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MepiAnyn

To dropout eivat pia eUpemS XPNOITHOITIOI0UHEVT] TEXVIKI] KAVOVIKOIToinong os fabia veu-
POVIKA GIKTUA, MOTO00 EPAPOLEL OPO10HI0PPA TTIOAVOTNTEG, AYVO®VIAG TI) ONHAVIIKOTTA TOU
KAOe veupova. To Y-drop avupetomnidel avt myv aduvapia, Xpnoponoimviag I HETPLKI)
G AYRYIPOTNTAS Yia va ripoodlopioet kat va 9éoet uynddtepa noocootd dropout oe onpavtt-
KOUG VEUPWVEG, TTETUXAIVOVTIAG £101 KAAUTEPT KAVOVIKOIOINON, WOTO00 MPooBEtel auinpévn
TTOAUTTAOKOTTA UTIEP-TIAPAPETIP®OV, AUSHIEVO UTTOAOY10TIKO KOoTog Katl Sev eivatl eubuypap-
popévn pe tov otdxo PBeAtiotonoinong. Ma va avupetonicovpe auvta ta {niipata, mpo-
teivoupe 1o Generalized Y-drop, pia amlonoinpévn kat mo duvapikn pébodog, avabeong
mbavottev dropout mou anattel Atyotepn pubpion Kat sivat avhektikr otov SopuBo 1ou
etvat eyyevng ot pebodoug amodoong Baciopéveg oty kAiong. Kevipikn ouvelopopd sivat
N Ay®ylpotnta KOotoug , Pid véa avadlatunaot) g ay®ylpotntag Iou PEIpd ) ouvelodopd
KABe veupwva OtnVv TEAIKI] OUVAPTN 0T KOOTOUG aVvti yia TV TeAKn IIpoBAepr). Autn 1) HETPIKT)
00nyel og PBeEATIOPEVI] KAVOVIKOITOIN O TO00 0 OUVEAIKTIKA O1KTUA 000 KAl Of PEtaoynpa-
TI0TEG Opaong pe dradopa peyedn katl ouvvoAda Sedopévav, subuypappidoviag kaAutepa v
KQVOVIKOITOIN o1 1€ TOV 0T0X0 BeATioTonoinong Kat pomdaviag Hia o 100pPO eV Kata-
VO] TV CUVEICPOPROV OTO TEAIKO KOOTOG PETASU TV VEUPWVOV KABe erurédou oe replocotepa
Oetypata exknaidsuong , ZuyKekpipéva, unod Kavovikeg pubpioeig, 1o Generalized Y-drop pe
AY®Y0TNTa KOoToug metuxaivel Bedtinon tng axkpiBeiag £¢wg xkat 0,84% oto ViT-Tiny mou
€xel eknatdeutel oto CIFAR-100 og oUykpton pe 1o arnAo dropout kat propet va @raoet £mg
kat 1,18% oe mo akpiBég apaddayég. Ot BeAtimoeig akpiBelag epdavidovial pe peyadute-
PEG APYXITEKTOVIKEG Kal ouvoda dedopévav, netuyaivoviag ¢ng kat 0,48% oto ViT-Base mou
eknaldevtnke oto ImageNet-1K pe kavovikeg pubpioelg. Méowm melpapdtov Kat avaluoenyv,
efnyoupe ta Paocikd attia g PeATIONIEVIG KAVOVIKOIIOIN0NG, KATAVOOUE BACIKEG ITTUXES KAt
potiBa NG ayeypotntag anmieiag, npoteivoupe e181keg mapaddayeg yla PeTaoXNPATIoEG
opaong, Kabwg Katl Toug MEPLOPIoROUS g 1ebodou. ErumAéov, eloayoupe pia rapaldayr)
pe apatdtepn eVNPEP®OOT TOV TTIBAVOTHTOV O PETayeveéotepa otadia mou KatapEpvel va dia-
mpnoet 10 92% TV KePdOV anddoong, HEIDVOVIAS TaUTOXPovad T0 IIPOCOETO UMTOAOYIOTIKO
KOOTOG Katda oxedov 40%. Zuvoldikd, 1 gpyacia oupBaAdel otnv avdartudn arotedeopatt-
KOTEPOV OXNHATOV KAVOVIKOTIoinong rmou Baocifoviatl oe onpata anodoong, BeAtiowvoviag tmv
otaBepotnta, v euBUYpAPIIon e T BEATIOTONOIN 0T KAl TNV MPAKTIKIY] EPAPIIOCTIOTTIA O

peyadutepeg apXteKToViKEG Babiag pabnong.

Aégerg KAe1ba
Babwa pabnon, Ene€nynuauxdé Al, Dropout, Ayeyipotnta, Metaoxnpatotég ‘Opaong
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Abstract

Dropout is a widely used regularization technique in deep neural networks, yet the
standard formulation applies uniform dropout rates, disregarding the relative importance
of individual neurons. Y-drop is a method that addresses this limitation, using the Con-
ductance explainability metric to identify and assign higher dropout rates to important
neurons within a layer, achieving improved regularization, but it suffers from increased
hyperparameter complexity, lack of task alignment and high computational cost. To ad-
dress those issues we propose Generalized Y-drop, a simplified more dynamic dropout
rate assignment framework that requires less tuning and is robust to the noise inherent
in gradient-based attribution methods. Most notably, we introduce Loss Conductance, a
novel loss-based reformulation of Conductance that measures each neuron’s contribution
to the training loss instead of the final prediction. This metric consistently improves gen-
eralization across convolutional and Vision Transformer architectures at various scales
and dataset complexities by better aligning regularization with the optimization objective
and promoting a more balanced distribution of loss contributions across neurons and
training samples, mitigating the learning of superficial, dataset-specific patterns. More
specifically, under standard settings Generalized Y-drop with Loss Conductance achieves
up to 0.84% improvement in accuracy on ViT-Tiny trained on CIFAR-100 compared to
standard dropout that can scale up to 1.18% in more expensive variants. Improvements
appear with larger architectures and datasets achieving up to 0.48% on ViT-Base trained
on ImageNet-1K in standard settings. Through heavy experimentation and analysis we
explain the root cause of the improved regularization and understand key aspects and
patterns of Loss Conductance, opening the way for further improvements, transformer
specific optimizations, as well as presenting the limitations of the framework. Moreover
we introduce a scheduled dropout-rate update frequency variant that manages to retain
92% of the performance gains while reducing the additional computational cost by al-
most 40%. Overall, this work advances conductance-based regularization by improving
robustness, optimization alignment and practical applicability for scalable use in modern

deep learning architectures.

Keywords

Deep Learning, Explainable Al, Regularization, Dropout, Conductance, Vision Trans-

formers
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Euyxapiloticg

Me v tapddoorn autng g SIMAGPATIKEG, KAEivel yla Péva €va ONnPaviliko Kepaddaio,
auto eV ortoudav pou ot ZxoAn HAektpoAdywv Mrnyxavikev kat Mnyxavikeov YroAoyiotwv
tou EBvikou MetodBiou IMoAuteyxveiou. Ot gpmelpieg, Ol MPOKANOELS, Ol AvOP®ITOl KAl Ol
oty EG 10U é¢noa 6Aa autd ta Xpovia urnfpiav Kaboplotikeg yia ) S1apop@®on ToU atojiou
ToU eipat ofjpepa kat 9a pe ouvodeuouv yia oAoKAnpen ) {®r) pou.

Apxikd, 9a n6eda va euyapiotjoe Jeppd tov eruBAénovia kabnynt pou, k. AAEEavdpo
[Totaptdvo. Ot oupBouldég kat ) kaBodrynor) tou, 1dco oe akadnpaikd 000 Kat oe avlpOITVO
ertinedo £naiav KOPBIKO POAO OTOV TPOI0 OKEWNG POU KAl ArOTEAecav IMOAUTIHES TUYESG
YV®OONG Kat eprnveuong kab’ oAn tn diapkela eknovnong g epyaociag. EmumAéov, 9a r0eda
va suxaplotoe 18laitepa tov 6p. Eubupio eopyiou yia tov Xpdvo mou aplépmos Kat 11§
oupBoUA£G TOU, O1 ortoieg ouvéBadav OoUC1AOTIKA OTHV OAOKANP®OT autng tng 6ouAeldg. Xin
ouvéxeld, 9€Am va €UXaplOTo® TOUS PIAoug pou Kat 18taitepa ToUg CUPPOLTNTEG HOU, Ol
oroiol ékavav autd ta xpovia agéxaotd, yepdta Opopdeg otypeg, SNIoUPY®VIag CUVeEX®S
éva 9eTkO KATpA Kat PoopEpovidg pou ) Borfeld toug KAbe oty mou 1 XPeltalopouv.
TéAog, 10 PeyaAUTePO eUXAPIOT® TO OPeiA® OV 0O1KOYEVELA 1OU, OTOUG YOVEilG pou, Anprjtpn
kat [Tapaokeur, kat oty adep@r] pou, Xptotiva. H ayarnn, otpi§n Kat tupAr) eprmotoouvn
rou pou €6eav 6da autd ta xpodvia urrpdav uvrrpsav depéAio yia kabe pou Brjpa kat pou

£€dwoav v duvatomta va {fow auty) v agéxaotn eurelpia.

Athens, January 2026

Anastasios Tsetsilas
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xpnowpornowwvtag Generalized Y-drop pe Ayoyipotnta Kootoug évavtt tng a-
MANG Ayoypotntag, eixvoviag Tov PEco 0p0 KAt TV TUITIKY ATTOKAon yia 5
ERTEAEOEIG. » v v v v v v v e e e e e e e e e e e e e e e e e e
AxpiBela ouvodou adloddynong (%) oto poviédo ViT-Tiny ota ouvodla CIFAR-
100 xat CIFAR-10 xpnoworowwvtag Generalized Y-drop pe Ayoympotnta
Koéotoug évavtl tng amirg Ayeyipotntag, Seixvoviag tov HPECO 0pO0 Kal TV
TUTUIKY] arorALon yia 5 extedéoetg. AY-drop eivat np aroAutn aAdayr oe oxéon
peto Dropout. . . . . . ..o e e e e e e e
AxpiBela ouvodou adloddynong (%) oto poviédo ViT-Tiny ota ouvoda CIFAR-
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otpatnyikeég ermdoyrg tokens, Seixyvoviag tov pECO OpO KAl TNV TUINKY a-
noxkAon ya 5 exktedéoelg. To AY-drop eivat n aroAutn addayr oe oxéon
peto Dropout. . . . . . .o Lo
AxpiBela ouvodou adloddynong (%) oto poviédo ViT-Tiny ota ouvoda CIFAR-
100 xat CIFAR-10 xpnowponiowwviag Generalized Y-drop pe ayoympotnta
KOOTOUG UTIoAOY1opEvn Tipv 1 petd to Layer Normalization, Seixvoviag tov
H€00 Opo Katl IV TUIKL anokAton yla 5 ektedéoelg. To AY-drop eivat n
andAutn adAayr) oe oxéon pe to Dropout. . . . . ... Lo o000 oo
AxpiBela ouvolou agloddynong (%) oto poviedo ViT-Tiny oto ouvoro CIFAR-
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AxpiBela ouvolou aglodoynong (%) oto poviédo ViT-Tiny oto ouvodo CIFAR-
100 yia Y-drop pe dapopetikeg tipég annealing factor. (péoog 6pog + turtika)
arndokAon yia 5 extedéoelg). To AY-drop eivat n aroAutn aldayn os oxEon pe

toDropout. . . .. ..o e
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Kegpalato m

Extetapévny EAAnvikn HepiAnyn

0.1 Ewayoyn

Ta tedevtaia Xpovia, 1 Pnxaviki pdadnon kat 1dieg o vrotopéag g, n Pada pabnon,
EXEL ETUTUYEL ECAIPETIKEG £1T1600E1G 08 H1APOPOUG TOPELG, KATL ITOU ®OTO00 XPEIAOTNKE HEYAATD
augnon tou peyeboug, tou BAaboug Kat g MOAUTAOKOTITAG TOV APXITEKTOVIKGV. [9, 10]

H e§¢M&n auty), wotdoo, £xel KAtaotroel 0A0éva SUCKOAOTEPT TV KATAVOTOT) TG E0WMTE-
PIKNG Ae1toupyiag T@v POVIEA®V KAl £Xel 0ONy10el AUTA vd AVIIPEIRITICOVIAl OUCLA0TIKA B
pavpa xoutd [11]. Tha v aviipetdmon 1ou npoBAnpatog, avarntuxOnke éva eupy GUVOAO
1ebodwv oto miaioo g EEnyrowung Texvnu)g Nonpoouvng (Explainable Artificial Intel-
ligence) rmou mapéxouv mAnpodopieg yla v dadikacia ANYng aroPploem®v TOV POVIEAGDV.
M onpaviiki vnokatnyopia eivat ot péebodot anodoong (attribution methods) o1 omoieg
Babpoloyouv koppdrtia Tou poviedou ornwg Sedopiéva e100dou, avartapaotdoelg 6edopévav,
veupaveg 1) emtineda (layers) og mpog v oupBoAr] Tou oty TeAKn IPOBAeY).

[Tépa amod v evioxuor g EPUNVEUCTIOTTAG, Ol EMESNYUATIKEG PETIPIKEG £XOUV aglo-
o Oel Kat wg epyaleia PeAtioong g oupreplpopds 1V Poviedev, yia napddeiypa otov
eviormopo kat ) 610pbwon opadpatev ota dedopéva eknaideuong 1 Ot CUNITiEST KAl TO
KAabepa poviédwv (model compression and pruning). Mia akopn moAAd UTIOGYOMEVT),
aAAd oUYKPITIKA AtyOtepo Slepeuvnpéve), Kateubuvor) eival 1 EVOOPAT®OOL TETOIOV ONHIATOV
Kata ) didpkela g exknaibevong, mote va kabodnyeitat n feAtiotonoinon npog erbupntég
Atoeig. 'Eva mapddeiypa puag tétolag pebodou eivarl 1o Y-drop [8] mou ypnoporotet v
ayeyotnta (Conductance) [12] wg evbedn onuaociag kat pe Baon avtr), avabgtel Suvapika
rmbavotnteg dropout 0TtoUg VEUPMVEG TOU H1KTUOU.

H nipooéyyion autr) odnyet og 10XUPOTEPT KAVOVIKOTIOINOT) KAl 08 KAAUTEPT) TEAIKT) anodo-
on oe oxéon pe 10 KAaowko dropout, ®@OToco TIapouciadel EPLOPIoROUS TTIou duoyepaivouv
TV MIPAKTIKY £PpapPoyn Katl v KApakeorn tou. Kabog amattel pubpion peyddou apib-
HoU UNEP-TIAPAPETP®V, TO ONPA CHUAVIIKOTNTAG Oev eival apeoa eubuypappiopévo pe Tov
eKTTA1OEUTIKO OTOX0 KAl 1] P1€0060G CUVENTAYETAL ONHIAVIIKO IIPOCOETO UTOAOY1OTIKO KOOTOG.

Zwnv napouoa gpyacia npoteivoupe to Generalized Y-drop, pia amdomoupévn Kat 1o
euédiktn pébodo duvapkrg avdbeong mbavorrwv dropout, 1o oroio aviipetwidel 1g a-
duvapieg tou Y-drop péom vémv oxedlaotikmv ermdoynv. Kevipiko otoixeio ing npooyyiong
Hag arotedel ) e10ay®yr tng ayoyipotntag kootoug (Loss Conductance), 111ag rp®totuIing

apaAdayng g Ay®@ytotnIag rou anodidel onpavilkotta otoug VEUPROVES WG TIPOG Tr OU-

Diploma Thesis m



Kepdalato 0. Extetapévn) EAAnvikr) IepiAnyn

VAPTNOon KOOTOUG, KAl OX1 ®G TIPOG TV TeEAKN TPOBAewn. MEow melpapdiov Kal avaluoemv
nipooTtaBoupe va avakaAUupoupe Tig rnyeg g PeAtiwpévng enidoong, va PeAetriooulle TOUG
MEPLOPLOP0UG NG PeBOdou, va epprnveUooUE TA IIPOKUITIOVTIA PoTiBa oTlg PETPIKEG arodo-
01ng, Kabwg KAl va IMPOTEVOUE TIPOOAPIOYES Yid HEYIOTOOINGn NG ATTOTEAECHATIKOTITAS

0t apXlleKTovikeg petacxnpatiotwv (Transformers).

0.2 Oswpntiko Ynobabpo

0.2.1 Mnxaviky Maénon

Evo n texvnt) vonpoouvn eivat 1 euputepn £vvold g MPOoopoi®ong g aviparvng
vonpoouvng, 1 PNXavikrn pabnon acxoAeitat pe v avarrtudn TEXVIKOV MoU autopata a-
vakaAurnouv potiBa ota dedopéva Kal 1a XPnotpoIolovy yia va MpoBAEPpouv pedlovukd
debopéva dixwg v avaykn pniov mpoypappatiopoy Kdl OplopoU MPOKABOPIoPEVEVY Ka-
vovev [13]. Aladopeg TEXVIKEG £XOUV Xprotpomnonfei, armo mP@ipla OTatioTiKA POVIEAQ £®G
Babia veupwvika diktua (deep neural networks) rou povieAortolouv UYPnAng MOAUNAOKOTL)-
1ag potiBa Kal oucyetioelg HeboPEVOV PECH 1EPAPXIK®V HOP®V TEXVITOV VEUPOVIKOV S1IKTURV
(Artificial neural networks) &ix®g tv avaykn ywa oxediaon yapaktnpiotukev (feature engi-
neering) kat £X0UV erm@EPEL ONPAVIIKEG IIPOOHOUG OTNV UTIOAOY10TIKY Opact), v enedepya-

ola PUOKNG YAwooag Kat v avayveptorn optdiag. [9]

Eidn Mnxavikrng Maénong

¢ ErmiBAendopevn pabnon H srubAendopevn pabnon sivat évag tumnog pnyavikng padnong
OTIOU €va POVIEAD eKTIAOEVETAl O €va Of €va OUVOAO S8edOopEVRV e ETIKETEG Yla va
1aBet tnv oxéorn petady v 6edopévav £10060U X; KAt TOV aVTIioTOX®V ETIKETOV TOUS Y;
HE OTOX0 TNV POBAEYT TOV ETIKETIMV OE VEA JiI] TIPONYOUPEVRG epdaviopeva dedopéva.
[14] Ot n€Bodot xwpilovtatl pe Baon v @UON g ETKETAG 08 POVIEAA TASIVONOTG TTOU
£€XOUV OTOXO0 Pd 1] TIEPLO0OTEPEG BLAKPITEG KATNYopieg KAl MAAvEpOnong mou £Xouv

OTOX0 p1la oUveXH aplOpnukn tyr.

e Mn srmuBAendpevn padbnon H un srmblsnopevn pabnon avabétel os povigda ty a-
vakdAluyn g eyyevoug doprg, potiBuv Kat oxéoewv oe dedopéva dixwg stkéteg. O
otoxog eivat va Bpebouv Kowd XapaKInploTtiKAa IMoU MEPyPAdOUV TV KATAVOI)] TOV
6edopévav kat pe Paon auta eite va opadoronBouv napopola dedopéva (aAyopid-
pot opadoroinong) eite va avakaAupBouv ox£oelg PETAtU XAPAKTPIOTIKWV TV debo-

pévev(adyopiOpotl cuoyétiong). [15]

¢ Evicyutirn MaOnon H evioxutikr) pdOnon eivat évag turog pnxavikng padnong orou
€vag paktopag (agent) pabaivetl va naipvel katdAAndeg aAAnAouyieg anopdoem®v PEC®
aAAnAsmudpdoewv pe éva nepBdAdov yla tig oroieg AapBavel aviapoBég 1) moweg a-
vadoya pe to 1oco ermbupnteg eival. Méow moAdav ertavaArnpemv aAAnlenidpaong kat
avatpopodOtnong e OTOXO VA HEYIOTOIOINOEL TNV GUVOALKL] aviapodn), pabaivel pa

BeAtiot 6radikaoia Anyng anodpdoswv [16, 17].
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Neupowvika Aiktua

e Texvnta Neupowvira Aiktua (Artificial Neural Networks, ANNSs)
Ta texvnta veupwvikd diktua ANN aroteAouv 1o depédio g ouyxpovng fabidg pdabn-
ong. ArmoteAouvidl ard VEUP®VEG TTOU £XOUV OTOXO TNV MPOOOH0imor) TV BloAoyikev
VEUPOVGOV TOU avBporvou eykepalou. Kabe veupdvag urtoAoyilel €éva otabpiopévo
abpolopa g 100860V TOU KAl TOU EPAPHOLEL Pid JiI YPAHHIKL OUVAPTIOn EVEPYOITO-
inong. IToAlartdot veupwveg opyavwvovial oe ouddeg rmou ovopadovratl erineda rat
KAtdAAnAn ouvOeorn moAAwv eruréedmv emMIPENel PEO® eKMAIdeUONg TV IPOCEYY1oN
NG MOAUTIAOKT] OXE0NG TV SedoEV@V KAl TNV €AAX10TOOIN 0T T0U 0PAAATOS Yia TOV

TeA1KO otoxo. [18, 19]

¢ IIpowOntira Neupovira Aiktua (FeedForward Neural Networks, FFNs)
Ta pomdNTUIKA VeEUpOVIKA HIKTUA AVIIIIPOOKITIEVOUV TV AITAOUCTEPT] POP(PI] VEUP®VI-
KOU 81KTU0U 000V agopd T oUVOECTOTNTA HE TOUS VEUPHOVES va eival Siatetaypévol
og pa akolouBia ermmEdmv Kal o1 OUVBEDELS PEOUV aUoTPA TPog Pia kateubuvor a-
6 1o erirnedo £10060u 11P0og 1o emninedou e§odou dixwg ouvdéoelg avarpopodotnon oe
nponyoupeva erineda. Kabe eninedo mapdyetl pua véa avanapdaotaor tov dedopévav

e 6do 1o apnpnpéva Kat Xprjotid yia Tov TeEAKO oTtdX0 XapaKInplotkda. [9]

e TuveAiktikd Neupowvika Aiktua (Convolutional Neural Networks, CNNs)
Ta ouvelIKTKA veupevika Siktua eival pia egeldikeupévn Katnyopia veupavikov 61-
KTU®V Pe o100 v enedepyaota dedopévav pe popdrn mA&ypatog Kat rnapouotdlouv
XWPIKEG 1] TOTTIKEG OUOXETIOELS, OTING £1KOVEG, KapE Bivieo 1) paopatoypappata. Xpn-
OlHOITO0UV TV AEITOUPYId NG OUVEAIENG OITOU OUVEMKTIKA @IATPA «0APOOOUV» OAT TV
el0080 kat unoAoyidouv torukd potiBa oe O0An v ewkova. Me autov Tov TIpOIo xapa-
KTNP10TIKA TTOU PIOPEL va ePaviotolVv o€ oToladhIiote X®P1Kr) tonobeoia, Xmpig v
avaykr {exwplotfg avalinong yia kabe torobeoia Kat pe xprion Ayotep®v UroAoyt-
OoTKOV TIapapétpev [20, 21]. Xpnotpornolovvial akoAoubieg CUVEAAMKTIKGOV ETMIES®V
€ 1a pwTa ermineda va aviyveuouv arnid YEQPETIPIKA XAPUKTPIOTIKA OTIOG AKHES, YO-
vieg Kal UPEG eve Babutepa emnineda ta EVOOPATOVOUV EUPUTEPES XDPIKEG TTANPOPOPIES

yla va avayvepioouv mo ouvOeteg dopeg. [22]

e Avadpopira Neupwvika Aiktua (Recurrent Neural networks, RNNs)
Ta avadpopikd veupevika Siktuad €ival pia Katnyopia veupavikev SIKTUmV TIoU €X0UV
oxedlaotel yla va xepidoviatl Siadoyika dedopéva, omou n oepd spdaviong tov dedo-
HEVRV £lval onpaviikn Kat ot mAnpodopieg mpemet va diatnpouviatl oe 0Ad 1a XpOovika
Bripata. Xpnoworolouv Bpoxoug avatpododotnong mou ermotpépouv v £5060 g
povadag miow otnyv 181a KAl EmIPEnouV otig MANPOPOPIES VA TTAPAEVOUV OTO XPOVO,
KaOioteviag ta 18avikd yla epyaocieg Orwg 1 POVieAomoinorn yAwooag, 1 avayvoplor)

optdiag kat n ipoBAsyn xpovooelpav. [23]

e Mnxaviopdg npoooxrs (Attention Mechanism) kat Metaoxnpatiotég (Transformers)
O unxaviopog nmpoooxng 10nX0n ©g AVoT yid TV AVIIHEIOINOT TOV IIEPIOPIOH®V IOV

avupetori¢ouv ta RNN katd myv enegepyaocia pakpov akodoubiov e10o6ou. Avti va
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ouprtédel OAeg TI§ TIPONYOUHEVEG TTANPOPOPIEG O Pla KPUPr) avarapdotaon, o Pnxa-
V101106 TIpocox 1§ urtodoyilet dpeoa tig e§aptroelg petady 1wv 10080V o8 S1aPOPETIKEG
9¢oe1g oty akodoubia. Xwpilel tnv eicodo (tokens) kat yia tv kabspia dnpioupye-
1 pla daviopata, eva diavuopa epotpatog(query) X, T0 OO0 AVIUTPOORKIIEVEL TIG
mAnpogopieg ou avalnta 1o token oe aAla, éva Siavuopa xiediou(key) K 1o ortoio
AVIUTPOO®ITEVEL TIS TIANpogopieg Tou token mou mbavag avalntouv ot addeg Kkat éva
aglag(value) mmou mepiéxel v MPAypatiky minpogopia. Bplokoviag v opoot)ta
petady v K Kat X Kat pe Bdaon avtr) dnpioupyet éva otabpiopévo abpotopa aro Sa-
viopata metuyaivoviag mapdAAnArn emMAEKTIKY £0Tiaon yia Kabe nEPog g £10060U ot
KABe dAAo, audavoviag tnyv tayxutnta Kal arodotikotnta o oX£0n P td avadpopikd

veupwvikd diktua. [24]

O1 PETaoXNPATIOTEG E1VAL APYITEKTOVIKEG TTOU ATTOTEAOUVTAL ATI0 AKOAOUBia Ao PItAOKG
1a omoia arotedovvial ano €va PnxXaviopo Ipocoxng Kat éva MPombntiko VEUp®V-
KO Oiktuo, 10 Kabéva akolouBoupevo amo pia avadpopikrn ouvdeon pe v £icodo
tou(skip-connection) kat piia ocuvaptnon Kavovikorioinong ermrédou (Layer Normali-
zation). H apxitektoviki autn ripoopepet otabepr), TTapAAAnAn Kat eUKOAA EMEKTACTHN
Baon yia g mpdoateg ErIUyieg Oty £MeSePyacia QUOIKNG YAWOOAS KAl OTnV 0paot)
UTIOAOY10T®OV PE0® S1apopav napaldayov tou onwg ta BERT, VIiT (Metaocxnpatiotég
Opaong) kat GPT. [5]

e Metaoxnpatiotég opaong (Vision Transformers, ViT)
O petacynpatiotg 0pacng €ival pid €MEKTAOT TG APXITEKTOVIKLG TOU PETACKHATL-
OT1] Y1a avayveoplor) €IKOVQV, 1] Oroia EpUINVEUEL Ti§ £1KOVEG WG akoAoubieg tokens avti
va Baoiletatl oe ouvedigelg. H ewkodva e10660u xwpiletatl o éva o koppdta (patches)
161ou peyéboug, ouvrbwg 16x16 ta omoia mpoBaAlovial oe PoP@r| ITOU Ta EITPEIIEL
va avupetwnidoviat avaloya pe ta 1g Aggeig oty enegepyaocia @uoikng yldwooag. 'E-
101 PIOPOUV KAl KOVIIVEG KAl HAKPIVEG OXEOEIS 08 Hi1adopa Koppdta g kovag va
avakaAudbouv napdAAnAa Kat pH€ow g poodnKng evog £161kou token, tou [CLS] to-
ken, n oroia CUYKEVIPWVEL TIG OUVOAIKEG TTANPOPOPIEG TNG EIKOVAG, EMMAEYEL TNV TEAIKT)
rpoBieyn. O petacynuatiotig 6pacng angdei§e O, Otav eKMAlbeveTal O EMAPKOG
peydda ouvoAda dedopévav, omwg 1o ImageNet-21k 11 to JFT-300M, prnopet va erm-
TUXEL artodoor CUYKPIon 1] KAl AVOTEPT ATTO AUTH) TOV UTIEPOUYXPOVAV CUVEAIKTIKGOV

VEUPOVIKOV d1KTU®V. [25]

Exrnaidsuon

e Tuvaptyoelg KOOTOUG
Mia ouvdptnorn KOoToug arotedel £€va PETPO TOU ITOOOTIKOMOIEL T0 oPpAApa evog 1o-
VIEAou Kat Asttoupyel ®G odnyog yla v eUpeot OV BEATIOTOV MTAPAPEIP®V TOU H10-
vtédou, oote va glayiotoriowBei 10 ev Adyw opdApa. Zinv emorteuopevn pabnon,
petpd ) Stagpopd petadu g mpPoBAewng TOU POVIEAOU {j KAl NG MPAYHATIKAG £
Ketag y, L(y, §) kat vnioAoyidoviag v kAwong (gradient) tng Snpioupyeitat éva onpa

TIOU EVIHEPWVEL TIG TIAPAPETPOUG TOU POVIEAOU OE 11d KATEUOUVOT TIOU PEIWVEL TV €V
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0.2.2 Eneinpaukég Metpikeg

Aoy® Tpr), kabodnyoviag davikd 1o poviedo mpog pia BEAtiotn katdotaon pndevi-
KOU KOOTOUG. AlaQOpPETIKEG OUVAPTHOEIS KOOTOUG XPIOTHOITO0UVIAL Yid S1apOpeTiKEG
epyaoieg, pe ta npoBArpata rmaAvépopnong va XPnotporolouv ouvhfwg 0 €SO Te-
TPAYOVIKO opdAjia 1] 10 P€co anoAuto opdApa , Td ormoia TIPEPOUV TI§ PEYAAES arto-
KAIOE1G artod Vv THL-0T0X0, VO Ol £pyacieg Ta§ivopnong XPnotonotouv ouvhing tnv
anwlAela draotaupoupevng eviportiag (Cross-Entropy loss) , n omoia evBappuvet tv

