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[Tepiindm

H vyevixevon topéwv (I'T) emtdooer edpwotn hettovpyior Twv povtéhwy utd cuvirxec
UETATOTIONG Touéa, 1 omola 0To TEdo TNG OpAOTG UTOAOYICTOV EXONADVETAUL XUplwe 0
oThMo Tixég Tapohharyég uetadl deryudtwy. Ilopd tnv evratiny épeuva, Tol LOVTENX GUYVE UT-
£pTEOCOUPUOLOVTAL OE YUPUXTNELO TIXE EUPAVIONC CUYXEXPULEVOU TOUEN Yol BEV XUTAUPERVOLY
VO AMOTUTCOUY TN onuactohoyio tng xatnyopiag. §2¢ ex toltou, €youv xotaAndel ToA-
Aé¢ mpooTAUELES VIO TNV EVOWUATOON TNG QUOIXAC YAWOGCIS, AOYW NG €YYEVOUS OUETABA-
NtoTNTAC TNg o oxéorn Ue Tov Toufa. 2oTdoo, oL TEEYOUsEC TMOAUTEOTUXEC TEOOEYY(-
oelg, XL ouyxexpéva exelveg mou Bacilovion 6 OPOLOTNTA CUVNLTOVOU YLal TNV oVTLTOQEO-
Vet evduypduulon o €vay Xovoe AavIAvovTo YMEo, UTOPEROLY antd TO «TEOTUXO XEVOH,
EVOL (POUVOUEVO GTO OTIO(O OL OVOUTAPAC TACELS EXOVOS XU XEWEVOU XATOAAUPBAVOUY BLoXELTES
neployéc mapd T onupactohoywr) evduyedupion.  Xe auth tnv gpyooia, avtwetwnilouue
aUTé TO VO £PapUOlovVTaC AVTIOTOYION EONE Yo Vo uddouue €vory GUVEYY) UETACYTUO-
TIoP6 6ToV and xovol Euxkeldelo Sloavuopatind yweo HETAED U1 XOUVOVIXOTONUEVWY V-
TUPUC TACEWY EXOVAC %ol XEWEVOL Tng Blog xatnyoploc. AmoxAlvoviog and T cuviun
TEAXTLXY| TV ATADY XUTAVOUWY TNYHS, EXTULOEDOUHE EVaL BLAVUCHATIXG TEDLO ToU TPoXaAEel
TN PO} AVOUTAPAC TACEWY EXOVWY UE ToVY| ETBEUCT) TOU TOPEN TIEOG AVOTAPAO TACELS XEE-
vou ave€dptnteg amd tov topéa. To mpoximtov mhalolo, ovouatt CrossFlowDG, afioho-
YelTAL YENOLWOTOLOVTAC TOV AmoB0TIXG XWOLXOToINTY edvwy VMamba xou onuewdvel xo-
eugpata axplBela xatnyoplonoinong oe didopoug amoutnuxols touelc. o va evioyboouue
TEPUULTEPW TNV ATOBOTIXOTNTO TOU CUUTEQUCHOU XAk, WS EX TOUTOU, TNV duvatdTnTa dLdeong
OE GUOXEVEC UE TEQLOPLOUEVES UTOAOYIOTIXEC BUVATOTNTES, TEOTEVOLUE Uiot ooy ny Ba-
owopévn otr BéATIoTN uetagopd, tou ovoudleton OT-CrossFlowDG. To debtepo autd mAal-
Ol0 EVOWUAUTWVEL EVAY UNYAVIOUO EVDUYRAUULIONG BEATIOTNG UETAPORAS TOU EAayLoTOTOLEL
v andctoor 2- Wasserstein getald Twv XoTavouWY EXOVKOY XL XEWEVWY xdUe xotnyoplag
otov BEuxheideo yweo. Emmiéov, Bdoel tou aiyopiduou Sinkhorn-Knopp &iver pior xotd
npocéyylon BEATIOTN oUCeVEn HETACY BELYUATOV EXOVLY Xl XEWEVWY TNg (Blag xotnyoplag
xaL yenowonolel Toug TEoXONTOVIES BapuxevTenolg 0ToOYoUS WG BeATiwuéva onuelo emif-
Aedme tne poric. Q¢ anotéreoua, To OT-CrossFlowDG emituyydvel T uéylotn enldooy| Tou
YenowonoldvTag wovo 1 Priua cuunepaouol, uroyeopuiloviag Ty anodoTx6TnTtd Tou o

oEVAPLYL UE UTTONOYLO TIXOUE TERLOPLOUOUC.

AéEeic KAeoud

Uy oV WaINoT), 6p0oT UTOAOYIGTOY, YEVIXEUOT) TOPEWY, avTiRapadeTixY| uddnon, Teomixo

%EVO, avTioTolylor potic, BEATIOTN peTAORd
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Abstract

Domain generalization (DG) requires models to perform robustly under domain shift,
which in the realm of computer vision mainly takes form as stylistic variations between
samples. Despite intensive research, DG still poses a major challenge, as models often over-
fit to domain-specific appearance cues and fail to capture class semantics. Therefore, many
efforts have explored the use of natural language, due to its inherent domain-invariance.
However, current multimodal approaches, specifically those relying on cosine similarity for
cross-modal contrastive alignment in a joint embedding space, suffer from the modality gap,
a phenomenon where image and text embeddings occupy separate regions despite semantic
alignment. In this thesis, we address this residual gap by applying flow matching to learn a
continuous transformation between unnormalized image and text embeddings of the same
class, in the joint Euclidean latent space. Unlike most prior work which uses simple source
distributions, we instead train a vector field that explicitly flows potentially domain-biased
image embeddings to domain-invariant text embeddings. The resulting framework, Cross-
FlowDG, is tested with the efficient VMamba image encoder, which achieves linear com-
plexity, compared to the widely-used quadratic-complexity transformer backbones, and
establishes state-of-the-art classification accuracy among similar methods across several
challenging domains from relevant benchmarks. To further enhance inference efficiency,
and therefore deployability on edge devices with restricted compute, we propose an optimal
transport-informed variant, called OT-CrossFlowDG. This second framework incorporates
optimal transport alignment to minimize the 2-Wasserstein distance between modality dis-
tributions of each class in the Euclidean space. By solving the Sinkhorn-Knopp problem
to obtain approximate optimal couplings between image and text embeddings of the same
class and using barycentric targets as refined flow supervision, OT-CrossFlowDG achieves
its peak performance in only 1 inference step, highlighting its efficiency in computationally

constrained deployment scenarios.

Keywords

machine learning, computer vision, domain generalization, contrastive learning, modal-

ity gap, flow matching, optimal transport
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Euyaplotieg

Apywxd, Yo fdeha va euyoplothiow omd xopedids tov emfBAémovia xadnynt x. ©Odvo
Boulddnuo v tny xododrynon oto mAalolo auTthS TN epyactag, ohAd xou yiol TS TOADTWIES
mdong puoene cuuBouléc. Emlong ogelhw éva mohdh yeydho «euyaploTtd» oTov uToYhPLo
owddxtopa Nixo Xmavo yio to brainstorming sessions pog xan tn otevr cuvepyaoio xad’ 6Ar
TN OLdpxelo TWV TEAEUTAWY UNVOV.

Tirota, wotdoo, de Va elye emteuyVel ywpeic TN CUPBOAT xou TNV EVIdEEUVCT TWV YOVIWY
wou, I'idvvn xou Yoglag, xan tng adeppnc wov, Kailomng. Térog, vierdw euyvoumy yio 6oeg
@Lhiec 1600 £VTOC G0 L EXTOC OYOMG— €YOUV YTIOTEL XaL YXEEULOTEL OAaL UTA Tl Y POVLA,
%o €xouv auUPaiel xadoploTIXd GTY| BLIOREPWCT) TOU GNUERLYOU OV EAUTOU.

H epyaocio auty| 0 Yewpd 0Tt xAeivel xdnolov xOxAo™ avTidéTwe, OAOXANPWYVEL ol OTiElpaL
otV e€ENEN oL WC epELVNTH Xa S avipdTou. Aev unop Toed vor ancUdvopon Ui dypla

avuTopovnaio yia To UEANOV, TOU GTEXETOL UTPOOTE UaC adLApovo xou aveepelvnTo...
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poric mou avtiotoyilel delypata Xo and plo Yvwo T xatavoun Tnyng 1wt
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ToG OLVEYOUS YEOVOU (Pt)o<i<1 TOU TopeUPdAhetan HeTAE) TOV P = Py Xou
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Chapter

Extetopevn neglindn ota eAAnvixd

1.1 Ewcaywyn

H Tevixevon Topéwv (I'T) agopd otny ixavéTnTa TV WOVTEAWY Vo Slatneoly udhnin
enidoon LTS CUVDAXEC UETATOTLONG TOPEN, 1) OTolol TNV OPACT) UTOAOYLOTWY EXONAWMVETOL
VPl KOS OTINOTIXES TapahAayEC HETAED BetypdTwy, ywelc TpdoBacn ot dedouéva and tov
Top€a 6TOY 0oL xuTd TNV exmaidevon. H ixavotnta auty| tng yevixevong elvon wiodtepa xploytn
OLOTL OTAYTATOL DLUPHWS OF TEUXTIXES EPUPUOYES, OTWS AUTOVOUT OONYNOT) XoL LoTEIXE dlory-
VOO TN CUC TAUTA, OTIOU TO EXAC TOTE LOVTEAO XOAE(TAL VO anOdWOEL Ot TEpYBAAhoVTa EVOE-
XOUEvee Tol mo Suoyepr| and exelva ota onola el exnandeutel. Av xan €youv avamtuyVel
0Ldpopeg mpooeyyloeic yio T I'T, dmwe enadénon dedopévwy xon peto-udinom, Wluftepo evoL-
apépov Tapouctdlouy ol ToAuTeoTXES édodol, 816TL auVBLALoLY GEPUsT), YAWMOGC 1) Xl GANES
TEOTUXOTNTES VLot TNV EXUAINOT TLO £0PWOTWY AVATUQRIC TAGEWY UTO CUVUAXES YUETATOTILONG
Topéa. ‘Opwe, oL TOAUTPOTUXES TPOCEYYIOELS, XL cUYXeEXELEVa exelvec mou otneilovta
oTNV ELVVYEGUULOY) OVOTIORUC TACEWY GE EVOY XOLVO BLAVUCHATIXG Y(DPO, Tapouctdlouy To
(POUVOUEVO TOU «TEOTUXOU XEVOU»: Ol EVOWHUATWOELS EXOVOC X0 XEWEVOU XATUAYOUV OF
EEYWPLOTES TEPLOYES TOU YWeoL, eunodilovtoag cuyvd TNy adlonolnon Tou avaAlolwTou Tng
xewevixnc mAnpogoplac. Xto mhaloo e I'T, n Onopén tou tpomxol xevol eyelpel éva

Baowxd epwTnuaL:

Mropeil n yepUpwaon tou tpomkol kevol va evioxloel

TNV 1Kar4TNTA YEVIKEVONS TOU UOVTELOU;

Auth n epyooio diepeuvd av 1 Avtiotoiyion Porc (AP), nou otoyeler oty expdinon
CLUVEYWV UETACYNUATIOUOY UETOED XUTAVOUWY, UTOEEL VoL YEQUEMGOEL TO TEOTUXO XEVH Xol
va evioyloel Ty avotnta I'T, ouvdéovtoag T avamapaoTdoElS TNE EMOVIS UE QUTES TOU
XELWEVOU.

O1 Baowdtepeg ouvelogopéc authc Tng epyaciog cuvodilovton wg e&ng:

1. ©lyouue v mpdxhnon NS eLILYPAUUONS TWV AVATURIUC TACEWY EXOVAG-XEWEVOU

ewodyovtog AP yowplc 96pufo yio T Yeplpwmon tou Tpomxol xevoo.

2. Ipoteivoupe to CrossFlowDG, évo xouvotouo thaiolo I'T tou cuvdudlel Ty avTimopo-
Vet YainoT ogoLOTNTAC GUYNULTOVOU YLOL Lo TEWTOYEVY] BLUTEOTIXY EVTUYEAUULON

ue v AP vy va yegupdoel To evamopeivay xevo. Emmiéov, to mialowd pog Oev
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Chapter 1. Extetopévn neplindn oto ehAnvixd

unoVETEL EVTUYPAUULOT TV TEOTUXOTHTWY XATE TNV Teoexnaidevon, oe avtileon ye
MEYAAO xouudTl Tng oyeTxng Pihoypapiac. XenolOoToWdVTAC TO TEOEXTALOEVUEVO
VMamba, to CrossFlowDG emtuyydvel xopugaia entidoorn o moAlol¢ Touelc emi-

OEXYVOVTOC ATOBOTIXOTNTA XAUTA TOV CUUTEQUCUO.

3. Eniong, ewodyoupe to OT-CrossFlowDG, wa tapahhoryy) tou FlowDG mou eVveoUATOVEL
évay ahyopripo BENTIOTNG UeTAPoRdS avd xotnyoplor yiol Vo eEaydyeEl TEOCEYYIOTIXG
BérTiota Lebyn peTadh avamUpPAo TUCEWY ELXOVOVY X0l BUPUXEVTOIXWDY OVITHUQPAC TUCEWY
XeWévou, Tou Spouv we Bedtiwuéva onuelor eniBiedng v v xadodniynon g O
adwaotoc AP. Q¢ anotéheopa, To OT-CrossFlowDG emtuyydvel tn péylotn enidooy
Tou oe 1 yovo Brua ouunepaouol, xaehoTOVTIC To To XATdAAnho v diddeon oe

SUVUNXES UE UTOAOYLO TIXOUS TERLOPIOHUOVC.

1.2 Oewpntixd vnoBadpo

1.2.1 Tevixevorn Topwyv
AlatOnwon TeoBAuatoq

Y10 npofBinua e evixevone Topéwy (I'T, ayyA. «domain generalizationy ), Yewpolye
6T oL dedopéva exmaldevong (training) xou doxwrc (test) mpoépyovton and drapopeTixéc ahhd
ouvageic xatavopéc (topelc) [1, 13]. Ontixd, autd omOTUTOVETOL UE OTIAGTIXES OLOPOPES
HETOED TRV EXOVOY BLPOPETIXWY TOPEWY (TT.)X., Ol Dlopopéc UETAUE) WIS PWTOYPaplaC ot

evoc oxitoou wag ydrtog, Bh. entong to LyAua 1.1).

Caltech101 LabelMe PASCAL Sketch

(b) VLCS

Figure 1.1. Ilapadeiyuata petatomong touéa oe 6o avvnin ovvola akioAdéynons tng
yevikevons topéwv. Inyn: [1]

Koatd v exnaldevor, €yovue npdcfoct oe emonueiwuéva dedopéva and moludplriuoug
Topelc exnaidevone (source domains):

S=]8 =

1 7

(@ i, (1.1)

-
-

% 1

6mou To clhvolo S; = {(5852),:9(1))}?1:
delypoto xou (:L‘g-i),y](»i)) ~ P(X,Y).

, onualvel To olvolo exmaidevong tou touéa D; ue n;
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1.2.1 Tevixeuorn Topéwyv

Ytoyog g I'T ebvan n expdinon wag cuvdptnong npoPiedme f: X — Y, n onolo yevixelel
IXavomoinTixd o€ dyvwoto topéa otéyou (target domain) Dy ye xatavour Pi(X,Y), émou
D; ¢ D. Tumxd, oToYEVOVUE GTNY EAAYLOTOTOLNOT TOU TEOGOOXWUEVOL plOXOU EMAVEL GTOV
Touéa oTOYOU:

R(f) = Bagyors e [EF@),0) (1.2)

6mou 1 £(+,+) elvon ot cLVEETNOT XGOTOUC.
Muog xou 8 Stard€ToLpe TEOoPBACT) OTA SESOUEVA TOU TOREA GTOYOU XATH
TNV EXTABEVLOTY], EAAYLOTOTOLOVUE TO HECO EUTELEIXO ploX0 ENAVL e GAOUS TOUS BLodEat-

noug touelc exnaldevong:

Rome( 1) = 157 2 (0" (1)

Evtoltolg, 1 ghoytotomolnoy Tou eumelpxol ploxou EVOEYETOL Vo 00N YHOEL OF UTER-
TpocapUoYY oToug Topelg exmaldevong. I'V autd, ol pédodol I'T cuvAtne Bedtiotonololy
Lol OUOAOTIOLNUEVT] EXDOYT:

it Ry () + 2. (1.4)

émou o Q(f) elvou évag 6poc opohomoinong mov evioppUvel avVaToEAc TACELS OL OTO(ES TIoPUE-
VOULY OVOANOLWTES CUVIPTACEL TOU TOUEX Xl TO A > 0 €lvol ULl TUPGUETEOS TTOU EAEYYEL TOV
Bardud tne opahonoinong.

To Bacwdtepo yopoxtneioTnd oTic xhaoixég epappoyéc I'T ebvan 1 énhern npdofoong
oTOL DE0OUEVAL TOUEN OTOYOL xaTd TNV exnaldevor. EmmAicov, otny mhelovotnta Twv e@op-
HOYOV LTOTIETOL OTL O YWEOS ETUCNUEWDCENY TOU TOUEN BOXUNG THUPAUUEVEL (BLOg HE QUTOV
TOV ToUEwy exnaldeuons. Tny mopoamdve unédeorn uodetodue xou otn pevodohoyia mou
AVATTOCGOVUE OTO XEPAAULO 4.

Qotéo0, Tuy)dver vo davioupe v enoynf e palixhc npoexmaidevone (pretraining),
ONAXDT TNG EXTAUBEUCTC LOVTEAWY YEVIXNS XPNONG UE 0YXWON cUVOA Bedouévwy. Ta ahvola
owTd elvon xuplowg eopuypéva amd To dladixTuo, Ywelc Wialtepn Sifinon Twv dBimhotinwy 1)
OELYUATWY TOU AVAXOUY OE CUYXEXEWEVO Touéa. Ao auTh) TNV onTixr, TEToL CUVOAA EX-
TafdeVong YewPOLVTOL ATO XATOLOUG KUOAUCUEVIY o dpa axaTdAANAa Yo eapuoyéc I'T,
apol BEV LTHEYOUV EYYLHOELS Ylot To «dPBato» Tou Topéa otdyou. I'o tov Adyo auto,
N ETOTNUOVIXY XOLVOTNTO GTEEPETUL TEOG TNV XATAOXELY| TLO Xoop®Y CUVORWY TEOEX-

TUBEVONC XoU THO ATAUTNTIXDY cLUVORWY adlohdynong [14].

MeOQodoAhovyisg

Ou mpooeyyioeig I'T unopolyv, Bdoel tou edixol toug atdyou, va tawvounioldy ce Th-
ndodpa xatnyopudyv [1], 6nwe elvan 1 evBuypdppion Topéwy (domain alignment), péow
avtaywviotixfc (adversarial) exnaidevone [15, 16, 17] ¥ ehayiotonoinone xdmolog LeTEuXhc
anéotaone [18, 19], n enadEnoy Bedopmévmwy otov ypo Twv ewdvov 20, 21] A twv
YOO TNEO TGV [22, 23], oL evahhaxTixéc oTpatnyixég expddnong [24, 25, 26, 27, 28,
29, 30], n expdOMNoY UTOAOYLIXOY Xt amocLlELYUEVLY avaTtapac Tdcewy (31, 32, 33],

xaddc xou oL apyrtEXTOVIXES LED0dOL [34, 35, 36, 37].
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Chapter 1. Extetopévn neplindn oto ehAnvixd

ITewTtox0ANO agLtoAéYNOoNS

‘Onwg elhoton otig nepiocdtepeg epapuoyéc I'T, viodetolue to «leave-one-domain-out»
TEWTOXOMNO a€lOAOYTONG, ONAadY, av To cUvolo exmaldevong mepthauPdver N touelc, ex-
nawdevoupe to povtého oe N — 1 topelc exmaidevone xan Soxiwdlovye To poviého otov

evamopetvovTta Topéa:
N

LODO(S) = + D" Rilf). (15)

=1

6mou 10 poviého fi; éxel exnoudeutel oTo olvoro D\ {D;}.

1.2.2 MovTéla YWEOoL XATACTACEWY

To nedio e Mryoavixic Mddnone (MM) yvdpioe peydhn dvinon yden otny apyttex-
oV Tou petaoynuatioty (transformer) péow tou pnyaviopol mpocoyrc (attention), o
omolog AauBdver unddn v odAnienidpoon xdve Ledyous otoiyelwy plag axohovdiag [38].
Qot600, N TeTEAY WVIXA ToOALTAOXSTNTA O(L?) T0U RETACYNUATLO TH CUVIPTY-
oel Tou unxoug L tne axolovdiog eicb6dou winoe tnv gpeuvnTiny xowvotnta otny e€elpeoT
ATOBOTIXOTEPWY EVUAAIXTIXV.

Ta Movtéla Xwpou Kataotdoswy (MXK) ex mpdtne 6dewe npoopépouy yeor-
pix) toAuTthoxotnta O(L) enelepyaciog tne oxohoudiog eloddou uixoue L. Evtoltow,
OTNV *AACIXT) TOUG €xpavon TeoBdihouy wa oelpd aoLUPatoTHTwY Tou oyetilovio xuplnwg
HE TNV ToedAANAN plon Twv oY Yeovwy apyltexTtovixwy Movddwy Enelepyaciog Ioapuudy
(MET, ayyh. «Graphics Processing Unity, « GPU»).

H apyitextovixry Mamba anotehel onueio xounhc otny viodétnon twv MXK ot epop-
uoyéc MM, xadwe npoteivel éva MXK nou punopel emiAexTind vo ouyxpatel ¥ Vo anopplntel

TpOTEPN TANPOQOpia Xou Vo ExTtadEVETAL atodoTixd ot olyypovec MEL [2].

Mooty SLaTLTWOoT

‘Exovtac ti¢ xatoforéc Toug otny xhaowxn Yewpla eAéyyou, to MXK elvon pio xatnyopio
Hovtélwv nou avtiotoryilouv éva povodidotato (1A) ofua ewoddou u(t) oe éva enione 1A
ofua e£600u y(t) uéow wag evdldueonc TohudidoTtatng Aavidvoucag xatdotaong z(t) € RY.

Y11 8latimwon cLVEY0VG Y EOVOUL, TO GUGTNUA AUBAVEL TN Lop®n Hloc TpwToBddutag
Yuvhdoue Awgopuric EZiowone (ZAE):

dx(t)
dt

= Az(t)+Bu(t) (1.6)

y(t) = Cx(t) + Du(t) (1.7)

201600, WAC XaL Ol TEPLOCOTEPES TRAXTIXEC epapuoyéc MM agopolv oe cuctruata St-
axELTol XEOVOoU, UETATEENOUUE avaldYwe To obotnua 1.6-1.7, yéow xdmoiag uedodou

Sloxpttonolnong, m.y., ouyxedtnon undevixrc tééne (Zero-Order Hold, ZOH):
Tk :Axk_1+]_3uk (1.8)
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1.2.2 Movtéha yOpou XATACTAGENDY

Y = Cay + Duy, (1.9)

Ou daxprttononpévol mivoxeg A xou B xataoxsudlovion oc e€ng:
A=e? B=(AA)"Y(*A —I)AB. (1.10)

omou to A xoheltow Bripa devypatorndiag. H mopoamdve avadpouixn popgn npocpépeton
yioo anodotixd ouumepaopud (inference), Aoyw e YpouuxAc TOAUTAOXOTNTOC CUVIPTACEL
Tou Pfxoug EldoL. 20TOC0, 1) HoPPY| TOU GLVADEL HE TIC oUYYPEOVES apyttexToVixéc MED
elval 1) CLUVEMXTIXY:

y=Kxu, (1.11)

61ou 0 cuvehixtixée tuprvac K € RV := (CB,CAB,...,CAL~1B) eZdyeton and tic napouétpoug

tou MXK xa, epdoov Yewpeiton yvmotoc, n éZodoc y unopel va unohoyio el topdhhnha [7].

