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Abstract

The development of new Deep Learning models has led to many advancements in
the field of Computer Vision. The introduction of Convolutional Neural Networks to im-
age segmentation tasks provided models with unseen capabilities. These models, however
successful, encounter obstacles when they are applied to unseen domains. In training it is
assumed that the training and the testing data follow the same distribution, when in real-
life settings this is rarely the case. Thus a new direction of research has been developing,
with the task of improving the generalizing capabilities of deep learning models. Domain
Generalization methods have been improving the out of distribution performance of basic
models, expanding their capabilities without the need to train on new datasets. These
methods are applied in many computer vision settings, in particular in image segmen-
tation tasks, with substancial success. Generalization promoting techniques are crucial
in tasks where supervised training confronts many difficulties, due to limited availability
of useful annotated datasets or vast discrepanies between datasets, and most research
approaches are aimed at overcoming these issues. In this thesis we test the generalization
capabilities of the CCSDG module across different conditions, using a classic FCN archi-
tecture as the backbone. We opted to use the SYNTHIA dataset, a collection of synthetic
captions of an urban environment. We trained and tested the pipeline across different en-
vironmental and geographical conditions, provided in the video sequencies version of the
dataset. The DiffuseMix pipeline is also utilized to create an array of augmented images,
using a textual prompt from a predetermined list. We observed that for some combi-
nations of parameters and environments this generalization method can perform better
than the baseline. In particular, for the domain most similar to the training domain, our
method seem to boost the performance of the model for the conditions most dissimilar to
training. However, there is no clear indication to a best performing configuration, so the

capabilities of our proposal need further investigation.

Keywords

Computer Vision, Semantic Segmentation, Domain Generalization, Contrastive Learn-

ing, Data Augmentation, Diffusion Models
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Ke¢palaio E

OswpnTiKo unobabpo

1.1 Katatpnon Ewkovov

H katdtpnon eikovev anoteldet pia Sepediddn epappoyn g ‘Opaong Yriodoylotwv [15].
Mia s1kova xopidetal o oAAarmAd tprpata, pe Kabe £éva va avirpoo®evet £va §1adpopetiko
avtukeipevo. e ouvduaopo HE TV avayvoplon AVIKEIEVOV, 1] KATATHINOT EIKOVROV £XEL £-
PAPHOYES OtV avAAuon 1atplkev e1kOvev [16], ota autovopa oxrpata [17], mapakoloubnon

rAm. Ilapadetypata katdtpunong mapouvoiadoviat oty ewkova 1.1.

Stuttgart Zurich ulm Tiibingen

Ewova 1.1: INapabeiyuata karatunuevov ekovov ano aotika nepibdijovia ano [1]

Fevika €va PBabu veupaviko Siktuo exraidevetal oe dedopéva eikdévev kat pabaivetl va
arobdidel mukva pia etikéta oe KABe e1kovooTokeio. Autr) 1) epyaocia ta§vopnong os Staxwpt-
OPEVEG TIEPLOYXEG TNG APXIKIG EIKOVAG 11€ ONIACI0AOVIKEG ETIKETEG OVOIALETAL ONAAGI0AOYKI)
katatpnon (1.2). Mia erunpoodetn Siaxdplon oc 51aKPITA AVIIKEIPEVA PE TNV avayvoptl-
o1 MOAAATIA®V EPPAVIOE@V EVOG AVIIKEIPEVOU Ovoplddetatl Katdtunor neptrtoeny (1.3). Ot
epyaoieg Katdtpunong eivatl onpavukd mo §UOK0AEG 0e OUYKPLOT Pe ardég epyaoieg tagl-

VOHUNOoNG, KATL TTIOU aviavakAATAl TG UTIOAOYIOTIKEG TOUG ATIALTOEIS.

forward /inference

backward /learning

Ewova 1.2: Iapabdeyua Enuaciofoyucric Katatunong ue m xpnon tov puoviéflov FCN [2]
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RolAlign

Ewova 1.3: Iapaberypa Karatunong Iepimiooewv ue m xpnon tnouv poviéflov Mask R-
CNN [3]

1.2 Mnyxavikny Maénorn

H pnxavikr) pabnon agopd v avartudn alyopibpev rmou pabaivouv va ekteAouv
KATIOIEG EPYAOIEG KAl va YeViKEUoUV ot véa debopéva xwpig va toug €xouv 600l 0dnyieg.
Ot aAyopiBpot gtoxsvouv otV ekpabnorn potiBov svoeopatopévev ota dedopéva ekmnaidsu-
o1g yia va rpoBAénouv 1) va arnodaci¢ouv PAoel TG CUCOOPEUEVIG TOUS YVAONS.

Ot aAyopiBpotl pnxavikng pabnong napadooiaka xwpiloviat oe Tpelg Katnyopieg, pe
Baon v @uorn 1V £1006mV TOUg:

¢ EmiBAenopevy Mabnon

e Mn-EmBAendpevn Mabnon

¢ Evicyutiky Mda6non

1.2.1 EmBAenopevn Maénon

Ty ermBAeniopevn pabnor), o adyopiOpog exnaidevstal oe €va oUvolo 8edopévav mou
ouprnepldapBavet ) deputyy €§06o. Ta debopéva e1006ou anotedovuvial ano napadeiypata
exnaideuong mou avirpoorIevovdl arno diavuopata Xapakinploukov x. Kdbe nmapadery-
pa exkmnaibeuong £xet éva 1 neplocotepa Sebopéva ermbuprnu)g £§66ou y, ou ovopdloviat
emBAenopeva onpata. H exknaideuorn otoyeuvel oty edpeon pag avioroixiong y = f(x)
arno v eicodo oty €50do mou propei va kavelr akpiBeig npoBALyetg 1 anoddoelg oe véa

bedopeva.

1.2.2 Mn ErmuBAenopcsvy Maénon

Znv pn ermBAseniopevn padnor ta dedopéva £10660u Sev TePEXOUV KATIOW TIANpodopia
yua v ermbupnu) €80do. O okorog g exknaidsuong ivatl np avayveplon Sopov 1) oXEoemv
petady tov debopévav.

H auto-ermBAeriopevn pabnon eival éva €idog pn ermBAenopevng pabnong, oty omnoia
10 ermBAeropevo onpa dnuioupyeitat amo tov adyopidpo. H nui-emBAenopevn pabnon
ouvbuddel eruBAeniopevn pe P ermBAsenopevn pabnor), pe 1o Poviédo va exknaidevetal 1000

oe debopéva pe ofjpavon 6oo kat oe Sedopéva xwpig onpavor.
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1.2.3 Evioxutukn Mdabnon

1.2.3 Evioxutikrn Maénon

IV evIOXUTIKY Pabnorn €va mpdkKropag eKIIatdevetal va maipvel akodoublakeég arto-
(PAoEelg, 1€ OTOXO TNV Heylotonoinon piag petpikng. 'Eva texvnto nepiBadiov Snpoupyeitat
yla v eknaibeuon tou mPAKIopd, O OIoiog aviidpd otig ouvorKeg Kat 11§ AAAayég tou

nieptBaiAovtog.

1.3 Neupowvika Aiktua

1.3.1 Texvnta Neuvpovira Aiktua

Ta texvna veupovika diktua (TNA) eival urnodoylotikd ouotrjpata mou oxedlaotnkav
Baoel BloAoyIKOV VEUPOVIK®V cuotnpatev [6]. 'Eva mAnog diaouvdedbepévav kopbav, mou
ovopadovtal veupoveg, oxnuati¢ouv addendAAnAa emineda. Kabe eminedo ermteldet pia ou-
YKeRpIEVn Slepyaoia, oUppava Pe Ty ApXTEKTOVIKI] ToUu poviédou. H Baowkn doprn evog
TNA napouoiaetat otnv eikova 1.4, kat anotedeital anod €va emninedo €10060u, Evav apBpo
KPUPV eruredmv kat éva erirnedo e§66ou mou napgyet 1o erubupnto anotédeopa. Kabe veu-
povag 6Exetal orjpata €100dou, ta omoia otadpidetl, pooHEtel kal AapBavel pia anogaor,
epvavIag 1o dBpotopia ano pia ouvaptnorn evepyortoinong. To anotédeopa odnyeitat otoug
ouvdedeEVOUg VEUPWVEG.

H d1adikaoia exkpdbnong niepldapBavet tv aAAayr 1oV IApaPETpEV BApOV IOV VEUPOVEV,
e tov adyopiBpo g omobod1adoong, e oToX0 TV €AaX10TOIOIN 0N KAMolag HETPIKLG dia-
@OPAg petady ermbuuntov Kat ImPAaypatikou daroteAeopatog, Tou ovopdadetal ouvAaptnon d-
niowAciag. H ermdoyr) g ouvAptnong evepyortoinong Kat g ouvaptnong anwleiag esaptatat

and Vv @Uor g epyaociag.

Forward Propagation

" lterative process until
loss function is
minimized

True Values (y)

Backward Propagation

Ewova 1.4: INapadeyua Texyvnrov Neupwvikou Atktuou kat tapouvoiaon g diadukaoiag k-
naidevong [4]

H o ouvnO1opévn cuvdptnon evepyornoinong eivat i avopBwpévn ypappikn povada (ReLU)
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1) oTI01a TIEPIYPAPETAL KOG :
f(x) = max(0, x) (1.1)

H ouvapnon eivat eUKoAn otnv UAOTIOINon KAl avIPEIRIi{el Pe ermuyia 1o mpoBAnpa g
eCapaviidopevng KAiong.

Mia evadAdaxtikr) tng ReLU, n ReLU pe Siappor ermtpénet pia pikpn kAion étav ) povada
dev elval evepyr], Kal £€xel KAAUTEPN OUHPIEPIPOPA 0t OoUykplorn pe v ReLU oe kdmowa
nipoBAnpata.

H owypoeibrig ouvdptnon AapBavet tipég petaiu 0 xkat 1, katl xprowporoteitat étav to

HovtéAdo pérel va KAvel pia npoBAeyrn otnv £§060.

1
l+e™™

o(x) = (1.2)
H ouvdptnon softmax petatpénet éva eUpog £10060U O P KAtavopr] mbavot)iey, e
abpotopa 1.

Zi

o(z) = (1.3)

1€
Xprnoworoteital og MEPUTIOOEIS TASvOPNoNg, yia va napdaget g tipeg npoBAeywng yia kabe
KAdon.

Mia and TG Imo XP1olpooloUHEVES OUVAPTHOElS arntAsilag eivat 1o Méoo Terpaywviko

Zpdaipa:
1 < )
L= N ;:1 (yi —f () (1.4)

orou f eivatl n ouvdptnon 1nou YEAoUE Ve TIPOOEYYIOOUPE KAl Y; Ol TIHEG TOU otoxou. H
HETPIKT] auty] Xprjotpornoleital oe epyaoieg maiwvdpopiong, otav n £6060g tou poviédou eivat
pia apOunukr 1pn.

To Méoo AmoAuto Z¢pdApa mpotipdral 0tav UTdpXouV TTOAAEG akpaieg TIPHEG OTO OUVOAO

exnaidevuong:

N
1
L= Z; lyi — f ()| (1.5)

To opdApa 61a0TaUpPOUPEVNS EVIPOITiAg XPNOIHOolEital og epyaocieg tagivopnong. Me-
pdet ) Sapopd petady g rmpPoBAemopevng Kal g MPAYHATIKAG KATAVOUNG ETKETMV

KAdong. Ta M apibpd kAdoewv 1o opdApa vrodoyidetat:
M
L=- Z pilog(q:) (1.6)
i=1

H Ka6o6o0g KAiong (Gradient Descent) eivat o aAyop10p10g BeAtiotonoinong rmouv Xpnotpo-
roteitatl Imo ouxvd ota veupavikd diktua yia v eAax10Tornoinorn g ouvaptnong aroAeiag.
H xdB0dog xAiong aAdddel tig mapaperpousg Tou PHOVIEAOU, XPNOotporolwviag v KAion a-
nwAelag.

Bnew = & — V5L(3) (1.7)

He 1 va givat o pubpog exknaideuong.
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1.3.1 Texvntd Neupaovika Aiktua

Mia mapaAdayr) g kabBodou kAiong, n Zroxaotikt] KdBobog KAiong AapBavet piovo éva
belypa amno ta napadeiypata eknaidbeuong yia Tov UnoAoy1opo g KAiong anwieiag. Iapott
o€ KAroleg reprtoelg deiyvel aotabeia, n Lroxaoukr KabBodog KAiong eival onpaviika mo
ypriyopn o oxéon pe v Kabodo Kiiong.

O aAyop1Bpog Omobodiadoong anotedeitat anod §Uo Bripata: évav mpog ta EPIPOg UIo-
Aoyilopd v npoBAfwemv TOU POVIEAOU Kal pia Ipog ta Mok aAAayr) oV Mapapelpev ToU
povtédou, e Tov UTIOAOY1010 1§ KAlong anmAeiag yla kabe emnirnedo tou poviedou.

H Siadikaoia eknaideuong, pe tv pocbia rmpoBAeyn kat v orticOia aAlayn tev Bapwv
TV VEUPWV®V, oUVeXiLeTatl yia TOAAATIAEG EMAVAANYELS 1] EMOXEG, PEATIOVOVIAG TNV IKAVOTTA
TOU HoVtéAou, péXpt n Siadikaoia va Sraxkormel armo KAOo KPthpto (yia mapddeiypia péyiotog
ap1B10g emoYX@V 1 TIOAU P1KPO opAApa).

H napapetrpog tou pubpou eknaideuong otnv kaBodo kAiong eival mMoAU onpaviikn ya
Vv eknadevtikn Sadikaoia. Mia Pikpr) Tr Propel va Kabuotepr|oetl Ty oUYKALOT TOU
poviédou, 1] Kat va Pnv oUyKAivel Ot av 1 eknaideuorn €xel EPIOPIOPEVO APlOPO ETTOXGOV.
A6 Vv dAAn mAeupd, pia peyaldn T pubpou eknaideuong propet va o8nyrjoet 10 LOViEAo
OT0 va SEMmepAcel 1o EAAX10T0, 1 Kat va tadavievetatl Hetadu un BéAtiotwv Sfoswv. H ermdoyn
10U pubpovu exknaidsuong e§aptdtal anod ) euor Kabe rpoBAnpartog.

'Eva povtédo Badiag pabnong mpémnet va €Xel TV AAtoUHEVT] TIOAUTTAOKOTTA Yia va
propet va pddet ta potiBa rou epmnepiexovial ota dedopéva exknaidbevong. H Ymompooap-
poyn oupBaiver otav 1 moAurmdokotunta v dedopévev mpog exkmnaideuorn unepbBaivel v
AVUIANITUKY 1KAvotnta tou poviedou. H Ymeprnipooappoyr) oupBaivel 6tav 1o povieAo aro-
HVIHOVEUEL TV AN Pogopia ToU oUvoAouU exkrtaideuong, Xopig va diakpivel petadu xprotpumv
XAPAKTNPIOTIKOV Kat YopuyBou. '‘Otav £éva UnePTIPOOAPHOOHEVO HOVIEAD epaplidetal o vea
6edopéva anodidel oAU xepdtepa o oxEon e vV anddoon ToU KATd TV eKMAOEUTIKY)
dtadkaoia.

'Eva amdo napddetypa mpoBAnpdatev pocapioyrg rnapouaotddetat oto 1.5.

Underfitting X Balanced Overfitting

Ewova 1.5: Iapadeyua Yrompooapuoyng kat Yrepmnpooapuoyng [5]

H unioripooappoyr] ipokaAeital amo éva Poviedo mou Sev €xel apketo Pabog, kat pro-
pel eUkoAa va napatnpnBei otav 1o opdApa eivat peyddo tooo ota dedopéva exnaidevong,
600 kal ota dedopéva eAéyxou. H unepripooappoyr), and v dAAn, dev pnopei ndvia va
yivel avilAnm ano v enidoorn tou poviedou. XuvhOwg 1 £UPEOTIA TOU POVIEAOU Otnv
UTIEPTIPOOAPHOYT] £XEL OXEOT KAl HE TNV IKAVOTNTA YEVIKEUONG TOU.

Ot né€6o6o1 Kavovikoroinong otoXeUouv OT0 vd PEIOCOUV TNV EMSPAon NG UIEPIIPOOa-
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poyrg. Katd ) Sidpkela tng eknaidbeuong, pia mowr) mpootibetal otn cuvAaptnon anoisiag,
He oto)0 MV peiwon tng urnepBoAikng rmoAurdokotnrag. Ot 6o 1o ouyvol TPorot Kavo-
viKoroinong eivat n kavovikoroinon L1 kat L2. Zwnv L1 (Lasso) kavovikoroinorn o 0pog
M Z{V |w;| mpootiBetar otnv cuvaptnon anwieiag. EvBappuvel apatoug mivakeg Bapav, pe
1a neprocotepa Pdpn va yivoviat 0. Ot veupaveg Teivouv va XP101110II010UV 11OVO €va 1EPOG
10V £10080V TOUG, TOU AVIIOTOLXOUV OTI§ IO ONUAVIIKEG £10080U¢ yla v gpyaoia, pe a-
rotéAeopa va vrndpxet avhekukonta oto Sopubo. v L2 (Ridge) kavovikoroinon o 6pog
o Z{V |w;?| pootiBetat otnv cuvaptnon anoietag. EvBappuvel pikpdtepeg TiéS Bapdv kat
Vv aglornoinon 6Awv tev e1068mv.

O1 1€60601 KaVOVIKOTTIOINOoNG HEWWVOUV TNV UMEPIIPOCAPHOYT], BeAtidvoviag v enidoon

Kat ) otafeponia 1@V POVIEA®VY.

1.3.2 ZuveAwktura Neupovika Aiktua

Ta xAaoowkd TNA €xouv meploplopévn Xpron oe epyaoieg 'Opaong YoAoyiotav, Kabwg
dev €xouv v anartoupevn) MOAUAOKOTNTA Yia thv ene§epyaoia eikovev. Emiong ennpeddo-
viat arnd eawvopeva UTIEPIIPOCAPIOYTG HE TV aUnon TV KPUP®V EIMIESOV ITOU ouvrBng
arntatteital oe epyaoieg ‘'Opaong YoAoyiotmv.

Ta Zuvedikukd Neupeovikda Aiktua (ENA) (1.6) eivatl éva €ibog veupovikewv SiKTUmV &-
Hrpoobiag 1poPodotnong rmou e§AyoUV XapaKINPoTiKA ard Sedopéva Xproiornoimviag ou-
veAiktikég 6opeg [18]. 'Exouv oxedlaotel kuping yia xpron ot epyacieg '‘Opaong YioAoyiotov.

Ta kUpla mAeovektpata toug, o oxéon pe ta TNA eivar:

e Torkég ouvdéoelg

e Awapoipaocpog Bapov

e Meiworn Slactdoemv péowm unodsiypatoAnyiag

convolution w/ ReLu  pooling convolutionw/ReLu  pooling pooling fully-connected

Hw
6 BB BBy of

input \—'—/ output

convolution fully-connected
w/ ReLu w/ ReLu

Ewova 1.6: INapovoiaon wag aning apxitektovikng Zvveiuktikov Nevpawvikou Atktuou [6]

'Eva turmké INA éxet 3 Baowka £idbn erunédwv [6]: 1o eminedo ouvéAEng, to erminedo
unodetypatoAnyiag Kat 1o mAnpweg ouvoedepévo erminedo.

To erinedo ZuvEAEng urtoAoyidel 10 YIVOHEVO PETAdU TV erUEdmv Bapav Kat tng e106dou,
orwg @aiveratl oto 1.7. O1 mapdpEeTPol IOV EMITESDV AVTIIOTOLXO0UV OE OUVEAIKTIKOUG TTUPI)VEG,
exntaideudpeveg 6o11€g PIATPOV e MIKPOTEPES XWPIKEG O1A0TACELS, TTOU epappiodovial oe OAn

Vv €000 yia va Snpioupyrnoouv £va XAptn EVEPYOITOiNoNGg, EMONIAVOVIAS OUYKEKPIIEVA
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1.3.2 Zuvedikukd Neupovikd Alktua

XAPAKINPELOTIKA TG £10060U. Zuykpivoviag pe ta TNA, o1 veupiveg TV ZUVEAIKTIK®OV AIKTUGV
ouvdeovtal e pia PIKPn TEPLOXY NG £10060U, TTIOU avadEPETal @G T0 avtlAnmuiko nedio tou

VEUp®VA.

Element-wise

12(15|21] o | o Accumulate

multiply
0 | 1.0 1.0\ 1.0 0 | 1.0 53] 35 | 51
o | o |10f10]10 0 (10| O 20 | 40 | 3.0
o |0 |10[10]| 0 10| 0 |10 20 | 3.0 | 40

0 1.0 | 1.0 0 1]

Convolved

Image Filter feature

Ewova 1.7: INapabetypa Zvvéing [7]

Ta ouvedikukd ermineda BeAtiotonolovvial pe Tig urepnapapérpoug Pabog, Prpa kat
véptopa. To BdBog avadépetatl otov aplBpod TV veupmdvev Iou ouvdéoviat pe v ida re-
ploxr] tng €10060u. H peiwon tou Baboug odnyel oe onpaviikn Peinon 1oV ApapEIpeV VO
poviédou, adAd prnopel va ermgépel peiwon g emidoong. To Bripa avagépetatl otov aptdpo
£1KOVOOTOIXEI®V Y1a TOV OIToio PetaKiveital 10 OUVEAKTIKO @iAtpo petd ard kabe mpddn, kat
ernpeadet g dHraotacelg 10U TEAKOU XdAptn evepyoroinong. To yépiopa edpappoddetal otig
AaKpeg NG €10060U, OUVNOWG PE PNOEVIKEG TIHEG, PE OTOXO TOV €AEYXO TOV d1a0TACE®V TNG
£gobou.

Ia kabe dractaon g €10060u, 1 avtiotoiyn diaotaon g £10660U prnopet va Ppebet armo

TOoV TUIo :
Wi, — K+ 2P N

S

orou K eivat i avtiotoiyn 8iaotaon tou ruprva tng ouveéAgng, S eivat n avtiotoixn diaotaon

Wout = 1 (1.8)

ToU PBrjpatog Kat P eival n tipn yepiopatog.

To enine6o unodetypatoAnyiag epappodetal otg Xwpikeg Siaotaoelg g e100dou, Xpn-
OlpoIIOIOVTIAS pia SEYHPATOANIIIKL] OUVAPTNOY Onwg 1 péylotn 1 n péon tpr. 'Eva ma-
padetypa napovolddetat oto 1.8. Zta neploodtepa ENA xprotponoteitat 1 6y ATOANITUKI)
OouUVAPTNOL TOU PEYI0TOU, Pe TUPnVveS 2 X 2 va epappodoviat oty eicodo pe Pripa 2, kApa-
K®OVOVIAG TNV ApX1KY €1KOVA OT0 £va TETAPTO tG. QG GEVHATOANTIITIKEG CUVAPTIOELG PITOPOUV

va xpnotpornonfouv Kat p€00dot1 KavoviKoIoinong.
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Max Pooling Average Pooling
29 | 15 | 28 | 184 31 | 15 | 28 | 184
0O |100 | 70 | 38 0 100 | 70 | 38
12 | 12 2 12 | 12 i 2
12 | 12 | 45 | 6 12 (12 | 45 | 6
2%2 2x2
pool size pool size
Y Y
100 | 184 36 | 80
12 | 45 12 | 16

Ewova 1.8: Ilapabetypa vrobsryparoinnurav Asttovpytov [8]

Ta ITAfpeg Zuvdedepéva Enineda meptEéxouv veupmveg Tou ival mukva ouvdedeévor e
TOUG VEUP®VESG TOV VELTOVIKWV eMmIEdwv, napopotddoviag tig ouvdeoelg evog TNA. ZuvrOwg
Xpnowaoroouvial ®g erirneda e§6dou oe epyaoieg tagvounong.

Extog and ta kupla smnineda, pnopouv va rpootefouv kat dAAa Aeltoupylka smineda
OTNV apPX1TIeKTOVIKY Tou XNA.

To entitiedo kavovikorioinong raptidag [19] eivat pia péBodog KavoviKoToinong rmMou JIo-
pet va emrayuvel v diadikaoia ekpabnong. Xprnoipornolouvial yid va KAVOVIKOITO)CoUv

T0UG XApTeg evepyoroinong kabe naptibag. Ta pia maptiba x, to emninedo da dwoet £5060:

%= X~ HB (1.9)

[ 2
ogte
e tov péoo Kat v diakupavor va urnoloyidoviat:

m

1 2
He = Q% o
mia

1 m
— " i - ) (1.10)
m i=1

H e apyxwkoroleital pe pia pikpr Tipn ya va anodeuyOei n Siaipeon pe O.

