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Abstract: The article discusses the training of a neural network for curve recognition. Three popular activation
functions are analyzed - logistic (sigmoid) function (Sigmoid), hyperbolic tangent (tanh) and corrective linear function
(ReLU, Rectified linear unit)

The activation function is selected so that the input signal can accept arbitrary values and the output values are
in a strictly limited range. However, although the input values can be arbitrary, a saturation effect occurs when the
element is sensitive only to input values lying in a limited range. This condition is fulfilled by functions similar to the
letter S (eg Sigmoid). for them, the output value is in the range (0,1), and the sensitivity range for the input is slightly
wider than the range (-1, + 1). This function is smooth and its derivative is easy to calculate. This is important when
training the network

The second activation function studied is the hyperbolic tangent, which is a traditional activation function, but
which suffers from the problem of disappearing gradients.

The linear correction function (ReLU) has been used relatively recently. It is especially suitable for working with
deep neural networks, as it does not suffer from the problem of disappearing gradients. However, ReLU also has
drawbacks. The function is differentiable at 0 and in rare situations can lead to the fact that part of the network will
"crash” and will not participate in the next iterations of training.

The results of this study will be useful in the design of Deep Neural Networks and in the selection of activation
functions.
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function comparison, curve graphics in artificial neural network, model layers, architecture in deep artificial neural
network, starved batch methods for neural network
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BBBEJIEHHME

W3kycTBeHHTE HEBPOHHH MPEXH MOTa C€ MPEICTAaBIT KaTo CUCTeMa OT HepaBeHcTBa. Kato
BCEKU CJIOH € YpaBHEHUE ChC CBOS KpHBa B JIEKapTOBO HPOCTPAHCTBO. Ta3u cTaTus M3cienBa
M3MOJI3BaHETO HA TPU MONYJSAPHU (PYHKIMM KAaTO aKTHBALIMOHHU 3a CKpUT cioi. DyHKIUUTE ca
Curnonnna, TanrecoBa xumnep6onunuHa, Relu. CurHomaHa ¢yHKIMs € JOTMCTHYHA (QYHKLHUS C
KOHCTaHTa "e" ,KOsSITO ce M3MOoi3Ba 3a (YHKIMS Ha mHocieneH cioil. Peny e nuHeliHa QyHKuus
,KOSITO € Hal-nomyJisipHaTa (QyHKIUS 32 CKpPUTH clloeBe. XUIepOonuyHaTa TaHrecoBa (pyHKLUs ce

U3I013Ba KaTo (PYHKIMS B IbJIOOKH HEBPOHU MPEXH, U ABJIOOKH (PUIATHPHU MPEXKH.

N3JT0KEHUE
PosasiTa Ha rpagMeHTHO CIIYCKAHE B HEBPOHHHUTE MPEKH

I'pagueHTHO cIlyCKaHe € METOX KOMTO C€ M3IIOJI3BAa 3a M3YMCIABAHE HA Pa3MHHABAHETO
MEXIy KpUBU B KOOpAUHATHA cucTeMa. [Ipu HEBpOHUTE MPEKH TO3M METOJI C€ Ipuiara 3a KpUBUTE
OIMCAHU OT U3XOJHUTE CTOMHOCTUTE HA BCEKH CKPUT CJIIOM M M3XOAHUSA CIIOH. Upe3 rpaJiueHTHO
CIIyCKaHEe ce MPEeU3UnCIsIBaT CTOMHOCTUTE HAa BCUUKH TeXeCTU U oTKJIoHeHHs. KaTto o6mio npasuio:

3a HEBpOHHA Mpe)ka BHHArd € TOJOXHTEIHO Jla MMa BXOJ ¢ M3BecTHa ciydaiiHoct (Haykin, S.,
2008).

