OcTaTo4Hasi ceThb ¢ peKypPpPEeHTHbIMU
CTPYKTypamu

JI. Izan ' Y. Iyit ? 1I. Ban 3

Mbl BBOZMM DpEKYPPEHTHYIO CTPYKTYDPY (IPOCTPAHCTBEHHO) Ha
OCTATOYHBIX CETHAX, C IeJIbIO YIIYUIIUTh IPOU3BOJUTEIbHOCTb CETH IIPU
coxXpaHeHUH MapaMeTpoB. TakxKe, MbI HCCIEIyeM IOBeJICHUE PEKYP-
PEHTHBIX CTPYKTYP B OCTATOYHBIX CETAX HA OCHOBE PUMAHOBBIX MHOIO-
0bpazuii, BBOJsT KPUBU3HY B KATe€CTBE METPUKH /I HEHPOHHBIX CeTeil.
Kpome Toro, Mbl 3KCIIEPUMEHTAIBHO MOITBEPXKTAEM, UTO YCUICHHE 33
cYeT PEeKYPPEHTHOU CTPYKTYPHI CBSI3aHO C KPUBU3HON, U JEMOHCTPU-
PyeM YHHUBEPCAJIBHOCTh PEKYPPEHTHOU CTPYKTYpPBI KaK MeTOHa IOBBI-
IIEHUs] IIPOU3BOAUTEIBHOCTH CETH.

KuroueBble cjioBa: HeifipOHHBIE CeTH, PUMAHOBA T'€OMETPHs, Pe-
KYPPEHTHBIE CTPYKTYPhI, MHOrooOOpasue, TpanchOoOpMepHI.

1. BBegenue

I'ny6Goxue nCKycCTBEHHBIE HEHPOHHBIE CETH YACTO MOLIHEE HerIyOOKHMX ceTeil.
Ho mo mepe yBejimueHust ryiyOMHBI, KOJUIECTBO IAPAMETPOB B HUX TaKKe
crpemMuTebHO pacTéT. CyInecTByeT Jin crocod MOBLICUTDH KAaIeCTBO MPEICKa-
3aHuUil ceTu 6e3 yBeJUdeHUsi mapaMerpoB? BIOXHOB/IEHHBIE PEKYPPEHTHBI-
MU CBSI3$IMH B TOJIOBHOM MO3Te, HEKOTOpble paborel, Hanpumep |1, 2|, BBo-
JISIT PEeKYPPEHTHBIE CTPYKTYPhI B HETVIYOOKHE HEHPOHHBIE CETU, TEM CaMbIM
nosbimast 3dp¢eKTuBHOCTL X paboTbl. OHAKO, JAHHOE HAIIPABJICHUE IIOKA
HE IOJIYYUJIO IIHPOKOI0 Pa3BUTHUsI, a CaM IPHUHIUI PabOTHI PEKYPPEHTHBIX
CTPYKTYP BCE €Ié OCTAETCsI MAJIOU3y Y€HHbIM.

N3BecTHO, 9TO MpOCTOE NMpUMEHEHHE PEKYPPEHTHOH CTPYKTYpPHI yBeJIN-
YMBAET PUCK B3PbIBA WM HcUe3HOBeHUsl rpajuenta [3|. [Tosromy cymecrsy-
eT HeOoDXOIUMOCTDL OIIPEE/ICHUs. U aHAJIN3a apXUTEKTYP, MOAXOIAIIIX JIJIs
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BKJIIOUEHHSI B HUX PEKYPPEHTHLIX CTPYKTYP. Jpyroit Bolpoc — Kakue m3Me-
HEHUS B CETU IPOUCXOISAT P BKJIIOYECHUU PEKYPPEHTHBIX CTPYKTYP B CEThb
1 KaKOBBI COOTBETCTBYIOIINE PE3YJIbTAThl TAKUX U3MEHEHMiI?

