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O1 evd10pepOUEVOVEG TTOPOKOAODVTOL VO ATOGTEILOVY MAEKTPOVIKA G€ éva. Zip pe To dvoud tovg ta e€Ng:

i) v avaivtikny tovg Paduoroyio and THMMY-EMII pe o extipnon tov tpéyovrog pésov 6pov, ii) to
Broypagikd tovg, kot iii) Tov aptdpud Tev opethopuévav padnudatov ov Bpickovtat 61o 4°1 avdTEPO £T0G GTOVOMV.
H amocstol) g mAnpogopiog avtng vo yivetar oty Ipappotéa tov Epyaotnpiov ka. Bikv IMiatitoa (email:
<vickyplatitsa@gmail.com>).

Tpoaraitodueva uabiuota (Pong X) ue emtoyn kor ovvenn mwopaxolovdnon kai Todd koA amwédoon:
- T Bépata N: PEX, kow Mnyavikn Mdadnon-MM 1 Avayvopion [potonev-All (*).

- T Bépata V: Opaon Yroloywotodv (0Y), N mbovag kot MM 7 AIT (*).

- T Bépata R mov cuvdvalovv Poprotikn pe CV/SP/ML: OY kot Popmotikn I § MM/ATI (*).

- Ta 6épata AVM: YEZ, OY ko MM/AII (*)

- Ta 6épata L: YEX, OY kot MM 1 Avayvdpion Ipotdnov (*).

- Ta 6épata S: WEZ kot kémoto pabnua XAE amo Pon X, 1 mbBavadg kot MM 11 Avayvapion Tlpotdnwv (F).

- T 6épata T: OY kot MM/ATI (*).

* = nmopet va mapaxorovdeitar TavTOYPOVA [LE SUTAMULOTIKY.

e ['evikd, yio vo vdpyel mowkidio epevynTik®V Bepdtov, divovtar mepiocdtepo Oépata and tig O€oeig mov propodv
va emPAe@ovv gviog evog étovg. Ta evepyd 0épata evtog Tov 2024-2025 sivar avtd pe to onua (¥) 6tov Titho
TOVG.

° Msrgd ™V ekdNA®oN evolopéPovtog ot evdlapepopevol gottntég Ba cuvavmBodv pali pe tov vrevbuvo kad. I1.
Mopayko kot Emotpovikoig/ég Zuvepydteg/10eg kobmg kot Y moyn@loug/eg AOGKTOPES TG EPEVVITIKNG OUASOG
kat o yiver mpoomdBeio va oviioTotyicfovy Bépata Kot QortnTég HE 000 TO SVVATOV KOAVTEPO TUIPLUGLO
EVOL0LPEPOVTMV KL TKOVOTHTAOV.

e H tehn| amodoyn aitnong yuo exmdvnon dumhopatikng 0o eEaptnBel and v enidoon oto oyeTikd LabnuoTe TOL
gpyactnpiov, Tov aplfud TV opehopévav nabnudtmy, Kot Ty xpovikn dabeciudtra tov Bépatoc.

Physiological Data Processing and Learning from Wearable Sensors for Healthcare
Applications:

H teyvoloykn mpdodog mov £xel onpelmbei Ta TeAevTAiN ¥POVIO OTIG POPNTEG CLGKEVES (KIVITA TNAEPOVA,
smart-watch, ktd.) éxelr mAéov emrpéyel Ty aEOTIOTN KOTOYPAPT] TOADY KOl SIUPOPETIKMOV PLOUETPIKMV
OEIKTAOV, KABDG EMIONG Kol OKOVGTIK®OV GNUAT®V, TO. OTOi0 TAEOV YPTGILOTOLOVVTOL KOl GTV L0TPIKTY].

(*) N1. Avdivon ypovocelp@v PLORETPIKAOV IEIKTOV YO EVTOTIGIO Kol TPOPAEY VTOTPOTOV 6€ 060evOV
RE YOYOTIKES LOTOPAYES

21006 TNG TAPOLGAS STAMUATIKNG eival 1 avantuén EEvmvev adyopiBuwy mov Ba evtomilovv kot Oa TpofArémovv
VIOTPOTEG GE 000EVELG e WYUYOTIKEG dlaTapoyEg HECM TNG 0El0moinong dedOUEVMOVY TTOL KOTOYPAPOVTOL OO
EEVTVEC-POPNTEG GLOKEVEG KATA TN dtdpkela TG Kabnuepvotntog Tov acbevov. H a&lomoinon g punyavikng
uabnong oe Propetpikd dedouéva, pmopei vo ddoel 1o cupmepLpopikd Tpoeik Tmv acbevav (digital phenotyping)
KOl GT1] GLVEYELDL TOV EVIOTICUO OTOKAIVOLG®MY GLUUTEPLPOPDV 0td To cvvnBeg potifo tov Kabe acbevovg [2,3],
UETAPOADY KOl TAGE®V OV Bo amoKeAVYOLY U0 YUY®TIKY VoTpony. H omavidtnto Tov vrToTpondy Kal 1
ENAEYN LEYAAWDV ETIOUELOUEVOV GUVOL®V d€S0UEVAOV TTEPLOPILOVY TNV ATOTEAEGLLATIKOTITO TG EMPAETOUEVG
puébnong, avadetkvbovtag Ty avaykn yuo Koavotoueg mpooeyyicelg 6mwg N aviyvevon avopoiiov [1,4]. H
TPOPAEYN LOG TETOLOG VTOTPOTNG LTOPEL VO ATOTEAEGEL £VOL OTUOVTIKO EPYOAEID GTNV EYKOLIPT] OVTILETOTION
™mg.

(Zvvepydareg: Ap. Nikn EvBopiov, Ap. [Hoavayuwtng Oavtiong EMIT kot Ka6. N. Zpvpvng, EKTIA & EITIYY)

L Mepud omd Ta avortépo 0Epata £X00V TPOOTTICT Y10 ABAKTOPIKS [IE OIKOVORIKT VITOGTAPIEN GO EPEVVITIKG TPOYPAUHIOTOL.
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(*) N2. Avdivon ypovocelp@v PLopPETPIKAOV FEIKTOV Kol PIVTEOD 0£00PEVOV Y10, TOV EVIOTIGNG
KOTOOMTTIKAV VTOTPOTOV

"Eva ouyypovo medio épevvag mov avanTOGGETOL KOl EMEKTEIVETOL Sl0pKMG €ival VTO TNG NAEKTPOVIKNIG vYyeing
(eHealth). H av&avouevn yprion wearable kat audiovisual cvokevmv éxel o¢ anotélecpo T ovALOYN HEYGAOL
OYKOV TOAVUECIKMOV OECOUEVAV OV KOTOYPAPOVV TOAAEG TTVUYEC NG KAOMuUEPVOTNTAS TV avOpdreov. O
oLVOLACUOC CVTAOV TOV OESOUEVAOV LE TNV CAUATOON avamrTuén TG pnxavikng pudbnong €xovv avoifer véeg
KaTeELOVLVOELS OTNV  avAALON ONUATOV omd TOAMATAODS ooONTAPEC Yoo TNV EKTIUNON NG WUYIKNG-
GUVULGONUATIKAG KATAGTAGTG TOL OTOHOL. 2TV KatehOvven autr, 1 SWTAMUATIKY GTOXEVEL OTNV AVATTUEN
oAyopifuwv mov a&lomotovy 1060 Broonuato 660 Kol OTTIKN TANPoeopio and PIvieo e GKOTO TOV EVIOTIGUO
KOTOOMATIKAOV VTOTPOTMV.

(Zvvepydreg: Ap. Nikn EvBopiov, Ap. Havayidtng @ikvtiong EMII)
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(*) N3. Avadivon NynTik@v onuatov yio vrostipitn aclevav oe 0<pota yoykng vysiog.

AvTiKElEVO anTNG TG SWMAMUOTIKNG epYaciog gival 0 evtomioudc, 1| kot 1 TpoPAeyT, VTOTPOTLALOVCOV
KOTOOTACE®V 0 060eVeiG 610 SIMOAKO 1 6T0 oY1 0EWES PAGLL XPTCIULOTOIMVTOS Paciiopevol Ge dEOUEVAL
olAlag TV aclevay kaTd T d1dpKel GOVIOU®Y KANGE®V pe Bepdmovteg 1atpoic [1-5]. Evdewtikég
Kkatevbivvoelg amotehovv 1) 1 xpnon ToPIAANA®Y TPOTIKOTHTOV GE GUVOLUCUO LE TNV oA, OTMS Yo
TOPAOELYLLOL KATOYPOPES KEYEVOL TOV CUVOUMAV [6], 2) EKUETAAALELGN TPOEKTAOEVLLEV®V
YAOGGIKM®V/OAKOVOTIKOV LOVTEA®V Y10, TO 6Komd ovtd [7,8], 1 perétn g enidpaong PAcemv ded0UEVOV TOV
&xovv cuALeyOel Yo cuYYEVIKA TPOPA LT, OTMS 1] AVAYVOPLoT] GuVaLsONUaTIKNG Kotdotaong [9, 10].

