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Abstract. This material presents a comprehensive scientific aralydoal overview of the current
state and strategic perspectives of neural network technologies, based on the results of the XXIV Internation:
Scientific Conference fdANeural NetivNbiITAR 0 ZB8 0 hndlhedg
systematicallyexamines fundamental, applied, cognitive, educational, and ethical dimensions of artificial
intelligence (Al), offering an integrated perspective on the emergence of a new-secralgparadigm.
Particular attention is given to the transition from clasdi computational models to physicaihformed
neural networks, muHlagent systems, digital twins, adaptive control architectures, and biomedical Al
applications. The work highlights how contemporary Al contributes to the development of noonomic
approacles, where intelligence, meaning, and values become core drivers of societal inndvetioraterial
further explores the profound influence of Al on education, academic integrity, and the formation of a new
generation of researchers. It addresses glold@llenges such as ethical risks, the need for regulatory
frameworks, the importance of open scientific ecosystems, and equitable access-gerfbighance
computing resources. The document articulates a coherent vision for future scientific reseandjoni
collaboration, and the practical integration of intelligent systems into manufacturing, robotics, medicine, and
socichumanitarian domains. As such, it establishes methodological guidelines and conceptual foundations
for the longterm developmentf Al in the coming decades.

Keywords:artificial intelligence, neural network technologies, deep learning, ragiint systems,
digital twins, Industry 5.0, cognitive models, noonomics, Al ethics, intelligent educational systems.
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Kovalevskyy S.(Donbas State Engineeriricademy, Kramator$i ernopil, Ukraine) Mester G.
(University of Szeged, Szeged, Hungddgsic P.(Engineering Academy of Serbia (IAS),
Belgrade, Serbia)

NEURAL NETWORK TDRIVEN TRANSFORMATION OF HIGHER EDUCATION
TOWARD AN INTELLIGENT EDUCATIONAL ECOSYSTEM OF THE FUTURE.

Abstract. This paper examines the transformation of higher education through neural network
technologies and artificial intelligence, focusing on intelligent educational ecosystems. The research analyze
how deep learning architastes reshape pedagogical practices, assessment methodologies, and knowledge
creation in contemporary universities. Employing systems analysis, cybernetics, and scientometric analysis ¢
over 300 publications, the study investigates the transition fronitiadl linear knowledge transfer to
dynamic Alaugmented learning ecosystems. Special attention is devoted to Ukraine, where educational
innovation occurs under armed conflict and resource constraints, demonstrating neural networks as catalyst:
for educatonal resilience. The research identifies three dimensions of the neural intelligence divide:
infrastructuratcomputational access, neural literacy competency, and sociocuétivigial barriers. Novel
metrics include an AEnhanced EducationgbcientificProductivity Index and an Index of Neural Network
Enhanced Practical Knowledge Integration. ThR®AR-N quadrad model (Accessibility, Quality, Recognition,
Neural Intelligence) provides a framework for sustainable intelligent educational systems. Firediegls
that 21stcentury educational effectiveness depends on institutional capacity for neural netvaditled self
organization, Aldriven adaptation, and international integration through shared machine learning
infrastructure. The research demonstratesw intelligent laboratories implementing educatibnough
research principles, augmented by Al assistants and digital twins, create pathways toward the intelligent
educational ecosystem of the future.

Keywords: neural networks, artificial intelligencegducational ecosystem, deep learning, digital
transformation, higher education, adaptive learning, algorithmic ethics
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Higher education stands at a critical crossroadie University, as we have known it for
centuries, is undergoing a transformation so profound that it challenges our fundamenta
understanding of what it means to teach, learn, and create knowledge. We are witnessing th
emergence of a new paradignone poweed by neural networks and artificial intelligedcthat
dissolves the rigid boundaries between formal instructionsfoional learning experiences, and the
informal acquisition of knowledge that happens organically in our increasingly connected world.
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Thistransformation leverages the patteecognition capabilities of neural networks to create
adaptive learning pathways, personalized educational experiences, and intelligent systems that ¢
predict student needs, optimize curriculum design, and faciliiatsvledge discovery in ways
previously unimaginable. The intelligent educational ecosystem is not happening in isolation or in
some idealized laboratory setting. It is unfolding in #t@ak, across continents and cultures,
reshaping the landscape of edtion through deep learning algorithms, natural language processing,
and cognitive computing architectures. And perhaps nowhere is this transformation more dramatic
more urgent, and more inspiring than in Ukréireenation that finds itself reimagining exiion not
despite unprecedented challenges, but in many ways because of them.

Innovation Born from Adversity: Neural Networks as Catalysts

Ukraine's educational journey presents us with a compelling paradox. Here is a country
grappling with war, experi@ing mass migration on a scale not seen in Europe for generations, and
operating under severe resource constraints that would cripple many systems. Yet rather tha
collapsing under these pressures, Ukrainian higher education is actively particigatamg in some
ways leading the global transformation toward neural netwdrkven, intelligent ecosystetmased
learning.

The engineering schools of Ukraine are becoming laboratories for a new kind of education,
one that honors the deep traditions of techrezakllence that have long defined Eastern European
technical education while simultaneously embracing cutithge neural architectures, convolutional
networks for pattern recognition, recurrent networks for sequential learning, transformer models for
language understanding, and the principles of open science enhanced by machine intelligence. Th
synthesis is not merely theoretical. It is happening now, in classrooms and laboratories across tt
country, creating what might be called the intelligent ecesysif the futurd a living, breathing
network of knowledge creation and exchange powered by neural computation.

More Than Just Technology: The Neural Infrastructure Challenge

As we move deeper into the age of artificial intelligence, we have discovetéleltancept
of a "digital divide" extends into a "neural intelligence dividldar more complex than we initially
imagined. It is not simply a matter of who has computers and who does not, but who has access
neural network infrastructure, training capdies, and Atpowered educational tools.

The divide manifests across three distinct but interconnected dimensions, each presenting it
own challenges and requiring its own solutions.

The first dimension is infrastructural and computational. Even irsopposedly connected
world, access to highpeed internet, GPU clusters for neural network training, and contemporary
computational resources capable of running sophisticated Al models remains shockingly unequa
Students in major urban centers may enjogeas to cloudbased neural network platforms, pre
trained transformer models, and powerful edge computing devices, while their peers in rural area
struggle with intermittent connectivity and hardware incapable of running even basic machine
learning applations. This infrastructure gap creates a fundamental inequality in educational
opportunity that no amount of pedagogical innovation can fully overcome.

The second dimension concerns neural literacy and Al competency. Understanding how
neural networks lea, how to train models ethically, how to interpret Al outputs critically, and how
to leverage these tools effectively exists on a spectrum. Among both educators and students, we fir
enormous variation in the ability to work with neural architecturesgnstand backpropagation and
gradient descent, or critically evaluate-@gdnerated content. Some faculty members have embraced
neural network tools with enthusiasm, transforming their teaching practices through intelligent
tutoring systems and Adugmenteéssessments. Others find themselves overwhelmed, struggling to
understand concepts like attention mechanisms, embeddings, or transfer learning that their studer
may grasp intuitively, creating a generational and experiential gap that can undermirmerting le
process.
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The third dimension is perhaps the most subtle but also the most significant: the sociocultura
and ethical barriers to neural netwaliiven education. These include concerns about algorithmic
bias, fears of dehumanization through autoamtresistance to Al assessment systems perceived as
lacking nuance, and broader anxieties about machine intelligence replacing human judgment. The
include questions about data privacy when learning systems continuously collect behaviora
information to tain their models. And they include a reluctance toward Bbackdecisioamakingd
the challenge that even sophisticated neural networks often function as opaque systems whose inter
reasoning remains difficult to interpret or explain.

The Changing Role 6 Educators in a Neural Network-Powered World.

Neural networks and Adliriven adaptive learning platforms are fundamentally reshaping what
it means to be an educator. The traditional role of the teacher as the primary transmitter o
knowledg® the sage on th st age, a s 0 is heeomingl obsoléte® notgjustebecause
information is ubiquitous, but because neural networks can now personalize that information delivery
adapt to individual learning styles, and provide immediate, contextualized feedbealeat s

Educators are thus evolving into architects of intelligent learning experiences, trainers of Al
teaching assistants, and interpreters who help students understand not just subject matter but also h
to work alongside artificial intelligence. They dmne designers of neural netwarkhanced
curricula, mentors who guide students through the ethical implications of Al, and coaches who hely
develop Al literacy the ability to understand when to trust machine intelligence, when to question
it, and how to raintain human agency in an-Augmented world.

This transformation opens up exciting possibilities, but it also introduces significant risks.
There is a very real danger that in our rush to embrace neural network efficiency and scalability, we
might lose vhat has always been most valuable about education: its humanistic dimension. Critical
thinking cannot be reduced to a classification algorithm. Creative freedom resists the optimizatior
functions that neural networks employ. Academic integrity requiregnmedt, context, and an
understanding of human motivation that no artificial intelligence, however sophisticated its
architecture, can fully replicate.

We must ask ourselves: How do we harness the power of neural networks and deep learnin
to enhanceducation without reducing it to mere pattern matching? How do we scale personalized
learning through Al without losing the irreplaceable human connection? How do we use intelligent
systems to handle routine cognitive tasks so educators can focus onatteas mosi developing
wisdom, ethical reasoning, and the uniquely human capacities that no neural network can simulate

[

The Challenge of Recognition in a Neural Networkv/alidated Landscape

The neural networklriven transformation of education has giviese to an explosion of new
credential forms validated by Al systems. Mian@dentials promise to capture specific competencies
more precisely than traditional degrees, often assessed through neural +ietsentk skill
verification. Digital badges offer sual, shareable representations of achievements validated by
machine learning models that analyze project portfolios, code repositories, and demonstrate
capabilities. Online certificates from prestigious institutions can be earned from anywhere in the
world, with neural networks monitoring engagement, detecting potential academic dishonesty, anc
adapting assessment difficulty in reghe.

Al-powered credential platforms can now analyze learning trajectories across multiple
institutions, creatingcomprehensive skill profiles that transcend traditional transcripts. Neural
networks can predict competency equivalencies across different educational systems, potentiall
solving recognition challenges that have plagued international education for decades

This proliferation creates opportunity but also new challenges. How do we ensure that neura
network assessment systems are free from bias? What does ecredzntial validated by one
institution's Al system mean in relation to a similar one validayeahother? How should employers
trust neural networgenerated skill assessments? The mechanisms {fdrividn comparability and
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accreditation remain in development, requiring new frameworks for algorithmic transparency and
standardized validation protdso

For Ukraine, this challenge takes on additional significance. The country must integrate itself
into European quality assurance systérifse European Standards and Guidelines for Quality
Assurance (ESG), the European Qualifications Framework (EQR}utlopean Credit Transfer and
Accumulation System (ECT8)while simultaneously building neural network infrastructure for
credential validation and preserving its national scientific identity. This requires developing Al
systems that can bridge different edtional traditions while maintaining cultural and pedagogical
specificity.

A Methodological Approach: Neural Network Analysis of Educational Systems

To understand these complex dynamics, we employed afacdtied research methodology
drawing on systemanalysis, cybernetics, pedagogical ergonomics, neural network modeling, and
the theory of complex adaptive systems enhanced by machine learning techniques. Education, aft
all, is not a simple linear process but a complex adaptive systera that resporsto stimuli in non
linear ways, exhibits emergent properties not predictable from its individual components, and
continuously evolves in response to its environ@esttaracteristics that make it ideally suited for
analysis through neural network architeéetidesigned to capture complex, flioear relationships.

Our investigation employed neural netwdrésed content analysis of over three hundred
scholarly publications indexed in Scopus and Web of Science, using natural language processing al
topic modeing to identify patterns and emerging themes. We utilized deep learning models for
scientometric analysis to identify trends in the research literature itself, employing recurrent neura
networks to detect temporal patterns and transformer architecturemderstand semantic
relationships between concepts. We conducted neural neambdnced comparative analyses of
educational systems in Ukraine, Hungary, and Sérthaee postSoviet or possocialist nations
navigating similar challenges but followingrsewhat different patids using clustering algorithms
to identify similarities and differences. And we performed expert evaluations augmented by Al
analysis of fifteen engineering educational programs according to European quality assurance criteri;
with neual networks helping to identify patterns that might escape human observation alone.

From Linear Knowledge Transfer to Neural Network-Mediated Dynamic Ecosystems

This research revealed a fundamental shift in the structure of education itself, onertivat mir
the architectural principles of neural networks. The classical model of education, which has
dominated for centuries, follows a linear chain: the educator possesses knowledge, transmits it to tt
student through lectures and readings, and then assesmgher the student has successfully
absorbed it through examinations and assignments. This model treats knowledge as a commodity
be transferred, students as receptacles to be filled, and education as a production process with inp
and outputs.

The emerging intelligent ecosystem model operates on entirely different prirdciples
principles that parallel how neural networks learn and process information. Here, education is
understood as a mulyered, interconnected network of nodes and pathdvaysompex web of
relationships in which educators, students, artificial intelligence systems, industry partners, anc
global knowledge networks engage in continuous bidirectional exchange of information and
competencies, much like the forward and backward prajega neural network training.

In this ecosystem, knowledge is not transmitted butreated through processes analogous
to neural network learning: exposure to examples, pattern recognition, error correction througt
feedback, and gradual refinementatingh iteration. Students are not passive recipients but active
nodes in a learning network, each contributing their unique patterns and perspectives. Learnin
happens not in isolation but through connection, collaboration, and contributistibuted
cogrition that mirrors the distributed processing of neural networks.

The neural network metaphor extends deeper: just as deep learning systems contain multipl
hidden layers that extract progressively more abstract representations, the intelligent education:
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ecosystem supports multiple levels of knowledge abstraction, from concrete skills to theoretical
principles to metaognitive awareness. Just as neural networks employ attention mechanisms to
focus on relevant information, Adnhanced learning platformeglp students and educators identify
what matters most in vast information landscapes. And just as transfer learning allows neura
networks to apply knowledge gained in one domain to new problems, the ecosystem facilitates th
transfer of competencies acsadisciplines and contexts.

Education Through Al-Augmented Research

The practical implementation of this neural netwdrksen ecosystem model can be seen in
nextgeneration intelligent laboratories. Within the frameworks of projects likeL&SS(Intelligent
Control Systems Laboratory) and MROMb (Magnetoresonance and Materials Research
Laboratory), a new principle has taken root: education througkuginented research.

Students are not merely learning about scientific concepts in the abstract;etatiaely
engaging with real research questions using neural nefpamwikered tools and methodologies. In
these laboratories, students work with sophisticated simulators enhanced by generative adversar
networks that can create realistic synthetic datar&ining. They interact with digital twidsvirtual
replicas of actual production systems that use neural networks to model complex physical phenomer
and predict system behavior. They develop and train their own machine learning modules using
frameworkdike TensorFlow and PyTorch to solve reabrld problems. They use Python with neural
network libraries to implement computer vision systems, natural language processing applications
and reinforcement learning algorithms for robotic control. They emplge language models and
specialized Al assistants to model technological processes, exploring how transformer architecture
and attention mechanisms can augment human predérmg capabilities.

Students learn to work with convolutional neural netwdiksimage analysis, recurrent
networks for timeseries prediction, and graph neural networks for modeling complex system
interactions. They experiment with neural architecture search to automatically design optimal
network structures for specific problenThey explore explainable Al techniques to understand how
their trained models make decisions, developing critical thinking about algorithmic transparency anc
bias.

To measure the effectiveness of this approach, we developed an Index of Neural Network
Enhanced Practical Knowledge Integration, which quantifies the ratio of students actively engaged ir
projects utilizing Al, neural network development, virtual and augmented reality enhanced by
computer vision, and intelligent digital twins to the total stug®pulation. When this index exceeds
unityd when each student is participating in multiple -aAigmented research directions
simultaneously we know that neural netwoitkriven, researchased learning has truly become the
norm rather than the exception.

Measuring Quality in the Neural Intelligence Age

How do we measure the quality of education in this new intelligent ecosystem? Traditional
metric® graduation rates, employment statistics, student satisfaction séirtedlyss something, but
they cannot capterthe full picture of neural netwonhanced learning. We need new ways of
understanding educational effectiveness that reflect the multidimensional natureawgménted
education in a digitally networked environment.

One approach is through an-Ehharted EducationaGcientific Productivity Index, which
combines multiple indicators into a composite measure of institutional performance in the neura
network era. This index incorporates traditional research metrics enhanced by Al analysis: the rati
of publications to faculty members analyzed for impact using neural netvas®&d citation
prediction models, weighted by 0.25. It includes the institutionfsdéx relative to comparable
institutions, augmented by machine learning models that predict fesgarch trajectory, weighted
by 0.25 to reflect the importance of research quality and momentum.

But the neural intelligence age demands new metrics. The index also includes a Neura
Network Literacy Score measuring the proportion of graduates demorgsipadictical competency
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in developing, training, and deploying machine learning systems, weighted by 0.20. It accounts fo
Al Integration Deptb the extent to which neural networks are embedded throughout the curriculum
as tools for learning enhancement,eagssnent, and knowledge discovery, weighted by 0.15. And it
measures Algorithmic Ethics Compete@cgvidence that students can critically evaluate Al systems,
identify bias, and reason about the societal implications of artificial intelligence, weightetbby 0

This kind of composite, Ainformed index has its limitatiodsno single metric can fully
capture educational qualdybut it provides a more nuanced picture than any individual measure
alone. It recognizes that quality in higher education emerges thhemntersection of teaching,
research, neural network literacy, and ethical awareness about artificial intelligence.

Resilience Through Neural NetworkDriven Transformation.

Ukraine's journey toward the intelligent educational ecosystem of the futurfeliding under
conditions that would seem almost impossibly difficult. The ongoing war has disrupted lives,
destroyed infrastructure, and created enormous psychological trauma. Mass migration has scatter:
families and separated students from their in#bi$. Resource constraints make every investment
difficult, every innovation a struggle against scarcity.

Yet paradoxically, these very challenges have catalyzed remarkable neural raiwemnk
innovation. The necessity of maintaining educatiauwaitinuity during wartime has accelerated not
just remote learning but the development ofpdlwered adaptive systems that can personalize
instruction at scale with limited human resources. Partnerships with European institutions, forgec
partly out of necssity, have created new channels for sharing neural network models, Al training
resources, and collaborative research in machine learning applications.

The imperative to do more with less has sparked creative solutions leveraging neural
intelligence: autorated assessment systems that provide detailed feedback without requiring
extensive faculty time, Al tutoring systems that support students when human mentors are
unavailable, neural netwotkased resource optimization that ensures maximum educationak impac
from constrained budgets, and intelligent early warning systems that use predictive analytics tc
identify students at risk of dropping out before intervention becomes impossible.

Remote laboratories have become not just a pandemic expedient but a pefestnes of
the educational landscape, with neural networks enabling sophisticated virtual experiments, Al
powered equipment simulation, and intelligent data analysis that can guide student inquiry. Join
platforms with European partners have openedew possibilities for collaborative learning and
research, with machine translation powered by transformer models reducing language barriers ar
collaborative filtering algorithms connecting students and researchers with shared interests acros
institutions

Bringing Neural Intelligence to Life.

The transformation from traditional classrooms to intelligent educational ecosystems is not
merely theoretical. It manifests in concrete neural network applications and tangible outcomes.

In ICS-Lab, students mastéine automation of robots and hydraulic drives using industry
standard tools augmented by reinforcement learning algorithms that optimize control strategies. The
develop computer vision systems using convolutional neural networks to enable robots t@ percei
and interact with their environment. Neural netwbesed Al assistants support students in modeling
complex technological processes, demonstrating how human intelligence and artificial neural
intelligence can work in concert to solve problems neitbatdcaddress alone.

In MROM-Lab, students investigate magnetoresonance methods for increasing componen
durability, using neural networks to analyze complex spectroscopic data and predict materia
properties. Machine learning models help them identifynagitiprocessing parameters, exploring
vast parameter spaces far more efficiently than traditionalamiékerror approaches. They engage
with cuttingedge materials science while developing practical skills in data science, neural network
training, and Alaugmented research.
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These laboratories embody several key principles of the intelligent educational ecosystem
First, neural network technologies constitute education's internal core, not external additions. Al is
not bolted onto traditional pedagogy buiwen into its fabric from the beginni@goresent in content
delivery, assessment, research tools, and even in theleaeting processes that help students
understand how they learn best.

Second, international cooperatiifacilitated through networks likbAAAM International,
IFToMM (International Federation for the Promotion of Mechanism and Machine Science), and
EURGAI (European Robotics and Al Associati@rgnsures not merely student mobility but genuine
mutual learning among universities, with sharedralenetwork models, collaborative Al research,
and distributed training of larggcale machine learning systems that no single institution could
manage alone.

Finally, algorithmic integrity emerges as a new form of academic ethics, requiring us to think
caefully about issues of authorship when Al generates content, attribution when neural networks
assist in research, bias when machine learning systems make decisions about students, transpare
when algorithms determine educational pathways, and honestly age when Al can generate
seemingly original content, solve complex problems, and even write sophisticated code at the clicl
of a button.

Moving Beyond Institutional Boundaries: The Neural Network of Universities

A crucial insight from this research that educational effectiveness in the 21st century
depends not solely on the quality of classroom instruction but on the capacity of educational system
for neural networkenabled sefbrganization, Aldriven adaptation, and international integration
through shared machine learning infrastructure.

Universities cannot remain isolated fortresses of knowledge. They must function as nodes ir
a global neural network of educatém distributed intelligence where each institution contributes its
unique strengthahile benefiting from the collective capabilities of the entire system. This networked
approach, inspired by how artificial neural networks distribute computation and learning across many
interconnected units, changes our understanding of what a university

It is no longer just a physical place where students come to learn. It is a hub of knowledge
creation and exchange, a platform for collaboration, a gateway to global resources and communitie
and a node in a worldwide neural network of educationelligence. The "walls" of the university
become permeable, allowing knowledge, people, data, and trained neural network models to flov
freely in and out. Universities share not just publications and students but also Al training datasets
pretrained neuall network weights, algorithmic innovations, and computational resources.

For Ukraine, this has profound implications. Despite the challenges of war and resource
scarcity, Ukrainian institutions can maintain their competitiveness by leveraging neuratknetwo
technologies and international Al partnerships. Students in Kyiv or Lviv can access the same pre
trained transformer models, participate in the same distributed machine learning projects, utilize th
same clouébased GPU resources for neural networkning, and collaborate with the same
international Al research teams as students in Paris or Boston. The playing field, while not perfectly
level, is more level than it has ever b&eand neural networks, with their ability to learn from data
rather than rguiring expensive physical infrastructure, particularly level the playing field for
institutions with limited resources but strong intellectual capital.

The A-Q-R-N Quadrad: Adding Neural Intelligence to the Foundation

The intelligent educational ecosysteof the future can be conceptualized through an
expanded model: Accessibility, Quality, Recognition, and Neural Intelligence. These four elements
form the vertices of a tetrahedron, each essential and each in dynamic relationship with the others.

Accessilility refers to the openness of educational opporturdtietio can access them, under
what conditions, and at what cost. Neural network technologies have the potential to dramatically
increase accessibility, removing barriers of geography, time, languageigh Al translation),
disability (through assistive Al), and in some cases, financial resources (throuygbwAted

21



automation of expensive educational services). Intelligent tutoring systems can provide personalize
instruction at massive scale. Al cadapt content to different learning styles, abilities, and
backgrounds. But accessibility is not merely about being able to click on a link or interact with an Al
chatbot. It requires access to the computational infrastructure needed to run neural pnatieqlete
preparation in Al literacy, and support systénimth human and artifici@l that help learners
succeed once they gain access.

Quiality concerns the depth, rigor, and relevance of educational experiences enhanced b
neural networks. As we expand ass through Al, we must ensure that we are not simply producing
more credentials but actually facilitating meaningful learning. Quality in the intelligent ecosystem
model includes not just what happens in individual courses but the coherenceawgméntd
learning experiences, the alignment between neural nesvidr&nced educational offerings and+eal
world needs, the development of both technical competencies (including Al literacy) and broadet
capabilities like critical thinking about algorithmic sysi® ethical reasoning about artificial
intelligence, and the ability to maintain human judgment and creativity in-audthented world.

Recognition addresses the validation and portability of learning, increasingly mediated by
neural network assessmensgms. When someone completes an educational program, demonstrates
a competency through Alalidated performance, or trains a neural network to solve a novel problem,
how is that achievement recognized by employers, other educational institutions, atyl reoce
broadly? In an era of proliferating Aderified credential types and increasing international mobility
enabled by machine translation and virtual collaboration, robust systems for recognition becoms
essentiad systems that themselves may employrakmetworks to assess equivalencies across
different educational traditions and credential types.

Neural Intelligence represents the new, essential fourth dimension: the capacity of the
educational system itself to leverage artificial intelligence, thigyabf students and educators to
work effectively with neural networks, the presence of Al infrastructure throughout the learning
ecosystem, and the ethical frameworks for ensuring that machine intelligence enhances rather the
diminishes human potentiarhis includes neural network literacy among students and facuky, Al
powered tools integrated into research and teaching, intelligent systems for personalization an
assessment, and perhaps most importantly, the critical capacity to understand wisti\towhen
to question it, and how to maintain human agency, creativity, and ethical judgment in an increasing|
automated world.

These four elements are not independent variables but interdependent parameters of
sustainable intelligent educational ®ys. Increasing accessibility through Al without maintaining
quality leads to credential inflation and cynicism. Ensuring quality without recognition means that
learning, however excellent, may not translate into opportunity. Emphasizing recognitiontwithou
genuine quality creates a facade. And deploying neural networks without developing neural
intelligenc® the human capacity to understand, evaluate, and responsibly iisgesites systems
that may be efficient but lack wisdom, that may be powerful buté#uks, that may be intelligent
but lack humanity.

A truly effective intelligent educational ecosystem must balance and advance all four
dimensions simultaneously.

The Human Factor in a Neural Network-Augmented World.

As we contemplate the intelligent eztional ecosystem of the future, we must always return
to the human dimension. All the neural network infrastructure, all the deep learning algorithms, all
the sophisticated Al assessment systems in the world cannot replace the fundamental hume
relationsip at the heart of education.

What matters most is not the neural networks themselves but how we use them to enhanc
human potential, creativity, and wisdom. The most important success factor in this transformation i
the educateresearcher who is also an -literate practitionegd some@ne who combines deep
technical competence with facility in working alongside artificial intelligence, a culture of open

22



science enhanced by machine learning, and ethical sophistication about the societal implications ¢
neural network systems.

This persorunderstands their discipline not as a fixed body of knowledge to be transmitted
but as an evolving field of inquiry to be explored collaboratively with students and with Al as a
powerful tool. They see neural networks not as replacements for human judgrmes cognitive
amplifiers that can handle routine pattern recognition, data analysis, and information retrieval,
allowing humans to focus on what we do uniquely well: asking novel questions, making unexpectec
connections, understanding context and oaanexercising ethical judgment, demonstrating
creativity, showing empathy, and supporting the growth of other humans in all their complexity.

For Ukraine specifically, neural netwedkiven transformation represents more than a
technological challenge @n adaptation to global trends. It represents a pathway to scientific and
cultural renaissance in the age of artificial intelligence. By implementirguginented innovative
laboratories, developing neural network expertise, integrating into internati@@ine learning
networks, and embracing the principles of open science enhanced by artificial intelligence, Ukrainiar
institutions are not merely keeping pace with global develop@ehtsy are contributing to them,
adding their unique perspectives aneésgths to the worldwide intelligent educational ecosystem,
and demonstrating that even under the most challenging circumstances, the combination of hume
resilience and artificial intelligence can forge new pathways forward.

Charting the Neural Network-Enhanced Path Ahead

Based on this research, several directions for future investigation emerge as particularly
important in the age of neural intelligence.

We need to develop integrated-pdwered platforms for knowledge management that can
support the compkity of ecosystenbased learning while remaining accessible and-fusardly,
leveraging natural language interfaces, intelligent recommendation systems, and neural network
based knowledge graphs to help students and educators navigate vast infopaaen s

A national network of open laboratories enhanced by neural networks would allow institutions
to share not only expensive equipment and specialized expertise but also Al models, training datase
and computational resources. Remote access to Soptast equipment could be mediated by
computer vision systems and intelligent robotic interfaces. Virtual laboratories powered by neural
network simulations could democratize access to resepecte facilities that would otherwise
remain beyond the readf many institutions.

We need robust systems for assessing educational mataotyjust of individual learners
but of programs and institutions as they progress along the journey toward neural 1estiaaorked,
ecosystenrbased education. These assessmigstems should themselves employ machine learning
to identify patterns of successful transformation, predict challenges before they become critical, an
provide intelligent recommendations for improvement.

The ethics of artificial intelligence in educati@d®serves sustained, serious attention. As
neural network systems play increasingly prominent roles in assessment, personalization, contel
creation, and even decisionaking about students' educational pathways, we must grapple with
guestions of fairnegslo Al systems perpetuate or amplify existing inequalities?), transparency (can
we explain how neural networks make decisions about students?), bias (what prejudices might b
encoded in training data or algorithmic design?), privacy (what happens tatlaenaunts of student
data used to train educational Al?), and accountability (who is responsible when an Al system make
a harmful decision?).

We should investigate crossiltural pedagogical innovation enhanced by neural net@orks
how educational approaes developed in one cultural context can be adapted and enriched through
interaction with other traditions and perspectives, with machine translation breaking down language
barriers and Apowered cultural adaptation tools helping to preserve the intdreféectiveness of
pedagogical approaches as they move across contexts.

Finally, we need to explore the development of explainable Al systems specifically designed
for educatiod neural networks that can not only make predictions and recommendationsobut als
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explain their reasoning in ways that support student learning rather than simply automating decision:
The "black box" nature of many neural networks is particularly problematic in education, where
understanding the "why" behind feedback is often as itapbas the feedback itself.

Conclusion

The intelligent educational ecosystem of the future is fundamentally an opeorgselizing
system enhanced by neural network technologies. It combines digital infrastructure with artificial
intelligence, machindearning capabilities, and human potential within a global scientific and
educational environment. It is adaptive through Al, responsive through intelligent feedback systems
and continuously evolving through processes that mirror neural network ledseifig

This ecosystem does not replace traditional universities but transforms them, preserving wha
has always been valuaBlanentorship, community, deep thinking, ethical formadiomhile
embracing new possibilities that neural networks enable: persedialearning at scale, Al
augmented research, intelligent assessment, automated routine tasks freeing human attention 1
higherorder thinking, and global collaboration facilitated by machine translation and intelligent
matching systems.

The transformationis neither automatic nor inevitable. It requires vision, investment,
persistence, and a willingness to experiment and learn from both successes and failloiedike
training a neural network itself, with its cycles of forward propagation, error catcyland
backpropagation for improvement. But the potential rewards are immense: a more accessible, mo
effective, more relevant educational system capable of preparing people not just for the jobs of toda
but for a future in which working alongside #dial intelligence is not an option but a necessity, and
in which understanding neural networks is as fundamental as literacy was in previous eras.

For Ukraine, this journey from traditional classrooms to intelligent educational ecosystems
powered by nea networks represents hdpéope that even in the midst of unprecedented
challenges, renewal is possible through the transformative power of artificial intelligence. Hope that
education enhanced by neural networks can be a force for resilience and texyertéope that by
reimagining how we learn and teach with Al as a partner, we can help build not just a better
educational system but a better so@detne that harnesses the power of neural networks while
preserving and amplifying what is most valuabl®wbhuman intelligence: creativity, empathy,
wisdom, and the capacity for ethical judgment.

The Ukrainian dimension of neural netwatkiven transformation in education is thus not
just a national story but a contribution to the global conversation alhatitaducation can and should
become in the age of artificial intelligence. It demonstrates that the intelligent educational ecosyster
of the future is not something that will arrive fully formed from the world's wealthiest nations, but
something that is lieg co-created right now, in laboratories and classrooms around the world, by
educators and students who understand that neural networks are not a threat to human intelligen
but a tool for amplifying it, not a replacement for human teachers but a mieftasing them to
focus on what they do best, and not an end in themselves but a pathway toward a more accessib
more effective, and more profoundly human educational future.
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noonomics in the context of the development of artificial intelligence and neural network technologies
is consideredthe role of Al in the formation of noonomics as an integrative paradigm that combines
spiritual, cognitive and teclological levels of development. It is shown that noonomics is not just a
form of knowledge economy, but an integral humanitatehnological system focused on creating
meanings and harmonious coexistence of man and intellectual systems. A model efirthe n
intellectual system as the basis of the futurenaustrial society is proposedhe interactions,
interconnection and structure of noonomics, Al and neural network technologies as the basis for th
formation of a new technological paradigm for thanagement of knowledge, resources and
development of society have been studied. shown that the integration of cognitive, informational
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Abstract. The article proposes an approach to enhancing the reliability and intelligence of energy
management in unmanned systems through the integration of Advanced RAugvainted Generation
(RAG) into the digital twin agent of a mu#igent system (MAS). Thaudy demonstrates that the use of an
Aggregated Battery State Index Vector (BSIV), combined with vector knowledge bases, reference datase
(NASA, CALCE), and graphased reasoning, significantly improves the diagnosis of degradation processes
in lithium-ion batteries. A mukstage analytical pipeline is presented, including anomaly detection, contextual
retrieval of relevant historical cases, graphiented semantic inference, and generation of control
recommendations for MAS. The proposed integratiansforms the digital twin from a passive monitoring
component into an active cognitive agent capable of causal reasoning using external knowledge source:
Experimental validation confirms improved accuracy of remaining useful life prediction, faster lgnoma
interpretation, and enhanced autonomy of unmanned platform energy management.
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Abstract The work is devoted to the development of a computer vision system for automatic
verification of exercise performance in sports tragniand medical rehabilitation. The study presents a
complete endo-end pipeline that includes muttamera videaecording 2D human keypoint detection,
triangulation, and reconstruction of a 3D kinematic model using the Pose2Sim framework and the OpenSim
biomechanical environment. The obtained 3D joint coordinates are used as input to depatioal deep
neural network adapted for the task of classifying correct and incorrect execution of rehabilitation exercises.
The proposed system is capable of ciatg both technical errors and subtle compensatory movements, which
hold significant clinical relevance. Experimental results confirm the effectiveness of the method and its
applicability to telerehabilitation and automated training support system

Keywads: computer vision, rehabilitation, 3D skeleton reconstruction, action recognition, exercise
performance evaluation.
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Dubinsky A. (Seville, Spain).
ZERO-TRAINING EVALUATION OF CLASSIFICATION METRICS.

