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Abstract—The growing complexity of user interface (UI)
design calls for effective methods to understand, complete, and
refine layout structures. While prior work has focused pre-
dominantly on generating UI layouts from scratch, completing
partially designed interfaces is equally critical, particularly in
iterative design workflows and scenarios involving incomplete
prototypes. In this study, we address the UI layout completion
task for mobile app screens using an encoder-only transformer
architecture with masked modeling and a layout tokenizer. By
representing Ul elements as discrete tokens, we formulate layout
completion as a sequence prediction problem that leverages global
context to infer missing components. We evaluate our approach
on subsets of the RICO dataset designed with varying constraints
on Ul element types and spatial overlap, and report results using
standard layout metrics: Coverage, Intersection over Union (IoU),
Max IoU, and Alignment. The experiments demonstrate that the
proposed method achieves substantial improvements over Lay-
outFormer++, a widely adopted baseline in UI layout generation,
particularly in Coverage, and in several cases, IoU, Max IoU,
and Alignment. Additional experiments on noise-reduced subsets
reveal that dataset curation can enhance spatial consistency
but may also reduce Coverage, reflecting an inherent trade-off
between completeness and structural precision. These findings
highlight both the effectiveness and the limitations of encoder-
only masked modeling for layout completion, and underscore the
importance of balancing model design with dataset construction
when tackling complex UI design tasks.

Keywords—Layout completion; deep learning; encoder-only
transformers; masked language modeling; tokenization

I. INTRODUCTION

In the ever-evolving landscape of mobile applications,
user interfaces (Uls) play a pivotal role in determining user
engagement and satisfaction. As mobile apps have evolved,
the design of user interfaces has become more sophisticated,
focusing on enhancing user experience through intuitive and
visually appealing layouts. This shift towards more user-centric
designs matters significantly because studies have shown that
user-friendly interfaces can lead to better user retention and
increased app usage [1].

Consequently, the demand for efficient and innovative UI
design techniques has increased, prompting the integration of
generative Al (Gen-Al) into the design process [2], [3]. Gen-
erative models offer substantial benefits in UI development,
including improved speed and automation [4], reducing the
time and effort required for manual layout design.

Historically, research in automatic Ul layout modeling
has focused primarily on generating complete layouts from
scratch [5]. However, the ability to complete partially designed
interfaces is equally important—particularly in scenarios that

involve iterative refinement or require automatic completion
based on existing components [6].

Formally, we define Ul layout completion as a condi-
tional structured prediction problem under partial observability.
Given a partially observed layout L,ps, where a subset of Ul
elements are missing or masked, the objective is to predict
the missing elements L,,iss. The completed layout L should
remain spatially and semantically consistent with realistic Ul
design patterns.

This task differs from unconditional layout generation, as
the model must preserve existing components while inferring
plausible missing structure conditioned on the visible layout
context. This formulation reflects practical early-stage design
scenarios, where interfaces are incomplete and require context-
aware completion to support iterative refinement.

To address this problem, we investigate the potential of
encoder-only transformer models to infer missing components
from partial Ul layouts. Transformers [7] have become a
powerful tool across multiple domains, notably in natural
language processing and, more recently, layout modeling tasks.
Their ability to model long-range dependencies and process
sequences in parallel makes them particularly effective for
capturing the structure of complex inputs such as Ul layouts.

Encoder-only transformers are particularly well-suited for
tasks requiring contextual understanding. In layout completion,
they can process all visible components and their interrelation-
ships in a single pass, enabling the model to predict missing
elements based on global layout context. This capability aligns
closely with masked language modeling (MLM) [8], where
missing tokens are reconstructed from surrounding informa-
tion.

Although our formulation is inspired by MLM, LayCoder
is not a straightforward adaptation of BERT to discretized lay-
out tokens. Unlike natural language, Ul layouts are inherently
spatial and structured, requiring joint reasoning about geom-
etry, element semantics, and layout coherence. In particular,
each UI component cannot be represented as a single token,
but rather as a set of correlated spatial and semantic attributes.

To enable Transformer-based modeling of Ul layouts, we
therefore convert each layout into a structured sequence of dis-
crete tokens using a custom tokenization mechanism, which we
term the Layout Tokenizer. The first token represents the layout
category, and each UI element is encoded through multiple
attribute tokens—namely, centerX, centerY, width, height, and
the component label. These attributes are individually mapped
into discrete token IDs from a predefined vocabulary.

This representation allows LayCoder to perform masked

www.ijacsa.thesai.org

74| Page



(IJACSA) International Journal of Advanced Computer Science and Applications,

completion at the level of structured UI elements, where each
missing component corresponds to multiple correlated spatial
and semantic attributes. This element-level grouping distin-
guishes LayCoder from standard MLM models by enabling
masked prediction over multi-attribute Ul components rather
than single discrete symbols.

The Layout Tokenizer operates on a predefined vocabulary
consisting of 675 tokens. This layout-specific tokenization
transforms the structured UI into a flat sequence of tokens,
enabling Transformer models to process and complete Ul
layouts in a manner similar to how language models predict
missing words [9].

Our approach is evaluated using the RICO dataset [25], one
of the most comprehensive resources for mobile UI layouts.
It contains over 66,000 UI screens and more than 3 million
annotated elements, making it a suitable benchmark for layout
modeling and completion.

