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NON-STATIONARY TIME SERIES PREDICTION USING ONE-DIMENSIONAL
CONVOLUTIONAL NEURAL NETWORK MODELS

Annotation. The main goal of non-stationary time series prediction is the construction, identification, configuration and
verification of their models. The efficiency of using machine learning technologies for the analysis of non-stationary time series is
shown due to their ability to model complex nonlinear dependencies in the behaviour of the time series from both depending on
previous values and external factors, to analyse features, relationships and complex interactions. The features of time series
prediction using a one-dimensional convolutional neural network are discussed. The features of the architecture and the training
process when using a one-dimensional convolutional neural network are considered on the example of solving the problems to
predict sales and build a forecast of company stock prices. To improve the quality of the prediction, the initial time series were pre-
processed by the moving average method in the window. Computer modelling of the predicting problem using the one-dimensional
convolutional neural network was performed in the Python programming language. The sales prediction using the proposed one-
dimensional convolutional neural network model predicted volume sale of cars and commercial vehicles in Vietham from two
thousand and eleven to two thousand and eighteen. The one-dimensional convolutional neural network model has given a high
accuracy of prediction with seasonal trend data. In stock prices prediction, another architecture of one-dimensional convolutional
neural network model was launched, which corresponds to non-stationary data with large lengths of data series with small intervals
between minutes, such as stock trading statistics per minute. In this project, data is taken from Amazon Nasdaq one hundred for forty
thousand five hundred and sixty data points. The data is divided into training and test sets. The test suite is used to verify the actual
performance of the model. It is shown that the model of a one-dimensional convolutional neural network gives good results in the
presence of both seasonal and trend components of the time series with large data sizes.
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Introduction

Time series prediction is one of the most
important applied problems that have been solved by
intelligent information systems with the aim of most
accurately predicting the behaviour of various
factors in trade and financial activity, in technology,
meteorology and geology, and many others [1].

Despite the fact that these methods have shown
their effectiveness in practice at present for solving
the forecasting problem (especially in conditions of
noise or gaps, with unsteady and multidimensional
data, long data sequences), methods based on
machine learning technologies are increasingly
being used, especially neural networks.

Machine learning technologies make it possible

The main goal of time series prediction is the
construction, identification, configuration and
verification of their models. As a rule, statistical
analysis methods developed in the 60-70s of the XX
century in the works of J. Box, G. Jenkins and others
are used for this [2].
© Nguyen, Thi Khanh Tien, Antoshchuk, S.,
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to model complex nonlinear dependences in the
behaviour of the time series from both previous
values and external factors, and analyse features,
relationships, and complex interactions [3-8]. An
important requirement when choosing a machine
learning technology is the availability of memory
about previous properties of the time series. With
this in mind, time series prediction uses a modern
kind of machine learning technique
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— Deep Learning, which applies deep neural
network architectures to solve various complex
problems [9-11]. Deep learning neural networks are
able automatically learn and extract features from raw
data. This feature of neural networks can be used for
time series forecasting problems, where models can be
developed directly on the raw observations without the
direct need to scale the data using normalization and
standardization or to make the data stationary by
differencing. Therefore, new types of neural networks,
such as long-short term memory (LSTM) — variant of
the recurrent neural network and convolutional neural
networks (CNN), show good results for predicting time
series [12; 15].

Despite the fact that CNN is a very popular type
of neural networks for classifying images, it should be
noted that CNNs are becoming an increasingly
important concept in computer science and are finding
more and more applications including in time series
forecasting [16-18]. As the analysis of literary sources
has shown, for time series prediction it is advisable to
use one-dimensional convolution networks (1D CNN).
The 1D CNN model extracts a feature from a sequence
data and maps the internal features of the sequence. A
1D CNN is very effective for receiving feature from a
fixed-length segment of the overall dataset, where it is
not so important, where the feature is located in the
segment. Using one-dimensional convolutional neural
networks have given good results when analysing the
time series obtained from measuring sensors and
analysing signal data over a fixed-length period, for
example, fragments of an audio recording.