UYPNAT ePIotoouvn otV 0®Ootr Katnyopia. [26]

e BeAtictonoinon
H BeAtniotonoinon eivat n enavainmnukr) Siadikaocia aAAayhg 1oV mapapérpev tou di-
KTUOU € OKOTIO TOV EVIOIIONO TOU BEATIOTOU OUVOAOU TPV TTOU €AAX10TOTIO0UV TNV
ermAeypévn ouvaptnorn anmielag. O Baocikog adyopiBpog yla auto 1ov OKoTo €ival o
gradient descent mou xpnoomnoietl v KAion g OUVAPTNONG KOOTOUG TOU HOVIEAOU
®g TIpog ta Hedopéva exmaideuong yia va Ppet v Kateubuvorn mpog TV OIoid IIPETEL
va aAAda§ouv ot mapaperpot. Qotooo yla KaAutepr arnodoorn ouyXpova VEUP®VIKA 110-
VIEAda Xpnoiporolouv tov ailyopiBpo Stochastic Gradient Descent 11 kamoteg ano 1g
o oUyXpoveg PeAtinoelg tou, 6rwg momentum , Adam ) AdamW mou €xouv v 161a
Baowkn 16éa adlda Xp1no10IIoloUV PIKPA UMTOoUVOAd TV 6edop€vav yia va IIPocopot-

®ooUuV TV KAlor, avti yla oAa ta dedopéva. [27]

0.2.2 Encefnpatirég MetpireEg

Abdyo ng paybaiag augnong tou peyeéboug, tou Baboug Kat g MOAUTAOKOTNTAG TGV 110-
VIEA®V PNXavikng padnong, 1 Katavonor) Tou TPOIIou e TOV 011010 £éva poviedo AapBavet tv
TEAIKI] TOU artopaon €Xel yivel oAU 8UokoArn. Idaitepa otn Babid pabnon ta poviéda, omou
1a poviéda ouvrBeg AE1ITOUPYOUV MG CUCTIHATA «1aUpoU KOUTIOU» TV OToiev 1 dradikacia
Afyng anogdocewv dev eival epunvevolpn Aoyw g Babiag, rmoAudidotatng Kat pn ypap-
pikng @uong toug. [11] Kabog n katavonon autodv tov pHoviedev propet va eivatl kpioan,
€101kA otav edpappodovial o KPio110Ug TOHEIG OTIMG 1] UYEIOVOIIKY] TepiBaAyr), ta autdovopa
oxfipata 1 n nowikn §1katoouvr), OTOU 1] EQIICTOoUVN, 1 dadavela, n Sikatoouvr, n av-
YeKTIKOTNTA KAl 1] KAVOVIOTIKY] CUPHOPP®OT) €1val OUCLACTIKAG onpaociag, £xouv avarrtuybet
toAA€g 11€00601 yia v entiAuorn autou tou {nupatog. Autég ot peBodot £€xouv opadoriolnOet
uno tov 6po Explainability Metrics oto yeviko medio tng Explainable Artificial Intelligence
(XAI). [28, 29]

'Eva peydAo uroouvolo autev Tev pebddnv propet va neptypadet turmkd og pédodot a-
nodoong (Attribution methods), o1 ontoieg otoxevouv otnv amovopr) Babpoloyidv onpaciag
o€ otoyeia evog Poviédou onwg Sedopéva e10060u, avarapaotdcelg 6e5011EVOV, VEUPWVES 1)
ertinieda (layers) wg rpog tnv cUPBOATL] TOU OtV TeEAIKY| IIPOBAEY 1€ TPOIT0 TIOU 01 AvOP®ITOL
HITopouV va eppnveucouv. O 0T0X0g AUtV IOV PEIPIKOV dev elval armokAE10TIKA 1] aoddaAeia
Kat eubuvr aAAd Kat 1 EMOTNHOVIKY] YV®OT], O EVIOTIIOROG OPaAPdI®Vv Kat 1) feAtioon tov po-
viedav. [30] Zuig akoAoubeg apaypdpoug Sa rmapouoiactouv o1 KUPLeg Katnyopieg nebodaov

artodoong.
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Kepdalato 0. Extetapévn) EAAnvikr) IepiAnyn

M£6o6o1 anorpuwrng (Occlusion based Methods) Ot pébodotl anokpuyng oroxevouv
OTOV EVIOIIIONO ONUAVIIKOV TUNHATOV/TIEPIOXOV TNG £10000U, TPOMOMOI®VIAS tTd 1 adat-
PWVIAG TA KAl PETPQOVIAG v aAdayr) otnv rpoBAsyn tou poviedou. H Baoikn 16€a eivat ot
av n apaipeon EVog TUHIATOG TPOKAAECEL PeyAAn aAAayr), TOTE TO THNHA £lval ONHAVIIKO Kat
npoopépouv arodoor) onpaociag avedaptt) and v apXlEKTOVIKY ToU poviedou. Mepikeg
ano TG mo onpavikeg pefodoug eivar i) evalodbnoia anokAeiong (Occlusion sensitivity) rmou
«OEPVED P1d TETPAY®OVI) PLAOKA TIAV® OTNV apX1Kr) £i0060 Kat urtoAoyidel mooco kabe tprpa ai-
Aage v gprmotoouvn oty Katnyopia-otoxo 1) 1o RISE mou xprnotpornoiei modAardég tuxaieg
pdokeg Kat Snpoupyet Evav otabpiiopévo 1ECo 0po ToUG Yid va Hel TT000 KAOE E1KOVOOTO1XEl0

EMNPEAOCE TNV TEAIKY] TIPoBAeyn. [22, 31]

M£00601 Baciopivol otnv kAion (Gradient based Methods) Ot ere§nynpatikég petpt-
KEG pe Baor v KAion £€xouv &g Paoikn 16¢a Mg UYPNAEG TIPEG KAIONG Y1a £va CUYKEKPIIEVO
XAPAKINP1OTIKO TOU POVIEAOU UTOSNA®vVouVv 0Tt eAdx10teg aAAayEg 0€ AUTO TO XAPAKTIPIOTIKO
0dnyouv ot peyadn adAayr) ToU TeEAKOU AmoTeAE0ATOG, KATL ITOU KAaB10Td T0 XapaKInplott-
KO auto onpaviiko. Eivatl mo amotedeopatika amodotikeg pébodol, Kabaig o1 apXITEKTOVIKEG
Babiag pabnong £xouv BeAtioTonowoet TV AOSOTIKOTTA UTIOAOY10110U NG KAIONG' ®otdo0
AarmAEg PETPIKEG TNG KATNYOPIAg OT®G 1) XPr)on povo tng KAiong (vanilla gradients) 1 to yi-
vopevo rAlong kat e00dou (input x gradient) avupetoni¢ouv npoBAnpata A0ye peydiou
YopuBou, KopeopoU Kat EAAelPng TOIKIG evatodnoiag. Qg anotédeopa moAAég rmapaldayeg
Katl Bedtiwoeig £xouv npotabel yia va avilpeIonicouy autd td poBArjpata Kat ot OuveEXEla

9a napoucidcoupe 6Uo anod autég mou sival KopBikeg oe auth ) Soudea. [32, 33, 34]

e OAoxrAnpowpéveg KAioelg (Integrated Gradients, IGs) [Ipotdbnkav wg Avor ot o-
P1lOPEVOUG BaciKoug TIEPIOPIOPOUS TOV ATIA®V KAIoE®V, OTI®G 1] eualobnoia toug otov
KOPEOPO g KAlong oe oplopéva onpeia tou diktvou. Avti yua pia povo kAior, ot
IGs unodoyidouv v emppor] 10U KABs KoPPatiov g £10080U CUCOEPEVOVIAG TIAN-
podopieg KAIONG KATA PNKOG HUAS YPAPUIKNG ouvexoug dtadpopung amo €va onpeio
avagpopag (baseline) x’, cuvrBwg pma pavpn €KOva, £€mG TV MPAYRATIKY £10060 X.
Autr] n aAlayr) perpradetl ta poBAnpata Kopeopou, arogeuyoviag «erinedar onpe-
ia Tou mpoxkaAouvial arno evepyorooslg ReLU kat Sa amotedovoav nipdBAnpa otav
Xpnotporoteital pia povo kAiorn. Auto éxkave tig IGs pa 10xupr) Kal anoteAsopatt-
KI] Kat anotédecav Paon yia moAAarAég peddoviikég mapaAdayég mou npotevay o
arnoteAeopatikeg Paoetg, 61adpopeg 1 €161KEG TTAPAAAAYES YA CUYKEKPIPEVES AP)ITE-

KTOVIKEG. [35]

H petpikn IG yia 10 xapaktnplouko i eivat:

1 9 /4 W
IG(F, x;x") = (xi—x{)f R + alx = X)) da.
0 ox;

1

e Ayoypotnta (Conductance) H ayoypotnta anotedei enékraon v 18eov tov IGs,
yla va anodobei n poBAeyn 10U POVIEAOU OTOUG VEUPKOVEG TOU avil yia v £icodo.

Mropei va eppnveubel wg pétpnon g «porng» g arodoong rmou Siépxetat and Evav

m Diploma Thesis



0.2.3 Tevikeuorn Kal KAVOVIKOIIOiNnon

VEUpPOVA KAtd Tov urodoylopo tev IGs kat unodoyiletal péowm aroouvOeong Tou UIo-
Aoytlopou tev IGs pe tov kavova g aAuoidag yla va arodwoet oe 6Aa ta emnineda tou

S1KtUoU pla Tipr og KABE VEUPGOVA TTOU AVIIIIPOOKITEVEL T OUPBOAT) Tou. [12]

I'a veupova k oto eninedo 1, n ayotyotnta tou yia xapgakinolotko i etvat:

OF(x + — ) 9 0
(X' +a(x—x")) Yy, da, (0

ayﬂ) ox;

1

l
YR xx) = (- x) f
0

H o . . , ,
OrtoU ygc) elvat n €§obog tou veupava k oto emirnedo 1 ya eicodo x + a(x — x’) xat

Y(l)(F x;x') eivar n a HSTNTA 3 ) 1
i (B N AY@Y1IOTTA TOU O OX£0T] HE TO XAPAKINPEIOTIKO .

O1 TpEG ay@YIHOTNTag PUIopouv va sival 9eTKEG 1] apVNTIKEG, PE TIS JETKEG TIPEG
va unodndwvouv ot évag veupovag oupBaddet detikd oty mpoBAswrn g e§6dou, g
APVINTIKEG TIHEG va UTTOSNA®VOUV apviTiK:] CUPBOAL Katl TG TIHEG KOVTd oto PIndév va

unodnAovouv edayiotn enidpaot).

Toéoo ot IGs 600 Kat 1 AyeyiotIa, yia A0youg IIPAKTIKOTTAG, UIToAoyidovial pe Xpron
Plag Ipooeyylotikeg pefodou, mou aviikatéotnoe 1o 0AOKANpea pe dbpolopa, pe ouyKe-

KPEVO ap1Buo Slakpiiov Bnudiov n. avapeoa oty Baon x’ kat v icodo x.

Mé£6obor an6doong nmou Pacilovrat otn 6iadoon (Propagation-Based Methods) Ot
pebobot amodoong mou Paocidovtal ot 6iadoon 1 otnv aroocuvbeon Asitoupyouv avadia-
vépoviag T onpacia péow tou Siktuou aro v £5060 £mg v apxr), arodidoviag oe KAOe
veupova pia Babpoldoyia g mpog ) ouvelopopd Tou oto amotédeopa. [a kabe apyite-
KIOVIKI] XPI|O1HI0ITI010UV ITPOCAPHOCHEVOUS Kavoveg yia T 61ddoon amo kdbe eminedo oto
TMIPONYOUHEVO Yld vd IIPOCOHOI®NCO0UV TOV TPOI0 HE TOV OI0io 01 MANPOPOPIieg PEOUV HEO®
Tou &1ktuou avti va Baci{ovial oToUg TUTIIKOUG KAVOVEG UTTOAOY1010U tng KAlong. H dnpott-
KOINTA €TI0V PeBOSwV odeideTal 0TOUG IIPOCAPIOOIEVOUG KaVoveg 51a6001g TTIOU PITopouv
va anoguyouv rpoBAnpata rou paocti{ouv tig peBodoug rmou Paocidoviat oty KAiorn, oniwg o
KOpeopog. Mepikég ano tg rmo dnpodideig texvikég eival ) Layer-wise Relevance Propaga-
tion (LRP) mou 9étel Sradpopoug kavoveg yia ) S1adoor tng nmpoBAeyng tou HoviEAou arnod
ertinedo o€ eminedo, 6ToU 6A01 CUPPOPPWVOVIAL HE OPLOPEVOUS JE@PTIKOUG KAVOVEG, KAl TO
DeepLiFT nou xpnowponoiei kavoveg avaloyoug tng S1adoong g kAiong oto §iktuo aAdd oe
KAOe eminedo ouykpivel ) Srapopd g £5060u yia v €i0odo x pe v £506o yia pia Paon
x'. [36, 37, 34]

0.2.3 TI'tvikeUuO1 KAl KAVOVLIKOIOiNOoY

Kata v eknaideuon evog poviédou pnxavikng padnong o facikog otoxog ivat to po-
VIEAO va €xel KaAr emidoon oe véa 6edopéva 6x1 11Ovo 0e aUTA OTa Oroia EKIMAIOEUTNKE.
Autn 1 kavotnta ovopddetal yevikeuorn kat deiyvel 0t 1o poviedo £pade mpaypatkd po-
1i8a yla tov tumo Sebopévav Kat Tov otdxo exkrnaideuong kat 6ev anopvnuoveuos arid ta
betypata eknaidevong. Eivatr ouvnBiopévo mpoBAnpa 18laitepa oe peydAa Kat moAunioka
HoVIéAa 1ou AOY® TOU PEYAAOU aplBPoU NAapapETp@V PIIOPoUV e AETTTOPEPELA VA TIPOOEY -

yioouv SopuBmbr potiBa mou undpxouv ota cuvola sknaibeuvong. Ta va avupetommotet
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Kepdalato 0. Extetapévn) EAAnvikr) IepiAnyn

autd TTOAAEG TEXVIKEG €XOUV Ipotabel yla va meplopicouv KAl va KATeEUOUVOUV TNV €KIa-
ibeuon 1tou poviédou oe pila TeAKn Katdotaorn rmou Oivel KaAUtepa arotedéopata pe véa
b6edopéva. AUTEG 01 TEXVIKEG ovopadovia TEXVIKEG KAVOVIKOIIOINoNG KAl 0Tl EMOYEVEG IApd-
ypadoug Sa avaAlooujie HEPIKEG ATTO TIG IO OUVIOEIS KATNYOPIEG TEXVIKGOV YEVIKEUOTG Kal

KOVOVIKOTTOINo1G.

Kavovironoinon péow ouvaptnong rKootoug (Loss-based regularization) Teyvikég
KOWV®VIKOITOIN0NG PEC® OUVAPTNONG KOOTOUG aAAAadouv TV oUuvdaptnorn KOOToUG 1) ITPOoOETouUV
EMTAEOV OPOUG 1€ OKOITO VA TPOITOITO) 00UV TOV UTIOAOYIOHO TG Kal va arnobappuvouv amnod
OPLOPEVEG CUHPITEPLPOPEG KAl va TV 00NyrjoouUVv Ot Hid o otabepr] KAl YEVIKEUPEVT) TeAl-
K1 kataotaon. Ilapadeiypata t€towwv texvikov eivat L1 kat L2 kavovikoroionor mmou
nipoobetouv 10 dBpolopa g 1ng 1 g 2ng voppag OA®V IOV MAPAPEIPOV AviioTolxa yid
va evBappuvouv mikpég tipég 11 Label smoothing rmou aAAddet tov uroAoyiopo g Cross
entropy ouvdptnong, divoviag Pikpég mbavotnteg otlg AAAEG EUKETEG YA va PNV €XEL TO

poviédo urniepBoAikn autonenoifnon oug npobAéyeig tou [38, 39, 40].

Texvikég opalonoinong (Normalization techniques) Ot texvikég opadonoinong xpn-
owornolouvidl yia va BeAtiwoouv v dadikaocia g exkmnaideuong, peiwvoviag v addayrn
OV KATavopr tev evepyorotoemv. Texvikég onwg batch normalization kat layer norma-
lization rmou kKavovikoroouv ta dedopéva pe BAaon tnv péon Tpn Kat diacropd petady tov
debopévav oto batch kat petady 1V XapaxkinploTK®OV TOU OTOLXEIOU aviioTtolXd, EMTPETOUV

TaxUtepeg Kat o otabepég dradikaoieg PeAtiotonoinong [41, 42].

Enauinon Acdopévev (Data Augmentation) Ot texvikég enaunong Sedopévev, 6n-
H10UpYyOoUV Véa TeXVNTA Kat ToKIAOpopda dedopéva xBpig tnv avaykn cUuAAOyng VE®V Tpay-
patkev detypatev. Egappodetal eupéwg otnv 0paor urodoyiotov ornou ta dedopéva eivat
euaioBnta oe pikpég adAayeg oty KATpakKa, 1) yeEOUETPia, 10 Xpopd, ) doprn K.A.I. 1ou
dixwg KatdAAnAn nowdia oe mapaddayég Toug Kata v eknaideuorn, to poviédo Sa aro-
HVIHIOVEUOEL TA TTEPIOPIOREVA XAPAKINPLOTIKA TOU OUVOAOU eKmtaibeuorn Kat Sa mapouotdoet
Kak1) yevikeuorn. Texvikég ornwg 1o Autoaugment kat RandAugment mpoteivouv moAttikeg
yla dnpioupyia 6edopévov péom® ouvdUuaop®V MOAAATIA®V PETACXNPATIOPN®OV OIS 1) IEPL-
OTPOG1], 1] AVACTPOPT], 1] KAPAK®OOT),1] pUOLOT TNS PATEIVOTNTAG KATT OF E1KOVEG TOU GUVOAOU
dedopévav kpatoviag otabeprn) TV TEAIKI ETKETA Yid va 8OOOUV eVAAAAKTIKEG EKOOXEG TV
d6edopévav oto poviedo. AAdeg rpooeyyioelg onwg to Mixup kat Cutmix dnpioupyouv ava-
HEeige1g E1IKOVAV e B1aPOPETIKEG ETKETEG Yid VA AUAVOUV Ta oUvVopa PETAdU TV S1apopETtK®V
suketov [43, 44, 45, 46, 47].

Texvirég adaipeong (drop-based techniques) Ot texvikég adaipeong npocOLtouv Tu-
xawomta oty dadikacia eknaibeuong, AMEVEPYOITOIOVIAG TUXAIA VEUPHOVEG, OUVOECELS 1)
0AOKAnNpa emnineda evog veupwViKoU diktuou. Auto pewwvel v apoBaia ipocappoyn) (co-
adaptation) xapaktnpiouk®v péoa oto 6iktuo, 0dnymviag os o arnodotikr) aglornoinon wwv
MAPAPETP®V TOU SIKTUOU Kal Atyotepr ekpddnon SopuBwdav potiBov Tou ouvoAou ekma-

16euong dpa kat KaAUTepr YEVIKEUOT). AV KAl UTAPXOUV TTOAAEG S1apOPETIKEG TEXVIKEG KAl
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0.2.3 Tevikeuorn Kal KAVOVIKOIIOiNnon

TapaAAayEg PEPIKEG ATIO TIG IO ONHIAVIIKEG Yld AUty Vv €pyacia rmapouotadovial oty ou-

VvEXEld :

e Dropout
To Dropout eivat piia texvikn mou pndevidel tuxaia tig TipéG EVOG UTIOOUVOAOU TV TIHGOV
g €060 evog eruredou katd ) Sidpkewa g eknaidevong, pe kabe Tur) va arop-
pirttetatl ave§aptna. Autn n Siabikaoia £€xel g arotédeopa ) peiworn tng apowBaiag
[IPOCAPHOYHS TOV XAPAKINPIOTIKGOV HETASU TV VEUP®VOV KAl avaykdalet to Siktuo va
KATavePer Tig MANpogopieg oe ToAAd povorndtia avtt va Baocidetal armokKAe10TiKA o €va
HIKPO UTIooUVOoAO. Q¢ artotédeopa 10 POViEAo aglormolel 0UCIaoTIKA TIEPIOCOTEPES ATIO

TG TTAPAPETPOUG TOU KAl ITAPOUCIALEL EVIOXUREVT Yevikeuon [48].

e Drop-Path (Stochastic Depth)
To Drop-Path, emiong yveooto wg Stochastic Depth, smekteivel tig 16éeg tou dropout
ATI0 PEPOVOMEVEG TIHEG O APAIPEDT] OAOKANPGOV EMMIESOV. LTOX0G TG TAKTIKAG £ivatl
Kata v didpkela g exknaibeuong va eknaidevovial tuxaia uno-6iktua pikpotepou
Bapoug, emtpénoviag rmo otabepr) eKnaideuon os BabuUtepeg APXITEKTOVIKEG KPATOVTAG
Kdl TV opadotepn eKnaideuon) o prnyxov apXIIEKTOVIKGOV dAAd Katl v arnodotkotnta

ToU Babutepou poviedou oto tedog g eknaidsuong [49].

e Y-drop
To Y-drop eivat pia tapadAayr] tou dropout 1mou Xprotonoiel v PETPIKI) TS AY®Y1-
potntag yia va ripooappodetl Suvapika v rmbavotnta dropout avd veupaova, avaioya

€ T ONPavikotd tovu.

Ye vabe PBrjpa eknaibeuong, PV Ao TV KAAOIKY EVIIEPKOOT TOV MTAPAPEIP®V, XPN-
owporoteital €va urtoouvolo B, delypata xprowponoteital yia Tov UTIOAOY1IoHO TG NS
Péong ay®ypotntag 1oV VeEupovev o éva erinedo. Me Bdon auty) tv tpn xepidoviat
oe 2 opadeg,10ug Wy, % Pe TG XaPnAoTepeg TIHEG IOV Xapaktnpidoviat wg aduvayiot, -
v ot urtddotriot ws% otnv aAAn opdda yapaktnpioviat og woyxupol. I'a kabe veupwva,
n rmbavotnta dropout derypatoAnrieitatl ard to He&i 100 Piag Kavoviky] Katavour) H1e
apapeTpous (U, op) yla toug aduvapoug kat (U, Of) yid ToUG 10XUPOUS, 1E Uy > UL.
ErmumAéov, unodoyidetatl Kivntog PECOG 0PO0G avd VEUP®VA Yid THV Yid TV avarpoodap-
Poy1n tev Tipev tou ermredou peta to dropout, Xpnolonoteviag v Urep apapeTpo
elasticity a kat n pébodog evepyoroleital petd ano 10 apyKo 1ocootd K tev erno-
xov, annealing factor, kaBwg oT1§ TIPMOTEG EMTOXES O1 EKTIUNOELS TS AYRYIHIOTNTAG £lvatl

Atyotepo ouolddelg kat xpnowponoteitat arddé dropout.

H 1ébodog epappooinke ota erineda tou npowbnukouy koppatiou (feed-forward) oe
S1APOPESG APXITEKTOVIKEG CUVEAIKTIKGOV O1KTU®V 001)y10€ O PEYAAUTEPT] OUPHETOXT TTE-
PlOOOTEPWV VEUPOVRV OTNV TEAIKT TIPOBAEWT), 10XUPOTEPT] KAVOVIKOITOINOT KAl BeATI®-

pévn enidoorn oe oxéon pe 1o arho dropout [8].
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0.3 Generalized Y-drop

Te autn v evotnta napoucladoupe 1 oUuvelopopd pag otn BeAtioon ng takukng Y-
drop. Apyikd, ouvoyioupe ta BAciKA PEIOVEKTIATA TTOU TTEP1OPT{OUV TV IIPAKTIKY epap-
poyn g Kat ermAoyeg rmou dewpoupe eival pn PEAtioteg. It ouvéEXela, MEPYPAPOUE TIG
TMIPOTEIVOHEVEG TPOITOIIO0E1G PNAG Y1d TNV AVIIHEIOITON AUTOV TOV adUvapi®v Katl 10ayoue

10 Generalized Y-drop, €éva o nmpaktko Kat eUEAIKTO duvapiko oxnua dropout.

0.3.1 IIpoBAnpata pe to Y-drop

PuOpion napapétpov: 'Eva and ta onuavikotepa PeloveKTpata ivat o peydalog
ap1O116g ETMITAL0V UTIEP-TIAPAPETIP®V O OXEO0T HE T0 KAaowko dropout. Avti yia pia povo -
Savotnta, anatteital pubpon apapétpmv ou oxetidoviat pie tov Siaxwplopod oe 6Uo opddeg
(néyeBog opadav, peoeg TEG, TUTTIKEG artokAloelg Katl péyioteg Tipég ava opada). H ripdobe-
1] autr) TOAUTTAOKOTNTA Kavel ) dtadikaocia eupeong katdAAndev pubpicewv SUOKOATN Kat
daravnpn, 161ng Katd ) petapopd g 1eBOS0U O VEEG APXITEKTOVIKEG OTIOU EVOEXONEVROG
npénel va BpeBouv véeg 100pPOTTIES.

Xpnon nmAnpogopiag ayoypotntag: O ardog §1ax®plopog 1oV veupovav o §Uo o-
padeg bev anotuniavel Tig oXeTKEG SraPpopég petady tov pev ayoypotmtas. ‘Etot, veupdveg
He oplakd PeyaAutepn) Ay@YIHOTTA Al YEITOVIKOUG UIopel va Katataooovial oe diapope-
Tkn opada kat va AapBavouv ducavdaloya dadopetikeg mbavotnieg dropout. Mia 1o
opalAn avabeorn, TOavog BAcioPévn) Ot OXETIKL ONPAVIIKOTNTA, 9a Propouce va 0dnyroet
o€ KaAUtepa anoteAéopard.

ZUykpilon pe aAAeg peBodoug: Aoyw rpodobetou SopuBou Katl PNXAVIOH®V IEPIKOITLG
(clipping), n péon mbavointa dropout oto Y-drop Sev eivatr otabepr] oute eUkoAa eAey-
Xouevn. Auto duoyepaivel 1600 ) pubpion tng pebodou, e161KA O APXITEKTOVIKEG OTIOG Ol
PETAoXNHUATIOTEG TTIOU OUXVA ATattouv PiKkpotepeg tipég dropout, ooo kat tn dikain ouykpt-
on pe AAdeg teXVIKEG, KaOwg ta KEPON evdexetal va opeidovial ardwg oe auinon g HEoNg
rmBavodtntag dropout.

EuOuypappion pe tov otoxo BeAtiotonoinong: H perpikn g ayeypoutag mnept-
ypadet v oupBoAn kabe veupoiva oty TeAKY poBAeyn, ®otdco dev Seiyxvel KAtd mOCO
autr) 11 oupBoArn Bornbnoe otny eriteudn Tou mpaypatikoy otoxou. Evag veupwvag propei
va ennpeadet éviova v £6060, aAAd rpog AavBaopévn Kateubuvorn® g autr] v MePInwor,
n «apaipeorp U péor audnuévou dropout propei va pnv eivat ermbupnt). Luvenog pia
EVAAAQKTIKI] PETPIKI] TTOU aVIIKATOIIPidel auty) v Stapopd Sa priopouoe va arotedet mo
KataAAnAn £véeidn onuavukoag.

YnoAoy1otikG K6otog: To ITI0 OUCLAOTIKO IIPAKTIKO HEIOVEKINIA gival to augnpévo
UTIOAOY10TIKO KOOT0G, KAO®Gg armatteitat o UMoAOYIopog NG ayeylpotntag os kabe Brpa
eknaidevong. Iapdt Eva podobeto KOoToG eival avanodPeuKkto 6e601EVOU OTL O UTIOAOY10110G
G PEIPIKAG eival amapaitntog, €ivat onpuaviko va avarntuxfouv napaAAayég mou Kavouv

mv pEBodo eOnvoteEPN.
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0.3.2 IIpoteiwvopeveg pEGodol

EvaAAaKTIKEG TARTIREG avdOeong mibavotntag dropout Ia )V AVIIEIOINOT) TOV ITe-
PlOPIOP®V NG APXIKAG TEXVIKIG, CUYKEKPIPEVA TOU PEYAAOU aplOpou Umep-mapapeIpayv,
g eAAUTOUg agloroinong tng mAnpogopiag tng ayeypotntag Kat g Suokodiag ocuykpiong
Pe AAAEG TEXVIKEG TIPOTEIVOUE EVAAAAKTIKEG OTPATNYIKEG avdBsong rmbavotntev dropout.
H ouvoAwkn 6iadikaocia tng peBodou nmapapével ovolaotkd i6ta, ®otdéco avukadiotoupe
oV H1aKPITO XWPLOPO O OPAdeG KAl TIG aVIioTOlXeG UTIEP TTAPAPETPOUG PE HU0 PIOVo UTEP-
MAPAPETPOUG, Hia péor rmbavotnta dropout Prean, YUP® A0 TV OIOIA KAVOVIKOTIOOUVIAL
01 TG, KAl Plia PEYIOT T Pmax, POTE VA ATIOPEVYOVTAl UTTEPBOAIKA PEYAAeg TIOAVOTTES.

Z10)0g eivatl n péorn mbavotnta §pomout T@V VEUPHOVOV EVOG ETUITESOU VA 100UTAL PE Pmeans
X®pig kapia tpr) va unepBaivel 10 Praxs EVE 01 VEUP®VES PE UPNAOTEPT AYDYIPOTNTA Adp-
Bavouv peyaAutepn mbavotnta §pOmoUT G OXEOT] HE VEUPWVEG XAPNAOTEPNS AYDYIIOTNTAS.
[Mpoteivoupe 6U0 OTPATYIKEG TTOU IKAVOITOI0UV Td MTAPATTAvVEe, Wote va aglodoyndei o fabodg
otov ortoio n avabeor) npénet va e§aptdtat and v katavoyur) v tipov. Ta Ranking Rates,
rou Baocilovtal arnokAL10TIKA otV Katdtadn (lepapxia) tov Tipev evidg Kabe srurnédou, Kat
Relative Rates, rou AapBdavouv unoyn ) Xtk S1adpopd Petady TV TIH®V.

Eruudéov, yia kabe otpatnyiky) egetaloupe éva mpoaipetikd Prpa: ota Ranking Rates
Vv UYPeon v mbavotniev os duvapr, wote va diepeuvnBel av ) eviovotepn diadoporoinor
ota akpa Beduwvel v eniboor), kat ota Relative Rates tnv nepikort) akpai®ov TIHOV, OOTE
n avdBeon va eivat mo avOektiky) oe mbavd rpoBArpata pe ékroneg tipeg (outliers).

