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Per—lhyh

Τα μοντέλα Βαθιάς Μάθησης έχουν εφαρμοστεί σε πολύ μεγάλο βαθμό στο πεδίο της ιατρικής απεικόνισης,
βελτιώνοντας σημαντικά τις διαγνωστικές δυνατότητες. Ωστόσο, η εγγενής φύση τους ως "μαύρα κουτιά"
δημιουργεί ουσιώδη ηθικά και πρακτικά ζητήματα, προκαλώντας ανησυχίες σχετικά με την ευρεία υιοθέτησή τους.
Οι αντιπαραδειγματικές εξηγήσεις (counterfactual explanations), οι οποίες παρέχουν ανθρωπίνως κατανοητές
πληροφορίες προτείνοντας ελάχιστες, αλλά ουσιώδεις, αλλαγές στα δεδομένα εισόδου για την αλλαγή των
προβλέψεων του μοντέλου, αναδύονται ως μια πολλά υποσχόμενη μέθοδο για την επεξήγηση της λειτουργίας
αυτών των συστημάτων. Παρ’ όλα αυτά, οι υπάρχουσες μέθοδοι στη βιβλιογραφία για την παραγωγή αντιπα-
ραδειγματικών εικόνων στον τομέα της ιατρικής απεικόνισης εμφανίζουν σημαντικούς περιορισμούς, συμπεριλαμ-
βανομένου του μειωμένου ρεαλισμού και της διαγνωστικής λεπτομέρειας των παραγόμενων εικόνων, της ανάγκης
κάποιας μορφής εποπτείας κατά την εκπαίδευση του ερμηνευτή (explainer), της υποχρέωσης για επανεκπαίδευση
του ερμηνευτή για κάθε ταξινομητή ξεχωριστά, καθώς και της έλλειψης αραιότητας (sparsity) στις προτεινόμενες
αλλαγές.

Στην παρούσα διπλωματική εργασία, αντιμετωπίζουμε αυτές τις προκλήσεις δημιουργώντας το SPRUCE (SParse
Realistic Uncoupled Counterfactual Explanations), ένα νέο πλαίσιο ειδικά σχεδιασμένο για τη δημιουργία
αραιών και ρεαλιστικών αντιπαραδειγματικών εικόνων στον χώρο της ιατρικής απεικόνισης. Το SPRUCE βασίζε-
ται σε μια προσέγγιση με Παραγωγικά Ανταγωνιστικά Δίκτυα (ΠΑΔ) και αξιοποιεί μια εξειδικευμένη συνάρτηση
απώλειας, η οποία είναι ειδικά σχεδιασμένη για να διατηρεί τη διαγνωστική συνάφεια και την οπτική πιστότητα
των παραγόμενων εικόνων, οδηγώντας παράλληλα σε αραιές (sparse) τροποποιήσεις. Το βασικό πλεονέκτημα
του συγκεκριμένου πλαισίου έγκειται στη δυνατότητα αποσύζευξης της εκπαίδευσης του ερμηνευτή από την εκ-

παίδευση του ταξινομητή, επιτρέποντας έτσι την χρήση ενός ΠΑΔ σε πολλαπλούς ταξινομητές που αναφέρονται
σε εικόνες ίδιου τομέα ιατρικής απεικόνισης.

Στην εκτεταμένη πειραματική αξιολόγησή μας, χρησιμοποιήσαμε προηγμένες αρχιτεκτονικές ΠΑΔ,και πιο συγ-
κεκριμένα το StyleGAN2-ADA, σε συνδυασμό με εξελιγμένες μεθόδους αναστροφής ΠΑΔ (GAN inversion),
συμπεριλαμβανομένης της αναστροφής μέσω κωδικοποιητή (encoder-based inversion) και της μεθόδου pivotal
tuning, ώστε να εξασφαλίσουμε επεξεργάσιμες λανθάνουσες αναπαραστάσεις υψηλής ποιότητας. Εφαρμόσαμε
το SPRUCE σε δεδομένα από διάφορους τομείς ιατρικής εικόνας , όπως ακτινογραφίες θώρακος, οπτικές τομο-
γραφίες συνοχής και μαγνητικές τομογραφίες εγκεφάλου,πετυχαίνοντας ιδιαίτερα καλές επιδόσεις σε μετρικές
όπως η Fréchet Inception Distance (FID) και η Conditional Maximum Mean Discrepancy (CMMD). Επιπλέον,
μέσα από ποιοτική και ποσοτική ανάλυση, διαπιστώσαμε ότι η σημασιολογική συνοχή των αντιπαραδειγματικών
τροποποιήσεων συνδέεται με την ευρωστία (robustness) του εκάστοτε ταξινομητή, αναδεικνύοντας έτσι το
SPRUCE όχι μόνο ως ένα εργαλείο επεξήγησης αλλά και ως έναν μηχανισμό διαγνωστικής αξιολόγησης και
βελτίωσης της ανθεκτικότητας των μοντέλων προτού χρησιμοποιηθούν κλινικά.

LŁxeic-kleidi� — Αντιπαραδειγματικές Εξηγήσεις, Ερμηνεύσιμη Τεχνητή Νοημοσύνη, Ιατρική

Απεικόνιση, Παραγωγικά Ανταγωνιστικά Δίκτυα, Ανταγωνιστική Ανθεκτικότητα, Ταξινόμηση Εικόνας
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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
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Chapter 1

Ektetamènh PerÐlhyh sta Ellhnikˆ

1.1 Eisagwg 

Ta montèla bajiˆc mˆjhshc apoteloÔn plèon èna basikì ergaleÐo ston tomèa thc epexergasÐac eikìnac kai
eÐnai idiaÐtera diadedomèna sthn taxinìmhsh iatrik¸n eikìnwn[74, 8, 92, 56, 133, 101, 87].'Enac shman-
tikìc periorismìc aut¸n twn montèlwn eÐnai ìti leitourgoÔn wc � maÔra kouti �̂, dhlad  h diadikasÐa l yhc
apofˆsewn paramènei dusnìhth stouc anjr¸pouc , en¸ suqnˆ basÐzontai se statistikèc exart seic twn de-
domènwn ekpaÐdeushc kai den afomoi¸noun exeidikeumènh gn¸sh tomèa[124, 137].Parìlo pou autì mporeÐ na
eÐnai apodektì se ˆllouc tomeÐc, sthn iatrik  apeikìnish oi lanjasmènec apofˆseic enìc taxinomht  mporoÔn na
uponomeÔsoun thn ugeionomik  perÐjalyh kai na jèsoun se kÐnduno asjeneÐc. To gegonìc autì èqei odhg sei
tìso thn ereunhtik  koinìthta sthn anˆptuxh teqnik¸n gia ErmhneÔsimh Teqnht  NohmosÔnh (Explainable
Arti�cial Intelligence) [37, 119], ìso kai thn antÐstoiqh nomik  pleurˆ sthn eisagwg  nìmwn pou kajier¸noun
to � dikaÐwma sthn epex ghsh�, dhlad  to dikaÐwma paroq c aitiolìghshc gia mia apìfash pou lambˆnetai apì
èna sÔsthma Teqnht c NohmosÔnhc to opoÐo ephreˆzei shmantikˆ èna ˆtomo.1

Gia thn epex ghsh twn " mˆurwn kouti¸n " pou qrhsimopoioÔntai sthn taxinìmhsh eikìnac èqoun anaptuqjeÐ
diˆforec mèjodoi . MÐa tètoia prosèggish eÐnai h dhmiourgÐa antiparadeigmatik¸n eikìnwn[13, 47, 36, 27].Oi
antiparadeigmatikèc epexhg seic parèqoun èna nèo dedomèno eisìdou, parìmoio me to arqikì, to opoÐo parˆgei
diaforetik  èxodo , perigrˆfontac ousiastikˆ tic anagkaÐec allagèc sthn eÐsodo ¸ste na allˆxei h apìfash
tou ekˆstote montèlou . Autì to eÐdoc epex ghshc moiˆzei se megˆlo bajmì me thn anjr¸pinh diadikasÐa l yhc
apofˆsewn kai èqei deiqjeÐ ìti eÐnai eÔkola ermhneÔsimo apì anjr¸pouc[34, 84, 120].Epiplèon,h diaforˆ se
epÐpedo eikonostoiqeÐwn(pixels) metaxÔ thc arqik c kai thc antiparadeigmatik c eikìnac mporeÐ na leitourg sei
wc � qˆrthc shmantikìthtac � [83](saliency map), me to prìsjeto pleonèkthma ìti h Ðdia h antiparadeigmatik 
eikìna qrhsimeÔei wc pistopoihtikì orjìthtac gia ton en lìgw qˆrth .

Teqnikˆ , opoiad pote eikìna pou parˆgei diaforetik  èxodo apì thn arqik  mporeÐ na leitourg sei wc antipa-
radeigmatik , allˆ prokeimènou na prosfèrei ousiastikèc plhroforÐec , h antiparadeigmatik  eikìna ofeÐlei
na emfanÐzei mìno tic apolÔtwc anagkaÐec allagèc sthn eikìna eisìdou gia na anastrafeÐ h èxodoc tou tax-
inomht . Gia parˆdeigma, se ènan taxinomht  pou entopÐzei pneumonÐa se axonikèc tomografÐec j¸raka, ja
protimoÔsame h perioq  allag c na brÐsketai apokleistikˆ stouc pneÔmonec, kai ìqi sto upìbajro   sth
morf  tou skeletoÔ , kaj¸c autì ja mporoÔse na antiproswpeÔei ènan entel¸c diaforetikì asjen  . 'Enac
shmantikìc periorismìc poll¸n ergasi¸n sth sqetik  bibliografÐa [5, 116, 35, 80, 14]eÐnai ìti den eisˆgoun
mhqanismoÔc sth diadikasÐa dhmiourgÐac antiparadeigmatik¸n epexhg sewn pou na exasfalÐzoun ìti h telik 
eikìna ja emfanÐzei araièc(sparse),antilhptˆ parìmoiec kai optikˆ sunektikèc allagèc . Se aut n thn ergasÐa,
qrhsimopoioÔme diˆforouc ìrouc kanonikopoÐhshc sth diadikasÐa dhmiourgÐac antiparadeigmatik¸n eikìnwn pou
exasfalÐzoun tic proanaferjeÐsec idiìthtec, sugkekrimèna thnL1 kanonikopoÐhsh tìso ston q¸ro thc eikìnac
ìso kai ston lanjˆnonta q¸ro tou ParagwgikoÔ AntagwnistikoÔ DiktÔou (PAD ), kaj¸c kai th sunˆrthsh
Learned Perceptual Image Patch Similarity [138].

'Enac ˆlloc shmantikìc periorismìc se pollèc ergasÐec [86, 5, 61, 116, 105, 80, 14]eÐnai ìti apaitoÔn thn apì
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koinoÔ, me kˆpoion trìpo, ekpaÐdeush tou montèlou pou parˆgei tic epexhghmatikèc eikìnec me thn ekpaÐdeush
tou taxinomht  pou exetˆzetai, me apotèlesma na mhn mporoÔn na efarmìsoun to plaÐsio touc se opoiod pote
proekpaideumèno montèlo.

Se aut  thn ergasÐa, axiopoioÔme kai epekteÐnoume th mèjodo exagwg c apoklÐnontwn qarakthristik¸n(ex-
ceptional feature extraction) apì to PIECE [54], h opoÐa epitrèpei mia mh epopteuìmenh proekpaÐdeush tou
montèlou paragwg c antiparadeigmatik¸n eikìnwn kai apaiteÐ mìno ton upologismì orismènwn statistik¸n
stoiqeÐwn gia tic energopoi seic tou proteleutaÐou epipèdou tou taxinomht . Aut  h teqnik  epÐshc den jètei
periorismoÔc ston arijmì klˆsewn exìdou tou taxinomht  kai eÐnai ikan  na parˆgei antiparadeigmatikèc eikìnec
apì opoiad pote klˆsh se opoiad pote ˆllh , kˆti pou den isqÔei gia pollèc ˆllec ergasÐec.

Epomènwc, sthn paroÔsa diplwmatik  proteÐnoume èna nèo plaÐsio, to SPRUCE (SParse Realistic and Uncou-
pled Counterfactual Explanations). H suneisforˆ mac sunoyÐzetai wc ex c:

ˆ Eisˆgoume to SPRUCE, èna nèo plaÐsio gia th dhmiourgÐa arai¸n antiparadeigmatik¸n iatrik¸n eikìnwn.

ˆ AnaptÔssoume mia exeidikeumènh sunˆrthsh ap¸leiac pou epibˆllei tìso thn araiìthta ìso kai thn
pistìthta eikìnac stic paragìmenec epexhghmatikèc, elaqistopoi¸ntac tropopoi seic pou den sqetÐzon-
tai me thn ekˆstote pˆjhsh .

ˆ QrhsimopoioÔme Paragwgikˆ Antagwnistikˆ DÐktua(PAD ), se sunduasmì me tic mejìdoucEncoder
for Editing (E4E) [117] kai pivotal tuning [96], gia na epitÔqoume akrib  anakataskeu  kai paragwg 
kajar¸n realistik¸n eikìnwn , kaj¸c kai gia na enisqÔsoume ton èlegqo kai thn dunatìthta epexergasÐac
ston lanjˆnonta q¸ro tou PAD .

ˆ AxiopoioÔme mia teqnik  apì toPIECE [54] pou aposundèei thn ekpaÐdeush tou antiparadeigmatikoÔ
ermhneut  apì thn ekpaÐdeush tou taxinomht  kai mac epitrèpei na qrhsimopoioÔme ton Ðdio epexhght 
gia opoiond pote duadikì   pollapl¸n klˆsewn taxinomht  pou èqei ekpaideuteÐ sthn Ðdia katanom 
dedomènwn.

ˆ Diapist¸noume ìti h ikanìthta dhmiourgÐac arai¸n , realistik¸n antiparadeigmatik¸n eikìnwn sundèetai
ˆmesa me thn eurwstÐa(robustness) tou taxinomht  , kajist¸ntac to plaÐsio mac èna polÔtimo ergaleÐo
gia ton entopismì adunami¸n, allˆ kai gia thn epije¸rhsh montèlwn .

1.2 Jewrhtikì Upìbajro

1.2.1 Suneliktikˆ Neurwnikˆ DÐktua

H enìthta aut  parousiˆzei leptomer¸c ta basikˆ stoiqeÐa twn Suneliktik¸n Neurwnik¸n DiktÔwn (CNNs)
kai tic kÔriec diergasÐec pou touc epitrèpoun na majaÐnoun apì megˆlouc ìgkouc dedomènwn eikìnac.

O Neur¸nac kai oi Sunart seic EnergopoÐhshc

Sthn kardiˆ kˆje NeurwnikoÔ DiktÔou brÐsketai o neur¸nac , empneusmènoc apì touc biologikoÔc neur¸nec
pou epikoinwnoÔn metaxÔ touc mèsw hlektrik¸n shmˆtwn. Kˆje neur¸nac se èna dÐktuo:

1. Dèqetai èna mikrì tm ma dedomènwn eisìdou,

2. UpologÐzei to stajmismèno ˆjroisma sun mÐa stajerˆ(bias),

3. Efarmìzei mia sunˆrthsh energopoÐhshc,

4. Sumbˆllei sth dhmiourgÐa enìc qˆrth qarakthristik¸n (feature map).

'Opwc faÐnetai sto Sq ma1.2.1,h èxodoc tou neur¸na prowjeÐtai stic epìmenec str¸seic tou diktÔou. Basikì
stoiqeÐo twn sunart sewn energopoÐhshc eÐnai h eisagwg  mh-grammikìthtac, ¸ste to montèlo na mporeÐ na
montelopoieÐ sÔnjeta prìtupa. Kˆpoiec sunhjismènec sunart seic energopoÐhshc eÐnai oi ex c:

ˆ ReLU: f (x) = max(0 ; x)· apl  ki apotelesmatik  , wstìso mhdenÐzei ìlec tic arnhtikèc timèc.

ˆ Leaky ReLU: DiathreÐ mia mikr , mh mhdenik  klÐsh gia arnhtikèc eisìdouc, metriˆzontac to prìblhma
twn mh energopoihmènwn neur¸nwn sthn perÐptwsh thcReLU.
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ˆ Sigmoid: Metatrèpei tic timèc eisìdou sto eÔroc (0; 1), qr simh gia pijanìthtec , allˆ mporeÐ na
koresteÐ epibradÔnontac thn ekpaÐdeush.

ˆ Tanh: Parìmoia me th sigmoid, allˆ kentrˆretai sto mhdèn sto eÔroc (� 1; 1)· epÐshc euˆlwth se
koresmì twn gradients.

Figure 1.2.1: Sqhmatik  apeikìnish thc arqitektonik c enìc neur¸na , ìpou upologÐzetai stajmismèno
ˆjroisma , prostÐjetai bias, efarmìzetai sunˆrthsh energopoÐhshc kai parˆgetai h èxodoc tou neur¸na.

Neurwnikˆ DÐktua kai h EkpaÐdeus  touc

Ta Neurwnikˆ DÐktua [60] apoteloÔntai apì pollaplèc str¸seic :

ˆ str¸ma eisìdou (input layer) gia ta arqikˆ dedomèna,

ˆ diˆfora krufˆ str¸mata (hidden layers) gia thn exagwg  qarakthristik¸n ,

ˆ ènastr¸ma exìdou (output layer) pou parˆgei tic telikèc problèyeic .

To sfˆlma anˆmesa sthn prìbleyh kai thn alhjin  tim  metriètai apì mia sunˆrthsh
ap¸leiac � sunhjèstera to mèso tetragwnikì sfˆlma (MSE) gia palindrìmhsh   h sunˆrthsh Cross-
Entropy gia taxinìmhsh� kai elaqistopoieÐtai mèsw miac diadikasÐacbeltistopoÐhshc gnwst c wc
Gradient Descent.

Algìrijmoc Opisjodiˆdoshc (Backpropagation) H ekpaÐdeush basÐzetai se dÔo fˆseic:
� pro¸jhsh � kai � opisjodiˆdosh �. Sthn pro¸jhsh , ta dedomèna rèoun mèsa apì to dÐktuo ¸ste na paraq-
jeÐ h prìbleyh . AkoloujeÐ h opisjodiˆdosh , ìpou upologÐzontai ta gradients thc sunˆrthshc ap¸leiac wc
proc kˆje parˆmetro (me ton kanìna alusÐdac) kai enhmer¸nontai ta bˆrh. To Sq ma 1.2.2 apotup¸nei aut 
th diadikasÐa mèsw thc opoÐac ta montèla Teqnht c NohmosÔnhc mporoÔn kai majaÐnoun.

Figure 1.2.2: Fˆsh pro¸jhshc (upologismìc exìdwn) kai fˆsh opisjodiˆdoshc (upologismìc gradients) gia
thn enhmèrwsh twn bar¸n.
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Teqnikèc KanonikopoÐhshc (Regularization)

'Ena basikì prìblhma sth bajiˆ mˆjhsh eÐnai h uperprosarmog  , ìpou to dÐktuo apomnhmoneÔei lep-
tomèreiec tou sunìlou ekpaÐdeushc qwrÐc na genikeÔei se kainoÔria dedomèna. Gia thn antimet¸pis  tou ,
efarmìzontai diˆforec teqnikèc kanonikopoÐhshc:

ˆ L1/L2 KanonikopoÐhsh : Prìsjetoi ìroi pou epibˆlloun poin  sta bˆrh megˆlou megèjouc , apo-
jarrÔnontac uperbolikì mègejoc   pl joc paramètrwn .

ˆ Dropout [111] : TuqaÐa� apenergopoÐhsh� neur¸nwn katˆ thn ekpaÐdeush gia na apofeuqjeÐ h
sunexˆrthsh (co-adaptation).

ˆ EpaÔxhsh Dedomènwn (Data Augmentation) : Teqnik  mèsw thc opoÐac dhmiourgoÔntai epiplèon
paradeÐgmata ekpaÐdeushc tropopoi¸ntac ta arqikˆ dedomèna ekpaÐdeushc(p.q., peristrof  , anastrof  ,
kop  eikìnwn).

ˆ RÔjmish Megèjouc PartÐdac (Batch Size) : Uperparˆmetroc pou kajorÐzei pìsa deÐgmata
epexergˆzontai se èna b ma enhmèrwshc bar¸n.

Basikˆ StoiqeÐa SunelÐxewn (Convolutional Layer Essentials)

H sunèlixh [31] apoteleÐ ton pur na twn CNNs, ìpou mikroÐpur nec (kernels) sar¸nontai stic qwrikèc
diastˆseic thc eikìnac gia thn exagwg  topik¸n qarakthristik¸n . 'Opwc faÐnetai sto Sq ma1.2.3, kˆje
pur nac èqei plˆtoc , Ôyockai bˆjoc , epishmaÐnontac qarakthristikˆ ìpwc akmèc   ufèc.

Figure 1.2.3: Endeiktik  efarmog  pur na sunèlixhc se mia eikìna (apì [10]).

Ta paradosiakˆ CNNs aapoteloÔntai apì èna sunduasmìsuneliktik¸n fÐltrwn , strwmˆtwn up-
odeigmatolhyÐac (pooling) kai Pl rwc Sundedemènwn Strwmˆtwn , ìpwc sto Sq ma 1.2.4.
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Figure 1.2.4: Tupik  arqitektonik  CNN me diadoqikèc sunelÐxeic, upodeigmatolhyÐa kai pl rwc
sundedemènec str¸seic.

Str¸ma UpodeigmatolhyÐac (Pooling Layer) To str¸ma upodeigmatolhyÐac(p.q. max pooling)
mei¸nei th qwrik  anˆlush twn qarakthristik¸n , elatt¸nontac ton upologistikì fìrto kai epitugqˆnontac
metafrastik  ametablhtìthta (translational invariance). Oi uperparˆmetroi stride kai padding kajorÐzoun
ton trìpo me ton opoÐo o pur nac olisjaÐnei kai antimetwpÐzei ta ˆkra thc eikìnac.

KanonikopoÐhsh Katˆ PartÐdec (Batch Normalization) Gia th stajeropoÐhsh thc ekpaÐdeushc,
h KanonikopoÐhsh Katˆ PartÐdec prosarmìzei statistikˆ tic energopoi seic (mhdenik  mèsh tim  kai
monadiaÐa diasporˆ) se kˆje partÐda, belti¸nontac suqnˆ tìso thn taqÔthta sÔgklishc ìso kai thn telik 
akrÐbeia.

Pl rwc Sundedemèno Str¸ma (Fully Connected Layer) Sto pl rwc sundedemèno str¸ma, oi
neur¸nec èqoun pl rh sundesimìthta me ìlouc touc neur¸nec sto prohgoÔmeno kai to epìmeno str¸ma, ìpwc
faÐnetai sta kanonikˆ FCNN. Autìc eÐnai o lìgoc pou mporeÐ na upologisteÐ me ton sunhjismèno trìpo mèsw
enìc pollaplasiasmoÔ mhtr¸n , akoloujoÔmenou apì mia epÐdrash metatìpishc(bias). To str¸ma FC bohjˆ
sthn antistoÐqish thc anaparˆstashc metaxÔ thc eisìdou kai thc exìdou.

