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Machine learning methods are widely used for solving problems of interpreting and describing
geological and geophysical data. One of them is automatic lithology extraction during the analysis
of a whole core photographs. In this paper we propose to analyze the parameters that represent the
textural and color features of the images. The advantage of this approach is that it allows online
training and retraining of the classi�cation model. Among the existing classi�cation methods, such as
boosting, random forests, support vector machines, neural networks are preferred for their universality
and implementation in various sets of programming tools. The application of neural networks requires
the user to have a clear understanding of the modelling goals, because an important factor is the choice
of model architecture.

There are many parameters that are set by the user, and all of them a�ect the quality of the
prediction. Therefore, the purpose of this research is to study the behavior of networks with various
con�gurations and to �nd any common regularities. The paper considers the problem of classifying
lithotypes using fully connected neural networks. The data for processing are color and textural features
that were obtained as a result of the processing of whole core images. Thus, we consider the classi�cation
task of training examples with 48 features into 20 classes corresponding to certain lithotypes. The test
sample consisted of 2998 elements. We trained the model on samples consisting of 10,000 and 1,000
elements, respectively. The hyperparameters of the model include loss function, optimization method,
activation function, batch size, number of epochs, number of hidden layers, and number of neurons
in a layer. Based on a given issue, it is already possible to explain the choice of one or another
parameter or function in advance. For the classi�cation problem the optimal way is using ReLU and
LogSoftMax activation function. CrossEntropyLoss was used as a loss function. This loss function
combines LogSoftMax and NLLLoss, so the use of LogSoftMax is also justi�ed by simplifying the
calculation of CrossEntropyLoss. We use the Adam algorithm as the method of optimization. The
quality of the model was evaluated using the f1-score metric. According to the results of training a
model with a �xed number of layers and nodes, but with a di�erent batch size, it was �gured out that
the optimal batch size consists of 256 elements. Based on this assumption we determined that 30 epochs
are enough to train the model. All in all among a large set of network hyperparameters it is complicated
to determine the exact number of network elements, i.e. the number of layers and neurons. Therefore,
in the current research we study the dependence of f1-score and the value of the loss function on the
number of nodes in the layer. The paper shows that an increase in the number of neurons de�nitely
leads to a gain in quality. F1-score equals 1 for all cases after 10 neurons in a layer. Moreover, a
model with incorrect number of layers can be improved by increasing the amount of neurons in each
layer. Increasing the number of layers allows the model to construct a more complex approximation,
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which can improve the quality of the prediction. However, as the number of layers increases, there
is a risk of network over�tting and the appearance of local minima of the error function that leads
to training problems. Thus, the number of nodes in a layer is the de�ning parameter and we should
set this parameter up �rst. An important factor in the model training is the time spending. In this
research, we propose a following estimate of the algorithm complexity. Besides, we have studied the
in�uence of the number of layers (m) and nodes (n). The estimate is given in terms of O-notation. It
is shown that the number of performed operations increase linearly O(m) in the number of layers and
cubically O(n3) in the number of neurons. Consequently, with relation to the number of operations it
is preferably to increase the number of network layers. However, many elements does not guarantee the
rise in the f1-score. The predictions of some classi�cation algorithms (for example, boosting or random
forest) are highly dependent on the �rst initialization of the parameters. In our case, the dependence
of the loss value on the random initialization of the neural network weights was investigated. We use
the Epps-Pally test to check the normality of the loss value distribution. Tests have shown that the
distribution of the value of the loss is not a Gaussian one. This fact should be taken into account
in setting the requirement for the reproducibility of experiments result. The starting model weights
should be initialized accordingly.

