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Abstract

Music is a carrier of many and strong emotions. With the development of technology and
the Internet, access to a huge amount of music content is instantaneous from almost
anywhere. Despite the availability, choosing music based on the listener's emotion state is
quite a difficult task.

This work investigates the ability of well-known CNN architectures (VGG, AlexNet,
DenseNet, Inception, ResNeXt, SqueezeNet) to recognize musical emotion when data is
limited, with training sets of different distributions and not always balanced. We used
Deep Learning techniques such as Transfer Learning and Data Augmentation with
Generative Adversarial Networks (GANSs).

Using “classic” machine learning, handcrafted features of all audio samples were extracted
and classifiers were trained (SVM, K-NN, Random Forest, Extra Trees) in order to have a
reference point for the results.

Then, the samples were converted to Mel-spectrograms as inputs to CNNs which were
trained running two Transfer Learning scenarios and gave models that were tested in
emotion classification experiments. Finally, using StyleGAN2-ADA, we did data
augmentation and a new artificial set was created, and also tested in classification tasks.
As ground truth for the experiments, we used the 360-set of Eerola & Vuoskoski's research
fully labeled by music experts, which makes it a quite rare set. It consists of 360
soundtrack excerpts from 15" to 30" duration, classified into Energy (high, medium, low),
Valence (positive, neutral, negative), Tension (high, medium, low) and Emotions (anger,
fear, happy, sad, tender). As far as we know, this is the first work that carries out such
extensive experiments in this set.
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IlepiAnyn

H povown eival gopeag moAMmv kal 10xvpnv cuvaloOnuatwv. Me v avamtudn tng
TeXvoAoyiag kal Tov S1adikTvov 1) mpocPact oe TEPACTIOV OYKOV LOVOIKO TIEPIEXOUEVO
elvar apeon oxedov anmo omovdrnmote. [Hapdin tn Srabeopudtta, 1n emAoyn HOVOIKNG
Baoel ouvaleHNUATIKIG KATACGTAOTG TOV AKPOATH) Elval apKeTd SVOKOAN vVITOOEOT).

H mapovoa epyaoia Siepevva pEow texvikmv Badiag unyavikng uabnong my Kavotnta
yvwotov apyttektovikov CNNs (VGG, AlexNet, DenseNet, Inception, ResNeXt,
SqueezeNet) omnv avayvmpion HOLOIKOU ovvaloOnuatog oe ovvOnkeg eAlenyng
Sedouevmy, e 0T S1aPOPETIKNG TTPOEAEVOTG KA1 OX1 TTAVTOTE 100PPOTNUEVROV. O1 TEXVIKEG
7OV Ypnolpomolovvtal eivar 1 Metagopd Mabnong kat 1 emavénon Sedouevov peow
[Mapaywykov Aviayoviotikov Aiktowv (GANS).

I[Tptv amd autd Ouwg, HE KAAOIKI) UNYXAVIK) uabnomn mpaygpatosoleital eEaymyn
XEIPOTOINT®WY XAPAKTNPIOTIKOV OAWV TV NYNTIKOV Setypatov kat tallvounon e
yvwotovg tafivounteg (SVM, K-NN, Random Forest, Extra Trees) mpoxeuévov va
VITAPXEL ONUELD avVAPOPAC V1A TA CUYKEVTPWTIKA ATTOTEAECUATA.

'Etol, ta Seiypata petatpemoviar oe Mel-spectrograms ywa va yivouvv gicodot ota
ovvellkTiKA Siktva Ta omoia ekmaidevovtal pe dSvo oevapia Metagpopag Mabnong kat
Sivouv povteda mov Soxpadovial og mepapata tagivounong cvvaoOnuatwv. TeAog, e
xpnon tov StyleGAN2-ADA yivetal emavénon Sedopévov kal dnuovpyeital €va veo
TEXVNTO OET JTOVL KAl AVTO LE TN 0€1pA Tov dokipaletal oe Talvounoeis.

Ynueio ava@opdg TV TEPARATHOV elval To 360-set tng epevvag twv Eerola & Vuoskoski
TN PWG ETIKETOTOUUEVO AITTO E101KOVC OTOV TOUEA TNG LOVOTKNG, YEYOVOC IOV TO KAOoTd
APKETA OTAVIO. Afoteleital amtd 360 QIOCTACUATA KIVIUATOYPAPIKNG HOVOIKNG
Sapkelag 157-307, Swaywpopéva oe Energy (high, medium, low), Valence (positive,
neutral, negative), Tension (high, medium, low) kat Emotions (anger, fear, happy, sad,
tender). Antd 000 pmopovpe va yvwpilovge n mapovoda e€ival 1) TPAOTNH epyacia JTov
TPAYUATOTIOIEL TOOO EKTETAUEVA TIEIPAUATA OTO CUYKEKPIUEVO OET.

Agéeic — kAetbia: Metagopa_Mabnong, Emavénon_Aedouevav, StyleGAN2-ADA,

Yvvehdiktikd_Nevpwvika_Aiktva, Ta&ivounon_SvvaioOnuatog
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Evyaplotieg

H mtapooa AUTAwUATIKT) £pyaoia eival TO EMOTEYACUA TNG POITNONG nov oto AIIMX
«Teyxvnt Nonuoovvi» katd Tn Sidpkela g omoiag npba oe emagrn TOOO Ue TA
avtikeipeva tov IIpoypaupatog 0600 kot pe moAd eviagepovieg avlpwmoug,

A1Baokovteg Kat TuvadeApoug.

Evyapoto oAb 6Aovg Toug A8AoKovTEg Yid TO VYNAO eminedo TV SlaléEemv Toug
A 1raatepwg Toug Kabnynteg kk. I'ewpylo Bovpo, HAia MaykAoytavvn yia Tny Tiun

IOV pov ekavav va eivar ta MeAn tng E€etaotikng Emrtponrc.

O k. ®e00wpog IavvakomovAog, VIO TNV APOTN EMPAEYT TOVL OMOIOL EPYATTNKA,
datnpnoe €va avolKTO KAVaAl aueong emkowvwviag kaBoAn tn Sidpkela g
EKTTOVNONG NG AUTAWUATIKNG HEOA QIO TO O7oi0 emAvaue spofAnuaTa KAL...
Snuovpyovoaue veéa! Me tov Tpomo tov, PorBnoe va Sievplive TIG YVOOELG LoV KAt
KUPLOC VA YVWPIow evepynTIKA TNV epevvnTikn pebodoloyia. Ot evyaplotieg mpog 10

TPOOWITO TOV eV UTTOPOVV VA EKPPACTTOVV O AYEC YPAUUEC.

O1 amowerg mov ekppalovtal ed® , TA EVPTUATA KAl TA CUUMEPACUATA  €lval AUTA
TOV OULYYPAPENS Kal Sev ekppalovy Tig amowelg tov [Tavemotnuiov Ileipaiwg 1 Tov

Ivot. ITAnpogopikng kat TnAemkovoviov tov EKE®E «Anuokpitog».
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1 Ewoaywyrn

H mapovoa epyacia ypnouomoiel texvikeg Pabiag unyavikng padnong
JIPOKEIUEVOL VA AVAYVWPIOEL TO UOVLOIKO ovvaicOnua kat va ta&vouroet
AVAAOY®WG TA HOVOKA QITOCTIACUATA JIOV JIEPIEXOVTAL O SVO CET NYNTIK®V
Sedouevwv. To eva oet TepAAUPAVEL 17000 AITOOTACHATA TPAYOLSI®V TTOTT-POK
XWPIOUEVA 08 KAAOEIS XAPAKTNPIOTIKGV OMwg Ta Taivounoe to API tov Spotify
Kal To ovoudoape “big-set”. To AAAO O£T OV €ival KAl TO ONUEID AVAPOPAG TNG
epyaoiag pag kabwg eival eTIKETOMOUUEVO A0 €181KOVG TOV XWPOU TNG LOVOTKTG
OTA TTAQIO1A PEYAANG WPUYXOAOYIKNG - UOVOIKOAOYIKNG €pevvag Twv Eerola &
Vuoskoski. ITepiaaufdavel 360 amoomAoHATA KIVIUATOYPAPIKNG HOVOIKNG
XWPIOUEVA 0€ XAPAKTNPIOTIKA TPIOV KAL TEVTE KAATEWV KAl TO OVOUATAUE “360-
set”. Kavaue e€aywyr) «XEPOTOINTOV» YAPAKTNPIOTIKOV A0 TA NYNTIKA TOVG
OTUATA KAl TA Ta&vounoape pe kAaowkolLg talivounteg omwg SVM, Knn,
Random Forest, Extra Trees. X1n ovveyela petatpepape OAa Ta detyuata Kat twv
dvo oet oe paopatoypagnuata g kAipakag Mel tpokeipuévov va yivovv eicodot
ota Pabiad ovvediktikad Siktva twv Sokipuwv. 'E& apyrtektovikeg (AlexNet,
VGG16_bn, Inception v3, DenseNet121, SqueezeNet 1.0, ResNeXt101-32x8d) pe
woapiBua mpoekmaidevueva oto ImageNet povieAa ypnolpomomOnkav otov 1°
KUKAO TTEIPAUATOV Yl TaEvounoelg peow dvo oevapinv Metagopag Madnong:
OTO 1° OEVAPI0 «TTAYQVOLUE» TA BApN TwV emMIESwV TOv SIKTUOL TIANV TOU
eNMUTESOL TOL TAEIVOUNTI) KAl OTO 2° GEVAPIO YIVETAL UIKPO-pLOUIOT TOv S1KTVOV
KAl AQVaVE®OT] TOV Bap®V OAwV TV EMITESWV TOL.

AxolovBel 205 KUKAOC TIEIPAUATOV OOV Tpoektadetiovpe Sk Hag HOVTEAQ
mavew oto  “big-set” kAl TPAYUATONOOVHE EMAVOANTTIKEG SOKINAOIEG
ta&vounong pe tig idieg apyrtektovikeg. Teog, oto 3° meipaua Snuiovpyovue
texyvnta Sedopéva mpog emavénon Ttouv “360-set’ue ypnon Iapaywyikmv
AvTayovioTikov AIKTOwV Kal ovykekpiueva tov StyleGAN2-ADA. Ao to veo oeT
IOV TIPOKVIITEL TTPOEKITAOEVOVE €K VEOU HOVTEAA KAl TA SOKIUALOVUE OE OEIPA
Ta§vounoewv twv cuvaloOnuatwv. Tnv amodoon oAV T®V TAPATAV® KUKAWV
MEPAUATOV TNV  QTOTIHOVUE He TO macro-avg-fi-score mov &dwoav ot

ta§vounoelg mavw oto test-set Tov oeT avagpopdag.
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1.1 ITeprypa@r) Tov sipoAnuartog

YTg uEpeg pag n mpoofacn oe HOLOIKO meplexouevo  Aladiktvakd eival
e€alpeTika eVKOAN. Estiong, o 0YkKog Tov mepleXolevou avtov aviavetal ekfetika
Kat elval apeoca Stabeoipog oe 0Aovg. Aldpopeg vnpeoieg S1abeong YPnelakng
uovokng (rty Spotify, Apple Music, k.a) eival S1a0e01ueg 0TOLG LITOAOYIOTEG LAG,
OTA KIVTA TNAEPOVA, OTA «EELTTVA» NXELA KA1 AAAOV. QOTOC0, 000 KAl AV 1) PO
NG HOVOIKNG €lval  OUVEYNG, TTOMEC Popeg Oev TAPLACEL e TNV TpEYOLoA
oLVVAIOONUATIKT]  KATAOTAOT] TOU QKPOATH. X TETOEC TMEPUITWOEIS T
AVATTAPAY®YT KATTO10¢ TTPoTevopevng Alotag Baoel povoiko eibovg Sev eivai n
KAAUTEPT €AOYT KAO®E 01 S1AKVUAVOELS T®V TTPOKAAOVUEVHOV oLUVAITONUAT®Y
OV AAUPAVEL 0 AKPOATNC WITOPEL VA ElvAL TTOAD HEYAAEG AKOUA KAT OTA KOUUATIA
Tov 1810V €idovg N kal Tov 18tov ovvBet. To Baoko mPOPANUA, TPV AkOpA
(PTAOOVUE VA HIAAQLE Y1 aAyop1lOuovg, elval 0Tl Ta ouvalodniuata Tapovolalovv
pueyaAn SuokoAla otnv KATATAEN TOUG AOY® EAAEWPNG OIKOUUEVIK®V OPLOUDV
toug. Ev8ewktikd, oe pia épevva touvg o1 Paul & Anne Kleinginna [1] a§loAdynoav
TTAV® AIT0 100 OPLOLOVE TOL CLVAICONUATOC KAl EV® LI PYAV KAAOL 1) AtyOTEPO
KaAOl 0p1opol, 0To TEAOG 1) 0pBOTNTA TOVg BEV PITOPOVOoE va AmodetyTel.

AvTr) Aoutdv 1 «ouvaoOnuatikn ovyyvon» [2] [3] [4] tov emkpatel o Siapopeg
EmoTtnueg etvarl avapevopevo va petagpepbel kar otn Mnyavikn Mabnon. I'a
mapaderypa, n eEaywyr) XEPOMOINTOV XOPAKTNPIOTIKGOV ATIO NN TIKA OT|LLATA KA
1 00N yNoN avt®wv og evav KAAokoO taivountn m.x. SVM pmopel va moet oAl
KOAQ QUTOTEAECATA OTOV YEVIKO S1aX®wPlopd LovoIK®V e18®V (71.x. T¢ad, KAAOo1KN
LLOVOTKT), POK, PEUTIETIKO, K.Al.). AeV eivanl kaBoAov oiyovpo 01t Ba emitiyet e€ioov
av Tov dnnoel va Bpet Ta avtioTorya YapoUUeva, AVTNUEVA, TPLPEPA, BLHOUEVA
KATT koppamia aso ta idia Setypata. arti; Aot amovolddel To 6HWoTA OPIOUEVO,
1] AA®G, TO KOVKE ammodektd onueio avagopag (ground truth).
SVUYKEKPIUEVOTIOIOVTAG TOV TTAPATIAV® YEVIKO TTPOPANUATIONO, OXETIKA UE TNV
avayvoplon  ovvaodnuatog, oto  mAQiclo NG  mapovoag  epyaciag
Snuovpynoape povreda Babag Mnyavikrg Mabnong, SoKiuaoaue TeXVIKEG Kal
Ta ovykpivaue £xovtag wg ground truth &va pikpo oet poAg 360 dSerypatwv
KIVIuatoypa@ikng povotkng. H 1i8tatepomta tov onueiov avag@opdg pag eival

OTL €lval TTANPWE ETIKETOMONUEVO KAl TAEIVOUNUEVO O€ HOVOIKA ouvalodnuata,



OTIWG AVTA AVAYVOPIoTNKAV a0 e181koVg 0ToV TopEa TG Movokng ota mAaiota

nelpapatov Puyoloyikng - Movoikoloykng peAetng twv Eerola & Vuoskoski [5].

1.2 YkeAeto¢ Autawuatikng Epyaoctag
Kepalaio 1: Eloaywyr, meptypa@n Tov mpoPAnuatog kal mapabeon oxeTik®v

EPYAOIOV.

Kepalaio 2: Tlapovoladetal o facik0g OKEAETOG TV ZVUVEAKTIK@V NEVPOVIKGWV
AIKTOWV, 01 GUVAPTIOEIS EVEPYOTOINONG KAl 01 oUVAPTNOES KOoTovg. Esiong
TAPOLOIAdOVTAL APKETOL CAYOP1IOUOl PEATIOTONOINONG KAl UEAETOVTIAL Ol

apXITEKTOVIKEG TV TNA 0V XPNOUOTOONKAV 0TA TEPALATA TNE EPYATiaAC.

Kepaiaio 3: Ewoaywyn ota [Mapaywywkd Avraywviotika Aiktva (GANs) kat
AvVATITUEN TN APYITEKTOVIKNG TOL StyleGAN2-ADA, pe To 071010 £Y1Vve 1) €TAVENON

dedopevwv oto Ieipapa I'.

Kepalaio 4: Tleprypagetar oAn n Swadikaoia twv Ilepapatwv A, B, T, X
EEXIVOVTAG A0 TNV JIPOEAELOT] KAl TPOEMEEEPYAOIA TwV 0T SeSopevwv,
PLOUION TOV VIEPTAPAUETPWV KAL TNV ETAOYT UETPIK®OV EKTIUNONC amodoong.
Yt ovvéxeld avoAvovtal Ta oevapla g Metagopag MaOnong mov
XPNOWOTOMONKAV KAl TA OUYKEVIPOTIKA QTOTEAEOUATA AVA  KUKAO
[Melpapatwv. TElog, yiverat oUVOPn TV ATOTEAECUATOV KAl E€EAYWYT

OLUTTEPATUATMV.
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1.3 Xyeukeg Epyaoieg

1.3.1 Avayvepilon cvvaioOnuartog (360-set)

Yt peAetn [6] xpnowomomOnke wg ground truth to 2° pikpotepo oet g
ueAetng twv Eerola & Vuoskoski sov mepieyel poAlg 110 Setypata kat amoteAet
UEPOC TOU 360-0eT. AVOADOVTIAG TA NYNTIKA ONuUata, &kavav efaywyn
XOPAKTNPOTIKGV kAl pe SVM ta ta&ivopnoav. Anmd ta amoteAéopata, Hetagl
AV, emPefaimoav Ta EVPTUATA TOV PULXOAOYIKOV TEIPAUATOV ONWS Yld
apaderypa tnv vYnAn emkaivyn petald Twv ovvaloOnuatwyv anger-fear.

Y1n peAetn [7] pe onueio ava@opdg mAAl To 360-0€T ETLYEIPOVV TV EEAYWYT)
LOVTEAOV ATIO €vA VEVPWVIKO 0TO OTUVA TNG VGG apYITEKTOVIKTIG TTOV VA UTTOPEL val
S1kalohoynoel HovoKA TIg TPOPALWEIS TOV HEoC® TV Aeyopevwv mid-level
perceptual features. Ta yapakmploTkd avtd Onwg elvar 1 pLOUKN
JTOAVTTAOKOTNTA 1) O APUOVIKOG Yapaktnpag (peilwv-xapoltuevo, eAAoowv-
AUTINUEVO)  E€XOUV HOVOTKO VONUA KAl UWITOPOUV VA EVIOMIOTOVV A0 AKPOATES
XWPIG LOVOTKEG YVWOELC.

H peAet [8] eivan ) teAevtaia mov evIomioaue va XpnolUosmolel to 360-0€T.
Ye autr tapovotladetal pia vea ueBodog avayvamplong Hovoikoy cuvalodnuatog
mov eumAékel ta chroma-spectrograms pe Tig apyltektovikeg twv VGG16,
AlexNet.

1.3.2 Avayvepilon cvvaioOnuartog

Y10 1fAio Music Emotion Recognition [9] peta& dAAwv avagpepetal kat pia
neBodog 670V e0TIAEL TO EVOIAPEPOV TNG OTNV TTPOCWITOTOINUEVT] AVAYVOPLOT)
povokov ovvawoHnuatog. AnAadn, avii va povteAomolel v - omowa
AVTIKEWUEVIKOTNTA, {NTAEL QIO TOV XPNOTN VA ETIKETOMOWOel (Ueow user
interface) puepog g HOVOKIIG CLAAOYTG TOV WOTE 0 aAyopiBuog (regression) va
exmadevTel 0NV TTPOCWITIKT) GLUAAOYT) TOV.

Y10 meipapa g peAetng [10] o1 eBerovteg kabag akovyav 16 Tpayovdia Tov
elyav emAefel amd ovykekpluevn Paon tpayovdiwv vmofdllovtav oe
eykeparoypapnua. MoAg tedeiwvav, akovyav &ava ta tpayovdia Kol Ta
ETIKETOTO0VOAV BACEL TOL S1A0TATIKOV povieAov ovvaloOnuatwv. Ta dedopeva

uadli pHe aUTA TOV EYKEPAAOYPAPNUATOS Yivoviav €l0o801 o€ ZUVeAMKTIKO

_11_



Nevpwviko Aiktvo (ENA) Tou 071010V 1) IKAVOTNTA OTNV AVAYVOPLOT| LOVOTKOU
ouvvatoOnuartog (Valence & Arousal) petpnOnke ovykpivopevo pe ta&ivountn
KAQOTIKI G UNYAVIKNG pabnong, évav SVM, Tov 071oio vmepKEPAoE.

> peAétn [11] epevviOnkav tavtoxpova Vo TPOoPANUATA: TNG OUOIOTNTAG
KATTOI®WV HOVOIK®MV EPYWV HE €VA OCUYKEKPIUEVO KAl TNG TAEIVOUNOTG LOVOTKOU
ovvaloOnuatog. H avayvopion ovvaioOnuatog av kat mpofAnua  solMmv
KAdoewv, edw, amodoundnke oe mpofAnua toAaTA®v Svadik®v Taglvounoewv
IOV AVTILETOIIOTNKE pe SVM ta&ivountr) ekmaidevuevo amod Ta XEPOToinTa
xapaxtnpotika (handcrafted features) mov eiyav mponyovuévmg e€aybet amo ta

nYNTKa detypata.

Y  peAetn  [12] vy TV avayvoplon  HOuolKoU  ouvaloBrnuatog
xpnoposo|fnke ENA pe £10080 TA GACUATOYPAPT|LATA TOV TTPOC TAEIVOUNOT
HOVOIK®V QITOCTTACUATWV JT0L eiyav e§ayBel mponyovuevmg e apKeTd KaAd

amoteAeopaTa ota S0 0T IOV SOKIUACTNKE.

Yt peAetn [13] oe &va 0eT 1000 TPAYOUSIOV, ETIKETOMOMUEVWV HE TA
Xapaktnpotikad  tov XB&vog (Valence) xar tng Awyepong (Arousal),
npayuatomomOnkav tafivounoelg pe XENA mov eixe g €lcodo  Ta

(PACLATOYPAPTLATA TWV TPAYOUSIGOV.

1.3.3 Metapopa Madnong

Yt ueAetn [14], ypnowomoeital mpoekmaidevueévo oto ImageNet [15]
povtedo INA mpokeluévov va dokipaotel oe Ta§lvounon HOvoIkng. Av Kal TO
ImageNet eival «EEvo» 0ET WG TTIPOC TA PACUATOYPAPTILATA TOV TPAYOUSIQOV, 1)
peAetn £6e1&e ot n Metagopd Mabnong Aettovpyel o€ autr| TV TEePITTOOT.

¥t peAétn [16] mpotdBnke eva TPOEKTASEVUEVO YAPAKTNPLOTIKO €VOg
ovvellkTikoU Siktbov (pre-trained convnet feature) Omwg ovopdotnke.
[Ipokertal ywa &va ovvovaoTIKO Jl1AVUOUA  XAPAKTNPIOTIK®V Q0  TIG
EVEPYOTTONOEIS TV XAPTWV XapaktnploTik®v (feature maps) twv moAamAmv
emutedwv  evog  ekmaldeVUEVOL  OUVEAIKTIKOU KAl  XPNOUOTIOEITAl ™G
TIPOEKTAOEVIEVO HOVTIEAO Yl Sokiueg tafivounong (Stayxmplopov Adyov-
LOVOIKNC, TPOPAEYT) HOLOTKOU ouvalodnuatog, Siaywplopod eidoug HOVOIKNC) 1)
TTAAVOPOUNONG O AAAA TTAPOUOLA OET.
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Y1 peAén [17] avaivovial poekmaidevpeva HOVTIEAA TTOV XPTOUOTTOI0VVTAL
Yla TNV avayvepion Xepoypa@wv aA@afntwv Devanagari pe xpron petapopag
uadnong amo INA kot ovykekplueva twv AlexNet, DenseNet, VGG, Inception
omov ypnowomomfnkav wg e€aywyeig xapakmpotikev (feature extractors).
AnoSotikotepo (0e accuracy) eupgaviotnke 1o Inception v3 pe to AlexNet
exmadeveTal ypnyopotepa Kat pe 1% XaunAoTepo accuracy.

> peAetn [18] n petagopd pabnong ypnoomomOnke yia v taivounon
ovvalodnuatog peoa amd @wToypaPieg avipwnwv mov efaxdnkav amo
Kivnpatoypagikeg tawvieg. XpnopomomOnkav povieAda Babwv ovveAlkTik®v

OkTOWV mpoekmaidevuévwv oto ImageNet pe tnv texvikn tov fine-tuning.

2 peAETn [19] TPOKEEVOL VA AVAYVMPIOTOVV AVTIKEIUEVA TIOV TTEPVOVV
Amd TOV €AEYXO0 QUIOOKELGOV Ue aktiveg X, xpnowosmomonke XINA
TPOEKTTAIOEVIUEVO OE LEYANO KA YEVIKOTEPO OLT EIKOVWV MG AVTIoTADoua NG
eEMewng SebSopévov (eikdOvov peoa amd axtiveg X). To amotéleoua Tng
petagopag pabnong nrav va avayvwpiletal €va moTOAl 08 QITOOKELT) UE

opBotnta 98,92%.

1.3.4 Exavfnon 8eSopeévov (ueéowmw GANS)

Y peAetn [20] avtipetwmiotke to mpoPAnua EMewyng dedoucvwv, oe
TPOPANUA avayvmplong ovvalodnuatog oe opdia, pe t xpnon Iapaywyikov
Avtayoviotikov  Awktowv  (GANs). ITio  ovykekpyuéva, PeAtiwoav pa
apyttektovikn conditional GAN wote va TapAyel GACUATOYPAPTILATA YA TNV
KAQom mov pelovektovoe. Ta amoteAéopata oe Vo peyara oet SeSopevav
edetfav PeAtioon amo 5%-10% otav xpnouomowmOnke avtn 1 uebodog.

Y peAetn [21] mpoteivetan n xpnon CycleGAN wg yevvitopa EKOVOV TNG
KAQONG IOV voTepel 0e Selylata, TTPOKEUEVOL va SOKIHAOTEL 08 Ta§lvounon
(MOA\GV KAAOEWV) CUVAITONUATWV LE TKAVOTIONTIKT TTapovoia Setypatmv. Qg
ta&vountng xpnowposmomOnke eva INA. EmBefaindnke avénon 5%-10% tng
amodoong g tagvounong otav xpnoomotndnke 1 emavénon pe to CycleGAN.

Yan peAétn [22] BeAtiwOnke eva [Tapaywywko Aviaywviotiko Aiktvo (GAN)
TPOKEIUEVOL VA Habet Ta Yapaktnplotika PAafmv tov §epuatog oe SiapopeTika

enimeda MTOAVTTAOKOTITAG, EAEYXOUEVA. XTI OUVEXEIN Ol TEXVNTEG EIKOVEG TTOV
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mapnyaye 1o GAN epmAovTioav to oet ekmaidevong tov IIANpwg ZuvelkTikoU
Awktoov (FCN), yia TNV auTtopaTomomuevn S1ayvwon LEAAVOUATOS, AUEAVOVTAG
NV ToIKIoHop@Pia Twv Yapaktnpotikowv. H pgbodog avtn a&oroyndnke oto
ISIC 2018 skin lesion segmentation challenge ka1 £€6e1€e peyaAtepn akpifela

OULYKPLVOUEVT] UE TIC TPEXOLOeg HeBOSovE TUnUatomoinong Sepuatikwv PAABov.
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2 Ao tov 1Yo, ot Mnyavikn
MaOnon

'Onwg eidape kar oto Ewoaywywkd Ke@dhaio, o OykKog TNng HOLOIKNG IOV
Sakwveltal pEowm Gla81kTOOL eival TepAOTIOg KAl T Sev apkel i asmAn
avadnmon (tithov, ovvBeTn, Ypovoloyiag KukAogopiag, K.a.) Y va
1KAVOITONOel TIG AVAYKES AKOUA KAl €VOC QTAOV, XWPIG TTOAMEC ATALTNOELG,
akpoatr]. 'ETo1, 01 epapuoyEg avamapaymyng Pelakng LOVOIKNE EXOUV ApYIoel
va TPOCPEPOLY VINPeoieg Paocel mepiexouevouv dnAadt), HECW TG AvVAoLPONG
uovoikng mAnpogopiag [23] (MIR) amoomovv w@ehua potifa amd Tig
NXOYPAPTOEIC TA OTTOIA EIVAL KATAVONTA, XPTOUA OTOV AKPOATH] WOTE VA TOV
BonOnoovv va emAe€el mowa povokn Ba akovoel avaroywg Tov eidovg, Tov
XAPAKTIPA, TNS PLOUIKOTNTAG KA1 TTOAADY AAADV XAPAKTNPIOTIK®V. AKOUA, LECW
NG Avayvmplong povokoL ovvawsOnuatog [24], [9] (MER) pmopet o akpoatng
va emAEEEL 1) va SNUI0VPYTOEL H1a AlOTA avamapaywyng Baoel cuvaiodnuatikaov
amoypwoewv (ATNG, xapdag, Buov, TpueepoTnTAC, EVTAOTC, S1EYyepong, abevoug,
K.al.). AQOoU AOLTToV yivel efaywyr) Twv XApaKTNploTiKoV pe pefodovg avaivong
TOV MYNTIKOU OTNUATOC €pYETAl 1) OoTyun tng Mnyavikng Mabnong, omov ot
aAyopiBuol g (ta&ivounteg) ekmaidevovial amd ALTA KAl UITOPOVV  va

KATATAEOUV AvaAOY®ES TA KOUUATIO U0 HEYAANG Hovoikng BipAtodnkng.

2.1 ESaywyn nnuxeov YapaktnplotKkeoVv

ITpokeevou ammod Eva NYNTIKO onua va e§ayxboiv Ta XapaKTnploTIKA TOU TIPETEL
TPWTA A0 ovveyeg (avaioyiko) va petatpasel oe diakpito (Yyneiako). 'Etoy, 1o
avaioyiko onua kPavridetal (aipvovpe S1axpiteg TIUES TOL TTAATOVS TOV) KAl
detypatoAnmreitat (maipvovpe S10kPITEG TIUEG TOL OTOV XPOVO) KAl €lval ETOLO
vy mepatrteépw eneEepyacia. Kabog o topeag g e€aymwyng XapakInploTiKwy
(E.X) 8ev eival éva kawvovplo medio €pevvag, eival MEPAV TOV OKOMMV TNG
TAPOVOAC UEAETNG T Ava@opd OAwv O10T1 0 aplBuog toug eival peyarog. Oa
TEPLOPIOTOVUE KUPIWG O AUTA TIOV YXPTOUOTIOUOALE CAV €10000VC OTOVG

ta&vountéeg tov Ieipaua X.

_15_



2.1.1  Katnyopieg Nnukov Yapakmplotkev
Ta NYNTIKA XAPAKTNPIOTIKA KATATAGCOVTAL 0€ TPELS KUPlEg Katnyopieg [23] wg
egng:

e Xauniov emmedov: Ta YaunAov emmeSov XAPAKTNPIOTIKA HITOPOLV va
eEayBovv eite Aueoa asd To NYNTIKO OT)UA EITE HECK LETATKNUATIOUOV TOV
LY. MEOW peTaoynuatiopov Fourier. Asv €xouv 18waitepo vonua oe
enminmedo akpoatn Opwg 1 efaywyn Tovg elval  eUKOAN  Kal
XPNOUOTTOI0VVTAL EVPEWG.

e Meoaiov emumebov: AmoteAoLVIAL QIO  YAPAKTNPIOTIKA 70U 1)
AVATIAPACTAOT) TOUG £XEL TEPLOCOTEPO UOVOIKO VONMUA QIO AUTA TOV
¥aunAov emuedov. Tetoleg avamapaotaoelg a@opovy oTn HeAmSIK),
APLOVIKT), XOXPWUATIKT TIAEVPA TNG LOVOTKNC.

e Yyniov emméSov: Avt) 1 KATNyopld AVAQEPETAL OE UOVOIKA
YAPAKTNPIOTIKA 710V Sev mapayovtal amevbelag amd 10 NYNTIKO-UOVOIKO
onua. AQopa EPIOCOTEPO 0€ CUUPOAIKEG AVATIAPACTACELS TNG LOVOTKNG
OTIwG €lval 1 TAPTITOVPA TIOV TEPLYPAPEL HE VOTEC OAA TA UEPT) U1AG
povoikng ovvleong. Mia AAA avamtapAoTact) lval auTr) oV TapAayeTal
astd o MIDI (Musical Instrument Digital Interface) mpwtokoAro.

Oa pag ATACKOANCOLY TA XAPAKTNPLOTIKA TOV YAUNAOU emutedov.

2.1.2 Xapaktplomkd YAUNAol ereEdovn

Ava@epOnke Katl TPONYOUHEVKE OTL TA XAPAKTNPIOTIKA XAUNAOL emmedov [25],
[26] eCayovtar amevBeiag amd TO MYNTIKO ONUA KAl €ival aUTd IOV HaG
QITAOYOANCAV 0TIV Epyacia.

H Swadikaoia g e€aywyne ( Ewkova 2) apyilet pe ) Aeyouevn mapabvpworn oe
pkpng Siapkelag mapaBupa tov apykol orfpatog (short-term windowing). To
unkog kabe tetolov mapabvpov (frame) kvpaivetar ad 10mMs-100mMs AVAAOY®S
epapuoyng kat tomov onuatog. Ta frames pmopovv katl va emxaAvmTTOVIAL
KATTO1eg (Popeg. XN OLVEXEWM Kal Yy kaBe tétolo frame efayovue eva oet
XAPAKTNPIOTIK®V. 'OTAV TA YAPAKTNPIOTIKA TIPOKLITTOVY asnevdeiag amod To onua
Ale OTL a@opoLv 010 7edlo Tov Ypovou. 'OTav JPOKVMTOLVV HETA A0
uetaoynuatiopd Fourier (Fast Fourier Transform) tote agopotv oto medio twv

ovyvotntwv. TéAog, Ta Aeyopeva cepstral yapaktnplotikd 0mwg ya mapadetypa
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ta Mel Frequency Cepstral Coefficients (MFCCs) mpokUmtovv aso to cepstrum
(avaypaupatiopog tov Spectrum kat opideTal WG AVECTPAUUEVOS UET/OUOG

Fourier Tov AoyapiBuov tov spectrum). Eikova 1

log .

