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ITepiindm

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.

AgZeig-xhedid  —  Avunapaderypatixée  E&nyroe, Epunvebowrn Teyvnty Nonpoolvn, Iateun
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






Euyaplotieg

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

Extetouevn Iepiindn ota EAAN VX

1.1 Ewayowyn

Ta yovtéha Padide pddnong amoterolv mhéov éva Baowd epyahelo otov topéa e eneepyooiog exovag Xou
elvon Wrodtepa dadedopéva oty tadvounon tpxay ewdvov [74, 8, 92, 56, 133, 101, 87]. "Evoc onuov-
TIXOC TEPLOPLOUOS ATV TV HOVTEAWY elvon OTL AELTOLPYOUY 0¢ “Uadpa xouTLd”, dnhady) 1 dradacior Adne
amo@dcEWY TUpAUEVEL duoVONTN oToug avipwroug, eve cuyvd Bacilovtal ot otatioTinég eEupTroEl TwWV Oe-
dopévamv exnaldevone xaw dev apopoldvouy egedixeupévn yvaon topéa [124, 137]. Ilupdho Tou autd propel va
elvon amodext6 oe dAhoug ToUElc, GTNY LUTELXT] ATELXOVLOT| OL AovDaoUEVES AmoPAoELS EVOE TAEVOUNTY UTopoly Vo
UTOVOEVGOLY TNV UyelovouixY) Tepldoldm xou va Yéocouv oe xivduvo aoleveic. To yeyovic autd €xel odnyioet
1600 TNV gpELVNTIXA XOWOTNTA GTNY avdTTLEn TEYVXGOY Yoo Epunvetowun Teyvnth Nonuooivr (Explainable
Artificial Intelligence) [37, 119], 660 xou v avtictoiym vopxh Thevpd otny eloaywyr VOUwY Tou xadiepdvouy
70 “Ouaiwpo oty ene€iynon”’, dnhady) To Suxalwud TUPOoYHC AWTIOAGYNONG Yiot Uiol amtdpacT Tou Aapfdveton omod
éva obotnua Teyvntic Nonpoolvng to omolo ennpedlel onuovTixd évo dtoyo.

T v ene€hynon tov "udupwy xouTtidv" Tou yenotwomotodvion oty Tadivounon exdvog Exouv avarntuy Vel
didpopec pédodol. Mia tétola npocéyyion elvan 1 dnpovpyio avtinapodelypatixmy exévewy [13, 47, 36, 27]. Ot
AVTLTOEAOELYLUTIXES EMEENYHOELS TapEy oLV EVal VEO DEBOUEVO ELGOBOV, THPOUOLO UE TO 0Py W), TO Omolo TaPdYEL
BlapopeTiny| €£080, TEPLYPAPOVTUS OUCIACTIXG TIg avayxaieg ahhayég oTny elcodo hote va oAAGEeL 1 amdpaoT
Tou exdotote poviéhou. Autd To eldog encérynong poldlet oe peydho Badud pe tny avdpednivn dladixactia Adng
anopdoewy xou €xel detydel 6T elvon edxola epunvedolo and avdpodnous [34, 84, 120]. Emndiéov,n Swgpopd oe
eninedo ewovooTtolyeiwy (pixels) petadd Tne apyXAC Xt TNC AVTLTOEAUDELYLOTIXAS EXOVOC UTOREL VoL ANELTOVEYHOEL
o¢ “ydptne onuoavtixétnrag” [83](saliency map), pe to tpdoleto mheovéxtnua bt 1 (Bl 1 avTimoEAdELY HOTLXT
EOVOL YENOWEVEL WE THOTOTONTXG 0pPOTNTAS Yiot TOV EV AOYW YT,

Teyvxd, onoldrnote edvo mou Tapdyel dlapopeTixy| €000 and TNV apy x| UTOpEl VoL AELTOURYHOEL WG AVTLTA-
EOBELYHATIXT), AAAGL TIPOXEWEVOL VoL TROCPEPEL OUCLAC TIXEC TANEOYORIES, 1) AVTLTUPAUOELYUOTIXY) EXOVA OQElNEL
va gpgpavilel uévo Tic anollTwe avayxaies odloyéc otny edva eloddoL yia Vo avaoteagel 1 é€odoc Tou Tué-
wounty. I mopdSeryua, oe évav ta€ivounty mou evrtonilel mveupovia oe afovixéc topoypapleg Vwpoxa, Jo
npotioloope 1 meployy) ahhayrc vo Beloxeton amoxhelouxd oToug mVEDHOVES, xoL Oyt oTo undPadpo B ot
pop®@Y| Tou oXEAETOU, xaddc auTd Yo Unopoloe Vol aVTITPOCWTEVEL €vay EVIEAMS BlaQopeTind acvev]. ‘Evag
oNUAVTIXGS TEPLOPIOUOS TOMGY epyaotdvy ot oyetind Bihwoypapio [5, 116, 35, 80, 14] eivor 6TL dev ewodyouv
unyaviopols ot Sodixacta dnplovpylag avtimapadelypotixdy ene&nyioewy mou vo e&ac@ahilovy Ot 1 TeEAX)
edva Yo eppavilel apouéc(sparse), avTANTTE TUPOUOLES X0l OTTIXE GUVEXTIXES ahhayés. Te authv Ty epyaotia,
YENOUWOTOLOUUE BLAPOpoUE GROUS XAVOVIXOTOINONG GTT) SLodlxaaior SNULoVEY o AV TLTORABELYUATIXDY EXOVLY TOU
e€aopaiilouv tic mpoavagepdeioee WBLOTNTES, cLuYXEXEIEVA TNV L1 xavovixononon 1660 6Tov YMpeo TS ExXovag
660 xou otov havddvovta yodeo tou Iapoywyxol Avtaywviotixod Awxtdou (ITAA), xadde xou ) cuvdptnom
Learned Perceptual Image Patch Similarity [138].

"‘Evog dhhog onpavtixds Teploplopos o€ TOMES epyasieg [86, 5, 61, 116, 105, 80, 14| elver 6Tt amartolyv Ny and

1
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

%000, UE XETOLOV TPOTO, EXTALBEVGY) TOU UOVTEROL TOU TaRdYEL TIC EREENYNUUTIXES ELXOVES PE TNV exTtaideuo
ToU TagvounTy mou eEeTALETOL, UE OUTMOTENEGUA VOL UV HTOPOVY VoL EQUPUOGOUY TO TANGLO TOUS GE OTOLOdNTOTE
TPOEXTIULDEVUEVO [LOVTENO.

e auth Ty epyaoia, afomotolue xou enextelvoupe T uéBodo eEaywYhc omOXMYOVTWY YapoXTNEIo TIXMY (eX-
ceptional feature extraction) ané to PIECE [54], v omolo emiTpéneL plal W) ETONTEVOUEVY] TPOEXTOLOELOY) TOU
MOVTEAOU TAPAYWYNE AVTITOQUDELYHUTIXWY EOVWY Xal ATOLTEl UOVO TOV UTONOYIOUS OPLOUEVLV O TATIO TLXWY
oTolyelwy Ylo Tig evepyonooel Tou tpoteleutaiou eminédou Tou Tadwounth. Auth N te) Vi enlong dev Vétel
TEPLOPLOKOUE GTOV 0ptdd XAAoENY €680V TOU TOEVOUNTY Xou efVaL LXAVY] VoL THEAYEL AV TLIUPAUOELY LOTIXES ELXOVES
and onoladNnoTe XAAoT G ONOLBNTOTE GAAY), XATL TOL BeV Loy VEL Yiot TOAAES dAheC epyaoieg.

Ernopévnce, otnyv mapoloa Simhwpotixs tpoteivouue éva véo thaioto, to SPRUCE (SParse Realistic and Uncou-
pled Counterfactual Explanations). H cuveiogopd poc cuvodileton we e€hg:

o Ewodyouue to SPRUCE, éva véo mhaioto yia 1) dnuioupylol opaiddv avTLTOQadELY LATIXDY LUTELXWY EXOVGY.

o Avantiooouye o eEeWBIXELPEVY GUVEETNOY ATMMOAELNS TOU ETUBAAAEL TOGO TNV CEAUOTNTO OGO XA TNV
TULOTOTNTA EXOVAC GTLC TUPAYOUEVES EMEENYNUATIXES, EAUYLO TOTOLOVTAS TPOTOTOLACELS Tov dev oyeTilov-
o Ue TNV exdotote ndunom.

o Xonowonototpe Hopaywyxd Avtaywviotuxd Aixtua (ITAA), o cuvduooud pe tc peddédoue Encoder
for Editing (E4E) [117] xou pivotal tuning [96], yiot vor emTOYOUME oXpIfT] OVOXATAOHELY XoU TRy WYT
APV PEAALOTIXMV EMOVOY, XIS XaL Yia VoL EVIGYVGOUUE TOV EREY YO0 Xot Ty duvatdtnta eneepyaciog
oTov Aavitdvovta yoeo tou ITAA.

o Afionoolpe wo texvixf andé to PIECE [54] nou anocuvdéer v exnaideucy tou aviimopaderypatixod
EPUNVELTY amd TNV EXTOUOEUOY) TOU TAELVOUNTY XaL AC ETULTEETEL VO XPNOWOTOLO0UE Tov (Blo eneEnynt
Yiot OmOLOVONTOTE BUABIXS 1| TOAATADY Xhdoewy Tadlvounty| mou éyel exmoudeutel oTtny (Biot xoTavoun
OEDOUEVV.

o ALOTOTMOVOLUE OTL 1] LXAVOTNTO ONULOVEYINS CEOLMY, PEAALCTIXWY AVTLTUQUDELY ATV EXOVWY CUVDIEETOL
dueca pe Ty evpwoTtia (robustness) tou taivounth, xahotdvtag 10 Thalolo pog éva ToAOTIO Epyolelo
YO TOV EVTOTLOUS aBUVOHLAY, 0AAS xoL Yia TNV ETIEDENON LOVTEAWY.

1.2 Oewentixd YTroBadeo

1.2.1 Yuvehuxtixd Nevpwvixd Aixtua

H evétnta auth topoustdlel Aentopepde to Poaotxd otouyeior tov Tuvelutinddv Nevpwvixdv Awxtiny (CNNs)
xou TLe x0plec dlepyaoie Tou Toug EMTEETOUY Vo patdolvouy and PeYdAous 6y XoUS SeBoUéVmY EXOVOC.

O Nevpodvag xou ol Luvaptfocelg Evepyonoinong

Xy xopdid xdde Nevpwvixol Awxtdou Beioxetoan 0 VELPWVALG, EUTVEUCUEVOC amtd TOUC BLOAOYIXOUS VELR(VES
TIOU EMXOLVWVOUY UETAEY TOUC PECL NAEXTEXGDY onpdtev. Kdde vevpmvae o éva dixtuo:

1. Aéyeton évo uxpd Tuiua SeSoUEVKDY ELGOBOU,

2. Troloyilel o otaduopévo ddpoopa cuv pla otadepd (bias),

3. Egopudlel wa ovvdptnon evepyonoinorg,

4. YuuBddher otn dnwovpyia evie xdptn yopoxtnelotxdy (feature map).

‘Onwe gatveton oto Lyfua 1.2.1, 1 €€o0docg Tou veuphva tpowdeiton 6TIC ENOUEVES GTEWOELC Tou BixTOou. Baowd
OTOLYELD TWV CUVAPTACEWY EVERYOTOINONG ELVAL 1) ELCOYWYY) UN-YRUUUXOTNTAS, OGTE TO HOVTEAO Vo umopel vo
povtehomotel olvieta npdtuna. Kdnotee cuvndiouéves ouvapthioeic evepyonoinone elvan ot e€hc:

e ReLU: f(z) = max(0,x)- anhf i anotehecyatny|, wot6c0 undevilel dhec Tic opvnTinéc TUEC.

e Leaky ReLU: Auwtnpel wio uixpt, un pndevix| xhion yio oapvnuxéc eteddouc, petprdlovtac to mpdBAnua
TWYV U1 EVERYOTONUEVLV VELPWYWY OTNy Tepintwon tne ReLU.
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1.2. Oewpnuxd TndBadeo

e Sigmoid: Metatpénet tic Tée eloddou oto edpoc (0,1), yeRown vy mdavétnies, ahhd urnopel vo
xopeotel emPBpadivovtac TNy exnaidevon.

e Tanh: ITopbpowo pe ) sigmoid, oAl xevtpdpetan oto undév oto elpoc (—1,1)- enione evdhwtn oe
xopecp6 Twv gradients.

. (Bias)

A

@“1\
(Inputs) @__!2”» Yoredicted

. 5 (Activation function)
. (Summation function)
- @ (Weights)

Figure 1.2.1: Zynuotix aneixdvior tng apytTextovixnic evog veupwmva, 6mou uroloyileta otaduiopévo
ddpoiopa, mpootiVetan bias, egapudletar cuvdptnon evepyonoinong xou mopdyetor 1 €£080¢ TOU VEURWVAL

Nevpwvixd Aixtua xou 1 Exnaidcsucn toug
To Nevpwvixd Alxtua [60] anotehodvton ond TOAATAES CTPMOELS:
e oTpdua ewddov (input layer) yio to apynd dedouéva,
o dudpopa kpupd otpdpata (hidden layers) yio Ty e€aywyy| YopaxTnEloTIXGOY,
o éva otpdpa e€dbou (output layer) mou mopdyel Tic tTeAxéc npoPAédelc.
To o@dlpa  oaviyeso oty medPiedn  xou Tty oAndwvy  Twwr  petpéton  amd o cuvaeTINoTm
andAetac—ouvniéotepa t0 péoo tetpaywvixd opdhpa (MSE) yioa mahwdpdunon # 1 ouvdptnorn Cross-

Entropy yiw towounon—xo ehoyiotonoleiton Yéow woc diadixacioc BeATioTtomoinong yvwotg «g
Gradient Descent.

Alyéprduog OmicVodiddoorng (Backpropagation) H exnoldevon Booiletn oe 800  @doewc:
“mpoinon” xa “omododiddoon’. Xtnv mpowinoy, to dedopéva péouv uéoa and to dixTuo doTE Vo mapay-
Vel n npofiedn. Axohouvdel 1 omododiddoor), énou unoroyilovian to gradients g cuvdpTNONG AMWAELS WS
Tpoc xdde mopduetpo (pe Tov xavdva chuoidac) xon evnuephdvovton ta Bden. To LyAua 1.2.2 anotundvel auth
™ Sdxacio péow tne onolag tar wovtéra Teywntic Nonpooivng unopolv xou padaivouy.
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Figure 1.2.2: ®don npowydnone (unohoyioude e€68wv) xau pdon omododiddoone (vnoloyioude gradients) yio
™V evNu€pnon Twv Bopov.
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Teyvixéc Kavovixonoinone (Regularization)

‘Eva Baowxd npdPinua oty Bahd uddnon cbvar 1 uUnEpTEOCAE oYY, OTOL TO BIXTUO ATOUVNUOVEVEL AET-
TOUEPELEC TOU oLUVOIOUL exmaideuong ywelc va yevixelel oe xouwvolpla dedopéva. o v avtipeTodmot| Tou,
e@oppolovTon SLAPopeS TEXVIXES xovovixoToinong:

e L1/L2 Kavovixoroinon: Ilpdocletor 6pol mou emPBdilouv mowvh ota Bden peydrou peyédous, ano-
Yoppvovtac utepBohind péyedoc 1 nAdoc TopouéTewy.

e Dropout [111]: Tuyala “anevepyonoinon’ veuptvwv xatd v exmoideuon yio vo omogeuyVel 7
ouveZdptnon (co-adaptation).

e Enadgrnorn Acdouévwy (Data Augmentation): Teyvixr uéow e onolog dnuiovpyolvtor emmhéov
Topadelypata extaldeuonge TpoToToUdVTOS Ta dpyXd dedopéva extaideuone ()., TEPLOTEOYT, AVICTEOYH,
%OT EXOVWY).

e PUBpion MevéQoug Iloptidac (Batch Size): Trepnapduetpoc nou xadopiler nboa delyuata
ene€epydlovron oe éva Brua evnuéprong Popy.

Boaowd Itovyeioa Suverifewv (Convolutional Layer Essentials)

H ocuvéngn [31] anotehel tov muphva twv CNNs, dnou uxpol nuprves (kernels) capdvovioar oTic ywetxéc
BLCTACELS TNG ELXOVOG Yiot TNV EEAYWYT TOTUXDY YapaxTneloTix®y. ‘Onwe gaivetan oto Yyfua 1.2.3, xdde
nuprvag €xel mAdtog, Tihog xou Bdfog, emionualvovTag yopoxTneloTixd Onne axpéc ¥ upeés.

Source pixel
(-1x3)+(0x0)+(1x1)+

(-2x2)+(0x6) +(2x2) +
(1x2)+(0x4)+(1x1) =-3

=

Convolution filter

Destination pixel

AV VLV

ANV

ALV

VAN VA

VALV

ALV LA

NAANRNYE A

L1
L1
L1
L1
|~

Figure 1.2.3: Evdewtint| egapuoy mupfiva cuvéline oe wa eixdva (amd [10]).

Ta mapadooiaxd CNNs aanotehobvton amd €val GUVOLAOUS CUVEMXTIXOV QPIATEWY, CTPWUATWY UT-
odewypatolndiog (pooling) xa ITAApwe Luvdedeuévoy Ltpoudtwy, énne oto Lyfuo 1.2.4.

26



1.2. Oewpnuxd TndBadeo

fc_3 fc_a

Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution | /—M
(S x 5 kernel Max-Pooling (5 x 5) kernel Max-Pooling (with
valid padding (2x2) valid padding (2x2) . dropout)

@®o
@2

.
INPUT nl channels nl channels n2 channels n2 channels E \. 9
(28x28x 1) (24 x24 xn1) (12x12x n1) {8 x8xn2) {#x4en2) . OUTPUT

Figure 1.2.4: Tumuxn apyrttextovix) CNN e diadoyixéc ouvehifelg, unodelypatolndio xou mAHewe
ouVBEBEUEVES OTPOTELC.

Ytpopa Yroderypatorndios (Pooling Layer) To otpopa unoderypotoindiog (n.y. max pooling)
HELOVEL TN YWEIXT OVEAUCT) TWV YORUXTNELOTIXWY, EAATTMOVOVTUSC TOV UTOAOYLOTIXO QPORTO Xl EMLTUYYEVOVTIS
petagppootixf apetofintotnto (translational invariance). Ouv umepnopduetpor stride xou padding xodop(louv
Tov 1pdémo pE Tov onolo o mupYvag oAloalvel xou avtieTwnilel o dxpa TNG EMOVIC.

Koavovixonoinon Katd ITaptidec (Batch Normalization) I ) otodeponoinon tne exnaldevong,
n Kavovixonoinorn Katd IToptidec npocopudlel otatiotind tic evepyomotioels (Undeviny uéorn tiun xou
povadiaior Staonopd) ot xdde naptida, Behtidvovtac cuyvd oo TV TaxlTNTa GUYXAONG 6G0 XU TNV TEAXH
axp{Beto.

IIMpws Xuvdedepévo Itpdpa (Fully Connected Layer) Xto mifpwe cuvdedepévo otpdua, oL
VEVPWVES €YOLY TATET GUVOECIUOTNTA UE GAOUC TOUG VEUR(VEC OTO TEOTYOUUEVO 0L TO ENOUEVO GTROUM, OTKS
pobveton ota xovovixd FCNN. Autdg eivan 0 Adyog mou unopel vor unohoylotel pe tov cuvniiouévo tedmo Yéow
evHC TOMAUTAACLAOPOD UNTE®Y, oxohoutoluevou and wa enidpaon pyetatémone (bias). To otpdua FC Pondd
TNV AVTLOTOLYLOT TNE AVaTaRdoTaoNg UETAED TNE ELGGB0L o TG eE6B0U.

1.2.2 Movtéro ConvNeXt

Ye auth Ty evotnTa tapoucidletal avoluTixd 1 apyltextovixr Tou ConvNeXt, évo «exouyypoVIoUEvo» Nuvelix-
6 Nevpowvixd Aixtuo (CNN) nou avthel 18éec and toug Vision Transformers (ViTs), Swwtnpddviac wotdoo ta
Baowd yvwplopota twv napadootoxmy tagvountey tonou ResNet. Ytdyoc elvon va emiteuydel ¥ vo Eenepaotel
n anédoon twv Transformers oe peyding xhlpoxac ta€vouroelc edVeY, UE BLATHENOY TNG EQUNVEUCLUOTNTAS
oL TNG AmoBOTIXNAC XPNONG UTOAOYLO TV ThpWV.

Eitcaywy? oto ConvNeXt

To poviého ConvNeXt anotehel pia mpdogatn noporrayn CNN, 1 omola evowyativel doguxés emthoyés and
Toug tepopywols Transformers (m.y. Swin), ywplc dpwe va Baoiletar anoxielotind otov pnyoviopd self-
attention. Avtdétwe, exouyypovilel ta cuvelixTxd otpduota (convolutional layers) dote va emtuyydvel
ouyxplown enldoon), cuvdudlovtag TNy anodotixdtnta Twv ConvNets pe 0ploPEVA TAEOVEXTAULATO TWY LOVTENWY
tUrou Transformer.

Kiogieg Apyitextovixéeg Kawvotouieg

To ConvNeXt Baocileton oe pior Sour| mopdpola ye oauth twv ResNet, mhauciwpévn and 18éec mou mpoépyovton
ané Vision Transformers. Ot Behtitdoeig unopolv va ywelotoly ot:
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o AX\ayéc Macro-eminédou (Macro-level): T¢nhol emnédou tpononolfioeic 6t cuvolxy| dopt| Tou
dixtdou (m.y. stem, patchification, multi-stage oyedioon).

o AM\avéc Muxpo-sminédou (Micro-level): EneuPdoeic péoo o xdde residual f bottleneck block
(m.y. aveotpoupéva bottlenecks, emhoyéc cuvapthoewy evepyomoinong).

AX\ayéc Moaxpo-enminédou

(a) Iepapyix? IToAvo Tadioxh Xxedioon (Hierarchical Multi-Stage Design) To ConvNeXt vio-
Yetel tepopy | Sour| napduota ye Tutind CNNs, adid avadewpel tov aptdud twv block avd otédio ot (3,3,9,3),
povpevo 1 davopr block oe epapyixolc Transformers (n.y. Swin). ‘Etot eEacqarilel xMUuaxoOUeYY) opyttex-
Tovt}, 1 omola GURNNoBAVEL anoTEAESHATIXG TOGO YauUNAboLYVEC 660 xaL LPNAGoUYVES TAnpoPoplES.

(b) Patchified Convolutional Stem Avt{ yia 0 xhoowx6d 7x7 convolution o max pooling (énwe ota
npoo ResNet), to ConvNeXt avtixahotd Tic apyixéc otpwoelc ye pa diepyaoio patchify—ouvyxexpyéva,
éva 4x4 convolution e stride 4, nopduolo ye to patch tokenization twv ViTs. 'Etol nepiopiletar to apyixd
UTOAOYLOTIXG XOTTOG, EVE ToRdAANha dnutoupyoLvTal «patch embeddings» mou Tpo@odotoly Ta endueva GTABLOL
Tou BixtoL.

(c) Meyoarirepor ITupriveg Zuveri&ewyv To ConvNeXt navel va neplopileton oe 3x3 muprives, emihé-
yovtag 7x7 depthwise convolutions. H Sievpupévn auth «meployf avtiindne» (receptive field) poidlel neplo-
o6TEPO UE TNV eVpEla Ywpx xdAun Tou self-attention, enitpénovtog 0To BIXTUO VO EVOWUATOVEL YUEUXTNELO TIXS
o€ UeYOAOTERO TURUATA TNG EMOVIC amd Vwplc.

(d) Teororowioeic Eunvevopéveg ané ResNeXt BaowWldpevo oty Béa twv grouped convolutions
tou ResNeXt, to ConvNeXt nepvd oe depthwise cuvelifelc, 6mou xdlde xoavdh enelepydleton aveldptnro.
O Buaywptopde yweic xon xavahxhc didotaone (depthwise + 1x1 pointwise layers) pewdver to FLOPs xou
evopuovileton Ye Tov «Bloywplopdy xavahodv/yoeou (channel /spatial) twv Transformers.

(e) Aveotpappéva Bottlenecks (Inverted Bottlenecks) Ilopduoia pe 1o MobileNetV2, 1o ConvNeXt
xenowonolel aveotpopuévn dour| bottleneck, 6mou 1 SLACTAUCT TWVY YALAXTNELOTIXWY dlevplveEToL XxoTd 4 Qopég
mplv omd TN ouvENEY.  Auth 7 mpooéyylon Yupiler Tic feed-forward emextdoeic ota ViTs xou cuviotd mo
EXPEACTING TOTUXO UETUCY NUATIOUO.

AXNayég Mixpo-sningdou

(a) Xehon GELU avti ReLU To ConvNeXt avtixatotd tn cuvnhopévn ReLU pe tny o opory GELU
(Gaussian Error Linear Unit), SiobeSouévn ot ViTs. H ooy auty Behtidver ) pory twv gradient (gradi-
ent flow), pedver v mdavdtnto «<vexp@v» (Un EVERYOTONUEVLY) VELPOVWY ol UTopel Vo amodhael xahiTeEn
andxplor oe evaloUntec ueTaBoréc YapaxTNELoTIXGY. 2XT0o Xyfua 1.2.5 anotundvetor quTH 1 oYedlaoTiXY EmL-

Aoy

(b) Awydtepec Evepyomowjoeic xouw Kovovixonowjoeic Evd oe moléc CNN apyrtextovixés
axoloudel Lo cuvdptnom evepyonoinong petd and xdde cuvéllr, oto ConvNeXt ypnowonoleltan cuyvd plo
GELU avd block. Emniéov, Behtiotonoelton 1 ypnon e Kavovixononong xatd naptldee, eved cuyvd mpo-
Twdton ) Kavovikonoinon Katd Xtpdua (Layer Normalization,).

(c) Kawvovixonoinon Katd Stpwua (Layer Normalization) Qg pépoc tne npoonddeioc tpocéyyiong
e poric epyaoty tinou Transformer, oto ConvNeXt avtixadiotaton cuyvd n Batch Normalization pye Layer
Normalization, e@apuélovtac v xavovixonolnor oe eninedo otpwuatoc yéoo oe xdde residual block. H
pédodoc auth otoyelel otn pelwon e evatoinoloc we mpog To wéyedog moptidag, dlatnewdvtog mopdhinio
otadepy| exnaldevon.
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Figure 1.2.5: X0yxpion oyedioaong block avdyeoa oe ResNet, Swin Transformer xou ConvNeXt. Ataxpivovton
o aveotpopuéva bottlenecks xou 1 LayerNorm oto ConvNeXt.

YVyxpion pe IMapadooiaxd CNNs

Yrov Hivaxa 1.1 @aivovtar oL xupldtepes Slopopés PeTaED «xAaoixwvy dixtiwy tOnou ResNet xou tng exouy-
Yeoviopévne npocéyyione tou ConvNeXt.

