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HYBRID FOURIER NEURAL OPERATOR BASED  
FRAMEWORK FOR ADAPTIVE CONTINUOUS CONTROL 

Hybrid adaptive control methods are of high scientific interest 

and industrial urgency due to their ability to address the weakness-

es of both model-driven and data-driven controllers, as the former 

are reliable and predictable, but rigid and often suboptimal, while 

the latter provide eventual optimality guarantees given enough time 

and exploration, but are effectively unapplicable to systems with a 

high cost of operation and failure. Thus, this work aims to develop 

and evaluate a hybrid framework for building reinforcement-

learning-based adaptive controllers that leverages the unique prop-

erties of Fourier Neural Operators (FNOs) to achieve higher accu-

racy and reliability in control systems. To achieve this, we propose 

an architecture of a TD3-based agent that uses pretrained FNO as a 

world model. The framework includes training the FNO network 

on historical data, pretraining the agent on the obtained environ-

ment surrogate, adjusting the world model in real time based on 

new observations, and dynamically balancing between Dreamer-

like planning and Q-network estimates depending on how well the 

world model can predict the system's response to the agent's ac-

tions. The effectiveness of the method was evaluated on the simu-

lation of a baker’s yeast fermenter. Experimental results show that 

the proposed method significantly outperforms popular algorithms 

such as SAC, TD3, and TD3+CQL, as well as a pure FNO-based 

controller: the agent successfully reaches the target biomass con-
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centration without risky exploration of the environment and 

demonstrates the ability to overcome model-reality mismatches, 

which proves its effectiveness and great potential. The practical 

value of this work lies in developing a method that enables the cre-

ation of reliable adaptive controllers for complex nonlinear pro-

cesses with a high cost of failure, which do not require analytical 

models and can continually adjust themselves to real conditions, 

given the availability of historical data. 

Key words: adaptive control, hybrid reinforcement learning, 
neural operators, data-driven modeling, offline-to-online, pretrain-
ing, continuous control, machine learning, bioreactor. 

Introduction. Despite the popularity of reinforcement learning (RL) 
and many cases of its successful application to various control tasks, most of 
the large-scale industrial autonomous control systems are still implemented 
using traditional methods such as proportional integral derivative (PID) con-
trollers or model predictive control (MPC). Such model-driven control 
methods allow for the utilization of prior knowledge and provide stable, 
reliable, and predictable operation. However, their drawback is rigidity – if 
there is a considerable model-reality mismatch, the control is guaranteed to 
be suboptimal, and the only way to address this issue is to redesign the mod-
el, which may be costly and require great expertise. On the other hand, data-
driven methods allow for continuous adaptation by learning directly from 
empirical observations, so the policy will always be aligned with the actual 
environment and converge to the optimal control given enough time and 
exploration. However, many issues arise, namely, the fundamental explora-
tion/exploitation trade-off, sample inefficiency, learning instability, poor 
generalization, catastrophic forgetting, overestimation of return, etc. This 
renders them inapplicable to environments with a high cost of operation and 
failure. To address limitations of both model-driven and data-driven control-
lers, hybrid methods are actively being researched, as properly balancing the 
two would allow for effective and reliable adaptive control.  

Recent invention of Neural Operators, with the Fourier Neural Oper-
ator being one of the most popular, is reshaping the field of machine learn-
ing by providing a powerful tool for obtaining high-quality surrogates of 
complex continuous systems purely from data, that are also computational-
ly efficient and fully differentiable. They already make it possible to 
achieve enormous speedups on massive scientific simulations, effectively 
solve optimal transport problems, and predict the evolution of highly com-
plex systems in fluid dynamics, plasma physics, etc. Thus, this study aims 
to design a novel multistage framework for building hybrid reinforcement-
learning-based adaptive controllers that fully leverage the advantages of 
Fourier Neural Operators, moving us closer to easily implementable, ef-
fective control of arbitrary systems of any complexity. 
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Related work. 

Fourier Neural Operator. Neural Operator [1] is a novel neural network 

architecture using special differentiable transforms to project data into func-

tional spaces (e.g., Banach space, frequency domain, space of wavelets, etc.), 

which allows for advanced interactions between input variables to be learned. 