Our main contributions are summarized as follows:

e  We propose LayCoder, an encoder-only transformer
framework that formulates UI layout completion as
masked structured prediction over partially observed
mobile app layouts.

e  We introduce a custom Layout Tokenizer, which rep-
resents Ul elements as discrete sequences of spatial
and semantic tokens. This design enables Transformer
models to leverage global context for inferring missing
components in incomplete layouts.

e  Through experiments on subsets of the RICO dataset,
we demonstrate that the proposed method achieves
substantial improvements over LayoutFormer++ [24],
a previously leading approach in UI layout genera-
tion, with consistent gains in Coverage and notable
improvements in IoU and Alignment across multiple
test scenarios. The empirical results underscore the
efficacy of encoder-only masked modeling in captur-
ing spatial and semantic dependencies within layout
structures.

e We further analyze the role of dataset curation by
evaluating on noise-reduced subsets. The findings re-
veal that filtering improves spatial consistency but can
reduce Coverage, highlighting the observed trade-off
between layout completeness (Coverage) and struc-
tural precision (IoU and Alignment) in Ul layout
completion.

II. RELATED WORK

The automated modeling of UI layouts has attracted sig-
nificant research attention, with approaches spanning various
architectural paradigms and task formulations. To provide a
comprehensive overview of this rapidly evolving field, we
organize prior work along two primary dimensions: 1) task
type, distinguishing between layout generation (synthesizing
complete layouts from scratch) and layout completion (predict-
ing missing elements in partial layouts); and 2) architectural
approach, encompassing GANs [10], VAEs [11], diffusion
models [12], and transformer-based methods [13]. Within
transformer-based approaches, we further distinguish between
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encoder-only, decoder-only, and encoder-decoder variants [14],
as these architectural choices significantly impact model capa-
bilities and computational efficiency.

A. Layout Generation Approaches

Layout generation has been addressed through various
architectural approaches. GAN-based methods like Akin [15]
and LayoutGAN [16] utilize adversarial training to synthesize
realistic Ul wireframes and graphic layouts by modeling
geometric relations of 2D elements.

VAE-based approaches, including LayoutVAE [17],
LayoutVQ-VAE [18], and VTN [19], offer robust frameworks
for generating diverse layouts by learning latent representations
and capturing high-level relationships between layout
elements.

Recent advancements in layout generation have seen the
emergence of diffusion models as a powerful approach for
synthesizing structured layouts with high quality and diversity
through discrete denoising processes. Notable examples in-
clude LayoutDM [20], [22], LayoutDiffusion [21], and layout
decoupled diffusion [23].

Transformer-based models have emerged as a powerful
approach for layout generation. Gupta et al. [5] introduced
LayoutTransformer, a framework that uses self-attention mech-
anisms to model contextual relationships between layout ele-
ments across various domains, enabling the generation of novel
scene layouts from an empty set or an initial seed of primitives.

While these layout generation methods have demonstrated
impressive capabilities in synthesizing full-screen Ul designs,
they primarily address the creation of complete layouts from
scratch. However, in many practical design scenarios, designers
work with partially specified interfaces that require completing
existing structures rather than generating entirely new ones.

B. Layout Completion Approaches

A smaller but growing body of work targets layout comple-
tion, which is more aligned with iterative design workflows. Li
et al. [6] proposed a model for the auto-completion of user in-
terfaces, focusing on assisting the design process by predicting
the remaining UI elements in a partial layout. This approach
utilizes Transformer-based tree decoders—Pointer and Recur-
sive Transformer—representing a decoder-only architecture to
handle the hierarchical structures and 2-dimensional place-
ments of Ul elements. Experiments on a public dataset show
the effectiveness of these models, which significantly ease the
effort of UI designers and developers. The proposed metrics
for measuring tree prediction accuracy further contribute to
deep learning research in layout prediction.

LayoutFormer++ [24] provides a unified framework for
both generation and completion by serializing user constraints
and employing a transformer encoder—decoder model. It intro-
duces a constraint serialization scheme to represent various
user constraints as token sequences in a predefined format
and applies a decoding space restriction strategy to prune
predictions that violate user constraints or yield low-quality
layouts. This ensures that the generated results adhere to user
requirements without sacrificing visual quality.
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In contrast to these decoder- and encoder—decoder-based
approaches, our work explores an encoder-only transformer
formulation for the layout completion task. This design empha-
sizes parallel processing and self-supervised masked modeling
to infer missing elements efficiently. Further details of the
proposed method are described in Section III.

While LayoutFormer++ introduces constraint serialization
and decoding space restriction to enforce validity during
autoregressive generation, LayCoder adopts a fundamentally
different approach. Instead of restricting the decoding space
step-by-step, our encoder-only formulation relies on global
contextual inference through masked modeling. This removes
the need for sequential constraint enforcement but places
greater emphasis on learning structural regularities directly
from data.

Similarly, tree-decoder approaches explicitly preserve hi-
erarchical structure during generation, whereas our flat tok-
enization strategy prioritizes modeling flexibility and parallel
processing. This design choice trades explicit hierarchical
inductive bias for scalability and simpler inference, allowing
LayCoder to complete layouts in a single forward pass.

III. PROPOSED METHOD

Our proposed method section consists of three main com-
ponents: 1) the definition of key concepts that characterize Ul
elements, 2) the tokenization strategy that converts structured
UI data into a sequential format, and 3) the masked language
modeling approach used to train the transformer.

An overview of the system architecture is provided in
Fig. 1.

A. Key Concepts

A user interface (UI) consists of a hierarchy of elements,
such as buttons, text boxes, images, and containers. These
elements are organized as a tree, where some elements may
contain others. We classify Ul elements into two categories:

e Leaf elements: are elements that do not contain any
child elements. Examples include buttons, text inputs,
icons, and images.

e Non-leaf elements: are elements that contain one or
more child elements. Examples include containers,
lists, modals, and cards.

