5

Al
nvpeopo

NPOMHOEY
=

L

EONIKO METYOBIO TTOATTEXNEIO

Y XOAH HAEKTPOAOTON MHXANIKON KAI MHXANIKON YTIOAOTISTON
TOMEAY TEXNOAOTIAY IIAHPO®OPIKHSE KAI YIIOAOTISTON
EPrasTHPIO X YSTHMATON TEXNHTHE NOHMOSTNHE KAI MAOHTHSE

Generating Realisitc and Sparse Medical Image
Counterfactuals using StyleGAN

DIPLOMA THESIS
by

TIoannis Litsos

EnmBAEnwyv: Adavioioc Boukédruog
En. Kadnyntic E.M.IL

Adhva, Mégtioc 2025






Edvixé Metadfio IHlohuteyveio

Eyohy Hhextpohdywv Mnyovixdv xow Mnyovixdyv Trohoylotev
Touéag Teyvoloylac IIAnpogopixiic xou YTrohoyiotdy
Epyoaothpto Xuotnudtwy Teyxvntic Nonuoobvne xow Mdidnong

NPOMHOEV §
BI==
nvPgopo

N

Generating Realisitc and Sparse Medical Image
Counterfactuals using StyleGAN

DIPLOMA THESIS
by

Toannis Litsos

ETCLQ)\E’TC(OV: Adavdoioc Bouhédnuoc
En. Kadnyntic E.M.IL

Eyxpldnxe and tnv teiuern e€etaotinn emtpony| v 26" Moptiou, 2025.

Ajan sioc Boul dhmoc Ge, rgioc St mou
Ep. Kajhght ¢ E.M.P. Kajhght ¢ E.M.P.

A.-G. Stafulop thc
Kajhght ¢ E.M.P

Adhva, Mdgtioc 2025



InANNHE AITEOX
Amhopotovyoc Hhextpordyoc Mryovinde
xaw Mnyovixog Trohoyiotov E.M.IIL

Copyright (©) — All rights reserved Ioannis Litsos, 2025.
Me em@OIaEn TOVTOS BLXAUDOUATOC.

Arnayopebeton n aviypagt, anodrixeuon xou Slovopr] Tne tapovoag epyactag, €€ oAoxhipou Y TUAUITOS AUTAS, Yid
eunopd oxond. Emtpéneton 1 avatinwot), amodixeuct) xou Siovour| Yol oxomd U xepdooxomuxd, EXTOUEVTIXAC
1) EEELYNTXAC PUOTC, UTO TNY TEoUTOVEST Vo avapépeTal 1) TYY) TPOEAEUOTC %ol VL BLTNEELTOL TO THPOV UAVUUAL.
Epwtiuata mou agopolv 1t yerion tne epyaociog yio xepdooxomxd oxond npénel vo aneudivoviol Teog Tov
CLUYYPAPEA.

Ou amderc xa o CUUTEPAOUATO TTOU TEPLEYOVTOL GE AUTO TO EYYRUPO EXPRELOUY TOV CUYYEAUPEX Xou EV TRETEL
va epunvevdel 6Tt avuinpoownedouy Ti¢ enionueg Yéocig Tou Edvixod Metodfiou IToduteyvelou.



Sth mhttra mou






Per-lThyh

Ta povtéha Bathde Mdidnone €youv egapuoctel oe okl yeydho Bodud oto nedlo tng Latpixic amedviong,
BehTidvovtog onuavTind TiC dlayvewoTixég duvatdtntee. 201600, 1 eyyevic @lon toug wg "padpa xouTid"
dnuLoupyel oLELOOYN NI ot TEoXTIXE {NTARATA, TPOXUAGVTOS avnouyies oyeTxd we Ty eupelo LLOVETNOT| TouE.
O avuimopaderypotinés e€nyfoels (counterfactual explanations), ol onoleg mapéyouv avdpwnives xotavontés
TAnpogopiec mpotelvovtag eAAYIoTES, AAAL OUCLODELS, aAAXYEC oTa Dedopéva €lo6doL Yl TNV ahhayy Twv
npofAédewv tou yovtélou, avadlovial we Wl ToAAG utooyouevy pédodo yia tnv ene&nynon tne Aettovpylog
aTOV TV ouoTnudtwy. Ilag’ dha autd, ol undpyouces uédodol ot BiAloypapio Yo TV ToEOYWYT) AVTLTa-
PAUBELYUATIXY EXOVOY GTOV TOUEN TNG LATELXNG ATEOVIONG ERpovilouy oNuavTixols TEploptopols, GUUTERLAN-
Batvou€vou Tou PELWPEVOL PEAAGUOV XAl TNG BLoY VWO TS AETTOPERELNG TWY TUPAYOUEVRY EXOVLV, TNG AVAYXTNG
xdmoto popnc emonteiog xotd Ty exnaldevon Tou epunveuty| (explainer), Tne utoypéwang yio emovexaideuon
TOU EPUNVELTH Yot x&e Tadvount Eexwpelotd, oo xan Tne EMewdne apoudtnrac (sparsity) oTic TEOTEVOUEVES
aANaYEC.

Yy nopoloa dimhwpatiny epyacio, aviipetoniloupe autéc Tic tpoxiioele dnuoupydvtac to SPRUCE (SParse
Realistic Uncoupled Counterfactual Explanations), éva véo mhoioo eldixd oyedopévo yia ) dnuovpyia
OPAUOY X0 PEAALG TNV AVTITUPABELY HALTIXMY ELXOVWY GTOV YOpo TN tartpuxrg anexoviong. To SPRUCE Buo(le-
Tou o€ ot tpocéyyion ue Mopoywywd Aviayoviotxd Aixtuo (ITAA) o adlontotel pro e€etdixeupévn cuvdptnom
anwhelog, N onola efvor e oyedlaopévn yiar vor Slortneel T Loty Vo TIXT) CUVAPELN XL TNV OTTIXY] TWOTOTNTA
TWY POy OUEVWY EXOVLV, 0BNYMVTOS TopdhAnho ot apaiéc (sparse) tpononotfioelc. To Pouowxd TAeovéxTnua
TOU GUYXEXPLUEVOLU TAatalou Eyxeltal oty Suvatdtnta anocVleuéne Tne exmoddeLoNC TOU EPUNVELTY altd TNV EX-
Taldeuon tou ta€vounty, emteEénovTag €Tl Ty yeron evog ITIAA oe modamholg Taévountés mou avapépovtol
o€ €xOVES (BLOU TOUEN LUTEIXNG ATELXOVIOTNG.

Yy extetapévn netpapotixy allohéynoT| uac, yenoldonoiooue npornyuéve apyttextovixéc ITAA xou mo cuy-
xexpwéva 1o StyleGAN2-ADA, oe ocuvduaopd pe e€elrypéves uedédouc avaotpopric IIAA (GAN inversion),
ouunephapBavopévne e avao Teoghc Yéow xwdixonownth (encoder-based inversion) xou g yed6dou pivotal
tuning, wote vo eEoopahicovue enclepydoipeg Aavidvouoes avomopactdoel Vdniig towdtntag. Eg@apudooue
o SPRUCE o¢ 8edopéva amd Sidpopouc touelc totpinic emdvoe , dnwe oxtvoypapleg Yodpaxog, ontixés Topo-
yoaplec cUVOYAC xou Loy VNTIXéS ToUoypapieg eyxepdiou,teTuyalvovTag WBLoltepa XUAEC eMBOOEL O UETELXES
6nwe 1 Fréchet Inception Distance (FID) xou 1 Conditional Maximum Mean Discrepancy (CMMD). Emunhéov,
HECO O TOLOTIXN XAl TOCOTIXY AVAAUGT), SLATLC TOCOHE OTL 1) GNUAGIONOYLXY) GUVOYY) TV VTITORUBELYUATIXY
TPOTIOTOLAOEWY OUVDEETOL UE TNV evpwoTior (robustness) tou exdotote Todvopnty, avodeixvioviag €Tol 1o
SPRUCE oyt uévo wg éva gpyaheio ene€hynong ahhd xan ¢ €vay pnyavioud dioyvwotixig alohdynong xou
Behtiwone tng avilexTixdTnTac TwV HOVIEAWY TEoTo) YeNoulonotdoiy xhivixd.

Lixeic-kleidi — Avunopaderypouxéc EZnyfoe, Epunvetowrn Texyvnti Nonpoolvn, Tatpu
Anewxovion, Hapaywywmd Avtaywviotind Abtue, Avtayoviotin Aviextixdtnta, Talvounon Ewdvog






Abstract

Deep Learning (DL) models have demonstrated great applicability in the field of medical imaging, signifi-
cantly ameliorating diagnostic capabilities. However, their inherent black-box nature poses substantial ethical
and practical challenges, raising concerns about their adoption. Counterfactual explanations, which provide
human-interpretable insights by suggesting minimal yet meaningful modifications to input data to alter model
predictions, have emerged as a promising approach to illuminate these opaque models.However,current meth-
ods for generating medical image counterfactuals exhibit critical limitations, including insufficient realism and
diagnostic detail,the requirement of some form of supervision during training ,the necessity to retrain ex-
plainers for each classifier independently, and lack of sparsity in generated edits.

In this thesis, we address these challenges,by creating SPRUCE (SParse Realistic and Uncoupled Counter-
factual Explanations), a novel framework specifically designed for generating sparse and realistic medical
image counterfactuals. SPRUCE introduces a Generative Adversarial Network (GAN)-based approach which
utilizes a specialized loss function, explicitly crafted to maintain the diagnostic relevance and visual fidelity of
generated images while enforcing sparsity in modifications. The framework’s core advantage lies in its ability
to decouple the explainer’s training from the classifier’s training, allowing for the independent training of
a generative model that can subsequently be employed across various classifiers within the same medical
imaging domain.

In our extensive experimental evaluation, we employed state-of-the-art GAN architectures, particularly
StyleGAN2-ADA, coupled with advanced GAN inversion methods, including encoder-based inversion and
pivotal tuning, to ensure high-quality, editable latent representations. We validated SPRUCE using multiple
medical imaging modalities, such as chest X-rays, OCT scans, and brain MRIs, demonstrating superior per-
formance in terms of Fréchet Inception Distance (FID), Conditional Maximum Mean Discrepancy (CMMD),
and other metrics. Furthermore,through our qualitative and quantitative analysis we find that the semantic
coherence of counterfactual edits is tied to classifier robustness, positioning SPRUCE not only as an ex-
planatory tool but also as a diagnostic mechanism to assess and improve model robustness prior to clinical
deployment.

Keywords — Counterfactual Explanations, XAI, Medical Imaging, Generative Adversarial Networks, Ad-
versarial Robustness, Image Classification






Euqgarist-ec

H exnévnon tneg nopoloog dimhwuatixre epyaoiag wol enétpede va epBadive oe éva eupl @dopa Yepdtwy Tou
agopoVy v Teyvnt Nonuoolvr, ) Bothd Mddnon xo tnv ‘Opacn Yroroyiotodv. Méoa and autry, feda
Yo TEWTY POREE OE OUCLUOTIXT ETAPY| UE TNV EPELYNTIXY BladXACTA XU TIC TEOXAHOELS OV T1 GUVODEVOLY.Oa
el va expdow Tic Yepués pou evyapiotieg otov emPBiénovra xodnynty wov, x. Adavdoio Boukodnuo,
v TV euxauplar Tou Pou TPOCEPERE Vo ExToviow TNV gpyacia auth oto Epyaothplio Yuotnudtwy Teyvntic
Nonupootvne xou Mddnong, xododg xou yio v eumotocivn xou Ty toAdtun xododrynor tou oe xdde otddlo
e TeooTddEelo QUTHC.

Emnmiéov, da fideha vo guyoplothon and xopdidc tov Nixo Xnavd, tov Idcovo Awdptn xou v Hopaoxeuy
Ocopihov oo Ty ddoyn cuvepyasia xou T cuveyR vnooThREEn xatd TN Bidpxelo TN dimAwpaTtixAc wou. Ou
ouUPoulég Toug uHEEay XxadopLoTIXES YiaL TNV EMITUY T OAOXARP®GT TNG.

Erlong, Yo Hlela va exppdon tTnv eyxdedla EVYVWROoHVY LOU GTOUS QIAOUE LoV, HE TOUC OTOLOUC UOLPUCTHXOUE
opéTentes Wpec YeENETNG, oulhtnong, dwoxédaone xou Tallidy. Ou otiypée autée dNUovEYNooY AVaUVHCELS
mou Vol UE GUVOBEVOUV Yiol TEAVTALEVE 1) CLVTEOPIXOTNTA Xat N unoaTtheY toug pe BorRdnoav va mapopeive
TPOCYELWUEVOC Yot AUOLEB0E0C aXOUAL Xl OTIC TULO ATOLTNTIXES TEPLODOUC.

Téhog,éva 1Biaitepo euyaploTdd TNV ooYEVELS Hov, 1) ontolo anotéhece e€upyNc €val avexTlunto oThplyua YLo
euéva. Xe exelvoug ogelhe 6N T SLaBEOoUT] TWV OTOUBWY UoU YEXEL OHUERX, XOTOC 1 AYEmY), 1 XATAVONOT) Xo
7 mlotn toug oTic duvatdtnTég Lou UThpay TNy Svoung xou EUTVELOTC.

Iowdvvne Altooc, Mdptiog 2025
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Chapter 1

Ektetamenh Perblhyh sta Ellhnik™

1.1 Eisagwg

Ta montéla baji"c m“jhshc apoteloOn pléon éna basiki ergalePo ston tomeéa thc epexergasPac eikinac kai
ebnai idiabtera diadedomena sthn taxinimhsh iatrik,n eikinfid, 8, 92, 56, 133, 101, 87].'"Enac shman-
tikic periorismic aut,n twn montélwn ebnai iti leitourgoOn we maOra kouti”, dhlad h diadikasPa | yhc
apof’sewn parameénei dusnihth stouc anjr,pouc, en, suqn” basbzontai se statistikec exart seic twn de-
doménwn ekpabdeushc kai den afomoi,noun exeidikeuménh gn, sh [bA#kd 37]. Parilo pou auti mporeb na
ePnai apodekti se “llouc tomeBethn iatrik apeikinish oi lanjasménec apof seic enic taxinomht mporoOn na
uponomeQOsoun thn ugeionomik perbjalyh kai na jésoun se kBnduno asjene®gegonic auti égei odhg sei
tiso thn ereunhtik koinithta sthn an”ptuxh tegnik,n gia ErmhneOsimh Tegnht NohmosOnh (Explainable
Arti cial Intelligence) [37, 119], iso kai thn antBstoigh nomik pleur” sthn eisagwg nimwn pou kajier,noun
to dikabwma sthn epex ghshdhlad to dikabwma paroq c aitiolighshc gia mia apifash pou lamb™netai api
éna sOsthma Tegnht ¢ NohmosOnhc to opobPo ephre”zei shmantik™ éna “tbmo

Gia thn epex ghsh twn"m"urwn kouti,n" pou grhsimopoioOntai sthn taxinimhsh eikinac égqoun anaptugjeb
di"forec mejodoi. MPa tetoia proséggish ebnai h dhmiourgba antiparadeigmatik,n eiki®sy 47, 36, 27].0i
antiparadeigmatikéc epexhg seic paregoun éna néo dedomeéno eisigatimoio me to arqiki, to opobo par”gei
diaforetik éxodo , perigr'fontac ousiastik™ tic anagkabec allagéc sthn eDsodo ,ste na all"xei h apifash

tou ek”stote montelou . Auti to eBdoc epex ghshc moi“zei se meg’lo bajmi me thn anjr,pinh diadikasba | yhc
apof’sewn kai egei deigjeD iti ePnai eOkola ermhneOsimo api anjr,po[8#, 84, 120].Epipléon,h diafor” se
epbpedo eikonostoigebpixels) metaxO thc argik ¢ kai thc antiparadeigmatik ¢ eikinac mporeP na leitourg sei
wc rthc shmantikithtac  [83](saliency map), me to prisjeto pleonékthma iti h Bdia h antiparadeigmatik
eikina grhsimeQei wc pistopoihtiki orjithtac gia ton en ligw q’rth

Teqnik™, opoiad pote eikina pou par"gei diaforetik exodo api thn argik mporeb na leitourg sei wc antipa-
radeigmatik , all” prokeiménou na prosferei ousiastikec plhroforbec , h antiparadeigmatik eikina ofeblei

na emfanbzei mino tic apolOtwc anagkabec allagéc sthn eikina eisidou gia na anastrafeD h éxodoc tou tax-
inomht. Gia par"deigmase enan taxinomht pou entopbzei pneumonba se axonikec tomografbec |, jaka
protimoOsame h perioq allag ¢ na brbsketai apokleistik™ stouc pneOmonedkai igi sto upibajro  sth

morf tou skeletoO , kaj.c auti ja mporoOse na antiproswpeQei énan entel.c diaforetiki asjen . 'Enac
shmantikic periorismic poll.n ergasi,n sth sgetik bibliografba [5, 116, 35, 80, 14kbnai iti den eis"goun
mhganismoOc sth diadikasPa dhmiourgbac antiparadeigmatik,n epexhg sewn pou na exasfalDzoun iti h telik
eikina ja emfanbzei araigsparse), antilhpt™ parimoiec kai optik™ sunektikéc allagec . Se aut n thn ergasba
grhsimopoioOme di*forouc irouc kanonikopobhshc sth diadikasPa dhmiourgbac antiparadeigmatik, n eikinwn pou
exasfalbzoun tic proanaferjebsec idiithtec, sugkekriména thnL1 kanonikopobhsh tiso ston q,ro thc eikinac

iso kai ston lanj"nonta q.ro tou ParagwgikoO AntagwnistikoO DiktOou  (PAD), kaj,.c kai th sun“rthsh
Learned Perceptual Image Patch Similarity [138].

'Enac “lloc shmantikic periorismic se polléc ergasbec [86, 5, 61, 116, 105, 80, 14Pnai iti apaitoOn thn api
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koinoQ me k™poion tripo, ekpaPdeush tou montélou pou par“gei tic epexhghmatikéc eikinec me thn ekpabdeush
tou taxinomht pou exet"zetai, me apotélesma na mhn mporoOn na efarmisoun to plabsio touc se opoiod pote
proekpaideuméno montélo

Se aut thn ergasPa axiopoioOme kai epektePnoume th mejodo exagwg ¢ apoklbnontwn garakthristijex-
ceptional feature extraction) api to PIECE [54], h opoPa epitrépei mia mh epopteuimenh proekpabdeush tou
montélou paragwg ¢ antiparadeigmatik,n eikinwn kai apaiteD mino ton upologismi orismenwn statistik,n
stoigeBwn gia tic energopoi seic tou proteleutabou epipédou tou taxinomhtAut h tegnik epBshc den jétei
periorismoOc ston arijmi ki"sewn exidou tou taxinomht kai ebnai ikan na par“gei antiparadeigmatikéc eikinec

api opoiad pote ki"sh se opoiad pote "llh , k'ti pou den isqOei gia polléc “llec ergasbec.

Epomeénwgcsthn paroOsa diplwmatik proteBnoume éna néo plahsm SPRUCE (SParse Realistic and Uncou-
pled Counterfactual Explanations). H suneisfor” mac sunoybzetai wc ex ¢

Eis"goume to SPRUCE, éna néo plabsio gia th dhmiourgba arai,n antiparadeigmatik,n iatrik,n eikinwn

AnaptOssoume mia exeidikeuménh sun’rthsh ap leiac pou epib’lei tiso thn araiithta iso kai thn
pistithta eikinac stic paragimenec epexhghmatikeg elagistopoi,ntac tropopoi seic pou den sqetbzon-
tai me thn ek’stote p“jhsh .

QrhsimopoioOme Paragwgik™ Antagwnistik™ DBktua(PAD ), se sunduasmi me tic mejidoudcncoder
for Editing (E4E) [117] kai pivotal tuning [96], gia na epitOgoume akrib anakataskeu kai paragwg
kajar n realistik,n eikinwn , kaj,c kai gia na enisqgOsoume ton élegqgo kai thn dunatithta epexergasbac
ston lanj"nonta q,ro tou PAD

AxiopoioOme mia teqnik api toPIECE [54] pou aposundéei thn ekpaPdeush tou antiparadeigmatikoO
ermhneut api thn ekpaPdeush tou taxinomht kai mac epitrépei na grhsimopoioOme ton Bdio epexhght
gia opoiond pote duadiki pollapl,n klI"'sewn taxinomht pou éqgei ekpaideuteb sthn Bdia katanom
dedoménwn

Diapist,noume iti h ikanithta dhmiourgbac arai,n, realistik,n antiparadeigmatik,n eikinwn sundéetai
"mesa me thn eurwstb@obustness)tou taxinomht , kajist.ntac to plabsio mac éna polOtimo ergalebo
gia ton entopismi adunami,n all” kai gia thn epije,rhsh montelwn

1.2 Jewrhtiki Upibajro
1.2.1 Suneliktik™ Neurwnik™ DBktua

H enithta aut parousi“zei leptomer,c ta basik” stoigePa twn Suneliktik,n Neurwnik n DiktOwn (CNNs)
kai tic kOriec diergasPec pou touc epitrépoun na majabnoun api meg louc igkouc dedoménwn eikinac

O Neur,nac kai oi Sunart seic Energopobhshc

Sthn kardi” k’je NeurwnikoO DiktOou brbsketai o neur,nac , empneusmeénoc api touc biologikoOc neur nec
pou epikoinwnoOn metaxO touc meésw hlektrik,n shm™twije neur nac se éna dbktua

1. Dégetai ena mikri tm ma dedoménwn eisidou

2. Upologbzei to stajmisméno “jroisma sun mba stajer”(bias),

3. Efarmizei mia sun"rthsh energopobhshg

4. Sumb’llei sth dhmiourgba enic g'rth garakthristik,n  (feature map).

'Opwec faPnetai sto Sq mal.2.1,h éxodoc tou neur na prowjebtai stic epimenec str,seic tou diktOou Basiki
stoigebo twn sunart sewn energopobhshc ePnai h eisagwg-grdmmikithtac, ,ste to montélo na mporeb na
montelopoieD sOnjeta pritupa K poiec sunhjisménec sunart seic energopobhshc ePnai oi ex ¢

ReLU: f(x)=max(0;x)- apl ki apotelesmatik , wstiso mhdenbzei ilec tic arnhtikéc timéc

Leaky ReLU: Diathreb mia mikr, mh mhdenik kiPsh gia arnhtikec eisidoyenetri"zontac to priblhma
twn mh energopoihménwn neur nwn sthn perbptwsh tReLU.
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" Sigmoid: Metatrépei tic timéc eisidou sto eOroc (0;1), gr simh gia pijanithtec , all” mporeD na
koresteDb epibradOnontac thn ekpabdeush

~ Tanh: Parimoia me thsigmoid, all* kentr'retai sto mhdén sto eOroc ( 1;1)- epPshc eu’lwth se
koresmi twn gradients.

Figure 1.2.1: Sghmatik apeikinish thc argitektonik ¢ enic neur,na , ipou upologbzetai stajmisméno
“jroisma , prostbjetai bias, efarmizetai sun"rthsh energopobhshc kai par“getai h éxodoc tou neur, na

Neurwnik™ Dbktua kai h Ekpabdeus touc
Ta Neurwnik™ DBktua [60] apoteloOntai api pollapléc str seic
~ str,ma eisidou (input layer) gia ta argik™ dedomena
© diffora kruf® strmata (hidden layers) gia thn exagwg qarakthristik.n ,

~ énastr,ma exidou (output layer) pou par”gei tic telikéc probléyeic .

To sflma anmesa sthn pribleyh kai thn alhjin tim metrietai api mia sun’rthsh
ap,leiac sunhjéstera to meso tetragwniki sflma  (MSE) gia palindrimhsh h sun“rthsh Cross-
Entropy gia taxinimhsh kai elaqistopoiebtai mésw miac diadikasbheltistopobhshc ghwstc wc

Gradient Descent.

Algirijmoc  Opisjodi“doshc (Backpropagation) H ekpabdeush basbzetai se dOo f'seic
pro,jhsh  kai opisjodi"dosh . Sthn projhsh , ta dedoména réoun mésa api to dbktuo ,ste na parag-
jeb h pribleyh. Akoloujeb h opisjodi"dosh , ipou upologbzontai ta gradients thc sun“rthshc ap,leiac wc
proc K'je parmetro (me ton kanina alusbdgckai enhmer nontai ta b’rh. To Sq ma 1.2.2 apotup,nei aut

th diadikasba mésw thc opoPac ta montéla Tegnht ¢ NohmosOnhc mporoOn kai majabnoun

Figure 1.2.2: F'sh pro,jhshc  (upologismic exidwn) kai f'sh opisjodi"doshc (upologismic gradients) gia
thn enhmerwsh twn bar,n
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Teqgnikec Kanonikopobhshc (Regularization)

'Ena basiki priblhma sth baji” m“jhsh ebnai h uperprosarmog , ipou to dPktuo apomnhmoneQei lep-
tomeéreiec tou sunilou ekpabdeushc qwrbc na genikeOei se kainoOria dedor@mahn antimet,pis tou ,
efarmizontai di“forec tegnikéc kanonikopobhshc

- L1/LAZ Kanonikopobhsh : Prisjetoi iroi pou epiblloun poin sta b’rh meg’lou megéjouc , apo-
jarrOnontac uperboliki megejoc pl joc paramétrwn

Dropout [111] : Tugaba apenergopobhshneur nwn kat™ thn ekpabdeush gia na apofeugjeb h
sunex’rthsh (co-adaptation).

EpaOxhsh Dedoménwn  (Data Augmentation) : Teqnik mésw thc opoPac dhmiourgoOntai epipléon
paradebgmata ekpabdeushc tropopoi,ntac ta arqik™ dedoména ekpabdépshgcperistrof , anastrof
kop eikinwn).

ROjmish Megejouc Partbdac (Batch Size) : Uperpar'metroc pou kajorbzei pisa debgmata
epexerg“zontai se éna b ma enhmérwshc bar,n

Basik™ StoigeDa Sunelbxewn (Convolutional Layer Essentials)

H sunelixh  [31] apoteleb ton pur na twn CNNs, ipou mikroBpur nec (kernels) sar,nontai stic qwrikec
diast"seic thc eikinac gia thn exagwg topik,n garakthristik,.n . 'Opwc fabnetai sto Sqmal.2.3, K’je
pur nac égeipl'toc , Oyockai bjoc , epishmabnontac garakthristik™ ipwc akméc  uféc

Figure 1.2.3: Endeiktik efarmog pur na sunélixhc se mia eikina (api [10]).

Ta paradosiak™ CNNs aapoteloOntai api éna sunduasmisuneliktik,n fDIltrwn , Strwm™twn up-
odeigmatolhybac  (pooling) kai Pl rwc Sundedeménwn Strwm twn , ipwc sto Sqgma 1.2.4.
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1.2. Jewrhtiki Upibajro

Figure 1.2.4: Tupik argitektonik = CNN me diadogikéc sunelbxgigpodeigmatolhyba kai pl rwc
sundedemeénec str seic

Str,ma Upodeigmatolhybac (Pooling Layer) To str,ma upodeigmatolhybBac(p.q. max pooling)
mei,nei th gwrik an’lush twn garakthristik,n , elatt,nontac ton upologistiki firto kai epitugq nontac
metafrastik ametablhtithta  (translational invariance). Oi uperpar'metroi stride kai padding kajorBzoun
ton tripo me ton opobo o pur nac olisjabnei kai antimetwpbzei ta “kra thc eikinac

Kanonikopobhsh Kat™ Partbdec (Batch Normalization) Gia th stajeropobhsh thc ekpabdeushc
h Kanonikopobhsh Kat™ Partbdec prosarmizei statistik™ tic enAergopoiAseic (mhdenik meésh tim kai
monadiaba diaspgrse k'je partbda, belti,nontac sugn” tiso thn tagOthta sOgklishc iso kai thn telik
akrbbeia

Pl rwc Sundedeméno Str,ma (Fully Connected Layer) Sto pl rwec sundedemeéno str,ma, oi
neur,nec éqoun pl rh sundesimithta me ilouc touc neur nec sto prongoOmeno kai to epimeno str,maipwc
fabnetai sta kanonik™ FCNN. Autic ePnai o ligoc pou mporeb na upologisteDb me ton sunhjisméno tripo mésw
enic pollaplasiasmoO mhtr n , akoloujoOmenou api mia epPdrash metatipistibias). To str,ma FC bohj"
sthn antistobgish thc anaparstashc metaxO thc eisidou kai thc exidou

1.2.2 Montelo ConvNeXt

Se aut thn enithta parousi”zetai analutik”™ h argitektonik tou ConvNeXt, ena eksuggronismeno Sunelik-
tiki Neurwniki DBktuo (CNN) pou antleb idéec api toud/ision Transformers (ViTs), diathr,ntac wstiso ta
basik™ gnwrbsmata twn paradosiak n taxinomht,n tOpouResNet. Stiqoc ePnai na epiteugjeD na xeperasteD
h apidosh twn Transformers se meg’lhc kibmakac taxinom seic eikinwme diat rhsh thc ermhneusimithtac
kai thc apodotik ¢ gr shc upologistik,n pirwn

Eisagwg sto ConvNeXt

To montelo ConvNeXt apoteleD mia prisfath parallag CNN, h opoba enswmat,nei domikéc epilogéc api
touc ierargikoOc Transformers (p.g. Swin), qwrDc imwc na basBzetai apokleistik® ston mhganisnself-
attention. Antijetwc , eksugqgronbzei ta suneliktik™ str.mata (convolutional layers) ,ste na epitugq nei
sugkrbsimh epbdgstundu”zontac thn apodotikithta twn ConvNets me orisména pleonekt mata twn montélwn
tOpou Transformer.