The purpose of this article is to obtain time series
models using one-dimensional convolutional neural
network for providing acceptable prediction accuracy.

Two research objectives survey problems using
1D CNN, which are reviewed in this article, are sale
prediction and stock price prediction.

Sale prediction [4-5; 19-20] is an important part of
modern business intelligence. It can improve the

planning of production processes as well as inventory
management practices. In particular, the fast growth of
enterprises and their incursion into new markets make
inventory optimization necessary. Even more, sales do
not only summarize the sold quantity, but they also
include information that reflects changes in consumer’s
behaviour concerning the selling prices. Regarding the
quantity of data required to estimate demand trends,
there is an active discussion in the literature focused on
determining the optimal size of a dataset for demand
forecasting [4-5; 19-20].

Stock market prediction [6-8; 14-15; 21] is the act
of trying to determine the future value of a company
stock or other financial instrument traded on a financial
exchange. The successful prediction of a stock's future
price will maximize investor's gains.

1. Preliminary notes

To improve the quality of the prediction, the
initial time series are pre-processed by the moving
average method in the window [5]. The width of the
sliding window L can be varied to include more or less
previous time steps (or time points) depending on the
specificity of the dataset and the user preference. The
presentation scheme of test and forecast data is
presented in Fig. 1. Input data of the NN model for
predicting — N values of the initial time series in the
training sample.

Python programming language was used to
conduct the simulation. Today, Python is considered
the preferred language for teaching and learning
machine learning technologies. Python is growing and
may become the dominant platform for applied
machine learning. Although the main reason for
justifying the adoption of Python for time series
forecasting is that it is a general-purpose programming
language that can be used for both research and
production.

t el t2 T=t+N T+1 T+n-1  T+n
K 7 >
indow | he Pre- r
Window length =N dict
Window length=N Pr.'e-
dict
Window length=N Pre-
dict

Fig. 1. Setting window length, predicted length and sliding window during the whole sample period
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Python library for time series SciPy is an
ecosystem of Python libraries for mathematics,
science, and engineering [16; 22-26]. It is an add-on
to Python that you will need for time series
prediction .Two SciPy libraries provide a foundation
for most others; they are NumPy for providing
efficient array operations and Matplotlib for plotting
data. There are three higher-level SciPy libraries that
provide the key features for time series forecasting
in Python. They are pandas, statsmodels, and scikit-
learn for data handling, time series modeling, and
machine learning respectively.

Two of the most common metrics, which used
to measure accuracy for continuous variables, are
mean absolute error (MAE) and root mean squared
error (RMSE) are [2-3; 22].

MAE measures the average magnitude of the
errors in a set of predictions, without considering
their direction. It’s the average over the test sample
of the absolute differences between prediction — ¥,
and actual observation ~Yj» where all individual
differences have equal weight

MAE = —3"_\|y; - ). )

Root mean squared error (RMSE) [2-3; 5] is a
quadratic scoring rule that also measures the average
magnitude of the error. It’s the square root of the
average of squared differences between prediction
and actual observation

RMSE = [S1,0p-90% @

The Mean Squared Error (MSE) [22-23], loss is
the default loss to use for regression problems. Mean
squared error is calculated as the average of the
squared differences between the predicted and actual
values. The result is always positive regardless of
the sign of the predicted and actual values and a
perfect value is 0. The squaring means that larger
mistakes result in more error than smaller mistakes,
meaning that the model is punished for making
larger mistakes. The mean squared error loss
function can be used in Keras by specifying “mse”
or “mean_squared_error” as the loss function when
compiling the model.

2. Features of the CNN’s architecture
CNN were developed with the idea of local
connection, which is achieved by replacing weighted
sums from the neural network with convolutions [9;
15-16]. In each CNN layer, the input data is
convoluted with a weight matrix (for example, a
filter) to create a map of objects. All values in the

output map are the same weight, so that all nodes in
the output signal detect one and the same. Total
CNN quantity of weights is reducing. This leads to
more effective training and study in each layer of the
weight matrix, which is able to capture the necessary
translation-invariant features from the input data.

