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IHTETPAIIA MEXAHIYHUX OBMEXEHD Y I'VNIUBOKY CUMBOJIBHY OIITUMI3ALIIO
JUISI BUIKPUTTS B’SI3KO-ITPYKHUX MOJEJER

VY po6oTi po3rismacThCs akTyaldbHa IIpoOlieMa MaTeMaTHYHOTO MOJEINIOBAHHS MEXaHIYHOI MOBEHIHKH INONIMEpPHHX MaTepialiB,
BUTOTOBJIICHHX METOJOM aAUTUBHUX TEXHOJIOTIH, 30kpeMa TepMmoIrtactuynoro nouiyperany (TPU). Ilupoke 3actocyBanus 3D-apyky ms
CTBOPEHHS THYYKUX KOHCTPYKIH Ta OiOMeANYHUX IMIDIAHTATiB BEMAara€ TOYHUX KOHCTHTYTHBHUX MOJENCH, 31aTHHX OIHUCYBAaTU CKJIaJHI
HEJiHINHI SBUINA, TaKi SK TiCTEpPe3UC, pejakcallis HalpyKeHb Ta 3aJeXKHICTh BiJ mBHUAKOCTI aedopmanii. Tpaauuiitai heHOMEHOIOT1YHI
miaxoau, mo 6a3yloThCs, HANPUKIAM, Ha TiNepnpyXHUX noreHunianax (Myni-Pisiina, OrjgeHa), MaroTh CyTTEBI OOMEKEHHS: HEOOXIIHICTh
anpiopHOro BUOOPY CTPYKTYpH MOJEII, HampuKiaj, Qikcamii KUTBKOCTI TIIOK pernakcaii, Ta CKIaIHICTh iAeHTudiKaii 3Ha4HOI KiTbKOCTI
napamerpis. Ile 4acTo IpU3BOAUTH 10 MPOOIEMU HEEAWHOCTI PO3B’SI3KY Ta YCKIAIHIOE IPOTHO3YBAaHHS IIOBEAIHKH MaTepialy B yMOBax
CKJIaHOI aHi30TpOMil, CIIPUYMHEHO] NOMAPOBUM APYKYBaHHSAM. 3 1HIIOTO OOKY, Cy4acHi METOJH MalIMHHOTO HaBYaHHS, TaKi sK HEHPOHHI
Mepexki, Xxoua i 3a0e3neuyroTh BUCOKY TOYHICTH alpOKCHMAIlil, JIOTh SK «4YOpHI CKPUHBKM» 1 HE HaZalTh (Di3UYHO IHTEPIPETOBAHHX
3aJISKHOCTEH, IPUIATHUX IS IOJANBIIOT0 aHalizy. MeToro poboTH € po3pobka METOy aBTOMAaTH30BaHOTO HOIIYKY BU3HAYAIbHHUX PIBHIHB
B'I3KO-IIPY’)KHOCTI, IO IO€JHye THydYKicTh data-driven migxoXiB i3 (pi3MYHOI0 3MICTOBHICTIO. 3alpONOHOBAHO BHKOPUCTAHHS
MozudikoBaHOro GppeiMBOPKY NIHO0K01 cuMBOIBHOI ontuMizanii (DSO) 3 iHTerpariero «MexXaHiqHOTO 3MiCTy». ANTOPHTM 3J1HCHIOE OIIYK
aHaniTHIHOI (pOpMHU IOTEHIay mpyxHOI medopmanii Ta QyHKmii penaxcamii. 3acTOCyBaHHS METOIY A0 EKCIICPHMEHTAIBHUX NaHUX
JIO3BOJIMIIO OTPHMATH KOMIIAKTHE BU3HAYAIIbHE PiBHSAHHS, sIKe 3a0€3IeTy€e BICOKY TOUHICTh allpOKCHMAIlil Ta KOPEKTHO OIHCYE pelaKcaliiiHy
noBeinky 3D-apykoBaHoro matepiany. Pe3ynbraTé cBimuaTh Ipo NEpCHEKTHBHICTH CHMBOJBHOI perpecii Ui aBTOMAaTU3alil CTBOPECHHS
mpo3opux («white-box») MaTepianbHHX MOJIeIeH Y CKIHUCHHO-EJIEMEHTHOMY aHaJIi3i.
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N. FOMENKO, O. LARIN

INTEGRATION OF MECHANICAL CONSTRAINTS INTO DEEP SYMBOLIC
OPTIMIZATION FOR DISCOVERING VISCOELASTIC MODELS

The current issue of mathematically modelling the mechanical behavior of polymer materials produced using additive technologies,
specifically thermoplastic polyurethane (TPU), is addressed in the paper. The widespread use of 3D printing to create flexible structures and
biomedical implants necessitates accurate constitutive models that can describe complex nonlinear phenomena, such as hysteresis, stress
relaxation, and strain rate dependence. Traditional phenomenological approaches, based, for example, on hyperelastic potentials (Mooney-
Rivlin, Ogden), have significant limitations: the need for a priori selection of the model structure, such as fixing the number of relaxation
branches, and the complexity of identifying a large number of parameters. This often leads to the problem of solution inconsistency, which
complicates the prediction of material behavior under conditions of complex anisotropy caused by layer-by-layer printing. On the other hand,
modern machine learning methods, such as neural networks, although providing high approximation accuracy, act as “black boxes” and do
not provide physically interpretable dependencies suitable for further analysis. The goal of this work is to develop a method for the automated
search for determining equations of viscoelasticity that combines the flexibility of data-driven approaches with physical meaningfulness. We
propose the use of a modified deep symbolic optimization (DSO) framework with the integration of “mechanical content.” The algorithm
searches for the analytical form of the elastic deformation potential and relaxation function. Applying the method to experimental data has
yielded a compact determining equation that provides high approximation accuracy and accurately describes the relaxation behavior of 3D-
printed materials. The results indicate the promise of symbolic regression for automating the creation of transparent (“white-box’’) material
models in finite element analysis.

Keywords: viscoelasticity, symbolic regression, constitutive modeling, stress relaxation
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