KOriec Arqgitektonikéc Kainotombec

To ConvNeXt basbzetai se mia dom parimoia me aut tvResNet, plaisiwménh api idéec pou proergontai
api Vision Transformers. Oi belti,seic mporoOn na qwristoOn se
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" Allagéc  Macro- epipédou (Macro-level):  UyhloO epipédou tropopoi seic sth sunolik dom tou
diktOou (p.g. stem, patchi cation, multi-stage sgedbash

~ Allagéc Mikro -epipédou (Micro-level):  Epemb’seic mésa se K'jeresidual bottleneck block
(p.g. anestrammeénaottlenecks, epilogec sunart sewn energopobhshc

Allagec Makro -epipédou

(a) lerargik Polustadiak Sgedbash (Hierarchical Multi-Stage Design) To ConvNeXt uio-
jeteb ierargik dom parimoia me tupik"CNNs, all” anajewreb ton arijmi twn block an” st"dio se (3;3;9; 3),
mimoOmeno th diandstock se ierargikoOcTransformers (p.q. Swin). 'Etsi exasfalDzei klimakoOmenh argitek-
tonik , h opoba sullamb™nei apotelesmatik™ tiso gamhlisugnec iso kai uyhlisugnec plhroforbec .

(b) Patchi ed Convolutional Stem Antb gia to klasiki 7x7 convolution kai max pooling (ipwc sta

pr.ima ResNet), to ConvNeXt antikajist™ tic argikéc str,seic me mia diergasba patchify sugkekriména
ena4x4 convolution mestride 4, parimoio me topatch tokenization twn ViTs. 'Etsi periorbzetai to argiki

upologistiki kistoc , en, par’llhla dhmiourgoOntai patch embeddings pou trofodotoOn ta epimena st™dia
tou diktOou.

(c) MegalOteroi Pur nec Sunelbxewn To ConvNeXt paOei na periorbzetai s&x3 pur nec, epilé-
gontac 7x7 depthwise convolutions. H dieuruménh aut periog antblhyhc (receptive eld) moi“zei peris-
sitero me thn eureba qwrik K'luyh tou self-attention, epitrépontac sto dbktuo na enswmat,nei garakthristik”
se megalOtera tm mata thc eikinac api nwrbc

(d) Tropopoi seic Empneusmeénec api ResNeXt  Basizimeno sthn idéa twngrouped convolutions
tou ResNeXt, to ConvNeXt pern” se depthwise sunelbxeic ipou k'je kan’li epexerg’zetai anexrthta

O diagwrismic gwrik ¢ kai kanalik ¢ di"stashc (depthwise + 1x1 pointwise layers) mei,nei ta FLOPs kai
enarmonbzetai me todiagwrismi  kanali,n /gq,rou (channel/spatial) twn Transformers.

(e) Anestrammena  Bottlenecks (Inverted Bottlenecks) Parimoia me toMobileNetV2, to ConvNeXt
grhsimopoieD anestrammeénh ddrottleneck, ipou h di“stash twn garakthristik.n dieurOnetai kat™ 4 foréc
prin api th sunelixh . Aut h proséggish jumbzei tic feed-forward epekt’seic sta ViTs kai sunist” pio
ekfrastiki topiki metasghmatismi

Allagéc Mikro -epipedou

(@) Qrsh GELU antb ReLU To ConvNeXt antikajist™ th sunhjisménh RelLU me thn pio omal GELU
(Gaussian Error Linear Unit), diadedomeéenh st&iTs. H allag aut belti,nei th ro twn gradient (gradi-
ent ow), mei nei thn pijanithta nekr,n ( mh energopoihménwneur,nwn kai mporeb na apod sei kalOterh
apikrish se euabsjhtec metaboléc garakthristik.n . Sto Sq ma 1.2.5apotup,netai aut h sgediastik epi-

log

(b) Ligiterec Energopoi seic kai Kanonikopoi seic En, se pollec CNN argitektonikec
akoloujeD mia sun’rthsh energopobhshc met™ api k'je sunélixh sto ConvNeXt grhsimopoiebtai sugn™ mba
GELU an” block. Epipléon, beltistopoiebtai h gqr sh thc Kanonikopobhshc kat™ partbdecen, sugn”™ pro-
tim“tai h Kanonikopobhsh Kat™ Str.ma (Layer Normalization) .

(c) Kanonikopobhsh Kat™ Str,ma (Layer Normalization) Wc méroc thc prosp’jeiac proséggishc
thc ro ¢ ergasi.n tOpou Transformer, sto ConvNeXt antikajbstatai sugn™ h Batch Normalization meLayer
Normalization , efarmizontac thn kanonikopobhsh se epbpedo str,matoc mésa se K'jesidual block. H
mejodoc aut stogeOei sth mePwsh thc euaisjhsPac wc proc to mégejoc partBdgiathr,ntac par’lihla
stajer ekpabdeush
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Figure 1.2.5: SOgkrish sqedDashblock an"mesa seResNet, Swin Transformerkai ConvNeXt. DiakrDnontai
ta anestrammeéndottlenecks kai h LayerNorm sto ConvNeXt.

SOgkrish me Paradosiak” CNNs

Ston PPnakal.1 fabnontai oi kuriiterec diaforéc metaxO klasik,n  diktOwn tOpouResNet kai thc eksug-
gronisménhc proséggishc touConvNexXt.

Qarakthristiki Paradosiak™ CNNs ConvNeXt

TOpoc Sunelbxewn Standard Convs Depthwise Separable
Kanonikopobhsh BatchNorm LayerNorm
Energopobhsh ReLU GELU

Mebwsh Diast"sewn Max Pooling / Strided Conv Patchi ed Convolution
Residual Blocks Bottleneck Residuals Anestrammeéndottlenecks

Table 1.1: Basikéc antistoigbec metaxO tupik rCNN kai thc eksuggronismeénhc argitektonik ¢ ConvNeXt.

1.2.3 Paragwgik™ Antagwnistik™ Dbktua (PAD )

H enithta aut parousi"zei mia oloklhrwménh anaskiphsh twn Paragwgik,n Antagwnistik.n DiktOwn
(PAD), esti"zontac sthn exélix touc api tic basikec arqgitektonikéc éwc to  StyleGAN2-ADA, to opobo
antimetwpbzei tic prokl seic élleiyhc dedoménwn pou garakthrbzoun ton q,ro thc iatrik ¢ apeikinishc Epi-
pleon, kalOptetai h énnoia thcanastrof c PAD  (GAN inversion) , mia krBsimh diadikasPa gia thn enswm"twsh
pragmatik,n eikinwn ston lanj"nonta g,ro , epitrépontac prohgmeéenec efarmogéc ipwc h paragwg antipa-
radeigmatik,n eikinwn kai h shmasiologik epexergasba

Episkiphsh twn Paragwgik,n Antagwnistik,n DiktOwn

Ta PAD protijhkan api touc  Goodfellow et al. [32]Se énaParagwgiki Antagwnistiki DBktuo

(GAN) emplékontai dOo neurwnik™ dbktuaéna paragwgiki (generator) kai énadiaqwristiki  (discrimina-

tor) pou ekpaideOontai me antagwnistiki tripa O generator G sunjétei upoy fia deBgmata pou moi“zoun
realistik™ , en, o discriminator D prospajeb na diakrbnei e'n éna debgma ebnai pragmatiki paragimeno
Majhmatik™ , h ekpabdeush diatup,netai wc émain-max game:
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mGin mDaxV(D;G): Ex paw (009D (X)]+ E; p,(»llog(l D (G(2)))]: (1.2.1)

Tupik Argitektonik (Vanilla). Sto basiki sen’rio , o generator degetai wc ebBsodo énan tugabo
lanj"non k,dika z (sun jwc api kanonik katanom ) kai par"gei sunjetik® dedoménaG(z). O discriminator
ektim” thn pijanithta éna deBbgma na ebnai pragmatikio Sq ma 1.2.6 debqgnei aut th jemeli,dh sqedbash

Figure 1.2.6: Basik argitektonik enic Vanilla GAN, me paragwgiki dbktuds kai diaqwristiki D.

Parallagéc PAD (GAN Variants)

Api th sOllhy touc méqri s mera , polléc parallagéc twn PAD egoun protajeb gia thn antimet_ pish
thc ast’jeiac ekpabdeush¢ tou mode collapsekai thc periorismeénhc poikilbac deigm™twn

" DCGAN: Eis gage suneliktikec str seic tiso sto G iso kai sto D, belti,nontac thn poiithta
eikinwn [93].

WGAN: Antikatésthse thn apiklish Jensen Shannonme thn apistash Wasserstein,stajeropoi,ntac
thn ekpabdeush kai mei ,nontac tmode collapse [3].

" CycleGAN: Pragmatopobhse azeug'rwth met*frash eikinaecproc-eikina (unpaired image-to-image
translation) mésw epibol ccycle consistency[143].

" PGGAN: Epeétreye paragwg eikinwn uyhliterhc an’lushc prosjétontac stadiak™ ta epBbpeda
an’lushc kat™ thn ekpabdeush belti,nontac th stajerithta kai tic leptomeéreiec [51].

" StyleGAN / StyleGAN2 / StyleGAN2-ADA: Estbase sestyle-basedsOnjesh gia pio leptomer
elegqo kai kalOtero apodiagwrismi (disentanglement) tou lanj"nontoc g,rou . To StyleGAN2-ADA
prisjese adaptive data augmentation ste na uposthrbzei mikritera sOnola dedoménwf52, 53].

Figure 1.2.7: Par"deigma argitektonik c DCGAN api [140].
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Efarmogéc PAD . Ta PAD axiopoioOntai euréwc sthn iatrik apeikinish (p.g. epaOxhsh dedoménwn
anbgneush anwmali)n sthn irash upologist (p.g. super-resolution, domain adaptation) kai se pl joc
“llwn peript,sewn ipou grei“zontai sunjetik” kai tautigrona realistik® dedoména

StyleGAN kai StyleGAN2: Mejodologba Basismeénh sto Style

To StyleGAN [49] eis gage énan paragwgiki pur na pou epexerg-zetai énan endi"meso lanj"'non k. dikaw
kai efarmizei adaptive instance normalization (AdalN) gia ton élegqo optik,n gnwrism™twn . Auti epétreye :
" KalOtero apodiagqwrismi tropopoi sewn (p.q. anex’rthtoc élegqoc pizac kai uf ¢ ),
"~ Debgmata uyhl ¢ poiithtac se prwtofaneBc analOseic

"~ Style mixing, ,ste na auxhjeb h poikilba twn paragimenwn exidwn

Belti,seic sto StyleGAN2. Paritito StyleGAN beltBwse ton élegqo tou stul , emf nize tegnourg -
matgartifacts) kai sOmplexh mh sgetik.n garakthristik.n . To StyleGAN2 antimet, pise ta zht mata aut®
me

Weight modulation/demodulation: Antikatésthse tic rhtec str seic AdalN, periorbzontac
epanalambanimena tegnourg mata

Ekpabdeush se stajer an’lush . Afabrese to progressive growinggia mia aploOsterh all”
apotelesmatik diadikasba ekm’jhshc

" Skip & residual sundéseic : Dieukilune th ro twn gradients kai stajeropobhse thn ekpabdeush

Path length regularization: Proéetreye sunep sumperifor” stic paremboléc lanj"nontoc k,dika ,
mei,nontac apitomec metab“seic

Peirmata pou sunékrinan StyleGAN kai StyleGAN2 se sOnola ipwc ta FFHQ  LSUN cats/horses
epibebabwsan meiwméndchet Inception Distance (FID) kai gamhlitero Perceptual Path Length (PPL),
upodhl.nontac uyhliterh pistithta kai pio omaléc tropopoi seic ston lanj"nonta g,ro

StyleGAN2-ADA: Prosarmostik EnBsqush Dedoménwn ston Discriminator

To StyleGAN2 apaiteD meg’la sOnola dedoménwn gia stajer apidoshWstiso , se polloOc tomebc idbwc
sthn iatrik apeikinish  ta dedoména ebnai periorisménio StyleGAN2-ADA [53] upernik™ auti to
meionekthma eis"gontac eénarosarmostiki sq ma epaOxhshc (adaptive augmentation) pou:

"~ Efarmizei mh diarreOsimecepaux seic (peristroféc , anastroféc , alloi,seic qr,matoc ) mino sthn
ebsodo touiscriminator,

" Rujmbzei dunamik™ thn entash twn epaux sewn an’loga me to epPpedo uperprosarmog dXou

" Diathreb thn katanom pou majabneigenerator, gwrbc na molOnetai api tic epaux seic.

Ofelh sthn latrik Apeikinish

1. Poiotik sOnjesh me IBga dedoména : PolOtimo gia exeidikeuménec iatrikéc periogéc me IDgec
ekatont"dec deigmatolhptik™ dedoména

2. Dhmiourgba antiparadeigmatik,n eikinwn : 'Enac epexerg’simoc lanj"nwn ¢,roc wfeleb sth
dhmiourgPa antiparadeigmatik,n eikinwn pou mporeb na dieukolOnoun thn di"gnwsh ton sgediasmi
jerapebac

3. Diamoirasmic dedoménwn me diasf’lish idiwtikithtac : Forebc mporoOn na moir“zontai

realistikec sunjetikéc eikinec me el gisto kbnduno apok’luyhc pragmatik,n plhrofori,n asjen,n
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Figure 1.2.8: Metafor” mijhshc sto  StyleGAN2-ADA: sOgkrish sOgklishc enic proekpaideuménou
montélou (p.q. FFHQ) kai prosarmog c se “llh perioq  (CELEBA-HQ).

Anastrof PAD (GAN Inversion): SOndesh Pragmatik,n Eikinwn me Lanj’nontec
K.dikec
Pollec sOnjetec efarmogéc apaitoOnanastrof PAD (GAN inversion) dhl. thn eOresh lanj"nontoc

k.dika z  ste h paragimenh eikina G(z ) na anapar"gei pist” mia pragmatik eikina x. H epitug c anastrof
dbnei dunatithta gia

" Shmasiologik epexergasba (semantic editing) : Anex'rthtoc élegqoc sugkekrimenwn garak-
thristik,n se pragmatikec eikinec ,

" Paragwg antiparadeigmatik,n : Elgistec stogeuménec allagéc pou apokalOptoun p, ¢ mikréc
tropopoi seic ephre”zoun thn taxinimhsh,

~ An’lush lanj"nontoc q,rou . Katanihsh tugin merolhyi.n tou montélou
Méjodoi Anastrof ¢ . Sun jeic proseggbseic
1. Basisménec se beltistopobhsh (optimization-based) : Epanalhptik elagistopobhsh thc

L (G(2);x) wc proc z, epitugg nontac uyhl pistithta , all” pio arg sOgklish

2. Me gr sh apokwdikopoiht (encoder-based) : EkpaideQetai énaencoderE pou antistoigbzei
"mesa tic eikinec se lanj"nonta k,dika , exasfalbzontac gr gorh pribleyh , imwc sugn” ligitero akrib

3. Ubridikéc Strathgikec . Argikopobhsh api enan encoder kai sth sunégeia leptomer
beltistopobhsh, epitugg nontac isorropba taqOthtacakrbbeiac

Basikéc prokl seic paraménoun hdiat rhsh tautithtac , h k"luyh deigm”twn ektic katanom c kai h diat rhsh
epexergasimithtac (editability) tou lanj"nontoc k,dika
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Figure 1.2.9: Endeiktik apeikinish thc anastrof c PAD : antistobqish pragmatik ¢ eikinac x se
lanj"nonta k. dika z .

1.2.4 Antagwnistik Ekpabdeush kai Eurwstba

H enithta aut anadeiknOei mia krisimitath priklhsh sth baji" m“jhsh  : thn eup’jeia twn neurwnik n dik-
tOwn seantagwnistik™ paradebgmata , dhlad eisidouc pou éqoun uposteb el gistec all” kalosge-
diasmenec diataragéc, me skopi na xegel’soun montéla pou upi kanonikec sunjkec emfanbzoun uyhl
akrbbeia Tétoiec adunambec egeProun sobaroOc problhmatismoOc se pedPa uyhl ¢ asfaieRadh auti-
math od ghsh oghm™twnh ugeionomik perbjalyh kai h kubernoasf’leia, kajist,ntac thn antagwnistik
anjektikithta jemeli_dh proteraiithta eéreunac . AkoloujeB mia pio leptomer c episkiphsh twn basik,n
ennoi n, twn kuriiterwn strathgik,n "munac kai twn anoiqgt,n prokl sewn gOrw api thn antagwnistik
eurwstba

Antagwnistik™ Paradebgmata kai Epijeseic

'Ena antagwnistiki par"deigma prokOptei mésw prosj khc miac mikr ¢ sugn” airathc diataraq ¢ se eéna

egkuro debgmeg par"gontac x°= x+ . Pariti oi optikéc allagéc ePnai sqedin airatec , to neurwniki dbktuo

taxinomeD lanjasména thn eDsoxfd Tupik”, oi antagwnistikéc epijéseic stogeOoun sth megistopobhsh tou
sf'lmatoc taxinimhshc :

max L f(x+ );y me thn probpijesh k k, : (1.2.2)

ipouto oriojeteDtai api thn metablht ~ (sOmfwna me k"poia nirmg,). An“loga me th gn,sh tou sqediast
thc epBjeshc gia to montélg oi epijéseic kathgoriopoioOntai wc

" White-box epijeseic : O epitijemenoc éqgei pl rh prisbash sthn argitektonik kai sta b’rh tou
montélouy, epitrépontac mejidouc ipwc Fast Gradient Sign Method (FGSM) [33] Projected Gradient
Descent (PGD) [73].

" Black-box epijeseic : O epitijemenoc diajetei mino dunatithta kl shc (queries) sto montélo,
parathr ntac tic telikeéc pijanithtec tic etikétec exidou tou . Me axiopobhsh mejidwn met"doshc
(transfer-based) mejidwn b'sei erwthm™twn (query-based) [89], kataskeuzei antagwnistikéc eisi-
douc
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Figure 1.2.10: Dhmiourgba antagwnistik,n paradeigm™wn me el"qista oratéc diataragécapi [33].

Antagwnistik Anjektikithta

H antagwnistik anjektikithta (adversarial robustness)perigr-fei thn ikanithta enic montélou na

diathreb uyhl epbdosh ktw api antagwnistikéc diataragéc H éreuna perilamb™nei tiso jewrhtik™ iria  (p.q.
gia sugkekriménec nirmec arqitektonikeg iso kai empeirikéc mejidouc(p.q. antagwnistik ekpabdeush H
axiolighsh sun jwc afor” th metrhsh thc akrbbeiac tou montelou gia mia seir” tim,n . 'Enac anjektikic
taxinomht ¢ diathreb uyhl akrBbeia akimh kai se sqetik™ meg~lec timéc.

Antagwnistik Ekpabdeush

MetaxO twn pio gnwst,n strathgik,n “munac sugkatalégetai h antagwnistik ekpabdeush , ipou par’-
gontai antagwnistik™ paradengatq kai prostE)jentgi sto sOnolo ekpabdeushausiastik®  ekpaideQontac to
montelo na ta antimetwpbzeBtogeOoume na epilOsoume

min kmkax Lf(x+ ; )y, (1.2.3)

me tic paramétrouc tou montélou Se k’je b ma, dhmiourgoOntai antagwnistik™ paradeBgmata kai enhmer non-
tai ta b’rh . Parallagéc thc mejidou ebnai

" FGSM-based training : Efarmog enic b matoc gradient gia th dhmiourgba diataraq,n33].

PGD-based training : Diadikasba poll,n bhm“twn (Projected Gradient Descen? gia pio isquréc
epijéseic, grhsimopoiebtai sugn” sthn ekpabdeush me qgr sh the - nirmad73].

Ekpabdeush me anabajmizimenh austhrithta (curriculum) : Xekin™ me mikri kaito auxnei
stadiak™ , ,ste to montélo na prosarmizetai omalitera .

Allec Strathgikéc ‘Amunac

Péra api thn antagwnistik ekpabdeush éqoun protajeb di“forec akima "munec

Defensive distilla}tion: A Ekpabdeush deutereOontoc montélou p nw sexomalunmeénegsoftened) exi-
douc tou argikoO diktOoume stigo thn apikruyh twn pragmatik,n gradients [88].

Metasghmatismob eisidou : Metri"zoun tic antagwnistikec diataragéc efarmizontac leitourgbec
ipwc sumpbesiPEG mebwsh bjouchit [38].

Proseggbseic tuqaiithtac . Prosjétoun tuqaiithta ebte sta dedoména eisidou ebte sta str,mata
tou diktOou, duskoleOontac ton epitijemeno na upologbsei stajer kateOjunshgradients.

Certi ed defenses:  Parégoun eggu seic anjektikithtac upi sugkekriménec nirmec, p.q. meswran-
domized smoothing [17].
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Figure 1.2.11: Kathgoriopobhsh dhmofil,n mejidwn "munac énanti antagwnistik,n paradeigm™twn
basisménh sto[15].

1.2.5 ErmhneOsimh Tegnht NohmosOnh kai Antiparadeigmatikéc Exhg -

seic
H enithta aut diereun” ta jemeélia thc ErmhneOsimhc Tegnht ¢ NohmosOnhc (XAl) kai thn oloéna
auxanimenh shmasba tamtiparadeigmatik.n exhg sewn (counterfactual explanations) , eidik®

se pedPa uyhloO rbskou ipwc h iatrik apeikinishH an’lush xekin™ orDzontac tic @nnoiec thc ermhneusimith-
tac kai thc epexhghmatikithtac sth mhganik mjhsh kai sth sunégeia debgnoume p,c oi antiparadeigmatikec
proseggbseic uperbabnoun tic paradosiakéc tegnikgrg. q'rtec shmantikithtac ), paréqontac safebg di-
aisjhtikec upodebxeic sgetik™ me top,c prépei na tropopoihjeD mia ebsodoc gia na all’xei h apifash enic
montélou

KPnhtra gia ErmhneOsimh Tegnht NohmosOnh

Ta sOgqgrona baji® neurwnik™ dbktua leitourgoOn sugn™ san maOra kouti, montelopoi ntac perDploka
pritupa pou den ePnai eOkola katanoht™ api ton “njrwpo [94, 98]. Wstiso , se iatrikéc efarmogéc ePnai
aparabthto ta apotelésmata enic montélou na ePnai axiipista kai ermhneOsima gia touc klinikoOc iatroGic
autin ton ligo , h éreuna &gei esti“sei se strathgikéc pou apokalOptoun th diadikasPa | yhc apof’sewn tou
montéloy, sundu”zontac thn akrbbeia pribleyhc me th diaf'neia

Ermhneusimithta énanti Epexhghmatikithtac . Genik’, h ermhneusimithta kai h epexhgh-
matikithta aforoOn to piso eOkola mporeb k“poioc “njrwpoc na katano sei ton ligo gia ton opoPo éna
montelo katélhxe se mia sugkekrimenh éxod64]. Perilamb™noun tiso ek twn ustérwn (post-hoc) meji-
douc(p.g. qrtec shmantikithtac ) pou aitiologoOn tic apof seic met” thn ekpabdeush tou montélauiso kai

eggen,c ermhneOsiméntrinsically interpretable) montéla (p.q. déntra apifashc ) twn opoPwn h dom ePnai
ek fOsewc diafan c.

Sunhjisménec Tegnikéc sth XAl

Sthnirash upologist,n , tegnikéc ipwc hGrad-CAM  kai oi g"rtec shmantikithtac (saliency maps)
grhsimopoioOntai euréwc gia ton entopismi periog.n miac eikinac pou ephre*zoun thn éxodo tou diktO@i
LIME [94] kai SHAP [69] parégoun topikéc proseggbseic thc sumperifor"c tou montélou Pariti imwc autéc oi
meéjodoi anadeiknOoun ta krbsima eikonostoiqeRaproteBnoun tripo allag ¢ thc eisidou gia diaforetik
apifash . Auti to keni kalOptoun oi antiparadeigmatikéc exhg seic
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Figure 1.2.12: Efarmog Grad-CAM se diagnwstik eikina, api [102].

Antiparadeigmatikéc Exhg seic

Oi antiparadeigmatikec exhg seic stogeOoun sto er,thma: Poia el’gisth allag sthn eBsodo ja "I-
laze thn apifash tou montélou ; [122]. AntD na epishmabnoun apl,c shmantikéc perigggmvc oi qrtec
shmantikithtac , oi antiparadeigmatikéc proseggbseic proteBnoemnallaktikéc ekdogéc thc eisidou pou anti-

stréfoun thn éxodo.O tripoc leitourgbac touc tairi"zei me t[m anjr pinh logik an mia mikr metabol
all’zei th di"gnwsh api jetik se arnhtik , tite auti apokalOptei ta kajoristik™ qarakthristik™ gia thn
pribleyh .

Basik™ Krit ria sthn latrik Apeikinish

Gia na jewrhjeb mia antiparadeigmatik ex ghsh klinik™ ousiastik [122, 98], prépei na diépetai api ta
paraktw garakthristik™

Egkurithta (Validity):  Na prokaleb saf allag etikétac (p.q. api karkiniki se mh karkiniki ).
Realismic  (Realism): Na moi“"zei me alhjofan , anatomik,c sunep eikina.

"~ Efiktithta (Actionability): Na antistoigeb se realistikéc iatrikec epemb”seic(p.g. mikr mePwsh
megejouc miac allobwshc antb gia exaf nish enic oliklhrou org nod).

Araiithta (Sparsity):  Na diathreb tic allagéc sto el"qisto , upogrammbzontac poia garakthristik™
egoun pragmatik®™ shmasba

"~ Aitiatithta (Causality): Na tropopoieb qarakthristik™ "mesa sqgetik™ me thn pajologba, ,ste h
allag pribleyhc na ePnai iatrik™ ermhneOsimh kai igi na proérgetai api tugabec susgetbseic

Figure 1.2.13: Par"deigma ugioOc antiparadeigmatik ¢ aktinografbac j raka , me ton antBstoiqo q’rth
diafor,n .

Giatb oi Antiparadeigmatikéc Exhg seic ebnai Diaisjhtikec

Oi "njrwpoi sugn” skéftontai me sen’ria  what if.  Ston iatriki kI"do , tetoioi upojetikob sullogismob
bohjoOn sthn epibebabwsh amfisb thsh miac di"gnwshc An autic o igkoc tan sto misi mégejoc |, ja ton
jewroOse to montélo mh karkiniki; Mia tétoia sullogistik enisqOei thn epikoinwnba an"mesa sta ergaleba
TN kai touc KlinikoOc eidikoOg¢ aux™nontac thn empistosOnh sth gr sh touc.
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Prokl seic Uiojethshc

Par” thn axba toug oi antiparadeigmatikéc exhg seic ePnai dOskolec sthn ulopoPhsh gia dedoména iatrik ¢
apeikinishc gia touc ex c ligouc :

© Jémata Idiwtikithtac : H dhmiourgba epexergasba dedoménwn asjen,n prépei na summorf netai
me austhroOc kanonismoQu.q. HIPAA, GDPR).

Realistik Epexergasba : Oi epemb”seic uyhl ¢ an’lushc, pou diathroOn thn anatomik sunépeja
apaitoOn prohgména paragwgik™ montéla kai meg’lh upologistik isqO

" Klinik EpikOrwsh . Oi eidikob ofebloun na epibebai,soun iti oi allagéc antapokrbnontai se prag-
matikéc dunatithtec kai den dhmiourgoOn tegnhtartifacts pou ja mporoOsan na paraplan soun th
di"gnwsh ton sgediasmi jerapebac

1.3 Mejodologba
1.3.1 Eisagwg sto plabsio SPRUCE

Se aut n thn enithta , eis"goume to SPRUCE (Sparse Realistic Uncoupled Counterfactual Explanations),
eéna plabsio gia thn paragwg realistik,n kai el"gista tropopoihménwn antiparadeigmatik,n ex-

hg sewn (counterfactual explanations) sto toméa thc iatrik ¢ apeikinishc . To SPRUCE sthrbzetai stic
ideec touPIECE , miac mejidou pou entopbzeapokiPnonta garakthristik® (exceptional features) sto teleu-
tabo epPpedo anapar’stashc enideurwnikoO DiktOou protoO gbnei h telik taxinimhsh Parak’tw
parousi“zetai mia leptomer ¢ sOnoyh twn kentrik n ide,n tou PIECE kai tou tripou me ton opoBo toSPRUCE
tic epektebnei

Sunoptik Parousbash tou PIECE

To PIECE arqgik™ dokim’sthke se sOnola dedoménwn ipwc tMNIST [21] kai to CIFAR-10, epideiknOontac
thn ikanitht™ tou na par”gei alhjofanebc antiparadeigmatikéc exhg seic. Basik arg tou ebnai o entopismic
pijan,c sp’niwn (dhlad apoklinintwn ) qarakthristik.n se mia dosmeénh eikina, kai h antikat"stas touc
meanamenimenetmég ipwc autéc emfanDzontai sthn antiparadeigmatik kl"shc®.

DOo Uposust mata . To PIECE prodpojétei :

~ 'Enantaxinomht eikinwn (:: enaSuneliktiki Neurwniki DBktuo ), pou ex’gei tic pi-
janithtec ilwn twn klI"sewn

" 'Enamontélo PAD (GAN) to opobo anakataskeu“zei sunjétei eikinec api lanj"nontec k. dikec ,
epitrepontac thn optikopobhsh twn allag,n se epPpedo eikonostoigebvpixel) gia thn paragwg an-
tiparadeigmatik,n exhg sewn.

