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FTA TNA XQPIZ KPYOA EMIMNEAA

UTTOAOY10MOC KABe vEou Pdapouc:

Wi(new) = Wi(Old) + Aw; = Wi(Old) +d-(y—o0)-x;

Omovu

X;: n €mipgEpouc €icodoc 1 TNC omoiac
To Bdapoc avampooapuoletal

w;: TO BApog¢ Mou AVT1O0TO1XE1l otnv £€10000 X;

y : €£000C-0TOXOG TOU VEUpWVO

0 : mpaypatikn €€odo¢ TOu VEUpwva O =f<z Wl-xl->
d : pubuoc padnong i



FTA TNA XQPIZ KPYOA EMIMNEAA

UTTOAOY10MOC KABe vEou Pdapouc:

i(new) = Wi(Old) + Aw; = Wi(Old) +d-(y—0)-x;
Omou

X;: n €mipgEpouc €icodoc 1 TNC omoiac
To Bdapoc avampooapuoletal

w;: TO BApog¢ Mou AVT1O0TO1XE1l otnv £€10000 X;

y TOU VEeupwva

0 : mpaypatikn €€odo¢ TOu VEUpwva O =f<z Wl-xl->
d : pubuoc padnong i



ANATQI'H 2E AIKTYO

Otav unapyxouv kKpupa esmrimeda, O6€v yilvetal €papuoyn tTng
nponyoupevne pebodou

MEBodoc mou akoAouboupe und mpoumobeoec:
Back-Propagation of the Error



FENIKA yia feedforward TNA

* YmoAoy1lopdc €E66wv OAwvV Twv VEUpwvVwv pE dedboupeva Bapn,
Eeklvwvtac and eminmedo €10060U KAl TMPOXWPWVTOC TPOC TO
eninmedo €&Ed66ov




FENIKA yia feedforward TNA

* YmoAoy1lopdc €E66wv OAwvV Twv VEUpwvVwv pE dedboupeva Bapn,
Eeklvwvtac and eminmedo €10060U KAl TMPOXWPWVTOC TPOC TO
eninmedo €&Ed66ov

) :
——J(W) = a5

° Yno)\ov 10 ué q ané K)\-L o-r] q awD (error term of the output layer)
z . , (compute gradient) 5 =a® —y
T1unc €&66ou tou S1iktuou
ano T1un

output y <= target y

ag(z(z))
az(2)
(error term of the hidden layer)

5@ = (W(Z))Tsm .




FENIKA yia feedforward TNA

YIoAoy1opoc €E06wv OAwv Twv veupwvwv pe dedopgva Bapn,
Eeklvwvtac and eminmedo €10060U KAl TMPOXWPWVTOC TPOC TO
eninmedo €&Ed66ov

I(W) = ' su 1)

YT[O)\OV 10 ué q OUTC') K)\-L OT] q ,,‘.,‘ ‘ (error term of the output layer)

(compute gradient) 53 = q3) — y

T1unc €&66ou tou S1iktuou
ano T1uA

=
Avanpoocapuoyrn Twv Popwv <:>
Eekivwvtac amnd eminedo ommnyu* target y
€EO60U KA1l TIPOXWPWVTOC
npoc¢ eninebdo €10660v <:>
(back-propagation of
the er‘r‘or‘) 5@ = (W®) §® ,29(2®)

az@)
(error term of the hidden layer)




MaOnon pe eAaxiotonolnon oeAARATog

C3 = X;iwizx;, 03 = f(C3)

Cy = 2iWiaXi, 04 = f(Cy)
Cs = LiWi50;, 05 = f(Cs) =y,

Ce = ZiWi60iJ 06 = f(Cs) =y,




MaOnon pe eAaxiotonolnon oeAARATog

C3 = X;iwizx;, 03 = f(C3)

Cy = 2iWiaXi, 04 = f(Cy)
Cs = LiWi50;, 05 = f(Cs) =y,

Ce = ZiWi60iJ 06 = f(Cs) =y,




MaOnon pe eAaxiotonolnon oeAARATog

C3 = X;iwizx;, 03 = f(C3)

Cy = 2iWiaXi, 04 = f(Cy)
Cs = LiWi50;, 05 = f(Cs) =y,

Ce = ZiWi60iJ 06 = f(Cs) =y,

1 2
Etotal = Ez(tj — Yj)
J

ti: €§000G-0TOX0G TOU VEUpWVA j
yj: Tpaypatiky €§o60G Tou Veupwva j



Back-propagation of the error

1 2
Etotar = EZ(tj _yj)
J

[1a va avampooapudooupe Ta Bapn, Pplokoupe

nooco snnpedletal to opaApa amd Kabe PBapoc:

aEtotal
aWij




Back-propagation of the error

1 2
Etotar = EZ(tj _yj)
J

[1a va avampooapudooupe Ta Bapn, Pplokoupe
nooco snnpedletal to opaApa amd Kabe PBapoc:

aEtotal _ aEtotal
dwij  Of (X; wijx;)

(kavovac aAuvoidac)



1 2
Etotar = EZ(tj _yj)
J

[1a va avampooapudooupe Ta Bapn, Pplokoupe
nooco snnpedletal to opaApa amd Kabe PBapoc:

aEtotal _ aEtotal : af(ZiWijxi)
dwi;  Of (X wijx;) 0 X; WX,

(kavovac aAuvoidac)



1 2
Etotar = EZ(tj _yj)
J

[1a va avampooapudooupe Ta Bapn, Pplokoupe
nooco snnpedletal to opaApa amd Kabe PBapoc:

aEtotal _ aEtotal : af(ZiWijxi) . 0 ZiWijxi
dwi;  Of (X wijx;) 0 X; WX, ow;;

(kavovac aAuvoidac)



Back-propagation of the error

_ 0E¢otal : of (i wijx;) . 0 X WijXi
o Of (2 wiix) O X wijxg ow;;




_ OB Of (ywixi) 0 X;wix;
f Xy wijxi) 0 X;wijx; ow;;

0E; J0E,
af(ZiWijxi) af(Z 3W1501) af(Z 3Wl60l)

02 (tr — F (s wis00)?] alz(tz f(Shs wis0))?]
o s 500 o s 500

=—2(t1 f(zwlsol))( 1)+ 2(152 f(zwlaol))( 1)

Sfer(5e)



- [5-r@»)

LJ
> y, © \

aEtotal _ aEtotal : af(ZiWijxi) : ad ZiWijxi
dwij  Of (X;wijxi) 0 X; WX, dw;;

Oy wyxd)  OF (g Wis0D) | Of (Bly Wig0D)
02 (tr — F (s wis00)?] alz(tz f(Shs wis0))?]

af(z 3W1501) af(z 3WL6OL)

=—2(t1 f(zwlsol))( 1)+ 2(152 f(zwlaol))( 1)

Sfer(5e)



n, DI Ui

LJ
> y, © \

OE ot 0FEiotar  Of (Xywijx;) K i WijiX;

ow;  Of(Tywyx) 0% Wi, ow;;

Oa MPEMEL n OUVAPTNON EVEPYONMO1NONG
va €1val CUVEXNGC KAl Topoywyloipn

OlYMOELONC



Ny Ng - Z[tj SACES)]

Lj
= y1 \

OE ot 0FEiotar  Of (Xywijx;) K i WijiX;

ow;  Of(Tywyx) 0% Wi, ow;;

Eotwu =1+ exp(—ZiWijxi)

1
0 a . ou _ exp(— Zi Wijxi)
ou Ox (1 + exp(— ZiWijxi))z

af (X; wijx;) _ d . 1 v exp(— X; wijx;)
0 ZiWijxi 0 Zi wiixi 1+ exp(— Ziwijxi) (1 + exp(— ZiWijxi))z




n, DI Ui

L,j
= y1 \

OFtorar _  OErorar  Of (iwixi) 0 XWX

n6 an] . af(zl Wijxi) . azl Wijxl' 5WU
"" y, ©
Wb
eXp(— ZiWijxi) _ 1 _ exp(— z:i‘"’ijxi) _
(1+exp(=X;wijx;))”  1+exp(=Xiwyx) 1+ exp(—X;wix;)

1 exp(=Xywix) +1-1
1+exp(=X;wix;) 1+exp(=X,wix;)

1 <1 + exp(— X; wijx;) —1 )
1+exp(=X;wijx;) \1+exp(=X;wix;) 1+ exp(—X;wijx;)



- [ty - f@wR)]
ul \ fWx) (1 - f(Wx))
T
O0Eotar  Of (X wijx;) : d X wijx;

COf (X wijx:) : d 2 wijx; ow;;

exp(—X;wix;) 1 _ exp(— X wijx;)
(1 + exp(— 3, wijx;))’  T+exp(=Xywyx) 1+exp(=Z;wixg)
| exp(— Ziwijxi) +1-1
1+ exp(— Ziwijxi) . 1+ exp(— Ziwijxi) B
1 1+ exp(— Ziwijxi) |
1+ exp(— Ziwijxi) . <1 + exp(— Ziwijxi) 1 + exp(— Ziwijxi)>



Back-propagation of the error

—Z[tj—f(Wf)]
ul fWx)-(1—f(WX))
T

0Eiotal _ 0Eiotal . af(ZiWijxi) : ad ZiWijxi
dwij  Of (X;wijxi) 0% WijX; ow;;




Back-propagation of the error
—Z[tj—f(Wf)]

fwx) (1 - f(wXx))

T
0Eiotal 0Eiotal af(ZiWijxi) : ad Ziwijxi

ow;  Of(Twix) 0% wix; ow;;

aziwijxi aWiljxi aziiilwijxi

Owyj  OWiy OWi, j



Back-propagation of the error

n, DI Ui
'» y, o 7 \ [ 4 -f2)
aEtotal . aEtotal af(ZiWijxi) : ad ZiWijxi

ow;  Of(Twix) 0% wix; ow;;

0 Wuxl 5 Owlljxl azlil)/w]/x;




Back-propagation of the error

n, DI Ui
'» y, o Y \SFHAED
aEtotal . aEtotal af(ZiWijxi) : ad ZiWijxi

ow;  Of(Twix) 0% wix; ow;;

0 Wuxl 5 Owlljxl azlil)/w]/x;




- [5-r@»)

o) fWE) -A-fWx) x

4 /
0Etotar 0Eiotar  Of (Xywijx;) K i WijiX;

ow;  Of(Twix) 0% wix; ow;;




Back-propagation of the error
—Z[tj—f(Wf)]

L) fWE) -A-fWx) x
T

/=
0E¢total _ 0Etotal . af(ZiWijxi) : d Ziwijxi
dwij  Of (X;wijxi) 0% WijX; ow;;




Back-propagation of the error
—Z[tj—f(Wf)]

'» e TN @A

/=
aEtotal _ aEtotal : af(ZiWijxi) : d Ziwijxi
dwij  Of (X;wijxi) 0% WijX; ow;;

EOTW Wi; = Wsg!
aEtotal

o = —(ts —05) - 05 (1 —05) - 03 = =85 - 03



Back-propagation of the error

Exovtac Bpel moco

ouvelopEPEL KABE PBapoc OTo
TEALKO OPAApa,
avanpooapudlovpe ta Bapn,

ada1pWVTOC QUTH TN

“ouvelodpopa”

(TMOAAQITAQO1OCOMEVN UE TOV
pubpo padnong)




ENIKA

yia TNA pe EIFMOEIAH
OuVAPTNON €Vepyomoinong

Ma €vav veupwva €Eodou k:

O = (tx —0x) - 0 - (1 — 0g)

(new) _ _ (old)

ik = Wi, +a- oo

€€060c-0to)0oc tou veupwva k (emimedou €&dbdov)
npaypotikn €€odo¢ tou veupwva k (emimedou €E6dov)