Each element, whether a leaf or non-leaf, is characterized
by the following attributes:

e  Spatial Coordinates (Bounds): Each element is repre-
sented by four values: x1, y1, T2, Y2, denoting the
top-left and bottom-right corners of its bounding box
on an original screen with a resolution of 2560x1440.

e FElement Label (Component Label): A categorical
identifier that represents the type of the UI component,
such as Text, Image, Container, etc.

In addition, each UI layout is associated with a global
attribute:

Layout Category: A label indicating the overall purpose or
category of the UI screen (e.g., Login, Registration, Catalog).
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These attributes form the foundation for representing UI
elements in our model and are critical to both the dataset
construction and the tokenization process described in the
following sub-sections.

B. Tokenization

We first construct a fixed vocabulary consisting of discrete
token values used to encode spatial and semantic attributes
of UI elements. For spatial attributes, we discretize normal-
ized coordinate values in the range of O to 640, resulting
in 641 unique tokens. For semantic attributes, we include
25 tokens representing the Component Labels (e.g., Text,
Image), and seven tokens corresponding to distinct Layout
Categories identified from the Akin framework [15]: Login,
Splash, Registration, Catalog, Product page, Cart, and No-
category. Additionally, we define two special tokens—one for
separating between elements and one for masking elements
during training. This results in a total vocabulary size of 675
tokens.

Spatial discretization to the range [0, 640] provides a con-
sistent vocabulary but introduces bounded quantization error.
The maximum absolute discretization error per coordinate is
0.5 units in the normalized scale, corresponding to less than
0.08% of the full spatial extent. While empirically sufficient
for preserving layout structure, this discretization limits sub-
pixel precision and should be interpreted as an approximation
of continuous geometry.

Using this predefined vocabulary, we apply our Layout
Tokenizer to discretize the numerical attributes and categorical
labels into tokens. Each numerical attribute (e.g., centerX or
width) is mapped to a corresponding token ID selected from
the constructed vocabulary.

Each UI element is represented by five tokens: four for
the spatial attributes (centerX, centerY, width, height) and one
for the Component Label. Each Ul layout is then represented
as a sequence of tokens, referred to as the Layout Token
Sequence. As shown in Fig. 2, this sequence starts with the
Layout Category token, followed by a separator token, and
then the centerX, centerY, width, height, and Component Label
tokens for each UI element. Tokens from distinct elements are
separated using the special separator token. Consequently, the
total length of the sequence is 6N+2, where N denotes the
number of elements in the UL

A practical aspect of this serialization is the ordering of UI
elements. In our implementation, elements follow the order
obtained from traversing the hierarchical RICO JSON tree.
Although the rendered layout itself is permutation-invariant,
Transformer encoders process sequences and are therefore
sensitive to element order. We use this traversal order as a
deterministic scheme to ensure reproducibility.

Importantly, this representation allows LayCoder to per-
form masked completion at the level of structured Ul elements,
where each missing component corresponds to multiple corre-
lated spatial and semantic attributes. This element-level group-
ing distinguishes the task from a naive application of token-
level masked language modeling, as reconstruction operates
over structured components rather than independent tokens.
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Fig. 1. System architecture: Detailed illustration of the proposed method, including layout tokenization, the masking mechanism, and the two-layer
Transformer encoder used for UI layout completion. The architecture highlights how the input token sequence is processed through the encoder to predict the
masked UI elements.

This layout-specific tokenization transforms structured UI
layouts into flat token sequences that can be processed by the
Transformer architecture and can be applied to other datasets
with similar structural representations.

C. Encoder Architecture and Masked Training

The architecture follows a standard Transformer encoder
stack. Each layer consists of multi-head self-attention, residual
connections with layer normalization, and a position-wise feed-
forward network. Self-attention enables each token to attend to
all other tokens in the layout sequence, capturing long-range
spatial and semantic dependencies across Ul elements in a
single forward pass.

Our approach utilizes an encoder-only transformer archi-
tecture, which consists of 2 stacked Transformer layers, each
with a hidden size of 512. Within each layer, multi-head
self-attention is implemented using 8 attention heads, and
the feedforward sublayer has an intermediate dimension of
1024. Layer normalization is applied before each sublayer,
and a dropout rate of 0.5 is used within each encoder block
to mitigate overfitting. Input tokens are embedded into 512-
dimensional vectors using a trainable embedding layer, and
positional encodings are added via sinusoidal functions fol-
lowed by dropout (p = 0.1). The final output is passed through
a linear projection layer that maps from the hidden dimension
back to the vocabulary size.

We adopt an encoder-only architecture rather than an en-
coder—decoder model for two reasons. First, masked modeling
allows parallel reconstruction of missing elements without
autoregressive decoding, reducing inference latency. Second,

completion in our setting operates over a partially observed
structured sequence, making bidirectional context modeling
more natural than left-to-right generation. This design choice
favors global contextual reasoning over sequential constraint
enforcement.

We incorporate masked language modeling as a core tech-
nique of our training objective. It is applied by randomly
selecting certain tokens within the layout token sequence and
replacing them with our special mask token. During training,
this process helps the model learn contextual dependencies
between Ul elements and their attributes.

Specifically, in the training phase, a random percentage
k of tokens from each layout sequence is masked, where
k € [5%,40%)]. The masked tokens include UI component
labels and spatial attributes, while category tokens and sep-
arator tokens are excluded to preserve structural consistency.
The exact value of k is resampled at the beginning of each
epoch. This strategy introduces variability and prevents the
model from overfitting to a fixed masking pattern. An example
of this token-level masking is illustrated in Fig. 3.