H mopeia nmpog tnv apyitextovixy Mamba

To Aopnuéva MXK (AMXK, yvootd we «S4») [7] uiodétnoay (1) tny apyixonoinon
ITeoBoAwxol Tereoth YPnAoBadwouv IToAvwvOwou (ayyh. «High-Order Poly-
nomial Projection Operatory», « HIPPO»), yio va Slortneotv Lot GUVETTUYUEVT vamapdio Too
TOU L0 TOPIXOL [laS GUVAPTNONG TeoPBEAAoVTdS To ot wa Bdon opdoydviwy Tohuwviunmy (6],
xa0oS %o (2) ™ popp) Araydviov XLuv Xouniot Badwol (nivaxa) yio tov mivaxa
A, pe oxomd TNV EMTEYUVOT TV UTOAOYIOUGY ToU GYEToVTon Ye oUTOV.

Qot6o0, ol tapdueteol Tou AMXK eEaxohotoloay va Topoévouy Ypovixd avahholtTed,
neptopllovtac Tic duvatdtnteg tou poviédou. Ia tov Adyo autd, Ta Emthextind MXK
(EMXK, yvwotd we «S6») [2] (1) etofiyayay Evay pnYovio o ETLAOYAGS, e TN duvatdTnTa
va Slotneel 1 var amoppinter TAnpogopla Bdoel g elo6dou oe xde Brua, xou (2) viodétnoay
evay aAyYOopldpo TaedAANANG Cdpwong, Ue oToY0 TNV adENon TN AmodOTIXOTNTIG.

Evtoitouwg, n yetatpony| twv MXK oe ypovouetofintd dnuiovpyel wa Booixr| tpdxinon:
1 €€0b0¢ Bev unopel vor UTOAOYLIOTEL Pe Lot xaGOoAXY) CUVEMEN, XoNGTMVTAUC TNV TUEIAANAT
exnaldevorn doyenotn. H apyitextovinr) Mamba evowpatover to EMXK xan avtipetwnile
TO TOEATAVE TEOPANUA YE €vay Ay OpLdo ToedAANANG odpwong e eniyvwon

Tou VAoV [2]. H emtuyia tou ahyopiduou otnpileton oe tpelc teyvixéc:

1. O ahydépripoc mpaypatonolel oVVINEN TLEAVEOY (VTOAOYLOUOV) TEOXEWEVOU VO

HELOOEL TO TADOC TV EL66B0Y/EE6BMVY GTN UVAUY, ETULTUYYEVOVTAS GNUOVTIXT ETLTAYUVOT).

2. O nopdpetpot Tou MXK goptavovton xatevdeiov and tny apyn MyvAun Tdniot Edpoug
Zovne (MYEZ, ayyh. «High-Bandwidth Memory», «<HBM») ot yeXyoen Ltotixy
MvAurn Tuyalag ITpoonéhaorng (EMTII, ayyA. «Static Random-Access Mem-
ory», «SRAM»), 6mou mpaypatonoovvian 1 Staxpitonoinom xou 1 avadpous|. ‘Eneita,
oL tehxég €€odot eyypdpovian oty MYEZ.

3. O evdidueoceg xataoTdoelg dev anolnxedovioal aAld emavuroloyilovTon

xatd to omlodo mépaoua 6Tay ol elcodol poptdvovtal and T MYTEZ oty XMTIL
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Chapter 1. Extetopévn neplindn oto ehAnvixd
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selection Mechanism

Figure 1.2. Emoxdrnon tng apxitextovikng Mamba. O unxaviouds emloyns tng ap-
xitektoviknis Mamba ouvovdler dvvauikr) tov cvotniuatos mov €faptdtar and tny €ioodo
He €vav mpooektikd oxedhaouévo akydpiiuo pe enfyvwon tov vAikoU, otoyelovtas otny
UAOTOINON TV €MEKTETAUEVWY KATAOTAOEWY anOKA€I0TIKA 0€ To anodoTikd enineda Tng 1€p-

apxias pvniuns tns MET, emruyydvovtas onuavtikny emcdyvvon. nyn: [2]

H opyitextovixy Mamba ctnv dpacr unoloyLoTwdv

‘Onwg gavepdvel 1 mpdTepn avdiuoy pag, to MXK elvon bavixd yio v enelepyooio
ueydAwv 1A axohovthwy, 6mwe elvon éva yportd xelyevo. Qotéc0, 1 vodétnon twv MXK
oe egappoyéc Opaone Trohoyiotdv (OY) Sev elvon tetpippévn, xodde aUTES YENOHLOTOLOUY
2A Bedopéva (exdvee), 3A dedouéva (Bivteo) B axdun mo olvvieta dedouéva vPnhdtepne
didotaong. XN 2A meplntwot, n aperrc TeosEYYLoT TEpLAoBAVEL Blay WELoUO TNG EXOVAC OF
2A emdépara (patches) xou 10onédwor| Toug ot pio BIdoTAOT, Yo TPOCEYYLOT TOL XUTAPYEL
NV WBOTNTA TS 2A YWEAS TOTUXOTNTAC.

Mo amo T Tpd e EmTUY NUEVES apyLTEXTOVIXEC Mamba Yo eapupoyéc OY elvon  Vim
[8], n omolo enelepydleton TNV toonedwpévn axohovdio T6c0 oty eunpboda boo xou TNV
orniotha xatebuvon, ue otdyo N daTAENoN TV BLdPoPLY YWEWKOY eEUOTACEWY.

H apyitextovixy VMamba [9] enexteivel ) Aoyuxr) tng noluxotevduvtixic odpwong,
epopublovtog évo oyfua odpwone TN exovas elo6dou (1) and endve aplotepd TEOC X4t
0e&id, (2) amd xdtw dedld Tpog emdve apLoTepd, (3) and endve degid Tpoc %dTe APLGTERE Xou
(4) and xdtw aplotepd mpog emdvey Be€Ld.

Y1g eopuoyég TuRVAG TeoBAedng, Tou aruTolY XUTNYoploToMoT Xdde EVOC ELXOVOo-
Totyelou (pixel) tng ewo6dou, dmwe elvon 1 XATATUNOY EXOVOC, CLUY VA YENOLLOTOLOVVTAL dp-
xrtextovxég tomou U-Net yia Ty avdxtnon Tou oy Uatog Tng exovag eioédou atny €080
[39, 40, 41]. "Ahhec apyrtextovixée eivon LBELSLXES, dNhadH cLVBUELOLY TNV CEYLTEXTOVIXT
Mamba pe Yuvehxtuxd Nevpwvixd Aixtua (ENA) [42] A petaoynuatiotée [43], npoxeyévou

vor 8péouy Toug xoETolg XaL TV 5V UEVHBKV.

1.2.3 Avtinopadetiny nddnon

H Avtinopadetxry Médnon (AM, ayyh. «Contrastive Learning», «CL») otoyelel otnv
EXUAINOT AVATOEOC TACEWY GE EVALY BLUVUGHATIXO YWE0, GTOV 0Tolo TopoUoLa Oelyota anetxovi-

Covtan o€ YELTOVIXE onuela, EVE ovOUOoLa BElYUOTA OE ATOUOXPUOUEVAL.
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1.2.3  Avtnapadetiny wdinon

Modnpotiny StatiTwon

H AM §pa endves oe Lebyn onueiwy dedopévmv. Aedopévou evoc cuvérov D = {x1,xg,...,Tn},
optlouue Ta Yetixd Ledym (xz,x;r) ¢ mopduoLa oTiYGTUT Xon To opvnTxd Lebym (24,25 )
we avépol otywétune. Eva dixtuo xwdorowmth fo 1 X — R? aviiotoyilel ty eicodo
og évay d-OldoTaTO BLIVUCUATIXG YWRO, CUY VA 0XOAOUYOVUEVO antd Lol TEOBOAXY) XEPUAT|
gp:RT— RY, 6mou R eivon ouvidog évac younhbtepne Sidotaomg yhpog 6Tov onolo eqap-
woleton N avtinaporde Ty oamdAeto. H xeqon auth) Tumixd napdyel xovovixomoinuéva dtavio-

wota z = gg(fo(z)) pe [|2]] = 1.

Muprvac e AM elvon 1 andhewo InfoNCE [44], n onola ehayiotonoel v opolBaio
TAneogopio ueTagh VeTinwy (euydy:

exp(sim(z,21)/7)
S exp(sim(z,25)/7) |

LinfoNcE = —E (g o+) |log (1.12)

60V 2 = gy ( fo(z)), 6mec opileton mopamdve, sim(z;, 2j) = z;' 2; elvon 1 OpOLOTNTA CLYVNULTE-
Vou, T elvol Yol ToedueTeog Vepuoxpaciag Tou EAEYYEL TNV TUXVOTNTA TNG XATAVOURS xou N

elvon 10 cuvolxd TABog Serypdtwy oty maptida (batch).

H nopduetpog Yeppoxpaactog 7 dladpapatilel e€€yovta pdro otr dadixasia Bektiotonoinomne.
Xounhotepeg TWEG TapdyoUY OTEVOTERES XATavouéS Tou «e€opllouvy Ta dxpws apVNTIXd
delypata, eved LPNAOTERES TIES BNuLoLEYODY O OpahéC xaTavoués. BEumeiod, ol Tipée tneg
7 € [0.07,0.5] divouv avoromtixd anotehéopata o€ TOAAPLIUES EQUPUOYES EVOLPEROVTOC
[45].

MeBodohovyieg

Or apyxéc uédodor AM amoutoboay TNy UTHEEN TOANDY ENTA AEVNTIXWY SELYUATWY, XATL
mou enéBahhe yeydho peyédn naptidac [45] ¥ nepimhoxoug unyaviopols yio TV mopdxapdn
Tou mpofAiuatoc [46]. Enduevec mpooeyyloec unepéfnoay ta mopoamdve eunddio yenot-
HOTOLOVTOG BU0 OAANAETLOPWVTA BixTUN TOU EUTOBILOLY TNV XATALEEVCT] TOL LOVTEAOL, ONAXDT|

NV TEpinTWwoT oty onola 1 éZ0d0¢ topapével oTadept avelapTHTLS ELo6dou [47, 48].

Qotéoo, n a&lo tng AM avadelydnxe xuplog yéow e Lo¥ETNONC NG OE BLITEOTIXES
(cross-modal) egappoyéc, pe yopaxtnetouxd nopdderyua to CLIP (Contrastive Language-
Image Pretraining) [49]. To CLIP npoexnoaudeletar oe éva oyxmddes xou YopuBndec ohvoho
dedopévwy, mou cuyxeoteitar amo 400 exatopudpior LeOYN EUOVOV-XEWEVIXDY TEQLY QAP
and To OLdixTVO. XTO HOVTEAO aUTO exTmaldeLOVIOL Amd %0Lvo) 800 BLaxElTol XWOXOTOL-
NTEC EXOVAC X0 XEWEVOU, UE YpNom EVOG GUUHETELXOU Blatpomixol atoyouv AM, Baciouévou
otny e&lowon 1.12. H xupidtepn dotnta tou CLIP glvon 1 ixavétntd tou yior tTa&ivounon
xwelc mapadeiypata (zero-shot classification), dnhady) talvéunon oe xatnyoplec otic
onolec To Yovtélo Bev €yel exmandevdel, unoloyiloviag TiC TANCLECTERES XEWEVIXEG AVa-

TopAo TAoELS (UG TNV EVVOLXL TG OHOLOTNTAS CUVNUTOVOUL).
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Chapter 1. Extetopévn neplindn oto ehAnvixd

Teomixd xevo

Eurneipuxy) nopathenon. Iapd ty emtuyio pedodwy énwe to CLIP, 1 Swtpomix AM
CGUVOEETOL UE EVOL OUYXEXQUWEVO (QULVOUEVO: aVT( Ol BLUVUCUATIXES OVATOQUOTAOELS Vo efvol
OUOLOUOPPOL XATAVEUNUEVES ETAVG OTN povodiaio unepoaipa, cuUTECOVTOL GE Uidt GTEVH,
xwvoeldn teproyy [3]. Autéd ouuBaiver Sibtt N andiewa InfoNCE peyiotonoel tnv opotdtnta
CUVYNULTOVOU, TIOU EVOLUPERETAL LOVO YLt TN OYETIXY Yoo LETAED BlaVUOUATOY Xat Oyt VLol TO
©€tpo Toug B TNV andhutn Yéom Toug oTov Yweo. Omtxd, av aneixovi{aue TIC SLUVUCUATIXES
OVATAPAGTACELS TV 800 TPOTUXOTHTWY (EOVOC xou XEWEVOL), de Vo avTixpllope Wwiar evioda
cuoTAdA oNuelwY, aAAd BVO SLaxElTéC CUCTAdES — Wiol Yo XGUE TPOTUXOTNTO — Dlo WELOUEVES

HE éva eppovéc dldoTnpa, Tou xolelton Tpomixd xevé [50].

el T

1

Lpty adds = 2 3 i e
(a) m)y— S P —— B (n € Modaly, g £ Modalg) m MM T E.: T, e, /1)

Iulti-modal . = Normalize{Boea (24} i

pr——  — a xp = ize{Bney [2x 1 explsL )
i - 2 & iy Catyvdty = = 3 log —=

COI'I']'ES_)‘.IVG . s 3 QD — / = ¥ = Normalize(Enealye ) Els N E‘: " 3 oxnl sy f7)
Leaming B Multi-modal 3 55Xy 1 |
Modality1 Cintiative Lass Modality2 L= 5(13», VR VR

] 20 . B W EESR LSS A

4 A
: Ls
‘ 10
]
(b} =7
Initialization: - 8 L]
Pro-trained . Gy
L) :
g B 3
0 10 20 -5 0 5 0 15
12
10 ﬁ
& e
(c} & =
Initialization: ) ?
Random

Figure 1.3. To tpomikd kevé oe O1dgpopes epapuoyés moAvtpomikng avuinapaleTiknig
pddnong. Iyr: [3]

Moadnuotixn dtatdnwon.  Acdouévou evog GuVOAOU N Lo-XAVOVIXOTIOMUEVKY Blavuo-
LAtV avamapao tdoewy exdvac V = {v; }Y | %ot tou avtictolyou Guvorou fo-xavovixomompuévey
BlovuoUTIXGY avamopactdoewy xewévou T = {t;}N | 1o avtioToya xevipoedr urohoyi-

Covton w¢ ahyeBpuxol uéool dpol:

1 Y 1 Y
uimg = sziv Hixy = Nztz (113)
1=1 i=1

Sopgpova pe 1o [3], 10 TpoTIx6 xEVO unopel Tumixd vo tocotixonomdel we 1 fa-vépua

NG OLAPORAS TWV TUPATAVE KEVTPOELWDWYV:

HAQGPHZZ Huimg_p’txtHZ' (114)
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1.2.4  Tevynuxn poviehomoinon

Avtieg o ocuveEneieg. H @lorn tou 0T6)0U OUOLOTNTASC GUVNUITOVOU, TTOU EVOLUPERETOL
HOVO Yo TN oYETXT Yovia ueTaEl davuoudtwy [45] xou oL apyttexTovixés dopopéc petalld
TOV XWOXOTONTAVY EXOVAC Xou XEWEVOL [3, 51| amoteholv T xUpLOTEPES auTiES EUPAVIONG
Tou TPoTXoV XeVol. Av xou 1 Omopén Tou TpoTxol Xevol umopel va meplopllel oplouéve
duvatdnies, omwe TN dtpomxt| Tapaywy [52], evioltolc euvoel TN dwthpnon e Aem-
TOUEPOUS TANPOPOpiac Tou elvon amoxAelc Ty Yo xdde TpomxdTnTa ()., 1 TEPLYRUPY «N)
pwtoypapia piag napadiag mov tpdpnée Tépuotr To Kalokaipty TMEPLEYEL TN YEOVIXY| AVAPOEd
«mépuot To kadokaipty, mou dev elvon omTid avtiknmty) [3]. Alhec WBLOTNTEC TOROUEVOUY
AVETNREACTES, OTWC 1 IXAVOTNTA XaTyoplonoinong yweic napadeiypato (oyyA. «zero-shot
classification»), du6tt Baoiletan oty edpeoT TAPATAACIWY AVUTUEAC TECEWY UTH TNV Evvola

e opoloTNTIC cuVNULTdVoL [3].

I'epupwvovtag To xevo. O onuavTiXOTERES OTEATNYES YEQPUPKONS TOU TEOTIXOV
%EVOU GUUTERLAAUPBAVOLY EX TWVY UGTERMY XEVTROVETNON TWV BLUVUCUATIXWY AVATOQC TAGEWY
xadeploc tpouxdtnrac [3], Swopolpaopd TapaUéTEmY UETAUED TV XWIXOTOMTHOV EXOVIC Kol
xewwévou [51], exudinon cuvdpTnong aVTLoTOIONS ATOXAELT TIXS Yo T BLUTEOTUXY) HETOPOPE
TWV VAU TAOEWY [52] xou SLépopa oY AUOTA TEOYEUUUATIONOD YId TIS THES TNS TapoUéTEOU

Veppoxpaoioc [53].

1.2.4 Tevvntuxy povichonoinon

H yevvntiny) yovtehonoinon eivan éva Yepehiddeg mpotuno e MM nou otoyedel otnv
eEXPAOINoT TNS UTOXEIUEVNG TRAYUOTIXNC XATAVOUNS TIAVOTNTAC TWV TOQATNROUUEVGY de-
dopEVWY, ETITEETOVTAG T SMutovpyia CUVIETIXDY BELYUATWY TOU LOLAOLY YE TNV TROYUOTLXY
xatavour]. Aedopévou evic ouvohou dedopévey D = {x1,22,..., &y} TOU TEOEPYETAL OO (Lo
Gy VOO TN XUTAVOUN Pdata (), 0 0TOYOC TNS YEVVNTIXAC Hoviehonolnong elvon va tpooeyyioet
QUTH TNV XATOVOUY UE €Val TUPUUETPOTIOMUEVO HOVTELD py(x) éToL (oTe T delypota Tou
mpoépyova and TNV pp(z) vor uny umopovv va daxprdoly amd auTd Tou oEyIXol GUVOLOL Be-
dopévmv. Autd to Yepehmdes npoPBAnua €xel 0dnyHoeL o BEXUETIEC EPELUVAS, OO TIC TEWTES
npooeyyioels mou Baciloviav oe Movtéha Mi&ne I'vaovotovey (MM, ayyh. «Gaussian
Mixture Models», «GMMs»), ta onola tpooeyyilouv TNV TeayUaTXr XATaVOUr WECK WLaC
unépdeons xovovixdy xotavouwy, xou Keupd Mopxopiavd Movtéha (KMM, ayyh. «Hid-
den Markov Modelsy», «HMMs»), énc o oOyypova mhaiowa Badide pddnone mouv unopolv
VoL ONUOLEYNOOUY EMOVES LPNAAG avdAuong, eeoMoTixd xelpevo xou odvieta dounuéva
dedouéva. H podnuatxry Bdon tne yevvnuxhc povtehonoinone Booileton oty extiunon
TUXVOTNTAC, OOV 0TOYO0C elvor Var eharyloToomndel 1 amdxhion HETAUED TNG TEAYUATIXAC Kol
Ne povdavouevng xatovouns, 1 onola cuVH LS BlITUTWVETAL WS UEYLOTOTONOT Tou Aoyapld-
wou mdovotntog L£(6) =Egpmpy... l0gpe(z)] B, .loodOvapa, otny ehaytotonoinom Tne andxiiong
Kullback-Leibler D1, (pdatallPo) = Ez~pyara 108 Pdata () —log pe(z)] [54, 55].

Y10 undhoimo ywelo, Ya mepiypddouye Ta TAEOV EUREWS YENOULOTOLOVUEVO YEVVITIXG,
mhafola, ouvunepthopfBovopévne e Avuotoiytone Pofic (ayyh. «Flow Matching»), n onola

xenowotnoteiton oty uéVodo Tou TEOTELVOUYE.
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Chapter 1. Extetopévn neplindn oto ehAnvixd

ITaparAaccopevolr AuToxwBLXOTOLNTES

Ot ITaparhacocopevor Avto-Kwdixornowntée (ITAK, ayyh. «Variational Au-
toEncoders», « VAEs») [56, 57, 4] anote o0y yiot GUYXPOTNUEVT TROCEYYIOT TNS YEVVITLXAG
povtehomoinong n onola cLVBUALEL TOV TOPUANACCOUEVO GUUTERUCUO e T Barhd udinon
UE 0TOY0 TNV exPdinoT poviéAny Aavioavouoy petaBintoyv. Ou ITAK ewodyouv pio Aovdd-
VoUoa UETABANTH TOU EYXOATIWOVEL TOUG UTOXEUEVOUG TURAYOVTES BLaXDUAVOTG OTa BECOUEVA,
EMTEETOVTOE TOCO TOV ATOBOTIXG GUUTEQUCHUO OGO XOL TNV THRAYWYT|, UECW EVOS EVYENOTOU

mhaotou Behtiotonoinong.

Datapoint
Inference Model | Sample .| Generative Model
q(z[x) z p(x.z)
\ " /
Objective
ELBO = log p(x.z) - log q(z|x)

Figure 1.4. Eva amAd didypappa vroloyoniknis pong evés ITAK. Inyn: [4]

Ocwpntixd Jepéria. To mhaicio twv ITAK unodétel ti ta napatneodueva dedouéva =
Topdyovton and pio haviddvovoo UeTaBANT 2 p€ow wag YEVWNTxhc dtadixaciog pg(x|z), 6mov
ot Aavddvouoeg yetafBAntéc axohoudolv piol ex TwY TPOTEPWY Xatavour| p(z), tou cuvidwe
emAéyetar g Tumxt| xovovixy| xatovour) N(0,I). H opiox mdoavogpdvela towv dedouévey

unopel va exgpactel we:
po(x) = /pg(:z:|z)p(z)dz. (1.15)

61600, auTd TO OhoxAApwua elvon yevixd adbvato va extundel. O ITAK nopadun-
TOUV OUTH TNV TEOXANGCT) ELGAYOVTOG Lol TROCEYYIOTIXH EX TV UOTERWY XaTovouy) ge(2|x),
TOPOUETEOTIOMUEVN amtd Evar VELPVIXG BixTLO (XwdxoToinTY), xou BEATIC TOTOLOVTAG EVaL TP~
AAAACTOUEVO XATw Pedrypa oTnY Aoyoptduxy mdavogdveln. To Kdtw Ppdyuo Anodei-
ewv (KPA, ayyl. «Evidence Lower BOund», « ELBO») mpoxOmTelL Ypnotlonousvos ty

avicoTnTa Tou Jensen:

logpe(z) > By, (z1z) logpe(z[2)] — Drr(qs(z|2)[p(2)) (1.16)
= L(0,6;2). (1.17)

To K®A anotehelton amd 800 6pouc: €vav 6p0 VAXATACHKEUNG TouU eviapplveL TOV
ATOXWOLXOTON T VoL ovoxaTaoxeLdoet e axpifeia Ty elcodo and Ty havidvouco avanapdo-

TUOT oL EVAY OO XAVOVIXOTOINCNG Mo TEPLopllEl TNV TPOCEYYICTIXY EX TWV LOTEPWY
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1.2.4  Tevynuxn poviehomoinon

XAUTAVOUY], WOTE Vo TORUUELVEL XOVTE GTNY €X TWV TEOTEPWVY xatovour. Auth 1 SLaTLTWoT)
ETUTEENEL TNV TowTOypovn Bertiotonoinon tdéoo tou yevvnuixol povtélou py(z|z) (amox-

odwonontic) 660 xou Tou Hovtéhou cuuTepaouol gy (z|x) (xwdixonoinTig).