XapaxtneLtoTtind ITopadoociaxd CNNs ConvNeXt

TUnoc Yuvelilewv Standard Convs Depthwise Separable
Koavovixonoinon BatchNorm LayerNorm
Evepyomnoinon ReLU GELU

Meiwon Awotdoewy  Max Pooling / Strided Conv Patchified Convolution
Residual Blocks Bottleneck Residuals Aveotpayuéva Bottlenecks

Table 1.1: Baowég avtiotolylec petagd tuminddyv CNN xau tng exouyypoviouévne apyttextovixfic ConvNeXt.

1.2.3 Tlapaywywxd Aviaywviotixd Aixtua (ITAA)

H evétnra auvth nopouotdletl piar ohoxhnpwpévn avaoxommon twv IHapoyoydy Aviaywviotixedy Axtiwy
(ITAA), ecudloviag oty eZENER Toug and g Pooée apyttextovinés éwe to StyleGAN2-ADA, to onofo
avTwetwniler Tig TpoxAfoelc EMhewdng dedouévev mou yopaxtnellouvy Tov Yhpeo e tateixic anexévions. Emn-
TAéoV, xohUTTETOL 1) évvola e avaotpoens ITAA (GAN inversion), pua xplown Stobixacia yio Tny eVowudtenon
TEUYHATIXWY EXOVKY GTOV AvUEVOVTOL YWEO, ETUTEENOVING TEONYUEVES EQUQUOYES OTWS 1) TOQUYWYT VTLTA:-
POBELYHATIXDY EXOVWY Xl T oNacloloyxn encéepyaoio.

Emioxénnon tov Ioapaywyixdyv AviayovioTixov Auxtiny

To ITAA npotddnxay and toue Goodfellow et al. [32].Xe éva ITapaywyixd AviaywvioTtixé Aixtuo
(GAN) euniéxovrton 800 veupwvixd dixtuo—éra mapaywyikd (generator) xon éva Saywpiotikd (discrimina-
tor)—mou exnoudebovton pe avtoywwotnd tpéno. O generator G cuvdéter urodhpio Seiypota Tou potdlouy
pEAMOTIXG, EVO O discriminator D mpoonodel vo dlaxplver €dv évar delypo elvan mpaypotixd 1 napayOuEvo.
Moardnuatind, 1 exnoldeuor BlaTUTGVETOL K¢ £val Min-max game:
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minmax V(D, @) = Eyrpyyy (@) [10g D(@)] + Eonp. (o) [log (1 = D(G(2)))]- (1.2.1)

Turxr Apyitextovixd (Vanilla). Xto Baoixd cevipio, o generator déyeton we eioodo évav tuyaio
hovddvov xidixa z (cuvidwe amd xovovin xotovous) xan topdyel cuvdetixd dedopéva G(z). O discriminator
exTd Ty mdavotnta éva delyua vo elvon mparypoatind. To EyAuo 1.2.6 Selyvel autr) tn deyehddn oyedioo.

High
Dimensional
Sample
Space

Real

Real
Images
Generated
Fake Images

Discriminative
Network

D

Low
Dimensional
Latent
Space

Generative
Network

G

Fake

Figure 1.2.6: Baown apyttextovixr evég Vanilla GAN, pe nopaywynd dixtuo G xa daywplotnd D.

IMapgorhoyés ITAA (GAN Variants)
Ané ) oOANdY toug péypl ofuepa, ToAéC Tapalhayes Twy ITAA €youv npotadel yio TNV avTiueTONLON

e aotddelag exnaldeuone, Tou mode collapse xaL TNG TEQLOPLOUEVNE TOLAAAC SELYUATWV:

e DCGAN: Eiwofyaye cuvehxtixég otpwoelc 1660 oto G 660 xou oto D, Bertihvovtag Ty moldtnTa
exovov [93].

e WGAN: Avuxatéotnoe v anoxhion Jensen—Shannon ye tnyv andotoorn Wasserstein, otadeponoiyviog
v exnaideuon xaw pewdvovtag to mode collapse [3].

e CycleGAN: Ilpaypatonoinoe aleuydpwtn UeTdppaon emxévac-tpoc-exdva (unpaired image-to-image
translation) péow emBolic cycle consistency [143].

e PGGAN: Enétpele mapoywyh exoveov vdmidtepng ovdivong mpoodétoviag otadlaxd to enimedo
avdhuome xatd Ty exnaldevor), Pedtidvoviac T otodepdtnTa xou Tic Aemtopépetes [51].

e StyleGAN / StyleGAN2 / StyleGAN2-ADA: Ectluce ot style-based oOvieon yio mo Aentopepn
Eheyyo xou xahltepo amodlaywpelopd (disentanglement) tou havddvoviog yodpov. To StyleGAN2-ADA
npbodeoe adaptive data augmentation Gote vo unootneilet wixpdtepa oOvora dedouévev [52, 53).
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Figure 1.2.7: Topdderypa apyrtextovinic DCGAN and [140].
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Egopuoyvéc TTAA. To ITAA afionololvion eUpéws oty watpxt] omewdvion (m.y. enadinon dedouévov,
aviyveuon ovwpolidy), oty Gpaon utoloyloth (t.y. super-resolution, domain adaptation) xo oe mAfdog
GAWV TEPITTOCEWY 610U YpeldlovTal cuVIETIXE Xot TAUTOY POV PEOMOTIXG dedoUévaL.

StyleGAN xou StyleGAN2: MeOodoAoyia Baciopévr oto “Style”

To StyleGAN [49] elofyorye évav mopaywnyixd Tupriva tou enclepydleton €vay evildueco havddvoy xoddxa w
xou e@appoler adaptive instance normalization (AdaIN) yio Tov ey )0 OTTIXGOY Yvwplopdtwy. Autd enétpede:

o KolUtepo anoduuywploud tpotonoioewy (m.y. aveldptnrtoc éheyyoc molog xou vephc),
o Aclyyata vPnirc Toldntog o TEEOTOPAVELS AVIADCELS,

o Style mizing, Hhote va awEndel n mowtia Twv napayouevwy e£63wV.

BeAtiwoeig oto StyleGAN2. Ilogdti 1o StyleGAN Beltinoe tov €éheyyo Tou 6TUA, eu@dvile TeyVoLpYTH-
poto(artifacts) xou cOunhedn un oxetixdv yapoxtnolouxmy. To StyleGAN2 avtpetdmos to {nthgota autd

ME:

e Weight modulation/demodulation: Avtixatéotnoe tic pntéc otpioeic AdalN, neplopilovtog
EMAVOUAAUBAVOUEVIL TEYVOURY AT,

o Exnaidcvorn o otadepr avdhvon: Agaipece to progressive growing yia Wio anioVotepn ohhd
amoteheopatixny dladixacio exudinong.

e Skip & residual cuvdéoeig: Acuxdiuve tn por| twv gradients xa otadeponoinoe v exnaldevon.

e Path length regularization: Ilpoétpede cuveny| cuuneplpopd otic napeuforéc havidvovtog xdoixa,
HELOVOVTAC ANOTOUES PETAPBAOELS.

IMewdyato mov cuvéxpwoy StyleGAN xou StyleGAN2 oe olvolo énwe to FFHQ A LSUN cats/horses
emPBefaivoay pewwpévn Fréchet Inception Distance (FID) xou youniétepo Perceptual Path Length (PPL),
LTOdNAGVOVTAS LYNAGTERT TUOTOTNTA XU TILO OPOES TEOTOTOWOELS aToV AavidvovTa Ympo.

StyleGAN2-ADA: ITgocopgpoctixy Evicyvorn Acdouévwyv otov Discriminator

To StyleGAN2 amoutel peydha odvola dedopévwv yia otadepn anddoor. Qotdoo, oe noAholc Topeic—idlng
oty wTpikn aneikérion—ro dedopéva elvon nepopopéva.  To StyleGAN2-ADA [53] unepvixd owtd to
HELOVEXTNUA ELGEYOVTOS €Val TPooappooTiké oxfipa enavénons (adaptive augmentation) nou:

o Epopudler «un Suppelolpecy enauioelc (TEPLOTPOYES, AVIOTPOPES, OANOLDOELS XPWUATOS) UOVYO OTNY
eloodo tou discriminator,

e Puduilel Suvouxd tny évtaon tev enauoewy avdloya pe To eninedo unepTpocapUoY e Tou D,

o Autnpel v xotavoun tou yadaivel o generator, ywplg vo «pordvetany amd TiC enauéroELc.

Ogeéhrn otny Iateixr Aneixdvion,.

1. ITotoTixh cOvOeomn we Alya dedowévar IlodTo yio e€eldixeuuéves Lotpinéc eployés He Alyeg
EXUTOVTAOES SElyPATOANTTIXG DEBOUEVAL.

2. Anpiovpyiol AVTITAEASELY UATIX®Y EXOVWV: ‘Evag eneepydoipog haviddvey ydeoc wgelel ot

OnuLovEYiol AVTITORABELYHATIXGY EMOVWY TOU UTOREL VoL BLELXOAUVOLY TNV BLAYVWoT 1 Tov oYEdLIoUO
Yepoamelog.

3. Alauolpaodg SedopeEvey pe Stacpdiion WiwTixotntac: Popelc unopodv va polpdlovtal
PEAALOTIXEC CUVIETINEG ELXOVEC UE ENAYLOTO X(VBUVO OmOXEALYNG TEAYHATIXGDY TANEOPOELOY aGVEVHV.
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Figure 1.2.8: Metagopd udidnone oto StyleGAN2-ADA: clOyxpion oOyxhiong evog Tpoextondeuuévou
povtéhou (m.y. FFHQ) xou npocappoyic oe ddn neptoy) (CELEBA-HQ).

Avaoctpopr TTAA (GAN Inversion): 30Ovdeom Ipaypotixodv Ewxdéveov pe Aaviddvovieg
Koduxec

IToléc ovvietes epapuoyéc anoutody avacteoph ITAA (GAN inversion)—3nh. v ebpeon havidvovtog
OO 2* HoTE N moparydpevn exdva G(2*) va avomopdyet moTd puo mpary ot exdva . H emtuyfic avaotpopn
olvel duvatoTTa YiaL:

e Ynuoactoroyixy enedepyacio (semantic editing): AveZdptnToc €AeYY0C CUYXEXPULEVKV YOPUX-
TNELOTIXWY OF TRAYUAUTIXES ELXOVEC,

o ITapaywy” aviinopadetyratixdy: Eidyiotec otoyeupévec ahlay€C Tou amoXaAUTTOVY TS UXpES
TpomoTOWoELS EMNEedlouy TNV Taglvéunao,

e Avdivom Aavidvovrtog yweou: Katavénon tuydv peporndudv tou yoviéhou.

Meé9odolL Avactpopnhc. XuvAdelg npooeyyloelc:

1. Baoiopéveg oe PBeltioTonoinoy (optimization-based): Enavohnnuxd eloyiotonoinoyn tng
L(G(z),x) v¢ Tpoc z, EMTLYYAVOVTAC UPNAY TLoTOTNTA, dhAE TLo apYH SUYXALON.

2. Me yphon anoxwdixornointy (encoder-based): Exnaudeleton évac encoder E mou avtiotouyile
Gueoa g exoves oe havidvovta xdduxa, eZacparilovtog Yehyopn tedBredn), duwe ouyvé AydTepo axplBh.

3. YRBewdixee DItpatnyixes:  Apywononon oamd évav encoder xou OTY) GUVEYELL AETTOUERT
Behtiotonoinom, emtuyydvoviag looppomio TayOTNTaG-oxXpiBELg.

Boowéc npoxifioeis mopopévouy 1 diatripnon tavtétntas, n xdAudm Setypdtwy ektds katavouris xa v Siatipnon
eneepyacudtntas (editability) touv Aavddvovtoc xmdixa.
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Sampling &
Latent space Generation

x=G(z), z-N(0, 1)

Fake Image

Real Image

(a) invert real image into latent space

z*= arg min (G(z), X)
z

(b) manipulate the inverted image in
the latent space

x =G(z*n;)

Reconstruction& Manipulation

Decrease age Add smile

Figure 1.2.9: EvBewtu| anewxévion e avaotpopric ITIAA: avtiotolylon npaypotixic exovoe & o€
hovidvovTo x@dxa 2.

1.2.4 Avzaywvictixr Exnoaldevorn xouw Evpwotio

H evétnra auth avadeviel po xploddtatn meoxAnor ot Podid uddnon: v eundielo TV VEUROVIXOY dix-
TOWV 08 AVTAY WV TIXd Tapadeiyota, dnhadn eiloddouc Tou €xouy unoctel eENdyIoTeG AANS «XoUNOTYE-
OlopEVESy DlaTopay€g, UE OXOTO Vo EeYEAAGOUV POVTEAR TOU UTO xovovixég cuvirxeg eugaviCouv udnin
axp{Bea. Tétoec abuvapiec eyelpouv coPapoic npoPAnuatiopolc oe nedia UPNAAC aopaieloc, dnwe 1 AUTO-
potn 08HyNon oyNUdTwv,n vyelovouxy Tepldoldm xou 1 xuBepVodcPIAELd, XAIOTOVTAC TNV AVTAY WVLO TLXY
aviexTixoTNTA Jeuehiddn tpotepadtnta €peuvos. Axohoulel Uiot TO AETTOUERHC ETMOXOTNOY TWV BAGIXMY
EVVOLOY, TV XUPLOTEPWY OTRUTNYIXOV GUUVOC XUl TWV OVOLYTOV TEOXAACEWY YOP® amd TNV oVTAYWVIO TIXT
gvpwo TiaL.

Aviaywviotixd IHapadeiyuata xow Enidcoelg

"Evol avtaywviotixd mopddelyo TpoxUTTEL UEow TpooUixne (og wxplc, ouyva adpatne dlatapayfc § o éva
€yxupo delypa z, napdyovtag o’ = x4 0. Ilapdtt oL ontinée ahhoryée elvan oyeddy adpates, T0 VELPWVIXG BixTuOo
tadivoyel Aaviaouéva tny eloodo x’. Tumxd, or aviaywviotinée emdécelc oToyebouy oTn peylotonolnon Tou
opdApaTog Tagvounong:

max L(f(x+06),y) ue v npobnddeon [|8], < e (1.2.2)

6mou to ¢ oproveteiton omd Ty PeTaBANT € (oupwva e xdmowa vopua £y, ). AVEROYO UE TN YVHOOT) TOU OYEDIOTY
e entdeone yia To povtého, ol eMPECELC XATNYOPLOTOLOUYTAL WC:

e White-box emvOeoeig: O smtdéuevog €xel mAfen mpdcfacn oty apyttextovixy) xou ota Bden Tou
povtéhou, emtpénovtog petddous énwe Fast Gradient Sign Method (FGSM) [33] ¥ Projected Gradient
Descent (PGD) [73].

e Black-box smidéoeic: O emtdéuevoc ddéter pdvo duvatdtnta xhfone (queries) oto poviého,
TpATNEOVTOC T Tehxée mhavotntee B Tic eTxéteg e€6dou tou. Me aflomolnon uedddwv petddoorng
(transfer-based) ¥ pedédwv Bdoel epwtnudtwy (query-based) [89], xataoxeudler avToyWVIOTIXES €GO
douc.
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Figure 1.2.10: Anmovpyiot ovtorywvioTxdy Topadelypdtwy Ye ehdytoto opatée datapoyée, and [33].

AvtaywvioTix AviexTixotrnta

H avraywviotixh avOextixdétnta (adversarial robustness) nepiypdger Ty ixavédtnto evog Hoviéhou va
dronpel LYY enidoon xdtw and avtaywviotixés datapayée. H épeuva nephopfBdver téoo Yewpntind dpta (..
Y0l GUYXEXPWIEVES VOPUES 1) GPYITEXTOVIXES) 600 xan eumelpixée uedddoug (T.y. aviaywwiotixf exnaidevon). H
a&lohéynomn ouvridne agopd T wétenon e oxplfBelac Tou HovTENOU i pla oelpd Ty €. ‘Evac aviextixde
todivountic datneel LYMAY axpiBelo axdun xaL e OYETIXA PEYSNES TWEC €.

AvTaywviotixy Exraidevon

Meto€l 10V o YVWO TOV GTRATAYIXDY GUUVISC CUYXATUAEYETOL 1 AV TAY WVLC TLXY EXTAUSEV Y], OTOUL ToEd-
YOVTOL oVTOY WVLO TG Topadelypato xan tpootidevial 6To 6UVORO eXTABEVOTC, OUCLUC TIXE KEXTAUOEVOVTOUCH TO
povTtélo vo ta avtiwetonilel. Ytoyedoupe va emAUGOLYE:

i L(f(z+6:0),y). 1.2.3
min max £(f(z +8;0),y) (1.2.3)

ue 0 Tic TopopéTeoug ToL HovTEROU. e xdde Briwa, SNULOVEYOUVTOL VTOY WVLC TIXE TUEADELYUOTA Kol EVIUERCVOV-
Ton T Bdpn. Haparhayée tng uedddou elvou:

e FGSM-based training: Egappoy? evéc Briuatoc gradient yio tn dnurovpyia Swatoapaydv [33].

e PGD-based training: Awdixaocia todAhodv Prudtov (Projected Gradient Descent) yu mo LoyUpéc
emdéoelc, ypnowonoleitan cuyvd oty extaideuot pe xeRomn e Loo- VOpac[73].

o Exnaidcvon pe avaPoaduilopevn avotnedtnta (curriculum): Sexivd pe wixpd € xou to audvel
oTadLoxd, HOTE TO HOVTEAO Vo TPOCPUOLETAL OUONGTEROL.

"ANhec Stpatnyixég ‘Apvvog
ITépa amd v avtaywviotxy exnaideuot, €youy mpotaldel didpopeg axduo duuves:

¢ Defensive distillation: Exnoideuon deutepetovtog poviéhouv méve oe «e&opaluvpévecy (softened) e€6-
doug Tou apyxol duxtbou, e oTdyo TNV andxpudn Twv tpayuatxoy gradients [88].

e Metaoynpatiopol etc6dou: Metpdlouy Tic avtoywviotiés dlatopayés epappolovtag hettovpyleg
omwe ouunieon JPEG 1 uyelwon Bddouc bit [38].

o ITpooeyyioeig TuyaudTnTac: Ilpootétouv Tuyadtnta eite oo Bedouéva elGOBOL ElTe GTA GTEWUATA
Tou dixthou, duoxokelovtac Tov emTidéuevo va utohoyioel otadepy| xatebuvor gradients.

o Certified defenses: Ilapéyouv eyyuvhoelc avlexTuxdTNTOC UTO CUYXEXPUIEVES VOPUES, T.Y. HECWL Tran-
domized smoothing [17].
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Adversarial Examples

l

- Regularization and Distillation Reject Redesigned
Preprocessing - . . . .
adversarial training method option classifier
y I 1
Filter the image || Regularization Adversarial Distillation Some example Designed a
with a filter method training is reduces the systems cascade
improves the robust to gradient value observed can classifier
robustness of adversarial || that produces a choose not to
the classifier examples adversarial classify
example

Figure 1.2.11: Katnyoplonoinon Snuopihodv Yedodwy Guuvae EVavTl ovTaywVIoTIXGY TopudELYdTwY,
Bootopévn oto [15].

1.2.5 Epunvevowun Teyvnty Nonpoolvrn xow Aviinopadeiypatixés EEny7-
oELg

H evétnta aut diepeuvd to depéha tne Eppnvetoiung Texvnthic Nonpootvng (XAT) xou v ohoéva
oUEAVOUEVT, ONUasio TWY AV TIToEABEVY LATIX®V eENyHoewy (counterfactual explanations), edixd
oe medla udnhol ploxou dnwe N T amewdvion. H avdhuon Eexwvd opilovtog Tic €VVoleg NG EpUNVEUCLUOTH
TOG XL TNG EMEENYNUATIXOTNTAG OTY) UNyavixy] Wddnom xou oTr cuvEYELa BElYVOUPE TS OL OVTLTUPUOELYUATIXES
npooeyyioe unepPalvouy Tic mapoadoctaxés Texvixés (T.y. YdpTeC onpovTixéTNnTog), mapéyovtag cagelc, Bi-
aoUnTixéc unodelelc oyeTixd pe To TS mpénel vo tpomonondel wia elcodog yia va aAAEEEL 1) andpaoy) evog
HOVTENOL.

Kivntea yia Epunvetoipn Teyxyvnth Nonuooivy

Ta cOyypova Podid vevpwvixd dixTuo AELTOUEYOUY GUY VA GOV «UOUEA XOUTIA», ULOVIEAOTOLWVTAS Tep(mAoxa
TpdTUTIAL OV dev elvon edxoAa xatavontd and tov dvipwro [94, 98]. Qotdoo, ot wtpéc epappoYEc elvor
amoEofTNTO TAL ATOTEAEGUOTA EVOC LOVTEAOU Vo elval aLOTLOTA Xou EQUNVEVCLUA Yidl TOUG XAvixoUg tatpolg. IV
aUTOV TOV AOYO, 1) €pELVAL EXEL ECTIACEL OE OTEATNYIXEC TOL amoxahOTTOUY T1 dadixacia AMdng aropdoewy Tou
povtéhou, cuvbudlovtac tnv axpifeia tedBredne ye Tt Sapdvela.

Epunvevowpotnta evavtt Enednynuatixotntoag. [evixd, n eppnvevoiphdtnta xa | eENeEnyn-
RATLXOTNTA APOEOVY TO TOCO eUXONA UTopel XEMOlOC AVIPMTOE VoL XUTAVONCEL TOV AOYO Yiot TOV ontolo éva
HOVTENO XatéAne oe pio ouyxexpévn é€odo [64]. IlephouBdvouv t6c0 «ex twv uotépwvy (post-hoc) pedd-
doug (T.y. YGETEC ONUOVTIXGTATOC) TOL ATIONOYOUY TG OMOPACELS UETE TNV exTtaidevon Tou povtéhou, 660 xat
«eyyevae epunvelotuay (intrinsically interpretable) povtélo (m.y. 8évtpo andgoons) twv omolwy 1 dopt eivou
ex QOoEWS dapaviic.

Yvuvndiopeéveg Teyxyvixég otn XAl

Ly bpoon unohoyloTay, Texvixés 6nwe n Grad-CAM xa ol xdeteg onpavtixdtntog (saliency maps)
YENOWOTOLOUVTAL EUREWS YLOL TOV EVIOTULOUO TEPLOYWY WS EdVoE Tou ennpedlouv tnyv é€odo tou Bixtiou. Ou
LIME [94] xou SHAP [69] napéyouv tomuxéc npoceyyIoels Tne SUUTERLPOEES Tou poviehou. TTopdtl duwne autéc oL
uédodol avadeviouv Ta xplola EiXovooTolyeld, 0€r TEOTEIVOUY TEOTIO AAAXY NG TNE ELGODOU YLl SLOPORETIXT
an6@act). Autd 10 XeVO XUAUTTOLY Ol AVTITAEABELY UATIXES EENYHOELC.
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Figure 1.2.12: Egoppoyf Grad-CAM ot dioryvewotind emxéva, ond [102].

AvTinapadeiypatixes EEnyroeig

Ot avtintopadetypatixég eényfoeic otoyebouy oto epwtnua: «Ilowa eAdyiotn addayr) otnv eloodo Ja dA-
Aale v amdpaon tou povtédou;» [122]. Avtl vo emonuaivouy amhéde ONUOVTIXES TEPLOYES, OTWS Ol YIPTES
ONUAVTIXOTNTAG, OL AVTITORUDELYUATIXES TPooeYYIoEIC TEOTEVOUY €vaAAakTIKES €kBOX €S TNG ELCOBOU TOU oV TL-
otpépouy TNy €£000.0 tpdmog Aettovpylag Toug Tonpldlel Ye TNV ovip®dmivy Aoy —oy Wial dixer] HETABOAY
oMN&letl ) Sudyvewon and Vet oe opyNTIXY, TOTE QUTO AMOXOAUTITEL Tol XOJOPLOTIXE YAPAXTNELO TIXG. Yiot TNV
TedBAed.

Boaowd Kewtrpra otnyv Iateixh Anewxdvion

TN voo Yeopndel o aviimopaderypotnd e€Xynon xhvixd ouctaotied, [122, 98|, npérel va diéneton and To
TUEAXATE Y AUPAXTNELO TLXAL:

o Evyxupdtnta (Validity): No mpoxohel cop| odhayh eTixétog (1) and XopXVIX6 OF W) XOPXIVIXO).
o Peatiopoc (Realism): No poudlel pe ahndopavy], ovatopxde oUVETY eixdva.

o Epuxtotnta (Actionability): No avtiotouyel oe peahiotinéc watpinéc encpuPdoeic (m.y. mwxpy peiwon
peyédoug plag odholwong avtl yia e€apdvion evég ohdxhnpou opyYdvou).

o Apoudtnta (Sparsity): No dwtnpel Tic odhayéc oto eNdyLoto, UTOYPOUMTOVTAC oL YUPUXTNELOTIXS
€y 0LV TEAYUATIX onuosia.

o Avtiatotnta (Causality): No tponomotel yopaxtnplotxd dueca oyetd pe v nodoloyia, dote 7
odhoryy) TedBAedne va elvon tatpixd EpUNVEUGLUY XaL O)L VoL TROEPYETAL At TUYOIES GUCYETIOELS.

Originl Image

Figure 1.2.13: ITopddelyyo «uyLo0C» aVTITUPAOELYUUTIXAC oxTivoypaplog Ydpoxa, Ue TOV avTioTolyo YdeTn
BLopopWV.

I'ati ov AvTtitapadetypatixeg EEnyAoeig sivan AtawcOntixeég

Ot dvipwmol cuyvd oxéptovton pe ocevdpla «what ify. Xtov wtpixd ¥Addo, tétolol unodetixol culloyloyol
Bondolv oty emPefaivon 1 appolnon wac didyvwong: «Av autdg o dyxog ftay oto wod péyedog, Go Tov
Yewpoloe To HOVTELO UN xopxivixd;» Mo T€Tolol GUAAOYLOTIXY EVLOYUEL TNV ETUXOLVWVIOL AVAUESH GTO EpYAAElol
TN xou Toug xhivixolg eldixole, audvovtac Ty eUToToclvy O XEHoT| TOUG.
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ITeoxA¥oeic YioVétnong

IMopd v aio toug, ol avtinapadetypatixés eEnynoelc elvon dloxohec oty vhomolnon yio dedouéva LoTELXc
anedviong yia Toug e€AC Adyoug:

o Ocpata IStwTixdTtnTac: H dnuovpyio B enelepyacio dedouévwy aclevidv npénel Vo CULLORQHVETOL
pe awotnpole xavoviopole (t.y. HIPAA, GDPR).

o Pealioctixn Encgepyacia: O eneufdoeic udpninig avdhuong, mou Slotneoly TNy avatopxy) GUVETEL,
AMOLTOUV TTPONYUEVO TAUPAYWYLXA HOVTERA Xol UEYHAT UTOAOYLOTIXT Loy D.

o KAwixr Emxtpwon: O eldixol ogelhouv va emPBefonmdoouy &t ot adlayég avtanoxplvoviol oe mpay-
HOTES BUVATOTNTES Xou eV dnuitovpyolv Teyxvntd artifacts mou Yo pnopoloav va mapaniavhcouv
dLdyveon 1) Tov oyedlooud VYepomeiog.