Kai ta dOo montéla mporoOn na ekpaideutoOn anexrtharkeb ta sOnola ekpabdeus ¢ touc na moir"zontai
thn Bdia katanom

Figure 1.3.1: H proseggish tou PIECE gia ton entopismi apoklinintwn garakthristik,n se mia
eikina(query image).
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Basikic Sumbolismic

JewroOme én&€NN me dOo kOria tm mata

~ C: 'Olata epbpeda tou diktOou méqri to proteleutabo epPpedo garakthristik, pou exgei to di'nusma
garakthristik,n X.

" S: To teleutabo epbpedinftmax to opobo taxinomeb t0se mia katanom pijanot twn Y.

'Etsi, gia mia eikina eisidoul, h anapar“stash sto proteleutabo epbpedo ebna= C(l) kai h éxodoc ePnai
Y = S(C(l)). Par’llhla , énac ekpaideumengenerator G (api ena Paragwgiki Antagwnistiki
Dbktuo ) antistoigbzei énan lanj'nonta k,dika z se mia eikinal = G(z).

Basik™ B mata tou AlgorBjmou PIECE.

1. Anastrof PAD (GAN inversion) kai Epilog Antiparadeigmatik ¢ Kl"shc . To
PIECE pr,ta anastréfei thn eikina | ston lanj’nonta g,ro tou = GAN. Epipléon, prosdiorbzei thn
antiparadeigmatik kI'sh c®  sugn” thn pragmatik etikéta e™n o taxinomht ¢ sf'lei k“poia “llh

kontin  kI"sh e€°n h argik pribleyh ebnai swst

2. Entopismic Apoklinintwn Qarakthristik,n . Qrhsimopoi,ntac ektim seic twn katanom, n
energopobhshc gia thn kI’shc®, to PIECE entopBzei qarakthristik™ tou x pou apokibnoun shmantik™
(K'tw api ena kat fli ) api thn tupik katanom. Mino aut” jewroOntai  apoklbnonta kai

upikeintai se allag

3. Allag twn Apoklinintwn Qarakthristik,n stic Anamenimenec Timec : O algiri-
jmoc tropopoieb tic par“tairec timéc garakthristik,n (p.q. uperbolik® uyhlec gamhléc) ,ste na
plhsi"zoun tic  fusiologikéc timéc gia thn ki'sh c®Dhlad , h mé&jodoc metab’lei thn tim ekeBnwn
twn apoklbnontwn garakthristik,n pou ephre”zoun arnhtik™ thn taxinimhsh thc argik ¢ eikinac sthn
antiparadeigmatik klI'sh c®

4. Optikopobhsh ston Q.ro twn EikonostoigeBwn . Teloc, to tropopoihmeno di"nusma garak-
thristik.n  x° apeikonPzetai pli se eikinal ° mésw miac akima anastrof c PAD. Auti par"gei mia
el"qgista tropopoihménh eikina me ousi.deic allagéec gia thn kI"sh -stiqo .

To Plabsio  SPRUCE

To SPRUCE axiopoieb thn idéa toentopismoQO apoklinintwn garakthristik.n  api to PIECE, all* thn
prosarmizei stic apait seic thc iatrik ¢ apeikinishc , dbnontac émfash sthraraiithta (sparsity) kai ston
realismi tou telikoO apotelésmatoc. To Sq ma 1.3.2 deBgnei to di"gramma ro ¢ tou plaisDpgwrismeéno se
trba basik™ tm mata
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Figure 1.3.2: Oloklhrwmeno di"gramma leitourgbac touSPRUCE: api th montelopobhsh garakthristik,n
sthn anastrof PAD , meqri th beltistopobhsh ston lanj"nonta g,ro

Bma 1: Exagwg twn Apoklinintwn Qarakthristik,n

Gia mia swst” taxinomhmenh eikina to plabsio dhmiourgeb tocantiparadeigmatiki di"nusma garakthristik,n
ston q,ro garakthristik,n tou taxinomht

B ma 2: Anastrof PAD

Sth sunf:‘qeia, h argik eikina prob’lletai ston lanj'nonta g,ro enic StyleGAN2-ADA meésw enic
ubridikoO plaisbou anastrof c. 'Etsi apokt'me mia epexerg’simh lanj"nousa anapar’stash pou itan do-
jeb san ebsodo stome-tuned generator tou PAD anakataskeu“zei pist” thn argik eikina

B ma 3: Beltistopobhsh ston Lanj'nonta Q,ro

Téloc, grhsimopoiebtai mia exeidikeumenh sun’rthsh beltistopobhgbptimization objective) pou epib’llei
ton realismi kai thn araiithta sthn telik epexhghmatik eikina . H beltistopobhsh tou lanj"nontoc k. dika
odhgeD se mia eikirentipar"deigma(l 9 pou

" Diaférei api thn | kurbwc sta krbsima shmeba pou kajorbzoun thn apifash tou taxinomht
" Diathreb uyhl pistithta kai sunépeia me thn ki"'sh c®,

" Den alloi,nei agrebasta tic mh pajologikec domec

1.3.2 Exagwg Apoklinintwn Qarakthristik n

Gia na efarmisoume thn idéa towexceptional feature extraction api to PIECE [54] se sOggrona montéla
ConvNeXt akoloujoOme ta parak™tw b mata:

1. Montelopobhsh twn lanjanintwn garakthristik, n (Fitting the Latent Features' activa-
tions) an” kI'sh ,

2. Entopismic apoklinintwn garakthristik,n (identifying exceptional features) thc arqgik ¢
eikinac | wc proc mia antiparadeigmatik ki"sh c°,
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3. Tropopobhsh mino twn krBsimwn outliers pou anameénetai na anatreyoun thn apifash tou
montéelou

Sumbolismic

Ac upojésoume iti F ePnai énac ekpaideuménoc ksigwmeénoc(frozen) taxinomht ¢ tOpou ConvNeXt, o
opoboc degetai mia eikidakai epistréfei éna di"nusma pijanottwn Y = F(l). SumbolDzoume

C: To dbktuo meqri to proteleutabo epPpedo

" S: To teliki pl rwc sundedemeéno strma (Fully Connected Layer) kai to softmax

x = C(l): To lanj"non di"nusma garakthristik. n
" Y = S(x): H pijanithta gia kje kI'sh , mec = arg max(Y) thn problefiebsa kI"sh

Efison mia mellontik antiparadeigmatik eikina 1° all’zei thn pribleyh api ¢ se ¢, mac endiaférei na
entopDsoume poia garakthristik™x? parekklbnoun api ta tupik™ pritupa thc kI"'shc  c®

Montelopobhsh twn Tim,n Energopobhshc Lanjanintwn Qarakthristik,n

Gia na perigr'youme statistik™ k“je garakthristiki Xj tou lanj"nontoc g,rou tou taxinomht , sugkentr -
noume tosOnolo dedoménwn ekpabdeushc D kai orbzoume

Lc= xjx=C(l); S(X)=c; 12D

gia K'je kI'sh  c. Upojétoume iti k’je garakthristiki xi akoloujeb xeqwrist katanom X . Kaj,c to
ConvNeXt grhsimopoieb sunArthshGAELU (epitrépontac arqhtikéc timég, den mporoOme na efarmisoume
apeujebac tahurdle model tou argikoO PIECE (pou leitourgoOse meRelLU). Sunep,c:

MontelopoioOme thn katanom twn tim n energopoBhshc tou k’je neur, najarakthristikoO me thn gr sh
twn Gaussian Mixture Models (GMMs).Sta peir"mata mac grhsimopoi samé& Gkaousianéc sunist,sec
gia thn montelopobhsh ilwn twn garakthristik,.n .

K'je GMM orbzetai api b'rh i, mésh tim  kai diakum™nseic 2.

H diadikasba gbnetai mba for” an” klI'shapotup,nontac thn tupik  katanom energopoi sewn twn
garakthristik,n

'Etsi, gia thn kI'sh ¢ kai to garakthristiki i isqOei
X _ )
p(xi) = kN XiJ ks g
k=1
Entopbzontac ta Apoklbnonta Qarakthristik™
Gia mia eikina kai mia antiparadeigmatik klsh c®, exet"zoume k’je garakthristiki x; sto x = C(l):
X .
F(xi) = koo
k=1

ipou ( ) ebnai h sun’rthsh katanom ¢ thc kanonik cN (0; 1). Gia ton entopismi twn outliers (uyhl.n
gamhl.n), orbzoume

P(xj)=min F(xj); 1 F(x) :

E'n P(x;) <t (mikritero api éna kat.fli t), tite to x; garakthrbzetai apokiBnon
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All"zontac ta Apokibnonta sthn Anamenimenh Tim

AfoO entopBsoume tautliers, exet"zoume epiprisjeta to prishmo tou brouc w; sto teliki strma S. Gia
par"deigma

" E'nto x; ePnai uperbolik™ uyhli all” w; > 0 (Bswc wfeleD thn klI'sh % kai “ra den to all’zoume .

~ E’n antbjeta to x; ePnai uyhli kaiw; < 0, to jewroOme epiblabéc kai to antikajistoOme me tHE[X o],
dhlad thn anamenimenh tim th&GGMM gia to garakthristiki i sthn kI'sh c°.

Me aut th strathgik , mino oi timéc pou empodBzoun thn taxinimhsh sttropopoioOntai.

Figure 1.3.3: Diagrammatik apeikinish tou tripou pou éna apoklbnon garakthristiki  (kikkino ) all"zei
sthn anamenimenhim (diakekommenh gramngia thn antiparadeigmatik kl"sh 0.

Teliki Apotélesma . Me thn antikat"stash twn apoklinintwn stoigePwn se timéc fusiologikec gia
thn @ (diathr,ntac parlihla tic tugin euergetikéc apoklPseic ), lamb noume toantiparadeigmatiki di'nusma
garakthristik.n ~ x% Auti to di'nusma , ipwc ja doOme sthn sunégeiaja leitourg sei wec odhgic se mba
diadikasPa beltistopoPshc gia thn eOresh thc antiparadeigmatik ¢ eikinac

1.3.3 Anastrof PAD : E4E kai PTI
Kbnhtro : H An“gkh gia Anastrof PAD Uyhl ¢ Pistithtac kai Epexergasimithtac

Sto plabsio tou PIECE, h paragwg antiparadeigmatik n eikinwn basbzetai se mia diadikasba beltistopobhshc
pou efarmizetai apeujebac sto lanj"non di"nusma thc arqgik c eikinac. Ston toméa thc iatrik ¢ apeikinishc ,
auti apaiteb mia lanj"nousa anapar“stash pou ebnai tautigronaakrib ¢ (dhlad , prépei na anakataskeuzei
thn eikina eisidou me el"gisth paramirfwsh ) kai epexerg’simh  (dhlad , prépei na epitrépei eleggimenec
tropopoi seic gia antiparadeigmatik sOnjesh). Oi paradosiakéc meéjodoi anastrof ¢ PAD sugn” antimetw-
pbzoun duskolPec sthn exisorriphsh aut,n twn dOo idiot twn

Proseggbseic basismenec sth beltistopobhsh , 0i opoPec beltistopoioOn apeujePac ton lan-
j"nonta k. dika grhsimopoi,ntac éna mino deBgmaepitugq noun uyhl pistithta anakataskeu c all”
par"goun lanj nontec k_ dikec pou ePnai dOskolo na tropopoihjoOn

" Proseggbseic basisménec se apokwdikopoihtéc , 0i opoPec ekpaideQoun énan apokwdikopoiht
me meg~lo arijmi deigm”twn paréqoun epexerg simec lanj"nousec anaparast™seic all” apotugg noun
na anakataskeu“soun leptomereiec
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" Ubridikec mejodoi , 0i opoPec pr.ta grhsimopoioOn énan apokwdikopoiht gia na I'boun to arqiki
lanj’non di"nusma kai sth sunéqeia ekteloOn apeujePac beltistopoBhsh se auti Akimh kai aut h
méjodoc duskoleQetai na brei éna idaniki shmebo isorropPac

Sto proteinimeno plabsio SPRUCE, grhsimopoioOme mia diadikasPa anastrof ¢ dOo stadBwn
1. Apokwdikopoiht ¢ E4E : Pareqgei mia argik epexerg’simh lanj"nousa anaparstash .

2. Pivotal Tuning Inversion (PTI) : Stogeumeénh ekpabdeush tou paragwgikoO montélou gia beltiwménh
akrbbeia anakataskeu c

Anaparast™seic Lanj'nontoc Q,rou sto StyleGAN

To StyleGAN orbzei pollaploOc lanj"nontec g.rouc , o kajénac me diaforetik epBdrash sthn poiithta, thn
epexergasimithta kai ton realismi twn paragimenwn eikinwrn

" Q,roc  Z: O argikic lanj’nwn g,roc , ipou oi lanj'nontec k dikec z N (0;1) deigmatolhptoOntai
api mia tupik kanonik katanom . Autic o g,roc ePnai exairetik” susgetismenoc, kajist, ntac dOskolec
tic "'mesec tropopoi seic.

- Q,roc  W: 'Enac pio domhménoc kai apomplegménoc g,roc pou lamb™netai mésw enic ekpaideumenou
diktOou apeikinishcM , ipou w = M (z). Autic o g,roc epitrépei eleggimenec tropopoi seic garak-
thristik,n diathr ntac ton realismi

Gia th beltbwsh twn dunatot twn anakataskeu c kai ton leptomer éleggo twn qarakthristik,.n , to Style-
GAN eis"gei epauxhménouc lanj"nontec g,rouc

" Q,;oc  W*: Se antbjesh me ton g,ro W, ipou eénac mino lanj'"nwn k dikac efarmizetai se ila
ta str,mata tou paragwgikoO montélou, o g,roc W * anajétei anex’rthtouc lanj"nontec k, dikec se
K'je str,ma , epitrepontac leptomeréstero elegqo twn topik,n qarakthristik,n thc eikinac

~ Q,roc  WK: Mia peraiterw epéktash ipou mino éna uposOnolok strwm’twn lamb™nei diakritoOc
lanj"nontec k,dikec , paréqontac isorropPa metaxO ekfrastikithtac kai elegximithtac.

Apokwdikopoiht ¢ E4E gia Anastrof PAD

O E4E (Encoder for Editing) sgedi’sthke gia thn antimet,pish twn prokl sewn anastrof ¢ , topo-
jet.ntac strathgik™ lanj"nontec k dikec ston epauxhméno lanj"nonta g,ro , diasfalbzontac par’llhla th
sumbatithta me shmasiologikéc tropopoi seic.

Basikéc Argéc SgediasmoO tou E4E

1. Elagistopobhsh thc DiakOmanshc stouc Lanjnontec K dikec - Se antbjesh me touc
paradosiakoOc apokwdikopoihtgco E4E ekpaideOetai gia proodeutik beltbwsh twn lanjanous, n ana-
parast’sewn, epitrepontac th beltistopobhsh tiso thc pistithtac anakataskeu c iso kai thc epexer-
gasimithtac.

2. Elagistopobhsh thc Apiklishc api ton g,ro W - Mia eidik sun‘rtAhsh ap,leiac enjarrOnei
touc lanj"nontec k,dikec na paramenoun kont™ ston g,ro W en, axiopoioOn thn euelixba tou g,rou
W *, belti,nontac thn epexergasimithta .

3. Arqgitektonik Apokwdikopoiht Basismenh se ResNet - O E4E basbzetai se énResNet-
like skeleti , par"gontac énan argiki lanj"nonta k,dika kai prisjetec metatopBseic pou belti,noun
sugkekriména str,mata.

Sunolik Sun’rthsh Ap.leiac ston E4E

O apokwdikopoiht ¢ E4E ekpaideOetai grhsimopoi ntac mia sun’rthsh ap, leiac sgediasménh na exisorropeb
dOo krbsimouc stigouc

Elagistopobhsh Paramirfwshc . Diasfalbzontac iti h anakataskeuasmeénh eikina moi“zei polO
me thn arqgik .
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" Diat rhsh Epexergasimithtac . Diathr ,ntac énan domhmeéno lanj"nonta k dika pou epitrépei
shmantikéc tropopoi seic.

H sunolik sun’rthsh ap leiac orDzetai wc stajmisménoc sunduasmic aut,n twn dOo irwn :

L(X) = Laist (X) + edit L edit (X); (1.3.1)

ipou cqit eléggei thn isorropPa metaxO pistithtac anakataskeu ¢ kai euelixDac tou lanj"nontoc k dika.

Ap,leia Paramirfwshc

Gia thn elagistopobhsh tou sfllmatoc anakataskeu c, h ap,leia paramirfwshc apotelebtai api trba sus-
tatik™ :

Laist (X) = 2L2(X)+ 1pips Lipips (X) + sim Lsim (X): (1.3.2)

- Lo(x) - Tupik ap,leia anakata;keu ¢ eikonostoigebwn. - Lipips (X) - Antilhptik ap.leia gia th dias-
f'lish domik ¢ omoiithtac metaxO eikinwn. - Lsim(X) - Ap,leia tautithtac , diasfalbzontac th sunépeia se
epbpedo qarakthristik,n grhsimopoi,ntac éna pro-ekpaideumeéno dbktuo

Ap.leia Epexergasimithtac

Gia na diasfalisteb iti oi lanj"nontec k,dikec paraménoun domhmeénoi kai epexerg'simdi ap, leia epexer-
gasimithtac apotelebtai api:

Ledit (X) = d-reg Ld-reg (X) ¥+ adv Ladv (X): (1.3.3)

- Lareg (X) - Ap,leia Delta-kanonikopoBhshc pou periorbzei tic metatopBseicdiasfalbzontac eggOthta ston
g,ro W. - Lagv (X) - Antagwnistik ap,leia grhsimopoi,ntac énan diakritopoiht lanj"nontoc q,rou gia na
diathr sei touc majhmeénouc k dikec stul entic thc eggenoOc katanom ¢ touStyleGAN.

Stogeuménh Ekpabdeush gia Anastrof PAD : Pivotal Tuning Inversion (PTI)

KBnhtro gia to PTI sthn Anastrof latrik,n Eikinwn En, o E4E parégei mia epexerg simh
lanj"nousa anapar“stash , den eggu’tai p"nta anakataskeuéc uyhl c pistithtac , eidik™ gia iatrikec eikinec
pou perieqoun leptomerePayhl ¢ an”lushc anatomikéc domeéc Stic efarmogec iatrik ¢ apeikinishc , akimh kai
mikr” teqnourg mata anakataskeu ¢ mporoOn na apokrOyoun krBsimec diagnwstikéc leptomeéreferi apaiteD
mia méjodo anastrof ¢ pou enisqOei thn akrbbeia anakataskeu c diathr ntac par’lihla thn epexergasimithta .

To Pivotal Tuning Inversion (PTI) antimetwpbzei aut n thn priklhsh me stogeuménh ekpabdeush tou Bdiou tou
paragwgikoO montéloy diasfalDzontac iti 0 anestrammeénoc lanj’nwn k dikac par’gei mia eikina pou ePnai
adi"krith api thn ebsodo en, exakoloujeD na epitrépei ousiastikec antiparadeigmatikéc tropopoi seic

Mejodologba
To PTI apotelebtai api dOo kOria b mata

1. Argik Anastrof PAD : H eikina antistréfetai pr,ta grhsimopoi,ntac mia etoimh méjodo ba-
sismenh se apokwdikopoiht (p.g., E4E) gia na Ihfieb énac argikic lanj"nwn k dikac w ston lanj"nonta
g,ro W+,

2. Stogeuménh EkpaPdeush ParagwgikoO Montélou : To paragwgiki montélo G ekpaideOetai
stogeumeéna gia kalOterh anakataskeu thc eikinaestiqou diathr ntac ton lanj"nonta k dika sta-
jeri , belti_nontac étsi thn isorropPa metaxO elagistopobhshc paramirfwshc kai epexergasimithtac

43



Chapter 1. Ektetaménh Perblhyh sta Ellhnik”

Kanonikopobhsh Topikithtac

Gia thn apofug thc uperprosarmog ¢ se mba mino eikinaeis"getai h kanonikopobhsh topikithtac. Auti
diasfaID}ei iti to paragwgiki montélo den g'nei thn ikanitht™ tou na par“gei diaforetik® debgmata api to
arqiki sOnolo dedoménwnO iroc kanonikopobhshc topikithtac orbzetai wc

Lreg = Lipips (Xei X, )+ Bolia(Xr:%,): (1.3.4)

ipou:

Xy = G(wr; ), ePnai h eikina pou par’getai api to argiki paragwgiki montélo me to lanj"non di"nusma
Wy

" X, = G(w;; ), ebnai h eikina pou pargetai api to ekpaideuméno paragwgiki montelo me to lanj"non
di"nusmaw;

Telik™ , h beltistopobhsh tou paragwgikoO montélou diatup_netai we
=argmin Lyi +  reglreg: (1.3.5)

1.3.4 BeltistopoPhsh Lanjnontoc DianOsmatoc

To teliki b ma thc mejidou SPRUCE ebnai h epanalhptik beltistopobhshsto lanj'nonta g,ro , tou lan-
j'nontoc dianOsmatoc pou anakataskeu’zei thn argik eikina me skopi thn apikthsh thc lanj"nousac ana-
par’stashc thc antiparadeigmatik ¢ eikinac . Gia thn paragwg antiparadeigmatik n eikinwn pou exhgoOn
ousiastik™ thn apifash tou taxinomht , beltistopoioOme to lanj’non di"nusma tou StyleGAN2-ADA, pou
egoume apokt sei grhsimopoi,ntac th diadikasba anastrof ¢ PAD, me téetoio tripo ,ste :

" Ta qarakthristik™ thc eikinac pou par“getai api to beltistopoihméno lanj"non di"nusma na eujugram-
mbzontai me ta apokibnonta garakthristik™ pou ex"gontai mesw thc mejiddelECE.

" H tropopoihménh eikina na paraménei antilhptiKperceptually) parimoia me thn argik, apofeOgontac
uperbolikéc paramorf, seic .

" Oi tropopoi seic na ebnai araiécdhlad na all"zoun mino oi ousi,deic ptugéc pou sumb’lloun sthn
apifash tou taxinomht
Sun’rthsh Beltistopobhshc

H diadikasba beltistopobhshc pragmatopoieE)taiAsto lanj"non di"nusma pou argikopoiebtaiwy: H sun’rthsh
beltistopobhshc apotelebtai api tésseric basikoOc irouc ap,leiac:

L= I—piece + percLLPIPS +  latent Llatent + image I—image: (1-3-6)

'‘Oroc gia Eujugr'mmish Qarakthristik, n

'Eqontac kataskeu'sei to antiparadeigmatiki di'nusma garakthristik.n  x° grhsimopoioOme thn Bdia ap,leia
se epbpedo garakthristik,n ipwc ston arqiki algirijmo  PIECE:

Lpiece = KC(G(we))  x%3: (1.3.7)

'‘Opou

" C antiproswpeQei ila ta str,mata tou pagwménou taxinomht meégri to proteleutaDo str,ma garak-
thristik,.n ~ X.

"~ x%ebnai to antiparadeigmatiki di'nusma garakthristik,n.

" G ebnai to prosarmosmeéno paragwgiki montéelo
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" we ePnai to beltistopoihméno lanj"non di"nusma

Autic o iroc diasfalbzei iti ta garakthristik™ thc antiparadeigmatik ¢ eikinac tairi"zoun me ekebna pou
anameénontai gia thn antiparadeigmatik kl"sh exasfalbzontac étsi iti h pribleyh tou taxinomht ja all"xei

‘Oroc Antilhptik ¢ Omoiithtac (LPIPS)

Gia th diat rhsh thc domik ¢ akeraiithtac kai thn apofug shmantik c apiklishc thc antiparadeigmatik c
eikinac api thn argik , enswmat,noume énan iro antilhptik ¢ omoiithtac grhsimopoi,ntac thn metrik LPIPS
(Learned Perceptual Image Patch Similarity):

Lipips = LP|PS(G(We), | ): (138)

'‘Opou
" G(we) ebnai h paragimenh antiparadeigmatik eikina

| ePnai h argik eikina api to sOnolo dedoménwn

H LPIPS diasfalbzei iti ta garakthristik® uyhloQ epipédou diathroOntai en, epitrépontai ousiastikéc
tropopoi seic . Gia to dbktuo b’shc touLPIPS, grhsimopoioOme énan exagwgéa garakthristik,n basisméno
sto VGG antb gia to AlexNet, ligw thc eurebac uiojethshc tou VGG se sq mata beltistopobBhshc pou
perilamb™noun parallagéc tou StyleGAN.

‘Oroc Kanonikopobhshc sto Lanj'nonta Q.ro gia Araiithta

Efarmizoume epbshc kanonikopobHhshgia ton periorismi as mantwn allag,n sto lanj"nonta q,ro

Liatent = KWe  Wpki: (1.3.9)

Autic o iroc apotrepei to beltistopoihmeno lanj"non di'nusma na apomakrunjeb api thn epexerg’simh kai
shmasiologik™ ploOsia geitoni” tou argikoO lanj"nontoc dianOsmatoc Wy, enisqgOontac étsi ton realismi kai
thn alhjof’neia twn paragimenwn antiparadeigm™twn.

‘Oroc Kanonikopobhshc ston Q,ro twn Eikonostoigebwn gia Araiithta

Gia na diasfalbsoume iti oi antiparadeigmatikéc eikinec paramenoun pistéc sthn argik eikina en, antikatop-
trBzoun mino tic aparabthtec tropopoi sei¢ eis"goume mia poinL1 stic diaforec se epPpedo eikonostoigeBwn
metaxO thc paragimenhc antiparadeigmatik c¢ eikinac kai thc arqik ¢ eikinac

Limage = KG(We)  IKy: (1.3.10)

Aut h kanonikopoBhsh enjarrOnei thn araiithta stic allagéc twn eikonostoigeDwn, diasfalDzontac iti
tropopoioOntai mino oi pio sgetikéc periogéc the eikinag ekebnec pou eujOnontai gia thn apifash tou taxi-
nomht.

Sunep,c, to teliki priblhma beltistopobhshc diatup, netai wc

h i
We = arg rr\}vin Lpiece + perc I-LPIPS T latent Llatent + image Limage . (1-3-11)
P

'‘Opou

" w, ebnai to lanj"non di"nusma pou antistoigeb sthn telik antiparadeigmatik eikina

perc: latent ; image €DNai uperpar'metroi pou eléggoun thn isorropPa metaxO eujugr'mmishc garakthris-
tik,n , antilhptik ¢ omoiithtac kai araiithtac
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Trofodot,ntac to ~ w, sto prosarmosméno paragwgiki montéloG, mporoOme na optikopoi soume thn antipa-
radeigmatik eikina.

Figure 1.3.4: Optikopobhsh thc diadikasbac beltistopobhshc

1.3.5 Antagwnistik Anjektikithta gia Ousiastikéc Antipa-
radeigmatikéc Exhg seic

KBbnhtro : O Riloc thc Antagwnistik ¢ Anjektikithtac

'Opwc ebdame stic prohgoOmenec enithtec tou plaisDoy tmaé nusma garakthristik,n tou taxinomht grhsi-
mopoiebtai gia na kajodhg sei to paragwgiki montélo tou StyleGAN2-ada proc thn paragwg miac eikinac
pou an kei sthn epijumht antiparadeigmatik kl"sh kai ePnai iso to dunatin pio kont™ sthn argik eikina

Me “lla ligia , mporoOme na poOme iti geadients tou taxinomht ePnai aut™ pou kajodhgoOn to paragwgiki
montélo proc th swst kateOjunsh . Sunep,c, e’n ta gradients den ePnai shmasiologik™ eujugrammisména me
ta garakthristik® miac sugkekriménhc ki"shc , tite ja mporoOse na odhg sei, ipwc ja doOme sthn enithta

twn peiram’twn, se antiparadebgmata pou moi“zoun optik™ me thn argik eikina itan oi allagéc periorbzontai
na ebnai el’gistec Auti shmaPnei iti e'n o taxinomht ¢ ePnai eu’lwtoc se antagwnistikecmh antilhptec

api ton “njrwpo tropopoi seic  (antagwnistikéc epijéseic) [33], tite ta paragimena antiparadebgmata ja
antikatoptrBzoun autéc tic eup’jeiec par” tic pragmatikéc aitiatec susqetbseic

'Egei apodeigjeb iti ta gradients twn antagwnistik®™ anjektik,n taxinomht,n éqoun isquréc paragwgikec
idiithtec kai "majabnoungarakthristik™ pou ebnai antilhptik™ eujugrammismena me ta qgarakthristik™ miac
sugkekriménhc kI"shc [100, 7]. Gia autin ton ligo , grhsimopoioOme antagwnistik ekpaBdeush gia na belti -
soume thn anjektikithta tou taxinomht kai na diasfalDsoume iti oi paragimenec eikinec perieégoun ousiastikéc

kai alhjofanebc allagéc . Sugkekriména grhsimopoioOme thn méjodbRADES (TRade-o -inspired Adver-
sarial DEfense via Surrogate-loss minimization) [136]mia prohgménh méjodo antagwnistik ¢ ekpabdeushc pou
exisorropeb thn akrbbeia se kajar” dedoména kai thn anjektikithta

TRADES: Exisorriphsh Kajar ¢ Akrbbeiac kai Anjektikithtac

To plabsio TRADES diatup,nei thn antagwnistik ekpabdeush wc mia exisorriphsh metaxO

" Tupik ¢ Akrbbeiac Taxinimhshc . Diasfalbzei iti o taxinomht ¢ diathreb uyhl akrbbeia se
kajarec (mh diataragmengeikinec, k'ti pou ebnai aparabthto eidik” ston tomeéa thc iatrik ¢ apeikinishc
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" Antagwnistik ¢ Anjektikithtac : Ekpabdeush tou taxinomht  ste na ebnai amet’blhtoc se
antagwnistikec diataraqgec.