: Badpog ouvdeong veupwva j (mponyoupevou emimEdov)

ne veuvpwva k (emimedou €Eodov)
npaypatiky €€odoc tou veupwva j (mponyoUpeEVoOU €mM1MESOU)

pubuog padnong



ENIKA

yia TNA pe EIFMOEIAH
OuVAPTNON €VeEpyoOmoinong

Ma €vav Kpupo veupwva Jj:

0j =0 U‘%Y}}m:@
J.k
ld
i(jnew) — Wl-(jo ) + a- 5] * X

: TipAypatTikg €£0060C¢ TOU veupwva j

: Bapoc ouvdeonc veuvpwva j pe veupwva k (endpevou emimedou)

: 0 veupwvwv endpevou eminedou and auto mou BpiloKETAL O VEUPWVAG J
: Bapoc ouvbdeonc veupwva i (mponyoUpevou E€MMEOOU) UE VEUPWVA J

: pubudéc pabnong
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o300t os{ 0 05 05 05 05 05 a5 s s s 05| | | |
ewosioslonl ||| ||
asomioslosl ||
osomoaood ||







0.5-1+0.5-0.05+0.5-0.10 =0.575

B
B

05105 05 05 05 05 05 a5 as os s [1 | | |




0.5-1+0.5-0.05+0.5-0.10 =0.575

B
B

05105 005 05 05 03 05 0s s o5 o& | | |




0.5-1+0.5-0.05+0.5-0.10 =0.575

B
B

05105 0 05 05 05 03 a5 s o5 os BRI |




0.5-1+0.5-0.05+0.5-0.10 =0.575

B
B

05105 05 05 05 05 05 05 s s o GRloM| |




Cc = z Wj50j = WosXg + W3503 + Wy504

J

0.5-1+05-064+05-0.64=1.14

B
B

505 a3 03 5] 0 05 05 05 05 05




Cc = z Wj50j = WosXg + W3503 + Wy504

J

0.5-1+05-064+05-0.64=1.14

B
B

505 a3 03 5] 0 05 05 05 05 05




C6 o z Wj60j = WopeXo + W3603 + W4604

J

0.5-1+05-064+05-0.64=1.14




C6 o z Wj60j = WopeXo + W3603 + W4604

J

0.5-1+05-064+05-0.64=1.14




1o Touc veupwvec €Eodou:
6k = (tx — o) - 0p - (1 — o),

1o TouC KPudoUC VEUPWVEG:
5] = Oj c (1—01) .Z]',kwjk '5k1

05105 5 os o o7

0.5




1o Touc veupwvec €Eodou:
6k = (tx — o) - 0p - (1 — o),

1o TouC KPudoUC VEUPWVEG:
5] = Oj c (1—01) .Z]',kwjk '5k1

YroAoyidoupe mpwta OAa ta 6

05105 5 os o o7

0.5




1o Touc veupwvec €Eodou:

O = (tx —0g) -0 - (1 —0y),

1o TouC KPudoUC VEUPWVEG:

5] = Oj c (1—01) .Z]',kwjk '5k1

YroAoyidoupe mpwta OAa ta 6

05 = (ts —05) - 05 - (1 —05) =
= (0.01 -0.76) - 0.76 - (1 — 0.76) = —0.1368




1o Touc veupwvec €Eodou:

O = (tx —0g) -0 - (1 —0y),

1o TouC KPudoUC VEUPWVEG:

5] = Oj c (1—01) .Z]',kwjk '5k1

YroAoyiloupe mpuwta OAa ta 6 ds = —0.1368

06 = (tg — 0¢) - 06 - (1 — 0g) =
=(0.99 - 0.76) - 0.76 - (1 — 0.76) = —0.042




1o Touc veupwvec €Eodou:

W
X4 11 6k = (tx — o) - 0p - (1 — o),
QY
1o TouC KPudoUC VEUPWVEG:
W, 0; =0j'(1_oj)'zj,ijk'5k;
X
2
RS A YroAoyiloupe mpuwta OAa ta 6 s = —0.1368
O,
= 6 = —0.0420

63 = 03+ (1 —03) - (W35 * 05 + wzg * 8g) =
= 0.64-(1—0.64) - (0.5 (—0.1368) + 0.5 - (—0.0420)) = —0.0206

|| o i i e 5]
683618011838 0 0 05 05 05 05 05 05 03 05 5 0 os s oo
) L R

B e O O O Y I O
oz o N O Y




1o Touc veupwvec €Eodou:

W
X4 11 6k = (tx — o) - 0p - (1 — o),
QY
1o TouC KPudoUC VEUPWVEG:
W, 0; =0j'(1_oj)'zj,ijk'5k;
X
2
RS A YroAoyiloupe mpuwta OAa ta 6 s = —0.1368
O,
= 6 = —0.0420
63 = —0.0206

64 =04 (1 —04) - (Wys5 + 65 + Wy - Gg) =
= 0.64-(1—0.64) - (0.5 (—0.1368) + 0.5 - (—0.0420)) = —0.0206

|| o i i e 5]
683618011838 0 0 05 05 05 05 05 05 03 05 5 0 os s oo
) L R

B e O O O Y I O
oz o N O Y




1o Touc veupwvec €Eodou:
6k = (tx — o) - 0p - (1 — o),

1o TouC KPudoUC VEUPWVEG:
5] = Oj c (1—01) .Z]',kwjk '5k1

5 = —0.1368
§e = —0.0420
53 = —0.0206
5, = —0.0206

Avavewvoupe ta Bdpn

05105 5 os o o7

0.5




1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X3
AVOVEWVOUMPE Ta Bdpn 05 = —0.1368
6 = —0.0420

63 = —0.0206
(new) (old) 3
w = +04:06c-05 =
35 5°03 = 5, = —0.0206

=05+ 0.4:(—-0.1368) - 0.64 = 0.465

e o i v v 2| |
o5 03 05 05 05 05 05 05 05 05 a3 a3 oo o7l




1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X3
AVOVEWVOUMPE Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) 63 = —0.0206
w. = +0.4-6c:045 =
35 37085 = 5, = —0.0206

=05+ 0.4:(—-0.1368) - 0.64 = 0.465

e o i v v 2| |
s s os s o5 o5 510 0 0 0 o o o e
EEEEEEE EEREEEE




1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X3
AVOVEWVOUMPE Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) 63 = —0.0206
w = +0.4-6:-04 =
45 370e = 5, = —0.0206

=05+ 0.4:(—-0.1368) - 0.64 = 0.465

e o i v v 2| |
s s os s o5 o5 510 00 0 o o o e
EEEEEEE  EEEEEE




1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X3
AVOVEWVOUMPE Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) 63 = —0.0206
w = +0.4-6:-04 =
45 370e = 5, = —0.0206

=05+ 0.4:(—-0.1368) - 0.64 = 0.465

e o i v v 2| |
s s os s o5 o5 510 0 0 0 o oo e
EREEEEEE  EEEEEE




1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
8 =07+ (1= 05) - X Wi *
X3
AVOVEWVOUMPE Ta Bdpn 05 = —0.1368
e = —0.0420
63 = —0.0206

ld
wir) = w2 10465 x, =
= 0.5+ 0.4-(—0.1368) - 1 = 0.4453

e o i v v 2| |
s s 0075 o515 0 0 0 0 o oo e
B EEEEN  EEEEEE

5, = —0.0206




1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
8 =07+ (1= 05) - X Wi *
X3
AVOVEWVOUMPE Ta Bdpn 05 = —0.1368
e = —0.0420
63 = —0.0206

ld
wir) = w2 10465 x, =
= 0.5+ 0.4-(—0.1368) - 1 = 0.4453

e o i v v 2| |
s s s o575 o5 510 0 0 0 o oo e
B EEEEN  EEEEEE

5, = —0.0206




1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X3
AVOVEWVOUMPE Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) 63 = —0.0206
w. = +0.4-6f:045 =
36 6709 = 5, = —0.0206

= 0.5+ 0.4 - (—0.042) - 0.64 = 0.489

e o i v v 2| |
. IR 6 e ) (i
B EEEEN EEEEE




1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X3
AVOVEWVOUMPE Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) 63 = —0.0206
w. = +0.4-6f:045 =
36 6709 = 5, = —0.0206

= 0.5+ 0.4 - (—0.042) - 0.64 = 0.489

e o i v v 2| |
s s 0 o705 o515 0 0 0 0 o oo e
Chm | peeew |




1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X3
AVOVEWVOUMPE Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) 63 = —0.0206
w = +0.4-6f-04 =
46 670 = 5, = —0.0206

= 0.5+ 0.4 - (—0.042) - 0.64 = 0.489

N N N Y A A Y T I
05 05 05 05 05 03 05 5 05 05 05 05 st et s o5
W EE s




1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X3
AVOVEWVOUMPE Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) 63 = —0.0206
w = +0.4-6f-04 =
46 670 = 5, = —0.0206

= 0.5+ 0.4 - (—0.042) - 0.64 = 0.489

N N N Y A A Y T I
05 05 05 05 05 03 05 5 05 05 05 05 st et s o5
W W s




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) b3 = —0.0206
w =w + 04065 x5 =
06 06 6 =0 5, = —0.0206

=054+0.4-(-0.042) -1 = 0.4832

e o i v v 2| |
o5 03 05 0 05 05 05 05 05 05 a3 a3 oo ol

.4453 .---- .4650.4650.4890.48




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) b3 = —0.0206
w =w + 04065 x5 =
06 06 6 =0 5, = —0.0206

=054+0.4-(-0.042) -1 = 0.4832

e o i v v 2| |
o5 03 05 0 05 05 05 05 05 05 a3 a3 oo ol

.4453 .48320 4650.4650.4890.48




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) b3 = —0.0206
=W +0.4'63‘x1=
13 = 5, = —0.0206

=054+ 0.4-(—-0.0206) - 0.05 = 0.4996

v i v i i i | ] 5| 0
05 05 05 05 05 05 05 05 05 05 05 05 st et s 05
| peesees | |




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) b3 = —0.0206
w =w +04:-65-x; =
= 13 5 5, = —0.0206

=054+ 0.4-(—-0.0206) - 0.05 = 0.4996

e o i v v 2| |
o5 03 05 0 05 05 05 05 05 03 a3 a3 oo o7/

0.78 - .4453.4832 .49960.465 0.465/0.489 0.489




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
6 = —0.0420
63 = —0.0206
Wz(;leW) = (Old) + 0.4 - 63 o7 = ’
6, = —0.0206

=054+ 0.4:(—-0.0206) - 0.10 = 0.4992




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
6 = —0.0420
63 = —0.0206
Wz(;leW) = (Old) + 0.4 - 63 o7 = ’
6, = —0.0206

=054+ 0.4:(—-0.0206) - 0.10 = 0.4992




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) b3 = —0.0206
=W +0.4'63‘x0=
03 03 5, = —0.0206

=054+ 0.4:(-0.0206) -1 = 0.4918
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) b3 = —0.0206
=W +0.4'63‘x0=
03 03 5, = —0.0206

=054+ 0.4:(-0.0206) -1 = 0.4918

N N N Y A A Y T I
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1o Touc veupwvec €Eodou:

X1 6k = (L — 0x) - 0p - (1 — 0p)
1o TouC KPudoUC VEUPWVEG:
8 =07+ (1= 05) - X Wi *
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
6 = —0.0420
63 = —0.0206

ld

= 0.5+ 0.4-(—0.0206) - 0.05 = 0.4996




1o Touc veupwvec €Eodou:

X1 6k = (L — 0x) - 0p - (1 — 0p)
1o TouC KPudoUC VEUPWVEG:
8 =07+ (1= 05) - X Wi *
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
6 = —0.0420
63 = —0.0206

ld

= 0.5+ 0.4-(—0.0206) - 0.05 = 0.4996




1o Touc veupwvec €Eodou:

