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In the present work, the solving of the multidimensional global optimization problems using decision tree to
reveal the attractor regions of the local minima is considered. The objective function of the problem is defined as
a “black box”, may be non-differentiable, multi-extremal and computational costly. We assume that the function
satisfies the Lipschitz condition with a priory unknown constant. Global search algorithm is applied for the search
of global minimum in the problems of such type. It is well known that the solution complexity essentially depends
on the presence of multiple local extrema. Within the framework of the global search algorithm, we propose a
method for selecting the vicinity of local extrema of the objective function based on analysis of accumulated
search information. Conducting such an analysis using machine learning techniques allows making a decision to
run a local method, which can speed up the convergence of the algorithm. This suggestion was confirmed by the
results of numerical experiments demonstrating the speedup when solving a series of test problems.
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Introduction

In the present work, we consider the parallel algorithms for solving the multidimensional
global optimization problems. Such problems often arise in the cases, when it is necessary to
select the values of parameters of the mathematical model being investigated, in which the
simulation results best fit the experimental data. For solving the problems of this class, many
algorithms are known: from the metaheuristic algorithms, based on the idea of random search
, to the deterministic algorithms guarantying convergence to the global minimum .

Since in real global optimization problems each computing of the function value (hereafter
called a trial) is a computation-costly operation, one has to reduce the number of such trials. It
can be achieved by intentional choice of variants in the course of search for the optimal solution
cutting off unpromising search subdomains and investigating only the ones, in which the solution
of the problem can be found. The global search algorithm (GSA) is based on this idea . In the
present work, we tried to combine GSA and a local optimization method (Hooke-Jeeves pattern
search method ) to reduce the number of trials executed. The decision on the run of the local
method will be made using a decision tree.

*The paper is recommended for publication by the Program Committee of the International Scientific Conference
“Parallel Computational Technologies (PCT) 2023”.
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The local optimization algorithms are intended for determining only one of local extrema
within a set of feasible solutions, in which the objective function takes the extremal (maximum
or minimum) value. Among the local methods, the zero-order methods and the gradient methods
(of the 1%* order and of the 2" one) are traditionally distinguished @ Note that the application
of the first-order methods (not to mention the second one) in the problems with the “black-box”
type functions is difficult since the problem of numerical estimating the gradient arises here .
Therefore, further we will consider only the zero-order methods.

In order to determine at which moment it is best to run the local method within the frame-
work of the global search, we will use an algorithm based on a decision tree. At the first search
stage, the search information is accumulated in the form of the results of the trials executed.
We used the trial results for training the decision tree that allows obtaining a piecewise constant
approximation of the objective function and predicting the objective function behavior on its
base. To do so, we will compare the function values at the points neighboring to the one, which
we consider to be suspicious for a local minimum, and make a decision whether the next trial
point falls into the attractor region of a local minimum or not.

The main part of the paper has the following structure. In Section the global optimization
problem statement is considered, the basic suggestions on the objective function are made. In
Section the description of the methods and approaches used is given. In particular, the main
idea of global search algorithm is discussed and its computational rules are given. The section
also contains the description of the local search method used and the method of constructing the
approximation of the function using the decision trees. The novel algorithm combining the global
search and the local one on the base of using the decision trees is presented in Section In the
next section, the features of the asynchronous parallelization scheme of the new algorithm are
discussed. Sectioncontains the results of experiments, carried out using a parallel computer
system with distributed memory, and a brief conclusion.

1. Problem statement

Let us consider a problem of searching the global minimum of a function ¢(y) in a hyperin-
terval D={y € RN : a; < 3 < b, 1 < i< n}.

py*) =min{p(y) :y € D}, D ={y € RN :a; <y; <b;, 1 i < N}, (1)

where a,b € R are given vectors.
Also, assume the function to satisfy the Lipschitz condition with a priori unknown constant L
that corresponds to limited variation of the function values at limited variation of the argument.

lo(y1) =) S L ||y —y2 l,y1,92 € D,0 < L < oo.

This suggestion can be considered (with respect to the real-world problems) as the reflection of
limited power generating the changes in the system being simulated.

The numerical solving of the problem is reduced to constructing an estimate y; € D
matching some concept of nearness to the point y* (for example, ||y* — y;|| < e, where € > 0 is
a predefined accuracy) based on a finite number k of the objective function values computed. With
respect to the class of the considered problems, it is suggested that the objective function ¢(y)
can be defined algorithmically, as a result of executing some subroutine or library.

The solving of the global optimization problems is much more computationally expensive
as compared to the local optimization problems since finding the global optimum requires ex-
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ploration of the whole search domain. As a result, the search of the global optimum is reduced
to constructing some coverage in the search domain and choosing the best function value on
this grid. When using the uniform grids, the computation costs of solving the problem grow

exponentially with increasing dimensionality.

2. Algorithms

The main idea of the approach to constructing more efficient nonuniform grid is that its
points are computed sequentially while the objective function is considered as a realization of
some random process. The decision rules of the grid building algorithm are constructed in such
a way that the next grid point corresponds to the global minimum point of the mathematical
expectation of the function values. This point is stored in the list of known values, and the
iterations are repeated until the stop criteria is satisfied: either the distance between the trial
points becomes less than a predefined value or a preset maximum number of iterations is achieved.

When solving the multidimensional problems, the dimensionality reduction (i.e. the reduction
of the multidimensional problem to an equivalent one-dimensional one) using Peano curves is
applied. These ones allow reducing a multidimensional optimization problem in the domain D
to a one-dimensional minimization problem within the interval [0, 1]

p(y(z")) =min{p(y(r)) -z € [0,1]},

where the function ¢(y(z*)) satisfies more general Holder condition

oy (21)) — @(y (22)) | < H |y — @], 21, 22€[0,1].

Therefore, instead of the initial problem of minimizing the function ¢(y) in the domain D,
we can consider the minimization of the one-dimensional function f(z) = ¢(y(z)) satisfying the
Holder condition for z € [0,1].

2.1. Multidimensional parallel global search algorithm

The main steps of the parallel global search algorithm are as follows.

At the preliminary step, p trials are executed in parallel in arbitrary internal points z!, ..., 2?
of the interval [0, 1] that corresponds to the first iteration of the algorithm.

If n > 1 iterations are completed, which correspond to k = k(n) trials executed at the
points z%, 1 < i < k, then the points zFt1 ... 2¥*P of the search trials at the next (n+ 1)th
iteration will be computed as the result of performing the following operations.

1. Renumber (by the lower indices) the points z¢, 1 < i < k as well as the boundary points of
the interval [0, 1] in increasing order of the coordinate

O=20< 21 < ... <2xp31=1. (2)

and juxtapose them with the values z; = f(x;).
2. Compute current lower estimate M of the unknown Holder constant H:

|2 — 2zi—1] . T, pu> 0,
=mary —— =, t=1,...,kp, M= 3
3 {(%—xz’—l)l/N L p=0, ¥
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where r > 1 is a parameter of algorithm. This parameter controls the reliability of the
algorithm: the higher values of r ensure guaranteed finding of the global minimum, the
choice of lower value speeds up the convergence of the algorithm.

3. For each interval (z;—1,;), 1 <i <k + 1, compute the value R(i) called a characteristic of
the interval according to the formulae

21 2k
. (zi — 2i-1)? Zi + Zi—1 .
=A; -2 1 1
R(7) i+ NPA, T <i<k+1, (5)

where A; = (x; — xz;l)%.

4. Arrange the characteristics R (i), 1 < i < k + 1, in the non-increasing order
R(t1)> R(t2) > ... > R(tx) > R(tg+1), (6)

and select p intervals with the indices ¢;, 1 < j < p with the largest values of characteristics.
5. Compute the points ¥+, 1 < j < p in the selected intervals according to the formulae

ki Tt T

x 5 , tj =1, tj:k+1, (7)

- 1] | N
= - — -z )= | 1<t <k+1. 8
T 5 s1gn (th 2t 1) o [ p , 1<t <k+ (8)

The next p trials are executed in parallel at the points 2577, 1 < j < p, computed according
to the formulae , . Upon completing the trials, the results of these ones are stored in the
information database, and the algorithm goes to computing new trial points. Note that as a rule
the process of executing a trial in the applied optimization problems is much more computation-
costly as compared to computing the trial point.

The algorithm stops in the case if the condition A, < ¢ is satisfied for even a single value ¢;,
1< 5 < p, from @ This stop criterion (along with the criterion limiting the number of executed
iterations usual for the iteration methods) is used in the applied optimization problems, in which
the global minimum point y* is unknown a priori.

When solving the test problems, in which the global minimum point y* is known, we can use
the stop criterion upon falling into the vicinity of the global minimum as well. In this case, the
method stops if the condition Hy(xtj) - y* H < ¢ is satisfied even for one value of ¢j, 1 < j < p,

from (@) )

As the final estimate of the global optimizer of the considered problem, the values

= min f(z;), zy = arg min f(x;). 9
fi = min f(z), aj = arg min f(x) )
are taken.

The substantiation of this method of organization of computations see in . The modi-
fications taking into account the presence of inequality constraints as well as the information on

the derivative of the objective function are presented in .
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X Cancel the result of a transition ®  Successful displacements
—  Solution estimation displacements O  Unsuccessful displacements

Figure 1. Example of iterations of the Hooke—Jeeves algorithm

2.2. Hooke—Jeeves method

For the Hooke-Jeeves pattern search algorithm belongs to the class of zero-order methods.
Its computation rules are a combination of the investigating search (to select the direction) and
search in the direction selected .

The investigating search is performed as follows.

1. The step value is determined (it is different for each coordinate and can be varied in the
course of search).

2. The search step is considered to be successful if the value of the objective function at the
check point does not exceed the value of the objective function at the initial point.

3. Otherwise, it is necessary to return to the previous item and make a step in the reverse
direction.

4. After making the steps in all N coordinates, the investigating search is completed. The point
obtained is called the base point.

Figureshows the example of the algorithm work. Function level lines are displayed, filled
circles indicate successful steps, unfilled circles correspond to unsuccessful steps performed during
the investigating search. With regard to the search in a selected direction, it consists in performing
a step from the base point found during the investigating search along the line connecting this
one with the previous base point. The magnitude of this step is defined by a parameter set in
advance.

2.3. Decision tree

The decision tree is a tool used for an automated analysis of big data arrays, which is applied
in the machine learning. Decision tree is a binary tree (a tree, in which each non-leaf node has
two child nodes). It can be used for solving the classification problems as well as the regression
ones. When solving the classification problems, each leaf of the tree is marked by a class label,
and several leafs can have the same labels. In the case of constructing a regression, a constant is

assigned to each leaf of the tree. Therefore, the approximating function obtained is a piecewise-
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Figure 2. Objective function ¢(y) from the test class

constant one. In our case, the decision tree constructs the function v (y) as a piecewise-constant
approximation of ¢(y) in the search domain. Let us denote the value computed by the decision
tree at the point y as 2’ = 1(y). Figurepresents a graph of the objective function ¢(y); Fig.
presents corresponding approximation ¢ (y) built using decision tree.

When implementing the algorithm for finding the attraction areas of the local minima, we
used the algorithms from OpenCV library to construct decision tree. OpenCV is an open source
library of the algorithms of computer vision, image processing, and general-purpose numerical
algorithms. More details on the decision tree can be found in .

3. Combination of local and global search algorithms for solving
multidimensional problems

In the current section, let us present a detailed description of how we used the decision tree
for finding the attraction areas of the local extrema. In the course of running GSA, it is necessary
to determine whether it is worth to use current point as a start one for the local method or not. To
do so, one can check the points of adjacent trials. If among these ones there are no points at which
the function values are lower than in current one, one can suggest that we are in the attractor of
a local minimum. In this case, we can run the local method from current point, which will rapidly
converge to a local minimum of the function. We can do it in the multidimensional space only,
not in one-dimensional interval after the dimensionality reduction. First, the reduced function
©(y(z)) changes its properties: one local minimum in the multidimensional space may divide into
a set of minima after the dimensionality reduction. Second, after the use of the mapping y(x),
we can lose the information on the mutual arrangement of the points in the original space. The
points located close to each other in the multidimensional space may appear to be essentially

separated in the one-dimensional interval.
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Figure 3. Piecewise-constant approximation 1 (y) of the function ¢(y)

Therefore, we will determine the attraction areas of the local extrema in the original mul-
tidimensional space. However, the determining of the adjacent points in the multidimensional
space is quite expensive in terms of computing resources. To do so, we will use the decision tree.

After completing a certain number of trials (for example, 100- N), let us use all accumulated
points to initialize a suitable data structure and training the decision tree on its base. To make
the determining of the adjacent points easier, we construct a uniform grid with certain step in
each coordinate. Next, we compute the values of the approximation of the objective function
in these points using the decision tree. Now, having a uniform grid of points and knowing the
function values in each point, let us find the closest point to the initial one (from the viewpoint
of the Euclidian distance). This closest point is a projection of the initial point onto the uniform
grid, on which its neighbors can be determined easily. Since the decision tree constructs the
approximation of the initial function (even piecewise constant), we can estimate the function
values in the areas, in which the trials have not been executed earlier.

When considering the neighbors, it is necessary to take into account the following. If even a
single neighbor has a lower function value than current point, there is no need to run the local
method. If at even a single neighboring point the function value is the same as at the current
one, this point must be also checked (i.e., to find all its neighbors and to check these ones in the
same way). Only in the case when all function values at the neighboring points are greater than
at the current point, we can run the local method.

2023, T. 12, Ne 3 11
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4. Asynchronous algorithm parallelization scheme

The method of parallel computing described in previous section implies synchronous per-
forming of p search trials at the points computed at current iteration. The next iteration will be
started only upon completing all trials. In the case of different computation costs of executing
the trials at different points of the search domain, this approach may lead to a disbalance of the
computing jobs. This drawback can be corrected by introduction of asynchrony. The idea of the
asynchronous scheme is not to wait for completing all p trials but to initiate the execution of a
new trial immediately upon completing one of the trials.

Let us assume that the master process computes one point of the next trial at every iteration
and sends it to the slave process to execute the trial. Note that executing a trial by the slave
process in the applied optimization problems is much more computation costly than the choice of
a new trial point by the master process. Therefore, the idle time of the processes will be negligible.
In this case (unlike the synchronous parallel algorithms) total number of trials executed by each
slave process will depend on the computation costs for executing particular trials and cannot be
estimated in advance. When describing the parallel algorithm, let us assume that we have one
master and p slave processes at our disposal.

At the initial phase the master process (assume it to have the identifier 0) starts p trials in
parallel at p different points {y (:cl) Y (332) y..,y(zP)}. The inverse images of two points are
the boundary ones ! = 0, 2P = 1; the rest are the internal points z* € (0,1),i=2,...,p — 1.

Now assume k > 0 trials to be completed, and the slave processes are performing the trials
at the points y (z**1) | y (zF+2), ..., y (a¥17P).

Each slave process having completed the computing of the function at some time moment
sends the computed value to the master process. Next, the master process selects a new point
x* TP+ for the slave process according to the rules provided below. Note that in this case it will
be a set of inverse images of the trial points I, = {2, %2 . zF*P} in which the trials
have been already initiated but have not been completed yet.

So far, the parallel asynchronous global optimization algorithm using decision tree to find

the local extrema attractors consists of the following steps.

1. Arrange in the increasing order (by the lower indices) the set of inverse images of the trial
points

_ 12 k+
Xk—{a: LT, .., T p},

containing all points, in which the trials either have been completed or are being executed,
i.e. get an ordered set

0:$1<$2<...<xk+p:1.

2. Compute the values

My :max{ % _Zi_ll‘/N s ¢ Iy E 1,2 <0 < k+p}7

(i — xi—1)

Z; — Zi—
My = max [Zi1 = 21 x, €0,2<i<k+p,
($i+1 - $i71)1/N

M = max {M;i, M},
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10.
11.

where z; = ¢ (y (x;)) if & & I, 1 < i < k+ p. The values z; at the points x; € I, are not
defined as far as the trials at these points have not been completed yet. If M = 0, then set
M=1.

. Juxtapose each interval (x;—1,2;), zi—1 & Iy, x; & I, 2 < i < k + p, with its characteristic

R (i) computed according to the formula

(Zi - Zifl)2

R(i)=rMA; + TMA,

-2 (Zi + Zz‘—l) ,

where A; = (x; — xifl)l/N and 7 > 1 is the reliability parameter of the method.

. Find the interval [x;_1, x|, which corresponds to the highest characteristic, i.e.

R(t) :maX{R(z) Ti—1 ¢Ik,$z ¢I}€, 2<1 < k—l—p}

. Compute a new trial point y*™P+1 = y (z¥P+1) | the inverse image of which is 2P+ €

(x¢—1, ), according to the formula

Pl — Ty + X1

2

’Zt - Zt—1| N
7M .

. 1
—sign (zy — 24-1) >

. Get the computed function value from the process j, add new trial z; = f(y(z;)) to the

set V.
If £ < 100N, return to Step 1.

Create the decision tree using the set Iy, get the approximating function ¥ (y).

. If the decision tree is used for the first time, construct a uniform grid

Y ={y e RN : a; <9y} <b;, 1<i< N},

where number of the grid nodes is a parameter of the method.

Compute the approximation values: Z' = {2/ = (y),y € Y'}

For all points ¢’ € V:

Find the points y; closest to ¢/,

Make a detour of the neighbors y’q according to the principle described above.
If not one neighbor point has a lower value than in yép run the local method.
Clear the set V.

After the next trial point is computed, the master process includes it to the set I and

sends to the slave process, which starts the new trial at this point. The master process stops the

algorithm, if at least one of the two conditions is satisfied: A; < or k + p > Kppaz- The real

value € > 0 and the integer value K4, > 0 are the algorithm parameters. They correspond to

the accuracy of the search and the maximum number of trials, respectively.

5.

Numerical experiments

The numerical experiments were carried out on Lobachevsky supercomputer. Each super-

computer node had two processors Intel Sandy Bridge E5-2660 2.2 GHz, 64 Gb RAM.

In the experiments, we used GKLS generator of test problems, which can generate multiex-

tremal optimization problems with known properties: the global minimum point, the number of

local minima, etc.
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To demonstrate the efficiency of investigated global search algorithm, here we present the
results of comparing this one with well known methods DIRECT and DIRECT1I. Tablepresents
the averaged numbers of iterations executed by respective methods when solving a series of GKLS
problems. The sign “ > ” points to the situation when not all problems are solved. In this case,
the number of non-solved problems is given in brackets. As one can see, GSA overcomes DIRECT
and DIRECTI methods in average number of iterations necessary for solving the problems with
the same precision.

Table 1. Averaged number of iterations

N | Problem class DIRECT DIRECTI GSA

4 Simple > 47 282 (4) 18 983 11 953
Hard > 95 708 (7) 68 754 25 263

5 Simple > 16 057 (1) 16 758 15 920
Hard > 217 215 (16) | > 269 064 (4) | > 148 342 (4)

Below, the results of comparing two parallel algorithms — asynchronous global search algo-
rithm (AGSA) and its modification using the decision tree to find the attractor areas of the local
minima (Decision Tree) are presented. The numerical comparison was performed on two classes
of the GKLS functions (Simple and Hard from ) of dimensionalities 2, 3, 4, and 5. These two
classes differ in the size of the attraction region of the global minimum point. For the simple
class of problems, the radius of the attraction region is three times larger than for a complex
one.

The stop criterion for the algorithms was the falling of the next trial points into the e-nearness
of true global minimum. In Tab. the averaged numbers of iterations executed by the algorithms
when solving the problems and the values of time speedup relative to the sequential run are
compared. The parallelization was performed using MPI technology, the run was performed on
8 processes.

Table 2. Averaged numbers of iterations and averaged numbers of trials
executed by different algorithms

N | Problem class Averaged number of iterations Speedup
AGSA Decision tree AGSA | Decision tree

9 Simple 3 823.1 485.6 7.4 12.7
Hard 787.6 304.2 13.8 14.9

3 Simple 5 700.5 720.1 5.6 14.2
Hard 2411.9 634.3 5 5.9

4 Simple 31 101.5 1037.4 5.1 7.1
Hard 10 418.1 816.2 6.9 )

5 Simple 163 313.5 1204.2 4.8 4.1
Hard 27 524.5 999.4 4.6 6.3

As one can see from Tab.|2| the iteration speedup is large enough for the problems of any
dimensionality.
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Conclusion

So far, as a result of the work done, we succeeded to combine the global search algorithm
with a local optimization method. Unlike the known multistart schemes, the decision to run the
local method is made using the decision tree. The use of such a combination of methods allows
considerably accelerating the algorithm.

The parallel version of the algorithm preserves the properties of its sequential prototype
that was confirmed by he numerical experiments on solving a series of several hundred problems
of various dimensionalities. The proposed scheme allows us utilizing the advantages of both
parallelization as well as fast search of local extrema.

In addition to using decision trees to identify attraction regions for local extrema of multiex-
tremal functions, we also plan to use machine learning methods to separate the variables of the
problem being solved. In many applied optimization problems the dependence of the objective
function on some parameters is either linear or unimodal. Separating such variables into a special
group and solving the problem using a parallel recursive optimization scheme can reduce the
time for solving the problem by orders of magnitude compared to using a global search for all

variables at once.
This study was supported by the Russian Science Foundation, project No. 21-11-00204.
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B pabore paccmarpuBaercs pelieHre MHOTOMEPHBIX 3aa9 MHOIO9KCTPEMAJILHOW ONTUMUIAIUN C UCIIOJIB30-
BaHMEM JIEPEBbLEB DEIEHU JIJIsI BBISBJIEHUsSI 00/IaCTel MPUTsIKEHUs JIOKAJIbHBIX MUHUMYMOB. [leneBast pyHKImMs
IIpe/ICTaB/IeHa KAK <«YEPHBIN SIUK», OHA MOXKeT OBbITh HemuddepeHIupyeMoil, MHOTOIKCTPEMAJIBHON U BBIYHC-
JIUTEBHO TpyaoeMkoit. s dyHKIuN npeamnosaraeTcs, YTO OHa YAOBJIETBOpseT yciaoBuio Jlummuna ¢ anpuopu
HEM3BEeCTHOM KOHCTaHTOM. [IjIsT perrennst mOCTaBIEHHON 33/1a9l MHOTO9KCTPEMAJIBHON ONMTUMU3AIAN TPUMEHSITCS
aJI'OPUTM FJIO6aJIbHOFO IIOUCKa. XOpOH_IO U3BECTHO, 9YTO CJIO2KHOCTBb pelleHusl CYIIeCTBEHHO 3aBUCHUT OT HaJIU-
q1s HECKOJIBKUX JIOKAJIBHBIX 9KCTpeMyMOB. B j1anHO# paboTe mpejiozkeHa MOU(MUKAIUS aJITOPUTMAa, B KOTOPOM
OIIPEOC/IAIOTCA OKPECTHOCTHU JIOKAJIBbHBIX MI/IHI/IMyMOB HeHeBOﬁ (byHKL[I/II/I Ha OCHOBE aHAJIN3a HAKOIIJIEHHON IIOUC-
KOBOIT I/IH(I)OpMa.LH/II/I. HpOBe,ILeHI/Ie TAKOI'O aHaJIn3a C UCIIOJB30BaHHMEM METO/I0B MaIllMHHOI'O O6yquHﬂ I103BOJIAET
[PUHATH PEIIeHUE O 3allyCKe JIOKAJHLHOTO MEeTOJ/a, UYTO MOXKET YCKOPHUTH CXOAUMMOCTD aJropurma. JIaHHbIA 1mo-
X0/ OBLIT TIOITBEPKIEH PE3YJIbTATAMU UUCJIEHHBIX SKCIEPUMEHTOB, JEMOHCTPUPYIONINX YCKOPEHNE MPU PENTeHNN
HaboOpa TECTOBBIX 3aJad.

Karouesvie cnosa: 2nobasvhas onmuMu3auus, MHo209KCTMPEMALbHbLE GYHKUUL, NAPAALEADHDIE GDIMUCACHUA,
MawurHoe obyuenue, depeco peuterut.
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In medical practice, the primary diagnosis of diseases should be carried out quickly and, if possible,
automatically. The processing of multimodal data in medicine has become a ubiquitous technique in the
classification, prediction and detection of diseases. Pneumonia is one of the most common lung diseases. In
our study, we used chest X-ray images as the first modality and the results of laboratory studies on a patient as
the second modality to detect pneumonia. The architecture of the multimodal deep learning model was based on
intermediate fusion. The model was trained on balanced and imbalanced data when the presence of pneumonia
was determined in 50% and 9% of the total number of cases, respectively. For a more objective evaluation of the
results, we compared our model performance with several other open-source models on our data. The experiments
demonstrate the high performance of the proposed model for pneumonia detection based on two modalities even
in cases of imbalanced classes (up to 96.6%) compared to single-modality models’ results (up to 93.5%). We
made several integral estimates of the performance of the proposed model to cover and investigate all aspects
of multimodal data and architecture features. There were accuracy, ROC AUC, PR AUC, F1 score, and the
Matthews correlation coefficient metrics. Using various metrics, we proved the possibility and meaningfulness of
the usage of the proposed model, aiming to properly classify the disease. Experiments showed that the performance
of the model trained on imbalanced data was even slightly higher than other models considered.

Keywords: multimodal model, intermediate fusion, pneumonia, deep learning, imbalanced data.
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Introduction

Pneumonia is the most common diagnosis in the world among all diagnosed lung diseases.
During the pandemic, this disease took the first place among all diagnosed human diseases .
Timely, fast, reliable detection of pneumonia can allow doctors to start using treatment as early
as possible, achieve positive dynamics, improve the prognosis of the course of the disease, and,
ultimately, improve the health of the population due to fewer resources. Modern deep learning
technologies allow the processing of data from several modalities at once, which is very practical
in the field of medicine. Indeed, in the clinic, the patient passes a lot of laboratory tests and
many different types of studies. The aggregation of the results of various types of medical research
was previously performed only by an experienced doctor. Now, this task can be taken over by

*The paper is recommended for publication by the Program Committee of the International Scientific Conference
“Global Smart Industry Conference (GloSIC) 2023”.
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multimodal deep learning models, at least with a recommendation and informative purpose,
acting in automatic mode.

The imbalance of data in the classification is a fairly typical situation in various fields of
science and practice. In medicine, the presence of a sufficient and approximately equal number of
training examples for each class of multiclass classification can be considered a great success for
a researcher designing a classifier model. Improbability methods in machine learning involve the
desire to align data in different classes. This is usually done by reducing a larger class (for example,
by random deletions) or increasing a smaller class (most often by combining an encoder/decoder
or using GAN). In turn, probabilistic machine learning models for solving binary classification
problems are weakly dependent on the balance of classes.

Logistic regression and decision trees certainly respond to class imbalance: a significant
change in the value of the free term and the impurity of leaves measure relative. However,
neither one nor the other change has a significant impact on the result of the prediction. In
regression, the determining factor is the slope coefficient, not the intercept. Trees share samples
with impurities approximately proportionally. Therefore, in the case when you do not need to
use SVM or other improbability models, you can work with imbalanced classes using the unequal
class weights for random forests, gradient boost, and its variations.

For multimodal data, probabilistic deep learning models are usually used. We solved the
problem of binary classification by attributing multimodal information about a patient to a class
of healthy people or a class of people with diagnosed pneumonia. We used as the dataset.
The number of patients diagnosed with pneumonia was 50. The number of healthy patients was
500. The imbalance of classes, when the smaller class is from 1% to 20% of the total capacity of
the dataset, refers to a moderate degree. The imbalance of classes in our multimodal model is
moderate, since the minority class accounted for 9.1% of the total data set.

When building multimodal models, an important issue is the fusion of modalities. Late or
early fusion of modalities is used only for certain types of tasks under certain data constraints.
The detection of pneumonia from X-ray images and electronic medical records of the patient’s
laboratory tests implies a careful choice of the fusion model due to semantic heterogeneity and
the remoteness of the modals from each other. The technical issues of implementing gradient
boosting in multimodal models are also non-trivial. If many single-modal models can often be
significantly improved by tuning hyperparameters, then the design of the architecture of a multi-
modal model is a more complex process. Here, it is necessary to take into account the side
effects of multimodality in the coordination and harmonization of learning outcomes, including
intermediate ones. Normalization methods that are used for single-modal learning may not be
sufficient. Metrics for evaluating the accuracy of multi-modality processing models are also the
subject of close study by many researchers .

In this paper, we have proposed approaches to solving the listed problems in addition to the
problem of detecting pneumonia.

The scientific novelty of the proposed solution is determined by the following:

1. A model of multimodal deep learning with intermediate fusion for detecting pneumonia from
X-ray images and the results of clinical studies of patients is proposed.

2. It is shown that balancing imbalanced data in a multimodal dataset using probabilistic
models is acceptable and does not lead to deterioration of classification results.
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The practical significance of the study is as follows:

1. The proposed multimodal model of deep neural network training on moderately imbalanced
classes allowed for a significant improvement in the quality of the binary classifier compared
to the results of training on a single modality with medical images, and maintained
comparable accuracy with the model trained on balanced multimodal data.

2. The necessity of studying and calculating various metrics of the quality of the multimodal
model for the formation of an adequate multiparametric assessment of various aspects of the

model is shown.

The article is organized as follows. In Section we provide brief review of related works.
Section [2| introduces our multimodal model of intermediate fusion. In Section we discuss
the results of the evaluation of the proposed model. summarize the results of the
research.

1. Literature review

Imbalanced data in multiclass classification is a typical situation in real business and
production processes. In the works various methods of working with imbalanced data in the
field of medicine are proposed. All these works were devoted to solving problems of multiclass
classification according to the data of one modality.

At the same time, when creating multimodal models, there are often their own peculiarities
of working with data. Multimodal deep learning models are subject to such problems as data
alignment between modalities, problems of mapping, translation, fusion and co-learning of
modalities .

It would be logical to assume that the complexity of multimodal models increases
complementarily when learning probabilistic models on imbalanced classes. However, in this
study, we found out that balancing classes in a multimodal model of pneumonia detection is an
optional step that can be abandoned when solving this problem.

When reviewing the modern literature, we could not find examples of the random removal
of samples from multimodal models for class alignment. The simplicity of implementing this
method is outweighed by a major disadvantage — when using it, valuable samples with useful
information may be lost. However, other methods of majority class undersampling are quite often
used by researchers to restore balance. So, in the work , the Tomek links search method is
used. This method works well on sets with a small number of features.

The authors of suggest using the Condensed Nearest Neighbor Rule. This method is
often used in a situation of imbalance of classes of a strong degree (< 1%).

In , data preprocessing was performed using one-side sampling of the majority class (or
one-sided selection). Computationally, it is quite demanding. It makes sense to use this method
when the dataset contains a small total number of samples.

Another type of algorithms — neighborhood cleaning rule — is suggested by . The main
result of this method is the removal of noise that interferes with the training of the model.

In , the authors propose an imbalanced multimodal model for estimating and forecasting
the value of real estate objects. The proposed model is based on oversampling, that is, increasing
the number of examples of a minority class. At the same time, a simple algorithm for duplicating
randomly selected samples was used.

In , the SMOTE algorithm (Synthetic Minority Oversampling Technique) was used
to solve the oversampling problem. The basis of this algorithm is the generation of artificial
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samples. Using the nearest neighbor method, a certain number of neighbors are selected for the
sample. Then the feature vectors of each pair of neighboring features are multiplied by a random
value from the interval (0, 1). Thus, the feature vector of an artificially created sample in the area
of a minority class is calculated. Unfortunately, this approach works well only for single-modal
models with well-defined class domains. In the case when the vector space of features of different
classes intersects or is mixed, as is often the case when analyzing medical observation data, the
use of this method leads to a deterioration in the accuracy of classification.

The work uses the ACM (Adaptive Synthetic Minority Oversampling) algorithm, which
is a modification of SMOTE. The authors propose to perform the generation of artificial neighbor
feature vectors only within the cluster. This modification of the oversampling algorithm is
applicable to scattered classes, but greatly slows down the system, since it actually solves both
the clustering problem and the sampling problem. There is also a requirement for the presence
of clusters in the source data.

The authors of the paper have demonstrated that the use of the oversampling algorithms
described above is advisable only for binary classification, or if, in a multiclass classification, all
minority classes differ from the majority by the same amount. In conditions where all classes
(more than two) are imbalanced to varying degrees, the authors suggest using the ADASYN
algorithm. This algorithm assumes calculating the coefficient of the distribution of sample weights
within a minority class in order to generate artificial samples similar to the most important
samples for learning. The coefficient is calculated based on the analysis of distances to samples
of the majority class, which is a measure of complexity for training the model.

Thus, many researchers suggest balancing classes before training multimodal models. Such
preprocessing takes a lot of time and resources. At the same time, the training of modalities
is still carried out by probabilistic models that are insensitive to imbalance. Our idea is to
eliminate the class balancing stage when building the architecture of a multimodal model of
binary classification of medical data on lung diseases.

2. Methods

2.1. Data preprocessing

To test our hypothesis, we had to prepare two versions of the dataset — the imbalanced and
balanced ones. The imbalanced dataset contained information about 50 patients with diagnosed
pneumonia and 500 healthy people. We would like to make a reservation that by healthy people
we meant patients who were represented in the same medical multimodal dataset, with diagnosed
brain diseases, primarily with sleep disorders of various nature.

The dataset consisted of two modalities — X-ray images and the results of laboratory tests of
patients’ blood and urine. Images in the frontal position of the earliest registration were selected
for each patient. As it is correct, for patients with pulmonary diseases, X-ray examinations were
carried out repeatedly, with the preservation of all images in the medical history. With the
course of treatment and the development of the disease, changes in the condition of the lungs
were displayed on later images. Therefore, we took only primary images to train the model.

With regard to clinical data, the dataset in question had some redundancy for solving a
particular problem of detecting pneumonia. In general, there are 1630 parameters of clinical
analyses in the dataset. The reduction of the number of parameters occurred in several stages.
First, all parameters that were not found in all patients were removed. After this operation,
523 parameters of clinical analyses remained. At the second stage, we made maps of the frequency
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of parameters and removed those that mainly occurred only in patients of a certain class. At
the same time, we were guided by a threshold of 80%: if the parameter was observed in 80% of
healthy and 80% of sick people, then such a parameter fell into our sample.

In medical practice, the patient receives an appointment for the delivery of parameters
repeatedly. Usually, when a patient is hospitalized, the main indicators of blood and urine are
studied. Further, with a primary and clarified diagnosis, the doctor prescribes additional studies.
Therefore, at the last, third stage, we selected for consideration only those tests that were taken
from patients at the beginning of hospitalization, thus eliminating disease-specific tests from
consideration. In the end, we left 49 parameters of medical tests.

We obtain a balanced dataset through the sampling procedure, which is described below.

