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GENERALIZATION OF CROSS-ENTROPY LOSS
FUNCTION FOR IMAGE CLASSIFICATION

Classification task is one of the most common tasks in machine learning. This supervised learning
problem consists in assigning each input to one of a finite number of discrete categories. Classification
task appears naturally in numerous applications, such as medical itmage processing, speech recognition,
maintenance systems, accident detection, autonomous driving etc.

In the last decade methods of deep learning have proven to be extremely efficient in multiple machine
learning problems, including classification. Whereas the neural network architecture might depend a lot
on data type and restrictions posed by the nature of the problem (for example, real-time applications),
the process of its training (i.e. finding model’s parameters) is almost always presented as loss function
optimization problem.

Cross-entropy is a loss function often used for multiclass classification problems, as it allows to
achieve high accuracy results.

Here we propose to use a generalized version of this loss based on Renyi divergence and entropy. We
remark that in case of binary labels proposed generalization is reduced to cross-entropy, thus we work
in the context of soft labels. Specifically, we consider a problem of image classification being solved by
application of convolution neural networks with mizup regularizer. The latter expands the training set
by taking conver combination of pairs of data samples and corresponding labels. Consequently, labels
are no longer binary (corresponding to single class), but have a form of vector of probabilities. In such
settings cross-entropy and proposed generalization with Renyi divergence and entropy are distinct, and
their comparison makes sense.

To measure effectiveness of the proposed loss function we consider image classification problem on
benchmark CIFAR-10 dataset. This dataset consists of 60000 images belonging to 10 classes, where
images are color and have the size of 32x832. Training set consists of 50000 images, and the test set
contains 10000 images.

For the convolution neural network, we follow [1] where the same classification task was studied with
respect to different loss functions and consider the same neural network architecture in order to obtain
comparable results.

Ezxperiments demonstrate superiority of the proposed method over cross-entropy for loss function
parameter value o < 1. For parameter value o« > 1 proposed method shows worse results than cross-
entropy loss function. Finally, parameter value o = 1 corresponds to cross-entropy.

Keywords: loss function, image classification, Renyi entropy, Renyi divergence.

Introduction

In recent years, deep learning methods have
been showing steady success in various areas of
applications, such as computer vision, natural lan-
guage processing, autonomous driving etc. This
success can be attributed to high performance of
deep learning models in comparison to other meth-
ods, notably for unstructured data, such as images
or text. Naturally, a big part of research com-
munity effort is aimed at the model performance
improvement.

Introduction of new loss functions can often
lead to model qualities amelioration. For ex-
ample, focal loss [2] allows to effectively address
the object-background inbalance in object detector
training. Center loss [3], when used with the soft-
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max loss to jointly supervise the learning of CNNs,
can highly enhance the discriminative power of the
deeply learned features for robust face recognition.
Large-margin softmax loss [3] explicitly encourages
intra-class compactness and inter-class separability
between learned features in classification problem.

In our work we propose the use of Renyi en-
tropy and divergence as a loss function for classifi-
cation problem. While with one-hot encoding for
target class Renyi entropy and divergence are sim-
ply equivalent to cross-entropy, for soft labels it’s
not the case anymore. More specifically, we con-
sider data with non-binary labels obtained with
mixup data augmentation method, proposed re-
cently in the context of computer vision tasks.

To study the efficiency of the proposed loss
function we conduct experiment on CIFAR-10
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dataset [4]. We follow the experiment outline given
in [1], where a number of different loss functions
were compared in the context of image classifi-
cation problem. We discover that Renyi cross-
entropy and Renyi divergence with parameter a <
< 1 lead to higher validation accuracy then cross-
entropy.

The paper is organized as follows. We start
with an overview of the related work. The follow-
ing section describes the proposed method. Next,
experiments and their results are presented. Fi-
nally, we conclude the paper the paper with sum-
marizing statements.

Related work

Renyi divergence and entropy. An exten-
sive work [5] is dedicated to the overview and ex-
tension of Renyi divergence properties. Those in-
clude convexity, continuity, limits of o-algebras,
a generalization of the Pythagorean inequality to
general orders. A number of results on relation-
ships between Renyi divergence, Kullback-Leibler
divergence and Chernoff information in hypothesis
testing have been obtained.