X1 6k = (L — 0x) - 0p - (1 — 0p)
1o TouC KPudoUC VEUPWVEG:
8 =07+ (1= 05) - X Wi *
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
6 = —0.0420
63 = —0.0206

ld
wir) = w1046, x, = 5~ 0020¢

=054+ 0.4-(—-0.0206) - 0.10 = 0.4992




1o Touc veupwvec €Eodou:

X1 6k = (L — 0x) - 0p - (1 — 0p)
1o TouC KPudoUC VEUPWVEG:
8 =07+ (1= 05) - X Wi *
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
6 = —0.0420
63 = —0.0206

ld
wir) = w1046, x, = 5~ 0020¢

=054+ 0.4-(—-0.0206) - 0.10 = 0.4992




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) b3 = —0.0206
w = + 046, x5 =
04 I = 5, = —0.0206

=054+ 0.4:(-0.0206) -1 = 0.4918




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn 05 = —0.1368
5e = —0.0420
(new) (old) b3 = —0.0206
w = + 046, x5 =
04 I = 5, = —0.0206

=054+ 0.4:(-0.0206) -1 = 0.4918
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"’ C3 = 5 Wi3X; = Wp3Xg T W13X1 + Wp3X>

—04918 1+ 0.4996-0.20 + 0.4992 - 0.45

% — 0.81636
-
X, > -
Weo — - — —
1 &S : 03 = f(C3) = 1+ e-C 1+ 081636 0.69
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"’ C3 = 5 Wi3X; = Wp3Xg T W13X1 + Wp3X>

—04918 1+ 0.4996-0.20 + 0.4992 - 0.45

% — 0.81636
-
X, > -
Weo — - — —
1 &S : 03 = f(C3) = 1+ e-C 1+ 081636 0.69
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osomlomosl ||| 0L |
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"’ Cy = E WiaXi = WpaXg T W1aX1 + WosXo

X1
l
= 0.4918 -1 + 0.4996 - 0.20 + 0.4992 - 0.45
= 0.81636
X5 -
Wb 03 = f(C3) = = 069

1+ e-C: 1+ ¢-081636

x| v o s e v 50| 5
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"’ Cy = E WiaXi = WpaXg T W1aX1 + WosXo

X1
l
= 0.4918 -1 + 0.4996 - 0.20 + 0.4992 - 0.45
= 0.81636
X5 -
Wb 03 = f(C3) = = 069

1+ e-C: 1+ ¢-081636

x| v o s e v 50| 5
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 s ot a7 5
15 oo .18 5o o e st 0 o BBGE| |
osomlomosl ||| 0L |
osomloalool ||




CS = Z WjSOj = Wop5Xp + W3503 + Wy504

X1
J
= 0.4453 -1+ 0.465-0.69 + 0.465 - 0.69
= 1.087
X,
1 1
RS AN Wb 05 = f(Cs) =7 R
= (0.748

L | e i v
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02t 3 a1 s s s o5
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CS = Z WjSOj = Wop5Xp + W3503 + Wy504

X1
J
= 0.4453 -1+ 0.465-0.69 + 0.465 - 0.69
= 1.087
X,
1 1
RS AN Wb 05 = f(Cs) =7 R
= (0.748
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C6 — z Wj60j = WopeXo + W3603 + W4604

%)
J
=0.4832-1+ 0.489 - 0.69 + 0.489 - 0.69
= 1.158
X
2 Wl 1 1
o) QCDV\ND(" 05 — f(CS) — 1 4+ e_CS 1 4+ e_l 158 — 076

L | e i v
6361861183 0 0 05 05 05 05 05 a3 05 05 o
02t 3 a1 s s s o5
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C6 — z Wj60j = WopeXo + W3603 + W4604

%)
J
=0.4832-1+ 0.489 - 0.69 + 0.489 - 0.69
= 1.158
X
2 Wl 1 1
o) QCDV\ND(" 05 — f(CS) — 1 4+ e_CS 1 4+ e_l 158 — 076

L | e i v
6361861183 0 0 05 05 05 05 05 a3 05 05 o
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1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
5] = Oj c (1—0]) 'Zj,kwjk '6](,
X3
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1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
5] = Oj c (1—0]) 'Zj,kwjk '6](,
X3

YroAoyidoupe mpwta OAa ta 6

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
150078 o 1.5 o o st 550501610 05010075
oseowlowlos| || ||| ||
0




1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
5] = Oj c (1—0]) 'Zj,kwjk '6](,
X3

YroAoyidoupe mpwta OAa ta 6

05 = (ts —05) - 05 - (1 —05) =
= (0.12-0.748) - 0.748 - (1 — 0.748) = —0.1184

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
150078 o 1.5 o o st 550501610 05010075
oseowlowlos| || ||| ||
0




1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
5] = Oj c (1—0]) 'Zj,kwjk '6](,
X3

Yrnoloyiloupe mpwta OAa ta 6 ds = —0.1184

06 = (tg — 0¢) - 06 - (1 — 0g) =
= (0.78 - 0.76) - 0.76 - (1 — 0.76) = —0.0036

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
150078 o 1.5 o o st 550501610 05010075
oseowlowlos| || ||| ||
0




1o Touc veupwvec €Eodou:

O = (tx —0g) -0 - (1 —0y),

1o TouC KPudoUC VEUPWVEG:

4
W N ) @ZQf(y_WyZuﬂ%'%,
X2 24 F
& A YroAoyiloupe mpuwta OAa ta 6 6z = —0.1184
6 = —0.0036

83 = 03+ (1 —03) - (W35 - 05 + W3g * 8g) =
= 0.69 - (1 —0.69) - (0.465 - (—0.1184) + 0.489 - (—0.0036)) = —0.0122

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
150078 o 1.5 o o st 550501610 05010075
oseowlowlos| || ||| ||
0




1o Touc veupwvec €Eodou:

O = (tx —0g) -0 - (1 —0y),

1o TouC KPudoUC VEUPWVEG:

4
W N ) @ZQf(y_WyZuﬂ%'%,
X2 24 F
& A YroAoyiloupe mpuwta OAa ta 6 6z = —0.1184
6 = —0.0036
55 = —0.0122

04 =04 (1 —04) - (Wys * 05 + Wyg * 0g) =
=0.69-(1-0.69) - (0.465 - (—0.1184) + 0.489 - (—0.0036)) = —0.0122

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
150078 o 1.5 o o st 550501610 05010075
oseowlowlos| || ||| ||
0




1o Touc veupwvec €Eodou:

X4 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X3
AVOVEWVOUMPE Ta Bdpn s = —0.1184
6 = —0.0036
63 = —0.0122
6, = —0.0122

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
150078 o 1.5 o o st 550501610 05010075
oseowlowlos| || ||| ||
0




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w. = w +04:-6c-03 =
35 = > 3 5, = —0.0122

= 0.465+ 0.4 - (—0.1184) - 0.69 = 0.4323

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
1501078 o 1.5 o s st 55501610 05010075
osiowlowos| || |||
53




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w. = w +04:-6c-03 =
35 = > 3 5, = —0.0122

= 0.465+ 0.4 - (—0.1184) - 0.69 = 0.4323

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
1501078 o 1.5 o s st 55501610 05010075
osowlowon| || ||| | @8 | | | | | |
53




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w =w +04:-6c-04 =
45 = > 4 5, = —0.0122

= 0.465+ 0.4 - (—0.1184) - 0.69 = 0.4323

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
1501078 o1 1.5 o s st 550501610 05010075
osoulowon| ||| ||| sl || ||
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w =w +04:-6c-04 =
45 = > 4 5, = —0.0122

= 0.465+ 0.4 - (—0.1184) - 0.69 = 0.4323

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
1501078 o1 1.5 o s st 550501610 05010075
osoulowon| || || || | jeses | | | | |
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w =w +04:0c-x5 =
05 U > 70 5, = —0.0122

= 0.4453 4+ 0.4-(—0.1184) - 1 = 0.398

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
1501078 o 1.5 o s st 5050501610 05010075
osonlowon| | ||| | jeses | | | | |
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w =w +04:0c-x5 =
05 U > 70 5, = —0.0122

= 0.4453 4+ 0.4-(—0.1184) - 1 = 0.398

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
1501078 o 1.5 o s st 5050501610 05010075
osonlowon| | | ||| jeses | | | | |
oslomtoon] |||




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w. = W +0.4'66‘03=
56 36 8§, = —0.0122

0.489 + 0.4 - (—0.0032) - 0.69 = 0.488

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
015021078 o1 1.5 o s st 550501610 05010075
osonlowon| | | ||| jeses | ||
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w. = W +0.4'66‘03=
56 36 8§, = —0.0122

0.489 + 0.4 - (—0.0032) - 0.69 = 0.488

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
015021078 o1 1.5 o s st 550501610 05010075
osonlowon| | W | ||| (esewem | | | |
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w =w + 04604 =
*6 46 8§, = —0.0122

0.489 + 0.4 - (—0.0032) - 0.69 = 0.488

R P M I N
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w =w + 04604 =
*6 46 8§, = —0.0122

0.489 + 0.4 - (—0.0032) - 0.69 = 0.488

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
01501078 o 1.5 o s st 5050501610 05010075
osonlowon| | g | ||| (esesewee | |
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w = W, +0.4'66‘x0=
06 06 8§, = —0.0122

= 0.4832 + 0.4 - (—0.0032) -1 = 0.4819

R P M I N
68380801063 0 05 05 05 05 03 5 0 05 05 05 03 lot ot o o
0200153278 s o 5 5.5 o o .t 005 o3 0 707
osomomosn| | | ||| e | ||
oslomtoon] |||




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w = W, +0.4'66‘x0=
06 06 8§, = —0.0122

= 0.4832 + 0.4 - (—0.0032) -1 = 0.4819

R P M I N
68380801063 0 05 05 05 05 03 5 0 05 05 05 03 lot ot o o
0200153278 s o 5 5.5 o o .t 005 o3 0 707
osomomos| | pmeed | || e | |
oslomtoon] ||| |




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w =w +04:-65-x; =
13 13 5 5, = —0.0122

= 0.4996 + 0.4 - (—0.0122) - 0.2 = 0.4986
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w =w +04:-65-x; =
13 13 5 5, = —0.0122

= 0.4996 + 0.4 - (—0.0122) - 0.2 = 0.4986

R P M I N
68380801063 0 05 05 05 05 03 5 0 05 05 05 03 lot ot o o
0200153278 s o 5 5.5 o o .t 0205 o3 0 707
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
= W. +0.4'63‘x2=
a3 23 8§, = —0.0122

= 0.4992 + 0.4 - (—0.0122) - 0.45 = 0.497
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
= W. +0.4'63‘x2=
a3 23 8§, = —0.0122

= 0.4992 + 0.4 - (—0.0122) - 0.45 = 0.497
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
=W +0.4'63‘x0=
03 03 8§, = —0.0122

= 0.4918 + 0.4 - (—0.0122) - 1 = 0.4869
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
=W +0.4'63‘x0=
03 03 8§, = —0.0122

= 0.4918 + 0.4 - (—0.0122) - 1 = 0.4869
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w =w +04:60,-x =
14 14 o 5, = —0.0122

= 0.4996 + 0.4 - (—0.0122) - 0.2 = 0.4986
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w =w +04:60,-x =
14 14 o 5, = —0.0122

= 0.4996 + 0.4 - (—0.0122) - 0.2 = 0.4986
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w. = w +04:0,-x, =
a4 24 ' e 5, = —0.0122