To téyvaoua TNG EnavanapaeTponoinong. M xplown xouvotoplo otoug ITAK
elvan To Téyvaopo e emavanopauetponoinone [56], to onolo emtpénel TRV omoYoodiddoon
HEoW oTOY oo TIXGY XOUPBrv. Avtl va AaufBdver Selyparta amevdeiog and Ty ¢4(2|z), n uédodog
expedlel TNV Tuyola METOPBANTY W WA VIETERULVIOTIXY CUVHETNOT TWVY TOROUUETEWY Kol ULAS
Bonintxhc petoBintic YopdfBou. T wio xovovixr ex Twv LOTEpWY xatavour gu(z|z) =
N (pg(x),03(x)), n enovanapopetponolnon etvow:

z=py(z)+o4(x)O€, e€~N(0,I), (1.18)

6mouv to ® OnAodver To ywoépevo Hadamard (otoiyelo mpoc otouyeio). Avth n petat-
POTA EMITEETEL OTIC Topary@yous (gradients) va péouv péow tne hettovpylag derypatoindiog,
emTEéNOVTOC TN BEATIOTOTO(NGT OAOXATEOU TOU TAUGIOU YENOHLOTOLOVTAC TNV XAAoLXT) OTUGVOBLd-

doon.

Medodoloyieg. Ouxuptdtepeg noporlayéc Twv ITAK nepilaufdvouy tny etoaywyr evég
TapdyovTa 3, xadme xaL SLBpop OYHUATA TEOYPOUUATIOHOY Yidl TNV TN TOU, UE OTOYO TOV
éheyyo tng andxhiong Kullback-Leibler xau 0 cuvaxdlouvdn napeunddion tne xatdppeeuong
™S X TV LoTEPWY xatavourc [58, 59], tn yeron mo eZelnTNUévey GUVAPTACEWY Yo TNV
extiunon g anodhelog avoxoataoxevic [60, 61], xodde xan v e&elpeon tedTOV Yoo TN
Ye@OPWOT TOU YAOUATOSC EXPEACTIXOTNTAS UETAUED TNS TEOCEYYLOTIXNAG XOU TNG TEAYUATIXNG

EX TWV LOTEPWV xatavourc [62, 63].

Fevvntixd Aviaywviotixd Aixtua

Ta 'evvntixd Aviaywviotixd Aixtua (ayyh. «Generative Adversarial Net-
works», «GANsy) [64] épepav enavdotacy otn yevwnuxy goviehonolnon, elodyovtoag €va
TAaoL0 AV TOY WVIO TIXHC EXTAlBEVOTE TTOL avTLToEaIETEL BUO VELpWVIXE dixTua o€ Evar Towy VoL
minimax. Ye avtideon pe toug ITAK nou Bacilovtar oe pntéd unoroyiopd miavogpdveloag, To
T'AA yodaivouy va Topdyouy peahlo Tixd Selyorta L€ avTory wVIoHoU HETAED EVOC YEVVNTIXOU
dixthou (generator) mou mapdyel cUVIETIXG BeBOPEVAL XU EVOC BLa weLo TixoV dixtlou

(discriminator) mou doxpivel YeTadd TEOYUATIXOV X0 THEAYOUEVKY SELYUATOV.

Ocewpentixd Jepéria. To mhaloo twv N'AA Swtundver ) yevvntixy poviehonolnon
w¢ mowyvidl minimax 800 mowxtdv. To yevwnmind dixtuo Gy : R? — R™ ameixoviler tuyoia
Saviopato Yoplfou z ~ p,(2) oTov yOeo Bedouévwy, evdd To dayweioTnd dixtuo Dy :
R™ — [0, 1] extpd ty mdavétnto éva dedopévo delypo Vo TpogpyeTan and TNV TRy UaTixy

xaTavour] DBOUEVKY xan Oyt amd TN yevvhtela. O otdyog tng exnaldeuong elvo:
minmax V (D, Go) = Esnpie 108 Do(a)] + Eov. l0g(1 = Dy(Ga(2))): (119)
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Y Béhtiotn Moo, 1 yevvAtela pordalvel vo tpooeyyilel TNV Xatovour] BESOUEVWY Pdata ETOL
OOTE TO Lo WELo TG B{XTUO Vo uny uropel var Sloxplvel HETOED TROYUOTIXGY Xal Topoyd-

HeveV Seryudtwy, emttuyydvovtag D*(z) = 1/2 vy 6ho tar 2.

Medodohoyieg. H exmaidevon twv 'AA napoucidlel yovadinés mpoxAnoelc Aoyw tng
avTaywvloTixig Tng @Oong. To yevwntind xau To SloywpeloTixd dixtuo meénel va Bploxovtal oe
loopporia - €dv To €va 6ixTuo Yivel ToAD LoyUEd Ge oyéom UE To dANO, M exntaldeuon Uropel va
yiver aotadrg ¥ avaroteeoyotiny. o tov Aoyo autd, €youv avamtuyvel didpopeg wédodot,
6mLG avuxatdotaon e andxhione Jensen-Shannon pe tnv andotoon Wasserstein [11] xou
emBOAY TOWAC oTIC Taparywyous [65] yia otadepdtepn exnaideuon, xodde xo EVoOUATHON

e eV petagopds otk Adaln [12] yia peyolitepo éleyyo oto naporyduevo delypota.

Movtéla dudyvong

To yovtéha dudyvone [66, 67] elvon wa xotnyopia poviéhwy tou Baocilovton otn Yew-
plot TV oToyao TGOV Slapopdv elowoeny (ETAE) xau yadaivouv va avtio tpégouy pa
Soduxaoior otadlaxic ewoaywyrc VoplPou [68]. O yevvnuixde pnyaviowds evvoeltar we 1
YEOVXY| AVTICTEOYN WG dLadixaciac TEog Tol EUNEOS BLEYUCTE TOU AAAOLWVEL TEOOBEVTLIX
ToL 6E00UEVAL EC OTOL UTE BEV UTOPOLY va Blaxptdoly Théov amd tuyaio Y6puo Tou axolou-

Vel TNV xovovixr xatavous.

Ocwentixd Yepéiia. H dwbdixoaocia e mpog Ta epnpodc Sidyvong oplleton wg
wor poexofiavh oductda mou mpoc¥étel oTadloaxd yxaouotave YopuBo oto delyua xo oe T’

Bronpitd povixd Prpata olpeove L éva oplopévo Tedypeaupa diaxipavone {8

q($t|l‘t_1) :N(SL‘t, vV 1 _ﬁtl‘t—laﬁtl)' (120)

Mo Baowery 16Tt autrg Tng daldxaotog elvar 6Tl 1 TepLdmpLO XATAVOUT| OE OTOLOBTOTE
Xeovixd Brjua t uropel va derypatorngiel oe xAeloTY| Lop@r| Ywpels vor Slatpéyeton xdie popd

n aAvoida. Av Véoovpe ap = 1 — B xou oy = Hf;:l Ovg, TEOXUTTEL:
q(z4]mo) = N (245 Vauzo, (1 — ay)I). (1.21)

Avth n ot elvan xplown vy Ty anodotixy exnoldeuan, xadde emTEénel TNV dUEST
derypotohndion Tou @y Yol OTOLOBATOTE t UECEL TNG ETAVATOPAUETEOTOMOTG: Tt = /o +
V1 —aze, 6mou e ~ N(0,1).

H yevvnuxn dwdwacio, § tpog Ta mlow BLdYLOoT, GTOYEVEL GTNV OVAXTNOCT TWV
oEY WOV SESOUEVLV U€ow NG EXPEUNONE TwV LTE GUVDIR XN XATOVOUOY Py(Ti—1|Tt). Autéc
TOPOUETEOTOLOVVTAL (O XUVOVIXES XATAVOUES, TWV OTolwY 1) H€oT) T TeoBAEneTol amd Eva

VELUPWVIXO BixTLO g (T, t):
po(@i—1|ze) = N (2415 pg(1,1), 07 1), (1.22)

Eextvavtog and xadapd Yépufo xp ~ N (0,1I), To poviéro arodopufornote! etavahnmtind to

Oelypor yior vo Toparydyel puat Tehuxr] extiunon.

Diploma Thesis



1.2.4  Tevynuxn poviehomoinon

3toéyog exnaildsvong. Evd to poviého pnopel va exmoaudeutel pe N peyiotonolnom
TOU XATOTATOU Pedryportos Slaxuovong (ayyA. «variational lower bound») otn hoyoprduxy
mdoavopdvela, el amodeyVel [66] 6Tt évag anhonoinuévog atdyog, o omoloc unopel va ep-
unvewdel e anmielo anovdopufonoinong péow avtiotolyiong Podpohoylog, amodidel avidtepa
aroteréopata. O otdyoq elvon va exmandeutel éva dixTuo €9 e oxomd Ny mEORAEYN NG

ouviotioag Yoplfou € and to YopuPBdeg delyua y:

Lsimple = Bttt {1,7} 20,e~N (0,1) [Hf —eo( Varmo+ V1 —aye ) ”2} : (1.23)

AvatOnwon Baoetl Badpworoyiag. To dplo cuveyolc ypdvou TV LOVTEAWY BLdyuong
TPEYEL Wit EVOTOMUEVT], oTtTixy) péow twv LTAE [69]. H mpoc to epnpdc Swodixaocio uropel
vo exgpeaotel we 1 Ao uoag BTAE:

dz = f(z,t)dt+ g(t)dw, (1.24)

6mou f(-,t) elvan évag ouvteleotic olNodnone xau g(t) évac ouvteheothc didyuone. H av-
tlotpopn avthic g dwdxactag evon eniong wor LTAE nou e€aptdton and T cuvdptnom

Badporoyloc tne xotavouic twv dedopévwy, Vi logp:(z):
dr =[f(x,t)— g(t)zvx log pi(x)]dt 4 g(t)dw. (1.25)

To vevpwvixd dixtuo € exmoudeeton yioo var tpooeyyilel auty 0 cuvdptnon Boduoroyiag

(6me napovotdleton oto [70]), xadde oyetilovtan péow tne oyéone Vylogp(z:) ~ — E\‘}%

Avutéd n ontixy| mou Baoileton otn Podporoyio Pépvel GTO YOS Yl AVTIOTOLYT VIETEQULY-
oty dadacior yvwo | o XAE pore mdavotntoc [69], n onola yetagéper delyporta and
v xatavour YoplBou TNy xatavour] SEBOUEVKY aXOAOUTOVTASC TO BLVUCUATIXO TEBIO TOU

eyel udel. H dwtinwon ye LAE eivon biaitepa yerown yio 80o Aéyouc:

o I'eXyopn devypatondio: O apuduntixol emiutéc LAE unopolv vo mpooey-
yioouv v Tpoyd pe onpavTxd Aydtepa BrpaTo amd TOUC OTOYACTIXOUS OELyUo-

ToMnteS, napdyovtag delypota udnhic towdtntag o wéhic 10-50 BrAuara [71, 72].

o Eleyyouevn napaywyn: H vietepuivio tixn Sloadpour| mapéyet wa povadixy), ovTi-
oteédiun havddvouca avanopdo oot yio xdde onuelo dedouévwy, 1 omolo lvon TOAD-

TN Yo epyooieg 6nwe 1) enelepyooio exxdvwy xou 1 TopeUBolt| [73].

H Satdnewon outy) avadlopop@vel T diaduacio dnuiovpyiag we exuddnon evég dloavuo-
woteol mediou mou xododnyel to Selypotor amd war amhy xatavourn YoplfBou oTNV TOA-
Aamhotnta (manifold) twv dedopévev. H ontind) tne expdidinone evéc diavuopatixold nediov
YO TN HETAPORE TUXVOTATWY THavoTNTaC Elvon WLalTERA YN Xl TEOCPAUTA YEVIXEDYTXE
and v Avtiotolyion Pofc [74], wa teyvind pe eéyovta pbro otn pédodo nou mpoteiveton

070 xe@dhato 4 auThg NG epyaoiog.
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AvTioToiyion Povg

H Avtiotoixion Porc (AP) (ayyh. «Flow Matching», «FM») [74, 5] anotekel
onuovtixy e€€MEN oTto medlo TNe yevvnTxig Yovielonolnaong, SlatuTdvovTag To TEdBANuUA
WS EXPGUINOT BLUVUOUATIXGY TEDIWY TOU UETOXLVOUY Xatovoués mdavothTwy. Xe aviitveon
ue to povtéda dudyvone nou Booilovton o otoyaoTxég ddixacies, n AP otoyelel otnv

expdinon vieteppviotxcdv LAE, tou npaypatonototy avtiotolyton HETAED TV XUTAVOUMY.

Oecwpntixd Jepnélia. H AP unodéter v Onopln evdg ypovoelopThuevou Blavuc-
ool Tediou v : [0, 1] x RY — R?, mou vhornoiel tny avtiotolyion v : (¢,2) + v (z). To nedlo
auT endyel wiat pory ¢ : [0,1] x R? — RY, mou uhornoiel Ty avtiotolyion ¢ : (t,z) — ¢¢(z). H

eot| xavorotel Tnv e€¥c ayéon:

d¢t (1‘)
dt

=vi(¢e()),  ¢o(x) =1 (1.26)

H Bi6tnta tng porc elvon 1 petoupopd Seryudtov and wa amhy xatovour tnyhc po (ouvhdwg
xavovixy)) ot yeovixh oty t = 0 oty xatavour 6téyou pp otn yeovxh ouyp t =1. H

eZEMEN TV TUuXvoTHTLY mdavotntac axohoudel Ty efloworn cuvéyelac:

Opt
— V- (prvy) =0. (1.27)
ot
p 1 P i
Q 5N
= W A .
f }.; A "'/\. [E‘@]} :
‘;\-_::./" .///,__I\; A ) __:‘:{::4' (i
Xy = - =
X
(a) Data. (b) Path design. (c) Training. (d) Sampling.

Figure 1.5. Ykiaypdonon tng Avtioroiyions Pong. (a) O otdyog eivar n) elpeon piag pons
mov avtiototyiler defypata Xo anoé pa yvwortn katavoun) tnyns n pia katavoun) Jopuvfov
p o€ Oefypata X, and e dyvwotn katavour 6edopévwr q. (B) Ia va to emtiyouvue
avtd, oyedidlovue éva povondn mbavétntag ourexols xpdvou (pi)o<i<i ToU TapeuPdAdetar
peta&V towv p:=po ka1 ¢ :=p;. (y) Katd tnr exnaidbevon, xpnoipuonoolue nakivdpdunon
Yl va €KTIUIO0UHE To Biavvouatiké nedio uy mov mapdyer tny pe. (6) Ia va avtAnoouvue
éva véo Oelypa amé tny katavoun otoxov X ~ ¢, OAOKANPWOVOUUE TO EKTIUDMUEVO O1aVV0-
patiié medio uf(X;) and t =0 éwgt =1, drov to Xo ~ p elvar éva véo defyua tng apxikiic
katavourjs. IInyn: [5]

Avtiotoiyion pong und cuvInxr. Egdoov n ansuieiog exudinon tou mepridpiou
Sovuopatixol tediou elvan avépuxtr, n AP xataoxeudlet poéc und cuvidixn ¢ (z|xo, 1) ToUL
TopeuBdAlovtan petall Tou onueiou TpoéAeuong Lo ~ Po XU TOL GNUELOL TEOOELOWOY T ~ P1.
Katd ouvéneia, 1 dladpoun xan to avtioTolyo diavuouatixd tedlo yivovton amAd xan e0xolo Vo

optotovv. T v evpéwe yenowonolotpevn Sadpour BéRTiotng Metagopds (BM)
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1.2.4  Tevynuxn poviehomoinon

(ayyh. «Optimal Transport», «OT»), 1 pof| TEoXOTTEL ATADS WS Wit YEOUXT| TOREUBON:
Pr(zo,21) = (1 —t)zo +ta, (1.28)

ue to avtioTtolyo und cuVITxY dlavuouatixd Tedlo:

’Ut(CC(),{L‘]): a(ﬁt(l‘o,l‘l):l'l*.’ﬁo. (129)

To nepriplo dravuopatid nedlo elvon ToOTE:
V(%) = B(g0,2))r [V (7|70, 71) | Pt (20, 71) = ], (1.30)
omou 7 elvon Wi 6UCeLEn PeTal po %o p1, ONAadY plat amd xovol xatovouy| mavoTnTag,

TNe onolog oL TEQLIWELIES XATAVOUES OTOUS AVTIGTOLYOUS AEOVES EVAL Po XAl P1.

Ytoxog exnaidevong. O otdyog e exmaideuone eloyiotomolel Ty anécTtacy fo

ueTaZl Tou dlavuopatixon medlou v (z) mou éyel uddel To LOVTENO XoL TOU BLAVUCUAUTIXOV

nediou oty ou vi(xt|To, 1) Yéow amhic Tavdpdunong:

LrM(0) = Ets0,1], (0,01 ) {va(xt) —vt(xt|70,71) Hz} , (1.31)

6mov Ty = Pi(x0,21). Xty mepintwon e dwdpopric BM, n avuxatdotaon e €€, 1.29
otnv €&€. 1.31 oideu:

Loi(0) = Brfo,1) (woseryor |[I0F () = (@1 = 20) %] (1.32)

Ytoxaoctixol mapewPoreic. I va eaogahiotel apriuntixy evotddela xon vo ov-
TWETWTO ToOY TiavES Lolooppleg, cuyvd yenotworoovvta Mtoyac Tixol ITapepuPoAeic
(310, ayyh. «Stochastic Interpolantsy, «SIsy) [75, 76]:

d1(xo,x1) = (1 —t)xo +tx1 + Ot€, (1.33)

6mou € ~ N(0,I) xou oy elvan éva mpdypapua Yoplfou, cuvidwe oy = omin(t,1 —t) vy

xdmolo wxed o > 0. To avtiotoryo und cuvdixn diavuopatixd nedlo yivetou:

x1— (1 —0y)xo — oy @6
Ot dt '

vi(xi|wo, 1) = (1.34)

ITAeovexthipata o oxéon he cLPatixeg Ledbddoug:

1. Evotddcia exnaidevong: Ye avtideon pe ta 'AA, to onolor amantodv npocextixy
e€lO0PEOTNOY TWV AVTAYWVIOTIXWY ANWwAEWWY, 1 AP Beltiotonoel évay amhé otédyo

TAALVOEOUNOTG.
2. AxppBric mOavogdvelo: H AP mopéyel axp3r unoloyiopd mdoavogdvelag ywelc
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Chapter 1. Extetopévn neplindn oto ehAnvixd
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Figure 1.6. Téooepis xpovikd ouvexeis tadikaoies (Xi)o<i<1 mOU petakivoly to delyua
mpoédevong Xo oe éva defyua npoopiopod Xy. Avtés elvar (a) pia porj o€ ovvexn xapo
katdotaons, (B) pia didyvon o€ ovvexn xopo katdotaons, (V) pa dwdikaoia dApatos
o€ auvexn xdpo katdotaons (o1 tukvéTntes aneikovilortal wg 1000Tauikés kKauTUAES) kal
(6) i dwdikacia dAuatog o€ dakpité xdpo kataotdoewy (o1 kataotdoes aneikoviloval

wg dlokor, or mbavétnres pe xpduaza). Inyn: [5]

Vo anoutel UTOAOYLOTIXG ETayVelc EXTIUAOELS LY VOV TVaxwY, ot avtideon ye Ti¢ Topo-

dootaxég poég xavovixonoinong mou Bactlovtal 6Tov TOTo Aoy HS LETABANTOV.

3. YdmAy mowdtnta derypdtwyv: H dwtdnwon cuveyolc ypdvou emtpémel TNy
OUOAT) TOEEUBOAT) LETAED XATOVOUWY, UE ATOTENECUO OE APXETEG TEQLTTAOOELS LYNAGTERN

ToloTNTA BELYUATOY o alYXELoN Ue TIc uedddoug dlaxpltod Yeovou.

4. Trohoyiotix) anodotixotnta: O otéyoc exmaideuone ye Bdorn tny mohiv-
dpodunomn xodde xou 1 datdnwon e Bdon e YAE empépouy onuoavTixy emtdyuvon,
xahotovtag TV AP xatdAAnin yio eQapuoyEéc HEYAANS Xhipaxog.

1.3 MeYodoloyio

1.3.1 CrossFlowDG

H npdtepn avaoxdémnon tne BiBhoypagpiog wde odnyel ue guoixd teoémo oty avdmtuin
tou CrossFlowDG, evég mhauclov mou avTiwetonilel To Tpomixd XEVO YENOLOTOWVTIS Telo
Boowd otowyela: (1) wa Tpdrela Kepevikdy Topéwy (TKT), dnhody| wio Aioto ue xeypevixéc
nepypagéc othoTixic @long, (2) wa Tetpardn Avunapadetikn) Andrea (TAA) v ev-
dotpomixy| xau Stotporixnt| evduyeduuion, xou (3) wa povada Awtpomkiis Avtiotoiyions Porig
(AAP) mou podaiver par vieteppivioux) avtiotolyio and exdvee pe mdovy| enidpaot tou
TOUEN OE OVATOROO TACELS XELWEVOL avedpTNTeS amd Tov Topéa. Mia emioxdmnon tou mhauctiou

anewoviletoaw oto Lyfua 1.7.

Tednela Kewpevixwv Topéwyv

Kataoxevdloupe v Tednela Kewpevixdv Topéwv (TKT) wc éva obvolo
D = {di,ds,...,dx} ané K meprypogéc mediou, axoloudmvtag to mpdtuno “a {domain}
of a’, 6mou 1o domain mephoBdvel oTIAIOTIXEC Tapolhayég OTwe “photograph™’, “paint-
ing”, “drawing” »ou ToEOUOLOUC GEOUC OV ATOTUTIVOLY BLaPOEETIXA oTtTixd oTUA. Koatd
Odpxelor Tne exnaldevong, xdde ewdva x; Ye ETXETA Y; CUVOURLETOL UE ULl XEWUEVLXY) TEPL-

Yeaph mou dnwovpyeiton pe tuyoala derypatondio and ty TKT d ~U(D) xou cuveviveto
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1.3.1 CrossFlowDG
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Figure 1.7. Emokénnon tov mAaioiov FlowDG.

we To Ovopa tne xatnyoplag: t; =d+y; (“+7 6nwe ot cuvévwon cuUBOROCERGY GTNY
Python). Etot, nopdyovton neptypagéc 6nwe “a photograph of a dog” f§ “a sketch of a car”.
Etvou onuovtixd vo onpeiwdel 6Tl o 1 xeydevixn neptypapt| emhéyeton aveldptnTo yior xde
eMAVAANPT exTBEVOTG, TEAYUX TOL OTUALVEL OTL 1) (Blal EOVAL UTOREL VoL AVTIO TOLLO TEL UE
OLUPOPETINES TIEQLYPUUPES TOUEN OE OLUPOPETIXES EMOYEC.