H texvikn andppwypng [20] Sradéyel tuxaia €va OUYKEKPIIEVO TTOCOOTO AIO TOUG VEU-
PAOVEG, e TIG OUVOEDELS TOUG va aroppirntovial aro 1o diktuo. Ta emineda amoppiyng pet-
@WVOUV ONAVIIKA TV UTEPITPO0APIOYT Kt eivatl rmo arnodotikd o ox€orn pe dAdeg pebodoug

KAVOVIKOIoinong.
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1.4 YroAAewppatukd ZuveMkukd Aiktua

VGG-19 34-layer plain 34-layer residual
image image image
sutput pool, /2
size: 112 33 conv, 128
[3@conv,128 | [rconv.ea, 2| [naconvea 2|
autput pool, /2 pool, /2 pool, /2
utpu
236 3G cony, 256 | [ secome | I
[ 33256 | [ 3scoves | 33 cony, 64
v v
[ 33comv2s6 | [3scoves | [ 3aconv, 64
[ 33conv, 25 | I [ 3x3conv, 64
I [ 3aconv 64
v v
33 conv, 64 33 conv, 64
ot pool, /2 [3xconv, 128,72 [Coowimi |
outpu
S22 G cony 512 | [ 6oz | [ 3cony, 128
2 L 28
[33comvs2 | [ 3o | [ 3x3conv, 128
[CGRomwsz ] [CGrows ] S on, 128
[CGReomwsnz ] [CGrows ] [8ow8
v v
33 cony, 128 33 cony, 128
[ 3@cwnv,128 | [ 33 conv, 128
3G conv, 128 313 conv, 128
ot pool, /2 [(33cow,256,/2 | [
[Geewsz ] [Geewss ] [
[ 38wz | [ 33cov,256 | [ 3x3cony, 256
v v v
333 conv, 512 313 conv, 256 333 conv, 256
[ ] [ ] [
[33convs | [3aconv256 | [ 33 conv, 256
313 conv, 256 343 conv, 256
[Geewss ] [oemwzs
[ 33conv, 2% | [ 3x3conv, 256
[ 33cov, 256 | [ 33cony, 256
[ 33cov,256 | [ 33 cony, 256
[3acm2s6 | [ 33cony, 256
v
[3aom2s6 | [ 33conv, 256
v
ouot pool, /2 [3cony, 512,72 [xcony,512,/2_|
[ 3352 | [38comvsz | .
[ 3@cnvs512 | [ 3acony, 512
38512 | [ 33cony, 512
[ 3@convs12 | [ 33 conv, 512
v
33 cony, 512 33 cony, 512
ouot fc4096 avg pool avg pool
[ fc 4096 ] [ fc 1000 ] fc 1000

fc1000

Ewova 1.9: Apyitektovikn tou poviéjlou ResNet34

1.4 YmnoAAsippatikd ZUVEALRTIKA AlKTUd

To BAaO0g TV CUVEAKTIKGOV VEUPOVIKGOV SIKTUMV £lval ONPAVIIKO yid TV midoor TV J10-
VIEA®V O gpyaoieg tagivopnong eikovev. Qotooo, 1o Babog propet va 0dnyroet oe pawvopeva
etapaviong KAiong 1 ékpning KAiong, mou ennpedadouv apvnTIKA TNV eKnadeutiky dadika-
ola, pe v eniboon Tou POoVIEAOU va eKONA®VEL KOPEOHO 1] Kal Peiworn. AUTO TO QAIVOHEVO
UTtoBAaO1IoNG UTIOSNAMVEL OTL 1] TTPOCEYY10T TAUTOTIKOV XAPTOYPAPI|CEDV aItd TIOAAATIAA 1N
Ypappika erineda priopet va etvat duokoAn yia ta diktua. ZuvnBwg ta mpoBArpata avtd
avipeIeidoviav pe enapKog PIKpoug pubpoug pabnong, KavoviKOMOUHEVT] ap)XKOTIOln-
on Vv Bapov 1 kat eviidpeoa emineda kavovikoroinong. a v BeAtioon tng snidoong
10V Bablwv Zuvedikukov AKtUev, ol ouyypadeis tou [21] mpoteivouv tnv avadiapopdpe-
on eV ermrEdev oUVEARNG KOG eKIAdeUOIEVES UTTOAAEPIPATIKEG OUVAPTLOES AvaAPEPOEVES
oto emtinedo €10060u. Me v umoAAeppatiky pabnorn, av n TaUTOTIKY XApToypadlon evog
ermriedou eivat BEATioty, 1ote ta Papn tou da napaBAinovial, ArOKIOVIAG PNOeVIKn TIPD.

'Exovtag évav apiOpo otoBaypévev srurnedov kat myv srmbupnt xaptoypagnon H(x)

TIPOG MPOCAPHOYT], TO OTOBAYIEVO 1IN YPAPHIKO ertiredo 9a mpooaplootel ot Xaptoypadn-

AitAeopatxny Epyaocia m
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on F (x) := H(x) — x, Sswpwvrag ot eicodog rat £5060g £xouv tg ibieg Sraotaceg. H apyiky
ouvapton yivetat F(x) + x. H vloroinon propel va yivel Xpnotpornoioviag ePnpoocoieg
ouvdeoelg MapAKapyng, mepveviag évav aplBpo amno emineda, xwpig va mpootiBevial ma-
papetpot oto diktuo. H apyrtektoviky] ResNet-34 niapouoiadetat oty eikova 1.9.

Ta vnoAAeppatika diktua BeAtioTornolovvial rmo €UK0Ad, CUYKPIVeOpeva pe Siktua ma-

popotou Baboug.

1.5 IIAnpwg ZuveAlktikd AiKtua

Ta mAfpeg ocuvedIKTKA Siktua [2] emekteivouv 11§ 1kavotnteg tov ZNA ot onpacioloyt-
KI] KATATHNOT). TS EPYAOIES ONPLACIOAOYIKIG KATATHINONG, TO00 TOTIKEG, 000 KAl OUVOAIKEG
rAnpogopieg naidouv podo ot emidoon tou poviédou. Me v €§aywyn Xaptoypadrosmv
XAPAKINPIOTIKGV a1to roAAard emineda, ta MANp®g ouveAlKtika Siktua priopouv va cuvdu-

alouv Babiég, adpég onNacioAoyIKEG TANPOPOPIES e PNXES, AETTIEG TTANPOPOPIEG EPPAVIONG.

32x upsampled 2x upsampled 16x upsampled 2x upsampled 8x upsampled
prediction (FCN-32s)  prediction  prediction (FCN-16s)  prediction prediction (FCN-8s)

poold
prediction

pool3
prediction

image pooll pool2 pool3 pool4 pool5

Ewova 1.10: Or peig Baoikeg apyitektovikeg tou I1Anpoug Zuveiuctucov Aiktuou

H 6oun evog IMAnpwg Zuvediktikou Awktuou (IIZA) mapouoidletat oto 1.10. ZuvhOwg
éva ITXA ypnowporotei éva Babu ouvedkuiko diktuo wg okedetd. To Hiktuo tou okeAetou
evowpatovetal oto [IXA xwpig teAko emninedo ta§ivopnong. Zinv €506o pa cuvéAgn 1 X 1
pe iwdotaon kavadiou ion pe tov ermbunnto apldpo g epyaciag akoAloubeital anod éva
erinedo ano-ouvéAEng e otoxXo v petatportr) g adprig e§d6dou oe £§060 e1kovootoyei®V.
H apxitektovikn avt xpnoworotet éva Prpa 32 ewkovootoyeiov kat ovopdotnke FCN-
32s. Ta mv BeAtiwon mowdtntag g ekovag £§06ou, ermutAéov ouvbEoelg pe mponyoupeva
erineda adlorow)Bnkav, pe rmo Aertd PBrpata. Ot mo nepindokeg apXITEKTOVIKEG eixav

KaAutepr eniboorn anod to FCN-32s 1600 1o1otikd 600 Kat IoCoTiKA.

1.6 Movtéda Awaxuong

O1 Baokeg 16éeg, mMAve ot oroieg otnpixOnkav ta poviéda diayuong elorxOnkav aro
toug ouyypadeig tou [22]. Ta povieda autd akoAoubouv pia Siadikaocia epmpoobiag draxu-
o1g Katd v oroia elodayetat otadlakd 96puBog otnv apy1KI) 1KOVA, PLE OTOXO TV PETATPOI)
NS APX1KNG KATAVOHIG O€ Plia KaTtavopr) YVOOoTng CURIEPLPopag, Kat pia aviiotpogpn dradi-
Kaoia yéveong, oty oroia to poviédo pabaivel v Siadikacia avaoxnpatiopou g apXiKng

ewkovag. H dadikaoia Sidyuong napovoiadetat oty swkova 1.11.

m AinAeopatxny Epyaocia



1.7 Avuxkpouodpevr Mdabnon

pGXt1|Xt
@ @H H

Ewova 1.11: Iapouvoiaon g Sadukaciag avacynuUatiopoy g apxikng movag ano £va
6ixtuo Swayvong [9]

H egpripdodia siadikaocia xapaxrtnpidetat anod v e§iowon :
T T
axirixo) = | [ atxdxen) = [ [V V1= Bixer. BD) (1.11)
t=1 t=1

eva 1 avtiotpodn Sadikaoia yapaxkinpiletal and v e§lowon :

T T
Po(xor) = pxr) | | poxi-1lx) = pxr) | | Nxeo1s pa(xe, 0, Ba(xe, 1) (1.12)
t=1 t=1

H ouvdaptnon anwlelag mou xprnotponoleital yia v eKnaideuon tou diktuou sivat:

Lvig = Dxr.(q(X¢-1[X¢. Xo0) || po(X¢-11X¢) (1.13)

1.7 Avtirpouopevn Maénon

Ztoxog g Avukpouopevng Mabnong [23, 24, 25] eivat ) pabnon 6powv/avopoley xa-
paktnplotkev arod dedopéva tadivounpéva oe avtiotolxa (euyn. Baoiletat otnv unodbeon
OTL Ol OJ0lEG TIAPAOTACELS TIEPIEXOUV MMANPOPOPIEG TIOU £ival KOVIA HETAEU TOUG, EVR OTIg
avol01eg MAPACTACELS O1 TTANPOdOopieg arexouv petadu toug [26]. H avukpoudpevr padbnon
propel o €UKoAa va eviortioel oXeTi{Ol1EVA XAPAKTNPIOTIKA KAl OPO10TNTEG KAl va aropa-
KpUvel avopoleg mAnpogopieg. 'Eva mapddstypa Avukpoudpevng pabnong rapouotadetat

otV ekova 1.12.

Yuvribwg 1 avukpououevr pabnon ocuvbuddetal pe enavinon debopévav, aglomoioviag
X®PIKOUG KAl XPOUATIKOUG PETACKNHATIONOUS Y1d TNV EVIOXUON TOU apX1KoU oUuvoAou 6edo-
Bévev, BeATiwvoviag v avioxr) ToU HovieAou o Siapopororjoets. Eva §iktuo kwSikormou
Xpnowornoteitat yla i) dnpoupyia g Xaptoypdpnong T0U enausnévou ouvoAlou, Kat ot
OUVEXELD HIE TI] XPNOI €VOG H1KTUOU TPOBOANG HETATPETETAL O Pid ATIEIKOVION AlyOTEP®V
Sraotdoswv. H avuikpouopevn Sadikaoia exteAeital oe autd 1o eminedo, rou ovopadetat e-

redo eVvoOPatOPEVEOV IANPO(OPIXV, HE T XPH 0T Hlag KATAAANANG ouvdapTnong arwAslag.
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......................................

®

T Contrastive Learning

’—>SJm:!amy<—‘

Original Samples

Ewova 1.12: Mwa aneikovion tou tponou fleitovpyiag tg Avtikpouduevng Madnong [10]

1.8 IIpocappoyr IIediou rat 'evikeuvon Iediou

H petagpopd otul otoxeuet oto va fonbroet éva povieAo prXavikig padnong va petapepet
Vv anoktndeioa yvoon anod éva apXiko nedio o €va ouyyeviko. Mia amod tig o yVOoTEg
pebodoug petagpopdg otud eivar n pébodog fine-tuning, katda v omoia éva npoexknaldeu-
Bévo poviedo exknaldevetal OTOXEUPEVA Y1a TV IIpooappoyn o éva egeidikeupévo nedio. H
[Tpooappoyr) IMebiou arotedei éva £i6og petadpopdg otud, pe v unobeon Ot petady v
dlapopitikov nediov aAddadel povo n mAnpodopia mou oxetidetat pe 1o otud [27]. Ztoxeuet
oto va perptdoet 1o npoBAnpa g addayng rediou petadly nnyrg Kat rpooptopou. [12].

H T'evikeuon ITedilou amotelel nepimwon g ipooappoyng nediou, otnv oroia dev eivat
YV®OTO 1o 1edio oto oroio 9¢Aoupie va mMPooappocoUPE T0 APXIKO. XT0X0G TG YEVIKEUONG
niediou eivat n) BeAtioon g IKAVOTNTAG YEVIKEUONS TOU 0UVOAOU ekmtaibeuong os ortoladrmnote
OUVONKD, Kal £Xel TTIOAAEG PAPPOYEG OTNV AVAYVOPLOT AVIKEIPEVOV, OTNV ONACI0AOYIKI)

KATATPN o1 Kat v autévopurn odrynor).
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Ke¢paldairo E

IIpoocEyyion

2.1 XZxetkn BiBAwoypadia

2.1.1 Fourier Domain Adaptation (FDA)

H 1é6o6og FDA [14] eivar pia pébodog nui-eruBAenopevng npoocappoyng rnediou, mou
Baoiletal otnv gAayxiotornoinon tng eviporiag. H diariotwon 611 10 Peyadutepo HPEPOG NG
(POTOPETPIKLG TANPodopiag plag ewkovag Ppiloketatl oto rnedio xapnA®v ouxvotHteVv aro-
T¢Ae0e TO KIvNTpo yia auty ) pébodo. Avukadiotdviag autd 10 eUPOG CUXVOTNTI®OV HE TIG
ouyvotnteg tou rediou rmou J€Aoupie va mpooeyyiooupe Popoupe va PetadpEpPoupe ouoindn
nAnpogopia oto nedio eknaidbevong. H péBodog xpnoporoiet tov adyopibpo FFT yia va
urioAoyioet Tov petacnpatiopd doupté tng e1kovag £10060u, Kal ot ouvéxela aviikabiota
TIG OUXVOTNTEG XAPNAOU MAATOUG HE TIG AVTIIOTOIXEG OUXVOTITEG ATTO £1KOVA TOU OUVOAOU ITPOG
MPOCEYYIoN. XTO TEAOG I apXIKI] £1KOVA AVAKATAOKEUAJETAl PE TOV AVIIOTPOdO PETACKI-
patiopo Poupteé. Mia apdpetpog B XPNOHOMOIETTAl ©§ OP10 Yid TV £MMAOYI TOU €UPOUG

avukatactaong. H pébodog mapouoialetat oty eikodva 2.1.

Source Image

Inverse FFT

Target Image

Source Image in Target Style
FFT

Ewova 2.1: O afyopiduog FDA

H exnaibevon) yiveratl e T1g avaKATAOKEUAOEVEG EIKOVEG KA TIG APXIKEG TOUG EMTIONHEL-

WOoELS.
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2.1.2 The Saliency-balancing Location-scale Augmentation (SLAug)

H pébobdog Saliency—balancing Location—scale Augmentation (SLAug) [28] ouvduddet
TOITIKY] KAl OUVOAIKY eraugnorn g ewkovag. Ilponyoupeveg pébodot epdappolav petaoyn-
HaATIopoug €ite 0TO OUVOAO NG €1KOVAG £1T€ Og THNHATA TG, XOPIG KAmola aAAnAenidpaon
HETAdU TRV TOTUKOV XAPAKTINPIOTIK®V J1E TV CUVOALKT] £1KOVA, KATL ITOU £1XE apVvITKT) ertidpa-
o1 OV IKAvVOTNTa YEVIKEUONS TV HOVIEA®V. AUTH 1) o 0AoKANpepévn néBodog eravinong
ouvduddetal pe évav pnxaviopo e§100ppOnnong g Katavoung KAiong.

H enavgnon oto emninedo neploxrig yivetat oe §vo tprjpata. H nmaykoopia enavgnon oto
erirnedo nieploxr|g (GLA) eraudavet 11§ 1kOveg IOV £lval Imo KOvid Oto ap)1Ko nedio, xpnot-
porowwviag pila raykoopa petaBodn mg katavourng toug. H kuBikr) kaprmudn Bézier [29],
pia opadn KAt povotovr) ouvAaptnon, XPNOHOIIoE(TaAl Yid TOV 1] YPAPHIKO PETAOXIATIOHO
g ewkovag. H ouvaptnon deopevetal and v peyotn (Vhigh) Kat edaxiotn (view) Tar g

TIEPLOXNG EIKOVAV.

Bézier(t) = 33 (1 = )°t"™*, t € [Viow. Lhigh], 2.1)

orou t etval pia KAaopaukn tan, Py = (Viow, Vlow) KAl P3 = (Uhigh, Uhigh) €tval ta apxika
Kal TeAIKA Oonpeia ylua tov ImEPLoPopo ToU €Upoug TNV Kat Pp, Py eival ta onpeila eAéy-
XOU, Ot Ti1ég TV oroimv dnuioupyouvial tuxaia oto [View,Uhighl. IIpwv v emavdnon, n x

Kavovikortoleitat oto €upog [0, 1]. H GLA pmopei va rieptypaget :
GLA(x) = aFo(x) + B, (2.2)

orou a ~ TN(1, 01), B~ T N(O, 02) eival mapayovieg erirédou meploxng Kat o, 0z £ivat ot
TUTIKEG ATIOKAIOELS TV SU0 AMOKOPIEVEOV KAVOVIK®OV KAtavopev. Xprnotporoioviag 1o o,
n mbavotnta g aviotpopou eivat pndév wote va draocpaliotei ot ta detypata GLA €xouv
nmapopold ERGAVIOr HE TIG APXIKES EIKOVEG.

H torukrn enavgnorn oto erinedo neproxrg (LLA) AapBdvel T1g SeX®PI0TEG TIEPIOKES EITL-
nédou KAAonNg g ) povada enegepyaociag kat epappodet ov petacnpatiopo. Ot enauvdn-

Héveg meploxég ouvdualoviat ypappikda. H diabdikaoia avtr) propet va avanapaotadet:
LLA(x, m) = X5, acFp.(x°) + B (2.3)

orou a. ~ TN(1, 01) xat B. ~ TN(0, 02) eival mapayovieg erurnedou neploxng. Ia oAeg tig
KAdoeig tibetat p. = 0.5 yua va epappootei tuxaia avuotpogr), pe egaipeon v p; = 1 yua
va Saopadiotel ot o1 eraudnuéveg eikdveg tou LLA Sa sivar avopoieg pe ta Seiypata tou
GLA.

H ovprtugn pe Baocet v €§100ppOnon v XapaKtplotiK@V OTOXEVEL OTO va S1atnprjoet

T1G TIEPLOXES He Peyaldn KAlon, KaBwg autég urodsikvuouv MAnpodoplaky euatobnoia.

2.1.3 Channel-Level Contrastive Single Domain Generalization (CCSDG)

To xup1o mpoBAnpa tng I'evikeuong Evog IMediou eival SuokoAia yevikeuong oto mnedio-

OTOXO, TIOU IIPOKAAgital armod TV UMEPTIPOOAPHOYL] T®V HOVIEA®v oto mnyaio medio. H
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2.1.3 Channel-Level Contrastive Single Domain Generalization (CCSDQG)

1€B6odog CCSDG [30] vldormolel pla MPOCEYY10n AVIIKPOUOHEVIS PABNoNGg yia va emrtuyxet
KaAutepn enidoon ouykpivoviag pe dAAeg pebddoug. Xpnowponoldviag ta mo pnxd xapa-
KINPLOTIKA TOV APXIKOV EIKOVOV KAl TIS aviiotoixeg e1koveg rmou exouv dexBel ermauvinon to
TUNHPA AEPTAOKNAS XAPAKINP1oTKOV KavaAiov (Channel Feature Disentanglement) pafa-
tvel va Slakpivel petadl Xapakinploukov oXeti{opevav te ) Sopn g £1Kovag, ta oroia
bev petaBadAdovial ota adda media KAl XAPAKINPIOTIKGOV U OXETLOPEVOV Pe T 6ourn g
£1KOVAG, TA Oroia €ival XapaKInplotKA eyyevr] oe KaBe medio kal 6ev ouvelopEpouv otnv

IKAVOTNTA YEVIKEUOTG TOU HOVIEAOU.

Sl
Q

A

Share|Parameters

]

gseg

[ Convolutional Layer |«—| Convolutional Layer |

—a N
o {y‘!’?}nzl

(c) Segmentation Backbone

D
Q

(a) Style
' Augmentation

(b) Contrastive Feature
Disentanglement

(a) Original Image (v) FDA transform

(8") LLA transform (€) GLA transform

Ewova 2.3: Iapabdetypa e§obou tou tunuatog emavénong 6e60UsveU, XPNOUOTOIOUTAS Uia
gikova amno 10 ovvojlo dedousvov SYNTHIA [11]

H 1é6obog autr) xpnotpornotet

o 'Eva PoviéAo OKeAETO Y1a TV KATATHNOT] TG EKOVAG

e 'Eva tpfjua enavgnong otul (StyleAug) rou Snpioupyet S1apoporofjoelg ota oTul Tev
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£1IKOVOV £10060U

e To Tunpa anepmnAoKng XapaKIPloTKOV KAVAAI®V TTOU EKTEAEL AVIIKPOUOHEV NAONOoN
PETady OV XapaKIPIOTIKOV TOV EIKOVROV 100600, ta oroia s§dyovrat and éva cuvelt-

KTIKO €rinedo, Kat 1oV aviiotolov XapaKINploTK®OV TOV EMAUSHEVEV EIKOVEV

H apyxttektovikr) tou CCSDG napouotiadetat oty eikoéva 2.2, To tprpa enauvinong otud
Xpnotpornotel mpooeyyioelg onwg ) 610pOwon g mapapérpou yappa Kat v €10ay®ynH
YopuBou amo 1o [31], Toug petaocxnpatiopoug Kapruing Bézier ano to [28] kat v avuka-
1dotaon THNPATEV XAPNAGV ouXvothtev aro 1o [14] yia va Snuioupyroet 1pelg enauinuéveg
naptideg and kabe maptida €10660u yia v aviikpoudpevry pabnor).

Hapabdetypa g €€660uU toU THNRATOG £rTAUENONG OTUA TIapouctaletatl otg e1koveg 2.3

To tufjpa anepmAoKng XApAKINPIOTIKOV KAVAAI®V XPNOTHOIIOEL £va GUVEAIKTIKO erinedo
yla va e§ayetl amno g e1KOveg £10060U KAl TG EMAUSTHEVEG EIKOVEG, XAPTEG XAPAKTNPIOTIKMV

64 xavaAiov. Me ) Xprjon Piag MPoTPenTiKg pdokag P € R2X64

, 1 ortoia €xet1 ounbel wote
va opotadet pe Stdvuopa Suadikev otoxeinv. KABe XAPTNG XAPAKTINPIOTIKOV draxwpiletal os
pia avanapdoctaon otul fgy Kat pila avanapaoctacn 6oprg for. I'a v aviikpouodpevn ex-
naibeuor), 01 avarapaotdoelg OTUA PETASU APXIKGOV KAl EMAUSNHIEVOV EIKOVROV AVAPEVETAL va
elvatl avopoleg eve ol avanapaotaceslg Soung avapévoviat va givatl 6poieg. AUoO oUvapTrOElS

anwlelag €xouv oxedlaotet:

{ Lsr = X 1Proj(fs,) — Proj(f&,)| (2.4)

Lsty = = 2 IProj(fg) — Proj(f).

OToU 10 ° ava@Epetal OToug XAPTES XAPAKTINPIOTIKGY TG £10060U Katl 1o ¢ avapépetat
OTOUG XAPTES TV ermaudnuévav ekoveav. To &iktuo mpoBoArig Proj, pe napdpetpoug 8P,
Hewdvel TG H1a0TACELS TOV XAPTOV XAPAKINPIOTIK®V Yld TV avilBetikn) pabnon.

Ot avarntapaoctacelg dopfig tpododotouvial oto PoViEAo-OKeAETO Katatpnong 8°9 yia va
napagouv tig mpoBAéwets. Me auto tov tporo, Katd v eknaideuon 1 Lgey eAaxiotonoteitat
yla v BeAuioronoinon tou {8°, P, 8%}, xat n L + Ly eAaxiotonoteitat yia v BeAtioto-

rnoinon tou {P, 87}.

2.1.4 DiffuseMix

H 1€6060g DiffuseMix otoxeuet otny enauvinon debopévav péom evog poviédou didaxuong,
yla v evioxuor) evog apX1kou ouvodou Sedopévev. H enavgnon towv elkévov akodoubet tpia
Brnata: dnuoupyia, cuvéveon kat Pigh e ermdeypéveg e1kOveg @paxtad. Mia rmapouoiaon)
10U aAyopiBpou mpouctddetal oto 2.4. Y& MPWIO OTAd10 €va MPOEKMAISEUEVO oviedo Ot-
axuong dnuioupyel moikida Selypata amno g apyKeS 1KOVEG, 08nyoupevo anod pia emAoyn
MPOTPEITUKAOV Aé§e@v. XTr) OUVEXELA Ol €1KOVEG TTOU SnpoupynOnkav ouvbudlovial pe tg
APXIKEG, XPIOTHOITOIOVIAS £va CUVOAO PAOK®OV ITOU CUVEVOVOUV £va TUHIA TG Piag e1kovag
€ TO TUNPA TTIOU ATTOPEVEL ATIO TNV AAAn), £101 MOTE 1] TEAIKI] £1KOVA va aroteAegital anod duo
P04 TOV apX1KeV. XT10 TeAeutaio Brjpa r ouvevopévn €1KOvA avaplyvustal pe pia tuxaia

€1KOVA ATT0 £€va OUVOAO QUTO-O010V @PAKTAA.
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2.2 MebBodoloyia

A
Generated Images ],

Final Image Aijuv

Generative

!