An interesting application to computer vision
problems was studied in [6], where Bhattacharyya
distance (i.e. exponent of Renyi divergence with
o= %) was used for vehicle tracking and counting.
Spevifically, Bhattacharyya distance was applied
to matching vehicles detected in different frames.

In a recent work of [7] a new loss function for
generative adversarial networks (GANs) was pro-
posed. In particular, the loss function for gener-
ator network was based on Renyi cross-entropy.
The authors have shown the advantages of pro-
posed method in comparison to baseline in terms
of generated images quality and training stability.

A shifted version of Renyi entropy was pro-
posed in [8]. In such formulation the definition
becomes aligned with Hoélder mean: r-th Holder
mean is the inverse of r-th Renyi entropy expo-
nent. The properties of shifted Renyi entropy and
its relations to different weighted power means are
studied.

Paper [9] provides solution to the problem of
Renyi divergence minimization. Properties of the
corresponding functional are analyzed, and specific
distribution cases are studies in detail. Addition-
ally, a comprehensive overview of Renyi divergence
applications was made.

Loss functions. A survey of loss functions
used in machine learning is provided by [10]. In to-
tal, 31 loss functions are analyzed with respect to
their purpose task and application scenario. This
work presents both classical machine learning and
deep learning standing points.

In paper [1] comparison of loss functions with
application to image classification task is done.
While cross-entropy remains the most common
choice for this type of problem, authors demon-
strate efficiency of loss functions that are usually
reserved for regression tasks, in particular L, and
Lo losses. They continue with the analysis of loss
function influence on the model training and final
model characteristics, such as robustness to input
and target noise.

Methodology

Renyi divergence and cross-entropy. Al-
fred Renyi defined divergence, or rather a spec-
trum of divergence measures that generalize the
Kullback-Leibler divergence in [11]. The Renyi di-
vergence of order « or the a distribution P from a
distribution @ is defined as follows [11]:

Da(PlIQ)

1 n
= 1 agl-a 1
— og;pzqz (1)

where « is a positive parameter (not equal to 1),
p; is the value of the probability distribution P
for i =1,2,...,n, ¢; is the value of the probability
distribution @ for i = 1,2, ...,n.

The Renyi entropy is defined [11] as
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Cross-entropy (or Kullback—Leibler cross-
entropy) is a combination of the Shannon entropy
of the distribution P and the Kullback—Leibler
divergence between P and @. Having that defini-
tion of cross-entropy, the Renyi cross-entropy can
be determined by analogy. The Renyi entropy is
reduced to the Shannon entropy when the value
of the parameter o goes to 1, just as the Renyi
divergence are reduced to the Kullback—Leibler di-
vergence when the value of the parameter o goes
to 1.

That is, the Renyi cross-entropy can be defined
as follows:

Ha(PvQ):Ha(P)"_Da(PvQ) (3)

where H, (P) is the Renyi entropy, D, (P, Q) is the
Renyi divergence.

Substituting in the above formula 3 the Renyi
entropy and Renyi divergence 1, we have the fol-
lowing definition:
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where « is a positive parameter (not equal to 1),
p; is the value of the probability distribution P

Ho(P,Q) = 1——log (1)
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for i = 1,2,...,n, ¢; is the value of the probability
distribution @ for ¢ = 1,2, ..., n.

We remark that originally the Renyi cross-
entropy proposed by Alfred Renyi [11] has the fol-
lowing definition:

HY(P.Q) =

n
! log) pigt™".  (5)
i=1
In the experiments, both definitions were tested,
with the emphasize on the first one.

Mizup. It should be noted that Renyi diver-
gence and cross-entropy are reduced to Shannon
cross-entropy if the distribution P is concentrated
at one point, i.e. has the distribution vector of the
form (0,...,0,1,0,...0). However, this is the com-
mon setting of classification task, where the true
class of an instance is usually one-hot encoded.

To escape this scenario, we use mixup technique
[12], where linear combinations of images and cor-
responding classes are used in training. When con-
sidering “mixed” images during the training of a
neural network, the corresponding “true” probabil-
ity distribution P is be concentrated at one point
anymore (for example, for 10 classes problem it
may look like (0,0,0.7,0.3,0,0,0,0,0,0)). Due to
this, the Renyi divergence and cross-entropy are
not reduced to cross-entropy.