This made them highly effective for many tasks, like accelerating scientific 

simulations [2-3], optimal transport [4], weather prediction [5], and many 

more. Fourier Neural Operator (FNO) [6] was found especially useful for 

learning solutions to Partial Differential Equation (PDE) systems, resulting in 

fully data-driven and highly efficient (for massive simulations, they can be 

100-1000000 times faster than traditional solvers) target system surrogates that 

allow direct backpropagation and super-resolution [7]. Such properties make 

FNO a compelling method in the context of growing interest towards data-

driven approximations of real-world systems. 

When compared to other popular data-driven modelling methods, 

like SINDy [8], OpInf [9], and their modifications, which are interpretable 

and easier to use, training an accurate FNO has all the inherent complexi-

ties of neural networks and may not be the best choice for all cases. How-

ever, their flexibility and differentiability make them a great foundation 

for the model-based reinforcement learning because: 

 Differentiable imaginary rollouts can be performed to allow Dreamer-

like backpropagation through time for farsighted planning and compu-

tation of more accurate gradients. 

 Since FNO predicts the next state of the system, we can generate syn-

thetic data using it as an environment substitute or even pretrain con-

trollers on it directly. 

 By measuring prediction errors at every timestep, we can naturally 

detect data-drift and adjust the rollout horizon accordingly to prevent 

error amplification, choose safer actions, notify staff, etc. 

 Continual learning methods can be applied to update the FNO-network 

on the fly to minimize the next state prediction error, as new evidence 

arrives, forming an Active-Inference-like mechanism of the world 

model refinement. 

Apart from that, FNO is a great tool for modelling systems with pri-

marily slow dynamics, like fermentation and other large-scale bioprocess-

es, as it has an embedded low-pass filter allowing it to capture the guiding 

rules of the environment while ignoring the measurement noise and small 

random disturbances. 

The potential applicability and effectiveness of FNO in adaptive con-

trol systems are actively being researched. In [10] Dutta et al present an 

FNO-based encoder for model-free visual reinforcement learning that pro-
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vides a considerable performance gain over traditional CNN encoders and 

validates this approach across popular benchmarks. Bhan et al [11] devel-

oped an adaptive control scheme augmented with neural operators that 

demonstrated 98% faster control with high accuracy in 2 non-linear feed-

back control systems while preserving the closed-loop stability guarantees. 

Lin et al [12] developed a data-driven Runge-Kutta scheme for DeepONet 

that allows for medium/long-term system response prediction and validat-

ed it on a set of controlled PDE-driven systems, including Cart Pole. Fou-

rier Q Operator Network (FQON) architecture, implemented in [13] and 

successfully validated in an industrial setting, learns direct mapping be-

tween expected state function and Q-function to efficiently achieve implic-

it discretization-invariant Q-value estimates. Additionally, a well-trained 

FNO network can also be used outside of the controlling algorithm for 

offline pretraining or augmentation of the RL agent’s replay buffer with 

synthetic data in real time, as it is a full-fledged environment surrogate. 

Hybrid Reinforcement Learning. Many methods for combining mod-

el-free and model-based control exist, each having its strengths and weak-

nesses. Apart from well-established general approaches to utilizing world 

models, like 3 generations of Dreamer [14], learning-based MPC [15], mod-

el-based value expansion [16] and other [17], more specific methods are 

developed to take advantage of certain features of a concrete control objec-

tive. For example, in [18] authors implement and validate a hybrid Dyna-

style controller combining SINDy with TD3 to greatly reduce the explora-

tion needs of the latter in environments with dynamics decomposable into a 

set of interacting mathematical functions. This is achieved by building an 

approximation of the target system with SINDy and using it to augment the 

agent’s memory replay buffer with synthetic data. The dynamics model is 

first trained in an offline manner, and, if needed, adjusted on the fly based 

on online observations. Another powerful method is ROL [19], which builds 

on a residual learning framework by utilizing an offline-trained DeepONet 

(also a neural operator) to capture the general system’s dynamics and select 

the best action, while an online TD3 agent learns to mitigate the mismatches 

between the real system and its model. Some works take inspiration from 

nature, mimicking the way humans arbitrate between fast, reflexive model-

free and slow, thoughtful model-based decision-making [20], such as [21], 

that describes value-of-information-based arbitration, which utilizes model-

based planning in situations of uncertainty, otherwise sticking to regular Q-

learning. It has been demonstrated that, given the policies arbitrated between 

are diverse enough, significant performance improvements can be achieved 

in the continual learning setting [22]. 

In the proposed framework, we incorporate successful ideas de-

scribed above by also utilizing model-based (FNO) and model-free (TD3) 
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branches, which are trained simultaneously, and arbitrating between them 

based on the world model’s ability to correctly predict the next state. 