P- Snowy, Mosaic, Sunset,
= | Watercolor art,..., Autumn
Set of Prompts

M={.§OGQ} Mask M.

Set of Masks Set of Fractal Images

Ewova 2.4: H apyuextovikn DiffuseMix

Autn 1 ipoogyyion dtatnpel ta Bacikd XapakIinplotikd g apXKNG E1KOVAG KAl TIApEXEL
) oupgpalopevn MANPogopia Mmou arnatteital ya mo euotoxn enduvinorn. Xto BApa wng
dnpoupyiag ewkovev Ypnowporo|fnke 1o poviédo InstructPix2Pix [32]. To ouvolo twv
IIPOTPENTKAOV AECe®V eMAEXONKE YA TNV YEVIKE TOU QUOT KAl TV PKPL [tapepBoAr) toug e

1 Paoikr) dopr) 1V E1KOVEV (e1kOva 2.5).

Input image Watercolor Rainbow Sunset Aurora

Ukiyo-e Sketch with Crayon

SR [T

Ewova 2.5: Iapabeyua g e§odou tou povtéAou diayvong, Ue Ti¢ avtioToL(eS TPOTOETTIKES
Neeie

H 11¢6060g DiffuseMix anodeixOnke o1t eivat ikavr) va evioXUoeL TV IKAVOTITA YEVIKEUONG

tou ResNet-50, mapouoialoviag ouvernr) Bedtioorn tng enidoong oe 1oAAd cUvoAda Sebopévav.

2.2 MeOodoAoyia

2.2.1 ApX1KO 0UVOAO Scdopévav

INa v eknaibevon xpnowporowrjoape 1o ouvolo dedopévov SYNTHIA, éva kataloyo
anod €MMONPACHEVES EIKOVEG EIKOVIKOV AoTK@V TeplBarloviwv. Kdabe ewkdva eival eruonpa-

opévn oe eminedo ekovootoixeiou oe 13 kAdoelg. Anpioupyrjoajpe 1a oUVOAd €KOVOV yid
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Kepaldao 2. IIpoogyyion

Vv exknaidsuon kat 1ov €Aeyxo aro ta ouvola Sedopéveav SYNTHIA-SEQS, ta ormoia sivat
aroAoubieg E1KOVROV ATIO TE00EPIS TIPOOHOINOELS Bivieo, Ta omoia AapBdavoviatl ano ) oKormad
£VOG E1KOVIKOU autokvrtou. ErmAégape 1) OMNI-L okord yia ta newpdpatd pag. And ta
5 6wabéoa nepiBaArovia (Highway, New York City, Old European Town, New York City
(2), Highway (2)) 6npioupyrioape tpia ouvoda Sedopévav yia v eknaideuon anod to mpoto
niepiBardov, taipvoviag 800 tuxaieg ewkoveg amnod tig ouvOnkeg (DAWN, FOG, SPRING), kat
20 ouvola 6edopévav yla €deyxo amo ta unoAoirna 4 riepiBaiAiovia, niaipvoviag 240 e1koveg
aro 11§ ouvlnkeg (DAWN, FOG, NIGHT, SPRING, WINTER). Ot e1kOveg KAl Ol EUKETEG TOUG
HeTtaoxnpatiotnkayv ano 10 apyiko peyebog 1280 X 760 os péyebog 320 X 192, pe v ouvap-
won cv2.resize n oroia rapéxetat and mv PBAodnkn OpenCV ng python, pe mapapetpo
niapepBoAng v tpr cv2.INTER_NEAREST.

2.2.2 ZIuvoldo dedopévav eknaidsuong

Xpnowponowjoape 1o niposkratdsupévo poviedo DiffuseMix [33] yia va Snuioupyrjocoupie
enauinuéveg mapaddayeg v apyxikav dedopévov. Ta kabe pia anod ug 3 ouvorKkeg exmna-
16evong epappooaiie €va UrTOOUVOAO TOV MAPEXOPEVOV ATIO TO HOVIEAO MIPOTPEITTIKOV AETEDV.
Xpnoworojoape g generated eikoveg e§060u tou InstructPix2Pix [32] poviédou 8iaxuong
kat ug blended ekdveg mou eival 1o arotédeopa g PiENg TOV EIKOVOV IOU IIPOEPYOovIaAl

Arod T CUVEVROT] TRV APXIKOV EIKOVOV 1€ TG generated e1kOveg 1€ TUXAIEG EIKOVEG (PPAKTAA.

Xpnoworopviag pia ekova arnd 10 apXiko ouvodo dedopévav, napouoiadoupie g e§060ug
oTi§ €1KOVEG 2.6, 2.7, 2.8, 2.9

Ewova 2.6: Ilapaderyua Apxucng, Generated xkar Blended eobou euwcdvag tou DiffuseMix
UOVTEAOU e xpnon The Totpentiknc Aééne autumn

Ewova 2.7: Iapaderyua Apxucng, Generated xkar Blended efobou swxdvag tou DiffuseMix
UOVTEAOU e xpion ThE TOoTEeTtikY¢ AéEng snowy
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2.2.3 Movtédo Exnaideuong

Ewova 2.8: INapaderyua Apxucng, Generated kar Blended £fobou eucovag tou DiffuseMix
UovTEAOU e xpnomn g mpotperntikc Aé€ng sunset

Ewova 2.9: INapaderyua Apxucng, Generated kar Blended efobou sucovag tou DiffuseMix
UOVTEAOU e XPp1on g Tpotpentikng Aééng ukiyo-e

2.2.3 Movtédo ErnaidSsuong

To povtédo mou xprolpornorjoape ival pia TPOmonolnpevn €K600n TOU IPOEKIAldeU-
pévou fen_resnet50 rmou mapéxetat aro v PiBAobrkn torchvision.models. To poviédo
arotedeitat and éva okeldeto resnetb0 [21] pe évav taivount) FCN-32s [2]. TIpocappooa-
pe 1o poviedo wote va HexBel To TPNPA ATIEPMTAOKLG XAPAKINPIOTIKOV Kavadiov [30] petda
arnod 10 MPWTIO CUVEAIKTIKO £ITINESO TOU OVIEAOU-OKEAETOU.

Xpnowonojoape emniong to tunpa Projector, g pépog tng dradikaoiag aviikpoudpevng

pdabnong nou nieprypadetat oto [30].

2.2.4 Iapapetpolr Exnaidsuong

H Swadikaoia exknaideuong tibetat va diapket 120 eroxeg, pe péyebog raptidag ico pe 8.
O BeAnotonou)g Adam ermAéxOnke 1000 yla 1o poviédo, 600 Kat ya 1o turpa Projector,
He Tov puBpo6 ekpdPnong va tibetatl oty tpn 107% xat yua toug Svo BeAtiotorontés. Ta
oV BeATioTOnoUTr} T0U Poviédou ermAéxOnke @Oopd Bapav ion pe 1072,

To kpurpto 11_loss [34] pe v napdpetpo reduction va €xet v Tiar] mean XPnotlo-
oONKe yla v eKnaibeuon ToU TUHATOS ATIEPITAOKLG XAPAKTINPIOTIKOV KAVAALDV, OTIOG
oto [30]. Auto 1o kputrjpto urnodoyidet 1o Péco andAuto ohpaipa.

Ia v eknaideuorn tou poviedou emAéxOnke 1o kpur)plo CrossEntropyLoss [35], pe tig

npotelvopeveg rapapétpoug. H tpr) anwleiag yla kabe Pripa vriodoyidetat aro tov turno:

N
l exp(xn,y,)
(Y =) & b=—logog—— (2.5)
n=1 N c=1 CXP(Xn,yn)

orou X eival o apiBpog tewv kAdocenv kat N 1o péyebog g raptidag.
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Kepaldao 2. IIpoogyyion

Ta v agloddéynorn tou poviéAdou xprnotponotrjoape 1o kpturjpto Mean Intersection Over
Union, 1o oroio opietal ®g tn péorn tiyr diaipeong g Topng Petagy tng rmpobleyng Kat

MPAYHATIKLG ETIKETAG KAAOTG KAl TG £VROOTG TOUG.

_JAnB|
" JAUB]

J(A, B) (2.6)

Ma tov unoloylopo g HEIPIKNG Xprnowornoinoape v MulticlassJaccardIindex [36]
ouvaptnon g BBAodnkng torchmetrics, pie 11§ potevopeveg TIAPAPETPOUG KA AYVO®VIAG

NV ETIKETA TIAPACKVioU.

2.2.5 Exnaidcsuon

Exnaibevoupe 10 poviédo akoloubBoviag ta Prjpata mou neptypadoviat oto [30]. Zto
TuApa enavinong otud rapaBAénoupe v 510p0won TG APAPETPOU YAPHIA KAl TOUG PETa-
oxnpatiopoug Sopubou.

Kd6e enoyr) eixe 61apketa repirou 30 eutepdAermnta yia 1o ardo poviedo kat riepirou 120
deutepodertta yia to enavénpévo poviédo. Ta nepdapata exktedéotnkav oe riepiBaidov cloud
computing rmou napéxetatl ano g Amazon Web Services, Xpnolponoiwviag ©g EMTAXUVIL)
v NVIDIA A10G.
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Kegpalato B

IIeipapata Kait Tupnepaopata

3.1 AmnoteAéopata amno tnv eKnaideuvon tou Bacikou PHOVIEAOU

[Tpota eknaidsvoupe 1o poviedo fen_resnet50 xopig kamowa and g addayeg mou ava-
@epOnkav, ota ouvoda dedopévmv ou dnpioupynOnkav aro 1o poviedo DiffuseMix

Inpewwvoule g baseline v emidoor) ToU POVIEAOU TTOU EKITAISEUTNKE OTO APYXIKO GUVOAO
6ebopévav. Zinv otiAn ‘mode’ onuewwvoupe wg ‘gen’ tv Generated £§060 kat wg bl’ v
Blended £%060 tou DiffuseMix, pe 1ig aviiotoiyeg npotpertikeg Aégetg. Ot unddoireg otreg
AVIIOTO1X0UV OTa aroteAéopata eAEyXouU yia KaBe ouvOnkn tou nediou.

Mia niapouociaorn tng TiPng anwleiag Kat emidoong g eknaibeuong napouvotaetal otnv

ewova 3.1. H emidoorn kdbe ermmdoyng mapouoiddetat otoug mivakeg 3.1, 3.2, 3.3, 3.4.

Model loss Model accuracy

025

Loss.
MIoU

0 20 40 80 100 120 o 20 40 80 100 120

60 0
Epochs Epochs

Ewova 3.1: Awaypauua e anwisiag kat g pepikng MIOU otnv exkraibevon
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KepdAaio 3. Tepdapata kat Zuprnepdopata

New York City

Train Domain Mode DAWN FOG NIGHT SPRING WINTER
baseline 0.305 0.282 0.249 0.288 0.268
gen—autumn | 0.264 0.241 0.224 0.241 0.231
gen—sunset | 0.255 0.246 0.202 0.241 0.221
DAWN | gen—ukiyo-e | 0.256 0.232 0.209 0.245 0.228
bl-autumn | 0.243 0.215 0.184 0.218 0.193
bl-sunset 0.239 0.212 0.186 0.209 0.180
bl-ukiyo-e 0.247 0.231 0.189 0.235 0.208

baseline 0.255 0.293 0.190 0.252 0.265
gen—autumn | 0.219 0.236 0.155 0.217 0.213
gen—sunset | 0.171 0.223 0.126 0.178 0.178
FOG | gen—ukiyo-e | 0.232 0.250 0.173 0.257 0.228
bl-autumn | 0.194 0.218 0.113 0.197 0.179
bl-sunset 0.187 0.220 0.099 0.198 0.184
bl-ukiyo-e 0.197 0.225 0.128 0.219 0.193

baseline 0.246 0.254 0.200 0.265 0.252
gen—autumn | 0.221 0.219 0.196 0.242 0.248
gen—sunset | 0.221 0.226 0.165 0.226 0.242
SPRING | bl-autumn | 0.218 0.232 0.182 0.242 0.256
bl-sunset 0.206 0.235 0.177 0.224 0.240
bl-ukiyo-e 0.210 0.236 0.181 0.238 0.247

Table 3.1: Exnaibevon tou Baowkov povtéflov oto nedio New York City

Old European City

Train Domain Prompt DAWN FOG NIGHT SPRING WINTER
baseline 0.281 0.329 0.304 0.346 0.269
gen—autumn | 0.226 0.264 0.247 0.266 0.228
gen—sunset | 0.240 0.270 0.232 0.266 0.216
DAWN | gen—ukiyo-e | 0.221 0.263 0.238 0.265 0.226
bl-autumn | 0.186 0.209 0.192 0.221 0.175
bl-sunset 0.193 0.218 0.200 0.215 0.166
bl-ukiyo-e 0.210 0.248 0.229 0.250 0.205

baseline 0.244 0.331 0.224 0.290 0.264
gen—autumn | 0.224 0.272 0.201 0.262 0.219
gen—sunset | 0.197 0.231 0.162 0.181 0.173
FOG | gen—ukiyo-e | 0.217 0.281 0.218 0.282 0.222
bl-autumn | 0.193 0.227 0.165 0.211 0.170
bl-sunset 0.206 0.229 0.157 0.212 0.174
bl-ukiyo-e | 0.196 0.231 0.193 0.237 0.183

baseline 0.286 0.289 0.263 0.309 0.266
gen—autumn | 0.244 0.247 0.230 0.258 0.242
gen—sunset | 0.266 0.258 0.229 0.262 0.265
SPRING | bl-autumn | 0.225 0.216 0.208 0.241 0.208
bl-sunset 0.209 0.216 0.191 0.237 0.204
bl-ukiyo-e | 0.227 0.223 0.223 0.251 0.221

Table 3.2: Exnaidevon tou Baoucou povtéflou oto nedio Old European Town
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3.1 Arnotedéopata aro v eKnaideuon tou PacikoU POVIEAOU

New York City (2)

Train Domain Prompt DAWN FOG NIGHT SPRING WINTER
baseline 0.374 0.303 0.318 0.386 0.282
gen—autumn | 0.328 0.277 0.263 0.304 0.238
gen—-sunset | 0.323 0.251 0.216 0.295 0.197
DAWN | gen—ukiyo-e | 0.337 0.263 0.264 0.324 0.231
bl-autumn | 0.297 0.240 0.191 0.274 0.200
bl-sunset 0.303 0.248 0.215 0.269 0.183
bl-ukiyo-e 0.312 0.267 0.231 0.287 0.207

baseline | 0.316 0.358 0.257 0.358  0.289
gen—autumn | 0.264 0.308 0.220 0.335  0.255
gen-sunset | 0.252 0.297 0.201 0.303  0.211
FOG | gen—ukiyo-e | 0.296 0.320 0.244 0.359  0.256
bl-autumn | 0.254 0.299 0.197 0.316  0.231
bl-sunset | 0.252 0.292 0.197 0.300  0.222
bl-ukiyo-e | 0.244 0.290 0.211 0.307  0.229

baseline 0.325 0.314 0.311 0.381 0.299
gen—autumn | 0.305 0.301 0.295 0.349 0.303
gen—sunset | 0.309 0.268 0.250 0.371 0.284
SPRING | bl-autumn | 0.285 0.293 0.276 0.347 0.287
bl-sunset 0.281 0.292 0.269 0.314 0.264
bl-ukiyo-e 0.289 0.300 0.290 0.325 0.281

Table 3.3: Exnaibevon tou Baocukou povtéjlou oto nebio New York City (2)

Highway (2)

Train Domain Prompt DAWN FOG NIGHT SPRING WINTER
baseline 0.415 0.347 0.356 0.389 0.386
gen—autumn | 0.398 0.388 0.355 0.355 0.369
gen—sunset | 0.402 0.309 0.283 0.341 0.317
DAWN | gen—ukiyo-e | 0.402 0.330 0.337 0.344 0.359
bl-autumn | 0.384 0.365 0.277 0.347 0.339
bl-sunset 0.388 0.357 0.285 0.350 0.319
bl-ukiyo-e 0.396 0.384 0.329 0.346 0.347

baseline 0.332 0.424 0.305 0.367 0.388
gen—autumn | 0.290 0.389 0.389  0.337 0.358
gen—sunset | 0.293 0.372 0.260 0.289 0.332
FOG | gen—ukiyo-e | 0.363 0.398 0.287  0.387 0.370
bl-autumn | 0.330 0.367 0.261 0.382 0.337
bl-sunset 0.327 0.365 0.272 0.373 0.316

bl—-ukiyo-e 0.322 0.365 0.291 0.387 0.333

baseline 0.385 0.374 0.372 0.451 0.392
gen—autumn | 0.369 0.357 0.368 0.429 0.365
gen—sunset | 0.383 0.319 0.313 0.423 0.358
SPRING | bl-autumn | 0.324 0.325 0.347 0.417 0.343
bl-sunset 0.352 0.357 0.314 0.424 0.344
bl-ukiyo-e | 0.322 0.365 0.291 0.387 0.333

Table 3.4: Exnaibevon tou Bactkou puoviéfou oto nedio Highway (2)

IMapatnpoupe 6t ta ouvola dedouévav Generated £xouv kaAutepn emnidoon aro ta a-

vtiototxa Blended. Extog and KAmoleg MePUTIOELS, TO POVIEAO ITOU EKTTAIOEVUTHKE OTA APX1KA
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KepdAaio 3. Tepdpata kat Zuprnepdopata

b6edopéva €xel v kKadutepn emiboon. Paivetat o1l kAol BeATinon UTIAPXEL Ot CUVONKN
exknaidevong FOG, yia riepiBaldov exknaideuong HIGHWAY (2), aAAd dev propet va e§axOei

pe BeBaidinta KAO10 CUPIEPACHA.

3.2 AnoteAéopata ano tnv eknaidsuon pe to emauvinpévo po-

vtéAdo

Xpnotponowwviag Tig i6ieg ovopaoieg ya v otin ‘Mode’, mapouoiadoupe v eriboon
TOU HOVTEAOU P To Tphpa Aviikpouopevng Mdabnong, eAéyxoviag pe 81apopeg IIPOTPETTIKES
Aége1g. 'Onwg mpv, ouyKpivoupe ta ernaudnpéva ouvola pe 1o apXiko (‘augment’), kat pe
Vv eriboon tou Bacikoy PoviEAou, eknatdeupévou ota apXika dedopéva (‘baseline’).

'Eva mapadetypa anoAgiag kat emidoong g eknaideuong rnapouvotdadetat oy e1kova 3.2.

H enidoon kabe emdoyrg mapouoiaetal otoug mivakeg 3.5, 3.6, 3.7, 3.8.

Model loss Model accuracy

0.225

0.200

0175 o070

Loss

0125

0075

0.050

Ewodva 3.2: Awaypauua g anwisiag kat g petpwkric MIOU otnu ekraibsvon

m Awtflopatkn Epyaoia



3.2 Arnotedéopata and v eknaideuon pe 1o enauvinpévo Poviédo

New York City

Train Domain Mode DAWN FOG NIGHT SPRING WINTER

baseline 0.305 0.282 0.249 0.288 0.268
augment 0.228 0.220 0.176 0.196 0.185
gen—autumn | 0.190 0.182 0.158 0.169 0.174
gen—snowy | 0.190 0.203 0.160 0.202 0.195
gen—sunset | 0.228 0.220 0.179 0.208 0.189
bl-autumn | 0.216 0.191 0.174 0.186 0.167
bl-snowy 0.222 0.206 0.182 0.210 0.192

bl-sunset 0.216 0.208 0.168 0.193 0.178

DAWN

baseline 0.255 0.293 0.190 0.252 0.265
augment 0.186 0.224 0.131 0.188 0.176
gen—autumn | 0.210 0.239 0.158 0.224 0.194

FOG

gen—snowy | 0.148 0.191 0.103 0.171 0.168
gen—aurora | 0.129 0.191 0.085 0.167 0.167
bl-autumn | 0.164 0.214 0.107 0.193 0.164

bl-snowy 0.142 0.197 0.099 0.183 0.161

bl-aurora 0.158 0.218 0.097 0.205 0.187

baseline 0.246 0.254 0.200 0.265 0.252

augment 0.227 0.249 0.190 0.262 0.255

SPRING gen—autumn | 0.211 0.227 0.186 0.226 0.242

gen—snowy | 0.152 0.194 0.143 0.172 0.200
gen—aurora | 0.162 0.205 0.141 0.202 0.227
bl-autumn | 0.180 0.229 0.132 0.230 0.239
bl-snowy 0.135 0.193 0.111 0.193 0.210
bl-aurora 0.170 0.211 0.145 0.213 0.229

Table 3.5: Exnaibevon tou enavlnuévou povtéjlou oto nedio New York City
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KepdAaio 3. Tepdpata kat Zuprnepdopata

Old European City

Train Domain Mode DAWN FOG NIGHT SPRING WINTER
baseline 0.281 0.329 0.304 0.346 0.269
augment 0.237 0.269 0.234 0.246 0.205
DAWN gen—autumn | 0.162 0.192 0.171 0.189 0.178
gen—snowy | 0.193 0.212 0.187 0.211 0.202
gen—sunset | 0.195 0.223 0.201 0.223 0.205
bl-autumn | 0.166 0.205 0.182 0.199 0.177
bl-snowy 0.180 0.206 0.188 0.214 0.195
bl-sunset 0.168 0.196 0.175 0.193 0.172
baseline 0.244 0.331 0.224 0.290 0.264
augment 0.227 0.242 0.190 0.230 0.193
FOG gen—autumn | 0.224 0.231 0.188 0.213 0.193
gen—-snowy | 0.182 0.179 0.148 0.184 0.190
gen—aurora | 0.191 0.194 0.164 0.177 0.163
bl-autumn | 0.206 0.201 0.161 0.181 0.144
bl-snowy 0.188 0.187 0.147 0.185 0.173
bl-aurora 0.197 0.185 0.152 0.178 0.160
baseline 0.286 0.289 0.263 0.309 0.266
augment 0.262 0.257 0.226 0.267 0.272
SPRING gen—autumn | 0.242 0.238 0.219 0.241 0.249
gen—snowy | 0.179 0.170 0.148 0.182 0.200
gen—aurora | 0.208 0.195 0.177 0.198 0.208
bl-autumn | 0.223 0.191 0.169 0.203 0.212
bl-snowy 0.181 0.148 0.130 0.175 0.187
bl-aurora 0.191 0.172 0.154 0.182 0.188

Table 3.6: Exnaibevon tou enavnuévou povtéjlov oto nebio Old European Town
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3.2 Arnotedéopata and v eknaideuon pe 1o enauvinpévo Poviédo

New York City (2)

Train Domain Mode DAWN FOG NIGHT SPRING WINTER

baseline 0.374 0.303 0.318 0.386 0.282
augment 0.318 0.272 0.242 0.300 0.198
gen—autumn | 0.270 0.228 0.210 0.262 0.187
gen—-snowy | 0.282 0.252 0.246 0.282 0.213
gen—sunset | 0.297 0.253 0.214 0.278 0.199
bl-autumn | 0.287 0.234 0.215 0.249 0.188
bl-snowy 0.282 0.242 0.223 0.262 0.193

bl-sunset 0.271 0.229 0.197 0.251 0.183

DAWN

baseline 0.316 0.358 0.257 0.358 0.289
augment 0.282 0.312 0.278 0.355 0.229
gen—autumn | 0.282 0.299 0.254 0.325 0.239

FOG

gen—snowy | 0.232 0.273 0.247 0.302 0.230
gen—aurora | 0.204 0.253 0.211 0.255 0.210
bl-autumn | 0.230 0.279 0.214 0.301 0.218

bl-snowy 0.229 0.290 0.246 0.298 0.227

bl—-aurora 0.230 0.287 0.242 0.315 0.233

baseline 0.325 0.314 0.311 0.381 0.299

augment 0.304 0.330 0.294 0.385 0.313

SPRING gen—autumn | 0.306 0.314 0.300 0.349 0.330

gen—snowy | 0.250 0.274 0.276 0.302 0.269
gen—aurora | 0.257 0.279 0.268 0.324 0.275
bl-autumn | 0.254 0.284 0.266 0.340 0.307
bl-snowy 0.217 0.266 0.257 0.295 0.271
bl-aurora 0.245 0.277 0.258 0.304 0.273

Table 3.7: Exnaibevon tou enavlnuévou povtéjlov oto nedio New York City (2)
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KepdAaio 3. Tepdpata kat Zuprnepdopata