There are three main types of layers in the basic
architecture of CNN: a convolutional layer, a pool
layer, and a fully connected layer (Fig. 2).

Output
Layer

Pooling
Layer

Convolution
Layer

Input

Layer Full Connected

Layer

Fig. 2. Basic architecture of CNN

In the first layer, this input is convolved with a
set of filters M, applied to all input channels x =
(x)N=.L. With the given classification tasks and the
model with parameter values, the task for the
classifier is to derive the predicted class based on the
input time series  x(0), ..., x(t).

The output map of objects from the first
convolution layer is then convolved with a filter wj

[oe]

a'@,h) = (wixx), = ) wi (DxGi =),
_]=—00
where: wl € RV¥*1and gl € RIXN-k+1xM1 . j_the
index of the feature map at the second dimension
(i=1,..,N—k+1); h— the index of the feature
map at the third dimension (h = 1, ..., My).

In each subsequent layerl = 2, ..., L, the input
feature map f!~1 € RY*Ni-1XMi-1js convolved with
a set of M, filters wj, € RV¥F>*Mi-1, h =1,..., M, to
create a feature map a! € RVXNxMi,

al(i,h) = (wp * fl_l)l,
= ijzzlwﬁo m)F1( - j,m),

The obtained value is subjected to nonlinear
transformation f! = ¢(ab).

Thus, the filter controls the receptive field of
each output node. Then the output goes to a pool
(usually a layer with a maximum pool), which acts
as a subsample layer

pt(i,h) = max,ex (fL(i X T + 1, h)),
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where: R — the pooling size; T— the pooling
stride; i— the index of the resultant feature map at
the second dimension.

Thus, the trained model helps minimize the
error between the output from the network and the
true output that we are interested, which is often
denoted as the objective function (loss function).

3. Univariate 1D CNN model
prediction

Data preparation

The dataset, which was used in the task sale
prediction, is the database of cars and commercial
vehicles (CCV) sale in per month from January 2011
to December 2018 in Vietnam (Fig. 3) [27].

All data is saved in file “Sales CCV_Vietnam
2009 _2019.csv”. Descriptive statistics of this data
set are created (Table 1). The length of the test
sample N is 24 months, the sliding window is 1
month, and the predicted period is 12 months
(monthly). This means that we forecast a sale in 12
months by looking at the data for the previous 24
months, based on the monthly current time.

for sale

30000

25000

20000

Ne sale CCW

15000

10000

5000

009 2010 2011 2012 2013 2014 2015 2016 2017 2018
year

Fig. 3. Graphical representation time series of the
volume sales per month of CCV in
Vietnam for 8 years

The presented time series has the following
characteristics:

— seasonality, i.e. periodicity of the structure,
which may be associated with a calendar day,
month, quarter etc.;

— trend;

— volume sales are higher in the winter months
than in the spring. This is usually due to the fact that
usually in Vietnam more purchases are concentrated
in the last months of the year, before the lunar New
Year.

Table 1. Descriptive statistics of CCV

time series
Volume sale of CCV in
Name Vietnam
(2011-2018)
Count 96
(months)

mean 14867

std 7082

min 3679
25 % 8533
50 % 13132
75 % 21053
max 32511

1D CNN Architecture

1D CNN architecture for sale prediction
(Fig. 4) was used as 3 layers convolutional neural
network (combination of convolution and max-
pooling layers) with one fully-connected layer. The
summary representation shows the features of 1D
CNN model (Table 2). It should be noted that the
presence of the third convolutional level
MaxPooling1D (with pool size=2) allows the model
to learn more complex features. The last layer is a
fully connected layer (Dense in Keras). It uses a
‘Relu’ activation function to produce a probability
distribution over the output classes.

Learning Model Details

In training 1D CNN, the following parameters
were used: batch size = 200, epochs =30000,
optimize = ‘adam’, loss function = ‘mse’, metrics =
‘mae’.