Ewkova 1: Ao 1o onua, oto cepstrum

* Zero Crossing Rate

time
. * Energy
domain « Entropy of Energy
s N
* Spectral Centroid fl
trequency E®Ese statistics [} G
equency * Spectral Flux per ’
« Spectral Rolloff feature
* Chroma Vector

* Chroma Deviation

* MFCCs

Ewkova 2: Short-term windowing kan e€aywyn xapaktnpiotikmv pe v pyAudioAnalysis
[27]

2.2 Mnyavikr) Madnon

H Mnyavikny Malnon eivan évag khadog g Texvntng Nonuoovvng (Ewkova 3)
IOV ETMTPETEL OTA VIIOAOYIOTIKA OUOTHHATA va pabaivouv amo mapadetypata kat
va BeATIOVOVTAL QIO TNV EUITEIPIA TTOV ATOKTOVV XWPIG VA EXOUV TIPOTYOUUEVKC
nipoypappatiotel [28] . Tpelg eival o1 YEVIKES KATNYOPIES TTOV KATATACCOVTAL TA
gépya g Mnyavung Mabnong [29], [30]:

e EmPAemopevny pdabnon (Supervised learning): Xta mpoPAnuata
emPAemopevng pabnong vapyovv ta Sedopeva katl ol etiketeg Tovg. Ta
O0edopeva XPNOLOTOI0VVTAL WG VAIKO EKTTAIOEVONG OTO LOVTEAO TO OTTO10
UEOW TNG OVUVAPTNONE TOL Mpoomabel va Ta Ta&vouroel 000 To duvatov
7110 KOVTA e To onueio avagopdag (ground truth). Tehkdg okomog etvat va

UITOPEL VA XPTOIUOTOOEL AUTI TN YVOON KAl 08 Ayvwota Sedoueva.
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Ynapyxovv 0vo kUpleg katnyopieg emPAemoupevng padnong:
n ta&ivounon (classification): otV omoilA 01 ETIKETEG £XOLV KATNYOPIKN
popen, &nAadn 1o kaBe SeSouevo KATATAOOETAL OE OUYKEKPIUEVN
katnyopia kol n smaitvépounon (regression): omov 1 €€odog elval pa
ovveyng petaPAntn. Mepikol yvwotol alyopiBuot emiAemtopevng pabnong
etvan o1 : SVM, K-nn, Naive Bayes, Neural Networks, Decision Trees,
Logistic regression, Random Forest, Linear Regression k.a.

Mn emPAemopevn pabnon (Unsupervised learning): Ztn un emPAemopevn
uadnon Sev vtapyovv etiketeg ota SeSopéva emouevag dev meEPIUEVOVE
Kol ;poPAEYN atd TO HOVTEAO. AUTO TIOU TEPIUEVOVUE €lval va
EVTOTOEL KATIO1EG KPUUUEVES CUOYETIOEIG LETAED TV SeSopuevmv 10060v.
Fvwotol aiyopiBuot pn emPAremopevng pabnong eivar:  k-means
clustering, Hierarchical clustering.

Evioyvtikr) paOnon (Reinforcement learning): Kipia Swgopd 1ng
EVIOYVTIKNG HaAOnong amd T aMeg Svo eivar O0tt o aiyopiBuog
aMnAemiSpd pe to mepfddov tov pabaivovtag pa OTPATNYIKN

EVEPYEINV JTIPOKEIUEVOU VA EMTUXEL E€VAV OTOXO OJIOV  AVAAOYW®S

emPpaPevetan 1) TIHwpEiTAL

Ewova 3: Ataypappa Venn tg TN
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2.2.1 BaOw 1 «<khaown» Mnyavikn Madnon;

H Sragpopd g unyavikng pabnong amo m Pabid pabnon £ykeital oto yeyovog
OTL 01 aAyop1Buot unyavikng pabnong kabopidovv kATOIA XAPAKTNPIOTIKA HECA
oto oet SedSopevav. Zuvnbwg avtd eivan «yelpomointa» (handcrafted) emouevwg
KAITO1EC (POPEC APKETA evaicOnta otav avamtvooovtal Ia mapaderyua, [31] Oa
UITOPOVOE KATTO10¢ VA EEAYEL ATTO TO NYNTIKO onua (0mtwg eldape 0To 2.1.2) KAl va
xpnowwomomoet pepikd@ MFCCs, wg¢ té€tola, vmoBetoviag OTL JTAPEXOLV
1KAVOTIONTIKT|] TTANPOQPOPIA YIA CUYKEKPIUEVT] TAEIVOUNOT KAl va ekmtaidevoet
evav ta&ivountn (;ty SVM) wote va €TIKETOMOW|0EL eva oeT dedouevav Paocet
AUTEV Kal povo avtwv. H vtoAoutn mAnpogopia ov vdpyel 0To OTUA EUELVE

AVEKUETAAELT).

Avtifeta, n Paocikn 108ea g Pabdag pabnong eivar ot pabaivel OAa Ta
YAPAKTNPIOTIKA UE 1EPAPYIKO  TPOMO UECK TWV TOMATAQV  eMUTESWV
EKTTAIBEVONG TWV VEVPWVIKOV OKTO®V asmevbeiag amd ta Oedoueva. TIa

napaderyua, otnv Ekova 4, to Siktuo mipoomadel va avayvwmploel eva mpoomIto,

Raw data Low-level features Mid-level features High-level features
ASNINT 7] QEACEAES [waves 5 W
NZEZC S RERSNOIN Sa6le8 vy

SEAN=AE o
-~ f/\\ .“ TN = d‘d gaﬁﬂ
=== vemaal 2 NS % ‘

Ewkova 4: XaunAov, peoov, vpniot emmedov yapaktnplotikad otn Babid Mabnon

np®Ta Oa paber Ta YaunAov-emmaeSov Yapaknplotika n ovvleon twv omoiwv Ha
odnynoel ota pecaiov-emuredov kol petd akoupa Pabvtepa ota LVPnAoL-
enutedov. MEow NG UN-YPAUUIKOTNTAC TWV OUVAPTIOEWMV EVEPYOTIOINONG TWV
TOAMATA@V  eMUTES®WV  TOU  VEVPWVIKOLU Ol Ol1a0uvvOeEoelg elval  TANPKG

«ekmadevolpeg» kAt tov Sev ovpPaivel oe Siktvo evog emmeSov.
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3 JvveAiktika Nevpwvika
Atktva (ENA)

Ta ZvveAiktikd Nevpwvikd Aiktva (ENA) eivar évag TOI0g VEUP®WVIKQOV STKTU®V
7OV ATToAAUPAVEL eVpElag XPTONE KAl AT0S0XTNG 0TOVG TOUEIS TNG YITOAOYIOTIKNG
'Opaong kat Emefepyaoiag Ewovwv. Ta INA Bpiokovv epapuoyrn oe £pya
Ta&wvounong Ewovwv, Avayvoplong Avrikewuevov, Emeepyaociag Bivteo,
dvowng Ene€epyaoiag 'A\wooag, Avayvwplong Opniag. H e€apetikn wavotnta
exuadnong mov Sabetovv oPeileTal KVPIwG OTNV TOAAATAOTNTA TwWV OTASIWV
eEAYWYNC XAPAKTNPIOTIK®OV TA OT0Id Hadaivouv auTouAT®wS AvVATAPAOTATELG

Ao ta SeSoUEVA TV EIKOVMV.

3.1 H Ap)yitektovikn twv XNA

H yevikr) apyitektovikn evog ENA [32], [33] ovvSuadel evarlaoooueva emimeda
ovveiEng (convolution) kat ovykevipwong (pooling) akoAovBovueva amo eva 1
neploootepa MANPwg ouvvoedepeva emineda (fully connected 1) dense layers).
Ava@opd yivetalr kal OTd €VPEWMS XPNOIUOMO0VUEVA ETmedd AmOCLPONG

(dropout layers).

3.1.1  YvveAiktiko emimedo (Convolutional layer)

To ouveAlkTiKO eival To mpwTO eminmedo evog ENA mov Yproloroleital yia v
eEAYWYN TV YXAPAKTNPIOTIKGOV Ao TV kabe eikova-eiocodo touv Siktvov. H
padnuatikn mpdaén g ovveAlgng tov cupPfaivel HETAEL TWV EIKOVOOTOLXEIWV TNG
EIKOVAC KA1 EVOC PIATPOU TTAPAYEL WG ATTOTEAECUA U0 TPOTTOTIOINUEVT] EIKOVA LIE

avavewpeva elrkovootolxeia, Eikova 5
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MAApwg Zuvbedeuévo
ZUVENIKTIKA eninedo
enineda Enineda .
SUYKEVTPWONG ===
Eicobog cae”

D“ S .

\ \
Y Y

E€aywyr] XapaktnploTIKwy Ta&wvéunon

Ewova 5: 'evikn Apyitektovikn ZNA

dirtpa(filters) n moupnveg (kernels)

Ta @idtpa eivalr apiBuntikoi mivakeg pikpwv ouvviBwg Staotdoemv kat 1)
Aettovpyia Tovg elval eite va QIATpApPoLY avemBountn mAnpogopia eite va
EVIOYVOLV KATTO1A XOPAKTNPIOTIKA pag eikovag. [a mapadetypa n ovveAidn g
akoAovONg pwtoypagiag pe eva @idtpo avayvwplong akuwv (edge detection)
TTAPAYEL LA VEA E1KOVA, €vAV VEO XAPTN Xapaktnplotikwv (feature map) omov

ToVi{OVTal 01 AKUES TOV EKOVI(OUEVOL TTPOo®ITOV, E1kova 6

Ewkova 6: Amotédeopa ouveNENG LE PIATPO AvAYyVOPLOTC AKUMV

Tvveadn

Baoel tov mapamave vmoBetovpe O0Tt 11 akoAovdn Ewova 7 asmewkovidel ta
EIKOVOOTOLXEI H1ag pwToypaglag oe pop@r| mivaka 6X6, to ovupolo * eival to

ovpPoro g mpa&ng g ovveAlEng kal o mivakag 3X3 eival To QIATPO TTOU

XPNOUOTOI0VUE TTY YA avayvwplon akpwmv. To gidtpo ohoBaivel mavw otov
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TVAKA OTOLXEI0 AVA OTOLYEI0 KAl EKTEAOLVTAL KATTOlEG padnuatikeg mpaelg yia
va katainéovue oOTovV TEAMKO Tivaka 4X4 JOU  OvouAdeTal  XAPTNG

yapaktnplotikov (feature map) kat eivai ) taparayuevn e1kova.

3lof1]2]7]4

1/5[(8/9|3]1 5T 208

27|25 /1|3 10|22 |3

o[1[3[1]7]8 =0 l2lal7

41201628 3|-2[-3[-16

ol4l5[2]3]9 —
ElKOvVa XOPAKTNPLOTIKWY

Ewova 7: H mpa&n g ovvehéng

'ET01, y1a TOV UITOAOYI0UO TOV E0MTEPIKOV YIVOUEVOD TWV TIIVAK®V TTAIPVOUUE TO
3X3 @iAtpo 1o evamobétovpe otV TAV® APLOTEPT) TTEPLOYT TOV 6X6 TVaKA Kot
EKTEAOVE TIC TPAeIg:
B*D+A+*D+2+*D+O+x0)+G*+0)+7+«0)+(1*-1)+@B*-1)+(2*—-1)=-5
To -5 eival t0 TPWTO (MAVE® APlOTEPA) OTOIXEIO TOU XAPTH XAPAKTINPLOTIK®V.
AvnioToiywg SovAevovpe Kal e T LITOAOLTA OTolXEld, oAloBaivovTtag To PIATpo
WOTOV VA OLUTANPWOeL 0 TeAikog mivakag. I'evikevovtag TV TAPATAV®
Sadikacia eav vtobBeoovue OTL N APYIKN EKOVA gival SIA0TACEWV 1 * . KAl TO
PIATPO e TO 071010 ovuveAicoeTal eival S100TAoewV f * f TOTE 0 TAPAYOUEVOG
Xaptng xapaktpotikev Ba etivar (n — f + 1) * (n — f + 1) Saotdoewv.
Apyotepa, o xaptng xapaktnplotikwv Ba odnyndei oe dAAa emimeda yia va pabet

Kal AAAQ XAPAKTNPLOTIKA TNG EIKOVAG E10080V.

Yreprapapetpot oto XvveAtktko Exinedo

Yrtdpyovv KAMOIEG LMEPTIAPAUETPOL Ol OTMOIEG HE TIG KATAMNAEG puvbuioelg
ennpeadovv to peyebog kat to fabog g €060V NG MAPAYOUEVNG EIKOVAC HETA
N ovveAifn. Avteg eivat:

To mAnBo¢ Twv @iAtpwv (mupnvwv): AvEavoviag to mAnbog twv PIATpwV o€
KAITO10 OUVEAIKTIKO emimebo avéavetat o aplBuog Twv vevpovwv (Kpupwmv
HOVAS®V) OTTOTE KAl TO GIKTUO YIVETAL IKAVOTEPO VA AVIXVEVOEL TTOAVTTAOKOTEPA

uotipa.
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To uéyehog twv @iAtpwv: O1 TINES TOV TTivaKA TOL PIATPOL, TA Agyoueva Bapn
(weights) mpoxUTTOLY KATA TNV €KMTAISEVOT TOL SIKTVOVL KAl AVTITTPOCHITIEVOVY
TN ONUAVTIKOTNTA TOV XAPAKTNPIOTIKOD JI0U eK@PAlouv otV ekova eEodov.
Fevikd, Ta pkpoOTeEpoL peyEBovg PIATPA GUYKEVTP®OVOUV HEYAAO OYKO TOITIKI|G
AN POPOPIAg PE CUVETEIA VA CLUAAUPAVOLY KL TIG TTAPAMIKPES AETTTOUEPEIES
KAITO10V HEPOVG TNG EIKOVAG EVM TA LEYAAVTEPOL HEYEDOVG PIATPA ATTOTUTT®VOLV
J1QL TTO YEVIKT), ETTOTTIKT) AAAA ATYOTEPO AETTOUEPELOKT] ATToPn NG ekovag. To
OXNUA TWV GIATPp®YV £1val 0XESOV TAVTIOTE TETPAYWVO LE S100TACELG TT.X. 3X3 1) 5X5
(ovvnBwg povav aplBumv) Xxwpig va aToKAEloVTAl KAl HEYOADTEPES AAAA e
oTav1OTeEPT XPNON KABWG XAVOUV ONUAVTIKEG AETMTOUEPEIEG TNG EIKOVAG KAl
KATTO1EG (POPEC 0O YOUV O€ LITEPTTPOTAPLLOYT.

Bnuatiouog (stride): Katd tn odpwon Tov Tivaka Tng eiovag e10060v amod To
@IATpO umopel va emheyel 1o fripa pe to omoio Ha yivetal ) cApwoT avTr) T000
opllovtia 000 kat kaBeta. AnAadn o Pnuatiopdg mpoodiopidel moOcA
elkovooTolxeia Oa mpoomepva To PIATPO KATA TN OUVEAEN TOVL HE TNV EIKOVA.
Avtl n Swdwkaola €xel wg amotéAecua T OPAOCTIKT] UEIWOT  TOL
ueyeboug ™mg TTAPAYOUEVNG EKOVAG Kata TOoV TUTIO:

n+2p—f N 1J
S

omov n=8wotaon Tov mivaka €wodov, p=peyebog tov padding (yéuoua
neplBwpiov), f= Sidotaon Tov @iAtpov, s= peyebog fnuatiopov.

Fepopa mepibwpiov (padding): To yeuopa tov mepiBwpiov Tov mivaka Tng
€KOvag €10080v e undevikd eivatl pia evepyela mov £xel o otoxovs. O TP®TOg
0TOY0G elval n S1aTnpnon THV ApXIKGV S1a0TACEMV TNG E1KOVAG LETA TN CLUVEANEN
NG UE TO PIATPO, KATL 7TOL €ival emBuUNTO 0TA TOAMATTAQ CUVENKTIKA eminmeda
Twv Babinv vevpuvikov Siktiwv agol Ywpig to padding Oa eiyaue Stadoyikeg
OoLVPPIKVROOELS TNG &kovag. O Jevtepog otOX0g eivar 1 Satnpnon g
TANPOPOPIAC TWV EIKOVOOTOIXEIWV 7oV Pplokovial ota akpa (opilovtia kat
kaBeta) g ewovag. Katd Tig oAwoOnoeig touv @idtpou, TA KEVIPIKA
E1KOVOOTOLXEIA TTEPIAAUPAVOVTAL TTEPIOCOTEPES POPES OTN OGUVEAIEN QIO OTL TA
aKkpaia €1KkovooTolela Tng ekovag. Me tnv vaepmapAUeETPO TOV YEUIOUATOG
eplBwPilov Ta aKpAld EIKOVOOTOLXEIN HETAPEPOVTAL KEVIPIKOTEPA OTOV TIVAKA
NG €IKOVAG e OULVETEI va eu@avidovtal ouyvotepa OTIC OULVEAIElS Tov

OVVENIKTIKOV emutedov.
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3.1.2 Eminedo ovykévipwong 1) ovoompevong (Pooling Layer)

Ta oA amAa emtimeSa ovveAl€ng tov ovvnBwg £xet eva ENA avEavouv onuavTika
oV apOuo Tev mapapeTpwv (fapwv) mov 1o Siktvo kaAeital va ekmaidevoel e
KOOTOC TNV av&non Tov XPOVou eKTAISELONC KAl TV VITOAOYIOTIKGWV TTOPWV IOV
amartovvtal yU avtr). O 0Komog oL emMIAESOV CUYKEVTPWOTC EIVAL I LEIWOT) TOV
HeYEBOLG TOV XAPTI XAPAKTNPIOTIK®OV (ONIWwG AUTOG TTPOKVATEL ATTO TO emimedo
OLVEANIENG) UE TAVTOXPOVN OUKE S1aTNPNOT) TNG ONUAVTIKNG TTANPOPOPIAg IOV
vITapyel NON oe avtov. Me autn Vv VTOSETYLATOANYIA TPOKVITTOVV VEOL XAPTEG
XAPAKTNPIOTIK®V OUUTTUKVOUEVNS avaAvong. Ymapyouvv apketeg uebodot
OUYKEVTPWONG €lte Onuo@IAeilg eite mpwTomoplakeg. Avagepovpe Tig 600
Snuo@eatepeg kaBmg xpnouomolovvtal ota TNA 10U £yvay Ta TEPAUATA TNG
mapovoag epyaoiag. Avtég eival ot péBodot g HEYIoTNG oLyKevIpwong (max

pooling) ka1 g péong ovykeévipwong (average pooling).

Meéyrwo ovykevipwor (max pooling)
O mivakag Tng HEY0TNG OUYKEVIPMOTG EXEL KA AVTOG VIEPTIAPAUETPOVS OTWG
Kal 1o PiATpo ovveNiEng 6nAadn exel Sidotaon kot fnuatiopd. Mia onuavTikn
Sltagpopd Tovg eival 0Tl To @iAtpo max pooling Sev €xel mapapeTpovg TPOG
exmaidevor). 'Etol, poAg mapel tipeg ya ) S1aotaon kat Tov ruatiopo, avto
IOV KAVEL elval va 0Alo0aivel 0TOV XAPTH XAPAKTNPIOTIK®V TOL (JTIPOTNYOUUEVOV)
emuUTESOL OLVENENG KAl va eMAEYEL TN PEYIOTN TN anmo kabe mapdBupo
AYVOOVTAG TIC VLIOAOUTEG WHE QUIOTEAECUA TNV JTAPAYWYN] VEOL XAPTN
XAPAKTNPIOTIKOV HIKPOTEPWV Olaotacewv. [a mg Swaotacelg Tov XAapt
XAPAKTNPIOTIK®V 10YVEL 0 HaBNUATIKOG TUITOC TTOV €I8AUE TTPOTYOUUEV®G LE TN
S1apopd 011 8w TO P=0.

nt2r=f

S

Meéon ovykeévipwon (average pooling)
To emined0 PEONC OVUYKEVIPWONG EKTEAET TNV LITOSETY LATOANYIA TTAPOUOLA |LE TOV
TPOITIO TOL Max pooling AMA AVTi yia 1) HEYI0TN EMTAEYEL TOV LECO OPO TWV TIUDV
TWV EIKOVOOTOLXEIMV TNG EKAOTOTE TTEPLOYNS OAPWONG.
Fevika, n pébodog max pooling ypnoilgosmoleital ouXvOTEPA ATO AUVTH TOV

average pooling.
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Image flattening (netatpomnrn ewovag oe Srtavvopa)

H SwaSpopur) mov akoiovbei 1 ei0060g (SnA. 1) €£1kOVA) OTA CUVEMKTIKA KAl 0T
enineda CLYKEVTPWOTC evOg ENA HETAUOPPDVEL S1APKDG TNV TTANPOPOPIA, KATA
NV ekmaidevor, oe YAPTES XAPAKTNPIOTIK®V S1apopwv peyebav. 10 TeAevtaio
eninedo, mpwv o TMANPwE ovvoedeuevo, €xel Snuiovpyndel mANbog TETOIWV
Xaptowv o Slaotdoewv TO OMOl0 MPENEL va  peTatpastel oe Siavuoua pag
S100TaoNng TPOKEUEVOL va Yivel el0o8og 0To MANpwg ouvdedepevo emimedo. H

Sladikaoia avtn ovouddetal image flattening.

3.1.3 ITAnpwg ovvdedeuevo emimedo (fully connected layer)

Ytnv ovoia mpokertal yua éva moAveminedo perceptron (MLP) SnAadn éva
TEXVNTO VEVPWVIKO OlkTvo Mpoobiag Tpo@odotnong mov mepthapufavel éva 1
EPLOOOTEPA KPLPA emimeda evolaueomg Twv emumedwv e1006ov kar £€060v,

Ewova 8.

—N\ Eninedo
Eninedo eEodou
elocodou Kpudhd

eninedo

Ewova 8: MLP pe éva kpu@o (mAnpwg ovvoedepevo) emimedo

Meta&l Tov vevpmvwy Tov 1810V emumedov dev vapyel kapia ovvdeon aAld ot
vevpaveg 80 dradoyikav emumedwv ocvvSEovTal TANpwg petadd Toug. H Sour) Tov
MLP eivau 1 e&ng:

Eninebo etoodov: Eivar 1o Sivuoua YapaktnploTiKoV, OImMG AUTO TTPOEPYETAL
peta to image flattening mov eiSape mponyovpevme.

Kpvo eminedo: 'Eva 1 meploocotepa emimeda TOUC VEVPWOVEG TWV OTOLMV 0VTE
eAEyyovpe ovTe PAemtovpe, 50U KAl 1) OVOUACTA «KPUEPO». TTIC AKUES LETAED TWV
vevpwvwv avatifevtat Tipnég (Bapn) avaioya pe Tr ONUAVTIKOTNTA TG EMPPOTNG

TOVG OTNV TENKT) TPOPAey™ TNg €680V
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Eninebo e€£odov: Eivar 10 emimedo 010 07010, avAloya He T OUVAPTNON
EVEPYOITOINONG TTOV XPNOIUOITOIOVUE, TTAIPVOULE TO ATOTEAETUA TNG TTPOPAEYNC
Ao 10 povteAdo. To amotédeopa avtd Oa ATOTUTOVETAL EITE UE TTPAYUATIKOUG
ap1Buovg (av mpokertal yia ipoAnua maktvépounong) eite pe mbavotnteg (av

POKELTAL Yia TTpOPAnua taivounong).

3.1.4 Eminedo Amoovpong (Dropout Layer)

Av ka1 Sev amoteAel kKUplo ovoTaTikO €vog XNA, 1o emineSo amoovpong [34]
XPTNOLOTIOIEITAL O€ TTOAAEG APXITEKTOVIKES SIKTUWV GLVIOWG TPV ATTO TO TIAT) PWG
ovvdedepevo eminedo (m.x. VGG, AlexNet, k.a.). H texvikn g amocvpong eival
ua pEBodog aToPuyNg TNG LITEPTPOTAPLOYTIS OTA VEVP®VIKA SikTLA.

H vmepmpooappoyr) ovpPaivel otav €va HOVIEAO €V (PAIVOLEVIKA EXEL
exmadevtel eaPeTIKA KAAQ, OTNV TIPAYUATIKOTNTA £XE1 ATARNG ATOLVTLOVEVGEL
oAa ta debopeva ekmaidevong. To mpOPANUA ATOKAADTTETAL OTAV TO HOVTEAO
Sok1aotel oe oUVOAO Sedouevmwv 0To 07010 dev Exel ekTaISEVTEL TTOTE OTOL KAl

QITOTVYXAVEL 0TI YEVIKEVOT) TOL.
H texvikn g amoovpong, omwg mpodidel katl 1 ovopaocia g, auto oV KAVEL
elval 0Tl amoovpel €va TTOCOOTO TUXAIWV VELP®VWV a0 KATolo eminmedo,

Ewova 9.

Enineda xwpig andoupon kOpBwy Enineda pe anooupon kopBwv

Ewxova 9: Texvikn g amtdoovpong KOUBmv-vevpmvwv

H mBavomnta g amdovpong amo@acifetal amd Tov XpnoTr, TPoKeITal SnAadT)
Y1 U1a VTEPTTAPAUETPO. O1 ATTOCVPOUEVOL VEVPMVEC OE CUUUETEYXOLV TIAEOV OTOV
TPEXOVTA YUPO TNG EKTAIGEVONG KAL AUTO £XEL WG ATOTEAECUA TOV EEAVAYKACTUO

TV LTOAOWIWV (EVEPYROV) VELPOV®Y TOV EMTESOV OTOV EVIOMIOUO VEWV
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XAPAKTNPOTIK®V 7ov Oev Paocidovial otovg mpoowpiva (kabwg pmopel va
evepyomomnBovv Eava oe enopevo yOpo) avevepyolg vevpwves. ‘Ooo Stapkel avTt)
n 6wdikaocia, Ta PApn AVAVEDVOVIAL CLVEXMS KAl WG ATOTEAEOUA E£XOVUE

JTO10TIKOTEPN eKTaibevoT SnAadT) AtyoTepo evaioOntTn oTNV LIAEPTPOCAPLOYT).

3.2 Xvvaptoeig Evepyomoinong (activation
functions, nonlinearities)

Ot vevpwveg evog TNA ekteAoOV &vav  YPAUUIKO HETACYNUATIONO (2z)

XPNOOTOIOVTAG TIG €10080V¢(X;), Ta Bapn(wi) kal Tnv toAwon(b):

zZ= inwi+b

AvTOg 0 YPAUUIKOG HETAOYNUATIONOG OVOUACETAL KAl OUVAPTNOT oTtaduiopevoy
aBpoiopatog (weighted sum function). H ovvaptnon evepyomoinong [35]
tomoBeteital oto téAog (otnv €£080) kat petaoynuatidel T YPAUUIKOTNTA TOU
vevpawva oe un ypaukotnta [36] (nonlinearity) amogpaciovtag av o vevpmvag
Ba evepyomoinOei 1) Ox1 kavovikomolwvTag TNV Tiur e§68ov petald [0,1] 1 [—1,1]
AVaAOY®WG TOU TUTIOL TNG OULUVAPTNONG EVEPYOTOINONG IOV XPNOlHosmononke.
'Etol, 10 SikTvo pimopel va mpooeyyioel ouvaptnoelg mov dev elval YPAUUIKES
OnAad” popet va tpoPAEel L KAAGOT Tov S1aympideTal amo pUn-ypauiKa opia.
Kata m Sapkela mg epmmpooBodiadoong Tov opAAUATOG 1) TTANPOPOPIA OTOVG

VEVPMVEC LETAPEPETAL ATTO TIG E10080V¢ P0G To eminedo e£0660v Tovg:
¥ = ovvaptnon evepyomonong (z xX;w; +b)
21N ovveyela 1) Tiun) g mpoPAreywng (§) ovykpivetat pe v mpayuatikn tun (y)
Y1a TOV VTTOAOYIOUO TOV OPAAUATOC:
opadua =y -39
Kat akoAovBel 1 avaveéwon Ttwv Papov (wi) pEow g omobodiadoong
(backpropagation) o€ 0Aa ta emimeda Tov SikTvOV WOTTOL va pewwdel n Srapopad

peTa&l TPOPAEYNC KA TIPAYUATIKTG TIUNG KAl VA 0OAOKANpwOel £To1 1) ekmaiSevor

TOVL.

O1 ouvapTnoelg evepyomoinong eival katd kavova:
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Atapopioiueg (differentiable), yia va pmopel to Siktvo va avavemvel Ta fapn kat
TIC TIOAQOEIS TWV VEVPOVWV KATA Tnv omobodiadoon Tov o@aApatog,
LUEIWVOVTAG TO.

Movotoveg (monotonic), KaBwg 1N HOVOTOVI] CUUIIEPLPOPA TNG CLVAPTNONG
BonBdetl TN oUYKAION TOV VELPWVIKOV, TNV EVKOAOTEPT] EVPECT] EAAYIOTOV OTNV
KALOT).

To kp1trp1o TG HovoToviag Sev elval LITOYPEMTIKO KAOMS LITAPYOVV CUVAPTNOELG

EVEPYOTIOINOTG TTOL eV TO 1KAvoToloLyv. Mia tétola ovvaptnor eivat ) Mish.

TeAwkd, PAemovpe 0T kABwG 01 CLVAPTIOELG EvepyOToinong Tailovv kaBoploTikd
POAO OTNV ATOS00T) KAl OTOV XPOVO EKTTAIOEVONG TWV VEVPWVIK®OV SIKTOU®V, 1)
TPOCEKTIKN £TAOYN Tovg Ba 08nynoet to 8ikTvo oe KaAUTepn amodoor), Atyotepo

XPOVO EKTTAIOELONG KAL e AYOTEPES ATTMAEIEC.

Ynapyovv moAAd €i8n ouvvaptroewv evepyomoinong, Oa avagepovpue ot

OULVEYELA LEPIKA ATTO TA JTIO KOVAL:

3.2.1 Xwypoedng n Aoyrwotikn cvvaptnon (sigmoid function)
AT10 TIG 7110 KOIVEC OLVAPTIOEIG EVEPYOITOINONG, XapakTnpiletal amo to oxnua “S”

TNG KAWTVANG TNG KAl 0pldeETal asmd ToV TUTO:

o) = 1+e™*

O1 Tpég g xvpaivovtar peta&y [0,1] kot ypnowomoleital otnv Svadikn)
ta&vounon (binary classification) yia v tpofAeyn g mbavotntag petadd Svo
KAQoewv OTtwg paivetarl oty Ewova 10.

1.0

0.8}

0.6

0.2

0.0

Ewova 10: H otypoegidng ovvapton
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H owypoedng, av kat maiaiotepa ntav moAv Sadedopevn, exel avrikataotabel
astd ) ReLU kvpimg ota Babia Nevpwvika Atktva e€artiag tov ipoAnuatog g
eCapaviong kAlong [35] (vanishing gradient problem) mov mpokaiei. Emeidn),
OTwg avapepOnke, 1 orynoeldng ovumedel Tig eloepyopeveg Tipeg petaly [0,1]
aKoOpa Kal peydAeg O10KLUAVOELS OTIS TIUEG TNG €10080V NG CLVAPTNONG
JPOKAAOUV TTOAD UKpeg allayeg otnv €£000. AUTO €xEl WG ATOTEAECUA TNV
EAAY10TOMOINON TNG TAPAYMDYOL TNG OLVAPTNONG opaiuatog (sov eival To
YIVOLEVO OAWV TV TTAPAYDY®DV TOV VEUPOVKOYV) KATA TNV 01io00d1adoon kat £To1
a@ov 1 kAion g kabodov oxebov eEapaviletal, mote Sev MPOKELITAL VA PTACEL
oto emBuunTto eAdy1oto, 6nAad” N exmaidevon Tov SikTvoL amoTvyyavel. AAo
£VA UEIOVEKTN LA TNG CLVAPTNOTC AVTHG elvan 0Tt Sev eivan zero-centered SnAaodT)
TO €VPOG TILWV TNG Sev meprthapfPaver Oetikeg katl apvntikeg Tipeg. 'Eton, ) €§o8og
evog vevpwva pe sigmoid mavtote Ba €xer Oetikeg Tipeg omote ta Papn ya va
avavemBovv ypeladoval mePIOCOTEPES EMOYES TTPOKEIUEVOL VA eKTTadevTolV

owWoTA.

3.2.2 Kavovikomompuévn ekBetikn ovvapmon (softmax
function)

H softmax, Eixova 11, elval pgia YEVIKEVUEVT] LOP@PT] TNG OTYLOEISOVUE GUVAPTNONG
Kl XPpNOlHosoleital oto emimedo 5060V evog VEVPMVIKOD SIKTUOL IOV ETTAVEL
TPOPANUA TAEIVOUN O TTOADY KAATEWV.

0.10

0.02

0.00 L .
0 20 40

Ewova 11: H ovvaptnon softmax

O1 Tipeg mov pmopet va apet eivat petao [0, 1] pe to dBpolopa twv mbavotntwy
va wovtal pe 1. H xavovikomowmuévn ekBetikr) ouvaptnon ekppadetal amod Tov
TOTO:
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e%
o) = g

2 eri

3.2.3 Xvvapmon vrepPoikrg epatousvng (hyperbolic
tangent function, tanh)

H ovvapmnong g vmepPoAlKng €@ATTOUEVIC €XEL TA ITAEOVEKTNUATA TNG
otypoeidovg kal emmmAéov elval zero-centered UE OUVETEIN VA EMITUYXAVEL
KaAUTEPN atodoon otnv ekmaidevon oe ENA, Ewova 12.

1.0

0.5}
0.0k o R S SO ................

—-0.5f---

-1.0

100

Ewova 12: H cuvaptnon tanh

H ouvaptnon ekppadetan amod Tov TOmo:

1—e*
1+e>*

o(x) =

H tanh asmoteAel pa tpomomoiuevn ekdoon g sigmoid agov n vepBoAikn)
eQaTOpEVT Wtopel va ek@paotel wg tan(x) = 2sigmoid(2x) — 1. To eDpog TIUGV
g exteivetal 0to Sraotnua [—1,1] omote mapayel wg £E060 apvnTikeg, Hetikeg
kal undevikeg Tipueg. Me avtov tov Tpomo ealeipel kat to zero-centered
mpofAnua mov avagepOnke vwpitepa. Opwg KAl 0e AuTr TN oLVAPTNON
TAPAUEVEL TO TTPOPANUA NG EEAPAVIOTC KAIOTIC AOY® TNG OVUITIECTIC TOV TILQOV

e10060v oto [—1,1].
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3.2.4 Xvvapmon SopOwuevng ypaupkng povadag (Rectified
Linear Unit function, ReLU)

H ovvaptnon SopBwpevng ypapuikng povadag mapapevel, amod Tov Kapo stov
poTadnkKe, Hia eEapetikd Snuo@Ang cvvaptnon evepyosmoinong. H ReLU [37]
EXEL TTAPA TTOAD HIKPO VITOAOYIOTIKO KOOTOG £€AITIAG TWV ATTAWV LITOAOYIOU®MY
xwplg ekBetika. Emiong ota vevpmvikd Siktva €xel KaAUTepn amodoor Kat
yevikevon amod o1t ot tanh kot sigmoid katl xpnoiuomoleital evpewg oTa KpuPA

enineda twv fabiov vevpmvik®v SIKTU®V.