OTBedasi Ha MEPBLIA BOIPOC, MBI OOHAPYKUJINA, YTO apXUTEKTypa OCTa-
rounbix cereii (ResNet) [4] mogxomur jyisi peKyppeHTHBIX CTPYKTYD 00JIb-
e, YeM TPaIuIMOHHbIe HelipoHHbIe ceT. I1pn obparHOM pacipocTpaHeHnn
OIMOKYU I'PAJIUEHT B OCTATOYHBIX CETSIX HAMHOI'O CTabWIbHEE I'PAINEHTa, Ha-
6J1I0/1aeMOr0 B OOBIUHBIX ceTsiX |5, 6, 7|. DT0 3HAYMTENHHO CHHXKAET PHCK
B3pBIBa UJIM UCUYE3HOBEHUS I'PAJIMEHTa U3-38 PEKYPPEHTHON CTPYKTYPHI.

B oTHOIIIEHNT BTOPOro BOIpoca Mbl IPOJIoJIzKaeM pabory [8], BBozs puma-
HOBY T'eOMEeTPHIO JJisi 00bsICHEHUsT pabOThl PEKYPPEHTHON CTPYKTYPBI: pac-
cMaTpuBas HaAOOp HAHHBLIX KaK KPUBYIO B BLICOKO-PA3MEPHOM IIPOCTPAHCTBE,
mporiecc 00yUeHnsT HEHPOHHON CeTH MOYKHO pacCMaTPUBATDH KaK MPOIEcC 00y-
JeHUs [IPEeICTaBIeHII0 KOOPAUHAT JJIs 3TOH KpuBoii. Mcxoas us 9T0oro, Mbl
OIIEHUBAEM KOHEYHOE IIPEJICTaBIeHNe KOOPAMHAT IIyTeM M3y4YeHHsl BHEIIHE
KPUBU3HBI KPHUBOI B BBIXOJHOM IIPOCTPAHCTBE CETU U OOHAPYKUBAEM, UTO
BBEJIEHHE PEKYPPEHTHONU CTPYKTYPhI IO3BOJISIET CETH HAYYUTHCS JIYYIIEMY
[PEeJICTABJIEHIIO KOOpAUHAT. MBbI HOATBEPAMJIM HAIIY TEOPUIO SKCIIEPUMEH-
TaJbHO 1 OOHAPYXKWJIN, YTO M3MEHEHNE BHEITHEH KPUBU3HDI IIOJIOXKUTEIHHO
KOppEJIUpyeT ¢ TOYHOCThIO Kitaccudukaruu cetu. CorjiacHO HAIIMM CBeIeHM-
sM, B Halleil paboTe PUMAaHOBa I€OMETPHsl BIIEPBble BBOAUTCS B HHTEPIIPE-
TUPYEMOCTDb PEKYPPEHTHOU CTPYKTYPHI.

2. MetonoJsorus

OcrarouHble HEIPOHHBIE CETH — OJIHA U3 BAXKHEUIINX apXUTEKTYD JJIs TJIy-
6okoro o6yuenust. Tunmanslii ocraTodnblit MojyIb (residual module) cocrour
u3 ocrarouHoro coejunenusi (residual connection) u MpoIyCKHBIX coeuHe-
uuii (shortcut connection). Ocrarodnblii MOJLYJIb COAEPIKUT sl 00y IAEMBIX
BECOB, a MPOIYCKHOE COEIMHEHE JTOOABIISAET BXOJAHbBIE JAHHbBIE MOJYJIS HEMo-
CPEJICTBEHHO K BBIXOJIHBIM JaHHbIM. POPMAIN30BATDH IIPOIECC MOXKHO CJIEITY-
IOIIAM 00Pa30M:

Fl(a') = 2" + f(W'a! + b,

rue f(Wla! + b') yxaspiaer ma ocrarounsiii Moxyan; W,b — Becobas
mMaTpuna u cMernienne; f(x) — HeauHelinast QyHKIMS aKTHBAIN.

[Tporecc mpssMOTO pacCHpOCTPAHEHHsI CUTHAJIA B OCTATOYHON CETH BBITJISA-
AT CJEIYIONNM 00pa30oM:

L
ot =z + ZFl(a:l).
=1
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2.1. B ocrarouHoii ceTu Habop JAaHHBIX IpejicTaBjeH Kak (-
MHOrooopasue

1) Ilpeamosoxkum, aro HAGOp JaHHBIX D mpejcTaBisier coboil TOmoJIoru-
Yeckoe MHOroobpasue (xaycaopdoBO TOMOJOIMYECKOE MTPOCTPAHCTBO,
KOTOpPOe MMeeT CYeTHYI0 6a3y M JIOKAJbHOE CXOJCTBO C €BKJIUIOBHIM
IPOCTPAHCTBOM).