2.2. Data sampling

Imbalanced classes were the source data for sampling for us. To obtain balanced classes, we
used the method of generating artificial samples of the greatest importance — ADASYN .
First, we used the SVM method to visualize class boundaries in two-dimensional space and found
out that a number of samples of the minority class are quite close to the samples of the majority
class, sometimes even mixed. That is why, of all the sampling methods, we chose and applied the
ADASYN method in order to set the samples at the borders with greater weight and generate
most of the artificial samples of the minority class in such “mixed” zones. This allowed us to make
the boundaries between classes clearer. Also, we compared the predictive ability of the proposed
model with the single-modal models described in E . In all the works, references to the source
codes were given and the authors’ permission to use their code to conduct experiments on other
datasets was posted. All the work was processed only X-ray images and determined the presence

of pneumonia.
2.3. Multimodal model of intermediate fusion

The general architecture of the proposed multimodal model is shown in figure. To process
the modality of chest X-ray images, we chose the MobileNetV2 model. To process clinical data,
we chose the Attention model presented in the Keras framework. The fusion of modalities was
carried out according to an intermediate type. In the final metamodel, four embeddings were
submitted for input — two from each modality. The first embedding of the clinical data modality
came from the last learning layer of the transformer model. The second embedding moved from
the last layer after pooling and compaction. The embeddings of the convolutional neural network
used to train the classification of X-ray images were received, respectively, after the first and last
block of convolutional layers.

The deep concatenation method was used for fusion, after which the metamodel created a
fully connected level using the ReLLU method and collapsed it using the SoftMax method.

We applied the classical loss function to self-tune the model:

N
Loss =~ > wlog () + (1= P)log (1= (). (1)

2.4. Model validation

To test the accuracy of the model and the hypothesis as a whole, we compared the results
not only between the two proposed models with balanced and imbalanced classes, but also with
models that are publicly available for binary classification of healthy people and people with
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Fig. Architecture of the proposed multimodal classification model

diagnosed pneumonia . The presented models were single-modal and could only process
lung X-rays.

We chose several metrics for training because classical single metrics cannot specify all the
aspects of the multimodal data. The evaluation of the quality of the multimodal model is carried
out both individually for each class (using the precision and recall metrics), and integrally, for
all classes (metrics F1, PR AUC, and Matthews correlation coefficient).

The classical Accuracy metric for evaluating the accuracy of the model is useless in a situation
with imbalanced classes. This metric will tend to inflate values for incorrectly defined negative
classes, which will lead to low predictive ability.

The Precision metric can be interpreted as the proportion of correctly classified objects of a
positive class, while the Recall metric shows what proportion of objects of a positive class out
of all objects of a positive class the algorithm has found. An important feature of these metrics
is that they are calculated not on the basis of predicted estimates, but on the basis of predicted
classes.

There are several metrics called Fg which harmonize two metrics above — Precision and
Recall. When evaluating the effectiveness of multimodal models, the F1 metric is traditionally
used, which equally takes into account the importance of Precision and Recall.

For our task, it is more important to correctly identify the present disease than its absence.
Thus, the F1 metric is suitable for our case, since we are very interested in the correct definition
of a positive class.

The ROC AUC metric should not be used in our case. This metric is good when we have
well-balanced classes and care about both true positive and true negative prognosis. In the case
of 1:10 balance between classes, the false positive rate for highly imbalanced datasets is pulled
down due to a large number of true negatives.

Unlike ROC AUC, PRAYS metric, like F1, focuses mainly on the positive class (Precision
and True Positive Rate), pays less attention to the frequent negative class in imbalanced data.
Therefore, this metric is also an adequate choice for our case.

Another popular metric for evaluating a model with imbalanced classes is the Matthews
correlation coefficient. This coefficient is more complete compared to the F1 metric. The fact
is that when using the F1 and PR AUC metrics, the key is the statement about which class
is interpreted as positive — minority or majority. When exchanging labels, the value of the F1
metric will change, it will need to be recalculated. At the same time, the F1 metric completely
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ignores the true negative rate, which gives a certain limitation in the interpretation of the results
of the model. The Matthews metric does not have these disadvantages, so it is advisable to use

it in our case.

3. Results and discussion

We have run the full training cycle of the multimodal model five times. Here we present
the averaged results of the model (Tab. . To generate balanced classes, we used the ADASYN
method.

Table 1. Comparison of accuracy and losses in different models

Model Test accuracy, % | Test loss, %
Single modality CXR |1 93.0 4.81
Single modality CXR |2 B 92.8 3.93
Single modality CXR NSGANETV? |3 93.5 4.11
Proposed model on balanced classes - 95.9 2.14
Proposed model on imbalanced classes 96.0 2.11

As can be seen from the above data, the accuracy of the model using artificial balancing
of classes and in the original representation of classes is almost the same, even with a slight
advantage in favor of imbalanced classes. As we expected, the use of probabilistic deep learning
models embedded in modern transformers and convolutional networks for binary classification
allows us to work without pre-calibration of imbalanced classes in the presence of a sufficient
number of samples. This result could be due to the nature and power of the dataset used, as well
as the successful architecture of the multimodal model. We will not dare to assert the possibility
of extrapolating this statement in relation to other tasks, models and datasets. However, the
potential possibility of such elimination of one of the steps of data preprocessing may become a
decisive factor when choosing models in conditions of limited time and computational capabilities
of researchers. Tablepresents the results of calculating metrics for evaluating the accuracy of
the proposed multimodal model on imbalanced classes.

Table 2. Comparison of metrics on the proposed model

Metric | p6C AUC | PR AUC | F1 score | M2ttHews
Dataset coefficient
Train 0.9827 0.9627 0.9577 0.9583
Test 0.9780 0.9480 0.9501 0.9455

The ROC AUC metric, as expected, has lower values, as it has a lower sensitivity to the
minority class. This metric gives a false sense of the high accuracy of the model, but does
not describe the real predictive ability of the model. The remaining metrics, PR AUC, F1
score, Matthews coefficient, give a more adequate assessment of the accuracy of the model on
imbalanced data.
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Conclusions

In this study, we tested the hypothesis that imbalanced data in a multimodal deep learning
model for binary classification of the definition of pneumonia is not always necessary to undergo
a balancing and alignment procedure.

For the dataset under consideration with a moderate degree of class imbalance, we found
out that the generation of artificial samples with subsequent affixing of their correspondence to
analogues in other modalities is optional. The training of a multimodal deep learning model by
probabilistic algorithms for processing individual modalities is even slightly higher in accuracy
than the results of the same model on artificially balanced data.

Excluding the data balancing step from data preprocessing before training the model can
significantly increase the learning rate, and at the same time solves the problem of matching
artificially generated samples in various modalities.

We conducted a study of the predictive ability of the model using several metrics. For
imbalanced classes, the F1 and Matthews coefficient metrics showed a more adequate assessment

of the accuracy of the proposed multimodal model.

This study is supported by the Russian Science Foundation regional grant No. 23-21-10009.
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B memumumCcKOl TpaKkTHKE MEPBUYHYIO AMATHOCTUKY 3a00JIEBAHMI CIIEyeT MPOBOAUTH OBICTPO U IO BO3MOXK-
HocTH aBroMaTudecku. O6paboTKa MHOMOMOJAJIBHBIX TAHHBIX B MEIUIINHE CTaJIa IOBCEMECTHO PACIIPOCTPAHEHHBIM
MEeTO/IOM KJIACCUMUKAIINH, IPOTHO3NPOBAHUS U OOHapY KeHus 3a0oseBannii. IIneBMoHus — onHO U3 HauboJsIEee pac-
MIPOCTPAHEHHbIX 3a00JIeBaHUil JIETKUX. B HallleM uccaeqoBaHWM M1 BBISBJIEHNUS THEBMOHUHU MBI HCIIOJIB30BAJIN
PEHTTEeHOrPaMMBI OPTaHOB I'PY/IHOI KJIETKH B Ka4eCTBE MTEPBOM MOJAJHLHOCTH U PE3YJIBTATHI JJAOOPATOPHBIX UCCIIe-
JOBaHWI TAIIMEHTA B KAYECTBE BTOPOI MOIAIbHOCTH. APXUTEKTYpa MHOTOMOJAJILHOM MO1en 1i1yGOKOro o0y deHust
OblJIa, OCHOBaHa Ha IIPOMEXKYTOYHOM ciusgHun. Mojens o0ydasiach Ha COAJTaAHCUPOBAHHBIX U HECOAJTAHCUPOBAHHBIX
JIAHHBIX, KOTJa HAJIA9Iue THeBMOHHMU onpeensanock B 50% u 9% oT obmmero umcsa cirydaeB COOTBETCTBEHHO. JIis
6oJiee OOBLEKTUBHOI OIIEHKY PE3Y/IbTaTOB Mbl CPABHUJIA TPOU3BOIUTEIHLHOCTD HAIIEH MOIEN ¢ HECKOJBKUMHU JIPY-
TUMU MOJIEJISIMA € OTKPBITBIM HCXOJHBIM KOJOM Ha HAIIUX JAHHBIX. DKCIEPUMEHTBI JEMOHCTPUPYIOT BBICOKYIO
3 HEKTUBHOCTD MPEJIOKEHHON MOJIE/IN BBISABICHUsT THEBMOHUH IO JIBYM MOJAJIBHOCTSM Jlake B CIydasx HecOa-
JIAHCUPOBAHHBIX KJaccoB (10 96.6%) 1o cpaBHeHMIO ¢ pe3ysbraTaMy OJHOMOJAJBHBIX Mozeseii (1o 93.5%). Mer
CIeJIaJ I HECKOJIbKO MHTErPAaJIbHBIX OIEHOK IPOM3BOIUTEIBHOCTH IIPEIaraeMOil MOJEIH, YTOObl OXBATUTD U HC-
CJIEJIOBATH BCE aCHEKTbI MHOTOMOJAJIBHBIX JAHHBIX M OCOOEHHOCTEN apXUTEKTYPbl. BBLIN MOKA3aTEIn TOYHOCTH,
ROC AUC, PR AUC, nokazarens F1 u koaddunmenra koppensinuu Marbioca. Vcrnosb3ysi pa3andHble MeTpU-
KU, MBI JIOKa3aJI1 BO3MOXKHOCTD U I[€JIeCO00PA3HOCTD UCIIOJIBL30BAHUS IIPEJIJIO?KEHHON MOJIEJH C I[EJIIO IIPABUILHOM
kitaccuduKanuy 3a00JIeBaHnsl. DKCIEPUMEHTHI [TIOKA3aJIl, 9YTO TPOU3BOIUTEIHLHOCTD MOJIENIN, OOy YeHHO HA HecOa-
JIAHCUPOBAHHBIX JTAHHBIX, JlayKe HEMHOTO BBIIIE, Y€M y JPYTUX PACCMOTPEHHBIX MOJIEJIEi.

Karouesvie ca08a: MH020M00aADHAA MOOEAD, NPOMEICYMOUWHOE CAUAHUE, MHEBMOHUA, 2iYybokoe 06yveHue,
HeCOaNAHCUPOBarHBLE OGHHDLE.
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IIpoekTupoBaTth 3hdHeKTUBHBIE MapaIebHBIE TPOTPAMMBI JJIsi MHOTOIIPOIIECCOPHBIX ApXUTEKTYP CJIOXKHO,
TaK KaK HET YeTKUX (POpMasIbHBIX MPABUJI, KOTOPBIX HEOOXOIMMO NPUIEpPXKUBaAThCA. Jljis1 pelnrenus: 3Toil mpobiie-
MBI [IPU PEAJIN3AINAN YUCIEHHBIX aJlOPUTMOB MOXKET IIPUMEHSITbCs KOHIEeNusa Q-gerepmunanTa. Jlanuas Teopust
TMO3BOJISIET TPOBOJINTH ABTOMATHU3WPOBAHHBIN aHAIN3 pecypca Mapasuiein3Ma aJrOPUTMA, aBTOMATU3UPOBAHHOE
CpaBHEHHE PeCypPCOB Iapajilesin3Ma aJrOPUTMOB, PEHIAIONUX OJHY M Ty K€ aJrOPUTMUYECKYIO IpobJeMy, IIpo-
eKTUPOBATh 3PMEKTUBHBIE ITPOrPAMMBI [IJIsl PEAJIM3AIMN aJTOPUTMOB C ITOMOIIBIO CIENUAIBLHO Pa3pabOTaHHOTO
MeTO/1a MPOEKTUPOBAHNUS, TOBBICUTH (M (MEKTUBHOCTD PEATUIAINNA YUCIEHHBIX METO/IOB U AJTOPUTMUIECKUX TPO-
6sieM. PesybraThl, Moty deHHbBIE Ha OCHOBE KOHIIETINHN (J-IeTEPMIHAHTA, TIPEJICTABIISIIOT COOOM OIUH 13 BAPUAHTOB
pettiennsi 1pobsieMbl 3M@MEKTUBHON pean3anyuy YUCIEHHBIX aJrOPUTMOB, METOJIOB U AJI'OPUTMHUYECKUX IIPODIIEM
Ha TAPAJUIEJIbHBIX BBIYUC/IMTENBHBIX cucTeMax. OHAKO IOKa OCTAeTCsl He PemeHHON (yHIaMeHTaJbHas [PO-
6J1eMa aBTOMATU3UPOBAHHOIO MPOEKTUPOBAHUST W MCIIOJHEHUS JIJIsT JITIOOOTO YUCIEHHOTO AJITOPUTMA IIPOTPAMMBIL,
peasu3yionieii aaroput™ 3¢ derruBHo. B crarhe ommcana pa3zpaboTKa eIMHOM JJIsi YUCJIEHHBIX aJI'OPUTMOB IIPO-
rpaMMHOH CHUCTEMBI NPOEKTUPOBAHNS U UCHOJHEHUsS (Q-3PpPeKTUBHBIX mporpaMM — 3(Pp@PEKTUBHBIX IIPOrPaMM,
CIIPOEKTUPOBAHHBIX C MMOMOIIBLI0 KOHIENnu Q-merepmuHanTa. CucreMa mpegHa3HAYEHA JJIS UCIIOJIH30BAHUS HA
MapaJiie/IbHBIX BBIYUCJIUTEIBHBIX CUCTEMax ¢ obmeil maMmsTbio. OHa COCTOMT M3 KOMITHJISITOPA W BUPTYaJbHOM
Mamuubl. Komnuisrop npeobpasyer npejcrapieHue ajropurma B popme (QQ-I1eTepMUHAHTA B UCHOJIHIEMYIO IIPO-
rpaMMy, HCIOJIb3YIONIYI0 PECypC Mapajuiein3Ma aJrOPUTMA MOJHOCTHIO. BupTyanbHas MalnHa UCIOTHSET MPO-
rpaMMy, MTOJIyYeHHYIO C MOMOIIBI0 KOMIIMISATOPA. B cTaThe Tak:Ke MPUBEIEHO IKCIIEPUMEHTABHOE UCCTIEI0BAHNE
CO3/IaHHOI NPOTPaMMHOI CHCTEMBI C IPUMEHeHneM cyrepkoMibioTepa «Topaamno FOYpI'Y».

Karouesvie crosa: Q-0emepmunanm ar2opumma, npedcmasierue aszopumma 6 gopme Q-demepmurarma,
Q-appexmusnan peasudayus ar20pUMMa, PECYPC NAPGAACAUIMA AA2OPUMMA, NPOpammMHas (Q)-cucmema, Napan-
NENDHAA BLIYUCAUMEALHAA CUCTEMA, NAPAAAEALHAA Npoepamma, Q-afdexmuenas npoepamma.

OBPASEII INTUPOBAHNA

AnteeBa B.H. ABromarmsmpoBaHHOE MPOEKTHPOBAHUE U HUCHOJHEHUE 3(PPEKTUBHBIX ITPO-
rpaMM Jjiist ducsieHHbix ajaropurmos // Becrauk FOYpI'Y. Cepusi: Boraucsmmresbaasi MareMaTuKa
u uadopmaruka. 2023. T. 12, Ne 3. C. 31-49. DOI: 10.14529/cmse230303.

BBenenne

Konnenius Q-rerepMunanTa SBIJASIETCS OJIHAM U3 TOJX0/I0OB K PACIapaJlJIEINBAHUIO IUCJIEH-
HBIX aJITOPUTMOB. BriepBbie oHa Oblila M3JI02KeHa B paboTe , ee Pa3BUTHE U MPUMEHEHNE ONCa-
HBI B paboTrax . Pesyabrarhl, mosiyueHHbIe Ha OCHOBE KOHIIENIME (J-JIeTepMUHAHTA,
MIPEJICTABJISIOT CODOM OJIMH M3 BAPUAHTOB peIeHus: mpodeMbl 3MMEKTUBHON pean3aliu Iuc-
JIEHHBIX aJITOPUTMOB, YUCJIEHHBIX METOMIOB U AJITOPUTMUYECKUX ITPO0/IeM Ha MapaJlieIbHbIX Bbl-
qucsurebabix cucremax (IIBC). Kparko ux MoxkHO ¢hopMyIMpOBaThH TaK.

1) Paspaborana nporpamMmMHuast Q-cucreMa JIjisi HCCIIE0BAHUS PECyPCa Mapasjieu3Ma ajropuT-
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2) Ipemnoxen meroj; nmpoeKTupoBanusi (Q-3(DdOEKTUBHBIX HPOrpaMM Il BBINOJHEHUs (-
5P DEKTUBHBIX PeATU3AINIT AITOPUTMOB, HCIIOJB3YIOMUX PECYPC TAPAIIETIN3Ma aJTOPUTMOB
MTOJTHOCTHIO .

3) Ommucana texHosmorus Q-3dEKTUBHOTO TPOrPAMMIPOBAHUST [JIsT MTOBBIIICHUST 9D HEKTUBHO-
CTH DPeATN3AINN INCJIEHHBIX METO/OB PEIIeHnsT AJITOPUTMUIECKIX MPOOIeM U CaMUX ajro-
PUTMUUIECKUX TIPODIEM .

[Toka ocraercst He pelleHHOH IPobIeMa aBTOMATH3NPOBAHHOTO TPOEKTUPOBAHUST W UCIIOJTHE-
HUsI JjIs1 JIFOOOr0 IHCJIEHHOTO AJITOPUTMa IIPOIPaAMMbl, peaJM3yIoIeil aaropur™ 3¢ (OEKTUBHO.

esib taHHOrO UCC/IEIOBAHUST 3aKIFOYALTCSI B TOM, UYTOOBI IOKA3aTh BO3SMOXKHOCTH CO3JIaHUSI
HpOFpaMMHOﬁ CUCTEeMbl aBTOMATU3UPOBAHHOI'O IIPOCKTUPDOBaAHUA W HUCIIOJTHCHHUA IIPOrpaMM JIJId
3bdPEeKTUBHOI Pean3alUuy IUCIEHHBIX aJITOPUTMOB. JIJIsi TOCTHXKEHUS [eJIN PEITAIOTCS CJIEIYIO-
e 3a/1a9u.

1) IIpoekTupoBanue u peajusarysi KOMIIJISTOPA, TPeoOPA3YIOIIEro IPeCTaBIeHIE AJITOPUTMA,
B dhopMe Q-JIeTepMUHAHTA B UCIIOJIHSIEMYIO IIPOIPAMMY, HCIIOIB3YIOIIYI0 PECYPC HapaJIIe/ 3=
Ma, aJrOPUTMa HOJHOCTBIO.

2) IlpoekTupoBaHue u peajn3anus BUPTYaJbHON MAIIUHBI, UCIOJHSIONIEH IPOrpaMMy, MOy~
YEHHYIO C TMTOMOIIBIO KOMITHJISITOPA.

3) IlpoBenenne SKCIEPUMEHTATBLHOTO MCCIEA0BAHNs (DYHKIMOHUPOBAHNS IPOTPAMMHOI CHCTe-
MBI, COCTOSITIEH N3 KOMITHIATOPA W BUPTYAJbHON MAIMHBI, ¢ TPUMEHEHHEM CYEePKOMITHIO-
tepa «Topaamo FOVpI'Y».

B permienne manabIx 3a1ad BHECIH BKJIAJ CTYAEHTHI KadeIpbl CHCTEMHOTO IIPOrPAMMUPOBa-
uust FOYpI'Y FOdepos A.B. (zazaun 1 u 2) u Usanos A./l. (3amaua 3).

CraThbst OpraHu30BaHa CJIEIYIOIMIIM 00Pa30M. Pas,uenco;pepmHT 0030p paboT 1Mo TeMe UCCIe-
JO0BaHuMd. B pa3ﬂeﬂerHBeﬂeHbI HCIIOJIb3YEMbIE B CTaThE ITOHATH A KOHIIEIIITUN Q—,[LeTepMI/IHaHTa.
PaB,ILeJICO,ZLep}KI/IT OIIMCaHUe IPOEKTUPOBAHUS, a pa3genonncaHHe peaim3aIuu IpOrpaMMHOT
CUCTEMBI aBTOMATU3UPOBAHHOTO ITPOEKTUPOBAHUSI U UCIIOJHEHUS IPOrpaMM it 3DPEeKTUBHOIM
peayin3aIu IUCIAEHHBIX aJroOpuTMOB. B pa3,ILeJIere,ZLCTaBJIeHbI pe3yibTaThl (DYHKITMOHAJTBHO-
'O TECTUPOBAHUSI HA TIEPCOHAJIBHOM KOMITHIOTEPE CO3JIAHHON IIPOrPAMMHON CUCTEMBI U IIPUBEJICHO
ee IKCIIEPUMEHTAJIbHOE UCCJIe/IOBAHUE ¢ IMpUMeHeHueM cynepkoMmibiorepa «Topraamgo FOYVpI'Ys».
COZIEPKUT KPATKOE M3JIOXKEHHE [OJIy YCHHBIX PE3YJIBTATOB, BHIBO/IBI 00 UX 3HAYECHUN

U IIPpUMECHEHNH, OIIMCAHNE ,ZL&JII)HGIZHIHX I/ICCJIG,ZI,OBaHI/IfI.

1. O630p paboT 1O TEME MCCJIeJOBAHUS

B cdepe BBICOKOTPOU3BOAUTE/BHBIX BBIUUC/ICHUI OJHUM U3 BEAYIIUX yYIEHLIX MUPA SABJIsI-
erca Jxxek lonrappa (Jack Dongarra). Ha npoTsiKeHun IecsiTKOB JIET IIPOU3BOIUTEIBHOCTh
BBIUNC/IUTEIbHON TEXHUKU POCJa B COOTBETCTBUU € 3aKOHOM Mypa . 1 ecau GOSBITUHCTBO
MIPOrPAMMHBIX CPEJICTB HE IMOCIEBAJIO 33 AIapaTHLIMU JIOCTUKEHUSIMU, TO IIPOrpaMMHOE 0bec-
[IeYeHNE BHICOKOITPOU3BOIUTEIbHBIX BBITUCICHUN CIIPABJISLIOCH C 9TUM ycrentno. Bo Muorom sro
00'bsICHSIETCSI UCITOJIb30BaHneM ajropuTMoB JIxk. Jloarappel. B yauepcurere Tenneccn mjist moj-
JepKKU OUOJIMOTEKH MaTPUIHO-BEKTOPHBIX onepannii DPLASMA HayIHBIM KOJIJIEKTHBOM C
yaactrueM JI>x. JoHrappbl pa3sBUBaeTCs MOIX0 K KOHCTPYUPOBAHHUIO W MCIIOJHEHUIO MTapaJIIeIb-
HBIX IIPOrpaMM Ha OCHOBE MAalllMHHO-HE3aBHUCHUMOI'O IIPEICTABJIEHUS MPUKJIAIHOIO AJITOPUTMa B
BHjIe OECKOHTYPHOI'O OPUEHTUPOBAHHOTO I'pada. ITO MMO3BOJIAET 00ECIEINBATH BHICOKOIIPOU3BO-
JUTEJILHYIO Pean3alliio IPUKJIAIHBIX aJrOPUTMOB O/aromaps IJIAHHPOBAHUIO BBIYMC/ICHUN U

JIMHAMAYECKOM TOJJIepryKKe UCIOHNTebHON cucTeMmbl PaRSEC . JIx. Jlonrappa 3aHEMAaeTCs
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TaKKe BOIPOCAMH aBTOMATUYIECKOIO PACIAPAJIICTUBAHIS AJITOPUTMOB . Accornuarust BbIauc-
murenbHoit Texuaukn (ACM) npucymuia Ixexy dourappe npemuto Trhiopunra 3a 2021 rog.

B Poccniickoit @enepariun oM u3 Hanbojee pa3BUTHIX HAIIPABJIEHUI MCCJIeI0BaHN B 00-
JIACTHU TTapaJlyIeTbHBIX BBITUCIEHNI sIBJIsteTcsI HalrpaBieHne, co3aannoe B.B. Boesoanabiv. Mmen-
HO OHO HamboJiee BJIM3KO K HAIIPABJIEHUIO, HCITOJIB3YIOIIEMy KOHIIENINo (J-nerepmuHanTa. 13 pa-
00T, CBSI3aHHBIX ¢ HampabieHneM nccienosannii B.B. BoeBoanaa, ormernm MmomOTpadmio , rme
[IPOBOJIUTCSI OYEHb BayKHOE U PA3BUTOE UCCJIEIOBAHUE MTapalJIeJIbHON CTPYKTYPhI aJlOPUTMOB H
mporpamum Jijist ux peaymsaruu Ha [IBC. MccienoBanne napasiielbHON CTPYKTYPhI aJlOPUTMOB
OCHOBAHO Ha OIMCAHUU U U3yYEeHUU UH(POPMAIMOHHBIX IpadoB ajropuT™MoB. OHO IPUMEHSIETCS
B OTKpbITO# sHnmKII0TIe . AlgoWiki @ DTOT POEKT CHOPMUPOBAJICSI 10T, PYKOBOJICTBOM
Ba. B. Boesopuna u JIxx. lourappsil. B sniuk/ionemu onucyBaOTCsa U U3y4aloTcsa rpadbl KOH-
KPETHBIX AJITOPUTMOB. DTO HO3BOJISIET PEAIU30BBIBATH AJITOPUTMBI 3 dekTuBHO. OTHAKO B pabo-
Tax JIAHHOTO HAIIPABJICHUS UCCIEIOBAHUN IPOTPaAMMHOE 0DeCIIeYeHIe JJIsl ABTOMATU3UPOBAHHOTO
UCCJIEJIOBAHUSI M UCIIOJIB30BAHUS PECyPCa Mapasjien3Ma aJIlOPUTMOB He PACCMATPUBAETCS.

Eme onma monxon k addexruBnoit peasmsaruu anropurmos Ha [IBC pazpabarsiBaercss B
Cranndopckom yausepcurere moj, pykoBogctsoM A. Ajikena (A. Aiken). IToaxon 3akiogaer-
Cs B TOM, YTO OTJIEJILHO OIMCHIBAETCS IIPUKJIAIHON aJrOPUTM U CIIOCOO ero orobparkeHusi Ha
Boranciintesbubie pecypcebl [IBC. Hay4unbiM Ko/ieKTHBOM, pa3padaTbIBAIOIIUIM II0IX0/I, CO3IaHA
cucrema Legion , peasim3yIoniasi 3TOT Moaxo/l. HemocTaTkoM CUCTEMBI SIBJISETCS OTCYTCTBHE
aBTOMATHU3AINN B KOHCTPYUPOBAHUH CIIOCO0a OTOOparKeHUs IIPUKJIAIHOTO AJITOPUTMA, Ha BBIUUC-
JINTEJTLHBIE PECYPCHI.

CyIecTBYIOT HAIIPABJIEHUST UCCIEI0OBAHUN, B KOTOPBIX ITPEJIATalOTCs YHUBEPCAIbHbBIE O/
XOJIbI K CO3JIAHWUIO TapaJulesibHbIX mporpaMM. OHUM U3 Pe3yJIbTATOB TAKUX UCCJIeIOBAHUI SIB-
sstercst T-cucrema . Omna obecrieunBaeT cpejy IPOrPAMMUPOBAHUS C MOIEPKKON aBTOMAa-
TUYIECKOr0 JIMHAMUYECKOT'O paclapaJule/iIiBaHus porpaMM. BmecTe ¢ TeM Hesb3s yTBEPXKIATh,
YTO TapaJljiesibHbIe IIPOIPAMMbI, CO3JAHHBIE C ITOMOIIBI0 T-CHCTEMBI, MOJTHOCTHIO HCIOJIB3YIOT
pecypc mapaJuiejin3Ma Peajin3yeMoro MU aJIFOPUTMA, [MOCKOJIBKY paclapaslieJIuBaeMble IIPo-
rpaMMBbl MOT'YT HE COJIEPXKATh BCEX peajiM3aluil ajropuTMa, B YaCTHOCTH, IPU UX CO3MAHUU
MoTJIa OBITH He yUTEHa caMas MapaJuiejibHasi peajin3anusi. Meros cuHTe3a napaJsiebHbIX TPO-
rpaMM — eIle OJIUH TOJXO0J K CO3/JAHUI0 apasiebHbIX porpaMM. OH COCTOUT B TOM, UTOOBI C
IIOMOIIBIO 6a3bl 3HAHUN MMAPAJIIEJIBHBIX AJTOPUTMOB KOHCTPYUPOBATH HapaJljIe/IbHbIE AJITOPUT-
MBI JIJIsI pelienus 6oJsiee CJI0KHbBIX 3a1a4. Ha ocHoBe MeTo1a pazpaboranbl TexHOJIOTHS hparMeH-
TapPHOTO MPOTPAMMUPOBAHUS, SI3bIK €r0 pPeau3alud U cucTteMa mporpammuposanus LuNA .
Takoit 1moixo/1 K CO3/JaHUIO APAJIIETbHBIX IPOI'PAMM $BJISETCH YHUBEPCAJILHBIM, HO HE PEIlaeT
pobJIeMy aBTOMATH3MPOBAHHOTO MCCJIEIOBAHISI U UCIIOJIB30BaHUS PECypca Iapasjieu3Ma aaro-
purmo. OTMETHM ellle OJIHO HAIIpaBJieHHWe uccieaoBannii. JlJist mpeoo/ieHnst pecypecHBIX orpa-
auvenuit [IBC mpejyiararorest MeTO/BI TOCTPOEHUSI TIAPAJIENIBHBIX apXUTEKTYPHO-HE3ABUCUMBIX
IpPOrpaMM C HUCIOJIH30BAHUEM (DYHKIIMOHAJIBHOIO S3bIKA ITPOIPAMMUIPOBAHUST . Onnako He
[MOKA3aHO, YTO CO3JIaHHBIE ITPOTPAMMBI UCIIOJIB3YIOT BECh PECYPC MapaJlie/In3Ma aJrOPUTMOB.

MHOrOYHUC/IEHHBIME SIBJISTFOTCST UCCJIEOBAHUSI, 3aK/TFOUYAONINECT B pa3paboTKe HapaJiiesib-
HBIX IIPOrPAMM, YAUTBHIBAIOIMINX CIENUMUKY aJropuTmMos, a takxke apxurektypy [IBC. Ux npu-
MEpaMU SIBJISTFOTCST . Takwue ucciieloBaHns MOBBIMIAIOT 3MDMEKTUBHOCTh PEATH3AIUN KOH-
KPETHBIX aJITOPUTMOB miin peasim3aruu ajropurmoB Ha [IBC orpeiesieHHOI apXUTEKTYPhI, OHA~
KO OHHU He 00eCIednBaOT YHUBEPCAJIHLHOTO MOJIX0Aa K pazpadoTke 3 HeKTUBHBIX TapasIebHbIX

IIPOrPaMM.
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[TpuBenennbIii 0630p, a TakxKe PaKT, ITO PeCypPC HapaslieIM3Ma aJrOPUTMOB IIPU PeaIn3a-
nnn Ha ITBC gacTo ncrosnb3yercs: He MOJIHOCTBIO, IMO-BUIMMOMY, JOKA3bIBAIOT, YTO B HACTOSIIEE
BpeMsi HET ITPU3HAHHBIX B HAYYHOM COODIIECTBE U MIHPOKO IPUMEHAEMbBIX Ha MPAKTUKE PEITeHmi
3a/1a9 MCCJIEOBAHNS U UCIIOJIb30BAHNS PECypca Mapasjien3Ma INCIeHHBIX aJITOPUTMOB, TeM 00-
Jiee B aBTOMaTU3UPOBAHHOM pekume. JIpyrumvu ciaoBamu, mpob/ieMa aBTOMATH3HPOBAHHOIO PAC-
apaJijie/IMBaHus aJrOPUTMOB, TPOEKTHPOBAHIS U UCIIOJHEHUST PEATN3yIomnX nX 3MPEeKTUBHBIX
nporpamMMm He perrena. [lo MHEHUIO aBTOpa MEPCIIEKTUBHBIM JIJIsI €€ PEIIeHUs SBJISeTCS IOIXO0,
OCHOBAHHBIH Ha YHU(PUIMPOBAHHOM IIPEJACTABICHUH aJTOPUTMA, [TOKA3BIBAIONIEM PECYPC HapaJi-

JIeJIM3Ma B 1oJiHOi Mepe. Hanpumep, 10/1xo/1, OCHOBAaHHbIM Ha, KOHIENIMH (J-J1eTepMUHAaHTA.

2. TeopeTumdyeckue OoCHOBBI pa3pabOTKN MPOTPAMMHOI CUCTEMBI

[IpuBenem MoHATHST KOHIEHIUN (Q-IeTEPMUHAHTA, UCIIOJIb3yeMble B JAHHOM UCCJICIOBAHUH.

Pacemorpum anropurmudeckyio npobsemy y = F(N,B), tne N = {ny,...,ng} — MHO-
JKECTBO HAapaMeTPOB pa3MepHOCTU pobjieMbl win N — IIyCTOe MHOXKECTBO, B — MHOXKECTBO
BXOJHBIX JIAHHBIX, J = {Y1,...,Ym} — MHOKECTBO BBIXOIHBIX JAHHBIX, IIPH ITOM IEJIO€ THCJIIO 1M
SIBJISIETCST JIMOO KOHCTAHTOM, JTNOO 3HaYeHneM BBIYUCINMON (PyHKINK mapamerpoB N mpu ycjo-
Bun, uro N # &. Buece n; (i € {1,...,k}) paBHO 11060MY NOJOXKUTEJIBHOMY [EJIOMY UHUCILY.
Ecrm N = {nq,...,n;}, 7o wepes N = {fy, ..., Ny} obosaaumm Habop u3 k MOJOKHTETHLHBIX Te-
JIBIX MHUCEJI, TJIe Tl; — HEKOTOPOe 3aJIaHHOe 3HaUYeHue mapaMerpa n; Juist Kaxkmaoro ¢ € {1,... k}.
Yepes { N} 0603HaUEM MHOMKECTBO BCeX BO3MOXKHBIX k-Habopos N. Ilycts A — amroput s

pellIeHnsT aJropUTMIYECKOR TIpobJieMbl, () — HabOp OIepalyii, NCIOJIL3yEMbIX aJIropuTMOM 2.

Onpenenenune 1. OnpenenuM BhIpazkeHne Haja B u (), KaK TepM B CTaHIAPTHOM CMBICIE
MaTeMaTHIeCKON JIOTHKH . Kaxkmoe BeIpazkeHne w UMEET YPOBEHBb BJIOXKEHHOCTH, 0O03HATIM
ero gepes3 1.

IIpumep 1. BroipaxkeHust u ux ypoBHH BJIOKEHHOCTH:
1) wy =by X (by + b3) /by, T"* = 3:
2) wa = (b1 > b2) V ((b3 x ba) < b5 x (b6 + b7)), T** = 4.

Onpe,ueJIeHHe 2. Mbr HasbiBaeM BbIpaKeHHne uenquoﬁ JJINHBI T, €CJIN OHO {ABJISACTCA PE3YJIb-

TaTOM IIPUMEHEHU A HeKOTOpOfI aCCOL[I/IaTI/IBHOﬁ olrepanmuuun nu3 Q K T BbIpazKECHUAM.