= 0.4992 + 0.4 - (—=0.0122) - 0.45 = 0.497

R P M I N
3868380801065 05 05 05 05 5 05 05 05 05 05 5 0 oot s 6
1001501078 o 1.5 o o st 550501610 05010075
ot os o ol osm e (omamoiee | ||
3




1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
w. = w +04:0,-x, =
a4 24 ' e 5, = —0.0122

= 0.4992 + 0.4 - (—=0.0122) - 0.45 = 0.497
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
=W +0.4'64‘x0=
0% 04 8§, = —0.0122

= 0.4918 + 0.4 - (—0.0122) - 1 = 0.4869
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1o Touc veupwvec €Eodou:

X1 6k = (tx — o) - 0p - (1 — o),
1o TouC KPudoUC VEUPWVEG:
0j = 0j - (1- Oj) * 2k Wik * Ok
X2
Avavewvoupe Ta Bdpn s = —0.1184
d¢ = —0.0036
(new) (old) 63 = —0.0122
=W +0.4'64‘x0=
0% 04 8§, = —0.0122

= 0.4918 + 0.4 - (—0.0122) - 1 = 0.4869
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Ta ocuvexilovtal HEXPL va

X . .
= 1KavVOmo1nOel KAMo1o KP1THp1lo
TEPUATLOMOU
.X. N METABOAN Twv Bapwv va
X7 glval mapa TOAU H1KPA N TO OPAApQ

Va TTECET KATW amo €va KOATWPAL

R P M I N
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To TNA tpododoteital toéoo pe Sdiavuopata €1066ou 600 Kal
ue oO61l1avuopata £&o6dou

To &1ktuo umoAoyilel €va MPOOwWP1lVO amoteAecpa €E66ou, TO
OUYKp1lveELl HE TO €mM1OUPNTO Kal umoAoyilel HEOW MULOC
ouvaptnonc to odpAaApa/andkAion

To AdBoc “OotéAvel onua” otouc veupwvec €EO660U Kal autotl
UE TN OE1PA TOUC OTOUC UTIOAOLITIOUC Y10 TPOTONOincn Twv
Boapwv wWoTE va €AATTWOET TO OPAApQ

Av to opaApa 6ev eAattwOel KATW amMd €V CUYKEKPLUEVO
KOTWOAL TOTE TPOMOMOLOUVTAL €K VEOU TA Papn



! U
ITapapetpol exmaloeuong
e Ap1OpOC Kpudwv EmMLMEOWV
e Ap1OpdC veupwvwy ava eminedo
Eume1p1ikog kavovac yia mpoBAnuata Katnyopiromoinong: apiiuoc VEUPWVWV OTaA
Kpupa emimeda < aplOuUo mapadeLyUATwV EKMATOEUONC
* Ap1Opoc kKUKAwv exkmaideuonc (epochs)
 MéyeBoc ouvolou ekmaideuonc (training set)

* MéyeBoc cuvolou bokipng (test set)

 PuBuoc ekmaildevonc

2TNV mpagn ol maparmavw T1MECG OlvovTal apX1lKa tuxaila r EUMELPLKA
Kol avaAoya HE TN $uon tou mpoc emiAucn mMpoBARuUaToC.
MapakoAovBwvtac tnv €EEA1EN Tou S1KTUOU yilvovTal AVOATPOCAPUOYEC
onou xpeialstail, T.X. av ToO O1KTUO KoBuoTepel MOAU va TEPUATLOET
aAAdloupe Tov pubpd exkmaideuoncg



NpoBAedn miBavoétTntac Bpoxomtwong

O1ATPpO O€ TNAEMIKOLVWV1OKEC YPOAUUEC TIOU “KOPBeL”
B6puBo/mapdacita

JUOKEUN OVOYVWPL1ONC AVTIKELUEVWV TIOU TIEPTLEXOUV EKPNKTLKA
oe agpodpoura

Avoyvwp1lon €1KOVWV, KETUEVWV KAl YEVIKA TPOTUTIWV
(pattern recognition)

YIOAOY1OHOC mapdyovta pilokou O€ pia ailtnon yia davelo



" YOAOY1OMOC TOpAyovTO PlOKOU O€E 1o ailitnon yia 6AVelo

KukAodopouv evepyntikd / BpaxumpoBeopeg urtoxpewoels (Mevikn pevototnta)

(AoBéopa + BpayumpoBeopueg emevduoels + Kabapeg amodoyxeg) / BpoaxumpoBeopes YIOXPEWOELG

(Ecoda ocuvexoU¢ ekpetaAAevonc + AtooBeaelg + NMAnpwieg) / BpaxumpoOeopeg YmoxpewoeLg +
MakpompoBeopeC YIOXPEWOELS

(BpaxumpoBeaopecg Ymoxpewaoelg + MakpomnpoBeopeg Yrnoxpewoelg) / Tuvolo EvepyntikoU

(KukAodopouv Evepyntikd — BpaxumpoBeopeg umoxpewoelcg) / Z0voho Evepyntikol

‘Ecoba ouvexoU¢ ekpetallevong / 2Uvoho Evepyntikol

(Ecoba ouvexoug ekpetalAevong + Dopol elcodrjpartog + Tokot) / Tuvoho Evepyntikou

KaBapéc MwAnoelg / uvolo EvepyntikoU

Képbn mpog dtaBeon (KKM®) / Zuvoho Evepyntikou

KukAodopouv Evepyntikd / KaBapég MwANoeLg

(KukAodopouv Evepyntikd — BpaxumpoBeopeg Yrnoxpewoelg) / Kabapec NwAnoeLg

KukAodopouv Evepyntikd / Z0volo Evepyntikou

(AaBéopa + BpayumpoBeopeg emevdiuoelg) / ZUvolo Evepyntikou




Etalpia 1

X01

X02

X03

X05

X06

X07

X08

X09

X10

X11

X12

X13

Ploko

Etalpia 2

Etatpia 3

Etalpia 4

Etaipia 5

Etalpia 6

Etalpia 7

Etaipia 8

Etalpia 9

Etalpia 10

Etaipia 11

Etalpia 12

Etaipia 13

Etalpia 14

Etalpia 15




X01 | X02 | X03 | X04 | X05 | X06 | X07 | X08 | X09 | X10 | X11 | X12 | X13 | Pioko

Etalpia 1

Etalpia 2

Etatpia 3

Etalpia 4

Etaipia 5

Eraupla 6 KABs ypappn : €va mapadseilypa ekmaideuvong —
Etalpia 7

Etaipia 8

Etalpia 9

Etalpia 10

Etaipia 11

Etalpia 12

Etaipia 13

Etalpia 14

Etalpia 15



A1VOUUE apX1KEC T1HEC ota Pdapn (Tuxailec) kKal OTo PuBUO

Haénong

EmavaAnmTika:

e g104ayoupe €va mapadseiypa (m.X. T1UEC M1OC YPOUUAC TOU
NMPONYOUUEVOU TivaKka yila T1C OTAAEC X01-X13)

e gKkteAovpe €va forward pass, umoAoyilovtac T1c €EOdouc Twv
VEUPWVWV

* PBplokoupe tnv amokAion tng €&odou mou BprikKape amod tTnv
emBupntny (m.x. T1uR tng otnAng “Piloko” otov mponyoupevo
nivaka

e g€KTeAoUUE back-propagation, avampocoppdolovtoc ta Bapn
avaAoya HE TO OPAApQ

MExp1l va 1Kavomolnbel €va KP1lTHAPlO TEPUATLOUOU

To TNA €xel ekmaldeutel KAl TO ou €Xe1 mapaxBeil amod
Tnv eknaidevon €ival ol



Néco KAAA ekmaldevtTnKeE TO TNA;

Av €10dyw €va VEo mapadelyua, mou OEV aVAKEL OE OQUTA HE TA
onoila ekmaldevutnke, 6a KAVEL owotrh MPOBAEYn;



Néco KAAA ekmaldevtTnKeE TO TNA;

Av €10dyw €va VEo mapadelyua, mou OEV aVAKEL OE OQUTA HE TA
onoila ekmaldevutnke, 6a KAVEL owotrh MPOBAEYn;

ANATKH TIA A=IOANOIHXZH TOY MONTEAQY mou €xel mpokudel amd tnv
ekmaideuvon



Hold-Out

Subject delta
9.2405
44156
10.516
8.6905

6 7 8
alpha alphal_8_10Hz alpha2_10_13Hz
120.64 47.242
100.72 28.315
107.26

78.061

Test set

9

beta
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Train the
model on the
training set

Evaluate its
accuracy on the
test set



H emiAoynl twv mopadelypdtwyv mou Oa amoteA€couv to training
set ka1 to test set eival tuxaia

AVAVAVAS



H emiAoynl twv mopadelypdtwyv mou Oa amoteA€couv to training
set ka1 to test set eival tuxaia

ANNA;
[Mpoooxry otnv Katavopn tn¢ KAdonc!
AVT1MTPOOWNEVUT1KO Oelypa mopadelypudtwyv o€ KABe set

. X .
100 napadeiypata: 60 -> kKAdon 1, 40 -> kKAdon 2

training set: 70%

test set: 30%



H emiAoynl twv mopadelypdtwyv mou Oa amoteA€couv to training
set ka1 to test set eival tuxaia

ANNA;
[Mpoooxry otnv Katavopn tn¢ KAdonc!
AVT1MTPOOWNEVUT1KO Oelypa mopadelypudtwyv o€ KABe set

. X .
100 napadeiypata: 60 -> kKAdon 1, 40 -> kKAdon 2

training set: 70% -> 70 mopadsiypata
60 and kKAdon 1
10 and kAdon 2

test set: 30% -> 30 mapadeiyupata
OAa amnd KkAdon 2



H emiAoynl twv mopadelypdtwyv mou Oa amoteA€couv to training
set ka1 to test set eival tuxaia

ANNA;
[Mpoooxry otnv Katavopn tn¢ KAdonc!
AVT1MTPOOWNEVUT1KO Oelypa mopadelypudtwyv o€ KABe set

. X .
100 napadeiypata: 60 -> kKAdon 1, 40 -> kKAdon 2

training set: 70% -> 70 mapadeiypata
60 and kKAdon 1
10 and kAdon 2

test set: 30% -> 30 mapadsiyupata
OAa amnd KkAdon 2

Mropw va Bpw KaAUTEPO TPOTIO?



H emiAoynl twv mopadelypdtwyv mou Oa amoteA€couv to training
set ka1 to test set eival tuxaia

ANNA;
[Mpoooxry otnv Katavopn tn¢ KAdonc!

AVT1MTPOOWNEVUT1KO Oelypa mopadelypudtwyv o€ KABe set

KOTOLVOUT)
KA&oNG:
60% KAdon 1
£40% KAdoN 2

. X .
100 napadeiypata: 60 -> kKAdon 1, 40 -> kKAdon 2

training set: 70% -> 70 mapadeiypata

test set: 30% -> 30 mapadsiyupata



H emiAoynl twv mopadelypdtwyv mou Oa amoteA€couv to training
set ka1 to test set eival tuxaia

ANNA;
[Mpoooxry otnv Katavopn tn¢ KAdonc!