8 NoxnaxsT € npeacraped Ha cecuss FRI-ONLINE-1-CCT1 na 13 noemspu 2020 I. ¢ OPUIHHAJIHO 3arjaBHe:
COMPARATIVE ANALYSIS OF ACTIVATION FUNCTIONS USED IN DEEP NEURAL NETWORKS
TRAINING
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AKTHBAallMOHHU PYHKIIUHT
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@ur. 3: XurnepOoanyHa TaHT€COBA aKTUBAIIMOHHA (PYHKITUS

CurmonnanHara (QyHKUIUS € MaTeMaTHuecka (YHKIHWs, MMamia xapaktepHa "S" -oOpa3Ha
KpUBa WM CUTMOMJHA KpuBa. YecTo cpeliaH mpuMep 3a CUTMOUIHA (YHKIHS € JIOTUCTUYHATa
¢ynxmus (Han, J. and Moraga, C., 1995) RelLu e Tun nuHeiiHa (yHKIUS, B CHbBPEMEHHHTE
HEBPOHHU MPEXHU OT IbI00K BuA. OCHOBHHS HENOCTAaThK Ha TO3W TUINl (YHKIUS ca MosiBaTa Ha
MBPTBH HEBPOHH, KOUTO BpbIIAT ‘0’, HE3aBUCUMO OT CTOMHOCTTA HA IPEXOJHUTE clloeBe. Moxe n1a
BUJUM TO3M €(QEeKT WIIOCTPUpPAH B cleABaiiuTe tectoBe. OyHKIMA HAa XUNEPOOIUYHUS TaHTEHC €
TUI JOTMCTUYHA (QYHKIMS KOSTO HaMHpa MPUIIOKEHHE B HEBPOHU MPEXKHU U IBIOOKU (PUATHPHU
MPEXHU.
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IIpoekTHpaHe HA HEBPOHHA MpeiKa

[IpoekTnpa ce HEBpOHHA Mpeka CIOCOOHA Ja paslno3Hae S5 OTICNHU KpPUBH IO
MIPUHA/IICKHOCT ONTUCaHU BbB Qurypa 4.

@ur. 4: Kpusu onucanu oT sin, -SiNn, COS, -cos ¢pyHKu 3a croitnoctute ot 0 10 200
CBbC CTBIIKA 5

CrotinocTtuTe 1o abipkuHa ca oT 0 go 200, a cTOHHOCTUTE IO BUCOYMHA Ca CTOMHOCTUTE Ha
(GyHKIHATA 32 BCSIKA CTHIIKA.

IIpoexkTHpaHe Ha MaTUIIA ¢ TPEHHPOBAYHHU JAHHH

B tabnuma 1 ca onucaHu TPEeHWPOBBYHUTE JAHHU M3IOJ3BAHU 32 O0y4deHHE upe3 Gopmyia.
Tabnunata e ycnoBHO pasnernena Ha 3 kononu. Komona 1 chabpikailia BXOJAHU JIaHHU 3a 1BH 110
20T BXOJIEH BB3€Jl HA BXOJHMS CJIOM. KOJIOHA 2 ChIbpiKallla BXOAHU JAaHHH 32 21 1o 40Tu XxBojACH
Bb3el1 Ha XBoAHUA cioil. KonoHa 3 kosTo chabpika Kiacudukanus Ha U3XOJHHU JaHHH. KOJOHa 1
cbabpka ctoiiHocTH oT 0 10 200, a KoJIoHa 2 ChabpkKa PYHKIUATA OT T€3H CTOMHOCTH.

Tabmuua 2: Tabnuia ¢ TPeHUPOBBUHU TaHHH

Input Layer N1..N20 Input Layer N21...N40 Classification
x1=0...x20=95 fsin(x1)...fsin(x20) 1,0,0,0,0
x80...x100 fsin(x80)..fsin(x100) 1,0,0,0,0
x1...x20 f-sin(x1)...f-sin(x20) 0,2,0,0,0
XN fcos(xN) 0,03,0,0
XN f-cos(xN) 0,0,0,4,0
xN 0..0..0 0,0,0,0,5