Key words: neural network, lithotype description, core analysis, hyperparameters, supervised
learning.
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Â ðàáîòå ðàññìàòðèâàåòñÿ çàäà÷à êëàññèôèêàöèè ëèòîòèïîâ ñ ïîìîùüþ ïîëíîñâÿçíîé íåé-
ðîííîé ñåòè. Òðåíèðîâî÷íûìè è òåñòîâûìè äàííûìè ÿâëÿþòñÿ öâåòîâûå è òåêñòóðíûå ïðè-
çíàêè, ïîëó÷åííûå â ðåçóëüòàòå àíàëèçà ïîëíîðàçìåðíûõ èçîáðàæåíèé êåðíà. Ïðåèìóùåñòâà
òàêîãî ïîäõîäà çàêëþ÷àþòñÿ â âîçìîæíîñòè êàê îáó÷àòü ìîäåëü â ðåàëüíîì âðåìåíè, òàê è
àäàïòèðîâàòü åå ê íîâîìó íàáîðó äàííûõ ïîñðåäñòâîì äîîáó÷åíèÿ. ×èñëî ïðèçíàêîâ êàæäîãî
òðåíèðîâî÷íîãî ïðèìåðà ðàâíÿëîñü 48, ÷èñëî êëàññîâ, ñîîòâåòñòâóþùèõ îïðåäåëåííûì ëèòî-
òèïàì � 20. Â ðàáîòå ïîêàçàíî, ÷òî äëÿ çàäà÷è êëàññèôèêàöèè ñ ïîìîùüþ íåéðîííûõ ñåòåé
íàèáîëåå çíà÷èìûì ïàðàìåòðîì àðõèòåêòóðû ìîäåëè ÿâëÿåòñÿ ÷èñëî ñëîåâ è óçëîâ. Â ðàáîòå
áûëà ïðåäëîæåíà îöåíêà ñëîæíîñòè àëãîðèòìà â òåðìèíàõ O-íîòàöèè. Ïîêàçàíî, ÷òî ÷èñëî
âûïîëíÿåìûõ îïåðàöèé ðàñòåò ëèíåéíî O(m) ïî ÷èñëó ñëîåâ è êóáè÷åñêè O(n3) ïî ÷èñëó íåé-
ðîíîâ â ñëîå. Îäíàêî ñ òî÷êè çðåíèÿ êà÷åñòâà ïðåäñêàçàíèÿ ìîäåëè óâåëè÷åíèå ÷èñëà ñëîåâ
íå ïðèâîäèò ê ëó÷øèì ðåçóëüòàòàì. Ïðè àíàëèçå çàâèñèìîñòè ìåòðèêè f1-score îò ÷èñëà óçëîâ
äëÿ ðàçëè÷íûõ ñëîåâ áûëî ïîëó÷åíî, ÷òî óâåëè÷åíèå ÷èñëà íåéðîíîâ ïðèâîäèò ê âûèãðûøó â
êà÷åñòâå ïðåäñêàçàíèÿ.

Êëþ÷åâûå ñëîâà: íåéðîííûå ñåòè, êëàññèôèêàöèÿ ëèòîòèïîâ, àíàëèç êåðíà, ãèïåðïàðà-
ìåòðû, îáó÷åíèå ñ ó÷èòåëåì.

Ââåäåíèå. Ìåòîäû ìàøèííîãî îáó÷åíèÿ øèðîêî ïðèìåíÿþòñÿ äëÿ ðåøåíèÿ çàäà÷ èí-
òåðïðåòàöèè è îïèñàíèÿ ãåîëîãî-ãåîôèçè÷åñêèõ äàííûõ. Îäíîé èç òàêèõ çàäà÷ ÿâëÿåòñÿ
àâòîìàòè÷åñêîå ëèòîòèïèðîâàíèå ãîðíûõ ïîðîä ïðè àíàëèçå ôîòîãðàôèé ïîëíîðàçìåðíî-
ãî êåðíà [1]. Ðåøåíèå äàííîé çàäà÷è êëàññèôèêàöèè çíà÷èòåëüíî óïðîñòèò ðàáîòó ïðè-
âëåêàåìûõ ñïåöèàëèñòîâ � ãåîëîãîâ è ïåòðîôèçèêîâ. Ðàñïðîñòðàíåííûì ïîäõîäîì äëÿ
ðåøåíèÿ âûøåóïîìÿíóòîé çàäà÷è ÿâëÿåòñÿ èñïîëüçîâàíèå ñâåðòî÷íûõ ñåòåé [2]. Â äàííîé
ðàáîòå ïðåäëàãàåòñÿ ïðèìåíÿòü ïîëíîñâÿçíóþ íåéðîííóþ ñåòü, íà âõîä êîòîðîé ïîäàþòñÿ
ïðèçíàêè, îòðàæàþùèå òåêñòóðíûå è öâåòîâûå ñâîéñòâà èçîáðàæåíèé. Ìåòîäèêà ïîëó÷å-
íèÿ ïðèçíàêîâ èç ïîëíîðàçìåðíîãî èçîáðàæåíèÿ êåðíà îïèñàíà â ðàáîòàõ [3, 4]. Âûáîð
òàêîãî ïîäõîäà îáîñíîâàí òåì, ÷òî âîçìîæíî ïðîâîäèòü áûñòðîå, îïåðàòèâíîå îáó÷åíèå