Auth 1 tuyado otpatnYr avTiotolyong e€umneetel évav Sumhé oxond. Ilpdtov, exdé-
TOVToG XAUE EXOVOL OE TOMMATAES XEWIEVIXES TEQLYPAPES XATA T1) OLdpxEla TNg exnoldevoNC,
T0 Uovtélo podaivel OTL TO (BL0 OMTIXG TEPLEYOUEVO UTOPEL Vo TEQLYPUPEl UE BLAPOPOUS
TEoOTOVS, eViopEUVOVTAS TNV €YWYY ONUACLOAOYLXWY YAUQUXTNRIO TIXOY oV OV UETUBAA-
AovTon avahoYoL UE TOV TOUEN (GUYXEXPLUEVA TANPOYORIES XATNYORINS) Xot TOPAUUEVOLY G Ta-
Yepd oe Oheg auTéc TiC mopohayéc. AclTEPOY, 1) XUTAVOUY TWV EVOWUATWOOENY XEWEVOU
nou dnwoupyolvton and Ty TKT yia xdde xatnyoplo dnuioveyel Evay onuaciohoyixd thov-
Olo YEOo: avTl oL EOVES Vo eVVUYRoUUILOVTOL YE Wal LOVOBIXT| BLUVUGHOTIXY OVOTORdo TUOT)
xEWEVOL avd xAdom, eviapplvovion vor eLILYPUUUCTOUY UE [ULOL TOLXLALOL XELUEVIXDY AV

TOEOC TACEWY.

TetpanAr Aviinapadetixry AnwAsia

[ot var emthyouue TNV eXpdINCT ovamopdo TUCEWY AVeEdRTNTWY ANd TOV EXACTOTE TOULN
wéow tng evduypduuione pe v TKT, yenowwonowotye pioa TetpanAn Aviinapadetixm
Andieia (TAA) nou anotedeiton and 4 cupminpwpatixolc 6pouc anmietac: (1) ewdvo-
oe-exoval (Ligi), Yo Vo SNuLovpYRooupe ouunayelc cuotddes edvwy e Bloc xAdong, (2)
xelpevo-oe-xelpevo (Ligt), Ue Tov (Blo 6TdY0 dnwe to (1) AN YLol TLS AVOTUPC TEOELS XELUE-
vou, xat (3-4) dtotpominde (Lot xou Ligi), YLOL VO YEQUEOGOUKE TO TpOTUxd xeVH emBAANOVTOC
NV eVuYRAUULOT LETAED TWV AVOUTAPAUC TACEWY EXOVLV Xl XEWEVOL TNg (Blog xAdong.

[Mo var eqappdooupe Tov avunopaletind otdy0, TEOBIANOUUE To YUEUXTNEICTIXA TOU
e€aydyope oe évay Euxheldeio xowvd havddvovta yohpeo yenotdonolwvias 600 Eeyweioto0g
AK, éva yio x&0e tpomxdtnra. A utodécouyue 6L f ebvon 0 TpoexTaUdeuPéVoC XWBLXOTOL-
ntic ewoévag, gt o TIAK ewévac, f! o mposxmondeupévoc xwdixomotntic xeyévou xa gt o
ITAK xewévou. To z;‘- = g'(f(z)) dMAGOVEL T havddvouoo ovVamapds TOOT) TIC EXOVIC Xl
0 2t = g'(f(t5)) v aviiotoym avamapdotaon tou xewévou. T Tov UTOLOYLOPG TNE

OTWAELNG, TOL YORAXTNELO TIXE XAVOVIXOTOLOLYTOL GTY) povadialo unepogalpa p€ow tng h, €Tol
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Chapter 1. Extetopévn neplindn oto ehAnvixd

0ote ||zjll2 = 1. Optloupe Ty opoldTNTA GUYNUITOVOL WG:

-
$(2a,2) = W, (1.35)

omou T > 0 elvon pia tapdueteog Yeppoxpaciag. Kdde dpoc avtinapaietinrc andieiog yetad

TV TPoTX0THTWY Kk xou | oplleton we:

N kol
1 exp(s(z5,2;))
Lo =—— )Y log zJ : (1.36)
N L BN (et )
H ouvohuns| ancielor elvou:
1
Lrc = Liot+ Ligi + E(Etzt + Ligi)- (1.37)

Avtdg o oty 0¢ evioppivel Ty Blatpomxr) eVTUYEAUULOT Ve xoTYopla, BlATNEWVTAS TOEdAANAAL

TN ouvoyY| EVTIOC GUCTABAG.

Avatpomixr) Aviictoiyion Povg

'Onwg avagépinxe TponyoLuevewe, 1) TUTXT avTimaeade Ty uddnon ouoloTNTAS CUVNULTO-
Vou dev xOAUTTEL TAIPWS TO TEOTXO %evd. Emnopévee, yenowonololue 1 AldTpomixy
AvTtictoiyion Porc (AAP) ywpic 96pufo, pe otéyo v expdinon evéc ouveyolc
HeTaoyNuaTiogol mou avtiotolyilel Tic Aavdvouoes eoves oTLC AavIEVOUCES XELLEVIXES
AVATHPAC TACELS, BLATNEWVTAC ToedAANAa TN YewueTpla Tou Ybeou. Xe avtideon pe tig ouyu-
Batixée pedddoug Paoctopéveg o poég mou avtiototyilouvy YopuPo oe dedopéva, ulovetolue
HLOL VIETERUIVIO TUXT) BLATEOTIXT| POY| TOU GUVOEEL TIC TOAAATAOGTNTES EXOVOY XL XEWEVKY GTOV
hovidvovta yhpo, Topdpote Pe to [77].

Aedopévwy Twv oLLELYPEVKOY AavIavOUGEY UVATHEOC THOEWY EXOVOV-XEWEVWY (Zimg, Zixt ),

optloupe éva TapepBolhouevo delypo oto ypovo t € [0, 1]:

2t = (1 — 1) Zimg + tZext- (1.38)
To mpaypatind nedlo TayuThTLY elvon:

v (2, t) = Zixt — Zimg- (1.39)

"Eva vevpwvixd povtého pofic mou mpoPhénel Ty tayhtnto v¥ (2, t) exnoudeteton péow
s
0 2
£FM(9) = Etwu[071]7(zimgvztxt)N7rrand |:||vt (Zt) - U;( (Zt‘zimgVZtXt)H :| ’ (140)
OTOV Tyand Elvon 1 tuyador oUeVEn ewdvac-xelévou oe eninedo déounc (mini-batch) mou
neptypdpeton oto 4.1.1.

Kotd tov oupnepaoud, 1 pot| opllel uiol VIETEPUIVIOTIXT OVTLOTOLYIOT Omd TNV EXOVAL GTO

xelpevo:

1
21 :zimg—i—/o 09 (2, 1) dt, (1.41)
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1.3.2 OT-CrossFlowDG

1 omnola TpooeYYIleTon YENOWOTOLWOVTAS £V Uixpd aptiud Blaxeltdy Brnudteny:

1

T-1
0
zlwzimg—i—z(:)v (z%,— (1.42)
i

1
T)T'

1.3.2 OT-CrossFlowDG

Kivntpeo. Ilapd ta mhcovexthpata tou CrossFlowDG, o otéyog wog vo BEATIOCOVUE TNV
ATOBOTIXOTNTO TOU CUUTERAUOUOV %O, WS¢ X TOOTOU, VAl OLEUXOAOVOUUE TNV EQUPUOYT| OF
OUOXEVES UE TIEPLOPLOUEVESC UTONOYLOTIXES BUVOTOTNTES, Wog odnyel mpog v xotedduvor
Tou povtéhou porc. Ilpénel va onuewwdel oti, otnv mapovoa vionoinor, to CrossFlowDG
xenouwtomotel 12 Sioxpltd yeovixd Buota yia TNV Tpocéyylon g oloxhpwone e LAE,
Tedrypa Tou onuaivel 6Tl To HOVTEAD poNC TEETEL VoL epwTNUEl 12 popég TpLy dWoEL TNV TEAXT
OVOTAEAOTACT) TN YEOViXT oTiyun ¢ = 1. e yia npoomdieior Vo UEWSOUUE TOV dpldud Twv
Brudtev oloxifpwong, oyedidlouue tov Adydprduo 4.2 yia va SlopUdcouUE TNV APeRn,
Tuyata oOLELEN EMOVAC-XEWEVOU Xat VoL exXVHCOUPE T Blatinwon e AP und cuviixn pe

Lelyn mou PBooilovton otn BéATIoT peTagopd, tapduola ue to [78].

ANyopripog o0feuving Baoet Sinkhorn-Knopp avéd xatnyopio. O Akydprduog
4.2 éyer oyedaotel yioo va umohoyiler v andotaon BEATIoTNG peTapopds peTald evog
cuvblou avamapactdoewy exdvey B € REXP ya xewévou Er € REXP | emBéniovrac
TEdAAN AL €vay aLaTNEG TEpLopLod evduypduuiong Bdoel xatnyoploc. Apyuxd, unoloyile-
Tan o ivaxag x6oTtoug C yenowonoudviag TNy TeETEXY wViocévr Euxieidsia ando-
Toom petolh GAwv twv (euydv emdvac-xeévou wag déoune (mini-batch), mouv onuaiver
ot B =K oty nepintwor) pag. 'Eneita, éva yeydho x6ctog ntowhc L epapudletar oe 6Aa
Tor LeUYT SLUPORETIXWY XAAoEWY, emTEENoVTAS TN oVLEVEn udvo PeTUED AVATOQOC TACEWY
EXOVAC-XEWEVOL TIou avrixouy oTtny (Bta xatnyopia. O mpoxintwy mivaxag x66Toue Chpask
divetan w¢ eloodoc otov alydpripo Sinkhorn-Knopp [79] (mou mepiypdgeton otov Ak-
Yopuuo 4.1 yia euxohio avapopds), o onolog anodidel To xutd Tpooéyyion BEATIOTO TAdVO
uetagopdc P. H tehuy) Paduwtn andieia Low oplletar »¢ T0 TpocdoxmUevo x6610¢ olyu-
puva ye To TAdvo P adpolopévo udvo ndve ota Eyxupa Ledyn. M faocwur emnAéov €€000¢

autol Tou ahyopiduou evor To olvolo TwY PBapuxevTEX®Y oTéY WY B € REXD

oL
omnotol urohoyilovtar we 0 oTUVUOUEVOS PECOG GPOC TWV AVATOQROGC TACEWY XEWEVOU GUU-

PV UE TO TAGvVO petagopdc P.

1.4 Ilsipdpato

1.4.1 30Ovola agiohdoymnong

A&ohoyolue v axplBela tagivounong oe técogpa ouvidn cbvola dedopévey I'T, cuy-
xexpiéva oto Terralncognita [80], PACS [81], VLCS [82] xaw OfficeHome [83], uio-
Yetdvtag To mpwtdxollo ollohdynone leave-one-domain-out: €dv 10 cUVOAO BEBOUEVWV
nepéyer N topeic D;,i € {1,2,...,N}, exnoaudetoupe oe N — 1 topelc, aioloyolue otov

evarouelvavto, emavalouBdvouus yia xdde Touéa otdyou xot uroloyilovue tov pwéoco bpo
)
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Chapter 1. Extetopévn neplindn oto ehAnvixd

We:

1 N
LODOp = — S Ry, (1.43)
~ 21
=1

6mou R\; Snhdver Ty axp{Bela Tou povtéhou 6tav exnoudeleton 610 D\ {D;}.

I dixaun oOyxplon Ye TponyolueveES HEVOBOUC, TEoYUATOTOOVUUE exTaldeuo yio 50 emo-
Yéc pe 200 evnueptoelc mapauétewy avd enoy’ (10.000 enavarfdelc ouvohxd). H avopep-
ouevn axpifeia yia To CrossFlowDG vnohoy(letan w¢ U€c0G 6p0C 3 BLUPORETIXWY TUY AWV
onbpwv (seeds) pall pe v Tumixd andxAion, o€ avtiVeon Ue XATOIES TEONYOVUEVES OYETIXES
douletéc. Adyw meploptopdy népwy, Yo to OT-CrossFlowDG extelolye 3 Soxuéc, xadeuia
e BlapopeTixd apLiud Brudtwy ohoxhfpwong Tng LAE, yia vo Slamo tdooupe xdnoto midovy

olapopd otV enldoo.

Table 1.1. M moootikr) Jecdpnon twv ovvédwy dedopévwy mou xpnoiLomolovytal yia

v agioAdynon.

3Uvolo dedopevwy Tougag # ewxOvwy FH swxdveyv FH xAdocwv
LL100 4741
. L38 9736
Terralncognita 143 3970 24330 10
L46 5883
Art painting 2048
Cartoon 2344
PACS Photo 1670 9991 7
Sketch 3929
Caltech101 1415
LabelMe 2656
VLCS SUNO9 3989 10729 5
VOC2007 3376
Art 2427
Clipart 4365
OfficeHome Product 4439 15588 65
Real 4357

IMot Vo TRty HATOTTOLACOUPE Lol EUTEQLO TATOUEVY AELOAGYNOT], CUYXEIVOUUE TO TROTEWVO-
HEVO UOVTENO UOG UE DLAPORES APYLTEXTOVIXES XOPLPULWY ETLDOCEWY 0To Thaioto Tng I'T. Xuy-
xexpléva, emhéyoupe uedodous Baotopéveg oe ResNet-50 [84], DeiT-S [85] xow VMamba-
T [9] pe mopdpoo aprdud TOpUUETEWY oL YENOWLOTOLOVUE TNV EVEEWS OLUOESOUEVY] TEOEX-
nadevon oto ImageNet-1K [86] yio dixoun olyxpeion.
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1.4.2  Aentoypépeiec vhonoinong

1.4.2 Aentopépeieg vAonoinong
3t6yog exnaidevong

O ouvohixdg otdyog exmaidevong tou CrossFlowDG cuvdudlel Toug emMPEEOUS GPOUG
andielog tTwv [TAK, TAA xa AAP, 6nwe opilovtan otny unoevétnta 1.3.1:

Liotal = Mg, L0 + AL L8 + Apa Lrc + Apm Ly, (1.44)

6mou Lap = LE .+ LE 1 andrewe Tou TTAK nou avrtiotouyel otnv tpomxdTnTa k %ou

recon

nepthauBdver évay 6po avaxotaoxeLic (T.y. OmOAEIL UECOL TETPUYWVLOUEVOU GPINIATOS)
xou évav bpo opolomoinong (m.y. oaméxion Kullback-Leibler peto€d e xotavourc tng
Aotvddvouoas avamopdoTAoNS Yol UL0G TUTUXNAG XUVOVIXHG xocwvow']g), EVM Ol CUVTEAECTEC
Ai ENEYYOLY TIC OLVELOPORES TwVY avTtiotolywy Gpwy. T'a to OT-CrossFlowDG, to Lyc
avTtixadiototon amhd and 1o Low, OTws TEpLypdpeTon otny utoevotnta 1.3.2.

‘Oho tar exmandevoldo otolyelo Twv uedddwy yog exntoudevovtal and xoivou. Enione, dha
Tor exmoudedoo oTolyela extoudevovton and To UNndév, pe eEalpECT TOV TPOEXTOUOEUUEVO
AWOLXOTOLNTY ELXOVOV.
Apyitextovixy dixtOoL

Ynuetwon: To «M» mapaxdtey onuaivel «exatoudpLon.

o Kwduxonowmthg ewxdvag: VMamba-T [9], 29M exnoudevowec napduetoot.

o Kwdixonownthc xeipévou: Kwdixonomtic xewévou tou CLIP [49], yweic ex-

TUOEVOUIES TOPAUUETEOUG.

o ITAK: Kwdwonomtrg xaw amoxwdixoromthc Multi-Layer Perceptron (MLP), yenot-
pomoiinxay 2 ITAK, ye 4M xou 1M exmondedolues nopopuéTeoug.

o« Movtého porc: ResNet [84], 1M exnawdedolec TapdueTteoL.
o Kegaly tadivounong: MLP, 0,02M exnoudelowueg napdueteot.

H pédodoc nou npoteivouye nepthopdver cuvohixd 36M exmandeloeS TopAUUETEOUC.

Aovidveyv yweog
e AavOdvouoa didcTacn: 256

o BApata ohoxhjewong X AE: CrossFlowDG: 12, OT-CrossFlowDG: 1, 6, 12

Aentouépeleg exnaidesvong

o MévyeOog déoung: 16 (avd Topéa exnaideuonc)

o Enavaifderg: 10.000 cuvolixéc emavahierc (50 enoyée x 200 evuep®OELS TopoUéTpwY

/ enoyn)
e YAwxo: 1 x A10G GPU
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Chapter 1. Extetopévn neplindn oto ehAnvixd

1.4.3 Amroteléocpata

O nivoxeg Twv anoteleoudtmwy yia to 800 npotewvépeva thaiota (CrossFlowDG xaw OT-

CrossFlowD@G) nopatiVevtor otny evotna 5.4.

1.5 XulAtnon

1.5.1 3uvunepdoupota

Ye auth v epyaotia, mapouctdlouue 800 xavoTouES YEYOBOUC YLl TNV AVTIUETWOTLON,
Tou xplowou TEOBAAUATOC TNG TAELVOUNONE EXOVWY UTO GUVUAXES YETATOTLONG TOEN: TO
CrossFlowDG xow 1o OT-CrossFlowDG, ye to d8eltepo va amotehel plor mopohhayy) Tou
TpoTou Bactopévn ot Béhtiotn petagopd (BM).

To mpdto mpotelvouevo mhaloto, ovouatt CrossFlowDG, mpaypatonolel gl TewToYevn
eV LY EAULOT EXOVAC-XEWWEVOU PECHL ULOC avTLToRade TG anwAELaS Pe Bdon Ty ogoloTnTa
ocuvnULToVoL ot £vay BEuxkeldelo xovo havidvovta yweo, axohouoduevn amd Tov Unyovioud
Avtuotoiyone Poric (AP), o onoloc avuetonilel o tpomuxd xevo péow tne expdinong evoc
CLVEYOUC UETACY NUATIOULOD UETAED TWV UEPLXME EVHUYPUUULOUEVHY AVATUPACTACENY EXOVIG
xan xewévou tne Blag xatnyoplog.

To CrossFlowDG emtuyydvel xopugola anoTEAECUATA GE BLAPOEOUE TOUEIC TV GUVOAWY
dedopévmy aglohdynone, xuplewg oto Terralncognita, to mo amoutnuxd xatd Ty drodn pag,
1660 TocoTXd 650 xat toloTxd. H udmiy| duoxohio Tou amodeixvieton and tig oTordepd youn-
NoTepeS TS axp(felag mou EMTUYYAVOVTUL OE OYECT Ue TponYoLUEveES puedddoug, ol omoleg
nohic Eemepvolyv to 54% onwe gaivetan otov Ilivaxa 5.2. Tlowotixd, oL exdves Topouoldlouvy
coPopéc yetatonioelc Touéo mou yopoxtneilovton and YoAwuo Adyw xivnone xa cuviixeg
xounAol @wtiopol, ol onoleg eunodilovy oe yeydro Podud v oxeBr) TaEvouncT oxouT xou
and avipdToug.

AvticTtpoga, Ta oyedov TéAela anoTEAECUNTA OE OPLOUEVOUC Topelg umoypouuilovy ta
6pla e Pedtiwong otny npdln. Xe dhec tic mponyolpeves uedodoug, o topéas «photo» Tou
PACS xa o topéag «Caltech101» tou VLCS nopouoidlouv e€oupetind xopeouévn anddoon,
e axp(Pela tou unepPaivel o 99,0% otic o Tpdogates pedddouc. Autdc o udnhoc xopeo-
HOC AV AVTAVOXAY TO YEYOVOS OTL OL TTROEXTIAUOEUUEVOL XWOXOTIONTES EYOLY GUVAVTHCEL
(xatd Ty mpoexnaidevon) delyporta Topdpota (¥ oxOUn xat TOUVOROLOTUTIO) UE AUTE TOU TERP-
€yovtan oto PACS xan to VLCS. Kotd cuvéneia, ol uixpéc diapopéc otny enldoon ot autolq
Toug Toyelc elvan TIVEOC AMYOTERO EVOEXTIXES TNG TEAYUATIXAC IXAVOTNTAS YEVIXEUOTC TOU
HOVTENOU.

Emniéov, to CrossFlowDG nopoucidlel unoBéhtiotn entdoon oto OfficeHome xou uno-
Yé€touue 6TL 0 xVELOC AOYOS Yo AUTH TN CUUTERLPORA. efval 0 UEYEAOC aptIUOS TWV XAACEWY
Tou guvolou autoL. Luyxexpyéva, to OfficeHome nepiéyel 65 xatnyopleg, évag mapdyovtag
Tou YewpolUe Twg eunodilel onUovTIXd TN SNUoupYio BLIXELTEOY CUCTABWY XATIYORLDY GTOV
hovidvovta yodeo. Auth 1 ENeLdn copaS Sl WELOUEVWY GUGTABWY UELDVEL GTT) GUVEYELX TNV
amoteheouaTIXOTNTA Tou Unyaviopol AP, o onolog Bactleton ovolactixd oty expdinon wwog
oLVEY0UC BLaBEOUNE UETUEY TNG XATAVOURS EXOVKY X0 TNG CNUACIOAOYIXE OUOLIC XATAVOUNG

XEWWEVOL.
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1.5.2 Ileplopiopol xou yehhovtixy| €peuva

To 8ebtepo npotevduevo mhaiolo, ovopatt OT-CrossFlowDG, divel €ugpaon 6Tov anodoTixdTeRO
ouunepaocud, pe ¢ Baowée dapopéc and to CrossFlowDG vo eivan 8Vo: (1) n diatpomind
amOAEL UTONOYILETOL YPNOWLOTOLOVTOC TNV EVIPOTLXS OpohoToUE VT ando TaoT 2- Wasserstein,
6nwe urohoyileton ano Tov alybprduo Sinkhorn-Knopp, (2) o onoloc emmhéov aflonotei-
T Yoo TV e€aywyr| PoUpuXEVTEIX®Y OTOYWY and €va XaTd TEocEyyion BEATIoTO oyédlo
wetagopds. Auth 1 ouleuén e Bdon t BM napdyel éva Behtiwpévo ofua enifiedng mou
UELOVEL ONUOVTLXA TOV 0ptIU0 TV BNUATWY OAOXARRWOTNE TOL ATOUTOUVTAL OO TOV UMY UVIOUO
™ AP xatd tn Sudpxeia Tou cuumepaouov.

Yyetnd e ta melpapatixd anotedéopota Tou OT-CrossFlowDG, mapotneolye 6Tt To
OfficeHome omnotelel pia adloonuelontn elalpeon otny tdom e eniteuing e vdPnidtepnc
enidoong ue Ayotepa Brpata Tpoceyylong tou ohoxApwpatoc. ‘Otav o Aavidvwy Yweog
xaelton vo prho&evrioetl Tic 65 xatnyopleg tou OfficeHome, ol tpoxintouces cuoTddeS TwV
XNACEWY YIVOVTOL TUXVES Xol EVOEYOUEVWLS ahAnAemixolintovTan. ot Ty oxpy3r mhorynon oe
TOV TOV TOAUTAOXO YO, efvan THavo vo amonteitan o AeTTOUEREC TEPT BlaxpltoToinoT TNg
TEOYLAC, ONAadY| Evac ueYoATEROS apLtUoC Brudtwy ohoxhpwong, Tpoxeyévou va dotnerniet
N axpBelo g ta€véunong.

