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4 Kristina Kapanova

The PhD thesis was discussed and allowed to be defended during an extended session of the
Department of Parallel Algorithms at [ICT-BAS, which had been held on November 15, 2016.

The defense of the PhD thesis had been held on February 14, 2017 at 14:00 in Room 218, Block
25A, IICT-BAS. The full volume of the dissertation is 120 pages. It consists of six chapters,
including Introduction and conclusion. It includes also an appendix. The list of references contains

180 titles. The text of the dissertation includes 5 tables and 29 figures. These lists are given at the end
of the dissertation.
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Introduction

In this thesis, the subject of research is artificial neural networks. Many aspects of artificial neural
networks have been studied since their inception, with over 40 different paradigms proposed and
used for various task related problems. Nevertheless, the field faces many problems such as the
inherent instability of the system depending on the chosen model. One of the most fundamental
problems in the field is the existence of local minima and the possibility of the network to reach it
during training without a potential escape from it. The main objectives of the PhD thesis are from
scientific and application perspective including several important tasks. First, the development of a
novel post-learning algorithm, which once implemented allows for the network to escape from
possible local minima or saddle points reached during the optimization process. Secondly, the aim is
to implement sensitivity analysis indicators to study the perturbation of the weights in the network,
affected by noise in the system. The study of sensitivity analysis could provide beneficial to the area
of hardware based neural networks, where noise from various sources influences the network’s
performance. Third, the development and implementation of a novel automatic evolutionary
architecture of a neural network through a hybrid genetic algorithm. As such, trial and error
approaches to network design are discarded for an automatic discovery of network topology
appropriate for specific tasks. The aim is to assist research with the decision making possibilities and
computational complexity involved in designing neural networks.

To address these objectives the following tasks were constructed:

1. Development of a new optimization algorithm initialized once the training process of a network is
completed.

2. Selection and practical implementation of sensitivity analysis benchmarks to investigate levels of
noise in the system in real time.

3. Development of a hybrid evolutionary algorithm, employed towards the automatic selection of a
neural network architecture dependent on specific task.

4. Program implementation in C a neural network architecture, including the developed algorithms.

1. Methodology

The methodology of the thesis is based on research from fields such as artificial intelligence,
artificial neural networks, optimal optimization methods, and quantum physics. The work combines
approaches based on the laws of physics, and statistical analysis and machine learning. Several
mathematical indicators related to sensitivity analysis to determining the level of noise in the system
have been utilized based on hardware and software implementation of neural networks. New hybrid
evolutionary algorithm has been developed for the automatic design of topological structures of
neural networks. Numerical experiments have been carried out and analyzed. The proposed
algorithms and indicators have been implemented in the development of a neural network in C
language.

Artificial neural networks incorporate a network of simple processing units, interconnected and some
cases running in parallel. Each unit contains an activation value, which communicates with other
units along connections of different strengths. Those connections determine how input to the
processors is transformed into output. Significantly, the knowledge in a connectionist structures is
encoded in the strength of the connections between the units and not in the symbolic structure of the
machine. The parameters of the connections are found adaptively through a learning strategy until an
acceptable solution is found. The particular learning paradigm, known as supervised learning,
introduces to the system a training set of an input-output mapping. In the course of the training, the
difference between actual output and the desired output (predicted by the model) is calculated and
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6 Kiristina Kapanova

the connections between nodes are adjusted according to predefined principle in order

to minimize the error between desired and actual output. The procedure is repeated multiple times,
often randomizing the order of the training samples presentedthe network until no considerable
changes in the synaptic connections are observed. Thus the connections between the neurons
determine the functioning of the artificial neural network. This adaptability of the neurons is essential
characteristic of ANNSs to adapt to various environments - including the ability to perform in real-
time conditions with continuous change of information.

In 1940s W.S. McCulloch, a neuroscientist, and W. Pitts, a logician, encouraged by Rashevsky,
proposed in a paper [1] a mathematical description of an extremely simplified model of a neuron
called "threshold logic unit" for complex pattern recognition task. Their neuron either produces an
output or not. For a neuron to fire, more than 1 synaptic weight needs to be excited in a certain time
interval. If instead an inhibitory synapse is active, it prevents the firing of the neuron at specific time
period. Later, the set of processing nodes (neurons) that are connected to one another has been
described as an artificial neural network. The McCulloch-Pitts model was capable of converting a
certain logical proposition in terms of an artificial neural network.

In 1958 Frank Rosenblatt introduced one of the first training algorithms for learning in neural
networks in [2] and proving the convergence of the perceptron rule. Rosenblatt suggested the
innovation of numerical weights, the computing units which serve as threshold elements and an
interconnection pattern. In his model, the learning is achieved by adaption of the weights of the
network through a predefined algorithm. The initial experimentation with the Rosenblatt’s model
brought an important question about the possible limitations that might be observed in various
pattern recognition tasks and the ability of the network to solve them effectively. Some early

experiments with the Rosenblatt’s perceptron produced unrealistic expectations in the connectionism
field.

Many aspects of artificial neural networks have been studied since their inception, with over 40
different paradigms proposed and used for various task related problems. Nevertheless, the field
faces many problems such as the inherent instability of the system depending on the chosen model.
One of the most fundamental problems in the field is the existence of local minima and the
possibility of the network to reach it during training without a potential escape from it. To deal with
those inherent problems, various combinatorial algorithms have been proposed. Unfortunately not
always a substantial improvement have been introduced due to slow convergence problems and the
presence of multiple saddle points. The growth of network parameters provides additional burden to
the convergence speed of algorithms and increase of the computational complexity of the system.
The network parameters are generally based on manual design. The decision about the number of
input and output neurons depends on the specific problem at hand. A developer, knowledgeable about
the specific task, selects the number of hidden layers, number of neurons in every hidden layer, the
training algorithm, as well as the type of activation function. Those components are crucial for the
computational performance, efficiency and accuracy of the network but are often established through
a trial and error basis and on the personal experience of the researchers.

One of the first network architectures is introduced in 1958s by F. Rosenblatt, when he incorporated
a perceptron in a simple neural network to classify linearly separable patterns [2]. The Rosenblatt
perceptron consists of a single neuron, with adjustable weights and bias (wo). Rosenblatt has
introduced for the first time also a novel algorithm applied to the free parameters of the system to
adjust their values.

Major drawback of this model is its convergence only when the system is presented with patterns
from two linearly separable classes (known as perceptron convergence theorem). The Rosenblatt’s
perceptron is one of the fundamental parts of every neural network. While it provides an
oversimplification to the biological neuron, it adheres to the following association of the input/output
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parameters. Let us define the number of inputs as (X1, X2, X3, . .., Xn ), and the weight as wiand the
connection from neuron to neuron as wij . The output (Out) of a neuron is seen as

j\?
Out = Z Wi T (1.1)
i=1

constituting the weighted sum of the incoming inputs and weights. If a predefined threshold (0) is
exceeded, the neuron produces an output Out. As part of the training algorithm is the introduction of
bias (wo), which can be represented in the network as

j\.’
Out = wy + E W;iT;
i=1

A variety of approaches to the design of neural networks have been considered in the literature, with
few distinct considerations [3], [4], [5], [6]:

e The selection of the number of hidden layers;

e The number of neurons to be represented in every hidden layer;

e The selection of a globally optimal solution, which avoids local minima;
Convergence time should be reasonable;
Validation of the network for under or over fitting;
Consideration for the interaction of hidden neurons and their interaction on a global level.

The ability to balance the considerations described above will provide a network preserving
its function approximation capabilities without decrease of efficiency [7].

(1.2)

Nowadays, the renewed interest in the field of artificial neural networks and their applicability for
many problem solving tasks has led to their pervasive use in many research fields and application
domains. One of the field of robotics, where the networks are used as a way to direct manipulators to
hold objects, based on some sensory data. Neural networks are applied in robot steering and path
planning [8], [9] as well as object manipulation. Deep neural networks like Supervision, consisting of
more than 650000 neurons and utilizing more than 60 million parameters during the training and
recognize objects in particular categories [10], Neural networks has been essential in the object
recognition research, where generating precise and detailed object recognition in real time
environment becomes crucial. Neural networks have been employed with considerable success in
the financial/banking sector. They are used in daily basis in measuring credit card risk for applicants,
for loan evaluation procedure and loan rates prediction, mortgage screening, real estate appraisal,
financial market and exchange rate forecasting as well as corporate financial analysis [11], [12]
Another field where artificial neural networks has found incredible usage in the last 15 years in in
manufacturing. Such activities include planning and management, process control, product analysis,
machine diagnosis and analysis, quality analysis for different products (from the food, chemical, chip
industry, etc) [13]. The ability of artificial neural networks to learn have been of great use in various
scheduling activities - vehicle transportation scheduling, and routing system of various kinds. The
swiftkey (a keyboard app for Android phones) is also utilizing neural networks to predict and correct
language. Nowadays Facebook has been using GPU based neural networks to recognize images, but
have also used ANNSs to create automatic pictures based on specific understanding of what objects
look like, especially in the production of thumbnail images [14]. On the other hand, Google has used
neural networks and let them produce visual elements the network wants to emphasize on [15].
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8 Kiristina Kapanova

Hardware implementation of neural networks, the SYNAPSE project, a collaboration between IBM
and Hewlett-Packard, has been one of the leading research initiatives in the field [16]. The project
has received over thirty million dollars (27 million Euros) grant from DARPA to create this
"cognitive computer™ which is essentially made up of thousands of parallel CPUS, each a square
micron in size representing the neurons and connection of a neural network. DARPA is not limiting
its financial focus only on this project. In fact, the annual budget of the organization is over sixty one
million dollars (55 million Euros) for Machine Learning and almost fifty million dollars (or 45
million Euros) for Cognitive Computing [17].

3. Training of neural networks

The field of artificial neural networks has attempted to emulate certain learning capabilities through
the applicability of symbolic, data-intensive and statistical approaches. Nowadays there are myriad
of algorithms and techniques applied in various domains in the field of neural network training (i.e.
learning). Any attempt to accomplish an overview of the methods and applications used for training
would be incomplete. One may classify the learning algorithms as supervised and unsupervised
learning, being differentiated through their learning structure. Some consider reinforcement learning
as a separate learning category, or as a subcategory of supervised/unsupervised learning [18]. The
basis for many neural network learning algorithms is structural inferences focusing on the
relationship among the variables and the data structure. We can formulate any learning task for a
neural network in terms of a variational problem. Data modeling types like function regression,
pattern recognition and time series prediction, could also be presented as a variational problems and
are the most common problems encountered in neural networks.

For the training of a network to find the optimal set of weights and therefore produce the desired
output we need to define the technique through which this is achieved. Therefore the training of
artificial neural networks may be represented as an optimization task, i.e. the selection of efficient
strategy to discover the minimum or the maximum values of a function, which may consists of many
independent variables. The selection of appropriate error function depends on the particular
optimization algorithm, as well as on the topology of the neural network [18], [19]. Some of the
frequently utilized cost functions include: linear, Quadratic, Sum of squares (The least squares),
Smooth nonlinear, Nonsmooth.

The supervised learning algorithms applied to the training of neural networks are focused on the
minimization of the cost function in order to solve a particular task. The algorithms need to possess
several important characteristics [18]:

e Need to be able to solve a task with minimum computational burden.

e The algorithm should be robust in the presence of noise.

e The algorithm should be able to produce similar outcomes independent of the initial
conditions used during the initialization.

e The generalization capabilities should provide adequate outputs when the neural network is
provided with data different from the training set.

e The computational burden of the algorithm should not be strongly dependent on the
dimensionality and size of the problem and training data. It should be scalable. This problem
is more pronounced currently in big data.

e Convergence requirements.

e Setting appropriate stopping criteria in order to find the best possible outcome.

The field of artificial intelligence has been a place where arguments have taken place as to whether
our world is relying on deterministic casual events, where one uses probabilities to calculate missing
knowledge. The dissenting opinion states that our world is essentially indeterministic with we use
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probabilities to measure the random events. As described in the previous chapter, optimization
problems (training algorithms) are broadly classified as deterministic and stochastic. In this classical
approach all weights transformation is carried through during the optimization process. A step
further, one can say that the training methods from the previous chapter are constituted in terms of
classical (deterministic) physics. But if one sees the world as essentially indeterministic, an
interesting possibility to exploit is quantum mechanical effects in a ANNs. The idea has been
suggested for the first time (to the best of the limited information available) in [20] where the authors
propose that biological expressions of quantum phenomena are related to the activation points in the
brain activity. All of this is described as a nerve impulse firing achieved by the movement of a
guantum particle in the vicinity of a potential energetic barrier. The availability of an action potential
is proposed to play a significant role in the information processing functions of the brain since there
effects such as tunneling arises. On the other hand Penrose [21] suggests the concept of the existence
of micro-tubules, capable of maintaining a macroscopic coherent superposition.

The possibility of biological neurons to exploit quantum effects provides an encouragement of
introducing randomness in a neural network implementation with the goal of achieving certain
computational advantages [20]. The proposal for the implementation of quantum mechanical laws
inside every neuron correlates to the condition of the numerical simulation of the time-dependent
Schrodinger’s equation (or any other equivalent formalism like Feynman, Wigner). This is necessary
to quantitatively determine the eventual tunnelling effects. Therefore, the network needs to
numerically simulate the following time-dependent partial differential equation [22] for every
neuron:

OP h2V2
ih— (r,t) = | ———

BT, +Vi(r)| ®(r,t), 3

2m

where i is the imaginary unit, ®(r, t) is the wave function defined over space and time, h is the
reduced Planck’s constant, r is the position of the particle, t is the time, m is the mass of the particle,
V2 is the Laplacian operator, and V (r, t) is the potential energy acting on the particle.

The method is modeled by analogy of a biological neuron as a semiconductor heterostructure that
consists of an energetic barrier (e.g. AlGaAs) that is situated between two energetically lower areas
(e.g. GaAs). [20] gives as the possibility to consider the activation function of an artificial neuron as
one or more particles interacting with the barrier (see Fig. 3.7) once they enter the heterostructure.
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Figl Left plot: a Gaussian wave-packet, (blue) continuous line, is travelling
against an energetic potential barrier, (red) dashed line. Right plot: after
a certain time, the wave-packet is interacting with the barrier. Part of the
packet is scattering back while the rest is tunnelling.

The Numerical experiments of the suggested post-learning strategy is presented. The implementation
of the neural network works to fit two known functions - a polynomial of second degree (f (X) = x2)
and the square root a polynomial (f (x) = Vx), with three training data points provided. In both

experiments the network architecture is identical

- with one input node, 4 hidden neurons and one

output neuron. During the numerical experiments, we have deliberately hindered the network by
stopping the algorithm at an arbitrary local minimum. The task is accomplished by means of the
temperature rate of the algorithm, which we decrease in a non-optimal fashion. Through the strategy,
the goal is to clearly show that our technique is able to provide a further solution to improve the
training even after the optimization process is completed.

The first numerical experiment depicts the fitting of a polynomial of second degree. The reader might
observe that indicative to the amount of noise applied is the dispersement of both the quantum output
and error throughout the plot in settings where one successively increases the amplitude of the noise.
As such, a moderate increase of noise to 1% leads to a situation where the network output in the
middle of the solutions decreases its accuracy, while still retaining better results in the upper and

lower bound of the curve.
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Fig 2: Left plot represents the network’s output. Right plot represents the network’s error when 1% noise is applied
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With the addition of more noise to the system, the quantum network outperforms the classical one in
few cases. The increase from 1% to 2% and 4% noise, leads to an overall gradual decrease in error .
We have performed a second test in fitting a square root of a polynomial, taking into account the
assumption of the capacity of the novel technique to potentiality operate in a distinctive mode when
computing different functions. The efficiency of the quantum network is in point of fact increased in
a situation where 2% noise is added. The network produces as much as twice as many quantum
outcomes, as when imposing 0.5% or 1% noise. Moreover, we observe the presence of lower errors .
There is significant divergence from the initial experiment after the early steep error reduction from
the quantum part. Here, the clustering of the quantum error points is found near the classical ones.
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Fig 3: Upper left and right plots represent the network’s output in 1% and 2% noise in the case of square root of
polynomial. Lower left and right plots represent the network’s error when 1% and 2% noise is applied respectively

4. Sensitivity Analysis in Neural Networks

We introduce a sensitivity analysis tool to establish the level of noise in the network. Other research
have been carried out on the "random or unpredictable fluctuations and disturbances” [23] and the
possible benefits noise in neural systems can introduce [24]. For instance in engineering, the noise is
identified as a detrimental to the system and the quality of the output. In biological neural systems,
on the other hand, noise is naturally existing, often providing certain benefits to information
processing [23, 24, 25, 26]. Currently, we believe no definitive explanation has been reached about
how naturally occurring fluctuations in neural systems could be exploited, why they do in fact occur
and what could be the potential advantages. While adding certain amounts of noise could provide
benefits from the network oscillations, in other cases this oscillation could be detrimental [27].
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12 Kristina Kapanova

The goal of those sensitivity analysis techniques is to provide us with an accurate mathematical
approach to determine the noise levels in a network. Our aim is with those tools to establish whether
the noise can be utilized for improving network performance and when it is detrimental and acts as a
source of fluctuations. Furthermore, with the sensitivity analysis tools we could achieve a better
understanding of the noise variation on the network’s behavior and the sensitivity of the output
relation to the noise fluctuation. The utilized sensitivity coefficients indicate what is the possible
variance of the outputs of the network due to fluctuations in the weight parameters of the system. To
the best of our knowledge, no study has been accomplished to understand the level of influence of
the noise in the network and what type of consequences such noise present for the network’s
performance. The functionality of a network could be considerably altered with the modification of
noise in the weights and therefore there would be considerable sensitivity to the system. Vice versa,
with negligible sensitivity, the performance of the network should not be substantially altered.