Ñòàòüÿ ïî äîêëàäó íà Ìåæäóíàðîäíîé êîíôåðåíöèè ¾Ìàð÷óêîâñêèå íàó÷íûå ÷òåíèÿ�2022¿, Ðîññèÿ,
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è äîîáó÷åíèå ìîäåëè. Ïðèìåíåíèå ÍÑ òðåáóåò îò ïîëüçîâàòåëÿ ÷åòêîãî ïîíèìàíèÿ ïî-
ñòàâëåííûõ öåëåé, ò. ê. âàæíûì ôàêòîðîì ÿâëÿåòñÿ ïîäáîð àðõèòåêòóðû ìîäåëè, êîòîðàÿ
çàâèñèò îò ðåøàåìîé çàäà÷è. Ñóùåñòâóåò ìíîæåñòâî ïàðàìåòðîâ, êîòîðûå çàäàþòñÿ ïîëü-
çîâàòåëåì, è âñå îíè âëèÿþò íà êà÷åñòâî ïðåäñêàçàíèÿ. Íåñìîòðÿ íà àêòèâíîå ïðèìåíåíèå
ÍÑ [5�7] äëÿ ðåøåíèÿ çàäà÷è êëàññèôèêàöèè, â ðàáîòàõ ïîäðîáíî íå ðàññìàòðèâàåòñÿ ìå-
òîäèêà âûáîðà òîé èëè èíîé ìîäåëè. Ïîýòîìó öåëüþ äàííîé ðàáîòû ÿâëÿåòñÿ èññëåäîâàíèå
ïîâåäåíèÿ ñåòåé ðàçëè÷íûõ êîíôèãóðàöèé è âûÿâëåíèå êàêèõ-ëèáî îáùèõ çàêîíîìåðíî-
ñòåé. Ýòî ïîçâîëèò áîëåå ãëóáîêî ïîíÿòü ïðèíöèï äåéñòâèÿ àëãîðèòìîâ, à òàêæå ðàçðàáî-
òàòü ìåòîäèêó ïî ïîäáîðó îïòèìàëüíûõ ãèïåðïàðàìåòðîâ ÍÑ äëÿ çàäà÷è êëàññèôèêàöèè
ëèòîòèïîâ.

1. Èñïîëüçóåìàÿ ìîäåëü. Â ðàáîòå ðàññìàòðèâàåòñÿ çàäà÷à êëàññèôèêàöèè ëèòî-
òèïîâ ñ ïîìîùüþ ÍÑ. Òåñòîâàÿ âûáîðêà ñîñòîÿëà èç 2998 ýëåìåíòîâ. Îáó÷åíèå ìîäåëè
ïðîâîäèëîñü íà âûáîðêàõ, ñîñòîÿùèõ èç 10000 è 1000 ýëåìåíòîâ ñîîòâåòñòâåííî. Êîëè÷å-
ñòâî ïðèçíàêîâ, ò. å. ðàçìåð âõîäíîãî ñëîÿ � 48, êîëè÷åñòâî êëàññîâ � 20. Íàñòðàèâàåìûå
ïàðàìåòðû, ïîçâîëÿþùèå óïðàâëÿòü ïðîöåññîì îáó÷åíèÿ ìîäåëè, íàçûâàþòñÿ ãèïåðïà-
ðàìåòðàìè. Ê íèì îòíîñÿòñÿ: ôóíêöèÿ ïîòåðü, ìåòîä îïòèìèçàöèè, ôóíêöèÿ àêòèâàöèè
íåéðîíà, ðàçìåð áàò÷à, êîëè÷åñòâî ýïîõ îáó÷åíèÿ, êîëè÷åñòâî ñêðûòûõ ñëîåâ è êîëè÷åñòâî
íåéðîíîâ â ñëîå. Áåçóñëîâíî, âñå îíè îêàçûâàþò ñóùåñòâåííîå âëèÿíèå íà ðåçóëüòàòû ðà-
áîòû êëàññèôèêàòîðà, è çàäà÷à ïîñòðîåíèÿ ïðåäñêàçûâàþùåé ìîäåëè ñâîäèòñÿ ê ïîèñêó
îïòèìàëüíûõ ïàðàìåòðîâ è ôóíêöèé. Îäíàêî, èñõîäÿ èç ïîñòàíîâêè çàäà÷è, ìîæíî óæå
çàðàíåå îáîñíîâàòü âûáîð òîãî èëè èíîãî ïàðàìåòðà èëè ôóíêöèè. Ê ïðèìåðó, ôóíêöèÿ,
îïðåäåëÿþùàÿ âûõîäíîé ñèãíàë íåéðîíà, ò. å. ôóíêöèÿ àêòèâàöèè, âûáèðàåòñÿ ñ òî÷êè
çðåíèÿ âû÷èñëèòåëüíîé ñëîæíîñòè àëãîðèòìà. Â ðàáîòå [8] ïîêàçàíî, ÷òî äëÿ ñêðûòûõ
ñëîåâ ñ òî÷êè çðåíèÿ âû÷èñëèòåëüíîé ñëîæíîñòè îïòèìàëüíî ïðèìåíÿòü ReLU. Â êà÷å-
ñòâå ôóíêöèè àêòèâàöèè âûõîäíîãî ñëîÿ ìû èñïîëüçîâàëè SoftMax:

SoftMax (yi) =
exp (yi)∑N
j (exp (yj))

, ãäå N �� ÷èñëî âûõîäîâ ñåòè.