When the world model is accurate, more weight is given to farsighted 

planning via the Dreamer-like imaginary environment rollouts, but when 

FNO struggles to predict the next state, indicating a data drift, a regular 

TD3 Critic comes into play as a fallback, until FNO captures new dynam-

ics. In comparison with SINDy-TD3, using FNO allows for more natural 

integration of the world model into an agent (backpropagation through 

time and environment vs replay buffer extension) and immediate high-

quality control, as FNO is also used for pretraining, while, in contrast with 

ROL, we actually handle the model-reality mismatch with new observa-

tions becoming available by means of continual learning. 

Proposed Approach. The overall agent’s architecture is based on 

Twin Delayed Deep Deterministic Policy Gradient (TD3) [23] augmented 

with an FNO network, and consists of such components: Actor network 

: S A  , selecting an action based on the observation, two Critic net-

works  : ,   1, 2
i

Q S A i    , evaluating the decision of the Actor, and 

a World network :W S A S  , predicting the next state of the system 

1ts   based on h  recent observations 1,t h t h ts s s     and the action 

taken ta . Original TD3 Actor’s loss is augmented with a backpropagation-

through-time loss term BTT  weighted by the trust parameter  0,1  as 

shown in (1). 

    1 ,  BTTQ s a        . (1) 

BTT  is calculated by computing the cumulative reward over a Dreamer-

like imaginary environment rollout of length K  using the heuristic reward 

function :r S   and weighting each result by the decay coefficient  . 

If we denote the prediction of W  at the k -th rollout as 

 1 1ˆ ˆ , ˆk k ks W s a  , with  ˆ ˆk ka s ,  0â s , and 0̂s s , the calcula-

tion of BTT  can be represented as (2). 

    
1

ˆ
K

k
BTT k

k

r s r s


   . (2) 

Total mechanism of Actor gradient computation is illustrated in 

Fig.1. 

Such a combined loss will make the Actor maximize both the  

Q-value, which would likely be localized to a current region of the state 

space (performance based on empirical data), and the imaginary loss in-

corporating the general rules of the system (model-based performance).  
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Fig. 1. Hybrid Actor-network update mechanism 

As World-network W  was trained to predict state transitions, we can de-

tect data drifts in real time by comparing the predicted state  1 1ˆ ,t t ts W s a   

with the observed state ts  at every timestep. If the prediction error is high, we 

lower the trust parameter   making the agent favor the model-free branch 

more and vice versa, as shown in (3), avoiding the excessive error amplifica-
tion and giving time for W  to capture the unknown mechanics. 

    max ,0
1      

t

t min max min e


   
 

     , (3) 

where 
 
2

EMA

ˆt t
t

s s
 , is a world model prediction error normalized by the 

exponential moving average of the error magnitude , max   and min    are 

maximum and minimum values the trust parameter   can take (we used 

max 0.99   and min 0.01  ), and   is a hyperparameter determining 

the sensitivity of   to the prediction error 2ˆt ts s . 

Before integrating the agent of such complexity into the system of in-
terest, we warm it up by pretraining it for several epochs on a copy of W , 

using the reward function r  to compute the value of every state 1ts  . 

Experimental setup. Industrial baker’s yeast fermentation process 
was chosen as a control objective for this study as it possesses several 
properties making both purely model-driven and data-driven methods 
suboptimal, namely high complexity (making precise analytical models 
hard to build, while RL-based methods often struggle to learn a good poli-
cy due to the non-linearity, stochasticity, etc.), delayed response (an effect 
of change in feed rate at the current timestep may only become noticeable 
many hours later, making it quite hard for an RL-based controller to asso-
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ciate the action taken with the specific outcome and differentiate it from 
outcomes of all other decisions made during that period), variability and 
non-stationarity (each bioreactor is different, the course of fermentation 
process varies even within the same device from batch to batch, and many 
hard-to-predict factors such as byproduct accumulation or sediment 
buildup on sensors may negatively affect the applicability of the model), 
high operation and failure cost (it is economically infeasible to perform 
hundreds or thousands of training episodes with real fermenters just for the 
agent to explore the environment repeatedly failing the yield), slow opera-
tion (a single batch may take a week to complete, so even if running 1000 
batches was possible, it would take 27 years to train the agent) and so on. 