H ovvaptnon SiopOBwpevng ypapkng povadag ek@padetal amo Trn OxXeon:

_ _(x, yiax =0
f(x) = max(0,x) = {O, yia x < 0

AnAadt) n ouvaPTNOT) EVEPYOTOLEL TOV VEVPWVA LOVO av 1) elcoog eivatl BeTikog
ap1OUOC KA1 TOTE EXELYPAULIKT OXEOT e TN pHetaPAnTr) e€0dov. Av 1) €il0odog eival
apvnTikn N undevikn) tote 1 £€odog eivar tavta undev, Ewova 13

5

0 20 40 60 80 100

Ewova 13: H cuvaptnon ReLU

'"Eva mAeovektnua g ReLU eivar 6Tt eloayet v adpavela ota kpu@a emimeda
kaBag o1 Tueg g ovpmedovrar petaly [0, +o0). Emiong, dev maoyel amd 1o
npOPANua NG eEapaviong kAlong (0mtwg ot sigmoid kot tanh) ag@ov 1 mapaywyog
elvan tavta 0 N 1. 'Opwg, OMwg avapepnke mapamavw, kabe €icodog mov elval
APVNTIKT) TTAPAYEL O 0TNV €000 TTOL ONUATVEL OTL 0 AVTIOTOLX0G Vevpwvag Sev Ba
evepyomomnBel. 'Etol, xata m Sadikaoia tng omoBodiadoong ta Papn kot ol
TTIOAWOEIS TV AVEVEPYROV VELPWVWV O Ba evnuepwBolv kal emouévag Oe
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OULVEIO@PEPOLY 0TI S1ad1Kaoia NG ekmAidevong SNUIOVPYWVTAG TO AEYOUEVO
dying ReLU problem [38] 1] mpofAnua tov «vekpov vevpwvar» . To mpofAnua

auTto avtipetwmifetan pe  ovvaptnorn Leaky ReLU mov 6a Sovue otn ovveyea.

3.2.5 Xvvapton stappéovoag S10p0wuéving ypapupuikng
povadag (Leaky ReLLU, LReLU)

[Tpokertan ya pia BeAtiopevn €kdoon g ReLU mov e1o0ayel pia pikpr apvnTik
KkAlon («8iappon»)  ya va Avoel 1o mpOPANUA TOU «VEKPOD VELP®VA» Kal

eKPPAdeTal Ao TN oYeoN:

_(0.01x, yiax <0
fx) _{x, yiex >0

'Otav 1 Tiur| evog veupmva eivatl apviTiKi TOTe N TIUN TOAATAACIAZETAL UE TO
0.01 WOTe va amo@evyBel N amevepyormoinor tov. [a T Xx=0 1 aAploTEPT

napaywyog g LReLU [37] eivat 0.01 evw 1) 8e&1a mapaywyog eivan 1, Eikova 14.

4 ; !

0 10 20 30 40 50 60

Ewova 14: H cuvaptnon Leaky ReLU

A@ov avteg o1 Svo mapaywyot Sev eivat ioeg (yia x=0) TOTe 1) suvapTnot dev elval
TAPAYWOYIOIUN yia X=0. AUTO yla T0 BeTikO peEPOg TIH®V Sev eival mpofAnua
(eme1d1) 1 KAloT €lval TAVTOTE 1) AAAA YA TO APVNTIKO UEPOG gival TTPOPAnUa
KaBwg 1 Tur) 0.01 TNg KAIOTNG elval TOAD KOVTA 0TO O EYKUUOVOVTAS TOV Kiviuvo

EUPAVIOTIC TOVG TTPoPATILATOG TNG e€a@AVIoNg KAIONG.
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3.2.6 Xvvapton Swish

H Swish [39] eivat n 710 tpoOC@ATA TAPOVOIACUEVT] CUVAPTNOT EVEPYOITOINOTG
7OV oyoAldetal og autrn v gpyaoia. [IpotdBnke 1o 2017 amd v oudda Tng
Google Brain ka1 AOyw Tng amAOTNTAG TNG AAAA KAl TN OUOIOTNTAG TNG HE TNV
ReLU v kdavel «gvkoAn» avtkataotatpia tg ReLU ota eminmeda twv

VEVPWVIKDV OTKTU®™V.

H Swish eivan un @paypévn endvm kot @paypevn katw onmwg 1 ReLU. Avtifeta
ue t ReLU eival opaAr), un povotovr ouvaptnon kat avtr n 810t ta g v
Kkavel va Eexmpidel amod TIg Mo KOWeEg ouvapThoelg evepyormoinong. Onwg eidaue
mponyovpévwg n ReLU, aAAd kat petayeveotepeg maparayeg e omwg np LReLU
1 1 SELU &gev kata@epvouy va amraAAayovy asto TNV eUPAVIOT) TOL TTPOoBANLATOG
g e€apaviong kAiong. @aivetal Opmg 0T  VYNAN amodoon tng Swish oe BNA
ovykptvopuevn pe avteg twv ReLU kat sigmoid amodidetal katd £va pépog otnv
ehaylotomoinon g e&agpaviong kAiong kata v omobodiadoon. H Swish

ekppadetal amo Tov TOMO:

f(x) = x sigmoid(Bx)

'Omov B, a otabepd N pia ekmadeVoUN TAPAUETPOS (VITEPTAPAUETPOC). AV 1)
B = 1 tote 1 cvvaptnon yivetal W0odLvaun pe v Sigmoid-weighted Linear Unit
ua srapaiiayn ng sigmoid ov TAPOVCIACTNKE YiA TNV EVICYUTIKN padnon
(reinforcement learning). Av 3 = 0 n Swish yivetat n ouvaptnon f(x) = ’2—6 Kal av
1 mapauetpog P teivel oto amelpo tote nj Swish Aertovpyel omwg n ReLU, Ewkova

15.
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Ewkova 15: H ovuvaptnon swish yia Stagpopeg tipeg mg

3.3 Xvvaptoeg kootovg (cost functions, loss
functions)

H ouvaptnon k0otovug 1) opaAnaTtog elval £vag TPOTOg LETPTOTG TTOV LITOAOYIEL

T0 o@AAua SnAadt| vtoAoyidel To TOGO KOVTA 1) OX1 elvan 1 TPoPAeyn (prediction)

JOU €XEL KAVEL TO VEVPWVIKO S1KTUO KATA TNV EKTAISEVOT) TOV O€ OYEOT] e TNV

nmpaypatikotnta (ground truth).

H emoyn g KatdAAnAng ouvaptnong KOOTOUg Elval KAIPlog TAPAYOVTAS TTOV

ennpeadel v akpifeia tov vevpwvikoL Siktvov. H Tiun touv opdiuatog Oa

xpnowomonfel 0T cLVEXEIA A0 KATTO1A oLVAPTNOT BeATIoTONOINONG 1 ool

uEow pubuioeng kamowwv mapapetpwv g (optimization) 6a odnynoel ot

BeAtimon tng akpifelag Tov HovIEAOUL.

O1 ouvapTNoelg CPAALATOG KATATATOOVTAL 0 SVO KUPIEG KATNYOPiEG AVAAOY®S

TOV £PYOV JIOV KAAEITAL VA ATTOOMOEL TO LOVTIEAO, AVAPEPOVTAL UEPIKES EEAVTAOV:
e ITaAvdpounong:
1. Jvvapmnon peoov TteTpaywvikov opaiuatog (Mean Squarred

Error Loss)
Metpdel 10 HECO TETPAYWVIKO O@AAUA HETASL NG TPoPAeTOpEVNC KAl TNG

TPAYUATIKNC TIUNG TNE e§080V kat 1 TIung eivat mavtote Oetikn:
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N
1
Cw,b) =5 > Gy’
i=1

omov w = mivakag Bapwv, b = ToAwoelg,
N = tAnfoc¢ Setyudtwv eknaidsvong,

y, = mpofleyn £6dov, y = mpayuatikn tiun e€660v

'Eva mAeovektnua g MSE eival ot eyyvatal 0Tt 10 povieho dev Ba €xet
npoPAEPelg axkpaiowv Tu®v (outliers) pe peydda o@dipata kabBwg Toug
npooBETEl TEPIO0OTEPO PAPOG O€ OYEOT UE TA KPA OPAAUATA. MEPIKES POpPES
avtr) N evalodnoia g MSE otig akpaieg Tiuég (AOyw TETPAYDVOL OTIC TIUES
O(PAALATOG) WITOPEL VA PAVEL OAV LEIOVEKTNUA 08 MEPUTTMOELS TTov Sev BEAove

va AdPovpe viown pag ta outliers.

2. Jvvaptnon péoov amoAvtov opaiuarog (Mean Absolute Error
Loss)
Metpdel ) peon amoAvtn Swa@opd petaly g mpoPAemopevng kal g

TIPAYUATIKNG TIUNG, £XEL TAVTOTE OETIKT) TIUN KAl EKPPAETAL ATTO TOV TUTO:
N
1 -
C(w,b) = NZ |9, = il
1=

To mAeovektnua g MAE eivar 01 0Aa Ta AdOn (kat Twv akpaiwv TIH®V) EXOUV
T0 1610 fAPOC e GLVETELA ) TIUT) TTOV Sivel pag Sivel pa o 10O0TIUN HETPNOT) TG
artdboong Tov poviehov. Oumg, av pag eviiagepovv ot mpoPALPelg Kal Twv
akpaiwv Tipwv tote 1 MAE Sev eivar 1000 amoteAeopatikn kabwg to fapog Twv
outliers Ba «Quyiler» to 1610 pe TIg LITOAOUTEG TIUES KA1 AVTO Urtopel va Smwoet Eva
(PAVOUEVIKA KAAO LOVTEAO AAAA 0TIV TTPAYULATIKOTNTA Oa €xel TOAMEG aoTOYXIES
npoPAeyng. BAEmovpe SnAadn oti to mAeovektnua g MAE eival to pelovektnua
g MSE ka1 To avtiotpogo.
e Ta&wvounong:
1. Xvvapmon o@paiuarog Svadikng OlaoTAVPWUEVNS EVIPOTTIAG
(Binary Cross Entropy Loss)

H ovvaptnon tng binary cross-entropy eivat mohd SiadeSouévn oe mpoPAruata
Svadikng taivounong kabwg moooTikomolel T Sapopd LETAEL SVO KATAVOU®Y

mOAVOTNTOV OMTWE PAivVETAL KAl ATTO TOV TUTO TNG:
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N
1
Cw,b) = —3 ) yilog, + (1 -y log(1 - 5))
i=1

omov y = mpayuatikny mbavotnta, y = mbavotata npofleyng
2. Juvapmnon oeaAuatog oAV  KAAoewV  SlAOTAVPWUEVNS

evrporiag (Categorical Cross Entropy Loss),

oTav 1 tavounomn agopda HeEYaAUTEPO aplOUo KAACEWV:

K
Z Vi log Vik

k=1

1
N

l

N
C(w,b) = —

=1
‘Omov k = petpnm¢ KAGTEWV, i = UETPNTNG SELYUATWY,

omov y = mpayuatiky mbavotnta,y = mbavotata mpoflsyng

3.4 AAyoplOuog extaidevong TNA

'Eva TNA mpoomafel emavoaAnmTikd, va HEIWOEL TNV TIUN TNG OLVAPTNONG
KOOTOUG TIPOKELEVOL 1] AVAVEMOT TOV BapnV TwV vevpwvwv kKabe emummedov va
odnynoet otV ekuadnon KaALTEP®WV YAPAKTNPIOTIK®V, OTn Onuovpyia

KaAUTEPOUL povteélov, Eikova 16.

wi

w2 c:, ouvapton e
gvepyoroinong ~ ————————>{ "PoPAedne

Zuvaptnon K@otoug

\):;
<:l orioBodiadoon MpaypaTk
R Th
[ , eunpoobodiadoon

Ewkova 16: Zynuatikn avamapaotaon ekmaidevong evog TNA

Avtl n emavaAnmuikn Sadikaocia meptypa@eTal pHe TOV AAYOplOpo Jov

akoAovOet:
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10 fnua  Tuyaia apywomoinon (pe TEG kovid oto undév) twv Papmv Twv
VEUPOV®V.
20 fiua  Ewoaywyr Tov Ipotov TIH®V ToL oeT deSopévav oTig e10080Vg TV
VEUpPOV®V TOL emedov eloaywyng (input layer).
input x: 0éoe ™ ovvdptnon svepyomoinons at yia to enimedo sl0680v
30 pnua Eumpoobobiadoon (forward propagation): Me katevBuvon amo ta
apotepd (eloodog) mpog ta Se&ia (€€0d0g) N Anpogopia Sradidetat
antd 1o eminebo €1w0odov 0T1o eminedo €EO060V PECW TWV KPLPKOV
EMIESWV Y1 VA VITOAOYIOTEL 1) TTPOLAEYT).
forward prop: yia k&b eminedo | = 2,3, ..., L vmoAdyioe
zt =wla" + bl karal = o(2h)
40 Pua ZVykplon NG TPOPAEYPNg HEe TO TMPAYUATIKO QITOTEAECUA KAl
VITOAOY10UOG TOV OPAAUATOG (KOOTOLG).
output error §':Ymolddyiwos 1o Sikvvoua 5L = V,COc'(z%)

ac
aajl‘

omov V,C = Sicvvoua amo Ti§ UEPIKES TAPAY WY OUS N o pvluods allayng

¢ aUVAPTNONS KOoTOUS C a€ OXEaN UE TIC EVEPYOTTOMUTELS TNG ££050V
50 fua  OmoBodiadoon Ttov  o@diuatog [40] (backpropagation): Me
katevBuvon amo 5e&1a (€€060¢) mpog ta apotepa (eicodog) To AdBog
S1a816etan xan yivetan §10pOwon twv Bapwv THV VEUPOVOV AVAAOY®S

LLE TO TOCOOTO «eLOVVNG» Tov KaBevag.
backpropagation of error:l'a kébsl=L—1,L—2,..,2
vnoAdyioe 5t = (WHHTHHO6'(2H

60 fnua Emavainyn tov Pnuatov 1 éwg 5 €mng OTOU OAEG Ol TIUEG TOL OET
exmaibevong doyxetevbBovv 0to TNA SnAadn uexpt TV 0AOKANp®O

pag emoync.
output: H kAion t¢ ovvaptnong kdotovg Sivetat amd Tovg TOTOVG:

ac 11 ol ac '
—T =ay 6 kat —=6j,
Iwjy, db;

'Ortov meprypagpetal o puluog eTafoArg TOL KOOTOUC O OXECT) UE TA
omola BAapn KAt TIg OTO1ES TTOADOEIS THV VEVPOV®V TOL SIKTUOU.
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70 fua  EmavaiAnyn twv sponyovpevey nudtwy yia v ekmaidevor tov TNA

oTov emBuunTo aplduod emoxmv.
TN OLVEXELQ, Ol TIUEG TNG KAIOTC TNEg OUVAPTNONG KOOTOVS, dnAadn ol pHepikeg

TAPAYwYyol TV PBapwv kal Twv moAwoewv Ba xpnoipomonBovv amd kamolov

aAyop1Buo PeAtiotomoinong, omwg Ba Sovue TapaAKAT®.
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3.5 AAyopiOuot BerAtiotomoinong (Optimizing
Algorithms)

ITponyovuEvmg TAPOVOIACTNKE 0 YEVIKOG aAyOop10uog ekmaidevong evog TNA kot
eidape 0T n ovvaptnon kootovg Bondaetl To SikTLO VA KATAVOT|OEL TNV emTUYia
1 OXl NG eKmTaidevong oTa TPEXOVTIA OElylaTd HE TIG AVTIOTOIXEG TIUEG TWV
apapeTpwyv Toug (fapmv katl moAwoewv). IIPOKEIUEVOL TO HOVTEAO VA UEIMOEL
TIC AnmwALIEg 510pOOVOVTAG TIC TAPAUETPOVE, XPTOUOTOIEL KATTOIA CLUVAPTNON
BeAtiotomoinong (optimizer) n osola YPNOIUOTOIEL TAPAYDYOUS YA VA
avTIAN@OEl TOV AVTIKTUIIO TOV HIKPO-OAAAY®V TV Bap®V KAl TOADOEDV TWV

VEVPOV®YV 0TI OLUVAPTNOT KOOTOVG HEC® TNG KatevBuvong Tng KAIoNG.

3.5.1 AAyopiOunog ka0odov kiiong (Gradient Descent
Algorithm)

O aiyopiBpog g kaBodov kAiong [41] elvar evag aiyopiBpog PeAtiotomoinong
IOV EAAYIOTOIIOLEL LA KVPTI) GLVAPTNOT) KOGTOUE ETTAVAANIITIKA KIVOULEVOG TTPOG
MV Mo amotoun kaBodo oOmwg opidetal amd TNV KAIOT, AVAVEDVOVTAC TIC
TTAPALETPOVG TOV LOVTEAOUL.

Av omnv Ewkova 17, o kaBetog afovag ovpfoAidel pia cuvaptnon kootovg f(x) ko
0 op1{ovTIog Aovag kamola mapapetpo x (1t fapog, TOAWOT) TOL HOVTIEAOV TOTE

LITopoLE va Bpovpe T0 EAAYI0TO AUTHG TG OUVAPTNOTG PAPLOLOVTAG TOV TUTO:

Xip1 = x; — af’'(x;)

omov a = pvOuog ekmaidevong (Betikdg apBuog). H mapdywyog tov x;, f'(x;)
Selyvel TV KAIOT TNg GUVAPTNONG OTO X;. AV 1) TAPAYWYOS €ival ApvNnTIKT TOTE
Bplokopaote 0TV aploTept] TAELPA TNG KAWTVANG OTMOTE TO X;pq > X; KAl 1)
emouevn emavaAnyn Ba eivan pog ) 8e€1a mAevpa. Av 1) TapAywyog eival BeTikr)
TOTE Bprokopacte otn 681 MAELPA TNG KAUTTVANG KAl £TO1 1) a@aipeorn BeTikov
ap1Bpov amo 1o x; Ba Swoel KpoTEPO ApP1OUO OTOTE GTNV ETOUEVT] ETAVAANY

Ba xwnBel mpog ta aplotepd. BAemovpe Aoutov oOml eite £tol eite aAwG,
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TANO1AOVIE TO EAAXIOTO TNG CLVAPTNONG KOOTOLG KAl OTAV T TAPAYWYOS

undeviotel tote Ha 10 €xoUVUE PTAOCEL

f()() 4

>

Left side Right side

Ewkova 17: KaBodog kAiong

AvTtog 0 aiyopiBuog woyvel oe 18avikeg ovvOnkeg kKabBwg LIIAPYOVV KATO101
TApAyovTeg oL ennpeddovv kat kabBopidovv to mOTe Kat To av Ba pTacovpe 0To
TPAYUATIKO EAAY10TO (ka1 OX1 0€ KATT010 ToImko). 'Evag tétolog mapayovtag eival

0 pvOuog exmaidevong.

PvOuog exknaidevong (learning rate)

Eivai 1o péyebog tov fripartog g kaboSov mov KAVEL To S1KTLVO TTPOG TO EAAYIOTO
MG OouvVAPTNONG KOOTOUG. ATOTEAEl Ml Q0TI  ONUAVTIKOTEPES
vepIapauETpovg mov pvbuilovue katd TV ekmaidevon Touv S1kTLOV KAOMG
pueyalog puvBuog onuaivel tayLtepn ekmaidevon agov 1 kabodog yiverat
TaYUTEPA €V®, HIKPOG puBuog onuaivel o apyn ekmaidevon. 'Ouwg 000
ueyaAUTEpPA eival ta Bripata tOoo mbavotepo eival va Un (PpTACOVUE TTOTE OTO
ehdyloto S10Tt ovvexwg Ba TaAAVTELOHAOTE OTIC TAEVPEG TNG KAUTTUANG,
XAVOVTOG TO KATWTEPO ONUEL0 TNG. ATO TNV AAAN, av Ta Prjpata etvat ToAd pikpda
elval ToAD mBavo va PTACOVUE OTO EAAYIOTO TIG KAUWTVANG AAAA TO KOOTOG O€
XPOVO elval oAU peyaro kabwg 1 ekmaidevon pmopel va S10pKECEL AKOUA Kal

ePdonadeg, Exkova 18.
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loss
Big learning rate Small learning rate

low learning rate

high learming rate

good learning rate

Ewova 18: I8avikog puBuog exmaidevong

3.5.2 IMapairayeg tov aiyoplOpuov kaBodov kAiong

Ynapyovv tperg maparayeg [41] tng gradient descent mov Stagpepovv wg mpog
TOV OYKO TwV SeSOUEV®V TTOV XPTOULOTOIOVVTAL Y1A TOV VTTOAOYIOUO TNG KAIOT|G
NG CLVAPTNONE KOOTOUG.

Avtég eivan o1 batch gradient descent, stochastic gradient descent (SGD) xkau

mini-batch gradient descent.

Alyop1Opog ka0odov kAiiong maptidag (Batch gradient descent, BGD)
TNV ovoia TPOKELITAL Yld TOV Tapadootako aAyopiBuo g kabodov kAiong mov

eldape Tapamavm Kal EKPPACTNKE A0 TN OXEOT:

0=6—af'(0),

o0mov 6 oL mapaueTpot 0AOKANPOV TOV TET, @ = pvOudS ekmaiSevang

O BGD eyyvatat 1 6UYKAIOT) 0TO OAKO EAAYIOTO OTAV 1) CUVAPTNON Eival KUPTH)
evw oe avtibetn mepinmtwon otav dnAadn n ocvvaptnon dev eival Kuptr) cuxva
eyKAwPideTanl oe kmolo Tomko eAdyoto. Emiong, kaBwg yia kadbe pia avavewon
TV TAPAUETPOV X QITAITEITAL VITOAOYIOUOG TWV KAIOEWV OAOKANPOV TOL OET
exmaibevong o aiyopiBuog batch gradient descent eivar apyog kar oyt

IKAVOJITOUNTIKT) £TIAOYT) YO LEYAAQ OET TTOV 88 XWPOUV 0TI UVIUn.

AAyoplOpog otoyaotikng ka@odov wiiong (Stochastic gradient
descent, SGD)

O SGD eival 10w¢ 0 70 TTOAVYPNOIUOTTONUEVOS aAYOp1Ouog BeATiotomoinong
T000 0T Mnyavikn Mafnon 6co kat otn Babia Mnyavikn Madnon. H Stagopa
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oV Ao TNV kKAB080 KAloTg TaPTISAG elval OTL 1] AVAVEMOT] TOV TTAPAUETPWV
yivetal ava Selypa kat otoxaotika 6nAadn pe tuyaio Tposo:
6 =06—af'(0;x;y),

omov x; = Selyua,y; = etkéta Selyuarog
H otoxaotikdtnTa 08 LUVOLACUO UE TNV AVA SEYLA AVAVEMOT] TV TAPAUETPWOV
kavel tov SGD oAU tayvtepo oe oxeon pe tov BGD. 'Oupwg n vynAn dtakduavon
TWV OUYVOV AVAVEQCEMV TTPOKAAEL L aotadn katafaon pe kivion otuA (stpog
TO OJTO10 EAAYIOTO) «QyK-{AYK» JTOU TEAIKA w@eAEL TNV OAN Stadikacia otav 1
oLvVAPTNON KOOTOVE Sev eival kuptn S10TL pe avTtd To «QyK-{ayK» AVAKOAUITTEL
VEA KA 100G KAADTEPA TOTKA EAAYIOTA. ATTO TNV AAAT, OTAV 1] GLVAPTNOT) elval
KLPTI), AVTL VA GUYKAIVEL 0TO OAIKO EAAYI0TO avartnda oUVEX®MG TTOAD KOVTA YUP®
tov. To poPANua AVvetal eDkoAd pe TNV apyr) HelmwoT) Tov puBuov ekmaidevong
ka1 10te 0 SGD npepel 6to 0Ako eAdy10TO OMtwg kat o BGD.
AlyoplOpog kaBodov kAiong uivi-taptidag (mini-batch gradient
descent, MB-GD)
O MB-GD ovvduadel pe emruyla Ta IAEOVEKTIUATA TV VO TTpoavapepOEvTwy
QAYOPIOU®V Kal KAVEL avavemon yia kaBe pivi-maptida mov asmoteAeital Ao n

Oetypara ekmaidevong:

0 =0—af (0;Xisn Yiitn)
O Staywpilopdg Tov oet ekmaidevong oe pivi-maptideg Ponba tov MB-GD va

OLYKALVEL Ie AIYOTEPEG ETMAVAAWPELS KAL TTIO ATOTEAEOUATIKA arto Tov BGD.

Opur) (Momentum)

EiSaue mponyovuevmwg 0Tt 0 SGD mAno1addel 1o eAA10TO NG CLVAPTNONG KOGTOUG
KIVOUULEVOG IE «QyK-{ayK». AUTEG 01 TAAAVTOOELS KaBuoTepovV TN oUYKAIOT), Sev
ETMTPETIOVV LEYAAVTEPOVG pLOLOVG EKTTAISEVOTG KA £TO1 UTTOPEL VA KAVOUV TOV
aAYOp1Ouo va avamndd ocuvexmg yOpw Ao TO EAAXIOTO Xwpig va 1o @tavel. H
TEXVIKT] TNG opung emrayvvel Tov SGD mpog T owotn katevbuvon kal pelwvel

TIC TOAAVTOOELS TNG Kivnong, Eikova 19

SGD without momentum SGD with momentum
Ewova 19: Emtintwon tng opung otn Ztoyxaotikn KabBodo Kiiong
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Mmopel va mapopolaoTel pe mn piyn pag proiag amd vyoua: '0co 1n umdia
KUAQEL TTIPOC TA KATW, TOCO 1) OPUN TNG HUEYAADVEL KAl ETMTAYVVEL GUVEXQC.
AvtioTorya kat o mapayovtag g opung (ovufoAiletar pe y kat ovvnBwg maipvet
TN 0.9) avéavel yia S1a0TA0EIS TwV OMoIWV 01 KAIoelg «Selyvouv» mIpog

OWOTN KATeELOLVOT) KA1 £TO1 O1 TAPAUETPOL AVAVEDVOVTAL TAYVTEPAL.

AlyopOpog AdaGrad

O AdaGrad mpooapuodel Tov puBuo expabnong oTig TAPAUETPOVG OV ONUaivel
OTl TAPAUETPOL TIOV OYETI(OVTAL HE OUXVA EUPAVICOUEVA XOAPAKTNPIOTIKA
AVAVEMVOVTAL AIYOTEPO O€ OXEOT HE TIG TAPAUETPOUSG TWV OJOlwV T
XAPAKTNPLOTIKA Sev epavidovral ouyva. Me aAAa AOY1a, TTApAUETPOL LE LEYAAES
KkAloelg Oa exouv pikpo puvBud expAdNONG Ve TTAPAUETPOL UE LIKPES KAIOEIG
£XOLV HeyaAvTtepo pubuo ekudbnong:

a
Orr1i = 0ri — \/ﬁgai

AnAadn o AdaGrad petafaiierl Tov yeviko puBuo expudabnong a oe kabe xpovikn
oTyun t kau yia kaBe tapapetpo 6 faocilOpevog oTig TEPpATUEVES KAIOEIC TwV 0.

To kUp1o mAeovekTnua tov AdaGrad eivar 0t Sev yperadetal xelpokivntn pvoOuion
tov pLOuov expadnong kal ovvnBwg emAéyetan n T 0.01. 'Ouwg kabwg o
TAPOVOLAOTNG KATA TNV ekmaidevon ovvexwg avéavel (emeidr) kabe 0pog mov
nmpootifetan eivar Oetikog) oTAdlakd CLPPIKVOVEL TO A HE OUVETEW Vd

kaBvotepel viepPoAika 1 ekmaidevon 1 KAl va OTAUATAEL.

Alyop1Opog AdaDelta

O AdabDelta [41] eivan pia PeAtiwpévn ékdoon tov AdaGrad mov e€aleipet 1o
POPANUA TNG CLPPIKVWOTE TOV PLOUOY ekuAONoNg KaBmG Teplopilel Tov aplBuo
TWV TPONYOULEVWV KAloEwV 0¢ €va otabepo mapdBupo peyeBovg w. Avti va
amoOnkevovIal 01 W TIPONYOUUEVEG KAIOEIS wg abpolopa TETPAYOV®YV, TO
aBpolopa TV KAMIoE®V avadpoUikd OpideETal MG U1 LELOVUEVT] LEOT] TIUT OAWV

TWV TPONYOUUEV®V KAIOEWV:

E[9*]: = YE[9*]i-1 + (1 — V) gf
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Anhadn n tpéxovoa peon tun E[g?]; oto xpovikd onueio e€aptatar povo amo
TNV TIPONYOULEVO LEDT] TIUT KAL TNV TPEXOLOA KALoT). ZuvnOwg 1) Tiurn mov Sivetal
OTO Y €lval 0.9.
Eav ypdypovupe tov 1070 tov SGD pe dpovg g mapapetpov 46;:

46, = —ag,;

0,1 = 0, + A6,
o AdaDelta taipvel ) pop@r):

a
39
VE[g?l: + € t

'Eva mAeovéktnua tov AdaDelta eivar 011 8¢ yperadetat tpokabopiopevn Tiur tov

A6t= -

pLBpov exmtaidevong a kabwg (CUUPWVA e TOVG EUITTVEVOTEG TOL aAyopiBuov, o
TTAPATTAV® TUITOC LWTOPEL VA TTAPEL TN LOPPT):

RMS[A6],_,

A0, = — ——M—
t RMS[gl,

Or+1 =0 + 46,

'Ostov mapatnpovue 0Tt e€aAeipetal o puOuog ekmaidevong a.

AlyopOpnog RMSprop

O RMSprop [41] eivat evag aAyop1Buog mov mpwtomapovoldotnke anmo tov Geoff
Hinton oe pia SidAe€n tov otn Snuo@iin mAat@opua S1adiktvakamv Habnuatwy
Coursera. AvamtvxOnke mepimov v i81a xpovikn mepiodo pe tov AdaDelta,
aveapmnta, pe tov 1810 01dY0: va pewwoel 1o mpoPfAnua tov AdaGrad pe n
paydaia kat ovveyr) peiwon Tov puluov ekmaidevong. 'Etol, o RMSprop SievBetel
T0 TPOPANUA S1ATNPOVTAG EvaV KUAIOUEVO HECO OPO TV TETPAYOV®OV TWV
KAloewv ka1 puOuidovtag Tig avavemoelg Twv Papwv facel avtov tov peyebovg:

E[9°]l: = YE[g*]i-1 + A — V) gf

a
ABpy = 6 — ——g
t+1 t E[gz]t T e t

Me npotewvopeveg Tipeg (asto tov Hinton) y = 0.9 kat a = 0.001.
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AAyoplOpog Adam (Adaptive Moment Estimation)

O Adam [42] eival €vag axkoun aiyopiBuog PeAtiotomoinong mov voioyidetl
TPOCAPUOOTIKOUG puOUoUg ekmaidevong yia kabe mapaueTpo. Ae1Tovpyel OTwG
o1 AdaDelta ka1 RMSprop aA\d emumAgov Statnpel pia ekOeTIkA LEIOVUEVT) LEOT)
TIUT) TV TIPOTYOVUEV®OV KAIOEWV Mt

TTAPOUOLA e TOV TTapayovta g opurng (momentum). Evo n opur, 0ntwg eidape
JIPONYOUUEV®G, EVEPYEL CAV M0 WIAAA TTOV KUAAEL 0 pa mAayld, o Adam
CLUTTEPIPEPETAL TAV U1A Bapld LitaAa e TP1PT) Tov LITEPTNSA TO TOTKO EAAYIOTO
Kal Npepel 0To eminedo eAAIOTO TNG eM@PAVEIAS TOV oPAAnatog. H avavéwon

TV Bapav yivetal facet Tov TOTTOL:

my
W = Wirq n\/§+e
ue
o My
T
LU
R

me = fyme_q + (1 — 1) g:
Uy = Boute—g + (1 — Br)gf

OTIOV M = PEOOC OPOC YIA TNV KAION g, Ut=HECOC OPOC YA TO TETPAYWVO TNG
KAloTG gt
nN= pvOuog ekmaidevong KAl 01 TPOTEWVOUEVES TIUES ATTO TOVUC EUTVEVOTEG TOU
aiyopiOuov eivaa n = 0.001, $:=0.9, f2=0.999, € = 1078,

O Adam elvat €vag LTOAOYIOTIKA QOS0TIKOG aAyopiOuog, evkoAog otnv
VAOTTOINOT) KAl O1 ATTALTIOELE TOV Y1 UVI|UN EIVAL TTEPLIOPIOUEVEG. AEITOVPYEL KAAA
o€ PHeyaAa 0eT SeSoUEVMV e LEYAAES TTAPAUETPOVS KAOmG kAt g TpofAnpata pe

BopuPwderg 1 apaieg (sparse) kAioeig.
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3.6 Ap)yttektovikeg BaOwwv XNA

INa m Sie€aymyn TV Telpaudtwy e Iapoloag EPYAciag EKUETAAEVTIKAUE TIC
duvatotnteg 6 YVWOTWV APYITEKTOVIKGOV XNA KAl OUYKEKPIUEVA TWOV
ResNeXt101_32x8d, AlexNet, VGG16_bn, SqueezeNet1.0, DenseNet121,

Inception_v3, Tig omoieg Ba TapovO1ACOVE OTN CLVEXELA.

3.6.1 AlexNet

To AlexNet [43] keépSioe tov Sraywviopd ta&vounong ewovag ILSVRC (
ImageNet Large Scale Visual Recognition Challenge) 1o €tog 2012. H
OPYITEKTOVIKI] TOV QUTOTEAEITAL QIO OKT® EMeda e Ta TEVTIE MPOTA va €lval
OUVEAIKTIKA EVM TA TPlA TeEAevTAIA elval TTAT| pwg ovvOedepeva e To TeAevTaio €
AUTOV va gival pa ovvapnorn evepyomoinong softmax. Ta cuvehikTika emimeda
exovv peyebog mupnvwv (kernel size) 11x11, 5x5 kot 3x3, emimeda UEYIOTNG
OLYKEVTPWONG (max pooling) yia vrodetyLatoAnpia TWV
eikovwv(downsampling) kot emtineda amoovpong (dropout) yia v amopuyn g
vIEPIPocApUoYng. Ztnv Ekova 20 BAETOVUE TNV ATTEIKOVIOT) TNG APYLITEKTOVIKTG
TOV S1KTLOV.

Input data Convl Conv2 Conv3 Conv4 Conv5s FC6 FC7 FC8

| = =
1 [ P 2. | .
i 174 V
13x 13 x 384 13x 13 x 384 13x 13 X 256
27x 27 X 256
5!

5% 55 X 96 Ll
1000

227x 227 x 3 4096 4096

Ewova 20: AlexNet

Y10 AlexNet xpnoipomodnkayv oplopuEva XapakTnploTiKA tov dev elyav
xpnowomownBei Eava oe ENA, 0mwg yia mapadetypa oto LeNet. 'Etol, to AlexNet
XPNOUoTolel ) ovvaptnon evepyomoinong ReLU yia 1o yia 1o un ypapuiko
uepog (non linearities) oe avtiBeon pe Tig tanh kat sigmoid stov f)tav o1 cuvnOelg
emAoyeg oe o mapadooiakd Nevpwvika Aiktva. H ReLLU ypnowpomowOnke ota
KPLPA emimeda Tov S1KTLOV HEe OUVETEIA TNV EMTAYLVVON NG ekmaidevong 51011
OULVAPTNOT AUTI LEWWVEL TNV TTIOAVOTITA EUPAVIOTC TOV AEYOUEVOL TTPOPAT|LATOG

g e€apaviong kAiong (vanishing gradient) kaBwg n mapaywyog g dev eival
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TO00 piKprn 000 twv tanh, sigmoid ka1 €10l Ta avavewpéva Papn (katd tnv

omoBodiadoon) Sev e€agpavidovtal.