1.5.2 TIIepropiopol xar LeAAOVIIXY| EpELVA

ITopd Toe TAgovexTAUATE TeV UedodwY Tou TEoTelvouue, avay vepllouue optopévoug Bactxoi

TEELOPLOUOUE TIOU UTOEOUY VoL YENOLWEVGOUY oav TUE(Ba yiar HEANOVTIXT EpeuvaL:

JUVOLAoUOG CTAVEROTNTAG XATA TNV EXTAUUSEVCTY] LE ATOBOTIXOTNTA XATA
Tov ovpnepachod. To CrossFlowDG yalper otadepnc exmaldeuone Aoyw e yenong
ouoldTNTAC CLYNULTOVOUL, eved To OT-CrossFlowD G unopel va eivon uToAoYLoTIXd EAaPEVUTERO
XATA T OLdPXELL TOU CUUTEPAOUOD, aANS Telvel va urtogépel and e€apaviloueves N aotadelc
xhioelg, lowg Moy e udmArc eveli&iog mou etadyouy ol Euxheldeleg anootdoelc otov mivaxa
x6otouc. Melhovtinég epyaoicc Yo umopolooy vo cUVOUBCOUY TO TAEOVEXTHUATA XL TV
0V0 TEOCEYYIOEWY, YENOLLOTOWWVTOS ANOCTAoELS Ue Bdorn To cuvnuitovo oTo mhalolo Tng
BM.

CevixdétnTta TV TEoTEWOUEVELY TAaLciwY. AZloloyrooue Tig uetddoug Yog yenol-
wonoldvtoag wévo to VMamba-T xan Tov xwdxonointy| xewévou CLIP w¢ npoexmoudeupéva
pwovtéha. It To Aéyo auTd, amoutolvTal TEPULTERL TEWRAUATA UE DLAPOPOUS CUVOLACUOVS
XWOXOTONTWV EXOVAC o XEWEVOU, TEOS evioyuon Tou emyelpuotos (eumetpixd) mepl
YeEVOTNTaC Twv Thouctiwy woc. A&ilel va oNUedoouye Tws Eva Baotxd YopaxTNELo TIXd NG
TEocEYYLoNC Yo etvon 6Tt dev Pacileton oe TpomixdTNTES TOL €Y0ULY euduYpaUUULO TEL BT amd
TO OTADLO TNG MEOEXTALOEVONG, AAAS ETBAAAEL PNTA TNV ELVLYEAUULOT XATA T DLIEXEL TNG
exmaidevong. Katd ouvéneia, to CrossFlowDG o to OT-CrossFlowDG Yo yrnopoloav va
enextodoly o cevdplo Tou tepthaufdvouy évay avdolpeTo aEtiud TEOTUXOTHTWY, ETTEENOV-

TOC UL IO EVEANLXTY) DlaTPOTXY| EVHLYEAUULOT).

AZwolbymon oe xopecpéva cOVoAa dedopevwy. ‘Onwg avapépdnxe, oplouévol

Topelc Topovoldlouvy xopeoud e eidoong pe TéS dve tou 99%. Tértolwou eldouc anoteréo-
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Chapter 1. Extetopévn neplindn oto ehAnvixd

HOTOL EVOEYETOL VO AVTOVOXAOUY OLoppeoY) BEQOUEVWY O TNV TEOEXTAUOELUCT] Xou OYL TEoY-
potixry weavotnta I'T. Mehovtixée epyaoieg Yo mpémel vo 860Uy TeotepatdTnTa 6TNY oL
OANOYTOT) OE TO AT TNTIXE GOVOAX IOV AVTAVAXAOUY XAAVTEQA TIC UETAB0AEC TOU TOUEN Ko
ATOPEVYOLY T QPAUVOUEVA XORECUOU, T.Y. CUVOAX BEDOUEVWY UE UEYAAUTERY ToLXLAopoppla
TOVY TOPEWY 1) TTOL €YOLY XATACKEVACTEL £TOL OOTE VAL SLAPEROLY ATO TA XOLVG Y ENOULOTOLOV-

HEVA CUVORA TROEXTIUOEUCTG.
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Chapter

Introduction

2.1 Problem statement

In an era where machine learning systems are increasingly deployed across diverse
real-world environments, maintaining performance in spite of these variations is necessary
for safe and reliable artificial intelligence. Domain Generalization (DG) involves assessing
this ability of models to perform effectively in unseen target domains, but without access
to target data during training [1, 13], and is therefore essential for practical applications
ranging from autonomous vehicles navigating varied weather conditions and geographical
locations [87, 88, 89], to medical diagnostic systems that must generalize across different
patient populations and imaging protocols [90, 91, 92, 93].

Throughout the years, the research community has developed diverse approaches to
tackle DG, which can be broadly categorized into several paradigms [1, 13]. Data augmen-
tation strategies attempt to expand the training distribution through sophisticated trans-
formations and synthesis techniques either in the input or feature space, while domain-
invariant representation learning seeks to extract features that remain stable across domain
shifts through adversarial training or explicit invariance constraints. Meta-learning ap-
proaches frame DG as learning to learn, enabling models to quickly adapt to new domains
by simulating domain shifts during training. Ensemble methods use multiple models or
domain-specific components to capture diverse domain characteristics, and regularization
techniques explicitly penalize domain-specific features to promote generalization. More
recently, multimodal approaches have gained significant attention by exploiting the com-
plementary nature of different data modalities, such as vision, audio, and language, to
learn more robust representations. The underlying hypothesis is that cross-modal infor-
mation provides richer semantic grounding, potentially offering invariant signals that can
mitigate unimodal domain shifts.

However, some multimodal approaches face a critical limitation for DG. While text em-
beddings serve as natural domain-invariant anchors, standard contrastive learning meth-
ods produce a phenomenon known as the modality gap, where the support of the im-
age and text distributions are completely disjoint [3]. This disjointness is problematic
when enforcing domain invariance involves regularizing image representations toward the
domain-invariant text manifold. Consequently, without an explicit bridging mechanism,

the domain-invariant knowledge encoded in text embeddings cannot be effectively ex-
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ploited. In the context of DG, the modality gap poses a fundamental question:

Can bridging the modality gap

enhance domain generalization capabilities?

This motivates an exploration of flow matching (FM) [74, 5] as a potential solution.
FM is a continuous normalizing flow framework that learns to transform between prob-
ability distributions through ordinary differential equations (ODEs). Unlike traditional
generative models, FM provides explicit control over the transformation pathway, enabling
direct interpolation and alignment between distributions. In the context of multimodal
learning, FM can be leveraged to learn smooth transport maps between modality-specific
representation spaces, potentially bridging the modality gap by constructing continuous
trajectories that connect semantically equivalent embeddings across modalities. Further-
more, by learning these transport dynamics on diverse source domains, FM may capture
domain-invariant transformation patterns that generalize to unseen target domains. This
thesis investigates whether FM can serve as an effective bridge across the modality gap
to enhance domain generalization, examining how its continuous transport framework can
assist in learning domain-invariant features that enable generalization to new deployment

environments.

2.2 Contributions

The main contributions of this thesis are summarized as follows:

1. We address the challenge of multimodal feature misalignment by introducing noise-

free flow matching to bridge the modality gap between image and text embeddings.

2. We propose CrossFlowDG, a novel DG framework that combines cosine similarity
contrastive learning for preliminary cross-modal alignment with flow matching to
bridge the residual modality gap. Furthermore, our framework does not assume
alignment during pretraining, unlike most prior work. Using the VMamba backbone,
CrossFlowDG achieves state-of-the-art performance across multiple domains while

maintaining inference efficiency.

3. We also introduce OT-CrossFlowDG, a FlowDG variant that incorporates a cus-
tom class-wise optimal transport algorithm to derive approximate optimal couplings
between image embeddings and barycentric target text embeddings, which serve
as refined, distributionally-aware supervision points to bootstrap the flow matching
process. This superior guidance enables OT-CrossFlowDG to achieve its peak perfor-
mance using only 1 inference step, making it more suitable for resource-constrained

deployment.

2.3 Structure of this thesis

Chapter 3 contains a comprehensive literature review on the theory and applications

relevant to our proposed frameworks, which are presented in Chapter 4. Details about
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2.3 Structure of this thesis

the benchmarks and the implementation as well as experimental results are included in
Chapter 5, while in Chapter 6 we draw conclusions and discuss potential limitations and

directions for future research.
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Chapter

Theoretical background

Preliminary definitions

Artificial Intelligence (AI) is the broad field of computer science dedicated to cre-
ating systems capable of performing tasks that typically require human intelligence, such
as decision-making, speech recognition, and visual perception [94]. Al is often categorized
into systems that think or act rationally and those that think or act like humans.

Machine Learning (ML) is a subfield of AI focused on developing algorithms that
allow computers to improve their performance on a specific task (7") with experience (E),
as measured by some performance metric (P) [95]. ML systems learn patterns directly
from data rather than being explicitly programmed with rules.

ML algorithms are broadly categorized based on the nature of the data and the feed-

back mechanism used during training:

o Supervised learning (SL). It is the most common paradigm in machine learning.
It involves training a model on a labeled dataset, where each training example is
paired with a corresponding output label or value [55]. The goal of the model is
to learn a mapping function from the input data to the output labels, allowing it
to accurately predict the labels for new, unseen data. Tasks such as classification
(predicting a categorical label) and regression (predicting a continuous value) fall

under this category.

o Unsupervised learning (UL). In contrast to SL, UL deals with unlabeled data.
The algorithms are tasked with discovering hidden patterns, structures, or relation-
ships within the data on their own [96]. This is often used for tasks such as clustering
(grouping similar data points together) and dimensionality reduction (compressing
data into a lower-dimensional representation while preserving its essential informa-

tion).

o Reinforcement learning (RL). A ML paradigm in which an agent (i.e., “one who
acts”) learns to make a sequence of decisions by interacting with an environment.
The agent receives a reward signal for taking correct actions and a penalty (or
no reward) for incorrect ones. The objective is to learn an optimal policy—a set of
actions that maximize the cumulative reward over time [97]. This approach is widely

used in robotics, game-playing, and autonomous systems.
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Deep Learning (DL) is a specialized subfield of Machine Learning that uses artificial
neural networks with multiple hidden layers—hence the term “deep” [54]. The primary
advantage of DL models is their ability to automatically learn hierarchical representations
of data. For example, when processing an image, the initial layers of a deep neural network
might learn to detect simple features like edges and curves, while subsequent layers combine
these features to recognize more complex concepts like objects and faces. This hierarchical
feature extraction makes DL particularly effective for complex tasks involving unstructured
data like images, audio, and text.

Computer Vision (CV) is an interdisciplinary field that seeks to enable comput-
ers to gain a high-level understanding from digital images or videos [98]. The goal is to
automate tasks that the human visual system can do, such as recognizing objects, iden-
tifying people, and detecting events. CV has become a cornerstone of modern Al, with
applications ranging from self-driving cars and medical imaging to facial recognition and
augmented reality. DL, in particular, has revolutionized CV, with convolutional neural
networks (CNNs) and, more recently, vision transformers and state space models achieving

remarkable results on a wide array of visual tasks including:

e Image classification: assigning a single category label to an entire image.

e Object detection: locating and classifying multiple objects within an image using

bounding boxes.
¢ Semantic segmentation: assigning a class label to every pixel in an image.

o Instance segmentation: identifying and delineating each distinct object instance

in an image at the pixel level, even for objects of the same class.

¢ Object tracking: following the trajectory of one or more objects over a sequence

of video frames.
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3.1 Domain generalization

3.1 Domain generalization

3.1.1 Problem formulation

In the domain generalization (DG) problem, we consider a scenario where training
and test data are drawn from different but related distributions [1, 13]. Visually, this is
perceived as stylistic variations between samples, e.g., the visual differences between a
photo and a sketch of a cat (see also Figure 3.1). Let D ={D;,Da,...,Dy} denote a set of
N source domains, where each domain D; is characterized by a joint distribution P;(X,Y)
over input-output pairs (x,y). Here, x € X represents the input space (e.g., images) and

y € Y represents the label space (e.g., class labels).

Caltech101 LabelMe PASCAL SUNO9 Art Cartoon Photo Sketch

(b) VLCS

Figure 3.1. Ezamples of domain shifts in two common domain generalization bench-
marks. Source: [1]

During training, we have access to labeled data from multiple source domains:

N
S:._UIS U{ J,J Y (3.1)

where S; = {( T, ,yJ ))} denotes the training set from domain D; with n; samples, and
(@,4$) ~ P(X,Y).

The goal of DG is to learn a predictive function f: X — ) that generalizes well to an
unseen target domain D; with distribution P;(X,Y’), where D; ¢ D. Formally, we aim to

minimize the expected risk on the target domain:

Ri(f) =Bz y)~px ) €0 (2),9)], (3-2)

where £(-,-) is a loss function (e.g., cross-entropy for classification).
Since we have no access to target domain data during training, we minimize

the empirical risk across all source domains:
N n;
A l
Remp(£) = 151 o D)) (3.3)
i=1j5=1

However, minimizing only the empirical risk may lead to overfitting to source domains.
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Therefore, domain generalization methods typically optimize a regularized objective:
mfinRemp(f) + AQ(f)a (34)

where Q(f) is a regularization term that encourages domain-invariant representations, and

A > 0 is a regularization parameter.

3.1.2 Disambiguation from related problems

DG is often conflated with several related problems. In order to provide a clear defi-

nition, it is essential to highlight the key distinctions from these other paradigms:

Domain Adaptation (DA)

The core difference between DG and DA lies in the availability of target domain data
during the training phase. In DA, the model has access to unlabeled or limited labeled data
from a set of specific, known target domains [99, 100, 101]. The objective is to leverage
this data to align the source and target distributions. On the contrary, DG operates under
a strict constraint: it assumes no access whatsoever to any data from the eventual target

domain during training.

Test-Time Adaptation (TTA)

TTA is distinguished from DG by the timing of model modification. In TTA, the model
is permitted to adapt its parameters or predictions using the incoming target domain data
at the time of inference [102, 103]. This typically involves leveraging self-supervision or
techniques like entropy minimization on the test batch itself to improve performance.
The foundational premise of pure DG, however, is that the model trained on the source
domains must remain fixed and immutable at test time, making predictions without any

subsequent updates or adaptation procedures.

Few /Zero-Shot Learning (FSL/ZSL)

Both FSL [104, 105] and ZSL [106, 107] address generalization challenges primarily
focused on the class space, rather than the domain shift. FSL is concerned with the abil-
ity to classify new classes with only a handful of examples (e.g., one to five per class),
emphasizing rapid learning from minimal data. ZSL goes a step further, aiming to clas-
sify instances of classes never seen training by utilizing auxiliary semantic information,
such as attributes or textual descriptions. In contrast, DG assumes a consistent class
space between the source and target environments, and its difficulty stems solely from the

distributional shift across domains.

Transfer Learning (TL)

Finally, TL represents the broadest conceptual umbrella, defining the entire paradigm

of applying knowledge from one task or domain to another. Consequently, DG is not
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an alternative to TL, but rather a specific, highly constrained instance of it [108, 109,
110]. DG differentiates itself within this field by tackling the challenging scenario where
knowledge must be transferred to a target domain that is completely inaccessible and

unknown throughout the training process.

The comparison between the aforementioned problems is better illustrated in Tab. 3.1.
We must note that, in the majority of DG applications, the target label space is considered

identical to the source one. This assumption is also made in the setting of our approach.

N Py ? PLy | Vs ? Vr | Access to IPL?
=1]|>1]| = # = *
Domain Adaptation v v v v |V v
Test-Time Adaptation v v v v Vel
Few /Zero-Shot Learning v v v
Transfer Learning v v v VI v
Domain Generalization | v v v v |

N: number of source domains/tasks. ]P}gﬂf : source/target joint distribution.
YVs)r: source/target label space. IP§: target marginal. {: Limited in quantities,
like a single example or mini-batch.

Table 3.1. Comparison between domain generalization and its related problems [1].

3.1.3 Domain generalization in the era of pretraining

The classical paradigm of DG is built upon the core assumption of a truly unseen tar-
get domain, where a model must generalize its knowledge from a limited set of source do-
mains. However, web-scale pretraining for foundation models, particularly vision-language
models like CLIP [49], compels a re-evaluation of the standard DG paradigm. These mod-
els are trained on vast, unfiltered datasets like LAION [111], which contain billions of
image-text pairs scraped from the internet. Therefore, the data used in traditional DG
benchmarks (e.g., sketches, paintings, cartoons in the PACS dataset) are almost cer-
tainly represented, at least stylistically, if not identically, within these massive pretraining
datasets. This leads to a critical issue of domain (or even sample) contamination,
where the backbone’s prior exposure to the target distribution is a strong possibility [14].
As a result, the model is not learning to generalize from scratch; rather, it uses its pre-

existing knowledge to perform a downstream task in a new context.

This has led researchers to argue that for foundation models the problem would be
more accurately described as zero-shot domain transfer, implying that the model’s perfor-
mance stems from its vast prior knowledge rather than the specific DG algorithm applied
during fine-tuning. Therefore, the research community has already moved towards the cre-
ation of more challenging benchmarks with carefully curated samples to accurately assess

generalization capabilities [14].
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3.1.4 Related work

The field of DG has seen a rapid evolution of techniques aimed at learning models that
are robust to unseen domain shifts. The core challenge lies in learning representations that
are invariant to domain-specific variations while preserving essential semantic information.
Early approaches laid a foundational groundwork, which has since been expanded upon

by more sophisticated methods that can be broadly categorized into several directions [1].

Domain alignment

A common approach in DG is to explicitly align the feature distributions from multi-
ple source domains. The goal is to learn a domain-agnostic feature space where a single
classifier can perform well regardless of the input domain. This is often achieved through
adversarial learning [15, 16, 17| or by minimizing statistical distance metrics (e.g., {a,
Wasserstein [112] and Kullback-Leibler divergence [113]) [18, 19]. The seminal work on
Domain-Adversarial Neural Networks (DANNs) [114], while designed for domain adapta-
tion, pioneered the use of a domain discriminator with a gradient reversal layer to enforce
feature invariance. Building on similar principles, methods like SagNet (Style-Agnostic
Network) [115] mitigate domain-specific information by learning to ignore features that
are highly correlated with the domain, effectively aligning the representations by focusing

on style-agnostic content.

Data augmentation

Instead of aligning existing domains, another strategy is to synthesize novel domains to
increase the diversity of the training data. Augmentation can take place in image space [20,
21] (by applying various transformations, e.g., random crop, rotation, horizontal/vertical
flip) or, more often, in the more compact feature space [23], for greater efficiency. A
prominent example of the latter is MixStyle [22], which probabilistically mixes the feature

statistics (mean and standard deviation) between instances from different source domains.

Learning strategies

This category includes a range of methods that focus on the optimization process to

find a solution that generalizes better.

e Worst-case optimization: These methods are inspired by robust optimization
principles. GroupDRO [24] minimizes the loss on the worst-performing domain,
while VReX [25] regularizes the model by penalizing the variance of the losses across

domains, both aiming for more uniform performance.

« Self-challenging and regularization: RSC (Representation Self-Challenging) [26]
proposes a simple yet powerful regularization technique where the model is prevented
from relying on dominant features by dropping activations with the highest gradi-
ents during training, forcing it to learn from a more diverse set of cues. Similarly,

ARM (Adaptive Risk Minimization) [27] uses a meta-learning approach to find a
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parameterization that is robust to worst-case empirical risk over a set of plausible

data distributions.

¢ Advanced optimization: Other works have explored the geometry of the loss
landscape. SWAD (Stochastic Weight Averaging Densely) [28] finds a wider, flatter
minimum by averaging model weights over training iterations, a technique shown to
improve generalization. SAGM (Sharpness-Aware Gradient Matching) [29] extends
this by seeking a flat minimum where the gradients from different domains are well-

aligned, combining sharpness-aware minimization with gradient consensus.

o Feature space learning: PCL (Proxy-based Contrastive Learning) [30] replaces
the standard sample-to-sample contrastive learning with proxy-to-sample relations,
directly addressing the positive alignment issue appearing in conventional contrastive

learning applications.

Representation learning

Another research direction aims to learn causal mechanisms or disentangled represen-
tations, separating domain-specific (stylistic) features from domain-invariant (semantic)
features. MTL (Marginal Transfer Learning) [31] reframes DG as a supervised learning
problem where the original feature space is augmented with the marginal distribution of
feature vectors to leverage information about the test task’s feature distribution. iDAG
(invariant Directed Acyclic Graph) [32] reframes DG as an invariant causal graph searching
problem and enforces constraints to guarantee acyclicity and eliminate spurious correla-
tions. It also employs a prototype-based dataset proxy technique to avoid traversing the
whole dataset in every training step. Furthermore, iDAG incorporates hierarchical con-
trastive learning to align the latent causal factors and improve the representativeness of the
prototypes. GMDG (General Multi-Domain Generalization) [33] relaxes constraints on
static target marginal distribution and distills a general learning objective into four prac-
tical components: two terms for learning domain-independent conditional features and
maximizing a posterior, plus two regularization terms that incorporate prior information

and suppress invalid causality.

Architectural advancements

ViT-based. While the majority of DG research has been algorithm-centric and backbone-
agnostic, a recent trend explores how architectural choices can inherently improve domain
generalization. The shift from CNNs to Vision Transformers (ViTs) has opened new av-
enues. SDVIiT [34] was an early work that adapted ViTs for DG by proposing a style
diversification module specifically for the transformer architecture. GMoE [35] leveraged
a Mixture-of-Experts architecture, where different “experts” (sub-networks) can specialize

in different data characteristics, which can be beneficial for handling diverse domains.

VMamba-based. The latest advancements have begun to explore State Space Models
(SSMs) (see also 3.2) like Mamba [2] and its adaptation for vision tasks VMamba [9] for
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their efficiency and ability to model long-range dependencies. DGMamba [36] is the first
work to use the VMamba architecture in the context of DG. In particular, it attempts to
enforce similar hidden states across domains and shift the model’s attention towards the
object. DGFamba [37] uses flow factorization to align the pre- and post- hallucinated

state embedding in the latent space.
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3.2 State space models

3.2.1 Motivation

For several years, the transformer architecture has been the standard for sequence
modeling, achieving state-of-the-art results across many tasks [38]. Its core component,
the self-attention mechanism, enables the model to capture complex, long-range depen-
dencies by computing pairwise interactions between all tokens in a sequence. However,
this comprehensive modeling capability comes with a significant computational burden:
the time and memory complexity of self-attention scales quadratically with the sequence
length L as O(L?). This quadratic scaling renders transformers prohibitively expen-
sive for processing the ultra-long sequences found in high-resolution vision, genomics, and
long-form text analysis.

This fundamental limitation has spurred research into more efficient architectures that
can maintain strong performance while scaling linearly with sequence length. State Space
Models (SSMs) have emerged as a particularly promising alternative. The Mamba ar-
chitecture represents a breakthrough in this area, proposing a selective SSM that not
only scales linearly (O(L)) but also demonstrates performance competitive with,
and often superior to, state-of-the-art transformers [2].

This section provides a detailed analysis of the SSM fundamentals, traces their evolu-

tion into the Mamba model, and explores its adaptation for computer vision.

3.2.2 Preliminaries

Originating from classical control theory, SSMs are a class of models that map a 1D
input signal u(t) to an output signal y(¢) via an intermediate higher-dimensional latent
state x(t) € RV,

Continuous-time formulation

A linear, time-invariant (LTT) SSM is defined by a system of first-order ordinary dif-
ferential equations (ODEs):

d”;lf) — Ax(t) +Bu(t) (3.5)
y(t) = Ca(t) + Du(t) (3.6)

Here, A € RV*VN s the state matrix, B € RV*! is the input matrix, C € R™*¥ is the
output matrix, and D € R!*! is the feedthrough matrix. The parameter N denotes the

dimensionality of the hidden state.

