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A. TIpotewvopevog Tithog

Generative Adversarial Networks on Real Voice Generation

TUVOIITIKT) TEPLYPAPT):

A generative adversarial network (GAN) is a class of machine learning frameworks
designed by Ian Goodfellow and his colleagues in 2014 [1]. Two neural networks
contest with each other in a game (in the form of a zero-sum game, where one agent's
gain is another agent's loss). Given a training set, this technique learns to generate
new data with the same statistics as the training set. For example, a GAN trained on
photographs can generate new photographs that look at least superficially authentic
to human observers, having many realistic characteristics (wikipedia). Similar to
DCGAN approach [3] which has been created for learning to generate images,
WaveGAN [2] is a machine learning algorithm which learns to synthesize raw
waveform audio by observing many examples of real audio. We will investigate

similar to WaveGAN approaches in order to create realistic waveform audio.

B. IIpotewopevog Tithog

Deep Neural Networks on Text-to-Speech (TTS) Synthesis



TUVOIITIKT) TEPLYPAPT):
A text-to-speech system converts normal language text into speech. There are two
specific methods for Text-to-Speech(TTS) conversion. Parametric TTS and
Concatenative TTS. It is also important to define two terms as mentioned in
char2wav to judge the quality of generated speech. Intelligibility and Naturalness.
Intelligibility is the quality of the audio generated. Is it clean, Is it listenable? And
Naturalness is the quality of the speech generated. Does it sound emotionless? Does
the speech have proper timing structure, and pronunciation? In [1] they described
a neural network-based system for text-to-speech TTS synthesis is able to generate
speech audio in the voice of different speakers, including those unseen during

training.

I'. IIpotewvopevog Tithog

Deep Learning - object detection

TUVOIITIKT) TEPLYPAPT):

H aviyvevon aviikelpuévov ETIKEVIPOVETOL GTOV EVIOTIGUS Kot TNV Ta&vounon evog aptfpov
OVTIKEILEVOV/OTOU®Y  XPNCILOTOIOVTOG ONTIKG dedopéva. Ot mepiocdtepeg peBodoroyieg
emeepydlovior dedopévo ewkovag M pepovouéva kapé Pivieo, kabog m  aviyvevon
OVTIKEWWEVOV pE TNV xpnom tov Pivieo eivar évo o amontnTikd Kot AyOTEPO OVETTUYUEVO
nedio épevvag. Tétolor alyopiBpol mapéyovv mAaiclo oploBeTnuévng maAvopOUNGNG TTOV
neptloppdvouy kdBe mbavi Béon avTIKEEVOL EVOLAPEPOVTOG. APYIKA 1 aviYVELOT TOV
OVTIKELEVOL EKAVE XPNOT €VOG KIVOOUEVOD TTapdBupov 6g cuvovacud pe Kamoto TaStvounon.
Ta televtaio ypoévia Opwmc ot pebodoroyieg awtég Exovv avtikatactadel and pebddovg Tov
ompilovtat og deep learning vevpovikd diktva. Avtég ywpilovior og dvo katnyopies. [Ipdn
Katnyopio ot aviyveuTég S0 PNUATOV Kol OEVTEPT Ol OVIXVELTEG EVOG PNUOTOC. TNV TPOTN
nePInTOON, T0 TAoiGLo 0ploBETNONG KOt O1 ETIKETEG TPOPAETOVTAL GE dVO APOPETIKA GTAA,
eV otV televtaio mepintmorn cvpPaivouv kKo ta dvo oto 100 Prpa. Avtd to €pyo

TeEPLOUPAVEL TO GYESACUO KOL TNV OVATTUEN LG TPOGEYYIONG OVIYVELGTS Y10 EPAPLLOYT TTOV



Bo emAéler o/m eoumtig/Tpar (Y. aviyvevon SPOPETIKMY OVTIKEIUEVOV Y10 OQVTOVOUES
EPAPLOYEG 001 YNONG N AViYVELST HEAOVAOUOTOS OO OEPUATOCKOTIKEG EIKOVEG Y10 1OTPIKES

EPAPUOYES).

