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ABSTRACT

UI/UX design quality plays a critical role in user satisfaction, accessibility, and product success. However,
detecting design anti-patterns such as inconsistent visual hierarchy, poor affordance, or misleading navigation
remains largely manual, subjective, and error-prone. This paper proposes a multimodal machine learning
framework that analyzes visual mockups, interaction flows, and textual design descriptions to automatically
identify Ul/UX anti-patterns. The system integrates computer vision models, layout-graph encoders, and text
language models to detect structural, visual, and semantic inconsistencies across screens. A multimodal fusion
model combines these signals to produce a consolidated anti-pattern risk score and label. We evaluate the
approach using a curated dataset of annotated Ul anti-patterns across mobile and web applications.
Experimental results show that multimodal learning significantly outperforms unimodal baselines, especially
for patterns requiring contextual or cross-screen reasoning. The findings highlight the potential of unified
multimodal ML pipelines in automating Ul/UX quality checks and supporting design governance.
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1. INTRODUCTION

The introduction establishes the importance of UI/UX quality in digital products and
positions the need for automated mechanisms to detect design flaws before they affect user
experience. As modern applications evolve quickly and design teams work across distributed
environments, ensuring consistency, usability, and accessibility has become increasingly difficult.
Manual design reviews, although valuable, cannot cope with the pace and scale of contemporary
development cycles. This section frames the research problem by explaining the limitations of
existing design evaluation methods and highlighting the potential of multimodal machine learning to
analyze Ul designs more comprehensively. By combining visual, structural, and textual cues,
multimodal ML systems offer a path toward automated identification of subtle and complex UI/UX
anti-patterns that humans may overlook or detect too late in the development cycle.

1.1. Background and Motivation

The rise of mobile applications, responsive web interfaces, and multi-platform digital
products has increased the complexity of Ul/UX design, making it essential for teams to maintain
clarity, accessibility, and consistency throughout their interfaces. Poor interface design can lead to
user confusion, increased cognitive load, task inefficiency, and ultimately abandonment of the
product. Traditionally, organizations rely on expert UX designers or heuristic evaluations to ensure
quality, but these approaches are subjective, time-consuming, and challenging to scale across
hundreds of screens or iterative design versions. As user expectations grow and updates become
more frequent, the need for automated, objective, and data-driven methods of identifying design
issues has become critical. This motivates the exploration of machine learning techniques capable of
scanning design artifacts and proactively identifying anti-patterns long before users encounter them.

1.2. Challenges in Detecting UI/UX Anti-Patterns

Detecting UI/UX anti-patterns is inherently challenging because such patterns span multiple
dimensions and often require contextual interpretation. Some anti-patterns are visual, such as
inconsistent spacing, misaligned elements, or insufficient contrast; others relate to interaction flow —
like dead ends or unexpected navigation—and cannot be fully understood by analyzing single
screens in isolation. Many anti-patterns involve textual components, where ambiguous microcopy,
misleading labels, or culturally inappropriate phrasing can significantly impact usability.
Furthermore, design files vary widely in layout structure, naming conventions, and visual styles,
making generalization difficult. Most automated approaches fail because UI/UX violations are not
merely pixel-level anomalies; they require understanding semantics, intent, and user expectations.
These challenges highlight the need for models that combine multiple data modalities and reason
about them jointly, rather than relying on isolated visual or textual cues.

1.3. Role of Multimodal ML Models

Multimodal machine learning models are uniquely positioned to address the complexities of
UI/UX anti-pattern detection because they integrate information from different modalities —visual
appearance, layout structure, and textual content—into a unified understanding of design quality.
Visual encoders help interpret the aesthetics, component shapes, colors, and layout density.
Structural encoders model hierarchical relationships, alignment patterns, and grouping of UI
elements. Textual encoders capture semantics of labels, instructions, warnings, and microcopy that
visually similar elements alone cannot convey. When fused together, these modalities enable deeper
cross-screen reasoning—for example, identifying whether a “Back” button behaves inconsistently
across screens or whether similar components use conflicting terminology. Multimodal fusion
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techniques such as cross-attention mechanisms allow the system to correlate visual cues with text or
spatial context, reflecting how human designers naturally analyze interfaces. Thus, multimodal ML
becomes a powerful and necessary approach for comprehensive and scalable UI/UX anti-pattern
detection.

1.4. Research Objectives and Contributions

The primary objective of this research is to design and validate a multimodal machine
learning framework that can automatically detect a wide range of Ul/UX anti-patterns in both mobile
and web interfaces. This involves establishing a clear taxonomy of anti-patterns, constructing a
multimodal architecture that integrates visual, structural, and textual features, and evaluating its
performance against traditional unimodal approaches. The paper contributes a novel dataset
annotation strategy tailored to design anti-patterns, an end-to-end pipeline for processing real-world
design artifacts, and experimental evidence demonstrating the superiority of multimodal learning for
design quality assessment. Additionally, the work provides insights into failure cases, discusses
ethical considerations such as explainability and bias, and outlines practical implications for
integrating such systems into design workflows, including automated design review tools and
continuous quality monitoring pipelines.

2. LITERATURE REVIEW

The literature review synthesizes research across human-computer interaction, computer
vision, natural language processing, and multimodal Al to establish the foundation for automated
UI/UX design evaluation. By examining established usability heuristics, advances in visual Ul
analysis, text understanding in interfaces, and multimodal learning methods, this section
demonstrates the interdisciplinary nature of the problem and clarifies the limitations of existing
solutions. This review identifies what has been accomplished so far, where gaps persist, and why
multimodal approaches are necessary for advancing the field.

2.1. UI/UX Anti-Patterns and Usability Heuristics

Research in HCI has long recognized recurring design mistakes, known as anti-patterns, that
negatively affect user interactions. These anti-patterns are grounded in frameworks like Nielsen’s
usability heuristics, Shneiderman’s eight golden rules, and the W3C accessibility guidelines, which
define principles such as consistency, error prevention, feedback, and visual clarity. Studies show
that anti-patterns—such as unclear affordances, overcrowded screens, inconsistent iconography,
misleading navigation, or inaccessible color combinations —have strong negative impacts on usability
and task success rates. These heuristics provide conceptual foundations for understanding what
constitutes poor design, but they are typically applied manually by experts. The literature indicates
that while heuristic-based evaluations are effective, translating them into computational rules for
automated detection remains challenging, especially because many anti-patterns are context-
dependent and require multimodal cues to identify accurately.