Me mieploodtepn Asrtopépeia o1 pébodot ivat ot e€ng:

Ranking Rates

¢ Katdtafn tov veupovav:
Ia kabe eninedo [, o1 veupmveg Katatdooovial Pe BAon Ti§ HEOES TIHEG AYRYIIOTNTAS
avd povada YO
r® = rank(YV)

orou r € [0, NO] pe N©O va etvat o ap16116g T®V VEUPOVOV OTO £ITiredo NO.

e Metatpomnn oe mbavotnta pe GPwon oe SUvapn: Ot KATATASEIS PETATPETIOVTIAL OF
TMIPOKATAPKTIKEG TOavotnteg dropout Xp1o1oTol)vIag Pid PETatpon] Baclopévn og
duvaun:

p/(l)

r(l) —05 power
NO

= Pmax * (
ZUG TIEP1000TEPES TIEIPAPNATIKEG pubpioelg n mapdaperpog mowep eivat ion pe 1 ektog
av avadépetat prnra dapopetikd. Qg MAPAPETPOG EAEYXEL TNV OUTHTA NS KATAVOUNS
Sportout, pe peyaldutepeg Tipég va tovidouv ) Stadopd petadl 1wV Kopudpaimv Kat TV

KATOTEPDV VEUPOVAV, EVE PIKPOTEPESG TIHEG TIAPAYOUV 111d ITI0 OPAAL] KATAVOL).

¢ Kesvipdplopa yUpo ano tnv péon Tpn:
O1 tedikég ruBavotnTeg Kevipapovial yupe ard v péon moéavotnta §pornout pyeqy, ME

évav rmapdyovia KAPHAK®Oo1G T, 0 oroiog urtodoyiletat pe duadikn avalror, egaopa-
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Atdovtag OTL 0Aeg O1 TIREG TIAPAPEVOUV EVIOG TOU £YKUPOU £UPOUG:

(D

p = pmean +1T- (p/(l) - mear(p/(l)))’ T = max S‘t' p(l) € [O’ pmax]

Relative Rates

e EAcyxodg éxtonav tipov (outliers) (IIpoepattiko): Kabwg autr) n pébodog Sa pro-
pPOUCE va €ival MO €UAAXT Of EKTOMEG TIHEG TTOU 08NYOUV OE OPIOPEVOUG VEUPMVES
va AapBdavouv eaipetikd xapndég 1) vypndég typég Sporout, npayparonotidnkav o-
plopéveg BOKIIEG OTIOU Ol KOpUPAieg KAl Ol KATATEPES X% TOV TIHOV AYRYIHOTTAS
niepikoBoviat. Auto 1o Pripa dev extedeital otnv Baocikn pubpion kat Sa avapépetat

pPNTA OTav XPnOolUoIoleEital ota endpeva anoteAéopara.

¢ Kavovikonoinon xat kAyparwon: Ot tipég ayeympomtag Y kavovikorotouviat
XPNOHOTIORMVTIAS XP1OIooinviag min-max PETaTport) KAl EMAVAKATIIAK@OVOVIAl OTo

Swaompa [0, pmax]
Y® — min(Y®)

/(D) .
max(Y®) — min(Y®)

p = Pmax

e Kevipapiopa yopw ano tnv péon tpn: IMapdpoia pe 1g Tipég kardragng, ot mba-
VOTITEG KEVIPAPOVIAL YUP® arto tnv péorn mbavotnta dropout Prean » PE £vav mapayo-
Via KAPAK®ONG T IOU TG S1atnpel evidg TOU EYKUPOU €UPOUG :

p
Ayoyypotnta kootoug (Loss Conductance) Ilpoteivoupe pia evadAaktikn Siatuneon
NG AY®YIHOTNTAG, 1] OTI0id, avil va armotijid 1) ouvelodpopd evog VeEUup®va otV TeEAKT IIPoBAe-
Yr), AOTId T GUVEIG(OPA TOU OTNV TEAKT) T g oUVAPTNOoNG KOotous. T PeTpikr) autn
v ovopdloupe Ayoyiotnta Kootoug (Loss Conductance) kat otoxog g ivat va mapexet
éva onpa oNPavikottag apeoa eubUypailoEVo e Tov otoX0 BeAtiotonoinong.

O 1UTI0G NG VEAg PETPIKTG divetal wg eEhg yia 0Ad Ta XapaKinplotkda £10060u i ortou L

elvat | ouvaptnon KOoToug:

n .
O] AN L(I
Y, (Fx;x') = jél ok

(F ) = FO(U™1)). 2)

orou xP = x’ + é(x -x').

Me 1 ouyKkekpi€vn) avadlatineor 1 onpacia v Tpov adAddel os 9etiky) ayoyipot)ta
KOoTOUG va urodnAevel 01l 0 veupwvag ouvéBalde o aunon ToU KOOTOUG, APVITIKI] AY®Yl-
PO Ta KOOToUg OT1 0UVEBAAE 0g PEI®OT) TOU KOOTOUG, VR TIHEG KOVIA OT0 P dév urtodnAwvouv
apedntéa emidpaocn otn oUVAPTNOT KOOTOUG.

ZUVENIRG, OG ITIO «ONPAVIIKOD JemPOoUVIAL 01 VEUPAOVEG 11E PE XaPNAOTEPES (TTI0 apVTIKEG)
TIPEG AYRYIHOTNTA KOoToug, dnAadr] eKeivol TTOU PEIOVOUV TIEPIOCOTEPO T0 KOOoTog. ['a tov
Aoyo auto, oe autoug avabétoupe uPnAotepeg rubavotnteg dropout, emdidOKOVIAg 10XUPOTE-

P1 KAVOVIKOIToinon.
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YrnioAoylotira Onvotepeg napaddayeg I'a ) peioon tou UMOAOYIOTIKOU KOOTOUS TG
1ebodou, datnpaviag rapdAAnda cuykpioeg BeAtiwoelg oty anodoor, eetdoayie rapad-
Aayég mou anattouv AtyotepoUg UMMOAOYIOP0UG 1§ ay®ylpotntag kootoug. H faoikrn unode-
on €lvat 0Tl 10 ofpa NG PEIPIKAG €lval IO ONPAVIIKO Otd MP®Ta otadla g o OXEon HE
1a TeAeutaia 1) TOUAAX1oTov 0 pubog PeTaBoArg TV TIHOV TNG Yia KAabe veupmva Pelmvetat,
dapa Kat n epapyia/oxeTkeg TEG Tapapevouv oxedov otabepég kat Sev xpetaletal ouyvr
aAlayr) tev rmbavotrtov dropout.

Ot otpatnyikeg rmou doxkipdoayie frav ot e§Ag:

o IIpowpog teppatiopdg: Metd arnd éva rporaboplopPévo MOCOOTO EMOXWV, E1TE €ITl-
otpépoupe oto KAaowko dropout eite Siatnpoupe 11g tedeutaieg urtoAoyiopéveg mba-

votnteg dropout xopig mepattép® avavewoels.

e Apailldtepeg EVNHEPWOELG: Avii va urodoyiletal 1 aywytpottd KOotoug oe KAbe
Bripa exknaidsuong, o umoloylopog mpaypatornoteitat ava daotnpa (wrepad) x Pn-
patwv. Egetddoupe 1000 Vv nepintwoon otabepou Sraotpatog kab’ oAn ) Sidpkela
g exrnaibeuong 000 KAl VvV MEPINTROT IPOYPAPATIOREVNS augnong tou dtaotpa-
T0G, 6TOU §eKiva ard 1 Kat au§averat CUVOAKA Ny POopEG Katd 1, o 100pepr) TRpata

g exnaidevong.

IIpoocappoyn oe MetaoxnRatiotég Xe autn v epyacia dokipaocape v pébodo ruping
0€ HPETACYXNMATIOTEG €1KOVAG. XTI OUYKEKPIHEVH] APXITEKTOVIKI], To dropout epappodetat
ouvrBwg ota attention weights, oto projection layer tou pnxaviopou npocoxng kat ota SUo
ypappika enineda tou npowdnuikov tprpatog (feed-forward). Qotoco, o urtoAoyiopog péomv
TPV ayeylpottag aro moAdd deiypata yia ota attention weights dev eival ouvodng,
Kabwg autd exppdlouv oxéoelg petadu tokens kat petaBaAdovrat éviova avd eicodo, dixwg
Karnowa ouolaotiky évbedn onupaoiag. Ta tov Adyo autd, Swatnpoupe ardd dropout ota
attention weights kat epappodoupe Generalized Y-drop povo ota unddotna tpia ypappika
ertineda.

ErurA£ov 1 apX1teKtovikn autr] €xet S1apopEg 1ou mpéErnet va egetaotouy:

¢ Emdoyn token: T'a kdbe Seiypa £xoupe rmoAdardég tpég yia kaOe token. Evo 1o
apX1KO MAAVOo 1nTav va xpnotponoinfet 0 1€cog 6pog ToU mapatnPrOnNKe MG ol TIHES
ayeypottag tou [CLS] token napouoiadet piia rmoAv rmlouoidtepn Kat 1mo diadoportot-
NPEV KAtavour ayoylpotntag oe oXeorn pe ta adda tokens. Xuvenwg, Xprotpiomnolo-
Upe amokAelotukd v tpn ou [CLS] yia tnv avdabeon mbavotrjtov dropout, srmAoyr)

TToU 001ynoe o€ KaAutepa anoteAéopatd.

e Layer Normalization: M GAAn Baokr] Siapopd petal 1oV apXITEKTOVIKMY PETA-
oxnuatiot sival g moAld erntineda akoAouBouviat ano avadpopikeg ouvdeoeig (skip-
connection) kat Aettoupyia Layer Normalization. ApxKd, 11 ayeylpotta KOOTOUG
untodoyidotav petd 1o Layer Normalization, ootdéoco nepapatika darmotewdnke o1t 0
untodoylopog ripwv to Layer Normalization kat rpwv to sKkip connection arnodidet ota-

Yepodtepa katl kadutepa anotedéopatd.
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Aufavopevo Generalized Y-drop ZXe meipapata pe Xprjon MOAAGOV TEXVIKOV £rauinong
dedopévav apatnpndnke nwg kat 1o dropout kat 10 Generalized Y-drop ékavav tnv exk-
naidevuon moAu aotabr)g Kat os peyadutepa povieda odnyouos og amotuyia ouykAlong. O
Baowkog Adyog nrav ot o ouvbiaopog dropout kat erauénong Sedopévav dnpiovpyouace ro-
AU 96pubBo ota apyika erirneda, wg arotédeopa ypnotpornoovpe Augavopevo Generalized
Y-drop, omou n péon mbavotnta dropout eivatl pndevikn oto mpoto block tou Transformer
Kat auvgavetal ypapuika ota Babutepa blocks £0g pia tedikn péyilotn tpn. Autd HEIOVEL
tov 90pubo ota mpoa erineda Kat €kave Ty PEOOS IO AVIAY®VIOTIKI OE TETOEG OUVONKEG

exnaidevuong.

0.4 TIeipapatirin AfloAdynon

0.4.1 PuOpiocelg nelpapatov

Y& auty] v evotnIa IePypadovial CUVOITIIKA 01 pubpioeslg tov nieipapdteov yia 1o Gene-
ralized Y-drop, cuprieptdapBavopévav oV apXIIEKTOVIKOV, TOV OUVOAGV Sedopiévev Kat TV

Baokov Urep-MAPAPETIP®V/TEXVIKOV eKTIAideUoNg.

Apxttektovikég Ta relpdpata rmpaypatornor|fnKav oe CUVEAMKTIKA veupmvikd Siktua (CNNs)
Kat oe Metaoxnpatioteg ‘Opaong (Vision Transformers).

Xpnowpornow)Onkav 6o CNN apyxitektovikeég,ot M1 kat M2. Kat ot 2 €xouv 10 1610
OUVEAKTIKO KOppdtt pe 3 ouvedlktuika ermineda pe 96,128 kat 256 @idtpa aviiotorya aAdd
drapépouv 1o poONTIKO tHApa pe v M1 §abéterl 2 mAnpwg ouvdedepéva emirteda pe 2048
VEUPOVEG, eve 1 M2 81abctel 3 enineba pe 4096 veupwveg. Dropout xpnowporoeital ota
mAnpwg ouvdedepéva emineda kat 10 avukadiotoupe pe Generalized Y-drop.

Ta nelpdpata pe petaoXnPatioteg 0paong eytva pe 3 povieda diadopetikou peyeboug ta
ViT-Tiny, Vit-Small ka1 ViT-Base pe 1g diadopég toug va @aivovrat otov rmivaka 1. Ermu-
mAéov, mpaypatonow)fnkav netpdapata pe DeiT poviéda,mmou €xouv v 161a apXITEKTOVIKI)
Kat peyedn pe ta ViT, adAd evoopatwvouv label smoothing kat moAAartAeg texvikeg enavin-
ong dedopévav, onwg Repeated Augmentation, RandAugment, Mixup, CutMix kat Random

Erasing.

Mivarag 1. Meyédn tov puovieAwv T mou xpnowonomdnkav ota Telpduata.

Movtédo ViT-Tiny ViT-Small ViT-Base
Alaotaorn Atavuopatev (Embedding) 192 384 768
Ap1Bpog kepadov (heads) 3 6 12
Ap1Bpog prdoxk 12 12 12
[Mapdapetpot 5 Ex. 22 Exk. 86 Ex.
Avdluon 224x224 224x224 224x224

ZUvoAa Aedopévev Xpnowporoloupe 3 cuvola dedopévav. Ta CIFAR-10 kat CIFAR-100

nou artotedouvrat aro tg idieg 50000 s1koveg exnaidevong kat 10000 skoéveg agloddynong,
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peyéboug 32 X 32 (otoug petaoynpatioteg petatpénoviat oe 224 X 224), ot oroieg xwpidoviat
oe 10 kat 100 &exwpiotég eukéteg avriotoxa. ErmumAéov xpnoyionoovpe to Imagenet-1k
rou riepiéxel 1.28 ekatoppupia e1koveg ekrnaibeuong kat 50000 agloAoynong XwPlouEveg o

1000 810 OPETIKEG ETIKETES.

Asnttopépereg Ernaibeuong

o Ap1lOpOG eRTEALECEQDV
Ta armotedéopata avapépovial ®G PECOG 0p0G Kat TUITKY AMOKALON g HEylotng d-
KpiBelag oe oAAarAég Tuxaieg extedéoelg. a CIFAR-10/100 nipaypatorniowm)Onkav 5

ektedéoelg, eve yla ImageNet-1k 3.

e INTapapetpotr Generalized Y-drop / Dropout / Drop-Path
Ze 6Aa ta mepdpata KTog av pna avagépetal xprnotpornoOnkav elasticity = 0.01,
annealing factor K = 10%, 5 Siakptd prjpata kat to % Tuxailov detypatov ano kabe
batch eknaibeuong yia tov uroAoyiopo g ayeypomrtag. (51 deiypata otav batch
256 kat 204 betypata otav batch 1024)

Yta CNNs 9¢oape pmean = 0.35 kat pmax = 0.7 eve ota nieipapata pe ViT/DeiT

eixape pmean = 0.1 kat pmax = 0.5.

It ouykplon pe ando dropout xpnotpornoteital p=pmean £ve 0tav XPNOlOII00UHE
Drop-Path oote va poxurttel ouykpiotun péon éviaon regularization oe 6Ao to diktuo,
1€0nke péytotn rmbavotna 0.2 (apou oto mP®To PITAoK £xet péon tpr 0 Kat auavetat
YPAPPIKA péXPL pia péylotn tpar oto tedeutaio. ESaipeorn arotedouv ta tedika met-
papata oto DeiT érou yxpnotporoteitat au§avopevo Generalized Y-drop, mou €xet i6ia
popdn pe 1o Drop-Path, mou kat ota §Uo Setoupe peyotn tun 0.1, cupdova pe v
BBAoypagia tou DeiT.

o Exrnaidsuon CNNs.
Ta poviéda exknadevnkav ya 150 emoyég, batch size 256, otaBepo learning rate
0.001.

¢ Exnaidsuon Transformers
Ta nielpdpata eywvav yia 300 enoxeg (ektog autov pe CIFAR-10 nou €ywvav yia 400), e
learning rate 0.001 pe cosine annealing, weight decay 0.05 kat 10 eroxég warmup.
Batch size 256 yia CIFAR-10/100 kat 1024 yia ImageNet-1k.

0.4.2 AmnotsAéopata

Avafson mbavottwv Dropout Xe autr v evotnta 9a ouykpivoupe tig duo evaldaxti-
KEG TAKTIKEG OTPATNYIKEG avabeong rmbavotrev dropout 1600 ota 6o CNNs 600 kat oto
ViT-Tiny pe to ouvodo CIFAR-100. ZX1oUg HETAOXNHATIONEG OUYKPIVOURE Katl TOAAAITAEG
TIHES Pmax OTe va aglodoynBei n emibpaor] tou avda pébodo kat va evroruotei n BéAtiotn -
pr). TéAog, egetdloupie T0 mMPOAPETIKO Pripa KAOe otpatnyikrg, He OTt0X0 va arotpnbei n

oupBoAn toug Kat va e§axbouv ocuprnepaopata yia t) ouprnepidpopd g pebodou.
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IMivarag 2. Axpi6eia ovvofou atofoynong (%) ota poviéda CNN oto ovvoido CIFAR-100
belyvovtag Tov Peoo 0po Kat v TUTKN anokiion yia 5 ekteféoeig.

CIFAR-100

Mé£6ob6og M; M,

AxpiBela AY-drop AxpiBela AY-drop

Dropout 60.35 + 0.44 - 59.02 + 0.38 -

Y-Relative  60.39 + 0.46 +0.04 59.31 + 0.58 +0.29
Y-Ranking 60.67 + 0.45 +0.32 59.73 + 0.22 +0.71

IMivakag 3. Arpi6eia avvoiouv atofoynong (%) oto poviédo ViT-Tiny oto ovvoio CiFAR-100
ue Sagopetikeg orpamnyikeg Generalized Y-drop yia 51a¢popeg TES Pmax, OElyVOVTASG TOV UECO
Opo kat v ik andkion yia 5 exktefléocig. To AY-drop sivar n dtagopa e 1o Dropout.

ViT-Tiny (CIFAR-100)

M£0Oobog Y-Ranking Y-Relative

AxpiBela AY-drop AxpiBela AY-drop

Dropout 68.08 + 0.34 - 68.08 + 0.34 -
Drop-Path 65.99 + 0.05 -2.09 6599+0.05 -2.09

G. Y-drop pmax 0.3 68.24+0.53 +0.16 6823 +0.42 +0.15
G. Y-drop pmax 0.5 68.46 + 0.30 +0.38 6823+ 0.23 +0.15
G. Y-drop pmax 0.7 68.29+0.33 +0.21 68.30+0.45 +0.22

Ta anoteAéopata Seixvouv ot1, 1000 ota CNNs oco kat oto ViT-Tiny, o1 véeg orpatnyikeg
umepéXouV tou ardou dropout kat avapeoa otig duo ta Ranking Rates metuyaivouv tig
KaAUtepeg ermbOoelg, yeEyovog rmou urtoSnAovetl 0Tt 1pooeyyioelg Atyotepo egaptnpéveg ano
Vv akp1Br] popdr) g KATAVOUNg ay®ylpotnIag eival mo otabepég Kat Alyotepo €UAARDTEG
otov 96puBo TOU CUXVA CUVAVIATAl Of HEIPOElS Anddoong Paciopéveg oe KAIOn, OM®G 1
aAy®ylpotnta.

Qg 1IPOG TV EIMIAOYT] TOU Pyax, HIKPEG TIHEG OIS 0.3 £€X0UV M1KPO KEPHOG Kal HeyaAutepn
aotdBela, unodelkvyoviag OTl anatteital €Upyu Aacpa mbavotev Wote va dtapoporioteitat
0UOLA0TIKA 1] «TIHOPIA» TOV ONIAVIIKOTEPRV VEUP®OVAV ATIO TOUG UTIOAOIIIOUS, ®OTOC0 PEYAAESG
Tpeég onwg to 0.7 v auavouv urepBoAkd kat tedika unoBabpidouv v ermidoon.

TéAog, ta mpoalpstikd Pripata dev anodeixbnkav apédipa. Xta Relative Rates, 1 me-
pwkort| (clipping) tou 1% 1wV PEYIOT®V KAl EAAXIOTOV TGOV 0Xe60V ekpndévioe ta kEPSI,
KATL TIou Beilyvel o1l 1 Baoikr) Asttoupyia g pebodou eival va avakaAurtel Kat va JEtet
ratadAnleg tpég dropout oe autég 11§ akpaieg Tipég. Armo v dAAn ota Ranking Rates n
Uyeorn oe duvapn 2 peinoe 10 kEPHoG akpiBelag katd 0.1, mepattépw deiyxvoviag nwg duoa-
vdaldoya peydleg tipég dropout ota akpa, £ivat ETUENIIEG KAl UTIAPYXEL AVAYKI] Y1a KATAAANAD

1oopportia.
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0.4.2 Armotedéopata

Ayoywpotnta kootoug EmavalapBavoupe ta mepdpata rou rapouvciacav TG BEAtioteg
ermdooelg ota CNNs kat oto ViT-Tiny, aviikabiotoviag ) PETPIKI A0 AYRYIHOTTA OF Y-
ywotnta kootoug. ErurmAéov, yua mv apyitektoviky ViT-Tiny enexteivoupe tnv agloAdynor
Kat oto ouvolo CIFAR-10.

ivarag 4. Axpi6eia ovvoiou aofoynong (%) ota poviéda CNN oto ovvoio CIFAR-100
xenowonowvtag Generalized Y-drop ue Ayoyudtnta Kootoug évavtt tng aning Ayeyuotntag,
OelxvovTag Tov HEDO OPO Kat TNV TUTLKY anokAion yia 5 ekteAeoeg.

CIFAR-100

Mé£6obog M, M,

AxpiBeia AY-drop AxpiBela AY-drop

Dropout 60.35 + 0.44 - 59.02 + 0.38 -

G. Y-Drop 60.67 £+ 0.45 +0.32 59.73+0.22 +0.71
G. Y-Drop Kooctoug 60.80 + 0.39 +0.45 59.84 + 0.41 + 0.82

IMivarag 5. Axpi6sia ovvoiou atofoynong (%) oto povtéio ViT-Tiny ota ovvoia CIFAR-100
wat CIFAR- 10 ypnowonowwvtag Generalized Y-drop pue Ayoyudtnta Kootoug évavt g aning
Ayoyuotniag, deiyvovtag tov Ueoo 0po katl v Wikl anokion yia 5 exteféoeg. AY-drop
givar n anojfumn afdiayn os oxéon ue to Dropout.

iT-Twy

M£6060g CIFAR-100 CIFAR-10

AxpiBela AY-drop AxpiBela AY-drop

Dropout 68.08 + 0.34 - 91.91 + 0.32 -
Drop-Path 65.99 + 0.05 -2.09 90.8 + 0.25 -1.11
G. Y-drop 68.46 + 0.30 +0.38 92.25 + 0.17 +0.34

G. Y-drop Koctoug 68.55 + 0.28 + 0.47 92.34 + 0.22 + 0.43

[Mapampouvje OG 0 OAd 1A MEPANATA 1] AYRYIHOTTA KOOTOUG 081ynoe og KAAUTEPES
€IMO0O0E1§ ATI0 TV AIMAL AYRYIHOTNTA, KATL ITou deiyvel mwg 1 aldayn odrynoe éva onpa
ONPAvVUKOTAG Mo eUBUYPAPIIIOHEVO € TOV OTOX0 eKMAIdEUONG MOV TIapEXEl amoteAeopa-

TIKOTEPT KAl ITI0 OTOXEUHEVH avabeorn rmbavotntev dropout.

EmumAéov, ouykpivoviag Tig KAPITUAEG TG OUVAPTNONG KOOTOUG OTO OUVOAO eKIaideuong
kat afodoynong pe xpnon Generalized Y-drop kat dropout kata tnv rapodo tng ekra-
16euong, BAérouyie M®G 10 MPATO TETUXAIVEL MIKPOTEPES TIHEG OTO OUVOAO aSloAdynong eve
TauTOXpova €£Xel PNEYAAUTEPEG OTO OUVOAO eKmaibeuong, eva epdaveg onpadt Pedtopévng

KAVOVIKOTTOINo1G.
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Kepdalato 0. Extetapévn) EAAnvikr) IepiAnyn

Loss over epochs Generalization gap (train_loss — test_loss)

08
0.6 i
N

—— Standard Dropout - train 0.4
Standard Dropout - test o ( —— Standard Dropout

—— Y-drop - train 8 Y-drop

...... Y-drop - test 0.2

0.0

0 50 100 150 200 250 300 0 50 100 150 200 250 300
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Ewkova 1. Kaumnuieg g ovvdptnong wootoug oto ouvofo ekmaidevong kat altojoynong
oto ViT-Tiny oto CIFAR-100 ue xprjon Dropout ouykpuika pe Generalized Y-drop (apiotepd :
TPAayuatikés T kat ylia g 6vo exteféoerg, 6e€ia: Sragopa ustalu exkmaibevong kar alo-
Aoynong kat ya tg 6vo extecoeig).

Endoyn token kat Layer Normalization Xe autr) v evotnta agiodoyoupe §Uo oxeda-
OTIKEG €TTIAOYEG Yia TV edappoyr) g pebodou ot Vits, () ) Xpr)on AMOKAEIOTIKA TV TIHOV
ayeypottag kootoug tou [CLS] token €vavtt tou pécou 0pou oAev tev tokens kat (i) u-
MOAOY10H0G TG AY®YIHOTtag KOotoug mptv 11 peta to Layer Normalization, pe otdoxo tov

EVIOIMIONO TRV KATAAANAGTEPGOV pubpicewv.

IMivakag 6. Axpi6eia ovvoiou alloAdynong (%) oto povigio ViT-Tiny ota ocvvoda CIFAR-100
kat CIFAR-10 ypnowonowvtag Generalized Y-drop pe 61a@opetikeég otpainyikeg entiloyng
tokens, Seiyvovtag tov Uéoo Opo Kat v twnkn anokiion yia 5 extefléoelg. To AY-drop sivai
n andAvn adfayn oe oyéon ue to Dropout.

ViT-Tiny

M£6060og CIFAR-100 CIFAR-10

AxpiBela AY-drop AxpiBela AY-drop

Dropout 68.08 = 0.34 - 91.91 + 0.32 -

G. Y-drop Kootoug Méoog 6pog Mapkewv  68.46 + 0.30 +0.38 92.25+0.17 +0.34
G. Y-drop Kootoug [CLS] Mapka 68.55 + 0.28 +0.47 92.34 + 0.22 +0.43

Ta anotedéopata deixvouv 011 0 PECOG 0pog OAwv TV tokens odnyel oe yapnAotepesg
emdooelg oe oxéon pe ) xpron povo g [CLS]. To svpnpa autd owmpilet v unodbeon
OTl 1] TTAOUO10TEPT Kal 1o Stadoporopévn Katavourn tpov oy [CLS] token, eivat o
AVTITPOOWMITEVTIKO ONHd ONHAvIKOINTag, €ve ta urnolouna tokens evoopatdvouv KUping

TorKy TMAnpogopia mou dev sivat mavia XProtn yida 10V GUVOAIKO OTOXO.
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0.4.2 Armotedéopata

IMivarag 7. Axpi6sia ovvoiou atofoynong (%) oto povtéfo ViT-Tiny ota ovvoida CIFAR-100
wkat CIFAR-10 ypnowomnowvtag Generalized Y-drop pe ayoyudtnia KOotoug umoAoylopeun
mpw 1 peta o Layer Normalization, deiyvovtag tov péoo 0po kat v tmiky anokiion yia 5
exteféoeig. To AY-drop sivar n anoflutn aifayr o oxéon ue 1o Dropout.

ViT-Tiny

Mé£6odog CIFAR-100 CIFAR-10

AxpiBela AY-drop AxpiBela AY-drop

Dropout 68.08 + 0.34 - 91.91 + 0.32 -
G. Y-drop petd Norm 68.46 + 0.30 +0.38 92.25 £ 0.17 +0.34
G. Y-drop riptv Norm 68.36 + 0.36 +0.28 92.27 + 0.33 +0.36

G. Y-drop kootoug peta Norm  68.55 + 0.28 +0.47 92.34 £ 0.22 +0.43
G. Y-drop kootoug riptv Norm 68.85 + 0.06 +0.77 92.38 + 0.19 +0.47

Aro v dAAn pe ayeoypdtnta Kootoug ot ermdooelg PeAtiwvovial otav v urodoyidoupie
nipwv 1o Layer Normalization. Zuvenowg agpalpwvtag v rAnpogopia aro to skip connection

naipvoupe Kabapotepn EKTIPNOT TG onpaciag yla Kabe veupova tou ermmnedou.

Me Bdon autd ta anotedéopata, 6Aa ta UTOAoUTa Melpdpaia pe petacynpatioteg Sa
yivouv pe xprion ayoympointa kootoug tou [CLS] token umoloyiopévn mpwv 1o Layer Nor-

malization.

Emppon uvnep napapétpov Kdavoupe nelpduata mou e§etadoupe v enibpaon Bacikmv
unep-rapap€tpev g pebodou. Tuykekpipéva, pedetape: (i) v elasticity, dote va agiodo-
ynOel n evaiobnoia g pebdG6oU otov PUBIO aAdayng Tou KivnTou PECOU 0pou, (ii) Tov anne-
aling factor, yia va ripoo6ioptiotet ote ot TG ayRYIHOTNTAg KOOTOUG Yivovial ouoiddelg Kat
note eivat okormun n evepyornoinon g pebodou, (iii) tov ap1Bno srakpteov PNPATeV Ngteps
Kat (iv) ap1Buo deypat®v Nsamples Y14 UTTOAOYI0U0 NG HETPIKNG AVA EVIIEPWOT] OTE va O1e-
peuvnOel av £vag Imo ASMIOPEPTS 1] TTI0 AVILTPOORKITEVUTIKOG 0TO gUVoAo Sedopévav avtiotorxa

UTIOAOY10110G TG PETPIKIG PETAPPALETal 0 0UOLA0TIKO KEPHOG artodoong.

e Elasticity: Eite Sutdaociddovtag 1) urno Suthaociadoviag tv T apXiky tipr tou 0.01
Oev ennpeddel oUOIAOTIKA TA ATIOTEAEOPATA, YEYOVOG TOU UTodnAcvel ott n peébodog
elval avOeKTIKY] ®G P0G AUTH TV UMEP-TIAPAHETPO KAl 1] EMMAOYH H1lag oroladnrote

HKpNg Tung sivat Sepury.
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IIivarag 8. Axpi6eia ovvoiou aloAdynong (%) oto poviéio ViT-Tiny oto ovvofo CIFAR-100
ywa Y-drop ue Siapopetikeg tusg Elasticity. (uéoog opog + tumukn anokiion yia 5 extefléoeig).
To AY-drop eivar n anodvin aidayn oe oxéon ue to Dropout.