For experiments, we have chosen a simulation based on the analytical 
model of baker yeast fermentation process (5) used by Pandian et al. in [24], 
as it is based on the Monod equation of growth of microorganisms with strong 
empirical support, and, despite its simplicity, it produces a non-linear dynam-
ics with delayed responses. The meaning, domain and initial values of varia-
bles and parameters of the simulation are given in Table 1. 

 1
1 4 1

dx
r u x

dt
    , 

  2 1
1 2 2

3

dx rx
u u x

dt 
     , (5) 

1 2

2 2

x
r

x







. 

A small noise  0,  was added to each state variable 1,2x  to 

better reflect real conditions with unavoidable deviations and measurement 

errors, where  ,   is a normal distribution with a mean of   and the 

standard deviation of  . 

Table 1 

Parameters of the bioreactor simulation 

Symbol Meaning Value 

1x  Biomass concentration ( /g l ) 7.0 (initial) 

2x  Substrate concentration ( /g l ) 0.1 (initial) 

1u  Dilution factor (
1
 h


) 0.1 

2u  Substrate in the feed ( /g l ) action,  2 5, 35u   

1..4  Other process parameters 0.31, 0.18, 0.55, 0.05  

*

1x  Desired biomass concentration ( /g l ) 10.0 

  Observation noise standard deviation ( /g l ) 0.05 
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The dataset representing historical observations was generated by run-

ning the environment 100 times for 1000 timesteps with a random control 

policy – choosing random action from the action space at every timestep. 

Results and discussion. The proposed method’s performance was 

compared against SAC [25] serving as a model-free baseline, original 

TD3 [23] as an ablation study, CQL [26] as a popular technique for offline 

pretraining (in this case, of TD3), and a pure FNO-based controller to as-

sess the ability to adapt to model-reality mismatch. All agents were run for 

1000 timesteps of a single episode (to imitate the deployment to a real 

system). Dynamics of biomass concentration and actions taken (Fig. 2), as 

well as rewards and a slice of a learned policy across a fixed 2 0.5x   at 

the last timestep (Fig. 3), were recorded for each agent. The sum, mean, 

and time-weighted cumulative errors are listed in Table 2.  

Without extra tricks like reward engineering, TD3 was repeatedly 

failing to converge with all tried hyperparameters (even after 100 epi-

sodes) due to vanishing gradients that forced the policy to be stuck at the 

maximum possible action, which is beneficial at the beginning, but harm-

ful as biomass concentration grows. Preinitialized networks obtained via 

offline pretraining with the CQL algorithm allowed TD3 to eventually 

converge in 20 episodes, but this wasn’t without being stuck at the maxi-

mum action again for most of the evaluation episode. This is explained by 

CQL not being able to produce such initialization of a Critic network that 

successfully handles states not seen in historical observations, forcing TD3 

to explore the state space and get stuck. SAC was able to promptly figure 

out the rules of the environment and drive the system towards the desired 

state; however, both the control and eventual policy were far from safe and 

stable, as seen in Figures 2 & 3. Only our approach and pure FNO-

controller were able to quickly reach the target biomass concentration of 

10 g/l and reliably maintain it for the evaluation period. Our method man-

aged to improve a pure FNO-based performance. 

Experiment results demonstrate several advantages of our framework 

over other evaluated methods. Pretraining allows for decreasing exploration 

needs and performing safer and more efficient control from the very start. 

Table 2 

Rewards of agents (less is better) across 1000 timesteps of operation 

Metric Ours FNO SAC TD3 TD3 + CQL 

Sum -6.898 -7.513 -107.684 -2746.430 -2744.666 

MAE 0.007 0.008 0.108 2.746 2.745 

MSE 0.011 0.011 0.027 7.581 7.571 

ITAE 365.694 673.979 51380.29 1384132.19 1383277.00 

ITSE 6.854 7.504 8101.893 3835702.43 3830966.06 
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Using data-driven modeling instead of plain model-free pretraining al-
lows for a greater amount of available knowledge to be captured, as simula-
tions can accurately extrapolate to small regions around known data points, 
which is especially beneficial in the context of bioprocess control, where the 
system’s state primarily changes slowly, making it easily decomposable into 
low-frequency dynamics with greater regions of accurate extrapolation. Of 
course, this puts additional requirements on the well-trainedness of FNO, as 
every error is amplified during pretraining, but, again, operating in low fre-
quencies helps to mitigate the noise and small random disturbances, which 
makes FNO a great choice for similar systems. Incorporating the Dreamer-like 
imaginary rollouts made it possible to overcome the vanishing gradients issue 
observed in pure TD3, helping it to converge to a good initial policy. The 
method also showed the ability to improve with more observations. 