2.2. Vision-Based UI Analysis (Computer Vision, OCR, Layout Parsing)

Computer vision research has contributed significantly to analyzing UI screenshots and
design files by enabling automated detection of components, visual structures, and layout patterns.
Early approaches used handcrafted features to detect buttons, text fields, or icons, but recent
advances in deep learning — particularly convolutional neural networks and vision transformers—
have dramatically improved accuracy. Layout parsing models reconstruct design hierarchy by
identifying bounding boxes, alignment grids, grouping of elements, and visual balance. OCR
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technologies extract textual information embedded within UI components, enabling downstream
semantic analysis. However, vision-based methods alone struggle with deeper reasoning tasks, such
as understanding cross-screen behavior or interpreting ambiguous visual cues. Additionally, visual
similarity does not always reflect functional similarity, making it difficult to identify issues like
misleading labels or inconsistent affordances purely from pixels. The literature highlights the power
of CV in Ul analysis, but also its limitations when applied without additional modalities.

2.3. NLP for UI/UX (Textual Guidelines, Design Descriptions)

Natural language processing plays a crucial role in assessing the textual dimension of Ul
design, which includes button labels, tooltip descriptions, onboarding instructions, and microcopy.
Ambiguous, inconsistent, or culturally insensitive text can create serious usability issues, even when
the visual design is sound. NLP research in this domain explores semantic analysis, label-action
alignment, tone consistency, and readability metrics to evaluate the quality of interface text. Large
language models are increasingly used to interpret user instructions, map labels to intended actions,
and detect discrepancies between text and visual context. However, Ul text differs significantly from
typical natural language because it is short, domain-specific, and often extracted through imperfect
OCR processes. Existing NLP-based approaches struggle with aligning extracted text to visual
components, understanding the context across multiple screens, and detecting anti-patterns
stemming from subtle linguistic cues. This motivates combining NLP with visual and structural
modalities for more complete evaluation.

2.4. Multimodal Learning Frameworks

Multimodal learning integrates different data sources —such as images, text, graphs, speech,
and structured metadata—into unified models capable of richer and more contextual reasoning.
State-of-the-art multimodal architectures use attention mechanisms, cross-modal transformers,
graph-constrained encoders, and joint embedding spaces to fuse information across modalities. These
models have achieved breakthroughs in areas like visual question answering, document
understanding, scene-text recognition, and image-text retrieval by exploiting complementary cues.
For UI/UX analysis, multimodal frameworks align exceptionally well because interfaces inherently
combine multiple modalities: visual layout, textual semantics, interaction flow structure, and
sometimes even audio or haptic cues. Existing literature also emphasizes the strength of multimodal
fusion in overcoming modality-specific weaknesses, such as OCR errors or variant visual styles.
However, research applying multimodal learning to Ul design remains limited, highlighting an
opportunity to extend these powerful techniques into the domain of automated anti-pattern
detection.

2.5. Gaps in Existing Design Quality Assessment Tools

While several academic and industry tools exist for design analysis, they are fragmented,
limited in scope, and insufficient for comprehensive anti-pattern detection. Most tools focus on
surface-level checks like contrast ratios, alignment, or component categorization, without deeper
understanding of interaction flow, semantic intent, or cross-screen consistency. Many systems
operate on single screens, failing to capture contextual dependencies across a user journey. Existing
datasets are often small, domain-specific, and lack detailed anti-pattern annotations, restricting the
effectiveness of supervised learning methods. Additionally, very few tools provide explainable
outputs that help designers understand why a specific anti-pattern was detected or how to fix it.
There is a critical gap in holistic, scalable, multimodal systems capable of analyzing large and diverse
design repositories. This gap underscores the necessity of the proposed multimodal ML framework,
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which aims to unify visual, textual, and structural reasoning into a complete design evaluation
solution.

3. PROBLEM DEFINITION

The Problem Definition section frames what we mean by “detecting UI/UX anti-patterns” in
precise, actionable terms so the rest of the paper can refer to a well-specified task, the kinds of inputs
and outputs involved, and the constraints imposed by real-world design artifacts. At a high level, the
problem is to build a function that ingests one or more design artifacts — screenshots or rendered
mockups, element-level layout metadata and hierarchy (when available), and associated textual
materials such as microcopy, design notes, or user stories — and outputs a set of detected anti-
patterns with localization (which element/region/flow), confidence scores, and optional remediation
suggestions. Because anti-patterns can be multi-faceted (visual, interactional, and semantic) and often
depend on cross-screen context, the problem is naturally framed as a multimodal, multi-label
detection and localization task with an optional temporal/flow dimension. The formalization below,
along with detailed dataset and annotation requirements, makes it possible to train, evaluate, and
compare models in a reproducible way and to design architectures that explicitly address the real-
world complications of noisy OCR, inconsistent metadata, responsive layouts, and limited labeled
data.

3.1. Definition of UI/UX Anti-Patterns

For the purposes of this work an UI/UX anti-pattern is defined as a reproducible design
choice or configuration that degrades usability, accessibility, or user comprehension compared to
accepted heuristics and best practices; examples include misleading affordances (a control that looks
clickable but is not), inconsistent labeling across flows, poor visual hierarchy that obscures important
calls to action, insufficient color contrast that harms accessibility, and navigation dead-ends that
interrupt task flow. Importantly, this definition ties anti-patterns to measurable or at least observable
phenomena: an anti-pattern must be detectable from artifacts (pixels, layout, or text) and should be
annotatable by UX experts according to an operationalized guideline. This operational definition
emphasizes three properties: reproducibility (the pattern appears across instances or can be
consistently recognized by experts), impact (the pattern meaningfully affects user success, measured
via heuristics or empirical studies), and observability (the evidence for the pattern exists in the
available modalities). Framing anti-patterns this way allows us to create a taxonomy that supports
supervised learning and enables interpretable, actionable outputs for designers.

3.2. Scope of Anti-Patterns Considered (Visual, Interaction, Semantic)

The scope of anti-patterns targeted in this study intentionally spans three interdependent
dimensions —visual, interactional, and semantic —because real design problems often arise from the
confluence of these aspects rather than a single modality. Visual anti-patterns concern perceptual and
layout issues: misalignment, inconsistent spacing, overcrowding, poor contrast, and iconography
mismatches that confuse visual parsing. Interaction anti-patterns relate to behavior and flow, for
example controls that produce unexpected outcomes, absent affordances (missing signifiers for
interactive elements), or navigation flows with dead-ends and modal traps that interrupt task
completion; these often require cross-screen or sequence-level reasoning. Semantic anti-patterns
involve the textual or conceptual layer: ambiguous microcopy, conflicting terminology across
screens, missing or incorrect accessibility labels, and culturally or legally problematic phrasing. By
explicitly including all three dimensions, the system is designed to identify cases where, for instance,
visually acceptable layouts nevertheless fail because labels miscommunicate function, or where

Multimodal ML Models for Detecting Anti-Patterns in Ul/UX Designs
Sithik Shah & Nickson prabhu
5



A
WQRGh ISSN: 3071-561X
PP: 01-19.

consistent text is present but a broken flow undermines usability. This unified scope requires
multimodal analysis and motivates dataset labels that encode modality, severity, and flow context.