2) Bxo/Hoe IIpOCTPaHCTBO HeitpoHHOI ceTn 06ozHaunM depes YO, a Bbixos-
HOE IIPOCTPAHCTBO KarKI0ro cjost L-coitHoi HefipoHHOI ceTn 0603HA-
apm uepes Y1, - YL rne Y — nociennee BBIXOIHOE IIPOCTPAHCTBO
neiipornoit ceru. Ilpejosokum, 9T0 BCE TU HPOCTPAHCTBA UMEIOT
OJIMHAKOBYIO Pa3MEpPHOCTb, 0003HAYAEMYIO0 d. 37eCh MbI TAKXKE IIPeJI-
rmoJraraeM, ITo pasMepHOCTH Habopa JaHHBIX paBHA d.

3) Orobpazkenue u3 HAOOPaA JAHHBIX BO BXOJHOE TPOCTPAHCTBO HEHPOHHOI
cern obozHaunM uepes g : D — Y0, Barem, onpeesmM oTobpakeHne
w; : D — Y' u3 nabopa JaHHBIX B KazKJI0€ BBIXOJIHOE IIPOCTPAHCTBO
Y% i=1,2, - L HeHpOHHOMN CEeTH CJICIYIOIIM OOPA3OM:

i=F"lo...0 FOo ¢y, i=1,2,---L,

rie dyukmua FP: Y — Y+l 4 =0,1,--- L aeisercs dbynxiueii mpe-
obpazoBanus KoopawHAT. B ocraTouHoil ceTu Takme mpeodpazoBaHUs
MIPUHAJIIEXKAT MHOYKECTBY HEITPpepbIBHO- 1M depeHinpyeMbrx pyHKITIi

cl.

B ocrarounoii ceru Ha60p JaHHLIX obo3HauaeTcs Kak Cl-MHOroo6pasue, a
9TO 3HAYUT, C TOYKHU 3peHns HEITPOECCUOHATIA, YTO BBIXO/IHbBIE IIPOCTPAHCTBA
Pa3IMYIHBIX CJI0EB HEWPOHHON CeTHM MOYKHO TPAKTOBAThH KaK HAOOP KOODIU-
HAT JjIs TOYKA W3 HADOpa JaHHBIX, TO €CTb BCE BBIXO/HBIE ITPOCTPAHCTBA
HEHPOHHON ceTH MpeJICTaBIsIeT coboil aTmac 3Toro MHOTOOOpasust. A QyHK-
s Ipeodpa30BaHUsl MEXK/Y CJIOIMU B OCTATOUYHONW CeTH — 3TO (DyHKIIH
peodpa3oBaHmsl KOOPJAMHAT MEXKJIy STUMHU JIOKAJBHBIMU CHCTEMaMU KOOP-
JTUHAT.

[Tonarasi, uTo mporecc obyveHusi HEUPOHHOW CETH — DTO HAXOXKJIEHUE
Habopa JIAaHHBIX B COOTBETCTBYIONINX JIOKAJbHBIX CUCTEMAX KOOPIUHAT C IO-
MOIIIBIO IPeodpPa30BaHUN MEXK/Iy 9TUX CUCTEMaMU, KaXKJ0e Takoe rpeobpa-
30BaHUE 33JIACTCS COOTBETCTBYIOMUMEU Becamu W u cMerenusmMu b ¢jios.