Majhmatik DiatOpwsh tou TRADES

H kentrik idéa tou TRADES diatup,netai wc mia kanonikopoihmenh sun’rthsh ap,leiac antikat"stashc,
pou sundu“zei mia tupik sun’rthsh ap,leiac taxinimhshc kai eénan iro kanonikopobhshc anjektikithtac .
Sugkekriménato TRADES beltistopoieb thn akiloujh sun’rthsh

min Eaeyyp  L(F(X);y) + Xogga>(<X)LKL(f(X);f(x0)); (13.12)

ipou:
f (x) antiproswpeOei thn problepimenh katanom pijanithtac tou taxinomht gia thn eDsodox,
L upodhl, nei thn tupik sun’rthsh ap leiac taxinimhshc  (p.q., cross-entropy),

Lk, ePnai h apiklishKullback-Leibler pou posotikopoieb th diafor” metaxO twn exidwn tou taxinomht
sto kajari par"deigma x kai to antagwnistiki par"deigma x°,

B (x) ePnai h sfabra diataraq ¢ aktbnagOrw api thn eDsoda, pou orbzetai w8 (x) = fx°: kx® xk,
91

ebnai mia uperpar"metroc pou eléggei thn exisorriphsh metaxO thc kajar ¢ akrBbeieean accuracy)
kai antagwnistik ¢ anjektikithtac

Kat™ th di‘rkeia thc ekpabdeushg ta antagwnistik® paradeDgmatax® dhmiourgoOntai entic thc sfabrac di-
ataraq c¢ grhsimopoi, ntac thn Proballimenh Kajod ghsh Diab“jmishc  (Projected Gradient Descent - PGD)
[73]. H PGD diatar’ssei epanalhptik™ ta dedoména eisidou sthn kateOjunsh thc diabjmishc thc ap leiac
KL gia na brei mia diataraq geiriterhc perDptwshc Aut h epanalhptik dhmiourgba antagwnistikoO pa-
radebgmatoc mporeb na ekfrasteb tupik™ wc

Xt = B o X0+ sign(r oLk (F ()T (D) (1.3.13)

ipou g (x)() upodhl nei thn probol sth sfabra aktbnac , ebnaito mégejoc tou b matoc kaiupodeiknOei
ton arijmi thc epan’lhyhc .

Figure 1.3.5: Arister eikina : irio apifashc me apl ekpabdeush Dexi” eikina: irio apifashc me
TRADES.
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1.4 Peirmata

1.4.1 Episkiphsh Sunilwn Dedoménwn

Qrhsimopoi same téssera dhmisia diajésima sOnola dedoménwn iatrik ¢ apeikinishkajéna api ta opoba
perilamb™nei monadikec pajologbecAkoloujeb mia sunoptik perigraf twn dedoménwn mazb me endeiktikec
eikinec pou anadeiknOoun thn poikilomorfba tiso twn anatomik, n stoigeBwn iso kai twn pajologi.n

Aktinografbec J raka
(a) Pneumonba vs. Ugic
" Phg : RSNA Pneumonia Detection Challenge [2].
" KlI'seic : Pneumonb&gic.
" ProepexergasbaAllag megéjouc se 256 256 metatrop se RGB.
" Basik™ Qarakthristik™
Pneumonba : Periogéc auxhmeénhc puknithtac pou prosomoi“zoun flegmon twn pneuminwn

Ugic : KajaroB pneOmongtfusiologik™ aggeiak™ pritupa

(b) Megalokardba  vs. Ugic
" Phg : NIH Chest X-ray [126] kai RSNA Challenge.
" Kl'seic : Megalokardba Ugic .
" ProepexergasbaAllag megéjouc se 256 256 metatrop se RGB.
" Basik™ Qarakthristik”

Megalokardba : Meg’lec diast’seic kardiak ¢ silouétac , sugn” péran tou 50% tou pl“touc
tou j,raka

Ugic : Diaugebc pneOmankardi” fusiologikoO megéjouc .

Figure 1.4.1: Endeiktikéc aktinografbec j,raka : Ugi ¢ (arister” ), PneumonB@mesaf)aMegalokardba
(dexi”).

Optikec Tomografbec Sunoq ¢ (OTS ) [55]
" Phg : Kaggle.
" Kl'seic : Ugi c, Choroidal NeoVascularization (CNV),Diabetic Macular Edema (DME), Drusen.

" ProepexergasbaEstbash sto kentriki shmebdcenter-crop) thc eikinac , allag megéjouc se 256 256,
metatrop se RGB.
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" Basikéc Pajologbec

CNV (ChoroidalANeovascuIarization): Suss,reush ugroO pou alloi,nei tic stib’dec tou
amfiblhstroeidoOc.

DME (Diabetic Macular Edema): P qunsh tou amfiblhstroeidoOc, kOstec gemtec ugri.
Drusen: Exwkuttarikéc enapojéseic k'tw api to mel"ggrou epij lio tou amfiblhstroeidoOc

Ugi ¢ : Omoiimorfec, mh paramorfwmeénec stib”dec gwrbc ugri enapojéseic

Figure 1.4.2: Paradebgmata OTSUgiéc (arister” ), Drusen (mesab)aDME ( dexi").

Magnhtikec Tomografbec (MRI) Egkef’lou gia Anoia
" Phg : Kaggle.
" Kl'seic : Qwrbc BI'bh, PolO 'Hpia, 'Hpia, Métria .
" ProepexergasbaAllag megéjouc se 128 128 metatrop se RGB.
" Basik™ Qarakthristik”
Qwrbc BI'bh  : Fusiologikic igkoc egkefllou , el’gisth anOparkth atrofba .
PolO 'Hpia / 'Hpia : Stadiak Iéptunsh tou floioO , métria dieOrunsh twn koili n.

Métria : 'Entonh atrofba (idbwc stic ippokampikéc periogeemfan,c dieurumeénec koilbec

Figure 1.4.3: ParadeDgmata egkefalik,nMRI: QwrDc BI'bh (arister” ), PolO 'Hpia (mesaBaMétria (dexi").

1.4.2 Ekpabdeush Taxinomht

EkpaideOsame to montél€onvNeXt-Base tiso se apl (mh anjektik ) rOjmish iso kai ktw api an-
tagwnistikéc epijéseic, prokeiménou na axiolog soume thn ikanithta tou proteinimenou plaisbou na par“gei
antiparadeigmatikeéc eikinec Sthn paroOsa enithta perigrfontai analutik® h diadikasPa ekpabdeushg ta
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basik™ eur mata kai o riloc thc antagwnistik ¢ ekpabdeushc sthn telik poiithta twn antiparadeigmatik,n
eikinwn.

Genik Diamirfwsh Ekpabdeushc

'Ola ta sOnola dedomeénwn qwrbsthkan se uposOnola ekpabde(80fb), epikOrwshc(10%) kai elégqou (10%),
ipwc fabnetai ston PPnakal.2. Argikopoi same to ConvNeXt-Base me b’rh enic antbstoiqou proekpaideumé-
nou montelou sto ImageNet kai antikatast same to teliki epPpedo (fully connected) ,ste na antapokrbnetai
ston arijmi kI"sewn k’je sunilou dedomenwn . H ekpabdeush periel'mbane

~ Qronodromolighsh ruyimoO mjhshc kai upomon 20 epoq,n,
" Adamw Beltistopoiht

Exom’lunsh etikétac (0.05) kai ekpabdeush mikt ¢ akrbbeiac (mixed-precision) gia béltisth
gr sh pirwn

EpaOxhsh dedoménwn , p.q. tugabec apokopéanastroféc , metasqghmatismo®ne kai metaboléc
gr,matoc,

Katanom bar,n an” kl"sh gia thn antimet,pish anisorropPac se orisména sOnola dedoménwn
(p.g. Ugi ¢ vs. Pneumonfpa

SOnolo Dedoménwn KI'sh Train  Val Test An’lush

. . Ugic 7080 885 601

Aktinografba J,raka (PneumonBbss. Ugic) Pheumonda 4809 601 602 256 256
. . Ugic 2220 277 279

Aktinografba J,raka (Megalokardbavs. Ugi c) Megalokardba 2220 277 579 256 256
Ugic 21077 2634 2636
CNV 29772 3721 3723

oTS DME 9137 1142 1143 256 256
Drusen 6896 862 862
Qwrbc Bl'bh 2560 320 320
- o PolO 'Hpia 2406 300 302

MRI Egkef’lou gia ‘Anoia ‘Hpia 2191 273 575 128 128
Meétria 2057 257 258

Table 1.2: Diagwrismic se sOnola ekpabdeusteléggou kai epikOrwshc kai leptoméreiec sgetik™ me thn
an’lush eikinwn gia k’je sOnolo dedoménwn

Apl Ekpabdeush Taxinomht

Arqgik™ ekpaideOsame énarapli taxinomht (mh anjektiki se antagwnistikéc epijéseic) me gr sh sun’rthshc
cross-entropy. O PPnakad..3 parousizei tic basikéc uperparamétrouc(p.q. argikic rujmic mjhshc 5 10 4,
megejoc partbdaé4, 100epogeys.

Metrikéc Apidoshc . Ta apotelésmata akribebadgaccuracy), precisipn, recallkai F1-scoresta sOnola
eleggou sunoybzontai ston PPnaka.4. H di’krish Pneumonbaes. UgioOc eftase  96% akrBbeiaen, h
taxinimhsh ‘Anoiac seMRI "ggixe  99%

Sto Sq ma 1.4.4 parousi“zontai oi pPnakec sOgqush(confusion matrices) gia mPa analutikiterh eikina thc
katanom c twn probléyewn
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Uperpar metroc Tim
Sun’rthsh Ap,leiac Cross Entropy
Argikic Rujmic M7jhshc 5e-4
Epogec 100
Warmup Epogéc 10
Beltistopoiht ¢ (Optimizer) Adamw
Megejoc Partbdac 64
Weight Decay 5e-2
Exom’lunsh Etiketac 0.05

Table 1.3: Basikéc uperpar"metroi gia thn apl ekpabdeush tou taxinomht

AkrbBbeia Precision Recall F1-score
Pneumonba 95.96 95.68 97.63 96.65
Megalokardba 88.35 90.22 86.02 88.07
OTS 97.98 97.98 97.97 97.98
MRI Egkef’lou 99.39 99.40 99.39 99.40

Table 1.4: Epidiseic (%) sto sOnolo eléggou gia ton apl” ekpaideuméno taxinomht

(a) Pneumonbes. Ugic

(g) OTS

(b) Megalokardbavs. Ugi c

(d) MRI Egkef’lou

Figure 1.4.4: PPnakec sOgqushc gia ton apli taxinomht sta dedomeéna elégqou
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Antagwnistik Ekpabdeush me TRADES

Sth sunégeia, ekpaideOsame to Bdio mont&onvNeXt grhsimopoi ntac thn méjodo TRADES [136], eis’-
gontac antagwnistik® paradebgmata kat™ thn di“rkeia thc ekpabdeushc me th mejoBGD. O PPnakacl.5
sunoybzei tic sgetikéc uperparameétrou¢p.q. mikritero meégejoc partbdacl6, 2 f 1=255 2=255 8=255).

Uperpar metroc Tim
Sun’rthsh Ap,leiac TRADES
Argikic Rujmic M’jhshc le-4
Epogec 100
Warmup Epogéc 10
Beltistopoiht ¢ Adamw
Meégejoc Partbdac 16
Weight Decay 5e-2
Exom’lunsh Etikétac 0.05

6.0

{1/255, 2/255, 8/255}

B mata PGD 10

Table 1.5: Uperpar"metroi gia thn antagwnistik (TRADES) ekpabdeush

Apotelésmata se Kajaréc Eikinec Ston PPnakal.6 parousi“zetai h akrBbeia sto sOnolo elégqgou
gia di“forec timec . Pariti elafr,c meiwmeénh se sqésh me thn apl ekpabdeushh mebwsh ebnai .pia

SOnolo Dedoménwn =1=255| =2=255| =8=255
Ugi ¢ vs Pneumonba 94.48 94.02 94.09
Ug ¢ vs Megalokardba 88.17 85.84 88.35
oTS 97.44 97.73 96.95
MRI Egkef’lou 99.74 99.39 99.23

Table 1.6: Akrbbeia(%) se kajarec eikinec gia taxinomhtéc ekpaideumenouc me thn mejoRADES.

Parathr seic kai Epimena B mata

Sunoybzontactiso oi aplob iso kai oi antagwnistik™ ekpaideumenoi ConvNeXt-Base taxinomhtéc emfanbzoun
uyhl akrbbeia sta téssera sOnola dedoménwnEn, h antagwnistik ekpaBdeush mei nei elafr,c thn api-
dosh se kajarec eikinec, prosferei pio anjektik® (gradients) idiabtera qr sima gia thn paragwg klinik®
ousiastik.n antiparadeigmatik,n eikinwn, ipwc ja faneb sta epimena peir'mata

1.4.3 Apotelésmata Anastrof c PAD

AxiologoOme topipeline anastrof ¢ PAD (GAN inversion) miaproseggish basisménh seencoder
akoloujoOmenh api pivotal tuning (PTI) kai sta téssera sOnola dedoménwn Paraktw parousi“zontai
tiso posotik™ iso kai poiotik™ apotelésmata thc proteinimenhc mejidou anakataskeu c

Posotik An’lush

Metr"me thn pistithta anakataskeu ¢ me tésseric basikéc metrikéc:

FID (Fréchet Inception Distance) . Mikriterec timéc upodhl,noun kalOterh eujugr'mmish twn
katanom,n twn pragmatik .n kai twn anakataskeuasménwn eikinwn

"~ CMMD (Conditional MMD) . Axiologeb thn omoiithta stic katanomec upi sunj kh kl"shc .

"~ MSE ( Méso Tetragwniki L"joc ): Apotup.nei to sfima an” eikonostoigePo metaxO prwti-

tupwn kai anakataskeuasmenwn
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" LPIPS (Learned Perceptual
tual) antilhptik omoiithta se epPpedo qarakthristik,n

Image Patch Similarity)

Antikatoptrbzei thn (percep-

Ston PPnakal.7 parousi"zontai ta apotelesmata gia tésseric antiproswpeutikec ki"seic : Megalokardbakai

Pneumonbéaktinografbec j,raka ), Drusen (OTS) kai Métria BI"bh

(Megalokardba

(MRI Egkefilou ). ParathroOme ta

, Pneumonba): Genik™ epitugg netai gamhlitero

FID, MSE kai LPIPS, upodhl nontac pio apl” anatomik™ motbba pou ebnai eukolitero na anakataskeuas-

" OTS (Drusen) : Uyhlitera MSE kai FID, ligw leptomer,n uf,n tou amfiblhstroeidoOc

): PolO gamhli FID (10:18), deBgma auxhmeénou realismoO

exc:
" Aktinografbec J,raka
toOn
"~ MRI Egkef’lou (Metria ‘Anoia
Kl"sh

CMMD #

MSE # LPIPS #

Megalokardba (X-ray)
PneumonbéX-ray)
Drusen (OTS)
Metria ‘Anoia (MRI)

6.28e-4 0.0135
8.57e-4 0.0150
5.02e-3 0.00712
1.44e-3 0.00860

Table 1.7: Posotikéc metr seic anakataskeu c gia antiproswpeutikéc ki'seic sta téssera sOnola

Poiotik™ Paradebgmata

dedomeénwn

Parousi’zoume éna debgma an”~ sOnolo dedoménwn parakipou emfanbzontai(l) h argik eikina, (2)
h anakataskeu mino api ton encoder, (3) o q'rthc diafor,n met” to st'dio tou encoder, (4) h telik
anakataskeu epeita api thn efarmog tou Pivotal Tuning, kai (5) o telikic g“rthc diafor.n

Figure 1.4.5: Apotelesma anastrof c PAD gia aktinografba me megalokardba Proséxte th beltbwsh met”
to Pivotal Tuning sthn apidosh twn orbwn thc kardi“c.

Figure 1.4.6: Anastrof se perbptwsh pneumonbaclo st'dio PTI exalebfei mikr™ tegnht™ sf imata kai
belti,nei tic leptomeéreiec sto pedbo twn pneuminwn
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Figure 1.4.7: Anakataskeu eikinac OTS me Drusen. H ekdosh mino api ton encoderAparaIerei
leptomerebc ufécen, to PTI apokajist™ kalOtera thn dom tou amfiblhstroeidoOc .

Figure 1.4.8: MRl me métria bl"bh To PTI sumb’llei sthn pio pist apidosh tou floioO kai twn koili,n
tou egkef’lou .

KOriec Parathr seic

Epbdrash tou  Pivotal Tuning : Se ila ta sOnola dedoménwnto PTI belti,nei aisjht™ tic lep-
tomeéreiec kai mei nei ta tegnht” sfimata (artifacts).

" Poluplokithta Dedoménwn : Sthn perPbptwsh twn akinografi.n I'bame ta kalOtera apotelés-
mata api “poyh akrBbeiac anakataskeu c kai realismoQDi megalOterec anakrbbeiec anakataskeu ¢ se
epPpedo eikonostoigePwn proékuyan stic eikinec OTS kurbwec ligw the fOshc au(lept uf ,arketic
jiruboc ).

"~ Klinikk ShmasbPa  :Kai sta téssera sOnola dedoménwn kataférame kai anakataskeu"same epark,c
tic basikec anatomikéc domec twn eikinygegonic to opobo krbnetai anagkabo sthn sunegeia gia thn
paragwg arai. n kai realistik,n antiparadeigmatik,n eikinwn

Sunolik™ , o sunduasmicencoder-basedanastrof c me PTI apodbdei akribebc anakataskeuéc gia plhj,ra
iatrik,n eikinwn , exasfalbzontac tiso uyhl pistithta iso kai dunatithta epexergasbac  (editability) sto
lanj"nwn g,ro basiki stoigebo gia to antiparadeigmatiki mac plabsio

1.4.4 Paragwg Antiparadeigmatik.n Eikinwn

AxiologoOme tic telikéc antiparadeigmatikéc eikinec tou plaisbou maqSPRUCE) se aploOc all’
kai antagwnistik™ ekpaideuméenouc taxinomhté€onvNeXt-Base ( 2 f 0; 1=255, 2=255, 8=2557). Stigoc ePnai
na metatréyoume eikinec me pajologHaegalokardbapneumonpdrusen, métria “noia) se ugiebc ekdogec
kai na axiolog soume tiso posotik™ (FID, CMMD, Flip Ratio, L1 apistash , sigouri” taxinomht ) iso kai
poiotik™ thn apotelesmatikithta touc

Posotik™ Apotelésmata

Stouc PPnaked.8 kai 1.9 parousi“zontai oi epidiseic kai sta dOo sOnola dedoménwn aktinografi,n j,raka .
Shmantik™ sumpersmata

" Epbdrash thc Antagwnistik ¢ Eurwstbac : Mh mhdenikéc timécodhgoOmaste sthn paragwg
pio realistik,n antiparadeigmatik,n eikinwn (gamhlitero FID/CMMD) all” kai se elafr,c auxhménh
L1 apistash (ligiterh  araiithta ).
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"~ Stajer” Uyhl” Flip Ratios : Sgedin se olec tic peript,seic xepern“tai to 95% se antistrof
apifashc , upodeiknQontac axiipisth allag taxinimhshc .

" Susgetish Araiithtac EmpistosOnhc : MegalOtera sugn” auxnoun thn sigouri” tou taxi-
nomht sthn ugi kI"sh , me to ant’ligma gia pio ektetaménec epemb”seic sthn argik eikina

Epsion FID ~ CMMD _  Flipratio ~ L1 Sigouri” A
0 60.22 0.35 100% 0.0118 0.8601
1/255 56.34 0.315 100% 0.0168 0.9866
2/255 58.11 0.326 100% 0.0184 0.9958
8/255 49.632 0.264 98% 0.0269 0.9744

Table 1.8: SOgkrish diaforetik,n tim,n  epsilon kai oi epipt,seic touc se FID, CMMD, ip ratio, L1 kai
sigouri” taxinomht (pneumonjpa

Epsilon FID ~ CMMD _ Flipratio ~ L1 Sigouri” A
0 43.20 0.192 96.8% 0.0103 0.7513
1/255 40.069 0.185 98.8% 0.0112 0.7796
2/255 39.410 0.169 98.6% 0.0144 0.9221
8/255 40.256 0.166 98.6% 0.0188 0.9569

Table 1.9: SOgkrish diaforetik,n tim,n  epsilon kai oi epipt,seic touc se FID, CMMD, ip ratio, L1 kai
sigouri” taxinomht (megalokardba

Poiotikec Sugkrbseic
Aplic  vs. Antagwnistik™ Anjektikic Taxinomht ¢

Sta Sq mata 1.4.9kai 1.4.10 sugkrDnontai antiparadeigmatikéc eikinedpwc prokOptoun api apli ( = 0)
kai api antagwnistik™ anjektiki (> 0) taxinomht . Oi anjektikob taxinomhtéc dbnoun pio sunektikec Kkai
stogeumeénec stic pajologikéc periogéc epemb’seifp.q. megejoc kai sq ma kardi"g perioq twn pneuminwi).

Oi aplob taxinomhtéc emfanbzoun enbote di"quigitero klinik™ sgetikec allagec
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Ugiec Ugiec
Argik Eikina Anakataskeuasménh Antipar"deigma Antipar"deigma
Megalokardbac Eikina api Apli api Anjektiki
Taxinomht Taxinomht

Eikina
Diafor,n wc
proc thn argik

Figure 1.4.9: SOgkrish ugi,n antiparadeigmtwn gia megalokardBametaxO aploO kai antagwnistik®
anjektikoO taxinomht .

Ugiec Ugiec
Argik Eikina Anakataskeuasménh Antipar"deigma Antipar"deigma
Pneumonbac Eikina api Apli api Anjektiki
Taxinomht Taxinomht

Eikina
Diafor,n wc
proc thn arqik

Figure 1.4.10: SOgkrish ugi n antiparadeigmtwn gia pneumonpaetaxO aploO kai antagwnistik™ anjektikoO
taxinomht .

AntiparadeBgmata gia AnjektikoOc Taxinomhtéc

Gia kajéna api ta téssera sOnola dedoménwndhmiourg same ugieDc antiparadeigmatikéc eikinec gia an-
tagwnistik™ ekpaideuména montélg > 0). Ta Sq mata 1.4.11, 1.4.12, 1.4.1%kai 1.4.14 debgnoun orisména
apoteléesmata:
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Figure 1.4.11: Ugiéc antipar"deigma gia perbptwsh pneumonbac

Figure 1.4.12: Ugiec antipar"deigma gia eikina megalokardbac
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Figure 1.4.13: Ugiéc antipar"deigma gia métria “noia Anastréfontai merik,c oi atrofikec periogéc , en, to
meégejoc twn koili,n epanergetai pio kont™ sto fusiologiki

Figure 1.4.14: Ugiéc antipar"deigma giaDrusen. Oi enapojeseic mei ,nontaj en, oi stib’dec tou
amfiblhstroeidoOc gbnontai pio omoiimorfec

Parathr seic kai Sumper"smata

" Stogeumeénec Tropopoi seic me AnjektikoOc Taxinomhtéc . Oi q'rtec diafor,n esti"zon-
tai stic pajologikéc periogéc , belti,nontac thn ermhneusimithta .

" Sumbibasmic gia thn tim : MegalOterh tim  endégetai na enisqOei ton realismiall” aux"nei
tic paragimenec allagéc (L1). K'je sOnolo dedoménwn mporeb na apaiteD “llh epilog gia swst
isorropba

" Uyhli Flip Ratio se 'Olec tic Kl'seic : Akima kai se apaithtikéc peript,seic (p.q. Drusen

“noia ), to plabsio antistréfei axiipista thn apifash tou taxinomht , par"gontac egkurec antipa-

radeigmatikec eikinec
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Sunolik™ , ta peir'mata paragwg c antiparadeigmatik,n eikinwn debgnougiatbh antagwnistik anjektikithta
ebnai krbsimta anjektik™ gradients taxinomht,n par"goun klinik™ realistikéc tropopoi seic pou metatrépoun
pajologikéc eikinec se peistikec ugiebc ekdogé¢ diathr ntac par’llhla ta basik™ anatomik™ qarakthris-
tik™ twn iatrik,n apeikonbsewn.

1.4.5 Epbdrash twn 'Orwn thc Sun’rthshc Ap.leiac

Se aut thn enithta melet'me p,c k'je sunist,sa thc sun’rthshc ap,leiac gia ta antiparadebgmata dhlad
o iroc kanonikopobhshc ston g,ro twn pixel ( image ), 0 iroc antilhptik c omoiithtac  ( perc) kai 0 iroc kanon-
ikopobhshc ston lanj'nonta g,ro ( aent ) €phre’zei tic paragimenec antiparadeigmatikec eikinecDiex’-
goume ta peir'mata se paradeDgmata megalokardbac kai pneumgriBanopoi ntac ton kalOtero anjektiki
taxinomht b"sei CMMD. Gia k'je pebramametab’loume mba uperpar'metro kai krat"me stajerec tic “llec
stic iméc:  pere =01, jatent =10 *, image =10 S.

Posotik™ Apotelésmata

H axiolighsh basbzetai ipwc kai prin stic metrikéc FID, CMMD, ip ratio, L1 apistash kai sigouri” taxi-
nomht, ,ste na exetastoOn o realismic, h apotelesmatikithta tropopobhshc kai h araiithta . O Pbnakad..10
sunoybzei ta apotelésmata gia tic eikinec pneumonbac

Metaballimenh Uperpar"metroc FID _ CMMD _ Flip (%) * L1 _ EmpistosOnh N
image =10 & 48.59 0.240 98.8 0.0434 0.9807
image =10 © 49.63 0.264 98.0 0.0269 0.9744
image =10 5 56.64 0.333 95.0 0.0125 0.8913
perc =0:01 48.66 0.213 98.5 0.0294 0.9803
perc =0:1 49.63 0.264 98.0 0.0269 0.9744
perc =1 58.12 0.377 95.2 0.0229 0.8991
latent =10 3 51.31 0.250 94.4 0.0318 0.8811
latent =10 4 49.63 0.264 98.0 0.0269 0.9744
latent =10 8 53.94 0.320 99.2 0.0215 0.9841

Table 1.10: Epbdrash k'je sunist,sac thc sun’rthshc ap,leiac sthn poiithta twn paragimenwn
antiparadeigm”twn (pneumonpa

Poiotik™ Apotelésmata

Gia epiprisjeth an’lush , optikopoioOme ta antiparadeDgmata pou dhmiourgoOntai metab’llontac t@age -
Sto Sq ma 1.4.15apeikonbzetai h argik eikina megalokardba@ paragimena antiparadebgmata kai oi qrtec
diafor,n gia diaforetik™ epbpeda kanonikopobhshc

Suz thsh

" 'Oroc kanonikopobhshc se pixel-level ( image ): Mikriterec timéc eptitrépoun thn paragwg
pio realistik,n ,sOmfwna me tic antbstoigec metrikéantiparadeigmatik,n eikinwn twn opobwn imwc
oi allagéc ebnai kai ligitero araiéc.Auti fabnetai kai api thn sOgkrish twn eikinwn diafor"c tou

Sq matoc  1.4.15Antbjeta, aOxhsh thc sugkekriménhc uperparamétrou odhgeD se mikriterhc éktashc
kai éntashc tropopoi seic.

Antilhptikic 'Oroc ( perc ): Qamhliterec timéc mporoOn na enisgOsoun ton realismi kai to
pososti allag ¢ apifashc , all” epektePnoun tic tropopoi seic . Uyhliterec timéc odhgoOn se kalOterh
diat rhsh antilhptik,n garakthristik,n , aux"nontac thn araiithta .

'Oroc kanonikopobhshc ston lanj"nonta g,ro ( 1atent ): Auxhmeénh kanonikopobhsh sto
lanj"nonta q,ro mei,nei thn sigouri” tou taxinomht kai to ip rate kai aux"nei ton realismi , en, pio
galar kanonikopoPhsh epitrépei isquriterec metatopBseic ston lanj"nonta g,ro uponomeQontac ton
realismi all” belti,nontac thn araiithta thc paragimenhc eikinac
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Argik image = 10 5 image = 10 6 image = 10 8

Figure 1.4.15: Epbdrash thc image Sta paragimena antiparadebgmata megalokardbac kai stic antDstoigec
eikinec diafor,n .

Basikic Sumbibasmic : Oi par'metroi autoD rujmbzoun thn isorropPa metaxO realismékiashc
allag,n kai apotelesmatikithtac taxinimhshc . Kje iroc sumb’llei kajoristik™ sth dhmiourgba optik™
peistik.n kai klinik™ gr simwn antiparadeigm™twn .

Api thn an”lush kajbstatai saféc iti o sgediasmic thc sun’rthshc ap,leiac ebnai euéliktoc kai apoteles-
matikic. Me kat'llhih rOjmish twn uperparamétrwn , o gr sthc mporeD na d sei proteraiithta ebte sthn
araiithta (sparsity) twn allag,n ,ebte sthn sigouri” thc taxinimhshc sthn antiparadeigmatik klsh ebte sto
epbpedo realismoCan’loga me tic klinikéc ermhneutikéc apait seic.