1.2.2 Montèlo ConvNeXt

Se aut  thn enìthta parousiˆzetai analutikˆ h arqitektonik  tou ConvNeXt, èna� eksugqronismèno� Sunelik-
tikì Neurwnikì DÐktuo (CNN) pou antleÐ idèec apì toucVision Transformers (ViTs), diathr¸ntac wstìso ta
basikˆ gnwrÐsmata twn paradosiak¸n taxinomht¸n tÔpouResNet. Stìqoc eÐnai na epiteuqjeÐ   na xeperasteÐ
h apìdosh twn Transformers se megˆlhc klÐmakac taxinom seic eikìnwn, me diat rhsh thc ermhneusimìthtac
kai thc apodotik c qr shc upologistik¸n pìrwn .

Eisagwg  sto ConvNeXt

To montèlo ConvNeXt apoteleÐ mia prìsfath parallag  CNN, h opoÐa enswmat¸nei domikèc epilogèc apì
touc ierarqikoÔc Transformers (p.q. Swin), qwrÐc ìmwc na basÐzetai apokleistikˆ ston mhqanismìself-
attention. Antijètwc , eksugqronÐzei ta suneliktikˆ str¸mata (convolutional layers) ¸ste na epitugqˆnei
sugkrÐsimh epÐdosh, sunduˆzontac thn apodotikìthta twn ConvNets me orismèna pleonekt mata twn montèlwn
tÔpouTransformer.

KÔriec Arqitektonikèc KainotomÐec

To ConvNeXt basÐzetai se mia dom  parìmoia me aut  twnResNet, plaisiwmènh apì idèec pou proèrqontai
apì Vision Transformers. Oi belti¸seic mporoÔn na qwristoÔn se:
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ˆ Allagèc Macro- epipèdou (Macro-level): UyhloÔ epipèdou tropopoi seic sth sunolik  dom  tou
diktÔou(p.q. stem, patchi�cation, multi-stage sqedÐash).

ˆ Allagèc Mikro -epipèdou (Micro-level): Epembˆseic mèsa se kˆjeresidual   bottleneck block
(p.q. anestrammènabottlenecks, epilogèc sunart sewn energopoÐhshc).

Allagèc Makro -epipèdou

(a) Ierarqik  Polustadiak  SqedÐash (Hierarchical Multi-Stage Design) To ConvNeXt uio-
jeteÐ ierarqik  dom  parìmoia me tupikˆCNNs, allˆ anajewreÐ ton arijmì twn block anˆ stˆdio se (3; 3; 9; 3),
mimoÔmeno th dianom block se ierarqikoÔcTransformers (p.q. Swin). 'Etsi exasfalÐzei klimakoÔmenh arqitek-
tonik  , h opoÐa sullambˆnei apotelesmatikˆ tìso qamhlìsuqnec ìso kai uyhlìsuqnec plhroforÐec .

(b) Patchi�ed Convolutional Stem AntÐ gia to klasikì 7x7 convolution kai max pooling (ìpwc sta
pr¸ima ResNet), to ConvNeXt antikajistˆ tic arqikèc str¸seic me mia diergasÐa patchify� sugkekrimèna,
èna4x4 convolution mestride 4, parìmoio me topatch tokenization twn ViTs. 'Etsi periorÐzetai to arqikì
upologistikì kìstoc , en¸ parˆllhla dhmiourgoÔntai �patch embeddings� pou trofodotoÔn ta epìmena stˆdia
tou diktÔou.

(c) MegalÔteroi Pur nec SunelÐxewn To ConvNeXt paÔei na periorÐzetai se3x3 pur nec, epilè-
gontac 7x7 depthwise convolutions. H dieurumènh aut � perioq  antÐlhyhc� (receptive �eld) moiˆzei peris-
sìtero me thn eureÐa qwrik  kˆluyh tou self-attention, epitrèpontac sto dÐktuo na enswmat¸nei qarakthristikˆ
se megalÔtera tm mata thc eikìnac apì nwrÐc.

(d) Tropopoi seic Empneusmènec apì ResNeXt Basizìmeno sthn idèa twngrouped convolutions
tou ResNeXt, to ConvNeXt pernˆ se depthwise sunelÐxeic, ìpou kˆje kanˆli epexergˆzetai anexˆrthta .
O diaqwrismìc qwrik c kai kanalik c diˆstashc (depthwise + 1x1 pointwise layers) mei¸nei ta FLOPs kai
enarmonÐzetai me ton� diaqwrismì� kanali¸n / q¸rou (channel/spatial) twn Transformers.

(e) Anestrammèna Bottlenecks (Inverted Bottlenecks) Parìmoia me toMobileNetV2, to ConvNeXt
qrhsimopoieÐ anestrammènh dom bottleneck, ìpou h diˆstash twn qarakthristik¸n dieurÔnetai katˆ 4 forèc
prin apì th sunèlixh . Aut  h prosèggish jumÐzei tic feed-forward epektˆseic sta ViTs kai sunistˆ pio
ekfrastikì topikì metasqhmatismì .

Allagèc Mikro -epipèdou

(a) Qr sh GELU antÐ ReLU To ConvNeXt antikajistˆ th sunhjismènh ReLU me thn pio omal GELU
(Gaussian Error Linear Unit), diadedomènh staViTs. H allag  aut  belti¸nei th ro  twn gradient (gradi-
ent �ow), mei¸nei thn pijanìthta � nekr¸n �( mh energopoihmènwn) neur¸nwn kai mporeÐ na apod¸sei kalÔterh
apìkrish se euaÐsjhtec metabolèc qarakthristik¸n . Sto Sq ma 1.2.5 apotup¸netai aut  h sqediastik  epi-
log  .

(b) Ligìterec Energopoi seic kai Kanonikopoi seic En¸ se pollèc CNN arqitektonikèc
akoloujeÐ mia sunˆrthsh energopoÐhshc metˆ apì kˆje sunèlixh, sto ConvNeXt qrhsimopoieÐtai suqnˆ mÐa
GELU anˆ block. Epiplèon, beltistopoieÐtai h qr sh thc KanonikopoÐhshc katˆ partÐdec, en¸ suqnˆ pro-
timˆtai h KanonikopoÐhsh Katˆ Str¸ma (Layer Normalization) .

(c) KanonikopoÐhsh Katˆ Str¸ma (Layer Normalization) Wc mèroc thc prospˆjeiac prosèggishc
thc ro c ergasi¸n tÔpou Transformer, sto ConvNeXt antikajÐstatai suqnˆ h Batch Normalization meLayer
Normalization , efarmìzontac thn kanonikopoÐhsh se epÐpedo str¸matoc mèsa se kˆjeresidual block. H
mèjodoc aut  stoqeÔei sth meÐwsh thc euaisjhsÐac wc proc to mègejoc partÐdac, diathr¸ntac parˆllhla
stajer  ekpaÐdeush.
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Figure 1.2.5: SÔgkrish sqedÐashcblock anˆmesa seResNet, Swin Transformerkai ConvNeXt. DiakrÐnontai
ta anestrammènabottlenecks kai h LayerNorm sto ConvNeXt.

SÔgkrish me Paradosiakˆ CNNs

Ston PÐnaka1.1 faÐnontai oi kuriìterec diaforèc metaxÔ� klasik¸n � diktÔwn tÔpouResNet kai thc eksug-
qronismènhc prosèggishc touConvNeXt.

Qarakthristikì Paradosiakˆ CNNs ConvNeXt

TÔpoc SunelÐxewn Standard Convs Depthwise Separable
KanonikopoÐhsh BatchNorm LayerNorm
EnergopoÐhsh ReLU GELU
MeÐwsh Diastˆsewn Max Pooling / Strided Conv Patchi�ed Convolution
Residual Blocks Bottleneck Residuals AnestrammènaBottlenecks

Table 1.1: Basikèc antistoiqÐec metaxÔ tupik¸nCNN kai thc eksugqronismènhc arqitektonik c ConvNeXt.

1.2.3 Paragwgikˆ Antagwnistikˆ DÐktua (PAD )

H enìthta aut  parousiˆzei mia oloklhrwmènh anaskìphsh twn Paragwgik¸n Antagwnistik¸n DiktÔwn
(PAD ), estiˆzontac sthn exèlix  touc apì tic basikèc arqitektonikèc èwc to StyleGAN2-ADA, to opoÐo
antimetwpÐzei tic prokl seic èlleiyhc dedomènwn pou qarakthrÐzoun ton q¸ro thc iatrik c apeikìnishc. Epi-
plèon, kalÔptetai h ènnoia thcanastrof c PAD (GAN inversion) , mia krÐsimh diadikasÐa gia thn enswmˆtwsh
pragmatik¸n eikìnwn ston lanjˆnonta q¸ro , epitrèpontac prohgmènec efarmogèc ìpwc h paragwg  antipa-
radeigmatik¸n eikìnwn kai h shmasiologik  epexergasÐa.

Episkìphsh twn Paragwgik¸n Antagwnistik¸n DiktÔwn

Ta PAD protˆjhkan apì touc Goodfellow et al. [32].Se ènaParagwgikì Antagwnistikì DÐktuo
(GAN) emplèkontai dÔo neurwnikˆ dÐktua� èna paragwgikì (generator) kai èna diaqwristikì (discrimina-
tor) � pou ekpaideÔontai me antagwnistikì trìpo. O generator G sunjètei upoy fia deÐgmata pou moiˆzoun
realistikˆ , en¸ o discriminator D prospajeÐ na diakrÐnei eˆn èna deÐgma eÐnai pragmatikì   paragìmeno.
Majhmatikˆ , h ekpaÐdeush diatup¸netai wc ènamin-max game:
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min
G

max
D

V(D; G) = Ex � pdata (x ) [logD(x)] + Ez� pz (z) [log(1 � D (G(z)))] : (1.2.1)

Tupik  Arqitektonik  (Vanilla). Sto basikì senˆrio , o generator dèqetai wc eÐsodo ènan tuqaÐo
lanjˆnon k¸dika z (sun jwc apì kanonik  katanom  ) kai parˆgei sunjetikˆ dedomènaG(z). O discriminator
ektimˆ thn pijanìthta èna deÐgma na eÐnai pragmatikì. To Sq ma 1.2.6 deÐqnei aut  th jemeli¸dh sqedÐash.

Figure 1.2.6: Basik  arqitektonik  enìc Vanilla GAN, me paragwgikì dÐktuoG kai diaqwristikì D .

Parallagèc PAD (GAN Variants)

Apì th sÔllhy  touc mèqri s mera , pollèc parallagèc twn PAD èqoun protajeÐ gia thn antimet¸pish
thc astˆjeiac ekpaÐdeushc, tou mode collapsekai thc periorismènhc poikilÐac deigmˆtwn:

ˆ DCGAN: Eis gage suneliktikèc str¸seic tìso sto G ìso kai sto D , belti¸nontac thn poiìthta
eikìnwn [93].

ˆ WGAN: Antikatèsthse thn apìklish Jensen�Shannonme thn apìstash Wasserstein,stajeropoi¸ntac
thn ekpaÐdeush kai mei¸nontac tomode collapse [3].

ˆ CycleGAN: PragmatopoÐhse azeugˆrwth metˆfrash eikìnac-proc-eikìna (unpaired image-to-image
translation) mèsw epibol ccycle consistency[143].

ˆ PGGAN: Epètreye paragwg  eikìnwn uyhlìterhc anˆlushc prosjètontac stadiakˆ ta epÐpeda
anˆlushc katˆ thn ekpaÐdeush, belti¸nontac th stajerìthta kai tic leptomèreiec [51].

ˆ StyleGAN / StyleGAN2 / StyleGAN2-ADA: EstÐase sestyle-basedsÔnjesh gia pio leptomer 
èlegqo kai kalÔtero apodiaqwrismì (disentanglement) tou lanjˆnontoc q¸rou . To StyleGAN2-ADA
prìsjese adaptive data augmentation¸ste na uposthrÐzei mikrìtera sÔnola dedomènwn[52, 53].

Figure 1.2.7: Parˆdeigma arqitektonik c DCGAN apì [140].
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Efarmogèc PAD . Ta PAD axiopoioÔntai eurèwc sthn iatrik  apeikìnish (p.q. epaÔxhsh dedomènwn,
anÐqneush anwmali¸n), sthn ìrash upologist  (p.q. super-resolution, domain adaptation) kai se pl joc
ˆllwn peript¸sewn ìpou qreiˆzontai sunjetikˆ kai tautìqrona realistikˆ dedomèna .

StyleGAN kai StyleGAN2: MejodologÐa Basismènh sto �Style�

To StyleGAN [49] eis gage ènan paragwgikì pur na pou epexergˆzetai ènan endiˆmeso lanjˆnon k¸dikaw
kai efarmìzei adaptive instance normalization(AdaIN) gia ton èlegqo optik¸n gnwrismˆtwn . Autì epètreye :

ˆ KalÔtero apodiaqwrismì tropopoi sewn (p.q. anexˆrthtoc èlegqoc pìzac kai uf c ),

ˆ DeÐgmata uyhl c poiìthtac se prwtofaneÐc analÔseic,

ˆ Style mixing, ¸ste na auxhjeÐ h poikilÐa twn paragìmenwn exìdwn.

Belti¸seic sto StyleGAN2. Parìti to StyleGAN beltÐwse ton èlegqo tou stul , emfˆnize teqnourg -
mata(artifacts) kai sÔmplexh mh sqetik¸n qarakthristik¸n . To StyleGAN2 antimet¸pise ta zht mata autˆ
me:

ˆ Weight modulation/demodulation: Antikatèsthse tic rhtèc str¸seic AdaIN, periorÐzontac
epanalambanìmena teqnourg mata.

ˆ EkpaÐdeush se stajer  anˆlush : AfaÐrese to progressive growinggia mia aploÔsterh allˆ
apotelesmatik  diadikasÐa ekmˆjhshc.

ˆ Skip & residual sundèseic : Dieukìlune th ro  twn gradients kai stajeropoÐhse thn ekpaÐdeush.

ˆ Path length regularization: Proètreye sunep  sumperiforˆ stic parembolèc lanjˆnontoc k¸dika ,
mei¸nontac apìtomec metabˆseic.

Peirˆmata pou sunèkrinan StyleGAN kai StyleGAN2 se sÔnola ìpwc ta FFHQ   LSUN cats/horses
epibebaÐwsan meiwmènhFréchet Inception Distance (FID) kai qamhlìtero Perceptual Path Length (PPL),
upodhl¸nontac uyhlìterh pistìthta kai pio omalèc tropopoi seic ston lanjˆnonta q¸ro .

StyleGAN2-ADA: Prosarmostik  EnÐsqush Dedomènwn ston Discriminator

To StyleGAN2 apaiteÐ megˆla sÔnola dedomènwn gia stajer  apìdosh. Wstìso , se polloÔc tomeÐc� idÐwc
sthn iatrik  apeikìnish � ta dedomèna eÐnai periorismèna. To StyleGAN2-ADA [53] upernikˆ autì to
meionèkthma eisˆgontac ènaprosarmostikì sq ma epaÔxhshc (adaptive augmentation) pou:

ˆ Efarmìzei � mh diarreÔsimec� epaux seic (peristrofèc , anastrofèc , alloi¸seic qr¸matoc ) mìno sthn
eÐsodo toudiscriminator,

ˆ RujmÐzei dunamikˆ thn èntash twn epaux sewn anˆloga me to epÐpedo uperprosarmog c touD,

ˆ DiathreÐ thn katanom  pou majaÐnei ogenerator, qwrÐc na� molÔnetai� apì tic epaux seic .

Ofèlh sthn Iatrik  Apeikìnish .

1. Poiotik  sÔnjesh me lÐga dedomèna : PolÔtimo gia exeidikeumènec iatrikèc perioqèc me lÐgec
ekatontˆdec deigmatolhptikˆ dedomèna.

2. DhmiourgÐa antiparadeigmatik¸n eikìnwn : 'Enac epexergˆsimoc lanjˆnwn q¸roc wfeleÐ sth
dhmiourgÐa antiparadeigmatik¸n eikìnwn pou mporeÐ na dieukolÔnoun thn diˆgnwsh   ton sqediasmì
jerapeÐac.

3. Diamoirasmìc dedomènwn me diasfˆlish idiwtikìthtac : ForeÐc mporoÔn na moirˆzontai
realistikèc sunjetikèc eikìnec me elˆqisto kÐnduno apokˆluyhc pragmatik¸n plhrofori¸n asjen¸n .
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Figure 1.2.8: Metaforˆ mˆjhshc sto StyleGAN2-ADA: sÔgkrish sÔgklishc enìc proekpaideumènou
montèlou (p.q. FFHQ) kai prosarmog c se ˆllh perioq  (CELEBA-HQ).

Anastrof  PAD (GAN Inversion): SÔndesh Pragmatik¸n Eikìnwn me Lanjˆnontec
K¸dikec

Pollèc sÔnjetec efarmogèc apaitoÔnanastrof  PAD (GAN inversion) � dhl . thn eÔresh lanjˆnontoc
k¸dika z� ¸ste h paragìmenh eikìna G(z� ) na anaparˆgei pistˆ mia pragmatik  eikìna x. H epituq c anastrof 
dÐnei dunatìthta gia:

ˆ Shmasiologik  epexergasÐa (semantic editing) : Anexˆrthtoc èlegqoc sugkekrimènwn qarak-
thristik¸n se pragmatikèc eikìnec ,

ˆ Paragwg  antiparadeigmatik¸n : Elˆqistec stoqeumènec allagèc pou apokalÔptoun p¸c mikrèc
tropopoi seic ephreˆzoun thn taxinìmhsh,

ˆ Anˆlush lanjˆnontoc q¸rou : Katanìhsh tuqìn merolhyi¸n tou montèlou .

Mèjodoi Anastrof c . Sun jeic proseggÐseic:

1. Basismènec se beltistopoÐhsh (optimization-based) : Epanalhptik  elaqistopoÐhsh thc
L (G(z); x) wc proc z, epitugqˆnontac uyhl  pistìthta , allˆ pio arg  sÔgklish .

2. Me qr sh apokwdikopoiht  (encoder-based) : EkpaideÔetai ènacencoderE pou antistoiqÐzei
ˆmesa tic eikìnec se lanjˆnonta k¸dika , exasfalÐzontac gr gorh prìbleyh , ìmwc suqnˆ ligìtero akrib  .

3. Ubridikèc Strathgikèc : ArqikopoÐhsh apì ènan encoder kai sth sunèqeia leptomer 
beltistopoÐhsh, epitugqˆnontac isorropÐa taqÔthtac-akrÐbeiac.

Basikèc prokl seic paramènoun hdiat rhsh tautìthtac , h kˆluyh deigmˆtwn ektìc katanom c kai h diat rhsh
epexergasimìthtac (editability) tou lanjˆnontoc k¸dika .
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Figure 1.2.9: Endeiktik  apeikìnish thc anastrof c PAD : antistoÐqish pragmatik c eikìnac x se
lanjˆnonta k¸dika z� .

1.2.4 Antagwnistik  EkpaÐdeush kai EurwstÐa

H enìthta aut  anadeiknÔei mia krisimìtath prìklhsh sth bajiˆ mˆjhsh : thn eupˆjeia twn neurwnik¸n dik-
tÔwn seantagwnistikˆ paradeÐgmata , dhlad  eisìdouc pou èqoun uposteÐ elˆqistec allˆ � kalosqe-
diasmènec� diataraqèc, me skopì na xegelˆsoun montèla pou upì kanonikèc sunj kec emfanÐzoun uyhl 
akrÐbeia. Tètoiec adunamÐec egeÐroun sobaroÔc problhmatismoÔc se pedÐa uyhl c asfaleÐac, ìpwc h autì-
math od ghsh oqhmˆtwn,h ugeionomik  perÐjalyh kai h kubernoasfˆleia, kajist¸ntac thn antagwnistik 
anjektikìthta jemeli¸dh proteraiìthta èreunac . AkoloujeÐ mia pio leptomer c episkìphsh twn basik¸n
ennoi¸n, twn kuriìterwn strathgik¸n ˆmunac kai twn anoiqt¸n prokl sewn gÔrw apì thn antagwnistik 
eurwstÐa.

Antagwnistikˆ ParadeÐgmata kai Epijèseic

'Ena antagwnistikì parˆdeigma prokÔptei mèsw prosj khc miac mikr c, suqnˆ aìrathc diataraq c � se èna
ègkuro deÐgmax, parˆgontac x0 = x + � . Parìti oi optikèc allagèc eÐnai sqedìn aìratec , to neurwnikì dÐktuo
taxinomeÐ lanjasmèna thn eÐsodox0. Tupikˆ , oi antagwnistikèc epijèseic stoqeÔoun sth megistopoÐhsh tou
sfˆlmatoc taxinìmhshc :

max
�

L
�
f (x + � ); y

�
me thn proôpìjesh k� kp � �: (1.2.2)

ìpou to � oriojeteÐtai apì thn metablht  � (sÔmfwna me kˆpoia nìrmàp). Anˆloga me th gn¸sh tou sqediast 
thc epÐjeshc gia to montèlo, oi epijèseic kathgoriopoioÔntai wc:

ˆ White-box epijèseic : O epitijèmenoc èqei pl rh prìsbash sthn arqitektonik  kai sta bˆrh tou
montèlou, epitrèpontac mejìdouc ìpwc Fast Gradient Sign Method (FGSM) [33]   Projected Gradient
Descent (PGD) [73].

ˆ Black-box epijèseic : O epitijèmenoc diajètei mìno dunatìthta kl shc (queries) sto montèlo,
parathr¸ntac tic telikèc pijanìthtec   tic etikètec exìdou tou . Me axiopoÐhsh mejìdwn metˆdoshc
(transfer-based)   mejìdwn bˆsei erwthmˆtwn (query-based) [89], kataskeuˆzei antagwnistikèc eisì-
douc.
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Figure 1.2.10: DhmiourgÐa antagwnistik¸n paradeigmˆtwn me elˆqista oratèc diataraqèc, apì [33].

Antagwnistik  Anjektikìthta

H antagwnistik  anjektikìthta (adversarial robustness)perigrˆfei thn ikanìthta enìc montèlou na
diathreÐ uyhl  epÐdosh kˆtw apì antagwnistikèc diataraqèc. H èreuna perilambˆnei tìso jewrhtikˆ ìria (p.q.
gia sugkekrimènec nìrmec   arqitektonikèc) ìso kai empeirikèc mejìdouc(p.q. antagwnistik  ekpaÐdeush). H
axiolìghsh sun jwc aforˆ th mètrhsh thc akrÐbeiac tou montèlou gia mia seirˆ tim¸n � . 'Enac anjektikìc
taxinomht c diathreÐ uyhl  akrÐbeia akìmh kai se sqetikˆ megˆlec timèc� .

Antagwnistik  EkpaÐdeush

MetaxÔ twn pio gnwst¸n strathgik¸n ˆmunac sugkatalègetai h antagwnistik  ekpaÐdeush , ìpou parˆ-
gontai antagwnistikˆ paradeÐgmata kai prostÐjentai sto sÔnolo ekpaÐdeushc, ousiastikˆ � ekpaideÔontac� to
montèlo na ta antimetwpÐzei. StoqeÔoume na epilÔsoume:

min
�

max
k� k� �

L
�
f (x + � ; � ); y

�
; (1.2.3)

me� tic paramètrouc tou montèlou. Se kˆje b ma , dhmiourgoÔntai antagwnistikˆ paradeÐgmata kai enhmer¸non-
tai ta bˆrh . Parallagèc thc mejìdou eÐnai:

ˆ FGSM-based training : Efarmog  enìc b matoc gradient gia th dhmiourgÐa diataraq¸n[33].

ˆ PGD-based training : DiadikasÐa poll¸n bhmˆtwn (Projected Gradient Descent) gia pio isqurèc
epijèseic, qrhsimopoieÐtai suqnˆ sthn ekpaÐdeush me qr sh thc`1 - nìrmac[73].