As a general comment, the fact that Renyi
cross-entropy and Renyi divergence are reduced to
cross-entropy at a certain value of the parameter
« allows to assume that the use of Renyi cross-
entropy and Renyi divergence as a loss function for
the image classification problem will give no worse
results than cross-entropy (which is a most com-
mon loss function choice for this type of problem
problems) and may improve the results by inves-
tigating loss functions with different values of the
parameter o.

Convolutional Neural Network. Convolu-
tional Neural Networks (CNN) is a special type of
neural network for processing grid-type data, such
as images (2D grid), videos (3D grid) or time series
(1D grid). The basic architectural ideas of a CNN
[13] consist of the local receptive fields via the con-
volution operation and the spatial sub-sampling
via the pooling operation. The convolution op-
eration can be formally written as:

c,l
fm,y,k
where wl and bl are the weights and bias of
the k" feature map, fOP'~1 and fxcylk are the in-
put and output feature maps, [ denotes the layer
and (z,y) is the spatial image coordinate. The
superscript C' denotes convolution and Op repre-

sents various operations, e.g., input (when [ = 1),
convolution, pooling, activation, etc.

T —
=wi o' b (6)

Pooling applies local operations, e.g., comput-
ing the maximum within a local neighborhood has
the following form:

Prax,l Op,l—1
f:t,y,k = magj(mvn)ENw,y (fm?n,k: ) (7)

where N, , denotes the local spatial neighbor-
hood and P,,,, denotes the max pooling. Often
a spatial resolution reduction is applied after the
max-pooling operation.

Besides the two above-mentioned operations,
there are several strategies applied within the CNN
models, such as non-linear activation (e.g., the
Rectified Linear Unit (ReLU) [14]), dropout [15]
and batch normalization [16]. A Fully Connected
(FC) layer, can be added at the end of the con-
catenated layers. It takes all nodes (neurons) from
the feature maps of the previous layer as input and
connects it to every nodes (neurons) of the output
feature map.

On the last dense layer of the CNN model (re-
ferred to as the prediction layer), it is common to
apply the Softmax activation function defined as
follows:

exp (z;) g
Zk=1 €xp (Zk) ( )

where K denotes the number of training sam-
ples.

Softmax =

Experiments

Dataset. The experiments were performed for
the CIFAR-10 dataset [17], a popular dataset that
is widely used in machine learning tasks. It con-
sists of 60000 32x32 color images, the images are
divided into 10 different classes - “airplane”, “auto-
mobile”, “bird”, “cat”, “deer”, “dog”, “frog”, “horse”,
“ship”, “truck”. Each class contains 6,000 images,
and the entire dataset is divided into 50,000 train-
ing images and 10,000 test images. Image classes
are completely independent. There are no overlap
between “automobile” and “truck”. “Automobile”
includes sedans, SUVs, etc. “Truck” includes only
large trucks. Neither the “automobile” class nor
the “truck” class includes pickups.

CNN architecture. For the CNN architec-
ture we follow [1], where different loss functions
were examined in application to the same image
classification problem (CIFAR-10). This gives us
an opportunity to compare the results of their work
with our experiments.

Namely, the CNN used in experiments con-
sists of three convolutional layers, each of a size
of 5x5 and 64 filters, with ReLU activation func-
tion, batch-normalization and pooling operations
between them. After the first layer max pooling
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was used, and average pooling after the next two,
all with kernel 3x3, stride 2. The convolutional
block is followed by a single fully connected layer
with 128 neurons, ReLU activation, and the last
softmax layer with 10 neurons. Both fully con-
nected and softmax layer are preceded by dropout
layers with dropout probability 0.125.

Training settings. The training lasted for
100 epochs. As an optimizer stochastic gradient
descent (SGD) was used. Learning rate was de-
creasing from 0.01 to 0.001 with cosine learning
rate scheduler [18]. For data augmentation, we
apply width and height shift of maximum 5 pix-
els, horizontal flip, and random channel shift of
range 10%. Finally, as mentioned before, we apply
mixup [12], which results in convex combinations
of images their labels. This serves both as reg-
ularization technique, and allows us to use Renyi
cross-entropy and divergence as a loss function due
to the presence of soft labels.

Loss functions and parameters. As loss
functions for the experiments were used Renyi di-
vergence (eq. 1) and Renyi cross-entropy (eq. 4)
with different parameters . The following « val-
ues were considered: 0.01, 0.1, 0.3, 0.5, 0.7, 0.9,
1, 1.5, 2, 3, 5, 10. We remind that Renyi cross-
entropy and Renyi divergence coincides with Shan-
non cross-entropy when the parameter a = 1.