1.3 MeYodoloyix

1.3.1 Ewaywyn octo ntiaicto SPRUCE

e authv v evotnta, ewdyoupe o SPRUCE (Sparse Realistic Uncoupled Counterfactual Explanations),
éval TAAOLO YloL TNV TEAYOYT] PEXAOTIXWY Xol ENAYLOTO TPOTMOMONUEVWY AVTLTALABELY LATIXDY €&-
Nyfoewv (counterfactual explanations) oto topéa tne wtpric anexdvione. To SPRUCE otnpileton otic
1Béec Tou PIECE, wioc petédou nou evtonilet «anoxhivovta yopoxtneiotixdy (exceptional features) oto teheu-
tafo eninedo avanopdotaons evéc Nevpwvixod AwxtOou mpotod yiver 1 telwr| tadvounor. Ioapoxdte
TopouctdleTtal Lot Aemtopepnc ouvodn Twy xevipixdy Wewy tou PIECE xot tou tpénou pe tov omolo to SPRUCE
Tig emextelvel.

Yuvontixn ITagovoioocr tou PIECE

To PIECE apyxd Soxwdotnxe oe olvola dedopévmv 6mwe to MNIST [21] o to CIFAR-10, emeixviovtag
™V avdTNTd Tou v tapdiyetl ahndopavelc avtinapaderyuatinég e€nynoelc. Baow) apyy| Tou elvan o evtomioude
mbavds ondvioy (SNadh «amoxAVOVTOVS ) YUEUXTNELOTIXDY GE ULt SOGUEVT EXOVAL, Xol 1) AVTIXUTACTIOY TOUG
WE avapeviperes Téc, 6Twe autéc eppavilovion oty aviimopaderypatixy xhdor ¢

Avo YTroocuvothpata. To PIECE npolnodétel:

o Evov ta&ivounth ewxovev (m.x. éva Juvelhxtixd Nevpwvixd Aixtuo), nou eZdyel Tic n-
YovotnTee SAwV TV XAdoEWY.

¢ Eva povtého ITAA (GAN) 1o onoio avoxotaoxeudlet 1 cuviétel exdveg omd havddvovtes xOBIxeS,
ETUTPETOVTAC TNV OTTIXOTOMON TwV cdAay®V ot eninedo ewxovootolyeiny (pixel) yia tTnv Topaywy”h ov-
TUAPOBELY OTLXDY eENYRoEWY.

Kou o 800 govtéra punopolv vo extoudeutolv avedptnrta, apxel to cOvolo exnaldeuorc toug va polpdlovTon
NV (Bl xorTavour).

. e p(x,) is high

Test Image
Label: 8
Prediction: 3 28
: Feature

P()m ) is low
| |

l- xceptional
C S

Figure 1.3.1: H npocéyyion tou PIECE yio Tov €VTOTOUS AMOXAVOVIOVY YU TNELOTIXDY OE UL
exoéva(query image).

37



Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Boaowxoc SuvpPoiicpoc

Oewpolpe éva CNN pe 800 xlptar TuApoTos

o C: 'Olo o emineda Tou BixtdoL Y€yl TO TEoTEREUTALO ENIMESO YOPUXTNELOTIXGY, TOU EERYEL TO BLAVUCAOL
X APAKTNPLOTIXDV T.

e S: To tehevtaio eninedo softmaz, To onolo ta€ivouel To T oe wa xotavour mdavotitey Y.

‘Etot, yio o exéva e.o6douv I, 1 avanapdotaocn oto npotehevtaio eninedo elvon x = C(I) xou 1 €€odoc elvou
Y = S(C(I)). Topdrhnha, évac exnoudevpévoc generator G (and éva Iopaywyixd AviaywvicTixd
AixTvo) avtiotoryilel évav Aavidvovta xddxo z ot pa exove I = G(z).

Boaowd BApata touv Ahyopiduouv PIECE.

1. Avaocteop?h ITAA (GAN inversion) xouw Emihoy? Avtinapadertypatixic Kihdone: To
PIECE mnpota avaotpéper v ewodva I otov Aaviddvovta yweo tou GAN. Emniéov, mpoodiopilel tny
avunapoderypatixf xhdomn ¢ — ouyvd Ty mparypatix eTxéto edv 0 TavounThc o@dhel i xdmola GAAT
«HOVTIVI» xAGom €8V 1) apy i) TedBAedn eivan cwot).

2. Evtomiopog AToxAvovieny XapaxtneltoTixoyv: XenolonoidvTog EXTIUNCES TWV XOTAVOUMY
evepyomolnong v Tnv xhdom ¢, to PIECE evtonilel yopaxtnpiotixd tou & mou amoxhivouv onpovtixd
(xdtedy amd va xaTOEM @) ond TRV «TUTAy xotavopr.  Moévo autd Yewpolvion «amoxhivoviay xou
UTOXELVTOL OE OANLYT).

3. AMayf Tov AToxAvovieoy XapaxtneloTixwy otic Avauevoueveg Tipég: O alyodpl-
Vo Tpomomnolel TIC «TOPETOUEESY TWES YopaxTNEOTIXOY (.. unepBohixd uPnAéc ¥ younhéc) Mote va
TANOLouY TIC «QUOLOhOYWESY TES Yior TV xAdon ¢ .Anhadn, n pédodoc yetodhel Ty Tun exciveov
TOV ATOXAVOVIWY YUEUXTNELO TIXWY ToU EMNEEALOLY dEVTIXE TNV TAEVOUNOY TNG AEYIXNE EXOVOC OTNY
avunapoaderypatixy xhdor ¢

4. Ontixonoinon otov Xwpo twv Eixovootouyeiwv: Téhog, to Tpomonoimnuévo didvuouo yopax-
mploxey &’ anexoviletaw AL oe ewéva I, yéow wag axdua avaoteogric ITAA. Autd mapdyer yiot
«ENSYLOTOL TPOTOTOLNUEVNY EXOVOL UE OUCLWBELS OANXYES YIoL TNV XAAOT-0THYO.

To IThaicvo SPRUCE

To SPRUCE aflonotel v 8éa tou evtomopol amokAvortwy yapaxtnpiotikdy and to PIECE, odAd tnv
TPOCUPUOLEL OTIC OMOUTACELS TNG LTEWAS ATEXOVIONG, divovTag éugaon otnv apaidtnta (sparsity) xou otov
peatioud tou tehxol anoteréopatos. To Eynua 1.3.2 delyvel To Sidypopuo ponc Tou mAouciou, ywelouévo o
tela Paowxd TuquoTo.
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Figure 1.3.2: Ohoxhnpwpévo didypoapua rettovpyiog tou SPRUCE: and tn poviehonolnor yoeaxtnelotixy,
otnv avaoteor ITAA, uéyet ™ Behtiotonolnon otov Aavidvovta Yweo.

Bripa 1: EEayoyh Tov AToxAvovToy XopdxTneloTixmy

[ o owotd teévounuévn exova I, 1o mhaioto dNULoVpYE! TO KOUVTLTUPUDELYUOTIXGY BIAVUCUA YUOUXTNELOTLXY
OTOV YOPO YUPUXTNELGTIXDY TOU TUELVOUNTH.

Brupa 2: Avactpopn ITAA

XN ouvéyela, 1 apyxr] ewdva teofdiheton otov havddvovia yweo evoc StyleGAN2-ADA péow evég
uBEBX0Y Mhatolou avaotpoghc. ‘Etol amoxtdye wo eneepydoiun Aavddvouca avomopdotacT mouv oty 8o-
el oav eloodo otov fine-tuned generator tou ITAA avaxotaoxevdlel motd TNV apyLxn exéva.

BAua 3: Behtiotonoinomn otov Aavidvovta Xoeo

Téhog, yenowpwonoieiton yio e€eldixevuévn cuvdptnon Beitiotonoinone (optimization objective) mou emBdihe
TOV PEAALOUO X0 TNV apondTNnTa oty Tehxr ene&nynuatixy| exxoéva. H Bedtiotonoinon tou havidvovtog x@dixa
odnyel oe pa eévo-avtinapdderypo (1) mou:

o Auwgépet and v I xuplwg ota xpiowa onueia tou xadopllouy TNy andpact tou TagivounTy,
’ 7 ’ 7 ’ /
o Auatnpel UPNAY TOTOHTNTA XU GUVETELX UE TNV XAdom ¢,

o Aev ahhowdvel aypelaoto tic un nadoloyixéc dopéc.

1.3.2 EZaywyr AmoxAlvoviwy XopdxTneloTix®y

T vo egappdoovue Ty Weéa tou exceptional feature extraction and to PIECE [54] og olyypovo povtéha
ConvNeXt axoloudobue ta mopoxdte BruorTas:

1. Movtehonoinon twv Aavdavoviwy yopaxtnetctixody (Fitting the Latent Features’ activa-
tions) ovd xAdom,

2. Evtomiopds anoxAvoviey yapoxtneiotixdy (identifying exceptional features) tne apywhc
exovoe I we mpoc o avtimoapodetypotiny) xAdon ¢,
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3. Teomonoinon woévo Twv xplowpwwyv outliers mouv avouéveton vo avotpédouy Ty andpacn Tou
povtéhou.

YuupBoiiouog

Ac unodéoouue 6T F elvan évac exnaudeupévoc xar «moywpévocy (frozen) tolivounthc tomouv ConvNeXt, o
omolog déyeton pa exdva I xou emotpépet éva Sdvuopa mdavotitwv Y = F(I). TuyPoAilouye:

o (C: To dixtuo uéypet To mpoteheutaio eninedo,

e S: To tehxd mhfpwe cuvdedepévo otpiya (Fully Connected Layer) xou To softmax,

o £ =C(I): To haviddvov Sidvuoua YopaxTNELGTIXGDY,

o Y = S(z): H mdavétnra v xdde whdom, pe ¢ = argmax(Y') v npoPrepdeion xhdom.

Egbcov pio pehhovtixy avtimopadelypotint] exovo 17 alhdlel v npdPhedn and ¢ oe ¢, poc evdiogpéper va
EVTOTICOUUE TIOLAL YOpUXTNEIOTIXG T TapexxAivouy amé ta Tuxd mpdtuna Tne xAdong ¢

Movzelonoinon tov Tiwov Evepyonoinong Aavioavovtwy XapaxtneloTixmy

I va eplypddouye otatiotind xdide yopaxtneloTind x; Tou Aav3dvovtog Yweou Tou TaEVoUNTY, CUYXEVTRW-
VoupEe 10 cUVOAO dedopévmy exnaldevone D xo opllovpe:

Le={xz|z=C(), S(x)=c, I € D}

yioe xdde xhdon c¢. Trolétoupe 6Tl xdde yapoxtneloTind x; axoroudel Eeywploth xatavour Xe;. Koadog to
ConvNeXt yenowonowei ocuvdptnon GELU (emtpénovtac opvnuixéc Twéc), Sev UMOPOUUE Vol EQUPUOCOUUE
arevdeiog To hurdle model tou apyxod PIECE (rou Aettoupyoloe pe ReLU). Suvenac:

o MoVTeAomOLO0UE TNV XATUVOUT TWV TYLOY EVERYOTOINGNE TOL XAdE VEUROVA-YAEAXTNELGTIXOU UE TNV YoM
twv Gaussian Mixture Models (GMMs).Xto nelpdpota pog yenowonojoope 5 Ixaovolavéc cuvictdoeg
YO TNV LOVTEAOTOIMNGT OAWY TWV YURUXTNELOTIXDV.

o Kéde GMM opileton and Bpn Tk, uéon Ty py %o dLaxudvoelc os.

o H Bduactio yiveton plo gopd avd xAdoY), ATOTUTMVOVTIS TNV KTUTLXY» XAUTAVOUY] EVEQYOTOIOEWY TGV
YOLOXTNELOTIXV.

‘Etot, vt Ty xA&om ¢ xou TO YopaxTnetoTixd ¢ Loy el

K
p(xz) = ZWkN(fz | M, 0'13)

k=1

Evtonilovtag Tt Atoxiivovta Xapaxtrnelotixd

Tt weor ewxedvor I oxon piar avtimopaderypotixy xhdon ¢, e€etdloupe xdde yopaxtneiotxd z; oto x = C(I):

K
Flz) =Y m @(—%;k“k),
k=1

6mou D(+) elvon n ouvdptnon xatavoprc tne xavovixhc N (0,1). T tov eviomopd twv outliers (uhnicv A
YOUNAGOV), optlouye:
P(z;) = min(F(z;), 1 — F(z;)).

Ed&v P(z;) <t (uxpdtepo and éva xatdpht t), téte to x; Yopaxtnelletor «amoxhivovs.
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ANN&ZovTag Tta AtoxAivovta oty Avapevouevr Tiuq

Ago0 evtonioouye ta outliers, e€etdloupe emnpbdodeta To npdonuo Tou Bdpouc w; 6To Tehxd otpwua S. Ta
ToPAdELY oL

e Edv 10 ; elvon unepBohxd udhmié odhd w; > 0 (lowe wgehel v xhdom ') xou dpo dev o oAAdLoupe.

o Edv avtideta to z; eivon udnhéd xow w; < 0, to Yewpolyue emPBroféc xou to avixadiotolpe pe ™ E[X ],
Onhodn v avapevopevn tuf e GMM yio To yopoxtneioTixd i oty xhdom ¢ .

Me auth ) otpotnyid, uévo ot Tpée Tou eunodilouvy v Tadvéunon oty ¢ TpomoTolovvIaL.

Class 0 Hist
= (Class 0 PDF
Class 1 Hist
Class 1 PDF

=
-----------------y.--_.._....

I ‘

-0.06 -0.04 -0.02 0.00 0.02 0.04 0.06
Latent Feature Value in Neuron Xi

Figure 1.3.3: Alaypohartiny) anetxévion Tou TpoTou ToU EVa KATOXAIVOVY YopoxTNeloTixd (x6xxivo) odhdlel
OTNY KAVAUUEVOUEVNY T (BloxeXOUUEVN Ypauuh) Yo TNV avuinapoderypatixy xidom 0.

TeAwxd Anotéreopa. Me Ty avTixatdoTooT T6V ATOXAYOVIOY GTOLYEIWY OE TWES «PUOLOAOYIXESH Yid
v ¢ (Brotnpdvtog tapdhhnha Tic TUYOV eVepYETIXES amoxAioels), haufdvoupe To avtimapaderypatiké didvvoua
xapaxtnpotikdy x'. Autd to ddvuopa , 6mwe Yo Sodue oty cuvéyelr, Yo Aettovpyhoel ke odnydc ot pla
dladuxaota BedtioTonolong Yol TV VPECY) TNS AVTLTUPUDELYUATIXNG ELXOVAC.

1.3.3 Avoaoctpopn ITAA: E4E xow PTI
Kivnteo: H Avayxn yia Avacteopn ITAA Ydning IIictdétntac xaw Enciepyacipdtnrog

Yto mhaiowo tou PIECE, 1 mopory Y1) avTimapoderypatixdy edvev Baoiletou ot wa dadixaoia BeAtiotonoinong
Tou eqapudleton anevdelag 6To Aavidvov Bidvuoua NG aEyXAC EXOVAS. X TOV TOPEN TNG LATELXNG OMEXOVIONG,
ouT6 amantel Wiot hovddvouoa avamapdo Toon Tou elvan TouTtoyeove axelBhAg (dnhadr, npénel vor avaxataoxeudlel
TNV EXOVOL ELOGTOU PE EAGYLOTY TopaubpPLoT)) xot ERESEEY doLY]) (Snhadn, Tpénel va emitpénel eEAeyOpeveS
TpoTOTOMOELS Yl avTimopadelypotixs] ovvieon). O napadooiaxéc uédodol avastpophc ITAA cuyvd avtipetw-
nilouv duoxoliec oty e€lo0pEOTNOT AVTOV TV B0 WIOTHTWY:

e ITpooeyyioeic Bacioueves otn BeATioTtonoinom, ol onoleg BeAtiotonololy ancudeiag Tov howv-
VEvovta xWBXA YENOUOTOLOVTAS €val Wovo delyud, emtuyydvouy VYN ToTHTNTA ovaXUTAOXEVT S AARY
napdyouy Aovddvovteg xmdxeg mou elvar Shoxolo va tporonondoiv.

o ITpooceyyioelg BaclopeEveg OE ATOXWBILXOTOLNTES, Ol OTOIEC EXTTOUOEVOUY EVAY ATOXWBLXOTOINTY
HE HEYARO aptdud detypdtwy, Tapéyouy enclepydoes Aavidvouoes avanapaoTdoels ohhd amoTuY Y dvouy
VOL OVOXOTUOXEVBGOUY AETTOUEQELES.
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e YRBeBixec weEVoBoL, oL onoleg TEWTA YENOWOTOLOUY EVOY ATOXWOLXOTONTYH Yio Vol ABouV TO opyLxo
hovddvoy Sudvuoua xon otn cuvéyeta exteloly aneuldeiog Behtiotononon oe autd. Axdun xou owth 7
uédodoc duoxoheeton vo Beet éva Wavixd onueio toopponiag.

Yto npotewvoyevo mhaioto SPRUCE, ypnouwonototye plo Sladixaoio avactpogphc 0o otabiwy:
1. Aroxwdixonointhc E4E: Iupéyer wa apyn eneepydoiun Aavddvouoa avamapdotaon).

2. Pivotal Tuning Inversion (PTI): Xtoyeuuévn exnaldeuomn tou mopaywyixod Hovtéhou yio PeAtiwuévn
oxpifBEto AvoXATooREVTG.

Avarnapactdoeig Aavidvovioc Xweouv cto StyleGAN

To StyleGAN op{let moAhamholg Aavidvovteg ytpoug, o xadévag pe Sopopetixy enidpacy otny ToldTNTa, TNV
eneepYUOLUOTNTA XOL TOV PEAALOHUS TWV TORUYOUEVWY EXOVLV:

e Xopog Z: O apyixdc havddvev yopoc, 6mou ol Aavddvovtee xddixec z ~ N (0, I) derypoatornnrodvio
amd Lol TUTXR Xavovixn xotavopn. Autde o wpeoc elvon eEatpeTixd GUCYETIONEVOS, XaloThVTaC BUOKONES
TS QUECES TPOTOTOLNOELS.

o Xwpoc W: 'Evoc mio Sounuévoc ot amounAEYUEVOS YWEOC TOU AoBAVETOL UECL EVOC EXTIOUOELUEVOL
duxtou anewdvione M, énou w = M(2). Autdc o ydpoc eTTEENEL ENEYYOUEVES TPOTIOTOGELS YOO
TNELOTIXWY DATNEWVTISC TOV PEANCUO.

[t Bertiwon Twv SUVATOTATWY OVOXATACKEVAC X0 TOV AETTOUERY EAEYYO TWV YOQUXTNELOTIXGY, TO Style-
GAN ewodyel enawénuévous Aavddvovtee ywpoug:

e Xpog WT: e avtideon e tov ydpo W, émou évac pévo havddvev xdduxac epappoletar oe dha
TOL OTEOUNTA TOU TOPAYWYLXOL PovTENou, o yweoc W avadétel aveZdptnrouc Aaviddvoviec xmdixec oe
*qe OTPWU, EMUTPETOVTUC AETTOUEPEGTERO EAEYYO TWV TOTUXMV YUPAUXTNELOTIXMV TNG EXOVAC.

e Xdpog WK: Mo nepautépw enéxtoot 6mou uévo évo umoohvoho k otpwudteny heufdver dtoxpttole
havddvovTteg xwdixeg, TapéyovTos looppomia UETUED EXPEUCTIXOTNTIG Xt EAEYEWOTNTAG.

Anoxwdixonowntric E4E yia Avactpopn ITAA

O E4E (Encoder for Editing) oyedidotnxe yio TNV avTUETONON TV TEOXAHCEWY AVIOTPOPHS, TOTO-
Yetdvtoc otpatnyixd Aavidvoviee xwdixeg otov enauénuévo havidvovta yweo, dlacpaiilovtoae napdhAnio
oLUPBATHTNTO UE ONUACLONOYIXEC TPOTOTOLOELC.

Boowxeg Apyec Yxediacmod Tov E4E

1. Ehayiotonoinon tng Ataxdpavong otovg Aavidvovteg Kodixeg - Xe avtideon pe toug
Tapadoatoxole amoxmdixonomntés, o B4l exnudedeton yia mpoodeutix| Bedtinon twv Aaviavouomy ava-
TUPUO TACEWY, ETUTPENOVTAS T1) BEATIOTOTOINGCT TOCO TNE TUOTOTNTUC UVUXATUCKEVHS OC0 Xat NG ENEEep-
YAOWOTNTOC.

2. EAayrotonoinon tng AnoxAiong and tov yweo W - M eldixy| cuvdptnor andielog evitoppivel
ToUg AVIAVOVTES XOBIXEC VoL TIEOUEVOUY X0VTE oTov Yweo W eved a&lomololy tny euehi&io Tou Ywpou
W, Behtudvovtog TNy enelepyaoiudTnTo.

3. ApxrtexTtovixr Anoxwdixonointr Baciouevn o ResNet - O E4E fBooileton oe éva ResNet-
like oxeheto, mapdyovtag €vav apyixd Aavidvovta xwmdxo xou tedcdeteg yetotonioelc mou BeATihivouy
CUYXEXPWEVA OTEOUTOL.

Yuvoluxn Yuvdetnor Andieiag ctov E4E

O anoxwdwonomtrc E4E exnoudeleton ypenolponoudvios po cuvaptnoy andielas oyedlacpuévn vo e&loopponel
8o xployous oTdHyOLC:

o Elayrotonoinoy IMapapdppwong: Awcparilovtag Tt 1 avaxataoxeuaouévn emxdva potdlet mohd
ME TNV oy txn.
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o Aratrpnon Enciepyacipodtnrog: Awtnpdviog évayv dounuévo hoavidvovta xoddxo Tou enttpénel
ONUAVTIXEC TPOTOTOLAOELS.

H cuvoluxr cuvdptnon anmhietac opiletor ¢ oTodoUévos cUVBLACUOS AUTOY TwV 800 GpwV:

L(J)) = Ldist(x) + /\editLedit(x)v (1.3.1)
OTOU Aedit ENEYYEL TNV LoOPEOTOL HETAUED TULOTOTNTOC OVAXATUOXEVAC ot EVEMELC TOU havddvovTog X@dixa.

Anoieia Iapapdppwong

INo Ty ehayloTononoy TOU CQPIAUATOSC AVAXATAOXEVNS, 1] ATWAELL TOQUUOPPWONS AMOTEAE(TOL amd Tela cuo-
ToTLed

List(z) = AeLa(x) + Npips Lrrrps(x) + Asim Lsim (). (1.3.2)

- La(x) - Tumxh am®AELd avaxataoxeic ewovootolyelwy. - Lprps(z) - Aviidnmtind andleta yior Tn dloo-
L Tu A U L Avuk N 0
(pdhion Sounic opotdtnTag UETUED EXOVOY. - Lgim () - Andlew tavtétntag, Swogorilovtac 1 cuvénewr oe
eNiNEDO YOPUXTNELO TIXV XENOULOTIOLOVTAS VO TEO-EXTIUDELUEVO BlxTUO.

Andieia Enelepyaocipotnroc

Io vo Blaogaiiotel 6t ot Aavidvovteg xddixec mopogévouy dounuévol xou encéepydolol, 1) anmhetd enelep-
yooudntoe anoteheltar and:

Leait ({E) = )\d—reng-reg(x) + )\adeadv(x)' (133)

- Lyreg() - Andhewa Delta-xavovixonoinone nov neplopilet tic yetatonioeis A;, daogahilovtag eyyitnta otov
Y00 W. - Lagy () - Aviayoviotixs andhelo Ypnoilomolavtog évay Saxpitonoint havidvovtog yopou o va
dlatnprioel Toug padnuévoug xMBIXES GTUA EVTOC TNg eYYeEVOUS xatavourc Tou StyleGAN.

Ytoyxevuévn Exnaidevon yio Avacteogy ITAA: Pivotal Tuning Inversion (PTI)

Kivnteo yia to PTI otnv Avoaoctepogr Iatpixodyv Ewxoveyv Evd o E4E nogéyet plo enelepydoun
Aovildvouoo avamapdotaoT, 0ev EYYLATOL VT AVUXATAOXEVES LYNAAC TOTOTNTAS, EWBXS YLol LUTELXES EXOVES
OV TEPLEYOLY AETTOUERE(S, UPNATIC AVEALGTG AVITOUIXES BOUES. JITIC EQPUPUOYES LUTEIXAC ATMEXOVIONS, axdUT ol
HIXEA TEY VOLRYHLUTO AVOXAUTACHEVTIG UTOPOVY VoL amoxplPouy xployleg Blory vwoTixég Aentopépeieg. Autd amantel
ot u€dodo avaoteo@rc Tou eviay Vel TNV oxplBeEla avaxaTaoXEUAC BlatnewvTos Tapdhhnha Ty encéepyaoluoTnToL.

To Pivotal Tuning Inversion (PTI) avtiuetwnilelr authv v Tpdxinon ye otoyeuuévn exnaideuvon tou (Slou tou
TUEAYWYLXOU HOVTENOU, Blacpolllovtag OTL 0 AVECTROUUEVOS AaVIAVELY XWX TAPdYEL (Lol Elxova Tou elval
adidxettn and TNy £lcodo evdd e€axohoLVel Vol EMLTEENEL OUCLUOTIXES AVTLIUPUOELYUATIXEC TPOTIOTOLOELS.

