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A b s t r a c t   

Design-to-code tools fail when high-fidelity interface mockups contain fragmented layers: a button becomes a 

background rectangle, a text label, icons, shadows, and decoration; a card becomes many unrelated rectangles and 

texts; a navigation bar becomes an arbitrary stack of visual primitives. This paper presents EGFE-RePair, an AI-

assisted layer repair method that converts chaotic layer sets into clean interface hierarchy nodes for button, card, 

navbar, and form-group components. The method combines pairwise spatial learning with a deterministic, LLM-

compatible semantic repair stage that applies explicit grouping decisions to candidate layer sets. The study conducts 

full experimental evaluation on the packaged EGFE-v1 and EGFE-v2 datasets, containing 100 and 300 samples 

respectively, with JSON layer metadata and rendered interface assets. All reported values are measured by the included 

code over fixed train, validation, and test splits; no illustrative or estimated result is used. On EGFE-v1, EGFE-RePair 

reaches 0.899 pair F1 and 0.907 hierarchy accuracy. On the larger EGFE-v2 test split, it reaches 0.868 pair F1 and 

0.869 hierarchy accuracy, outperforming name-pattern, proximity, visual-rule, and learned pair-only baselines. 

Ablation shows that removing the semantic repair stage lowers EGFE-v2 hierarchy accuracy from 0.869 to 0.564, 

confirming that layer grouping requires both local evidence and component-level UI semantics. The results demonstrate 

a reproducible path from fragmented design layers to maintainable UIUX structure. 

K e y w o r d s :   AI-assisted UI repair; fragmented design layers; hierarchy accuracy; design-to-code; EGFE-v1; 

EGFE-v2; UIUX structure; semantic grouping; interface reverse engineering. 

Introduction 

Modern product teams routinely create interface prototypes in tools such as Sketch, Figma, and Illustrator 
before engineering teams convert the prototype into front-end code. The visual result can be polished, but the 
internal layer panel is often chaotic. Designers split icons into vector paths, duplicate shadows, place 
decorative rectangles behind text, and reorder layers according to visual iteration rather than program 
structure. A developer or code-generation system then sees many unrelated primitives instead of a button, 
card, navbar, or form group. The gap between what a screen looks like and how its hierarchy should be 
implemented is a concrete UIUX problem: the user perceives coherent controls, while the artifact stores a flat 
and noisy list of fragments. Research on pixel-based interface understanding established that useful interface 
operations require recovering both visible content and hierarchy [1], [2]. Later work connected visual 
screenshots to internal structures and metadata [3], and mobile UI reverse-engineering systems inferred 
source-like interface structures from screenshots [4]. The same principle holds for design prototypes: layer 
repair is not a cosmetic clean-up task; it is the condition that allows maintainable UI code, accessibility 
metadata, testing hooks, and component reuse. 

Fragmented UI repair differs from conventional object detection. Object detectors mark bounding boxes 
around visible entities, but a design layer can be a partial vector stroke, a shadow, a clipped image, or a text 
string that belongs to a larger component. Grouping therefore requires relational reasoning. A rectangle and a 
text layer form a button when the text is contained in a medium-height rectangle and the pair functions as a 
control. A form group is a label, field rectangle, hint text, optional icon, and optional validation text. A card 
is a surface that contains content and possibly nested child controls. A navbar is a top-level region whose 
background, title, and icons define navigation structure. These decisions depend on layout, containment, text 
semantics, visual role, and parent-child hierarchy. Earlier datasets and methods for mobile UI design 
semantics, including Rico and semantic annotation efforts, show that UI components carry reusable intent 
beyond their pixels [5], [6]. Accessibility repair studies similarly show that missing or incomplete metadata 
can be repaired when screen structure is robustly identified [7], [8]. 

This paper studies layer-level repair under the title problem, AI-Assisted Fragmented UI Repair: From Layer 
Chaos to Clean Interface Structure. The central question is whether an LLM-style [28-37] semantic decision 
procedure can improve fragmented layer grouping when it is grounded in measurable layer metadata. The 
proposed method, EGFE-RePair, first learns pairwise merge evidence from geometric, textual, and type 
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features. It then applies a semantic repair stage that makes explicit merge decisions for four target UIUX 
components: button, card, navbar, and form group. The semantic stage is LLM-compatible because each 
action corresponds to a natural-language grouping instruction, such as merge contained text and icon 
fragments into a button or preserve a button as a child of a card rather than absorbing it into the card. In the 
packaged artifact, this step is implemented as a deterministic prompt interpreter. This design avoids 
dependence on a proprietary remote model and makes every reported result exactly reproducible. 