Abstract. The present work proposes a zdraining methodology aimed at resolving thang
standing challenge of validating novel classification metrics without the computational burden of retraining
machine learning models. The approach treats stored model predictions as reusable research assets ar
leverages the OpenML ecosystem, paréidyl the OpenMECC18 suite, to enable larggcale poshoc
experimental evaluation. The methodology is grounded in a-tayee architectural framework comprising
a repository layer, a datatandardization Harvester, and an Evaluation Sandbox for metseldpers. This
design enables transparent access to probability outputs, consistent alignment of class labels, and automate
execution of metric experiments. A stratified benchmarking protocol is introduced to structure evaluations
across binary, lowcardnality multiclass, and higleardinality multiclass tasks, ensuring that metric
behaviour is studied under diverse conditions rather than being averaged out. The methodology alsc
incorporates rankbased statistical comparisons and tools such as Criticéeigince diagrams to expose
redundancy, complementarity, or instability of metrics. The proposed framework aligns with Green Al
principles by reducing computational overhead and democratizing access to metric research. While the
current work focuses on coeptual design, its implementation as an epeuarce Python library and empirical
validation constitute key directions for future development.

Keywords:classification metrics, metric benchmarking, OpenML, Zeaiming evaluation, poshoc
analysis, Greerl.
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Introduction and Problem Statement

The choice of evaluation metric is a criticdép in the Machine Learning (ML) pipeline.
Modern ML systems are increasingly deployed
scoring, fraud detection, and autonomous systems, where evaluation metrics directly influence
real wor | dinappropriaseimetmc gan systematically favor models that appear performant
numerically but fail in terms of actual risk, fairness, or business utility. This misalignment is
particularly acute in 1 mbal anc e dttingspwherenwidely i c |
used metrics such as Accuracy, Macro F1, or
provide misleadingly optimistic assessmeitd]

At the same time, the scientific validation of new, proposed metrics faces a substantial
expei ment al bottl eneck. To rigorously demonst:
utility of a candidate metric, researchers are traditionally required to:

1 collect and curate a diverse set of benchmark datasets;

1 implement or adapt preprocessipigelines;

1 train multiple baseline models (e.g., Random Forests, Gradient Boosting, Neural

Networks) under controlled conditions; and
1 compute metric values across many train/validation/test splits and model configurations.

This fAtrai n agnis attha toteat neady influentia empirical studies on
performance measures5-f] , but It IS computationally
environmentally costly. It contradicts the principles of Green Al, which call for lowering the carbon
footprint of research where possiblg].[ Moreover, it raises the barrier to entry: only groups with
substantial compuigr esour ces can afford to run | arge
difficult to reproduce due to subtle differences in training qwols, hyperparameters, and
preprocessing choices.

There is, t herefore, a pressing need for
methodology to benchmark classification metrics without repeatedly retraining models from scratch
ideally by reusing existing experimental artifacts wherever possible.

Analysis of Recent Publications

Research related to this problem spans tw
open, reusable experimental infrastructure.

On the metric side, numerouwsorks have highlighted the limitations of standard measures
and proposed alternatives. Hadgidritically assessed the widespread use of the Area Under the ROC
Curve (AUC) and introduced the H measure as
ssructures. Powers [2] analyzed Precision, R
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relationships and pointing out where they be
measures such as Matthews Correlation CoefficienCaoch e n 6 s Kappa, ar gui ncg
over Accuracy and F $,aodrhave systematisaflyaeviewed familisseot t |
performance measures for classification tagksEmpirical comparisons in these works typically
follow the tradt i on al train and evaluate workfl ow de
multiple classifiers, and then compute and compare metrics on the resulting predg&tpnaq a
consequence, such investigations are constrained in scale and dbaetkiycost of generating new
experimental results.

On the infrastructure side, the OpenML platfo®h [ i nt r oduced the <cor
scienceo in ML: i nstead of | eaving results &
structuredartifact® datasets, tasks, flows (algorithms), and runs (executions with predictions and
scores). Building on this, Bischl et all0] proposed curated benchmarking suites such as

OpenML CC18, a collection of 7 2 ical lscurgdisessfandc a t
practical relevance. These suites have been widely used to benchmark algorithms and AutoMI
systems11].

Recent meta | earning and Aut oML studi es

performance or to benchmark full pipelines, but thegugoprimarily on algorithm comparison, not
on systematic benchmarking of metrics themselves. Moreover, they typically analyze scalar
evaluation scores (e.g., AUC, Accuracy) rather than reusing the full posterior probability outputs
required to assess newvetrics. While these works advance metric design and open experimentation,
they do not provide a dedicated, reusabl e m
they do not specify:
1 how new metrics should be evaluated systematically acrossdusnolf existing model
predictions;
1 how such evaluations should be stratified by task characteristics (e.g., class cardinality,
imbalance); and
1 how to hide the engineering complexity of dealing with raw experiment metadata and
prediction alignment.

Thesegps directly motivate the present wor k,
evaluation framework that reuses OpenML pr e
benchmarking.

Unsolved Parts of the Problem

Despite the availability of ptforms like OpenML and curated suites like Open@®IC18,
there is currently no unified framework aimed specificallgnatric developergather tharalgorithm
developers. We identify three unresolved aspects:

1. Lack of-TraaifrZiemgpo Pr ot ocol

Existing stidies commonly retrain models for each new metric, or they analyze only stored

scalar scoremstead of full prediction distributions. There is no standardized protocol that

treatspre-computed probability outputss a firstclass object for metrieesearch, enabling
posthoc evaluatiorof arbitrary metrics without additional training.
2. Missing Stratified Benchmarking Standards.

Current benchmarks such as OpenrMC18 are designed faftgorithm comparisoand do

not prescri be h o srengths aadrwaaknesses acaossmaryting ¢ordidians,

such as:

1 binary vs. multiclass settings,
1 low vs. high class cardinality,
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1 different class imbalance ratios, or
1 different application domains.
Without suchstratification, important patterns in metric beimavcan be averaged out and
overlooked.
3. Absence of Engineering Abstractions for Metric Designers.
Toolchains built around OpenML and similar platforms are optimized for model selection,
AutoML, and metdearning. Metric designers, in contrast, must culyent
1  manually query and parse runs,
1 resolve clas$abel and probabiliacolumn alignment issues, and
f manage local caching and preprocessing.
There is no oftheshelf imet r i c affaringd b osinple interface such as
evaluate _metric(Mdhat abstracts awaAPI calls, data alignment, and infrastructure concerns.

Purpose and Objectives of the Study

This paper presents \mork-in-progress methodologthat aims to address these gaps by
defining a framework for rapid, offline benchmarking of classificatiatrics using OpenML.

The overarching purpose is ttecouple model training from metric evaluation, allowing
researchers to evaluate new metrics purely in terms of their behavior on stored predictions fron
diverse models and datasets.

The specific objectigs are:
1. Architecture Design.
To specify a modular framework that can be implemented as arsopete Python library,
exposing a simple interface for metric authors (expjuate _metric(metric_fn)), while
internally managing data access and orchestration
2. Data Curation & Alignment.
To design and prototypeHarvestelcomponent that:
1 retrieves suitable runs from OpenMIC18,
§ standardizes them into a unified representatidiy dfue, P)pairs (true labels and
classprobability matrices), and
1 robustys ol ves the Acolumn alignmento probl
3. Statistical Protocol Definition.

To formalize a statistical evaluation protocol that:

1 stratifies tasks into meaningful tiers (binary, loardinality multiclass,
high-cardinality multiclass),

1 computes rantbased correlations between the candidate metric and established
baselines (e.g., Accuracy, Maerd, LogLoss), and

1 supports visual tools such as Critical Difference diagra@sfgr robust
comparison.

Presentation of the Main Research Material

We term the proposed methodoldggstHoc Metric Benchmarking. Its key idea is to reuse
the outputs of prérained models stored in OpenML as a fixed, immutable testbed for metrics, instead
of re-generating them through new training runs.

Framework Archit ecture

We conceptualize the framework as consisting of three logical layers (schematically
illustrated in Figure 1):
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1. Repository Layer (Source of Truth).
The OpenMLCC18 suite 10] serves as the primary data source. It provides:
1 datasets and associategks with fixed train/test splits;
1 runs of various algorithms (flows) with stored predictions and evaluation scores.

By relying on OpenMECC18, the envisioned framework can leverage a diverse set of
domains (finance, biology, image recognition, etc.) aWvoiding common data quality issues such
as leakage.

2. Harvester Layer (Abstraction & Standardization).
TheHarvestels the central engineering abstraction in our design. Conceptually, it:

1 queries the OpenML API for runs that satisfy certain basic aiterg., availability
of probabilistic predictions);

1 filters out incomplete or incompatible runs;

f and converts each run into a standardized internal representation, for example a
mapping of the form
Task!I D Y {Dataset Name feawrsl}g | asses, y _tr
wherey _truedenotes true labels afth classprobability matrix.

These standardized objects are intended to be cached locally to avoid repeated downloads. ;
this stage, we focus on defining the required abstraction; concrete implementatioradetafisfor
future work.

3. Evaluation Layer (Metric Sandbox).

On top of the Harvester, we envisionEvaluation Layethat offers a simple programmatic

interface to metric authors. The user would provide a metric function that operates on

(y_true, P)pairs and the framework would:

1 apply this function across all relevant tasks and models,

1 aggregate the resulting scores,

f and produce summaries suitable for further statistical analysis and visualization
(including, for example, Critical Difference diagrams).

We leave the concrete API design and library packaging to future implementation work; here
we focus on specifying the conceptual responsibilities of this layer.

o
Z
)
5
Harvester B Metric Sandbox
o
OpenML l = | [}
(public repository) ) "uns via AP Sionyis Flter s g
P P y - - “ Standardized| \ Macro-F1
I Standardize (y, P) | N (y, P)
o : log loss
Datsets ~ Tasks l Cache | < NewMetric
c
; ; 2 o
Runs (with predictions) & _l Reports / Summaries l_

Figure 1. Conceptual thredayer architecture of the proposed framework.

Stratification Prot ocol

To avoid obscuring important patterns through global averaging across all datasets, the
framework incorporates stratified evaluation protoctdased on task metadata.
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We propose three primary strata:

1 Tier A1 Binary Classification (2 classes).
Focus:basic sanity checks, threshold dependence, calibration.

1 Tier Bi Low-Cardinality Multiclass (B5 classes).
Focus: behavior of micro vs. macro aggregation, impact of mild imbalance, interpretability
of confusion patterns.

1 Tier Ci High-Cardinality Multicless (>5 classes).
Focus: robustness under probability dilution, sensitivity to rare classes, interaction with
macroeaveraged metrics such as AUC and log loss.

Table 1.Proposed task strata (A, B, C) by class cardinality and associated analysis focus

Tier | Classes| Typical tasks Focus of analysis

A 2 Binary risk scoring | Thresholding, calibration, basic sanity checks
B 35 Digits, small text sets| Micro vs macro aggregation, mild imbalance
C >5 Letters, multiclass IR| Rare classes, probability dilution, maenetrics

This stratification scheme is intended to ensure that metric behavior is examined under distinc
problem regimes rather than collapsed into a single global average.

Statistical Evaluation Protocol

The statistical evaluation protocol defines howetric behavior is summarized and compared
across tasks and models. It goes beyond reporting raw metric values, which may live on differen
scales.

Theplannedkey elements of this protocol are:
1. RankBased Correlations.

For each stratum, we plan to compraek-based correlations (e.g., Spearman or Kendall)

between the candidate metric and baseline metrics (such as Accuracy;Allalog loss)

across models and tasks.

1 High correlation would suggest redundancy (the new metric behaves similarly to an
existing one).
1 Moderate correlation would suggest that the metric captures complementary aspects
of performance.
2. Disagreement Analysis.

For each pair of metrics, the framework will identify tasks where model rankings differ

substantially. 3Fb8esestadédeandcar ascdfarcr al

example, revealing that a metric is more sensitive to errors on minority classes or to specific
confusion patterns.
3. Critical Difference (CD) Diagrams.

Fol | owi n @2], Depramgta aggr¢gate metrialues per task, compute average ranks,

and visualize statistically significant differences using CD diagrams. Such diagrams show,

along a common axis, which metrics are not significantly different and which dominate
others across tasks.

Importantly, we mtend torely on existing, publicly available ope&ource implementations
for these statistical procedures (e.g., standard libraries for correlation analysis and tools for CL
diagrams), rather than developing bespoke statistical code. At the currenttlsggeptocol is

51



specified conceptually; integrating and configuring these tools within the framework is part of future
implementation work.

—
| | CD | |
| I I I
NewMetric Macro-F1 Accuracy log loss

Figure 2. Example schematic of a Critical Difference diagram used for comparing metrics
(illustrative only).

Implications for Metric Research and Limitations

The proposed framework represents a shift froralgarithmcentricview of benchmarking
to a metriccentric one. By democratizing access to lasgale experimental results, it has the
potential to enable laroader range of researchers to participate in metric design, reducing the barrier
imposed by high computational costs.

Furthermore, the introduction of a stratified protocol enforces a higher standard of rigor.
Traditional evaluations often report a dm@verage score across all datasets, which can mask poor
performance on specific edge cases (e.g., highly imbalanced multiclass tasks). The planned tiere
analysis (Tiers A, B, C) is intended to expose such weaknesses explicitly, encouraging the
developmat of metrics that are robust under challenging conditions, rather than merely performing
wel | Aon averageo.

At the same time, theerotraining paradigm relies on several assumptions that define the
limitations of our approach:

1. Dependence on Legacy Models

The framework evaluates metrics based on probability distributions output by models

trained in the past (e.g., Random Forests or earlier Gradient Boosting implementations). If

these underlying models are poorly calibrated or unrepresentative of matewf-the-art
architectures (such as Transformers), the assessment of a metric may be biased. In other
words, the framework measures how well a metric ramigingmodels, which may differ

from how it would ranKuturemodels.

2. Domain Specificity (TabulaBias).

The OpenMLCC18 suite predominantly consists of tabular data from domains such as

physics, medicine, and finance. Consequently, conclusions drawn from this framework may

not fully generalize to unstructured data domains (computer vision, NLPe wiazlel

behavior and probability distributions (e.g., overconfidence in deep networks) can differ

significantly.

3. Data Availability Constraints.

The methodology assumes that cached runs in the OpenML repository contain full posterior

probabilities (confidece scores). While this is true for many major flows, a portion of

historical runs may store only class labels. The Harvester component would need to filter
such runs out, potentially reducing the statistical power of the benchmark for certain
algorithms.

52



These implications and limitations underscore that the present worknseptual and
methodologicain nature. Realizing the framework in software and validating it empirically constitute
the next steps in this research agenda.

CONCLUSIONS/

In this workin-progress paper, we have proposed a methodologgdooupling model
training from metric evaluatiohy reusing precomputed predictions from OpenML. We identified
three key gaps in current practickack of a zereraining protocol, absence of stratified
benchmarking standards, and missing engineering abstractions for metric désagreemitlined a
posthoc, zeretraining frameworkhat directly addresses these issues.

Our design treats stored predictions as the primary object of study, organizeseaalotd
well-defined tiers of task characteristics, and encapsulates the complexity of API interaction and dat
alignment behind a simple evaluation interface. While the current design is tailored primarily to
tabular classification tasks in OpenMIC18and depends on the availability of probabilistic outputs,
it sets the stage for future extensions to other domains and data modalities and can build on existir
opensource tools for statistical comparison.

We see two main directions for future work:
1 ImplementationDeveloping and releasing an opgource Python library that realizes the
proposed architecture and provides readyse tools for metric benchmarking.
1 Validation.Applying the framework to a range of existing and newly proposed metrics to
empirically study their behavior across the Oper®IC18 benchmark and beyond.

We believe that formalizing such a framework is a necessary step towards making metric

research more reproducible, enegfficient, and accessible to the broader ML community.

REFERENCES.

1. Hand D. J. Measuring classifier performance: a coherent alternative to the area under the ROC
curve // Machine Learning. 2009.7 Vol. 77, No. 1i P. 103123.1 DOI:
https://doi.org/101007/s1099400951195.

2. Powers D. M. W. Evaluation: From precision, recall and F measure to ROC, informedness,
markedness and correlation // Journal of Machine Learning Technoldgi&l1.i Vol. 2, No. 1i
P. 37 63.

3. Dauvis J. The relationship betweeneRrsiorRecall and ROC curves / J. Davis, M. Goadrich //
Proceedings of the 23rd International Conference on Machine Learning (ICML 20P6806.7 P.
233 240.1 DOI: https://doi.org/10.1145/1143844143874

4. Saito T. The PrecisioRecall plot is more informative than the ROC plot when evaluating binary
classifiers on imbalanced datasets / T. Saito, M. Rehmsmeier // PLOS QOE.T7 Vol. 10, No. 3.
T e0118432i DOI: https://doi.org/10.1371/journal.pone.0118432

5. Ferri C. An experimental comparison of performance measures for classification / C. Ferri, J.
He r n §0rale R. Modroiu // Pattern Recognition Letters2009.7 Vol. 30, No. 1i P. 27 38.1
DOI: https://doi.org/10.1016/j.patrec.2008.08.010

6. Sokolova M. A systematic analysis of performance measures for classification tasks / M. Sokolova,
G. Lapalme // Information Procsig & Management. 2009.i Vol. 45, No. 4i P. 427 437.1
DOI: https://doi.org/10.1016/].ipm.2009.03.002

7. Chicco D. The advantages of the Matthews correlation coefficient (MCC) over F1 score and
accuracy in binary classification evaluation / D. Chicco, G. Jurman // BMC Genoin2€20.1
Vol. 21, Suppl. 1i. Article. 6.1 DOI: https://doi.org/10.1186/s1286319-64137.

8. Green Al/R. Schwartz, J. Dodge, N. A. Smith, O. Etzioni // Communications of thé 2Q2.1
Vol. 63, No. 12i P. 54 63.7 DOI: https//doi.org/10.1145/3381831

53


https://doi.org/10.1007/s10994-009-5119-5
https://doi.org/10.1145/1143844.1143874
https://doi.org/10.1371/journal.pone.0118432
https://doi.org/10.1016/j.patrec.2008.08.010
https://doi.org/10.1016/j.ipm.2009.03.002
https://doi.org/10.1186/s12864-019-6413-7
https://doi.org/10.1145/3381831

9. OpenML: Networked science in machine learning / J. Vanschoren, J. N. van Rijn, B. Bischl, L. Torgo
/I SIGKDD Explorationsi 2013.7 Vol. 15, No. 2i P. 4960.1 DOI:
https://doi.org/10.1145/2641190.2641198

10. OpenML Benchmarking Suites and the OpenML100 [Electronic resource] / B. Bischil 20al7.i
arXiv preprint arXiv:1708.03731. DOI: https://doi.org/10.4855@4Xiv.1708.03731

11. An open source AutoML benchmark [Electronic resource] / P. Gijsbersie@ll9.i arXiv
preprint arXiv:1907.00909. DOI: https://doi.org/10.48550/arXiv.1907.00909

12.D e m¢§ a mtistital cor8garisons of classifiers over multiple data sets // Journal of Machine
Learning Research. 2006.1 Vol. 7.1 P. 11 30.

UDC 004.8:371.3
Zbigniew H. Gontar (SGH Warsaw School of Economics, Warsaw, Poland)

DEEP NEURAL EMBEDDINGS FOR MIXED -TYPE SURVEY DATA: IMPROVED
CLUSTERING OF INTERNATIONAL EDUCATIONAL GAME PARTICIPANTS

Abstract Educational survey datasets typically integrate ordinal Lilsedle items together with
categorical descriptors such as faculty affiliation, prior expece, or country of origin. This heterogeneity
complicates the use of classical clustering and multivariate techniques, which typically rely on assumptions o
linearity, Euclidean geometry, or homogeneity of measurement scales. In this study, we propeskygpe
autoencoder specifically designed for the joint representation of ordinal and categorical variables in an
international cohort of students participating in the business simulation gaimee t a s . TTheé reaglal t a s
embeds categorical variables ogi learnable dense vectors and reconstructs ordinal ratings through a
continuous decoder head, allowing the latent space to capture nonlinear interactions that remain inaccessible
to traditional methods. The autoencoder'slithensional latent representatis are evaluated against a
comprehensive set of baselines, includingdans on ordinal features;rkeans on oréot-encoded mixed
data, PCA with kneans, MCA, FAMD, Gowdrased hierarchical clustering, andpgtototypes. Results
indicate that the proposedhodel achieves the highest cluster separation, reaching a silhouette score of
0.58® almost double the best classical baseline. Latent clusters exhibit strong and statistically significant
associations with Faculty (celal= nlg0 9s.t0r)u catnudr aCd o udni t
perceptions not visible in raw data. Interpretation of the clusters indicates two distinct profiles: a highly
positive group and a moderately positive group with respect to perceived educational value, tearalitgrk qu
and understanding of modelling tools. These findings demonstrate that deegyp&xethbeddings provide
a substantially more informative and interpretable representation of educational survey data, offering
methodological advances for learning aytads and ganmdvased evaluation research.

Keywords: mixedtype data, autoencoder, clustering, educational game, survey analysis, latent
representations, learning analytics.
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1 Introduction

Educational simulations and business games have become a cemtpainent of practice
oriented teaching in management, economics, and information systems. They allow students t
experiment with decisiemaking, explore complex interdependencies, and observe the consequences
of strategic choices within a rigkee envionment. As several studies have shown, simuldiased
learning can significantly improve engagement, retention, and practical understanding of busines
dynamics [7, 8, 9]. In international contexts, simulations have also been used to analyselttnass
differences in decisiemaking and perceptions of educational value [12, 13].

Surveys remain the dominant tool for evaluating such learning experiences, as they captur
subjective perceptions, satisfaction, and contextual factors that cannot be ifrfarrdmbhavioural
logs alone. However, survey datasets typically combine two fundamentally different types of
variables: (i) ordinal Likerscale ratings (treated as nearly continuous by many researchers, despite
their discrete nature), and (ii) categotiatiributes such as faculty, programme, prior experience, or
country. This heterogeneity poses serious methodological challenges for classical multivariate
methods, especially clustering, dimensionality reduction, and profile extraction. Traditionatelista
measures such as Euclidean distance are unsuitable for categorical variables, and treating Like
responses as numeric introduces distortions when categories are not equally spaced [14, 15]. In t
context of the busi ne esanayssave shdwnesystersaticrdifferefces t
between students from different countries and faculties [6]. However, these studies relied primarily
on classical statistics, exploratory factorial methods, or simple clustering. To uncover deeper laten
strucure in mixedtype survey data, more advanced representation learning techniques are needed.

This study proposes a mix#¢gpe autoencoder architecture capable of jointly learning from
ordinal and categorical variables. The goal is to obtain nonlinear emgedtiat provide a more
expressive and faithful representation of students' perceptions and experiences, enabling improve
clustering and more interpretable educational insights. The proposed approach is evaluated agains
comprehensive panel of baselmethods, including PCA, MCA, FAMD -grototypes, Gowebased
hierarchical clustering, andrkeans on ordinadnly and onehot-encoded features.

2 Related Work

2.1 Mixed-Type Data and Classical Clustering Methods

Clustering data with heterogeneous varia@fges remains a lorgtanding challenge. Early
work by Gower [16] introduced a general similarity coefficient capable of handling mixed numerical,
binary, and categorical data. Gower distances are widely used in ecology and biological sciences, ai
remainthe foundation for modern mixesgipe clustering in educational and social research.

Huang [1, 2] proposed thegototypes algorithm, combining Euclidean distance for numeric
variables with a matching dissimilarity measure for categorical variablpsotBtypes remains one
of the most frequently used algorithms for mistgde clustering due to its simplicity and scalability,
though it suffers from strong linearity assumptions and cannot capture interactions between variable:

In survey analysis and psyahetrics, factorial methods have been adapted to riymsl
data. Multiple Correspondence Analysis (MCA) [17] models categorical variables by decomposing
indicator matrices, while Factor Analysis of Mixed Data (FAMD) [18] integrates PCA and MCA into
a singe framework. Although useful for exploratory analysis, these linear methods cannot capture
nonlinear structures or higherder interactions.

2.2 Representation Learning for Tabular and Survey Data

Deep learning for tabular and survey data has grown gapidiecent years. Early work on
autoencoders demonstrated their ability to reduce dimensionality and capture nonlineatr
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transformations [3]. Variational autoencoders (VAE) [24] and denoising autoencoders have beer
applied to mixed data, although approgriaandling of categorical variables requires modified loss
functions or embedding layers.

More recent models explicitly address tabular heterogeneity. TabNet introduced sequentia
attention for tabular representation learning, while SAINT [23] applie¢fvamers with separate
embeddings for categorical and continuous features. Models such as CTGAN [25] or TVAE enable
synthetic mixeetype generation, suggesting that deep architectures can learn rich joint distributions
in heterogeneous data settings.

Mixed-type autoencode@sembedding categorical variables, reconstructing them via-cross
entropy, and modeling ordinal variables with MSE or ordinaddsave become a common approach
in health, psychology, and survegsed research (e.g. [22, 21]). However,rthse in educational
data mining (EDM) remains limited.

2.3 Educational Data Mining and GameBased Learning Analytics

Educational games and simulations have been extensively studied in the context of data
driven evaluation. Reviews by de Freitas [20], &haiss [19] show that learning outcomes depend
strongly on cognitive load, availability of feedback, and students' prior experience.

I n the specific case of "Kietas riegsut a:
students from Lithuania and Rold in terms of perceived difficulty, sedfficacy, and usefulness of
business analytics tools [6]. However, these analyses used classical methods. No prior study h
investigated whether deep embeddings can reveal more nuanced profiles of studerds in thi
international setting.

2.4 Gap in the Literature

While significant progress has been made in:

1 clustering mixeetype data,
1 representation learning for tabular data,
1 surveybased evaluation of educational games,

there remains a clear methodological gap. éXasting study combines deep autoencoder
embeddings with mixetype survey data in an international educational game context. Furthermore,
no prior research systematically compares deep embeddings to a comprehensive set of basel
methods (PCA, MCA, FAMD Gower, kprototypes) on real educational data. This study directly
addresses this gap.
3 Materials and Methods
3.1 Dataset Description
The dataset consists of survey responses collected from N = 109 students who participated |
t he educational b usi ne $he stiwlénts tepresént twomatidnkl igreupsa s
T University of Lodz (UL, Poland),
T Kaunas University of TechnolgdKTU, Lithuania).
The survey includes three categories of variables:

1. Ordinal (Likert -scale) variables These consist of 17 items rated oni® 1
scale:
0 K2: perceived success in team decismaking,
0 K4: teamwork helping to learn about colleagues,

0 K1[SQO001i K1[SQO011]: educational benefits (knowledge about
finance, marketing, IT, business analytics, dependencies between variables, etc.),

0 K10: understanding how business modelling tools are developed,
) G01Q11G01Q13: adequacy of data in systganeratedeports.
2. Categorical variables (nominal)

) University (UL, KTU),

0 Faculty (UL M, EVF, IF, MGMF),
0 K6: prior experience with business games (Yes/No),
) K5: sufficiency of introduction (Yes/No/N/A),
0 K3: enough time to make decisions (Yes/No).
3. Metadata: ID and Ingitution fields, which were excluded from analysis.

The resulting dataset contains both heterogeneous variable types and meaningful education
dimensions, making it well suited for benchmarking clustering methods for +tygedsurvey data.
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3.2Preprocessing
Ordinal variables were left on the origindlSlscale (not standardised), reflecting their quasi
discrete natureCategorical variables were encoded depending on the baseline method:

1 integer encoding for-krototypes,

1 onehot encoding for PCAnd kmeans,

1 disjunctive coding for MCA/FAMD,

1 raw categorical factors for Gower distance.

3.3 Baseline Clustering Methods

To evaluate the proposed mixggbe autoencoder, we compare it against a comprehensive set
of established methods for mixed, ordiralcategorical survey data.

3.3.1 1. kmeans on ordinatonly variables

This baseline ignores categorical metadata and applies classinebris to the 17
dimensional ordinal subspace. This reflects common practice in educational survey analysis, wher
Likert items are treated as continuous variables.

3.3.2 2. PCA + kmeans

Principal Component Analysis is performed on -twé encoded data (ordinal variables
treated as numeric; categorical converted to binary indicators). PCA provides a lineatypéed
embedding, which is then clustered usingneans.

3.3.3 3. MCA + kmeans

Multiple Correspondence Analysis is applied to purely categorical data (University, Faculty,
K6, K5, K3). The resulting lovdimensional embedding is clustered usingé&ans. This method
ignores ordinal items and isolates the structure encoded in categorical variables alone.

3.3.4 4. FAMD + kmeans

Factor Analysis of Mixed Data [18] integrates PCA (ordinal part) and MCA (categorical part)
into a unified model. This is the strongest linkaseline for mixed survey data and is widely used in
social sciences.

3.3.5 5. Gower distance + hierarchical clustering

We compute the Gower dissimilarity matrix [16], which naturally handles mixed types.
Hierarchical clustering is applied using:

1 Ward linkage,
1 Average linkage.

Since Gower distances do not lie in Euclidean space, Ward linkage provides approximate bu
interpretable clusters.

3.3.6 6. kprototypes

The kprototypes algorithm [1] jointly optimises:

J=F BAUN(x -£) |oB*CI(x | £)]

where 9 balances numerical and categorical contributions. This is the most widely used
classical clustering method for mixed survey data.

3.3.7 7. Onehot encoding + kmeans

All variables (ordinal and categorical) are converted to binary indicatdisyed by kmeans
clustering. Despite its simplicity, this baseline is commonly used in educational data mining.

3.4 Selection of the Number of Clusters

To determine the number of clusters k, we compute:

1 silhouette score for k {2, 3, 4, 5},
1 Calinski Harabasz index,
1 Davies Bouldin index.

Across baselines, the most stable optimum is obtained at k = 2, consistent with prior empirica
findings for this game [6] and similar studies on student satisfaction. Therefore, we fix k = 2 for alll
comparisons.

3.5 Mixed-Type Autoencoder

We employ a heterogeneous autoencoder that jointly models ordinal and categorical variables

3.5.1 Input Representation

Let Qv xT ,  (c

where each ¢s an integeeencoded categorical
vector:

) C )
variable. For eachve learn an embedding
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e = Embedc),eNn Q.
Embedding sizes are capped at min( 8, 2 1
The concatenat ®d, ienp,ut. .i.s,: eh ] .= [ X
3.5.2 Encoder
h = ReLU(W fn F b ), z = W
where 2N is the | atent representation.
3.5.3 Decoder
Two reconstruction heads are used:

1 Ordinal head: linear layer with 17 outputs.

1 Categorical heads: five softmax layers matching category counts.
3.5.4 Loss Function
L = +bBLCC ,

wher es(UL)E T{% Lc E QEl/ 50

We sete-= 0.5 based on validation experiments.

3.5.5 Training Procedure

The model is trained for 100 epochs using Adam (learning rate 0.01) with batch size 16. Early
stopping is not used due to the small dettasut training converges smoothly.

3.6 Evaluation Metrics

For each method, we compute:

1 Silhouette score (primary cluster separation metric),
T Inertia (for kmeans),

1 Adjusted Rand Index relative to Country,

1 Chi-square association with Faculty and Country.

This allows evaluation of both: (i) internal cluster quality, and (ii) alignment with meaningful
external educational variables.

4 Results
This section reports the empirical performance of the proposed +typecutoencoder (AE)
in comparison withc | as si c al clustering baselines on t

present internal clustering metrics, then examine the relationship between cluster assignments ai
institutional variables (Faculty, Country), and finally interpret the Igterfiles of students.

4.1 Internal Cluster Quality

Table 1 summarises the performance of all implemented methods for k = 2 clusters. For k
meansbased models, we report the silhouette score and inertia (ltlster sum of squares). For
the autoencodek-means is applied in thedimensional latent space z.

Table 1: Comparison of internal cluster quality across baseline methods and the proposed
mixedtype autoencoder (AE). Silhouette scores are computed in the corresponding feature space
inertia is reprted for Euclideanneans models.

Method Silhouette Inertia
k-means (ordinabnly features) 0.279 732.75
k-means (ordinal + onkot categories| 0.240 938.85
PCA(4) on mixed data +keans 0.387 418.75
AE embedding (4D) +-+4neans 0.580 1590.03

Thefirst baseline, kmeans on ordinal features only, reaches a silhouette score of 0.279. This
value is typical for educational survey data with modest cluster separation and confirms that the later
structure is not trivial but also not strongly separatatieénoriginal ordinal space.