Highway (2)
Train Domain Mode DAWN FOG NIGHT SPRING WINTER
baseline 0.415 0.347 0.356 0.389 0.386
augment 0.408 0.379 0.323 0.354 0.346
DAWN gen—autumn | 0.366 0.351 0.308 0.316 0.327
gen-snowy | 0.385 0.371 0.332 0.341 0.343
gen—sunset | 0.386 0.366 0.285 0.325 0.335
bl-autumn | 0.369 0.365 0.308 0.328 0.326
bl-snowy 0.373 0.362 0.305 0.320 0.319
bl-sunset 0.360 0.353 0.285 0.328 0.316
baseline 0.332 0.424 0.305 0.367 0.388
augment 0.374 0.382 0.334 0.411 0.361
FOG gen—autumn | 0.364 0.358 0.326 0.397 0.352
gen—-snowy | 0.346 0.363 0.341 0.403 0.351
gen—aurora | 0.289 0.313 0.313 0.358 0.282
bl-autumn | 0.304 0.320 0.300 0.365 0.288
bl-snowy 0.316 0.333 0.340 0.382 0.316
bl-aurora 0.305 0.319 0.334 0.376 0.287
baseline 0.385 0.374 0.372 0.451 0.392
augment 0.350 0.376 0.352 0.426 0.363
SPRING gen—autumn | 0.374 0371 0.384  0.421 0.370
gen—-snowy | 0.351 0.351 0.359 0.416 0.355
gen—aurora | 0.330 0.332 0.333 0.399 0.324
bl-autumn | 0.321 0.327 0.345 0.403 0.344
bl-snowy 0.307 0.310 0.353 0.403 0.331
bl-aurora 0.325 0.336 0.343 0.405 0.339

Table 3.8: Exnaidevon tou emavinuévouv poviéfouv oto nedio Highway (2)

Kat oe autr] mv mepinoon to baseline eixe v kKaAutepn emniboor. To enaudnuévo
povtédo, eknatbeupévo oto apX1ko ouvodo dedopévev eixe kaAdutepn emniboorn oe ox€on pe
Ta poviéda 1ou eknaldeutnkav ota enauvénuéva ouvola dedopévev. Zto rnedio rmou eivat
mo Kovtd oto redio eknaideuvong (HIGHWAY (2)) gaivetal ot urtapxel pa PeAtioon oug

OUVOrKEG TIOU €ivatl IO PAKP1d Ao v oUvOrKn eknaibeuong.
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3.3 Arnotedéopata anod ermrpoobeteg ouvOnKeg eKaibeuong tou enaunpévou PovieAou

3.3 AnoteAéopata and emunpoodeteg ouvOnkeg eknaidsuong

TOU enauinpévou poviEAou

210 TIPONyOUHEVO PEPOG XPTOIHOTIO|OAPE OtV eKnaideuorn v apyxitektovikn [30]. Ze
autd 1o PéPog epappoloupe 81aPopeg eVAAAAKTIKEG OV EMAUSHEVI] APXIEKTOVIKY] KAl

OUYKpPIvOUE Ta anotedéopartd :

e Emmdoyn A: T'a uig npoteg 40 enoxég eknaidbeuong 1o apX1Ko ouvolo debopévav tpo-
@oboteital oV enaudnpévn apXteKTovikY]. 'a tov urtdAorto aplOpod ooV 1poro-
TIO0UNE TO HOVIEAO ®OTe va otapatd v dwadikaocia Aviikpouopevng Mabnong kat

EKMIASEVOUIE XPIOTHOOOVIAG TO EMAUSIHIEVO GUVOAOD §ebopévav.

e Ermdoyn B: INa kdBe emoyn exknaidevoupe 1o tpnpa Avukpoudpevng Mdabnong oto
APXIKO OUVOAO H£dOPEVEV KAl Ot OUVEXELD EKTTAISEVOULIE TO NOVIEAO OTO EMAUSHEVO

ouUvoAo 6ebopévav.

e Emoyr C: I kdBe eroxr) eknaibevoupe 1o tunpa Aviikpouopevng Mdabnong kat
epappodoupe TG EMAUSHOELS OTUA OTO APX1KO oUvodo debopévav, Kat otn ouveéxeld

eKTIA1£VOULIE 1€ TO EMAUENHEVO OUVOAO SedopEvav

o Ermdoyn D: I'a tig poteg 40 ermoyég eknaldevoupie pe 10 apX1KO ouvolo dedopevav,

K1 0Tl OUVEXELA EKTIAIBEVOUIE HE TO EMAUEIEVO OUVOAO Sebopiévav.

AoxklpdotnKav apKeteég akopa ouvOnkeg ekmaideuong, pe tv emnidoor) toug va eivat on-
pavukda xelpotepn arnod to baseline. ITapakdte deixvoupe toug cuvbuaopoug mou £dsi§av
karota PeAdtioon ot éva 1) nieplocotepa redia. Ta povieda cuykpivovial pe to baseline kat
10 augment, onwg kat rpwv. O titdog kAOe mivaka reptypdget mold €§060 tou poviedou
DiffuseMix xprotwpornoteital, kKabwg Kat tnv npotpertiky) A&gn kat to nedio exkrnaidevong.

'Eva napadetypa anoleiag kat emnidoong g ekrnaidsuong napouotddetat oty ekova 3.3.
Ot ouvOr|keg ou e&etadoupie aneikoviovratl ota Siaypappata 3.4, 3.5, 3.6, 3.7. H eniboon

KABe ermdoyng rapouoiadetat otoug mivakeg 3.9, 3.10, 3.11, 3.12.

Model loss Model accuracy

070

Loss
MIoU

0.08

60 80 100 120 o 20 a0 0
Epochs Epochs

Ewova 3.3: Awaypauua g anwisiag kat g puetpwkng MIOU omv ekraibevon
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Kepddaio 3. INelpdpata kat Zupnepdopata

First 40 Epochs
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Ewodva 3.5: Awaypauua mg emiloyng B
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3.3 Arnotedéopata arnd ermrnpoodeteg ouvOnKeg EKMAIBEVONG TOU EMAUEIEVOU HOVIEAOU
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Ewova 3.6: Awaypauua g emifoyng C
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Ewova 3.7: Awaypauua g emioyric D
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KepdAaio 3. Tepdpata kat Zuprnepdopata

generated,snowy,fog

Test Domain Mode DAWN FOG NIGHT SPRING WINTER

baseline | 0.255 0.293 0.190 0.252 0.265

augment | 0.186 0.224 0.131  0.188 0.176

New York A 0.198 0.246 0.170 0.215 0.216
City B 0.159 0.217 0.129 0.180 0.176
C 0.186 0.223 0.141  0.202 0.192

D 0.154 0.206 0.112 0.171 0.169

baseline | 0.244 0.331 0.224 0.290 0.264

augment | 0.227 0.242 0.190  0.230 0.193

giiopean A 0.232 0.261 0.222  0.257 0.248
Town B 0.188 0.199 0.163 0.201 0.210
C 0.239 0.251 0.209 0.243 0.222

D 0.182 0.186 0.147 0.180 0.187

baseline | 0.316 0.358 0.257 0.358 0.289

augment | 0.282 0.312 0.278  0.355 0.229

New York A 0.296 0.336 0.303  0.350 0.278
City (2) B 0.255 0.300 0.265 0.315 0.245
C 0.264 0.313 0.272 0.336 0.242

D 0.241 0.286 0.252 0.310 0.228

baseline | 0.332 0.424 0.305 0.367 0.388

augment | 0.374 0.382 0.334  0.411 0.361

Highway A 0.368 0.382 0.368 0.414 0.366
) B 0.357 0.370 0.353  0.405 0.360
C 0.372 0.387 0.345 0.412 0.372

D 0.344 0.369 0.340 0.400 0.357

Table 3.9: 'Efleyxog mpooeyyiocamv fine-tuning oto emavénuevo Loviéflo pe generated €ikoveg
ue v mporpentikn AN ‘snowy’. H exnaibevon éytve oto nepi6aiiov FOG
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3.3 Arnotedéopata anod ermrpoobeteg ouvOnKeg eKaibeuong tou enaunpévou PovieAou

blended,snowy,dawn

Test Domain Mode DAWN FOG NIGHT SPRING WINTER

baseline | 0.305 0.282 0.249 0.288 0.268

augment | 0.228 0.220 0.176  0.196 0.185

New York A 0.225 0.232 0.197 0.209 0.194
City B 0.222 0.193 0.180 0.200 0.179
C 0.223 0.205 0.171  0.192 0.172

D 0.211 0.187 0.179  0.190 0.169

baseline | 0.281 0.329 0.304 0.346 0.269

augment | 0.237 0.269 0.234  0.246 0.205

glliopean A 0.211 0.242 0.217 0.238 0.211
Town B 0.175 0.193 0.175  0.204 0.190
C 0.188 0.215 0.189 0.210 0.177

D 0.169 0.187 0.170 0.197 0.178

baseline | 0.374 0.303 0.318 0.386 0.282

augment | 0.318 0.272 0.242  0.300 0.198

New York A 0.297 0.269 0.253  0.287 0.203
City (2) B 0.266 0.233 0.223  0.268 0.190
C 0.287 0.239 0.221 0.254 0.177

D 0.258 0.224 0.224  0.250 0.183

baseline | 0.415 0.347 0.356 0.389 0.386

augment | 0.408 0.379 0.323  0.354 0.346

Highway A 0.390 0.384 0.328 0.350 0.345
) B 0.360 0.360 0.304 0.326 0.310
C 0.389 0.380 0.326  0.336 0.337

D 0.370 0.368 0.302  0.333 0.316

Table 3.10: 'Ejfleyyog mpoocyyiocwv fine-tuning oto emavlnuévo poviéjlo ue generated ikoveg
ue v mpotpentiky AéEn ‘snowy’. H exknaibevon gywe oto nepiGaijov DAWN
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KepdAaio 3. Tepdpata kat Zuprnepdopata

ukiyo-e,fog

Test Domain Mode DAWN FOG NIGHT SPRING WINTER

baseline | 0.255 0.293 0.190 0.252  0.265
augment | 0.186 0.224 0.131  0.188 0.176
New York bl-A 0.174 0.237 0.129  0.204 0.189
City gen—-A | 0.202 0.234 0.161 0.219 0.197
bl-D 0.192 0.226 0.148  0.205 0.179
gen-D | 0.199 0.236 0.153 0.213 0.211

baseline | 0.244 0.331 0.224 0.290 0.264
augment | 0.227 0.242 0.190 0.230 0.193

old bl-A 0.195 0.206 0.172 0.203 0.180
European
Town gen—A 0.227 0.240 0.210 0.249 0.211

bl-D 0.207 0.218 0.179 0.215 0.180
gen-D 0.240 0.255 0.222 0.256 0.219

baseline | 0.316 0.358 0.257 0.358  0.289
augment | 0.282 0.312 0.278  0.355 0.229
New York bl-A | 0.248 0.303 0.265 0.314 0.236
City (2) gen—-A | 0.277 0.307 0.294 0.351 0.243
bl-D 0.252 0.303 0.267  0.320 0.230
gen-D | 0.283 0.308 0.285  0.347 0.247

baseline | 0.332 0.424 0.305 0.367 0.388
augment | 0.374 0.382 0.334 0.411 0.361
bl-A 0.341 0.359 0.350 0.394 0.341
gen—A | 0.372 0.376 0.363 0.410 0.370
bl-D 0.331 0.357 0.361 0.390 0.334

gen—D 0.369 0.388 0.369 0.414 0.370

Highway(2)

Table 3.11: 'Efeyyog mpooeyyioewv A kar D oto emauvlnuévo pouviéAo ue gener-
ated xat blended suxoveg pe v mpotpentikny Aéén ‘ukiyo-e’. H eknaibsuon €ywe oto mepibadiil-
Aov FOG
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3.3 Arnotedéopata anod ermrpoobeteg ouvOnKeg eKaibeuong tou enaunpévou PovieAou

ukiyo-e,spring

Test Domain Mode DAWN FOG NIGHT SPRING WINTER

baseline | 0.246 0.254 0.200 0.265 0.252
augment | 0.227 0.249 0.190  0.262 0.255
New York bl-A 0.197 0.218 0.169  0.224 0.237
City gen—-A | 0.206 0.219 0.186 0.218 0.238
bl-D 0.195 0.226 0.163  0.234 0.243

gen—-D 0.203 0.233 0.184 0.214 0.239

baseline | 0.286 0.289 0.263 0.309 0.266

augment | 0.262 0.257 0.226 0.267 0.272

old bl-A 0.227 0.198 0.186 0.218 0.213
European
Town gen—A 0.236 0.222 0.214 0.231 0.240

bl-D 0.236 0.196 0.178 0.211 0.218
gen-D 0.246 0.228 0.215 0.240 0.245

baseline | 0.325 0.314 0.311 0.381 0.299
augment | 0.304 0.330 0.294 0.385  0.313
New York bl-A | 0.273 0.284 0.284 0.326 0.285
City (2) gen-A | 0.301 0.301 0.304 0.351 0.306
bl-D | 0.276 0.290 0.286  0.341 0.291
gen-D | 0.297 0.294 0.300 0.343 0.292

baseline | 0.385 0.374 0.372  0.451 0.392
augment | 0.350 0.376 0.352 0.426 0.363
Highway bl-A 0.346 0.347 0.380 0.417 0.346
2) gen—-A | 0.366 0.365 0.384 0.418 0.367
bl-D 0.339 0.341 0.370  0.405 0.346
gen-D | 0.372 0.364 0.394 0.420 0.364

Table 3.12: 'Efleyyog¢ mpooeyyioewov A kar D oto emauvinuévo poviéflo ue gener-
ated kat blended euoveg e v mpotpentiky Asén ‘ukiyo-e’. H ekrnaibeuon ytve oto mepibail-
Aov SPRING

[Mapatmnpoujie 6T KAl O AUTH) TNV MEPITTOOT 01 aAAayEg TTOU Kavape §ev emEPepav KATIOWA
onpavukn Pedtioorn, pe egaipeon Sava to niepBaidov Highway (2) otnv ouvbrkn NIGHT.
[MapatnprnBnke emiong PeAtiopévn emiboon TV E1IKOVOV ITou d1j11oupynOnkav aro 1o PovieAo

S1axuong oe CUYKP10L HE TIS EIKOVEG TIOU £X0UV avapelxBel pe gpaxtal.
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KepdAaio 3. Tepdapata kat Zuprnepdopata

3.4 IIepatrtépw Siepevvnon tou nepiBaAioviog Highway (2)

[Tapatnprjoape mPonNyoupeveg 0Tl o€ OUYKPLon pe ta ddAa niepiBadAovia, 1o riepiBaiiov
Highway (2) eixe kaAuUtepeg emdooeig. ITapakate napouotddoupe TG ermdooelg eknaidbeuong
o€ auto 1o riep1BdAAov, pe otdxo va Ppoujie KAMo1o potibo.

H enioon kabe ermdoyng apouoiadetal otoug rmivakeg 3.13, 3.14, 3.15.

Train Domain: Dawn

Mode Prompt ‘ DAWN FOG NIGHT SPRING WINTER
baseline - 0.415 0.347 0.356 0.389 0.386
augment - 0.408 0.379 0.323 0.354 0.346

base-bl autumn | 0.384 0.365 0.277 0.347 0.339
base-gen autumn | 0.398 0.388 0.355 0.355 0.369
base-bl ukiyo-e | 0.396 0.384 0.329 0.346 0.347
base-gen ukiyo-e | 0.402 0.330 0.337 0.344 0.359
augment-bl  autumn | 0.369 0.365 0.308 0.328 0.326
augment-gen autumn | 0.366 0.351 0.308 0.316 0.327
augment-bl snowy | 0.373 0.362 0.305 0.320 0.319
augment-gen snowy | 0.385 0.371 0.332 0.341 0.343

bl-A autumn | 0.385 0.374 0.336 0.350 0.339
gen-A autumn | 0.395 0.379 0.342 0.348 0.354
bl-A snowy | 0.390 0.384 0.328 0.350 0.345
gen-A snowy | 0.387 0.376 0.342 0.348 0.343
bl-A ukiyo-e | 0.388 0.378 0.316 0.323 0.340
gen-A ukiyo-e | 0.392 0.363 0.333 0.332 0.349
bl-B autumn | 0.360 0.349 0.291 0.318 0.331
gen-B autumn | 0.386 0.379 0.337 0.337 0.350
bl-B snowy | 0.360 0.360 0.304 0.326 0.310
gen-B snowy | 0.402 0.374 0.329 0.347 0.356
bl-C autumn | 0.397 0.377 0.318 0.342 0.349
bl-C ukiyo-e | 0.412 0.394 0.340 0.356 0.347
bl-D snowy | 0.370 0.368 0.302 0.333 0.316
gen-D snowy | 0.386 0.378 0.342 0.341 0.341
bl-D ukiyo-e | 0.398 0.389 0.342 0.351 0.349
gen-D ukiyo-e | 0.394 0.372 0.346 0.341 0.345

Table 3.13: Emiboon tou pouviéflou ot mepibaijiov Highway (2) pe ouvvdnkn k-
naibsvong DAWN
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3.4 Tlepartépe diepeuvnon tou nepiBailoviog Highway (2)

Train Domain: Fog

Mode Prompt | DAWN FOG NIGHT SPRING WINTER
baseline - 0.332 0.424 0.305 0.367 0.388
augment - 0.374 0.382 0.334 0.411 0.361

base-bl autumn | 0.330 0.367 0.261 0.382 0.337
base-gen autumn | 0.290 0.389 0.271 0.337 0.358
base-bl ukiyo-e | 0.322 0.365 0.291 0.387 0.333
base-gen ukiyo-e | 0.363 0.398 0.287 0.387 0.370
augment-bl autumn | 0.304 0.320 0.300 0.365 0.288
augment-gen autumn | 0.364 0.358 0.326 0.397 0.352
augment-bl snowy | 0.316 0.333 0.340 0.382 0.316
augment-gen snowy | 0.346 0.363 0.341 0.403 0.351

bl-A aurora | 0.338 0.360 0.345 0.391 0.331
gen-A aurora | 0.338 0.362 0.330 0.387 0.336
bl-A snowy | 0.346 0.366 0.358 0.403 0.350
gen-A snowy | 0.368 0.382 0.368 0.414 0.366
bl-A ukiyo-e | 0.341 0.359 0.350 0.394 0.341
gen-A ukiyo-e | 0.372 0.376 0.363 0.410 0.370
gen-B snowy | 0.357 0.370 0.353 0.405 0.360
gen-B ukiyo-e | 0.363 0.385 0.365 0.411 0.368
gen-C snowy | 0.372 0.387 0.345 0.412 0.372
bl-D snowy | 0.316 0.331 0.345 0.390 0.326
gen-D snowy | 0.344 0.369 0.340 0.400 0.357
bl-D ukiyo-e | 0.331 0.357 0.361 0.390 0.334
gen-D ukiyo-e | 0.369 0.388 0.369 0.414 0.370

Table 3.14: Emiéoon tou povtéflou oto mepi6ajliov Highway (2) pe ovvdnkn eknaibevong FOG
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KepdAaio 3. Tepdapata kat Zuprnepdopata

Train Domain: Spring

Mode Prompt | DAWN FOG NIGHT SPRING WINTER
baseline - 0.385 0.374 0.372 0.451 0.392
augment - 0.350 0.376 0.352 0.426 0.363

base-bl autumn | 0.324 0.325 0.347 0.417 0.343
base-gen autumn | 0.369 0.357 0.368 0.429 0.365
augment-bl aurora | 0.325 0.336 0.343 0.405 0.339
augment-gen aurora | 0.330 0.332 0.333 0.399 0.324
augment-bl autumn | 0.321 0.327 0.345 0.403 0.344
augment-gen autumn | 0.374 0.371 0.384 0.421 0.370
augment-bl snowy | 0.307 0.310 0.353 0.403 0.331
augment-gen snowy | 0.351 0.351 0.359 0.416 0.355

bl-A aurora | 0.357 0.362 0.363 0.424 0.361
gen-A aurora | 0.371 0.365 0.355 0.420 0.367
bl-A autumn | 0.374 0.370 0.384 0.428 0.372
gen-A autumn | 0.383 0.372 0.398 0.435 0.383
bl-A ukiyo-e | 0.346 0.347 0.380 0.417 0.346
gen-A ukiyo-e | 0.366 0.365 0.384 0.418 0.367
bl-B ukiyo-e | 0.342 0.347 0.365 0.408 0.344
gen-C snowy | 0.367 0.369 0.372 0.435 0.366
bl-D ukiyo-e | 0.339 0.341 0.370 0.405 0.346
gen-D ukiyo-e | 0.372 0.364 0.394 0.420 0.364

Table 3.15: Emidoon tou pouviéfdou oto mepibdidov Highway (2) pe ovvdnkn ex-
naibevong SPRING

BAéroupe o exkabapa ot yia opola repiBdAdovia n pébodog pag propel ermgpEpet
BeAtiwon, 8iaitepa yia t11g cuvbrkeg mou eivat mo pakpld anod g ouvonkeg exknaidevong,
ontwg 11 FOG pe v eknaidevon va €xet yiver oto DAWN, 11 n FOG kat NIGHT pe v
eknaibevor) va gxet yivel oto SPRING. H pébodog pag BeAdtiodverl tyv onpavukd v emnidoon

oty eknaibeuor oto FOG, ya tig ouvbrkeg eAéyxou DAWN kat SPRING.

3.5 Zupnepacpata Kat PEAAOVIIREG ENMERTACELS

Ye aut myv epyaoia Seiape 611 10 enaudnpiévo POVIEAO TOU XP1O10Iow|oaple PUropet
va ermpépetl PeATiOon wg TIPOg TV ap)K) enidoor).

H BeAtioon oy emniboorn rfjtav mo §exkdBapn oto meptBAAAov ou €Xel T PEYAAUTEPD
Ox€or He 1o mepBdAAov ekmaibeuong, KAl yla Ti§ OUVONKeg 1€ 1) PEYL0T ATtooTaot) and v
ouvOrnKn exnaidevong. Zupnepaivoupe 0Tt 1] APXITEKTOVIKY Pag PItopet va xprnotpornoOet
y1d TNV IIpocappoy) evog PoviéAou o SUoKoAa media. AKOUD, 1 XPr)0T) MIPOTPEITIKAV AECEMV
HIopel va ennpedoet Vv emidoorn 1ou HoviEAOU, Kal mapatnphnkav Heyaleg artorAiosig pe

) xpron dagopetikwv A&gewv, evidg tou 610U mepiBaddoviog. Ta xkdBe mepiBaAdov kat
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3.5 Zupnepdopata Kat PeAAOVIIKEG ETTEKTAOELS

OUVONKI| U pXav S1aQOopPETIKEG TIPOTPEMUIKEG Agelg rou onpeiovav ) Bédtiot arnodoorn,
He ) oxéon petady Toug va pnv givat mavia npopavrg.

[TapoAa autd, yla ta reploootepa rieplBaldovia 1o poviedo dev pooedepe KaArola PeA-
tioon owmv eriboor. AuUtd propet va anodobel o N €MAPKr] KAVOVIKOITOINO 1] KAIO10
aAdo npoBAnpa mou rapd v 61e€odikr) avalfnon dev erAdvbnke. Mropel ertiong 1o ou-
YKEKPIPEVO POVIEAO VA PNV €XEL €V VEVEL TNV 1IKAVOTHTA va aviarne§eAbet oe auty v epyaoia,
ONPEWVOVTAg 10 YeYovog ott 1o poviedo CCSDG avartuyBnke yia pia gpyacia duadikng
ONHACI0AOYIKAG KATATHNOTG, EMOPEVROS UITOPEL va ouvavid SUoKoAia OtV KATATUNOL HE
TT0OAAEG KAAOELG TOU OUVOAOoU Gedopévav SYNTHIA.

Yrnidpyouv toAAd povordtia mou Pnopoupe va diepeuvriooupe. Mia npotn 16€a ivatl va
enekteivoupe 1) xpnorn tou poviedou DiffuseMix, cuvdudaloviag oto 1610 ouvodo Sebopévav
£1KOVEG TI0U Ttapdayovial and SiaPpopetikég npotpenuikeg Aégelg. H xprjon evog dAdou po-
vtédou, onwg tou poviedou Mask R-CNN [3] mou €xet oxedlaotel yia epyaoieg katdtunong
MEPLOTATIKGOV, Priopel va ouvduaotei pe 1o poviedo FCN mou xpnotponolovpe. H untdpyouca
APXIIEKTOVIKY] prtopei va doxkipaoctel o pia ano 11g KAaooikeg epyaoieg Ievikeuong Iediou,
onwg 1 SYNTHIA—Cityscapes, yia mepattép® €AeyXo tou poviédou. Térog, pia oe Pabog
avdAuon g eridoong kaOe kAdong Sexwplotd, Kat roteg pebodot £xouv ) peyaldutepn e-

niibpaon oty enidoon propet va odnynoet otnv PeAtioon tou poviédou.
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Chapter ﬂ

Introduction

Recent developments in Machine Learning have elevated Artificial Intelligence into a
staple of modern life. Many production sectors are being transformed by the introduction
of complex models capable of monitoring, deciding and compiling solutions for a variety
of problems. Al has revolutionized the way knowledge is created and disseminated.

The field of Computer Vision, one of the most important fields of Artificial Intelli-
gence, facilitate the creation of models that enable computer systems to interpret the
visual world. Its core features, object detection and recognition, image classification, seg-
mentation and creation, have found many applications in autonomous driving systems,

manufacturing and healthcare.

4.1 Motivation

Machine Learning models require extensive training datasets to increase their perfor-
mance and robustness. In Computer Vision, the relative difficulty of obtaining, processing
and annotating training datasets, and the computationally demanding training process
encouraged efforts to create models that retain their predictive capabilities beyond the
data they were trained on, or for inventing techniques that enable already existing models
to better adapt to new data. A new area of extensive study has emerged, named Domain
Adaptation or Generalization, the difference being respectively in the possible knowledge
of other domain distributions or not. Many Domain Adaptation techniques have been
developed that enable models to better perform in unknown and adverse conditions, in-
creasing the usefulness of these models in many tasks.