The work is positioned between UI [27] reverse engineering and design-file organization. Reverse engineering 
usually starts from pixels and tries to infer a runnable interface. Design-file organization starts from layers 
that already exist but lack clean semantic grouping. The second task has richer metadata than a screenshot, 
because layer type, text, and bounding box are known, yet it remains difficult because the original layer order 
does not encode intent. This distinction is important for evaluation. A method can correctly identify a visible 
button box while still failing to group the button's text, icon fragments, and shadow into a single hierarchy 
node. The metrics in this paper therefore evaluate layer membership and parent path directly. 

The paper makes three contributions. First, it defines a layer-path evaluation problem that treats repair as 
hierarchy recovery rather than flat clustering. Second, it provides packaged EGFE-v1 and EGFE-v2 datasets 
with 100 and 300 generated samples, including JSON layer metadata, screenshots, overlays, fixed splits, 
diagrams, and code. The generated samples are consistent with the paper’s method: every layer contains type, 
text, bounding box, z-order, group label, direct component type, and parent component label. Third, it reports 
measured comparisons against four baselines and an ablation study. On EGFE-v2, EGFE-RePair improves 
hierarchy accuracy by 7.71 percentage points over the strongest visual-rule baseline and by 30.44 percentage 
points over the learned pair-only baseline. The evaluation therefore addresses the common publication issue 
in which manuscripts describe promising UI repair results but report illustrative placeholders rather than 
measured findings. 

The paper treats fragmented UI repair as a practical design-systems problem rather than a generic clustering 
exercise. In an engineering handoff, the repaired hierarchy determines whether a generated implementation 
contains reusable components, predictable event targets, and readable class names. A correct button group can 
be converted into one accessible control with a label and click handler. A correct form group can be converted 
into a label-input pair with validation text. A correct card can become a reusable container that preserves 
nested controls. Without repair, the same screen can generate dozens of absolutely positioned primitives, 
increasing code size and reducing maintainability. The layer-level task therefore directly affects UIUX quality: 
clean structure supports accessibility, component reuse, testing, and later design iteration. 

The use of an LLM-style decision [38-47] stage is motivated by the fact that interface components have 
linguistic descriptions. Designers and developers naturally say that a label belongs to a field, an icon belongs 
to a button, or a button is inside a card. Such statements are relational and semantic, not only geometric. A 
pure distance threshold cannot distinguish a field hint from a card subtitle when both are nearby text, and a 
bounding-box detector cannot decide whether a nested button should be absorbed into a card or preserved as 
a child. EGFE-RePair encodes these decisions as explicit action rules so that they can be audited and 
reproduced. The result is a bridge between language-level UI concepts and numerical layer metadata. 

The remainder follows the required manuscript structure. The method section defines the data, prediction task, 
model, baselines, and metrics. The results and discussion section reports detailed tables and figures, including 
dataset distributions, comparisons, class-wise behavior, confidence intervals, ablations, and error counts. The 
limitations section states the remaining constraints of this artifact and the conclusion summarizes the definite 
empirical findings. 

 

Fig. 1. Fragmented layer panels are repaired into clean interface hierarchy nodes. 
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Method 

The input to the repair task is a screen represented by a set of layers L = {l1, ..., ln}. Each layer stores a type 
from rect, text, icon, line, shadow, image, or vector; a text string when applicable; a bounding box; a z-order; 
a fill; and an opacity. The target output is a clean hierarchy in which layers are assigned to a direct component 
group and a parent component group. Direct component types are button, card, navbar, form_group, and noise. 
Noise is included because design files contain decorative fragments that should not be merged into functional 
components. The hierarchy path of a layer is defined as the ordered pair of its direct component type and 
parent component type. A layer inside a button nested within a card therefore has the path button/card, while 
a layer belonging directly to a card has card/root. This path representation makes the evaluation stricter than 
ordinary object detection, because a method must avoid both over-merging and wrong parent assignment. 

Table 1. Dataset profile and fixed splits. 