ViT-Tiny (CIFAR-100)

M£6060g AxpiBela AY-drop

Dropout 68.08 + 0.34 -

Elasticity a=0.005 68.77 + 0.39 +0.69
Elasticity a=0.01 68.85 £+ 0.06 +0.77
Elasticity a=0.02 68.83 + 0.46 +0.75

e Annealing factor: Ta arnoteAéopata £6e1§av nwg apyr) evepyoroinor(petd 1o 20% g
ekmnaibevong) peldvel atodntd ta KEPSN, unodeikvyoviag ot 1 cUPBoAr g pebodou
ota ipota otadia eivat kpiowan. IapdAAnda, n evepyoroinon ano v apxr g eKa-
16evong e§akoAoubei va amodibel, wotdoo Ta KAAUTepa aArotedéopata mapatnpouvidal
e evepyoroinorn oto 5%, omou divetatl oUVIopog XPOvog T0 HOVIEAO va otabepororoet

APXIKEG AVATIAPACTACELS KAl VA AITOKTINOEl 0Uo1OdNG TIHEG AYy@YTOTNTAS KOOTOUG.

IMivarag 9. Axpi6eia ovvofou aloAdynong (%) oto poviéio ViT-Tiny oto ovvojo CIFAR-100
yia Y-drop pe diagopetikég tueg annealing factor. (uéoog 0pog + tumikn anoxjon yia 5
exteféoeig). To AY-drop sivar n anofuvtn adiayn os oyéon pue 1o Dropout.

ViT-Tiny (CIFAR-100)

M£6obdog AxpiBeia AY-drop

Dropout 68.08 + 0.34 -

Ann. Factor K=0(%) 68.89 + 0.30 +0.81
Ann. Factor K=5(%) 68.92 + 0.25 +0.84
Ann. Factor K=10(%) 68.85 + 0.06 +0.77
Ann. Factor K=20(%) 68.45 + 0.28 +0.37
Ann. Factor K=50(%) 68.37 + 0.22 +0.29

® Ngieps: [lapatnpoupe nwg n pelwon tov Slakptdv onpuatev oe 0X£0n He TV apXiKi)
T (5) 0dnyel oe onpavukn peioon twv kepdwv. Ao v dAAn n audnon odnyel oe
0p1aKY] augnor tng emnidoong, KATL IIOU ®OTOC0 CUVOUALETAl e CNIAVIIKT] augnorn ToU
UTIOAOY10TIKOU KOOTOUG. LUVETI®G, Td 5 Brjpata armotedouv 1Kavoroutiko oupbiBaciio

petady akpiBelag UTOAOY100U KAl KOOTOUG.
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0.4.2 Armotedéopata

IMivarag 10. ArpiBecia ovvodou aflofoynong (%) oto poviédo ViT-Tiny oto ovvofo CIFAR-
100 yia Y-drop ue 61a@OQETKES TIUES Ngteps. (LETOG 0POC + TUTLKY) anokion yia 5 extefléoeig).
To AY-drop givar n andoAvin aidayr oe oxéon ue 1o Dropout.

ViT-Tiny (CIFAR-100)

Mé£6obog AxpiBela AY-drop
Dropout 68.08 + 0.34 -
Neteps=2 ~ 68.35 +0.28  +0.27
Neeps=3 ~ 68.53 £0.14  +0.45
Nsteps =D 68.85 + 0.06 +0.77
Ngteps=10  68.90 + 0.21 +0.82
Ngteps=20  68.92 + 0.27 +0.84

® Tgamples: 110pATNPOUNE TIOG UITAPXEL OAPIG OUOXETION HETASY MEPIO0OTEPRDV SElyAT®V

Kadl KAAUTeEPNG arodoorng, YEYOvOg TTou HeiXVEL OTL 0 PE0OG OPOG AY®YHOTNTAG KOOTOUG

Xpetadetal katdAAnAa peyddo apibpo 6edopévav yia va ival avilrpooRMEUTIKOG TOU

ouvoAou 6edopévav Kat va Seixvel TTO101 VEUPHOVES ival TIPAYILATIKA Ol ONLAVIIKOTEPOL.

Q01600 OTKOG KAl HE TA Msteps » TO KOOTOG AUSAVETAL CNUAVIIKA Pe aU§non TOV Neamples

replopidoviag tnv MPAKTIKY aglonoinorn v BeAttwpévav ermbooewmy.

IMivarag 11. Arpi6eia ovvofou alofoynong (%) oto povtéAo ViT-Tiny oto ovvofo CIFAR-100
yia Y-drop pe 61aQOpetikeS TIUES Nsamples- (MECOS OpPOC + UKy andkjion yia 5 ektefléoeig).
To AY-drop givar n andAviny aidayr oe oxéon ue 1o Dropout.

ViT-Tiny (CIFAR-100)

M£6060g AxpiBela AY-drop
Dropout 68.08 + 0.34 -
Nsamples = 26 68.64 £ 0.17 +0.56
Nsamples = 51 68.85 + 0.06 +0.77
Nsamples = 102 68.98 + 0.23 +0.90
Neamples = 204  69.26 + 0.34  +1.18

IIpoonaOeleg Peidong KOOTOUG Y& aQUTH TV evoTrta a§loAoyoUe OTPATNYIKEG PEIOOTG

TOU UTIOAOY10TIKOU KOOTOUG PECK AYOTEP®OV UTTOAOYIOPOV TG AYDYIHOTNTAS KOOTOUG.

¢ IIPpOwPOG TEPRATIOROG : TTAPATIPOUHE MG 000 VRPItEPA yivetal tTeppatiopog g pe-

9660u 1600 pewwveTal Kat 1o KEPSH0G oty akpiBela, e PeyaAutepn OO OTaV AMANG

dratnpouvial otabepég o1 Bavotnteg dropout tng tedeutaiag evnpép®ong, o OUYKPL-

on pe v emotpodr) oe kKAaoko dropout. To anotédeopa uvnodndavetl ot 11 1EB0dog

apapével XpHotun o 0An 1 S1apKela g eKNAibeuong Kat OTl 1] OXETIKI] ONPAVTL-

KOTTA TOV VEUPOVOV oUveXilel va petaBardetal, Kablotodviag avayKaieg eEVIEPWOELS

Kal o petayevéotepa otadia.
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IMivarag 12. Axpi6eia ovvodou aflofoynong (%) (%) oro poviéfo ViT-Tiny oto ovvoio CIFAR-
100 yia to Generalized Y-drop pe 51a@OpETES OTPATNYUIKES TPOWPOU TEPUATIOUOU. (UETOG 0POG
+ wniky anokAon yia 5 exteféoerg). To AY-drop eivar n anoduin afddayn oe oxéon ue 1o
Dropout.

ViT-Tiny (CIFAR-100)

M£Oobog AxpiBela AY-drop
Dropout 68.08 + 0.34 -

G. Y-drop 50(%) skniaidsuong, 1edog evinuepnoenv  68.26 + 0.28 +0.16
G. Y-drop 50(%) exkniaidsuong peta dropout 68.35 + 0.19 +0.27
G. Y-drop 75(%) exkniaidsuong, 1edog evnuepwoenv  68.47 + 0.28 +0.39
G. Y-drop 75(%) ekniaidsuong peta dropout 68.62 + 0.19 +0.54
G. Y-drop 100(%) eknaidsuong 68.85 + 0.06 +0.77

o Apaldtepeg eVPEPOOELS ¢ Meyalwvoviag to didotnpa eviuépmong KaboAn v 81ap-
KE1a G EKMAIBEUoN§ PEIOVEL ONPavVIIKA T1G £TdO0elg HelXVOVTIAG OTL £lval ONIAVTIKY)
1] TAKTIKL) avaveémor) TV TIHOV. Avtifeta, n mapaddayn e npoypapiatiopévy) augnon
Tou dractpatog rapapével dlaitepa aviaywviotiky. Ewdika otav to diactnpa auvdave-
Tatr oe 6U0 onpela g eKmaideuong, €mMTUYXAVEL TAPOIIOIEG EMOOO0EIS PE TNV AL PN
pébobdo, anartmwviag rnepirtou 40% AlyOTEPOUG UOAOYIOHOUS Ay®ylHOTNTag KOOTOUG.
To eUpnpa autod evioyuet v unoOeor) 0Tl 0 PUBPOG PETABOANG TV OXETIKAOV TIHQV TG
HEIPIKIG PEIWVETAL O PETayevEoTEPA otdd1a Kat avoiyetl tov Spopo yia pebodoug mou

HITOPOUV va METUXOUV £6100U KAAA AMOTEAEOIATA Y1d TIOAU PKPOTEPO KOOTOG.

Mivakag 13. Axpi6cia ovvoiou aoAdynong (%) oto poviédo ViT-Tiny oto ovvofo CIFAR-
100 yia 1o Generalized Y-drop pe otpainyikég apatdtepmv EVNUEQPDOEDV. (LECOS OPOG + TUTLIKT
anoxion yia 5 exteféoeig). To AY-drop sivar n anoiuvtn aidiayn og oxeon ue 1o Dropout.

ViT-Tiny (CIFAR-100)

M¢0Oobog AxpiBela AY-drop
Dropout 68.08 + 0.34 -

G. Y-drop &iaotnpa 1 68.85 + 0.06 +0.77
G. Y-drop dwaotnpa 2 68.48 + 0.32 +0.40
G. Y-drop &waotnpa 5 68.30 + 0.37 +0.22

G. Y-drop pe npoypappa nyp=1  68.65 + 0.22 +0.57
G. Y-drop pe nmpoypappa =2 68.79 + 0.17  +0.71

Imagenet,McyaAutepor Metaoxnpatiotég Kat enaugnon 8edopévev IIpaypartoror-
joape MEPAPATA OTO IT0 ATTAlTIKO oUvodo Sedopévav ImageNet-1Kk, ypnotpornoioviag
peyadutepa VIT poviéda (ViT-Small kat ViT-Base), j1e otoxo va a§lodoynBei n Bioopouma
¢ peBodou oe HuokoAotepeg ouvOnKeg eknaidbeuong. Kat otg 6o neputtioeig, 1o Genera-
lized Y-drop obrjynoe oe Bedtiopévn anodoor oe oxéon pe to ando dropout, deixvoviag ot

1a 0p€AnN Tou Sratnpouvial Kat og peyaAutepa Peyed.
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IMivarag 14. Awxpi6eia ovvofou aofloynong (%) oe ueyadviepa poviéda ViT oto ovvodo
ImageNet. (uéoog opog + twmniky andkAwon yia 3 ekteféoeg). To AY-drop eivar n andiuvin
affayn oe oyéon ue 1o Dropout.

ImageNet

M£6060g ViT — Small ViT — Base

AxpiBela AY-drop AxpiBela AY-drop

Dropout 76.3 = 0.26 - 76.14 + 0.32 -
Drop-Path 74.51 £ 0.16 -1.79 73.93 + 0.18 -2.11

G.Y-drop 76.79 £+0.21 +0.49 76.70+0.20 + 0.56

Erurmdéov, edetacape 1 oupBatdtnua g pebodou oe ouvOnkeg éviovng erauvinong Oe-
Sopévav, N0 TTEPAPATOV 08 apX1TeKTOVIKEG DeiT. e autnv v apX1TeKTOVIKT], T0 KAAOIKO
dropout ouvrBwg avtikabiotatat aro Drop-Path, kabmg autd mpoodpépel kKadutepa arote-
Aéopata, @OTO0O0 ival onuaviko va eAéyioupe av n BeAtwpévn pag ekboxr) HUIopet va to
Senepdoel Ta apyka nepdpata dev frav evBappuvuka pe v eknaibevon pe Generali-
zed Y-drop 1 pe dropout va unoAeinetat onpaviikd tou Drop-Path oto DeiT-Tiny, eve oto
DeiT-Base ntapatnprOnke akopn Kat arotuyia ouykAlong. Auto 1o anotéAeopa odnynoes os

avukataotaon g pebodou pe 1o avgavopevo Generalized Y-drop.

Iivakag 15. Arpi6eia ovvoiou aflofdynong (%) oto poviéio DeiT oto ovvoo ImageNet e
xenon avavousvou Generalized Y-drop. (uéoog 0pog + tumiky anokjion yia 3 extefcoeig).
To AY-drop sivar n andAvin aidayr oe oxéon ue 1o Drop-Path.

ImageNet

Mé£6060g DeiT - Tiny DeiT — Base

AxpiBela AY-drop AxpiBela AY-drop

Drop-Path 72.00 = 0.34 - 81.79 + 0.34 -

Autavopevo Dropout 72.02 £ 0.09 0.02 80.92 + 0.07 -0.87
Augavopevo G. Y-drop 72.38 + 0.26 +0.38 80.95 + 0.03 -0.84

[Tapdédo mou n addayrn aut 1Tav IO AVIAY®VIOTIKY], 1€ eAapprg KaAUTepeg emdO0Elg
arno 1o Drop-Path oto DeiT-Tiny, oto peyadutepo DeiT-Base rtav aiobnta katotepo. Auvtd
ta arotedéopata emBeBaidvouv 1a suprpata nmoAlev dnpootevoewv [50] g UTo 10XUPT
enauinorn Sedopévav, 1o nepdnplo Pedtinong and erurdéov regularization pewwvetat 1 a-
Kopa yivetat apvnukd. Qg anotédsopa 1 nriotepn popedr Kavovikoroinong tou Drop-Path

givat rmo arnotedeopatikr arno to Augavopevo Generalized Y-drop.

0.4.3 AvdAuon Ayeylpotntag Kootoug

Y& auTr] TV evotta £6eTAOULIE 10 AVAAUTIKA TV ayeyipota kootoug. Edetdaloupe v
£CEAET NG Katd v eknaibeuorn (010 0UVOAO eKMAiSeUONGg) KAl T POPdr] TS OT0 TEAOG NG

(oto ouvolo a&loddynong), MOTe va CUYKPIVOURE T CUHIEPIPOPA TNG OTAV XPTOTH0IolEiTtal
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Kepdalato 0. Extetapévn) EAAnvikr) IepiAnyn

Generalized Y-drop évavu tou kAaowkou dropout. EmumAéov, cuykpivoupe ta potiBa mou
epgavioviat oe povieda pe S1apopetikeg mdOoelg Katl pubpioeslg ekraidsuong kat erdooelg
(6Aa ViT-Tiny oto CIFAR-100), kat o dapopetikd BAaOn g apXiteKIOVIKNAG, HE OTOX0 va
eCayxBouv oupriepdopata yia 10 Tt AroTUIIMVEL 1] UEIPIKT), Tt urodnAwvel yia t Asttoupyia

TOU d1KTUOU Kat mBavoug MePLOPIoHOUS TG TPEXoUoas popodrg tou Generalized Y-drop.

Ayoypotnta KOOTOUg KAtd TNV eKnaideuon e srmleypéveg emoxEg g exraibeuong
unodoyioupe, yla moAlarmdda batches tou ouvodou eknaibeuong, ) péon ayoylpotta
KOOTOUG avd veupova (xprotporoiwviag povo to token [CLS]). Aro tig tipég autég e§ayou-
He, yia kdBe veupova, 1 péon tun kai ) Siaomopd ava ta batches, mou ovopddoupe
draoropa-enoyxrg (within-epoch variance).

Ye kO eminedo umodoyidoupe, e XPHon TOV PEOOV TIHOV TOV VEUPWVOV TOU, SeiKteg
KATAVOUNS TOV TIHOV PETady tov veupavav (Staoropd, IQR kat deiktn Gini), wote va e-
KTIPI)OOUPE TTO00 AVIod KATAVELETAL I OUVEISHOPA OTt0 Kootog ava ertinedo. I[Tapaldnla,
unoAoyioupie T péon 61a0ToPA-€moXNg ava eminedo, MOTE va AMOTUNI®OOUHE TTO00 HETA-

BdaAAetal, katd PEco 6po, 1) CUVEICPOPA KABE veupwva PETady dlapopetikwv Setypdtmy.

block_011_layer_02 - Interquartile Range Evolution Comparison block_007_layer_03 - Conductance Variance Evolution Comparison
1e-6

—e— Dropout 3.0{ —e— Dropout
Y-drop Y-drop
00008
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(a) IQR (B") Awaomopa

block_006_layer_02 - Gini Coefficient Evolution Comparison block_003_layer_01 - Within-Epoch Variance Evolution Comparison (Layer-Averaged)
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Ewodva 2. Interquartile range, 6iaonopa, Gini coefficient kar dtaomopd €moxng NG aywyl-
uottag kootoug o Saagopa cnineda kata v Owdpkela me eknaidevong. Zuykpion Dropout
evavtiov Generalized Y-drop.

Ye 6Aeg TG mapandve HEIPIKEG, TO Poviedo rou sknaidevetal pe Generalized Y-drop
eppavidel xapnAdtepeg TIHEG OTO PEYAAUTEPO HEPOG TG eKmaibeuong oe ox€on He To po-
vtédo pe dropout oe 6Aa oxedov ta emineda. To evpnpa autd unodnAwvel ot 1 pebodog
odnyel oe 1o 101 KAl OPOIOPOPPI KATAVOUL] THS OUVEIOPOPAS HETASU VEUPWVOV Katl Sety-

pdtev, neplopidoviag v Kuplapyia KoV UTIOORAd®Vv VEUP®VOV KAl AITOTPETIOVIAS TV
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0.4.3 AvdAuon Ayeypotntag Kootoug

urep-e&e1dikevorn oe YopuBmO XAPAKINPIOTIKA CUYKEKPTHEVOV SEIYPAT®V, TIPOG OPEAOG TT1O

VEVIKEUOTI®V AVATIAPACTACERDV.

Ayoypdétnta K60otoug oto oUvodo aflodoynong Yroloyidoupe, yia rmirpwg eknaideu-
péva poviéda, ) PEOT ay@ylotnta KOoToug avd veupaova yia 6Ao ouvodo agloddynong (yia
KABe detypa xpnowponolovpe 10 abBpotopa 0Awv tev token). ITapouociddoupe to abBpoiopa
TV TIHOV avd erminedo Kat CUYKPIVOUPE TV KATAVOHT] TOU PETay NOVIEA@V EKMTAISEUPEVOV
pe dropout ka1 pe Generalized Y-drop.

IMapatnpeital éva Xapakinplotiko potiBo: 1o poviédo pe Generalized Y-drop (rou ert-
TUYXAvel Kal upndotepn akpiBela) epgpavidel vpndotepeg Setikeg TEG ota mpeTa ertineda,
eve ota Pabutepa emineda epdavidel o apvnukeg (XapnAotepeg) TIHEG O OXEOTN HE TO HO-
Vtedo mou ekmnadevutnKe pe anio dropout. Apyikd Sewprjoape newg 1o potiBo va arotelet
apevePyela, eite A0yw SopuBou oe NeTpikeg Paoiopéveg os KAlon e161ka o Pabutepeg apyi-
TEKTOVIKEG, £lte AOY® €mMAOYOV OTIG 1) Xpron tou token [CLS] ota powpa ermineda.

Ia va emBeBaiwooupie 11 va Katappiyoupe tig urnobeoelg pag Kat va §nyrnooupe 1o

potiBo kavoupe ta £8rg melpapatd.

e Tpatov, cuykpivape 6Uo poviéda Generalized Y-drop pe 81aQOpetiKO Noqumeg: 1O
poviédo pe meploodtepa delypata ava evnpépworn (kat kadutepn emniboon) epddvioe
10 1610 potiBo eviovotepa, yeEYovog TTOU aroSuvap®vel v unobeon OTL IPOKeTAl yia

tuxaio 96pubo.

e AeuUtepov, avukataotrjoape 1o Generalized Y-drop ota npota enineda pe amdo dro-
pout. Ilepilopidoviag ) p€Bodo ota tedeutaia 6 blocks ermtuyxavoupe mapopola TeAKT)
akpiBela pe Vv epappoyr) g o€ 0A0 10 SIKTUOo, KATL TTOU delyvel 0TL 1 KUpa emibpaon

g pebodou evionidetat ota Babutepa blocks.

IMivarag 16. ArpiBecia ovvodou alofoynong (%) oto poviédo ViT-Tiny oto ovvofo CIFAR-
100 omou 10 Generalized Y-drop xpnowonowitar ota teflutaia povo UTAokg eve ta mpota
xenowotnoouv dropout.(uecog 0pog + tniky anokAon yia 5 ektefcoerg). To AY-drop eivar n
anoAvmn adfayn oe oxeon ue to Dropout.

ViT-Tiny (CIFAR-100)

M¢0Oobog AxpiBela AY-drop
Dropout 68.08 + 0.34 -

G. Y-drop teAutaia 3 pmAokg 68.61 + 0.34 +0.53
G. Y-drop teAutaia 6 pmAokg 68.78 + 0.24 +0.70
G. Y-drop teAutaia 10 pridokg 68.73 + 0.32 +0.65
G. Y-drop 12(0Aa) pridokg 68.85 + 0.06 +0.77
G. Y-drop 12(6Aa) prdokg,ota nipwta 2 pécog opog tokens  68.60 + 0.47 +0.52

Qotoo0, 10 potiBo ota abpoiopata ay®ylpotntag KOOToug Mapapével Kal otd Ipota
ertineda, urode1kvyuoviag 0Tt OXETIETAL 1€ T OUVOALKY] €rTi600T TOU POVIEAOU KAl OX1

pe averubunntn napevépyela tou Generalized Y-drop.
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KegpdAato 0. Extetapévn EAAnvikr IlepiAnyn

sum across layers.

sum - Method Difference

eris better

sum (low

e e

(a") ASpowoua Aywydtntag kootoug - Dropout e-
vavtiov Generalized Y-drop povo ota tefevtaia (B") Adporoua Aywywodmntag kootoug - Atagopd
6 blocks avapeoa ot eKTEAE0ELS

Ewkova 3. '‘Adpoioua g peong aywiyuotniag kOotoug ava veupwva o€ kade eminedo yia
ofokAnpo to ovvofo aofoynong os kade eminebo. Zvuykpion Dropout svavtiov Generalized
Y-drop povo ota teflevtaia 6 blocks.

To napandve napouoladouv avaloyieg pe eupnpata ano ) petpikn Intrinsic Dimension, 1
ortola eKTIPA TOV €Adx10To ap1lBpo §1a0Tdoermv MOU analtouvidl yia va reptypadel éva ouvo-
Ao tpov, oty nepimwon pag n £§06og evog ermrebou. 'Exet mapatpnbel ou n intrinsic
dimension au&avetat ota npota erineda, orou 1o SiKTUo «erexkteiver kat avalntd xapa-
Ktnplotika (encoder-like ermimeda), eve peldveratl ota Babutepa emineda, omou diatnpel Kat
OUMITIECEL POVO TNV artapaitntn mAnpogopia yia v tedikn anodaor (decoder-like emineda).

ErumA¢ov, oe poviéda uynAdtepng anoboong n CUPIEPIPOPA AUTH TEIVEL va €ival EVIOVOTEPT)

Intrinsic Dimension Across Layers Layer-by-Layer Difference
(Should decrease with depth) Green = Y-drop better

) —e— Dropout

1 ¢ #- Y.drop

Dropout mean: 7.93
Y-drop mean: 7.92

0.8

0.6

0.4

0.2

Intrinsic Dimension
®

0.0

Difference (Y-drop - Dropout)

0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35
Layer Index Layer Index

Ewkova 4. Intrinsic Dimension: Xvuykpion Dropout svavtiov Generalized Y-drop.

Avtiotolxa n Stagpopa ocupEPIPopd NG AYOYIHOTNTAS KOOTOUG ot dradopetika Bdadn
propet va e§nynOet pe Pdon auty v S1aPpopetiky CUPIEPIPOPd TV POVIEARDV. Lta rpoid,
encoder-like emineda, ot veupwveg 6ev 0dnyouv dpeoa oe Pel®on g ouvApTong KOOToUG
otav e§etadovial aropovePEVol aro Tto uroAotro §iktuo, pe anotédecpa va spgavidovrat
MEPLO00TEPO JETIKEG TIEG, O1 OI0ieg Ot IO KAAUTEPA HOVIEAA eivatl o aunpéveg Kabwg
npaypatornoteitatl Babutepn avadninon xapakimplotkev. AvtiBeta, ota Babutepa, decoder-
like emineda, o1 veupaveg cuvdeovial mo Apeoa pe ) HEI®On ToU KOOToUug Kat epgavi¢ouv
APVNTIKEG TIPEG, O1 OTTIOIEG Yivovial IT0 £VIOVEG OTa KAAUTEPA POVIEAd.

H napanave epunveia e€nyet kat yuati to Generalized Y-drop éxet 1oxupotepn emidpaon

ota Babutepa ermineba: n avabeon audnuévou dropout o VeEUp®VEG 1€ TIOAU APVITIKT AYR-

m Diploma Thesis



0.5 Zupnepdaopata

ypotnta k6otoug ouvdéstal apeoa pe ) Aettoupyia tov decoder-like blocks. ITapdAAnAa,

UTIOOE1IKVUEL OTL Oota MPWTa ermineda eviExetal va anartouvial eVaAAAKTIKEG OTPATNYIKEG 1

nImotepn epappoyr) g pebodou.

0.5 Zupnepaopata

Ye autn v epyaocia PeAtidoape Katl enekteivape myv teXViky Y-drop, avadsikvuoviag
Baowkég abuvapieg g Kat mpoteivoviag otoxeupéveg Avoelg. Eloayoupe to Generalized Y-
drop, 1o omoio Xpnotponotet ardornotnpévn avadeorn rmbavotnev dropout péon twv Ranking
Rates, peiovoviag onpaviika v avaykrn pubpiong unep-napapeétpev Kat §1eUKoAuvoviag
NV £QAPHOYT] TOU O S1APOPETIKEG APYITEKTOVIKEG.

Kevipikr) ouvelopopd arotedel 1 ay@yiiotnta KOoToug, P véd mapadAdayr] g aywoyl-
pontag mou uroloyidel ) ouvelshopd TV VEUP®OVAV OG IIPOG T OUVAPTN 0N KOOTOUG avti
ya v tedikr mpoBAeyn. Autn, 1 mo subuypappiopévi) pe 1o otoxo BeAtiotornoinong,
HETPIKN 081ynoe og 10XUpOTEPT Kavovikoroinon onou 1o Generalized Y-drop avaB&tovrag
aunpuéveg rubavotnteg dropout o veup@veg IIOU CUVEEOVTAL HE £VIOVH PEI®OT TOU KOOTOUG
010 0UVOAOo ekTaibeuong, PoKalel augnuévn tedikr akpibela, replopidet tyv ekpabnon So-
pUBdwV NotiBrv Katl MPOAyEt o Opo1OPoPd KATAVOUT] OUVEIG(POPAS PETASU TOV VEUPOVGAV
evog ermreédou oe meploootepa Setypata.

Alartiotwoape ot 1 1EO060G TTapapével XpHotpn o 0Ad ta otddia g eknaidsuong Krat
ot ene@eleital anod peyadutepo apBpd deypdiev avd evnpépnor), Xopig va arattel kat’
avaykn 1o Asmtopepn (Kat arkpiBotepo) UMOAOYIORO NG HPEIPKYG. ErmummAéov, ta képON
otV teAkn anodoorn Siatnpouvial Kat o€ PEYAAUTEPEG APXITEKTOVIKEG KA1 OF TT10 ATIATTTIKA
ouvoAa 6edopévav.

[Tpoteivape emiong mpooappoyeg edka yia Metaoxnpatioteg 0pacelg yia va HeyLoto-
TO1)COUE TO TEAIKO KEPSOG Katl adlodoyrjoape tr 1EB0do uro ouvOnKeg £viovng ermavinong
6edopévav, 6rou, 6nwg Kat 1o KAacowko dropout, n enidpaoct) tng eppavidetal rmePoPIoPEVT).

IMapdadAnla, e€etdoape otpAtYIKEG PEI®ONG KOOTOUG KAl KATAANSAHE O P IPoypap-
patopévn 1€0odo, n omoia ekpetaddevetal 1OV PKPOTEPO PUOBNO aAAayng g HEIPIKNAG
og petayeveéotepa otadla Orou Kat apaiovel 1o Sidotnua petaiy evnuepiosmv tov rmbavo-
eV dropout, EMTUYXAVOVIAg CUYKPIOTHIEG ETTIBO0EIS PE ONIIAVIIKA PMIKPOTEPO UTTOAOY10TIKO
KOOTOG.

TéAog, paypatonowjoape Babutepn avdAuon g Ayoylpotntag KOotoug, avadelkvio-
Viag Kal e§nywviag 1 81agopetiky) cUPIep1popd tng ota mpadtpa £vavit v Pabutepwv
emnedmv, Kabwg Kat 1o yeyovog ot 1o Generalized Y-drop eivat mo katdAAnAo kat amnote-
Aeopatiko Kupiwg ota Babutepa TPNPATA TOU S1KTUOU.

ZUVvoAkd, 1 epyaocia aut) oupBdldAel otV avAITudn aroteAeOPATIKOTEP®Y OXNUATOV
Kavovikoroinong rnou Baci{ovial oe onpata anodoong, 1000 PEow g PeAtinong tou Y-drop
000 KAl PEOW® TNG E10AYRYNG TS AYDYIROTNTAS KOOTOUG 1A VEAS HETPIKAG TTOU EIMTPETEL

AKPIBECTEPT] AVAYVAPIOT CNHIAVIIKOV VEUPOVROV (G ITPOG TOV EKTIAOEUTIKO OTO)O.
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Chapter ﬂ

Introduction

1.1 Motivation

In recent years, machine learning and in particular its subfield deep learning, has
achieved major breakthroughs across a wide range of tasks and data modalities, often
surpassing traditional statistical models while eliminating the need for manual feature
engineering [9, 10]. To achieve these impressive performances required models to scale
substantially in depth, width, and architectural complexity, making interpreting how
these models operate internally and understanding how they arrive at their final pre-
dictions increasingly difficult. This has resulted in deep neural networks functioning
as black boxes [11], creating ethical dilemmas especially in critical fields like healthcare
and automated vehicles where trust, transparency, fairness, robustness and regulatory
compliance are essential [28, 29].

To address this issue, many works have emerged under the umbrella of Explainability
Metrics, within the broader field of Explainable Artificial Intelligence (XAI), that try to
provide insight into the decision-making process of deep learning. Among them, a promi-
nent subfield is attribution methods, which assign importance scores to elements such as
input features, neurons, layers, or learned representations, indicating their contribution
to the model’s output in a way humans can interpret.

While attribution metrics and XAI in general were developed originally to improve
the interpretability of models, they can also serve as levers to change and improve that
behaviour. Many methods have been used for data debugging to improve the quality of
the dataset using feedback from the model [51, 52, 53] or model compression and pruning
to create smaller, more efficient networks with faster inference [54, 55, 56, 57].