AVT1MTPOOWNEVUT1KO Oelypa mopadelypudtwyv o€ KABe set

KOTOLVOUT)
KA&oNG:
60% KAdon 1
£40% KAdoN 2

. X .
100 napadeiypata: 60 -> kKAdon 1, 40 -> kKAdon 2

training set: 70% -> 70 mapadeiypata
42 am6 kAdon 1 ( 60% x 70 )
28 amd kAdon 2 ( 40% x 70 )
test set: 30% -> 30 mapadsiyupata
18 amd kAdon 1 ( 60% x 30 )
12 an6é kAdon 2 ( 40% x 30 )



METABANTA KAAONG
(class variable)
uetapAntec (variables)

X01 | X02 | X03 | X04 | X05 | X06 | X07 | X08 | X09 | X10 | X11 | X12 | X13 | Pioko

Etalpia 1

Etalpia 2

Etatpia 3

Etalpia 4

Etaipia 5

Etalpia 6

Etalpia 7

Etaipia 8

Etalpia 9

Etalpia 10

napadeiypata

Etaipia 11

Etalpia 12

Etaipia 13

Etalpia 14

Etalpia 15



010 ' METOBANTH KAAONC
(class variable)
uetaBAntéc (variables)

X01 | X02 | X03 | X04 | X05 | X06 | X07 | X08 | X09 | X10 | X11 | X12 | X13 | Pioko

Etalpia 1

Etalpia 2

Etatpia 3

Etalpia 4

Etatpia 5

Etalpia 6

Etalpia 7

Etaipia 8

Etalpia 9

Etatpia 10

napadeiypata

Etaipia 11

Etalpia 12

Etaipia 13

Etalpia 14

Etalpia 15




010 ' METABANTH KAAONG
(class variable)
uetaBAntec (variables)

X01 | X02 | X03 | X04 | X05 | X06 | X07 | X08 | X09 | X10 | X11 | X12 | X13 | Pioko

Etalpia 1

Etalpia 2

Etatpia 3

Etalpia 4 =

Etalpia 5 1
A1OEUC

Etawpla 6 —

Etalpia 7

Etaipia 8

Etalpia 9

Etatpia 10

napadeiypata

Etaipia 11

Etalpia 12

Etaipia 13

Etalpia 14

Etalpia 15




napadeiypata

(class variable)

--------------
e t
B | training set:
Fraipla s --------'HL e lan

i I R B
ool & | S
ool o | S
oot 10 B B P

e L s o TNA kata |
Erouplr 12 | B B B I-
Test set

TNV eknaildevon

&\\\\\



Adou €xel ekmaldeutel PE TO
training set — T1pEC PBapwv

A=IONOIHZH

ME T1C¢ mMopamdvw T1HEC PBapwv
otofepec, KAvw €va MPooo1o
nepaocpa (forward pass) peE kKabEva
arnd ta mopadsiypata tou test set
Kal Bplokw pia €€odo yia kdAbe
napadeiypa

AE1oAoyw T1¢ €E€6b6ouc mou PBprka:
AMOKA1on amd tnv mpaypatikn €€odo
(petaBAnt kKAdonc tou test set)



noc 6ivel tn duvatotnta va a&1OAOYr)OOUUE €va HOVTEAO
KatTnyoplomoinong

MEPLEXEL TAnpodopia yla TNV KaATnyoplomolnon mou KAVEL TO
MOVTEAO O€ KAmola KAAON KAl T1C AVTLOTOLXEC TPAYMATIKEC
KAQAOCE1C



Eotw 2 KAdoglc: ©

MeTd To “néEpacpa’

Kal 1

Tou test set amd To

TNA, HETpPAUE:

Actual class

1

Actual class

0

Predicted class

1

Ap1Oudéc mapadelypdtwv

mou to TNA Tta Kat€tage

otnv KAdon 1 kai Ovtwg
avrikav otnv kKAdon 1

Predicted class

0

Ap1Buoc moapadelypdatwyv

mou to TNA ta katetage

OTNV KAAON © Kol OVTWwG
avrkav otnv KAdaon ©




Eotw 2 KAdoglcg: O kal 1

Metd Tto “méEpacpa” tou test set amd to TNA, HETPAME:

Actual class Actual class

1 0

Predicted class

1 TRUE POSITIVE (TP)

Predicted class

0 TRUE NEGATIVE (TN)




Eotw 2 KAdoglcg: O kal 1

Metd Tto “méEpacpa” tou test set amd to TNA, HETPAME:

Actual class Actual class

1 0

Predicted class

1 TRUE POSITIVE (TP)

Predicted class

0 TRUE NEGATIVE (TN)




Type I Error: “false alarm” — m.x. €vepyomoinon aviXVeutn Kamvou
eEVw OV UTIAPXEL dwT1A

Type II Error: “miss” — T.X. MN €VEPYOMO1inon QV1XVEUTH
KOmvouU €VW UTIAPXEL dwT1d

Actual class Actual class

1 0

Predicted class

1 TRUE POSITIVE (TP)

Predicted class

0 TRUE NEGATIVE (TN)




Actual class Actual class

1 0

Predicted class

1 TRUE POSITIVE (TP)

Predicted class

0 TRUE NEGATIVE (TN)

TP+ TN
TP+TN + FP + FN

Accuracy

antodoon ekmaldeuonc: mMOOO KAAA €xel ekmaideutel to TNA A
Tl MOOOO0TO mapadelypdtwv tou test set ta&ivopel ocwotad



# kKpudwv emmEdwv &
# veupwvwv avd
eninedo

neEyebog tou
training set

neyebog tou
test set

pubudc ekmaidevong

Ap1OUOC KUKAWV
eknaidevonc (epochs)



https://apothesis.eap.gr/handle/repo/40409

# kKpudwv emmEdwv &
# veupwvwv avd
eninedo

UTTEP -TIPOCOPUOYH) UTTO-TTPOCAPUOYNA
(over-fitting) (under-fitting)

1 o}
O
neEyebog tou
training set

neyebog tou
test set

pubudc ekmaidevong

Ap1OUOC KUKAWV
eknaidevonc (epochs)



https://apothesis.eap.gr/handle/repo/40409

# kKpudwv emmEdwv &
# veupwvwv avd
eninedo

UTTEP -TIPOCOPUOYH) UTTO-TTPOCAPUOYNA
(over-fitting) (under-fitting)

aduvauia TARpouCg
Katavonong Ttou
NMPOBAAUATOC KAl
METP1LO 1KOvVOTNTa
VEV1KEUONC

neEyebog tou KaArl ekmaidevon Kati
training set 1KAVOTNTA YEVIKEUONC

neyebog tou
test set

pubuoc ekmaidsuonc

Ap1OUOC KUKAWV
eknaidevonc (epochs)



https://apothesis.eap.gr/handle/repo/40409

# kKpudwv emmEdwv &
# veupwvwv avd
eninedo

UTTEP -TIPOCOPUOYH)
(over-fitting)

neEyebog tou KaArl ekmaidevon Kati
training set 1KAVOTNTA YEVIKEUONC

neyebog tou avénon a&ilomiotiag
test set a&1oAdynoncg

pubuoc ekmaidsuonc

Ap1OUOC KUKAWV
eknaidevonc (epochs)

UTTO-TTPOCAPUOYNA
(under-fitting)

aduvauia TARpouCg
Katavonong Ttou
NMPOBAAUATOC KAl
METP1LO 1KOvVOTNTa
VEV1KEUONC

neiwon a&ilomiotiac
a&1oAdynonc
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# kKpudwv emmEdwv &
# veupwvwv avd
eninedo

UTTEP -TIPOCOPUOYH) UTTO-TTPOCAPUOYNA
(over-fitting) (under-fitting)

aduvauia TARpouCg
Katavonong Ttou
NMPOBAAUATOC KAl
METP1LO 1KOvVOTNTa
VEV1KEUONC

neEyebog tou KaArl ekmaidevon Kati
training set 1KAVOTNTA YEVIKEUONC

neyebog tou avénon a&ilomiotiag neiwon a&ilomiotiac
test set a&1oAdynoncg a&1oAdynonc

ypiyopn ekmaidsuon  apyn exkmaideuvon tou
pubuoc ekmaidsuonc Tou &61KTUOU, d1KktTuov, amoduyn
oA 1vopounon MOA1vOpOUNONG

Ap1OUOC KUKAWV
eknaidevonc (epochs)



https://apothesis.eap.gr/handle/repo/40409

# kKpudwv emmEdwv &
# veupwvwv avd
eninedo

UTTEP -TIPOCOPUOYH) UTTO-TTPOCAPUOYNA
(over-fitting) (under-fitting)

aduvapia mMARpPoUG
Katavonong Ttou
NMPOBAAUATOC KAl
METP1LO 1KOvVOTNTa
VEV1KEUONC

neEyebog tou KaArl ekmaidevon Kati
training set 1KAVOTNTA YEVIKEUONC

neyebog tou avénon a&ilomiotiag neiwon a&ilomiotiac
test set a&1oAdynoncg a&1oAdynonc

ypiyopn ekmaidsuon  apyn exkmaideuvon tou
pubuoc ekmaidsuonc Tou &61KTUOU, d1KktTuov, amoduyn
oA 1vopounon MOA1vOpOUNONG

Ap1OUOC KUKAWV KOKIM 1Kavotnta UTIO-TTPOCApPUOVA
eknaidevonc (epochs) YEV1KEUONC (under-fitting)
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ITapapetpol exmaloeuong

Error (e.g., SSE)

“\_ Optimum Network )

\ |
N

/

/
7/
7
7
”~
- — - ’/
—_—

nmoloc €1lvail o
BEAT1OTOC aAp1OUOC
KUKAwV ekmaidevong

(epochs) wote va
EXOUUE €AAX1OTO
obpAApa Kal va
anopUyoOUUE TO
over-fitting;

>

Number of Hidden Nodes OR Number of Training Cycles
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ApX1KA mpenel va ¢optwbouv ta dedopeva oto Workspace tou
MATLAB kol va yilvel omola mpo-eneEepyacia amalteitat.

TeA1kd Oa TMPEMEL va UTIAPXEL Mla HETAPBANTH-mivakac HE T1C
OTNAEC Twv pETABANTWYV TOU MPOBAAMATOC KAl pia PETABANTN-
d1dvuopa | mivakoac PE TN OTAAN/OTAAEC TNC MHETABANTAC
KAdong (] Twv PETOABANTWY KAAONG)

varl var2 var3 var4 var5 EEoGoq varl var2 var3 var4 var5 EEoGoql E£060q2

MNapa- MNapa-
Seypa 1 Oewyua 1
MNapa- MNapa-
delypa 2 Oeypa 2
MNapa- MNapa-
deypa 3 Oeypa 3
MNapa- MNapad-
Oewypa 4 Oewyua 4



ApX1KA mpenel va ¢optwbouv ta dedopeva oto Workspace tou
MATLAB kol va yilvel omola mpo-eneEepyacia amalteitat.

TeAlkd Oa MPEMEL va UTIAPXEL Hla

d1dvuopa | mivakoac PME TN OTAANRFAOGTAAEC \TNC HETABANTAC
KAdong (3 twv pETABANTWY KAGQONCG)

varl | var2 | var3

/




ApX1KA mpenel va ¢optwbouv ta dedopeva oto Workspace tou
MATLAB kol va yilvel omola mpo-eneEepyacia amalteitat.

TeAlkd Oa MPEMEL va UTIAPXEL Hla
20C\ KAl pia

/ )
g

el o

\

A

vard |-var5 |'E€odo¢ varl var2 | var3 E§obog 1 |E€odog 2

MNapa-

MNapa-

Seypa 1
MNapa-
delypa 2
MNapa-
deypa 3

MNapa-
Oewypa 4

Oewyua 1
MNapa-
Oeypa 2
MNapa-
Oeypa 3
MNapad-
Oewyua 4




Evap&n tou Toolbox:

Neural Net
Menu P Apps P  Pattern

Curve Fitting Optimization Meural Net . .
Pattern Reco... Recognlt 10n

N

oto Workspace:

>> nprtool



Evap&n tou Toolbox:

Neural Net
Menu P Apps P  Pattern

Curve Fitting Optimization Meural Net . .
Pattern Reco... Recognlt 10n

feed-forward TNA pe 1 kpupod emimedo



) Meural Pattern Recognition (nprt
Welcome to the Neural Network Pattern Recognition app.
Solve a pattern-recognition problem with a twe-layer feed-forward network,

Introduction Meural Network

In pattern recognition problems, you want a neural network to classify Hidden Layer Output Layer

inputs into a set of target categories,
P 9 9 Input Output
For example, recognize the vineyard that a particular bottle of wine came
from, based on chemical analysis » of classify a tumaor as
benign or malignant, based on uniformity of cell size, clump thickness,

mitosis

The Meural Pattern Recognition app will help you select data, create and A two-layer feed-forward network, with sigmoid hidden and softmax
train a network, and evaluate its performance using cross-entropy and output neurons . can classify vectors arbitranly well, given
confusion matrices. encugh neurons in its hidden layer,

The network will be trained with scaled conjugate gradient
backpropagation

ﬂ} To continue, click [Next].