 
Fig. 2. Visualization of biomass dynamics (left) and actions taken  

by the adaptive controller at each timestep (right) 

 
Fig. 3. Visualization of reward dynamics (left) and agents’ control policies  

at 1000-th timestep for varying 
1x  and fixed 

2 0.5x   (right) 



ISSN 2308-5916. Mathematical and computer modelling.  
Series: Technical sciences. 2026. Issue 29. P. 95-107.  

104 

However, several issues were also observed. Computational com-

plexity and the speed of weight update increased dramatically due to imag-

inary rollouts. FNOs were shown to be faster than numerical solvers for 

big simulations, but on small scales, the time to compute several forward 

passes may render the method unapplicable for environments requiring 

immediate decisions. Also, the arbitration mechanism, where the agent 

alternates between model-based and model-free branches during policy 

updates based on  , was found to be less stable than expected: sometimes 

model-free-favoring updates temporarily decreased the agent’s perfor-

mance, which suggests that a more stable method of combining model-

based and model-free branches needs to be developed. Apart from that, the 

evaluation environment was fully observable, creating a need for addition-

al experiments in partially observable settings. 

Conclusions. This paper designs a novel multistage method aiming to 

fully utilize all benefits of FNO in the context of RL-based adaptive continu-

ous control such as ability to construct an accurate system surrogate from his-

torical observations (especially effective for PDE-based systems with slow 

dynamics due to the built-in low-pass filter), perform differentiable Dreamer-

like environment rollouts to aid the convergence to a good policy, detect data-

drifts by evaluating the prediction error and take actions to mitigate the error 

amplification, continually update the world model with new evidence in an 

Active Inference fashion, which in combination produces a solid framework 

for implementing a safe and reliable adaptive control. The approach was eval-

uated against popular algorithms, showing a significant advantage both in 

safety and accuracy of the control. Also, current limitations of the approach 

were discussed and will be addressed in future work. 
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ГІБРИДНИЙ ФРЕЙМВОРК ДЛЯ АДАПТИВНОГО 
НЕПЕРЕРВНОГО КОНТРОЛЮ НА БАЗІ  

НЕЙРОННИХ ОПЕРАТОРІВ ФУР’Є 

На методи гібридного адаптивного контролю спрямований неаби-

який науковий та промисловий інтерес через їх потенційну можли-

вість поєднати в собі сильні сторони методів контролю на базі аналі-

тичних моделей (model-driven) та емпіричних даних (data-driven), пе-

рші з яких надійні та передбачувані, але повністю позбавлені адапти-

вності, а останні гарантують оптимальний контроль, але через суттєві 

обмеження є фактично незастосовними у реальних виробничих умо-

вах з високими ризиками і вимогами до якості. Метою цієї роботи є 

розробка та апробація гібридного фреймворку для побудови адаптив-

них контролерів на базі навчання з підкріпленням, який використовує 

особливості нейронних операторів Фур’є (FNO) для забезпечення ви-

щої точності і надійності системи керування. Для досягнення цієї ме-
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ти запропоновано архітектуру агенту, що базується на алгоритмі TD3 

та використовує FNO у ролі моделі світу. Фреймворк включає трену-

вання FNO-мережі на історичних даних, попереднє навчання агенту 

на отриманому сурогаті середовища, оновлення моделі світу на базі 

нових спостережень у реальному часі та динамічне балансування між 

Dreamer-подібним плануванням та оцінками Q-мереж в залежності від 

того, наскільки добре модель світу здатна передбачати реакцію сис-

теми на дії агенту. Ефективність методу оцінено на симуляції проми-

слового процесу ферментації хлібопекарських дріжджів. Результати 

експериментів демонструють, що запропонований метод значно пере-

вершує поширені алгоритми SAC, TD3 та TD3+CQL, а також чистий 

FNO-контролер: агент успішно досягає цільової концентрації біомаси 

без ризикованого дослідження середовища та демонструє здатність 

долати невідповідність моделі реальності. Практична цінність роботи 

полягає у розробці методу, за допомогою якого за наявності історич-

них даних можливо створювати надійні адаптивні контролери для 

складних нелінійних процесів з високою вартістю помилки, що не 

вимагають аналітичних моделей, та здатні самостійно підлаштовува-

тися під реальні умови. 

Ключові слова: адаптивний контроль, гібридне навчання з підк-

ріпленням, нейронні оператори, моделювання на базі даних, офлайн-

онлайн навчання, претренування, неперервний контроль, машинне на-

вчання, біореактор. 