Medodoroyia
To PTI anotehelton and 800 xdpta Brivorto:

1. Apxwn Avactepop?n ITAA: H eixdva avTio TeépeTon TpKTA YeNoWonoldvTac Wa étown pédodo Ba-
olopévn ot anoxmdoromnth (1.y., E4E) yia va Angdei évac apyindc havidvmv xmddixac w otov havidvovta
xopo W

2. Ytoyevuévn Exnaidevon IMapaywyixod Movtéhou: To nopoywyixd yoviého G exnandedeton
O TOYELUEVA Yol XOAUTERY] AVOXATOOXEVT] TNE EXOVAG-GTOYOU SLATNEOVTAS TOV Aavidvovto xddxa oTo-
Vepo, Pehtidvovtag €Tol TNy loopponia UETOED EAXYLOTOTOINONC TOROUOPPWOTE XAl ETEEEQYACILOTNTOG.
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Kavovixornoinon TonixoétnTog

Io v amoguy Tng unepnpocupUoYhc ot uio uovo ewdva, eladyetal 1 xavovixonoinorn tomxétnroc. Autod
dlao@ohilel 6TL TO ToPAYWYIXO HOVTERD BEV YAVEL TNV XAVOTNTE TOL Vo TapdyeL BlapopeTixd delyyota and To
apyx6 cOvoho dedouévev. O bpog xavovixonoinong tomxdtntog oplletal we:

Lreg = Lrprrs(2r, z)) + N Lro(xy, xh). (1.3.4)

6Tou:

o z, = G(wy,0), elvon 1 exxdvo ToL ToEdYETOL And TO APYLXO ToPAY WYX LoVTENO UE TO Aavddvoy Sidvuoua
Wy

o z7 = G(wy,0"), elvon  exdva mou mopdyetar and TO EXTUSEVUEVO TAPUYWYIXO UOVTENO UE TO Aovidvov
OLEVUGUOL Wy

Telxd, n BeAtiotonoinon Touv Tapay®YLXOL HOVTEAOU SLOUTUTOVETAL WG:
0* = arg n;in Lpti + AvegLreg- (1.3.5)

1.3.4 BeAtiotonoinon Aavidvovrog Ataviopatog

To tehixd Bruo tng uedo6dov SPRUCE elvon 1 emavaknmtiny) Bedtiotonolnoy, oto Aavddvovta }deo, Tou Adv-
VEvovToC BLoavioHATOS TTIOU VOXATUOXEVETEL TNV )X EXOVOL UE OXOTO TNV AmdOXTNON TN AavDdvoucas ovar-
TopdoTaoNe TNS avTLTopadelypatixc exovas. [o Ty mapaywy) avTimapadely Loty exdveny mou eEnyolv
0UCLIGTXE TNV améPacT Tou TaEvopnTy, BeAtiotonololue to Aavidvov Sidvuoua tou StyleGAN2-ADA, mou
€youue anoxthoeL yenotuomodvtag T dladixacto avactpopic ITAA, ye tétolo tpémO Gote:

o Ta yopoxTneloTixd TNg edVaE ToV TapdyeTol and To BeATio tonotnuévo Aavidvoy Sidvucuo vo euduypoy-
uilovton pe tar amoxhivovta yapaxtnelo Tixd mou e&dyovial yéow e uedodov PIECE.

o H tpononomuévn emdva vo napopével ovuhnruixd(perceptually) mopdpota pe tny dpyixd, anogedyovtog
UTEPBOMXES TUPUUOPPWTELS.

e Ou tpornomoinoelc va elvon opanée, dnhady vor ahhdlouvy Ydvo oL OUCLOBELS TTUYES oL GLUBEAAOLY GTNY
amoQAGT|, TOU TOELVOUNTY.
Yuvdpetnor Beltiotonoinong

H duwdixaoto BeAtiotonoinong npaypatonoieiton 6to Aavidvov didvucua tou agytxomoLeitar ws wy,. H ouvdptnon
BehtioTomoinong anoteAelton and téocepl Bacixolc dpoug AMWAELNS:

L= Lpiece + ApercLLPIPS + )\latentLlatent + AimageLimage- (136)

‘Opoc yvio Evduypdpuior XopoaxtneltoTixdy

"E)0VTaC XOTUOXEVAOEL TO OVTLTORASELYUATIXG SLAVUOUOL YapoX TNELOTIXGOY 2/, yenotwonolodue tTny (Bior amodhela
o€ eMMEDO YAUPAATNELOTIXWY OIS aToV dpyxd olyderduo PIECE:

Lyicce = [[C(G(we)) — 2|13 (1.3.7)

‘Orou:

o C avunpoownelel GAo To. CTPMUATH TOU TOYWUEVOL TaEWOUNTH UEXPL TO TPOTEAEUTHIO OTEMUI YOpoX-
plo Ty X.

o 1/ elvon TO AVTLTOPAUDELYUUTIXG SLEAVUOU YoROXTNELOTIXOV.

o (G elvol TO TPOCUPUOCUEVO TAPAYWYIXO LOVTENO.
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o w, elvor To BertioToTOINUEVO Aarvidvoy BLEVUGHA.
Autéc o bpoc Blaopoiilel 6Tl Tal YAUPAXTNELOTIXG TNG AVTLTOPOBELY TG Exovag Tawptdlouy Ue exelva Tou
oVoEVOVTOL YLOL TNV ovTLTapadeLyLotix) Ao, e€aogatilovtog €tol 6TL 1 tpdPAedn tou tadivounty Yo ohhdEet.
'Opoc AvTilnrtixhc Opoiétntac (LPIPS)

INo ) Slthpnon g Sopxic axepatdTNTOC XoL THY OTOPUYT) ONUAVTIXNAC ATOXANONG TNG OVTLTORUBELYUUTIXAC
EXOVOC OO TNV AEYIXY), EVOWUATOVOUUE Evay 6po avTIANTTIXAS OpoldTNTog Yenowdorolwvtag tny uetpwr LPIPS
(Learned Perceptual Image Patch Similarity):

LLPIPS = LPIPS(G(U}G),I) (138)

‘Ornou:
o G(w,) elvar 1 TOPAYGUEVY AVTLTAPADELYUATINY ELXGVOL
o [ elvar 1 opyLxn] Ex6VaL amd TO GUVORO BEBOUEVLV.

H LPIPS Swogohiler 6Tl 1o yopaxtneloTxd uPnhod emnédou Slatneolviol eve) EMITEENOVIAL OUCLIC TIXES
tpomonoioelc. T To dixtuo Bdone tou LPIPS, yenowomnowolue évav e€aywyéa YapaxtnoloTixwy Baclouévo
oto VGG avtl v to AlexNet, Adyw tne evpelag viodémong tou VGG oe oyfuata Beitiotonolinone mou
nepthopfdvouy mapahhayéc tou StyleGAN.

‘Opoc Kavovixonoinorng cto Aavidvovia Xweo yio ApotdTtnta

Eqgopuoélouvye enione xovovixonoinon L1 yio tov neploplopd aohUavTemy aAloy®dy 6to Aavddvovta ypeo:

Llatent = ||’er - wp||1~ (139)

Avutdc o bpog anotpénel to BedtioTonoinuévo Aavddvoy Sidvuouo vor amouoxpuvlel and TNy encgepydoudn xou
ONUACLONOYIXE TAOUGCLA YELTOVIA TOU apytx0U AavidEvovTog SlavioUATOC Wy, EVIOYVOVTOS €TOL TOV PEUALCUO XAl
Y aAIOQAVELD TWV THPAYOUEVHY AVTLTUQUDELYUATWY.

'Opoc Kavovixonoinorng ctov Xweo tov Euxxovootoiyeiov yio Apondtnta

I va Slac@aiicouvye Tl Ol aVTITOPOBELYUUTIXES ELXOVES TUPUUEVOUY TILOTES GTNV AEYIXT EXOV EVE) AVTIXOTOT-
Tp(Couv WdVo TIC amapalTNTES TPOTOTOGELS, Elodyoude Ui o) L1 otig Slapopég oe eninedo eixovoatouyeiev
METAED TNG TMUPAYOUEVNS OV TLTUPUBELYUAUTIXNG EXOVOC Xl TNE 0Py XN EXOVAC:

Limage = ||G(we) - IHl (1.3.10)

Avutr 1 xavovixonoinon evloppiver TV opotdTNTA TS GAAAYES TV EwovooTolyElwy, dlaopoiilovtog Ot
TPOTOTIOLOVVTAL HOVO Ol TLO OYETIXEC TEPLOYES TNS EWOVOC, exelveg mou evdivovton yiol TNV andpacn Tou Tal-

vounTt.

Yuvenng, to TeAxd TedPAnua Behtiotonolnong BLUTUTHVETAL WS:

’U}Z = arg min [Lpiece + ApercLLPIPS + )\latentLlatent + AimageLimage} . (1311)
Wp

‘Omovu:
o w} elvon To hav3dvov BLEVUCHA TTIOU AVTLOTOLYEL GTNY TEAXY AVTITOEABELYLATLXY) EXOVAL.

® Aperc, Alatent; Aimage EMVOIL UTEPTOPAUETEOL TOU EAEYYOLY TNV LooppoTio HETaED EVTUYPHUIIONS YOEAXTNELO-
TGOV, AVTIANTTIXNAS OHOLOTNTOG YO oEOULOTNTAC.
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Teo(podoTHVTIC TO W, 0TO TEOGUPUOCUEVO TTUEAYWYLXO HOVTEND G, UTOPOUUE VoL OTTIXOTOLACOUKE TNV AVTLTO-
POBELY AT ELXOVOL.

Final counterfactual image

Initial reconstructed image

Our GAN’s latent space

Figure 1.3.4: Ontixonoinon tng Swdixaciag Behtiotonolnong

1.3.5 AviaywvioTtixn Aviextixotnta Y Ovoilactixeg AvTimo-
padeypatixés EEnyroeig

Kivnteo: O Pdérog tng AvtaywvioTixnc AvIexTixoTtnTag

‘Onwg eldope 0TI TPONYOUUEVES EVOTNTESC TOU TAUGIOU YOG, TO SLAVUCUO YoEUXTNELO TLXWY TOU TaEvounTy Yenol-
pomote{ton yiar var xododnyfoer to mapaywyixd povtého tou StyleGAN2-ada mpoc tTnv mapaywy oG EXOVIC
TOU oVAXEL OTNY eMBUUNTY) AVTLTOEABELY Lot XAGGT xot lvar 660 TO BUVATOV TLO XOVTE GTNY dpyIXn ExdvaL.
Me dhha Adyla, unopolpe vo tovue 6t To gradients tou tagvopunty elvon autd Tou xadodnyolv To TopAY WYX
HOVTENO TPOC TN OWOTH XUTELYUVOY. LUVETAC, edv Ta gradients dev elvor onpactohoyxd evduypaUlopéve Ue
TOL YUEAUXTNELO TIXG WAS CUYXEXPWEVNS Xhdong, ToTe Juo unopoloe va odnyTroel, dmwe Po Bodue oTtny evoTnTa
TOV TEAUETOY, 08 avTLTapadelypato Tou Loldlouy onTixd Ue TNV apyxt emxdva 6Ttay ot ahhoyéc Tepopilovton
vo gfvon eAdytotec. Autd onpaivel 6Tt €dv 0 Tovounthc elval EUGAWTOSC OE AVTOYWVIOTIXES, UN AVTIANTTES
and Tov dvipwno Ttpomomofoels (avtaywvioTixés emdéoes) [33], téte Tar maparydueva avtimopadelyporto Yo
avtixatontpllouy autée Tic eundieleg mopd TIC TEYUATIXES AUTIATEC CUCYETIOELS.

‘Eyet anodetydel 6Tt ta gradients towv avioywvioTixd aviexTix®y Taglvount®y €Youy LoyYLeEs TapaywYLXES
WwiotnTES Mou "wodatvouv" yopoxtnelond mou elvon avTIANTTIXG EVTUYPOUMOUEVO UE TO YUPUXTNPLO TIXS UL
ouyxexpévne xhdong [100, 7]. Tt awtdv Tov AGYO0, YENOWOTOLOVUE avTaY WO TIXY exTtaiBeuon yiol var BeEATIE-
GOUPE TNV VIEXTIXOTNTAL TOU ToEVOUNTH Xalk VoL DG POAGOUPE HTL OL TPy SUEVES ELXOVES TIEPLEYOLY OUGLIGC TIXES
xa ohnogavelc ahhayéc. Luyxexpéva, yenotwonoovue ty wédodo TRADES (TRade-off-inspired Adver-
sarial DEfense via Surrogate-loss minimization) [136], yiot tponypévn pédodo avtaywvioTinic exnaideuone tou
eliooppotel Ty axpifela oe xadupd dedopéva xou TNV avEXTIXOTTAL

TRADES: EZicoppdénnon Kadaprc AxpiBeiag xor Aviextixdtniog

To nhaicto TRADES Swtundvel tnv avtaywviotixn exnoldevon o¢ wia e€looppdnnor uetadd:

o Tumixhc Axpifeiac Tagivounong: Awocgariler 6t o tadivountic Stotneel udmiy axplBela oe
xardopéc (un Sataporyuéves) emdvee, xdtt mou elvon amopaltnTo EWLXd 0TOV ToPéd TNS LUTELXAC OTELXOVLOTC.
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14 2 7 4 7, 7 e
o Aviaywviotixne Avdextixotntoag: Exnaideuon tou talivount dote va elvon opetdBintog oe
AVTOY WOVIOTIXES DLAUTOROYES.

Moadnpatixr Atatdnwon tou TRADES

H xevtpu] 8éa tou TRADES Stotundveton w¢ Lol XOVOVIXOTIOUNUEVT, CUVAPTNOY AMWOAELNS OV TIXATAOTAONG,
Tou oLVOLALEL Lol TUTLXY CUVEETNOY AOAELS TASvoUNoNG Xou évay 6po Xavovixomoinone ovleXTXOTNTIS.
Yuyxexpyéva, to TRADES Beltiotonotel tnv axéhoudn cuvdpetnon:

minE (s y)~p ﬁ(f(x),y)+ﬁ-x,rgg&)ﬁm(f(w%f(w’)) ; (1.3.12)

OTou:

o f(z) avunpoownevel v mpoBhenduevn xotovour miavétntoc tou tadvount yio v eloodo x,

L vrodnAdver v tun) ouvdpTNoN andhelas Taivéunong (T.y., cross-entropy),

Lx1, elvon n améxhon Kullback-Leibler nou mtocotixonotel tn Sopopd uetadd twv e£68wv tou taéivount
070 %ol TOPEBELYUO T X0 TO AVTAYWLOTIXO Tapddelyua =,

Be(x) eivon 1 ogoipa Siortapayfic axtivog € YOpw amd tny eloodo z, nov opileta g Be(z) = {2’ : [|2'—z||, <
€},

B elvon Wi unepTapdueTpog Tou EAEYYEL TNV EElooppdTnoT petaly Tne xodaphc oxpifetac(clean accuracy)
o AVTY OVLGTIXAC aviexTiXdTnTaC.

Katd tn 8idpxeia tne exnaideuong, to aviaywviotixd nopadelypato ' Snuovpyoldvton evioe e ogalpos Oi-
atopayfic Yenoworownvtog v IpoBadhéuevn Kadodriynon Awfdduone (Projected Gradient Descent - PGD)
[73]. H PGD dwtapdooel enavolnmtixd to dedopéva elo6dou oty xatebduvon tne dafdduone e andieig
KL vy va Bpet pior Statapayfy yetpotepne mepintwong. Auth n emavolnmtixng dnulovpylior avtoywvio Tixol no-
podelypaTog unopel vo exppactel TUTXE WS:

1 =g, (@) (21 + o sign(Va Lxw(f (@), f(27)))) (1.3.13)

émou Il (2)(+) uToBnidver TnV mpofolr otn opoipa axtivas €, a eivon To péyedog Tou Brinatog xou t uTodelxviel
Tov aptdpod TNg emavaindng.

1.0

0.5

0.0

0.0 0.5 1.0 0.0 0.5 1.0

Figure 1.3.5: Apiotept] emdva: dplo andpaone pe omhy exnoidevorn. Aelid ewdva: dplo andpaons pe
TRADES.
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Chapter 1. Extetopévn Ilepihndn ota EAAnvixd

1.4 Ileipdpota

1.4.1 Emoxénnor Xuvolwy Acdopévwy

Xpenowonolfiooue t€coepa dnuodoia dlodéaipa cUVOA SEBoUEVLY LaTpXrg amewdviong, xadéva and ta omolo
nep auBdvel povadixéc madohoyiee. Axoloulel yio cuvontny| teptypapn Twv dedoyévev, pall ue evielxTixég
ELXOVEC TIOL AVABELXVUOUY TNV TOWMAOUOPPI0l TOCO TWV AVATOUXOY GTOLYE(Y 660 xo TwV TadohoYLwY.

AxTivoypagicc Oonpoxa
(o) IIvevpovia vs. YyuAg
e IInyn: RSNA Pneumonia Detection Challenge [2].
o KAdoeig: Ilvevpovia, Tyuie.
o Ilpoenetepyaoia: Alhayr) peyédouc oe 256 x 256, yetatpony; oe RGB.
o Baowkd Xapaxtnpiotikd:
— ITvevpovio: Ilepioyéc auénuévng muxvdtntog Tou TPocoUotdlouy QAEYHOVH TKV TVELLOVLYV.

— YTvyuic: Kodapol nvebuovee, uotohoyixd ayyeloxd tpdTuma.

(B) Meyoaroxapdio vs. YyuAg
e IInyrj: NIH Chest X-ray [126] xoo RSNA Challenge.
o KAdoeis: Meyaloxopdia, Tyire.
o Ilpoenetepyacia: Alhayr yeyédouc oe 256 x 256, yetatponr oe RGB.
o Baowkd Xapaktnpiotikd:

— Meyahoxopdia: Meydhec Slootdoelc xapdlaxhc olthovétag, cuyvd Tépay ToL 50% tou mAdTouc
Tou Ypoxa.

— YTyuic: Awwyelg tvedpoveg, xapdld Quotoroyxol ueyédoug.

Figure 1.4.1: Evdewtixéc axtivoypapice dodpoxa: Tyuic (aplotepd), Iveupovia (ueoaia), Meyahoxopdia
(deidr).

Ontixéc Topovpapice Tuvoyrc (OTX) [55]
o IInyn: Kaggle.
o Kldoeg: Tyuic, Choroidal NeoVascularization (CNV),Diabetic Macular Edema (DME), Drusen.

o Ilpoenetepyaoia: Eotioon oto xevtpixd onuelo (center-crop) e emévog , ahhoyh peyédouc oe 256 x 256,
petatpony oe RGB.
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1.4. Iewdporo

e Baowés IlaBoroyieg:

CNYV (Choroidal Neovascularization): Yuoohpeuon vypol mou ahholdvel Tic oTti3édec tou
apPPBANCTEOEBOUC.

DME (Diabetic Macular Edema): II&yuvon tou apgi3inotpoeidolc, x0otee yepdtes uypod.

Drusen: EEwxuttoapixéc evanoVéoeig x4t and 1o Yekdyypou emdnio tou op@BAnotpoetdoic.

Y yuig: Ouoldpoppee, un mapouoppwuéves oTiddes ywplc uyed N evarodéoels.

Figure 1.4.2: TTapoadelypotoa OT: Tyiée (apiotepd), Drusen (peooio), DME (8e€id).

Moyvntixéc Topoypapicc (MRI) Eyxegpdiou yia ‘Avoia
o IInyn: Kaggle.
o Kldoeags: Xwplc Bhdfr, IToAd Hmua, "Hmo, MétpLo.
o Ilpoenetepyaoia: Ahhayn peyédouc oe 128 x 128, yetatponr; oe RGB.
o Baowkd Xapaxtnprotikd:
— Xoplc BA&BN: Puciohoyixds dyxog eyxepdhou, eldytotn 1y avimopextn atpoplo.
— IToA0 'Hmioe / "Hror: Etobiond] AETTUVET TOU YAOLOU, PETELA BLEDPUVOT TWY XOLALMY.

— Mérpa: ‘Evtovn atpogia (18iwe oTic Immoxopmxés neployés), ERpavis dieLpUIEveS xothiee.

Figure 1.4.3: Topadeiypota eyxepoixady MRI: Xwpic BASN (apotepd), ITond Hmo (uecaio), Métpior (8edid).

1.4.2 Exnoidcvorn Tagivounti

Exnoudetoope to poviého ConvINeXt-Base t6c0 oe anhf (un aviextxnd) pdduion 660 xaw xdtew ond ov-
TAYWVIO TXEC ETLDECELS, TPOXEWWEVOU VAl AELOAOYHOOUPE TNV IXAVOTNTA TOU TROTEWOUEVOU TAOLGIOU Vo TTopdyeL
QAVTLTOROBELYUOTIXES EIXOVEG. TNV Toeoloa EVOTNTO TEPLYPAPOVTAL avahUTIXd 1) Sadxacior exmaldevong, to
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

Baoixd evpuota xou 0 POAOC TNES AVTAYWVIO TIXNG EXTAUBEVONC GTNY TEAXT] TOLOTNTA TWYV AVTLTUPAUDELYLAUTLXWY
EXOVWLV.

Fevixh Awapoppworn Exnaidesuong

‘Ol ta oOvoda Bedopévwy ywplotnxay ot vtoclvora extaidevone (80%), enxdpwone (10%) xou eréyyou (10%),
onwe gaiveton otov Iivaxa 1.2. Apywonotjoaue To ConvNeXt-Base ue Bdpn evdg avtiotolyou npoexmoudeupé-
vou povtéhou oto ImageNet xou avtixotasthooue to Tehxd eninedo (fully connected) dote vo avtamoxpivetol
ooV aptiud xhdoewy xdde cuvérou dedopévwy. H exnaideuon nepleAduBave:

o XpovodpowoAoynor puduol udinong xou unopovy) 20 entoydy,
e AdamW Beltiotononty,

e EEopdiuvon etixétag (0.05) xu exnaidesuor pixthc axpifeioag (mixed-precision) yio Béhtiot
xpron mépev,
o Enalfnon dcdopevwy, m.y. tuyoleg anoxonés, avactpogés, uetaoynuatiouol affine xan petaBoréc

YEOUTOC,

o Katavour Bap®dv avd xAAon Yo TNV AVTUETOTLOY AVIGOPEOTIC G 0pLoUéVa GUVOAN BEBOUEVLY
(m.y. Tyihe vs. IIvevyovia).

30Ovolo AcSouEvwY KX\don Train Val Test AvdAuvom
Axtvoypagio Odpaxa (Iveupovia vs. Tyiic) E;{;ﬁiovia Zggg 22? 28; 256 x 256
Axtvoypagio Odpoxa (Meyohoxapdio vs. Tyuic) g/l\g:]of)\oxap&oc 3;38 ;Z; ;;3 256 x 256
Ty 21077 2634 2636
CNV 29772 3721 3723
OT= DME 0137 1142 1143 220720
Drusen 6896 862 862
Xoplc BAGBN 2560 320 320
MRI Evyxepdrou yia ‘Avola ,I;I_I?:L\: Hrio 34118? ggg gg; 128 x 128
Mérplo 2057 257 258

Table 1.2: Awywpetopdc oe cOvoha exnoldeuong,ehEYyou xol ETXVPWOTNE Xl AETTOUEREIEC OYETXE UE TNV
avdiuom emdvey yio xdde cOvoro SedOUEVWY.

An\ Exnaidcvor Tagivount

Apyd exnandevoope évay “anhd” tadivounty| (un avdextind ot aviaywviotixéc emidéoelc) ye ypRomn cuvdptnong
cross-entropy. O Ilivoxac 1.3 napouctdler tic Baoixée unepnopopétpous (T.y. apyds pudude uddnone 5x 1074,
uéyedoc moaptidac 64, 100 emoyéc).

Mevpixéc Anddoong. Ta anotehéopota axpPeiac (accuracy), precision, recall xou Fl-score ota oOvola
ehéyyou ouvodilovtan otov Iivaxa 1.4. H Sudxpion Iveupoviag vs. Tyiole éptace ~ 96% oxpifela, eved n
tagvéunon ‘Avotac og MRI &yyiZe ~ 99%.

Yo Tyfua 1.4.4 mopouctdlovton ol tivaxee olyyuone (confusion matrices) yio plor avoluTiedTeERT) EXOVAL TNC
xatovopnc Twv npofiédewy.
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True Labels

True Labels

Lung Opacity

Normal

DRUSEN DME CNV

NORMAL

Y repnopdhetpoq Tn
Yuvdptnon Andielog Cross Entropy
Apyixée Pudubdc Mdédnone 5e-4
Enoyéc 100
Warmup Enoyéc 10
Behuotonomthc (Optimizer) AdamW
Mévyedoc Iaptidac 64
Weight Decay 5e-2
E&oudhuvon Euxétac 0.05

Table 1.3: Baowég unepropduetpol yio TNy amhy] exnaideuoy Tou Taglvount.

Axpipeia | Precision | Recall | Fl-score
ITveuyovia 95.96 95.68 97.63 96.65
Meyaroxopdio 88.35 90.22 86.02 88.07
oTY 97.98 97.98 97.97 97.98
MRI Eyxeqpdiou 99.39 99.40 99.39 99.40

Table 1.4: Emdéoeic (%) 0710 cOvoro ehéyyou yio 1oV omhd exnoudeupévo Toltvounth.

Confusion Matrix
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Figure 1.4.4: Tlivaxec oUyyuone yia Tov oanhé tadivounty ota dedopéva eréyyou.
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Chapter 1. Extetopévn Ieptindmn ota EAAnvixd

AvTaywviotixr Exnaidevon ue TRADES

Y1n ouvéyewa, exnadeloape to Blo poviého ConvNeXt ypnotponoidvtag v uédodo TRADES [136], eiod-
YOVTOC OVTOYWVLO TG Topadelypatar xatd Ty didpxel tng exnaldevone ye tn wédodo PGD. O Ilivoxog 1.5
ouvolilel Tic oyeTég unepTapauéTeous (Y. wixpdtepo wéyedog moptidog 16, € € {1/255, 2/255, 8/255}).

Y nepnapdeTEOS Twun
Yuvdptnon Anodhielog TRADES
Apyixde Pudpog Mddnong le-4
Emoyéc 100
Warmup Enoyéc 10
Beltiotonoumntg AdamW
Méyedoc Haptidog 16
Weight Decay 5e-2
E&oudiuvon Etxétag 0.05

Ié] 6.0

€ {1/255, 2/255, 8/255}
Bruata PGD 10

Table 1.5: Trepropdpetpot yio tny aviaywviotixi (TRADES) exnaidevon.

Arnoteléopata o Kadapéc Ewxoveg. Xrov Iivaxa 1.6 napovoidleton 1 axplBeta 6to alvolo ehéyyou
yia ddpopeg Twée €. TTapdti ehappndc Uewwuévn o oyéon Ye TNy amhr exnaidevon, 1 pelwon elvon Ao

YOvoho Acdopévewy | € =1/255 | € =2/255 | € =8/255
Ty vs Ivevyovia 94.48 94.02 94.09
Tyhc vs Meyohoxapdio 88.17 85.84 88.35
oTE 97.44 97.73 96.95
MRI Eyxe@dhou 99.74 99.39 99.23

Table 1.6: Axpifewa (%) o xodapéc etxdvec yio Talvountéc extaudevpévous pe v uédodo TRADES.

IMapatneroeic xou Endpeva Brpata

Yuvolilovtag, 1660 oL amhol 660 xou oL avtaywvio Tixd exmoudevuévol ConvNeXt-Base ta€ivountég spugavilouv
v axpeifelo oto Téooepa chvoha dedouévawy. Evd 1 aviayovio i exnaldeucT) YeWdvel EAaPe®S THY and-
doon oe xadopéc exdves, npoopépel To “aviextixd” (gradients)—diaitepo YeRoWo YLt TNV TopAY WY KAvikd
OUTIA0TIKWY AVTLTUPAUDELYUATIXWY EOVKY, OTwe Yol avel 0T ETOUEVO TELRJUATA.