However, during inference, we adopt a masking strategy
aligned with LayoutFormer++ [24]. Instead of masking in-
dividual tokens independently, we mask complete UI ele-
ments—i.e., an element and all of its associated attributes
(Bounds and Component Labels). A fixed masking ratio is
applied at the element level rather than the token level. For
instance, given a Ul layout with 5 elements and a masking
ratio of 40%, we mask 2 entire elements, including all tokens
representing their attributes. This approach is illustrated in
Fig. 4.
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Fig. 2. Overview of the tokenization process using UI as an example with four elements. The Layout Token Sequence begins with the layout category token
(CAT), followed by a separator token (Sep). For each Ul element, five tokens are appended to the sequence: CenterX (cx), CenterY (cy), width (W), height
(H), and the component label (Label). Although the illustration shows four elements, the same procedure applies to layouts with any number of elements.

Original
Sequence
(4 UI elements)

[([cat,sep, x1,y1,wl,hl,11,sep,x2,y2,w2,h2,12,sep,
x3,y3,w3,h3,13,sep, x4,y4,w4,h4,14,sep])

[([cat, sep,xl,_yl,wl,hl,sep,x2,y2,w2,h2,l2,sep,

Masking
%3, y3,w3,83,13,sep, x4,y4,wd | mask) 14,56p]) 10%
[([cat,sep,x1,yl ,,hl,ll,sep,yZ, w2,h2,12,sep, Masking
[mask} y3,w3,h3 [mask, sep, x4 JmasR, wd, hd, 14, sep]) 25%

[([cat,sep,yl,wl,,ll,sep,x2, w2,h2,12,sep, Masking
x3 [gasK, w3 Eask, 13, sep,fpask, v4 [mask, hd fmask, sep)) 0%

Fig. 3. The masking procedure is applied randomly to each sample in every
epoch using a special mask token. The layout category (CAT) and separator
(Sep) tokens are never masked; only element attributes are subject to
masking. For element 4, z;, y;, w;, h;, and [; denote centerX, centerY,
width, height, and component label, respectively.

The reason we adopted a different masking strategy during
training, as compared to the inference stage, is to learn fine-
grained relationships between UI elements, while ensuring
that the inference masking setting remains aligned with down-
stream layout completion scenarios.

The total number of trainable parameters in our configu-
ration is approximately 4.55 million. For a sequence length
T, the computational complexity of each encoder layer is
O(T?) due to self-attention. This remains manageable in our
setting since layouts are restricted to at most 20 elements (i.e.,
T < 6N + 2), enabling efficient training and inference on a
single GPU.

[([cat,sep, x1,yl,wl,hl,11,sep,x2,y2,w2,h2,12,sep, Original
Sequence

x3,y3,w3,h3,13,sep,4,y4,w4,h4,14,sep, (5 UI
x5,y5,w5,h5,15,sep]) elements)

[ ([cat,sep|masR,y] fmasK,hl,11,sep, mask) y2,w2,h2 fmasH Masking
,5ep, ,y3,w3,sep,x4 Imask,w4,h4,14,sep, :0%_5"‘?
raining
<5,y [ETRfEER, 15, 21

[([cat, sep,x1,yl,wl,hl,11,sep,x2,y2,w2,h2,12,sep, Masking
s fuasR frazi fmash fmasR, sep, x4, 4,04, 14, 14, 5ep, 40% 10
Inference
sy, fracH fmach fmach fuasR, o-r. )

Fig. 4. Comparison of masking strategies between training and inference.
During training, masking is applied at the token level, where individual
coordinate or label tokens may be masked. During inference, masking is
applied at the element level, where all tokens corresponding to a UI element
(its coordinates and label) are masked together.

IV. DATASET

In this research, we use the RICO dataset [25], a large-
scale collection of over 66,000 UI screen images and more
than 3 million individual UI elements, collected from a wide
variety of Android mobile applications. RICO is one of the
most comprehensive and diverse benchmarks for mobile user
interfaces, providing rich resources for Ul layout generation
and completion design tasks.

Each UI screen in the dataset is represented in three
formats: 1) a high-resolution screenshot, 2) a corresponding
semantic layout image that visualizes the structure of the Ul
using colored bounding boxes (where each color represents a
different UI element type, and the size of each box matches
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icon (211,211, 211)
(209, 188, 249)
Toolbar (226, 209, 77)
(0,205, 0)
(77,184, 255)

(184, 58, 103)

(147, 98, 241)
Date Picker (154, 102, 205)
Checkbox (101,139, 255)
Map View (232,191, 226)
Text (141, 20, 74)
Number Stepper (130, 214, 175)
Button Bar (211, 206, 255)
On/off Switch (248,196, 79)
Modal (205, 255, 0)

Bottom Navigation (201, 104, 187)

card

(227,190, 216)

(162,71, 13)

(83,20, 211)
slider (221, 220, 206)
Text Button (57, 221, 206)
Input (250, 203, 145)
Multi-Tab (118, 242, 255)
List Item (179, 225, 255)

Web View (246, 166, 66)

Fig. 5. UI labels color palette: All UI component labels and their
corresponding RGB color assignments.

the element’s actual size on the original screen), and 3) a
JSON file containing detailed metadata. This metadata includes
attributes, bounding box coordinates, Android class names, and
the hierarchical relationships among elements.

To ensure consistency across all visualizations, the seman-
tic layout images use a predefined Ul color palette, in which
each component label is assigned a unique RGB color. Fig. 5
presents the complete set of component labels used in this
research together with their corresponding color codes.

A. Re-organizing the RICO Dataset

Following prior work [24], [5], [15], we do not use the
RICO dataset in its raw form. Instead, we construct subsets
specifically designed to meet the requirements of our proposed
method. This involves re-organizing the dataset structure and
preprocessing the raw Ul layout data accordingly.