2.2. TIpomecc oby4dyeHUsI HEMPOHHOII CETU C TeOMEeTPUYIECKO
TOYKU 3PEHUs

B samaue knaccudukanun HefipoHHAsT CeTh COMMXKAET yIaJIeHHbIE TOUYKH BO
BXO/THBIX JIAHHBIX, TPUHA/JIEKAINE K OJHOMY W TOMY K€ KJIacCy, W OTTSATHU-
BaeT COCeJHUE TOYKHU, IPUHAJJIEXKAIINE K PA3HBIM KJaccaM. JTO sIBCTBEHHO
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OTPa3HUTCA Ha BBIXOLHBIX IIPOCTPAHCTBAX PA3JIMYHBIX CJIOCB HEHPOHHOI ceTH,
TO €CTh, HEHPOHHAsI CETh MOXKET MEHATH B3aMMHOE PACIIOJIOXKEHUE TOYEK B
BBIXOJIHBIX IIPOCTPAHCTBAX PA3JIMYHBIX CI0eB HeiiponHoil cernm. Hampumep,
€C/IN JIBe TOYKHU, HAXOJAIIIECS JAJeKO JIPYT OT JIpyra Ha MpsMOM, TpuHa-
JIE’KAT K OJHOMY M TOMY 2K€ KJIACCY, TOIJIa HEApOHHAas CeTh COMU3UT MX C
MOMOIIBIO U3ruba 3Toi mpsiMoii. Mbl BBOJIMM MOHSITHE U3 PUMAHOBOM reoMeT-
pUn — KPHUBU3HA, KOTOPAs MOXKET U3MEPATH IUCTOPCUIO0 OKPECTHOCTH TOYKHI
B IIPOCTPAHCTBE, OJarogapsa 4eMy MbI MOXKEM HCCIeIOBATh MOBEICHUE Heii-
POHHBIX CeTell, aHAJM3UPysl PEOMETPUYECKHUE CBONMCTBA BXOJIHBIX TAHHBIX B
BBIXOJIHOM IIPOCTPAHCTBE PA3JIMYHBLIX CJIOCB HEIHPOHHOM CeTH.

3 pazsena 2.1 MBI 3HaeM, 4TO HAGOP JAHHBIX MOXKHO IIOHHMATHL Kak Cl-
MHOroo6pasue, a KaxKJ10€ BBIXOIHOE IIPOCTPAHCTBO PA3/JINIHBIX CJIOEB HEHPOH-
HOW CEeTH TPEJCTABIAET cOBOl JIOKAIBLHYIO CUCTEMY KOOPJMHAT 3TOIO MHO-
roobpasus. B mamHoii 3amade MBI pacCMATPHUBAEM OJHOMEPHOE MHOIO0Opa-
sue [°(f) Bo BXOEHOM TIpoCTpaHCTBe, rje f — CKaagapHble KOODIMHATHI Ha
5TOM MHOroobpasuu. O603HAYNM JaHHOE MHOI0OOpasne B PA3HBIX JIOKAJIb-
HBIX CHCTEMaX KOOPJIMHAT (B BBIXOJHBIX IIPOCTPAHCTBAX PA3JIUIHBIX CJIOEB
HeifporHoit ceTn) wepes [1(6), Te i - WHIEKC JOKATLHO CHCTeMbI KOODMHAT
(T.. MHJEKC BBIXOJIHOIO MPOCTPAHCTBA PA3JIUYHBIX CJIOEB HEHPOHHOI ceTn).
Janee MBI KOJIMYECTBEHHO AHAJU3UPYEM I'€OMETPUIECKUE CBOWCTBa Habopa
BXOLHBIX JAHHBLIX B BBIXOIHOM IIPOCTPAHCTBE PA3/IMYHBIX CJI0EB HEipOHHOI
CeTH, BLIYNCIsAs BHEITHIOK KPUBU3HY B JaHHON Touke Ha [*(0), u mccmemyem
B3aMMOCBSI3b MEXKJLy 9TUM I'€OMETPUYECKAM CBOMCTBOM M TOYHOCTBIO KJIAC-
cudukanuy HeiipoHHOit cetn. Terepb B KarXK0# TOUKe § MMeeT COIPUKACAIO-
HIYIOCA OKPY?KHOCTb, KOTOpasd KACACTC IPAMOR B JAHHON TOYKE U MOPAIOK
KOTOPOH He HUXKe 2. DTa OKPYKHOCTD SIBJISIETCA HAMJIYIIITAM NPUOIUZKEHUEM
3aJTaHHOU KPUBOH B OKPECTHOCTH JaHHOU ToukH. I1ycTh pagnyc oKpyKHOCTH
B JaHHON Touke paseH R(6), Torma BHemmHsist KpususHa k(f) omnpejessiercs
Kak k(6) = % U 3aBHCUT OT BJIO?KEHHS B BBIXOJHBIX IMPOCTPAHCTBAX Pa3-
JIMYHBIX CJI0EB HEHPOHHON ceTn (ee 06pasa B JIOKAJIBHBIX CHCTEMAX KOODH-
HAT) ¥ WHBapUAHTHA OTHOCHUTEJHLHO KOHKpETHOi nmapamerpusaimu 6. Ilycrs
vi(0) = 8%(9” ual(f) = av(;éa), Tora Tounas dbopmya s Kpususnbt k'(0) B
i-M BBIXOJIHOM ITPOCTPAHCTBE PA3JIMIHbIX CJI0EB HEHPOHHOM CETHU CJIEYIOMIAs:

ki(0) = V (©1(0),v%(0))(a(0),ai(0)) — (vi(0), a'(h))>
= ' ©) -
(UZ(Q), UZ(Q)) 2

B cBoeit 3a/1ae MBI HCCIIeIyeM U3MeHenne KpuBu3Hb! k' (#) KpuBoil B BbI-

XOJTHOM IPOCTPAHCTBE KAyKJIOr0 M3 CJI0eB HeilporHoil cetu Y, i € [1, L] npu
obyueHnun ceru.

., i=0,-L.
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2.3. DKcOoepuMeHT

Mpb1 yTBepK/IaeM, 9TO PEKyPPEHTHAs CTPYKTypPa yBEJIUIUBAET CIOCOOHOCTH
ceTu peobPaA30BBIBATH BXO/IHBIE JAHHBIC M, TAKUM 00PA30M, JIyUIIe TOJACTPA-
uBaThbcst 1oJ HuX. CHavaa Mbl IPOBEPUJIN HAIy TUIOTE3y Ha HEOOBIION
CeTH, W JJIsl 9TOr0 BLIYUCJIWIN KPUBU3HY TOYKHA Ha KpuBoil. Mbl m3yumim
U3MEeHeHNe KPUBU3HBI TPEX OCTATOYHBLIX ceTeil (Herny60K0171, PEKyPPEHTHONI
u 11yboOKOi) B paMKax HeOOJIBIION 3a1a9u KaacCubUKAIUN, KOTOPasl NMeeT
J1Ba, HAOOpa TOUEK Ha IIOCKOCTU. 3a71a¥a COCTOUT B TOM, UTOOBI PA3/ICIUTD
TOYKH Ha JIBE TPYIIBI C ITOMONIHIO THUIEPINIOCKOCTU. KarKIbIil caoit 3Tux
TPEX ceTeil COCTOUT BCEro M3 JIByX HEHPOHOB: HeryOoKas cocTouT u3 4 cio-
€B, KOJIMYECTBO I1apaMeTposB - 24, rirybokas cojepkut 13 ¢J10eB, KOJIMIeCTBO
apaMeTpoB - 78, Torna Kak B PeKYPPEHTHOH ceTu y Hac ecTh 1 cjoit ¢ 13-10
PEKYPPEHTHBIMU IIaraMy, & KOJUYECTBO IapaMeTpoB - 6.

N3menenne KpUBU3HBI M OIEHKA KadecTBA IPEJCKA3aHUNl CeTH IMOKa3a-
HbI Ha pUcyHKe 1 u B Tabuune 1 coorBercTBeHHO. MOXKHO 3aMETUTH, UTO
BHEITHSS KPUBU3HA YBEJIMYNBAECTCS 110 MEPE YBEJIMYEHUS KOJIMYECTBA CJIOEB.
Buemnss kpuBn3Ha 1yIyOOKOW CETH BBIIIIE BHENTHEH KPUBU3HBI OJ[HOCJIONHON
PEKYPPEHTHOI ceTu, KOTOpas, B CBOIO O4Yepellb, BbINIE BHENIHEHl KPUBU3HBI
HeryiyOOKoOl deThIpexciioiinoit cetu. IlpumedaresnbHo, 9TO BeIUYMHA BHEII-
HEell KPUBU3HBI [TOJIOYKUTEJIHHO KOPPEJIUPYET ¢ KA9eCTBOM KJracCuUKAIUU.

