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ABSTRACT

Ensuring the reliability and adaptability of graphical user interfaces (GUIs) has become a central challenge in contemporary
software quality assurance, as modern applications increasingly rely on visually dense, dynamic, and cross-platform interaction patterns.
Traditional script-based and DOM-dependent testing approaches are brittle and expensive to maintain, since even minor layout shifts can
invalidate large portions of test logic. These limitations have accelerated interest in computer vision and artificial intelligence techniques
that evaluate GUIs directly from rendered visuals, enabling more robust, flexible, and human-like validation. This study aims to
systematize current research on vision-based GUI testing and to identify how emerging multimodal and language-guided methods
reshape quality-assurance practices. Conducted as a structured review of academic and industrial work published between 2010 and
2025, the analysis synthesizes findings across five methodological families: classical image-processing and template-matching
approaches, deep neural detectors, generative models for synthetic augmentation, reinforcement-learning agents for autonomous
exploration, and transformer-based multimodal systems integrating large language models. The review incorporates an additional
empirical-synthesis chapter that consolidates reported evaluation results for vision transformer-based perception, large language models -
guided test reasoning, and multimodal vision—language pipelines. The results reveal a consistent technological trajectory: from early
perceptual matching to high-fidelity object detection, interactive workflow exploration, and, most recently, semantic interpretation of
GUI tasks through natural-language grounding. Experimental evidence shows that visual transformers improve structural perception,
reinforcement learning agents enhance interaction coverage, and multimodal systems introduce reasoning capabilities that approach
human-like test generation. At the same time, the review identifies persistent challenges, including dataset scarcity — particularly of
multimodal screenshot-instruction-execution corpora — fragmented evaluation practices, cross-platform variability, and the
computational overhead of multimodal inference. The study concludes that vision-based GUI testing is evolving into a cognitively
informed quality-assurance paradigm that integrates perception, behavior, and semantic reasoning. Its novelty lies in providing the
unified taxonomy of methods, a consolidated synthesis of empirical verification results, and a set of actionable future research directions.
These contributions offer practical value for advancing reproducibility, robustness, and methodological coherence in next-generation
GUI-testing systems.
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INTRODUCTION scripts. Manual testing provides flexibility and
human intuition but is resource-intensive and error-
prone. Automated testing, implemented through
frameworks such as Selenium or Appium, offers
improved efficiency but suffers from fragility: even
minor changes in the Document Object Model
(DOM), widget identifiers, or layout can invalidate
large parts of the test suite [1].

Computer vision (CV) offers a paradigm shift
in this domain. Unlike DOM-based or code-centric
testing, CV-driven approaches enable machines to
perceive and interpret software interfaces much like
human testers do — through visual recognition and
reasoning [2]. This opens opportunities to automate
tasks that were previously resistant to scripting, such
as identifying misaligned buttons, detecting

Software quality assurance (QA) comprises
systematic processes designed to ensure that
software systems satisfy functional requirements,
perform reliably, and deliver an acceptable user
experience. It ensures that applications meet
functional requirements and provide reliable user
experiences. Quality assurance activities typically
include both verification — ensuring that the product
is built correctly, and validation — ensuring that the
correct product is built. As digital products mediate
critical activities — from finance to healthcare —
failures can have serious impacts.

Conventional QA practices rely on a
combination of manual testing and automated test

rendering errors, or verifying the presence of
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screenshots, layouts, or rendered Ul states, CV
methods provide a layer of abstraction that is
resilient to underlying code changes, thereby
improving  maintainability and  adaptability.
Moreover, the integration of deep learning and
reinforcement learning (RL) techniques allows for
advanced behaviors, such as exploratory testing
agents capable of navigating applications without
explicit scripts [3]. These capabilities highlight why
computer vision has emerged as one of the most
promising technologies for the future of QA
automation.

Graphical User Interfaces (GUIs) present an
even greater challenge. GUIs are inherently visual,
and many of their defects are perceptual, such as
misaligned components, overlapping elements, or
rendering inconsistencies [4]. Such issues frequently
escape DOM-level inspection. Moreover, the
diversity of platforms (desktop, mobile, web)
complicates the development of reusable test
strategies, further reducing maintainability and
scalability. These shortcomings have motivated the
exploration of CV as a complementary technology
for software testing.

Graphical User Interfaces serve as the primary
point of interaction between end users and software
systems. Errors in GUI design or behavior directly
affect usability, accessibility, and user satisfaction.
CV-based methods are uniquely suited to this
problem space: they can detect discrepancies
invisible to code-level testing, compare rendered
interfaces against design specifications, and even
generate automated scenarios for test validation [5].
From early tools like Sikuli [2] to industrial
solutions such as Ul X-RAY [6] and modern
YOLO-based detectors [7], [8], CV evolution in QA
reflects both the rapid progress of Al technologies
and the growing demands of industry-scale testing.

While a number of surveys and reviews have
addressed the application of artificial intelligence to
software testing more broadly [9], [10], there
remains a gap in the research with respect to
computer vision specifically. Existing systematic
studies focus either on general Al-based testing,
such as broad reviews of learning-based or
automation-oriented QA approaches [9], [11], or on
GUI testing unrelated to visual perception, including
pattern-based GUI-testing reviews and systematic
mapping studies of event- or model-driven
techniques [12], [13]. General surveys on the use of
computer vision in software engineering also
dedicate only limited attention to GUI analysis and
do not synthesize CV-based GUI-testing methods
into a coherent framework [14]. As a result, current

surveys do not integrate findings across
Convolutional Neural Network (CNN)-based GUI
detection, Generative Adversarial Network (GAN)-
based data augmentation, reinforcement-learning
agents, or emerging multimodal/transformer-based
GUI-testing approaches, which makes it difficult for
researchers and practitioners to understand the
trajectory of vision-based GUI testing and identify
open research directions.

To address this gap, the present work conducts
a structured review of vision-based GUI testing
technologies from 2010 to 2025. Building on prior
surveys while extending beyond their scope, this
study aims to provide a unified, methodologically
grounded understanding of how computer vision has
been applied to GUI testing and where critical
research gaps remain.

The contributions of this paper
summarized as follows:

— First, it traces the historical development of
computer vision in software QA, from foundational

can be

image-based tools [2], [15] to contemporary
approaches that leverage deep learning and
multimodal Al [16], [17];

—Second, it proposes a classification of

methods and applications, classifying research by
technique (e.g., CNNs, GANs, RL, VLMs), task
(e.g., element detection, test generation, defect
identification), and domain (e.g., mobile apps, web
applications, games, enterprise systems);

— Third, it critically analyzes the strengths,
limitations, and practical impact of these methods,
emphasizing the role of emerging benchmark
datasets and evaluation frameworks in consolidating
empirical practices within vision-based GUI testing.

Overall, this review positions vision-based GUI
testing as an emerging paradigm that extends QA
beyond pixel-level verification toward structural
understanding and semantic interpretation of
interface behavior. By synthesizing developments
across multiple methodological generations, the
study provides a foundation for advancing robust,
scalable, and cognitively informed GUI-testing
systems.

1. LITERATURE REVIEW AND
PROBLEM STATEMENT

1.1. Background and

Definitions

Conceptual

GUI testing refers to the verification of visual
layouts, component presence, rendering correctness,
and interactive behavior of software interfaces.
Traditional GUI-testing approaches operate on
internal representations such as event models, DOM
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structures, widgets, or model-based abstractions.
These techniques validate interactions and logic but
often struggle with visual defects, layout
inconsistencies, and rendering issues that appear
only at the perceptual level.

Vision-based GUI testing addresses these
limitations by analyzing screenshots, rendered states,
or visual traces using CV and machine-learning
techniques. Instead of depending on accessibility
identifiers or internal widget metadata, vision-based
methods interpret GUI states directly from pixels,
enabling more resilient detection of visual
irregularities, theme variations, cross-platform
discrepancies, and layout changes [4], [7], [17]. This
perspective aligns GUI testing with the broader shift
toward perceptual software analysis documented in
CV-for-SE literature [14]. General-purpose QA
automation strategies unrelated to vision (e.g., test-
case generation from natural language or predictive
defect analytics) are not addressed in depth, except
where they intersect with vision-based approaches.

Over more than a decade of development,
computer-vision-based GUI testing has expanded
into a diverse research domain encompassing visual
detection, structural layout understanding, visual
regression analysis, visual interaction modeling, and
more recently, semantic reasoning over GUI states
using multimodal Al. The breadth of these
methodological directions motivates the need for a
unified conceptual and empirical synthesis.

1.2. Related work

Several surveys and mapping studies provide
important context for understanding the broader
space of GUI testing and Al-driven software quality
assurance. Although none focus specifically on
vision-based GUI testing, each contributes
conceptual or methodological insights relevant to
this review.

Surveys on Al-assisted software testing outline
major applications of machine learning and
intelligent automation across the testing lifecycle,
describing trends in data-driven test generation,
predictive  defect models, and maintenance
challenges in automated test suites [9], [11]. These
observations inform the methodological discussion
of evaluation practices and data requirements later
synthesized in this review.

Industry- and practitioner-focused analyses
further highlight real-world barriers to test
automation at scale, emphasizing the brittleness of
GUI scripts, high maintenance costs, and the need
for more resilient automation tools capable of
tolerating interface changes [10]. These insights

underscore the practical motivation for perception-
based GUI testing, which seeks to improve
robustness by grounding analysis in rendered visual
states rather than internal identifiers.

Surveys devoted specifically to GUI-testing
methodologies classify existing techniques into
event-driven, model-based, and pattern-based
approaches,  offering  taxonomic  principles,
terminology, and a historical overview of GUI-
testing research [12], [13]. While these works do not
examine computer-vision-based methods, their
conceptual frameworks inform the classification
structure developed in this review.

A broader software-engineering perspective is
provided by surveys on computer vision in SE
workflows, which describe how perception-based

techniques are applied to tasks such as
documentation analysis, traceability, and code
visualization [14]. Although GUI analysis is

addressed only briefly, this body of work highlights
the increasing integration of perception into
software-analysis pipelines and the absence of
domain-specific syntheses centered on GUI testing.
Taken together, these surveys contribute an
understanding of methodological trends, industrial
challenges, and conceptual foundations in both GUI
testing and Al-driven QA. However, they treat GUI
testing, computer vision, and multimodal Al as
separate domains, leaving a gap in the literature
regarding an integrated, CV-focused synthesis.

1.3. Problem Statement and Research
Gap

Based on the reviewed surveys and background
literature, several gaps in existing research can be
articulated.

Lack of a unified synthesis of vision-based GUI
testing methods. EXxisting reviews classify GUI
testing or Al testing broadly but do not integrate
work across classical CV, deep learning, GAN-
based augmentation, RL-based exploration, and
multimodal reasoning;

Absence of a comprehensive taxonomy.
No prior survey categorizes vision-based GUI
testing methods by technique, task, and application
domain;

Inconsistent evaluation methodologies. Studies
employ heterogeneous datasets, metrics, and
experimental designs, limiting comparability and
reproducibility;

Limited coverage of multimodal and
transformer-based approaches. Recent developments
in vision-language models (VLMs) and Large

ISSN 2617-4316 (Print)
ISSN 2663-7723 (Online)

Computer science and software engineering

399



Chaikovskyi M. A., Malakhov E. V. /

Applied Aspects of Information Technology

2025; Vol. 8 No. 4: 397-423

Language Model (LLM)-guided testing have not
been synthesized in prior surveys;

Separation of research communities.
Contributions from mobile testing, web automation,
game testing, and enterprise GUI validation remain
fragmented, hindering cumulative progress;

Need for a historical mapping of research.
Existing surveys do not trace how vision-based GUI
testing evolved from early template-based tools to
modern multimodal models.