1.5 Sumper'smata
1.5.1 Suzthsh

Sthn paroOsa diplwmatik ergasba parousi"same éna kainotimo plabsio gia thn paragwg realistik,n arai,n
kai ermhneOsimwn iatrik_ n antiparadeigmatik,n exhg sewnH proséggis mac sunduzei énan sOgqrono taxi-
nomht tOpouConvNeXt (tISO se apl iso kai se antagwnistik™ anjektik ekdoq ) me éna montélo paragwg ¢
eikinwn StyleGAN2-ADA, enisqumeéno api tegnikec anastrof ¢ PAD (E4E kai Pivotal Tuning Inversion). O
sgediasmic autic epitrépei thn anakataskeu eikinwn uyhl c pistithtac , diathr,ntac tautiqgrona krbsimec
anatomikéec leptomereiec pou ebnai aparabthtec gia thn klinik ermhneba

KOriec Suneisforéc

" AnaptOxame mia diadikasDa gia #magn, rish kai tropopobhsh twn legimenwn apokiBnon-
twn garakthristik n (mésw thc mejidouPIECE), me stiqo thn paragwg antiparadeigmatik,n
eikinwn pou anadeiknOoun tic pléon sqetikéc anatomikéc periogéc se paj seic ipwc h megalokardPa
pneumonPa kai oi amfiblhstroeidikéc alloi,seic

Mésw thc antagwnistik ¢ ekpabdeushc (TRADES) tou taxinomht , apodeDxame iti ta pio eOr-
wsta gradients taxinomht,n odhgoOn se shmasiologikéc kai klinik™ susgetizimenec metabolése antb-
jesh me tic antiparadeigmatikéc eikinec apl,n taxinomht,n pou mporeb na periegoun tugabec di"qutec
allagec .

Epikur,same th mejodo tiso posotik™ (me debktec ipwc té-ID, CMMD, Flip Ratio kai L1
apistash ) iso kai poiotik® . Ta apotelésmata edeixan iti, upi kat'llhlec timec uperparameétrwn ,oi
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all"gec pou perieqoun oi antiparadeigmatikec eikinec paramenoun araiéc kai klinik™ sunafebc diathr,ntac
par’lihla ta exatomikeumeéena qarakthristik™ tou asjenoOc .

" To plabsio anastrof c PAD (E4E + PTI) epétreye thn akrib anakata}skeu twn argik,n
eikinwn,en, parllhla m"c édwse thn dunatithta na elégxoume kai na epexergastoOme me meg’lh eukolba
ta dianOsmata ston lanj"nonta q,ro tou PAD

ShmasbPa kai AntDktupoc . To proteinimeno plabsio sumb’llei sto eurOtero pedbo th&rmhneOsimhc
Tegnht ¢ NohmosOnhc(XAl) sthn ugeDaantapokrinimeno sthn an"gkh gia axiipistec kai diafaneDc mejidouc
ermhnebac se iatrikéc eikinedlésa api thn paragwg arai n all” anatomik™ eOlogwn epemb“sewn , oi klinikoD
giatroB mporoOn na katanooOn kalOtera to el"gisto sOnolo allag,n pou ephre”zei thn apifash tou montélou,
enisqOontac étsi thn empistosOnh se montéla pou leitourgoOn wenaOra kouti™.

PeriorismoD . Par” ta enjarruntik® apotelésmata , ja prépei na anaferjioOme epBshc se k™poiouc peri-
orismoQOc tou plaisbou Oi méjodoi pou basbzontai se PAD duskoleOQontai arket™ se peript,seic sp™niwn
pajologi,n se eterogen sOnola dedoménwn ipou ta dedoména ekpaPdeushc ePnai arket™ periorismEpa
pléon, en, h antagwnistik eurwstba mporeb na enisqOei thn ermhneusimitrgadéqgetai na mei nei elafr,c
thn akrbbeia tou taxinomht

Telikec Parathr seic . Sunolik™ , ta peirmat™ mac debgnoun iti o sunduasmic anjektik,n taxi-
nomht,n me mia isqur diadikasba anastrof c PAD mporeb na prosférei axiipistec kai katatopistikec an-
tiparadeigmatikéc exhg seic éna shmantiki b ma proc asfalésterec efarmogéc thc tegnht ¢ nohmosOnhc
ston tomeéa thc iatrik ¢ apeikinishc . Mésa api ektenebc posotikéc kai poiotikéc analOsei@podebxame th
biwsimithta thc proséggis ¢ mac se pollapl~ sOnola dedoménwn

EktimoOme iti to proteinimeno plabsio mporeP na apotelései th bsh gia di*forec iatrikéc efarmoggtpou
eidikob ja mporoOn na exet"zoun "mesa p,c mikrec allagec stic eikinec ephre“zoun thn pribleylenisgOontac
thn katanihsh tiso twn dedoménwn tou asjenoOc iso kai thc sumperifor"c twn montélwn.

1.5.2 Mellontikéc KateujOnseic

B"sei twn eurhm™twn kai twn periorism,n aut ¢ thc meléthc , protebnontai ta ex ¢ pedba mellontik ¢ eéreunac

Melétec Qrhst,n me Epist monec api ton tomea thc Ugebac : Diexagwg melet,n me
aktinoligouc “llouc eidikoOc gia thn axiolighsh tou realismoO , thc ermhneusimithtac kai thc klinik ¢
egkurithtac twn paragimenwn antiparadeigmatik,n exhg sewn api to plabsio mac

Prohgmeéna Paragwgik™ Montéla . DiereOnhsh enallaktik,n montélwn paragwg ¢ eikinac
(p.qA. di usion models beltiwménec argitektonikéc PAD) pou endeqoménwc apodPdoun kalOtera stic
polOplokec iatrikéc eikinec.

"~ Sugkritik Axiolighsh Argitektonik,n : Epéktash tou plaisbou se “llec argitektonikec
taxinomht,n (p.q. DenseNet, ResNet, ViT) ,ste na diasfalisteb h genbkeush kai h sunépeia twn apote-
lesm™twn.

~ Trisdi"statec latrikec Apeikonbseic . Epéktash tou plaisbou se trisdi:stata dedoména(p.q.
axonikéc magnhtikéc tomografbgcgia na dieurunjeb h efarmog se pio sOnjeta sen’ria iatrik ¢
apeikinishc.

" Sugkritikec Melétec Ermhneusimithtac . Sugkritik axiolighsh twn antiparadeigmatik,n

exhg sewn énanti “llwn dhmofil,n tegnik,n epexhghmatikithtac (p.g. Grad-CAM, Integrated Gradi-
ents), gia plhrésterh epikOrwsh kai ermhneba
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Chapter 2

Introduction

2.1 Motivation

Deep learning models are at the forefront of image applications and are particularly prevalent in medical
image classi cation [74, 8, 92, 56, 133, 101, 87]. One major limitation of these models is that they function
as black boxes i.e., their decision-making process is opaque to humans, and often rely heavily on statistical
data dependencies inherent in the training data and do not capture domain-speci ¢ knowledge [124, 137].
Although this may be acceptable in other domains, in medical imaging poor decisions made by a classi er
may negatively a ect healthcare outcomes and pose risks to patients. This has prompted reactions by both
the research community, with the development of techniques for eXplainable Arti cial Intelligence (XAl) [37,
119], and the legal community, with the introduction of laws that establish the right to explanation, the
right to be given an explanation for a decision made by an Al system that signi cantly a ects an individual. *
This limitation poses a substantial barrier to the integration of these models into mainstream applications.

Many di erent approaches have been developed for explaining black box image classi ers. One such approach
is counterfactual image generation [13, 47, 36, 27]. Counterfactual explanations provide a new input, similar

to the original one, that produces a di erent output, essentially describing the necessary changes to the input

to elicit changes to the output. This type of explanation is very similar to human decision processes and

has been shown to be easily interpretable by humans [34, 84, 120]. Additionally, the pixel-wise di erences
between the original and the counterfactual image can serve as a saliency map [83], with the added bene t
that the counterfactual image serves as a certi cate of correctness for the saliency map.

Technically, any image that produces a di erent output from the original one can serve as a counterfactual,
but in order to provide insights the counterfactual image ought to present only the absolute necessary changes
to the input image to ip the classi er's output. As an example, for a classi er that detects pneumonia in chest
CT scans, we would prefer the area of change to be completely within the lungs and not in the background
or even the shape of the skeleton, as that could represent a completely di erent patient and not the same
patient with a di erent outcome. A major limitation of many works in the relevant literature [5, 116, 35,

80, 14] is that they do not introduce any mechanisms in the counterfactual generation process which ensure
that the counterfactual image presents sparse, perceptually similar, and visually coherent changes. In this
work, we employ several regularization penalties in the counterfactual generation processes that induce the
aforementioned properties, namely L1 regularization in both the image space and the latent space of the
generator and Learned Perceptual Image Patch Similarity loss [138].

Another major limitation of many other works [86, 5, 61, 116, 105, 80, 14] is that they couple in some way
the training of the counterfactual generator to the training of the model under inspection. Some works train
the generator and the model jointly, thus being unable to apply their framework to any arbitrary pre-trained
model, while others train the generator on the outputs of the model, having to retrain the generator for each
new model under inspection.

1
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2.2 Contribution

In this work, we employ and extend the method of exceptional feature extraction from PIECE [54], which
allows a completely unsupervised pre-training of the counterfactual generator, and only requires the calcu-
lation of some compute-light statistics about the activations of the penultimate layer of the classi er. This
technique also poses no restriction on the number of output classes of the classi er and is able to produce
counterfactuals from any class to any other, which is not true for many other works.

We propose a novel framework, SPRUCE (SParse Realistic and Uncoupled Counterfactual Explanations),
for sparse counterfactual medical image generation. Our contributions are summarized as follows:

We introduce SPRUCE, a novel framework for generating sparse counterfactual medical images.

We develop a specialized loss function that enforces both sparsity and image delity in the generated
counterfactuals, minimizing irrelevant modi cations.

We employ Generative Adversarial Networks (GANSs), along with Encoding for Editing (E4E) [117] and
pivotal tuning [96], for superior performance in low-data scenarios, the ability to faithfully reconstruct
and generate sharp realistic images, and for enhanced latent space controllability.

We employ a technique from PIECE [54] that uncouples the training of the counterfactual explainer
from the training of the classi er and allows us to use the same explainer for any binary or multi-class
classi er trained on the same data distribution.

We nd that the ability to generate sparse, realistic counterfactuals is tied to classi er robustness,
making our framework a valuable tool for vunlerability detection as well as model inspection.

2.3 Thesis Outline

This thesis is structured in 6 separate chapters. Below, follows a distinct summary of their content:

Chapter 2 introduces the motivation behind this research, highlighting the signi cance of counterfactual
explanations in medical imaging, outlines the contributions made, and summarizes the structure of the
thesis.

In the Theoretical Background 3 chapter the theoretical background required to understand this work
is provided.It includes detailed analysis on Convolutional Neural Networks (CNNs), Generative Ad-
versarial Networks (GANSs), GAN inversion techniques, adversarial training methods, and Explainable
Arti cial Intelligence (XAl) with a particular emphasis on counterfactual explanations.

In the Related Work 4 chapter we review relevant existing literature, categorizing previous works into
visual counterfactual methods for general image domains and speci ¢ methodologies applied within
medical imaging

Chapter 5 details the methodology employed, introducing the proposed SPRUCE framework. This
includes the architecture and training strategies for the ConvNeXt classi er, the StyleGAN2-ADA
generator, GAN inversion pipeline (E4E and PTI), latent vector optimization process, and strategies
to ensure sparsity and realism in generated counterfactuals.

Chapter 6 includes all the experiments conducted to validate the proposed methods. Results are
presented quantitatively and qualitatively, comparing the performance of plain and robust classi ers,
evaluating GAN inversion quality, and thoroughly analyzing the e ectiveness of the SPRUCE-generated
counterfactuals.

Finally, in chapter 7 we conclude the thesis, summarizing the main ndings, discussing their implica-
tions, and suggesting potential directions for future research.
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3.1 Convolutional Neural Networks
3.1.1 The neuron

The fundamental processing unit of a Neural network, the neuron, is inspired from the observation of the
brain's formation. So just like in the brain where the neurons form a complex, highly interconnected network
and send electrical signals to each other to help humans process information, the neurons of the neural
networks work together on a common problem, using computing systems to solve mathematical calculations.
Speci cally, a neural network's neuron processes a local patch of input data, uses learnable weights to compute
a weighted sum also adding a learnable bias, applies an activation function, and contributes to the formation
of feature maps. The activation function that is being applied interprets the result and presents it in a
meaningful way, often introducing non-linearity into the network, allowing it to model more complex patterns.

Figure 3.1.1: The neuron architecture, the neuron takes the weighted sum of the input data and the
learnable weights, adds a learnable bias, applies an activation function and produces the nal output.

Activation functions

Like mentioned above, activation functions are functions that are applied to the weighted sum of the input
signals with the weights of the neuron and often they introduce a non-linearity to the computation of the
result. Some activation functions that are usually used are:

ReLU Currently the most used in the world, ReLU thresholds at zero by outputting:

f (x) = max(0;x) (3.1.2)

This function is easily implemented and eliminates the problem of the saturating gradient. An issue with
this function is that all the negative values given as input become zero immediately, which in turn a ects the
results by not mapping the negative values appropriately.

Leaky-RelLU Leaky-ReLU tries to encounter the issue with ReLU by multiplying the negative inputs with
a small constant, instead of completely zeroing negative inputs.

f(x)= 1(x< 0)(x )+ I(x 0)x) (3.1.2)
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Sigmoid  This activation function is mainly used, due to the fact, that it exists between 0 to 1. Therefore,
it is especially used for models where we have to predict the probability as an output. Since probability of
anything exists only between the range of 0 and 1, sigmoid is the right choice. Its formula is the following:

1
l+e*

(x) = (3.1.3)

An issue with this function is that it can cause a neural network to get stuck at the training time.

Tanh  The tanh function is an improved version of the sigmoid one, but being zero-centered as shown in
3.1.2 Tanh maps input to the range[ 1;1], instead of [0; 1], with the following formula:

tanh(x)=2 (2x) 1 (3.1.4)

Figure 3.1.2: Sigmoid vs Tanh activation functions from [30].

However, it still may cause the gradient to saturate.

3.1.2 Neural Networks

Neural Networks [60] are consisted of layers of interconnected neurons, which work together to process input
data, recognize patterns, and make decisions or predictions. The rst of the layers, which receives the raw
data is the input layer, followed by multiple intermediate layers, called Hidden Layers, where neurons process
inputs independently and detect patterns. These layers perform transformations on the data and are not
directly observable from the outside. Finally, the nal layer, called the output layer, produces the network's
predictions or decisions and its structure depends on the task (e.g., classi cation, regression). In order for
the weights of the neural networks to be updated according to the backpropagation algorithm, the gradient
of the loss is needed. The loss is calculated using a loss function, which compares the output of the last layer
to the ground truth.
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Loss functions

The generalized equation for the loss function is:

X0
I E % L0 y®) (3.1.5)
i=1

wherew are the weights, b the bias, m is the total number of training set data points, ¢ is the prediction and
y is the ground truth.

Mean Squared Error The most popular loss function calculating the di erence between the actual value
and the predicted value, squaring it and in the end taking the mean of it:

xXn

MSE = (Yactual ~ Ypredicted )2 (3.1.6)

1
m i=1

Its disadvantages are that it is a ected by outliers and that it can't be used to interpret or compare directly
with actual value.

Cross Entropy Loss The Cross Entropy Loss is a loss function especially used for classi cation tasks,
measuring the di erence between two probability distributions: the predicted probability distribution and the
actual distribution of the labels (often represented as one-hot encoded vectors). For each class, it calculates
the negative log of the predicted probability corresponding to the actual class and sums these across all
classes:

X
L= yi log(¥y) (3.1.7)

i=1

The fact that it is a smooth and di erentiable function which provides useful gradients for learning and is
more e ective in handling class probabilities makes it preferable in classi cation tasks compared to other loss
functions, like mean squared error (MSE).

Optimization - Gradient Descent

Optimization is the process of adjusting the parameters of a model (weights) in order to minimize or maxi-
mize some objective function, typically the loss function. This can be achieved using Gradient Descent, an
optimization algorithm which tries to minimize a function by iteratively moving towards the steepest descent,
as de ned by the negative of the gradient.

= roJ() (3.1.8)

where h is the learning rate. Gradient Descent is the procedure of repeatedly evaluating the gradient and
then performing a parameter update.

Backpropagation Algorithm

The backpropagation algorithm is a widely used method for training arti cial neural networks by minimizing
the error between the predicted output and the actual target output. It involves computing the gradient
of the loss function with respect to each weight by the chain rule, e ciently propagating errors backward
through the network layers. This process allows the model to adjust its weights to reduce prediction error,
ultimately improving its performance, as in large neural networks the relationship of some weights and the
loss function is very hard to nd. The Backpropagation algorithm works by two di erent passes, that are
repeated for some epochs, the forward pass and the backward pass.
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In the forward pass, we start by propagating the data inputs to the input layer, go through the hidden layer(s),
measure the network's predictions from the output layer, and nally calculate the network error based on
the predictions the network made. Once the network error is calculated, then the forward propagation phase
has ended, and backward pass starts.

In the backward pass, the ow is reversed so that we start by computing the gradient of the loss function with
respect to the output, then applying the chain rule is iteratively to compute the gradient of the loss function
with respect to each layer's parameters and inputs and in the end the gradients are propagated backward
through the network to update the weights.

Figure 3.1.3: The forward and the backward pass.

So, rstly we compute the Gradient of the Loss with Respect to Output Layer Weights:

@L _ @k @0

=t =-=*r _== 3.1.9
@ Wutput @O0 @Wutput ( )
where L the loss,W the weights and O the output.
And then we propagate the error backwards using the chain rule, so for a hidden layeln we have:
@k _ @ @O @h (3.1.10)

@w @O0 @h @W
Regularization

The goal of a neural network is to learn a correspondence of input to output from training data and apply it
on test data. Thus, it is important to be able to generalize its weights and not learn speci cally the examples
from the training data. When a model learns the noise and details of the training data to such an extent that
it performs poorly on new, unseen data it is called over tting. Regularization is a technique used in deep
learning to prevent over tting, by adding a penalty to the loss function during model training, discouraging
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overly complex models and encouraging simpler, more generalizable models. Speci cally, it adds an extra
component to the loss function which prevents the weights from increasing excessively in their magnitude
and thus update in a less exible way.

L1 regularization In L1 regularization, for each weight w we add the term ;jwj to the loss function. It
has the intriguing property that it leads the weight vectors to become sparse during optimization (i.e. very
close to exactly zero). In other words, neurons with L1 regularization end up using only a sparse subset of
their most important inputs and become nearly invariant to the noisy inputs. In practice, if you are not
concerned with explicit feature selection, L2 regularization can be expected to give superior performance over
L1.

L2 regularization L2 regularization is perhaps the most common form of regularization. It can be im-
plemented by penalizing the squared magnitude of all parameters directly in the loss function. That is, for
every weight w in the network, the term sz is added to the loss function where is the regularization
strength. The factor of % is used so that the gradient of the term is simplew . The L2 regularization has the
intuitive interpretation of heavily penalizing peaky weight vectors and preferring di use weight vectors. This
has the appealing property of encouraging the network to use all of its inputs a little rather than some of its
inputs a lot. Additionally, during gradient descent parameter updates, using the L2 regularization ultimately
means that every weight is decayed linearly:w := w  x towards zero. It is possible to combine the L1

regularization with the L2 regularization: jwj+ ,w?.

Dropout  Dropout [111] is a popular technique for regularizing neural networks. During each training
iteration, the network randomly drops out a fraction (dropout probability) of neurons (along with their
connections) from the network. This forces the network to learn more robust features and reduces the
likelihood of over-reliance on speci ¢ neurons or paths through the network. It can be thought as sampling a
Neural Network within the full Neural Network, and only updating the parameters of the sampled network
based on the input data.

Data Augmentation A technique where additional training examples are created by modifying the original
training data (e.g., rotation, ipping, or cropping images). It helps the model generalize better by learning
from a wider variety of examples, thereby reducing over tting. Often it is performed in less populated
categories of the training dataset in order to close the gap on the di erence with the majority categories.

Batch size  The batch size is a critical hyperparameter that refers to the number of training examples
utilized in one forward/backward pass through the model. So, the model rst makes its predictions to
all the samples of each batch and after it is nished with that calculates the error by comparing the output
(prediction) variables with the predictions. The value of the batch size can vary and choosing the appropriate
one a ects the model's performance, training time, and how well it generalizes to unseen data. A small batch
size provides a more accurate estimate of the gradient and helps avoid local minima by introducing more noise
in the computed descent process, but also results in slower training time due to less e cient computation and
requires more frequent updates to model parameters. On the other hand, a large batch size makes full use
of parallel computation hardware architectures, leading to faster computation, and also provides smoother
and more stable gradient updates, but can lead to poorer generalization due to smoother loss landscapes and
potentially getting stuck in sharp local minima.

3.1.3 Convolution

Convolution [31] is a mathematical operation applied on two functions (such as a Iter or kernel and an
input) to produce a third function that expresses how the shape of one is modi ed by the other. In simpler
terms, it is a way of applying a lter (or kernel) to an input to create a feature map that highlights certain

aspects or features of the input. Formally, in discrete 2-D convolutions the value of an unit at position (X,

y) in the jth feature map in the ith layer, denoted asvi’j‘y, is given by the following formula:
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v =tanh by + WitV (3.1.11)
m p=0 ¢g=0

where tanh is the hyperbolic tangent function, by is the bias for this feature map, m indexes over the set of
feature maps in the (i 1)th layer connected to the current feature map,wﬁ’q is the value at the position (p,

g) of the kernel connected to thekth feature map, and P; and Q; are the height and width of the kernel,

respectively.

The kernel is spatially smaller than an image but is more in-depth. This means that, if the image is composed
of three (RGB) channels, the kernel height and width will be spatially small, but the depth extends up to all
three channels.

Figure 3.1.4: Convolution Visualization. The Iter (kernel) is applied on an area of the input every time
calculating a single point of the feature map from [10].

The convolution operation is used in CNNs to process an image and recognize on it speci ¢ characteristics.
Unlike a regular Neural Network, the layers of a CNN have neurons arranged in 3 dimensions: width, height,
depth. The neurons in a layer will only be connected to a small region of the layer before it, instead of all of
the neurons in a fully-connected manner. A simple CNN is a sequence of layers, and every layer of a CNN
transforms one volume of activations to another through a di erentiable function. The types of layers used
to build a CNN architecture include: Convolutional Layer, Pooling Layer, and Fully-Connected Layer.
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Figure 3.1.5: Convolution Network architecture

Due to the large number of pixels in an image, every neuron has a receptive eld and is applied only to the
corresponding layers. Therefore, it hasv =~ h ¢ number of weights, wherew h is the receptive eld and

c is the number of channels of the input image. That's why convolutional neural networks do not detect
as su ciently as attention mechanisms contextual information. The depth of the Iter in each kernel, for
example n1 and n2 in Figure 3.1.5, indicates that there are multiple neurons applied to the same patch of the
input image. Therefore, the output image is also 3-dimensional with a depth equal to the depth of the lter.
The purpose of multiple stacked lters is to detect multiple characteristics one output from each convolutional
layer. Even though every neuron has a speci c receptive eld, by shifting the Iter and computing the output
of every patch there is no need for multiple neurons for every patch of the input image. The shifting is
speci ed by the stride of the Iter which indicates how many pixels the lter is slided across the image before
it is reapplied. Additionally, another important hyperparameter is the padding, which can play an important
role in controlling the output dimensions even more. It refers to adding extra pixels to the input image.
Padding is usually zeros, which results in the increase of the nal feature map compared to using no padding.
Finally, assuming if we have an input ofw w D and number of kernels with a spatial size ofF with stride

S and amount of padding P, then the size of output volume can be determined by the following formula:

W F +2P
R E———

w
S

1 (3.1.12)

3.1.4 Pooling layer

The pooling layer is used to replace the output of the network at certain locations by deriving a summary
statistic of the nearby outputs. This helps in reducing the spatial size of the representation, which decreases
the required amount of computation and weights. The pooling operation is processed on every slice of the
representation individually.

There are several pooling functions such as the average of the rectangular neighborhood, L2 norm of the
rectangular neighborhood, and a weighted average based on the distance from the central pixel. However,
the most popular process is max pooling, which reports the maximum output from the neighborhood.

3.1.5 Batch Normalization

Batch normalization is used to standardize the inputs to any particular layer. That entails the input to have
zero mean and unit variance. BN layer transforms each input in the current mini-batch by subtracting the
input mean in the current mini-batch and dividing it by the standard deviation. However, it is not proven
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that the models perform better with zero mean and unit variance. It might perform better with some other
mean and variance. Hence the BN layer also introduces two learnable parametersand which adjust those
parameters.

3.1.6 Fully connected layer

In the fully connected layer the neurons have full connectivity with all neurons in the preceding and succeeding
layer as seen in regular FCNN. This is why it can be computed as usual by a matrix multiplication followed
by a bias e ect. The FC layer helps to map the representation between the input and the output.
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3.2 Generative Adversarial Networks (GANS)

Generative Adversarial Networks (GANSs) were rst introduced by lan Goodfellow et al. in 2014 as a ground-
breaking framework for generating realistic synthetic data [32]. GANs consist of two neural networks trained
simultaneously through a process known as adversarial learning: a generator networks) and a discriminator
network (D).

3.2.1 Architecture and Training Procedure

The primary objective of the generator network is to produce synthetic data samples indistinguishable from
real data, whereas the discriminator aims to correctly classify input data as either real or synthetic. Training
is conducted through a two-player min-max game where the generator seeks to minimize the discriminator's
accuracy, while the discriminator aims to maximize it. Formally, the objective is expressed as follows:

rrg}in mDaxV(D;G) = Ex pom (0[109D(X)]+ E; p,(»[log(l  D(G(2)))] (3.2.1)

Here, x represents real data samplesz is a latent vector sampled from a prior distribution (usually Gaussian),
D (x) is the discriminator's probability estimation of sample x being real, and G(z) is the synthetic data
generated from latent vector z.

Figure 3.2.1: The architecture of vanilla GANSs.

3.2.2 Variants

Since the original introduction, numerous GAN variants have been developed to address inherent training
instabilities and to improve generated data quality. Notable variants include:

" DCGAN (Deep Convolutional GAN) . Introduces convolutional neural networks (CNNs) to GAN
architectures, signi cantly improving visual quality and stability [93].

" WGAN (Wasserstein GAN) : Addresses training instability by utilizing the Earth Mover's distance
(Wasserstein metric) as the loss function, which o ers better convergence properties [3].

" CycleGAN : Facilitates image-to-image translation tasks without paired examples by enforcing cycle
consistency [143].

" PGGAN (Progressive Growing GAN) . Improves high-resolution image synthesis by gradually
increasing image size during training, leading to more stable training and ner details [51].

" StyleGAN and Variants : StyleGAN introduced a style-based architecture that enables ne-grained
control over the synthesis process [49]. It was further re ned in StyleGAN2 [52] and StyleGAN2-
ADA [53], which incorporates adaptive augmentation strategies for improved performance on limited
datasets. These variants are discussed in more detail in the following sections.
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Figure 3.2.2: The architecture of DCGANSs from [140].

3.2.3 Applications of GANs

GANs have shown versatility across numerous elds, including but not limited to:

Medical Imaging : Synthesis of medical images for data augmentation, anomaly detection, and
privacy-preserving data sharing [134].

~ Computer Vision : Super-resolution, image inpainting, and domain adaptation [19].

Data Augmentation : Generation of synthetic datasets to mitigate data scarcity and imbalance,
particularly bene cial in scenarios with limited or sensitive datasets.

Figure 3.2.3: Various architectures for medical image synthesis from [108].

3.2.4 Challenges and Limitations

Despite their success, GANs encounter several challenges:

Mode Collapse : The generator fails to capture the diversity of the dataset, producing repetitive
outputs.
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" Training Instability  : Sensitivity to hyperparameter selection and di culty achieving convergence.

" Evaluation Di culty . Lack of de nitive, universally accepted metrics to quantitatively assess gener-

ated data quality, often relying on human judgment or surrogate metrics like Inception Score (IS) and
Fréchet Inception Distance (FID) [12].

Figure 3.2.4: Mode collapse in GANs for generating X-ray images from [97].
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3.3 GAN Inversion and Latent Representations

While the forward process of generating images from latent vectors using GANs has been extensively studied
and applied, the inverse problem known as GAN inversion is equally crucial for many practical appli-
cations. GAN inversion refers to the task of nding a latent code z such that the output of the generator
G(z) closely matches a given real image.

3.3.1 Latent Space Representations

GANSs operate by mapping latent vectors sampled from a simple distribution (usually Gaussian or uniform)
to the image space through a generator. This latent space, often denoted a8, encapsulates high-level
semantic information in a compressed and often disentangled form. More advanced GAN architectures like
StyleGAN introduce intermediate latent spaces (e.g.,W and W*) that o er improved disentanglement and
manipulation capabilities [49].

Figure 3.3.1: lllustration of GAN inversion from [132].

3.3.2 Fundamentals of GAN Inversion

The central goal of GAN inversion is to identify a latent code z such that the generated imageG(z ) is as
close as possible to a target image&. This process enables real image reconstruction, semantic editing, and
analysis of the latent space. Formally, the problem is posed as an optimization:

z =arg m;n L(G(2);x) (3.3.1)

where L can be a pixel-wise loss, perceptual loss [48], or a combination of them. This problem is non-convex
and can be approached in several ways:

Optimization-based inversion  : Solving the objective directly using gradient descent. It o ers high
reconstruction accuracy but can be computationally intensive.

