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Pedepar:

1. Po6oTy npucBsiueHo po3po0Lii Ta TEOPETUYHOMY OOI'PYHTYBAaHHIO MATEMATUYHOI MOZEJIi 3TOPTKOBOI HEMPOHHO]
Mepexi Ha OCHOBI 6arato3HayHux HeiipoHiB (CNNMVN), opieHTOBaHOI Ha pO3B’s13aHHSI 3a/1a4 PO3Ii3HABAaHHS T
xiacudikauii o6pasiB. COopMOBaHO LilicCHY MaTeMaTUYHYy OCHOBY, 1110 3abe3Ieyye (popmaizoBaHUl OUC
3TOPTKOBUX LIapiB i iX PyHKI[iOHYBaHHS. 3allpOIIOHOBAHO J1BAa TUIIM 3TOPTKOBUX SIIep — O4HOKaHaJbHi Ta
6araTokaHasbHi, BCTAHOBJIEHO iX BiIMiHHOCTI Ta BIJIMB Ha CKJIAAHICT i e(peKTUBHICTh Moaeri. [lokazaHo, 1m0
OaraTtokaHaJlbHi s/ipa 3a06€3Me4yl0Th CTabiIbHilly POOOTY, Y3ro[KeHy 3 KIaCUYHUMU apxiTekrypamu CNN.
[TpoaHanizoBaHo mapu cydgucKpeTH3allii, afanToBaHi 1151 KOMIJIEKCHO3HAYHUX JaHUX. Po3risiHyTO
yCEPEIHIOIYUI Ta MAKCUMAJIbHUM MTiIXOIY, BCTAHOBJIEHO, 10 YCEPENHEHHS € OiJbIl IPUPOIHUM IS
KOMILJIEKCHUX 9HCeJI, TOAi SIK CyOAMCKPeTH3allisi a MaKCUMyMOM IIOTpebye MonepesHbOro BUOOPY XapaKTepUCTUKU

(ammitynu abo ¢asm), 0 3yMOBJIIOE CY0O'€KTUBHICTh MeTony. OCO6JIMBY yBary NpuiieHO MeXaHi3MaM 3BOPOTHOTO



