Meton [ITYYHUX
HEUPOHHUX MEPEK




Jacu@1Kalilsg HEUPOMEPEK:
» za HaAnpAmMom 36 ,}13Ky
» 0e3 00epHEHOTO 3B’ S3KY

> Mmepedici 3 00epHeHUM PO3NOBCIOONCEHHIM NOMUIKIU,

> [HWi Mepedici (KOCHIMPOH, HEOKOSHIMPOH, THULL CKAAOHT MOOeli)

3 00EPHEHHUM 3B’ SI3KOM

» mepedici Xonghinoa (3adaui acoyiamushoi nam 'sami),

» mepedici Koxounena (3a0aui knacmepnozo ananizy)




Jacu@1Kalilsg HEUPOMEPEK:
*  MEpPEXI MPSIMOro PO3MOBCIOIKCHHS
» nepcenmpomu;
» mepexca Back Propagation,
> mepedica 3yCmpiuH020 PO3NO0BCIOONCEHHS,

» xapma Koxonena

PEKYPEHTHI MEPEXKI1 HaBuaHHHs

» mepeaca Xonghinoa, / \

» mepexca Enmana 3 BUMTENeM 6e3 BunTens




IliaroToBKa MaHUX 1O HABYAHHS:

® Ki1bKICHb CHOCHEPEHCEHD Y HADOPI;

» poooma i3 GUKUOAMU;

» nenpezeHmamueHIiCmb HABUAIbHOI 6UDIPKU;
» naeuaibHa 6UOIPpKa 0e3 npomupiu;

=™ poOoma miibKuU 13 YUCI08UMU OAHUMU.

IIpy BHUKOpPHCTaHHI Ha BX1J HEHPOHHOI MEpPEXK1 CIi
OJAaBaTH 3HAYEHHS 13 TOrO K Jlala30Hy, Ha SKOMY
HEWPOHHA MEPEKA HABYAJIACh.

» Hopwmamizaiiis gaHmux.




[ IpyHIMIIN, SKUMHA HEOOX1JHO KEPYBAaTUCh MPHU
303p00111 HOBOI KOH(PIrypaili HEMpOHHOI
MEPEKI:

B MOHCTIUBOCHIL MEPEHCL 3POCMAIOMb 31 3DOCMAHHAM YUCAA KOMIPOK
Mmepedci, WIIbHOCMI 36°A3KI8 MIXNC HUMU MaA YUCIOM BGUOLICHUX

™ ¢8eOCHHA 360POMHUX 38 °A3KI6 PA30OM 13 30I1bULEHHAM MOMHCAUBOCHEU
Mmepesxci niOIUMAE NUMAHHA PO OUHAMIYHY CHIUKICHb MePeX Cl;
CKJIAOHICHb AJ120PDUMMIB (PYHKUIOHYBAHHA MEPEHC MAKOMHC CHPUAE
RIOCUJICHHIO NOMYHCHOCHI MEPeCl.




apTH, IO CAMOOPIraH13yIOThCS
(Self-Organizing Maps, SOM)

Kapmu Koxonena

2D output
K neurons lattice

Weights matrix

Input layer

Neuron

Teuvo Kohonen




In the training phase, each input vector X; is input into the network, and only those winning
neurons closest to the current weight vector of the input receive a corresponding stimulus. The
pattern vector X; is calculated as the minimum Euclidean distance from the selected winning
neurons:

neuronc(—min{z:(m,,-—wﬁ)Q}, =12, SN x N (1)
J i

where c represents the winning neuron and x; represents the th coordinate of the input
vector. In addition, the level of the th weight of neuron jis denoted by wj;. The number of
neurons in a Kohonen level is denoted by NxXN. Once the winning neuron is selected, the
corresponding weight wj; of each neuron jin the layer is updated according to the difference
between the original weight and the input neuron, as follows:

Awﬁ=n(l_d.::+l) (zsi_w;d): d: =0,1,...,dna (2)

where the learning rate is ), the weight of the previous generation of wj; is w;:d and the

number of neurons between neuron j and the superior neuron is represented by the
topological distance d,. The size of the adjacent area d,,x decreases from the coverage of the
entire network to the winning neurons as training progresses. In addition, the learning rate n
changes during training:

Nyt

n= (g — pfinal) (1 J=2) 4 pfina (3)

where ng,¢ represents the total number of iterations; nepoch represents the current iteration
times.