Encoder-based inversion : Training an encoder network to approximate the inverse mappingg (x)
z for fast inference [142].

Hybrid approaches : Combining encoder initialization with optimization re nement for better trade-
0s.
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Figure 3.3.2: Various approaches of GAN inversion from [9].

3.3.3 Importance of Inversion

GAN inversion has become a cornerstone for many tasks such as image editing, attribute manipulation, and
counterfactual generation. By embedding real images into the latent space, one gains access to the powerful
semantic controls o ered by the generator.

Despite its utility, GAN inversion presents challenges, including reconstruction delity, identity preservation,
and handling of out-of-distribution inputs. These issues are areas of active research and re nement.
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3.4 Adversarial Training and Robustness in Deep Learning

Deep learning models have achieved remarkable success across various tasks, but they are notably vulnerable
to adversarial examples intentionally crafted inputs that cause misclassi cations while appearing benign

to human observers [113, 33]. This susceptibility to adversarial perturbations poses risks in safety-critical
applications such as autonomous driving, medical imaging, and cybersecurity.

3.4.1 Adversarial Examples and Attacks

An adversarial example is generated by adding a small, often imperceptible perturbation to a benign
input x. The perturbed input x°= x + is designed to cause the neural network model to produce an
incorrect or targeted output:

max L(f (x+ );y) subjecttojj jj, ; (3.4.1)
where L is typically a classi cation loss, y is the true label (or a targeted label for targeted attacks), jj jjp
denotes the ,-norm, and de nes the allowed perturbation budget.

Depending on the attacker's knowledge, adversarial attacks can be:

" White-box attacks : The attacker has full access to the model parameters and architecture (e.g., Fast
Gradient Sign Method [33], Projected Gradient Descent [73]).

" Black-box attacks : The attacker can only query the model and observe outputs (e.g., transfer-based
or query-based approaches [89]).

Figure 3.4.1: A demonstration of fast adversarial example generation from [33].

3.4.2 Adversarial Robustness

Adversarial robustness  refers to a model's ability to maintain high performance in the presence of ad-
versarially perturbed inputs. Robustness is typically measured by evaluating a model's accuracy against a
suite of adversarial attacks with varying perturbation levels . The discovery of adversarial vulnerabilities
has spurred research into both theoretical and empirical robustness criteria [29], including provable bounds
for speci c norms and classes of models.

3.4.3 Adversarial Training

Adversarial training is one of the most prominent defenses against adversarial examples. Introduced by
Goodfellow et al. [33] and later re ned by Madry et al. [73], adversarial training incorporates adversarial
examples into the training set, e ectively teaching the model to resist perturbations:
min max L(f (x+ ; );y); (3.4.2)
i i
where are the parameters of the model. By repeatedly generating adversarial examples and updatingto
minimize the loss on those adversarial inputs, models can become more robust.
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" FGSM-based training : Uses the Fast Gradient Sign Method (FGSM) to generate adversarial exam-
ples during training [33].

PGD-based training : Employs a multi-step Projected Gradient Descent (PGD) attack for stronger
adversarial examples, often regarded as a gold standard for evaluating -robustness [73].

~ Curriculum adversarial training . Starts with smaller perturbations and gradually increases as
training progresses.

Figure 3.4.2: Adversarial training scheme

3.4.4 Other Defense Strategies

Beyond adversarial training, a variety of other defense mechanisms have been explored:
" Defensive distillation : Training a secondary model on softened outputs of the original model [88].

Input transformation  : Applying transformations (e.g., bit-depth reduction, JPEG compression) to
inputs to remove adversarial perturbations [38].

Randomization-based methods : Randomly altering inputs or model layers to make gradient-based
attacks less e ective.

Certied defenses : Methods providing provable robustness guarantees for restricted perturbation
classes [17, 110].

3.4.5 Challenges and Ongoing Research

Despite substantial progress, achieving robust models remains challenging. Many defenses have been cir-
cumvented by new attacks [6]. Ongoing research seeks to understand the fundamental trade-o s between
accuracy, robustness, and computational cost, as well as how to extend robustness beyongthreat models
(e.g., to realistic conditions such as rotations, translations, and other deformations).
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Figure 3.4.3: Defense methods on adversarial examples from [15]
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3.5 Explainable Al (XAl) and Counterfactual Explanations

Explainable Al (XAl) aims to shed light on the often opaque decision-making processes of modern deep learn-
ing models. In high-stakes domains like medical imaging, interpretability is especially critical, as clinicians
and stakeholders need to trust and understand model outputs [94, 98].

3.5.1 De nition of Interpretability and Explainability

In general, interpretability and explainability  refer to the extent to which a human can comprehend the
underlying reasons for a model's prediction [64]. A substantial body of research has emerged to make black-
box models more transparent and understandable [62, 63, 78, 27, 77]. These e orts span a wide range of
application domains, including medical imaging, audio analysis [70], multimodal learning [109], and natural
language processing [58, 76, 71].

Broadly, there are two main strategies for achieving model explainability:

Post-hoc interpretations  : These involve generating visual or textual explanations after model train-
ing, without altering the model's internal architecture (e.g., saliency maps or attribution methods).

Intrinsically interpretable models : These are models whose structures are inherently transparent
and understandable (e.g., decision trees, rule-based systems), though they often trade o predictive
power for interpretability.

Figure 3.5.1: Black box Al models versus interpretable and explainable Al models from [44]

3.5.2 Overview of Common XAl Techniques

XAl methods in computer vision often focus on localizing in uential regions in input images. Techniques
like Grad-CAM (Gradient-weighted Class Activation Mapping)[104] and saliency maps [106] highlight
important pixels or regions for a given prediction.

" Grad-CAM : Uses the gradients of target outputs owing into the nal convolutional layer to produce
a coarse localization map.

" Saliency Maps : Compute the gradient of the output class score with respect to input pixels, visualizing
where small input changes most a ect the prediction.

" Other Approaches : LIME [94] and SHAP [69] approximate complex model behaviors around speci ¢
instances.
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While these methods reveal which parts of an image contribute to a model's decision, they do not directly

provide suggestions for how tochangean input to achieve a di erent outcome. This is where counterfactual
explanations stand out.

Figure 3.5.2: Use of the Grad-CAM method for a medical diagnosis problem from [102]

3.5.3 Counterfactual Explanations

Counterfactual explanations seek to answer the question: What minimal change to the input would
alter the model's decision? [122]. Unlike saliency or activation maps, which highlight important regions,

counterfactuals propose new inputs that lead to a desired (or undesired) outcome, often re ecting human-like
reasoning [75, 28, 22, 24, 72].

Figure 3.5.3: A healthy counterfactual chest X-ray along with the respective di erence map.

Essential Criteria for E ective Counterfactuals

Counterfactual explanations in medical imaging should meet several key requirements to ensure they are
both useful and trustworthy in clinical settings [122, 98]:

~ Validity : The counterfactual image must change the model's classi cation outcome. If the original
prediction was positive (e.g., malignant), the counterfactual should induce anegative (benign) outcome,
and vice versa.

Realism : Generated images must resemble authentic medical scans. In practice, this means the mod-
i cation should preserve anatomical consistency and remain indistinguishable from real data, subject
to expert scrutiny.

Actionability : Counterfactual edits should align with clinically feasible scenarios. For example, shrink-
ing a lesion by a slight margin may be actionable as a hypothetical surgery or treatment e ect, but
removing a critical anatomical structure entirely is not.

83



Chapter 3. Theoretical Background

" Sparsity : The change from the original image should be minimal, making it clear which factors
in uenced the decision. This also aligns with interpretability: small, localized changes are more easily
understood than broad, sweeping modi cations.

" Causality : Ideally, counterfactual modi cations re ect meaningful disease pathology rather than su-
per cial, spurious changes. If removing a suspicious nodule decreases the classier's likelihood of
malignancy, it aligns with clinical logic.

Why Counterfactuals Are Intuitive

Counterfactuals resonate well with human reasoning, as we routinely answer "what if* questions. In clinical
settings, such hypothetical scenarios are valuable for justifying or questioning a diagnosistf this lesion were
slightly smaller or di erently shaped, the model might judge it as non-cancerous.

Adoption Challenges in Medical Imaging

Despite their promise, counterfactual explanations for medical imaging face several hurdles:

Data Privacy and Ethics : Generating or manipulating patient data must comply with strict privacy
regulations.

~ Clinical Validation : Any modi cations to medical images require expert evaluation to ensure realistic
anatomical changes.

" Computational Complexity . Generating high-resolution, anatomically plausible counterfactuals can
be computationally expensive.
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Related Work

Visual counterfactual explanation (CE) methods have gained signi cant attention within the XAl community
due to their intuitive interpretability and potential applicability across diverse domains. This chapter presents

a comprehensive review of existing visual CE approaches, categorizing them into methods tested primarily
on non-medical datasets and those explicitly designed for medical image analysis. The objective of this
structured review is twofold: rstly, to highlight the breadth and evolution of techniques developed outside
healthcare, emphasizing foundational concepts and innovations in algorithmic design; secondly, to explore
methods tailored speci cally for medical datasets, underscoring their unique considerations such as clinical
validity, anatomical realism, and ethical implications. Through this review, we aim to identify common
trends, methodological strengths, limitations, and open challenges, thus clearly positioning our proposed
framework within the broader landscape of visual explainability research.

Contents
4.1 Visual Counterfactual Methods in General Image Domains . . . . . ... ... 86
4.2 Visual Counterfactual Methods for Medical Imaging . . . .. .. .. ... ... 90
4.3 Key Insights . . . . . . e e 92
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4.1 Visual Counterfactual Methods in General Image Domains

Initially, we will focus on counterfactual generation algorithms tested on non medical image datasets, de-
scribing their method and mentioning some key points referenced in the respective papers.Our goal in this
section is to get a broader view of the visual CE approaches in the XAl community.The methods below are
presented in chronological order of publication:

CEM .Dhurandhar et al. [23] introduce one of the rst algorithms for visual CE generation. This
explanation process involves nding a minimal set of features in the input that are su cient for the
same classi cation (pertinent positives) and a minimal set of features that should be absent to pre-
vent classi cation from changing (pertinent negatives).The paper argues that understanding what is
absent (pertinent negatives) is just as critical for accurate explanations. The authors validate CEM on
three diverse real-world datasets: handwritten digits MNIST , procurement fraud(which is a tabular
dataset), and brain functional MRI imaging, demonstrating the method's e ectiveness in generating
precise and understandable explanations.The paper also discusses the broader implications and poten-
tial applications of CEM, suggesting it could be useful for tasks beyond just generating explanations,
such as model comparison, debugging, and improvement.

CVE [34].The Counterfactual Visual Explanation approach aims at nding counterfactual explanations
for image classi ers by solving with greedy search the minimum-edit counterfactual problem. The idea
of CVE is simple but e ective. Given a classi er b and a randomly selected image x with b(x )& b(x),
CVE searches (with two possible strategies) for the minimum changes to x replacing with pixels selected
from x',i.e., X' = T (x, x), that leads to x' such that b(x") = b(x ) through a transformation T . This

new approach is applied in four di erent datasets: MNIST , SHAPES which is a dataset of synthetic
images which are depicting objects characterized by shape,color and sizéOmniglot which contains
1623 di erent handwritten characters from 50 di erent alphabets and CUB-200-2011 [123].

Figure 4.1.1: CVE approach generates counterfactual visual explanations for a query imade (left)
explaining why the example image was classi ed as class (Crested Auklet) rather than class c® (Red Faced
Cormorant) by nding a region in a distractor image 19 (right) and a region in the query | (highlighted in
red boxes) such that if the highlighted region in the left image looked like the highlighted region in the right

image, the resulting imagel would be classi ed more con dently as c”.

FACE .Feasible and Actionable Counterfactual Explanations (face) [91] focuses on returning action-
able counterfactuals by uncovering feasible paths for generating counterfactual. These feasible paths
are the shortest path distances de ned via density-weighted metrics. In this way, face extracts plau-
sible counterfactuals that are coherent with the input data distribution. More it details faceworks as
follows. First, it generates a graph over the data points by using KDE,k-NN or an" -graph. The
user can also select the prediction threshold of b, the density threshold, the weights of the features,
and custom condition functions to specify actionability. Then, it updates the graph according to these
constraints. Finally, face applies a shortest path algorithm to nd all the data points that satisfy the
requirements.face is an endogenous and data-agnostic counterfactual explanation method that can the-
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oretically be used also to work on datasets with categorical features. As far as images are concerned,
FACE is applied in MNIST dataset.

PCATTGAN . In [4] the authors present a plausible counterfactual explainer relying on adversarial
examples to retrieve counterfactuals. In particular, the pcattgan system comprehend an AttGAN
model [40] and a multiobjective optimization model that infers the attribute modi cations needed to
produce plausible counterfactuals for the black-box b. The loss function accounts for validity, minimality
and plausibility that is intended here as the implementation of credible changes not performed by a
computer. This approach is tested on theCelebA dataset.

SCOUT . The Self-aware disCriminant cOUnterfactual explanaTion method in [125], aims at returning
discriminant counterfactual explanations for image classiers. An explanation is produced by the
computation of two discriminant explanations with the role of the input image x and an image with
the desired class X', inverted. A discriminant explanation for images x and x' consists of a saliency
map highlighting pixels highly informative for b(x)(b is the classi er of the problem) but uninformative
for b(x"). Discriminant explanations are obtained through an optimization process performed with an
explanation architecture combining features activation layers of the CNN explained.Experiments are
performed on two datasets: TheCUB200-2011 datset [123] and the ADE20K dataset [141] with
more than 1000 ne-grained scene categories.

Figure 4.1.2: Counterfactual explanations using SCOUT method.

FRACE .Fast ReAl-time Counterfactual Explanation which is introduced in [139] is basically an ex-
plainer for neural networks classi ers for images. The architecture of frace is a neural network itself, and
it is aimed at minimizing a loss function accounting for validity and a minimal perturbation. FRACE
searches for the perturbation through a starGAN used as residual generator to generate the perturba-
tion that causes the change of class. FRACE also accounts for plausibility because of the adversarial
training. Experiments show that it is markedly faster than SCOUT. Experiments were carried out
on three di erent datasets : MNIST which is a large collection of handwritten digits, EMNIST [16]
which is an extension of MNIST and another dataset which consists of various Chinese Characters.

PIECE . Kenny and Keane [54] illustrate the Plauslble Exceptionality based Contrastive Explanation
(piece) method for generating contrastive explanations for CNN working on image data. PIECE iden-
ti es feature-values with low probability in the latent features of the CNN representing the instance
under analysis x, i.e., exceptional features, and attempts to modify them to be their expected values
in the desired counterfactual class, i.e., normal features. We underline that the features treated by
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piece are not directly parts of the input image, but their latent features activating the neurons of the
CNN. Finally, piece exploits a GAN to generate the counterfactual images.PIECE is mainly tested on
MNIST and CIFAR10 dataset.We will explain this method in detail in the Methodology section, as
it inspired us to create our SPRUCE framework.

Diverse Valuable Explanations (DiVE) . In [66] a novel approach is presented aimed at improving
the quality of counterfactual explanations in computer vision applications.DiVE focuses on generating
diverse and valuable explanations that are valid, proximal (close to the original input), sparse (minimal
changes), and non-trivial. This means it seeks to uncover less obvious but more informative factors
a ecting the model's predictions, such as revealing biases or spurious correlations. DIVE employs a
Total Correlation Variational Autoencoder ( -TCVAE) to achieve a disentangled latent representation
of the data. This helps in generating explanations that are more proximal and sparse.Additionally, it
learns a latent perturbation constrained by three main losses: a counterfactual loss to fool the machine
learning model, a proximity loss to maintain similarity with the original input, and a diversity loss to en-
sure diverse explanations.To avoid trivial explanations (like exaggerating an already existing attribute),
DiVE masks out the most in uential latent factors, thus encouraging modi cations in other, potentially
more insightful attributes.T The method was tested on CelebA and Synbols , demonstrating its ability

to produce high-quality, valuable explanations superior to previous methods.

StylEX .Lang et al. [59] introduce StylEx, a method that discovers and visualizes the semantic char-
acteristics of an image , by training a generative model(StyleGan) to speci cally explain multiple
attributes that underlie classi er decisions.lt is showed how an image can be modi ed in di erent ways

to change its classi er output. The results show that the method nds attributes that align well with
semantic ones, generate meaningful image-speci ¢ explanations, and are human-interpretable as mea-
sured in user-studies. Multiple datasets are used in this specic paperCelebA , CUB-200-2001
FFHQ which contains multiple human faces with di erent characteristics , age, accessories,ethnicities
and backgrounds ,AFHQ which contains multiple animal faces andDiabetic Retinopathy Dataset

which contains a large amount of retina images.

Figure 4.1.3: StylEx architecture

SEDC-T .Vermeire and Martens [121] presents SEDCT, an extension of SEDC working on images and
also usable for multiclass classi ers.The algorithm identi es a small set of image segments whose removal
changes the classi cation result, thereby creating counterfactuals .It is mainly applied on various images
of ImageNet dataset , showing impressive results. The algorithm is tested on images that were initially
misclassi ed , nding the part of the image that should change in order for that to be put in the correct
class.

Di-SCM .In [99] a new deep structural causal model (Di -SCM) that builds on the latest advances of
generative energy-based models is proposed. Counterfactual estimation is achieved by rstly inferring
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latent variables with deterministic forward di usion, then intervening on a reverse di usion process
using the gradients of an anti-causal predictor w.r.t the input. Furthermore, a metric is proposed for
evaluating the generated counterfactuals.It is shown that Di -SCM produces more realistic and minimal
counterfactuals than baselines onMNIST data and can also be applied tolmageNet data.

SCVC .A new framework for Semantically Consistent Visual Counterfactuals is introduced in [118].
The new approach,being an improvement of the SCOUT method discussed above, is based on two
key ideas. First, the replaced and replacer regions are enforced to contain the same semantic part,
resulting in more semantically consistent explanations. Second, multiple distractor images are used in a
computationally e cient way and thus more discriminative explanations with fewer region replacements
are obtained.Their approach is 27% more semantically consistent and an order of magnitude faster than
SCOUT method on three ne-grained image recognition datasets:CUB-200-2001 , Stanford-Dogs

[57] which includes 22,000 annotated images of 120 species of dogs éMalturalist-2021  which contains
over 2.7M images from 10k di erent species.

Di usion Visual Counterfactual Explanations(DVCE) . In [7], Boreiko et al. unveil a ground-
breaking approach that capitalizes on the signi cant bene ts of di usion models, thereby addressing
some of the limitations inherent in existing methods for producing Visual Counterfactual Explanations
(VCEs).The authors introduce Di usion Visual Counterfactual Explanations (DVCES), applicable to
any ImageNet classi er, utilizing a di usion process. This method incorporates two critical modi -
cations: rstly, a exible parameterization strategy, enhanced by distance regulation and a delayed
commencement of the di usion process, which ensures the generation of images with minimal yet im-
pactful semantic alterations. Secondly, they implement cone regularization through a model resistant
to adversarial attacks to guide the di usion towards signi cant, semantically relevant changes rather
than inconsequential ones, thereby ensuring the produced images are not only realistic representations
of the intended class but also elicit high con dence from the classi er.
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4.2 Visual Counterfactual Methods for Medical Imaging

In this section we will refer to the methods that mainly focus on medical datasets.

" TRaCE . A great approach is made in [116]. The TraCE method introduces an innovative approach to
generating counterfactual explanations speci cally for clinical image predictors. Central to TraCE is its
focus on integrating prediction uncertainties to ensure the reliability and meaningfulness of the explana-
tions. This method is underpinned by three main components: an auto-encoding Convolutional Neural
Network that creates a continuous latent space for image data, a predictive model equipped with un-
certainty estimation using the Learn-by-Calibrating technique [115], and a counterfactual optimization
strategy guided by an uncertainty-based calibration objective.Key to its approach is the construction
of counterfactuals in a latent space, minimizing semantic discrepancies while altering the classi cation
outcome.The empirical studies highlight TraCE's superiority in producing physically plausible and clin-
ically valuable explanations compared to existing methods. The dataset that is being leveraged here is
the the publicly available RSNA pneumonia detection challenge database which contains several chest
X-ray images.

" CLEAR . A novel VCE method called CLEAR is introduced in [129] . CLEAR Image explains an
image's classi cation probability by contrasting the image with a corresponding image generated au-
tomatically via adversarial learning. This enables both salient segmentation and perturbations that
faithfully determine each segment's importance. CLEAR Image uses regression to determine a causal
equation describing a classi er's local input-output behaviour. Counterfactuals ,supported by the causal
equation, are also identi ed. CLEAR is applied on CheXpert dataset which contains 224,316 chest
radiographs of 65,240 patients with both frontal and lateral views available.

Visual Explanations for diabetic retinopathy Another great approach is being made in [11].
Boreko et al. propose an ensemble method of plain and simultaneously adversarially robust models,
exploiting the advantages of both. Through their technique they manage to maintain high accuracy
producing meaningful visual counterfactuals. The paper is mainly focused on diabetic retinopathy and
thus uses retinal fundus images. Three datasets are used: : the Kaggle DR detection challenge data
with retinal images , the Messidor dataset and the IDRID (Indian Diabetic Retinopathy Image
Dataset) [90].

Gifsplanation . In [18] an autoencoder approach to counterfactual generation for Chest X-rays is
introduced.Given an arbitrary classi er, they propose a simple autoencoder and gradient update (Latent
Shift) that can transform the latent representation of a speci ¢ input image to exaggerate or curtail the
features used for prediction. They use this method to study chest X-ray classi ers and evaluate their
performance. They conduct a reader study with two radiologists assessing 240 chest X-ray predictions
to identify which ones are false positives (half are) using traditional attribution maps and their proposed
method.

GANterfactual . [80]The "GANterfactual" paper presents a model-agnostic approach to generating
counterfactual explanations using adversarial image-to-image translation techniques, particularly for
non-experts in medical elds.The method utilizes Generative Adversarial Networks (GANS) to transform
the input image into a counterfactual version that the classi er would predict dierently. This is
achieved by including the classi er's decision into the objective function of the generative networks,
allowing for automated and realistic counterfactual creation.The paper validates the e ectiveness of
GANterfactual through a computational evaluation and a user study, demonstrating its ability to
generate more meaningful and satisfactory counterfactual explanations compared to state-of-the-art
methods like LIME and LRP.The dataset used in the paper for evaluating the GANterfactual approach
is the one published for the RSNA Pneumonia Detection Challenge.
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Figure 4.2.1: Schematic overview of the GANterfactual method.

" Counterfactuals for Retinal Fundus and OCT Images using Di usion Models llanchezian
et al. [45] explore the application of di usion models for creating realistic counterfactual images in
ophthalmic imaging, focusing on two modalities: color fundus photography (CFP) and Optical Co-
herence Tomography (OCT). The datasets employed are from EyePacs Inc., comprising over 180,000
retinal fundus images from a Diabetic Retinopathy (DR) screening program, and a dataset of 108,309
OCT images categorized into normal, choroidal neovascularization (CNV), drusen, and Diabetic Macu-
lar Edema (DME). The method leverages di usion models, known for their realistic image generation,
combined with classi ers trained to detect various eye diseases. This approach produces highly realistic
counterfactuals that not only change the classi er's decision but do so by depicting or removing disease
signs in a believable manner. The study's signi cance is underscored by a user study where domain
experts con rmed the realism and clinical utility of the generated counterfactuals.

Di Explainer.  In [26], Fang et al. introduce Di Explainer, a novel counterfactual generation method
designed to explain black-box classi er decisions, particularly in medical imaging. This approach com-
bines di usion-based generative modeling with teacher-student learning to produce high-quality and
realistic counterfactual explanations. Di Explainer rst employs a Di usion Autoencoder to learn a la-
tent representation of the input images, ensuring stable training and e ective reconstruction. A shallow
student model, trained to mimic the predictions of the black-box (teacher) classi er through knowledge
distillation, then manipulates these latent features to generate counterfactual images. These generated
images highlight in uential features by minimally altering the original inputs, thus changing the black-
box model's predictions. DiExplainer is particularly signi cant as it addresses common challenges
associated with GAN-based methods, such as unstable training and poor reconstruction capabilities,
and demonstrates e ectiveness on complex medical tasks like CT imaging for lung disease prognosis.

Figure 4.2.2: Di Explainer framework.

Di usion Autoencoder-based Counterfactuals (DAE). Atad et al. [5] propose using a Di usion
Autoencoder (DAE) to generate counterfactual explanations directly within the latent space, without
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relying on external models. Their approach takes advantage of the unsupervised learning capabili-
ties of DAEs, which learn semantically meaningful latent representations from medical images. These
latent spaces inherently support interpolation and manipulation, facilitating the generation of both
binary and ordinal counterfactuals. The method involves training a linear classi er within this latent
space to establish a decision boundary, which is subsequently used to produce realistic counterfac-
tual examples by adjusting latent representations across or along decision boundaries. The authors
demonstrate the versatility and interpretability of their approach on several medical imaging tasks,
including classi cation and ordinal regression of conditions such as vertebral compression fractures and
diabetic retinopathy. Importantly, this method simpli es the generation of counterfactual explanations,
enhances interpretability, and supports continuous visualization of pathology progression without the
need for additional supervised feature extraction.

Figure 4.2.3: DAE framework.

4.3 Key Insights

As mentioned in the introduction, only a few of these works enforce some form of sparsity in the counterfactual
edit, but these rely on supervised training of the explainer and residual maps, which makes these methods
unable to generate counterfactuals for arbitrary classi ers.Some works rely on Autoencoders instead of GANs
, but GANs are known to produce sharper images with better details, which we consider imperative in the
medical domain.Recent works also employ Denoising Di usion Implicit Models (DDIMs).Even though the
image quality of DDIMs rivals that of GANSs, latent space manipulation is harder, while image reconstruction

is an issue due to their inherent probabilistic nature and it is still being researched.Some of the methods
employing DDIMs report better metrics than GANs, but they do not employ any techniques for improving
GAN inversion, and fail to account for sparsity.
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Methodology

The core of the work ow for the generation of the medical image counterfactuals is based on the work of
Kenny and Keane who introduced a novel approach called PIECE ( Plauslble Exceptionality-based Con-
trastive Explanations) that not only produced counterfactual explanations but also focused on the creation

of semifactual images that o er a better understanding of the classi er's decision boundaries. We will rst
describe the steps of the original PIECE framework, and then make a thorough analysis of the compo-
nents of our proposed image counterfactual generation scheme called SPRUCE (Sparse Realistic Uncoupled
Counterfactual Explanations).
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5.1 Introducing SPRUCE: Sparse Realistic Uncoupled Counterfac-
tual Explanations

5.1.1 Overview of PIECE framework

As for most counterfactual explanation methods in the image space, PIECE was originally tested on the
MNIST [21] and CIFAR-10 datasets,with the results indicating the capability of the method to produce
plausible counterfactuals with meaningful and humanly interpretable changes along with the respective semi-
factuals. The main idea of PIECE is to identify probabilistically low feature values in the test image (i.e.
exceptional features) and modify them to be their expected values in the counterfactual class (i.e. normal
features).

PIECE involves two distinct systems, an image classi er with predictions that need to be explained and a
generative adversararial network (GAN) that helps visualize counterfactual or semifactual explanatory images
in the pixel space. For the algorithm to work , the GAN needs to be trained on the same dataset (or larger
but with the same distribution) as the one that the CNN has been trained on. The models can be trained
separately giving us the freedom to exploit the most advanced classi ers and generative adversarial networks
that will tackle the obstacle of medical image complexity.

Figure 5.1.1: Identifying Exceptional Features in a query image

Setup and Notation.  Let a convolutional neural network (CNN) consist of:
- A set of layers, up to the penultimate extracted feature layerX ,will be denoted asC as shown in Figure 5.1.1.
-A nal output softmax classi er denoted as S.

For a given test imagel , we extract the deep feature representation at layerX :

x = C(l) (5.1.1)

where x is the feature vector at the last CNN layer before classi cation.

The classi er output is given by:
Y = S(x) = S(C(l)) (5.1.2)

whereY is the probability distribution over all classes, and the predicted class is:
Y. =argmax Y (5.1.3)
Let G represent the generator of a trained GAN, which maps a latent vectorz to an image:
I = G(2) (5.1.4)

where z is the latent representation of | .The counterfactuals to a test image I, in class c, with latent features
x,are denoted asl %, c® and x° respectively.
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Here are the four main steps of the original algorithm :

1. Locating the query image in the GAN's latent space and identifying the counterfactual
class. Initially, it is necessary to nd the latent vector z, such that G(z) | . This procedure is called
GAN inversion and in the original paper of PIECE a simple optimization approach is used :

z=argmin kC(G(z))  C(l )G + kG(z0) 1K (5.1.5)

where z, is a sample from the normal standard distribution.The method also requires a counterfactual
class to be selected. If the classi er's prediciton is incorrect then the counterfactual class’ is trivially
selected to be the true label of the query image. However, when the CNN's classi cation is correct for
I, identifying c® becomes non-trivial. A method involving gradient ascentis used to solve this problem :

arg maxkS(C(G(2))) Yk (5.1.6)

where Y. is binary encoded as all 0s, and a 1 for the class During this optimization process, the rst
time a decision boundary is crossed, the new class is selected &s

2. Identifying Exceptional Features. The PIECE algorithm identi es exceptional featuresin a test
image | by analyzing the probability of feature activations in the counterfactual class c° This step
ensures that counterfactual modi cations focus only onstatistically uncommon features , making
the generated explanationsmore plausible .