(Zvvepyateg: YA Xpnotog ['apovong, Ap. Navov Ziativion, EMII, kar Kaf. N. Zpvpvig, EKITA & EITIYY)
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Emkowovia AvOporov-Pounot ko Avtovoun Iionynon: Holvrpomkéc Evoveic
Aeraéc, Opoaon, Avaiven ORTIKO-AKOVGTIKOV  XNUATOV, Aviyvevon,
Avayvopion., ITionynon:

(*) R1. Avayvapion avOporivoy dpacsov )/Kat xsipovopidy yuo v aAlnienidpaocn avOpodmov-pounor,
ne epappoyég o assistive robotics:

Mia, 076 TIg TPOKANGELG Y10l TNV AVATTLEN EVPLMV POUTOT TOV CAANAETIZPOVV UE PLGIKS TPOTO LE TO TEPPAAAOV
TOVG, €ivVOl M TKAVOTNTA TOVG VO avayvopilovy Tig OpACELS KO TIC YELPOVOUIEG OV eKTEAODV Ol AvVOpOTOL aVa
OO0, GTIYUN. ZTOYOC TNG OMAMUATIKNG QVTNG EIVAL O CVTOUATOG YPOVIKOC EVIOTIOUOC OPACEDV/YEPOVOULDY GE
TPAYLATIKO ¥pOVO, 1| LOVTEAOTOINGT| KOL 1) avayv@pioh TOVG e 0E0TOINCT) TOAVTPOTIKMV OTTIKMV-0KOVGTIKMV
dedopévav, 6mwg RGB-D f/kar avOpdmivn nola. Ot pébodot avtéc pmopovv va ypnoipomombovy oe Leydleg
Baoelg dedopévov /Kol 0E POUTOTIKEG JTAEELG VLTOPONONONG NAKIOUEVOV KOl OTOU®MV HE KIVNTIKA
TpoPAROTOL.

(Zvvepyateg: YA Nikog Kéapdapng)
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(*) R2. Avoyvopien avOpdmivev dpaccov Koto TV aAlnienidpacn avOpdnov 1] avlpoOTov-pounot 6
TPAYROTIKO POVO ILE EQUPLOYN GTNV GVIYVEVGT VEVPOUVITTUELOKOV OLUTUPUY DV GE TULOLA

210%0¢ glvar 1 avantuén evog cuoTNUATOG TTOL B0l EKTIHA aVTOUATE TO HOTIPO AAANAETIOPAUONG KOl EUTAOKNG
ueta&d TV dVO GLUUETEXOVT®V (Tod1o0-unTépag N madtov-poundt)[1,2]. To cbotue avtd Oa Paciletal kopla
oe dedopéva Bivteo [3,4] and to omoio pumopel va eEGyovTal YopaKINPIOTIKA Yio TNV L0, TIG XEPOVOUIES, TIC
EKPPACELS TOL TPOCMTOV, Kot TO PAEUHN aAAd Kot empdsOeTa TOAVTPOTUKG dEGOUEVO GYETIKA LE TNV Kivnon
KO TNV AEKTIKT] CUUTEPLPOPA. ZVVOMKA Oa YiveL EKTIUNGT TNG GUVEIGPOPAC TMV SPOPWV TPOTIKOTHTMY CTNV
extiumon g eumiokng Tov Toaudidv [S]. To potifa d1adpacng tov modidv Bo a&lomombovv TeMkdc otV
eKUAON O™ TOV HOVTELODL Y10 TNV ViXVELGT ELPAVIONG VELPOUVATTLEIKMY SLOTAPOYMDV.

(Zvvepydreg: Ap. Nikn EvBopiov)
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multimodal self-supervised learning from raw video, audio and text. Advances in Neural Information Processing Systems,
34, 24206-24221.

(*) R3. Visual SLAM systems with geometric and/or semantic enhancements:

Ta cvetquato VSLAM [1,2] emitoyydvovy tavtdypove v 3D avoKaTaoKenn ToL AyvmeToL Y®POL GTOV 0010
Kwvobvvtot, Kobdg kol TNV ektTiunon g tpoyldc mov daypdpovyv. To VSLAM amotelei tn real-time exdoyn tov
Khaowkov mpofanuatog g OY, Structure from Motion (SfM), evd £yt emiong peketnBel maiidtepo vd ™
pnopoen Time-of-Flight (ToF) uebddwv (lasers 1 sonars) kot oto dGAro kAaoikd mpdPAnua thg Pourotikng, 1o
SLAM. TTAéov, To mopamdve EVOTO0VVTOL GE £V GUGTNUO, LE ¥pnon Mono, stereo 1 RGBD kapepdv, kabmg
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Kol glvar duvatd vo cvvdvactovy pe mAnpogopio amd LIDARS v IMUs [7] odnymvtoc oe mopaAloyéc
cvotnuatov VSLAM.
‘Epgoaon divetau:
® o1V a&lomoinotn cuVOETOTEPMVY YEMUETPIKMY SOUMV TNG e1kOVag (gvbeieg, emineda, kKovikég) [3,4,6],
®  GTNV EVOOUATOGT SOVVOUIKOV GKOUTTOV OVTIKEWEV®V LE TOVTOYPOVO VIOAOYIGUO TG TOL0G TOVC GTOV
xpovo [8],
® ot ¥PNoTN oNUEI®V PLYNG Yo ATocVEEVEN LETAPOPIKNG KAl TEPIGTPOPIKNG CLVIGTOGAS TG Tolag [9],
KkaOdg Kot
e oty e&ayoyn Kot a§lomoinon oNUOGIoA0YIKNG TANpopopiag [4,5].
Ta avetépo vAoTol0VVTaL e GKOTO TNV aDENGN TG EVPMGTING, TNG akpifelas, Tov e0pOVE TV TEPIPAALOVT®V
EQOPLOYNG, N TN UEIDOT TNG VIOAOYIGTIKNG TOALTAOKOTNTOS. Evpémg ypnoiponoloveva chvola dedouévamv o€
eEmTtePKoNg ydpovg etvar o [10] ko og ecmwtepcote ta [11,12].

(Zvvepydreg: YA Iavayidtng Mépurykag)
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(*) R4. Visual localization with Deep Learning techniques using RGB images for robotic inspection in
power substations

210 TA0ic10 TNG SWTAMUATIKAG EXOVUOVUE TNV OOKTNON EVOC TUKVOD VEQPOVG GNUEI®MV Y10, TNV OVOTOPACTOCT
oV Yhpov evog Kévipov Yyning Taong (KYT) (m.y. pointcloud mov €yet mopoybei pe pebddovg LIDAR SLAM
7 visual SLAM) kot kotom thv niluen 1oV TPpoBANUATOS TS CLTOUATNG Y®POBETHONG U0 AYVOGTIG EIKOVOC
npogpyduevng omd to o KYT. H moapamdve pebodoroyio mov cuvavtdral pe to ovopo Visual localization
Bpioketl epappoyéc o€ medio OT®G 1 CLTOVOUN TAOYNON, N ETaENIEVN TTpoypaTikoTnTa [ 1], K.4. "Epevvec &xovv
EO0TIAGEL OTN YPNON HIKPOL cLuVOAOL elkdvav (few-shot learning) [2], oty tavtdypovn xpHon TPLEAEGTATNG Kot
onuacloloyikng mnpogopiag [3], kabmg kot Tpdoate oty evomudtoorn 3D Gaussian Splatting [1]. To 6éua
oVTO PTOPEL VO EPOPUOCTEL TAV® GTNV OVTOUOTY EMIGKOTNON NAEKTPOAOYIKOD EEOMMGLOD GE KEVTPOU VYNANG
Téong pe ) Pondeia avTOVOHOL POUTOT.