Y10 AlexNet, xpnowomoun)Onke yia Ipatn Qopd e HEYAAT KAIHAKA, 1 TEXVIK)
tov dropout ota dvo MANpwg ocvvdedeucva emimeda Tov Siktvov. O1 VELPWVEC TOV
enmuTEdoL OV ATOCVPOVTAL & CUUUETEXOUV OTNV ekmaidevorn ovTe KATA TNV
eunpooBodiadoon ovte otnv omobodiadoon. Me autov Tov TPOTO 0 KAOe
vevpwvag efavaykadetal oe  ekpatnon o  XPNolU®V  XOPAKTNPLOTIKWV

OLVAPTIOEL TOAGDV AAADV TUXALWV VITOGLVOAWY VEUPDV®V.

3.6.2 VGG16 (batch normalization)

To Siktvo VGG [44] katackevaotnke 10 2014 (0T0V KA1 KATEKTNOE TN 21" B0
oto ILSVRC 1ng idag ypoviag) amo to Visual Geometry Group at Oxford
University (reference to paper va kavw). Ta Souikd tov otoryeia eivan idia pe
avtd twv LeNet kot AlexNet pe ™ Sragopd 6m 1o VGG eival akopa fabitepo
O1KTLO e TEPITOOTEPA CUVEANKTIKA, CUYKEVIPWONG KAl TANPWG ovviedeueva
enineda. To VGG epgavidetar PeAtimuevo oe oyeon pe to AlexNet kaBwg xel
AVTIKATOOTIOEL TA HeYAAA PIATPA (TV 11X11 KAl 5X5 OTA TIPQOTA 2 CUVEAIKTIKA

enimeda) pe ToAMaTAQ 3x3 PIATPA ATTOCVPOTG.
Ta VGG elval Hia 01KOYEVEIA TTAPOUOIWV APYITEKTOVIKQOV LE TA vovuepa SimAa
010 VGG va vmovoovv tov aplfud twv enutedwv toug. 'Etot vapyovv ta VGG11,

VGG13, VGG16, VGG19. Zta mepauata Tng Tapovoag epyaoiag

xpnowomowmoape to VGG16 oty batch-norm ekdoyrn tov, Eikova 21:

Fc2

<
(=}
>
s
Q
m
x
™

3x3 conv, 64
Max pool 2x2
Fc 4096
Fc 4096

3x3 conv, 128
3x3 conv, 128
3x3 conv, 256
3x3 conv, 256
3x3 conv, 256
3x3 conv, 512
3x3 conv, 512
3x3 conv, 512
0
3x3 conv, 512
3x3 conv, 512
3x3 conv, 512
O

2 4:2:4{
.
.
,

28x28<
.

14x14 <
\

>
X1
56456 <

\

[32. 3. 224, 224)

192, 64, 224, 224)
132. 64, 224, 224)

132, 64, 224, 224]

Y
Input Tensor
BatchNorm
BatchNorm
Max Pooling, 2

Ewova 21: VGG16_bn, omov peta anod kaBe Conv akoAovBei BatchNorm
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Batch Normalization: Eival 0 pnxaviopog mov HEIWVEL TNV E0WTEPIKI)
uetatomon petapAntng (Internal Covariance Shift). H ecwtepikn petatomon
LETAPANTIG elval n AAAAYT) TV KATAVOUGMV TRV E0NTEPIK®V KOUPwV og Eva fabi
Olktvo kata Tt Swapkewa Tng exkmaidevong. H efddewpn g vmooyetal
ypnyopotepn ekmaidevorn. AvTO emTUYXAVETAL UECA ATTO TNV KAVOVIKOITIOINoN
TV HEOMV KAl TOV S1AKVHAVOE®Y TV 1000wV TV emutedwv. Emiong pewwvel
Vv €EAPTNON TV TAPAYROYWV OTNV KAIUAKA TOV TAPAUETP®Y 1 TV APYIKDV
TOUG TIH®V. AUTO pag emrTpenmel va SovAswovpe pe vpnAotepovg pubuovg
exmaibevong ywpig tov kivbuvo 1ng amokAong. Emiong, to batch-norm

€EOLAAVVEL TO HOVTEAO LEIMVOVTAG £TO1 TNV Avaykn ywa dropout.

3.6.3 Inceptionv3

H apyitektovikn twv Inception Siktvwv mpwtomapovoldotnke amo toug Szegedy
et al. 2015a pe 10 GoogleNet (Inception-vi) kal ota emopeva xpovia
akoAovOnoav kat Aleg ek600e1G. TNV TapoLOA EPYACiA XPNOUOTOMOAUE TNV
¢x8oon Inception-v3 [45] (Szegedy et al. 2015b), emopevwg Ba etvar kat avtr) mov

akoAoVBwg Ba avaivBet.

To Inception-v3 HEO® TNG TUNUATOOINONG TWV HEYOAWV OULVEANEEWV TWV
TPONYOLUEVWVY ekdO0e®V TTPooabel va PeEIwOel TO VITOAOYIOTIKO KOOTOG XWPig
va emnpeddel TN yevikevon Ttov povteAov. 'Etol, ta peydda @idtpa twv
nponyovuevwy  povteAdwv  (ota  inception modules) Omwg 5%x5, 7X7
avTikataotadnkav pe pkpotepa 1x7, 1x5 Kal ouveAielg 1x1 xpnouomomonkav

7PV Ao avtd wg otevwrol (bottlenecks), Eikova 22.

Filter Concat
5x5 3x3 1x1
i i i "
1x1 1x1 Pool X
Base

Ewova 22: To mpwtotumo inception module, Tov Inception-vi
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Ovotevomol peow g Stadikaoiag split — transform — merge o8nyovv v €icodo
0€ 3-4 S1aPOPETIKOVC XAPTES XAPAKTNPIOTIKOV UIKPOTEPWV T 10wV S100TACE®Y
LE AUTOV TIC £10080V KA1 0TI CLVEXELA TOVEG 0OTYOUV HEOW 3X3 1) 5X5 ouveAifewv
0€ LIKPOTEPOVG XAPTEG TPLROV S1A0TACEWV. XToV akoAlovbo ITivakag 1 epgpavidetal

0 okeAeTOg TOL Inception-v3 pe ta Inception modules A, B, C.

ITivakag 1: Inception-v3, pe ta Inception modules A,B,C

patch size/stride

type or remarks input size ‘

conv 3x3/2 299x299x 3

conv 3x3/1 149x149x 32

conv padded 3x3/1 147x147x 32

pool 3x3/2 147x147x 64

conv 3x3/1 73xT73x64

conv 3x3/2 T1x71x80

conv 3x3/1 35x35x192

3xInception As in figure|5 35x35x288 |module A
5xInception As in figure|6 17x17x768 |module B
2 xInception As in figure|7 8x8x1280 |module C
pool 8 x 8 8 x 8 x 2048

linear logits 1 x 1 x 2048

softmax classifier 1 x 1 x 1000

Ytv Ewova 23 BAemovpe €va inception module A 6mov n ocuvveAEn 5x5 NG
apyikng doung &xel avrikataotabel and §vo 3x3 ovveliéelg. 'Eva inception
module B 6mtov ocuveli&n 7x7 avrikabiotatal amo 2 ovvelielg 1x7 kat 7x1 (0To
ewoviopevo mapaderypa n=7 kai ot ovveAifelg 7x7 eivan tpeig). 'Eva inception
module C 67tov xpnouomoteital yia Tig vPpnAcv S1a0TACE®Y AVATTAPACTACELS KAl

avti Ta @iAtpa va tomofetovvian oe otoifa tomofeTovvian SimAa-SimAa.

Filter Concat

7 / \ 

Filter Concat

] 3x3
.
o] G [

A

\

Ewkova 23: Inception-v3 modules A,B,C

ITaporo mov To Siktvo TeAkA €xel Pabog 48 emmebwv, Ewova 24, T0
VITOAOY10TIKO KOOTOC €lval HOVO 2.5 LYPNAOTEPO Ao To Inception-vi kot TOAD 0

ATOTEAEOUATIKO atd To VGG.
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Input: 299x299x3, Output:8x8x2048

/ ‘A
-6680060605Q;

AvgPool 299x299x3 y/
MaxPool /.

Final part:8x8x2048 -> 1001
Concat
Dropout o
Fully connected
Softmax

Ewova 24: H apyitektovikr) tov Inception-v3

H

3.6.4 ResNeXt101_32x8d

To ResNeXt [46] mapovoidotnke to 2017 oto Zuvedpio CVPR (Computer Vision
and Pattern Recognition) asto tovg Saining Xie et al. ka1 eivat éva vepovyypovo
HOVTEAO OTOV Topea NG Ta&vounong oto ImageNet. AovAelel kalbtepa Ao TO
ResNet kabwg eival pa avafaduiopévn €kdoor touv kat ovvduadel Tig otoifeg
TWV OLVENKTIK®V emEdwv Tov VGG kat tnv 18€a tov split-transform-merge mov

XPNOUOTTO10VV Ta inception povteAa.

¥10 ResNeXt vapyovv 4 eminmeda kal ke eminmedo £xer pepika residual blocks.
KdaBe TETO10 LITOAEIUUATIKO UTTAOK E£XEl AVENUEVO TTAATOC OTIOV JEPIOCOTEPA
PIATpA SNUIOVPYOVV TTOAATAA TTAPAAANAA LOVOTIATIA KAL TO GUVOAO AUTMOV TOV
HoVOoTaTI®V TO ovopacav mAnfikotnta (cardinality). Ovolaotika maipvovpe eva
VITOAEIUUATIKO UITAOK € OTEVWOT] KAl TO KAvouue Ayotepo [abv aiia
EPLOCOTEPO TTAATV OMTw¢ paivetal otnyv Eikova 25.

256-d in

256-din

256, 1x1, 64 256, 1x1,4 256, 1x1,4 256, 1x1,4
total 32
v v v paths v
64, 3x3, 64 4,3x3,4 4,3x3,4 LB L 4,3x3,4
v v - v
64, 1x1, 256 4, 1x1, 256 4,1x1, 256 4,1x1,256

256-d out

256-d out

Ewkova 25: Residual bottleneck (ResNet) (ap), ResNeXt block (6¢)
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'Onwg TOpATNPOVUE OTO APOTEPO peEpovg Tng Ewova 25 €xovue &va
VITOAEIUUATIKO WITAOK pe oTevwoT (Tov Resnet) kat oto Se&l peépog tov 1008vvauo

UETAOYNUATIONO TOV UTAoK Omtwg ekppadetat oto ResNeXt. H Siadikaoia £xet g

1x1
efng: O apykodg mivakag Omov amd 256 53 64 ywplletal 0e 32 HIKPOTEPOUG
1x1
mivakeg Omov amd 256 S 4. TN cvvéxela autd 1o anotéleopa (kabe mivaka)

3x3
odnyeitarl oto endpevo emineSo OMOV Exovue PETAOYNUATIOHOVC 4 5 4 i

XWPIOUEVOLE O€ 32 TIvaKeg. AUTOC O UETACKNUATIONOG EIVAL TTOAD (PTNVOTEPOG
VITOAOY10TIKA ATTO TOV avTioTolyo (oto 2° eminmedo) tov bottleneck tov ResNet. To
QITOTEAEOUA TwV OLVEAIEEWV 08NyelTal OTO €TOUEVO ETMIMESO TWV 32 TVAKWV

0710V Ao TI¢ 4 Sraotaoelg peyeBuvovpue mail otig 256 SnAadn petaoynuatifovue

1x1
and 4 3 256. TEAog OAQ TA TAPATIAVH GLVEVMVOVTAL KAl EMTAEOV TTPooTiOeTan

ka1 n eloodog (256-d in) kat avto Ba eivan i) £€odog 256-d out.

To ResNeXt evw £xel Tov 1610 ap1Ouo mapapetpwv pe eva avtiotoryo ResNet, ta
XAPAKTNPIOTIKA 7tov e€ayovral amd to ResNeXt £xovv kaAvTepn amdboon oTto
ImageNet classification task o€ oyéon pe avta tov ResNet tov onuaivet ot €xovv
JTIOAD 10YVPOTEPT IKAVOTNTA, oxnua tade. EmuAgov 1o ResNeXt-101_32x8d
(6nA 101 layers, cardinality=32, bottleneck width=8), mov ypnowpomolovue kan
OTA TEPAUATA TNG TAPOVOAG €PYAoiag, TETUXALVEL Kopu@paia amodoorn o010
ImageNet ywpig fine-tuning kal ywpig &€tpa SedSopeva ekmaibevong. H

APYITEKTOVIKT TOV £V AOY® SikTOoL @aivetal oty Ewkova 26.
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It

1238y
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>

e ?M\“\“‘ = S1Ionn
g g

' - B

"~ Layer ResNext-101
Convl conv_size=7x7, stride=2
Layerl ResNeXt Module x3
Layer2 ResNeXt Module x4
Layer3 ResNeXt Module %23
Layerd ResNeXt Module %3

Ewova 26: Apyrtektovikn ResNeXt-101

3.6.5 SqueezeNet 1.0

H apyitektovikn tov SqueezeNet [47] mapovoiaotnke oto apOpo twv F. Iandola
et al. T0 2016 o1 070101 TTPOTEIVAYV EVA LIKPO SIKTLO TO 071010 EPTAvE TIG MBOOEIQ
tov AlexNet oto ImageNet pe 50x Atyotepeg mapapetpovg. Emiong, pe texvikeg

OULUITIEOTC TOV UOVTEAOU KATAPEPAV VA TO CUUIIEGOVV 0€ AlYOTEPO Ao 0.5MB

IOV €lval 510X PKPOTEPO ato To AlexNet.

1x1 convolution filters

Y,

expa"‘d 1x1 and 3x3 convolution filters

” ’ ’1)) YD I I
2y |OF |9y |2 YD YD YD 00
YD YD pJoXo ) I

Ewkova 27: Fire module tov Siktvov SqueezeNet

Wy
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To Baokd Sopkd otoryeio Tov SqueezeNet eival 1o Aeyouevo Fire module. To
Fire module, o0ntwg @paivetal Eikova 27, amoteAeital amd eva squeeze GUVEAKTIKO
enimedo mov £xel uovo 1x1 PIATPA To 05toio odnyeital oe eva Sievpvuevo eminedo
ov €xel ma pifn amo @idtpwv 1x1, 3x3. To Fire module é&yxer tpeig
VIEPTIAPAUETPOVE OTTOL 1) pLUBULoT) Tovg Ponba to squeeze emimedo va peEIOOEL
oV ap1Bud Twv 1008wV ot 3x3 PIATPA PACEL TPV OTPATNYIK®OV.

H apyitektovikr) 1tov SqueezeNet, Ewova 28, Eexiva pe éva avtovopo
ovveNKTIKO emimedo (convi), mov akoAovOeitan amo 8 Fire modules (fire2-9) kot
KATaAnyel oe €va 1eAik0 ovveliktikd (convio). H avfnon touv apiBuod twv

PIATpwV yivetal otadiakd ava Fire module kat asto v apyn mtpog 1o teAoG.

(_com1 ) m-m-

v % % 96
maxpool/2 maxpool/2 maxpool/2
% .

512 512
maxpool/2 maxpool/2 maxpool/2

H
H

512 5 512

12
1000 1000 1000
global avgpool global avgpool global avgpool

"labrador
- v o

Ewova 28: H apyitektovikr) tov SqueezeNet 1.0

3.6.6 DenseNet 121

H apyitektovikn DenseNet [48] mapovoidotnke 1o 2018 amod tovg G.Huang et
al. xau Paciletar otnVv tapadoyn ot ta INA pmopovv va eivan akoua fabitepa,
aKp1PEOTEPA KAl QATOTEAECUATIKOTEPA OTNV eKIaidevon Tovg av  E€Youv
KOVTUTEPEG OUVOEDEIS LETAED TV EMITESWV TOV KOVTIVOV 0TV €10080 KAl oTnv

€€o000. 'Etol, otnv apyitektovikn tov DenseNet kaOe eminedo ovvdeetan pe kabe
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AaMo emtimedo. INa kaBe L eminmeda vmapyovv L(L + 1)/2 amevBeiag ovvdeoelg. Xe
KaOe eminedo, TA YAPAKTNPIOTIKA OAWV TOV JTIPOTYOVUEV®OV EMIMESWV yivovTal I
€l0060¢ Tov kal Ta S1KA TOL XAPAKTNPOTIKA Yivovtal €icodog ota emopeva
enimeda. ['a va Ae1Tovpyroel auTn 1) CUVEVOOT] TWV XAPAKTNPIOTIKWV Oa stpemel
KAl Ol AvTIOTOLKol Xapteg Yapaktnplotikov (feature maps) va eival towv idiwmv
Slaotacemv 1 va vrootTovv vmodetypatoAnpia (downsampling) yia va To
netvyovv. 'Etot, ot dnuovpyol tov DenseNet dnuiovpynoav kat tomobetnoav
uéoa oto Siktvo Ta Aeyopeva mukva pmiok (Dense blocks) péoa ota omoia to
uéyebog Tov YAPTN YAPAKTNPIOTIK®V mapapével i61o0. Kabe dense block
QUITOTEAEITAL ATTO {10 OEIPA OUVENKTIK®V EMITES®V 1X1 kAt 3x3, Ta conv block. H
oLVENEN Kat 1 ovykevpwon (convolution & pooling) yivovtal oe Siagpopetika
eminmeda mov Ppiokovratl peta& twv dense blocks ovopddovtan transition layers
(emimeda petafaong) kat meptraufavovv eva batch-norm, éva 1x1 conv kat eéva
2x2 average pooling emimedo. Ttnv akoAovdn Ewkova 29 ¢aivovrar ta dense

block, conv block, transition layer.

conv_block transition_layer

dense block

I Concatenate [ base ]

; |
[ Conv(ix1) | i

v

[ Concatenate

Ewkova 29: Dense block (A), conv block (B), transition layer (C), 0Aa Sopika otoryeia tov
DenseNet

To povtedo tov DenseNet 710U ¥PNOIUOTOUCAUE OTA TEPAUATA AVTNG TNG

epyaoiag eivar o DenseNet 121 tov 0 0keAETOC TOL amekovidetal otnv Ewkova

30.

B = | 21 |s 2| sl {1 =)
- - —_
- - x U > g - 3% S xv ! ry
~ - v o = v 2 ) v.e = | 99 | °
A - =l |5 o3 = 83 | || 123, |a| B8
+ ) £ - c ) c 2 v
: > > L5
S | 2 S| 2 S .,~:>e>'.,-:l>u-->§
~ x “w o -~ w O -~ w O -~ Il wol :
~ L) c o @ eV “ 59 @ (i &2 M 8
2 o [T c v x c U x c v x >
£ © = T = Ve sl Il B, |
(<) E 9o - 2 - [ (-]
(V] - - o) - o “«|l 1 =I
o . . e = (SSS == e

Ewova 30: H apyitextovikr) tov DenseNet 121
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4 IMapayoyika
Avtayoviotika Atktoa
(GANSs)

To 2014 o Ian Goodfellow dnuocievel éva apBpo [49] oto omoio Svo Eexwprota
VELPWVIKA SIKTLA, AVTAY®VI(OUEVA LETAEL TOVG, Tapayovv ovvhetika SeSopeva
OUOLMV YAPAKTNPIOTIK®V UE AUTA TV TPWTOTUNWV. ATO TOTE PpioKovTal 0TO
JIPOOKIVIO KAO®G TO EVO1APEPOV TOV EPEVVNTMV Y1 CLUVOETIKA LITEP-PEANIOTIKA

Sedopueva ewkovag, Bivieo, LOVOTIKNG, KEUEVOD K.A. CUVEXDS AVEAVETAL.

4.1 Baown Wea kan extaidevon twv ITAA

Ta mapaywykd Siktua Tpoinpxav T®V AVIAY®VIGTIK®V Kol 1) faoikr) 18¢a miow
QIO AVTA VAl OTL LITAPYEL LA KATAVOUT SEYUATWV, E0TM PACUATOYPAPTLAT®V
OTWG OTNV 7TApovoa €pyacia, ov BeAovue va TNV HOVIEAOTOUCOLE
exmaidevovtag évav yevvitopa (generator) mavw ota Seiypatda g Av n
exmaidevon eivatl emTUXNUEVT TOTE WTOPOVUE VA TTAPAYOULE VEEG EIKOVEG TTOV
HO1AOVV UE TIG TPWTOTLIEG AAA TAVTOXPOVA EIVAL KA S1APOPETIKEG,.

KabBe TTAA amoteAeital and 6vo Siktva: tov I'evviitopa (Generator) kol Tov
Atevkpwviotr) (Discriminator) ta omoila ouvvepyaloviar (avrtaywviotika). O
YEVVIITOPAC TTAPAYEL TIC EIKOVES KAL O SIEVKPIVIOTIC CUYKPIVEL TIG TTAPAYOUEVES
EIKOVEG e TIg TPWTOTLIES (TOL oet ekmaidevong). H ekmaidevon kat twv 6o
Eexiva Tuyala Kal.. AoKoma KaBwg o yevvnropag EEKIVA TNV TAPAYWYT)
Serypatifovrag amo evav Ympo tuxainv apifumv (ovvnBwg ovouddletar latent
space) ka1 0 SlevKPVIOTNC KaTtaAafaivel TL IPETEL va KAVEL OO0 TPOXWPA 1
eKTTaibevoT Kal TNV TIANPO@OPIA TN UETAPEPEL GTOV YEVVITOPA TIPOKEIUEVOL VA
BeATiwoel v mo0TnTa TV e1kovev. H exmaidevon yivetar evaAAa§ (Eikova 31):
O yevvi|Topag TPEXEL TPOTOG LEPTKES POPES TNV TTAPAYWYT] EIKOV®V Ao To latent
space e TIg 0T101eg TPoPodoTel Tov SievkpvioTr. Tote o SievkpvioTng Tig PAEmEeL
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nadl pe pepikeg (mpaypatikeg) eikoveg amd 1o oet ekmaidevong kal apyidel n
EKTTAISELOT) TOL TPOKEIUEVOL va TIg Tadivounoel omwotd. O YeEVIKOG OTOX0G TNG
exmaibevong eivar 1 ta&vounon otov Sievkpvioth va yivetar AavOaouéva
OnAadrn va Bewpel Tig ovvbetikeg ewkoveg wg ainbweg. 'Etol, pe v
omoBod1adoon, TO OPOAUA TV EIKOV@V ETMOTPEPEL OTOV  YEVVITOPA
TPOKEWEVOL va PeATiwoel TNV TOW0TNTA TV TAPAYOUEVRDV ekovwyv. H
EMAVAANTTIKT avTh) Stadikaoia o8nyel otn otadiakn feAtioon Tng To10TNTAG TWV
OLVOETIKQV E1IKOVAOV MOTE OTO TEAOG VA (PAIVOVTAL WG TTPAYUATIKESG (AN OX1 151€G
LLE TIC TTPWTOTVIEC).

Mpaypartikég eIKOVES

JUVBETIKEG EIKOVEG

MNpaypaTikég . S b
i Tuxaiot | ¥

ZUVBETIKEG ApiBoi \1 POOPUTY F0w,

levvriTopag AIEUKPIVIOTAG levvAtopac

Mpaypatikeg
n
2UVOETIKES

ER

A | 4

AlevkpvioTig

Ewova 31: Tuvontikn aneikovion ekmaidevong Atevkpviotn (ap), Fevvitopa (6€) evog
ITAA

Avotuywg, Ta ITAA etvat toAD 1810tpoma otny ekmaidevor toug. Avaioya e Tov
TUTIO TOVG, AAAO QUITAGC KATApPEEL KATA TN S1apkela g ekmaidevong, arlo Oe
ovYKAivel ToTté 1) ovpfaivouv Stapopa AAa stpoPAnuata. Mia Baotkr) iy Twv
npofANuAT®Y ekaibevong etval 1) eAT g moootnTa Sedouevwv. Xtnv Eikova 32
amelkovideTal N mopeia g ekmaidevong oet Serypatwv diapopwv peyebwv (2k,
10k, 30Kk, 140k) cvvaptroet g petpkng FID [50] (Frechet Inception Distance)
Kal Twv derypdtwv (oe ekatouuvpla) mov Seiyvovral otov dievkpviotr). 'Oco
ukpotepn etvar ) Tiun g FID 1000 kaAUtepn oUYKAIOT ETITUYYAVETAL KAl TOGO
KOADTEPT €lval 1 7modTTA TwV OUVOETIKOV €1KOVWV IOV  JTAPAYOVTAL.
[Mapatnpovpe ot n wkpotepn FID egugavidetal katd v ekmaidevon Tov

ueyaAvtepov oet g dokiung (140Kk).
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FID
200

100 Ok

50 4

10

140k

t=0M IM M 10M I5M 20M 25M

Ewova 32: Alaypappa ekmaidevong ITAA oe oet Stapopwv peyebav, cuvaptnoet FID.

To mpoPAnua mov mpoavagepape kaieital va Avoel to StyleGAN2-ADA mov Oa

dovpe otn ovveyela.

4.2 StyleGAN2-ADA (SG2A)
To StyleGAN2-ADA (2020) [51] eivar 10 mo mpoopato ITapaywyiko

Avtayoviotiko Aiktvo (ITAA) sov SnuiovpynOnke amo tov Teo Karras kat tnv
opdada epevvntwv g NVIDIA peta ta Progressive GAN [52] (2017) , StyleGAN
(2018), StyleGAN2(2019). Ta StyleGAN [53] eivanl pia enektaon g Paocikng
ApXLTEKTOVIKNG TV ITAA 7oV €Youv OU®G TN SuvaToTnTAa S1AXWPIoUOV Tl TV
EEXWPIOTMOV YAPAKTNPIOTIKGV TNG mapayouevng ewkovag. Eival 1 e€ehiln tov
Progressive GAN sov 1) tav 16n ikava va cuvBEcouv e1KOVES VYPNATC AVAALOTC UE
N oTadlakn avantudn Twv SIKTV®V Tov AlevkpvioTr) kal Tov [evvrtopa katd

Vv exmadevtikn) Stadikaoia.

To SG2A eMTLYXAVEL TNV TAPAYDYT] EIKOV®V TTOAD VPNATC AVAAVOTIC ATTO HIKPA
0ET EKTTAIBEVLON G XWPIC TPOPANLATA VITEPTTPOCAPLOYTIS LECOK Lag vEag Lefodov,
g Aeyouevng Adaptive Discriminator Augmentation (ITpoocapuootikn

Enavénon Atevkpiviotn)).

4.2.1 Ynaepapooapuoyn ota ITAA

Ynepnpooapuoyn ota ITAA yivetar 0tav 0 AlEVKPIVIOTHG TTAVEL VA AEITovpyel
amtodoTika dnAadn, otav 1 mAnpogopia sov divel otov 'evvhtopa eival avev
OVO1AO0TIKNG ONUACIAC OTTOTE KAl O1 JIAPAYOUEVES EIKOVES QIO £VA OTUEIO KAl
HETA OUVEXWC XEIPOTEPEVOLV.

Yta ENA &vag TpOmog ATTOPUYNC TNG LITEPTPOCAPUOYNS KUPIWG OTAV E€XOVUE

UKpO oeT ekmaidevong eival va smpofaivovpe oe emav&non twv dedouevmwv, Omwg
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EYIVE KAl OTA TEPALATA TNG TTAPOVOAG EPYATIAG. AEYOVTAG ETAVENTT) EVVOOUUE
S10@OoPoUG HETACYNUATIOHOVG OTIG N0 LITAPYOVOES EIKOVEG OMWG TEPLOTPOPT],
POaBNKN 1) KAt aAAayT XpwUATwY, Tpoadnkn BopLov kal toAMovg aAovg. To
Pytorch yia mapaderypa Siafetel mAnBwpa TET01wV HETATYNUATIOUGV.

'Ouwg, avtn 1 nebodog dev pmmopet va ypnoposomn et avtovola ota ITAA kabmg
o 'evvrjtopag Ba mapnyaye KAt TI¢ LETACKNUATIOUEVES ETKOVES KATL TTOVL OeVv gival
emBounto. 'Enpene va Bpebel pa pebodog stov ammod ) pia va amo@evyel tnv
VIIEPTPOCAPLOYT] KAVOVTAG XPTON TOV UETACYNUATIOU®DV TOV EIKOV®OV KAl QITO
™V aAn va Stao@aAidel 0Tt avtol 0e Ba mapelo@proovV 0TI TAPAYOUEVES

EIKOVEC,.

4.2.2 Mée0obdog ADA

Ytv Ewova 33 PA&movpe 1o okentikd g uebodov [51] omov pe umie ypoua
ovufoAidovtar o1 Siepyaoieg twv emavénoewv, pe TPACIVO TO OIKTLO IOV
EKTTAIOEVETAL, 1€ TTOPTOKAAL O1 CLVAPTIOELS ATTWAEI®V KAl ota 8e€la i emiSpaon
g mBbavotntag (p) 0TOVG HETACYNUATIOUOVG.

Latents Reals Latents

G p G

{ ) I 11
A]l,lg | | Aug | I Aug |
D

(G Ioss) C D loss )

Ewova 33: Alaypappa porig g ADA ko §e€ia 1) mBavotnta emtavénong (p)

'Onwg mapatnpove, OAeg o1 ekoveg mmov dexetar o Atevkpwviotng (D) etvan
mapalayueveg pe pa poemAeyuevn mbavomrta (p) yua kadbe sapaiiayn
omoia ovpPaivel Tuyaia kat 1 amodoor Tov AlEVKPIVIOTT] EKTILATAL ATTO AVTEG TIG
eKoveg. Ao v AN mAevpa, o T'evvitopag (G) exmaidevetal oTNV TAPAYWYT)
uovo kabapav elkovmv e@ocov 1 mbavotnta (p) TApAUEVEL KATK ATTO TO OP10
ao@aieiag. Ta mepapata twv dnuovpywv tov StyleGAN2-ADA £deifav oTi ot
Sappoeg otov G apyidouv va egugpavidovtal Otav 1o p €ival JToAD KOvIA oTn
povada pe To 0p1o ac@aieiag va eivat Otav p<o.8.

AnAadn, 600 peyaivtepn 1 mBAvOTNTA TOCO TTEPIOOOTEPES Ol ETAVENOELS KAl

TOOO TEPIOOOTEPO TTaparaypévo oet Ba mapovue. QOTOCO, 1) XEPOKIVITN
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pLOUION TNG LVITEPTTAPANETPOL P eival SVOKOAN Sladikaoia yr avto ot Snuiovpyol
TPOXWPNOAV OTNV AVTOUATOOINOT TNG I0AVIKNG EMAOYTG TNG TIUNG TNG.

Avt) ) Sadikaoia eAéyyov Tng €vraong tng emavénong ovopacav ADA kot
elvan pa mpooapuootikn puebodog mov Paoiletar otn S10pOwoN NG TIUNG EVOG

EVPLOTIKOD Tt

FID . | . e
i 20k images « Sufficient overlap
2 ' — steady convergence

I
I
10 I
I
I

* Measure, enforce, exploit!

t=0M ZMI aM oM M 10M 12M 14M

D(x) E Tt = E[Sign(Dtruin)]

, /”/I » % of reals for which D(x) > 0

I * Too high — augment more

-4

* Too low — augment less

-6
— Real Generated

t=0M M aM oM M 10M 12M 14M

Ewkova 34: MéBoSog ADA

'Onwg PAEmovpe otnv Ewkova 34 000 LTAPYEL IKAVOTOMNTIKT] ETKAAVYT TV
katavouwv (real — generated) twv elkovwv otnv €£odo Tov Atevkpiviotr (D) tooo
aUTOG YIVETAL KAADTEPOG KAl 01 TTPoPAEWeIg Tov OwoTOTEPES. TO £VPLOTIKO PAoEL
auTng g emkaAvyng (mmov evkoAa petpietal kad OAn 1t Sdpkewd g
exmaibevong) vroAoyilel TO MTOCOOTO TWV TPAYUATIKMOV EKOVAOV YA TIG 0TT0leg
1oxVel D(x) > 0. Av 0 nécog 0pog elvar TOAD VPNAOG (onuaivel OTL O1 KATAVOUES
Sev emKAADTITOVTAL TTIA) TOTE N TIUT) NG p puOuidetal yia meplocoTePn ETAVENOT

EKOVWV, av elval TOAD [kpog ) p puBuidetan ya pikpotepn enavinon.
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5 IMepauatikn Atadikaocia

e aQUTO TO KEPAAAIO TEPTYPAPETAL AETITOUEPEIAKA 1) TEIPAUATIKT) Sradikaoia
QIO TNV TTPOETOIUACIA TV 0T deSoUEVWVY €MC TNV EKTEAEOT TWV TIEIPAUATOV A,

B, I' ka1 v e€aywyr CLUTEPATUATOV.

5.1 IIpo£ievon KAl TPOEPYACIA TOV CET
6edopevov

IMa 11g avaykeg twv TEPAUATOV TNG epyaciag xpnowuosmombnkav Svo oet
novoikwv dedopevwv mov e@elrg yia StevkoAvvor Ba ovoudlovue big-set (11 No1)

Kat 360-set (1) No2).

Big-set

To big-set meprrappavel 17000 NYNTIKA ATOCTACUATA TPAYOLVSI®V O POK KAl
JTOTL OTVA S1ApKeEg 10 SEVTEPOAENMTWV TO KaB&va, amd Tuxaio onpeio Tov kabe
Tpayovdiov. H popen twv apyelov eival wav, Hovo@mvikad, kal €xouvv puOuo
SerypatoAnpiag 8kHz. 'OAo To big-set avikel oe 181wtk cvAoyT| (Ot Snuocia
01a0eo1un) pe ta petadedoueva tovg (metadata) va mpogpyovrar amo to Spotify.
To Spotify eivar pia oAb Snuo@iAng S1adikTuakn TAATPOPUA AVATIAPAYWYT)S
YNeuakng povoikng. Méow tov API (Application Programming Interface) tng
ETTPETIEL OTOVG XPTOTES VA EEEPELVOVY KA VA EEAYOUV HOVOTKA XAPAKTIPIOTIKA
aTO HOVOTKES BAoelg SeSopevmV EMAEYOVTAG QIO TA EKATOUUUPIA KOUUATIOV TNG
TAATPOPUAG.

O1 KaTNYopieg TMV YAPAKTNPIOTIKG®V €lval ot €Ng Kal agopovy KAOBe Hovoiko
amoomacpa  Eexwplotd: Acousticness (av TO KOQUATL €lval AKOVOTIKO),
Danceability (av  elvan  yopevtiko), Energy (&viaon  evepyelaxng
Opaotpiomntag), Instrumentalness (av mepiexel @wvnukad), Liveness (av
VITAPYEL AKPOATNPl0 OTNnV nyoypaepnon), Loudness (n péon évraon oe dB),
Speechiness (aviyvevon ouniag), Valence (novoiko 00évog), Tempo (ektiunon
pLOUIKOV YapaKTpa). ATTO AUTA TA XAPAKTNPIOTIKA XPNOUA Yid EUAS T)TAV TA
Energy ka1 Valence.

