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AnnoTanus. B pa6orax, CBA3aHHBIX C aHAIW30M JAHHBIX W3 HECKOJBKHX HCTOYHHKOB, BO3HHKAET 3a[ada
rapMOHHM3AIMK  TPEJCTABJICHUH,  yCTPAHSIOUIEH  pacXOXkJIeHUs,  OOYCIIOBJICHHBIE  TEXHHYECKUMH
ocoOeHHOCTAMH cOopa. MBI omnucelBaeM BOCIIPOU3BOJMMBII IIPOrPaMMHBIH KOHBeilep I JaHHBIX
MHOTr03Xx0Bo# (yHkunoHansHoii MPT (GMPT), HaueneHHbIil Ha NPUBEJEHHE CUTHAIOB OT PAa3JIMYHbIX 3XO-
KaHAJIOB K COITIACOBAHHOMY JIATEHTHOMY INIPOCTpaHCTBY. KoHBeifep OCHOBaH Ha OTKDBITHIX JAHHBIX U
nactpymentax (BIDS, Datalad) u Brirouaer stambl mpego6paboTKH, (hOPMHPOBAHUS BPEMEHHBIX OKOH U
00y4eHHs JIETKOBECHBIX MO/ieleil BRIpaBHUBAHMS IIpe/ICTaBIeHIN. D (OEKTHBHOCT OLIEHUBACTCS IPOTOKOIOM
Ha OCHOBE NPHPAILCHUS MEXIXOBOW KOPPEJSALMY NepBoii rinaBHoi komnoHneHTsl (APC1). Ha Bbibopke u3z 100
ceccuif, Ipu (HPUKCUPOBAHHOIN KOHGUIYpaLUH HPOLELyp M THIepHapaMeTpoB, MeauaHHblil npupoct APC1
cocraBun ~ +0.11, monst ceccuii ¢ MOTOKUTENBHBIM dPderToM =~ 61%, 4TO HOATBEPKIACT YMEPEHHBIH, HO
YCTOHYHMBBII BBIMTPHI; 95%-1 JOBEPUTEIbHBII MHTEPBAT MEAHAHBI He BKIIOYaeT HOMb. IIpencraBieHHbIN
KOHBEHEp CIIY)KUT OTKPBITOH BOCHPOM3BOAMMON 0a30BOi JIMHUEH Ul CpaBHEHUs ¢ 0oJee CIOXHBIMHU
METOAaMy rapMOHH3alHU.

KiiouyeBble ciioBa: IporpaMMHBIH KOHBelep; BOCIIPOM3BOAUMBIH aHAIIM3; COTJIACOBAHHOCTh JAHHBIX;
BBIPABHMBAHUE IIPE/CTABICHUN; MHOrosxosas (MPT; HeiipoBu3yanaM3auus; JaTEHTHBIC NPEICTABICHHUS,
Datalad; BIDS.
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Abstract. Studies involving multi-source data analysis often require representation harmonization to address
discrepancies caused by technical differences in data acquisition. We describe a reproducible software pipeline
for multi-echo functional MRI (fMRI) data, aimed at mapping signals from different echo channels into a
common, aligned latent space. The pipeline is based on open data and tools (BIDS, DatalLad) and includes
preprocessing, time-windowing, and training of lightweight representation alignment models. Efficacy is
evaluated using a protocol based on the gain in inter-echo first principal component (APC1) correlation. Using
a sample of 100 sessions with a fixed configuration of procedures and hyperparameters, the median APC1 gain
was ~ +0.11, and the proportion of sessions with a positive effect was =~ 61%, confirming a moderate but
consistent improvement. The 95% bootstrap CI for the median does not include zero. This pipeline serves as
an open, reproducible baseline for comparison against more complex harmonization methods.
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1. BeedeHue

[lpn aHanm3e DaHHBIX, ITOMYYEHHBIX M3 HECKOIBKUX HCTOYHHUKOB WM B PA3IMYHBIX YCIOBHSX,
BO3HUKAeT 3aJada TapMOHM3alUM MX IpeJCTaBIeHHH. OJTa 3amada SABISETCA LEHTPANBHOH Uit
MEXIUCIUIUTMHAPHONH 00JIacTH BBIpAaBHMBaHHS MpeAcTaBieHuil (representational alignment),
H3yYaroIel CriocoObl CONOCTAaBIICHHS JIATEHTHBIX IPOCTPAHCTB OHOIOTHYECKUX U HCKYCCTBEHHBIX
cucrteM [1]. 910 HE0OX0AUMO ISl TOTO, YTOOBI ATTOPUTMBI MAIIUHHOTO O0YUYESHHUSI MOTJIN BBISBIISTh
coJiep KaTeNbHble 3aKOHOMEPHOCTH, a He 00y4yaThesl Ha apTeakTax, BHI3BAHHBIX TEXHUYECKHUMU
paznmumsamMu B cOope naHHBIX [2, 3]. [IpoGmema TexHHYECKHX apTedakTOB M MEKCAHTOBOM
rapMOHH3al[MU TpPU3HAHA KPUTHYECKOH U1 HAlEe)KHOCTH BBIBOJOB B HelipoBu3yamusanuu [3].
Bonee Toro, BeIcOKasi BApHATUBHOCTh B KOHBeiiepax 00pabOTKU JaHHBIX CO3AeT JIOTOTHUTEIbHBIC
PYICKH TS BOCIIPOU3BOAUMOCTH, 4TO TPeOYeT CO3AaHMs MPO3PAYHBIX U OTKPBITHIX HHCTPYMEHTOB
aHanu3a. B oOnacti HelipoBU3yanu3alWM JaHHAs 3aJada SBISETCS OCOOCHHO AaKTyalbHOI, B
YaCTHOCTH, TIpH paboTe ¢ JaHHBIMH MHOT03X0BoH (yHKunoHanpHOH MPT (GMPT), rae curnamst
OT Pa3HBIX 9X0-KaHAJIOB UMEIOT Pa3IMUHbIe CTaTUCTUUECKHE cBOMCTBA [4] (puc. 1).

OpHEM U3 BO3MOXHBIX CIOCOOOB pEIICHUS SABISETCA IPUMEHEHHE CIOXKHBIX MoJenell riry6oKkoro
00y4yeHHs1 Ui COBMECTHOTO aHali3a pPa3HOPOAHBIX CHIHAIOB. B mocieaHue rojbl aKTUBHO
Pa3BHBAKOTCS TIOIXOMbI, CBS3BIBAIONINE COTJIACOBAHHOCTh MPEICTABICHUH B HCKYCCTBEHHBIX H
OMOJIOTHYECKUX CHCTEMax BOCIPHUSATHS, BKIIOYAs aHANIN3 BHIPAaBHUBAHUS JIATCHTHBIX IPH3HAKOB
mozneneit ¢ fMRI-akTuBHOCTBIO 4enoBedeckoro wmosra [1, 5-6]. IlomoOHble pabGoOTHI
JEMOHCTPHUPYIOT, YTO KOPPEKTHOE COMOCTABJICHHE JATCHTHBIX IPOCTPAHCTB HE TOJBKO YIydIlaeT
BocnpousBoauMocts (GMPT-aHamu30B, HO M CHOCOOCTBYET HHTEPIPETHPYEMOCTH MoJeeit
HelipoBusyamm3anun. OIHAKO, HECMOTPS Ha IOTEHHIHAT TAaKUX IOIXOIO0B, MX IPAKTHIECKOE
MIPUMEHEHHE H CPAaBHEHHE CONPSHKEHO C PSIIOM TPYIHOCTEH:
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Puc. 1. Ilpumep oannvix mnozosxosou pMPT. Cpeonue uzobpasicenus 0iist 00HO20 UCHBINYEMO20
(sub-01), nonyuennwvie na (a) nepsom (Oxo 1) u (b) emopom (Oxo 2) sxo-kananax.
3amemmnbl paznuuus 6 Konmpacme u UHMEHCUGHOCIU CUSHANA, ULTIOCMPUPYIOUUE UCXOOHYIO
PAcco2naco8aniocms OAHHbIX MEAHCOY IXO-KAHANAMIU.