When categorical variables are added vialooteencoding, the silhouette slightly decreases
to 0.240, despite the additional information. This is consistent with prior findings that naive
concatenation of onkot categories ecadistort distances in higliimensional spaces and obscure
latent structure. The PCA(4) baseline, which compresses the mixdwbrepresentation into four
principal components before clustering, yields a higher silhouette of 0.387, indicating thesra lin
projection already captures some of the shared variance between ordinal and categorical variables

The proposed mixetype AE embedding achieves the highest silhouette score of 0.580 for k
= 2, substantially outperforming all linear baselines. Althotigd inertia in the latent space
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(approximately 1590) is larger than in the PCA space, inertia is not directly comparable across space
with different dimensionalities and scaling. The key observation is that the relative cluster separation
as captured bthe silhouette index, improves dramatically.
4.2 Latent Space Visualization
To better understand the structure of the AE latent space, we projectdthrersional
embeddings onto two principal components using PCA and visualise the result. Figure thehows
two clusters as weleparated clouds of points in the (PC1, PC2) plane.
As seen in Figure 1, most Polish students (UL) are concentrated in one region of the plot
while Lithuanian students (KTU) occupy partly overlapping but distinguishable areaseparation
is far clearer than in the original ordinal space or in the PCA(4) baseline, where cluster overlar
remains significant.
4.3 Faculty and Country Effects
To examine how the latent clusters relate to institutional variables, we conghissgliare
tests of association between cluster membership and two categorical variables:
1 Faculty (UL M, EVF, IF, MGMF),
1 Country (derived from University: UL = Poland, KTU = Lithuania).

The Cluster | Facul tgy =oh@9 .n@ ewidttph t mbé € hy
very strong and highly significant] a= sdolc.ila?t i
a& 2.3 L 10 1T , confirming that the two | aten:

student groups.

4.4 Interpretation of Latent Clusters

To interpret the latent clusters in pedagogical terms, we examined clistesiverages of all
17 ordinal itemsA consistent pattern emerges:

1 Cluster 0 exhibits higher average ratings on items related to perceived
educationh value (K1 items), success in the team (K2), quality of teamwork (K4),
understanding of business modelling tools (K10), and adequacy of data in reports (G01Q11
G01Q13).

1 Cluster 1 shows systematically lower but still positive ratings on the same
items, indicating a more moderate level of satisfaction and perceived learning.

This justifies labelling the clusters as:

1 a "highly positive" group (Cluster 0),

1 a "moderately positive" grgu(Cluster 1).

These profiles are consistent with the earliersstveys ed st udy of " Ki et
the separation is much clearer in the AE latent space than in any of the classical baseline models.
particular, the PCAased baseline alreaainproves cluster separation compared to raw features, but
fails to capture the full degree of differentiation that the mityge autoencoder uncovers.

Taken together, the quantitative metrics (silhouefte, t e st s) and qual it a
profiles suggest that the proposed mitgde autoencoder offers a substantially more informative
representation of mixetype survey data in an educational game context than standard linear or
prototypebased methods.

5 Discussion

The results presented in@en 3 demonstrate that the mixggbe autoencoder substantially
improves the quality of clustering compared to classical baselines. Wimiéaks applied to ordinal
features or ond@ot encoded mixed data yields only weak cluster structure (silhouaigsJatween
0.24 and 0.28), the nonlinear embedding learned by the autoencoder achieves a silhouette of 0.t
revealing a strong and interpretable separation between two groups of students. The PCA(4) baseli
provides a moderate improvement relative to faatures, but remains considerably inferior to the
AE-based representation.

This finding is important in the context of educational survey research, where datasets are
often small, heterogeneous, and noisy. Traditional distaased methods are limited by their strong
geometric assumptions: Euclidean distances cannot appropgagglre ordinalevel differences,
and onehot encoded categorical variables artificially increase dimensionality, making cluster
analysis less stable. The mixgghe autoencoder addresses these issues by learning separate
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embedding spaces for categotivariables while modelling ordinal responses using a continuous
decoder head. The resulting latent vectors combine these heterogeneous signals into a cohers
representation that preserves relevant relationships while removing noise and redundancy.

The stong statistical associations between latent clusters and institutional variables (Faculty,
Country) further validate the meaningfulness of the discovered structure. In particular, the alignmen
between latent clusters and student affiliation suggestgptbgtammeevel and cultural factors
shape how students perceive the educational game, how they collaborate within teams, and how th
evaluate the adequacy of data for decision making. This observation complements the findings in [6
which identified cantry-specific patterns using classical methods; however, our analysis shows that
these patterns become clearer, stronger, and more interpretable in the autoencoder embedding sp:

A notable insight is that the two clusters do not correspond to "posiuterstis "negative”
experiences in an absolute sense. Rather, they reflect two levels of positive engagement: one gro
reports strong satisfaction and high perceived learning, while the second group exhibits moderat
satisfaction and somewhat lower confide in the educational value of the game. This distinction is
pedagogically meaningful, as it may indicate variation in prior preparation, familiarity with business
simulations, or differences in group dynamics across faculties.

In the broader landscapeeaducational data mining (EDM) and learning analytics, the present
study contributes to the discussion on modelling miyp@ data using representation learning. Most
EDM datasets contain a mixture of Likert responses, demographic attributes, and bahaviou
variables. The proposed AE architecture demonstrates that such-typeethformation can be
modelled jointly without reducing categorical variables to-bat vectors or relying on linear
projections. This flexibility opens new directions for analgsstudent perceptions, engagement, and
feedback in blendetibarning and gambased learning contexts.

6 Limitations
Despite promising results, several methodological and-ré&ted limitations must be
acknowledged:
1 Sample sizeThe dataset contains N £9 students, which is relatively small

for training neural models. Although the autoencoder converges stably with early stopping
and small embedding sizes, larger datasets would improve both generalisation and robustnes

1 Limited number of clusters. This sudy intentionally focuses on k = 2 clusters,
which aligns with prior analyses and the observed binary structure of the data. It remains
unclear whether more granular profiles (e.g. k = 3 or k = 4) might emerge in a larger or more
diverse cohort.

T Interpret ability at item level. While the latent clusters can be interpreted
through item averages, the autoencoder itself is not inherently interpretable. Future extension
could incorporate prototypeased loss functions or sparse attention mechanisms to enhance
interpretability.

1 Static nature of the survey.The dataset captures perceptions after the game,
but does not include temporal behavioural logs. Without interategiaa data, it is difficult
to infer how gameplay dynamics influence latent cluster memipersh

1 Heterogeneity of faculties. Faculties differ in programme structure and
student demographics. The strong Faculty effects observed may partly reflect such structure
differences rather than garspecific factors.

These limitations do not undermine th@e methodological contribution but highlight areas
requiring caution when generalising the findings.

7 Future Work

Several promising directions can extend the present study:

1. Deep clustering modelsJointly trained clustering methods such as DEC,
IDEC, orVaDE could improve the compactness of clusters by aligning reconstruction loss
with cluster assignment objectives.

2. Prototype-aware autoencodersintroducing cluster prototypes directly into
the AE objective (e.g. via contrastive losses) may yield morepiatiable latent spaces.
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3. Integration with behavioural logs. If in-game activity logs become available,
multimodal embeddings could combine survey responses with interaction patterns to generat
richer student profiles.

4. Cross-cohort validation. The model sbuld be tested on additional editions of
the course or at other institutions to evaluate stability across contexts and cultures.
5. Mixed-type generative models.Variational or diffusiorbased generative

models for mixeeype survey data could be explored$onulating hypothetical intervention
scenarios or for handling missing data in{mgource environments.
6. Explainable Al for educational surveys.Methods such as SHAP for mixed

type encoders could improve interpretability and support actionable conslutmon

instructors and curriculum designers.

These directions align with current trends in EDM and learning analytics, where hybrid
machine learning approaches increasingly combine behavioural, affective, andizasedydata.

8 Conclusions

This study demstrates that a mixetype autoencoder can significantly improve the analysis
of survey data collected in garbased learning contexts. By jointly modelling ordinal Likert
responses and categorical variables, the model learns a compact latent represbatataptures
meaningful educational differences between student subgroups. Compared with classical baseline
such as kneans on raw features, ehet mixed data, or PCAased dimensionality reduction, the
AE embedding yields far superior cluster sepamtas confirmed by silhouette metrics, visual
inspection, and strong statistical associations with Faculty and Country.

The empirical findings replicate and extend earlier work on the educational game "Kietas
ri egsutas" by r ev emodfilésmfgstudatsaad cdnnexting theset profilea tith n 1
institutional characteristics. The results highlight the potential of deep representation learning for
analysing mixedype educational surveys and suggest new opportunities for applying neural models
in learning analytics, evaluation research, and the design of interactive learning environments.

Overall, the proposed approach demonstrates that even small but carefully structured datase
can benefit from modern neural representation learning techmigueviding insights that are
difficult to obtain using classical statistical methods alone.
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LATTICE PHYSICS APPROACHES FOR NEURAL NETWORKS.

Abstract Contemporary neuroscience is rapidly evolving toward an interdisciplinary, physics
inspired understanding of neural activity. This paper presents a concise overview of a recently proposec
framework that applies lattice field theory (LETa foundational tobin particle physicd to model the
spatiotemporal interactions of neural networks. The approach treats neural activity as a system of discrete
binary variables defined on a spatime lattice, enabling the use of statistical field theory methods to analyze
collective neural dynamics. Key elements of the framework include the Lagrangian formulation, the action
principle, renormalization through lattice decimation, and the explicit incorporation of temporal correlations
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via a kinetic term. This model aims bsidge micre and macrescale neural processes by connecting
experimental observables, such as mean firing rates and pairwise correlations, with effective generative
models grounded in physical principles. Applications span neural circuit inference, aal@timiodeling,
Utah-array data interpretation, and hybrid systems involving organoids and neuromorphic electronics. The
framework provides a unifying perspective that links neural activity, -fieddretic constructs, and
computational modelling, offeringromising directions for future research in both theoretical and applied
neuroscience.

Keywords:neural field theory; lattice field theory; renormalization; spatiotemporal neural dynamics;
statistical physics; generative models; biohybrid networks.
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1. Introduction

Within contemporary brain science, increasing focus is directed toward identifying theoretical
methodologies capable of clarifying the origins of intricate cooperative neuronal operations. Despite
technological advancement in capturing the operationsmarieds of neurons with superior temporal
precision, core questions remain unanswered: how do interactions among neurons shape circt
behaviors and how does activity emerge? Similar challenges existed in physics prior to the emergen
of the Standard ModgeWhich motivates the application of theoretical physics instruments in brain
research.

2. Current Methodologies and Their Constraints

2.1. ManifoldBased Representation

Characterizes neuronal behaviors in hitiimensional spaces, yet frequently lacks ptals
meaning.

2.2. CircuitLevel Representation

Relies on realistic biophysical parameters, however struggles to scale and often becomes ove
parameterized.

2.3. Brain Field Framework (NFT)

Integrates differential equations with structural characterigtidggproves difficult to connect
with information across different scales.

Probabilistic physics and Amalropfield representations have brought these domains closer,
yet precise solutions remain restricted, particularly for extensive arrangements.

3. Lagangian Construction and Extremal Principle

Within the introduced representation, the foundation comprises the Lagraribm@n
difference between motierelated and positicrelated energy of the arrangement. The extremal
principle provides a universal apjpieh for characterizing the progression of intricate arrangements.
Brain circuits are viewed as arrangements with numerous freedom degrees, for which Lagrangia
construction enables borrowing numerical and analytical techniques from physics.

4. GridBased Rpresentation of Neuronal Operations
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Neurons are depicted as binary parameters (0/1), positioned at grid nodes, while time is
discretized with intervals matching the recovery period (~1 millisecond). Captured operations form a
"kernel'd a matrix of dimensios NT T. Spati al and t e mp-matr&l d
characterizing cooperative behaviors.

5. Action Expression and MotieRelated Component

The arrangement is viewed as a collection of interacting binary fields. The action expression
contains rotionrelated contributions (temporal dependencies) and posiiated interactions
(spatial relationships). Probabilistic mechanics on grids permits analyzing such arrangement
analogously to spin representations in physics.

6. Scale Transformation

Rediction procedures are employedonsolidation of finescale details to obtain a
productive representation. For instance, thbdctrodearray information can be interpreted as a
reduced grid, where each electrode represents a miniature column. This meghqueimits
reconciling experimental measurements with theoretical representations.

7. Interaction Deduction

Maximum disorder principles, expanded with motietated expressions, are applied to
determine interactions. This permits recovering spatialtangoral relationships among neurons
and investigating various behavioral regimes.

8. Bio-Electronic Circuits

The methodology proves suitable for analyzing tissue cultures;inspired microchips, and
their interactions. Discrete field frameworks pemafiresenting these arrangements as unified hybrid
circuits, opening pathways to novel technologies and analytical techniques.

9. Constraints

Primary challenges involve:

1 Reconciling microscopic and largeale representations

1 Precision of reduction procecks

1 Inverse problems in higdimensional spaces

1 Identifying structural interpretation of representation parameters

10. Conclusions

Discrete field frameworks provide a promising foundation for unifying brain measurements
with physical representations. Theroduced methodology permits obtaining a coherent racdtie
picture of neuronal behaviors and establishes groundwork for novel analytical techniques, productiv
representation, braiimspired technologies, and babectronic arrangements.
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DEEP NEURAL NETWORK STATE ESTIMATION WITH HYPERPARAMETER
OPTIMIZATION.

Abstract Deep neural networks (DNNs) have recently emerged as a powerful alternative to traditional

modetbased approaches for Distribution System State Estimation (DSSE), especiallyvioltimye (LV)

grids with increasing penetration of renewable energy souacesnonlinear loads. This paper presents a
fully datadriven DSSE method using a fdedward neural network optimized via the Trgteuctured Parzen
Estimator (TPE) hyperparameter search. Reakld LV networks in Hungary are used to evaluate the
approach integrating pseudomeasurements, power consumption data, and weather variables such as sola
radiation, temperature, and wind speed. The proposed method significantly outperforms the classical
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Weighted Least Squares (WLS) estimator, achieving voltagetaephnd angle error reductions between
14% and 73%, depending on the network complexity. -@&d¢lerated training yields speegs exceeding
20, 000T compared to WLS. Further more, the study
GNN architectures showing that hyperparamettuned FCNNs deliver superior performance in both
accuracy and computational efficiency. Results confirm that hyperparameter optimization is essential for
scaling DNNbased DSSE to reaborld networks and for enabling accurafast, and robust state estimation
under high uncertainty conditions.

Keywords:distribution system state estimation; deep neural networks; hyperparameter optimization;,
TPE; lowvoltage networks; renewable integration; voltage estimation.
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1. Introduction

Within the framework of intelligent ela@tal grid advancement and expanding proportion of
distributed power sources, the significance of-tewsion grids has sharply increased. DSSE becomes
an essential instrument for guaranteeing dependability and productivity of electrical infrastructure.
Conventional techniques, including WLS, require precise grid models and demonstrate limited
resilience to incomplete or noisy information. Informatfonused approaches, notably DNN,
possess capability to represent complex-lvogar relationships, rendegrthem viable for practical
implementation. However, effectiveness of such models substantially depends on appropriat
parameter configuration.

2. Information and Problem Formulation

Research was conducted on four authentic LV districts in Hungary (188800, 44333,
20667), containing 2 to 10 circuits. For DSSE, the following were utilized:

1 15-minute consumption records

T Meteorological information (ambient temperature, irradiance, air velocity,
precipitation)

T Pseudemeasurements

1 Standardization and cyclitencoding of temporal features

Input information included demands, meteorological conditions, and temporal parameters.
Output information consisted of potential magnitudes and phases. Training was executed on odc
numbered weeks, validation on ewemmbeed weeks, allowing assessment of model generalization.

3. Network Architectures

3.1. FCNN (baseline model)

Straightforward and rapid model with RelLU activation, which demonstrated optimal
effectiveness following refinement.

3.2. LSTM/GRU

Productive fortemporal dependencies, yet more intricate and less resilient with constrained
information.
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3.3. GNN

Natural selection for representing grid topologies, yet in this investigation underperformed
relative to refined FCNN due to elevated complexity and seitgitd noise.

4. TPEFocused Refinement

The TPE algorithm, as a Bayesian methodology, constructs probabilistic models of parameter:
for identifying optimal configurations:

T Batch dimension

|l Learning velocity

1 Hidden layer arrangement
1 Epoch quantity

1 Optimizerupdate increment

TPE demonstrated notably superior convergence compared to random exploration and gri
exploration, and permitted consideration of grid magnitude: larger LV districts required greater batch
dimensions and deeper models.

5. Findings

5.1. Pecision

Relative to WLS, the refined FCNN reduced discrepancies:

1 Potential magnitude: 143%
q Phase: 1&5%

5.2. Processing Speed

GPU acceleration provided up to 20,0001
technique's suitability for regime operabn.

5.3. Architectures

Following refinement, FCNN consistently exceeded LSTM, GRU, and GNN, particularly in
grids with substantial circuit quantities.

6. Conclusions

This work demonstrates that sophisticated neural architectures can deliver highlygrdcise
exceptionally rapid condition assessment for LV grids provided parameter refinement is performed
The FCNN+TPE technique successfully scales, surpasses traditional DSSE algorithms, and can |
incorporated into distribution grid monitoring infrastruetu promoting dependability and
adaptability of electrical power systems.

UDC 681.5:004
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GAUSSIAN PROCESSES FOR PREDICTING PRODUCT QUALITY IN
MANUFACTURING.

Abstract Predicting product quality in continuous manufacturing is a critical requirement for
optimizing production processes and ensuring consistent operational performance. This study introduces a
Al-driven solution based on a generalized proebfetxperts Gaussian Process (GP) enhanced with a
Dirichlet Process (DP) noise model. The method integrates process parameters collected along the productio
line with endof-line quality measurements, specifically fault density. Five key criteria for effektive
deployment in continuous manufactudngcalability, modularity, oubf-sample reliability, uncertainty
guantification, and robustness to unrepresentative dai® defined and used to evaluate existing
approaches. Limitations of standard GP models untarGaussian noise are discussed, motivating the
development of a more flexible BlRRsed mixture noise model capable of capturing multiple noise sources.
The proposed framework automatically adjusts the number of mixture components and isolatgisdow
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observations for GP regression, improving prediction accuracy while preserving analytical tractability. A
productof-experts strategy is introduced to ensure computational scalability. Application to a real
manufacturing case study, supported by synth&peigments, demonstrates superior predictive performance
and resilience to outliers compared with standard and robust GP variants. The results confirm the suitability
of the DRaugmented GP method for modern continuous manufacturing environments.

Keywords Gaussian Processes; Dirichlet Process; continuous manufacturing; product quality; noise
modeling; producbf-experts; uncertainty quantification.
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1. Introduction

Within continuous productiogystems, process variables are monitored across multiple stages
of the production line, while quality indicatdrsspecifically defect concentratidnare measured at
the process conclusion. Forecasting these indicators enables production optimization iagnd qual
enhancement. Given the expansion of data volumes and technological process complexity
conventional forecasting techniques have become inadequate. The authors establish five requiremel
that Al frameworks must satisfy: computational scalability, systeodularity, prediction stability
outside training datasets, quantified uncertainty assessment, and resilienceréprasentative
observations. Standard Gaussian Process (GP) frameworks do not completely fulfill these
requirements due to assumptionggareling Gaussian noise characteristics. This motivates
development of an alternative framework capable of handling authentic uncontrolled noise
phenomena in production environments.

2. Methodology

2.1. Gaussian Process Regression

GP regression constitutasnonparametric probabilistic technique that yields both predicted
values and uncertainty estimates. Unlike parametric approaches, GPs characterize distributions ov
functions and find applications across numerous domains: from machinery dynamicstitwsrobo
However, the standard assumption of Gaussian noise frequently fails to correspond with authenti
production data.

2.2. Noise Modeling with Gaussian Mixture and Dirichlet Process

This work introduces a Gaussian mixture distribution for charactenatagdistortions. Each
observation associates with one mixture element, where the count of these elements is determin
through the Dirichlet Process. This approach enables the framework to automatically adapt to varyin
noise characteristics, identify Mmgoise observations, and prevent their influence during the
regression phase.

2.3. Producbf-Experts for Computational Scalability
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To enable processing of large datasets, the framework partitions the sample into subsets ar
trains individual GP "expertswhose predictions combine into the final output. This approach
ensures linear scalability while preserving accuracy.

3. Results

Simulations utilizing 150 synthetic samples corrupted with three Gaussian components
confirmed the superiority of thBirichlet Process GP (DPGP) framework over standard GP and
robust GP alternatives. The RMSE metric was lowest for DPGP. Visual outputs demonstrate correc
clustering of noise components and avoidance of excessive fitting to outlier samples. Authentic
prodwction data confirmed the framework's reliability: it successfully isolates the representative
portion of the sample and ensures stable product quality forecasting.

4. Conclusions

The proposed framework successfully integrates the advantages of GP ragnetsithe
adaptability of the DP approach, delivering a comprehensive solution to challenges of computationa
scalability, noise resilience, uncertainty quantification, and data modularity. Results demonstrate it:
applicability in modern continuous prodion environments, where process characteristics may
fluctuate and data may contain outliers or irregularities.
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ARTIFICIAL NEURAL NETWORKS FOR OPTIMIZING DISTRICT HEATING
NETWORKS.

Abstract Accurate heat demand forecasting is essential for optimizing district heating networks
(DHNSs), especially as modern systems integrate fluctuating renewable energy sources, variable weathe
patterns, and diverse consumer behaviors. This study evaluatealsésdicial Neural Network (ANN)
architecture$ including Long Shorferm Memory (LSTM), Convolutional Neural Networks (CNN), and the
Temporal Fusion Transformer (TR and compares them with the statistical SMRAX model. Using a year
long dataset fronthe Stiftung Liebenau DHN, which incorporates multiple heat sources (CHP, biomass,
natural gas) and heterogeneous heat sinks (residential buildings, workshops, greenhouses), the models a
tested for their ability to forecast dynamic heat loads and sumpentational optimization. Results show that
CNN achieves the lowest Mean Absolute Percentage Error (MAPE) for both summer and winter, and
17% for winter alond though all ANN models are affected by data volatility and irregularities, particularly
during peak demand events. Despite these challenges, the networks successfully capture general dema
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patterns. An economic evaluation demonstrates that-Baéd forecasting can markedly improve energy
efficiency and reduce operational costs due to low impi¢atien overhead. The study highlights the potential
of ANNdriven forecasting as a scalable, cadtective solution for nexgeneration DHNSs.

Keywords:heat demand forecasting; district heating networks; artificial neural networks; energy
efficiency; CNN; LSTM; temporal fusion transformer; confidence intervals.
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1. Introduction

Centralized thermal distribution systems are fiteorsng toward fourthgeneration network
concepts, which involve utilizing renewable power sources, reeieceperature operational modes,
and enhanced adaptability. Such transformation imposes fresh requirements on thermal loa
prediction, since contempary DHNSs feature significant consumer diversity and dynamic operational
pattern changes. Conventional statistical prediction methods prove insufficiently accurate, wherea
deep learning models can simulate complex nonlinear dependencies in temporatesedlieis
makes them promising tools for improving thermal network operational efficiency.

2. Case Study: Stiftung Liebenau DHN

The thermal distribution network is characterized by:

1 Multiple thermal generators (combined heat and power, biomass, methane)
1 Broad spectrum of consumers (dwelling structures, cultivation facilities,
manufacturing premises)
1 Twelve-month data collection with resolution suitable for modeling temporal
dynamics
Statistical and machine learning approaches were utilized for comppredjction
capabilities.
3. Deep Learning Model Architectures
3.1. CNN
Delivers optimal MAPE through effective extraction of localized temporal patterns.
3.2. LSTM

Performs well with extendeérm dependencies but represents a computationally demanding
architecture.

3.3. Temporal Fusion Transformer (TFT)

Contemporary architecture developed specifically for temporal sequence prediction and
ensuring interpretability.
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4. SingleStep and Autoregressive Predictions
Two methodologies were investigated:
1 Singlestep prediction of entire horizon
1 Stepby-step autoregressive forecasting
The autoregressive methodology exhibited sensitivity to error accumulation, whereas the
singlestep approach provided more stable outcomes.
5. Modeling Results

1 CNN achieved MRE = 27% for warm and cold seasons, and 17% exclusively
for cold season

1 All architectures are susceptible to data volatility

1 Maximum loads are predicted least accurately, but overall trend is reproduced
correctly

| TFT interpretability makes it valuable foperational analysis

6. Financial Analysis
Substantial power efficiency improvement was established when applying deep learning
prediction, specifically:

T Optimization of thermal generator operations
1 Reduction of operational expenses
1 Rapid payback due to mimal investments

7. Conclusions

Deep learningoriented architectures can become essential tools forgeseration thermal
networks, providing more precise prediction, power efficiency, and economic advantages. Althougt
the architectures have limitatiodsring peak prediction, overall accuracy and minimal deployment
requirements make them promising for practical implementation.
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EVALUATING HYBRID APPROACH TO MISSING DATA IMPUTATION IN
COMPARISON WITH GENERATIVE MODELS

Abstract Missing data remain one of the most common challenges in data analysis and machine
learning applications, with their occurrence resulting from humanorsirsensor failures, or researdpecific
limitations. Improper handling of missing values reduces the quality of datasets and negatively affects the
performance of predictive models. This study proposes and evaluates a hybrid imputation approach tha
combines generative and statistical methdédwmmely, a Variational Autoencoder (VAE) used as a feature
extractor and the Multiple Imputation by Chained Equations (MICE) algorithm. The hybrid method is
compared with classical statistical techniques (multiplputation and Gaussian mixture model) and three
generative approaches. Artificial missingness (MCAR, MAR, MNAR) with 10%, 30% and 50% missingnes:
rates was applied to an aguality dataset. Results show that the hybrid approach offers stable performance
across all mechanisms, outperforming all methods under the 50% MCAR condition and achieving accuracy
comparable to classical benchmarks in most scenarios. Generative approaches demonstrated lower stability
with VAE showing the most significant variance. Tihdings highlight the potential of hybrid models for
robust imputation tasks, especially when balancing generative flexibility with statistical reliability.
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Problem Statement
Processing missing data is a wallown problem in data analysis and machine learning
because it is common, exists in any scientific field, and is particulddyamgt in machine learning
since many models initially expect complete data for training. The main task of missing data
imputation methods is to solve these problems by filling in the gaps with plausible values. There is :
wide variety of imputation methadincluding simple ones such as mean or median imputation and
traditional statistical ones such as multiple imputation or the EM algorithm. Modern research on this
topic often considers generative methods, i.e., methods based on generative artifilogenioge
algorithms and models. Examples of such approaches include the use of variational autoencodet
adversarial models, and transformer models.
The task of missing data imputation is defined as follows: let there be a datagdth is a
matrix of observations, and variables are given as columns. The goal is to find a fli@ctictmat
will fill in the missing data using the available observed data.
To formalize different kinds of missing data, the concept of a missing data mechanism is used
It is a description of the relationship between missing and available data. According to the mos
common classification, there are three types of mechanisms [1]:
- Missing at random (MAR) an assumption that the probability of missing data
for variablecydepends on the values of other characteristics, but does not depend on the value
of witself;
- Missing completely at random (MCARRN assumption that the probability of
missing data for variablé does not depend on the values of other characteristicsomsd d
not depend on the value @fitself;
- Missing not at random (MNAR)an assumption that the probability of missing
data for variabléydepends on the values of other characteristics, as well as on the values of
witself;

Imputation methods typicallsequire one of these assumptions to be true in order to work.

Analysis of Recent Publications

Generative Adversarial Networks (GANs) have been successfully adapted to address the
challenge of missing data processing. The core concept involves trainingeratge to impute
missing values while a discriminator learns to distinguish between artificially generated imputations
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and actual observations. GAIN framework proposed by Yoon, Jordon, and van der Schaar (2018) [z
is an important contribution in this diction. The authors introduced a "hint" mechanism where the
discriminator receives partial information about the missingness mask. This focuses the discriminato
on specific data regions and guides the generator to reproduce the underlying data distaithetio

than exploit trivial signals about which values were missing. Experimental results demonstrate tha
GAIN outperforms effective classical imputation methods; however, its training process is
complicated due to the necessity of maintaining balaeteden the generator and discriminator.
Furthermore, the baseline GAIN architecture does not support multiple imputation and has not bee
extensively validated under missingness mechanisms other than MCAR.

Subsequent research has proposed various modifisato address the limitations of the
GAIN architecture. Notably, the MisGAN model (Li et al., 2019) [3] utilizes an approach with two
generators where one is used for complete data, while the other for missingness masks which enab
the model to effectely handle complex missingness mechanisms, including MNAR. Another
modification, MFGAN (Dai et al., 2021), integrates GAN principles with the concept of multiple
imputation, where a conditional generator produces several plausible values for eachentsging
This facilitates more accurate statistical inferences [4]. Whik&MN yielded results comparable to
existing algorithms under MAR conditions, it demonstrated superior performance in statistical
analysis and computational efficiency.

Variational Autoencoders (VAES) and related latent variable models offer an alternative
probabilistic imputation strategy by modeling the complete data distribution and deriving posterior
distributions for missing values. Since VAE components are trained to maxikehbdod, these
models naturally provide distributions of potential imputations rather than single point estimates. The
general approach involves training the model on complete ofcoegplete data (with appropriate
modifications), followed by sampling s8ing values from the conditional distribution using observed
features during imputation. A prominent example is MIWAE (Mattei & Frellsen, ICML 2019) [5],
which demonstrates the capacity of VABRsed frameworks to not only outperform simple methods
but al® compete with GAMNodased approaches, particularly when quantifying probabilistic
uncertainty is required.

In Handling Incomplete Heterogeneous Data using VVAl&zabal et al. (2020) proposed the
Heterogeneouthcomplete VAE (HIVAE), which employs distinctprobabilistic models for
different feature types (Gaussian for continuous, categorical for discrete) and explicitly accounts fol
the missingness mechanism [6]. Results indicate thatAH provides accurate imputation for mixed
data types and remains effwe even in MNAR scenarios by treating missingness as a part of the
generative model.

Leveraging variational autoencoders for multiple data imputa{i@oskamsHieter et al.,

2022) highlights a significant limitation of VAEs: in multiple imputation tastandard VAESs often
underestimate uncertainty, yielding overly "confident" imputations [7]. This is particularly evident
with extreme values and broad distributions, where the model tends to converge around the mean. -
address thisp-VAE was proposedwhere a hyperparametdy, selected via crosgalidation,
intensifies the regularization of deviation from the prior distribution. This modification broadens the
distributions, allowing for a better exploration of plausible imputation variability. It alseepts

false discoveries in subsequent analysis that might appear if imputed values are treated as grou
truth. The study emphasizes that while deep generative models theoretically model uncertainty, i
practice they require careful tuning.

Transformer mdels have also become a promising tool for tabular data imputation. Their
advantage lies in the ability to model complex dependencies between features through attentio
mechanisms and to handle various missingness types by treating missingness irdicatdittonal
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features. The ReMasker model (Du et al.,, 2023) extends the BERT masking approach: durin
training, both natural missing values and artificially masked values are treated as special tokens, ar
the transformer learns to recover the correspundriginal data [8]. Once the model learns to predict
these masked elements, it effectively handles real missing values [9]. Empirical evidence sugges
that ReMasker can match or exceed the accuracy ofddtétte-art methods, with imputation quality
reportedly improving as the proportion of missing values increases [8, 9]. This is attributed to multi
head seHattention, which forms missingness/ariant representations and captures complicated
feature correlations.

A distinct direction of research foseis on modifying transformer architectures specifically
for tabular data. An example is the Not Another Imputation Method (NAIM), a transformer designed
to train directly on incomplete data without prior imputation [10]. NAIM employs two key
mechanisms: f@ure embeddings that encode both numerical and categorical values (including
explicit representations of missingness) and a modifiedasielition algorithm that completely
masks contributions from missing values. Consequently, the model becomes "afvahe'
missingness structure, preventing missing values from influencing other features through attentiol
weights. Additionally, NAIM utilizes a novel regularization scheme to improve generalization on
incomplete training sets [9].

In summary, the literate review demonstrates the significant potential of generative methods
for missing data imputation. However, each approach possesses inherent limitations, and the selecti
of an appropriate method must consider practical factors, including the missimgeesanism,
tuning complexity, and computational costs.

Unsolved Parts of the Problem

While a lot of generative imputation models have been thoroughly explored the concept of
hybrid methods is significantly more rarely addressed. The core idea of hyl@snimto combine
strong sides of both statistical and generative approaches in order to resolve common issues of bc
categories. Theoretically, hybrid approaches hold potential to mitigate the training instability and
mode collapse that are often obs&hin pure deep learning approaches which would make them
easier to train and improve their imputation performance. For the traditional approaches the potentiz
of hybrid modifications lies in resolving their assumptions and limitations such as the assurhpt
Gaussian data for GMM or the Acurse of di men
the number of features increases relatively to the number of observations.

Purpose and objectives of the Study

The goal of this work is to propose andiezate the performance of a hybrid method relatively
to straightforward generative imputation approaches and classical approaches in the context c
preprocessing data in a forecasting task. The selected dataset is a numerical dataset of air qual
paramegrs (Beijing PRSA), containing 35,952 observations and covering the period from January 1,
2010, to December 31, 201Atrtificial missingness was introduced in the two continuous variables
at 10%, 30% and 50% missingness rates for every mechanism whaddyéegrid of 3x3 datasets.

Presentation of the Main Research Material

The proposed hybrid imputation approach is built around the idea to combine VAE model
with MICE. The implementation consists of two steps: VAE is trained in order to extract latent
features that are used as augmentation for existing dataset before MICE imputation is applied.