 


	Биков В. О.
	ORCID: 0009-0008-6080-869X, аспірант, Національний університет водного  господарства та природокористування, м. Рівне, Україна, E-mail: v.o.bykov@nuwm.edu.ua
	Жуковська Н. А.
	ORCID: 0000-0001-7839-0684, канд. техн. наук, Національний університет водного  господарства та природокористування, м. Рівне, Україна, E-mail: n.a.zhukovska@nuwm.edu.ua
	АНАЛІЗ МЕТОДІВ MPM/APIC ТА SPH ДЛЯ ІМПЛЕМЕНТАЦІЇ ФІЗИЧНОЇ МОДЕЛІ В ІГРОВИЙ РУШІЙ ДЛЯ КОМП’ЮТЕРНОЇ СИМУЛЯЦІЇ НАПРУЖЕНО-ДЕФОРМОВАНОГО  СТАНУ ПОРИСТИХ СЕРЕДОВИЩ
	Ключові слова: комп'ютерне моделювання, ігрові рушії, пористі середовища, Unreal Engine, симуляція, метод матеріальної точки, метод частинок в комірках, гідродинаміка згладжених частинок.
	Список використаних джерел:
	References:
	ANALYSIS OF THE MPM/APIC AND SPH METHODS  FOR IMPLEMENTING A PHYSICAL MODEL IN A GAME  ENGINE FOR COMPUTER COMPUTATIONAL SIMULATION  OF THE STRESS-STRAIN STATE OF POROUS MEDIA

	Keywords: computer modeling, game engines, porous media, Unreal Engine, simulation, Material Point method, Particle-In-Cell method, smoothed particle hydrodynamics.
	Бомба А. Я.
	ORCID: 0000-0001-5528-4192, д-р техн. наук, професор, Національний університет водного господарства та природокористування, м. Рівне, Україна, E-mail: a.ya.bomba@nuwm.edu.ua
	Кушнір О. О.
	ORCID: 0009-0003-3928-8048, аспірант, Національний університет водного  господарства та природокористування, м. Рівне, Україна, E-mail: ol.o.kushnir@nuwm.edu.ua
	МАТЕМАТИЧНЕ МОДЕЛЮВАННЯ ПОВІЛЬНОГО  РУХУ ВОДИ У ВОДОЙМІ З ДІЛЯНКАМИ ПОПОВНЕННЯ  ТЕЧІЇ МЕТОДОМ КОМПЛЕКСНОГО АНАЛІЗУ

	Ключові слова: математичне моделювання, конформні відображення, гідродинамічна сітка руху, чисельні методи, метод комплексного аналізу.
	Список використаних джерел:
	References:
	MATHEMATICAL MODELING OF SLOW WATER  FLOW IN A RESERVOIR WITH RECHARGE AREAS USING  THE METHOD OF COMPLEX ANALYSIS

	Key words: mathematical modeling, conformal mappings, hydrodynamic flow grid, numerical methods, method of complex analysis.
	Velyka O.
	ORCID: 0000-0003-1575-8829, PhD in Engineering, Lviv Polytechnic  National University, Lviv, Ukraine, E-mail: oksana.t.velyka@lpnu.ua
	Bojko M.
	ORCID: 0000-0002-7955-5062, Senior Lecturer, Lviv Polytechnic National University, Lviv, Ukraine, E-mail: mykhailo.v.boyko@lpnu.ua
	Velykyi N.-T.
	ORCID: 0009-0001-8550-4974, PhD student, Lviv Polytechnic National University, Lviv, Ukraine, E-mail: nestor-taras.i.velykyi@lpnu.ua
	Modeling and research on the stress-strain  state of a punch and the optimization  of geometric parameters

	Key words: punch, stress-strain state, stamping die, finite element method.
	References:
	моделювання і Дослідження напружено-деформованого стану та ОПТИМІЗАЦІЯ геометричних параметрів ВИРУБНОГО ПУАНСОНА

	Ключові слова: пуансон, напружено-деформований стан, штамп, метод скінченних елементів.
	Hentosh L.
	ORCID: 0000-0002-4957-1512, Ph.D. in Engineering, Lviv Polytechnic  National University, Lviv, Ukraine, E-mail: lesia.i.mochurad@lpnu.ua
	A parallel trajectory planning method  in the state space with exact  sorting-based neighbor search