2. RESEARCH AIM AND OBJECTIVES

The aim of this review is to provide a
comprehensive, methodologically grounded
synthesis of vision-based GUI-testing research. By
integrating findings from computer vision, software
engineering, reinforcement learning, and multimodal
Al, the review seeks to address the conceptual
fragmentation, inconsistent evaluation practices, and
lack of wunified methodological frameworks
identified in prior work.

To achieve this aim, the study pursues the
following objectives:

1. Trace the historical development of
computer vision in software QA, from foundational
image-based approaches [2], [15] to contemporary
deep-learning-driven and multimodal architectures
[16], [17];

Develop a unified taxonomy that classifies
vision-based GUI-testing methods by technique
(e.g., CNNs, GANs, RL agents, vision-language

models), task (e.g., element detection, defect
identification, test generation), and application
domain (e.g., mobile, web, games, enterprise
systems);

Analyze strengths, limitations, and practical
implications of existing methods, highlighting
recurring challenges such as dataset scarcity,
scenario generation, cross-platform generalization,
and robustness to real-world Ul variability;

Review experimental methodologies, including
datasets, evaluation metrics, benchmark suites such
as GUI Testing Arena [18], and validation strategies
used across the literature;

Identify methodological gaps and future
research  opportunities, highlighting challenges
related to dataset scarcity, cross-platform robustness,
semantic correctness, and the integration of
multimodal reasoning into practical GUI-testing
workflows.

These objectives structure the remainder of the
paper, guiding the review methodology, the
synthesis of findings, and the development of a
comprehensive taxonomy in the Results section.

3. MATERIALS AND METHODS

The review adopts a structured qualitative
synthesis approach intended to capture the breadth
of computer-vision-based GUI testing research
published between 2010 and 2025. The methodology
emphasizes identifying methodological families,
categorizing tasks and application domains, and
analyzing evaluation practices.

3.1. Search strategy and data sources

The corpus for this review consists of peer-

reviewed scientific papers and academically
recognized sources related to computer-vision-based
GUI testing.

Because GUI testing constitutes a specialized
research area within software engineering, relevant
papers were collected through:

— screening reference lists in existing surveys
on Al-based testing and GUI testing [9], [10], [11],
[12], [13], 14];

— identifying key contributions across major
software engineering and Al venues;

—including representative works on deep-
learning-based detection, GAN-based augmentation,
reinforcement-learning agents, and multimodal GUI-
testing systems;

—incorporating seminal foundational tools
(e.g., Sikuli [2]) and contemporary multimodal
approaches published between 2020-2025 ([16],
[19], [20], [21], [22]).

The resulting corpus covers classical image-
based tools, CNN/YOLO detectors, hybrid
structural-CV  models, generative augmentation
methods, RL-based GUI exploration systems, and
multimodal LLM-guided frameworks. These works
collectively represent the progression of computer-
vision-based GUI testing and provide adequate
breadth for a comprehensive synthesis.

3.2. Inclusion and Exclusion Criteria

A study was included if it met at least one of
the following criteria:

— Primary relevance: It proposed, evaluated, or
benchmarked a vision-based GUI-testing approach;

— Methodological relevance: It introduced GUI-
grounded applications of deep learning, Vision
Transformers  (ViTs), reinforcement learning,
generative augmentation, or multimodal Al;

— Empirical relevance: It presented datasets,
benchmarks, evaluation protocols, or annotation
schemes used for GUI analysis;

— Supportive  relevance: It contributed
methodological insights necessary to understand
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GUI-testing components (e.g., CV detection models,
RL interaction frameworks, VLM architectures).
Exclusion criteria:
— Studies focused exclusively on non-visual
GUI testing (purely event-driven, DOM-based, or
model-based) without a perceptual component;

— Papers lacking methodological detail or
evaluation (e.g., conceptual proposals without
implementation);

— Duplicate  publications, short abstracts,
workshops without substantive technical

contribution, or non-English works;

— General computer-vision papers with no GUI
relevance unless used to contextualize a technique
employed in GUI-testing research.

3.3. Use of Supporting Non-GUI Sources

While the core synthesis includes only studies
that satisfy the inclusion criteria, certain papers that
fall outside the GUI domain were retained as
supporting sources when they provide essential
conceptual, methodological, or contextual value.

These non-primary sources were used in the
following cases.

1. Foundational computer-vision models (e.g.,
YOLO, ViT, GAN frameworks) that underpin GUI-
specific methods and inform their technical
capabilities.

Reinforcement-learning  papers
targeting non-GUI  environments
architectures or training practices
exploration methods.

Computer vision for software engineering
surveys [14], which contextualize how visual
analysis is integrated into broader SE tasks.

Al-testing and automation reviews [9], [10],
[11], which inform  methodological trends,
evaluation practices, and industrial challenges
relevant to GUI QA.

Domain-adjacent studies (e.g., game or mobile
visual analytics) that provide parallel insights into
dataset scarcity, robustness, or cross-platform
variability.

These supporting papers were not analyzed as
part of the primary evidence set in Section 4 but
were referenced when necessary to clarify
definitions, justify methodological choices, or
contextualize the evolution of techniques. This
practice follows accepted standards in software-
engineering systematic reviews where domain-

originally
when their
inform GUI

3.4. Data Extraction

A structured data-extraction form was used to
capture methodological and empirical details.

For each study, the following data categories
were recorded:

— publication metadata (authors, year, venue);

—technique type (e.g., classical CV,
CNN/YOLO, GAN, RL, multimodal VLM);
—primary task (element detection, defect

detection, layout analysis, scenario generation, RL
navigation);

— application domain (mobile, web, games,
enterprise);

— datasets used (public, custom,
synthetic/GAN-augmented);

— evaluation metrics (mAP, loU,
precision/recall, RL rewards, qualitative
assessment);

— experimental setup (training configuration,
test environment, baselines);

—reported  strengths,
applicability.

This schema ensured consistency across studies
despite differences in methodology or task focus.

3.5. Data Synthesis

The review uses thematic synthesis to integrate
findings across extracted dimensions. Themes
emerged through iterative comparison of technique
families, task categories, evaluation practices, and
verification strategies. Quantitative patterns (e.g.,
publication year trends, domain prevalence) were
used to support the gualitative narrative.

3.6. Threads to Validity

Potential threats to validity include:

— Coverage bias: Although representative, some
niche or emerging studies may be excluded;

— Heterogeneity of evaluation methods: Diverse
datasets and metrics limit the comparability of
results;

— Publication bias: Positive results are more
prevalent in  published works, potentially
underrepresenting failures;

— Domain variability: Variations between
mobile, web, desktop, and game GUIs complicate
cross-domain generalization.

To mitigate these threats, the review
incorporates studies across multiple methodological

limitations, and

adjacent research strengthens conceptual and families, triangulates findings wusing existing

methodological grounding. surveys, and employs transparent selection,
extraction, and synthesis strategies.
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4. RESEARCH RESULTS

4.1. Historical Development of Vision-
Based GUI Testing (2010-2025)

The evolution of vision-based GUI testing
spans more than a decade and reflects a continuous
shift from simple visual matching toward deep
perceptual understanding and multimodal reasoning.
The trajectory can be divided into several major
phases, each marked by characteristic methods,
toolkits, and research priorities.

4.1.1. Phase 1 (2010-2013): Early Image-
Based Testing and Foundational Tools

The foundations of vision-based GUI testing lie
in the recognition that software quality assurance
cannot rely solely on traditional code- and DOM-
based techniques. Graphical user interfaces often fail
in ways invisible to code-level inspection:
misaligned widgets, overlapping buttons, blurred or
missing icons, or subtle visual regressions that
directly affect user experience. To address these
issues, researchers began applying CV methods that
enabled testing systems to perceive software
interfaces in a manner closer to human inspection
[2], [6]. Such approaches introduced the possibility
of resilience to code changes, cross-platform
generalization, and scalable automation of
perceptual verification. Early surveys on computer
vision in software engineering also contextualized
these developments within a broader trend toward
integrating perceptual analysis into software-quality
tasks [14].

One of the earliest demonstrations that GUIs
could be tested directly from rendered pixel data,
without reliance on DOM structure or program
instrumentation, was introduced by Chang, Yeh, and
Miller in their vision-based GUI testing framework
[23]. Tools such as Sikuli (2010) demonstrated the
potential of template matching, allowing testers to
interact directly with screenshots instead of internal
identifiers [2]. Edge detection and key-point-based
descriptors (e.g., SIFT, SURF, ORB) were also
applied to identify GUI components, while pixel-
wise comparison provided a baseline for visual
regression testing. Although pioneering, these
techniques were fragile to resolution differences,
layout shifts, and rendering artifacts. Their
brittleness revealed the need for more robust and
adaptive approaches, setting the stage for the
subsequent transition toward hybrid and learning-
based methods.

Taken together, this initial phase established the
core insight that perceptual properties of GUIs must

be validated visually, not only structurally. It
introduced the fundamental shift from DOM-
oriented verification to image-based testing, laying
the groundwork for the deep-learning, generative,
reinforcement-learning, and multimodal advances
that followed in later years.

4.1.2. Phase 2 (2014-2017): Structural-Visual
Hybrids, Invariants, and Early Industrial
Adoption

As vision-based GUI testing matured, it began
transitioning from academic exploration to practical
deployment. This stage marked the consolidation of
computer-vision techniques into usable testing
frameworks and commercial solutions, bridging the
gap between research prototypes and real-world
software-engineering environments.

Early adoption of computer-vision testing in
industry demonstrated its capacity to detect interface
inconsistencies that traditional DOM- or code-based
methods overlooked. A notable example is Ul X-
Ray [6], introduced by IBM researchers, which
applied visual analysis to identify layout defects,
misalignments, and rendering issues  across
enterprise applications. In parallel, commercial tools
such as Applitools began offering visual-regression
testing powered by perceptual comparison models.
These systems integrated directly into CI/CD
pipelines and frameworks such as Selenium and
Appium, making visual QA automation accessible to
enterprise teams. The success of these platforms
confirmed that computer vision could deliver
measurable gains in accuracy, maintainability, and
cost efficiency.

Academic research played a complementary
role by developing hybrid methodologies and open
resources that strengthened practical adoption. Early
structural-visual approaches laid the groundwork for
later deep-learning hybrids, combining edge
detection, layout parsing, and heuristic grouping to
improve robustness. These efforts also helped
standardize evaluation practices by introducing
reproducible datasets, annotated examples, and
baseline models — making it easier for both
academia and industry to evaluate, compare, and
extend visual testing tools.

Despite these promising developments, early
systems revealed limitations that shaped subsequent
research directions. Most could detect visual
anomalies but lacked semantic understanding — the
ability to determine whether an interface behaved
according to user intent. Dependence on baseline
screenshots limited scalability and robustness under
Ul variation. Moreover, these techniques remained
largely static, focusing on isolated screenshots rather

402 Computer science and software engineering

ISSN 2617-4316 (Print)
ISSN 2663-7723 (Online)



Chaikovskyi M. A., Malakhov E. V. /

Applied Aspects of Information Technology

2025; Vol. 8 No. 4: 397-423

than sequential user interactions. These limitations
foreshadowed later advances in learning-based
perception, synthetic data generation, interactive
reinforcement-learning agents, and multimodal
reasoning models.