Domain Adaptation methods are crucial in the fields of medical imaging and au-
tonomous driving. The differences between imaging equipment, the skill consistency of
the operators and affordability limit greatly the availability of training medical data. In
autonomous driving, the major hurdle is the annotation of collected image data, which
is a time-consuming and thus expensive task. In addition, in both fields models with
near zero fault tolerance and quick decision-making are demanded, especially in the
case of autonomous driving, where no human can vet on-time the decision of the model.
For these reasons, domain adaptation and generalization approaches are often aimed at
improving these tasks. A solution to the limitations of training data availability is the uti-

lization of synthetic data, such as the SYNTHIA [11] datasets of urban environments, with
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the purpose to provide models with near-realistic training data that can be subsequently
fine-tuned, using generalization methods, for prospective tasks in real urban datasets.

Domain Generalization techniques aim to bring to the surface underlying structural
information from the training data, considered to be invariant in all environmental con-
ditions. This information is learned by the model, which is tested across unfamiliar
domains to evaluate its generalization capabilities. Data augmentation methods can alter
the distribution of the image and are proven to facilitate the generalization performance
of the accompanied models in certain settings. Contrastive and adversarial training, with
the inclusion of a generative model, are widely studied and have improved many Domain
Adaptation tasks.

Building on existing methods for domain generalization, we explore the generalization
capabilities of the pipeline suggested by Hu et al. [30] in training environments provided
by the SYNTHIA dataset. Several transformative methods are applied to the input data,
including the leveraging of a diffusion model, controlled by textual prompts, to generate

novel images for training.

4.2 Structure

The thesis is organized in 5 chapters.

In chapter 4 we introduce the basic ideas behind our study, and the motivation behind
our choices.

Chapter 5 is dedicated to the theoretical background of the study, providing an under-
standing of the methods used. First, we describe the basic concepts of deep learning and
their applications in neural networks. We emphasize on the structure of Convolutional
Neural Networks and their augmentations in Residual Networks and Fully Convolutional
Networks. An introduction to Diffusion Models is then provided. Finally, we outline the
basic ideas and approaches behind Domain Adaptation and Generalization.

In chapter 6 we provide an overview of several related works and we outline the
methodology and the details of the experiment. We describe approaches in Domain Adap-
tation and Generalization tasks, advancements in Diffusion Models and Data Augmenta-
tion methods. Then we present our method, the source dataset and the modifications we
applied, our training setup and details of the implementation.

In chapter 7 we present the experimental settings and an review of their results. For
each experiment we evaluate the result and the methods used.

Finally, in chapter 8 we provide an evaluation of our methods and the possible direc-

tions of a continuation of this work.
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Chapter E

Theoretical Background

In this chapter we outline the basic concepts behind the processes we used in this
work. We begin with an introduction to the tasks of Image Segmentation. We then proceed
with an in-depth overview of convolutional networks and their modifications in residual
CNN and Fully CNN. We explore the ideas behind Diffusion Models. Finally we provide
with an analysis of Domain Adaptation and Generalization and the multiple research

directions of their applications.

5.1 Image Segmentation

Image Segmentation is a core computer vision task [15]. In general, it involves parti-
tioning an image into multiple segments, each representing a different object. Along with
object detection, image segmentation has applications in medical image analysis [16],
autonomous vehicles [17], surveillance etc. Multiple examples of segmented images are

presented in figure 5.1.

Stuttgart Zurich Ulm Tiibingen

Image 5.1: An overview of segmented images of urban environments by [1]

Generally a deep neural network is trained on image data and learn to densely as-
sign a label to each pixel. This classification task of separating regions of the original
image with semantic labels is known as semantic segmentation (5.2). An additional par-
titioning of individual objects by detecting multiple instances of an object, on top of their
semantic annotation, is known as instance segmentation (5.3). In general, segmentation
tasks are significantly harder than simple classification tasks, especially considering their

computational requirements.
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Image 5.3: Instance Segmentation example with Mask R-CNN [3]

5.2 Machine Learning

Machine Learning is a field of study in Artificial Intelligence that is concerned with
the development of algorithms that can learn to perform tasks and generalize to unseen
data without being given explicit instructions. Machine learning algorithms aim to learn
patterns embedded in their training data, to make a prediction or a decision based on
their accumulated knowledge.

Machine Learning algorithms are categorized with respect to the nature of their input.

Traditionally these categories are:
e Supervised Learning
e Unsupervised Learning

¢ Reinforcement Learning

5.2.1 Supervised Learning

In supervised learning, the algorithm is trained on a set of data that contains the
desired outputs. The input data consists of training examples which are represented by
feature vectors x. Each training example has one or more inputs as the desired output
y, called a supervisory signal. Training aims to find a mapping y = f(x) from the input
to output that can make accurate predictions or decisions on unseen data. Supervised

Learning is typically used in Classification or Regression problems. In Classification
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problems a model is trained to assign a label or a label vector to each training example.
Labels are usually a set of predetermined set of categorical values, relevant to the training
data. Depending on the size of the label space, classification problems are divided to
binary (for 2 classes) and multiclass (for 3 or more classes). In Regression problems the
model returns a numerical value estimation on a particular attribute of the input data.
In general, classification problems return discrete values and regression problems return

continuous values.

5.2.2 Unsupervised Learning

In unsupervised Learning the input data do not contain any type of labelling to guide
the training process. The goal of training is to find structures or relations within the
data. The two most common types of Unsupervised Learning algorithms are Clustering
and Dimensionality Reduction. Clustering algorithms divide the input data into groups
or clusters based on learned similarities. The K-means algorithm is categorized as an
unsupervised clustering algorithm. Dimensionality reduction is the transformation of the
data from a high dimensional space into a lower dimensional space, aiming to provide a
more meaningful representation of the original data. The Principal Component Analysis
(PCA) algorithm performs dimensionality reduction to obtain the principal dimensions.

Self-Supervised Learning is a type of unsupervised learning where a supervisory signal
for the input data is generated by the algorithm. Semi-Supervised Learning combines
supervised with unsupervised learning. The model is trained with labeled and unlabeled

data, in order to improve the models performance.

5.2.3 Reinforcement Learning

In Reinforcement Learning an agent is trained to make sequential decisions, with
the goal of maximizing a ‘score’ metric. A virtual environment is created, where the agent
learns through trial and error, reacting to the conditions and changes of the environment.

Reinforcement Learning algorithms are used in autonomous driving or in game Als.

5.3 Neural Networks

5.3.1 Artificial Neural Networks

Artificial Neural Networks (ANN) are computational systems modeled after biological
neuronal systems [6]. A number of interconnected nodes, referred to as neurons, are
arranged in consecutive layers. Each layer performs a specified function, according to
the architecture of the model. The basic structure of an ANN, as shown in the image 5.4,
consists of an input layer, matching the input data dimensions, a number of hidden
layers processing the input and an output layer that produces a desired outcome. Each
neuron recieves input signals, which are weighted with a weighing function. The weighted
sum is then used to make a decision, by passing through an activation function, that is

transmitted to the connected neurons.
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The learning process is done by adjusting the weight parameters of the neurons, using
the backpropagation algorithm, with the aim to minimize a metric of difference between
the predicted and the desired output, called a loss function. The selection of the activation

and the loss functions are relevant to the task.

Forward Propagation

o _ 4™\, lterative process unti
loss function is
minimized

XL
| RS
| ‘W Loss Score Loss Function
%

Backward Propagation

%1

X2

Image 5.4: An example of an Artificial Neural Network, with a basic overview of the training
process [4]

The most commonly used activation function is the ReLU (Rectified Linear Unit). This

nonlinear function is described by the following equation:
J(x) = max(0, x) (5.1)

This function is easy to implement, efficient and is found to successfully address the

problem of vanishing gradient

A variant of ReLU, Leaky ReLU allows a small gradient when the unit is not active,

and can be used to better mitigate the problem of vanishing gradients in some problems.

The sigmoid function has a value range between O and 1.

1
l+e™

o(x) = (5.2)
It is mainly used for models that make a prediction as their output, so the output of the

model must produce a probability value.

The softmax function converts a range of input values into a probability distribution,
with a sum of 1. Z‘

o(z) = = (5.3)

=1 €7

It is usually used at the last layer of a classifying network, to produce the prediction

values for each class.
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One of the most widely used loss function is the Mean Squared Error. Its formula is:

N
_1 o F(e\2
Ltse = z; (yi — f(x1)) (5.4)

where f is the function we want to fit to the y; target values. This metric is usually used
in regression tasks, where the output of the model is some numeric value.
Mean Absolute Error or L1 loss is preferred to Mean Squared Error when there are

many outliers in the training data. Its formula is:

N
1
Luae = Z‘ lys — f ()] (5.5)

Cross Entropy Loss is the metric most commonly used in classification tasks. It
measures the difference between the predicted probability distribution g and the actual
distribution p of the class labels. For M number of classes, the Cross Entropy loss is
calculated:

M
Leg = - ) pilog(qi) (5.6)
=1

Gradient Descent is the optimization algorithm most commonly used in Neural Net-
works. It is usually used in training to minimize the loss function. Gradient Descent
changes the parameters of the model, by readjusting them with the negative of the cost
gradient.

Bnew = & — NVoL(8) (5.7)

with 7 being the learning rate.

A variation of Gradient Descent, Stochastic Gradient Descent takes into consider-
ation only a single sample of the training examples when computing the gradient of the
loss, and approximates for the whole training dataset. In contrast, the Gradient Descent
algorithm calculates the gradients using the whole training domain. The SGD algorithm
is much faster, albeit less stable in some cases due to its stochastic nature.

The Backpropagation algorithm consists of two steps: a forward calculation of the
models predictions and a update of the layers weights, by computing the gradient of the
loss backwards for each layer of the model. The partial derivatives for each parameter
are calculated by iteratively applying the derivative chain rule. The process efficiently
propagates the loss information to each parameter of the model, making it easier to fit to
the target data.

The learning process, with the forward prediction and the backward weight updates,
continues over multiple iterations or epochs, improving the predictive ability of the model,
until it is stopped by a hard limit (a predetermined number of epochs) or a soft limit (a
low threshold for the loss function).

The learning rate parameter in the gradient descent process is crucial to the outcome
of the training process. A small value can delay the convergence of the model to the

optimal position, or even not converge at all when the model is trained with a set amount
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of epochs. On the other hand, a large value of the learning rate can cause the model to
overshoot the minimum, oscillating between suboptimal positions. Thus the selection of
the learning rate is linked to each problem and must be considered during the design of

the training process.

A deep learning model needs to be complex enough to be able to capture the underlying
patterns in the training distribution. Underfitting happens when the training data exceed
the capabilities of the model, resulting in decreased performance. On the opposite side,
overfitting refers to the problem of the model learning patterns from the data that do not
represent structural knowledge, but noise or fragmented information. When an overfitted
model is applied to new data, for example the part of data reserved for the validation or

testing, performs significantly worse comparing with the training process.

We show a simple example of fitting a set of data in 5.5.

Underfitting X Balanced Overfitting

Image 5.5: An example of underfitting and overfitting [5]

Underfitting stems from a model of inadequate depth, and it can be easily observed
when error rates are too high in both training and testing data. Thus, a solution for
underfitting is usually straight-forward. Overfitting, on the other hand, is a much more
difficult problem to address, as it cannot always be deduced from the performance of the
model. The robustness of a model to overfitting is relevant to the generalization ability of
the model.

Regularization methods aim to reduce the impact of overfitting. During training, a
penalty value is added to the loss function, discouraging excessive complexity. The two

most common regularization methods are L1 and L2 regularization.

In L1 regularization (Lasso) the term ZIL-V |w;| is added to the loss function. It
encourages sparse weight matrices, with most weights becoming zero. Neurons tend to
use only a subset of their inputs, which is important to the task, and thus they are

resistant to noise.

In L2 regularization (Ridge) the term i Z{V |w;?| is added to the loss function. It

encourages smaller weight values and the utilization of all the inputs.

Regularization methods prevent overfitting, enhancing the performance of the model
in testing domains, stabilize the model against small changes and promote the robustness

and safety of the model.
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5.3.2 Convolutional Neural Networks

5.3.2 Convolutional Neural Networks

Traditional ANNSs are of limited use for computer vision tasks, as they tend to struggle
with the computational complexity required to process image data. They are also prone
to overfitting as the number of hidden layers is increased, while most vision tasks require

an increased network depth.

Convolutional Neural Networks (CNN) (5.6) are a kind of feedforward neural network
that is able to extract features from data with convolution structures [18]. They are de-
signed and used primarily for Computer Vision tasks. Their main advantages, compared
to ANNSs are:

e Local Connections. Each neuron is no longer connected to all neurons of the pre-
vious layer, but only to a small number of neurons, which is effective in reducing

parameters and speed up convergence

e Weight sharing. A group of connections can share the same weights, which further

reduces parameters.

e Down-sampling dimensionality reduction. A pooling layer harnesses the principle
of image local correlation to down-sample an image, which can reduce the amount
of data while retaining useful information. It can also reduce the number of param-

eters by essentially removing trivial features

convolution w/ ReLu  pooling convolution w/ReLu  pooling pooling fully-connected

.
0 D De DCe 3
T o

convolution fully-connected
w/ ReLu w/ ReLu

Image 5.6: An overview of a basic CNN architecture [6]

A typical CNN has three core types of layers [6]: the convolutional, the pooling and

the fully-connected layers.

The convolutional layer calculates the product between the layer weights and the
input, as shown in 5.7. The layer parameters correspond to convolution kernels, learnable
filter structures typically with smaller spatial dimensions, that span the entirety of the
input to create a activation map, highlighting certain features of the input. Comparing to
ANNs, CNN neurons connect only to a small region of the input, which is referred as the

receptive field size of the neuron.
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0 1.0 | 1.0 0 0

Convolved

Image Filter feature

Image 5.7: Example of convolution [7]

Convolutional layers can be optimized using the hyperparameters depth, stride and
padding. The depth is set through the number of neurons assigned to the same region
of the input. Reducing depth incurs a significant reduction of the models parameters,
but can also worsen the model’s performance. The value of stride refers to the amount
of pixels the filter is shifted after each convolution. This parameter influences the spatial
dimensions of the final activation map. Padding is applied at the border of the input typi-
cally with values equal to zero and can be used to further control the output dimensions.

For each dimension of the input, the correspondent dimension of the output can be
determined by the following equation:

Win — K+ 2P

Wout = — +1 (5.8)

where K is the correspondent kernel dimension, S is the stride in the correspondent

dimension and P is the padding value.

Max Pooling Average Pooling
29 | 15 | 28 | 184 31| 15 | 28 | 184
0 |100| 70 | 38 0 100 | 70 | 38
12 | 12 7 2 12 | 12 7 2
12 | 12 | 45 | 6 12 | 12 |[F45816
2x2 2x2
pool size pool size
Y | J
100 | 184 36 | 80
12 | 45 12 | 186

Image 5.8: Example of pooling operations [8]

The pooling layer performs downsampling along the spatial dimensions of the input,

with a selection of a downsampling function such as the maximum or the average of the
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region. An example of maximum and average pooling is shown in 5.8. In most CNNs max-
pooling layers are utilized, with 2X2 kernels applied with stride of 2 across the input. This
scales the activation map to one fourth of the original size. Alternative pooling functions

can be utilized to perform L1/L2 regularization.

The fully-connected layers contain neurons that are densely connected to the neu-
rons of the adjacent layers, resembling the connections of the traditional ANN. They are

typically used as the output layers for classification tasks.

Except for these standard layers, other functional layers can be introduced to the

training process to increase the capabilities of the model.

Batch Normalization [19] is a regularization method that can achieve higher learn-
ing rates for the training model. Batch Normalization layers are used to normalize the

activation maps of each mini-batch. Given a mini-batch x, the output of the layer will be:

” Xi — UB

%= B (5.9)
\Jo2+ e
where the mean and variance of the minibatch can be computed by:
1\ 2 1 N 2
MB:;;X-I' UBZE;(M—MB) (5.10)

€ is usually initialized to a small number (on the 1077) to avoid a division with zero.

Dropout [20] is a method that select at random a specified percentage of neurons
and their connections to be dropped by the network. Dropout layers significantly reduce

overfitting, and are more efficient compared to other regularization methods.

5.4 Residual Convolutional Networks

The depth of convolutional neural networks seem to be crucial to the performance of
the network in image classification tasks. However, depth can result in gradient van-
ishing or gradient exploding problems, which can have a negative impact on the learn-
ing process, with accuracy getting saturated or even degrading after convergence. This
degradation problem suggests that it can be difficult for networks to approximate identity
mappings from multiple nonlinear layers. These problems were usually addressed by us-
ing sufficiently low learning rates, normalized initialization of the weights or intermediate
normalization layers. In order to address the degradation problem and ease the training
process of deep CNNs, He et al. [21] suggested a reformulation of the convolutional layers
as learning residual functions with reference to the input layers. With residual learning,
if the identity mapping of a layer is optimal, it will tend to be skipped by driving its weights

to zero. A block utilizing a skipping architecture is shown in 5.9.
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weight layer

X
identity

Image 5.9: The basic building block of ResNet, showing the ‘skip’ architecture that resem-

bles the residual function

Given some stacked layers and their desired underlying mapping H(x) to be fitted,

the stacked nonlinear layer is to fit the mapping ¥ (x) := H(x) — x, assuming that input

and output have the same dimensions. The original function becomes ¥ (x) + x. This

can be achieved by using feedforward ‘shortcut’ connections, skipping a number of lay-

ers, without adding any extra parameters to the network. An outline of the ResNet-34

architecture is provided in 5.10
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Image 5.10: Architecture of the ResNet34 models
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The residual networks are easier to optimize, comparing with similar depth networks
that simply stack layers, and they generally outperform plain networks with similar depth.
Various depths of the residual networks were considered, with deeper nets showing

greater performance.

5.5 Fully Convolutional Networks

Fully convolutional networks [2] expand on the semantic segmentation capabilities
of CNNs. In Semantic Segmentation both local and global information impact the task
performance. By extracting feature mappings from multiple layers, FCNs are able to com-
bine deep, coarse semantic information with shallow, fine appearance information. Both
learning and inference are performed with the entirety of the image by dense feedforward

computation and backpropagation.

32x upsampled 2x upsampled 16x upsampled 2x upsampled 8x upsampled
predicti °N-32s) prediction  predicti 6s) prediction predicti

image pooll pool2 pool3 poold poolb pool4 pool3

prediction 4 prediction
/

Image 5.11: An overview of the three basic FCN architectures

Convolutional networks are generally comprised of a convolutional, a pooling and an
activation component. While a general deep net computes a general nonlinear function, a
net with layers with these components computes a nonlinear filter, which is called a deep
filter or fully convolutional network. A FCN naturally operates on an input of any size,
and produces an output of similar (possibly resampled) spatial dimensions.

Upsampling on the filter output is done by backwards convolution, with an output
stride equal to the desired factor. It is performed in network with backpropagation from
pixelwise loss.

The structure of the FCN model is shown in 5.11. Typically a FCN utilizes a deep clas-
sification convolutional network as the backbone. In the paper, Long et al. adapted and
tested AlexNet [37], VGG16 [38] and GoogLeNet [39]. The backbone network is integrated
to the FCN pipeline without its classifier layer. At the coarse output a 1 X 1 convolution
with channel dimension equal to the number relevant to the classification task is added,
followed by a deconvolution layer to bilinearly upsample the coarse outputs to pixel-dense
outputs. This pipeline performed relatively well, but the observed output was coarse, as
the 32 pixel stride at the final prediction layer limited the detail of the output. This prob-
lem was addressed by the introduction of links that combine the final prediction layer
with lower layers that had finer strides. Combining fine layers and coarse layers lets the
model make local predictions that respect global structure. Several of these ‘skips’ were
tried. The original FCN, with a 32 pixel stride was called FCN-32s. For the FCN-16s the

original stride is halved to a 16 pixel stride layer. A 1 X 1 convolution layer is added to the
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immediate lower pool layer, and the output is fused with the prediction made at stride
32, by adding a 2X upsampling layer and summing. The 2X upsampling is initialized
to bilinear interpolation, and the parameters are allowed to be learned. With a similar
process the FCN-8s is built, by fusing the 2X upsampling of the previous predictions
with the prediction from the immediate lower pool layer. These non-linear architectures
outperformed FCN-32s, with FCN-8s granting the best results, both quantitatively and
qualitatively.

5.6 Diffusion Models

The basic ideas behind Diffusion models were introduced by Sohl-Dickstein et al. [22].
The diffusion process is defined by a forward diffusion pass, and then a reverse generative
process, as is depicted in 5.12.

Ho et al. [9] provided a formal definition of Denoising Diffusion Probabilistic Models
(DDPM), expanding on the framework proposed by Sohl-Dickstein et al. It is shown
that Diffusion models can generate high quality samples and outperform other generative
methods, such as GANs.

Poxt 1|Xt
G — @) —

Xt’Xt—l)

Image 5.12: A basic overview of the Diffusion generative process [9]

Diffusion models [9] are latent variable models of the form ps(xg) = f ps(Xo.1) dX1.T,
where X1, ..., Xr are latents of the same dimensionality as the data xo ~ q(Xo).
The joint distribution ps(Xo.r) is called the reverse process, and is defined as a Markov

chain with learned Gaussian transitions starting at p(xr) = N(xr; 0, I):

T T
Po(Xor) = pxr) | | po(xe-11x0) = pxr) | | Nxe13 o 0, Bo(xe, 1) (6.11)
t=1 t=1

where ps(Xo.7) is the Markov chain and N(X; i, o) is the normal distribution with mean u
and covariance o.

What distinguishes diffusion models from other types of latent variable models is that
the approximate posterior q(xi.7[Xg), called the forward process or diffusion process, is
fixed to a Markov chain that gradually adds Gaussian noise to the data according to a

variance schedule £, ..., Br:

T T
q(X1.7/X0) = 1_[ q(X¢lX¢-1) = HN(Xt; V1= Bixi—1. D) (5.12)
t=1 t=1
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The forward process variances f; can be learned by reparameterization or held con-
stant as hyperparameters, and expressiveness of the reverse process is ensured in part
by the choice of Gaussian conditionals in ps(X(—1|X¢), because both processes have the

same functional form when j3; are small.

Training is performed by optimizing the variational lower bound on negative log like-
lihood:

Pa(Xo:1) Pa(X¢-1(X¢)
E|[-1o p(x)sE[—lo —]:E[—lo p(xT) — log——————=| =L (5.13)
[ gpo(xo)] e s q(x1:7/X0) 1 s ! ; s q(x¢[X¢-1)
Using the formulation of the forward process,:
a(xelxo0) = N(x¢; Varxo, (1 = a)l) (5.14)
where:
a=1-p
t
at = l_[ Qs
s=1
L can be improved to:
Eq| Dxi(q(XrlX0) || p(x1)) + Z Dk1.(q(X¢-1/X¢. Xo) || pa(X¢-1/X¢)) —1og pa(Xolx1) (5.15)
1
Lr Li Lo

KL divergence is used directly to compare ps(X;-1|X;) against forward process posteri-

ors, which are tractable when conditioned on Xxg:

q(X¢-11X¢, X0) = N(X¢-1; f,(Xt, X0), Be) (5.16)

Vag- va(l — az— - 1—-a—
where fi;(X;, Xo) = c iﬁtxo + « — i l)xt and fB; = —fl ¢ (5.17)
1-a; 1-a 1-a;

By treating the forward process variances f; as constant, the approximate posterior q
has no learnable parameters and thus the Ly is constant. Thus, with variance fixed, L;

can be expressed as:

1

a| = It (Xe Xo) — pa(x¢, DI | + C (5.18)
20{

Liy =

where C is a constant not dependent on 8. The training objective is formulated in

minimizing the distance between the means of each distribution.
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Ug is parametrized to:

B

1—_5168(Xt’ t)) (5.19)

ms(X¢, t) = ﬁt(xt, %(Xt - V1l- atea(Xt))) = \/_1(1_t (Xt -

Then the L;_; can be simplified to:

B _ _ 2

Ex[Z—t e = ea( Vaxo + VI =ace. (5.20)
207 a/(1 — ay)

So optimizing an objective resembling denoising score matching is equivalent to us-

ing variational inference to fit the finite-time marginal of a sampling chain resembling

Langevin dynamics.

A simplified training objective was also proposed:
— = 2
Loimpe(®) = Eoge e = ea( Vo + VI = e, 0’| (5.21)

which is found to lead to better sample quality, as it emphasizes different reconstruc-

tion aspects that downplay terms with smaller contributions.

5.7 Contrastive Learning

Contrastive Learning [23, 24, 25] learns similar/disimilar representations from data
organized in corresponding pairs. It is based on the assumption that similar instances
contain information that is closer and dissimilar instances will be farther apart [26].
Contrastive Learning is able to more easily capture relevant features and similarities,
suppressing dissimilar information. A visual example of Contrastive Learning is presented
in 5.13.