Fig. 1. Example of multi-echo fMRI data. Mean images for a single subject (sub-01) from (a) the
first (Echo 1) and (b) the second (Echo 2) echo channels. Visible differences in contrast and signal
intensity illustrate the inherent misalignment between echo channels.

e [IpoGnema BOCHPOHM3BOJUMOCTA. MHOIME MHCCIEHOBAHHUSA IIPEACTABIAIOT UTOTOBBIC
METPHUKH, HO HE MPEeJOCTaBIIAIOT MOJHOrO JOCTYIa K IPOrpaMMHOMY KOy U KOHBelepy
00pabOTKM JaHHBIX. DTO 3aTPyJHAET BEPU(PUKALUIO PE3yIbTaTOB U HCIONb30BAHHE
IPEJUIOKEHHBIX METOA0B B Ka4eCTBE OTIPABHOU TOUKHM JUIA JalbHeHmux pabot [7].

e OrcyTcTBHE CTaHZAPTHHIX 0a30BBIX pemeHuil (baselines). [lnst oneHkn 3¢ dexTHBHOCTH
HOBOTO, CJIOXHOTO METO/Ia TapMOHU3aIUH HEOOXOIMMO CPAaBHUBATH €TO C MPOCTHIMH, HO
HaAEKHBIME M IIOJIHOCTBIO BOCIPOHM3BOJMMBIMH pellleHHAMH. Ha mpaxTuke Taxue
00IIeJOCTYIHbIE «IMHEHKI 11 OLIEHKU KadeCTBa BHIPABHUBAHMUS NIPEACTABICHUI YacTo
OTCYTCTBYIOT [8].

e Bricokas CII0XHOCTh. BHepeHre 1 aganTarys CI0KHBIX MOJENICH TpeOyeT 3HAUNTEIbHBIX
BEIYHCIIUTENIBHEIX PECYPCOB U BPEMEHHBIX 3aTpar, a HX 3(Q(EKTHBHOCTh Ha MalbIX
BbIOOpKax GMPT orpanmuena [9]. [IpuMepoM MOXKeET CITyKUTh 00pabOTKa MHOTOIXOBBIX
JIAHHBIX, KOTOpass TpeOyeT MpPUMEHEHHs CIHCHUATM3UPOBAHHBIX  MPOrPAaMMHBIX
KOHBeHepoB, Takux kak tedana, mns pasgenenuss BOLD um He-BOLD kommoHeHTOB
curHana. Jlaxke HeTaBHUE UCCIICOBAHMs, HATIPABJICHHBIC HA CTPOTOE CPAaBHEHUE METOJIOB,
BBIHYK/ICHBI PEAIM30BBIBATh U COMIOCTABIIATH OTACIbHBIE, CJIOXKHBIC MAWIUIAHHbI JIs1 OAHO-
U MHOTO9XOBBIX [AHHBIX, YTO IOAYEPKUBAET OTCYTCTBUE IIPOCTOTO YHHBEPCAILHOIO
pewenus [10].

B nanHoO# paboTe 1 peleHust 0003HaYCHHBIX IPOOJIeM MBI IpeiaraeM Moaxo/1, OCHOBaHHEIN Ha
CO3JIaHUH | anpoOaluy MOJHOCTHIO BOCIPOM3BOANMOTO NIPOrPaMMHOT0 KOHBeHepa A aHAIN3a U
rapMOHM3aINU aHHBIX. KOHBeifep aBTOMATHU3MpyeET BCE ITAIBL: OT 3arpy3KH OTKPBITHIX JTaHHBIX C
MOMOIIBIO CHCTeMBbI KOHTposiss Bepcuii Datalad [11] mo oOyueHmst JErKOBECHBIX Moeen
BEIPDAaBHMBAHUS W pacuyéra METPHK COTJIACOBAHHOCTH. TaKoW ITOIXOI TO3BOJISET HE TOJBKO
MOJTYy4YUTh KOJMYECTBEHHYIO OIEHKY 3(deKTa rapMOHH3AIMU, HO M INPEAOCTABIACT HAYYHOMY
COOOIIECTBY MPO3pPAvyHOE U JIETKO alallTHpyeMoe 0a30BOE pelICHUe Il OYIyIINX UCCISTOBAHHMH.
B uactHOCTH, aHAJTOTHMYHBIE YCWIHS IO CO3JAaHHIO BOCHPOM3BOAMMBIX Cpel Ul aHaIu3a
GMPT/MPT-nannsix onucansl B pabote PacnpenenenHas moxmyinbHas miatdopma «Ludpopas
JlaGoparopus» kak cpela And NPOBEJCHHA HAydHBIX MCclefoBaHuM u paspabotox HUIL
«KypuaroBckuit Wuctutyt» [12], uTO mNOAUEpPKHBAET aKTyalbHOCTh TEMbl OTKPBHITBIX U
BOCIPOU3BOAUMBIX MHCTPYMEHTOB B HEHPOBU3yallH3allMU. AKTYaJbHOCTH CO3JaHHS MOZOOHBIX
BBIYHCITUTENILHBIX KOHBEHEPOB IJIsi TEHEPAlMM ¥ AaHAM3a BHPTYAIBHBIX HAa0OpPOB JaHHBIX
MOATBEP)KAACTCS. M B CMEXKHBIX O0ONAcTAX OHWOMEOHIMHCKOTO aHalW3a, HalpuMep, MHpu
MOJICTUPOBAHHUHM JIaHHBIX ITyJILCOBOW BOJIHBI [13].
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Pabora yctpoena cienyronmm odpazoMm. B pasmerne 2 MBI OIHCHIBaEM HCIIONIb3YyEeMBIC TaHHBIE U
oTanbl HMX mpemoOpaboTku. Pasmen 3 TOCBAIIEH ONMMCAHWIO PEATH30BAHHBIX METOIOB
BBIPABHUBAHUS TPEICTABICHUH M TPOTOKONY OLEHKH HX 3(¢eKkTuBHOCTH. B pasnmene 4
MPEJCTaBICHBl PE3YJIbTAThI, MOJYUYCHHBIC HA OTKPHITOM Habope AaHHBIX. Pasmen 5 comepxur
0o0Cy’KA€HHE MOIyYEeHHBIX PEe3yJIbTaTOB U OIPAaHHYCHUH NPEATIOKCHHOTO MoaXoaa. BriBoasl 1o
pe3ysbTaTaM HCCIIEAO0BAHHS CAETaHbI B pa3zelne 6.

2. flaHHbIe u npedobpabomka

B manHOM pa3szene OmHCHIBaeTCs MCTOYHHK JAHHBIX, KIIOUEBBIE IapaMeTpsl HX cOopa, a Takke
TIPOTrpaMMHBII KOHBeHep, pealn30BaHHbIN UL UX 3arpy3KH U IIOATOTOBKH K aHAIU3Y.