KoopaunaTthoe mpescraBieHne TOUeK MOKa3aHO Ha pucyHke 2. Mbr Bu-
JIM, YTO, B CPaBHEHUU C HerJyDOKOH CeThbio, PEeKyppPeHTHas IIpeobpasyer
KOOPJUHATHI TOUEK TAKUM 00pas3oM, U4ToObI MX OBLIO Jierde pasjesiuTh I'h-
[EPIIOCKOCTsIME. B CBOIO 0uYepesib 9TO yJIydInaeT KadecTBO KJIacCuMUKAINN
TOYEK.

Puc. 1. amenenne BHelIHell KPUBU3HbBI C YBEJIMYEHUEM KOJIMYECTBA CJIOEB B
00ydeHHO# ceTn: TyIyDOKasi CeTh uMeeT 0oJjiee BHICOKYIO BHEITHIOIO KPUBU3HY,
HEXKeJIN PeKyPPEeHTHAs U HeryboKasl ceTn
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Mogenn Hernybokasi Pexyppentnas Imybokast

[Morepu/Tounocrs 0.46/77%  0.15/ 97% 0.05/99%

Tabmuna 1. Ilorepu u TouHOCTH CeTH 1OCIE 00y YeHUS

e e PP
P PRSP PP
A A N N N

Puc. 2. Busyanusanus KOOpJAMHATHBIX HMPEJICTABJIEHUAN TOYEK KPHUBDIX, I10-
JIYUEHHBIX It Tpex passmanbix cereii: (A), (B), (C) — rouku Hersy6oKoOi,
PEKYPPEHTHOH u IiTyDOKO# ceTeil COOTBETCTBEHHO

3. PekyppeHTHBbI€ CTPYKTYPbI Ha IIPAKTUKE

MpbI cpaBHUBaeM n3MeHEHUE BHEIIHEH KPUBU3HBI B PA3HBIX CETAX Ha 0DIIEM
Habope jTaHHBIX. B KadecTBe 00bEKTA MCC/IEIOBAHNS BHEITHEH KPUBU3HBI MbI
Beibpasu Vision Transformer (ViT) [9, 10|, narpernpoBanublii Ha Jarace-
re ImageNet [11]|. anee mbl ucnosnbzyem derbipe Bapuanuu ViT ceru: (A)
neriy6okast ViT cerb, cocrosiiast u3 Tpéx mosyieii Tpancdopmepa; (B) pe-
kyppeaTHas ViT ceTb, cocrosimnast u3 TpEéx MoLyJieit TpaHcdOpPMEpPOB, ¢ IBYX-
, 9eTBIPEX-, U CHOBA JIByX-PEKYPPEHTHBIMHU CTyIeHsAMEU cooTBeTcTBeHHO; (C)
riybokast ViT, cocrosimast u3 cemu tpancdopmepos; (D) riybokas pexyp-
pentnag ViT, TakKe cocrodinas u3 ceMu TpaHchOpPMEpPOB, HO C JABYMs pe-
KyPPEHTHBIMU CTyIHEHAMHU B KakJoMm Tpanchopmepe. Ha pucynke 3 mpej-
CTaBJICHO M3MeHeHue BHemHeill kpupusHbl Tpex cereit A, B, C. Ilomobubie
rpaduKu MBI y2Ke HaDJII0Ia I B HEMTyDOKNX ceTax Ha pucyHke 1. B tabymie
2 peJICTAaB/IEHO KAYeCTBO NpejcKasanuii Bcex yerbipex cereii ViT (A, B, C,
D). Kak MOKHO 3aMeTHTb, JJIs OOJIBIIIX CeTell BHEIIHssT KPUBU3HA TAKKe
MOJIOYKUTEJIBHO KOPPEJUPYET ¢ OIEHKON KadecTBa CeTH.
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Tpe
—+- Shallow ViT
Recurent ViT
= Deep VIl