Âûõîäíîå çíà÷åíèå êàæäîãî íåéðîíà óæå îòíîðìèðîâàíî â äèàïàçîíå îò 0 äî 1, ïðè÷åì
ñóììà çíà÷åíèé âñåõ âûõîäíûõ íåéðîíîâ ðàâíÿåòñÿ 1, òàê ÷òî âûõîä ñåòè ìîæíî ñ÷èòàòü
âåðîÿòíîñòüþ ïðèíàäëåæíîñòè îäíîìó èç êëàññîâ. Îäíàêî â íàñòîÿùåé ðàáîòå ïðèìåíÿ-
åòñÿ ìîäèôèêàöèÿ äàííîé ôóíêöèè àêòèâàöèè LogSoftMax:

LogSoftMax (yi) =
ln(exp(yi))∑N
j (exp (yj))

Ñ ïîìîùüþ âûøåóïîìÿíóòîãî ïîäõîäà ðåøàåòñÿ ïðîáëåìà ïîòåðè çíà÷åíèÿ, êîãäà îòðèöà-
òåëüíûå âõîäíûå äàííûå SoftMax âåëèêè ïî ìîäóëþ, ÷òî ìîæåò ïðèâîäèòü ê îêðóãëåíèþ
âûõîäà äî íóëÿ. Â êà÷åñòâå ôóíêöèè ïîòåðü èñïîëüçóåòñÿ CrossEntropyLoss:

CE(p,t) = −
N∑
c=1

tc · ln (pc) ,

ãäå t � ìåòêà êëàññà, à p � çíà÷åíèå ôóíêöèè àêòèâàöèè.
Ýòà ôóíêöèÿ ïîòåðü îáúåäèíÿåò LogSoftMax è NLLLoss, ïîýòîìó ïðèìåíåíèå LogSoft-

Max îáîñíîâàíî åùå è óïðîùåíèåì ðàñ÷åòà CrossEntropyLoss. Äëÿ îïòèìèçàöèè ôóíêöèè
ïîòåðü ïðèìåíÿåòñÿ àëãîðèòì îïòèìèçàöèè Adam [9], ÿâëÿþùèéñÿ ìîäèôèöèðîâàííîé
âåðñèåé SGD:
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wt+1 = wt − a
EMAb1 (∇f)t√
EMAb2(∇f 2)t + ϵ

,

ãäå wt,wt+1 � âåñà äî è ïîñëå îáíîâëåíèÿ ñîîòâåòñòâåííî, a = 1 ∗ 10−3, b1 = 0,9, b2 = 0,999,
(∇f)t � ãðàäèåíò îïòèìèçèðóåìîé ôóíêöèè â òî÷êå wt,

(∇f 2)t =

[(
∂f

∂w1

)2

. . .

(
∂f

∂wN

)2
]
,

EMAb(f)
t = (1− b) ∗ f t + b ∗ EMAb(f)

t−1 �� ñêîëüçÿùåå ñðåäíåå â òî÷êå f t.

Äëÿ îöåíêè êà÷åñòâà ïðåäñêàçàíèÿ â ðàáîòå èñïîëüçîâàëàñü ìåòðèêà f1–score, ò. å. ñðåä-
íåå ãàðìîíè÷åñêîå precision è recall ñ ìíîæèòåëåì 2:

f1 =
2 ∗ precision ∗ recall
precision+ recall

precision(òî÷íîñòü) =
TP

TP + FP

TP �� âåðíîïîëîæèòåëüíûå ñðàáàòûâàíèÿ
FP �� ëîæíîïîëîæèòåëüíûå ñðàáàòûâàíèÿ

recall(ïîëíîòà) =
TP

TP + FN

FN �� ëîæíîîòðèöàòåëüíûå ñðàáàòûâàíèÿ.

Íàèáîëüøåå çíà÷åíèå ìåòðèêà äîñòèãàåò ïðè ìàêñèìàëüíûõ precision è recall è ðàâíÿåòñÿ
1. F1-score áëèçêà ê íóëþ, åñëè îäèí èç àðãóìåíòîâ áëèçîê ê íóëþ.

2. Ïîäáîð ðàçìåðà áàò÷à. Ïî ðåçóëüòàòàì îáó÷åíèÿ ìîäåëè ñ ôèêñèðîâàííûì ÷èñ-
ëîì ñëîåâ è óçëîâ, íî ñ ðàçëè÷íûì ðàçìåðîì áàò÷à â òå÷åíèå 1200 èòåðàöèé ðåãèñòðèðî-
âàëîñü çíà÷åíèå ôóíêöèè ïîòåðü loss.