2.1 ACTOYHMK AaHHbIX

B kadecTBe MCTOYHHMKA JAHHBIX OBUT MCIOJNB30BaH OTKPBITHIH Habop ds003592, pa3MelieHHbIH B
penozutopun OpenNeuro [14]. Habop IaHHBIX CONEPUT JaHHBIE CTPYKTYPHOH U MHOT'OIXOBOM
¢ynxnnonansHOi MPT, nomydennsie ot 301 310poBOro B3pOCIOro y4acTHHKA ABYX BO3PACTHBIX
rpym. J{js HacTosIero ucciaeaoBaHus uenonb3oBanuck nanasle MPT moxkos (resting-state fMRI)
1 COOTBETCTBYIOLINE UM aHATOMU4YecKue T1w-B3BelIeHHBIC H300paXKeHHS.

2.2 NapameTpbl cO60pa AaHHbIX

COop JaHHBIX IPOBOJMIICS Ha ABYX ILTomankax (Site 1, Site 2) ¢ He3HAUUTEIBHBIMU PA3THUUAMU B
napamerpax MPT-ckanepos. [l aHanu3a ObLIM 3aeiCTBOBAHbI CIEAYIONIHNE THIIBI U300paskeHUM:

1) Tlw (aHaToOMHuYECKHE NaHHbIE):

e Site 1: TR =2530 mc, TE = 3.4 mc, pa3mep Bokcens = 1 MM H30TpOIHBIH.
e Site 2: TR = 1900 mc, TE = 2.52 mc, pa3mep Bokcemns = | MM H30TPOIHBIH.

2)  Rest (pyHKIMOHATBHBIC TaHHBIE):

e Site 1: TR =3000 mc, TE = 13.7/30/47 mc, pa3mep Bokcens = 3 MM H30TPOITHBIH.
e Site 2: TR = 3000 mc, TE = 14/29.96/45.92 mc, pa3mep Bokcens = 3.4x3.4x3 MM.

Jlnst Hamero aHanu3a, HaIPaBJICHHOTO Ha BEIPaBHUBAHHUE NTPEACTABICHAI MEXITY 3X0-KaHAIaMH, U3
KaXXJIOH CeCCHU MCIOIb30BATUCH TaHHbIE MEepBhIX IBYX 5X0 (Hanpumep, TE ~ 14 mc u TE = 30 mc).

2.3 NMporpaMMHbLIN KOHBenep NpeaoobpadboTkn

Jnst obecrieueHust BOCIIPOU3BOAUMOCTH U 3((PEKTUBHOIO yIPaBIE€HUS JaHHBIMU ObLI Peaan30BaH
NIporpaMMHBIN KOHBEWEp, BKIIOYAIOIINI CIEAYIOIINE IIark:

1) 3arpyska mauHbix. J[jisi 3arpy3Kd JaHHBIX TPUMEHSUIACH CHCTEMa KOHTPOJIS BepCHil
Datalad, unTerpupoBaHHasi ¢ CHCTEMOIi yripaBienus (aiinamu git-annex. Takoi moaxox
MO3BOJIMJI OPraHU30BaTh BBHIOOPOYHYIO 3arpy3Ky TOJIBKO HEOOXOJMMBIX IS aHain3a
(aitno: anatomuueckux T1w-uzo0paxenuit (anat/*T1w.nii.gz) U QyHKIHOHAIBHBIX
JTAaHHBIX JUTs TIEPBOTO U BTOporo 9xo (func/* _echo-1/2_bold.nii.gz).

2) TlomroroBka okoH. Bpemennsie psimsl GMPT i kakI0ro 3xXo-KaHaua pa3pe3alich Ha
IepeceKaroIyecss OKHAa  (UKCHPOBAaHHOW  AnMHBL  J[11  OCHOBHOTO  aHaim3a
ucnone3oBanuck okHa auuHOi T = 8 BpemeHHbIX cpe3oB (TR), uto coorBercTByer 24
CeKyH/1aM, ¢ 11arom B 2 cpesa (6 cexynn). JlaHHbIe B KaXJJOM OKHE HOPMAITM30BAIUCH (Z-
score), 4To sIBIsETCsA CTAaHAApTHOM IPAaKTHKOM B KOHBeHepax CTaTUCTUUECKOrO aHaIH3a
[15]. Ans yHubHKAMU OPOCTPAHCTBEHHOIO Pa3pelIeHUs U CHIDKEHUS BBIYUCIUTEIbHON
CIIOXHOCTU TIPOBOAMIICS MEPEIUCKPETHU3alusl KaXJOr0 OKHA [0 BOKCEIBHOH CeTKU
pasmepom 80%x80%24. B wuTOroBbIX pacyerax, IPEACTaBICHHBIX B pasiene 4,
HCIOJIE30BaINCh OKHa JuinHoil T=8 TR mis oOecneuenus cTaOMILHOCTH OLIEHKH TJIaBHOM
KOMIIOHEHTBL.
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3. MemoObi

[Mocne MOATOTOBKYM TaHHBIX OBLT MPOBEAEH CPABHHUTEIBHBIA aHAIH3, IIENBI0 KOTOPOTO SBILUIACH
KOJIMYECTBEHHAs: OlEeHKa 3(QeKTa OT MPUMEHEHHs JIETKOBECHBIX IPOLEIYpP BbIPABHUBAHUS
JIATCHTHBIX MPE/ICTaBICHUI. B TaHHOM pa3nerne onuchiBaeTcs 0a30Bast IMHUSA IS CPABHEHHS, CAMH
MPOLEYPbl BBIPABHUBAHHS, a TAKXKE IPOTOKOJ METPUK, HCHOJb30BAHHBIA JJIsI OICHKH HX
3¢ PEKTUBHOCTH.

3.1 Ba3oBbI ypoBeHb COrfacoBaHHOCTHU

B kauectBe 6a30BOro ypoBHs coriacoBaHHocTH (baseline) ObUia MpHHATa KOPPENSALUS MEXKIY
CHTHAJIAMH TIEPBOTO M BTOPOT'O X0 Ha HE0OpaOOTaHHEIX JaHHBIX. {11 Ka)KIOro BpEMEHHOTO OKHA
BEYHCIIUIAck TaBHas kommoHeHTa (PC1) mpocTpaHCTBEHHOro pacmlpeneieHHs aKTHBHOCTH
Bokcenei. [16] 3atem mexay Bekropamu PC1 mis nepsoro (PC1_echol) u Broporo (PC1_echo2)
9X0 PaCCUUTHIBAJICS KOAPPuIMeHT kKoppensuuu [Tupcona [17, 18]. Dto 3HaYeHHE, 0603HAYCHHOE
Kak PCloefore, XapaKTepU3yeT HCXOIHYIO CTEIICHb CXOXKECTH CHTHAJIOB 10 IPUMEHEHHS KaKUX-TTH00
MoJeneil BEIpaBHUBaHUS.

3.2 Mpoueaypbl BbipaBHMBaHUSA NpeacTaBrieHumn

Jlnst oOocHOBaHHS BHIOOpAa PpEANM30BAaHHBIX Mojeneil B Tabmn. | TpuBeIeHO CpaBHEHHE
MPEUTOKEHHOTO IMOAX0/Aa C CYLIECTBYIOIIUMHU aJbTEPHATHBAMHM B OOJACTH TapMOHHU3ALMU U
BeIpaBHUBaHUSA GMPT. MbI dokycupyeMmcs Ha METOIaX, MIPUTOHBIX Ul PaOOTHl BHYTPH CECCHU
0e3 NpuUBIECYEHMS BHEIIHUX METOK MIM OONbIIUX OOy4aromux BbIOOpOK. [l MOBBIMICHUS
COIJIACOBAHHOCTU MEXKAy 3XO-KaHajdaMH ObIIM anpoOHpOBaHBI JBa Kj1acca METOJOB, LIMPOKO
oOCyXaeMbIX B JUTepaType IO TapMOHM3allud JaHHbIX. K mepBoMy Kiaccy OTHOCATCS
CTaTHCTUYECKHe (JIMHEHHbIE) METObI, paclpeesieHus JaHHbIX. Ko BTopoMy — METO/IbI Ha OCHOBE
OOydYeHHs] TpPEACTaBICHMH, WCIOIb3YIONINe, HANpUMep, aBTOYHKOJAEPHl I  HM3BICUCHHS
rapMOHHM3UPOBaHHBIX Npu3HaKoB [19]. B Hamieil paboTe MBI peaqu3yeM U CpaBHUBAEM IIPOCTOH
nHeiHbIi noaxon (Ridge-perpeccust) [20] u cOBpeMeHHBINH METO COMIOCTABIICHHS TPEICTABICHHUI
(VICReg) [21, 22].