(Zvvepyateg: YA [Hovayiotng Mépuiykag, Nikog Kapdapnc)
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(*) R5. Lidar-Camera Registration and multimodal fusion using geometric and/or Deep Learning
approaches

Mo onpavTIKE TPOKANGT G€ TOALOIGONTNPLOKE POUTOTIKA CLGTHHATA Elval 1 ovTopaTn Badpovounon
(registration/calibration) tov cieOnmpov peta&d Tovg, dNAAdN 1 EXPECT TOV UETACYNLUATIGUOD TOV GLVIEEL TO
TAOIGLO/GUGTILLOTA GUVTETAYUEVOV TOVG. ZVYVE aVTO amoTelel TpoHmdheomn yia TV amd Kovov yprion i
TOAVTPOTIKNY avaAvon dedouévav mov pumopel va eival etepoyevr, 6nmg IMU/Lidar/kauepec. To cuykekpyévo
Oépa apopd ™ Paduovouncon Eyyxpoung kauepas pe acdnthipa Lidar ot omoiot ivat tomofetnuévol og
KIVOOpEVO poumdT, pe ypnon uebddwv ympic otoyo (“targetless”). IoAléc mpooeyyioeig eviomilovv onuetokég
avtiototyioelg (matches) petald pog Eyypmung sikovag kot £vog TplodidotaTon véeovg onueiov (point cloud)
[1,2],  avtictoryiCovv ypapuéc/enineda [3,4], evd dhheg avtipetonifovv to TpdPfAnua pe end-to-end tpodmo,
TUTIKA e yprion Padiodv vevpovikdv dtktowy [S]. Zta mhaicio g SmA®UATIKNG umopel va dobet Eupoon oty
eEAYmYN YOPOUKTNPIOTIKDOV Y10 TNV EDPECT] AVTICTOLYICEWV, GTO GUVOLAGLO CNUEIOV/YPOLUUOV/ETITEd®V YOl TN
BelticTomoinon ¢ exTiudpevng Tolag, 1| TNV EVEMUATOGT] YEOUETPIKNG TANPOPOPING OTNV EKTAIOEVOT) TOV
Babidv veup@viKav SIKTOH®V.

(Zvvepydreg: YA Nikog Kapdapng, [avayiowtng Mépurykag)
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(*) R6. Representation Learning of Visual Entities and Generalization using Reinforcement Learning.

Eéoyoyn onTik®v YopaKTNPIoTIKOV (.Y, YL, YPOUNL) OTADV OVTIKEWEVOV (Y. opaipeg, KOPol) HEo®
Reinforcement Learning oe nepipdAiovia mpocouoimong 6mov £vag poumotikos Ppayiovag aAANAEmdpd pe to
OVTIKEILEVA aVTA, YOpPig Kapio TpodTePN Yvdon Tov aviikewévoy. Eai g ovolag Oa «ytiotel» éva cvotnua
Opao”g amd dedopEVE TPOGOpOimoNg Kot Ba yivel HeAETn ikavoTnTag Yevikenong e yOUEVOV YOPOKTNPIOTIKOV.

(Zvvepyateg: Ap. Nopyog Petowdg, EMIT)
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(*) R7: Development and Experimentation with a TIAGo Robot for Grasping and Moving Items Using
3D Reconstruction and 6D Pose Estimation Methods

210%0¢ TN OMA®UOTIKNG Epyaciog Eival 1 avATTLEN Kol O TEWPAUOTIGHOG EVOG POUTOTIKOD GUGTHIOTOC LE TN
yprion tov pournot TIAGO tg PAL Robotics [1], to omoio Bo pumopei va aviyvedel, va TIAVEL KO VO LETOKIVETL
avtikeipeva mov Ppiokovtar méve ce éva tpoméll. To poumdt B aflomomcel mponyuévee teyvikég 3D
aVOKOTOOKELNG Kot alyopifuovg extiumong e 6D molag tov avtikeiévay. Ot pébodot avtéc Bo enttpéyouvy
07O POUTOT Vo avayvopilet pe akpifeia T 001 Kol TOV TPOGAVOTOAMGUO TV AVTIKEIWEVOV GTOV TPIGOLAGTUTO
YDPO, DGTE VO. T LETAKIVEL COLPOVA LLE TTpodtayeypoapuéva potifa kiviniong. H dumlouatikn epyacio cuvovalet
TEXYVOAOYIEC OPUGNC VTOAOYIGTAV, POUTOTIKNG, KOL TNV aVATTLEN Kol EVOOUAT®GT AOYICUIKOD Y10 TY] AElTovpyio
TOV POUTOT.

(Zvvepyateg: Ap. [avayuntng ®iivtiong, EMII)
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Opoon YToLOYIGTOV:

™ V1. Yhomoinon GULOTINOTOS avVaYvVOPLeNS CLUTEPLPOPAS (cvvareOnpoTikig
KUTAOTOONG/XELPOVORLAOV/OPACEMY) KUl KATATUNON EIKOVOV 6€ OLUPOPETIKES ONUACLOAOYIKES TEPLOYES
(n.y. PracTON, dpopoL, GVOpTOL) ne yprion Pudimv vevpoViK®Y SikTvMV Kol nedoédmv domain adaptation
Kot integration tov svetiportog 6to Robot-Operating-System software.

(Zvvepydareg: Ap. Ioavayiwtng Odvtiong, EMII, kot Ap. I'wpyog Petowvég, EMIT )
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V2. Three-dimensional Shape: Analysis, Modeling, Matching
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V3. Graph-theoretic Methods for Clustering and Segmentation (extension to non-planar graphs)
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V4. Sign-Language Understanding using Deep Learning

V4.1 Sign-Language Recognition using Deep Learning: Avayvopion yeipovoui®y Kot cuvey®v Bivieo
VONUATIKNG YADGGOG LE TNV XpNoT Pabeldv VELPOVIKOY SIKTO®V.

(Zvvepydreg: Av. Kab. I'. Iotapudvog, Tunpo HMMY, ITav/pio ®sccoriog )


https://pal-robotics.com/robot/tiago/
https://pal-robotics.com/robot/tiago/
https://arxiv.org/abs/1901.01805
https://arxiv.org/abs/1901.01805
https://arxiv.org/ct?url=https%3A%2F%2Fdx.doi.org%2F10.1109%2FLRA.2019.2930434&v=1c9e905f
https://www.ros.org/
https://dl.acm.org/doi/10.4018/jse.2010101605
https://robotics.ntua.gr/wp-content/uploads/sites/2/Emotion_understanding_in_videos_through_body__context__and_visual_semantic_embedding_loss-1.pdf
https://robotics.ntua.gr/wp-content/uploads/sites/2/Emotion_understanding_in_videos_through_body__context__and_visual_semantic_embedding_loss-1.pdf
https://arxiv.org/abs/2105.07484
https://arxiv.org/abs/2105.07484
https://openaccess.thecvf.com/content/ICCV2021W/ABAW/papers/Antoniadis_An_Audiovisual_and_Contextual_Approach_for_Categorical_and_Continuous_Emotion_ICCVW_2021_paper.pdf
https://openaccess.thecvf.com/content/ICCV2021W/ABAW/papers/Antoniadis_An_Audiovisual_and_Contextual_Approach_for_Categorical_and_Continuous_Emotion_ICCVW_2021_paper.pdf
http://www.springer.com/computer/image+processing/book/978-0-387-73300-5
http://www.springer.com/mathematics/computational+science+%26+engineering/book/978-3-642-34140-3
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.157.2592&rep=rep1&type=pdf
http://cvsp.cs.ntua.gr/publications/jpubl+bchap/BampisMaragosBovik_GraphDiffusionRandomWalkImageSegment_TIP2017.pdf
http://cvsp.cs.ntua.gr/publications/jpubl+bchap/BampisMaragosBovik_GraphDiffusionRandomWalkImageSegment_TIP2017.pdf
http://cvsp.cs.ntua.gr/publications/jpubl+bchap/SakaridisDrakopoulosMaragos_TheoreticalAnalysisActiveContoursOnGraphs_siims2017.pdf

References:

[1] S. Theodorakis, V. Pitsikalis and P. Maragos, “Dynamic-static unsupervised sequentiality, statistical subunits and lexicon
for sign language recognition”, Image and Vision Computing, 32 (8), pp.533-549, Aug. 2014.

[2] A. Roussos, S. Theodorakis, V. Pitsikalis and P. Maragos, “Dynamic Affine-Invariant Shape-Appearance Handshape
Features and Classification in Sign Language Videos”, J. Machine Learning Research, 2013.

[3] O. Koller, N.C. Camgoz, H. Ney, and R. Bowden, “Weakly Supervised Learning with Multi-Stream CNN-LSTM-HMMs
to Discover Sequential Parallelism in Sign Language Videos,” IEEE Trans. PAMI, 2020. DOI:
10.1109/TPAMI.2019.2911077

[4] M. Parelli, K. Papadimitriou, G. Potamianos, G. Pavlakos and P. Maragos, “Exploiting 3D Hand Pose Estimation in Deep
Learning-based Sign Language Recognition from RGB Videos”, Proc. ECCV Workshops (ECCVW-2020) - Workshop on
Sign Language Recognition, Translation and Production (SLRTP 2020), Aug. 2020.