&2 Neural Network Start 44 Welcome 4 Back B Mext




EVOAAQKT1KA:

oto Workspace:

>> Nnn St a r‘t ) Neural Network Start (nnstart) - o X

Welcome to Neural Network Start

Learn how to solve problems with neural networks.
[3E1:ting Started Wizards More Information

Each of these wizards helps you solve a different kind of problem. The last panel of
each wizard generates a MATLAB script for solving the same or similar problems.
Example datasets are provided if you do not have data of your own.

Input-output and curve fitting. & Fitfing apo (nftool)

Pattern recegnition and classification. & Pattern Recognition app (nprtool)

Clustering. & Clustering app (nctool)

Dynamic Time series. & Time Series app (ntstool)




) Meural Pattern Recognition (nprt
Welcome to the Neural Network Pattern Recognition app.
Solve a pattern-recognition problem with a twe-layer feed-forward network,

Introduction Meural Network

In pattern recognition problems, you want a neural network to classify Hidden Layer Output Layer

inputs into a set of target categories,
P 9 9 Input Output
For example, recognize the vineyard that a particular bottle of wine came
from, based on chemical analysis » of classify a tumaor as
benign or malignant, based on uniformity of cell size, clump thickness,

mitosis

The Meural Pattern Recognition app will help you select data, create and A two-layer feed-forward network, with sigmoid hidden and softmax
train a network, and evaluate its performance using cross-entropy and output neurons . can classify vectors arbitranly well, given
confusion matrices. encugh neurons in its hidden layer,

The network will be trained with scaled conjugate gradient
backpropagation

ﬂ} To continue, click [Next].

&2 Neural Network Start 44 Welcome 4 Back B Mext




) Meural Pattern Recognition (nprtool)

5 Select Data
e
What inputs and targets define your pattern recognition problem?

Get Data from Workspace
Input data to present to the network.
B nputs won)

Target data defining desired network output.
@ Targets: {none)

Samples are: @ [ Matrix colurns (O [E] Matrix rows

Want to try out this tool with an example data set?

Load Example Data Set

@ Select inputs and targets, then dlick [Next].

e Meural Network Start 4 Welcome

Summary

Mo inputs selected.

Mot

ets celected.

gmiAoyn mivaka
dedopEvwv €10660U
(emiAoyn amod
UETOBANTEC mov
UTTAPXOUV OTO
Workspace 1 ¢optTwon
apxeiou Sebopevwy)

% Back W Mext ) Cancel




) Meural Pattern Recognition (nprtool)

& Select Data emAoyf mivaka

What inputs and targets define your pattern recognition problem? 6 - 6 0 ué VWOV €1 0(’)6 oU
Input data to present to the network. Mo inputs selected. ( ent )\OV r] aro
¥ inputs ] [ = LETABANTEG TOU
UTTAPXOUV OTO

Get Data from Workspace Summary

Target data defining desired network output. H e S

@ Torgets (none) - Workspace i ¢dptwon

apxeiou Sebopevwy)

Samples are: @ [ Matrix colurns (O [E] Matrix rows

gNAoyn
d1avuopatoc/mivaka
dedopévwv €E660U
(emiAoyn amd
METAPBANTEC TOU
UTTAPXOUV OTO

Want to try out this tool with an example data set? Works pace r'] ¢c') pTwon

Load Example Data Set apxeiou debopévwv)

@ Select inputs and targets, then dlick [Next].

e Meural Network Start 4 Welcome % Back W Mext @ Cancel




) Meural Pattern Recognition (nprtool)

5 Select Data
e
What inputs and targets define your pattern recognition problem?

Get Data from Workspace
Input data to present to the network.
ok Inputs:

IS —
Target data defining desired network output.

@ Targets: {none)

Samples are: @ [ Matrix colurns (O [E] Matrix rows

EM1AOYN yla TO av Ta
napadsiypata €ivat
OPYOAVWUEVO OE YPOUMEC
| 0OE OTNHAEC

Want to try out this tool with an example data set?

Load Example Data Set

@ Select inputs and targets, then dlick [Next].

e Meural Network Start 4 Welcome

Summary

Mo inputs selected.

Mo targets selected.

gmiAoyn mivaka
dedopEvwv €10660U
(emiAoyn amod
UETOBANTEC mov
UTTAPXOUV OTO
Workspace 1 ¢optTwon
apxeiou Sebopevwy)

gNAoyn
d1avuopatoc/mivaka
dedopévwv €E660U
(emiAoyn amd
METAPBANTEC TOU
UTTAPXOUV OTO
Workspace 1 ¢pdéptwon
apxeiou debopévwv)

% Back B Mext

@ Cancel




J Meural Pattern Recegnition (nprtocl)

% Select Data
e
What inputs and targets define your pattern recognition problem?

Get Data from Workspace Summary

Input data to present to the network. Inputs 'data’ is a 699%9 matrix, representing static data: 699 samples of 9

ok Inputs: elements.

Target data defining desired network output.
@ Targets:

Targets 'class’ is a 63%:2 matrix, representing static data: 639 samples of 2
class elements.

Samples are: O[] matrix columns @ [E] Matrix rows

Want to try out this tool with an example data set?

Load Example Data Set

$ To continue, click [Mext].

we MNeural Network Start & Welcome 4 Back B Mext @ Cancel




J Meural Pattern Recegnition (nprtocl)

Validation and Test Data
Set aside some samples for validation and testing.

Select Percentages Explanation

a Randomly divide up the 699 samples: a Three Kinds of Samples:

a Training: T0% 489 samples a Training:

@ Validati 105 samples These are presented to the network during training, and the network is
Ll o - adjusted according to its error.,

("] Testing: 15% 103 samples
ﬁ Validation:

These are used to measure network generalization, and to halt training
when generalization stops improving.

(7] Testing:

These have no effect on training and so provide an independent measure of
network performance during and after training.

Restore Defaults

$ Change percentages if desired, then click [Next] to continue.

| & MNeural Network Start | K welcome

4 Back B Mext @ Cancel




J Meural Pattern Recegnition (nprtocl)

Network Architecture
A

= Set the number of neurcons in the pattern recognition network’s hidden layer.

Hidden Layer Recommendation

Define a pattern recogmition neural nebwork.  (patiernnet) Return to this panel and change the number of neurons if the network does

not perform well after training.
MNumber of Hidden Neurons: 10

gniAoyn apiououv
VEUPWVWV Kpudou
EMITEOOU

Restore Defaults

Meural Network

# vVeupwvwv
€€odou =
# ap1Oudc
METABANTWV
KAGoNG
TIPOPBANUATOC

# VEUpWVWV
€10060U =
# ap1OuoC
METABANTWV
NPOBANHATOC

ﬁr Change settings if desired, then dick [Next] to continue.

e MNeural Network Start K welcome @ Cancel




J Meural Pattern Recegnition (nprtocl)

Train Network
Train the network to classify the inputs according to the targets.

Train Network

Train using scaled conjugate gradient backpropagation. (trainscg)

‘?.j Train

Training automatically stops when gen
indicated by an increase in the cross-ex
samples.

eralization stops improving, as
tropy error of the validation

Notes

W Training multiple times will generafe different results due
to different initial conditions and sgmpling.

v

eknaidevon tou
VEUPWV1KOU &1KTUOU

@ Train network, then dick [Next].

| e Meural Network Start | K welcome

Results

T ] Training:
ﬁ WValidation:
7] Testing:

Plot Confusion Plot ROC

Minimizing Cross-Entropy results in good classification,
Lower values are better, Zero means no error,

Percent Error indicates the fraction of samples which are

misclassified. A value of 0 means no misclassifications,
100 indicates maximum misclassifications.

4 Back W Mext

@ Cancel




J Meural Network Training (nntraintool] = O X

Neural Network

HIddEI'I Output

L gl i

Algorithms

Data Division: Random (¢ rand)
Training: Scaled Conjugate Gradient
Performance:  Cross-Entropy  (cr it
Calculations:  MEX

Progress

Epoch: 0 1000
=
Performance:  0.488 0.0

Gradient 280 _ 1.00e-06
Validation Checks: 0 [ 8 16

Plots
Perfarmance perform)
Training State
Error Histogram
Confusion

Receiver Operating Characteristic

Plot Interval: ' 1 epochs

Validation stop.

raning




J Meural Network Training (nntraintool] = O X

Neural Network

Hidden

Best Validation Performance is 0.034486 at epoch 9

I put [ mm o |
3894 ) |
10

m—alidation
Test

Algorithms Bast

Data Division: Random (¢ rand)

Training: Scaled Conjugate Gradient (trainscg)

Performance: Cross-Entropy  (crossentr

Calculations:  MEX

Progress

Epoch: 0 1000
Time

Performance:
Gradient: 280 1.00e-06
Validation Checks: 0 [ 8 ]

Plots

Training State
Error Histogram (p 15 Epochs
Confusion

Receiver Operating Characteristic

Plot Interval: ' 1 epochs

v Validation stop.

Training @ cancel




J Meural Network Training (nntraintool] = O X

Neural Network

Algorithms
Validation Checks = 6, at epoch 15

Data Division:

Training: Scaled Conjugate Gradient (trainscg)

Performance: Cross-Entropy  (crossent
Calculations:  MEX

Progress

Epoch: L — T —
Time

Performance:

Gradient 280 _ 1.00e-06
Validation Checks: 0 [ 8 16

Plots

Training State

Error Histogram

i
™
>

15 Epochs

Ane1kOv1on TNG XE1POTEPEUONG TOU
validation error yia 01000X1KEC EMOXEC

Confusion

Receiver Operating Characteristic
Plot Interval: ' 1 epochs

V Validation stop.

» Training @ Cancel




J Meural Network Training (nntraintool] = O X

Neural Network

Hidden Output

3l (Bl

Algorithms

Data Division: Random (dividerand)

Training: Scaled Conjugate Gradient (frainscg)
Performance: Cross-Entropy  (crossentropy)
Calculations:  MEX

Progress

Epoch: 0 1000
Time
Performance: 0.488 0.00
Gradient:

Validation Checks:

Plots

Error Histogram
Confusion

Receiver Operating Characteristic

Plot Interval: ' 1 epochs

V Validation stop.

@ Stop Training @ cancel

Validation Checks = 6, at epoch 15

i
™
>

15 Epochs

Ame1koOv1on TNG XE1POTEPEUONG TOU
validation error yia 01000X1KEC EMOXEC
OTO OUYKEKPLMEVO TMAPASELYMO: Yyla 6
01080X1KEC EMOXEC UTHPXE XELPOTEPEUON
Tou validation, dapa yia 6 61a00X1KEC
enoxec 6ev umnp&e PBeAtiwon



J Meural Network Training (nntraintool] = O X

Neural Network

Error Histogram with 20 Bins

-Training
v alidation
I Test

Zero Error

Algorithms

Data Division: Random (¢

Training: Scaled Conjugate Gradient (trainscg)
Performance: Cross-Entropy  (crossentr
Calculations:  MEX

]
il ]
&)
=
1]
prar]
wn
=

Progress

Epoch: 0 1000
Time
Performance: 0.488 0.00
Gradient: 280 1.00e-06
ValidationCheckss 0 [ & 1%

Plots

Errors = Targets - Outputs

Training State

Error Histogram P

Confusion (p ) IO"CéVpGHp.G O'(I)G}\Hdtwvz
Receiver Operating Characteristic (p ] Kdee 'C'Lllr'] O-q)d)\ua-coq OE T[éoa
Pt ntenat 1 epochs napadeiypata avtiotolxel

v Validation stop.