ˆ EkpaÐdeush me anabajmizìmenh austhrìthta (curriculum) : Xekinˆ me mikrì� kai to auxˆnei
stadiakˆ , ¸ste to montèlo na prosarmìzetai omalìtera .

'Allec Strathgikèc 'Amunac

Pèra apì thn antagwnistik  ekpaÐdeush, èqoun protajeÐ diˆforec akìma ˆmunec:

ˆ Defensive distillation: EkpaÐdeush deutereÔontoc montèlou pˆnw se� exomalunmènec� (softened) exì-
douc tou arqikoÔ diktÔou, me stìqo thn apìkruyh twn pragmatik¸n gradients [88].

ˆ MetasqhmatismoÐ eisìdou : Metriˆzoun tic antagwnistikèc diataraqèc efarmìzontac leitourgÐec
ìpwc sumpÐeshJPEG   meÐwsh bˆjoucbit [38].

ˆ ProseggÐseic tuqaiìthtac : Prosjètoun tuqaiìthta eÐte sta dedomèna eisìdou eÐte sta str¸mata
tou diktÔou, duskoleÔontac ton epitijèmeno na upologÐsei stajer  kateÔjunshgradients.

ˆ Certi�ed defenses: Parèqoun eggu seic anjektikìthtac upì sugkekrimènec nìrmec, p.q. mèswran-
domized smoothing [17].
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Figure 1.2.11: KathgoriopoÐhsh dhmofil¸n mejìdwn ˆmunac ènanti antagwnistik¸n paradeigmˆtwn,
basismènh sto[15].

1.2.5 ErmhneÔsimh Teqnht  NohmosÔnh kai Antiparadeigmatikèc Exhg -
seic

H enìthta aut  diereunˆ ta jemèlia thc ErmhneÔsimhc Teqnht c NohmosÔnhc (XAI) kai thn oloèna
auxanìmenh shmasÐa twnantiparadeigmatik¸n exhg sewn (counterfactual explanations) , eidikˆ
se pedÐa uyhloÔ rÐskou ìpwc h iatrik  apeikìnish. H anˆlush xekinˆ orÐzontac tic ènnoiec thc ermhneusimìth-
tac kai thc epexhghmatikìthtac sth mhqanik  mˆjhsh kai sth sunèqeia deÐqnoume p¸c oi antiparadeigmatikèc
proseggÐseic uperbaÐnoun tic paradosiakèc teqnikèc(p.q. qˆrtec shmantikìthtac ), parèqontac safeÐc, di-
aisjhtikèc upodeÐxeic sqetikˆ me top¸c prèpei na tropopoihjeÐ mia eÐsodoc gia na allˆxei h apìfash enìc
montèlou.

KÐnhtra gia ErmhneÔsimh Teqnht  NohmosÔnh

Ta sÔgqrona bajiˆ neurwnikˆ dÐktua leitourgoÔn suqnˆ san � maÔra kouti �̂, montelopoi¸ntac perÐploka
prìtupa pou den eÐnai eÔkola katanohtˆ apì ton ˆnjrwpo [94, 98]. Wstìso , se iatrikèc efarmogèc eÐnai
aparaÐthto ta apotelèsmata enìc montèlou na eÐnai axiìpista kai ermhneÔsima gia touc klinikoÔc iatroÔc. Gi'
autìn ton lìgo , h èreuna èqei estiˆsei se strathgikèc pou apokalÔptoun th diadikasÐa l yhc apofˆsewn tou
montèlou, sunduˆzontac thn akrÐbeia prìbleyhc me th diafˆneia.

Ermhneusimìthta ènanti Epexhghmatikìthtac . Genik ,̂ h ermhneusimìthta kai h epexhgh-
matikìthta aforoÔn to pìso eÔkola mporeÐ kˆpoioc ˆnjrwpoc na katano sei ton lìgo gia ton opoÐo èna
montèlo katèlhxe se mia sugkekrimènh èxodo[64]. Perilambˆnoun tìso � ek twn ustèrwn� (post-hoc) mejì-
douc(p.q. qˆrtec shmantikìthtac ) pou aitiologoÔn tic apofˆseic metˆ thn ekpaÐdeush tou montèlou, ìso kai
� eggen¸c ermhneÔsima� (intrinsically interpretable) montèla (p.q. dèntra apìfashc ) twn opoÐwn h dom  eÐnai
ek fÔsewc diafan c.

Sunhjismènec Teqnikèc sth XAI

Sthn ìrash upologist¸n , teqnikèc ìpwc hGrad-CAM kai oi qˆrtec shmantikìthtac (saliency maps)
qrhsimopoioÔntai eurèwc gia ton entopismì perioq¸n miac eikìnac pou ephreˆzoun thn èxodo tou diktÔou. Oi
LIME [94] kai SHAP [69]parèqoun topikèc proseggÐseic thc sumperiforˆc tou montèlou. Parìti ìmwc autèc oi
mèjodoi anadeiknÔoun ta krÐsima eikonostoiqeÐa, denproteÐnoun trìpo allag c thc eisìdou gia diaforetik 
apìfash . Autì to kenì kalÔptoun oi antiparadeigmatikèc exhg seic .
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Figure 1.2.12: Efarmog  Grad-CAM se diagnwstik  eikìna , apì [102].

Antiparadeigmatikèc Exhg seic

Oi antiparadeigmatikèc exhg seic stoqeÔoun sto er¸thma: � Poia elˆqisth allag  sthn eÐsodo ja ˆl-
laze thn apìfash tou montèlou ;� [122]. AntÐ na epishmaÐnoun apl¸c shmantikèc perioqèc, ìpwc oi qˆrtec
shmantikìthtac , oi antiparadeigmatikèc proseggÐseic proteÐnounenallaktikèc ekdoqèc thc eisìdou pou anti-
strèfoun thn èxodo .O trìpoc leitourgÐac touc tairiˆzei me thn anjr¸pinh logik  � an mia mikr  metabol 
allˆzei th diˆgnwsh apì jetik  se arnhtik  , tìte autì apokalÔptei ta kajoristikˆ qarakthristikˆ gia thn
prìbleyh .

Basikˆ Krit ria sthn Iatrik  Apeikìnish

Gia na jewrhjeÐ mia antiparadeigmatik  ex ghsh klinikˆ ousiastik  [122, 98], prèpei na dièpetai apì ta
parakˆtw qarakthristikˆ :

ˆ Egkurìthta (Validity): Na prokaleÐ saf  allag  etikètac (p.q. apì karkinikì se mh karkinikì ).

ˆ Realismìc (Realism): Na moiˆzei me alhjofan  , anatomik¸c sunep  eikìna.

ˆ Efiktìthta (Actionability): Na antistoiqeÐ se realistikèc iatrikèc epembˆseic(p.q. mikr  meÐwsh
megèjouc miac alloÐwshc antÐ gia exafˆnish enìc olìklhrou orgˆnou).

ˆ Araiìthta (Sparsity): Na diathreÐ tic allagèc sto elˆqisto , upogrammÐzontac poia qarakthristikˆ
èqoun pragmatikˆ shmasÐa.

ˆ Aitiatìthta (Causality): Na tropopoieÐ qarakthristikˆ ˆmesa sqetikˆ me thn pajologÐa, ¸ste h
allag  prìbleyhc na eÐnai iatrikˆ ermhneÔsimh kai ìqi na proèrqetai apì tuqaÐec susqetÐseic.

Figure 1.2.13: Parˆdeigma� ugioÔc� antiparadeigmatik c aktinografÐac j¸raka , me ton antÐstoiqo qˆrth
diafor¸n .

GiatÐ oi Antiparadeigmatikèc Exhg seic eÐnai Diaisjhtikèc

Oi ˆnjrwpoi suqnˆ skèftontai me senˆria �what if�. Ston iatrikì klˆdo , tètoioi upojetikoÐ sullogismoÐ
bohjoÔn sthn epibebaÐwsh   amfisb thsh miac diˆgnwshc: � An autìc o ìgkoc  tan sto misì mègejoc , ja ton
jewroÔse to montèlo mh karkinikì;� Mia tètoia sullogistik  enisqÔei thn epikoinwnÐa anˆmesa sta ergaleÐa
TN kai touc klinikoÔc eidikoÔc, auxˆnontac thn empistosÔnh sth qr sh touc.

36



1.3. MejodologÐa

Prokl seic Uiojèthshc

Parˆ thn axÐa touc, oi antiparadeigmatikèc exhg seic eÐnai dÔskolec sthn ulopoÐhsh gia dedomèna iatrik c
apeikìnishc gia touc ex c lìgouc :

ˆ Jèmata Idiwtikìthtac : H dhmiourgÐa   epexergasÐa dedomènwn asjen¸n prèpei na summorf¸netai
me austhroÔc kanonismoÔc(p.q. HIPAA, GDPR).

ˆ Realistik  EpexergasÐa : Oi epembˆseic uyhl c anˆlushc, pou diathroÔn thn anatomik  sunèpeia,
apaitoÔn prohgmèna paragwgikˆ montèla kai megˆlh upologistik  isqÔ.

ˆ Klinik  EpikÔrwsh : Oi eidikoÐ ofeÐloun na epibebai¸soun ìti oi allagèc antapokrÐnontai se prag-
matikèc dunatìthtec kai den dhmiourgoÔn teqnhtârtifacts pou ja mporoÔsan na paraplan soun th
diˆgnwsh   ton sqediasmì jerapeÐac.

1.3 MejodologÐa

1.3.1 Eisagwg  sto plaÐsio SPRUCE

Se aut n thn enìthta , eisˆgoume to SPRUCE (Sparse Realistic Uncoupled Counterfactual Explanations),
èna plaÐsio gia thn paragwg  realistik¸n kai elˆqista tropopoihmènwn antiparadeigmatik¸n ex-
hg sewn (counterfactual explanations) sto tomèa thc iatrik c apeikìnishc . To SPRUCE sthrÐzetai stic
idèec touPIECE , miac mejìdou pou entopÐzei� apoklÐnonta qarakthristikˆ � (exceptional features) sto teleu-
taÐo epÐpedo anaparˆstashc enìcNeurwnikoÔ DiktÔou protoÔ gÐnei h telik  taxinìmhsh. Parakˆtw
parousiˆzetai mia leptomer c sÔnoyh twn kentrik¸n ide¸n tou PIECE kai tou trìpou me ton opoÐo toSPRUCE
tic epekteÐnei.

Sunoptik  ParousÐash tou PIECE

To PIECE arqikˆ dokimˆsthke se sÔnola dedomènwn ìpwc toMNIST [21] kai to CIFAR-10, epideiknÔontac
thn ikanìthtˆ tou na parˆgei alhjofaneÐc antiparadeigmatikèc exhg seic . Basik  arq  tou eÐnai o entopismìc
pijan¸c spˆniwn (dhlad  � apoklinìntwn �) qarakthristik¸n se mia dosmènh eikìna, kai h antikatˆstas  touc
meanamenìmenectimèc, ìpwc autèc emfanÐzontai sthn antiparadeigmatik  klˆshc0.

DÔo Uposust mata . To PIECE proôpojètei :

ˆ 'Enan taxinomht  eikìnwn (�:�: èna Suneliktikì Neurwnikì DÐktuo ), pou exˆgei tic pi-
janìthtec ìlwn twn klˆsewn .

ˆ 'Ena montèlo PAD (GAN) to opoÐo anakataskeuˆzei   sunjètei eikìnec apì lanjˆnontec k¸dikec ,
epitrèpontac thn optikopoÐhsh twn allag¸n se epÐpedo eikonostoiqeÐwn(pixel) gia thn paragwg  an-
tiparadeigmatik¸n exhg sewn.

Kai ta dÔo montèla mporoÔn na ekpaideutoÔn anexˆrthta, arkeÐ ta sÔnola ekpaÐdeus c touc na moirˆzontai
thn Ðdia katanom .

Figure 1.3.1: H prosèggish tou PIECE gia ton entopismì apoklinìntwn qarakthristik¸n se mia
eikìna(query image).
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Basikìc Sumbolismìc

JewroÔme ènaCNN me dÔo kÔria tm mata:

ˆ C: 'Ola ta epÐpeda tou diktÔou mèqri to proteleutaÐo epÐpedo qarakthristik¸n, pou exˆgei to diˆnusma
qarakthristik¸n x.

ˆ S: To teleutaÐo epÐpedosoftmax, to opoÐo taxinomeÐ tox se mia katanom  pijanot twn Y .

'Etsi , gia mia eikìna eisìdouI , h anaparˆstash sto proteleutaÐo epÐpedo eÐnaix = C(I ) kai h èxodoc eÐnai
Y = S(C(I )) . Parˆllhla , ènac ekpaideumènocgenerator G (apì èna Paragwgikì Antagwnistikì
DÐktuo ) antistoiqÐzei ènan lanjˆnonta k¸dika z se mia eikìnaI = G(z).

Basikˆ B mata tou AlgorÐjmou PIECE.

1. Anastrof  PAD (GAN inversion) kai Epilog  Antiparadeigmatik c Klˆshc : To
PIECE pr¸ta anastrèfei thn eikìna I ston lanjˆnonta q¸ro tou GAN. Epiplèon, prosdiorÐzei thn
antiparadeigmatik  klˆsh c0 � suqnˆ thn pragmatik  etikèta eˆn o taxinomht c sfˆlei   kˆpoia ˆllh
� kontin  � klˆsh eˆn h arqik  prìbleyh eÐnai swst  .

2. Entopismìc Apoklinìntwn Qarakthristik¸n : Qrhsimopoi¸ntac ektim seic twn katanom¸n
energopoÐhshc gia thn klˆshc0, to PIECE entopÐzei qarakthristikˆ tou x pou apoklÐnoun shmantikˆ
(kˆtw apì èna kat¸fli � ) apì thn � tupik  � katanom . Mìno autˆ jewroÔntai � apoklÐnonta� kai
upìkeintai se allag  .

3. Allag  twn Apoklinìntwn Qarakthristik¸n stic Anamenìmenec Timèc : O algìri-
jmoc tropopoieÐ tic� parˆtairec � timèc qarakthristik¸n (p.q. uperbolikˆ uyhlèc   qamhlèc ) ¸ste na
plhsiˆzoun tic � fusiologikèc � timèc gia thn klˆsh c0.Dhlad  , h mèjodoc metabˆlei thn tim  ekeÐnwn
twn apoklÐnontwn qarakthristik¸n pou ephreˆzoun arnhtikˆ thn taxinìmhsh thc arqik c eikìnac sthn
antiparadeigmatik  klˆsh c0

4. OptikopoÐhsh ston Q¸ro twn EikonostoiqeÐwn : Tèloc , to tropopoihmèno diˆnusma qarak-
thristik¸n x0 apeikonÐzetai pˆli se eikìnaI 0, mèsw miac akìma anastrof c PAD. Autì parˆgei mia
� elˆqista tropopoihmènh� eikìna me ousi¸deic allagèc gia thn klˆsh -stìqo .

To PlaÐsio SPRUCE

To SPRUCE axiopoieÐ thn idèa touentopismoÔ apoklinìntwn qarakthristik¸n apì to PIECE, allˆ thn
prosarmìzei stic apait seic thc iatrik c apeikìnishc , dÐnontac èmfash sthnaraiìthta (sparsity) kai ston
realismì tou telikoÔ apotelèsmatoc. To Sq ma 1.3.2 deÐqnei to diˆgramma ro c tou plaisÐou, qwrismèno se
trÐa basikˆ tm mata.
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Figure 1.3.2: Oloklhrwmèno diˆgramma leitourgÐac touSPRUCE: apì th montelopoÐhsh qarakthristik¸n ,
sthn anastrof  PAD , mèqri th beltistopoÐhsh ston lanjˆnonta q¸ro .

B ma 1: Exagwg  twn Apoklinìntwn Qarakthristik¸n

Gia mia swstˆ taxinomhmènh eikìnaI , to plaÐsio dhmiourgeÐ to� antiparadeigmatikì� diˆnusma qarakthristik¸n
ston q¸ro qarakthristik¸n tou taxinomht  .

B ma 2: Anastrof  PAD

Sth sunèqeia, h arqik  eikìna probˆlletai ston lanjˆnonta q¸ro enìc StyleGAN2-ADA mèsw enìc
ubridikoÔ plaisÐou anastrof c. 'Etsi apoktˆme mia epexergˆsimh lanjˆnousa anaparˆstash pou ìtan do-
jeÐ san eÐsodo ston�ne-tuned generator tou PAD anakataskeuˆzei pistˆ thn arqik  eikìna .

B ma 3: BeltistopoÐhsh ston Lanjˆnonta Q¸ro

Tèloc , qrhsimopoieÐtai mia exeidikeumènh sunˆrthsh beltistopoÐhshc(optimization objective) pou epibˆllei
ton realismì kai thn araiìthta sthn telik  epexhghmatik  eikìna . H beltistopoÐhsh tou lanjˆnontoc k¸dika
odhgeÐ se mia eikìna-antiparˆdeigma(I 0) pou:

ˆ Diafèrei apì thn I kurÐwc sta krÐsima shmeÐa pou kajorÐzoun thn apìfash tou taxinomht ,

ˆ DiathreÐ uyhl  pistìthta kai sunèpeia me thn klˆsh c0,

ˆ Den alloi¸nei aqreÐasta tic mh pajologikèc domèc.

1.3.2 Exagwg  Apoklinìntwn Qarakthristik¸n

Gia na efarmìsoume thn idèa touexceptional feature extraction apì to PIECE [54] se sÔgqrona montèla
ConvNeXt akoloujoÔme ta parakˆtw b mata:

1. MontelopoÐhsh twn lanjanìntwn qarakthristik¸n (Fitting the Latent Features' activa-
tions) anˆ klˆsh ,

2. Entopismìc apoklinìntwn qarakthristik¸n (identifying exceptional features) thc arqik c
eikìnac I wc proc mia antiparadeigmatik  klˆsh c0,
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3. TropopoÐhsh mìno twn krÐsimwn outliers pou anamènetai na anatrèyoun thn apìfash tou
montèlou.

Sumbolismìc

Ac upojèsoume ìti F eÐnai ènac ekpaideumènoc kai� pagwmènoc� (frozen) taxinomht c tÔpou ConvNeXt, o
opoÐoc dèqetai mia eikìnaI kai epistrèfei èna diˆnusma pijanot twn Y = F (I ). SumbolÐzoume:

ˆ C: To dÐktuo mèqri to proteleutaÐo epÐpedo,

ˆ S: To telikì pl rwc sundedemèno str¸ma (Fully Connected Layer) kai to softmax,

ˆ x = C(I ): To lanjˆnon diˆnusma qarakthristik¸n ,

ˆ Y = S(x): H pijanìthta gia kˆje klˆsh , mec = arg max( Y ) thn problefjeÐsa klˆsh .

Efìson mia mellontik  antiparadeigmatik  eikìna I 0 allˆzei thn prìbleyh apì c se c0, mac endiafèrei na
entopÐsoume poia qarakthristikˆ x0

i parekklÐnoun apì ta tupikˆ prìtupa thc klˆshc c0.

MontelopoÐhsh twn Tim¸n EnergopoÐhshc Lanjanìntwn Qarakthristik¸n

Gia na perigrˆyoume statistikˆ kˆje qarakthristikì x i tou lanjˆnontoc q¸rou tou taxinomht  , sugkentr¸-
noume tosÔnolo dedomènwn ekpaÐdeushc D kai orÐzoume:

L c =
�

x j x = C(I ); S(x) = c; I 2 D
	

gia kˆje klˆsh c. Upojètoume ìti kˆje qarakthristikì x i akoloujeÐ xeqwrist  katanom  X ci . Kaj¸c to
ConvNeXt qrhsimopoieÐ sunˆrthshGELU (epitrèpontac arnhtikèc timèc), den mporoÔme na efarmìsoume
apeujeÐac tohurdle model tou arqikoÔ PIECE ( pou leitourgoÔse meReLU). Sunep¸c:

ˆ MontelopoioÔme thn katanom  twn tim¸n energopoÐhshc tou kˆje neur¸na-qarakthristikoÔ me thn qr sh
twn Gaussian Mixture Models (GMMs).Sta peirˆmata mac qrhsimopoi same5 Gkaousianèc sunist¸sec
gia thn montelopoÐhsh ìlwn twn qarakthristik¸n .

ˆ Kˆje GMM orÐzetai apì bˆrh � k , mèsh tim � k kai diakumˆnseic� 2
k .

ˆ H diadikasÐa gÐnetai mÐa forˆ anˆ klˆsh, apotup¸nontac thn � tupik  � katanom  energopoi sewn twn
qarakthristik¸n .

'Etsi , gia thn klˆsh c kai to qarakthristikì i isqÔei:

p(x i ) =
KX

k=1

� k N
�
x i j � k ; � 2

k

�
:

EntopÐzontac ta ApoklÐnonta Qarakthristikˆ

Gia mia eikìnaI kai mia antiparadeigmatik  klˆsh c0, exetˆzoume kˆje qarakthristikì x i sto x = C(I ):

F (x i ) =
KX

k=1

� k �
�

x i � � k
� k

�
;

ìpou �( �) eÐnai h sunˆrthsh katanom c thc kanonik cN (0; 1). Gia ton entopismì twn outliers (uyhl¸n  
qamhl¸n), orÐzoume:

P(x i ) = min
�
F (x i ); 1 � F (x i )

�
:

Eˆn P(x i ) < t (mikrìtero apì èna kat¸fli t), tìte to x i qarakthrÐzetai � apoklÐnon�.
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Allˆzontac ta ApoklÐnonta sthn Anamenìmenh Tim 

AfoÔ entopÐsoume taoutliers, exetˆzoume epiprìsjeta to prìshmo tou bˆrouc wi sto telikì str¸ma S. Gia
parˆdeigma:

ˆ Eˆn to x i eÐnai uperbolikˆ uyhlì allˆ wi > 0 (Ðswc wfeleÐ thn klˆsh c0) kai ˆra den to allˆzoume .

ˆ Eˆn antÐjeta to x i eÐnai uyhlì kaiwi < 0, to jewroÔme epiblabèc kai to antikajistoÔme me thE[X c0i ],
dhlad  thn anamenìmenh tim  thcGMM gia to qarakthristikì i sthn klˆsh c0.

Me aut  th strathgik  , mìno oi timèc pou empodÐzoun thn taxinìmhsh sthnc0 tropopoioÔntai.

Figure 1.3.3: Diagrammatik  apeikìnish tou trìpou pou èna � apoklÐnon� qarakthristikì (kìkkino ) allˆzei
sthn � anamenìmenh� tim  (diakekommènh gramm ) gia thn antiparadeigmatik  klˆsh 0.

Telikì Apotèlesma . Me thn antikatˆstash twn apoklinìntwn stoiqeÐwn se timèc � fusiologikèc � gia
thn c0 (diathr¸ntac parˆllhla tic tuqìn euergetikèc apoklÐseic ), lambˆnoume toantiparadeigmatikì diˆnusma
qarakthristik¸n x0. Autì to diˆnusma , ìpwc ja doÔme sthn sunèqeia, ja leitourg sei wc odhgìc se mÐa
diadikasÐa beltistopoÐshc gia thn eÔresh thc antiparadeigmatik c eikìnac.