3.2.1 JluHeHoe BbipaBHUBaHWe

JlaHHBI TOAXOA TPEANojaraeT, 4YTrOo MpPEACTABICHHE OJHOTO 93XO-KaHala MOXET ObITh
aNMPOKCHMUPOBAHO JINHEHHBIM IIPe0Opa30BaHUEM MPEICTaBICHIUS ApYroro kanana. B padore Ob1a
oOyuena wmozenb (Ridge-perpeccust), Haxopsmias Marpuiy mnpeoOpazoBanust W, KoTopas
MHHUMU3HPYET CPeIHEKBAIPATHUHYIO OIIHOKY MEXIy NPeoOpa3oBaHHBIM CHI'HAJIOM IIEPBOTO 3XO0
(X1:'W) u curraiom BTOporo 3xo (X2). Hus mpemoTBpallieHUs NepeoOydeHHs U IOIy4eHUS
OOBEKTUBHOM OIIGHKH, MOZAEAH OO0y4aluch W TECTUPOBAJIMCH Ha HENEepPECEKaIoIUXCs
IOAMHOXXECTBAX JaHHBIX.

3.2.2 BbipaBHMBaHWe Ha OCHOBe COMNOCTaBieHUA NpeAcTaBleHnn

3amaya BEIpaBHUBAHUS TIPE/ICTABICHUH MEX/y CyObeKTaMH MM KaHaJlaMH aKTUBHO HCCIIEyeTcs B
HeHpOBHU3yall3allid ¥ BKJIIOYaeT METOIbI COBMECTHOTO OOy4YeHHMS JaTEHTHBIX IPOCTPaHCTB [23,
24]. OtH moxxoxpl HANpaBIeHBl Ha (OpMUpOBaHHE 00ImIEero (QyHKIHOHAIBHOTO MPOCTPAHCTBA
MO3ra, B KOTOPOM MHANBHIYalbHBIC BapUalliK IpecTaBlIeHs! Kak adduHHbIe npeodpa3zoBanus. B
JIAHHOM HCCJIC/IOBAHUH 3Ta UJIes aJlaNTHPOBaHa K MHOT09XOBbIM JaHHBIM (MPT ¢ npumMeHeHnem
VICReg-00y4eHus 11 CONOCTaBICHUS IPEICTAaBICHUN MEX Ty 3X0-KaHanaMu. J{jis rapMoHU3auu
JIATEHTHBIX MpeJCTaBICHUN ObUI NPUMEHEH METOJl BBIPABHMBAHUS HA OCHOBE COIIOCTABIEHUS
npexcrasinenuil o0yuenust VICReg (Variance-Invariance-Covariance Regularization).
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Taba. 1. Cpagnumenvhblii ananusz Memooos02UHecKux XapaKkmepucmux no0Xo008 K 2apMOHU3AYUU U
8bIpaAsHUBAHUIO npedcmasieHuti Oanuvix GMPT.

Table 1. Comparative Analysis of Methodological Characteristics for fMRI Data Representation
Harmonization and Alignment Approaches.

Tun OcHoBHas
Tloxxon / Mertox 00J1acTh TIpenmymecTBa Orpannyenus | McTounuk
npeoépa3oBaHus
npHMeHeHHst
ComBat / TuHeittoe MeskcaiiToBast Beicokas ckopocts, | Iloxo paGortaer ¢
CrarucTuueckue rapMOHHM3aLHA npocToTa HEJIMHEHHBIMU [2-3]
(mapamerpuueckoe) .
METO/BI (Site-effects) MHTEpIIpeTanuyu ryMamMu
. MexcyObekTHOe | Bbicokas TouHOCTb | YyBCTBHTENBHOCT
Hyperalignment Tpoxpycroso / BBIPAaBHUBAHHE B 3aJ[a4ax b K apajiurme [1,23]
(HA / SHA) Heuneiinoe P P ’
HPU3HAKOB KJIaCCH(pUKAIMH CTHMYJIOB
ICA-based Cl103KHOCTh
He tpebyer .
(aHamm3 Craructuyeckas Vnanenue ABTOMATHYCCKON
MIPOCTPAHCTBEHHOTO [24]
HE3aBHCHMBIX JIEKOMIIO3HLHS apredaxTos (1yma) uieHTU(HUKALUT
BBIPABHUBAHMUS
KOMIIOHEHT) KOMITOHEHT
Ridge He yuuTtsiBaer
£e . Ipenckazanue Munumym Y
Regression JIuneitnoe CJIOXKHBIE
N curHana / THIIEprapaMeTposB, . [9, 20]
(JIuneiinbiit (perynspu30BaHHOE) o B3aUMOJICHCTBUS
L BeipaBuuBanue YCTOHYHBOCTH
Oeiiznaiin) KaHaJIoB
HHBapHaHTHOCTb K
Tpebyer
VICReg N MesxoxoBast HCTOYHHKY, M
.. | Hemuneitnoe (SSL / HACTPOMKH
(ITpennoxeHHsIit M rapMOHHM3ALHS OTCYTCTBHE [6, 22, 25]
Heiipocern) . APXUTEKTYPbI
TOJIXOJT) TIPE/CTaBIICHHIT KoJuIanca
JHKOZIEpa
MPU3HAKOB
MojenupoBanue Yuer Tononoruu u Bricokas
GNN/ I'padosoe / HHHIBI.MHIFH rpada JUTHHHBIX BBIYUCIIMTENbHAS | [26,27]
Transformers Attention-based P N ?
cBsi3ei 3aBHCHMOCTEH CII0XKHOCTB
Generative CuHHTE3 IaHHBIX, MoyenpoBaHue
ep CroxacTHueckoe Puck renepaunu
(Diffusion / pobactHas CJIOKHBIX o [28]
. (zuddysuonnoe) o TaIFOUHALMN
Swin) rapMOHH3ALMsA pacnpezeneHui

ITogxox OCHOBaH Ha HCIIONB30BAHHU «CHAMCKOI» apXHTEKTYphI [25, 29], cocTosmiell U3 ABYX
UJICHTUYHBIX 110 apXUTEKType U mapamerpam 3D «cHaMCKUX» CBEPTOUHBIX SHKO/EPOB f g. Kaaprii
9HKOJZIEp 0TOOpakaeT BXOJHOE BPEMEHHOE OKHO X U3 COOTBETCTBYIOIIETO 3X0-KaHala B JATEHTHOE
npeacTarienne (AMOenuHT) Z = fo(x) (puc. 2). O0yueHHe MOIEIH 3aKITFOYAETCS B MUHUMH3AIIHA
KOMIIO3UTHOH ()YHKIIMHU TTOTeph L, KoTOpas BBIYHCISETCS HA MAapTHH MApHBIX NPEACTaBICHUH Z U
Z', IONy4eHHBIX U3 TIEPBOTO H BTOPOTO 3X0-KAHAJIOB COOTBETCTBEHHO:

L(Z,Z)=%-s(Z,Z) +n- (v(2) +v(Z)) +v- (c(2) +c(Z)).