Another promising but comparatively underexplored direction is injecting attribution
feedback during training to steer optimization by penalizing undesirable behaviors or re-
warding desirable ones. A successful example of such a method is Y-drop [8], which uses
the Conductance attribution metric [12] to dynamically adjust neuron dropout rates based
on their contribution to the model’s prediction. Following the insights of other dynamic
dropout rate assignment methods like Standout [58], it showcased that assigning higher
dropout probabilities to neurons deemed most influential according to Conductance im-
proves regularization and final performance compared to standard dropout across several

Convolutional Neural Network (CNN) architectures and datasets.
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Chapter 1. Introduction

Despite its reported benefits, the original Y-drop framework exhibits several limita-
tions that restrict its practicality and scalability. First, the dropout rate assignment
mechanism requires tuning a large amount of hyperparameters and introduces various
forms of noise and dropout rate clipping. This makes hyperparameter optimization a
significant challenge, especially when integrating it in new architectures that requires
a different hyperparameter balance and makes comparison with other drop-based reg-
ularizations difficult. Furthermore, Y-drop does not fully exploit the granularity of the
attribution signal, as neurons are grouped into only two discrete buckets rather than
being treated according to their relative importance. Conductance itself also may not be
an optimal metric as its importance does not directly align with the training objective
and neurons negatively guiding predictions may also be considered important. Finally,
the method substantially increases the training computational cost as an additional for-
ward-backward pass is required to calculate Conductance at every training iteration.

In this thesis, we address these limitations by proposing Generalized Y-drop, a simpli-
fied and more flexible dynamic dropout framework that is easier to apply across architec-
tures and requires significantly less hyperparameter tuning. We introduce and evaluate
alternative dropout rate assignment strategies that rely on relative neuron importance,
demonstrating consistent performance gains across both CNNs and Vision Transformer
architecture. Central to this work is the introduction of Loss Conductance, a novel refor-
mulation of the Conductance metric that attributes neuron importance with respect to the
training loss rather than the final prediction. This more objective aligned metric achieves
increased regularization capabilities compared to the standard Conductance. Addition-
ally, we evaluate several proposed computationally cheaper Generalized Y-drop variants,
showcasing that through an appropriate scheduled dropout-rate update frequency strat-
egy the method can achieve comparable performance while significantly reducing the
additional computational cost.

Throughout this work, we conduct extensive empirical analyses to identify the sources
of performance gains, introduce Transformer specific modifications to maximize effective-
ness and examine the limitations of the proposed framework. Moreover we analyze the
behavior of Loss Conductance across layers, training stages, and inference, providing in-
sights into how attribution patterns evolve in deep architectures, how they correlate with
performance and how Generalized Y-drop influences these dynamics.

Overall, this thesis aims to deliver a more robust, computationally efficient and easily
applicable dropout framework than the original Y-drop while also introducing Loss Con-
ductance , a novel loss based attribution metric, opening the way for further development

of loss based attribution signals and possible integration in deep neural network training.

1.2 Contributions
The main contributions of this thesis are the following:

e We introduce simplified, less hyperparameter-heavy dropout rate assignments meth-

ods that take into account relative neuron importance and can be used across layer
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1.3 Outline

attribution methods as well as compare their impact and behaviour when using the

Conductance metric, selecting the best for our Generalized Y-drop framework.

e We present Loss Conductance, a new formulation of the Conductance metric that
attributes neuron importance with respect to the training loss instead of the final
prediction, providing a more objective-aligned and informative attribution signal

that improves regularization.

e We integrate Generalized Y-drop into the Vision Transformer (ViT) architecture, ad-
dressing Transformer-specific challenges such as token selection, residual connec-

tions, and layer normalization to maximize performance.

e We conduct extensive ablation studies across CNNs and Transformers to analyze the
impact on performance caused by outliers, dropout rate distributions, model and
dataset size, attribution granularity, amount of Loss Conductance samples, and the
importance of the method across stages of training and architectural depth. These
experiments aim to identify the key factors responsible for performance gains, help

select optimal configurations and address limitations.

e We test several computationally cheaper Generalized Y-drop variants and propose
a scheduled dropout-rate update frequency strategy that significantly reduces the
number of auxiliary forward-backward passes while producing comparable perfor-

mance to the default method.

e We provide a deeper analysis of Loss Conductance patterns across layers, training
stages, and inference, revealing how neuron contributions evolve in deep architec-
tures. We evaluate how patterns change in better performing models, how General-
ized Y-drop impacts them and provide theoretical interpretations of what they imply

for the function of deep networks.

1.3 Outline

The rest of this thesis is organized as follows:

e Chapter 2 introduces fundamental concepts of machine learning and deep learn-

ing, providing the theoretical background necessary for the rest of this work.

e Chapter 3 presents an in-depth overview of explainability metrics, with a particular
focus on attribution methods. It showcases the key sub-groups, their motivation,

theoretical basis and reviews some important techniques.

e Chapter 4 reviews the most widely used methods for improving generalization and

regularization in deep neural networks, with an emphasis on computer vision archi-
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Chapter 1. Introduction

tectures. The chapter discusses different regularization paradigms and representa-

tive methods within each category.

e Chapter 5 introduces the proposed methodology of this thesis. It outlines the moti-
vation behind the work, analyzes the limitations of existing approaches and presents

the proposed modifications, metrics, and design choices in detail.

e Chapter 6 reports the experimental evaluation of the proposed methods. It de-
scribes the experimental setup, presents the results and provides detailed analysis

and key insights to explain the observed behaviors and performance gains.

e Chapter 7 concludes the thesis, summarizes the key findings of this work and

proposes potential directions for future research.
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Chapter E

Machine Learning

Artificial Intelligence (Al) is a broad field within computer science, originally coined
by John McCarthy in 1956, defined as the creation of technologies that enable machines
to perform tasks commonly associated with human intelligence such as learning, com-
prehension, problem solving, decision making, creativity, and autonomy [59]. Machine
Learning (ML) is one of the most significant subfields within Al and involves the develop-
ment of systems that autonomously learn from data. This section will dive into the core
ideas behind ML, with emphasis on neural networks and deep learning that drive modern

technologies and are central to this work.

2.1 Introduction

Whereas Al is the broader concept of simulating human intelligence, ML is concerned
with developing machines that are able to automatically detect patterns in data and use
these patterns to predict future data, without the need for explicit programming and
predefined rules [13]. A widely used definition by Mitchell describes it as: “A computer
program is said to learn from experience E with respect to some class of tasks T and
performance measure P, if its performance at tasks in T, as measured by P, improves

with experience E” [60].

Methods in the field tend to require plentiful data and computational resources to solve
tasks effectively. As these became more widely available, traditional statistical learning
increased in prominence, combining statistical models and handcrafted features. While
effective, these methods required extensive feature engineering and struggled with high-
dimensional unstructured data. This limitation motivated the rise of deep learning, which
employs artificial neural networks (ANNs) drawing inspiration from biological neural sys-
tems and capable of capturing intricate patterns and associations. As defined by Good-
fellow et al., deep learning is a class of ML methods that model high-level abstractions
in data through hierarchical neural architectures [9]. These techniques have achieved
major advances in computer vision, natural language processing, speech recognition,
and other domains with rich unstructured inputs, reducing the need for manual feature

engineering.
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Chapter 2. Machine Learning
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Figure 2.1. Schematic differences between classification and regression. Picture taken

from [1].

2.2 Machine Learning Variants

Supervised Learning

Supervised learning is a type of machine learning where a model is trained on a la-
beled dataset to learn the relationship between input variables x; and their corresponding
targets y; [14]. Formally, the goal is to approximate an unknown function f : X - Y by
leveraging a collection of training examples {(X;, yi)}lii , and use the learned patterns to
make predictions on previously unseen or unlabeled inputs [13].

Supervised methods are broadly categorized into classification and regression, de-

pending on the nature of the target.

Classification. In classification tasks, the objective is to assign inputs to one or more
predefined discrete categories. A classifier learns decision boundaries in feature space
that separate classes, enabling it to determine the most probable label for a new input
based on its characteristics [61].

Classification problems can be further differentiated by the structure of their label
space. Depending on the amount of different labels that can be assigned to an input,
problems can be split into Binary classification problems where only 2 possible labels
exist (e.g., disease diagnosis (sick / not sick)) and Multiclass classification where more
that 2 labels are available (e.g., identifying the animal in an image (cat, dog, horse, bird,
etc.)). Additionally multiclass classifications problems can be split based on the amount
of labels that can be assigned to an input, with Single-label classifications where only a
single label is assigned to each input (e.g. disease Diagnosis (covid-19, pneumonia, none
, etc)) and Multi-label classification where on or more labels are assigned to an input (e.g

sentiment classification (“happy” and “excited” at the same time)).

Regression. Regression addresses predictive tasks in which the target variable is con-
tinuous. The aim is to estimate the relationship between input features and a numerical
output. Learned relationships are often visualized as lines or curves in feature space and

are used for numerical predictions on unseen data [13].

m Diploma Thesis



2.3 Neural Networks

Unsupervised Learning

Unsupervised learning tasks a model with uncovering inherent structure, patterns, or
relationships within unlabeled data [15]. Unlike supervised learning, models do not map
inputs to predefined labels. Instead they reveal hidden patterns, detect anomalies, group
similar objects, or discover lower-dimensional representations of the data [13].

Two prominent categories are clustering and association.

Clustering. Clustering partitions data points into groups,clusters,so that observations
in the same cluster are more similar to each other than to those in other clusters, using
distance metrics or probabilistic criteria [61]. Clustering Algorithms can be divided into
two categories, hard clustering where each data point is assigned exclusively into a single
cluster and soft clustering where each data point is assigned a probability of belonging in

each cluster.

Association. Association methods discover relationships and co-occurrence patterns
among variables of a dataset. These methods identify rules describing how the presence
of certain items/features relates to others, often as association rules [62]. They are often

used to understand commonalities between variables and identify outliers.

Reinforcement Learning

Reinforcement Learning (RL) is a type of machine learning in which an agent learns to
make sequential decisions by interacting with an environment. The models learn through
a trial and error process, where at each step the agent observes the current state, selects
an action, receives a reward (or penalty) indicating the desirability of that action, and
transitions to a new state. The repetition of this interaction-feedback process over time
enables the agent to discover an optimal policy that maximizes the cumulative reward

throughout the decision-making process [16, 17].

2.3 Neural Networks

2.3.1 Artificial Neural Networks

Artificial Neural Networks (ANNs) are a cornerstone in modern machine learning and
are the foundation of modern Deep Learning [63]. Inspired by the biological neural net-
works found in the human brain, which are responsible for learning, recognizing, and
organizing information, ANNs were introduced as a mathematical formulation to simu-
late this process [18, 19]. ANNs consist of computational units called neurons, organized
into groups called layers, with an initial input layer that receives the data, one or more
hidden layers that process the data, and a final output layer with the final result. Neurons
are connected to other neurons through learnable weights that change through training

to approximate the underlying function of the data with the minimal possible error.
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Each neuron receives a set of inputs,calculates a weighted sum of them, adds a bias
term (also referred to as an activation threshold), and applies a non-linear activation

function, as expressed in the following equation:

y = ¢{Zd:wixi + b),
i=1

where x; are the inputs, w; the learnable weights, b the bias term, ¢ the activation
function, and y the output of the neuron.

Several different activations ¢ are used to introduce non-linearity in a variety of ways,
in order to capture more complex relationships within the data. Some of the most impor-

tant activation functions are the following.

Sigmoid. Transforms input values into the range [0, 1], often used for binary classifica-

tion [64]. )

1+e2’

o(z) =

Tanh. Transforms input values into the range [—1, 1], often used for zero-centered
data [21].

Z —Z

e
ez + ez

tanh(z) = —¢

Softmax. Converts a vector of inputs into a normalized probability distribution, making
it ideal for multiclass classification.
Z]

softmax(z); = , j=1,....K
2 €%

ReLU. Outputs the input as is if it is positive and outputs O if it is negative. It introduces

sparsity and reduces vanishing gradients, making it significant for deep networks [65].
ReLU(z) = max(0, z).

SeLU. SeLU applies an exponential activation for negative inputs while linearly scaling
positive inputs. It uses two preselected variables a = 1.6733 and A = 1.0507 and en-
ables neural networks to self-normalize without the need for normalization layers, thus

improving stability in deep architectures. [66].

Az, z>0,
SeLU(z) =
Aa(e*-1), z<0.

GELU. Applies a probabilistic gating mechanism where inputs are weighted by the cu-
mulative distribution function (CDF) of a Gaussian distribution, providing smoother and
often more expressive non-linearity than ReLU, particularly effective in modern Trans-
former architectures [67].

GELU(z) = z®(2),
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where ®(z) is the standard normal CDF. A common tanh-based approximation is

GELU(z) ~ (1 -+ tanh( JZ(z+0.044715 ).

2.3.2 Feedforward Neural Networks

Feedforward Neural Networks represent the simplest form of neural network in terms
of connectivity: neurons are arranged in a sequence of layers, and connections flow
strictly in one direction,from the input layer toward the output layer,with no backward
connections or feedback loops [9]. Each layer produces a new representation of the data,
with the input being gradually mapped to increasingly abstract and useful features.

A common and widely used feedforward architecture is the Multilayer Perceptron
(MLP), in which every neuron in a layer is fully connected to every neuron in the next
layer [68].

input layer

hidden layer 1 hidden layer 2

Figure 2.2. A schematic of a feedforward neural network layer. Picture taken from [2].

2.3.3 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are a specialized class of neural networks de-
signed to process data with an inherent grid-like structure, such as images, video frames,
or spectrograms [20, 21]. Unlike Feedforward Neural Networks, where each neuron is
fully connected to all inputs, CNNs employ the operation of convolution, where a small
learnable filter (or kernel) slides across the input and computes localized feature re-
sponses. The motivation behind this choice is an important characteristic of natural
images, that patterns such as edges, corners and textures tend to be local and appear
repeatedly in different spatial positions that do not need to be detected independently.
Consequently, weight sharing, the reuse of the same kernel across all spatial locations,
enables CNNs to detect a given feature wherever it appears while significantly reducing
the number of trainable parameters.

A typical CNN employs a sequence of convolutional layers that learn increasingly ab-
stract representations of the input. Early layers typically respond to simple geometric
patterns like edges and textures, while deeper layers integrate broader spatial informa-

tion to recognize more complex structures, such as object parts or entire objects [22].
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The convolutional layers are interleaved with activation functions and pooling operations,
like max or average pooling that reduce spatial resolution by summarizing local neighbor-
hoods, which lowers computational cost and encourages robustness to small geometric
variations in the input. The behavior of convolutional and pooling operations is controlled
by hyperparameters such as stride, which determines how far the filter moves across the
input at each step, and padding, which dictates how image borders are handled. These
two settings control the amount of spatial detail that is preserved or compressed through
the network. After several stages of convolution and pooling, the extracted features are
fed into one or more fully connected layers,similar to those in Feedforward Neural Net-
works,which produce the final predictions for the task.

CNNs were instrumental in the modern resurgence of deep learning, especially in com-
puter vision, due to the success of AlexNet which achieved a breakthrough performance
on the ImageNet competition in 2012 and outperformed traditional machine learning ap-

proaches [10]. (image showcasing a CNN from here [3])

Fully

Convolution Connected

Poolin
Input B..-

.

Feature Extraction Classification

Figure 2.3. A schematic illustration of a Convolutional Neural Network architecture. Picture
taken from [3].

2.3.4 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) are a class of neural networks designed to handle
sequential data, where the order data appear in is meaningful and information must be
retained across time steps [23]. RNNs differ from feedforward networks by incorporating
recurrent connections that return the unit’s output back to itself and allow information
to persist across time, making them ideal for tasks like language modeling, speech recog-
nition, and time-series forecasting.

At each time step t, the RNN receives an input x; and the previous hidden state h;_1,
which contains information from all previous time steps, and uses them to calculate the

current hidden state h; and an output o; as seen in the equations:
hy = WXt + Whnhey + bp),
0 = (p({Who ht + bo),
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where W,,, Wy, and Wy, are the input-to-hidden, hidden-to-hidden, and hidden-to-
output matrices respectively, by, and b, are the bias terms, and ¢, ¢, the activation
functions, with ¢p usually being sigmoid or tanh [69]. Similarly to CNNs, RNNs employ
weight sharing, with the same weights being used across all timesteps, allowing them to
process sequences of arbitrary length and learn temporal patterns that generalize across
different positions in a sequence.

While RNNs are able to retain information from long sequences in the hidden state
vector, in practice the amount of information is limited due to the fixed dimension of the
vector. This results in relevant information being lost over time as well as vanishing and
exploding gradients problems during training, with gradients either shrinking to zero or

growing uncontrollably respectively as they propagate through many time steps [70].

o000

V
h ,’ h(-) ‘1».__) h* _) h _) A ____, h(-) ‘\
W -_— \ b y b ,"
Unfold ™ ——
& v Tv T
X x("l) x(fJ x(f“‘l)

Figure 2.4. A standard RNN and its unfolded (time-unurolled) representation. Picture taken
from [4].

While several gated RNN variants were introduced like Long Short-Term Memory
(LSTM) [71] and Gated Recurrent Units (GRUs) [72], which control how information is
stored, updated, and discarded to address these challenges, these models were eventually
surpassed in their ability to model long-range dependencies by Transformer architectures
described in the next section. Nonetheless RNNs remain a foundational concept in se-
quential modeling and have significantly influenced the development of modern neural

architectures.

2.3.5 Transformers and Attention

Attention The attention mechanism was introduced as a solution to address the limita-
tions RNNs faced when processing long input sequences. Instead of compressing all past
information into a single hidden state, attention directly captures dependencies between
inputs at different positions in the sequence [24]. The mechanism operates by projecting
each token into three learned vectors: a query vector (, which represents the information
the token seeks in others, a key vector k, which encodes the relevant information of that
token that others may want to attend to and a value vector v, which carries the actual

information to be retrieved.
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Attention computes a pairwise similarity score between each query and key vector.
These scores are scaled by the dimensionality of the key vectors, di, and then passed
through a softmax function to produce a distribution of attention weights. Finally these
weights are used to create a weighted average of value vectors, creating for each token a
new context representation of the other relevant tokens that has integrated information

from the whole sequence. This can be mathematically formulated as:

. QK™
Attention(Q, K, V) = softmax V,
Ve
where X are all the tokens in the sequence, Q = XWg, K = XWkg, V = XWy are the query,
key, and value projections of all tokens respectively and Wy, Wk, Wy are the corresponding
learned weight matrices for the projections. This formulation allows both short- and long-
range dependencies to be captured the same way without the structural constraints or

memory bottlenecks found in recurrent architectures.

Multi-head attention To further enhance the ability of attention to capture relevant
relationships between tokens, multi-head attention replaces the singular query, key, and
value projection of the attention mechanism with several ones called heads that learn in
parallel. The goal is for each head to learn different kinds of relationships between tokens,
such as syntactic dependencies, semantic similarity, global patterns, or more localized
ones. The outputs of all heads are concatenated, creating a final more rich representation

of the correlations between tokens [5]. Formally,

head; = Attention(QWy', KWy, VW),  MHA(Q.K,V) = [head,;...;headn]Wo.

Transformer The Transformer architecture is built upon the attention mechanism and
is composed of a series of layers known as Transformer blocks. Each block contains
two main submodules: a Multi-Head Attention mechanism and a Feed-forward network,
each followed by a residual (skip) connection, which stabilizes gradient flow by adding the
module’s input to its output, and a Layer Normalization (LayerNorm) operation, which fur-
ther enhances training stability in deep architectures [5]. In the original full Transformer,
these blocks are organized into two distinct components: an encoder and a decoder. While
both consist of stacked Transformer blocks, their functions differ. The encoder applies
self-attention over the entire input sequence, producing contextualized representations
of the input. The decoder, in contrast, includes a masked self-attention mechanism that
prevents each position from attending to future tokens,an essential property for autore-
gressive generation,as well as an encoder-decoder attention module that conditions the
decoder’s representations on the encoder’s output.

Because attention itself is permutation-invariant and treats all tokens independently
of their position, the model augments tokens with positional embeddings. The origi-
nal Transformer employs sinusoidal positional embeddings, which use deterministic sine
and cosine functions to encode position, while more recent variants such as Rotary Po-

sitional Embeddings (RoPE) apply position-dependent rotations to queries and keys and
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demonstrate improved performance [73]. Although the original Transformer architec-
ture contains both an encoder and a decoder, many later models adopt encoder-only or
decoder-only designs depending on the task. Encoder-only models such as BERT focus
on bidirectional self-attention to learn contextual representations suited for classifica-
tion and language understanding [74], while decoder-only models such as GPT use solely

stacked masked self-attention blocks for autoregressive text generation [75].
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Figure 2.5. Illustration of the Transformer encoder-decoder architecture. Picture taken

from [5].

Despite the fact that the original Transformer used both encoder and decoder, many
influential architectures adopt encoder-only or decoder-only designs depending on the
task. Encoder-only models like BERT [74] focus on bidirectional contextual representation
learning for classification and understanding tasks, while decoder-only like GPT rely solely

on stacked masked self-attention blocks for autoregressive generation [75].

Vision Transformer The Vision Transformer (ViT) is an extension of the Transformer
architecture for image recognition tasks by reinterpreting images as sequences of tokens
rather than relying on convolutional operations. The input image is split into a grid of
fixed-size patches, usually 16 X 16, which are flattened and projected into an embedding
space, allowing the patches to be treated analogously to word tokens in natural language
processing. Similarly to the original Transformer, to preserve spatial structure, learnable
positional embeddings are added to the patches. The architecture is encoder-only with
bidirectional multi-head self-attention, allowing the model to integrate information across
all patches, capturing both local interactions and long-range dependencies in parallel. A
special learnable token, called the [CLS] token, is prepended to the sequence in order

to aggregate global information and its final representation is used to make the final
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prediction in classification tasks. The ViT architecture demonstrated that when trained on
sufficiently large datasets such as ImageNet-21k or JFT-300M, it can achieve performance
comparable to or exceeding that of state-of-the-art convolutional neural networks [25].

Yision Transformer (ViT) Transformer Encoder

Transformer Encoder
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Multi-Head
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Figure 2.6. Schematic of the Vision Transformer. Picture taken from/6].

2.4 Training

2.4.1 Loss Function

A loss function is a measure that quantifies a model’s error and acts as a guide to
find the optimal model parameters to minimize said error. In supervised learning, it
measures the discrepancy between the model’s prediction {j and the true label y, L(y, )
and based on it a gradient signal is created that updates the model’s parameters in a
direction that reduces said value, ideally guiding the model towards an optimal state of
zero loss [9]. Different loss functions are used for different tasks, with regression problems
commonly employing Mean Squared Error (MSE) or Mean Absolute Error(MAE), which
penalize large deviations from the target value, while classification tasks typically using

Cross-Entropy(CE) loss which encourages high confidence in the correct classes [26].

N
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2.4.2 Optimization

Optimization is the iterative procedure of adjusting the network’s parameters in order

to find the optimal set of values that minimize the selected loss function. In neural
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network architectures this process takes place using gradient based methods, where
the gradient of the loss with respect to each parameter is calculated and guides how
the parameter should change. The foundational algorithm for this process is Gradient
Descent, which updates the parameters in the opposite direction of the loss gradient
computed over the entire dataset. Since this approach is costly, most modern neural
models use Stochastic Gradient Descent [27] or some of its more modern refinements like
momentum [76], Adam [77] or AdamW [78] instead, which approximate the gradient using
small subsets of the data called mini-batches. The training process is further influenced
by the selection of key hyperparameters such as batch size, learning rate and momentum
coefficients as well as strategies like learning rate warm-up, learning rate scheduling and

gradient clipping that are critical for ensuring stable and efficient optimization.
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Chapter B

Explainability Metrics

3.1 Introduction

With machine learning models drastically increasing in size and complexity, under-
standing how a model makes its final decision has become really complicated. Especially
in deep learning where, unlike traditional statistical models, neural networks often func-
tion as “black box” systems whose decision making process is not interpretable due to
their deep, high-dimensional and nonlinear nature [11]. As understanding these models
can be crucial especially when applied in critical fields like healthcare, autonomous ve-
hicles or criminal justice where trust, transparency, fairness, robustness and regulatory
compliance are essential many methods have been developed to solve this issue [28, 29].
These methods have been grouped under the term Explainability Metrics inside the general
field of Explainable Artificial Intelligence (XAI) and are a central research topic in modern
ML. A large subset of these methods can be formally described as attribution methods,
which aim to assign importance scores to components of a mode input features, neu-
rons, layers or learned representations contribute to the model’s final prediction in a way
that humans can interpret, not only for safety and accountability but also for scientific
insight, debugging, and model refinement [30]. Formally, given a model f : X — Y and
an input x € X, an attribution method is a functional ® : ¥ X X — RIX |, which returns
y = ®(f,.x) € R, (with f € ¥) that represents an attribution map that explains the
prediction of f for input x, with larger y indicates greater influence for a variable. In
the following sections the main groups of attribution-based explainability metrics will be

presented along with short explanations of key methods from each group.

3.2 Occlusion-Based Methods

Occlusion-based or Perturbation-based methods aim to identify important parts/re-
gions of the input by modifying them or removing them and measuring the change in the
model’s prediction. They provide a model-agnostic way to create robust and interpretable

attribution maps but require a multitude of forward passes to calculate.
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3.2.1 Occlusion Sensitivity

Occlusion sensitivity is one of the earliest approaches in the field. It employs a sliding
window square mask that zeroes a region of the input image and compares how much
the confidence in the target class changed compared to the full input. Squares that
cause the largest shift in prediction are considered the most influential and the values of
the all masks are considered an indicator of the model’s overall reliance on local image
content [22].

3.2.2 RISE

RISE (Randomized Input Sampling for Explanation) uses a number of random masks
that zero out pixels of the original input. For each mask it calculates how much the
prediction shifted and creates a weighted average of all masks to see how much each
pixel affected the final prediction. This results in a smoother and more robust final pixel-

importance map [31].

3.3 Gradient-Based Methods

Gradient-based explainability metrics aim to measure feature importance by using
the gradient of the model with respect to the input as a basis. The key idea behind such
metrics is that high gradient values for a certain feature would imply that minuscule
changes in that feature greatly affect the final output, thus making that feature impor-
tant. They are computationally efficient methods as deep learning architectures calculate
gradients through back-propagation, and various refinements to the core ideas have been
suggested to combat issues such as noise, saturation, and lack of local sensitivity, as well

as to provide more theoretical guarantees [32].

3.3.1 Vanilla Gradients (Saliency Maps).

The simplest gradient-based method computes the absolute value of the gradient of the
model’s output with respect to each input feature, creating a saliency map that showcases
feature influence. However, this formulation obscures information about the sign of the
gradients as well as being susceptible to noise, something that motivated the development

of better alternatives [33].

3.3.2 Input x Gradient.

Input X Gradient was introduced as a way to produce sharper and more interpretable
attribution maps than saliency maps. This formulation captures both local sensitivity
and the sign of the gradient of each feature and acts as a form of first-order Taylor
decomposition. Nonetheless, it still faces issues with gradient noise and saturation [34].

The attribution is:
OF(x)

<9xi

Sia(X) = X

where © denotes elementwise multiplication.
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3.3.3 SmoothGrad.

3.3.3 SmoothGrad.

SmoothGrad is a technique with the goal of reducing the noise present in saliency
maps that sometimes makes them difficult to interpret. The cause of such noise was at-
tributed to meaningless local variations in partial derivatives, and the suggested solution
was creating a local average of gradient values. This was achieved by calculating the gradi-
ent of multiple noisy versions of the input and taking their average, which smoothened out
the mentioned artifacts and resulted in more stable and coherent attribution maps [79].
With noise e, ~ N(0, 0I), the estimate is:

N

1 aF(X + ek)

S = — E _
sG(X) N 24 ox;

3.3.4 Integrated Gradients.

Integrated Gradients (IG) were proposed as a solution to some key limitations of vanilla
gradients such as their susceptibility to gradient saturation, as well as to provide theoreti-
cal grounding to the positive traits of the metric. Instead of a single gradient, IG calculates
influence by accumulating gradient information across a linear continuous path from a
baseline x’, usually a black image, to the actual input x [35]. This interpolation helps
alleviate the saturation problems by avoiding flat points caused by ReLU activations that
would be an issue when using a single gradient. Moreover, this formulation fulfills desir-
able axioms such as:

Sensitivity: For every input and baseline that differ in at least one feature and produce
different outputs, the feature should have a non-zero attribution.

Implementation Invariance: Two networks that produce equal outputs for all inputs
should produce the same attributions despite possibly different implementations.

Completeness: The sum of all feature attributions is equal to the difference between
the model’s output for the input and the baseline.

Formally, the IG attribution for feature i is

1 P /4 o
IG(F, x;x") = (xi—xi')f R + ax —x)) da.
0 ox,

i

These features made IG a robust and efficient attribution method with a deeper the-
oretical grounding than most methods. Many papers have proposed even further im-
provements on the method. Different baselines have been proposed, like a Gaussian
baseline and a Gaussian-blurred image baseline [80], maximum-distance and uniform
baselines [81], as well as Expected Gradients that propose using a variety of baselines
rather than using a single reference [82]. Other researchers have focused on improving
upon the path between the baseline and input, like geodesic integrated gradients that
treat the input space as a Riemannian manifold and integrate along a learned “path of
least resistance” [83], IG2, which adjusts the integration path and baseline in order to use
both the explicand and counterfactual gradients to reduce attribution noise and arbitrary

baseline selection [84] and Guided Integrated Gradients that adaptively select integration
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paths shaped by gradient information [85]. Lastly, Transformer-specific techniques like
Sequential Integrated Gradients suggest integrating one token at a time while keeping the

remaining tokens fixed to obtain more semantically valid attributions [86].

3.3.5 Conductance

Conductance is a metric introduced by Dhamdhere, Sundararajan, and Yan [12] as
an extension of the ideas presented by Integrated Gradients [35] as a way to attribute a
model’s prediction to its hidden units, not just the input features.

Conceptually, conductance can be interpreted as measuring the “flow” of attribution
that passes through a neuron when calculating IG. Similarly to IG, it attributes the model’s
prediction by integrating along a continuous path from a baseline to the actual input but
it decomposes the IG computation via chain rule to propagate attributions across the
network’s layers and assigns a value to each neuron representing its contribution.

Let F : R"— [0, 1] denote the model’s output, x € R" an input, and x’ € R™ a baseline.

For a hidden neuron k in a layer [, it’s conductance with respect to feature i is:

OF (X' + a(x—x")) ayﬁ)

ayécl) ox;

1
Y;(:)i(F, xx') = (q—x)) f da, (3.1)
0
where ygcl) is the output of neuron k in layer [ given input x + a (x — x’) and Yk(ll.) (F,x;x’) is
its conductance with respect to feature i.

The total conductance of neuron k is the summation over all input features:

U]

n 1 ’ ’
, , OF(x' + a(x — x")) 9y
Y,((l)(F,x;x) = E (xi—xi)f ( B ) Y da. (3.2)
i=1 0 Y, ax;

This formulation inherits desirable properties of IG such as completeness, linearity,
and sensitivity, while also helping to alleviate problems caused by gradient saturation
and ensuring correct polarity of the attribution [35, 12].

Conductance values can be positive or negative, with positive values indicating that
a neuron contributes positively to the output prediction, negative values indicating a

negative contribution, and values close to zero suggesting minimal influence.