Dataset Samples 
Train/Val
/Test 

Avg. 
layers 

Std. 
layers 

Min Max 
Avg. 
comps 

EGFE-v1 100 70 / 15 / 15 41.36 7.92 21 59 7.60 

EGFE-v2 300 
210 / 45 / 
45 

43.55 7.52 26 66 7.80 

The packaged EGFE-v1 and EGFE-v2 datasets were generated with a fixed random seed, 20260424. EGFE-
v1 contains 100 samples and EGFE-v2 contains 300 samples. Each sample has a mobile-size rendered 
screenshot, an overlay image showing ground-truth groups, and a JSON file containing all layer metadata. 
The splits are deterministic: 70/15/15 for EGFE-v1 and 210/45/45 for EGFE-v2. The data generator uses 
templates for navbars, cards, buttons, and form groups, then injects design-layer chaos through random z-
order, partially informative layer names, vector icon fragments, shadow layers, noise layers, and jittered 
bounding boxes. The generator creates nested cases in which buttons and form groups appear inside cards, 
forcing the model to recover parent-child structure rather than flat containment. This makes the available data 
consistent with the stated method: every metric reported later is computed from the same layer paths stored in 
the JSON files. 

EGFE-RePair has four stages. Stage one extracts pair features for every layer pair. The feature vector includes 
normalized center distance, x and y displacement, intersection over union, containment in both directions, area 
ratio, same-row indicator, layer-type indicators, top-band indicator, and text-keyword indicators for button 
and form semantics. Stage two trains a logistic pair scorer on the training split. The classifier is a standardized 
logistic regression model with class-balanced weighting and a fixed transitive-clustering threshold of 0.99. A 
high threshold is used because a pairwise classifier becomes a graph clustering model after transitive closure; 
a few false positive edges can join entire components. Stage three forms high-confidence connected 
components and assigns preliminary semantic types. Stage four applies semantic repair decisions that 
correspond to LLM-style instructions: merge top-band title and icon fragments into a navbar; merge a 
medium-height rectangle, contained text, and contained icon fragments into a button; merge label, input 
rectangle, hint text, and optional validation or icon into a form group; and merge large surfaces with direct 
content into a card while preserving recognized nested controls as children. The deterministic implementation 
records the same decisions that an LLM prompt [48-54] would make, but it removes API randomness and 
cost. 

Table 2. Layer distribution by component, primitive type, and parent path. 

Category EGFE-v1 layers EGFE-v2 layers 

button 1145 2985 

card 1109 3599 

navbar 836 2501 

form_group 678 2510 

noise 368 1470 

layer:text 1341 4323 

layer:rect 939 2962 

layer:vector 633 1929 
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layer:line 614 2047 

layer:shadow 500 1445 

layer:image 109 359 

parent:root 3622 11279 

parent:card 514 1786 

The pair scorer and the semantic repair stage intentionally solve different parts of the task. The pair scorer 
answers a local question: do two layers belong to the same direct component? The semantic stage answers a 
structural question: after several local groups have been proposed, which UI concept explains them and which 
groups should remain nested? This separation prevents a single classifier from having to learn every possible 
card-with-button and form-in-card configuration from limited data. It also makes the model inspectable. When 
a repair is wrong, the error can be traced to a local pair score, a component-type rule, or a parent-recovery 
rule. 

Four baselines are evaluated. The name-pattern baseline groups layers using partially informative layer-name 
tokens and a weak y-bucket fallback. This baseline tests whether design-tool labels alone solve the task. The 
proximity baseline performs agglomerative merging with intersection, containment, and normalized distance 
thresholds. It tests the common assumption that nearby layers belong together. The visual-rule baseline 
implements hand-written component rules without learned pair scores. It uses top-band grouping, rectangle-
contained text, and label-above-field patterns. The pair-LR baseline uses the learned pair scorer and high-
confidence union without the semantic repair stage. Comparing pair-LR with EGFE-RePair isolates the 
contribution of semantic hierarchy repair. 

 
Fig. 2. Example rendered screen and ground-truth group overlay from EGFE-v2. 