Those sensitivity tools provide a quantitative representation of the fact that moderate amount of noise
do in fact improve the network’s performance. For this sensitivity analysis, we have implemented
three measurements to establish the scope of the solutions: the Euclidean distance (L2), the maximum
norm (Loo) and the cosine-similarity (Lcos). The current sensitivity analysis implements two
numerical experiments - for convex and concave non decreasing functions with the goal of avoidance
of biased results.

Considering the Euclidean distance parameter (fig. 4 upper left plot), we observe the presence of a
distinctive peak around 40% noise, which indisputably indicates improvement of the network. As
such the quantity of noise is improving the solution drastically. In contrast, the third parameter
provides a snapshot of a deterioration of the network’s behavior when more noise is applied.
Moreover, in terms of L2 and Loo, their decreasing amounts represent a good solution to the problem,
in Lcos we observe oscillations and notice that near 1 the network provides a sufficient solution, and
away from it there is no such available good solution.
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Fig4  The left side plots describe the comparison between the Euclidean distance
(L9) indicator and the cosine similarities in absolute value for the case of a
polynomial of second degree (f(x) = x?). The right side plots illustrate
the comparison between the Euclidean distance (L) indicator and the
cosine similarities in absolute value for the case of the square root of a

polynomial (f(x) = /z)
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5. Evolutionary ANN Architecture

We introduce a novel approach to the evolution of the neural network architecture in order to provide
an automatic and computationally feasible self-organization of an artificial neural network layout to
solve a given problem. A hybrid stochastic optimization and genetic algorithm, allowing the network
to choose almost every possible structure in the implementation of the network in a given space of
possible architectures is discussed. Through this evolving architecture, we obtain a method which is
easily parallelized and is capable of escaping to overfitting of the output data when the minimal
amount of training data is available.

Our algorithm allows for the randomization of the number of neurons, number of hidden layers,
types of synaptic connections, use of transfer functions and type of training algorithm, when
selecting the best possible topology. The recombination of all those components establishes a
multidimensional space of possible structures, while capable of achieving sufficient performance at
affordable computational resources. The training process is based on the simulated annealing method
[29].

The number of layers, the amount of neurons per hidden layer and the available connections are the
first three criteria used in the neural network architecture method developed in this work. The model
operates first by restricting the available choices to a minimum and maximum value allowed for
layers and neurons for each run of the network. There is no specific implementation in the code for
the addition or removal of neurons during the process.

The network is not limited to a type of connections between neurons. The evolutionary algorithm can
choose to develop a sequential neuron connection (in a feedforward manner), or non-sequentially -
connecting neurons irrespective of their position between layers. The evolutionary algorithm
provides the best possible solution by comparison between elements of various generations. One
could restrict the number of inputs per neuron allowed in the architectures depending on the specific
task that needs to be solved (i.e. to further control dimensions of the space of solutions).

The genetic algorithm has been one of the most widely used approaches in studies of evolution of
neural network architectures [30], [33], [29], [32], [31]. In this work, we introduce a new hybrid
genetic approach through the application of an additional stochastic layer, running simultaneously to
the genetic one. The latter combines mutation and crossover approach, through which the algorithm
evolves the potential topological combinations. Then we select the offspring with the best fitness.

Fitness and Selection Strategy. The algorithm initialization assigns fitness scores each individual in
the population, indicating the quality of the specific network topology. In this work, we have utilized
the L2 — norm fitness function (although we are not limited to only this function). Each time step, the
algorithm accepts further evolution an individual with the best fitness. The process is similar to
Tournament selection method [34].

Training Process. At each time step, every individual from the population is trained by the simulated
annealing method described above. In this regard, one might consider the combination of the
architecture selection and the training process two nested optimization problem. Therefore, one
might speculate the possibility both strategies influencing one another.

Initialization of the Technique. The algorithm is provided with the ability to choose from four
specified parameters described in the previous subsection: number of possible hidden layers, number
of possible neurons in every hidden layer, number of connections per neurons, and type of activation
function when choosing topology parameters.

Termination. To be terminated the algorithm needs to meet one of two conditions. It needs to reach
the maximum assigned number of generations or the fitness error to fall below the assigned threshold
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value after r consecutive generations.

The work presents the results from a numerical experiment of fitting a known function f (x) = x? in
order to corroborate the ability of the proposed method. Several examples are provided, presenting
the method’s outcomes with restrictions in the number of hidden layers and neurons in them. This
work presents architectures from 4 scenarios - implementing architectures with 3, 4, 5, and 6 hidden
layers and different number of neurons allowed for each hidden layer 2, 3, 4, 5, 6. For the current
numerical validation, the amount of input connections per neuron in limited to the maximum- 2.
Those restrictions are only executed in the current experiment and are not in any way intrinsic to the
effectual work of the proposed hybrid evolutionary technique. Similar to the training data utilized in
the previous chapters, the training data is limited to three points - (0.1, 0.1), (0.5, 0.5) and (0.9, 0.9).

In accordance to the discussed numerical experiments, one may conclude in certain situations a
sequentially connected network might not be superior in certain tasks. Moreover, in situations where
the proposed hybrid evolutionary technique utilizes more than one hidden layer with several neurons,
the algorithm frequently performs a model of a neuron removal. As such it discontinues redundant
calculations. In those instances, the network accomplishes sufficient results according to a user
defined cost function. Conjointly, the neurons connected to the output layer consistently use the
logistic activation function. Therefore, inherent consequence bigger architectures, which allow for
expanded search space of possible solutions, the hybrid algorithm reduces the architecture by
providing several layers, though leaving only one neuron from them is connected to the output layer.
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Contribution summary
The contribution of the thesis can be summarized as follows.

1. This dissertation has introduced a new post-learning technique to assist the supervised
learning algorithm of an artificial neural network to escape a local minima or a saddle point if
such has been reached during the optimization process.

2. We have implemented a mathematical tool to quantitatively measure the influence of noise in
the perturbed weights on the performance of the network. We demonstrated numerical results
indicating the effects of noise on the network and its performance sensitivity to such process.

3. We have introduced a hybrid genetic algorithm for the automatic evolution of neural network
architectures. This method, although providing a search in a multi-modal search space for all
possible solutions is capable with minimal training data to produce an output with small or no
overfitting of the output data, which is a common problem in the field of neural networks.
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OO6mn1a XxapakTepucTuKa Ha ANCEPTAIMOHHUS TPY/]I

AKTyaJIHOCT n CbBPEMEHHO CbCTOAHHE Ha TeMaTa

O0eKT Ha U3C/IeIBAHUATA B TUCEPTAIMOHHIS TPY/L CA N3KYCTBEHUTE HEBPOHHN MPEXKH,
KOUTO MOTaT ja ObJAaT OIUCAHU KATO PAa3IpeJiesieH YCIIOPEeIeH IPOIecop, KONTO ¢bIbpKa
eJleMeHTH 3a o0paboTka Ha mHpopMalusd. [I'bpBoHadaiHuTe N3CIeIBaHNA 38 U3KYCTBEHNU-
Te€ HEBPOHHM MPEXKH Ca CTUMYJIUPAHU OT YOBEIIKHS MO3bK, KOHTO MOXKe J1a Obje pasriie-
JIaH KaTo KOMILJIEKCHA U ITapaJiesiHa, nH(MOpMaIlmOHHO-00paboTBallla HeJInHeiiHa crucTeMa.
Hespornara Mperka mMa JIBe OCHOBHH CXOJICTBA C YOBEIIKHUS MO3bK: 3HAHUETO, HEOOXOIN-
MO 3a (PYHKIIMOHUPAHETO Ha MperKarTa € MPUJI00UTO OT OKOJIHATA Cpejia B Ipolieca i Ha
oOyueHne, a 3a CbXpaHsBaHe Ha TE€3M 3HAHUs Ca IIPUIOJEHN CUHAIICOBU Terja. MeTomabr,
U3II0JI3BaH 3a IIpolieca Ha o0ydeHne e HapudaH o0ydaBalll aJrOPUTbHM.

Hesponnure mpexxku morar jia ObjiaT KaKTO JIMHEWHH, TakKa U HeJnHeiHn. Bb3amoxk-
HOCTTA 32 HEJMHEHHOCT ce OT/IMYaBa C TOBa, Ue € pas3lpejeseHa 10 Mpeykara, U OTrO-
Bapsd 3a Ha4dMHa Ha (pOpMHUPaHe Ha BXOJIHUAT CUTHAJ, KOWTO CbHINO MOXKE Jla € HeJuHe-
et. OCHOBHO IPEUMYIIECTBO B paboTaTa Ha HEBPOHHUTE MPEXKU € OOYUIEHHETO € yYIUTE]
(supervised learning), nmpu koiiTo ce ommcBa BxojHaTa HMHMGOpPMAaIUa B u3XoaHa (input-
output mapping). 3a mocTHraHeTO Ce MPOMEHAT CHHAITHICCKUTE Ter/a Ha OCHOBATA Ha
ompeieseH HabOp OT yueOHU mpuMepr. B ToBa oTHOIIEHME, BCEKH yUeOEeH IIPUMED Ce ChC-
TOU OT BXOJIEH CUTHAJI U ChOTBETCTBAIIIIS MY 2KeJlaH oTroBop. [lo BpeMe Ha obyunTesHus
IIPOIEC MperkaTa U3MEHsI CHHAIITUYECKHUTE Terjia ¢ Iejl HaMaJlsiBaHe Ha OTKJIOHEHHEeTO Ha
JKeJTaHUsI U3XOJIeH CUTHAJ ChIVIACHO IPEIBAPUTEIHO U30PAHN CTATUCTUIECKH KPUTEPHUH.
O0y4enuero ¢ yaures MoxKe Ja 0bJie pa3riie/]aHo U KATO ONTHMU3AINOHHA 38/1ata.

CriocobHoCTTa 3a ajlanTupaHe Ha Terjara Ha BPB3KUTE MEXKJYy HEBPOHUTE CIIOPes]
OKOJTHATA CPeJia MOCPEICTBOM OOYUUTEIEH aJrOPUTHM JONPUHACAT 38 (DYHKIIMOHUPAHETO
Ha MPEXKHUTE B PA3JIUIHU cpeJiu OyiaroiapeHne Ha aJallTUBHOCTTA HA OCHOBHUTE ITapaMeT-
pu. Tazu cmocobHOCT 3a ajanTalys € 0COOEHO BayKHa U IIPU U3II'LIHEHUETO Ha, HEBPOHHUTE
MpexKu 1o, popmaTa Ha eJeKTpoHuka. [lo To3u HaduuH, 10pH U IPU YBpeK1aHe Ha Olpe-
JiesieH Opoil HEBPOHM WJIN CHHAITHYIHU BPb3KH, IIPOM3BOAUTETHOCTTA 1148 HESHATUTEIIHO.
Taxurarta ycropeHa CTPYKTYpa ChINO TaKa MOTEHIMATHO MOYKe JIa YCKOPH PEIIeHneTo Ha
HIKOW BHUJIOBE 3a/1a9H.

KauecTBOo Ha HEBpOHHUTE MPEXKHU € TEXHUST yHUBEPCAJeH MEXaHU3bM IIPU 00padOT-
KaTa Ha HHPOpPMAIUATA, KOETO IO3BOJIABA €/IHA apXUTEKTypa Ha HEBPOHHATA MpPEXKa Ja
ce M3I0JI3Ba B MHOYKECTBO Pa3/IMIHEU 00/IACTH.

JlHec W3KyCTBEHN HEBPOHHU MPEXKW OMBAT MpUJIATaHU B PA3TUIHU U3CJIEI0BATEICKI
u npuaokuu chepu. Eauma or Tax e B obiacTTa Ha poOOTHKATA, K'bIETO MPEXKHUTE Ce M3-
[I0JI3BAT KAaTO HAYUH Jla Ce OPUEHTHPa MaHUIlyJIalraTa Ha 00eKTH, Bb3 OCHOBA Ha HAKOU
ceTuBHU JaHHU. HeBpOHHM MpeKu ce mpuarar U 3a IJIaHUpaHe Ha JIBUKEHUsI U yIIpaB-
Jieaue Ha poboru. B ob/racTTa Ha MAIIMHHOTO 3peHNE HEBPOHHUTE MPEXKH Ce IIpUIaraT 3a
n3BAnIaHe nHMOPMaIis 3a OKOJIHATA cpejla dpe3 00paboTKaTa Ha JIAHHU OT KOJIEKIUs Ha
n3o0pakenus. HeBpoHHN MpexKu ca IpuiaraHu ¢bC 3HAYUTEJICH yCIeX BbB (DUHAHCOBUS
n OaHKOB ceKTop. Te ce M3MO/3BAT 3a U3MEpPBaHe HA KPEJIUTHUSA PUCK Ha KAHIUJIATUATE,
3a Iporeaypara 3a OlleHKa Ha KPEeJIUTa U IIPOrHO3WPaHe Ha KPEJIUTHUTE CTABKHU, OIEHKA
Ha HEeJIBUKHMHI UMOTH, IIPOTHO3UpaHe Ha (DUHAHCOBHS Ia3ap W BAJyTHHUA KYpPC, KAKTO U
3a KOpIiopaTuBeH (pMHAHCOB aHAJIN3.

B cdhepara na MemuiuHaTa, HEBPOHHU MPEXKH Ca IPHUJIAraHd 3a aHAJN3 Ha PAKOBHUTE
kierkn, EEI' u EKI' ananm3, KakTo 1 3a KOHTPOJI Ha KaueCTBOTO B OOJIHUIIA.
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Iesu n 3a7aum Ha JUCEPTAIIMOHHUA TPY/I

[Menra HA HAacTOAIIATA JUCEPTAIUS € Cbh3J/laBaHe Ha HOB aJI'OPUTHM 3a oOydeHUe Ha
N3KyCTBEHU HEBPOHHU MPEXKU, KONTO BeJHBXK U3IIbJIHEH, ITO3BOJISIBA Ha MpexKaTa Jia n3-
Je3e OT JIOKaJleH MUHUMYM WIW CEJJIOBUHHU TOYKH, B KOUTO € MOIaHaJ aJrOPUTHMA.
Jucepramusra mpejicTaBsd U MPUJIOKEHHE Ha METOJU 3a aHaJM3 Ha IyCTBUTEJTHOCTTA 34
n3yvaBaHe Ha CMYyIaBaHETO Ha TeryiaTa B MpexKaTa, 3aCerHaTh OT IIyM B CHUCTeMAaTa.
N3cnensanero Ha aHAJM3 Ha IYBCTBUTEHOCTTA MOYKE JIa € U3KJIIOYUTETHO MOJIE3HO ITPHU
Xap/lyepHO W3II'bJIHEHNE HA HEBPOHHU MPEXKU, IPU KOUTO IIYyM OT PA3JUIHUA W3TOUYHUIIHN
BJINs€e Ha IMPOM3BOAUTETHOCTTA Ha HEBPOHHATA Mpexka. /lucepTalimoHHuAT TPy Hean u
NpeICTaBAHETO Ha HOB €BOJIIOIIMOHEH aJITOPUTHM 38 aBTOMATUYHOTO FeHepupaHe Ha apXu-
TEKTYPHU Ha HEBPOHHU MPEXKH UpE3 IPEJICTAaBIHETO Ha XUOPHUJIEH NeHEeTUYeH aJrOPUTbHM.
[To To3m HaUYWH, MOAX0AKM Ha IIPOOa 1 I'PEIIKa IPHU Ch3/IaBaHETO Ha TOIOJJOTMHU Ha HEBPOH-
HU MPeXKU Ce 3aMeHs C aBTOMATUIHOTO OTKPUBAHE HA apXUTEKTypPa HA HEBPOHHU MPEXKH,
HOAXOSINN 3a crerududan 3aga4qn. Lleara e moamomarageTo Ha IIPOIEca IIPU Ch3/IaBaHe-
TO Ha U3KYCTBEHW HEBPOHHUW MPEXKU W HaAMaJIIBAHETO Ha YOBEITKA I'PENTKa B TO3U ITUKbJI.