MIOUIMPEHHS TTIOMUJIKU. 3aIIPOIIOHOBAHO HETPAAi€HTHUY MMiAXif ONTHUMI3aLii y IPOCTOPi KOMILJIEKCHUX YMCEJI HA
OCHOBI pi3HMIIi MixK 6askaHMMU Ta PAKTUYHUMU BUXOJaMu Mogeti. ONnrcaHo MOMYPEHHS TOMUJIKA MiK
IIOBHO3BSI3HMMH Ta 3rOPTKOBUMH IIapaMy, a TAKOX CUTYallii, KOJIM MDK HUMU PO3MIlLLEHO Mapy CyOAUCKpeTH3aliii.
J7151 y3arajbHEHHS aJITOPUTMY HaBYaHHS aallTOBAaHO IIPMHLMII IOAiTy NOMUIIKU (error-sharing principle)
OpHUriHaJIbHO 3aMponoHoBaHoro Ayt MLMVN, 1o 3a6e3nedye OHOBJIEHD Bar 3 ypaxyBaHHSAM 6araTO3HA4HOI
npupoau HelpoHis. [TokazaHo, mo 3ropTkosi mapu CNNMVN e y3arasibHeHHSIM IOBHO3B's13HUX WapiB MLMVN: y
pasi Ko po3Mipy 3ropTKOBOTO Sfipa Ta BXiJHUX JaHUX PiBHi, TO olepalis 3ropTKY BiTBOPIOE ITIOBEIIHKY HEMPOHIB
IIOBHO3B'13HOI apxiTeKTypu. [IpoananizoBaHo cnenn@iky KOpekiii TOMUIOK Ha 3rOPTKOBUX MIAPaXx, 1€ OJHE SIpo
dhopMye MHOKMHY BUXOJIIB, 1110 IIOTPEOYe arperyBaHHs OTPUMaHUX ITIOMUJIOK. 3alIPOIIOHOBAHO YHiBepCcaJbHUN
aJITOPUTM KOPEKLlii, 3acCHOBaHUI Ha 6aTyeBoMy HaByaHHi MLMVN. OkpeMo 3allponoHOBaHO HOBUM Mifaxin -
BUKOPUCTAHHS MOBHO3B'13HOI Mepesxxi MLMVN sk 3ropTKoBOi y 4aCcTOTHii o6s1acTi. TeopeTuyHe MigIPyHTsI LIbOTO
igX0o4y CIMPAETLCH HA TEOPEMY IIPO 3TOPTKY, sIKa BCTAHOBJIIOE €KBIBaJIEHTHICTH MiXX IDOCTOPOBUM Ta YaCTOTHUM
IIpeJCTaBJIEHHSIM CUTHaJIIB i 3a6e31e4yeThCsl BUKOPUCTaHHSIM repeTBopeHHs Pyp'e. Lle no3Bosisie inTepnpeTyBaTu
oIepallilo 3TOPTKM y YaCTOTHii 06J1aCTi SIK IOKOMIIOHEHTHE MHOXKEHHSI Koe(ilieHTiB criekTpa Qyp'e siapa 3ropTKU
Ha BinnoBigHi koedinientucnexrpa Oyp’'e curnany. MeTos 06MesKeHUI HEMOKIIMBICTIO KaCKalyBaHHS KiJIbKOX
3TOPTKOBUX LIAPiB, ajle JeMOHCTPY€E BUCOKY e(EeKTUBHICTh B 33/1a4aX, Jie paz3oBi ck1amoBi GOPMYIOTHCS
6e3rnocepenHbO 3 iIHTEHCUBHOCTEH mikcesiB. [J1s1 3MeHIIeHHsI 0O0UKCIII0BaIbHOI CKJIaIHOCT] 3aITpOIIOHOBAHO
4aCTOTHY CyOAMCKPETU3allilo, sIKa Iepefdadae BUKOPUCTAHHS JIMIIE YacTUHU criekTpa Oyp’e Ta BogHO4YAC
MOKpallye 30aTHICTb MOJIEJIi 10 po3mi3HaBaHHs. [IJIs1 OLiHIOBaHHS Y3arajbHIO40i CIIPOMOKHOCTI peasi3oBaHO
nporpamue 3ab6esnedyeHHss Ha MATLAB ta mpoBeneHo ekciepumeHnTH Ha matacetax MNIST i Fashion-MNIST.
JocmiiKeHo TONoorii 3 0AHUM i ABOMA 3rOPTKOBMMHU IIapaMU, a TaKOXX pOOOTY alallTOBAaHUX aJITOPUTMIB
cybauckperu3atii. Pesynbrat nifTBEpAnn e(peKTUBHICTh MOJIENe, 3015KHICTb ITPOLIECY HaBUYaHHS Ta CTabiIbHICTD
pobot CNNMVN. EkcriepuMeHTasIbHi LOCTiIKeHHs TaKOX [TPOIEMOHCTPYBAJIH, 10 Ha Mi3HiXxeTanax HaBYaHHS
CNNMVN, Ko TouHicTb Knacudikaliii Mepexi focsrae BifHOCHO BUCOKUX 3Ha4€Hb, PiBEHb IIOMUJIKY IIOCTYIIOBO
3MEHIIYETHCS, i B CUCTEMI CIIOCTEPIraeThCs SIBULLE TaK 3BAHOTO «3aTyxXaHHS IOMUJIOK». [1J1s1 SMEHIIEHHS BILJIUBY
HagMmipHOi HOpMadizanii 6y10 po3po6IEHO Ta 3aIIPOIIOHOBAHO CIIelia/IbHUM MEeXaHi3MaJallTUBHOTO HaBYaHHS JJ1s1
CNNMVN. Moro no6yoBa BpaxoBye sK e(eKT 3aracaHHs IOMUJIOK Y TIMO0KMUX Mapax, TaK i BIJIMB HaMipHOi
HOpMaJi3ali, 1jo4acTo NpU3BOAUTD [0 YIIOBIIbHEHHS HABUAHHS Ta 3HW)KEHHSI 30aTHOCTI MEPEXi 10y3arajJbHEeHHSI.
Bin BKito4ae MacmTabyBaHHS HOpMaslizaliHUX KOedillieHTiB Ta PEryJl0BaHHS BEJIMYVHY BarOBUX KOPEKLil
3aJIEXKHO Bif MOTOYHOI TOYHOCTI Ki1acudikanii, 3a6e3nedyouy rHydKily onTumisario. 3 MeTo rn6Ioro
PO3yMiHHS pOoOOTH 3rOPTKOBUX I1apiB Ha 6araTo3HaYHUX HEMPOHaX Ta 3[4aTHOCTI MepexXKi 10 y3arajbHeHHs 6yJI0
IIPOBEEHO aHaJli3 3TOPTOK i siAep, CPOPMOBAHUX Y MIPoLeCi HaBYaHHS. [171s1 IbOrO 3aCTOCOBAHO METOAU
CIIEKTPAJILHOTO aHasli3y, SKi Aajau 3MOTY AOCIIUTYU NOBELIHKY 3TOPTKOBUX SA€P K Yy IIPOCTOPOBIi, TaK iy
4acTOTHI o6sacTsx. [Tokazano, mo CNNMVN 3paTHa BULISATH KIIOUOBI IPOCTOPOBi 03HAKU 300pa’keHb — KOHTYPH,