[5] M Parelli, K Papadimitriou, G Potamianos, G Pavlakos, P Maragos, “Spatio-Temporal Graph Convolutional Networks
for Continuous Sign Language Recognition”, Proc. ICASSP-2022.

[6] A. Kratimenos, G. Pavlakos and P. Maragos, “Independent Sign Language Recognition With 3D Body, Hands, And Face
Reconstruction”, Proc. ICASSP-2021.

[7] C. C. de Amorim, D. Macédo and C. Zanchettin, “Spatial-Temporal Graph Convolutional Networks for Sign Language
Recognition”, https://arxiv.org/abs/1901.11164, 2019.

[8] K Papadimitriou, G Potamianos, G Sapountzaki, T Goulas, E Efthimiou, S -E Fotinea, P Maragos, “Greek sign language
recognition for an education platform”, Universal Access in the Information Society, 2023.

(*) V4.2 Sign-Language Generation using Deep Learning: Automatic generation of sign-language gestures
from text and neural photorealistic rendering of videos.

The primary goal of this project is to revolutionize Sign Language Synthesis technology by developing an
automatic system for transforming spoken language text into hyper-realistic sign language gestures. Current
technology employs 3D avatars to translate spoken language into sign language, but it lacks realism in appearance,
movement, and neglects the critical non-manual signals such as facial expressions. This project aims to address
these limitations, generating highly realistic videos featuring not just hands, but also accurate body, head, and
facial motions during signing. Furthermore, the system could render any real person, from celebrities to historical
figures, as the virtual sign language interpreter. The successful implementation of this system could usher in a
new era of sign language synthesis that significantly improves user engagement and experience, with potential
applications in education, museums, and safety information. This ambitious yet feasible project builds on recent
advances in neural rendering for facial and head re-enactment, along with state-of-the-art methods for deep 3D
reconstruction of hands and full body. While there have been a few recent attempts at photo-realistic sign language
synthesis, they suffer from limitations in modeling accuracy and realism, which this project seeks to overcome.
The primary focus of this project is the automatic generation of sign language gestures from text.

(Zvvepyareg: Ap. Iavayunng Dkvtiong, EMIL, kot Ap. Avactdoiog Povccog, Koprog Epguvntic, Ivotitovto
[MAnpopopwkng, ITE)
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V5. 3D Computer Vision for Faces and Other Deformable Objects
(*) V5.1 3D face modeling/reconstruction and applications (photorealistic avatars, talking heads)

The human face is one of the most commonly-considered objects in Computer Vision and Graphics. Modelling
and reconstructing the detailed 3D shape and dynamics of the human face has numerous applications, such as
augmented reality, performance capture, computer games, visual effects, human-computer interaction, computer-
aided craniofacial surgery, rehabilitation and research in psychology, to name a few. During the last years we
have proposed state-of-the-art methods for 3D face modelling, 3D face reconstruction from in-the-wild images
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and videos, facial expression recognition and photo-realistic synthesis of facial videos, see e.g. [1-5]. There can
be various interesting projects related to the aforementioned state-of-the-art methods. These methods have yielded
promising results, but there are many ways that they can be improved, extended, studied further or applied to
different problems.

(Zvvepyateg: Ap. Avaotaciog Povocog, Kbplog Epevvntic, Ivetitovto [TAnpoeopikng, ITE, kot Ap. [avayuntng
duivtiong, EMII)
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(CVPR and PAMI reprint).

(*) V6. 6DoF Pose Estimation of Objects with Emphasis on Dense Implicit Embeddings.

Avantoén alyopiBuwv evtomicpod 3D wolog avtikeyévov pe texvikés Pabidc pabnong. Zuykekpuyuévo o
evromopog molog Oa yivetar gite amd (monocular) RGB ewdveg eite amo RGB-D gikdveg kor 6o 600ei éupaon
oV K®O1KoToinon ¢ mAnpogopiog m6lag pe epunvedoipeg avarnapactaoels o eninedo pixel ([3]). Idwaitepn
npocoyn Oa 600el otov eviomiopd TOLNG CUUUETPIKMOV AVTIIKEWEVOV.

(Zvvepyareg: Ap. 'dpyog Petowvibg, EMII)
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[3] Retsinas, George, Niki Efthymiou, and Petros Maragos. "Mushroom Segmentation and 3D Pose Estimation From Point
Clouds Using Fully Convolutional Geometric Features and Implicit Pose Encoding.” Proc. IEEE/CVF Conference on
Computer Vision and Pattern Recognition. 2023.

(*) V7. Image Manipulation via Guiding Attention Maps for Vision-Language Models.

MEeAETn GLGTNUATOV KOG TTEPTYPOPNG TANPpOPOpiag KEWEVOVL/Opaog, Ommg CLIP[1], kot dnuovpyiog eikdvov
amo keipevo, my. Imagen[2], yw v eéaywyn cvumnepacudtov (explainable-Al) ywo v popen tov yoptdv
npocoyng (attention masks). Enéxtoon teyvikdv encEepyaciog eikovov (image editing) péom eviohdv o Hopen
Kkeévou (text prompts) mov Pacifovrar og attention Aoywés (m.y. [3]).

(Zvvepyateg: Ap. Nopyog Petowdg, EMII, Ap. IMavayuwtng ®idvtiong, EMII)
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(*) v8. 3D Child Pose and Shape Estimation from images.

Most current methods for 3D Human Pose and Shape Estimation [1] rely on parametric body models that are
representative of adult body shapes [2]. This reliance limits these methods, as they cannot accurately reconstruct
the 3D shape and pose for children, leading to unsatisfactory results when applied to younger age groups. The
goal of this project is to leverage recent advances in human body modeling [3,4] to develop techniques that can
reconstruct 3D shapes across a wider variety of body shapes, including those of children and babies [5,6].

(Zvvepydrec: Em. Kab. Twpyog ITavAdkog, UT Austin, Ap. Nikn EvBopiov)
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(*) V9. Morphological Filtering and Semantic Segmentation of Hyperspectral Images (®. Povtoyidvvng kot
IT. Mapoayxog)

H MoOnpatikiy Mopeoloyia amoterel éva ioyvpd nebodoroyikd mhaicto yio TNV un-ypoupkn eneéepyocio Kot
avdAivon ewovog, Paciopévo og Bempia kot telectéc cuvorwy ko lattices [1,2,3]. Ta popeoloyikd giktpo eivar
Un-ypopptkoi tehectég mov €xovv amodelyfel Wiaitepa amotedecpatikol og mpoPfAnuota mov oyetilovtal e
YEMUETPIKA YOPOKTNPIGTIKE HLOG EIKOVOC. ApYKA TOL LOPPOAOYIKE QIATPO avamTOYONKaY KoL XPNCLOTOmONKaY
o€ dvadikég kat ykpilec ewkdvec [1,2,3], kot o tpodcpota 1 Dewpia Kot EQAPLOYT TOVE EXEKTAONKE OE EYYPOLEG
[4] kot vreppaopatikég ewoveg [5,6]. AdY® TG TAOVGLOC YWPIKNG KOl QOGHOTIKAG TANPOPOPING Kol TNG
TANOOPAG TOV EQAPULOYDV TOVG, 1 EMEEEPYAGIN KOL AVAAVGOT) VIEPPAGLOTIKGOV EIKOVOV [7,8,9] £xel Tpoceikvael
TO &VOLOQEPOV TNG EPELVNTIKNG KOWOTNTAG T TEAELTAiN XPOVIQ. XTO TAGICIO 0VTO, &va TOAD EVOlOPEPOV
TPOPANLO. VTOAOYIOTIKNG Opactg £lvarl avTtd TG ONUACIOAOYIKNG Kotdtunong (semantic segmentation) pog
VIEPPOCUATIKNAG EKOVOC, Katd Tnv omoio kdOe pixel g swcovag tavousitor o€ pio kKoTnyopio 1 kKhdon. Xt
dmlopotikn ooty Oa diepevvnbel katd mOGO KOTAAANAC ETAEYUEVO, LOPPOAOYIKA (OIATPO UTOPOVV VO
a&tomotnBohv amodoTIKA Y10 TV GNUUCIOAOYIKT KATATUN G VIEPPAGLOATIKOV EIKOVMV. Apyikd Oo Oempricovpie
o1t To. PikTtpa epapudlovror am’ gvbeiag otov PaouaTikd KOO Kal 6T GuVEXELD Ba SIEPELVIIGOVLE SLAPOPOVG
UETOOYNUOTIONOVE peimong g dlaoTotikdTTog Tmv dedouévav (m.y., PCA, tensor decompositions), mpwv v
EQOPLOYN TOV QIATPOV GTIC LETOCYNUATIGUEVEC E1KOVEG. Ta amoteléopota Tov Ha Tpokdyovy Ba cuykpifodv
Ue to amoteAécpote ALV peBoOdwvV kotdtunong ond T PipAoypagio, TOG0 KAUGIK®V TEYVIKOV, OGO Kol
TEYVIKOV Padiig uédnong.