As previously described, each Ul screen in RICO is accom-
panied by a JSON file that defines its layout as a hierarchical
tree of Ul elements. By recursively traversing this tree, we
determine the depth of each element and classify them into
two categories: leaf elements (elements with no child nodes)
and non-leaf elements (elements with one or more children),
as described in Section III-A. These distinctions play a central
role in how we construct dataset variants for our experimental
setups.

To ensure fair comparison with prior work, we build upon
the same processed LayoutFormer++ [24] dataset and derive
two subset variants, each tailored to a specific experimental
objective.

e DSI: This subset corresponds to the version used by
LayoutFormer++ during its preprocessing pipeline, in
which all UI layouts with more than 20 elements were
removed. The result is a curated dataset where each
instance contains at most 20 elements. DS/ consists
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of 31,694 training samples (221,858 elements), 3,729
test samples, and 1,865 validation samples.

e DS2: This subset is a refined version of DSI. Two
additional filters are applied: 1) only leaf elements are
retained, while all non-leaf elements are discarded, and
2) any layouts containing spatially overlapping ele-
ments are excluded to ensure clean, non-overlapping
compositions.

Since our experiments are built upon the same pro-
cessed subset and data-splitting protocol introduced in Lay-
outFormer++, the train/test separation follows the established
benchmark setting. Layouts are split at the screen-instance
level such that no identical UI structures appear across DS1
training and DS2 testing.

However, because RICO contains many visually similar
screens within the same application, this protocol does not
fully eliminate potential app-level similarity. Consequently, the
reported results should be interpreted as generalization across
screen instances under the standard benchmark split, rather
than strict generalization across entirely unseen applications.

The additional filtering applied in DS2 is motivated by
reducing what we refer to as layout noise, namely structural
artifacts that may obscure clear spatial patterns. Such noise
may arise both from inherent layout complexity and from
dataset construction artifacts. In our setting, this includes over-
lapping elements and non-leaf elements, which can introduce
redundancy or hierarchical complexity that is not essential for
the layout completion task. By filtering out these elements, we
simplify the input representation and promote more consistent
spatial modeling and better generalization.

At the same time, this simplification comes with an im-
portant modeling trade-off, since Ul layouts are inherently
hierarchical in nature. However, removing non-leaf elements
also eliminates explicit parent—child relationships that encode
containment and compositional structure within the UI hierar-
chy. As a consequence, the model no longer directly observes
grouping patterns, nesting depth, or structural dependencies
that are central to Ul semantics. The DS2 configuration should
therefore be interpreted as a structural ablation that isolates
spatial reasoning from hierarchical reasoning, rather than as a
universally superior representation.

B. Preprocessing

In the preprocessing stage, we normalize the Bounds to fit
within a 0 to 640 scale, corresponding to the maximum height
of the semantic layout images. Subsequently, transformations
are applied to convert these Bounds into centerX, centerY,
width, and height, with the former two indicating the center of
the element, and the latter two indicating the width and height
of the UI element’s bounding box.

By transforming the bounds coordinates and normalizing
their values, we ensure that the positional information of UI
elements is accurately represented within a consistent scale.

The transformation to center-based coordinates allows for
more intuitive spatial representations, facilitating the model’s
ability to understand the layout and structure of the UI ele-
ments [27]. The vocabulary described in Section III-B is also
constructed as part of this preprocessing step.
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V. EVALUATION METRICS

In our study, we employed the same evaluation methods
used by previous researchers. While our experiments focus
on layout completion and some prior studies focus on layout
generation, we use the same evaluation metrics in both cases,
as they are equally applicable to assessing spatial and structural
layout quality. The metrics used in this study are explained as
follows:

Coverage Metric is calculated as the proportion of the Ul
layout area that is occupied by layout elements. In other words,
it is the area covered by elements divided by the total area of
the canvas (UI layout). Higher scores indicate better coverage,
reflecting layouts that are more fully and effectively populated
with Ul components.

IoU measures the degree to which layout elements overlap
within a completed layout. Specifically, it is the average Inter-
section over Union between each pair of elements (bounding
boxes) within the same layout. Mathematically, IoU is defined
as the area of Intersection divided by the area of the Union
between two bounding boxes, providing a normalized measure
that accounts for both the intersecting and non-overlapping
regions. The computation of IoU between two elements A and
B is shown in the following equation:

|AN B

IoU =
T AuB

ey

where, |A N B| denotes the area of their intersection, and
|AU B| denotes the area of their union. Lower scores indicate
better IoU, ensuring that no overlap is occurring.

Max IoU provides insight into the maximum overlap any
element in a layout has with other elements. It is obtained
by first computing the pairwise IoU between each element
within a UI, then, for each element, the maximum IoU value
is retrieved, and finally, those values are summed and averaged.
Similar to IoU, lower Max IoU values are preferable.

Alignment is a metric originally introduced in the
Attribute-conditioned Layout GAN paper [26] and later
adopted in LayoutFormer++ [24] to evaluate the spatial align-
ment of Ul elements. For each layout element, we compute
six reference points: the left, center, and right positions along
the horizontal axis, and the top, center, and bottom positions
along the vertical axis. Pairwise distances are then calculated
between each of these points and the corresponding points
of all other elements in the layout. For each element, the
minimum of these distances is taken as its alignment error
with respect to the rest of the layout.

Finally, the alignment scores are summed and averaged,
producing a single scalar value per layout. Lower scores
indicate better alignment, reflecting a more structured and
visually coherent layout.