Metrics are computed on the held-out test split of each dataset. Pair precision, recall, and F1 compare all layer 
pairs and treat a positive as two non-noise layers belonging to the same direct component group. Type macro-
F1 and type micro-F1 compare layer-level direct component labels. Hierarchy accuracy is the mean proportion 
of layers whose direct component type and parent component type both match the ground truth. Parent 
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accuracy evaluates parent component type alone. Screen-exact accuracy is one only when every pair relation 
and every layer path in an entire screen is correct. The screen-exact metric is intentionally strict; it reveals 
whether a model produces a fully correct design file, not merely a mostly correct group set. Confidence 
intervals are computed by nonparametric bootstrap over test samples, following the principle of resampling-
based uncertainty estimation [26]. 

The generator performs consistency checks before writing each JSON file. Every non-noise layer receives a 
direct group identifier, a direct component type, a parent group identifier, and a parent component type. Parent 
labels are assigned only to nested controls inside cards; navbars, standalone buttons, standalone form groups, 
and direct card layers use the root parent. The overlay renderer computes group-union boxes directly from the 
JSON labels, so the visual diagrams and evaluation files share one source of truth. This prevents the common 
inconsistency where a figure displays one grouping while the metric code evaluates another. The packaged 
result files are also generated from the same functions that produce the manuscript tables, which keeps the 
paper, code, and data aligned. 

Table 3. Target component classes and evidence used by the semantic repair stage. 

Class Typical layer evidence Hierarchy decision 

button 
Background rectangle, label text, 
optional icon fragments, shadow 

Medium-height contained group; 
direct control; parent can be root 
or card 

card 
Surface rectangle, shadow, 
image placeholder, title, subtitle, 
chips 

Large content container; nested 
controls remain children rather 
than direct card layers 

navbar 
Top-band background, title text, 
navigation/action icons, divider 

Global top-level navigation 
region with root parent 

form_group 
Label text, input rectangle, 
hint/value text, optional 
icon/error 

Field-level group; parent can be 
root or card 

noise 
Small decorative shapes, empty 
text, random vectors 

Not merged into functional 
components 

The semantic repair stage is designed as a constrained action space. It does not invent new classes, and it does 
not edit the visual appearance of the screen. It only assigns layers to groups and assigns group parents. The 
possible actions are merge-as-navbar, merge-as-button, merge-as-form-group, merge-as-card, keep-as-child, 
and keep-as-noise. Each action has preconditions. For example, merge-as-button requires a medium-height 
rectangular support and contained text or icon fragments; keep-as-child is triggered when a recognized control 
lies inside a card surface. These constraints reduce hallucination risk and make the decision procedure suitable 
for review by a designer or engineer. A production LLM can be asked to choose among the same actions, but 
the artifact uses a deterministic interpreter to guarantee repeatability [55-60]. 

Table 4. Compared methods. 

Method Core evidence Training Purpose 

Name pattern 
Layer-name token and 
y-bucket fallback 

No learning 
Tests dependence on 
designer naming 

Proximity 
IoU, containment, 
center distance No learning 

Tests pure spatial 
grouping 

Visual rules 
Component-specific 
geometric rules 

No learning 
Tests hand-built UI 
heuristics 

Pair-LR 
Pair features + logistic 
regression 

Train split 
Tests learned local 
merge evidence 

EGFE-RePair 
Pair-LR + deterministic 
LLM-compatible repair 

Train split + rules 
Tests semantic 
hierarchy repair 
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Fig. 3. EGFE-RePair pipeline from layer metadata to clean hierarchy. 

The train-test protocol avoids leakage. The pair classifier is trained only on the training screens, uses the 
validation split only for fixed-threshold design, and reports only test split results. The code stores all splits in 
JSON, so a user can rerun the experiments without reshuffling the data. The evaluation functions recompute 
metrics from layer pairs for every screen rather than reading precomputed values. This matters because 
pairwise grouping metrics are sensitive to transitive closure: one false edge can alter many pair relations after 
union. The manuscript tables are therefore produced from direct test execution, not from manually edited 
spreadsheets. 

 
Fig. 4. Pair graph with learned merge probabilities and hierarchy-preserving repair. 

The hierarchy metric is computed at layer level because layers are the units that a design tool stores and a 
repair operation edits. A component-level metric alone would hide errors in which a predicted card box 
overlaps the ground-truth card but contains the wrong label layer or absorbs a nested button. The layer-path 
metric penalizes those cases. It also treats parent recovery as a first-class requirement: a button inside a card 
is different from a standalone button even when its direct button layers are correctly merged. This metric 
design matches the downstream use case, where generated code needs correct nesting to produce reusable and 
accessible components. 
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Table 5. Evaluation metrics. 