1.3.3 Anastrof  PAD : E4E kai PTI

KÐnhtro : H Anˆgkh gia Anastrof  PAD Uyhl c Pistìthtac kai Epexergasimìthtac

Sto plaÐsio tou PIECE, h paragwg  antiparadeigmatik¸n eikìnwn basÐzetai se mia diadikasÐa beltistopoÐhshc
pou efarmìzetai apeujeÐac sto lanjˆnon diˆnusma thc arqik c eikìnac . Ston tomèa thc iatrik c apeikìnishc ,
autì apaiteÐ mia lanjˆnousa anaparˆstash pou eÐnai tautìqronaakrib c (dhlad  , prèpei na anakataskeuˆzei
thn eikìna eisìdou me elˆqisth paramìrfwsh ) kai epexergˆsimh (dhlad  , prèpei na epitrèpei elegqìmenec
tropopoi seic gia antiparadeigmatik  sÔnjesh ). Oi paradosiakèc mèjodoi anastrof c PAD suqnˆ antimetw-
pÐzoun duskolÐec sthn exisorrìphsh aut¸n twn dÔo idiot twn:

ˆ ProseggÐseic basismènec sth beltistopoÐhsh , oi opoÐec beltistopoioÔn apeujeÐac ton lan-
jˆnonta k¸dika qrhsimopoi¸ntac èna mìno deÐgma, epitugqˆnoun uyhl  pistìthta anakataskeu c allˆ
parˆgoun lanjˆnontec k¸dikec pou eÐnai dÔskolo na tropopoihjoÔn.

ˆ ProseggÐseic basismènec se apokwdikopoihtèc , oi opoÐec ekpaideÔoun ènan apokwdikopoiht 
me megˆlo arijmì deigmˆtwn, parèqoun epexergˆsimec lanjˆnousec anaparastˆseic allˆ apotugqˆnoun
na anakataskeuˆsoun leptomèreiec.
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ˆ Ubridikèc mèjodoi , oi opoÐec pr¸ta qrhsimopoioÔn ènan apokwdikopoiht  gia na lˆboun to arqikì
lanjˆnon diˆnusma kai sth sunèqeia ekteloÔn apeujeÐac beltistopoÐhsh se autì. Akìmh kai aut  h
mèjodoc duskoleÔetai na brei èna idanikì shmeÐo isorropÐac.

Sto proteinìmeno plaÐsioSPRUCE, qrhsimopoioÔme mia diadikasÐa anastrof c dÔo stadÐwn:

1. Apokwdikopoiht c E4E : Parèqei mia arqik  epexergˆsimh lanjˆnousa anaparˆstash .

2. Pivotal Tuning Inversion (PTI) : Stoqeumènh ekpaÐdeush tou paragwgikoÔ montèlou gia beltiwmènh
akrÐbeia anakataskeu c.

Anaparastˆseic Lanjˆnontoc Q¸rou sto StyleGAN

To StyleGAN orÐzei pollaploÔc lanjˆnontec q¸rouc , o kajènac me diaforetik  epÐdrash sthn poiìthta, thn
epexergasimìthta kai ton realismì twn paragìmenwn eikìnwn:

ˆ Q¸roc Z: O arqikìc lanjˆnwn q¸roc , ìpou oi lanjˆnontec k¸dikec z � N (0; I ) deigmatolhptoÔntai
apì mia tupik  kanonik  katanom . Autìc o q¸roc eÐnai exairetikˆ susqetismènoc, kajist¸ntac dÔskolec
tic ˆmesec tropopoi seic.

ˆ Q¸roc W : 'Enac pio domhmènoc kai apomplegmènoc q¸roc pou lambˆnetai mèsw enìc ekpaideumènou
diktÔou apeikìnishc M , ìpou w = M (z). Autìc o q¸roc epitrèpei elegqìmenec tropopoi seic qarak-
thristik¸n diathr¸ntac ton realismì .

Gia th beltÐwsh twn dunatot twn anakataskeu c kai ton leptomer  èlegqo twn qarakthristik¸n , to Style-
GAN eisˆgei epauxhmènouc lanjˆnontec q¸rouc:

ˆ Q¸roc W + : Se antÐjesh me ton q¸ro W , ìpou ènac mìno lanjˆnwn k¸dikac efarmìzetai se ìla
ta str¸mata tou paragwgikoÔ montèlou , o q¸roc W + anajètei anexˆrthtouc lanjˆnontec k¸dikec se
kˆje str¸ma , epitrèpontac leptomerèstero èlegqo twn topik¸n qarakthristik¸n thc eikìnac .

ˆ Q¸roc W k : Mia peraitèrw epèktash ìpou mìno èna uposÔnolok strwmˆtwn lambˆnei diakritoÔc
lanjˆnontec k¸dikec , parèqontac isorropÐa metaxÔ ekfrastikìthtac kai elegximìthtac .

Apokwdikopoiht c E4E gia Anastrof  PAD

O E4E (Encoder for Editing) sqediˆsthke gia thn antimet¸pish twn prokl sewn anastrof c , topo-
jet¸ntac strathgikˆ lanjˆnontec k¸dikec ston epauxhmèno lanjˆnonta q¸ro , diasfalÐzontac parˆllhla th
sumbatìthta me shmasiologikèc tropopoi seic.

Basikèc Arqèc SqediasmoÔ tou E4E

1. ElaqistopoÐhsh thc DiakÔmanshc stouc Lanjˆnontec K¸dikec - Se antÐjesh me touc
paradosiakoÔc apokwdikopoihtèc, o E4E ekpaideÔetai gia proodeutik  beltÐwsh twn lanjanous¸n ana-
parastˆsewn , epitrèpontac th beltistopoÐhsh tìso thc pistìthtac anakataskeu c ìso kai thc epexer-
gasimìthtac .

2. ElaqistopoÐhsh thc Apìklishc apì ton q¸ro W - Mia eidik  sunˆrthsh ap¸leiac enjarrÔnei
touc lanjˆnontec k¸dikec na paramènoun kontˆ ston q¸ro W en¸ axiopoioÔn thn euelixÐa tou q¸rou
W + , belti¸nontac thn epexergasimìthta .

3. Arqitektonik  Apokwdikopoiht  Basismènh se ResNet - O E4E basÐzetai se ènaResNet-
like skeletì , parˆgontac ènan arqikì lanjˆnonta k¸dika kai prìsjetec metatopÐseic pou belti¸noun
sugkekrimèna str¸mata.

Sunolik  Sunˆrthsh Ap¸leiac ston E4E

O apokwdikopoiht c E4E ekpaideÔetai qrhsimopoi¸ntac mia sunˆrthsh ap¸leiac sqediasmènh na exisorropeÐ
dÔo krÐsimouc stìqouc:

ˆ ElaqistopoÐhsh Paramìrfwshc : DiasfalÐzontac ìti h anakataskeuasmènh eikìna moiˆzei polÔ
me thn arqik .
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ˆ Diat rhsh Epexergasimìthtac : Diathr¸ntac ènan domhmèno lanjˆnonta k¸dika pou epitrèpei
shmantikèc tropopoi seic.

H sunolik  sunˆrthsh ap¸leiac orÐzetai wc stajmismènoc sunduasmìc aut¸n twn dÔo ìrwn :

L (x) = L dist (x) + � edit L edit (x); (1.3.1)

ìpou � edit elègqei thn isorropÐa metaxÔ pistìthtac anakataskeu c kai euelixÐac tou lanjˆnontoc k¸dika.

Ap¸leia Paramìrfwshc

Gia thn elaqistopoÐhsh tou sfˆlmatoc anakataskeu c , h ap¸leia paramìrfwshc apoteleÐtai apì trÐa sus-
tatikˆ :

L dist (x) = � 2L 2(x) + � lpips L LP IP S (x) + � sim L sim (x): (1.3.2)

- L 2(x) - Tupik  ap¸leia anakataskeu c eikonostoiqeÐwn. - L LP IP S (x) - Antilhptik  ap¸leia gia th dias-
fˆlish domik c omoiìthtac metaxÔ eikìnwn. - L sim (x) - Ap¸leia tautìthtac , diasfalÐzontac th sunèpeia se
epÐpedo qarakthristik¸n qrhsimopoi¸ntac èna pro-ekpaideumèno dÐktuo.

Ap¸leia Epexergasimìthtac

Gia na diasfalisteÐ ìti oi lanjˆnontec k¸dikec paramènoun domhmènoi kai epexergˆsimoi, h ap¸leia epexer-
gasimìthtac apoteleÐtai apì:

L edit (x) = � d-reg L d-reg (x) + � adv L adv (x): (1.3.3)

- L d-reg (x) - Ap¸leia Delta-kanonikopoÐhshc pou periorÐzei tic metatopÐseic� i , diasfalÐzontac eggÔthta ston
q¸ro W . - L adv (x) - Antagwnistik  ap¸leia qrhsimopoi¸ntac ènan diakritopoiht  lanjˆnontoc q¸rou gia na
diathr sei touc majhmènouc k¸dikec stul entìc thc eggenoÔc katanom c touStyleGAN.

Stoqeumènh EkpaÐdeush gia Anastrof  PAD : Pivotal Tuning Inversion (PTI)

KÐnhtro gia to PTI sthn Anastrof  Iatrik¸n Eikìnwn En¸ o E4E parèqei mia epexergˆsimh
lanjˆnousa anaparˆstash , den egguˆtai pˆnta anakataskeuèc uyhl c pistìthtac , eidikˆ gia iatrikèc eikìnec
pou perièqoun leptomereÐc, uyhl c anˆlushc anatomikèc domèc. Stic efarmogèc iatrik c apeikìnishc , akìmh kai
mikrˆ teqnourg mata anakataskeu c mporoÔn na apokrÔyoun krÐsimec diagnwstikèc leptomèreiec. Autì apaiteÐ
mia mèjodo anastrof c pou enisqÔei thn akrÐbeia anakataskeu c diathr¸ntac parˆllhla thn epexergasimìthta .

To Pivotal Tuning Inversion (PTI) antimetwpÐzei aut n thn prìklhsh me stoqeumènh ekpaÐdeush tou Ðdiou tou
paragwgikoÔ montèlou, diasfalÐzontac ìti o anestrammènoc lanjˆnwn k¸dikac parˆgei mia eikìna pou eÐnai
adiˆkrith apì thn eÐsodo en¸ exakoloujeÐ na epitrèpei ousiastikèc antiparadeigmatikèc tropopoi seic.

MejodologÐa

To PTI apoteleÐtai apì dÔo kÔria b mata:

1. Arqik  Anastrof  PAD : H eikìna antistrèfetai pr¸ta qrhsimopoi¸ntac mia ètoimh mèjodo ba-
sismènh se apokwdikopoiht (p.q., E4E) gia na lhfjeÐ ènac arqikìc lanjˆnwn k¸dikac w ston lanjˆnonta
q¸ro W + .

2. Stoqeumènh EkpaÐdeush ParagwgikoÔ Montèlou : To paragwgikì montèlo G ekpaideÔetai
stoqeumèna gia kalÔterh anakataskeu  thc eikìnac-stìqou diathr¸ntac ton lanjˆnonta k¸dika sta-
jerì , belti¸nontac ètsi thn isorropÐa metaxÔ elaqistopoÐhshc paramìrfwshc kai epexergasimìthtac.
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KanonikopoÐhsh Topikìthtac

Gia thn apofug  thc uperprosarmog c se mÐa mìno eikìna, eisˆgetai h kanonikopoÐhsh topikìthtac. Autì
diasfalÐzei ìti to paragwgikì montèlo den qˆnei thn ikanìthtˆ tou na parˆgei diaforetikˆ deÐgmata apì to
arqikì sÔnolo dedomènwn. O ìroc kanonikopoÐhshc topikìthtac orÐzetai wc:

L reg = L LPIPS (x r ; x �
r ) + � R

L 2L L 2(x r ; x �
r ): (1.3.4)

ìpou :

ˆ x r = G(wr ; � ), eÐnai h eikìna pou parˆgetai apì to arqikì paragwgikì montèlo me to lanjˆnon diˆnusma
wr

ˆ x �
r = G(wr ; � � ), eÐnai h eikìna pou parˆgetai apì to ekpaideumèno paragwgikì montèlo me to lanjˆnon

diˆnusmawr

Telikˆ , h beltistopoÐhsh tou paragwgikoÔ montèlou diatup¸netai wc:

� � = arg min
� �

L pti + � regL reg : (1.3.5)

1.3.4 BeltistopoÐhsh Lanjˆnontoc DianÔsmatoc

To telikì b ma thc mejìdou SPRUCE eÐnai h epanalhptik  beltistopoÐhsh, sto lanjˆnonta q¸ro , tou lan-
jˆnontoc dianÔsmatoc pou anakataskeuˆzei thn arqik  eikìna me skopì thn apìkthsh thc lanjˆnousac ana-
parˆstashc thc antiparadeigmatik c eikìnac . Gia thn paragwg  antiparadeigmatik¸n eikìnwn pou exhgoÔn
ousiastikˆ thn apìfash tou taxinomht  , beltistopoioÔme to lanjˆnon diˆnusma tou StyleGAN2-ADA, pou
èqoume apokt sei qrhsimopoi¸ntac th diadikasÐa anastrof c PAD, me tètoio trìpo ¸ste :

ˆ Ta qarakthristikˆ thc eikìnac pou parˆgetai apì to beltistopoihmèno lanjˆnon diˆnusma na eujugram-
mÐzontai me ta apoklÐnonta qarakthristikˆ pou exˆgontai mèsw thc mejìdouPIECE.

ˆ H tropopoihmènh eikìna na paramènei antilhptik(̂perceptually) parìmoia me thn arqik , apofeÔgontac
uperbolikèc paramorf¸seic .

ˆ Oi tropopoi seic na eÐnai araièc, dhlad  na allˆzoun mìno oi ousi¸deic ptuqèc pou sumbˆlloun sthn
apìfash tou taxinomht  .

Sunˆrthsh BeltistopoÐhshc

H diadikasÐa beltistopoÐhshc pragmatopoieÐtai sto lanjˆnon diˆnusma pou arqikopoieÐtai wcwp. H sunˆrthsh
beltistopoÐhshc apoteleÐtai apì tèsseric basikoÔc ìrouc ap¸leiac :

L = L piece + � perc L LPIPS + � latent L latent + � image L image : (1.3.6)

'Oroc gia Eujugrˆmmish Qarakthristik¸n

'Eqontac kataskeuˆsei to antiparadeigmatikì diˆnusma qarakthristik¸n x0, qrhsimopoioÔme thn Ðdia ap¸leia
se epÐpedo qarakthristik¸n ìpwc ston arqikì algìrijmo PIECE:

L piece = kC(G(we)) � x0k2
2: (1.3.7)

'Opou:

ˆ C antiproswpeÔei ìla ta str¸mata tou pagwmènou taxinomht  mèqri to proteleutaÐo str¸ma qarak-
thristik¸n X.

ˆ x0 eÐnai to antiparadeigmatikì diˆnusma qarakthristik¸n.

ˆ G eÐnai to prosarmosmèno paragwgikì montèlo.
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ˆ we eÐnai to beltistopoihmèno lanjˆnon diˆnusma.

Autìc o ìroc diasfalÐzei ìti ta qarakthristikˆ thc antiparadeigmatik c eikìnac tairiˆzoun me ekeÐna pou
anamènontai gia thn antiparadeigmatik  klˆsh, exasfalÐzontac ètsi ìti h prìbleyh tou taxinomht  ja allˆxei .

'Oroc Antilhptik c Omoiìthtac (LPIPS)

Gia th diat rhsh thc domik c akeraiìthtac kai thn apofug  shmantik c apìklishc thc antiparadeigmatik c
eikìnac apì thn arqik  , enswmat¸noume ènan ìro antilhptik c omoiìthtac qrhsimopoi¸ntac thn metrik  LPIPS
(Learned Perceptual Image Patch Similarity):

L LPIPS = LPIPS(G(we); I ): (1.3.8)

'Opou:

ˆ G(we) eÐnai h paragìmenh antiparadeigmatik  eikìna.

ˆ I eÐnai h arqik  eikìna apì to sÔnolo dedomènwn.

H LPIPS diasfalÐzei ìti ta qarakthristikˆ uyhloÔ epipèdou diathroÔntai en¸ epitrèpontai ousiastikèc
tropopoi seic . Gia to dÐktuo bˆshc touLPIPS, qrhsimopoioÔme ènan exagwgèa qarakthristik¸n basismèno
sto VGG antÐ gia to AlexNet, lìgw thc eureÐac uiojèthshc tou VGG se sq mata beltistopoÐhshc pou
perilambˆnoun parallagèc tou StyleGAN.

'Oroc KanonikopoÐhshc sto Lanjˆnonta Q¸ro gia Araiìthta

Efarmìzoume epÐshc kanonikopoÐhshL1 gia ton periorismì as mantwn allag¸n sto lanjˆnonta q¸ro :

L latent = kwe � wpk1: (1.3.9)

Autìc o ìroc apotrèpei to beltistopoihmèno lanjˆnon diˆnusma na apomakrunjeÐ apì thn epexergˆsimh kai
shmasiologikˆ ploÔsia geitoniˆ tou arqikoÔ lanjˆnontoc dianÔsmatoc wp, enisqÔontac ètsi ton realismì kai
thn alhjofˆneia twn paragìmenwn antiparadeigmˆtwn .

'Oroc KanonikopoÐhshc ston Q¸ro twn EikonostoiqeÐwn gia Araiìthta

Gia na diasfalÐsoume ìti oi antiparadeigmatikèc eikìnec paramènoun pistèc sthn arqik  eikìna en¸ antikatop-
trÐzoun mìno tic aparaÐthtec tropopoi seic, eisˆgoume mia poin L1 stic diaforèc se epÐpedo eikonostoiqeÐwn
metaxÔ thc paragìmenhc antiparadeigmatik c eikìnac kai thc arqik c eikìnac:

L image = kG(we) � I k1: (1.3.10)

Aut  h kanonikopoÐhsh enjarrÔnei thn araiìthta stic allagèc twn eikonostoiqeÐwn, diasfalÐzontac ìti
tropopoioÔntai mìno oi pio sqetikèc perioqèc thc eikìnac, ekeÐnec pou eujÔnontai gia thn apìfash tou taxi-
nomht .

Sunep¸c, to telikì prìblhma beltistopoÐhshc diatup¸netai wc :

w�
e = arg min

wp

h
L piece + � perc L LPIPS + � latent L latent + � image L image

i
: (1.3.11)

'Opou:

ˆ w�
e eÐnai to lanjˆnon diˆnusma pou antistoiqeÐ sthn telik  antiparadeigmatik  eikìna.

ˆ � perc ; � latent ; � image eÐnai uperparˆmetroi pou elègqoun thn isorropÐa metaxÔ eujugrˆmmishc qarakthris-
tik¸n , antilhptik c omoiìthtac kai araiìthtac .
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Trofodot¸ntac to w�
e sto prosarmosmèno paragwgikì montèloG, mporoÔme na optikopoi soume thn antipa-

radeigmatik  eikìna.

Figure 1.3.4: OptikopoÐhsh thc diadikasÐac beltistopoÐhshc

1.3.5 Antagwnistik  Anjektikìthta gia Ousiastikèc Antipa-
radeigmatikèc Exhg seic

KÐnhtro : O Rìloc thc Antagwnistik c Anjektikìthtac

'Opwc eÐdame stic prohgoÔmenec enìthtec tou plaisÐou mac, to diˆnusma qarakthristik¸n tou taxinomht  qrhsi-
mopoieÐtai gia na kajodhg sei to paragwgikì montèlo touStyleGAN2-ada proc thn paragwg  miac eikìnac
pou an kei sthn epijumht  antiparadeigmatik  klˆsh kai eÐnai ìso to dunatìn pio kontˆ sthn arqik  eikìna .
Me ˆlla lìgia , mporoÔme na poÔme ìti tagradients tou taxinomht  eÐnai autˆ pou kajodhgoÔn to paragwgikì
montèlo proc th swst  kateÔjunsh . Sunep¸c, eˆn ta gradients den eÐnai shmasiologikˆ eujugrammismèna me
ta qarakthristikˆ miac sugkekrimènhc klˆshc , tìte ja mporoÔse na odhg sei, ìpwc ja doÔme sthn enìthta
twn peiramˆtwn, se antiparadeÐgmata pou moiˆzoun optikˆ me thn arqik  eikìna ìtan oi allagèc periorÐzontai
na eÐnai elˆqistec. Autì shmaÐnei ìti eˆn o taxinomht c eÐnai euˆlwtoc se antagwnistikèc, mh antilhptèc
apì ton ˆnjrwpo tropopoi seic (antagwnistikèc epijèseic) [33], tìte ta paragìmena antiparadeÐgmata ja
antikatoptrÐzoun autèc tic eupˆjeiec parˆ tic pragmatikèc aitiatèc susqetÐseic.

'Eqei apodeiqjeÐ ìti ta gradients twn antagwnistikˆ anjektik¸n taxinomht¸n èqoun isqurèc paragwgikèc
idiìthtec kai " majaÐnoun" qarakthristikˆ pou eÐnai antilhptikˆ eujugrammismèna me ta qarakthristikˆ miac
sugkekrimènhc klˆshc [100, 7]. Gia autìn ton lìgo , qrhsimopoioÔme antagwnistik  ekpaÐdeush gia na belti¸-
soume thn anjektikìthta tou taxinomht  kai na diasfalÐsoume ìti oi paragìmenec eikìnec perièqoun ousiastikèc
kai alhjofaneÐc allagèc . Sugkekrimèna, qrhsimopoioÔme thn mèjodoTRADES (TRade-o�-inspired Adver-
sarial DEfense via Surrogate-loss minimization) [136],mia prohgmènh mèjodo antagwnistik c ekpaÐdeushc pou
exisorropeÐ thn akrÐbeia se kajarˆ dedomèna kai thn anjektikìthta.

TRADES: Exisorrìphsh Kajar c AkrÐbeiac kai Anjektikìthtac

To plaÐsio TRADES diatup¸nei thn antagwnistik  ekpaÐdeush wc mia exisorrìphsh metaxÔ:

ˆ Tupik c AkrÐbeiac Taxinìmhshc : DiasfalÐzei ìti o taxinomht c diathreÐ uyhl  akrÐbeia se
kajarèc (mh diataragmènec) eikìnec, kˆti pou eÐnai aparaÐthto eidikˆ ston tomèa thc iatrik c apeikìnishc.
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ˆ Antagwnistik c Anjektikìthtac : EkpaÐdeush tou taxinomht  ¸ste na eÐnai ametˆblhtoc se
antagwnistikèc diataraqèc.

Majhmatik  DiatÔpwsh tou TRADES

H kentrik  idèa tou TRADES diatup¸netai wc mia kanonikopoihmènh sunˆrthsh ap¸leiac antikatˆstashc ,
pou sunduˆzei mia tupik  sunˆrthsh ap¸leiac taxinìmhshc kai ènan ìro kanonikopoÐhshc anjektikìthtac .
Sugkekrimèna, to TRADES beltistopoieÐ thn akìloujh sunˆrthsh :

min
f

E(x;y ) �D

�
L (f (x); y) + � � max

x 02B � (x )
L KL (f (x); f (x0))

�
; (1.3.12)

ìpou :

ˆ f (x) antiproswpeÔei thn problepìmenh katanom  pijanìthtac tou taxinomht  gia thn eÐsodox,

ˆ L upodhl¸nei thn tupik  sunˆrthsh ap¸leiac taxinìmhshc (p.q., cross-entropy),

ˆ L KL eÐnai h apìklishKullback-Leibler pou posotikopoieÐ th diaforˆ metaxÔ twn exìdwn tou taxinomht 
sto kajarì parˆdeigma x kai to antagwnistikì parˆdeigma x0,

ˆ B� (x) eÐnai h sfaÐra diataraq c aktÐnac� gÔrw apì thn eÐsodox, pou orÐzetai wcB� (x) = f x0 : kx0� xkp �
� g,

ˆ � eÐnai mia uperparˆmetroc pou elègqei thn exisorrìphsh metaxÔ thc kajar c akrÐbeiac(clean accuracy)
kai antagwnistik c anjektikìthtac .