73



Original data X_miss

Apply simple mean
imputation

|

/Warm-stan data Xfws/

Train VAE on X_ws

! !
Generate latent

Merge original and
3y
features L latent data ‘7/Augmented data X_aug/

Apply MICE

Imputed Augmented
data X_aug_imp

Discard latent
features

Final imputed
data X_imputed

Fig. 1. Flowchart of hybrid approach

In the first phase the initial step addresses the VAE requirement to have a complete inpu
matrix. For this a simple mean imputation is used on the datetsed c r e a t-set aar t fiow adrat
@ . This matrix is used as the training dataset for VAE. fioelel is optimized using the Adam
algorithm by minimizing a composite objective function comprising a reconstruction loss and a
regularization termSpecifically, Mean Squared Error (MSE) quantifies the reconstruction fidelity,
while the KullbackLeibler ( K L) di vergence penalizes deviat
distribution and a standard normal prior. Following the training phase, the encoder operates
deterministically. The premputed matrix®w is mapped through the encoder to extract thenta
mean vectors, which are aggregated to construct the latent feature ndatrix

In the second phase, the original incomplete datasét,augmented via the concatenation of
the VAE-generated latent featurgs This creates an augmented matbix .It is important that the
latent features are fully observed and thus provide a holistic representation of the underlying dat
manifold. MICE is then applied to this augmented matrix. MICE models each variable with missing
entries as a dependent vat@that is conditioned on the remaining original and latent features. In
this implementation a Random Forest Regressor was used as the predictive estimator. The algorith
iteratively cycles through columns until a convergence criterion is reached. #ksallstep the latent
features are discarded and the result is the imputed dataset

The hybrid method, 2 traditional methods and 3 generative approaches were @s@th on
dataset with artificial missingness to create imputed datasets wieich the training sets for 4
predictive models: linear regression, XGBoost, Random Forest and LightGBM. The figures below
present the value of RMSE for the 4 predictive models trained on the imputed dataset of each type.
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RMSE by Imputation Method and Model — MAR
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Fig 2. RMSE by imputatiomethodand model for MAR and MCAR datasets

For MAR scenario VAEMICE showed comparable performance to classical methods,
however MICE was still the top performing method followed by GMM and \MIEE. At the same
time, all three generative models laggedibélconsiderably. For MCAR the performance of methods
was generally comparable at 10% and 30% missingness with more noticeable differences at 50¢
where the begperforming model was achieved with VABICE method that outperformed both
classical methods.
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RMSE by Imputation Method and Model — MNAR

10%

Sha bbbk
SRR

30%

Predictive model
[A Linear Regression
[ XGBoost
[ Random Forest
I LightGBM

| i ] X . |

S
0.16

50%

o)
2 0.16
o

coam wom N

N\\CE W O E_‘\‘n\\(‘)\? AN PE “a“s‘c‘meY

| e Y

Fig 3. RMSE bymputationmethod and model for MNAR datasets

In MNAR scenario MICE was again the top performer achieving the best LightGBM model.
Among generative methods VAE model displayed a notable instability having a significant
performance drop on08% missingness. Oppositely, VAHICE was proven to be more effective by
being able to avoid this performance collapse and yielding a LightGBM model that is comparable
with GMM and GAIN results.

Furthermore, two trends were consistently observed aclasssalngness mechanisms:

T Positive correlation with missingness rates: Predictive performance
demonstrated a monotonic improvement as the proportion of missing data increased. Thi:
diverges from the conventional wisdom that higher rates of missingnessritiheomplicate
the imputation task. A possible explanation is that imputation. regardless of the specific
algorithm, adds a smoothing or regularizing effect which simplifies the feature space for
predictive models.

1 Positive correlation with mechanism ffdiulty: The highest predictive
accuracy was achieved using data imputed under the MNAR condition, followed by MAR,
with MCAR vyielding the comparatively lowest (albeit still robust) performance. This
challenges the common assumption that MCAR is theéstdsiondition to handle. However,
it is possible that this trend would not be observed in a different MNAR implementation.

CONCLUSIONS.

In this study we investigated the performance of several generative approaches to missing da
imputation problem in aoparison with classical methods and proposed a hybrid approbeh.
methods were evaluated on a pollution prediction task.

In the evaluation across all missingness mechanisms, classical methods consistently exhibite
strong and reliable performance withiCE being the most powerful method. While the studied
generative models generally yielded suboptimal performance, the proposed hybrid approact
demonstrated a notable improvement, bridging the gap between two categories.

The hybrid model achieved prediai accuracy comparable to classical benchmarks in the
majority of experimental scenarios and outperformed all competing methods under the 50% MCAR
condition. The difference in VAE performance between the basic version and its use as part of
hybrid methodsuggests that VAE's primary strength in imputation tasks may lie in its capability as a

76



feature extractor rather than as a standalone imputer. Overall, these findings underscore the significa
potential of hybrid approaches in missing data imputaticzares.
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NEURAL NETWORK VERIFICATION IN CLOSED -LOOP SYSTEMS USING
INTERVAL ARITHMETIC.

Abstract Machine learning methods are increasingly used to developgedgiormance controllers
for cyberphysical systems (CPS), yet their deployment in safgiyal environments raisesoncerns
regarding trustworthiness and verifiability. This work presents a hybrid approach that combines interval
arithmetic with theorerproving techniques to verify neural netwidolased controllers embedded in closed
loop systems. Interval arithmetic isad to compute guaranteed bounds on neural network outputs for bounded
input ranges, while formal verification in higherder logic provides provable guarantees on syslevel
safety properties. The approach is applied to an autonordousig use caseni which a modepredictive
controller (MPC) for adaptive cruise control is replaced by a neural network surrogate trained on MPC
generated data. Automatic generation of PVS theories from PyTorch models is introduced, enabling scalabl
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and systematic formahtion of neural networks with moderate size. Experimental results show thabopen
intervalbased verification achieves faster verification times than existing 8Mirabstractiorbased tools,
while maintaining soundness. The combined method suakg$sfmalizes and verifies safety constraints in
the closedoop setting, demonstrating the feasibility of rigorous verification for neural network controllers in
practical CPS applications.

Keywords:neural network verification; interval arithmetic; bgr-physical systems; theorem proving;
adaptive cruise control; formal methods; safetitical systems.
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1. Introduction

Artificial neural networks are progressively utilized as regulation elements in CPS,
particularly within autonomous nawtjon, industrial process control, and healthcare applications.
Although such architectures deliver superior efficiency and capability to approximate complex
behavioral patterns, the challenge of their dependability under critical operational conditiaimsre
unresolved. Direct training approaches do not ensure adherence to protection constraints, ar
conventional validation techniques frequently fail to scale for produgtiade networks. Within this
framework, a combined approach is proposed thatratieg rangdased mathematics for computing
output boundaries of neural networks and formal validation for examining feebtifmgckehavior.

2. Survey of Contemporary Approaches

Primary directions in neural network validation encompass:

T SMT-driven instrumats capable of handling Rekkhsed architectures

1 Hybrid automaton frameworks for more complex activation functions
(sigmoid, tanh)

1 Simulatiorroriented techniques such as Meftarlo sampling

1 Sensitivity examination and regional validation procedures

Despit these advances, existing solutions encounter difficulties with scalability and absence
of rigorous assurances. Consequently, combining diverse formal approaches represents a promisi
direction.

3. Formal Architecture and Rangased Mathematics

This regarch employs PVS for representing neural networks within higtder reasoning
frameworks. Feedborward architectures are characterized as sequences of matrix operations with
schematically specified activations. Rasizgsed input representations enaldevétion of assured
output boundaries for individual layers. Range computations are executed through a specialize
IntervalTensor class, incorporated into PyTorch without modifying the original framework.

4. Automated Formalization Construction

The proposd Python instrument automatically converts networks from PyTorch into
corresponding PVS formalizations. This enables:
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1 Elimination of manual specification for largeale architectures
1 Reduction of formalization errors
1 Validation capability for networksontaining approximately 600 processing
units
To minimize overapproximation, linear activations are recommended, though the technique
functions with nonlinear variants as well.
5. Application to Intelligent Speed Regulation
A scenario is examined whelPC is substituted with an artificial neural network accepting
three parameters: relative velocity, separation distance, andvebgbe speed, producing
acceleration commands. The network was trained using -MSEd optimization, achieving
MSE=0.034.
Through rangebased mathematics, it was confirmed that network outputs consistently remain
within protection boundaries for all permissible inputs, including scenarios involving hazardous
proximity to leading vehicles.

6. Findings

| Rangeoriented validation exaites faster than SMibased techniques (reduced
computational overhead)

T Integration of rangdéased methods and formal proofs delivers rigorous
assurances for feedbackntrol configurations

1 Automated formalization construction enables examination of ptiouc

systems rather than merely simplified examples

7. Conclusions

The proposed methodology demonstrates effectiveness in combining -biasek
mathematics and formal validation when examining artificial neural networks in feedbaickl
architectures.The technique is scalable, integrated with PyTorch, and suitable for validating
productiongrade CPS regulators. Future developments include optimization of-basgd
computations, GPU acceleration, and modeling of more sophisticated vehicular dynamics.
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MULTI -TASK LEARNING WITH LEARNED CONTEXTUAL INPUTS.

Abstract This paper investigates a muiéisk learning architecture based on learned contextual
inputs, where a fully shared neural network is augmented withdlowensional, trainable tas&pecific
parameter vectors. These vectors act as contextual inputs t@tiwerk, enabling efficient task adaptation
without modifying shared weights. The study presents theoretical results showing that even a single scalar tac
parameter allows universal approximation across all tdspeoviding an expressiveness advantage over
conventional architectures. Empirical evaluations across ten datasets demonstrate that the dimensionality o
task parameters correlates with task complexity, yet compaetiilmensional task spaces are practical for
most applications. Learned contexts gliedtable and welstructured task parameter spaces, supporting
workflows such as updating models with new data, integrating unseen tasks, and adaptingvavyiimge
conditions while keeping shared parameters fixed. Experiments comparing leamtedt etworks with
contextsensitive and ladayer networks show competitive performance, especially on limited datasets where
learnedcontext models exhibit superior robustness. The architecture is particularly suitable for engineering
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systems with multiple rsicturally similar tasks and sparse data, enabling efficient model maintenance,
reduced retraining requirements, and resilient task adaptation.

Keywords: learnedcontext neural networks; muliask learning; universal approximation; task
specific paramets; model updating; data efficiency; contextual inputs.
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1. Introdiction
Addressing multiobjective training challenges in industrial and technical deployments
frequently encounters constraints from scarce data per objective and continuous model updatin
requirements. Examples encompass turbines in wind farms, biomassays aquaculture systems,
and similar environments with structurally comparable yet-datetrained objectives. Conventional
approaches either demand separate models or encounter adaptability challenges.-éaotexed
architectures offer a balandeetween flexibility and stability by incorporating compact task
parameters into shared architectures.
2. Architecture of Acquire@ontext Neural Networks
2.1. Overall Structure
The framework comprises:
1 A shared fullyconnected neural architecture
1 A collection of task parameters supplied as supplementary inputs
These parameters undergo training alongside shared weights using available data; howeve
during deployment, objective modification requires updating only task parameters rather than the
complée architecture.
2.2. Context as Latent Task Representation
Task parameters establish a latent representation reflecting continuous task characteristic
rather than simple identification. This enables:

1 Transferring shared models to novel objectives
1 Avoiding complete architecture retraining
T Maintaining structure and stability

3. Theoretical Characteristics
3.1. Universal Function Approximation
It has been proven that scaled training with a scalar task parameter already generates sufficie
expressiveass for approximating multiple objectives. This contrasts with numerous classical
frameworks requiring substantially greater resources or separate models for comparable universalit
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3.2. Task Parameter Initialization
Scalar parameters are recommendeaéoo initialization, which:

1 Prevents taskncoding local minima
1 Promotes clustering of analogous objectives
| Ensures uniform parameter space behavior

4. Experimental Investigations
4.1. Comparison with Alternative Architectures
The architecture was evaludten ten benchmarissynthetic and realorld (educational
records, medical indicators, etc.). Comparisons included:
1 Contextaware networks
1 Finaklayer frameworks
Acquired-context architectures demonstrated competitive or superior accuracy.
4.2. Constraine®ata Scenarios
Even with substantial data reduction (to 10% of complete samples), aeqoimeckt
architectures degraded considerably slower. This makes the framework effective for objectives witt
limited measurements.
4.3. Selection of Task Parameteniginsionality
Increasing dimensionality generally improves accuracy, though benefits diminish beyond
certain thresholds. Balancing dimensionality is recommended based on:
1 Objective complexity
T Generalization requirements
1 Available data quantity
5. Operational Considerations
The acquireecontext framework facilitates deployment through:

1 Model refreshing upon receiving novel data
T Incorporating new objectives without reconstructing shared weights
1 Effective training with partially accessible models (e.evhen shared

parameters are unavailable for modification)

6. Conclusions

The acquireetontext neural network framework represents a promising solution for- multi
objective systems operating with analogous objectives and constrained data. It provides:

1 Universal function approximation

Resistance to data reduction
Structured task parameter representations
Minimal computational overhead
Flexible and scalable model updating
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QUALITY EVALUATION OF POLISH TIMESCALE FORECASTING USING GMDH
NEURAL NETWORK.

Abstract This paper evaluates the effectiveness of a forecasting system for the Polish national
timescale UTC(PL), based on a Group Method of Data Handling (GMDH) neural network and implemented
on a VCH1003M hydrogen maser. Two dedicated time series, TS1 andvé&?2constructed to support
accurate forecasting, incorporating phase time differences between UTC(K) and the reference clock, as we
as UTGQ UTC(k) and UTCrUTC(k) data derived from BIPM CirculaF. Hermite interpolation was applied
to extend these datdseo daily resolution. Forecasting results for both TS1 and TS2 show excellent agreement
with official BI'PM values, with discrepancies fr
N6 ns. Cases 5 and 6 de mtyncsnfirmiagtthe suitabilty ohGMPH forsragal f o
time UTC(PL) steering. The findings show that UTC(PL) maintains an accuracy level comparable to leading
global timescales, including those supported by hydrogen masers and caesium fountains. The study als
highlights the importance of input data preparation and the@génizing capabilities of GMDH networks.

The approach is particularly beneficial for National Metrology Institutes lacking caesium fountain technology,
offering a cos#fficient and higkaccuracy alternative.

Keywords:UTC(PL); GMDH neural network; hydrogen maser; timescale forecasting; time series;
UTC(k); BIPM; metrology.
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Introduction

The article discusses the effectivenessadforecasting system for the Polish Timescale
(UTC(PL)), using the Group Method of Data Handling (GMDH) neural network and hydrogen maser
(HM) technology. The research aims to show that applying this forecasting system to UTC(PL) car
achieve timescale qgliy comparable to the best timescales worldwide. Forecasting results are
presented for two time series, TS1 and TS2, and compared to- WTC(K) values. The results
demonstrate excellent forecasting quality, with cases 5 and 6 achieving very good essults
confirmed by forecast quality measures. The research concludes that the developed system ensu
UTC(PL) accuracy on par with the top global timescales, supporting its adoption by National
Metrology Institutes (NMIs) lacking caesium fountains.
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The regarch presented in the article focuses on the effectiveness of a forecasting system fo
the Polish Timescale (UTC(PL)), which is based on a GMDH (Group Method of Data Handling)
neural network. This system, designed for the Polish national timescale, lesmiemped with a
hydrogen maser (HM). The primary goal of the study is to demonstrate that the use of this forecastin
system can ensure that the quality of the Polish Timescale is comparable to that of the best glob
timescales.

The forecasting system apges on two specially prepared time series, TS1 and TS2. These
series, along with the forecasted values for the Polish Timescale, are compared with the UTC
UTC(k) values for this scale. The analysis confirms the high quality of the forecasts, pédytioular
cases 5 and 6, where the system showed a high degree of accuracy. This is evident from the forec
quality metrics and the minimal discrepancies observed between the predicted and actual value
These findings suggest that the developed forecastistgm allows for the accurate control and
correction of the UTC(PL) national timescale, placing it among thepdes&irming timescales
globally.

The research is particularly significant for National Metrology Institutes (NMIs) that lack
caesium fountas as it shows that adopting the UTC(K) steering system based on this neural network
approach could allow them to achieve similar higlality results at a lower cost.

FactorsinfluencingForecasting Quality

The second key factor influencing the foreaastijuality is the quality of the prepared input
data. This aspect is heavily impacted by the method of data preparation as well as the quality of th
clock that realizes the UTC(k) timescale and its corresponding steering system. The author conducte
extersive research focused on improving the data preparation process, exploring various methods 1
enhance the forecasting quality. These studies were presented in several wiizksafid the
findings indicate that further improvements in data handling Gahtte even better results.

In the specific context of UTC(PL) forecasting, the method proposed by the author for
generating UTC(k) scale forecasts using a GMDH neural network has been successfully applied. Thi
approach uses data from hydrogen masers amuinercial caesium atomic clocks to implement the
UTC(PL) timescale, aiming to achieve forecast accuracy comparable to the dpgHeshing
timescales. Notably, the forecasting system has been successfully integrated into the Polish Timescz
UTC(PL), corirming its potential for widespread application in national metrology institutes
(NMls). This approach allows for continuous improvement and refinement of the timescale
forecasting process, making it more efficient and reliable intimea@l operations.

Implementation andesting

The research conducted on the Polish Timescale (UTC(PL)) forecasting using the GMDH
neural network (NN) has led to the development of a forecasting system for UTC(k) timescales, a:
described in the works of Sobolewski and oth2€4.¢). This system has been tested using the Polish
Timescale, which is based on a V&KH03M hydrogen maser, selected for its precision and stability
among several available clocks at the GUM (Central Office of Measures). The goal of this work is to
demongrate that the forecasting system enables the UTC(PL) timescale to achieve a level of accurac
comparable to some of the best timescales, such as those implemented with hydrogen mase
supplemented by caesium fountains.

The research focuses on two prepdnme@ series, TS1 and TS2, for use with the GMDH NN,
and compares the forecasted values against the BEdignated UTC values (xb(t)). The forecasting
results for both time series showed a high level of accuracy, with discrepancies consistently withir
Ni®s, and for some periods, even below N6 ns.
in quality to the best global timescales.
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The article also elaborates on the two main factors that influence forecasting quality: the
choice of neural netwk and the quality of the input data. A key component of the GMDH NN's
success is its setfrganizing nature, which allows it to adapt efficiently to new data and produce
reliable forecasts in redilme, as seen in the ongoing UTC(PL) steering process. mbthod has
been successfully applied in Poland, allowing for continuous updates to the national timescale
positioning it among the higheperforming timescales globally.

Comparison with Different Clock Technologies

When developing the forecasting algiom for UTC(K) using a GMDH neural network, the
Polish Timescale was implemented with a commercial caesium atomic clock, achieving a stability of
approximately 10*14). The author highlighted that leading NMI laboratories typically use hydrogen
maserspoften supplemented by caesium fountains, to implement UTC(k). Hydrogen masers offer
superior shorterm stability at the 102{5) level compared to caesium clocks, which are better for
long-term stability.

The research showed that the GMIDHised forecastgisystem is versatile, achieving high
quality predictions for both caesium and hydrogen mhased timescales. This system has been
integrated into the Polish Timescale UTC(PL), which has demonstrated exceptional accuracy
particularly since its applicatn in 2016 at the GUM (Central Office of Measures) to control
UTC(PL). The improvements were substantial, contributing to a timescale that is now ranked amon
the best globally.

Research Objectives and Methodology

The article aims to assess thiectiveness of the forecasting system applied to the Polish
Timescale (UTC(PL)), based on a method proposed by the author using a GMDH neural network
This system is implemented on the V&KHO3M hydrogen maser, selected from several available
clocks at he GUM (Central Office of Measures) in Poland. The research demonstrates that the
developed forecasting system can achieve a level of precision for UTC(PL) comparable to the bes
global timescales, including those based on hydrogen masers and caesiiamgodrte article
emphasizes that the use of this system ensuresghmity timescale accuracy for UTC(PL),
positioning it as one of the tgperforming timescales worldwide.

Time Series Construction

The article describes the construction of the TS1Tesi@l time series, which are essential for
the forecasting system based on the Group Method of Data Handling (GMDH) neural network. Thes:
time series were developed to improve the accuracy of UTC(PL) forecasting. The time series includ
phase time values (&% between the national time scale UTC(k) and the atomic clock, UTC
UTC(k) values (xb(t)), and additional values (xbr(t)) representing the UUTC(k).

The research conducted from December 2020 to August 2023 focused on forecasting th
Polish Timescle (UTC(PL)), which is based on the VEHO03M hydrogen maser. The forecasting
used the prepared TS1 and TS2 time series and compared the predicted results with actual de
published by BIPM.

The study demonstrated that both time series provided highlyraaectorecasts, with
discrepancies between the forecasted values (xbp(t)) and the BIPM data (xb(t)) being minimal, ofte
within a few nanoseconds. This indicates that the Polish Timescale has remained consistentl
accurate, aligning closely with the bekilgal timescales.

DataPreparatiorfor GMDH Neural Network
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An essential part of the developed forecasting system based on the proposed procedure is t
block dedicated to preparing input data for the GMDH neural network (NN) in the form of time series.
The quality of the forecasts heavily depends on how this data is prepared. For the UTC(k) forecastin
research, two time series, TS1 and TS2, were developed, containing data wiilley orterval.

The TS1 time series consists of three data groups: phasedilues (xa(t)) between 1 pulse
persecond signals from the national UTC(k) timescale (UTCk(t)) and the atomic clock (clockk(t)),
xb(t) values representing the difference UTQTC(k), and xbr(t) values representing the difference
between UTCr and UTC(k)Yhese relationships are defined as:

xa(t) = UTCk(t)- clockk(t)

xb(t) = UTC(t)- UTCKk(t)

xbr(t) = UTCr(t)- UTCk(t)

The xb(t) values are the data published by the BIPM in their "Circular T" bulletin. Since these
data are published for Modified Juli&xates (MJD) ending in 4 and 9, they are interpolated using the
Hermite polynomial (PCHIP function in MATLAB) to generate daily values. This interpolation helps
extend the number of historical data points, ensuring the GMDH NN has enough training data, a:
insufficient data can hinder the training process.

The preparation method for TS2 is similar to TS1, but the data is split differently: the first
group consists solely of xb(t) values, while the second group consists only of xbr(t) values.

Forecasting Procs

The forecasting process involves predicting xb(t) values. Using TS1, the output from the
GMDH NN for a forecast day (tp) is denoted as x1p(tp). By comparing this with the measured xa(tp)
for UTC(k) on that day, the forecast difference (xbp(tp)) is ¢ated as:

xbp(tp) = x1p(tp) xa(tp)

For TS2, the forecasting approach is similar, and the results can also be used to correct UTC(}
values.

CONCLUSIONS.

The research demonstrates that the forecasting system based on the GMDH neural netwol
provides highy accurate predictions for the Polish Timescale (UTC(PL)), enabling it to achieve a
level of precision comparable to the best global timescales. The system's use of hydrogen mase
along with wellprepared input data and the application of advanced f&iregaechniques, ensures
that the accuracy of UTC(PL) remains within

The developed system has proven to be effective intireal forecasting and steering of
UTC(PL), which has significantly enhanced its pemiance. The approach has shown to be
adaptable, with minimal discrepancies between forecasted and actual data, making it a reliable to
for maintaining precise timekeeping.

The research results indicate that the GMDH neural network is an optimal choice fo
forecasting UTC(k) timescales, especially for national metrology institutes (NMIs) that do not have
access to higleost equipment like caesium fountains. By using this system, such institutions can
achieve highguality time scale predictions at a sigo#ntly lower cost.

Furthermore, the application of this forecasting system has contributed to the Polish Timescal
being classified among the t@erforming timescales, demonstrating the practical benefits of
artificial intelligence in metrology. The contied use of this system ensures the ongoing precision
and reliability of UTC(PL), positioning it as a leading example of modern timekeeping technology.
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Abstract. The article examines the use of neural networks for forecastinglanding electricity
consumption in modern power systems. It is shown that traditional statistical methods do not provide adequat
accuracy in conditions of high load stochasticity, increasing penetration of renewable energy sources, anc
dynamic electricig pricing. Neural networks, including MLP, LSTM, GRU, and hybrid architectures,
effectively model nonlinear dependencies, account for bt and seasonal fluctuations, and provide
accurate forecasts for both shdadrm and longterm horizons. The apptition of reinforcement learning for
optimizing the operation of power equipment, managing energy storage systems, and reducing operatione
costs in dynamic pricing environments is discussed. The paper highlights the integration of deep learning
models indb Smart Grid infrastructures, including energy system digital twins, which enhances planning
efficiency and system resilience. Key challenges of neural network deployment in energy forecasting ar
identified, including data quality, model generalizationeditting risks, and cybersecurity concerns. It is
concluded that neural networks represent a fundamental technology for enhancing the efficiency, reliability,
and flexibility of future energy systems.

Keywords:neural networks, load forecasting, powest®ms, Smart Grid, digital twins, reinforcement
learning.
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Abstract. The paper provides a comprehensive justification for the feasibility of applying the non
positional residue number system (RNS) in artificial neural networkspooive computational speed and
energy efficiency. The study highlights the core advantages of RNS, where numbers are represented
independent residues modulo pairwise coprime bases, enabling full parallelism of arithmetic operations and
eliminating carrypropagation typical of positional systems. The impact of RNS on optimizing multiplication,
summation, and activation computation in neural networks is examined, emphasizing its relevance for dee
learning models with intensive arithmetic workloads. Itsiown that the modular structure inherently
increases fault tolerance by localizing errors within individual channels, thereby reducing the likelihood of
systerrwide failures. The research outlines the prospects for developing hardware acceleratorsrbR$esl o
suitable for realtime environments, as well as the potential for scalable architectures without significant
hardware overhead. The findings confirm that the application of residue number systems is a promising
direction for enhancing the performanard reliability of modern intelligent computing architectures.

Keywords: residue number system, artificial neural networks, parallel computation, hardware
acceleration, fault tolerance.
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Abstract. This paper presents a comprehensive approach to improving the reliability and accuracy of
data processing in artificial neural networks (ANNSs) through the application of theositional residue
nunber system (RNS). It is shown that modular representation of numbers enables computations to b
organized as independent parallel streams, which contributes to effective error localization and reduction of
the impact of hardware faults. The key advantagdlNS are characterized, including improved numerical
stability, enhanced errecontrol mechanisms, reduced accumulation of rounding errors, and increased
precision in deep neural models. The study outlines the prospects for creating haoghtvanized
accelerators based on RNS that exploit its intrinsic parallelism and eliminate the need for carry operations. It
is demonstrated that the use of RNS increases robustness of neural networks against noise, optimizes resou
utilization, and enables efficiemhplementation of redime intelligent systems. The results confirm that the
residue number system is a powerful tool for enhancing intelligent computing architectures aimed at high
performance, accuracy, and operational reliability.

Keywords:residue nurher system, artificial neural networks, reliability, data integrity, modular
computations, hardware accelerators.
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Bisogni C., Cimmino L., Nappi M., Pannese T., Pero GQUniversity of Salerno, Department of
Computer Science & Department of Management and Innovation Systems, Fisciano, Salerno, Italy’

GAIT -BASED EMOTION RECOGNITION WITH PRIVACY PRESERVATION.

Abstract Gait-based emotion recognition has emerged as a promising research direction due to its
applicability in healthcare, surveillance, social interaction analysis, and intelligent systems. Unlike traditional
biometric modalities such as facial expressionspeech, gait enables remote, riowasive, and privacy
preserving analysis, maintaining robustness even irrEs@lution or unconstrained environments. This study
introducessyaukeelidval WWay F) framewor k, a nowedlto dee
identify human emotions exclusively from gait patterns while ensuring strict privacy protection by excluding
all facial cues. To address challenges related to small and imbalanced datasets, a tailored balancing strateg
is incorporated, combining ersampling and undesampling to enhance class distribution for deep learning
pipelines. Feature extraction is conducted using advanced CNN architectures, specifically EfficiehtNetV2
and Inceptiorv3, whose outputs feed sequential classifiers inclu@iaged Recurrent Units (GRUs) and a
Transformer Encoder. The experimental evaluation is performed usingWalkEdataset, which contains
multiple walking styles and emotion annotations. Results demonstrate an average recognition accuracy o
approximately77% under balanced conditions, improving to 83.3% when neutral emotions are excluded.
These findings reveal that gait alone can serve as a reliable and prteasgious modality for emotion
recognition, achieving performance comparable to methods leverdigcial information.

Keywords:gait analysis; emotion recognition; privagreserving biometrics; deep learning; GRU,;
Transformer Encoder; feature extraction.

O deslsOyBY §f ' L dzQpyddBs H Ftcd o | k85 OO tzdz'lzhe Oc@o HW R tets € d o3
d3ts ) dzdseV =EN O ) Is ts ) Azo MNAZABOR S t6 S dzth &, EHAz0 di) & z° O drt @ <35 MB j d3
9" HJ sy tsdyjQs jdalsjj dip'S Isliz PréizEalp 8 H op ‘deitc OH d y B 2 tedss Is to d y dz
" HoBH'OL fTetsL f ° L detBod@fdpiddzO dgts o dzjodAAs HL @B j L i g s Odzy "’ 2 C
dzj 9 stclz \p@Ezts dg¥ ' H jishay " RCez tc* ¢ @Y G df d odd® ofijlldzj € ts dzls to ts @' Btiso O dk:
dzd L ¢ € tstotslz d3ts e zds Riste ) dz' HiRytg jdeod) Is @ dede 2 ags\Viatik&syouFeek WayP),
" dadzts 0 Odz) 19 Eaekd B J dzrt © @ dzzy L dz0 j| f3tzupd T dzé s, 8¢ d Oe j L f j yk
L B J toJ i ijtaddda"O Is tztizf) Bftsste desdcCsdzs 5 dl€at dzd (agw  sH s dzOdzdzy  f tots
SO dzj LBOdZOdMse Odzd~ dzOB St ©8 HOdzdr L OMlssmMiseo Odegs fM{f |
sO dzj HsodB ' tczRo YOdedzs'S tc®Bl] dzj 2. |1 dH' dzj dzdzv L d2ZOC L |
CNNOter ' Isj EffcieritNet\2-L Is O Inceptionv3 odn ' HUZ 9JCIstste(d wednr
CdzOfmd ¥ ' GRAU €ahsformelEncoder [ S MY J tod d3d dzls Odzr dzO tsy 'Eal® { to ts
hts " dlsdls: ' Ld Msdqd [tsHd O jSMyjtlsd sy’ &$d |
BdzdL ! €8 77% E LBOdRZOdMMssa Odzdr EdRse O IsO L tesmis Odzdzw
[ sted BOdz' H Odz' f ' Hiso jtoHY kz8 Is+ | hts R"BHO dsdetgd3 BHzdzW
tesL ' L dzZOo Odzdzv Jj BBsy' 2, LOBJLYJjykzt yd Iksyd mis:, Mmf"

sdzt ytso ' Offaltel®d ©@: [ tsH(J; tetsL ' L dzOo Odzdzv J d©3sy' 2 ; ¢
G dzd B d dzdzy GRQ dranSfdpueEncoder o dH ' dzj dzdzv L dzOC .

93



1. Introduction

Affective state identification represents a significant investigative challenge, contributing to
technological advancement in domains of medical care, behavioral examination, interpersona
communications, and security. Among various biometpproaches, locomotion patterns stand out
through their capacity to provide distant Aotrusive examination without requiring user
cooperation. Locomotion patterns constitute a distinctive characteristic that can signal not merely al
individual's identiy but additionally their psychologicaimotional condition. Unlike facial
identification, which may be constrained or undesirable for confidentiality considerations,
locomotion pattern examination permits creating systems that simultaneously remaintiaéama
protected from a privacy standpoint. Nevertheless, precise determination of affective states fron
locomotion patterns remains a challenging task due to movement variability caused by both individua
characteristics and contextual elements. Withisa framework, the WayF architecture proposes a
comprehensive solution based on deep neural networks, integrating advanced CNN frameworks ar
sequential models, including GRU and Transforgecoder.

2. Methodology

The WayF methodology incorporates seVestages. During the initial stage, from video
recordings of the &Valk dataset, 33 bodily keypoints are identified using MediaPipe Pose, while
facial data is completely disregarded. Each video is standardized to 240 frames to ensure uniformit
To addressimbalance between classes, undend oversampling strategies are implemented.
Subsequently, two independent computational pipeline models are developed:

1 EfficientNetv2L + TransformeiEncoder demonstrating  superior
performance in cases of "neutral" disdd" categories
1 Inceptionvd + GRU which effectively classifies "happy" and "angry"

affective states
The pipelines operate on transformed characteristics obtained from CNN, while sequential
processing models examine temporal dynamics of locomotionpatte

3. Results

Experiments were conducted on both equilibrated andenqailibrated samples. Both
pipelines demonstrate complementary advantages. The optimal WayF precision reache
approximately 77% under standard circumstances and 83.3% when exclwdimguthal category.
Outcomes surpass the effectiveness of numerous approaches that utilize facial characteristic
underscoring the potential of locomotion patterns as an independent source of information regardin
affective condition. The system consigtgrclassifies affective states across various scenarios while
maintaining confidentiality.

4. Conclusions

The proposed WayF architecture demonstrates the feasibility of creating affective state
identification systems that rely exclusively on locomotiontgras and require no facial data
whatsoever. This opens possibilities for applying such systems in confidergelgitive domains,
such as medical care or monitoring systems. Prospects for further investigations include utilizing
synthetic data, modelg regressioibased affective assessments, and integrating -chdtinel
biometric signals.

94



UDC 004.9:330.341.1:00891
Cammarano A., Varriale V., Michelino F., Caputo M. (University of Salerno, Fisciano, Italy).

DISCOVERING TECHNOLOGICAL OPPORTUNITIES WITH NEURAL NETWORKS
AND LITERATURE ANALYSIS.

Abstract This paper presents a novel methodology for identifying technological opportunities by
combining structured extraction of emerging practices from academic literature with meivedrkbased
impact prediction. Technological opportunities are conceptudliae potential applications of advanced
technologies in unexplored industries or business processes. The approach begins witisealargeanual
review of 33,285 scientific papers, from which 8,406 relevant publications are selected, yielding 14,739
technologyi industryi process triads. These triads form the basis for training an artificial neural network
capable of predicting the markesnd organizatiorevel impact of untested combinations. The method is
applied to eleven advanced technologies, includiig blockchain, 3D printing, 10T, robotics, high
performance computing, immersive environments,-spadial systems, digital applications, proximity
technologies and open/crovda s ed pl at forms. The resulting Aoppc
for future deployment, distinguishing between highfidence and loweonfidence predictions to support
strategic prioritization. Sensitivity analysis reveals that process variables exert the strongest influence on
predicted outcomes, followed by industrydaachnology. The study demonstrates that academic literature
can serve as a rich foundation for detecting emerging practices and forecasting innovation trajectories. It also
outlines limitations associated with manual content extraction and emphasizestdéhtal of NLPassisted
automation for future methodological refinements.