Contrastive Learning usually leverages a data augmentation scheme, using spatial or
color transformations to enhance the original dataset, that enables the model to learn
the embedded information with better resilience to variations. An Encoder Network is
employed to create a mapping of the enhanced dataset, which is then, with the use of
a Projection Network, casted into lower-dimensional space. The Contrastive Learning
Process is performed on this space, named the embedding space, with the use of an

appropriate loss criterion.

Contrastive learning can be applied in Supervised and Self-Supervised settings. In
Supervised Contrastive Learning labeled data is used for training the model. The objec-
tive is to create models that can minimize the distance between similar representations
and maximize the distance for dissimilar features. In Self-Supervised Contrastive Learn-
ing similar/dissimilar representations are learned using unlabeled data. Typically, the
unlabeled data is clustered in positive and negative pairs that can be used to help the

model learn meaningful representations of the data.
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Image 5.13: A visualization of how Contrastive Learning works [10]

5.8 Domain Adaptation

Transfer Learning aims to help a Machine Learning model transfer the knowledge
learned from one domain to another, related one.

In a typical transfer learning setting, there are two concepts: ‘domain’ and ‘task’. A
domain relates to the feature space of a specific dataset and the marginal probability
distribution of features. A task relates to the label space of a dataset and an objective
predictive function. The goal of transfer learning is to transfer the knowledge learned
from the task T, on domain A to the task T}, on domain B. A well-known transfer learning
method is fine-tuning, where pretrained generic model are tuned-in specified tasks.

Domain Adaptation is a particular type of transfer learning. In domain adaptation, it
is assumed that the domain feature spaces and tasks remain the same while the marginal
distributions are different between the source and target domains [27]. Domain adapta-
tion aims to minimize the impact of domain shift between source and target domain, which
refers to the change of data distribution between the source and the target domain. [12].

Domain Adaptation methods differ based on their settings and their characteristics.

To provide some categorization [27]:

e Label Availability: Supervised & Semi-Supervised & Unsupervised. In supervised
Domain Adaptation, labeled data from the target domain are available during the
training process. In semi-supervised Domain Adaptation, a small number of labeled
data as well as unlabeled data in the target domain are available in the training pro-
cess In unsupervised Domain Adaptation, only unlabeled target data are available

for training.

e Modality Difference: Single-Modality & Cross-Modality. In single modality Domain

Adaptation, the source and target domains share the same data modality or setting.
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In cross-modality Domain Adaptation, the source and target settings are different

Number of sources: Single-Source & Multi-Source. In single-source Domain Adap-
tation, the model is trained on a single source domain, whereas multi-source Do-

main Adaptation uses training samples from multiple source domains.

Unlike Domain Adaptation, Domain Generalization considers the case where the target

domain is totally unknown, with the goal being to enhance the generalization ability of the

model for any unknown target domain [12]. Domain Generalization is typically studied

under two settings, single-source and multi-source. Single-source domain generaliza-

tion assumes a single data distribution, i.e. a homogenous training domain. Multi-source

domain generalization studies several distinct, but relevant domains.

Domain Generalization has many applications in computer vision, such as object

recognition, semantic segmentation, autonomous driving and medical imaging. Many

domain generalization methods have been developed that can be assigned to the following

general categories [12]:

Domain Alignment: Domain Alignment approaches aim to minimize the difference
between source domains, in order to encourage the learning of domain-invariant

representations. [40, 41, 42]

Meta-Learning: Meta-learning utilizes samples from related tasks to benefit future
learning. [43, 44, 45]

Data Augmentation: Data Augmentation is used to avoid overfitting and improve

generalization, by applying a transformation to the source. [46, 47, 48]

Ensemble Learning: With Ensemble Learning multiple copies of the same model are
trained, using different initialization and parameters, and their ensemble is used
for prediction. [49, 50]

Self-Supervised Learning: This method uses labels generated from the data to learn.
It is mainly used with contrastive methods, to learn using minimization instance-

aware representations. [51]

Learning Disentangled Representations: This method allows the model to learn

disentangled representation. [52]
Regularization [53]

Reinforcement Learning [54, 55, 56]
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Approach

In this chapter we present the relevant work in our area of interest, we describe the
methods and architectures we adopted in our work and we outline our methodology. In
the first part of this chapter we present influential approaches to domain adaptation and
generalization, diffusion models and data augmentation. We then describe thoroughly the
methods we used in our work. In the second part of the chapter we describe the structure

of our model pipeline. Finally, we present the details of our implementation.

6.1 Related Work

6.1.1 Domain Adaptation & Generalization

To address the issue of domain shift [57], many domain adaptation approaches are
proposed. These approaches are useful in areas where environmental conditions are
highly variable (Autonomus Driving), or where the differences in capturing equipment
and the difficulties in annotating images generally limit the number of available datasets
(Medical Image Analysis).

The main evaluation method for domain adaptation techniques is to test the trained
models on target domains semantically similar to source ones. Due to the labor-intensive
nature of densely annotating real-life datasets, such as the Cityscapes [1] dataset, syn-
thetic datasets of rendered urban environments, such as the SYNTHIA [11] or the GTA5 [58]
datasets are created to be used as the source dataset for these methods. Models trained
on the synthetic datasets are evaluated with real data, as a standard measure of the
model’s adaptability.

A variety of learning techniques are developed, such as adversarial/contrastive learn-
ing, self-training, style augmentation and feature disentanglement.

Consistency Regularization techniques include mixing images from the target domain
into source, and use these samples for training [59], leveraging extra information, such
as depth, that is provided by some datasets (for example SYNTHIA [11]) to enhance the
segmentation capabilities of standard classifiers [60]. The CAMix [61] method uses a
contextual mask generation and a significance-reweighted consistency loss to identify
context-dependency across domains (6.1). Tsai et al. [62] propose a patch-level align-

ment method, leveraging the K-means algorithm to assign each patch to clusters. Then a

AitAeopauxny Epyaocia m



Chapter 6. Approach

K-way classifier is used to predict the cluster of each patch in the source domain. The Pix-
Match [63] introduces a consistency enforcing method to encourage the target’s resilience
to perturbations. The ROAD [64] framework utilizes the target images to imitate a pre-
trained real style model. It also adapts a spatial-aware method to improve the alignment

between the domains.

==
& - —— Source flow
- ’0\
4 ——  Targetflow
Source| image Mixed student
- pred stucen — > Mixed flow
prediction
T — Significance re-weighted
Mixed image 9 N S
consistency loss
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relationship ] Mixed
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an M (Target) o significance mask
1-M (Source) E
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Image 6.1: Overview of the Context Aware Mixup (CAMix) method

Adversarial methods mainly use discriminator networks to minimize some measure of
distance between source and target domain, increasing the adaptation capabilities of the
model. The CyCADA [65] method combines local pixel-level and global feature structural
consistency with adversarial domain adaptation (6.2). The SIM [66] method split the
semantic labels into two categories, with different approaches for their alignment between
source and target domains. The MSTN [67] apply pseudo labels to target samples and
compare them with source samples, combining self-training with adversarial techniques.
Luo et al. [68] propose a category-level adversarial network, changing the impact of the
adversarial training process of each class, based on its category-level alignment between

source and target domains.

Reconstructed Source Image Source Prediction

Source Label
- -
D
Semantic

Consistency
[1\

Source Image Stylized as Target Target Image

Source Image

Image 6.2: Model Architecture of the CyCADA method [12]

Self-training methods create a pseudo-labeling of the target domain to alternatively
train with the source dataset. This approach can be combined with a class-balanced [69]
framework to enhance the pseudo-label generation. The DLOW [70] model is able to

translate images from a source domain into intermediate domains between the source
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and the target, bridging the distance between the two distributions.

Zhou et al. [71] proposes that Domain Generalization can be improved by increasing
the diversity of available source domains. The Adversarial Data Augmentation [72] method
utilizes a two phase iterative algorithm to achieve better generalization capabilities; a
maximization phase where new images are generated and appended to the dataset and a
minimization phase where the model is updated using the adversarial examples created

during the maximization phase.

6.1.2 Data Augmentation

Data Augmentation methods emphasize modifications on the source data, using per-
turbations, replacements or merging to enhance out-of-domain robustness. Examples of
data augmentation methods are presented in 6.3. PixMix [73] combines an augmentation
scheme with mixing a random image from a predetermined mixing set into the original
image. Cutmix [74] replaces regions of an image with a patch from another image. Other
methods [75, 76] utilize the semantic structures of the images to more carefully apply im-
age mixing. MixStyle [54] randomly selects two instances of different domains and adopts
a probabilistic convex combination between instance-level feature statistics of bottom
CNN layers. MaxStyle [77] uses an auxiliary image decoder attached to a segmentation

network to perform self-supervised image reconstruction and style augmentation.

original brightness contrast rotate
—

sharpness shear

i Kekhosed ity

Image 6.3: Basic image tranformations used for data augmentation [12]

6.1.3 Diffusion Models

Diffusion models [78] seem to perform better in image generation than adversarial ar-
chitectures [79] and can be used effectively in data augmentation and domain generaliza-
tion tasks. Trabucco et al. [80] leverages a Stable Diffusion model to generate augmented
variations of real images, by inserting and fine-tuning new tokens in the text encoder rep-

resenting novel visual concepts. Data augmentation with Diffusion Models can improve
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performance on classification tasks [81] and domain adaptation. DiffuMask [82] presents
an automatic procedure to generate annotated synthetic images, without requiring any
pixel annotations, utilizing cross-attention maps between text and image. SegDiff [13]
uses Diffusion models for Image Segmentation tasks, without relying on a pre-trained
backbone. U-Net encoder and decoder architectures are employed to further refine the
segmented output. This method achieved promising results (6.4). In [83] is showed that
Diffusion Probabilistic Models can provide meaningful representations that can be used
to improve on semantic segmentation tasks. Diffusion Models are utilized in medical ap-

plications, aiming to improve anomaly detection [84], using counterfactual learning [85].

Image 6.4: Model Architecture of the SegDiff method [13]

Source Image

FFT Inverse FFT

Target Image

Source Image in Target Style

FFT

Image 6.5: The FDA algorithm, showing the result of the frequencies substitution [14]

6.1.4 Fourier Domain Adaptation (FDA)

The FDA [14] method can be classified as semi-supervised domain adaptation, based
on entropy minimization. Its motivation is based on the existence of the majority of the
photometric information of an image in low—frequency domains. By replacing this band
of frequencies with the counterpart of the target, information about the outer domain
can be shared with the source. The method utilizes the FFT algorithm to compute the
Fourier Transform of an input image, then replaces the low-amplitude frequencies of the
source image with the corresponding target image frequencies and finally reconstructs the

augmented source image with the inverse Fourier Transform. A parameter S is used as
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a threshold to select the frequencies to be replaced. An overview of the method is shown
in 6.5. The training is conducted with these reconsituted images, and their original

annotations.

6.1.5 The Saliency-balancing Location-scale Augmentation (SLAug)

Previous approaches in improving Source Domain Generalization applied global trans-
formations or random augmentation on the source images. These tend to limit the di-
versity of the augmented images and may impact the generalization performance. The
Saliency—balancing Location—scale Augmentation (SLAug) [28] method combines a both
global and local augmentation scheme with gradient distribution harmonizing mecha-

nism. The structure of the algorithm is shown in 6.6.
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Image 6.6: Architecture of the SLAUG pipeline

The Location—scale Augmentation is done in two parts.

The Global Location—scale Augmentation (GLA) increases the source-like images
through global distribution shifting. The Cubic Bézier Curve [29], a smooth and mono-
tonic function, is utilized for the non-linear transformation of the images. The function is

constrained by the highest (upigh) and lowest (vjow) value of the image region:

Bézier(t) = Y3_o (1 = )> 7 t"%, t € [iow. Unign], 6.1)

where t is a fractional value, Py = (Vjow, Ulow) @and P3 = (Upigh, Uhigh) are the start and end
points to limit the range of values, and P;, P, are the control points whose values are
randomly generated from [viow,Unign]. Before augmentation, x is min-max normalized in

the range of [0, 1]. GLA performing global distribution shifting can be described as:
GLA(x) = a¥o(x) + B, (6.2)

where a ~ TN(1, 01), B ~ TN(O, 0p) are location-scale factors, and o; , 0o are standard
deviations of the two truncated Gaussian distributions respectively. By using %, the
probability of inverse is zero to ensure the GLA samples have similar appearance with

original images.
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The Local Location—scale Augmentation (LLA) takes the individual class-level regions
as the processing unit and applies transformation respectively. The augmented regions

are then combined linearly. This process can be represented as:
LLA(x, m) = X5, acFp. (X) + Be, (6.3)

where a. ~ 7 N(1,01) and B. ~ 7 N(0, 0y) are location-scale factors. For all classes,
pc = 0.5 is set to apply random inversion, except p; = 1 to ensure the LLA augmented
images are dissimilar to the GLA samples.

The Saliency-balancing Fusion aims to preserve the large-gradient areas that indicate
to informational sensitivity. The saliency map is obtained by taking the I, norm of gradient
values across input channels and then downsampled to the grid size of g X g followed by
interpolation to the original image size via quadratic B-spline kernels for smoothing.

The following algorithm describes the proposed pipeline:

Require: Training data (x, m), network f3, loss function £, global location-scale augmen-
tation GLA, local location-scale augmentation LLLA, common augmentation F.

1: x9 « GLA(x)

2: x! « LLA(x, m)

3: X9, %, m « F(x9, x', m) » Common augmentation
4: Calculate gradient Grad = Vze L(fs(X9), m)

5: 8 « normalize(smooth(|Grad))) > Calculate saliency
6: X15d — g0 %9 + (1 -s)0 X!

7: return x/sed

6.1.6 Channel-Level Contrastive Single Domain Generalization (CCSDG)

The main problem of Single Domain Generalization is the difficulty of generalizing in
target—domains, as the segmentation models tend to overfit the source—domain. The
CCSDG [30] method utilizes a contrastive approach to achieve better performance com-
paring to other methods. Using the shallower features of the original images and their
style—augmented counterparts, the Channel Feature Disentanglement module learns to
distinguish between structure relevant features, that are shared across domains, and
structure—irrelevant or style representational channels, that are more sensitive to each
domain characteristics and do not contribute to the models generalization abilities.

This method utilizes:
e A segmentation backbone

e A Style Augmentation (StyleAug) module that generates style—differentiations of the

source image

e A Contrastive Feature Disentanglement module that performs contrastive training
on the features of the source image, extracted from a convolutional layer and its

style—augmented counterpart

The overview of the CCSDG pipeline is presented in figure 6.7.
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Image 6.8: Example outputs of the Style Augmentation Module, using an image from the
SYNTHIA [11] dataset.

The Style Augmentation module utilizes approaches such as gamma correction and
noise additions from BigAug [31], the Bezier curve transformations from SLAug [28] and
low—frequency compontents replacement [14] to create three corresponding augmented
batches from each source batch, perform contrastive training and segmentation. The
output example of the Style Augmentation module is presented in figure 6.8

The Contrastive Feature Disentanglement module uses a convolutional layer to extract
from the source and the augmented images 64—channel feature maps. Using a channel
mask prompt P € R?*64 that is structured to resemble a binary—element vector, each
feature map is seperated into a style representation fs;, and a structure representation fs.
For the contrastive training, the style representations between original and augmented
images are expected to be dissimilar and the structure representations to be similar. Two

loss functions are designed:

Lsir = 21Proj(fg) — Proj(fgi,)|
Lsty = - Z |PrOJ ssty) - PrQ](.fs(%y)ly
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where ° notates the source feature maps and ¢ the augmented ones. Proj with param-
eters 8P reduces the dimension of the feature maps.

The structural representations are finally fed to the segmentation backbone 8% to
produce the predictions. In this way, during training Lg, is minimized to optimize

{8°.P,8°9}, and L + Ly is minimized to optimize {PP, 87}.

6.1.7 DiffuseMix

DiffuseMix is a data augmentation method that utilizes a diffusion model to enhance
an original image dataset. The image augmentation follows three steps: generation,
concatenation and fractal blending. A visualization of the algorithm is shown in 6.9. At
the first step a pretrained diffusion model is guided by a selection of conditional prompts
to generate diverse samples from the original images. Then, the generated images are
combined with the original ones, using a set of masks that combine a part of one image
with the remaining part of the other, so that the concatenated image is a hybrid between
the two. The final step is to infuse in the concatenated product a random image from a

dataset of self—similarity fractals.

Ay
Generated Images [;

’r""‘d,

Generative
Module

I

p_ [ Snowy, Mosaic, Sunset,
~ | Watercolor art,..., Autumn
Set of Prompts

- {0 ™}

Set of Masks Mask M. Set of Fractal Images

Image 6.9: The DiffuseMix Architecture

This approach to image-mixing provides a method that retains the basic structure of
the image and provides the context needed for better augmentation. For the generation
step the diffusion model InstructPix2Pix [32] is used. The prompts used were selected for
their generic nature and low interference with the basic structure of a wide variation of
images (figure 6.10).

The DiffuseMix architecture is capable of improving the generalization capability of

ResNet-50, returning consistent performance gains across many datasets.
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Image 6.10: Example of the output of the diffusion model, with the corresponding textual
prompts

6.2 Methodology

6.2.1 Source Dataset

For the training we used the SYNTHIA [11], a collection of synthetic annotated images
of virtual urban environments. Each image is pixel-level annotated to 13 classes. We
created the training and testing datasets using the SYNTHIA-SEQS datasets, which are
comprised of caption sequences of four video simulations acquired from the viewpoint
of a virtual car. We selected the OMNI-L viewpoint for our experiments. From the 5
available environments (Highway, New York City, Old European Town, New York City
(2), Highway (2)) available, we created 3 training datasets from the first environment,
sampling 800 random images corresponding to the conditions (DAWN, FOG, SPRING),
and 20 testing datasets from the rest, sampling 240 images from the conditions (DAWN,
FOG, NIGHT, SPRING, WINTER). The data and label images were resized from the original
size of 1280 X 760 to a size of 320 X 192, using the cv2.resize function provided by the
OpenCV python library, with the interpolation parameter set to the value cv2.INTER_-
NEAREST.

6.2.2 Training Dataset

We used the pretrained DiffuseMix pipeline [33] to create enhanced variations of the
original datasets. For each of the 3 conditions we applied a subset of the model’s des-
ignated textual prompts. From the outputs of this pipeline, we utilize the generated
product of the InstructPix2Pix [32] Diffusion model and the blended image that are the
product of combining the generated image with the original, and then blending it with a
random fractal image. Using an image from the SYNTHIA dataset, we present the outputs
in figures 6.11, 6.12, 6.13, 6.14.
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Image 6.11: Original, Generated and Blended image outputs of the DiffuseMix pipeline,
providing the text prompt ‘autumn’

Image 6.12: Original, Generated and Blended image outputs of the DiffuseMix pipeline,
providing the text prompt ‘snowy’

Image 6.13: Original, Generated and Blended image outputs of the DiffuseMix pipeline,
providing the text prompt ‘sunset’

Image 6.14: Original, Generated and Blended image outputs of the DiffuseMix pipeline,
providing the text prompt ‘ukiyo-e’

6.2.3 Training Model

The model used is a modified version of the pretrained fen_resnet50 that is provided
in the torchvision.models library. This model consists of a resnet50 [21] backbone, with
a FCN-32 [2] classifier. We adjusted the model to accommodate the Channel Feature
Disentanglement Module [30] after the first convolutional layer of the backbone.

We also use a Projector module, as a part of the contrastive training, using the archi-

tecture described in [30].
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6.2.4 Training Parameters

The training process has a duration of 120 epochs, with a batch size equal to 8. The
Adam optimizer was selected for both the model and the projector module optimizers,
with the learning rate set to 10~ for both, and a weight decay value of 1075 for the model
optimizer.

The 11_loss [34] criterion, with the reduction parameter set to ‘mean’, is used for
training the Channel Feature Disentanglement module, as in [30]. This function computes
the mean absolute error (MAE) between each element.

We selected the function CrossEntropyLoss [35] as our loss criterion for the model
training, with the default parameters. The loss value for each step is calculated by the

following equation:

N
ln exp(xn,yn)
lxy = — Iy =-log ————FF—— (6.5)
nzzll N " 5:1 exp(xn,yn)

where C equals to the number of classes and N is the size of the minibatch.
For the evaluation, we used the Mean Intersection Over Union (MIOU) metric, which
is defined as the average value of the intersection between the predicted and the ground

truth label annotation for each semantic class, divided by their union.

_lAnB|
" JAUB]

J(A, B) (6.6)

For the metrics calculation we are using the MulticlassJaccardIndex [36] function
from the torchmetrics library with default parametres apart from ignoring the back-

ground label.

6.2.5 Training

We train the model, following the steps outlined in the CCSDG [30] pipeline. In the
Style Augment module we omit the gamma correction and noise transforms that the
original pipeline applies to the input images.

Each epoch had a duration of an average of 40 seconds for the simple model training
and an average of 160 seconds for the advanced model.

The experiments were conducted in a cloud computing environment provided by Ama-
zon Web Services, utilizing a NVIDIA A10G GPU.
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Experiment

In this chapter we explore the performance of various configurations, based on the
pipeline architectures we outlined in the previous chapter. We show the most interest-
ing results of applying these data transforms and pipeline alterations. Each model was

trained multiple times, with the final performance being the average of all runs.

7.1 Results from training the base model

At first we train the fcn_resnet50 model, without any of the mentioned modifications,
on the datasets created by the DiffuseMix pipeline.

We notate the baseline as the performance of the model trained on the original dataset.
On the ‘mode’ column we notate ‘gen’ as the Generated output and ‘bl’ as the Blended
output of the DiffuseMix pipeline, with the corresponding textual prompt. The rest of the
columns represent the testing results for each condition on a domain.

An example of training loss and accuracy is provided in figure 7.1. The performance
of each modality is presented in the tables 7.1, 7.2, 7.3, 7.4.

Model loss Model accuracy

025

MIOU

0 20 40 80 100 120 o 20 40 8 100 120

60 50
Epochs Epochs

Image 7.1: Diagrams of Loss and MIOU accuracy in training

AitAeopatxny Epyaocia



Chapter 7. Experiment

New York City

Train Domain Mode DAWN FOG NIGHT SPRING WINTER
baseline 0.305 0.282 0.249 0.288 0.268
gen—autumn | 0.264 0.241 0.224 0.241 0.231
gen—sunset | 0.255 0.246 0.202 0.241 0.221
DAWN | gen—ukiyo-e | 0.256 0.232 0.209 0.245 0.228
bl-autumn | 0.243 0.215 0.184 0.218 0.193
bl-sunset 0.239 0.212 0.186 0.209 0.180
bl-ukiyo-e 0.247 0.231 0.189 0.235 0.208

baseline 0.255 0.293 0.190 0.252 0.265
gen—autumn | 0.219 0.236 0.155 0.217 0.213
gen—sunset | 0.171 0.223 0.126 0.178 0.178
FOG | gen—ukiyo-e | 0.232 0.250 0.173 0.257 0.228
bl-autumn | 0.194 0.218 0.113 0.197 0.179
bl-sunset 0.187 0.220 0.099 0.198 0.184
bl-ukiyo-e 0.197 0.225 0.128 0.219 0.193

baseline 0.246 0.254 0.200 0.265 0.252
gen—autumn | 0.221 0.219 0.196 0.242 0.248
gen—sunset | 0.221 0.226 0.165 0.226 0.242
SPRING | bl-autumn | 0.218 0.232 0.182 0.242 0.256
bl-sunset 0.206 0.235 0.177 0.224 0.240
bl-ukiyo-e 0.210 0.236 0.181 0.238 0.247

Table 7.1: Training the base model on New York City

Old European Town

Train Domain Prompt DAWN FOG NIGHT SPRING WINTER
baseline 0.281 0.329 0.304 0.346 0.269
gen—autumn | 0.226 0.264 0.247 0.266 0.228
gen—sunset | 0.240 0.270 0.232 0.266 0.216
DAWN | gen—ukiyo-e | 0.221 0.263 0.238 0.265 0.226
bl-autumn | 0.186 0.209 0.192 0.221 0.175
bl-sunset 0.193 0.218 0.200 0.215 0.166
bl-ukiyo-e 0.210 0.248 0.229 0.250 0.205

baseline 0.244 0.331 0.224 0.290 0.264
gen—autumn | 0.224 0.272 0.201 0.262 0.219
gen—sunset | 0.197 0.231 0.162 0.181 0.173
FOG | gen—ukiyo-e | 0.217 0.281 0.218 0.282 0.222
bl—autumn | 0.193 0.227 0.165 0.211 0.170
bl-sunset 0.206 0.229 0.157 0.212 0.174
bl-ukiyo-e 0.196 0.231 0.193 0.237 0.183

baseline 0.286 0.289 0.263 0.309 0.266
gen—autumn | 0.244 0.247 0.230 0.258 0.242
gen—sunset | 0.266 0.258 0.229 0.262 0.265
SPRING | bl-autumn | 0.225 0.216 0.208 0.241 0.208
bl-sunset 0.209 0.216 0.191 0.237 0.204

bl-ukiyo-e 0.227 0.223 0.223 0.251 0.221

Table 7.2: Training the base model on Old European Town
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New York City (2)

Train Domain Prompt DAWN FOG NIGHT SPRING WINTER
baseline 0.374 0.303 0.318 0.386 0.282
gen—autumn | 0.328 0.277 0.263 0.304 0.238
gen—-sunset | 0.323 0.251 0.216 0.295 0.197
DAWN | gen—ukiyo-e | 0.337 0.263 0.264 0.324 0.231
bl-autumn | 0.297 0.240 0.191 0.274 0.200
bl-sunset 0.303 0.248 0.215 0.269 0.183
bl-ukiyo-e 0.312 0.267 0.231 0.287 0.207

baseline | 0.316 0.358 0.257 0.358  0.289
gen—autumn | 0.264 0.308 0.220 0.335  0.255
gen-sunset | 0.252 0.297 0.201 0.303  0.211
FOG | gen—ukiyo-e | 0.296 0.320 0.244 0.359  0.256
bl-autumn | 0.254 0.299 0.197 0.316  0.231
bl-sunset | 0.252 0.292 0.197 0.300  0.222
bl-ukiyo-e | 0.244 0.290 0.211 0.307  0.229

baseline 0.325 0.314 0.311 0.381 0.299
gen—autumn | 0.305 0.301 0.295 0.349 0.303
gen—sunset | 0.309 0.268 0.250 0.371 0.284
SPRING | bl-autumn | 0.285 0.293 0.276 0.347 0.287
bl-sunset 0.281 0.292 0.269 0.314 0.264
bl-ukiyo-e 0.289 0.300 0.290 0.325 0.281

Table 7.3: Training the base model on New York City (2)

Highway (2)

Train Domain Prompt DAWN FOG NIGHT SPRING WINTER
baseline 0.415 0.347 0.356 0.389 0.386
gen—autumn | 0.398 0.388 0.355 0.355 0.369
gen—sunset | 0.402 0.309 0.283 0.341 0.317
DAWN | gen—ukiyo-e | 0.402 0.330 0.337 0.344 0.359
bl-autumn | 0.384 0.365 0.277 0.347 0.339
bl-sunset 0.388 0.357 0.285 0.350 0.319
bl-ukiyo-e 0.396 0.384 0.329 0.346 0.347

baseline 0.332 0.424 0.305 0.367 0.388
gen—autumn | 0.290 0.389 0.389  0.337 0.358
gen—sunset | 0.293 0.372 0.260 0.289 0.332
FOG | gen—ukiyo-e | 0.363 0.398 0.287  0.387 0.370
bl-autumn | 0.330 0.367 0.261 0.382 0.337
bl-sunset 0.327 0.365 0.272 0.373 0.316

bl—-ukiyo-e 0.322 0.365 0.291 0.387 0.333

baseline 0.385 0.374 0.372 0.451 0.392
gen—autumn | 0.369 0.357 0.368 0.429 0.365
gen—sunset | 0.383 0.319 0.313 0.423 0.358
SPRING | bl-autumn | 0.324 0.325 0.347 0.417 0.343
bl-sunset 0.352 0.357 0.314 0.424 0.344
bl-ukiyo-e | 0.322 0.365 0.291 0.387 0.333

Table 7.4: Training the base model on Highway (2)

We observe that the Generated datasets perform better than their Blended coun-

terparts. Apart from some cases, the model trained on the original dataset performs
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distinctly better. There seems to be a performance improvement for some conditions or
combinations, especially in the FOG train condition on the HIGHWAY (2) testing environ-

ment, but we cannot safely deduce a pattern.