Discrete-time formulation

For use in digital systems, which dominate the practical applications of ML, the
continuous-time model must be discretized. Using a sampling step size A, the contin-

uous parameters (A,B) are transformed into discrete counterparts (A,B). A common
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discretization method is the zero-order hold (ZOH), which yields the following discrete-
time recurrence:
T = Axk_l + Buk (3.7)

yr = Cx + Duyg (3.8)

The discrete matrices are derived from the continuous ones as follows:
A=e?A B=(AA)"1(*A -1)AB. (3.9)

This recurrent formulation is computationally efficient for autoregressive inference, scal-
ing linearly with sequence length. However, it is not practical for training on modern
GPU hardware due to its sequentiality. Alternatively, the model can be expressed as a

GPU-friendly global convolution:
y=Kxu, (3.10)

where the convolutional kernel K € R* := (CB,CAB,...,CA*~!B) is derived from the
SSM parameters. This non-circular convolution can be computed efficiently with Fast

Fourier Transform (FFT), allowing for highly parallelizable training [7].

3.2.3 The evolution from S4 to Mamba

Structured State Space (S4) sequence models

The S4 [7], a pivotal development that made SSMs competitive with advanced recurrent

and convolutional models, introduced two key ideas:

1. HiPPO initialization: The state matrix A is initialized using the High-order
Polynomial Projection Operator (HiPPO) framework, a theoretically grounded
method designed to enable the model to effectively compress and remember long-
term dependencies from an input history [6]. The core idea behind HiPPO is to
maintain an online, continuous representation of a function’s history by projecting it
onto a basis of orthogonal polynomials. Specifically, it uses a basis of shifted Legen-
dre polynomials to approximate the entire history of the input signal u(7) for 7 <t.
The coefficients of this polynomial approximation form the latent state vector x(t).
The key insight of the HIPPO framework is that the evolution of these coefficients

over time can be described by a simple linear ODE:

dx(t)
dt

= Ax(t)+Bu(t)
This provides a principled way to derive the state matrix A. For a state of size IV,
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Discrete-time HiPPO Recurrence .
Continuous-time HiPPO ODE
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Figure 3.2. Illustration of the HiPPO framework [6]. (1) For any function f, (2) at
every time t there is an optimal projection g(t) of f onto the space of polynomials, with
respect to a measure ju(t) weighing the past. (8) For an appropriately chosen basis, the
corresponding coefficients c(t) € RV representing a compression of the history of f satisfy
linear dynamics. (4) Discretizing the dynamics yields an efficient closed-form recurrence
for online compression of time series (fi)ken-

the HiPPO matrix is specifically defined as:

(2n+1)V2(2k+1)'2, ifn>k
(A)pk = —(n+1), if n=k (3.11)
0, ifn<k

By initializing the SSM with this specific matrix structure, the model is inherently
equipped to maintain a state that represents an optimal, low-dimensional polynomial

approximation of the input’s history.

2. Matrix Structure: A critical challenge in making SSMs practical is the compu-
tational cost associated with the N x N state matrix A, where N can be large.

Operations like the matrix exponential, e®#

, required for discretizing the system,
have a cubic complexity of O(N3) for a general matrix, which is computationally
prohibitive. To overcome this bottleneck, the S4 model imposes a specific algebraic
structure on the A matrix, known as Diagonal Plus Low-Rank (DPLR). As the

name suggests, a DPLR matrix A is defined as:
A=A-PQ* (3.12)
where A € CNV*V ig a diagonal matrix, and P,Q € CV*® with the rank R being a

small integer (e.g., 1 or 2), making R < N.

This DPLR structure is not arbitrary; the computation of the spectrum of K, the
reduction of exponentiation to matrix inverse, as well as the equivalence of the
diagonal case to the highly optimized computation of a Cauchy kernel allow for

resolving the bottleneck observed in previous SSMs [7].
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Figure 3.3. (Left) State Space Models (SSM) parameterized by matrices A,B,C,D map
an input signal u(t) to output y(t) through a latent state x(t). (Center) Recent theory
on continuous-time memorization derives special A matrices that allow SSMs to capture
long-range dependencies mathematically and empirically. (Right) SSMs can be computed
either as a recurrence (left) or convolution (right). However, materializing these conceptual
views requires utilizing different representations of its parameters (red, blue, ) which
are very expensive to compute. S4 introduces a parameterization that efficiently swaps
between these representations, allowing it to handle a wide range of tasks, be efficient at
both training and inference, and excel at long sequences. Source: [7]

The aforementioned ideas enabled S4 to retain the theoretical benefits of a large latent
state N for modeling long-range dependencies while ensuring that the model remains
computationally efficient for practical use.

Despite its breakthroughs, S4 continues to be time-invariant and input-agnostic.
The system matrices (A,B,C,A) are fixed after training and do not adapt to the input

sequence, limiting the model’s capacity for content-aware reasoning.

Selective State Space (S6) models

The core innovation of Mamba is the introduction of a selection mechanism, which
is realized by making the SSM parameters input-dependent [2]. This transforms the
system from a time-invariant one to a time-varying one, allowing the model to dynamically
modulate its behavior based on the content of the input. The model is referred to as S6,
because it is essentially a S4 model equipped with a selection mechanism and utilizing a
parallel scan algorithm.

Specifically, the parameters A, B, and C are no longer fixed but are instead generated

from the input sequence uy:

B; = sp(w) (3.13)
Ci=sc(w) (3.14)
Ay = 7o (Parameter 4+ s (1)) (3.15)

where sp,sc,sa are learnable projection functions (typically linear layers), and 7o
(e.g., softplus) ensures A; > 0. The input-dependent step size A; is particularly crucial

for selectivity. A large A; causes the state z; to focus on the current input u; and effectively
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Figure 3.4. Overview of the Mamba architecture. Mamba’s selection mechanism combines
input-dependent dynamics with a careful hardware-aware algorithm to only materialize the
expanded states in more efficient levels of the GPU memory hierarchy, achieving significant
speedup. Source: [2]

reset or forget its previous history. Conversely, a small A; allows the state to persist and
remember information from the past. This gives the model a fine-grained mechanism to

decide which information to propagate and which to filter out.

The Mamba architecture

The Mamba architecture integrates the aforementioned selective S6 scan into a sim-
plified block structure, reminiscent of a transformer block but without the quadratic
self-attention. However, a key challenge with time-varying SSMs is that they cannot
be materialized as a single global convolution, making parallel training difficult. Mamba
overcomes this with a hardware-aware parallel scan algorithm [2]. The efficiency of

the algorithm stems from the application of three techniques:

1. The algorithm performs (computational) kernel fusion in order to decrease the

number of memory IOs, achieving significant speedup.

2. The SSM parameters are loaded directly from slow HBM (High-Bandwidth Mem-
ory) to fast SRAM (Static Random-Access Memory), where discretization and

recurrence are also performed. Afterwards, the final outputs are written back to
HBM.

3. The intermediate states are not stored but recomputed in the backward pass
when the inputs are loaded from HBM to SRAM.

Consequently, the fused selective scan layer has the same memory footprint as an optimized
transformer implementation with FlashAttention [116].
3.2.4 Mamba in vision

Adapting the inherently 1D Mamba model to 2D visual data presents a unique set of
challenges. The standard approach involves partitioning an image into a grid of patches
and flattening them into a 1D sequence. However, this process disrupts the 2D spatial

locality.
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Figure 3.5. Ouverview of Vim. The input image is initially split into patches and projected
into patch tokens. Finally, the sequence of tokens is sent to the Vim encoder. To perform
classification, an extra learnable classification token is concatenated to the patch token
sequence. Contrary to Mamba for text sequence modeling, Vim encoder processes the token
sequence bidirectionally. Source: [8]

Vision Mamba (Vim)

Patch embedding. Vim represents one of the first successful adaptations of the 1D
Mamba architecture for 2D computer vision tasks [8]. The process begins by adopting the
standard approach from Vision Transformers (ViT): the input image is first partitioned
into a grid of non-overlapping 2D patches and then flattened into a 1D sequence (patch
embedding), to which a class token is prepended. A learnable positional embedding is
added to this new sequence, in order to retain spatial information that is lost during

flattening, and the resulting sequence becomes the input to the stack of Vim blocks.

The Vim block. The core of the Vim model is the Vim block, which replaces the
multi-head self-attention mechanism of a standard Transformer block with a bidirectional
Mamba module. A Vim block processes an input sequence Z;_; to produce an output Z;

through two main sub-layers:

1. Bidirectional Mamba module: This module is responsible for spatial context
aggregation. The input sequence Z;_; is first normalized using LayerNorm. It is
then processed in parallel by two Mamba blocks: one that scans the sequence in
the forward direction and one that scans a reversed version of the sequence. The

mathematical flow is as follows:

7| = LayerNorm(Z;_,) (3.16)
Yiwa = Mamba(Z]) (3.17)
Yiwd = rev(Mamba(rev(Z)))) (3.18)

Y1 =211+ Yiwd + Ybwa (3.19)

The outputs from both directions are added together and then combined with the
original input through a residual connection (Equation 3.19). This bidirectional scan
allows every patch to efficiently gather information from all other patches, effectively

creating a global receptive field.
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2. MLP sub-layer: The output from the Mamba module, Y}, is then passed to a
standard feed-forward network, which provides per-token feature transformation.
This sub-layer consists of a LayerNorm, a two-layer Multi-Layer Perceptron (MLP)

with a GELU activation function, and a second residual connection:

Y/ = LayerNorm(Y}) (3.20)
Z; =Y, +MLP(Y/) (3.21)

By stacking these Vim blocks, the model can build a hierarchical representation of the
image, making it a powerful and computationally efficient backbone for various vision
tasks.

VMamba

While initial adaptations like Vim demonstrated the potential of Mamba for vision,
the VMamba model was a significant leap forward, designed to establish State Space
Models (SSMs) as a general-purpose, high-performance backbone for computer vision, on
par with leading Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs)
[9]. VMamba’s core contribution is a novel block design that effectively addresses the

challenge of applying a 1D sequence model to 2D spatial data.

The Cross-Scan Module (CSM). The central problem with applying SSMs to images
is that flattening the 2D grid of patches into a 1D sequence breaks spatial locality. A simple
bidirectional scan can only partially recover this lost information. To solve this, VMamba
introduces the Cross-Scan Module (CSM), a sophisticated mechanism that enables
information to flow across the image in multiple directions.

Instead of a simple forward and backward pass, the CSM processes the 2D feature map

by unrolling it into sequences along four different directions:
1. Top-left to bottom-right
2. Bottom-right to top-left
3. Top-right to bottom-left
4. Bottom-left to top-right

This is achieved by strategically rearranging the flattened sequence of tokens before feeding
them into four parallel S6 blocks (the core selective scan from Mamba). After processing,
the four output sequences are merged back into their original 2D arrangement. This
multi-directional scan ensures that every pixel (or patch token) can aggregate contextual
information from its entire spatial neighborhood efficiently and effectively, equipping the

model with an extended, 2D-aware receptive field.
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The Visual State Space (VSS) block. The VSS block is the main building block of
the VMamba architecture. It is designed to be a powerful and efficient replacement for
the self-attention block in a Vision Transformer.

The data flow through a VSS block is as follows:

1. The input tensor X;, € RT*WxC from the previous layer is first processed by a linear

layer to expand its channel dimension.

2. The result is then passed through the CSM as described above, which performs the

four-directional spatial mixing.

3. The output of the CSM is passed through a non-linearity (e.g., SiLU) and another

linear layer that projects it back to the original channel dimension.

4. A residual connection adds the original input X;, to the output of the block, ensuring

stable training.

The overall structure can be summarized as:
Xout = Xin + Linear(CSM (Linear(X;,,))) (3.22)

By stacking these VSS blocks, VMamba creates a hierarchical backbone that can learn
rich feature representations at multiple scales. This design allows VMamba to achieve
state-of-the-art performance on a wide range of dense prediction tasks like object detec-
tion and semantic segmentation, demonstrating that its 2D-aware SSM approach is both

powerful and computationally efficient.

Figure 3.6. (a) The input image is first
partitioned into patches by a stem mod-
ule, resulting in a 2D feature map. With-
out incorporating additional positional em-
beddings, multiple network stages are em-
ployed to create hierarchical representa-
tions. Specifically, each stage comprises a
down-sampling layer (except for the first
stage), followed by a stack of VSS blocks.

Faten Partifion

r%‘; (b)-(d) The wvanilla VSS block is formu-

i lated by replacing the S6 module with the
=] newly proposed 2D-Selective-Scan (SS2D)
mi::—d, module. The improved VSS block consists
L= ] Do ] of a single network branch with two resid-
| - ual modules, mimicking the architecture of
(b} Mamba Block (c) The Vanilla V&S Block d) VS8 Blogk a vanilla tmnsformer block. Source: /9/

2D-Selective-Scan (SS2D). Data forwarding in SS2D consists of three steps:

1. Cross-scan: SS2D first unfolds the input patches into sequences along four distinct

traversal paths.
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2. Selective scanning: Each patch sequence is then processed in parallel using a

separate S6 block.

3. Cross-merge: The resultant sequences are reshaped and merged to form the context-

aware output map.

Cross-scan S6 blocks Cross—merge
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Figure 3.7. Illustration of SS2D. Source: [9]

Variants and extensions

Architectures for dense prediction tasks. For tasks like segmentation and object
detection that require fine-grained spatial understanding, several specialized architectures
have been proposed. SegMamba [39] employs a hierarchical Mamba backbone to extract
multi-scale features, similar to architectures like the Swin Transformer. It then uses a
lightweight Mamba-based decoder to effectively fuse these features for precise pixel-level
semantic segmentation. Other variants like U-Mamba [40] and Mamba-UNet [41] in-
tegrate Mamba blocks into the classic U-Net encoder-decoder architecture, a dominant
model in medical image segmentation. Mamba blocks, equipped with 2D-aware scanning,
often replace the standard convolutional layers in the encoder’s bottleneck or decoder’s ex-
pansion path. This combination of the proven multi-scale feature fusion of U-Net with the
superior long-range dependency modeling of Mamba yields remarkable results in medical

imaging.

Hybrid architectures. Recognizing the complementary strengths of different architec-
tures, hybrid models have emerged to leverage the best of both worlds. ConvMamba [42],
in particular, follows a hybrid design where the early stages of the network are composed
of efficient convolutional layers. These layers excel at capturing local, low-level features
like edges and textures with a strong inductive bias. The deeper stages of the network then
transition to 2D-aware Mamba blocks, which are better suited for modeling the global,
long-range relationships between the extracted local features. This approach combines the
efficiency and locality of CNNs with the global context modeling of SSMs. Furthermore,
MambaVision [43] introduces an improved, vision-friendly Mamba block and incorpo-
rates self-attention blocks at the final stages of processing to enhance the model’s ability

to capture context and long-range spatial relationships.
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3.3 Contrastive learning

Contrastive learning (CL) has emerged as a powerful paradigm for learning representa-
tions in an embedding space, where similar (positive) instances are mapped close together
while dissimilar (negative) instances are pushed apart. Similarity can be qualitative or

quantitative, and in most applications refers to semantic alignment.

3.3.1 Mathematical framework

The CL framework operates on pairs of data points. Given a dataset D ={xz,xa,...,2,},

we define positive pairs (xz,:):j) as similar instances and negative pairs (a:z,xj_) as dissimi-

lar instances. An encoder network fy: X — R? maps inputs to a d-dimensional embedding
space, often followed by a projection head g : R% — RY | where R? is typically a lower-
dimensional space where the contrastive loss is applied. The projection head typically
produces normalized embeddings z = g4(fp(z)) with ||z|| = 1.

The core of CL is the InfoNCE loss [44], which maximizes mutual information between
positive pairs:
exp(sim(z,27)/7)

L =—FE lo ’
InfoNCE (z,xt) & §V:1 exp(sim(Z,Zj)/T)

(3.23)

where z = g4(fo()), as stated above, sim(z;,2;) = z; z; is the cosine similarity, 7 is
a temperature parameter controlling the concentration of the distribution, and N is the
total number of samples in the batch (including one positive and N — 1 negatives).

The temperature parameter 7 plays a critical role in the optimization dynamics. Lower
temperatures create sharper distributions that emphasize hard negatives, while higher
temperatures produce smoother distributions. Empirically, 7 € [0.07,0.5] has been found

effective across different tasks [45].

3.3.2 Variants and extensions
The need for (many) negatives

SimCLR [45] applies a composition of random transformations (crop, color jitter,
blur) to create two augmented views of the same image: (z;,7;) = (aug;(z),augy(z)).
The framework employs large batch sizes (e.g., 4096) to provide sufficient negative samples
within each training step.

MoCo [46] addresses the batch size limitation through a momentum encoder and
memory bank. The momentum encoder fy, is updated via exponential moving average:
O < mbpy, + (1 —m)6, where m € [0.9,0.999] is the momentum coefficient. This creates

a large, consistent dictionary of negative samples without requiring massive batches:

exp(¢T k™ /7)
exp(qTkt /1) + X0, exp(qTki/7)

where ¢ = fg(x) is the query, kT = fy_(a) is the positive key, and {k;} are negative

LoCo = —log (324)

keys from the memory bank.
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Learning without explicit negatives

BYOL (Bootstrap Your Own Latent) [47] showed that explicit negative samples might
not be necessary. It uses two networks: an online network and a target network (which is
a momentum-updated version of the online one). The goal is to make the online network’s
prediction of a view match the target network’s representation of another view. It prevents
collapse through the momentum encoder.

SimSiam [48] simplified BYOL even further by showing that the momentum encoder
is not necessary. It demonstrated that a simple stop-gradient operation was sufficient to

prevent the model from collapsing to a trivial solution.

Cross-modal contrastive learning

CLIP (Contrastive Language-Image Pretraining) [49] represents a landmark achieve-
ment in cross-modal learning, fundamentally changing the landscape of vision models.
Instead of training on a curated dataset with fixed labels, CLIP is pretrained on a mas-
sive, noisy dataset of 400 million image-text pairs scraped from the internet. CLIP trains
image and text encoders jointly using a symmetric cross-modal objective. Given a batch
of N image-text pairs {(I;,T;)}¥.,, CLIP processes it using two separate encoders: a Vi-
sion Transformer (ViT) for images and a text transformer for the corresponding captions.

After computing the image embeddings v; = f,(I;) and text embeddings t; = f;(7;), CLIP

optimizes:
N
exp v; tZ/T) .
i2t = — (3.25)
o Z Liexp(vit;/7)’
N
ex t v/ T
Ligi=— Z plti vi/T) (3.26)
Pt X exp(t] v;/7)
1
Levp = §(£i2t + Li2i). (3.27)

This symmetric formulation ensures that both image-to-text and text-to-image re-
trieval are jointly optimized. This has enabled CLIP’s most significant emergent capa-
bility, i.e., zero-shot classification. By creating text prompts like “a photo of a class,”
CLIP can classify images into arbitrary categories without ever being explicitly trained on
them. It simply finds which text prompt’s embedding is closest to the image’s embedding
in the shared space. This has established CLIP as a backbone for a wide range of vision
tasks.

3.3.3 Modality gap

Empirical observation

Despite the success of methods like CLIP, the cross-modal CL optimization process has
a well-documented side effect: it creates a highly anisotropic embedding space. Instead
of embeddings being uniformly distributed across the entire feature hypersphere, they

are pushed into a narrow, cone-like region [3]. This happens because the InfoNCE loss is
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optimized by cosine similarity, which only cares about the angle between vectors, not their
magnitude or absolute position. Consequently, the model learns that the most efficient
way to separate a positive pair from thousands of negatives is to cluster all embeddings
into a specific area of the space, maximizing angular separation within that cone. This
inherent property of the training objective is a direct precursor to the modality gap [50].

Visually, if we were to plot the embeddings from both modalities, we would not see a
single, mixed cloud of points. Instead, we would see two distinct clusters—one for images
and one for text—separated by a noticeable gap, called the modality gap. This creates

a disjointed topology where the two modalities occupy separate sub-regions of the shared

space.
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Figure 3.8. The pervasive modality gap in multi-modal contrastive representation learn-
ing. (a) Overview of multi-modal contrastive learning. Paired inputs from two modalities
(e.g., image-caption) are sampled from the dataset and embedded into the hypersphere us-
ing two different encoders. The loss function is to maximize the cosine similarity between
matched pairs given all the pairs within the same batch. (b) UMAP visualization of gener-
ated embeddings from pre-trained models. Paired inputs are fed into the pre-trained models
and the embeddings are visualized in 2D using UMAP (lines indicate pairs). We observe
a clear modality gap for various models trained on different modalities. (¢) UMAP visu-
alization of generated embeddings from same architectures with random weights. Modality
gap exists in the initialization stage without any training. Source: [3]

Mathematical formulation

Given a set of N fy-normalized image embeddings V = {v;}}¥., and a corresponding
set of fe-normalized text embeddings 7 = {t;}2 |, the respective centroids are calculated

as their means:

1 Y 1 Y
Pimg = 37D Vis  Hoa = 37 Dt (3.28)
i=1 i1
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According to [3], the modality gap can be formally quantified as the ¢3-norm of the differ-

ence between these two centroids:
[Agapllz = || Himg — Bt l2- (3.29)

Origins and causes

Architectural asymmetry. Vision-language models employ different encoder archi-
tectures for images (ResNet, ViT) and text (transformer), leading to distinct computa-
tional paths that create embeddings with different geometric properties even when trained
jointly [3, 51].

Training dynamics. The contrastive objective optimizes relative similarities rather

than absolute alignment. The symmetric InfoNCE loss:

L= = (Liot + L2i)

N~

encourages matching pairs to be more similar than non-matching pairs but does not explic-
itly enforce v; =t;. The temperature parameter 7 creates a trade-off between alignment

precision and separation of negatives [45].

Implications and consequences

Zero-shot classification. Tasks like zero-shot classification rely on cosine similarity,
which only measures the angle between vectors, not their absolute positions. Since the
gap is a systematic shift, it doesn’t change the relative angles. The closest text embedding
to an image embedding, in the sense of cosine similarity, will still be the correct one,

leaving retrieval and zero-shot tasks unaffected [3].

Modality-specific information. Images and text may encode complementary infor-
mation that cannot be perfectly aligned. Visual features capture spatial, compositional,
and perceptual details, while text provides abstract, symbolic, and linguistic structure
(information asymmetry). For example, the text description “a photo at the beach that
I took last summer” contains temporal context (“last summer”) which is visually imper-
ceptible. Forcing a perfect, one-to-one mapping between the image and text embeddings
could risk losing such modality-specific information. In this light, the modality gap might
be a feature, rather than a bug. Images and text contain fundamentally different types of
information and the gap plays an essential role in keeping them distinct within the joint

embedding space [3].

Cross-modal generation. Text-guided image generation or editing typically tries to
bridge the gap in order to effectively transfer semantic information from textual descrip-
tions to visual outputs. Direct interpolation in the embedding space may not preserve

semantic meaning [52].
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Bridging the gap

Post-hoc centering. This strategy involves calculating the mean embedding for each
modality from a large sample of data and then subtracting this mean from any new
embeddings at inference time. This effectively moves the centroids of both distributions

to the origin of the feature space, reducing the gap [3].

Parameter space sharing. AlignCLIP [51] proposes sharing the learnable parame-
ters of the vision and language encoders and introduces a semantically-regularized intra-
modality separation module, improving zero-shot classification, robustness to distribution

shifts, and classification with linear probing.