A. IIpotewvopevog Tithog

Reinforcement Learning

Agent-based games

TUVOTTIKT) TEPLYPAPT]:
O o160 ™G epyaciog avtng ivarl 1 avaTTLEN KOl EKTOIOELON EVOG EIKOVIKOD TPAKTOPO VO
kepdilel éva mpoemileypévo mayvior and tov/mmv eotrtnti/tpua. ‘Eva cevdplo evioyvpévng
naonong meptrapPdvetl 600 Pacikd otoryeio: o TEPPAALOV (ONAAdT TO EMAEYUEVO TToyVidL)
Kot ToV Tpdktopa (0 TOUKTNG). LT TEPICCOTEPA GEVAPLA, O TPAKTOPAG AVOALUPAVEL EVEPYELES
010 epPdArov mov emotpéPovy pa ovtapoln. H avropopn kébe dpdong pmopet va elvan
BeTIKn 1 0PYNTIKN Kol 0 GTOYOG TOV TPAKTOPA £ivarl va LABEL TIG EVEPYELES TOV PEYIGTOTOLOVV

TNV OVTOUOPN, OEGOUEVIC TG TTAPOTPTONG TOL TEPPAAAOVTOG TTOL OVOUALETAL KOTAGTOON.

E. IIpotewopevog Tithog
Reinforcement Learning

3D human pose estimation

TUVOTTIKT) TEPLYPAPT]:
Ta cvvora dedopévav peyding kAipoakog kot ta Deep Neural Networks emitpémovv v
ektipmon g tpiodtdotatng Béong amd Hovokevipikég eikoves. Ot meplocdtepeg and TiC
dwbéopeg pebodovg eite (1) extedovv aviyvevon 2D-keypoint 6TV €kdva Kot 6T GUVEXELL
EKTILOVV TIG TPLodtdotateg 001G ovvdeong, ite (2) kbvouy kat Ta 000 610 1010 Prpa. Ztnv

gpyacio avT avoADETOL O GYEIOCUOG KOl DAOTOLEITOL Lol EPOPUOYT TPOGEYYIONG Yo TNV



OVTILETOMION €VOC TPOPANUATOS TPIGOUCTATOV  avOPAOTIVOL  EKTIUNTH OTAONG  omd

O1GOLAGTATT ETICTLOVOT] EIKOVOV.

Z.. TIpotewvouevog Tithog

MEeAETN OIKOVOIK®Y GTOLXEI®V Y10 TNV TPOPAEYTN GLUTEPIPOPAS TOVG BT GLYYPOVN

OLKOVOLLKT] TPOLYHOTIKOTITOL LLE YPTON TOV TEXVITOV VELPOVIKDOV SIKTO®OV

TUVOIITIKT) TEPLYPAPT):

ZTOX0C TNG Mapouoag epyaciag eival n mPoBAen KATIOLWY OLKOVOULKWY SELKTWVY HE
™V BonBela alyopiBuwv pnxovikng HABnong KoL CUYKEKPLUEVA UE XPNON TEXVNTWV
VEUPWVLKWVY SIKTUWV KaBwG emiong Kal pe xprion xpovooelpwv. H uhomoinon Ba yivel

ue xpnon python , R, matlab

H. IIpotewopevocg Tithog

EEOpuén dedopévmv oe dedopéva vauTidiog

TUVOIITIKT) TEPLYPAPT):

Ao (o vreppdptmon dedopévav. Enl tov mapdvtog, vapyovy 100G TOAAEG
TNYES OEJOUEVMV, TOGO TOALA dedopéva Yo va AdBovy TANpo@opieg omd, OTL 01 POpPEiS
EKUETAAAEVONG OEV UTOPOVV VO, TO XEPLOTOLV. YTAPYEL L0 EMTOKTIKY OVAYKN Yo
cvotipate mov Bonfodv ot dAoy] OA®V TV JeJOUEVMV, TV avAALGN Kol TN
oLoy£Tion, Ponbovtag £Tot T dadIKaGio ANYNG AmoPAcE®Y. TN Topovca, EPYUCia
ypnoorotmvtag To dedopéva AlS yia 11 0éoeig mhoiwv, HeAETOVE TMOG O TOYVTNTES
TOV TAOIOV OVTIOPOLV OTIS UETAPOAES TOV TIHOV TOV KOVGIU®V KOl TOV ETTOTIOV
vaolov Ppoyvrpdbeopa Kot pokpompofecpo pe okomd vo, dnuovpyndet kot vo
a&lohoynOel éva poviédo mpoPAeynmc. H ulomoinon Ba yivel pe xpnon python , R,

matlab