The industrial adoption of computer-vision-
based QA validated the technology’s potential
beyond research settings. It demonstrated that visual
analysis could be systematically integrated into
software-testing workflows, encouraged standar-
dization across tools and frameworks, and
highlighted the need for more intelligent, adaptable
methods. Most importantly, this phase established
the foundation for the next generation of testing
systems-those capable of dynamic interaction, richer
perception, and eventually semantic reasoning-
positioning vision-based QA as a cornerstone of
modern software-quality practice.

4.1.3. Phase 3 (2016-2020): Deep Learning
and GUI Object Detection

The introduction of deep learning marked a
transformative period in vision-based GUI testing.
CNNs  enabled automatic  extraction  of
discriminative visual features, replacing brittle
handcrafted descriptors and significantly improving
robustness in GUI-component detection [7]. During
this phase, computer-vision-driven GUI testing
evolved from experimental prototypes to scalable,
data-driven systems capable of supporting real-
world applications.

CNN-based detectors such as Faster R-CNN,
SSD, and the YOLO family (YOLOv3-YOLOV5)
were successfully adapted to GUI-component
detection tasks, enabling real-time localization of
buttons, icons, text fields, and other interface
elements [4], [7], [8], [17]. These models provided
substantial gains in accuracy, speed, and cross-
application generalization compared to template-
based or hybrid structural approaches. Their success
encouraged the development of larger annotated
GUI datasets and improved training pipelines,
making data-driven perceptual analysis increasingly
practical.

Hybrid frameworks also advanced during this
period. UIED (2020) combined traditional edge
detection with CNN-based classification to
reconstruct GUI layouts, integrating structural
parsing with high-level semantic recognition [5].
This architecture illustrated the power of blending
classical CV signals with learned representations,
laying the groundwork for later transformer-based
and multimodal models.

Deep-learning models were also adapted to
non-standard GUI environments. For example,

studies on visual bug detection in HTML5 Canvas
games demonstrated the applicability of CNN-based
models to dynamically rendered, non-DOM
environments [24]. Similarly, widget detection for
industrial mobile games introduced one of the
largest GUI datasets in the field, benchmarking
YOLO, SSD, and other detectors across varied Ul
styles and interaction patterns [25]. These domain-
specific investigations showed that deep-learning-
based GUI detection could scale beyond mobile and
web apps to gaming and high-variability interactive
systems.

Several works highlighted the importance of
robustness to diverse resolutions, themes, and Ul
design languages. Multi-scale CNN architectures
and cascaded feature extractors demonstrated
improved precision under real-world variability [4].
These  enhancements  reflected a  broader
methodological shift toward architectures that can
handle heterogeneous layouts, small objects (e.g.,
icons), and dense visual regions.

This period represents the breakthrough point
where GUI testing embraced scalable computer
vision.  Deep-learning  detectors  transformed
perception quality, hybrid systems integrated
structure and semantics, and domain-expanding
studies validated applicability across mobile, web,
and game interfaces. This phase established the
technical foundations on which subsequent advances
— synthetic data generation, reinforcement learning,
and multimodal reasoning — were built.

4.1.4. Phase 4 (2018-2022): Synthetic Data,
GAN-Based Augmentation, and Robustness

As deep-learning adoption grew, the scarcity of
labeled GUI datasets became a critical obstacle.
GANs emerged as a practical solution for creating
synthetic training data and simulating edge cases.

GANs emerged as a powerful tool for
overcoming data scarcity. GAN-based approaches
synthesized realistic GUI screens and introduced
controlled visual distortions —  occlusions,
misalignments, corrupted assets, lighting variations,
missing icons, or inconsistent color schemes. These
techniques augmented training corpora, enriched
distribution diversity, and reduced overfitting to
limited real-world samples [26], [27].

By generating targeted defect types, researchers
could stress-test object detectors under conditions
that were previously rare or missing in real datasets.
This also improved robustness to noise, layout
diversity, and theme wvariations, significantly
strengthening downstream detection models.

In addition to full-screen synthesis, several
works focused on intraclass image augmentation and
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fine-grained defect generation. GAN-based methods
were used to simulate subtle anomalies — blur, pixel
corruption, minor shifts in spacing — that commonly
appear in visual regressions. These synthetic
variations made detectors more sensitive to small but
user-visible issues, expanding coverage beyond the
coarse failures detectable by classical CV.

Complementary work in adjacent domains
reinforced this trend. Studies demonstrated that
multi-stage and cascaded deep-learning pipelines
exhibit improved resilience under real-world
variability  [33], while neuro-fuzzy hybrid
architectures showed promise for lightweight, data-
efficient learning [28]. Although not GUI-focused,
these findings provided methodological support for
generative and hybrid strategies in GUI testing.

Generative augmentation also  supported
domain transfer across heterogeneous GUI
environments. For example, game-focused GUI-
detection work employed synthetic generation to
diversify icon appearance and Ul widget styles,
demonstrating improved cross-skin and cross-
resolution generalization [25]. Similar techniques
were applied in Canvas-based GUI-bug detection to
simulate dynamic rendering artifacts and visually
complex backgrounds [24].

These cross-domain applications validated the
broader usefulness of generative frameworks in
GUI-centric perception tasks and highlighted the
need for domain-randomization techniques tailored
to Ul semantics.

The generative modeling era also coincided
with the first community attempts to standardize
GUI datasets. Works that combined real screenshots
with synthetically generated ones offered more
diverse training sets and paved the way for later
benchmarks such as GUI Testing Arena [18]. These
hybrid datasets allowed detectors to be evaluated
across a wider range of visual environments and
improved reproducibility in experimental studies.

The period from 2018 to 2022 can be
characterized as the synthetic-data expansion era in
vision-based GUI testing. Generative models
addressed long-standing data shortages, enabled
systematic defect simulation, improved cross-
platform generalization, and influenced dataset
design and evaluation. These advances strengthened
the robustness of GUI detectors and laid the
groundwork for the next major transition -
interactive, agent-based exploration and multimodal
reasoning — by establishing the perceptual resilience
required for more complex testing architectures.

4.1.5. Phase 5 (2018-2023): Reinforcement
Learning and Autonomous GUI Exploration

While deep-learning-based perception
significantly improved GUI element detection, static
screenshot analysis remained insufficient for
capturing multi-step interactions, dynamic Ul flows,
and user-driven behavior. This limitation motivated
the emergence of RL approaches, in which
autonomous agents learn to navigate GUIs visually,
exploring applications through sequential decision-
making. By rewarding state coverage, RL-based
testers reproduce user workflows, generate test cases
dynamically, and adapt to changes without fragile
scripts — an approach consistent with broader deep-
learning evidence showing that hierarchical and
cascaded architectures can enhance detection
precision and temporal stability in dynamic
environments [29].

Initial breakthroughs included Adamo et al.
(2018), one of the earliest demonstrations of deep
reinforcement learning (DRL) for Android GUI
testing. Their work showed that agents could learn
navigation policies directly from screenshots,
identifying clickable elements and exploring
application states without predefined scripts. Shortly
thereafter, Eskonen et al. (2020) extended these
ideas by automating GUI exploration using image-
based DRL, addressing challenges such as sparse
rewards and visually similar states.

These foundational studies established the
premise that RL agents could approximate human
exploratory behavior, enabling the discovery of
navigation paths that would be difficult to encode
manually.

Subsequent work refined RL architectures for
mobile and web testing. Cai et al. (2021) introduced
a ResNet-enhanced deep RL model for Android app
testing, demonstrating improvements in state
representation and action selection. Systems such as
DinoDroid further explored state-space coverage,
rewarding agents for reaching diverse Ul states and
uncovering hidden navigation paths [3], [30].

These methods represented a shift from
verifying isolated screens to examining full
interaction sequences.

By interpreting screenshots as observations and
using rewards to guide exploration, RL-based
systems could:

— autonomously traverse interfaces;

— discover multi-step workflows;

— generate test cases dynamically;

—and adapt to Ul changes without brittle
scripted logic.
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Although fully semantic multimodal agents
emerged later, this period also saw the introduction
of hierarchical and attention-based RL models,
which improved state abstraction and reduced
perceptual redundancy during navigation. Research
on multi-agent coordination and path optimization
further suggested that distributed exploration
strategies could enhance coverage and efficiency in
complex apps [34], [35].

These advances foreshadowed the next phase,
in which agents would begin combining perception
with linguistic reasoning.

Toward the end of this period, early studies
explored LLM-guided RL, in which large language
models interpret high-level goals and provide action
guidance during visual exploration. For example,
works such as LLM-Based Deep Reinforcement
Learning Agents for Bug Detection demonstrated
that language-informed reward shaping and
reasoning could significantly improve GUI
navigation efficiency and reduce exploration dead-
ends [31]. These systems represent a hybrid
category: still rooted in RL-based exploration, but
beginning to incorporate semantic priors provided
by large language models.

While multimodal and full VLM-based systems
are discussed in Phase 6, these transitional LLM-
guided RL models show how reinforcement learning
evolved toward increasingly human-like testing
behaviors.

The 2018-2023 periods marked the rise of
interactive, agent-based GUI testing, expanding the
field beyond static perception.

Reinforcement learning enabled tools to:

— navigate interfaces autonomously;

— uncover complex workflows;

— dynamically generate test sequences;

— and adapt to visual and structural changes.

This methodological shift brought the field
closer to human exploratory testing and laid the
groundwork for the multimodal reasoning systems
that emerged beginning in 2023.

416 Phase 6 (2021-2025): Vision
Transformers, Multimodal Models, and LLM-
Guided Testing

The years 2021-2025 represent the most recent
and rapidly evolving stage of vision-based GUI
testing, characterized by a transition from perceptual
accuracy toward semantic understanding and
reasoning. Building upon the methodological
maturity established through CNNSs, generative
augmentation, and reinforcement learning, the field
began adopting transformer-based architectures and

multimodal vision — language systems. These
approaches aimed to interpret GUIs not only as
visual arrangements of components, but as
meaningful interfaces whose behavior must be
aligned with user intent, textual requirements, and
application semantics.

The introduction of ViTs into GUI-analysis
pipelines demonstrated substantial improvements in
cross-layout generalization and  structural
interpretation. Unlike CNNs, which rely on localized
receptive fields, ViTs employ global self-attention,
allowing them to capture long-range dependencies
and relational patterns across an interface — such as
alignment between buttons, spacing between Ul
components, or consistency between text and icons.
Early studies showed ViTs outperforming CNNs
when evaluating unseen applications or GUI styles,
laying the technical foundation for multimodal
reasoning systems that integrate vision with
language [16].

A transformative development in this period
was the rise of multimodal models that combine
screenshot analysis with the semantic capabilities of
LLMs. These systems process visual information
through a vision encoder (CNN or ViT) while using
an LLM to interpret natural-language specifications,
reason about workflows, or generate test procedures.

Research  demonstrated that multimodal
architectures could support capabilities such as:

— extracting GUI semantics from screenshots;

— identifying discrepancies between textual
requirements and visual interface states;

— performing specification-grounded validation;

— generating scenario-based or behavior-driven
test cases [20], [21].