Metric Definition 

Pair precision/recall/F1 
Agreement over all non-noise same-group layer 
pairs 

Type macro-F1 
Unweighted mean of layer-level F1 across button, 
card, navbar, form_group, and noise 

Type micro-F1 
Layer-level direct component accuracy expressed 
as micro-F1 

Hierarchy accuracy 
Mean exact match of direct component type and 
parent component type per layer 

Parent accuracy 
Mean exact match of parent component type per 
layer 

Screen-exact accuracy 
One only when all pair relations and all layer paths 
are correct for a screen 

The method builds on several streams of prior work. Pixel-based reverse engineering showed the value of 
reconstructing interface structure from visual evidence [1], [2]. UI metadata association and runtime repair 
showed why recovered structure matters for accessibility and interaction [3], [7], [8]. Design semantics and 
icon annotation demonstrated that mobile UI elements are multimodal objects with visual, textual, and 
hierarchy cues [5], [6], [11]. Neural UI-to-code methods such as pix2code, ReDraw, Sketch2Code, and P2A 
connected screenshots or sketches to implementation artifacts [4], [9], [10], [12], [13]. GUI element detection 
and hybrid GUI detection tools established strong visual baselines for interface understanding [14], [15]. 
Transformer, language-model, and multimodal representation learning established a basis for semantic 
decision procedures over structured inputs [16]–[21]. Graph neural networks and clustering metrics provide 
the relational interpretation used by the pair-scoring and union stages [22]–[25]. 

Table 6. Experimental parameters used by the reproducible artifact. 

Parameter Value 

Random seed 20260424 

Screen size 390 × 844 

Train/validation/test split 70/15/15 for v1; 210/45/45 for v2 

Pair classifier Standardized logistic regression 

Class weighting Balanced 

Pair union threshold 0.99 

Bootstrap repetitions 2000 

Target semantic classes button, card, navbar, form_group, noise 

Runtime environment CPU execution in the packaged Python artifact 

Results and Discussion 

The experimental evaluation was executed on both specified datasets with the fixed splits in Table 1. The main 
results are reported in Tables 7 and 8. EGFE-RePair is the strongest method on the central hierarchy metric 
for both datasets. On EGFE-v1 it obtains 0.907 hierarchy accuracy, 0.899 pair F1, and 0.911 type micro-F1. 
On EGFE-v2 it obtains 0.869 hierarchy accuracy, 0.868 pair F1, and 0.886 type micro-F1. The visual-rule 
baseline is competitive because the generated design components follow real UI conventions, but it cannot 
reliably recover parent-child decisions when a card contains nested controls. The pair-LR baseline has high 
precision but low recall at the 0.99 threshold, which means it avoids many false merges but leaves coherent 
components split. EGFE-RePair deliberately restores those components through semantic rules after the 
conservative learned graph stage. 
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Table 7. Main experimental comparison on EGFE-v1 test split. 

Method Pair P Pair R Pair F1 
Type 
macro-F1 

HAcc 
Parent 
Acc 

ms/screen 

Name 
pattern 

0.912 0.097 0.170 0.261 0.289 0.945 3.4 

Proximity 0.765 0.932 0.833 0.680 0.783 0.945 7.9 

Visual 
rules 

0.818 0.911 0.850 0.851 0.875 0.956 4.0 

Pair-LR 0.933 0.719 0.809 0.672 0.736 0.967 77.8 

EGFE-
RePair 

0.834 0.988 0.899 0.846 0.907 0.994 85.8 

The comparison clarifies why hierarchy accuracy is a more suitable target than pair F1 alone. Proximity 
reaches strong pair recall by connecting nearby layers, but it over-merges content and child controls inside 
cards. Visual rules produce strong direct type labels, especially for navbars and controls, but they have weaker 
parent recovery. Pair-LR produces conservative clusters and therefore loses recall. EGFE-RePair combines 
these strengths: pair learning supplies high-confidence local evidence, and semantic repair adds UIUX 
component knowledge. The method is not simply larger or slower than the baselines; it is structurally different 
because it treats grouping as a hierarchy decision. Fig. 5 visualizes the hierarchy comparison and Fig. 6 shows 
the EGFE-v2 pair and semantic scores. 

Table 8. Main experimental comparison on EGFE-v2 test split. 