Ðàçìåð áàò÷à � ýòî êîëè÷åñòâî òðåíèðîâî÷íûõ ïðèìåðîâ, çàãðóæàåìûõ â ñåòü äëÿ îä-
íîðàçîâîãî ïðîãîíà. Êàê ñëåäóåò èç ðèñ. 1, ïðè äîñòàòî÷íî áîëüøîì ðàçìåðå áàò÷à (40)
âëèÿíèÿ íà êà÷åñòâî ïðåäñêàçàíèÿ íåò. Åñëè æå 1 < ðàçìåð áàò÷à < 40, òî ïðèñóòñòâóåò
íåçíà÷èòåëüíîå ïðîñåäàíèå ìåòðèêè. Â äàííîé ðàáîòå ðàçìåð áàò÷à = 256. Âûáðàâ ðàç-
ìåð áàò÷à, îïðåäåëÿåì ÷èñëî ýïîõ îáó÷åíèÿ, ò. å. ïðîõîäîâ ñåòè ïî âñåì äàííûì âî âðåìÿ
îáó÷åíèÿ. Ñëåäóåò ñêàçàòü, ÷òî ÷èñëî ýïîõ çàâèñèò îò òîãî, êàê áûñòðî îïòèìèçèðóþòñÿ
ïàðàìåòðû, ýêñïåðèìåíòàëüíî áûëî ïîêàçàíî, ÷òî äëÿ äàííîãî îïòèìèçàòîðà è ôóíêöèè
ïîòåðü äîñòàòî÷íî ïîðÿäêà 30 ýïîõ. Èç âûøåñêàçàííîãî ñëåäóåò, ÷òî ñðåäè áîëüøîãî íà-
áîðà ãèïåðïàðàìåòðîâ ñåòè èç îáùèõ ñîîáðàæåíèé çàòðóäíèòåëüíî îïðåäåëèòü èìåííî
êîëè÷åñòâî ýëåìåíòîâ ñåòè, ò. å. ÷èñëî ñëîåâ è íåéðîíîâ.

3. Îöåíêà àñèìïòîòè÷åñêîé ñëîæíîñòè àëãîðèòìà. Ïðè ñîçäàíèè àëãîðèòìà
âàæíîé ñîñòàâëÿþùåé ÿâëÿåòñÿ âðåìÿ ðàáîòû ïðîãðàììû, ò. ê. ìû ìîæåì ñîçäàòü òî÷-
íóþ ïðåäñêàçûâàþùóþ ìîäåëü, íî ñ áîëüøèì êîëè÷åñòâîì âû÷èñëèòåëüíûõ îïåðàöèé,
÷òî ïîâëå÷åò çà ñîáîé çíà÷èòåëüíûå âðåìåííûå çàòðàòû â ïðîöåññå îáó÷åíèÿ. Îäíàêî
âðåìÿ ðàáîòû ïðîãðàììû íå ÿâëÿåòñÿ óíèâåðñàëüíîé ìåðîé, ò. ê. îíî çàâèñèò îò íåñêîëü-
êèõ ôàêòîðîâ, ïîìèìî ñòðóêòóðû àëãîðèòìà (ÿçûêà ïðîãðàììèðîâàíèÿ, âû÷èñëèòåëüíûõ
âîçìîæíîñòåé è ò. ï.). Ïîýòîìó ââåäåíèå òåðìèíà àñèìïòîòè÷åñêàÿ ñëîæíîñòü àëãîðèòìà
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Ðèñ. 1. Çàâèñèìîñòü f1-score è loss îò ðàçìåðà áàò÷à äëÿ îáó÷åíèÿ â òå÷åíèå 1200 èòåðàöèé

Ðèñ. 2. Çàâèñèìîñòü ÷èñëà îïòèìèçèðóåìûõ âåñîâ îò êîëè÷åñòâà óçëîâ è ñëîåâ

ïîçâîëÿåò îïèñàòü ýôôåêòèâíîñòü â òåðìèíàõ êîëè÷åñòâà âûïîëíÿåìûõ îïåðàöèé, ò. å.
O-íîòàöèè. O(n) îçíà÷àåò, ÷òî ÷èñëî îïåðàöèé çàâèñèò ëèíåéíî îò êîëè÷åñòâà äàííûõ n.

Â ðàáîòå [8, 10] áûëà ïðåäëîæåíà îöåíêà êîëè÷åñòâà îïåðàöèé àëãîðèòìà ïîëíîñâÿç-
íîé ÍÑ, à òàêæå âû÷èñëåíà àñèìïòîòè÷åñêàÿ ñëîæíîñòü. Âîñïîëüçóåìñÿ ïðåäëîæåííûì
ìåòîäîì, ó÷èòûâàÿ ðàçëè÷èÿ èñïîëüçóåìûõ àðõèòåêòóð ìîäåëåé.

