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This work is devoted to assessing the efficiency of utilizing spiking neural
networks (SNNs) for detecting abrupt conceptual drifts in online learning tasks.
Advantages of SNNSs in online learning were discussed and a shallow two-layer
SNN with Parametric Leaky Integrate-and-Fire neurons was built to detect drifts
in artificialy generated data stream and resulting metrics, time delay and
precision. It was found that SNN are less prone to false-positive mistakes and
are able to detect a drift faster with smaller number of trainable parameters,
compared to a more traditional model/approach.

Hpeiid xkoHuenIii € oAHIEI0 3 OCHOBHUX MPOOJIEM MAIIMHHOTO HAaBYaHHS y
3aBJIaHHSIX OHJIAWH HaBYAHHS W, BIAMOBIAHO, € aKTyaJIbHOK TEMOIO JOCTIKECHb
IPOTATOM OCTaHHIX KUIBKOX pOKiB. Lle siBuIle 3’ IBISETHCS KOJIM B1IOYBaIOTHCS
3MIHM HEOYiKyBaHI 3MIHM B 00jacTi o3HaK abo B obyacTi kimaciB. 30Kpema,
napeiid KoHIENIi cTae MmpoOJeMaTHUYHUM, KOJHM BXITHUW TOTIK JaHUX Mae
YaCcOBI 3aJICKHOCTI. X04a ¥ ICHYIOTh TIEBHI aJITOPUTMHU, 10 30y0BaHi 13 METOIO
HAJI)KHOTO MacuITaOyBaHHS /10 MIHJIMBUX YMOB, OUIBLIICTh CYy4aCHUX MOeei
MaIllMHHOTO HaBYaHHS HE MAarOTh 310HOCTEH /0 MBUAKOI Ta €(EeKTUBHOI
aganTaiii Ta TOTPeOYIOTh IMEpEeHAaBUaHHS, IO HE € 3aBXIH MOXKIMBHM, Ta
noTPeOYIOTh JOIATKOBUX METOJIIB JIJIsl BUSIBJICHHSI HASIBHOTO JApei(y KOHIESIII].

OcTaHHIM YacoM cepejl JOCTIKeHb MoYaiy YacTille 3 sIBISTUCH CITalKOBI
Helipomepexi (spiking neural networks, SNNs) [1] — Helipomepexi TpeThOro
MOKOJIIHHS, SIKi OOpOOJISIOTh Ta MepealoTh 1HPOPMAIlII0 IMIYJIbCAaMH, 3aMICTh
omeparlii MHOXeHHS MaTpuilb. Llelt miaxig € Oiapir 610J0TTYHO-TIOAIOHUM,
OUTbII eHeproeeKTUBHUM, Ma€ MOAIEBUI-OpiEHTOBaHUM XapakTep (BXiAHI AaHi
KOAYIOTbCs y OiHapHI mojii, a0 CIIECKH, 10 € ePEeKTUBHUM JJIs aJanTalii 10
npeiidiB) Ta BOyJOBaHY MOXKJIUBICTh BUBUEHHS MPOCTOPOBO-YACOBUX TATEPHIB
[2]. EBomomiitHa mpupoma mo3Bossie SNNs Hakomu4yBaTh 3HAHHS B MiIpy
HAJIXO/DKCHHIO JTaHWX, 0e3 HeoOXigHocTl mepeHaBuaHHs. Lli skocTi poOATh
SNNs mnpuBabauBuMu Ta e€(OEKTUBHMMU Yy BHUPIIICHHI 3aBJaHb OHJIAWH
HaBUYaHHS, TaKOX OyJI0 EKCIIEPUMEHTAIBHO BHSBJICHO 1X CIIPOMOXKHICTh
ajanTyBaHHs 10 Aperldy KoHueniii [3].

Oxkpim 11€i anmanrariii, SNNS MOXIJIUBO BHUKOPHUCTOBYBAaTH B SIKOCTI
nerekTopy Apeidy. s nepeBipku 1bOro, 0yB BUKOPUCTAHUN IMITYYHUN HaAOIp
naHux “A streaming ensemble algorithm™ [4] 13 pi3kuM ApeidoM KOHIICIII.
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AnTOpUTM ToAadl MaHWX OyB MOOYTOBAaHWUN TaKMM YMHOM, 1100 HOBUU Jpeid
KOHIICTIIII HE TIOYMHABCS, TMOKM HE Oylo 1aeHTU(]IKOBaHUN TMOMEpPEaHIN.
O3Haku ¥ KJac JaHUX MOJaBajlMCh Ha BXiJ MojensaMm. Jljis mopiBHSIHHS OyIio
Bukopuctano aBi mozeini: HoeffdingTree [5], mo mmpoko 3acTOCOBY€ThCS B
3aBIaHHSX OHJIAWH HaBYaHHS, W ABox-mmapoBa SNN (BXigHMI mmmap Ta map
HeliponiB P-LIF [2], cymapHOo Mojiens Mae 6 HelpoHiB Ta 9 mapametpiB). Koxxna

3 Mojieneit TpenyBanack 200 iTepariii, onTumizyroun MeTpuky L1-L0ss.
Drift Detection: P-LIF SNN

Drift Detection: Hoeffding Tree
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Pucynok 1 — I'padik icTopii 3MiHM TOYHOCTI JAeTeKIi aperdy Moaenei

OOuaBi MOJeN YCHIITHO 3HAXOAUIN Ipeid, ane po3podiena SNN pobuna
e mBuame (14 irepamiid, mpotu 17.4) ta mana menme False-Positive merekiiii
(SNN mana precision=0.83, mepeBo — 0.34), mpu mpOMY TOYHICTH y JEpEB
CTablIbHO 3HWXKYEThCS. g pi3HuULS MOB’s3aHa 13 pedpakTepHUM MEPioOM B
SNN, 1o He [03BoJiA€ IM aKTHUBI3yBAaTUCh 3HOB MPOTATOM IEBHOIO MEPIOAY.
Takox, 3BHYalHI IITYy4YHI HEHUpoMepexki, 0e3 BUKOPHUCTAHHS CKJIQJHUX
PEKYpPEHTHUX IIapiB 13 3HAYHO OLIBIIOI0 KUIBKICTIO ApaMETPiB, HE OTPUMYIOTh
KOJTHUX 3HAUYIIUX PE3yIbTaTIB.
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