3.3. Formal Problem Formulation

Formally, let each design artifact instance be represented as x=(LL,T,F)x = (I, L, T,
F)x=(LL,T,F) where III is the rendered image (screenshot or mockup), LLL is structured layout
metadata (element bounding boxes, types, hierarchical grouping) when available, TTT is textual
content associated with the screen (OCR outputs, microcopy, alt text, and design notes), and FFF is
optional flow/contextual metadata linking screens into sequences or user journeys. The objective is to
learn a function f0:(LL,TF)—Yf \theta: (I, L, T, F) \rightarrow \mathcal{Y}{0:(IL,T,F)—Y
parameterized by 0\thetaO, where Y\mathcal{Y}Y is a set of outputs including multi-label anti-
pattern indicators y€{0,1}Ky \in \{0,1\}"'Ky€{0,1}K for KKK anti-pattern classes, localization maps
MMM that map detected labels to elements or pixel regions, severity scores s€[0,1]Ks \in
[0,1]*Ks€[0,1]K, and optional remediation suggestions rrr. The learning problem can be cast as multi-
task optimization with a composite loss L=AclsLcls+AlocLloc+AsevLsev+AauxLaux \mathcal{L} =
\lambda_{cls}\ mathcal{L}_{cls} + \lambda_{loc}\ mathcal{L}_{loc} +
\lambda_{sev}\ mathcal{L}_{sev} + \lambda_{aux}\ mathcal{L}_{aux}L=AclsLcls+AlocLloct+AsevLsev
+AauxLaux, combining a multi-label classification loss (e.g., binary cross-entropy per class), a
localization loss (e.g., IoU or focal loss for element-level predictions), a regression loss for severity,
and auxiliary losses such as contrastive alignment between modalities. Because anti-patterns are
often sparse and labels imbalanced, the formulation further supports hierarchical labels, cost-
sensitive weighting, and semi-supervised extensions where pseudo-labels or weak supervision from
heuristics (e.g., WCAG contrast checks) augment scarce expert annotations.

3.4. Dataset Requirements and Annotation Schema

A robust dataset for this problem must contain diverse, high-quality examples that cover
platforms (mobile and web), form factors (different screen sizes), visual styles (themes, brands), and
realistic interaction flows. Each instance should include the rendered image III, a parsed or extracted
layout LLL if available or derivable, OCR-extracted text plus original microcopy TTT when possible,
flow IDs FFF linking related screens, and ground-truth annotations: multi-label anti-pattern tags,
element-level bounding boxes or masks for localized issues, severity ratings, and textual rationales or
remediation notes provided by UX experts. The annotation schema should define each anti-pattern
precisely with positive and negative examples, annotator instructions, and edge cases; it should
record annotator confidence and inter-annotator agreement metrics (Cohen’s kappa, Krippendorff’s
alpha) to quantify label reliability. To mitigate labeling cost and bias, dataset construction should
combine expert labeling with weak supervision from automated heuristics, synthetic perturbations
(e.g., deliberately degrading contrast or renaming labels to create ambiguous microcopy), and active
learning loops that surface the most informative samples to human annotators. Finally, metadata
such as device type, locale, and theme should be retained to allow analysis of model generalization
and fairness across different contexts.

4. SYSTEM ARCHITECTURE

This section describes a practical, end-to-end system architecture that implements the formal
problem statement: a modular multimodal pipeline that extracts modality-specific features,
constructs structured representations, fuses signals across modes, and performs classification and
localization to detect anti-patterns. The architecture emphasizes robustness to noisy inputs (imperfect
OCR, missing layout metadata), interpretability (attention maps, element-level outputs), and
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deployability (scalable encoders, plugins for design tools). Each component is designed to be
replaceable — for example, swapping a vision transformer for a newer image encoder — while
interfaces between modules (element descriptors, token alignment conventions, and graph schemas)
remain stable to simplify integration with design systems and datasets.

4.1. Overview of Proposed Multimodal Pipeline

The proposed multimodal pipeline begins by ingesting raw design artifacts — images, design
JSON/AST exports (when available), and any supplemental text or flow metadata — and then
processes each modality with specialized encoders to produce modality-specific embeddings. A
visual encoder produces spatial feature maps and object proposals; a layout parser converts files into
an element graph representation with node attributes (type, bounding box, style features); an OCR +
text encoder yields token embeddings augmented with positional alignment to Ul elements; and a
flow processor encodes temporal relationships between consecutive screens. These modality
embeddings are normalized and optionally projected into a shared latent space before entering a
fusion module that performs cross-modal attention and alignment to create a joint representation.
The joint representation feeds downstream heads for multi-label classification, element localisation,
severity estimation, and natural language remediation generation. Along the pipeline, interpretability
artifacts (attention maps, top contributing tokens/elements) and heuristic checks (WCAG contrast,
clickability rules) are computed to support explanations and fallback signal sources for safety and
explainability.

4.2. Visual Feature Extraction

The visual feature extraction block is responsible for converting raw pixels into structured,
spatially aware features that represent aesthetic, compositional, and component-level signals useful
for detecting visual anti-patterns. This block typically produces a dense feature map along with
region proposals or segmented component masks and integrates with downstream modules through
element-aligned embeddings.

4.2.1. Cnns / Vision Transformers for Mockup Understanding

Deep convolutional neural networks and vision transformers provide complementary tools
for learning image features from Ul mockups: CNNs capture local texture and edge patterns
effectively and remain efficient for many deployment targets, while vision transformers (ViTs) model
long-range dependencies and layout cues through self-attention across image patches. For UI tasks,
ViTs can be particularly effective at encoding global layout relationships and style coherence, because
they do not impose a strong locality bias and can attend to distant regions (e.g., comparing header
labels with footer controls). Pretraining on generic image datasets followed by fine-tuning on Ul-
specific corpora (or using contrastive pretraining with synthetic Ul augmentations) yields feature
extractors that are robust to theme and style variation. The visual encoder outputs spatial tokens or
feature maps that can be aligned to detected UI elements (via bounding box pooling) for element-
level reasoning and to supply inputs to the fusion layer.