Systems such as ScenGen (LLM-guided
scenario-based GUI testing) showed that LLMs can
translate high-level requirements (“verify that
checkout requires authentication”) into actionable,
step-by-step test sequences grounded in GUI
screenshots [20]. This evolution marked the shift
from perceptual correctness (e.g., verifying that
elements appear correctly) to semantic correctness
(e.g., verifying that the interface behaves as
intended).

As a bridge between RL-based testing and
multimodal reasoning, researchers introduced LLM-
guided deep reinforcement learning agents. These
systems use visual observations to navigate
interfaces, but rely on an LLM to interpret goals,
summarize state histories, or propose high-level
exploration strategies. Works such as LLM-Based
Deep Reinforcement Learning Agents to Detect
Bugs demonstrated that LLM-generated reasoning
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can significantly improve exploration efficiency,
reduce dead-end actions, and guide agents toward
semantically meaningful interface states [31].

These transitional systems blur the boundary
between perception, action, and language reasoning,
serving as a precursor to fully multimodal GUI-test
agents.

Although not GUI-specific, broader work on
LLM-based software testing provided essential
context for this phase. Papers such as Software
Testing with Large Language Models highlighted
how LLMs can transform test-generation workflows,
requirement interpretation, debugging assistance,
and scenario-based reasoning across software
engineering tasks [22]. These insights accelerated
interest in applying LLMs to GUI testing, where
similar challenges — semantic ambiguity, multi-step

workflows, and specification grounding - are
especially pronounced.
The shift toward transformer-based and

multimodal reasoning represents a redefinition of
what automated GUI testing can achieve. Earlier
approaches focused on visual fidelity — whether an
interface looked correct. In contrast, multimodal
systems address semantic fidelity — whether the
interface’s behavior aligns with user requirements,
design specifications, and expected workflows. By
enabling scenario generation, semantic validation,
and language-guided exploration, these methods
move automated GUI testing toward human-like
comprehension, setting the stage for the next
generation of testing frameworks.

4.1.7. Summary

Across these six phases, vision-based GUI
testing has evolved from simple screenshot matching
to integrated perception-reasoning systems capable

exploration. Each methodological transition was
driven by the limitations of earlier approaches and
enabled by advances in computer vision, machine
learning, and multimodal Al. This historical
progression motivates the unified taxonomies and an
evaluation analysis presented in the following
subsections and is visually summarized in Figure.

4.2. Taxonomy of Vision-Based GUI
Testing Methods

Vision-based GUI testing encompasses several
distinct methodological families that differ in how
they represent visual information, extract structure,
model interactions, and incorporate semantic
reasoning. Unlike the historical analysis in Section
4.1, which describes the temporal evolution of these
techniques, the purpose of this taxonomy is to
present a structural organization of the field based
solely on computational principles. Each category
below outlines the defining characteristics,
representative  methodological  patterns, and
conceptual boundaries that distinguish one family
from another.

4.2.1. Classical Image-Processing
Template-Matching Methods

Classical image-processing approaches form the
most direct and deterministic family of vision-based
GUI testing techniques. These methods operate
purely on rendered pixels using template matching,
edge detection, keypoint descriptors, region
growing, color histograms, or threshold-based
comparisons, without any learned representations.
Such techniques treat GUI analysis as a pattern-
matching task rather than a statistical learning
problem, relying on predefined visual heuristics to
identify components or detect visual changes.

and

of semantic interpretation and autonomous
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Figure. Historical Development of Vision-Based GUI Testing (2010-2025)

Source: compiled by the authors
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This family is exemplified by early GUI-testing
tools that match screenshot snippets to on-screen
regions [2], pixel-difference and perceptual-contrast
techniques used for detecting visual inconsistencies
in HTML5 canvas applications [24], and heuristic
GUI-analysis frameworks that employ edge maps or
connected components to extract interface structure
[2], [32]. Pattern-oriented GUI-testing approaches
also fall into this category when they use rule-based
visual recognition to match layout motifs or
structural configurations [12]. Broader surveys of
computer vision in software engineering further
document how such classical techniques — contour
detection, Hough transforms, connected-component
labeling, and related heuristics — have historically
been applied to GUI parsing and screen-flow
reconstruction tasks [14], and systematic mapping
studies confirm that many pre—deep-learning GUI-
testing approaches relied heavily on deterministic
visual features rather than learned models [13].

Classical image-processing methods are
distinguished by their explicit feature engineering
and high interpretability: decisions follow directly
from handcrafted descriptors or pixel relations rather
than latent learned features. Because they operate on
raw screenshots, they are inherently cross-platform
and do not depend on DOM structures or
accessibility metadata [2]. At the same time, their
deterministic nature makes them sensitive to minor
visual variations — changes in resolution, theme, icon
style, rendering quality, or font smoothing can break
template  matches or  disrupt  edge-based
segmentation [24]. These methods also lack
semantic understanding, as they can compare pixels
or shapes but cannot infer component roles or
behavioral expectations. As a result, classical
techniques are effective for straightforward
regression comparison and controlled-environment
detection tasks but do not generalize reliably to
stylistically diverse, densely populated, or dynamic
modern interfaces [14].

4.2.2. Deep Neural
Perception

Networks for GUI

Deep neural models form a second major
family of techniques characterized by learned visual
representations. CNNs and modern object detectors
(e.g., Faster R-CNN, SSD, YOLO) learn
discriminative visual features directly from data,
enabling more reliable detection of buttons, text
fields, menus, icons, and other interface components
across heterogeneous GUI styles [7], [8], [17], [4]-
Such  models allow for flexible element
categorization and bounding-box localization,

substantially improving recognition stability relative
to handcrafted approaches.

Hybrid deep-learning pipelines also belong to
this category when traditional segmentation is
combined with learned classification. A prominent
example is UIED, which merges edge-based
structural partitioning with CNN-based component
recognition [5]. Additional deep detectors target
specific domains such as mobile GUIs [17], game
Uls [25], and display-error localization [4].

Deep neural models are distinguished by their
ability to generalize across visual variability and
learn GUI-specific features automatically. Unlike
classical methods, they are not constrained to
handcrafted descriptors and perform consistently
even when themes, resolutions, or graphical styles
vary. They remain limited, however, by their
reliance on annotated training data and challenges
with extremely dense or visually cluttered screens,
which motivates complementary approaches such as
generative augmentation.

4.2.3. Transformer-Based Vision Models

ViTs extend deep perception with global self-
attention, enabling models to capture long-range
relationships and higher-order structural
dependencies across entire interface layouts.
Whereas CNNSs focus primarily on local receptive
fields, ViTs jointly model interactions among
spatially distant elements, making them well suited
for tasks that depend on layout semantics,
component alignment, and text—icon relationships.

In GUI-testing contexts, ViTs have been
applied for robust component recognition and as
visual encoders in multimodal pipelines, particularly
when interfaces vary widely in design style or screen
composition [19], [20], [21]. Their distinguishing
feature is the representation of GUI images as
sequences of patches processed through attention
layers, supporting more flexible global reasoning
than convolutional architectures.

ViTs thereby provide a conceptual bridge
between pure visual perception and multimodal
semantic interpretation, functioning either as
standalone detectors or as upstream encoders for
language-guided systems.

4.2.4. Generative and Synthetic-Data Models

Generative models, particularly GAN-based
architectures, constitute a technique family focused
on data creation and augmentation rather than
perception or interaction. They address the frequent
scarcity of labeled GUI datasets by synthesizing
visually plausible screen variations and defect
conditions.
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GANs have been used to generate misaligned
components, corrupted assets, occlusions, or other

GUI anomalies, improving the robustness of
downstream classifiers and detectors under
distribution  shifts  [26], [27]. Generative

augmentation is especially relevant in domains such
as mobile apps and games, where visual diversity is
high and annotation is costly [4], [25]. Broader
hybrid generative pipelines also assist with noise
robustness and domain adaptation [28], [33].

This family differs from other technique groups
in that generative models do not interpret GUI
content directly; instead, they serve as auxiliary
mechanisms that enhance the generalization capacity
of perception models.

4.2.5. Reinforcement-Learning
Autonomous Navigation Agents

and

RL approaches define a separate technique
family that models GUI testing as a sequential
decision-making process. Unlike perception-focused
models, RL agents generate interaction sequences by
observing screenshots, selecting actions, and
receiving rewards tied to state coverage or task
completion.

Representative RL approaches include DQN-
based agents for web and Android navigation [3],
[30], semantic representation — enhanced RL for
more meaningful state abstraction [35], and
platform-independent frameworks that use image
embeddings to generalize across applications [1].

The distinguishing feature of RL methods is
their ability to coordinate perception and action over
multiple steps. They consume visual encodings
produced by CNNs or ViTs but operate at the
interaction level rather than the recognition level.
This positions RL as a complement to perception
techniques, enabling end-to-end testing workflows
rather than static screen analysis.

4.2.6. Vision-Language and Multimodal
Reasoning Models

VLMs and LLMs integrated with visual
encoders form an emerging methodological family
that supports semantic interpretation, specification
grounding, and scenario generation. These systems
combine vision modules (CNNSs or ViTs) to encode
screenshots, and language models to interpret
requirements, reason about interface behavior, or
generate test sequences.

LLM-driven agents that derive exploration strategies
or identify semantic inconsistencies [21], [22], [31],
[36].

What distinguishes this family is its ability to
operate at a conceptual level, mapping textual intent
to visual states. Multimodal systems are therefore
situated above perception and RL pipelines,
extending GUI testing from visual correctness to
semantic correctness.

4.2.7. Hybrid, Structural, and Invariant-
Based Techniques

Several approaches do not fall cleanly into a
single computational paradigm and instead integrate
structural heuristics, symbolic rules, or invariant
extraction with perceptual analysis.

Hybrid methods such as UIED combine
classical heuristics (layout segmentation, edge
detection) with deep classifiers [5], while invariant-
based techniques infer stable visual or structural
constraints to serve as test oracles [37]. Pattern-
based GUI testing methods also belong here when
they use structural templates to assess layout
conformance [12]. Broader CV-in-SE techniques
that reconstruct navigation flows or screen
hierarchies provide additional cross-disciplinary
contributions [14].

These approaches are distinguished by their
emphasis on structural relationships rather than
pixel-level features or fully learned representations,
forming a complementary category that intersects
with perception, layout analysis, and semantic
validation.

4.2.8. Summary

The technique families summarized above
differ not only in computational foundations but also
in how they contribute to GUI testing — ranging from
deterministic pixel-level methods [2], [12] to learned
visual perception [5], [7], semantic multimodal
reasoning [21], [22], [31], [36], interaction-driven
exploration [1], [3], [30], and structurally guided
hybrid approaches [5], [37].

To consolidate these distinctions and clarify
how each family aligns with specific testing needs,
Table provides a concise comparison of their core
capabilities, inherent limitations, and typical
application domains. This table serves as a bridge
between the taxonomy and the subsequent analysis
of strengths, constraints, and methodological

Recent work demonstrates multimodal test- implications.
generation frameworks that align natural-language
specifications with GUI states [19], [20], as well as
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Table. Comparison of Technique Families in Vision-Based GUI Testing

Technigue Family

Core Capabilities

Core Limitations

Classical Image
Processing &
Template Matching

— Very interpretable; decisions follow directly
from pixel or shape matching.

— No labeled data required; works immediately
across platforms.