Konkpernute 3a/1a4m 3a OCTUTAHETO Ha TE3U IIEJIU CA:

1. Cb31aBaHeTo HA HOB ONITUMUBAIMOHEH AJITOPUTHM, MHUIMATU3UPAH CJIe]T IIPUKJTIOU-
BaHe Ha OOyYUTETHUS ITPOIEC Ha HEBPOHHATA MPEXKa;

2. CGHGKTI/IpaHe 1 IPAaKTUYIECKO IIPpUJIOZKEeHNE Ha MHCTPYMEHTU 3a aHaJIM3 Ha 9yBCTBU-
TEJIHOCTTa IIpU HaJIMYNE Ha IIYM B HEBPOHHATa MpPeEzKa;

3. CbanaBane Ha HOB XUOPHUIEH €BOJIOIMOHEH aJTOPUTHM, C eI aBTOMATU3UPAHO U3~
rpazk/iaHe Ha HEBPOHEH MOJEJ, CIIOPe/l OIIpe/lesIeHa 3a1a9a;

4. HporpaMHo OCBhIIECTBABaHE aJITOPDUTMUTE U UHCTPYMEHTUTE;

MeTtonoJsiorusa Ha U3CJeIBAHETO

Meto/to/iorusita Ha HACTOAIIUTE PE3YITATU Ce DA3UPAT Ha U3CJCIBAHUSA B 00IACTUTE
Ha M3KYCTBEHMUS WHTEJIEKT, U3KYCTBEHUTE HEBPOHHU MPEXKH, ONTUMHU3AIMOHHA METOJIH,
KaKTO U KBaHTOBaTa dpusnka. KomOmHupaHu ca moaxoan, OasupaHu Ha 3aKOHU OT (DU3M-
KaTa, KAKTO U Ha CTATUCTUYECKU aHAJIN3 U MAIIMHHO CAMOOOYYEHHE.

NsnosBann ca MaTeMaTUIeCKN HHIMKATOPU, CBbP3aHN ¢ aHAJIN3 HA TYBCTBUTETHOCT-
Ta [IPU OIPeJeTHETO HUBOTO Ha IIyM B CHCTeMa, OasupaHa Ha cOPTYyepHO WU XayePHO
OCBINECTBIBaHE HA HEBPOHHA MPEKA.

CoanaBane Ha XUOPUJIEH METAEBPUCTUYEH AJTOPUTHM 32 aBTOMATHYIHA KOHCTPYKITHS
Ha HEBPOHHU MPEXKH, TO3BOJIABAINA B HAKOW CJIyYand U30ATrBaHeTO Ha IpobsieMa 3a 00600-
IIEHUETO Ha NHMOPMAIHATA.

[IpoBeseHn ca YucjaeHn eKCIEPUMEHTH, TUUTO PE3YATATH Ca MPEJICTABEHN U aHAJIM3H-
paHm.

OcbimecTBeHa e peanu3anys Ha TPeJIOKEHUTe AJTOPUTMUA B TO3W JUCEPTAINOHEH
Tpya Ha e3uka C, 9acT oT KoATO € onucana B [Ipuiokennero Ha paszpaboTKaTa.

Arnpobaliusi Ha pe3yJiTaTuTe
Pezysitaru, Bk/IodeHu B gucepraiusTa, ca JOKJaIBaHd Ha:

e Cemmnap Ha cexknusara "llapamenan aaropurvmu 2016;
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e Jlokropanrcku (opyM, meHTbp 3a obydenune-BAH, 2016; (npesenranusra 3a Xub-
PUJTHUS €BOJIIOIIOHEH AJITOPUTHM € OTINYeHa ¢ Harpajia Ha gopyMa OT OpraHu3a-
TopuTe)

Yact or pe3ysiTaTuTe ca IpejAcTaBeHu Ha CJIeIHUTE KOH(MEpEeHINN:

e 10th International Conference on ,Large-Scale Scientific Computations* (LSSC’15),
Cozomnos, boarapus, 2015;

e 10th IMACS Seminar on Monte Carlo Methods (MCM 2015), JIuum, Ascrpus, 2015;
e LinuxCon 2015, JIn6sun, Upnanmus, 2015;

Pezysitarure ot ucepranugaTa ca myOJIMKYBaHU B 3 CTATUH B MKy HAPOIHU CITUCAHUSA
¢ UMIIAKT (PaKTop.

Cnoucbk Ha HY6JIPIKaHHPITe II0 JucepTanumlAaATa

1. K.G. Kapanova, I.T. Dimov, J.M. Sellier, On randomization of neural networks as a
form of post-learning strategy, Soft Computing (2015). doi : 10.1007/s00500 — 015 —
1949 — 1, (IF.1.63).

2. K.G. Kapanova, I.T. Dimov, J.M. Sellier, A Neural Network Sensitivity Analysis in
the Presence of Random Fluctuations, Neurocomputing (2016), doi : 10.1016/j.neucom.2016.10
(IF.2.392)

3. K.G. Kapanova, I.T. Dimov, J.M. Sellier, A genetic approach to automatic neural
network architecture optimization, Neural Computing and Applications (2016), doi :
10.1007/s00521 — 016 — 2510 — 6, (IF.1.492)

CobabpKaHne Ha AUCEePTAIAITA

Hacrosmara aucepramus ce cberou ot 6 rirasu. uceprannnoHHuAT TPy € opopMeH
B 120 crpanuiu, BrouBaiu 29 dburypu, 5 rabmuim u 180 muTupann U3TOIHHKA.

I'maBa 1. ¥YBonx

B YBOZHaTa I'JlaBa Ha AuUcCepTallidTa € HallpaBE€H KPaTbK UCTOPUYECKU aHaJIU3 Ha 00-
JIaCTTa Ha HU3KYCTBEHUA HUHTEJIEKT, U CHGHI/ICbI/I‘{HO Ha HEBPOHHUTE MPEXKU. Omnucanu ca
OCHOBHHU Pa3JIMKN ME2KYy HEBPOHHUTE MPE2KU WU U3IUCJIUTC/IHUTE apPXUTCKTYPH.

I'maBa 2. OcHOBU HA M3KYyCTBEHUTE HEBPOHHU MPEXKU

Bropa riaBa oT HacToAMATa JAUCEPTAIVS eI BbBEXKJIAHETO B OCHOBHUTE TOHATH
U NPUHINANKA Ha paboTa Ha M3KYCTBEHUTE HEBPOHHU MPEXKH. 3apak/IaHeTo Ha HjesTa U
OIMCAHUETO HA M3KYCTBEHA HEBPOHHA MPEXKA 3a MPBB II'LT € IyOJUKYBAHO 1IPE3 UIeTUPU-
jgucerte roguHu Ha 20 BeK, NPEJICTaBANKN OIPOCTEH MOJIEJT 3a padoTara Ha YOBENIKHUIA
uespor. MakKwbiok u [Turc [22], onucsar B cratusi MareMarnieckara CTpyKTypa Ha OII-
POCTEH HEBPOHEH MOJIeN, pa3rielaH Karo nparos jorundecku ejaement (ILJIE).
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B nacrosiimara pazpaborka, mox Hepponuu Mpexku (HM) ce pasbupa maremarndecku
MOJIeJI, KOMUTO Ce CbCTOM OT OTJE/JHU €JIEMEHTH, CUMYJIUPAIIM B OIpaHUYeH MOJIe/T Pado-
TaTa Ha €CTECTBEHUdA HEBPOH B MO3bKa Ha Y0BEKa. HeBpOHHI/ITe MpexKH Ca UusrpajgeHm oT
OTJICJTHU €JIEMEHTH, KOUTO 00paboTBaT BXOJAIIATE CUTHAJINA, (DOPMUPANKU CHOTBETHA W3-
XOJIHA CTOWHOCT (M3XOJIEH CUI'HAJI), KOSTO Ce PA3lpOCTPAHABA K'bM €JIEMEHTUTE, ¢ KOUTO
€ CBbpP3aH. MO)KeM Jda OoIIpe/ie/JIMM TpUu OCHOBHU €JIEMEHTA:

® MHOXKECTBO OT BP'b3KU (CI/IHaHCI/I), XapaKTEepUu3nupaHu IIOCPEIACTBOM TEIJIOBU KOG(bI/I—
OUEHT W;j, KOUTO MOT'aT Jla IIPHEMAT HOJIOKHATE/IHN W OTPpUIaTE/THU CTOMHOCTHU.

® cyMaTop, KOMTO CyMHUPa BXOJHUTE CUTHAJIM, YMHOXKEHU 110 ChOTBETHUS TETJIOBU KO-
edurment. Haii-1mmupoko pasinpocTpaHeHuAT CyMaTop € JUHEeHHUAT.

e akTHBaIOHHA QyHKINs (DYHKIW HA U3X0/A), 9pe3 KOATO ce IMpeodpasyBa IoJIy-
YEeHHA CYMapeEH BXOJ/ B U3XO/1a (I/IBXO,HHI/IH CHFH&H) Ha CbOTBETHHUA HEBPOH.

B maremarmueckn By, (DyHKIMOHUPAHETO Ha HEBPOH Ce ONUCBA II0 CJICIHHS HAYUH.
Ompegensive (1, To, T3, . . ., T;) KATO BXOJHU CUIHAJM, W; CHHAIITUIECKN TErJIa HA HEBPO-
Ha, & wW; KaTo BPb3Ka MexK1y HeBpoHute. V3xojnure januu (z) Ha HEBPOHA Ce OIPEJIEJIAT

KaTO
z = sz‘% (1)

U ca OIpeJe/IeHN KaTo JIMHeiHa cyMalns Ha BXOQHUTE CUTHAJIUA U CUHAITUYHATE BPb3KU.
Karo wact or agropurbMa Moxke ja Objie onpenesen u nparos ejement (bias), Koiiro ce
O3HAYaBa CbC CHMBOJIA (W), U MOXKe Jia O'bJle OIMCaH KaTo:

z = wy+ Z W;T; (2)
i=1

N3non3BaneTo Ha Ipara B TO3U CMUCHJI, IIpe/IiiasBa eekTa Ha apUHHOTO IIpeodpasyBaHe
(affine transformation) wa w3xomHUS JHHEEH CyMaTOD.

B rnaBa 2 ca ommcaHu OCHOBHUTE XapaKTEPUCTUKN HAa HEBPOHHHUTE MPEYKU: MapaMeT-
pute Ha 0OpaboTBaIIUTE €/IEMEHTH, TUI'LT Ha BXOJHUTE U M3XOJHUTE CTOWHOCTHU, aKTU-
BaIMoOHHUTe (PYHKIINU, KAKTO U TOIOJIOrus Ha Mpekara. Haii-decro cperannre Tunose
AKTUBAIIMOHHN (DYHKIIMH, KOUTO OINPEJIE/IAT U3XOIHUAT CUTHAJI HA HEBPOHA ca (PYHKITUA
Ha eIMHIYeH CKOK i nparoBa ¢yrknus (threshold function)

ro={g 22 )

2 <0

kakTo n Curmonmanna dynknus (sigmoid function), kosro Moxke ja Obje omucaHa Mo
CJIEJIHNAST HATWMH:

1
Yo = o (@)
Curmonsiasa e Hail-uecTo U3MOA3BaH IIPU MPEKHU ¢ 0OPATHO paspoCcTpaHeHne Ha IPeIIKa-
Ta, K'bJIeTO (DYHKINATA, KOATO € O'bp30oHapacTBalla, paboTH 3a M0/ IbPKaHeTo Ha OajaHca
MeXK/ly JIMHEITHO W HeJMHEeHHO MoBeieHne. 3a IpeooIgBaHeTo Ha OIpeJIeJIeHN HeJI0CTa-
TBIM Ha CUIMOUJAaIHaTa (DYHKIH, MOXKe Jia O'bjle U3M0JI3BaHa Xurnepooandana pyHKIMs
(hyperbolic tangent-tanh), kosiTo dyHKIMOHIpA B IO-TOJISIMO TpOCTpaHcTBO [—1, 1]:

1 z2>0
f)=¢ 0 :2=0 (5)
-1 :2<0
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Karo gact or Bropa riiaBa ca OlnucaHy Pas3jJudHU [MOMY/ISPHU TOIOJOTUU HA HEBPOHHU
MpEeXKH, KaTo ca IPEJCTaBeHd W WIIOCTPAIK 3a Ju3aiiHa Ha HEeBPOHHH MpEeXKH. Bark-
Ha XapaKTepPHCTHKa Ha HEBPOHHUTE MPEXKHU € TsXHATa MPeKOBa apXUTEKTypa (CTPYK-
Typa). Morar ja ce pasrpaHmdarT HIKOJKO (DYHJIAMEHTAJHO Pa3/JUYHHU KJaca OT Mpe-
JKOBH apXUTEKTypu. B Haii-ompocTennst MoJies1, Mpexkara MMa BXojeH cJioii (input layer)
Ha Bb3JINTE HA W3TOYHUKA, KOWTO mpejaBa MH(MOPMAIUATA HA U3XOJHUAT CIoil (output
layer) Ha HEBpOHHUTE (M3UMCIUTESHUAT Bb3eJ1) HO He 1 00paTHO. Tasm Mpeka e or mpaBo-
Pa3IpPOCTPAHBAI, THIL.

Mmuorocioitna Mpeka Muoroc/ioifHaTa HEBPOHHA MpeKa € BHUJ HEBPOHHa MpeXKa
3a MPAKO Pas3lpOCTPAHEHKME Ha CUTHAJA M Ce XapaKTepPU3Upa ¢ HAJTUIUETO Ha €JUH WU
uakosko ckputu cjiost (hidden layers), a meBpoHmTE, rpylnupaHun B Te€3W CJIOEBe Ce Ha-
pudar ckputu Hepporu (hidden neurons) mimm ckpurn enementn (hidden units) [3]. Tlox
tepmuHa, "ckpuT'ce pasdupa cjI0i WM HEBPOH, KOWTO HE Ce BUXK/JIA MPSIKO OT BXO/a WU
n3X0Jia Ha MpekaTa, KaTo MeJITa Ha CKPUTHTE eJIeMEHTH € Jia JOIMPUHACAT 3a CIIOCOOHOCT-
Ta Ha MpexkaTa Jla M3BJede OT U3XOja CTATUCTUKU OT IMO-BUCOK Pejl. Bpb3kure Mex Ly
HEBPOHUTE B CJIOEBETE MOTaT jia ObJiaT OlUCAHM KaTo HacodeH rpad m 0OMKHOBEHO ca
HarbIHo cebp3and [12], [6]. Hacouenusar rpad ommcsa He caMo mpoTHYaneTo Ha CHIHA-
Jla MeXKJly HeBPOHHTE, HO M KaK CUTHAJIa Cce IpejaBa B ChOTBeTHUs HeBpoH. HeBponnara
Mpezka 3a TPSIKO pasmpocTpaHeHne MoxKe Jia Obje onucaHa M0 CJIETHUsT MAaTeMaTHuIeCKn
MOJIeJI, K'bJIeTo | obo3HaIaBa OPos C/I0EBEe B MpexKara, neté. OTINCBA, j-Us HEBPOH B CJIOA [.
CunanTuyauTe TErjIa OT (-Usk HEBPOH B ¢Jioii [ — 1 710 j-ust HEBpOH Ha cJIoii [ ca npejcra-
BEHH KaTO wﬁj_l’l, a M3XO0J(HATa CTOMHOCT Ha j-Us HEBPOH B CJION [-Us e IpejcTaBeHa KaTo
f(net}) axrusanmonna bymaxms:

ni—1

nety =y wi Myt gl = f(net}) (6)
=1

OmnpenenstHeTo Ha Oposi CKPUTH HEBPOHU € OT M3KJIFOYUTETHO 3HAYEHNE IPU CTPYKTYpPHU-
paHeTo Ha HEBPOHHATA MperKa, Tbil KaTo MPEKaJeHO TOJISIMO KOJMYECTBO HEBPOHU Ha-
MaJisiBaT TOYHOCTTa Ha 00O0OIeHHeTo Ha JaHHUTe. /lombiaHuTeseH mpobJeM ce CbCTON
orT dakTa, Ue TOJIMOTO KOJUIECTBO HEBPOHU CJIYXKU 38 aBTOMATUIHOTO 3aIlOMHSIHE Ha
O0yYIUTEeTHUTE JIAHHU, KOETO ITPeMaxXBa CIIOCOOHOCTTA 3a KadeCTBEHO 000OIeHne Ha WH-
dopmanuara. OT apyra cTpana, HeJOCTaTHIEH OPOIf HEBPOHU JOIPUHACS 38 HaMaJIsiBaHe
Ha oOydJaBalaTa CllocOOHOCT Ha MperkKaTa U OTKPUBAHETO Ha KOMILIEKCHU I'PAHUIHU CTOM-
HOCTH Ha 11pobsieMa. TouHugT 6poit HEBPOHU BB MpeKaTa, KAKTO U BbB BCEKU CKPUT CJIOH
He € 00OCHOBaH U € CTPOTO 3aBUCHUM OT criennuIHaTa 3a/1a9a, 00yIuTe/IeH aJrOpuThbM U
OT crienuUIHN PEIeHNs HA yICHUS.