4.2.2. Ul Element Detection and OCR

Accurate detection of Ul elements and extraction of their textual content is critical for
localizing anti-patterns and aligning visual and semantic signals. This subsystem combines object
detection/segmentation models tuned to UI components (buttons, icons, inputs, nav bars) with OCR
systems optimized for Ul fonts and small text sizes. The element detector produces bounding boxes,
element types, and confidence scores, while OCR returns token-level transcripts with bounding boxes
and confidence. A matching module aligns OCR tokens to detected elements using spatial overlap
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heuristics and learned alignment scorers to create element descriptors that include visual embedding,
textual tokens, style attributes (color, font, size), and metadata (clickable, disabled). Special handling
is necessary for compound patterns like icon+label buttons and for extracting contextual text such as
error messages or tooltips that may appear near but outside element boxes.

4.3. Structural/Layout Feature Modeling

After extracting visual elements, the system constructs structured representations that encode
spatial relations, hierarchy, and grouping — information that is essential for identifying layout anti-
patterns such as inconsistent hierarchy, misalignment across screens, and spacing violations.

4.3.1. Layout Graph Construction

Layout graph construction formalizes the screen’s spatial and semantic structure as a graph
G=(V,E)G=(V,E)G=(V,E) where nodes VVV correspond to detected Ul elements and edges EEE
encode relationships such as parent-child hierarchy (e.g., container membership), adjacency,
alignment, z-order, and semantic linkages (e.g., label—>control pairing). Node attributes include
element type, visual embedding, textual tokens, bounding box geometry, and style metadata; edge
attributes capture relation type and geometric metrics (distance, overlap, alignment vectors). The
graph can be enriched with cross-screen edges linking semantically equivalent elements across flows
(e.g., persistent navigation bars) to enable flow-level reasoning. Constructing this graph robustly
from noisy detections requires rules and learned heuristics for grouping, as well as fallback
mechanisms when design metadata (like a Figma AST) is unavailable.

4.3.2. Graph Neural Networks (Gnns) for Hierarchy & Spacing Analysis

Graph neural networks operate over the layout graph to propagate contextual information,
allowing the model to reason about an element in the context of nearby nodes and overall screen
structure. GNN message-passing layers aggregate neighbor attributes so the representation of a node
reflects local spacing, alignment, and hierarchical role (e.g., whether it is a header or a tertiary action).
By stacking multiple layers the network captures both immediate relations and higher-order patterns
such as repeated misalignment across a region or inconsistent spacing patterns indicative of an anti-
pattern. Special attention mechanisms or relation-aware message functions can weight different edge
types, enabling the model to treat label—control relations differently from adjacency edges. GNN
outputs are used both for per-element classification (is this element affected by an anti-pattern?) and
for higher-level diagnostics that consider groups of nodes (e.g., card collections with inconsistent
card header treatments).

4.4. Textual Feature Processing

Textual processing addresses the microcopy and design prose that frequently determine
whether an element’s affordance is clear or misleading, and it must accommodate noisy OCR
outputs, terse Ul text, and supplemental desigh documents.

4.4.1. Llms for Instruction & Description Parsing

Large language models (LLMs) or smaller transformer-based encoders are used to parse
design notes, user stories, and extracted microcopy to infer intent, detect ambiguous phrasing, and
map language to functional concepts. Fine-tuning or prompting strategies allow LLMs to classify text
into intent categories (e.g., label denotes action vs. label denotes status), detect tone or complexity
issues, and produce paraphrases or suggested rewrites. Because Ul text is often very short, the textual
encoder benefits from contextual augmentation (concatenating surrounding labels or screen titles)
and from token-level alignment to OCR bounding boxes so that text representations can be grounded
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in spatial regions. To reduce hallucination risk when generating remediation text, LLM outputs
should be constrained by templates or corroborated with visual cues.

4.4.2. Semantic Consistency Checks

Semantic consistency checks compare textual meaning within a screen and across related
screens to find contradictions, inconsistent naming, or ambiguous terms—problems that are not
detectable by visual analysis alone. Methods include computing semantic similarity between labels
and canonical design system names, clustering synonyms to detect inconsistent terminology, and
alignment with task descriptions to ensure labels map sensibly to expected user actions. The system
also runs rule-based checks for accessibility text, such as verifying presence and correctness of alt text
for images. These checks can operate as supervised classifiers trained on labeled inconsistencies or as
contrastive modules that flag outliers in embedding space; importantly, they provide high-level
explanations (e.g., “button label ‘Buy” used for both adding to cart and completing checkout”) that
designers can act on.

4.5. Multimodal Fusion Layer

The fusion layer is where modality-specific embeddings are combined into a coherent, joint
representation that allows the model to detect anti-patterns that require cross-modal evidence. This
layer is central to the system’s ability to reconcile noisy OCR, ambiguous visual cues, and structural
relations.

4.5.1. Early vs. Late Fusion

Design choices for fusion typically lie on a spectrum between early fusion—projecting
modality embeddings into a shared latent space and jointly encoding them from the outset —and late
fusion —processing each modality independently and combining predictions or logits at the end.
Early fusion allows cross-modal interaction during representation learning and can capture subtle
correspondences (e.g., how a label’s semantics modulate the interpretation of a nearby control’s
visual affordance), but it is more sensitive to missing modalities and computationally heavier. Late
fusion is modular and robust to missing inputs but may miss fine-grained cross-modal
interdependencies. A hybrid approach that performs modality-specific encoding followed by
iterative cross-modal attention blocks often balances these tradeoffs by allowing strong within-
modality processing before enabling rich cross-modal interactions.

4.5.2. Cross-Attention Fusion Model

A cross-attention fusion model implements the hybrid approach: modality encoders produce
tokenized representations (image patches or element tokens, layout graph node embeddings, and
textual tokens), and a transformer-style cross-attention module performs multi-head attention across
these token sets to create aligned, context-aware embeddings. Positional encodings are defined per
modality (2D spatial encodings for image/element tokens, hierarchical encodings for graph nodes,
and sequential encodings for text tokens) and are crucial for grounding. Cross-attention allows the
model to learn that certain text tokens should attend primarily to specific element tokens (e.g., an
error message token aligning with a form field) while layout tokens can modulate attention weights
based on spacing and containment. The fusion module also includes alignment losses (contrastive or
InfoNCE) during training to encourage tokens that correspond across modalities to have similar
representations, which improves robustness to OCR noise and visual variability.
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4.6. Classification and Anti-Pattern Detection Module

The final module consumes the fused, joint representation and produces actionable outputs:
multi-label anti-pattern predictions, localized element-level labels, severity estimates, and candidate
remediation text. Architecturally this module consists of specialized heads: a multi-label classification
head operating on pooled screen or flow embeddings for global anti-patterns; an element-level
classifier using graph-augmented element embeddings for localized issues; a regression head for
severity scoring; and a sequence-to-sequence head (optionally constrained by templates) for
generating remediation suggestions. Postprocessing applies thresholding policies calibrated on
validation data, aggregates detections across flows to avoid redundant reports, and enriches outputs
with interpretability artifacts such as attention-based heatmaps or top contributing tokens/elements.
For deployment, the module supports rule-based overrides (e.g., do not flag branded deviations
when a design system override is signed off) and provides confidence-based routing for human
review. Evaluation uses metrics appropriate to each subtask: mean average precision for multi-label
detection, IoU/F1 for localization, and calibrated regression metrics for severity; user studies with
designers measure usefulness and actionability of remediation suggestions.