Katˆ th diˆrkeia thc ekpaÐdeushc, ta antagwnistikˆ paradeÐgmatax0 dhmiourgoÔntai entìc thc sfaÐrac di-
ataraq c qrhsimopoi¸ntac thn Proballìmenh Kajod ghsh Diabˆjmishc (Projected Gradient Descent - PGD)
[73]. H PGD diatarˆssei epanalhptikˆ ta dedomèna eisìdou sthn kateÔjunsh thc diabˆjmishc thc ap¸leiac
KL gia na brei mia diataraq  qeirìterhc perÐptwshc. Aut  h epanalhptik  dhmiourgÐa antagwnistikoÔ pa-
radeÐgmatoc mporeÐ na ekfrasteÐ tupikˆ wc:

x0
t +1 = � B � (x )

�
x0

t + � � sign(r x 0
t
L KL (f (x); f (x0

t )))
�

; (1.3.13)

ìpou � B � (x ) (�) upodhl¸nei thn probol  sth sfaÐra aktÐnac � , � eÐnai to mègejoc tou b matoc kait upodeiknÔei
ton arijmì thc epanˆlhyhc .

Figure 1.3.5: Arister  eikìna : ìrio apìfashc me apl  ekpaÐdeush. Dexiˆ eikìna : ìrio apìfashc me
TRADES.
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1.4 Peirˆmata

1.4.1 Episkìphsh Sunìlwn Dedomènwn

Qrhsimopoi same tèssera dhmìsia diajèsima sÔnola dedomènwn iatrik c apeikìnishc, kajèna apì ta opoÐa
perilambˆnei monadikèc pajologÐec. AkoloujeÐ mia sunoptik  perigraf  twn dedomènwn, mazÐ me endeiktikèc
eikìnec pou anadeiknÔoun thn poikilomorfÐa tìso twn anatomik¸n stoiqeÐwn ìso kai twn pajologi¸n.

AktinografÐec J¸raka

(a) PneumonÐa vs. Ugi c

ˆ Phg  : RSNA Pneumonia Detection Challenge [2].

ˆ Klˆseic : PneumonÐa, Ugi c .

ˆ ProepexergasÐa: Allag  megèjouc se 256� 256, metatrop  se RGB.

ˆ Basikˆ Qarakthristikˆ :

� PneumonÐa : Perioqèc auxhmènhc puknìthtac pou prosomoiˆzoun flegmon  twn pneumìnwn.

� Ugi c : KajaroÐ pneÔmonec, fusiologikˆ aggeiakˆ prìtupa .

(b) MegalokardÐa vs. Ugi c

ˆ Phg  : NIH Chest X-ray [126] kai RSNA Challenge.

ˆ Klˆseic : MegalokardÐa, Ugi c .

ˆ ProepexergasÐa: Allag  megèjouc se 256� 256, metatrop  se RGB.

ˆ Basikˆ Qarakthristikˆ :

� MegalokardÐa : Megˆlec diastˆseic kardiak c silouètac , suqnˆ pèran tou 50% tou plˆtouc
tou j¸raka .

� Ugi c : DiaugeÐc pneÔmonec, kardiˆ fusiologikoÔ megèjouc .

Figure 1.4.1: Endeiktikèc aktinografÐec j¸raka : Ugi c (aristerˆ ), PneumonÐa(mesaÐa), MegalokardÐa
(dexiˆ).

Optikèc TomografÐec Sunoq c (OTS ) [55]

ˆ Phg  : Kaggle.

ˆ Klˆseic : Ugi c , Choroidal NeoVascularization (CNV),Diabetic Macular Edema (DME), Drusen.

ˆ ProepexergasÐa: EstÐash sto kentrikì shmeÐo(center-crop) thc eikìnac , allag  megèjouc se 256� 256,
metatrop  se RGB.
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ˆ Basikèc PajologÐec:

� CNV (Choroidal Neovascularization): Suss¸reush ugroÔ pou alloi¸nei tic stibˆdec tou
amfiblhstroeidoÔc.

� DME (Diabetic Macular Edema): Pˆqunsh tou amfiblhstroeidoÔc , kÔstec gemˆtec ugrì.

� Drusen: Exwkuttarikèc enapojèseic kˆtw apì to melˆgqrou epij lio tou amfiblhstroeidoÔc .

� Ugi c : Omoiìmorfec, mh paramorfwmènec stibˆdec qwrÐc ugrì   enapojèseic.

Figure 1.4.2: ParadeÐgmata OTS: Ugièc (aristerˆ ), Drusen (mesaÐa), DME ( dexiˆ).

Magnhtikèc TomografÐec (MRI) Egkefˆlou gia 'Anoia

ˆ Phg  : Kaggle.

ˆ Klˆseic : QwrÐc Blˆbh, PolÔ 'Hpia, 'Hpia, Mètria .

ˆ ProepexergasÐa: Allag  megèjouc se 128� 128, metatrop  se RGB.

ˆ Basikˆ Qarakthristikˆ :

� QwrÐc Blˆbh : Fusiologikìc ìgkoc egkefˆlou , elˆqisth   anÔparkth atrofÐa .

� PolÔ 'Hpia / 'Hpia : Stadiak  lèptunsh tou floioÔ , mètria dieÔrunsh twn koili¸n.

� Mètria : 'Entonh atrofÐa (idÐwc stic ippokampikèc perioqèc), emfan¸c dieurumènec koilÐec.

Figure 1.4.3: ParadeÐgmata egkefalik¸nMRI: QwrÐc Blˆbh (aristerˆ ), PolÔ 'Hpia (mesaÐa), Mètria (dexiˆ).

1.4.2 EkpaÐdeush Taxinomht 

EkpaideÔsame to montèloConvNeXt-Base tìso se apl  (mh anjektik  ) rÔjmish ìso kai kˆtw apì an-
tagwnistikèc epijèseic , prokeimènou na axiolog soume thn ikanìthta tou proteinìmenou plaisÐou na parˆgei
antiparadeigmatikèc eikìnec. Sthn paroÔsa enìthta perigrˆfontai analutikˆ h diadikasÐa ekpaÐdeushc, ta
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basikˆ eur mata kai o rìloc thc antagwnistik c ekpaÐdeushc sthn telik  poiìthta twn antiparadeigmatik¸n
eikìnwn.

Genik  Diamìrfwsh EkpaÐdeushc

'Ola ta sÔnola dedomènwn qwrÐsthkan se uposÔnola ekpaÐdeushc(80%), epikÔrwshc(10%) kai elègqou (10%),
ìpwc faÐnetai ston PÐnaka1.2. Arqikopoi same to ConvNeXt-Base me bˆrh enìc antÐstoiqou proekpaideumè-
nou montèlou sto ImageNet kai antikatast same to telikì epÐpedo (fully connected) ¸ste na antapokrÐnetai
ston arijmì klˆsewn kˆje sunìlou dedomènwn . H ekpaÐdeush perielˆmbane:

ˆ Qronodromolìghsh rujmoÔ mˆjhshc kai upomon 20 epoq¸n,

ˆ AdamW Beltistopoiht  ,

ˆ Exomˆlunsh etikètac (0.05) kai ekpaÐdeush mikt c akrÐbeiac (mixed-precision) gia bèltisth
qr sh pìrwn ,

ˆ EpaÔxhsh dedomènwn , p.q. tuqaÐec apokopèc, anastrofèc , metasqhmatismoÐa�ne kai metabolèc
qr¸matoc ,

ˆ Katanom  bar¸n anˆ klˆsh gia thn antimet¸pish anisorropÐac se orismèna sÔnola dedomènwn
(p.q. Ugi c vs. PneumonÐa).

SÔnolo Dedomènwn Klˆsh Train Val Test Anˆlush

AktinografÐa J¸raka (PneumonÐavs. Ugi c )
Ugi c 7080 885 601

256� 256
PneumonÐa 4809 601 602

AktinografÐa J¸raka (MegalokardÐavs. Ugi c )
Ugi c 2220 277 279

256� 256
MegalokardÐa 2220 277 279

OTS

Ugi c 21077 2634 2636

256� 256
CNV 29772 3721 3723
DME 9137 1142 1143
Drusen 6896 862 862

MRI Egkefˆlou gia 'Anoia

QwrÐc Blˆbh 2560 320 320

128� 128
PolÔ 'Hpia 2406 300 302
'Hpia 2191 273 275
Mètria 2057 257 258

Table 1.2: Diaqwrismìc se sÔnola ekpaÐdeushc,elègqou kai epikÔrwshc kai leptomèreiec sqetikˆ me thn
anˆlush eikìnwn gia kˆje sÔnolo dedomènwn.

Apl  EkpaÐdeush Taxinomht 

Arqikˆ ekpaideÔsame ènan� aplì � taxinomht  (mh anjektikì se antagwnistikèc epijèseic ) me qr sh sunˆrthshc
cross-entropy. O PÐnakac1.3 parousiˆzei tic basikèc uperparamètrouc(p.q. arqikìc rujmìc mˆjhshc 5� 10� 4,
mègejoc partÐdac64, 100epoqèc).

Metrikèc Apìdoshc . Ta apotelèsmata akribeÐac(accuracy), precision, recallkai F1-scoresta sÔnola
elègqou sunoyÐzontai ston PÐnaka1.4. H diˆkrish PneumonÐacvs. UgioÔc èftase � 96% akrÐbeia, en¸ h
taxinìmhsh 'Anoiac seMRI ˆggixe � 99%.

Sto Sq ma 1.4.4 parousiˆzontai oi pÐnakec sÔgqushc(confusion matrices) gia mÐa analutikìterh eikìna thc
katanom c twn problèyewn.
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Uperparˆmetroc Tim 
Sunˆrthsh Ap¸leiac Cross Entropy
Arqikìc Rujmìc Mˆjhshc 5e-4
Epoqèc 100
Warmup Epoqèc 10
Beltistopoiht c (Optimizer) AdamW
Mègejoc PartÐdac 64
Weight Decay 5e-2
Exomˆlunsh Etikètac 0.05

Table 1.3: Basikèc uperparˆmetroi gia thn apl  ekpaÐdeush tou taxinomht .

AkrÐbeia Precision Recall F1-score
PneumonÐa 95.96 95.68 97.63 96.65

MegalokardÐa 88.35 90.22 86.02 88.07
OTS 97.98 97.98 97.97 97.98

MRI Egkefˆlou 99.39 99.40 99.39 99.40

Table 1.4: Epidìseic (%) sto sÔnolo elègqou gia ton aplˆ ekpaideumèno taxinomht .

(a) PneumonÐavs. Ugi c (b) MegalokardÐa vs. Ugi c

(g) OTS (d) MRI Egkefˆlou

Figure 1.4.4: PÐnakec sÔgqushc gia ton aplì taxinomht  sta dedomèna elègqou.
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Antagwnistik  EkpaÐdeush me TRADES

Sth sunèqeia, ekpaideÔsame to Ðdio montèloConvNeXt qrhsimopoi¸ntac thn mèjodo TRADES [136], eisˆ-
gontac antagwnistikˆ paradeÐgmata katˆ thn diˆrkeia thc ekpaÐdeushc me th mèjodoPGD. O PÐnakac1.5
sunoyÐzei tic sqetikèc uperparamètrouc(p.q. mikrìtero mègejoc partÐdac16, � 2 f 1=255; 2=255; 8=255g).

Uperparˆmetroc Tim 
Sunˆrthsh Ap¸leiac TRADES
Arqikìc Rujmìc Mˆjhshc 1e-4
Epoqèc 100
Warmup Epoqèc 10
Beltistopoiht c AdamW
Mègejoc PartÐdac 16
Weight Decay 5e-2
Exomˆlunsh Etikètac 0.05
� 6.0
� {1/255, 2/255, 8/255}
B mata PGD 10

Table 1.5: Uperparˆmetroi gia thn antagwnistik  (TRADES) ekpaÐdeush.

Apotelèsmata se Kajarèc Eikìnec . Ston PÐnaka1.6 parousiˆzetai h akrÐbeia sto sÔnolo elègqou
gia diˆforec timèc � . Parìti elafr¸c meiwmènh se sqèsh me thn apl  ekpaÐdeush, h meÐwsh eÐnai  pia.

SÔnolo Dedomènwn � = 1=255 � = 2=255 � = 8=255
Ugi c vs PneumonÐa 94.48 94.02 94.09

Ug c vs MegalokardÐa 88.17 85.84 88.35
OTS 97.44 97.73 96.95

MRI Egkefˆlou 99.74 99.39 99.23

Table 1.6: AkrÐbeia(%) se kajarèc eikìnec gia taxinomhtèc ekpaideumènouc me thn mèjodoTRADES.

Parathr seic kai Epìmena B mata

SunoyÐzontac, tìso oi aploÐ ìso kai oi antagwnistikˆ ekpaideumènoi ConvNeXt-Base taxinomhtèc emfanÐzoun
uyhl  akrÐbeia sta tèssera sÔnola dedomènwn. En¸ h antagwnistik  ekpaÐdeush mei¸nei elafr¸c thn apì-
dosh se kajarèc eikìnec, prosfèrei pio � anjektikˆ � (gradients)� idiaÐtera qr sima gia thn paragwg  klinikˆ
ousiastik¸n antiparadeigmatik¸n eikìnwn, ìpwc ja faneÐ sta epìmena peirˆmata.

1.4.3 Apotelèsmata Anastrof c PAD

AxiologoÔme topipeline anastrof c PAD (GAN inversion) � miaprosèggish basismènh seencoder
akoloujoÔmenh apì pivotal tuning (PTI)� kai sta tèssera sÔnola dedomènwn. Parakˆtw parousiˆzontai
tìso posotikˆ ìso kai poiotikˆ apotelèsmata thc proteinìmenhc mejìdou anakataskeu c .

Posotik  Anˆlush

Metrˆme thn pistìthta anakataskeu c me tèsseric basikèc metrikèc:

ˆ FID (Fréchet Inception Distance) : Mikrìterec timèc upodhl¸noun kalÔterh eujugrˆmmish twn
katanom¸n twn pragmatik¸n kai twn anakataskeuasmènwn eikìnwn.

ˆ CMMD (Conditional MMD) : AxiologeÐ thn omoiìthta stic katanomèc upì sunj kh klˆshc .

ˆ MSE ( Mèso Tetragwnikì Lˆjoc ) : Apotup¸nei to sfˆlma anˆ eikonostoiqeÐo metaxÔ prwtì-
tupwn kai anakataskeuasmènwn.
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ˆ LPIPS (Learned Perceptual Image Patch Similarity) : AntikatoptrÐzei thn (percep-
tual) antilhptik  omoiìthta se epÐpedo qarakthristik¸n .

Ston PÐnaka1.7 parousiˆzontai ta apotelèsmata gia tèsseric antiproswpeutikèc klˆseic : MegalokardÐakai
PneumonÐa(aktinografÐec j¸raka ), Drusen (OTS ) kai Mètria Blˆbh (MRI Egkefˆlou ). ParathroÔme ta
ex c:

ˆ AktinografÐec J¸raka (MegalokardÐa , PneumonÐa ) : Genikˆ epitugqˆnetai qamhlìtero
FID, MSE kai LPIPS, upodhl¸nontac pio aplˆ anatomikˆ motÐba pou eÐnai eukolìtero na anakataskeuas-
toÔn.

ˆ OTS (Drusen) : Uyhlìtera MSE kai FID, lìgw leptomer¸n uf¸n tou amfiblhstroeidoÔc .

ˆ MRI Egkefˆlou (Mètria 'Anoia ) : PolÔ qamhlì FID ( 10:18), deÐgma auxhmènou realismoÔ.

Klˆsh FID # CMMD # MSE # LPIPS #

MegalokardÐa (X-ray) 19.76 0.056 6.28e-4 0.0135
PneumonÐa(X-ray) 21.91 0.061 8.57e-4 0.0150
Drusen ( OTS ) 26.27 1.031 5.02e-3 0.00712
Mètria 'Anoia (MRI) 10.18 0.580 1.44e-3 0.00860

Table 1.7: Posotikèc metr seic anakataskeu c gia antiproswpeutikèc klˆseic sta tèssera sÔnola
dedomènwn.

Poiotikˆ ParadeÐgmata

Parousiˆzoume èna deÐgma anˆ sÔnolo dedomènwn parakˆtw, ìpou emfanÐzontai(1) h arqik  eikìna , (2)
h anakataskeu  mìno apì ton encoder, (3) o qˆrthc diafor¸n metˆ to stˆdio tou encoder, (4) h telik 
anakataskeu  èpeita apì thn efarmog  tou Pivotal Tuning, kai (5) o telikìc qˆrthc diafor¸n .

Figure 1.4.5: Apotèlesma anastrof c PAD gia aktinografÐa me megalokardÐa. Prosèxte th beltÐwsh metˆ
to Pivotal Tuning sthn apìdosh twn orÐwn thc kardiˆc.

Figure 1.4.6: Anastrof  se perÐptwsh pneumonÐac. To stˆdio PTI exaleÐfei mikrˆ teqnhtˆ sfˆlmata kai
belti¸nei tic leptomèreiec sto pedÐo twn pneumìnwn.
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Figure 1.4.7: Anakataskeu  eikìnac OTS me Drusen. H èkdosh mìno apì ton encoderparaleÐpei
leptomereÐc ufèc, en¸ to PTI apokajistˆ kalÔtera thn dom  tou amfiblhstroeidoÔc .

Figure 1.4.8: MRI me mètria blˆbh. To PTI sumbˆllei sthn pio pist  apìdosh tou floioÔ kai twn koili¸n
tou egkefˆlou .

KÔriec Parathr seic

ˆ EpÐdrash tou Pivotal Tuning : Se ìla ta sÔnola dedomènwn, to PTI belti¸nei aisjhtˆ tic lep-
tomèreiec kai mei¸nei ta teqnhtˆ sfˆlmata (artifacts).

ˆ Poluplokìthta Dedomènwn : Sthn perÐptwsh twn akinografi¸n lˆbame ta kalÔtera apotelès-
mata apì ˆpoyh akrÐbeiac anakataskeu c kai realismoÔ. Oi megalÔterec anakrÐbeiec anakataskeu c se
epÐpedo eikonostoiqeÐwn proèkuyan stic eikìnec OTS kurÐwc lìgw thc fÔshc aut¸n(lept  uf  ,arketìc
jìruboc ).

ˆ Klinik  ShmasÐa :Kai sta tèssera sÔnola dedomènwn katafèrame kai anakataskeuˆsame epark¸c
tic basikèc anatomikèc domèc twn eikìnwn,gegonìc to opoÐo krÐnetai anagkaÐo sthn sunèqeia gia thn
paragwg  arai¸n kai realistik¸n antiparadeigmatik¸n eikìnwn .

Sunolikˆ , o sunduasmìcencoder-basedanastrof c me PTI apodÐdei akribeÐc anakataskeuèc gia plhj¸ra
iatrik¸n eikìnwn , exasfalÐzontac tìso uyhl  pistìthta ìso kai dunatìthta epexergasÐac (editability) sto
lanjˆnwn q¸ro � basikì stoiqeÐo gia to antiparadeigmatikì mac plaÐsio.

1.4.4 Paragwg  Antiparadeigmatik¸n Eikìnwn

AxiologoÔme tic telikèc antiparadeigmatikèc eikìnec tou plaisÐou mac(SPRUCE) se aploÔc allˆ
kai antagwnistikˆ ekpaideumènouc taxinomhtècConvNeXt-Base (� 2 f 0; 1=255; 2=255; 8=255g). Stìqoc eÐnai
na metatrèyoume eikìnec me pajologÐa(megalokardÐa, pneumonÐa, drusen, mètria ˆnoia) se � ugieÐc� ekdoqèc
kai na axiolog soume tìso posotikˆ (FID, CMMD, Flip Ratio, L1 apìstash , sigouriˆ taxinomht  ) ìso kai
poiotikˆ thn apotelesmatikìthta touc .

Posotikˆ Apotelèsmata

Stouc PÐnakec1.8 kai 1.9 parousiˆzontai oi epidìseic kai sta dÔo sÔnola dedomènwn aktinografi¸n j¸raka .
Shmantikˆ sumperˆsmata:

ˆ EpÐdrash thc Antagwnistik c EurwstÐac : Mh mhdenikèc timèc� odhgoÔmaste sthn paragwg 
pio realistik¸n antiparadeigmatik¸n eikìnwn (qamhlìtero FID/CMMD) allˆ kai se elafr¸c auxhmènh
L1 apìstash (ligìterh � araiìthta �).
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ˆ Stajerˆ Uyhlˆ Flip Ratios : Sqedìn se olèc tic peript¸seic xepernˆtai to 95% se antistrof 
apìfashc , upodeiknÔontac axiìpisth allag  taxinìmhshc .

ˆ Susqètish Araiìthtac � EmpistosÔnhc : MegalÔtera � suqnˆ auxˆnoun thn sigouriˆ tou taxi-
nomht  sthn � ugi  � klˆsh , me to antˆllgma gia pio ektetamènec epembˆseic sthn arqik  eikìna.

Epsilon FID _ CMMD _ Flip ratio ^ L1 _ Sigouriˆ ^
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: SÔgkrish diaforetik¸n tim¸n epsilon kai oi epipt¸seic touc se FID, CMMD, �ip ratio, L1 kai
sigouriˆ taxinomht  (pneumonÐa).

Epsilon FID _ CMMD _ Flip ratio ^ L1 _ Sigouriˆ ^

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: SÔgkrish diaforetik¸n tim¸n epsilon kai oi epipt¸seic touc se FID, CMMD, �ip ratio, L1 kai
sigouriˆ taxinomht  (megalokardÐa).

Poiotikèc SugkrÐseic

Aplìc vs. Antagwnistikˆ Anjektikìc Taxinomht c

Sta Sq mata 1.4.9 kai 1.4.10 sugkrÐnontai antiparadeigmatikèc eikìnec, ìpwc prokÔptoun apì aplì (� = 0 )
kai apì antagwnistikˆ anjektikì (� > 0) taxinomht . Oi anjektikoÐ taxinomhtèc dÐnoun pio sunektikèc kai
stoqeumènec stic pajologikèc perioqèc epembˆseic(p.q. mègejoc kai sq ma kardiˆc, perioq  twn pneumìnwn).
Oi aploÐ taxinomhtèc emfanÐzoun enÐote diˆqutec, ligìtero klinikˆ sqetikèc allagèc .

55



Chapter 1. Ektetamènh PerÐlhyh sta Ellhnikˆ

Arqik  Eikìna
MegalokardÐac

Anakataskeuasmènh
Eikìna

Ugièc
Antiparˆdeigma

apì Aplì
Taxinomht 

Ugièc
Antiparˆdeigma
apì Anjektikì

Taxinomht 

Eikìna
Diafor¸n wc

proc thn arqik 

Figure 1.4.9: SÔgkrish ugi¸n antiparadeigmˆtwn gia megalokardÐa, metaxÔ aploÔ kai antagwnistikˆ
anjektikoÔ taxinomht .