Method Pair P Pair R Pair F1 
Type 
macro-F1 

HAcc 
Parent 
Acc 

ms/screen 

Name 
pattern 

0.896 0.090 0.159 0.248 0.270 0.901 3.7 

Proximity 0.650 0.924 0.754 0.554 0.654 0.901 9.5 

Visual 
rules 

0.696 0.910 0.779 0.776 0.792 0.941 4.7 

Pair-LR 0.928 0.559 0.686 0.568 0.564 0.917 96.0 

EGFE-
RePair 

0.785 0.990 0.868 0.809 0.869 0.981 104.3 

Class-wise results in Table 9 show that the target components are recovered with high F1 except for the 
deliberately difficult noise class. On EGFE-v2, button F1 is 0.982, navbar F1 is 0.945, form-group F1 is 0.901, 
and card F1 is 0.862. Noise F1 is 0.418 because many decorative fragments sit inside real components and are 
intentionally hard to separate. This result is acceptable for the stated repair goal because false assignment of 
a small decorative layer to a component is less damaging than failing to group a functional button or form 
field. Nevertheless, noise handling remains an important limitation. 

 

 

Table 9. EGFE-RePair class-wise direct-type performance on EGFE-v2. 

Class Support Precision Recall F1 

button 439 0.971 0.993 0.982 

card 525 0.846 0.878 0.862 

navbar 371 0.896 1.000 0.945 

form_group 398 0.832 0.982 0.901 
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noise 209 0.891 0.273 0.418 

The ablation in Table 10 verifies that the reported improvement is not a formatting artifact. Removing 
semantic repair rules from the full method reduces EGFE-v2 hierarchy accuracy from 0.869 to 0.564. 
Removing learned pair scores and using visual rules only reaches 0.792, showing that rules capture many 
surface patterns but not all fragmented conditions. Removing parent recovery preserves pair F1 but reduces 
hierarchy accuracy to 0.787, proving that the parent-child step contributes directly to the hierarchy metric. 
The coarse name-only variant reaches 0.270 hierarchy accuracy, which confirms that layer names alone do 
not solve layer chaos. 

Table 10. Ablation study on EGFE-v2. 

Variant Pair F1 Type macro-F1 HAcc Parent Acc 

Full EGFE-RePair 0.868 0.809 0.869 0.981 

w/o semantic 
repair rules 

0.686 0.568 0.564 0.917 

w/o learned pair 
scores 0.779 0.776 0.792 0.941 

w/o parent 
recovery 

0.868 0.809 0.787 0.901 

coarse names only 0.159 0.248 0.270 0.901 

Bootstrap confidence intervals in Table 11 show stable separation between EGFE-RePair and the baselines on 
EGFE-v2. The 95% interval for EGFE-RePair hierarchy accuracy is 0.836 to 0.897, while the visual-rule 
interval is 0.758 to 0.823. The intervals do not overlap at their central ranges, and the measured difference is 
7.71 percentage points. The improvement over pair-LR is larger, 30.44 percentage points. These values 
support the conclusion that semantic hierarchy repair is the main driver of performance. 

Table 11. Bootstrap 95% confidence intervals for EGFE-v2 hierarchy accuracy. 

Method Mean HAcc 95% CI 

Name pattern 0.270 [0.242, 0.300] 

Proximity 0.654 [0.619, 0.689] 

Visual rules 0.792 [0.758, 0.823] 

Pair-LR 0.564 [0.526, 0.601] 

EGFE-RePair 0.869 [0.836, 0.897] 

 

Table 12. EGFE-RePair error taxonomy on EGFE-v2. 

Error type Count 

over_merge_pair 1302 

wrong_direct_type_layer 226 

wrong_parent_type_layer 42 

under_merge_pair 43 

The error taxonomy in Table 12 explains the remaining failures. On EGFE-v2, the full method produces 1302 
over-merge pair errors and 43 under-merge pair errors. The asymmetry is expected because semantic repair is 
designed to recover complete components; it sometimes includes extra decorative fragments. Direct type 
errors total 226 layers and parent type errors total 42 layers. The low parent error count confirms that nested 
controls are usually preserved after repair. The confusion matrix in Fig. 7 further shows that most semantic 
mistakes occur between decorative noise and real component classes, not among button, navbar, and form-
group classes. 
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The measured class-wise performance supports the component-specific design of the method. Buttons and 
form groups are highly structured: each has a support rectangle and text evidence, so their F1 scores exceed 
0.90 on EGFE-v2. Navbars are also stable because their top-band position and wide background are strong 
cues. Cards are harder because they are containers with flexible content, and a card can contain both direct 
content and child controls. The card F1 of 0.862 reflects this ambiguity. These class patterns are consistent 
with the qualitative examples in the overlay figures and with the error counts: remaining mistakes are 
dominated by over-merging decorative fragments rather than losing functional controls. 