5. DATASET PREPARATION

A carefully constructed dataset is foundational for training and evaluating multimodal
models for UI/UX anti-pattern detection; this section explains where we collect artifacts, how we ask
experts to label them, what statistics we compute to describe dataset coverage, and how we
preprocess raw artifacts into model-ready inputs. The goal is to produce a dataset that is diverse
across platforms, faithful to real-world design variability, richly annotated with modality-aligned
labels and localizations, and documented so that experiments are reproducible and analyses of
generalization and bias are possible.

5.1. Data Sources (Figma, Adobe XD, Real Apps)

To capture realistic Ul design variability the dataset combines artifacts from multiple
complementary sources: exported screens and component metadata from design tools such as Figma
and Adobe XD, screenshots and interaction traces from production mobile and web applications, and
synthetic variants generated by programmatic perturbations of canonical templates. Design-tool
exports are especially valuable because they frequently include structured metadata (layers,
component trees, style tokens, and prototype links) that make element-level alignment and exact
localization trivial.

Production screenshots capture real-world noise —diverse device form factors, localization
differences, and brand-specific styling—that is essential for robust generalization. Synthetic data is
used intentionally to expand rare anti-pattern classes (e.g., deliberately created contrast failures or
ambiguous microcopy) and to support controlled ablation studies. All data collection respects
licensing and privacy constraints: proprietary app screenshots are included only with explicit
permissions or using public domain apps, personal data are redacted, and a dataset manifest records
provenance, licensing, locale, and device metadata for each instance.

Table 1: Dataset Preparation Overview
Section Description
Data Sources Dataset collected from Figma community files, Adobe XD templates, and screenshots of real
mobile & web applications. Includes design mockups, wireframes, interactive prototypes,
and production Ul screens.

Annotation Anti-patterns annotated manually by UI/UX experts using a predefined taxonomy covering
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Guidelines visual, interaction, and semantic issues. Each screen labeled with anti-pattern type, severity,
bounding boxes (for visual issues), and cross-screen relationships where required.
Dataset Dataset contains total screens, number of annotated anti-patterns, class distribution, average
Statistics elements per screen, and proportion of multimodal features (text, layout metadata,
interactions). Includes count of mobile vs. web screens.
Preprocessing Preprocessing involves image normalization, OCR text extraction, layout tree generation,
Pipelines segmentation of Ul components, text cleaning, and conversion of screens into multimodal

feature bundles (vision, graph, text).

5.2. Annotation Guidelines for Anti-Patterns

Annotation guidelines translate the conceptual taxonomy of anti-patterns into concrete
instructions that enable reproducible expert labeling. Each anti-pattern is defined with a short
description, positive and negative examples, edge cases, and explicit rules for localization (which
pixels or which element(s) to tag), severity scoring conventions, and recommended remediation text
templates. Annotators are typically UX professionals or trained raters who undergo a calibration
phase where they label practice screens and receive feedback until inter-annotator agreement reaches
an acceptable threshold. An annotation interface presents the rendered screen, allows element-level
selection (via bounding box or by linked metadata), captures free-text rationales, and records
annotator confidence. To improve label quality and reduce bias, each screen is labeled by multiple
annotators with majority-vote aggregation and adjudication for disagreements; the schema also
includes “uncertain” or “context required” tags for cases where flow or backend behavior is needed
to decide. The guidelines explicitly instruct annotators on handling localization or branding
exceptions and include procedures for flagging novel patterns so the taxonomy can evolve iteratively.

5.3. Dataset Statistics

Comprehensive dataset statistics both describe the dataset and help diagnose model
performance and generalization issues. The statistics should report counts of screens, distinct flows,
and unique apps/design files; distribution of device types and screen sizes; modality coverage
(percentage of artifacts with design metadata, OCR success rates); class-wise counts for each anti-
pattern and the multi-label co-occurrence matrix; average number of Ul elements per screen and
distribution of element types; and annotation quality metrics such as inter-annotator agreement
(Cohen’s kappa or Krippendorff’s alpha) per label. In addition, provide splits for training, validation,
and test that are stratified by app and anti-pattern prevalence to avoid leakage of flow-specific
patterns. Visualizations—histograms of label frequency, heatmaps of element count vs. anti-pattern
incidence, and sample screens for each anti-pattern class—are useful for readers to understand
dataset breadth and class imbalance, and these statistics underpin choices in loss weighting, sampling
strategies, and evaluation protocols.

5.4. Preprocessing Pipelines

The preprocessing pipeline converts raw artifacts into the standardized inputs required by
each modality encoder while preserving alignment information for later fusion. For images this
includes normalization, resizing or multi-scale tiling that maintains aspect ratio, and optional
contrast and color augmentation for robustness. When design ASTs or JSON exports are available,
parsers extract element bounding boxes, type tags, style tokens, and parent-child hierarchies into a
canonical element schema; otherwise, an element detection stage produces element proposals that are
reconciled with OCR tokens. OCR text is cleaned (Unicode normalization, removal of Ul-specific
punctuation artifacts, and heuristic fixes for common OCR errors) and tokenized with offsets aligned
to bounding boxes. For layout graphs, geometric features are normalized to a canonical coordinate
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system per device class and enriched with computed metrics (relative spacing, z-order indices, and
alignment vectors). During preprocessing we also compute auxiliary heuristic signals (WCAG
contrast ratios, touch-target size checks, and link destination heuristics) that serve as weak labels or
auxiliary inputs. All preprocessing steps are deterministic and logged with versioned code and
random seeds so that dataset artifacts are reproducible; a manifest for each processed instance lists
derived files, preprocessing parameters, and any errors encountered.

6. EXPERIMENTAL SETUP

The experimental setup defines how models are trained, what baselines they are compared to,
which evaluation metrics are used to assess performance, and the computational environment used
to produce the results; careful design here ensures that reported improvements are robust,
statistically meaningful, and reproducible by other researchers or practitioners.