O6monprer MOIX0/L KbM MpodJeMa e puiaraiero Ha reopemara Ha Kosmoropos |20,
B KOSATO Ce II0COYBa, e 3a M3IUCACHUETO Ha IIPOU3BOIHA HElIPeK'bcHATa (PYHKIUS, TPAOBa
Jla ce OCUTypH OPOit HEBPOHM, paBeH Ha JIBa I'bTU OPOs Ha BXOIHUTE Bb3JIM ILIIOC OIIE €I1H.
Jlotrb/iHATE/IEH METO/T € M3YUCIEHNeTO Ha OpOosi Ha CKPUTUTE HEBPOHU, ortnucanu upe3 H M,
[pU HaJU4Ine Ha OPOIl HEBPOHM BbB BXOJIEH CJIOW k M M3XOJEH CJION U, KbJIETO

1
PekypeHTHU Mpexku 3a pasjinka 0T HeBPOHHA MpezKa C IPaBO pa3lpoCTpaHeHne Ha

CHUTHAJIA, DEKYDEHTHUTE MPeKI NMAT [IOHe eJiHa oOpaTHa 3aTBapsia ce Bpb3ka [11]. Tosn
THUIT MPEYKU MOraT Ja ObJAaT ChCTABEeHW W caMO OT €JIMH CJION HEBPOHU, KOUTO BPBIIAT
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U3XOJIHUTE CUTHAJIM OOpaTHO Ha BXOJOBETe Ha BCUYKM HEBPOHU B MpexKata. [Ipu Hasm-
Yhe Ha caMo3aXpaHBallla ce 00paTHa BPb3Ka, M3XOAbT Ha HEBPOHA € BbpHAT 00paTHO Ha
COOCTBEHUS BXOJI.

HAbabokn mpexku OnmcanuTe /10 TYK HEBPOHHU MPEXKHU, Ca CbC CPABHUTEJHO OII-
pOCTeHa apXUTEKTypa, KbM KOSTO MOHSKOI'a Ce OTHACA TEePMUHA ILUIMTKA apXUTEKTypa
(shallow architecture), cbcraBeHa OT MHOXKECTBO HEBPOHH B HSKOJIKO HEBPOHHE CJIOSI.
VBeJInUeHneTo Ha HAJMYHUATE JAHHU U JAHHU OT HO-BUCOK e/l IIPEIPA3IoJara KbM Cb3-
JTaBaHeTo Ha Jibyiboku HeBpoHHU Mpexku (deep neural networks-DNN), kouro mpuiarar
HOBeYe OT J[Ba CKPUTHU CJIOsi Ha KOHBEHI[MOHATHA MHOTOC/IOHA MpeKa [24].

B macrogmiara pabora e mpujioKeHa MHOTIOC/IONHA HEBPOHHA MpeKa C NPAKO Pasll-
pocTpanenue Ha curnasa. OOOOIEHNeTo Ha TO3U pa3jiesl Hajlara U JI0 PasrIezkK/aHeTo Ha
eJMH OT OOEKTUTE Ha TO3M JIMCEPTAIMOHEH TPY/: O0YUUTE/HUS IPOIEC IIPU HEBPOHHUTE
MPEK.

I'maBa 3. IIpobiieMbT Ha OOydYeHUEe HA HEBPOHHA MpeXkKa N M3IT'bJI-
HeHUe Ha HOBa CTpaTerus cJjej odyJdeHue

B ryraBa 3 oOyunTeSIHEAT IPOIEC Ha HEBPOHHUTE MPEXKH € PA3IJIeaH KATO ONTHMU3a-
IIMOHHEH IIPOIEC U € MPEJJIOKEH HOB MOCT-00yUUTe/IeH aJIrOPUTHM. [j1aBaTa € CTPYKTY-
pupaHa B JIBa OCHOBHE pazjiesia. B mbpBus pasjiesn ca onucaHu OCHOBHU ONTUMU3AIMOHHT
AJITOPUTMU 32 OOyUIeHHeTO Ha MpexKu. BbB BTOpaTa dacT e MpejicTaBeH HOB MOJes Ha
AJITOPUTHM, KAKTO U OIHCAHIE HA MIPOBEJEHUTE YNCJIEHN €KCIIEPUMEHTH.

B nbpBara gyact Ha TpeTa rjiaBa ca OMUCAHN OCHOBHHM OOYYIUTE/IHU CTPATEruH 3a 00y e~
HUe Ha HeBPOHHU Mpeku. OCHOBHO CBOMCTBO HA HEBPOHHUTE MPEXKU € CIIOCOOHOCTTA UM J1a
ce obygasar (learn) Ha OCHOBa Ha IIPEJOCTABEHNU JIAHHU, B PE3YJITAT Ha KOETO Jia T000Dsi-
BaT CBOsITA ITPOM3BOUTEHOCT TI0 BpeMe Ha IIPOIeca IOCPEJICTBOM OIIpe/IeJIeHN IIPaBUIIA.
CwhImecTBYBaT Pa3IndHu AJITOPUTME 38 OOyUEHMe, BCEKM OT KOWTO, MMa MPEIUMCTBA U
HejoctaTbiy. [lsocTna kiacudukanms Ha METOJIUTE U MPUJIOKEHUITa U3MOJJI3BAHU 34
obydenue 6u Ouja Helrb/Ha. Pasinyanure BUIOBE ajropuT™Mu Morar jia Objaar pasipejie-
JICHU B JIB€ OCHOBHHU Ipymm: oOyteHue ¢ yuures u obydenne 6e3 yuuresn [13]. B mbpara
IpyIia momnaaT aJroOpuTMH, KOUTO CJIEIIT 38 PAa3/IMKaTa MEeXK Ty MOy IeHNs U OYaKBaHUs
U3X0J, Ha MpeskaTa (B TO3M CIydail 09aKBaHWUs M3XOJ Ha MpPEXKara e MpPeJIBapUTETHO 3a-
JIAJIeH OT yYUTeJisi), KATO UTePATHBHO CUCTEMATa M3BbPIIBa KOPEKINN Ha CHHAIITUIHATE
Terjia ChbOTBETCTBAIIO Ha MPEIBAPUTE/IHO N30pAH ONTUMU3AIMOHEH IIPOIEC. 3a pa3JjiuKa
OT aJrOPUTMHUTE C YUUTEs, Te3n 06e3 yuuTes HE pa3duTaT HA MPEIBAPUTENTHU JTAHHU 3a
TOYHUST M3XOJ] Ha Mpekara. [[poMsiHaTa HA CHHAIITUYIHUTE TErJIa Ce OChIECTBIBA 110 Ha-
YUH, KONTO /1a TMO3BOJIM Ha JTaHHUTE Ja ObJaT IpeJcTaBeHN Taka, de Ja OTTOBapdAT Ha
peIBAPUTETHO 33/1a/IeH KPUTEPUHN 32 KaUeCTBOTO Ha MPEJICTaBAHETO U CIIocoba Ha MOjie-
Jipane Ha rmapaMerpure. Morat ja 6baaT onpe/iesieHn HIKOJIKO [TOCIeI0BATETHU CTHIKN
110 BpeMe Ha OOyUUTEe/IHUs IIPOIEC: B HEBPOHHATA MPEXKa MMOCT'bIIBAT JIAHHU OT OKOJIHATA
cpeia B Pe3y/ITaT Ha KOETO ce IMMPOMEHST CBOOOJHUTE IapaMeTpy Ha HEBPOHHATA MpeXKa.
Toea mompuHacsa 3a m3MeHeHHWe Ha Bb30YK/IaHETO Ha HEBPOHHATA MpEXKa B CJIEIBAIII
CTBIIKH.

B Tazm riiaBa oOyduTeTHUTE CTPATErUU Ca PAa3IJie/laHd KATO ONTUMU3AIMOHEH TPOO-
JIeM, TIpU KO#TO ce m3bupa edeKkTuBHA CTpaTerus 3a HaMUpaHe Ha MUHUMAJHUTE WA
MaKCUMaJTHUTE CTOHHOCTH Ha PYHKINS, CbCTOSINA Ce OT MHOI'O HE3ABUCHMU ITPOMEH/INBH.
[Ipu HeBpoHHUTE MpeKU Ta3u byHKIWs e HejaeBara dbyHkims (e.g. cost function, energy
or objective function) u npsiko 3aBUCH OT TpeBAPUTETHATA KOHPUTYDAITHsT Ha PA3TIUIHI
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4acTU OT MpexKaTa. B cjejicTBue, OnTUMU3AIMOHHNS aJITOPUTHM Ce CTPEMU J1a JOCTUTHE
Hail-100POTO CHCTOAHME Ha CUCTEMAaTa, B ChbOTBECTBUE ¢ obeKTuBHaTa (pynkmud. [lemnar
IIPOTIeC ce TTOBTaps, JOKATO CHCTEMaTa € HeCIIOCOOHA Jla HaMepH CJEeIBAINO 0 I00peHne
Ha pe3yJiTaTa WM € JOCTUTHAJIa MaKCHUMAaJHUs pa3Mep Ha M03BoJieHnTe urepanuu. [Ipu
00ydYeHHNeTo ¢ yauTes, MpodJIeMbT ce Olpeiesis KaTo MUHUMU3Upane Ha (QyHKIUATA, TTPU
KOETO ce TIeJIM I'peliKaTa Ja € OJIM30CT 0 WU paBHA Ha HyJIa.

[Ipu craprupane Ha Tporeca Ha ONTUMU3AIMSA, CUHANITUIHUTE TErJia Ca ITPOU3BOTHO
OIIpEJIeJIEHU CIIOPE/T IIPEJIBAPUTENIHO 3a/1a ieHa cTparerusd. Cire/iBamara CTbIIKa BbBEkK/Ia
00y 4aBaIIoTo MHOXKECTBO (4, ¥;), K'bJIETO T; IPEJCTABJIsIBA BXOJSAIL CUTHAI, a Y; OYaKBaH
u3xojieH curnaj. Mpexxara n3dnciasgBa peneHneTo z, KOeTo 'lbPBOHAYAIHO 3HAYUTEHO Ce
pasjinuaBa OT YKeJIaHus pe3y/rat, Jedunupan upes y;. [lo Bpeme na obyuunre/inus nepuos,
TErJIOTO Ha CUHAIITUYHHUTE BPBH3KU C€ ITPOMEHS, 3a JIa Ce CBeJIe I'PENIKaTa JI0 MUHUMYM.

Ornmcann ca HIKOJIKO 9€CTO W3MOJI3BAHU IeJIeBU (PYHKIINN, KOUTO Ca OIMUCAHU B Tab-

JIHTIA)
Name Cost Function
L2 62
Ly €|
1
Ly % lef”
Logistic L. log (cosh (a-e))

Haii-uznosBanure (byHKIINKM Ha TpeHIKaTa. ¢ KOHTPOJIAPA
JIOCTOBEPHOCTTA Ha TOJIEMHUTE PA3JININsd B CTOHHOCTUTE, Ke-
JIaHUsI CUTHAJI € 0003HAYeH ¢ d, JIeHCTBUTETHOTO PE3YJITAT OT
Z W CATHAJI 3a I'PellKa KaTo e, npu € = d — 2

Anropurmure 3a o0ydeHHe Ha HEBPOHHH MPEXKHU € YUUTET €A ChCPEIOTOUYEHU Bbp-
Xy MUHUMHU3UPAHETO Ha IesieBaTa (DYHKIMS 3a PelIaBaHeTo Ha OIpe/leeHa 3a1a4da. 3a
YCIENTHOTO TpUJIarane Ha OOyYIUTeTHU aJITOPUTMU Te TpsaOBa Jia (DyHKIIMOHUPAT ¢ MUHU-
MaJTHa M3YUCIUTeTHa TexkecT. HeobxoamMmo e Te ja ca cTabuiHn B MPUCHCTBUETO HA NITyM
B CHCTeMAaTa, JIa Ca B CbCTOSHEE JIa [IPOU3BEJIAT PE3YITATH, CJI1a00 3aBUCUMU OT HAYAJIHU-
Te ycsioBud. ZKeaTe/lHO € U34nc/jMTe/THATa CJIOXKHOCT Ha aJrOpUTbhMa J1a He O'b/ie CUITHO
3aBUCHMa OT Pa3MEpPHOCTTa U pasMepa Ha JAHHNUTE IPUJIOKEHH 10 BpeMe Ha 00y9IeHHeTO.
[Ton BHuManue TpsiOBa Jla ce B3eMaT HAJMYUE Ha, IMOJIXOAIIN KPUTEPUH 3a CIUpaHe Ha
poIieca, 38 OTKPUBAHETO HA IMOJIXOSIN PE3YITAT U Bb3MOKHA CXOJIUMOCT.

Hacrosimara riaBa omnmcsa pasjinydHu BUJIOBe oOyunTeHu ajaroputvu. [IbpBudar ot
TSX € ¢ 00paTHO pas3npocTpaHenne Ha rpemkata. [Ipu To3u By agropuTbM, MHOKECTBO
uTepalnu ca HeoOXOJMMU 3a JIOCTUTaHe Ha pelleHue, B PAMKHUTe Ha BCAKA OT KOUTO, CE
pPasrIekK AT eJINH WU BCUIKHU IIPUMEPH OT 00ydaBaIloOTO MHOXKECTBO. 3a BCEKH TaK'bB
npumep (x;,Y;), ce MOCTUTa TPABO PA3NPOCTPAaHEHNe Ha AKTHBAIMOHHUTE CTOWHOCTH U
caeaBa obpaTeH aHaIU3 Ha IPENIKUTe HA M3XO0Ja W Pa3lNpocTpaHeHne Ha KOPEKIINNUTe Ha
TerjiaTa Ha BPBH3KUTE MEXKJIy eJleMEeHTHTEe OT Pa3/InYHuTe cjioeBe. 1031 ajlropuTbM UMa
HUCKA CTENEH Ha CXOJIMMOCT, KOSITO ChOTBETHO € U C HUCKA CKOPOCT Ha OOydeHue, KaKTO
U HEOOXOJIMMOCT OT T'OJigM Opoii 00yvaBaIly IPUMEPH.

[Tpu 103U MeTON € HAJIMYHA MHOIOMEPHA MOBBbPXHOCT 3a rpemmku (error surface) mpn
KOOD/IMHATUTE Ha CBOOOHUTE MapaMeTpu. PeasHara MOBbPXHOCT Ha I'PEIIKHUTE CE YCPE/I-
HgBa (averaged) 10 BCHYKU BB3MOXKHU OOYUUTE/HU PUMEPH, [IPEJICTABEHN BbLB BUJ Ha
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JIBOMKY ,BXOJ—13X0" (x;,1;). [loBurmaBaneTo Ha MPOM3BOIUTETHOCTTA HA MpeyKaTa BbB
BPEMETO Ce OChIECTBsIBA IIPU U3MECTBAHE K'bM CTpaHaTa HA MaKCUMYyMa Ha TTOBbPXHOCTTA,
Ha rpermkuTe. [lom MakcuMyM ce pasriexkja KaKTo JIOKAJIeH, TaKa W riodasieH. 3a Ja ce
[IOCTUT'HE € HeOOXOMMO CHCTeMaTa Ja UMa HH(MOPMAIMA 3a I'PaJueHTa Ha OBbPXHOCTTA,
Ha I'PEIIKUTe, KOWTO OTroBapsl Ha TEKYIIOTO IOBeJeHHe Ha Mpexkara. | pajmeHTa Ha II0-
BbPXHOCTTA 3 I'PEIKUA BbB BCIKA TOUKA € BEKTOP OIPEIEISI Hafi-Obp30TO CIIyCKaHe Ha
Ta3n MOBBPXHOCT [23].

l'eneTuveH aJITOPUTBHM - aIAIITHBEH €BPUCTUYEH AJITOPUTHM 3a ThPCEHE, OCHOBAH
Ha eBOJIIOIMOHHUTE WU 3a ecTecTBeH Noabop [14]. AJropuTbMbT MpecTaBst Bb3MOK-
HOCT 3a& U3I0JI3BaHe Ha CIyYaillHO ThbpCeHe B JepUHUPAHOTO IIPOCTPAHCTBO Ha ThpPCEHE
3a pelraBaHeTo Ha JajeH IpobjeM. AJIrOpUTbMbBT Ce CTapTHPa C MHOXKECTBO OT pellle-
HUsl, HApedeHu romny/anus. Ha Besgka cTblka, pelreHnsiTa OT eIHa MOIyJIalus ce B3eMaT
U M3I0JI3BAT OT HOoBaTa momy/amnus. OCHOBHUTE MapaMeTpy Ha MeHEeTHIHUTE ajJrOPUTMU
BKJIFOYBAT BEPOATHOCT 38 KP'bCTOCBaHE U BEPOATHOCT 3a MyTanusd. [I'bpBaTa e cBbp3aHa ¢
JecToTaTa Ha M3BbPIIBaHe Ha KPbCTOCBAaHETO. Bropara B3eMa 10 BHUMAHKE KOJIKO Jec-
TO YacTU OT XpoMo30Ma 1ie MyTtupar. OcHoBHaTa (DYHKIMA Ha MyTalUsITa € Ja IpeIna3n
AJITOPUTHMa OT TOIaJaHe B JIOKAJEH eKCTPEeMyM, HO TpsOBa Jia ce MPEeIeHu YecToTa Ha
M3I0/I3BaHe, Thil KATO IO TO3W HAYUH Ce MMPOMEHSI IIPOU3BOTHOTO ThpceHe. OCHOBEH mpob-
JIEM € PEINTeHneTo 3a pa3Mepa Ha MOIYJIaIusaTa NN KOJIKO XPOMO30MH Ja ObIaT BKIIOTEHN
B eJHO ToKoJienne. [Ipu jmmrica Ha TOCTATBIHO XPOMO3OMHM, AJITOPUTHMA € C JTUMUTHPAHN
Bb3MOXKHOCTH 3a U3BbPIIBaHEe HA KPbCTOCBaHE, KOETO BOJM J0 HaMaJjIsgBaHe Ha obcera 3a
n3CjIe/IBaHe Ha MIPOCTPAHCTBOTO Ha Tbhbpcene. OT Apyra cTpaHa, MPU IMPEKAJIEHO TOJISIMO
KOJIMIECTBO XPOMO30MU, aJTOPUTHMA 111e 3a0aBU CKOPOCTTa HA CXOIUMOCT.