3nech A, W H V — runeprapamMeTpsol, B3BCIIUBAOIIUE BKIIAT KaXXI0T0 U3 Tpex KOMITOHCHTOB:

1) KommoneHT nHBapuaHTHOCTH S(Z, Z"): 0becrnednBaeT HHBAPHAHTHOCTD MPE/ICTABICHHH K
HCTOYHUKY CHUTHana (3Xo-kaHaiy). OH MUHUMM3UPYET €BKINIOBO PACCTOSHHE MEXIY
MapHBIMH YMOEIIMHTaMH U OTIPENISIIETC sl KaK cpeHekBaaparudHas omuoka (MSE).

2) KommoneHnt gucmepcuu v(Z): TPOTHUBOACHCTBYET  KOJUIANCY — MpENCTaBICHHN
(representational collapse), coxpaHis JUCHEPCHIO KaXIOrO H3MEPEHUs BEKTOPHOTO
npejcTaBienys. JaHHBIA WieH (yHKINHM MOTepb WTpadyeT MoJelb, eClM CTaHAapTHOe
OTKJIOHEHHUE BEKTOPOB BIOJIb OCH IPH3HAKOB B IIAPTHH MaJAeT HIDKE LIEJIEBOTO 3HAYCHUS Y.

3) KommnoneHnT koBapuanuu c(Z): cnocoOCTBYyeT AEKOPPESILUU MPU3HAKOB B JATEHTHOM
IPOCTPAHCTBE, CHIDKAS M30BITOYHOCT HMHGOPMALMK. OTOT WICH MHHHMH3HPYET
BHE/IMAarOHAJIbHBIC 3JIEMEHTHl KOBAPHAIIMOHHOM MATpHUIbl, BEIYMCIEHHON 110 BEKTOPHBIM
MIPEACTABICHUSM B IAPTUH.
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CoBMecTHast ONTUMH3AIINS 3THX TpéX KOMITOHCHTOB ITO3BOJIAACT MOACTIU d)OpMI/IpOBaTB JIATCHTHBIC
NpeaACTaBICHUs, KOTOPBIC SABIAKOTCA OAHOBPEMCHHO COIJIAaCOBAHHBIMU MEXKAY O5XO-KaHallaMy,
I/IH(bOpMaTI/IBHBIMI/I 1 HE M30BITOYHBIMH.

Bpewnians O (3xo 1)
[Prevemcrasn

Mazewraon MpegcTasne
Latent Representation 2

Wasopoae Cromecria
(Koppannye PCI)

PEIYGTAT | RESULT
Biscosan cxomects | High Simdarty
ljp_ahar)

Simitanty Measure
{PC1 Complasion)

Narovmios MpegeTannesee 2.
Latent Represertation

Bpewsiawe O (3x0 2)
Time Wirdow (Echa 2)

Puc. 2. [lpunyunuanvhas cxema Kouseepa blpasHu8anus npedcmasienuil. Bxoouvie epemennuvle
OKHA U3 08YX 9X0-Kkananoe (Oxo 1 u Oxo 2) napannenvno oopadbamuleaiomcs 08yMs UOSHMUUHLIMU
(«cuamckumuy) 3D ceépmounvimu snxodepamu. Mooenw, 00yuenHas ¢ NRoMowblo QyHkyuu
nomeps VICReg, npeobpazyem ux @ coenacosamnmvie 1amenmmuvle npedcmagietus (i u zz).

O pexmusnocme evipasnusanus oyenusaemes nymem pacuema cxodxcecmu (koppenayuu PCI)
MEACOY IMUMU UMOL0EbIMU NPEICTNABIEHUIMU.

Fig. 2. Schematic diagram of the representation alignment pipeline. Input time windows from the
two echo channels (Echo 1 and Echo 2) are processed in parallel by two identical (‘Siamese') 3D
convolutional encoders. The model, trained using the VICReg loss function, transforms them into
aligned latent representations (z: and zz). The alignment performance is then evaluated by
calculating the similarity (PCI correlation) between these final representations.

3.3 [poToKoN OUEHKU U METPUKHU

JInst KONMYECTBEHHOHW OIEHKM 3((EKTHBHOCTH pealn30BaHHBIX IIpolenayp ObUl pa3zpaboTaH
HPOTOKOJI, BKIIOYAIOIINH CIIeYIOMNe METPUKH:

1) Koppensauus nocne BbipaBHuBaHus (PClafier): mocie mpuMeHeHHs O0y4YeHHOW MOIeIH
(FTMHEWHO! WM Ha OCHOBE COIIOCTABIICHHMS NPEICTAaBICHHI) K JTaHHBIM B OKHAX, CHOBA
paccuUMTHIBAIACh  KOPPENSMS TJaBHBIX KOMIIOHEHT MEXAy MNpeoOpa3oBaHHBIMU
MPECTaBICHUAMH YX0-KaHAJIOB.

2) Ilpupoct xoppemsamun (APCl): ocHOBHas MeTpuKka, oTpaxaromas 3¢GQekT or
BBIpaBHMBaHUA. PaccumThiBaeTCs Kak pasHHMLA MEXAy Koppelsuueil mocie u Ao
npumenenust Mmogenu: APC1 = PClafter — PClbefore.

3) Homns ymyulleHUH: IPOLEHT CECCUid, AT KOTOPBIX HAOMIOAANICS MOIOKUTENbHBIH IPUPOCT
xoppesnuu (APC1>0).
Jlnst BU3yalu3aluy paclpefelieHus] pe3ylIbTaToB II0 BCEM CECCHSIM CTPOMIINCH T'MCTOrpamMMma H
Kopobuaras nuarpamma (boxplot) mst metpuku APCI.

4. Pesynbsmamsi

B maHHOM pa3sjene HpeACTaBICHBI Pe3yiIbTaThl anpoOaly ONMMCaHHBIX B Pasmene 3 meromoB
(Ridge-perpeccus u VICReg) na BbiOOpke u3 100 ceccuit ¢MPT. OcHoBHOH menbio ObLIO
MOJTy4YeHHE KOJIMYECTBEHHOU OLEeHKU d(pdexra oT NpUMEHEHHs MpolLeLyp BbIPAaBHUBAHUSL
MIpeICTaBICHUI.

4.1 Pe3ynbTaTbl IMHEMHOro BbipaBHMBaHUA (KOHTPOJbHbLIA MeTOoA)

Ananuz nuHelHOro BbIpaBHHBaHMS (Ridge-perpeccusi) mpoBonmuwics Ha penpe3eHTaTUBHOU
HO/BBIOOpKe M3 TepBbIX 12 ceccuif. JIaHHBIH MeTOx He IOKa3a] yCTOWYHBOTO IMOJIOXKUTEIBHOTO
a¢dexra. Meananuslii npupoct coriacoBanHoctd (APC1) cocramn -0.09, mpu none ceccuii ¢
HOJIOXKUTETBHBIM 3 dekToM okomno 33%.
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XoTs Ha OTHENBbHBIX CeccHsX Habmomanoch ynydinerue (Bmiote 10 APC1 = +0.41), oOmmii
HEUTpaIbHBIN WIH OTPUIATENBHBIA PE3yJbTaT s MPOCTON JIMHEHHON MOJIENH yKa3bIBaeT Ha TO,
4YTO apTeaKkThl U PACXOXKICHUS MENKAY IXO-KaHATaMH HMEIOT 00Jiee CIOXKHYI0, HEIMHEHHYIO
MpUPORy. DTOT pe3yNbTaT OBLI MPUHAT B KadecTBe 0Aa30BOr0 IJIsl CpaBHEHHS ¢ Ooiee CIIONKHOU
MOJIEBIO.