— Effective for simple regression checks, canvas-
rule validation, or pixel-fidelity inspection.

— Robust in controlled environments with stable
layouts.

— Extremely sensitive to visual variation
(resolution, theme, anti-aliasing) [24].

—No semantic understanding (detects pixels,
not component roles) [14].

— Poor generalization to dense or stylistically
diverse Uls [13].

— Cannot model state transitions or interactions.

Deep Neural — Learn discriminative features directly from GUI | — Require labeled GUI datasets, which remain
Networks screenshots. scarce [26].
—High accuracy for element detection, | — Performance drops sharply in dense screens
classification, and visual parsing [7, 8]. with overlapping elements.
— More robust to layout/theme variations than | — Limited capacity for semantic interpretation.
handcrafted methods. — Training/finetuning costs can be high.
— Scales well to large, visually diverse datasets.
Vision — Capture global relationships across entire GUI | — Require large, diverse datasets to unlock full
Transformers layouts through self-attention. capabilities.

— Superior generalization across unseen design
styles.

— Stronger layout-level reasoning (alignment,
spacing, structural consistency).

— Can serve as encoders for multimodal pipelines.

— Computationally expensive relative to CNNs.
—Still early in GUI-specific adoption —
benchmarks remain limited.

— Pure ViT models may still lack deep semantic
grounding without language conditioning.

Generative &
Synthetic-Data
Models

— Expand datasets without manual labeling —
critical for GUI scarcity.

— Create realistic visual defects (misalignment,
occlusion, corrupted assets).

— Improve robustness and generalization of
CNN/VIT detectors through synthetic diversity.

— Enable stress testing under rare or extreme
visual conditions

— Do not perform perception or testing by
themselves — only support other models.

— Risk of low-quality or unrealistic synthetic
samples if training is unstable.

— Mode collapse can reduce coverage of defect
space [26].

—Hard to guarantee semantic fidelity of
synthetically generated Uls.

Reinforcement
Learning and
Autonomous
Agents

— Model GUI testing as multi-step interaction, not
just screen analysis.

— Discover  workflows,
dynamic transitions [3].
— Reduce reliance on brittle scripted test cases.
—Can adapt exploration based on reward
structure (coverage, failures).

hidden states, and

—Visual state representations can be brittle
without strong encoders (CNN/VIT).

— Sparse rewards and large state spaces make
training difficult [30].

— Struggle to interpret semantic intent without
language models.

— High computational and configuration cost;
difficult to integrate into CI/CD.

Vision—Language
Models &
Multimodal LLM-
Guided Systems

— Align GUI screenshots with natural-language
requirements, enabling semantic testing.

— Generate test scenarios and interaction plans
from specifications.

— Identify semantic mismatches (e.g.,
exists but contradicts expected role).

button

— Susceptible to hallucination — may invent
states or tasks [22].

— Interpretability and  reliability  remain
challenging.
— Require multimodal datasets that remain

limited in size and coverage.

— Enable human-like reasoning about GUI | — High computational cost; CI/CD integration
behaviors. remains experimental.
Hybrid, Structural, | — Combine strengths of classical structure | — More complex to design — requires domain

and Invariant-Based
Approaches

analysis with learned semantic perception.

— Capture spatial hierarchies, layout rules, or
invariants difficult for pure DL models.

— Often require less training data due to structural
priors.

— Useful for
validation tasks.

oracle generation and layout-

heuristics or structural templates.

— Limited generalization outside
layout patterns.

— Performance depends on correctness of
structural segmentation or invariant extraction.
— Not suitable for end-to-end workflow testing
without additional modules.

assumed

Source: compiled by the authors
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4.3. Task-Based Taxonomy of Vision-
Based GUI Testing

Vision-based GUI testing spans a diverse set of
computational tasks, each addressing a different
aspect of how interfaces are perceived, interpreted,
or interacted with. Unlike Section 4.2, which groups
methods by technique family, this section organizes
prior research according to the functional objectives
that vision-based systems pursue. These tasks
frequently overlap — e.g., detection may support
layout parsing or workflow exploration — but they
represent distinct problem formulations that
structure how datasets, architectures, and evaluation
metrics are chosen.

4.3.1. Element Detection and Classification

The most fundamental task in vision-based GUI
testing is the identification and categorization of
interface components such as buttons, text fields,
icons, menus, images, or composite widgets. Deep-
learning approaches dominate this task: YOLO,
SSD, and Faster R-CNN have been adapted to
recognize GUI elements across mobile, web, and
desktop interfaces [4], [7], [8], [17]. Hybrid systems
like UIED combine structural segmentation with
CNN-based classifiers to improve detection
accuracy in visually dense layouts [5]. Earlier
template-matching approaches [2], [24] also fall into
this task category but lack the robustness needed for
diverse modern GUIs. Element detection forms the
computational basis for many downstream tasks,
supplying the primitives required for layout analysis,
interaction modeling, and semantic reasoning.

4.3.2. Layout
Understanding

Parsing and Structural

Beyond locating atomic elements, many GUI-
testing workflows require extracting the layout
hierarchy, spatial relationships, and structural
grouping of interface components. Approaches
range from classical edge-based or connected-
component segmentation [5], [23] to deep models
that infer higher-level structure from learned visual
features [5]. Recent vision-transformer encoders
support more global reasoning, capturing alignment
patterns, spacing regularities, and hierarchical block
structure [19], [20], [21]. Structural understanding is
essential for validating layout conformance,
detecting misalignment defects, reconstructing GUI
hierarchies, and generating invariants that serve as
oracles [37].

4.3.3. Visual
Verification

Regression and Rendering

A separate family of tasks focuses on validating
visual fidelity across builds or platforms. This
includes pixel differencing, perceptual contrast
analysis, and learned visual regression checks used
to identify missing assets, style inconsistencies,
rendering artifacts, and perturbations introduced
during deployment [24]. Deep-learning detectors [4]
and generative augmentation methods [26], [27]
further support this task by improving robustness to
variations in theme, lighting, resolution, or graphical
noise. Visual regression tasks are primarily
comparative: they determine whether the interface
still looks as expected.

4.3.4. Workflow Exploration and Action
Sequencing

GUI testing frequently requires multi-step
interaction rather than static screen analysis. RL
approaches model GUI usage as a sequential
decision process, enabling agents to explore
interfaces, discover reachable states, and reproduce
workflows without predefined scripts [1], [3], [30].
Semantic-enhanced RL  variants  incorporate
additional representation layers to improve state
abstraction [35]. Vision-only RL compensates for
environments  without  accessibility —metadata,
making it suitable for web apps, maobile apps, and
enterprise systems where screen transitions are
dynamic and context-dependent.

4.3.5. Semantic Testing and Specification

Recent multimodal research extends GUI testing
from perceptual correctness to semantic correctness —
ensuring the interface behaves in a way consistent
with natural-language requirements. VLMs and large
LLMs paired with vision encoders can interpret GUI
screenshots, correlate visual content with textual
descriptions, and detect mismatches between interface
state and expected behavior [19], [20], [21], [22],
[31], [36]. Tasks in this category include natural-
language test generation, semantic defect detection,
workflow validation against specifications, and
guestion-answering about GUI functionality. Unlike
visual regression or detection tasks, semantic testing
evaluates what the GUI means and whether it fulfills
its functional intent.

4.3.6. Data Augmentation and Synthetic
Scenario Generation

Generative models define a task category
centered on enriching datasets with synthetic
screens, defects, perturbations, or layout variations.
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GAN-based augmentation pipelines produce realistic
misalignments, occlusions, and visual distortions
that improve model robustness under distribution
shifts [26], [27], [28], [33]. Synthetic data generation
is particularly valuable for mobile and game GUIs,
where manual annotation is costly and highly
variable designs require broader representation
coverage. In several pipelines, augmentation is a
prerequisite task that improves downstream
detection, classification, and semantic-reasoning
performance.

4.3.7. Oracle Construction and Rule-Based
Validation

A final task category involves constructing
oracles — formal or heuristic criteria used to
determine whether a GUI behaves correctly. Some
approaches derive invariants from visual structure
[37], others employ rule-based layout checks as in
pattern-oriented testing [12], while hybrid visuo-
structural models combine edge maps or block
segmentation with learned classifiers to validate
interface conformance [5], [14]. Oracle construction
differs from detection or regression in that it focuses
on correctness criteria themselves, not only on
identifying mismatches.

4.4. Domain-Based Taxonomy of Vision-
Based GUI Testing

Vision-based GUI testing techniques are
applied across a range of software domains that
differ in interface structure, interaction patterns,
device constraints, and visual complexity. This
section groups prior work according to the
application domains in  which  GUI-testing
approaches have been evaluated. Domain
characteristics often determine which technique
families are feasible, which tasks are prioritized, and
which datasets or evaluation metrics are appropriate.

4.4.1. Mobile Applications

Mobile interfaces present constraints of limited
screen space, high density of interactive elements,
gesture-based interaction, and device fragmentation.
These characteristics make them a frequent target for
visual element detection, layout analysis, and RL-
based workflow exploration.

Deep-learning detectors have been widely
adapted for mobile Ul element recognition [4], [17],
enabling bounding-box and widget-type
classification from screenshots. Reinforcement-
learning agents such as DQN-based Android testers
operate directly on mobile screen states, discovering
navigation flows and implicit interactions [30], [35].

Synthetic augmentation has also been used to
increase representation diversity and stress-test
detectors  under  device-dependent  rendering
variations [25], [27]. Vision—language models begin
to appear in this space as well, enabling
requirement-grounded reasoning on mobile Uls [20].

4.4.2. Web Applications

Web interfaces vary widely in structure, from
static informational layouts to highly dynamic
single-page applications. Their variability makes
them well suited for vision-based perception
approaches as well as RL-driven interaction models.

Classical template-based techniques are used
for stable or highly structured web components [2],
whereas deep-learning detectors support consistent
cross-browser element identification [7], [8]. RL
agents have been applied to web navigation tasks,
exploring DOM-less or canvas-heavy environments
through screenshot-based state representations [3].
Vision—language models further support
specification-grounded testing based on natural-
language descriptions of web requirements [19],
[21], [36].

4.4.3. Desktop and Enterprise Systems

Enterprise applications often feature dense,
multi-panel  layouts, high-precision alignment
requirements, and long-lived legacy interfaces.
These properties make them a strong fit for
structural layout parsing, invariant extraction, and
transformer-based recognition.

Hybrid structural methods that combine
segmentation and learned classification (e.g., UIED)
have been applied to dense enterprise Uls where
layout hierarchy is critical [5], and invariant-based
oracles help validate consistent spacing, alignment,
and functional roles [37]. Transformer-based
encoders capture global relationships in enterprise
dashboards and form-heavy desktop systems [19],
[21], while multimodal testing approaches support
semantic  validation aligned  with  textual
documentation or workflow rules [20], [22].

4.4.4, Game Interfaces and Graphics-Driven
Environments

Game interfaces and other graphics-driven
environments — whether rendered via HTML5
canvas, custom game engines, or native graphical
frameworks — lack traditional DOM structures and
often employ highly stylized or dynamically
changing visual elements. These characteristics
make them especially suitable for pixel-based
regression techniques, deep visual detection under
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non-standard rendering conditions, and generative
augmentation.