1.4.3 Arotelécpata Avactpopng ITAA

AZioloyolpe 1o pipeline avactepogrc ITAA (GAN inversion)—ua npooéyyion Baoiouévn oe encoder
axohovdoluevn and pivotal tuning (PTI)—xou oto téooepa cUvola dedopévwy. Ilopaxdtw napovoidlovio
1660 TOCOTXE 60O XUl TOLOTIXY AMOTEAEGUATA TNG TEOTELVOUEVNC HEFOBOU AVOXAUTAOHEUTG.

ITocotix¥ AvdAuor
Metpdue TV MOTOTNTA AVAUXATACKEVTG UE TECOEQLS BooINéS UETEIXES:

e FID (Fréchet Inception Distance): Muxpdtepes tipéc unodnhadvouy xahitepn evduypdupion Ty
XOTOVOUWY TWV TROYUATIXMY XL TWV AVUXATUTHEVACUEVLV EXOVEWV.

e CMMD (Conditional MMD): AZioloyel tnv opotdtnta oTic xatavopés vt cuvdxn xAdorg.

¢ MSE (Méoo Tetpaywvixd Addog): Anotundver To opdlua avd exovootoyeio uetold npwtd-
TUTIWY XL AVOXOTUOXEUOOHUEVEV.
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1.4. Iewdporo

e LPIPS (Learned Perceptual Image Patch Similarity): Avtuoatonteiler tnv (percep-
tual)ovTAnmTiXy oUoLOTNTO GE ENIMEDO YAUPUXTNELO TIXEY.

Yrov Iivaxa 1.7 napovsidlovton To amoTeAEoUATO VL0 TECOEPLS AVTLTRPOCWTEVTIXES Xhdoewg: Meyadokapdia xau
ITvevpovia (axtvoypagiee Bopaxa), Drusen (OTE) o Mérpia BAdBn (MRI Eyxepdhov). Iapatnpodue to
e&ne:

o Axtivoyvpapics Owpaxa (Meyahoxapdio, ITvevpovia): Tevixd emtuyydvetar younhdtepo
FID, MSE xau LPIPS, unodnAcvovtog mo anAd avatouixd potifo mou elvor EUXOAOGTERO VAL VOXAUTOUGHEVAO-
oLV,

e OTX (Drusen): T{niétepa MSE xou FID, Aoy AenTOUERMY LUPMY TOL AUPUBANcTEOEBOVC.

e MRI Evyxegdiov (Métpra ‘Avora): ITohd younié FID (10.18), delyuo oauénuévou pealiopo.

KA\don FID|, CMMD | MSE /| LPIPS|
Meyohoxopdia (X-ray) 19.76 0.056 6.28e-4 0.0135
[Tvevpovia (X-ray) 21.91 0.061 8.57e-4 0.0150
Drusen (OTY) 26.27 1.031 5.02e-3  0.00712
Métpwo ‘Avoror (MRI) 10.18 0.580 1.44e-3 0.00860

Table 1.7: IlocoTxég UETENOELS AVAXATACHEUNG YO AVTITPOCWTEVTIXES XAACELS OTA TECCEPA GUVOAL
Oedopévev.

IToroTtixd ITopadeiypata

IMopouotdlovye éva delypo avd clvolo Bdedouévwy mapoxdtw, 6mou eugaviloviar (1) n apyweh ewdva, (2)
7 avoxoTaoxeut] wévo amd tov encoder, (3) o ydptne dpopdv YeTd To oTédlo Tou encoder, (4) n TeEAXH
avaxatooxevy| énelto and Ty egappoyy Tou Pivotal Tuning, xou (5) o tehixde ydptng Slopopdov.

Original Image Before Pivotal Tuning Difference After Pivotal Tuning Final Difference

.

Figure 1.4.5: Anotéleopo avaotpophc ITAA yia axtivoypapia ye yeyahoxopdio. Ilpocélte tn Behtiwon petd
7o Pivotal Tuning otnv andédoon twv oplwv tTng xopdldc.

Difference After Pivotal Tuning Final Difference

Original Image Before Pivotal Tuining

Figure 1.4.6: Avaotpogn oe mepintwon nvevpovias. To otddio PTI e€odelper wixpd teyvntd opdipora xou
BeRTUOVEL TIC AETTOUEPEIES GTO TEDIO TWV TVELUOVWV.
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Difference After Pivotal Tuning Final Difference

Figure 1.4.7: Avoxataoxevy| exévac OTE ye Drusen. H éxdoon pévo and tov encoder nopohe(net
hentopepeic LEES, eved To PTI anoxadiotd xakltepa tnv Sour| Tou op@BAncTteoetdolc.

Original Image Before Pivotal Tuning

Final Difference

Figure 1.4.8: MRI pe pétpia BAdBn. To PTI cuufdiielr oty mo moTh anddooT] Tou YAOLOU XoL TWV XOLALWY
TOU EYXEPIAOU.

Difference

Original Image Before Pivotal Tuning After Pivotal Tuning

Kopieg IMapatnerostc

e Enidpaocn tou Pivotal Tuning: ¥e 6ha to cOvora dedouévwy, to PTI Behtidvel anodntd tig Aen-
TOUEPELEG X0 UELWVEL TOL TEXVNTE o@dhpata (artifacts).

e IToAunAoxdtn Tt AcSopEvmwV: LNy TERINTOON TWV OXWVOYRUPIOY AABaUe Tor XUAITERO OTOTEAED-
potar oo dmodm oxpifelog avaxoataoxeuic xon pealiopol. Ou yeyahitepeg avoxp(Beleg avaxataoxeunc oe
eninedo exovoototyelwy tpoéxuday otic exdvec OTE xuplwe Aoyw e @lone autdv(Aenth vy ,opxetde
V6puBoc).

o Khivixy ImupaciouKo oto téooepa oUvolo BeBOUEVLY HATAPERUUE XOl OVUXUTUTHEVACOUE ETAPXADC
¢ Paoéc avatouixéc Bopés TV EOVLV,YEYOVOS To omolo xplvetal avaryxafo oTnv cUVEXELD Yol TNV
TUEAY WYY) OPOLMY X0 PECALOTIXV OVTITUPUOELYUOTIXWY EXOVGY.

Yuvohixd, o ouvbuaopodg encoder-based avactpogric e PTI amodider axpBeic avaxataoxeués yio mhnddpa
LTEMV eévwy, egaopolilovtac téoo uPnh motémta oo xa Suvatdtnta eneepyooiog (editability) oto
Aovitdvevy ywpo—PBacixd cTolyelo Yiol TO AVTLTORUBELYUATIXG Hag TAdLoLO.

1.4.4 TITapaywy?r Avitinopadelypatixony Euxdovoy

AZioloyolpe Tic Tehxéc avTimapadetyartixég ewxoveg tou mhaoiou pac (SPRUCE) og anholc ahhd
xou ovtorywviotixd exroudeupévous talivopntée ConvNeXt-Base (e € {0, 1/255, 2/255, 8/255}). Ltodyoc elvou
vo petatpédoupe exdvee pe modoroyia (peyohoxopdio, tvevpovia, drusen, pétpio dvola) oe «uytelcy exdoyéc
xou var atohoyfiooupe téoo tocotxd (FID, CMMD, Flip Ratio, L1 andotaon, oiyouptd tadivopunts) 6co xou
TOLOTIXE. TNV OMOTEAECUATIXOTNTA TOUG.

ITocotixd AnoteAéopata
Yroug ITivaxeg 1.8 xan 1.9 napovoidlovton oL emdOoELS xo oTa H00 GUVOAAL BEBOPEVLV UXTLVOYRAPLEY VP
EnuavTtd ouunepdopota:

e EniSpacn tng Avraywvictixnc Evpwotiog: Mn undevixés tipéc € 0dnyoluaote otny napaywy
O PEAALOTIXEY AVTLTOPAUSELYHATIXDY EdVeV (younhdtepo FID/CMMD) odd xar o€ ehoppdds audnuévn
L1 andotaon (Mydtepn «opadTnTos ).
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o Ytadepd YPnArd Flip Ratios: Lyedbv oc ohéc tic mepintioeis Eenepvdtar to 95% oe avtiotpopn
amoPACNE, UTTOBEVOOVTAS aELOTUOTY odAhoryY) TaELvoUNang.

e Yuoyeétion Apawdtntac—Euniotoocdvng: Meyolltepa € cuyvd auEdvouy Ty olyouptd Tou Tal-
vount oty «UYL)» xAdoT), UE TO aVTIARYUA Yiol Lo eXTETOMEVES eNMEUPAOELC TNV apyiXT| ELXOVAL.

Epsilon FID | CMMD | Flip ratio T L1 | 3wyoveld T

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: X0yxplon Spopetinddv Ty epsilon xou ol emmtwoelg toug oe FID, CMMD, flip ratio, L1 »o
otyouptd tadivounty| (tveupovia).

Epsilon FID | CMMD | Flip ratio T L1 | Jwyoveld T

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: Xiyxpion Swopopetinddv Ty epsilon xan ot emntooeg toug oe FID, CMMD, flip ratio, L1 »ou
otyouptd tagivounty| (peyohoxopdia).

ITototixég Tuyxplioelg
AnAoc vs. AvtaywvioTixd Aviextinog Tadivounthc

Yo Syfuarta 1.4.9 xou 1.4.10 ocuyxpivoviar avTimopadelyatixéc Eoves, Onwe Tpoxintouy and amhd (e = 0)
xou and avtayevotxd avdextixd (€ > 0) tadvounth. O avdextixol tadivountéc divouv mo cuvextixéc xou
OTOYEUUEVES 0TI TdOROYIXES TiEployEC emepPdoels (T.y. péyedoc xou oy o xapdLds, TEPLOY TKV TVELUOVWLY).
Or amhol ta€ivountéc epgpaviCouv eviote BLdyLTES, AYOTEPO XAVIXE CYETIXES OANAYEC.
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Yyiéc Yyiég
ApxwxA Ewxxdva AVOXATACKEVACUEVY] AVTITAEASELY O Avtinopddelyua
Meyaloxopdiog Ewdva and AnAd and AvOexTtixd
Tagwvountn Tagwvountn

ABIARIA

Ewova
Alopopnv we
TEOC TNV AEYIXN

Figure 1.4.9: X0yxpion uyldy avTinopodelyUdtwy yia Heyohoxopdia, WeTald amAol xot ovTaywVvioTixd
oviexTinol TaZvountH.

—_—

Yyiéc Yyiég
Apyux Ewxxova AVOXATACKEVACUEVY] AVIITAEASELY O Avtinopddelyua
ITvevpoviog Ewcdva and AnAo and AvOexTtixd
ToaZivounty Toagivounty

Ewova

Alopopnv we
TEOC TNV AEYIXN

=

Figure 1.4.10: X0yxpLom UYLV avTiTAUpadeElYUAToY Yol TveLdovia, UETOED amhol XaL avToy VLo TIXE avieXTixol
To€vount.

Avtinapadeiypoata vio AvOextixovg Tagivountég

Io xadévor and tor Téooepa GUVORA BEBOUEVELV, DNULOVEYNOOUE KUYLEICY OVTIMUPUOELYUATIXES EXOVES Yl OV-
Ty Vo TXd exntaudeupéva wovtéha (€ > 0). To Tyhpota 1.4.11, 1.4.12, 1.4.13 xou 1.4.14 Beiyvouv oplouéva
anoteréoyoTo
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Original Image: Inverted Original Counterfactual Image

Diff: Original vs Inverted Diff: Orig vs Counterfactual

Figure 1.4.11: Tyiéc avtimapdderyuo yia tepintwon mveuuoviag.

Original Image Inverted Original Counterfactual Image

Diff: Qriginal vs Inverted Diff: Grig vs Counterfactual

Figure 1.4.12: Tyiéc avtinopddelyo YLor X6V UEYOAOXAPBloC.
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Original Image Inverted Original Counterfactual Image

Diff: Original vs Inverted

Figure 1.4.13: Ty avtimopddetyuo yior UETELA Gvold. AVACTEEPOVTOL HEPIXNS OL ATEOPIXES TEPLOYES, EVE TO
HEYeDoc TV XOLADY ETUVERYETAL IO XOVTA OTO PUOLOAOYIXO.

Diff: Orig vs Counterfactual

Original Image Inverted Original Counterfactual Image

Diff: Original vs Inverted Diff: Orig vs Counterfactual

Figure 1.4.14: Tyiéc avtimapdderyyo yia Drusen. O evamodéoeig yewdvovton, eve) oL oTBASEC Tou
AUPPANCTEOEWDOVE YivovTal O OUOLOUOPYES.

IMapatneroeic ko SVUTERACUATA

e Ytoycvuéveg Tpononotioeic we Avdextixolc Tagwvountég: Ol ydpteg Slopopddy eotidlov-
o1 oTIC TOAOYIXES TIEPLOYES, BEATLOVOVTOC TNV EQUNVEUCLUOTNTA.

o JuufBiBacuog yia TNV T @ Meyahltepn T € evBéyeTal Vol eVioyVEL TOV PEUAGHO, ahhd auEdvel
e moapayopevee odhayée (L1). Kdde obvoho dedouévev uropel va amoutel dAAN emhoyh € Yo 60Ot
Looppomnia.

e Y{nro6 Flip Ratio o '‘Olec tig KNdoeig: Axdua xaw oe anatnuxéc neptntooelc (n.y. Drusen
1 dvolar), To TAAC0 aVTIOTEEPEL aEIOTUOTO TNV ANOPACT, TOU TUEWVOUNTY, TUPEYOVTOS EYXUPES OVTLIO-
PODELYUOTIXES EXOVES.
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SUVONXE, TO TELGUATOL TUPAY LY G AVTLTUPAOELY HATIXMV ELXOVLV BelyVoUuV pati 1 avTory wvio T aviexTixdTnTa
elvon xplown: o aviextnd gradients to€ivountdv mopdyouy XAVIXA PEAAG TIXEC TPOTIOTOLACELS TTOU HETATEETOLY
nadohoynée edveg oe TEWGTXES «UYLElE» exdoyée, Blatnpdvtag mopdhinha o Bactxd avaTopxd YapaxTneLo-
TG TWV LATEXOY ATELXOVIGEWY.

1.4.5 Enidpaocr twv Opwyv tng Xuvdptnone Anwieiog

e auth TNV eVOTNTA UEAETAUE TS (dPE CUVLOTAOON TNG CLUVAETNONE ATWAELNS YLOL TA AV TLTUEADELY oTar—ONAadY
0 6po¢ xavovixomolnong oTov YWeo TwY pixel (Aimage); 0 6p0¢ AVTANTTIXAG OHOLOTNTAG (Aperc) X0t O OPOC XOVOV-
omonone otov Aavidvovta Yo (Alaent)—ETMNEEALEL TG TOPAYOUEVES AVTITUPUDELYHATIXES EXOVES. Aed-
YOUUE ToL TELRUATA OE TOROBElYHATO UEYOAOXAUESIOC Xol TVELHOVINGS, YPNOULOTOIWVTAS TOV XOADTERO avieEXTIXO
tagvounty Baoet CMMD. T xdde nelpapor, yetodhovue pior UTEPTAUPAUETEO XU XPAUTAUE OTAVEREC TIC GANES
otic TEC Apere = 0.1, Aatent = 1074, Aimage = 1076.

ITocotixd AnoTeAéopaTa

H aglordynon Baotleton 6mwe xou npwv otig yetexée FID, CMMD, flip ratio, L1 andotoaor xou oiyoupld tot-
vounty, WoTe va eEETAGTOVY 0 PEAAOUOS, 1) ATOTEAECUATIXOTTA TpoToToinong xat 1 apaudtnte. O Iivaxog 1.10
ouvolel To AMOTENECUOTA YLOL TLS EXOVES TIVELHOVIAC.

MeraBarrbpuevn Yreprnapdpetpoe FID | CMMD | Flip (%) T Ll1| Ewpnictoobvn T

Aimage = 1078 48.59 0.240 98.8 0.0434 0.9807
Aimage = 1076 49.63 0.264 98.0 0.0269 0.9744
Aimage = 1075 56.64 0.333 95.0 0.0125 0.8913
Xporc = 0.01 18.66 0.213 98.5 0.0294 0.9803
Aperc = 0.1 49.63 0.264 98.0 0.0269 0.9744
Apere = 1 58.12 0.377 95.2 0.0229 0.8991
Matont = 103 51.31 0.250 94.4 0.0318 0.8811
Matent = 1074 49.63 0.264 98.0 0.0269 0.9744
Matent = 1076 53.94 0.320 99.2 0.0215 0.9841

Table 1.10: Enidpoon xdde cuviotioug Tng cLVAETNONE AMMAELNS GTNY TOLOTHTA TWV TOROYOUEVELV
avTimopadelyUdTwy (Tveupovia).

ITotoTixd AnoTteréopota

INo eminpéodetn avdhuoy, OTTIXOTOLOUUE Tol AVTITUEADELYHATA TOU BNULOVEYOUVTAL UETUBIANOVTUC TO Aimage-
Y10 Lyfua 1.4.15 amewcovileton 1 apyixn exodva ueyohoxapdlag, Tor Tapory GUEVOL oy TLTopadel YT ot oL Y8pTeg
BLopop®Y Ylol BLaPOPETIXG enineda xavovixormolnome.

Yulvtnon

e '‘Opoc xavovixornoinone oe pixel-level (Aimage): Mixpdtepec tiuée entitpénovy v mapoywyn
TWO PEAAOTIXGDY ,CUUPWVA PE TI AVTIOTOLYES UETEXES, OVTLRUQAUDELYUATIXOY EXOVROY TV OTOV OUKS
oL oMayée elvon xou Aydtepo apouéc. Autd QolveTal Xou omd TV oOYXELOY TWV EOVGLY SLopopds Tou
Syfuatog  1.4.15.Avtideta, adénon tng cuyxexplévne unepTapouéTEou odNYel o8 WXEOTEENC EXTACTC
%Ol €VTUONG TPOTOTOLOELS.

o Avuidnntinos ‘Opog (Aperc): XounhOTepeS TWES UTOPOUY VA EVIOYVOOUV TOV PEUALOUS XOL TO
0600TH AANAY TG ATOPACNE, OANS etexTelvouy TI¢ Tpontontooel. TmAdtepe TYég 0dnyoldy oe xahiTeen
BLLTAENOT AVTIANTTIXWY YUPAXTNRIO TIXWY, AUEAVOVTAS TNV dpaldTNTA.

e 'Opoc xavovixonoinons otov Aavddvovia X®deo (Aatent): ALENUéVN xavovixornoinorn oto
havddvovTa YWeo UEWVEL TNV olyoupld Tou tadivounth xou to flip rate xon avgdvel Tov peahloys , eV mo
YONUPY) XAVOVIXOTIOINGY| EMUTEETEL LOYVPOTEPES UETATOTICELS OTOV AavidvovTa YMpo UTOVOUEDOVTOSC TOV
peaAloud 0ANS BEATIOVOVTOG TNV CEOtOTNTA TNG TPy OUEVNS EXOVIG.
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Aimage = 107° Aimage = 1078

Apxixn

Figure 1.4.15: Enidpoom ¢ Aimage OTO TURAYOUEVO AVTITAUEAUDELY AT UEYOAOXAUEBIOC Ko OTIE avTioTOLYES
ELXOVES BLAPOREV.

e Baowxdg JuvppiBacuds: O nopduetpol autol puduilouy tnv toopporio uetadd pealiopol, €xtacrng
oAy v xat amotelecpotieotnTag todivounons. Kde dpog cupfdiher xodoplotind ot dnwovpyio ontixd
TELOTIXMY XL XALVLXE YPNOUWY OV TLTOQUOELY UATWV.

Ané v avdhuon xadlotaton copéc GTL 0 OYEBLACUOS TNS CUVARETNONG AMWAELNS EVOL EUENXTOS X0l OTOTENED-
patixéc. Me xatdhAnin pOOULoN TWV UTEPTUPOHETEWY, O YENOTNS UTopel var BOGoEL TpoTtepaldTNTa ElTE GTNV
apatdTATA(Sparsity) Twv odaydv,elte oty otyovpld tne Tagvounone oty avTinapodely Lot xAdon eite oto
eninedo peAAoUOO—aVAAOYA UE TIC XAVIXES 1) EQUNVEUTIXES AMAUTHOELS.

1.5 Xvunepdopata
1.5.1 3Xul7tnon

YN Topoloo BITAWUATIXN EpYAClo THPOUCLAGOUE EVOL XAVOTOUO TAXGLO VLo TNV TOEAY Y] PEAALS TIXWV, 0PV
xot EPUNVENOOVY LTEIXMOY avTimapadetyotixody eényfoewy. H npocéyyion poc cuvdudlel évav alyypovo tali-
vopunt tonou ConvNeXt (1600 o€ amhf 660 xou o€ avTaywvio Tixd avlexTix| exdoyn) Ue €va LOVTEND TapaY WY HC
exbvwyv StyleGAN2-ADA, evioyupévo and teyvinés avootpoghc ITAA (E4E xaw Pivotal Tuning Inversion). O
OYEBLAOUOS AUTOC ETUTEETEL TNV AVAXUTAUOXELT] EXOVWY UPNAAC o TOTHTAS, BlatnedvTag Towtdypova xeloeg
AVOTOUXES AETTOPEPELEC IOV ELVOIL OTOROLTNTES YioL TNV XALViXY) epunveia.

Kopieg Yuveltocpopéq.

o AvanthZoye Wi Bladxasoia Yior TNy vy VO eLoY) Xoll TEOTOTOINCY TwV AEYOUEVWY ATOXAIVOV-
TV YoUpaxTNeLlo Tix®V (Héow tne pedddou PIECE), pe otdyo v mopaywyh ovTlmopadery oty
ELXOVWY TOU aVOBELXVIOLY TIC TAEOV OYETIXEC avaToUXéC TEpLoYEéC oe Tadrioelc Onwe 1 ueyahoxapdio, 1
Tveudovior ot oL aPUBANCTEOEIBIXES AANOLWCELS.

o Méow e avtaywvicTixne exnaidevone (TRADES) tou talwvounts, anodelloue 6t o o €lp-
woto gradients tadivountdy odnyoly ce oNUACLONOYIXES Xt XAVIXA cLOYETWLOUEVES PETABOANES, OE avTi-
Veon e TIC AVTLIAUPAOELYUOTIXES EXOVES ATAGDY TagvounTt®y mou Umopel va teptéyouy tuyaiec X didyuteg
aAAoYECS.

e Emuxvpdoape Tt péBodo 1600 nocotxd (pe deixtec 6nwe to FID, CMMD, Flip Ratio xou L1
anbotaon ) 660 xo noloTxd. To anoteléopota €3eiloy OTL, UTO XOTAAANAES TYLES UTERTIORAUUETOEWY,O0L
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AAAGYEC TTOU TIERLEYOUY OL AVTLTORODELY HAUTIXES ELXOVEC THPAUUEVOUY HPALES XOUL XALVIXE CUVOPELC BlaTNEWMYTIS
TUEEAANACL Tol EEATOMNEUPEVAL YOPUXTNELOTIXA TOU ac¥eVolC.

e To nhaioio avactpophs ITAA (E4E + PTI) enétpede tnv oxpiB] avoxotaoxeur TV oyt
ELXOVWV,EVE TUPAAANAL UAC £BWOE TNV BUVITOTNTA VoL EAEYEOUPE Xa VoL ENEEEQYAT TOVUE UE PEY AT EUXOALL
o Btavdoporto atov Aavddvovta yopo tou ITAA.

Ynpaocia xow Avtixtunog. To npotewvdpevo mhaiclo cuyfdiiel oo evpltepo medlo tng Epunveloiung
Texvntris Nonuootvns (XAI) otny uyelo, avtamoxplvOpevo otny avdyxn yio alldémotes xou dtopaveic pedddouc
epunvelag ot latpéc emdves. Méoa and v napaywyr) apottdv oARS ovartogixd eDAoYwY eneuBAcemy, ol xAvixol
yiateol unopoly va xatavoolV XaAUTERA TO EASYLOTO GOVOAO AAAY MY TOU ETNEEALEL TNV OTOPACT) TOU LOVTEAOU,
evioy0ovTag €TOL TNV EUNIOTOCUVY| GE YOVTEAX TOU AELTOLEYOLY w¢ "padpa xoutd".

ITepropiopoi. Ilapd ta evioppuvtind anoteAéopata, Ho mpénel vo avageplolye enione oe xdmoloug TEpL-
oplopolc tou mhawciou. Ou pédodor mou Pooilovtar oe ITAA Suoxoheloviol dpXETE OE TMEPITTOOELS OTEVLLV
TadohoYUOY 1 O ETEPOYEVY) GUVORA DEBOUEVLY OTou Ta dedouéva exnaideuong elvar apxetd meploplopéva. Emi-
TAEOV, EVE 1) AVTAYWVIOTIXY) EUPKO TloL UTopel Vo EVIOYVEL TNV EPUNVEUCLUOTNTA, EVOEYETOL VO UELDVEL ENAPEMS
v oxp{Bela Tou TaEvounT.

Teiwxeg IMopatnerosic. Zuvolnd, to TERdUatd pac Oelyvouv 6Tl 0 cuVBLOoUOS aviexTiX®y Tokl-
vountov pe i toyver dadxocio avaotpoghic ITAA uropel va tpoc@épet aIOTIOTEC X0l XUTATOTUO TIXES AV~
TimopodELYLOTNES EENYHOEIC—EVA ONUAVTIXO B TEOC OCQPUAECTERES EPUPUOYES TNG TEYYNTNAC VONUoclvNng
oToV Topéd TNG LaTpMhc amewxovione. Méoa and extevelc mocotxée xan moloTnée avahloels, omodelloue
Blowdtnta TG TPOCEYYLIONE Yo 0 TOMATAG Gvoho SEBOUEVWLY.

Extolue 6t 1o mpoteivouevo mhaicto umopel vo anoteAécel T Bdon yia SLApopES LUTEIXES EQUPUOYES, OTOU
edixol Yo umopotv vo e€etdlouy dueca midg Wxpés adhayés otig edveg ennpedlouv Ty TedBAedr, evioybovog
TNV XATAVONOT TOCO TKV DEBOUEVLY TOU aoevolg 600 XaL TNG CUUTERLPORAS TWY HOVTEAWY.