IIpoexTupane u n360p Ha Opoii Ha cil0eBe

N360pa Ha Opoli Ha cilOeBe Ha HEBPOHHATAa Mpexa TpsOBa Ja OTroBaps Ha HAKOJIKO
m3uckBanus. Ckput cioit ¢ 100 Bb3ena KOUTO J1a ce M3Cie/IBa, 3a 1a WitocTpupa edexra Ha u3dopa
Ha aKTHBAUMOHHM (yHKIMHU. HeBpoHHa Mpexa crnocoOHa ga oOy4yd OT JaHHM OT ¢urypa 4 u
tabiuua 1, 1a otroBaps Ha ypaBHeHue ot purypa 5, (Reed, R.D. and J, R., 1999).
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Ns

Nh= (a+ (Nii + No))

Kbaero Nh e Opost Ha ckputute cioeBe. Ns € Oposi Ha TPCHHPOBBUHUTE JaHHH. Ni € Opost Ha
BXOJHUTE BB3IM. NO € Oposi Ha M3XOIHHTE BB3JIH. A a ¢ KoeHIMeHTa Ha MalladupaHe Ha
TPCHUPOBBYHUTC JAHHU.

Neural Network architecture for 100 N hiden layer
Qutput Layer activ func=softmax, 5 outputs
‘\\.

weights and bias=125
Vi
c\‘o".’-

e
AR Hidden Layer 5 activ func=relu, 50 outputs
.‘.‘.’. weights and bias=3800

Y

i
M.OI'O’(

Hidden Layer 6 activ func=relu, 25 outputs
weights and bias=1200

(None, 80)

Hidden Layer 4 activ func=relu, 75 outputs
weights and bias=7500

Hidden Layer 3 activ func=test and analys, 100 outputs
weights and bias=8000

Hidden Layer 2 activ func=relu, 80 outputs
weights and bias=4800

Non-trainable params: 0 Hidden Layer 1 activ func=relu, 60 outputs

weights and bias=2400

Input Layer activ func=none, 40 outputs
weights and bias=none

@ur. 6: ApXUTEKTypa Ha HEBPOHHA MpekKa

Hesponnara mpeska uma 8 ciost, 435 HeBpoHa, 27765 TexxecTy U OTKIIOHEHUs. BXoaeH cioii ¢
40 HeBpoHa U U3XOJeH cioil 5 HeBpoHa. CTOMHOCTUTE Ha BB3JIUTE B CKPUTUTE HEBPOHU C€
M3UYHUCISIBAT IO BpeMe Ha pa3BUBaHE Ha (YHKIIMATA HAMpea B HeBpoHHATa Mpeka. CToifHOCTUTE Ha
TEXKECTUTE U OTKJIOHEHMSTA 32 BCEKU CJIOW C€ MPOMEHSAT CJeJ NPEU3UMCICHUE Ha I'PaJUeHTHOTO
CIIyCKaHE B Kpasi Ha BCEKU OOyUUTENICH LUKBII.

IIbpBU MeTOA 32 U3BJMYAHE HA CTOMHOCT BEKTOP HA CKPHUT CJIOM

[Tporpamupa ce GyHKIHS KOSTO Ja BPbIlla CTOWHOCTH Ha CKPUTHS CIIOH, CJIe]] KaTO MpeKara
e o0yueHa.

Bropu meToa 3a M3BJIMYAHE HA CTOHHOCT BEKTOP HA CKPUT CJI0#

Cb3naBa ce HEBpOHHA MpeXka KOATO HAMa U3XOJCH CIION, He € criocoOHa aa ce oOyvasa. Tazu
Mpeka MpuemMa CTOWHOCTHTE 3a TEXKECTH M OTKIOHEHHMs Ha OpUTHHATHATa HEBpPOHHA MpEeXKa.
[IpenuMcTBaTa Ha TO3W METOJ Ca JPACTUYHO HAMAJICHO BpEeMe 3a CMSITaHEe Ha CTOWHOCTH Ha
CJIOEBETE 3aIlI0TO C€ U3BBPIIBA EAMHCTBOTO €UH IIUKBJI OT ONEPALlMU CaMO B €Ha IMOCOKa.