The graphs obtained by training the sales
predicting model in 1D CNN for the absolute
learning error — MAE and the learning loss function
— MSE are shown in Fig. 5.

The results of the calculation of the predicting
error using the 1D CNN prediction sale model
showed, that it does not exceed 1 %.

For example, the results obtained using the
developed 1D CNN model for predicting CCV sales
in January — December 2017 in Vietnam are shown
in Fig. 6 and Table 3.The predicted error from
January 2017 to November 2017 does not exceed
0.9 %. In December 2019, the predicted error is
17.9 %. This large discrepancy can be explained by
the sudden drop in sales due to changes in import
tax, environment tax and traffic laws for car users,
which were enacted since November 2017.
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Fig. 4. 1D CNN general architecture

for sale prediction

Table 2. Summary representation of 1D CNN

Layers Hyper-parameter
Unit 17
ConviD 1 No. of filter 256
Kernel size 8
Activation Function Relu
Unit 10
ConvlD_2 No. of filter 256
Kernel size 8
Activation Function Relu
Unit 3
No. of filter 256
ConvlD_3 Kernel size 8
Pooling size 2
Activation Function Relu
Flatten Unit 256
Dense 1 Unit 100
Activation Function Relu
Dense 2 Unit 1

= Training mean_absolute_error

200 400 £00 800

000000
5000000
4000000

th 3000000

=
2000000

1000000

0

—— Training loss mse

200

400 500 800
epochs

. 5. Graphs of training mean absolute error (a) and training loss (b) in training process of 1D CNN
model of sale prediction

Table 3. Prediction results of CCV sales
in January — December 2017 in Vietnam

30000
25000
20000
15000

10000

Fig

- actual
=== predicted

0 5 0 15 )
months

. 6. Prediction results using 1D CNN to

predict CCV sales in Vietnam

Months in | Actual | Predicted | MAE; | MAE;
2018 (A) P 1A, %
January 19619 | 19668 49 0.20
February | 17156 | 17171 15 0.09
March 22792 | 22995 203 | 0.89
April 21345 21524 178 0.83
May 21829 | 21963 135 | 0.62
June 22750 | 22876 126 | 0.55
July 19345 | 19484 138 | 0.71
August 20746 | 20881 135 | 0.65
September | 19257 | 19370 113 | 0.58
October 20156 | 20256 100 | 0.40
November | 21662 | 21814 152 | 0.70
December | 23963 | 19668 | 4295 | 17.90
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4. Univariate 1D CNN model for stock
price prediction

Data Preparation

A financial time series is a collection of prices
such as stock, currency and commodity, obtained
sequentially in time (Fig. 7). The data for this model
is collected from trading data minute by minute of
AMZN from Nasdaq 100 [28].

B40

B20

BOO

T80

7ol

Stock price of AMZN

740

720

0 5000 10000 15000 20000 25000 30000 35000 40000
Mo of Minutes

Fig. 7. Graphical representation of the time series
AMZN stock data from the Nasdaqg 100

Descriptive statistics that summarize the central
trend, variance, and distribution form of the dataset
is shown in Table 4. We used the 12800 data points
as training data; 2560 as testing data. The window
length (as in Fig. 1) was set to 128 minutes, the
sliding window to 1 minute, and the predicted period
to N minutes. This means that we predict the stock
price in n minutes, looking at the data for the
previous 128 minutes, based on the current minute
point in time.

Table 4. Descriptive statistics of AMZN
stock data time series

Name Stock data from
Nasdaq100
count(minutes) 40560
mean 780
std 29
min 710
25 % 762
50 % 770
75 % 797
max 847

1D CNN’s Architecture for Stock price
prediction

The architecture of the 1D CNN model for
predicting stock prices is similar to the previous one,
which is used in sales prediction (Fig. 4). However,
there are some differences, namely:

— the first layer of the model is a fully
connected layer (Dense in Keras), using the “ReLu”
activation function to obtain the probability
distribution by input classes;

— the dimensions of the resulting layer are
large enough, so each convolutional layer is
connected to the MaxPoolinglD layer so that the
model reduces the size of the layer nodes and can
study more complex features;

—  the ranges of differences between the time
intervals of the series are not very large, and the
length of the time series is large, then using 2
convolutional layers (not 3 layers as in the model
shown in Fig. 4), the analysis and preservation of the
characteristics of the processed time series are quite
guaranteed, and it doesn’t require a lot of network
learning time. The first convolution layer 1D with
128 feature detectors (core size 1 is applied to each
feature detector). The second 1D convolutional layer
with 64 filters (core size 1).