CumysmpaHo 3akKaJjissBaHe - aJlf'OPUThMa MMa CBOETO HAYAJIO OT CTATHCTUIECKATA
MexaHuKa (agropuTbM Merporosinc) u u3no/3Ba siBHA CTpaTerus 3a nu3bsrBaHe OT JIOKaJI-
HuTe MuHUMYME [18]. AJIropuThbMbT JleficTBa upe3 CUMyJIalus Ipoleca Ha 3aKa/isBaHe Ha
MeTaJI WU CTHKJIO, IIPU KOETO MPHU MTOJIXO/ISIN IIJIaH Ha OXJIAXK/IaHe KOH(MUTYPAIUATA UMa,
HICKa eHeprus. 3a u30grBaHETO HA JIOKAJHUTE MUHUMYMHI aJTOPUTHMA IO3BOJISIBA XO-
JIOBE K'bM PEeIeHNs C MMO-BUCOKN CTOHHOCTH Ha oOeKTHaTa (DYHKIHMSA, KATO TAK'bB XOJ Ce
cunTa 3a ‘n3kauBane Ha xbiama’ (uphill move). BepositHocTTa 38 X0 KbM Ja/i€Ha TOYKA
ce olpeJielisd upe3

Prlaccept] = e T, (8)
kbiaeto AFE e paznumkara MeXIy peajHaTa eHeprus W Ta3W Ipejau xoja, u 1 e edek-
TUBHATA TeMreparypa Ha cucremara. CiemoBaresino xoabr 6usa npuer npu [0,1] 5 R
< Prlaccept].

Jlpyru aBa eBpUCTUYIHN aJITOPUTHbMA, U3IOJI3BAHN 338 O0YIUTE/THA CTPATEI TN, KOUTO Ca
pasriie/laHl B JIUCEPTAIMOHHNS TP/ BKJIIOUBAT aJIlOPUTHM Ha MpaBkata |7| u MeroJ Ha
positiiure gactui[16], [17]. Tlpumep e najien u ¢ KBAHTOBO CUMYJIpPAHO 3akaJsiBae [15].
Pasriexxanero Ha oOydeHMeTO Ha HEBPDOHHUTE MPEXKM KaTO ONTUMUBAIMOHEH MTPOOJIEM
3a MUHUMHU3HUpaHe Ha (QYHKIUATA Ha I'PelIKaTa, IMO3BOJIABa BbBEXKIAHETO Ha MHOXKECTBO
JIOKQJIHM U €BPUCTUIHU aJrOPUTMH B o0jiacTTa. BbIpekn ToBa, MOHSKOra ajJrOpPUTMHUTE
MOTIAaJIAT B JIOKAJIEH MUHUMYM, WA B CE/JIOBU TOYKHU, KOETO BB3IUPA TOTHOTO OOYUIEHUE
Ha MpeKara.

HoBa obyuurenna crparerus

Bropa gacT Ha Tpera rjiaBa e ocBeTeHa Ha IPEJICTABAHETO Ha HOBHUS IOCT-00YIUTEIeH
IpOIIEC.
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B Tasm wacT e ommcan HOB IOCT-OOY'HTENIEH ILIPOIEC, BILXHOBEH OT paborara B [2].
MeroabT uMuTHpa KBAHTOBUTE €DEKTH U 110 TO3H HAYUH € B CHCTOSHUE Jla OCHIYPU 0~
J00psIBaHe Ha TEIVIOTO Ha CHHAIITHYHUTE BPB3KHU B €IMH HOCT-00yanTesen mporec. Llenra
e Cbh3aBAHeTO Ha METOJ], KOHTO Ja JOIpUHECe 3a HUBOTO Ha TOYHOCT Ha MperKaTa J0-
pU 1P €BEeHTYyaJleH HeyclleX Ha OOyduTeJHUs HPOIEC - JAJIH HOPAIN JHUICBAILY JIAHHH,
HEJIOCTATbYHA aPXUTEKTyPa WM HOPAJU HONAJaHe HA OUTHMHU3AINOHHHS AJIlOPUTBM B
JIOKAJIeH MUHIMYM HJIH CeJJIOBHHA. Ta3n HOBA CTPATErHs € MOCTUrHATA [IPU OTHOCHTEJIHO
HICKA M3YNCIUTETHA TexkecT. [Ipe/iorkenneTo 3a npuiarane Ha KBAHTOBATE MEXaHUIHH
3aKOHH BbB BCEKH HEBPOH KOPECIOHANPA CbC ChCTOSHUETO Ha CHMYJIAIN Ha yDaBHEHIE-
to Ha [lIprosuHrep B 3aBHCHM OT BpEMeTO METOJ, (MM JAPYT €KBHBAJIEHTEH (hOPMAIA3bM
karo Ha Qaiimvan, Burnsp). Tosa e neobxonumo, 3a Ja 0bie IHCIEHO yCTAHOBEH €BEHTY-
ajleH TyHeseH npexof. CireloBaTesHo, MpexKaTa TpsAdBa UHCICHO [a CUMYIIUPA CJIEIHOTO
HECTAI[OHAPHO YaCTHO MU(EPEHIIAIHO yPABHEHNE 38 BCEKH HEBPOH:

L, 0P h?v?
’LFLE (I', t) = | —

+V(r))®(r,t), 9)

2m

KbJETO ¢ € mMarnHepHara eaunuia, O (r,t) e BbaHOBaTa QyHKIW JedUHIPAHA TPE3
IIPOCTPAHCTBO U BpeMe, h e KoHcTanTa Ha [l1aHk, r obo3HaYaBa TTO3UIUASITA HA TaCTUIIATA,
t e BpemeTo, m e MacaTa Ha JacTunara, V2 e orneparop na Jlamnac, u V (r, t) npeacrasissa
IIoTeHIuaJIHa €HEPIrud, KOATO BJ/IMde Ha YaCTUIaTa.

B ciygait Ha OTHOCHTETHO KOMITAKTHU HEBPOHHU MPEXKH, ChCTOSINN C€ OT €JINH CKPUT
CJION M OrPaHUYEHO KOJIMYECTBO HEBPOHU, Ta3W CUMYJIAIU e ObJIe M3UUCTUTETHO JT0C-
ThIHA. B peaHu mpuiokeHrs Ha HEBPOHHU MPEXKH KATO TE3H, U3I0JI3BAHN 38 AKYCTHICH
aHaJIN3 WK pa3llO3HABaHE HA PeU, B KOATO Ce U3MOJI3BAT CTOTHUIN XUJISIM HEBPOHU, TOBA
[IPeJICTAB/ISBA KOMILJIEKCHA M U3YHC/IUTETHO HEITOCHIHA 3a/iada. FTo 3al1o, mpeicraBsanMe
U3YHUCIUTETHO YI00HA TEXHUKA, KOATO Ja UMUTHPA HAJTUIHETO Ha CJIy9IaifHOCTTA, OCHOB-
Ha B KBAHTOBA CHUCTEMa, 06€3 aJropuTbMa Ja CTPaJia OT BHCOKHM M3YUC/IUTE/HUA PA3XOJIH,
CBDbP3aHU C HAJIMIHUTE ¥ TOYHN KBAHTOBU CHMYJIAIUH.

B to3u ciyuait, Mojiesinpase HEBPOH KaTO XeTepOTreHEeH MOJIYITPOBOIHIK, KOHTO e ChC-
TOM OT ejiHa eHepruiiHa Gapuepa (Hampumvep AlGaAs), KOsATO € pasoioKeHa MKy JiBe
eHepruitHo no-uucku obsactu (Hampumep GaAs). 2| naBa Bb3MOXKHOCT 3a pasriiex1aHeTo
Ha akTHBHpaIiaTta GyHKIN Ha HeBPOHA KATO €/IHA WJIN [TOBeYe YaCTUIIN, B3aNMOJIeHCTBa-
iy ¢ 6apuepara (Bux dur. 1), cjiej; HABJIM3aHETO UM B XeTePOCTPYKTypaTa. BeposTHOCTTa
JaCcTUIATa B JIaJIEH MOMEHT t Jjia Objie OTKPHUTA B JIajieHa TOYKA OT YCTPOWCTBOTO € OIICa-
Ha oT BbaHoBara dyukmus |P(r,t)[*. Tlo To3n HavwmH, CIyvailHOCT e BbBejieHa B IpoIleca
(mpaBusio Ha BopH). AKO BEpOSITHOCTTA 3a TYHEJIEH MIPEXO/] € TI0-HUCKA OT BEPOSTHOCTTA 33
obpaTHO pa3ceiiBane, (DyHKIUATA 38 aKTUBUPAHE C€ CUNTA 38 MHXUOMTOPHA Ha HEBPOHA.

B mpakTudecko M3MbAHEHHE, TOBA MOXKE Ja ObJe MOCTUTHATO Upe3 J00aBsHEe KbM
aJIrOpuThbMa HOBa (DYHKITUS, ONMMCAHA KATO
addHiddenNoise, KosTo ja npubaBy IIIyM K'bM Bede M3UHCICHUTE TerJia Cjel Iporeca
Ha obydenwue. ToBa ce mocTura camo 3a HEBPOHU B CKPHUTHU CJIOEBE HA MPEXKATA.

hidden Layer.neurons|il.weights[j]+ = randomDouble() x weight Noise  (10)

KOETO OTroBapd Ha
flwixy + womy + waxs + - -+ + wyxy,). (11)

Oynknugara na RandomDouble e na orpanuunm jno6aBsaneTo Ha IIyM B OIpeJeieH
JIMaTa30H, 3aBUCEIT OT crerumdukara Ha 3a1a49aTa.
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Qurypa 1 JIlgaBa dpurypa: BbIHOBA YacTUIA, ONMUCAHA YPE3 CUHA HENMPEKbHCHATA JIUHUS, Ce
JIBIKY K'bM eHepTuitHa 6apuepa, olncana B YepBeHa IpeKbcHaTa JuHnd. /ldacHa rpaduka:
cJIeJ1, OTIpeJiesieH BPEMEBU IIE€PUO/I, BbJIHOBA YaCTHUIA B3anMoOjelicTBa ¢ bGapuepara. Jact
OT YacTUIATa ce pa3ceiiBa 00paTHO, JIOKATO OCTaHaJIaTa JacT IPeMUHaBa 1Ipe3 bapuepara.

Oyukrmusara backupState e wsnon3Bana 3a KONUpaHe Ha TerjaTa W €BEHTYAJTHOTO
UM BB3CTAHOBSIBAHE IMPHU CJIydYad, B KOUTO CHCTeMaTa Ipejjara pPeIeHus, Mo-JOMH OT
JIOCTUTHATHTE.

YucieHn EeKCIIepyMEeHTHn

B cekiysi 9MC/IeHN €KCIIEPUMEHTHU Ca IPEJICTABEHH €KCIIEPUMEHTH 3a BaJuJialys Ha
nocT-o0yuuTesHaTa cTparerus. [IpuMepn ca najeHn 3a e QYHKIMI: TOJUHOM OT BTOPa
crenen (f(z) = z%) u xopen kBajparen Ha nojmuoM (f(x) = /7). Cucremara u3NOI3BA
TPH TOUKH 33 O0ydeHne. APXUTEKTypaTa Ha CHCTEMa € HJCHTHIHA U 3a JBeTe (DyHKIUT
- TPU CJIOs - €JIUH BXOJIEH C €JIMH HEBPOH, €JIMH CKPHUT ¢ 4 HEBPOHA, U €JMH M3XOJEH C
e/IMH HEeBPOH. [TOIbJIHUTE/IHA OpraHuYeHtsl Ca [IOCTABEHN Ha IPOCTPAHCTBOTO 3 ThPCEHe
Ha TErJ0TO. 3a I'bPBHs HPUMED MPOCTPAHCTBOTO 3a ThPCEHE € OIPAHUYEHO B PAMKUTE
—12(min) u +12(mazx), a 3a Bropara mexiy —1(min) u +1(max).

OO6yYuTeTHUAT AJTOPUTHM € CUMYJIUPAHO 3aKajsdBaHe. B HACTOAIIUTE TIPUMEPH, Ch3-
HATEJIHO criupamMe 00yYeHNeTo Ha MpezKaTa B IPOM3BOJICH JIOKAJICH MIHIMYM [OCPEICTBOM
CKOPOCTTa Ha TEMIIEPATYPHOTO HaMaJleHHe, KaTo TOBa € JOCTUTHATO 10 He-ONTHMAJIeH
wauud. Lleara e jia ce MOKaxKke sICHO, e HAIlaTa TEeXHUKA MOXKe JIa OCUIYDH HAYUH 33
I0-HATATBIIHO MOJ00psiBaHe Ha 00YUIEeHUeTO, JOPU U CJIe]| IPOIEca Ha ONTHMU3AIIU.

3a ma ce pasbepe cTenenTa Ha BIUSHUE Ha IIyMa BbPXY [IPON3BOJCTBOTO HO MpexKaTa
¥ HaMaJIIBaHETO Ha OOeKTHATa (DYHKIMS Ca M3CIAEJABAHM 5 Da3MIHU CIEeHApHs (BHXK
dur. 2). [TbpBo TecTBaMe MpexkaTa 6e3 npubaBsHe Ha IIIyM, 33 CDaBHIBaHE Ha KBAHTOBATA
9acT OT MpezKara ¢ Kjacudeckara dact. OcraHajuTe eKCIepUMEHTH BKJIIoUBAT paboTa Ha
MpezkaTa npu pobasane crorserno Ha 0.5%, 1%, 2%, u 4% nrywm.

Hobassnero na 0.5% mym nma MuauMasen eeKT BbpXy CHCTEMaTa, BJINsEN] Ha Ibp-
BHUTE HAKOJKO pe3yJITara. 3a BCAKa TOYKA, aJlOPHTbMBT CPABHABA HUBOTO Ha IPEIIKaTa
OT KJjlacudyecKaTa M KBaHTOBaTa 9acT, N3OMPANKN [O-KAYEeCTBEHUs PE3YJTaT U OTXBbD-
ngiiku apyrus. [pu Hajguuaue Ha 10-700pO KBAHTOBO DeIeHHe, Mpexkara I'o Ipuema u
IpOJIb/ZKABA B CJIe/IBAIATa UTepallisi. Y MEPEHOTO yBeJaudenne Ha myMa 10 1% npesyia-
ra perieHnst OT MpexKaTa, KOUTO ca J00pU B rOpHATa U JIOJHATA MPAHUIA HA KPUBATA U
[I0-HETOYHH B CPEJHUTE CTOHHOCTH.

TounocTTa Ha MpexkaTa ce BjOMIaBa Ipu npuiarade Ha 2% miyMm. Bbipekn Tosa, ¢
JobaBsiHe Ha IIYyM, KBAHTOBATA MPEXKa MPEBBH3XO0XK/A KJIACHIECKATa B HIKOJKO CJIydast
(Buk ur. 3 3a HUBOTO Ha rpemkara). [lo-BUCOKHMTE HUBA HA IIYM BCE [AK IIOCTUIAT MAJIKH
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Qurypa 2 ['padukure ce oTHacAT 3a pelraBaHe Ha MOJUHOM OT BTOpa creneH. CHUMBOIBT
YepBeHa 3Ba3/1a 0003HAYABA YKeJIAHUS U3XOJIEH CUTHAJ Ha MPeXKaTa, CHHUS T MOKa3Ba 13-
XOJIEH CUTHAJI OT KJIaCHYecKaTa JacT, a KBaJIpaTa OIMCBa KBAHTOBOTO perrenne. [IbpBaTa
rpaduKa e BaJIUIUPAIIUs TECT, IpU KOUTO HeAMa jobaBsHe Ha miyM. Haii-rope B 1scHO
ca pesyararure or Mpexkara upu 0.5% mym. Cpennure nsaBa n jsgcHa rpadpuka OIUCBaT
pesyararu npu npudassane Ha 1% un 2% mym. Ilocreanara rpaduka e OTHOCHO pesyaraTn
upu upubassuae Ha 4% mrym.