Òàêæå â ðàñ÷åòàõ íå áóäåì ðàññìàòðèâàòü àëãîðèòìû îïòèìèçàöèè, âû÷èñëåíèÿ îøèá-
êè è îáó÷åíèÿ ìîäåëè, ò. ê. èññëåäóåòñÿ ïîâåäåíèå ñåòè â çàâèñèìîñòè îò ÷èñëà ñëîåâ è
íåéðîíîâ. Îáîçíà÷èì çà S ïîëíîå êîëè÷åñòâî îïåðàöèé, ñîâåðøàåìîå çà ïðÿìîå Sfp è îá-
ðàòíîå ðàñïðîñòðàíåíèå Sbp. Òîãäà S = Sfp + Sbp.
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Ââåäåì ñëåäóþùèå îáîçíà÷åíèÿ: m � êîëè÷åñòâî ñëîåâ (ñ ó÷åòîì âõîäíîãî è âûõîä-
íîãî ñëîåâ), ni � êîëè÷åñòâî óçëîâ â ñëîå i, n = maxni, n0 � êîëè÷åñòâî âõîäîâ ñåòè,
nm � êîëè÷åñòâî âûõîäîâ ñåòè, a, b è g � êîýôôèöèåíòû äëÿ óðàâíîâåøèâàíèÿ âåñà âû-
÷èñëèòåëüíûõ îïåðàöèé ñëîæåíèÿ (âû÷èòàíèÿ), óìíîæåíèÿ (äåëåíèÿ), âçÿòèþ ýêñïîíåíòû
(íàòóðàëüíîãî ëîãàðèôìà) ñîîòâåòñòâåííî.

Àñèìïòîòè÷åñêàÿ ñëîæíîñòü àëãîðèòìà ôóíêöèè àêòèâàöèè ReLU ðàâíÿåòñÿ O(1) â ñè-
ëó òîãî, ÷òî âûáîð ìàêñèìàëüíîãî çíà÷åíèÿ îñóùåñòâëÿåòñÿ çà êîíñòàíòíîå âðåìÿ. ×èñëî
îïåðàöèé äëÿ âû÷èñëåíèÿ ôóíêöèè àêòèâàöèè

LogSoftMax = g(2 + ni) + b+ a(ni − 1).

Âû÷èñëåíèå âçâåøåííîé ñóììû âõîäîâ îäíîãî óçëà ïåðâîãî ñëîÿ âûïîëíÿåòñÿ ñëåäóþùèì
îáðàçîì:

n0∑
i=1

w1ix1i + q.

Îòñþäà, êîëè÷åñòâî óìíîæåíèé n0, êîëè÷åñòâî ñëîæåíèé ðàâíÿåòñÿ (n0 − 1). Äëÿ âñåãî
ïåðâîãî ñëîÿ èìååì: n1n0(a+ b). Äëÿ ñëîÿ i, (i = 2,m−1) ïîëó÷èì Si ⩽ n2(a+ b). Äëÿ ñëîÿ
m: Sm ⩽ nnm(2a+ 2b) + nm(2g + b− a).

Â èòîãå

Sfp ⩽ nn0(a+ b) + (m− 2)n2(a+ b) + nnm(2a+ b+ g) + nm(2g + b− a).

Àíàëîãè÷íî îöåíèâàÿ êîëè÷åñòâî îïåðàöèé äëÿ îáðàòíîãî ðàñïðîñòðàíåíèÿ, ïîëó÷àåì:

Sbp ⩽ nn0(2a+ 4b+ n(a+ b)) + n2(2a+ 4b+ nm(a+ b))+

+ nnm(4b+ 3a) + (m− 3)n2(2a+ 4b+ n(a+ b)).

Ñóììàðíîå ÷èñëî îïåðàöèé:

S ⩽ nn0(a+ b) + (m− 2)n2(a+ b) + nnm(2a+ b+ g)+

+ nm(2g + b− a) + nn0(2a+ 4b+ n(a+ b)) + n2(2a+ 4b+ nm(a+ b))+

+ nnm(4b+ 3a) + (m− 3)n2(2a+ 4b+ n(a+ b)).

Äàííàÿ ôîðìóëà ñïðàâåäëèâà äëÿ m ⩾ 3. Âûðàæåíèå èìååò áîëåå ïðîñòîé âèä, åñëè
ïðåäïîëîæèòü, ÷òî a ≈ b ≈ g:

S ⩽ a[8nn0 + (m− 2)2n2 + 11nnm + 2nm + 6n2 + 2n2nm + 2n2n0 + (m− 3)n2(6 + 2n)].

Äëÿ àñèìïòîòè÷åñêîé ñëîæíîñòè èìååì:

S ⩽ O(n3) +O(n2nm) +O(n2n0) +O(n2) +O(nn0) +O(nnm) +O(nm).