Given the fact that the CNNs used in the original method were ResNet50 backbones with RelLU
activation functions, PIECE models feature activations in the CNN's last feature layer using ahurdle
model , which consists of:

(@) A Bernoulli activation probability i that represents whether a neuron activates in class®.

(b) A probability density function (PDF) fi(xij) modeling the distribution of activation values
when the neuron is active.

Each neuron's activation probability for class c®is expressed as:

pxi)=(1 i) X))@+ ifi(xi); xi O (5.1.7)

where:

© i = L is the probability of activation, estimated from training data ( q is the number of times

neuron i activates, and m is the total number of samples inc9).

~ fi(x;) is the learned distribution of activations when x; > 0.

(x;)(0) is the Kronecker delta function , ensuring that inactive neurons are properly modeled.

The distributions are estimated using maximum likelihood estimation (MLE) and validated via the
Kolmogorov-Smirnov test to choose the best t (Gaussian, Gamma, or Exponential).

A feature x; in the test image is exceptional if its probability under the counterfactual distribution is
below a prede ned threshold (which usually takes values from 0.01 to 0.05). The following conditions
determine whether a feature is exceptional:

(a) Neuron remains inactive when it typically activates in %
pl  i)<; x ;=0 (5.1.8)

(b) Neuron activates when it typically remains inactive in %
p(i)<; xi>0 (5.1.9)
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(c) Neuron has an unusually low activation value for c®
iFixij)<; xi>0 (5.1.10)

(d) Neuron has an unusually high activation value for %
@ D+ iFx)>1 ; xi>0 (5.1.11)

where Fi(x;) is the cumulative distribution function (CDF) of the PDF f;(x;).

By de ning exceptional features in this manner, PIECE ensures that counterfactual modi cations only
target features that signi cantly deviate from expected values in ¢, leading to more realistic and
interpretable counterfactual images.

3. Changing the Exceptional to the Expected. The algorithm adjusts exceptional features to their
expected values inc®, but only if this change brings the CNN closer to reclassifying the image as®
Features are prioritized based on probability, modifying those with the lowest probability rst. This
ordering is crucial for semi-factual explanations, where modi cations stop before crossing the decision
boundary.

4. Visualizing the Explanation. Finally, having constructed x°, the explanation is visualized by solving
the following optimization problem with gradient descent:

z°= argmin kC(G(2)) x%’ (5.1.12)
z
and inputting z°into G to visualize the explanation | °,

5.1.2 Overview of SPRUCE framework

We employ and extend the method of exceptional feature extraction from PIECE and thus create a novel
framework named SPRUCE (Sparse Realistic Uncoupled Counterfactual Explanations) that will help us
generate medical image counterfactuals with an emphasis on sparsity and realism. In Figure 5.1.2 we present
the pipeline of our proposed methodology.

Figure 5.1.2: The pipeline of SPRUCE
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Observing the pipeline of SPRUCE one can clearly understand that it is composed of three main steps :

" Step 1. Extraction of Exceptional Features. For a correctly classi ed image, we compute the fea-
ture vector of the counterfactual image in the classi er's latent space using the methodology introduced
from PIECE.

" Step 2: GAN inversion. We project the original query image into our GAN's latent space , obtaining a
latent representation that can reconstruct the image accurately while still allowing meaningful, targeted
edits.We use a hybrid GAN inversion pipeline that is made up of two modules:

1. An encoder-based inversion for an initial editable latent representation.

2. Pivotal tuning  to signi cantly enhance reconstruction realism without severely reducing editabil-
ity.
~ Step 3: Latent Space Optimization. We optimize the latent code of the query image using a spe-
cialized loss function that enforces both realism and sparsity in the counterfactual.Using the optimized
latent code, we generate a realistic counterfactual that minimally alters the input image while changing
the classi er's decision.

In Sections 5.3,5.5,5.6 we will explain in detail each step of SPRUCE and in Sections 5.2,5.4 we are going
to analyze the architectural design of the classi er and GAN model respectively that we employed in our
framework.Finally, in Section 5.7 we will refer to the importance of adversarial robustness for the generation
of meaningful and realistic counterfactuals.
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5.2 ConvNeXt classi er

The rst part of the PIECE framework that we discussed in the previous section has to do with the selection

of a classi er network whose decisions we are going to explain through our counterfactuals. Our intention was
to use the most recent and state-of-the-art model that has been evaluated and tested on image classi cation
tasks.For SPRUCE, we chose the ConvNeXt model as our primary classi cation model over other traditional
backbones such as ResNet50 [39], VGG [107], and DenseNet121 [43] mainly due to its superior performance
in modern vision tasks and its architectural improvements inspired by Vision Transformers (ViTs)[25] and
more speci cally form hierarchical vision transformers like Swin [65].

5.2.1 Architectural Design of ConvNeXt
Introduction

ConvNeXt is a modernized convolutional neural network (CNN) that integrates design principles from Vi-
sion Transformers (ViTs) while retaining the e ciency and simplicity of traditional ConvNets. Unlike pure
Transformers, ConvNeXt does not rely on self-attention mechanisms but instead enhances CNNs through a
series of structural modi cations that improve scalability, expressiveness, and computational e ciency.

We will rst present the key architectural innovations of ConvNeXt, highlighting how it re nes CNNs to match
the performance of hierarchical Transformers while maintaining interpretability and ease of implementation.

Modernizing ConvNets: Key Architectural Changes

The ConvNeXt architecture is built upon a ResNet foundation but incorporates re nements inspired by ViTs
and Swin Transformers. These enhancements can be grouped into two main categories:

" Macro-level changes: Improvements to overall network structure.

Micro-level changes: Modi cations at the block level.

Macro-Level Design Changes
(a) Hierarchical Multi-Stage Design

" ConvNeXt follows a hierarchical architecture, similar to standard CNNs, but adjusts the stage compute
ratio.

~ The number of blocks per stage is modi ed to(3, 3, 9, 3) to align with hierarchical Transformers like
Swin.
(b) Patchi ed Convolutional Stem

Traditional ResNets begin with a 707 convolution followed by max pooling.

"~ ConvNeXt replaces this with a "patchify”" layer a4 O4 convolution with stride 4, similar to ViTs'
patch tokenization.

(c) Larger Convolutional Kernels
" Instead of using 303 kernels, ConvNeXtincreases the kernel size to 7 07 for depthwise convolutions.
~ This mimics the global receptive eld of self-attention in Transformers.

(d) ResNeXt in ConvNeXt

" Depthwise Convolutions: Replaces ResNeXt's grouped convolutions with depthwise convolutions,
where each channel operates independently.

" Separation of Spatial and Channel Processing: Uses depthwise and ©1 pointwise convolutions,
mimicking self-attention in Transformers while reducing FLOPS.

" Increased Network Width: Expands model width to match Swin Transformers, improving accuracy.

(e) Inverted Bottleneck Structure
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" Inspired by MobileNetV2, ConvNeXt expands channels before applying convolutions.

Uses a © expansion ratio, similar to ViTs' MLP blocks.

Figure 5.2.1: Inverted bottleneck structure

Micro-Level Design Changes
(a) GELU Activation Instead of ReLU

Traditional CNNs use RelLU, but ConvNeXt adopts GELU, a smoother activation function used in
ViTs.

" GELU allows better gradient ow and improves feature representations.

The Gaussian Error Linear Unit (GELU) activation function is de ned as:

GELU(X)= x ( X) = X % 1+ erf p% (5.2.1)

where ( x) is the cumulative distribution function of the Gaussian distribution, and erf (x) is the error
function.One can also approximate the function with the following formula :

r n

GELU (x) g 1+tanh 2 x+0:0447153 (5.2.2)

As we will see later, the use of GeLU activation will play an important role in the way that we are going to
model the feature activation values , needed for the PIECE algorithm implementation.

Figure 5.2.2: GelLU activation function

(b) Reduction of Activation Functions and Normalization Layers

100



5.2. ConvNeXt classi er

~ Traditional CNNs apply activations after every convolutional layer. ConvNeXt removes redundant
activation functions and uses a single GeLU activation in each block.

" ConvNeXt only uses one Batch Normalization layer (instead of two) before the convl 1 layers.
(c) Layer Normalization instead of Batch Normalization

~ Following the Transformer's structure, ConvNeXt replaces the traditional Batch Normalization com-
ponent with Layer Normalization in each residual block.

Figure 5.2.3: Block designs for a ResNet, a Swin Transformer and a ConvNeXt

5.2.2 Comparison with Traditional CNNs

In Figure 5.2.3 we can see the nal convnext block in comparison with the ResNet and Swin Transformer
block. The table below summarizes key di erences between traditional CNNs and ConvNeXt:

Feature Traditional CNNs ConvNeXt

Convolution Type Standard Convs Depthwise Separable Convs
Normalization BatchNorm LayerNorm
Activation RelLU GELU
Downsampling Max Pooling / Strided Conv Patchi ed Convolution
Residual Blocks Bottleneck Residuals Inverted Bottlenecks

Table 5.1: Key Architectural Di erences between Traditional CNNs and ConvNeXt.

5.2.3 ConvNeXt variant selection

For our experiments, we selected theConvNeXt-Base model, a mid-sized variant of the ConvNeXt archi-
tecture that provides a strong balance between accuracy and computational e ciency. This model retains
the core architectural improvements of ConvNeXt while maintaining a practical parameter size for training
on medical datasets.
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Model Speci cations

ConvNeXt-Base follows a hierarchical design with four feature extraction stages, each increasing in complexity.
The number of channels at each stage follows the con guration:

(128, 256 512 1024) (5.2.3)

where each stage consists of multiple ConvNeXt blocks. The network depth is distributed as (3, 3, 27, 3),
ensuring e cient representation learning across scales. ConvNeXt Base-model has 89M parameters.

Performance on ImageNet

The ConvNeXt-Base model was evaluated on ImageNet-1K and ImageNet-22K datasets, demonstrating com-
petitive performance with state-of-the-art models.The top-1 accuracy and computational cost achieved at each
dataset are the following.

Model Dataset Image Size Top-1 Accuracy (%) FLOPs (G)

Swin-Base ImageNet-1K 228 83.5 154
ConvNeXt-Base ImageNet-1K 228 83.8 154
Swin-Base ImageNet-22K 224 85.2 15.4
ConvNeXt-Base ImageNet-22K 224 85.8 154

Table 5.2: Performance comparison of ConvNeXt-Base and Swin Transformer on ImageNet-1K and
ImageNet-22K.

These results highlight the e ectiveness of ConvNeXt-Base in large-scale image classi cation and its capability
to outperform hierarchical transformers , as well as traditional ConvNets, in benchmark classi cation tasks.

Performance on robust benchmarks

Another key factor in selecting this variant is its inherent robustness to image corruption. As we will discuss
later, ensuring robustness to small perturbations is crucial for generating sparse yet meaningful counterfac-
tuals. The original ConvNeXt paper emphasizes that the larger model variants generally outperform both
traditional ConvNets and Transformers on various robustness classi cation benchmarks. Therefore, to achieve
a balance between model size and robustness, we selected the Base variant as our primary classi cation model.

Model ImageNet-A (%) ImageNet-R (%) ImageNet-Sketch (%)
ResNet-50 0.0 36.1 24.1
Swin Transformer 35.8 46.6 32.4
ConvNeXt-Base 36.7 51.3 38.2

Table 5.3: Robustness performance of ConvNeXt-Base on ImageNet-A, ImageNet-R, and ImageNet-Sketch.
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5.3 Extraction of Exceptional Features for ConvNeXt

Modifying slightly the notation used in [54], let F be a pre-trained, frozen classi er that accepts as input an
image | and outputs a probability vector Y = F(l), with the predicted class beingc = argmax (Y). We

assume thatF is a Neural Network whose nal layer is a fully connected linear layer followed by a SoftMax
activation function. Let C be the part of the network up to the penultimate layer, let S be the nal linear

layer, and let x be the input to the nal layeri.e., x = C(l), Y = S(x). We will also call x the latent features
of image| . A counterfactual image | °is an image such thatc®= argmax Y°6 c, with Y%= F(19).

In order to guide the counterfactual generation process to the desired counterfactual class, we identify and
modify the exceptional features of the latent featuresx of imagel, a concept originally introduced by [54].
This process consists of three key steps:

For each class of the classi er, t a probabilistic model on the latent features of images it classi es to
that class.

" For any given input image with latent features x and any desired counterfactual clasx’ identify the
exceptional features of x with respect to c®. These are the elements ok that signi cantly deviate
from the values that an image classi ed asc® would have.

" Among these exceptional features, selectively modify only those that in uence the classi er's decision,
ensuring the model is guided toward the counterfactual class.

5.3.1 Fitting the Latent Features' activations

Let D be a dataset consisting of images that belong to the same distribution that the classi er was trained on.
Let L. be the set of the latent features of all images irD classi ed as clasci.e.,, L. = fxjx = C(l); S(x) =
c; | 2 Dg. We assume thatx follows a di erent distribution X for each classc and we t each X using the
statistics of L.. Sincex is a vector, X. is a multivariate distribution, but we assume that the distributions
X of each elementx; of x are independent. For eachX we t a Gaussian Mixture Model (GMM) with K
components:

X . )
p(xi) = kN« k)
k=1

where:
x are the mixture weights such that P K k=1,
" N(xij «k; 2)isa Gaussian component with mean x and variance 2.
" K is the number of Gaussian components.

In the original paper of PIECE, the authors assumed that the activation function of the penultimate layer
was a Recti ed Linear Unit (ReLU), which only takes positive values, and could be t using a hurdle model.
Since ConvNeXt models use a smooth variant of ReLU that takes negative values as well, a Gaussian Error
Linear Unit (GELU) [41], we needed to employ a di erent and more exible distribution, with the GMM
giving us the most consistent results. It is important to note that tting the probabilistic models only needs

to happen once for each classi er and not for each input image.In the experiments we found empirically that
5 gaussian components are enough to e ectively model the activation values of the convnext's features.

5.3.2 Identifying Exceptional Features.

For a given input image | and a desired counterfactual class®, we identify the exceptional features of its
latent features x by evaluating the statistical likelihood of each elementx; of x with respect to the tted
model for X ;. To determine whether an observed latent featurex; is exceptional, we compute its two-tailed
probability based on the CDF of the tted GMM in order to detect both low and high exceptional values:

X :
Foa)= o« ;
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where () is the standard Gaussian CDF.
The two-tailed probability is then computed as:
P(xi)=min( F(x;);1 F(x;)):
~ If x; is much smaller than the expected values ther (x;) will be close to 0.
" If x; is much larger than the expected values then I+ (x;) will be close to 0.

A latent feature is considered exceptional if:
P(xi) <t
wheret is the signi cance threshold.

5.3.3 Changing the Exceptional to the Expected.

Once we identify all features whose two-tailed probability P (x;) is below the threshold t, we further Iter
them by considering the sign of weightsw; of the nal layer S. Speci cally, if an outlier is high but also
has a positive weight (or is low with a negative weight), it may be bene cial for classc® and is therefore left
unchanged. Conversely, if an outlier contradicts its weight's sign (e.g., a high outlier with a negative weight),
it is deemed detrimental and replaced with its expected value under the tted GMM:

x? E[X coi ]:

This two-stage process ensures that the modi ed latent feature vectox? shifts toward the typical distribution

of classc®, while preserving meaningful outliers that support classi cation into ¢®. Upon completion of this
process, we obtain the counterfactual feature vector in the feature space of the trained classi er. This feature
vector will help us guide the explainer in our case, the generator toward producing the nal explanatory
image in pixel space via an optimization scheme that will be applied on the the projection of the original
image into the GAN's latent space.

Figure 5.3.1: Changing the exceptional to the expected.With the blue and orange lines we have modelled
the activation value of a neuronx; for both classes of the dataset.The activation of the neuron for the query
image | is indicated with red and the expected value of the counterfactual class O is indicated with the
dotted line.Neuron x; is considered exceptional and thus its value is changed to the expected.
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5.4 StyleGAN2-ADA model

After selecting the classi er model whose decisions we aim to explain, it is essential to choose a Generative
Adversarial Network (GAN) capable of generating realistic counterfactual explanations in image space. The
selected GAN must e ectively capture the complexity and variability of the medical imaging domain while
ensuring high- delity image synthesis. Additionally, it must address a signi cant challenge inherent to medical
datasets: limited sample availability. Considering these requirements, we selected StyleGAN2-ADA [53] as our
primary GAN model, as it combines high-quality image generation with adaptive discriminator augmentation
(ADA), enabling stable training even on small datasets.

5.4.1 Introduction to StyleGAN

Generative Adversarial Networks (GANSs) traditionally consist of two components: a generator that syn-
thesizes candidate images from random noise, and discriminator that classi es images as real or fake.
StyleGAN [49] introduced a style-based generator architecture that enables more explicit control over the
generated images at various scales.

5.4.2 Style-Based Generator Concept

Mapping Network. Instead of feeding the latent vectorz (sampled from some prior, e.g.N (0; 1)) directly

to the generator, StyleGAN rst transforms z into an intermediate latent vector w via a learned mapping
network. This intermediate space helps disentangle factors of variation and makes the generator's outputs
more controllable.

Adaptive Instance Normalization (AdalN). Once the mapping network outputsw, an a ne transfor-
mation produces scale and bias parameters; ) for each layer in the generator. These parameters modulate
activations through

x  (x)

—_—
(x)
where (x) and (x) are the per-channel mean and standard deviation of the feature mag. This mechanism

allows each layer to independently control di erent visual features, resulting in semantically meaningful style
manipulation.

AdalN (x) = (5.4.1)

Progressive Growing & Style Mixing. To stabilize high-resolution image synthesis, the model can be
trained in a progressivemanner, starting from lower resolutions and incrementally adding layers in the same
manner that a Progressive GAN [50] is trained . Additionally, style mixing uses di erent w vectors for
di erent layers, encouraging the network to avoid encoding all information in a single stage, leading to more
diverse image synthesis.

5.4.3 Advantages of the Style-Based Approach

Disentangled Control: Mapping z to w simpli es the latent representation, making it easier to
interpret and edit visual features.

" High-Quality Images: StyleGAN demonstrated high delity and detail at resolutions previously not
achievable by earlier GANSs.

Rich Semantic Edits:  The w space often correlates with distinct semantic factors (e.g., pose, hair
style, lighting), supporting intuitive manipulations.

5.4.4 Renements in StyleGAN2

StyleGAN introduced a novel style-based generatorarchitecture that enabled unprecedented control over
image synthesis. Despite its success, researchers noted several limitations:

" Repeating Droplet Artifacts: Generated images sometimes exhibited faint circular or blob-like
artifacts, especially noticeable in backgrounds or regions of smooth color.
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Figure 5.4.1: High-level schematic of the StyleGAN generator. The mapping network transforms the latent
codez into intermediate latents w, which then modulate convolutional layers via AdalN.

" Progressive Growing Complexity: The original training strategy used progressive growing(starting
with low resolution and incrementally adding layers), which adds training complexity and can introduce
transient artifacts at scale transitions.

" Residual Entanglement:  Although AdalN improved style control, small entanglements in the latent
representations could still cause correlated changes in unrelated features.

StyleGAN2 [52] addressed these artifacts with several key innovations.

~ Weight Modulation and Demodulation In StyleGAN, each layer applied Adaptive Instance Nor-
malization (AdalN) using an a ne transformation of the intermediate latent vector w to produce scale
and bias parameters (; ). While e ective, this design could introduce normalization artifacts and
repetitive textural patterns (often called droplets ).

Replacement of AdalN. StyleGAN2 replaces explicit AdalN layers with weight modulation and
demodulation
wo
Wh =s Wy Wi = gp—=K (5.4.2)
ik (W i(j)k )2+

where:

W« are the original convolution kernel weights for input channeli, output channel j, and kernel
elementk.

s is a learnedstyle coe cient derived from the latent w.
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is a small constant to avoid division by zero.

This scheme e ectively scales the weights based on the style and thedemodulatesthem, preventing
any channel from dominating or introducing periodic artifacts.

Figure 5.4.2: Redesigned architecture of the StyleGAN's synthesis network

Bene ts.

Reduced Artifacts: Eliminates many of the visible water-drop patterns previously caused by
AdalN's per-channel normalization.

Consistent Feature Representation: Modulated convolutions preserve feature statistics more
naturally, providing smoother outputs across the network.

" Revised Architecture with Skip and Residual Connections Rather than relying on progressive
growing, StyleGAN2 employs a xed resolution  throughout training, combined with improved skip
and residual connections:

Skip Connections: Early layers can pass low-level feature information directly to later layers,
aiding gradient ow and retaining ne details.

Residual Connections: Certain blocks are restructured as shown in Figure 5.4.3c to have short
pathways for features, improving training stability and convergence.

Figure 5.4.3: Three generator (above the dashed line) and discriminator architectures. Up and Down

denote bilinear up and downsampling, respectively. In residual networks these also includeQll

convolutions to adjust the number of feature maps. tRGB and fRGB convert between RGB and
high-dimensional per-pixel data.
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By adopting these connections, StyleGAN2 avoids some of the transitional artifacts that can appear
when resolutions are scaled up progressively, and it streamlines the overall training procedure.

Path Length Regularization One of the notable new regularization techniques in StyleGANZ2 is
path length regularization This involves computing how changes in the intermediate latent vectorw

a ect the generated images and penalizing overly large or abrupt changes. Concretely, it encourages a
consistent step size in image space when interpolating between latent codes, yielding:

Smooth Latent Interpolations: Interpolations between two w vectors produce coherent
morphs, without abrupt jumps in color or geometry.

Better Latent Geometry: The generator learns a smoother mapping function, making the
latent space more intuitive for editing or semantic manipulations.

5.4.5 Comparison of StyleGAN and StyleGAN2 Performance

To quantitatively demonstrate the improvements of StyleGAN2 over StyleGAN, we refer to two commonly
used metrics in GAN evaluation:

Fréchet Inception Distance (FID)[42] : Measures the distance between the feature distributions of
real and generated images. Lower FID indicates better image quality and diversity.

" Perceptual Path Length (PPL)[49] . Assesses the smoothness and disentanglement of the gen-
erator's latent space. Lower PPL typically indicates more predictable and semantically consistent
interpolations.

Both models were evaluated on diverse datasets at high resolutions (e.g., FFHQ [49] and LSUN [135] categories
). Table 5.4 summarizes FID and PPL scores for StyleGAN (original) and StyleGAN2 (best con guration)
across several datasets.

Table 5.4: FID and PPL scores comparing StyleGAN vs. StyleGAN2 across common datasets.

Dataset Resolution FID # PPL #
StyleGAN StyleGAN2 StyleGAN StyleGAN2
FFHQ 1024 1024 4.40 2.84 212.1 145
LSUN Cat 256 256 8.53 6.93 924 439
LSUN Horse 256 256 3.83 3.43 1405 338
LSUN Car 512 384 3.27 2.32 1484.5 415.5

As shown in Table 5.4, StyleGAN2 consistently achieves lower FID (implying higher image quality and diver-
sity) and lower PPL (indicating smoother, more disentangled latent interpolations) across all tested datasets.
These results highlight the signi cant performance gains delivered by StyleGAN2's revised architecture.

5.4.6 StyleGAN2-ADA: Adaptive Discriminator Augmentation
Motivation for StyleGAN2-ADA

While StyleGAN2 improved upon its predecessor by reducing structural artifacts and improving overall
image quality, it still heavily relied on large-scale datasets to train e ectively. GANSs, including StyleGANZ2,
require tens or hundreds of thousands of high-quality images to generalize well. However, many real-world
applications, particularly in medical imaging, su er from data scarcity due to the following constraints:

Limited Availability: High-quality labeled medical datasets are di cult to collect and often contain
only a few hundred or thousand samples.

~ Privacy and Ethical Concerns: Sharing medical images is restricted due to patient privacy regula-
tions (e.g., HIPAA, GDPR).

Data Imbalance: Many medical conditions are rare, making it di cult to gather balanced datasets
for training deep learning models.
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The key challenge in low-data regimes is that thediscriminator tends to overt to the limited training
samples. When this happens, the discriminator memorizes the dataset instead of learning meaningful feature
representations. Consequently, the generator fails to learn properly, leading to training instability and reduced
image diversity.

To address this issue, StyleGAN2-ADA (Adaptive Discriminator Augmentation) [53] introduces an adaptive
augmentation strategy that stabilizes training and enables high-quality image generation from signi cantly
smaller datasets.

Adaptive Discriminator Augmentation (ADA)

The core idea of ADA is to apply image augmentations to the discriminator's input images while ensuring
that these augmentations do not propagate to the generator. Standard data augmentation methods, such as
rotations, ips, and color distortions, can leak into the generated images if applied improperly. ADA prevents
this issue by:

" Applying augmentations only to the discriminator's training images , ensuring the generator never
directly observes augmented data.

Introducing an adaptive probability p that controls the strength of augmentations. p starts at zero and
increases only if the discriminator shows signs of over tting.

~ Using invertible and stochastic augmentations that do not bias the generator's learned distribution.

Over tting Heuristic and Adaptive Control

The augmentation probability p is not xed but instead dynamically adjusted based on the discriminator's
behavior. Two heuristics guide the adjustment:

E[Dtrain ] E[Dvalidation ]

ry =
Y E[Dtrain ] E[D generated ]

re = E[sign(D+rain )] (5.4.3)

where Dyain ,Dvaiidation ;D generated represents the discriminator's output for the training set,validation set
and generated images respectively. If the discriminator becomes too con dent (i.e., consistently assigns
high con dence to real images and low con dence to generated ones)) is increased, thereby intensifying
augmentations to regularize the discriminator. Conversely, if training stabilizes, p is reduced to prevent
excessive augmentations that could slow convergence.

Types of Non-Leaking Augmentations

ADA uses a set of carefully selected augmentations that do not leak into the generator's learned distribution.
These augmentations fall into the following categories:

Pixel Blitting : Horizontal ips, integer translations, 90 ° rotations.
" Geometric Transformations  : Isotropic scaling, a ne transformations.
" Color Transformations : Brightness, contrast, gamma correction, color jittering.

" Filtering : Gaussian blur, image sharpening.

5.4.7 Advantages of StyleGAN2-ADA for Medical Imaging

The ability to train high-quality GANs on small datasets makes StyleGAN2-ADA particularly well-suited for
medical imaging applications, where dataset sizes are inherently limited. Some key bene ts include:

1. Data Augmentation for Medical Al Models

Medical imaging datasets often contain only a few hundred labeled examples, making it di cult to train
robust Al models. StyleGAN2-ADA can generate realistic synthetic medical images, expanding dataset size
and improving model generalization.
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(a) balanced Consistency (b) Stochastic discriminator (c) E ect of augmentation
regularization(bCR) augmentations probability p

Figure 5.4.4: (a) Previous augmentation methods applied during GAN training . (b) Adaptive
Discriminator Augmentation (ADA). (c) Diverse set of augmentations controlled by probability p

2. Counterfactual Image Generation

In medical research, generating counterfactual images modifying speci ¢ patient attributes while preserv-
ing othersis crucial for studying disease progression, anomaly detection, and treatment planning. The
disentangled latent space of StyleGAN2-ADA facilitates such edits.

3. Privacy-Preserving Data Synthesis

Since real medical images contain sensitive patient data, sharing datasets across institutions is often restricted.
GAN-generated synthetic medical images can preserve privacy while retaining the statistical properties of
real patient data, enabling safer collaborative research.

5.4.8 StyleGAN2-ada transfer-learning

Transfer learning signi cantly reduces the amount of training data required by initializing a model with
weights pretrained on a di erent dataset, rather than using random initialization. Prior to the introduction

of StyleGAN2-ADA, several studies explored the e ectiveness of transfer learning in the context of GANs
[128, 82, 85, 127]. The original StyleGAN2-ADA paper demonstrated that the most e ective strategy in-
volved freezing the highest-resolution layers of the discriminator (Freeze-D), leading to signi cantly improved
performance compared to training from scratch. Notably, the success of transfer learning in GANs appears to
depend more on the diversity of the source dataset rather than the similarity between the source and target
domains.

Figure 5.4.5: Transfer learning FFHQ starting from a pre-trained model on CELEBA-HQ dataset.(a)
Training convergence for StyleGAN2. (b) Training convergence for StyleGAN2-ada model.

StyleGAN2-ada on medical images. Several studies have investigated the use of StyleGAN2-ADA in
medical imaging, taking advantage of its ability to generate high- delity images even when training data
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is scarce. These works have primarily focused on data augmentation, improving classi cation models, and
synthesizing diverse medical images for various downstream tasks. For example, [130] evaluated the model's
performance on several publicly available medical imaging datasets, including SILVERQ7 (liver CT scans),
ChestX-ray-14 (chest X-ray images), and the Medical Image Segmentation Decathlon (brain tumors). Sim-
ilarly, [114] explored the e ectiveness of StyleGAN2-ADA for brain MRI images with tumors, aiming to
enhance limited brain MRI datasets through augmentation. Additionally, [131] utilized StyleGAN2-ADA for
out-of-distribution detection in CT scans from various anatomical regions.

