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CraH, MOCATHEHHS Ta TEPCHEKTHBH 1HPOPMALIHHUX CHUCTEM 1 TEXHOJIOTIH /
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30ipHUK BKJIIOYAa€ MaTepiadd JOMOBiAed y4yacHUKIB KOHGepeHiii, sKi
00'eTHaH1 32 TeMATUYHUMHU HaNpsIMKaMu KOH(epeHIti.

30ipHUK OyJe KOpPUCHUM SIK Uit (axiBIIB 1 MpaIiBHUKIB (GipM, 3ailHATHX B
obmacti IT, Tak 1 ;s BUKIAIa4iB, MariCTpiB 1 CTYJCHTIB BHINMX HaBYAIBHUX
3aKia/iiB, SIKI HABYAIOThCS 3a HaNpsMaMH 1 CIEHIaJbHOCTSIMU MPOrPaMHOIO
3a0e3neyeH s, O0YMCIIOBAIbHOI TEXHIKM 1 aBTOMATH30BAHUX CHUCTEM, MPUKIATHOT
MaTreMaTuku Ta oOpoOku iHdopMarii, Oyae KopucHUM mpodecioHanaMm 3
KOMI'FOTEPHOT'0 MOJICIIIOBAHHS Ta PO3POOKHU KOMIT'FOTEPHUX 1r0p.

PesynpTaTi nocmijikeHb y 301pHHUKY MPEACTABISIIOTH COOOI0 CBOEPIAHUIM 3pi3
CYy4acHOTO CTaHy CIIpaB B MEPEPaxOBaHUX raly3siX 3HaHb, SIKUM MOKE JIOMTOMOTTH SIK
(daxiBUgAM, TaK 1 CTyJEHTaM YHIBEPCUTETIB CKIIACTU 3arajbHy KapTHUHY PO3BUTKY
1H(MOpMAIIHHUX TEXHOJIOTIH Ta MOB'SI3aHUX 3 HUMU MTUTaHb.

HayxkoBi mpaiii 3rpynoBaHi 3a HanpsiMKaMu poOOTH KOH(pEpEHIii Ta HaBEJICHI B
angaBITHOMY MOPSAAKY MPI3BUIL aBTOPIB.

Martepianu (Te3u AOMOBiNEH) JAPYKYIOTbCS B aBTOPCHKIM  pemaKiii.

BianoBiganbHICTh 3a AKICTh Ta 3MICT MyOJIiKaIlii Hece aBTop.

Martepianu nogaHo yKpaiHChKOIO Ta aHTJIIHCHKOI0 MOBaMH.

Penakrop 36ipauka Kotk C.B.
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Experiments. The workability and effectiveness of the developed method and algorithms in
the task of divergence ships from own ships with ships targets according to the criterion of
minimum risk were checked on the Simulation and modeling stand created on the basis of Navi
Trainer 5000 of the training laboratory of the Kherson State Maritime Academy.
Conclusion. The method of optimal divergence in the field of risks has been developed,
which allows, in comparison with traditional methods, to minimize the length of the trajectory of
divergence, provided that the given collision risk is not exceeded. The obtained result is based on
the use of the automatic divergence module integrated into the on-board computer, which builds
risk fields, calculates at each step of the calculation the gradient of the risk field at the point of the
vessel and the direction of the vessel's movement, the perpendicular direction of the gradient
tangent to the ellipse of equal risk at the point of the vessel. Forms controls that ensure the
movement of the vessel along the given risk ellipse during the divergence process. The developed
method can be applied in automatic divergence modules of automated vessel traffic control systems.
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OPTIMIZATION PROBLEMS IN MACHINE LEARNING: GRADIENT DESCENT
MODIFICATIONS
Y. FEDIAIEVA(yevheniia.fediaieva@stud.onu.edu.ua), A. STEHUN(angela.stehun@gmail.com)
Odesa I. I. Mechnikov National University

The following modifications of gradient descent were considered: SGD (Mini-Batch SGD),
Learning Rate Control, Momentum SGD, Nesterov Momentum, Adagrad, Adadelta, RMSprop, Adam.
The main idea of the second-order methods (Newton Momentum) and the problems of their usage were
considered. Using them, a simple neural network was created and trained for the binary classification
task, a comparison of the obtained results and the effectiveness of these methods was carried out.