These metrics provide a comprehensive evaluation frame-
work by measuring element distribution, spatial overlap, and
spatial coherence within each layout. Specifically, Coverage
reflects the overall distribution and presence of elements across
the layout, IoU and Max IoU quantify the degree of element
overlap, and Alignment evaluates spatial coherence.
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At the same time, these metrics primarily capture geometric
and structural properties of the completed layouts. They do not
directly measure semantic correctness of element identities.
A completion may achieve strong spatial alignment while
predicting an incorrect component label. Therefore, the current
evaluation emphasizes spatial fidelity rather than full element-
wise reconstruction accuracy.

VI. EXPERIMENTS

In this section, we trained our models on two curated
subsets of the RICO dataset, DSI and DS2, introduced in
Section IV. Our models were trained to infer and complete UI
layouts with up to 40% of elements randomly masked. More
specifically, we systematically varied the masking rate of Ul
elements from 5% to 40% during training and inference, in
order to evaluate the models with different levels of masked
information.

Furthermore, model performance is assessed using the
evaluation metrics described in the previous Section: Coverage,
IoU, Max IoU, and Alignment. The original, unmasked UI
layouts serve as ground-truth references, and model perfor-
mance is evaluated using the defined metrics by comparing
the predicted layouts with these references.

A. Model Variants

We trained two variants of our proposed model using the
aforementioned datasets:

e LayCoder — a model trained on DSI, containing up
to 20 elements per Ul layout, and including both leaf
and non-leaf nodes. The model was trained using the
same preprocessing steps as [24].

e LayCoder-NonOver-Leaves — a model trained on
DS2, a refined version of DS1 containing only leaf
nodes and no overlapping elements. This model lever-
ages the simplified structure of the data (leaf-only
nodes and non-overlapping elements) to evaluate the
impact of dataset noise reduction on model perfor-
mance.

We aim with the first variant to demonstrate that our
proposed model, LayCoder, achieves superior performance
compared to the baseline, LayoutFormer++, across standard
layout evaluation metrics.

With LayCoder-NonOver-Leaves, we specifically test the
hypothesis that reducing layout noise—through the exclusion
of overlapping elements and non-leaf nodes—can enhance
model performance. Though we evaluate both models on the
same test set (the testing subset of DS2). LayCoder was trained
on noisier and more diverse layouts (DS/7), while LayCoder-
NonOver-Leaves was trained on a less noisy dataset (DS2).
We ensure as well that the test set of DS2 does not overlap
with the training data of DSI. This setup allows us to examine
the importance of curating the data to contain only elements
relevant to our task and measure its impact on the model’s
ability to generalize and accurately infer UI structures.
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B. Experimental Setup

All experiments were conducted on an NVIDIA RTX 3090
GPU. During training, random masking between 5% and 40%
was applied to the token sequence, as described in the Method
section. We adopted cross-entropy loss, computed only over
the masked tokens; unmasked tokens, as well as special tokens
and layout category tokens, were excluded from the loss
calculation. The model predicts each masked token from a
predefined vocabulary of 666 discrete tokens, which includes
641 tokens representing discretized bounding box attributes
and 25 tokens corresponding to element labels. The model is
trained using the Adam optimizer with an initial learning rate
of le-4. A batch size of 64 is used, and training proceeds
for 1000 epochs with early stopping based on validation loss,
which is monitored every 100 epochs.

VII. RESULTS AND DISCUSSION
A. Quantitative Results

Experimental results are detailed in Table I and Table II.
In these tables, the row labeled as Real Data indicates the
mean values for each evaluation metric computed over the un-
masked test subsets of DS1 and DS2, serving as the reference
baseline. These values represent the expected metric scores for
complete, unmasked layouts. The preceding rows, labeled as
10% masking, 25% masking, and 40% masking, indicate the
performance of each model when completing UI designs with
10%, 25%, and 40% of masked elements, respectively.

In Table I, we compare the performance of our first model,
the LayCoder, with the LayoutFormer++ [24] on the testing
subset of DS/, which includes a mix of leaf and non-leaf
elements.

As introduced in Section V, the performance of the models
is evaluated using the following metrics: Coverage, loU, Max
IoU, and Alignment. Furthermore, the A value for each metric
denotes the absolute difference between the layouts produced
by each model and the reference baseline:

A = |Predicted — Baseline| 2)

Therefore, a smaller A indicates that the predicted layouts
closely approximate the original data.

In the first row of Table I, when masking 10% of the data,
we observe a substantial performance difference, particularly
in Coverage. LayCoder achieves a score very close to the
real data, with A = 1.76, whereas LayoutFormer++ shows a
much higher A = 32.38, indicating severe under-coverage. For
IoU and Max IoU, LayCoder also achieves smaller A values
(0.002 and 0.013, respectively) compared to LayoutFormer++
(0.022 and 0.065). These results indicate closer alignment
with the reference layouts in terms of overlap. In terms of
Alignment, LayCoder achieves a perfect A = 0, meaning
that its completions under 10% masking are equivalent to the
baseline layouts without masking. This outcome is consistent
with the low masking ratio, where fewer elements are removed
and reconstruction is less challenging.

As the masking ratio increases to 25%, LayCoder continues
to outperform LayoutFormer++ across all metrics. For Cov-
erage, LayCoder’s A = 3.20 is still much closer to the real
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data than LayoutFormer++ (A = 32.17). Similarly, for IoU
(A = 0.007 vs. 0.022), Max IoU (A = 0.037 vs. 0.064), and
Alignment (A = 0.001 vs. 0.004), LayCoder remains stronger.
Although its scores show a small degradation compared to the
10% case, this is expected as the masking ratio increases. By
contrast, LayoutFormer++ shows little change compared to its
10% performance. This relative stability may be attributed to
its additive, sequential training strategy, where elements are
generated incrementally. As a result, increasing the masking
percentage does not substantially alter its completion behavior.

