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Y Marepianax koHpepeHIlii HaBeICHO JOTOBI I 32 HAMpSIMaMu: aBTOMAaTH3aIlis
OpoIEeCciB  KEpPYBaHHS  TEXHOJOTIYHMMHM  TIpOlecaMH  Ta  KOMIUIEKCaMH,
IHTEJNEKTyaJ bHI CHCTEMH KEpyBaHHA Ta aHajidy [JaHUX, I1HTErpoBaHe
aBTOMAaTH30BaHE KEpyBaHHS oprasi3aniiHO-TeXHIYHUMHU CUCTEMAaMH,
iH(pOpMaIIiifHI CUCTEMH KepyBaHHS y BHPOOHHWITBI Ta OCBITI. BumanHs MicTHTBH
nporpamy 1 marepianu Mi>KHApOJHOT HAYKOBO-TEXHIYHOT KOH(EPEHIIii.

Martepianu koHpepeHIIii Oy yTh KOPUCHI HAYKOBUM Ta 1H)KEHEPHO-TEXHIUHUM
npaimiBHUKaM, BHUPOOHMYHWKAM, TOTEHLIMHUM 1HBECTOpaM, CTYACHTaM BHIIUX
3aKJIaJiB OCBITM Ta BCIM, XTO TIOB’S3aHHM 3 XapyOBOIO MPOMHUCIIOBICTIO Ta
aBTOMAaTHU3ALIELO.
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of Classical Algorithms and Deep Learning
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The rapid evolution of automation and intelligent systems has created a strong
need for advanced control methods capable of operating reliably in complex,
dynamic and uncertain environments. Hybrid control models that combine classical
control algorithms with deep learning techniques have emerged as a powerful
solution for achieving high levels of adaptability, precision and robustness. By
uniting the mathematical rigor and stability guarantees of traditional control theory
with the representational power and learning capabilities of deep neural networks,
hybrid models provide a flexible and scalable framework for solving challenges that
cannot be addressed effectively by either approach alone.

Classical control methods, such as PID control, state-space modeling and
optimal control theory, offer well-established tools for system stabilization, tracking
and regulation. These methods are grounded in analytical principles and provide
predictable behavior under clearly defined conditions. However, their effectiveness is
often limited when dealing with highly nonlinear processes, variable system
parameters or environments with incomplete information. Deep learning, by contrast,
excels in capturing nonlinear relationships, learning complex mappings from data and
adapting to new operational conditions through continuous training. Yet, purely data-
driven models may lack stability guarantees and can struggle in safety-critical
scenarios without additional constraints. Hybrid control models integrate these
complementary strengths. Neural networks can be used to estimate unknown system
parameters, model nonlinear dynamics, generate adaptive control signals or enhance
observer performance. Classical algorithms then enforce stability, safety and
interpretability by ensuring that learned components operate within predefined
constraints. This combination results in control systems that not only adapt to
changing environments but also maintain rigorous performance standards.

One of the most promising applications of hybrid models is in robotics, where
deep learning supports perception, motion planning and behavior prediction, while
classical control ensures precise execution and safety. In manufacturing, hybrid
approaches enable real-time optimization of production processes by learning from
sensor data while adhering to deterministic control laws. Similarly, in autonomous
vehicles, deep learning modules interpret complex sensory inputs, whereas classical
controllers manage low-level dynamics to guarantee stable and predictable operation.

As computational capabilities expand and more high-quality operational data
becomes available, hybrid control models will continue to evolve, becoming integral
components of next-generation intelligent infrastructures. Their ability to merge
theoretical rigor with learning-driven adaptability positions them as a foundational
technology for advanced automation, autonomous systems and smart industrial
environments.
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