Practical approximation. To make computation practical, an approximation show-
cased in [87] is used. The continuous path integrals are approximated with a Riemann
sum and the fact that total conductance is equivalent to path integrated gradients on the
neuron itself is showcased. With those approximations, they present an estimator that
avoids summing over input dimensions and accumulates, at each step, the product of
the gradient of the output with respect to the neuron and the change in the neuron’s
activation from the previous step. Let x) = x” + %(x — x’) be n. evenly spaced points on
the straight-line path from baseline to input, and let Fl(cl)(x) be the activation of neuron k

in layer [ at input x.
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With these alterations, conductance can be approximated as:

ne ‘
OF(x1)
YO (Fxx) ~

o (F.x;x7) J:Zl E

(F’(cl)(x(j)) _ F;(cl)(x(j_l)))' (3.3)

From this point onward, we simplify the notation by omitting the baseline x” and model

F when clear from context, signifying conductance of neuron k in layer [ as Yl(cl)(x).

3.4 Propagation/Decomposition-Based Methods

Propagation-based or decomposition-based attribution methods work by redistribut-
ing the output relevance backward through the network, assigning each neuron a score all
the way up to the initial input feature. For each architecture and layer type they employ
custom backpropagation rules to simulate how information flows through the network
instead of relying on the standard gradient rules while ensuring that the total relevance
is the same as in the output, also known as relevance conservation. These methods have
gained popularity due to the custom propagation rules being able to avoid issues plaguing
gradient-based methods like gradient saturation. In this section a brief overview of some

key decomposition methods will take place [36].

3.4.1 Layer-wise Relevance Propagation (LRP).

Layer-wise Relevance Propagation (LRP) is one of the most important decomposition
techniques. It is used to propagate the model’s prediction down to initial features through

various redistribution rules that all comply with the relevance conservation property [37].

ZRED _ ZRJQH)’
i J
(D

where R; is the relevance assigned to neuron i at layer [.

The conservation reads

There are many options of propagation rules that can be assigned like the core epsilon
rule (LRP-¢) or the gamma rule (LRP-y) that favors positive contributions over negative
ones, among many others. Let agl) be the activation of neuron i at layer [, w; the weight

to neuron j at layer [ + 1, and z; = alw wy. Two widely used rules are:

Zy (1+1)
g 2 zpp + e-sign( Yy zyy) Y

LRP-¢: R\ =

’

D M
a; (wy + Vwij) (1+1) wt = max(w, 0)

. D _
LRP-y: R; ; 5 algz)(wi/j +y w;j) J
with hyperparameters € > 0 and y > O controlling numerical stability and emphasis on
positive evidence, respectively. The amount of possible rules as well as the selection of
hyperparameters controlling them make LRP a flexible method that can be customized
for every architecture and allows for sharp and stable attribution maps, especially in

computer vision [88]. Many works have proposed custom rules to improve upon the basic
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LRP formulation, with notable works like Transformer-specific LRP or Attn-LRP extending

the formulation to attention architectures [89, 90, 91].

3.4.2 DeepLIFT.

DeepLIFT is a decomposition technique that compares the relevance of neurons to
ones of a baseline input. Specifically, it uses chain rules analogous to the gradient chain
rules but instead uses the differences between the neuron activations (or outputs) between
the input and the baseline, while ensuring that the sum of contributions to the output
is equal to the difference of output and the baseline. This formulation allows DeepLIFT
to avoid gradients and all the problems that come with them like saturation and flat
areas [34]. Let x’ be a reference (baseline) input, and define Ax = x—x’, Ay = y(x) — y(x’).

DeepLIFT assigns contributions Cay,ay such that
Z CAxi—>Ay = Ay,
i

CAxi —Ay i
AXl'

and propagates multipliers m;,; = through the network via a chain rule analogous

to backpropagation.
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Generalization and Regularization

4.1 Introduction

The main objective when training a neural network is to ensure that it performs well
not only on the data it has seen during training but also on previously unseen inputs. This
capability is called generalization and showcases whether the model has learned mean-
ingful underlying patterns in the data rather than just memorizing the training examples.
To estimate this, in most cases, a small subset of the data is withheld from training and
used as a test set, providing an unbiased sample for evaluating performance on unseen
data. Generalization can fail in two ways, underfitting and overfitting. Underfitting oc-
curs when a model is too simple or inappropriately trained, causing it to fail to capture
the structure of the data and resulting in poor performance on both the training and test
sets, also referred to as high bias. On the other hand, overfitting occurs when a model
learns train-set-specific and noisy patterns, resulting in it performing well on the train set
but struggling on the test set. This is common in more complex architectures and is also
referred to as high variance. This interplay, known as the bias-variance trade-off [92],
represents a central challenge in the training of machine learning models, particularly
deep neural networks, and practitioners are tasked to achieve a balance between the two.
To combat overfitting, several regularization techniques have been proposed to shape and
constrain the optimization process, encouraging models to learn more robust and gener-
alizable representations. This is especially critical in computer vision, where visual input
showcases great variability due to factors such as viewpoint, illumination, occlusion, de-
formation, and noise in images, and it is crucial that the model does not memorize them.
In the following section, several key regularization strategies for neural networks will be
presented, with particular emphasis on techniques that have proven effective in modern

computer vision systems.

4.2 Loss-Based Regularization

Loss-based regularization refers to techniques that add penalty terms to the loss
function or change how it is calculated in order to discourage the model from certain

behaviours and guide it to a more stable and generalizable state.
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4.2.1 L2 Regularization

L2 regularization, also known as weight decay, adds the L2 norm of the parameters
to the loss function in order to discourage large weights and create a smooth parameter
space. This has been shown to improve stability and generalizability, especially in deep

networks and has been one of the most common techniques in modern architectures [38].
Ltotal = -Etask + A ”w”%

4.2.2 L1 Regularization

L1 regularization switches the L2 norm of weight decay with the L1 norm of all param-
eters to be added in the loss function. The key difference of this change is that it can lead
certain weights to become exactly zero, thus encouraging sparser solutions and a form of
feature selection [39].

-Ltotal = -Ltask + ﬂllw”l

4.2.3 Label Smoothing

Label smoothing is a method to discourage overconfidence in classification tasks. It
replaces the target label from being one-hot to a smoother distribution, where the correct
class has a probability close to 1 and the other wrong classes are given a small probability.
This was shown to improve calibration and generalization in large scale vision models [40].

Let K be the number of classes and ¢ € [0, 1) the smoothing factor. For class k',

l-¢e k=I, s K
Yk = e . Lig = —Zyk log Y.
ﬁ’ k#k, =1

4.3 Normalization Techniques

Normalization techniques are used to smooth training by reducing the change in
the distribution of activations, also known as internal covariate shift. These techniques
enable higher learning rates and result in faster, more stable optimization processes that

avoid problems like vanishing or exploding gradients.

4.3.1 Batch Normalization

Batch Normalization (BatchNorm) normalizes the activations within each mini-batch
using the mean and variance of all the samples within it. Then, using learnable param-
eters vy, 3, it allows the model to learn the optimal scaling and shifting of the normalized

activations [41].

4.3.2 Layer Normalization

Layer Normalization normalizes the activations across features in each individual sam-

ple. Similarly to BatchNorm, the mean and variance of all features are calculated, as well

Diploma Thesis



4.4 Data Augmentations

as learnable parameters vy,  for optimal scaling and shifting. This technique is key to
ensure smooth gradient propagation in deeper architectures,especially in Transformer

architectures due to their depth and use of skip connections [42].

4.4 Data Augmentations

Data Augmentation is a regularization technique that artificially increases the diversity
of the dataset without having to collect new data. It is widely applied in computer vision
where various transformations are applied to an image while keeping the original label,
something that improves generalizability as the model becomes more invariant to small
alterations in scale, geometry, color, and structure, etc. Traditional transformations such
as rotation, flipping, scaling, translation, and contrast/brightness adjustment expand
the training distribution and are critical for preventing overfitting and data memorization,
especially in high-capacity models. In the following section, some commonly applied

image data augmentation techniques will be presented [43].

4.4.1 AutoAugment

AutoAugment is a method that automatically learns an optimal augmentation policy to
be used during training from a dataset using reinforcement learning. An LSTM is trained
to sample augmentation policies (like translation, inversion, color shift, etc.) and a child
model’s performance on the validation set is used as a reward signal for the effectiveness of
the policies. This process, through multiple iterations of training using the Proximal Policy
Optimization algorithm [93], finds an optimal augmentation strategy for the dataset. This
method showcased that augmentation can also be viewed as a form of optimization and

although expensive, it produces improved training results across multiple datasets [44].

4.4.2 RandAugment

RandAugment is a simplified version of AutoAugment that removes the separate search
phase and reduces the search space of possible augmentation strategies. Instead, only
two hyperparameters should be tuned: the number of augmentations to apply per image
N (sampled from a uniform set of transforms) and a global magnitude value M, which
controls how severe the distortion caused by each transformation will be. This method
showcased competitive results to AutoAugment across various vision benchmarks while

being a lot more cost efficient [45].
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Figure 4.1. Illlustrative examples of randomly selected transforms nn RandAugment. Pic-
ture taken from [6].

4.4.3 Repeated Augmentation.

Repeated Augmentation is a method that suggests multiple differently augmented
variants of the same image to be used in the same mini-batch, instead of one single
augmented variant being in each training epoch. The model is forced more to simultane-
ously learn more invariances, something that encourages prediction consistency across
augmentations. This approach has been shown to improve generalization and training

stability, particularly in large-scale vision models [94].

4.4.4 Cutout

Cutout is a technique that helps increase a model’s robustness to occlusion and
missing information by randomly dropping a fixed-size square region of the image and
replacing it with zeros. It was shown to decrease over-reliance on specific local features

and encourage more distributed representations [95].

4.4.5 Random Erasing

Random Erasing is a method that generalizes the core ideas of Cutout by removing
rectangular regions of variable sizes and aspect ratios and replacing them with random
noise or constant values. This more flexible strategy showcased improved generalization

compared to standard Cutout [96].

4.4.6 Mixup

Mixup is a data augmentation technique that creates new training samples by creating
a linear interpolation of two other training samples. A weighted average of both the images
as well as their respective labels is created, something that has been shown to result in
smoother decision boundaries between labels as well as reducing the impact of corrupt

labels. The method acts as a way to fill the gap between the original data points in the
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feature space and promotes linear behavior between classes, resulting in more global and

consistent patterns being discovered and in turn improved regularization [46].
X =Ax + A-Mx §=Ay+A-Dy;.

4.4.7 CutMix

CutMix, like Mixup, is a mixed-sample augmentation method where a rectangular
region of an image is replaced with a same-sized region from another image. The newly
created image is assigned a label that is a weighted average of the original labels, propor-
tionally to the cut area. It has been shown to improve localization ability, encouraging
the model to discover multiple discriminative regions, while also keeping spatial structure

and improving robustness to outliers [47].

qu

) 7

Cutout Cutmix

Figure 4.2. Visual comparison of Cutout, Mixup, and CutMix augmentations. Picture taken

from [7].

4.5 Drop-Based Regularization

Drop-based techniques add stochasticity in the training process by randomly deacti-
vating units, connections, or entire submodules of a neural network. This reduces feature
co-adaptation within the network, thus reducing wastage of network resources as well as

the influence of spurious features, resulting in a more robust and generalizable model.

4.5.1 Dropout

Dropout is a technique that randomly zeroes the values of a subset of activations dur-
ing training, with each activation being independently dropped. Each activation has the
same probability of being dropped, called dropout rate p, and the remaining activations
are scaled by 1/(1 — p) to retain the expected magnitude of the layer.

This process results in less co-adaptation of features between neurons and forces

the network to distribute learned representations across multiple pathways rather than
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relying excessively on a small subset. As a result, the model uses more of its capacity

and overfitting is reduced by promoting more robust and redundant representations [48].

Another more probabilistic interpretation of the method, introduced by Gal and Ghahra-
mani, demonstrates that dropout can be viewed as an approximate form of Bayesian in-
ference, where the stochastic dropout masks implicitly define a variational distribution
over the network’s weights. This makes training using dropout a form of minimizing the
divergence between an approximate posterior and the true Bayesian posterior, providing

a theoretical justification for its regularization effect [97].

Generally, the mechanism is disabled during inference to produce deterministic pre-
dictions, although an alternative approach known as Monte Carlo Dropout keeps it active
at inference and performs multiple stochastic predictions, enabling estimation of model

uncertainty [97].

Before dropout After dropout

Figure 4.3. Illustration of an MLP before and after applying dropout. Picture taken from
Dive into Deep Learning (d2l.ai).

Numerous dropout variants have been proposed to better match the properties of spe-
cific neural network architectures. In CNNs, DropBlock removes contiguous feature-map
regions instead, addressing spatial correlation and preventing information from leaking
through neighboring activations, while in RNNs Gal and Ghahramani suggest a fixed
dropout mask across all time steps, producing more temporally consistent and stable
training [98, 99].

Other variants focus on training stability and feature statistics. AlphaDropout main-
tains the self-normalizing properties of networks using SELU activations by preserving
activation mean and variance [66] while DropCov adapts dropout rates based on feature

dimensionality, importance, and correlation prior to global covariance pooling [100].

Scheduled approaches have also been proposed with Annealed dropout gradually re-
ducing dropout rates during training, with the goal of taking advantage of a larger effective
network during later training iterations, while Curriculum Dropout argues in favour of
increasing dropout probability during training, as stronger regularization is needed later
in the training to avoid overfitting [101, 102].
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4.5.2 Standout.

Standout is one of the first proposed importance-aware and adaptive dropout mech-
anisms. Rather than applying a fixed dropout probability uniformly across neurons,
it introduces learned, data-dependent dropout rates by gating each neuron’s activation
through a logistic function with trainable parameters optimized via gradient descent.
This formulation allows dropout probabilities to evolve during training and reflect neuron
importance dynamically. Standout demonstrated improved performance over fixed-rate
dropout, but these gains come at the expense of increased computational complexity and
additional trainable parameters.

Future works like Concrete Dropout expanded on the idea of learned adaptive dropout,
enabling learning of dropout probabilities via a continuous relaxation of Bernoulli vari-
ables, providing a principled Bayesian interpretation as approximate variational inference.
This methodology further enhanced generalization without manual tuning by adapting

regularization strength to model uncertainty [58, 103].

4.5.3 R-drop.

With the goal of lessening the discrepancy between inference and training, R-drop
employs two different forward passes of the same input with different random dropout
and adds a KL-divergence penalty between predictions in the loss functions. This method
enforces consistency under dropout stochasticity, resulting in less uncertainty and better
performance in inference [104].

This idea was further enhanced in future works like LR-drop that includes additional
MSE penalties between the attention heads and feedforward activations of the two forward

passes, achieving additional consistency and performance gains [105].

4.5.4 Drop-Path (Stochastic Depth)

Drop-Path, also referred to as Stochastic Depth, extends the concepts of dropout from
individual activations to entire residual branches or layers. During training, for each
sample, whole residual paths are randomly skipped with probability p, causing each
forward pass to sample sub-networks of varying depth. This alleviates difficulties in
optimization found in deep architectures by reducing the effective depth during training

while keeping the full-depth model at inference time [49].

4.5.5 Y-Drop

Y-Drop is a regularization method with the goal to convert the dropout algorithm from a
completely random procedure into one that detects important neurons and drops them at
a higher rate. Importance is estimated using neuron conductance, a task-agnostic metric
that attributes a model’s final prediction to the network’s hidden units that was in section
3.3.5. Y-Drop assigns higher dropout rates to neurons with higher conductance in a layer,
forcing the network to solve the task at hand without some of its most important units.

This process encourages comparatively weaker neurons that may have been unused or
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Figure 4.4. Overview of the Y-drop procedure with conductance-based ranking and buck-
eted dropout. Taken from [8].

underutilized to participate in the final prediction and learn critical information, with the

goal of achieveing greater regularization and generalization [8].

To achieve this, the method is split in two phases. A conductance estimation/neuron
ranking phase and a conductance guided-dropout phase. In the first phase a subset of
the batch with B, images is used to compute the conductance of all hidden units for
each image in the selected linear layers. The mean conductance across the B, images is
computed to get a per-unit mean conductance value that reflects its overall contribution
to the model’s predictions. Using this value, the neurons in each layer [ are ranked and
split into two buckets, a strong bucket Bs containing the top ws X 100% of neurons with
the highest mean conductance and a weak bucket containing the remaining w,, X 100%

of neurons, where ws, w, € [0, 1] and ws + w, =1

In the second phase, these buckets are used to assign adaptive dropout probabilities
to each neuron. Neurons in the strong bucket B are assigned higher dropout rates py,
while neurons in the weak bucket B,, receive lower dropout rates p;. Specifically, following
the findings of [106], instead of using fixed dropout rates, the rates are sampled from the
right half of a Gaussian distribution, which was shown to improve generalization. For

each bucket, the per-neuron dropout rates are drawn from the distributions

pi~N"(ur.oL).  pn~ N"(un. on),

respectively, where p, uy are the means and oy, oy the standard deviations for the each of
the buckets distributions. The sampled values are then clipped by predefined maximum

max

thresholds p;

and p,™*, since overly large dropout rates were shown to be damaging.

After the dropout rates have been determined, the model performs it’s normal forward-
backward pass and updates its weights. This process is repeated in every training iter-

ation after the first K% training epochs. In the first K% of training epochs, standard
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dropout is used since initially the weights are randomly initialized and the resulting acti-
vations and conductance values are not yet meaningful, making Y-drop useless or maybe
harmful. These K% epochs are called annealing factor. An additional implementation
detail is that because the dropout of each neuron changes at every iteration, the usual
dropout rescaling trick cannot rely on a single predetermined p. To address this, Y-drop
maintains the mean of each neuron’s dropout rate using a exponential movemening aver-
age controlled by a parameter a called elasticity. The mean dropout rate in each neuron is
initialized as the average value of the 2 dropout rate means of the buckets and is updated
in every iteration.

The method was applied to the linear layers of multiple CNN architectures and was
evaluated on various datasets showcasing substantial improvements in regularization
and performance gains compared to standard dropout. Additionally, it was shown that
the benefits tend to increase as the model size increases, indicating that Y-drop effectively
leverages the additional capacity of larger networks. Lastly, a toy experiment on a single
linear layer was conducted showcasing that the use of Y-drop resulted in more balanced
conductance scores and a higher conductance for the whole layer, further indicating that

the method encourages a more distributed representation across neurons.
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Chapter E

Generalized Y-drop

5.1 Introduction

This chapter will describe the main contributions of this thesis. It outlines the general
motivation of investigating the field of regularization through explainability metrics and
specifically the Y-drop method. We will describe what we consider the main limitations of
the Y-drop method and describe the various methods we introduced to alleviate them and
expand upon the original method. Each section describes in detail what was tested, the
ideas behind the choice and a short mention of the results it produced, before showcasing

them in a more detailed and descriptive way in section 6.

5.2 General Motivation

Explainability metrics are not solely meant to give human insight into a model’s be-
haviour but can also serve as levers to change and improve that behaviour. A common
application in previous works is data debugging, where attributions help trace erroneous
predictions back to harmful, mislabelled, or outlier training examples, either at the ex-
ample or the feature level. Those insights can then guide the removal, relabeling, or
reweighting of data to yield a cleaner dataset that will allow models trained on it to im-
prove downstream performance [51, 52, 53].

Another widely used application is model compression and pruning. Attribution- or
saliency-based scores are used to identify weights, filters, layers, or attention heads that
contribute negatively or only negligibly to the final prediction. Pruning these components
yields smaller models that require less memory and have quicker inference times, often
with minimal accuracy loss and sometimes even accuracy gains [54, 55, 56, 57].

While these uses mostly apply explainability before training (to curate data) or after
training (to prune models), there is a significant opportunity to inject explanation feedback
during training to steer optimization by penalizing undesirable behaviors or rewarding de-
sirable ones according to information provided by attribution signals. Some prior work
on the matter relies on external guidance (e.g., expert masks or human-defined con-
cepts) [107, 108], but in this work we focus more on model-intrinsic metrics that provide
direct feedback of the model’s internal process.

A method that does something as described before is the Y-drop method [8], described
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in detail in section 4.5.5 , which uses the Conductance metric to identify neurons that
play a key role in the final prediction and assigns them higher dropout rates. This was
shown to achieve improved regularization over standard dropout and incentivize higher
neuron participation in the final prediction.

Despite the clear benefits showcased, several design choices leave room for refinement
to make the method more easily applied across architectures with less hyperparameter
tuning, while achieving larger performance gains at a reduced computational cost. In this
chapter, we will examine some of the key limitations of the Y-drop framework as well as
our proposed methods to alleviate them. Moreover, we will describe how the method was

applied to the ViT architecture.

5.3 Issues with Y-drop

This section presents some of what we consider to be the key limitations of the Y-drop
method.

Parameter Tuning. One of the most notable issues lies in the way dropout rates are
assigned. Specifically, Y-drop relies on the creation of two fixed-size buckets, each with
its own mean dropout rate. This formulation makes parameter optimization significantly
more complex. Unlike standard dropout, which requires tuning a single dropout rate,
Y-drop necessitates the adjustment of three key hyperparameters: the mean dropout rate
for the strong bucket pn , the dropout rate for the weak bucket p;, and the proportion
of neurons assigned to each group ws, w,,, as well as secondary parameters that re-
quire tuning like the maximum dropout rates and deviation of each bucket. This added

complexity makes tuning more difficult and computationally expensive.

Use of Conductance Information. The method does not fully leverage the information
provided by conductance-based attributions. By ranking neurons and dividing them into
only two groups, the approach may over-penalize certain neurons. For instance, neurons
with only slightly higher conductance scores than their neighbors may still be placed in
the “strong” bucket and subjected to disproportionately higher dropout rates. A more
nuanced method, one that accounts for the relative differences in conductance between
neurons and assigns dropout rates accordingly, could lead to smoother training dynamics

and improved generalization.

Comparison with other methods. Another challenge lies in comparing Y-drop to al-
ternative methods. Because Y-drop introduces Gaussian noise and max clipping into
the dropout rates, the mean effective dropout rate across the model is not fixed or easily
controlled. In certain architectures, the method’s benefit may be a result of the larger
effective dropout rate and not the method itself. This in combination with the effective
rate’s instability, makes comparison with other dropout variants difficult. Moreover, in

different architectures such as transformers, which typically employ relatively low drop
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rates (often around 0.1 in the literature) compared to CNNs (Y-drop’s mean drop rate is

~0.35), Y-drop noise will require a lot more tuning.

Alignment with Optimization Objective Although the original Conductance metric
captures each neuron’s representational contribution to the final prediction, it does not
directly reflect how that contribution influences the model’s actual performance relative
to the training objective. As a result, neurons that strongly influence the output, but
in a way that increases the loss, may still be treated as highly important and assigned
aggressive dropout rates. This results in them contributing and being trained less often
despite being neurons that need it the most. Reconsidering the definition of neuron
importance by reformulating the underlying attribution metric could offer a path toward

improving Y-drop’s regularization behaviour.

Computational Cost While Y-drop provides stronger regularization than standard dropout,
its main drawback lies in the substantial computational overhead introduced by the ad-
ditional forward-backward pass required to compute Conductance at every training step.
Although an additional cost in a method like this is unavoidable since the calculation
of the metric is essential, investigating computationally cheaper alternatives that achieve

comparable regularization benefits is an important goal of this work.

5.4 Proposed Methods

5.4.1 Alternative Dropout Rate Assignments

To address these limitations and improve generalizability, alternative approaches are
proposed, with the goal of designing a method where only one key hyperparameter needs
tuning, namely a mean dropout rate pmean, that the average dropout rate across a layer
remains equal to. Dropout rates are then derived from conductance scores and normalized
around this target. In this way, the method retains sensitivity to neuron-level importance
while maintaining control over the overall dropout rate, enabling more stable training and
easier and fairer comparisons with standard methods.

Many of the core ideas of Y-drop are maintained, such as computing conductance
scores batch-wise and using a per-unit mean, an exponential moving average of dropout
rates for the dropout rescaling trick and enforcing an upper limit on the dropout rate, as
excessively high values have been observed to disrupt training.

It is important to note that in the code implementation keep rates are computed
rather than dropout rates. Consequently, in each of the following methods, the sign of
the conductance scores is inverted and normalized around the mean keep rate 1 — pyean-
Nevertheless, the underlying logic is equivalent to the dropout-based formulation, which
is described here to avoid unnecessary confusion for the reader.

To further explore how neuron conductance interacts with dropout rate assignment,

two alternative formulations were developed: Ranking Rates and Relative Rates.
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These approaches had the goal to be a comparison of how the conductance scores
should be interpreted when assigning dropout rates. They were designed as an experi-
mental framework to compare whether dropout should depend on the ordering of neurons
or the relative difference in conductance scores. Simultaneously, they helped test the im-
pact outliers of the conductance distribution have, as well as how sharp or smooth the

final dropout distribution should be to get optimal results.

Ranking Rates This approach, like the original Y-drop paper, solely ranks the neurons
based per unit conductance mean while discarding magnitudes entirely. This ranking is
then used to create a dropout rate distribution around a pre-selected mean dropout rate
Pmean While keeping the rate below a preselected maximum rate ppax.

Procedure:

¢ Ranking of neurons:

For each layer [, neurons are ranked by their per unit mean conductance values y®
r® = rank(Y®)

where r € [0, NV] with N being the number of neurons in the layer N,

e Power-based mapping of ranks: The ranks are transformed into preliminary dropout
probabilities using a power-based mapping:

/(1)

r® —0.5\P"
p —_—

= Pmax - ( NO

In most experiments power is equal to 1 unless clearly mentioned. As a parameter
it controls the sharpness of the dropout distribution with larger values emphasiz-
ing the difference between the top and bottom ranked neurons, while lower values

produce a flatter distribution.

e Centering around mean dropout rate:
The resulting probabilities are centered around the mean dropout rate pmean, with
a scaling factor t, calculated using binary search, ensuring that all values remain

within the valid range:

(O (D

PP = Pmean + 7 (p¥ — mean(p’®)), t = max s.t. p € [0, Pmax]

Relative Rates This method explores the effect of using relative differences between the
mean conductances per unit to assign an accordingly higher or lower dropout rate to a
neuron. The goal is to preserve information about how much more important one neuron

is compared to another, rather than only their order.

e Outlier control (optional): As this method would potentially be more vulnerable to
outliers leading to certain neurons receiving extremely low or high dropout values,

certain tests were conducted where the top and bottom x% of the Conductance
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scores were clipped. This step is not performed in the default configuration and will

be explicitly mentioned when used in the following results.

e Normalization and scaling: Conductance scores Y" are normalized using min-max

scaling and rescaled to the interval [0, ppax]

Y® — min(Y®)

/(D) .
max(Y®) — min(Y®)

p = Pmax

e Centering around mean dropout rate: Similarly to the Ranking rates, the proba-
bilities are centered around a the mean dropout rate ppean, With a scaling factor

keeping them in the valid range:

(D ()

PP = Pmean + T+ (p’Y — mean(p’?)), t = max s.t. p € [0, Pmax]

These two methods provide alternative ways to leverage conductance scores for dropout
rate assignment, each with its own advantages and potential drawbacks. By comparing
their performance across various architectures and datasets, insights can be gained into
the most effective strategies for conductance-based dropout regularization.

Moreover, both methods can function for every possible layer size and dropout rate
without requiring any additional hyperparameter tuning and are compatible with alter-

native layer attribution methods beyond Conductance.

5.4.2 Loss Conductance

Another idea to improve the performance of Y-drop was redefining the Conductance
metric from just attributing each neuron’s contribution to the final prediction, to attribut-
ing each neuron’s contribution to the training objective. To achieve this, we introduce
Loss Conductance which instead attributes the contribution of each neuron to the final
loss.

The new metric’s formulation is the following where £ represents the loss function

and t the target class:

ne i
OL(F (X(])), t)
D A
Y, (Fx;x) = jzgl e

(FOD) = FO(xUD)). (5.1)

where x = x’ + %(x -x').

In the original conductance formulation, conductance captured the representational
influence of each neuron but not necessarily its role on optimizing the training objective.
In contrast, Loss Conductance quantifies how variation in a neuron’s activation affects
the model’s capacity to minimize the loss (e.g., a scalar objective £).

This modification shifts Y-drop from a representational importance guided regulariza-
tion method to an optimization relevance one, with neurons being assigned dropout rates
that more directly reflect their contribution to the model’s training dynamics.

Specifically positive Loss Conductance values indicate that the neuron contributes to
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increasing the loss (i.e., harming performance), negative values indicate that the neuron
contributes to decreasing the loss (i.e., helping performance) and values close to zero
suggest minimal influence on the loss.

This distinction necessitates inverting the dropout assignment logic in Y-drop: neu-
rons with low Loss Conductance values, those contributing the most to decreasing the
final loss (i.e., those performing better), are assigned higher dropout rates, while ones
with higher Loss Conductance values are assigned lower rates.

This new altered metric showcased larger improvements in performance and regular-
ization, indicating that its attributions offered more substantive information with regards

to the current work’s objective.

5.4.3 Computationally Cheaper Variants

Since generalized Y-drop requires a lot more computational resources, primarily due
to the double forward-backward passes required for Loss-Conductance calculation in
every iteration, we wanted to explore cheaper alternatives. The main hypothesis guiding
those efforts is that Generalized Y-drop’s impact is lessened in latter stages of training.

There are two possible roots for such behaviour: (1) Generalized Y-drop’s impact
may be mostly concentrated in the initial stages of training, creating a more balanced
neuron landscape that does not need further regularization after a certain point, or (2)
the mean Loss-Conductance per-unit value, or at least the relative difference/ranking of
neurons in the layer, may stabilize to a high extent after a certain point, making additional
recalculations less meaningful. Based on these assumptions two strategies are proposed
as a means to test the previous hypotheses as well as establishing beneficial less costly

variants.

Early Termination This strategy proposes disabling Generalized Y-drop after a certain

portion of training. After the termination point two alternative scenarios are proposed:

e Reverting to standard dropout, something based on the assumption that a suffi-

ciently equalized neuron landscape has already been built.

e Freezing the dropout rates to the last computed values for the rest of training,
something based on the assumption that the dropout rates would not change much

as relative Loss-Conductance values would not change much.

In practice, both variants, and especially the freezing rates one, were proved to be too
aggressive and resulted in substantial decrease in performance gains. This fact motivated

the development of more nuanced methods described in the next section.

Infrequent Updates The second strategy, instead of completely disabling Generalized
Y-drop, focuses on reducing the frequency of dropout rate updates. Instead of computing
Loss Conductance at every iteration and updating rates, this process is done with an
interval of x iterations, something that decreases the amount of updates being done

proportionally to the chosen interval. Two variants of this strategy are proposed as well:

Diploma Thesis



5.4.4 Application on Transformer Architectures

e Fixed interval, where a higher interval is chosen and maintained throughout train-

ing.

e Scheduled interval, where the interval starts from the value 1, as in the default

Generalized Y-drop setup, and becomes higher in the latter stages of training.