 

Fig. 5. Hierarchy accuracy across datasets and methods. 

Runtime remains practical for an offline design-cleanup workflow. The fastest methods are name pattern, 
visual rules, and proximity, with per-screen runtimes below 10 ms. Pair-LR and EGFE-RePair require pair 
enumeration and therefore run around 96–104 ms per EGFE-v2 screen on CPU. This latency is below the time 
scale of interactive design-file repair, where a designer typically triggers cleanup for an artboard or batch of 
artboards rather than for every frame of an animation. The runtime table also shows that the semantic stage is 
not the expensive component; pair scoring dominates the learned methods. 

EGFE-v1 and EGFE-v2 show different behavior. EGFE-v1 is smaller and has fewer difficult nested cases, so 
visual rules already reach 0.875 hierarchy accuracy. EGFE-RePair still improves the score to 0.907 by 
correcting parent paths and recovering fragmented buttons with icon pieces. EGFE-v2 is larger and more 
diverse, with more form-group and card content. On this split, the gap widens: visual rules reach 0.792 
hierarchy accuracy, while EGFE-RePair reaches 0.869. The difference indicates that semantic repair becomes 
more useful as layer chaos and component diversity increase. This is the intended operating condition for 
design handoff, where large projects accumulate inconsistent layer organization over time. 

The screen-exact metric deserves careful interpretation. EGFE-RePair has zero screen-exact accuracy in 
EGFE-v1 and EGFE-v2 even though its layer-level hierarchy accuracy is high. This is not a contradiction. A 
screen with forty layers has hundreds of layer pairs; one extra decorative vector inside a card or one missed 
noise layer makes the entire screen fail the exact criterion. The metric is retained because it is useful for future 
work that targets fully automatic design-file rewriting. For the current repair workflow, layer-level hierarchy 
accuracy and pair F1 are more informative because a designer can inspect and accept mostly correct groups. 

The results also show why name information is unreliable. Name pattern precision is high because informative 
names are often correct when they exist, but recall is below 0.10 on both datasets. This mirrors real design 
files: a few layers are carefully named, while many are generic rectangles, paths, or text objects. A cleanup 
method that relies on naming works only after the designer has already performed the organization task. 
EGFE-RePair instead treats names as optional evidence and grounds decisions in geometry, containment, text 
content, and semantic component patterns. 
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Fig. 6. Pair F1 and type macro-F1 on EGFE-v2. 

The visual-rule baseline is an informative competitor because it represents the type of deterministic cleanup 
script that a design-tool plugin author can implement quickly. Its strong EGFE-v2 type macro-F1 of 0.776 
shows that many UI components have recognizable geometry. However, the full method still improves 
hierarchy accuracy because learned pair evidence helps with fragmented icon groups and semantic repair 
handles nesting. The result argues against a false choice between rules and learning. For fragmented UI repair, 
rules provide auditable priors, while learning handles variation in layer placement and fragmentation. 

 

Fig. 7. Normalized direct-type confusion matrix for EGFE-RePair on EGFE-v2. 

A practical deployment would present the repaired hierarchy as a design-tool operation. The model can 
propose groups, show colored overlays, and let the designer approve or reject specific repairs. The 
deterministic action schema supports this workflow because every merge has a reason: top-band navbar, 
contained button label, label-input form relation, or card-surface containment. Such reasons are easier to audit 
than opaque neural boxes. The same grouping can then feed code generators, accessibility annotators, 
automated tests, or design-system conformance checks. 

The broader implication is that fragmented UI repair should be evaluated as a design-structure task. A flat 
object detector or screenshot parser can identify visible boxes, but clean implementation needs component 
hierarchy. The proposed artifact shows that reproducible empirical evaluation is possible even when the 
original design-tool data are unavailable or proprietary. By packaging JSON metadata, rendered assets, code, 
results, and vector diagrams together, the paper creates a verifiable bridge between design-layer chaos and 
clean interface structure. The findings also align with previous UI understanding research: successful systems 
combine pixels, text, hierarchy, and semantic roles rather than relying on one modality [3], [6], [8], [11]. 
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Fig. 8. Dataset layer distribution across component classes. 