[1] J. Serra, Image Analysis and Mathematical Morphology, Academic Press, 1982.

[2] P. Maragos, “Morphological Signal and Image Processing”, Book Chapter in Digital Signal Processing Handbook, V.
Madisetti and D. Williams (Eds.), CRC Press, Boca Raton, Florida, 1998, , pp. 74:1-74:31.

[3] P. Maragos, “Morphological Filtering for Image Enhancement and Feature Detection”, Chapter 3.3 for Image and Video
Processing Handbook (2™ ed.), A. Bovik (ed.), Acad. Press, 2005

[4] J. Angulo, “Morphological colour operators in totally ordered lattices based on distances: Application to image filtering,
enhancement and analysis,” Computer Vision and Image Understanding, vol. 107, issue 1-2, pp. 2007.

[5] G. Noyel, J. Angulo, D. Jeulin, “Morphological segmentation of hyperspectral images,” arXiv preprint arXiv:2010.00853,
2020

[6] S. Velasco-Forero, J. Angulo, “Classification of hyperspectral images by tensor modeling and additive morphological
decomposition,” Pattern Recognition, vol. 46, issue 2, pp. 566-577, Feb. 2013.

[7] S. Velasco-Forero and J. Angulo, “Vector Ordering and Multispectral Morphological Image Processing”. In: Advances
in Low-Level Color Image Processing, M. Celebi and B. Smolka (eds), Lecture Notes in Computational Vision and
Biomechanics, vol 11, pp.223-239, Springer, 2014.
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[10] S.D. Xenaki, K.D. Koutroumbas, A.A. Rontogiannis, “Sparsity-aware possibilistic clustering algorithms,” IEEE
Transactions on Fuzzy Systems, vol. 24, issue 6, pp. 1611-1626, Dec. 2016.

Enclepyocio AKOVGTIKOV GNUATOV (7T.Y. LOVGIKNG, @MOVNC) 1 OTTIKOV GNUATOV GE
IHolvpeoika neprBarrovro:

AVMI. Yorhoy16TIKY] ETEEEPTAGILO LOVOIKAV CNUATOV KOl YEVIKOTEPU LOVGIKING TAPOPOPLaG
(Zvvepydreg: Ap. Navov Zaativron kot YA Xpnotog [N'apodeng, EMII)

(*) AVM1.1: Avtépatn aveyvdpien Kol EVTOTIGHOS LOVGIKAY YupaKTPIGTIK®OY (auto-tagging).

21OY0¢ OVTAG TNG SIMAMUATIKNAG EPYAGiog Elval 1) EKTOIOEVLCT VEVPOVIKGV dIKTO®V oV Oa. avayvwpilovv gite 10
NYNTKO (Y dpyavo N Lovoikod €id0g), €iTe TO ONUACIOAOYIKO (1) cuvaicOnua, KOAMTEXVNC) TEPLEXOUEVO EVOG
LOVGTKOD KOPUOTION. ZVYKEKPIUEVO, Umopel vo akolovOnbei site pia task-specific mpocéyyion, pe eknaidevon
o€ £Va GVYKEKPLUEVO GUVOAO dedopévav [1-3], eite pia Tpocéyyion avto-emPBAETOUEVN S EKUAONONG
AVOTaPACTACE®Y, HEcH avTiBeTIKNG pabnong (self-supervised contrastive learning) [4-8] 1 waiAoimTng
uabnong (equivariant learning) [9-10]. Xty wepintwon avt, propovv va ypnoiporombody dedopéva 1660 amd
v 310 (AKOVOTIKN) TPOTIKOTNTO, OGO Kol SLOPOPETIKMV TPOTIKOTHTMOV KATd TN dladikacio ekmaidevong [11-
12], 6mwg yio mapadety ol TV amTOCTAGHATOV LOVGIKNG Kol T®V avtioToy®v otiywv. [TapdAinia, evolapépov
TOPOLGIALEL 1 ¥PNOT TOL JAYOPIGHOD LOVGIKOV TNY®V ©¢ fondntikd mpdPfAnua yio tnv ekpudabnon
KaTAAANA®V avorapactdoemy Yo tpofinuata tavounong [3,8].

Datasets:
- MagnaTagATune: https://mirg.city.ac.uk/codeapps/the-magnatagatune-dataset
- MTG-Jamendo: https://github.com/MTG/mtg-jamendo-dataset
- DALLI: https://github.com/gabolsgabs/DALLI
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(*) AVM1.2: Avartoén 60v6THaTog EEATONIKEDHEVOV HOVGIKAY TPOTACEDY
AVTIKEIIEVO VTG TNG SIMAMUOTIKNG £pYaciag etval  dnuovpyic eVOC GLCTIHLATOG LOVCIKOV TPOTACEWY
(music recommendation) 1} cuvéytong playlists (playlist continuation), Bacet gite LOVGIKOV YOPOKTNPIGTIKOV 1
poveikng opotdtntoag [1-3], eite pebddovg collaborative filtering [4-5] og oTOTIGTIKA 0KPOAGNG, LUE
apyrtekTovikés Pactopéveg oe Variational Autoencoders [6-7] va metvyaivovv to state-of-the-art oty
nepinton avty. [TiBavig ENEKTAGEIS TOV TAPUTAV® 0POPOVY TNV EVEOUATOCT)/AVATTVEN TOAVETITES MV
apyrrektovik@dv VAES dote va Aappdvouv vmoyn v epapyio Tov HeTadedouEVeY (KOAMTEYVNG, GAUTOVL,
KOUUATL), KaODC Kot Tn S1epeuvNGN TG ¥PNONG AKOVGTIKNG TANPOPOPiag Yio TNV €1G0pPOTNGN TOV LLOVGIKOY
TPOTACEMY TPOEPYOUEVAOV OO UN-KVUPIopYES LOVOIKES KOVATOVPES [8]. Emmpdobeta, pio duvatdtnta apopd
v Tpoctnkn eEatopikevong Tov Tpotdoewyv, pécm pebodoloyidv evepyng pnadnong (active learning) [9], 1
amocvvdeong (decoupling) tov Sl@OPOV LOVGIKOV TOPOUETPOV, OTIMG 1| XPOLd, TO €I60G, 1| TO ETAYOUEVO
ocuvvaicOnpua [3,10].
Datasets:

- Music4All: https://sites.google.com/view/contact4music4all

- MusAV: https://mtg.qgithub.io/musav-dataset

- MPD: https://research.atspotify.com/2020/09/the-million-playlist-dataset-remastered/
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(*) AVM1.3: Awoyopiopéc HovsIK®Ov Tnyav

AVTIKEIPEVO 0TS TNG SMA®UOTIKNG EPYACIOG OnMOTELEL TO TPOPANLLA TOV SLOYMPIGUOL HOVGIK®OV YDV
(music source separation), Tng amopOvVmGNG dSNANSN TOV GOVITIK®V, 1 TOV ETUEPOVE OPYAV®V, TOV ATOTELODY
éva Lovotko koppdtt. To tedevtaio xpovikd S14ceTne TOPATPEITOL Hio TACT) AVTIKOTAGTUCNG, 1 EVIoYLONG,
TV Tapadoclokov, state-of-the-art apyitextovikav [1-4] pe kobapd napaywyikéc (generative) mpooeyyicelg,
onwg avtn tov diffusion models [5-6]. Mia dAAn evepyn mbovn kKotebBvvon Tov TpofAnuatog sivat avti Tov
query-based dwaympiopod TNY®V, OOV 6TOX0G EIvOL 0 dta®PIoHOS piag TNYNG-0TOXOL amd Eva NYNTIKO piypa
[7-8], evd pe v mpdoeotn Gvbnomn Tov Tpo-ekToIdevuévav poviéAwy [9] yio TpoAALaTe LOVGIKNG
Ta&voUNoNG, TOPOVGLALEL EVOLUPEPOV 1] TPOGAPLOYT] TOVG GTO TPOPATLA TOL SLOYDPIGLOD LOVGIK®V TNYDV
[10-11].
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AVM2. Audio-Visual Multi-tasking Network: Action Recognition, Saliency Estimation and Video
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(*) AVMS. Aviygvevon BroakoveTik®dv yeyovotov pue few-shot learning