4.2 Pe3ynbTaThl BblpaBHUBAaHUs HA OCHOBEe CONOCTaBeHUsi NpeAcTaBleHui
(VICReg)

OcHoBHas anpoOarys MpoBOAMIACH C UCTIONb30BaHHEeM HenuHelHoi Moaenu VICReg Ha monHOH
BbIOOpKe 13 100 ceccuil. B oTnnuue ot auHEHHOro noaxoa, JaHHBIM METO MPOIEMOHCTPUPOBAI
CTaOWIIBHBIH MTOJOXKUTEIBHBIN P (EKT.

e MeananHoe yJIy4IIeHHe COTJIACOBAHHOCTH IT0 Beei BbIOOpKe coctaBmiio +0.11.
e Jlons ceccuii ¢ nonoxutensHbIM 3¢ dexrom (APC1 > 0) cocrasuna 61%.
CpenHee 3Ha4YCHUE PUPOCTA KOPPEISIUH TAKXKe OBLIO TOJIOKUTENBHBIM B cocTaBmino +0.114.

[omyyeHHble naHHBIE CBHIETEIBCTBYIOT O TOM, YTO IIpOCTas JHHEHHAs ammpOKCHMAINs
HEeOCTaTOYHA IS pEelIeHHs 3aJa4yd TapMOHM3alUH. B To ke Bpems, IpHMEHEHUE HEMHEHHOM
HeitpocereBoit Monenu (VICReg) MO3BOMHMIIO MOMYYHUTh CTAOMITBHBIA U CTATHCTHYECKH 3HAYMMBIN
TIOJIOKUTENBHBIN pe3yIbTar.

4.3 Ananus pacnpegeneHus (VICReg)

JI7ist eTaibHOTO aHAITH3a PACTIPEICIICHHUS IOy YEHHBIX PE3yIbTaTOB ObLiIa MOCTPOCHA THCTOTpaMMa
u3menenuiit APC1 (puc. 3).

Mucrorpamma wamenedvid APC1

0 (Be3 nimenenit)
= MEaMana = 0.11
95% QW = [0.01, 0.21]

g Ili.

-0.75 =050 -0.25 0.00 0.25 0.50 0.75 1.00
WameneHwe APCL (nocne ofyveHns — Basosoe)

Konu4yecTeo ceccui

Puc. 3. 'ucmoepamma pacnpeoenenus npupocma xoppenayuu (APCI) no 100 ceccusam.
Fig. 3. Histogram of correlation gain distribution (APC1) over 100 sessions.

CrutomHo# uHuel orMedeHa Meauana (+0.11), myHkTHpHOM — 95% n0BepUTENIbHBIN HHTEPBAN IS
Meauanbl. Kak BUIHO W3 THCTOTpaMMBI, paclpeeleHne CIBHHYTO B HOJOKHTEIbHYIO CTOPOHY.
Paccuurannslii 95% noseputenbHblid HHTEpBa 171t Menuansl coctasisier [0.01, 0.21]. ITockonbky
JAHHBIA MHTEpBal HE BKIIOYAET HOJb, MOXKHO CIETaTh BHIBOX O CTaTHCTHYECKOH 3HAUYMMOCTH
HaOJI0aEMOT0 TTOJIOKUTENBHOTO B deKTa.

HecmoTpst Ha NONOXHUTENbHYIO TEHICHLIHUIO B LEJI0M, HAOJIONAeTCs 3HAUYUTENbHBIA pa3dpoc
pe3ynbTaToB. B OTAENBHBIX CecCUsAX yIydlleHHue ObUIO CYIIECTBEHHBIM (MAaKCHMAlIbHOE 3HAYCHHE
APC1 coctaBuno +0.955), Toraa kak B Apyrux HaOJIOAAIOCh YXYyIIIEHUE COITIACOBAaHHOCTU. DTU
JaHHbIE CBUJETEIBCTBYIOT O TOM, 4TO 3((HeKTUBHOCTD MPOLETYP BEIPABHUBAHUS MOXKET 3aBUCETh
OT UHAUBU/YaTIbHBIX XapaKTEPUCTUK UCXOJHBIX CUTHAJIOB.
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5. O6cyxOeHue

B mannom pasaeiie nmpoBOAUTCS aHAJIU3 MOJIYUYCHHBIX PE3YJIbTATOB, O6Cy)K,Z[a}0TC}I HUX 3HAYCHHUE U
OTpaHHUYCHUS, 4 TAKIKE HAMCUAIOTCS HAIIPABJICHUS IJIA JaTbHEHIINX UCCIIeTOBaHUN.

5.1 UuTepnpeTauus pe3ynbTaTtoB

Pesynbratsl, npeacTaBiaeHHsle B Pazaene 4, 1eMOHCTPUPYIOT, YTO MPEJIOKEHHBIN POrpaMMHBIN
KOHBEHep U peaan30BaHHBIC B HEM JICTKOBECHBIEC NIPOLEAYPHI BEIPABHIBAHHUS IO3BOJIAIOT JOCTHYD
H3MEPUMOro MOJOXKUTEIbHOrO 3¢ dekTa B 3a7aue rapMOHU3ALUU JaHHBIX MHOrosxoBoi ¢MPT.
MenuaHHOe yiTydllleHHe COIrJIacoBaHHOCTH Ha yposHe +0.11 mpu none ynydmenuit B 61% ceccuit
yKa3bIBaeT Ha TO, YTO JIa)Ke IIPOCThIe MOJEIU CIIOCOOHBI CUCTEMaTHYECKU CHUXKATh PACXOXKICHUS
MexIy o9xXo-kaHamamu. CTaTHcTHYecKas 3HAUYMMOCTh OJToro dddexra, NOATBEepKICHHAs
JIOBEPUTEIIBHBIM HHTEPBAJIOM, HO3BOJISIET YTBEPKAATh, YTO HAOIIO[aeMBIil pe3y/IbTaT He SBIeTCS
ClTy4aiHbIM. J{J1s OLIEHKH 3HAYMMOCTH 3TOTO PE3yJIbTaTa Mbl COIIOCTABMIIN MOTYyYEHHBIH IPUPOCT C
JTAaHHBIMU W3 JIATEPATYPhI:

1) CpaBaenue ¢ 6a30BBIMH THHEWHBIMU MozessiMU. Tot daxT, 4to nuHelHas Mmoaens (Ridge-
perpeccusi) MoOKa3zala OTpPHIATENbHBIH pe3ynabraT (Meauana -0.09), moarBepxmaet
HENMHEWHYI0 TPHPOLY pPACXOXKICHHH MEXIy OXO-KaHaTaMH. OJTO KOpPpEIUpyeT ¢
BoiBofaMu El-Gazzar et al. (2023) [3], kOTOpble OTMEYaJH, YTO CTAHAAPTHBIC METOJBI
rapMoHm3anun (Takue kak ComBat) 4acTo He Aal0T 3HAYMMOTO BBIUTPHIIIA JIJIS CIIOKHBIX
IIIyOOKHX MOJENEH, eclnu Te CIIOCOOHBI BBIyYHBATh WHBAPHAHTHBIC NPU3HAKH HESIBHO.
OpnHako B HameM ciydae Hed()(QEKTHBHOCTh JHMHEHHOTO METO/Aa JIOKa3bIBacT
HE00XOJUMOCTh SIBHOTO HEJIMHEHHOTO 3Talla BEIPAaBHUBAHUSL.