Kata to Spotify API, ta Energy kot Valence avaivovtatl wg eE€ng:
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Energy (Evépyeta): H evépyela petpietal og KAIHAka amd 0.0 €mg 1.0 Kal
AVAITAPIOTA TO HETPO TNG AVTIATIITIG EVIAOTG KA1 SpACTNPOTNTAG TG LOVOTKNG.
Ta evepynTiKA KOUUATIA ®¢ €TTL TO TAEIOTOV, TA AVTIAAUBAVOULAOTE W YPIYOPQ,
Suvata kat BopuvPwdn. T'a mapaderypa eva death metal koppdam €xer vnAn
evépyela oA éva mpehovdlo tov Bach moAy yaunAn. Ta avtiAnmta
XOAPAKTNPIOTIKA IOV YapakTInpidovv v evepyela mepiaapufavouv to eVpog tng
SUVAUIKTG TTEPLOYNG, TNV EVTAOT), TO NXOXPWUA, TOV pUOUO HOVOIK®V CLUBAVTWV
ava SeVTEPOAETTO KA TN YEVIKI) EVIPOTTIAL.

Valence (20¢vog): To 00¢vog petpretat oe kKAipaka amod 0.0 €wg 1.0 Kat eKPpadel
N BeTKOTNTA TTOV ATOPPEEL ATTO TO HOVOTKO KOUUATL. ATIOOTIACUATA HE VYPNAO
00&vog akovyovtal BeTikotepa (Yapd, eVPopia) EVE KOUUATIA UE YAUNAO 00£vog
AKOUYOVTAL TT1I0 apvNTIKA (AU, Bupog, peAayyoAia).

'‘OAa T LOVOTKA ATTOoTTACUATA TOV big-set eival TANPWG ETIKETOTONUEVA e TA

mpoava@epHEvIa yapaktnplotika tov Spotify API.

360-set

To 360-set asmoteleital amd 360 HOVOIKA QMOCTACUATA OE HOPQPT) mMp3,
OTEPEOPWVIKA, pe pulBuo SerypatoAnyiag 44.1kHz, Stapkovv ano 15 €wg 30
devtepolenta kat eival avotnpd opyavikd SnAadr Sev mepiExouvv KATO0
TPAYOLSL T aayyeAa OTiY®V 1) OHALa.

Ta ATooTACHATA TOV 360-0£T EIVAL KIVIUATOYPAPIKT) LOVOIKT A0 110 TAIVIEG
(YV®WOTEG AAAA KL OY1 TOOO YVWOTEG) TOV EMAEXONKAV KAl XprolpomomnOnkav
antd toug Eerola & Vuoskoski [5] otn peAétn toug mavew 01O S10KP1TO KA
Slaotatikd HOVTEAD KATATAENG TV HOVOIK®V ovvalodnuatwv. H mpwtotumn
ovopaacia tov oet eivan “Stimulus Set 17 ka1 ) Tpocofaon oe avto eivar eetBepn).
H emdoyn twv amoomaopatowv €yve amod e1d1kolg (emayyeAlaTieg Hovo1Kovg,
KaOnyntég kat @ortnteg Hovoikwv Ilavemomuiakmyv oxoAmv) ol omoiol Ta
katetalav-fabuoroynoav oe mEVte katnyopieg tov Swakprrov (yapa-happy,
AOmn-sad, tpugepotnta-tender, @ofog-fearful, Buuog-angry) kat oe Tpeig
katnyopieg tov OSaotatikov povtedov (o0Bevog-valence, evépyela-energy,

evtaon-tension) katdtadng tov cvvaloONUATOG 0TI LOVOTKT).
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H emloyn tov 360-0et wg onueiov avagopdag (ground truth) tng mapovoag
epyaoiag €ywve AOywm TOL OTL €lval TANP®WG EMONUEIWUEVO ATO €181KOVG OTOV

TOUEQ TNG LOVOTKT|G, YEYOVOC OITAVIO YA OET 7ToL gival dnuooia Stabeouo.

5.2 IIpoeme€epyacia twv oeT Sedousvmwv

Ma v emitevdn TG OULOOUOPPIAG TOV TEPAUATOV AAAA kal emeldn OAa Ta
NYNTIKA Oelypata HETATPATINKAV O PACUATOYpAPNUATA TNg KAipakag Mel

(Mel-spectrograms) wote va yivouv eicodot ota INA eywvav ta e€ng:

a) To big-set mapepeve avarroiwto SnAadn (wav, mono, 8kHz, 10 sec)
b) 210 360-set pewwOnke n SerypatoAnyia, n didpkela Twv Serypdtwv Kat o
X0¢ £€y1ve povo@wvikog (mp3, mono, 8kHz, 10sec)

Y1n peAétn 1wv Eerola & Vouskoski to “Stimulus Set 1”7 (360-set) amoteAovoe tov
JIPOTTOUITO TOV KUPIWGE TEIPAUATOS TOUE JTIOV KATEANEE O £va AKOUA UIKPOTEPO
0€T 110 KOUHATIOV To Aeyouevo “Stimulus Set 2” amd 1o omoio agaipeoav pia
KAQOT, TNV EKTANEN (surprise) mov v pye oto “Stimulus Set 1”. Avto £yve kaBmg
ol €101kol 8ev KATAPEPAV VA TNV AVAYVOPIOOUV ¢ AUTOVOUO cuvaioOnua
YEYOVOC TTOU (PAVNKE QO TIG TOAD YaunAeg PBabuoroyieg mov €8woav ota
amoomaopata sov (vmotifetal) 0Tt Ba empene va LIEPIOYVEL 1] EKTANEN EvavTL
TV vmoloutwv ovvawoOnuatwv. Ot PabBuoroyieg kol n katataln Twv
QTOOTACUAT®WY €lval Snuoolevpeva oto apyeio “mean_ratings_set1”. 'Etol, ta
30 KOppATIa NG «&KMANENG» KATAXwploTnKav aitd €uAg OTIS VITOAOLTEG
Katnyopieg ocvvaoOnuatwv avaddoywg Pabuoloyiag mov ameomacav, yia
napaderypa (Etkova 35) 10 amoomaopa 153 ev gixe emonueindel wg “surprise”
TO Kataywploape oto “tension” a@ov avtn 1) KAAOT ATECTIACE TNV LYPNAOTEPN
BabuoAoyia Twv 181k®V 0TV akoLOTIKT SoKipaoia.

Number|valence energy tension |anger fear happy sad tender |TARGET
153 3,83 3,67 5,00 1,50 1,83 1,67 2,67 1,00 SURPRISE

Ewxova 35: BaBuoAoyia tov puovoikov amoonmaocuatog No 153 010 meipaud twv
Eerola & Vuoskoski

‘Eva aMo Jjtnua ov EMpene va AVTIUETWITIOTEL NTAV 0 TEPLOPIOUOS TNG

Ol10pKEING TWV QITOOTACUATOV WOTE OAA Vva €youvv Olapkeld, Omwg
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npoava@epOnke, 10 devtepolenta. Kpatnoape kol €8w 10 TPWOTO XPOVIKO
mapaBupo SnA. amd 0 €wg 10 sec ypagoviag kwdwka oe python (apyeio

360 SliceAudio.py).

Metatpomnr) og pacpuatoypa@nuata mg kiipakag Mel

ITpokeuévou ta Sedoueva twv dvo oet va yivouy eicodol ota Babia Nevpwvika
AlKTLA TV TEPAUATOV TASIVOUTOTG, EMTPETE ATTO NYNTIKA VA HETATPATIOVV OE
AVATTAPACTACELS EIKOVAC KATAAMNAEG Yl £EAYWYT XAPAKTNPIOTIK®V TOV TjXOV.
M tétola auelkovion eival 1o @aopatoypagnua oe kAipaka Mel (Mel-
Spectrogram) [54] . H xAipaxka Mel eivar pia AoyapiOuikn petatpomn ng
OLYVOTNTAC TOU OTUATOG TNG OMOlag 1) QTEIKOVION Elval TIO KOVTIVI] OTOV
avOp®mvo TPOTTO AvTIANYNG Tov Nov amd OTt N ypauwkn. 'Etol, to Mel-
Spectrogram asteikovilel 1o eS10 TV CUYVOTITOV EVOG OT|UATOS CUVAPTIOEL TOV
XPOVOU e TN Sltapopd 0T1 01 oUYVOTNTEG EKPPAlovTal 0TV KAlpaka Mel, avti g

YPOAUUIKTC TOV «atAoU» spectrogram, Eixova 36.

+0 dB
-10 dB
-20dB
-30 dB
-40 dB
50 dB
-60 dB

-70 dB

-80 dB
0 06 12 18 24 3 36 42 48

Ewxova 36: @aouaroypapnua kAipaxag Mel

H petatpomnr) twv nnTikov detypdtwv Tov oet oe Mel-Spectrograms €ywve pe
BonBewa tng librosa. H librosa [55] eivan éva makéto Python ywa avaivon
NXNTIKOV KAl Lovoikov orfjuatog. O kodikag Tng petatpornng Bpioketal To apyeio
making mel-spectrograms.ipynb KAl CU[(')O'I[(IOH('I TOV (paivswu omyv Ewova 37,
OTToV:

Yy, sr = librosa.load(songname, sr=8000, mono= , duration=10)
print(y.shape, sr, songname)

S = librosa.feature.melspectrogram(y=y, sr=sr, n mels=128, fmax=8000)
S dB = librosa.power to db(S, ref=np.max)

Ewova 37: Metatponn oe Mel-spectrogram ueow tng PfAiodnxng librosa
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To kaBe povowko amoonmacpa (eite wav, eite mp3) Ba @optwOel pe
sample rate = 8000, Ba eivalr povopwviko kar Ba &xel Siapkea

duration = 10 SgvtepOAETTA.

Ta mapdBupa SerypatoAnpiag Ba eivalr n fft = 2048, pue Prua
neyehoug hop length=512 kaBe @opd ywa to emopevo mapaBupo (ot
apaueTpotl dev paivovtal otov kodika kabag o 2048, 512 ival ot

TPOKADOPIoUEVES TIUES TOVC KAl UITOPEL va tapainpBovv).

'‘OA0 TO €VPOC CUYXVOTNT®WV TOU OelyHaTog XWPIZETAl O€ n mels=128
OUOIOLOPPA  KATAVEUNUEVEG OLYXVOTNTEG O€ QIOOTAOEIS ONMWS Oa
aKovyovTav astd 1o avlpmmvo auti.

To f max=8000 opidel TO pEYWOTO OplO NG ouvxvotntTag smov Oa
QIEIKOVIoTEl

To s dB eival 10 Qaopatoypa@nua S mov petatpenetal oe Mel-

Spectrogram

Alaywplopog Tov oet o train, validation, test

'Exovtag petatpéypel oAa ta nyntika OSetypata oe Mel-Spectrograms £ywve

S1amplouog Twv big-set kat 360-set oe:

Yet exmaidevong (training set) oOmov ypnowomoleitar ywa TNV
ekTaibevon Tov HovTeAOL

Yet emxvpwong (validation set) omov ypnowomoleital ywa TNV
EKTIUNOT] TNG YEVIKELOTG TOV HOVTEAOV OTTOV AVAAOY®E TOV ATTWAEIDV
npoxwpovue oe pLOuion (finetuning) tov poviedov.

Yet Soxwung (test set) omouv ypnoluomoleital PETA TO TEAOG TNG
EKTTAIBELONG KAl TTEPIEYEL ATTOKAEIOTIKA KAl HOVO Selypata ayvwota

OTO LOVTEAO.

O Saywpiopog oe train & val eywve pe ) PonBeta g Pi1A1od1kng e Python mov

ovopadetan Scikit-learn. H Scikit-learn [56] mpoo@épet moAeg Guvatdtnteg yia

avaivon Sedouévwv  mpokelwevoy va  ypnoiposomnBovv o mpoPAnuata

ta&vounong, ovotadomoinong Kat emAoyng Hovtedwyv. Me T ouvaptnor) g

train test split Olaywploaue To kaOe 0T O€ train 0.8 KAl val 0.2 OMWG

paivetal otnv Eixova 38: (apyelo KOSKA: splitting datasets in train-val

sets.ipynb)
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files = os.listdir(origin label dir)
file idx = list(range(len(files)))

val percentage = 0.2
train, val = train test split(file_ idx, test_size=val percentage, random state=42)

Eixova 38: Tvyaiog Staywptouog tov oet o€ train=0.8, val=0.2

To 360-set petd Tov Staxwplouo Tov £xel dSrapoppwdel wg e&ng (ITivaxkag 2 ):

Ilivakag 2: Ataxwptiouog 360-set, oe train, val, test oet

Awaxwplopdg tou 360-set oe train - validation - test
Valence | Train | Val | Test |Tension | Train | Val | Test |Energy | Train | Val | Test |[Emotions | Train | Val | Test
positive 62 26 | 50 [high 64 28 | 50 |[high 61 27 | 50 [anger 6 5 40
neutral 47 | 21 | 50 |medium | 33 15 | 50 |medium | 48 | 20 | 50 |fear 32 | 21| 40
negative | 38 16 | 50 [low 49 | 21 | 50 (low 37 17 | 50 [happy 15 10 | 40
sad 21 | 14 | 40
tender 22 14 | 40

To big-set pBe otV katoxn pag nén xwpopevo oe train — test oet omoTe CAV
eloodog oto Scikit-learn pnnke to train set 0mov Ywpiotnke oe train - val

(ITivaxag 3):

Ilivakag 3: Ataxwptouog big-set oe train, val, test oet

Awaxwplopdcg tou big-set o€ train - validation - test

Valence | Train | Val | Test |Energy | Train | Val | Test
positive | 3752 | 938 | 513 |high 5739 (1435| 780
neutral | 4762 [1191| 661 |medium | 4416 | 1104 | 628
negative | 3882 | 971 | 541 |low 2192 | 548 | 308

Twpa, Ta dVo oeT pag etvar £tolpa va yivovv eicodotl ota Badia vevpwvikd diktva

WOTE VA EMAVOOLV TA TTPoPATuaTa Ta&vounong.
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5.3 Ta&ivounon pe Bafua Nevpwvika Atktoa kat
Metagopa Madnong

5.3.1 Emoxkommon elpauatev

Ta 8Vo oet, 5nAadn 1o big-set kot To 360-set vTIOPANONKAV O TelPA TEIPAUATHOV
ta&vounong pe: xpnon Babwwv Nevpwvikov AktOwv, texvikn Metagopdg
MdaOnong (Transfer Learning), texvikn Emav&nong AeSopevev (Data
Augmentation) ka1 mapaywyn texvniov deSopevav pe ypnon Iapaywyikov
AvTaymvioTiko AIKTUOL Kal ovykekpilueva tov StyleGAN2-ADA. Ta Sedoucva
mov mapryaye to StyleGAN2 ypnowomomOnkav wg €l0odot yia ta mepapata
ta&vounong twv ovvaiodnuatwv (anger, fear, happy, sad, tender) tov 360-set
KaBwg 0 apykog aplBuog Tv Setypatwy ntav ToAD pikpog yia Babia Mnyavikn
MdabBnon kat eytvav ouykpitikeg Sokipeg. 'OAa Ta LOVTEAQ TTOV XPTOLOTTONOnKaY
(ResNeXt101_32x8d, AlexNet, VGG16_bn, SqueezeNet1.0, DenseNeti21,
Inception_v3) eival mpo exkmaidevpeéva oto ovvoro dedouevwv ImageNet kau
TIPOEPXOVTAL QIO TO TAKETO povieAwv torchvision.models[57] tng BipAodnkng
unyavikng padnong Pytorch.

JUVomTiKA, Ta mepapata tagvounong yua 1o 360-set eivar Valence, Energy,
Tension, Emotion(anger, fear, happy, sad, tender) oe 6 G&lagopetikeg
OPXLTEKTOVIKEG KAl 0¢ 2 oevapla dnAadn 4x6x2=48 melpauata, 0Tmg @aivovial

OLVOTTIKA 0TV akoAovdn Eixova 39:
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Eixova 39: Zvvoyn épywv ta&tvounong yia to 360-set, ue petapopd uabnong
AvtioTtoa, Ta melpapata tagivounong yu to big-set eivar: Valence, Energy oe
6 S10POPETIKEG APYITEKTOVIKEG KAl Og 2 gevapla SnAadn 2x6x2=24 melpauata,

OTIWG PAIVOVTAL CUVONTIKA 0TV akoAovdn Eixova 40:

g R
B ResNext-101- |l Ly
sl M finetune whole
model
lifreeze pretrained
[EVETS
TN
M finetune whole
model
[lifreeze pretrained
layers
M finetune whole
model

VGG-16bn g
Mlfreeze pretrained
layers

) 1.valence Mel-

Mllfreeze pretrained
layers

M finetune whole
model

lifreeze pretrained
[EVEES

finetune whole
model

M finetune whole
model
DenseNet-121 o il

= SqueezeNet 1.0 &

Inception v3 i

Ewxova 40: Zvvoyn épywv tadivounong yia to big-set, ue petapopa uabnong
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21 ovvexela emavaAn@inke n tpoavagepHeioa oe1pA TEPAUATOV AAA AUTI) TN
(POPA TA LOVTEAA TA ETYAE TTPOEKTAIOEVOEL OTA PATLATOYPAPTLATA TOV big-set.

Y T0 TEAOC £YIVE GUYKPLOT] TOV ATTOTEAEOUATWY TOVC.

O kwdikag Twv mepauatnv eivarl ypauuévog oe Python kot ekteAéotnke oto
nepiBarov g mAatpopuag Google Colaboratory [58] (11 Colab) oe popen
Jupyter Notebook kaBwg 1 xpron twv GPU’s tov mpoo@epet 1o Colab, £otw kat
HE KATO0VG TEPLOPIOUOVE, KpiOnke aumapaitntn yu TNV ekmaidevon Twv

LOVTEAWMV KA1 TNV TTAPAY®YT TEXVNTOV Setyuatwy pe To StyleGAN2-ADA.

5.3.2 Mé£0080¢ emAOYNG TTPOLKITASEVUEVOV HOVIEADYV

Ytdpyouv apKeETOl TTAPAYOVTIEG TTOV UTTOPOVUE va AdPovpe LITOWPN HAG TPV
KATOANEOVE OTNV ETAOYT] €VOC TTPOEKITASEVIUEVOD HOVTEAOL EVAVTL KOO0V
aMov. Mepikol ammd autolg eivatl 1 TOAVTTAOKOTNTA TOV, 1| KATAVAAWOT LVTUNG
Kal 0 Xpovog vmtoAoylopov ovumepaocuatog (inference time) [59] . Emiong, to
ueyeog Tov povTEAOL WITOpEL va elval €vag akoun apayoviag Omwg Kal n
Katatagn tov oTov mivaka top-1 & top-5 error rates. Ttnv mapovoa epyacia
EMAEEQUE 6 YOPAKTNPIOTIKEG APYITEKTOVIKEG fACEL AUTOV TOV TVAKA XWwPIg va

AdfBovpe LITOWYN EMITAEOV TTAPAYOVTEG.

IMa mv akpifela, emAe€ape povieAa mov Ppiokovtal TOGO OTNV KOPLPT] TOV
mivaka (ResNeXt-101) 0c0o kat otn Baon tov (AlexNet) kabog kat pHePIKA oL
katahapPavovuv g eviiaueoeg Oeoelg. To top-1 error €ival 10 MOCOOTO T®WV
POpwV OO0V 0 Ta&vountrg dev edwoe ot 0WOoTH KAAOT TO VYPNAOTEPO OKOP KAl
TO top-5 error £lval 10 TOOOOTO TWV POP®V TTOV 0 TASIvouNTig Sev ovpmepieAafe
TN OWOTN KAAOT) LECA OTIG TTEVTE KOpL@Aieg poPAewelg Tov. Idavikd, BEdovue To
HoVTEAO va TpoPAEmel TN OwOTH KAAOT OTO top-1 error aAAQ kAl 1 XOunAn
(xaunAn = xaAvtepn) Pabuoroyia otv katataln top-5 onuaivel o
OAOKAN PWUEVT] EKTIUNOT TNG ATTOS00TG TOV YA TIG KAAOELG TTov gixe aotoyia. [a
mapaderyua popet va unyv mpoPAepel cwotd Ty KAAon oTto top-1 aAAd 010 top-
5 0€ &va 1IKAVOJIONTIKO JT0C0O0TO VA TNV £XEl UEOA OTIC TIPWTES EMAOYES Tov. O
mivakag top-1 & top-5 error rates yia ta poviéAa tov torchvision @aivetal otnv

TApaKatw eikova (Etkova 41).
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Top-1 & Top-5 error rates

ResNeXt-101-32x8d |
—
Wide ResNet-50-2
Densenet-161 |

Inception v3

m

Densenet-201

|

Densenet-169

:

VGG-19 with batch normalization

VGG-16 with batch normalization

VGG-19

1]

VGG-16
VGG-11 with batch normalization

GoogleNet

T

ShuffleNet V2

SqueezeNet 1.1

AlexNet

Ewcova 41: Kataraén mpoekmaibevuévawv poviéAwv tov torchvision kata ta
top-1 & top-5 error rates

5.3.3 PuOuion kan Aoy vaEpITapapuETpwv

Towg 1 ONUAVTIKOTEPT] LIEPTAPAUETPOS Y1A TNV IKAVOTOUTIKT] artd8001 evOog
VELVPWVIKOU S1KTLOV eivat o puBuog ekmaidevong (learning rate) tng ovvaptnong
BeAtiotomoinong, onwg eixye avagepOel kal oe mponyovuevo Ke@aiao. TToAw
UKpOg puOuog ekmaidevong onuaivel KAALTEPT), 0 AflOmOoTn eKTAISeVOT) AAA
1] CUYKALOT] EMTUYXAVETAL HETA QIO LIEPPONKA HEYAAO ¥POVIKO SraoTnua. Ao
™V M, peyadiog pvBudg pmmopel va onuaivel ypnyopn ekmaidevon aAAQ
oLVNOBWS ATOTUYNUEVT KAB®MG 01 aAAaYeg TV Papav eival TOOO UEYAAES TTOV O
aAYOp100g AOTOXEL LN WITOPMVTAC VA AVAKAADYEL TO EAAYIOTO KAl 0 AAyOp1OUog
TeNkA asokAivel. H eVpeon tov 18avikov pubuov ekmaidevong eivalr SVokoAn
vrto0eon mov asmtartel ovVNOWG TOAEG SOKIUEG, LITAPYOLVV (PUOTKA KAl KAITTO1EG
uebodot (0nwg annealing, scheduling) ;tov BonBolv mpog avtr) v katevBvvon.
Snv mapovoa epyacia xpnoipomonOnkav §vo tétoleg teXVikeg kKaBwg 0 OYKog
TV TEPAUAT®V, Ol JIEPIOPIOUEVOL VITOAOYIOTIKOL TTOPOl KAl O XPOvog Oev
enmetpepav evledeyr] kal Eexwplotn pubuon kabe APYITEKTOVIKNG IOV

doxiuaotnke.
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Qg ovvaptnon PBeAtiotonoinong oe OAa Ta melpapata xpnouomowmOnke n SGD
(Ztoyxaotikr) KabBobog kAiong) pe momentum = 0.9 (0pun), JTOL YEVIKA £XEL KAAT

aoSoon ota Siktva 7oV eMAEEALE.

PyTorch learning rate finder

ITpokertan yua pia vAosmoinon oe Pytorch [60] tou “learning range test” omwg
avtd meprypagetat oto apBpo tov Leslie N. Smith Error! Reference source
not found.. To learning rate range test eival pia Soxipaocia sov mpoteivel evav
18aviko pvuo ekmaidevong. Kata ) Siapkela tng dokipaociag avtnig o pvOuog
exmaidevong aviavetal ypapuuikda 1 ekbetikd peta&h Svo opiwv. To xaunAotepo
op1o a@nvel 1o diktvo va Eekvhoel ) oLYKAIOT KAl TeAMKA kabwg o pvOuog
av&avetal, kamola oTyun Oa yivel oAb peyarog kat toTe 1o Siktuo Oa amokAivel.
H exmaibevon pe tovg kukAikovg puBuoig ekmaidevong avti otabepav TIHGOV
metvyaivel PeAtiwpévn axkpifela ywpig v avaykn pubuiong katr ocvyva e
Atyotepeg emavaAnyelg. (Eixova 42)

Learning rate search finished. See the graph with {finder name}.plot()

LR suggestion: steepest gradient
Suggested LR: 6.58E-01

1 @ steepest gradient

Leaming rate

SGD (

Parameter Group 0
dampening: 0
initial 1r: 0.001
1r: 1.0722672220103235
momentum: 0.9

Ewxova 42: To learning rate finder edw mpoteiver pvOuo exmaibevong 6.58E-01

ReduceLROnPlateau

To torch.optim elval é€va makéto Tov Pytorch mov mepiiaufaver
O1apopovg aiyopiBuovg PeAtiotomoinong. 'Evag amd avtovg eivar kat o
ReduceLROnPlateau [62] o omoiog peiwvel tov pvBuo exmaidevong otav pa
UETPIKT] oTtapatnoel va BeAtiwvetat. O aiyopiBuog Safader pa emAeypevn
UETPIKN Kol av O onueiwdel mpoodog yia CLYKEKPIUEVO aplOUO ETOXWOV TOTE O

pLvOUOGg exmaibevong pelwvetal., Eicova 43.
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scheduler = ReduceLROnPlateau(optimizer ft, patience=3, mode='min')

Eixova 43: Zvvaptnon ReduceLROnPlateau

Y10 MAPATAVRD TTApASElyua KOOKA TOU OUYKEKPIUEVOL aAyopiOuov 1
TTAPAUETPOG optimizer_ft elval o emAeypévog optimizer (m.x. pa SGD), 1
TAPAUETPOC patience eival To Op1o TOL APIOPOL TWV ETOXWV KATA TO OIOI0
empenetal N un PeAtiowon g emieypevng petpikng. 'Otav avtd 1o 0plo

Eemepaotel 10Te Ba pewwdei kat o puOUOg ekaibevong.

5.3.4 Metpikeg ekTiUNoONG AWr0d001¢ TASIvouUnTeVv

Ma 1 OG&epebivnon g mow0TNTAS NG  eKmaidevong &vog  HOVIEAOV
xpnopomolovue Staopeg petpikeg [63], [64] twv omoiwv ot Tipeg pag fonbovv
VA EVTOTOOVE TUXOV TTPOPANUATA OTTIWG VITEPTTPOTAPLOYT), TPOPANUATIKO OET
Sedouevwv, owoTtrn emAoyr poviehov kat Stagpopa ala. Emiong, pag fonbave
ot PBeAtimon Tov SIKTLOV APOV, TAPATNPDVTAS TIG TIUES TOVG, WIOPOVUE VA
EMEUPOVUE OTIC VIEPTIAPAUETPOVS TOV HOVTEAOU KAl UE EMUTAEOV SOKIUES VA
EMMTUYOVUE TNV KAALTEPN aAmOS00T) TOL €@OoOV emdeyetal PeAtimong. X

ouveyela Ba Tapovo1acTOUV AVTEG TTOV XPTOILOITOCALE OTA TEPALATA.

ITivakag Xvyyvong (Confusion Matrix)
[Tpokertan [63] yia evav sivaka 600 S100TACE®Y OTTOV 01 OTHAESG KAl O1 YPAUUES
TOV QITOTLTIOVOLV QIO TI Hid TA TPAYHATIKA Selypata Kol amd Ty AAAn avtd
Tov TPOPAeWe To povtero. INa mapaderypa otnv Eikova 44 BAemovpe evav tE€T010
mivaka (ammo melpapa g epyaociag) ONov OTIG YPAUUES eu@avidfovtal ta
PAYUATIKA Oelypata Twv Tpiwv KAACE®V KAl OTIG OTHAEG AUTA  JTOV
npofAeOnkav katd v tavounor. To oet mepiexet 50 Setypata ava kAdom kat
0 TVaKAG OVYYXLONG TA EUPAVICEL OG:
»  AAnBwg Betika (True Positives, TP): Eivan ta detypata stov o
ta§voun g poPAepe cwotd GNAaST) 0TO TAPASETYUA LAG V1A TIG
KAQ0€1G: TPhigh = 44, TPiow = 24, TPmedium = 12 (Ta 0TO1KEIA TNG

Staywviov)
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*  AMBwg apvntika (True Negative, TN): Eivan ta Setypata mov o
TAEVOUTTIG OWOTA TTPOPAEWE OTL SEV AVIIKOUV O€ Hid KAAOT JT.Y. YA TNV
FNhigh=24 + 19 + 5 + 12

» Wevdwg Oetikda (False Positive, FP): Eival ta Setypata piag kAAong stov o
ta&vountng AavBaopéva mpofieye wg Oetikd m.Y. FPhigh=0+6

* Wevdwg apvntika (False Negative, FN): Eivat ta Oetika Setypata puag
KAQoNg mov o Ta&vountng Aavlaopeva ta poPAepe wg ApvNTIKA TT.X.
FNhigh=7+33

O1 mapamdvew eKPPAcelg «OeTikd», «APVNTIKA» JPOEPXOVTAL A0  TA
npofANuaTa Ta&vounong 600 KAAOE®V OOV TA GPOAALATA TTOV KAVEL TO LOVTEAO

etvar ta FP xat ta FN.

energy

high

low -

rue labels

medium

o 6\‘)(“

Predicted labels

Ewova 44: ITapaderypa mivaka oUyyxuong Tplwv KAAGE®V 0€ 0T 150 Setypuatnv

OpOomra (Accuracy)
H OpBotnta evog povtelov pag Setyvel mOoeg Popeg EKAvVE OwWOTN TPOPAeywn o
TAEVOUT TG OTO CUVOAO TwV SEYLATMV KAl LITOAOYI{ETAL ATTO TN OYEON:

TPall

accuracy = all samples

Axpifewa (Precision)
AnAwvel Tov Ad0yo twv ainBag Betikwv Setypdtwv pag kAAong smpog oAd Ta
Setyparta mov o ta&ivountng mpoPfAewe wg Betika:
TP class
TPclass + FPclass

PTrecision e =
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Avaxinon (Recall)
OvoudadZetar kot EvaioOnoia (Sensitivity) avamapiotd to 1000010 Twv Se1tyaT®my
u1ag KAAoNG 7tov ntav aAnbwmg Betikd kat o taivountrg ta Katetage wg tétoa:

TPclass
TPclass + FNclass

recall j,ss =

F-1 Score
H petpikn) avtr) ovvdvader v Axpifela kat v EvaioOnoia pag khaong kabwg
uag Sivel Tov appoviko Toug Eco:

Precision ,ss * Recall s

flscore =2 —
Precision ,ss + Recal s

Av Bglovpe va vmoloyioovue to Aeyouevo macro avg Fi-score [65] oe
nipofAnUaTA TAEVOUNOTC TTOAADV KAAGE®WVY TOTE LItoAoyifoupue ta emuepovg f1

ava kAdor, ta afpoidovpe kal Stapovpe pe 1o TAN00G TV KAAGEWV.

5.3.5 Metagopa MaOnong (Transfer Learning)

[Tpokewevoy &va moAveminmedo vevpwvikd Oiktvo va ekmaldevtel owoTA
Xpe1adetal Heyaho OYKo SeS0UEVMV, TTOAD LEYAADTEPO AITO AVTOV JTTOL XPe1adovTal
01 AAYOP10OT TNG UNYAVIKTC LAONOTIC KA LEYAAT VITOAOYIOTIKT) 10XV. 'OUmC, TTOAD
oLYVA, OVUTE 1] EVPEOT] TEPAOTIWV OET OEGOUEVWVY EIVAL EPIKTI] AAAA OVUTE KA 1)
SramiBEpeVn VITOAOYIOTIKT) 10XVE Elval AVAAOYT] TV ATTAITNOEWV TNG eKaidevong
evog tétolov Siktvov. H PBaowkn 18¢a miow amod v texvikn g Metagopdag
Mabnong [66]-[69] elval: «AmoBnkebw yvaorn OV ATEKTNOA AVVOVTAG eva
POPANUA KA TN XPNOUOTOI® YA va AVO® €va AAAO TTApOUo10 TTPOBAnUa oe
OUVTOUOTEPO XPOVO KAl e HIKPOTEPO KOOTOG». 110 OUYyKeEKPIUEVA, E0TW YA EVa
mpOPANUA  Ta&lvounong EIKOVWY, Elval KOWI JIPAKTIKI] 1| XPNoOn &vog
TPOEKTTAIOEVIUEVOV LOVTEAOV TTOV EXEL TIPOKLYPEL ATTO TNV ekaidevor) evog fabiov
YNA og &va toA) peyalo oet deSopevav (.. ImageNet Twv 1.2 ekaToppLPi®V
EKOVWV, 1000 KAAoe®V). To TpoekmaibeVEVO LOVTEAO OTN OUVEXELA UITTOPEL Va
xpnowomonBel oe AAMA €pya TA&vOUNOTC TPOCAPUOCUEVO KATAAMNAA yia T
OUYKEKPIUEVA €pya. AULTO TTOV OTNV JTIPAYUATIKOTNTA HETAPEPETAL HUECK TOU
TIPOEKTTAIOEVIUEVOL LOVTEAOL gival Ta BApn TOv  APYIKOL O1KTUOL UETA TNV

exaidevor) Tov.
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Kvprotepa oevaplia

» glaywyeag xapaxktmploTikwv: 0 TO  JPOEKTAISEVUEVO  UOVTEAO
agaipeital o teAevtaio eninedo (tov ta&vountry), TPOCAPUOLETAL OTIC
AVAYKEG TNG TPEXOLOAS TASIVOUNONG KAl «ITAYWVOLV» Ta Bapn Twv
vroomwv enutedwv. INa mapaderypa, ot kAaoeig tov ImageNet eivan
1000, ev® TO TPEXOV €pyo amaitel 5 kAdoelg, omote SropBawvovue
avaroywg. H teyvikn) avtn eival xpnouotepn Otav Ta oeT SeS0UEVHOV
(mpoekmaidevong — exmaidevong/Sokung) eivarl mapopola. Mmopel va
xpnowomonfel akoua kal KAmolog TaSvVoUnTig UNXavikng uabnong sy
SVM avTi Tov TEAEVTAIOL EMITESOV TOL HOVTEAOV.

*  LKpo-pvOuLoT): 0 AVTO TO 0EVAPL0 eTloT G yiveTal S10pOwor Tov emumedov
TOV TA&VoUN T AAAA TTApAAANAQ yiveTal kal wikpo-pvuion twv Bapwv
TWV JIPONYOLUEVRV emmedwv kata tnv omoBodiadoon. Mimopel va
avavewBolv eite OAa eite kAmola ad Ta emmeda KAl TA LITOAOUTA VA
petvouv «maywpevar» (Ue ta fapn g mpoekmaidevong). Avto Aettovpyel
kaBwg Ta mpwta emmeda evog INA  eviomidouv TA  YEVIKOTEPA
YAPAKTNPIOTIKA U1 €1KOVAG (JT.Y. EVTOMOUOC AKPWV €1KOVAC) TV gival
mOavoTepo va elval KoOwvd akOud KAl 0 €VTEA®S AVTISIAUETPIKA OET
EIKOVWV.

»  ta&voung: Ywpig KAIola EMITAEOV EKTTAIOEVOT) T) AAAAYEG OE KATTO1A QIO
Ta emineSA Tov, TO HOVTEAO XPNOUOTTOEITAL AVTOVO10 w¢ Tagvountrg. To
0evaplo autod TPOUTODETEL APKETI] OUOOTNTA TWV OET TOOO TNG

npoekmaidevong 000 kal g Sokpaoiag otn véa talvounon.