Cuted Neural Network architecture from MaB‘u!\@Ju Layer activ func=test and analys, 100 outputs
weights and bias=125,

. . . . . . weights and bias values = main NN
NN ‘///
NN
sl |
PR WeIghts and blas—4B00, " o0 CUIPUES

weights and bias values = main NN

’ \n'nf/

]
i

Hidden Layer 1 activ func=relu, 60 outputs
weights and bias=2400,
weights and bias values = main NN

}’4 A
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@ur. 7: ApXUTEKTypa Ha YaCTUYHA HEBPOHHA Mpeka
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Total params: 15,440
Trainable params: @
Non-trainable ams: 15,440

Input Layer activ func=none, 40 outputs
weights and bias=none
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YacTtuyHaTta HEBpOHHA MpeXa MMa IO-MaJKO CJIOEBE U BMECTO M3XOJEH CJION 3aBbplla ChC
CIIOM KOMTO MMa CBIIMAT pa3Mep KaTO CKPUTHUsS CJIOH OT opuruHanHara Mmpexa. CroilHocTuTe
IIOJIy4YEHH OT TO3M CJIOM ca €IHAaKBU CbC CTOMHOCTUTE B CKPUTHS CJIOM HAa OpUTMHAIHATA
u3cieBaHa Mpexa.

Tperu MeTo 32 U3BJINYAHE HA CTOMHOCT BEKTOP HA CKPHUT CJI0M

[IpencraBsHe Ha M3XOJIEH BEKTOP Ha HEBpPOHHA MpeXka KaTo cOOp OT HEBPOHHU MPEXKHU C
€IMHCTBEH U3XOJIEH CJIOH.

S

‘ Q NI ...=output layer small nn1 Q N2...=output layer small nn2 Q N(last) =output layers small nn last iV hiden (N1...Nlast)
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®ur. 8: ApXHUTEKTypa Ha MHOXKECTBO MPEXHU 00EIMHEHH B €IUH BEKTOP

To3u Meton ce obsacHsBa upe3 ypaBHeHHETO OT ¢urypa 9. Cymara OT 4ynciaTa BbB BEKTOD €
paBHa Ha cpejiHaTa CTOMHOCT Ha OT CyMaTa OT yHucllaTa YMHOXKEHa 1o Opost Ha yucnara. OT ToBa
ciensa. Cymara Ha ymciata BbB BekTop V1 kouTO MMa CTOWHOCTUTE HAa HEBPOHA MpPEXKa C MHOTO
U3XOJM € paBHA Cymara Ha 4uciaTa BbB BEKTOP V2 KOUTO MMa CTOMHOCT Ha HEBPOHHA MpeXka C
€IMH U3X0J, YMHOXEHa 1o Oposi Ha u3XxoauTe BbB BeKTOp V2. CpeaHaTta CTOMHOCT OT BEKTOpP B
CJIOM Ha HEBPOHHA MpeXa € BUHAaru (QyHKIMS Ha MPEXOJHHUsS CIOH OT BEKTOP ChC CTOMHOCTH Ha
CJIOSI IIPEJIU HETO.

Z(Vl) =dim(V1) *V1(1)

S (V2) = dimV2 = V2 = It(2)
V1= funL2(v(L2))(3)
V2 = funl2(v(L2))(4)

frn(ffull(vy))  B(V1)
fan(feuted(V2)) « It~ X(v2)

(5)

[IpakTHYecKOTO TecTBaHE Ha TO3U METOJ MOKa3Ba , e MpO(UINTE Ha KPUBUTE OT MOJIYUYEHU
ype3 meroa 1) m Meron 3) ca CXOIHH, HO CTOMHOCTUTE ca pa3inuyHU. To3M MeToA He Hamupa
IIPWJIOKEHUE B IPAKTUKATA U3BBH TEOPETUYHU TECTOBE.