2) CpaBHeHue ¢ MerojaMu BbIpaBHHMBaHus  (alignment). IlomyuenHsl mpupocT
COITTACOBAHHOCTH  CONOCTaBUM ¢  d(dexramu, HaOMOJAaeMBIMA B 3aJadax
runepBbIpaBHUBanus (hyperalignment), rae HCHONb30BaHHME HENMHEHHBIX WM Oonee
CIIO>KHBIX ONTHMHU3AIMOHHBIX peleHuil (Hanpumep, SHA) mpuBoawio x yiydIieHHIO
MeTpuk Ha 10-19% no cpaBHEHHUIO CO CTaHAAPTHBIMU MeToaaMu [23]. PesynbraT TekyIuero
nccienoBanuss B oobeme +0.11 (okomo 11% aOCOMOTHOTO MPHUPOCTA KOPPEIISINH)
HaxoJiITCd B OITOM K€ JAWaNa30He, 4YTO IIOATBEPXKIAeT KOHKYPEHTOCTIOCOOHOCTH
TIPETIOKEHHOTO «JIETKOBECHOT0» PEIICHHSI.

3) Cpasrenue ¢ SOTA SSL-moaxomamu. Ycnex apxurektypsl VICReg B manHO# 3amaue
MOJTBEPIKAACT TPEHI, 3aJIaHHBIN B pab0TaxX MO BOCCTAHOBJICHUIO HM300paxeHuit uz GMPT
(nanpumep, MindEye [22]), rae koHTpacTUBHOE 00Y4YEHHE M COIOCTABJICHHUE JIATEHTHBIX
IPOCTPAHCTB 00ECIEUMIU OBBIIICHUE COINIACOBAHHOCTH (alignment) Mexx1y IpH3HAKAMU
HelipoceTH U curHanamu mosra [6, 22].

[Ipu srom 3HauurensHbi pa3zdpoc 3Hadenuit APC1 (ot -0.774 no +0.955) cBumerenbcTByeT o
BBICOKOH T€TepOreHHOCTH HCXOAHBIX JaHHBIX. Kak 1 B paboTax M0 «TOYHOMY ()YHKIMOHATEHOMY
KapTUPOBAHHIO», MBI HA0IIOaeM, YTO HAUOOJNBIIYIO MOJIB3Y TapMOHH3ALMS IPUHOCHT CECCHSM C
HCXOJJHO HU3KOH Koppemsrued. OTo IoJYepKuBaeT NMpPaKTHIECKYI0 IEHHOCTh KOHBeWepa Kak
MHCTPYMEHTAa TPenoOpabOTKH, CIIOCOOHOTO «CTacaTh» CECCHHM C HU3KHUM HCXOJHBIM KadeCTBOM
JTAaHHBIX, 9TO SBISETCS KPUTUUECKH BAXKHBIM IS 33129 C MAJIBIM 00beMOM BBIOOPKHL.

5.2 OcHoBHOWM BKnag paboTbl

KirodeBsIM BKIaZOM JaHHOH paOoThl SIBIAETCS HE CTOIBKO BEJIUYHHA JOCTUTHYTOrO 3(deKTa,
CKOJBKO CO3JaHHE U ampolanus MOJHOCTBIO BOCIHPOU3BOAUMOIO, OTKPBITOTO HPOrPAMMHOIO
KoHBeifepa. OH pemaer mpoOiieMy OTCYTCTBUS CTaHIAPTHBIX 0a30BBIX pEIICHUH B 3amadax
rapMoHu3anuu. B crenyrommx paboTax, B KOTOPBIX INpPEAINOaraeTcs HCIONIb30BaHUE Ooiee
CJIOXHBIX METOJIOB BBIPaBHUBAHMUS, IIPECTABISIETCS BOSMOXKHBIM HCIIOIb30BATh NIPEICTABICHHBII
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KOHBe#ep B KaueCTBE CTaHIAPTHOW «JIMHENKI» JUIS CPaBHEHUS M 0OBEKTHBHOM OIEHKH PHPOCTa
3¢ GEKTUBHOCTH TIOAX0/a Ha TOM K& HaOope JaHHbBIX.

5.3 OrpaHuyeHuA 1 HanpaBneHusa ganbHenwen paboTbl

HecMmoTpst Ha JOOCTUrHYTBIE pe3yJbTaThl, MPEAJOXKEHHBIM MOAXOJ HMEET psiji OrpaHUYEHHH,
OIIPEAEIAIONIMX BEKTOPHI OYAyLIIUX HCCIIeJOBAHUM:

e UyBCTBHTENBHOCTH K THIepmapameTpaM. Kak TMokaszam TIpeiBapHUTENbHBIH aHAIH3,
aMmHTyna (dekTa yMeHbIaeTcs MpH Mepexose OT Manoil BIOOPKH K Gombmmoil. 1o
yKa3bIBaeT Ha TO, YTO HCIOJIB30BaHHBIE MOJIENHU C (PHKCHPOBAaHHBIMH THIIEpIIapaMeTpamMu
MOTyT OBITHh HEONTHMAJBHBI JUII BCErO0 pPa3sHOOOpa3us maHHBIX. JlanmpHeimmmas paborta
MOJKET BKJIIOYATh PEaTn3alHi0 aBTOMAaTHYECKOTO MOA00pa IMapaMeTpOB PETYISIpH3alin
Juts kaxknaoit ceccunt [30]. TIoMuMO KIIacCH4ecKoro Ciry4aifHOTO MOMCKA, IEPCIIEKTUBHBIM
peleHreM SBIseTCA BHeIpeHue (GppedMBOPKOB aBTOMATHUECKOTO Moa0Opa mapaMeTpoB
CIIeYIOIETO MOKONIeHus, Takux kak Optuna [31], xoTopble MO3BOIAIOT 3(PdeKTUBHO
HACTpauBaTh CIOXHBIE APXUTEKTYphl JUIi OUOMEIUIIMHCKUX JAaHHBIX B YCIOBHSAX
OTPaHUYCHHBIX PECYPCOB.

e IIpocrora Mmerpuku. Koppemsimus mo mepBoii rmaBHoi kommoneHTe (PC1) sBisercs
CTa0WIBHOM, HO JOCTaTOYHO KECTKOM MeTpukoid. OHa OTpaxaeT CX0XKECThb
JOMMHHPYIOLIET0 NPOCTPAaHCTBEHHOI'O IaTTepHA, HO MOXET OBITh HEUYBCTBUTENIbHA K
0oJiee TOHKUM U3MEHEHUSIM B curHaie. B Oyayiem cienyer uccienoBats 1 Ipyrue, 6ojee
ruOKue METPHKU CXOXKECTH JaTeHTHBIX HpefcrapieHuit, Takue kak Centered Kernel
Alignment (CKA) [32] wunau MerTonpl, OCHOBaHHbIE HAa pPHMAHOBOW T'€OMETpPHUH.
Hcnonb3oBaHne METOAOB, YUUTHIBAIOIIUX T€OMETPHIO IPOCTPAHCTBA IPU3HAKOB, KaK 3TO
YCIENTHO IPUMEHSETCs AT aHanu3a koBapranoHHbIX Matpur] DOT" [33] u nanapix pMPT
[34], mormo OBl MpUBECTH K MOCTPOCHUIO OoJice CTAOWIBHBIX M COTJIACOBAHHBIX
npeJicTaBIeHui. B Oymymmem Takxke ciieyeT pacCMOTPETh METO/IbI 0000IIEHHOT0 aHAN3a
IIpokpycra Generalized Procrustes Analysis), KOTOpble MO3BOJSIOT HAXOAWTH OOIIYIO
CTPYKTYpY B JJaTEHTHBIX IIPOCTPAHCTBaX Ooyee rHOKO, 4eM CTaHAapTHas Koppensnus [35].
Taroke BaXHBIM SBISETCS MEPeXOX OT TJIOOATBHOTO BHIPABHUBAHUS K JIOKAIBHOMY
¢ynxnnoHaneHOMY coriacoBaHuio (Local Functional Alignment), yuuTsIBaromemy
VHIUBUYJIBHYIO BapHaOeIbHOCTh KOPHI [36].