10100peHust B pe3y/ITaTuTe Ha MpezKaTa, HO IPH MHOI'O MO-MaJjIKa CTEeNeH U JIbJIO0OYMHA.

[Ipu Bropara dyukius (B ¢ur. 4)- 3a permaBaHe Ha KOPeH KBaJPATEH HA IIOJIH-
HOM, ce 3abe/isI3BaT 3HAYUTE/NHU pasauku. TyK, MOJebT Ha HaMajsgBaHe Ha Ipelikara
e CTBIAJOBUJEH, KOETO MPUJINYa Ha TO3U B MOJ00HA CUTYAIUs 3a I'bpBaTa (OyHKIHI.
[Tpu Tasu HACTPOIiKa, CAMO HAKOJIKO T0-00pU PE3YJITATH Ca OTOEISI3aHN, HE3ABUCUMO OT
CTPBMHOTO CIIyCKaHe Ha HaMaJjlgBaHe Ha I'PeIIKara OT TOYKa JI0 TOYKA.

CuMmynanuara 1mokassa, 4e 2% IOIyM JIOIPHUHACH 3a IIOBUIIaBaHE Ha e(PUKACHOCTTA HA
KBaHTOBaTa Mpexka. MpexkaTa ocuUTypsBa JBa I'bTU IIOBEYE PE3yJTaTH OT KBAHTOBATA
MpezKa, cpaBHeHO ¢ npusarane Ha 0.5% wim 1% mym, KaTo ciejcTBue € U MHOIO II0-
HICKWUTE HUBA HA TDEITHN perierns (BuK Qur. 5 3a HUBOTO Ha I'PEIKaTa).

Exno or Bb3MOXKHUTE 00SICHEHUS 38 Pa3/IMKaTa Ha IPOU3BOAMTETHOCTTA Ha MperKara
3a JBaTa YUCJIEHH €KCIepUMEeHTa MOXKe Jia Obje IpelocTaBeHa OT MPOMsHATa Ha IPaHu-
UTe Ha IMPOCTPAHCTBOTO 34 ThPCEHE Ha TerjaTa Ha BPb3KUTE HPH JABeTe (PyHKIUH.
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Qurypa 3 HamassBane Ha rpemkara B ¢Jiydail Ha IIOJUHOM OT BTOpa cTeneH. ['pemkara ot
KJIACHIECKaTa 9aCT OT MpezKaTa e m300pas3eH upe3 (CHH) , JOKATO IPelkaTa OT KBAaHTOBaTa
CTpaHa Ha MpexkaTa e MOoKa3aH Karo (depBeH) kBajpar. Haii-rope ssiBo rpadukara ce
orHaca 3a rpemka npu 0% mym ¢ nen Bamunanus. Toprara jsgcHa rpadpuka WIIOCTPUPA
rpemnika Ha Mpexkara B cueHapuii ¢ 0.5% mym. Cpegaure rpaduku ce OTHACAT CHOTBETHO
3a npuBabassaue Ha 1% u 2% mywm. Iocnennara rpacduka onucsa rpemkara Ha MpezKarTa
pu 4% mrym

I'maBa 4. AHaiu3 Ha 9yBCTBUTEJIHOCTTA

B 4derBbpra 1i1aBa ca mpejicTaBeHd HHCTPYMEHTH 3a aHaJu3 Ha 1yBCTBUTEIHOCTTA HA
HEBPOHHA MpexKa, 3a YCTAaHOBsSIBaHE BJIMSHHETO Ha IIyMa B MpexKkara. V3cimeaBanus 3a
B/IIMAHUETO Ha CHy‘laﬁHI/I njm HelIpeaCKa3syeMu KOﬂe6aHI/I§I n CMyIlIeHusd U IIOTCHIIUAJTHUTE
MM TI0JI3U 3a HeBPOHHM cucremu |8, 9] ca nposesern. OT MHKeHEPHA IIeIHA TOYKA, IITYMbT
ce njieHTUUIMpPa KaTo BPEJIEH 3a CUCTeMaTa U 3a KadeCTBOTO Ha pe3ysartarure. B Ouoso-
IUYHU HEPBHU CUCTEMH, OT JpyTa CTpaHa, IMIyMbT € eCTeCTBEHO CIeJCTBHE Ha CHCTeMaTa,
KaTO Ce CMsITa, Ue IPEeIOCTaBsl OIPEIe/IeHH TI0JI31 3a aHaJM3 Ha WH(OpMaIusTa.

B tasu riaBa mpejcraBsivMe METOIOJIOIUs 38 aHAJIM3 HA TyBCTBUTEIHOCTTA Ha HEBPOH-
Ha MPpexKa IIpU IPUCHCTBUETO Ha IIYM, rHO6&BeH BBHB BCAKO CUHAIITUYIHO TETJIO OT MpezKaTa.
[esra Ha Te3n TEXHWKM 3a aHAJIN3 HA TYBCTBUTETHOCTTA € Jia MTPEIOCTaBl MaTeMaTHIec-
KU TIOJIXOJI 3a OIpejesidHe Ha HUBaTa Ha IIyM B JaJleHa Mpexka. Upe3 MHCTPYMEHTHTE
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Qurypa 4 ['padukure ce orHacAT 3a perraBaHe Ha KOPEH KBajpaTeH Ha moJmHOM. CHUMBO-
JI'BT depBeHa 3Ba3jia 0003HavUaBa YKeJaHud U3XO0J/IEH CUTHAJI Ha, MpeXKaTa, CHHUS X ITOKa3Ba
U3XOJIEH CUTHAJI OT KJIACHYecKaTa JacT, a KBaJpara OlNCBa KBAHTOBOTO perienue. [IbpBa-
Ta rpaduKa e BaJuIUpaIlis TECT, IIPU KOUTO HaAMa jobaBgaHe Ha 1rym. Hail-rope B mscno
ca pesysnrarure or Mpexara 1npu 0.5% mym. Cpeanure JisiBa u jisacHa rpaduka OnucBaT
pesyararu upu npubassane na 1% n 2% mywm. Ilocnennara rpaduka e 0THOCHO pe3yararn
nupu npubassare Ha 4% myMm.

YCTaHOBABaM€ Bb3MO2KHO JIM € OIIPpEeAe/IEHO KOJIMIECTBO IIYM JIa C€ U3II0JI3Ba 3a HO,HO6pH—
BaH€ Ha IIPOMU3BO/JUTE/IHOCTTa Ha MpeEXKaTa, a KOraTO Ce€ BJ/IMd€ HEIraTHUBHO - KaK ,ZLeI'?'ICTBa
ImyMa KaTO H3TOYHHMK Ha BapHallvuM. LIpes UHCTPYMEHTUTE Ha aHaJIU3 Ha YYBCTBHUTECJI-
HOCTTa MOXKe Ja 6’]3,ZL€ YCTaHOBEHO BJIMAHHETO Ha IIPOMEHJIMBUA IIYM Ha IIOBEJICHUECTO Ha
MpeKaTa U KaKBa € 9yBCTBUTE/JIHOCTTa Ha PE3yJITaTUTE OT IIpUjlaraHeTO Ha CbOTBETHOTO
KOJIMIECTBO IIYyM. Wznoassanure NHAWKATOPU 3a aHaJIU3 Ha 9yBCTBUTE/ITHOCTTa IIOKa3BaT
KaKBO € Bb3MO2KHOTO OTKJIOHEHHEC Ha pe3yJTaTuTe OT CUucCTeMaTa IIOpall PpasMeCTBaHUA
Ha ITapaMeTpHuTe Ha CUMHAIITUYIHUTE TErJla. CDyHKHI/IOH&J’IHOCTT& Ha MpezKaTa MO2Ke J1a 6”1),&8
3HAYUTE/IHO IIPOMEHEHa C M3MECHEHME Ha IIyMa B TerJlaTa W CJI€0BATE/JIHO Ie MMa 3Ha-
quTe/IHa 9YBCTBUTE/IHOCT KbM CHUCTEMaTa. n O6paTHO, C HE3Ha4YUuTe/IHa 9YyBCTBUTEJIHOCT,
IIPOU3BOAUTE/IHOCTTA Ha MpPeEzKaTa HE TpH6Ba a 6’b,H‘aT IIPOMEHEHU 3HaYUTEJ/IHO.
Nsnonssanure NHIWKaTOPU 3a aHaJ I3 Ha 9yCTBUTE/JIHOCTTa IIPEJOCTABAT CTaTUCTHUYICC-
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Qurypa 5 HamagBane Ha rpemnrkara B cIydail Ha KOPeH KBaJipaTeH Ha MojuHoM. ['perr-
KaTa OT KJIacCHM4YecKaTa 4acT OT Mpexkara e n300pas3eH upe3 (CHH) , JIOKATO IPENTKaTa OT
KBaHTOBaTa CTpaHa Ha Mpexkara e MokasaH KaTo (yepsen) kBajpar. Haii-rope JjisiBo rpa-
dukara ce ornacs 3a rpemka npu 0% mym ¢ men Bagujganus. [opHara jsicHa rpaduka
WIIOCTPUPA IPelKa Ha Mpexkara B cuenapuii ¢ 0.5% mym. Cpegaure rpaduku ce OTHACIT
cHOTBETHO 3a npuBabassane Ha 1% u 2% mywm. Ilocieanara rpaduka onmucsa rpemkara Ha
MpezkaTa mpu 4% mym

KU JIAHHU, e JI00ABIHETO HA YMEPEHO KOJUYECTBO MIyM B JIEHCTBUTEIHOCT Ch/IeHCTBA 3a
110/106peHne Ha IPOU3BOJANTEIHOCTTA Ha Mpezkara. ToBa ce JI0Ka3Ba OT HIKOJIKOTO U3IIOJI-
3BaHU IIOKa3aTeJI, KOUTO Jla YCTaHOBAT O6XBaTa Ha BB3MOXKHUTE PEHICHUA. I/I3H03BaHI/I
ca EBkinioBoro pascrosinue (Ls), Hebemmera vHopMa (Lo, ), 1 KocurycoBa 6Ju30CT (Leps)-
[Ipn Hasmume Ha JiBa BEKTOpA Ha CHHAIITUYIHOTO TErJIO, M30PAHU OT MPOCTPAHCTBOTO HA
BbH3MOXKHHU DPEIIeHnsl, KOCHHYCOBa OJIM30CT mpejocTaBst nHGOPMaIlsl 38 TsIXHATA OPUEH-
Tarus, a KBKIMIOBO pascTogHue Mpon3BeKIa Bb3MOXKHU IIOCOKHM U CBOMCTBA Ha M30paHU
Tera. Ly, WHIUKATOPBHT IPEJICTAB/IABA TapaMeTbp Ha MaKCUMAJIHO pasMuHaBane. Beeku
OT M3YHCJIUTEJIHITE eKCIIEPUMEHTH € [POBEJICH C e/[HAKBU HAYAJIHU YCJIOBUsI, 38 J1a MOXKE
Jla Ce OCUTYPHU CPABHUMOCT Ha PE3yJITATHTE.

Upes aHa/M3a HA IyBCTBUTEIHOCTTA CE€ II€JIU OCTUTAHETO HA MO-KAYeCTBEHO pa30u-
paHe OTHOCHO (PYHKIIMOHMPAHETO HA MpeXKaTa IPU BbBEJIEH ITYM B IIPOCTPAHCTBOTO Ha
CHUHAIITHYHUTE TErJla. C'leO TaKa € YCTaHOB€Ha KaKBa € 9yBCTBUTE/THOCTTa Ha U3XOJIHUTE
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pe3y/aTaTH IpU BbBEXKJIAHETO Ha IIyM B TerjaTa Ha Bpb3kuTe. BaxkHO e 0TOesIsi3BaHeTo,
9e IMyMDbT € pa3lviezKJaH KaTO IIYMOBa BapHalldd M CJICO0BATC/IHO B HAKOU HaCTpOfIKH
HUBOTO Ha IIyM He BOJH JIO TI0JIOOpEHHE Ha, PE3yITATUTE.

[IbpBusaT nmokasares, Ha 6a3ara Ha L., C& BbBEXKIa KATO

u-v

lcos(w”) == lcos [’LL(IU”), U] (12)

~ Julol”

K'bJIETO - € MIPOJIYKTa U |u| € abcoMoTHATa CTORHOCT Ha BEKTOD U. Loys CHINO TaKa MOXKE [
6']3,&6 HEeraTuBEH 3a BEKTOPHU, KOUTO Ca B IIPOTHUBOIIOJIOZKHHU IIOCOKH Ha Nx IIPOCTPaHCTBO
Ha W3XOJIHUTE BEKTOpHU. 10Ba € J00bp HoKa3aTes 3a CXOJCTBO MEXKJy JBa BeKTopa. B
JIeICTBUTEIHOCT, KOTaTO JIBa BEKTOPa codaT B €Ha M CbhINa [IOCOKA M UMaT CPABHUMU
abCOJTIOTHU CTOWHOCTH, L.,s € 0/m30 j10 1, KoraTto ca oproroHajHu toraBa L.,s = 0, a
IPU HIPOTUBOIIOJIOXKHOCT Loos = —1. Moxke ja ce orOesie:ku, Ue aKO CMYIIIaBaHETO Ha
TeXKECTHUTE He € TBbPJIe TyBCTBUTEIEH (Ja/IeH OIpe/esIeH INAma30H), ToraBa Lq,s TpsiOBa
Ja ce npubJmKaBa KbM 1.

BropusaT naaukaTop, KONTO € M3MOJI3BaH ce OCHOBaBa Ha €BKJIMIOBOTO PA3CTOAHUE U
MOKe Ja O'bJIe OIMCaH KaTo

KbJIETO U; U V; ca ¢ KOMIIOHeHTH Ha BekTopu u and v. To3m mokaszaresn e mMeTpudeH u
MOZKe JIa Ce T'hJIKYBa KATO PA3CTOSHUETO MeK Iy HAUYaJHUTe Tera (u) u M3MEeHEeHUTe CJIe]|
myma (v). ToBa e siceH mokazares 3a Ka4eCcTBOTO Ha M3YUCJIeHOTO perienue. [lo-Huckara
cToiiHocT Ha Lo B TO3U Ccjydail 03HaYaBa I10-JI00PO pelleHne Ha 3aa9aTa.

[Tocneauuar naauKaTop Lo, MOXKe Ja Objie NPHUJIOXKEH 3a Jia e OIPEIen JOIbJIHN-
TEJIHO METPUYEH ITOKa3aTes

Io(w") = IoJu(w”),v] = [u(w"),v]|e = mazx|u; — vy (14)

B To3u crienucuyen ciydail, € n3noa3BaHa CTOMHOCTTA Lo, KATO HHIUKATOP 38 MAKCUMAJI-
HOTO PA3CTOSHUE, KOETO MOXKe Jla UMa, MEXKIy U3MEHEHUTE Teryia cjie IpudaBsHe Ha IIyM
B JlaJleHa TOYKa OT IIPOCTPAHCTBEHOTO pereHne. KaTo JOMb/JIHUTE/HA €JIMHUIU Ca TIPe/I-
CTaBEHU YUCJIOBUTE IIPOU3BOJHHU Ha IMOKA3ATEJNUTE, BHIPEKN JOCTHIHOCTTA 0 TAXHOTO
AHAJIUTUYIHO 1pou3Bo/iHO. [leTa e mocTuraneTo Ha 1Mo-100pa yHUBEPCAJHOCT.

4.1. YucjieHu eKCnepuMeHTH

Ba aHajm3a Ha YyBCTBUTETHOCTTA, Ca IPEJICTABEHN JIBa UNCJIEHH EKCIepUMeHTa 3a
U3I'bKHAN U BITHOHATH He-HaMaJjsgBaIy (MYHKINN, ¢ el n30drBaHe U3MeCTBaHETO Ha
pesyantarute. JIpere dpyHKIME ca MOJUHOM OT BTOopa crenen (f(z) = x?) n Kopen Kpajpa-
TEH Ha IIOJIMHOM. I/I B JBaTa CJjiy4dasd apXHUTCEKTypaTa Ha HEBPOHHaTa MpeExKa € UJCHTUYIHa
- C eJIMH BXOJAIT HEBPOH, 4 CKPUTH HEBPOHA W €JINH W3XOJIeH HEBPOH.

Pezysitarure or n3cieBaneTo Ha aHaM3a Ha IyBCTBUTETHOCTTA HA HEBPOHHUTE MPe-
KM U TPUTE UHJIMKaTOpa ca m3obpazenu Ha fig. 6-7. Qurypa 6 1mokaspa pe3yaTaTuTe OT
TECTOBE 3a IOJUHOM OT BTOPA CTEIIeH, KbJIeTO ropHuTe rpaduku mnpejacrapigBarT EBk-
JINJIOBOTO PA3CTOsIHME, cpejauTe rpaduku umoctpupat L., u nociaegnure rpadukn 3a
moKasare/l Ha KOCHHYCOBaTa, OJIM30CT.