Onpenenenune 3. Eciu N = @, To yr0boe BbIpaxkeHue w Haj B u () MBI Ha3biBaeM 0E3yCJIOB-
HbIM (Q-Tepmom. Ilycte N # @ u V' — mHOXKecTBO Bcex BbIpaxkeHuit Hay B u (). Torma sroboe
oTobparkeHue w : {N } — V U & Takxke Ha3bIBAETCsT O€3YCIOBHBIM (J-T€PMOM.

I[Iycte N = @ u w — 6e3ycyioBublit (Q-TepMm. lpenmosmokum, 9T0 BhIpakeHue w HaJ B u
() uMeeT 3HAUEHUE JIOTMYECKOTO THIIA IIPH JII0OOH mHTeprperanunu nepemeHubx B. Torma 6e3-
YCJIOBHBIN (Q-TEpM W HA3bIBAETCs GE3YCJOBHBIM JiorudeckuMm (Q-repmom. Ilycrs N # @ u w —
Gesyciaosublii Q-repM. Ecim soipaskenne w(N) ms kaxgoro N € { N} umeer 3Hadenne jormde-
CKOTO THITa TIPH JII060H MHTEPIpeTAlN TIepeEMEHHBIX B, TO 6e3yC/IOBHBIN ()-TepM W HA3BIBAETCSI
0e3yC/IOBHBIM JIOTHIECKUM ()-TEPMOM.

IIycrs uq, . . ., u; — 6€3yca0BHBIE JJOTHIECKHE (J-TEPMBI, W1, . . . , W; — 0E3yCIOBHBIE (J-TEPMBI.
Torma muozkectso | map (U, w) = {(ui, wi) }ieq1,...;} HA3BIBAETCA YCTOBHBIM (QQ-TEPMOM JITHHBI [.

[Mycrs (u, W) = {(ui, w;)}i=12,.. — cIeTHOE MHOXKeCTBO Hap Ge3ycioBHBIX (Q-Tepmos. IIpes-
nosioxkum, aro { (u;, wi)}ie{l,...,l} — yCJIoBHBIH Q-TepM 115t TI060T0 | < 00. Torma Mbl HA3BIBAEM

(U, W) ycsoBHBIM GECKOHEUHBIM ()-T€PMOM.

34 Bectauk FOYpI'Y. Cepus «BpruunciaurenpHas MmareMaTnKa 1 “”HOOPMaTAKA»



B.H. AneeBa

Q—TepMI)I MO2KHO BBIYHCJIATH. Hpouecc HaXO2KJICHN A 3HaYeHU Q—TepMOB OIIMCaH B .

Onpepenienne 4. Ilycre M = {1,...,m}. IIpeanosoxum, aro ajmropurm 2 coCTOUT B Ha-
XOXKIEHUU JJIsT KaxXKJI0ro ¢ € M 3HadeHus y; IMyTeM BblUucjeHus 3HadeHus: Q-repma f;. Torma
Habop Q-repmos { f; | i € M} naswiBaercst Q-jerepmunanTom ajgropurma 2A. Cucrema ypasHeHui

{y; = fi | i € M} nassiBaercs upejcrasienuem ajropurma 20 B dpopme Q-1eTepMUHAHTA.

Onpepenienne 5. Ilponecc Bbruncienust Q-repmos {f; | i € M} amropurma 2 HasbiBaercs
peanuzarueit agropurma 2. Peanuzamnus asropurma 2l HasbiBaeTcs mapaJsjiebHON, eCiu CyIie-

CTBYIOT OIlEpAIMU, KOTOPbIE BBIIOJIHAIOTCA OJJHOBPEMEHHO.

[Ipemnosnoxkum, aro U, C' u I obpasytor pasbuenne muoxecrsa M = {1,...,m} ¢ mycrbimu
wieHamu, 1o ectb: UUCUI = M; UNC =UNI=CNI = ; Kpome TOro, 0OJHO WU JBa
moamuaOKecTBa U, C' ' I MoryT ObITh mycThbiMu. [Ipeanosioxkum Takxke, aro noamuoxkectsa U, C
1 ] MOXKHO CBsI3aTh € HOJMHOXKeCTBaMU MHOKecTBa (Q-TepMoB {f; | i € M} takum obpasom:

1) ans kaskoro i € U cymecTsyeT Q-TepM f;, KOTOPBIi fB/sieTcs 6e3yCIOBHbIM, U f; = w';
2) mis kaxkgoro i € C cymecrByer (Q-tepM f;, KOTOPBIf $IBJIsieTCsl YCJIOBHBIM, . f; =

{(uz, w;)} je{l,...1(i)}» Te [(7) — mmbo koHcTanTa, MO0 3HAUEHHE BHIMUCIUMOfH DYHKIHI OT

N, eciiu N # @;

3) st Kaxkzaoro ¢ € I cymecrByer QQ-TepM f;, KOTODbIil SIBJISIETCsI yCJOBHBIM OECKOHEUHBIM, 1

fi = {0 Yiepo,. -

Omnpenenenune 6. Omnwuiem peaymsaruio aaropurma 2, HazpBaeMyo Q-3¢ HEKTUBHOI.

[Iycte N = &. BajganuM UHTEPIPETAIUO IIepeMeHHbIX . By/ieM BBIUUC/ISTD BhIPAYKEHUST
W ={w'(i € U)u},wi(i € C,j € {1,....0(0))});ul,wi(i e I,j€{1,2,...})} (1)

OJTHOBPEMEHHO, HapajieabHo. MBI rOBOPHM, UTO OIepaliis I'OTOBa K BLIIOJIHCHUIO, €CJIU BbI-
YHCJIeHBl 3HAYEHUsI BCEX €€ ONepaH 0B. 1Ipu BbIYMC/IEHNN KayKI0r0 U3 Bhipaxkenuit W (. l|
MBI BBIIIOJIHSIEM OIIepallii, KaK TOJILKO OHH TI'OTOBBI K BLIIOJHEHHIO. FKcam HecKOILKO omepa-
IMii [EMOYKHU T'OTOBBI K BBLIIOJHEHUIO, TO OHHM BLIIOJIHAIOTCA II0 cXeMe capauBanus. Hampumep,
BBIYMCJICHUE TICIIOYKN a1 + a2 + a3 + a4 110 CXeMe CJIBauBaHUs BBLIIOJIHSETCS TaK: CHAYAJIA BbI-
quciigeM by = a1 + ag u by = a3 + a4 oaHOBpeMeHHO, 3aTreM ¢ = by + by. Ecom nquss ¢ € CU T un
je{l,2,...} ug uMeer 3Hauenne false, TO BLIUMCIEHHE COOTBETCTBYIOIIETO w} [PEKPALIAETCS.

5 w;) IIPUBOJIUT K TOMY, YTO 3HAYUECHHE
OJIHOT'O BBIparkKeHUsI He OIPEJEIeHO, TO BRIYUCIEHNE BTOPOrO BBIPaXKEHUs MpeKpalaercs. Ecau
i i
o> Wio
J VR N -
Teneps nycrs N # &. Bajgaaum unrepnperanuio nepemenabix B u N € {N}. IMonyuaem

Ecmm qisi i € CUIT uj € {1,2,...} Bbruucienne napbl (u

st ¢ € C'U I Bblaucsienne HeKOTOPOii mapel (u ) IPUBOJUT K ONPEJIEICHIUIO UX 3HAUYCHUN 1

3HaYUEHNE u; true, TO BBITHUC/ECHHE BBIPAZKEHUI U w;» [IpeKpalaeTcs IJist JFO0ro j # jo.

MHO>KECTBO BBIPAKCHUIT
W(N) = {w'(N)(i € U);ui(N),wi(N)(i € C,j € {1,...,1(i)});
W(N), wi (W) e Tj e {12, D} (@)
Buipakenus W(N) (em. (2)) sbrancasiorest no ananornn ¢ spipakenusvu W (e, (1)).

HQHO‘IKI/I JOJIZKHBI BBIMHUCJIATHCAA IO CXeMe CABanBaHH#A, TaK KaK OHa obecrieuuBaeT MUHU-
MaJIbHOE€ BPEM# BBITHUCJICHUA IMEITOYKU. O6OCHyeM 9TO YTBEPXKJICHUE. Bricora KazKJI10T'0 U3 aJIro-

PUTMOB, BBIYHC/ISIONINX TIEMOYKY JUIMHBI 1, cOCTaBisteT He Meree [logn| u ne 6osee n — 1. Ilpn
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9TOM BBICOTA AJITOPUTMA, UCIIOJIB3YIOIIEro CXeMy C/IBauBaHus, paBHa [logn|, T.e. ABJIsieTCs MUHU-
MaJbHOM. [Ipeamonokum, ITO MpOrpaMMbl, peaJn3yIoniue aJIrOPUTMbBI, UMEIOT OJIMHAKOBYIO BbI-
YUCTUTENHHYIO HHDPACTPYKTYDY, T.€. YCJIOBUS pa3pabOTKU U BBIITOJTHEHUS . Tora MeHbIIE
BCEro BPEMEHHU JIJIsi BBIIIOJIHEHUS TIOCJIEIOBATEILHBIX NHCTPYKIIUN TOHAI00UTCS IPOTPaMMe JIJIst
peajim3aIuu ajJropuTMa, UCIoIb3yIoero cxeMy ciasanBanus. Cie0BaTebHO, B COOTBETCTBUY C
3aKOHOM AMjiajIa TporpaMMa, PeaJn3yiomas aJrOPUTM C UCIOJb30BAHNEM CXEMbI CIBANBAHUSI,

6yﬂeT NMETDH BpeMs BBIIIOJTHEeHU He 60.)'[le€, 9geM KazKJaasl U3 OCTaJIbHBIX IIPOT'PaMM.

Onpenenenue 7. Peanuzaius anropurma 20 Ha3bIBAETCsS BBIIOJHUMON, €CJIM OJIHOBPEMEHHO

JIOJIZKHO BBIOJIHSATHCSA KOHETHOE (HEIyCTOe) MHOXKECTBO OIEPAIIHil.

Q-3ddexkTuBHAS peaATn3aIus MOJTHOCTHIO UCIIOIB3YET PECYPC MapaIen3Ma aJrOPUTMa, KO-
TopbIit onuiem gajee. st 3roro OymeM UCIOIB30BaTh CJIEIYIOIIIE YCJIOBUsT U 0D0O3HAUCHUSI.
1. Anropurm 2 npejicrasiien B popme Q-merepMuHanTa Y; = f; Juist Bcex ¢ € M.
2. Suauenus (Q-TepMoB f; Jist Bcex ¢ € M onpenensiorcs npu 000 WHTepIpeTanun mnepe-
MerHbIx B u i moboro N € {N}, ecrm N # @.
3. llycto N = @ u I # @. Torma nipu 3aJaHHON WHTEPIPETAIINN EPEMEHHBIX B 7151 JTI060T0
.;i ’ U};
. OIIPEJIEJIEHO. Baenem obo3nagenne

1 € I cymecTByeT apa BhIpaXKeHUIT U
i
J

~ TaKasl, 9TO 3HAYEHNE u; paBHO true u 3HavUeHNe
k3 k3
w

W = {w'(i € U);ul,wili € C,j € {1,...,1(0)});ul,, wh (i € I)}.

4. Ilycte N # @ u I # &. Torna npu 3a1aHHON WHTEPIPETAIMNA IIEPEMEHHBIX B 115 JF060T0

N € {N} ui € I cymecTByer napa BbIpazKeHmit u; (N), w;i (N) Takas, 9T0 3HAUEHHE u; (N)

(N) ompejeneno. Beenem obosnauenne

7; —

paBHO true, a 3HavUeHUE w;,
T

W(N) = {w'(N)(i € U);uj-(N),w;(J\_/*)(z’ eC,jed{l,.. .,l(i)});uéi(]v),w}i(]v)(i el}.

5. @Q-acpdexkruBHas peajnsaius aJgropuTMa A BLIIOJIHUMA.

Onpenenenune 8. Ob6osnaunm depe3 Dy BbicoTy 1 uepe3 Py mupuHy ajaropurma 2, xapakre-
PHU3YIOIIIE ero Pecype mapasjien3Ma, U OTPEIeTIM UX CIeTYIONIM 00pasoM.
Ecim N = @, To

max 1%, ecmu I = @,

w
Dy = { "€ Py = max oy,
max TV, ecmau I # &; 1<r<Dy
wGW weW

rjie O — KOJMYeCTBO Olepanuil ypoBHS BJIOKEHHOCTH 7" BHIPDAYKEHUS W.
Eciu N # @, 10

, ecmn I =@,

DQ[(N) _ w(N)eW(N) B PQ[(N) _ max Z O:f}(]\?),
max T“’(N), eciu I # &; 1<r<Dy(N) gt
w(N)eW (N) w(N)eEW(N)
w(N) . _
rue Oy KOJINYECTBO OIepaIuii yPOBHsI BJIOXKEHHOCTH T Bbipaxkenus w(N).

Dy xapakTepusyeT BpeMsi BbITOJTHEHUS (J-3PDEeKTUBHON peam3auu ajropurma, a Py — kosu-
YEeCTBO BBIYUC/IUTENEI BEIYUCIUTENBHON CUCTEMBI (BBIYHCIUTEIBHBIX sIep, IPOIECCOPOB), He0b-
XOJIMMOE JIjIsI BBITIOJIHEHUST (Q-3(pDeKTUBHON pean3ali ajJropuT™Ma, a TaKxKe MaclirTabupye-

MOCTDBH aJIrOpuTMa.
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Onpenenenne 9. Ilporpamma nazwiBaercst @Q-3¢pdeKTUBHON, ecjin OHa BBINOJHSAET (-

3P PEKTUBHYIO PEATH3AIINIO aJITOPUTMA.

B uccienoBanusix Ha OCHOBe KOHIIENIAU (J-/IeTEpMUHAHTA JIJTsT OIEHKU 3(PDEKTUBHOCTH T1a-
PAJLIEJIBHBIX POI'PAMM UCIOJIB3YIOTCS UX JUHAMUYIECKNAE XAPAKTEPUCTUKU: BPEMsl BBIITOJTHEHUS,
yckopenue u 3¢ deKTUBHOCTb. YCKOPEHHe IPOrpaMMbl Bbaucisgercss o dbopmyrte S = T1/T),
a saddekruBrocTb 0 hopmyie E = S/p, rine T) — BpeMsi BBIIOJHEHUsI TPOrPAMMBI Ha OJIHOM
BRIUUCIUTEIbHOM ape nponeccopa [IBC, T}, — Bpemsa BbIIOIHEHNs TPOrpaMMbI Ha p BBIUHC-
JINTEILHBIX SJIpaX OJIHOI'O WJIN HECKOJIbKux mporeccopoB IIBC, p — kommdecTBO UCIIOIB3yEMBIX
[IPOTIPAMMON BBIYUCJUTEIBHBIX sifiep. MbI cunraeM, 4To nporpamma 3bdeKTuBHee APYroil, ecan
OHa, MMeeT JIMHAMUYECKNE XaPaKTEPUCTUKU JIydIlle, YeM JAPYyras IporpamMmMa.

Q->dbdexTrBHASA TPOrpaMMa UCIOJIB3YEeT BECh pecypc mapaJuien3mMa ajaropurma. Ho korma
oHa BeInosHsieTcst Ha [IBC, To BO3MOXKHO, ITO M3-3a HEXBATKH BBIUUCIUTEIbHBIX pecypcoB IIBC
HE BCE Ollepanyy Oy/IyT BBITOJHSITHCS IO Mepe WX NOTOBHOCTH K BBIIOJIHEHHIO. B pesysbrare
OyJeT BBINOJHATHCS PEAN3alis aJIlOPUTMa, He UCIIOJIb3YIOINasi BeCh PeCcypC HapaJjjien3Ma ajl-
ropuTMa. BmecTe ¢ TeMm B cTaThe pasjen 5.4| jokazana ciejyromas reopema. [Tpesnonoxum,
YTO JIJIsT YMCJIEHHOTO AJITOPUTMa UMeroTcst (Q-3bdexTuBHas u He Q-3¢ heKkTuBHAsT IPOrPaMMBI
C OJIMHAKOBOH BBIMHUCJIUTEIHHON mHpacTpyKTypoitl. Torna nuHaMudeckue XapakTepucTuku (-
3¢ EKTUBHON TPOrpaMMBbl He YCTYIAIOT JTUHAMUYECKAM XapaKTepucTukaM He (Q-3dhdeKTuBHO
nporpammbl. CiieroBaTeibHO, Kaxas u3 Q-3¢ dekTuBHbIx mporpamMM 3peKTuBHa, Jjisi CBOeit
BBIYUC/INTE/ILHOM HHDPACTPYKTYPBI. (-3 deKTUBHAST pearm3alius Moy dijia CBOoe HA3BaAHUE U3~
3a 9T0oro haxrta. IToT (HaKT MOATBEPKIEH TaK¥Ke SKCIEPUMEHTATIBHO . On ybexaer B

TOM, 9TO pa3pabaTbIBATh U HUCIOIb30BaTh (J-3PPEKTUBHBIE TPOrPpaMMbI [1e1eCO00pa3HO.

3. IIpoexkTnmpoBaHmMe NpOrpaMMHOI CUCTEMBI

PaspaboranHblit paHee MeTOJ, MPOEKTUPOBAHUS Mapa/lIeIbHON IPOrpaMMBbl JjIsI BBIIIOJIHE-
Hust Q-5 HEKTUBHON peaM3aIiii IUCJIEHHOTO AJITOPUTMa MOKET IIPUMEHSTH JII000it
pa3paboTUYnuK MpU MPOEKTUPOBAHUU JJis JIIOOOr0 YUCJIEHHOTO aJrOPUTMAa IIPOTPAMMBI, HUCIOJIb-
3yIoIeil pecype mapasiesn3Ma aJropuT™Ma MoJHOCTHI0. OMHAKO JJIsi 9TOTO HYXKHO 3HATD, UTO
Takoe (Q-JIeTEPMUHAHT aJITOPUTMa, U YMETh €r0 CTPOUTH JIJIsi KOHKPETHBIX ajropurmos. Ho mpej-
CTABUM, UTO Pa3pabOTIUKY JIOCTATOYHO YMETh OIMCHIBATH KJIACCUIECKUM CIIOCOOOM UUCJICHHBIE
AJITOPUTMBI, KOTOPbIE OH IPUMEHSIET, HAIPUMED, C MOMOIIBIO OJIOK-CXEMbl, U UMETb JIOCTYI K
[IPOIPAMMHOMY 00ECIIEYEeHUI0, KOTOPOE IO OMUCAHUIO AJITOPUTMA ToJTydaeT (Q-3¢hheKTuBHYIO pe-
aJIM3aIuio, a 3aTeM ee BbinoJiHseT. [lo-BuuMomy, Takass BO3MOXKHOCTb BaxkHa. Ho MOXKHO Jint ee
peaiuzoBaTh! Ilomcucrema mporpaMmuOil (Q-CUCTEMBI mpeobpasyer HJIOK-CXEMY aJITo-
puTMa B ero npejcrasieHue B (popme (Q-JIeTepMUHAHTA, KOTOPOE SIBJISETCS YHUMUIUPOBAHHBIM
[IPEJICTABIEHUEM YUCJEHHBIX aJITOPUTMOB. JIJIst JIydIiero moHMMaHus IPUBEJIEM IIPOCTOH TPUMEDP

[IpEeICTABIEHUSI aaropuTMa B popMe (Q-IeTepMUHAHTA, HOJIYIEHHOIO ¢ IIOMOIIBIO (Q-CHCTEMBI.

IIpumep 2. PaccMoTpuM airopuTM CKaJIPHOIO MPOU3BEIEHUST BEKTOPOB
A= (A(1),A(2),...,A(8)) u B = (B(1),B(2),..., B@)),

I/ICHOJH)SYIOHLI/Iﬁ CXeMy CBalBaHUA. Ero IpejJacTaB/IeHue B d)opMe Q—ﬂeTepMI/IHaHTa nMeeT BU

S=((A(1)- B(1) + A(2) - B(2)) + (A(3) - B(3) + A(4) - B(4)))+
+ ((A(5) - B(5) + A(6) - B(6)) + (A(7) - B(T) + A(8) - B(8))). (3)
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Ha puc. |1| mokazano Npe/ICTaB/IeHHe B dopme @Q-eTepMUHAHTA AJTOPUTMA CKAJISIPDHOTO IIPO-
U3BEJICHUS BEKTOPOB Au B [IOJIyYEeHHOE C TOMOIBI0 (J-cucrembl. IlpejcraBienune ucmoab3yer
obozHaueHusi: «op» — omneparusi, «fO» — mepsorit oepan oneparuu, «sO» — BTOPOI OlepaH

orepanuun. ypaBHeHI/Ie " puc. OHI/ICI)IBaIOT OIHO M TO K€ BBIYHCJICHUEC.

5= ;{
Top™iT+", 0" {
"Op" H "+","'FO":{
"op":iM+","fO" ]
fop":tE", 0" A1), "s0" "B(1)"
},
"s0":{
Top"itET UFO" "A(2)", "sO" 1 "B(2)"
}

},
"s0":{
"op™:iM+", " 0" {
Top" i TMET,FO" I "A(3) ", "sO" "B (3)"
},
"s0":{
Top™:itET,UFO" I "A(4)", S0 "B(4)"
}

},
"s0":{
"op":iM+","fO" ]
"op":it+", "0
Top" i tE","FO I "A(5)", "s0" "B(5)"
‘%,
"s0":
Top" i MET,"FO" "A(6) ", "sO" "B(6)"
}
},
"s0":{
"op":iM+","fO" ]
Top™ i TET RO "A(T) ", "SO" B (T
%,
"s0":
Top" i ME",UFO I "A(8)","s0": "B(8)"
}

Puc. 1. Ilpeacrasienne B hopMme Q-1eTepMUHAHTA, aJITOPUTMA CKAJISPHOTO IIPOU3BEICHUS

BEKTOPOB JIJIMHBI &

Ucrnonpayst mpejicraBiieHne ajropuTMoB B hopme (Q-/1eTepMUHAHTOB, MOXKHO pa3pabdaTbi-
BaTh €JIMHOE JIJIsI BCEX YNCIEHHBIX aJITOPUTMOB IIporpaMMHoe obecrieuerue. IIpumepom siBiisiercst
porpaMMHoe obecriedeHne (J-CucTeMbl Jyist mojiydenns (Q-3hdeKTuBHON peasmzanuu JHOOOTO
YUCJICHHOTO AJITOPUTMa U BBIYUCJICHHS HA €€ OCHOBE XapaKTePUCTHUK pecypca Iapajlien3Ma
asropuTMa. AHAJIOTHIHO BO3MOXKHO pa3paboTaTh €JIUHOE JJIsT BCeX TUCIEHHBIX aJITOPUTMOB MTPO-
rpaMMHOe obecrievderne it moaydeHust Q-3 deKTUBHON peaan3aui aJrOPUTMa U TPOEKTHPO-
BaHUs Ha €€ OCHOBE HCIIOJIHSIEMOI IMPOIPAMMObI I BBIIOJHEHUS Q-3 DEKTUBHON peasin3aium.
OTa njiest JIEXKUT B OCHOBE CO3/IAHUSA €JIMHOI ITPOrPAMMHOI CUCTEMbI aBTOMATU3UPOBAHHOIO I1PO-
€KTUPOBAHUS U UCIIOJHEHUS IPOrpamMM Jiuisi 3DMOEKTUBHON PeaTn3aIii YUCJTEHHBIX aJIOPUTMOB.

st cozmanust TPOrpaMMHOM CHCTEMBI MBI UCIIOJIB30BAJIU CJIEIYIONLYIO IIOCTAHOBKY 3aJIatu.
B cocTaB mporpaMMHO# CHCTEMBI JOJIXKHBI BXOJIUTH JIBA IPOrPAMMHBIX ITPOIYKTA.!

1) kommumiIsiTOp — IpeobpasoBaTesb IIPeJICTaBIeHus] aaropurMa B ¢hopme (Q-jeTepMuHaHTa B

KOJT TIPOT'PAMMBI;

2) BUpTyasbHas MAIIMHA — UCIOJHUTETH CO3/IABAEMBIX KOMIIUJISITOPOM [IPOTPAMM.

Ha BXO/J KOMIIUJIATOP JOJI2KCH IIPUHUMAaTDL JIBa cbafma:
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1) daiin ¢ npexacrasienuem ajaropurma B popme Q-JIeTepMUHAHTA, Oy IeHHbIH (Q-CHCTeMOil;
2) rekcTOBBII (haiisl ¢ HeOOXOIMMbBIMHU JIJIsi TIOCTPOEHUST IIPOIPAMMBI METAIAHHBIMU aJIFOPUTMA,
CO3J1aBaeMblil 110JIb30BaTE/ICM CUCTEMBI.
B kadecTBe BBIXOMHBIX JAHHBIX KOMITHJISTOD JIOJI?KEH CO3/1aBaTh OMHAPHBIN (hailil ¢ UCIOJTHIEMOIH
BUPTYa/JIbHON MaIluHON mporpammoit. B 3arosioBounoit ceknum dailn 1o/KeH CcomepKaTh WH-
dopMaIio 0 BXOIHBIX U BBIXOIHBIX JIAHHBIX aJTOPUTMA, OJYyYaeMbIX KOMIIMIATOPOM nu3 daiiia
METaIAHHBIX aJTOPUTMA, & TaKxKe JIOMOJHATEIbHBIX IIapaMeTPax, MO3BOJISIONINX BUPTYAJIbHON
MaIllMHE UCIOJIHATH IPOrPAMMY, HAIIPUMED, 00beM HEOOXOAMMON aJITOPUTMY TaMSTH.
BI/IpTyaJIbHaH MalinHa B Ka4veCTBE€ BXOJIHBIX ITapaMeTpPOB JOJI2KHaA ITPUHHUMATDL!
1) ucnoHsSIEMYIO IPOIPAMMY, CO3JIaHHYIO C HIOMOIIBIO KOMIIHJISITOPA,;
2) myTu HailjioB BXOJHBIX U BBIXOIHBIX JAHHBIX UCIIOJHAEMOIO aJrOPUTMA.
QDaits1 BXOJHBIX JAHHBIX aJTOPUTMa FOTOBHUT MOJb30BaTE/b. Pe3yabTaToM paboThl BUPTYaJbHOMN
MAaIlUHbI IBJIsgeTCs (Pailjl co 3HAUYEHUSIMU BBIXOJIHBIX JaHHLIX. [lob30BaTe/ b Ha cBoeM paboueMm
KOMIIBIOTEPE MOXKET C IIOMOIILIO KOMIIMIATOPA M'OTOBUTH IPOrPaMMYy JJIsl UCIIOJIHCHUS, & UCIOJI-
HEHUE MOXKET OCYIIECTBJISThCs Ha IepcoHaibHOM KomibioTepe uiau [IBC. Bupryanbaas mammaa
B JIAHHOM HCCJIEJIOBAHUU JIOJKHA ObITh opueHTHpoBaHa Ha [IBC ¢ obieit namsTbio.
[Ipu npoekTrpoBaHUM TPOrPAMMHON CHCTEMBI ObLIa pazpaboTaHa JuarpaMma Pa3MenieHust

ee KOMIIOHEHTOB, IOKa3aHHasi Ha puc.|2| KommonenT «@Q-cucremas mpejicraBiser coboil moJicu-

KOMI‘IbIOTep nonb3oBarensa

<<component>> g] <<component>> g
Q-cucrema Komnunsrtop
T
! <<component>> @
|
| <<create>> O6paboTumk
: Q-peTepMMHAHTa anropuTMa
. << >> <<component>>
<<artifact>> 0O < - - use>> - - i

Q-aetepmuHanT FeHepaTop nporpamm

v

<<create>>

. << >>
<<artifact>> D use <<artifact>> D
Dann meTagaHHbIX SCEEE ] Mporpamma
anroputma
N
| 1
] |
| 1
| 1 <<deploy>>
<<yse>> | !
AV
T
UcnonHuTenbHbIN y3en |
1
o <<use>> <<component>> a
<<artifact>> e ----- -+ BupTyanbHas mawmHa
BxogHble AaHHbIE
<<component>> g
Oucnetuyep BM

<<artifact>>
BbixogHble AaHHbIE

<<component>>
WHTepnpeTtartop 6ant-koga

Puc. 2. /lnuarpamma pasmerenusi KOMIOHEHTOB IPOTPAMMHOM CHCTEMBbI
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creMy (Q-CHUCTEMBI JIJIsT POPMHUPOBAHUSI 110 OJIOK-CXEME aJITOPUTMa €0 IIpeIcTaBIeHus B (hopme Q-
JeTepMUHAHTA, KOTOpoe 0003HAaYeHO Ha JuarpamMme apTedakToM «()-1eTepMuHAHT>. KOMIIOHEHT
«Kommustopy mpeobpasyer mpejcTaB/IeHne ajJropuTMa B popMe (Q-IeTepMUHaHTa B KOJ, IIPO-
rpaMmbl. Apredakr «Daiiyi MeTaIaHHBIX aJITOPUTMa» — TEKCTOBBINA (haiiy, co3JaBaeMblil OIb-
zoBareseM. OH UCHOJIB3YETCsI KOMITMJIATOPOM JIJIsT HHMOPMAIINKA O BXOAHBIX JAHHBIX AJITOPUTMA,
UX OIUCAHUSI, & TAKXKE TEKCTOBOTO OIUCAHUsT caMoro ajiropurMa. IlogkoMmonerT «O6paboTanK
(Q-IleTepMUHAHTA, AJITOPUTMAY, UCIOJb3Ys (J-1€TEPMUHAHT, CTPOUT B IMAMSITH CTPYKTYPY, COIEP-
JKAILYIO orrepanu (Q-IeTepMUHAHTA U CBSI3W MeXKJy HUMH. Ha30BeM 3Ty CTPYKTYPY J€PEBOM
agropurMma. [lonkommonent «l'eneparop mporpaMm» 3amuchbiBacT B OMHAPHOM BHJIE METaIAHHbLIC
ajropuT™Ma U c(OPMUPOBAHHYIO C ITOMOIIBIO JIEPEBA AJITOPUTMA, OUEPEIb KOMAH/I JJIsi BBIIIOJIHE-
Hust (Q-3¢hdeKTUBHOI peasmsaluu ajaropurMa B ¢aili mporpaMmbl, 0003HAYEHHBIN apTedakToM
«IIporpammay. Komnonent «BupryanabHas MammmHay UCIOJTHSIET IIPOrPAMMY, CO3JIAHHYIO KOMIIO-
wenToM «Kommuistops. [logkommonent «/Iuctneraep BM» obecrieunBaer pacipejiesieHue 3a1a9
10 IIOTOKAM HCIIOJIHEHHUsI, B KOTOPBIX paboTaloT 0ObEeKThl KOMIIOHEeHTa «MHTeprperarop Gaiir-
KOJla». BupTyaJibHasi MAIIUHA [TOJIyYaeT HOTOK KOMAaH n3 dailjaa mporpaMMbl, a TAKXKE TUTAET
BXOJIHBIE JaHHBbIE ajropuT™a u3 gaitia, obosznadenrnoro apredakrom «Bxomnbie manabies. [lo-
cJle OKOHYaHUs PabOThl BUPTYAJIbLHON MAIWHBI OJIYYeHHbIE BBIXOIHBIE JAHHBIE 3aIIMCHIBAIOTCS

B dailn, obozHaueHHbI apTedakToM «BbIxoHble JaHHbIEY.

4. Peanusanus mporpaMMHOI CHCTE€MbI

OCHOBHOI1 yIIOp IIPU BBIOOPE HHCTPYMEHTOB JIJIsl PeAJIU3aIiuy ObLI ¢JieJIaH Ha Kpoccrrargop-
MEHHOCTb, OTKPBITOCTb MCXOJHOI'O KO/Ja M IIPOU3BOJUTE/IBHOCTH KOHEYHOI'O PEIICHNI, I{TO6I)I HE
MOTEPATH TPEUMYIIIECTBO, KOTOPOE IpejiocTaniisieT (Q-3hdexTuBHast peajausaiiust ajropurma. B
KavuecTBe OCHOBHOTO si3bIKa pa3paboTKu ObLI BbIOpaH s3blk C'4++ M3-3a CKOPOCTU €ro pabOoTHI,
rUOKOCTH U KPOCCILIAT(OPMEHHOCTH.

PaccMoTprM HEKOTOpBIE OCHOBHBIE PEIIEHUsI 110 PEaU3alliny TPOrPAMMHON CUCTEMBI.

Daitm METATAHHBIX aJTOPUTMAa, KOTOPBIH HCIOJb3yeT KOMIUIATODP, uMeer (opmar YAML.
OH cozepkuUT Tpu KOPHEBBIX aTpubyTta: description — omnmchiBaomasi cTpoka, KoTopasi Oyjer
[IOKa3aHa 10JIb30BaTEIO IIPU BIBOJIe NH(MOPMAIIUU O [IPOI'PAMME BUPTYAJILHON MAIIMHON; input
parameters — CIIMCOK BXOJHBIX JAHHBIX aJropurMa; output parameters — CIHUCOK BBIXOJHBIX
JIAHHBIX aJIrOpUTMa. Bo BpeMsi KOMIUJISIUN KOMIIUJISTODP HPOBEPSET, 9TO BCE UHJEKCHI B IIPe-
JlesiaxX 3aJIaHHBIX B 9TOM aiijie 3HaYeHUH U Ipu 00HAPY2KEHUU BBIXOJA 33 IPEJEsIbl IPEPHIBAELT
IIPOIIECC C OINOKOIA.

B kauecrse dopmaTta daitia mporpaMMbl HCIIOIb3YeTCs pa3paboTaHHbli OuHapHbIil popMmar,
omucanubIil masmee. Takum oO6pazoM, MPOrpaMMBbI, CO3/aBAEMbIC KOMIMIATOPOM, UMEIOT CIIEIH-
duky. [losTomy, 4T0OBI UCTIOJHATL UX, TOTPEOOBAJIOCH PAa3pabOTATh MPOrPaMMHOE 0beCIeUueHuE,
KOTOpOe OBLIO HA3BAHO BUPTYyabHOUN MarmwHoit. Dailji IporpaMMbl BKIIOUAET 3ar0JIOBOK, CEK-
[N C JIONOJIHUTEIbHBIMU JAHHBIMUA U CEKIUI0 ¢ KOMAHJAMU. 3arojIOBOK CXEMATHIHO MOKA3aH
Ha puc. |3| B mepBoii cTpoke pasmemaroTcs cCUrHaTypa JaHHBIX u Bepcus (opmara daitia. [lo-
sie «CurHarypa JIaHHBIX» COJIEPYKUT KOHCTAHTY, IO3BOJISIOIIYIO OJHO3ZHAYHO UICHTU(DUITUPOBATH
TUI JAaHHBIX. j1st Toro 9Tobbl yoeauThest, 9To ailyl SBIseTCS MPOrpaMMoil, KOTOPYIO BUPTY-
aJlbHAsl MAIIMHA, CIIOCOOHA BBIMIOJIHUTD, PEaU3allus KJIaCCa, YUTAIONEr0 JAHHBIE ITPOrPAMMBI,
[pOBEpPsieT 3HAYEHNE CUTHATYPHI JaHHbIX. [lo/b30BaTe/ b, OTKPBIB IPOrPAMMY B TEKCTOBOM pe-
JIAKTOpE, 110 3HAYEHUIO CUTHATYPBI JAHHBIX CMOXKET MOHATH, sIBJIAETCs Jin (ailil IMIpOorpaMMoi.

