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Abstract. Nowadays, mass service networks are researched by using a variety of methods.
However, the results that have been achieved this far are intermediate ones, especially, in case of multi-
service telecommunication networks. The present paper provides an overview of cluster analysis, SVM and
neural networks algorithms. The comparative analysis of mentioned models’ prediction results was
conducted and it was practically showed that that neural networks can provide a powerful tool for the
telecommunications industry because the Neural Networks are nonlinear dynamic systems able to offer a
solution almost anywhere where classic methods have failed. Neural Networks have certainly become one of
the key technologies nowadays, though a critical analysis reveals some drawbacks.
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AHoTauifa. CborogHi Mepexi MacoBoro o6CnyroByBaHHS AOCHIZXKYIOTbCS 33 [OMOMOrOK Pi3HUX
meToaiB. lMpoTe pe3ynbTaTw, SKi Oynn [JOCArHYTi OO TENEpiWwHbOro 4acy, € NPOMiKHUMMK, 0cobnmuBO Yy
BUMaAKy MYyMbTUCEPBICHUX TenekoMyHiKauinHnx Mepex. [aHui AOKYMEHT MICTUTb Ornsg KnacTepHoro
aHanizy, anroputmiB SVM Ta HenpoHHux Mepex. [lpoBedeHO MOPIBHAMBHUA aHanis pesynbTaTiB
NPOrHO3yBaHHA 3ragaHnx mMogernen Ta NnpakTUYHO NokasaHo, WO HEMPOHHI Mepexi MOXYTb CTaTh NOTY>XHUM
iHCTPYMEHTOM AN TeneKOMyHiKauilnHOT ranysi, OCKINbKW HEeWPOHHi Mepexi — ue HeniHiHi AuHaMiyHi
cMcTeMM, 3[4aTHi 3anponoHyBaTU pilleHHs Mavke B Oyab-aKi cuTyauii, e He CnpaBnAlTbCHA KIaCWUYHI
mMeToaun. HelipoHHi Mepexi, 0e3yMOBHO, CTanu OOHIEl0 3 KIHOYOBUX TEXHOIONiA B HaLWi OHi, X04a KPUTUYHUIA
aHanis nokasye HU3Ky HeJonikKiB.

Knto4yoBi cnoBa: HellpoHHI Mepexi, anropuTM HaB4YaHHSA, HEMPOH, KnacTepHuin aHanis, SVM.

AHHoOTaumMAa. B HacTosilee BpeMsi CeTU MaccoBOro 0oOCnyXuBaHMS  UCCriegykTcs C
MCMNONb30BaHMEM cCaMbIX pasHblx MeTogoB. OgHako AOCTUTHYTblE A0 CUX MOp pea3ynbTaTthl SABMSKTCA
NPOMEXYTOYHBIMU, OCOBEHHO B Cllydae MyNbTUCEPBUCHbLIX TENEKOMMYHUKAUMOHHBLIX ceTei. B HacToswem
[OKyMeHTe npeAcTaBneH 0630p KnacTepHOro aHanusa, anroputMoB SVM u HelpoHHbIX ceTel. MNMpoeeaeH
CPpaBHUTENbHbLIA  aHanM3 pe3ynbTaToB MNPOrHO3UMPOBAHUSA  YNOMSHYTbIX MoOAENen U NpakTU4eckn
NPOAEMOHCTPUPOBAHO, YTO  HEWPOHHble CeTM  MOryT cTaTb  MOLWHbIM  WHCTPYMEHTOM  Ans
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TENEeKOMMYHVKALMOHHOW OTpacnu, MOCKOMbKY HEWpPOHHble CeTU npeacTaBnsitoT cobow  HerMHelHble
OMHaMuU4eckme CUcTeMbl, CNocoOHble NPeanoXvWTb pelleHne npakTudeckn B nbbix cnydvasx, rae
KnaccuyeckMe MeTodbl He cnpaensaiTcs. HeripoHHble ceTn, 6e3ycrnoBHO, CerogHs cTanu OJHOW u3
KINOYEBbIX TEXHONOMA, XOTH KPUTUYECKMIN aHaNU3 BbIABNSET HEKOTOPbIE HEAOCTaTKU.