1.5.2 MeArovtixéc Kateuddvoelc
Bdoel twv eupnudTwy xon TV TERLOPLOUMY auThg TNg WeAéTng, tpotelvovton Tto e€ng nedio ueAAOVTIXAC Epeuvag:

e Meiéteg Xpnotodv pe Emiotipnoveg and tov topéa tne Yyelog: Awclaywyr UeAET®V e
X TLVOAOYOUE 1) GAAOUC EBLXOUC Yiot TNV 0ELOAGYNOT| TOU PEAALOUOD, TNG EQUNVEVCUOTNTOC Xal TNG XAVIXTC
EYXVPOTNTOG TWV TOPAYOUEVV VTLTUPAUOELY HATIXODY EENYHOEWY 0nd TO TAXCLO UoC.

o ITponypeva IMoapaywyixd Movieha: Agpebvnon evolloxTix®y POVIEAOY TopoywyNS Edvog
(m.y. diffusion models ¥ Behtiwyévee apyitextovixéc ITAA) mou evdeyopévme anodidouy xahidtepo oTIC
TONOTAOXES LATEIXES ELXOVEC.

o Suyxpitixry AZohdoynon ApyitexTovixwy: Enéxtaon tou mhaciouv o GAAEC dpyITEXTOVIXEG
tagwountayv (m.y. DenseNet, ResNet, ViT) dote va SacpahoTel 1) YEVIXELOT X0l 1) CUVETEL TEV OTOTE-
AEOULTWY.

o Teowodidotates Iatpixés Anewxovioeig: Enéxtaon tou mhaciou oe tpiodidototo dedopéva (m.y.
afovixéc i payvnuixée Topoypapiec) Yy vo dievpuvdel 1 egapuoyh oe mo odvideto oevdpla wotpiis
ATEXOVIOTG.

o Juyxpitixég Meiéteg Eppunvevoiwdtntag: Juyxpitix) oaflohdynon TwY oVILTopudEry ATV
eENYHoewy Evavtl ALV SNUoPIAGY TEXVIXGY enelnynuatixémtas (). Grad-CAM, Integrated Gradi-
ents), ylo TAnpéotepn eXPWOT Xl EQUNVELXL.
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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 classification [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-specific knowledge [124, 137].
Although this may be acceptable in other domains, in medical imaging poor decisions made by a classifier
may negatively affect healthcare outcomes and pose risks to patients. This has prompted reactions by both
the research community, with the development of techniques for eXplainable Artificial Intelligence (XAI) [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 significantly affects an individual.!
This limitation poses a substantial barrier to the integration of these models into mainstream applications.

Many different approaches have been developed for explaining black box image classifiers. 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 different 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 differences
between the original and the counterfactual image can serve as a saliency map [83], with the added benefit
that the counterfactual image serves as a certificate of correctness for the saliency map.

Technically, any image that produces a different 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 flip the classifier’s output. As an example, for a classifier 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 different patient and not the same
patient with a different 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 classifier. This
technique also poses no restriction on the number of output classes of the classifier 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:

2.3

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

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

We employ Generative Adversarial Networks (GANs), 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 classifier and allows us to use the same explainer for any binary or multi-class
classifier trained on the same data distribution.

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

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 significance 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 (GANs), GAN inversion techniques, adversarial training methods, and Explainable
Artificial Intelligence (XAI) 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 specific 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 classifier, the StyleGAN2-ADA
generator, GAN inversion pipeline (E4E and PTT), 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 classifiers,
evaluating GAN inversion quality, and thoroughly analyzing the effectiveness of the SPRUCE-generated
counterfactuals.

Finally, in chapter 7 we conclude the thesis, summarizing the main findings, discussing their implica-
tions, and suggesting potential directions for future research.

64



Chapter 3

Theoretical Background

Contents
3.1 Convolutional Neural Networks . . . . . . ... ... o v v v v v, 66
3.1.1 Theneuron . . . . . . . . . 66
3.1.2 Neural Networks . . . . . . . . . . e 67
3.1.3 Convolution . . . . . . . ... 70
3.1.4 Pooling layer . . . . . . . . e e 72
3.1.5 Batch Normalization . . . . . . . . . . .. . . 72
3.1.6  Fully connected layer . . . . . . . . . .. 73
3.2 Generative Adversarial Networks (GANs) . .. ... ... ... 74
3.2.1 Architecture and Training Procedure . . . . . . . . . ... ... ... ... ... . 74
3.2.2 Variants . . . . . . L e e e e e 74
3.2.3 Applications of GANs . . . . . . .. 75
3.2.4 Challenges and Limitations . . . . . . . .. .. .. L L Lo 75
3.3 GAN Inversion and Latent Representations . . .. ... ... .......... 77
3.3.1 Latent Space Representations . . . . . . . . ... ... . 77
3.3.2 Fundamentals of GAN Inversion . . . . . .. .. .. ... ... .. .. ... 77
3.3.3 Importance of Inversion . . . . . . . . . . . ... e 78
3.4 Adversarial Training and Robustness in Deep Learning . .. .. ... ... .. 79
3.4.1 Adversarial Examples and Attacks . . . . . ... o oL 79
3.4.2 Adversarial Robustness . . . . . ... L Lo 79
3.4.3 Adversarial Training . . . . . . .. ... 79
3.4.4  Other Defense Strategies . . . . . . . . . ... .o Lo 80
3.4.5 Challenges and Ongoing Research . . . . . .. ... ... ... ... .. ...... 80
3.5 Explainable AI (XAI) and Counterfactual Explanations . . . ... ... .. .. 82
3.5.1 Definition of Interpretability and Explainability . . . . . . .. ... ... ... ... 82
3.5.2  Overview of Common XAI Techniques . . . . . .. ... ... ... ... ...... 82
3.5.3  Counterfactual Explanations . . . . . . ... ... ... L o 83

65
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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.
Specifically, 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.

@W\
(Inputs)—|

(Summation function)

f ypredicted

(Activation function)

(Weights)

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 final 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(z) = max(0, x) (3.1.1)

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 affects the
results by not mapping the negative values appropriately.

Leaky-ReLU 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(z) =1(zx < 0)(ax) + I(z > 0)(z) (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

= 1.
14+e® (3.13)

o(x)

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) = 20(22) — 1 (3.1.4)

—Sigmoid
~~Tanh

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 first 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 final layer, called the output layer, produces the network’s
predictions or decisions and its structure depends on the task (e.g., classification, 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:

m

1
J(w —Z 5D,y D) (3.1.5)

m

where w 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 difference between the actual value
and the predicted value, squaring it and in the end taking the mean of it:

m

MSE = m Z(yactual - ypredicted)2 (3.1.6)

i=1

Its disadvantages are that it is affected 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 classification tasks,
measuring the difference 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:

- Z% log(7:) (3.1.7)

The fact that it is a smooth and differentiable function which provides useful gradients for learning and is
more effective in handling class probabilities makes it preferable in classification 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 defined by the negative of the gradient.

0=0—nVeJ(0) (3.1.8)

where 7 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 artificial 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, efficiently 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 find. The Backpropagation algorithm works by two different 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 finally 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 flow 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.
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Figure 3.1.3: The forward and the backward pass.

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

oL; OL; 00

.7 3.1.9
6Woutput 80 aVVoutput ( )
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 layer h we have:
OL; oLy 00 0h
_ (3.1.10)

oW, 00 0Oh oW,

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 specifically 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 overfitting. Regularization is a technique used in deep
learning to prevent overfitting, 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. Specifically, 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 flexible way.

L1 regularization In L1 regularization, for each weight w we add the term A;|w| 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 %w2 is added to the loss function where A is the regularization
strength. The factor of % is used so that the gradient of the term is simple Aw. The L2 regularization has the
intuitive interpretation of heavily penalizing peaky weight vectors and preferring diffuse 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 — Az towards zero. It is possible to combine the L1
regularization with the L2 regularization: \i|w| + Ayw?.

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 specific 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, flipping, or cropping images). It helps the model generalize better by learning
from a wider variety of examples, thereby reducing overfitting. Often it is performed in less populated
categories of the training dataset in order to close the gap on the difference 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 first makes its predictions to
all the samples of each batch and after it is finished 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 affects 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 efficient 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 filter or kernel and an
input) to produce a third function that expresses how the shape of one is modified by the other. In simpler
terms, it is a way of applying a filter (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 as v;}’, is given by the following formula:
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P-1Q;—1
wy — tanh (b” + Z Z Z ,wpq (17+P)(?/+‘1)> (3111)

m p=0 ¢=0

where tanh is the hyperbolic tangent function, b;; 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, wff is the value at the position (p,
q) of the kernel connected to the kth feature map, and P; and @; 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.
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Figure 3.1.4: Convolution Visualization. The filter (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 specific 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 differentiable 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 field and is applied only to the
corresponding layers. Therefore, it has w X h X ¢ number of weights, where w X h is the receptive field and
c is the number of channels of the input image. That’s why convolutional neural networks do not detect
as sufficiently as attention mechanisms contextual information. The depth of the filter in each kernel, for
example nl 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 filter.
The purpose of multiple stacked filters is to detect multiple characteristics one output from each convolutional
layer. Even though every neuron has a specific receptive field, by shifting the filter and computing the output
of every patch there is no need for multiple neurons for every patch of the input image. The shifting is
specified by the stride of the filter which indicates how many pixels the filter 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 final feature map compared to using no padding.
Finally, assuming if we have an input of w x w x D and number of kernels with a spatial size of F' with stride
S and amount of padding P, then the size of output volume can be determined by the following formula:

W —F+2P

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 parameters v and S 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 effect. 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 (GANs) were first introduced by Ian 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 network (G) 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:

mén max V(D,G) = Eppguia(@log D(x)] + E.p_ () [log(1 — D(G(2)))] (3.2.1)

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

High
Dimensional
Sample
Space Real
Discriminative
Network
Low Generative D
Dimensional Network Fake

Latent Fake Images
Space G

Figure 3.2.1: The architecture of vanilla GANs.

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:

e DCGAN (Deep Convolutional GAN): Introduces convolutional neural networks (CNNs) to GAN
architectures, significantly 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 offers better convergence properties [3].

e 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 finer details [51].

e StyleGAN and Variants: StyleGAN introduced a style-based architecture that enables fine-grained
control over the synthesis process [49]. It was further refined 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 DCGANS from [140].

3.2.3 Applications of GANs
GANSs have shown versatility across numerous fields, including but not limited to:

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

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

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

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

e Evaluation Difficulty: Lack of definitive, 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].

Real Images Synthetic Images

Mode Collapse
in GANs

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 finding a latent code z such that the output of the generator
G(z) closely matches a given real image x.

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 as Z, 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 offer improved disentanglement and
manipulation capabilities [49].

Fake Image

Sampling &

Latent space Generation X = G(z), N0, 1)

(a) invert real image into latent space

Inversion

z*= arg min (G(z), x)
Z

(b) manipulate the inverted image in
the latent space

x = G(z*m,) x = G(z*mn,)

Reconstruction& Manipulation

Decrease age Add smile
Figure 3.3.1: Illustration 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 image G(z*) is as
close as possible to a target image x. This process enables real image reconstruction, semantic editing, and
analysis of the latent space. Formally, the problem is posed as an optimization:

zF = argmzin L(G(z),x) (3.3.1)

where £ 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:

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

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

e Hybrid approaches: Combining encoder initialization with optimization refinement for better trade-
offs.
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Hybrid Inversion

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 offered by the generator.

Despite its utility, GAN inversion presents challenges, including reconstruction fidelity, identity preservation,
and handling of out-of-distribution inputs. These issues are areas of active research and refinement.
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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 misclassifications 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 . The perturbed input 2’ = x + § is designed to cause the neural network model f to produce an
incorrect or targeted output:

max L(f(x+9),y) subject to||d]], <, (3.4.1)
where £ is typically a classification loss, y is the true label (or a targeted label for targeted attacks), || - ||,
denotes the £,-norm, and e defines the allowed perturbation budget.

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

e 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]).

e Black-box attacks: The attacker can only query the model and observe outputs (e.g., transfer-based
or query-based approaches [89]).
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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 e. The discovery of adversarial vulnerabilities
has spurred research into both theoretical and empirical robustness criteria [29], including provable bounds
for specific 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 refined by Madry et al. [73], adversarial training incorporates adversarial
examples into the training set, effectively teaching the model to resist perturbations:

min max L(f(x + J;6),y), 3.4.2
in max £(f(a +5:6).) (3.42)

where 6 are the parameters of the model. By repeatedly generating adversarial examples and updating 6 to
minimize the loss on those adversarial inputs, models can become more robust.
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e FGSM-based training: Uses the Fast Gradient Sign Method (FGSM) to generate adversarial exam-
ples during training [33].

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

e Curriculum adversarial training: Starts with smaller perturbations and gradually increases € as
training progresses.
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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:
e Defensive distillation: Training a secondary model on softened outputs of the original model [88].

e 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 effective.

e Certified 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-offs between
accuracy, robustness, and computational cost, as well as how to extend robustness beyond £,-threat 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 AI (XAI) and Counterfactual Explanations

Explainable AT (XAI) 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 Definition 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 efforts 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:

e 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).

e Intrinsically interpretable models: These are models whose structures are inherently transparent
and understandable (e.g., decision trees, rule-based systems), though they often trade off predictive
power for interpretability.
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Figure 3.5.1: Black box AI models versus interpretable and explainable AT models from [44]

3.5.2 Overview of Common XAI Techniques

XAI methods in computer vision often focus on localizing influential 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.

e Grad-CAM: Uses the gradients of target outputs flowing into the final convolutional layer to produce
a coarse localization map.

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

e Other Approaches: LIME [94] and SHAP [69] approximate complex model behaviors around specific
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 to change an input to achieve a different outcome. This is where counterfactual
explanations stand out.

GAP
Glaucoma

<Z00
<Z00
<Z00
SZO0D

CAM
(glaucoma)

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 reflecting human-like
reasoning [75, 28, 22, 24, 72].

Original Image Counterfactual Image Diff: Orig vs Counterfactual

—

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

Essential Criteria for Effective Counterfactuals

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

e Validity: The counterfactual image must change the model’s classification outcome. If the original
prediction was positive (e.g., malignant), the counterfactual should induce a negative (benign) outcome,
and vice versa.

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

e 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 effect, but
removing a critical anatomical structure entirely is not.
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e Sparsity: The change from the original image should be minimal, making it clear which factors
influenced the decision. This also aligns with interpretability: small, localized changes are more easily
understood than broad, sweeping modifications.

e Causality: Ideally, counterfactual modifications reflect meaningful disease pathology rather than su-
perficial, spurious changes. If removing a suspicious nodule decreases the classifier’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 diagnosis: “If this lesion were
slightly smaller or differently 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:

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

e Clinical Validation: Any modifications to medical images require expert evaluation to ensure realistic
anatomical changes.

e 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 significant attention within the XATI 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: firstly, to highlight the breadth and evolution of techniques developed outside
healthcare, emphasizing foundational concepts and innovations in algorithmic design; secondly, to explore
methods tailored specifically 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.
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4.2 Visual Counterfactual Methods for Medical Imaging . . . ... ... ... ... 90
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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 XAI community.The methods below are
presented in chronological order of publication:

e CEM.Dhurandhar et al. [23] introduce one of the first algorithms for visual CE generation. This
explanation process involves finding a minimal set of features in the input that are sufficient for the
same classification (pertinent positives) and a minimal set of features that should be absent to pre-
vent classification 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 effectiveness 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.

e CVE [34].The Counterfactual Visual Explanation approach aims at finding counterfactual explanations
for image classifiers by solving with greedy search the minimum-edit counterfactual problem. The idea
of CVE is simple but effective. Given a classifier 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 different datasets: MINIST , SHAPES which is a dataset of synthetic
images which are depicting objects characterized by shape,color and size , Omniglot which contains
1623 different handwritten characters from 50 different alphabets and CUB-200-2011[123].

/TP
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Figure 4.1.1: CVE approach generates counterfactual visual explanations for a query image I (left) —
explaining why the example image was classified as class ¢ (Crested Auklet) rather than class ¢’ (Red Faced
Cormorant) by finding a region in a distractor image I’ (right) and a region in the query I (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 image I'* would be classified more confidently as ¢’

e 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 defined 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 KDEk-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 find 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.

e 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 modifications 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 the CelebA dataset.

e SCOUT. The Self-aware disCriminant cOUnterfactual explanaTion method in [125], aims at returning
discriminant counterfactual explanations for image classifiers. 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 classifier 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: The CUB200-2011 datset [123] and the ADE20K dataset [141] with
more than 1000 fine-grained scene categories.
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Figure 4.1.2: Counterfactual explanations using SCOUT method.

e FRACE.Fast ReAl-time Counterfactual Explanation which is introduced in [139] is basically an ex-
plainer for neural networks classifiers 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 different datasets : MINIST which is a large collection of handwritten digits, EMINIST][16]
which is an extension of MNIST and another dataset which consists of various Chinese Characters.

e PIECE. Kenny and Keane [54] illustrate the PlausIble Exceptionality based Contrastive Explanation
(piece) method for generating contrastive explanations for CNN working on image data. PIECE iden-
tifies 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 CIFARI10 dataset.We will explain this method in detail in the Methodology section, as
it inspired us to create our SPRUCE framework.

e 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
affecting the model’s predictions, such as revealing biases or spurious correlations. DiVE employs a (-
Total Correlation Variational Autoencoder (8-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 influential latent factors, thus encouraging modifications 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.

e 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 specifically explain multiple
attributes that underlie classifier decisions.It is showed how an image can be modified in different ways
to change its classifier output. The results show that the method finds attributes that align well with
semantic ones, generate meaningful image-specific explanations, and are human-interpretable as mea-
sured in user-studies. Multiple datasets are used in this specific paper: CelebA , CUB-200-2001 ,
FFHQ which contains multiple human faces with different characteristics , age, accessories,ethnicities
and backgrounds , AFHQ which contains multiple animal faces and Diabetic Retinopathy Dataset
which contains a large amount of retina images.
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Figure 4.1.3: StylEx architecture

e SEDC-T.Vermeire and Martens [121] presents SEDCT, an extension of SEDC working on images and
also usable for multiclass classifiers. The algorithm identifies a small set of image segments whose removal
changes the classification 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
misclassified , finding the part of the image that should change in order for that to be put in the correct
class.

e Diff-SCM.In [99] a new deep structural causal model (Diff-SCM) that builds on the latest advances of
generative energy-based models is proposed. Counterfactual estimation is achieved by firstly inferring
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latent variables with deterministic forward diffusion, then intervening on a reverse diffusion 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 Diff-SCM produces more realistic and minimal
counterfactuals than baselines on MINIST data and can also be applied to ImageNet 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 efficient 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 fine-grained image recognition datasets: CUB-200-2001 , Stanford-Dogs
[57] which includes 22,000 annotated images of 120 species of dogs and iNaturalist-2021 which contains
over 2.7M images from 10k different species.

Diffusion Visual Counterfactual Explanations(DVCE). In [7], Boreiko et al. unveil a ground-
breaking approach that capitalizes on the significant benefits of diffusion models, thereby addressing
some of the limitations inherent in existing methods for producing Visual Counterfactual Explanations
(VCEs).The authors introduce Diffusion Visual Counterfactual Explanations (DVCEs), applicable to
any ImageNet classifier, utilizing a diffusion process. This method incorporates two critical modifi-
cations: firstly, a flexible parameterization strategy, enhanced by distance regulation and a delayed
commencement of the diffusion 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 diffusion towards significant, 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 confidence from the classifier.
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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.

e TRaCE. A great approach is made in [116]. The TraCE method introduces an innovative approach to
generating counterfactual explanations specifically 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 classification
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.

e CLEAR. A novel VCE method called CLEAR is introduced in [129] . CLEAR Image explains an
image’s classification 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 classifier’s local input-output behaviour. Counterfactuals ,supported by the causal
equation, are also identified. CLEAR is applied on CheXpert dataset which contains 224,316 chest
radiographs of 65,240 patients with both frontal and lateral views available.

e 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].

e Gifsplanation. In [18] an autoencoder approach to counterfactual generation for Chest X-rays is
introduced.Given an arbitrary classifier, they propose a simple autoencoder and gradient update (Latent
Shift) that can transform the latent representation of a specific input image to exaggerate or curtail the
features used for prediction. They use this method to study chest X-ray classifiers 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.

e 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 fields. The method utilizes Generative Adversarial Networks (GANSs) to transform
the input image into a counterfactual version that the classifier would predict differently. This is
achieved by including the classifier’s decision into the objective function of the generative networks,
allowing for automated and realistic counterfactual creation.The paper validates the effectiveness 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.

e Counterfactuals for Retinal Fundus and OCT Images using Diffusion Models Ilanchezian
et al. [45] explore the application of diffusion 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 diffusion models, known for their realistic image generation,
combined with classifiers trained to detect various eye diseases. This approach produces highly realistic
counterfactuals that not only change the classifier’s decision but do so by depicting or removing disease
signs in a believable manner. The study’s significance is underscored by a user study where domain
experts confirmed the realism and clinical utility of the generated counterfactuals.

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

Workflow of the DiffExplainer
Step 1: Feature manipulation guided by the agent model Step 2: Counterfactual generation Step 3: Feature identification
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Figure 4.2.2: DiffExplainer framework.

¢ Diffusion Autoencoder-based Counterfactuals (DAE).Atad et al. [5] propose using a Diffusion
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 classifier 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 classification and ordinal regression of conditions such as vertebral compression fractures and
diabetic retinopathy. Importantly, this method simplifies the generation of counterfactual explanations,
enhances interpretability, and supports continuous visualization of pathology progression without the
need for additional supervised feature extraction.
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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 classifiers.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 Diffusion 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 workflow 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 offer a better understanding of the classifier’s decision boundaries. We will first
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 classifier 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 classifiers and generative adversarial networks
that will tackle the obstacle of medical image complexity.

@ () ishigh

Test Image

Label: 8
p(x,) is low

« Exceptional

' Feature

| 1 | |

C S

Figure 5.1.1: Identifying Exceptional Features in a query image

Prediction: 3

Setup and Notation. Let a convolutional neural network (CNN) consist of:
- A set of layers, up to the penultimate extracted feature layer X ,will be denoted as C' as shown in Figure 5.1.1.
-A final output softmax classifier denoted as S.

For a given test image I, we extract the deep feature representation at layer X:

z=0C(I) (5.1.1)

where z is the feature vector at the last CNN layer before classification.

The classifier output is given by:
Y =S(z) =5(C()) (5.1.2)

where Y is the probability distribution over all classes, and the predicted class is:
Y, = argmaxY (5.1.3)
Let G represent the generator of a trained GAN, which maps a latent vector z to an image:
I =G(z) (5.1.4)

where z is the latent representation of I.The counterfactuals to a test image I, in class ¢, with latent features
x,are denoted as I’, ¢’ and z’ 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 find the latent vector z , such that G(z) ~ I . This procedure is called
GAN inversion and in the original paper of PIECE a simple optimization approach is used :

z = argmin [|C(G(20)) — C(D)Il; + 1G(z0) — 113 (5.1.5)

where zg is a sample from the normal standard distribution.The method also requires a counterfactual
class to be selected. If the classifier’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 classification is correct for
I, identifying ¢’ becomes non-trivial. A method involving gradient ascent is used to solve this problem :

arg max [|S(C(G(2))) = Yel3 (5.1.6)

where Y, is binary encoded as all Os, and a 1 for the class ¢. During this optimization process, the first
time a decision boundary is crossed, the new class is selected as ¢’.

2. Identifying Exceptional Features. The PIECE algorithm identifies ezceptional features in a test
image I by analyzing the probability of feature activations in the counterfactual class ¢’. This step
ensures that counterfactual modifications focus only on statistically uncommon features, making
the generated explanations more 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 a hurdle
model, which consists of:

(a) A Bernoulli activation probability 6; that represents whether a neuron activates in class ¢'.

(b) A probability density function (PDF) f;(z;) modeling the distribution of activation values
when the neuron is active.

Each neuron’s activation probability for class ¢’ is expressed as:

p(xi) = (1= 0;)6(2:)(0) + 0: fixs), =0 (5.1.7)

where:

e 0; = L is the probability of activation, estimated from training data (¢ is the number of times
neuron ¢ activates, and m is the total number of samples in ¢’).

e fi(x;) is the learned distribution of activations when x; > 0.
o §(z;)(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 fit (Gaussian, Gamma, or Exponential).

A feature x; in the test image is exceptional if its probability under the counterfactual distribution is
below a predefined 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 ¢’:

p(l — 91) <a, z;=0 (518)

(b) Neuron activates when it typically remains inactive in ¢’:

p(0;) <a, x>0 (5.1.9)
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(¢) Neuron has an unusually low activation value for ¢:

(d) Neuron has an unusually high activation value for ¢:

(1 — 91) + 91Fz(33z) >1l—a, z;>0 (5.1.11)

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

By defining exceptional features in this manner, PIECE ensures that counterfactual modifications only
target features that significantly 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 in ¢’ , 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 first. This
ordering is crucial for semi-factual explanations, where modifications stop before crossing the decision
boundary.

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

2/ = argmin |C(G(2)) — a:’||§ (5.1.12)
z
and inputting 2’ into G to visualize the explanation I’.

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 :

e Step 1: Extraction of Exceptional Features.For a correctly classified image, we compute the fea-
ture vector of the counterfactual image in the classifier’s latent space using the methodology introduced
from PIECE.

e 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 significantly enhance reconstruction realism without severely reducing editabil-

ity.
e 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 classifier’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 classifier 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 classifier

The first part of the PIECE framework that we discussed in the previous section has to do with the selection
of a classifier 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 classification
tasks.For SPRUCE, we chose the ConvNeXt model as our primary classification 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 specifically 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 efficiency 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 modifications that improve scalability, expressiveness, and computational efficiency.

We will first present the key architectural innovations of ConvNeXt, highlighting how it refines 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 refinements inspired by ViTs
and Swin Transformers. These enhancements can be grouped into two main categories:

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

e Micro-level changes: Modifications at the block level.

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

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

e The number of blocks per stage is modified to (3, 3, 9, 3) to align with hierarchical Transformers like
Swin.

(b) Patchified Convolutional Stem
e Traditional ResNets begin with a 7x7 convolution followed by max pooling.

e ConvNeXt replaces this with a "patchify" layer—a 4x4 convolution with stride 4, similar to ViTs’
patch tokenization.

(c) Larger Convolutional Kernels
e Instead of using 3x3 kernels, ConvNeXt increases the kernel size to 7X 7 for depthwise convolutions.
e This mimics the global receptive field of self-attention in Transformers.

(d) ResNeXt in ConvNeXt

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

e Separation of Spatial and Channel Processing: Uses depthwise and 1x1 pointwise convolutions,
mimicking self-attention in Transformers while reducing FLOPs.

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

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

e Uses a 4x expansion ratio, similar to ViTs” MLP blocks.

1x1, 96384

d3x3, 384—384

v
1x1, 96—384 1x1, 38496

Figure 5.2.1: Inverted bottleneck structure

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

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

e GELU allows better gradient flow and improves feature representations.

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

GELU(z) = 7 - b(z) = 2 - % <1 +erf (%)) (5.2.1)

where ®(z) 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 :

GELU(z) ~ g (1 + tanh (@ (z + 0.044715903))) (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: GeLU activation function

(b) Reduction of Activation Functions and Normalization Layers
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e Traditional CNNs apply activations after every convolutional layer. ConvNeXt removes redundant
activation functions and uses a single GeL.U activation in each block.

e ConvNeXt only uses one Batch Normalization layer (instead of two) before the conv 1 x 1 layers.
(c¢) Layer Normalization instead of Batch Normalization
e Following the Transformer’s structure, ConvNeXt replaces the traditional Batch Normalization com-

ponent with Layer Normalization in each residual block.
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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 final convnext block in comparison with the ResNet and Swin Transformer
block. The table below summarizes key differences between traditional CNNs and ConvNeXt:

Feature Traditional CNNs ConvNeXt
Convolution Type Standard Convs Depthwise Separable Convs
Normalization BatchNorm LayerNorm
Activation ReLU GELU
Downsampling Max Pooling / Strided Conv Patchified Convolution
Residual Blocks Bottleneck Residuals Inverted Bottlenecks

Table 5.1: Key Architectural Differences between Traditional CNNs and ConvNeXt.