[Tone «Bepcusi ¢popmara aitiay MO3BOJISIET YCTAHABINBATH Bepcur (DAMJIOB MPOrpaMM. DTO
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o123 a]s]s|7]s]o]als]c]o]s]*

0x0000 CHTHaTypa GOaHHHX Bepcun dopmaTa daiina

0x0010

- TekcTOoBO2 ONMCaAHUES IpoTpaMMEL

0x0100
0x0110 ObbaeM [IamMmaTI Kon-Bo BxogHbix AaHHbiX |Kon-Bo BLIXOAHBIX AaHHBIX
0x0120 KonmmMuecTBO KOMaHJ
- Bape=epBUPOBAHO
0x0200

Puc. 3. Cxema 3arosioBka daiisa mporpamMmmbl

HEOOXOIUMO JIJIsT TOr0, 9TO0OBI T00ABIATH HOBbIE BOSMOYKHOCTH B CBSI3KY KOMIIUJISITOP — BUPTY-
aigpHas mammia. [lome «TekcToBOE onmcanme MPOrpaMMbI» COJEPYKHUT OMMCAHNE, TOKA3bIBAEMOE
[IOJIL30BATEJIIO B CIIPABKE O Iporpamme. KoMmuagTop moydaer 3Ha9eHne STOro moJjs u3 gaitia
MeTaJaHHbIX aJrOpUTMa 13 KopHeBoro napamerpa description. ITose «O0beM naMsaTu» COMEPIKUT
YHCJIO, XapPaKTEePU3YIOIee HeOOXOIUMBIHN JJIsT BBIIE/TEHUA 00bEeM ITaMsITH, U3MEPSEMbIi B sveli-
Kax aMsITH BHPTyaJbHON MamuHbl. 3HadeHust moJeit «Koj-Bo BXoaHBIX maHHBIX> 1 «KoJ-BO
BBIXO/IHBIX JaHHBIX» KOMIMJISATOP PACCUUTHIBAET aBTOMATUYECKN HA OCHOBE CIIICKOB BXO/IHBIX U
BBIXOJIHBIX JAHHBIX aJIrOpUTMa u3 (aityia MmeTaganubix ajropurma. [loge «KoanaecTBo KomMaH1»
COJIEPKUT OOIIee YKUCJIO KOMAH/I B IIPOrPaMMe.

ITocsie 3arosoBKa HaUMHAETCS pas/iesl ¢ MeTanH(OpMAIneil 0 BXOIHBIX U BBIXOJIHBIX JIAHHBIX
aaroputMa. Kazkgoe JaHHOE ONUCHIBAETCS C IIOMOIIBIO CTPYKTYPbI, CXeMATUIECKN TIPEICTABICH-
HOI Ha, pI/IC. B draiisie cragasia pa3MenaTcst Bce MeTaJaHHbIe O BXOAHBIX JaHHBIX aJIrOpUTMA,
a 3aTeM BCe MeTaJIaHHbIE O BBIXOIHBIX JAHHBIX. X KOJIMIecTBO N3BECTHO U3 ITapaMeTpoB «KoJ-Bo

BXOJIHBIX JAHHBIX» U «K0JI-BO BBIXOJHBIX JaHHBIX» 3arosioBka. [lose «Obo3HaueHue (HanmMeHO-

o[1]2]3]a]s|e|7]e|o]a]n]c|o|e]r
0x0000 OFbozuavyenme [(HavMeHoBaHWuea)
0x0010
0x0020
Onvcanue

0x0030
0x0040
0x0050 Apec B HaMATH CrpokmM Cromnbig
0x0060

3ape3epBUMPOBaHO
0x0070

Puc. 4. Cxema cTpyKTypbl METAJIAHHBIX O JAHHBIX ajropurMma B (aiije nporpaMMbl

BaHWE)» COJEPIKUT MMsl JIAHHOTO, UCIOJL30BAHHOE B IIPEJICTABJIEHUN ajropurMma B ¢dopme Q-
JleTepMuHaHTa B Buje cTpoku. Comepxkumoe 1oJist «Onucannes IpecTaBiIsieT TEKCTOBOE OIUCA-
HUEe JTAHHOTO, MTOKAa3bIBAEMOE IT0JIL30BATEIO IIPU BHIBOJIE CIIPABOYHON MH(MOPMAIINHE O TPOTPAMME.
[Tose «Ajpec B maMsaTu» CONEPKUT aIpec pas3MeleHus JaHHoro. Ecu TaHHoe siBJIsieTcst MaTpu-
1eit, TO TO aJIpec IEePBOTO djIeMeHTa epBoil cTpoku Marpuilbl. Comep:kumoe mojeit « CTpokm»
u «CTosbIbly SBJISETCS KOJMIECTBOM CTPOK M CTOJIOIOB MATPHUIBI COOTBETCTBEHHO. [lapamerp
«Apec B aMsITU» KOMITUJISITOP PACCUYNTHIBAET aBTOMATHYECKHU, & 3HAYEHUsSI OCTAJBHBIX Tapa-

MEeTPOB MOJIyYaeT U3 CTPYKTYD, OINUCHIBAIOIINX STU JaHHbIE B (hbailjie MeTaJaHHbIX aJIOPUTMA.
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[Mocnemanm B daiise mporpaMMbl wieT pasjes ¢ odepesibio KoMana. Cxema CTpYKTYPBI KO-
MaH/Ibl IMoKa3aHa Ha puc. |b| Yucmo koMmam s onpeesnserca napaMerpoMm «KosmdecTBo KomaH Iy

us SaFOHOBKa.I{HTepHpeTaTOpy'6aﬁILKOﬂaJOTﬂaKHK§[ﬂB6 IIepBbl€ CTPOKHN CXEMBI.

ol1]2]3]a]s]e]7]s s als]c|ole]s
0x0000 Onepaums SapeszepBUMPOBaHO JleBEli onepasm
0x0010 Ilpapeii cnepasy Anqpec pe3ylIsTara
0x=0020
Sape3epBUPOBAHO
0x0030

Puc. 5. Cxema cTpyKTypbl KOMaHJIbl B (ailjie mporpaMmbl

B kagecrBe dopmaTa PaitaoB st BXOAHBIX U BBIXOJHBIX JAHHBIX aJITOPUTMa ObLI BLIOpaH
dopmar CSV ¢ pazjenuresieM TOYKa ¢ 3alsToil. Pacupeseienne namMsaTu Jijis JAHHBIX TPOUC-
XOJUT Ha drare KoMuuasiuu. CkajasgpHble JaHHble PACCMATPUBAIOTCH KaK KBaJIpATHBIE MaTPHU-
el nopsizka 1. O6beM namsaTn, HeOOXOUMBbIHT BXOJHOMY /BBIXOJHOMY JIAHHOMY, PACCIUTHIBAETCS
KaK MPOU3BEJIEHNE KOJMIECTBA CTPOK Ha KOJMIECTBO CTOJIOIIOB 9TOTO JaHHOro. B mpejcrasiie-
HUU aJITOPUTMa B dopMe (Q-JIeTepMUHAHTA, [TOJIyIaeMOM OT (J-CHCTEeMBI, WHIEKCAIIAsT MACCUBOB
U MaTpuI] uMeeT Hada bHbIN nHjekc 1. [losydyeHune 3HAUEHUST 110 WHIEKCY PACCUYUTHIBAETCS 110
dbopmyie address + columns - (i — 1) + j — 1, rue address — aapec stueiiku ¢ ungekcom (1,1),
columns — KOJIMIECTBO CTOJIOIOB MATPHUIIBL, ¢ U j — WHJIEKCHI, [0 KOTOPBIM TPOUCXOIUT 00~
pamenue. K uCIIosib30BaH OJIMH UHJEKC, TO j Oyaer mMmerh 3Hadenue 1. Eciu oba mHIEKCA
VIYIIeHbl, TO ¢ U j OyayT uMmerh 3HadeHue 1. BHauaje pacripejiesisiercss naMsTh JJisi BXOJIHBIX
JIAHHBIX, HaUYMHAs ¢ sdeiiku 1. Bce MATPUIBI «yKJIIBIBAIOTCSI» B TAMSTh TOCTPOYHO IO MTOPSIJI-
Ky IHOsiBJICHUs B (hailyie MeTaJIaHHbIX IIPOIPAMMBI. 3aTE€M PE3ePBUPYETCS MAMSTD JJIs BBIXOIHBIX
JIAHHBIX TOYHO TaKXKe, KaK U JJjIsd BXOJHbIX. [lajiee pacipeessercss naMsaTh O] BCe OIepaIuu,
KpOMe KOpPHEBBIX. KOPHEBBIMU CUMTAIOTCS ONEPAIINU, 3HAYEHUE KOTOPBIX OYJIET ABIATHLCS 3HAYTE-
HueM Q-tepMoB. 3HaYeHUS (J-TEePMOB — BBIXOJIHBIE JIAHHBIE IIPOIPAMMBI, & IaMATh JIJIsi HUX yKe
ObljIa BbIJEJICHA.

Omumiem paboTy BUPTYATBLHON MAIHHBL. SIPOM BUPTYaTbHONW MAIIMHBI SBJISAIOTCS TPU ee
[IOJICHCTEMBI: JIUCIETYIED 3aJ1a9, WHTEpIpeTaTop OaiiT-Koga IporpaMMbl, MMOJCHCTEMA JJIsT pe-
aJM3alysl MaMsiTH BHPTYyaJbHON MamuHbL. llepen HauayoMm pabOThl MPOU3BOJISTCS MTOJATOTOBHU-
TeJIbHBbIE JIEHCTBHUS: B MHTEPIIPeTaTope 0alT-Kojia MporpaMMbl PETUCTPUPYIOTCS Bee 06paboTIun-
KU KOMaHJ[, BBIIEJISIETCS [TaMsITh, CO31aeTCsl U KOHpurypupyercs mgucrerdep 3agad. ObpaboTka
Q-3ddexkTUBHON TPOrpaMMBbl HAUMHAETCS C CO3/AHUsT PAOOUUX MMOTOKOB. DTUM IIPOIECCOM 3a-
HUMaeTCs JUCIeTIep 3a7ad. B KayKJIOM MMOTOKE CO37aeTcsi OOBEKT MHTEPIPETATOpa DalT-KoIa
(manee uareprperarop). KoamuecTBo MOTOKOB ONpEEseTcs, KaK KOJUYECTBO BbIUUCIUTEIE,
nocrynabix Ha [IBC, Munyc onun win 3a1aercs nojib3osareieM Bpydnyto. OguH HoTOK (OCHOB-
HOI1) BBIJE/IsIeTCs Ha paboTy camoro aucrerdepa. [Tocse cozmanusi IOTOKOB HAYMHAETCS IPOIIECC
CO3JIaHUS JIUIsi HUX 3aJaHuil. DTUM [POIECCOM TaKKe 3aHmMaercs jgucterdep. lucnerdep mo-
JIydaeT KOMAaHJbI C TIOMOIIBIO IIEPEJIABAEMOI0 B HEr0 00beKTa, KOTOPBIN MPEJICTABIIeT u3 cebs
peasimzaIuio mabJoHa mpoekTupoBanus ureparop (Iterator). 3a cuer sroit abcTpakIn KOMAaH bl
MOTYT OBITH MOJIyYeHBbI U3 JII0O60r0 MCTOYHWKA: u3 daiiia, 13 3apaHee 3aJaHHOIO MaccuBa (ax-
TyaJIbHO JIJIsl TECTOB) WJIM 10 ceTh. MaKkcuMaabHbBI pa3Mep 3a/IaHust i IOTOKA OIIPE/IeIISIeTCsT
KaK KOHCTaHTa, 33J/laHHas B KOJIe BUPTYaJIbLHON MAIIMHBI, WA 3aJlaHHas IoJb3oBaTeaeM. Kak
TOJIBKO 3aJIaHKe CO3JIaHO, OHO CTABHUTCS B OYepeb Ha BbITOJHEHUE. 1lepBhIii CBOOOIHBIN TOTOK

Oeper 3ajlaHne U3 OYepe I M HAYMHACT €0 BBINOJIHEHHE.

42 Bectuuk FOYpI'Y. Cepusi «BorauciauresbHasg mareMaTuka u nH(pOpMaTUKa»



B.H. AneeBa

3astanne — 9T0 oUepeab KoMan . s 06paboTku odepe HON KOMaHIbl HHTEPIPETaATOP BHIOU-
paer HeoOXOIUMbIH 0OPAbOTINK KOMAHIBL U IeJerdpyeT €My OTBETCTBEHHOCTD 10 BHIYHCJIEHUIO.
Eciin KoMaHza roToBa K BBIIOJHEHUIO, TO OHA HCIIOJHSIETCS, a Pe3yJbTaT 3alliChIBAETCS B IIa-
MSTh II0 aJpecy, YKa3saHHOMY B caMoil KoMaHze. B MpOTUBHOM ciiyduae KOMaHIa IOMEIIAeTCs B
KoHell 3amannst. IIporecc 0bpaboTKM 33 aHUsT THTEPIPETATOPOM IPOIOIKASTCS MOKA MCXOIHOE
3aJIaHUE HE OIIYCTEET.

Pernozuropuit KoMmmigTopa TOCTYIIEH 110 CCHLIKE @, a BUPTYaJIbHOI MAIIIMHBI 110 CCHIJIKE .

5. SKCHepI/IMeHTaJII)HOG nccisiegoBaHme HpOFpaMMHOﬁ CCTEeMbI

[Ipu TecTmpoBaHMU TPOTPAMMHOI CHCTEMBI Ha MEPCOHAJTBLHOM KOMITBIOTEPE OBIJIO ITPOBEIE-
HO (DYHKITMOHAJBHOE TECTUPOBAHUE C UCIIOJB30BAHUEM AJITOPUTMOB C PA3JIMIHBIMU CTPYKTYPa-
MU (Q-JIETEPMUHAHTOB, JJIsi KOTOPBIX C MOMOIIBIO (J-CUCTEMBI ObLIN TOJIyYeHBI MPEICTABICHUS
B dopme Q-gerepmuHanToB. J1sg DYHKIIMOHAJIBLHOIO TECTUPOBAHUS IIPUMEHSINCH CJIEJTYIOIIHIe
AJITOPUTMBI: CKAJISIPHOE IPOU3BEJICHNE BEKTOPOB 0€3 MCIOJIL30BAHUS CXEMbI CJIBANBAHUS, CKa-
JISIDHOE IIPOU3BEJIEHNE BEKTOPOB C UCIIOJIL30BAHUEM CXEMbI C/IBANBAHUS, YMHOXKEHNE MaTpuUIL 6e3
UCIOJIL30BAHUS CXEMBI C/IBANBAHUS, YMHOXKEHNE MATPHUI] C UCIIOJIb30BAHUEM CXEMBbI C/IBAUBAHUS,
[IOMCK MAKCUMAJILHOTO dJIEMEHTA B MACCUBE YHCEJI, aJITOPUTMBbI, peasu3yioline MeTo bl ['aycca—
2Kopmana, I'aycca—3eiinenst u fxobu st permenust CJIAY.

[Ipu TecTupoBaHUU BXOMHBIE JAHHBIE aJITOPUTMOB M€HEPUPOBAJIUCH CIyUIaHBIM 00pa30M, a
BBIXOJ/IHBIE CPABHUBAJINCDH C 9TAJIOHHBIMU JAHHBIME, IOy YCHHBIMU C TIOMOIIBIO PEAJIM3alinii B cpe-
e MatLAB. st Bcex aJropuTMOB BCE TECTHI YCIIENTHO MPOILIN STAITbI KOMIUJISIITUN U UCIIOJTHE-
HUs BUPTYaJIbHON MAIIWHON, TIOJIYYeHHbIC 3HAYEHIST BHIXOIHBIX JIAHHBIX COBIIAJIN C STAJIOHHBIMH,
IIPUA 9TOM JIJIT UTEPAITUOHHBIX aJTOPUTMOB OHU COBIIAJIH C 33AHHON TOYHOCTDIO.

SKCIIEPUMEHTAIBHOE MCCJIEIOBAHNE Pa3pPabOTAHHON TPOTPAMMHON CUCTEMBI ITIPOBOJIAJIOCH HA
cynepromnbiorepe «Toprago FOVpl'Ys. B skcriepumenTax Ob11n 3a/1efiCTBOBAHBL JBA TIEHTPAIb-
HbIX mporieccopa Intel Xeon X5680 ¢ uacroroit 3.33 GHz 01HOr0 BEIYUCIUTENIBHOTO Y3J1a, KaXK bl
U3 KOTOPBIX UMeeT 6 sijiep U HOoJJIepKUBaeT 12 MOTOKOB, ollepaTuBHas naMATh yaia 24 ['6 ECC
DDR3 Full buffered [10].

11 9KCIIepUMEeHTAIBHOTO UCCIEI0BAHUS UCIIOJIB30BAJIUCH JIBA AJTOPUTMA YMHOXKEHUS JIBYX
KBa/IPATHBIX MATPHUIL: aJropuTM B 6e3 UCIOoJIH30BaHUs CXeMbl cABanBanus u ajroput™m € ¢ uc-
[I0JIb30BAHUEM CXEMBI C/[BauBaHus. Pe3ybraThl 9KCIIEPUMEHTAIBHOIO HCCIIEI0OBAHNS IPUBEIEHDI
Ha pI/IC.@ I'paduku ciieBa MOKA3bIBAIOT BpEMSI BBITOTHEHUS (-3 (DEKTUBHBIX TPOIPAMM, BBITIOJI-
HsIIOIIX Q-3¢ hekTrBHbIe peau3anuy aarpuTMoB B u €, a rpaduKu ClipaBa BPEeMsT BBITOJTHEHIST
onepanuii 3Tux Q-3pHeKTUBHBIX peajm3alinii. TakuM oO6pa3oM, IporpaMMHas CUCTEMA, BBIIIOJIHS-
er Q-3¢ dexkTuBHy0 Tporpammy aiaropurma € ObicTpee, UeM agropurMma B. TakKe JJIst AJITOPUT-
Ma € Ha BBINIOJIHEHUE ortepanuit (-3¢ dpekTuBHON peasm3anuu TpedyeTcst MEHBIIE BPEMEHH, IeM
ang agropurMma 8. [lomyuennble pe3yabTaThl 00bICHAIOTCS T€M, YTO BhICOTa aJroputMa & MeHb-
e, yeM ajropurma 8. VccsenoBanne BpeMeHU BBIIOJIHEHUS ontepariuii (Q-3(hpeKTUBHBIX peaJiu-
3aIuil IPOBOIMJIOCH C IEJBIO OIEHKH €ro BKJIa a B 00IIee BpeMsi BhIIOJIHEeHUsT Q-3 DEeKTUBHBIX
[POTPaMM.

Hawm He uzBecTHbI anajoru pa3paboTaHHON B JJAHHOM UCCIEIOBAHUU TPOTPAMMHOM CHCTEMBI,
[I0O9TOMY CPaBHEHUE C aHAJIOTaMHU He MPOBOJMIOCH. [IpuBejieHHbIE PE3yJIbTaThl SKCIIEPUMEHTOB
JIAIOT BO3MOXKHOCTD YHTATEJNIO OIEHUTL ObIcTpojieiicTBre (Q-3dbdekTuBHbIX mporpamm. Ciemyer
UMETHb BBU/LY, YTO OHO 3aBUCUT OT PECYPCa IapaJIIeIM3Ma aJITOPUTMOB U OT YCJIOBUI PazpabOTKu

U BBITIOJTHEHHS ITPOTPAMM, T.€. BBITUCIUTEIHLHON HHPPACTPYKTYPBI TPOTPAMM . B crarne
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Pazmep maTpHIIbI Pasmep maTpumn:
a) Q-sdderTuBHAA peann3anusl 6) Onepanun Q-3¢ppeKTUBHOM peasn3anum

Puc. 6. Pe3yJIbTaTbI KCIIEPUMEHTAJIbHOI'O UCCJIEIOBaAHM A

JIOKA3aHO, 9TO IPHU OJHOW W TOH Ke BBIYUCIUTEBbHOU MHMPACTPYKTYPe Q-3pdeKTuBHAaS MPO-
rpamMMa UMeeT IMHAMUYECKUE XapaKTEPUCTUKN HE Xy2Ke, UYeM JII00ast IIPOrpaMMa, BBITOTHSIIOIIA
APYTYIO peajin3alldio TOro »Ke ajropurma, T.e. Q-sdpdexkruBHast mporpamMmma 3PPEeKTUBHA I
CBOEH BBITMCIUTENBbHOM nHPpacTpyKTyphl. [lo HameMy MHEHUIO, XOTsT OBICTPOEHCTBIE BaXKHO,
MEHHOCTDH TTPOTPAMMHBIX CHCTEM, MTOMOOHBIX pa3paboTaHHOM B JAHHOM MCCIEIOBAHUN, COCTOUT B

TOM, ITO OHHU JAIOT BO3MOXKHOCTH HE TPATUTHL BpeMsl pa3paboTdmKa Ha MPOrPAMMUPOBAHUE.

3akJroyeHue

B crarbe npejicTaBieHo UCCIE0BAHNE TT0 CO3JIAHUIO HA OCHOBE KOHIENINHN (J-/1eTepMIHAHTA
[IPOrPaMMHON CHUCTEMbI aBTOMATH3UPOBAHHOI'O IIPOEKTUPOBAHUS M MCIIOJHEHMS IIPOIPAMM JIJIst
3 PEKTUBHOI pean3alii YUCIeHHBIX aJropuTMoB. OHO BKJIIOYAET PEIIeHHEe CJIeIYIOMMX 3a,1a4.

1) IIpoekTupoBanue u peaju3arysi KOMIMJISTOPA, TPe0OPA3yIOIIEro MPeICTaBIeHIe aJIrOPUTMA,
B dpopMe Q-IeTepMUHAHTA B UCIIOJHAEMYIO IIPOIPAMMY, HCIOIL3YIOIIYIO PECYPC HaPaTLIesI3-
Ma, aJIrOPUTMA IOJHOCTBIO.

2) IlpoekTupoBaHue U peajn3anus BUPTYaJbHON MAIINHBI, UCIOJHSIONIEH IPOrpaMMy, MOy~
YEHHYIO C IIOMOIIBI0 KOMIIMJISTOPA.

3) IlpoBenenne SKCIEPUMEHTAIBLHOTO HCCIEAOBAHNS (DYHKIMOHUPOBAHNS TPOTPAMMHON CHCTE-
MBI, COCTOSIIIEN M3 KOMIIMISITOPa U BUPTYAJIbHON MAIIUHBI, ¢ IPUMEHEHUEM CYIEPKOMIIBIO-
tepa «Topaamo FOVpI'Y».

PesynbraThl TectupoBanusi pazpabOTaHHON ITPOTPAMMHON CHCTEMBI Ha IIEPCOHAJIHLHOM KOM-
bIOTEPE W €€ IKCIIEPUMEHTAIBHOTO WCCJIeI0BaHnsT Ha cynepkoMmiibiorepe «Topuamo FOYpl'Y»
MOATBEPAUIN aJIEKBATHOCTD U 3(DPEKTUBHOCTD UCIOJIb30BAHHDBIX PEIICHUI.

F.HaBHI)IM pe3yjabTaTOM HCCJICIOBaHUA ABJIACTCA TO, YTO IIOKa3aHa BO3MOXKHOCTL CO3J1aHUSA
eJIMHO JIJTsT YUCJIEHHBIX AJITOPUTMOB IIPOTPAMMHOM CUCTEMbBI, KOTOPAasI 110 OJIOK-CXeMe aJIrOPUTMa
IIPOEKTUPYET ITPOrPAMMY, UCIIOJIB3YIOIYI0 PECYPC HapaJIe/IM3Ma aJITOPUTMa, TIOJTHOCTBIO, U UC-
nosnsieT ee. PazpaboTrannas mporpaMMHas CUCTeMa, IpeJHasHadena I ucuob3osanusd Ha [1BC
¢ obel naMsaThio. 1leabio JajabHelImX NCCaeqOBaHUN IBILeTCS BO3MOXKHOCTD HCIIOIb30BAHMS
pacrpenenennoii namsTu [IBC. Kpome Toro, mianupyercst HCIOJIL30BAHNE BAPUAHTOB PEIIeHMI

Ha OCHOBE KOHUIEIIIINN Q—,ILeTepMI/IHaHTa, OTJINYHBIX OT OIIMCAaHHOI'O B JaHHOM MCCJICJOBAHUN.
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Designing effective parallel programs for multiprocessor architectures is difficult because there are no clear
formal rules to follow. The concept of the Q-determinant can be applied to solve this problem when implementing
numerical algorithms. This theory allows for automated analysis of the algorithm parallelism resource, automated
comparison of the parallelism resources of algorithms solving the same algorithmic problem. In addition, it makes it
possible to design effective programs for the implementation of numerical algorithms using a specially developed
design method, improve the efficiency of the implementation of numerical methods and algorithmic problems.
The results obtained on the basis of the @)-determinant concept are one of the options for solving the problem
of effective implementation of numerical algorithms, methods and algorithmic problems on parallel computing
systems. However, the fundamental problem of computer-aided design and execution for any numerical algorithm
of a program that implements the algorithm effectively remains unresolved. The paper describes the development
of a software system for designing and executing Q-effective programs that is unified for numerical algorithms. A
Q-effective program is an effective program designed using the concept of a Q-determinant. The system is intended
for use on parallel computing systems with shared memory. It consists of a compiler and a virtual machine. The
compiler converts the representation of the algorithm in the form of a )-determinant into an executable program
that uses the algorithm’s parallelism resource completely. The virtual machine executes the program generated
by the compiler. The paper also provides an experimental study of the created software system using the SUSU
Tornado supercomputer.

Keywords: Q-determinant of algorithm, representation of algorithm in form of Q-determinant, Q-effective
implementation of algorithm, parallelism resource of algorithm, software Q-system, parallel computing system,
parallel program, Q-effective program.
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OBHAPYXKEHUE AHOMAJIN BPEMEHHOT'O PAJIA
HA OCHOBE TEXHOJIOI''I MHTEJIJIEKTYAJIBHOI'O
AHAJIN3A JAHHBIX I HEUPOHHBIX CETEN

© 2023 d.A. KpaeBa

IOoicho- Ypanrveruti 2ocydapemeennvil yrusepcumem
(454080 Heanbunck, np. um. B.U. Jlenuna, 0. 76)
E-mail: kraevaya@susu.ru
[Tocrynuna B pemaknuio: 20.05.2023

B craTpe paccmorpena 3agatia moncka aHOMAJIBHBIX IOIIOCIEI0BATEILHOCTEH BDEMEHHOTO Psi/ia, PEIIeHNe KO-
TOPOI B HACTOsIIIIEE BPEMsI BOCTPeOOBAHO B IIIMPOKOM CIIEKTPE MpeIMeTHBIX obsiacreil. [IpesiokeH HOBBIM MeTO,
OobHApYKEHHsT aHOMAJIbHBIX HOIIOCIEI0BATEIbHOCTEH BPEMEHHOIO Psifla ¢ YACTUYHBIM IIPUBJIEYEHUEM YUUTEJIsI.
Meron 6asupyercs Ha KOHIIEMIUSAX TUCCOHAHCA W CHUIIIETA, KOTOPBbIE (DOPMAJU3YIOT COOTBETCTBEHHO ITOHSTHUSI
AHOMAJIBHBIX W TUIIMYHBIX TOJIIOC/IEI0BATEILHOCTENl BPEMEHHOTO psijia. [IpeyioxKeHHbIN MEeTO, BKJIIOYAEeT B Ce-
651 HEIIPOCETEBYIO MOJIE/Ib, KOTOPasl OIpPEeJIsieT CTeleHb AaHOMAJILHOCTU BXOJHOM IOIIOCIIEI0BATEILHOCTH Psijia,
¥ aJITOPUTM ABTOMATHU3UPOBAHHOIO MOCTPOEHUsT 0bydaromeil BhIOOpKH 1 9Toi Momeau. HeitpocereBast Mmozesnb
MIPEeJICTaBIIsAET COOO0M CHaMCKYIO HEHPOHHYIO CETh, TJI€ B KAYECTBE MOJICETH MPE/JIOKEHO UCIIOIb30BATH MOIN(PUKA-
o mMozenun ResNet. list obyuenust Mozenn npejyioykena MoauduimpoBantast MYHKIUsS KOHTPACTHBIX IOTEPb.
DopmupoBaHue 00ydJaronieit BBIOOPKHU BBIMOIHIETCS HA OCHOBE PEIPE3EHTATUBHOTO (DPArMEHTa Psifia, U3 KOTOPOTO
VAAJISTIOTCS TUCCOHAHCHI, MAJIOMOIIIHBIE CHUTITIETHI CO CBOUMM OJIMXKANIITIMU COCESIMUA M BBIOPOCHI B PAMKAX KaXK-
JIOr0 CHHMIIIIETA, TPAKTyeMble COOTBETCTBEHHO KaK AHOMAJIbHAsI, HETHIINYHAS JESTEJIHbHOCTh CyObeKTa W IIyMBbL.
BoraucinresibHble 9KCIEPUMEHTBI Ha BDEMEHHBIX PsIJIaX U3 PA3JIMYHBIX [IPEJMETHBIX 06JIacTell MOKA3bIBAIOT, ITO
IpeIOYKEeHHAsT MOJIEJIb 110 CPABHEHUIO C AHAJIOTAMU MTOKA3BIBAET B CPEIHEM HaMbOOJee BHICOKYIO TOTHOCTH OOHADY-
JKeHUsT aHoMaJsuit o craugapTHoii merpuke VUS-PR. O6parHoii CTOPOHON BBICOKON TOYHOCTU METOJA SIBJISIETCST
GoJIbIIee TI0 CPABHEHHIO C AHAJIOTAMM BPEMsi, KOTOPOE 3aTPavurBaeTCs Ha 00ydYeHre MOJIE/IN U PACIO3HABAHUE aHO-
masinn. TeM He MeHee, B IPUJIOKEHUSIX MHTE/LIEKTYAILHOTO YIIPABIEHUST OTOIJICHIEM 3IaHU METO/T 00ECIIEINBAELT
OBICTPOIEHCTBHE, JOCTATOYHOE JIJIsi OOHAPY?KEHHUsST aHOMAJIBHBIX IIOIIOCIIEI0BATEILHOCTEN B PEXKIME PeaIbHOTO
BpPEMEHU.

Karoueswie crosa: epementols pad, nouck aromasut, OUCCOHAHC, CHUNNEM, CUAMCKAA HEUPOHHAA CEMD.

OBPASEIIl INTUPOBAHUA

Kpaesa f.A. ObnapyKeHne aHOMaJINi BPEMEHHOI'O Psijia Ha OCHOBE TEXHOJIOTHH WHTEJIJIEK-
TYaJbHOIO aHAJIN3a JIAHHBIX U HefipoHHBIX cereii // Becrauk FOYpI'Y. Cepusi: BeraucinrenbHas
maTemaTrka n nudopmaruka. 2023. T. 12, Ne 3. C. 50-71. DOI: 10.14529 /cmse230304.

BBenenue

B wmacrositiiee Bpemsi pazpaborka 3(hhEKTUBHBIX MOJesell, MEeTO0B U aJrOPUTMOB [TOUCKA
AHOMAJIII BDEMEHHOT'O Psifia OCTAETCs OJIHOM 3 HanboJiee aKTyaJbHBIX UCCIEIOBATEIBCKIX TPO-
6s1em . [Touck anomasuit TpebyeTcss B MMUPOKOM CIIEKTPE HTPEIMETHBIX 00JIaCTeil, CBI3AHHBIX
¢ 00paboTKO#l BpeMeHHBIX psiioB: HTepHeT Bermeit , YMHOE yIIpaBJIeHUE 3/IaHUSIMU U ro-
pojioM , IIepCOHaJIbHAA MeJIUIIHA u jip. IIpu sTom 1esbio noncka MOXKeT ObITh TOYeYHAs
aHoMaJsnst (OAMHOYHBIN BBIOPOC) MM AHOMAJbHAS MOAIOCIEI0BATEILHOCTD (HEIPEPHIBHBIN MH-
TepBAaJI SJIEMEHTOB PsiJIa, He BCE M3 KOTOPBIX SBIIAIOTCS BhIOpocamu ). Cirydaii aHOMaIbHBIX ITO/III0-
CJIe/I0BATEJILHOCTEN SABJIsAeTCH Hanbosiee BOCTPEOOBAHHBIM Ha IIPAKTHKE U CJIOXKHBIM JIJIsI ITOUCKA,

ITOCKOJIBKY CPEJIH IMPOYNX [TapaMeTpoB TPeOyeT ydueTa BCEBO3ZMOXKHBIX JIJIMH aHOMAJIUU .

50 Bectauk FOYpI'Y. Cepus «BpruunciaurenpHas MmareMaTnKa 1 “”HOOPMaTAKA»


mailto:kraevaya@susu.ru

f.A. Kpaesa

Meroapl moncka aHOMAaJbHBIX IOJIIOCIEI0BATEILHOCTENl BPEMEHHOIO Psiia Pa3JessioT Ha
TPH I'PYIIIbI @: nouck ¢ yuanresem (supervised), nonck 6e3 yanress (unsupervised) u mouck
€ YaCTUYIHBIM IpUBJIEYeHnEM yauTess (semi-supervised).

Metoapl moncKa aHOMaUi ¢ yyumesem MOAECIUPYIOT HOPMAaJIbHOE W JICBUAHTHOE IOBEJIE-
HFEe BO BPEMEHHOM psijie M BKJIIOYAIOT B cebs dTam oDydeHHsl, MOCJIe KOTOPOrO BO3MOXKHO WX
MIPUMEHEHNE BO BPEMEHHBIX PsIaX, He M3BECTHBIX Mojeaun. MeToabl JaHHOW TPYIIbl TPeOYIOT
I OOyYeHus MIPeIBAPUTE/ILHO PA3MEUYEHHBII IKCIIEPTOM WJIU CIIENUAJIM3UPOBAHHON ITIPOTPaM-
MOii BpeMeHHOM DsiJi (psiJibl), TJIe HO/IIOCIe0BATETLHOCTH UMEIOT OJ[HY U3 JIBYX METOK: «HOpPMa»
wim «anoMajus». [lo cBoeit mpupojie MeTO/Ibl IIONCKA AHOMAJIUHI C YIUTEIEM OIPAHUYEHbI B CBOEHT
CIIOCOOHOCTU 00HAPYKUBATH AHOMAJINH, HE 33JeHCTBOBAHHBLIC HA Talle O0yYeHUs, U IIOITOMY B
HACTOsIIee BPEMsl OHU PEJIKO IIPUMEHSIOTCS Ha IMPAKTUKE @

Merosibl TTorcKa aHOMa Uil 6e3 yuwumens He TPEOYIOT MIPEIBAPUTE/BHBIX 3HAHUI O BpEMEH-
HOM PsiJie ¥ He BKJIIOYAIOT B cebst Iral oOydeHns. Y Ka3aHHbIE METOIbI OCHOBBIBAIOTCA HA, IIPEIIIO-
JIOXKEHHSIX O CBOMCTBaX, KOTOPBIMU 00JIaIaI0T aHOMAJIbHBIE IIOAIIOC/IE0BATEIbHOCTH: OHIU BCTPE-
JaloTCs pexke, IMEIOT HHYIO (bOpMY, IIPOUCXOISIT U3 APYroro pacipeeeHns BEpOATHOCTER 1 Ip.