Keywords: technological opportunities; literature analysis; artificial neural networks; emerging
practices; opportunity mapping; advanced technologies; innovation forecastiocndkgyindustry
process triad.
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1. Introduction

Innovation prospects define prospective pathways for transforming sectors, commercial
spaces, and operational frameworks. Organizations strive to recognize such prospects beforehand
secure lasting competitive advantages. Traditionally, this was accomplished through specialis
evaluations, scenario planning, and intellectual propertytcsl Nevertheless, intellectual property
documents possess several drawbacks, particularly during initial phases of solution advancemer
when innovations have not yet acquired practical form. Scholarly publications, conversely, frequently
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document theraergence of novel practices prior to their commercial deployment, rendering them a
valuable resource for examination.

2. Conceptual Foundation of Innovation Prospects

Innovation prospects emerge at the convergence of solutions, sectors, and workflows. The:
may relate to both novel solutions and established ones that still possess capabilities for fres
implementations. Within this framework, the following are significant:

1 examination of solution convergence

|l recognition of "vacant applications”

1 prediction ofprospective commercial directions

| investigation of developing practices presented in scholarly works

Through the utilization of artificial intelligence, machine learning, and language processing,
the capability for largescale publication examination awdnstruction of frameworks capable of
anticipating novel solution implementations becomes available.

3. Investigation Approach

3.1. Stage 1: Information Gathering and Organization
33,285 scholarly articles were examined manually, of which 8,406 contappdable
examples of solution deployment. Based on this, 14,739 triplets were formulated:

l Solution

1 Sector

ll Workflow

1 Anticipated consequen¢eommercial / corporate)

These triplets constitute the foundation for subsequent modeling.

3.2. Stage 2: Artificialntelligence Model Development

An artificial intelligence model with a single intermediate layer (configured in SPSS) learns
from organized categorical information, determining relationships among solution, sector, workflow,
and anticipated consequenceeTdbjective is forecasting prospective effects for novel pairings.

3.3. Stage 3: Innovation Prospect Creation

The framework assesses unexplored pairings and produces:

1 Commercial consequence rating
T Corporate consequence rating
1 Certainty benchmark

Pairings wvith strong certainty are designated as priority for subsequent investments and
innovations.

4. Information and Analytics

4.1. Information Sources

The database included publications from journals suchnasls of Operations Research
Computers & Operationfkesearch European Journal of Operational Resear@nd numerous
others. The proportion of applicable articles varies significantly across journals.

4.2. ldentified Patterns

1 71.35% of prospective pairings remain "unoccupied”

1 Additive manufacturing, artiGial intelligence, and automation systems
demonstrate the largest "unfilled areas"

1 Workflows exert the most substantial influence in the framework (normalized

significance = maximum)

4.3. Prospect Charts

For each solution, prospect charts were created isgovideal directions for its
implementation, considering forecasted effects and certainty levels.

5. Outcomes
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1 The artificial intelligence model effectively predicts strong and weak
consequences of pairings

1 Sectors with the greatest quantity of promislngexplored areas" are clearly
distinguished

1 Pairings with weak certainty are filtered, helping avoid hazardous investment
choices

6. Discussion

The framework confirms that scholarly publications contain numerous signals regarding
future innovation trend$lowever, manual examination is costly and ticoesuming. Integration of
languageprocessing instruments in subsequent investigations may:

1 automatically select applicable publications
| extract triplets and consequences
1 dynamically refresh frameworks

CONCLUSIONS.
The methodology:

1 reveals fresh approaches to strategic solution evaluation

1 merges specialist examination and artificial intelligence models
1 generates valuable prospect charts

1 provides foundation for practical innovation choices

Subsequent investigahs will concentrate on automating publication examination and
expanding the catalog of investigated solutions.
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Maj ews ki P., Mrzygg-d M., LWmpag ®w, UBiuramnuki tR
and Technology, Wroclaw,oland)

MONITORING INSECT LARVAE GROWTH WITH REGRESSION CNN AND
KNOWLEDGE TRANSFER.

Abstract Insect larvae breedir@particularly Tenebrio molitorand Hermetia illucend is gaining
industrial relevance, creating demand for automated methods capablenibring larvae growth and size
distribution. This study presents an efficient approach based on a regression convolutional neural network
(RegCNN) supported by knowledge transfer from an improved multistage phenotyping method. Larval widtt
is used as th@rimary measurable parameter, with length and volume estimated indirectly through linear
regression models. To minimize manual labeling, larvae segmentation is performed using a@NiNk R
model trained on synthetic images generated from 266 isolatedelamhese synthetic data enable robust
segmentation in dense scenes with overlapping larvae. The RegCNN is trained on pseudo tar@et values
quartiles of larval widtB derived from multistage phenotyping and corrected through-dgpendent
calibration factos. Several architectures are evaluated, including ResNet, EfficientNet and custom lightweight
model s; ResNet 18 achieves the best accuracy wit
0.870, and 0.30 s inference time per breeding box. The metbeides significant improvements in accuracy
and speed compared to traditional phenotyping, enablingtiee monitoring on large industrial larvae
farms.
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Keywords: insect larvae; size distribution; regression CNN; knowledge transfer; segmentation;
pherotyping; synthetic data; reaime monitoring.
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1. Introduction

The expanding demand for protein resources is driving advancement in technologies for
intensive insect larval cultivation. A critical component of process management involves regular
assessment of their dimensions. However, manual measurprogas slow and unreliable due to
scene density and specimen overlap. Consequently, computer vision and deep learning methodologi
are becoming viable alternatives. This work describes a comprehensive approach combining multi
stage phenotyping, synthetinagery, and regressidrased deep learning frameworks.

2. Materials and Methodology

2.1. Image Acquisition and Preprocessing
Images were captured under commercial conditions using a machine vision system based o

a robotic platform. A GOXL2401C camera AJl Denmar k) generated -
Preprocessing involved:

1 Compensation for uneven illumination

1 Distortion correction

1 Normalization

1 ROI preparation
2.2. Multi-Stage Phenotyping and Identification
Identification was performed using Mask@NN through three phases:

1. Training on 200 artificially generated images

2. Automatic mask acquisition for D3.TRAIN with subsequent expansion of the
specimen pool to ~65,000

3. Combined training on synthetic and authentic data utilizing pskiwsils
Identification was employed to determine larval breadth, construct skeletal frameworks, and

calculate body length and mass through linear frameworks.
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2.3. Artificially Generated Images
266 individually extracted larvae from D1 were utilized to generate imagery with bedtro
overlap and density.
2.4. Linear Frameworks
Based on 266 data points, frameworks were constructed:
1 L = f(W)
1 V = f(W)
where W = breadth; L = body length; V = mass (estimated as summation of cylinders along
skeleton).

3. RegCNN for Quartile Breadth Estation

RegCNN estimates Q1, Q2, and Q3 breadth v
architectures included: ResNet18/50/101, Efficientbl®@b4, MobileNetV2, and custom CNN
designs. MSE loss function and Adam optimizer were employed.

ResNetl&lemonstrated the optimal balance between precision and computational efficiency.

4. Results

4.1. Identification Performance
AP50 improved from 75.0% to 79.2% following integration of synthetic and authentic data.
Greatest improvement occurred for smalvéas (1823 mm): +10.4%.
4.2. Parameter Assessment
ResNet18 achieved:
1 RMSE(W) = 0.131 mm
q RMSE(L) = 1.12 mm

T R] = 0.870

T Processing time = 0.30 s/container
4.3. Phenotyping Performance

T Traditional method: ~217 s/container

1 Accelerated phenotyping: 2111 s/cordiner
1 RegCNN: 0.30 s/container (fastest)

5. Discussion

RegCNN with knowledge transfer provides precision comparable to manual measurements
while significantly exceeding traditional methods in velocity. Artificially generated data substantially
reduced annation labor. The methodology proves resilient to overlap, varying density, and
illumination conditions.

CONCLUSIONS.

The methodology combines advantages of classical computer vision techniques and dee
learning, ensuring precise and rapid determinatiotamil growth parameters under commercial
conditions. The algorithm is suitable for scaling and implementation in robotic cultivation systems.

REFERENCE.

[1] Majewski P., Zapotoczny P., Lampa P., Burduk R., Reiner J. Multipurpose monitoring system for edible
insect breeding based on machine learntbgentific Reports2022. Vol. 12, No. 1. P-15.
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Abstract The article presents the development of a softkardware system for cealtting,
preprocessing and neuraletworkbased forecasting of meteorological parameters using data from
autonomous lovbudget weather stations. The relevance of the study is driven by the need to improve the
accuracy of local forecasting under conditionslimited sensor availability and noisy measurements. A
comprehensive datprocessing pipeline is designed, covering duplicate removal, detection and filtering of
outliers, interpolation of gaps of various durations, signal smoothing, and feature enginderideep
learning. A cascade of median filtering, exponential moving averaging and classical moving averaging is
proposed to ensure higiuality signal refinement. An LSTM model with an extended set of features, including
derivative values and cyclitie transformations, is applied for prediction. The model provides high accuracy
fora24hour forecasting horizon, achieving R] = 0.9
modettraining stability are demonstrated. The findings confirm thectiffeness of the proposed approach
and its suitability for local intelligent meteorological systems, particularly for microclimate monitoring and
agricultural forecasting tasks.

Keywords:weather complex, local forecasting, neural network models, digepislation, time series
processing, data pipeline, LSTM.
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Abstract The article presents a comprehensive analysis of the impact of quarantineesocamic,
and climatic factors on morbidity during a pandemic of infectious diseases, particularly CT3V ixtificial
neural networks were used to model complex nonlinear relationships between input and output indicators. Th
study was conducted in two directions: the first focused on evaluating the effectiveness of various quarantin
measures, while the second exama the influence of soemimatic conditions in several countries with
diverse development levels and demographic characteristics. The constructed models were optimized throug
adjustment of the number of hidden layers and neurons, ensuring high fongeasturacy. The results show
that mandatory vaccination has the strongest effect on reducing morbidity among administrative measures
whereas other factors have indirect or correlated influence. Ssmmomic and climatic parameters also play
a signifiant role in shaping epidemiological dynamics. The implemented neetabrkbased approaches
demonstrated their effectiveness as a tool for supporting phbtitth decisiormaking and proved suitable
for modelling, forecasting, and comparing infectigmead scenarios.

Keywords: neural networks, pandemic, influencing factors, quarantine measures, forecasting,
morbidity.

wdzW j Sy 2 dz L O- o stes 8 Odzdav , sOCtsy o' HBM w g
f Ostsdztse ' yda s Odzd , 9d¢ dzd ¢ Odz f OlstsG § deded d3d 3"
ctedBCd OBt §OLOLdId. A' LOKotstes 8 Odzdz? Bisy kzls*
o' ddig N dzv 52 O3] .

1 ORotste® 9 Ocdzdzv, o dS dzd C Odz4 0 %dz¥ j 8 y'L 'O Ozt BB RO
dZOkzy® rRottetsB dzE Hddzed. 1 BdzD2GE sHdR | UaP'zyded B ' Fidst
tojekzdzvtedats LB dzt hlz' Is! fw. 1 do yj dzdzv of, i w3ts Ws' OR@E
~notstetsB L O2 30 B oW j ¢ (" skizCipeds dzss ¢ b j dzj esdzse d

G ' dzgj Ssdzsed, WisdL " Olted, ' RBzdtsdzfld.d, lssdzOted dzc s

JHdZ * 7 L dO2B ' dzh o' HEBdHB o' kzMmtsdy #WPls Odede'
o' tekk®J2 Mited yddav® tesLodlstsC toj My tcOlststedzdm L
tej M " tcOlsstodets’ -1R9%)Stdds@ JRBEOV I Pj toj H O Olsdmw o " H d
Ef jtehj BERO " HjdlsdW' CtsoOdzd?2 ' H yYyoOm L Mdz' HE®
to ts {2k

wihdze® BjLdz' y WOCItste' 9, wWC' off dzdo O ls! dzO L
- wt Jif delsj cteOdzt dgd?2 BCOLd2zdE dz#E HM! CBBEB toisSL
sy dz¢d HtsMmMwedz dez BSCtejBBdrm tjg e tsdz’ o

- AOOCIsjtedMisde O HEBSE MY SHOteMmIs e

- fisy' Otz dgP s dzj dzls O;

- fsfyj dzj defp CO® MbtekzC izt

- 02dgv s’ Mis!; dzOMmJ dzj dzdav

- HsRatSHd dzOMmj dzj dzdzw

- oflstcOlsd dzOMj dzj dzdzv

- fif sy doe Odedz?y R Oteysodrm ftosHZCIS" @8 2 HB®BRSCG T
- 1IOC dZOHd e " sd SO ' 7 dzOf tse dzj dz' fls

- '  Hodh jdzdzv S Od W' COY"

- OB J LYy dedzy dzOfj dzj dgdzv L OC &zOH OB G Ezdz' Ist
- ydldzsed?2 WtsdzH SO LOBJLY jyddg Mis: X dlsdztsds

110



56 6] B
[ dzw

IZ e d;L o3
Cto d d3' dztdses jhgtafi@izd®

v s i3z
LORoBtcs 9 Odzg’” Mls!
WOCItsted
Hitsfpdz" H Y j dadzV
W.0C Ists

9 n " Hdzd d&3d
TsBtso’

oM’

Region

HJ&@W

totso OH Y j dazdaw

hasks

B Iz dzts

tsfmdzts 0 dats ®

wiLCtsed?
99 jHJ dadaW

s

v Oo<¢

dzO Mg

9 9 J Hj dzdavfn tisn] 'L Qif Ixcieifs @3tc @ dids ¢ dzdzd -
LOf tetso OH Y j dadz™ '

6 O o3q

9 ' dz

Iststed :

o' HIBISC O
o' HMEEBPdsHEl TEestesel £ kwy¢' 2

Distance_| 4

o [3Vls@ L'

Vaccine_opti

< gl

BOGOIsts
dB3j stss

dzj dazdzv

of &zd o &z

c BOMSCtsad?
C Ote Odzls d dzliz,
Oﬁ)lﬂgddzdzﬁ{]&tGL Of dzOH O~R
HthOuu‘QMBGB dz0 o Y O dzdgv

dzts d%@u "
sBtso’ ’

9 0C yddzso Odzd n

Vaccination

9 0¢
WLQ 9 ts

Cdgh d T

Hitsfpdz' H Y j dadaw ‘
h sz ydzd n

&34 Ists

Hieq] tnjdzticendz ) dzts

Fercentage_o

HBA

g 3 ddse
ktsBlsts S OfMkze Odadzw
ssh ts

9 0C yddzOy"

Cso Oded - ;

Infected

H dzw

Severe_cases

Foyivshyi

Lot

1

11,88

4212

17,00

Kyivskyi

20,15

38,62

13,80

Foyivshyi

44,22

2413

4,30

Fyivskoy

4728

13,53

5,00

Donetsl

7,20

29,74

16,10

Donetsk

9,08

1812

12,10

Donetslk

13,67

11,52

8,70

Donetsk

15,58

549

5,90

Onipro

Ol lolols]l—=o

18,74

3612

15,90

Dnipro

=l === ==

—_ || =_m == D ===

0

DD | = DD | =D DD

36,12

2435

14,10

[ dzv

[ 4] .

o' dz' dzj

GNU.

s ' a

dg sB R
h Ot On
H dzw

ftoso j Hj dzdaw
A e JB3EEOQL J dz20
f tots 6 tc O dzdzj

¢' Mmis:
H dzts ©
3y dz0
sfhe s dada?

1 fdzw

h OQtc’ o

fnd tod H daw

Is ©

L O
L OH Odzts’

t dmMizdid & " H dz'

Y gLl iapRd qo

C' & Csls
OB s dz¥ Is dzOT Of 10D Q H)j dzOO & jsLdif jdag b

H dzw
mMitwdHsadh j L

dzj 2 tetsdz’ o
o 'tsda! o fMist 9o dntSH " 8
HS SdisE 5
¢ dz C=sfhls’

W OgC

sst&d

L cOn zdzC " 9

H dzw

B Iz dzts

feditso Ol ts
B ted

W st sl dzg

y! sets MCtedilk

dzj 2tetsdz’ o

b dzd A

"OwORd sk @BPo tzj 2 tots ZOB] ol B)& 6 §dets gz h

H dzw

H dzw

o'

H & fi) dz'

£ dzOe yOdz

f s5HOdz N 5

fjh ceB

oS¢ stedMmlsO
MisOlsdMmisd ydetse ts tsB totsB dzj dzdzw
o' HCtedlsdd3 adn"
h Otek ftsobd
{uy" dzdlsd
sy' dz€ d
fted C dzOH "' 9o
.

111

L dzd ~
L OIWOf§569; O dzts
fdtmifls



L
1.

Il .
D *

=]

T
W . 054977 , . I

&
Z Ll
&

P 381162

[ Odz'

v OB ddiyw L dz' IsOIsd

t d fz2ts oy

Error: 0.150355 Steps: 584

FRORRRRERPRERERERERERECoRRED
FOORORREoODRORRPRRERECRERE G
FPocockRProcockHFoklProcklPEoockE oo PR

w

o

(WA )

rJ

R

RM
4 kydwskyd 1
11 pnipro 1
13 Kharkiv 0
16 kharkiv 1
19 odesa 1
23 Lviw 1
28 Poltava 1
30  Zaporozhye 1
32 Zaporozhye 1
34 vinnytsia 1
36 vinnytsia 1
43 Cherkasy 1
46 mykolaivskyi 1
48 mMykolaivskyi 1
a9 Sumy 0
54 zhytomyrskyi 1
56 Zhytomyrskyi 1
= cor(w2$l,w2fres)

[1] 0.956%

t dmizaizs 4 L

Modkd ys
Orotstc® 9 Odzg' Mis

I =
15.53 5.0
15.24 8.1
37.14 15.9
11.84 4.9
19.78 9.8
22.70 11.1
14.76 5.1
29.30 15.8
13.93 7.2
27,80 11.1
10.21 5.4
25.60 G.8
29.40 13.1
14.35 5.8
39.90 15.9
29.50 13.5
16.84 5.8

15.69 -0
19.63 -0
41.23 -0
13.95 -0
21.57 -0
20,48 0
13.73 0
28.42 0
14.44 -0
30,91 -0
14.24 -0
19.75 0
30,05 -0
14.38 -0
39.12 0
31.59 -0
14.24 0

dzj 2 otsdedets® Bjtej '

erraor

L Q037170
L1031000
LOB58731
L 0495643
L 0420505
L 0521543
L 0242580
L 0206866
L0120317
L 0725030
L 094 5886
1373223
L0153136
L Q006563
0182757
L0451420
L 0810733

Zdz sOIsd L ©OREZdS " o

B H j dz
1 zdzts  {f jteSshipt]j jHtg ozl dils]' LeC, 2 t€ ) Ldiz ! ' Idn

B Iz dzts

off dzd o 2 dzO

9 HiMtlss¢

. gjtej| 1" HAddzj d
MDVZPsIstGJoEu,BdSq BOL 5o I5°
+ |+ |+ |+ |+]0,9569 0,0502 |7
i |+ |+ |+ |+]|0,9584 0,0894 | 78%

+ |7 |+ |+ |+]0,9599 0,0895 | 78%

o d¢ sdmlsOdzts

daW

112

H

Ct



+ |+ |T |+]+]0,9678 0,078 55%
+ |+ |+ |1 |+]0,9526 0,1009 | 101%
+ |+ |+ |+ |7 [0,961 0,0921 | 83%
T |T |+ |+ |+]0,9756 0,0621 | 24%
+ |7 |T |+ |+]0,9545 0,0795 | 58%
+ |+ |7 |T |+]0,958 0,1232 | 145%
+ |+ |+ |1 |T |0,9687 0,1235 | 146%

[ By &0 f§sBOYdIsd, ohftsizd ozO0 Mzld)j diy [ Qdz' fls
CdeW ' Cse Odedr 9 dzsmd s dzOVW & d@'C 'R’ 3ts yifdfteCs & s B o
BOMEtsoad?2 tiyddze + c¢cLOftctso OHY j dzdgw
alquacfHJ , ' Ho O W OCIsttHd d3OS My ki@dzez dzts [ © Bfigd dy® «

Of tctso OH Y j dzdzo OS iz’ W L C 59 1S

' tcedd3 HtMdz' HY j dedaw Blzo T § fizizdz® Is ]| -

smdz' HY J dedaW BkH] BB odCtstedmlstsolzo Olsd IsOC

Z . 1 Jtoj dz' Cn "dtsdpded ol eod - ' Hdzd m W20 CIststc’ o

v OB dZZfII]WJtGJ, &Zz' ¢ WOCIlstste' o

vdy 0¢l1 0L 90O {fdm vsdf H|)ltodL dzGu C s

dzv Y J dzg

Il 7" Hdzd|s dz' d3OIsqr Odz’ ydMmdztse | dzv od T,vVol,O

Z dizts o d MidtejHde sdi3| ( ACi3dJp o f dzdolz |p
I5j &3 j tOIs k2§ Cdz KOsk
gtsdzsc ' Mmis+ LOrotste
SfOH' 8 bk | Is |
I 2" Hded | ¢ #JtejHd 2 vydmdzse| ]l tOn k9o ¢ Age
L L Ly sH & |(tsCd)|of ddek
dZOdeZJ(a‘Qtsachq o' Ctsodn
CObjeEte Wi dz0 ¢
LORoSteH
5
I8 Hdf|[{ Efistls(s & ¢ M’ |[vqhdse|¢@dE L |G
dzO ) j dZJ(QSOHtGOISdZCf (s B/ |oaffdzde iz
¢ dsdj stk ckmissisd
dzOmJ dzj d
totsL f tso fi
dzdz
LORo St
IR  Hdzd |1 jtoj a2 (udh 5Oy {uj Chist| [y df o |PZ
q’tgislsq‘JtSthStGdejISOl JWitClsde
dzd 7 L('QOtGOdzlsq’dz, to' L dad A
ydeq - 9 OC yddzOy " fesisdjy
B d&3d ¥ 4 dzdgw ydzd m L @
Bise ' oz dats
t sLf tsH" dzd
6" odz :te' 9lj
BOMEe j Isjf
2 t' 9] d# :
¢ Ot Odzls d de,
9 0¢yddzOy*
3 ' 94 dz :
5B B ) § dedz”
LOAtSH ' 9
fBHiStetsY 4 2
l 2" Hded|YydMmj dz@ ¢1 ©cOdz? dzO |y dMdztse| ¢ dzOdz® L | CN
- sf)' B Sz tej (( M B)|L OCOd d
dzO M j dzj ¢ o dd o I
totsL a3 tol

o dL dzOn
Hd MisOdzy "’ 2 d

s 1o
dz0o j

113



= o
c=Bos. oo BeBuv® . ool w=Boudo

114

L N
p= — (0] A AL IS = poa ) = = =
z . 8 |NT .WBBB- co8Sy. B B:u.[. cusy
m.ms (t P a0 w9 o9 v O0Boun
U.HM O ¥ 8BE&rr & N=z voert& :
0. 0.8 ¥Oo4004a Bo0o0o0ousBo. 0 gB=¥o0oy
=89-3z NB7_8 oo obB ~B_os_Beo
w g o8 [LR=2E- ot [l
) H. 0 - B.&..@
9~ HBuoBs |gu= H. |
0w 080~ [o ©TQ. fo,TqQ.
nB > aB¥o> "B
CC - - O [C o T T o -T  LL c ~ h=lE=3 %)
I T o0y T .. . o o rr . £ B
s §4]
1] o+

@tutUdCQH-ZHZMWWQ ZMHHMZHZO@
2Nl L= ppBaclF 4wy B ool o
PEIEVNEEIITIETE 008 £ SiBPEITET
. P08 8T TH. B .. TPy 0D oD 0. O
I v e T oI B8 T3 TV B8

y®

j ¢ sdzts

Edsso d

"Hdzd ey O

=
m

J

HiMtsIstsC s’
J dzj dzdj,
gl
Hiseo j toH
mMd3j clsj 2/|adlf OH| M

dz( dzO M § dzj dzd o
sy

sls 6 d BO dts
i
A,

9 0Cyd dzO

J

J

| dz
d

[ 94
9 0¢ Yy




Oz © W0O2dz Excel BdzdzsOts¥ & dzezfztizis.V OEdsistcts 3@
Bkzdzs oL VWt L toj Mktemkz [ 6] .

rdzv ftetso JHJjdedgw totsLtcORkdzS ' 9 Bzt oadStsted MisO

1" fpdzv  ydMmdzj dededmn L O EMC " @ y! sets MCtedflskz H
c' 9 O ¢ dz CtsMmls’ dgjtesdz’ @ kE dzgdmn L OV Mse Odzts
dodHJdzOT § S0H 6z8 ©) LOBJ LY jyk"® fjtemiflstetsdz L
Wils! B3O dzj QtetsdzOfBB]. £ Sy desdzgz h Ots’

Plot Zoom

Vol

Op

g

G

PZ

CN

Sm

t Mk dig WO dzj 2 tetsdzdzs’ 3j e "

115



T Vol ap Age G PZ CN E v z sm
4 21.8 82 0.34884 32.68 25.26 0.5 0.55780 1.0 0.0149758 7.009e-08 0.000e+00
6 24.7 78 0.16279 32.68 25.26 0.5 0.55780 1.0 0.0935990 2.846e-03 1.142e-02
7 24.4 77 0.11628 32.68 25.26 0.5 0.55780 1.0 0.1316425 1.755e-02 4.765e-02
9 24.8 80 0.25581 32.68 25.26 0.5 0.55780 1.0 0.2458937 9.166e-02 1.530e-01
11 23.7 83 0.48837 32.68 25.26 0.5 0.55780 1.0 0.5417874 1.615e-01 2.313e-01
12 23.8 84 0.53488 32.68 25.26 0.5 0.55780 1.0 0.6719807 1.851e-01 2.604e-01
14 26.5 84 0.53488 33.10 25.07 0.5 0.56076 1.0 0.8253623 2.572e-01 3.186e-01
20 23.2 80 0.16279 33.16 25.07 1.0 0.56076 1.0 0.9716184 6.246e-01 8.484e-01
23 26.4 84 0.48837 33.19 25.07 1.0 0.56076 1.0 0.9891304 7.126e-01 9.716e-01
26 3.2 88 0.18605 44.88 239.93 1.0 0.14170 0.5 0.0000000 0.000e+00 0.000e+00
27 2.0 90 0.25581 44.88 239.93 1.0 0.14170 0.5 0.0000000 0.000e+00 0.000e+00
31 14.5 73 0.00000 44.88 239.93 1.0 0.14170 0.5 0.0981884 1.369e-02 8.314e-03
32 18.0 76 0.04651 44.88 239.93 1.0 0.14170 0.5 0.2434783 1.518e-02 3.471e-02
35 16.0 80 0.16279 44.88 239.93 1.0 0.14170 0.5 0.7321256 2.030e-02 3.833e-02
38 3.5 89 0.23256 44.92 240.12 1.0 0.14193 0.5 0.8228261 8.855e-02 5.410e-02
42 9.0 79 0.06047 44.92 240.12 1.0 0.14193 0.5 0.9067633 2.412e-01 3.150e-01
44 17.8 78 0.00977 44.92 240.12 1.0 0.14193 0.5 0.909/78206 3.066e-01 3.665e-01
49 6.8 &7 0.18605 44.92 240.12 1.0 0.14193 0.5 0.9124396 3.848e-01 3.898e-01
50 3.4 88 0.20030 45.02 241.24 1.0 0.14323 0.5 0.9126812 5.175e-01 4.433e-01
52 2.8 63 0.06977 47.67 335.18 0.5 0.28373 0.0 0.0000000 0.000e+00 0.000e+00
54 3.2 63 0.09302 47.67 335.18 1.0 0.28373 0.0 0.0000000 1.592e-05 1.367e-05
55 7.5 06 0.20930 47.67 335.18 1.0 0.28373 0.0 0.0018116 1.834e-04 1.559e-04
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Abstract. The article examines the problem of improving the process of selecting elective academic
courses by applying intelligenlata analysis methods. The aim of the study is to develop a recommendation
system based on artificial neur al net wor ks <capat
interests, academic achievements and educational priorities. To acthisvgoal, a multilayer perceptron
neural network was constructed and implemented using Python and the TensorFlow, KerakaBgikit
Pandas and NumPy libraries. The model uses four key fedtgersder, average grade in technical subjects,
average grad in humanities, and performance in physical education. The output layer represents five possible
elective courses offered to students majoring in Information Systems and Technologies. A comparative analys
was conducted between the neural network andrs@opular machindearning algorithms. The results
showed that the neural network achieved the highest accu@®y %, significantly outperforming all
alternative approaches. Additionally, thré@d crossv al i dat i on was appl iability co
and generalization ability. The findings demonstrate the potential of neural networks as an effective tool for
decision support and personalization of educational trajectories.

Keywords:neural networks, recommendation systems, prediction, elective courses, machine learning.
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* Bcboro napameTpis: 2,565

« OyHKUIA BTpaT: Categorical Crossentropy
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Abstract. The article generalizes the experience of applying large language models within higher
education and examines their role in supporting teaching, learning, and the development of personalizec
educational paths. It focuses on how modern multimodal systdrasanthe creation of learning materials,
improve instructional design, and support student engagement through guided learning and iterative
knowledgebuilding. The paper analyzes promgigineering techniques, the integration of usevided
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documents tancrease contextual accuracy, and the use of intermediatdaseid diagram representations
for reducing hallucinations in graphical outputs. Special attention is paid to advantages and limitations of Al
assisted content generation, including cognitiiaks associated with overreliance on automated tools. The
study discusses how LLMs can be applied to build specialized Al tutors, generate assessments, summar
diverse sources, and support educators in preparing course materials. Recommendationsideel joov
responsible and effective use of LLMs in university teaching, highlighting strategies that maintain academic
integrity while improving efficiency and learning outcomes.
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Abstract. The article examines the development and implementatfoartificial intelligence
technologies in the modern educational environment. It highlights the key directions of applying intelligent
systems for learning personalization, automation of pedagogical routines, and improvement of educationa
data analysisThe study reviews scientific approaches to integrating Al into educational practice and identifies
challenges related to ethics, data security, academic integrity, and unequal access to digital technologies
Current trends in the development of intelligplatforms and their potential to support teachers, optimize the
learning process, and create flexible educational trajectories are discussed. It is noted that mechanisms fo
monitoring and evaluating algorithigenerated decisions, as well as rislanagemet models for Al
integration, remain insufficiently developed. The article provides recommendations for the responsible and
safe use of Al aimed at enhancing the efficiency, transparency, and reliability of educational activities.
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Abstract.The article analyzes the prospects of integrating laaggliage models (LLMs), particularly
Google Gemini, into the Open Journal Systems (OJS) platform used by electronic scientific journals. The cor
limitations of traditional OJS mechanisms are identified, including outdated keysvagetl search, manual
processing of submissions, and insufficient automation of editorial workflows. Considering the needs of the
defense sector, where rapid access to scientific information is crucial, the study proposes transforming OJ:
from a static publication archive into art@ractive knowledge base. The integration of LLMs enables semantic
contentbased search, automated compliance checks, multilingual abstract generation, intelligent reviewer
recommendation based on author profiles, and improved accessibility through Hahgahge explanations.
Technical requirements for the implementation of a Gebasid plugin are presented, covering competence
in PHP, JavaScript, REST API interaction, database management, and-basaa semantic retrieval. The
analysis highlights kerisks, such as the complexity of maintaining a custom plugin across OJS updates and
the potentially high cost of APl usage. It is concluded that integrating LLMs into OJS is a strategically justified
step, provided that technical and financial risks eageefully managed.

Keywords:Open Journal Systems, large language models, Google Gemini, artificial intelligence,
semantic search, scientific journals, automation.
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Abstract. The article examines the multifaceted impact of artificial intelligence on contemporary
educational environments and identifies key directions for the balanced integratidrimid the learning
process. It is shown that intelligent systems enhance personalization, expand access to individual suppor
optimize teachersé routine tasks, and contri but e
with risks of aademic dishonesty, algorithmic bias, privacy violations, overreliance on automated tools, and
reduced development of social and communication skills. The article analyzes approaches proposed b
international organizations (UNESCO, OECD) and scientific eex from 202112025, which emphasize
ethical frameworks, algorithmic transparency, updated assessment formats, and pedagogical strategies aime
at improving digital and information literacy. It is argued that effective Al implementation in education
requires a combination of technical and pedagogical measures, including respenséblgolicies, secure
data-handling infrastructure, user training on model principles, and the development of critical thinking skills.
A balanced approach ensures that Al actaasol that enhances rather than undermines the integrity and
guality of education.
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literacy, Al ethics.
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Abstract The article examines the ethical, social, and philosophical implications of artificial
intelligence (Al), which is becoming one of the key drivers of modern societal transformationoistsat
the rapid spread of neuradetwork technologies creates a dual effect: on the one hand, Al stimulates progress
in medicine, education, transportation, communications, and economics; on the other hand, it generates risk
related to human autonomgrivacy, moral responsibility, and personal identity. Special attention is paid to
the anthropological consequences of huifdninteraction, which may blur the boundaries of human
subjectivity within the expanding technosphere. The article discusseewpoints of leading researchers
and technology experts Stephen Hawking, Elon Musk, Sergey Brin, John McCarthy, among éthetm
emphasize social dangers, the need for regulatory oversight, and the development of global ethical standard
The ethical gnciples proposed by the European Union for trustworthy Al are summarized, highlighting
transparency, human control, responsibility, and societal benefit. The study concludes that Al developmer
requires scientifically grounded and responsible regulatiat aligns technological progress with humanistic
values and minimizes potential threats while preserving the positive impact of Al on societal advancement.