Learning Model Details

When training 1D CNN, the following
parameters were used: batch size=200, epochs=100,
optimize= ‘adam’, dropout rate=0.2, loss function=
‘mse’, metrics= ‘mae’. An optimization algorithm
“Adam” is used in training process and for different
parameters an adaptive learning rates are computed.
To prevent the over-fitting in this network a
regularization method “Dropout” is used. Dropout
rate represents the percentage of nodes dropped for
each iteration and sample during training. The graphs
obtained by training the stock price prediction model
in 1D CNN for training mean absolute error “mae”
and training loss “mse” are shown in Fig. 8.

It should be noted that the 1D CNN model
showed good results in predicting stock prices both
on the training (Fig. 9a) and test samples (Fig. 9b).
On the training sample, the average absolute error
(MAE) and the standard error (RMSE) were 2.72
and 3.09, respectively, and on the test 2.93 and 3.96.
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Fig. 8. The graphs of training mean absolute error (a) and training loss (b) in training process of
1D CNN model of stock price prediction
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Fig. 9. Graphs of obtained results using the 1D CNN stock price predicting model for the
training (a) and for the test sample (b)

Conclusions

The article shows the possibility of using the
1D CNN model for one-factor forecasting of time
series for the task of predicting car sales in Vietnam
and predicting stock prices. It is shown that the 1D
CNN model gives good results in the presence of the
seasonal and trend components of the time series.

In the stock price prediction the more complex
architecture of the 1D CNN model was used. This
made it possible to take into account the non-
stationary nature of the data and the significant size.
In this project, the data is taken from Amazon's
Nasdag 100 padding of 40560 data point. The data is
divided into training set (12800 data point) and
testing set (2560 data point). Average of trading
stock price in 13560 minutes is 780. Training sets
are used during the learning process of the model.
The obtained results are RMSE = 3.09 and MAE =
2.72. Testing set is used as data to test actual model
performance. The result obtained when predicting
stock price with testing set is RMSE = 3.96 and
MAE = 2.93.