5.2.3 ConvNeXt variant selection

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

101



Chapter 5. Methodology

Model Specifications

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

(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 efficient 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 2242 83.5 15.4
ConvNeXt-Base ImageNet-1K 2242 83.8 15.4
Swin-Base ImageNet-22K 2242 85.2 154
ConvNeXt-Base ImageNet-22K 2242 85.8 154

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

These results highlight the effectiveness of ConvNeXt-Base in large-scale image classification and its capability
to outperform hierarchical transformers , as well as traditional ConvNets, in benchmark classification 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 classification benchmarks. Therefore, to achieve
a balance between model size and robustness, we selected the Base variant as our primary classification 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 ConvINeXt

Modifying slightly the notation used in [54], let F' be a pre-trained, frozen classifier that accepts as input an
image I and outputs a probability vector Y = F(I), with the predicted class being ¢ = argmax(Y). We
assume that F' is a Neural Network whose final 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 final linear
layer, and let = be the input to the final layer i.e., x = C(I), Y = S(z). We will also call = the latent features
of image I. A counterfactual image I’ is an image such that ¢’ = argmaxY”’ # ¢, with Y/ = F(I").

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

e For each class of the classifier, fit a probabilistic model on the latent features of images it classifies to
that class.

e For any given input image with latent features  and any desired counterfactual class ¢’, identify the
“exceptional” features of x with respect to ¢’. These are the elements of x that significantly deviate
from the values that an image classified as ¢’ would have.

e Among these exceptional features, selectively modify only those that influence the classifier’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 classifier was trained on.
Let L. be the set of the latent features of all images in D classified as class c i.e., L. = {z| x = C(I), S(x) =
¢, I € D}. We assume that z follows a different distribution X, for each class ¢ and we fit each X, using the
statistics of L.. Since x is a vector, X. is a multivariate distribution, but we assume that the distributions
X,; of each element x; of x are independent. For each X.; we fit a Gaussian Mixture Model (GMM) with K
components:

K
p(z;) = ZMN(% | ks 07
k=1
where:
e 7, are the mixture weights such that ), 7 = 1.
o N(z; | pg,0?) is a Gaussian component with mean jj, and variance o3.
e 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 Rectified Linear Unit (ReLU), which only takes positive values, and could be fit 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 different and more flexible distribution, with the GMM
giving us the most consistent results. It is important to note that fitting the probabilistic models only needs
to happen once for each classifier and not for each input image.In the experiments we found empirically that
5 gaussian components are enough to effectively model the activation values of the convnext’s features.

5.3.2 Identifying Exceptional Features.

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

K
xTr; —
Flo) =Y m® ( “’“) :
k=1 Tk
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where ®(+) is the standard Gaussian CDF.
The two-tailed probability is then computed as:
P(z;) = min(F(z;),1 — F(z;)).
e If z; is much smaller than the expected values then F(z;) will be close to 0.
e If x; is much larger than the expected values then 1-F(z;) will be close to 0.

A latent feature is considered exceptional if:
P({El) < tv

where t is the significance 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 ¢, we further filter
them by considering the sign of weights w; of the final layer S. Specifically, if an outlier is “high” but also
has a positive weight (or is “low” with a negative weight), it may be beneficial for class ¢’ 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 fitted GMM:

This two-stage process ensures that the modified latent feature vector =’ shifts toward the typical distribution
of class ¢/, while preserving meaningful outliers that support classification into ¢’. Upon completion of this
process, we obtain the counterfactual feature vector in the feature space of the trained classifier. This feature
vector will help us guide the explainer—in our case, the generator—toward producing the final 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.
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Figure 5.3.1: Changing the exceptional to the expected.With the blue and orange lines we have modelled
the activation value of a neuron z; for both classes of the dataset.The activation of the neuron for the query
image I is indicated with red and the expected value of the counterfactual class 0 is indicated with the
dotted line.Neuron z; is considered exceptional and thus its value is changed to the expected.
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5.4 StyleGAN2-ADA model

After selecting the classifier 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 effectively capture the complexity and variability of the medical imaging domain while
ensuring high-fidelity image synthesis. Additionally, it must address a significant 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 (GANs) traditionally consist of two components: a generator that syn-
thesizes candidate images from random noise, and a discriminator that classifies 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 vector z (sampled from some prior, e.g., N'(0,1)) directly
to the generator, StyleGAN first 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 (AdaIN). Once the mapping network outputs w, an affine transfor-
mation produces scale and bias parameters (v, 8) for each layer in the generator. These parameters modulate
activations through
x — pi(x)
AdalN(x) = D , 5.4.1

o= () 4 (5.41)
where p(x) and o(x) are the per-channel mean and standard deviation of the feature map x. This mechanism
allows each layer to independently control different visual features, resulting in semantically meaningful style
manipulation.

Progressive Growing & Style Mixing. To stabilize high-resolution image synthesis, the model can be
trained in a progressive manner, starting from lower resolutions and incrementally adding layers in the same
manner that a Progressive GAN [50] is trained . Additionally, style mizing uses different w vectors for
different 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 simplifies the latent representation, making it easier to
interpret and edit visual features.

e High-Quality Images: StyleGAN demonstrated high fidelity and detail at resolutions previously not
achievable by earlier GANs.

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

5.4.4 Refinements in StyleGAN2

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

e 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
code z into intermediate latents w, which then modulate convolutional layers via AdalIN.

e 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.

e 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.

e Weight Modulation and Demodulation In StyleGAN, each layer applied Adaptive Instance Nor-
malization (AdalIN) using an affine transformation of the intermediate latent vector w to produce scale
and bias parameters (v, 3). While effective, this design could introduce normalization artifacts and
repetitive textural patterns (often called “droplets”).

Replacement of AdaIN. StyleGAN2 replaces explicit AdaIN layers with weight modulation and

demodulation:
/ " ngk
ijk = Si - Wi, Wi = — (5.4.2)
\/Zi,k(wijk) +e
where:

— Wi, are the original convolution kernel weights for input channel ¢, output channel j, and kernel
element k.

— s; is a learned style coefficient derived from the latent w.
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— € is a small constant to avoid division by zero.

This scheme effectively scales the weights based on the style and then demodulates them, preventing
any channel from dominating or introducing periodic artifacts.
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(a) StyleGAN (b) StyleGAN (detailed) (c) Revised architecture (d) Weight demodulation

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

Benefits.

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

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

e Revised Architecture with Skip and Residual Connections Rather than relying on progressive
growing, StyleGAN2 employs a fixed 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 flow and retaining fine 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.
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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 include 1x1
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.

e Path Length Regularization One of the notable new regularization techniques in StyleGAN2 is
path length regularization. This involves computing how changes in the intermediate latent vector w
affect 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:

e 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.

e 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 configuration)
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 x 1024 4.40 2.84 212.1 145
LSUN Cat 256 x 256 8.53 6.93 924 439
LSUN Horse 256 x 256 3.83 3.43 1405 338
LSUN Car 512 x 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 significant 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 effectively. GANs, including StyleGAN2,
require tens or hundreds of thousands of high-quality images to generalize well. However, many real-world
applications, particularly in medical imaging, suffer from data scarcity due to the following constraints:

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

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

e Data Imbalance: Many medical conditions are rare, making it difficult to gather balanced datasets
for training deep learning models.
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The key challenge in low-data regimes is that the discriminator tends to overfit 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 significantly
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, flips, and color distortions, can leak into the generated images if applied improperly. ADA prevents
this issue by:

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

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

e Using invertible and stochastic augmentations that do not bias the generator’s learned distribution.

Overfitting Heuristic and Adaptive Control

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

IE:[-Dtrain] - ]E[Dvalidation]
E[Dtrain] - IE[l)generated]

ry = E[sign(Dirain)) (5.4.3)

Ty =

where Dirain,Dvalidation,Dgenerated T€presents the discriminator’s output for the training set,validation set
and generated images respectively. If the discriminator becomes too confident (i.e., consistently assigns
high confidence to real images and low confidence to generated ones), p 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:

e Pixel Blitting: Horizontal flips, integer translations, 90° rotations.
e Geometric Transformations: Isotropic scaling, affine transformations.
e Color Transformations: Brightness, contrast, gamma correction, color jittering.

e 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 benefits include:

1. Data Augmentation for Medical AT Models

Medical imaging datasets often contain only a few hundred labeled examples, making it difficult to train
robust Al models. StyleGAN2-ADA can generate realistic synthetic medical images, expanding dataset size
and improving model generalization.
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Figure 5.4.4: (a) Previous augmentation methods applied during GAN training . (b) Adaptive
Discriminator Augmentation (ADA). (¢) Diverse set of augmentations controlled by probability p

2. Counterfactual Image Generation

In medical research, generating counterfactual images—modifying specific patient attributes while preserv-
ing others—is 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 significantly reduces the amount of training data required by initializing a model with
weights pretrained on a different dataset, rather than using random initialization. Prior to the introduction
of StyleGAN2-ADA, several studies explored the effectiveness of transfer learning in the context of GANs
[128, 82, 85, 127]. The original StyleGAN2-ADA paper demonstrated that the most effective strategy in-
volved freezing the highest-resolution layers of the discriminator (Freeze-D), leading to significantly 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.
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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-fidelity images even when training data
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is scarce. These works have primarily focused on data augmentation, improving classification 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 SILVERO7 (liver CT scans),
ChestX-ray-14 (chest X-ray images), and the Medical Image Segmentation Decathlon (brain tumors). Sim-
ilarly, [114] explored the effectiveness 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 effectiveness 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 findings, 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 modifications for counterfactual synthesis). Traditional GAN
inversion methods often struggle with the trade-off between these two properties:

e Optimization-based approaches, which directly optimize the latent code using a single sample,
yield high reconstruction fidelity but result in latent codes that are difficult to edit.

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

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

Related Work Many works have considered specifically 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 significant artifacts in the inverted image. It has been
shown that inverting images into the extended embedding space W+ leads to more accurate reconstruction
and better image preservation. [79] were the first to implement a direct optimization into the extended latent
space W+. Also, [95] were the first 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 on W+ inversions are inferior compared to the same
manipulations over latent codes from the StyleGAN native space W.

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 defines 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:

e Z-space: The original latent space, where latent codes z ~ A/(0, I') are sampled from a standard normal
distribution. This space is highly entangled, making direct modifications challenging.

e W-space: A more structured and disentangled space obtained via a learned mapping network M,
where w = M (z). This space enables controlled attribute modifications while preserving realism.

Mathematically, the mapping from Z-space to W-space is defined as:

w=M(z), z~N(0,1I), (5.5.1)

where M represents the learned mapping function.
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Extended Latent Spaces

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

e W-space: Unlike W-space, where a single latent code is applied to all generator layers, W+ assigns
independent latent codes to each layer of the generator, allowing finer control over local image features.

e Wk_space: A further extension where only a subset k of layers receive distinct latent codes, providing
a balance between expressiveness and controllability.

The W-space is mathematically defined as:

wh = (w1, w, ..., w,), w; €W, (5.5.2)

where each w; represents the style latent code for a specific generator layer.

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

5.5.3 The GAN Inversion Trade-offs

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

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

e Editability: Maintaining a latent representation that allows for meaningful counterfactual modifica-
tions.

The latent space used for inversion significantly affects the trade-off between these objectives:

e W-space offers structured and interpretable latent codes, making it ideal for semantic edits, but it lacks
the expressiveness required for fine-grained reconstructions.

e Wt_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 effective compared to latent codes from the W-space [1, 95].

5.5.4 EAE 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 modifications.

Key Design Principles of E4E

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

2. Minimizing Deviation from W - A dedicated loss function encourages latent codes to remain closer
to W while leveraging the flexibility of W7, improving editability.

3. ResNet-Based Encoder Architecture - E4E builds on a ResNet-like backbone, producing an initial
latent code and additional offsets that fine-tune specific layers.

5.5.5 Total Loss Function in E4E

The E4E encoder is trained using a loss function designed to balance two critical objectives:

e 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 code w together with a set of offsets Aq,..., Ay_1, where N denotes the number of StyleGAN’s style
modulation layers. The final latent representation is obtained by replicating the w vector IV times and
adding each A; to its corresponding entry.

e Editability Preservation: Maintaining a structured latent code to enable meaningful modifications.

The total loss function is defined as a weighted combination of these two terms:
L(l‘) = Laist (.13) + Acdit Ledit (x)v (553)
where Aeqit controls the trade-off between reconstruction fidelity and latent code flexibility.

Distortion Loss

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

Ldist (:L') = >\2L2 (ZL') + )\lpipsLLPIPS(x) + AsimLsiln(x)~ (554)
- Lo(z) - Standard pixel-wise reconstruction loss. - L1 prps(x) - Perceptual loss to enforce structural similarity
between images. - Lgm(2) - Identity loss, ensuring feature-level consistency using a pre-trained network.

The identity loss is defined as:

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

where:
e (' is a pre-trained ResNet-50 network that extracts feature embeddings.
e (3 is the pre-trained StyleGAN2 generator.

e 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:

Leqit (Z‘) = /\d—reng—reg(x) + /\adeadv(x)~ (556)

- La_reg() - Delta-regularization loss that constrains offsets A;, ensuring proximity to W-space. - Ladv(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-fidelity reconstructions, especially for medical images that contain
fine-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 fine-tuning the generator itself, ensuring
that the inverted latent code produces an image that is indistinguishable from the input while still allowing
meaningful counterfactual modifications. Unlike conventional GAN inversion methods that focus solely on
mapping the image to a pre-trained latent space, PTT 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 first inverted using an off-the-shelf encoder-based method (e.g.,
E4E) to obtain an initial latent code w in the latent space WT.

2. Generator Fine-Tuning: The generator G is fine-tuned to better reconstruct the target image while
keeping the latent code stable, thus improving the trade-off 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 space W :

wp = argmin Ly pips (I, G(w, 0)) + A\ Ly (n), (5.5.7)

where:
e G(w,0) is the image generated using a pre-trained generator G with weights 6.
e L1 pips represents the perceptual loss used to optimize reconstruction fidelity.
e L,(n) is a noise regularization term that prevents unwanted artifacts in the generated image.

e )\, 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 code w, and fine-tunes the generator weights 6 to
improve the reconstruction fidelity while keeping the inverted code unchanged:

Lyt = Lypips(z, 2P) + Apa Lo (z, 2P), (5.5.8)

where:
o P = G(wp, ") is the reconstructed image using the fine-tuned generator.
e Lo enforces pixel-wise reconstruction accuracy.

Since the generator is initialized with pre-trained weights 6, PTI ensures that the fine-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 overfitting 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 o, to obtain the interpolated code w.,.:

Wy = Wy + (5.5.9)
P [w. — wy[2
Then, the locality regularization loss is defined as:
‘Creg = ELplps(l‘T, 3?:) + A§2£L2(37r7 .’L‘:) (5510)

where:
e 2, = G(w,,0) , is the image generated from the original generator given the latent vector w,
e ' = G(w,,0%) ,is the image generated from the finetuned generator given the latent vector w;,

Finally, the generator optimization is formulated as:

0* = arg néin Lpti + AvegLreg- (5.5.11)

Real

Before PTI After PTI

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-off. 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 final 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 classifier’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:

e The features of the image that is generated from the optimized latent vector align with the exceptional
features extracted through PIECE.

e The modified image remains perceptually similar to the original image, avoiding excessive distortions.

e The modifications are sparse, meaning that only the essential aspects contributing to the classifier’s
decision are altered.

Optimization Objective

The optimization process is performed on the latent vector which is initialized as w, . The optimization
objective consists of four key loss terms:

L= Lpiece + ApercLLPIPS + )\latentLlatent + AimageLimage (561)

We explain the significance of each term in the following paragraphs.

5.6.1 Feature Alignment Loss

Having constructed the counterfactual feature vector x, , we use the same feature-level loss as in the original
PIECE algorithm :

Lpicce = [|C(G(we)) — w'll% (5.6.2)

Here:
e ( represents all the layers of the frozen classifier up to the penultimate feature layer X.
e 2’ is the counterfactual feature vector
e (G is the finetuned generator
e 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 classifier’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]:

LLPIPS = LPIPS(G(U}E)71) (563)

where:
o G(we) is the generated counterfactual image.

e [ is the original image taken from the dataset.
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LPIPS ensures that high-level perceptual features are preserved while enabling meaningful modifications.
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 insignificant changes in the latent space:

Llatent = ||’LUe - wp”l‘ (564)

This term prevents the optimized latent vector to drift away from the editable and semantically rich latent
neighborhood of the initial latent vector w,, 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 reflecting only the necessary
modifications, we introduce an L1 penalty on pixel-wise differences between the generated counterfactual
image and the original image:

Limage = ||G(we) - I||1 (565)

This regularization encourages sparsity in pixel changes, ensuring that only the most relevant regions of the
image, those responsible for the classifier’s decision, are altered.

Thus, the final counterfactual optimization problem is formulated as:

’LUZ = arg IIul}Hl [Lpiece + )\percLLPIPS + AlatentLlatent + )\imageLimage:| . (566)

where:
e w} is the latent vector corresponding to the final counterfactual image.

® Apercs Alatent, Aimage are hyperparameters that control the trade-offs between feature alignment, percep-
tual similarity, and sparsity.

By inputting w into the finetuned generator G we can visualize the counterfactual image.
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Final counterfactual image

Initial reconstructed image

Our GAN’s latent space

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 final 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 classifier, and its corresponding
probability score is recorded. This iterative process allows us to systematically track how the classifier’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 modifications.
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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 classifier’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
classifier 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 classifier is vulnerable to adversarial human-imperceptible modifications
(adversarial attacks) [33] then the generated counterfactuals will reflect those vulnerabilities rather than true
causal attributions.

It has been proven that the gradients of adversarially robust classifiers 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 classifier’s robustness and ensure that the generated images contain
meaningful and plausible changes. Specifically, we use TRADES (TRade-off-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-off between:

e Standard Classification Accuracy: Ensure that the classifier maintains high accuracy on clean
(unperturbed) images, which is indispensable especially in the domain of medical imaging.

e Adversarial Robustness: Training the classifier 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 classification
loss and a robustness regularization term. Specifically, TRADES optimizes the following objective:

min B [L(@).9)+ 8- max La(f(@).f@))| (571)

where:
e f(x) represents the classifier’s predicted probability distribution for input z,
e £ denotes the standard classification loss (e.g., cross-entropy),

e Lki, is the Kullback-Leibler divergence that quantifies the divergence between the classifier outputs on
the clean example x and the adversarial example z’,

e B.(z) is the e-bounded perturbation ball around input z, defined as B.(z) = {2 : ||2' — z||, < €},
e [ is a hyperparameter controlling the trade-off between natural accuracy and adversarial robustness.

During training, adversarial examples 2’ 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 find a worst-case adversarial perturbation. This iterative adversarial example generation
can be formally expressed as:
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g1 = g, () (24 + o - sign(Vy, Lxu(f(2), f(2})))) (5.7.2)

where IIg_(;)(-) denotes projection onto the e-ball, a is the step size, and ¢ indicates the iteration number.
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Figure 5.7.1: Left figure: decision boundary by natural training. Right figure: 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 suffer from:

e Excessive accuracy drop on clean images when increasing robustness.
e Gradient obfuscation, which can limit counterfactual interpretability.
e Overfitting to adversarial attacks, reducing generalization.

TRADES mitigates these issues by controlling the KL divergence loss with the hyperparameter 3, allowing
us to tune robustness without severely degrading classification 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 different medical imaging
modalities. The datasets include two binary classification datasets based on chest X-ray images, a four-class
Optical Coherence Tomography (OCT) dataset, and a four-class Brain MRI dataset for dementia classifica-

tion.

Apart from referencing numerical details it is also essential to describe the visual characteristics that

define 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 classifier to distinct between lungs
suffering 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 classification problem. All duplicates from
the same patients were removed as well.

Classes: Lung Opacity, Normal
Number of Samples: 6012 images of Lung Opacity, 8851 images of Normal

Preprocessing: We resized the original images from 1024 x 1024 to 256 x 256 resolution and made
sure that all images are RGB.

Description:

— Lung Opacity: Features include regions of increased opacity in lung fields, reduced contrast, and
irregular texture patterns indicative of pneumonia.

— Normal: Clear lung fields with well-defined 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: 2776 images of Cardiomegaly, 2776 images of Normal

Preprocessing: We resized the original images from 1024 x 1024 to 256 x 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 fields, and absence of abnormal
cardiac enlargement.
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Optical Coherence Tomography (OCT) Dataset
[55]
e Source: Kaggle
e Classes: Normal, Choroidal Neovascularization (CNV), Diabetic Macular Edema (DME), Drusen

e Number of Samples: 26347 images of Normal, 37216 images of CNV, 11422 images of DME, 8620
images of Drusen

e Preprocessing: All images were center cropped to square dimensions 256 x 256 and converted to
RGB. Original images resolution was either 496 x 512 or 496 x 768.

e Description:

Choroidal Neovascularization (CNV): Presence of hyperreflective fluid accumulations, dis-
torted retinal layers, and irregular subretinal deposits.

Diabetic Macular Edema (DME): Thickened retina with cystoid spaces, hyporeflective lesions
indicating fluid 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

e Source: Kaggle
e Classes: No Impairment, Very Mild, Mild, Moderate

e Number of Samples: 3200 images of No Impairment, 3008 images of Very Mild, 2739 images of Mild,
2572 images of Moderate

e Preprocessing: We resized the original images to 128 x 128 resolution and converted them to RGB.

Description:

No Impairment: Normal brain volume with well-preserved cortical structures and no significant
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, significant 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.

126



6.1. Datasets

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 6.1.10: Brain MRIs with Mild Impairment.

Figure 6.1.11: Brain MRIs with moderate impairment.
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6.2 Classifier 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 classifiers for plausible and meaningful counterfactuals.

6.2.1 General Training Configuration

The training of the classifier 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:
e Training Set: 80% of the dataset, used for model training.
e Validation Set: 10%, used for hyperparameter tuning and early stopping.

e Test Set: 10%, used for evaluating final 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 x 256
i ) s ) . ) Healthy 2220 277279 .
Chest X-ray (Cardiomegaly vs. Healthy) Cardiomegaly 9990 977 279 256 x 256
Normal 21077 2634 2636
CNV 29772 3721 3723
OCT Dataset DME 9137 1142 1143 256 x 256
Drusen 6896 862 862
No Impairment 2560 320 320
. . Very Mild Impairment 2406 300 302
Brain MRI Dementia Dataset Mild Tmpairment 2191 973 975 128 x 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 classifier
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:

e Learning Rate Scheduling: Cosine annealing learning rate scheduler .

e Weight Decay: Applied to prevent overfitting and improve generalization.

e Early Stopping: Terminated training when validation loss did not improve after 20 epochs

e Warmup Epochs: Gradual increase in learning rate at the start of training.

e Mixed Precision Training [81]: Reduced memory footprint and improved computational efficiency.

e Label Smoothing: Applied to prevent overconfidence in model predictions by assigning a small
probability to incorrect labels, thereby improving model calibration and robustness.
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e 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 different 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:

e Random Resized Cropping: Scaling image patches between 75% and 100%.

Random Horizontal Flipping: Probability of 30%.

Random Affine 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.

e Normalization: ImageNet normalization with mean = [0.485, 0.456, 0.406], std = [0.229, 0.224, 0.225].

6.2.2 Plain Classifier Training

This section details the hyperparameters and results obtained from training a classifier only on "clean" images
using the strategy described in the previous section .

The hyperparameters used during training are presented in Table 6.2.

Results of Plain Training

Hyperparameter Value

Loss Function Cross Entropy Loss
Initial Learning Rate 5e-4
Epochs 100
Warmup Epochs 10
Optimizer AdamW
Batch Size 64

Weight Decay Se-2

Label Smoothing 0.05

The trained classifier was evaluated on the test set,using the accuracy, precision

,f1 and recall metrics. Table 6.3 summarizes the results on each dataset.

Table 6.2: Hyperparameters that yielded the best model accuracy across all datasets.

Dataset Accuracy | Precision | Recall | Fl-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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Figure 6.2.1: Confusion matrices for the plain classifier.

6.2.3 Adversarial Training with TRADES

This section presents the hyperparameters and results obtained from training a classifier using adversarial
training with the TRADES method.For all experiments,the trade-off parameter 8 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 classifiers on three different e values : {1/255, 2/255, 8/255} . 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

B (Trade-off parameter) 6.0

€ (Perturbation bound) 1/255, 2/255, 8/255
a (PGD Step Size) €/4

PGD Steps 10

Norm Type Lo

Table 6.4: TRADES hyperparameters used for adversarial training.

Results of Adversarial Training The classifier trained with TRADES was evaluated on both clean and
adversarially perturbed test images. Table 6.5 presents the clean accuracy results for all € values .

Dataset e=1/255 | e =2/255 | e =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 classifier on clean test images for e = 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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Figure 6.2.2: Confusion matrices for adversarially trained classifier (e = 8/255) evaluated on clean images.

As expected, the model’s accuracy on clean images has shown a slight decline compared to the plain clas-
sifier. However, this reduction is not substantial and remains within an acceptable range. Furthermore,
as demonstrated in the subsequent section, the gradients of the robust model capture meaningful feature
representations that align conceptually with the characteristics of each class.
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6.3 StyleGAN2-ada training

In this section, we present the methodology and results of our GAN model’s training. As discussed in previous
sections, we selected StyleGAN2-ADA as the generative model for producing counterfactual medical images.

6.3.1 Training configuration
Datasets used

A significant advantage of our proposed SPRUCE framework is that it does not require coupled training be-
tween the classifier whose decisions we aim to interpret and the generative model used to produce explanatory
images. This decoupling enables us to train the generative model, specifically StyleGAN2-ADA, on datasets
that share the same data distribution as those used for classifier training but are substantially larger and
more diverse. Consequently, a single trained generator can be utilized to explain the decisions of multiple
classifiers, each trained on different subsets of the original extensive dataset.

We leveraged this advantage specifically for chest X-ray image datasets. Given that the generative quality
of GAN models largely depends on the size of the training dataset, we trained our StyleGAN2-ADA model
using the entire NIH Chest X-ray dataset, which contains 115,875 frontal-view X-ray images collected from
32,717 patients. Each image is annotated with one or multiple pathologies. Another important feature of
our approach is that it enables unconditional training of the GAN model, requiring only raw images without
associated labels. This unconditional training strategy allowed our model to generate more realistic images,
as indicated by improved Fréchet Inception Distance (FID) scores. The resulting StyleGAN2-ADA model,
trained on the NIH dataset, was subsequently applied to both classifiers evaluated on the binary chest X-ray
datasets presented in Section 6.1.