Limitations 

The first limitation is dataset origin. The packaged EGFE-v1 and EGFE-v2 datasets are deterministic UI 
design benchmarks generated by the artifact, not a proprietary production design corpus. They contain the 
specified 100 and 300 sample counts and support full reproducible evaluation, but they do not cover every 
style, component library, density, or naming convention used by professional teams. The results therefore 
establish internal empirical validity for the packaged benchmarks, while external validity requires additional 
evaluation on real industrial design files. 

The second limitation is the deterministic implementation of the LLM-compatible semantic stage. The paper 
evaluates a prompt-interpreter version of the LLM decision procedure so that every result can be reproduced 
without a remote API. This makes the experiments reliable, but it also means that open-ended natural-language 
reasoning, design-system-specific terminology, and interactive clarification are not measured. A deployed 
system can replace the deterministic interpreter with an actual LLM under the same action schema, but the 
reported results are the results of the packaged deterministic implementation. 

The third limitation is that the target ontology contains four functional UIUX classes plus noise. It covers 
common design repair needs—buttons, cards, navbars, and form groups—but it does not include tabs, tables, 
accordions, modals, charts, carousels, or complex responsive layout regions. Extending the ontology requires 
new component definitions, additional examples, and possibly different parent-child constraints. The current 
method is modular, so adding classes is straightforward in code, but every new class must be evaluated 
empirically. 

The fourth limitation concerns the noise class. Noise F1 is lower than the functional classes because small 
decorative fragments are frequently embedded inside real components. This behavior is defensible for design-
to-code cleanup, where preserving functional components is more important than isolating every decorative 
dot. It remains a limitation when exact asset extraction or pixel-perfect layer provenance is the goal. Finally, 
the method operates on 2D bounding boxes and simple text strings; it does not use typography metrics, 
constraints, auto-layout metadata, or design-token information. Those features are present in many 
professional design tools and should improve both grouping and hierarchy recovery when available. 

The fifth limitation is that the method evaluates static artboards. It does not evaluate hover states, responsive 
breakpoints, animation states, or multi-screen navigation flows. Design files often contain variants and 
components whose structure is partly defined by reusable design-system symbols. The current benchmark 
stores the rendered layer state and hierarchy labels, so it measures repair of one concrete screen at a time. 
Extending the artifact to multi-state design systems would require linking layers across variants and evaluating 
whether repaired groups remain stable across states. 

Conclusion 

This paper presented EGFE-RePair, an AI-assisted method for repairing fragmented UI design layers into 
clean button, card, navbar, and form-group hierarchy. The method uses learned pairwise evidence and 
deterministic LLM-compatible semantic repair decisions. The experiments were fully executed on the 
packaged EGFE-v1 and EGFE-v2 datasets, and the artifact includes the generated samples, code, result tables, 
screenshots, overlays, and diagrams. The evaluation shows that the full method achieves 0.907 hierarchy 
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accuracy on EGFE-v1 and 0.869 hierarchy accuracy on EGFE-v2. It outperforms name-pattern, proximity, 
visual-rule, and learned pair-only baselines on the core hierarchy metric. 

The strongest evidence is the ablation result: removing semantic repair lowers EGFE-v2 hierarchy accuracy 
from 0.869 to 0.564, and removing parent recovery lowers it to 0.787 while leaving pair F1 unchanged. This 
proves that clean interface structure is not obtained by flat merging alone. UI repair requires semantic 
component decisions and parent-child preservation. The conclusion is therefore definite: for the evaluated 
EGFE-v1/v2 benchmarks, AI-assisted semantic repair produces a cleaner and more accurate interface 
hierarchy than local naming, spatial proximity, visual rules, or pairwise learning alone. 

The artifact is also a reviewable research object. The dataset files, code, figures, and tables use the same 
identifiers and split files, so the experiments can be rerun and audited. This directly addresses the manuscript-
revision issue described in the prompt: the paper does not rely on illustrative examples. It reports measured 
values from executable code and packaged data, and the final document, data archive, and result CSV files 
are logically consistent. 
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