At 40% masking, both models face more challenging
conditions, but LayCoder still demonstrates stronger gener-
alization. Its Coverage A = 3.47 remains far superior to
LayoutFormer++ (A = 32.37), suggesting that LayCoder
better preserves the overall density of elements under high
masking. For Alignment, both models are close (A = 0.003
vs. 0.002). On IoU and Max IoU, LayCoder records A = 0.017
and 0.072, while LayoutFormer++ remains at 0.024 and 0.066.
Although LayoutFormer++ appears slightly better in Max IoU
at this level, its Coverage remains very poor (A = 32 across
masking levels).

Since Coverage measures the proportion of the layout can-
vas occupied by elements, such low values suggest that many
UI components are missing, leading to incomplete layouts that
deviate substantially from the ground truth. This behavior is
closely related to the differing completion paradigms of the
two models. LayoutFormer++ generates elements autoregres-
sively in a fixed sequential manner without explicit condition-
ing on the final number of elements to be produced. As a result,
it often yields conservative predictions under high-masking
settings, leading to systematic under-coverage and relatively
stable scores across masking ratios.

In contrast, LayCoder performs masked reconstruction
within a fixed-length sequence, where the number of missing
elements is implicitly determined by the masked slots. This
formulation encourages preservation of element count and
overall layout density. Both models were evaluated under
identical masking ratios and metric implementations to ensure
consistency.

In summary, across all three masking levels (10%, 25%,
40%), LayCoder consistently produces results closer to the real
data. Its Coverage is significantly better than LayoutFormer++
in every experiment, with A values ranging from 1.76 to
3.47 compared to around 32 for LayoutFormer++. In IoU,
Max IoU, and Alignment, LayCoder also maintains lower
or comparable A values, showing stronger robustness under
increasing masking ratios.

While the performance of LayoutFormer++ appears stable
across masking levels, this stability reflects the limitations of
its autoregressive decoder-based architecture. Because it gen-
erates layouts sequentially, the model appears less sensitive to
the amount of masked content and shows limited adaptability
as masking increases. By contrast, LayCoder’s encoder-only
masked modeling leverages global layout context, enabling it
to adapt better to different masking conditions, preserve spatial
structure, and maintain performance much closer to the real-
data.

The observed results in Table II indicate that in terms of
Coverage, LayCoder remains consistently closer to the real
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TABLE I. COMPARATIVE RESULTS ON DS1 AT DIFFERENT MASKING LEVELS

Masking ~ Model Coverage 1 Overlap (IoU) | Max IoU | Alignment |,
(Mean, A) (Mean, A) (Mean, A) (Mean, A)
10% LayCoder 74.88 (A = 1.76) 0.055 (A = 0.002) 0.190 (A = 0.013) 0.014 (A = 0.000)
LayoutFormer++  44.26 (A = 32.38) 0.031 (A = 0.022) 0.112 (A = 0.065) 0.019 (A = 0.005)
25% LayCoder 73.44 (A = 3.20) 0.060 (A = 0.007) 0.214 (A = 0.037) 0.013 (A = 0.001)
LayoutFormer++  44.47 (A = 32.17) 0.031 (A = 0.022) 0.113 (A = 0.064) 0.018 (A = 0.004)
40% LayCoder 7317 (A = 3.47) 0.070 (A = 0.017) 0.249 (A = 0.072) 0.011 (A = 0.003)
LayoutFormer++  44.27 (A = 32.37) 0.029 (A = 0.024) 0.111 (A = 0.066) 0.016 (A = 0.002)
Real Data 76.64 0.053 0.177 0.014

A comparative evaluation between LayCoder and LayoutFormer++ at different masking levels using the test set from DS1, which
includes both leaf and non-leaf UI elements. Real Data at the bottom of the table represents metrics computed on unmasked UI layouts

as a ground-truth reference.

TABLE II. COMPARATIVE RESULTS ON DS2 AT DIFFERENT MASKING LEVELS

Masking Model Coverage 1 ToU | Max IoU | Alignment |
(Mean, A) (Mean = A) (Mean = A) (Mean, A)
10% LayCoder-NonOver-Leaves ~ 41.21 (A = 0.49) 0.002 0.024 0.0183 (A = 0.0004)
LayCoder 42.30 (A = 0.60) 0.003 0.033 0.0179 (A = 0.0008)
25% LayCoder-NonOver-Leaves 38.80 (A = 2.90) 0.008 0.058 0.0204 (A = 0.0017)
LayCoder 4143 (A = 0.27) 0.015 0.089 0.0162 (A = 0.0025)
40% LayCoder-NonOver-Leaves 37.00 (A = 4.70) 0.014 0.092 0.0198 (A = 0.0011)
LayCoder 41.89 (A = 0.19) 0.032 0.144 0.0137 (A = 0.0050)
Real Data 41.70 0.000 0.000 0.0187

Evaluation of LayCoder and LayCoder-NonOver-Leaves under different masking levels, using test samples from DS2, which
contains only non-overlapping leaf elements. Note that the ground-truth reference scores (Real Data) for Intersection over Union

(TIoU) and maximum IoU are zero; thus, the reported mean values are equal to their corresponding A values.

data across all masking levels (A = 0.60, 0.27, and 0.19
at 10%, 25%, and 40%, respectively), whereas LayCoder-
NonOver-Leaves shows larger deviations (A = 0.49, 2.90,
and 4.70). This confirms that the leaves-only, non-overlapping
training setup sacrifices Coverage, leading to layouts that omit
some elements compared to the ground truth.