PO e P S e . . . Y e e

\V{ O]_'[I/I(l) 1Ka]_I 1 9]  mpoctopi X Ta Y 0GUHCTIOIOTECA OKpeMO. OGHIBI BIACTAHI MACIITAGYIOTECA TaK.,

OM 060x:
AJIITOPUTMY

ze D(o, u) BKa3ye Ha 3aralbHy BiIcTaHb 00'€éKTa 0 10 OZHHHLI U, a Dy i Dy

........

BKa3VIOTh Ha Bi,;lCl' aHi B OKPEMHX IIpOoCTOopax.

HapuaHus KapTH BinGyBaeThcs y 3BHYANHOMY DEKHMi. IPH LBOMY EIeMEHT-
nepeMozelb Ta HOro OKOJIHIA OHOBIIOKOTHCA, a MIBHIKICTH HABYAHHA Ta PO3MIp
OKOJHII 3MeHINyIoThcA. KIHIEBHH pe3yiabTaTl CKIAaZacTbesAd 3 JBOX KapT: OJHA

KapTa 714 3MiHHHX X, iHma 1714 3MiHHHX Y. J[714 KepoBaHHX SOM OJHH eKcTpa

nmapaMeTp, Bara A1 npocropy X (abo Y), Mae GyTH BH3Ha9eHHH KOPHCTyBadeM.

ITefi MpHHUHI MOe OYTH MOIIHPEHHH 1 Ha OUIBIIY KUTBKICTh IIAPIB: Y TAKOMY Melssen WJ, Wehrens R, Buydens

BHITQJIKY MH HA3HBAEMO pPe3yiabTaTl CYNEPOPraHi30BaHOK KapTolo. I KOXKHOTO LMC (2006) “Supervised Kohonen

mapy OGYHCTIOETECA 3HA9eHHA CXOXKOCTI, 1 BCi OKpeMi 3HaU9eHHA CXO0KOCTi MOTiM Networks for Classification

006'eTHYIOThCA B OJIHE 3HAYeHHA, AKe BHKOPHCTOBY€ETHCA 111 BH3HAUEHHA OIHHHI- Problems.” Chemometrics and

ey S i Intelligent Laboratory Systems, 83,
D(o,u) = Z(!.‘I),‘((), u) 99-113.

Jle Bard 0; MacmTadyoThCA 10 OTHHHYHOI CyMH. 1{i Bard € € THHHMH J0JaTKOBHMH
rnapaMerpaMH (TIOPIBHAHO 3 KIAacCHYHHMH MeToJaMH SOM), AKi NMOBHHHI OyTH
BH3Ha4eHI KOPHCTYBaveM.

A\




The kohonen package for R

Function name

Short description

som
xyf

bdk

supersom
plot.kohonen
summary .kohonen
map .kohonen
predict.kohonen

standard SOM

supervised SOM: two parallel maps

supervised SOM: two parallel maps (alternative formulation)
SOM with multiple parallel maps

generic plotting function

generic summary function

map data to the most similar unit

generic function to predict properties

wines
nir
yeast

wine data: a 177-by-13 matrix
NIR spectra of 95 ternary mixtures
microarray data of the yeast cell cycle




Wine Dataset

3 13 arpmnbytamu:

> ankKorornb,

Nily4MHa KUCNnoTa,

3ona,

> NYXHICTb 30MM,

> MarHin,

> 3aranbHi cbeHONM,
> cbnasoHoOIAM,

(maB4anbHuK peno3utopid UCI Machine)

177 3paskKiB ITaniMCbKOro BMHa 3 TPbOX PI3HUX COPTIB BUHOrpaay

HednaBaHoigHiI hbeHONM,
NPoaHTOLIaHM,
IHTEHCUBHICTb KOJNbOpY,

BiATIHOK,

YV V VYV V VY

po36aBneHi BMHa
OD280/0D325,

> MNPOniH.




a. [lepur 3a Bce, HaM NOTPiOHO BcTaHOBUTH nakeT «kohonen» B RStudio. Ile
MaKeT, AKNI HaJa€ BCi HeoOXiAHI HAM (PyHKIIII Ta HAOIp JaHUX.

install. packages(“kohonen”)

library(kohonen)

search()