KnroueBble cnoBa: HEVPOHHbIE CETU, anropuTM oby4eHUs, HEMPOH, KnacTepHbIn aHanus, SVM.

There are many scheduling methods presented in literature, most of them based on Data
science algorithms, multilayer supervised networks and other competitive algorithms. All these
models are capable to deal with bursty traffic in any conditions.

Let us consider cluster analysis for data classification and compare support vector machine
algorithm with neural networks concepts for analytics and predictive tasks:

1. Cluster Analysis - is the task of grouping a set of objects in such a way that objects in the
same group (called a cluster) are more similar (in some sense or another) to each other than to those
ones in other groups (clusters).

Let us consider k-mean method:
import numpy as np

import matplotlib.pyplot as plt from
sklearn.cluster import KMeans %matplotlib
inline
As an example, we generated data for the three different segments in the form of the records

shown below:
(age, gender, category-1, category-2, category-3)

cl = np.array([19., -0.6, 100., 44., 5.1)

c2 = np.array([26., -0.8, 110., 55., 200.])

c3 = np.array([45., -0.77, 90., 70., 20.])

vl = np.array([5., 0.15, 20., 10., 6.1)

v2 = np.array([7., 0.1, 30., 23., 20.1)

v3 = np.array([12., 0.1, 32., 27., 12.])

dl = np.random.normal (cl, vl, size=(200,5))

d2 = np.random.normal (loc=c2, scale=v2, size=(120,5))
d3 = np.random.normal (loc=c3, scale=v3, size=(150,5))

data = np.vstack((dl,d2,d3))

## Let us do some clean-up after data generation for i in

range (data.shape[0]) :

a,g,sl,s2,s3 = datali] if a

< 10: a = 10.

if g < -1.: g = -1.

if g>1.: g=1.

if s1 <0 sl = 0.

if s2 < 0.: s2 = 0.

if s3 <0 s3 = 0.

datal[i] = np.array(la,g,sl,s2,s3]) d min =

np.min (data, axis=0)
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d max = np.max(data, axis=0)

data = (data - d min) / (d max - d min)

Now the data is normalized, which means all vectors are distributed inside the unit cube.

The example of data normalization:

plt.scatter (datal:,1:2], datal[:,2:3])
plt.axis('equal')

plt.plot([(0,0,1,1,01, [0,1,1,0,0], 'r")
plt.show ()
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Figure 1 — Distributed normalized data

Customer age distribution:

In [219]:
plt.hist(data[:,0:1]1*(d max-d min) [0] + d min[0], bins=20)

plt.show ()
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Figure 2 — Custom age distribution

Let us look at how category 1 is distributed vs. category 2:

fig = plt.figure(figsize=(7,7))
plt.axis('equal')

plt.scatter(x=dl[:,2:3], y=dl[:,3:4],c="r")
plt.scatter (x=d2[:,2:3], y=d2[:,3:4],c="b")
plt.scatter (x=d3[:,2:3], y=d3[:,3:4],c="g")
plt.show ()
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Figure 3 — Distribution by categories
2. Support Vector Machine - supervised ML algorithm for data classification

Training dataset:
Let us consider 5 labeled samples for each class:

from sklearn import svm
X1 = dl1[:20]
Y1l = np.ones(20) .astype('int"')

X2 = d2[:20]
Y2 = 2 * np.ones (20) .astype('int")

X3 = d3[:20]

Y3 = 3 * np.ones (20) .astype('int")
X = np.vstack ((X1,X2,X3))

Y = np.hstack ((Y1,Y2,Y3))

#clf = svm.SVC (kernel="'linear')

clf = svm.SVC()

clf.fit (X, Y)

print "Correctly predicted 1: %i%%" % (100*clf.score(dl,

np.ones (dl.shape[0]) .astype('int')))

print "Correctly predicted 2: %$i%%" % (100*clf.score(d2, 2*np.ones (d
2.shape[0]) .astype('int"')))

print "Correctly predicted 3: %i%%" % (100*clf.score(d3, 3*np.ones (d

3.shape[0]) .astype('int"')))

We have got the predicted results:

Correctly predicted 1: 15%
Correctly predicted 2: 100%

Correctly predicted 3: 14%
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3. Neural Networks

The fundamental idea of artificial neural is to assemble several single simple processors that
interact through a dense web of interconnections, which result in a network architecture that is
unlike the sequential linear processing and architecture of conventional computer systems. A
neural network consists of a large number of simple processing elements called neurons or nodes.
Each neuron is connected to other neurons by means of directed communication links, each one
with an associated weight. The weights represent information being used by the network to solve a
problem.