MeToapl ¢ Yacmud4HbLM NPUBAEHEHUEM YUUMEAS BKIIIOYAIOT B ceds Tar 00ydeHust, Ha KOTO-
POM TIBITAIOTCS N3y IUTH TOJIBKO HOPMAJILHOE ITOBEIEHIE BPEMEHHOI'O Psiia, KOTOPbIi (pUTrypupyer
B KadecTBe oOydJalomieil BLIOOpKU Moesn. Mojesb, Oy/aydn MpuMeHeHHON K TeCTOBOMY BPEMeH-
HOMY pPsily, IOMeYaeT KaK AHOMAaJIbHBIE IO/IIIOCIeI0BATE/IHHOCTH, KOTOPbIE HE COOTBETCTBYIOT
HOPMAaJILHOMY IIOBEIEHUIO.

B nammoit crarbe npesjaraeTcs HOBBIH MeTOI OOHAPYKEHUsT aHOMAJILHBIX ITOJIIOC/IEI0BA~
TEJbHOCTEH BPEMEHHOTO Psifia, ¢ YaCTUYHBIM IPUBJIEUYeHHEM yuuTess. MeToa BK/IOYaeT B ce-
Os1 HEHPOCETEBYIO MOJIE/Ib, KOTOPAsl OIPEJIe/deT CTENeHb aHOMAJJIBLHOCTA BXOJHON ITOIIIOCIIE-
JOBATEILHOCTH, W aJIOPUTM aBTOMAaTU3MPOBAHHOI'O IIOCTPOEHMS O0ydalomeir BBIOOPKU i
sroit Mmoziesn. HelipocereBast Mojiesib mpejicraBiisier coboii cuaMCcKyIo HelpoHHYO ceThb (Siamese
Neural Network) , rje B KadecTse mnojceru (purypupyer moauduKaius HeipoceTeBoil MoJie-
sin ResNet E], U Jyist 0byUeHusi KOTOPOil pejjaraeTcs MoauUIupoBaHHast (DyHKIUS OTEPh.
AusropurM mocrpoenust o0y varomieil BRIDOPKY JJist HeifpoceTeBOil MOJIE/IN IPEIITOIaraeT O9YnCTKY
PEIpPE3eHTATUBHOIO Psi/ia OT AaHOMAJIBHBIX IOIIOCIEI0BATEILHOCTEN, OTPasKAIONINX AaHOMAJIbHbIE
U HETUIINIHbIE AKTUBHOCTH CYObEKTa, JJIsl IIONCKA KOTOPBIX IMPUMEHSAIOTCS MOHSITHSA JUCCOHAH-
ca U CHUIIIIETA, COOTBETCTBEHHO.

OcTaToK TeKCTa CTATbW OPraHM30BaH CJEAYIONINM 00pa30M. Pa3zgen COJIEP>KUAT KPATKUIA
00630p paboT o TeMaTHKe HccjieqoBanns. B pa3geneanBom{Tc;{ dopMaIbHbBIE OIIPeIe/IeHIsT
6a30BbIX MMOHATHIL. B paB,ILeJIere,ILCTaBJIeH MeTo1, OOHAPYKEHUsT AHOMAJINI BPEMEHHOTO Psiia
B PeaJIbHOM BPEMEHU, OCHOBAHHBIIT HA COBMECTHOM NPUMEHEHUN TEXHOJIOIMI HEUPOHHBIX CETEA 1
MHTEJIJIEKTYAJIbHOIO aHAIN3a JTAHHBIX. Pasg:penonncmBaeT Pe3y/IbTaThl BBIUUCIUTE/IBHBIX 9KC-

HEPUMEHTOB 110 UCCJIEIOBAHNIO 3P HEKTUBHOCTH IPEJIOKEHHOIO METO/A. | 3aK/II0YeHIe| 10 IBOIAT
UTOT'U UCCJIEJOBAHUSI.

1. O630p pabot

B HenaBHO 0myO/IMKOBaHHBIX OO30PHBIX CTATHSAX O METOJAX ITOUCKA AHOMAJIMI BPEMEHHOTO
pdzia @ CyMMapHO PacCMaTPUBAETCS OKOJIO CTa PA3JIMYHBIX METOMOB, B TOM ducjie OoJiee
25 MeTONOB C YACTUYHBIM IpUBJIeUeHNeM yunTesd. llosToMy B maHHOM pasiesne KpaTKO pac-
CMOTPEHO JIUIIb MaJjioe YUCJIO OCHOBHBIX IIOJXOJIOB K IIOUCKY aHOMaJIiil, HEKOTOPble U3 KOTOPbIX

JaJjiee ObLIN SaﬂeﬁCTBOB&HbI B BBIYMUCJ/INTEJIbHBIX 9KCIIEpUMEHTaX JaHHOI'O MCCJICTOBAaHMA.
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OGHapy)KeHI/Ie aHoOMAaJIuM BPpEMEHHOI'O pda Ha OCHOBeE€ TEXHOJIOT UM NHTEeJIJIEKTYaJIbHOTI'O...

B rpymuimy meTonoB noncka anoMasuii 63 yauTesist BXOIAT MOUCK JTUCCOHAHCOB HAa OCHOBE
MaTPUYIHOTO IIPOMUIIA BDEMEHHOT'O Psijia , anroputMbl DRAG , MERLIN , DAMP ,
Meron NormA U ap.

Kak ykaspiBajsioch BbIIlle, METOJIbI IIOUCKA AHOMAJIMNA C YIUTEJIEM DPEJIKO IMPUMEHSAIOTCA Ha
[IPAKTUKE @, U TI09TOMY MOXKHO [PUBECTH JIUIITb TPU OTHOCUTEIHLHO HEJaBHIE PAa3pabOTKH, BXO-
JSIIre B JaHHy0 rpymmy Metomos: MultiHMM , HIF n NF .

TunuaabIME TPECTABUTEISIMA TPYIIIBI METOI0B IOMCKA AHOMAJINI ¢ JACTUIHLIM IIPUBJIE-
YEeHUEM yUIUTE/Isl SIBJITIOTCS cJieyortue paspaborku. Merox LSTM-AD BBIIOJIHSIET OOHAPY-
JKEeHUe aHOMAJIMH B MHOTOMEPHBIX BPEMEHHBIX PsifiaX HA OCHOBE IIPUMEHEHUs HEHPOHHBIX ceTeit
nosroii kparkocpounoii namsitu (LSTM, Long Short-Term Memory). Mero, npejimoiaraer, 4ro
pa3MevueHHbIe JaHHBIE PACIPEIENIAIOTCS Ha cjedyiomue rpynnbl. HopMmaabHble MOAIOCTET0BA~
TEJILHOCTHU JIeJISITCST Ha 9eThIPe IPYIIbL: 00ydaromasi BbIOOpKa (Sy ), JBe BaJMJIAIMOHHBIE Bbl-
6opku (VN1 ¥ Un2) U TeCTOBast BBIOOPKA (t ). AHOMAJIbHBIE TIOIIOCIIEI0BATEILHOCTH JICJISITCST HA
JIBe TPYIIbI: BaJauIaIlMoOHHast (V4) U TecroBasi BHIOOPKHU (t4). MeTos ucmosib3yer JByXCTyIeH-
YATYIO CXEMY <«IIpeJICKa3aHue-IeTeKIs»: CliepBa MOJIeJIb Ha OCHOBEe MHOTOC/0NHO# cetn LSTM
[IPEJICKA3BIBACT 3HAUEHUSI BDEMEHHOTO PSIJIa, & 3AT€M BhIUHUCJISI€TCS PACIIPe/iesIeHne OITUOOK IIpe/I-
CKa3aHus, C MOMOIIBIO KOTOPOro obHapykuBaioTcs anomajuu. Muorocmioitnas cers LSTM op-
raHu3yercs cJjeayonmM obpa3oM. Bo BxomHoMm ciioe Jjisd KaxKJIOH U3 m pa3MepHOCTel psijia
nMeeTcs 0JinH HelpoH, d X ¢ HEfPOHOB B BBIXO/IHOM CJIOE TAKUX, YTO Ha KaxKJioe u3 ¢ mpejicKa3am-
HBIX 3HAYEHWI I Kayk10it u3 d pasmepHocTeil nmeercs: onuH Heiipon (rae d, { — mapameTpsl
u 1l < d < m). Heiipoubl ckpbiToro ciosi LSTM sIBJISIFOTCSI HOJIHOCBSI3HBIME, YTO Pean30Ba-
HO C IOMOIIBIO peKyppeHTHBIX cBsizeil. Heckosbko LSTM citoeB (00bI4HO JiBa) OObLEIUHSIIOTCS
B CT€K TaKuM 00pa3oM, 4TOOBI KaKJblil HefpoH B CKpbITOM cjioe LSTM cHuzy ObLI MOJTHOCTHIO
COEJINHEH € KaXKJIbIM HEUpOHOM B CKpbITOM cjoe LSTM Has HUM TOCDPEICTBOM MPSIMBIX COEJTHU-
nenuii. ObydeHre ONMCAHHON MOJIE/IN BBIIIOJIHSETCS Ha BEIOOPKE S, BBIOOPKA Upn{ UCIIOJIb3YeTCst
JJIs PAHHEro OCTAaHOBa O0OydeHUs Ipu mojbope BecoB HelipoceTu. Paza NETEKIUHU BBINOJIHACTCS
caeayromuM obpasoM. jist Kaxk10it u3 BEIOpaHHBIX d pa3MepHOCTeil £ pa3 BBIMOJIHSIETCS TPEJICKa-
3anue ¢ 3nadeHunii. Jlajee npuMeHsieTCsi BEKTOP OIMIUOOK, 9JIEMEHT KOTOPOIO IIPEJICTaBIIsieT coboit
PA3HOCTb MEXK/ly PEaJbHBIM U IIPEJICKa3aHHbIM 3HadeHusiMu. Mojesb, oOyueHHasi Ha BBIOOPKE
SN, UCIOJIB3YETCS JIJIst BBIYUCJICHUS BEKTOPOB OIIMOOK JIJIs [TOCJIEI0BATEILHOCTEN BaUIAIINOH-
HOIt U TeCTOBO# BBIOOPOK. BeKTOPHI OMMO0K MOMEIUPYIOTCA TaKUM 00pasoM. BekTopbl ommbok
JIJISE 9JIEMEHTOB U3 BBIOOPKHU VN1 HCIOJIB3YIOTCS JIJIs OIEHKU [TapAMETPOB PACIPEJIEJICHUS C HC-
[TOJIb30BAHUEM OIEHKN MAKCUMAaJILHOTO IpaBionoaobus. [lommnocienoBaresbHOCTD Kitaccuduiu-
pyeTcst KaK aHOMAJIHst, ecyid (DYHKIUS OIEHKA MAKCUMAaJILHOTO IIPABJOIIOI00Us MEHbIIEe HallePe/]
3aJJaHHOTO MapaMerpa 7, WHAYe OHA IOMEYaeTCs KaK <«HopMay. IIpm 3Tom BBIOODKH Un2 U Vg
MPUMEHSIIOTCS JIJIsI OIPeeIeHUsT T IMOCPEICTBOM MAKCUMU3AINNA 3HAYEHUsT F-Mepbl, KO aHO-
MaJIbHBIE IOJIIOCIEI0BATEILbHOCTA CUUTAIOTCS MPUHAJICKAITUMA TIOJIOKUTEILHOMY KJIACCy, a
HOPMaJIbHbIE — HAIIPOTUB, OTPUIATEILHOMY.

Meros DeepAnT [IO3BOJISICT OOHAPYXKUBATL OJIMHOYHBIC BLIOPOCHI M aHOMAJILHBIE 101~
IIOCJ/IeIOBATEJILBHOCTH BPEMEHHOI'O Psifia KaK B OHJIAiTH, Tak u B odaiin pexxkume. DeepAnT wnc-
MOJIL3YEeT He COojepKalliue pa3MeTKy BPEMEHHbIE PSIIAbI JIJI U3yUeHUs] PACIPeIeeHus JTaHHbIX,
KOTOPOE 3aTeM HCIIOJIb3YeTCsl JJIsi IPOTHO3UPOBAaHUST HOPMAJIBHOI'O MTOBEJICHUSI BDEMEHHOTO PsiJia.
DeepAnT cocrout u3 AByX MOmyJsei: MpecKasaTess U JeTEKTOPA AaHOMAJINN BPEMEHHOTO PsiJia.
Mojtysib mipejicKa3aHusi UCIOJIb3YeT IVIYOOKYI0 CBEPTOYHYIO HEHPOHHYIO CEThb JIJIsi IPOTHO3UPOBA-

HuA 6y,£(y11[6f0 SHAYCHUA pPdda Ha OIIPEJCJIEHHOM IOPHU30HTE, HCIIOJIb3Yyd B KadeCTBE KOHTEKCTa
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OKHO TPEJBbLIyInuX 3HadeHuil psiga. Helfiponnas ceTb BKjOYaeT B ceOst JiBa CBEPTOUHBIX CJIOS C
pasmepowm sizipa 32 u Jluneitnbiv Boinpsimuresiem (ReLU, Rectified linear unit) B kagectse dbyHK-
uu akTuBanuu. K BBIXOMY KarKJOro M3 CJIOEB NPUMEHSIETCs OIepAIis HOIBBIOOPKU 110 MAKCHU-
masbHOMY 3HaueHmnio (MaxPooling). [Tocieaaum cioem HelipoceTn sIBJISIeTCs TOJHOCBSI3HBIN. B
KadecTBe (DYHKIMH [TOTEPh P 00yvIeHnn HeHpOCeTn IPUMEHSIETCSI CPEIHssT aDCOJIIOTHAST OINOKA
(MAE, Mean Absolute Error). ITony4ennoe nporaosnoe 3HadeHue 3aTeM I€PeIaeTcsl JeTEKTO-
Py aHOl\la.}'H/II‘/)I7 KOTOprﬁ OTBEYa€T 3a pa3METKy 3Ha4YeHUsdA KaK HOPMaJIbHOI'O WJIXN aHOMaJIbHOI'O.
DeepAnT nomyckaer obyueHne Ha BPEMEHHBIX Psi/iaX, U3 KOTOPBIX HE YIAJSTFOTCS BBIOPOCHI W

aHOMaJIbHBIC ITOAITIOC/IeI0BATECJILHOCTH.
2. Teopermyecknii 6a3uc

2.1. BpemeHHoii psiJi U IIOAIIOCJIEIOBATEIbHOCTD

Bpemennoti pad T npencrasiisieT coO0i OCIEI0BATEIFHOCTE BEIIECTBEHHBIX 3HAYEHNI, B3sI-

ThIX B XPOHOJIOTUYICCKOM ITOPsAIKE!:
T = {ti}?:la t; € R. (1)

Hucsto n Ha3BIBAaETCs JJIMHON psifa 1 obozHauaercs |T.
ITodnocaedosamenvrocmo T; , BpemenHoro psja T’ npeacraBisgeT coboii HelPepPBIBHBIN IIPo-

MEKYTOK U3 1M 9JIEMEHTOB Psijia, HaunHas C HO3UINH i:
— i+m—1 .
Ty = {te ;" 3<m<n, 1<i<n-—m+1L (2)
= m
MHuo2KecTBO BCex MOAIOCIe0BaTeIbHOCTE Psifa T', MMEOIHX IMHY 1M, 0003HAYNM Kak S

2.2. JImccoHaHCHI

Iopnocnenosarenbuoctu 1; 1 Ty pafa T cUUTAIOTCA He NEPECEKaOULUMUCH, €CIII
li — j| = m. Hekasi mojmocsie1oBaTeIbHOCTD Psifia, HE IIE€PECEeKaroascs ¢ JaHHON IOJIOCIIe-
noBareabHOCTBHIO C', 0bo3Havaercss Kak M.

[ToamocenoBarenbrocTs D psiga T’ sBIsSIETCS QUCCOHAHCOM , ecan

]\?El,iélT(DiSt(D’ Mp)) =, (3)
rie Dist(-, - ) — HeorpuraTesnbHas cumMerpraHast DYHKISA PACCTOSHUS, ' — IMOPOT PACCTOSTHUS
(mapamerp). VHbIME citoBaMH, HEKast MOIIOCIEI0BATEIBHOCTD Psijia SIBIISICTCS JUCCOHAHCOM, €C-
Ju ee OJIvKafmmii cocen, (6JII/I)K&I71H_IaH W HE IepeceKaronasacd ¢ Hel HO,ILHOCJIG,ZLOB&TGHBHOCTB)
HaXOJUTCA Ha PACCTOAHUN HE MEHEee YeM 7°. ILHSI IIONCKa JJMCCOHAHCOB B Ka4YeCTBE (byHKL[I/II/I pac-
CTOAHUA MOFyT 6bITb BbI6paHbI €BKJINJIO0Ba METPHKa , KBa/JpaT Z-HOPMaJIM30BaAHHOI'O €BKJIN-

JI0Ba PACCTOSHUS u Jp.
2.3. CHunmnerst

Crunnemut BPEMEHHOI'O Psijia, IIPEJICTABJISAIOT OO0 MOIIOCIE0BATEIBHOCTH, BhIPayKa-
IONe TUIMYHBIE AKTUBHOCTU HEKOETro CYyObeKTa, JIesITeIbHOCTh KOTOPOIO OIHUCHIBAET JIAHHBII
pst1. PopMmasibHOE OlIpeJIe/IeHIe CHUIIIETOB BBITVISIAT CJIELYIOIUM 00Pa30M.

[Tycts mmeercst Bpemennoit psjg T u 3ajana JUIMHA TOANOCTe0BaTeIbHOCTH M (M < n).

Pazobbem ps1 Ha He ITepeCeKAIOITNECS Ce2MeHMDbL IJIMHBI 1M, 063 OrpaHUIeHHsT OOITHOCTU CUNTasI,
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9TO N KpaTHO M. PaCCMOTpI/IM MHO2KECTBO CEI'MEHTOB Seg:"ﬁ:

Segyp = {Se%}?z/Ta Seg; = Trn.(i—1)+1,m- (4)

CHumnmeTs! IpeCTaB/IsSIOT coOOil HellycToe HOoAMHOXKecTBO Segp u3 K cermenTos, rie K
(1 < K < n/m) — napamerp, oTpazKaromuii KoJIn9IecTBO aKTUBHOCTEl CyObeKTa, HHTEPeCyoIiee

ncciiesioparesis. O603HAUMM MHOXKECTBO CHUIIIETOB pgjia 1', mMeromux JmuHy m, Kax Cf':
m K m
Cr ={Ci}iLy, Ci€ Segy. (5)

C KaxKJIpIM CHUIIIIETOM ACCOIMIPOBAHBI CJIEAYIOIINE aTpPUOyThI: UHIAEKC, ITPOMUIEL, OJIHuKAai-
IIHe COCEIH U MOIIHOCTD (3HAYMMOCTD) JaHHOro cHummera. Mudexc crnunnema C; € CH obosna-
qaerca kak Cj.inder u npejcrasiger coboii HOMEp j CerMeHTa Seg;, KOTOPOMY COOTBETCTBYET
HOJIIOC/IEIOBATEILHOCTD Pl Thy.(—1)+41, m-

Ipousrv chunnema, oboznavdaembiii Kaxk Cj.profile, npejcrasiser coboit BekTop MPdist-

paCCTOHHI/IP'I MEXKIAY JaHHBIM CHHUIIIIETOM M IIOAIIOCJIEIOBATE/ILHOCTAMM DAIA:
Ci.profile = {dp }7_1"*,  dyp = MPdist(Cy, T}, m). (6)

Mmnooicecmeso baudicatiwux cocedeti cnunnema C; € C7' obosnagaerca kax C;.NN u comep-
JKUAT IOIIIOC/ICIOBATEILHOCTH Psifa, KOTOPLIE 0ojiee OJIM3KM JTaHHOMY CHUIIIETY, 9eM JIPYTUM

cerMeHTaM psijia, B cMbicye paccrosgaust MPdist:

Ci. NN = {Tj m | Segc, indez = arg min  MPdist(Tj m, Seg,), 1 <j<n—m+1}.  (7)
1<q<n/m

Mowgrocmo cnunnema C; € CF obosznadaercs Kak C.frac u BBIMUC/ISIETCH KaK J0JIsl MOIIHO-

CTH MHOYKECTBA, OJIMZKAMIINIX COCeJIel CHUIIIIETa, OT OOIIEro KOJIUYIECTBA IOIIOCIe 0BATEILHOCTEH

pdda, UMECIOIUX JJINHY 1M, IIPU 3TOM CHHUIIIIETHI YIIOPAJOINBaIOTCA 110 y6bIBaHI/IIO X MOIIHOCTH:

C;.NN
Ci.f?"(lc = n|—17fnl—i-|1 (8)
VC;,C; € CF' : i < j <= Cj.frac = Cj.frac. 9)
Paccrosinne MPdist(-, - ) mexy noamocienoBarensuoctamu A u B (|A| = |B| = m) onpe-

JIeJISIETCST CIIEIYIOMUM 006pa3soM . ®uxkcupyem mapamerp ¢ ([0.3m] < ¢ < [0.8m]), KoTopsIit
OTparkaeT JJIMHY CEMAaHTUIECKU 3HAYNMOTO HEIPEPBIBHOIO MPOMEXKYTKA TOUYEK IOAIIOC/IeI0BaA~
TenbHOCTH. Berauncierne MPdist mpesmosiaraeT mocie1oBaTe IbHOE BBITOJIHEHNE CISTYIONNX OIe-
panuii: 1) BeIYHCIIeHNE MATPUYHBIX Ipoduieil A u B, B3sTHIX B YKA3aHHOM U OOPATHOM IIOPSIJIKE;
2) KOHKaTeHAIUsl BBIYUCJIEHHBIX Npoduiieii; 3) yrnopsiJioueHne 3J1eMeHTOB MOy YeHHOTO BPEMeH-
HOTO PsiJIa 110 BO3pacTaHuIo; 4) B3siTHe B KAuecTBe 0TBeTa k-I'0 9JIEMEHTa Pe3yJIbTUPYIOIIEro PsiJia.

DopmMaJibHAS 3aIUCh BBITVISIIAT CJAEIYIOIIUM 00pPa30M:
MPdiStg(A, B) = AscSort (PABBA) (k‘), Pippa = Pap e Ppy, (10)

rie AscSort(-) — omeparysi yIopsilO9MBaHUs SJIEMEHTOB TI0C/IE[0BATETLHOCTU 10 BO3PACTAHMUIO,
cUMBOJI ® 0bo3Ha4YaeT onepaluio KonkareHaryu, k (0 < k < m) — 3a/JaBaeMblil aHAJUTHKOM

napamerp (tunmanoe 3nadenne k = [0.1m]).
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Mampuunvim npodunem panos A u B s njiMHBL HasbIBaeTcd psai Pap, -M 9J1eMEeHTOM
KOTOPOI'O SIBJISIETCS PACCTOSHUE MEXKIY i-Ii IOAIIOC/IeI0BATEILHOCTLIO psata A, NMeowmel 1IuHy
{, 1 ee OIMKAMIIIM COCEJIOM B psiae B:

Pap = {ED2, . (Ai 0, Bj )}, Bjy=arg min  EDZ (A, By, (11)

norm 1<q<m—t+1

2

form(*> ©) O3HATAET KBAPAT €BKJINI0BA PACCTOSHUS MEXKy Z-HOPMAJM30BAH-

e dyuknua ED
HBIMH ITOII0CJIEI0OBATEILHOCTAME. AHAJIOIMYHBIM 00Pa30M OIPEIEIAeTCH MATPUIHBIN ITPOMUIIb

paccMaTpUBaEMbIX PsJIOB, B3STHIX B nopsake B u A, u obosnadaercs kKak Ppgy.

3. Meton obHapy:keHUsi aHOMAaJINii BO BPEMEHHbBIX PsSaax

B nmannom pazgesie nmpeicTaBieH HOBBI MeTo 0OOHAPYXKEHHsI AaHOMAJIN BO BPEMEHHOM PsJIE
B PeXMMe peasibHOro Bpemenu, noJyqusinuii Haspanue DiSSiD (Discord, Snippet, and Siamese
Neural Networket-based Detector of anomalies). Merox Bkitouaer B cebsi ciieyrorue KOMIIO-
HEHTBI: HelpoceTeBass MOJEJIb, IIOCTPOEHHAs Ha OCHOBE CHAMCKON HEHPOHHON CeTH, U aJrOPUTM
[IOANOTOBKH 00yJarolleil BRIOOPKH MJIsI YKA3aHHON MOIEIN, — OIUCAHHbLIE HIXKE B pasaeﬂax
1u[3.2] cooTBeTCTBEHHO.

3.1. HeitpocereBas mMozeb

3.1.1. Aprumexmypa modesu

BxonHoii coii CaaMcKHe “ { Bekropmbie Pasznunyarommii /" BrIxoauoii c10if
(OATOCIeI0BATEILHOCTH) | moaceTH npeAcTaBIeHHs (W0 (OIIEHKA CXOKECTH)
S1 e R™
54} hl
:J — Toncers 1
=10 J i i
0 10 20 30 40 50 6@ 0 80 A
1
i
i - )
! obmmue Beca %dist(sl,sz) = MPdist(hy, h,) score(sy,s;)
| ¥ CMEIIEeHHs —
I
s, ER™ i
10 )
[
-10
20 - Iloncers 2
-30
0 1 2 2 & H @ 71 8 h2

Puc. 1. HeitpocereBas mozesns DiSSiD

Paspaborannast meiipocereBasi Mojieb pejcTasiena Ha puc. [1| DiSSiD upeacrasisier co-
6ot cuamckyto Heliponnyio cerhb (Siamese Neural Network, SNN) . SNN o0bemunsier B cebe
JIBE TIOJICETH, KOTOPbIE MMEIOT OJMHAKOBBIE apXUTEKTYPY, KOHMUrypanuio (KOJUIECTBO CJI0EB,
YUCJIO HEITPOHOB B KAXKJIOM CJIOE, Pa3MEPHOCTh BXOJHOTO U BBIXOJIHOI'O CJIOEB, (DYHKIIUU aKTHUBAa-
MU U JIP.), & TaKKe HabOPbI BECOB U CMEINEHNUIl, TIOJIyYeHHbIX B pe3yJsibrare obydenust. Kaxiast
U3 yKa3aHHbBIX 1ojiceTeli (hopMupyer BeKTopHOe Tipejicrasienue (embedding) noganHoit Ha BXOJT
IOJIITOCIEIOBATEILHOCTH, a Ha BBIXOAe Mojesb BbigaeT MPdist-paccrosiaue mex ity ccopmupo-
BAHHLIMU BEKTOPHBLIME IpeACcTaB/JIeHnsaME. B KauecTse nojaceTu GUrypupyer MoaupuKanus Hei-
poceresoit Mmosenn ResNet E] Apxurekrypa SNN 110 cpaBHEHUIO ¢ TPAIUIUOHHBIME HeifipoceTre-
BBIMHU MOJIEJISIMHE JIY4IIle MPUCTIOCODIeHa K 00YUIeHNIO B ClTydae JUcOaIanca KIACCOB U MO3BOJISIET

J106aBUTH HOBBII KJIACC B y2K€ Pa3BEPHYTYIO MOJIEb 06€3 ee TIOBTOPHOI'O 0DyUeHust . Apxurek-
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typa ResNet B HacTositiiee BpeMst siBjisieTcss oJfHUM 13 HanboJiee 3PHEKTUBHBIX CPEJCTB PENIEHUS

npobJieMbl 3aTyxaHus rpajanenTa (vanishing gradient) nmpu obydeHun HeiipoceTeBoOit MoOjEIH @
Bxonnas Ocratounsrii 610k 1) (Ocrarounstii 610k 2] (OcraTounslii 610k 3 Bekroproe
GlobalAverPool
TIOAIIOCIIEN0BAaTEILHOCTE mX 64 m X128 m X 128 128 x 1 npesicTaBienne h
mx1 (fn,= 64) Un, = 128) (fn, = 128) 128x1

/ ConvlD \
BatchNorm

kernel: 1 x 1
feature map: f,,
—

1 1
ConvlD (" ConviD ) ( ConvlD W

‘kemel: 8x1 kernel: 5 X 1 kernel: 3 x 1
feature map: f,; feature map: fy,, feature map: f,,

( BatchNorm ) [ BatchNorm ] [ BatchNorm

( Ry ] | ( Ry )

Puc. 2. Apxurexkrypa noaceru ResNet

[Togcers Ha ocHoBe ResNet mmeer ciieyroniyo apxuTeKTypy (cM. puc. . Ha Bxoxmnoit
CJIOH MTOCTYIIAET MOIIOC/Ie0BATEILHOCTE BPEMEHHOIO Psja, uMerotas JummHy m. lasee moacern
BKJIIOUAET B cebsl TPH OJMHAKOBBIX OCTATOYHBIX 6s10Ka (residual block) u 3a HuMu ci10ii rirobasb-
Hoit ycpenusitommeii arperanun (GlobalAveragePooling), dopmupyromuii BekTopHOE HpecTaB-
Jienre. Pa3MepHOCTb MTOTOBOIO BEKTOPHOIO IPEICTABJIEHUS OIPEJIENIAeTC KOJIUIeCTBOM KapT
[IPU3HAKOB MOCJIETHETO CJIOsI B MOCEIHEM OCTATOYHOM OJIOKE.

Kaxkprit octarounblii 610K BKJIIOYaeT B ce0si TPU CBEPTOUYHBIX CJIOSI, HA KOTOPBIX TPUMEHSI-
1orest buibTpe (sapa) ¢ pasmepamu 8 X 1, 5 x 1 u 3 x 1 coorBercrBenHo. Kakiblii cBepTOUHBIIH
cJIoit "epejryeTcst co cyioeM nakeTHoil HopMmasm3saryu (batch normalization) , K KOTOPOMY
npuMeHnsiercs GyHkims akrusanyn JIuueitastit seimpsivurens (ReLU, Rectified linear unit). ITa-
KeTHas HOpMaJM3alius [peodpa3yeT HADOp BXOJHBIX JIAHHBIX TAKUM 00Opa30M, YTO €ro Mare-
MaTUYeCKOe OXKMJIaHue 00pAaIlaeTcs B HOJIb, & JUCIHePCHd — B €IUHUILY, U IIPeJHa3HAYeHa JIJIs
YCKODEHHSI CXOJIMMOCTHU 0Dy UIeHus.

[Tocste poxOXKAeHUsT TPEX CBEPTOYHBIX CJIOEB OCTATOYHBIN OJIOK BBIIAET KapPThl IIPU3HAKOB
(feature maps): mepsbliii 6110k — 64 KapThl, ocTaJdbHbIE JBa 610Ka — 110 128 Kapr. [lasee BbIIOJI-
HSETCsI CJIOYKEHUE BXOJ[a OCTATOYHOIO OJIOKA, IIPOIYIIEHHOIO Ye€pe3 CBEPTOUHLIN CJION C SapoM
pasmepa 1 X 1, ¢ BBIXOJOM 5TOrO OCTATOYHOro Ojioka. OJHAKO BXOJBI HE MOTLYT JODABJISITHCSI
HaIPSIMYIO K BBIXOJIAM OCTATOYHOrO OJIOKA, MOCKOJBLKY OHU HE UMEIOT OJIMHAKOBBIX PAa3MEpPOB.
JlaHHbIfl TpueM IpUMEHSeTCSd KaK CPEICTBO IIPEONOJIeHNs MPOOJIEMbI 3aTYyXAIOMIero rpaineHTa

(vanishing gradient) MEYK/Iy BHYTPEHHUMHU CJIOSIMU HEHPOHHOM CETH.

3.1.2. Obyuenue modesu

st obyaenuss momean DiSSiD u3 3aganHoro BpeMeHHOTO psiia (POPMUPYETC 00y IAIOIIast
BBIOOPKA, OmpeessieMast CJIEIYIOMIM 00pa30M:

L =Lirue U Ltalse ™ ﬁanomaly
Etrue :{< 31;52;1 >| 81,82 ECZ‘.NN, 1 <Z<K} (12)
ﬁfalse ={< 81;82;0 > ‘ 81 € C»L'.NN, So € Cj.NN, 7 7& j, 1< i,j < K},
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[JIe MHOXKECTBO Lipye BKIIIOYAET B €e0sl apbl HMOIIOCIEI0BATEIHLHOCTEN, BXOASIIUX B MHOXKECTBO
OIMZKAMIIIX coceliell OJTHOIO M TOIO K€ CHUIIIETa, B MHOXKECTBO Lfise — Iapbl IMOAIIOCTIEI0BA~
TeJIbHOCTEH U3 MHOXKECTB OJIMzKAfIIX cocellelt Pa3HbIX CHUIIIETOB, & MHOXKECTBO Lanomaly COIEP-
JKAT aHOMAJIbHBIE IIOIIOCIEA0BATEILHOCTH, He BKI0UaeMble B 00YYalONLyI0 BEIOOPKY. AJropuTM
OYMCTKHU MCXOJHOIO BPEMEHHOTO Psifia OT aHOMAJbHBIX IOAIOCIEI0BATEILHOCTEN U (hOpMUPOBa-
Hus obyJaromeit BEIOOPKU PacCMOTPEH Jlajiee B pa3ﬂene

s obydennst mojean DiSSiD mpesyiaraercst cieayrolnas MOAUMMUIMPOBAHHAST (PYHKIINS
KOHTPaCTHBIX 1oTepb (contrastive loss) :

L(s1, 89, 05,5,) = 05,5, - MPdist(hy, ha) + (1 — 65,5,) (max(r — MPdist(h1, h2),0))°,  (13)

rie s1 u Sg, hi 1 ho — MCXOIHBIE MOJIIOCIEI0BATEILHOCTH U UX BEKTOPHBIE IIPEJICTABJIEHHUS COOT-
BETCTBEHHO; KPOHEKEPHUAH (g, 5, IPUHAMAET 3HAUEHUE 1, €CJIN UCXOJHBIE MO/IIOCEI0BATEILHOCTI
SABJISIIOTCA OJIMKANIINMU COCeISIMUA OJHOIO M TOI'O »Ke cHuIeTa, u ) B IPOTUBHOM CJIydae; T —
MHUHHIMaJIbHOe paccrosiine MPdist Mexk 1y BeKTOPHBIMU IIPEICTABICHUSIMI UCXOIHBIX ITOIIOCIIE-
JIOBATEIHLHOCTEN, SBJISIONUXCS OIMKAAIIIMI COCE/ISIMEI PA3HBIX CHUIIIETOB ([IapamMeTp MOJIEH).
Vkazanaas GyHKIU TOTEPh 0becrieanBaeT o0ydIeHne MOJE/TH, B Pe3y/IbTaTe KOTOPOTO MOXO0XKNe
[TOJIIOC/IEOBATEIbHOCTH UCXOAHOIO Psijia IMOJIyYaT BEKTOPHBIE IIPEICTABIEHHSI, OTCTOSAIINE IPYT
oT apyra B cMmbicie paccrogaus MPdist me Gosee gem Ha T, a Hemoxoxkme — Oojiee 9eM Ha T
COOTBETCTBEHHO.