Puc. 3. Braemnssa kpuBusna HersiyOOKO#, peKyppeHTHO# u riiyOoKoit cerei

ViT

Mogens  (A) 3-6e3 (B) 3-¢ (C) 7-6e3 (D) 7-c
Tounocts 61.53 67.16 71.63 74.57

Tabuuna 2. JIyumas roanocts VIT (%) ¢ pekyppentHoii crpykTypoii u 6e3
uee. /lannble mosydensl g gartaceta ImageNet

4. 3akJjro4yeHue

MpbI IepBBIME BBOJIUM B PEKYPPEHTHYIO CTPYKTYPY BHEITHIO KPUBU3HY KaK
Mepy CIIOCOOHOCTHU CeTH K IpeoOpa30BaHMIO ITPOCTPAHCTBA JAHHBIX, & TaK-
JKe BIEPBbIE BBOJIUM PEKYPPEHTHYIO cTpyKTypy B ViT, obHapy:kusas, 9T0
OHa MO2KeT 3HaYUTE/IbHO YJIYYIIUTh TOYHOCTD K.Ha,CCI/ICbI/IKaJ_[I/II/I 683 JOIIOJIHU-
TEJbHBIX MapaMeTpoB. MBI JEMOHCTPUPYEM, UTO C TIOMOIIBIO PEKYPPEHTHOMN
CTPYKTYPBI CETH MOXKHO TOJIYIUTH JIYUIIHEe TPOMEXKYTOUYHBIE IPECTaBIe-
HUSI, TEM CAMBIM YJIydIasi TPOM3BOIUTEIHLHOCTD ceTr. Jlannbiit dhakT mom-
TBEPKJIAETCS HAMU SKCIIEPUMEHTABHO.

Cricok aurepaTrypbl

[1] Lan, Zhenzhong and Chen, Mingda and Goodman, Sebastian and
Gimpel, Kevin and Sharma, Piyush and Soricut, Radu, “Albert: A lite
bert for self-supervised learning of language representations”, 2019.

[2] Kubilius, Jonas and Schrimpf, Martin and Nayebi, Aran and Bear,
Daniel and Yamins, Daniel LK and DiCarlo, James J, “CORnet:
modeling the neural mechanisms of core object recognition”, 2018.

70



3]

4]

[5]

(6]

7]

8]

9]

[10]

[11]

Pascanu, Razvan and Mikolov, Tomas and Bengio, Yoshua, “On
the difficulty of training recurrent neural networks”, International
conference on machine learning, 2013, 1310-1318.

He, Kaiming and Zhang, Xiangyu and Ren, Shaoqing and Sun, Jian,
“Deep residual learning for image recognition”, Proceedings of the IEEE
conference on computer vision and pattern recognition, 2016, 770-778.

Zaecemzadeh, Alireza and Rahnavard, Nazanin and Shah, Mubarak,
“Norm-preservation: Why residual networks can become extremely
deep?”’, IEEFE transactions on pattern analysis and machine intelligence,
43 (2020), 3980-3990.

Tarnowski, Wojciech and Warcho, Piotr and Jastrzebski, Stanislaw and
Tabor, Jacek and Nowak, Maciej, “Dynamical isometry is achieved in
residual networks in a universal way for any activation function”, The
22nd International Conference on Artificial Intelligence and Statistics,
2019, 2221-2230.

Balduzzi, David and Frean, Marcus and Leary, Lennox and Lewis,
JP and Ma, Kurt Wan-Duo and McWilliams, Brian, “The shattered
gradients problem: If resnets are the answer, then what is the question?”,
International Conference on Machine Learning, 2017, 342-350.

Hauser, Michael and Ray, Asok, “Principles of Riemannian geometry in
neural networks”, Advances in neural information processing system, 30

(2017).

Dosovitskiy, Alexey and Beyer, Lucas and Kolesnikov, Alexander and
Weissenborn, Dirk and Zhai, Xiaohua and Unterthiner, Thomas and
Dehghani, Mostafa and Minderer, Matthias and Heigold, Georg and
Gelly, Sylvain and others, “An image is worth 16x16 words: Transformers
for image recognition at scale”, 2020.

Yuan, Li and Chen, Yunpeng and Wang, Tao and Yu, Weihao and
Shi, Yujun and Jiang, Zi-Hang and Tay, Francis EH and Feng, Jiashi
and Yan, Shuicheng, “Tokens-to-token vit: Training vision transformers
from scratch on imagenet”, Proceedings of the IEEE/CVF International
Conference on Computer Vision, 2021, 558-567.