Arqik  Eikìna
PneumonÐac

Anakataskeuasmènh
Eikìna

Ugièc
Antiparˆdeigma

apì Aplì
Taxinomht 

Ugièc
Antiparˆdeigma
apì Anjektikì

Taxinomht 

Eikìna
Diafor¸n wc

proc thn arqik 

Figure 1.4.10: SÔgkrish ugi¸n antiparadeigmˆtwn gia pneumonÐa, metaxÔ aploÔ kai antagwnistikˆ anjektikoÔ
taxinomht .

AntiparadeÐgmata gia AnjektikoÔc Taxinomhtèc

Gia kajèna apì ta tèssera sÔnola dedomènwn, dhmiourg same� ugieÐc� antiparadeigmatikèc eikìnec gia an-
tagwnistikˆ ekpaideumèna montèla(� > 0). Ta Sq mata 1.4.11, 1.4.12, 1.4.13kai 1.4.14 deÐqnoun orismèna
apotelèsmata:
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Figure 1.4.11: Ugièc antiparˆdeigma gia perÐptwsh pneumonÐac.

Figure 1.4.12: Ugièc antiparˆdeigma gia eikìna megalokardÐac.
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Figure 1.4.13: Ugièc antiparˆdeigma gia mètria ˆnoia. Anastrèfontai merik¸c oi atrofikèc perioqèc , en¸ to
mègejoc twn koili¸n epanèrqetai pio kontˆ sto fusiologikì .

Figure 1.4.14: Ugièc antiparˆdeigma giaDrusen. Oi enapojèseic mei¸nontai, en¸ oi stibˆdec tou
amfiblhstroeidoÔc gÐnontai pio omoiìmorfec.

Parathr seic kai Sumperˆsmata

ˆ Stoqeumènec Tropopoi seic me AnjektikoÔc Taxinomhtèc : Oi qˆrtec diafor¸n estiˆzon-
tai stic pajologikèc perioqèc , belti¸nontac thn ermhneusimìthta .

ˆ Sumbibasmìc gia thn tim  � : MegalÔterh tim  � endèqetai na enisqÔei ton realismì, allˆ auxˆnei
tic paragìmenec allagèc (L1). Kˆje sÔnolo dedomènwn mporeÐ na apaiteÐ ˆllh epilog � gia swst 
isorropÐa.

ˆ Uyhlì Flip Ratio se 'Olec tic Klˆseic : Akìma kai se apaithtikèc peript¸seic (p.q. Drusen
  ˆnoia ), to plaÐsio antistrèfei axiìpista thn apìfash tou taxinomht  , parˆgontac ègkurec antipa-
radeigmatikèc eikìnec.
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Sunolikˆ , ta peirˆmata paragwg c antiparadeigmatik¸n eikìnwn deÐqnoungiatÐh antagwnistik  anjektikìthta
eÐnai krÐsimh: ta anjektikˆ gradients taxinomht¸n parˆgoun klinikˆ realistikèc tropopoi seic pou metatrèpoun
pajologikèc eikìnec se peistikèc � ugieÐc� ekdoqèc, diathr¸ntac parˆllhla ta basikˆ anatomikˆ qarakthris-
tikˆ twn iatrik¸n apeikonÐsewn.

1.4.5 EpÐdrash twn 'Orwn thc Sunˆrthshc Ap¸leiac

Se aut  thn enìthta meletˆme p¸c kˆje sunist¸sa thc sunˆrthshc ap¸leiac gia ta antiparadeÐgmata � dhlad 
o ìroc kanonikopoÐhshc ston q¸ro twn pixel (� image ), o ìroc antilhptik c omoiìthtac (� perc ) kai o ìroc kanon-
ikopoÐhshc ston lanjˆnonta q¸ro (� latent )� ephreˆzei tic paragìmenec antiparadeigmatikèc eikìnec. Diexˆ-
goume ta peirˆmata se paradeÐgmata megalokardÐac kai pneumonÐac, qrhsimopoi¸ntac ton kalÔtero anjektikì
taxinomht  bˆsei CMMD. Gia kˆje peÐrama, metabˆloume mÐa uperparˆmetro kai kratˆme stajerèc tic ˆllec
stic timèc: � perc = 0 :1, � latent = 10 � 4, � image = 10 � 6.

Posotikˆ Apotelèsmata

H axiolìghsh basÐzetai ìpwc kai prin stic metrikèc FID, CMMD, �ip ratio, L1 apìstash kai sigouriˆ taxi-
nomht , ¸ste na exetastoÔn o realismìc , h apotelesmatikìthta tropopoÐhshc kai h araiìthta . O PÐnakac1.10
sunoyÐzei ta apotelèsmata gia tic eikìnec pneumonÐac.

Metaballìmenh Uperparˆmetroc FID _ CMMD _ Flip (%) ^ L1 _ EmpistosÔnh ^

� image = 10 � 8 48.59 0.240 98.8 0.0434 0.9807
� image = 10 � 6 49.63 0.264 98.0 0.0269 0.9744
� image = 10 � 5 56.64 0.333 95.0 0.0125 0.8913
� perc = 0 :01 48.66 0.213 98.5 0.0294 0.9803
� perc = 0 :1 49.63 0.264 98.0 0.0269 0.9744
� perc = 1 58.12 0.377 95.2 0.0229 0.8991
� latent = 10 � 3 51.31 0.250 94.4 0.0318 0.8811
� latent = 10 � 4 49.63 0.264 98.0 0.0269 0.9744
� latent = 10 � 6 53.94 0.320 99.2 0.0215 0.9841

Table 1.10: EpÐdrash kˆje sunist¸sac thc sunˆrthshc ap¸leiac sthn poiìthta twn paragìmenwn
antiparadeigmˆtwn(pneumonÐa).

Poiotikˆ Apotelèsmata

Gia epiprìsjeth anˆlush , optikopoioÔme ta antiparadeÐgmata pou dhmiourgoÔntai metabˆllontac to� image .
Sto Sq ma 1.4.15apeikonÐzetai h arqik  eikìna megalokardÐac, ta paragìmena antiparadeÐgmata kai oi qˆrtec
diafor¸n gia diaforetikˆ epÐpeda kanonikopoÐhshc.

Suz thsh

ˆ 'Oroc kanonikopoÐhshc se pixel-level ( � image ) : Mikrìterec timèc eptitrèpoun thn paragwg 
pio realistik¸n ,sÔmfwna me tic antÐstoiqec metrikèc, antiparadeigmatik¸n eikìnwn twn opoÐwn ìmwc
oi allagèc eÐnai kai ligìtero araièc .Autì faÐnetai kai apì thn sÔgkrish twn eikìnwn diaforˆc tou
Sq matoc 1.4.15.AntÐjeta, aÔxhsh thc sugkekrimènhc uperparamètrou odhgeÐ se mikrìterhc èktashc
kai èntashc tropopoi seic .

ˆ Antilhptikìc 'Oroc ( � perc ) : Qamhlìterec timèc mporoÔn na enisqÔsoun ton realismì kai to
posostì allag c apìfashc , allˆ epekteÐnoun tic tropopoi seic . Uyhlìterec timèc odhgoÔn se kalÔterh
diat rhsh antilhptik¸n qarakthristik¸n , auxˆnontac thn araiìthta .

ˆ 'Oroc kanonikopoÐhshc ston lanjˆnonta q¸ro ( � latent ) : Auxhmènh kanonikopoÐhsh sto
lanjˆnonta q¸ro mei¸nei thn sigouriˆ tou taxinomht  kai to �ip rate kai auxˆnei ton realismì , en¸ pio
qalar  kanonikopoÐhsh epitrèpei isqurìterec metatopÐseic ston lanjˆnonta q¸ro uponomeÔontac ton
realismì allˆ belti¸nontac thn araiìthta thc paragìmenhc eikìnac .
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Arqik  � image = 10 � 5 � image = 10 � 6 � image = 10 � 8

Figure 1.4.15: EpÐdrash thc� image sta paragìmena antiparadeÐgmata megalokardÐac kai stic antÐstoiqec
eikìnec diafor¸n .

ˆ Basikìc Sumbibasmìc : Oi parˆmetroi autoÐ rujmÐzoun thn isorropÐa metaxÔ realismoÔ, èktashc
allag¸n kai apotelesmatikìthtac taxinìmhshc . Kˆje ìroc sumbˆllei kajoristikˆ sth dhmiourgÐa optikˆ
peistik¸n kai klinikˆ qr simwn antiparadeigmˆtwn .

Apì thn anˆlush kajÐstatai safèc ìti o sqediasmìc thc sunˆrthshc ap¸leiac eÐnai euèliktoc kai apoteles-
matikìc. Me katˆllhlh rÔjmish twn uperparamètrwn , o qr sthc mporeÐ na d¸sei proteraiìthta eÐte sthn
araiìthta (sparsity) twn allag¸n ,eÐte sthn sigouriˆ thc taxinìmhshc sthn antiparadeigmatik  klˆsh eÐte sto
epÐpedo realismoÔ� anˆloga me tic klinikèc   ermhneutikèc apait seic.

1.5 Sumperˆsmata

1.5.1 Suz thsh

Sthn paroÔsa diplwmatik  ergasÐa parousiˆsame èna kainotìmo plaÐsio gia thn paragwg  realistik¸n, arai¸n
kai ermhneÔsimwn iatrik¸n antiparadeigmatik¸n exhg sewn. H prosèggis  mac sunduˆzei ènan sÔgqrono taxi-
nomht  tÔpouConvNeXt ( tìso se apl  ìso kai se antagwnistikˆ anjektik  ekdoq  ) me èna montèlo paragwg c
eikìnwn StyleGAN2-ADA, enisqumèno apì teqnikèc anastrof c PAD (E4E kai Pivotal Tuning Inversion). O
sqediasmìc autìc epitrèpei thn anakataskeu  eikìnwn uyhl c pistìthtac , diathr¸ntac tautìqrona krÐsimec
anatomikèc leptomèreiec pou eÐnai aparaÐthtec gia thn klinik  ermhneÐa.

KÔriec Suneisforèc .

ˆ AnaptÔxame mia diadikasÐa gia thnanagn¸rish kai tropopoÐhsh twn legìmenwn apoklÐnon-
twn qarakthristik¸n (mèsw thc mejìdouPIECE), me stìqo thn paragwg  antiparadeigmatik¸n
eikìnwn pou anadeiknÔoun tic plèon sqetikèc anatomikèc perioqèc se paj seic ìpwc h megalokardÐa, h
pneumonÐa kai oi amfiblhstroeidikèc alloi¸seic.

ˆ Mèsw thc antagwnistik c ekpaÐdeushc (TRADES ) tou taxinomht  , apodeÐxame ìti ta pio eÔr-
wsta gradients taxinomht¸n odhgoÔn se shmasiologikèc kai klinikˆ susqetizìmenec metabolèc, se antÐ-
jesh me tic antiparadeigmatikèc eikìnec apl¸n taxinomht¸n pou mporeÐ na perièqoun tuqaÐec   diˆqutec
allagèc .

ˆ Epikur¸same th mèjodo tìso posotikˆ (me deÐktec ìpwc toFID, CMMD, Flip Ratio kai L1
apìstash ) ìso kai poiotikˆ . Ta apotelèsmata èdeixan ìti, upì katˆllhlec timèc uperparamètrwn ,oi
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allˆgec pou perièqoun oi antiparadeigmatikèc eikìnec paramènoun araièc kai klinikˆ sunafeÐc diathr¸ntac
parˆllhla ta exatomikeumèna qarakthristikˆ tou asjenoÔc .

ˆ To plaÐsio anastrof c PAD (E4E + PTI) epètreye thn akrib  anakataskeu  twn arqik¸n
eikìnwn,en¸ parˆllhla mˆc èdwse thn dunatìthta na elègxoume kai na epexergastoÔme me megˆlh eukolÐa
ta dianÔsmata ston lanjˆnonta q¸ro tou PAD .

ShmasÐa kai AntÐktupoc . To proteinìmeno plaÐsio sumbˆllei sto eurÔtero pedÐo thcErmhneÔsimhc
Teqnht c NohmosÔnhc(XAI) sthn ugeÐa, antapokrinìmeno sthn anˆgkh gia axiìpistec kai diafaneÐc mejìdouc
ermhneÐac se iatrikèc eikìnec. Mèsa apì thn paragwg  arai¸n allˆ anatomikˆ eÔlogwn epembˆsewn , oi klinikoÐ
giatroÐ mporoÔn na katanooÔn kalÔtera to elˆqisto sÔnolo allag¸n pou ephreˆzei thn apìfash tou montèlou ,
enisqÔontac ètsi thn empistosÔnh se montèla pou leitourgoÔn wc" maÔra kouti "̂.

PeriorismoÐ . Parˆ ta enjarruntikˆ apotelèsmata , ja prèpei na anaferjoÔme epÐshc se kˆpoiouc peri-
orismoÔc tou plaisÐou. Oi mèjodoi pou basÐzontai se PAD duskoleÔontai arketˆ se peript¸seic spˆniwn
pajologi¸n   se eterogen  sÔnola dedomènwn ìpou ta dedomèna ekpaÐdeushc eÐnai arketˆ periorismèna. Epi-
plèon, en¸ h antagwnistik  eurwstÐa mporeÐ na enisqÔei thn ermhneusimìthta, endèqetai na mei¸nei elafr¸c
thn akrÐbeia tou taxinomht .

Telikèc Parathr seic . Sunolikˆ , ta peirˆmatˆ mac deÐqnoun ìti o sunduasmìc anjektik¸n taxi-
nomht¸n me mia isqur  diadikasÐa anastrof c PAD mporeÐ na prosfèrei axiìpistec kai katatopistikèc an-
tiparadeigmatikèc exhg seic� èna shmantikì b ma proc asfalèsterec efarmogèc thc teqnht c nohmosÔnhc
ston tomèa thc iatrik c apeikìnishc . Mèsa apì ekteneÐc posotikèc kai poiotikèc analÔseic, apodeÐxame th
biwsimìthta thc prosèggis c mac se pollaplˆ sÔnola dedomènwn.

EktimoÔme ìti to proteinìmeno plaÐsio mporeÐ na apotelèsei th bˆsh gia diˆforec iatrikèc efarmogèc, ìpou
eidikoÐ ja mporoÔn na exetˆzoun ˆmesa p¸c mikrèc allagèc stic eikìnec ephreˆzoun thn prìbleyh, enisqÔontac
thn katanìhsh tìso twn dedomènwn tou asjenoÔc ìso kai thc sumperiforˆc twn montèlwn.

1.5.2 Mellontikèc KateujÔnseic

Bˆsei twn eurhmˆtwn kai twn periorism¸n aut c thc melèthc , proteÐnontai ta ex c pedÐa mellontik c èreunac:

ˆ Melètec Qrhst¸n me Epist monec apì ton tomèa thc UgeÐac : Diexagwg  melet¸n me
aktinolìgouc   ˆllouc eidikoÔc gia thn axiolìghsh tou realismoÔ , thc ermhneusimìthtac kai thc klinik c
egkurìthtac twn paragìmenwn antiparadeigmatik¸n exhg sewn apì to plaÐsio mac.

ˆ Prohgmèna Paragwgikˆ Montèla : DiereÔnhsh enallaktik¸n montèlwn paragwg c eikìnac
(p.q. di�usion models   beltiwmènec arqitektonikèc PAD ) pou endeqomènwc apodÐdoun kalÔtera stic
polÔplokec iatrikèc eikìnec.

ˆ Sugkritik  Axiolìghsh Arqitektonik¸n : Epèktash tou plaisÐou se ˆllec arqitektonikèc
taxinomht¸n (p.q. DenseNet, ResNet, ViT) ¸ste na diasfalisteÐ h genÐkeush kai h sunèpeia twn apote-
lesmˆtwn.

ˆ Trisdiˆstatec Iatrikèc ApeikonÐseic : Epèktash tou plaisÐou se trisdiˆstata dedomèna(p.q.
axonikèc   magnhtikèc tomografÐec) gia na dieurunjeÐ h efarmog  se pio sÔnjeta senˆria iatrik c
apeikìnishc.

ˆ Sugkritikèc Melètec Ermhneusimìthtac : Sugkritik  axiolìghsh twn antiparadeigmatik¸n
exhg sewn ènanti ˆllwn dhmofil¸n teqnik¸n epexhghmatikìthtac (p.q. Grad-CAM, Integrated Gradi-
ents), gia plhrèsterh epikÔrwsh kai ermhneÐa.
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Chapter 2

Introduction

2.1 Motivation

Deep learning models are at the forefront of image applications and are particularly prevalent in medical
image classi�cation [74, 8, 92, 56, 133, 101, 87]. One major limitation of these models is that they function
as black boxes i.e., their decision-making process is opaque to humans, and often rely heavily on statistical
data dependencies inherent in the training data and do not capture domain-speci�c knowledge [124, 137].
Although this may be acceptable in other domains, in medical imaging poor decisions made by a classi�er
may negatively a�ect healthcare outcomes and pose risks to patients. This has prompted reactions by both
the research community, with the development of techniques for eXplainable Arti�cial Intelligence (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 AI system that signi�cantly a�ects an individual. 1

This limitation poses a substantial barrier to the integration of these models into mainstream applications.

Many di�erent approaches have been developed for explaining black box image classi�ers. One such approach
is counterfactual image generation [13, 47, 36, 27]. Counterfactual explanations provide a new input, similar
to the original one, that produces a di�erent output, essentially describing the necessary changes to the input
to elicit changes to the output. This type of explanation is very similar to human decision processes and
has been shown to be easily interpretable by humans [34, 84, 120]. Additionally, the pixel-wise di�erences
between the original and the counterfactual image can serve as a saliency map [83], with the added bene�t
that the counterfactual image serves as a certi�cate of correctness for the saliency map.

Technically, any image that produces a di�erent output from the original one can serve as a counterfactual,
but in order to provide insights the counterfactual image ought to present only the absolute necessary changes
to the input image to �ip the classi�er's output. As an example, for a classi�er that detects pneumonia in chest
CT scans, we would prefer the area of change to be completely within the lungs and not in the background
or even the shape of the skeleton, as that could represent a completely di�erent patient and not the same
patient with a di�erent outcome. A major limitation of many works in the relevant literature [5, 116, 35,
80, 14] is that they do not introduce any mechanisms in the counterfactual generation process which ensure
that the counterfactual image presents sparse, perceptually similar, and visually coherent changes. In this
work, we employ several regularization penalties in the counterfactual generation processes that induce the
aforementioned properties, namely L1 regularization in both the image space and the latent space of the
generator and Learned Perceptual Image Patch Similarity loss [138].

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

1
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2.2 Contribution

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

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

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

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

ˆ 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.

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

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

2.3 Thesis Outline

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

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

ˆ 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
Arti�cial Intelligence (XAI) with a particular emphasis on counterfactual explanations.

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

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

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

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

3.1.1 The neuron

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

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

Activation functions

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

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

f (x) = max(0 ; x) (3.1.1)

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 a�ects 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 (x) = I (x < 0)(�x ) + I (x � 0)(x) (3.1.2)

66



3.1. Convolutional Neural Networks

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:

� (x) =
1

1 + e� x (3.1.3)

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

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

tanh(x) = 2 � (2x) � 1 (3.1.4)

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

However, it still may cause the gradient to saturate.

3.1.2 Neural Networks

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

The generalized equation for the loss function is:

J (wT ; b) =
1
m

mX

i =1

L(ŷ( i ) ; y( i ) ) (3.1.5)

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

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

MSE =
1
m

mX

i =1

(yactual � ypredicted )2 (3.1.6)

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

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

L = �
nX

i =1

yi log(ŷi ) (3.1.7)

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

Optimization - Gradient Descent

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

� = � � � r � J (� ) (3.1.8)

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

Backpropagation Algorithm

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

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

Figure 3.1.3: The forward and the backward pass.

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

@Li
@Woutput

=
@Li
@O

�
@O

@Woutput
(3.1.9)

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 layerh we have:

@Li
@Wh

=
@Li
@O

�
@O
@h

�
@h

@Wh
(3.1.10)

Regularization

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

L1 regularization In L1 regularization, for each weight w we add the term � 1jwj 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 �

2 w2 is added to the loss function where� is the regularization
strength. The factor of 1

2 is used so that the gradient of the term is simple�w . The L2 regularization has the
intuitive interpretation of heavily penalizing peaky weight vectors and preferring di�use weight vectors. This
has the appealing property of encouraging the network to use all of its inputs a little rather than some of its
inputs a lot. Additionally, during gradient descent parameter updates, using the L2 regularization ultimately
means that every weight is decayed linearly:w := w � �x towards zero. It is possible to combine the L1
regularization with the L2 regularization: � 1jwj + � 2w2.

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

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

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

3.1.3 Convolution

Convolution [31] is a mathematical operation applied on two functions (such as a �lter or kernel and an
input) to produce a third function that expresses how the shape of one is modi�ed by the other. In simpler
terms, it is a way of applying a �lter (or kernel) to an input to create a feature map that highlights certain
aspects or features of the input. Formally, in discrete 2-D convolutions the value of an unit at position (x,
y) in the j th feature map in the i th layer, denoted asvxy

ij , is given by the following formula:
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vxy
ij = tanh

 

bij +
X

m

P i � 1X
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Q i � 1X

q=0

wpq
ij v(x + p)( y+ q)

( i � 1)m

!

(3.1.11)

where tanh is the hyperbolic tangent function, bij 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,wpq

ij is the value at the position (p,
q) of the kernel connected to thekth feature map, and Pi and Qi are the height and width of the kernel,
respectively.

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

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

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

71



Chapter 3. Theoretical Background

Figure 3.1.5: Convolution Network architecture

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

W =
W � F + 2P

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
 and � which adjust those
parameters.

3.1.6 Fully connected layer

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

Generative Adversarial Networks (GANs) were �rst 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:

min
G

max
D

V(D; G) = Ex � pdata (x ) [logD(x)] + Ez� pz (z) [log(1 � D (G(z)))] (3.2.1)

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

Figure 3.2.1: The architecture of vanilla 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:

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

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

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

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

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

3.2.3 Applications of GANs

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

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

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

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

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

3.2.4 Challenges and Limitations

Despite their success, GANs encounter several challenges:

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

ˆ Evaluation Di�culty : Lack of de�nitive, universally accepted metrics to quantitatively assess gener-
ated data quality, often relying on human judgment or surrogate metrics like Inception Score (IS) and
Fréchet Inception Distance (FID) [12].

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

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

3.3.1 Latent Space Representations

GANs 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 asZ , encapsulates high-level
semantic information in a compressed and often disentangled form. More advanced GAN architectures like
StyleGAN introduce intermediate latent spaces (e.g.,W and W + ) that o�er improved disentanglement and
manipulation capabilities [49].

Figure 3.3.1: 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 imageG(z� ) is as
close as possible to a target imagex. This process enables real image reconstruction, semantic editing, and
analysis of the latent space. Formally, the problem is posed as an optimization:

z� = arg min
z

L (G(z); x) (3.3.1)

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

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

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

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

3.3.3 Importance of Inversion

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

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

Deep learning models have achieved remarkable success across various tasks, but they are notably vulnerable
to adversarial examples�intentionally crafted inputs that cause misclassi�cations while appearing benign
to human observers [113, 33]. This susceptibility to adversarial perturbations poses risks in safety-critical
applications such as autonomous driving, medical imaging, and cybersecurity.