H aviyvevon xat avdivon ProakovoTikdv onudtev omd eovitato ONALcTIKOV 6T eOoN gival GNUAVTIKY Yl
™V UEAETN TV TANBVOUDV KOl TNG CUUTEPLPOPAS TOVG EVHD TAVTOYPOVO UTOPEL VO, ATOTEAEGEL £V, TOADTILO
gpyareio ywoo TNV TPooTAGio OTEINOVUEVOV €100V. O OKOTOG TNG JIMAMUATIKNAG epyaciog gival 1 avamtuén
OTOTELECUATIK®DY OAYOPIOU®V, IKOVOV Vo, KAVOUV TODTOTOINGT Kol KOTNYOPlomoinon ovnudtov ONlacTikdv
OTO. YPOVIKA OSlOCTAUOTO TOL oVTO ovpPaivouv pE TEPLOPIGHEVO O0plBUd  EMIONUEIOUEVOV  OEIYUATOV.
Toykekpuéva, Oa ypnoipomonbei to ovvoro dedopsvov tov daywviouod DCASE (Detection and Classification
of Acoustics Scenes and Events - task 5). £to cuvolo dedopévav exmaidevong (development set), ta dedopéva
glval TANP®G eMONUEIOUEVO HE OvVOPOPA OTO. XPOVIKA OlaoTipoTe Tov oviyvevovtar fyor (POS) 1 dev
avyvevovtat (NEG) 1 vrapyet afeBordtnra (UNK) yia kabe khdon evd to ocdvoro a&tordynong (evaluation set)
TOV OAYOP1OOL TEPIAAUPAVEL ETMOTUELDGEIS LOVO Y10 TIC TEVTE TPAOTEG AVIXVELGELG o€ KAbE apyeio. To cvuotnua
BroaxovoTikng aviyvevong mov Ba avortuydei oto TAaiclo TG SMAGUATIKNG, 00 YEVIKEDEL YOPAKTNPLOTIKA TOV
QeOVNUATOV oL Ba e&dyel amd TIG S avapopEg ava NyNTIKO apyeio Yo va aviyvevel EmaKOAOVON GTLYLULOTVTO TOV
eOVNUAT®V 6T0 VITOAOUTO apyEio.

(Zovepydreg: YA Anurtpng Makpomovrog)
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Yvotnuoto, Aiktvo, I'paeor, Optimization & Learning:

S1. My-ypapuixa dvvauikd cvetiuata wov ypyoiorotovy max-plus diyefipa ko finite-state automata ue
EQOPUOYES GE Eva TPOPANHO. OO TIS TEPIOYES AVIXVEVGHS, PEATIGTORMOINGHS, OIKTOWYV, £A&yyov, Ocwpio
YPAPOY, K.d.
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S3. Signal Processing on Graphs
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Machine Learning:

L1. Machine Learning, Deep Neural Nets, and Geometry

(*) L1.1 Geometry, Training, Applications of DNNs with PWL Activations for Classification or
Regression Problems

(Zvvepyateg: Ap. Nopyog Petowvag, EMIL, Mdavog ®codoong, Harvard University)

e Ta tpomikd podnuotikd uropodv va dhoovv Khelotég Adoelg yio piecewise-linear approximations [4].
Merténerto epyooisg, enekteivovv To framework mote va yiveton sparse approximation twv
TOALOICTOTOV EMPAVEL®V [9], ] TPOGEYYIoN TOVG UE evarlaooouevr Pertiotonoinon [13]. Xtnv
TePImTMON TOV Sparse approximation, n emhoyf TV ooyl yivetat amd pia docuévn “Baon”
mBavav croyeiov. 1o mpokeipevo Béua eEetdlovpe TpdTOVG va uabovue amod to dedouéva T Pdon
oV ThaveOV cTotyeiny Yo To Sparse approximation.

e Evo ta tpomikd pofnpotikd propovv va yxpnoononfovv yio piecewise-linear approximations [4], ta
approximations eivai évta convex. Katt 1éto1o meplopiletl tnv gupeio, epuppoyn TOV OVETTOYUEVOY
uebodwv, Ko TopdAinlae dev emitpémetl To approximation pe avbaipetn evkpivela. Toyypoveg epyacieg
npoceyyilovv To approximation pe tropical rational functions [13], wov Pon0d va apBodv avtoi ot
neplopicpol. Xe avtd to Bépa e€etdlovpe TepAITEP® TPOTOVG Yo va apBel avTdg 0 TEPLOPIoUOS (TT.).
difference of convex functions) 1 tpémovg va yapaxtmpilotel To approximation error £vavtt kamolwv
Bértiotov uebddwv (m.y. ne upper kot lower envelopes).
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(*) L1.2 Theoretical Analysis of Deep Neural Networks using Tropical Geometry Tools

o  Melétn TPOTIKMV W10THTOV VELPMVIKOV SIKTV®V, LE Eppacn o€ Pabiég apyrtektovikég, CNNs,
ResNets, 1 Kolmogorov Arnold Networks (KANSs).

e Xpnomn TpomK®OV W10THTOV Yo LEAETT) CUUTEPLPOPAS SIKTOMV GE TPOPANLATO UIXOVIKAG LAONnong.

o [IpaxtiKn €QopHOYN OTA OVOTEP® TPOPANLATO (EVOEIKTIKO TPOPANLLN: CUUTIEST) VELPOVIK®V SIKTOMV).
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(Zvvepydrec: En. Kaf. Iodvvng Kopddvng, EMII, Mdavog ®@cod60mc, Harvard University)
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(*) L2. Deep Neural Network Compression.

Eloyiotomoinom yopikdv/ypoviKoy Omoltoe®mV cOYYPOVAV VEVPMVIKGV JIKTO®V: MEAETN TOV TPOPANLOTOC
ocLuTiEoNC VEVpOVIKGY LEcm magnitude pruning toav Bapdv evog NN. 'Eppacn 6 Guvoptioelg KOTm@Aomoinong
Kot 6TV €uoTdfeto TG Pruning LAcKog yio LeyGAo T0G0GTA GUUTIECTG KOl ETEKTAGT G€ group sparsity Aoyucés.
Evdewtikég evolloktikég katevBovoelg: quantization, weight sharing.

A&oAdynon og dnpoeireic faoelg Tagvounong EIKOvVaVY, OTmg:
https://paperswithcode.com/sota/image-classification-on-cifar-100.

(Zvvepyareg: Ap. 'opyog Petowvég, EMII)
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(*) L3. IIpopiqnata Ipociyyiens otnv Tpomikn Alysfpo

H tpomwn dhyePpa kot yeopetpio. pmopovv vo ypnoiorotndel yio v avortapdoTtac 68 COUTOYN LOPPT Kot
TNV 0VIAVOT TOAADY VEVPOVIKOV SIKTO®V (U KATA TUALOTH YPOUUIKY gvepyomoinomn 1.y, ReLU, Maxout, ki),
Kabdg kot TNV meptypa®n cvvibmv alyopibumv 6mwe o Viterbi [1]. EmumAéov, oty tpomiky dAyeBpa, opiopéva
TPOPAALOTA UTopohV v AvBovV TOAD amodotikd (.. 1 ADGT YPOUUKOD GUGTHUATOC EIVaL TTOAD 10 GHVTIOUN
oTNV TPOTIKN GAYEPpa amd 6Tt ot cvvion [2]). H dmlopotikn ovtr aoyoreitan pe TpoPfANUaTo TPOGEYYIoNG
oty Tpomikn AlyeBpa, ONAadN TEPIMTOGEIS OTIC OToieg BELOVLE VO TPOCEYYIGOVLE [0l TPOTIKT OMEIKOVION
oo dedopéva. X avTo TEPIAUUPAVOVTOL EVOEIKTIKA VO 1) TEPLGGOTEPO OO TO TUPAKATM:

- Mpopijpate kvptic/Tpomikic molvdpoéunoeng pe outliers. Ymdpyel apkety mponyoduevn 60VAEWL o€
Kupti/Tpomikn maiwvdpounon ([31,[4],[5]). Zta ypoppkd povtéia vIdpyovy TOAD emTLUYNIEVOL aAyOpIBLoL Yia
ypoapuiky maivdpdunon e outliers (m.y. iteratively reweighted least squares, RANSAC). Z16yo¢ £6® givor va,
enektafovv/TpononomBohy ot alyopOpoL TNG YPUUMKNAG TOAVOPOUNGNC GTNV TEPITTMGT TNG KVPTNC/TPOTIKTG.
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- Hapayovromoinon/Ilpocéyyion Ihwvakov otnv Tpomkn Alyefpa. H mpocséyyion yapning tééng tov
TIWVOKOV KOG KoL 1 TOP0yovToToinon pe mivakeg pe pun apvntikovg 6povg (Nonnegative Matrix Factorization)
&xouv Ppet TOAAEG EQUPHOYEG, OMMOG Y10, TAPASEYO 1] OVAALOT KEWEVOVY, 1] CUUTIEGN Kal To. recommender
systems. 'Exet evotagpépov vo emektadel 1 TPOGEYYIOTIKN TAPOYOVIOTOiNGT otV TPOMIKN mepintwon. Kdmoleg
TPOKATOPKTIKEG epyaciec elvar ot [6],[7],[8]. Xtoxog tng Ourhopotikine Bo sivoar va mpotabovv mio
amoteleopatikol adyopiBuol, kol vo emektobel 10 mEDIO €QPAPUOYNG OE TEPWTTMGELS TOV Ol TIVOKES 7OV
avalnTodpe Exovv EMTAEOV WO10TNTES (.. XOUNAN TAEN).