One of the most popular neural network architecture is the multi-layer feed forward neural
network (MLNN), also called multi-layer perceptron (MLP :

1. Each processing element (essentially a neuron) receives inputs from other elements.

2. The inputs are weighted and added.

3. The result is then transformed (by a transfer function) into the output.

Figure 5 — An example of a multilayer neural network

The most common types:
- Feedforward Networks
- Recurrent Neural Networks (RNN)
- Convolutional Neural Networks (CNN)
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Stochastic Gradient Descent
Batches and Epochs

- batch 1 \
- batch 2 \
- batch 3 ) epoch

- batch k /

In [2307]:

from sklearn.neural network import MLPClassifier

clf = MLPClassifier (solver="'lbfgs', alpha=le-5,hidden layer sizes= (5, 3),
random_state=1)

X1 = dl[:20]

Y1

np.ones (20) .astype ('int")

X2

d2[:20]
Y2 = 2 * np.ones (20) .astype('int'")

X3

d3[:20]

Y3

3 * np.ones (20) .astype('int")

X = np.vstack ((X1,X2,X3))

Y = np.hstack((Y1,Y2,Y3))

In [231]:

clf.fit (X, Y)

Oout[231]:

MLPClassifier (activation='"relu', alpha=le-05, batch si

ze='auto', beta 1=0.9,
beta 2=0.999, early stopping=False, epsilon=le-

08,

hidden layer sizes=(5, 3), learning rate='const
ant',

learning rate init=0.001, max iter=200, momentu
m=0.9,

nesterovs momentum=True, power t=0.5, random st ate=1l,
shuffle=True,

solver="'lbfgs', tol=0.0001, validation fraction =0.1,
verbose=False,

warm start=False)

In [232]:
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print "Correctly predicted for 1: %i%%" %(100. * sum( 1 for p in
clf.predict(dl) if p==1) / dl.shape[0])

print "Correctly predicted for 2: %i%%" %(100. * sum( 1 for p in

clf.predict (d2) if p==2) / d2.shape[0])
print "Correctly predicted for 3: %i%%" %(100. * sum( 1 for p in
clf.predict (d3) if p==3) / d3.shape[0])

We have got the predicted results:
Correctly predicted for 1: 84%
Correctly predicted for 2: 90%

Correctly predicted for 3: 32%

The results of the research show that the differences in prediction between neural networks
and SVM are statistically significant.

Conclusion: The present paper provides the analysis of mathematical concepts algorithms
that show that the cluster analysis k-means gives the proper results for classification problems, and
neural networks give the higher predicted accuracy than the SVM, which allows determining mass
service networks’ characteristics. Building and teaching a neural network model is a complex
process due to the incoming data being difficult to convert. Neural networks can be used to solve
lots of problems in telecommunications, such as coding, decoding and error correcting codes, image
processing, fraud detection, software analysis, predictive modelling. Neural networks can be used
for mass service networks design, management, routing and control, which have thousands of
nodes, deal with very different traffic types and deserve a huge number of users. Most of the QoS
parameters are variable in time. The new services in the modern networks require dynamic channel
assignment, interference avoidance, propagation prediction and automated planning techniques.
And still the problems are not solved with current algorithms and methods.

Neural networks are promising, elegant, intelligent solutions due to their capability to assure
an adaptive, flexible, optimal control and an extraordinary processing speed, they are capable of
learning and to predict some of the parameters.

Although neural networks have proved the capability to solve many difficult problems, a
critical analysis reveals some disadvantages. In spite of that, a lot of successful products have
already showed that neural networks can provide a powerful tool for telecommunications industry.
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