	Key words: trajectory planning, rapidly exploring random tree, parallel computing, graphics processor, nearest-node selection, sorting-based exact neighbor search, hidden constant, scalability.
	References:
	Паралельний метод планування траєкторій  у просторі станів із впорядкованим  точним пошуком сусідів

	Ключові слова: планування траєкторій, дерево швидкого випадкового пошуку, паралельні обчислення, графічний процесор, визначення найближчого вузла, впорядкований точний пошук сусідів, прихована константа, масштабованість.
	Калініченко А. С.
	ORCID: 0009-0002-6793-5516,  Харківський національний університет  радіоелектроніки, м. Харків Україна, E-mail: anatolii.kalinichenko@nure.ua
	МАТЕМАТИЧНЕ МОДЕЛЮВАННЯ ПРОЦЕСІВ САМОЗАЙМАННЯ У НАСИПІ З КРУГОВИМ ПЕРЕРІЗОМ МЕТОДАМИ РОТЕ ТА КВАЗІФУНКЦІЙ ГРІНА-РВАЧОВА ПОБУДОВИ ДВОБІЧНИХ НАБЛИЖЕНЬ

	Ключові слова: математичне моделювання, двовимірне напівлінійне рівняння теплопровідності, метод двобічних наближень, метод Роте, процеси самозаймання, рівняння Урисона, квазіфункція Гріна-Рвачова, метод R-функцій.
	Список використаних джерел:
	References:
	MATHEMATICAL MODELLING OF PROCESSES  OF SPONTANEOUS IGNITION IN A STOCKPILE WITH  A CIRCULAR SECTION BY ROTHE’S AND GREEN-RVACHEV QUASI-FUNCTIONS METHODS OF CONSTRUCTING  TWO-SIDED APPROXIMATIONS

	Key words: mathematical modelling, two-dimensional semilinear heat conduction equation, two-sided approximations method, Rothe's method, self-ignition processes, Urysohn equation, Green-Rvachov quasi-function, R-functions method.
	Kolodii R. I.
	ORCID: 0009-0002-4628-6422,  PhD student, Lviv Polytechnic National University, Lviv, Ukraine, E-mail: roman.i.kolodii@lpnu.ua
	Vykliuk Y. I.
	ORCID: 0000-0003-4766-4659, D. Sc., Professor, Lviv Polytechnic National University, Lviv, Ukraine, E-mail: yaroslav.i.vykliuk@lpnu.ua
	METHOD OF ITERATIVE MULTI-AGENT VERIFICATION  OF GRADES IN VIRTUAL LEARNING ENVIRONMENTS  BASED ON EXPLAINABLE ARTIFICIAL INTELLIGENCE

	Key words: multi-agent system, explainable artificial intelligence, large language models, virtual learning environment, automated assessment, verification, chain-of-thought, calibrated trust.
	References:
	МЕТОД ІТЕРАТИВНОЇ МУЛЬТИАГЕНТНОЇ  ВЕРИФІКАЦІЇ ОЦІНОК У ВІРТУАЛЬНИХ  НАВЧАЛЬНИХ СЕРЕДОВИЩАХ  НА ОСНОВІ ПОЯСНЮВАНОГО ШТУЧНОГО ІНТЕЛЕКТУ

	Ключові слова: мультиагентна система, пояснюваний штучний інтелект, великі мовні моделі, віртуальне навчальне середовище, автоматизоване оцінювання, верифікація, ланцюжок думок, каліброваність довіри.
	Zb_teh_29_2.pdf
	Павленко В. Д.
	ORCID: 0000-0002-5655-4171, д-р техн. наук, професор, Національний університет  «Одеська політехніка», м. Одеса, Україна, E-mail: pavlenko_vitalij@ukr.net
	Лукашук Д. К.
	ORCID: 0009-0003-3149-3741, аспірант, Національний університет  «Одеська політехніка», м. Одеса, Україна, E-mail: user111228322@gmail.com
	ЗАСТОСУВАННЯ ІНТЕГРАЛЬНИХ МОДЕЛЕЙ  ОКО-РУХОВОЇ СИСТЕМИ, ПОБУДОВАНИХ ЗА ДАНИМИ АЙТРЕКІНГУ В ОРТОГОНАЛЬНИХ НАПРЯМКАХ
	Ключові слова: інтегральні моделі, моделювання око-рухової системи, айтрекінг, тестові візуальні стимули в ортогональних напрямках, психофізіологічний стан, машинне навчання, метод Байєса, метод опорних векторів.
	Список використаних джерел:
	References:
	APPLICATION OF INTEGRAL MODELS OF THE EYE MOVEMENT SYSTEM CONSTRUCTED FROM  EYE-TRACKING DATA IN ORTHOGONAL DIRECTIONS