Classical computer-vision methods such as
pixel differencing, perceptual contrast analysis and
handcrafted visual heuristics are used to detect
rendering artifacts, missing assets, or visual
anomalies in game Uls and graphical overlays [24].
Generative models support this domain by
synthesizing diverse visual distortions and defect
cases that stress-test detectors under variable
lighting, animation, and texture conditions [26],
[27]. Deep-learning pipelines — including hybrid
detectors that combine structural cues with learned
features — are applied to identify Ul components
embedded within complex or visually dense game
scenes [4], [25].

45.  Strengths,
Benchmarks

Limitations, and

The diversity of computer-vision techniques,
interaction models, and application domains in
vision-based GUI testing necessitates a unified
synthesis of their shared strengths, recurring
limitations, and underlying evaluation practices.
Consolidating these insights provides a clearer
picture of the methodological maturity of the field
and clarifies where empirical evidence supports (or
constrains) current approaches. This subsection
integrates findings across the reviewed literature —
spanning classical CV, deep learning, GAN-based
augmentation, RL-driven exploration, and
multimodal reasoning-to articulate the cross-cutting
characteristics of current methods and the
benchmark resources used to evaluate them.

4.5.1. Strengths of Vision-Based GUI Testing
Approaches

High perceptual fidelity and resilience to Ul
changes

By operating directly on rendered pixels rather
than DOM trees or accessibility identifiers, vision-
based systems remain robust under markup
modifications, framework transitions, or cross-
platform styling differences. Deep-learning detectors
such as YOLO, Faster R-CNN, and SSD provide
accurate, real-time localization of GUI widgets —
including buttons, text fields, icons, and layout
blocks — across diverse environments [4], [7], [8],
[17]. Classical image-matching approaches remain
valuable for pixel-level regression in highly dynamic
graphical environments [2], [24].

Structural parsing and layout robustness

Hybrid and invariant-based approaches, such as
UIED [5] and constraint-checking methods [37],

provide layout-level reasoning that complements
pure detection. They infer grouping, alignment, and
hierarchical organization, enabling testers to identify
structural defects that pixel-based diffing cannot
reliably capture.

Autonomous
workflows

Reinforcement-learning agents — applied to
mobile (DQN-based), web navigation, and hybrid
interaction models — enable test scripts to emerge
organically from exploration rather than manual
specification [1], [3], [30], [35]. These agents are
particularly effective in uncovering hidden paths,
deep state spaces, and interaction bugs that
deterministic pipelines overlook.

exploration  of  multi-state

Semantic reasoning and alignment with
specifications
Multimodal and vision—-language systems

extend GUI testing beyond perception. ViTs capture
global layout dependencies, while LLM-guided and
VLM-based agents interpret natural-language
requirements, generate scenario-based test steps, and
validate semantic correctness [19], [20], [21], [22],
[36]. This introduces specification-aware testing
unavailable in classical or CNN-based models.

Synthetic data generation for improved
robustness
Generative models - including GAN-

augmented training corpora and synthetic defect
generation — address the long-standing scarcity of
labeled GUI data. These techniques improve
resilience under distribution shifts, noise, occlusion,
and rare defect cases [26], [27], [28], [33].

4.5.2. Limitations and Open Challenges

Scarcity of large, diverse, and standardized
GUI datasets

Most studies rely on small project-specific
datasets or screenshots collected from limited
applications. GUI diversity — across resolutions,
themes, OS styles, and design systems — makes
generalization difficult. While GANs help mitigate
scarcity, they cannot fully substitute for broad real-
world training data.

Limited interpretability and explainability of
model decisions

CNNs, ViTs, RL agents, and multimodal
systems often behave as black boxes. Error analysis
is hindered by opaque decision boundaries,
especially in VLM-based reasoning pipelines where
hallucinated actions and misinterpreted cues remain
common failure modes [20], [21], [22].
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Cross-application and
generalization challenges

Even strong detectors degrade when deployed
on unseen applications with different iconography,
typography, or interaction styles. Transfer learning
is helpful but not yet sufficient to guarantee broad
coverage.

Scalability constraints and CI/CD integration
difficulties

Large vision models and LLM-guided
workflows are computationally expensive. RL-based
testing requires prolonged state exploration, and
multimodal pipelines introduce inference overhead
unsuitable for high-frequency CI builds.

Absence of unified, reliable oracles for GUI
correctness

Pixel-diffing is noisy; handcrafted invariant
rules do not generalize; semantic oracles generated
by VLMs remain unreliable. Oracle construction
thus remains an open problem across all technique
families.

cross-platform

45.3. Benchmark Datasets and Evaluation
Frameworks

Benchmarking practices in vision-based GUI
testing remain highly fragmented, and this
fragmentation directly affects how findings across
papers can be interpreted and compared. While some
datasets support reliable cross-model comparison,
many evaluation setups are custom, incompatible, or
insufficiently documented. This subsection clarifies
the current landscape of benchmarks, the kinds of
comparisons that are feasible, and the key areas
where standardization is still missing.

GUI Detection and Layout Benchmarks

Several works build on large-scale GUI corpora
for detection and layout parsing. UIED trains a
ResNet-50 classifier on approximately 90,000 GUI
element crops extracted from the Rico mobile app
dataset, demonstrating state-of-the-art performance
on GUI-element detection and segmentation relative
to earlier rule- or heuristic-based methods [5]. Rico
itself contains around 66,000 Android screens,
providing a broad base for mabile interface analysis
and enabling derived datasets for clickable vs. non-
clickable components and icon categories [17].

These resources allow direct comparison among
models that evaluate on the same Rico-derived
detection tasks — for example, different CNN or
hybrid pipelines reporting precision/recall/F1 on
shared splits [4], [5], [17]. However, many papers
still use customized subsets, private annotation
schemes, or different label taxonomies, which
restrict cross-paper comparison even when the
underlying corpus is nominally the same.

Graphics-Driven and Canvas-Based
Benchmarks

In graphics-intensive and game-like
environments, benchmarks are built around pixel-
level regression and visual bug detection. The
HTMLS5 canvas study on visual bugs in games uses a
dedicated set of game screens and rendered frames
to evaluate pixel-diff and perceptual metrics for
detecting rendering anomalies and missing assets
[24]. Within this domain, comparisons are
meaningful across approaches that reuse the same
canvas/game dataset, but such datasets are rarely
adopted outside their original studies. As a result,
these benchmarks primarily support within-domain
comparison and offer limited leverage for evaluating
general-purpose GUI-testing pipelines.

Synthetic and GAN-Augmented Benchmarks

GAN-based augmentation studies focus on
constructing more diverse defect datasets from
limited real data [26], [27]. For instance, intraclass
augmentation is used to inflate the size and
variability of small defect datasets, demonstrating
improved robustness and generalization of defect
detectors compared to training on the original data
alone [27]. These synthetic benchmarks are effective
for within-paper ablation and sensitivity studies
(e.g., “with vs. without GAN-augmented data”), but
comparability across papers is weak because each
work typically defines its own generation process,
visual style, and evaluation split.

Reinforcement Learning Interaction
Environments
RL-based GUI testing is evaluated using

bespoke interaction environments and application
sets. DinoDroid, for example, is tested on 64 open-
source Android applications, allowing the authors to
zcompare coverage and bug-finding effectiveness
against random-testing baselines such as Monkey
within a consistent mobile benchmark suite [30].
WebRLED evaluates deep RL exploration on a set
of real-world web applications with repeated
experimental runs and statistical comparison against
competing tools [3].

These environments support solid intra-study
comparison (e.g., “our DRL agent vs. three baseline
tools on the same apps”), but cross-study
comparison is difficult because each work chooses
different applications, reward structures, and state
encodings. Even when benchmarks are publicly
released, differences in  configuration and
experimental protocol limit the direct comparability
of reported coverage or defect-detection rates.
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Multimodal and VLM-Based Benchmarks

Recent multimodal works construct datasets
that pair GUI screenshots with textual instructions,
scenarios, or requirements to evaluate semantic
grounding and test-generation correctness [19], [20],
[21], [22], [36]. Some benchmarks quantify success
in following natural-language tasks (e.g., “navigate
to the settings screen and enable Wi-Fi”) or in
generating GUI-level test cases that match
specification constraints. These setups enable
comparison among models that share the same
screenshot—instruction pairs, but current datasets are
small, heterogeneous, and often tailored to a single
tool or architecture. There is, at present, no widely
adopted multimodal GUI benchmark analogous to
Rico for mobile screens.

Unified Evaluation Frameworks

GUI Testing Arena represents one of the first
attempts to consolidate evaluation across multiple
GUI-testing tasks [18]. Its benchmark dataset
combines several sources of GUI defects and
interactions, including: 53 real-world applications
with recorded display and interaction issues, 79
artificially injected display defects and 26
interaction defects, and 6,421 display / 1,871
interaction defect instances derived from the AitW
corpus [18]. This composition allows unified
evaluation of detection, defect classification, and
exploration behavior under a shared protocol. Within
the Arena, models and agents can be compared
directly on common metrics and task definitions,
making it a key step toward standardized empirical
assessment.

However, even GUI Testing Arena does not yet
cover all modern paradigms — such as instruction-
following VLMs, LLM-guided DRL agents, or
cross-platform test orchestration — and thus cannot
currently serve as a complete unifying benchmark
for the field.

Across the reviewed studies, three conclusions
emerge:

— where comparison is possible:
direct comparison is feasible when models share the
same corpus and task definition (e.g., GUI-element
detection on Rico-derived datasets, or multiple
techniques evaluated under the GUI Testing Arena
protocol) [4], [5], [17], [18];

—where  comparison is not  possible:
comparisons are unreliable when datasets are
custom, synthetic, or partially overlapping, as in
many GAN-based augmentation studies, RL
environments, and multimodal setups with bespoke
GUI-text pairings [3], [21], [22], [26], [27], [30],
[35], [36];

— Where standardization is missing:
the field lacks a benchmark that jointly spans
perception, workflow exploration, and semantic
specification alignment across mobile, web, desktop,
and game interfaces; no canonical multimodal GUI
dataset exists, and evaluation protocols for LLM-
guided testing agents vary widely; this lack of
standardization is a major barrier to cumulative
progress and is itself a central finding of the present
review.

4.6. Experimental Verification of ViT-,
LLM-, and Multimodal Models

Recent advances in Vision Transformers, large
language models, and multimodal architectures have
introduced new forms of experimental validation
that differ substantially from those used for CNN-
based detection or RL systems. This subsection
synthesizes how these models are evaluated in
contemporary research, grounding each
methodological pattern in the empirical evidence
reported in the reviewed papers.

4.6.1. Verification of Vision Transformers

Vision Transformers have been evaluated
primarily on Rico-derived datasets and other
annotated mobile-interface corpora. Experiments
typically assess mean  Average Precision,
precision/recall, and loU-based segmentation
accuracy to compare ViTs with CNN baselines such
as YOLOv3, YOLOv5, SSD, or Faster R-CNN.
Studies consistently report that ViTs achieve higher
robustness under global layout variation and long-
range spatial dependencies, particularly when small
widgets or thin Ul elements are involved.
Generalization experiments — such as testing on
previously unseen applications or interface themes —
show that self-attention architectures suffer less
degradation under resolution shifts or non-uniform
padding than convolution-only models. This aligns
with broader findings that ViTs provide superior
structural understanding of interface composition,
although their adoption remains largely perception-
oriented rather than interactive or semantic.