Training @ Cancel




Neural Network

Hidden

Qutput

O el T Eel -

Algorithms

Data Division: Random (dividerand)

Training: Scaled Conjugate Gradient (trainscg)

Performance: Cross-Entropy  (crossentropy)

Calculations:  MEX

Progress

Epoch: 0 | 6 iterations | 1000
Time: | 2:00:00 |
Performance: 0.438 | 0.102 | 0.00
Gradient: 2.80 | 0.636 | 1.00e-06
Validation Checks: 0 | 3 | &

Plots

Performance

Training State

Error Histogram

(plotperform)
(plottrainsta

(plo ist)

Confusion

(plotconfusion)

Receiver Operating Characteristic

Plot Interval: '

v Validation stop.

(plotroc)

1 epochs

@ Stop Training @ Cancel

Output Class

Output Class

Training Confusion Matrix

1 2 3
Target Class

Test Confusion Matrix

1 2 3
Target Class

Validation Confusion Matrix

1
w
w
&2
Q
)
]
o
53
o]
1 2 3
Target Class
All Confusion Matrix
1
w
w
m 2
Q
5
o
53
o

1 2 3
Target Class



Neural Network

Hidden

Qutput

O el T Eel -

Algorithms

Data Division: Random (dividerand)

Training: Scaled Conjugate Gradient (trainscg)
Performance: Cross-Entropy  (crossentropy)

Calculations:  MEX

Progress

Epoch: 0 | 6 iterations | 1000
Time: | 2:00:00 |
Performance: 0.438 | 0.102 | 0.00
Gradient: 2.80 | 0.636 | 1.00e-06
Validation Checks: 0 | 3 | &

Plots

Performance

Training State

Error Histogram

(plotperform)
(plottrainsta

(plo ist)

Confusion

(plotconfusion)

Receiver Operating Characteristic

Plot Interval: '

v Validation stop.

(plotroc)

1 epochs

@ Stop Training @ Cancel

Output Class

Output Class

Training Confusion Matrix

31 0 0
29.8% | 0.0% 0.0%
0 36 1
0.0% | 34.6% | 1.0%
0 1 35
0.0% 1.0% | 33.7%
98.1%
1.9%
1 2 3

Target Class

Test Confusion Matrix

10 0 0
43.5% | 0.0% 0.0%
0 6 0
0.0% | 26.1% | 0.0%
0 1 6
0.0% 4.3% | 26.1%
95.7%
4.3%
1 2 3

Target Class

Validation Confusion Matrix

3]

Output Class
Ead

2

/
.| s0 0 0
33.3% | 0. 0.0%
52 0 a7 2
5| 00% |f13% | 13%
5
5-3 0 3 48
3o 2.0% | 32.0%
96.7%
3.3%
1 3

Target Class

Accuracy



J Meural Pattern Recegnition (nprtocl)

Save Results

Generate MATLAB scripts, save results and generate diagrams.

Generate Scripts

Recommended >> Use these scripts to reproduce results and solve similar problems.

Generate a script to train and test a neural network as you just did with this took = Simple Script

Generate a script with additional eptions and example code: (] Advanced Script

Save Data to Workspace
Save network to MATLAB network object named: netl
Save performance and data set information to MATLAB struct named: info
Save outputs to MATLAB matrix named: output
Save errors to MATLAB matrix named: Error
[] save inputs to MATLAB matrix named: input

[] Save targets to MATLAB matrix named: target
[] save ALL selected values above to MATLAB struct named: results

Restore Defaults 3 Save Results

@ Save results and click [Finish].

| & Neural Network Start | K Welcome %@ Back = Mext (@ Finish




STl

cR e B s T B o AT B S ]

irisInputs:; ’
irisTargets; GEGOHEVG

N RO

net = patternnet (hiddenLayerSize, trainFcn);

1p Division of Data for Training, Validation, Testing
net.divideParam.trainRatio = 70/100;
net.divideParam.valRatio = 15/100;
net.divideParam.testRatio = 15/100;

2
2
2
2
2
2
2
2
2
2

work
[net, tr] train(net,x,t);

cR e B s T B o AT B S ]

Test the Network
y = net(x);
e = gsubtract(t,y):;
performance = perform(net,t,y)
tind = vec2ind(t);
yind = wvecZind(y):;
percentErrors = sum(tind ~= yind)/numel (tind);

ew the Ne k
view (net)




1
2

cR e B s T B o AT B S ]

[ o T O T % T o T o T T o T 0 T 8

e e s T o AT ) B S LT

= irisInputs;
irisTargets;

5 e a Pattern ition Network
hiddenlLayerSize = 10;
net = patternnet (hiddenLayerSize, trainFcn);

& - o Di ) y for Training, Validation, Testing
net.divideParam.trainRatio = 70/100;
net.divideParam.valRatio = 15/100;
net.divideParam.testRatio = 15/100;

% Train the Network
[net,tr] = train(net,x,t):;

% Test the Network

y = net(x);

e = gsubtract(t,y):;

performance = perform(net,t,y)

tind = vec2ind(t);

yind = wvecZind(y):;

percentErrors = sum(tind ~= yind)/numel (tind);

5 w the Ne
view (net)

ET['L?\OVF'] ouvdptr]cr]q <«—— OUVOPTHOELG

EKT[CI"LGEUGF]C BeAtiotomnoinong

. X.
"trainscg': Xpnolgomolel TN

nEBodO Twv culuywv TAPAYWYWV
(Conjugate Gradient) yia tnv
QVOVEWON Twv Bapwv

"trainlm': XPNOLUOMOLEL TN
uebodo Levenberg-Marquardt y1la
TNV avavewon twv Papwv

ypadovtac oto Command Window
>> help nntrain

BAEmoupe OAec t1c OuvaTEC
EMLAOYEC



STl

z
4
S
(3]
7
8
]

= irisInputs;
irisTargets;

[an TN

d1auopdwon
net = patternnet (hiddenlayerSize, trainFcn); GletEKtOVlKﬁq 61Kt00U

STl

of Data for Training, Validation, Testing

net.diﬁideParam.trainRatio = 70/100; hiddenLayerSize . 61(5(VUO|.1C1

net.divideParam.valRatio = 15/100;
net.divideParam.testRatio = 15/100;

e #0TtnAwv = # Kpudwv EemMLEOWV

[ o T O T % T o T o T T o T 0 T 8

% Train tt "k

[net,tr] = train(net,x,t): e tluﬁ otnv eécn X =4¢V8Upwvwv
§ Test the Network 0TO Kpudpd emimedo X

cR e B s T B o AT B S ]

v net (x);

e = gsubtract(t,y):;

performance = perform(net,t,y)

tind = vec2ind(t);

yind = wvecZind(y):;

percentErrors = sum(tind ~= yind)/numel (tind);

5 ew the Netw
view (net)




STl

z
4
S
(3]
7
8
]

= irisInputs;
irisTargets;

[T

d1auopdwon
net = patternnet (hiddenlayerSize, trainFcn); GletEKtOVlKﬁq 61Kt00U

STl

: ) Di i of Data for Training, Validation, Testing
net.divideParam.trainRatio = 70/100; hiddenLayerS A= [1 0 ];
net.divideParam.valRatio = 15/100;

net.divideParam.testRatio = 15/100; 1 KpU¢é Eningéo HE 10 VEUpwVEQ

% Train tf "k
[net,tr] = train(net,x,t):

[ o T O T % T o T o T T o T 0 T 8

Vs B« S (o AT BT - VY

hiddenlLayerSize = [10 4 6];
v e, 3 kpuda emineda pe

e = gsubtract (t,y); 10 veupwveg oto 1° amd ta 3

performance = perform(net,t,y)
tind = vec2ind(t); 4 VEUpWVEG OTO 2° amo ta 3
yind = vecZind(y);

percentErrors = sum(tind ~= yind)/numel (tind); 6 VEUp(bVEq OoTo 30 aT[é Ta 3

5 ew the Netw
view (net)



STl

z
4
S
(3]
7
8
]

= irisInputs;
irisTargets;

[an TN

d1auopdwon
net = patternnet (hiddenlayerSize, trainFcn); GletEKtOVlKﬁq 61Kt00U

STl

[ o T O T % T o T o T T o T 0 T 8

3

4 : ) Di i of Data for Training, Validation, Testing

5 net.divideParam.trainRatio = 70/100; . 5 &

(] net.divideParam.valRatio = 15/100; patternnet () ° én“‘loupvsl eva

7 net.divideParam.testRatio = 15/100; -Feed-For\war\d GiKtUO TTOU ea

g

5 % Train tl k ekmaldevutel yla va KAVEL

( [net,tr] = train(net,x,t); , ,

Katnyoplomoinon Ttwv O6£O60UEVWV

% Test the Net k ’ ”
y = net(x); oe KAdoelc (katnyoplec)

e = gsubtract(t,y):;

performance = perform(net,t,y)

tind = vec2ind(t);

yind = wvecZind(y):;

percentErrors = sum(tind ~= yind)/numel (tind);

5 ew the Netw
view (net)



https://www.mathworks.com/help/deeplearning/ref/patternnet.html

STl

z
4
S
(3]
7
8
]

= irisInputs;
irisTargets;

[an TN

d1auopdwon
net = patternnet (hiddenlayerSize, trainFcn); GletEKtOVlKﬁq 61Kt00U

STl

of Data for Training, Validation, Testing

net.diﬁidefaram.trainRatio = 70/100; -
net.divideParam.valRatio = 15/100; rI EEOGOQ tr]Q patternnet ()
gilval petaBAntry tumou struct

net.divideParam.testRatio = 15/100;

[ o T O T % T o T o T T o T 0 T 8

% Train tf "k
[net,tr] = train(net,x,t):

cR e B s T B o AT B S ]

$ Test the Network

v net (x);

e = gsubtract(t,y):;

performance = perform(net,t,y)

tind = vec2ind(t);

yind = wvecZind(y):;

percentErrors = sum(tind ~= yind)/numel (tind);

5 ew the Netw
view (net)



struct

Structure array

Description

A structure array is a data type that groups related data using data containers called fields.
Each field can contain any type of data. Access data in a field using dot notation of the form
structMame.fieldName.

Creation

When you have data to put into a new structure, create the structure using dot notation to
name its fields one at a time:

'[1"'-".'_|1E=I_|1r_l}

struct with fields:
1

Mia petopfAnti tumou struct
opadornoiel ouvadry dedopeva
XPNO1LUOTOlWVTAC BE€0E1C
dedopevwv mou ovopddlovtal
nedia (fields).

Kabe medio pmopel va
MEPLEXEL OMOLOONTIOTE TUMO
debopévuy.

1o va €XOUPE mpooPacn o€
dedopeva nouv PBplokovtal o€
€va nmedio ypadoupe:
structName. fieldName

Omou structName €lval TO
ovopa Tng MHETABANTAC TUMOU
struct ka1 fieldName €ivati
To O6vopa tou mediou



struct

Structure array

Description

A structure array is a data type that groups related data using
Each field can contain any type of data. Access data in a field
structMame.fieldName.