[Tepen 0OydenmeM 3j1eMeHTHI MHOYKeCTBA L CIIy9YaiiHBIM 00pa30M Pas3JIe/IsIioTCsT Ha JIBa He ITe-
PECEKAIONTUXCsT IIOAMHOYKECTBA: 00y JAOILYI0 U BAJIAIAIIMOHHY IO BBIOOPKU Lirain U Lyalid, ACIIOb-
3yemble Jijig 00yUeHUs MOJIEJIM U HACTPOUKHU €e THIeplapaMeTpoOB COOTBETCTBEHHO. MorHocTu

YKa3aHHBIX BBIOOPOK HAXOJATCS B TpaaumuonnoM cootHomrennn 80% u 20% cooTBeTcTBEHHO.

3.1.3. Ilpumenenue modesu

T C
{) :
1
0 2k 4k 6k 8k 10k| i
; C 11111
1 4 coru, |
( ,\J\_,_JJ\_,\/\ , \ A ) —’E[DiSSiD]EA score(s, Cy)
0 50 100 150 200 0 50 100 150 200 revet
: : : anomaly(s)
11111
s Ck = =
( “-A.PJ‘-A./\/\ l n ) — 3 [DiSSiD]EH score(s, Cy)
0 50 100 150 200 ’0 50 100 150 200 e
anomaly
0.4+
021 = ™ AN n il fopor e
0 — L - J \ - —J J v -] L - A \. e pup———— | L — ,,Il §
| AHHOTaLMs aHOMaTUKi i
YK s O i I RO s 1
0 2k 4k 6k 8k 10k

Puc. 3. Ilpumenenune mopesn DiSSiD

[TycTb nmeercst obyuennas mosesib DiSSiD, oOy4datoriias BBIGOpKa KOTOPOi COEPKUT HADOD

CHUTIIIETOB {Ci}fil U C TIOMOIIBIO MOJIE/IH TPeOYeTCsT OIPEIeINTD, sIBISETCs JIU BXOIHASI TOJIIO-
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CJIETOBATEILHOCTE § aHoMasbHoil. [Ipeamonaraercs, aro K 9K3eMIISPOB MOJIEN 3AITyCKAIOTCST
KayKJIblil Ha OT/EMbHOM TpadudeckoM mporeccope. [IpuMenenre o6ydeHHON MOJENN BBITJISIAT
CJIeTyIONM 06pa3oM (CM. pI/IC..

Cuauasta dpopmupyercst #Habop map {< s; C; >}fi1 «BXOJTHAS TIOJIIOC/IE0BATETbHOCTD, CHUTI-
meT». 3aTeM JIEMEHTHI JJAHHOTO HADOPa MapasiIeIbHO MOJAI0TC HA BXOJT 9K3EMILISIpaM MOJIEH,
KazKJiasl U3 KOTOPBIX Bbjaer score(s, C;), COOTBETCTBYIOILYIO OIEHKY CXOXKECTH BEKTOPHBIX [IPE/I-
CTaBJIEHUI 3/IEMEHTOB BXOIHO# mapbl B cMmbice paccrosgauss MPdist. asee omenka amomasinb-
HOCTU BXOILHOfI IIOAITIOCJIEJOBATEIBHOCTU ITOJIYyIa€TCd KaK BBIIIOJIHEHUE PEAYKIIMU 110 OIl€pallun

MuHEMYMa anomaly(s) = min score(s, C;). IloamnocseoBaTebHOCTD S CINTACTCS AHOMAJILHOI,
<i
AN

ecan anomaly(s) NpeBblIIaeT 3HAUEHNE HAIlEPe/] 3aJIAHHOIO AHAJIUTUKOM IOPOTa.

B kagecTBe mopora ucojb3yercs 3HadeHue k-ro MPOIEHTUIIS 110 HADOPY OIEHOK CXOXKECTH,
KOTOpbIEe BbLIaeT Mojeab DiSSiD Ha Koprekax BaJidJgallMOHHON BBIOOPKU Ly lid, UMEIOIINX BUJL
< 815 82; 1 > (MHBIME CJIOBaMU, IOPOT — 3TO k-l IPOIEHTHU/Ib MOIOCIE0BATEIBHOCTEl BaIM 1A~
[IMOHHON BBIOOPKU, BXOJSIIMX B MHOYKECTBO OJIMKANIIUX COCEJell OJJHOIO U TOTO YK€ CHUIIIIETA).

B JaHHOM HCCJIEJOBAHUU B Ka4Y€CTBE IIOPOTra IIPUMEHACTCA k = 95.

3.2. Aaroputrm dopMupoBaHus oOydvaroIieii BBIOOPKU

s dbopmupoBanus obyuarotieit BoIOOpKU L Jjid [PEJICTaBAeHHON Bbiie Mojeaun DiSSiD
AHAJIMTUK BBIOMPAET PEIPE3eHTATUBHBII BPEMEHHON Psiji, aJeKBATHO OTPAXKAIOIINI TUITMIHYIO
JIeATEIHBHOCTD CyObeKTa (IIPOTHBOIOIOKHYIO AHOMAJIUSIM, KOTOPBIE MIPE/IIoIaracTcss 00HapY K-
BaTh C IIOMOIIBIO MOJIeNH ). ABTOMATH3NPOBaHHOE (hOPMUPOBAHUE 00yYAIOIIel BHIOOPKU BKIIIOYa-
eT B cebs J(Ba I1ara: OYnCTKa u reneparnus. OUncTKa moapadyMeBaeT (GOpMUPOBAHIE MHOYKECTBA
IIO/IITOCJIEIOBATEILHOCTEN psiia, UMEIOIINX 33/ [aHHYI0 aHAJUTUKOM JINHY, U yIajeHne U3 yKa-
3aHHOI'O MHO>KECTBa aHOMAaJIbHBIX l_IOrZLHOC.He,H‘OBaTeJIbHOCTeI'./’I7 KOTOpbI€e HE JIOJI2KHBI IIOITaCTh B
obyuaroryio BeIOOpKY. Ha miare remeparuu u3 OYHUINEHHOTO MHOXKECTBA, TOJIIOCICI0BATETHHO-

creil TPUBHAJILHBIM 006pa30M (POPMUPYIOTCS ONKUCAHHBIE BbIe MHOXKECTBA, Lirue U Lialse-

Aar. 1 CLEANDATA (IN: T, m, «, ¢, K; OUT: L)

1. Ot < PSF(T, m, K) > ITonuck TunUYHON aKTHBHOCTH

2 Cyeak «— {Cs € CF' | Ci.frac < ¢, 1 <i < K} > ITorcK HeTHNMYHOI aKTHBHOCTHU

3: Cgfb — C{,?} \ Clyeak

4: for i < 1 to |CF'| do

5: O < IsOLATIONFOREST(C;.profile) U O > [Touck mrymoB

6 Maisord [+ (= m -+ )]

7. D <~ PALMAD(T, m, m, Ndiscord) > ITouck aHOMAaJIPHOU aKTUBHOCTH

8: Eanomaly — Cyeak U Cyeaxk- NN U D U O

9: L <SP\ Lanomaly > Ouncrka
10: return £

[TceBnoKO/1 MIara OYUCTKY TIpejcTaBieH B aur. (1| JlaHHbIH aaropuTM UMeeT CJiejlyiomue 3a-

JlaBaeMble aHAJUTHKOM IapaMeTpbl: penpesentarussblil psig T (|T| = n), JymHa moamnocieo-

BaTeJIbHOCTH M (M < n), IpejnoaraeMast J0Jisi AHOMAJIBHBIX IIOIOCIEL0BATEILHOCTEN B Psijie
a (0 < a < 1), upeanonaraemoe KoimdecTso cuummeroB K (K > 1), moporosasi MONITHOCTH
cummrera ¢ (0 < ¢ < 1/K).
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Ilist ounmcTKu Oobydaromieil BHIOOPKM M3 HCXOMHOIO P YIAAJJISIOTCS ITOAIIOC/IEI0BATE b=
HOCTH, KOTOPBIE COOTBETCTBYIOT AHOMAJIBHOW M HETHIIMYIHON aKTHUBHOCTH CyObeKTa, a TaKKe
MTOIIOC/IEJOBATEILHOCTH-IITYMBI. [ 10/IIT0C/1I8/10BATE/IHHOCTH, OTPAYKAIONINE AHOMAJIbLHYIO aKTHB-
HOCTh, TPAKTYIOTCSA KaK AUCCOHAHCHI. 1lommocie1oBaTe IbHOCTIM HETUITMIHOM aKTHBHOCTH CyOb-
€KTa COMOCTABJIAIOTCS CHUIIIETHI, NMEIOIIe MOITHOCTbL MEHBIIE 33JaHHOT0O IOPora (v, ¢ MHOXKEe-
CTBOM cBomx OJmmKaiimux coceseit. Ilommociie1oBaTe IbHOCTHA-TITYMBI TPAKTYIOTCS KAaK BBIOPOCHI
B paMKax KaXKJIOro CHHIIIIETA.

[TorcK CHUIIIETOB BBINOJIHSETCS C HMOMOIIBIO mHapaJuienbroro aiaropurma PSF  (Parallel
Snippet-Finder) (cm. crp. 1 B ann . BareM M3 HaliJIEHHONO MHOXKECTBA CHUIIIETOB HC-
KJIIOYAIOTCST MAJIOMOIIHBIE CHUIIIETHI (CM. CTp. 2, 3 B aJIr. . Jlajtee B MHOXKeCTBE OJIMKANIITAX
coceieil KarK[0ro CHUIIIIETA BBIIOJIHIETCS HAXO0XKIEHUE TI0/III0CIIEI0BATETbHOCTEN-ITY MOB, PeaJIu-
3yeMoe KaK IMOUCK BBIOPOCOB B MPOMUJIE JAHHOTO CHUIIIETa C MTOMOIIBI0 METOIA U30JIUPYIOIIEro
neca (Isolation Forest) (cm. crp. 4,5 B aJIF.

poM napaJuienbaoro ajroputma PALMAD BBIIIOJIHSAETCS TTIOUCK JTMCCOHAHCOB, PEaIU3y IOt

. Hakowner, ¢ momoribio pazpaboTaHHOTO aBTO-

HAXOXKJICHUE IOJIIOCIIeIOBATEIbHOCTEH aHOMAJIBHON aKTHUBHOCTH (CM. cTp. 6, 7 B aJIr. . Morm-
HOCTH MHOXKECTBA JINCCOHAHCOB BBIYUCJIISAETCS HA OCHOBE ITapaMeTpa «, J0Jell aHOMAaJbHBIX TO/-
[OCJIEZIOBATE/IBHOCTEN B UCXOHOM BPEMEHHOM Dsijie (TUIMYHBIM 3HAYCHUEM JJAHHOTO [TapaMeTpa
apasierct « = (0.05). B 3aBepiiennn ouMcTKM U3 MHOXKECTBA IMOJIIOCTIEIOBATEIHLHOCTE psiia
HMCKJTIOYAIOTCS HallIeHHbIe paHee MAJOMOIIHBIE CHUIIIIETHI M UX OJIMKAMIITNE COCEIN, a TAKKE BhI-
6pochl U uccoHAHCH (cM. cTp. 8, 9 B aJIF., dopMupysT TEM CaMbIM MHOYKECTBO, UCIIOJIb3yeMOe

JIJISI TeHepaluu 00y 9Iaionieil BBIOOPKU MOJIE/IN.

4. BprauciaunreabHbIE IKCIIEpUMEHTbI

B nmamnom paziesie mpeicTaB/IeHbl Pe3YJIbTaThl BBIYUCIUTEILHBIX SKCIIEPUMEHTOB, IIPOBE-
JEeHHBIX Ha peajibHbIX BPEMEHHBIX psijlaX, KOTOPbIE MMEIOT MCTUHHYIO pPasMeTKy aHomaJsnii. B
9KCIIEPUMEHTAX BBIMNOJIHAETCA CpaBHEHME TOYHOCTH IpejiaraeMoro meroga DiSSiD ¢ paccmor-
PEHHBIME B 0030pe aHaJoraMu (CM. pasJiest , OTHOCSIINXCS K METOJAM € YACTHYHBIM IIPUBJICYE-
HueM yuuresis. [loMmuMo sToro, ucciemyercs BiaustHe (OYHKIUME PACCTOSHUS MEXKIY BEKTOPHBIMUI
[IPEJICTABJICHUSIMU BXOJIHBIX MOAIOCe0BaTeIbHOCTel (MeTpuky L1 u mpeyioKeHHol B TaHHOM
pabote ucmoab3oBanne Mepbl MPdist ) Ha 3HPEKTUBHOCTD 00HAPYKEHUS aHOMAJIHI C TTOMO-
mpio MeToga DiSSiD. B zakitoueHnn JaHHOTNO pas3/iesia BBIIOJIHSIETCS OIleHKa BPEMEHU 00y IeHUsI

u TectupoBanus DiSSiD un anajoros.
4.1. Habopbl maHHBIX, AaHAJOTHU U METPUKU CPABHEHUSA

Bpemennbie psifibl, UCIIOJIB30BAHHBIE B IKCIEPUMEHTAX, B3STHI U3 PEAJIBHBIX ITPEJIMETHBIX
objacreit u pesroMupoBanbl B Tabu1. |1| Hamabie B3gTHI U3 0b61memocTymHOro dpeiimpopka TSB-
UAD , IPEJIHA3HAYEHHOI'O JIJIsI TPOBEICHNS BBIUUCIUTE/BHBIX SKCIIEPUMEHTOB C AJITOPUTMaMU
OoOHApY KEHUST AaHOMAJIUI BO BPDEMEHHBIX PsiJiaX.

B skcnepumenTax pazpaboTaHHas MOJIE/Ib CPABHUBAJIACH CO CJIEIYIONIMMHU AHAJIOTaMU, [PU-
najiexkarmumu, kKak u DiSSiD, k rpyiimne MmeTonoB obHApYKEHUS AaHOMAJINI ¢ YACTUIHBIMA [PU-
BiedenneM yuures: LSTM-AD , OCSVM , AE , DeepAnT , IE-CAE ,
OceanWNN , Bagel , TAnoGAN . Peanmuzanus ykazaHHBIX METO/IOB B3dTa U3 Pa-
6ot . Kpome Toro, B cpaBHeHHHN yuacTBOoBaJIa Bepcus DiSSiD, B KOTOpoit MOe/b BIIAET
OIIEHKY CXOXKE€CTH BEKTOPHBIX IPEICTAaBIEHNI BXOIHBIX IIO/IITOC/IEI0BATEILHOCTEN B BHJIE €BKJIU-

noBa paccrosinug BMmecto MPdist-paccrosmus.
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Taﬁnnua 1. BpeMeHHI)Ie PAABI OJIdd BBIMUC/IUTEJIbHBIX 9KCIIEPUMEHTOB

JIMHA
. Hnuna | Jumaa A Koui-Bo Hons
Ne BpemenHoit 3HAYUMOTO .
IlpenmerHnasi obsactb psaga | cHummera CHUIINETOB | aHOMAJINH
n/a psin, ydacTka . 4
n m K a, x10
4
1 SNID HOK&B&IIMH lIOTpC6JIClIMH (ill(‘pa'l'l/lljlloﬁ naMaATH 23 706 100 20 2 5
CepBepOM HHTEepHeT-TIpoBaiiiepa
9 OPP e HOKa3aHH$T HOCVI]\iOT‘O JaTdnukKa JIBHUZKEeHU A 26 204 200 50 9 5
1IpHU MOBCEJHEBHOU aKTUBHOCTH “€JIOBEKa
3 Daphnet 34] TTokazanust HOCUMOTO BI«l6pO‘(lKCe.,'Iep(H\IeTp?L, 19 200 216 72 2 5
3aKpeIICHHOT'O Ha YeJIOBEKe C 60J10311b10 HapKMHCOlI&
ECG-2
4 (803, 505) [5—’]| Tlokazanus DKI' namuenros, crpagaronux cunapomom | 200 000 250 75 2 8
N ) )
- = HPEXKIEBPEMEHHOTO COKPAIIEHHST YKeTy[09KOB
ECG-2
5 . ) (koHKATEHAIWS JIAHHBIX HECKOJIBKIX NAIHEHTOR) 200 000 250 75 2 5
(803, 806) |35]
ECG-3 _
6 300 000 250 75 3 10
(803, 805, 806) J35|
Iokazannsa DKI' nanpenrta ¢ HapyIIEHHBIM CepIETHBIM
7 MITDB [36] W P> A 200 000 520 75 2 2
PUTMOM
8 IOPS 37] TTokazanust IIPOU3BOJAUTE/ILHOCTHI ()}IHOF(? "3 CepBepoB 129 010 1000 500 2 1
(oneparuu BBosa-BbIBOJA) KoMIaHuu Alibaba
9 YAHOO 38] HOKQBalIMH HPOU3BO/IATEJIBHOCTHA OJ/[HOT'O U3 CEPBEPOB 1499 60 30 2 10
(omeparuu obparnenns K HaMsTH) KoMIanun Yahoo

st oreHKEM KadecTBa OOHapy»KeHUsl aHOMAaJuil mcrnojb3yercs merpuka VUS-PR , WH-
Terpupyer B cebe Kak CTaHIAPTHbIE METPUKU — TOYHOCTH (precision) m mnosHoTy (recall), Tax
" BEJIMYINHY CMENICHUA HaﬁﬂeHHOﬁ aHOMAaJIbHOM IIOAIIOC/Ie JOBATECJILHOCTH OTHOCHUTEJILHO MCTUH-
Hoii anomasinu. Merpuka VUS-PR npunnmaer suadennst uz orpeska [0, 1], 6osbiiemy 3HadMeHIIO
COOTBETCTBYET JIyUIllee KavaeCTBO.

BI)I‘—II/IC.HI/ITQ.HI)HI)IG 9KCIIEPUMEHTBI BBIIIOJIHAJINCH Ha BBIYUCJIUTE/IBHOM Y3JI1€ KOMILJIEKCA <<He171—
pokomiibioTepy CyrepkoMmiibiorepraoro mnearpa FOYpl'Y , KOTOPBIl OCHAIEH rpaduaeckum
uporeccopom NVIDIA Tesla V100 SXM2 (5120 siep @1.3 I'T').

4.2. Pe3zyabraTbl

Tabnuna 2. Cpasaenne Tounoctu Meroga DiSSID ¢ ananoramu (merpuka VUS-PR)

Merozabt . caq:
AE Bagel | DeepAnT | IE-CAE | LSTM-AD | OceanWNN | OCSVM | TAnoGAN | DiSSiD | DiSSiD
Psijer (L1) (MPdist)
SMD 0.0767 (6) | 0.0559 (8) | 0.0522 (9) | 0.1297 (3) | 0.0653 (7) | 0.1075 (4) | 0.0110 (10) | 0.0965 (5) | 0.1543 (2) | 0.4889 (1)
OPP 0.1979 (5) | man (10) | 0.0605 (9) | 0.9002 (1) | 0.0650 (8) | 04678 (4) | 0.1795 (6) | 0.8000 (2) | 0.1222 (7) | 0.5340 (3)
Daphnet 0.2160 (6) | 0.2269 (5) | 0.2573 (1) | 0.3079 (3) | 0.1711 (8) | 0.1812 (7) | 0.1388 (10) | 0.1609 (9) | 0.4124 (1) | 0.3332 (2)
Z?)S_zos) 0.7758 (2) | 0.3302 (8) | 0.3350 (7) | 0.5234 (5) | 0.2897 (10) | 0.5544 (4) | 0.3548 (6) | 0.3002 (9) | 0.7477 (3) | 0.7801 (1)
,
ECG-2 o ) . 5
(503, 506) 0.5589 (3) | 0.1878 (10) | 0.2346 (7) | 0.5397 (4) | 0.1934 (9) | 0.2003 (8) | 0.3069 (6) | 0.4635 (5) | 0.8008 (1) | 0.7927 (2)
)
ECG-3 07651 (2) | 0.2988 (7) | 0.2906 (8) | 0.4739 (4) | 0.2330 (9) | 0.3596 (5) | 0.3315 (6) | 0.1430 (10) | 0.7505 (3) | 0.8124 (1)
(803, 805, 806) | ' : : : R 8 ‘ et :
MITDB 0.0759 (8) | 0.0833 (5) | 0.0795 (7) | 0.1713 (3) | 0.0799 (6) | 0.1058 (4) | 0.0474 (10) | 0.0714 (9) | 0.3718 (1) | 0.3544 (2)
I0PS 0.3720 (7) | 0.2678 (8) | 0.1834 (10) | 0.9163 (1) | 0.1595 (10) | 0.9085 (4) | 0.7533 (6) | 0.9130 (2) | 0.2464 (9) | 0.7922 (5)
YAHOO 07238 (2) | 04871 (8) | 0.5659 (7) | 0.7050 (3) | 0.4478 (10) | 0.6126 (5) | 0.6639 (4) | 0.4591 (9) | 0.5961 (6) | 0.7306 (1)
Cpeanuii )
. 04181 (4) | 0.2422 (8) | 0.2288 (9) | 0.5186 (2) | 0.1894 (10) | 0.3886 (5) | 0.3008 (7) | 0.3851 (6) | 0.4669 (3) | 0.6242 (1)
Cpennmit panr | 456 (4) | 7.67(9) | 7.56 (8) 256 (2) 8.56 (10) 5 (5) 711 (7) 6.67 (6) 3.67 (3) 2 (1)

Pesynbrarel cpaBaenusi Tounoctu meroma DiSSiD ¢ amasoramu mpejcraBiieHbl B TaOJI.
B sueiike Tabaunel gano 3nadenue Mepbl VUS-PR u B ckobkax — paHr MeTo/la, YKAa3aHHOIO
B COOTBETCTBYIOIIEM CTOJIOIE, CPeIu BCEX aHAJIOIOB HA BPEMEHHOM psijie, YKa3aHHOM B COOT-
BercTByIomieil crpoke. [TomyKupHbIM MIPUGTOM JIAHBI PE3YJIBTAT U MECTO JIYUIIero METOoJia Ha

3aJJaHHOM BpEeMEHHOM psijie. JBe rmocienne cTpoKn TabIUIbI ABISIOTCA PESIOMUPYIONINME, B HUX
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YKa3aHbl COOTBETCTBEHHO CPEJIHIE 3HAYEHNS] METPUKH U PaHTa II0 BCEM pPsjiaM, & TaKXKe cpeJiHee
3HAYEHUE METPUKU U PaHra METo/a B CKOOKax. MOXKHO BUJIETH, UTO IPU [MPUMEHEHUU E€BKJIU-
JIOBa, PACCTOsiHUS B (DYHKITUH KOHTPACTHBIX 1oTepb MeTosr DiSSiD B cpesHeM BXOIUT B TPOUKY
JIYUIITUX METOJIOB MO0 TOYHOCTU OOHApykeHus anomasmit. OJHAKO HMCIIOJB30BAHUE MOJUMUIU-
POBaHHON (DYHKIIMU KOHTPACTHBIX 1oTepb ¢ paccrosanem MPdist B dopmyie I103BOJISIET

JOOUTBHCS JIydIleil B CpeJIHEM TOYHOCTU OOHAPYKEHUS AHOMAJIHIA.
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6) TecTupoBaHUe

Puc. 4. Cpasrenue OpicrposmeiicrBus Metoma DiSSiD ¢ anasoramu

PI/IcyHOKHOKaSI)IBaeT BpeMst paborel MeToga DiSSiD mo cpaBrenuto ¢ anajoramu. MoxkHO
BHUJETb, 9TO IpuMeHeHue paccrosaus MPdist B dpyHKIIMM KOHTPACTHBIX MOTEPDH JEIAET MPE/-
JIOXKEHHYIO MOJIEIb Hambojiee MeJjIeHHOM KaK II0 BPeMEeHHU ee OOydeHHsl, TaK U 110 BPEMEHU II0-
ncka aHomaJjuit. [Ipuaunoit atoro siisercs npumenerne B DiSSiD Berauc/mTe IbHO 3aTpaTHOM
byuxkiun MPdist m1s HaxoxX 1eHnst pacCTOSTHAA MEXK/LY BEKTOPHBIMHE IIPEICTABICHUSIMHI BXOTHBIX
[OJIITOCIIEZIOBATEIBHOCTEl (BpEMEHHAsT CJIO?KHOCTD YKA3aHHOI (DYHKIINH SIBJISICTCS KyOUIeCKOi 1Mo
OTHOIIIEHUIO K JJTNHE IOJIIIOC/IEI0BATEIbHOCTH ) Huskoe 6picTpojieiicTBrE SIBJISIETCS B JAHHOM
cirydae 0OPATHON CTOPOHO( BBICOKOH TOYHOCTH OOHAPYIKEHMsT AaHOMAJIHii (CM. TabJI. .

PaccMmoTpuM 0T 15HO BOSMOXKHOCTD IIpuMeHeHust Mojean DiSSiD B pexkume peasibHOIO Bpe-
Menu. U3 puc. BHUJIHO, YTO B 9KCIIEPUMEHTaX IIPEJJIOYKEHHAsT MOJIEIb IMOKA3bIBAET CpeJIHee
BpeMs moncka anoMmasuit 0.1 ¢. Takoe ObICTpOEiiCTBIE MOIEN JTOITYCKAET ee IIPUMEHEHHE B pe-
JKUMe PeasibHOI'0 BPEMEHH, UTO TOATBEP:KIAI0T CJIeIyIoIie IpuMephl. B cucremax aBromarusa-
[UU yIIPABJIEHUS] CETh IepeIadn JTaHHBIX, 00CIYKUBAIOIIAsT JATINKN U3MEPEHUs] TeMIIEPATYPHI,
BJIAYKHOCTH U JIABJICHUSI, UMeeT IUKJ repejgadn JaHHbx 10 100 mc . Kommnanust Emerson,
OJINH U3 BEJYIIUX MUPOBBIX MPOM3BOIUTEEN M3MEPUTEIbHBIX CUCTEM, MOCTABJISIET OECIPOBO/I-

HbI€ TeMIIepaTypPHbIC JaTYUKH, UMEIOIIUE II€PUO/] OOHOBJICHUST JaHHBbIX HEe MeHee lc .
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SaKJ/IroueHue

B crarpe paccmoTrpena 3ajata IMOMCKa aHOMAJBHBIX IOIIIOCIEI0BATEIHHOCTEN BPEMEHHOIO
psijia, pereHne KOTOPOil B HACTOsINee BpPeMsi BOCTPEOOBAHO B IMMUPOKOM CIIEKTPE IIPEIMETHBIX
obstacreii: VHTepHET Belrel, yMHOE yIIpaB/IeHUE 3JaHUSIMA U TOPOJIOM, IIEPCOHAIbHAS MeIUINHA
u np. Ilpenoxken HOBBI MeTO OOHAPYKEHHUSI AHOMAJIBHBIX IIOJIOCIEI0BATEILHOCTENN BPEeMEeH-
HOTO PsAJ/Ia C YACTUYIHBIM [PUBJIEICHUEM yUIUTEs. 1e0PeTUIeCKy0 OCHOBY METO/Ia COCTABJISIIOT
KOHICIIINMY JUCCOHaHCa 1 CHUIIIIETA , KOTOpbIE d)OpMaJII/IByIOT IIOHATNA aHOMAJIBHBIX 1
TUIINYHDBIX HOﬂHOCHe,ZLOBaTeHbHOCTeI'./'I BPEMEHHOI'O psdia COOTBETCTBEHHO. Hpe,IL.HO)KeHHbIIU/I METO/,
BKJIFOUAET B cebsi HEHPOCETEBYIO MOJIE/Ih, KOTOPAasl OIPeJIe/IsieT CTeIIeHb aHOMAJbHOCTH BXOJHOIM
IIOIITIOCJIEIOBATEJIBHOCTHU PsJla, 1 aJITOPUTM aBTOMAaTU3UPOBAHHOI'O ITIOCTPOCHUA O6y‘—IaIOH_[eﬁ BbI-
OOpKMU JIJIs STOI MOJIEJIH.

HeiipocereBasi MoJiesib LpeJICcTaBiisier cobOi cuaMcKyto HefiponHyio cerh (Siamese Neural
Network) , KOTOpasi o0bequHsieT B cebe JIBe MJIEHTUYHBIE MTOJCETH: KOJMYECTBO CJI0EB, UHC-
JIO HEPOHOB B KasKJIOM CJIO€, pa3MEPHOCTH BXOJHOI'O M BBIXOIHOI'O CJIO€B, (DYHKIINKM aKTHBAIUN
U Jp., & TaK»Ke HaDOPBI BECOB W CMEIIEHMIA, IMOJYIEeHHBIX B pe3y/brare o0ydeHUsl, OJNHAKOBBI.
[Moxncers hopmupyer BekTOpHOE mpe/icTaBierne (embedding) BXOIHO# MOIIOCIEI0BATETEHOCTH.
Ha BpIxome mMomesb BbLmaeT OJIM30CTh MEXKIY C(OOPMUPOBAHHBIMU BEKTOPHBIMH ITPEICTABICHN-
MU B cMbIcie paccrostauss MPdist , HCIIOJIb3YEMOr0 JJIsl TTONCKa CHUIETOB. B KadecTse
nojicetn urypupyer momudukaius HeiipocereBoii mojenun ResNet @ st obydenus Mozean
peIoyKeHa MOTU(pUIMPOBaHHAs (DYHKIINST KOHTPACTHBIX ITOTEPD.

BxomabiM manubiM s hopMupOBaHUs 00y JaroIieil BBIOOPKH SIBJISIETCST PEIIPEe3eHTaATHBHBIIM
BPEMEHHON s, aJIeKBATHO OTPAYKAIOIIET0 TUITUIHYIO JIeATeIbHOCTh CyObeKTa, TPOTUBOIIOIONK-
HYIO AHOMAJIUsIM, KOTOPbIE IIPEII0IaraeTcs OOHAPYKUBAThL ¢ TOMOIIbI0 Mozeau. Gopmuposanue
obydJaroreiil BBIOOPKHU BKJIOUaeT B cebsl JBa Mara: O4ncTKa u reHeparnusi. OUucTKa moIpasyMe-
BaeT (POPMUPOBAHUE MHOXKECTBA IOJIIOC/IEIOBATEILHOCTEH Psifia, UMEINX 3aaHHYI0 aHAJIU-
TUKOM JIJIUHY, U YJAJEHUE U3 YKA3aHHOTO MHOYKECTBA IMOJIITOC/Ie/I0BATEIbHOCTEN, KOTOPhIE OTPa-
JKaloT aHOMAJIBHYIO, HETHINYHYIO aKTUBHOCTb cyObekTa u ImyM. llommocienoBaresbHOCTH, OT-
pazkalolye aHOMAaJIbHYIO0 aKTUBHOCTh, TPAKTYIOTCSI KaK JMCCOHAaHCHI. [lomocienoBaTeIbHOCTIAM
HETHUINYIHON aKTUBHOCTH CyOBEKTa COIIOCTABJIAIOTCS CHUIIIETHI C MOIIHOCTBIO MeHee 3aJaHHO-
o aHAJUTHKOM Iopora m ux OJmkaiiimme cocemu. IloamocienoBaTeIbHOCTH-IIIYMBI TPAKTYIOTCSI
KaK BBIOPOCHI B paMKaxX KaXKJIOro CHuIIeTa. Ha Imare reHeparuy u3 OYUIIEHHBIX MOITOCIEN0-
BaTeJbHOCTEH (POPMHUPYIOTCS JIBA MHOXKECTBA, 00bEeMHEHNE KOTOPBIX TaeT UCKOMYIO BBIOODKY.
DJleMeHTaMI IIePBOr0 U3 HUX SIBJSIIOTCS HApbl MOITOC/IEI0BATEIbHOCTEN-OMMKARIINX cocenei
OJIHOTO U TOTO XK€ CHUIIIIeTA, BTOPOro — OJIMKANIINX COce/lell Pa3HbIX CHUIIIIETOB.

[Ipumenenre MoIeIN TIPOUCXOIUT CJieytonmuM obpaszoM. CHavuaa popMupyercss HaboOp map
«BXOJIHASI ITOJIIIOCTIEI0BATEIbHOCTD, CHUIITIET». 3ATEM 3JIEMEHTHI TAHHOI'0 HADOPa ITOC/IeI0BaTE b=
HO TIOJIAFOTCST Ha BXOJ[ MOJIEJIH, KOTOPAasl BbIJIAET HAOOP COOTBETCTBYIOIIUX OIEHOK CXOXKECTH BEK-
TOPHBIX IPEJICTABJICHUN 3JIEMEHTOB BXOMHBLIX map. /lajiee oleHKa aHOMAJILHOCTA BXOIHOMN IIOJI-
IIocjae 10BaTe/JIbHOCTHU I10JIydaeTCd KaK MUHUMAJIbHOE SHaY€eHUE 110 YKa3aHHOMY Ha60py. BXO,ZLH&?{
IO/IITOCJIEIOBATEIBHOCTD CIUTAETCS AHOMAJIBLHOM, €CJTH ee OIeHKa ITPEBBIIIaeT 3HAYeHNEe Halepe ]
3aJaHHOIO aHAJIUTHKOM IIOpora. B KadecTBe MOpOra MCIOJIb3yeTCsd 3HAYeHHe Kk-I'O IIPOIEHTHUIS
[IOJTIOCJIEI0BATEILHOCTEN BaINIAIIMOHHON BEIOOPKHU, BXOIAIINX B MHOXKECTBO OJIMKAMIIIX COCe-

,Z[eﬁ OJHOI'O W TOI'o 2K€ CHHIIIIETa (B JaHHOM HCCJICJOBaHUUN IIPUMEHAETCA 3HaYCHUE 1IOPOTr'a IIPpU

k = 95).
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f.A. Kpaesa

BoerauciimrebHbIE SKCIIEPUMEHTBI HA BPEMEHHBIX PSIAX U3 PA3JIMIHBIX IIPEJIMETHBIX 00J1a-
cTeil TOKA3bIBAIOT, YTO HMPEJJIOYKeHHAsT MOJIE/Ib 110 CPABHEHUIO C AHAJIOTAMU [TOKA3bIBAET B CPE/I-
HEM HanboJIee BBICOKYIO TOYHOCTHL OOHAPYXKeHUs aHoMmaJsuil o crangapraoii merpuke VUS-PR.
O6paTHOil CTOPOHOI BBICOKOW TOYHOCTH METOJA SIBJIAETCA OOJIbINEE MO CPABHEHUIO C AHAJIOTa-
MU BpeMsi, KOTOPO€e 3aTpadrBaeTcCs Ha ODOydeHne MOJeIM U Paclo3HaBaHue aHoMaJjmu. Tem He
MeHee, B IPUJIOKEHUIX MHTEIEKTYaJbHOrO YIIPABJIEHUS OTOIJIEHHEM 3J1aHuil MeToJ, obecrievn-
BaeT OBICTPOJAEHCTBHUE, JOCTATOYHOE [IJIsi OOHAPYKEHUS aHOMAJILHBIX MOIIOCIEI0BATEILHOCTEH
B pexKUMe peajlbHOI'O BPEMEHHU.