The scheduled approach is a more smooth way of testing the hypothesis that relative
Loss-Conductance values don’t shift that much in latter stages of training, but instead of
completely disabling the mechanism we accept that changes do take place but at a slower
pace. This implies that some updates are needed but they can become more sparse
without much performance loss.

Specifically a number of updates, mn,, is selected and the Generalized Y-drop portion
of training is split in ny, equal fractions. At every fraction the interval is increased by 1,
reaching a maximum value of ny, + 1.

While the fixed interval variant significantly decreased performance gains, due to what
we consider to be its impact on early stages of training, the scheduled variant showcased
the most promise out of all examined configurations. It achieved performance gains
comparable to the ones of standard Generalized Y-drop while substantially decreasing
the amount of additional passes required, something that proves the original hypothesis

and proves that cheaper variants are possible and viable.

5.4.4 Application on Transformer Architectures

In Transformer architectures, dropout is typically applied in two main components
within each block: (1) to the attention weights in the self-attention mechanism, and (2) to
the linear layers in both the attention and feedforward submodules. When attempting to
implement Y-drop in this setting, the method can be applied in a straightforward way to
the linear layers as their neuron activations are analogous to the linear layers of CNNs.
However, applying Y-drop to the attention weights introduces a fundamental difficulty.

Attention weights are not fixed activations but instead context dependent coefficients,
representing pairwise relationships between the input’s tokens. That implies that they
can vastly differ between inputs, and averaging their conductance values across samples
would have no semantic value, as the attention between two tokens in one input will
have no correlation to that between 2 other tokens in another. Consequently, it is not
meaningful to compute conductance across samples in the attention mechanism and
therefore Y-drop will not be applied to it in the following tests.

Instead, standard dropout is going to be used in the attention mechanism and the
Generalized Y-drop framework will only be applied in the linear layers.

Specifically, in the Vision Transformer architecture, Y-drop is applied to the model by
replacing the standard dropout after the linear projection layer of the attention submodule

and the two linear layers of the Feed-forward submodule.

Multiple Tokens. One key difference between Transformer architectures and CNNs is
that transformers process inputs as a sequence of multiple tokens. Each token is prop-

agated independently through linear layers, while the attention mechanism computes
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Figure 5.1. Showcasing per token distribution,with cls token highlighted with blue

pairwise relationships between them. Depending on the specific architecture and task,

not all tokens are used to generate or contribute equally to the final prediction.

For instance, in the Vision Transformer (ViT), an additional learnable classification
token ([CLS]) is appended to the start of the sequence. This token aggregates information
from all the other tokens through the attention mechanism and is used to generate the

final prediction.

Initially, when applying Y-drop in this architecture to compute the per-unit mean
conductance, conductance was averaged across inputs and across tokens. However,
after plotting the conductance values per token and per neuron in multiple layers and
batches, it was observed that the [CLS] token showcased a much richer and diverse
conductance distribution, while the rest of the tokens were relatively muted and had a
distribution closer to the uniform one. This could imply that the [CLS] token carries
most of the relevant gradient flow related to the output. Based on this observation, Y-
drop was altered to only use the [CLS] token conductance to calculate the per-unit mean

conductance, something that led to a measurable improvement in performance.

Residual Connections and Layer Normalization. Another key distinction between
Transformer architectures and CNNs used in the original Y-drop paper is the use of
residual connections and Layer Normalization (LayerNorm). Many of the layers where
Y-drop is applied are immediately followed by a residual connection followed immediately

by a LayerNorm operation.

In early experiments, conductance scores were computed after the LayerNorm layer
but after testing it was revealed that calculating conductance before it and before the
residual connection led to better performance. This improvement is likely due to the
residual connection blending the current layer’s activation with ones from previous layers.
This can in turn obscure the contribution of each individual neuron contribution and

worsen Y-drop’s rate assignment.
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5.4.5 Scaling Generalized Y-Drop/Dropout

In experiments with a lot of data augmentation, it was noticed that both Dropout and
Generalized Y-drop had a severe negative impact on performance. This issue became par-
ticularly pronounced in larger Transformer variants, where using either of the methods
caused the model to fail training altogether, with training collapsing after the warmup
period, training loss diverging, and validation accuracy approaching zero. We hypothe-
sized this was caused by the combination of heavy data augmentation and high dropout
in early layers, which resulted in too noisy inputs that disrupt representation formation.

Inspired by Drop-Path, we introduce Scaling Generalized Y-drop and Scaling Dropout
as a solution, in which the dropout rate is no longer constant across the model depth.
Instead, the rate starts from an initial value of O at the initial Transformer block and
linearly increases across blocks, reaching a selected maximum rate in the final block.
This alternate formulation made both methods viable in heavy-augmentation settings

and produced more competitive results.
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Chapter E

Experiments

6.1 Introduction

In this chapter, we present a comprehensive empirical evaluation of the methods and
modifications proposed in Chapter 5. We begin by giving a detailed description of the
experimental setup by presenting the various architectures, hyperparameter values and

training configurations that will be used in the various experiments.

We then analyze and compare the performances produced by each of our proposed
configurations. Instead of just presenting numerical results we provide interpretations
and explanations on why we think each method succeeds or fails that lead us to our
final decisions that led to the highest performance gains. Additionally we analyze settings
where our proposed method struggles and the cost behind each modification in regards

to the resulting performance gains.

Lastly the chapter concludes with a deeper theoretical analysis that uses the Loss-
Conductance metric and training dynamics to explain the impact Generalized Y-drop
had on the network both during training as well as the resulting model in evaluation.
Through it and some additional experiments provide valuable insights on what aspects
of the method actually led to the previously mentioned gains, how behaviour changes in
regards to model depth and the information that the Loss-Conductance metric provides

on how deep-learning architectures function.

6.2 Experimental Setup

6.2.1 Introduction

This section explains the experimental setup used in this work, by giving a short de-
scription of the various architectures, datasets, hyperparameters, and additional training
settings that will be used in the latter experiments. It provides the base setting for each
combination of model/dataset that will be used, and any change to that baseline will be

mentioned clearly.
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6.2.2 Architectures

This work was mainly focused on Transformer architectures; preliminary experiments
were conducted on CNNs to verify that the proposed regularization methods can be helpful
during training, before moving on to the larger Transformer models that require a lot more

resources and time to train. In this section we describe the architectures that were used.

CNN. Two different CNN architectures were used, referred to as M1 and M2. Both
models share the same convolutional backbone consisting of three convolutional layers
with 96, 128, and 256 filters respectively, each having a 5 X 5 receptive field and a stride
of 1 pixel. After every convolutional layer, Batch Normalization and a ReLU activation are
applied, followed by 3 X 3 max pooling with a stride of 2 pixels. The two models differ only
in the structure of their feedforward layers. Model M1 has two fully connected layers with
2048 units each, while Model M2 has three fully connected layers with 4096 units each.
All linear layers are followed by ReLU activations and a dropout module, which in these

experiments is replaced by the generalized Y-drop module.

Transformers. Most experiments were conducted using the Vision Transformer (ViT)
architecture. Three common model sizes were used: ViT-Tiny, ViT-Small, and ViT-Base,
with differences in embedding dimension and number of heads, as summarized in Ta-
ble 6.1.

Table 6.1. ViT model sizes used in experiments.

Model ViT-Tiny ViT-Small ViT-Base
Embedding Dimension 192 384 768
Number of Heads 3 6 12
Number of Blocks 12 12 12
Parameters 5M 22M 86M
Resolution 224x224 224x224 224x224

Moreover, to assess generalized Y-drop compatibility with heavy data augmentation,
some tests are performed on the widely used variant of ViT, the Data-Efficient Image
Transformer (DeiT) [109]. DeiT preserves the underlying ViT architecture while including
techniques like label smoothing and a variety of data augmentation techniques described
in earlier sections such as Repeated Augmentation, RandAugment, Mixup, CutMix, and
Random Erasing. The original paper also suggests an additional knowledge distillation
mechanism that was not used in this work to isolate the impact of regularization methods.
As DeiT retains the base ViT architecture, the same Tiny, Small, and Base variants will

be used.

6.2.3 Datasets

Three different widely applied datasets are being used: the CIFAR-10, CIFAR-100 and

ImageNet- 1k datasets that allow evaluation of the proposed methods with data of different
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scale and complexity.

CIFAR datasets. The CIFAR-10 and CIFAR-100 datasets consist of the same 60,000
colour images of size 32 X 32, with 50,000 of them in the training set and 10,000 in the
test set. The difference between them is the amount of possible classes as CIFAR-10
contains 10 distinct classes, making it a relatively simple vision task, while CIFAR-100

divides the images into 100 fine-grained classes making it a more challenging task [110].

ImageNet-1k. ImageNet-1Kk is a large-scale dataset containing 1.28 million training im-
ages and 50,000 validation images, that are commonly used as a test set since the test
images were never made public. The images are split into 1000 classes of diverse real-
world scenes and have varying resolutions. ImageNet-1k is considered the gold standard
benchmark for large vision classification models and is commonly used across bibliogra-
phy [111].

The CIFAR datasets were used in the CNN experiments as well as in many of the ViT-
Tiny tests, where their resolution was increased to 224 X 224. They provided the basis of
many of our findings and ablation analysis due to the faster training times they require.
Nonetheless, due to their limited size they quickly overfitted in larger architectures, mak-
ing their results unreliable indicators of performance.

Instead, using the findings from the CIFAR test, larger ViT variants and DeiT models
were trained on the ImageNet- 1k dataset that provides the necessary scale and complexity

for such architectures.

6.2.4 Training Details

This section summarizes the training settings used across all experimental runs in
each architecture/dataset. The hyperparameters remain constant across tests except

when clearly mentioned in Generalized Y-drop specific hyperparameters.

Amount of runs. All results showcased are from multiple runs with different seeds
showcasing the average maximum accuracies as well as the standard deviation from it.
Tests with the CIFAR-10 and CIFAR-100 datasets were done using 5 different seeds while

ImageNet tests due to the increased cost were done using 3 seeds.

Generalized Y-drop Parameters. Across experiments Generalized Y-drop was config-
ured with elasticity a = 0.01, annealing factor K = 10% of total epochs. Conductance
and Loss Conductance were calculated using 5 linear interpolation steps (nsteps = 5) and
based on this number the amount of samples being used for the per unit-mean was equal
to one fifth of the selected batch size. This way the amount samples, Nsamples, passing
through the model on the conductance calculation step is equal to the one in the training
step. Thus experiments using a batch size of 256 used nsamples = 51 and ones with batch

size of 1024 used ngamples = 204 respectively.
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For CNN experiments both standard dropout and Generalized Y-drop used a mean
dropout rate ppean = 0.35 and the latter a maximum rate of py,x = 0.7 while in Trans-
former experiments as is common in literature dropout rate is pypean = 0.1 and the max

rate was selected as ppax = 0.5.

CNN Training. As CNN tests mostly took place as sanity checks most hyperparameters
were chosen arbitrarily without extensive tuning to achieve the optimal performance.
The two CNN models were trained for 150 epochs using a batch size of 256 and a fixed
learning rate of 0.001. All results showcased are from 5 runs with different seeds showing

the average maximum accuracy of each run as well as the standard deviation from it.

ViT CIFAR Training. Experiments on ViT-Tiny with CIFAR-10 and CIFAR-100 were
conducted with a batch size of 256, base learning rate 0.001 with cosine annealing,
weight decay 0.05, and 10 warmup epochs. Models trained on CIFAR-10 ran for 400
epochs, while CIFAR-100 models were trained for 300 epochs. Similarly to the CNN tests
all results showcased are from 5 runs with different seeds showing the average maximum

accuracy of each run as well as the standard deviation from it.

ViT/DeiT ImageNet Training. ImageNet tests both on ViT and DeiT models used the
same settings as the CIFAR-ViT configuration, except for an increased batch size of 1024.

They were all trained for 300 epochs, matching standard practice for these architectures.

Comparison with Drop-Path. In Transformer tests, in addition to comparing General-
ized Y-drop with standard dropout, a comparison with Drop-Path is done. Drop-Path is
generally applied with a rate that is linearly increasing across blocks, starting from a rate
of 0 in the first block up to max drop rate in the last block. To ensure a fair comparison
the max rate was set to 0.2, to yield a model-wise average rate of 0.1 matching the one
used in Dropout and Generalized Y-drop.

The only exception to this are the final DeiT tests where a max rate of 0.1 is used
like in the original DeiT paper. This change is done since in those tests we compare
Scaling Generalized Y-drop and Scaling Dropout to the default Drop-Path that are applied
in the same block-wise manner and were made to match the default drop rate for the

architecture.

6.3 Dropout Rate Assignment

6.3.1 Introduction

This section will test and compare the two proposed dropout rate assignment methods
introduced in Section 5, Ranking Rates and Relative Rates, and examine their impact on
model performance across both CNN and Vision Transformer (ViT) architectures. All
experiments in this part use the standard Conductance metric like the original Y-drop to

isolate the effect of rate-assignment. The methods will be compared to select the more
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robust option across architecture. Specifically on the ViT architectures the methods will
be tested with multiple max dropout rate values, pmax, to further reduce ambiguity on
the optimal method selection as well as discovering the optimal hyperparameter value for
further tests.

Simultaneously the comparison is a way of comparing how Conductance values should
be interpreted for regularization purposes, whether the magnitudes and relative distances
contain meaningful information that should be integrated into the dropout rate selections,
or if they are just ranking them is a better approach as gradient based attribution methods

like Conductance are prone to noise due to gradient variability and artifacts.

Finally we evaluate whether the two optional steps from the Relative and Ranking
Rates formulations, to assess if they can improve performance while also giving us insights
into the regularization effect of Generalized Y-drop. In Relative rates, we test the effect
winsorization, where the top and bottom x% of values are clipped, allowing us to assess the
influence of outliers on dropout rate assignment. For Ranking rates, we examine raising
the exponent of the rank normalization above the default value of 1, thereby sharpening
the rate distribution, to determine whether stronger emphasis on the highest- or lowest-

ranked neurons yields further benefit.

6.3.2 Method Comparison

CNN. We first compare the two dropout-rate assignment methods using the CNN ar-
chitectures M1 and M2. Across both models, Ranking Rates consistently provide larger
performance gains than Relative Rates. The difference is especially clear in the smaller M1
model, where Relative Rates yield almost no improvement, while Ranking Rates showcase

a noticeable boost in accuracy.

Table 6.2. Test accuracy (%) of CNN models on the CIFAR-100 dataset reported as mean
+ standard deviation across 5 runs.

CIFAR-100

Method M; M,

Accuracy AY-drop Accuracy AY-drop

Dropout 60.35 + 0.44 - 59.02 + 0.38 -

Y-Relative  60.39 + 0.46 +0.04 59.31 + 0.58 +0.29
Y-Ranking 60.67 + 0.45 +0.32 59.73 + 0.22 +0.71

Another important observation is that in the larger M2 architecture, that showed clear
signs of overfitting as it underperformed the smaller M1, the benefits of the method are
a lot more pronounced, especially with Ranking Rates where the accuracy gain is double
that of the M1 model. This showcases that the method can be a lot more effective and

produce significant gains in models that require more regularization.
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ViT. The evaluations on the ViT-Tiny architecture reveal similar trends. The highest
performance is again achieved with Ranking Rates when pp,x = 0.5, mirroring the be-
haviour observed in CNNs. These results make us conclude that Ranking Rates, which
are scale-invariant and less dependent on the exact distribution of Conductance values,

are more robust to the noise inherent in gradient-based attribution metrics.

Table 6.3. Test accuracy (%) of ViT-Tiny model on the CIFAR- 100 dataset using the different
generalized Y-drop methods across different pmqx values reported as (mean + std over 5
runs). AY-drop is the absolute change vs. Dropotit.

ViT-Tiny (CIFAR-100)

Method Y-Ranking Y-Relative

Accuracy AY-drop Accuracy AY-drop

Dropout 68.08 + 0.34 - 68.08 + 0.34 -
Drop-Path 65.99 + 0.05 -2.09 6599+0.05 -2.09

G. Y-drop pmax 0.3 68.24 + 0.53 +0.16 68.23+0.42 +0.15
G. Y-drop pmax 0.5 68.46 + 0.30 +0.38 68.23 +0.23 +0.15
G. Y-drop pmax 0.7 68.29 + 0.33 +0.21 6830+045 +0.22

When it comes to the different pp.x values being tested we observe that too small
values like ppax = 0.3 lead to the worst and most unstable result, as can be seen the big
increase in standard deviation. This implies that a broader range of dropout rates helps
performance gains, likely due to it enabling stronger penalization of the most important
neurons. On the other hand, despite large values like pp.x = 0.7 performing relatively
well, it produces slightly worse and more unstable results than pp,x = 0.5 implying that
overly aggressive dropout rate assignment can be detrimental. These findings together

indicate that pyax is an important hyperparameter requiring careful tuning.

6.3.3 Winsorization.

To evaluate whether extreme outliers in the Conductance distribution skew the dis-
tribution and result in suboptimal dropout rate assignment that hurts performance, we
test clipping the top and bottom 1% of values before rate assignment. Contrary to the
hypothesis this change significantly degraded performance, indicating that detecting and
punishing those extreme outliers is the key of the main benefit of the Generalized Y-drop
method.
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Figure 6.1. A histogram of the mean dropout rate assigned to neurons of a layer across an

epoch using Ranking Rates.

Table 6.4. Test accuracy (%) of ViT-Tiny on CIFAR-100 for Y-Relative with different pmax
and winsorization settings (mean + std over 5 runs). AY-drop is the absolute change vs.

Dropout.

ViT-Tiny (CIFAR-100)

Method Accuracy AY-drop
Dropout 68.08 + 0.34 -
Y-Relative pp.x = 0.5 68.23 + 0.23 +0.15
+1% winsorization 68.17 + 0.22 +0.09
Y-Relative ppax = 0.7 68.30 = 0.45 +0.22
+1% winsorization 68.16 + 0.37 +0.08

6.3.4 Distribution Sharpness.

For Ranking Rates, we test increasing the power exponent from the standard value of

1 to 2, thereby producing rates more sharply concentrated around extreme values. This

change slightly degraded the performance as well and indicates there exists a delicate bal-

ance to punishing extreme values, and overly aggressive regularization may be damaging,

similarly to higher pn.x values.

Diploma Thesis



Chapter 6. Experiments

Table 6.5. Test accuracy (%) of ViT-Tiny on CIFAR-100 for Y-Ranking with different power
settings. (mean + std over 5 runs). AY-drop is the absolute change vs. Dropout.

ViT-Tiny (CIFAR-100)

Method Accuracy AY-drop

Dropout 68.08 + 0.34 -

Y-Ranking power 1 68.46 + 0.30 +0.38
Y-Ranking power 2 68.36 + 0.43 +0.28

6.3.5 Conclusion.

Results in the tests showcased before indicate that the new more general and sim-
plified formulations of dropout rate assignment result in improved regularization in both
architectures tested with their effect being more pronounced when higher regularization
is necessary. Ranking Rates especially, showcase superior performance across architec-
tures indicating that methods less dependent on the exact conductance distribution are
more stable and can avoid possible issues with the noise usually found in gradient based
attribution metrics like Conductance.

Lastly the results with different py.x values as well as the Winsorization and Distribu-
tion Sharpness tests showcase that the primary advantage of Generalized Y-drop lies in
its ability to appropriately penalize neurons with extreme Conductance values, but over
amplifying the punishment of such neurons may harm performance thus a balanced ap-
proach should be selected. From this point onward all tests will take place using Ranking

Rates and when noting something as Y-drop it will be the same as Y-Ranking.

6.4 Loss Conductance

6.4.1 Introduction

The aim of this section is to evaluate our introduced metric, Loss Conductance, on
how well it performs in the Generalized Y-drop framework. The tests from the previous
sections, both with CNNs as well as ViT-Tiny Transformers, will be repeated with the
alternate formulation and in the ViT case the method will also be evaluated on the CIFAR-
10 dataset.

These tests are done to compare this new metric compared to the standard Con-
ductance and measure whether the more task-oriented formulation of attributing to the
loss rather than the final prediction will produce a more appropriate neuron importance
ranking that will result in a more targeted dropout rate assignment and more effective
regularization.

Lastly we will compare the progress of training and validation loss during the train-
ing of the ViT-Tiny model when using Generalized Y-drop with Loss Conductance and
standard dropout. This aims to visually showcase the regularization impact the method

produces using the introduced metric.
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6.4.2 Results

Across all architectures and datasets, Loss Conductance produces a slight but con-
sistent improvement compared to standard Conductance. These results suggest that
the loss-oriented attribution signal is more directly aligned with the model’s optimization

process, and thus provides more informative guidance for dropout rate assignment.

Table 6.6. Test accuracy (%) of CNN models on the CIFAR-100 dataset using Y-drop with
Loss Conductance vs standard Conductance, reported as mean + standard deviation across
5 runs.

CIFAR-100

Method M, M,

Accuracy AY-drop Accuracy AY-drop

Dropout 60.35 + 0.44 - 59.02 + 0.38 -

G. Y-drop 60.67 + 0.45 +0.32 59.73 + 0.22 +0.71
G. Y-drop Loss 60.80 + 0.39 +0.45 59.84 +0.41 +0.82

Table 6.7. Test accuracy (%) of ViT-Tiny model on the CIFAR-100 and CIFAR-10 datasets
using Y-drop Loss Conductance vs standard Conductance reported as (mean + std over 5
runs). AY-drop is the absolute change vs. Dropout.

ViT-Tiny

Method CIFAR-100 CIFAR-10

Accuracy AY-drop Accuracy AY-drop

Dropout 68.08 + 0.34 - 91.91 + 0.32 -
Drop-Path 65.99 + 0.05 -2.09 90.8 + 0.25 -1.11
G. Y-drop 68.46 = 0.30 +0.38 92.25+0.17 +0.34

G. Y-drop Loss 68.55 + 0.28 +0.47 92.34 +0.22 + 0.43

6.4.3 Train-Validation Loss Comparison

To showcase how Generalized Y-drop using Loss Conductance affects training we
compare training and validation curves it produces compared to the ones of standard

dropout.
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Figure 6.2. Training and validation loss curves for ViT-Tiny on CIFAR-100 Dropout vs.
Generalized Y-drop(left: actual values for both runs, right: difference between training and
validation loss in both runs).

We notice that the model trained with Generalized Y-drop produces a wider gap be-
tween training and test loss as training progresses. Training loss remains higher while

validation loss keeps on decreasing, achieving a lower low at the end of training.

This is a clear pattern of improved regularization as the model avoids memorizing
training data and overfitting on specific characteristics, instead learning more general
and robust patterns about the task. This showcases that the penalization of neurons
that influence the loss highly does indeed manage to regulate neurons from dominat-
ing prediction and learning superficial features that strongly lessen train loss but don’t

generalize in new data.

6.5 Token Selection and Layer Normalization

6.5.1 Introduction

In the previous ViT experiments, the dropout rate assignment relied exclusively on
standard or Loss Conductance values from the [CLS] token, computed after Layer Nor-
malization, in layers that are followed by residual connections. Since both these design
choices may significantly shape the attribution signal, this section’s experiments are
meant to evaluate whether they produce the optimal results and explore how the metrics

interact with the architectural elements specific to Transformers.

6.5.2 Token Selection

Plotting the Loss Conductance values of all tokens revealed that the [CLS] token attri-
butions are the most varied while the rest remain more muted and uniform. As a result
they were selected to be the sole token to dictate the dropout rate assignment. To make
sure this assumption was correct, we repeat the previous tests using the mean of all

tokens instead and compare the results to the ones produced with the [CLS] token.
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Table 6.8. Test accuracy (%) of ViT-Tiny model on the CIFAR-100 and CIFAR-10 datasets
using different token selection methods for Generalized Y-drop reported as (mean + std over
5 runs). AY-drop is the absolute change vs. Dropout.

ViT-Tiny

Method CIFAR-100 CIFAR-10

Accuracy AY-drop Accuracy AY-drop

Dropout 68.08 + 0.34 - 91.91 + 0.32 -

G. Y-drop Loss Token Mean 68.46 + 0.30 +0.38 92.25 + 0.17 +0.34
G. Y-drop Loss CLS Token 68.55 + 0.28 +0.47 92.34 + 0.22 +0.43

The results in both datasets show that incorporating all tokens led to a consistent
decrease in performance. This is likely caused by the nature of the [CLS] token, which
aggregates information from all tokens through the attention mechanism, while the rest
of the tokens contain more localized and muted activations in comparison. As a result,
averaging these weaker signals effectively dilutes the more meaningful [CLS] attributions
and degrades the quality of the importance ranking used for dropout rate assignment.

These results indicate that in multi-token architectures, the choice of attribution token
is critical and tokens that serve as information sinks, like the [CLS] token, may provide

the more reliable estimations.

6.5.3 Layer Normalization

In the ViT architecture, two of the three linear layers in each block to which Generalized
Y-drop is applied are immediately followed by residual connections and a LayerNorm
operation. This raises the question of whether it should be computed before LayerNorm,
to isolate the contribution of the layer, or after LayerNorm, to capture the true output

that is produced at this section of the architecture.

Table 6.9. Test accuracy (%) of ViT-Tiny model on the CIFAR-100 and CIFAR-10 datasets
using Y-drop with metrics calculated before Layer Normalization vs after reported as (mean
+ std over 5 runs). AY-drop is the absolute change vs. Dropout.

ViT-Tiny

Method CIFAR-100 CIFAR-10

Accuracy AY-drop Accuracy AY-drop

Dropout 68.08 + 0.34 - 91.91 + 0.32 -
G. Y-drop af. Norm 68.46 = 0.30 +0.38 92.25 £ 0.17 +0.34
G. Y-drop bf. Norm 68.36 + 0.36 +0.28 92.27 + 0.33 +0.36

G. Y-drop Loss af. Norm 68.55 + 0.28 +0.47 92.34 + 0.22 +0.43
G. Y-drop Loss bf. Norm 68.85 +0.06 +0.77 92.38 +0.19 + 0.47

The tests are done both with standard and Loss Conductance and results differ across
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metric. In standard Conductance, when calculating before layer normalization the per-
formance slightly increases in CIFAR-10 but falls more sharply in CIFAR-100, and in
both cases the standard deviation increases. On the other hand, with Loss Conductance,
computing attributions before LayerNorm yields improved accuracy on both datasets,
particularly on CIFAR-100, and results in lower variability across runs.

This indicates that avoiding residual information when calculating Loss Conductance
led to a clearer and more meaningful attribution signal, resulting in an even greater
performance gain from the method as well as greater stability in training. Moreover, with
this change in both datasets, Generalized Y-drop with Loss Conductance achieved the

best performance of every combination so far.

6.5.4 Conclusion

The experiments confirm that [CLS]-only attribution outperforms token-averaged at-
tribution, a sign of the importance of selecting meaningful tokens in multi-token archi-
tectures to maximize Generalized Y-drop performance. Additionally, removing residual
connections and Layer Normalization impact when computing Loss Conductance, by cal-
culating it before LayerNorm, provides better attribution scores and leads to improved
and more stable results.

Based on these findings we have understood more clearly the interaction of the mech-
anism with many aspects of the ViT architectures and to get the maximum benefit all
further tests will be done using Loss Conductance values of the [CLS] tokens computed

before LayerNorm.

6.6 Hyperparameter Impact

6.6.1 Introduction

This section evaluates the influence of several key hyperparameters on the effective-
ness of Generalized Y-drop. As the values for the two primary hyperparameters, mean
dropout rate pmean and the max dropout rate pp.x, have already been selected in pre-
vious sections, we want to evaluate many secondary hyperparameters in order to get
insights on where the gains of the method are rooted and attempt to maximize them. The

hyperparameters tested here are:

e Elasticity a
e Annealing factor K(%)
e Number of linear interpolation steps rgeps

e Number of samples used in conductance estimation ngypies

Elasticity a is meant to help us understand how the weighted average Generalized
Y-drop uses for the dropout rescaling trick impacts results and how sensitive the model

is to quicker and slower change.
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Annealing factor K is meant to help us understand how early in the training the
method should be applied and at what point the Loss Conductance scores start providing
meaningful attribution signals.

Lastly ngieps and nsamples both of which influence the quality and stability of the esti-
mated mean Loss Conductance per unit and can have a significant impact in performance.
Either through using more samples to get a more reliable estimate of neuron importance
across the data distribution or using more linear steps to capture finer-grained loss sen-

sitivity, we want to see if the additional cost these changes require produce better results.

6.6.2 Elasticity

To test the sensitivity of the method to the rescaling mechanism, we use double and
half the original a = 0.01 elasticity, to see if faster or slower changes in each update can
help stabilize the rescaling trick more. Results show minimal performance variation when
either doubling or halving the value, indicating that the method does not heavily rely on

the value and an arbitrary small value will produce stable results.

Table 6.10. Test accuracy (%) of ViT-Tiny on CIFAR-100 for Y-drop with different elasticity
values. (mean =+ std over 5 runs). AY-drop is the absolute change vs. Dropout.

ViT-Tiny (CIFAR-100)

Method Accuracy AY-drop

Dropout 68.08 + 0.34 -

Elasticity a=0.005 68.77 + 0.39 +0.69
Elasticity a=0.01 68.85 £+ 0.06 +0.77
Elasticity a=0.02 68.83 + 0.46 +0.75

6.6.3 Annealing Factor

Several switching points from dropout to Generalized Y-drop were tested to evaluate

how early or late the method must be activated to be the most effective.

Table 6.11. Test accuracy (%) of ViT-Tiny on CIFAR-100 for Y-drop with different annealing
factor values. (mean + std over 5 runs). AY-drop is the absolute change vs. Dropotut.

ViT-Tiny (CIFAR-100)

Method Accuracy AY-drop

Dropout 68.08 + 0.34 -

Ann. Factor K=0(%) 68.89 + 0.30 +0.81
Ann. Factor K=5(%) 68.92 + 0.25 +0.84
Ann. Factor K=10(%) 68.85 + 0.06 +0.77
Ann. Factor K=20(%) 68.45 + 0.28 +0.37
Ann. Factor K=50(%) 68.37 + 0.22 +0.29
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Results indicate that an early activation is necessary to show significant gains in

performance, and switching after 20% of training epochs more than halves the benefit.

Moreover, unlike the original bucket-based Y-drop, the generalized version, which
does not cause as large shifts in dropout rates, can produce significant gains even when
activated from the beginning, despite Loss Conductance values not being as meaningful
at this stage. This is likely a result of the smoother rate assignments leading to less
disruptive training dynamics.

Nonetheless, the optimal window of activation still lies around 5% of training and

results in the highest accuracy more consistently.

6.6.4 Linear Interpolation Steps

In these tests, it was evaluated whether increasing or decreasing the number of in-
terpolation steps, ngteps, in the conductance calculation procedure yields more or less

informative metric estimates.