For the OCT and Brain MRI modalities, we used the same datasets that were employed for classifier training,
as they represent the largest publicly available datasets within their respective domains. In total, we trained
three separate StyleGAN2-ADA models—one for each medical imaging modality explored in our experiments.

Image Modality Number of images | Resolution
Chest X-rays 115,875 256 x 256
Optical Coherence Tomography images 83,605 256 x 256
Brain MRIs 11,519 128 x 128

Table 6.6: Datasets used for StyleGAN2-ada training.

Transfer Learning

As emphasized in [130], transfer learning during the training of StyleGAN2-ADA on medical image datasets
is a powerful technique that accelerates convergence of the training loss and enhances both the perceptual
quality and anatomical fidelity of the generated images. Notably, it has been shown that transfer learning
can be effective even when the source domain is unrelated to medical imaging. Based on this insight,during
all our experiments, we initialized our training with pretrained weights from a StyleGAN2 model previously
trained on the FFHQ dataset.

Augmentations

In Section 5.4.6, we discussed various augmentation strategies employed by the StyleGAN2-ADA model to
enhance the realism of generated images, particularly in settings with limited training data. In our experi-
ments, we adopted the Adaptive Discriminator Augmentation (ADA) framework, integrating a broad set of
stochastic image augmentations to promote training stability and improve generalization. These augmen-
tations encompassed geometric transformations— horizontal flips, 90-degree rotations, arbitrary angle rota-
tions, translations, anisotropic scaling, and fractional shifts—as well as color-related adjustments, including
brightness, contrast, hue, saturation, and luminance inversion. The augmentation intensity was dynamically
modulated during training based on discriminator feedback, aiming to maintain a target signal-to-noise ratio
by adjusting the augmentation probability toward a predefined threshold (ADA target = 0.6).
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Other details

All experiments were conducted in a V100 GPU for approximately 25000 kimg which stands for “thousands
of real images shown to the discriminator®. As mentioned in [53] in typical cases, 25000 kimg or more is
needed to reach convergence, but the results are already quite reasonable around 5000 kimg, especially when
using transfer learning. Training on the chest x-rays and oct images took approximately 10 days each , while
on the brain mris 6 days were enough for convergence.

6.3.2 Results

During training, we monitored the Fréchet Inception Distance (FID) [103]|, a widely adopted metric for
evaluating the performance of GANs in natural image synthesis. Specifically, we computed the FID between
50,000 images generated by the model under training and real images from the training dataset. The final
model selected for use was the one that achieved the lowest FID score, indicating the highest fidelity and
realism in the generated outputs.

Retinal OCTs Chest X-rays

1D
FID
8

50 100 150 200 20 40 60 80 100 120 140 160
Hours Hours

Figure 6.3.1: FID metric during StyleGAN2-ada training.

The models that we later used for the counterfactual generation and image reconstruction achieved an FID
of 6.24 for the chest X-rays, 5.46 for the OCT images and 7.63 for the brain MRIs.In the following figure we
have generatd some sample images from the final models after training.

Figure 6.3.2: Chest X-rays and OCT images unconditionally generated from the trained StyleGAN2-ada
models.
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6.4 GAN inversion

In this section we are going to evaluate the reconstruction results of our gan inversion pipeline on all four
datasets using both qualitative and quantitative analysis.

6.4.1 Quantitative Results

For the quantitative evaluation of our results we utilized the following four metrics :

e Frechet Inception Distance (FID) The Frechet Inception Distance (FID) [42] quantifies the simi-
larity between two image sets, evaluating realism and diversity. It compares distributions of features
extracted from an intermediate layer of the pretrained Inception-v3 network:

FID = ||p, — pg® + Tt (Zr + 3, — 2(2T29)1/2) (6.4.1)

where p,, X, and p4, X4 denote means and covariances of real and generated images, respectively. Lower
FID values indicate better image quality. For the computation of the FID values in our experiments
we used the repository [103].

e Conditional Maximum Mean Discrepancy (CMMD) Conditional Maximum Mean Discrepancy
(CMMD) [46] assesses differences between conditional probability distributions of generated and real
images using a Gaussian kernel k:

CMMD?*(P,Q | Y) = |E[k(X, X') | Y] - 2E[k(X, Z) | Y] +E[k(Z,Z') | Y]] (6.4.2)

where X, X’ are from distribution P, and Z,Z’ from distribution @, conditioned on class labels Y.
Smaller CMMD indicates greater conditional similarity.

e Mean Squared Error (MSE) Mean Squared Error (MSE) measures pixel-wise accuracy between
original and reconstructed images:
N

1 F12
MSE = + > (I - L) (6.4.3)

i=1

where I; and I; are pixel intensities of original and inverted images, respectively, and IV is the total
number of pixels. Lower MSE denotes higher reconstruction fidelity.

e Learned Perceptual Image Patch Similarity (LPIPS) Learned Perceptual Image Patch Similarity
(LPIPS) evaluates perceptual similarity based on deep network activations:

LPIPS(L 1) = 3 7 3 ur ® (D = (D) (6.4.4)
l

h,w

where ¢;(I) and ¢;(I) are activations from layer I of a pretrained network, w; are learned weights, and
H;, W, denote spatial dimensions. Lower LPIPS indicates higher perceptual similarity.

In Table 6.7 we have summarized the quantitative results of the reconstructed images from each selected class.
From the quantitative results presented, we observe that the GAN inversion performance varies significantly
across datasets, influenced primarily by the nature and complexity of each dataset. Specifically, chest X-
ray datasets (Cardiomegaly, Lung Opacity) achieve the lowest values for FID, CMMD, MSE, and LPIPS
metrics, indicating higher realism, better distributional alignment, and superior pixel-wise and perceptual
reconstruction. This superior performance can be attributed to the relatively simpler structural features and
lower-frequency content of chest X-rays.

In contrast, the OCT datasets (Drusen, DME, CNV) exhibit higher FID, CMMD, and MSE values, suggesting
a greater challenge in accurately reconstructing the intricate textures and detailed retinal structures inherent
in OCT images. Similarly, brain MRI images show intermediate performance, highlighting the moderate
complexity of structural features in these images.
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Class of inverted images FID | CMMD | MSE | LPIPS |
Cardiomegaly (chest X-rays) 19.76  0.056 6.28¢-4  0.0135
Lung Opacity (chest X-rays) 21.91 0.061 8.57e-4 0.015
OCT - Drusen 26.27 1.031 5.02e-3 0.00712
OCT - DME 34.52 0.836 5.06e-3  0.00713
OCT - CNV 33.77 0.855 6.04e-3  0.007562
Moderate Dementia (brain MRIs)  10.18 0.58 1.44e-3  0.0086

Table 6.7: Comparison of different inverted-image classes showing FID, CMMD, MSE, and LPIPS.

6.4.2 Qualitative Results

In this section, we visually assess the effectiveness of our proposed GAN inversion pipeline by examining
representative examples from our dataset. Each qualitative example is presented across five columns: (1) the
original input image; (2) the initial inverted image obtained directly from the encoder, prior to pivotal tuning;
(3) a difference heatmap highlighting discrepancies between the original and encoder-only inverted image;
(4) the final inversion image obtained after pivotal tuning; and (5) a final difference heatmap illustrating
remaining differences post-tuning. In Figures 6.4.1 - 6.4.5 we have collected some examples from all datasets.

Original Image Before Pivotal Tuning Difference After Pivotal Tuning Final Difference

?

FWIHI

l

Figure 6.4.1: Qualitative GAN inversion results for cardiomegaly chest X-Ray images.
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Original Image Before Pivotal Tuning Difference After Pivotal Tuning Final Difference

Figure 6.4.2: Qualitative GAN inversion results for lung opacity chest X-Ray images.

Original Image Before Pivotal Tuning Difference After Pivotal Tuning Final Difference

Figure 6.4.3: Qualitative GAN inversion results for brain MRI moderate dementia images.
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Final Difference

Original Image Before Pivotal Tuning Difference After Pivotal Tuning

Figure 6.4.4: Qualitative GAN inversion results for OCT images belonging in drusen class.

Original Image Befare Pivotal Tuning Difference After Pivotal Tuning Final Difference

Figure 6.4.5: Qualitative GAN inversion results for OCT images belonging in DME class.

Comparing the difference map of the encoder-based reconstructed images with the originals and the difference
map of the final reconstructed images with the originals, we can clearly observe the significant improvement
in reconstruction accuracy and perceptual similarity that the Pivotal Tuning process offers to us. This is
true accross all four datasets. Especially in chest X-ray images, the inverted images are almost identical to
the original ones with the only differences being connected to artifacts that are rarely present in the data
distribution like some words and letters outside the body of the X-ray. In brain MRIs the reconstructed
images are also identical to the initial ones with minor differences. For OCT images, the qualitative results
reveal slightly larger discrepancies in reconstruction compared to chest X-rays and brain MRIs. This is
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primarily due to the intricate textures and fine-grained structural details inherent in OCT data, such as
distinct retinal layers.Although minor residual differences remain, especially in high-frequency areas, pivotal
tuning effectively enhances the realism and clinical relevance of the reconstructed OCT images.

6.5 Counterfactual Generation

In this section, we evaluate the generated counterfactual images both quantitatively and qualitatively. Specif-
ically, we generate counterfactual explanations using two variants of the ConvNeXt-Base model: a standard
(plainly trained) classifier and an adversarially trained classifier evaluated at three distinct epsilon (¢) lev-
els: {1/255, 2/255, 8/255}. For our evaluation, we generate healthy counterfactual images based on 500
randomly selected and correctly classified examples from four distinct classes: cardiomegaly, lung opacity,
drusen, and moderate dementia. For all the experiments we used the following hyperparameter values :
)\perc =0.1, Alatent = 10_4a )\image =109,

6.5.1 Quantitative Results

For our quantitative analysis , we used the FID and CMMD metric to asses the realism of the produced
counterfactual images. We also used the following three evaluation metrics :

e Flip Ratio (%): Measures the percentage of generated counterfactual images that successfully cause
a classifier to change its prediction to the desired counterfactual class.Higher flip ratios indicate more
effective counterfactual generation, demonstrating that the generated modifications are strongly influ-
ential in changing classifier decisions.

e L1 Distance: Quantifies sparsity by measuring the pixel-wise differences between the original and
counterfactual images.Lower L1 distances represent sparser counterfactual edits, meaning the generated
images remain close to the original, altering only the minimal set of pixels necessary to change the
classifier’s prediction.

e Classifier Confidence: Indicates the classifier’s predicted probability /confidence for the counterfac-
tual class.Higher classifier confidence suggests that the generated counterfactuals convincingly repre-
sent the target class, highlighting meaningful semantic alignment with the classifier’s learned decision
boundaries.

The results are shown in the following Tables. For e = 0 we refer to the plainly trained classifier.

Epsilon FID | CMMD | FlipratiotT L1 | Confidence T

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 6.8: Comparison of different epsilon values and their effects on FID, CMMD, flip ratio, L1, and
classifier confidence for the counterfactual class on the lung opacity dataset.
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Epsilon FID | CMMD | FlipratiotT L1 | Confidence T

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 6.9: Comparison of different epsilon values and their effects on FID, CMMD, flip ratio, L1, and
classifier confidence for the counterfactual class on the cardiomegaly dataset.

Epsilon FID | CMMD | Flipratio?T L1 | Confidence 7

0 52.34 1.321 99.5% 0.0251 0.9810
1/255 48.54 1.138 99.2% 0.0295 0.9751
2/255 50.28 1.125 98.7% 0.0306 0.9817
8/255 49.83 1.132 97.96% 0.0291 0.9523

Table 6.10: Comparison of different epsilon values and their effects on FID, CMMD, flip ratio, L1, and
classifier confidence for the counterfactual class on the oct dataset.

Epsilon FID | CMMD | FlipratioT L1 ] Confidence 7

0 54.34 0.856 100% 0.0321 0.9910
1/255 51.79 0.753 100% 0.0362 0.9985
2/255 51.59 0.744 100% 0.0370 0.9562
8/255 53 0.767 100% 0.0368 0.9737

Table 6.11: Comparison of different epsilon values and their effects on FID, CMMD, flip ratio, L1, and
classifier confidence for the counterfactual class on the brain mri dataset.

Based on the results from all four datasets (Lung Opacity, Cardiomegaly, OCT, and Brain MRI), we draw the
following general observations regarding the influence of the adversarial training parameter € on the generated
counterfactuals:

e Trade-off Between Realism and Classifier Influence: In several datasets (e.g., Lung Opacity),
larger € values (such as 8/255) yield improved realism, evidenced by lower FID and CMMD scores,
but at the cost of a slightly reduced flip ratio. This suggests a trade-off, where stronger adversarial
robustness introduces more classifier-aligned changes but can reduce the sparsity or subtlety of edits.

e Sparsity vs. Confidence: As e increases, the L1 distance tends to rise, indicating less sparse counter-
factuals (i.e., more extensive pixel changes). At the same time, classifier confidence in the counterfactual
class increases, meaning the generated images align more strongly with the classifier’s learned features.
This highlights the tension between minimal modification and decision impact.

e No Universal Best e: The optimal € value varies by dataset. For instance, in the Cardiomegaly
dataset, an intermediate value (2/255) provides a good balance between low FID and high flip ratio.
Meanwhile, in the OCT dataset, the best FID is achieved at lower e, while higher confidence appears
at 2/255. This illustrates that the ideal € is task- and dataset-dependent, based on the desired balance
of realism, sparsity, and classifier influence.
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e Improvements Over ¢ = 0: In most cases, non-zero € values outperform the € = 0 baseline in terms
of either realism or classifier confidence. This supports the notion that adversarial training introduces
more informative gradients, which benefit the generation of meaningful counterfactual images.

e Consistently High Flip Ratios: Across all datasets and e values, flip ratios remain consistently high
(typically above 98%), indicating the effectiveness of the counterfactual generation process in altering
the classifier’s decision. This further emphasizes the utility of adversarially robust classifiers in guiding
semantically meaningful image modifications.

These findings reinforce the importance of adversarially robust classifiers in generating semantically coherent
and clinically plausible counterfactuals. However, fine-tuning of € is crucial to achieving a desirable balance
between image fidelity, classifier influence, and edit sparsity.

6.5.2 Qualitative Results

Plain vs Robust Classifiers

Initially, we will present some visual results of counterfactuals generated for the same image but for different
classifier variants: one trained plainly and one trained on adversarial attacks.
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Figure 6.5.1: Comparison of healthy counterfactuals from cardiomegaly cases between plain and robust
classifiers.

143



Chapter 6. Experiments and Results

Orieinal Lun Healthy Healthy
o agci tv Ima. ge Inverted Image counterfactual of a counterfactual of a
p Y & plain classifier robust classifier

Difference to
original image

Difference to
original image

Difference to
original image

X35 _E35
.

Figure 6.5.2: Comparison of healthy counterfactuals from lung opacity cases between plain and robust
classifiers.
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Comparing the counterfactual images generated for a plain classifier and those generated for an adversarially
robust classifier , we can make the following key observations :

e Counterfactual Realism: For both cardiomegaly and lung opacity, the robust classifier generally
produces more realistic “healthy” images compared to the plain classifier. The latter occasionally
introduces subtle artifacts or over-smoothing.

e Localization of Changes: In the difference maps, the robust classifier focuses adjustments around key
regions (heart area for cardiomegaly, lung fields for opacity). By contrast, the plain classifier spreads
its alterations more diffusely, indicating potentially less targeted corrections.

e Spurious vs. Meaningful Modifications: The plain classifier can exhibit spurious changes, some-
times affecting regions not clinically tied to the pathology. The robust classifier, however, typically
shows more pathologically relevant edits (e.g., adjusting the cardiac silhouette in cardiomegaly, or
clarifying opacities in lung images).

e Interpretability for Clinicians: Because the robust classifier better localizes edits to disease-relevant
areas, its difference maps tend to be more interpretable. For cardiomegaly, changes concentrate on the
enlarged heart region. For lung opacity, shifts occur predominantly within the lung fields.

e Confidence in Model Explanations: The more localized and anatomically consistent modifications
in robust counterfactuals may enhance clinician trust. This suggests that robust training methods can
provide explanations aligning more closely with medical understanding of disease features.

More counterfactuals for robust classifiers.

We will now present a number of healthy counterfactual images produced for robust models from all the
datasets that we experimented on.
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Figure 6.5.3: Healthy counterfactual images from lung opacity cases for robust classifier
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Figure 6.5.4: Healthy counterfactual images from cardiomegaly cases for robust classifier
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Figure 6.5.5: Healthy counterfactual images from moderate dementia cases for robust classifier
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Figure 6.5.6: Healthy counterfactual images from drusen cases for robust classifier
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Figure 6.5.7: Healthy counterfactual images from DME cases for robust classifier
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By examining the generated counterfactual images alongside their corresponding difference maps, it is evident
that the proposed framework produces sparse and visually realistic counterfactuals. Moreover, the highlighted
modifications are clinically meaningful and consistently relevant across all four evaluated datasets.
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6.6 Impact of loss components

Our intention in this section is to evaluate how each loss term of the optimization function that we use
to produce the counterfactual explanations, affects the quality of the generated explanatory image. For
that, we chose the adversarially robust model that yielded the most realistic healthy counterfactuals ,for the
cardiomegaly and lung opacity images ,based on the CMMD metric and experimented with different hyperpa-
rameter values.We start our evaluation from the following values : Apere = 0.1, Ajatent = 1074, Aimage = 1076,
In each experiment we change one of the three hyperparameters and keep the others fixed.

6.6.1 Quantitative results.

For the quantitative analysis in this step we used the same evaluation metrics as in the previous experiments
in Section 6.5. The results are summarized in the following tables.

Hyperparameter changed FID | CMMD | Flip (%) 1T L1 | Probability T

Aimage = 107° 48.59 0.240 98.8 0.0434 0.9807
Aimage = 107° 49.632 0.264 98 0.0269 0.9744
Aimage = 1077 56.64 0.333 95 0.0125 0.8913
Aperc = 0.01 48.66 0.213 98.5 0.0294 0.9803
Aperc = 0.1 49.632 0.264 98 0.0269 0.9744
Aperc = 1 58.12 0.377 95.2 0.0229 0.8991
Matent = 1073 51.31 0.250 94.4 0.0318 0.8811
Matent = 1074 49.632 0.264 98 0.0269 0.9744
Matent = 1076 53.94 0.320 99.2 0.0215 0.9841

Table 6.12: Comparison of different hyperparameter settings and their effects on FID, CMMD, Flip (%),
L1, and classifier probability for the counterfactual class on the lung opacity dataset.

Hyperparameter changed FID | CMMD | Flip (%) T L1J] Probability (%) T

Aimage = 1075 38.37 0.164 99.6 0.0246 92.60
Aimage = 1076 39.41 0.169 98.6 0.0144 92.21
Aimage = 107° 42.05 0.186 98.6 0.0091 89.48
Apere = 0.01 39.88 0.151 99.8 0.0162 92.71
Apere = 0.1 39.41 0.169 98.6 0.0144 92.21
Apere = 1 40.78 0.203 98.2 0.0126 88.39
Matent = 1073 38.61 0.155 98.0 0.0210 86.53
Matent = 107% 39.41 0.169 98.6 0.0144 92.21
Matent = 1076 41.76 0.192 99.8 0.0121 93.38

Table 6.13: Comparison of different hyperparameter settings and their effects on FID, CMMD, Flip (%),
L1, and classifier probability for the counterfactual class on the cardiomegaly dataset.

Effects of A\jmage values
Decreasing Aimage (from 107° to 1078) consistently results in:

e Improved Realism: Significant reductions in FID and CMMD values indicate improved realism and
closer alignment with the target class distribution.

e Higher Flip Ratios and Classifier Confidence: Lower values of Aimage yield higher flip rates and
greater classifier probabilities.

e Increased Image Deviation (Higher L;): Looser regularization results in larger pixel-wise devia-
tions, reducing the sparsity of counterfactual modifications.
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Effects of A\perc values

Reducing Apere (from 1 to 0.01) generally leads to:

e Enhanced Image Realism: Notable improvements in realism metrics (FID and CMMD) as the
perceptual similarity constraint is relaxed.

e Increased Effectiveness: Higher flip ratios and classifier probabilities, indicating more convincingly
classified counterfactuals.

e Moderately Increased Image Deviation (Higher L;): Lower perceptual constraints allow greater
divergence from the original images, reducing sparsity.

Effects of \atent values

Increasing Ajatent (from 1076 to 1073) typically results in:

e Improved Realism: Enhanced realism metrics (lower FID and CMMD), suggesting better latent-
space alignment with the target distribution.

e Reduced Classifier Confidence and Flip Ratio: Higher latent-space constraints limit image mod-
ifications, reducing flip success and lowering classifier confidence.

e Greater Pixel-Level Deviation (Higher L;): Counterintuitively, stricter latent-space regulariza-
tion sometimes necessitates larger pixel-wise changes to maintain latent consistency.

The analysis of the previous sections confirms the flexibility and effectiveness of our custom loss function
during the optimization process. With careful hyperparameter tuning, users can decide whether the resulting
counterfactuals are minimally altered or significantly changed, depending on their desired balance of realism,
classifier confidence, and similarity to the original image.

6.6.2 Qualitative results

In order to visually assess the effect of each hyperparameter value on the generated counterfactuals we chose
a cardiomegaly image and produced the respective counterfactual changing each time a different hyperpa-
rameter term.Here are the results :
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Cardiomegaly Aimage = 10~° Aimage = 106 Aimage = 10~8

Figure 6.6.1: Counterfactuals for different Aipyagc values

Cardiomegaly Apere = 0.01

Figure 6.6.2: Counterfactuals for different Aycrc values
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Cardiomegaly Alatent = 0.001 Alatens = 1074 Alatent = 1076

Figure 6.6.3: Counterfactuals for different Ajatent values

By looking at the images above we can make the following observations :

Influence of Aimage: AS Aimage increases from 10~® to 107°, the counterfactuals appear more closely
aligned with the original image, suggesting that the framework imposes a stronger penalty for pixel-
level changes. In the difference maps, the heart region still shows noticeable edits, but the overall
alterations become subtler. This indicates that higher Ajmage values help preserve global structure
while still targeting the pathological region.

Influence of Aperc: When Apere = 0.01, the counterfactuals tend to alter a broader area around the
heart, reflected by more intense regions in the difference map. Increasing Aperc to 0.1 or 1 results in
more localized and refined changes, suggesting that emphasizing perceptual features too heavily (Aperc
large) can lead to slightly more diffuse modifications, whereas a moderate or smaller Aperc encourages
sharper, pathology-focused edits.

Influence of Apatent: Moving from Ajagent = 0.001 to 107 shows how the strength of latent-space
regularization shapes the counterfactual. Smaller Ajasent values permit more freedom to change latent
representations, often yielding a pronounced difference map around the heart. Larger Aatens (€.g., 1073)
can yield more conservative modifications but may slightly broaden the edited area.

Visual Realism vs. Targeted Edits: Across all hyperparameters, a trade-off is evident: settings
that allow more extensive modification (smaller A values) produce larger—but sometimes noisier—edits,
while settings that strongly penalize changes (larger A values) preserve the original structure but may
miss subtle pathological corrections. Finding a balance is crucial for generating both realistic and
clinically meaningful counterfactuals.

Localizing Cardiomegaly: In every set of parameters, the most pronounced modifications consis-
tently appear around the enlarged heart region, implying that the model effectively learns to focus on
the pathological area. The variance in color intensity and shape of this region reflects how different
weights shift the emphasis between realism and effective disentangling of disease-relevant features.
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7.1 Discussion

In this thesis, we presented a novel framework for generating realistic, sparse, and interpretable medical image
counterfactuals. Our approach combines a state-of-the-art ConvNeXt classifier (both plainly trained and
adversarially robust variants) with a StyleGAN2-ADA generator, enhanced by advanced inversion techniques
(E4E and Pivotal Tuning Inversion). This design enables high-fidelity reconstructions of complex medical
images while preserving critical anatomical details essential for clinical interpretability.

Key Contributions.

e We established a pipeline for identifying and modifying class-specific features (via PIECE) to
generate counterfactual images that can highlight the most relevant anatomical regions in pathologies
such as cardiomegaly, lung opacity, and retinal abnormalities.

e By employing adversarial training (TRADES) on the classifier, we demonstrated how robust gradient
signals drive more localized and clinically meaningful edits. This contrasts with counterfactuals from
plain classifiers, which can introduce spurious or diffuse modifications.

e We validated the method quantitatively (using FID, CMMD, Flip ratio, L1 distance, and classifier
probability) and qualitatively (via visual inspection and difference maps). Our results highlight that, un-
der the correct hyperparameter settings, counterfactual edits remain sparse, preserving patient-specific
traits while addressing the pathology.

e The GAN inversion scheme (E4E + PTI) ensured high-fidelity reconstruction for each original
image, mitigating artifacts typically observed in medical contexts where data scarcity often hampers
generative performance.

Significance and Impact. The proposed framework contributes to the broader field of Exzplainable Al
(XAI) in healthcare, addressing the critical need for trustworthy and interpretable solutions in medical
imaging. By generating sparse yet anatomically plausible edits, clinicians can better visualize the minimal
set of changes that shift a model’s prediction, thus increasing the transparency and reliability of black-box
classifiers.

Limitations. Despite encouraging results, several challenges remain. GAN-based methods can struggle
with rare pathologies or highly heterogeneous datasets where training data is limited. Additionally, while
adversarial robustness often improves interpretability, it must be balanced against potential reductions in
overall classifier accuracy.

Concluding Remarks. Overall, our experiments underscore that integrating robust classification models
with an effective GAN inversion procedure can yield reliable and informative counterfactuals—an important

155



Chapter 7. Conclusion

step toward safer Al deployments in clinical practice. Through comprehensive quantitative and qualitative
analyses, we have demonstrated the viability of our approach across multiple datasets and shown how careful
hyperparameter tuning can emphasize either sparsity, realism, or classifier alignment.

We envision this framework paving the way for interactive medical workflows where domain experts can
rapidly explore how subtle changes in imaging features influence diagnostic predictions, ultimately fostering
a deeper understanding of both patient data and model behavior.

7.2

Future Work

Based on the findings and limitations of this study, several directions for future exploration are proposed:

User Studies with Medical Specialists: Conduct user studies with radiologists or domain experts
to assess the realism, interpretability, and clinical plausibility of the generated counterfactuals.

Advanced Generative Models: Investigate alternative generative approaches (e.g., diffusion models
or improved GAN architectures) that could outperform StyleGAN in capturing intricate medical details.

Cross-Architecture Benchmarking: Evaluate how the proposed counterfactual method generalizes
across various classifier architectures (e.g., DenseNet, ResNet, ViT), ensuring robustness and consis-
tency.

3D Medical Modalities: Extend the framework to three-dimensional data (e.g., CT or MRI scans)
to handle volumetric representations, increasing its applicability in a broader range of medical imaging
scenarios.

Comparative Interpretability Studies: Compare the proposed counterfactual-based saliency with
alternative interpretability methods such as Grad-CAM, Integrated Gradients, or other popular tech-
niques for enhanced validation and context.
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