Nz00passiBaneTo Ha MHKa Ha BCAKA I'padUKa MPeICTaB/IgBa ONTUMAJHO PelleHne Ha
dyHKIUATA, KOATO OTTOBaps Ha (PYHKITHSA Ha MPUIOKeHU IyM. BaxkHo e j1a ce otbeexu,
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Ye He3aBUCHMO OT BHUJa Ha WHJINKATOPA, KOUTO € U3NO0JI3BaH, ce HabJIoIaBa 9e BbPXOBETe
Ha BB3MOKHHUTE PEIIeHHs Cca IIPEeICTABEeHN B €IHA U C'bINa MTO3UITHSI.

B roprara nsBa rpaduka Ha ¢ur. 6 eBKJINI0BOTO pa3CTOsSHIE IT0Ka3Ba, de MPU HaJIU-
une na 45 — 47% mym, perrennero Ha 3ajadaTa € 3HAYUTEIHO 10100peno. B pombinenne,
u3xouTe OT Ly 1 Ly, ca KadecTBEHO (TSIXHOTO TIOBEJICHUE) €THAKBY, BHIPEKH PAa3/INKa B
KOJIMYeCTBeHATa JacT. 3a TO3M KOHKpEeTeH Ipo0JIeM, ce 0YaKBa Te3U IapaMeTpH Jia Ipe-
JIOCTaBAT €IHa 1 ¢bina nHpopMmarms. Moxe 1a ce oTbeseku, de MaaKo KOJUIECTBO IIyM
[IPEJICTaBIABA JOCTATHLIHO JI0OPO pelleHne Ha Mpod/eMa ¢ ONTUMUABAIUITA, BLIPEKH e
C'BIOTO HE MOKE J1a ce Hab/IoAaBa Iph L.y, K'bJICTO UMa KojiebaHue Ha PEIICHUETO.

Karo ce nma tpeaBuj, de 3a TO3M KOHKPETEH IOKa3aTes, KOJKOTO 1o-0/im30 1o 1 e
peIeHneTo, TOJIKOBa Mo-100pe, rpaduKara Ha JIOJHA JsIB yIacTbK Ha ¢ur. 6 mokas3sa
BJIONIaBaHe Ha pesyiartara (ke ce no-gasned or 1). I[lokazarensar 3a KocmHycoBarta

u-v
[ul[v]

31 Ha4YWH, HE3aBUCHUMO OT IIOJ00HU BBHPXOBE OT TPHUTE IOKA3ATEJIsI, € Bb3MOXKHO Ja Ce
HabJtro/1aBa pazianydna nndopmarus. /JokaTo mbpBUTE JIBa MOKa3aTe A JEMOHCTPUPAT 3a-
JIOBOJTUTEJTHU PE3Y/ITATU 38 HUBA Ha IIIyM U [TOBEJICHUETO Ha MpexKaTa, TPETHAT Pa3KpUBa
00paTHOTO 3aKI0IEHHE.

[Tpu eBkymoBoTo pascrosinue (dur. 6) ropua JsBa rpaduka coun, e npu 40% mym
nMa eJIMH BPbX, KOUTO sICHO OCUTYpPsIBa MHIMKAIUS 3a MOA00psSABaHE ITPOU3BOIUTETHOCT-
Ta Ha Mpexkarta. HuBOTO Ha IIyM B TO3U C/Iydail JPacTUYHO IOJ00PsABa pe3y/ITaTuTe Ha
HEBpOHHATa MpexKa. TpeTuaT nHIUKATOp OCUTyPABa MOMEHTHA CHIMKA Ha BJIOIIaBaHe Ha
MOBEJIEHNETO, KOraTo rmoBetve myM ce npuaara. CbIno Taka, IIPU HAMAJISABAIIU CTORHOCTH
Ha Lo 1 L., Te moKa3BaT 100PO pellenne Ha 3a1a49aTa, a Ipu L., ce HabIo1aBaT Tpemre-
HUs 06,1130 710 1, K'bJIETO MpekaTa IPOU3BexK/1a J00pU pe3yJITaTH, a Io-jajaed oT 1 HiaMa
HAJIMYME Ha JOOPU perieHus.

CuryarusTa e 1Mo-MaJjKo siCHA B HAYaJJHUTE HUBA HA IIIyM, KOTATO € HaJIuIe KojiebaHme
Ha onTuMasHuTe perteHns. CHermuano 3a KOCHHycoBaTa OJU30CT, € M3YNC/IeHa BTOPaTa
IIPOM3BOJIHA, 34 J1a ce pa3depe 1Mo-100pe CBbp3aHuTe ¢ TaxX polecu. JlorHa ascHa rpaduka
Ha dur 6 Ha jgepuBata 3a L.,s TapaMeTbpa, COUN 3a CUTYAIUs, B KOSITO I10-T00pU PEIIeHUs
Morar ja Obaar Hamepenn 6,u30 j10 HuUBOTO 50% IIyMm, KAKTO M B IO-MaJKHUTE CYMH,
KbJIETO IIyMbT € caMmo 3a 15%.

[Ipu BrOpus qucaeH excrepuMeHT (BuK Gur. 7) 3a KOpeH KBAJPATEH Ha MOJHHOM
(f(x) = /x), Tpure MapamMeTbpa U TEXHUTE JEPUBATUBHU CTOMHOCTHU IIpeJaBaT 107100-
Hu HabsojeHus. [IbpBuTe JiBa mapaMeTbpa OTHOBO Ca KAadeCTBEHO IOJIOOHU, BBHIIPEKH
Je KoJIm4IecTBeHo pasymaau. HabsogaBaT ce MUKOBE 3a ONTHUMAJHUTE pelleHus 3a Lo 1
L+, KOUTO OTHOBO IPEJOCTABAT 110/I00HA UHMOPMAIUA OT aHAJIN3a HA IYyBCTBUTETHOCT-
ta. Makap Ue uma HIKOJIKO 1I0-100pU pPelleHns, Oy YeHn nIpu mo-Majiko ot 10% mym, ce
HaOJII0/IaBa 1 NOABABAHETO Ha HAKOJIKO I0-7100pm pemenns okoso 70%. Iocienosaren-
HO MMa IO-TOJISIM IAHC 3a ONTHMAJIHO pellleHne, KoraTo ce MpudaBaT MaJKi KOJUIeCTBa
OT IIyM B CHCTeMaTa, KOHTO moJobpsiBa MPOU3BOAUTETHOCTTA Ha Mpexkara (BuzK dur. 7,
ropuu u cpejuu dpurypn). Pasmkara or npeuiiHs ciydail e, 4e TyK MOXKe Jia Ce HIIOC-
TpUpa, Ue UMa HIKOJIKO MAJIKA X'bJIMOBE COYEIN K'bM PEIeHUe ¢ M0-MaJIKO KojiebaHue oT
TOYKa 710 ToUka. OTHOBO MHINKATOPA 38 KOCHHYCOBaTa OJIM30CT OCUTYPSIBA PA3HOIIOCOTHI
pe3yJITaTH B CpaBHEHME ¢ WHMOPMaIUITa OT IPEIUIIHuTe rnokasarenn. Purypa 7 101y
JIBO WJIIOCTPUPA TO3H L.ys TApaMeTbp B aDCOJIOTHATA MY CTOWHOCT.

3a 1o-106po paszbupane Ha IMOKA3aTEJIUTE, OTHOBO CA U3IOJI3BAHU IIPOU3BOJIHUTE HA
MoKa3aTeInTe, KaKTo € 00sicHeHO 1o-rope. ['open Jisia u cpejna gurypa ot dur. 7 oT-
66JIHSB&T Y€ MHAUKATOPUTE I'PpaBUTHUPAT K'bM HYyJIaTa HESaABUCUMO OT KOJIMYECTBOTO IIIYM,

OJIM30CT B TO3M BapHaHT € IPEJCTaBeH C abCOJIIOTHATA CTOMHOCT L.,y = . Ilo To-

Asmopeghepamu na ducepmavuu 8 (2017) 17-43



HOBW ONTUMUN3ALUMNOHHN CTPATET M N EBONMIOLIMOHHN APXUTEKTYPU 3A OBYYEHUE HA HEBPOHHW MPEXKI 35

BBIIPEKH Ye J00pu perenus ca Hamepenu npu 5 — 10% mrym, kakro u npu 40% u Majko
naj 60% npubassiie Ha NIyM.

Bceku enpuH OT M3NMOM3BAHUTE MHIMKATOPH JONPHUHACH BAXKHU 3HAHMS 34 OITHMAJI-
HOTO PEIIeHre OTHOCHO IIPUEM/IMBHS IIYyM IIPUJIOZKeH K'bM MpexkaTa. OCBeH TOBa, ¢ Te3U
MHCTPYMEHTH Ce JONPHUHACH 3a YCTAHOBABAHETO Ha KOJMYECTBO IIYM, KOETO HsIMa J1a ITOB-
JIige OTPULATE/IHO Ha IOBEJEHNETO Ha MPEerKaTa WU JIa UMa OTpUIaTeaeH eeKT BbPXy
usxoaHuTe Janan. Hemo nosede, Tesn mokasaTesn JaBaT Bb3MOKHOCT TOTHO JIa Ce OIIpe-
JIeJIN HUBOTO Ha IITyMa, KOITO HPeIBUZK/Ia MOZOOPEeHHe 3a POIeca Ha ONTUMUBAIA, WIH
BMECTO TOBa JICiiCTBA KATO M3TOYHMK Ha KoJeGaHue.
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Qurypa 6 Qurypure or JsgBaTa cTpaHa IPeACTaBIABAT TPUTE MOKA3ATe/d 3a aHAJIN3 Ha
4yBCTBUTETHOCTTA, IPUJIOZKEHH 32 TIOJIMHOM OT BTopa crenen (f(x) = x?). Tpaduxure ot
JIACHATA CTPAHa OIMUCBAT JICPUBATUBHUTE CTOMHOCTU HA WHIUKATOPUTE

I'maBa 5. HoB xubpmaeH €BOJIIOIIMOHEH AJITOPUTHM IIPHU JAU3aiiH HA
TOIOJIOTU HAa HEBPOHHU MPEXKU

B riaBa mera ca pasriejjaHu OCHOBHUTE TapaMeTPHU, KOUTO BIUAAT Ha IPOU3BOIUTE]I-
HOCTTa Ha HeBpoHHaTa Mpexka|l0]- karo 6Gpoil cjoese, GPONl HEBPOHU B IgaaTa MpeXKa,
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Qurypa 7 @urypure or JgBaTa CTpaHa MPEJICTABIABAT TPUTE IMOKA3aTe /s 3a aHaJInu3 Ha
qyBCTBUTETHOCTTA, IPUIOZKEHN 3a KOpeH KBajpar Ha nojmuaoM (f(z) = /). ['paduknre
OT JIICHATa CTpaHa OIUCBAT JEPUBATUBHUTE CTOMHOCTH HA WHIUKATOPUTE.

KaKTO 1 BbB BCEKHI CﬂOﬁ, B A0OBE CHUHAIITUYHU BPBH3KH ME2K/1Y HEBPOHUTE, BUJOBE aKTU-
BaIlMOHHN (PYHKIINN, CTPATETWH 33 WHUNMJIN3UPAHe HA TerjlaHa Ha BPb3KHUTe, OOEKTUBHU
dyukinu, obydaBalm aJaropuTMu, KaKTO U BJIUSHHETO Ha MpeJBapuTesHaTa o0padoTka
HA BXOJHU JIAHHW K'bM MpexKaTa. 1e3u KOMIIOHEHTH Ca OT ChIIECTBEHO 3HAUYCHUE 3a 13-
YUCJIUTEITHA TPOU3BOUTETHOCT, e(DEKTHBHOCT ¥ TOYHOCT Ha BCAKA HEBPOHHA Mperxka|19],
[1]. YeranoBeHo e, We TomosornsATa Ha HEBPOHHA MpeXKa, BJIHsie BbPXY e(eKTHBHOCTTA Ha
MpexKaTa ¢ IpuMepr B 06JacTTa Ha KOMIIOTHPHOTO 3penne(21]|. Bposar mapamerpu mMozxke
JIa ce m30mpa 3aBHCHUMOCT OT HpobJyieMa M TO3U IIPOIEC IIPeACTaB/IsSIBa CJIOXKEH KOMOU-
HATOPEH ONTUMHU3aIuoHeHn pobdsieM. Pazymanu caMoopranu3upaliy TOIOJOTUN ca OUIn
npe/IoxKenu u npuiaoxkenn |21, [26], [4], [5].

B HacCTOdAlaTa I'JlaBa € BbBEJICH HOB IIOJAXOA KbM Pa3BUTHETO Ha HEBPOHHA MPEZKOBa
APXUTEKTYPa, 38 OCUTYPSIBAHETO HA ABTOMATHIHO U U3IUCTUTETHO OCHIECTBIMA CAMOOP-
raHm3anys Ha HeBPOHHU MPEXKHU 3a pelaBane Ha JajieH 11podsem. OCbInecTBeH € XHOpH-
JIeH CTOXaCTUYeH TeHeTHYeH aJrOPUTHM, KOHTO IpeIocTaBs HAa MpeKaTa j1a n3depe Beska
Bb3MO2KHa CTPYKTYpPa OT [da/ieH MHTEPpBaJl OT Bb3MOXKHU apXUTEKTYPHU B 3aBUCUMOCT OT
cuernududen mpodseM. Upe3 Tazu €BOJIIONUOHHA CTPpATErus € U3IPaJICH JIECHO TapaJiesii-
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3UpalIl Ce METOJI B CbCTOAHUE J1a N304ATa OT 1IpodJieMa ¢ 0600IIeHNeTO Ha U3XOTHUTE JTaHHN
KOraTo MHHHUMAJIHOTO KOJUYIECTBO Ha JIAHHU 3a 00yUeHUe € JOCTBIIHO.

Onucanue Ha ajropuTbMa OCbIECTBEHUIT aJrOPUTHM IIPEIOCTaBst n300p Ha Opoit
HEBPOHU, OPOil CKPUTH CJIOEBE Ha MpexKaTa, BUI0BE CUHAIITUIHA BPb3Ka, aKTUBAIIMOHHUATE
byHKIMU, BUJI aJrOPUTHM 3a 00ydeHune pu n3dopa Ha Tomosorus. Koudurypupanero na
BCUYKHU TE3U KOMIIOHEHTH yCTAHOBSIBA MHOI'OMEPHO IIPOCTPAHCTBO OT BbH3MOXKHU CTPYK-
TYPH, KaTO CHIIEBPEMEHHO € B ChCTOSHIE JIa IIOCTUIHE JTOCTATHIHA ITPOU3BOIUTETHOCT C
JIOCT'BITHY U3YUCIUTETHN pecypcu. [lo Bpeme Ha 4ncjieHUTE eKCIIEPUMEHTH, XUOPUTHUS
mporiec n30upa MeKJIy ToOpe OIUCAHUTE €JIEMEHTH.

B nacrosimara paspaboTka eIMHCTBEHOTO OrpaHrYeHne KbM OpOosi HEBPOHU, CJIOEBE U
Opoii BPpb3KHU € OlpejeseH B IaJeH JAMala30H OT MUHUMAJIHA U MAaKCUMAJIHA CTOWHOCTH.
Hsama cnermududano u3mrbaHeHne Ha Koja 3a J00aBsHE WM OTCTPaHsSBaHe HA HEBPOHUTE
10 BpeMe Ha IIPOIIECA.

MpexkaTa He ce orpaHmYaBa CaMO 0 BHUJ BPBH3KH MKy HEBPOHU. AJITOPUTHMBT
HsiMa, OTPaHUYCHHE IIPU M300p HA CUHAITHYIHU BPDH3KU MEXKJIy HEBPOHHUTE - T€ MOTAT Jia
ObIaT KAKTO IIOCJIEI0OBATEIHN, TaKa 1 HEeIOCIeJ0BATeIHN, HE3aBUCUMO OT IIO3UIIAATA Ha,
HEBPOHUTE B CjioeBeTe. AJTOPUTHMBT IPEIOCTaBsI Bb3MOXKHOCT 38 OTrpaHnIaBaHe OPOsI
Ha BXOJSINUTE BPBH3KN KbM BCEKH HEBPOH, 3aBHCHMOCT OT KOHKpETHATa 3ajada, KOSTO
TpsibBa Ja ObJie perera (B 3aBUCHMOCT KOHTPOJIMPAHETO pa3Mepa Ha MPOCTPAHCTBOTO Ha
PEIIIEHIETO).

NsnosBanugar B Ta3u paboTa 00YyIUTE/IEH aJrOPUTHM € CHUMYJIUPAHOTO 3aKaJIdBaHe
[18].