6.1. Evaluation Metrics

Because the task is multimodal and multi-objective, evaluation combines metrics appropriate
to different subtasks. For multi-label anti-pattern detection use average precision (AP) per class and
mean average precision (mAP) across classes, in addition to precision, recall, and F1 at selected
confidence thresholds to reflect precision-oriented or recall-oriented deployment needs. For
localization report IoU-based metrics (mean IoU, element-level AP with IoU thresholds) and F1 for
bounding-box matches, and evaluate severity regression with mean absolute error (MAE) and
calibration metrics (e.g., expected calibration error) to ensure severity scores are interpretable. For
flow-level anti-patterns aggregate per-screen detections into sequence-level precision/recall and
measure temporal consistency (e.g., false positive bursts across successive screens). Complement
automatic metrics with human-centered evaluations: run designer studies where UX practitioners
judge the usefulness and actionability of top-k model suggestions and measure time-to-fix
improvements or perceived helpfulness on a Likert scale. Statistical significance testing (bootstrap or
paired t-tests on matched samples) should be used when comparing models.

6.2. Baseline Models

Baseline models provide a spectrum of comparisons to validate the contribution of each
modality and of the fusion strategy. Include unimodal baselines such as vision-only encoders (CNN
or ViT fine-tuned on UI images), text-only models (transformers trained on OCR and microcopy),
and layout-only graph models (GNNs on constructed layout graphs). Add simple multimodal
baselines: early concatenation of pooled modality embeddings followed by an MLP, and late-fusion
ensembles that average modality logits. Also include rule-based heuristics derived from established
guidelines (contrast checks, minimum touch targets, simple text heuristics) to measure how much
learned models surpass deterministic checks. Where possible, reimplement or adapt relevant prior
works (e.g., component detectors, document-VQA models) repurposed to the anti-pattern labels so
comparisons are fair and informative. Ablation studies should systematically remove or replace
components (e.g., no cross-attention, no layout graph) to isolate their contributions.

Table 2: Experimental Setup Overview
Section Description
Evaluation Metrics Metrics include accuracy, precision, recall, F1-score, class-wise AUC, and mean
Intersection-over-Union (mloU) for bounding-box-based visual anti-patterns.
Multimodal fusion quality evaluated using cross-modal alignment scores.

Baseline Models Baseline comparisons include vision-only CNN/ Vit models, text-only BERT-based
classifiers, and graph-only GNNs for layout analysis. Industry heuristics (Nielsen,
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WCAG rules) included as non-ML baselines.

Training Setup & Training uses batch size, learning rate scheduler, optimizer (AdamW), early stopping,
Hyperparameters and regularization parameters. Fusion architecture hyperparameters include hidden
dimension sizes, cross-attention heads, and dropout rates.
Hardware & Software Experiments performed on GPUs (e.g., NVIDIA A100/RTX 4090) with
Environment PyTorch/TensorFlow, CUDA, and standard ML toolkits. Dataset stored in cloud

storage; training executed on Linux-based servers.

6.3. Training Setup and Hyperparameters

Training follows best practices for multimodal learning but is tuned for the dataset’s
characteristics. Use stratified splits to prevent flow leakage, and implement class-imbalanced
sampling or loss weighting (e.g., focal loss or per-class reweighting) to handle rare anti-patterns.
Typical optimization uses AdamW with weight decay, an initial learning rate in the range le-4-5e-5
for large pretrained encoders and higher rates for randomly initialized heads, and cosine annealing
or step decay schedules; gradient clipping and mixed-precision training improve stability and
throughput. Batch sizes depend on GPU memory; use gradient accumulation for large models.
Regularization techniques—dropout in MLP heads, stochastic depth in vision encoders, and data
augmentation such as color jitter, random crops, and synthetic label perturbations—help
generalization. Fusion modules may require carefully tuned loss weightings (A\\lambdaAs from the
formal formulation) determined by validation performance. Run multiple random seeds to estimate
variance and report mean and standard deviation for primary metrics. For generation of remediation
text, constrain sequence length and use teacher forcing schedules, while validating generated outputs
with constrained metrics (BLEU, ROUGE) and human evaluation to avoid hallucination.

6.4. Hardware and Software Environment

Experiments should report the compute environment in sufficient detail to enable
reproducibility. Typical setups use one or more NVIDIA GPUs (e.g., A100, V100, or RTX 30/40 series)
with CUDA and cuDNN versions noted, or cloud instances with equivalent accelerators. Software
stacks include a recent stable PyTorch or TensorFlow release, Hugging Face Transformers for text
and cross-attention modules, and libraries for GNNs (DGL or PyTorch Geometric). Containerization
via Docker with a pinned dependency manifest and random seed control ensures identical
environments across runs. Log training and evaluation artifacts with experiment tracking tools (e.g.,
Weights & Biases or MLflow), store model checkpoints and preprocessing artifacts in versioned
storage, and provide a reproducible setup script and a sample subset of processed data for the
community. Finally, document inference latency and model size for deployment considerations and
report energy or cost proxies if relevant, since practical integration into design tools demands
attention to runtime constraints and resource budgets.

7. RESULTS AND ANALYSIS

7.1. Model Performance Comparisons
We begin the results by presenting a comprehensive comparison between the proposed
multimodal model and the baselines across the evaluation suite, reporting class-wise Average
Precision (AP), mean Average Precision (mAP), element-level IoU, severity MAE, and human-
centered utility scores. The multimodal model should show consistent gains in mAP over vision-
only, text-only, and layout-only models, with the largest relative improvements on anti-patterns that
require cross-modal reasoning (for example, misleading affordances where text and visual affordance
conflict). Beyond aggregate numbers, the results section interprets where improvements come from:
cross-attention fusion reduces OCR-driven false positives by grounding ambiguous tokens to their
Multimodal ML Models for Detecting Anti-Patterns in Ul/UX Designs
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visual elements, while the graph module improves detection of layout-level issues by contextualizing
spacing and alignment. We also report calibration and confidence-coverage curves so readers can
understand how well confidence scores align with true precision—an important consideration for
triaging model outputs in a design review workflow. Finally, performance is broken down by dataset
slices (mobile vs. web, high-density vs. sparse screens, presence vs. absence of design metadata) to
show where the model generalizes well and where performance degrades, informing practical
deployment trade-offs.

7.2. Ablation Study (text-only, vision-only, graph-only)

The ablation study isolates the contribution of each modality and architectural choice by
training variants of the system that remove or modify components, and then comparing their
performance on identical evaluation splits. Vision-only models typically perform well on purely
visual anti-patterns—such as contrast or spacing problems—but fail on semantic issues like
inconsistent labels; text-only models detect ambiguous microcopy but lack precise localization and
are vulnerable to OCR noise; layout-only GNN models excel at relational issues (e.g., misalignment
across groups) but miss semantics entirely. Removing cross-attention and replacing it with late fusion
demonstrates the importance of early cross-modal interactions: late fusion often underperforms on
anti-patterns that require tight alignment between text and a particular visual token. The ablation
further examines internal design choices —such as whether to include cross-screen edges in the layout
graph or the effect of contrastive alignment losses —and quantifies the incremental gains from each.
Reporting these ablations with confidence intervals and paired significance tests provides robust
evidence that the multimodal fusion and graph reasoning components meaningfully improve
detection beyond what can be achieved by simpler ensembles or heuristics.