JIiHil Ta CTPYKTYPHi €JIeMEHTH, a TAaKO>XX BUKOHYBATU (QibTPallil0 YaCTOTHUX KOMIIOHEHT, 110 PO3IIKPIOE

2. This paper is devoted to the development and theoretical justification of a mathematical model of a
convolutional neural network based on multi-valued neurons (CNNMVN), designed for pattern recognition and
image classification tasks. A comprehensive mathematical framework is formulated, providing a formalized
description of convolutional layers and their functional properties. Two types of convolutional kernels: single-
channel and multi-channel are proposed, and their differences and impact on model complexity and performance
are examined. It is shown that multi-channel kernels provide more stable behaviour, consistent with classical CNN
architectures. Subsampling layers adapted for complex-valued data are analysed. Both average and max pooling
approaches are considered, and it is shown that averaging is more natural for complex numbers, whereas max
pooling requires prior selection of a characteristic (amplitude or phase), which introduces subjectivity into the
method. Special attention is given to the mechanisms of error backpropagation. A non-gradient optimization
approach in the complex domain is proposed, based on the discrepancy between the desired and actual outputs of
the model. Error propagation between fully connected and convolutional layers is described, including cases



where subsampling layers are placed between them. To generalize the learning algorithm, the error-sharing
principle originally introduced for MLMVN is adapted for CNNMVN, ensuring weight updates that properly
account for the multi-valued nature of the neurons. It is demonstrated that convolutional layers in CNNMVN
generalize fully connected layers of MLMVN: when the dimensions of the convolutional kernel match those of the
input, the convolution operation reproduces the behaviour of a fully connected architecture. The specifics of error
correction in convolutional layers are analysed, where a single kernel produces multiple outputs and thus requires
aggregation of the resulting errors. A universal correction algorithm based on batch learning in MLMVN is
proposed. A separate contribution is a novel approach in which a fully connected MLMVN network is used as a
convolutional operator in the frequency domain. The theoretical foundation relies on the convolution theorem,
which establishes the equivalence between spatial and frequency-domain representations via the Fourier
transform. This allows convolution to be interpreted as element-wise multiplication of the Fourier spectra of the
kernel and the signal. Although the method cannot directly support cascaded convolutional layers, it shows high
effectiveness in tasks where phase components are derived from pixel intensities. To reduce computational
complexity, frequency-domain subsampling is introduced, which uses only a subset of Fourier coefficients and
simultaneously improves recognition capability. To assess generalization performance, MATLAB-based software
was implemented, and experiments were conducted on the MNIST and Fashion-MNIST datasets. Network
topologies with one and two convolutional layers were studied, as well as the behaviour of the adapted
subsampling algorithms. The results confirm the efficiency of the models, the convergence of the learning
algorithms, and the stable performance of CNNMVN. Experiments further show that at later stages of training,
when classification accuracy becomes relatively high, the error level gradually decreases, producing an effect
known as “error attenuation.” To mitigate the impact of excessive normalization, a dedicated adaptive learning
mechanism is introduced for CNNMVN. This mechanism accounts for both the attenuation of errors in deeper
layers and the effect of over-normalization, which often slows learning and reduces generalization ability. It
combines scaling of normalization coefficients with adaptive adjustment of weight updates based on current
classification accuracy, resulting in more flexible optimization. To deepen understanding of convolutional
behaviour in multi-valued neuron networks and their generalization capability, convolution operations and trained
kernels were analysed using spectral methods. This analysis enabled the study of kernel behaviour in both spatial
and frequency domains. The results show that CNNMVN can extract key spatial features: contours, edges, and
structural elements and can also filter frequency components, expanding its applicability to tasks involving
spectral data analysis.
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