B kadectBe HamnpasjeHus Oyaynux UCCIEIOBAHUI MOYXKHO PAaCCMATPUBATDL PACIIIHPEHUE Pa3-
paboTaHHOTO METOoIA it OOHAPYKEHUS AHOMAJILHBIX TOJIIIOC/IE/I0BATE/ILHOCTEN B MHOTOMEPHBIX

BPEeMEHHBIX pdAJax.

Paboma swvinoanena npu dunancosoti noddeporcke Poccutickozo naywnozo ¢onda (eparnm
Ne 28-21-00465).
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The article touches upon the problem of discovering subsequence anomalies in time series, which is currently
in demand in a wide range of subject domains. We propose a new semi-supervised method to detect subsequence
anomalies in time series. The method is based on the concepts of discord and snippet, which formalize, respectively,
the concepts of anomalous and typical time series subsequences. The proposed method includes a neural network
model that calculates the anomaly score of the input subsequence and an algorithm to automatically construct
the model’s training set. The model is implemented as a Siamese neural network, where we employ a modification
of ResNet as a subnet. To train the model, we proposed a modified contrast loss function. The training set is
formed as a representative fragment of the time series from which discords, low-fraction snippets with their nearest
neighbors, and outliers within each snippet are removed since they are interpreted as abnormal, atypical activity
of the subject, and noise, respectively. Computational experiments over time series from various subject domains
showed that the proposed model, compared with analogues, has on average the highest accuracy of anomaly
detection with respect to the standard VUS-PR metric. The downside of the high accuracy of the method is the
longer time spent on model training and anomaly detection compared to analogues. Nevertheless, in applications
of intelligent building heating control, the method provides a speed sufficient to detect subsequence anomalies in
real time.

Keywords: time series, anomaly detection, discord, snippet, Siamese neural network.
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OCHOBHO¥ TIPEJIMET CTATbH — PACCMOTPEHUE 33189, BOSHUKAIOIINX [IPU UCCJIEIOBAHUN HEOOXOIUMBIX YCJIOBUI
paBeHCTBa GECKOHEYHBIX UTEPAIfii KOHEYHBIX A3bIKOB. B IpeablIynux mybJInKausX aBTOPOM pacCMaTPUBAJINCh
MPUMEPHI TPUMEHEHHsI COOTBETCTBYIOIIEr0 3TOMY PAaBEHCTBY CIIENINAIBHOTO OMHAPHOTO OTHOIIEHUS SKBUBAJIEHT-
HOCTH Ha MHOXKECTBE KOHEUHBIX SI3BIKOB, IIPUYEM PACCMATPUBAJIUCH KaK MPUMEDHI, OMUCHIBAIOIINE HEOOXOIUMbIE
YCJIOBUSI €r0 BBIIIOJIHEHUs], TaK U IPUMEPBI €r0 MCIIoJIb30BaHuA. K oHOMY M3 TaKnxX HEOOXOJMMBIX yCJIOBUI IIpH-
MEHEHBI J[Ba BAPUAHTA CBEJAEHUS PACCMATPUBAEMON 3a/a9i: K KOHEUYHBIM aBTOMATaM M K OECKOHEYHBIM UTEPAIH-
OHHBIM JIEPEBbsIM. TakkKe B CTaTbe MPUBEJIEHBI HECKOJBKO BAPMAHTOB BayKHOM THUIIOTE3BI, (POPMYyTUPYEMO JJTst
MHOXKECTBA KOHEUYHBIX $I3bIKOB; €€ WCCJIeJ0OBaHUe JIaeT U WHble BAPDUAHTBHI CBEJIGHUsI PACCMATPHBAEMON 3a/adu
K CIIeNAAJIbHBIM 33Ja9aM JJisi HeJIeTEPMUHUPOBAHHBIX KOHEYHBIX aBTOMATOB. IIpym 3TOM B cilydae BBIIIOJIHEHUS
cHOPMYINPOBAHHONW THIIOTE3BI HEKOTOPBIE U3 TAKUX 331a9 PENIAlOTCs 3a MOJTMHOMUAJBLHOE BPEMsi, a HEKOTOPbhIE
HE PEeIaIOTCsl; IPY [IPOJIOJIKEHUN paboT 110 JaHHON TeMATHKe IOCTIeIHUNH (PaKT MOXKET J1aTh BO3MOXKHOCTD IIepe-
dbopmynupoBku 1pobsembl P = NP B Bujie crienuaibHON 3329 Teopun (POPMaJIbHBIX SI3BIKOB.

Karoueswie caosa: dopmasvroe A3viKU, UMEPGUUL A3BIKOS, OUHAPHBIE OMHOWEHUA, MOPPHPUMDL, UHBEPCHLLE

MOp(ﬁU,SM?Jt, anzopummdsl, NOAUHOMUAADHDILE AA20PUTMDL.
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BBenenue

Hexoropbie pesysnbraThbl mpejaraeMoil paboThl ykKe ObLIM OIyOJIUKOBAHBI, IPUYIEM OTHO-
cuTesbHO HenasHo, B 2019 1. u mo3jHee — cM. . OJHAKO X KeJIATeJbHO HOBTOPUTH (C
JOOABJIEHUSIMY M U3MEHEHUSIMU) — 10 CJIEJYIOIIUM TPUIHHAM.

e Bo-miepBoix, HeobOxomuma myO/IUKalUg HA 3TY TEMATUKy WUMEHHO B 2KypHaJe, TeMaTHUKa
KOTOPOT'O B OOJIBITIEH CTENEHN CBA3aHA C MPUKJIAIHON MATEMATHKON: B YIOMSIHYTBIX BBIIIE
IIyOJIUKAIUSX OOJIbITICE BHUMAHUE YIE/ISI0Ch CBI3U C TEOPETUIECKO I/IchopMaTI/IKoﬁ

e Bo-BTODPBIX, IPUBOIATCS TOIPOOHBIE 0003HAUEHUSI JIJIsT TPUMEHSIEMOI B CTATHE BEPCUU HEle-
TEPMUHUPOBAHHBIX KOHEUYHBIX aBTOMATOB (COOTBETCTBYIOIIME OIIPEJIC/ICHUsT U [IpocTeiiiie
YTBEDKJICHNUsT). DT 0003HAYECHUS I KOHEIHBIX aBTOMATOB Ha PYCCKOM sI3bIKE YiKe ObLIn
onyOJIMKOBaHBI — HO B IIOJTHOM OObeMe JIMIIL B MOHOTpadu, .

e B-Tperbux, HEMHOTO TO-APYIOMY OIUCBIBAIOTCS PE3YJIHTATHI CTATHU (1993 r.) — e
OBLIO IIPUBEJIEHO HENOAHOE JTOKA3ATEIbCTBO OJHOIO M3 PACCMATPHUBABIIMXCS TaM YTBED-

JKIIEHU.

b XOTH, KOHEYHO, IIPOBECTU YE€TKYIO I'DaHUILYy ME2K/1Yy COOCTBEHHO MATEMATUKOI U TeOpeTH‘{eCKOﬁ I/IHdJOpMa.TI/IKOﬁ

BpsAd JIX BOSMO2KHO.
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e B-deTBepThIX, XOTsI HACTOAINIYIO PabOTy MOXKHO Ha3BaTh ODOOINAOINIEil, — HO B Hee aB-
TOP HOCTaPAJICA BKJIIOYUTH TOJHKO TAKOW MUHUMYM U3 MaTepuaJja paHee OIyOJIMKOBAHHBIX
craTeii, KOTOPBI HEOOXOINM JJIsi TIOHNMAaHUsT PACCMATPUBAEMBIX ITPO0JIEM. 3/1€Ch O STHM
MUHAMYMOM B IIEPBYIO OY€PEIb MIOHUMAETCS TO, ITO HEOOXOINMO s IJIaHa CBEJICHUS Pa-
gercrBa P = NP (runoresst P = NP) x cuenumasnbhoil rumorese Teopun (popMaIbHBIX
SI3BIKOB.

e OyiHaKO 1pH 9TOM («B-IISITBIX» ), TAKONH MHUHUMAJILHO BO3MOXKHBII 00beM Marepuasa oTpa-
»KaeT He TOJIBKO CaMU Pe3yJibTaThl paboThl, HO U CBSI3b C JIPYTUMHU paHee PacCMaTPUBABIIIH-
MHCs 3aJ1a9aMi. Bojiee Toro, Kak aBTOp HaJeeTcs, IIPU TAKOil mmojiade, KOTopasi IPUMEHEHA
B HacTosie obobImatoIeil cratbe, bojee MOHATHA MOTUBAIAA K PACCMOTPEHUIO BCIIOMO-
raTesIbHbIX 33J1a9 — & 9Ty MOTUBAIUIO IIPU IIPOCTOM YTEHUH B XPOHOJOTMIECKOM TOPSIIKE
crareit MOXKHO U HE YBUJIETD.

e B-mecrnix, B HacTodIIEl cTaThe J0OABIEHBI HEKOTOPBIE HOBBIE PE3YJIbTATHI, IOy YeHHbIE B
rocJjejinee BpeMsi.

e OjHaKO caMOil BaxKHOI SIBJISIETCSI CJIEIYIOMIast IPUIMHA («B-CEJBMBIX» ): CYIIECTBEHHO W3-
MEHSIETCS caMa CTPYKTYPa U3JI0XKEeHHsI. A UMEHHO, B YIOMSIHYTBIX BbIIIE paboTax OCHOBHOI
IIEJIBIO OBLIO PEIeHNne COOTBETCTBYIONINX BCIIOMOTATE/IbHBIX 38189, B YACTHOCTH — OIIUCA-
HIe BO3MOKHBIX IIOJIYPENIeTOK, IOJIYIeHHBIX Ha OCHOBE JBYX 33 aHHBIX KOHETHBIX SA3bI-
KOB, & TaK»Ke OIMCAHNE TPUMEHEHHsI PE3y/IbTATOB, CBABAHHBIX C STUMH IOy PEIIeTKAMH, B
MIPUKJIAIHBIX 3a/a9aX TeOPHUH sI3bIKOB. A y HACTOsIIIEl cTaThbU Iejb OoJiee TyIobaIbHAS, U
[TO3TOMY IIPUBOATCS:

— OPOOHOE OIMCAHUE CAMUX PACCMATPUBAEMBIX 3aJ1a;

— OIMCAHUE HECKOJIBKUX TIHIIOTE3, BO3HUKAIOIIMX JJIsI CIIEUAJbHBIX MHOYXKECTB (Oop-
MaJIbHBIX SA3BIKOB (MHBIMU CJIOBAME — JIJIsl [IOJMOHOUIOB TJIODAJIBHOIO HAJIMOHOUIA
CBOOOIHOIO MOHOHUA, );

— a TaKXKe CBA3b ITUX 33JIa4 C yIOMIHYTOl Bblie mpobsemoit P = NP.

Bce ynomsiHyTBIE BBIIIE 33J1a9d CBSI3QHBI C MCCJIEIOBAHIEM OMHAPHOIO OTHOIIEHUsI SKBUBa-
JICHTHOCTH B GECKOHEYHOCTH, 33JIaHHOIO Ha MHOYKECTBE KOHEYHBLIX S3BIKOB, — OTHOIICHHA <> .
B npenpiaymux myoankanusax y:ke ObLIM PACCMOTPEHBI IPUMEPHI IIPUMEHEHHsI KaK 9TON0 OTHO-
IICHUs, TAK ¥ €r0 YaCTHOI'O CJIy4asd — OTHONICHHs < ; IIPU 3TOM HPUMEPBI MOXKHO Pa3JIeIUTh Ha
JIB€ TPYIIIIbL:

® IIpUMEPHI, ONICHIBAIOIINE HEOOXOINMbIE YCJIOBUs €TI0 BBITIOTHEHMWST;

® U NIPUMEPHI €r0 UCIIOJIb30BaHNsT — B PA3JINIHBIX 00/IACTAX TEOPHH (POPMAJIBHBIX SI3BIKOB,
JUCKPETHONH MaTeMaTHKN W aDCTPAKTHOM aareOphl.

N3 cka3aHHOTO BBIIIE CJIEIYET, YTO OCHOBHBIM IIPEIMETOM CTATHU MOYKHO CUUTATH PACCMOT-
peHre PasHBIX 3aJ1ad, BOSHUKAIINX IIPH UCCJIEI0OBAHNA HEOOXOAMMBIX YCJIOBUI paBeHCTBa Oec-
KOHEUYHBIX UTePAINH KOHEUHBIX SI3bIKOB (MHBIMU CJIOBAMU — YCJIOBUI BBIIIOJIHEHNsI GUHAPHOTO OT-
Homienusi <> ). U, mo-BujmMoMmy, TJIaBHOM «COCTAaBJIAIONIE» TAKONH MOTHUBAIMU SIBJISETCS IJIAH
J0Ka3aTeIbCTBa BO3MOXKHOCTH CBejieHusi paBeHcTBa P = NP Kk crmenmaJyibHON rumorese Teopuun
dOpMaTBHBIX SI3BIKOB, C(OPMYJIMPOBAHHON paHee B MpeAbLAymux myoaukaiusx. Crour orme-
THUTH 110 TOMY IIOBOJLY, UTO IEpBast BEPCUs ITOro IiaHa Obura omybsimkoBana B 2011 1., cMm. —
a 3J1eCh IpUBEICHA H3MEHEHHAS BEPCHUsI, [IPUYEM CO 3HAYUTEIHLHO OOJIBIIIM YHUC/IOM KOMMEHTaPU-
eB. OHAKO OCHOBHAsI MJIed IIPU 9TOM Ta »Ke caMasl — HO 3/eCh OHa y:Ke 0pOpMJIeHa KOHKPETHO,
U PEeIIeHrsT MHOI'UX BCIIOMOTaTeIbHBIX MOI3a/1a4, HEOOXOINMBIX JJIsi OCYIIIECTBJICHUS YKA3AHHOIO

IJIaHA, 3a MIPOIIeJIIee BpeMsi yKe OIyOJIMKOBAHBI.
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Kparko sroT mian Mo2KHO chopMyIupoBaTh cieayonumM oopasom. [lo Hekoropomy HejeTep-
MUHUPOBAHHOMY KOHEYHOMY aBTOMATY CIIEIIMAJIbHBIM 00PAa30M CTPOUTCS Mapa KOHEYHBIX $3bl-
KOB — U JIJIS 9TOH 1aphl MOKA3BIBAETCS, YTO €CJIM Obl ObLIA BBHIIIOJHEHA BBIIIEYIIOMSIHYTas THIIO-
Te3a, TO CYIIECTBOBAJ Obl M AJI'OPUTM IIPOBEPKH BBIIIOJTHEHUS OTHOIIEHUS SKBUBAJEHTHOCTU B
OEeCKOHEYHOCTH 3a MOoJMHOMHAJILHOE BpeMsi. Ho, ¢ Apyroit cTopombl, B3siB IPOU3BOJIbHBIN He/le-
TEePMUHUPOBAHHBIN KOHEYHBI aBTOMAT U PACCMATPUBas €ro KakK OIPEJEIeHHbIH B IPEIbIIY X
nybsmkaiusx T.H. apromar NSPRI (Mbl ero crporo ompejenum u OyjeM paccMaTpUBaTh Ha-
4ynHas ¢ pasjieia 6 HacToOsIell cTaTbh), Mbl 3a IIOJHHOMHAJbLHOE BPEMsl MOIIM Obl IOCTPOUTH
COOTBETCTBYIOIILYIO 3TOMY aBTOMATY IIapy KOHEYHBIX f3BIKOB — IIpUYEM TAaKylO I1apy, KoTopas
YIOBJIETBOPSIET OTHOIICHAIO <> TOTIa U TOJILKO TOra, Korna a3blk aproMara NSPRI cosmamaer
C YHUBEPCAJIbHBIM A3BIKOM Ha/l 3aJlaHHBIM a.HCba,BI/ITOM (T. €. A3bIKOM, COAepzKalllUM BCE BO3MOZK-
Hble cjioBa). TakuM 00pa3oM, B CjIydae OCYIIECTBJIEHUs ILIaHa, KPATKO OMMCAHHOTO 371€Ch, Mbl
ITOKaYKEeM, UTO BBIIIOJTHEHUE BBIMIEYIIOMSIHYTOW OCHOBHOW THUIIOTE3BI BJIEUET BBHIMIOJIHEHUE PaBEH-
crBa P = NP.

B komnre mannoro pasmeiia oTMeTuM cieayiomniee. Mbl BCIOy THIIEM «CBEJIECHUE PAGEHCMEA
P = NP k omnoii u3 rumnore3 Teopunt (bOPMAJILHBIX A3BIKOB» (M T.II.) — HO, MMO-BHIUMOMY, €IIe
TouHee ObLIO OBl TOBOPUTDH «CBemenme zunomesv, P = NP K omHoil m3 rumores Teopuu ¢pop-
MAaJIbHBIX $I3BIKOB»; OJHAKO IOCJIEJIHUII BADHAHT 3BYUYUT XyrKe (M3-3a JBYX BXOXKJIEHUI CIIOBa
«runoresas ). Ha ckazamnoe 3/1ech MOXKHO OBLIO OBl BO3PA3UTh, UTO J1I06ast (MM HOYTH JTI00ast)
BBIYUCJIUTE/IbHAs TPOOJIEMa MOXKET PACCMAaTPUBATBCS UMEHHO Kak IpobiieMa Teopun hopMaib-
HBIX SI3bIKOB (CM. U MH. [IP.); OJIHAKO «BO3parkeHne Ha BO3parKeHHe» 3aKJII0UAeTCsl B TOM,
UTO TSI TOJTydeHHsT HeoOXOIUMO MH(MOPMAIMH HY?KHO PEIUThb MoAbko 00HYy IpoOJeMy, WM,
JIDYTUMH CJIOBaMU, 3/1€Ch Pedb UJET O (pOPMYIUPOBKE 3aJ1a1U PO 33/ 1a9l, MOXKHO CKa3aTh — «O
GdOpPMYIUPOBKE MeTa3aIadun».

Cremyer Takke 0c0DO OTMETHTB, UTO JAXKe IOCJI€ BO3MOXKHOTO 3aBEpINEHUs] PeaJM3aIiu
IIaHa, IPUBEJIEHHOTO BBIILY, 0 BOSMOXKHOCTH pererust pobjieMbl P = NP Huuero yrBep:KIaTbCst
He OyzeT: OyIeT moKas3aHa TOJbKO BO3MOXKHOCTH CBEJIEHUS TOH MPOOJIeMbl K MpobjieMe Teopuu
dOpMaTBHBIX SI3BIKOB.

[IpuBenem comepkaHue CTATHU IO PABIETIAM.

B pasdeﬂerHBo;LﬂTc;{ OCHOBHBIE 0DO3HAYEHUS U 0OCY2KIAIOTCS COTJIAIIEHUsI 00 UX UCIIOJThb-
30BaHUM; HEKOTOPBbIE M3 3TUX OOO3HAYEHUU SBJIAOTCA HecTaHgapTHbiMu. O HUM U3 HanboJiee
BayKHBIX MOHSATHIA, ONPEJIEJIEHHBIX B 9TOM pasJielie, siBJIseTcsi OUHAPHOEe OTHOIIeHe <>, Ope/ie-
JIEHHOE Ha MHOXKECTBE KOHEYHBIX SI3bIKOB HaJ| PACCMATPUBAEMBIM aJi(DaBUTOM; MOXKHO CKa3aTh,
9TO C 9TUM OMHAPHBIM OTHOIIEHUEM CBS3aH BECh MaTepHaJsl HACTOAIIEN CTaThH.

B pasdene | 2| paccMaTpuBaiOTCs OeckoHeuHble depesbs 0c06020 6uda, KOTOPbIE BOZHUKAIOT
B Pa3/IMUHBIX 3aJa9ax Teopuu (POPMAaJIbHBIX s3bIKOB. OTIMYIUTEIbHON 0COOEHHOCTBIO ITUX JIe-
PEBBEB ABJISIETCS TO, ITO BCe MX pebpa oTMeUeHbl OyKBaMu 3aJaHHOTO ajadaBUTa, a BEPIITUHDI
JIEJISITCS HA HEKOTOPBIE KJIACCHl 9KBUBAJIEHTHOCTH, IpryeM (6eCKOHEUHBIE) noddepesvs, coomeems-
CMBYI0ULUE BEPULUHAM 00H020 U MO20 dICE KAACCH, IKEUBANEHMHDL. PaS,ZLeJIOMSaKaH‘—II/IBaeTCS{
JacTh | HacTosIEel cTaThy, HOCTAEAYIONINE pa3aeabl cocTasaT dactu 11-1V.

B pasdene 3 obcyxkmaeTcst HECJIOXKHOE NPeobpa3osarue, CTPOsIIIee M0 3aJaHHOMY OeCKOHEU-
HOMY MTEPAIMOHHOMY JIEPEBY CIIENINAJIbHBIN JeTePMUHUPOBAHHBIM KOHEUHBIN aBToMaT. [1pu sTom
C TOYKHU 3PEHUs aJiredpbl Mbl IIEPEXOIUM OT pabOTHI € IJEMEHTAMU OIPEIEICHHOIO MHOYKECTBA
K pabome ¢ KAACCaMU IKBUBAAEHMHOCTAU, HA KOTOPBIE 3TO MHOXKECTBO JEJIUTCS C TOMOIIBIO O1-

HAPHOI'O OTHOIEHUS, (PAKTUIECKA PACCMOTPEHHOI'O B IIPEJIBLIYINEM pasjesie 2.
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Takum obpasom, B pasjese 3 paccMarpuBaeTcst oomuii (abcTpakTHBIN) BapuaHT Ipeobpaso-
BaHWS MTPOU3BOILHOIO HECKOHEYHOTO MTEPAIOHHOTO JepPeBa B JIETEPMUHIPOBAHHBIN KOHEYHDIH
aBTOMAT; & 6 pa3desax 4 1 5 — KOHKDPETHOE JIEePEBO, MOJIydIaeMoe He «abCTPAKTHO», KAK B pas-
Jiejie 3 W paHee, a CIENUaJbHO OIMUCAHHBIM 0OPAa30M II0 JBYM 3aJIAHHBIM KOHEYHBIM SI3BIKAM;
COOTBETCTBEHHO, TIOJyTaeTCsT CBSI3AHHDBIN C 9TUMU SI3BIKAMY JICTePMIHUPOBAHHBIN aBTOMAT. DTN
JIEPEBO M aBTOMAT TPETHAZHAUCHBI 048 NPOGEPKU YNOMAHYMO20 Sbie OUHAPHO20 OTHOULEHUS
<& ; Toumee, ncnosb3yercsd Apyroe GuHApHOE OTHOIIEHWE <, JABOMHOE NPUMEHEHNE KOTOPOTO M
naeT TpebyemMoe OTHOIeHne <L .

B pasdene 6 onucebiBaeTCsi COBEPIIEHHO HHON 0ObEKT (Terepb — HeJleTePMUHUPOBAHHBII KO-
HEYHBI aBTOMaT) — XOTd IPU 3TOM CTOUT OTMETUTHL, YTO IIOCTPOCHHUE ITOrO aBTOMaTa MOXKET
6I)ITI) BBITIOJIHEHO C HUCIIOJIb3OBaHUEM TeX 2Ke CaMbIX aJI'OPUTMOB (I/I COOTBETCTBYIOIMUX KOMIIBIO-
TEPHBIX ITPOTPAMM, @), 9TO U JIs IpeJIbIIyInero pasjeiia. tak, B pasziene 6 paccMaTpuBa-
eTCsI HeJIETEPMUHUPOBAHHBIN aBTOMAT, 0MEexawut Ha Mmom dHce camulli 6onpoc. BaykHo oTMme-
TUTb, UTO MOCJIEIHAN aBTOMAT OIpEJe/ieH HA KOHEYHOM MHOXKECTBE CJIOB — & He Ha KOHEYHOM
MHOYKECTBE $I3bIKOB (KOHEYHBIX MHOYKECTB CJIOB).

B pasdese 7 m nociienyronux pasjiesiax pacCMaTPUBACTCH CNEYUAALHAA 2UNOMEZL MEOPUL
POPMAALHVIT A3VIKOG, KOTOPYIO ABTOP CUNTAET OYEHb BAXKHOI; MO Hell M Ha3BaHA BCS CTATDHI.
Ouenb KpaTKO 3Ty TUIOTE3Y MOYXKHO C(HOPMYJINPOBATH CJIELYIONIUM 00pa30oM: OECKOHEYHbIE UTe-
paluy KOHEYHBIX SI3BIKOB OJIMHAKOBBI TOTJ/IA W TOJBKO TOTJA, KOTIA 9TH S3BIKM MOTYT OBIThH
MPEeICTABICHBI KAK OJINH U TOT YK€ MOP(MU3M PACIINPEHHBIX MAKCHMAIBHBIX MTPePUKCHBIX KOJIOB,
OIPEJIEJIEHHBIX HaJl HEKOTOPBIM BCIIOMOIATeJIbHBIM asihaBUTOM (€AUHOM JIjisi OBOMX SI3BIKOB).
HemnocpencrBenno B pasnesie 7 pacCMaTPUBAIOTCS PE3YJIbTATHI MPEABIAYIINAX TYOJIUKAIIH, OT-
HOCSIINECS K yIOMSHYTON TUIIOTe3€ B YaCTHOCTH W K MAaTepUaJjly HACTOSIIEH cTaTbu BOOOIIIE.
Hasee 6 pasdese 8 paccMaTPUBAIOTCA HECKOTIBKO OCHOBHBIL BAPUGHIMOE POPMYAUPOSKY ITOM TH-
IIOTE3bl — a MMEHHO, TaKe BapUaHTbl, KOTOPbIC HE€ HUCIIOJIb3YIOI[HE aBTOMATBI U J1€PEBbI.

B pasdese 9 kpaTko 06CyKIAIOTCST HEJIETEPMUHUPOBAHHBIE KOHEUYHBIE ABTOMATHI 0CODOT0 BU-
Jla — TaK Ha3bIBaeMble JIEIIECTKOBbIE aBTOMATHI (MHOI/IA B AHIVIMICKON JINTEpAType BCTPEYaeTCst
repmuH “semiflower automata”). Mbl ipuBogMM pe3yJIbTaThl OHON U3 IPEJbILYIIUX PaboT, 311
PE3YABTATHI MOXKHO C(OOPMYIUPOBATH CJIEIYIONTUM 00pa30M: JIJisi JTIOOOTO PEryJIsipHOTO si3bIKA, U
ero Tab Ikl GUHAPHOTO OTHOIIEHUST # (1MopoOHEe 06 TOM OTHOIIEHUH CM. paB,ZLeJI CyIIECTBY-
€T aJITOPUTM TIOCTPOEHUSI JIETIECTKOBOTO aBTOMATa, UMEIOIIET0 JINOO Ty YKe CAMYIO TabJIHILy, JTHOO
ee JKe ¢ POBHO OJTHUM JOOABJICHHBIM CTOJIONOM (T.€. ¢ POBHO OJHUM JI00ABJIEHHBIM COCTOSTHHEM
KAHOHMYIECKOTO aBTOMATA JJIs 3ePKAJIBHOTO sA3bIKa ). KOHKPETHO B HACTOAIIEH CTATHE JIEIIECTKO-
BBIE ABTOMATDHI MCTOJB3YIOTCS JJIs eIle ABYX TepedOpMYIHPOBOK OCHOBHOM paccMaTpuBaeMoit
B CTaThe Iumore3bl — cM. padden 10. Ilostomy HazBanme pasmena 10 TakoBo: «Bcrmomoraressb-
HbI€ BapHaHTDbI CbOpMyJII/IpOBKI/I TUITIOTE3bl — C HCIIOJIB3OBaAHHMEM aBTOMATOB U JIE€PEBbLEB». ZLHH
TaKUX BapUaHTOB U HUCIIOJIb3YIOTCA JIETIECTKOBbIE KOHEYHBbIE aBTOMATbI, a TaK2Ke 6eCKOHeLIHbIe
UTEPAIMOHHBIE JIEPEBb.

VrooMmsiHyTBINM BBINIE T1aH cBefennst paBeHcTBa P = NP k Oosiee mpocToit hopMmymupoBke
npuBe/ieH 6 pasdene 11. Bosiee neranbHoe HazBaHme 3TOrO pasfesia MOIIO Obl ObITh Takum: «O
IUTaHe JIOKA3aTeIhCTBA BO3MOXKHOCTH cBefiernst paBeHcTBa P = NP k runorese Teopun dpopmaiib-
HBIX SI3BIKOB».

[ocnemanit pazaen — 3akj0deHne; B HeM (pOPMYJIIPYIOTCsT BO3MOXKHbBIE HAIIPABJIEHUST JIA b

HENUIITNX pa60T II0 TeMaTHuKe HaCTOHHLefI CTaTbH.
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1. IIpenBapuresibHbIE CBeJIeHUA

B sTOoM pazmeste mpuBOAATCS OCHOBHBIE 0DO3HAYEHUSI M COTJIAIIEHUS 00 WX MCIIOJIb30BAHUML.
Cremyer OTMETHUTD, 9TO HEKOTOPBIE M3 ITUX 0DO3HAUEHUI SIBJISIOTCS HecTamaapTHbIMU. OaHuM
3 HanboJiee BarKHDBIX MMOHATHH, TPUBOANMBIX B TOM pa3ese, ABJIsIeTCs ONHapHOe OTHOIIEHNE
<>, onpeneneHHOe Ha, MHOXKECTBE KOHEIHBIX S3BIKOB HaJI PACCMATPUBAEMBIM aJIaBUTOM, C HIM
CBSI3aH BeCh MaTepuaJj 3Toi crarbu. Ilepeiinem K caMuM 0OO3HATEHUSIM.

Yarre Bcero caoBa u SI3bIKU OYIYT PAaCCMATPUBATLCS HAJ IJIABHBIM ai(PaBUTOM X; BCIIOMO-
raTeJbHBIM 2Ke aiaBUTOM OOBIMHO OyiaeT A, MHOr/a C HUKHUMHU WHJIEKCAMH; BCE aJI(DABUTHI
BCErJla KOHEYHBI.

st 3aianboro ciaoBa W € X* u s3pika A C X

si3bIK pref (1) — 910 MHOXKECTBO pedUKCOB ¢jI0Ba U (BKJIIOUYasi camo 1);

opref (w) = pref (u) \ {uk;
pref(A) = ugA pref(u);

opref (A) ompenensercsa aHAJIOITIHO.
Eciu jy1st 1ByX KOHEYHBIX si3bIKOB A 1 B (B npesbiymux paborax OHI Yalle BCEero PaccMar-

PUBaIOTCA Ha I'JIABHBIM aJICba.BI/ITOM Z) BBITIOJIHAETCA yCJIOBHE
(Vu e A*) (3v € B) (u € opref(v)),

10 Oyzem nucarb A B (6o B > A). Ecin yenoBust A B u A > B BbinosHsitoTcsi 0jiHOBpeMeH-
HO, TO Oymem mmcatb A < B.

(CrernuaibHO OTMETHM €Ille pa3 PasHUIly B 0O03HAYCHUSIX: C OJHOI CTOPOHBI, B HEJIABHUX
paborax , U C APYTOii CTOPOHEI, B 1 HEKOTOPBIX Apyrux paborax 1990-x romos. Koneuno,
B HACTOSIIEH cTaThe OY/IyT HCIOIb30BATHCS TOJIBKO 0D03HAUCHNUST, IPUBEICHHBIE B 9TOM pas3Jielie. )

Tenepb IpuUBeIEM HEKOTOPBIE 0O03HAYCHMS, CBI3aHHBIC C HEJCTCPMUHHPOBAHHBLIMU KOHEY-

HbIMH aBTOMaTaMH. HyCTb

K:(Q>Z)6>S)F) (1)

— HEKOTOPBIil aBToMaT. d — ero yHKIwWs 1mepexonoB Buga & : Q X L — P(Q), riae obo3naveHune
P(Q) obozHauaeT HAJIMHOKECTBO (CTEIIEHh MHOYKECTBA, MHOYKECTBO MOJMHOXKECTB) MHOXKECTBA
Q; TakuMm 0OpazoM, OYIYT PaCCMATPUBATBLCI TOJIHKO aBTOMATHI 6€3 e-1repexo/ioB. MHorma neko-

a
Topas jyra rpada mepexonoB aBroMara d(d,a) S T OyJer 3alHMChIBATHCS B BUJE (—T, UJIH,
5
a
€CJIN 9TO He BBI3bIBAET HEOIHO3HAYHOCTH, IIPOCTO B BUJE —T.
o a
BeprasbHblil aproMar s asromata (1), T.e. (Q,Z,8%,FS), rue q’ ;)q” TOTJAa M TOJBKO
n_a / R. R o
Torya, Korja "' ——q’, 6yiaem obosnadars, K*; 3amernm, gyro K* Beersia onpejiesisier 3epKajbHbIit
5

s3b1K LR,
st paccMaTpuBaeMoOro s3bika L ero xaHonmdeckuit aBromar Oyier 0003HAYATHLCS 3allv-

coio L. ITycrs apromarsl L u LR 1 3agannoro perynsaproro sizbika L TaKoBbI:

t = (QT{)Z’) dry 1Sty Fn) u f—\ﬁ = (Qp)z)ép){sp}>}:p)-

Bouee TOro, JJid A3BIKOB KOHEYHBIX aBTOMATOB HE 6y,ZLeT JOIIYCKaTbhCA BO3MOXKHOCTD L = @,
IIO3TOMY 00a 3TUX aBTOMATa ,ILGfICTBHTGJIbHO UMEIOT CTapTOBBLIE COCTOAHUA (T. €. IIpUuBEJIECHHbIC

0603HaYEHNST HE MOTYT COJIEPKATH [IPOTHBOPEYNS ).
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Ilns aBromara lb BBIXOJIHOI sI3BIK cOCTOsiHMsT ( (OH 00O3HAYAETCS 3alUChIO Eﬁ“t(q)) —
s1o s3pik asromara (Q,Z,8,{q},F). Ananoruuno, BxoaHoil 36K cocTosinns ( (0Go3HavaeTCs
E%.(”(q)) — 910 s3pik apromata (Q,Z,8,S,{q}).

Tax>ke HATOMHUM OIIpejeeHne OMHAPHOTO OTHOIIEHUS #, MOJIPOOHEE CM. u ap. OtwHo-
menne # C Qr X Q, onpenengercs Iy map COCTOAHUIT aBTOMaTOB LulLR CJIEIYIOIINM O0Pa30M:
A # X Torma m TOJIBKO TOT/Ia, KOTIa

(Guvel) (ue L'%n(A) , VR e E%Li (X))

(B mocJie HEI 3anucy 7T KarK/I0ro U3 KAHOHUYIECKUX aBTOMATOB IIPIMEHEHO 0003HAUEHHE BXO/I-
HOTO sI3bIKA COCTOsiHUs). BazKHO OTMETHUTDH, UTO MIMEHHO TAKOW BAPHAHT OIPECJICHUS HEKOH-
CTPYKTHBEH; OJHAKO, HAIIPUMED, COJIEPKUT SKBUBAJEHTHBI KOHCTPYKTUBHBI BapUaHT II0O-
J06HOTO onpejesieHns: (OJIHAKO, KaK OOBIYHO B NOJOOHBIX CUTYyanusx, Gosee CI0KHO (hopMyIu-
pyeMbilit).