4.6.2. Verification of LLM-Based GUI
Testing

Evaluation of LLM-guided GUI-testing systems
centers on instruction following, visual grounding,
and execution accuracy. ScenGen, for example,
reports mean GUI-element localization accuracy
improving from 80.79 % to 97.76 %, and in several
scenarios reaching 100 % after self-correction
mechanisms refine ambiguous element predictions.
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These corrections help resolve misidentifications
caused by visual ambiguity or icon similarity.

LLM-based reasoning is assessed by comparing
the model’s decomposed steps against gold-standard
test paths. In ScenGen’s evaluation, the system
successfully completes 84 of 99 multi-step scenario
tasks and shows substantially fewer abnormal
terminations than earlier LLM-based tools such as
ASOT or GPTDroid. This improvement is attributed
to multi-agent collaboration and iterative feedback
loops, which help the system recover from
unexpected interface transitions and heterogeneous
screen content.

Execution-grounded evaluation — running the
generated steps within a real app or web
environment — provides critical insights beyond
static reasoning tests. While LLMs may generate
plausible chains of thought offline, real execution
surfaces additional errors, such as misjudging task
completion when visual cues are ambiguous. For
example, ScenGen incorrectly detects login
completion when success indicators are implicit or
weakly expressed in the Ul. This highlights the gap
between textual reasoning and grounded perception.

Even when successful, LLM-based systems
incur measurable computational overhead. ASOT
and GPTDroid frequently exceed 11 minutes on
complex workflows, whereas ScenGen completes
comparable tasks in 4-5 minutes, albeit still slower
than classical tools due to multimodal inference
costs.

4.6.3. Verification of Multimodal Vision—
Language Models

Multimodal systems integrate  screenshot
analysis with natural-language reasoning, and thus
require evaluation protocols that link visual
grounding to semantic correctness. Studies test GUI-
understanding by pairing screenshots with textual
goals or requirements and measuring whether the
model selects the correct visual target, interprets task
constraints, and maintains internal consistency in its
reasoning [19], [20], [21], [22], [36], [38]. These
evaluations reveal a common pattern: perception and
reasoning are interdependent, and errors in either
modality propagate.

Scenario-based test generation experiments
show that multimodal models generate coherent
workflows only when the visual encoder provides
reliable element representations. When visual
ambiguity is present — such as icon similarity or
clutter — models may hallucinate steps or skip
mandatory transitions, similar to the failure cases
observed in ScenGen’s mislocalized-icon examples.
Multimodal systems also struggle with implicit state

changes that lack clear visual feedback, mirroring
the challenges observed in LLM-only evaluations.

Oracle construction is another emerging
evaluation dimension: models are asked to predict
expected outcomes based on a screenshot—
instruction pair. Early results indicate that such
semantic oracles remain brittle, as models may
overgeneralize or misinterpret Ul context, especially
when dealing with atypical layouts or non-standard
design systems.

Across studies, perceptual-semantic
consistency tests suggest that multimodal systems
perform well when inputs are clean and conventional
but degrade under stylistically diverse or highly
interactive Uls.

4.6.4 Verification of Multimodal
Language Models

Vision—

Quantitative evidence across papers reveals
distinct strengths and constraints. ViTs consistently
outperform  CNNs in  structural perception,
especially for small components and complex
layouts [17], [4]. RL systems provide measurable
improvements in  workflow exploration: in
DinoDroid, the DQN agent selects expected events
85.2 % of the time, compared with 51.6 % for
random exploration, while leveraging child-state
features increases optimal path selection to 81.2 %,
significantly surpassing random baselines. Coverage
gains also demonstrate practical benefits: adding
login-handling raises coverage on k9-mail from 7 %
to 40 % within one hour.

Meanwhile, multimodal LLM-guided systems
demonstrate strong semantic reasoning but remain
vulnerable to visual ambiguity, incomplete feedback,
and computational overhead. They improve task-
completion accuracy dramatically — as illustrated by
ScenGen’s 84/99 success rate — but still require
robust visual cues to avoid hallucinations or
premature termination.

4.6.5. Summary

Experimental verification of modern GUI
testing models shows a clear methodological
divergence. ViTs excel in structural perception; RL
agents in exploratory interaction; and multimodal
systems in semantic task reasoning. However, each
class faces characteristic limitations: ViTs require
large annotated corpora, RL agents struggle with
heterogeneous app designs and large state spaces,

and multimodal models remain sensitive to
ambiguous Ul signals and incur  higher
computational costs.  Across all categories,

execution-grounded evaluation proves essential, as
offline metrics consistently overestimate real
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performance. These findings reveal both the
potential and the current constraints of advanced
GUI-testing methods and provide a foundation for
the future research directions outlined in the next
subsection.

4.7. Planned Applications in Author’s Future
Work

The insights obtained from this review directly
inform the next steps of the author’s research
agenda. The planned work focuses on contributions
that are both scientifically meaningful and feasible
for an individual researcher, with an emphasis on
incremental benchmark development, lightweight
hybrid prototyping, and systematic evaluation

protocols.

4.7.1. Contribution to a Standardized
Multimodal GUI Benchmark

Rather than constructing a large, fully
comprehensive  benchmark — which requires

coordinated multi-institutional effort — the author
aims to contribute modular benchmark components
that can expand existing resources.

Future work will focus on:

—creating a small but carefully annotated
multimodal subset (e.g., 200-500 screenshots);

— labeling GUI components, clickable targets,
and layout relations;

— pairing each screenshot with a set of natural-
language task descriptions;

— providing ground-truth action sequences for a
small number of representative workflows.

Such a contribution can serve as:

—a benchmark extension to Rico- or UIED-
derived datasets;

—an initial
multimodal datasets;

—a fully reproducible reference subset for
evaluating vision—language alignment.

Even a small well-annotated multimodal dataset
is valuable because no public GUI dataset yet
contains aligned screenshots + instructions +
execution traces.

4.7.2. Prototyping a Lightweight Hybrid
ViT-LLM Pipeline

Future research will focus on building a
lightweight prototype that integrates:

—an off-the-shelf Vision Transformer
element detection or layout embedding);

—a small instruction-following LLM (e.g., 7B
range) to generate test steps conditioned on visual
features.

seed for future large-scale

(for

The planned prototype will:

— use frozen pretrained models to avoid heavy
training workloads;

—explore simple concatenation or projection-
based fusion strategies;

—evaluate whether hybridization improves
semantic grounding compared to LLM-only
baselines.

Expected contributions:

— evidence on whether ViT embeddings reduce
hallucinated steps;

—initial  guidelines  for  simple and
computationally tractable fusion of perception and
reasoning;

—a reproducible reference implementation for
the community.

4.7.3. Creation of an Execution-Grounded
Evaluation Protocol

Developing a standardized protocol for
evaluating GUI-testing models in execution
environments.

This protocol will define:

— a set of common interaction tasks (e.g., login,
open settings, navigate menus);

— expected sequences of GUI actions for each
task;

—rules for scoring success, failure, partial
correctness, and step deviations;

—an open-source evaluation harness reusable
by other researchers.

Such a protocol addresses a major gap
identified in this review: the lack of shared
evaluation conventions for LLM-, VIiT-, and
multimodal GUI-testing pipelines.

Even a minimal protocol  improves
comparability across studies and provides a
foundation for future standardization efforts.

4.7.4. Expected Outcomes and Research
Contributions

Through the incremental work described above,
the author expects to achieve several valuable
contributions:

—a publicly shared multimodal
benchmark, enabling reproducible experiments;

—a baseline hybrid ViT-LLM prototype,
demonstrating measurable improvements in visual
grounding;

—a standardized execution-based evaluation
protocol, reducing fragmentation across GUI-testing
studies;

mini-
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— comparative empirical analysis of existing
and prototype models using the same evaluation
pipeline;

— open-source scripts and annotation tools to
facilitate community adoption.

These contributions directly address the
methodological gaps identified previous sections —
especially the scarcity of multimodal datasets, lack
of standardized evaluation, and the need for
integrated perception—reasoning.

5. DISCUSSION OF RESULTS

The results of this systematic review reveal a
rapidly evolving field in which computer vision,
deep learning, reinforcement learning, and
multimodal reasoning converge to reshape
automated GUI testing. While earlier sections
documented historical development, taxonomies,

empirical strengths, limitations, and emerging
verification practices, the present discussion
interprets  these results from a  broader

methodological and conceptual perspective. Several
themes emerge that clarify both the technological
trajectory and the underlying scientific challenges of
vision-based GUI quality assurance.

5.1. Convergence toward Human-Like
Perceptual and Semantic Testing

One of the most prominent patterns across the
reviewed literature is the gradual shift from low-
level perceptual checks toward increasingly human-
like analysis of interface semantics. The field has
moved from template-based matching and
handcrafted CV features to CNNSs, then to ViTs, and
finally to VLMs and LLM-guided testing.

Each transition reflects an expansion in
representational depth:
—CNNs improved perceptual fidelity but

lacked semantic abstraction;

— VIiTs enabled global structural understanding
of layout and component relationships;

— LLM-guided and multimodal agents
introduced reasoning about goals, workflows, and
specifications.

This trajectory suggests that GUI-testing
research is now defined less by the ability to see
interface elements and more by the ability to
interpret them. The integration of textual
instructions, scenario descriptions, and domain
knowledge into testing flows marks a conceptual
shift from static artifact-based QA to cognitive
testing systems capable of aligning observed
behavior with intended system functionality.

5.2. Fragmentation in Evaluation Practices
and Its Implications

The Results section
evaluation setups across
heterogeneous, especially for RL-based and
multimodal models. From a methodological
standpoint, this fragmentation implies that the field
currently lacks a stable empirical foundation:
detection models can be compared when they share
datasets, but RL agents use divergent environments
and reward functions, and VLM/LLM-based
systems rely on custom instruction sets and private
benchmarks.

This heterogeneity creates a dual challenge: it
limits the reproducibility of published findings and
complicates the accumulation of evidence across
studies. The absence of standardized multimodal
datasets — particularly those pairing GUI screens
with textual goals and execution traces — further
restricts  objective  evaluation of  semantic
groundedness. As a result, even promising models
cannot yet be meaningfully compared across
independent research groups.

The implications are clear: methodological
standardization is a prerequisite for scientific
progress. The recent introduction of GUI Testing
Arena is encouraging, but its scope remains limited
to perception-oriented tasks. Broader multimodal
benchmarks will be essential for evaluating the next
generation of GUI-testing systems.

5.3.  Interdependence  of
Exploration, and Reasoning

demonstrated that
studies are highly

Perception,

The results also reveal strong interdependencies
across the three major capability dimensions of GUI
testing:

1) perception (e.g., element detection, layout
understanding);

2) exploration (e.g.,
state-space traversal);

3) semantic  reasoning
following, scenario consistency).

Failures in any one layer propagate to the
others. Multimodal systems hallucinate steps when
visual grounding is weak; RL agents stall when
perception fails to detect interactive components;
ViT-based detectors correctly parse layout but
cannot reason about user intent.  This
interdependence  suggests  that  incremental
improvements in isolated components will bring
diminishing returns unless paired with integrated
perception—reasoning architectures.

Consequently, the most promising research
direction indicated by the review is not the

RL-based navigation,

(e.g., instruction
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refinement of single-method families but the design
of hybrid pipelines that combine complementary
strengths — e.g., ViT-based perception with LLM-
based reasoning — while mitigating their shared
limitations through closed-loop execution feedback.