Learned prior for translation. This approach addresses the modality gap not by
altering the embedding space itself, but by explicitly learning a dedicated mapping function
to translate representations from one modality’s distribution to the other. A typical
example of this strategy is DALL-E 2 [52]. Its generative process is decoupled into two
stages: first, a prior network takes a CLIP text embedding as input and learns to generate a
corresponding “ideal” CLIP image embedding. This prior’s entire purpose is to bridge the
modality gap by mapping a point in the “text region” of the space to its correct counterpart
in the “image region.” Only after this translation is the resulting image embedding used
as a conditioning signal for the second stage, a diffusion decoder, which generates the final

photorealistic image.
Temperature scheduling. Some works have explored linear and exponential schedules,

as well as large values for the temperature variable at the later stages of training, so as to

ensure uniformity on the unit hypersphere [53].
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3.4 Generative modeling

3.4 Generative modeling

Generative modeling is a fundamental paradigm in machine learning that aims to
learn the underlying true probability distribution of observed data, enabling the gen-
eration of synthetic samples that resemble the true distribution. Given a dataset D =
{z1,29,...,2,} drawn from an unknown distribution pqa¢a(x), the objective of genera-
tive modeling is to approximate this distribution with a parameterized model py(x) such
that samples drawn from pg(z) are indistinguishable from those in the original dataset.
This fundamental problem has driven decades of research, from early approaches based
on Gaussian mixture models (GMMs), which approximate the true distribution via a
superposition of Gaussian distributions, and hidden Markov models (HMMSs) to mod-
ern deep learning frameworks that can generate high-resolution images, realistic text,
and complex structured data, in general. The mathematical foundation of generative
modeling rests on density estimation, where the goal is to minimize the divergence be-
tween the true and learned distributions, typically formulated as maximizing the log-
likelihood L(6) = Ezmpy,,.[logpe(x)] or equivalently minimizing the Kullback-Leibler di-
vergence Dg,(PdatallPo) = Ezrpaaa [108 Pdata () —logpe(x)] [54, 55].

In the rest of the section, we will outline the most widely-used generative frameworks,

including flow matching, which is used in our proposed method in chapter 4.

3.4.1 Variational autoencoders

Variational Auto-Encoders (VAEs) [56, 57, 4] represent a principled approach
to generative modeling that combines variational inference with deep learning to learn
latent variable models. The key insight underlying VAEs is the introduction of a latent
variable that captures the underlying factors of variation in the data, enabling both efficient

inference and generation through a tractable optimization framework.

Theoretical foundations

The VAE framework assumes that observed data x is generated from a latent variable z
through a generative process pg(z|z), where the latent variables follow a prior distribution
p(z), typically chosen as a standard Gaussian AV(0,I). The marginal likelihood of the data

can be expressed as:

po(a) = [ polal2)p(z)dz (3.30)

However, this integral is generally intractable, making direct maximum likelihood es-
timation infeasible. VAEs circumvent this challenge by introducing an approximate pos-
terior gy (2|x), parameterized by a neural network (encoder), and optimizing a variational

lower bound on the log-likelihood.
The Evidence Lower BOund (ELBO) is derived using Jensen’s inequality:
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Datapoint
Inference Model | Sample | Generative Model
q(z[x) z p(x.z)
\ | /
Objective
ELBO = log p(x.z) - log q(z|x)

Figure 3.9. Simple schematic of computational flow in a wvariational autoencoder.

Source: [4]

logpg(z) > By, (21 [log po(z|2)] — Drcr(gg(2[2)|Ip(2)) (3.31)
=L(6,¢;7) (3.32)

The ELBO consists of two terms: a reconstruction term that encourages the decoder
to accurately reconstruct the input from the latent representation, and a regularization
term that constrains the approximate posterior to remain close to the prior distribution.
This formulation enables simultaneous optimization of both the generative model py(x|z)

(decoder) and the inference model g4 (2|x) (encoder).

The reparameterization trick

A critical innovation in VAEs is the reparameterization trick [56], which enables back-
propagation through stochastic nodes. Instead of sampling directly from gg(z|z), the
method expresses the random variable as a deterministic function of the parameters and
an auxiliary noise variable. For a Gaussian posterior gg(z|x) = N (ug(x),05(x)), the repa-

rameterization is:

z=py(r) +o4(x)O€, e€~N(0,I), (3.33)

where © denotes the Hadamard (element-wise) product. This transformation allows
gradients to flow through the sampling operation, enabling end-to-end optimization of the

entire framework using standard backpropagation.

Training challenges

Posterior collapse occurs when the KL term dominates, causing the model to ignore
the latent variable and reducing to a standard autoencoder. Multiple solutions, including
KL/B-annealing [59], which devises a schedule for the KLD coefficient, and free bits [117],
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which allow each latent variable a certain number of “free bits” without being penalized
by the KLD term, have been proposed to address this issue.

Blurry reconstructions result in part due to the choice of reconstruction loss (typ-
ically ¢3) [60]. Advanced VAEs employ more sophisticated, perceptual loss functions or
adversarial training (also analyzed in 3.4.2) to improve sample quality [61].

The expressiveness gap between the true posterior and the approximate posterior
can limit model performance. To address this, extensive work has been done exploring the
use of normalizing flows [62], a tool for constructing complex distributions by transforming
a probability density through a sequence of invertible mappings, and inverse autoregres-
sive flows [63], which improve performance compared to similar models with factorized

Gaussian approximate posteriors.

Variants and extensions

Conditional VAEs (CVAEs) [118] extend the framework to conditional generation
by incorporating additional information ¢ (such as class labels) into both the encoder and

decoder:

Lovar = Bq,(zlz.0)[l0gpo (22, )] = Drer(gs (2], ¢) [ p(2]c)) (3.34)

B-VAE [58] introduces a hyperparameter 5 that weights the KL divergence term in
the ELBO:

L vaE = By, (2[2)[logpo(2|2)] — BD k1 (q4(2]2)[|p(2)) (3.35)

Values of > 1 encourage disentangled representations by imposing stronger regular-
ization on the latent space, though often at the cost of reconstruction quality.

Vector Quantized VAEs (VQ-VAEs) [10] replace the continuous latent space with
a discrete codebook, avoiding posterior collapse issues while enabling autoregressive mod-
eling of discrete latent codes. The method introduces a quantization operation that maps

encoder outputs to the nearest codebook vector.

Embedding
Space

zixigy vL
—

2z, (%)

z,[x) = gizlx)

2 ()

Enc;der Dec;der
Figure 3.10. Left: A figure describing the VQ-VAE. Right: Visualisation of the embed-
ding space. The output of the encoder z(x) is mapped to the nearest point es. The gradient

V.L (in red) will push the encoder to change its output, which could alter the configuration
in the next forward pass. Source: [10]
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Nouveau VAE (NVAE) [119] is a deep hierarchical VAE which employs depth-wise
separable convolutions and a residual parameterization of normal distributions. NVAE

achieves training stability through spectral regularization.

3.4.2 Generative adversarial networks

Generative Adversarial Networks (GANs) [64] revolutionized generative model-
ing by introducing an adversarial training framework that pits two neural networks against
each other in a minimax game. Unlike VAEs that rely on explicit likelihood computa-
tion, GANs learn to generate realistic samples through adversarial competition between
a generator network that produces synthetic data and a discriminator network that

distinguishes between real and generated samples.

Theoretical foundations

The GAN framework formulates generative modeling as a two-player minimax game.
The generator Gy : R? — R™ maps random noise vectors z ~ p(z) to the data space, while
the discriminator Dy : R™ — [0, 1] estimates the probability that a given sample originates

from the real data distribution rather than the generator. The training objective is:

m@in m(?xV(Dd,, Go) = Eppaaia 108 Dy ()] + Eznp, [log(1 — Dy (Go(2)))] (3.36)

At the optimal solution, the generator learns to approximate the data distribution
Pdata Such that the discriminator cannot distinguish between real and generated samples,
achieving D*(z) = 1/2 for all z.

Training challenges

GAN training presents unique challenges due to its adversarial nature. The generator
and discriminator must be carefully balanced—if one network becomes too strong relative
to the other, training can become unstable or ineffective.

Mode collapse occurs when the generator learns to produce only a subset of the data
distribution, failing to capture the full diversity of real samples [120]. This happens when
the generator finds a few samples that consistently fool the discriminator, leading it to
ignore other modes of the distribution.

Training instability appears as oscillatory behavior where the generator and discrim-
inator alternate between different solutions without converging. The non-convex nature
of the minimax objective and the discrete alternating optimization can lead to unstable
gradients and training divergence [121].

Vanishing gradients can occur when the discriminator becomes too accurate early
in training, providing uninformative gradients to the generator [122]. When D(x) ~ 1 for
real data and D(G(z)) ~ O for generated data, the generator gradients vanish, preventing

further learning.
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Variants and extensions

Wasserstein GANs (WGANSs) [11] address training instabilities by replacing the

Jensen-Shannon divergence with the Wasserstein distance:

Wy (pdata7pg) = inf E(x,y)N'y[Hx - y”] (3.37)
y~I(pdata:Pg)

The WGAN objective becomes:

i Eorpaaia [ Do (2)] = Eznp. [D .
min | max  Benpaua [Do(2)] = Bonp. [Do(Go(2) (3.38)

where the discriminator (now called a critic) must satisfy a Lipschitz constraint. This
formulation provides more stable training and meaningful loss curves that correlate with
sample quality.

Gradient Penalty WGAN (WGAN-GP) [65] replaces weight clipping with a gra-

dient penalty to enforce the Lipschitz constraint:

Lap = Eanp, [(IVaD(@)]]2 — 1)%] (3.39)

where & represents points sampled along straight lines between real and generated

samples.

Deep Convolutional GANs (DCGANSs) [123] established architectural guidelines
for stable GAN training, including the use of strided convolutions instead of pooling, batch
normalization in both networks, and specific activation functions (ReLU in generator,
LeakyReLU in discriminator).

Progressive GANSs [124] enable generation of high-resolution images by gradually
growing both generator and discriminator during training, starting from low resolution
and progressively adding layers for higher resolution details.

StyleGAN [12] introduces style-based generation that provides unprecedented control
over generated images through adaptive instance normalization:

Ty — Z;
AdalN(z;,y) = yszo_(g())

where y = (ys,i,Yp;) represents style vectors that control the mean and variance of

+ b, (3.40)

feature maps at different scales.

3.4.3 Diffusion models

Diffusion models [66, 67], also known as score-based generative models, are a class
of models grounded in the theory of stochastic differential equations (SDEs) that learn to
reverse a gradual noise injection process [68]. The generative mechanism is conceptualized
as the time-reversal of a forward diffusion process that progressively corrupts data until

it is indistinguishable from pure Gaussian noise.
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Figure 3.11. WGAN algorithm. Source: [11] Fc‘;gurg 3.12./12/01)67‘1)2'6111 of Style-
an. Source:

Theoretical foundations

Forward diffusion process. The forward process is defined as a Markov chain that
gradually adds Gaussian noise to the data xo over T discrete timesteps according to a

fixed variance schedule {3;}7_;:

q(zt|lri—1) = N (245 /1 — Brwe—1, BeI). (3.41)

A key property of this process is that the marginal distribution at any timestep t can
be sampled in closed form without iterating through the chain. Letting ay =1 — ; and

o = ngl «s, we have:

q(x¢|wo) = N (245 Vauxo, (1 —ap)T). (3.42)

This property is crucial for efficient training, as it allows for direct sampling of x; for any
t via the reparameterization: z; = \/arro+ /1 — are where e ~ N (0,1).

Reverse diffusion process. The generative, or reverse, process aims to recover the
original data by learning the conditional distributions pg(z;—1|x¢). These are parameter-

ized as Gaussians whose mean is predicted by a neural network pg(x,t):

po(ilee) = N(2e1; po(a,t),071). (3.43)
Starting from pure noise 1 ~ N (0,1I), the model iteratively denoises the sample to produce
a final estimate.
Training objective

While the model can be trained by maximizing the variational lower bound on the log-
likelihood, Ho et al. [66] demonstrated that a simplified objective, which can be interpreted

as a denoising score matching loss, yields superior results. The objective is to train a
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network €y to predict the noise component e from the noisy sample x;:
Esimple = EtNL{{l,T},xo,ENN(O,I) |:H€ - 69( Vairo+ v1— ate’t)Hﬂ : (344)

Score-based formulation

The continuous-time limit of diffusion models provides a unifying perspective through
stochastic differential equations (SDEs) [69]. The forward process can be expressed as the
solution to an SDE:

dx = f(x,t)dt+ g(t)dw, (3.45)

where f(-,t) is a drift and g(¢) a diffusion coefficient. The reverse of this process is also

an SDE that depends on the score function of the data distribution, V,logp:(x):
dr = [f(x,t) — g(t)*Vlogp(z)]dt + g(t)dw. (3.46)

The neural network €y is trained to approximate this score function (as introduced in [70]),
__ % ($t7t)

as they are related by V,logp(z;) ~ T

This score-based framework gives rise to a corresponding deterministic process known
as the Probability Flow ODE [69], which transports samples from the noise distribution
to the data distribution by following the learned vector field. The ODE formulation is

particularly useful for two reasons:

o Fast sampling: Numerical ODE solvers can approximate the trajectory with sig-
nificantly fewer steps than stochastic samplers, generating high-quality samples in
as few as 10-50 steps [71, 72].

e Controllable generation: The deterministic path provides a unique, invertible
latent representation for each data point, which is valuable for tasks like image

editing and interpolation [73].

This score-based formulation reframes the generation process as learning a vector field
that guides samples from a simple noise distribution back to the data manifold. This
perspective of learning a vector field to transport densities is a powerful one, which has

been recently generalized by Flow Matching [74], a central technique in this thesis.

3.4.4 Flow matching

Flow Matching (FM) [74, 5] constitutes a paradigm shift in continuous-time genera-
tive modeling by formulating the problem as learning vector fields that transport probabil-
ity distributions. Unlike diffusion models that rely on stochastic processes, flow matching
learns deterministic ordinary differential equations (ODEs) that map between distribu-

tions.

Theoretical foundations

FM assumes the existence of a time-dependent vector field v : [0, 1] x RY - R4, im-

plementing v : (t,z) — vi(z), that generates a flow ¢ :[0,1] x R — R?, implementing
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Figure 3.13. The Flow Matching blueprint. (a) The goal is to find a flow mapping
samples Xqo from a known source or noise distribution p into samples X1 from an unknown
target or data distribution q. (b) To do so, design a time-continuous probability path
(pt)o<t<1 interpolating between p :=po and q :=p;. (c¢) During training, use regression
to estimate the velocity field uy known to generate py. (d) To draw a novel target sample
X1 ~ q, integrate the estimated velocity field uf(X;) from t =0 to t = 1, where Xo ~ p is
a novel source sample. Source: [5]

¢ : (t,x) — ¢¢(x), which satisfies:

dqbt (1’)
dt

=vi(¢e()),  ¢o(x) =1 (3.47)

The flow transports samples from a simple source distribution po (typically Gaussian) at
t = 0 to the target data distribution p; at ¢ = 1. The evolution of probability densities

follows the continuity equation:

0
%JFV'(ptvt) =0. (3.48)

Conditional flow matching

Since learning the marginal vector field directly is intractable, FM constructs condi-
tional flows ¢¢(z|xo,z1) that interpolate between source points zg ~ po and target points
x1 ~p1. As aresult, the path and its corresponding vector field become simple and easy to
define. For the commonly used Optimal Transport (OT) path, this is simply a straight
line interpolation:

ot(xo, 1) = (1 —t)zo + 121, (3.49)

with the corresponding conditional vector field:

Ut(ﬁ(),f)?l) :%¢t($0,$1):$1*$0. (350)

The marginal vector field is then:

v(7) = Bgg 00 )r [V (2|70, 1) |01 (70, 71) = ], (3.51)

where 7w is a coupling between po and pi, i.e., a joint probability distribution whose

marginals along the respective axes are pg and p;.
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Training objective

The training objective simply minimizes the ¢5 distance between the learned vector

field v? () and the target conditional vector field v} (z¢|zo,21):

EFM<9) - EtNU[O,l],(xo,m)Nﬂ' {Hvte(xt) —v;k(xt\xo,ml)Hz] ) (3'52)

where x; = ¢4(xo,z1). This is a simple regression objective that avoids the complexities
of adversarial training or variational bounds. In the case of the OT path, substituting eq.
3.50 in eq. 3.52 yields:

Loni(0) = Brfo,) (woseryor 1100 (1) = (@1 = 20) 7] (3.53)

Stochastic interpolants

To ensure numerical stability and handle potential singularities, stochastic inter-

polants (SIs) [75, 76] are often employed:
d1(xo,x1) = (1 —t)xo +tx1 + 06, (3.54)

where € ~ NV (0,I) and oy is a noise schedule, typically oy = omin(¢,1 —t) for some small

o > 0. The corresponding conditional vector field becomes:

1171—(1—0't)$0—0'txt @

— =4
ve(x|xo, 1) = €. (3.55)
(o dt
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Figure 3.14. Four time-continuous processes (Xt)o<i<1 taking source sample Xo to a
target sample X,. These are (a) a flow in a continuous state space, (b) a diffusion in
continuous state space, (¢) a jump process in continuous state space (densities visualized
with contours), and (d) a jump process in discrete state space (states as disks, probabilities
visualized with colors). Source: [5]

Advantages over traditional methods

1. Training stability: Unlike GANs, which require careful balancing of adversarial
losses, FM optimizes a simple regression objective that is inherently stable and does

not suffer from mode collapse.

2. Exact likelihood: FM provides exact likelihood computation without requiring

expensive trace estimations, unlike traditional normalizing flows that rely on the
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change of variables formula.

. High sample quality: The continuous-time formulation enables smooth interpo-

lation between distributions, often resulting in higher sample quality compared to

discrete-step approaches.

. Computational efficiency: The regression-based training objective as well the

ODE formulation offer significant speedup, making FM suitable for large-scale ap-

plications.
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Chapter

Methods

4.1 CrossFlowDG

Our previous navigation of the literature naturally leads us to the development of
CrossFlowDG, a framework that addresses the modality gap using three main components:
(1) a Textual Domain Bank (TDB), i.e., a list of stylistic textual descriptions, (2) a
Four-way Contrastive Loss (FCL) for intra- and inter-modal alignment, and (3) a Cross-
modal Flow Matching (XFM) module that learns a deterministic mapping from domain-
biased image to domain-invariant text representations. An overview of the framework is

illustrated in Figure 4.1.
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Figure 4.1. Qverview of the CrossFlowDG framework.

4.1.1 Textual Domain Bank

In the realm of DG, a major challenge is obtaining supervision that encourages domain-
invariant representations without requiring explicit domain labels or multiple source do-
mains. To address this, we introduce a Textual Domain Bank (TDB), i.e., a collection
of stylistic textual descriptions.

We construct the TDB as a set D ={d;,ds,...,dx} of K domain descriptors, following
the template “a {domain} of a”, where domain includes stylistic variations such as “pho-
tograph”, “painting”, “drawing” and similar terms capturing diverse visual styles. During
training, each image x; with class label y; is paired with a text prompt constructed by
randomly sampling a domain descriptor d ~ U(D) and concatenating it with the class

name: t; =d-+y; (“+” as in string concatenation in Python). This produces descriptions
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such as “a photograph of a dog” or “a sketch of a car”. Critically, the domain descriptor is
sampled independently for each training iteration, meaning the same image may be paired
with different domain descriptions across epochs.

This randomized pairing strategy serves a dual purpose. First, by exposing each im-
age to multiple domain descriptors during training, the model learns that the same vi-
sual content can be described under various stylistic framings, encouraging the extraction
of domain-invariant semantic features (specifically class information) that remain stable
across these variations. Second, the distribution of text embeddings generated by the TDB
for each class creates a semantically rich target space: rather than aligning images to a
single fixed text embedding per class, images are encouraged to align with a manifold of
textually-grounded semantic representations. This distributional view is important as it
provides multiple semantic anchors per class, reducing the risk of overfitting to domain-
specific visual patterns while preserving the core semantic content that generalizes across

domains.

4.1.2 Four-way Contrastive Loss

To enforce domain invariance in image representations through alignment with the
TDB, we employ a Four-way Contrastive Loss (FCL) consisting of multiple comple-
mentary loss terms: (1) image-to-image (L;2;), to compress the intra-class variance across
domains, creating compact same-class image clusters, (2) text-to-text (L), with the
same goal as (1) but for the text representations, and (3) cross-modal (Lo and Lya;), to
bridge the modality gap by enforcing alignment between image and text embeddings of
the same class. Lo treats each image as positive with its corresponding text (from the
TDB), pulling image representations toward the domain-invariant text manifold, while
L9; enforces the symmetric constraint.

In order to apply the contrastive objective, we project our extracted features to a
Euclidean shared latent space using two separate VAEs, one for each modality. Let f?
denote the pretrained image encoder, ¢¢ the image VAE, f! the pretrained text encoder,
and g¢' the text VAE. z; = ¢"(f'(z;)) denotes the latent image representation and 2k =
g'(f*(tj)) the corresponding text latent. For the computation of the loss, features are
normalized to the unit hypersphere by h, such that ||z;||2 = 1. We define cosine similarity
as: -

$(za,2p) = M, (4.1)
T
where 7 > 0 is a temperature parameter. Each contrastive loss term between modalities
k and [ is then defined as:

N k
1 exp(s(z},2;))
Ekz[ = _N Zlog N J ]‘i ] . (42)
7j=1 m=1 exp(s(zj 7Zm))
The total contrastive loss is:
1
Lrc = Ligt + Ligi + E(Ltzt + Lioi). (4.3)
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This objective encourages class-wise cross-modal alignment while preserving intra-modal

cohesion.

4.1.3 Cross-modal Flow Matching

As stated previously, standard cosine similarity contrastive learning does not entirely
close the modality gap. We therefore employ noise-free, Cross-modal Flow Matching
(XFM) to explicitly learn a continuous transformation that maps image latents to text
latents while preserving the intrinsic geometry of the latent space. Unlike conventional
generative flows that map noise to data, we adopt a deterministic cross-modal flow that
connects image and text manifolds in latent space, similar to [77].

Given paired image-text latents (zimg,2txt), we define an interpolated sample at time
t€10,1]:

2 = (1 —1)2img + t2ext- (4.4)

The ground-truth velocity field is:
v* (Zt)t) = Ztxt — img- (45)
A neural flow model that predicts the velocity v?(z,t) is trained via:

LEM(0) = Bp4[0,1], (2imgs2xt ) ~Trand [va(zt) — v (2t|Zimg) 2txt) Hﬂ ; (4.6)

where Tyang is the random mini-batch image-text coupling described in 4.1.1.
At inference, the learned flow defines a deterministic mapping from image to text

latent: .
21 = Zimg +/ 09 (2, 1) dt, (4.7)
0

which is approximated using a small number of discrete integration steps:

7

T—1
0
21 R Zimg + EOU (z%,— (4.8)
P

) 1
T'T
This allows the model to align distributions while preserving the topology of the shared

latent space, facilitating domain-invariant generalization.

4.2 OT-CrossFlowDG

4.2.1 Motivation

Despite the benefits of CrossFlowDG, our goal of enhancing efficiency during inference,
and thus facilitating deployability on devices with computational limitations, points to
the direction of the flow model. It should be noted that CrossFlowDG uses 12 discrete
timesteps to approximate the ODE integration, which means that the flow model has
to be queried 12 times before delivering the domain-invariant embedding at ¢t = 1. In

an attempt to reduce the number of ODE integration steps, we devise Algorithm 4.2 to
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Chapter 4. Methods

rectify our naive, random image-text coupling and bootstrap our conditional low matching

formulation with optimal transport-informed pairs, similar to [78].