3.4.1 Adversarial Examples and Attacks

An adversarial example is generated by adding a small, often imperceptible perturbation� to a benign
input x. The perturbed input x0 = x + � is designed to cause the neural network modelf to produce an
incorrect or targeted output:

max
�

L (f (x + � ); y) subject to jj � jjp � �; (3.4.1)

where L is typically a classi�cation loss, y is the true label (or a targeted label for targeted attacks), jj � jj p

denotes the`p-norm, and � de�nes the allowed perturbation budget.

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

ˆ 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]).

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

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

3.4.2 Adversarial Robustness

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

3.4.3 Adversarial Training

Adversarial training is one of the most prominent defenses against adversarial examples. Introduced by
Goodfellow et al. [33] and later re�ned by Madry et al. [73], adversarial training incorporates adversarial
examples into the training set, e�ectively teaching the model to resist perturbations:

min
�

max
jj � jj� �

L (f (x + � ; � ); y); (3.4.2)

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

ˆ PGD-based training : Employs a multi-step Projected Gradient Descent (PGD) attack for stronger
adversarial examples, often regarded as a gold standard for evaluating̀1 -robustness [73].

ˆ Curriculum adversarial training : Starts with smaller perturbations and gradually increases� as
training progresses.

Figure 3.4.2: Adversarial training scheme

3.4.4 Other Defense Strategies

Beyond adversarial training, a variety of other defense mechanisms have been explored:

ˆ Defensive distillation : Training a secondary model on softened outputs of the original model [88].

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

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

ˆ Certi�ed defenses : Methods providing provable robustness guarantees for restricted perturbation
classes [17, 110].

3.4.5 Challenges and Ongoing Research

Despite substantial progress, achieving robust models remains challenging. Many defenses have been cir-
cumvented by new attacks [6]. Ongoing research seeks to understand the fundamental trade-o�s between
accuracy, robustness, and computational cost, as well as how to extend robustness beyond`p-threat models
(e.g., to realistic conditions such as rotations, translations, and other deformations).

80



3.4. Adversarial Training and Robustness in Deep Learning

Figure 3.4.3: Defense methods on adversarial examples from [15]
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3.5 Explainable AI (XAI) and Counterfactual Explanations

Explainable AI (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 De�nition of Interpretability and Explainability

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

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

ˆ 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).

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

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

3.5.2 Overview of Common XAI Techniques

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

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

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

ˆ Other Approaches : LIME [94] and SHAP [69] approximate complex model behaviors around speci�c
instances.
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While these methods reveal which parts of an image contribute to a model's decision, they do not directly
provide suggestions for how tochangean input to achieve a di�erent outcome. This is where counterfactual
explanations stand out.

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

3.5.3 Counterfactual Explanations

Counterfactual explanations seek to answer the question:�What minimal change to the input would
alter the model's decision?� [122]. Unlike saliency or activation maps, which highlight important regions,
counterfactuals propose new inputs that lead to a desired (or undesired) outcome, often re�ecting human-like
reasoning [75, 28, 22, 24, 72].

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

Essential Criteria for E�ective Counterfactuals

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

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

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

ˆ Actionability : Counterfactual edits should align with clinically feasible scenarios. For example, shrink-
ing a lesion by a slight margin may be actionable as a hypothetical surgery or treatment e�ect, but
removing a critical anatomical structure entirely is not.
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ˆ Sparsity : The change from the original image should be minimal, making it clear which factors
in�uenced the decision. This also aligns with interpretability: small, localized changes are more easily
understood than broad, sweeping modi�cations.

ˆ Causality : Ideally, counterfactual modi�cations re�ect meaningful disease pathology rather than su-
per�cial, spurious changes. If removing a suspicious nodule decreases the classi�er'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 di�erently shaped, the model might judge it as non-cancerous.�

Adoption Challenges in Medical Imaging

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

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

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

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

Visual counterfactual explanation (CE) methods have gained signi�cant attention within the XAI community
due to their intuitive interpretability and potential applicability across diverse domains. This chapter presents
a comprehensive review of existing visual CE approaches, categorizing them into methods tested primarily
on non-medical datasets and those explicitly designed for medical image analysis. The objective of this
structured review is twofold: �rstly, to highlight the breadth and evolution of techniques developed outside
healthcare, emphasizing foundational concepts and innovations in algorithmic design; secondly, to explore
methods tailored speci�cally for medical datasets, underscoring their unique considerations such as clinical
validity, anatomical realism, and ethical implications. Through this review, we aim to identify common
trends, methodological strengths, limitations, and open challenges, thus clearly positioning our proposed
framework within the broader landscape of visual explainability research.
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4.3 Key Insights . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
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4.1 Visual Counterfactual Methods in General Image Domains

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

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

ˆ CVE [34].The Counterfactual Visual Explanation approach aims at �nding counterfactual explanations
for image classi�ers by solving with greedy search the minimum-edit counterfactual problem. The idea
of CVE is simple but e�ective. Given a classi�er b and a randomly selected image x� with b(x�)6= b(x),
CVE searches (with two possible strategies) for the minimum changes to x replacing with pixels selected
from x',i.e., x' = T (x, x�), that leads to x' such that b(x') = b(x�) through a transformation T . This
new approach is applied in four di�erent datasets: MNIST , SHAPES which is a dataset of synthetic
images which are depicting objects characterized by shape,color and size ,Omniglot which contains
1623 di�erent handwritten characters from 50 di�erent alphabets and CUB-200-2011 [123].

Figure 4.1.1: CVE approach generates counterfactual visual explanations for a query imageI (left) �
explaining why the example image was classi�ed as classc (Crested Auklet) rather than class c0 (Red Faced
Cormorant ) by �nding a region in a distractor image I 0 (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 imageI � would be classi�ed more con�dently as c0.

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

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

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

Figure 4.1.2: Counterfactual explanations using SCOUT method.

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

ˆ 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-
ti�es feature-values with low probability in the latent features of the CNN representing the instance
under analysis x, i.e., exceptional features, and attempts to modify them to be their expected values
in the desired counterfactual class, i.e., normal features. We underline that the �features� treated by
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piece are not directly parts of the input image, but their latent features activating the neurons of the
CNN. Finally, piece exploits a GAN to generate the counterfactual images.PIECE is mainly tested on
MNIST and CIFAR10 dataset.We will explain this method in detail in the Methodology section, as
it inspired us to create our SPRUCE framework.

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

ˆ StylEX .Lang et al. [59] introduce StylEx, a method that discovers and visualizes the semantic char-
acteristics of an image , by training a generative model(StyleGan) to speci�cally explain multiple
attributes that underlie classi�er decisions.It is showed how an image can be modi�ed in di�erent ways
to change its classi�er output. The results show that the method �nds attributes that align well with
semantic ones, generate meaningful image-speci�c explanations, and are human-interpretable as mea-
sured in user-studies. Multiple datasets are used in this speci�c paper:CelebA , CUB-200-2001 ,
FFHQ which contains multiple human faces with di�erent characteristics , age, accessories,ethnicities
and backgrounds ,AFHQ which contains multiple animal faces andDiabetic Retinopathy Dataset
which contains a large amount of retina images.

Figure 4.1.3: StylEx architecture

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

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

ˆ SCVC .A new framework for Semantically Consistent Visual Counterfactuals is introduced in [118].
The new approach,being an improvement of the SCOUT method discussed above, is based on two
key ideas. First, the replaced and replacer regions are enforced to contain the same semantic part,
resulting in more semantically consistent explanations. Second, multiple distractor images are used in a
computationally e�cient way and thus more discriminative explanations with fewer region replacements
are obtained.Their approach is 27% more semantically consistent and an order of magnitude faster than
SCOUT method on three �ne-grained image recognition datasets:CUB-200-2001 , Stanford-Dogs
[57] which includes 22,000 annotated images of 120 species of dogs andiNaturalist-2021 which contains
over 2.7M images from 10k di�erent species.

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

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

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

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

ˆ 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].

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

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

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

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

Figure 4.2.2: Di�Explainer framework.

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

Figure 4.2.3: DAE framework.

4.3 Key Insights

As mentioned in the introduction, only a few of these works enforce some form of sparsity in the counterfactual
edit, but these rely on supervised training of the explainer and residual maps, which makes these methods
unable to generate counterfactuals for arbitrary classi�ers.Some works rely on Autoencoders instead of GANs
, but GANs are known to produce sharper images with better details, which we consider imperative in the
medical domain.Recent works also employ Denoising Di�usion Implicit Models (DDIMs).Even though the
image quality of DDIMs rivals that of GANs, latent space manipulation is harder, while image reconstruction
is an issue due to their inherent probabilistic nature and it is still being researched.Some of the methods
employing DDIMs report better metrics than GANs, but they do not employ any techniques for improving
GAN inversion, and fail to account for sparsity.
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Methodology

The core of the work�ow for the generation of the medical image counterfactuals is based on the work of
Kenny and Keane who introduced a novel approach called PIECE ( PlausIble Exceptionality-based Con-
trastive Explanations) that not only produced counterfactual explanations but also focused on the creation
of semifactual images that o�er a better understanding of the classi�er's decision boundaries. We will �rst
describe the steps of the original PIECE framework, and then make a thorough analysis of the compo-
nents of our proposed image counterfactual generation scheme called SPRUCE (Sparse Realistic Uncoupled
Counterfactual Explanations).
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5.1 Introducing SPRUCE: Sparse Realistic Uncoupled Counterfac-
tual Explanations

5.1.1 Overview of PIECE framework

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

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

Figure 5.1.1: Identifying Exceptional Features in a query image

Setup and Notation. Let a convolutional neural network (CNN) consist of:

- A set of layers, up to the penultimate extracted feature layerX ,will be denoted asC as shown in Figure 5.1.1.

-A �nal output softmax classi�er denoted as S.

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

x = C(I ) (5.1.1)

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

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

where Y is the probability distribution over all classes, and the predicted class is:

Yc = arg max Y (5.1.3)

Let G represent the generator of a trained GAN, which maps a latent vectorz to an image:

I = G(z) (5.1.4)

wherez is the latent representation of I .The counterfactuals to a test image I, in class c, with latent features
x,are denoted asI 0, c0 and x0 respectively.
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Here are the four main steps of the original algorithm :

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

z = arg min
z0

kC(G(z0)) � C(I )k2
2 + kG(z0) � I k2

2 (5.1.5)

where z0 is a sample from the normal standard distribution.The method also requires a counterfactual
class to be selected. If the classi�er's prediciton is incorrect then the counterfactual classc0 is trivially
selected to be the true label of the query image. However, when the CNN's classi�cation is correct for
I , identifying c0 becomes non-trivial.A method involving gradient ascent is used to solve this problem :

arg max
z

kS(C(G(z))) � Yck2
2 (5.1.6)

where Yc is binary encoded as all 0s, and a 1 for the classc. During this optimization process, the �rst
time a decision boundary is crossed, the new class is selected asc0.

2. Identifying Exceptional Features. The PIECE algorithm identi�es exceptional featuresin a test
image I by analyzing the probability of feature activations in the counterfactual class c0. This step
ensures that counterfactual modi�cations focus only onstatistically uncommon features , making
the generated explanationsmore plausible .

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

(a) A Bernoulli activation probability � i that represents whether a neuron activates in classc0.

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

Each neuron's activation probability for class c0 is expressed as:

p(x i ) = (1 � � i )� (x i )(0) + � i f i (x i ); x i � 0 (5.1.7)

where:

ˆ � i = q
m is the probability of activation, estimated from training data ( q is the number of times

neuron i activates, and m is the total number of samples inc0).

ˆ f i (x i ) is the learned distribution of activations when x i > 0.

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

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

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

(a) Neuron remains inactive when it typically activates in c0:

p(1 � � i ) < �; x i = 0 (5.1.8)

(b) Neuron activates when it typically remains inactive in c0:

p(� i ) < �; x i > 0 (5.1.9)
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(c) Neuron has an unusually low activation value for c0:

� i Fi (x i ) < �; x i > 0 (5.1.10)

(d) Neuron has an unusually high activation value for c0:

(1 � � i ) + � i Fi (x i ) > 1 � �; x i > 0 (5.1.11)

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

By de�ning exceptional features in this manner, PIECE ensures that counterfactual modi�cations only
target features that signi�cantly deviate from expected values in c0, leading to more realistic and
interpretable counterfactual images.

3. Changing the Exceptional to the Expected. The algorithm adjusts exceptional features to their
expected values inc0 , but only if this change brings the CNN closer to reclassifying the image asc0.
Features are prioritized based on probability, modifying those with the lowest probability �rst. This
ordering is crucial for semi-factual explanations, where modi�cations stop before crossing the decision
boundary.

4. Visualizing the Explanation. Finally, having constructed x0, the explanation is visualized by solving
the following optimization problem with gradient descent:

z0 = arg min
z

kC(G(z)) � x0k2
2 (5.1.12)

and inputting z0 into G to visualize the explanation I 0.

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 :

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

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

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

2. Pivotal tuning to signi�cantly enhance reconstruction realism without severely reducing editabil-
ity.

ˆ Step 3: Latent Space Optimization. We optimize the latent code of the query image using a spe-
cialized loss function that enforces both realism and sparsity in the counterfactual.Using the optimized
latent code, we generate a realistic counterfactual that minimally alters the input image while changing
the classi�er's decision.

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

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

5.2.1 Architectural Design of ConvNeXt

Introduction

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

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

Modernizing ConvNets: Key Architectural Changes

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

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

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

Macro-Level Design Changes

(a) Hierarchical Multi-Stage Design

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

ˆ The number of blocks per stage is modi�ed to(3, 3, 9, 3) to align with hierarchical Transformers like
Swin.

(b) Patchi�ed Convolutional Stem

ˆ Traditional ResNets begin with a 7Ö7 convolution followed by max pooling.

ˆ ConvNeXt replaces this with a "patchify" layer �a 4 Ö4 convolution with stride 4, similar to ViTs'
patch tokenization.

(c) Larger Convolutional Kernels

ˆ Instead of using 3Ö3 kernels, ConvNeXtincreases the kernel size to 7 Ö7 for depthwise convolutions.

ˆ This mimics the global receptive �eld of self-attention in Transformers.

(d) ResNeXt in ConvNeXt

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

ˆ Separation of Spatial and Channel Processing: Uses depthwise and 1Ö1 pointwise convolutions,
mimicking self-attention in Transformers while reducing FLOPs.

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

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

ˆ Uses a 4Ö expansion ratio, similar to ViTs' MLP blocks.

Figure 5.2.1: Inverted bottleneck structure

Micro-Level Design Changes

(a) GELU Activation Instead of ReLU

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

ˆ GELU allows better gradient �ow and improves feature representations.

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

GELU(x) = x � �( x) = x �
1
2

�
1 + erf

�
x

p
2

��
(5.2.1)

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

GELU(x) �
x
2

 

1 + tanh

 r
2
�

�
x + 0 :044715x3�

!!

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

ˆ ConvNeXt only uses one Batch Normalization layer (instead of two) before the conv1 � 1 layers.

(c) Layer Normalization instead of Batch Normalization

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

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

5.2.2 Comparison with Traditional CNNs

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

Feature Traditional CNNs ConvNeXt

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

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

5.2.3 ConvNeXt variant selection

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

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

(128; 256; 512; 1024) (5.2.3)

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

Performance on ImageNet

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

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

Swin-Base ImageNet-1K 2242 83.5 15.4
ConvNeXt-Base ImageNet-1K 2242 83.8 15.4

Swin-Base ImageNet-22K 2242 85.2 15.4
ConvNeXt-Base ImageNet-22K 2242 85.8 15.4

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

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

Performance on robust benchmarks

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

Model ImageNet-A (%) ImageNet-R (%) ImageNet-Sketch (%)

ResNet-50 0.0 36.1 24.1
Swin Transformer 35.8 46.6 32.4
ConvNeXt-Base 36.7 51.3 38.2

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

Modifying slightly the notation used in [54], let F be a pre-trained, frozen classi�er that accepts as input an
image I and outputs a probability vector Y = F (I ), with the predicted class beingc = argmax (Y ). We
assume thatF is a Neural Network whose �nal layer is a fully connected linear layer followed by a SoftMax
activation function. Let C be the part of the network up to the penultimate layer, let S be the �nal linear
layer, and let x be the input to the �nal layer i.e., x = C(I ), Y = S(x). We will also call x the latent features
of image I . A counterfactual image I 0 is an image such thatc0 = argmax Y 0 6= c, with Y 0 = F (I 0).

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

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

ˆ For any given input image with latent features x and any desired counterfactual classc0, identify the
�exceptional� features of x with respect to c0. These are the elements ofx that signi�cantly deviate
from the values that an image classi�ed asc0 would have.

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

5.3.1 Fitting the Latent Features' activations

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

p(x i ) =
KX

k=1

� k N (x i j � k ; � 2
k );

where:

ˆ � k are the mixture weights such that
P

k � k = 1 .

ˆ N (x i j � k ; � 2
k ) is a Gaussian component with mean� k and variance � 2

k .

ˆ K is the number of Gaussian components.

In the original paper of PIECE, the authors assumed that the activation function of the penultimate layer
was a Recti�ed Linear Unit (ReLU), which only takes positive values, and could be �t using a hurdle model.
Since ConvNeXt models use a smooth variant of ReLU that takes negative values as well, a Gaussian Error
Linear Unit (GELU) [41], we needed to employ a di�erent and more �exible distribution, with the GMM
giving us the most consistent results. It is important to note that �tting the probabilistic models only needs
to happen once for each classi�er and not for each input image.In the experiments we found empirically that
5 gaussian components are enough to e�ectively model the activation values of the convnext's features.

5.3.2 Identifying Exceptional Features.

For a given input image I and a desired counterfactual classc0, we identify the exceptional features of its
latent features x by evaluating the statistical likelihood of each elementx i of x with respect to the �tted
model for X c0i . To determine whether an observed latent featurex i is exceptional, we compute its two-tailed
probability based on the CDF of the �tted GMM in order to detect both low and high exceptional values:

F (x i ) =
KX

k=1

� k �
�

x i � � k

� k

�
;
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where �( �) is the standard Gaussian CDF.

The two-tailed probability is then computed as:

P(x i ) = min( F (x i ); 1 � F (x i )) :

ˆ If x i is much smaller than the expected values thenF (x i ) will be close to 0.

ˆ If x i is much larger than the expected values then 1-F (x i ) will be close to 0.

A latent feature is considered exceptional if:
P(x i ) < t;

where t is the signi�cance threshold.

5.3.3 Changing the Exceptional to the Expected.

Once we identify all features whose two-tailed probability P(x i ) is below the threshold t, we further �lter
them by considering the sign of weightswi of the �nal layer S. Speci�cally, if an outlier is �high� but also
has a positive weight (or is �low� with a negative weight), it may be bene�cial for classc0 and is therefore left
unchanged. Conversely, if an outlier contradicts its weight's sign (e.g., a high outlier with a negative weight),
it is deemed detrimental and replaced with its expected value under the �tted GMM:

x0
i  E[X c0i ]:

This two-stage process ensures that the modi�ed latent feature vectorx0 shifts toward the typical distribution
of classc0, while preserving meaningful outliers that support classi�cation into c0. Upon completion of this
process, we obtain the counterfactual feature vector in the feature space of the trained classi�er. This feature
vector will help us guide the explainer�in our case, the generator�toward producing the �nal explanatory
image in pixel space via an optimization scheme that will be applied on the the projection of the original
image into the GAN's latent space.

Figure 5.3.1: Changing the exceptional to the expected.With the blue and orange lines we have modelled
the activation value of a neuron x i 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 x i is considered exceptional and thus its value is changed to the expected.
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5.4 StyleGAN2-ADA model

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

5.4.1 Introduction to StyleGAN

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

5.4.2 Style-Based Generator Concept

Mapping Network. Instead of feeding the latent vectorz (sampled from some prior, e.g.,N (0; I )) directly
to the generator, StyleGAN �rst transforms z into an intermediate latent vector w via a learned mapping
network. This intermediate space helps disentangle factors of variation and makes the generator's outputs
more controllable.

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

AdaIN (x) = 

�

x � � (x)
� (x)

�
+ �; (5.4.1)

where� (x) and � (x) are the per-channel mean and standard deviation of the feature mapx. This mechanism
allows each layer to independently control di�erent 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 progressivemanner, starting from lower resolutions and incrementally adding layers in the same
manner that a Progressive GAN [50] is trained . Additionally, style mixing uses di�erent w vectors for
di�erent layers, encouraging the network to avoid encoding all information in a single stage, leading to more
diverse image synthesis.

5.4.3 Advantages of the Style-Based Approach

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

ˆ High-Quality Images: StyleGAN demonstrated high �delity and detail at resolutions previously not
achievable by earlier GANs.

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

5.4.4 Re�nements in StyleGAN2

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

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

ˆ 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.

ˆ Residual Entanglement: Although AdaIN 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.

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

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

W 0
ijk = si � W ijk ; W 00

ijk =
W 0

ijkq P
i;k (W 0

ijk )2 + �
; (5.4.2)

where:

� W ijk are the original convolution kernel weights for input channel i , output channel j , and kernel
element k.

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

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

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

Bene�ts.

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

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

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

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

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

Figure 5.4.3: Three generator (above the dashed line) and discriminator architectures. Up and Down
denote bilinear up and downsampling, respectively. In residual networks these also include 1Ö1
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.

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

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

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

5.4.5 Comparison of StyleGAN and StyleGAN2 Performance

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

ˆ 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.

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

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

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

Dataset Resolution FID # PPL #

StyleGAN StyleGAN2 StyleGAN StyleGAN2

FFHQ 1024� 1024 4.40 2.84 212.1 145
LSUN Cat 256� 256 8.53 6.93 924 439
LSUN Horse 256� 256 3.83 3.43 1405 338
LSUN Car 512� 384 3.27 2.32 1484.5 415.5

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

5.4.6 StyleGAN2-ADA: Adaptive Discriminator Augmentation

Motivation for StyleGAN2-ADA

While StyleGAN2 improved upon its predecessor by reducing structural artifacts and improving overall
image quality, it still heavily relied on large-scale datasets to train e�ectively. 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, su�er from data scarcity due to the following constraints:

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

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

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

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

Adaptive Discriminator Augmentation (ADA)

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

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

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

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

Over�tting Heuristic and Adaptive Control

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

r v =
E[D train ] � E[D validation ]
E[D train ] � E[Dgenerated ]

r t = E[sign(D train )] (5.4.3)

where D train ,D validation ,Dgenerated represents the discriminator's output for the training set,validation set
and generated images respectively. If the discriminator becomes too con�dent (i.e., consistently assigns
high con�dence to real images and low con�dence to generated ones),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:

ˆ Pixel Blitting : Horizontal �ips, integer translations, 90 ° rotations.

ˆ Geometric Transformations : Isotropic scaling, a�ne transformations.

ˆ Color Transformations : Brightness, contrast, gamma correction, color jittering.

ˆ Filtering : Gaussian blur, image sharpening.

5.4.7 Advantages of StyleGAN2-ADA for Medical Imaging

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

1. Data Augmentation for Medical AI Models

Medical imaging datasets often contain only a few hundred labeled examples, making it di�cult to train
robust AI models. StyleGAN2-ADA can generate realistic synthetic medical images, expanding dataset size
and improving model generalization.
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(a) balanced Consistency
regularization(bCR)

(b) Stochastic discriminator
augmentations

(c) E�ect of augmentation
probability p

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

2. Counterfactual Image Generation

In medical research, generating counterfactual images�modifying speci�c 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 signi�cantly reduces the amount of training data required by initializing a model with
weights pretrained on a di�erent dataset, rather than using random initialization. Prior to the introduction
of StyleGAN2-ADA, several studies explored the e�ectiveness of transfer learning in the context of GANs
[128, 82, 85, 127]. The original StyleGAN2-ADA paper demonstrated that the most e�ective strategy in-
volved freezing the highest-resolution layers of the discriminator (Freeze-D), leading to signi�cantly improved
performance compared to training from scratch. Notably, the success of transfer learning in GANs appears to
depend more on the diversity of the source dataset rather than the similarity between the source and target
domains.