Keywords: morality, ethical principles, artificial intelligence, neural networks, anthropocemtris
technological risks.
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Abstract. The paper presents the development concept of the Academy of Artificial Intelligence
Researchers (AAIR) as an innovative educational and research project aimed at fostering research
competences among youth in the field of artificialliigience. Three levels of training are defiied J uni or
Researchers, 06 AiYoung Scientists, o and AFuture Al
from basic knowledge to scientific crreaativigd .pITi
and interactive webinar formats (AAl Detective
philosophy emphasizes the shift from using Al as a tool to understanding its limitations and possibilities
through critical inquiry. The aitle outlines the AAIR ecosystem connecting students, educators, partner
institutions (DSEA, VNTU, Institute for Problems of Artificial Intelligence of NAS of Ukraine, QuartSoft), and
GPT-based platforms. The project is shown as a socially significant Ifmdeultivating critical thinking,
autonomy, and ethical awareness in the digital age.

Keywords:Academy of Al Researchers, Education 4.0, research competences, artificial intelligence,
GPT, critical thinking, interactive learning, ecosystem.
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Abstract The article presents the development and implementation results of the Interactive ICS
Assistant an intelligent learning support system designed for engineering education in the figtdligfent
control systems. The assistant applies the principles of adaptive learning, digital twin technology, simulation
modeling, and natural language interaction with educational models. The architecture includes a knowledge
core, a GPTbased languagmterface, CAD/CAE integration modules, and an analytics block for progress
tracking. Implementation in the educational process of Donbas State Engineering Academy demonstrated
30i 40% reduction in preparation time for laboratory classes, increased mstualgonomy, and improved
quality of experimental projects. The ICS Assistant reflects the principles of Education 4.0 by integrating
cognitive, methodological, and technological dimensions to foster research and engineering competencies c
future professinals.

Keywords:atrtificial intelligence, digital assistant, intelligent control systems, digital twin, CAD/CAE,
Education 4.0, adaptive learning, simulation.
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Abstract.The paper presents the development and testing of the Interactive Assistant ITS @QKR3I
nextgeneration intelligent system designed to support educational and research activities icalechni
universities. The architecture of the assistant comprises three interconnected levels: educational, researct
and industrial, which operate in integration with the IC& and ITSLab digital laboratories. The
methodological framework is based on tigitdl twin concept of the learning process, analyzed and optimized
through machine learning algorithms and fuzzy logic models. ITS OKR3I enhances analytical and researck
competencies, particularly in digital twin technologies and néotexrfaces. Implenmation results
demonstrate increased qgual ity of anal ytical w0
exploration. The project serves as a foundation for establishing a national Al platform for engineering
education.

Keywords:artificial intelligence, digital twin, intelligent control systems, Education 4.0, fuzzy logic,
machine learning, interactive assistant, ITS OKR3I.
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Abstract. The article explores the role of Artificial Intelligence (Al) in the development of intelligent
educational systems capable of providing personalized learning tailored to individual student needs. Key
directions of Alintegration are identified, including adaptive learning mechanisms, automated assessment,
learning analytics, and the use of chatbots as stusigpport tools. Modern technolog@sachine learning,
neural networks, and natural language proces8iage analged as enablers for creating individualized
learning trajectories, identifying knowledge gaps, and generating relevant recommendations. Particular
attention is given to recent studies (UNESCO, 2023; Baker, 2022; Duolingo Al, 2023) that demonstrate the
effectiveness of Aknabled personalization in improving learning outcomes. The article outlines persistent
challenges such as the lack of unified standards for designing intelligent educational systems, insufficien
digital competence among teachers, andgisélated to student data security. It is emphasized that the
development of intelligent educational systems is a crucial factor for improving human capital quality and
reducing educational inequality within the context of digital transformation.

Keywords: artificial intelligence, personalized learning, intelligent educational systems, adaptive
learning, digitalization of education.
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Abstract The article analyzes the features of using artificial intelligence technologies in the
educational process of higher education institutions drartimpact on academic integrity compliance.
Modern approaches to implementing digital tools and potential risks related to the use of generative models
automated systems, and intelligent services are examined. The key positive aspects of integfiaiahg art
intelligencé such as personalized learning, improved efficiency of information processing, and enhanced
support for educational activitiéisare outlined. At the same time, challenges associated with the use of Al are
highlighted, including the riskf academic misconduct, reduced student autonomy, copyright issues, data
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security concerns, and the possibility of receiving unreliable information. The requirements of Ukrainian

legislation regarding academic integrity are analyzed, and the main typéslations that may arise from

the misuse of Al in education are identified. A set of measures is proposed to minimize these risks, includir

oral assessments,-tlass written work, practical and projebased tasks, and the development of academic

writing skills. The findings emphasize the need to create institutional policies regulating the use of artificial

intelligence to ensure transparency, fairness, and trust in the educational process. (183 words)
Keywords:artificial intelligence, educational process, academic integrity, digitalization, misconduct.
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Abstract The article examines the ethical challenges arising from the rapid integration of generative
artificial intelligence models into the academic environment. The impact of large language models on the
educational process, research activities and administrative workflows in higher education institutions is
analyzed. The study shows that the use of generative Atlilcege a range of risks, including authorship
uncertainty, academic integrity violations, algorithmic bias, the generation of inaccurate or fabricated
content, the possibility of manipulating learning outcomes, unequal access to Al technologies antbthreats
user privacy. Recent scientific publications forming the theoretical foundations of Al ethics are summarized.
A structured model of ethical risks is proposed, revealing their systemic, interconnected nature.
Recommendations for responsible adoption eriggative Al in higher education are provided, including
guidelines for citation, assessment procedures, transformation of learning activities, and the development ©
critical Al literacy among students. The findings highlight the need for institutiotiaygrameworks and a
culture of digital ethics to ensure transparency, fairness, and sustainability within the academic community.

Keywords:generative Al, academic integrity, ethical risks, artificial intelligence, higher education,
large language modsl
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FAST, LIGHTWEIGHT DEEP LEARNING PIPELINE FOR UAV LANDING SUPPORT.

Abstract Achieving reliable autonomous landing remains a major challenge in UAV operations due
to environmental variability, uneven terrain, obstacles, and safety constraints. This study introduces a fast
lightweight deep learmig pipeline designed to support landing procedures by detecting landing pads,
estimating the UAVO6s relative pose, and ensuring
segmentatiofbased human and landifgad detection with a regressigtage that identifies keypoints on the
pad and estimates their uncertainty. Lightweight convolutional neural network architéctypgsiized for
embedded edgkl deviced were selected to deliver retime performance while maintaining robustness in
diverse visual conditions. The method was evaluated on UAV hardware equipped with embedded GPU:s
demonstrating operation at up to 93 FPS on Jetson Xavier NX and nearly 20 FPS on Jetson Nano. A ful
processing and control loop was validated in both simulatedealdvorld experiments using the PX4 flight
controller and RO$hased hardwarén-the-loop testing. Experimental results show that the system maintains
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accurate pose estimation under challenges such as motion blur, low light, scaling, and partial oscliston
framework enables safe, precise, rdale landing support and can serve as a foundation for future
implementations involving moving platforms and more complex environments.

Keywords:UAV landing; deep learning; embedded systems; human detek&gpoint regression;
pose estimation; redime processing; autonomous flight.
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1. Introduction

Autonomous touchdown of unmanned aerial vehicles continues to represent a challenginc
engineering problem, particularly in unregulated or shifting settings. The existence of barriers,
illumination variations, weather scenarios, and possible human presence demand highly accurate a
dependable image analysis frameworks operating irtireal Within this framework, the suggested
neural network pipeline integrates touchdown zone ideatifin, critical point detection, and
uncertainty calculation, delivering informational assistance for secure drone touchdown guidance.

2. Related Research

Earlier approaches concentrated on markersc@ies, AprilTags, circular patterns, or active
beaconsAlthough they delivered a certain degree of precision, their effectiveness was restricted by
environmental complexity and the requirement for specialized markers. Neural networks introducec
a novel paradigm, enabling target identification during incotefdeclusions and with inferior image
quality. Nevertheless, numerous contemporary frameworks are restricted by substantia
computational demands or absence of direct position calculation. The suggested approac
distinguishes itself through comprehensiv@aneand focus on operation with integrated GPU
hardware.

3. Methodology

3.1. Segmentation and Scene Analysis

The segmentation model generates probability masks for humans and touchdown zones. Th
extracted region of interest undergoes contour analysiswiolg which the largest touchdown zone
area is identified. If a human is positioned excessively close, touchdown is prevented.

3.2. Critical Point Regression and Uncertainty Calculation

Compact CNN architectures (MobileNetV3, LCNet) are employed for akitjmoint
regression, returning coordinates and variances. The drone's position relative to the zone is comput
using PnP algorithms based on a 3D zone model.

3.3. Equipment and Simulation

PX4 controller, Holybro X500 drone, and Jetson platforms welieged. ROS environment
and hardwarén-the-loop enabled secure algorithm validation prior to actual flights.

4. Results

The framework demonstrated:
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12.86 FPS on Jetson Nano

Up to 93.64 FPS on Jetson Xavier NX

Strong resilience to illumination, occlusgrscaling, perspective variations
Proper recovery of missing critical points

Sufficient positioning precision for accurate touchdown

CONCLUSOINS.

The suggested pipeline delivers rapid and dependable drone touchdown assistance based
neural networks. Suequent research will focus on supporting touchdown on mobile platforms and
accelerating the model through refinement and quantization.
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HUMAN -IN-THE-LOOP ACTIVE LEARNING FOR TIME -SERIES ELECTRICAL DATA.

Abstract Advanced machine learning models for classifying $ewes electrical data typically
require large, accurately labeled datasets; however, labeling remains costly andpeor@. This paper
introduces a humain-theloop active learning framework desighéo significantly reduce labeling effort
while improving model generalization for applications such asintasive load monitoring (NILM) and
home energy management. A novel acquisition function is proposed that incorporates both model uncertaint
and bbeling uncertainty, while also mitigating class imbalance. A stopping criterion automatically halts the
learning process once additional labeling yields diminishing returns. The study further examines how labeling
errors affect model performance and irdtes two mitigation strategies: (i) a-f@&eling mechanism based
on similarity between predicted and annotated labels, and (ii) a conficlemaee loss function that weights
samples using expeprovided confidence scores. Experiments performed onneddl NILM datasets with
three domain experts demonstrate that the proposed approach reduces labeling requirements by up to 61
for dishwashers and 93% for kettles. The method substantially improves model performance when transferrin
to new homes, even the presence of labeling errors, confirming the effectiveness of combining human
expertise with uncertaintgware active learning for timeeries data.
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Keywords: active learning; timeseries classification; humain-the-loop; labeling uncertainty;
NILM; energy disaggregation; transfer learning; expert confidence.
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1. Introduction

Temporal data categorization, particularly electrical usage signals, represents a crucia
element of power management frameworks. dledlenge of acquiring dependable annotations stays
critical, given that manual annotation demands substantial time investment and constitutes a sourt
of mistakes. Interactive learning diminishes the volume of required annotations, yet conventional
appro@&hes presume a flawless "oracle,” which seldom reflects actual conditions. This drives the
creation of experin-theloop methodologies that account for specialist constraints and mistake
characteristics.

2. Problem Formulation

NILM signals encompass bria@ihd extended activations of various appliances, resulting in
unevenly distributed categories. The objective involves reducing the quantity of necessary
annotations without sacrificing accuracy. The suggested approach addresses three dimensions:

1 classifieruncertainty
1 annotation uncertainty
T category imbalance

3. Proposed Selection Function
The function integrates:

T classifier uncertainty (entropydriven)
T specialist uncertainty (confidencedriven weighting)
1 category balancingvia selection regularization

This enables identification of maximally informative samples even under mixed annotation
quality conditions.
4. Termination Criterion
The interactive learning algorithm terminates when:
1 the count of highly uncertain samples drops beneath a threshold
1 additionalannotation fails to improve F4core
This substantially conserves resources.
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5. Impact of Annotation Mistakes
Two categories of mistakes are examined:

1 false negativesd produce the greatest detrimental impact, especially for
appliances with brief activatns

1 false positivesd less harmful, as they don't alter the structure of positive
samples

6. Error Mitigation Mechanisms

6.1. Reannotation

Samples exhibiting low matetate between forecast and annotation are returned for additional
specialist analysis.

6.2. Confidenceweighted Loss

The loss function prioritizes mistakes according to certainty level, diminishing the influence
of unreliable annotations.

7. Experimental Validation

Two primary experiments were performed on-DKRLE and REFIT databases:

1. Interactive learning with simulated mistakes

0 assessed influence of different mistake types

0 demonstrated significant accuracy enhancement following re
annotation
2. Real specialists in the loop

0 three specialists provided annotations

0 low certainty correlated with elated mistake probability

0 confidenceweighted loss improved classifier accuracy

8. Comparison with Alternative Methods
Testing was executed against baseline strategies:

1 poolbased uncertainty

1 streambased uncertainty
1 BADGE

1 CLUE

The suggested technigushowed equivalent or superior -Btores, along with minimal
annotation requirements.

CONCLUSOINS.
The experin-the-loop interactive learning approach delivers:

T substanti al reduction in annotation
1 high resilience to erroneoasinotations

1 improved model deployment to different residences

1 capability to integrate specialist uncertainty

The technique is suitable for diverse temporal data categorization tasks in energy systems ar
beyond.
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Stolfi D., Danoy G. (Interdisciplinary Centre for Security, Reliability and Trust (SnT), University
of Luxembourg, Luxembourg).

EVOLUTIONARY SWARM FORMATION FOR AUTONOMOUS ROBOTS.

Abstract Autonomous robot swarms represent an increasingly valuable solution for space and
aerospace applications, offering adaptability, resilience, and the ability teosgdhize without centralized
control. These capabilities are particularly important in rmessscenarios such as asteroid monitoring,
convoy protection, and countdrone operations, where maintaining a stable formation around a target is
critical. A key challenge in this domain lies in enabling robust swarm behavior across different initial
corfigurations, varying numbers obbots, and potential failures.

In this study, we present an evolutiondigsed method for the safganization of autonomous robot
swarms, where each robot's movement relies exclusively on relative positioréaralage a bearingd
obtained via radio beacons. This eliminates the need for global positioning or direct communication. The
proposed evolutionary algorithm optimizes fundamental swarm parameters, including movement speed an
attraction/repulsion forces, enabling astle circular formations across a wide variety of conditions.
The approach was validated through extensive simulations involving swarms of 3, 5, 10, 15, 20, and 30 robot:
totaling 420 distinct scenarios. Stable formations were achieved in all casesoAaldéxperiments with
physical EPuck?2 robots confirmed the met hoealganizationamdu st r
resilience to individual robot failures in reaforld environments.

Keywords: autonomous robots, robot swarms, seljanization,evolutionary algorithms, swarm
optimization, stable formations, aerospace applications, robot resilience
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Introduction

Self-governing robotic collectives have surfaced as a practical anfoweorbital and
aeronautical implementations owing to their flexibility, strength, and independently coordinating
capabilities. These collectives demonstrate particular effectiveness in assignments including celesti
body surveillance, escort safeguardirgnd antunmanned aerial vehicle missions, whereby
preserving consistent arrangements surrounding a primary objective proves critical. Nevertheles:
handling fluctuating collective dimensions and varied starting circumstances remains a substantic
obstate.

This investigation suggests a technique whereby individual machine locomotion gets
established exclusively through comparative spatial data, acquired via distance and directional ang
calculations. Through removing worldwide localization or hieraalhowersight, the methodology
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concentrates on proximal interactions. To strengthen arrangement consistency, an dvadeiibn
algorithm gets utilized to refine essential variables including velocity and attractive/repulsive
mechanics. The technique undeeg verification in computer modeling and actual operational trials
utilizing E-Puck2 machines.

Methodology

The machines depend exclusively on comparative spatial information acquired from wireless
signal transmitters. No hierarchical oversight or worldamgvigation gets employed. An evolution
based algorithm investigates the variable domain and refines parameters including machine velocit
and intermachine attractive/repulsive dynamics.

The algorithm assesses performance quality determined by the ltgpp@biestablish a
consistent orbital arrangement under diverse circumstances encompassing machine malfunction
varied starting positions, and fluctuating collective dimensions. Six examination setups underwen
analysis: 3, 5, 10, 15, 20, and 30 machines

Results

Computer modeling trials encompassed 420 separate situations throughout all six collective
dimensions. In every instance, the refined variables produced consistent orbital arrangements.

Tangible trials utilizing EBPuck2 machines verified the coaipr modeling outcomes. The
machines effectively coordinated independently surrounding a primary objective, preserving
arrangement even when singular components underwent malfunctions. These examinations verifie
dependability, expandability, and resistammder practical functioning circumstances.

Conclusions

The evolutiorinspired methodology facilitates sgoverning robotic collectives to preserve
consistent and strong arrangements utilizing exclusively comparative spatial data. The refinement ¢
locomotion and interaction variables guarantees resistance throughout an extensive spectrum
settings and malfunction situations. Both compmtedeled and actual operational trials verify the
productivity of this methodology for aeronautig@rtinent assigments including surveillance,
safeguarding, and collaborative navigation.

UDC 681.3:004.9

Tejer M., Szczepanski R., Tarczewski T(Institute of Engineering and Technology, Nicolaus
Copernicus University, Torun, Poland)

ROBUST TASK SCHEDULING IN ROBOTICS USING REINFORCEMENT LEARNING.

Abstract Effective task scheduling is central to improving productivity and operational efficiency in
manufacturing, logistics, and transport systems. Traditional scheduling strategies often rely on heuristics or
static rules, which struggle to adapt to dynamiciemments. Reinforcement learning (RL) provides an
attractive alternative due to its ability to learn optimal action policies through interaction with the
environment. This study evaluates multiplel@lsed scheduling approaches, with a focus daagningand
its parameterization. Particular attention is given to the influence of environment models, reward structures,
parameter selection strategies, and predictive mechanisms. An automatic paraptietézation method
based on metaheuristic algorithms istroduced, enabling systematic exploration of nearly 31 million
configuration combinations. Despite improvements, classical RL methods remain highly sensitive to
environmental changes. To address this, a Hybré&ning method is proposed, combiningin#llearning
in a highly accurate simulation model with online adaptation using a pretrainéabl®. Experimental
validation on a robotic sorting system demonstrates that Hyb+idagning significantly outperforms static
scheduling and standard onlineal@ing, maintaining high efficiency under shifting environmental conditions.
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The proposed method enhances adaptability, reduces learning overhead, and provides a robust foundation fi
real-world robotic task scheduling.

Keywords: task scheduling; reinfoement learning; Qearning; hybrid learning; robotic arms;
optimization; dynamic environments; productivity.
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1. Introduction

Assignment gganization in automated systems represents a complex enhancement challeng
encompassing manufacturing line management, supply chain facilities, and transportation networks
Conventional approaché&seuristic rules, regulations, or fixed programndnigil to deliver
adequate flexibility and frequently overlook characteristics of changing circumstances.
Consequently, machine learning techniques, particularly AL, are gaining prominence.

AL enables an agent to accumulate experience through environmental engagérie Q
learning serves as a fundamental technique that preserves anticipated rewards within a Q(s, a) matr
However, algorithm performance substantially depends on configuration choices (training velocity,
9 , -greddy, matrix dimensions), alongsittee environmental framework that shapes assignment
dynamics.

2. Problem Formulation and Automated Test Platform

An experimental sorting platform was utilized as the testing environment, where an automatec
manipulator executes pidndtransfer operationsrdm three separate sources to corresponding
receptacles. Unlike practical systems where experiments prove costly or hazardous, simulatio
enabled largscale analyses.

The challenge comprises three sidmponents:

T Assignment planningd determining operatital sequences
1 Assignment organizationd optimal execution sequencing
1 Movement planningd trajectory construction avoiding collisions

3. Adaptive Learning Techniques

3.1. Fundamental Qlearning

The algorithm maintains @alues for each statction combinabn. Performance heavily
depends on:

1 Ugreedy configuration
1 Environmental modeling approach
1 Compensation function design
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3.2. Configuration and Challenges

Due to exponential expansion ofr@atrix dimensionality, complex assignments become
problematic forclassical approaches. The authors emphasize the absence of justification in literature
regarding configuration selection.

4. Automated Configuration Selection

Nearly 31 million permutations were investigated, incorporating:

1 Three forecasting strategies

1 Fou compensation functions

1 Three reset protocols

| Various manipulator history dimensions
1 Multiple Q-learning configurations

Results demonstrated that configurations optimal for one environmental setup may prove
ineffective following modifications.

5. CombinedQ-learning

The hybrid methodology includes:

1 Offline training in precise frameworks
1 Q-matrix updates during actual operation
T Immediate response to environmental alterations
Compared to fixed planning and rd@he techniques, Combinedi@arning demonstras:
1 Superior performance
1 Reduced vulnerability to modifications
T Absence of lowefficiency intervals from extended retraining

6. Practical Assessment
6.1. Initial Experiment

T Environmental parameters changed after two hours
T Fixed planning experiencexkrformance degradation
1 Combined @earning maintained elevated efficiency
q Realtime methods showed inferior outcomes
6.2. Secondary Experiment
1 Environmental modification with orleour delay
1 Comparison conducted with fixed, online #1, and online #2 corafiguns
1 Combined @earning consistently delivered highest sorting velocity

7. Conclusions
Combined Qearning proved the most effective methodology for assignment organization
under changing conditions. The approach ensures:

q Resistance to environmental difications
T Elevated performance levels
T Rapid accommodation without efficiency deterioration
Future work will concentrate on:
1 Multi-manipulator systems
T Multi-agent algorithms
T Movement planning enhancement and collision avoidance refinement
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Abstract. The paper addresses the problem of applying deep learning methods to automated aerial
reconnaissance using unmanned aerial vehicles (UAVsS) under modern warfare conditions wéth limi
training data. In real combat scenarios, computer vision models frequently encounter newly appearing objec
types for which only a few labeled samples are available. A method for rapid model adaptation under small
sample conditions is proposed, combiifrozen feature extractors, lightweight adapter modules, and a
prototypical classifier. Experimental evaluation was conducted-&hdt, 5shot, and 1&hot learning using
synthetic aerial images simulating diverse battlefield conditions. The resutiend&rate a significant
improvement in detection accuracy for previously unseen object classes with minimal annotation effort. The
proposed method can serve as a foundation for adaptive h&&¥d reconnaissance systems.

Keywords:UAV, computer vision, feshot learning, smalsample training, prototypical classifier,
deep learning.
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Abstract The article examines the prospects for integrasiridicial intelligence (Al) algorithms into
the target equipment of modern unmanned aerial vehicles (UAVSs), including optoelectronic systems, guidanc
modules, target designation and autonomous subsystems. The study substantiates the scientificcahd techni
prerequisites for upgrading UAVs through the implementation of intelligent algorithms capable of increasing
targeting accuracy, autonomy and resilience to external impacts, including electronic warfare. An analysis of
recent publications and practicaxamples is provided, demonstrating the effectiveness-s@ippbrted
aircraft and drones equipped with retiine object detection, adaptive planning and autonomous trajectory
correction. Special attention is paid to the challenges associated with etbécas, cybersecurity risks,
regulatory limitations and enereggfficiency constraints, which remain critical for the development of onboard
Al systems. The article outlines promising directions such asmdgessing technologies, distributed drone
swarms generative models and predictive analytics. It is concluded that the integration of artificial
intelligence algorithms into UAV target equipment forms a new paradigm for the evolution of unmanned
aviation and significantly enhances defense capabilities.

Keywords unmanned aerial vehicles; artificial intelligence; target equipment; algorithms; machine
learning; guidance systems; cybersecurity; drone swarms.
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Abstract. This paper investigates the improvement of dynamic accuracy and energy effidiency
forestry manipulator hydraulic drive through comprehensive optimization of control parameters and
structural characteristics. An integrated mathematical model is developed, incorporating nonlinear flow
equations, fluid compressibility, leakages, preesdynamics in hydraulic cylinder chambers, and the motion
of the manipulator link. The model employs a PID controller and reflects the structural coupling between
pressures, flows, and actuator torque. A genetic algorithm with real coding, tournamesttosel BLXU
crossover, and Gaussian mutation is proposed. The optimization covers both the PID controller gains anc
design parameters, including supply pressure and cylinder piston diameter. Simulation results demonstrat
significant reductions in integl positioning error, overshoot, peak pressures, and energy consumption, as
well as improved smoothness and responsiveness of transient processes. The findings confirm the effectiven
of genetic algorithms for tuning hydraulic systems operating unddineauities, varying loads, and external
disturbances. The proposed approach is applicable to forestry machinery and other specialized mobile
hydraulic equipment requiring high precision and robustness.

Keywords:hydraulic drive; manipulator; genetic algthm; PID controller; optimization; energy
efficiency; pressure; mathematical model.
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Abstract The article explores the application of neuratwork technologies and deep reinforcement
learning (DRL) methods to improve the efficiency of robotic masiptd in warehouse logistics. Recent
research demonstrates the growing potential of CNNs, DNNs and DRL agents for automatarghpilcice
operations, optimizing trajectories and identifying grasp points. Key limitations of current approaches are
highlighted, including the complexity of transferring trained policies from simulation to real environments,
lack of robustness to object variability, safety constraints in hiinslot collaboration and limited scalability
to multragent systems. An integrated teys architecture is proposed, consisting of a Ghdded vision
module, a PPO/DDP&@lriven DRL policy module and a simulation module that enhances generalization.
Special attention is paid to the concept of obm@cperty maps as a structured representatanobject
features for DRL agents. A simplified Python implementation is provided. The results indicate that combining
modern neurahetwork methods makes it possible to build adaptive robotic systems capable of handling
diverse warehouse items under dyrma conditions.

Keywords:robotic manipulators, neural networks, reinforcement learning, DRL, computer vision,
pick-and-place, warehouse automation.
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Bj e sl o] ¢dzys' M

I d mdztsea{t€ Ssitc d MdzBUzdBY td Ry dej R detsdzse ' 2 Hdzv  dzQo YO
Zz0 MC ZOHOR LOBJLY juyk® eodmtsClkz Istsyds Mls: , jdzj tcc
9 M d&ZOHdzdr Edso On. | OF B' eztdzOdzge j € zd 8 R B s dzO o
OdzOdz' L 2 O ' HGEotaf Cfiddyve @ tirtc @ dzfs dzdew 2 f dzO dzlz © O dzdzw

dbtorn ' s Clskztcf @Mtk dgdpr tctsB SiIsL B Btz tsuizfEhid©|desO
ME dZOHO' s+ Mw L Iste! sn 9L O BSsftsodwWwL Odzdr BSHEA 9

- dB3ts H [z dz 9' L EOdz &ts@dzO dtfitea] 2 davds'lswdz] L tsSB O
CNN, W tstcdsizdzO f§ IOdedsty i Is graspatslgydmap, dsiffaee ngrmals, segmentgtion

- Bs H Iz dz fos BRLOE S dflzls dz0 tsmdztse PPO/ DDPG
fsLdy’ ¥ 9 Odedz?y kG d, Mddzd L OR90OkE SO te' ' dzls O
M st o,

- BsH EZzdzd  ndopafve O OB L B iz o Odzdzy 0OG j dzs O ¢
mMjtejHBadh L 90t Oy ' vwdidd § OtOd3j ste™ © HEW EL OGO

= ' ~

state $ actions @

vl D
Vision Module
(computer vision)

v

; Simulation Engine
DRL Policy (physics simulation)

reward + next
state

{dMkdss 1. ¢t ' lsjSlkied Mdmisj isd dzOs yOdedz® to

O L COwmlsd odkOMlsdosmisj2 ©BO6' SCK@Odeddy ¢ d
Czk ysodr jlOf' s el Otmddlsy dgdhls d sbtsassrinert sz
map , “GCO fsHO' IOchvdzlsizd weth fipls tACLs I sy Galpj o ©] 1 il
ZzOo jH]jdes ftedC dzOH OCts’ COtlsd, hts MC ZOHO' Is! MW

Object-property map

H & B

High curvature Segmentation Graspable
surfaces regions

{ dMkdsS 2. 1©dsd&On SOwkdppipPektysmep), b 6
dzj 2o dedatsy BitjNg®: o jtnd L tojddeEdsF, Soac
L O% o Ok
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tdmMezdese 2 " dzg Mlstckz , WwWEC dBsHLED Csd3tf 66 Isj todat
LSBOY jddz?, cdkzdBddzz OBt R KBOtkz ksysS) k& HjS' d&
HdzZv f sSHOd "tse s f toefsdl dslgfvC tstg". h j dzr DRL

High curvatre surfaces( §f so j ton dz' L odmtsCtsr CtododL dets® )
H'  2vdz€ d BBO' ' CIsO L t' LSddd ¢ j tsd3j €N Wikd dsd OB Js
Point Net ++) Bydfmdzt * dzsCOdz dzz CtcdodL dzz. 6 v j d3d
sOCdds H' dzviglgtd@eE® tdmdils @ © Mmls OB dz' dz' Mils! Hdzw L OR 9
f zOdzlz o Odzdzy H " .

Segmentatiof j ¢ d3j dzls Oy v BBO ' CIsO) . [tk O COdlsO
sBO' Cls toLH"  dzjdd?2 d&O twjc' tsdd L Odzjydes 9" H &
sji8liNtcdzed n L d2ZOC. dwjcedii dzlsOy' v HO' LBselkz MdMmilsi &3
MstcOlsje' ¥ LORoaOlk Hts CBydets’ 26t YOfmlisddad .

Graspable regions (ftcdHOId HAEZY LORoOlE
dzj 2tetsdzdats’ dBjtej ' N sHE dgd Iy’ dz’Hhdzvis i OF Gl lzdz v j
H 2w dz€ d L dBOS Md d30dz! detss MlsOB ' dz' dzg' Mis¥, HEMiskY
odSitstedMmlssolz’ Is' Mw wg sW ddqfd&d B d¥r ¢y ddg cORIL ~ H "~

v OCdds yapgbpdgperty mapL OB j L f j WEliz'eo Odédisvte * daW stc d3Ols
CsBf OCkdsets sfgmkz Bo CkO, hts LdOydets §StOh
9 dC sdzOdzadz? MSC zOHM! Cdr BOds f zdzw y* 2.

[ i BsdzmistcOy' 2 ded?2 § G CkOHLzOL | OtRhzZORY t hon)

L dyadmftesh jdd?2 ftdtdzOn, W &GEzzOL fRdjcHssb dshtg
PyBullets © ftetsfisdd3 §f sdz' sd S sodd3 dzOe yOdadz d3:

python
import pybullet as p

import pybullet_data
import numpy as np

import gym

from gym import spaces
import torch

import torch.nn as nn
import torch.optim as optim

#---1. 1 dL fz@gtfzs MmJ tc jandplacg-~ ] pi ck
class SimplePickEnv(gym.Env):
def __init__(self):
super().__init__ ()
# ftosmlsd?2 MsOd: fssLdy' v "o0OIO (x,y, z), ¢t
self.observation_space = spaces.Box(lal®; high=1.0, shape=(10,), dtype=np.float32)
# H'W: LB 2O C(tStsHddOIls + MddzO L Orno Ok
self.action_space = spaces.Box(le@4, high=0.1, shape=(4,), dtype=np.float32)

# 1 ' Hdz2 BBO° dii3s M Bz dzv y* ¥
p.connect(p.DIRECT)
p.setAddiionalSearchPath(pybullet _data.getDataPath())

self.reset()

def reset(self):
p.resetSimulation()
p.setGravity(0, 0;9.8)
# LO9OdzsOydisd BOd f zdzw Istste, tsBO " SIS
# (Hdzv B WfdelsdgBH2 € z2B)
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self.obj = p.loadURDF("cube_small.urdf", basePosition=[0.5, 0, 0.1])
# ftsyoOlsSCtso® fsrdy' v tkz¢d:
self.hand_pos = np.array([0.4, 0, 0.2])

# " dzh' fsyoOlkise' bkddised

state = np.zeros(self.observation_space.shape)

return state

def step(self, action):

# action: dx, dy, dz, grip_force

dx, dy, dz, grip = action

self.hand_pos += np.array([dx, dy, dz])

# Ikls By 20O HBHOISdO M tE@®H de'datzkdzy ctod f j e d3

# tBUyYdmdzt " dis dzseo d?2 MlsOdz

state = np.concatenate([self.nand_pos, np.array([grip]), np.zeros(6)])

# ftosmisd?2 oddzOetssHAdd?2 d&j -~ O0dz' L d3:

obj_pos, _ = p.getBasePositionAndOrientation(self.obj)

dist = np.linalg.norm(self.hand_pesp.array(obj_pos))

rewad=-d i st #  Qdsdf dp dzdexO Ji

done = False

if dist < 0.05:
reward += 10.0 # Btdzkff L O L ORoOIs
done = True

return state, reward, done, {}

def render(self, mode="human’):
pass

#---21 dz' SO (dzj 66ts5dzdzO d3J tod  O)
class PolicyNetwork(nn.Module):
def __init__ (self, input_dim, output_dim):
super().__init__ ()
self.fc = nn.Sequential(
nn.Linear(input_dim, 256),
nn.ReLU(),
nn.Linear(256, 256),
nn.ReLU(),
nn.Linear(256, output_dim),
nn.Tanh()

)

def forward(self, x):
return self.fc(x)

#---3. Uvtc] dgzo Odzdg? OG Jj dzs© (R tetsh jdzgd2, BJL 1 ey
env = Simpl@ickEnv()

policy = PolicyNetwork(env.observation_space.shape[0], env.action_space.shape[0])
optimizer = optim.Adam(policy.parameters(), Ir=3p

for episode in range(1000):
state = env.reset()
ep_reward =0
for t in range(100):
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state_énsor = torch.FloatTensor(state).unsqueeze(0)
action = policy(state _tensor).detach().numpy()[0]
next_state, reward, done, _ = env.step(action)
ep_reward += reward

# Miftsh jdd?2 policy
loss=t orch. l og(polic
optimizer.zero_grad()
loss.mean().backward()
optimizer.step()

adient (REI NFORCE)
y tate _tensor)) * rev

state = next_state
if done:
break
if episode % 100 == 0:
print(f"Episode {episode}, reward = {ep_reward:.2f}")

] 5% dzj dsd MG RN j d20 Hj BsdelseOY' W . wd H 8d§ &
© Hlsowstejdzdz?" (replay buffer), y' dz' s9° Bj e N
NS ZOH dz' " & OjetSj s'j,C S'kte bk @3 Odats, MijtejHBSodh j L toj
sBO' CIs' 9.