EBosmonmonna crparerusd B ta3u pabora, € BbBeIeH HOB XUOPUI T€HETHUIEH IT0JIXO0/T
Ipe3 MPUIAaraHeTo Ha JIOMbJIHUTEEH CTOXaCTUYIeH CJIOH, (PyHKIIMOHUPAI] e THOBPEMEHHO
¢ PEHETUYHUS CJION. AJIPOPUTHLMBT BKIIOUYBA JABE CHHXPOHHM CTBLIKH. | €eHETHIHUAT aJIro-
PUTHM Ce HHUIAIU3UPA U Ch3/aBa rpyma ot mnomyarmn (50) Ha OTJe/THITe apXUTEKTYPU

C1,Cs,C5, ... C, OT IPOCTPAHCTBOTO Ha Bb3MOKHUTe KoHburyparuu. [lapaienno ¢ to-
Ba, CTOXaCTUIeH CJI0f reHepupa Apyra rpyma mnomysaarmun (50) Ha OTIeJHITe apXUTeKTyPI
S1,89,95, ..., [eHeTHUHUAT aIrOPUTHM ChUeTaBa BEPOATHOCT 38 KPbCTOCBAHE W BEPO-

SITHOCT 3a MYTaIls, Ipe3 KOUTO Ce Pa3BUBAT MOTEHITUATHNATE TOTOJOTUIHA KOMOMHAIINN.
Crenpa u360p Ha eJIeMEHTHUTE ¢ Hali-100pu CTOWHOCTH.

CrapTupaHeTro Ha aJropuTbMa OIpeJe/isi CTONHOCTUTE Ha OOEKTUBHATA (DYHKIIHA 34
BCEKHM OTJIeJIEH eJIeMEHT B IOIyJIallisiTa, KOeTO MMOKa3Ba, Ka4eCTBOTO Ha, crernnduIHa Mpe-
JKOBa TomoJiorust. B tasu pabora, e usnonssana Ly — norm yHKIWs Ha rpentkara (BbIil-
peKH Ye He e HeoOXOJMMO OrpaHMYaBaHETO camo 70 Tasu ¢yHkius). Ha Beska Bpeme-
Ba CTBIIKA, aJITOPUTHMBT IIPHEMa 3a [MO-HATATHITHA €BOJIONNS eJleMeHTa C Hail-HuCcKaTa
rpemika. [Tpomecsr e nogoben va Tournament merosa [25].

Ha Bcgka crblika, aJropuTbMbT OINEHSIBa HUBOTO Ha TI'pEIIKaTa Ha BCEKH WHIMBU/I
ot asere nomynanun. Ciien ToBa M30Mpa €IWH WHAWBUM OT T€HETUIHHUS M CTOXACTHIeH
cioit. OT TaM, MHINBUILT C Hall-HUCKaTa TPEIIKa e cejeKTupaH. Toit OumBa eBoJIFOMpaH
CTOXaCTUIHO, KATO Ce MpuUIaraT KOHTPOJUPAHN HACTPORKUTE OIMCAHU ITO-TOPe.

JloIbJIHUTETHUST CTOXACTHIEH CJIOM BOJIU 0 HIKOJIKO IpeauMcTia. [IbpBo ocurypsisa
HAYUH aJTOPUTHMA Jia n30sra OT JIOKAJEeH MUHUMYM, OCOOEHO aKO ISIJIOCTHOTO PEIIeHne
nMa pa3HOOOPA3HU IOIYJIAIMU. 10Ba € OCBHINECTBEHO Upe3 aialTalis Ha MUHUMAJTHATE
CTaH/IaPTH 32 MMPOEKTHpaHe B IPOMeHsaTa ce cpeaa. CToxacTuIHaTa JacT TMO3BOJISIBA Ha
mporpamara jia pa3paboTh HOBa apXUTEKTypa CHemmduIHa 3a J1ajeH mpob/eM B JOCTbITHO
U3YUCIUTETHO BpEMe JOPH B MHOT'OMEPHO IIPOCTPAHCTRO.

Ba ma Obje IpekpaTeH ajJropuTbMa TPsOBa Ja OTrOBapsT Ha €IHO OT CJIeJHUTE JIBe
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yenioBusi. To TpsiOBa j1a JOCTUTHE MAKCUMAJIHIS TI03BOJIEH OPOii HA TTOKOJIEHUSTA UJIA 00EK-
tHaTa GYHKIHUS Ja JOCTUTHE TI0JT OlIpeiesieHa IIParoBa CTONHOCT CJIEJ] I OCIeI0BATEIHA
CTBIIKU.

HucsieHu eKCnepuMeHTH 3a J1a JIEMOHCTPUPA Bb3MOXKHOCTHTE HA MTPEJJIOKEHIA Me-
TO/I, € U3BbPIIEH YUC/ICH eKCIIePUMEHT 3a perienne Ha dynknus f(x) = z2. [lpejocraenn
ca HIKOJIKO €KCIIePUMEHTa B YeTUPHU CI€HAPUsS C KOHTPOJMpAHEe MAaKCUMaJHUS OpOil Ha
CKPUTHU CJIOEBE U MAKCHUMAJIHUsI OpPOWl HEBPOHU. 3a HACTOSINUTE eKCIIePUMEHTH, Oposi Ha
CHUHAIITUYIHUTE TerJla KbM BCEKHM HEBPOH € OI'paHUYeH 10 2. TeSI/I OI'paHUYeHusd Ce IIpuJia-
raT caMo 3a T€3U KOHKPETHH eKCIEePUMEHTH 1 He ca IMPUCHINU 3a eeKTuBHATA paboTa Ha
peJiyIoyKeHaTa eBOJIIOIUOHEH METOI,

Criope/1 YuC/IeHUTEe eKCIEePUMEHTU, U3BBLPIICHN U JIMCKYTUPAHU B TO3WM pPa3ei, MO-
JKe Jla ce HallPaBU U3BOJI, Y€ He BCEKHU II'bT, IOCJIE/IOBATE/HO CBbpP3aHa MPeXKa OCUT'YDsIBa
Hail-7100poTO pelienne 3a onpejescHa 3ajada. Koraro XuOpuanug ajaropuTbM H3IO0JI3-
Ba T0BEYE OT €JINH CKPUT CJIOW, 9€CTO aBTOMATHYHO OMBAT OTCTPAHEHH HEBPOHH, KOETO
CBINIECTBEHO HAMAJISIBA U3JIAIITHU U3YUCIUTE/IHN pecypcu. B Te3u curyanum, Mpezxkara mpe-
JlocTaBst JIocTaTbIHO j100pu pesyiararu (burypu 8, 9, 10). UurepecHo nabiojeHue e, e
Hail-4ecTo, HEBPOHUTE B U3XOJHUS CJION M3IOJI3BAT JIMHEIHA aKTUBUPAINA (DYHKITHAI.

B Ta3u IVlaBa € BbBEJEH HOB METO 3a aBTOMAaTHYHO TbhbpCeHE Ha OITHUMaJIHa TOIIO-
JIOTUs Ha HEBPOHHA MpeXKa 3a JajieHa KOHKPETHa 3aj@ada. Upe3 pearm3upanusi MOIXO]
ca TpeJIOZKeHN HIKOJIKO CTEleHN Ha CBOOOJIa Ha MapaMeTpuTe, KOUTO XUOPUIHUS ajIro-
puTHM MOXKe Ja u3nos3Ba. CresmoBaTeiHo ajJropuTbMa IIPOU3BEK/IA HAJIEXK/IHA MPEXKOBaA
TOIIOJIOTHS HE Bb3 OCHOBA HA OIMTA HA U3CJIEIOBATEISI, HO UPe3 aBTOMATUYEH METOI.

SakJIroueHue

B zakstounTesinata yacT Ha JIUCEPTAIUATA ca OOOOIIEHN METO/IOJIOIUATa U PE3Y/ITATU-
Te OT u3cje/BannATa. HoBUAT OCT-00yYnTEIEH MOJIETT Ce BbBEK/Ia C IIeJI MOIIOMarate Ha
HEBPOHHATA MPeXKa Ja n3je3e OT MOoIa/laHe B JIOKaJIeH MUHUMYM MJIN CEJIJIOBIHA 110 BpeMe
Ha ONTUMM3AIMOHHU IIpoliec. BbBeoxmMe MaTeMaTudecKu NHCTPYMEHT, 3a Jia Ce U3MePH
KOJIMUECTBEHOTO BJIMSHIE Ha IIyMa B CUHAITUYHUTE Teryla BbPXy paboTara Ha MpezKara.
Bbenoxme xubpui reHeTuyeH aJropuTbM 38 aBTOMATUYHATA €BOJIIONUATA HA HEBPOHHU
MpeKOBH apxuTekTypu. OcTaBeHr ca HAKOJKO CTEIEHU Ha cBOOO/IA 3a IPOCKTUPAHETO Ha
MpezKaTa, BKJIIOUUTEHO: OPOil Ha HEBPOHU, OPOil HA CKPUTHU CJIOEBE U BUJIOBE CUHATITUTHHI
BP'b3KH, U3I0JI3BaHe Ha (DYHKIUN 3a TpaHcdep U BUJ 00ydaBalll aJrOPUTbHM.

ABTOpPBT ce HaJIBaA, Y€ TOBA M3CJIEJBAHE IME IIPEJIOCTABU IMOJIE3HU MHCTPYMEHTH 3a
MO-HATATBITHOTO pa3BUTHE B 00JIACTTa Ha HEBPOHHUTe Mpexku. Onucanure pe3yaTaTu
ca TMOBJIMSHU OT KBAHTOBATa MeXaHWMKa. 1€3W M3CjeJBaHUs Ca CaMO eHA MaJKa 9acT OT
Ob/IeNOTO MpUIArane Ha TaK'bB UHTEPIUCIUIINHAPEH TI0JIX0/T, KAKTO 1 38 ITPAKTUIECKUTE
MIPUJIOYKEHUS HA T€3U METOJIU B IPAKTHYECKU 3aJIaqH.

ABTOpCKa cirpaBka

N3zcnenpanusita, IpejicTaBEHU B HACTOSIIUs JUCEPTAIIMOHEH TPYJ Ca ChC CJIEJHUATE
Hay9IHU U HAY9IHO-TIPUJIOYKHU PE3YJITATH.

Hay4ano-tipuioxkuute pe3ysitaru ca popMUPaHUA TPEIUMHO OT Pa3spabOTBAHETO Ha aJl-
TOPUTMHE, TPUIOKUMU K'bM O0yUIUTETHUsI, KAKTO U apXUTEKTYPHUS IIPOIEC Ha U3KYCTBe-
HUTEe HEBPOHHU MPEYKH:
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Qurypa 8 I'pacdukure B JisiBaTa KOJOHA IPE/ICTABIABAT U3XO[HUTE PEIYITATHA HA MPEXKa-
Ta, JIOKATO JIsICHATA YACT OIMCBA PA3JIUIHUTE apXUTEKTYPHU PEIeHWs [IPU CUTYAIWs, B
KOSITO OpOst HA CJI0eBeTe € 3.

1. Pazpaboren e u € IpUIoXKeH HOB MOCT-00YUUTEIEH aJITOPUTHM, OCUTYPABAII CUCTE-
MaTa Jia He MoIaJja B JIOKAJHA MUHUMYMH WJIH CEJIJIOBHHHU.

2. BbBesena e MeTpuka 3a OlleHKa Ha BIUAHUETO Ha IIyMa IPHU CTOMHOCTUTE Ha Ter-
JlaTa Ha BPB3KUTE B HEBPOHHA MpEXKa W BJIUSAHUETO Ha IIYyMa, 3a YCTONYMBOCTTA
Ha CHCTeMaTa U Ka9eCTBOTO Ha pe3y/rarute. HampaBeHuTe 4uc/ieHr €KCIIePUMEHTH
[oKa3BaT KaKBO € BJIMAHUETO Ha IIyMa B MpexKaTa BPbXYy edekTa Ha Iporeca KaTro
TIS1J10.

3. Ilpenjoxken e HOB XUOpU/IEH TEHETUUCH AJTOPUTHM IIPH IPOdOIEMa 38 ABTOMATHIHA~
Ta, €BOJIIOIHSA HA apXUTEKTypPU Ha HEBPOHHU Mpexku. MeToabT ocurypsiBa TbpceHe
B MYJTHMOJIQJTHO ITPOCTPAHCTBO 33 BCHYKHM BbH3MOXKHU PeIleHns Ha MpodeMa JazxKe
U [IpH T10/IaBaHe HAa MUHUMAJIHU OOyYUTETHU JAaHHU, HAMAJISIBAWKNA BJIUAHUETO HA
IPEOOYIUTETHS TIPOTIEC.

OcHOBHUTE NPUJIOXKHHU TIPUHOCH Ha, JUCEPTAIUITA Ca CBbP3aHU ¢ Pa3pabOTBAHETO HA
coryep, KOWTO Npujiara HOBUAT ITOCT-O0YUUTEICH aJITOPUTHM, XUOPUIHUSA NeHETHIYCH aJl-
TrOPUTHM U UHIUKATOPUTE 3a aHAIN3 Ha dyBcTBUTeHOCTTa. COodTyephT € pazpaboreH Ha

Asmopegepamu Ha ducepmavuu 8 (2017) 17-43



40 KpuctuHa KanaHoBa

f(x)=xM2}

O NN Output

0.8

1 1 Cegend:
|Activation Functions
1 used

[Tah
[Exponential
lIdentity
IPOL1
Input Layer Hidden Layers Output Layer POL2

FORINTErCY

f(x)=x"{2}
O NN Output

0.8

L2

] Input Layer Hidden Layers Output Layer

f(x)=x"{2}
O NN Output

0.8

3

[Legend:
|Activation Functions
used

0 1 [Tah

[Exponential
denti

IPOL1

POL2

4
FOINTSrC)

] Input Layer Hidden Layers Output Layer

Qurypa 9 I'padukure B jissBaTa KOJOHA MIPEJCTABISIBAT U3XOTHUTE PE3YITATH HA MpEXKa-
Ta, JOKATO JACHATA 9aCT ONUCBA PA3JNYHUTE APXUTEKTYPHU DEIICHUd IIPU CUTyallud, B
KOATO OposI Ha cjioeBeTe e 4.

C u e npurosien 3a jiecHa jiebUHUIIS Ha CIIeNU(MUIHI XapaKTEePUCTUKHU [IPU U3TPAZK TaHE
Ha TOIOJIOTUsTA HA MPEXKUTE:

1. MuHMMAaJIeH U MaKCHUMaJieH Opoil Ha HEBPOHUTE B Mperkara,

2. MUHHMAJIEH ¥ MaKcuMaJieH Opoil Ha c/loeBeTe B Mperkara,

3. BUJI CHHAIITUYHA CBBbP3aHOCT MEXKJIy HEBPOHUTE W CJIOEBETE B MperKaTa,

4. crenmuKalms Ha PA3JIMIHI aKTUBAIMOHHN (DYHKIUH,

5. cuenudukalig Ha TPU PA3HOBUIHU OOYUIUTETHE aJITOPUTMU - 00yUeHHe ¢ 0OpaTHO
pasnpocTpaHeHne Ha I'PelKaTa, PFeHeTHIEH aJrOPUThbM, CUMY/JINPAHO 3aKajlsiBaHe.

YHacT oT KoJIa € OIMCaH B IIPUJIOYKEHUETO Ha JUcCepTallnsTa.
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Qurypa 10 I'padurure B JisiBaTa KOJOHA MPEICTAB/IABAT U3XOIHUTE PE3yJITaTU Ha Mpe-
KaTa, JIOKaTO JIFCHATa YacT OIMCBA PA3JIMIHATE apXUTEKTYPHU PEIIeHUd IIPU CUTYaInd,
B KOsITO Opos Ha CJI0eBeTe € H.

baarogaprocTn

ABTOpPBT M3Ka3Ba HAN-MCKPEeHN OJTATOAPHOCTH K'bM CBOUTE HAY IHU KOHCYJITAHTH ITPOd.
Nsan /Iumos u gomn. zKan Muren Cenne 3a ThpiienneTo, pa3dupaneTro u Oe3KpaitHaTa
HOJIKperia, KOUTO OCUTypHUXa 110 BpeMe Ha u3paboTBaHeTO Ha HACTOSIIUS JUCEPTAInOHEH
TpyA. ABTOPBLT M3Ka3Ba U OJIAroJapHOCTH Ha ekuila oT cekius "[lapasennn ajiropurMmu-
npod. Credpra Pumsanosa, jgoi. [leaao Mapunos, mor. [seran Ocrpomcekn, mor. Muxamia
Hensiikos u rir.ac. a-p Paiina 'eopruesa 3a mpuodbiaBaHeTo Ha aBTOPa K'bM KOJIEKTHBA.
Baaromapaoctu ciejasar u 3a neus ekun Ha VuacturyTa mo Mudopmannonnn u Komy-
HuUKaImonuu TexHosiorun u KbM HeroBus JIUpeKTop 3a OCUrypeHUuTe KaueCTBEHHU yCJIOBHUS
3a pabora u o0ydeHue.

ABTOpBT OsTarogApU U HA CBOETO CEMEHCTBO 3a ThPIEHUETO U PA30UPAHETO 110 BpeMe
Ha W3TPaKJIaHeTO Ha JUCepTAaIlnOHHUS TPy, KakTto um Ha Paitma Cemoa m Huxosera
leopruesa 3a ngiocraara nojakperna B8 BAH.
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