Emmiovyr) oevapiov
To mo1o and Ta mapamave oevapla Ba vioBetroovue ava mepintwon, eSaptatat
KLPLHE artd 810 TAPAYOVTES: A0 TO HEYEDOC TOV CET KA1 QIO TNV OLOIOTNTA TOV
Le o oet NG mpoekmaidevong. I'evika akolovBolpe Tig e€ng katevBuvoelg:
" 70 V€O O€T elval UKkpo kat Iapouolo Tov apytkov: Eav yivel pikpo-
pLuOuIoTN EMOYEVEL 0 KIVOLVOG TNG LIIEPTTPOTAPUOYTG, OTTOTE TPOTILATAL
TO 0EVAP10 TOV eEAYWYEA XAPAKTIPIOTIKDV.
" TO VEO OET elval UEYAAO KAL TTAPOLOLO TOV APXIKOV: T} TAPOLOLA TTOAAGDV
Serypatwv e€aleipel oxedov tov kivGuvo Tng LIEPTPOCAPUOYTIC OTTOTE TO
0eVAP10 NG LIKPO-pLOUIONG OAWV (1] TOU HEYAADTEPOL HEPOVS) TMV

EMUTES WV TOV HOVTEAOV ETTIKPATEL.
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" 7O V€0 O€T elval UIKPO KAL TTOAD SLAPOPETIKO TOV Ap)LKOV: amtd Tn pia
EXOVE HLIKPO OET OTTOTE 1) LIEPTIPOTAPLOYT) Elval apkeTd mbavn oe
TEPUTTMWOT) HIKPO-pLOUIONG OAOL TOV SIKTVOV Ko ATtd TNV AAAT, AOY® NG
S1a(POPETIKOTNTAG TWV OET TO «TAYMUA» TOV TEAEVTAIWMV EMITESWV OV
elvan kaAn 16¢a kabwg autd epiEyovv fapn TPOCAPUOCUEVA OTIG
AemtTopEpeleg Tov apykoL oet. Mia péomn Avor eivar va extaidevtet o
ta&vountng (ummopel kan €vag svim) pe ta Bapn povo kamowwv (pe Soxkiun)
APYIK®V ETMITESWV TOV LLOVTEAOUL.

" 7O VEO O€T elval UEYAAO KAl TTOAD Sta@opetiko Tov apyixov: Ipokpivetal
TO 0EVAP10 TNG LIKPO-pLOUIOTC OAOV TOV S1IKTVOL TAV® OTA ApXIKA Bapn
TOV JIPOEKTIAGEVHEVOV. AV TO OET €lval TAPA TTOAD LEYAAO TOTE UITOPEL va

yivel kat e€apyng exmaidevon Tmv Bapov pe TUXAleES APYIKES TIUEG.

Mua xproun EMOT|LAVOT) O OXEOT) LE TNV emA0YT puOuov ekmaiSevong (learning
rate) OTAV JTIPAYUATOTOIOVUE UIKPO-pLOUIOT Baprv, eival va eTMAEYOVUE LA TIUT)
APKETA HIKPT] wOTe va unv StatapayxBolv oAl ta 1nén KaAmg apyiKomomueEva

astd v poekmaidevon) Papn.

5.4 Ieipapa A

'Onteg eUTOONKE KAl TTPONYOLUEVWG 0TV TTapaypago g Metagpopag Mabnong,
N exmaidevon evog ZvvehkTikoy Nevpwvikov Aktvov amd pundevikn Baon eivan
ma evépyela e€alpetikd KooTofOpa TOOO UTOAOYIOTIKA 00O KAl XPOVIKA.
EmutAgov, ma tetowa amomelpa mpovmofetel kal €va oet ekmaidevong 1000
pHeyaAo tov eivarl oAV omavio va PBpebel. H ovvnng Swadikaoia eival n
npoekmaidevon evog INA o Eva payuatika peyaro oet (nty ImageNet pe ta 1.2
EKATOPUVPLA EIKOVEG KAL TIG 1000 KAAOELS) KAl OTN GUVEYXELA 1) XPT)OT) TOV L€ TIG
teXVIKEG TG Metagopag Madnong Snhadn, eite wg eEaymyea XapaKTnploTIK®V
OTTOL OAQ TA JTIPONYOULEVA WLEPT] TOV OIKTUOV «ITAY®VOUV» TaA BApn Tovg Kat
EVIUEPO®VOVTAL UOVO TA TeAevtaia eminmeda Tov Ta&lvountr), €ite pe HiKpo-
pvOuon (fine-tuning) Twv Papwv OAwV TV enUTEdwvV TOL  SIKTLOUL,
OLUITEPNAUPAVOUEV®V AVT®V TOV TAEIVOUNTT). ZTNV TEPILTTWOT] AUTH XPEIAdeTal

TPOOCOYT KAOMGS LKPO OET IOV EKTTAIOEVETAL O€ TTAT|POVE AVATTITUENG Heydho SNA
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UITOpEl eUKOAQ VA KAVEL VIIEPTTPOCAPLOYT). ZTA JTEPAUATA TNG EPYAOIAC HAG
akoAovOnoape kat Tig SVO OTPATNYIKEG KAl TA SVO OET TTOV XPT)OUOTTOUCALLE.
¥1n ovveyela Oa Sovpe Tig AemTougpeleg TG eKmAiSevong yia KAOe ApYITEKTOVIKT)

Eexwprota.

5.4.1 Metagopa MaOnong ue to AlexNet

Aemtopepeieg ya 1o AlexNet vtapyovv oto 3.6.1.

Me tig akoAovBeg ypaupeg evroAmwv kat tn fondea tov torchsummary

device = torch.device('cuda' if torch.cuda.is available() else 'cpu')
model = models.alexnet () .to(device)
summary (model, (3, 224, 224))

TAPVOVUE TIG TANpOQOpieg Yl TO Tpoekmadevpuevo povieAo AlexNet mov
mapeyel 1o torchvision, PAémovpue 011 €xel 61.100.840 mapApeTpovg kAt peyebog
233MB.

Total params: 61,100,840

Trainable params: 61,100,840
Non-trainable params: 0

Input size (MB): 0.57
Forward/backward pass size (MB): 8.38
Params size (MB): 233.08

Estimated Total Size (MB): 242.03

O okeAetdg ToL S1IKTVOVL £XEl wg efng:

AlexNet (
(features) : Sequential (

(0) : Conv2d(3, 64, kernel size=(11l, 11), stride=(4, 4), padding=(2, 2))
(1) : ReLU(inplace=True)
(2) : MaxPool2d(kernel size=3, stride=2, padding=0, dilation=1, ceil mode=False)
(3) : Conv2d(64, 192, kernel size=(5, 5), stride=(1, 1), padding=(2, 2))
(4) : ReLU(inplace=True)
(5) : MaxPool2d(kernel size=3, stride=2, padding=0, dilation=1, ceil mode=False)
(6) : Conv2d (192, 384, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(7) : ReLU(inplace=True)
(8) : Conv2d (384, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(9) : ReLU(inplace=True)
(10) : Conv2d (256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(11) : RelLU(inplace=True)
(12) : MaxPool2d(kernel size=3, stride=2, padding=0, dilation=1, ceil mode=False)
)
(avgpool) : AdaptiveAvgPool2d (output size=(6, 6))

(classifier): Sequential(
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: Dropout (p=0.5, inplace=False)
: Linear (in features=9216, out features=4096, bias=True)

: ReLU (inplace=True)

: Linear (in features=4096, out features=4096, bias=True)

)
)
)
(3) : Dropout (p=0.5, inplace=False)
)
) : ReLU(inplace=True)

)

: Linear (in_features=4096, out features=1000, bias=True)

)
[Tpokeuevou va yivel n ekmaidevon QOPTOVOUUE TO TTPOEKTAIOEVUEVO LOVTEAO

Kal Srtapop@avovpe o eminedo Tov TASIVOUNTH WOTE A0 TIG 1000 KAAOELS TOV
ImageNet va mpooapuooovpe €ite yia Ti¢ 3 kAdoelg twv valence (positive,
neutral, negative), energy (high, medium, low), tension (high, medium, low), eite
yla T1g 5 kKAQoelg Twv emotions (anger, fear, happy, sad, tender) pe Tig akdAovBeg

YPAUUES KOSIKA:

model ft = models.alexnet (pretrained=use pretrained)
set parameter requires grad(model ft, feature extract)
num_ ftrs = model ft.classifier[6].in features
model ft.classifier([6] = nn.Linear (num_ ftrs,num classes)
input size = 224

'Etol n teAevtaia ypauun tov classifier tov apyikov povieAov (XpowUATIOUEVT) Ue
YKP1 Xpwua) Stapoppovetal wg e€ng:
(6) : Linear(in_ features=4096, out features=3, bias=True)
To out_features aA\Glel avTioTOIKA V1A TIG 5 KAAOEIG O€ out feature=5
Ta amoteAéopata TV TASlvounoemv ota OV0 OET QIOTLIAMVOVIAL OTOUG
TTAPAKATH TVAKES:

Iivakag 4: AmoteAéouata taéivounoncg yia to AlexNet oto 360-set

Classification Results 360-set

Energy Valence Tension Emotions

sets |precision lrecall [fl-score \accuracy precision |recall lfl-score Iaccumcy precision Irecall lfl-score |accumcy precision [recall lfl-score |accuracy
AlexNet (freeze)

val 0,43 0,57 0,49 0,61 0,55 0,56 0,51 0,59 0,75 0,74 0,74 0,77 0,38 0,36 0,36 0,39

test 0,49 0,45 0,38 0,45 0,56 0,58 0,53 0,58 0,58 0,57 0,57 0,57 0,45 0,43 0,42 0,43
AlexNet (whole)

val 0,64 0,65 0,62 0,67 60 0,59 0,58 0,62 0,74 0,72 0,73 0,78 0,28 0,34 0,27 0,36

test 0,56 0,53 0,51 0,53 0,64 0,6 0,61 0,6 0,56 0,58 0,55 0,58 0,34 0,4 0,35 0,4

Ilivakag 5: AmoteAéouara taétvounong yia to AlexNet oto big-set

_78_




Classification Results big-set

Energy Valence
sets |precision |recall Ifl-score |accuracy precision Irecall Ifl-score |accuracy
AlexNet (freeze)
val 0,7 0,63 0,65 0,66 0,58 0,52 0,52 0,54
test 0,69 0,61 0,63 0,65 0,57 0,51 0,51 0,52
AlexNet (whole)
val 0,68 0,7 0,69 0,7 0,6 0,61 0,59 0,59
test 0,68 0,69 0,68 0,69 0,59 0,6 0,59 0,59

ITapatnpovpe OTL 0€ OAA TA TTEIPAUATA EKTOC AVTO TV tension kat emotions Otav
1 Talvounomn yivetal pe avavemon twv Papwv OAwv twv emmednv tov AlexNet
TA QWTOTEAECUATA elval KaADTepA KAl oTta Vo oetT debouevav. Ztig Talivounoeig
Twv tension kat emotions To OlKTVO OUUTEPIPEPETAL KAAVTEPA OTAV

avavemvovtal Ta fapn HOVO TOV TeEAEVTAIOV EMUTESOL TOL TA&vounTn.

O mivaxag ovyyvong (confusion matrix) ywa to Energy oe oUvoAo 150 Setypatwv
Tov test set eivar o €fng (Ewxova 45) kalr mapatnpovue OtL 1 mo SvokoAa
avayveopion kAaon eival 1 medium pe ta aAnBwg Betika (true positives) va

elvan HoAig 12.

energy
0 6
high 0.00 012
n
o
: low - U =
5 014 038
g
3 5 2
medium 066 010 024
o ot «ab\o“‘

Predicted labels
Ewxova 45: Iivaxag ovyyvong yia 1o Energy oto 360-set, AlexNet
O mivakag ovyyvong yia to Valence oe gOvolo 150 Setypuatmv Tov test set eival o
akoAovbog (Eitkova 46) Kal tapatnpovue OTL 1] KAAOT] TTOV AVAYV®OPIOTNKE OWOTA

TEPLOCOTEPO ATTO TIG LVTTOAOTTEG €1val 1) KAAOT) positive pe 37 detypata.

valence

negative

neutral -

TFue labels

positive - 0.00

Y e
« g
& &°

Predicted labels
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Ewxova 46: Ilivaxag ovyyxvong yta to Valence oto 360-set, AlexNet
O mivaxkag ovyyvong ywa tnv tagvopnon Tension ota 150 detypata tov test set
uag £de1ée 01 kau o1 3 kAdoerg ( high, low, medium) avayvwpiotkav cwotd ot

nepimov 1610 ap1Buo Serypatwv. (Etkova 47)

tension

high

Tue labels
g
2

10 14
medium - 020 028

" " o
RS ) W
«"6

Ewcova 47: Ilivakag ovyyvong yia to Tension oto 360-set, AlexNet (freeze)

O mivakag ovyyvong (Ewcova 48) ywa 1o Emotions e cUvoAo 200 Setypuatwv tov
test-set pag £6e1€e 011 1] KAQOT TOL CLVAOONUATOg NG TpLPepoTNTAg (tender)
oxebov dev avayvwpiotnke kabolov (5 Seitypata amo ta 40) Kal eixe pia 10YvpPn
ovoyetion pe v kAdon sad kabwg 28 Setypatd g yapaktnpiotnkav Ppeudmg
w¢ Avmnuéva (sad).

emotions

v

19 2 7 2 0
anger Sy 030 017 0.05 0.00 06

7 17

2 5
happy - 05 012

1 05

04
3
0.07

Tue labels

-03

u
sad- 900 0.03 028 -02
5 -01
tender - g9 0.00
] -00

<
o

| | '
zS‘Qé = ‘evg‘i 2
Predicted labels

Ewxova 48: ITivaxag ovyyvong yta to Emotions oto 360-set, AlexNet (freeze)

O1 mivakeg ovyyvong yia To big-set otig ta&vounoeig Energy, Valence oe 1715
Setypata tov test-set pag £de1iav 0T o1 KAQoEIG pe TN HikpOTEPT evatoOnoia
(sensitivity 1 recall) fTav avtég mov avtimpoonmmevay Tig peoaieg Stafabuioelg
g Evépyetlag kat tov Z0evoug dnAadt ot medium kat neutral avtiotoya, OmIwg

@aivetar otnv Exova 49.
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Ewxova 49: Ilivakeg ovyyvong yia Energy & Valence, big-set, AlexNet

5.4.2 Metag@opa MaOnong pe to ResNeXt

Aemtopépeleg yia 1o ResNeXt vstapyovv oto 3.6.4.

Me 1ig akoAovbeg ypapupeg evioAwv kat ) Pondeia tov torchsummary

device = torch.device('cuda' if torch.cuda.is available() else 'cpu')
model = models.resnextl0l 32x8d() .to(device)
summary (model, (3, 224, 224))

mapexel to torchvision, fAemovpe ot Exel 88.791.336 mapapetpovg kat peyebog

338.71MB.

Total params: 88,791,336
Trainable params: 88,791,336

Non-trainable params: 0

Input size (MB): 0.57

Forward/backward pass size (MB): 772.54
Params size (MB): 338.71

Estimated Total Size (MB): 1111.83

(OAOKANPOG O OKEAETOG TOL HOVIEAOL ULAPYEL OTO TAPAPTNUA, €00

mapaieinetan).

ITpokeévou va yivel N ekmaidevon popTOVOUUE TO TTPOEKTAIGEVUEVO HOVTEAO
KAl S1aHOop@P®VOLLLE TO inedo TOL TalvounTn ®oTe Ao TG 1000 KAACEIS TOV
ImageNet va mpooapuooovue eite yia Ti¢ 3 kAdoeig twv valence (positive,
neutral, negative), energy (high, medium, low), tension (high, medium, low), eite
Y TG 5 KAQoe1g Twv emotions (anger, fear, happy, sad, tender) pe Tig akoAovOeg

YPAUUEG KDOKA:

model ft = models.resnextlOl 32x8d(pretrained=use pretrained)
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set parameter requires grad(model ft, feature extract)
num_ ftrs = model ft.fc.in features
model ft.fc = nn.Linear (num ftrs, num classes)

input size = 224
ANl povo 1o tedevtaio Fully Connected emimedo (ue ykpt xpoua), HETA TA

eminmeda Tov TeAevtaiov bottleneck kot Ttov Average Pooling.

(2) : Bottleneck(
(convl): Conv2d (2048, 2048, kernel size=(1, 1), stride=(1, 1), bias=False)

(bnl) : BatchNorm2d (2048, eps=1le-05, momentum=0.1, affine=True,
track running stats=True)

(conv2): Conv2d (2048, 2048, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
groups=32, bias=False)

(bn2) : BatchNorm2d (2048, eps=1e-05, momentum=0.1, affine=True,
track running stats=True)

(conv3d): Conv2d (2048, 2048, kernel size=(1, 1), stride=(1l, 1), bias=False)

(bn3) : BatchNorm2d (2048, eps=1le-05, momentum=0.1, affine=True,
track_running stats=True)

(relu) : ReLU(inplace=True)

)
(avgpool) : AdaptiveAvgPool2d (output size=(1, 1))
(fc) : Linear (in_features=2048, out features=1000, bias=True)

)
'Omtov Srapopemvetal wg e€ng (Yia Tig 5 KAAOEIG TO out features=5 AVTIOTOLYA)

(fc) : Linear (in_ features=2048, out features=3, bias=True)
Ta amoteAdéopata Twv Taglvounoewv ota SVO CET AITOTVAMVOVTAL OTOUG

TAPAKATR TVAKEG 5, 6:

[Mivakag 6: AroteAéouata tatvounong yia to ResNext oto 360-set

Classification Results 360-set

Energy Valence Tension Emotions

sets |precision |recall Iﬂ-score |accuracy precision [Iecall Ifl-score Iaccuracy precision Irecall l/l-score Iaccuracy precision Irecall I/l-score Iaccuracy

ResNeXt-101_32x3d (freeze)

val 0,62 0,64 0,59 0,64 0,56 0,56 0,56 0,59 0,62 0,6 0,58 0,67 0,46 0,36 0,31 0,39

test 0,6 0,6 0,58 0,6 0,53 0,55 0,53 0,55 0,52 0,55 0,52 0,55 0,44 0,42 0,38 0,42
ResNeXt-101_32x8d (whole)

val 0,56 0,62 0,55 0,66 0,65 0,65 0,65 0,67 0,65 0,66 0,65 0,72 0,5 0,46 0,45 0,5

test 0,65 0,59 0,55 0,59 0,63 0,63 0,63 0,63 0,67 0,66 0,65 0,66 0,56 0,51 0,5 0,51

[Tivakag 7: AoteAéopata tagivounong ywa 1o ResNext oto big-set

Classification Results big-set

Energy Valence
sets |precision |recall |f1-score |accuracy precision |recall |f1-score |accuracy
ResNeXt-101_32x8d (freeze)

val 0,66 0,64 0,65 0,66 0,6 0,57 0,58 0,57

test 0,65 0,62 0,63 0,64 0,6 0,57 0,57 0,57
ResNeXt-101_32x8d (whole)

val 0,65 0,66 0,66 0,66 0,58 0,53 0,54 0,54

test 0,66 0,65 0,65 0,66 0,58 0,53 0,53 0,54
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[Mapatnpovpe 0T yla Ta eEpapata oto 360-set TNV KAADTEPT) TIUN 0TI HETPIKN
fi-score Vv képSioe 1o ResNeXt povredo mov yivetat finetuning oe oAa ta
enimeda Tov eKTOC Ao TO meipapa oto Energy omov eAappmg kaAvtepn emiboon
€lY€ TO HOVTEAO LIE TA «TTAYWUEVA» BApPT O OAA TA EMITESA EKTOG TOV TEAEVTAIOV.
[Tapouowa, oto big-set yua 1o Energy to poviého pe to finetuning oAwv twv
enmutedwv NTav eAa@p®g KaAvtepo kal oto Valence pe 0.57 évavtt 0.53 oto fi-

score JPOTIUNONKE TO HOVTEAO UE eKTTAISELOT) LOVO TOL TASIVOUTT).

O mivakag ovyyvong yua ta Energy kot Valence (Eixkova 50) pag Setyvel ot ot
Atyotepo avayvmpiolpeg kKAaoeig ntav ot medium kot neutral avtiotorya kaBwg
oTo test set Twv 150 SetypaTwv giyav T peyalutepn S1aomopd Sertyuatwy mpog

TIC AMEG KAQOELC.

energy valence
-08
-0.7

7
high 014 010 negative
06

- 0.7
- 06
05 05

low - =
010 04 04

7
014
-03
medium n olgs o.lga -02 positive - 0 80
' ) i -01 |

“qv ot @ & o

Tue labels
Tue labels
7
s
A
\

-03

-02
-01

-00
N
o &5 \f,s\“qe

Predicted labels Predicted labels

Ewxova 50: Ilivakeg ovyyvong yia Energy & Valence, 360-set, ResNeXt-
101_32x8d

¥10 mpofAnua g tagivounong tov ovvaioHnuatog g evtaong (tension) n
kAdon medium eixe 19 Setypata opBwng aAndn (amd Ta 50 TG KAAONG TNG) KAl
elye ) yaunAotepn evaioHnoia. Amd tov mivaka cLYYXVONG TV emotions oTnv
Ta&vounon Twv 200 Sertyudtwv Tou test-set 1) kAdon fear avayvwpiotnke cmwota
TEPLOCOTEPO ATTO TIG LITOAOUTEG VK 1) KAAOT] happy Atyotepo pe evaioBnoia Hoiig

0.25 0mw¢ paivetal kat otV Eikova 51.

_83_



tension

high

| 3
oW 0.06

Tue labels

medium -

ot ot ﬁyﬁ

Predicted labels

rue labels

| '
@qd ‘ea‘ \@vv‘l 2

emotions

07
06
0.00 012 003 05
04
-03
-02

0 2 1 -01
0.00 0.05 0.03

-00

8
@\\

Predicted labels

Ewova 51: Ilivaxeg ovyyvong yia Tension & Emotions, 360-set, ResNeXt-

101_32x8d

Y1a amoteAéopata tng tafivounong tov big-set pe test-set 1716 Setypatwv ot

mivakeg ovyyvong ya ta Energy kat Valence amotvnwvovtat oty Eikova 52:

energy

Tue labels

o ﬁe&u‘“

Predicted labels

Tue labels

valence

A e
g o
& &

Predicted labels

Ewova 52: Ilivakeg ovyyvong yia Energy & Valence, big-set, ResNeXt-

101_32x8d

Y10 Energy 1 peyaivtepn Siappon Setypudtwv £ytve amd Ty kAdon medium spog

Tig vtoAouteg high kat low. Tto Valence ta meprocotepa detypata taivoundnkav

wg pe ovdetepo 0B&vog (neutral) kat n kAo eixe kat T peyaAvtepn evaicdnoia

LE TIUN 0.63.

5.4.3 Metagopa Madnong pe 1o VGG
Aemtopepeieg yia 1o VGG vapyovv 010 3.6.2.

Me Tig akoAovbeg ypaupeg eviodwv kat T forndeia tov torchsummary

device = torch.device ('cuda'

summary (model, (3, 224, 224))
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TIALPVOVUE TIG TTANPOPOPIES Y TO mpoekmtadevpevo poviedo VGG16_bn mov
mapexel to torchvision, BAEmovpe 0T1 £xe1 138.365.992 mapapeTpovg Kat peyebog
527.82MB.

Total params: 138,365,992
Trainable params: 138,365,992

Non-trainable params: O

Input size (MB): 0.57

Forward/backward pass size (MB): 322.14
Params size (MB): 527.82

Estimated Total Size (MB): 850.54

(OAOKANPOC 0O OKEAETOG TOL HOVIEAOL UIAPYEL OTO TAPAPTNUA, €00

apaieimeTar).

[Tpokeevou va yivel 1 ekmaidevon QOPTOVOULE TO TTPOEKTIAIOEVUEVO LOVTEAO
Kkal Stapop@mvovpe to minedo Tov TaSvountn OOTeE Ao TIG 1000 KAAOELG TOV
ImageNet va mpooapuooovue eite yua 1i¢ 3 kAaoelg twv valence (positive,
neutral, negative), energy (high, medium, low), tension (high, medium, low), eite
ya T1G 5 KAQoelg twv emotions (anger, fear, happy, sad, tender) pe tig akoAovBeg
YPAUUES KDOIKA:

model ft = models.vgglé6 bn(pretrained=use pretrained)

set parameter requires grad(model ft, feature extract)

num_ ftrs = model ft.classifier([6].in features

modgl_ft.classifier[6} = nn.Linear (num ftrs,num classes)
input size = 224

Alapop@avovue KATAMnNAa 1o tedevtaio eminebo touv ta&ivountr (Ue ykpt

Xpwpa):

(classifier): Sequential(
(0) : Linear (in_features=25088, out features=4096, bias=True)
(1) : ReLU(inplace=True)
(2) : Dropout (p=0.5, inplace=False)
(3) : Linear (in features=4096, out features=4096, bias=True)
(4) : RelLU(inplace=True)
(5) : Dropout (p=0.5, inplace=False)

(6) : Linear (in_ features=4096, out features=1000, bias=True)

)

'Ogtov yivetat (yia tavounon 5 KAAOE®V out features=5 AVTIOTOLXA)
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(6) : Linear(in features=4096, out features=3, bias=True)

Ta amoteAéopata Twv Talvounoemv ota OV0 OET QTOTUTTOVOVTIAL OTOUG

TTAPAKATH TTVAKEC:

[Tivakag 8: AmoteAéopata tagivounong yia 1o VGG oto 360-set

Classification Results 360-set

Energy Valence Tension Emotions

sets |precision ]recall [fl-scare ]accumcy precision ]recall ]fl-scare ]accuracy precision ]recall lfl-score ]accuracy precision Irecall [fl-score laccuracy

VGG16_bn (freeze)

val 0,52 0,54 0,52 0,55 0,62 0,56 0,51 0,57 0,67 0,67 0,67 0,72 0,32 0,32 0,32 0,38

test 0,6 0,57 0,56 0,57 0,59 0,59 0,53 0,59 0,5 0,5 0,5 0,5 0,49 0,47 0,46 0,47
VGG16_bn (whole)

val 0,56 0,6 0,57 0,59 0,62 0,58 0,53 0,6 0,79 0,79 0,79 0,83 0,47 0,45 0,44 0,45

test 0,65 064 | 0,62 0,64 0,57 0,59 | 0,55 0,59 0,57 0,58 | 0,56 0,58 0,56 0,54 | 0,54 0,54

ITivakag 9: AnoteAéopata ta&ivounong yia 1o VGG oto big-set

Classification Results big-set

Energy Valence

sets |precision |recall |f1-score |accuracy precision |recal/ |f1-score |accuracy
VGG16_bn (freeze)

val 0,66 0,66 | 0,66 0,66 0,56 0,54 | 0,54 0,54
test 0,67 0,66 | 0,67 0,67 0,56 0,52 | 0,53 0,53
VGG16_bn (whole)
val 0,69 0,7 0,7 0,7 0,62 0,63 | 0,62 0,62
test 0,7 0,71 0,7 0,7 0,64 0,65 | 0,64 0,64

Kat ota 2 oet Vv kaALTepn entidoon eixe to poviedo VGG16_bn(whole) 6nAadT)
avTO TOV o7oiov Ta PApn evnuepmONKav o OAa Ta emimeda.

O1 mivakeg ovyyvong yia to 360-set pe test-set 150 Seryudtwv yia Energy,
Valence, Tension kat 200 derypdtwv ywa ta Emotions amotunwvovial otig

Ewovec Eikova 53, Eikova 54.

energy valence
09
3 3 o negative 3 Y ! o8
high e ~h 07 072 014 014 07
06 06
]
L g - 05
2 05 & neutral - olgo 026
=2 low v B
012 012 04
H 04 =
-03
-03 . . _02
positive -
-01 -00
' ' e < e
o o S o « ¢

Predicted labels
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Ewova 53: Iivaxeg ovyxvong yia Energy & Valence, 360-set, VGG16_bn
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Ymnv ta&wvounon g Evepyelag (Energy) twv HOUOIKQOV ATOOTACUATOV 1) KAAOT)
medium &eiye v yaunAotepn evarocOnoia (Tiun 0.32) kat giye kal Ta Atyotepa
avayvoplopeva detypata. Ztnv taivounon tov Z0evoug (Valence) ta ovdetepov
o0&voug povokda amoomacuata (neutral kAdon) eiyav Tn peyaAvtepn SvokoAla
VA AVAyV@P1oTOUV OWOTA QIO TO LOVTEAO.

tension emotions
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Ewxova 54: ITivaxeg ovyyvong yta Tension & Emotions, 360-set, VGG16_bn

O mivakag ovyyvong g 'Evtaong (Tension) Seiyvel 0TL 01 HOVOIKEG e pecaiag
katdotaong ovvaoOnuatikn évraon (medium tension) nTav SVokoAo va
AVAYVOPIOTOUV ATIO TO HOVTEAO UE HOAIG 14 Setypata aAnBmg BeTika kat pe oD
ppn evanoOnoia (tipr) 0.28). v ta&vounon tov ovvaioOnuatwv (Emotions)
TO HOVTEAO S1EKPIVE APKETA KAAA TA Yapovueva detypata kabwg n kAdon happy
elye ka1 ta meploootepa (29) aAnbwg Betikd katl v VYNAOTEPT gvatcOnoia

(recall).

10 big-set pe ta 1715 detypata ekmaidevong, ol mivakeg oUyyvong yia ta Energy
ka1 Valence amotvnwvovtal otnv Eikova 55, 0mtov o1 pecaieg kAaoeig medium
kal neutral avrtiotoya eug@avidovv apketn dSwappon Serypdtwv mpog TG o
akpaieg kAaoeig (high-low kot negative-positive).
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Ewxova 55: Iivakeg ovyyvong yia Energy & Valence, big-set, VGG16_bn
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5.4.4 Metag@opa MaOnong ue to SqueezeNet

Aemtopepeieg yia to SqueezeNet vrtapyovv oto 3.6.5.

Me 11g akoAovbeg ypapupeg eviohwv kat ) BornBeia tov torchsummary

device = torch.device('cuda' if torch.cuda.is available() else 'cpu')
model = models.squeezenetl 0().to(device)
summary (model, (3, 224, 224))

TTALPVOVLE TIC TTAT|POPOPIES YA TO TTPOEKTAIOELEVO HOoVTEAO SqueezeNet-1.0 mov
mapéeyel 1o torchvision, BAémovpe 0Tl £xel 1.248.424 mapapetpovg kot peyedog
4.76 MB.

Total params: 1,248,424
Trainable params: 1,248,424
Non-trainable params: 0

Input size (MB): 0.57

Forward/backward pass size (MB): 91.80
Params size (MB): 4.76

Estimated Total Size (MB): 97.14

(OAOKANPOG 0 OKEAETOG TOL HOVIEAOL UAPYEL OTO JAPAPTNUA, €00

apaleimetat).

ITpokeévou va yivel N eKaidevon PoPTOVOUUE TO TTPOEKITAIOEVUEVO LOVTEAO
Kal Stapop@avovue T0 KATAANAO eminmedo Tov O1KTUOL ®OTE A0 TIG 1000
kAdoeig tov ImageNet va mpoocapuocovue eite yia Ti¢ 3 kKAaoelg twv valence
(positive, neutral, negative), energy (high, medium, low), tension (high, medium,
low), eite ya 11¢ 5 kAQoelg Twv emotions (anger, fear, happy, sad, tender).
[Mapatnpovpe 0T 1 apyrtektovikn tov SqueezeNet S1apopomoleital oe OXEOT) IE
TIg mponyovueveg kabag 1 £€080¢ EpyeTal amd 10 1° CUVENKTIKO eminedo Tov
ta&vounTr) (oNUeEImVETAL LE YKPL XPOUQA):
(classifier): Sequential (
(0) : Dropout (p=0.5, inplace=False)
(1) : Conv2d (512, 1000, kernel size=(1, 1), stride=(1, 1))

(2) : ReLU(inplace=True)

(3) : AdaptiveAvgPool2d (output size=(1, 1))

)

OmoTE 1) AAAAYT) YiveTal pe Tig akoAovdeg ypauueg kodika:

model ft = models.squeezenetl O (pretrained=use pretrained)
set parameter requires grad(model ft, feature extract)

-88-



model ft.classifier[l] = nn.Conv2d (512, num classes,
kernel size=(1,1), stride=(1,1))

model ft.num classes = num classes

input size = 224

Kal aAAACEL TO emtipayo emimedo oe:

(1) : Conv2d(512, 3, kernel size=(1l, 1), stride=(1, 1))
Yy TNV ta&vounon oe Tpelg KAAOELS, EV® Yia TNV TalvOUNnon Og MEVTIE KAAOEIG
Sl1aLOPPOVETAL WG EENG:

(1) : Conv2d(512, 5, kernel size=(1, 1), stride=(1, 1))
Ta amoteAéopata twv Talvounoewv ota 600 OET QATOTUITOVOVTIAL OTOVG
TapaKATe Tivakeg 0mov otig Sokipaoieg Energy, Valence kat Emotions oto 360-
set NTav KAAUTEPO TO HOVTEAO TTOV EKITAIOEVTNKE UE EVIUEPHOT) OAWV TV PapwV
evw, otn dokiuaoia tov Tension To poviéAo pe avavemorn Papwv pHOvo OTo

emineSo Tov Ta&vountn nrav wkavotepo, Ilivakag 9.

[Tivakag 10: AtoteAéopata Tagvounong ywa 1o SqueezeNet oto 360-set

Classification Results 360-set

Energy Valence Tension Emotions

sets |precision ]recall Iﬂ-score Iaccuracy precision ]recall [fl-score [accuracy precision ]recall [fl-score laccuracy precision [recall [fl-score [accumcy

SqueezeNet 1.0 (freeze)

val 0,58 0,54 0,52 0,58 0,34 0,48 0,39 0,52 0,52 0,52 0,52 0,58 0,31 0,36 0,29 0,3

test 0,52 0,47 0,41 0,47 0,39 0,56 0,45 0,56 0,6 0,61 0,61 0,61 0,45 0,38 0,36 0,38
SqueezeNet 1.0 (whole)

val 0,43 0,6 0,5 0,62 0,61 0,6 0,55 0,6 0,84 0,68 | 0,64 0,77 0,37 0,39 | 038 0,48

test 0,51 0,51 0,42 0,51 0,52 0,58 0,51 0,58 0,59 0,6 0,53 0,6 0,5 0,48 0,47 0,48

Y10 big-set n ta&vounon 1Tav TEPIOCOTEPO EMTUXNUEVT] OTAV TO LOVTEAO EKAVE

evnuepwon Papmv oe OAa ta enineda tov, ITivakag 10.