Ananu3 Ha RELU akTuBanuonHa pyHkuust

Ha ¢urypa 10 ce Bmwxka CTOWHOCTUTE KOUTO MMa BCEKH BB3EJ OT M3CIEABAHUS CIIOH, KOTaTO
HEBpPOHHATA MpEeXa MMa CUTMOMJIHA, peneiiHa u TanreHca GpyHkuus. CTOHHOCTUTE TOMYyUYeHU TPU
MojJlaBaHe Ha BXOJIHU JJAHHU 32 Sin (PyHKITHSI.
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—— relu_h line
—— sigmoid_h line
—— tanh_n line

@ur. 10: KpuBa Ha CTOMHOCTUTE Ha CKPUT CJIOM IIPHU Pa3iMuHU aKTUBAIMOHHU
byHKIIUN

IIpuMmep 3a MbPTBU HeBPOHHU IpH ReLu

Ha ¢urypa 11 ce Buwxkaa npumep 3a MbPTBU HEBPOHHU WJIM HEBPOHU KOUTO BPBIIAT CTOWHOCT
“0” 0e3 3HaYCHHE OT BXOJHUTE TaHHH. BB3aMTe B CKpUTHS CIOK Ha HEBpOHHaTa Mpexa ot 11 10 16
BpbIIAT cTOMHOCT “0”, HE3aBUCHMMO KaKBa CTOMHOCT Ha BXOJHHUTE JaHHU OBJC I0JaJIeHa, TOBA €
BAJIMTHO 32 Ipsj1aTa O0y4nuTeTHA MaTpHIIa.

~e— cut of relu hiden layer for -

~e— cut of relu hiden layer fo sin
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@wur. 6: [Ipumep 3a MbPTBH HEBPOHH

AHaJIU3 HA CUTMOUIHA QYHKUMS

Ha ¢urypa 12 ce Bukaa BeKTOpa Ha CKPUTHUS CJIOW KOUTO M3MO0I3BAa CUTMOUAHATA (PYHKIHS.

1
08
06
04

0.2

@ur. 7: CurmonnHa ¢pyHKIUsA B CKpUT cioii ¢ 100 Bp3ena

[Tpumep 3a 3aTHXBaHEe Ha MpeXaTa KOraTo € M3MOJI3Ba CUTMOMIHA (DYHKIIHS 32 aKTHBHPAHE
Ha CKpHT cjoi Ha ¢urypa 13. Ha ¢urypa 14 ce Bixaatr cToMHOCTUTE U3BJIEUEHH OT CKPUTHS CIION
HAMUpaIl CiIef] cI0s IPU KOUTO Ce M3IMoi3Ba curMongHa (yHkuus. HabmromaBar ce xirbcTepu OT
MBPTBU HEBPOHH. KakTo M MakCUMaliHM CTOMHOCTHTE KOMTO HaMaJIsiBaT IPU BCEKU CJIe(BAIll CIIOM.
Korato MakcumaiHUTE CTOWHOCTH OT CJIOW CTaHAT TBHPJIEC MK MpeXXara He ca aKTHBHpA U CITHpa
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na GyHKIMOHUPA.

[0.23867661
0.
0.15475567
0.

0.

0.
1.0541825
0.08348462
0.

0.

0.

0.

0.

[0.09130889
0.
0.43954352
0.

0.
0.
1.1220284
a.
0.

0.9831475
e.
0.33191162
0.823339
e.

a.
0.82832295
a.

a.
0.15777834
1.503925
1.6063019
a.
0.98147964
a.
@.33126718
0.74177724
8.

a.
1.0405067
a.

Q.
0.18378209
1.3734759
1.6529032
a.

0.

0.
1.1534998
0.7396406
0.

0.

0.
0.3290615
0.
0.64880246
0.14785632
0.7220683
0.9167287 ]
0.

0.
0.9455457
1,0437042
0.

0.

0.
0.19136792
0.
0.5889816
0.
0.66164064
0.7588073 ]

8.
0.07564512
1.5404296
B.13764802
9.

0.

8.
8.
0.22327912
8.

8.
0.08459482
1.4845489
g.

8.

0.

8.

e.
@.27829757
e.

]

8.15793943
9.
0.00185826
9.

0.
1.0983458
2.9866395
0.
8.12134903
8.

9.

0.05544221
0.
[1.8575776 |
0.
0.
0.
0.87792945
0.8029593
0.
0.03198674
0.
0.