Ïîëó÷àåì, ÷òî êîëè÷åñòâî îïåðàöèé ïðÿìîãî è îáðàòíîãî ïðîõîäà ðàñòåò ïðîïîðöèîíàëü-
íî êóáó îò ìàêñèìàëüíîãî êîëè÷åñòâà íåéðîíîâ â ñëîå è ëèíåéíî ïî ÷èñëó ñëîåâ. Òàêæå
÷èñëî îïòèìèçèðóåìûõ âåñîâ ñåòè ëèíåéíî çàâèñèò îò ÷èñëà ñëîåâ è êâàäðàòè÷íî îò ÷èñëà
íåéðîíîâ, ðèñ. 1. Èç ÷åãî ñëåäóåò, ÷òî èñïîëüçîâàíèå ãëóáîêèõ ñåòåé áîëåå ïðåäïî÷òèòåëü-
íîå êàê ñ òî÷êè çðåíèÿ ñëîæíîñòè àëãîðèòìà, òàê è êîëè÷åñòâà íàñòðàèâàåìûõ âåñîâ.
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Ðèñ. 3. Çàâèñèìîñòü f1-score è loss îò êîëè÷åñòâà óçëîâ â ñåòè äëÿ òðåíèðîâî÷íîãî ñåòà â 10000 ýëåìåíòîâ

Ðèñ. 4. Çàâèñèìîñòü f1-score è loss îò êîëè÷åñòâà óçëîâ â ñåòè äëÿ òðåíèðîâî÷íîãî ñåòà â 1000 ýëåìåíòîâ

4. Âëèÿíèå êîëè÷åñòâà íåéðîíîâ íà êà÷åñòâî ïðåäñêàçàíèÿ. Â ðàáîòå èññëåäî-
âàíû çàâèñèìîñòü f1-score è çíà÷åíèå ôóíêöèè ïîòåðü îò ÷èñëà óçëîâ â ñëîå, ïðè îáó÷åíèè
ìîäåëè íà òðåíèðîâî÷íîé âûáîðêå â 10000 (ðèñ. 3) ýëåìåíòîâ è â 1000 ýëåìåíòîâ (ðèñ. 4).

Óâåëè÷åíèå ÷èñëà óçëîâ â ñëîå ïðèâîäèò ê óëó÷øåíèþ êà÷åñòâà ïðåäñêàçàíèé ìîäåëè,
ò. å. ìåòðèêà f1-score ðàñòåò. Âûõîä íà ïëàòî äëÿ âñåõ ñëó÷àåâ ïðîèñõîäèë ïîñëå 10 óç-
ëîâ. Â ñëó÷àå äâóõñëîéíîé ìîäåëè âûõîä ìåòðèêè íà ïëàòî äîñòèãàåòñÿ ïðè íàèìåíüøåì
êîëè÷åñòâå óçëîâ â ñëîå. Äàëüíåéøåå óâåëè÷åíèå êîëè÷åñòâà ñëîåâ ñåòè íå ïðèâîäèò ê
çíà÷èòåëüíîìó óâåëè÷åíèþ êà÷åñòâà ïðåäñêàçàíèÿ. À â íåêîòîðûõ ñëó÷àÿõ (÷èñëî ñëîåâ
m>6) ïðèâîäèò ê õóäøèì ðåçóëüòàòàì. Íàáëþäàåòñÿ êà÷åñòâåííàÿ çàâèñèìîñòü ìåæäó âå-
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Ðèñ. 5. Ãèñòîãðàììà çíà÷åíèé loss è êîðîá÷àòàÿ äèãðàììà

ëè÷èíîé loss è f1-score. Âûñîêèé loss ñîîòâåòñòâóåò íèçêîìó çíà÷åíèþ f1-score. Óâåëè÷åíèå
÷èñëà ñëîåâ ïîçâîëÿåò ìîäåëè ñòðîèòü áîëåå ñëîæíûå âçàèìîñâÿçè, ÷òî ìîæåò ïîâûñèòü
êà÷åñòâî ïðåäñêàçàíèÿ. Îäíàêî ñ âîçðàñòàíèåì êîëè÷åñòâà ñëîåâ âîçðàñòàåò ðèñê ïåðå-
îáó÷åíèÿ ñåòè è ìîãóò âîçíèêàòü ëîêàëüíûå ìèíèìóìû ôóíêöèè îøèáîê, ÷òî ïðèâîäèò
ê ïðîáëåìàì ïðè îáó÷åíèè. Ïîýòîìó ñ òî÷êè çðåíèÿ ìåòðèêè f1-score àðõèòåêòóðó ñåòè
íåöåëåñîîáðàçíî ñîñòàâëÿòü èç áîëüøîãî ÷èñëà ñëîåâ äëÿ äàííîé çàäà÷è êëàññèôèêàöèè.