[1] ".GlobalEnv" "package:kohonen" "tools:rstudio" [4] "package:stats"
"package:graphics" "package:grDevices" [7] "package:utils"
"package:datasets" "package:methods" [10] "Autoloads" "package:base"

Is(2)

[1] "add.cluster.boundaries" "check.whatmap" [3] "classmat2classvec"
"classvec2classmat"  [5] "dist2WU" "expandMap" [7]
"getCodes" "layer.distances" [9] "map" "nunits"
[11] "object.distances" "som" [13] "somgrid"

"supersom" [15] "tricolor" "unit.distances" [17] "xyf"




b. Mu M0KeMO MOOAYUTH ONMC i CTPYKTYPY HAOopy nanux Wine 3a
nomomororo pynkuiin head(), scale(), dim() i str().

data(wines)

head(wines)

— s e

alcohol malic acid ash ash alkalinity magnesium tot. phenols

[1,] 13.20 1.78 2.14 11.2 100 2.65
{2} 13.16 2.36 2.067 18.6 101 2.80
[3, 14.37 1.95 2.50 16.8 113 3.85
[4,] 13.24 2.359 2.87 21.0 118 2.80
[5, 14. 20 1.70 2:45 15.2 112 3: 27
(6,] 14.39 1.87 2.45 14.6 96 2.50
flavonoids non-flav. phenols proanth col. int. col. hue
[1,] 2.76 0.26 1.28 4.38 1.05
[2,] 3.24 0.30 2.81 5.68 1:03
[3,] 3.49 0.24 2.18 7.80 0. 86
[4,] 2.69 0.39 1.82 4,32 1.04
[5,] 3.39 0.34 1.97 6.75 1.05
[6,] Y 0.30 1.98 P i) 1.02
OD ratio proline
11,1 3.40 1050
[2,] - W I 1185
[3,] 3.45 1480
[4,] 293 735
[5,] 2.85 1450
[6,] 3.58 1290




b. Mu M0KeMO MOOAYUTH ONMC i CTPYKTYPY HaOopy nanux Wine 3a
nomomoror pynkuin head(), scale(), dim() i str().

scale(wines)

#HOPMYBaHHS 3HAYCHb

head(scale(wines))

1,]
(2,]
(3,]
(4,]
(5.]
[6,]

(1,]
(2,]
[3,]
(4,]
(5.1]
(6,]

(1,]
[(2,]
(3.]
[4,]
(5,1]
[6,]

alconol maiic acia asn asn alkalinity magnesium
0.2551008 -0.50020530 -0.8221529 -2.4930372 0.02909756
0.2056453 0.01796903 1.1045562 -0.2748590 0.09964918
1.7016732 -0.34832662 0.4865552 -0.8144158 0.94626865
0.3045563 0.22345196 1.8316163 0.4445501 1.29902677
1.4914875 -0.51807338 0.3047901 -1.2940219 0.87571703
1.7264010 -0.41979894 0.3047901 -1.4738742 -0.25310893
tot. phenols flavonoids non-flav. phenols proanth
0.5710456 0.7375437 -0.8208101 -0.5370519
0.8104843 1.2181890 -0.4999191 2.1399040
2.4865554 1.4685250 -0.9812556 1.0376281
0.8104843 0.6674496 0.2220856 0.4077561
1.5607256 1.3683906 -0.1790282 0.6702028
0.3316069 0.4972211 -0.4999191 0.6876992
col. int. col. hue OD ratio proline
-0.29030665 0.4059482 1.1284966 0.96830550
0.26896630 0.3186634 0.8023031 1.39703475
1.18101141 -0.4232572 1.1994082 2.33388755
-0.31611925 0.3623058 0.4619272 -0.03206274
0.72929095 0.4059482 0.3484686 2.23861439
0.08397601 0.2750210 1.3837785 1.73049083




b. Mu M0KeMO MOOAYUTH ONMC i CTPYKTYPY HaOopy nanux Wine 3a
nomomoror pynkuin head(), scale(), dim() i str().

dim(wines)
[1] 177 13

str(wines)

$ : chr[1:13] "alcohol" "malic acid" "ash" "ash alkalinity " ...