In contrast, for the spatial consistency metrics (IoU, Max
IoU, and Alignment), LayCoder-NonOver-Leaves generally
outperforms LayCoder. For instance, at 25% masking, it
achieves lower A ToU (0.008 vs. 0.015) and A Max IoU (0.058
vs. 0.089), indicating reduced element overlap and stronger
alignment with ground-truth structures. At 40% masking, Lay-
Coder achieves a lower mean Alignment score (0.0137 vs.
0.0198). However, LayCoder-NonOver-Leaves reports lower A
values for IoU, Max IoU, and Alignment, indicating stronger
spatial consistency with the ground-truth.

Overall, these findings suggest that training on clean, non-
overlapping leaves improves spatial consistency in terms of
overlaps and relative positioning, but at the cost of reduced
Coverage. Thus, the results highlight a clear trade-off: while
curated datasets can strengthen spatial precision, they may also
lead to incomplete reconstructions that fail to capture all layout
elements present in the original designs.

B. Qualitative Analysis

To complement the quantitative results, we also conducted
a qualitative analysis to examine the behavior of our proposed
models under different masking conditions. For readability,
the layouts are displayed using the same color-coded scheme
introduced in Section IV, with component labels distinguished
by the UI color palette (see Fig. 5).

Fig. 6 illustrates the predictions of LayCoder on one sample
from the DSI test set under three masking ratios: 10%, 25%,
and 40%. For each ratio, the masked input and the completed
layout are shown, while the corresponding ground-truth layout
(labeled as “Real UI layout” in the figure) is displayed at the
bottom. In many cases, the model successfully reconstructs
missing elements and maintains a coherent spatial structure.
The completions are not always identical to the ground truth,
and in some cases the model generates alternative components
or placements. While these differences can still yield plau-
sible layouts from a design perspective, we emphasize that
this observation is based on illustrative examples rather than
systematic evaluation.

For further assessment, Fig. 7 presents results on three
different UI layouts from DS1, each with a different masking
ratio (10%, 25%, and 40%). Alongside reasonable comple-
tions, the figure highlights typical failure modes such as over-
lapping components, duplicated elements in the same region,
or missing items. These examples demonstrate that although
LayCoder can often predict plausible completions, it may
also produce undesirable layouts under challenging conditions,
especially at higher masking levels.

In Fig. 8, we evaluate both LayCoder and LayCoder-
NonOver-Leaves on samples from DS2, where only leaf el-
ements are retained and overlapping layouts are excluded.
Using a 40% masking ratio, we compare the completed
layouts of both models against the ground truth. The figure
shows that LayCoder-NonOver-Leaves often avoids generating
overlapping elements and produces cleaner structures, which
is consistent with the hypothesis that reducing layout noise
during training improves spatial consistency. However, lim-
itations remain: in some cases, the outputs omit required
elements or contain misaligned components, reflecting the cost
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Fig. 6. Qualitative results of LayCoder on a DS1 sample under 10%, 25%, and 40% masking. Each row shows a masked input with the corresponding masking
ratio and the resulting completion by LayCoder. The last row shows the ground-truth (real UI) layout.
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Fig. 7. Some failure cases from DS1 under different masking ratios. Examples highlight overlaps, duplicated elements, and missing components in LayCoder
outputs.

of training on a more constrained dataset. Thus, while dataset =~ demonstrates the ability to infer missing elements and pro-

curation enhances certain aspects of spatial accuracy, it does duce plausible layouts across different masking levels, while

not guarantee uniformly superior results. LayCoder-NonOver-Leaves benefits from noise reduction by

yielding cleaner structures. At the same time, both models

Overall, the qualitative evaluation highlights both the F:xhibit failure cases that reveal important directions for further
strengths and weaknesses of the proposed models. LayCoder improvement.
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Fig. 8. Comparison between LayCoder and LayCoder-NonOver-Leaves on DS2 with 40% masking. For each layout example, the masked input is shown
alongside the completed outputs of both models and the corresponding ground-truth (real) Ul layout.
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VIII. CONCLUSION

In this study, we introduced LayCoder, an encoder-only
Transformer formulated as a masked completion model for
UI layout reconstruction. Our experiments show that Lay-
Coder achieves competitive performance compared to Layout-
Former++, delivering improved Coverage and comparable or
improved IoU and Alignment across the evaluated masking
levels.

The results indicate that encoder-only transformer archi-
tectures combined with masked modeling are effective for
layout completion under the evaluated settings. This formula-
tion enables the model to leverage global context and learn
structural dependencies without requiring explicit element-
level annotations.

To further investigate the role of training data, we eval-
uated a noise-reduced subset of the dataset that excluded
overlapping elements and non-leaf nodes. The results show
that this curation can improve spatial consistency in terms of
overlap and relative positioning, but at the cost of reduced
Coverage. These findings suggest that dataset filtering shifts
the balance of performance: strengthening certain structural
aspects while limiting completeness, rather than uniformly
enhancing predictions.

Despite these results, the current formulation relies on flat
token representations and relatively shallow architectures, and
does not explicitly model hierarchical relationships or com-
plex structural constraints. Therefore, the findings should be
interpreted as demonstrating the viability of masked encoder-
only completion within the evaluated regime, rather than
establishing scalability to deeper hierarchical modeling.

Failure cases reveal issues such as overlaps, duplications,
or missing elements under challenging masking conditions,
reflecting a structural trade-off between element completeness
and precise spatial alignment. This trade-off suggests that
incorporating additional structural constraints or relational rep-
resentations may further improve the balance between layout
completeness and spatial coherence in future work.
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