7.3. Case Studies of Detected Anti-Patterns

To illustrate the model’s practical value, the results include several in-depth case studies
showing real examples where the system detected anti-patterns, how the model’s attention and
localization pinpoint the issue, and what remediation would look like. Each case study pairs a screen
(or flow) with the model’s predictions, an attention heatmap or element-level scores that explain the
detection, and the ground-truth label and annotator rationale; for example, a mobile checkout flow
where “Place Order” is used inconsistently across screens is shown alongside the model’s cross-
modal attention linking the differing labels to the same action element. These narrative examples
highlight nuanced capabilities—such as detecting a visually subtle insufficient hit-target when
microcopy suggests an interactive affordance, or surfacing a cross-screen navigation dead-end that
emerges only when flow context is considered. Case studies also show failure and partial-success
modes, where the model proposes a plausible remediation that requires minor human judgement,
which is valuable for understanding how the model is likely to be used in a human-in-the-loop
setting. Collectively, the case studies demonstrate not only quantitative improvements but how
automated detections translate into designer-facing diagnostics and prioritized fix lists.

7.4. Error Analysis and Model Limitations

A candid error analysis examines common failure modes revealed by qualitative review and
by inspecting false positives and false negatives. Typical errors include OCR failures that corrupt
short microcopy tokens and mislead the text encoder, false alarms on brand- or theme-driven
deviations that are intentional rather than anti-patterns, and missed detections where dynamic
behavior (e.g., hover states, animations, or backend-driven content changes) is required to expose the
issue but is absent from static artifacts. The analysis also uncovers dataset-driven limitations such as
class imbalance —rare but impactful anti-patterns receive fewer training examples —and domain shift
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problems when the model encounters novel visual languages or low-resource locales. From an
architectural perspective, fused models sometimes overfit spurious correlations (for instance,
associating a particular color palette with a label) that require stronger regularization or metadata
conditioning. This section concludes by discussing mitigation strategies —improving OCR
preprocessing, incorporating behavioral traces or short interaction recordings, augmenting rare
classes with synthetic or active-learned examples, and integrating human-in-the-loop verification —to
make the system more robust and to set realistic expectations for practitioners.

8. APPLICATIONS

8.1. Automated Design Review for UI/UX Teams

Automated design review uses the model to provide continuous, scalable feedback during the
design process, catching anti-patterns early in mockups and prototypes and reducing the number of
usability defects that reach implementation. Integrated as a cloud service or plugin, the system can
run checks on each design iteration and produce prioritized reports listing detected anti-patterns,
localized highlights, severity estimates, and suggested remediations —freeing designers to focus on
higher-level tradeoffs while routine checks are handled automatically. The output can be tailored to
team workflows: for junior designers, more prescriptive suggestions; for senior reviews, concise flags
with evidence and optional remediation templates. By surfacing cross-screen inconsistencies and
flow-level issues, the automated review helps product teams maintain coherent interaction models
across releases and saves time in design critiques, while audit trails of historical checks support
governance and accountability for large product portfolios.

8.2. Integration with Figma/Sketch Plugins

Practical adoption is accelerated by tight integration with popular design tools like Figma and
Sketch, where plugins can call the detection pipeline directly on selected frames or entire prototypes
and return inline annotations and comments. Such integration leverages design metadata
(component names, variant IDs, style tokens) when available to improve localization and reduce false
positives; it also allows bi-directional workflows where designers can accept, dismiss, or refine model
suggestions and those decisions are fed back to improve the model via active learning. In-tool visual
overlays—bounding boxes, heatmaps, and suggested copy replacements—make the diagnostics
immediately actionable within the designer’s context, minimizing friction. Plugins can also embed
checks into design linting workflows or pre-merge gates for design systems, ensuring that
component libraries remain consistent and that downstream engineering handoffs receive screens
that meet baseline usability standards.

8.3. Design Quality Governance in Enterprise Systems

At the enterprise scale, the model becomes part of design quality governance: scheduled
audits of vast design repositories, automated enforcement of design-system compliance, and
monitoring of accessibility obligations across products and locales. Aggregated analytics —such as
per-team anti-pattern prevalence, trend lines over time, and heatmaps of recurring issues —enable
managers and UX leads to prioritize training, allocate design resources, and identify systemic failures
in component libraries or documentation. Compliance features can automatically flag high-severity
accessibility violations for escalation and generate exportable reports for regulatory or legal review.
Careful attention to permissions, explainability, and exceptions management (e.g., signed-brand
deviations) is required so governance tools add value without micromanaging legitimate design
choices.
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8.4. Usability Testing Augmentation

The model can augment traditional usability testing by pre-filtering prototypes to prioritize
sessions on high-risk flows and by enriching test analysis with automated tag suggestions and
localized failure hypotheses. For instance, rather than running broad usability studies, researchers
can use the tool to identify screens with predicted navigation dead-ends or ambiguous affordances
and focus participant testing on those hotspots, increasing the efficiency of user studies. During or
after sessions, the tool’s detections can be correlated with observed user errors and subjective
feedback to accelerate root-cause analysis and to validate the model’s predictions, creating a virtuous
loop where empirical user data refines the model and the model improves study design. This synergy
reduces test scope, shortens iteration cycles, and helps translate automated findings into measurable
user outcomes.

9. DISCUSSION

The discussion synthesizes the empirical findings and technical design choices presented
earlier, reflecting on what the results imply for both research and practice. It situates the strengths
and limitations of the multimodal approach in the broader context of Ul/UX tooling, highlights
engineering and human-centered trade-offs that emerged during experiments, and connects the
technical insights to the social and organizational realities of deploying automated design evaluation.
Rather than merely summarizing results, this section interrogates why the multimodal pipeline
performed as it did, which components contributed most to practical value, and what unresolved
questions remain that should shape future work and cautious, responsible adoption.

9.1. Strengths of Multimodal Models

Multimodal models excel because they replicate the holistic reasoning humans perform when
evaluating designs: they jointly consider how a control looks, where it sits, and what its label says,
enabling detections that no single modality could reliably flag. Empirically, the fusion of visual
encodings, layout graphs, and text representations reduces false positives caused by noisy OCR or by
purely pixel-based heuristics, and it significantly improves detection of anti-patterns that hinge on
cross-modal inconsistency —such as a visually button-like element whose text contradicts its expected
action. Architecturally, multimodal fusion also provides redundancy: when one modality is missing
or low-quality (e.g., absent design metadata or poor OCR), other signals can compensate, producing
graceful degradation rather than catastrophic failure. From a usability standpoint, the joint
representations enable richer, more actionable outputs—localized explanations, severity estimates
grounded in concrete elements, and guided remediation text—making the model’s insights more
immediately useful to designers and product teams.