c. IloTiM CTBOPITH 3MiHHY 3 HA3BOI «grid», ika MICTUTH IaHi 3 po3MipaMu
S5XS 1J1s1 CTBOPEHHS CAMOOPTraHI3aliiHUX KAPT 3 reKCaroHaJbHOI0
TOIOJIOTIEIO.

grid <- somgrid(xdim = 5, ydim = 5, topo = "hexagonal”)
[ToTiM BUKOHAMTE KOMaHIy caMOOpraHi3ailli KapT 31 3SMIHHOIO 3 IM'IM SOM.Wines
som.wines <- som(scale(wines), grid = somgrid(xdim = 5, ydim = 5, "hexagonal"))

str(som.wines)
plot(som.wines, type = "mapping"”) #display the SOM result plot




c. IloTiM CTBOPITH 3MiHHY 3 HA3BOI «grid», ika MICTUTH IaHi 3 po3MipaMu
SXS5 1JIS1 CTBOPEHHS CAMOOPTaHi3aiMHUX KAPT 3 FeKCATOHAJIbHOI0
TOIOJIOTI€IO.

Mapping plot




d. HactynHuM KpOKOM € 3'sICyBaHHS TOT0, SIKI YJIeHH € Y BepiuuuHi 1 i T.j.

> som.wines$gridS$pts

X y
[1,] 1.5 0.8660254
[2,] 2.5 0.8660254
[3,] 3.5 0.8660254
[4,] 4.5 0.8660254
[5,] 5.5 0.8660254
[6,] 1.0 1.7320508
[7,] 2.0 1.7320508
[8,] 3.0 1.7320508
[9,] 4.0 1.7320508
[10,] 5.0 1.7320508
[11,] 1.5 2.5980762
[12,] 2.5 2.5980762
[13,] 3.5 2.5980762
[14,] 4.5 2.5980762
[15,] 5.5 2.5980762
[16,] 1.0 3.4641016
[17,] 2.0 3.4641016
[18,] 3.0 3.4641016
[19,] 4.0 3.4641016
[20,] 5.0 3.4641016
[21,] 1.5 4.3301270
[22,] 2.5 4.3301270
[23,] 3.5 4.3301270
[24,] 4.5 4.3301270
[25,] 5.5 4.3301270




(1]
[30]
[59]
[88]

[117]
[146]
(175]

O00'exkTH, SAKI NOTPAIISIOTH Y 25 KiJI, MOKHA MTO0AYMTH 32 10IMIOMOI0K0
KOMAaH/IH1

> som.winesSunit.classif

9 & 2 6 2 3 1 9 3 29 3 3 £ 1 A 1 298 % 4 9 9S8 x T
/7 2 91 1 9 1 9 9 8 8 4 8 4 8 4 8 37 2 3 3 218 7 8 1 2
19 23 23 19 10 25 10 14 14 23 13 18 10 20 6 10 19 14 18 13 5 14 14 25 22 10 14 25 25

24 20 24 24 24 15 10 13 12 14 10 5 14 19 20 15 15 24 15 24 15 10 5 20 25 25 20 25 15
20 39 1510 6 20 5 5720 20 252020 18 37 17 17 23 €3 2222 21 22 22 17 22 22 17 17
el 23 21 A AL AT 1) 3023 2% 21 22 10 16 21 22 22 ¢ 21 .21 16 2X 11 %) XV 23316 21.2)
16 16 16

IloriM x04eMO0 MOOAYUTH 3arajJbHUM rpadik som.wines

text(som.wines$grid$pts, labels = som.wines$unit.classif,
cex =1.5)

str(som.wines)

som.wines$codes[[1]]

hclust(dist(som.wines$codes[[1]]))

peta = cutree(hclust(dist(som.wines$codes[[1]])), 5)
plot(peta)

plot(som.wines, type = “codes”, bgcol = rainbow(5)
[peta])




> hclust(dist(som.wines$codes[[1]]))

call:

hclust(d = dist(som.wines$codes[[1]]))
Cluster method : complete

Distance : euclidean

Number of objects: 25

Codes plot

cEEmm
i
EEE00
:
|
i




> hclust(dist(som.wines$codes[[1]]))

call:

hclust(d = dist(som.wines$codes[[1]]))
Cluster method : complete

Distance : euclidean

Number of objects: 25

cEEmm
i
EEE00
:
|
i




add.cluster.boundaries(som.wines,peta)

Codes plot

oeEEn
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{
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