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

StyleGAN2-ada on medical images. Several studies have investigated the use of StyleGAN2-ADA in
medical imaging, taking advantage of its ability to generate high-�delity images even when training data
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is scarce. These works have primarily focused on data augmentation, improving classi�cation models, and
synthesizing diverse medical images for various downstream tasks. For example, [130] evaluated the model's
performance on several publicly available medical imaging datasets, including SILVER07 (liver CT scans),
ChestX-ray-14 (chest X-ray images), and the Medical Image Segmentation Decathlon (brain tumors). Sim-
ilarly, [114] explored the e�ectiveness of StyleGAN2-ADA for brain MRI images with tumors, aiming to
enhance limited brain MRI datasets through augmentation. Additionally, [131] utilized StyleGAN2-ADA for
out-of-distribution detection in CT scans from various anatomical regions.

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

5.5.1 Motivation: The Need for High-Fidelity and Editable GAN Inversion

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

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

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

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

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

To overcome this,in our proposed SPRUCE framework, we employ a two-step inversion process:

1. E4E Encoder [117] : Provides an initial editable latent representation.

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

5.5.2 Latent Space Representations in StyleGAN

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

Native Latent Spaces

StyleGAN operates with two primary latent spaces:

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

ˆ W -space: A more structured and disentangled space obtained via a learned mapping networkM ,
where w = M (z). This space enables controlled attribute modi�cations while preserving realism.

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

w = M (z); z � N (0; I ); (5.5.1)

where M represents the learned mapping function.
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Extended Latent Spaces

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

ˆ 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 �ner control over local image features.

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

The W + -space is mathematically de�ned as:

w+ = ( w1; w2; :::; wn ); wi 2 W ; (5.5.2)

where eachwi represents the style latent code for a speci�c generator layer.

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

5.5.3 The GAN Inversion Trade-o�s

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

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

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

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

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

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

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

5.5.4 E4E Encoder for GAN Inversion

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

Key Design Principles of E4E

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

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

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

5.5.5 Total Loss Function in E4E

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

ˆ Distortion Minimization : Ensuring that the reconstructed image closely resembles the original.
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Figure 5.5.1: The E4E network architecture. The encoder receives an input image and outputs a single
style codew together with a set of o�sets � 1; : : : ; � N � 1, where N denotes the number of StyleGAN's style

modulation layers. The �nal latent representation is obtained by replicating the w vector N times and
adding each� i to its corresponding entry.

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

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

L (x) = L dist (x) + � edit L edit (x); (5.5.3)

where � edit controls the trade-o� between reconstruction �delity and latent code �exibility.

Distortion Loss

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

L dist (x) = � 2L 2(x) + � lpips L LP IP S (x) + � sim L sim (x): (5.5.4)

- L 2(x) - Standard pixel-wise reconstruction loss. -L LP IP S (x) - Perceptual loss to enforce structural similarity
between images. -L sim (x) - Identity loss, ensuring feature-level consistency using a pre-trained network.

The identity loss is de�ned as:

L sim (x) = 1 � (C(G(E4E(x))) ; C(G(x))) ; (5.5.5)

where:

ˆ C is a pre-trained ResNet-50 network that extracts feature embeddings.

ˆ G is the pre-trained StyleGAN2 generator.

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

Editability Loss

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

L edit (x) = � d-reg L d-reg (x) + � adv L adv (x): (5.5.6)

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

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

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

Methodology

PTI consists of two primary steps:

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

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

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

wp = arg min
w

L LPIPS (I; G (w; � )) + � n L n (n); (5.5.7)

where:

ˆ G(w; � ) is the image generated using a pre-trained generatorG with weights � .

ˆ L LPIPS represents the perceptual loss used to optimize reconstruction �delity.

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

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

Pivotal Tuning: Generator Fine-Tuning

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

L pti = L LPIPS (x; x p) + � L 2L L 2(x; x p); (5.5.8)

where:

ˆ xp = G(wp; � � ) is the reconstructed image using the �ne-tuned generator.

ˆ L L 2 enforces pixel-wise reconstruction accuracy.

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

115



Chapter 5. Methodology

Locality Regularization

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

wr = wp + �
wz � wp

kwz � wpk2
: (5.5.9)

Then, the locality regularization loss is de�ned as:

L reg = L LPIPS (x r ; x �
r ) + � R

L 2L L 2(x r ; x �
r ): (5.5.10)

where:

ˆ x r = G(wr ; � ) , is the image generated from the original generator given the latent vectorwr

ˆ x �
r = G(wr ; � � ) , is the image generated from the �netuned generator given the latent vectorwr

Finally, the generator optimization is formulated as:

� � = arg min
� �

L pti + � regL reg : (5.5.11)

Figure 5.5.2: An illustration of the PTI method. StyleGAN's latent space is portrayed in two dimensions,
where the warmer colors indicate higher densities of W, i.e. regions of higher editability. On the left, we
illustrate the generated samples before pivotal tuning. We can see the Editability-Distortion trade-o�. A

choice must be made between Identity �A� and Identity �B�. �A� resides in a more editable region but does
not resemble the �Real� image. �B� resides in a less editable region, which causes artifacts, but induces less

distortion. On the right - After the pivotal tuning procedure. �C� maintains the same high editing
capabilities of �A�, while achieving even better similarity to �Real� compared to �B�.
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5.6 Latent Vector Optimization

The �nal step of SPRUCE is to iteratively optimize ,in the latent space , the latent vector that reconstructs the
initial image in order to get the latent representation of the counterfactual image.To generate counterfactual
images that meaningfully explain the classi�er's decision, we optimize the latent vector of the StyleGAN2-
ADA generator, that we have obtained using the steps described in 5.5 , in such a way that:

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

ˆ The modi�ed image remains perceptually similar to the original image, avoiding excessive distortions.

ˆ The modi�cations are sparse, meaning that only the essential aspects contributing to the classi�er's
decision are altered.

Optimization Objective

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

L = L piece + � perc L LPIPS + � latent L latent + � image L image : (5.6.1)

We explain the signi�cance of each term in the following paragraphs.

5.6.1 Feature Alignment Loss

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

L piece = kC(G(we)) � x0k2
2: (5.6.2)

Here:

ˆ C represents all the layers of the frozen classi�er up to the penultimate feature layer X.

ˆ x0 is the counterfactual feature vector

ˆ G is the �netuned generator

ˆ we is the optimized latent vector.

This term ensures that the features of the counterfactual image match those expected for the target class,
thus ensuring that the classi�er's prediction will change.

5.6.2 Perceptual Similarity Loss (LPIPS)

To preserve structural integrity and prevent the counterfactual image from deviating too far from the original,
we incorporate a perceptual similarity loss using the Learned Perceptual Image Patch Similarity (LPIPS)
metric [138]:

L LPIPS = LPIPS(G(we); I ): (5.6.3)

where:

ˆ G(we) is the generated counterfactual image.

ˆ I is the original image taken from the dataset.
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LPIPS ensures that high-level perceptual features are preserved while enabling meaningful modi�cations.
For the LPIPS backbone network, we utilize a VGG-based feature extractor instead of AlexNet. This choice
is motivated by VGG's widespread adoption in optimization schemes involving StyleGAN variants, as well
as its deeper architecture, which captures more expressive hierarchical features, making it better suited for
complex image domains such as medical imaging.

5.6.3 Latent Space Sparsity Regularization

We also apply an L1 regularization to limit any insigni�cant changes in the latent space:

L latent = kwe � wpk1: (5.6.4)

This term prevents the optimized latent vector to drift away from the editable and semantically rich latent
neighborhood of the initial latent vector wp, thus boosting the realism and plausibility of the generated
counterfactuals.

5.6.4 Image Space Sparsity Regularization

To ensure that counterfactual images remain faithful to the original while re�ecting only the necessary
modi�cations, we introduce an L1 penalty on pixel-wise di�erences between the generated counterfactual
image and the original image:

L image = kG(we) � I k1: (5.6.5)

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

Thus, the �nal counterfactual optimization problem is formulated as:

w�
e = arg min

wp

h
L piece + � perc L LPIPS + � latent L latent + � image L image

i
: (5.6.6)

where:

ˆ w�
e is the latent vector corresponding to the �nal counterfactual image.

ˆ � perc ; � latent ; � image are hyperparameters that control the trade-o�s between feature alignment, percep-
tual similarity, and sparsity.

By inputting w�
e into the �netuned generator G we can visualize the counterfactual image.

118



5.6. Latent Vector Optimization

Figure 5.6.1: Visualization of the optimization process

Optimization Strategy

To optimize the latent vector, we employ the AdamW optimizer [68] with a cosine annealing learning rate
schedule [67] for smooth convergence and gradient clipping to prevent exploding gradients .

The �nal optimization is performed iteratively for T steps, yielding the optimized latent vector w�
e , which is

then used to synthesize the counterfactual image.

Semifactual generation

During each optimization step, the generated image is evaluated by the classi�er, and its corresponding
probability score is recorded. This iterative process allows us to systematically track how the classi�er's
decision transitions from the original class to the counterfactual class, providing valuable insights into the
model's decision boundaries and the impact of the applied modi�cations.
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5.7 Adversarial Robustness for Meaningful Counterfactual Expla-
nations

5.7.1 Motivation: The Role of Adversarial Robustness

As we have seen in the previous sections of our framework, the classi�er's feature vector is used to drive the
generator of the StyleGAN2-ada model towards producing an image that belongs to the desired counterfactual
class and that is as close as possible to the original image. In other words, we can say that the gradients of the
classi�er are those that guide the generator to the right direction. Hence if the gradients are not perceptually
aligned with the features of a particular class then it could result , as we will see in the experiments section
, in counterfactuals that look visually similar to the original image when the changes are constrained to be
minimal. This means that if the classi�er is vulnerable to adversarial human-imperceptible modi�cations
(adversarial attacks) [33] then the generated counterfactuals will re�ect those vulnerabilities rather than true
causal attributions.

It has been proven that the gradients of adversarially robust classi�ers have strong generative properties and
capture features that are perceptually aligned with the features of a certain class [100, 7]. For that reason,we
employ adversarial training to improve the classi�er's robustness and ensure that the generated images contain
meaningful and plausible changes. Speci�cally, we use TRADES (TRade-o�-inspired Adversarial DEfense
via Surrogate-loss minimization) [136], a state-of-the-art adversarial training method that balances clean
accuracy and robustness.

5.7.2 TRADES: Balancing Clean Accuracy and Robustness

The TRADES framework formulates adversarial training as a trade-o� between:

ˆ Standard Classi�cation Accuracy: Ensure that the classi�er maintains high accuracy on clean
(unperturbed) images, which is indispensable especially in the domain of medical imaging.

ˆ Adversarial Robustness: Training the classi�er to be invariant to adversarial perturbations.

This perturbation forces the model to minimize the discrepancy between its response to clean and adversarial
examples.

5.7.3 Mathematical Formulation of TRADES

The core idea of TRADES is formulated as a regularized surrogate loss, combining a standard classi�cation
loss and a robustness regularization term. Speci�cally, TRADES optimizes the following objective:

min
f

E(x;y ) �D

�
L (f (x); y) + � � max

x 02B � (x )
L KL (f (x); f (x0))

�
; (5.7.1)

where:

ˆ f (x) represents the classi�er's predicted probability distribution for input x,

ˆ L denotes the standard classi�cation loss (e.g., cross-entropy),

ˆ L KL is the Kullback-Leibler divergence that quanti�es the divergence between the classi�er outputs on
the clean examplex and the adversarial examplex0,

ˆ B� (x) is the � -bounded perturbation ball around input x, de�ned as B� (x) = f x0 : kx0 � xkp � � g,

ˆ � is a hyperparameter controlling the trade-o� between natural accuracy and adversarial robustness.

During training, adversarial examplesx0 are generated within the perturbation ball using Projected Gradient
Descent (PGD) [73]. PGD iteratively perturbs the input data in the direction of the gradient of the KL
divergence loss to �nd a worst-case adversarial perturbation. This iterative adversarial example generation
can be formally expressed as:
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x0
t +1 = � B � (x )

�
x0

t + � � sign(r x 0
t
L KL (f (x); f (x0

t )))
�

; (5.7.2)

where � B � (x ) (�) denotes projection onto the� -ball, � is the step size, andt indicates the iteration number.

Figure 5.7.1: Left �gure: decision boundary by natural training. Right �gure: decision boundary by
TRADES.

5.7.4 Comparison to Standard Adversarial Training

Unlike conventional adversarial training methods that simply minimize loss on adversarial examples,
TRADES explicitly balances robustness and accuracy, making it particularly suitable for our application.
Standard adversarial training methods su�er from:

ˆ Excessive accuracy drop on clean images when increasing robustness.

ˆ Gradient obfuscation, which can limit counterfactual interpretability.

ˆ Over�tting to adversarial attacks, reducing generalization.

TRADES mitigates these issues by controlling the KL divergence loss with the hyperparameter� , allowing
us to tune robustness without severely degrading classi�cation accuracy.
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6.1 Datasets

6.1.1 Introduction

In this section, we describe the datasets used for evaluating the proposed framework for counterfactual gen-
eration. Four publicly available medical image datasets were utilized, covering di�erent medical imaging
modalities. The datasets include two binary classi�cation datasets based on chest X-ray images, a four-class
Optical Coherence Tomography (OCT) dataset, and a four-class Brain MRI dataset for dementia classi�ca-
tion. Apart from referencing numerical details it is also essential to describe the visual characteristics that
de�ne each class within the datasets , as these will help us evaluate the plausibilty and meaningfulness of the
produced counterfactuals.

6.1.2 Dataset Descriptions

Chest X-ray Datasets

Lung Opacity vs. Normal Dataset

ˆ Source: RSNA Pneumonia Detection Challenge [2]. The original RSNA Pneumonia Detection Chal-
lenge dataset contains 29,700 frontal-view x-ray images of 26,600 patients. The training daa is split
into three classes : Normal , Lung Opacity and No Lung Opacity / Not Normal .We used only the
classes Normal and Lung Opacity since we only wanted to train the classi�er to distinct between lungs
su�ering from pneumonia and healthy lungs. Other anomalies that do not result in opacities in the
lungs are excluded from the training task to keep it a binary classi�cation problem. All duplicates from
the same patients were removed as well.

ˆ Classes: Lung Opacity, Normal

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

ˆ Preprocessing : We resized the original images from1024� 1024 to 256� 256 resolution and made
sure that all images are RGB.

ˆ Description:

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

� Normal: Clear lung �elds with well-de�ned vascular structures, normal lung aeration, and no
abnormal opacities.

Cardiomegaly vs. Normal Dataset

ˆ 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.

ˆ Classes: Cardiomegaly, Normal

ˆ Number of Samples: 2776images of Cardiomegaly,2776images of Normal

ˆ Preprocessing : We resized the original images from1024� 1024 to 256� 256 resolution and made
sure that all images are RGB.

ˆ Description:

� Cardiomegaly: Enlarged cardiac silhouette relative to thoracic cavity, often exceeding 50% of
thoracic width.

� Normal: Proportionate heart size within normal limits, clear lung �elds, and absence of abnormal
cardiac enlargement.
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Optical Coherence Tomography (OCT) Dataset

[55]

ˆ Source: Kaggle

ˆ Classes: Normal, Choroidal Neovascularization (CNV), Diabetic Macular Edema (DME), Drusen

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

ˆ Preprocessing : All images were center cropped to square dimensions256 � 256 and converted to
RGB. Original images resolution was either496� 512 or 496� 768.

ˆ Description:

� Choroidal Neovascularization (CNV): Presence of hyperre�ective �uid accumulations, dis-
torted retinal layers, and irregular subretinal deposits.

� Diabetic Macular Edema (DME): Thickened retina with cystoid spaces, hypore�ective lesions
indicating �uid buildup.

� Drusen: Extracellular deposits seen between the retinal pigment epithelium and Bruch's mem-
brane.

� Normal: Uniformly structured retinal layers with no signs of pathology.

Brain MRI Dementia Dataset

ˆ Source: Kaggle

ˆ Classes: No Impairment, Very Mild, Mild, Moderate

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

ˆ Preprocessing : We resized the original images to128� 128 resolution and converted them to RGB.

ˆ Description:

� No Impairment: Normal brain volume with well-preserved cortical structures and no signi�cant
atrophy.

� Very Mild Impairment: Subtle cortical thinning, slight hippocampal volume reduction.

� Mild Impairment: Noticeable atrophy in temporal lobes, enlarged ventricles, and white matter
hyperintensities.

� Moderate Impairment: Severe hippocampal atrophy, signi�cant cortical thinning, and promi-
nent ventricular enlargement.

6.1.3 Dataset Sample Images

To provide a visual reference of the datasets used, Figures 6.1.1 through 6.1.11 present sample images for
each class within the respective datasets.

125



Chapter 6. Experiments and Results

Figure 6.1.1: Healthy chest x-ray images.

Figure 6.1.2: Chest x-ray images with lung opacity.

Figure 6.1.3: Chest x-ray images with cardiomegaly.

Figure 6.1.4: Healthy OCT samples.
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Figure 6.1.5: OCT samples with drusen.

Figure 6.1.6: OCT samples with signs of Diabetic Macular Edema(DME).

Figure 6.1.7: OCT samples with signs of Choroidal Neovascularization (CNV).

Figure 6.1.8: Brain MRIs with no signs of dementia.
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Figure 6.1.9: Brain MRIs with very mild impairment.

Figure 6.1.10: Brain MRIs with Mild Impairment.

Figure 6.1.11: Brain MRIs with moderate impairment.
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6.2 Classi�er training

As we discussed in Section 5.2,the model that we chose to use in our counterfactual framework is the
ConvNeXt-Base model. In this Section we are going to provide all the techniques and parameters used
during both the training of a plain and an adversarially robust model. We will present the results in each
case using various evaluation metrics and plots .Finally we will showcase several saliency maps[106] that will
help us understand the image regions on which the model gives more attention to , but will also prove the
necessity of using adversarially robust classi�ers for plausible and meaningful counterfactuals.

6.2.1 General Training Con�guration

The training of the classi�er followed a consistent setup across both standard and adversarial training schemes.
The following parameters and techniques remained constant throughout:

Dataset Splitting All datasets were divided into three subsets:

ˆ Training Set: 80% of the dataset, used for model training.

ˆ Validation Set: 10%, used for hyperparameter tuning and early stopping.

ˆ Test Set: 10%, used for evaluating �nal model performance.

Dataset Class Training Validation Test Resolution

Chest X-ray (Lung Opacity vs. Healthy)
Healthy 7080 885 601

256� 256
Lung Opacity 4809 601 602

Chest X-ray (Cardiomegaly vs. Healthy)
Healthy 2220 277 279

256� 256
Cardiomegaly 2220 277 279

OCT Dataset

Normal 21077 2634 2636

256� 256
CNV 29772 3721 3723
DME 9137 1142 1143
Drusen 6896 862 862

Brain MRI Dementia Dataset

No Impairment 2560 320 320

128� 128
Very Mild Impairment 2406 300 302
Mild Impairment 2191 273 275
Moderate Impairment 2057 257 258

Table 6.1: Number of images per dataset split (Train, Validation, Test) for each class with resolution details.

Model Fine-tuning To leverage pretrained knowledge and accelerate convergence, we performed transfer
learning by initializing our model with pretrained weights from the ImageNet-1k V1 dataset [20].The classi�er
head was replaced with a fully connected layer corresponding to the number of classes in each dataset.

Optimization and Regularization Techniques To enhance model generalization and robustness, the
following optimization strategies were applied:

ˆ Learning Rate Scheduling: Cosine annealing learning rate scheduler .

ˆ Weight Decay: Applied to prevent over�tting and improve generalization.

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

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

ˆ Mixed Precision Training [81]: Reduced memory footprint and improved computational e�ciency.

ˆ Label Smoothing: Applied to prevent overcon�dence in model predictions by assigning a small
probability to incorrect labels, thereby improving model calibration and robustness.
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ˆ Class Weighting: In the cases of the Normal vs Lung Opacity and the OCT dataset a weighted
cross-entropy loss was used to confront the imbalancies across di�erent classes. The weight for each
class was computed based on its frequency in the training set.

Data Augmentation To enhance model generalization, data augmentation techniques were applied to the
training set:

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

ˆ Random Horizontal Flipping: Probability of 30%.

ˆ Random A�ne Transformations: Rotation (10 degrees), translation (2%), scaling (0.95�1.05), and
shear (5 degrees).

ˆ Color Jitter: Adjustments in brightness and contrast within range 0.2.

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

6.2.2 Plain Classi�er Training

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

The hyperparameters used during training are presented in Table 6.2.

Hyperparameter Value
Loss Function Cross Entropy Loss
Initial Learning Rate 5e-4
Epochs 100
Warmup Epochs 10
Optimizer AdamW
Batch Size 64
Weight Decay 5e-2
Label Smoothing 0.05

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

Results of Plain Training The trained classi�er was evaluated on the test set,using the accuracy, precision
,f1 and recall metrics. Table 6.3 summarizes the results on each dataset.

Dataset Accuracy Precision Recall F1-score
Lung Opacity vs. Normal 95.96 95.68 97.63 96.65
Cardiomegaly vs. Normal 88.35 90.22 86.02 88.07

OCT Dataset 97.98 97.98 97.97 97.98
Brain MRI Dementia Dataset 99.39% 99.40% 99.39% 99.40%

Table 6.3: Performance metrics (accuracy, precision, recall, and F1-score) for each dataset.

We also plotted the confusion matrices in order to get a better view on the model's performance. Results are
shown in 6.2.1
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(a) Lung Opacity vs. Normal (b) Cardiomegaly vs. Normal

(c) OCT Dataset (d) Brain MRI Dementia Dataset

Figure 6.2.1: Confusion matrices for the plain classi�er.

6.2.3 Adversarial Training with TRADES

This section presents the hyperparameters and results obtained from training a classi�er using adversarial
training with the TRADES method.For all experiments,the trade-o� parameter � was set to 6, following
recommendations from [112] and [45], as this value provides a well-balanced compromise between adversarial
robustness and clean accuracy. Our experimental results further validate this balance.We decided to train
our classi�ers on three di�erent � values : f 1=255; 2=255; 8=255g . 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 1e-4
Epochs 100
Warmup Epochs 10
Optimizer AdamW
Batch Size 16
Weight Decay 5e-2
Label Smoothing 0.05
� (Trade-o� parameter) 6.0
� (Perturbation bound) 1/255, 2/255, 8/255
� (PGD Step Size) � /4
PGD Steps 10
Norm Type L 1

Table 6.4: TRADES hyperparameters used for adversarial training.

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

Dataset � = 1=255 � = 2=255 � = 8=255
Lung Opacity vs. Normal 94.48 94.02 94.09
Cardiomegaly vs. Normal 88.17 85.84 88.35

OCT Dataset 97.44 97.73 96.95
Brain MRI Dementia Dataset 99.74 99.39 99.23

Table 6.5: Accuracy of the adversarially trained classi�er on clean test images for� = 1=255; 2=255; 8=255.

Confusion Matrices on Clean Images To analyze the model's performance on clean images, we provide
confusion matrices for each dataset, shown in Figure 6.2.2.
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