7.2 Results from training the augmented model

Using the same naming scheme for the column ‘Mode’, we show the performance of
the model including the Contrastive Learning module, testing various textual prompts.
As before, we compare the augmented datasets with the original (noted as ‘augment’),
plus the performance of the base model trained on the original data (noted as baseline’).

An example of training loss and accuracy is provided in figure 7.2. The performance
of each modality is presented in the tables 7.5, 7.6, 7.7, 7.8.

Model loss Model accuracy

0.225

0175 o070
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Loss
Miou
°
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0100
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Image 7.2: Diagrams of Loss and MIOU accuracy in training
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7.2 Results from training the augmented model

New York City

Train Domain Mode DAWN FOG NIGHT SPRING WINTER

baseline 0.305 0.282 0.249 0.288 0.268
augment 0.228 0.220 0.176 0.196 0.185
gen—autumn | 0.190 0.182 0.158 0.169 0.174
gen—snowy | 0.190 0.203 0.160 0.202 0.195
gen—sunset | 0.228 0.220 0.179 0.208 0.189
bl-autumn | 0.216 0.191 0.174 0.186 0.167
bl-snowy 0.222 0.206 0.182 0.210 0.192

bl-sunset 0.216 0.208 0.168 0.193 0.178

DAWN

baseline 0.255 0.293 0.190 0.252 0.265
augment 0.186 0.224 0.131 0.188 0.176
gen—autumn | 0.210 0.239 0.158 0.224 0.194

FOG

gen—snowy | 0.148 0.191 0.103 0.171 0.168
gen—aurora | 0.129 0.191 0.085 0.167 0.167
bl-autumn | 0.164 0.214 0.107 0.193 0.164

bl-snowy 0.142 0.197 0.099 0.183 0.161

bl-aurora 0.158 0.218 0.097 0.205 0.187

baseline 0.246 0.254 0.200 0.265 0.252

augment 0.227 0.249 0.190 0.262 0.255

SPRING gen—autumn | 0.211 0.227 0.186 0.226 0.242

gen—snowy | 0.152 0.194 0.143 0.172 0.200
gen—aurora | 0.162 0.205 0.141 0.202 0.227
bl-autumn | 0.180 0.229 0.132 0.230 0.239
bl-snowy 0.135 0.193 0.111 0.193 0.210
bl-aurora 0.170 0.211 0.145 0.213 0.229

Table 7.5: Training the augmented model on New York City
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Old European Town

Train Domain Mode DAWN FOG NIGHT SPRING WINTER
baseline 0.281 0.329 0.304 0.346 0.269
augment 0.237 0.269 0.234 0.246 0.205
DAWN gen—autumn | 0.162 0.192 0.171 0.189 0.178
gen—snowy | 0.193 0.212 0.187 0.211 0.202
gen—sunset | 0.195 0.223 0.201 0.223 0.205
bl-autumn | 0.166 0.205 0.182 0.199 0.177
bl-snowy 0.180 0.206 0.188 0.214 0.195
bl-sunset 0.168 0.196 0.175 0.193 0.172
baseline 0.244 0.331 0.224 0.290 0.264
augment 0.227 0.242 0.190 0.230 0.193
FOG gen—autumn | 0.224 0.231 0.188 0.213 0.193
gen—-snowy | 0.182 0.179 0.148 0.184 0.190
gen—aurora | 0.191 0.194 0.164 0.177 0.163
bl-autumn | 0.206 0.201 0.161 0.181 0.144
bl-snowy 0.188 0.187 0.147 0.185 0.173
bl-aurora 0.197 0.185 0.152 0.178 0.160
baseline 0.286 0.289 0.263 0.309 0.266
augment 0.262 0.257 0.226 0.267 0.272
SPRING gen—autumn | 0.242 0.238 0.219 0.241 0.249
gen—snowy | 0.179 0.170 0.148 0.182 0.200
gen—aurora | 0.208 0.195 0.177 0.198 0.208
bl-autumn | 0.223 0.191 0.169 0.203 0.212
bl-snowy 0.181 0.148 0.130 0.175 0.187
bl-aurora 0.191 0.172 0.154 0.182 0.188

Table 7.6: Training the augmented model on Old European Town
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New York City (2)

Train Domain Mode DAWN FOG NIGHT SPRING WINTER

baseline 0.374 0.303 0.318 0.386 0.282
augment 0.318 0.272 0.242 0.300 0.198
gen—autumn | 0.270 0.228 0.210 0.262 0.187
gen—-snowy | 0.282 0.252 0.246 0.282 0.213
gen—sunset | 0.297 0.253 0.214 0.278 0.199
bl-autumn | 0.287 0.234 0.215 0.249 0.188
bl-snowy 0.282 0.242 0.223 0.262 0.193

bl-sunset 0.271 0.229 0.197 0.251 0.183

DAWN

baseline 0.316 0.358 0.257 0.358 0.289
augment 0.282 0.312 0.278 0.355 0.229
gen—autumn | 0.282 0.299 0.254 0.325 0.239

FOG

gen—snowy | 0.232 0.273 0.247 0.302 0.230
gen—aurora | 0.204 0.253 0.211 0.255 0.210
bl-autumn | 0.230 0.279 0.214 0.301 0.218

bl-snowy 0.229 0.290 0.246 0.298 0.227

bl—-aurora 0.230 0.287 0.242 0.315 0.233

baseline 0.325 0.314 0.311 0.381 0.299

augment 0.304 0.330 0.294 0.385 0.313

SPRING gen—autumn | 0.306 0.314 0.300 0.349 0.330

gen—snowy | 0.250 0.274 0.276 0.302 0.269
gen—aurora | 0.257 0.279 0.268 0.324 0.275
bl-autumn | 0.254 0.284 0.266 0.340 0.307
bl-snowy 0.217 0.266 0.257 0.295 0.271
bl-aurora 0.245 0.277 0.258 0.304 0.273

Table 7.7: Training the augmented model on New York City (2)
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Highway (2)
Train Domain Mode DAWN FOG NIGHT SPRING WINTER
baseline 0.415 0.347 0.356 0.389 0.386
augment 0.408 0.379 0.323 0.354 0.346
DAWN gen—autumn | 0.366 0.351 0.308 0.316 0.327
gen-snowy | 0.385 0.371 0.332 0.341 0.343
gen—sunset | 0.386 0.366 0.285 0.325 0.335
bl-autumn | 0.369 0.365 0.308 0.328 0.326
bl-snowy 0.373 0.362 0.305 0.320 0.319
bl-sunset 0.360 0.353 0.285 0.328 0.316
baseline 0.332 0.424 0.305 0.367 0.388
augment 0.374 0.382 0.334 0.411 0.361
FOG gen—autumn | 0.364 0.358 0.326 0.397 0.352
gen—-snowy | 0.346 0.363 0.341 0.403 0.351
gen—aurora | 0.289 0.313 0.313 0.358 0.282
bl-autumn | 0.304 0.320 0.300 0.365 0.288
bl-snowy 0.316 0.333 0.340 0.382 0.316
bl-aurora 0.305 0.319 0.334 0.376 0.287
baseline 0.385 0.374 0.372 0.451 0.392
augment 0.350 0.376 0.352 0.426 0.363
SPRING gen—autumn | 0.374 0371 0.384  0.421 0.370
gen—-snowy | 0.351 0.351 0.359 0.416 0.355
gen—aurora | 0.330 0.332 0.333 0.399 0.324
bl-autumn | 0.321 0.327 0.345 0.403 0.344
bl-snowy 0.307 0.310 0.353 0.403 0.331
bl-aurora 0.325 0.336 0.343 0.405 0.339

Table 7.8: Training the augmented model on Highway (2)

Generally the baseline performed better on most settings. The augmented model,
trained on the original dataset seem to perform comparatively better than the mod-
els trained on the transformed datasets. On the domain most similar with the source
(HIGHWAY (2)) there seems to be an improvement on the conditions most dissimilar with

the train condition, but the impovements seem to be very condition—specific.
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7.3 Results from additional training configurations on the aug-

mented model

In the previous part we trained the models using the pipeline architecture suggested
in [30]. In this part we apply different alterations to the ‘augmented’ pipeline and compare

their performance:

e Configuration A: For the first 40 epochs of training , the original dataset is loaded
to the augmented pipeline. For the remaining number of epochs we modify the
pipeline by stopping the Contrastive Learning process and train the model using a

transformed dataset.

e Configuration B: For each epoch, we train the Contrastive Module on the original

dataset, and then we train the model on the transformed dataset.

e Configuration C: For each epoch, we train the Contrastive Module and apply the
style augmentations to the original dataset, and then we train on a transformed

dataset.

e Configuration D: For the first 40 epochs we train the augmented model on the

original dataset, and then we train the model on a transformed dataset.

Several other configurations were tried, with performance significantly worse com-
pared to the baseline. Below we show the combinations that show consistant improve-
ment on one or more domains. As before, the trained models are compared with the
unmodified ‘baseline’ model and the ‘augment’ model, trained on the original datasets.
The title of each table describes which output of the DiffuseMix model we used, the textual
prompt and the training domain.

An example of training loss and accuracy for Configuration A is provided in figure 7.3.
Visual Diagrams of the configurations tested are provided in figures 7.4, 7.5, 7.6, 7.7.
The performance of each modality is presented in the tables 7.9, 7.10, 7.11, 7.12.

Model loss Model accuracy

MIoU

0.08 0.60

Image 7.3: Diagrams of Loss and MIOU accuracy in training
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Image 7.4: Diagram of the Configuration A
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Image 7.5: Diagram of the Configuration B
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Image 7.6: Diagram of the Configuration C
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Image 7.7: Diagram of the Configuration D
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generated,snowy,fog

Test Domain Mode DAWN FOG NIGHT SPRING WINTER

baseline | 0.255 0.293 0.190 0.252 0.265

augment | 0.186 0.224 0.131  0.188 0.176

New York A 0.198 0.246 0.170 0.215 0.216
City B 0.159 0.217 0.129 0.180 0.176
C 0.186 0.223 0.141  0.202 0.192

D 0.154 0.206 0.112 0.171 0.169

baseline | 0.244 0.331 0.224 0.290 0.264

augment | 0.227 0.242 0.190  0.230 0.193

giiopean A 0.232 0.261 0.222  0.257 0.248
Town B 0.188 0.199 0.163 0.201 0.210
C 0.239 0.251 0.209 0.243 0.222

D 0.182 0.186 0.147 0.180 0.187

baseline | 0.316 0.358 0.257 0.358 0.289

augment | 0.282 0.312 0.278  0.355 0.229

New York A 0.296 0.336 0.303  0.350 0.278
City (2) B 0.255 0.300 0.265 0.315 0.245
C 0.264 0.313 0.272 0.336 0.242

D 0.241 0.286 0.252 0.310 0.228

baseline | 0.332 0.424 0.305 0.367 0.388

augment | 0.374 0.382 0.334  0.411 0.361

Highway A 0.368 0.382 0.368 0.414 0.366
) B 0.357 0.370 0.353  0.405 0.360
C 0.372 0.387 0.345 0.412 0.372

D 0.344 0.369 0.340 0.400 0.357

Table 7.9: Test fine-tuning approaches for the augmented model with generated images on
the ‘snowy’ textual prompt. Training is done on the FOG condition
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blended,snowy,dawn

Test Domain Mode DAWN FOG NIGHT SPRING WINTER

baseline | 0.305 0.282 0.249 0.288 0.268

augment | 0.228 0.220 0.176  0.196 0.185

New York A 0.225 0.232 0.197 0.209 0.194
City B 0.222 0.193 0.180 0.200 0.179
C 0.223 0.205 0.171  0.192 0.172

D 0.211 0.187 0.179  0.190 0.169

baseline | 0.281 0.329 0.304 0.346 0.269

augment | 0.237 0.269 0.234  0.246 0.205

glliopean A 0.211 0.242 0.217 0.238 0.211
Town B 0.175 0.193 0.175  0.204 0.190
C 0.188 0.215 0.189 0.210 0.177

D 0.169 0.187 0.170 0.197 0.178

baseline | 0.374 0.303 0.318 0.386 0.282

augment | 0.318 0.272 0.242  0.300 0.198

New York A 0.297 0.269 0.253  0.287 0.203
City (2) B 0.266 0.233 0.223  0.268 0.190
C 0.287 0.239 0.221 0.254 0.177

D 0.258 0.224 0.224  0.250 0.183

baseline | 0.415 0.347 0.356 0.389 0.386

augment | 0.408 0.379 0.323  0.354 0.346

Highway A 0.390 0.384 0.328 0.350 0.345
) B 0.360 0.360 0.304 0.326 0.310
C 0.389 0.380 0.326  0.336 0.337

D 0.370 0.368 0.302  0.333 0.316

Table 7.10: Test fine-tuning approaches for the augmented model with generated images
on the ‘snowy’ textual prompt. Training is done on the DAWN condition
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ukiyo-e,fog

Test Domain Mode DAWN FOG NIGHT SPRING WINTER

baseline | 0.255 0.293 0.190 0.252  0.265
augment | 0.186 0.224 0.131  0.188 0.176
New York bl-A 0.174 0.237 0.129  0.204 0.189
City gen—-A | 0.202 0.234 0.161 0.219 0.197
bl-D 0.192 0.226 0.148  0.205 0.179
gen-D | 0.199 0.236 0.153 0.213 0.211

baseline | 0.244 0.331 0.224 0.290 0.264
augment | 0.227 0.242 0.190 0.230 0.193

old bl-A 0.195 0.206 0.172 0.203 0.180
European
Town gen—A 0.227 0.240 0.210 0.249 0.211

bl-D 0.207 0.218 0.179 0.215 0.180
gen-D 0.240 0.255 0.222 0.256 0.219

baseline | 0.316 0.358 0.257 0.358  0.289
augment | 0.282 0.312 0.278  0.355 0.229
New York bl-A | 0.248 0.303 0.265 0.314 0.236
City (2) gen—-A | 0.277 0.307 0.294 0.351 0.243
bl-D 0.252 0.303 0.267  0.320 0.230
gen-D | 0.283 0.308 0.285  0.347 0.247

baseline | 0.332 0.424 0.305 0.367 0.388
augment | 0.374 0.382 0.334 0.411 0.361
bl-A 0.341 0.359 0.350 0.394 0.341
gen—A | 0.372 0.376 0.363 0.410 0.370
bl-D 0.331 0.357 0.361 0.390 0.334

gen—D 0.369 0.388 0.369 0.414 0.370

Highway(2)

Table 7.11: Test configurations A and D with generated and blended images on the ‘ukiyo-
e’ textual prompt. Training is done on the FOG condition
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7.3 Results from additional training configurations on the augmented model

ukiyo-e,spring

Test Domain Mode DAWN FOG NIGHT SPRING WINTER

baseline | 0.246 0.254 0.200 0.265 0.252
augment | 0.227 0.249 0.190  0.262 0.255
New York bl-A 0.197 0.218 0.169  0.224 0.237
City gen—-A | 0.206 0.219 0.186 0.218 0.238
bl-D 0.195 0.226 0.163  0.234 0.243

gen—-D 0.203 0.233 0.184 0.214 0.239

baseline | 0.286 0.289 0.263 0.309 0.266

augment | 0.262 0.257 0.226 0.267 0.272

old bl-A 0.227 0.198 0.186 0.218 0.213
European
Town gen—A 0.236 0.222 0.214 0.231 0.240

bl-D 0.236 0.196 0.178 0.211 0.218
gen-D 0.246 0.228 0.215 0.240 0.245

baseline | 0.325 0.314 0.311 0.381 0.299
augment | 0.304 0.330 0.294 0.385  0.313
New York bl-A | 0.273 0.284 0.284 0.326 0.285
City (2) gen-A | 0.301 0.301 0.304 0.351 0.306
bl-D | 0.276 0.290 0.286  0.341 0.291
gen-D | 0.297 0.294 0.300 0.343 0.292

baseline | 0.385 0.374 0.372  0.451 0.392
augment | 0.350 0.376 0.352 0.426 0.363
Highway bl-A 0.346 0.347 0.380 0.417 0.346
2) gen—-A | 0.366 0.365 0.384 0.418 0.367
bl-D 0.339 0.341 0.370  0.405 0.346
gen-D | 0.372 0.364 0.394 0.420 0.364

Table 7.12: Test configurations A and D with generated and blended images on the ‘ukiyo-
e’ textual prompt. Training is done on the SPRING condition

We can observe that generally these configurations perform similarly or worse than
the base model or even the augmented model, with the exception of some gains occuring
mainly with the Highway (2) environment and the NIGHT condition. The best performing
configuration is A, with D also excibiting some improvement. It is also observed that the
training on the images generated by the diffusion model provides better results than the

training on the blended images.
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Chapter 7. Experiment

7.4 Further investigation of the Highway (2) environment

We observed that testing on the Highway (2) had more success, comparing with the
other environments. We present an overview across all training domains and modalities

to find possible patterns.

The performance of each modality is presented in the tables 7.13, 7.14, 7.15.

Train Domain: Dawn

Mode Prompt | DAWN FOG NIGHT SPRING WINTER
baseline - 0.415 0.347 0.356 0.389 0.386
augment - 0.408 0.379 0.323 0.354 0.346

base-bl autumn | 0.384 0.365 0.277 0.347 0.339
base-gen autumn | 0.398 0.388 0.355 0.355 0.369
base-bl ukiyo-e | 0.396 0.384 0.329 0.346 0.347
base-gen ukiyo-e | 0.402 0.330 0.337 0.344 0.359
augment-bl autumn | 0.369 0.365 0.308 0.328 0.326
augment-gen autumn | 0.366 0.351 0.308 0.316 0.327
augment-bl snowy | 0.373 0.362 0.305 0.320 0.319

augment-gen snowy | 0.385 0.371 0.332 0.341 0.343

bl-A autumn | 0.385 0.374 0.336 0.350 0.339
gen-A autumn | 0.395 0.379 0.342 0.348 0.354
bl-A snowy | 0.390 0.384 0.328 0.350 0.345
gen-A snowy | 0.387 0.376 0.342 0.348 0.343
bl-A ukiyo-e | 0.388 0.378 0.316 0.323 0.340
gen-A ukiyo-e | 0.392 0.363 0.333 0.332 0.349
bl-B autumn | 0.360 0.349 0.291 0.318 0.331
gen-B autumn | 0.386 0.379 0.337 0.337 0.350
bl-B snowy | 0.360 0.360 0.304 0.326 0.310
gen-B snowy | 0.402 0.374 0.329 0.347 0.356
bl-C autumn | 0.397 0.377 0.318 0.342 0.349
bl-C ukiyo-e | 0.412 0.394 0.340 0.356 0.347
bl-D snowy | 0.370 0.368 0.302 0.333 0.316
gen-D snowy | 0.386 0.378 0.342 0.341 0.341
bl-D ukiyo-e | 0.398 0.389 0.342 0.351 0.349
gen-D ukiyo-e | 0.394 0.372 0.346 0.341 0.345

Table 7.13: Outline of the performance of all methods, applied to environment Highway (2)
with training condition DAWN
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7.4 Further investigation of the Highway (2) environment

Train Domain: Fog

Mode Prompt | DAWN FOG NIGHT SPRING WINTER
baseline - 0.332 0.424 0.305 0.367 0.388
augment - 0.374 0.382 0.334 0.411 0.361

base-bl autumn | 0.330 0.367 0.261 0.382 0.337
base-gen autumn | 0.290 0.389 0.271 0.337 0.358
base-bl ukiyo-e | 0.322 0.365 0.291 0.387 0.333
base-gen ukiyo-e | 0.363 0.398 0.287 0.387 0.370
augment-bl autumn | 0.304 0.320 0.300 0.365 0.288
augment-gen autumn | 0.364 0.358 0.326 0.397 0.352
augment-bl snowy | 0.316 0.333 0.340 0.382 0.316
augment-gen snowy | 0.346 0.363 0.341 0.403 0.351

bl-A aurora | 0.338 0.360 0.345 0.391 0.331
gen-A aurora | 0.338 0.362 0.330 0.387 0.336
bl-A snowy | 0.346 0.366 0.358 0.403 0.350
gen-A snowy | 0.368 0.382 0.368 0.414 0.366
bl-A ukiyo-e | 0.341 0.359 0.350 0.394 0.341
gen-A ukiyo-e | 0.372 0.376 0.363 0.410 0.370
gen-B snowy | 0.357 0.370 0.353 0.405 0.360
gen-B ukiyo-e | 0.363 0.385 0.365 0.411 0.368
gen-C snowy | 0.372 0.387 0.345 0.412 0.372
bl-D snowy | 0.316 0.331 0.345 0.390 0.326
gen-D snowy | 0.344 0.369 0.340 0.400 0.357
bl-D ukiyo-e | 0.331 0.357 0.361 0.390 0.334
gen-D ukiyo-e | 0.369 0.388 0.369 0.414 0.370

Table 7.14: Outline of the performance of all methods, applied to environment Highway (2)
with training condition FOG
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Chapter 7. Experiment

Train Domain: Spring

Mode Prompt | DAWN FOG NIGHT SPRING WINTER

baseline - 0.385 0.374 0.372 0.451 0.392
augment - 0.350 0.376 0.352 0.426 0.363
base-bl autumn | 0.324 0.325 0.347 0.417 0.343
base-gen autumn | 0.369 0.357 0.368 0.429 0.365
augment-bl aurora | 0.325 0.336 0.343 0.405 0.339
augment-gen aurora | 0.330 0.332 0.333 0.399 0.324
augment-bl autumn | 0.321 0.327 0.345 0.403 0.344
augment-gen autumn | 0.374 0.371 0.384 0.421 0.370
augment-bl snowy | 0.307 0.310 0.353 0.403 0.331
augment-gen snowy | 0.351 0.351 0.359 0.416 0.355
bl-A aurora | 0.357 0.362 0.363 0.424 0.361
gen-A aurora | 0.371 0.365 0.355 0.420 0.367
bl-A autumn | 0.374 0.370 0.384 0.428 0.372
gen-A autumn | 0.383 0.372 0.398 0.435 0.383
bl-A ukiyo-e | 0.346 0.347 0.380 0.417 0.346
gen-A ukiyo-e | 0.366 0.365 0.384 0.418 0.367
bl-B ukiyo-e | 0.342 0.347 0.365 0.408 0.344
gen-C snowy | 0.367 0.369 0.372 0.435 0.366
bl-D ukiyo-e | 0.339 0.341 0.370 0.405 0.346

gen-D ukiyo-e | 0.372 0.364 0.394 0.420 0.364

Table 7.15: Outline of the performance of all methods, applied to environment Highway (2)

with training condition SPRING

We can see more clearly that for similar training environments, the methods we use
can outperform the baseline, in particular in conditions that are distant from the training
domain, such as FOG with the training done on DAWN or FOG and NIGHT with training

done on SPRING. For training in FOG our method seem to improve the performance by a

significant margin in most of the distant domains, such as DAWN and SPRING.