9.2. Challenges in Real-World Deployment

Translating a research prototype into a tool used day-to-day by design teams uncovers
nontrivial challenges that extend beyond model accuracy. First, input heterogeneity is vast:
production screenshots, internationalized text, custom component libraries, and interactive states
(hover, focus, animation) complicate inference from static artifacts. Second, performance and latency
constraints matter — plugins and CI checks must be responsive, which pressures teams to trade model
complexity for inference speed or to introduce tiered checks (fast heuristics + occasional deep
analysis). Third, data governance and privacy must be handled carefully when scanning proprietary
design files or production screenshots, necessitating robust access controls, redaction pipelines, and
explicit consent. Fourth, achieving steady-state quality requires continuous data curation and
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monitoring to address concept drift as design languages evolve. Finally, social adoption barriers —
designer trust, false-positive fatigue, and organizational incentives —require careful UX for the tool
itself: clear explanations, actionable suggestions, and easy ways for users to correct or opt out of
automated flags.

9.3. Interpretability Concerns

Interpretability is central to designer acceptance and to safely operationalizing automated
evaluations. Multimodal models, especially those built from deep transformers and GNNSs, can be
opaque, making it hard for practitioners to understand why a particular anti-pattern was flagged.
While attention maps, element-level scores, and contrastive alignment signals provide helpful
surface-level explanations, they do not always expose causal reasoning and can be misleading if
presented without context. There is therefore a need for multi-layered interpretability: local evidence
(highlighted elements and contributing tokens), model-level summaries (which modalities and
relations were decisive), and human-readable rationales that tie detections back to established
heuristics (e.g., “contrast ratio 2.8 — below WCAG AA threshold”). Additionally, explanation
interfaces should support rapid human verification and override, and the system should track
disagreement patterns between model outputs and human decisions to improve both the model and
the explanation mechanisms. Finally, researchers must beware of explanation faithfulness: offering
plausible-sounding explanations that are not causally linked to model decisions undermines trust
and can produce unhelpful remediation.

9.4. Ethical Considerations in Automated Design Evaluation

Automating design critique brings several ethical considerations that must be proactively
addressed. First, bias can arise in training data—if the dataset over-represents a particular visual
language, locale, or demographic, the model may unduly penalize culturally specific design
conventions or propagate accessibility oversights for underrepresented users. Second, over-reliance
on automated tools risks suppressing minority design perspectives or creative deviations that
intentionally break conventions for valid reasons; governance flows must therefore allow human
judgment and documented exceptions. Third, privacy concerns are paramount when analyzing user-
facing screens that may contain personal or sensitive data; logging, storage, and sharing of artifacts
must comply with data protection norms and minimize retention of identifiable information. Fourth,
algorithmic accountability demands audit trails and transparency about model limitations so teams
can make informed decisions about where and how to apply automated checks. Finally, the potential
for misuse —such as weaponizing automated critiques to enforce a single corporate aesthetic or to
censor content —necessitates guardrails, role-based permissions, and ethical review processes as part
of any deployment plan.

10. CONCLUSION AND FUTURE WORK

The conclusion reiterates the main achievements of the study, reflects on the broader
significance for automating aspects of design practice, and lays out concrete, prioritized directions for
future research that would address outstanding technical gaps and practical deployment challenges.
It aims to close the narrative loop by connecting the original motivations to the empirical findings
and by offering a roadmap for researchers and practitioners who wish to build on this work.

10.1. Summary of Contributions
This paper presented a comprehensive multimodal framework for detecting Ul/UX anti-
patterns by integrating visual encoders, layout graph modeling, and natural language understanding
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into a unified fusion architecture. Contributions include an operationalized taxonomy of anti-
patterns spanning visual, interactional, and semantic dimensions; a dataset preparation strategy and
annotation schema tailored to multimodal supervision; an end-to-end pipeline with attention-based
cross-modal fusion and graph-based reasoning; and empirical evidence showing that the multimodal
approach outperforms unimodal baselines, particularly on context-dependent anti-patterns. In
addition to quantitative metrics, the work provided qualitative case studies, interpretability artifacts,
and a discussion of deployment considerations to make the research actionable for design teams.

10.2. Impact on Design Automation

By enabling automatic, early detection of design anti-patterns, multimodal systems have the
potential to transform how design quality is managed at scale. Automating routine checks reduces
the cognitive and operational load on designers, accelerates iteration cycles, and increases the
consistency and accessibility of interfaces across product families. For organizations, this means
fewer usability regressions reaching production, more efficient designer-engineer handoffs, and a
quantitative basis for prioritizing design debt. However, the impact is greatest when automation
complements —not replaces —human expertise: these systems are best used as assistants that surface
likely issues, contextual evidence, and prioritized remediation suggestions, while leaving final
judgment and creative decisions to human designers.

10.3. Extension to Dynamic Interaction Patterns

A natural and important extension of this work is to handle dynamic, temporal aspects of
interfaces: hover states, animations, time-dependent content, and full interaction traces that reveal
anti-patterns invisible in static mockups. Extending the pipeline requires ingesting short screen
recordings, event traces, or instrumented prototypes and modeling them with temporal encoders —
such as spatio-temporal transformers or sequence-enabled GNNs—that can reason about state
transitions and temporal affordances. Such an extension would improve detection of issues like
modal traps, transient feedback omissions, and inconsistent behavior across interaction states,
bringing automated checks closer to the realities of interactive product behavior and enabling richer
user-journey analyses.

10.4. Future Research Directions

Future research should pursue several complementary directions to strengthen both the
science and the practical utility of automated anti-pattern detection. First, dataset work: build larger,
more diverse, and open datasets with broader locale and brand coverage and with richer dynamic
traces to reduce bias and improve generalization. Second, model-level innovations: explore
contrastive and self-supervised pretraining tailored to Ul artifacts, robust alignment methods for
noisy OCR, and compact architectures for low-latency plugin deployment. Third, human-Al
interaction: design and evaluate explanation interfaces, active learning pipelines that incorporate
designer feedback, and governance mechanisms that balance automation with human oversight.
Fourth, longitudinal studies: measure the real-world impact of automated checks on design quality,
time-to-fix, and user outcomes through controlled deployments. Finally, interdisciplinary work
involving ethicists and accessibility experts is vital to ensure these systems advance inclusive design
practices and are deployed responsibly.
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