5.4. Practical Feasibility and Emerging
Trends in Real-World Adoption

The results highlight an emerging tension
between scientific advances and practical usability.
ViTs and multimodal models offer unprecedented
accuracy and semantic richness yet introduce
substantial computational and engineering overhead.
RL-based systems achieve meaningful coverage
improvements but require extensive training time,
environment setup, and reward tuning. Meanwhile,
classical tools such as Applitools or pixel-
differencing remain dominant in industry due to
their simplicity and reliability, even though they lack
semantic depth.

This divergence suggests that real-world
adoption of advanced GUI-testing pipelines depends
not only on accuracy or reasoning capability but also
on pragmatic constraints such as:

— inference latency;

— integration into CI/CD pipelines [39];

— reproducibility of results;

— ease of configuring test environments.

The field’s future growth will therefore require
models that balance cognitive capabilities with
operational practicality — a challenge well suited to
lightweight hybrid architectures and modular
benchmark contributions.

5.5. Broader Implications for the Research
Community

The synthesis of results indicates several
broader implications for GUI-testing research:

—the field is transitioning from meaningfully
contribution, where models are expected not only to
detect defects but also to explain, reason, and
validate behavior;

— standardization gaps impede progress,
making community-driven benchmarks an urgent
priority;

— integration of perception, reasoning, and
execution appears essential for achieving robust,
real-world performance;

— cross-platform generalization remains an
open scientific challenge due to variability in visual
design systems, interaction patterns, and layout
conventions;

—the increasing use of LLM-based models
aligns GUI testing with broader trends in explainable

Al, multimodal learning, and user-centric software
verification.

Together, these implications position vision-
based GUI testing as a multidisciplinary research
domain at the intersection of computer vision,
natural-language processing, software engineering,
and human—computer interaction.

Overall, the results demonstrate that vision-
based GUI testing has achieved substantial progress
in perceptual accuracy, exploratory testing, and
semantic interpretation, yet still faces critical
barriers to standardization, reproducibility, and
cross-platform  robustness.  The  field s
technologically advanced but methodologically
fragmented. Addressing these issues through hybrid
architectures and systematic evaluation frameworks
will be essential for establishing a coherent, scalable,
and scientifically grounded pathway forward.

CONCLUSIONS

This systematic review traced the evolution of
vision-based GUI testing from early image-matching
systems such as Sikuli toward contemporary
approaches based on deep convolutional detectors,
generative augmentation, reinforcement-learning
agents, Vision Transformers, and multimodal
vision-language models. The historical mapping
synthesized in this work highlights a coherent
technological trajectory: from brittle perceptual
techniques to increasingly integrated pipelines
capable of structural understanding, exploratory
behavior, and semantic alignment with natural-
language specifications.

A structured taxonomy was developed that
organizes existing methods along three dimensions —
technique, task, and application domain. This
taxonomy articulates how classical CV, CNN-based
detectors, GAN-driven augmentation, RL-based
interaction models, ViTs, and multimodal
architectures address distinct categories of GUI-
testing problems. It also clarifies the boundaries and
complementary strengths of these approaches,
showing that no single family of techniques is
sufficient for comprehensive GUI quality assurance.
Instead, effective systems emerge from combining
perceptual  robustness,  dynamic  interaction
capabilities, and high-level reasoning.

The review further identified several recurring
challenges. Dataset scarcity remains a significant
obstacle, particularly the absence of standardized
multimodal datasets that pair screenshots with
natural-language instructions and action sequences.
Evaluation practices are fragmented across studies,
limiting comparability and reproducibility. Cross-
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platform generalization continues to be difficult due
to substantial visual and structural variability in
mobile, web, desktop, and game interfaces. These
limitations were examined in the chapter 4.6
Experimental Verification, which consolidated
empirical findings from studies on ViTs, RL agents,
and multimodal architectures.

The evidence shows that:

—ViTs outperform convolutional models in
capturing layout structure and small interactive
components, especially under resolution shifts and
non-uniform padding;

— RL agents demonstrate measurable gains in
workflow exploration, outperforming random
baselines and improving coverage when they
incorporate child-state features or environment-
specific heuristics;

— LLM-based and multimodal systems achieve
high task-completion rates in scenario-based testing
but struggle when visual feedback is implicit,
iconography is ambiguous, or screen transitions are
unconventional.

Across all categories, execution-grounded
evaluation proved essential: systems that perform
well in static or offline analyses often degrade in real
application contexts, underscoring the need for
standardized, interaction-level benchmarks.

Despite these challenges, the analysis also
reveals consistent advances. Deep-learning detectors
provide robust high-fidelity perception; generative
models improve data diversity; RL agents achieve

meaningful gains in workflow exploration; and
multimodal  reasoning  introduces  semantic
interpretability and specification alignment. These
capabilities collectively suggest that vision-based
GUI testing is transitioning toward more “human-
like” forms of analysis, where models integrate
perception, behavior, and semantic understanding.

As outlined in chapter 4.7 Planned
Applications, several targeted research directions are
both feasible and strategically aligned with the gaps
identified in this review. These include contributing
modular multimodal benchmark subsets, developing
a lightweight hybrid VIiT-LLM prototype to
examine  perception-language  coupling, and
designing an  execution-grounded evaluation
protocol to improve cross-study comparability. Such
contributions  address the core limitations
highlighted across the surveyed literature and
support the field’s movement toward methodological
consolidation.

In summary, vision-based GUI testing has
progressed into a mature yet still rapidly evolving
research domain. Its future development will likely
depend on hybrid perceptual-semantic architectures,
richer ~multimodal benchmarks, and unified
evaluation practices. The insights synthesized in this
review provide a consolidated reference point for
these efforts and chart a clear research trajectory
toward more robust, interpretable, and generalizable
GUI-testing systems.
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AHOTANIA

3abe3mnedeHHs] HAIMHOCTI Ta aganTUBHOCTI rpadiunux intepdeiicie kopuctyBaua (GUI) cramo ogHuM i3 KITIOUOBHX BHKIHUKIB
Cy4acHOTO KOHTPOIO SKOCTI MPOrpaMHOro 3a0e3MeUeHHs], OCKUTPKM Cy9acHi 3aCTOCYHKH Je/alli OUIbIIE CITUPAIOTHCA HAa Bi3yallbHO
HacHYeHi, JUHAMIYHI Ta KpocmuiaThopMeHHi cmocobu Biaemomii. Tpamumiiiai ckpunroBi Ta DOM-3anexHi METOIM TECTYyBaHHS €
KPUXKUMH Ta 3aTPaTHUMHU B OOCITyrOBYBaHHI, a/pKe HaBiTh HE3HAYHI 3MiHHM B MaKeTi MOXKYTh 3HEILIIHIOBATH 3HAYHY YaCTUHY TECTOBHX
creHapiiB. L[i oOMexXeHHsI CTUMYNIOBAIH 3aCTOCYBAaHHS METOIB KOMIT IOTEPHOIO 30py Ta IITYYHOTO IHTENEKTY, SIKi JO3BOJISIOTH
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onintoBatt GUI Ge3mocepennbo 3a 300pakeHHAMH, 3a0e3nedyioun OifbIl THYYKY, CTIHKY Ta ‘TIIOJMHONOAIOHY” MepeBipKy
iHTepdeiiciB.

MeTor0 IIBOr0 JOCIIPKEHHSI € CHCTEMaTH3allisl CyJacHHX IIiIXoAiB A0 BizyamsHoro tecryBanus GUI Ta BH3Ha4YeHHS TOro, SIK
MYJIBTUMOJIATIbHI I MOBHO-OPI€HTOBaHI MOJIEN 3MIiHIOIOTH MiIXomu 1o 3abe3medeHHst skocTi. Orisi BUKOHAHO SK CTPYKTYpOBaHE
BHBUCHHS aKaJEeMIYHHX 1 TNPOMHCIOBHX mkepen 3a mepiox 2010-2025 pp. AHami3 y3arajgbpHIOE pe3ynbTaTH y MeKax IISTH
TEXHOJIOTIYHMX HANpsAMIB: KIACHYHI METOOu OOpoOKHM 300pakeHb, IMOOKI HEHPOHHI JETEeKTOpPH, TE€HEpaTHUBHI MOJeNi Ul
CHHTETHYHOTO 30aradeHHs! JaHUX, areHTH 3 IiJKPIIUICHIM HAaBYaHHSM JJIsI aBTOHOMHOT'O JIOCHiDKEHHs iHTepdeiiciB Ta TpaHchopMmepHi
MYJIBTUMOJAIBHI CHCTEMH 3 iHTErPOBAaHMMH BEJIMKAMH MOBHUMH MozeisiMH. OKpeMo y3aralbHEHO eKCHEepPUMEHTAIbHI pe3yIbTaTH
II0JI0 Bi3yaJIbHUX TpaHC(OPMEPIB, BETUKUX MOBHHX MOJIEIE-KEPOBAHIX CHCTEM i MYITbTHMOAIIBHIX MOJIETIeH.

OTpuMaHi pe3yiIbTaTH JEMOHCTPYIOTh CTaly TEXHOJOIIYHY €BOJIOLIIO: Bl PAaHHBOIO 3iCTaBIEHHS 300paKeHb — MO
BHCOKOTOYHOT'O BHSIBIICHHS €JIEMEHTIB, IHTEpaKTUBHOI HaBirarii Ta cemantudaoro TaymaueHHst GUI wepes npupoary MoBy. EMmiprdani
JIaHi 3aCBITIYIOTh, 10 Bi3yaJbHUX TPAHCHOPMEPH IiICHITIOIOTH CTPYKTYPHE CIIPUIHSATTS, areHTH Ha OCHOBI HABYAHHSI 3 i IKPITUICHHSIM
PO3IIMPIOIOTH OKPHTTS CLEHAPIIB, a MyJIGTHMOAAIBHI MOJIENI HAaONIKalOTh TeHepamio TECTiB JI0 JIFOJCHKHUX MPUHIMIIB MUCICHHS.
BonHovac BusBIEHO HHM3KY NpoOIeM: HecTady JaTaceTiB, 30KpeMa MYIBTHMOJAIBGHHX; (parMEeHTOBAHICTh KPHUTEPIIB OMIHIOBAHHS,
KpocIutaT(opMeHHY MIHJIMBICTb Ta 3HAYHI O0YHCITIOBATIBHI BUTPATH MYJTETIMOIATBHUX MOJIENIEH.

3aranom BisyansHe TecryBaHHsS GUI (opMyeTbest sIK KOTHITHBHO Opi€HTOBaHa IapajaurMa 3a0e3redeHHs sSKOCTI, 0 TOETHYE
CIIPHUIHSATTS, TIOBE/IIHKOBY B3a€MOJII0 Ta CEMaHTHYHe MipKyBaHHs. HOBH3Ha IOCIIDKEHHS TOJISTae y 3alpoIrloHOBaHii yHi(iKoBaHii
TAKCOHOMIii METO[[iB, CHCTEMaTH30BAHOMY IIJICYMKY €MIipHYHHX Bepudikamiii Ta OKpecleHHI NMPAKTHYHHX HampsiMiB MaHOyTHIX
JociipKeHb. L{i BHeCKH MaroTh IPaKTHYHY I[iHHICTB [T i IBUIIIEHHS BiATBOPIOBAHOCTI, HAIIHHOCTI Ta METOIOJIONTYHOI Y3TO/KEHOCTI B
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