From the obtained results, we can see 1D CNN
models work well for non-stationary time series
prediction. In future work we will continue to
explore multivariate time series prediction for data
from stock, Forex. Currently RNN, LSTM models
also yield good predictive results [29]. We will
propose a hybrid model from 1D CNN and RNN,
LSTM neural networks for predicting better result.
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Anomauisn. OcrogHoio Memoio NpoeHO3y68aHHs HeCMAYIOHAPHUX YACO8UX Ps0i6 € nobydosa, i0enmuikayis, Halaumyants i
nepesipka ix moodeneii. Ilokazana egpexmugnicmes BUKOPUCMAHHA MEXHONO02IU MAUWUHHO20 HAGYAMHSA OIS AHANI3Y HeCMAayiOHAPHUX
4acogux paoie 3a805aKu ix 30aMHOCMI MOOeNI08aMuU CKIAOHT HeNIHIUHI 3a1eHCHOCMI 8 N08EOTHYI YAC08020 PAOY, 5K 8 3ANEeHCHOCTI 8i0
nonepeoHix 3HaueHb, MAK [ 306HIWHIX YUHHUKIE, auanizyeamu ocooaugocmi, 6iOHOCUHU [ CKIaoHi 63aemodii. Obeosopero
0CoOIUBOCMI NPOCHO3Y8AHHA YACOBUX DAOIE 3 BUKOPUCMAHHAM OOHOBUMIPHOL 320pmKo60i HelponHoi Mmepedci. Poszensinymo
0codIUBOCME APXIMEKMypu [ npoyecy HAGYAHHSI NPU GUKOPUCAHHI OOHOBUMIDHOI 320PMKO60I HEUPOHHOT Mepedci HaA NpuKiadi
Pllients 3a0ay NPocHO3Y8aHHs NPOOAdicié I no6y0osu npocHo3y YiH akyitl KoMnauii. [{na noainuienHss aKkocmi npoeHo3y, GUXIOHI
4acogi paou nio 0asanucs nonepeoHiul 06pobYi MemoooM KO83HO20 cepedHbo2o 6 Gikui. Komn'tomepne moodentoganna 3adaui
NPOSHO3VEAHHA 13 3ACTMOCYBAHHAM OOHOBUMIPHOI 320pMKOB0I HElPOHHOI Mepedci BUKOHAHO HA MO8i npocpamysanus Python. V
NPOSHO3I NPOOAdHCI8 3 BUKOPUCIIAHHAM apXIMeKmypu 3anponoHO8anoi Mooeni 0OHOBUMIDHOT 320pMKO60I HEeUpOHHOI Mepedxci
3POOIEHO NPOSHO3 NPOOANC 1e2KOBUX | KOMEPYIUHUX asmomobinie y B'emnami 6 nepiod 3 06i mucaui 00uHaoyamozo no 08i mucsaui
giciMHaoysmuil poxu. Modenb 00HOBUMIPHOI 320pMKO60T HEUPOHHOIL Mepedcl NOKA3aNa 8UCOKY MOYHICIb NPOSHO3Y8AHHS 3 OAHUMU
Ce30HH020 MPeHOY. Y npocno3yeamHi yin Ha akyii 6y1a 6UKOPUCMAHA THWA APXIMEKMypa MoOeii OOHOBUMIDHOI 320pmKO8oL
HEUPOHHOT Mepeic, AKa 8I0N08I0Ae HeCMAYIOHAPHUM OAHUM 3 GCTIUKUMU OOBICUHAMU CePili OaHUX NPU HEGETUKOMY THMePBAli Midc
GIONIKAMU, MAKUMU AK OAHI CIMAMUCMUKY mopeieni akyiamu 3a xeununy. Y yvomy npoekmi oaui e3ami 3 AmazonNasdaql00 ona
COpOKa MucAY n’Amucom wicmoecamu moyox oauux. Jaui nooinaomecs Ha HagyanvbHuil i mecmogui Habopu. Tecmoguii Habip
BUKOPUCTOBYEMbCA 01 Nhepesipku  hakmuunoi npoodykmuenocmi modeni. Ilokazano, wo mooenrb O0OHOBUMIPDHOI 320pMKOB0I
HeUPOHHOT Mepedici 0ae Xopowi pe3yrbmamu npu HAA6HOCMI AK Ce30HHOI, makK i MpeHd08oi CKIAA08UX YACOB020 PAOY NPU BEIUKUX
PO3MIPAX OQHUX.

Knrouosi cnosa: uacosuii pao; npocHo3y8aHHsA 4acosux paoie; 2nuboKe HaguaHHs; OOHOBUMIPHA 320PMK06A HEUPOHHA Mepedca
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IMPOI'HO3UPOBAHUE HECTAIIMOHAPHBIX BPEMEHHBIX PSJIOB C
NCHOJb30BAHUEM OJHOMEPHBIX CBEPTOUYHBIX
HEWPOHHBIX CETEHA