	Key words: integral models, eye movement system modeling, eye-tracking, test visual stimuli in orthogonal directions, psychophysiological state, machine learning, Bayesian method, Support Vector Machine method.
	Petrovskyi O.
	ORCID: 0000-0002-5729-544X Ph.D. Student in Computer Science, Lviv Polytechnic  National University, Lviv, Ukraine, E-mail: oleksandr.s.petrovskyi@lpnu.ua
	Liaskovska S.
	ORCID: 0000-0002-0822-0951 Ph.D. in Computer Science, Lviv Polytechnic  National University, Lviv, Ukraine, E-mail: solomiya.y.lyaskovska@lpnu.ua
	HYBRID FOURIER NEURAL OPERATOR BASED  FRAMEWORK FOR ADAPTIVE CONTINUOUS CONTROL

	Key words: adaptive control, hybrid reinforcement learning, neural operators, data-driven modeling, offline-to-online, pretraining, continuous control, machine learning, bioreactor.
	References:
	ГІБРИДНИЙ ФРЕЙМВОРК ДЛЯ АДАПТИВНОГО НЕПЕРЕРВНОГО КОНТРОЛЮ НА БАЗІ  НЕЙРОННИХ ОПЕРАТОРІВ ФУР’Є

	Ключові слова: адаптивний контроль, гібридне навчання з підкріпленням, нейронні оператори, моделювання на базі даних, офлайн-онлайн навчання, претренування, неперервний контроль, машинне навчання, біореактор.
	ORCID: 0000-0002-4676-9830,  канд. фіз.-мат. наук, Кам’янець-Подільський національний університет імені Івана Огієнка, Кам’янець-Подільський, Україна, E-mail: pylypyuk.tetiana@kpnu.edu.ua
	Щирба В. С.
	ORCID: 0000-0002-2520-5825, канд. фіз.-мат. наук, Кам’янець-Подільський національний університет імені Івана Огієнка, Кам’янець-Подільський, Україна, E-mail: shchyrba.viktor@kpnu.edu.ua
	ЗАСТОСУВАННЯ ТЕХНОЛОГІЙ РОЗПОДІЛЕНИХ  СИСТЕМ ПРИ ЗАВАНТАЖЕННІ КОНТЕЙНЕРОВОЗА

	Ключові слова: планування розміщення вантажу, багатопотокова система, багатокритеріальна оптимізація, евристичні алгоритми, програмна синхронізація, атомарність.
	Список використаних джерел:
	References:
	APPLICATION OF DISTRIBUTED SYSTEMS  TECHNOLOGIES IN CONTAINER SHIP LOADING

	Key words: cargo placement planning, multi-stream system, multi-criteria optimization, heuristic algorithms, software synchronization, atomicity.
	ORCID: 0000-0001-5195-3053,  канд. техн. наук, Кам’янець-Подільський національний  університет імені Івана Огієнка, м. Кам’янець-Подільський, Україна, E-mail: slobodianiuk@kpnu.edu.ua
	МЕТОД АДАПТИВНОГО LSB-ВБУДОВУВАННЯ  НА ОСНОВІ АНАЛІЗУ ЛОКАЛЬНОЇ ЕНТРОПІЇ  ЦИФРОВОГО ЗОБРАЖЕННЯ

	Ключові слова: LSB, аудіо-стеганографія, адаптивна стеганографія, блочна ентропія, інформаційна безпека.
	Список використаних джерел:
	References:
	AN ADAPTIVE LSB EMBEDDING METHOD BASED  ON THE ANALYSIS OF LOCAL ENTROPY IN DIGITAL IMAGES

	Key words: LSB, audio steganography, adaptive steganography, block entropy, information security.
	ВІДОМОСТІ ПРО АВТОРІВ
	АЛФАВІТНИЙ ПОКАЖЧИК АВТОРІВ
	Зміст
	Калініченко А. С. Математичне моделювання процесів  самозаймання у насипі з круговим перерізом  методами Роте та квазіфункцій Гріна-Рвачова  побудови двобічних наближень 49
	Kolodii R. I., Vykliuk Y. I. Method of Iterative Multi-Agent Verification  of Grades in Virtual Learning Environments  Based on Explainable Artificial Intelligence 62




