element counts. Group sizes were 125, 118, 120, 

and 121 pages. 

Table 9 reports that cross-fitted isotonic calibration reduced ECE from 0.592147 to 0.026508, 

Brier score from 0.468951 to 0.101458, and negative log-likelihood from 1.174101 to 

0.385869. Figure 6 confirms substantially closer agreement between predicted and observed 

success. At approximately 10% coverage, the calibrated selector achieved mean fidelity 

0.794834 versus 0.785779 for the direct-confidence gate; at 50%, the values were 0.754442 and 

0.738489. Figure 7 shows the full trade-off, with selector AURC 0.219811 versus 0.233123. 

Table 9. Calibration and selective-risk diagnostics 

Assessment ECE Brier NLL AURC 
Risk 

@20% 

Risk 

@50% 

Risk 

@100% 

Raw controller score 
0.5921

47 

0.4689

51 

1.1741

01 
— — — — 

Cross-fitted isotonic 
0.0265

08 

0.1014

58 

0.3858

69 
— — — — 

Direct-confidence gate — — — 
0.2331

23 
0.232239 0.261511 0.281386 

Calibrated retrieval-

render selector 
— — — 

0.2198

11 
0.215996 0.245558 0.264262 

ECE used ten equal-frequency bins. Calibration probabilities were produced by five-fold cross-

fitted isotonic regression; lower values indicate better reliability or ranking. 

In the highest equal-frequency bin, the raw controller assigned mean confidence 0.788900 while 

the observed success rate was 0.604167. After cross-fitted isotonic calibration, the highest bin 

had mean probability 0.618055 and observed rate 0.562500. Calibration did not alter the 
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14.67% prevalence or the chosen candidate; it changed the confidence scale used for 

acceptance. The 5.71% AURC reduction shows that selector confidence retained higher-fidelity 

pages earlier than the direct-confidence gate as automatic coverage increased. 

 

Figure 6. Reliability diagram for the selector success probability before and after cross-fitted 

isotonic calibration. 
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Figure 7. Selective risk as auto-completion coverage increased. The calibrated retrieval-render 

selector retained lower risk than the direct-confidence gate. 

Of 413 unsuccessful selections, Table 10 attributes 399 (96.61%) to DOM fidelity, eight 

(1.94%) to color, and six (1.45%) to block match. Figure 8 localizes page 11699’s remaining 

spatial discrepancies: despite pixel similarity 0.943533, its DOM fidelity was 0.498755, 

confirming that strong surface correspondence did not guarantee structural success. 

Table 10. Dominant deficit among selector failures 

Dominant deficit Pages Share of 413 failures 
Mean weakest 

component 

DOM structure 399 96.61% 0.309871 

Color 8 1.94% 0.298857 

Block match 6 1.45% 0.194722 

A failure had extended fidelity below 0.80. The dominant deficit was the lowest of block, text, 

position, color, CLIP, and DOM fidelity. 

 

Figure 8. Spatial error map for page 11699 after critique-repair. Bright regions identify large 

absolute RGB disagreement. 
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5. Discussion 

The retrieval-render selector achieved the highest mean extended fidelity, outperforming every 

fixed GPT-4V policy. Paired tests showed strong, Holm-adjusted significance against the direct 

and text-cue methods. Its advantage over critique-repair was smaller: the Wilcoxon test 

remained significant, but the confidence interval for the mean difference crossed zero. This 

result supports conditional routing while indicating that critique-repair already captures much 

of the attainable improvement. It also aligns with human-evaluated design criticism [28] , 

designer-editable revision artifacts [30], conservative policy selection [76], and guarded 

workflow routing [81], all of which preserve alternatives until evidence supports a particular 

action. 

Critique-repair was selected for 44.63% of pages, compared with 34.50% for direct generation 

and 20.87% for text-cue generation. Critique was therefore central, but invoking it universally 

was less effective than preserving a stronger first-pass candidate when repair was unlikely to 

help. The remaining gap between the selector and the per-page upper bound also indicates that 

further gains depend partly on more accurate routing. 

Page complexity remained the principal challenge. Selector fidelity declined from 0.796052 for 

low-complexity pages to 0.680129 for very-high-complexity pages, and every fixed policy 

showed the same downward pattern. Routing reduced the penalty but could not eliminate the 

difficulty introduced by larger and deeper page structures. The failure taxonomy explains this 

result: DOM fidelity was the dominant deficit in 399 of 413 failures, whereas color and block 

matching dominated only a small minority. Strong visual or textual resemblance therefore did 

not guarantee faithful reconstruction of element hierarchy, order, and depth. This separation 

echoes structural-and-visual prototype evaluation [27], layout-prioritized rendering [35], 

uncertainty-linked visual explanation [40], and incident-card designs that preserve an evidence 

hierarchy [46]. Future repair mechanisms should optimize DOM structure alongside rendered 

appearance. 

Calibration made the routing scores substantially more useful. Cross-fitted isotonic calibration 

reduced ECE and Brier score by large margins, while the selector’s lower AURC indicated 

better ranking of pages by expected risk. These calibrated scores can support acceptance, 

rerouting, or abstention decisions. Comparable action-oriented uses of uncertainty appear in 

calibrated late fusion [49], selective resume screening [50], unanswerable-question RAG [55], 

multilingual information access [57], and conformal incident alerting [60]. The selective gate, 

however, evaluates routing and abstention rather than the quality of a later human answer or its 

effect on the generated page. 

The results also separate the roles of retrieval and critique. Retrieval did not supply code or 

copy an analogous DOM into the output; it supplied empirical evidence about which candidate 

family tended to work on nearby designs. Critique produced a new candidate, but its value was 

established only after browser execution. This evidence boundary is consistent with budgeted 

retrieval [62], deterministic provenance chains [63], hybrid reranking [66], retrieval-quality 

prediction [67], grounded failure narratives [71], and prototype-based anomaly explanations 

[75]. The division makes the system easier to audit: generator quality is measured within each 
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path, routing quality is measured against fixed page-level outcomes, and calibration quality is 

measured against held-out success events. 

The findings are bounded by the evaluated setting. The candidate generations incorporated 

source-extracted text cues, so performance does not represent a pure screenshot-only workflow. 

Fixed released artifacts preserve a stable comparison but do not capture generation variability 

or newer model capabilities. The outputs were static HTML/CSS; interaction logic, responsive 

behavior, dynamic state, accessibility semantics, deceptive microcopy [33], prompt-injection 

exposure [45], privacy-preserving personalization [84], and regulated decision support [74] 

were outside scope. Rubric design [85], and response-strategy control [86] may also change 

how a future critic communicates repairs. Calibration was empirical rather than conformal and 

may require refitting under distribution shift. 

6. Conclusion 

Uncertainty-aware selection improved Design2Code reconstruction by adapting generation 

strategy to each page. The selector surpassed all fixed policies, while its routing pattern showed 

that critique-repair is valuable when invoked selectively rather than universally. Complexity 

analysis and the concentration of failures in DOM fidelity identify structural reconstruction—

not surface appearance—as the main remaining bottleneck. 

Cross-fitted calibration converted unreliable raw confidence into an effective risk signal and 

improved selective performance. Together, rendering, DOM-aware evaluation, adaptive 

routing, and calibrated abstention provide a coherent workflow for static HTML/CSS 

generation. Extending this approach to contemporary models, interactive interfaces, responsive 

layouts, and shifted design distributions is the clearest path toward broader deployment. 
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