e OKOHHBIH aHaMW3. AHAIN3 MPOBOAWICS Ha HE3aBUCHMBIX BpPEMEHHBIX OKHaX.
Hcnonp3oBanne Mogjenei, arperupyiommx HHGOPMANMIO BO BpEMEHH (HampHMep,
PEKYPPEHTHBIX HEHPOHHEIX ceTelt), MOTII0 GBI IPHBECTH K IIOCTPOEHHIO OoJee CTaOMITBHBIX
U COTJIACOBaHHBIX NpescTaBiaeHul. [logoOHbIe THOPUIHBIE TPOCTPAHCTBEHHO-BPEMEHHBIC
APXUTEKTYpHl, COYETAIOIINE CBEPTOYHBIE W PEKypPEHTHBIE KOMIIOHEHTHI, YCIIEIIHO
NPUMEHSIOTCS B CMEXHBIX 3aJauax aHaiau3a BuaeonaHueix [37-38]. Kpome storo,
TeKyIIMH OKOHHBII aHalM3 MOXKET OBbITh IONOJHEH MOJEISIMH, arperupyromuMu
nHpopmManuio Ha rpadax (Graph Neural Networks), uto no3somser paccmatpusats GMPT
HE KaK CeTKy BOKCeleH, a Kak JWHaMU4YecKHid rpad (yHKIMOHAJIBHBIX cBszed [26].
Jlpyrum BeKTOpPOM sBJIAETCS HCIONb30BaHUE IPpeo0ydeHHbIX TpaHchopmepoB pist GMPT
(fMRI Transformers), KOTOpble JEMOHCTPUPYIOT BBICOKYIO 3(()EKTUBHOCTb B U3BICUEHUU
MIPU3HAKOB U3 BPEMEHHBIX PAN0B B PEKUME CaMOCyIepBU3ipyeMoro o0ydenus [27, 39].

TakuM 00pa3oM, IIPeACTaBICHHBIH KOHBElep MOXKET CIIy)KUTh He TOJIBKO 0a30BBIM pelIeHHEM, HO
n matdopMoit Ul DaNbHEHIINX SKCIIEPUMEHTOB MO UCCIIE0BAaHUIO Oolee CIOXKHBIX MOJelel 1
METPHK.

[lepcrieKTUBHBIM ~ HampaBICHUEM JUI  JalbHEHIIEro pa3BUTHUSA  SABIACTCS INPUMEHEHUE
TeHEepaTUBHBIX IOJX0I0B, B YaCTHOCTH, KOHJUIIMOHUPOBaHHBIX 1U(dy3noHHBIX Mozenei [28, 40],
I 3a7aud TapMOHM3aluM. Takod MOAXOA MO3BONMI Obl MOJEIMPOBATh HE CTAaTHYECKOE
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nmpeoOpa3oBaHHWe, a IENBIH CTOXaCTHYECKHIl TpOIecC Iepexola MEXAy JIATEHTHBIMU
MIPE/ICTABIICHUSIMI HXO0-KaHAJOB, YTO IIOTEHIHAIFHO MOXKET MPHUBECTH K CO3aHHIO Ooiee
poOacTHBIX M TOYHBIX Mozeneil mpeoOpa3oBaHUs. MaTeMaTHUECKUH ammapaT TaKUX MOAENCH,
OCHOBAHHBIH Ha CTOXaCTHYECKUX U} (hepeHIINATBHBIX YPABHEHHUAX, OTKPHIBAET BOZMOXKHOCTH ISt
OoJsiee THOKOTO M MOIIHOTO MOZEIUPOBAHUS CIOXKHBIX HEIWHEHHBIX 3aBUCHMOCTEH B JaHHBIX
HelpoBusyanuzauuu. Taioke npuMmeHeHue apxurektyp tuma Swin-Diffusion [27] mo3Boaut
MOJISIUPOBATh  TPOLECC TapMOHM3ALUM  JXO-KaHAoB Oonee ycroiuuBo. JlanpHelmias
CTaHJAPTU3ALMS MHOTO9XOBBIX KOHBEHEPOB JI0JDKHA ONUPATHCS Ha aKTyallbHbIE PEKOMEHAAIMH 110
unTerpauuu BOLD-curnana [41] ¥ yunThIBaTh HEONpe1eIeHHOCTD IIPU TaPMOHU3AIMI JAHHBIX JUIS
MOBBIMIEHUST KIMHUYECKOM 3HAUMMOCTH pe3ysibTaroB. HakoHel, pa3BUTHE MacIITaOHpyeMbIX
moxeneit SSL Ha mecsiTkax TICSY CKaHOB [42] OTKpPBIBaE€T BOBMOXKHOCTB CO3/IaHHS YHHUBEPCATBHBIX
9HKOJIEPOB /ISl aBTOMATUUECKON OYUCTKY MHOTOIXOBBIX JaHHBIX.

6. 3aknroyeHue

B nmannoit paboTe OBUT MpeACTaBIEeH M anpoOWpPOBaH MOAXOJ] K CO3JaHHIO BOCIIPOHM3BOAMMOTO
MPOrpaMMHOr0 KOHBeHepa JUIs aHallM3a W TapMOHHM3ALMHM JTaHHBIX MHOrodxoBod (GMPT. Msl
IIPOJEMOHCTPUPOBAIH TIOJMHBINA UK pabOTHI: OT BBIOOPOYHOI 3arpy3KH OTKPBHITHIX JAHHBIX 10
NPUMEHEHHs JIETKOBECHBIX MOZENCH BBIPAaBHUBAHUS U  KOJMYECTBEHHOM OLEHKH WX
3¢ PEKTUBHOCTH.

OCHOBHBIM Pe3yJTbTaTOM SIBIISIETCS] IPOTPaMMHAs peaTn3alisl OTKPBHITOTO H TPO3PavyHOro 6a30BOro
pemenus. AmpoOarus Ha BbIOOpke u3 100 ceccuil mokasana, 4TO Jaxe HPOCTHIE IPOIEAYpHI
BBIpaBHUBaHHS 00ECIICUMBAIOT CTAOMIIBHBII MOJIOKUTEIbHBIN 3()(HEKT, OBBIIIAs COTTACOBAHHOCTh
MEX[y 3X0-KaHaJlaMH ¢ MEAMaHHBIM IIPUPOCTOM Koppessiuuu +0.11.

IIpencraBieHHblii KOHBEHEP pelIaeT 3a4ady OTCYTCTBHS CTAHAAPTHBIX «JIMHEEK» JI1 CPABHEHUS U
MOJXKET CIY’KHTh KaK OTIIPABHOI TOUKOH JUIS HccIenoBareneii, pa3pabaTsBalonyx Ooee CIIoKHbIe
METO/IBI TAPMOHU3AINH, TaK ¥ PAKTUUECKHIM HHCTPYMEHTOM IS IpeloOpabOTKN JAHHBIX.
[TporpammHas peanusaiys U pe3yIbTaThl aHANIN3a JOCTYIIHbI B OTKPLITOM penosutopuu [43].
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