Ba}KHO TaK>Ke OTMETUTDL, YTO JCTECPMHUHHPOBaAHHBIE KOHEYHbLIC aBTOMAaThbl BCer/la pacCcMaT-
PUBAOTCST KaK “aCMH CAYHAT HEOEMEPMUHUPOSGHHLL AGMOMAMO8, OIPEJIeIEHHBIX B COOT-
BETCTBUE C l| — AHAJIOTUYIHO OOJIBIIIMHCTBY MCTOYHUKOB, HO B OTJINYNE, HAIIPUMEDP, OT .
B crarbe He nmpuBomsTcs 60s1€e IOAPOOHBIE OLPEIE/ICHISI sl JeTePMUHIPOBAHHBIX aBTOMATOB,
OHH SABJISIIOTCSA DOJiee-MeHee CTAaHAAPTHBIMKA, OTMETHM TOJLKO, 9TO OyIyT CIENHaJIbHO HUCIIOJIb-
30BaTbCs TaK Ha3blBaeMble BCIOJLY OlpejiesieHHble aBToMaThl (“total automata”), T.e. Takue, st

KOTOPBIX BBIIIOJIHACTCHA CJIEJYIOIIee yCJIOBUE!

(Vge Q) (Vaex) (I5(q,a)|=1).

B 10 ke BpeMsi BO MHOTHX IIyOJUKAIUSIX MTOJOOHAST TaKasl «IIOJHOTa» JlaXKe PACcCMATPUBACTCS
B KadecTBe 00s3aTeJIbHOI'O CBOHCTBA JETEPMUHUPOBAHHOIO aBTOMATa — OJHAKO B HACTOSAIIEH
CTAThe MPUMEHSIETCS JAPYTO# TOIXOJI, T.€. BCIOAY OIpPEIe/IeHHBIE ABTOMATHI PaCCMATPUBAIOTCS
B KauecTBe COOCTBEHHOIO IIOJMHOXKECTBA aBTOMATOB JETEPMUHUPOBAHHBLIX. B Hacrosmeill cra-
The OYJyT MCIIOJIb30BATHCA U TAK Ha3bIBAEMbIE JIEIIECTKOBbIe KOHeYHbIe aBTOoMAaThl (“semiflower
automata”); mogpobHocTH cM. B paszerne 10, rje KpoMe HUX OMPEEICHBI ele ¥ ABTOMATHI THIA
KC(A) st 3ay1anHOr0 KoHewHOTo si3bika A C X*. JlonosiHuTe/ibHas WH(MOPMAIUs O CBSI3aHHBIX C
TaKUMHU aBTOMATaMU 0003HAUYEHHSIX [IPUBEIEHA B .

Ilepeiimem K cremuaabHBIM ODO3HATEHUSIM, CBSI3AHHBIM ¢ MOPQMU3MaMHI SI3BIKOB. s 3TO-
ro cHavaja CHEeUaJbHO OTMETHM, UTO BCE PACCMATPUBaEMble KOHEUHBIE SI3BIKM HE SIBJISTFOTCS

IyCTBIMH M He COJepyKaT IIyCTOro cjoba €. JIjis HeKOTOPOro si3bIKa,
*
ACTy A={w,uy...u,}

(He orpaHmUnBasi OOIHOCTH MOXKHO ITPE/IIOJIAraTh, 9TO CJIOBA A3BbIKA KAKAM-TO 00pa30M yIOpsi-
JIOYEHBI), MBI paccMaTpuBaeM andasut Ax = { di,dz,...dn } (ecsim 9TO HE BBI3BIBAET HEOIHO-
3HATHOCTH, OOBIMHO mumeM pocto A). s sToro andasnrta paccMarpuBaeTcss MOPMOU3M BHIA

ha : A% — L*, onpe/iesieHHBII CIe/yIONIM 00pa30oM:
ha(di) =ur, ha(dz2) =uz, ..., ha(dn) =un.
ITpu sTOM MBI, KaK 00BIYHO, st Kaxkaoro ciaoBa didy ...d, € A* npeamosaraercs, ITo

h(didy...dn) =h(d;) h(dz)...h(d,).
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OpHako, Kak MOXKeT ObITh MOHSITHO M3 BBEJIEHUsI, IIPEJIMET HACTOSIIEH CTaThi CBsi3aH (da-
cTHYHO) ¢ bosiee BayKHOW u GoJiee CJIOXKHOI mpobiemoit (T.e. Gojiee CJIOXKHOMN, 4YeM MOCTpoe-
Hite MOpdu3Ma), a IMEHHO — C MPOBJIEMOil TOCTPOeHUsT uneepcrozo Mopdusma. OTMeTnM, ITO
B MPUBEJIEHO TOJBKO HAYATIO PACCMOTPEHUST ITON MPOOIEMBL.

Cdopmynupyem ero omnpejesienue 6ojee moapobro. Bo-mepBbix, 1aauM Takoe eCTeCTBEHHOE
omnpenenenne. T JaHHOTO KOHEYHOrO sI3bIKa A, MopduaMa ha W HEKOTOpPOro cjaoBa U € X*

PACCMOTPHUM A3bIK
ha'(w) = {ua € A" [ha(ua) =u};

CHIENUATBLHO MOIEPKHEM, ITO ITOT 00BEKT MPEJCTABISET CODOI MHOKECTBO (a He €[MHCTBEHHBII
9JIEMEHT ), TIPUIEM, BO3MOXKHO, &. TakyIo ke KOHCTPYKITHIO MOKHO PACCMOTPETH JIJIsi HEKOTOPOTO
sI3bIKa (BMECTO CJIOBA U; IYCThb 9TO sA3bIK B), HAC OY/IyT MHTEPECOBATH TOJBLKO KOHEIHDIE SI3BIKM.
A umenHso,
hy'(B) = | ha'(w).
ueB

Tenepsb paccMOTPUM JIPYroe OlpeaeeHue, IPAaKTHIECKH He CBA3AHHOE C IpeabL Iy M. 11pu-
yeM, B OTJIMYHE OT APYTHUX OIIPEe/IeHUA HACTOSIIEH cTaThby, aJpaBuT A B HEM HCIIOJIL3yeTCs B
KadecTBe TUIaBHOTO. MHOKECTBO MaKCHUMAJIBHBIX MPEUKCHBIX KOJIOB (KAK MHOYKECTBO SI3BIKOB)
Ha| 5TuM asiaBuToM Oyier obozHadaTbess mp(A).

(He 6ymem maBaTh moapoOGHOTrO oIpe/iesieHnst MaKCHMAJIbHOrO IpeduKcHOro Koxa. Brosme
JIOCTATOYHO CKA3aTh, UTO 3TO — KOJI, KOTOPBI SIBJISETCS MAKCUMAJIBHBIM U IPEPUKCHBIM, IPHIEM
BCE STH IOHSITUSI IPUCYTCTBYIOT B «OOBIUYHBIX CTYIEHUECKUX KypCax», u MH. ap. To ecTb
MOXKHO CKa3aTh, 9TO CAMO HA36AHUE YoHCe COOEPAHCUM OnpedeseHue. )

MHO2KeCTBO SI3BIKOB, KaXKIbII U3 KOTOPBIX COJAEPKUT HEKOTOPBINT MaKCHMAJIbHbIN MTpeduKc-
HBII KOJI B KQYECTBE MOJIMHOKECTBA (BO3MOYKHO, HECOOCTBEHHOIO), Oy/1eT 0003HAUATHCS 3AITUCHIO
mp*(A). Takum obpaszom, mp(A) C mp™(A), u, KoHedHO XKe, s JTOOOro andaBuTa TAKOE
BKJIIOUEHUE dABJIAETCA CO6CTBeHHbIM. MbI 6yﬂeM Ha3bIBaThb Ka)KILbeI U3 ITUX A3BIKOB pacCwWuUpeH-
HHM MAKCUMAALHDLM TPEPUKCHIM KOJOM.

Bepnemcs k paccMmorpennio riaBHoro ajdasuta X, a Takxke MopdusmoB Buga ha 1 Ay —
I*. Ilycrs y Hac 6yger Kakoii-Hubyb si3blk Ax € mp(A); Torja cunraeM, UTO BBIIOJIHICTCS
caepytomiee yciaosue: ha(Aa) € mp(A); UMEHHO Tak OIpeEssSeTCst MHOXKECTBO sA3bIKOB Mp(A)
Ha 1 asidaBuTom L. AHAIOIrMIHO, /ISt HEKOTOPOro sizbika Ax € mp Tt (A) cunraem, uro ha (Aa) €
mp*t(A). CinenoBareabHO, BBITOTHAIOTCS TAKHE aJlbTEPHATHBHBIE BADUAHTHI ONIPEIETCHHII:

e mp"(A) — 3TO MHOMKECTBO A3BIKOB, KayKJblil U3 KOTOPBIX COJEPKUT HEKOTOPbIA MaKCH-
MaJIbHBII IpedUKCHBIA KOI Hal A B KaIeCcTBe IOIMHOXKECTBA;

e mp"(A) — 3TO MHOKECTBO A3BIKOB, KasK/Iblil U3 KOTOPBIX ABJIsAeTcs A-MOP(MU3MOM HEKOTO-
poro sa3bIKa MHOXKecTBa MP 1 (A); T. €. KasKIblil U3 TAKUX A3BIKOB ABJISETCS CIIENUATLHBIM

MOPHU3IMOM HEKOTOPOI'O PACIIUPEHHOIO0 MaKCHMAJILHOIO IMPEeMUKCHOTO KOJIA.

2. BbeckoneuyHbIe nrepanmumoHHbIE JJepeBbd

B sTrom pa3jgesie pacCMaTPpUBaIOTCHA beckoneHble depeebﬂ CNEYUaANBHO20 euda, BOSHUKaIOIINEe
B Pa3/IMYHbIX ITPUKJIQJIHBIX 3a/iav9aX TEOPpUnu (bOpMaJIbHI)IX A3bIKOB. OTJIMYNTEILHONR 0COOCHHO-
CTBIO 3TUX AEPEBLEB ABJIFAETCA TO, YTO BCE UX pe6pa IIOMCYECHBI 6YKBaMI/I 3aJaHHOI'O aﬂ(baBI/ITa,
BEPHINHBI Pa3eJI€eHbl Ha HEKOTOPbIE KJIACChl 9KBUBaJIEHTHOCTH, a OECKOHEYHbIE o IepeBbid, COOT-
BETCTBYIOIIME BEPHINHAM OJIHOT'O 1 TOTI'O 2K€ KJIaCCa, 9KBUBaJICHTHDI. Yuciio IIOJIYIEHHBIX KJIaCCOB

9KBHUBAJIEHTHOCTH OOBIYHO (HO HE BCerjia) KOHEYHO.
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Beckoneunble nTepamoHHble JepeBbsl 00CY K IAJINCH B HECKOJIBKIX ITPOIMTHPOBAHHBIX BBIIIIE
NPEAbIAYINIX CTATbAX; OHU, KaK y»Ke OBbLI0 OTMEYEHO, BOSHMKAIOT BO MHOTMX MOJE/ISAX TEOPUU
dopMaIbHBIX I3BIKOB. Cpein 09eHDb OOJIBIITOTO YNC/Ia BO3MOXKHBIX IIPUMEPOB OTMETHM TaK HA3bI-
BaeMble OIPaHMIEHHO-IeTEPMUHIPOBAHHDBIE (PYHKIINN, KOTOPBIE SBJISIOTCS IPEAMETOM U3y YEHHST
CTY/IEHTOB-MATEeMATHKOB y2Ke Ha IEPBOM Kypce (CM. yzKe IIPOIUTHPOBAHHBII BbIIIE yIeOHUK u
JIP.); 9ACTO 9TO — «IIEPBOE 3HAKOMCTBO» CTYJECHTOB C TOI00HBIMI O0beKTaMu. OTHAKO, HECMOTPST
Ha 9TO, Yy aBTOpPa HeT KAaKUX-JIn00 CCHIIOK Ha ImybsmKainm, riae Oblin ObI BBEIEHBI 0000IIaionue
olpejiesieHnst JJist TaKuX 00beKToB. Mbl He Oy/ieM je1aTh 9TOro U B JaHHOI cTaThe (T.e. He OyaeM
JIABaTh CTPOruX (GPOPMAJILHBIX ONPE/IeIeHH), & OIPAHIUYUMCS TOJBKO KPATKUM UX OIIMCAHUEM.

B upeapuiymumx nybaukanmsx (cM. ﬁ U JIp.) PACCMaTPUBAJINCH HECKOJIBKO BADUAHTOB Ta-
KX OECKOHEUHBIX JIePEBbEB — 31€Ch IIPUBOIUTCS OUH U3 9TUX BAPUAHTOB, UMEIOIITNI OTHOIIEHIE
K IIPEJIMETY CTaTbH, T. €. K CIENUaIbHON TUIoTe3e Teopun (hOPMAJIbLHBIX A3BIKOB U K HEKOTOPBIM
pPa3IMYHBIM 3KBUBAJICHTHBIM BapHaHTaM €€ OIMCAHMS, a TaKXKe K ee IpuMeHeHuio. Hauumnaem
M3JIOXKEHUE C JOCTATOYHO IPOCTOIO OINUCAHHUSI — KOTOPOE JIENKO MOXKHO JOBECTH JIO CTPOIOr0
OIIpeJIeJIEHNS; B TAKOM OIMCAHUN OIPEIEssieTcs 66CKOHEYHOE YIIOPSAJ0UYeHHOEe KOPHEBOE JIEPERO.

B ero mpocreiiiem BapuanTe pacCMaTpUBaeTCsl OECKOHEYHOE YMCJIO BEPIINH, IOMEYEHHBIX
BCEMU BO3MOYKHBIMH CJIOBAME HAJ[ PACCMATPUBAEMBIM aadaBuToM L (T.€. BCeMH BO3MOXKHBIMU
CJIOBaMU MHOXKECTBa L*); JJIsi KazKJ0ro cjioBa W € I* u KaxK 10l 6yKBbI a4 € L CJIOBO U COe/IuHe-
HO pebpoM (MHOTIAa 0003HAYAEMBIM @) CO CJOBOM Ud. SICHO, UTO B 9TOM Cjlydae KOPHEM JIepeBa
SIBJISIETCSL IIyCTOE CJIOBO €, M IJIsT KasKI0# M3 APYTUX BEPIINH W BO3MOXKHO IPeICTaBJIeHHE BHUIA
u=va (rge u,v € I*, a € L), u 109TOMY JIJIsl KaXKJIOI'0 TAKOI'O W TAKXKe CYIIECTBYeT COOTBET-
crByfommasi Jayra u3 v. VHorga GyneM paccMaTpuBaTh OPUEHTUPOBAHHOE (& He KOPHEBOE) JIePeBo,
[OHSITHO, YTO PA3HUIBI HeT; OObIYHO THIl jiepeBa (OJUMH W3 9THX JBYX) BBIOMPAETCS IIPOCTO B

3aBUCUMOCTHU OT TOTO, YTO OyzeT «bojiee yIadHO» BBITVISIIETh HA PUCYHKaX.

Puc. 1. IIpumep abcmparmmnozo GECKOHETHOTO UTEPAIMOHHOTO JiepeBa Mopdusma

st andasura A = {0, 1} (mokasaubl yposuu ot 0-ro 110 5-ro)

Omaako u3 Bcero cOpPMYINPOBAHHOIO BBIMIE €Ie HEeJIb3d MOJYIUTDb IMTOJHOE OIpPeIe/IeHNe
OECKOHETHOT0 UTEPAIMOHHOTO IEPEBA; JIsT TAKOTO MTOJIHOTO OIpEeae/IeHIsA HeOOXOIMMO T00ABUTD,
9TO BCE BEPIIWHBI JepPeBa KAKMM-TO 00pPa3oM pa3jeeHbl Ha HEKOTOPhIE KJIACCHI SKBUBAJIEHTHO-
cti, 1 OeCKOHEYHbIE (II0J])IePEBbs ¢ KOPHIMM, IIPUHAJICKAIIAME OJHOMY M TOMY XK€ KJIACCY

9KBUBAJIEHTHOCTH, SKBUBAJIEHTHBI. (DKBUBAJIEHTHOCTH (I10/)/1ePEBHEB OLPEJIEISIeTCs] eCTeCTBEeH-
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HbIM o6pasom.) Cu. puc. Ha TPUBEJIEHHOM HA HEM IPUMEpPE PA3HBIMH I[BETAMHU IOKA3aHBI
BEPIIUHBI, IPUHAJJICXKAIIIE PA3HbIM KJIaccaM dKBUBajJeHTHOCTH. OTMETUM TaKXKe, 9TO YCJIOBHE,
chopMyJIMPOBAHHOE BBIIIE B 9TOM ad3alle, SKBUBAJIEHTHO JIPYTroMy, 6ojiee IPOCTOMY: JIOCTATOYHO
oTpedboBaTh, YTOOBI JJIs KayKJO0ro pebpa, MPUHAJIEXKAIIEr0 OJIHOMY U TOMY K€ KJIACCY K-
BUBAJIEHTHOCTH, U JIJIsi BCeX OYKB a4 € X pebpa, BBIXOJMIINE U3 ITUX BEPIIUH, TAKXKE BEIH K
BEPIIIHAM OJJHOTO U TOTO K€ KJIACCa SKBUBAJCHTHOCTH (BOOOIIE TOBOPsI, K BEPIINHAM KAKOTO-TO
HOBOTI'O KJIACCA).

Sapamee OTMETHM, ITO BO BCEX PACCMATPUBAEMBIX MPUMEPAX KOJMIECTBO KJIACCOB SKBUBA-
JlenTHOCTH Oy/ieT KoHedHbIM. HemHoro 60siee 11oipobubie KOMMEHTAPHUH 110 3TOMY IIOBOJY OYIyT
pUBEIEHbl B ciienyiomieM pazzesie. Ha puc. |1| Takue KJracChl 9KBUBAJIEHTHOCTUA PACIOJIOXKEHBI
OoJiee I MeHee MPOU3BOJILHO, XOTsI BA2KHO OTMETHUTh, UTO BCE CBOMCTBA U yCJIOBHUSI, CHOPMYJIU-
POBaHHBIE BBIIIE, BBITOJIHSIIOTCS.

Hasee pacemorpum npumep asidapura u3 2 6yks (Gyaem ajndasut 0603HauaTh {a, b} BMecTo
npusejienHoro Ha pucynke {0, 1}). KoHKperHbIli npuMep TakyKe MOXKeT ObITh MOJIYYEeH CJIEIYIO-
muM 006pa3oM (OyIeM YCJIOBHO HA3BIBATH TAKHE JIEPEBbsl JEPEBbsIMU IpocTeiiniero yposHsi). Bo-
[IEPBBIX, HAYMHAEM C JIEPEBa, y?Ke PACCMOTPEHHOT'O Ha pI/IC. y KOTOPOT'O, OJTHAKO, BEPIITHHBI €II1e
He BbIJIeJIeHbI [[BeTaMu. [{Jist JasibHefnmx mocTpoennii 3a1aeM s3bik (mycrsb 910 A ={ a, ab, bb }),
[IOCJIEe Yero JIJIst STOTO sA3bIKA CPEJIM BEPIIUH JIEPeBa OTMEYaeM Te€, KOTOPbIe COOTBETCTBYIOT CJIO-
BaM si3bika-uTeparuu A*. Bosee Toro, Ha pI/IC.I/ICHOJH)?;yIOTCH CJIETYTOIINE TIBETA JIJISl BbIJICJIEHUS
CJIOB:

® KPACHBIH — JIJIsi TeX CJIOB fA3bIKa A, JI7Ist KOTOPBIX — €CJIM UX IIPEJICTABUTH UMEHHO B BUJIE

uTeparuit cJjoB ga3blKa A, — IOCJIETHUM CJIOBOM MOXKeET ObITH a;
® AHAJIOTUYHO CHHHUN — JIjIsI BO3MOXKHOI'O ITOCJIETHEro CjoBa ab;

® 11 3eJIeHBbII — JIJIST BO3MOXKHOT'O TIOCJIETHEro ¢a0Ba bb.

Puc. 2. I[Ipumep xonxpemrozo GECKOHETHOTO UTEPAIIMOHHOTO JIEPEBA MOPpU3Ma

st andasura L ={a, b} u s3pika A ={a, ab,bb } (mokazansr yposuu or 0-ro j10 4-ro)

OTMeTI/IM, YTO B HallleM IIpuMepe paCCManHBaeMbeI S3LIK A SIBJISIETCS (O,ZLHO?)HEL‘IHI)IM) KO/I0OM,
II09TOMY BC€ BbIJIEJICHHbIC CJIOBa — 3a UCKJIIOYEHHEM IIYCTOI'O CJIOBa € — BbIJEJI€HbI TOJIBKO OJHUM
OBETOM; OJJHAKO B O6HI€M CJIydae TaKoO€ BblJe/JIEHUuE OJIHOI'O CJIOBa TOJIBKO O/JHUM IIBETOM, BOO6HL6

rOBOPsi, HEOOS3aTE/IHHO.
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HTorosoe 6eCKOHEUHOE UTEPALMOHHOE JEPEBO IOKA3aHO Ha PUC.

Taxum 06pa3oM Ha JepeBe OTMEYEHbI Bce BEpIIUHbL g3biKka A*. O1HaKo, BOODIIE roBOpsI, IpH
TaKOM CII0CODE OTMETKH He BCe BEPIIMHBI OECKOHEUHOIO JIepeBa IONAJal0T B MHOYXKECTBO OTMe-
YeHHBIX: HA PHUCYHKE BBIIIE OHM HE OTMEYeHbl HU OJHMM u3 3 mBeToB. HO, HecMOTps Ha 3TO,
MOXKHO CUYUTATh, U9TO ITOCJEIHMNA (DAKT COIJIACYeTCsl ¢ ONpeaeeHueM OeCKOHEIHOTO UTEPAIOH-
HOTO JiepeBa; DoJiee TOro, «IIOATOHKA» OMHMCAHKS ONpeIe/eHnus K HaDOpy HEOTMEUEHHBIX BEPIITHH
MOXKET OBITH BBIIIOJIHEHA JIFOOBIM M3 PACCMOTPEHHBIX Jajee JABYX crocoboB. Oba crocoba mpo-
WLIFOCTPUPOBAaHBI Ha puc.|3| 0be yacTh puCyHKa [TOKA3BIBAIOT M3MEHEHUsI, BHECEHHBIE B IIPABYIO
TaCcTh UCXOIHOIO OECKOHETHOIO JAePEeBa; IPK 9TOM BHECEHHBIE N3MEHEHNSI BbIIeIeHbI (PUOJIETOBBIM

IIBETOM.

Puc. 3. /Ia meToj1a, MOAUMUIUPYIONIIX TPABOE TOIEPEBO MPEIBIAYIIErO JEPEBA.

B obonx CJ/IydadXx IoJydaeTCd KOHEIHOE YUCJ/IO TaKNX KJIaCCOB 9KBUBaJIEHTHOCTU

e B nepsom MeTosie (IIOKA3aHHOM B JIEBOIT YacTH pUC.|3) MBI 106aBIIsieM HOBBIE KJIACCHI 9KBHU-
BaJIEHTHOCTH JIJIsT HEMAPKUPOBAHHBIX BepinH. Ha3BaHust 3TUX KJTaCCOB OTMEIEHBI (hUOIe-
ToBbIME Idpamu 1 u 2. MOXKHO CTPOro J0Ka3aTh, UTO TaKoe H0OaBJIEHNE HOBBIX KJIACCOB
SKBUBAJIEHTHOCTH JIJIsl HEMAPKUPOBAHHBIX BEPIIUH BCETA BOZMOXKHO — TIOCJIE Y€ro MOJIyda-
eTCsl JIEPEBO, TOJIHOCTBIO YOBIETBOPSIOIIEe MPUBEJIEHHOMY BbIie onucanuio. Ho crporux
JIOKA3aTeIbCTB IPUBOUTH HE OYJIEM: 9TO BBIXOJUT 38 PAMKHU HACTOSINEH CTAThU.

e A BTOpPOII METOJI, COCTOUT:

— BO-TIEPBBIX, B TOM, YTO pa3periaeTcs moMedarb pedpa jepeBa He OyKBamu ajipaBuTa
X, a caoBamu u3 L* (IIpU 9TOM y¥Ke CyIIECTBYIONME OYKBBbI PACCMATPUBAIOTCS KaK
COOTBETCTBYIOIIE OJHOOYKBEHHBIE CJIOBA),

— U, BO-BTOPBIX, B yJaJIeHUN paHee HEMAPKUPOBAHHBLIX BEPIIWH JIEPEBa U OTHOBPEMEH-
HOI 3aMeHe TyTel, MPOXOISIIUX Yepe3 HuX, pebpaMu, TOMEYEHHBIMU HEOOXO MM bIMU
cyioBaMH (T. €. COYETAHUSME YIAJISIEMbIX OYKB).

Takast 3aMeHa (MCKJIIOUEHNE BEPIINH M CTAPBIX MOMETOK, a TaKyKe J00aBJICHHE MOMETOK
HOBBIX) [TOKAa3aHa B IIPABOI 9acTn pHc. MpUIeM TaKKe (DUOJIETOBBIM IBETOM: Y/IAJISIEMbIE
06beKThI (BepIIUHBL 1 pedpa) oTMeueHbl (DUOJIETOBBIMU «IISITHAMEY (X [IOKA3aHO 2), TAKIKe

JIETKO OTPEIENTh U JT00aBIIsieMble OObEKTHI.

O,ZLHa,KO JJIg MaTepuaJia Ha,CTOHIH,eI'?'I CTaTbU BCE IIpUBEIECHHDbIC BapUaHTBI OECKOHEYHDBIX UTe-
PallMOHHBIX JIEPEBHEB MOI'YT PaCCMAaTPUBATbHCA TOJIBKO KaK BCIIOMOTI'aTE€/IbHDBIE. ,D;JIH cTaTbu boJiee

BaXHBIMU ABJIAIOTCS 00JIee CJ0XKHBIE JE€PeEBbA, IIOCTPOCHHBIE B COOTBETCTBUN C HECKOJIBKO boJtee
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CJIO?KHBIM aJITOPUTMOM, KOTODPBIN B TO K€ BPEMs YIOBJIETBOPET IIPUBEJIEHHOMY BBIIIE OIIMCAHUIO-
onpe/iesieHnio. B 9ToM pasjiesie Takue JiepeBbsi pACCMATPUBAIOTCS OYeHb KpaTKo (6osiee moapob-
HO — B CJIJIYIONINX PA3/IeIax ), OIHAKO [P 9TOM IPUBOAUTCS HAYAJIO CYIIECTBEHHO OOJIee CJIOXK-
HOI'O IIpUMepa — KOTOPBIN OyJeT jajiee pacCMaTPUBATHCS ISl HECKOJIBKUX PA3HBIX Ieselt. s
[0/IOOHBIX [IPUMEPOB HAM HY?KHBI J[BA HEIYCTHIX KOHEYHBIX fA3BbIKA (T.e. YHOPsJOUeHHAs mapa
SI3BIKOB) HAJ| 33IaHHBIM ayiaBuTOM L (a HE TOJBKO OJWH SI3BIK, KAK B IPUMEPAX, PACCMATPH-
BABIINXCS PaHee); B HPEJBLIYIINX [IyOJNKAIUAX TakKue JBa sS3bIKa MOUTH BCera 0003HAYAINCH
kak A (mepBblii s13biK) 1 B (Bropoii). BepiumHbl Takoro jepeBa COOTBETCTBYIOT He CJIOBAM ajl-
daBura L (B upeablIylux IpUMeEpax € cooTBercTByeT cJoBy O-ro ypoBHsi, Bce 1-OyKBeHHBIE
CJIOBa COOTBETCTBYIOT CJIOBAM 1-I'O YPOBHSI M TaK Jiajiee), a CJIOBaM HOBOTO, CIEIUAJIbHO BBEJIEH-
HOTO asiaBuTa A; 3HAYMEHNE STOrO HOBOrO aiaBUTa TAKOE Ke, KAK U IIPU BBEICHUH aidaBuTa
TOro ¥Ke HasBaHWe «Jyisi opranusanuu Mopdusmoss. (B nameii curyanum sro A-mMopdusm; ero
oTpejieJIeHue CM. B pa3;[eﬂe a ero UCIoJb30BaHue — Jlajiee, HAlpUMep B pasjene 9.)

[Ipu TakoM criocobe ompeiesierns: OECKOHETHOrO JIEPEBa IIPEJIITOIATAeTC s, UTO TOMETKON KarK-
JIOf1 €r0 BEPIIUHBI SIBJISETCS MTOJIMHOKECTBO MHOXKeCTBa peduKcoB si3bika B. O MeToze BBIOOpa
TaKOIl Pa3MeTKH, & TaKzKe O pa3MeTKe pebep 3Toro siepeBa cM. Huke. OTMETUM JIMIIb, YTO «BBI-
xo/dImes pebpa KaxKJoro Kycra JepeBa 2KejaresbHO 0003Ha4daTh uucjaamu or O g0 3, u sT!
pebpa MOKHO cuuTaTh cooTBercTBYIOmmMu A-Mopdusmy us andasura A ={0,1,2,3} B anda-
Bur X ={a,b}.

Uraxk, B 9TOM pas/iesie MIPUBOIUTCS TOJBKO HAYAJIO IpUMepa (CM. pI/IC.; IPUMED [OJTHOCTBIO
(T. e. ommcamnue BCero GECKOHETHOTO UTEPAIOHHOIO JIePEBa, IIPUIEM He TOJIBKO OJIHO ONHCAHUE,
HO ¥ 1O/POOHBIE BapDUAHTHI IIPUMEHEeHNUs) Oy/JeT pacCMaTpUBAThCs B JAJbHENIINX 9acTsaX CTa-

ThbU — IPUMEHUTEJIbHO K HECKOJIbKUM PAa3HbIM JUCKPETHBIM MOJICJISAM.

0

{anaa}

3
{bb}

Puc. 4. Hagaio nocrpoenust 6eCKOHEUHOI'O UTEPAIMOHHOTO JIepeBa MOpdu3Ma
JUTst TIaphbl 3aJlaHHbIX s136IkoB A = {aaa, aabba, abba, bb} u B = {aaaa, abb, abba, bbb}

Kak yxKe OBLIIO OTMEYEHO, CaMO NPUMEHEHUE OECKOHEYHBIX UTEPAMOHHBIX IEPEBLEB JIJIA
paccMaTpuBaceMbIX B CTaTbe 3a/Jav, a TaKzKe CBEJAcHHE 3TUX JAEePEBbEB K KOHECYHLIM aBTOMaTaM

6yaer paccmorpeno B yactsax [I-1V macrosmeit crarbu.

Paboma wacmunmo noddepacana epaHmom HaYHOT NPo2pammb, KUMaticKuT YHUSEPCUMEmMos
“Higher Education Stability Support Program” (pasdea “Shenzhen 2022 — Science, Technology and

Innovation Commission of Shenzhen Municipality”).
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CBEJEHUA OB U3IAHUN

Hayunwd orcypran «Becmuux FOVpl'Y. Cepus «Bolwucasumesvas Mamemamura u uHgop-
mamuray ochosar 6 2012 200y.

Vupedumennv — @edeparvroe 20cydapcmseentoe a8MOHOMHOE 00PA308aMENBHOE Yupescierue
soicwezo obpazosanus «FOorcno-Ypasvekuil 2ocydapemeernnoiii yrusepcumems  (HAUUOHAAHVLT
UCCAEDOBAMENDCKUT, YHUBEPCUMEM,).

Lrasnwiti pedaxmop — JI.B. Coxorurcrud.

Ceudemenvcmeso o pezucmpayuu [T OCTT-57377 swdaro 24 mapma 2014 2. Dedeparvroti
cAyocbotll no Had3zopy 6 chepe c8A3U, UHPOPMAUUOHHBLT METHON02UT U MACCOBBLT KOMMYHUKAUUL.

Kyprana exarouen 6 Pefepamuenhm orcypran v Basvr dannvir BUHUTH; undexcupyemcs
6 bubauoepagpuveckoti basze dannvir PUHI]. 2Kypran pasmewen 6 omxpumom docmyne wa Bcee-
poccutickom mamemamuveckom nopmane MathNet. Ceederus o otcyprane escezodno nydaukyom-
CA 8 MeNHCOYHAPOOHOT CNPABOUHOT CUCTEME TO NEPUOIUHECKUM U NPOJOANHCAIOUUMCA USOGHUAM
«Ulrich’s Periodicals Directorys.

Pewenuem Ilpesuduyma Boicwetd ammecmayuornoll xomuccuy, Munucmepcemsa obpasosa-
nus u Hayku Poccutickoti @edepayuu srcypran exatouen 6 «llepeuens peueH3upyemvir HayuHbLT
usdaruti, 8 KOMOPHL JOANHCHDL ObIMB ONYOAUKOBAHBL OCHOBHBIE HAYUHBLE PE3YALMAMYL HA COUC-
Kanue yuenol cmenenu kandudama Hayk, Ha Couckanue Yuenotl cmenenu Joxkmopa Hayks» no
HAYUHOLM CNEUUANLHOCTIAM U COOMEEMCMBYOUUM UM ompacism Hayku: 1.2.8 — Teopemume-
ckaa ungopmamurka, kubepremuka (pusuko-mamemamueckue nayku), 2.3.5 — Mamemamuse-
CKOE U NPOPAMMHOE 00ECNEUEHUE SBIYUCAUMENDHBLT MAWUH, KOMNAEKCOE U KOMNLIOMEPHBIL Ce-
met (Ppusuro-mamemamuseckue HAYKL,).

Hoodnucroti undexc nayumnozo orcyprana «Becmnux FOYpl'Ys, cepua «Buuucaumenvran ma-
memamuka u urdopmamuras: 10244, xamanoe «IIpecca Poccuus. Iepuoduurnocmo ewroda —
4 evinycka 6 200.

Adpec pedaxyuu, uzdamens: 454080, 2. Yeasbunck, npocnexm Jlenuna, 76, Hzdameavcruti
uenmp FOYpl'Y, xab. 32.

ITPABUJIA OJId ABTOPOB

1. IlpaBuia mMOATOTOBKHU pyKomuceil u npumep oOpMICHUsT CTaTell MOKHO 3arpy3uTh C caiita
cepun https://vestnikvmi.susu.ru. Crarbu, odpopmiieHHbIE 6Ge3 CcODJII0IeHNs ITpa-
BUJI, K PACCMOTPEHUIO He MTPUHUMAIOTCSI.

2. Anpec peJakIMOHHON KOJIJIErnH HaydHOro Kypaajia «Bectauk FOYpl'Y», cepust «Boramc-
JINTEThHAS MATEMATUKA U UH(OPMATAKAS :

Poccus 454080, r. Hensiounck, np. um. B.M. Jlenuna, 76, FOYpI'Y, kadeapa CII,
3aM. TyiaBHOTO pemakTopa Llpimbmepy M.JI.

3. Azpec 3JIEKTPOHHO IOYTHI peJaKiun: vestnikvmi@susu.ru

4. TInaTa c aBTOPOB 3a MyOJUKAIINIO PyKOIIUceilil He B3MMAaeTCsl, 1 TOHOPaphbl aBTOPaM
He BBIILJIAYNBAIOTCH.
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