AinAeopatxny Epyaocia



Chapter E

Conclusion

8.1 Conclusion

In this thesis we showed that the use of our augmented pipeline can improve the
baseline in some cases. When testing our trained model on the most similar domain, we
observed performance improvement for conditions that are dissimilar with the training
setting. We can conclude that our design can be useful for fine-tuning a model to ad-
verse domains. We also observed that the selection of the textual prompt influenced the
performance of the model. For the same setting, there were one or more textual prompts
that performed significantly better, comparing with other prompts. The best perform-
ing prompts also differed between domains, with each training condition suggesting a
different subset of optimal prompts.

Nonetheless, in most cases there was no improvement in performance, with baseline
performing the best by a significant margin. This can be attributed to insufficient reg-
ularization, or other hyperparameter settings which caused the model to be unable to
generalize, issues that despite extensive experimentation were not addressed. It can be
suggested that this task cannot be sufficiently addressed by our architectural choices,
but the occasional improvements should be further investigated.

It must be noted that the CCSDG model was developed for a semantic segmentation
task, while the segmentation tasks with the SYNTHIA dataset may be addressed more

efficiently in an instance segmentation setting.

8.2 Future Work

There are many paths to build on this work. We can expand on the utilization of
the DiffuseMix pipeline, with the combination of images produced with multiple textual
prompts in one training dataset, with a possibility of an optimal conbination of these
prompts. For an easier route, we can introduce another model architecture, for example
an instance segmentation model or a ViT, or expand the capabilities of our FCN model. It
will be beneficial to apply this architecture on a classic Domain Generalization task such
as the SYNTHIA—Cityscapes that can help us reveal the pattern behind the increases in
performance. An in-depth semantic class analysis, and a possible introduction of a class

discriminatory training scheme might prove to be of use.

AitAeopatxny Epyaocia m






BiBAloypagia

[1] Marius Cordts, Mohamed Omran, Sebastian Ramos, Timo Rehfeld, Markus Enzwei-
ler, Rodrigo Benenson, Uwe Franke, Stefan Roth kat Bernt Schiele. The Cityscapes

Dataset for Semantic Urban Scene Understanding, 2016.

[2] Jonathan Long, Evan Shelhamer kat Trevor Darrell. Fully Convolutional Networls

Jfor Semantic Segmentation, 2015.
[3] Kaiming He, Georgia Gkioxari, Piotr Dollar kat Ross Girshick. Mask R-CNN, 2018.

[4] Overview of a Neural Network’s Learning Process. https://medium.com/data-
science-365/overview-of-a-neural-networks-learning-process-61690a502fa. Hpepopun-
via ipéoBaong: 14-06-2025.

[B] Model Fit: Underfitting vs. Overfitting. https://docs.aws.amazon.com/machine-learning/
latest/dg/model- fit-underfitting-vs-overfitting.html. Hpepopnvia npoéocBaong: 19-
06-2025.

[6] Keiron O’Shea kat Ryan Nash. An Introduction to Convolutional Neural Networks,
2015.

[7] Convolution operation. https://www.researchgate.net/figure/Convolution-operation_

fig2_355656417. Hpepopnvia npoocBaong: 22-06-2025.

[8] Illustration-of-Max-Pooling-and-Average-Pooling. https://www.researchgate.net/
figure/1llustration-of-Max-Pooling-and-Average-Pooling-Figure-2-above-shows-an-

example-of-max_fig2 333593451. Huepounvia nipoocBaong: 22-06-2025.

[9] Jonathan Ho, Ajay Jain kat Pieter Abbeel. Denoising Diffusion Probabilistic Models,
2020.

[10] Visualization of how Contrastive Learning works. https://www.researchgate.
net/figure/sualization-of-how-Contrastive-Learning-works-The-process-involves-

augmenting-the_fig3_382262406. Hpuepounvia ipooBaong: 25-06-2025.

[11] German Ros, Laura Sellart, Joanna Materzynska, David Vazquez, kat Antonio M.
Lopez. The SYNTHIA Dataset: A Large Collection of Synthetic Images for Semantic
Segmentation of Urban Scenes. IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), Las Vegas, NV, USA, 2016.

AinAouatxny Epyaoia 117


https://medium.com/data-science-365/overview-of-a-neural-networks-learning-process-61690a502fa
https://medium.com/data-science-365/overview-of-a-neural-networks-learning-process-61690a502fa
https://docs.aws.amazon.com/machine-learning/latest/dg/model-fit-underfitting-vs-overfitting.html
https://docs.aws.amazon.com/machine-learning/latest/dg/model-fit-underfitting-vs-overfitting.html
https://www.researchgate.net/figure/Convolution-operation_fig2_355656417
https://www.researchgate.net/figure/Convolution-operation_fig2_355656417
https://www.researchgate.net/figure/llustration-of-Max-Pooling-and-Average-Pooling-Figure-2-above-shows-an-example-of-max_fig2_333593451
https://www.researchgate.net/figure/llustration-of-Max-Pooling-and-Average-Pooling-Figure-2-above-shows-an-example-of-max_fig2_333593451
https://www.researchgate.net/figure/llustration-of-Max-Pooling-and-Average-Pooling-Figure-2-above-shows-an-example-of-max_fig2_333593451
https://www.researchgate.net/figure/sualization-of-how-Contrastive-Learning-works-The-process-involves-augmenting-the_fig3_382262406
https://www.researchgate.net/figure/sualization-of-how-Contrastive-Learning-works-The-process-involves-augmenting-the_fig3_382262406
https://www.researchgate.net/figure/sualization-of-how-Contrastive-Learning-works-The-process-involves-augmenting-the_fig3_382262406

BIBAIOTPADIA

(12]

(13]

(14]

[15]

(16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

(26]

Kaiyang Zhou, Ziwei Liu, Yu Qiao, Tao Xiang xat Chen Change Loy. Domain Genera-
lization: A Survey. IEEE Transactions on Pattern Analysis and Machine Intelligence,
oeAiba 1-20, 2022.

Tomer Amit, Tal Shaharbany, Eliya Nachmani kat Lior Wolf. SegDiff: Image Segme-
ntation with Diffusion Probabilistic Models, 2022.

Yanchao Yang xkat Stefano Soatto. FDA: Fourier Domain Adaptation for Semantic

Segmentation, 2020.

Shervin Minaee, Yuri Boykov, Fatih Porikli, Antonio Plaza, Nasser Kehtarnavaz xkat

Demetri Terzopoulos. Image Segmentation Using Deep Learning: A Survey, 2020.

Risheng Wang, Tao Lei, Ruixia Cui, Bingtao Zhang, Hongying Meng kat Asoke K.
Nandi. Medical image segmentation using deep learning: A survey. IET Image Proces-
sing, 16(5):1243-1267, 2022.

Senay Cakir, Marcel Gauf3, Kai Happeler, Yassine Ounajjar, Fabian Heinle ka1 Rei-
ner Marchthaler. Semantic Segmentation for Autonomous Driving: Model Evaluation,

Dataset Generation, Perspective Comparison, and Real-Time Capability, 2022.

Zewen Li, Wenjie Yang, Shouheng Peng kat Fan Liu. A Survey of Convolutional Neural

Networks: Analysis, Applications, and Prospects, 2020.

Sergey loffe xat Christian Szegedy. Batch Normalization: Accelerating Deep Network

Training by Reducing Internal Covariate Shift, 2015.

Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky, Ilya Sutskever kat Ruslan Sa-
lakhutdinov. Dropout: A Simple Way to Prevent Neural Networks from Overfitting.
Journal of Machine Learning Research, 15(56):1929-1958, 2014.

Kaiming He, Xiangyu Zhang, Shaoqing Ren kat Jian Sun. Deep Residual Learning
JSor Image Recognition, 2015.

Jascha Sohl-Dickstein, Eric A. Weiss, Niru Maheswaranathan kat Surya Ganguli.

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, 2015.

R. Hadsell, S. Chopra kat Y. LeCun. Dimensionality Reduction by Learning an I-
nvariant Mapping. 2006 IEEE Computer Society Conference on Computer Vision and
Pattern Recognition (CVPR’06), topog 2, ogdideg 1735-1742, 2006.

Florian Schroff, Dmitry Kalenichenko kat James Philbin. FaceNet: A unified embed-
ding for face recognition and clustering. 2015 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), ceAida 815-823. IEEE, 2015.

Xinlei Chen, Haoqi Fan, Ross Girshick kat Kaiming He. Improved Baselines with

Momentum Contrastive Learning, 2020.

Full Guide to Contrastive Learning. https://encord.com/blog/guide-to-contrastive-
learning/. Hpepopnvia nipéoBaong: 24-06-2025.

m Awtflopatkn Epyaoia


https://encord.com/blog/guide-to-contrastive-learning/
https://encord.com/blog/guide-to-contrastive-learning/

BIBAIOT'PADIA

[27]

(28]

(29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[371]

[38]

(391

[40]

[41]

Hao Guan ka1 Mingxia Liu. Domain Adaptation for Medical Image Analysis: A Survey.
IEEE Transactions on Biomedical Engineering, 69(3):1173-1185, 2022.

Zixian Su, Kai Yao, Xi Yang, Qiufeng Wang, Jie Sun kat Kaizhu Huang. Rethin-
king Data Augmentation for Single-source Domain Generalization in Medical Image

Segmentation, 2022.

Mortenson. Mathematics for computer graphics applications. Industrial Press Inc.,
1999.

Shishuai Hu, Zehui Liao kat Yong Xia. Devil is in Channels: Contrastive Single

Domain Generalization for Medical Image Segmentation, 2023.

Ling Zhang, Xiaosong Wang, Dong Yang, Thomas Sanford, Stephanie Harmon, Baris
Turkbey, Bradford J. Wood, Holger Roth, Andriy Myronenko, Daguang Xu kat Ziyue
Xu. Generalizing Deep Learning for Medical Image Segmentation to Unseen Domains
via Deep Stacked Transformation. IEEE Transactions on Medical Imaging, 39(7):2531-
2540, 2020.

Tim Brooks, Aleksander Holynski kat Alexei A. Efros. InstructPix2Pix: Learning to
Follow Image Editing Instructions, 2023.

Khawar Islam, Muhammad Zaigham Zaheer, Arif Mahmood kat Karthik Nandaku-
mar. DiffuseMix: Label-Preserving Data Augmentation with Diffusion Models, 2024.

L1 loss, by torch.nn. functional. https://docs.pytorch.org/docs/stable/generated/
torch.nn.functional.ll loss.html. Hpepopnvia mpooBaong: 07-06-2025.

Cross Entropy Loss. https://docs.pytorch.org/docs/stable/generated/torch.nn.
CrossEntropyLoss.html. Huepounvia npocBaong: 26-05-2025.

Multiclass Jaccard Index. https://lightning.ai/docs/torchmetrics/stable/
classification/jaccard_index.html. Hpepounvia npéoBaong: 24-05-2025.

Alex Krizhevsky, Ilya Sutskever kat Geoffrey E. Hinton. ImageNet classification with
deep convolutional neural networks. Commun. ACM, 60(6):84-90, 2017.

Karen Simonyan kat Andrew Zisserman. Very Deep Convolutional Networlks for Large-

Scale Image Recognition, 2015.

Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed, Dragomir
Anguelov, Dumitru Erhan, Vincent Vanhoucke xkait Andrew Rabinovich. Going Deeper
with Convolutions, 2014.

Saeid Motiian, Marco Piccirilli, Donald A. Adjeroh kat Gianfranco Doretto. Unified

Deep Supervised Domain Adaptation and Generalization, 2017.

Divyat Mahajan, Shruti Tople kat Amit Sharma. Domain Generalization using Causal
Matching, 2021.

AitAeopatxny Epyaocia m


https://docs.pytorch.org/docs/stable/generated/torch.nn.functional.l1_loss.html
https://docs.pytorch.org/docs/stable/generated/torch.nn.functional.l1_loss.html
https://docs.pytorch.org/docs/stable/generated/torch.nn.CrossEntropyLoss.html
https://docs.pytorch.org/docs/stable/generated/torch.nn.CrossEntropyLoss.html
https://lightning.ai/docs/torchmetrics/stable/classification/jaccard_index.html
https://lightning.ai/docs/torchmetrics/stable/classification/jaccard_index.html

BIBAIOTPADIA

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

(50]

(51]

[52]

(53]

(54]

[55]

(56]

[57]

Shoubo Hu, Kun Zhang, Zhitang Chen kat Laiwan Chan. Domain Generalization via

Multidomain Discriminant Analysis, 2019.

Da Li, Yongxin Yang, Yi Zhe Song kat Timothy M. Hospedales. Learning to Generalize:

Meta-Learning for Domain Generalization, 2017.

Yogesh Balaji, Swami Sankaranarayanan kat Rama Chellappa. MetaReg: Towards
Domain Generalization using Meta-Regularization. Advances in Neural Information
Processing SystemsS. Bengio, H. Wallach, H. Larochelle, K. Grauman, N. Cesa-

Bianchi kat R. Garnett, empeAntég, 1opog 31. Curran Associates, Inc., 2018.

Qi Dou, Daniel C. Castro, Konstantinos Kamnitsas kait Ben Glocker. Domain Gene-

ralization via Model-Agnostic Learning of Semantic Features, 2019.

Riccardo Volpi kat Vittorio Murino. Addressing Model Vulnerability to Distributional
Shifts over Image Transformation Sets, 2019.

Aman Sinha, Hongseok Namkoong, Riccardo Volpi kat John Duchi. Certifying Some

Distributional Robustness with Principled Adversarial Training, 2020.

Kaiyang Zhou, Yongxin Yang, Timothy Hospedales kat Tao Xiang. Deep Domain-

Adversarial Image Generation for Domain Generalisation, 2020.

Kaiyang Zhou, Yongxin Yang, Yu Qiao kat Tao Xiang. Domain Adaptive Ensemble
Learning. IEEE Transactions on Image Processing, 30:8008-8018, 2021.

Antonio D’Innocente xkat Barbara Caputo. Domain Generalization with Domain-

Specific Aggregation Modules, 2018.

Fabio Maria Carlucci, Antonio D’Innocente, Silvia Bucci, Barbara Caputo kat Tatiana

Tommasi. Domain Generalization by Solving Jigsaw Puzzles, 2019.

Da Li, Yongxin Yang, Yi Zhe Song kat Timothy M. Hospedales. Deeper, Broader and

Artier Domain Generalization, 2017.

Haohan Wang, Zexue He, Zachary C. Lipton kat Eric P. Xing. Learning Robust
Representations by Projecting Superficial Statistics Out, 2019.

Kaiyang Zhou, Yongxin Yang, Yu Qiao kat Tao Xiang. Domain Generalization with
MixStyle, 2021.

Michael Laskin, Kimin Lee, Adam Stooke, Lerrel Pinto, Pieter Abbeel kat Aravind

Srinivas. Reinforcement Learning with Augmented Data, 2020.

Nicklas Hansen kat Xiaolong Wang. Generalization in Reinforcement Learning by Soft

Data Augmentation, 2021.

Domain shift. https://www.statlect.com/machine-learning/domain-shift. Hpepounvia
nipéoBaong: 21-06-2025.

m Awtflopatkn Epyaoia


https://www.statlect.com/machine-learning/domain-shift

BIBAIOT'PADIA

(58]

[59]

[60]

[61]

[62]

[63]

(64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

Stephan R. Richter, Vibhav Vineet, Stefan Roth kat Vladlen Koltun. Playing for Data:
Ground Truth from Computer Games, 2016.

Wilhelm Tranheden, Viktor Olsson, Juliano Pinto xkat Lennart Svensson. DACS:

Domain Adaptation via Cross-domain Mixed Sampling, 2020.

Tuan Hung Vu, Himalaya Jain, Maxime Bucher, Matthieu Cord kat Patrick Pérez.

DADA: Depth-aware Domain Adaptation in Semantic Segmentation, 2019.

Qianyu Zhou, Zhengyang Feng, Qiqi Gu, Jiangmiao Pang, Guangliang Cheng, Xue-
quan Lu, Jianping Shi ka1 Lizhuang Ma. Context-Aware Mixup for Domain Adaptive
Semantic Segmentation. IEEE Transactions on Circuits and Systems for Video Tech-
nology, 33(2):804-817, 2023.

Yi Hsuan Tsai, Kihyuk Sohn, Samuel Schulter kat Manmohan Chandraker. Domain

Adaptation for Structured Output via Discriminative Patch Representations, 2019.

Luke Melas-Kyriazi kat Arjun K. Manrai. PixMatch: Unsupervised Domain Adaptation

via Pixelwise Consistency Training, 2021.

Yuhua Chen, Wen Li kat Luc Van Gool. ROAD: Reality Oriented Adaptation for

Semantic Segmentation of Urban Scenes, 2018.

Judy Hoffman, Eric Tzeng, Taesung Park, Jun Yan Zhu, Phillip Isola, Kate Saenko,
Alexei A. Efros kat Trevor Darrell. CyCADA: Cycle-Consistent Adversarial Domain
Adaptation, 2017.

Zhonghao Wang, Mo Yu, Yunchao Wei, Rogerio Feris, Jinjun Xiong, Wenmei Hwu,
Thomas S. Huang xat Humphrey Shi. Differential Treatment for Stuff and Things: A

Simple Unsupervised Domain Adaptation Method for Semantic Segmentation, 2020.

Shaoan Xie, Zibin Zheng, Liang Chen kat Chuan Chen. Learning Semantic Represe-
ntations for Unsupervised Domain Adaptation. Proceedings of the 35th International
Conference on Machine LearningJennifer Dy kat Andreas Krause, smpeAntég, 10-
pog 80 oto Proceedings of Machine Learning Research, oeAideg 5423-5432. PMLR,
2018.

Yawei Luo, Liang Zheng, Tao Guan, Junqing Yu kat Yi Yang. Taking A Closer Lool at
Domain Shift: Category-level Adversaries for Semantics Consistent Domain Adapta-
tion, 2019.

Yang Zou, Zhiding Yu, B. V. K. Vijaya Kumar kat Jinsong Wang. Domain Adaptation

for Semantic Segmentation via Class-Balanced Self-Training, 2018.

Rui Gong, Wen Li, Yuhua Chen kat Luc Van Gool. DLOW: Domain Flow for Adaptation

and Generalization, 2019.

Kaiyang Zhou, Yongxin Yang, Timothy Hospedales ka1t Tao Xiang. Learning to Gene-

rate Novel Domains for Domain Generalization, 2021.

AwmAepauxn Epyaocia m



BIBAIOTPADIA

[72] Riccardo Volpi, Hongseok Namkoong, Ozan Sener, John Duchi, Vittorio Murino kat
Silvio Savarese. Generalizing to Unseen Domains via Adversarial Data Augmentation,
2018.

[73] Dan Hendrycks, Andy Zou, Mantas Mazeika, Leonard Tang, Bo Li, Dawn Song kat
Jacob Steinhardt. PixMix: Dreamlike Pictures Comprehensively Improve Safety Mea-
sures, 2022.

[74] Sangdoo Yun, Dongyoon Han, Seong Joon Oh, Sanghyuk Chun, Junsuk Choe kat
Youngjoon Yoo. CutMix: Regularization Strategy to Train Strong Classifiers with Lo-

calizable Features, 2019.

[75] A. F. M. Shahab Uddin, Mst. Sirazam Monira, Wheemyung Shin, TaeChoong Chung
kat Sung Ho Bae. SaliencyMix: A Saliency Guided Data Augmentation Strategy for
Better Regularization, 2021.

[76] Shaoli Huang, Xinchao Wang kat Dacheng Tao. SnapMix: Semantically Proportional
Mixing for Augmenting Fine-grained Data, 2020.

[77] Chen Chen, Zeju Li, Cheng Ouyang, Matt Sinclair, Wenjia Bai kat Daniel Rueckert.
MaxStyle: Adversarial Style Composition for Robust Medical Image Segmentation,
2022.

[78] Chitwan Saharia, William Chan, Saurabh Saxena, Lala Li, Jay Whang, Emily De-
nton, Seyed Kamyar Seyed Ghasemipour, Burcu Karagol Ayan, S. Sara Mahdavi,
Rapha Gontijo Lopes, Tim Salimans, Jonathan Ho, David J Fleet xat Mohammad
Norouzi. Photorealistic Text-to-Image Diffusion Models with Deep Language Under-
standing, 2022.

[79] Prafulla Dhariwal kat Alex Nichol. Diffusion Models Beat GANs on Image Synthesis,
2021.

[80] Brandon Trabucco, Kyle Doherty, Max Gurinas kat Ruslan Salakhutdinov. Effective
Data Augmentation With Diffusion Models, 2023.

[81] Shekoofeh Azizi, Simon Kornblith, Chitwan Saharia, Mohammad Norouzi kat David
J. Fleet. Synthetic Data from Diffusion Models Improves ImageNet Classification, 2023.

[82] Weijia Wu, Yuzhong Zhao, Mike Zheng Shou, Hong Zhou kat Chunhua Shen. Dif-
JuMask: Synthesizing Images with Pixel-level Annotations for Semantic Segmentation
Using Diffusion Models, 2024.

[83] Dmitry Baranchuk, Ivan Rubachev, Andrey Voynov, Valentin Khrulkov kat Artem
Babenko. Label-Efficient Semantic Segmentation with Diffusion Models, 2022.

[84] Julia Wolleb, Florentin Bieder, Robin Sandkitihler kat Philippe C. Cattin. Diffusion
Models for Medical Anomaly Detection, 2022.

m AwmAouatkn Epyaocia



BIBAIOT'PADIA

[85] Pedro Sanchez, Antanas Kascenas, Xiao Liu, Alison Q. O’Neil kat Sotirios A. Tsa-
ftaris. What is Healthy? Generative Counterfactual Diffusion for Lesion Localization,
2022.

Awtlopatukn Epyaoia m



	Περίληψη
	Abstract
	Ευχαριστίες
	I Εκτεταμένη Περίληψη στα Ελληνικά
	Θεωρητικό υπόβαθρο
	Κατάτμηση Εικόνων
	Μηχανική Μάθηση
	Επιβλεπόμενη Μάθηση
	Μη Επιβλεπόμενη Μάθηση
	Ενισχυτική Μάθηση

	Νευρωνικά Δίκτυα
	Τεχνητά Νευρωνικά Δίκτυα
	Συνελικτικά Νευρωνικά Δίκτυα

	Υπολλειμματικά Συνελικτικά Δίκτυα
	Πλήρως Συνελικτικά Δίκτυα
	Μοντέλα Διάχυσης
	Αντικρουόμενη Μάθηση
	Προσαρμογή Πεδίου και Γενίκευση Πεδίου

	Προσέγγιση
	Σχετική Βιβλιογραφία
	Fourier Domain Adaptation (FDA)
	The Saliency-balancing Location-scale Augmentation (SLAug)
	Channel-Level Contrastive Single Domain Generalization (CCSDG)
	DiffuseMix

	Μεθοδολογία
	Αρχικό σύνολο δεδομένων
	Σύνολο δεδομένων εκπαίδευσης
	Μοντέλο Εκπαίδευσης
	Παράμετροι Εκπαίδευσης
	Εκπαίδευση


	Πειράματα και Συμπεράσματα
	Αποτελέσματα από την εκπαίδευση του βασικού μοντέλου
	Αποτελέσματα από την εκπαίδευση με το επαυξημένο μοντέλο
	Αποτελέσματα από επιπρόσθετες συνθήκες εκπαίδευσης του επαυξημένου μοντέλου
	Περαιτέρω διερεύνηση του περιβάλλοντος Highway (2)
	Συμπεράσματα και μελλοντικές επεκτάσεις


	II English Version
	Introduction
	Motivation
	Structure

	Theoretical Background
	Image Segmentation
	Machine Learning
	Supervised Learning
	Unsupervised Learning
	Reinforcement Learning

	Neural Networks
	Artificial Neural Networks
	Convolutional Neural Networks

	Residual Convolutional Networks
	Fully Convolutional Networks
	Diffusion Models
	Contrastive Learning
	Domain Adaptation

	Approach
	Related Work
	Domain Adaptation & Generalization
	Data Augmentation
	Diffusion Models
	Fourier Domain Adaptation (FDA)
	The Saliency-balancing Location-scale Augmentation (SLAug)
	Channel-Level Contrastive Single Domain Generalization (CCSDG)
	DiffuseMix

	Methodology
	Source Dataset
	Training Dataset
	Training Model
	Training Parameters
	Training


	Experiment
	Results from training the base model
	Results from training the augmented model
	Results from additional training configurations on the augmented model
	Further investigation of the Highway (2) environment

	Conclusion
	Conclusion
	Future Work


	Βιβλιογραφία