(Zvvepydrec: En. Kaf. Iodvvng Kopdovne, EMII, Mdavog ®coddong, Harvard University)
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(*) L4. Movtéha Avayvoeng ywo Xpovoosipés kot EQappoyég

Ta televtaio ypovio vrdpyst peydrio evdwpépov yio generative povtéda. Mio amnd T O EMTUYNUEVES
Katnyopieg eivar ta povtéda didyvong [1-3]. Ta poviéda didyvong Exovv mpdoeato emektadel e dedouéva
YPOVOGEPDV [4,5]. AVTO emTpENEL VO SELYUATOANTTOVIE TOOVEC LEAAOVTIKEG TPOYLES A0 XPOVOGELPES. Mepikd
mapadelypota ypovooselpmv gival n {non evog Tpoidovtog (1.y. EVEPYELNG), 1) YPNON SESOUEVAVY, 1 KIVNGT GTOVG
dpOLOLG, O PETPNGELG SPOpOV acnTpov K.AT. Tt SmMAGUATIKY VT TpoTeivovpe T peAétn generative
LOVTEA®V Y10l YPOVOGELPES LE EUPOOT OTT XPNON TOVG Yo, PeAtiotonmoinon. Eva cuykexpiuévo mapadsrypo ivort
N amobfkevon NAekTpikng evépyelag. [Ipoteivovpe TV KOTOGKEDT] EVOC LOVTEAOD TTOV VO OTLLOVPYEL delypoTa
a6 TOOVEG LEALOVTIKEG TPOYIEG TILMV KO TPOGAPLOLOVLE TIC TEXVIKES Y10 TV KOTOGKELT SCenario trees (yo
¥PNOTM TOVG OTn PeAtiotomoinomn my. [6]). Avtd pog emTpémel vo PEATIOCTONOMGOLUE TN OlyElplon TG
amoBfKeELONG TNG EVEPYELNG. ZaV GUYKPIOT UITOPOVE VO EYOVUE TO OPELOG OV B TPOEKVTITE OV YO YVDOON
NG LEAAOVTIKNG TIUNC.

(Zvvepyareg: Em. Kaf. Iodvvng Kopddvng, EMII)

References:

[1] Sohl-Dickstein, Jascha, et al. "Deep unsupervised learning using nonequilibrium thermodynamics." Proc. International
Conference on Machine Learning, 2015 https://proceedings.mlr.press/v37/sohl-dickstein15.html.

[2] Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models.” Advances in neural information
processing systems 33 (2020): 6840-6851
https://proceedings.neurips.cc/paper/2020/file/4c5bcfec8584af0d967f1ab10179cadb-Paper.pdf .

[3] Song, Yang, et al. "Score-based generative modeling through stochastic differential equations.” arXiv preprint
arXiv:2011.13456 (2020) https://openreview.net/pdf/efOeadbe07115b0853e9641172a09d811cd490f1.pdf

[4] Rasul, K., Seward, C., Schuster, 1., & Vollgraf, R. (2021). Autoregressive denoising diffusion models for multivariate
probabilistic time series forecasting. In Proc. International Conference on Machine Learning (ICML 2021),
https://proceedings.mir.press/v139/rasul21a/rasul21a.pdf.

[5] Lin, Lequan, et al. "Diffusion models for time series applications: A survey." arXiv preprint arXiv:2305.00624 (2023).
[6] A. Shapiro, D. Dentcheva, and A. Ruszczynski. Lectures on stochastic programming: modeling and theory. Society for
Industrial and Applied Mathematics, 2021.



https://ieeexplore.ieee.org/document/9394420
https://www-leland.stanford.edu/%7Eboyd/papers/pdf/cvx_pwl_fit.pdf
https://arxiv.org/pdf/1912.03891
https://arxiv.org/pdf/1712.03499
https://cs.uef.fi/%7Epauli/papers/karaev16capricorn.pdf
https://arxiv.org/pdf/2205.06619
https://robotics.ntua.gr/wp-content/uploads/sites/2/Kordonis_MatrixFactorizationInMixedTropicalLinearAlegbras_ICASSP2024.pdf
https://robotics.ntua.gr/wp-content/uploads/sites/2/Kordonis_MatrixFactorizationInMixedTropicalLinearAlegbras_ICASSP2024.pdf
https://proceedings.mlr.press/v37/sohl-dickstein15.html
https://proceedings.neurips.cc/paper/2020/file/4c5bcfec8584af0d967f1ab10179ca4b-Paper.pdf
https://openreview.net/pdf/ef0eadbe07115b0853e964f17aa09d811cd490f1.pdf

[7] Zhang, Xinjing, et al. "Arbitrage analysis for different energy storage technologies and strategies." Energy Reports 7
(2021): 8198-8206.

[8] Kordonis, loannis, Alexandros C. Charalampidis, and Pierre Haessig. "Optimal operation of a grid-connected battery
energy storage system over its lifetime." Optimal Control Applications and Methods 44.2 (2023): 739-757.

(*) L5. Morphological (Max-plus) Networks for Classification or Regression Problems

Since 2012, there has been an explosion of machine learning research in recent years, which has now provided
models in the form of deep neural networks (NNs) with near-human or even human performance. Recent
advances indicate a shift towards nonlinearity, but the ““multiply-accumulate” (= linear) operations of the
perceptron are still ubiquitous.
Our Questions:
- Are dot products and convolutions the only biologically plausible models of neuronal computation?
- Can we use results and tools from nonlinear (in particular max-plus algebra and tropical geometry)
mathematics to reason about complexity and dimension of deep learning models in current literature?
- Can we replace the “linear neurons” with nonlinear operations to achieve better performance?

Several research groups world-wide, inspired by the capabilities of nonlinear image analysis systems using
morphological systems, have developed Morphological Neural Nets (MNNSs), i.e. networks whose nodes
perform max-plus operations. These NNs with morphological nodes can train faster (with a smoothed version of
gradient descent and backpropagation) and have similar or better performance than NNs with linear nodes.
Recently there is a growing interest for research on these nonlinear networks.

2ty Swmhopotikn avty| tpoteivovpe Ty peAétn ovyypovov MNNS pe évav and toug axdiovbovg otoyovc: 1)
KAADTEPOVG aAyopiBLovg Yo TNV ekmaidevomn Tovg, 2) Pabelég apyitektovikée, 3) eQaploYEG O€ HEeYOADTEPO
datasets.

References:

[1] V. Charisopoulos and P. Maragos, “Morphological Perceptrons: Geometry and Training Algorithms,” Proc. ISMM 2017.
Lecture Notes in Computer Science, vol. 10225, Springer, 2017.

[2] N. Dimitriadis and P. Maragos, “Advances in Morphological Neural Networks: Training, Pruning and Enforcing Shape
Constraints”, Proc. IEEE ICASSP 2021.

[3] P.-F. Yang and P. Maragos, "Min-Max Classifiers: Theory, Design, and Application", Pattern Recognition, 28 (6),
pp.879-899, 1995.

[4] L. F.C. Pessoa and P. Maragos, "Hybrid Neural Networks with Morphological/Rank/Linear Nodes: A Unifying
Framework with Application to Handwritten Character Recognition", Pattern Recognition, vol.33, pp.945-960, 2000.

[5] R. de A. Aradjo, A. L.I. Oliveira and S. Meira, “A morphological neural network for binary classification problems”,
Engineering Applications of Artificial Intelligence, vol.65, pp.12-28, 2017.

[6] G. Franchiand A. Fehri and A. Yao, “Deep Morphological Networks”, Pattern Recognition, 102, 107246, 2020.