While increasing the number of steps might in principle capture finer-grained loss
sensitivity with less noise, doing so greatly increases computational cost, since each
additional step multiplies the number of samples requiring a forward-backward pass.
This section aims whether that additional cost is justified by performance gains or if a

smaller number of steps suffices.

Table 6.12. Test accuracy (%) of ViT-Tiny on CIFAR-100 for Y-drop with different interpo-
lation step amount values. (mean * std over 5 runs). AY-drop is the absolute change vs.
Dropout.

ViT-Tiny (CIFAR-100)

Method Accuracy AY-drop

Dropout 68.08 + 0.34 -

Neeps=2  68.35+0.28  +0.27
Neteps=3 ~ 68.53+0.14  +0.45
Neteps=B ~ 68.85 + 0.06  +0.77
Neteps=10  68.90 + 0.21  +0.82
Neteps=20 68.92 + 0.27  +0.84

The results showcase that increasing the performance does improve with more inter-
polation steps, but the gains diminish rapidly beyond five steps. While moving from two to
five steps yields a notable improvement, indicating that there is value in capturing more
detailed conductance estimates, further increasing to ten or twenty steps only marginally
enhances accuracy, making the additional computational cost unjustifiable. Therefore it
is concluded that five interpolation steps strike a good balance between performance and

efficiency.

m Diploma Thesis



6.6.5 Conductance Calculation Samples.

6.6.5 Conductance Calculation Samples.

Finally, the number of samples used to compute per-neuron mean loss conductance
is tested. Using more samples should, in theory, provide a more reliable estimate of
neuron importance across the data distribution, but it also increases cost proportionally,

similarly to the interpolation steps of the previous section.

Table 6.13. Test accuracy (%) of ViT-Tiny on CIFAR-100 for Y-drop with different sample
amount values. (mean + std over 5 runs). AY-drop is the absolute change vs. Dropout.

ViT-Tiny (CIFAR-100)

Method Accuracy AY-drop

Dropout 68.08 + 0.34 -

Neamples = 26 68.64 + 0.17  +0.56
Neamples = 51 68.85 +0.06  +0.77
Neamples = 102 68.98 + 0.23  +0.90
Neamples = 204  69.26 + 0.34  +1.18

The results indicate a strong positive correlation between number of samples and
model performance. Increasing the number of samples produces significantly better re-
sults, implying that the current sample size (51 samples per update) does not fully capture
which neurons consistently drive the loss.

However, the increased computational expense makes such large-sample variants im-
practical, especially in Transformer architectures. This highlights a limitation of Y-drop:
more accurate conductance estimates can improve performance, but the cost of obtaining
them grows quickly, something that may be even more apparent in larger datasets where

a larger amount of samples is necessary to capture the image of the dataset.

6.6.6 Conclusion

The hyperparameter tests provided useful information on various aspects of the method.

e The method is insensitive to the choice of elasticity, allowing small default values

without careful tuning.

e The annealing factor must remain small, with Generalized Y-drop being active for

as many epochs as possible except for very few at the start of training.

e Increasing interpolation steps does not meaningfully improve performance, despite

the theoretically more detailed estimates, and is not worth the additional cost.

e Increasing the number of samples used to compute Loss Conductance significantly
enhances performance, indicating that a more general view of the dataset in each
update is key to better results, but it comes with heavy additional computational

cost.
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Figure 6.3. Validation loss for ViT-Tiny on CIFAR-100 vs. wall-clock time for Dropout vs.
Generalized Y-drop.

Together these results indicate that to further enhance Generalized Y-drop one must
focus mostly on applying it for more training epochs and with a larger sample of the

dataset in each update, two changes that both further increase the cost of the method.

6.7 Computational Cost Reduction Attempts

6.7.1 Introduction

The biggest limitation of the Generalized Y-drop framework is the additional compu-
tational cost introduced by the second forward-backward pass required to calculate Loss

Conductance at every iteration.

A visual representation of the additional cost can be seen when comparing the vali-
dation loss curve in regards to clock time as seen in image 6.3. Despite the fact that the
model trained with generalized Y-drop achieves a smaller final validation loss, it requires a

lot more time and resources, something that highlights the need for cheaper alternatives.

This section aims to evaluate the proposed computationally cheaper variants of Gener-
alized Y-drop presented in section 5.4.3. Those include early termination and infrequent
update strategies that plan to reduce the amount of Loss Conductance calculations and

dropout rate updates while achieving analogous performances to the default formulation.

6.7.2 Early Termination

Early termination strategies propose deactivating Generalized Y-drop after a certain
percentage of training by either switching back to standard dropout or freezing the rates

to the one of the final updates for the rest of training.

m Diploma Thesis



6.7.3 Infrequent updates

Table 6.14. Test accuracy (%) of ViI*Tiny on CIFAR-100 for Y-drop with different early
termination strategies. (mean + std over 5 runs). AY-drop is the absolute change vs.
Dropoutt.

ViT-Tiny (CIFAR-100)

Method Accuracy AY-drop

Dropout 68.08 + 0.34 -

G. Y-drop 50(%) of training then freeze 68.26 + 0.28 +0.16
G. Y-drop 50(%) of training then dropout 68.35 + 0.19 +0.27
G. Y-drop 75(%) of training then freeze 68.47 £ 0.28 +0.39
G. Y-drop 75(%) of training then dropout 68.62 + 0.19 +0.54
G. Y-drop 100(%) of training 68.85 + 0.06 +0.77

Results showcase that Generalized Y-drop provides substantial regularization across
the entire training process. The earlier Y-drop is disabled the lesser are the performance
gains. Especially when freezing the rates, the impact is greatly reduced, indicating that
the relative importance of neurons keeps evolving throughout training and the frozen
rates are outdated and are misaligned to the model’s current state. This results in them

being more harmful than simply having the equal rates of the standard dropout.

6.7.3 Infrequent updates

Infrequent update strategies propose raising the interval between updates to more
iterations than the default one. These are applied both with a fixed larger interval across
the whole training or a scheduled approach where the interval increases by one in nup

steps.

Table 6.15. Test accuracy (%) of ViT-Tiny on CIFAR-100 for Y-drop with different sample
amount values. (mean + std over 5 runs). AY-drop is the absolute change vs. Dropout.

ViT-Tiny (CIFAR-100)

Method Accuracy AY-drop
Dropout 68.08 + 0.34 -

G. Y-drop interval 1 68.85 + 0.06 +0.77
G. Y-drop interval 2 68.48 + 0.32 +0.40
G. Y-drop interval 5 68.30 + 0.37 +0.22

G. Y-drop scheduled n,,=1 68.65 + 0.22 +0.57
G. Y-drop scheduled n,,=2 68.79 £ 0.17 +0.71

Results showcasing that a fixed larger interval leads to a consistent performance
decline that grows along with the interval. Especially with interval equal to five the
performance gains are almost eliminated.

On the other hand the scheduled approach showcases a lot more promise, as per-
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formance gains remain substantial despite the lessening of updates. Especially for nup
= 2 the performance is almost the same as the standard method with interval 1 despite
requiring approximately 40% fewer conductance calculations.

These results prove the initial hypothesis behind the scheduled approach, that indeed
relative neuron importance does continue to evolve in latter stages of training but more
slowly, making more infrequent updates viable. Therefore, with appropriate scheduling,
generalized Y-drop can indeed produce substantial performance gains without the exces-
sive additional computational costs, something that can open up a path for future efficient

implementations.

6.7.4 Conclusion

The previous experiments showcased that Generalized Y-drop continues to influence
training throughout all phases, and prematurely disabling it leads to an analogous re-
duction in performance. Moreover, the relative importance of neurons within each layer
continues to evolve even in the later stages of training, indicating that simply freezing
dropout rates is ineffective.

However, the strong performance of the scheduled interval variant proves the hypoth-
esis behind its conception, that although neuron importance does change over time, the
rate of change decreases as training progresses. This observation opens the door to a
range of scheduling strategies in which dropout rates are updated more frequently during
the early, rapidly evolving stages of training and less frequently thereafter.

Strategies like these can be a key way of preserving the improved regularization meth-
ods while substantially decreasing the computational cost, making the Generalized Y-drop

more practical for real world and large scale applications.

6.8 Imagenet, Larger Transformers and Data Augmentation

6.8.1 Introduction

As the previous tests were only conducted with the Tiny variant of ViT we wanted to
assess whether the benefits benefits previously reported remain as model size increases,
additional experiments were done using the ViT-Small and ViT-Base architectures. Since
CIFAR-10 and CIFAR-100 that were previously used are too small for such high capacity
models and would lead to quick overfitting regardless of the regularization strategies, the
widely used ImageNet-1k dataset is selected.

The change of dataset also provides an additional challenge to the Y-drop model since
now, the amount of samples used for each conductance update is smaller fraction of the
whole train set compared to the CIFAR tests (6.4 smaller fraction) while also being smaller
to the amount of classes in the dataset (~ 20% the amount of classes, compared to ~ 50
in the CIFAR-100 tests). Since we know that the amount of samples is a vital parameter
for final performance, this will test how the method performs with less information.

Lastly in this section some the Generalized Y-drop will be tested on the DeiT architec-

ture to evaluate whether the framework can produce better regularization under heavy
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data augmentation.

6.8.2 Larger Vision Transformers

We trained the ViT-Small and ViT-Base on Imagnet-1k using Generalized Y-drop and
in both cases it resulted in improved final predictions with slightly less standard de-
viation. These results showcase that even with a more challenging dataset and larger
models Generalized Y-drop can provide improved regularization and combat overfitting

than standard dropout.

Table 6.16. Test accuracy (%) of Larger Vit Architectures on the ImageNet dataset reported
as mean + standard deviation across 3 runs.

ImageNet

Method ViT — Small ViT — Base

Accuracy AY-drop Accuracy AY-drop

Dropout 76.3 = 0.26 - 76.14 + 0.32 -
Drop-Path  74.51 £ 0.16 -1.79 73.93 + 0.18 -2.11

G.Y-drop 76.79 £+0.21 +0.49 76.70 +0.20 +0.56

The gains could be even more pronounced if the method was initialized earlier or
more samples were used, to get a more representative image of the whole dataset in
each update, nonetheless even under those more challenging settings the method proved

effective.

6.8.3 DeiT Tests

Vision Transformers are known to benefit substantially from training with heavy data
augmentation, a fact demonstrated prominently in the DeiT architecture [109]. DeiT pre-
serves the underlying ViT architecture while including techniques such as RandAugment,
Mixup, CutMix and Random Erasing which have shown to greatly improve accuracy and
training stability on ImageNet. Subsequent popular transformer architecture, such as
the Swin Transformer [112] have also adopted many of these augmentations and have
achieved stronger results. Another key difference in those architectures is that they
have replaced the standard dropout with Drop-Path (stochastic depth) in the Transformer
blocks. Both DeiT and Swin report that Drop-Path yields superior results to Dropout in
regularization in their architecture.

Nevertheless, it is important to evaluate whether the improved, Generalized Y-drop
introduced in this work can match or surpass Drop-Path under the same conditions. In
these tests the AY-drop metric will report the difference between Generalized Y-drop and

Drop-Path is the used baseline, as opposed to Dropout in previous sections.

Initial DeiT tests. When first evaluating our method on DeiT models, regularization

settings were kept the same as the ViT tests with drop rate being set at 0.1 across all
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layers and drop-path being tested with a max value of 0.2.

Table 6.17. Test accuracy (%) of DeiT-Tiny on the ImageNet dataset using Generalized
Y-drop reported as mean + standard deviation across 3 runs.

DeiT-Tiny (ImageNet)

Method Accuracy AY-drop

Drop-Path 71.07 + 0.18 -
Dropout 68.80 + 0.34 -2.27

G.Y-drop 69.20 + 0.09 -1.87

Results from these runs were discouraging. In DeiT-Tiny, despite Generalized Y-drop
outperforming standard dropout, they were severely inferior to Drop-Path. The situation
was even worse for the DeiT-Base architecture where both dropout and Generalized Y-
drop failed to train altogether. Training collapsed after the warmup period,training loss
diverged and validation accuracy approached zero.

We hypothesized that this was caused due to the combination of heavy data augmen-
tation and high dropout in early layers, which resulted in too noisy inputs that disrupt

representation formation.

Scaling Generalized Y-drop tests. The previous results motivated the development of
the Scaling Generalized Y-drop and Scaling Dropout shown in section 5.4.5. In these
tests both these methods as well as Drop-Path are chosen to have a max drop rate of 0.1

like in the original DeiT paper.

Table 6.18. Test accuracy (%) of DeiT Architectures on the ImageNet dataset using scaling
Y-drop reported as mean + standard deviation across 3 runs.

ImageNet

Method DeiT — Tiny DeiT — Base

Accuracy AY-drop Accuracy AY-drop

Drop-Path 72.00 + 0.34 - 81.79 + 0.34 -

Scaling Dropout 72.02 + 0.09 0.02 80.92 + 0.07 -0.87
Scaling G. Y-drop 72.38 + 0.26 +0.38 80.95 + 0.03 -0.84

This alteration made Generalized Y-drop more competitive with Drop-Path with it
achieving higher accuracy in the DeiT-Tiny variant but Drop-Path remained superior on
the DeiT-Base Model.

Another important observation is that even in the DeiT-Tiny model where scaling
Y-drop outperforms, it no longer achieves a larger train-validation loss gap, with Drop-
Path surpassing it. This showcases that under those settings Drop-Path achieves greater

regularization.
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Figure 6.4. Training and validation loss curves for DeiT-Tiny on CIFAR-100 Dropout vs.
Generalized Y-drop(left: actual values for both runs, right: difference between training and
validation loss in both runs).

These results highlight an interaction reported in this paper [50], that when data
augmentation is strong, the benefit of regularization methods decreases and can even
become negative. As a result the Drop-Path, the milder and more structurally oriented
method, outperforms Dropout in contrast to the previous low augmentation ViT tests,

where Y-drop severely underperformed.

6.9 Loss Conductance a Deeper Analysis

6.9.1 Introduction

In this section we do a deeper dive into our introduced metric Loss Conductance.
Specifically we want to examine how Generalized Y-drop impacts the metric’s develop-
ment during training to try to dive deeper into the way the method influences the model
compared to using standard dropout. To this end, we employ several metrics and use
them to explain and visualize the underlying factors that result in the observed perfor-
mance improvements.

Moreover we showcase the different patterns Loss Conductance values on the test.
We identify characteristic layer-wise patterns and study how these patterns vary due to
the application of Generalized Y-drop or generally in better performing models. Based
on these observations, we propose several hypotheses regarding the possible causes and
meaning behind them, that through targeted experiments and comparisons with estab-
lished metrics from the literature we come to our final conclusions. Through this pro-
cess we further understand the relationship between Loss Conductance and Generalized
Y-drop with training dynamics, model behaviour and performance as well as possible
limitations of the Generalized Y-drop framework.

All results presented in this section are obtained from ViT-Tiny models trained on the
CIFAR-100 dataset.

6.9.2 Loss Conductance during training

At selected epochs during training, we freeze training and calculate Loss Conductance

across several batches, equal to the size and amount that is used in training, to calculate
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the mean Loss-Conductance per unit for each neuron using attributions of the [CLS]
token. Using those we calculate the mean and the variance, which we call within-epoch
variance, of Loss Conductance for each neuron across all batches.

This setup matches the values that are used to update the model dropout rates during
and the metrics derived can help understand how neuron contribution to the final loss
evolves over training when using Generalized Y-drop instead of standard Dropout.

While the figures shown correspond to specific layers, they are representative of trends
observed throughout the layers network and reflect systematic effects of generalized Y-

drop.

Within-Epoch Variance In each layer independently, a mean of the within epoch vari-
ance of all its neurons is calculated and plotted. In both cases it can be seen that the
value tends to increase as training progresses, showcasing the formation of specialization
across neurons. However, the use of Generalized Y-drop seems to limit the growth of the

metric, producing lower values in every stage of the training.
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Figure 6.5. Within-epoch variance across a layer during training. Comparison of Dropout
vs. Generalized Y-drop.

This indicates that neurons trained under generalized Y-drop contribute to the loss
in a more stable and uniform manner across different batches. This implies that they
learn more core task patterns and are less influenced by small variations and noise that
appears in each sample. This stability is a strong indicator of improved regularization,
as the model is not as heavily impacted by the aforementioned idiosyncratic features and

can perform more appropriately with new data.

Dispersion of neurons To further assess how evenly neurons within a layer contribute
to the final loss, the dispersion of mean Loss Conductance values across neurons in a

layer is measured using three complementary statistical metrics:

e Variance - measures the overall spread of conductance values. High variance im-

plies that some neurons dominate while others remain inactive.

e Interquartile Range (IQR) - captures the central spread (difference between 75th and

25th percentile), robust to outliers. Lower IQR indicates more homogeneous neuron
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importance.

e Gini Index - a widely used inequality measure. A Gini value of O denotes perfect
equality (all neurons contribute identically), while higher values indicate stronger

concentration of importance in a few neurons.
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Figure 6.6. Interquartile range, variance, and Gini coefficient of mean Loss Conductance
across layers during training. Comparison of Dropout vs. Generalized Y-drop.

Across all three metrics, the generalized Y-drop method consistently produces lower
dispersion compared to standard dropout. This result demonstrates a more balanced
contribution to the final loss across neurons, without letting a small subset dominate
the decision making. This proves that like in the original Y-drop, the generalized version

incentivizes more neuron participation.

6.9.3 Loss Conductance Test data

To better understand how generalized Y-drop shapes internal model representations, a
post-hoc analysis of loss-based conductance is also performed in the final trained models.
Like before we calculate the mean Loss Conductance per unit for all neurons, using
all the samples of the test set. The only exception is that instead of using only the [CLS]

token attributions we use the sum of all tokens.

Dispersion of neurons For all linear layers where generalized Y-drop was applied, the
interquartile range (IQR), variance, and Gini coefficient of the neuronwise Loss Conduc-

tance values.
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Figure 6.7. Dispersion metrics of mean Loss Conductance values for the whole test set in
all layers. Comparison of Dropout vs. Generalized Y-drop: Actual values (left column) vs.
differences between runs (right column).

In contrast to the training set statistics, the test set exhibits higher dispersion across
neurons: conductance values vary more substantially from neuron to neuron. This sug-
gests that, after training with Y-drop, neurons behave less uniformly and specialize to a

greater degree when generalizing to unseen data.

Layerwise Sums of Loss Conductance Initially, we expected the sum of conductance
values to be lower in most layers, similarly to how Conductance was higher in the single

layer toy example of Y-drop. But a different, more interesting nuanced pattern emerged.

Early layers when using Y-drop have a lot higher positive loss Conductance values
while latter layers have slightly smaller negative loss Conductance values compared to

the Dropout model.
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Figure 6.8. Sum of all neurons mean Loss Conductance values for the whole test set in
all layers. Comparison of Dropout vs. Generalized Y-drop(left: actual values for both runs,
right: difference between runs).

Initially that was thought of as a problem due to the nature of Loss Conductance
and the way it was used in Generalized Y-drop. Firstly some studies have indicated that
Integrated Gradients struggle in deeper networks and produce noisier and less informative
results [113, 114]. This could explain the different and more undesired behaviour in
early layers as the metric is more unstable. Secondly the use of only the CLS token’s
attribution could be a problem in early layers, as without much cross-token integration
that has not yet taken place in early layers, the CLS token’s attribution does not provide

general meaningful representations.

These ideas were disproven with experiments and evaluations in the next section.

6.9.4 Pattern validation Experiments

Comparison with better Y-drop models Both the dispersion and sum Loss Conduc-
tance patterns intensify in the model that was trained using Generalized Y-drop with 4
times the samples, a model that achieved greater final performance and regularization
as can be seen in Figure 6.9. This showcases that these patterns are more a genuine

property of well-performing Y-drop models and not an artifact of noisy attributions.

Alternative early transformer block regularizations To further prove the pattern is
not a direct symptom of Generalized Y-drop, experiments are conducted where a certain
amount of early blocks use standard dropout and Generalized Y-drop is limited to the rest
of the deeper blocks. Additionally an experiment using the mean of all token attributions

in early layers instead of the CLS token is done to assess that hypothesis.
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Table 6.19. Test accuracy (%) of ViT-Tiny on CIFAR-100 for Y-drop being applied only in
deeper layers, while the rest use dropout. (mean + std over 5 runs). AY-drop is the absolute
change vs. Dropout.

ViT-Tiny (CIFAR-100)

Method Accuracy AY-drop
Dropout 68.08 + 0.34 -

G. Y-drop 3 last blocks 68.61 + 0.34 +0.53
G. Y-drop 6 last blocks 68.78 + 0.24  +0.70
G. Y-drop 10 last blocks 68.73 £+ 0.32 +0.65
G. Y-drop 12(all) blocks 68.85 + 0.06 +0.77

G. Y-drop 12(all) blocks,first 2 token mean 68.60 + 0.47 +0.52

Results showcase that when Generalized Y-drop is applied to only the last 3 blocks,
indeed the performance gains reduce, but in all other tests it being applied in only a few
deeper blocks showcased similar performance gains as when used in the full model. This
demonstrates that the impact of the method is limited to the latter part of the network and
early layers do not benefit as much. On the other hand using the mean of token’s in early
layers also reduced performance gains indicating that the CLS token’s attributions were
not the issue and even in the early layers, they are more informative that the aggregate of
all the tokens.

Additionally when plotting the sum of all Conductance values of the model that was
trained with Generalized Y-drop in only the last 6 blocks, the curve pattern across layers
compared to the Dropout model remains the same, proving for certain that the intensi-
fication of the pattern is a sign of improved regularization and performance and not an

unintended side effect of Generalized Y-drop.

sum - Method Difference

(a) LC Sum - Dropout vs Generalized Y-drop only
last 6 blocks (b) LC Sum - Difference between runs

Figure 6.10. Sum of mean Loss Conductance per nueuron values per layer for the whole
test set in all layers.Comparison of Dropout vs. Generalized Y-drop in only the last 6 blocks
(left: actual values for both runs, right: difference between runs).

6.9.5 Conclusion and Implications

The observed rise and fall pattern of Loss Conductance mirrors a pattern that is de-

scribed in research about intrinsic dimension. Intrinsic dimension counts the minimum
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number of coordinates needed to describe the data and when applied in the hidden di-

mensions of deep networks it exhibits a “hunchback” profile. [115]

e Early layers: Intrinsic dimension increases, reflecting the network’s expanding of

representation and pulling of features (“encoder-like” behavior)

e Deeper layers: Intrinsic dimension shrink sharply, reflecting the compression and
refinement of information into task relevant representations to be used for the final

prediction (“decoder-like” behavior)

It has been also shown that the better performing the model is the more steep is the
curve, with higher Intrinsic Dimension in early layers and smaller values in later layers,
something that also appears when comparing the Generalized Y-drop trained model to

the Dropout trained one.

Intrinsic Dimension Across Layers Layer-by-Layer Difference
(Should decrease with depth) Green = Y-drop better
—e— Dropout _
1 A Y-drop 08 | |
! “ Dropout mean: 7.93
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Difference (Y-drop - Dropout)
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Figure 6.11. Intrinsic Dimension: Comparison Dropout vs Generalized Y-drop (left: actual
values for both runs, right: difference between runs).

Based on these concepts, the presence of larger positive loss-conductance values in
early layers can be interpreted as follows: in the better-performing Generalized Y-drop
models, the early layers engage in more diverse and expansive feature extraction. This ex-
pansion phase enriches the representational space, but it does not immediately translate
to a reduction in loss when viewed through the localized lens of neuron contributions. In
fact, as the model explores a broader range of features, many of these early representa-
tions are not yet aligned with the downstream task and as a consequence yield positive
Loss Conductance values.

In contrast, deeper layer that compress information into task-relevant representations,
play a direct loss in the decrease of the loss, producing negative Loss-Conductance values,
especially in well-trained models.

This insight has important implications for the design and application of Generalized
Y-drop. The current formulation aligns greatly to deeper layers, something that explains
the previous result that showcased most of the method’s impact being concentrated on
the later layers. This in turn showcases that alternative approaches need to be formed

for early layers to achieve more effective regularization.
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1QR across layers.
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Figure 6.9. Dispersion metrics and Sum of mean Loss Conductance values for the whole
test set in all layers. Comparison of Generalized Y-drop vs. Generalized Y-drop with 4x
samples in Conductance calculation: Actual values (left column) vs. differences between
runs (right column).

120 Diploma Thesis



Chapter

Conclusions and Future Work

7.1 Conclusions

In this thesis, we focused on improving and expanding the Y-drop method, a Con-
ductance based regularization framework, that assigns higher dropout rates to neurons
deemed important according to the Conductance attribution metric. While the original
method demonstrated improved regularization compared to standard dropout, it also
exhibited several limitations related to lack of task alignment, increased computational
costs and excessive amount of hyperparameters making results not optimal and practical
application challenging.

Through systematic analysis and extensive experimentation, we addressed those is-
sues and proposed Generalized Y-drop, a more practical and improved version of the
method.

We introduce a simplified and more dynamic way to assign dropout rates, noted as
Ranking Rates, that requires less hyperparameter tuning, can more easily be applied
across architectures and appropriately handles noise present in gradient based methods
like Conductance.

Most importantly we introduce Loss Conductance, an alternative attribution metric
that measures each neuron’s contribution to the training loss rather than the final pre-
diction. By aligning neuron importance directly with the optimization objective, Loss
Conductance provides a more meaningful signal for regularization, producing consistent
performance improvements across architectures and datasets compared to the original
Conductance.

Our results suggest that assigning moderately higher dropout rates to neurons that
excessively reduce train loss, results in less superficial train set specific patterns and noise
being learned. Moreover it encourages a more balanced distribution of loss contributions
both across neurons within a layer and across training samples, creating a more uniform
representational basis that better transfers to unseen data.

Through extensive ablation studies, we discover that the model thrives when being
applied across all stages of training with large update batches that more accurately cap-
ture the data distribution larger to calculate conductance without necessarily requiring
overly precise attribution estimates.

Since the previously described optimal setting further increase the already substan-
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tial computational overhead the method introduces, we explored several cheaper variants,
with the most successful being a scheduled dropout-rate update frequency strategy, which
exploits the decreasing rate of change in relative Loss Conductance during later training
stages, resulting in comparable performance while significantly reducing the computa-
tional cost.

Furthermore we adapted Generalized Y-drop to Transformer architectures, identifying
design choices related to token selection and layer normalization that are critical for
maximizing effectiveness. The method improved regularization even in higher capacity
Vision transformers trained on more complex datasets, confirming its scalability.

Nonetheless Generalized Y-drop, like standard dropout, struggles when coupled with
heavy data augmentation and even depth-scaled variants like Scaling Generalized Y-drop,
that alleviates some instability, are not competitive to alternative regularization strategies.

Finally, we do a deeper examination of Loss Conductance in Transformer models that
reveals distinct patterns across network depth that intensify further in better performing
variants. Early layers that are associated with feature expansion showcase positive Loss
Conductance, as their behaviour does not directly decrease loss and may in isolation
increase it, whereas deeper layers show stronger alignment with loss minimization and
have negative Loss Conductance values.

This analysis coupled with further experiments showcase that the current formulation
of Generalized Y-drop is most effective in later, decoder-like layers, highlighting potential
method limitations and motivating future work on layer-specific or depth-aware regular-
ization strategies.

All in all, this thesis demonstrates that Generalized Y-drop, coupled with Loss Con-
ductance, constitutes a meaningful advancement in conductance-based regularization.
By improving alignment with optimization objectives, reducing the need for hyperparam-
eter tuning, and offering practical strategies to manage computational cost, this work lays
the foundation for more adaptive and interpretable regularization methods in deep neural

networks.

7.2 Future Work

Possible future works stemming from this thesis can be pursued along several direc-
tions. One of the most important insights of this work is that Loss Conductance exhibits
different patterns across network depth, particularly between early, feature-expanding
layers and deeper, loss-compressing layers. As a result, having the same rule across
layers is suboptimal and depth-aware dropout assignment is required. In early layers,
we observed that higher positive test set Loss-Conductance values correlate with higher
test set performance. This implies there to be a benefit in suppressing higher Loss Con-
ductance values while training, as in those layers those neurons are the ones that likely
cause overfitting instead. On the other hand, as these layers are not directly meant to
reduce loss, loss-based attributions may not be that valuable, thus reverting to standard
prediction-based Conductance may be preferred. Additionally, methods to automatically

select the point where encoder-like layers end and decoder-like ones start is important
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to escape manual detection in each architecture. The simplest plan to do this may be to
switch the policy depending on the sign of Loss Conductance but more advanced methods
can be explored.

Another possible research path is to expand from CNNs and Vision Transformers
as Generalized Y-drop is inherently architecture- and modality-agnostic. Future studies
should evaluate its effectiveness in other domains, including natural language processing,
speech and audio modeling, and reinforcement learning, where an improved dropout
method may be more helpful and possible differences in the attribution signals could be
explored.

Additionally, the current implementation applies dropout exclusively to linear layers.
Extending the framework to other architectural components, like attention mechanisms,
might be a promising path. Rather than aggregating attention weight attributions di-
rectly, which lacks semantic meaning, attribution signals from the query, key, and value
projections could be combined to estimate head-level importance, enabling importance-
aware regularization across attention heads and encouraging more balanced head utiliza-
tion. Although scheduled dropout-rate frequency updates already reduce computational
overhead substantially, further work is needed to make attribution-guided regularization
more scalable. One promising direction is the development of adaptive update schedules,
where the interval between dropout-rate updates is determined automatically based on
how much relative neuron importance changes over time. As training progresses and
importance rankings stabilize, updates could become increasingly sparse.

Moreover, the Generalized Y-drop is compatible with any neuron-level attribution
method. Exploring improved, more recent Integrated Gradient variants or alternative
gradient- and propagation-based attribution techniques could either improve regulariza-
tion effectiveness, reduce computational requirements, or be more compatible in certain
architectures. Importantly, many of these methods could be reformulated to perform loss-
based attribution, aligning neuron importance directly with the optimization objective and
potentially yielding stronger and more stable regularization signals.

Beyond dropout, Loss Conductance, or other possible loss-based attribution methods,
could also be incorporated directly into the training loss as penalization terms, analogous
to weight decay, discouraging neurons from exhibiting excessively low train loss contri-
butions. This formulation could be particularly valuable in regimes where dropout is less
effective or incompatible, such as settings with heavy data augmentation.

Finally, loss-based attribution methods have potential applications beyond training-
time regularization. They could be used for model pruning, by identifying neurons that
consistently increase test loss or contribute minimally to performance, enabling the con-
struction of smaller and more efficient models without sacrificing accuracy. Similarly,
loss-based attribution could guide efficient fine-tuning, where only the most loss-relevant
neurons are updated for a new task, reducing computational cost while preserving per-

formance.
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