Creation

When you have data to put into a new structure, create the st
name its fields one at a time:

1
{A

You also can create a structure array using the struct function, described below. You can
specify many fields simultaneously, or create a nonscalar structure array.

Syntax

struct

struct(field,value)
struct(fieldl,valuel,...,fieldN,valuel)
struct([])




STl

cR e B s T B o AT B S ]

= irisInputs;
irisTargets;

p nntrain

N RO

net.divideParam.trainRatio = 70/100;

net.d%v%deParam.valRatig = 15/lt r ET['L}\OV(] T[OO'OO"E(bV V'La tr‘aining,
net.divideParam.testRatio = 15/100; . .
validation, test sets

[ o T O T % T o T o T T o T 0 T 8

cR e B s T B o AT B S ]

% Train tf "k
[net,tr] = train(net,x,t):

% Test the Net k

v net (x);

e = gsubtract(t,y):;
performance = perform(net,t,y)

tind = vec2ind(t);
yind = vec2ind(y);
percentErrors = sum(tind ~= yind) /numel (tind);

5 ew the Netw
view (net)



STl

cR e B s T B o AT B S ]

= irisInputs;
irisTargets;

p nntrain

N RO

net.divideParam.trainRatio = 70/100;

net.d%v%deParam.valRatig = 15/lt r ET['L}\OV(] T[OO'OO"E(bV V'La tr‘aining,
net.divideParam.testRatio = 15/100; . .
validation, test sets

% Train tf "k
[net,tr] = train(net,x,t):

[ o T O T % T o T o T T o T 0 T 8

cR e B s T B o AT B S ]

net : METAPBANTH Tumou struct pe
% Test the Net k z 13 83

Vi net (x); OVO|J.O( net

e = gsubtract(t,y); ’ P s
performance = perform(net,t,y) TIEPLEXEL OAEC TLG TIAPAUETPOUG

tind = vec2ind(t);

yind = vec2ind(y); TOU O1KTUOU Tou ONU1OUPYNOE N

percentErrors = sum(tind ~= yind) /numel (tind); OUVdptI’]OF] patternnet ( )

5 ew the Netw
view (net)



STl

cR e B s T B o AT B S ]

= irisInputs;
irisTargets;

p nntrain

N RO

net.divideParam.trainRatio = 70/100;

net.d%v%deParam.valRatig = 15/lt r ET['L}\OV(] T[OO'OO"E(bV V'La tr‘aining,
net.divideParam.testRatio = 15/100; . .
validation, test sets

[ o T O T % T o T o T T o T 0 T 8

cR e B s T B o AT B S ]

% Train tf "k
[net,tr] = train(net,x,t):

net : METAPBANTH Tumou struct pe

% Test the Net k évoua “net»

y = net(x);

e = gsubtract(t,y); . . o q
performance = perform(net,t,y) divideParam : H8610 (fleld)

tind = vec2ind(t); ’ ’

yind = vec2ind(y) ; TNG METABANTAGC net mou mepleExe
percentErrors = sum(tind ~= yind)/numel (tind); th tluéq TWV T[apauétpwv V_La To
5 ew the Network - z

o st d1axwplopd twv O£O60UEVWV



STl

@~ & oW

STl

@~ & oW

[ o T O T % T o T o T T o T 0 T 8

= irisInputs;
irisTargets;

% ain
trainFcn

up Divisi o a
divideParam.trainRatio
net.divideParam.valRatio =
net.divideParam.testRatio

$ Train ti "k EKnaiésuon
[net,tr] = train(net,x,t): "

e TOU O1KTUOU
y = netx); net: MEPLEXEL T1C TMOPOAUETPOUC

= gsubtract (t,y) ; i ’
performance = perform(net,t,y) TOU O1KTUOU Tou ONU1OUPYNOE N

ouvaptnon patternnet ()
x: TlvoKaG MHETABANTWV
% View the Network 0 1 . )
view (met) t: mivakag MeETABANTWV KAAONG

opilopata TNG train():

percentErrors = sum(tind ~= yind)/numel (tind);


https://www.mathworks.com/help/deeplearning/ref/train.html

al Network

1
2

https://www.mathworks.com/help/deeplearn
ing/ref/perform.html

@~ & oW

= irisInputs;
irisTargets;

% ain
trainFcn

e a P
hiddenLayerSize
net = patternnet (hiddenlayerSize, trainFcn);

STl

up Divisi o a
divideParam.trainRatio
net.divideParam.valRatio =
net.divideParam.testRatio

@~ & oW

[ o T O T % T o T o T T o T 0 T 8

% Train the "k
[net,tr] = train(net,x,t):

perform() : KAvel a§l1oAdynon
TNG €kmaideuong tou O61KTUOU
Xpnoiponoiwwvtag to training set

% Test the Net k
v net (x);
e

= gsubtract(t,y); 60K'Lp,r'] TOUu
performance = perform(net,t,y) ,
d1KtUou

Alvel wc €Eodo odaApa

percentErrors = sum(tind ~= yind)/numel (tind);

% View the Netw
view (net)


https://www.mathworks.com/help/deeplearning/ref/perform.html

al Network

1
2

https://www.mathworks.com/help/deeplearn
ing/ref/perform.html

@~ & oW

= irisInputs;
irisTargets;

) ain
trainFcn

e a P
hiddenLayerSize
net = patternnet (hiddenlayerSize, trainFcn);

STl

up Divisi o a
divideParam.trainRatio
net.divideParam.valRatio =
net.divideParam.testRatio

@~ & oW

[ o T O T % T o T o T T o T 0 T 8

% Train the "k
[net,tr] = train(net,x,t):

oplopata tnG perform() :

% Test the Net k
v net (x);
e

= gsubtract(t,y); 60K'Lp,r'] TOUu
performance = perform(net,t,y) ,
d1KtUou

net: TMEPLEXEL TG TMOPAUETPOUC TOU
d1KTUOU

t: mivoakag METOBANTwWY KAAONG tTou
training set

yv: €&odoc O61ktuou oOtav w¢ €10060

percentErrors = sum(tind ~= yind)/numel (tind);

% View the Netw

view (net) “ €xoupe BAAsel to training set


https://www.mathworks.com/help/deeplearning/ref/perform.html

Ouwg 6ev pag €ival moAu xprioipo to training error, oAAd to test error

Train
Walidation
Test

Best

Epochs


https://apothesis.eap.gr/handle/repo/40409

al Network

1
2

https://www.mathworks.com/help/deeplearn
ing/ref/perform.html

@~ & oW

= irisInputs;
irisTargets;

% ain
trainFcn

e a P
hiddenLayerSize
net = patternnet (hiddenlayerSize, trainFcn);

STl

up Divisi o a
divideParam.trainRatio
net.divideParam.valRatio =
net.divideParam.testRatio

@~ & oW

[ o T O T % T o T o T T o T 0 T 8

% Train the "k
[net,tr] = train(net,x,t):

% Test the Net k
v net (x);
e

= gsubtract(t,y): 60K'L|J.r'] TOv
performance = perform(net,t,y) Yy
d1KkTUoU
percentErrors = sum(tind ~= yind)/numel (tind); Y. éEOéOq O1KTUOU oOTav &
% view the Network e100do €xoupe BAAel to test set

view (net)

t: mivako¢ MeTABANTWV KAAONG
Tou test set


https://www.mathworks.com/help/deeplearning/ref/perform.html

A&lodoynon Exmatosuong

MNapa-

Seypa 12

MNapa-
Oeypa 13

MNapa-
Oewypa 14

MNapa-
Sewypa 15

testVars testTargets

nivakoc 61ao0tacewv 4x5 TivaKkac

. dlaotacewv 4x2
OTOV KWoOlKa: v

OTOV KWolKa: t



A&lodoynon Exmatosuong

EKMAIAEYMENO TNA

testVars

testTargets

nilvakog
ditootdoswv 4x2

testOutput

nilvakog
ditootdoswv 4x2
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% Test the Network 60K1“n’ touv
y = net(testVars) ; O1KTUOU

tind = veczind(t); nocootd €EO66WV TOU

yind = vec2ind(y); . ’
percentErrors = sum(tind ~= yind)/numel (tind) ; dev glval 10gqg e

T1¢ €€660UC-0TOXOUC

testTargets: mivoka¢ MeTABANTWY KAAonc tou test set
y: €E0060C O61KTUOU Otav w¢ €100060 €xoupe PaAel to test set (testVars)

vec2ind () : petatpenel ta Sduadikad Sravuopata o€ SekKad1KOUC aplOpouc

numel () : EMLOTPEPEL TOV aplOUO OTOLXET1WV TOU OPLOMATOC



META THN EQAPMOIMH THX XYNAPTHZHXZ patternnet () KAI MPIN TH train ()

net.layers{1l} : PBAEMOUME T1C TMAPAUETPOUC TOU 1° emimedou
net.layers{2} : PBAEMOUME T1C TMAPAUETPOUC TOU 2° gmimedou

net.layers{1l}.transferFcn : PBAEMOUPE TN OuUVAPTNON €veEpyomoinong
TWV VEUPWVWV Tou 1° emimédou KOl UMOPOUPE va TNV aAAd&oupe

n.x. net.layers{1l}.transferFcn = 'tansig’;
gniAoyéec: 'hardlim', 'tansig’, 'logsig', 'satlin’

a = tansig(n| a = logsigin)

inn Tan-Sigmoid Transfer FunctiorLog-Sigmoid Transfer Functio



META THN EQAPMOIMH THX XYNAPTHZHXZ patternnet () KAI MPIN TH train ()

net.performFcn : p€BoOOC umoAoylopoUu OhAAPATOC O1KTUOU

EMLAOYEC:
"mae - Mean absolute error performance function
'mse'’ - Mean squared error performance function
'sae' - Sum absolute error performance function
'sse' - Sum squared error performance function
'crossentropy' - Cross-entropy performance
'msesparse’ - Mean squared error performance function with

L2 weight and sparsity regularizers

oto Command Window: help nnperformance



META THN EQAPMOIMH THX XYNAPTHZHXZ patternnet () KAI MPIN TH train ()

net.trainParam.epochs : moool1 kUkAol1 ekmaideuonc (epochs) 6a
npaypotonoinouv (HEYLOTO)

net.trainParam.goal : amodektry amokAion €£66ou Tou O1KTUOU amd TNV
€£0060-0TOXO0

net.trainParam.time : o xpdévoc mou Ba ekmaildevetal to &1KTUO TPV
otapatnosel (o sec)

Validation Checks = 6, at epoch 15
net.trainParam.max_fail

armodeKTOC ap1Oudc 61adox KWV
epochs mou 6&gv mapatnpeital
BeAtiwon katd to validation

15 Epochs




META THN EQAPMOINH THX XYNAPTHXHX patternnet () KAI MPIN TH train ()

net.divideParam.trainRatio : tT1 mocootd amd ta Oedbopéva Oa
anoteAEcel to training set, m.x. 0.7

net.divideParam.valRatio : t1 moocootd amd ta dsdopgva Oa
anoteA€oel to validation set, m.x. 0.15

net.divideParam.testRatio : t1 moocootd amd ta dedopeva Ba
anoteAecel to test set, m.x.0.15

MPOZOXH!
Ol TPELC TAPAMAVW TL1UEC Mpenel va abpoilouv oto 1
(0.7+0.15+0.15=1)



META THN EQAPMOIMH THX XYNAPTHZHXZ patternnet () KAI MPIN TH train ()

net.trainParam.lr : puBbudc pabnonc (learning rate)



MATLAB: Neural Pattern Recognition tool

NAnpodopieqg yla OAEC T1G MOPAUETPOUC TOU net

https://www.mathworks.com/help/deeplearning/
ug/neural-network-object-properties.html
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