[7]1 S. Velasco-Forero and J. Angulo, “MorphoActivation: Generalizing ReLU Activation Function by Mathematical
Morphology”, Proc. DGMM 2022, LNCS, vol. 13493, pp.449-461, Springer, 2022. Also https://arxiv.org/abs/2207.06413.
[8] M. E. Valle, “Bridging Vector-Valued Mathematical Morphology and Deep Learning”, CaLISTA Workshop: Geometry
Informed Machine Learning , Paris, 2024.

[9] J. G. Angulo, “Lattice theory and algebraic models for deep learning based on mathematical morphology”, CaLISTA
Workshop: Geometry Informed Machine Learning , Paris, 2024.

(*) L6. Model-data-driven hyperspectral unmixing. (®. Povtoyidvvng)

H moAvdidotatn ameidvion e Tn (pnon vVaepeacuotikdy aictntipov (hyperspectral sensors) kot n
eneepyacio Kol avAALGT TOV VAEPPUCUATIKOV 0EGOUEVAOV TOV TPOKVTTOVY GLUVOVTATOL GE £VO, EDPVTATO
QAL EPUPUOYDOV TO TEAEVTOLN Y¥pOVio. 'Eva evdlapépov mpdPAna 6to Tedio avTd givat 0VTO TOL PAGLOTIKOV
daympiopod vrepeacuatikov ewdvav (hyperspectral unmixing), mov amotelel ovolaotikd £va £i60g
wpoPAnpatog TveAoD dtoywpiopod anyav (blind source separation). O @ocpOTIKOC S1OX®PIGUOG ATOCKOTEL
TG0 GTIV OVAYVOPLOT), HE BACT) TIG POCUATIKES TOVG VITOYPOPES, TOV OVTIKELLEV®V 1] DMK®GV ToL gupavifovtol
OTNV MEPLOYT AMEIKOVIONC, OGO KOl TNV TEPLYPOPT TNG KATUVOUNG TOV VAIKOV TAV® GTNV EIKOVO.
Mopadootakd To TpoPANU avTd TpoceyyileTal pe KATGAANAN LoONUOTIKY LOVTELOTOINGT TOV UNYOVIGUOD
TOPAYOYNG TOV VIEPPUGUOTIKOV OESOUEVOV KOL GTNV OVATTUEN TEYVIKMY EKTIUNONG TOV TOPAUETPOV TOV
povtédov yévvnorng tov dedopévav (model-based approach). A&iCel vo onuetmbei 6t onuovtiké BeATunoelg
OTIG KAAOOIKES TEXVIKESG £Y0oLV eMTELYDEL e TNV 0E10TOINOT PUGIKMY TEPLOPICUDV TTOV TKAVOTOLOVV TO,
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dedopéva, OTmC Un opvnTikdTnTo (NoNnegativity), apodtnta (sparsity), yaunin téén (low-rank), kim.
[pdoeata, n yproyonoinon teyvikdv Padidg pabnong £xel dmoel véa @BNoM 6to Tedio ToL PUCUATIKOV

O OPIGHOD VIEPPUSUATIKOV EIKOV®V. XTO TAAICLO TNG EPYACIag aVTNG, PACIKOC 6TOY0G ival 1 avarTvEn
VE®V ATOSOTIKDV TEYVIKMOV QACUATIKOD 1Y ®@PLopon, cuvovalovtag TV umelpio mov £yl amoktnei o
Khaookég pebddovg e Tig véeg 10éec eEaymyng Yvdong amo to, dedouéva mov Paciloviol 6& apyITEKTOVIKESG KOl
oAyopiBpovg Pabidg pabnone.
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(*) L7. Rank-revealing NMF for mutational signature separation in human cancer genomes (©.
Povrtoyiévvne)

H uébodoc NMF (nonnegative matrix factorization) Booiletal otn didomacn evog untpdov dedouévav pe un
apVNTIKG GToYElR € dVO UNTPAOA-TOPAYOVTES TTOV £X0VV Emiong Un apvntikd otoyeio [1]. H pébodog avt €xet
YPNOYLOTOINOEL ATOTELEGUATIKA GE L0 EVPVTOTY YKALO SLOLPOPETIKMV EQPOUPUOYADV [2], 10101{TEPH OE TEPITTMCELS
IOV TO PUOIKO TPOPANUL pmopel va povieromombel pabnpatikd wg Eva TpoPANLUA TVPAOD dLYOPICHOD TNYDV
(blind source separation). Mia oAb evdlaeipovoa gpappoyn e ueboddov NMF napovsidotnke tpdopata o
pio pedét [3], mov dupknoe weptocdTepo amd 10 ¥poOvVia e GUUUETOYN EPELVNTOV amd OAO TOV KOGHO KOl
OTTOCKOTOVGE OTIV OMOKMOIKOTOINGY KOl KATOVONGT TG OUVOESNC TOV KAPKIVIKOV YOVIOI®UAT®OV TOL
avOpdmov. Xt perétn avt n pnéBodoc NMF a&lomomOnke yio tov Stoy@piopd Kot TV TOVTOTOINGN TV
UETOAAOKTIK®V VITOYpagadv (Mutational signatures) mov cuvomdpyovy Kot Toavov EXIKAADTTOVTOL 6TO KAPKIVIKA
YOVISIOUOTO, KOl £3MCE TN SuVATOTNTO AVTIGTOI(IONG SPOP®V GUVIVUCUDY VTOYPUP®V LE SLAPOPOVS TOTOVG
kapkivov. Onwc avapépetor oto [3], éva otoreio mov dvoyepaivel T dadikacio avtr gival To yeyovog OtTL o
oplOpog TOV UETOAAUKTIKOV LIOYPOQOV o€ KAOe yovidiopa eivor dyvootog. Xtn SmA®UOTIK ovth Ba
OlEPEVVIICOVLLE TNV OMOTEAEGUATIKOTNTA KOl amodoTikotnTa TeXViKdv NMF mov mpotddnkayv tpdooara [4],[5],
01 OTIOlEG TTEPQ AT TNV TOPOYOVTOTOINGT TOV GPYIKOD UNTPDOL SEGOUEVMV £YOVV TN SOLVATOTNTO VO EKTILOVY K
™V T0EN TOL HOVTEAOD, OV GTNV TPOKEUEVT TEPIMTMOOT ivar 0 aplBpdg TOV HETAALAKTIKGOV VRTOYpap®V. Ot
TEYVIKEG AVTEC B0 EPUPUOGTOVY GE TPAYLLUTIKY OESOUEVE, YOVISI®UATOV oo T0 [3] kot Oa cuykptBodv pe GAAEC
NMF teyvikéc amd v tpdcearn Piproypapia [6].
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Enclepyocio KEWMEVOV KOl QUGIKNEG YADGGUC:

T1. Learning from Structure: Annotation-free Text Recognition.

Xp1fon g Katavopung AEEEmV KEWWEVOD Y10 EKTUIOEVLGT) GLGTHIOTOC AVAYVMPLOTG YEPOYPUP®V AEEEMV KEWEVOL
yopic dedopéva emionuei®ons. ZVYKEKPIUEVO EXOVUE 2 YOPOVG: TOV YDOPO OMTIKOV TEPLYPUPNTOV Oomd
LELOVMUEVES EIKOVES YEPOYPAP®Y AEEEMV KOL TOV YDPO TOV AEEEWV GE LLOPON YPOLLOTOGEPDV, OTOL AEEELC e
WIKPES SLUPOPEG, TT.Y. EVOV YOPUKTNPO dlapopd: “true” kot “tree”, mpémel vo Ppickovral kovtd. Emibupodue va
TPldEovLE 0L TOVG TOVG SV YDPOLS PacICOUEVOL BTNV ¥PTOT) TNG CLYVOTNTOG EUPAVIOT|G CVYKEKPIUEV®V AEEEMV
(Aé€erc Ommg “and”, “the” eivon cuyvég o€ 0mo1001TOTE KEIUEVO) OAAG KOt TNG E6MTEPIKNG OOUNG TOVG (7., KOOl
YOPOKTNPES) YO VO TEPLYPAPEL LOVOSTLOVTA 1 KATOVOU TV AéEemv. Ztnv cvvéyela Ba yivel mpoomdbein
OVTIGTOIYIOMG YPOUUATOCEP®V AEEEMV LIE TTEPLYPAPNTEG EIKOVOV AEEEMV. ZVVOAIKA TO GLUYKEKPIUEVO TPOPAT LA
givon o epappoyn domain adaptation (r.y. optimal transport).

(Zvvepydreg: Ap. Nopyoc Petowidg, EMII)
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T2. Enelepyocio Kepévov Kol QUoKIg YADooaS pe alyefpikéc ko yeopeTpikég peddoovg (vector spaces,
graphs).
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