5. Âëèÿíèå íà÷àëüíîé èíèöèàëèçàöè. Ïðåäñêàçàíèÿ íåêîòîðûõ àëãîðèòìîâ, êî-
òîðûå ïðèìåíÿþòñÿ äëÿ çàäà÷è êëàññèôèêàöèè ëèòîòèïîâ, ñèëüíî çàâèñÿò îò íà÷àëüíîé
èíèöèàëèçàöèè ïàðàìåòðîâ (íàïðèìåð, ñëó÷àéíûé ëåñ [11, 12]). Â íàøåì ñëó÷àå áûëà èñ-
ñëåäîâàíà çàâèñèìîñòü çíà÷åíèÿ loss îò íà÷àëüíîé èíèöèàëèçàöèè âåñîâ ÍÑ. Ïðè ñîçäàíèè
ìîäåëè âåñà èíèöèàëèçèðóþòñÿ ñëó÷àéíî èç ïðîìåæóòêà:

(−
√
k,
√
k), k =

1

(num12 input features)

Ïî ðåçóëüòàòàì 400 îáó÷åíèé ìîäåëè ñ îäíèì ñêðûòûì ñëîåì áûëè ïîñòðîåíû ãèñòîãðàììà
è êîðîá÷àòàÿ äèàãðàììà çíà÷åíèé loss (ðèñ. 5).

Ïðîâåðêà íîðìàëüíîñòè ðàñïðåäåëåíèÿ ïðîâîäèëàñü ñ ïîìîùüþ êðèòåðèÿ Ýïïñà-
Ïàëëè [13]. Êðèòåðèé ðåêîìåíäîâàí ê èñïîëüçîâàíèþ â ÃÎÑÒ Ð ÈÑÎ 5479-2002 [14]. Â
ðàáîòå [15] áûëî óñòàíîâëåíî, ÷òî ïî ìîùíîñòè êðèòåðèé Ýïïñà-Ïàëëè ïðåâîñõîäèò êðè-
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òåðèè Øàïèðî-Óèëêà, Ä'Àãîñòèíî, Äýâèäà-Õàðòëè-Ïèðñîíà. Òåñòû ïîêàçàëè, ÷òî ðàñïðå-
äåëåíèå çíà÷åíèÿ loss íå ÿâëÿåòñÿ ðàñïðåäåëåíèåì ñëó÷àéíîé âåëè÷èíû. Äàííûé ôàêò
ñëåäóåò ó÷èòûâàòü ïðè ïîñòàíîâêå òðåáîâàíèÿ âîñïðîèçâîäèìîñòè ýêñïåðèìåíòîâ è ôèê-
ñèðîâàòü íà÷àëüíóþ èíèöèàëèçàöèþ âåñîâ ìîäåëè. Òàêæå ñëåäóåò óïîìÿíóòü, ÷òî â äàí-
íîé ðàáîòå ìåðîé êà÷åñòâà ïðåäñêàçàíèÿ ñåòè ÿâëÿåòñÿ çíà÷åíèå ìåòðèêè f1-score, êîòîðîå
ïî ðåçóëüòàòàì âñåõ 400 ïðåäñêàçàíèé áûëî áëèçêî ê 1 è íàïðÿìóþ íå ñâÿçàíî ñ êîëè÷å-
ñòâåííûì çíà÷åíèåì loss.

Âûâîäû. Ñîãëàñíî âûøåèçëîæåííûì ðàññóæäåíèÿì, áûëî ïîêàçàíî, ÷òî äëÿ çàäà÷è
êëàññèôèêàöèè ëèíîòèïîâ ñ ïîìîùüþ ÍÑ íåöåëåñîîáðàçíî èñïîëüçîâàòü ãëóáîêèå ñåòè.
Íåñìîòðÿ íà òîò ôàêò, ÷òî ñ òî÷êè çðåíèÿ êîëè÷åñòâà âûïîëíÿåìûõ îïåðàöèé ïðåäïî÷òè-
òåëüíåå óâåëè÷èâàòü èìåííî ÷èñëî ñëîåâ ñåòè, áîëüøîå ÷èñëî ýëåìåíòîâ îäíîçíà÷íî íå
ãàðàíòèðóåò ðîñò ìåòðèêè. Íàïðîòèâ, êà÷åñòâî ïðåäñêàçàíèÿ ìîäåëè íà òåñòîâîé âûáîðêå
îñòàâàëîñü ñòàáèëüíî âûñîêèì ïðè íåáîëüøèõ ñëîÿõ (2 < m < 6). À âîò êîëè÷åñòâî óçëîâ
â ñëîå çíà÷èòåëüíî âëèÿåò íà ðåçóëüòàòû ðàáîòû êëàññèôèêàòîðà. Ïðè ÷èñëå óçëîâ â
ñëîå n < 5 ïî÷òè âñå ìîäåëè ïîêàçàëè íåóäîâëåòâîðèòåëüíûå ðåçóëüòàòû, íåçàâèñèìî îò
ãëóáèíû ñåòè. Îäíàêî óâåëè÷åíèå ÷èñëà íåéðîíîâ îäíîçíà÷íî ïðèâîäèò ê âûèãðûøó â
êà÷åñòâå. Îòñþäà ñëåäóåò, ÷òî ÷èñëî óçëîâ â ñëîå ÿâëÿåòñÿ îïðåäåëÿþùèì ïàðàìåòðîì, è
â ïåðâóþ î÷åðåäü íåîáõîäèìî íàñòðàèâàòü èìåííî åãî.
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