To train many machine learning models, iterative processes are used, the goal of which is to
reduce some error of a given model on the data. In the class of linear models, the ideas of Gradient
Descent are widely popular for minimizing the cost function of the model, which is the average of the
values of the error function on each dataset object. But when we try to transfer this idea to training
neural networks, quite big problems arise:

Neural networks are trained on huge datasets, and one iteration of gradient descent over such a dataset
takes a very long time. Also, given the Gradient Descent convergence issues, this approach is very
suboptimal. Optimizing a large neural network, it turns out that the cost function is a very complex
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composition of other functions, there can be an exponentially large number of different extrema
depending on the number of neurons.
In reality, this means that we can not know if we are really at the global minimum, or if it is
somewhere else. Moreover, due to the possibility of overfitting, we can not even be sure if we really
want to be in the global minimum.
But, although it turns out to be impossible to guarantee the exact solution of the optimization problem,
we can try to find the best option from those that are available. Heuristic optimization methods are
designed for this task, the main one being Gradient Descent. Almost all modern methods for
optimizing non-convex functions are one or another of its modifications, some of which are considered
in research.

In search of improvements, we will start from the basic idea of GD:

w; = wi_q — aVE(w),

where w — a vector of parameters, E(w) — cost function, @ — learning rate.

To solve the problem about the size of the dataset, let's try to do a GD step not over the
entire dataset, but for each example (stochastic gradient descent). Obviously, we will get a strong
acceleration of learning (the error is calculated quickly and the weights change immediately). There
may even be a situation where the SGD has converged even before we have walked through the entire
training set. It also works "more randomly": this leads to the fact that the probability of not getting
stuck in small lows increases.

But in practice, updating the model weights after each example is too expensive, so you can

try to find a compromise: let's step on some fixed size subsample (Mini-Batch SGD). Since this is
usually a very small part of the training set, the speed and local minima selectivity advantages of the
SGD are retained. This approach can and should be used with all GD modifications.
Carry on. We can see that the learning rate is only one parameter that should be tuned. But instead of
choosing a specific value, we can dynamically change this parameter. The intuitive solution suggests
that the speed should first be large in order to arrive at the correct area of the function landscape as
quickly as possible, and then decrease in order to search for a minimum. There can be many strategies
for controlling the learning rate, such as linear

= a(i-)

-t
a=aqyerT

or exponential decay

where t — the time elapsed since the beginning of training (the number of mini-batches or epochs),
and T — a parameter that determines how quickly a will decrease. This approach greatly improves the
capacity of the entire optimization algorithm.

Next, consider the following idea: we can use not only information about the gradient at the
current point, but also about some previous gradients, to step with an idea of the function surface view
in some area, and not just at the one point. This is implemented using an exponential moving average
like that:

v =Brioi+ (1 =By,
where v —a vector with the information we need, which will then be used for updating the weights, g —
gradients, 8 — hyperparameter that should be tuned.
These are basic ideas that can be applied in different combinations with different variables.
Many of the GD maodifications considered in the research are based on them. For example, one of most
popular and powerful algorithm Adam uses an exponential moving average of gradients and squared
gradients for updating parameters like that:

m; = Bimi—q + (1 = B1)gi, vi = Bovi—a + (1 — B2)gi”,
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m;

JUit+ € '
where a, By, B, — hyperparameters, ¢ —very small number (10~8) to avoid division by zero.

In the research, various methods of varying complexity and logic were considered with
subsequent comparisons of the obtained results. Depending on the specific task, these methods may
show better or worse results relative to each other. For example, methods that use the idea of an
exponential moving average perform better on sparse data. But all of them clearly outperform classical
GD in terms of speed and the final value of the loss function.
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Figure 1 - Gradient Descent, Figure 2 - combination of Adam and Exponential Learning Rate Decay
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USE OF PELTIER ELEMENTS AS A HEAT PUMP FOR CONDENSATION DRYING OF
FRUIT RAW MATERIALS
YAKUBASH 1.V. (jakubash@ukr.net )
Odesa National University of Technology, Odesa

Over the last decade, the average annual increase in the global production of thermoelectric
cooling modules is 15-25%. The reason for this high and sustained growth rate is the absolute ecological
purity of this method of energy conversion, as opposed to traditional methods [1].

The method of drying most materials by convective heat exchange is currently the most
common. In order to increase the intensity of the drying process, the drying agent is forced into
motion, which accelerates the heat-mass transfer processes between the wet material and the
environment. As a result of this interaction, the material is heated and the moisture in it evaporates.
During the drying process, the heated air is saturated with vaporized moisture from the surface of
the material and is removed from the dried object. This process will be completed when the
moisture values of the material and drying agent have reached equilibrium.

In the face of ever-increasing energy costs, the need to conserve energy, and especially in
the drying processes, is very relevant. Increasing the efficiency of different types of drying plants is
inextricably linked to the intensification of thermal and mass exchange characteristics through
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