Annomayus. OCHOBHOU Yenbld NPOSHOIUPOBAHUS HECMAYUOHADHBIX BPEMEHHBIX PAO08 AGIAEMCs NOCMpOeHue,
udenmuuxayus, HacCmpouKa u nposepka ux mooenet. Ilokazana 3¢pPekmusHoCmb UCNOALIOBAHUS MEXHOIOSUL MAWUHHOO
o0yuenus ONA AHAIU3A HEeCMAYUOHAPHBIX BPEMEHHbIX pA006 01a200aps ux CHOCOOHOCMU MOOENUPOBAMb CNLOJCHbLE
HeluHelnble 3a6UCUMOCTU 68 NOBEOEHUU BPEMEHHO020 PAOd, KAK 6 3A8UCUMOCIU OM NPedblOyWUX 3HAYeHUN, MaK U GHeUWHUX
@dakmopos, ananuzuposamv O0COOEHHOCMU, OMHOWIEHUs U CLOXCHble 63aumoleticmeus. ObOcyscoenvt ocobennocmu
NPOSHOZUPOBAHUSL BPEMEHHBIX PAO0E C UCHONB308AHUEM OOHOMEPHOU C6epmoyHoll HeliponHol cemu. Paccmompenvi
0CObeHHOCMU apXumeKmypuvl U npoyecca 00yYeHUs npu  UCNONb308AHUU OOHOMEPHOU CEepMOYHOU HEeUPOHHOU cemu Ha
npumepe peuwienus 3a0ai nPpoSHO3UPOSAHUSL NPOOAHC U NOCMPOEHUS NPOSHO3A YeH AKYUll KoMnanuu. Jis yiyyuenus kaiecmed
NPOCHO3A, UCXOOHbIE BpEeMeHHble PSAObl NOOBEP2AIUCH NPEO8APUMENbHOL 00paAbOmMKe MemoOOM CKONb3AWe20 CPeOHe20 6 OKHe.
Komnviomepnoe moodenupoganue 3a0auu NPOSHO3UPOBAHUS C NPUMEHEHUEM OOHOMEPHOU C6epMOYHOU HEeUPOHHOU cemu
6bINOJIHEHO HA SA3blKe Npocpammuposanus Python. B npozcnose npodasic ¢ uchonv308anuem apxumekmypvl npeonodceHHOU
MoO0enu 0OHOMEPHOU C8ePMOYHOT HEUPOHHOU Cemu CNPOSHOZUPOBAHO NPOOACY Ne2KOBbIX U KOMMEPYECKUX aemomoounetl 60
Bvemuame 6 nepuoo ¢ 0sée mvicauu 00unHaoyamozo no 06e muicA4U 80cemMHaoyamvlil 200bl. Moodenb 00HOMEPHOI C8ePMOYHOI
HeUPOHHOU cemu NOKA3aia 6OObUWYI0 MOYHOCG NPEOCKA3AHUS ¢ OAHHBIMU Ce30HH020 mpendd. B npoenosuposanuu yen na
akyuu OvlIa UCNONB308AHA Opy2ds apXumekmypa Mooeiu OOHOMEPHOU C8epMOYHOU HeUpOHHOU cemu, KOmopas
coomeemcmeyem HeCMAayuOHAPHLIM OAHHbIM C OOXLWMUMU OAUHAMU Cepull OAHHBIX NpU HeOOIbUWOM UHMep8ane MeHCoy
omcuemamuy, MAKUMU KAK OAHHbIE CMAMUCIMUKU MOP2O8AU AKYUAMU 34 MuHymy. B smom npoexme OanHbvie 635muvl u3
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AmazonNasdaql00 ors copoka meicsu namecom wiecmudecsimu mouex OaHHuX. [lannvle Oensamcs Ha 00yuaiowull u
mecmogulil Habopul. Tecmoswviti HAOOP UChONb3Yemca 04 NPOsepKU akmuueckol npouzsooumenvHocmu mooeau. Ilokasano,
umo Mooenib 0OHOMEPHOU CEepMOYHOl HEeUPOHHOU cemu O0daem Xopouiue pe3ylbmamvl Npu HAAUYUU KAK CEe30HHOU, Mmax u
MpenooBol COCMABAIOWUX BPEMEHHO20 PA0A NpuU O6OTbUUX PA3MePax OAHHbIX.

Kniouegvie cnoea: epemennoii pso; NpocHO3UpOSAHUe BPEMEHHbIX psA008;, 2nybokoe obyuenue, 00HOMepHAS
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