Results and discussions

Figure 1 shows the graphs of learning evalua-
tion of neural network models with different alpha
parameters based on training data - accuracy and
losses. Figure 2 shows the same indicators but on
the test data. Only several values of o are pre-
sented in order to make graphs more readable.

Evaluation of the obtained models. Over-
all, the loss and accuracy graphs look good, be-
cause there are no signs of overfitting or underfit-
ting (Figure 1, Figure 2). There is a gap between
the training and test graph lines. Test graphs have
higher accuracy and lower losses compared to the
training graphs. This can be explained by use of
regularizers, such as dropout and mixup.

The set of alpha parameters can be roughly
generalized by dividing into two parts: when al-
pha is less than one and when alpha is greater than
one.

The results of the experiment show that the
accuracy at smaller values of the alpha is slightly
higher than the accuracy at higher alpha values,
this can also be seen in Figure 1 and Figure 2.
Moreover, the best result can be obtained with the
value @ = 0.3, when the the accuracy reached al-
most 86% on the test dataset. However, it should
be noted that there is no strong gap between the

values of o < 1, the accuracy of the model ranges
from 1-2%. The model that used Renyi divergence
with the value o = 10 proved to be the worst. The
trend of accuracy with increasing alpha value is
declining. When the a = 10, the accuracy reached
about 81%, that is 5% less than the accuracy where
a = 0.3.

Figure 1. A line plot of model accuracy and loss on
the training data with different values of a for Renyi
divergence.

Figure 2. A line plot of model accuracy and loss on
the test data with different values of a for Renyi
divergence.

In addition, three more experiments were per-
formed for the @ = 0.3 and for plain cross-entropy
to exclude the chance of randomness in accuracy
difference. Figure shows graphs of average accu-
racy and loss for test data.
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Figure 3. The results of the repeated experiments
with cross-entropy and Renyi divergence with
parameter a = 0.3

As a result of additional experiments, the av-
erage accuracy of models with the o = 0.3 was
84.1%. In contrast, the average accuracy of mod-
els with cross-entropy was 82.4%. The repeated
experiments have shown consistent improvement
over baseline with an average margin of + 1.7%,
which likely eliminates the influence of chance on
the results of the tests.

Comparison of experimental results with
the baseline. The results can also be compared
with the results reported in [1], where the authors
considered different loss functions in similar exper-
iment setting.

Figure 4. Comparative graphs with three images
mixup and two images mixup for the value of the
Renyi divergence parameter o« = 0.7.

The authors took 100 thousands iterations of
100 images, which corresponds to 200 epochs of

the CIFAR-10 dataset with 50 thousand images.
For our experiments 100 epochs were taken, due
to limited computational resources. However, this
does not prevent from comparing the results, al-
though if another 100 epochs had been held, the
results would have been somewhat better. The au-
thors reported that the best results were achieved
with L2 and higher-order hinge losses, accuracy
reached about 80%, slightly lower with Cauchy-
Schwartz divergence, and even lower with log loss
(cross-entropy). In particular, for the latter the the
accuracy on the test dataset reached 78%, which
is 6.1% lower than the results obtained during our
experiments. One of plausible reasons of accuracy
difference on the test set for cross-entropy with re-
spect to the results reported in baseline source is
the usage of mixup regularization method.

Figure 5. Comparative graphs with three images
mixup and two images mixup for the cross-entropy.

Ezxperiments with mixup using three im-
ages. Using Renyi divergence as loss function
with a mixup as a prerequisite showed quite confi-
dent improvements of the model accuracy. For the
mixup, we considered convex combinations of two
images being “mixed”. In terms of divergence, we
moved from the “true” distribution concentrated in
one point to the distribution concentrated in two
points. It is logical to ask a question whether us-
ing more images for the mixup is going to change
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the model performance. For this purpose, we con-
ducted an experiment with three images in mixup.

Two models were trained with Renyi divergence
with parameter o = 0.7, one with mixup of two
images (plain mixup) and one with the mixup of
three images. Comparative graphs can be seen in
Figure 4 and Figure 5, respectively.

For mixup with the three images, the results
were slightly worse than simple mixup. This may
be since the new sample turned out to be “noisier”
for the model, and therefore it was harder to learn
and had greater losses.