ITivakag 11: AtoteAéopata ta&ivounong ya to SqueezeNet oto big-set

Classification Results big-set

Energy Valence
sets |precision |recall |f1-score Iaccuracy precision Irecall |f1~score Iaccuracy
SqueezeNet 1.0 (freeze)

val 0,63 0,64 0,64 0,64 0,49 0,52 0,42 0,48

test 0,64 0,64 0,64 0,65 0,46 0,5 0,4 0,46
SqueezeNet 1.0 (whole)

val 0,71 0,68 0,69 0,7 0,61 0,61 0,61 0,6

test 0,71 | 0,66 | 0,68 0,69 059 | 059 | 0,59 0,58
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Ye test-set 150 Serypatwv (360-set) o mivakag ovyyvong (Eixova 56) Seiyvel
advvauia tafivounong twv kAdoewv energy-medium(1 Seiypa) ko valence-

neutral (4 Setypata).

energy valence

high 0.02 -0.8 negative

-0.6

1
low 0.02 neutral
-04

Tue labels
Tue labels

1 -02 8 4

medium 002 positive - g1 008

' )
ot ot ‘@A\“«\

e 2 e
X 5 o
o &

Predicted labels Predicted labels

Ewova 56: Ilivaxec ovyyvong yia Energy & Valence, 360-set, SqueezeNet 1.0
(whole)

¥ Soxpaoia ta&ivounong Tension, o Staxwplopog TV SelyUATOV TOV TPIOV
KAQOE®V T)TAV TTEPIOOOTEPO OUAAOG e TNV KAAoT medium va vitoAeimetal Twv
AV SVo oty evaodnoia. Telog, otnv ta&ivounon Emotions 1o povtero £deie
MEPLO0OTEPT O1yoLPLd 0TV kKAAoT fear katl ) Atyotepn otnv kAdon sad, Eikova
57.

tension emotions

high

a 2
% low - - % 6
% 030 0s = Mepoy- 015 -04
03 . 0 6 2 13 o3
sad- g 015 005 033 02
1 17 2
medium 022 034 044 -0z . . 3 - o0
o1 ender - 900 010 012 | 030
' ! | | | i -00
ot ot S < < 3 <
‘(,_0 5@& ' qu‘\ @ &“bz

Predicted labels Predicted labels

Ewcova 57: Ilivaxeg ovyyvong yia Tension & Emotions, 360-set, SqueezeNet 1.0
Ov mivakeg ovyyvong oto big-set (oe test-set 1715 OSeypdtwv) mov
mapovoladovral otV Eikova 58, Seiyvouv 0Tl LITAPXEL OXETIKA LOIPACUEVT)
AVTUTPOOMOIELOT SEYHAT®VY YA TIG TPEIS KAAOoelg T000 Tov Energy 000 kAl Tov

Valence pe Tig «peoaieg» kKAAOEIG va VOTEPOVV KAl TTAAL WG TTPOG TNV evalcOnaia.
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Ewova 58: Ilivakeg ovyxvong yia Energy & Valence, big-set, SqueezeNet
1.0(whole)

5.4.5 Metagpopa MadOnong pe 1o DenseNet

Aemtopépeieg yia 1o DenseNet vmapyovv 01o ke@aiaio Tade.

Me 1ig akoAovbeg ypapupeg evioAwv kat ) Porndeia tov torchsummary

device = torch.device('cuda' if torch.cuda.is available() else 'cpu')
model = models.DenseNetl2l () .to(device)
summary (model, (3, 224, 224))

TTAIPVOUUE TIG TTANPOPOPIEG V1A TO TTpoekmadevuévo povreho DenseNet-121 stov
mapeyel to torchvision, PAémovpe ot €xel 7.978.856 mapdauetpovg kal peyebog

30.44MB.

Total params: 7,978,856
Trainable params: 7,978,856
Non-trainable params: 0
Total mult-adds (G): 2.85

Input size (MB): 0.57

Forward/backward pass size (MB): 172.18
Params size (MB): 30.44

Estimated Total Size (MB): 203.19

(OAOKANPOG O OKEAETOG TOL UOVIEAOU VUIAPYEL OTO JAPAPTNUA, €8w

mapaieimeTar).

[Tpokeevou va yivel 1 ekmaidevon QOPTOVOULE TO TTPOEKTAIOEVUEVO LOVTEAO
Kal Stapop@avovpe o eminedo Tov Tavountr MoTe amd Ti¢ 1000 KAAOEIS TOV
ImageNet va mpooapuoocovue eite yua 1i¢ 3 kAdoelg Twv valence (positive,
neutral, negative), energy (high, medium, low), tension (high, medium, low), eite
Yy TG 5 KAQoelg twv emotions (anger, fear, happy, sad, tender) pe Tig akoAovBeg

YPAUUES KDOIKA:
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model ft = models.DenseNetl2l (pretrained=use pretrained)
set parameter requires grad(model ft, feature extract)
num ftrs = model ft.classifier.in features

model ft.classifier = nn.Linear (num ftrs, num classes)
input size = 224

'Ogtov 1o eminmedo Tov Ta&ivountr PAETOLHE OTL eivan To TeAevtaio (Ykpl xpwua)
peTd amto to 16° Dense Layer tov Siktvov (amoomaopa):

(denselayerl6) : Denselayer (

(norml) : BatchNorm2d (992, eps=1le-05, momentum=0.1, affine=True,
track running stats=True)

(relul): RelU(inplace=True)
(convl): Conv2d(992, 128, kernel size=(1, 1), stride=(1, 1), bias=False)

(norm2) : BatchNorm2d (128, eps=1le-05, momentum=0.1, affine=True,
track_running stats=True)

(relu2): RelLU(inplace=True)

(conv2): Conv2d(128, 32, kernel size=(3, 3), stride=(1, 1), padding=(1, 1),
bias=False)

)
)

(normb) : BatchNorm2d (1024, eps=1le-05, momentum=0.1, affine=True,
track_running stats=True)

)
(classifier): Linear (in_features=1024, out features=1000, bias=True)
)

O ta&vountrg TPOCAPLOCUEVOC YA 3 KAAOEIC:

(classifier): Linear (in_features=1024, out features=3, bias=True)

Kat ya ta€ivounon 5 kAaocewv:

(classifier): Linear (in_ features=1024, out features=5, bias=True)
Ta amoteAéopata Twv Tallvounoemv ota OV0 OET QTOTUTTWVOVTIAL OTOULG
TTAPAKATR TVAKEG OTTOV TTAPATNPOVLE OTL KAl yia Ta dUo oet ota Energy kat
Valence o1 600 teyvikég petagopdg pabnong eixav oxedov mavopolotuma
amoteAéopata evw, ota Tension kat Emotions (tov 360-set) n evnuépwon tmv

Bapwv oe OAa Ta eimteda TOU LOVTIEAOL €IXE KAADTEPA ATTOTEAECUATA.

[MTivakag 12: AtoteAeopata ta&ivounong ya to DenseNet oto 360-set

Classification Results 360-set

Energy Valence Tension Emotions

sets |precision lrecall |f1-score |accuracy precision |recall |f1-score |accuracy precision |recall |f1-score ‘accuracy precision |recall |f1-score [accuracy

Densenet-121 (freeze)

val 0,57 0,57 | 0,54 0,59 0,73 0,59 0,5 0,6 0,66 0,67 | 0,65 0,72 0,4 0,44 | 0,39 0,42

test 0,64 0,61 0,57 0,61 0,51 0,58 0,52 0,58 0,5 0,54 0,51 0,54 0,5 0,48 0,47 0,48
Densenet-121 (whole)

val 0,54 0,57 | 0,52 0,58 0,62 0,58 | 0,52 0,6 0,74 0,73 | 0,72 0,78 0,54 0,49 | 0,47 0,48

test 0,58 0,61 0,56 0,61 0,52 0,57 0,52 0,57 0,6 0,61 0,56 0,61 0,56 0,55 0,55 0,56
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ITivakag 13: AoteAéopata ta&ivounong yia to DenseNet oto big-set

Classification Results big-set

Energy Valence
sets |precision lrecall Ifl-scare laccuracy precision lrecall Ifl-score laccuracy
Densenet-121 (freeze)

val 0,66 0,68 0,67 0,67 0,6 0,56 0,57 0,56

test 0,66 | 0,67 | 0,66 0,67 0,61 | 0,56 | 0,57 0,57
Densenet-121 (whole)

val 0,67 0,68 0,67 0,68 0,58 0,56 0,57 0,56

test 0,67 | 0,68 | 0,67 0,68 0,58 | 0,56 | 0,56 0,56

O mivakag ovyyvong yia ta Energy, Valence kat Tension Seiyvel tnv advvauia
oV S1KTVOV va Sraywpioel owoTd TIg evolaueoeg KAQoelg SnAadn Ti¢ energy-
medium, valence-neutral, tension-medium o¢ test set 150 Serypdtwv, OmwG
paivetal otig Eikoveg Eixova 59Eikova 60.

energy valence

- 0.8

1
high 002 07 negative

-06
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2 2
: 4 - I— 19 5
I ow 008 a4 e - 038 010 0
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medium 022 020 positive - g 014 02
-01
-01
N\ )\ ) e N} J
wd ¥ «eﬁ\o“ & o &° @s\@a

Predicted labels Predicted labels

Ewxova 59: Ilivakeg ovyyvong yia Energy & Valence, 360-set, DenseNet-
121(freeze)

H evawoOnoia (recall) otig 5 kAaoeig tov Emotions ntav smapopola ektog g
KAQoNg sad 1oV LITOAEUTETAL APKETA EVAVTL TV vIToAoIwV. 'Etot, o¢ test-set tov
200 SerypHaTmv Hovo 12 Kataywplotnkav wg «OAiupevar» pe evaiodnoia oto 0.3,

OTIWG TTApATNPOLUE OtV Eikova 60.
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Ewova 60: Ilivaxes ovyyvong yia Tension & Emotions, 360-set, DenseNet-

121(whole)

O1 ivakeg oUyYLONG TOL APoPoLV 0To big-set yia Ta Epya taivounong Energy
ka1 Valence oe test-set twv 1715 Setypudtwv Setyvouv mepiocotepo 100PPOTNUEVA
QITOTEAECLATA O€ OXE0T) UE TA AvTioTolya Tov 360-set. H kAdon energy-medium
EXEl 1KAVOTOINTIKN gapovoia ainbag OBetikmv Setypdtwv (ue YaunAotepn
evaoOnoia OpwG EVavTL TV AWV 2 KAAoE®mV) Kat 1 kKAGoT) valence-neutral €xet
QUTI) TI POPA TNV KAADTEPT) AVTUTPOO®ITELOT detyuatwv, Eikova 61.
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Ewova 61: Ilivakeg ovyxvong yia Energy & Valence, big-set, DenseNet-

121(whole)

5.4.6 Metag@opa MadOnong pe to Inception

Aemtopepeieg ya 1o Inception viapyovv oto 3.6.3.

Me 11g akoAovbeg ypauueg eviodwv kat ) fornbeia tov torchsummary

device = torch.device('cuda' if torch.cuda.is available() else 'cpu')
model = models.inception v3(init weights=False) .to (device)
summary (model, (3, 299, 299))
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TIALPVOVUE TIG TIAN|POPOPIES YA TO Tpoekmaidevpévo poviedo Inception v3 mov
napexel 1o torchvision, PAemovpue 01 €xel 23.834.568 mapdapuetpoug kot peyebog

90.92MB.

Total params: 23,834,568
Trainable params: 23,834,568
Non-trainable params: 0
Total mult-adds (G): 5.76

Input size (MB): 1.02

Forward/backward pass size (MB): 136.84
Params size (MB): 90.92

Estimated Total Size (MB): 228.79

[Tpoxeevou va yivel n ekmaiSevon QoPTWVOLNE TO TTPOEKTAGEVUEVO LLOVTEAO
Kal Stapop@mvoupe ta KATAANAa emimeda tov Sikthov wote amd Tig 1000
kAdoeig tov ImageNet va TpooapuocovpE elTe yia TIG 3 KAAOEIG TA&VOUNONG TV
valence (positive, neutral, negative), energy (high, medium, low), tension (high,
medium, low), eite yia 11¢ 5 kKAdoelg twv emotions (anger, fear, happy, sad,
tender). To Inception v3 Siagpopormoteital amod OAA TA TTPONYOVUEVA LOVTEAA TV
MEPARATOV KaBwg £xel dvo emimeda e€0dov, éva fully connected mov mepiExetan
oto AuxLogits pépog tov S1kTvov Kal €va 2° sov eival 1o teAevataio fully
connected amimedo tov SikTvoL (onuelwvovTal pe ykpt xpoua). Katd t dokun
(inference phase), SnAadn peta v exmaidevon n €€odog mov Aapfavetal voyn

elval auTtr) Tov TeEAeLTAloL EMUITESOVL:

(AuxLogits) : InceptionAux (
(conv0) : BasicConv2d(
(conv) : Conv2d (768, 128, kernel size=(1l, 1), stride=(1, 1), bias=False)

(bn) : BatchNorm2d (128, eps=0.001, momentum=0.1, affine=True,
track running stats=True)

)
(convl): BasicConv2d/(
(conv) : Conv2d(128, 768, kernel size=(5, 5), stride=(1, 1), bias=False)

(bn) : BatchNorm2d (768, eps=0.001, momentum=0.1, affine=True,
track _running stats=True)

)

(fc) : Linear(in_ features=768, out features=1000, bias=True)
)
(Mixed 7a): InceptionD(
(Mixed 7b): InceptionkE (

(Mixed 7c): InceptionkE(

(branch _pool): BasicConv2d(
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(conv) : Conv2d (2048, 192, kernel size=(1l, 1), stride=(1, 1), bias=False)

(bn) : BatchNorm2d (192, eps=0.001, momentum=0.1, affine=True,
track running stats=True)

)
)
(avgpool) : AdaptiveAvgPool2d (output size=(1, 1))
(dropout) : Dropout (p=0.5, inplace=False)
(fc) : Linear (in_features=2048, out features=1000, bias=True)

)
Me Ti1g akOAovbeg YpaUHES KMOSIKA KAVOUUE TIG ATAPAITNTES AAAYEG:

model ft = models.inception v3(pretrained=use pretrained)
set parameter requires grad(model ft, feature extract)
num ftrs = model ft.AuxLogits.fc.in features

model ft.AuxLogits.fc = nn.Linear (num ftrs, num classes)
num_ ftrs = model ft.fc.in features

model ft.fc = nn.Linear (num_ ftrs,num classes)

input size = 299

Kal ta emipaya emineda SopbBwvovran pe tiueg oto out_features 3 11 5 ya
TAELVOUNOT TPV KAACEWV 1) TEVTE KAACEWV AVTIOTOTKA.

(AuxLogits) : InceptionAux (
(conv0) : BasicConv2d(
(conv) : Conv2d(768, 128, kernel size=(1, 1), stride=(1, 1), bias=False)

(bn) : BatchNorm2d (128, eps=0.001, momentum=0.1, affine=True,
track running stats=True)

)
(convl): BasicConv2d/(
(conv) : Conv2d(128, 768, kernel size=(5, 5), stride=(1, 1), bias=False)

(bn) : BatchNorm2d (768, eps=0.001, momentum=0.1, affine=True,
track running stats=True)

)

(fc): Linear(in_ features=768, out features=3, bias=True)

(avgpool) : AdaptiveAvgPool2d (output size=(1, 1))
(dropout) : Dropout (p=0.5, inplace=False)
(fc) : Linear (in_ features=2048, out features=3, bias=True)

Ta amoteAéopata Twv Talvounoemv ota 600 OET QTOTLITOVOVTAL OTOVG

mapakate mivakeg ITivakag 14ITivaxag 15.

[Mivakag 14: AoteAé¢opata ta&ivounong ya to Inception oto 360-set

Classification Results 360-set

Energy Valence Tension Emotions

sets |precision Irecall [fl-score Iaccuracy precision Irecall |f1-score Iaccuracy precision |reca/l Lfl—scare |accumcy |precision [recall Vl-xore [accuracy
Inception v3 (freeze)

val 0,55 0,58 0,53 0,59 0,66 0,58 0,54 0,6 0,55 0,55 0,53 0,59 0,12 0,22 0,15 0,28

test 0,59 0,59 0,55 0,59 0,59 0,58 0,52 0,58 0,46 0,51 0,45 0,51 0,1 0,17 0,1 0,17
Inception v3 (whole)

val 0,42 0,58 0,49 0,59 0,62 0,6 0,57 0,62 0,68 0,68 0,67 0,7 0,19 0,23 0,2 0,3

test 0,56 0,58 0,5 0,58 0,5 0,56 0,51 0,56 0,58 0,59 0,58 0,59 0,46 0,22 0,17 0,22
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IMa v ta&vounon oto 360-set Tov Energy kat Valence to kaAvtepo f1-score eixe
TO UOVTEAO TIOU avavemvel Ta Bapn povo tov taltvountn. Befaia omwg eidaue
Alyo mapanmavw, to Inception €yxer aMo éva eminedo e£08ov oto eminedo
AuxLogits omote Ba avavewBel kat avto. Tto epyo talivounong Tension Tto
KOADTEPO UOVTEAO T)TAV AUTO JTOV AVAVERDVEL TA AP OAWV TV eMUTESWV TOL.
'Ouwg, otV tagivounon tov Emotions kavéva amo ta 2 povieAa dev katagepe
KOAT YEVIKELOT] A@OV OTNV KaALvTepn mepimtwon to fi-score eivar poAg 0.17.
Towg va xpewddetal meplocotepn diepedivnon, oe eMOUEVT evkaipia, kabBwg non
ano v ekmaidevon pe 1o validation set gaivetan n appvBuia. IBavoloyolue

®G AiTI0 TOV OUVELACUO TTOAA®Y KAAGEWV — EAAYIOTWV SEYHAT®V (0TO 360-0€T).

Ymnv ta&vounon pe to big-set, omtwg PAtovpe otov ITivakag 15, T0 eMAEYUEVO
O1KTLO elval auTO TTOL avavemvel OAA Ta Bapn Tov 1000 oto Energy 600 kal oto
Valence.

Yty tafivounon pe to big-set, omwg PAemovue otov Ilivaka 14, T0 emMAEYUEVO
O1KTLO elval auto ov avavemvel OAa Ta Bapn Tov 1000 oto Energy 6co kat oto

Valence.
[Tivakag 15: AoteAéopata ta&ivounong ywa 1o Inception oto big-set

Classification Results big-set

Energy Valence
sets |precision |reca// |f1-score Iaccuracy precision IrecaI/ |f1-score Iaccuracy
Inception v3 (freeze)

val 0,64 0,66 0,65 0,65 0,55 0,54 0,54 0,54

test 0,63 0,64 0,63 0,64 0,5 0,51 0,49 0,49
Inception v3 (whole)

val 0,7 0,7 0,7 0,7 0,62 0,63 0,62 0,62

test 0,69 0,69 0,69 0,69 0,61 0,59 0,6 0,59

O mivakeg ovyyvong ya ta Energy kot Valence oto 360-set, oe oet Sokiung 150

OEYLATMV QITOTLTTOVOLV TA ATOTEAETUATA TNG ekaidevong otV Ekova 62.
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Ewova 62: Ilivakeg ovyyvong yia Energy & Valence, 360-set, Inception v3
(freeze)

[Mapatnpotpue 0Tl 01 kAdoelg energy-medium kat valence-neutral €yovv
XauUnAOTepn evatodnoia omoTe KAl T SEIYHATA TOVG S10XETEVTNKAV OTIG AAAEG
600 KAQoelg mov SlaTnpPoLVTAl € TO 100PPOTNUEVA ETTTESA EKITPOCMITNONG

dertypatwv.

[Tapopola amoteAeopata maipvovpe kat otnv ta&vounon tov Tension, Eixova
63. Xmv ta&ivounon tov Emotions kat ota 200 Seiypata tov oet Sokiung ta
POPANUATIKA QTOTEAECUATA TTOV €1daue oTov mivaka 13 emPePaiwvovral kat
otov mivaka ovyyvong g Emxova 63. Twa mapadetypa ta aAnbog Betika
Selyparta g kAdong anger eival povo 1, avtiotolya tg happy 2 kat tng kAdong

sad 3 amo ta 50 mov eixe kabepia 0To 0T SOKIUNG.
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Ewxova 63: Ilivaxeg ovyyvong yia Tension & Emotions, 360-set, Inception v3
(whole)
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O ta&vounoeig oto big-set pe ta 1715 Setypata Sokiung Setyvouv va ta&ivopotv
OXETIKA KOAQ TI¢ «SV0oK0oAEg» KA Oe1g energy-medium ka1 valence-neutral pe tnv

gvaloOnoia Toug va Pploketal e TAPATANOIES TIUES, 0.62 Kal 0.58 avtioTolya.
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Ewxova 64: Ilivaxeg ovyyxvong yia Energy & Valence, big-set, Inception v3
(whole)

5.4.7 ZUYKEVIPOTIKA WIOTEASTUATA TTEIPAUATOG A
Ao T1g et pépovg Sokueg ota 6 mpoekmadevueva oto ImageNet povteAa sov
eldape TPONYOUUEV®S TTPOKVITTOVV TA AKOAOLOA CUYKEVIPWOTIKA QITOTEAECUATA

YA TA 2 OET TWV TEPAUATOV.

AntoteAopata TEWPaUATog A ywa 1o 360-set
H ta&vounon tov yapaktnpiotikoy Energy otig 3 kAdoeig (low, medium, high)
£de1le wg kaAvTepo povtedo (Paoel macro avg fi-score) 1o VGG16_bn (whole)

OnAadT) otav yivetal pvuion Twv Bapwv OAwV Twv eMITESWYV TOV, LUE OKOP 0.62.

H ta&ivounon tov yapaktnpiotikov Valence otig 3 kAaoeig (negative, neutral,
positive) €6e1&e wg kaALTepo poviedo (faoel macro avg fi-score) to ResNeXt-
101_32x8d (whole) 8nAadn otav yivetar pvOuon twv fapav OAwv Tov emaedwnv
TOV, L€ OKOP 0.63.

H ta&ivounon tov yapaktnpiotikov Tension otig 3 kAaoeig (low, medium,
high) ¢6ei€e g kaAUtepo poviédo (Pacer macro avg fi-score)  To
ResNeXt-101_32x8d (whole) 6nAadn otav yivetal pvbuion twv fapnv OAwv Twv

emeSwv Tov, Ue oKop 0.65.
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H ta&wvounon tov yapaxtnplotikov Emotions otig 5 kAdoeig (anger, fear,
happy, sad, tender) £6e1e wg kaAvTtepo poviedo (facel macro avg fi-score) To
DenseNet-121 (whole) SnAadn otav yivetar pvbuion twv PBapwv OAwV Twv

eMUTESWV TOL, LI OKOP 0.55.

Ta amoteAéopata amotunwvovtal otov Iivakag 16

[Mivakag 16: Zuykevipotika amoteAéopata [Teipaparog A oto 360-set

Summary Results for 360-set

Network set macro avg f1-5fore :
Energy Valence Tension Emotions
ResNeXt-101_32x8d 0,58 0,53 0,52 0,38
ResNeXt-101_32x8d (whole) 0,55 0,63 0,65 0,5
AlexNet 0,38 0,53 0,57 0,42
AlexNet (whole) 0,51 0,61 0,55 0,35
VGG16_bn t 0,56 0,53 0,5 0,46
VGG16_bn(whole) e 0,62 0,55 0,56 0,54
SqueezeNet 1.0 s 0,41 0,45 0,61 0,36
SqueezeNet 1.0 (whole) t 0,42 0,51 0,53 0,47
Densenet-121 0,57 0,52 0,51 0,47
Densenet-121(whole) 0,56 0,52 0,56 0,55
Inception v3 0,55 0,52 0,45 0,1
Inception v3(whole) 0,5 0,51 0,58 0,17

[Mapatnpotpe OTL TNV KAAUTEPN €mMbOOoN KAl OTIG 4 TAEWVOUNOELS €XOUV TA
HOVTEAQ OTA OJOIA EYIVE AVAVEWOT] TOV Papav OAWV TV £mUTedwv TOL OF
avtiBeon pe ekeiva ta povreda omov ta emineda tov feature-extractor uewvav
TAywUEVA Kal avavendnkav ta emineda povo tov tavountr). To amoteAeoua
SikaoAoyeital kabawg 0Aa ta povteda nrav 1én ekmadevueva oto ImageNet to
071010 (aV KA1 TEPAOTIO OET) eV MEPIEYEL OVTE OTA OETYLATA OVUTE OTIG KAAOELS TOU
gaopatoypapnuata. 'Etol, agol 1 efaywyr YXApAKTNPOTIK®OV EYIVE UE
«TTAYWUEVA» TA AVTIOTOLXA eTimeda Sev eMETPEWPE OTOV TAELVOUNTH VA EEXPioel

1KAVOITOUNTIKA TIG KAAOELS TWV (PACUATOYPAPTUATMV.

AmoteAéopata teypapatog A ywa to big-set
H ta&vounon tov yapakmnpotikov Energy otig 3 kAaoeig (low, medium, high)
£de1le wg kaAvTepo povtedo (Paoel macro avg fi-score) 1o VGG16_bn (whole)
onAadn otav yivetal pvOuion Twv Bapav OAwV ToV ETUTES®V TOV, HE OKOpP 0.70.
H ta&ivounon tov xapaktnplotikov Valence otig 3 kAdoelg (negatine, neutral,
positive) &de1i&e wg kaAltepo povtedo (Baoel macro avg fi-score) maA TO
VGG16_bn (whole) nAadn otav yivetan pOBuion twv Bapmnv 0Awv Tov emmnedmv
TOV, € OKOpP 0.64.
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Ta amoteAéopata amotvnwvovtal otov ITivakag 17.

[MTivakag 17: ZvykevipoTika amoteAeopata ITepapatog A oto big-set

Summary Results for big-set

Network test L_macroavg f1-score
Energy Valence
ResNeXt-101_32x8d 0,63 0,57
ResNeXt-101_32x8d (whole) 0,65 0,53
AlexNet 0,63 0,51
AlexNet (whole) 0,68 0,59
VGG16_bn t 0,67 0,53
VGG16_bn(whole) e 0,7 0,64
SqueezeNet 1.0 s 0,64 0,4
SqueezeNet 1.0 (whole) t 0,68 0,59
Densenet-121 0,66 0,57
Densenet-121(whole) 0,67 0,56
Inception v3 0,63 0,49
Inception v3(whole) 0,69 0,6

BAg¢movpe SnAadn mapopola ovpumeppopd Twv SIKTOUWV Kal oto big-set mapoio
IOV elval TOAAEG PopEG LeyaivTepo oe Setypata anmo to 360-set. 'Etol, mah eva
npoekadevpevo povtedo oto ImageNet amodidel kaivtepa OTaAV KATA TNV
eKTTaibevoT) Tov 0To VEo YU auto oet ( big-set) evnuepwvovtal ta fapn OAwv Twv

emuTEdwV Tov.

5.5 Ieipapa B

Me NV 0AOKAT|p®OT) TOV TEIPANATOS A KATAANEAE 08 KATIOIEG APYITEKTOVIKEG
TWV OTTOIWV TA HOVTEAA EIXAV TIG KAAVTEPES EMOO0EIG LETAED AVTWV TTOV YAV
nipoekmtadevtel oto ImageNet, exmadevnkav ota big & 360-sets (train/val)
SoK1HAOoTNKAV oTA avTioTolya test-set Toug kat amoOnkevKav. 1o meipaua B
Kal  €yovrag ¢ onueio avagopdag (ground truth) To 360-set Oa
XPNOUOTONOOVUE TTAAL TNV TEXVIKT] TNE LETAPOPAG LAONONG AAAA AUTH T popa
Ta povteAa Ba eival ta mpoekmatdevpéva oto big-set (avti oto ImageNet). Ta
XAPAKTNPLoTIKA Tov Ba Sokipaotovy otig tagivounoeig Oa eival avtd twv Energy
ka1 Valence kaBwmg vitapyovv katl ota 2 oet. Téhog o1 ouvOnkeg SieEaywyrg Tov
melpapatog B eivat idieg e avtég Tov melpapatog A og 0Tl APOopPA APYLITEKTOVIKEG,
VIEPTAPAUETPOVE, APOUO ETOXWV EKTAIOEVLONG, EMTOUEVMG O1 AETTOUEPELES TV

APYITEKTOVIK®OV Sev emavalauPavovtal 0To Kepevo tov melpauartog B.

5.5.1 Amoteiéopata Ileypauarog B
Ytov ITivakag 18 amoTuIOVOVTIAL TA QITOTEAECUATA TNG TAEVOUNONG TWV

xapaktnplotikov Energy kat Valence 1000 oto oet emxOpwong (val set) 000 kan
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oto oet dokung (test set) mov eivar amd 10 360-set. To test set mepiExel 150
detypata, 50 ammo kabe kAaomn. Ta povieda eival topa mpoekmaibevpeva oto big-
set ka1 01 oto ImageNet (ITeipaua A). Mia TpaTH TAPATHPNON €ival OTL 1
ta&vounorn oto Valence eiye KOAUTEPA ATTOTEAECTUATA OTAV TA LOVTEAA T TAV OTN
uop@t| “whole” SnAadt) otav katd v ekmaidevon evnuepmvay ta fapn OAwV twv
emnedwv Tovg. 'Opwg, oto Energy PAémovpe o0t ota ResNeXt, AlexNet,
SqueezeNet N TApAAAYT) TOV HOVTEAOV OTTOV EVIUEPDVEL LOVO TO €Mimedo TOU
TASIVOUNTI] €V TA VLAOAOUTA (TOL HEPOLS TOU EEAYMYEA YXAPAKTINPIOTIKWOV)
TTAPAUEVOLVV «ITTAYMUEVA» KATA TNV EKTAIOELOT €lval AUTO TTOV VITEPTEPEL EVAVTL

g “whole” popeng.
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[Tivakag  18: AmoteAéopata ta&vounong, meipaua B, val-test oto 360-set,
npoeknaidevon oto big-set

Classification Results Experiment B

Energy Valence
set |precision I recall | f1-score I accuracy | precision I recall | f1-score accuracy
macro avg macro avg
ResNeXt-101_32x8d
val 0,58 0,61 0,52 0,62 0,55 0,58 0,55 0,57
test 0,51 0,57 0,47 0,57 0,58 0,6 0,58 0,6
ResNeXt-101_32x8d (whole)
val 0,43 0,57 0,48 0,61 0,56 0,56 0,55 0,57
test 0,38 0,51 0,41 0,51 0,59 0,62 0,59 0,62
AlexNet
val 0,65 0,67 0,66 0,67 0,66 0,59 0,55 0,62
test 0,5 0,48 0,48 0,48 0,6 0,59 0,54 0,59
AlexNet (whole)
val 0,58 0,54 0,53 0,59 0,59 0,6 0,59 0,62
test 0,48 0,43 0,36 0,43 0,63 | 0,61 0,62 0,61
VGG16_bn
val 0,37 0,51 0,43 0,55 0,65 0,63 0,64 0,65
test 0,58 0,53 0,49 0,53 0,52 0,51 0,51 0,51
VGG16_bn(whole)
val 0,62 0,62 0,59 0,64 0,65 0,65 0,63 0,65
test 0,66 0,65 0,65 0,65 0,55 0,59 0,54 0,59
SqueezeNet 1.0
val 0,69 0,63 0,61 0,66 0,34 0,49 0,39 0,52
test 0,54 0,51 0,48 0,51 0,72 0,57 0,47 0,57
SqueezeNet 1.0 (whole)
val 0,61 0,62 0,54 0,66 0,47 0,35 0,23 0,43
test 0,49 0,52 0,46 0,52 0,45 0,34 0,18 0,34
Densenet-121
val 0,42 0,57 0,48 0,61 0,61 0,59 0,6 0,6
test 0,41 0,51 0,41 0,51 0,57 0,52 0,53 0,52
Densenet-121(whole)
val 0,66 0,61 0,55 0,64 0,57 0,56 0,51 0,59
test 0,51 0,51 0,46 0,51 0,6 0,61 0,58 0,61
Inception v3
val 0,43 0,58 0,49 0,61 0,44 0,45 0,43 0,51
test 0,45 0,39 0,3 0,39 0,37 0,35 0,35 0,35
Inception v3(whole)
val 0,64 0,59 0,6 0,62 0,57 0,55 0,55 0,57
test 0,58 0,5 0,47 0,5 0,55 0,55 0,53 0,55

JVVOAIKQA, TNV KaAUTepn emtidoon oto meipapa B eiye yia 1o Energy 1o VGG16_bn
(whole) pe fi-score 0.65 kat yia to Valence to AlexNet (whole) pe fi-score 0.62.
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Ewova 65: Ot mivakeg ovyyvong twv kaAvtepwv povteAwv (VGG16_bn-energy kau
AlexNet-valence) tov melpapatog B

And v mapatnpnon g Ewkova 65 otovug mivakeg ouyxvuong gaivetal 0Tt kal ta
SU0 HOVTIEAQ KATAPEPAV VA EXOUV EKITPOOMINOT TV «SUOKOAWV» UECAIWV
KAQOEWV [1e KATTo10V aplOuo Setypatmy, pe XaunAotepn opwg evatonoia (recall)

otV neutral-valence 0.56 évavt g medium-energy 0.62.
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5.6 ITeipapa I

To HikpOTEPO Ot Heyebog 0eT OAWV TV MEIPAUATOV Hag NTav To 360-set mov
otav 1o voaiape oe Sokpaoia tagivounong mevie khaoewv (Emotions) oto
ITeipaua A, o katakepuatiopog tov o train-validation-test oet agnoe eAaylota
Setypata yua ekmaidevon. 2to Ileipapa I' ypnowomomOnke n texvikn g
emavinong Sedopevav pe okomo tn peyebuvvon twv train-val oet. Ta §eSopeva
avtd mponABav and 1o Iapaywywkd Avraywviotikd Aiktvo StyleGAN2-ADA
(SG2A) 10 omoio ekmadevoape Ue OET TO CLVOAO TV Oeltypatwy train + val kaBe
kAaong (6nA. anger, fear, happy, sad, tender) tov 360-set. To SG2A
exmadevnke pe tn pebodo tng petagopdg pabnong amo mpoekmaldevuevo
uovteAdo g NVIDIA.

5.6.1 Meta@opa padnong pe to StyleGAN2-ADA

H teyvikn g petagopag uadnong exel Sokipaotei 0to SG2A Ommwg kal oe AAOUG
TOTToVG ITAA pe 7ToAD KOAQ AoTEAEOUATA, HEIMVOVTAG ETOT AKOUA TTEPIOCOTEPO
TNV AVAYKN Yld Leyaia o€t ekmaibevong kabag ta fapn evog ndn ekmaidevpevou
LOVTEAOVL XPTOUOTOI0VVTAL V1A TV €K TOV UNndevog ekmaidevon evog VEOL OEeT.
To HOVTIEAO TTOV XPTNOIUOIOMNOCAUE O AUTO TO TEIPAUA TTPOEPXETAL ATTO TOVC
onuovpyovg tov SG2A kat mpogpyetar and 1o oet FFHQ. To FFHQ oet
QITOTEAEITAL ATTO 70.000 EIKOVEG TIPOOMIWY VPNANIG AVAAVONC KAl EIval APKETA
TTOKIAOLOP@O kaBwg teprhapfavel Tpoowta S1aPopwv NAIKI®V, eEBVIKOTNTOV pE
Sragpopetika vmofabpa (backgrounds) katr xpnon afeocovdp (Omwg yvalad,
KasteAa kArt). H peydAn mowilopop@ia evog oet, £xel amoderybel meipapatika,
OTL €€l PEYAAUTEPT) PapLTnTa atd TV Bepatikn opolotnTa Svo oet dedouevwy,
o€ OTL aPopda TNV emTuyia TG ekmaidevong.