4.2.2 Class-wise Sinkhorn-Knopp coupling algorithm

Algorithm 4.2 initially computes the entropic regularized optimal transport (OT) dis-
tance between a set of image embeddings E; € RBXP and text embeddings Ep € REXP
while enforcing a strict class-based alignment constraint. Initially, a dense cost matrix C
is computed using the squared Euclidean distance between all image-text pairs of a
mini-batch (which means that B = K in our case). Then, a large penalty cost L is applied
to all cross-class pairs, effectively masking the problem to permit coupling only between
image-text instances that share the same ground-truth label. The resulting constrained
cost matrix Cppask is fed to the Sinkhorn-Knopp [79] algorithm (described in Algorithm
4.1 for ease of reference) in the log-domain for numerical stability, which yields the ap-
proximate optimal transport plan P. The final scalar loss Low is defined as the expected
cost under the plan P summed only over the valid, same-class couplings. A key secondary
output of this process is the set of barycentric targets B € RE*P which are calculated
as the weighted mean of the text embeddings according to the learned transport plan
P. The use of barycentric targets serves two main purposes: (1) to simulate sampling
diverse text embeddings from the empirical (mini-batch) distribution, and (2) to reduce

the influence of potential outliers on the flow matching process.

Algorithm 4.1: Sinkhorn-Knopp [79]

Require: cost matrix C € R"*™_ entropic regularization € > 0, T iterations.
Ensure: approximate optimal transport plan P € R®»*™,

Lop<+1,/n > uniform marginal for source
2: V< 1,/m > uniform marginal for target
3 u+0,,v+0, > initialize potentials in log-domain
4: for t <1 to T do

5 u; + —elog (Z}nzl exp <_Cﬁ+vj )) + elog (i) > K-M scaling: u <+ u—log(Kv)

6: vj < —elog (Z?:l exp (_Cifui)) +elog(vj) > K-M scaling: v « v —log(K7u)
7: end for

8: P;j < exp (M) > final transport plan
9: return P

m Diploma Thesis



4.2.2 Class-wise Sinkhorn-Knopp coupling algorithm

Algorithm 4.2: Class-wise Sinkhorn-Knopp coupling

Require: image embeddings E; € RB*P | text embeddings Eq € RE*P,
Require: image labels Ly € RE, text labels Ly € RE,
Require: entropic regularization € > 0, large penalty cost L > 0, T Sinkhorn-Knopp it-

erations.

Ensure: total loss Lcow, barycentric targets B.

10:
11:
12:

13:
14:
15:

> 1. Compute cost matrix C
C <+ PairwiseSquaredDistance(E;, Er)
> 2. Mask C to enforce class constraint
M;; < (L;; ==L1;) > binary mask for same-class pairs
Chask — COM+(I-M)-L > apply large penalty L to cross-class pairs
> 3. Compute transport plan
P < Sinkhorn-Knopp(Cpask,€,7)) > run Sinkhorn-Knopp iterations (Algorithm 4.1)
> 4. Compute loss (expected cost)
r >, Pij-Cij"Mi; . .
oW — =M, > loss is calculated only over same-class pairs
! > 5. Compute barycentric targets
Pmasked «~PoM

Si < 2= (Pmasked)ij > row sums of the masked plan
; Pmas ed)ij” E j . .
B; < 2 gid) r(Br); > barycentric mean of text embeddings

return Low,B
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Chapter

Experiments

5.1 Benchmarks

We evaluate classification accuracy on four usual DG image datasets, i.e., Terralncog-
nita [80], PACS [81], VLCS [82], and OfficeHome [83], adopting the leave-one-domain-
out evaluation protocol: if the dataset contains N domains D;,i € {1,2,..., N}, we train on
N — 1 domains, evaluate on the remaining one, repeat for each test domain and compute

the average:

1 N
LODOp = =3 Ry, (5.1)
=1

where R\; denotes the model’s accuracy when trained on D\ {D;}.

For fair comparison with previous methods, we train for 50 epochs with 200 gradient
updates per epoch (10,000 iterations in total). Reported accuracy for CrossFlowDG is
explicitly computed as an average across 3 distinct random seeds along with the standard
deviation, contrary to some prior work. Due to resource constraints, for OT-CrossFlowDG
we perform 3 runs, each with a different number of ODE integration steps to outline any
potential difference in performance.

Specifically, the Terralncognita dataset contains 24330 images harvested from cam-
era traps deployed in 4 different locations, which depict animals of 10 different species.
PACS consists of 9991 images belonging to 7 common object categories and mainly fo-
cuses on large shifts in visual style. VLCS includes 10729 samples collected from four
popular and distinct source image datasets and provides a benchmark on 5 common classes
(“bird”, “car”, “chair”, “dog”, and “person”). OfficeHome comprises 15588 images of 65
everyday objects typically found in office and home environments (e.g., “Alarm-Clock”,
“Bed”, “Chair”, “Mug”, etc.). Table 5.1 offers a quantitative summary of the above four

datasets.

5.2 Baselines

To perform a comprehensive evaluation, we compare our proposed model against sev-
eral SOTA architectures used as backbones for image classification in the context of DG.
We specifically select models that are similar in parameter count and use the widely

adopted ImageNet-1K [86] pretraining for fair comparison.
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Table 5.1. A quantitative view of the four benchmarks used for evaluation.

Dataset Domain # images # images # classes
L100 4741
. L38 9736
Terralncognita L43 3970 24330 10
L46 5883
Art painting 2048
Cartoon 2344
PACS Photo 1670 9991 7
Sketch 3929
Caltech101 1415
LabelMe 2656
VLCS SUNO9 3989 10729 5
VOC2007 3376
Art 2427
Clipart 4365
OfficeHome Product 4439 15588 65
Real 4357

Our selected baseline backbones include:

o ResNet-50 [84]: A classic Convolutional Neural Network (CNN) that introduced
residual connections, serving as a robust and widely accepted standard for many

vision tasks.

o DeiT-S [85]: A Vision Transformer (ViT) variant optimized for efficiency. This
backbone represents is particularly relevant for demonstrating performance relative

to models utilizing the attention mechanism.

e« VMamba-T [9]: A lightweight variant of the VMamba architecture. It utilizes the
State Space Model (SSM) for efficient sequence modeling in vision, offering a strong

baseline against both CNNs and Transformers.

The similar parameter count ensures that any observed performance differences are

likely not attributed to model size, providing a clear and reliable set of baselines.

5.3 Implementation details

5.3.1 Training objective

The overall training objective for CrossFlowDG combines the VAE, contrastive and

flow components as defined in Section 4.1:
Liotal = )\i\?}igEﬁi\r/igE + AMAELVAE + AFcLEC + ARMLERM, (5.2)
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5.3.2 Network architecture

k

recon

where E’{,AE =L + L%, is the VAE loss that corresponds to modality k and includes
a reconstruction term (e.g., mean squared error loss) and a regularization term (e.g.,
Kullback-Leibler divergence between the distribution of the latent representation and a
standard Gaussian), whereas the \; coefficients control the contributions of the respective
terms. For OT-CrossFlowDG, Lyc is simply replaced by Lcow as described in Section 4.2.

All trainable components of our methods are trained jointly. Also, all trainable com-

ponents are trained from scratch, except for the pretrained image encoder.

5.3.2 Network architecture

Note: “M” below denotes “million”.

Image encoder: VMamba-T [9], 29M trainable parameters.

Text encoder: CLIP’s text encoder [49], no trainable parameters.

VAE: Multi-Layer Perceptron (MLP) encoder and decoder, 2 VAEs used, with 4M

and 1M trainable parameters.

Flow model: ResNet [84], 1M trainable parameters.

Classification head: MLP, 0.02M trainable parameters.

Our proposed method comprises 36M trainable parameters in total.

5.3.3 Latent space

« Latent dimension: 256

e« ODE integration steps: CrossFlowDG: 12, OT-CrossFlowDG: 1, 6, 12

5.3.4 Training details

o Batch size: 16 (per source domain)
o Iterations: 10,000 total iterations (50 epochs x 200 gradient updates / epoch)

¢ Hardware: 1 x A10G GPU

5.4 Results

5.4.1 CrossFlowDG

Results on Terralncognita. Table 5.2 clearly illustrates the substantial performance
gain of CrossFlowDG on the Terralncognita benchmark compared to the previous SOTA
method. We observe an improvement ranging from 2.2% to 3.5% across three out of the

four target domains, resulting in a notable +1.9% average accuracy gain.
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Results on PACS. CrossFlowDG’s performance on PACS is presented in Table 5.3.
CrossFlowDG achieves the highest accuracy (compared to previous methods) in the ‘art
painting’ domain, the second-highest in the ‘cartoon’ and ‘photo’ domains and the second-

highest on average (by -0.5%).

Results on VLCS. CrossFlowDG achieves SOTA in one domain of VLCS, while its

average performance remains 1.2% below SOTA, as is visible in Table 5.4.

Results on OfficeHome. As shown in Table 5.5, CrossFlowDG performs 2.9% below
the previous SOTA method on average (with a minimum difference of 2.5% and a maximum

difference of 3.3% across domains).

5.4.2 OT-CrossFlowDG

For brevity, we report the best performing (on average) ResNet-50 method, the best
performing (on average) DeiT-S method, the two VMamba-based methods and our own
results for 1, 6 and 12 ODE integration steps.

In general, OT-CrossFlowDG performs similarly to CrossFlowDG on average, except
for Terralncognita (Table 5.6), where we observe a sizeable degradation (54.4% for T'=1
versus 58.0% for CrossFlowDG). As stated in Section 4.2, a primary objective of OT-
CrossFlowDG is to increase efficiency, and an observation of performance relative to the
number of ODE integration steps suggests the existence of a trend: OT-CrossFlowDG
generally exhibits its peak performance at a low number of integration steps. However, an
exception to this pattern is observed in the OfficeHome benchmark, where performance

seems to improve as the number of steps increases.
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Table 5.2. Performance comparison on Terralncognita. Bold and underline indicate
best and second-best performance, respectively.

Method Venue Param’s Target domain Avg. (1)
L100 LL38 L43 L46
ResNet-50 based:
GroupDRO ICLR ’19 23M 41.2 38.6 56.7 36.4 43.2
VReX ICML 21 23M 48.2 41.7 56.8 38.7 46.4
RSC ECCV 20 23M 50.2 39.2 56.3 40.8 46.6
MTL JMLR 21 23M 49.3 39.6 55.6 37.8 45.6
Mixstyle ICLR ’21 23M 54.3 34.1 559 31.7 44.0
SagNet CVPR 21 23M 53.0 43.0 579 404 48.6
ARM NeurlIPS 21 23M 49.3 38.3 55.8 38.7 45.5
SWAD NeurIPS 21 23M 55.4 44.9 59.7 39.9 50.0
PCL CVPR 22 23M 58.7 46.3 60.0 43.6 52.1
SAGM CVPR 23 23M 54.8 41.4 57.7 41.3 48.8
iDAG ICCV 23 23M 58.7 35.1 57.5 33.0 46.1
GMDG CVPR 24 23M 59.8 45.3 57.1 38.2 50.1
DeiT-S based:
SDViT ACCV 22 22M 55.9 31.7 522 374 44.3
GMoE ICLR 23 34M 59.2 34.0 50.7 38.5 45.6
VMamba-T based:
DGMamba MM 24 3IM 620 47.7 6L7 469 545
DGFamba AAATI25  31M 498 63.1 475  56.1
CrossFlowDG (1) 2025 36M 69.3 504 64.4 50.9 58.7
CrossFlowDG (2) 2025 36M 62.5 49.2 63.6 49.9 56.3
CrossFlowDG (3) 2025 36M 68.0 56.3 60.3 50.4 58.8
CrossFlowDG (avg.) 2025 36M 66.6 52.0 62.8 50.4 58.0 (+1.4)

(£3.6)(£3.8)(£2.2)(£0.5)
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Table 5.3. Performance comparison on PACS. Bold and underline indicate best and
second-best performance, respectively.

Method Target domain Avg. (1)

A C P S

ResNet-50 based:

GroupDRO 83.5 79.1 96.7 78.3 84.4
VReX 86.0 79.1 96.9 7T 84.9
RSC 85.4 79.7 97.6 78.2 85.2
MTL 87.5 77.1 96.4 7.3 84.6
Mixstyle 86.8 79.0 96.6 78.5 85.2
SagNet 87.4 80.7 97.1 80.0 86.3
ARM 86.8 76.8 97.4 79.3 85.1
SWAD 89.3 83.4 97.3 82.5 88.1
PCL 90.2 83.9 98.1 82.6 88.7
SAGM 87.4 80.2 98.0 80.8 86.6
iDAG 90.8 83.7 98.0 82.7 88.8
GMDG 84.7 81.7 97.5 80.5 85.6

DeiT-S based:

SDViT 87.6 82.4 98.0 77.2 86.3
GMoE 89.4 83.9 99.1 74.5 86.7

VMamba-T based:

DGMamba 91.3 87.0 99.0 87.3 91.2

DGFamba 92.6 89.4 99.7 88.8 92.6

CrossFlowDG (1) 93.2 87.6 99.5 86.8 91.8

CrossFlowDG (2) 93.3 89.9 99.4 86.3 92.2

CrossFlowDG (3) 93.3 89.4 99.4 87.3 924

CrossFlowDG (avg.) 93.3 89.0 99.4 86.8 92.1 (£0.3)
(£0.1) (£1.2) (£0.1) (£0.5)
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Table 5.4. Performance comparison on

second-best performance, respectively.

VLCS. Bold and underline indicate best and

Method Target domain Avg. (1)
C L S P

ResNet-50 based:

GroupDRO 97.3 63.4 69.5 76.7 76.7
VREx 98.4 64.4 74.1 76.2 78.3
RSC 97.9 62.5 72.3 75.6 77.1
MTL 97.8 64.3 71.5 75.3 7.2
Mixstyle 98.6 64.5 72.6 75.7 77.9
SagNet 97.9 64.5 71.4 77.5 77.8
ARM 98.7 63.6 71.3 76.7 77.6
SWAD 98.8 63.3 75.3 79.2 79.1
PCL 99.0 63.6 73.8 75.6 78.0
SAGM 99.0 65.2 75.1 80.7 80.0
iDAG 98.1 62.7 69.9 77.1 76.9
GMDG 98.3 65.9 73.4 79.3 79.2

DeiT-S based:

SDViT 96.8 64.2 76.2 78.5 78.9
GMoE 96.9 63.2 72.3 79.5 78.0
VMamba-T based:

DGMamba 98.9 64.3 79.2 80.8 80.8
DGFamba 99.5 66.2 80.9 82.0 82.2
CrossFlowDG (1) 98.0 66.3 80.7 81.2 81.5
CrossFlowDG (2) 96.5 65.9 81.3 7.7 80.3
CrossFlowDG (3) 97.6 66.1 81.8 79.7 81.3
CrossFlowDG (avg.) 97.3 (£0.6) 66.1 (£0.2) 81.3 (£0.5) 79.5 (£1.5) 81.0 (+0.6)
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Table 5.5. Performance comparison on OfficcHome. Bold and underline indicate best
and second-best performance, respectively.

Method Target domain Avg. (1)

A C P R

ResNet-50 based:

GroupDRO 60.4 92.7 75.0 76.0 66.0
VREx 60.7 53.0 75.3 76.6 66.4
RSC 60.7 51.4 74.8 75.1 65.5
MTL 61.5 52.4 74.9 76.8 66.4
Mixstyle 01.1 53.2 68.2 69.2 60.4
SagNet 63.4 54.8 75.8 78.3 68.1
ARM 58.9 51.0 74.1 75.2 64.8
SWAD 66.1 o7.7 78.4 80.2 70.6
PCL 67.3 59.9 78.7 80.7 71.6
SAGM 65.4 57.0 78.0 80.0 70.1
iDAG 68.2 57.9 79.7 81.4 71.8
GMDG 68.9 56.2 79.9 82.0 70.7

DeiT-S based:

SDViT 68.3 56.3 79.5 81.8 71.5
GMoE 69.3 58.0 79.8 82.6 72.4

VMamba-T based:

DGMamba 76.2 61.8 83.9 86.1 77.0
DGFamba 77.4 63.7 85.6 87.3 78.5
CrossFlowDG (1) 74.8 60.7 82.3 83.8 75.4
CrossFlowDG (2) 74.4 61.2 82.7 83.6 75.5
CrossFlowDG (3) 75.6 60.9 82.8 84.6 76.0
CrossFlowDG (avg.) 74.9 (£ 0.6) 60.9 (£ 0.3) 82.6 (+0.3) 84.0 (£0.5) 75.6 (£ 0.3)
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Table 5.6. Performance comparison on Terralncognita. Bold and underline indicate
best and second-best performance, respectively.

Method Target domain Avg. (1)

L100 L38 ©L43 L46

PCL 58.7 46.3 60.0 43.6 52.1
GMoE 59.2 340 50.7 385 45.6
DGMamba 62.0 47.7v 61.7 46.9 54.5
DGFamba 63.9 49.8 63.1 475 56.1

OT-CrossFlowDG (T =1) 63.2 459 593 49.3 54.4
OT-CrossFlowDG (T'=6) 65.9 47.0 57.0 46.6 54.1
OT-CrossFlowDG (T'=12) 62.0 45.6 57.0 487 53.3

Table 5.7. Performance comparison on PACS. Bold and underline indicate best and
second-best performance, respectively.

Method Target domain Avg. (1)

A C P S

iDAG 90.8 83.7 98.0 82.7 88.8
GMoE 89.4 839 99.1 745 86.7
DGMamba 91.3 870 99.0 87.3 91.2
DGFamba 92.6 89.4 99.7 88.8 92.6

OT-CrossFlowDG (I'=1) 93.6 880 99.5 86.0 91.8
OT-CrossFlowDG (T'=6) 93.7 89.2 99.3 85.0 91.8
OT-CrossFlowDG (T'=12) 94.1 880 99.2 85.2 91.6

Table 5.8. Performance comparison on VLCS. Bold and underline indicate best and
second-best performance, respectively.

Method Target domain Avg. (1)

C L S P

SAGM 99.0 65.2 75.1 80.7 80.0
SDViT 96.8 64.2 76.2 78.5 78.9
DGMamba 98.9 643 79.2 80.8 80.8
DGFamba 99.5 66.2 80.9 82.0 82.2

OT-CrossFlowDG (I'=1) 978 66.7 81.6 794 81.4
OT-CrossFlowDG (T'=6) 974 66.5 81.0 80.3 81.3

OT-CrossFlowDG (T'=12) 97.2 65.6 1.0 78.6 80.6
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Table 5.9. Performance comparison on OfficcHome. Bold and underline indicate best
and second-best performance, respectively.

Method Target domain Avg. (1)

A C P R

iDAG 68.2 579 79.7 814 71.8
GMoE 69.3 58.0 79.8 82.6 72.4
DGMamba 76.2 618 839 86.1 77.0
DGFamba 77.4 63.7 85.6 87.3 78.5

OT-CrossFlowDG (T'=1) 744 60.9 82.6 84.2 75.5
OT-CrossFlowDG (T =6) 75.4 61.7 825 84.5 76.0
OT-CrossFlowDG (T'=12) 74.1 61.0 829 84.9 75.7
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Discussion

6.1 Conclusions

In this thesis, we introduce two novel methods to tackle the critical problem of image
classification under domain generalization (DG): CrossFlowDG and OT-CrossFlowDG,
the latter being an optimal transport-informed variant of the former.

The first proposed framework, CrossFlowDG, initiates image-text alignment with a
preliminary cosine-based contrastive loss in a Euclidean joint latent space, followed by
our flow matching mechanism, which addresses the modality gap by learning a continuous
transformation between the partially aligned image and text embeddings of the same
semantic class.

From a performance-centric perspective, CrossFlowDG achieves state-of-the-art results
across several domains of our evaluation datasets, most notably on Terralncognita, a
benchmark we consider the most challenging both quantitatively and qualitatively. Its
high difficulty is evidenced by the consistently lowest accuracy scores achieved by previous
methods, which barely exceed 54% as shown in Table 5.2. Qualitatively, the images,
captured via camera traps in uncontrolled natural environments, feature severe domain
shifts characterized by motion blur and low-light conditions, which greatly hinder accurate
classification even by human annotators.

Conversely, near-perfect results on certain domains highlight the practical limits of
improvement. Across all listed methods, the ‘photo’ domain of PACS and the ‘Caltech101’
domain of VLCS exhibit highly saturated performance, with accuracies in most recent
methods exceeding 99.0%. This high saturation likely reflects that modern backbones have
been extensively pre-trained on samples similar (or even identical) to those contained in
PACS and VLCS. Consequently, marginal differences in these domains are potentially less
indicative of a model’s true generalization capacity.

Furthermore, CrossFlowDG demonstrates suboptimal performance across the four do-
mains of OfficeHome. We hypothesize that the primary reason for this degradation is the
dataset’s large label space. Specifically, OfficeHome contains 65 classes, a factor which
significantly hinders the formation of well-separated and distinct class clusters in the la-
tent space. This lack of clearly separated clusters subsequently reduces the effectiveness
of our flow matching mechanism, which fundamentally relies on learning continuous paths

between the image distribution and the semantically consistent text distribution.
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The second proposed framework, OT-CrossFlowDG, emphasizes efficient inference,
with the core differences from CrossFlowDG being twofold: (1) the cross-modal loss is
computed using the entropic regularized 2-Wasserstein distance, and (2) the Sinkhorn-
Knopp algorithm is applied to derive barycentric targets from an approximate optimal
transport plan. This optimal transport-informed coupling yields a highly informative
supervision signal that significantly reduces the number of integration steps required by
our flow matching formulation during inference.

Regarding the experimental results of OT-CrossFlowDG, we observe that OfficeHome
represents a notable exception to the trend of achieving peak performance with fewer
integration steps. When the latent space must accommodate OfficeHome’s 65 classes, the
resulting class clusters become tightly packed and potentially overlapping. To accurately
navigate this complex space, a finer discretization of the flow trajectory, i.e., a higher

number of integration steps, is likely required to maintain classification accuracy.

6.2 Limitations and future work

Despite the advantages of our proposed methods, we acknowledge some key limitations

that may serve as a compass for future research:

Combining training stability with inference efficiency. CrossFlowDG enjoys sta-
ble training due to the use of cosine similarity, whereas OT-CrossFlowDG can be compu-
tationally advantageous during inference but tends to suffer from vanishing or unstable
gradients, perhaps due to the high flexibility introduced by Euclidean distances in the OT
cost matrix. Future work could combine the benefits of both approaches by employing

cosine-based distances within the OT framework.

Generality of proposed frameworks. We evaluated our methods using only VMamba-T
and CLIP’s text encoder as backbones. Further experimentation with diverse combina-
tions of image and text encoders is needed to provide stronger empirical evidence for the
generality of our frameworks. Notably, a key feature of our approach is that it does not rely
on perfectly aligned modalities from the backbone pretraining stage; instead, it explicitly
enforces alignment during training. Consequently, CrossFlowDG and OT-CrossFlowDG
could be extended to scenarios involving an arbitrary number of modalities, enabling more

flexible and comprehensive cross-modal alignment.

Evaluation on saturated benchmarks. As discussed, certain domains exhibit per-
formance saturation over 99%. These saturated results may reflect data leakage from pre-
training rather than genuine domain generalization capabilities. Future research should
prioritize evaluation on more challenging and diverse benchmarks that better reflect real-
world domain shifts and avoid saturation effects. These include datasets with more severe
distribution shifts, larger domain diversity, or deliberately constructed to be dissimilar

from common pretraining data.
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