For cross-entropy, the result of a mixup with
three images can be interpreted in the same way as
for the Renyi divergence. The results were slightly
worse than the results with plain mixup.

Figure 6. Training and test accuracy and loss values
corresponding to the model training with Renyi
cross-entropy for different values of a.

Ezxperiments with Renyi cross-entropy.
Experiments were also performed for Renyi cross-
entropy with the following values of the alpha:
0.01, 0.1, 0.3, 0.5, 0.7, 0.9, 1 (cross-entropy), 2.
For experiments, was used the definition of Renyi
cross-entropy made as extension of cross-entropy

definition (eq. (4)). Original definition of Renyi
cross-entropy (eq. (5)) was also tested, however,
no improvement was achieved.

Figure 6 shows graphs of accuracy and loss dur-
ing training on a training dataset and a testing
dataset.

The experiment showed that for the model with
Renyi entropy the results are almost indistinguish-
able from the result with Renyi divergence. Sim-
ilarly, smaller values of the alpha parameter lead
to a more accurate model of the neural network,
larger alphas have yield less accuracy.

The accuracy of models trained with o < 1 is
almost identical, but it is greater than the accuracy
of the model trained with cross-entropy. Com-
pared with the literature [1], we also observe su-
periority of obtained results with values of @ < 1
over other loss functions.

Conclusions

In this work we have proposed to use Renyi di-
vergence and Renyi cross-entropy as a loss function
for classification task with soft labels that general-
izes cross-entropy. For experimental part, an im-
age classification task (CIFAR-10) was considered,
with mixup regularization as a source of soft labels.

Experiments have demonstrated that the pro-
posed method of solving the image classification
problem gives improvement with respect to the
baseline and competitive loss functions [1]. The
results showed that models trained with alpha val-
ues that are less than one have greater accuracy
w.r.t cross-entropy and lower loss, whereas larger
values of alpha lead to less accurate model. The
optimal value of parameter alpha remains an open
question.

An additional experiment was also conducted
to investigate how the performance of the model
would change if mixup is done not with two but
with three images. The result showed that mixing
up three images negatively affects the training of
the model with respect to the option with two im-
ages, which is aligned with the observations of the
original mixup paper [12] for cross-entropy.

The choice of the loss function in the image
classification problem has a crucial influence on the
model accuracy and obtained experimental results
attest to this statement. There are more suitable
loss functions than the conventional ones, which,
like the proposed method, may improve the learn-
ing of neural network models, thus this topic re-
mains relevant and open for further research.
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Andpeesa B. I1., llsati H. O.

V3ATAJIbHEHHY ITEPEXPECHOI EHTPOIIII SIK
®VHKIIII BTPAT V 3ATAYAX KJIACUDIKAIIIT
30BPAYKEHD

Sajaua kiaacudikalil € O/HI€ 3 HAWTOMMUPEHINUX 3a/1a9 MAIIMHHOTO HaB4YaHHsA. [s1 3a1a4ya HaB4Ya-
HHS 3 BYNTEJIEM IIOJIATA€ y 3iCTaBJIEHHI KOXKHOMY BXITHOMY €JIEMEHTY OJHi€l 3 CKiHYeHHOI KIJIBKOCTI
JIUCKPETHUX KATEropiii.

Samada kracudikallil BUHUKAE TPUPOIHUM YHHOM Y YHUCJIEHHUX 3aCTOCYBAHHSIX, TAKUX 9K 0OpOO-
K& MEINYIHUAX 300parKeHb, PO3II3HABAHHS MOBJIEHHsI, CHCTEMHU TEXHITHOI'O OOCJIyTOBYBAHHS, BUSIBJICHHS
aBapiiHUX CUTyalliil, aBTOHOMHE BOJIHHS TOINO. 38 OCTAHHE JECATUJITTS METOAU IJIMOOKOrO HaBUYaHHS
BUSBUJINCH HAI3BUYANHO ePEKTUBHUMU JJIs 0araThoxX 3a/1a9 MAIIMHHOIO HABYAHHS, 30KpeMa Kiacudi-
KaIii. ¥ Toit Jac gK apXiTeKTypa HefpOHHOI MepexKi MoxKe 6araTo B YOMY 3aJiexKaTU BiJl THIY JaHUX
Ta 00MEXKEHb, IO IOPOZKYIOTLCs IPUPOIOIO 3a/adi (HAIPUKJIa, 3aCTOCYBAHHS MOJE/ Y PeajbHOMY
vaci), nporec 11 HaB4aHHs (TOGTO MONIYK IIApaAMETpiB MOjei) Mailxke 3aBXKJU [PEJCTABJISETHCI K
onTuMizarlis QyHKIl BTpar.