Y10 [Teipapa I' wg oet ekmaibevong XpNOILOITOUCAUE TNV EVOTIOMUEVT] LOPPT)
TwV 0eT ekmaidevong kal emkvpwong (train/val) Tov 360-set, Omwg Paivovtal
otov Ilivakag 19. AnAadn etpe€av 5 Sragpopetikeg epyaocieg, pia yia kabe
ovvaioOnua pe oKomd TNV MAPAY®WYT] 5000 VE®V @ACUATOYPAPNUAT®V
(1000/kAdom). TN OUVEXEId AUTA TA Oelyuatd eKTASeLTNKAV UE  TIG
apyltektovikeg kat Stadikaoieg tov I[lelpauatog A, eEayOnkav ta vea povieAa kat

TENOG SoKHAoTNKAV 0TO apyko (kal auetdPAnTo) test-set tov 360-set.
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IMivakag 19: Ta 5 efapetikd pikpov peyeBouvg oet ekmaidevong wg e€iocodol oto
npoekmtaidevpevo StyleGAN2-ADA.

Emotions Train set
anger 11
fear 53
happy 25
sad 35
tender 36

H mapaywyn Twv Texvntd OnUIOVPYNUEVWV  @ACUATOYPAPNUAT®Y EYIVE
€€ oAoKANpov oto mep1arrov Tov Colab. Tuvavtoaue apketd mpoAnuata kata
Vv ekmaidevon 61011 o1 mopot mov Srabéter o Colab eivar oD meploploTikol oe
oxeon ue Tig mpodaypagpeg mov exovv Beoel ot Snuovpyol tov SG2A. 'Etoy, 1)
exmaibevon Tov SikTLOL elXe S1APKEIN APKETOV NUEPDV YA TNV KAOE KAQOT Kal
NTav S1aKOTTOUEVT AOY® T®WV XPOVIKQOV TEPLOPIOUQV oV BETel n mAat@opua
M ka1 AOyw g (avotpa) piag GPU mov Srabeter ava ovvedpia. Emiong
TAPATNPNOAUE OTL 1] evaAAayn Twv povtedwv GPU mov ava nuépa pag opile to
Colab eiye kamola Xpovikn emMATOON 0TV EKTAIGEVOT] AAOTE TTPOG TO TAXVTEPO
Kat adote oyl 'Etol, kaBe @opd ava taktd xpovika Staotnuata amodnkevaue
Ta ontypotuna (snapshots) tng ekmaidevong wote TNV emouevn @opa va
ouveyioovue TNV eKaidevon amd To TPOoWPIVO HOVTIEAO ToL snapshot.

Ev8ekTikd, mapakatwm Selyvouue TIG MPWTEG YPAUUES ATTO TNV €KKIVIOT TNG

extéAeong g Stadikaoiag mapaywyng teXVNT®V SEYUAT®V yia TV KAAOT) anger:

Output directory: /content/drive/MyDrive/train output anger/00000-
styleganZ_anger—mirror—autol—gammalO—kimglOOO—adg—targeEO.7—resumecustom
Training data: /content/drive/MyDrive/stylegan2 anger
1 Training duration: 1000 kimg
2 Number of GPUs: 1
3  Number of images: 11
4  Image resolution: 256
Conditional model: False
5  Dataset x-flips: True
Creating output directory...
Launching processes...
Loading training set...
6 Num images: 22

7 | Image shape: [3, 256, 256]
Label shape: [0]

Constructing networks...
8 Resuming from "/content/drive/MyDrive/pkl files transfer learning/ffhqg-res256-
mirror-paper256-noaug.pkl”
Setting up PyTorch plugin "bias act plugin"... Done.
Setting up PyTorch plugin "upfirdn2d plugin"... Done.
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'Omov oto (1) Sidpkela g exmaidevong, kimg onuaivel «xiAlddeg mpayuatikmv

EIKOVOV TT0V PALTEL 0 AlEVKPIVIOTNS», (3) €ival Ta 11 (PACUATOYPAPTUATA TN

KkAdong anger, (5) ypnowosnotlovue x-flips (op1oOvtia avaotpopr)) THV EIKOVOYV,

oTo (6) BAemovpue oM TV emavEnon Tov oet Adyw Tov Xx-flip (amo 11 eywvav 22),

(7) OSwotdoelg twv ekovwv 256x256 RGB kot oto (8) PAémovue TO

npoekmtaidevpevo povredo oto FFHQ oet amd omov Ba Eexvroet 1) ekaidevon).

Y ovveyela mapafeTovpe TNV aplTeKToviky] Twv Siktdwv Tov Tevvrtopa

(Generator) ka1 tov Atevkpwviotn (Discriminator) omwg oynuatiotnkav:

Generator

mapping.fcO

mapping.fcl

mapping
synthesis.b4.convl
synthesis.b4.torgb
synthesis.b4:0
synthesis.b4:1
synthesis.b8.conv0
synthesis.b8.convl
synthesis.b8.torgb
synthesis.b8:0
synthesis.b8:1
synthesis.bl6.conv0
synthesis.bl6.convl
synthesis.bl6.torgb
synthesis.bl6:0
synthesis.bl6:1
synthesis.b32.conv0
synthesis.b32.convl
synthesis.b32.torgb
synthesis.b32:0
synthesis.b32:1
synthesis.b64.conv0
synthesis.b64.convl
synthesis.b64.torgb
synthesis.b64:0
synthesis.b64:1
synthesis.bl28.conv0
synthesis.bl28.convl
synthesis.bl28.torgb
synthesis.bl128:0
synthesis.bl28:1
synthesis.b256.conv0
synthesis.b256.convl
synthesis.b256.torgb
synthesis.b256:0
synthesis.b256:1
Total

Discriminator Paramet
b256.fromrgb 256
b256.skip 8192
b256.conv0 36928
b256.convl 73856
b256 -
bl28.skip 32768
b128.conv0 147584
bl28.convl 295168
bl128 -
b64d.skip 131072
b64.conv0 590080
bé4.convl 1180160

Parameters
262656
262656
2622465
264195
8192
2622465
2622465
264195

2622465
2622465
264195

2622465
2622465
264195

1442561
721409
132099

426369
213249
66051

139457
69761
33027

23191522

Buffers
16
16
16
16
16
16
16
16
16
16
16
16

ers

Buffers

512
32

16

80
80

16

272
272

16

1040
1040

16

4112
4112

16

16400
16400

16
65552
65552
16

175568

Output shape

Output shape

Datatype

[16,
(16,
(16,
[16,
[16,
[1l6,
(16,
[1l6,
[1le,

64,
128,
64,

128,
128,
256,
128,
256,
256,
512,
256,
512,

512]
512]

256,
128,

256,
128,
128,
64,
128,
64,

14,

512,

3,

512,
512,
512,
512,

3’

512,
512,
512,
512,

3,

512,
512,
256,
256,

3,

256,
256,
128,
128,

3,

128,
128,

64,
64,
3/

64,
64,

512]
4,

4, 4]

8!

8/

16,
16,
16,
16,
16,
32,
32,
32,
32,
32,
64,
64,
64,
64,
64,

128,

256,
256,

256,
256,
256,

256]

128]

256]

128]
128]

64]

128]

64]

128,
128,

128,
128,

64,
32,
64,

64]
32]
64]
32, 32]

4]

16]

32]

64]

64]
64]
128]
128]
128]
128]
128]
256]
256]
256]
256]
256]

Datatyp
floatlé
floatlé
floatlé
floatlé
floatlé
floatle
floatlé
floatle
floatlé6
floatlé
floatlé6
floatlé

float32
float32
float32
float32
float32
float32
float32
float32
float32
float32
float32
float32
float32
float32
float32
float32
float32
floatl6
floatlé
floatlo
floatl6
float32
floatlé
floatlé
floatl6
floatlé
float32
floatlé
floatlé6
floatlé
floatlé
float32
floatlé6
floatlé6
floatle
floatlé
float32

e



b64 - 16 16, 512, 32, 32 floatlé6

[ ]

b32.skip 262144 16 [16, 512, 16, 16] floatle6
b32.conv0 2359808 16 [16, 512, 32, 32] floatl6
b32.convl 2359808 16 [16, 512, 16, 16] floatlé6
b32 - 16 [16, 512, 16, 16] floatle
blé6.skip 262144 16 [l6, 512, 8, 8] float32
bl6.conv0 2359808 16 [16, 512, 16, 16] float32
blé6.convl 2359808 16 [l6, 512, 8, 8] float32
bl6 - 16 [16, 512, 8, 8] float32
b8.skip 262144 16 [l16, 512, 4, 4] float32
b8.conv0 2359808 16 [16, 512, 8, 8] float32
b8.convl 2359808 16 [l16, 512, 4, 4] float32
b8 - 16 [l6, 512, 4, 4] float32
b4 .mbstd - - [l6, 513, 4, 4] float32
b4 .conv 2364416 16 [16, 512, 4, 4] float32
bd.fc 4194816 - [16, 512] float32
b4 .out 513 - [16, 1] float32
Total 24001089 416 - -

e kaBe xpoviko Staotnua mov £xovue eMAEEEL va TATPVOULLE TO OTLYUIOTUITO TNG
eKTTAIBELONG, €KTOC QIO TO TPOOWPIVO HOVIEAO HAC EMOTPEPETAL KAl U0
TIPOETOKOMNOT) APTIOAG EIKOVWV TOOO TNG MPWTNG paypratikng (real) Ewkova
66,
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Ewova 66: Ilpaypatika dacpatoypa@ruata

7oL €16¢ 0 StevkPvioTr|g 000 ka1 TNG TPWTNG TeXVNTNG (fake), tov elvar avtn ano

TO HOVTENO 1oV ekmtaidevtnke To SG2A, Ewkova 67.
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Ewova 67: Eikoveg ano 1o mpoekmandevpévo (fakes)

v Ewova 68 amelkovifetal 1n mpoemoKonnon Hag mapTidag texvntov
(PACUATOYPAPNUATOV KA1 OUYKEKPIUEVA AUTH) TOL 4°° snapshot, SnAadn) petd ano
v eupavion 40kimg otov Sievkpviot). [apatnpovpe OTL av kat 1 ekaidevon
elval oe apketd mpwipo otadlo, kabwg exovue Beoel OP10 OAOKATPWOTIE TNG TA
1000kimg, ta Setypata eivat 1én moAd mEI0TIKA Kat 1) S1apopoItoinon Tovg amo

TA TIPWTOTLIIA TOV OET VAl ELPAVIG.

Ewova 68: Texvntad pacpatoypagnuata uetd ano 4 snapshots, 1 snap=10kimgs

Y10 1éhog avTrg Tng Sradikaciag xovue e€ayel 1000 vea texvnTa detypata amod

ka0Oe kAo (anger, fear, happy, sad, tender).
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5.6.2 Ta&ivounon Tev TEYVNTOV (PACUATOYPAPT|ULATEDV
¥t ovvéxewa tov Ilepapatog I' kar pe ta 5000 texvnta Seiypata amd to
StyleGAN2-ADA Onuiovpyolue TO VEO OET YW TNV TA&EVOUNOTN TOU

apaxtnplotikov Emotions otig 5 kAdoeig tov:

ITivakag 20: Ieipapa I, to Stapoppwugvo oet yia v ta&ivounon tov Emotions

Emotions Train set | Valset | Test set
generated from SG2A |(from 360-set

anger 800 200 40

fear 800 200 40

happy 800 200 40

sad 800 200 40

tender 800 200 40

O1 ovvOnkeg Sie€aywyng Tov melpapatog I' etvar idieg pe avteg Tov melpapatog A
o€ OTL APOopPA APXITEKTOVIKEG, VIEPTIAPUETPOVS, aplBuod emoyxmv ekmaidevong,
ETTOUEVMG Ol AETMTOUEPEIEG TWV APXITEKTOVIK@V OV emavaiapfavovial oto
keluevo touv mepauatog I'. Ttov mivaka mov akolovBel PAémovue Ta

amtoteAéopata g ta&vounong twv Emotions pe to veo texvnto oet, ITivakag 21.
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[Mivakag 21: Ta§ivounon Emotions oto StyleGAN2-ADA set, ITeipapa I’

Classification Results StyleGAN2-ADA set

Emotions
set precision Irecall | fl-score accuracy
macro avg
ResNeXt-101_32x8d
val 0,88 0,88 0,88 0,88
test 0,43 0,44 0,41 0,44
ResNeXt-101_32x8d (whole)
val 1 1 1 1
test 0,64 0,55 0,53 0,56
AlexNet
val 0,76 0,75 0,76 0,76
test 0,49 0,45 0,44 0,45
AlexNet (whole)
val 0,98 0,98 0,98 0,98
test 0,5 0,49 0,48 0,49
VGG16_bn
val 0,84 0,84 0,84 0,84
test 0,49 0,47 0,43 0,47
VGG16_bn(whole)
val 1 1 1 1
test 0,44 0,47 0,37 0,47
SqueezeNet 1.0
val 0,78 0,78 0,78 0,78
test 0,52 0,53 0,51 0,53
SqueezeNet 1.0 (whole)
val 0,98 0,98 0,98 0,98
test 0,61 0,57 0,58 0,57
Densenet-121
val 0,84 0,84 0,84 0,84
test 0,49 0,44 0,41 0,44
Densenet-121(whole)
val 1 1 1 1
test 0,58 0,55 0,51 0,56
Inception v3
val 0,79 0,78 0,78 0,78
test 0,41 0,43 0,39 0,43
Inception v3(whole)
val 1 1 1 1
test 0,44 0,48 0,41 0,48

[Tapatnpovue OTL OAEC O1 APYITEKTOVIKEG OTAV KATA TNV EKMAIOELOT] TOUG
evinueépwvav ta Bapn oAwv twv enutedwv Tovg, ota train/val sets, £Swoav
povtéda pe emidoon (fi-score) amo 0.98-1.0. 'Otav ta eminmeda tov efaywyea

XAPAKTNPIOTIK®V NTAV «TTAYDUEVA» TO TTOCOOTO EMECE KAl KLUAVONKE ATTO

0.76-0.88. 211 ovveyela OUmG, 01 SOKIUES TV LOVTEAWYV TTOL eEAXONKAV Ao TNV
TAPATAVE eKTAidevon eiyav €mO00EIS TTOV NTAV TTOAD HAKPIVEG O OXEOT e

AUTEG NG EKMAIdevong 7OV OTNV KAADTEPN TMEPITTOON TNTAV AUTEG OTO
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SqueezeNet1.0(whole) pe fi-score 0.58. H ammokAon TwV QITOTEAECUAT®OV UITOPEL
va efnynbet amd 1 ovumepupopa g exmaidevong tov SG2A. Av ko
TpoPoSoTOnke pe eAdyiota deSopeva .y yia to anger pe 6 pACUATOYPAPTUATA,
puag edwoe 1000 TEXVNTA OEIYHATA XWPIC VA KAVEL LIEPTPOTAPUOYT. AVTO
Srakpivetal eUKoAQ KATA TNV OITIKI] TAPATNHPNON TOV JTAPAYOUEVOV EIKOVWV
OOV 1) TTOOTNTA TOVE EIVAL AVTIOTOIYN TV APXIKGOV. ‘Ouwg, ad TO OET EAUTE
TPOPAVAG 1) TTOIKIAOHOPpPia KaBmg kat Ta Setypata nrav eAdy1ota aAAQ Kat 1 Tav
artdo v 18 katavoun (0Aa avtiotoryovoav oto ovvaioOnua anger). Ou
Snuovpyoi Tov SG2A 010 ApOBPO TOVE AVAPEPOLY OTL T} TTOTKIAOLOPPIA OTO OET
exmaibevong maidel onuavtikd poro. Emiong, avagépouvv ot 1 Soxun
StagpopeTikwv TIHOV otnv mbavomnta (p) g emavénong (mov avaivoaue
TPONYOLUEV®G) eival oxedov emPePAnuevn. Avotuxwg TEToov eidovg pikpo-
pvOuicelg (embeyxovtal TETOEG KAl HEPIKEG AKOUA VITEPTAPAUETPOL) Sev MTav
duvatov va SoxkipaoTtovv 0To mElpaua Kabmg ol Topol NTavV TEPIOPIoUEVOL

VITOAOY10TIKA KO XPOVIKAL.

[Tap’ 0Aa avtd, otn Soxkun pe To test set Tov 360-set Twv 200 Setypatwv (50 ava
kAdon) to SqueezeNet1.0(whole) pe fi-score 0.58, é5woe TOV TAPAKATK TIVAKA

ovyyvong, Eikova 69.

happy - 012 -04

-03

Tue labels

sad -
0.00 0.10 0.07 -02

0 0 -01
tender - g9 0.00 010

| | i i 1 -0.0
)&\Qe‘ @ wggﬂ 20 @@e‘
Predicted labels

Ewova 69: ITivakag ovyyvong, Emotions, Ileipapa I', SqueezeNet(whole)

Kat o1 5 kAQOE1g avTUTpoo®mTevovVTal 0Ta Selypata, pe avtr tov sad va £xel to

¥aunAotepo 0.47 recall (evaiodnoia).
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5.7 ZUVOWPI] KAl CUYKEVIPMTIKA ATTOTEAETLATA

I[MTepinuika Ba avagepovpe T Sadikacia TV TPIOV TEIPAUAT®OV ITTOV
mepaufavouv Tig teXVikEg g Metagopag Mabnong kat g Snuovpyiag
TEXVNTOV SeyHdtwy, yia TNV Katavonon twv otolxeimv tov ITivakag 22.

IHeipaua X: To meipapa auto 1Tav Hd TPOEPYATia TTov ETPeLE OAOKANPOTIKA
ot B1pAoOnkn pyAudioAnalysis [27] 1 omoila SraBetel, petaly dAwv, apketovg
ta&vounteg Mnyavikng Madnong (svm, svm_rbf, knn, extratrees, randomforest)
OOV TTPAYLLATOTTONOALE TASIVOUTO€1G TOV 0T avagopdg (ground truth) SnA. tov
360-set, yla A\oyoug oLUYKPLOTC.

Ieipaua A: TIpaypatomomOnkayv 4 €pya Ta§lvounong XapakTnploTIKWV O
QAVIIKOLV 0TA 2 KUPLOTEPA HOVTEAQ KATATAENE TOV LOVOKOV cuvaloOnuatog. Tov
Slakprtoy povteAov eivanl pia taivounon 5 kAaoewv Emotions (anger, fear,
happy, sad, tender) ka1 Tov Sraotatikov povieAov eival 3 Talvounoeig TPV
kAdoewv Energy (high, medium, low), Valence (positive, neutral, negative),
Tension (high, medium, low). Ot apyitektovikeg mov ypnoomomOnkav frav 6
(ResNeXt101_32x8d, AlexNet, VGG16_bn, SqueezeNet1.0, DenseNeti21,
Inception_v3) kal Tta 7POEKTAISEVUEVA UOVTEAQ TOUC TAPONKAV QO TN
B1pA10ON kN torchvision. Ta SeSopeva mpogpyovtar amo a) ISiwtikn ovAloyn
ueow API Spotify, tnv ovoudocaue big-set, ) Snuooia cuAhoyn 360 HOVOIKWV
QITOOTACUATWV amd Tmeipapa-peAétn twv Eerola & Vuoskoski, v ovoudoape
360-set. O Ta&vouroeig £yvav Kot ota 2 OeT pe 2 maparAayEg kabe povieAov:
elte pe evnuepworn twv Papwv OAwv Twv emumedwv Tov (whole) eite pe «maywpa»
OAwV ektog Touv emutedov Tov Tafivountn (freeze).  XpnowwomowmOnkav
aAyopiBuot evpeong 18avikov puBuol ekmaidevong kal BeATioTomoinong Tov
apykda emAeyuévou katd tn Siapkela g ekmaidevong. 'OAeg o1 ekmtadevoelig oe
oAa Ta melpapata eiyav Slpkela 20 emoxEC. LTov Jvaka gpgavidovial ooa
edwoav 1o kKaALTEPO aoTeEAeoA 0TO macro avg f1-score.

Ileipaua B: 'I60 oesvaplo pe 1o meipapa A aAAd autn T @opa
npoekmtadevoaue TA HOvIEAA oOTo big-set avii Tov ImageNet Kal
mpayuatomooape 2 tafivounoelg ota Yapaktnplotika Energy kot Valence
aA@OV aUTA eival Kova kat ota dvo oet. Ttov mivaka eu@avidovtal ooa £6woav

TO KOAUTEPO ATOTEAEOUA OTO macro avg f1-score.
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Ileipaua I': To xapaktnpotikdo Emotions twv 5 kAQoewv lxe Vv 1810p0p@ia
va €Xel To LKPOTEPO aplBud deryuatwv ava kAaon. 'Etol ypnolpomomoaue 1o
oAV mpoopata dnuootevuévo StyleGAN2-ADA yia tn Snuiovpyla teXvnT®v
Serypatwv (paouatoypa@nuatmv kKAipakag Mel) mTpoKeUEVOL 0T CUVEXELA VA
Ta VoAV UE OTNV TAEIVOUNOT KA1 TN CUYKPLOT) UE TO KAADTEPO LOVTEAO ATTO
1o ITeipapa A. Metagpopd Mabnong xpnouomonOnke kot oto StyleGAN2-ADA

KOl CUYKEKPIUEVA TTIPOEKTAIOELUEVO HOVTENO OTO OeT e1kOvwv FFHQ.

Ytov Ilivakag 22 euppavidetar 1n koAvtepn emiboor) tovg oe KaAbe

XOPAKTNPLOTIKO.

[Tivakag 22: Epgavion twv kaAvtepwv amoteAeoudtwv (f1-score) Tmv MEIPAUATOV TNG
€PYAOIAG, TA XPOUATA AVTIOTOIXOVV OTA OET SOKIUMV.

ZUYKEVIPWTIKA AMOTEAECUATA MELPAPATWV

ENERGY
MEIPAMA | Eibo¢ MaSnong Movrtélo Mpoeknaibevon oto Aokuri oto macro avg f1-score
A DL VGG16_bn(whole) ImageNet test-set big-set 0,7
A DL VGG16_bn(whole) ImageNet test-set 360-set 0,62
B DL VGG16_bn(whole) Big-set test-set 360-set 0,65
X ML SVM train+val 360-set 0,52
VALENCE
MEIPAMA | Eibo¢ MadSnong Movrtédo Mpoeknaibevon oto Aokuri oto macro avg f1-score
A DL VGG16_bn(whole) ImageNet test-set big-set 0,64
A DL ResNeXt-101_32x8d (whole) ImageNet test-set 360-set 0,63
B DL AlexNet (whole) Big-set test-set 360-set 0,62
X ML SVM train+val 360-set 0,56
TENSION
MEIPAMA | Eibo¢ Madnong Movrtédo Mpoeknaibevon oto Aokuurj oto macro avg f1-score
A DL ResNeXt-101_32x8d (whole) ImageNet test-set 360-set 0,65
X ML RANDOMFOREST train+val 360-set 0,53
EMOTIONS
MEIPAMA | Eibo¢ Madnong Movrtédo Mpoeknaibevon oto Aokuurj oto macro avg f1-score
A DL Densenet-121(whole) ImageNet test-set 360-set 0,55
r DL SqueezeNet 1.0 (whole) StyleGAN2-ADA test-set 360-set 0,58
X ML SVM train+val 360-set 04

H emloyr g petpwng fi-score mpotiunOnke (Omwg €idape 010 AviioToly o
KEPAAA10) S10T1 eivan L petpikn ov Sivel peyailtepo BApog oTig LKPOTEPES
KAQOEIG KAl AOY® TOU VLITOAOYIOUOV TOL appovikov pecov (harmonic mean)
empPpafedel Ta HOVIEAA TTOV €XOLV TTAPOUOIEG TIUEG OTIG UETPIKES akpifelag
(precision) ka1 evawoOnoiag (recall or sensitivity). ISiaitepa xpnown S0t Ta
KUPlwg 0TO XapaktnploTikd Emotions mov 1)tav KATAKEPUATIOUEVO OE 5 KAATELS
HOVO pepKV Sekadmv detyudtwy.

Ye oAa ta mewpauata (DL) A, B, T ypnowomomoaue texvikeg Metapopag
MdaBnong kat BAETOVUE OTL TA ETMKPATEOTEPA LOVTEAA T)TAV AVTA JTOV OVOUACALE

«whole» &nAadn avtd mov ekavav Hikpo-pLOUIoN Twv Papov OAWV TV eMIITESHV
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TOUg TAVe ota NN vrapyovta PApn A0 TO TPOEKTAIGEVUEVO OGIKTLO TTOV

nponABav. ITo cuykekpluéva, pe avtr Vv TexVikn Metagopag Madnong, ot

TTAPAUETPOL EVOG TTPOEKTTASEVUEVOL HOVTEAOVL Tipocapuolovtal ota SeSopeva

TOV VEOU OET JTOV UITOPEL VA TIPOEPYETAL ATTO AAAT KATAVOUT). AUTI) 1) TEPLITTWOT)

ovpPaiver .. oto Ieipapa A o6tav 1o VGG exmtaibevetal oto big-set mov mepieyet

HOVO E1KOVEG (PACULATOYPAPTUATOV VW, TO HovTeAo 1pBe mtpoektandevpevo 0to

ImageNet TV 1000 KAACEMV KAl TV EKATOUUVPIWV EIKOVMOV OV OU®S Oev

nepaufavel @aocuatoypagnuata. Befaing, oto emimedo tov Tatvount

KAVAUE OAAAYEG MOTE VA TO TIPOCAPUOCOVUE OTIC 3 KAAOelg Twv Energy &

Valence.

ENERGY: To mpoekmaiSevpévo (oto ImageNet) povreho VGG16_bn otav
EKTTASEVTNKE OTO 360-set ka1 0T ocuveExela SokIuAoTnke oTo test-set Tov
360-set £€8woe f1-score 0.62 evm, OTAV TO MTpoekTadevoape oto big-set, To
extadevoaue oto 360-set kat To Sokudoapue oto test-set Tov 360-set
edwoe f1 0.65. AnAadn, n petapopd uabnong Ae1ToLPYNOoE MO ATOSOTIKA
0oTn 2" NEPIMTWOT OOV 1| TPOEKTAIOEVOT) E€XEL YIVEL O€ OET JTOAU
HUKPOTEPOV TATO0VE SETYUATWY AAAA LEYAADTEPTIC OYETIKOTNTAG O€ OYXEOT
ue 1o Soxipaldouevo oet. EmumA&ov, o xpOvog eKTEAeONS NG ekmaidevong
T TAV OTUAVTIKA LKPOTEPOG.

VALENCE: To ResNeXt-101_32x8d mpoekmaidevuévo oto ImageNet,
oTav To ekmadevoape 0to 360-set kat talivounoape oto test-set Tov 360-
set é6woe fi-score 0.63. Me v i61a ekmaidevon kat Sokun, to AlexNet
7oL TpoekTadevoape oto big-set Eédwaoe Tiurn oto f1 0.62, SnA xyaunAotepn
UOVO KATA 0.01. BA&movpe OTL H1a APXITEKTOVIKT) TV HOAE 8 emutedwv
anedwoe oyedov mapopola pe €va SiKTvo 101 eMUTES®WV KAl TTOAD JTlo
ovyypovng apyrtektovikng. O ypovog ekmaidevong oto Colab ya to
AlexNet njtav 1o 1/3 amnod avtdv tov ResNeXt.

TENSION: To yxapaktnpiotikd Tension vmrpyxe povo oto 360-set
emouEVWG Sev TTPAYUATOMOMNONKE OUYKPITIKT SOKIUN HE AAAO HOVTEAO
Babiag unyavikng padnong (DL) mepav tov mpoekmaidevpevov (0To
ImageNet) ResNeXt-101_32x8d 10 omoio ekmaidevoaue kal Sokiudoaue
oto 360-set. [Tavtwg, faoel Tov f1-score 0.65 oL MPAUE ATTO TO HOVTEAO

LWITOPOUUE HE OXETIKN Ao@AAeld va LITOOECOVHE OTL AV VMNPXE TO
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xapaktnpotiko Tension oto big-set Oa €5ive avaloyo amoteleoua, Omwg
¢dwoe ka1 oto Valence.

= EMOTIONS: M mpwtn mapatnpnon eivatr ot to Emotions eival to
HOVASIKO XOPAKTIPIOTIKO TOV OOKIUMV HAC TIOU €XEl 5 KAAOEIS KAl TA
Atyotepa Setypata ava kAaon kabwg Ppioketal povo oto 360-set (twv 360
Serypatwv). Amo 1o Ileipapa A, o povieho pe 1o vynAotepo fi-score
(0.55) Ntav to DenseNet-121 otn “whole” popen tov. Me évavoua tnv
EMeN OEYHATOV TTOV OXOAIACTNKE TTAPATAV®, ITPOYXWPTOAUE OTNV
npayuatosoinon tov Ileipauatog I' SnAadt) otnv mapaywyn TteXvnImv
Serypatwv (paocuatoypagnuatwyv) pe mn fondeia tov ovyypovov ITAA tng
NVIDIA to StyleGAN2-ADA. To povtého tov SG2A ntav kAl auto
npoekmaidevpevo oto oet eikovwv FFHQ. Omote, amd ta 160 GUVOAIKA
Setypata touv train + val pépouvg touv 360-set, petd amd TOALTUEPN
exmaibevor), mapayOnkav 5000 detypata (1000/kAA0T). ZTN OUVEXELA TO
veéo oet mov Snuovpyndnke exmtadevTnke kAl SOKIUAOTNKE O €pya
tafvounong onmwg oto Ileipapa A. Q¢ KaAUTEPO  HOVTEAO
(mpoekmandevpévo oto ImageNet) mpokpiOnke 1o SqueezeNet-1.0 o1n
“whole” exSoyr) Tov 0oL anedwoe f1-score = 0.58. AnAadn n amoddoor Tov
nNtav eAa@pwg Kavtepn (katd 0.03) and 1o DenseNet mov ekmaiSevtnke
pe ta payuatika Setypata. H Siagopd iomg va un @aivetal peyain wote
va aiel tooo xpovo exkmaidevong (sov eival ouvTouoTeEPOC AV TPEEEL OF
ovyxpovn GPU 1] oe ovotoyia). ‘Ouwg, av avaloylotovpe 0Tl 11 KAAoN
anger ya tapadetyua, tpo@odotnoe 1o SG2A pe povo 11 detypata eveo to
HIKPOTEPO OET €IKOVWV 0To 0moilo Sokpudotnke 1o SG2A amd TOvG
Snuovpyodg tov mepieiye 1336 ewkoveg (MetFaces set), pmopovue va
SoUE TIC TTPOOTTIKEG AV EPAPLOOTEL O€ OET TV OTOIWV Ta delypata eivat
paylatikd omavia va Bpebovv. Ihotevovpe 011 av vmoPfallaue To
puovtedo (SqueezeNet) o€ TePAITEP® PLOUIOT TWV LIEPTAPAUETPWV TOV,
Ta amoteAeopata Ba nrav akopa kaAvtepa. Kat t€too dev nrav e@ikto

KaBwg Ta mEIPAUATA T)TAV TTOAAA KA1 0 OKOITOC TOUG OUYKPITIKOG.

5.7.1 Svurepacuata
Ye avutn Vv epyacia Siepevvnoaue teXVikeg Pabiag unyavikng pabnong
JIPOKEIUEVOL VA ETMTUYXOVUE TNV AVAYVOPLOT KAl TA&VOUNOoT TOU HOVOTKOU
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ovvaloOnuatog. Eiyaue otn d1d0eor) pag 2 povokd oet, £vog 17000 SEYHATOV
ETIKETOTIOMUEVO 0 KAAOEg amd aAyopiBuovg tov Spotify (big-set) katr evog
TV 360 OSelyudToVv ETIKETOMONUEVO a0  €181koU¢ OUUUETEXOVTEG OF
LOVOTKOAOYIKO-PLY0AOYIKO meipapa (360-set), Ta omoia KAl HETATPEPAUE OF
paouatoypa@nuata g  kAipakag Mel.  Xpnowomomoaue — apyika,
npoekadevpeva oto ImageNet povreda twv fabimv CUVEANIKTIKOV VELPOVIK®V
Owktvowv ResNeXt101_32x8d, AlexNet, VGG16_bn, SqueezeNet1.0, DenseNet121,
Inception_v3 kal Seiapue OTL av kal mpoekmalbevpeva oe «EEvo» a0 TO
NTOVUEVO OET EIKOVMV, LITOPOVV VA ATTOSMOOLV TKAVOITONTIKA 0TV TA&EVOUN o
av Yivel avaveéwon TV Bapmv OAwV TV eNUTES®V TOVG KAl Ol LOVO AUT®V TOU
ta&vountn). Emiong, kavovtag Sikn pag spoekmaidevon amd ta Seltypata tov
big-set, dnuovpynoaue povréda kal Seifape ot €pepav kavtepa 1 10aia
QIOTEAECUATA OTIG TASIVOUNOEIS HUE AUTA TV APXIKOV UE TN Ol1apopd OTL Ol
embo0elg emMTeLYONKAY €lte pe eAAPPUTEPES APXITEKTOVIKEG, T1.X. AlexNet avti

tov ResNeXt eite oe pikpoOTepo Xpovo ekmaidevong Tov 1810V VeupwViKo.

Telog, oty Taivounon 5 kAaoewv Tov 360-set mov Ta Setypata ya ekmaidevon
N TaV SPAUATIKA HEIWUEVA KAVAUE ETAVENCT] AVTKOV SUIOVPYMDVTAS VEA TEXVNTA
pacuatoypa@nuata pe xpnon mpoekmadevuevov povielov tov StyleGAN2-
ADA. Me ta texvntd Setypata ekmadevoape oAa ta ZNA TV TEIPAUAT®OV KA
eEAYAUE TA AVTIOTOLYA UOVTEAA. XTNV TA&vOUnoT sov akoAovdnoe pe ta vea
LOVTEAQ, KPATNOAUE TO KAAUTEPO KAl TA QWIOTEAECUATA ITAV AVOTEPA AVTWV TOV
APYIKOU HOVTEAOVL, Oeiyvoviag OTlL 0g avTIoTolN TEPLTT®OoN TASIVOUNoNg
omavieVv SeSoUEVMY, TTOV UITOPOVV VA UETATPATIOUV OE €KOVA, 1 UETAPOPA
uadnong padi pe v mapaywyr TeEXVNIOV deryudtwv Sivel 1KavomomnTika
ATOTEAECUATAL.

Y& LEAOVTIKT ETTEKTACT) TNG Tapovoag epyaoiag Oa BeAaue va emyelprjcovue pia
avaywyn tov mpofAnuatog g tafivounong ocvvalodnuatog oe mpofAnua
TTOM®V KAACE®WV KAl TOA®V eTIKETOV. AnAadn va gtiafovue povieda fadag
UNYAVIKNG Habnomng mov va Hropovv va tovy 0Tl To TAde LOVOIKO KOUUATL EXEL
7Y xaunAn evepyela KAI ovdetepo 00evog KAI petpla €vraon apa £xel 70%
mBavotnteg va eival Aumntepo kat 30% tpupepo. Emiong, akdua pa engkraon
Ba pmopovoe va AITOTEAECEL KAl 1) TPOoTADeln EVOWUATOONG AKOAOVO1aKGWV

TEXVIK®OV Babiag unyxavikng pabnong.
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