0.2821911
8.
0.9905129
0.35618514
B.76536036
B.

a.

2.

B.

Q.
0.35603613
0.78239775

0.49474654
e.
0.79546064
0.09154844
0.64757025
0.
8.
2.
8.
8.
0.44020326
0.80438185

@wur. 8: [Ipumep 3a 3aTHXBaHE B CIIEACTBHE OT M3MOJI3BaHE HA CUTMOUHA (DyHKIIHS

AHAJM3 HA XUIIePOOJIMYHA TAHIeCOBA AKTUBAIIMOHHA (PYHKIMSA

[Tpu uscnenBane Ha tanh QyHKIMATA MOXKE Ja CE HAOJIFO1aBa aHOMAJIMH TTPH 00yYEHHUETO Ha
HeBpoHHaTa Mpeka. Ha ¢urypa 15 ce Bmwkma mpumep, B KOUTO HEBPOHHATa Mpeka MOXKE Ja
pasno3HaBa camMo eAuH Kiac. M BpbIIa €IMH M ChII Pe3yJTaT BBIPEKH TPEHUPOBBYHHUTE JaHHMU.
Mpexara ce creluain3upa U pa3lo3HaBa caMo IIbPBUS KJIAC YMHTO JaHHU 3aeMaT IbPBO MSCTO B
oOyuutenHara martpuia. To3u epeKT € OomMcaH B CTaTHH HM3CIEABAIIUd OOYYCHHE Ype3 HEMbJIHU

nannu ( Haibo He and Garcia, E.A. , 2009).

100 M | P T

0.5

tanh hiden layer -cos fun line
tanh hiden layer sin fun line

-

i

THIL Lj/ J

30 40 50 60 70 80 90 100

®wr. 9: KprBa Ha CTOHHOCTHTE CKPHT CJIOW ¢ tanh akTHBAIIMOHHA (QYHKITUS ITPH Sin B -COS TECTOBU
TaHHH
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@ur. 10: [Tpumep 3a aHOMamKs Mpu U3MoI3BaHe Ha tanh akTHBaMOHHA PYHKIIMS

H3BOIN

Cratusra ce CTPEMHU Ja pasmivupu KaTajora CbC CbUICCTBYBAIIW IMPHUMEPH 3a HU3IOJ3BAHU
aKTUBAIIMOHHA (YHKIUU W OTPAKEHHETO MM B HEBPOHUTE MpEXH. Pasriexnmar ce uecTo
cpemanu nmpoOIeMu MPEACTABCHH Ype3 MPAKTUICCKU M3CIICIBAHUS U JIAHHU.

REFERENCES

Vollum, R.L. (2003). Investigation Into backprop forces and deflections at St George
Wharf. Magazine of Concrete Research, 55(5),449-460.

Mladenov, V. and Jordanova, S. (2006). Fuzzy control and neural networks., (Opueunanno

3aznasue : Mnaoenos, B, ﬁopdaﬂoea, C, (2006) . Pasmumo ynpaenenue u He8poHHU Mpexct), 22

Haykin, S. (2008). Neural Networks and Learning Machines. 3rd Edition ed.
University Hamilton, Ontario, Canada.,128

Haykin, S. (2008). Neural Networks and Learning Machines. 3rd Edition ed. University
Hamilton, Ontario, Canada. ,161
Bishop, C.M. (2016). Pattern Recognition and Machine Learning., 240

Han, J. and Moraga, C. (1995). the Influence of the sigmoid function parameters on the speed
of backpropagation learning, 991

Reed, R.D. and J, R. (1999). Neural smithing : supervised learning in feedforward artificial
neural networks. Cambridge, Mass.: the Mit Press,15-31

Stathakis, D. (2009). How many hidden layers and nodes? International Journal of Remote
Sensing, 30(8), pp.2133-2147.

Haibo He and Garcia, E.A. (2009). Learning from Imbalanced Data. IEEE Transactions on
Knowledge and Data Engineering, 21(9), pp.1263-1284.

-58 -