V 3amagax kiaacudikariil 3 6ararbmMa Kjaacamu y pojii (DYHKIHI BTPAT 9aCTO BUCTYIAE IEPEXPECHA
€HTPOIIisl, OCKIJIbKI BOHA JIa€ 3MOTY JIOCATTA BUCOKOI TOYHOCTI.

VY miit pobOTi MU IIPOTIOHYEMO BUKOPUCTOBYBATH y3araJbHEHY Bepciio miel byHKIT BTpaT, a came po3-
XOJIZKEHHsT Ta eHTPoIiio Perbi. 3a3HavunmMo, 10 y BUMAJIKY OIHAPHIX MITOK TaKe y3araJbHEHHSI 3BOIUTHCS
JI0 TIepexpecHol eHTpoIril, ToMy Hac Oy/ie IMiKaBUTH caMe KOHTEKCT M IKUX MIiTOK. BiibIn KOHKpeTHO, Mu
posrisgaaemo mpobiiemy Kiacudikaliil 306pazkeHb, M0 PO3B’I3YETHCS i3 3aCTOCYBAHHIM 3rOPTKOBUX HEl-
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POHHUX Mepezk Ta mixup perysspusarii. OCTaHHsI TOJISITa€ y PO3IMIUPEHHI TPEHYBAJIHLHOIO HADOPY JAHUX
MIJIXOM OIYKJIMX KOMOIHAIN# map eieMeHTiB Ta BiamoBigaux MmiTok. Bimmosimgmo, orpumani MiTku e €
GinapHUME (10 BIAOBIIAE CTPOTii HAJEXKHOCTI 10 OJIHOTO KJIACY ), & MAIOTh BUTJISAJ BEKTOPA IMOBIPHO-
creii. 3a TAKUX yMOB IIepeXpecHa eHTPOIIis Ta JUBEPreHIlis i eHTporriss PeHbl BiIpI3HIOTHCH, 1 IX MOXKHA
MIOPIBHSATH MiXK CODOIO.

s BumiproBanHs e(eKTUBHOCTI 3aIIPOIIOHOBAHOI (DYHKIII BTPAT MU PO3IVIAIAEMO ITPOOJIEMY KJIa-
cudikarii 300paxkenn wHa Habopi manmx CIFAR-10. Ileit Habip ckiamaernbest 3 60 000 306pazkenb, 110
nasexkaTh g0 10 KjaciB, Jie 300pakeHHsT € KOJTbOPOBUMHU Ta MaOTh po3mip 32x32. Hapuanbuuit Habip
ckitagiaeTbes 3 50 000 306pakennb, a TectoBuit HaOip MicTuTh 10 000 300pazKeHb.

ApxiTekTypy 3ropTKOBOI HEHpOHHOI Mepexki Gyso obpano Biamosizso mo [1], ne Gysna posrisiHyTa
Ta caMa 3a/ada Kiaacudikaril 3 MeTOIO MOPiBHAHHS (PYHKINN BTPAT, 3 METOI0 OTPUMAHHS HOPIBHSIHHIX
Pe3y/IbTaTIB.

ExcriepumenTn 1eMOHCTPYIOTH IIepeBary 3aiporioHOBAHOIO METO/Ly HaJl IEPEXPECHOI0 EHTPOIIEI0 JJIsT
3HadeHHs mapamerpa GyHKIN BTpaT v < 1. it 3Havenns mapamerpa « > 1 3aIpOIIOHOBAHUN METOJ
[TOKa3y€e Tipiii pe3yabTaTu, HiXK (yHKIls nmepexpecHol erarpomil. Haperiri, 3nauenns napamerpa o = 1
BIJITTOBi Ta€ TIepexXpecHiit eHTpoITii.

Kurodyosi cioBa: dyHKIlis Brpar, 3a/1a4a Kiracudikaliil 300pakeHb, eHTPOIIist PeHbl, po3XomKeHHsI
Penni.

Mamepian naditwos 25.06.2020
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