All these studies have demonstrated the remarkable e ectiveness of adaptive discriminator augmentations
(ADA), especially when combined with transfer learning from models trained on non-medical datasets such as
FFHQ and CELEBA-HQ. Inspired by these ndings, we adopt a similar training strategy for our StyleGAN
model, leveraging both ADA augmentations and transfer learning to improve the quality and generalization
of our generated medical images.
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5.5 GAN Inversion: E4E and PTI
5.5.1 Motivation: The Need for High-Fidelity and Editable GAN Inversion

In the PIECE framework, counterfactual image generation relies on an optimization process applied di-
rectly to the latent vector of the original image.In the context of medical imaging, this necessitates a latent
representation that is both accurate (i.e., it should reconstruct the input image with minimal distortion)
and editable (i.e., it should allow controlled modi cations for counterfactual synthesis). Traditional GAN
inversion methods often struggle with the trade-o between these two properties:

" Optimization-based approaches , which directly optimize the latent code using a single sample,
yield high reconstruction delity but result in latent codes that are di cult to edit.

" Encoder-based approaches , which train an encoder over a large number of samples, provide editable
latent representations but fail to reconstruct ne details.

" Hybrid approaches , which rst use an encoder to receive the initial latent vector and then perform
a direct optimization on it.Even this method struggles to nd a "sweet-spot" in this trade-o .

Related Work Many works have considered speci cally the task of StyleGAN inversion with the aim of
harnessing the high visual quality and editability of the model. In [1] it is demonstrated that inverting images
in the native latent space of StyleGAN W introduces signi cant artifacts in the inverted image. It has been
shown that inverting images into the extended embedding spac&V+ leads to more accurate reconstruction
and better image preservation. [79] were the rst to implement a direct optimization into the extended latent
spaceW+. Also, [95] were the rst to train an encoder for W+ inversion which was demonstrated to solve
a variety of image-to-image translation tasks. Although the W+ inversion achieves minimal distortion , it
has been shown that the results of latent manipulation onW + inversions are inferior compared to the same
manipulations over latent codes from the StyleGAN native spacew .

To overcome this,in our proposed SPRUCE framework, we employ a two-step inversion process:
1. E4E Encoder [117] : Provides an initial editable latent representation.

2. Pivotal Tuning Inversion (PTI) [96] . Fine-tunes the generator for improved reconstruction accu-
racy.

5.5.2 Latent Space Representations in StyleGAN

StyleGAN de nes multiple latent spaces, each impacting the quality, editability, and realism of the generated
images. Understanding these spaces is crucial for selecting an appropriate GAN inversion method.

Native Latent Spaces

StyleGAN operates with two primary latent spaces:

" Z-space: The original latent space, where latent codez N (0;1) are sampled from a standard normal
distribution. This space is highly entangled, making direct modi cations challenging.

" W -space: A more structured and disentangled space obtained via a learned mapping networl¢ ,
wherew = M (z). This space enables controlled attribute modi cations while preserving realism.

Mathematically, the mapping from Z-space toW -space is de ned as:

w=M(z); z N (O;l); (5.5.1)

where M represents the learned mapping function.
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Extended Latent Spaces

To improve reconstruction capabilities and allow ne control over attributes, StyleGAN introduces extended
latent spaces:

" W *-space: Unlike W -space, where a single latent code is applied to all generator layergy * assigns
independent latent codes to each layer of the generator, allowing ner control over local image features.

" W K-space: A further extension where only a subsetk of layers receive distinct latent codes, providing
a balance between expressiveness and controllability.

The W * -space is mathematically de ned as:

W= (W Wo i Wa), Wi 2 W (5.5.2)

where eachw; represents the style latent code for a speci ¢ generator layer.

The W * -space enables high-quality image reconstructions by giving per-layer control over style and structure.
However, it introduces a key trade-o between distortion minimization and editability, which we discuss next.

5.5.3 The GAN Inversion Trade-o s

The process of GAN inversion involves mapping a real imagé to a latent code w such that the generated
image G(w) closely matchesl . However, this process is constrained by two competing objectives:

" Distortion minimization : Ensuring that the reconstructed image is visually identical to the input.

~ Editability : Maintaining a latent representation that allows for meaningful counterfactual modi ca-
tions.

The latent space used for inversion signi cantly a ects the trade-o between these objectives:

" W -space o ers structured and interpretable latent codes, making it ideal for semantic edits, but it lacks
the expressiveness required for ne-grained reconstructions.

" W *-space allows near-exact reconstructions but often leads to inferior latent manipulations, as the
structure of the latent space is less constrained.

Thus, while W * inversion achieves minimal distortion, it has been shown that the results of latent manipu-
lations are often less e ective compared to latent codes from thaV -space [1, 95].

5.5.4 E4E Encoder for GAN Inversion

E4E (Encoder for Editing) was introduced to tackle these inversion challenges by strategically placing
latent codes within the extended latent space while ensuring compatibility with semantic modi cations.

Key Design Principles of E4E

1. Minimizing Variation in Latent Codes - Unlike traditional encoders, E4E is trained to progressively
re ne latent representations, allowing it to optimize both reconstruction delity and editability.

2. Minimizing Deviation from W - A dedicated loss function encourages latent codes to remain closer
to W while leveraging the exibility of W *, improving editability.

3. ResNet-Based Encoder Architecture - E4E builds on a ResNet-like backbone, producing an initial
latent code and additional o sets that ne-tune speci c layers.

5.5.5 Total Loss Function in E4E
The E4E encoder is trained using a loss function designed to balance two critical objectives:

" Distortion Minimization : Ensuring that the reconstructed image closely resembles the original.
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Figure 5.5.1: The E4E network architecture. The encoder receives an input image and outputs a single
style codew together with a set of osets 1;:::; N 1, whereN denotes the number of StyleGAN's style
modulation layers. The nal latent representation is obtained by replicating the w vector N times and
adding each ; to its corresponding entry.

Editability Preservation : Maintaining a structured latent code to enable meaningful modi cations.

The total loss function is de ned as a weighted combination of these two terms:

L(X) = Laist (X) + edit L edit (X); (5.5.3)
where ¢git controls the trade-o between reconstruction delity and latent code exibility.

Distortion Loss

To minimize reconstruction error, the distortion loss consists of three components:

Laist (X) = 2L2(X)+ 1pips LLrips (X) +  sim Lsim (X): (5.5.4)
- L2(x) - Standard pixel-wise reconstruction loss. L pps (X) - Perceptual loss to enforce structural similarity
between images. Lsim(X) - Identity loss, ensuring feature-level consistency using a pre-trained network.

The identity loss is de ned as:

Lsim(x) =1 (C(G(E4E(x));C(G(x))) (5.5.5)

where:
" C is a pre-trained ResNet-50 network that extracts feature embeddings.
" G is the pre-trained StyleGAN2 generator.

~ This term ensures that the generated image maintains identity consistency with the original.

Editability Loss

To ensure that latent codes remain structured and editable, the editability loss consists of:

L edit (X) = d-reg L d-reg (X)+  advLladv(X): (5.5.6)

- La.reg (X) - Delta-regularization loss that constrains o sets ;, ensuring proximity to W-space. -L aqv (X)
- Adversarial loss using a latent discriminator to keep the learned style codes within the native StyleGAN
distribution.
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5.5.6 Fine-Tuned GAN Inversion: Pivotal Tuning Inversion (PTI)

Motivation for PTI in Medical Image Inversion While E4E provides an editable latent representa-
tion, it does not always guarantee high- delity reconstructions, especially for medical images that contain
ne-grained, high-resolution anatomical structures. In medical imaging applications, even minor reconstruc-
tion artifacts can obscure critical diagnostic details. This necessitates an inversion method that enhances
reconstruction accuracy while maintaining editability.

Pivotal Tuning Inversion (PTI) [96] addresses this challenge by ne-tuning the generator itself, ensuring
that the inverted latent code produces an image that is indistinguishable from the input while still allowing
meaningful counterfactual modi cations. Unlike conventional GAN inversion methods that focus solely on
mapping the image to a pre-trained latent space, PTI locally adjusts the generator's weights, enabling precise
reconstructions even when the StyleGAN model struggles with the dataset.

Methodology
PTI consists of two primary steps:

1. Initial GAN Inversion: The image is rst inverted using an o -the-shelf encoder-based method (e.g.,
E4E) to obtain an initial latent code w in the latent space W™ .

2. Generator Fine-Tuning: The generator G is ne-tuned to better reconstruct the target image while
keeping the latent code stable, thus improving the trade-o between distortion minimization and ed-
itability.

In the original PTI paper the authors also suggest the solution of the following optimization problem as an
alternative way to get the initial latent vector w, from the editable latent spaceW :

Wp =argmin Lipips (I;G(w; )+ nLn(n); (5.5.7)

where:
" G(w; ) is the image generated using a pre-trained generato® with weights

" Lippps represents the perceptual loss used to optimize reconstruction delity.

" Ln(n) is a noise regularization term that prevents unwanted artifacts in the generated image.

n is a hyperparameter that controls the contribution of noise regularization.

Pivotal Tuning: Generator Fine-Tuning

After obtaining an initial latent code w, a direct inversion may still produce images with minor distortion.
Therefore, in the second step, PTI freezes the latent codev, and ne-tunes the generator weights to
improve the reconstruction delity while keeping the inverted code unchanged:

Loi = Lipips (XxP)+ Lol io(X;xP); (5.5.8)

where:
" xP = G(wp; ) is the reconstructed image using the ne-tuned generator.
" L, enforces pixel-wise reconstruction accuracy.

Since the generator is initialized with pre-trained weights , PTI ensures that the ne-tuned model still
retains its original generative capacity while adapting locally to better reconstruct the input image.
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Locality Regularization

To prevent over tting to a single image, locality regularization is introduced. This ensures that the generator
does not lose its ability to produce diverse samples from the original dataset. In each iteration,a normally
distributed random vector z is sampled and StyleGAN's mapping network f is used to produce a corresponding
latent code w, = f (z). Then, interpolation between w, and the pivotal latent code w, is applied using the
interpolation parameter a, to obtain the interpolated code w; :

W, Wp
Wy = Wy + @ ———————! 5.5.9
r p kWZ kaZ ( )
Then, the locality regularization loss is de ned as:
Lreg = Lipips (XeiX, )+ [olia(XriX,): (5.5.10)
where:
" Xy = G(w,; ), is the image generated from the original generator given the latent vectom,
" X, = G(w,; ), Iisthe image generated from the netuned generator given the latent vectomw;
Finally, the generator optimization is formulated as:
= arg mlﬂ Lpn + regLreg (5.5.11)

Figure 5.5.2: An illustration of the PTI method. StyleGAN's latent space is portrayed in two dimensions,
where the warmer colors indicate higher densities of W, i.e. regions of higher editability. On the left, we
illustrate the generated samples before pivotal tuning. We can see the Editability-Distortion trade-o . A
choice must be made between Identity A and Identity B. A resides in a more editable region but does
not resemble the Real image. B resides in a less editable region, which causes artifacts, but induces less
distortion. On the right - After the pivotal tuning procedure. C maintains the same high editing
capabilities of A, while achieving even better similarity to Real compared to B .
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5.6 Latent Vector Optimization

The nal step of SPRUCE is to iteratively optimize ,in the latent space , the latent vector that reconstructs the
initial image in order to get the latent representation of the counterfactual image.To generate counterfactual
images that meaningfully explain the classi er's decision, we optimize the latent vector of the StyleGAN2-
ADA generator, that we have obtained using the steps described in 5.5, in such a way that:

" The features of the image that is generated from the optimized latent vector align with the exceptional
features extracted through PIECE.

" The modi ed image remains perceptually similar to the original image, avoiding excessive distortions.
" The modi cations are sparse, meaning that only the essential aspects contributing to the classi er's
decision are altered.
Optimization Objective

The optimization process is performed on the latent vector which is initialized asw, . The optimization
objective consists of four key loss terms:

L= Lpiece + percLLPIPS *+  latent Llatent + image I-image: (5-6-1)

We explain the signi cance of each term in the following paragraphs.

5.6.1 Feature Alignment Loss

Having constructed the counterfactual feature vectorx, , we use the same feature-level loss as in the original
PIECE algorithm :

Lpiece = KC(G(we))  x%3: (5.6.2)

Here:
" C represents all the layers of the frozen classi er up to the penultimate feature layer X.
"~ xYis the counterfactual feature vector

" G is the netuned generator

" W is the optimized latent vector.

This term ensures that the features of the counterfactual image match those expected for the target class,
thus ensuring that the classi er's prediction will change.

5.6.2 Perceptual Similarity Loss (LPIPS)

To preserve structural integrity and prevent the counterfactual image from deviating too far from the original,
we incorporate a perceptual similarity loss using the Learned Perceptual Image Patch Similarity (LPIPS)
metric [138]:

Lipps = LP|PS(G(W9), I ): (563)

where:
" G(we) is the generated counterfactual image.

" | is the original image taken from the dataset.
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LPIPS ensures that high-level perceptual features are preserved while enabling meaningful modi cations.
For the LPIPS backbone network, we utilize a VGG-based feature extractor instead of AlexNet. This choice
is motivated by VGG's widespread adoption in optimization schemes involving StyleGAN variants, as well
as its deeper architecture, which captures more expressive hierarchical features, making it better suited for
complex image domains such as medical imaging.

5.6.3 Latent Space Sparsity Regularization

We also apply an L1 regularization to limit any insigni cant changes in the latent space:

Liatent = KWe — Wpky: (5.6.4)

This term prevents the optimized latent vector to drift away from the editable and semantically rich latent
neighborhood of the initial latent vector wp, thus boosting the realism and plausibility of the generated
counterfactuals.

5.6.4 Image Space Sparsity Regularization

To ensure that counterfactual images remain faithful to the original while re ecting only the necessary
modi cations, we introduce an L1 penalty on pixel-wise di erences between the generated counterfactual
image and the original image:

Limage = KG(We)  Iky: (5.6.5)

This regularization encourages sparsity in pixel changes, ensuring that only the most relevant regions of the
image, those responsible for the classi er's decision, are altered.

Thus, the nal counterfactual optimization problem is formulated as:

h i
We = arg n\)\jn Lpiece + percLLPIPS +  Jatent Liatent + image I—image : (5-6-6)
p

where:
" w, is the latent vector corresponding to the nal counterfactual image.

perc; latent 5 image are hyperparameters that control the trade-o s between feature alignment, percep-
tual similarity, and sparsity.

By inputting w, into the netuned generator G we can visualize the counterfactual image.
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Figure 5.6.1: Visualization of the optimization process

Optimization Strategy

To optimize the latent vector, we employ the AdamW optimizer [68] with a cosine annealing learning rate
schedule [67] for smooth convergence and gradient clipping to prevent exploding gradients .

The nal optimization is performed iteratively for T steps, yielding the optimized latent vector w,, which is
then used to synthesize the counterfactual image.

Semifactual generation

During each optimization step, the generated image is evaluated by the classier, and its corresponding
probability score is recorded. This iterative process allows us to systematically track how the classi er's
decision transitions from the original class to the counterfactual class, providing valuable insights into the
model's decision boundaries and the impact of the applied modi cations.
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5.7 Adversarial Robustness for Meaningful Counterfactual Expla-
nations

5.7.1 Motivation: The Role of Adversarial Robustness

As we have seen in the previous sections of our framework, the classi er's feature vector is used to drive the
generator of the StyleGAN2-ada model towards producing an image that belongs to the desired counterfactual
class and that is as close as possible to the original image. In other words, we can say that the gradients of the
classi er are those that guide the generator to the right direction. Hence if the gradients are not perceptually
aligned with the features of a particular class then it could result , as we will see in the experiments section

, in counterfactuals that look visually similar to the original image when the changes are constrained to be
minimal. This means that if the classi er is vulnerable to adversarial human-imperceptible modi cations
(adversarial attacks) [33] then the generated counterfactuals will re ect those vulnerabilities rather than true
causal attributions.

It has been proven that the gradients of adversarially robust classi ers have strong generative properties and
capture features that are perceptually aligned with the features of a certain class [100, 7]. For that reason,we
employ adversarial training to improve the classi er's robustness and ensure that the generated images contain
meaningful and plausible changes. Specically, we use TRADES (TRade-o0 -inspired Adversarial DEfense

via Surrogate-loss minimization) [136], a state-of-the-art adversarial training method that balances clean

accuracy and robustness.

5.7.2 TRADES: Balancing Clean Accuracy and Robustness
The TRADES framework formulates adversarial training as a trade-o between:

~ Standard Classi cation Accuracy: Ensure that the classi er maintains high accuracy on clean
(unperturbed) images, which is indispensable especially in the domain of medical imaging.

" Adversarial Robustness:  Training the classi er to be invariant to adversarial perturbations.

This perturbation forces the model to minimize the discrepancy between its response to clean and adversarial
examples.

5.7.3 Mathematical Formulation of TRADES

The core idea of TRADES is formulated as a regularized surrogate loss, combining a standard classi cation
loss and a robustness regularization term. Speci cally, TRADES optimizes the following objective:

minEgyyo LR+ max L (F6)if (9) (57.1)

where:

~ f (x) represents the classi er's predicted probability distribution for input X,

L denotes the standard classi cation loss (e.g., cross-entropy),

" Lk is the Kullback-Leibler divergence that quanti es the divergence between the classi er outputs on
the clean examplex and the adversarial examplex®,

B (x) is the -bounded perturbation ball around input x, de ned as B (x) = fx%: kx® xk, g,
is a hyperparameter controlling the trade-o between natural accuracy and adversarial robustness.

During training, adversarial examplesx° are generated within the perturbation ball using Projected Gradient
Descent (PGD) [73]. PGD iteratively perturbs the input data in the direction of the gradient of the KL
divergence loss to nd a worst-case adversarial perturbation. This iterative adversarial example generation
can be formally expressed as:
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Xt = 8o X0+ sign(r oL (F ()5 () (5.7.2)
where g (x)() denotes projection onto the -ball, is the step size, andt indicates the iteration number.

Figure 5.7.1: Left gure: decision boundary by natural training. Right gure: decision boundary by
TRADES.

5.7.4 Comparison to Standard Adversarial Training

Unlike conventional adversarial training methods that simply minimize loss on adversarial examples,
TRADES explicitly balances robustness and accuracy, making it particularly suitable for our application.
Standard adversarial training methods su er from:

" Excessive accuracy drop on clean images when increasing robustness.
~ Gradient obfuscation, which can limit counterfactual interpretability.
" Over tting to adversarial attacks, reducing generalization.

TRADES mitigates these issues by controlling the KL divergence loss with the hyperparameter , allowing
us to tune robustness without severely degrading classi cation accuracy.
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6.1 Datasets

6.1.1 Introduction

In this section, we describe the datasets used for evaluating the proposed framework for counterfactual gen-
eration. Four publicly available medical image datasets were utilized, covering di erent medical imaging
modalities. The datasets include two binary classi cation datasets based on chest X-ray images, a four-class
Optical Coherence Tomography (OCT) dataset, and a four-class Brain MRI dataset for dementia classi ca-
tion. Apart from referencing numerical details it is also essential to describe the visual characteristics that
de ne each class within the datasets , as these will help us evaluate the plausibilty and meaningfulness of the
produced counterfactuals.

6.1.2 Dataset Descriptions
Chest X-ray Datasets
Lung Opacity vs. Normal Dataset

" Source: RSNA Pneumonia Detection Challenge [2]. The original RSNA Pneumonia Detection Chal-
lenge dataset contains 29,700 frontal-view x-ray images of 26,600 patients. The training daa is split
into three classes : Normal , Lung Opacity and No Lung Opacity / Not Normal .We used only the
classes Normal and Lung Opacity since we only wanted to train the classi er to distinct between lungs
su ering from pneumonia and healthy lungs. Other anomalies that do not result in opacities in the
lungs are excluded from the training task to keep it a binary classi cation problem. All duplicates from
the same patients were removed as well.

" Classes: Lung Opacity, Normal
" Number of Samples: 6012images of Lung Opacity, 8851images of Normal

" Preprocessing : We resized the original images from1024 1024to 256 256 resolution and made
sure that all images are RGB.

Description:

Lung Opacity: ~ Features include regions of increased opacity in lung elds, reduced contrast, and
irregular texture patterns indicative of pneumonia.

Normal:  Clear lung elds with well-de ned vascular structures, normal lung aeration, and no
abnormal opacities.

Cardiomegaly vs. Normal Dataset

Source: NIH Chest X-ray Dataset[126] and RSNA Pneumonia Detection Challenge[2].The car-
diomegaly images were sourced from the NIH Chest X-ray Benchmark Dataset. Due to the limited
number of images labeled exclusively as "Cardiomegaly,” additional images were included that con-
tained this label alongside other lung-related conditions. The normal images were obtained from the
RSNA Pneumonia Detection Challenge to maintain consistency and balance between classes.

Classes: Cardiomegaly, Normal
Number of Samples: 2776images of Cardiomegaly2776images of Normal

Preprocessing : We resized the original images froml1024 1024to 256 256 resolution and made
sure that all images are RGB.

Description:

Cardiomegaly:  Enlarged cardiac silhouette relative to thoracic cavity, often exceeding 50% of
thoracic width.

Normal:  Proportionate heart size within normal limits, clear lung elds, and absence of abnormal
cardiac enlargement.
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Optical Coherence Tomography (OCT) Dataset
[55]
" Source: Kaggle
Classes: Normal, Choroidal Neovascularization (CNV), Diabetic Macular Edema (DME), Drusen

Number of Samples: 26347images of Normal,37216images of CNV, 11422images of DME, 8620
images of Drusen

Preprocessing : All images were center cropped to square dimension256 256 and converted to
RGB. Original images resolution was either496 512or 496 768

Description:

Choroidal Neovascularization (CNV): Presence of hyperre ective uid accumulations, dis-
torted retinal layers, and irregular subretinal deposits.

Diabetic Macular Edema (DME): Thickened retina with cystoid spaces, hypore ective lesions
indicating uid buildup.

Drusen: Extracellular deposits seen between the retinal pigment epithelium and Bruch's mem-
brane.

Normal:  Uniformly structured retinal layers with no signs of pathology.

Brain MRI Dementia Dataset

Source: Kaggle
Classes: No Impairment, Very Mild, Mild, Moderate

Number of Samples:  3200images of No Impairment, 3008images of Very Mild, 2739images of Mild,
2572images of Moderate

Preprocessing : We resized the original images to128 128 resolution and converted them to RGB.

" Description:
No Impairment: Normal brain volume with well-preserved cortical structures and no signi cant
atrophy.
Very Mild Impairment: Subtle cortical thinning, slight hippocampal volume reduction.
Mild Impairment: Noticeable atrophy in temporal lobes, enlarged ventricles, and white matter

hyperintensities.

Moderate Impairment: Severe hippocampal atrophy, signi cant cortical thinning, and promi-
nent ventricular enlargement.

6.1.3 Dataset Sample Images

To provide a visual reference of the datasets used, Figures 6.1.1 through 6.1.11 present sample images for
each class within the respective datasets.
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Figure 6.1.1: Healthy chest x-ray images.

Figure 6.1.2: Chest x-ray images with lung opacity.

Figure 6.1.3: Chest x-ray images with cardiomegaly.

Figure 6.1.4: Healthy OCT samples.
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Figure 6.1.5: OCT samples with drusen.

Figure 6.1.6: OCT samples with signs of Diabetic Macular Edema(DME).

Figure 6.1.7: OCT samples with signs of Choroidal Neovascularization (CNV).

Figure 6.1.8: Brain MRIs with no signs of dementia.
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Figure 6.1.9: Brain MRIs with very mild impairment.

Figure 6.1.10: Brain MRIs with Mild Impairment.

Figure 6.1.11: Brain MRIs with moderate impairment.
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6.2 Classier training

As we discussed in Section 5.2,the model that we chose to use in our counterfactual framework is the
ConvNeXt-Base model. In this Section we are going to provide all the techniques and parameters used
during both the training of a plain and an adversarially robust model. We will present the results in each
case using various evaluation metrics and plots .Finally we will showcase several saliency maps[106] that will
help us understand the image regions on which the model gives more attention to , but will also prove the
necessity of using adversarially robust classi ers for plausible and meaningful counterfactuals.

6.2.1 General Training Con guration

The training of the classi er followed a consistent setup across both standard and adversarial training schemes.
The following parameters and techniques remained constant throughout:

Dataset Splitting All datasets were divided into three subsets:
" Training Set: 80% of the dataset, used for model training.

" Validation Set:  10%, used for hyperparameter tuning and early stopping.

" Test Set: 10%, used for evaluating nal model performance.

Dataset Class Training Validation Test Resolution

. Healthy 7080 885 601

Chest X-ray (Lung Opacity vs. Healthy) Lung Opacity 4809 601 602 256 256
. Healthy 2220 277 279

Chest X-ray (Cardiomegaly vs. Healthy) Cardiomegaly 2220 277 279 256 256
Normal 21077 2634 2636
CNV 29772 3721 3723

OCT Dataset DME 9137 1142 1143 256 256
Drusen 6896 862 862
No Impairment 2560 320 320
. . Very Mild Impairment 2406 300 302

Brain MRI Dementia Dataset Mild Impairment 2191 273 275 128 128
Moderate Impairment 2057 257 258

Table 6.1: Number of images per dataset split (Train, Validation, Test) for each class with resolution details.

Model Fine-tuning To leverage pretrained knowledge and accelerate convergence, we performed transfer
learning by initializing our model with pretrained weights from the ImageNet-1k V1 dataset [20].The classi er
head was replaced with a fully connected layer corresponding to the number of classes in each dataset.

Optimization and Regularization Techniques To enhance model generalization and robustness, the
following optimization strategies were applied:

" Learning Rate Scheduling: Cosine annealing learning rate scheduler .

Weight Decay: Applied to prevent over tting and improve generalization.

Early Stopping: Terminated training when validation loss did not improve after 20 epochs
Warmup Epochs: Gradual increase in learning rate at the start of training.

Mixed Precision Training [81]: Reduced memory footprint and improved computational e ciency.

Label Smoothing:  Applied to prevent overcon dence in model predictions by assigning a small
probability to incorrect labels, thereby improving model calibration and robustness.
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" Class Weighting:  In the cases of the Normal vs Lung Opacity and the OCT dataset a weighted
cross-entropy loss was used to confront the imbalancies across di erent classes. The weight for each
class was computed based on its frequency in the training set.

Data Augmentation To enhance model generalization, data augmentation techniques were applied to the
training set:

" Random Resized Cropping: Scaling image patches between 75% and 100%.
" Random Horizontal Flipping: Probability of 30%.

" Random A ne Transformations: Rotation (10 degrees), translation (2%), scaling (0.95 1.05), and
shear (5 degrees).

Color Jitter:  Adjustments in brightness and contrast within range 0.2.

" Normalization:  ImageNet normalization with mean =[0.485, 0.456, 0.406], std =[0.229, 0.224, 0.225].

6.2.2 Plain Classi er Training

This section details the hyperparameters and results obtained from training a classi er only on "clean" images
using the strategy described in the previous section .

The hyperparameters used during training are presented in Table 6.2.

Hyperparameter Value

Loss Function Cross Entropy Loss
Initial Learning Rate 5e-4
Epochs 100
Warmup Epochs 10
Optimizer Adamw
Batch Size 64

Weight Decay 5e-2

Label Smoothing 0.05

Table 6.2: Hyperparameters that yielded the best model accuracy across all datasets.

Results of Plain Training The trained classi er was evaluated on the test set,using the accuracy, precision
,f1 and recall metrics. Table 6.3 summarizes the results on each dataset.

Dataset Accuracy Precision Recall F1-score

Lung Opacity vs. Normal 95.96 95.68 97.63 96.65
Cardiomegaly vs. Normal 88.35 90.22 86.02 88.07
OCT Dataset 97.98 97.98 97.97 97.98
Brain MRI Dementia Dataset 99.39% 99.40% 99.39% 99.40%

Table 6.3: Performance metrics (accuracy, precision, recall, and F1-score) for each dataset.

We also plotted the confusion matrices in order to get a better view on the model's performance. Results are
shown in 6.2.1
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(a) Lung Opacity vs. Normal (b) Cardiomegaly vs. Normal

(c) OCT Dataset (d) Brain MRI Dementia Dataset

Figure 6.2.1: Confusion matrices for the plain classi er.

6.2.3 Adversarial Training with TRADES

This section presents the hyperparameters and results obtained from training a classi er using adversarial
training with the TRADES method.For all experiments,the trade-o parameter was set to 6, following
recommendations from [112] and [45], as this value provides a well-balanced compromise between adversarial
robustness and clean accuracy. Our experimental results further validate this balance.We decided to train
our classi ers on three di erent values : f 1=255 2=255 8=2553 . For each value and for each dataset we
present the respective clean accuracy achieved from our model.

Hyperparameters for Adversarial Training The hyperparameters used during TRADES training are
presented in Table 6.4.
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Hyperparameter Value

Loss Function TRADES Adversarial Loss

Initial Learning Rate le-4

Epochs 100

Warmup Epochs 10

Optimizer Adamw

Batch Size 16

Weight Decay 5e-2

Label Smoothing 0.05
(Trade-o parameter) 6.0
(Perturbation bound) 1/255, 2/255, 8/255
(PGD Step Size) 14

PGD Steps 10

Norm Type L

Table 6.4: TRADES hyperparameters used for adversarial training.

Results of Adversarial Training The classi er trained with TRADES was evaluated on both clean and
adversarially perturbed test images. Table 6.5 presents the clean accuracy results for allvalues .

Dataset =1=255 =2=255 =8=255
Lung Opacity vs. Normal 94.48 94.02 94.09
Cardiomegaly vs. Normal 88.17 85.84 88.35
OCT Dataset 97.44 97.73 96.95
Brain MRI Dementia Dataset 99.74 99.39 99.23

Table 6.5: Accuracy of the adversarially trained classi er on clean test images for = 1 =255, 2=255, 8=255.

Confusion Matrices on Clean Images To analyze the model's performance on clean images, we provide
confusion matrices for each dataset, shown in Figure 6.2.2.
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