Deng, Jia and Dong, Wei and Socher, Richard and Li, Li-Jia and Li, Kai
and Fei-Fei, Li, “Imagenet: A large-scale hierarchical image database”,
2009 IEEE conference on computer vision and pattern recognition, 2009,
248-255.

71



1]

2]

3]

4]

[5]

(6]

7]

Residual network with recurrent structures
Jiang Lei, Cui Zhenyu, Wang Ziqi

We introduce a recurrent structure (spatially) on residual networks,
which can improve the performance of the network while saving
parameters. We investigate the behaviour of recurrent structures
in residual networks based on Riemannian manifolds, introducing
curvature as a metric for neural networks. We also experimentally verify
that the gain due to the recurrent structure is related to the curvature,
and demonstrate the generality of the recurrent structure as a method
to improve the performance of the network.

Keywords: Neural Netrowks, Riemannian geometry, Recurrent
structures, Manifold, Transformers.

Criucok aurepaTrypbl

Lan, Zhenzhong and Chen, Mingda and Goodman, Sebastian and
Gimpel, Kevin and Sharma, Piyush and Soricut, Radu, “Albert: A lite
bert for self-supervised learning of language representations”, 2019.

Kubilius, Jonas and Schrimpf, Martin and Nayebi, Aran and Bear,
Daniel and Yamins, Daniel LK and DiCarlo, James J, “CORnet:
modeling the neural mechanisms of core object recognition”, 2018.

Pascanu, Razvan and Mikolov, Tomas and Bengio, Yoshua, “On
the difficulty of training recurrent neural networks”, International
conference on machine learning, 2013, 1310-1318.

He, Kaiming and Zhang, Xiangyu and Ren, Shaoqing and Sun, Jian,
“Deep residual learning for image recognition”, Proceedings of the IEEE
conference on computer vision and pattern recognition, 2016, 770-778.

Zaecemzadeh, Alireza and Rahnavard, Nazanin and Shah, Mubarak,
“Norm-preservation: Why residual networks can become extremely
deep?”’, IEEFE transactions on pattern analysis and machine intelligence,
43 (2020), 3980-3990.

Tarnowski, Wojciech and Warcho, Piotr and Jastrzebski, Stanislaw and
Tabor, Jacek and Nowak, Maciej, “Dynamical isometry is achieved in
residual networks in a universal way for any activation function”, The
22nd International Conference on Artificial Intelligence and Statistics,
2019, 2221-2230.

Balduzzi, David and Frean, Marcus and Leary, Lennox and Lewis,
JP and Ma, Kurt Wan-Duo and McWilliams, Brian, “The shattered

72



8]

19]

[10]

[11]

gradients problem: If resnets are the answer, then what is the question?”,
International Conference on Machine Learning, 2017, 342-350.

Hauser, Michael and Ray, Asok, “Principles of Riemannian geometry in
neural networks”, Advances in neural information processing system, 30
(2017).

Dosovitskiy, Alexey and Beyer, Lucas and Kolesnikov, Alexander and
Weissenborn, Dirk and Zhai, Xiaohua and Unterthiner, Thomas and
Dehghani, Mostafa and Minderer, Matthias and Heigold, Georg and
Gelly, Sylvain and others, “An image is worth 16x16 words: Transformers
for image recognition at scale”, 2020.

Yuan, Li and Chen, Yunpeng and Wang, Tao and Yu, Weihao and
Shi, Yujun and Jiang, Zi-Hang and Tay, Francis EH and Feng, Jiashi
and Yan, Shuicheng, “Tokens-to-token vit: Training vision transformers
from scratch on imagenet”, Proceedings of the IEEE/CVF International
Conference on Computer Vision, 2021, 558-567.

Deng, Jia and Dong, Wei and Socher, Richard and Li, Li-Jia and Li, Kai
and Fei-Fei, Li, “Imagenet: A large-scale hierarchical image database”,
2009 IEEE conference on computer vision and pattern recognition, 2009,
248-255.

73