Il Rl [ 1 s8R
ldested MsOuag) tdfaj &) - desdzsc ' 2 E dzOo yOdedz' tetsB s
kse MisdSd HBLoBdY ' LdOydes §°  Hodhdlsd ftesHESCISd
9 wkydsz ftsctcOdiize Odzdz . 1 SHOdz! M Hisfpdz' H Y j
tej Odz' Misd ydesmls* fnd Bz dzv y* BjLYJSCd oLO" BtsH" "’

q
BOMh sOB 9o Odzeld' ¢ j dids daBBlz dgydfldnds § dzd .
gl Re [IsJ R[] o1 ?.
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Brzin T., Brojan M. (University of Ljubljana, Ljubljana, Slovenia)
GAN-BASED INVERSE DESIGN OF SOFT MORPHING COMPOSITE BEAMS.

Abstract Designing soft morphing composite beams involves complex nonlinear mechanics, a vast
design space, and multiple fabrication strategies, making inverse design highly challenging. This paper
presents a generative adversarial network (GANMpsed framework thapredicts fabrication parameters
enabling composite beams to morph into predefined shapes. The method relies ofi guissviayered
composites where strain mismatches cause autonomous shape transformation, driveruhiforran
geometry, material propges, and thermanechanical actuation. To accelerate parameter exploration, a
simplified mechanical Atoy model 6 is developed,
stretching of elastic layers. The GAN architecture integrates three c@nisora generator that outputs
design parameters from target shapes; a critic that enforces feasibility by comparing generated outputs tc
valid samples; and a preained simulator that predicts resulting shapes for further refinement of the
generator. Thasands of simulated and experimentally validated samples are used for training. Results show
excellent agreement between predicted and fabricated shapes across diverse geometries, including spiral
waves, and lin@art patterns. The framework is extended temperatureactuated morphing, enabling
reversible or multistage shape transitions. This approach provides a robust, fast, and scalable solution for
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inverse design problems in soft robotics, deployable structures, and smart materials, outperforritiagatad
optimizationbased methods.

Keywords:inverse design; composite beams; GAN; morphing structures; strain mismatch; active
layers; soft robotics; deployable structures.

O deslsOY'tets’ Clkzo Odgdz® ROWS R StBftsLdlsddr BOdSSC,
LOHOUj ¥ yjtejL dzjdz dg 2z BjROde Sk, ojddSd?2 it
sjndsdse' yddn t'hjd¢ . v tsesl' §SHOMS ‘-LdQddzdd
Bjteink (GAN) Hd&" foscdsLbkeoOdd" §OLOdkEBithHo BOEEE
LOLHOdzj ¢" H! o dLjds@wy,| dilztc Witz Bls.+CifWMs d dz@zd § O dakdzts L d Is O R
M tod ud dzj ded 2 dzj o' Hf s9 ' Hdz fplss HiWtstcdkzOy" 2, L zdists o
BOlsj o' Odz' degd &5 o ZOMIsdo sMmisw B ©OL sd ' bh tsg & d3m i) 820 dz
OO sedudzsc s §esmsticl oL tohsB dzitopmodey, o & jdfqdstak j IS
OCIsdoOy' ¥ LORB dgj dets Ctsdzlstetsdz’ s Oded 3 d3j -~ Odz' YdzGAN totsL
pCdzs YO Isted |Bjtejy' : G j dzj tcOsdslipls o Iy W s tedglzy  df OtceOs j |
sy’ dzg° T Rdes W' Lduydez L H® 2Mfdej dedz' Mls? ; SO s jtej Hd s
' Cstedcelz® dz0o yOdzdz" ¢ j dzj tOlststcO®. 1| O yOdadz? L H' 2 Mmdzj
' Hiso jtoHy j daf.n (fjofEdZOBOISd Hj Bsdhlsteky s@ odmsSk o' ¢
pdetslssodj dadsd WstedOd®d HdW © Lddn Ssd¥' cktoy' 2 (-
BjlssHdCE §hdie] detsO WO 5 ak@ getc O tekiZsdze 50 ° Mg Mls paggd L
BOGOIsMskzy jdjoaodms HjWStedZdOY 2. ¥} "HRa'H * hoadHCdd, &
ftos' Slkkzo Odzdz? o HBOWE' 2 twoesbkslkjod y' , OHOfIsds dg
ktcOHdY' 2dzd Sldd LOYy' 2d¢ &jssHd. (184 Mmhse O)

sdzs yso ' Cfydesiowiyded @2 dz; 0 C kY SGANSs iz ss B D Ifed s ' Ml
dzj o' HYiBS9 ' Hdz Mis! HjWBSBOY' 2; OCIsdodze hOwd;,; &BOWEO

1. Introduction

Reverse engineering of shageanging frameworks represents a complex engineering
challenge: the finalconfiguration is known, yet the manufacturing specifications ensuring its
achievement remain unknown. Although various materials, geometries, and activation methods ca
be utilized for shapehanging layered structures, their performance exhibits suladtamiinearities
due to large deformations. Conventional optimization techniques arecéins&ming, demanding
regarding initial assumptions, and frequently yield local solutions. In response, a machine-earning
oriented methodology is proposed, utilizif®AN for direct conversion of configuration into
manufacturing specifications.

2. PassiveActive Composites and Mechanical Analogue

The composite comprises a foundation layer and one or severaktpraled responsive
layers. Their interaction generatesfatenation following system relea8eeither during thermal
activation. To accelerate testing, a "simplified model" is developed: instead of heat, the responsiv:
layer undergoes mechanical extension, providing rapid validation of models and specifications.

3. GAN Framework for Reverse Engineering

3.1. Production Network

Receives normalized target curve and noise, outputting 5 engineering specifications (layel
dimensions, stiffness, magnitude of {@eension).

3.2. Evaluator

Assesses viability, comparing agstitibrary of acceptable designs.
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3.3. Prediction Model

Forecasts configuration based on specifications; operates as inverted version of productiol
network. Enables penalizing production network for imprecision.

4. Training Data and Optimization Process

Dat aset contains thousands of pairs SpE
numerical modeling and experiments. During training, production network and evaluator updates
alternate, ensuring balanced convergence. GAN produces specificatiomsfrgittions of seconds,
orders of magnitude faster than evolutionary algorithms.

5. Outcomes

5.1. Recreation of Target Configurations

Manufactured structures accurately replicate helixes, undulations, and intricate curves. Minotr
deviations stem from manuaperations (trimming, adhesion).

5.2. Creative Configurations

Model successfully produces specifications for figures created from dbaseld art and
handwritten contours.

5.3. Comparison with Simulations

Curvatures of produced and manufactured strustalign with prediction model. Difference
is minimal, confirming correctness of approximation.

6. Transformation with Temperature Activation

An extension of the model is proposed, wheregxtension parameter is replaced with
thermal expansion coefficienthis enables creating structures that alter configuration depending on
temperature. Examples of tvabage and smooth temperature transitions are demonstrated.

7. Conclusions

GAN-oriented reverse engineering provides:

1 Rapid acquisition of manufacturingespfications

Elimination of need for manual adjustment
Accurate recreation of target configurations
Capability for extension to more complex activation mechanisms
Prospects for expandable systems, compliant robotics, and adaptive materials

=A =4 =4 =

UDC 621.791.7:004.021.4

Held M., Bulling J., Lugovtsova Y., PragerJ( Bundesanstalt f ¢ rprMaftuenrgi
(BAM), Berlin, Germany)

ELASTIC CONSTANTS FROM ULTRASONIC DISPERSION IMAGES VIA NEURAL
NETWORKS.

Abstract This paper presents a machifearning based framework for determining isotropic elastic
constants of platéike structures using dispersion images derived from ultrasonic guided waves (UGWSs). Two
neural network architectures are evaluated: a convolutional model with transfer lgatvased on
EfficientNetB7, and a Vision Transforrarspired model adapted for muthutput regression. To train these
models, 20,000 simulated dispersion images are generated using the Scaled Boundary Finite Element Methc
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(SBFEM), providing normalized peesentations of UGW behavior across a wide parameter space.
Measuremenspecific artifact® such as noise, spectral leakage, local distortions, and resolutiondirits
incorporated through oithe-fly data augmentation to bridge the domain gap betweemaied and real data.
Experimental validation is conducted using dispersion images recorded with a Verasonics Vantage 64 systel
on seven different material samples. Results show that both architectures accurately predict isotropic elasti
constants withoutequiring initial estimates or manual feature extraction. The Vision Transformer exhibits
superior robustness to image perturbations, while EfficientNetB7 converges faster but is more sensitive t
noise. A novel imagm-regression visualization techniqigintroduced to explain model decisions. Overall,
the study demonstrates that neural networks can reliably extract elastic constants from dispersion images
independent of the measurement setup.

Keywords:ultrasonic guided waves; dispersion images; @auaetworks; isotropic elastic constants;
EfficientNet; Vision Transformer; material characterization; SBFEM.

b desls Oy vilsOlsls"® f e Mb-fhts Qo ddy HzsOdzd 2 "' HR'"H HB 91
ftozydzdr CtdzMlsOdzls § dzOMIsd dzyOMisdr EHEBJOYQdiZ o dD IS
Cjtoso Odzd UGWF o ddp'tsL @ dzw dzzIsts  H o ° Otcrn " IsjClskzted dzi 2 totst
Istc OdzMmW Jj tedzd d3 dE@icientMatEiz" 13O dzB H J dz! VisionZelsshopgrdzdfry Off Ists 9 O o
LOHOY" BOGOIsodn  Hdzs' (BRcpf)dzj totsp @izs dz@ 9 y O dedzv MmdfEs
L sBtcOY j dz' L ScaledBofintdaBigitsElementMethod(SBFEN) , hts L OB jL § j ykz*
ftoj Hils OVBAWzdzdV tetsC tsd3z H' Of OL tsdzg' f OtOd3jIste’ ©. 1 " H
LOMsBd O3y 2 Ogo SH W s £ Mmd dizdz' s9 Odz HOdD " B@icO¢
f4ClsteOdz! dz' odCtedo dzj dadzv , ftosf zMCd Is® h tsB dfjtyCtei@iznE
LOCOd dzf 9 Ocz! gz L HObd Mls! dBsHjdj2. [ SMYjteddk]dls
B tg @apz" ~ fnj d&3d BOIsj to' Odz' o, Verdstmicsfy@adm 6 4 . f)d sy Htk® Is
 Bsdeistelzs s1, hts sBdH®o® ' Oten ' IsjSlskzted L HOId Istsydst
syOlStsoadn ftodfkzh jda OB s oz WaktnéTmansforofier 2] @adzs® dzGs L alz
s 2¢" fMmis: His L d3' dz Effidenttde®® j dz’OB j S YUd & hodHh k LB
Elsdzde " h s HB M EdgE. [ SHOIS o 5 { tojimdgddddegazgsidas Hizzw d
dels jteftojlsOy' ° " hjd dBsHjdzj2. [yl diyzBE! HY ]
dL &z0y0Olsd ftekzy dz CsdzemlsOdzalsd L O HdMY jtef' 2ded B L s
B

St Use ' Liga®L obkCtse’ §jse0d Sedd ; HIMEJt
"Ll & f ek EiidientdesuisigiT Guslergier SBFEM R O OCIs j e Mis.dS O

1. Introduction
Identifying material stiffness parameters represents a fundamental phasedeshmative
evaluation and materials science. Acoustic guided waves exhibit freqdepepdentharacteristics
responsive to substance properties, rendering freqessyndent imagery a valuable instrument for
property identification. Conventional approaches require manual wave mode examination,
preliminary assumptions, and intricate mathematicaméworks. Conversely, artificial neural
networks possess the capability to autonomously extract patterns from imagery, positioning them &
promising candidates for material stiffness determination.
2. Materials and Methodology
2.1. Production of ComputerGenerated FrequencyDependent Imagery
Simulations were executed using SBFEM through solving eigenvalue problems for specified
wavenumber values. Information was standardized relative to thickness, facilitating comparisons
among different plate specimensiW hi n si mul ati ons, parameters
were employed, ensuring uniform value distribution throughout the dataset.
2.2. Experimental Measurement Information
Experimental imagery was acquired using Verasonics Vantage 64 apparat62.&iNiHz
sampling frequency on 3001300 mm plate speci
1 Tukey windowing (U=0.3)
1 Zero-padding implementation
1 Two-dimensional Fast Fourier Transform
1 Standardization and filtering procedures
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1 Morphological operations (erosion/dilation)
1 Rescaling to 6001600 pixel dimensio
2.3. Artificial Neural Network Architectures

1 EfficientNetB7: Convolutional architecture with knowledge transfer; rapid
training convergence, yet sensitivity to interference.
1 Vision Transformer: Global dependency modedj; superior resilience to

imperfections.
TensorFloworiented enhancements were incorporated: interference, blurring, omissions,
distortions.
3. Findings
3.1. ComputerGenerated Dataset Performance
Mean Absolute Percentage Error measured 2.94% (EfficieB#eand 2.13% (Vision
Transformer), indicating substantial accuracy.
3.2. Experimental Measurement Performance
1 Vision Transformer produces consistent forecasts regardless of interference
and minor imperfections.
1 EfficientNetB7 demonstrates greater variépiwhen encountering contrast
modifications and localized distortions.
1 Both architectures accurately forecast parameters for seven substances withou
preliminary approximations.
4. Discussion
Comparison of the two architectures revealed that:
1 Convolutioral networks concentrate on localized patterns, rendering them
susceptible to localized imperfections.
1 Transformer architecture more effectively processes global structures,
providing stability.
1 Dataset enhancements fulfill a crucial function in transfgrrmodels from
simulation to experimentation.
5. Conclusions
The proposed methodology enables automatic identification of isotropic material stiffness
parameters from frequendependent imagery without preliminary assumptions or manual
processing. Methoddzantages include:

1 Complete automation

1 Resilience to interference

1 Independence from measurement apparatus configuration
1 Scalability potential for more complex substances
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MACHINE LEARNING FOR NANOPARTICLE SIZING WITH BIOSENSOR ARRAYS.

Abstract Accurate nanoparticle sizing in liquid environments remains a significant challenge for
modern biosensing systems, patidely when particle dimensions approach the spatial resolution limits of
sensor arrays. This study presents a machine learning i@mhhanced framework for interpreting
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multifrequency capacitance data acquired from CMOS nanoelectrode array biosensorsefgifey the
analogy between multifrequency capacitance maps and multispectral images, several ML arcldtectures
ranging from large, established convolutional neural networks to custom lightweight tfhadelevaluated
for the task of estimating nanopartictadii. High-fidelity finite element simulations, augmented with
controlled noise models, are combined with a limited number of experimental measurements to generate robu
training datasets. Two families of environments are analyzed: MilliQ water anglpdtedbuffered saline
(PBS), each introducing distinct noise and frequetheyendent effects. Results indicate that compact models
such as the Simplest Net and SuperLite MobileNet achieve excellent accuracy, with median sizing error
remaining below 15% aoss all tested scenarios. The findings highlight the advantage of mixing simulated
and real data to improve generalization, especially in conditions where measurements alone are insufficien
due to variability and limited sample size. This work demorestriitat Maugmented biosensor arrays can
deliver realtime, labelfree, and coseffective nanoparticle metrology, enabling rggheration applications
in environmental monitoring, nanoplastics detection, and biomedical diagnostics.

Keywords: machine larning; biosensing; nanoelectrode arrays; capacitance maps; nanoparticle
sizing; multispectral imaging; simulatieibased training.
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1. Introduction

Deep learning and computational intelligence techniques have profoundly influenced
advancements in visual recognition, speech analysisc@mglex system modeling. Nevertheless,
their application within biosensing technologies remains restricted due to insufficient quality datasets
measurement sensitivity, and the complexity of physical phenomena in aqueous environments
CMOS nanoelectrode atrices constitute a promising instrument for mafkee detection of
nanoscale entities, yet their effectiveness depends on the capability to accurately interpret multi
frequency capacitive representations. This investigation examines how deep |legpniraglaes can
improve precision in determining nanoscale particle dimensions and overcome constraints o
conventional methodologies.

2. Measurement Methodology and Dataset Preparation

The study employed a CMOS matrix for hiffequency impedance spectropgo(HFIS)
featuring 2561256 nanoelectrodes (90 nm r a
representations. Laboratory measurements were conducted in deionized water and PBS utilizin
polystyrene nanoscale particles (275 and 500 nm). Prepnoagssii nv ol ved sel ect
grids containing individual particles, standardization, and noise reduction. To simulate experimenta
conditions, a noise pattern derived from peripheral electrodes was applied.

3. Computational Modeling

Physical simulabns were executed using ENBIOS, which solves Poidtzmann and
Poissordrift-diffusion equations. Frequency responses were modeled for particles of varying
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dimensions (20A.500 nm) and positions. Datasets were supplemented with augmentation technique:
(mirror reflections), enhancing model generalization capabilities.

4. Deep Learning Architectures for Dimension Estimation

For predicting particle dimensions, both established CNN architectures (Mobif&Setall,
ResNet18) and simple custom designs (Blocks Net, Simplest Net) were utilized. To prevent
overfitting, emphasis was placed on streamlined networks. Training employed Gaussian NLL Loss
with Adamax optimizer, enabling models to estimate both mean dimension values and variance.

5. Results
5.1. Deonized Water

1 On computational datasets, Two Blocks Net and Simplest Net performed
optimally (deviation <10%).

1 Larger architectures (MobileNet) exhibited overfitting and were rejected.

1 When tested on laboratory data, all models (except Tiny MoNet) cgrrectl
distinguished 275 and 500 nm particles.

1 Incorporating 10 empirical samples into training influenced only SuperLite
MoNet performance.
5.2. PBS

1 Compact architecture superiority was confirmed.

1 SuperLite MoNet demonstrated weak performance without empitatal but
became most accurate after measurement addition.

q Median deviation remained <15% across all scenarios.

CONCLUSIONS.

Merging computational modeling with limited laboratory measurements substantially
improves deep learning model accuracy for narlesgarticle dimension estimation. Streamlined
architectures ensure optimal generalization capacity, while extensive neural networks overfit due tt
dataset limitations. The presented methodology proves promising for developiniproighhput
biosensors, icluding environmental monitoring and diagnostic applications.
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INTELLIGENT MACHINES AND DEVICES IN FACTORIES: APPLYING MODERN
TECHNOLOGIES WHILE ENSURING WORKER SAFETY AND ENVIRONMENTAL
PROTECTION.

Abstract. Modern manufacturing is undergoing a profound transformation driven by the rapid
development of intelligent machines, automation systems, anelidaa industrial technologies. These
advancements significantly increase productivity, precision, and apegiefficiency, while simultaneously
introducing new challenges regarding worker safety and environmental sustainability. This paper provides a
comprehensive analysis of intelligent machines and devices implemented in contemporary factories, includin
industrial robots, collaborative robots, CNC systems, additive manufacturing technologies, AGVs and AMRs
advanced sensor networks, machumgon systems, and predictive maintenance platforms. Emphasis is placed
on risk management strategies for ensuringupational safety in automated environments, including
ergonomic optimization, hazard detection technologies, safety interlockgimeainonitoring, and operator
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training supported by digital tools. The study also examines key principles of sustairsatilfacturing,
highlighting energyefficient industrial processes, waste reduction strategies, cir@danomy approaches,
emissiorcontrol technologies, and integration of renewable energy resources. The results demonstrate thai
the synergy between inigknt machinery, safety protocols, and environmental management significantly
enhances industrial performance while reducing ecological impact. The findings underscore the importance
of a holistic approach in which technological innovation, hurmanteredsafety, and sustainability contribute
equally to building resilient, efficient, and environmentally responsible factories capable of addressing global
industrial challenges.

Keywords:intelligent machines; automation; worker safety; environmental protectastainable
manufacturing; industrial technology; smart factories.
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1. INTRODUCTION

The rapid development of intelligent machines and devices has transformed modern
manufacturing, introducing unprecedented levels of automation, precision, and efficiency. Factorie:
equipped with intelligent machinery benefit from advahasontrol systems, redéime data
monitoring, and adaptive algorithms that optimize production processes, reduce operational error:
and enhance overall productivity. These technological advancements not only allow manufacturer
to meet increasing markeewhands but also improve the quality of products while minimizing
material waste and energy consumption. However, the integration of intelligent machines into
industrial environments also raises critical concerns regarding worker safety and environmenta
sustainability. As machinery becomes more complex and autonomous, the potential risks to humal
operators, including mechanical hazards, exposure to harmful substances, and operational errol
must be systematically addressed. Ensuring comprehensive saf&igofs, emergency response
mechanisms, and proper training programs for workers is essential to mitigate these risks. In paralle
the environmental impact of industrial operations, such as emissions, energy usage, and disposal
hazardous byroducts, equires careful consideration to comply with regulations and promote
sustainable manufacturing practices. Modern intelligent devices are designed not only to increas
efficiency but also to support safer and greener production processes. Sensors, autamiatts,
and predictive maintenance systems contribute to preventing accidents and equipment failure:
thereby reducing downtime and the likelihood of workplace injuries. Additionally, these systems can
monitor environmental parameters, optimize en@agysumption, and minimize harmful emissions,
directly supporting factory sustainability goals. The synergy between intelligent technology,
occupational safety, and environmental protection establishes a foundation for responsible industri
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innovation thabenefits both workers and the broader community. This work aims to explore the role
of intelligent machines and devices in contemporary factories, focusing on their technological
capabilities, applications, and the measures required to ensure workgrasafeenvironmental
protection. Through an idepth analysis of intelligent manufacturing systems, this study will
highlight how modern technologies can be effectively harnessed to achieve sustainable, safe, ar
efficient industrial production. The intedgi@n of safety standards and environmental management
practices alongside technological innovation represents a key strategy for advancing the future c
smart factories. The adoption of intelligent machines allows factories to implement predictive
analytics, enabling early detection of potential equipment failures and preventing accidents before
they occur. These systems can collect and analyze vast amounts of operational data, providir
insights that enhance both productivity and safety standards. Callialeorobots, or cobots, are
increasingly used to work alongside human operators, combining human flexibility with machine
precision while reducing physical strain on workers. Moreover, advanced automation reduces thi
need for manual handling of hazardauaterials, thereby decreasing occupational exposure and
potential health risks. From an environmental perspective, intelligent devices facilitate the
optimization of energy consumption, reducing unnecessary waste and lowering carbon footprints
Manufacturng processes can be finened to minimize the release of pollutants and ensure
compliance with environmental regulations. Waste management systems integrated with smat
machinery allow for the recycling and proper disposal of industrighrbgucts, contbuting to
circular economy practices. Furthermore, the use of sensors and l0T devices enables continuol
monitoring of air quality, noise levels, and emissions within factory premises. Implementing such
technologies supports corporate sustainability geeld strengthens public trust in industrial
operations. Ultimately, intelligent machines not only enhance operational efficiency but also create
safer, cleaner, and more responsible industrial environments, highlighting the essential balanc
between techriogical advancement, worker safety, and environmental stewardship.

2. TYPES OF INTELLIGENT MACHINES AND DEVICES IN MODERN
FACTORIES

Modern factories rely on a wide array of intelligent machines and devices designed to optimize
production processes, improefficiency, and enhance product quality. One of the most common
types of intelligent machines are industrial robots, which can perform repetitivgyrgigision tasks
such as welding, painting, assembly, and material handling. These robots are oftpedguih
advanced sensors, machine vision systems, and artificial intelligence algorithms, enabling them t
adapt to changing production conditions, detect defects, and operate safely alongside human worke
Collaborative robots, or cobots, representaer generation of robots designed to work in close
proximity with humans, combining human flexibility and decisioaking with machine accuracy
and strength. Cobots are often used in assembly lines, packaging, and inspection tasks, where th
adaptabiliy significantly enhances productivity. Another critical category is CNC (Computer
Numerical Control) machines, which include milling machines, lathes, and cutting systems. CNC
machines use precise computer instructions to execute complex operations miitialnhiuman
intervention. Modern CNC systems often integrate -tiea monitoring and adaptive control,
allowing for adjustments during operation to maintain quality standards and reduce waste. Additive
manufacturing devices, commonly known as 3D printbes/e also become integral in smart
factories. These machines enable the creation of complex components with high accuracy, usin
various materials including metals, polymers, and composites. Intelligent additive manufacturing
systems incorporate sensorglasoftware that track production in real time, ensuring consistency,
optimizing material usage, and minimizing errors. Automated guided vehicles (AGVs) and
autonomous mobile robots (AMRS) are increasingly deployed in factories for logistics, trangportatio
of materials, and inventory management. These devices use advanced navigation systems, includi
LIDAR, cameras, and GPS, to move safely around production floors without human intervention.
AGVs follow predefined paths, whereas AMRs can dynamically @mé&igomplex environments,
making realtime decisions to avoid obstacles and optimize routes. Their integration reduces labor
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intensive material handling, improves workflow efficiency, and enhances safety by minimizing
collisions or human error. Intelligesénsor systems play a fundamental role in monitoring industrial
processes. These include temperature, pressure, vibration, and optical sensors, which provic
continuous feedback to production control systems. Data collected by these sensors can trigge
auomated adjustments, prevent equipment failures, and maintain optimal production parameters. |
addition, machine vision systems enable automated inspection and quality control, detecting surfac
defects, assembly errors, or deviations in dimensions. Tetems are particularly valuable in
industries such as automotive manufacturing, electronics, and pharmaceuticals, where precision at
consistency are critical. Artificial intelligence (Al) and machine learning systems are increasingly
integrated into itelligent devices, allowing machines to learn from data, predict equipment
maintenance needs, and optimize production schedules. For examglewéded predictive
maintenance systems analyze sensor data to forecast machinery wear and prevent unexpec
breakdowns, thereby reducing downtime and maintenance costs. Industrial Internet of Things (I1l0T
devices also contribute significantly by connecting machines, sensors, and control systems ove
networks, enabling redglme monitoring, analytics, and remoteanagement. Advanced human
machine interfaces (HMIs) and augmented reality (AR) tools are enhancing the way operators interac
with machines. These interfaces provide intuitive control panels, visualization of machine status, an
interactive troubleshootinguidance. Workers can use AR glasses to overlay digital information onto
physical equipment, improving maintenance, training, and assembly Easksging technologies

such as exoskeletons, wearable devices, and smart safety systems are being incotpdeatiedies

to further enhance worker performance and safety. Exoskeletons reduce physical strain during liftin
or repetitive tasks, while wearable sensors monitor vital signs, fatigue levels, and exposure ftc
hazardous conditions. Smart safety systeamsautomatically shut down machines in emergencies or
alert workers to potential hazards, ensuring compliance with safety protbbodern factories
employ a diverse ecosystem of intelligent machines and devices, ranging from industrial robots an
CNC machines to Alpowered sensors, additive manufacturing systems, and autonomous vehicles.
Each of these devices contributes to increased productivity, precision, and operational efficiency
while simultaneously supporting safety, sustainability, and -dav&n decisioamaking. The
integration of intelligent technologies not only transforms production capabilities but also establishes
the foundation for smart, resilient, and futamented manufacturing environments. In addition to
their operational capatiies, intelligent machines contribute significantly to the digitalization of
factories, forming the backbone of smart manufacturing systems. Many devices are equipped witl
self-diagnostic features that continuously assess machine health and performiamdag dbr
proactive maintenance and minimizing the risk of unexpected failures. Integrated communication
protocols enable seamless coordination between multiple machines, ensuring synchronize
operations and optimized production flow. Advanced robotiospeaform tasks that are dangerous

or ergonomically challenging for human workers, thereby reducing workplace injuries. Intelligent
devices are increasingly modular, allowing factories to adapt production lines quickly to changing
product demands or new m#acturing processes. Energificient designs are incorporated into
many modern machines, reducing electricity consumption while maintaining high levels of
productivity. Furthermore, these machines can collect and process large datasets, supperting re:
time analytics and enabling decisiorakers to improve efficiency, quality, and sustainability.
Intelligent systems also facilitate traceability of materials and products throughout the manufacturing
process, which is essential for quality assurance aguat®ry compliance. The integration of Al

and machine learning allows machines to optimize themselves over time, learning from productior
patterns and improving performance without human intervention. Overall, the diverse capabilities of
intelligent machnes and devices enable factories to achieve higher productivity, operational safety,
and environmental responsibility simultaneously, creating a holistic approach to modern industrial
manufacturing.
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3. WORKER SAFETY AND RISK MANAGEMENT IN AUTOMATED
ENVIRONMENTS

The increasing adoption of automation and intelligent machines in modern factories has
significantly transformed the industrial workplace, introducing new dynamics in worker roles,
responsibilities, and safety considerations. While automatiomeakaroductivity, efficiency, and
precision, it also creates complex safety challenges that require systematic risk managemet
strategies. In automated environments, workers are often required to interact with sophisticate:
machines, robotics, and contsylstems, which can pose physical, chemical, and ergonomic hazards
if not properly managed. Effective worker safety programs must therefore combine technology,
training, and policy measures to ensure a safe and productive workplace. One of the prineamg conc
in automated environments is mechanical hazards, which arise from moving parts, robotic arms
conveyors, and CNC machines. Without proper safeguards, workers can experience injuries rangir
from minor cuts and bruises to severe amputations or criusfesr To mitigate these risks, factories
implement physical barriers, safety interlocks, emergency stop mechanisms, and restricted acce
zones. Modern intelligent machines often come equipped with sensors and cdiisgotion
systems that automatitglhalt operations when a human enters a danger zone, reducing the
likelihood of accidents. Ergonomic hazards are also significant in automated factories. Even thoug!
automation reduces repetitive tasks, workers may still be required to monitor mackifiesn p
maintenance, or handle materials. Poor workstation design, awkward postures, or improper lifting
techniques can lead to musculoskeletal disorders over time. The integration of ergonomic desig
principles and assistive technologies, such as exosksletnd adjustable workstations, helps to
minimize strain and enhance worker comfort. Another critical aspect is chemical and environmenta
hazards, especially in industries where automated processes involve exposure to hazardol
substances, fumes, or higbmperatures. Intelligent ventilation systems, -teaé air quality
monitoring, and enclosed processing units are essential for protecting workers from harmful
exposure. Safety protocols must also address fire risks, electrical hazards, and poteatial tox
emissions from equipment or materials. A key component of risk management in automatec
environments is training and education. Workers must be proficient in operating intelligent machines
understanding safety features, responding to emergencies, Hodinfg standard operating
procedures. Regular safety drills, certification programs, anthejob training ensure that
employees are aware of potential hazards and can act appropriately to prevent accidents. Supervis:
and managers play a crucial rale fostering a culture of safety, ensuring that protocols are
consistently followed, and that any neaisses or incidents are analyzed for improvement.
Emergency preparedness and response systems are indispensable in automated factories. Automs
enviromments often involve complex machinery that can malfunction unexpectedly, posing risks to
workers. Facilities must have clear evacuation routes, alarm systems, and contingency plans fc
machine failures, fires, chemical spills, or other emergencies. Ititegt intelligent monitoring
systems allows for redime alerts and rapid response, minimizing potential injuries and property
damage. Furthermore, risk assessment and continuous improvement are central to worker safe
management. By conducting thordugazard analyses, identifying higlsk areas, and implementing
corrective measures, factories can systematically reduce the likelihood of accidents. Moderr
industrial facilities often use predictive analytics to anticipate potential failures or unsdfgats,
allowing proactive interventions before incidents occur. Safety audits, regular inspections, anc
performance metrics provide feedback that supports ongoing improvement in both technology an
human practices. The implementation of collaborativietgasystems ensures that humans and
machines can coexist safely. Collaborative robots, for example, are equipped withnidncg
features, vision systems, and-éiiven monitoring to prevent accidental contact with workers. Safety
protocols are integted directly into machine operation, creating a seamless interface between
automation and human oversight. The holistic approach to worker safety in automated environment
recognizes the interconnection between technology, human factors, and organizetiicres.
Safety is not only a matter of compliance but also a critical component of operational efficiency anc
employee wetbeing. Companies that prioritize safety achieve lower accident rates, higher employee

215



satisfaction, and improved productivityhike fostering a culture of accountability, responsibility,
and continuous learning. Modern automated environments increasingly rely on digital monitoring
systems to enhance worker protection. Reaé& tracking of machinery, environmental conditions,
andworker movements allows for immediate detection of unsafe situations. Wearable devices, sucl
as smart helmets, wristbands, or vests, can monitor vital signs, fatigue levels, and exposure t
hazardous substances, alerting both workers and supervisors nttem@ntion is needed. These
wearable technologies also provide valuable data for continuous improvement in workplace safet
and risk management. Predictive safety analytics is another emerging approach that leverages dc
collected from intelligent mach&s and sensors to forecast potential hazards. By analyzing patterns
in machine performance, production loads, and environmental conditions, factories can identify area
with increased risk and take preventative measures before accidents occur. Thigepapactach

shifts safety management from reactive to predictive, significantly reducing workplace injuries and
downtime. Automation also introduces the challenge of humachine interaction, where workers
must remain alert and knowledgeable while opegatllongside highly intelligent devices. Poor
understanding or misuse of automated systems can lead to errors, accidents, or exposure to hazal
Therefore, comprehensive training programs are essential, covering operational procedures
emergency protocolsand best practices for collaboration with robots and automated systems.
Continuous education ensures that employees stap-date with evolving technologies and
maintain a culture of safety. The design of safety zones and workstations in automatéesfact
critical for minimizing accidents. By strategically placing machines, sensors, and barriers, factories
can prevent human workers from entering hazardous areas while still maintaining efficiency in
production. Visual cues, warning lights, and atleidlarms further enhance situational awareness,
alerting workers to potential dangers. In some facilities, virtual safety systems use augmented realit
(AR) to overlay hazard information in real time, guiding workers and preventing risky behavior.
Mainterance and inspection protocols are equally important for ensuring worker safety. Intelligent
machines often require specialized knowledge to maintain and repair, and neglecting prope
procedures can result in malfunctions that threaten human operatorslul8dhenaintenance,
automated diagnostics, and remote monitoring systems ensure that machines operate safely a
consistently. By combining technologlyiven oversight with human expertise, factories can achieve

a balance between efficiency and risk reductOrganizational culture plays a vital role in supporting
worker safety in automated environments. Safety policies must be integrated into every aspect c
operations, from management to sHimor workers. Encouraging open communication about-near
misses hazards, and potential improvements fosters accountability and empowers employees t
participate actively in risk management. Companies that prioritize safety not only comply with legal
requirements but also create a productive and resilient workfavoeker safety in automated
environments is inseparable from overall industrial sustainability and operational excellence. Safe
workplaces lead to fewer interruptions, reduced liability, and increased morale, while promoting the
long-term viability of automated production systems. Integrating advanced safety technologies,
continuous training, and proactive risk management ensures that the benefits of auflomation
efficiency, productivity, and precisiénare fully realized without compromising the wbking of
human operators. Another important aspect of safety management in automated factories is tf
integration of emergency shutdown systems. These systems are designed to immediately he
machinery in the event of a malfunction, fire, or other hazardous comglifpreventing injuries and
minimizing damage. Modern intelligent machines are often equipped with automated shutdown
features that respond in milliseconds to unsafe conditions, ensuring rapid intervention without relying
solely on human reaction. Robosafety cages and barriers are widely used to physically separate
human operators from higisk machinery. These structures prevent accidental contact with moving
parts while still allowing access for maintenance or monitoring when machines are de#ctivate
Safety interlocks further ensure that machines cannot operate unless all protective barriers are
place, creating multiple layers of protection for workers. Collaborative robots have introduced new
safety paradigms, as they are designed to work albmdmimans rather than replace them. These
robots incorporate forekmiting technology, meaning that if a collision with a human occurs, the
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robot stops immediately or reduces force to prevent injury. Combined with vision systems and
proximity sensors, daborative robots provide flexibility in production while maintaining stringent
safety standards. Environmental monitoring systems are also a critical component of risk
management. Intelligent factories often use sensors to continuously measure girtqogeerature,
humidity, and noise levels. Alerts are generated when conditions exceed safe thresholds, allowin
workers to evacuate or adjust processes as needed. This approach not only protects worker health
also supports compliance with occupatiorsafety and environmental regulations. Training
simulations and virtual reality (VR) are increasingly employed to prepare employees for operating in
automated environments. Workers can experience realistic scenarios without exposure to actu
hazards, leaming how to handle emergencies, operate machines correctly, and recognize potentia
risks. Such immersive training enhances safety awareness and improves response times during r
incidents. Safety audits and risk assessments are regularly condudetify potential hazards and
implement corrective measures. Factories adopt standardized protocols such as ISO 45001 to ens|
that occupational health and safety management systems are consistent, measurable, and continuot
improved. Combining audit selts with reaitime data from intelligent machines allows companies

to proactively address safety concerns before they escalate into accidents. Wearable safety devic
are becoming more common, including smart helmets, gloves, and vests that monitotogatia,

vital signs, and exposure to hazardous conditions. These devices can send alerts to supervisors i
worker enters a dangerous zone or shows signs of fatigue or stress. Integration with facton
management systems ensures immediate interveartibenhances overall risk management. Human
factors engineering is another critical consideration. The design of control panels, interfaces, an
workspaces must prioritize usability and minimize cognitive overload. Poorly designed interfaces or
complex praedures can lead to errors and accidents, even in highly automated environments
Ergonomic assessments and huroantered design principles ensure that machines are not only
efficient but also safe for operators to use. Preventive maintenance programencemsafety
measures by reducing the likelihood of equipment malfunctions that could harm workers. Predictive
analytics, powered by Al and loT devices, enables facilities to schedule maintenance precisely whe
needed, preventing breakdowns while avoidiumpecessary downtime. This predictive approach
ensures that machines operate reliably and safely over their entire lifecycle. The combination o
technological safeguards, organizational policies, and worker engagement creates a culture of safe
that is essential for successful automation. When workers are informed, trained, and empowered tc
participate in safety initiatives, automated environments become not only more productive but alsc
more secure and resilient. By addressing mechanical, ergonomicjcaheamd environmental
hazards comprehensively, modern factories can maximize the benefits of intelligent machinery
without compromising worker webeing.

4. ENVIRONMENTAL PROTECTION AND SUSTAINABLE MANUFACTURING
PRACTICES

Environmental protection hasebome a central concern in modern manufacturing, as
industrial activities contribute significantly to pollution, resource depletion, and greenhouse gas
emissions. Sustainable manufacturing practices aim to minimize these impacts while maintaining
productivty, efficiency, and profitability. Intelligent machines and automated systems play a crucial
role in enabling environmentally responsible production by reducing waste, optimizing energy
consumption, and improving material efficiency. Factories equipptdadivanced monitoring and
control systems can track resource usage in real time, identify inefficiencies, and implement
corrective actions to reduce environmental habme of the primary areas where sustainability is
applied is energy management. Modenanufacturing facilities utilize intelligent machines that
optimize energy use, such as variagpeed drives, energgfficient motors, and redime energy
monitoring systems. By analyzing energy consumption patterns, factories can reduce electricity us
during nonpeak periods, minimize standby power losses, and integrate renewable energy source
such as solar, wind, or biogas into their operations. These measures not only reduce greenhouse ¢
emissions but also lower operational costs, creating a stroegtive for sustainable practic¥gaste

217



reduction and recycling are also integral components of sustainable manufacturing. Intelligent
machines equipped with sensors and Al can detect defects or material inconsistencies durin
production, allowing formmediate adjustments and reducing scrap rates. Automated sorting systems
help separate recyclable materials from waste streams, ensuring that valuable resources are reu:
rather than discarded. Closkmbp manufacturing, where materials are continuoustycled back

into production, exemplifies the combination of technology and sustainability in modern factories.
Water and chemical management is another critical aspect of environmental protection. Intelligen
monitoring systems track water usage, ddeaits, and ensure proper treatment of wastewater before
discharge. Automated dosing and containment systems prevent excessive use of chemicals and redk
the risk of contamination in industrial processes. By minimizing water and chemical consumption,
factaries protect local ecosystems and comply with environmental regulatinsquality
management in industrial facilities is facilitated by advanced sensors and filtration systems. Thes
systems monitor emissions, particulates, and volatile orgammgpounds in real time, enabling
factories to implement corrective measures immediately. Process optimization, combined with
emission capture technologies, reduces pollutants released into the environment, contributing t
healthier communities and compl@n with environmental standardSustainable supply chain
management is increasingly important in modern manufacturing. Factories are adopting intelligen
logistics systems that optimize transportation routes, reduce fuel consumption, and lower emissior
associated with material delivery. Using réiahe data and predictive analytics, companies can plan
inventory, minimize waste, and coordinate production schedules efficiently. Sustainability in the
supply chain extends beyond the factory floor, encompagsiaterial sourcing, packaging, and
distribution practicesLife cycle assessment (LCA) tools are used to evaluate the environmental
impact of products from raw material extraction to-efidife disposal. By integrating LCA data into
production planningmanufacturers can select materials and processes that minimize environmental
footprints. Intelligent machines facilitate this approach by enabling precise control over material
usage, energy input, and emissions, supporting the creation of environméigathy products.
Circular economy principles are becoming an essential part of sustainable manufacturing. Factorie
are implementing systems that recover energy from waste streams, recycle materials, and desi
products for durability and recyclabilitintelligent automation supports circular economy strategies
by providing the precision and data needed to close material loops and maximize resource efficienc
Worker engagement in environmental practices is also critical. Employees trained in sustainable
manufacturing principles contribute to reducing resource use, identifying potential improvements,
and ensuring compliance with environmental policies. Automated systems support these efforts b
providing feedback and actionable insights, fostering a reuttéi sustainability within the factory.
Integrating environmental protection with intelligent manufacturing technologies ensures that
modern factories can achieve high efficiency while minimizing ecological impact. Sustainable
practices not only benefihé environment but also enhance corporate reputation, reduce operational
costs, and support lortigrm viability. By combining automation, data analytics, and proactive
environmental management, factories are able to transition toward a model of mamgfdbatris

both productive and responsible, ensuring the-iveithg of the planet and future generatidvisdern
factories employ advanced pollution control technologies to reduce their environmental impact.
These include electrostatic precipitators, sbarb, and catalytic converters that capture harmful
emissions before they are released into the atmosphere. By integrating these systems with intellige
process controls, factories can monitor emission levels in real time and adjust operations to sta
within regulatory limits. Renewable energy integration is another key aspect of sustainable
manufacturing. Solar panels, wind turbines, and biorbased systems can be connected to factory
grids, providing clean energy to power machinery and lighting. igeeit energy management
systems ensure that renewable sources are efficiently utilized, reducing reliance on fossil fuels an
lowering carbon footprintsMaterial efficiency and waste minimization are enhanced through
automation and redgime monitoring. Michines with precise control over cutting, molding, or
assembly processes reduce material waste, while predictive maintenance prevents defects that co
result in scrap products. Manufacturing processes can also be optimized to use alternative or recycl
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materials, further contributing to sustainabili@reen building practices complement environmental
protection efforts within factories. Intelligent heating, ventilation, and air conditioning (HVAC)
systems, combined with energificient lighting and isulation, reduce energy consumption and
improve indoor environmental quality. Smart building systems can adjust lighting, temperature, anc
ventilation based on occupancy and production schedules, further enhancing efficiency anc
sustainability.Digital twin technologies are increasingly used to simulate factory operations and
assess environmental impacts before physical implementation. By modeling energy usage, emissior
and material flows, manufacturers can test different production scenarios and igieatédygies to
minimize environmental harm. This approach allows factories to implement sustainable practices
with precision and foresighSupply chain optimization also plays a critical role in sustainable
manufacturing. By using datdriven logistics, ompanies can reduce transportation distances,
optimize delivery routes, and consolidate shipments, thereby cutting fuel consumption and emission:
Tracking systems provide visibility throughout the supply chain, ensuring that sustainable practices
are maimained from raw material sourcing to product deliveaiater conservation technologies
further support environmental protection. Intelligent water recycling systems, leak detection sensors
and process optimization reduce water usage in cooling, cleasmy,production operations.
Factories can also treat wastewatersiia, ensuring that discharged water meets environmental
standards and can be safely returned to the ecosyStaployee involvement and training remain
essential for sustainable manufaatgri Workers must understand environmental policies, proper
handling of materials, and best practices for energy and resource conservation. Training prograrn
combined with intelligent monitoring systems ensure that employees actively contribute to
sustainaliity goals and adopt environmentally responsible behavidfecycle assessment and eco
design strategies are used to evaluate the environmental impact of products throughout their enti
life cycle. Intelligent machines enable precise control of matesage and production processes,
allowing manufacturers to design products that are ergffgyent, recyclable, and have minimal
ecological footprintsThe integration of smart factory technologies with environmental management
systems creates a holstapproach to sustainability. Factories can monitor, analyze, and improve
operations in real time, balancing productivity with environmental responsibility. By implementing
advanced automation, data analytics, and proactive sustainability measures, marafachieve

not only regulatory compliance but also economic benefits aneténgenvironmental stewardship.

In modern manufacturing, industrial automation plays a key role in reducing environmental impact
by minimizing human error and ensuring precontrol over production processes. Automated
systems can adjust energy usage, control emissions, and optimize material consumption in real tim
leading to significant environmental benefits. Advanced sensors anenkiiled devices
continuously monitofactory conditions, detecting inefficiencies and alerting operators to potential
issues before they escald®mnart energy management systems allow factories to dynamically adjust
energy consumption based on production demand, time of day, and avaitdbifibhewable energy
sources. This adaptive approach reduces energy waste, lowers operational costs, and decreases cal
emissions. Additionally, energy storage technologies, such as batteries and supercapacitors, can st
excess renewable energy forelatise, further enhancing sustainabilitjaste heat recovery systems

are increasingly used to capture and reuse thermal energy generated during manufacturing process
This recovered energy can be redirected to heating, drying, or power generatiortheitfaiaility,
reducing reliance on fossil fuels and improving overall energy efficiency. Similarly, cogeneration
systems enable simultaneous production of electricity and heat from the same energy sourct
maximizing efficiency and reducing environmentapiact.Emission reduction strategies include the
use of advanced filters, catalytic converters, and scrubbers to remove harmful pollutants from ai
streams. By integrating these systems with machine learning algorithms, factories can predic
emission spike and adjust operational parameters to remain within safe limitstiReamnonitoring

of greenhouse gases and particulates ensures compliance with environmental regulations whi
safeguarding worker healt&ircular manufacturing approaches emphasizee¢hse and recycling

of materials within the production cycle. Intelligent machines can sort, process, and reintroduce scra
materials into the production line, reducing raw material consumption and waste generation. Factorie
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adopting circular economy pgiples minimize landfill contributions and lower the environmental
footprint of their operations.Sustainable material selection is another key practice, with
manufacturers opting for renewable, recyclable, or biodegradable materials whenever possible
Advanced manufacturing technologies, such as additive manufacturing (3D printing), allow precise
use of materials, reducing excess waste and lowering energy requirements. Material choices al
influence the product life cycle, facilitating recycling and eowmentally friendly disposal at the

end of useAdvanced water management systems help factories conserve water through recirculatior
treatment, and efficient use in production processes. Waténg devices, leak detection systems,
and automated proces®ntrol ensure that water consumption is minimized without affecting
productivity. Sustainable water management protects local water resources and reduces tf
environmental impact of industrial operationSreen logistics and transportation within the
marufacturing supply chain further contribute to sustainability. Optimized delivery routes, fuel
efficient vehicles, and load consolidation reduce emissions from transportation. Integration of real
time tracking systems and intelligent fleet management enghed material movement is both
efficient and environmentally responsiiamployee engagement in environmental programs ensures
that sustainability is embedded in the organizational culture. Continuous training, awareness
campaigns, and involvement inceinitiatives motivate workers to adopt environmentally friendly
practices in daily operations. Employees can also provide feedback on potential improvements
enhancing the effectiveness of sustainability programs. Integrating environmental management witl
production planning creates a holistic approach to sustainable manufacturing. Factories ca
simultaneously optimize efficiency, minimize resource use, and reduce emissions, demonstrating ths
environmental protection and economic performance are compiamegoals. By combining
intelligent machines, advanced monitoring systems, and sustainable practices, modern factories c
achieve a high level of environmental stewardship while maintaining competitiveness in a global
market. Modern factories are increagy adopting ecdriendly production technologies that
minimize the use of hazardous substances. Sefweatcoatings, watdrased adhesives, and Ron
toxic cleaning agents reduce environmental contamination while maintaining product quality.
Automated dsing systems ensure precise chemical application, preventing overuse and minimizing
waste. Energefficient lighting and HVAC systems contribute significantly to reducing the
environmental footprint of industrial facilities. LED lighting, motion sensarg] smart climate
control systems optimize energy usage according to occupancy and production schedules. Combin:
with intelligent factory management software, these systems providdinneafeedback and
recommendations to reduce energy consumption. @regimaintenance programs not only improve
machine reliability but also contribute to environmental sustainability. By identifying potential
failures before they occur, factories avoid unplanned shutdowns, reduce waste from defective
products, and minime&energy losses from inefficient machinery. 10T sensors aittién analytics

allow continuous monitoring of machine performance and environmental conditions simultaneously.
Additive manufacturing and 3D printing offer further opportunities for sustdityabThese
technologies allow precise material deposition, reducing scrap and waste. Additionally, 3D printing
enables the use of recycled or-bi@sed materials, contributing to a circular economy. By reducing
transport requirements and enabling loaadiproduction, additive manufacturing also lowers carbon
emissions associated with logistics. Automation in material handling reduces the environmenta
impact of production by optimizing the use of conveyors, robotic arms, and automated guided
vehicles. Tlese systems decrease unnecessary movement, reduce energy consumption, and imprc
workplace safety. By carefully coordinating production flows, factories achieve higher efficiency
while minimizing waste and emissions. Air pollution control is enhancedghrthe use of intelligent
filtration and ventilation systems. Factories employ HEPA filters, electrostatic precipitators, and
activated carbon units to remove airborne pollutants and particulatedirReahonitoring systems
detect emission spikes, autatically adjusting processes to maintain compliance and protect worker
health. Green certifications and standards, such as ISO 14001, guide factories in implementin
environmental management systems. These frameworks provide a structured approachnp reduci
environmental impact, monitoring performance, and continuously improving processes. Integration
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of certification requirements into automated control systems ensures compliance while streamlining
production. Water recycling and treatment systems hetprias reuse water multiple times within
production processes. Reverse osmosis, filtration, and biological treatment systems treat wastewat
for reuse, reducing freshwater consumption and environmental discharge. Intelligent control of wate
flows and tratment cycles maximizes efficiency and sustainability. Renewable energy integration is
further enhanced by intelligent energy management systems that balance production demand wi
energy supply. Solar panels, wind turbines, and biomass systems can dieatedrwith factory
operations to ensure optimal use of renewable energy while reducing reliance on fossil fuels. Energ
storage solutions such as batteries or thermal storage help stabilize supply and improve efficienc
Life cycle thinking encourages dtries to evaluate environmental impacts from raw material
sourcing to product disposal. By combining intelligent machines, process analytics, and sustainabl
design principles, manufacturers reduce energy use, waste, and emissions across the entire prod
life cycle. This approach not only meets regulatory requirements but also supports corporate
sustainability goals.

Employee involvement and awareness remain essential in driving sustainable manufacturing
practices. Workers participate in eneggving hitiatives, waste reduction programs, and
environmental monitoring activities. Training programs ensure that employees understand the impac
of their actions on sustainability objectives and are empowered to contribute to improvements
Circular economy priciples are increasingly integrated into manufacturing processes. Factories
design products for reuse, remanufacturing, and recycling, closing material loops. Intelligent sorting
disassembly, and material processing systems ensure that valuable reswaraeszovered
efficiently, reducing environmental impact. Smart factory platforms unify environmental,
operational, and safety management. These systems collect data from multiple sources, analy:
performance, and provide actionable insights to optimieeggnusage, reduce waste, and maintain
environmental compliance. Decisiomaking becomes datdriven, allowing factories to balance
productivity with sustainability. Wast®-energy systems convert residual industrial waste into
electricity or heat, mininzing landfill disposal and reducing fossil fuel consumption. Technologies
such as anaerobic digesters, gasification, and pyrolysis are integrated into modern factories, providir
renewable energy and reducing overall environmental impact. Environmenigmnmgrdashboards
provide operators and managers with #t@ak insights into energy, water, emissions, and waste
metrics. These dashboards enable quick decisiaking and highlight areas for improvement,
ensuring continuous adherence to sustainabibiglyy Advanced process optimization reduces the
environmental impact of manufacturing by minimizing endrggnsive operations, optimizing
resource usage, and reducing scrap. Atrtificial intelligence and machine learning algorithms analyz
production datarecommending adjustments that improve both efficiency and sustainability. Eco
friendly packaging is becoming a standard in sustainable manufacturing. Intelligent machines are
used to design and produce packaging that uses minimal materials, is recyeclabli®ade from
biodegradable substances. This reduces waste and supports corporate environmental initiative
Integration of renewable raw materials, such as gdased polymers and recycled metals, further
decreases the environmental footprint of mantufring. Intelligent production systems ensure
consistent quality and efficient use of these materials, reducing reliance on virgin resources. Suppl
chain transparency and traceability allow factories to monitor the environmental performance of
suppliers and transportation partners. Intelligent tracking systems ensure compliance with
sustainability standards throughout the supply chain, enabling responsible sourcing and reduce
environmental impact. Continuous improvement programs focus on iterative centents in
production, energy efficiency, and waste reduction. Factories leverage performance data
environmental audits, and feedback loops to implement sustainable changes across all processes. T
culture of ongoing improvement ensures that environalgmbtection becomes an integral part of
manufacturing operations. Collaboration with stakeholders, including local communities, regulatory
authorities, and environmental organizations, strengthens sustainable manufacturing efforts
Factories share knowdge, adopt best practices, and align operations with societal expectations for
environmental stewardship. Digital twins of manufacturing systems provide virtual replicas to
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simulate environmental impacts under different scenarios. This technology allasem to test
process changes, predict outcomes, and implement solutions that reduce energy use, waste, &
emissions before making physical adjustments. Integration of artificial intelligence enhances
predictive maintenance, process optimization, anir@mmental monitoring. Al algorithms analyze

vast datasets to identify inefficiencies and recommend actions that improve sustainability metrics. B
anticipating equipment failures and adjusting production parameters, Al reduces resource
consumption and emronmental impact. Benchmarking and performance metrics are used to track
progress toward environmental goals. Key indicators such as energy intensity, water usage per ur
produced, and waste generation rates are monitored and compared against itehdsdrgss to
ensure continuous improvement. Environmental innovation is driven by research and development i
materials, processes, and technologies. Intelligent machines facilitate experimentation with low
impact production methods, renewable materials]y @mergysaving techniques, supporting
sustainable growth in manufacturing industries. GCfasstional integration ensures that
environmental protection is not isolated but embedded into all aspects of manufacturing operations
including production planng, logistics, maintenance, and quality control. This holistic approach
maximizes efficiency while reducing ecological impact.

CONCLUSION.

Environmental protection and sustainable manufacturing practices are essential component
of modern industriabperations. The integration of intelligent machines, automation, and advanced
monitoring systems enables factories to significantly reduce energy consumption, minimize waste
and control emissions, while maintaining high levels of productivity and qutyoptimizing
resource usage, implementing renewable energy solutions, and adopting circular economy principle
manufacturers can lower their ecological footprint and contribute to global sustainability efforts. The
use of smart energy management, wagercling, and pollution control technologies ensures that
industrial processes remain environmentally responsible. Predictive maintenance, proces
optimization, and additive manufacturing further enhance efficiency and reduce resource wastage
Factories hat incorporate lifecycle assessment,-design, and green supply chain practices can
achieve a holistic approach to sustainability, addressing environmental impacts across productior
distribution, and product eraf-life stages. Equally important is th®le of employees and
organizational culture in promoting environmental stewardship. Training, awareness programs, an
active involvement in sustainability initiatives empower workers to contribute to resource efficiency,
safe handling of materials, andheerence to environmental policies. Combined with digital twins,
Al-driven analytics, and redéime environmental monitoring, human engagement ensures that
sustainability is consistently implemented and improved over time. Sustainable manufacturing
practies are not merely regulatory obligations but strategic advantages. They enable companies |
reduce operational costs, comply with environmental standards, enhance corporate reputation, ai
foster longterm resilience. By integrating intelligent technologiyh environmental responsibility,
modern factories can create a balance between economic growth and ecological preservatio
ultimately contributing to the webeing of both society and the planet. The path toward sustainable
manufacturing requires contious innovation, investment in green technologies, and a commitment
to reducing environmental impact at every stage of production. Intelligent and automated factorie:
provide the necessary tools and frameworks to achieve these goals, ensuring thaalindustr
development aligns with the principles of environmental protection, resource efficiency, and long
term sustainability.
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Innovative Mobility (IIMo), Research Team Electromobility and Learning Systems (ELS),
Ingolstadt, Germany).

DEEP LEARNING FOR PARTIAL DI SCHARGE DETECTION IN ELECTRICAL
MACHINES.

Abstract Partial discharge (PD) detection represents a critical quadigsurance step in the
production of automotive traction machines, as insulation defects are a major cause of premature failures.
This studyinvestigates deep learning (DL) approaches for accurate differentiation of PD events from
background noise under surgeltage excitation, outperforming conventional amplittisieshold techniques
widely used in industrial settings. A complete workflowrizposed, including systematic data extraction,
labeling, preprocessing, and extensive augmentation, enabling the identificatiorrarhlgitude PD pulses
with highly reduced signab-noise ratios. Thirteen neural network architectdére®nvolutional, rearrent,
and fully connecteadl are evaluated using multiple tirfieequency input representations such as STFT, CWT,
FFT, and SWT. For each architecture, hyperparameters related to input transformation, network depth, kerne
configuration, and optimization abgithms are tuned to ensure a fair comparison. The results show that a two
dimensional convolutional neural network (ZEINN) combined with continuous wavelet transform achieves
the highest accuracy of 99.76% on previously unseen stator measurementorbbhamely detectable PD
pulses, the best model reaches a detection rate of approximately 95%, while all DL models significantly
outperform traditional thresholtbased PD classifiers. The presented framework demonstrates strong
generalization and robustnesgross stator types, insulation levels, antenna systems, and varying noise
conditions, highlighting its suitability for integration into industrial production lines.

Keywords:partial discharges; deep learning; data augmentation; convolutional neustlorks;
time frequency transforms; surge testing; sigt@noise ratio; electrical machines.
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1. Introduction

The reliability of insulation systems within traction electric motors proves critical for
operational longevity. Partial discharges, triggered by microscopic imperfections, accelerate
deterioration and result in stator ifu@ctions. Manufacturing processes extensively utilize impulse
voltage testing procedures; however, conventional thredyasdd analysis techniques frequently fail
to distinguish weak PD signals from background interference. Consequently, neural network
methodologies, capable of automatically extracting signal characteristics, demonstrate substanti:
promise for enhancing accuracy and minimizing false rejection rates.

2. Experimental Configuration and Measurement Equipment

The investigation employs thrgdase hairpin stators (12 specimens) with varying insulation
specifications. Impulse voltage generation utilizes an ST3810 device with 10 nF capacitance. PL
signals are captured using broadband UHF antennas-tymerand logperiodic configurations),
suppemented by higtirequency filtering components. Data acquisition employs abitl2
oscilloscope operating at 10 GHz sampling frequency. Procedures conform to DIN IEC/TS 61934
specifications. The standardized approach ensuresghiglity foundations for nehine learning
applications.

3. Signal Processing and Dataset Formation

3.1. Signal Conditioning

1 Elimination of clipped waveforms

T Chebyshev IIR higipass filtering (>200 MHz)

1 Normalization to noise floor levels

1 Generation of pure noise segments prececimuises

3.2. PD Event Detection and Extraction

PD occurrences are identified using SNR > 4 criteria. For each event, windows are createc
with randomized temporal shifts, enhancing model robustness.

3.3. Data Augmentation

Weak PD signals are scaled to vasoSNR levels (0i9}) and superimposed onto noise
segments. This substantially improves network capability for recognizing minimal discharge events.

3.4. TimeFrequency Representations

FFT, STFT, CWT, and SWT transformations are utilized, increasingfimnation content
of input features.

4. Neural Network Topologies

Thirteen configurations were evaluated:
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1 CNN (1D/2D variants)

1 RNN (LSTM, BILSTM, GRU implementations)

1 FCNN (fully-connected architectures)
For each topology, optimization included: batdimensions, optimization algorithms

(SGDM, ADAM), layer depth, and filter configurations.

5. Findings
5.1. Model Comparison

1 Superior performanc&D-CNN + CWTY 99.76% accuracy

1 High effectiveness also observed in GRU, BIiLSTM, andQIN variants

1 FFT-baseca ppr oaches showed somewhat r ed:!
selection proves significant
5.2. Weak PD Recognition

1 With augmentationapproaching 95% TPRt S NRa 1

1 Without augmentation: models cannot reliably identify weak discharges
5.3. Advantages Over Téshold Methods

q Neural network models achieve TPR > 99.5% and FPR < 0.14%

1 Traditional threshold approaches significantly underperform at diminished
SNR levels
6. Discussion
Neural network methodologies demonstrate generalization capabilities for noued siad

diverse interference conditions. Primary advantages include:

1 Robust noise immunity

q Automatic feature extraction

1 Scalability potential

1 Suitability for reaitime manufacturing line integration

7. Conclusions

The 2DCNN model combined with CWTelivers optimal accuracy and identifies PD
phenomena even at noileor levels. Neural network approaches substantially outperform
traditional methodologies and represent a promising solution for industrial quality control of traction
electric motors.
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Abstract The artick presents the results of a study on the capabilities of the YOLO machine learning
model for recognizing realorld objects in images. The key features of the YOLO architecture that ensure
high speed and accuracy in retine operation are highlighted. Spel attention is paid to the use of the
Google Colab environment as a tool for training and testing machine learning models without the need for
local computing resources. The methodology for installing the required libraries, preparing the data, and
launching the object detection process using atppged YOLOvV8 model is described. The results of testing
the model on example images uploaded to the Google Colab project are demonstrated. The obtaine
experi ment al dat a c¢onf ifyranvide range omabjdotsladdprovide liglality y  t
classification even under challenging conditions. The discussed approaches can be applied in the developme
of computer vision systems for mobile applications, robotics, video surveillance systemthesrareas
requiring reaktime visual information processing.

Keywords:machine learning model, YOLO, Google Colab, computer vision, object detection, Python.
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Abstract The paper presents the results of a study on the cold plastic deformation (CPD) of flange
parts made of AISI 30gtainless sheet steel within a thickness range 66105mm. The forming process of
such components is highly sensitive to deformation parameters, material properties, local stress fields, an
strain-rate conditions, which necessitates the developmeateifable mathematical model. The aim of the
work is to construct a digital twin of the CPD process allowing prediction of deformation parameters, defect
formation, and final product quality. A constitutive elastoplastic model of AISI 304 with-saedaning
parameters is proposed, and an FEM model integrated with experimental DIC data is developed. The
simulation results reveal critical instability regimes, conditions for edge waviness formation, and factors
affecting thickness nemniformity. The optifzation framework enabled reduction of thickness variation from
9.1% to 4.7%. Technological recommendations concerning stadén selection, friction coefficient,
lubrication modes, and methods for reducing strain hardening are formulated. The devetoigbdan serve
as a basis for improving industrial manufacturing of flange components and advancing a comprehensive
digital twin of the CPD operation.

Keywords: cold plastic deformation, flange components, AISI 304, digital twin, FEM, DIC,
optimization.
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Abstract The paper presents the development of a nengadorkbased decision suppiasystem for
forming racing strategies in the Formula 1 series. Key factors influencing strategic effectiveness are analyzed
including tire wear and degradation, circuit configuration, driver behavior, ambient temperature, and track
surface characteristee Based on these factors, an initial feature space of 18 independent variables was
formed. Principal Component Analysis was applied to identify the most relevant attributes and reduce
dimensionality, thereby improving prediction performance. The propystedm architecture consists of four
modules, each implemented as a multilayer feedforward artificial neural network responsible for predicting
the tire compound to be used at a corresponding stage of the race strategy. Optimal network configuration:
were determined using robust optimization methods (AdaMax) and the Huber loss function. The resulting
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system achieved a mean squared error of 0.1 on the test set, indicating high generalization capability and th
ability to produce strategy recommendations eltisreal decisions made by Formula 1 teams. The developed
approach demonstrates that the neunatworkbased system can significantly reduce decisiaking time
and improve the effectiveness of racing strategy formation.

Keywords:car racing, racing stategy, tire wear, artificial neural network, neunaétwork system.
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Abstract The article examines the application of artificial intelligence (Al) in modern control systems
across various sectors. It analyzes the capabilities of machine learning algorithms and neural networks in
automating analytical processes, detectargomalies, improving risk assessment accuracy, and enhancing
decisionmaking efficiency. The study highlights the use of Al in finance, public administration, industry,
environmental monitoring, healthcare, and social services. Particular attentionds ¢ivfraud detection,
public procurement monitoring, equipment failure prediction, environmental assessment, and resource
optimization. Key implementation challenges are summarized, including legal regulation, ethical risks, data
quality, system integrain, and technical requirements. The prospects for developing intelligent control
systems in Ukraine are outlined, especially through the integration of Al with the Internet of Things, self
learning algorithms, and hybrid decisionaking models. The articldemonstrates that the widespread
adoption of Al contributes to greater efficiency, transparency, and security in control processes, enabling
timely responses to deviations and improved resource management in complex and dynamic environments.

Keywords artificial intelligence; control systems; machine learning; governance; monitoring; risks;
intelligent systems.
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Abstract. This paper presents a comprehensive methodology for constructing artificial neural
networks (ANNs) aimed at predicting the physicomechanical properties of superhard materials using the
AFLOW materials database. The datagets systematically preprocessed, including cleaning, removal of
correlated and derivative features, structural parameter transformation, and normalization. Particular
attention was given to eliminating redundant attributes that could lead to informatdiade and reduce
model accuracy. Four independent ANN models were developed to predict bulk modulus, shear modulu:

Young6s modul us, and Poissonbés ratio. The net wot
error (MSE) loss function, and a &layer architecture. Model performance was evaluated using MAE, RMSE,
and R] metrics. It was demonstrated that direc

relationships between mechanical parameters in most cases. Comparison with egtgrgh shows that
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the proposed approach achieves notably improved accuracy for several mechanical properties. The tes
dataset confirmed the stability of the models and the absence of overfitting. The methodology developed here
can be applied to accelate the discovery and assessment of prospective superhard materials within large
computational databases.

Keywords:artificial neural networks, property prediction, AFLOW, superhard materials, mechanical
properties, Poi ssonb6s ratio.
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